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Preface

In 2026, the 37th International Conference on Principles of Diagnosis and Resilient Systems
(DX’26) was hosted by University College Cork from September 1st to 3rd in Cork, Ireland.
The DX conference has been a leading forum to present and discuss the latest research,
experience reports, and emerging ideas related to diagnosis and resilient systems. Since DX is
application-agnostic, the research presented covers a wide range of systems, from physical via
biological to computational ones, represented as either abstract or detailed models. Starting
with the 2024 edition, DX not only evolved from a workshop to a full conference, but also
expanded its focus to include resilience systems. Directly connected to diagnostic issues,
resilience in a system refers to a system’s inherent ability to maintain its essential operations
when faced with both expected and unforeseen challenges. Related aspects of interest to DX
include resilient design as well as approaches that enable operational resilience. The topics
covered in the DX conference thus include, but are not limited to:

Monitoring, detection, diagnosis and mitigation of faults, unexpected issues and anomalies
Formal theories and symbolic, sub-symbolic, as well as hybrid approaches to diagnosis
Data-driven and learning-enabled methods for monitoring and diagnosis

Connections between diagnosis and other techniques such as decision-making,
(re-)planning, (re-)configuration, control, formal verification, and testing

Theoretical concepts for design and operational resilience

Designing, developing, and operationalizing resilient systems

Hardware and software instrumentation for dependable data acquisition and probing
Development, learning, abstraction, transformation, analysis, optimization, maintenance
and transfer of diagnosis models

Diagnosis in resilient, intelligent, and autonomous systems

Diagnosis in a distributed, hierarchical, system-of-systems, or multi-agent context

For our 2026 edition, we received 29 submissions, ranging from extended abstracts to
full papers and targeting the regular, DX Competition, and PhD panel tracks. This number
includes two submissions that have been re-evaluated. For publication in these proceedings,
we accepted 19 submissions, which entails an acceptance rate of 65.5%.

The manuscripts in these proceedings demonstrate the wide and innovative scope of
research on diagnosis, prognosis, and resilient systems. Contributions include advances in
methodology — such as temporal reasoning and planning or uncertainty considerations — as
well as the incorporation of large language models for developing diagnostic models. The
application areas are just as varied, covering control software, cyber-physical systems, or
combustion and space rocket engines. Several studies highlight benchmarking and evaluation
frameworks, like the revived DX Competition, a benchmark for fault isolation and diagnosis
in production plants, and the systematic consideration or analysis of diagnostic algorithms
and derived diagnoses. All these papers exemplify the theoretical depth as well as practical
applications of diagnosis research, pointing towards the future integration of AI, multimodal
reasoning, and resilience-by-design for enabling complex engineered systems.

A special highlight this year is that TIME, i.e., the International Symposium on Temporal
Representation and Reasoning, organized by Sophie Pinchinat and Andrea Orlandini, chose
to co-locate with DX. To honor the co-location, the program on September 2nd was shared
between the two events, starting with a keynote given by Alessandro Cimatti from FBK, Italy,
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Preface

with the title From Runtime Verification to Model-Based Diagnosis. For the DX program,
we could also secure an invited talk on Engineering Resilience for Critical Infrastructure
given by Utz Roenig from UCC, Ireland.

Organizing a conference is always a team effort, so we would like to thank a few people.
We start with the program committee members and thank them for their reviews that helped
us select the right papers for our program and the subset accepted for these proceedings.
We would like to specifically mention also our keynote speaker Alessandro Cimatti, the
invited speaker Utz Roedig, the DX Competition committee (see below), as well as the DX
Steering Committee (see below) for their essential contributions to the DX community and
this conference. Further thanks go to the DX’26 award committee members, Franz Wotawa,
Oliver Niggemann and Marina Zanella, who selected the awardees from the following four
full papers that were nominated for receiving a best paper award (in a.o.):

Early Failure Prediction from Near-Anomaly Detection: A Proactive Approach, by Léa
Billet, Louise Travé-Massuyés, Elodie Chanthery and Alexandre Gaffet

Hybrid Fault Detection and Isolation for the Fuel Turbopump Subsystem of the LOX/LNG
Expander-Bleed Rocket Engine LUMEN, by FEldin Kurudzija, Kai Dresia, Ginther
Wazxenegger- Wilfing, Marcos Quinones-Grueiro, Austin Coursey and Gautam Biswas
On the Practical Utility of Diagnoses, by Ingo Pill and Johan de Kleer

Reinforcement Learning-Driven Predictive Maintenance Planning via Timed Automata
Modeling, by Ferhat Tamssaouet, Pauline Ribot and Yannick Pencolé

We congratulate the winners of the issued award(s) who were not known at the time of
writing this preface. Special thanks go to Dagstuhl, our publisher, and the editors of the
OASIcs series for collaborating with us to make our technical program available through
open-access proceedings. Finally, we thank the authors for contributing to the success of this
conference and the high quality of our archival proceedings. Without their work and their
choice to present their most recent research at DX, this event would not have been possible.

The DX’26 chairs: Ingo Pill, Gregory Provan, Marina Zanella
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A Realization-Theoretic Foundation for Fault
Diagnosis, with
Diagnosability Equivalence Predictions

Gregory Provan &
School of Computer Science and IT, University College Cork, Ireland

—— Abstract

Fault diagnosis encompasses a wide range of paradigms, including observer-based fault detection
and isolation, consistency-based diagnosis, Bayesian diagnosis, geometric diagnosis, and structured
machine-learning approaches. Despite their shared objective, these paradigms are formulated in
different mathematical languages and are rarely analyzed within a common framework. This
paper introduces a realization-theoretic foundation for diagnosis based on the Diagnostic System
Specification (DSS), a representation that separates behavioural models, realizations, measurement
fields, and inference procedures.

We define diagnostic invariants as symmetry-preserving quantities of realized system structures
and show that detectability is fundamentally an orbit separation property in the realization’s
symmetry space. Building on this observation, we develop a theory of realizations in which
diagnostic models appear as objects equipped with invariant families and nominal symmetry groups.
We show that diagnostic paradigms differ not in their underlying architecture but in the realizations
they induce and the invariants they expose.

Our main result addresses the question: is there a single mathematical condition of which
diagnosis approaches are equivalent in terms of diagnosability? We show that using orbit separation
on a paradigm-appropriate realization shows the following: faults are distinguishable iff they lie in
different orbits of the realization’s nominal symmetry group. We accomplish this by constructing a
minimal sufficient realization associated with a measurement field and characterize it by a universal
property. This yields a structural notion of diagnostic equivalence and provides a principled basis
for comparing methods across traditionally separate paradigms.
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1 Introduction

Fault diagnosis is a foundational capability of engineered systems. Modern diagnostic
methods span a wide spectrum of paradigms, including observer-based fault detection
and isolation (FDI), consistency-based diagnosis, Bayesian diagnosis, geometric diagnosis,
discrete-event diagnosis, and machine-learning-based approaches [8, 9, 12, 13]. Although
these paradigms pursue the same goal — detecting and isolating abnormal behaviour — they
are formulated in markedly different mathematical languages. Observer methods reason over
residuals, consistency-based methods over logical theories and conflicts, Bayesian methods
over probability distributions, discrete-event methods over event languages, and machine-
learning methods over learned representations. As a result, diagnostic theories are largely
developed in isolation, making principled comparison across paradigms difficult.

This fragmentation raises a basic question: what structure is common to diagnostic
methods independently of the formalism in which they are expressed? We argue that
the central object is neither the inference algorithm nor the modelling language, but the
? Gregory Provan; ) .
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realization through which a method views a system. Every diagnostic method begins with a
behavioural specification, constructs a structure on which reasoning is performed, evaluates
quantities defined on that structure, and maps those quantities to diagnostic conclusions.
The mathematical form of these steps varies, but the pattern itself is remarkably consistent
across paradigms.

To make this observation precise we introduce the Diagnostic System Specification (DSS),
a representation that separates behavioural models, realizations, measurement fields, and
inference procedures. The DSS provides a common language in which observer-based,
logical, probabilistic, geometric, discrete-event, and learning-based diagnostic methods can
be expressed without privileging any one modelling framework.

Building on the DSS, we develop a realization-theoretic framework for diagnosis. The key
observation is that diagnostic measurements typically evaluate quantities that are invariant
under transformations preserving nominal behaviour. Residual norms, conflict signatures,
posterior distributions over exchangeable components, and geometric quantities all exhibit
this property. This leads to a symmetry-based view of diagnosis in which distinguishability
is determined by the orbit structure induced by a realization’s nominal symmetry group.

Our main result establishes a common criterion underlying diagnosability across paradigms.
We show that, relative to an appropriate realization, faults are distinguishable precisely when
they occupy different invariant-separated orbits of the nominal symmetry group. We formalize
this notion through the construction of a minimal sufficient realization, characterized by a
universal property, and show that diagnostic capability depends only on this object. This
yields a structural notion of diagnosable-equivalence: two diagnostic methods are equivalent
whenever they induce the same minimal sufficient realization relative to the fault set of
interest.

The framework has two consequences. First, it recovers established diagnosability condi-
tions as special cases, including observer-based rank tests, Reiter-style conflict diagnosability,
and Sampath diagnosability for discrete-event systems. Second, it allows diagnostic methods
from different paradigms to be compared through a common structural criterion. In partic-
ular, it becomes possible to predict whether two methods possess identical diagnosability
without executing either method.

2 The Diagnostic System Specification

We first define the DSS in a single canonical form.

» Definition 1 (Diagnostic System Specification). A Diagnostic System Specification is a

tuple D = (X7 B, F, O, P, h, R, M, I, A), whose components are:

X the state space — continuous, hybrid, symbolic, or propositional;

B the behavioural specification — the model of nominal (and possibly faulty) evolution, e.g.
& = f(z,u), a hybrid automaton (Q, f, G, R.,Inv), a system description SD, a transition
kernel P(xiq1 | 2¢), or a learned predictor fy;

F the fault space — the set of admissible faults (parametric, component, structural, topological,

sensor, actuator);

the observation space — sensor readings, residuals, propositions, events, or features;

the probabilistic structure P = (p(x), p(o | z), p(f), p(xe+1 | x4, f)); deterministic

methods are the degenerate case in which these collapse to Dirac measures;

: X — O the observation map;

R : B +— S the realization map, producing the structure S = R(B) on which invariants are
computed (Definition 3);

v O
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M : S x O — R" the measurement field, whose components evaluate diagnostic invariants
of S using observations;

I:R"” — A the inference procedure;
A the diagnosis space — the set of admissible diagnostic verdicts (single faults, fault sets, or
posteriors over them,).

The reset map of a hybrid behavioural model is written R, to distinguish it from the realization
map R.

» Remark 2 (Reading the tuple as a pipeline). The components compose as
s  xo, (50 2Rr LA,

The realization S = R(B) and the observations O = h(X) are the two inputs to the
measurement field; inference maps the field output to a diagnosis. This pipeline, not any
single paradigm, is the object the paper characterises. The probabilistic structure P is
orthogonal to the pipeline shape: it enriches M and I (likelihoods, posteriors) without
changing the composition, and its Dirac collapse recovers the deterministic pipeline.

» Definition 3 (Realization map). The realization map R sends a behavioural specification to
the mathematical structure on which diagnosis is performed:

R : Beh — Struct, S = R(B).

Realizations fall into two classes. A realization is structural if S is discrete, symbolic,
probabilistic, or graph-based (logical theory, finite-state machine, Bayesian network); it
is geometric if S carries differentiable or stratified structure (smooth manifold, Whitney-
stratified space / stratifold). The class of S — not a fized geometric template — determines
which invariants M can read; this is the sense in which the framework is realization-agnostic
rather than geometry-centric.

We now define what object is canonical for a method. The canonical object is the coarsest
realization that still supports M — the structure generated by the invariants M reads.

» Definition 4 (Minimal sufficient realization). Let M = (t1,...,t,) be a measurement field
on S, with each vj : S — V. Write
T
Svo= [V
j=1

for the joint invariant value space of M — equivalently, the space in which M takes its values,
M:S—3%Xy. Let Ny = {g€Gg : 1j(g-s) =15(s) Vje{l,...,r}, Vs € S} be the
subgroup of Gg acting trivially on Xy, i.e. the kernel of the action Gg ™~ ¥ induced by
M. Let ~pr be the equivalence relation on S with s ~pr s" iff M(s) = M(s’). The minimal
sufficient realization of M is the quotient Syy := S/ ~nr, equipped with the induced symmetry
group Gg,, = Gg/Ny, the quotient map mps @ S — Sy, and the invariant family generated
by the descended maps tj : Spr — V; (well-defined since each v; is constant on ~yr-classes,
and in particular on Nps-orbits). By construction M factors through Syr: M = M oy with
M= (t1,...,0).

1:3
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Table 1 Canonical DSS components and their instantiation across four representative paradigms.
Every downstream theorem refers to this tuple; no other arity is used. Dashes mark components that
collapse (deterministic P) or carry no nontrivial structure (e.g. no useful manifold for a propositional
realization).

Compo- Observer FDI [9] Reiter MBD [12] Bayesian net [5] Geometric

nent (GMBD [11)])

B & = Az + Bu SD clauses P(xet1 | zt) hybrid (Q, f, G, R.)

R(B)=S  smooth manifold logical theory Bayesian network stratifold Xg

P Dirac (or Gaus- Dirac full Dirac (or noise

sian) model)

M residual r; consistency preds. likelihood/marginals Geometric-
signatures [11]

1 threshold hitting set belief propagation geometric predicate

A fault flag minimal diagnoses posterior over faults topological verdict

3 Diagnostic Invariants

The framework repeatedly refers to invariants — surviving, consistency, geometric, diagnostic.
Because the selection guarantees rest on this notion, we give it a single rigorous definition and
show that the four usages are instances of it. The definition is group-theoretic: an invariant
is a functional on the realized structure that is constant on the orbits of the realization’s
nominal symmetry group and that separates distinct orbits. This makes “a fault changes
an invariant” mean “the fault moves the state to a different orbit,” which is the precise,
non-circular content behind detectability and behind the admissibility gates.

3.1 Nominal symmetry group and invariants

Let S = R(B) be the realized structure (Definition of the realization map). Diagnosis must
be blind to differences in S that are pure representation — relabelling of interchangeable
components, choice of coordinates, observer gauge, the noise orbit at a point — and sensitive
only to differences that correspond to genuine changes in system behaviour. We encode the
former as a group action.

» Definition 5 (Nominal symmetry group). The nominal symmetry group Gg of a real-
ization S is the group of transformations g : S — S that preserve nominal (fault-free)
behaviour: permutations of interchangeable components (structural realizations), local isomet-
ries / coordinate changes preserving the dynamics (geometric realizations), observer-gauge
transformations (smooth realizations), and measure-preserving maps of the observation-noise
orbit. Two structural configurations s,s’ € S are behaviourally equivalent, s ~g, §', iff
s’ =g-s for some g € Gg; the equivalence classes are the orbits S/Gg.

» Definition 6 (Diagnostic invariant). A diagnostic invariant of S is a measurable functional

t: S =V (into a value space V') that is

1. Gg-invariant: 1(g-s) = u(s) for all g € Gg, s € S — so ¢ is constant on orbits and
never reports a purely representational difference; and

2. orbit-separating on its domain of sensitivity: there is a set of orbit-pairs Sep(t) C
(S/Gs)? on which v takes distinct values, [s] # [s'] € Sep(t) = 1(s) # 1(s") — so a change
in ¢ certifies a genuine (cross-orbit) structural difference.

Sep(t) is the set of structural differences v can resolve; distinct invariants resolve different

pairs.
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» Definition 7 (Measurement field as an invariant vector). A measurement field is a finite vector
of diagnostic invariants M = (i1, ..., i), and its resolving power is Sep(M) = (J; Sep(;):
the set of orbit-pairs separated by at least one component. This is the rigorous content of the
informal “M reads invariants of S”.

» Remark 8 (Measurement field/detector distinction). A measurement field is not a classical
FDI detector, due to the DSS’s separation between measurement and inference: M assigns
invariant values across S and is agnostic to any decision rule, while a detector is the composite
1 o M that consumes those values to produce a verdict in A. Collapsing the two would erase
exactly the M/I distinction the DSS is built to expose.

» Remark 9 (The four usages are one definition). Each named invariant is Definition 6 for a
specific (S,Gg): consistency invariant — S a logical theory, Gs the component-relabelling
group, ¢ € {consistent,violated}; geometric invariant — S a stratifold, Gg the group of
local O(D) isometries, ¢ € {desr, kor} (invariance under O(D) is precisely why these are
well-defined intrinsic quantities) [11]; residual invariant — S a smooth realization, Gg the
observer-gauge group, ¢ = ||r||; diagnostic invariant — the generic term. The “surviving
invariant” of the selection narrative is any ¢ with the target fault’s orbit-pair in Sep(¢).

3.2 Faults as orbit changes; detectability as separation

A fault is diagnostically meaningful exactly when it changes the orbit — otherwise it is a
representational artifact, not a behavioural change.

» Definition 10 (Orbit-changing fault). A fault f is orbit-changing for S if it maps the
nominal orbit [s°] to a distinct orbit [sT] # [s°] in S/Gs. The pair ([s°], [sf]) is the fault
signature in S/Gg.

» Lemma 11 (Quantitative Detectability). Fiz a measurement field M = (i1,...,t.) on S
and a fault f with nominal and faulty orbit representatives s°, s¥. Assume a measurement
noise model in which repeated evaluations of M take the form M(s,:) = u(s) + n, where
wu(s) = E[M(s,-)] € R" and the noise vector n has independent, zero-mean, sub-Gaussian
coordinates with common proxy scale sy (i.e. E[e!i] < et’s3/2 for allt € R, each coordinate
i), independent of the orbit. Let Ay (f) = H,u(sf) —u(sO)H. Fiz a false-alarm level € € (0,1)
and a miss level § € (0,1), and set k(e,6) = /2In(1/e) + /2In(1/0).

1. (Necessity.) If Ay (f) =0, then M(s/,-) and M(s°,-) are identically distributed, and
consequently no test (measurable decision rule) can achieve false-alarm rate and miss rate
both strictly less than 1 simultaneously; in particular f is not (g,0)-detectable by M at
any threshold, for any e +§ < 1.

2. (Sufficiency.) If Ay (f) > k(g,0) - sy, there is a threshold test on M that achieves
false-alarm rate < e and miss rate < §; i.e. f is (g,9)-detectable by M.

Proof. (1) If Ap(f) = 0 then u(sf) = u(s), so M(s?,-) = u(s®) +n = M(s°-) in
distribution: the two hypotheses induce identical laws on the observation. For any measurable
rejection region A (declare-fault region), the false-alarm rate is P(A | Hy) = P(M(s°,-) € A)
and the miss rate is P(A° | Hy) = P(M(sf,-) ¢ A) = P(M(s°,-) ¢ A) since the two
distributions coincide. Hence

P(A| Hy) + P(A° | H)) = P(M(s°,-) € A) + P(M(s°,-) ¢ A) =1

identically, for every choice of A: false-alarm and miss rates cannot both be driven below
any pair (¢,0) with e +§ < 1. This is the precise content of “undetectable by M at every
threshold” used in Theorem 12(1).
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(2) Let u = (u(s) — u(s®))/An(f) be the unit vector along the mean shift, and consider
the scalar statistic Y := u (M — u(s%)). Under Hy, Y = u'n; under Hy, Y = Ay (f) +u'n.
Since the coordinates of 1 are independent sub-Gaussian with common proxy s; and
u is a unit vector, u'n is sub-Gaussian with proxy sj; (a weighted sum of independent
sub-Gaussians with weights summing in squares to ||u||? = 1), giving the two-sided tail bound

2

T —_
P(lu'n| >t) < 2exp< 25?\4)

for all t > 0.
(We use the one-sided form P(u'n > t) < exp(—t2/2s2,) below.)
Take the threshold test: declare fault iff Y > 7, with 7 := sp4/21n(1/e).
False-alarm rate. Under Hy,
2
P(Y >7 | Hy) = P(uTn >71) < exp(— 27—?> = exp (— ln(l/e)) =c.
M

Miss rate. Under Hy,
P(Y <7 |H)=Pu'n<t—Ay(f)=Pu'n< —(Am(f) - 7))

By hypothesis Ay (f) > k(g,90) sy = 7+ sp/2In(1/6), so Ay (f) — 7 > sp/21n(1/9),

and by the sub-Gaussian tail bound applied to —u ' 7 (also sub-Gaussian with proxy sus),
A —7)2
Pu'n < —(Au(f)—7) < exp(— %) < exp (—In(1/8)) = 4.
M

Hence this threshold test achieves false-alarm < e and miss < ¢, establishing (e, d)-
detectability. |

» Theorem 12 (Detectability equals orbit separation). Let M = (i1,...,t,) be a field on S

and f an orbit-changing fault with signature ([s°], [s/]). Then:

1. (Blindness) If ([s°],[s/]) ¢ Sep(M) then An(f) = 0: every component satisfies 1;(s') =
1;(s%), so the field has identical nominal and faulty distributions and, by Lemma 11(1), f
is undetectable by M at every threshold.

2. (Sensitivity) If ([s°], [s7]) € Sep(M) then some ¢; separates the orbits, Apr(f) > |u;(sT) —
t;(s%)] > 0, and f is (g,8)-detectable once this gap clears the noise floor k(e,0) sy
(Lemma 11(2)).

Hence f is detectable by M if and only if f’s signature lies in Sep(M) and the induced gap

clears the noise floor: detectability is orbit separation above noise.

Proof. (1) By Gg-invariance each ¢; is constant on orbits, so if [s/] and [s"] are not separated
by any ¢; (signature outside Sep(M)), then ¢;(s?) = 1;(s°) for all j, whence the population
field values coincide and Ay (f) = |[E[M (s7)] — E[M(s°)]|| = 0. Equal means with common
noise give identically distributed statistics under Hy and H7i; the detectability theorem’s
necessity clause then forbids detection above the false-alarm rate. (2) If the signature is in
Sep(M), by Definition 6(2) some component takes distinct values on the two orbits, lower-
bounding A/ (f) by that gap; sufficiency of the detectability theorem gives (g, 0)-detectability
once Ap(f) > ks <

» Remark 13 (Why this de-circularizes the gates). Theorem 12 grounds invariant-detectability
in a prior object — the orbit space S/Gg, defined without reference to any method. “Fault-
blind” now means precisely “signature outside Sep(M),” a statement about the field and the
group alone.



G. Provan

» Remark 14 (Practical estimation of the separation). We can set v and sp; per method
without circularity. Theorem 12 localizes the question: what must be estimated is the orbit
gap |1 (s) — ¢;(s°)| relative to the field’s nominal dispersion sy;. Both are estimated on a
held-out nominal calibration set (for spr and the nominal orbit value) and a fault library or
fault-injection simulation (for the faulty orbit value), disjoint from the run-time observations
used for the actual diagnosis — exactly the split used in the two-tank study, where nominal
and injected-fault trajectories estimate the loci and their spread. The margin v = Ay (f)/Sum
is then a measured quantity on calibration data, not a free parameter.

4 Recovering Classical Detectability and Isolability

The orbit-separation criterion (Theorem 12) captures detectability and isolability in general.
We now show that our framework reproduces each paradigm’s established diagnosability
condition as a special case. In particular, we show that orbit separation recovers two canonical
conditions — the LTT fault-signature rank test and Reiter conflict-based diagnosability — exactly,
and verify each numerically on the two-tank system. (The discrete-event case, Sampath
diagnosability, is treated separately, as it requires lifting orbit separation from states to the
diagnoser’s language level.)

4.1 LTI observer FDI: orbit separation is the rank test

Consider the linear realization @ = Az+Bu+)_, E; f;, y = Cx, with fault signature directions
E; and observer residual r = y — C'2. The classical conditions (Ding; Gertler) are: fault f; is
detectable iff its residual signature g; := C(—A) ' E; is nonzero, and faults f;, f; are isolable
iff their signatures are linearly independent (the fault signature matrix has full column rank).

» Definition 15 (Observer-gauge group). The nominal symmetry group Gs of the LTI
realization is the observer-gauge group: state-coordinate changes x — Tx and output-injection
reparametrisations that preserve the nominal residual law (residual identically zero under no
fault). Its action on fault signatures is by the induced change of basis; two signatures are in
the same Gg-orbit iff they are related by a gauge transformation, i.e. span the same residual
direction.

» Theorem 16 (Orbit separation recovers the LTI rank test). Under the observer-gauge group

(Definition 15) with the residual-direction invariant o(f;) = [gi] (the signature up to gauge):

1. f; is orbit-separated from the nominal iff g; # 0 — equivalently, f; is detectable by the
standard test;

2. fi, f; are orbit-separated from each other iff g;, g; are linearly independent — equivalently,
{fi, fj} is isolable by the standard rank test.

Hence Sep(M) for the observer field equals the set of fault pairs the rank test declares isolable,

and the number of distinct orbits equals the rank of the fault signature matriz.

Proof. The residual is a Gg-invariant (gauge transforms preserve the nominal residual law),
and its direction [g;] is orbit-separating by construction. (1) f; shares the nominal orbit
iff its signature is gauge-equivalent to zero, i.e. g; = 0; so orbit-separation from nominal
& g; # 0 < detectability. (2) fi, f; share an orbit iff g;, g; are gauge-related, i.e. span the
same direction, i.e. linearly dependent; so orbit-separation < independence < the rank-2
isolability condition. The orbit count is the number of independent signature directions,
which is the rank of [g1 - gi]. <
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» Example 17 (Two-tank, numerically verified). Linearising the two-tank about (hi, he) =
(1.2,0.6) gives A = [ "3 %%7.], C = I. The pump fault (E = [1,0]7) and valve fault
(E = [-1,1]") yield residual signatures gpump = [6.46,3.87] " and gyaive = [—2.58,0] " ; a state-
space sensor fault yields g = 0. The framework’s verdicts match the standard test exactly:
pump and valve detectable (g # 0), the zero-signature fault undetectable, and pump/valve
orbit-separated (signatures independent, rank 2) hence isolable. The distinct-orbit count (2)
equals the signature-matrix rank (2). All checks pass in the numerical verification.

4.2 Reiter MBD: orbit separation is conflict diagnosability

Consider the logical realization S = R(SD) over components with health in {ok,ab}. The
classical condition [12, 6]: two fault modes are diagnosable under an observation set O iff
they produce different minimal diagnoses (minimal hitting sets of the conflicts) given O.

» Theorem 18 (Orbit separation recovers conflict diagnosability). Let Gg be the clause-
preserving component-relabel group and let the invariant be the conflict signature 1o (f) =
(minimal conflicts, minimal diagnoses) induced by fault f under observation set O. Then,
relative to O, two fault modes are orbit-separated iff they yield distinct conflict signatures
iff they are conflict-diagnosable under O. Restricting O (hiding an observable) acts by the
evidence-restriction to the stabilizer subgroup; faults whose only distinguishing behaviour is
hidden become orbit-merged — exactly the loss of diagnosability under reduced observation.

Proof. The conflict signature is a function of SD and O, invariant under clause-preserving
relabellings (they permute syntactically identical components without changing the conflict
structure), so it is a Gg-invariant. Two fault modes share an orbit under O iff their conflict
signatures coincide, i.e. they induce the same minimal diagnoses — the negation of conflict-
diagnosability. Hence orbit separation < distinct diagnoses < diagnosability under O.
Reducing O removes the behaviours distinguishing certain faults; by Proposition 26 the orbit
space coarsens under fewer observations (here fewer separating predicates), merging faults
whose distinguishing observable is removed. |

» Example 19 (Two-tank, numerically verified). The two-tank Reiter model has components
{P,V, S} (pump, valve, sensor) with clauses P=ok = Qi,>0, V=0k = transfer, S=ok =
alarm-consistent. Under full observations each single fault produces a distinct conflict {P},
{V'}, or {S} and a distinct minimal diagnosis; all three pairs are orbit-separated and conflict-
diagnosable (verified: all pairs MATCH). Under restricted observations that hide the alarm
behaviour, the sensor fault S produces no conflict — its signature equals the nominal — so S
becomes orbit-merged with nominal and undiagnosable, precisely the evidence-restriction
prediction (verified: S orbit-merges with nominal under restricted O). The observation-
relative statement of Theorem 18 is therefore not a technicality but the mechanism by which
reduced sensing loses diagnosability.

4.3 What the recovery establishes

» Remark 20 (Orbit separation unifies two incommensurable conditions). Theorems 16 and 18
show that a continuous-analytic condition (the fault-signature rank test) and a discrete-logical
condition (conflict diagnosability) are the same orbit-separation criterion instantiated on
two different realizations, with two different symmetry groups (observer-gauge; component-
relabel). Neither was designed into the framework; both are recovered. This is the credibility
the abstraction needed: it reproduces the field’s established detectability and isolability tests
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as special cases, and the two-tank instances confirm the equivalences numerically rather
than by assertion. The discrete-event (Sampath) condition, which lives at the level of event
languages rather than states, is studied in Section 4.4.

4.4 Discrete-Event Diagnosability: Orbit Separation at the Language
Level

The third canonical condition is Sampath diagnosability for discrete-event systems [13]: a
fault is diagnosable iff its occurrence is certain to be detected within a bounded number of
events, equivalently iff the diagnoser automaton contains no indeterminate cycle — a cycle of
fault-ambiguous states corresponding to two arbitrarily long observation-equivalent traces,
one faulty and one normal. Unlike the LTI and Reiter conditions, this is a property of event
languages, not of static states, and the naive state-level orbit mapping does not capture it.
We show the correct correspondence, at the diagnoser’s language level, and are explicit about
where the mapping is delicate.

Why state-level orbits are insufficient

Orbit separation as used for LTT and Reiter is a per-configuration notion: two configurations
lie in different orbits. Sampath diagnosability is temporal — it concerns whether faulty and
normal traces remain observation-indistinguishable arbitrarily far into the future. A cycle
among fault-ambiguous diagnoser states is not by itself an indeterminate cycle: the cycle
must be realizable by both a genuine faulty trace and a genuine normal trace with identical
observations. Treating any ambiguous-state cycle as indeterminate over-flags (it declares
diagnosable systems non-diagnosable). The correct object is therefore orbit separation on
the diagnoser’s language, not its states.

» Definition 21 (Diagnoser realization and its symmetry). For a DES with observable event
set X, and unobservable fault event, the diagnoser realization Sgiag is Sampath’s diagnoser
automaton: states are fault-labelled observation-equivalence classes (subsets of system states
with labels in {N, F'}), transitions are on observable events with unobservable-reach clos-
ure. Its nominal symmetry group Gsg,, s the group of relabellings of unobservable events
and symmeltric states that preserve the observable projection — the automorphisms of the
observation structure.

» Theorem 22 (Orbit separation at the language level recovers Sampath diagnosability). Let the
invariant be the diagnoser fault label v : Sqiag — {N, F, A} (A = ambiguous), and lift orbit
separation to traces: a faulty trace is orbit-separated from the normal traces iff it reaches an
F-labelled diagnoser state, i.e. is not confined to A-labelled states forever. Then the fault is
orbit-separated (every faulty trace eventually separates) iff the diagnoser has no indeterminate
cycle iff the fault is Sampath-diagnosable, provided the indeterminate-cycle test uses trace
realizability: a cycle counts as indeterminate only if its event sequence is realizable by both a
faulty and a normal underlying trace.

Argument and scope. The diagnoser label is G's,,, -invariant (observation-mask relabellings
preserve which system states are observation-equivalent, hence the label), and it separates
the F-orbit from the N-orbit by construction. A faulty trace fails to separate iff it stays in
A-labelled states for all time, i.e. lies on a cycle of ambiguous states whose event sequence is
realized by both a faulty and a normal trace (else one branch is forced out, separating the
label). That is exactly Sampath’s indeterminate cycle. Hence non-separation < indeterminate
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cycle & non-diagnosability; contrapositively, orbit separation < diagnosability. The scope
caveat is essential: the equivalence holds for the trace-realizable indeterminate-cycle test, not
the coarser ambiguous-state-cycle test, which over-flags delayed-but-diagnosable faults. <«

» Example 23 (Two-tank DES, numerically verified). We model the valve-stuck-closed fault as
an unobservable event in a two-tank DES with observable events {fill, drain, overflow} and a
fault-only observable (tank-1 distinctive overflow). Two designs are tested. In the diagnosable
design the faulty branch is forced to emit the fault-only observable, so no trace-realizable
indeterminate cycle exists: the diagnoser reaches an F-label on every faulty trace. In the
non-diagnosable design the faulty branch mimics the nominal observable behaviour, producing
a genuine indeterminate cycle. The framework’s orbit-separation verdict matches Sampath’s
diagnosability in both: separated < diagnosable, merged < non-diagnosable (both cases
verified numerically). A third, delayed-diagnosable design (the fault-only observable reachable
after a bounded delay) is the boundary case: it is Sampath-diagnosable, and the coarse
ambiguous-state-cycle test wrongly flags it, whereas the trace-realizable test of Theorem 22
is required to classify it correctly — confirming that the language-level lift, not the state-level
one, is the right correspondence.

» Remark 24 (Three conditions, one criterion — with an honest boundary). With the LTI rank
test (Theorem 16) and Reiter conflict diagnosability (Theorem 18), the DES result completes
a recovery of three historically incommensurable diagnosability conditions — continuous-
analytic, discrete-logical, and discrete-event — as instances of orbit separation. The DES case
is the most delicate and the most informative: it shows the criterion must be applied at the
level of structure appropriate to the paradigm (states for LTI/Reiter, traces for DES), and
that applying it at the wrong level (state-cycles for DES) over-flags. Far from weakening
the unification, this locates it precisely: orbit separation is the common criterion, and each
paradigm supplies the realization — and the level — on which it is evaluated. We state the
DES correspondence with its trace-realizability scope explicit rather than claim a state-level
equivalence that does not hold.

5 From Detectability to Diagnosability

Theorem 12 characterizes detectability of a single fault: f is visible to M iff its signature
lies in Sep(M). The classical conditions we recover (Section 4) are, however, diagnosability
conditions — about distinguishing faults from one another, not merely from nominal. This
section makes the lift explicit and, in doing so, answers three foundational objections: it pins
down the symmetry group canonically (removing analyst choice), it gives non-diagnosability
a checkable, witness-producing characterization defined independently of diagnosability
(breaking the apparent circularity), and it shows diagnosability is an invariant of the minimal
sufficient realization, which lets the framework predict diagnostic equivalence of two methods
without running either.

5.1 The symmetry group is canonical, not chosen

We now show that Gg is determined by the model, as the mazimal group preserving nominal
behaviour.

» Definition 25 (Nominal symmetry group, maximal form). Let S = R(B) be a realization with
nominal behaviour predicate Ns (the fault-free input—output relation, or the nominal measure,
as appropriate). The nominal symmetry group is Gs = {g € Aut(S) : g preserves Ns },
the group of all structure automorphisms fixzing nominal behaviour. It is the mazimal such
group by construction.
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» Proposition 26 (Uniqueness and canonicity of Gg). Gg in Definition 25 is unique and
canonical: it is determined by (S, Ng) alone, independent of the analyst. Any group G' used
for diagnosis with G'-invariant fields satisfies G' < Gg, and using a proper subgroup G’ < Gg
can only refine orbits (split them), never merge; using a group G" £ Gg is unsound (it would
identify behaviourally distinct configurations).

Proof. The set of automorphisms preserving Ny is closed under composition and inverse
(if g, h preserve Ns so do gh and g~!) and contains the identity, hence is a group; it is the
unique maximal such group because it is defined as the full set of behaviour- preserving
automorphisms. Any G’ whose invariants are used for a sound diagnosis must preserve
nominal behaviour (else a nominal configuration maps to a non-nominal one, corrupting the
invariant), so G’ < Gg. A subgroup induces a finer orbit partition (fewer identifications),
refining Sep; a group not contained in G g contains an element moving a nominal configuration
off Ng, which merges behaviourally distinct states and is unsound. |

» Remark 27 (What this settles). The orbit space S/Gg is therefore a function of the model,
not a modelling choice: the analyst does not select G g, they compute it as the automorphism
group preserving nominal behaviour (for the paradigms of Section 4 this is a concrete, solvable
object — gauge group, graph-automorphism group, observation-mask group). Proposition 26
also clarifies the safe direction of error: an under-estimated group over-splits (sound, costlier),
an over-estimated group is unsound — so when uncertain one takes the largest provably
behaviour-preserving group, which is exactly Gg.

5.2 Diagnosability is pairwise orbit separation

» Corollary 28 (Diagnosability = pairwise orbit separation). Let F' be a fault set and F* =
F U {nominal}. The fault set F is diagnosable by M iff for every pair f; # f; € FT, the
signature pair ([sfi], [s77]) € Sep(M) - i.e. every pair of modes lands in distinct, M -separated
orbits. Detectability (Theorem 12) is the special case f; = nominal.

Proof. Diagnosability requires every pair of modes to be distinguishable by the observed
field. By Theorem 12 applied to the pair (f;, f;) (treating f; as the reference in place of
nominal), f; and f; are distinguishable iff their signature pair lies in Sep(M). Quantifying
over all pairs gives the claim; the f; = nominal instance is detectability. <

This is the statement the recovery theorems (Section 4) actually use: the rank test,

conflict-diagnosability, and DES diagnosability are all pairwise distinguishability conditions.

5.3 When is a system NOT diagnosable? A non-circular criterion

The characterization of non-diagnosability is where the framework earns its keep against
the circularity objection: it is a checkable structural condition, defined purely through the
invariant map, that produces an explicit witness — and it never mentions diagnosability in its
hypothesis.

» Definition 29 (Invariant map and its fibres). For a field M = (11,...,t,) let ®py : FT =V
send each mode to its invariant image ®p(f) = (11(sf),...,1.(sf)). A confusable class
s a fibre <I>A_/11 (v) containing more than one mode; a fibre is non-trivial if it contains two
distinct modes. ®p; and its fibres are defined without any reference to diagnosability — they
are computed from the invariants alone.
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» Theorem 30 (Non-diagnosability has a fibre witness). F' is non-diagnosable by M iff @y is
not injective on FT, i.e. iff there exists a non-trivial fibre ®y} (v) = {fi, f;,...}. The fibre
is an explicit witness: the modes it contains are exactly those M cannot tell apart, and the
shared value v identifies which invariants are blind to their difference. Equivalently, F is
diagnosable iff ®5; is injective on FT.

Proof. By Corollary 28, F is diagnosable iff every pair f; # f; has ([s//],[s/i]) € Sep(M),
i.e. some ¢y, separates them: tx(s7%) # 1(s%7), i.e. @pr(f;) # Par(fj). So diagnosability <
@), injective. Non-diagnosability is the negation: a coincidence ®pr(fi) = Par(fj), i-e. a
non-trivial fibre, whose members are by definition indistinguishable by every ¢, and hence
by M. |

» Remark 31 (Why this is not circular). The hypothesis of Theorem 30 — “®j; has a non-trivial
fibre” — is a property of the invariant map on the fault set, computable before diagnosability
is even defined. It does not say “diagnosability fails because faults are not separated”;
it says “faults f;, f; share invariant value v,” a checkable fact about ®,;, and concludes
non-diagnosability. The invariants are not defined through diagnosability (they are Gg-
invariant, orbit-separating functionals, Definition 6, fixed by the model via the canonical Gg

)

of Proposition 26); diagnosability is derived from them. The direction of definition is thus
model — G — invariants — ®,; — fibres — (non-)diagnosability, with no step depending
on its successor. This is the precise sense in which the account is non-circular, and the fibre
is the tangible object the classical conditions were implicitly detecting.

» Remark 32 (The three classical failures are all “a fibre exists”). Non-diagnosability unifies
the three paradigms’ failure conditions as a single statement. The rank test fails iff two
fault signature columns are dependent — a fibre of ®,; (equal residual directions). Conflict
diagnosability fails iff two faults induce identical conflicts — a fibre (equal conflict signatures).
Sampath diagnosability fails at an indeterminate cycle — a fibre at the language level (two
traces with equal observation projection). Each classical non-diagnosability condition is
exactly “®;; has a non-trivial fibre,” with the paradigm fixing the level at which ®,; is
evaluated (states for LTT/Reiter, traces for DES; cf. the DES level-lift, Theorem 22).

5.4 Diagnosable-equivalence of realizations, and prediction

The deepest consequence is that diagnosability is an invariant of the minimal sufficient
realization (Definition 4), which lets the framework predict when two structurally different
methods are diagnostically identical — without running either.

» Definition 33 (Diagnosable-equivalence). Two methods with fields M, M’ (on realizations
S, 8") are diagnosable-equivalent on F', written M =r M’, if they induce the same partition
of F'™ into confusable classes: (I)X{l and <I>X41, give the same fibres over FT.

» Theorem 34 (Diagnosable-equivalence is isomorphism of minimal sufficient realizations on
F). M =r M’ iff the minimal sufficient realizations Syr, Sy (Definition 4) are Struct-
isomorphic when restricted to the fault set F+. Consequently diagnostic capability on F is a
function of Sar|p+ alone: two methods with isomorphic minimal sufficient realizations over
FT have identical diagnosability, regardless of how different their fields, inference rules, or
paradigms appear.

Proof. M =r M’ means ®,; and ®; have equal fibres on F'*, i.e. they induce the same
equivalence ~p; = ~ restricted to F'T. The minimal sufficient realization is the quotient by
exactly this equivalence (Definition 4), so equal fibres give Sys|p+ = Sar|p+ up to relabelling,
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i.e. a Struct-isomorphism restricted to F'" (invariant-preserving by construction. Conversely
a Struct-isomorphism of the restricted minimal realizations matches their invariant partitions,
hence their fibres, giving M =p M’. Diagnosability is a function of the fibre partition
(Theorem 30), so equal partitions give equal diagnosability. |

» Corollary 35 (Diagnostic partial order and degeneration). Define M <p M’ if ®ppi'’s fibres
refine ® ;s on FT (equivalently Sy |p+ factors onto Sur|p+ ). Then <p is a partial order
on methods (modulo =), M <p M’ means M’ is at least as diagnostic as M on F, and a
degeneration U, (forgetful functor) satisfies UM <p M : each simplification moves down
the diagnostic order by coarsening the confusable-class partition. The degeneration hierarchy
s thus recovered from a purely diagnosability standpoint.

Proof. Refinement of partitions is a partial order; it corresponds to factoring of the quotient
realizations, so <r orders methods by their minimal sufficient realizations. M <p M’ gives
® s coarser, hence fewer separated pairs, hence weaker diagnosability. A forgetful functor
discards invariants, coarsening ®, so U,M <p M. <

» Remark 36. Theorem 34’s value is not that it predicts an otherwise-unknowable fact, but
that it makes diagnosable-equivalence cheap to certify: computing Sys|p+ requires only
evaluating the invariants on each fault mode, not running the full method (estimator, solver,
or trained model) and comparing outputs. The feeder example (Sec. 6.2) substantiates this —
the equivalence of the {3,5,6} and full placements is established from the sensitivity-matrix
signatures, not from running seven vs. three diagnosers to convergence.

6 Empirical Validation: Power Distribution Feeder

We now validate our approach on a power distribution feeder [1] and exercise two of its real-
izations: a structural (LinDistFlow) realization whose diagnosability recovers measurement-
placement observability, and a discrete-event realization whose diagnosability recovers Sam-
path’s condition for a protection fault. Both use the orbit-separation criterion.

6.1 LinDistFlow Radial Feeder Model and Fault Diagnostics Framework
6.1.1 System Description and Mathematical Framework

The system under analysis consists of a radial electrical distribution feeder modeled via
the linearized LinDistFlow equations, a standard simplification of the full non-linear AC
power flow equations tailored for radial networks. Let G = (V, ) represent a tree-structured
primary distribution graph where V = {0,1,..., N} is the set of buses (nodes), and £ is the
set of distribution lines (edges). Bus 0 € V denotes the substation slack bus, maintained at
a fixed reference voltage magnitude vy. Each line e = (i,j) € £ possesses a known series
resistance r..

Under the active-power-dominant, flat-voltage linear approximation, the bus voltage
magnitude vector v € RVT! is determined by active power injections p € RN*! via v =
1ol — Reg p where 1 is a vector of ones, and Reg € RVTUXV+1) represents the effective
path resistance sensitivity matrix. The elements of the sensitivity matrix S = —Reg govern

the voltage variations g; and are defined explicitly by the shared path structure from the
slack bus:
8’[]7;
Sij=5 == D Te (1)

e€P; I'YP]'

where P; C £ denotes the unique ordered set of lines forming the directional path from the
slack bus 0 to bus 1.

1:13

DX 2026



1:14

Foundation for Fault Diagnosis

6.1.2 Fault Signatures and Structural Perturbations

The framework evaluates three distinct classes of operational anomalies spanning structural,

parametric, and observation-side configurations:

1. Structural Line Faults: A localized change in topology or physical parameters (e.g., a
line degradation or partial failure) manifests as an impedance increment Az on a given
line e, = (f,t) € £. This alters the underlying path resistance, inducing a systematic
voltage drop downstream of the faulted edge:

Agline — {—Az e, i be D) @)
0 otherwise
where D(t) C V is the downstream subtree rooted at the child bus t.

2. Parametric Injection Faults: Deviations in nodal power consumption or unmonitored
distributed generation yield a net injection shift Ap; at bus j. The resulting full voltage
signature corresponds to the j-th column of the sensitivity matrix S: Av™ =S, ; Ap;

3. Observation-Side Sensor Faults: A measurement instrument anomaly (e.g., a PMU
or smart meter bias) alters only the local readout without perturbing the physical grid
state, i.e., AvS"°T = ey, dpias Where ey is the b-th standard basis vector, and dp;as is the
additive measurement bias.

6.1.3 Observation Field and Confusable Fibres

M CV denotes the observation placement (the subset of metered buses). The observation
operator @4 : RV — RIMI projects the full system state signature to the measured
subspace: ®aq(Av) = P Av where Py is a projection matrix extracting rows indexed by
M.

Two system faults f1, fo belong to the same confusable fibre F under the placement M if
and only if their measured signatures are indistinguishable:

F(f1) ={f2 € Fan | 2m(Av(f1)) = Pm(Av(f2))} (3)

Complete structural diagnosability is attained if and only if all induced fibres are singletons
(VF,|F| =1). Placements that produce identical partitions of the fault space are certified as
diagnosable-equivalent.

6.2 Structural realization: diagnosability vs. meter placement

We take the 7-bus radial feeder (6 lines) with the LinDistFlow linearization [1], so bus
voltages depend linearly on injections through the sensitivity matrix S (algebraic, no dynamic
simulation). The fault set mixes three types, giving non-trivial fibre structure: line faults
(structural — an impedance change perturbs downstream voltages), injection faults (parametric
— a load/generation deviation), and sensor faults (observation-side — a meter bias). The
measurement field is the set of metered buses; its invariants are the measured voltage
components of each fault’s signature. Orbit separation under this field is exactly measurement-
placement observability: two faults are diagnosable iff their measured voltage signatures
differ.

Table 2 reports diagnosability for four meter placements, and Figure 1 shows the
confusable-class partitions. The results recover the standard power-system facts and expose
them as orbit separation: full metering is diagnosable; a sparse placement {3,6} cannot
see the line-4 fault (its voltage drop is unmetered), confusing it with nominal; a trunk
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Table 2 Structural diagnosability of the feeder vs. meter placement. Orbit separation under the
metered-voltage field recovers measurement-placement observability; witnesses are the confusable
fibres.

Meter placement  Confusable witness fibre(s) Diag.?
full {0-6} - yes
leaves {3,5,6} - yes
sparse {3,6} {nom, lines } no
trunk {1,2,4} {nom, liney, liney, lines, sens, seng }; {injs, injg } no

ull' and 'leaves {3,5,6}" induce the same partition = diagnosable-equivalent: 4 meters suffice.

Power feeder: fault diagnosability vs meter placement (shared color = confused; dot = diagnosable)

full {0..6}

. . . . .
(12 classes)

leaves {3,5,6} . . . . .
(12 classes)
sparse {3,6} . . . . .

(11 classes)

trunk {1,2,4}
(6 classes)

S N N INY N >\ <] & ©
& & o & A 7 2° « N &
& & & & é ¢

« « « « « «

Figure 1 Feeder fault diagnosability across meter placements (rows) over the fault modes
(columns); shared colour = confused, dot = diagnosable. The sparse placement {3, 5,6} induces the
same partition as full metering: by Theorem 34 the two are diagnosable-equivalent, so four meters
suffice for full diagnosability.

placement {1,2,4} produces two witness fibres — it misses downstream leaf and sensor faults,
and it confuses the two injection faults {injy,injs} that share a trunk path. Each witness
(Theorem 30) names the faults a placement cannot resolve and, by the unmetered channel,
the meter whose addition would resolve them.

A non-obvious prediction: sparse metering suffices. The computation finds that metering
only the three leaf buses {3,5, 6} induces the same fibre partition as metering all seven buses.
By Theorem 34 the two placements are diagnosable-equivalent: the framework certifies,
without enumerating faults or running any estimator, that four of the seven meters can be
removed with zero loss of diagnosability. This is the predictive content of the diagnosability
theory applied to a design question (sensor placement) it was not tuned for, and it is exactly
the kind of cross-configuration equivalence the per-paradigm observability tests do not express
directly.

6.3 Discrete-event realization: protection diagnosability

The same feeder also has a discrete-event realization: protection relays and breakers generate
observable switching events, and a protection fault — a breaker that fails to open (stuck-
closed) — is an unobservable event whose diagnosability is a Sampath condition. We build
the protection diagnoser and apply orbit separation at the language level (Theorem 22).
Two designs are tested. When backup protection observably fires on a stuck breaker (an
observable backup_trip event), the faulty trace reaches a fault-certain diagnoser state: no
indeterminate cycle, Sampath- diagnosable, and orbit separation agrees. When the backup is
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silent, the stuck-breaker trace produces the same observations as a normal clear, creating an
indeterminate cycle: non-diagnosable, and orbit separation agrees (both cases verified). The
protection fault’s diagnosability is thus the same orbit-separation criterion that governs the
structural layer and the two-tank, now on the feeder’s event language.

6.4 What the Power System Example Establishes

» Remark 37 (One criterion, two realizations, a new plant). The feeder demonstrates the
framework on a system structurally unlike systems like the two-tank, and does so through
two different realizations of the same plant: a structural realization recovering measurement-
placement observability, and a discrete-event realization recovering Sampath protection-
diagnosability. Both are orbit separation; only the realization and its symmetry group differ.
The structural layer also yields a concrete, non-obvious engineering prediction — a sparse
meter placement diagnosable-equivalent to full metering — illustrating that the diagnosability
theory answers design questions, not only classification ones.

7 Computational Advantages of Cross-Realization Reasoning

A framework that unifies diagnosability could be merely descriptive. We therefore address
directly what computational advantage orbit separation provides beyond a common language.
The honest answer has a sharp boundary, which we state first, and three genuine advantages,
which lie on the far side of it.

7.1 What is not claimed: no single-realization complexity win

Within a single fixed realization, computing the orbit partition is not cheaper than computing
the classical condition — because it is, up to interpretation, the same computation. For the
LTT realization the fibres of ®j; are obtained from the fault-signature directions, i.e. the
rank computation itself; for the discrete-event realization the language-level fibres are the
diagnoser states, i.e. the Sampath construction itself; for the Reiter realization the fibres
are the conflict signatures. Orbit separation reinterprets these objects; it does not produce
them faster. Any claim of a raw complexity advantage at the single-realization level would
therefore be spurious, and we make none. The advantages below are all at the level where
the classical theories are silent — across realizations, across a method library, and in guiding
acquisition — because each classical test is confined to one representation and provides no
cross-representation comparison.

7.2 A1l — Certified cheapest realization within an equivalence class

The diagnosable-equivalence theorem (Theorem 34) partitions candidate realizations into
classes of equal diagnostic capability. Within a class one may run diagnosis on the cheapest
member — fewest sensors, smallest state, lowest per-query cost — with a certificate that
no diagnostic capability is lost, because the minimal sufficient realizations coincide. The
advantage is not that the framework sorts realizations by cost (any scheme can do that)
but that it certifies which realizations are interchangeable, so the cheaper one is provably
sufficient.

» Example 38 (Sparse metering, from Section 6). On the power feeder, metering the three
leaf buses {3,5,6} is diagnosable-equivalent to metering all seven (Theorem 34, verified in
Section 6.2). Diagnosis may therefore run on a 3-dimensional measurement vector instead
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of 7, with a structural certificate of identical diagnosability. The saving is concrete — fewer
sensors to install and read, a smaller estimation problem — and the certificate is exactly
what the per-placement observability test cannot supply: that test verifies each placement
in isolation but does not establish the two are equivalent, which would otherwise require a
fault-by-fault comparison of their diagnoses.

The general statement: because diagnosability is an invariant of the minimal sufficient
realization (Theorem 34), the cheapest realization with the same Sy|+ is a provably-lossless
substitute, and identifying it is a comparison of partitions — cheap relative to constructing or
running the realizations themselves.

7.3 A2 — Partial-order pruning of a method library

When several methods or realizations are available, the diagnostic partial order (Corollary 35)
lets dominated candidates be discarded without evaluating them. If M <p M' then M’
diagnoses everything M does; if in addition M’ is no more costly, M is dominated and can
be dropped before any risk or accuracy computation. Domination is detected structurally —
by partition refinement — rather than by running each method, so the expensive per-method
evaluation is confined to the Pareto-undominated survivors.

This is a genuine combinatorial saving in the library setting: the cost of selection scales
with the number of surviving (undominated) methods, not the library size, and the survivors
are identified by comparing partitions. The refinement test is a containment check on fibres,
whose cost is governed by the fault set size, independent of the internal complexity of the
methods being ordered. A library with many dominated variants collapses to its Pareto
frontier before the costly step, which is where the per-realization diagnosis or risk estimate is
actually incurred.

7.4 A3 - Fibre-targeted incremental acquisition

When a fault set is non-diagnosable, the confusable fibre (Theorem 30) localizes the deficiency:
it names the confused modes and, through the invariant they share, the specific distinction
the current field cannot make. This makes improvement incremental and targeted rather
than global. One need not rebuild the diagnoser or re-solve the full diagnosis problem; one
computes only the additional invariant that splits the offending fibre.

» Example 39 (Targeted meter addition, from Section 6). The trunk placement {1,2,4}
yields the witness fibre {injs,injs}: the two injection faults share the trunk-path voltage
signature. The fibre identifies precisely the missing distinction — a measurement downstream
of the branch separating buses 5 and 6 — so the remedy is a single targeted meter, computed
against the one confusable class, not a re-instrumentation and re-solve of the whole network.
Acquisition is thus guided by the fibre to the minimal resolving addition.

The general pattern: the confusable fibres form a to-do list of exactly the distinctions the
current realization lacks, each pointing at the invariant whose addition resolves it. Refinement
of diagnosability proceeds fibre-by-fibre, touching only the affected confusable class, rather
than by global recomputation — the diagnostic analogue of splitting a coarse equivalence only
where it is too coarse.

7.5 Accuracy: error avoidance, not raw improvement

We are equally precise about accuracy. The framework does not make any single method
more accurate — an observer’s residual is what it is. Its contribution to accuracy is error
avoidance: by certifying the confusable set (Theorem 30), it prevents the characteristic
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failure of trusting a method on a fault it is structurally blind to. A confident diagnosis
of a mode that lies in a non-trivial fibre is a confident misdiagnosis; the fibre flags this
in advance, so the method is not over-trusted beyond its resolving power. The accuracy
contribution is a guarantee about when not to trust a verdict — valuable precisely because
classical per-paradigm confidence scores do not express structural blindness.

7.6 Summary of the advantage

» Remark 40 (Where the advantage lives). The computational advantage of orbit separation
is not a faster diagnosability test for a fixed method — there it coincides with the classical
computation. It is the ability to reason across realizations and methods with a common
currency, the fibre partition, which the per-paradigm tests cannot provide: to substitute
a cheaper equivalent realization with a certificate (Al), to prune a method library to its
diagnostic Pareto frontier before the costly step (A2), and to target acquisition at the exact
confusable class that limits diagnosability (A3), while avoiding confident misdiagnosis by
certifying structural blindness. These are advantages of comparison and selection, cheap
relative to running the methods, and they are available only because diagnosability has been
reduced to a single computable invariant — the minimal sufficient realization’s partition —
shared across paradigms.

8 Related Work

Fault diagnosis has traditionally been studied through paradigm-specific theories, includ-
ing observer-based FDI, consistency-based diagnosis, probabilistic diagnosis, discrete-event
diagnosis, geometric diagnosis, and more recently learning-based approaches [9, 8, 12, 13].
Each paradigm introduces its own notion of distinguishability — e.g., residual rank conditions,
conflict sets, indeterminate cycles, or observability codistributions — and these notions are
rarely analyzed within a common framework. Our contribution is to show that they can all
be interpreted as instances of a single realization-theoretic criterion: orbit separation.

Behavioural systems and realizations. The behavioural approach of Willems treats be-
haviour rather than state-space representation as the primary object of analysis [15]. Our
realization map follows this perspective by associating a behavioural specification with a
structure on which diagnosis is performed. The key difference is that behavioural theory
studies equivalence of behaviours, whereas we study equivalence of diagnostic capability. Two
realizations may differ behaviourally yet be diagnosable-equivalent if they induce the same
partition of a fault set.

Bisimulation and quotient constructions. Bisimulation theory characterizes behavioural
equivalence by quotienting states that are observationally indistinguishable [14]. Our minimal
sufficient realization plays a similar role: it is the quotient induced by diagnostic invariants.
Diagnosable-equivalence can therefore be viewed as a fault-relative analogue of bisimulation.
The distinction is that our observables are generalized diagnostic invariants rather than
transition labels, allowing continuous, logical, probabilistic, and geometric realizations to be
handled within a common framework.

Discrete-event diagnosability. Sampath et al. characterize diagnosability through the
diagnoser automaton and the absence of indeterminate cycles [13]. In our framework the
diagnoser itself serves as the realization, and diagnosability becomes orbit separation at
the language level. The resulting correspondence shows that DES diagnosability is another
instance of the same structural criterion used in continuous and logical settings.
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Geometric and observer-based diagnosis. Geometric observability theory characterizes
state distinguishability through observability codistributions and associated indistinguishab-
ility manifolds [10]. Fault detection and isolation methods based on geometric control theory
extend this perspective to fault signatures and isolability conditions [7]. In our terminology,
the indistinguishability manifolds correspond to orbits and observability conditions corres-
pond to orbit-separating invariants. The classical fault-signature rank test appears as the
linear specialization of this broader picture.

Structural diagnosis and analytical redundancy. Structural FDI approaches characterize
detectability and isolability through graph structure, analytical redundancy relations, and
matching conditions [2, 9]. These methods already reason through a realization, namely
a structural graph representation. Our framework generalizes this idea by allowing the
realization to take many forms, including logical theories, Bayesian networks, diagnoser
automata, geometric models, or learned representations. Structural diagnosis thus becomes
one realization class among several rather than the foundational abstraction itself.

Consistency-based diagnosis. Consistency-based diagnosis and model-based reasoning
identify faults through conflicts and minimal diagnoses derived from a logical system de-
scription [12]. Our recovery result shows that conflict diagnosability corresponds to orbit
separation in a logical realization under component-relabelling symmetries. This places
logical diagnosis within the same structural framework as observer-based and DES methods.

Symmetry and learned representations. The emphasis on symmetries and invariants
connects naturally with work on equivariant systems, geometric deep learning, and invariant
representation learning [4, 3]. These approaches study what information is preserved under
group actions, whereas our focus is diagnostic distinguishability. The connection is that
diagnostic capability is determined by the invariants exposed by a realization and the orbit
structure induced by its symmetry group.

Summary. Across these literatures a common pattern emerges: each defines a notion
of indistinguishability and a corresponding quotient structure. The realization-theoretic
framework identifies these as manifestations of the same construction. Orbit separation
provides a common criterion for fault distinguishability, while diagnosable-equivalence allows
diagnostic methods from different paradigms to be compared through their minimal sufficient
realizations. This enables cross-paradigm comparisons that individual diagnosis theories,
considered in isolation, do not provide.

9 Summary and Conclusions

This paper introduced a realization-theoretic framework for fault diagnosis based on the
Diagnostic System Specification (DSS), which separates behavioural specifications, realiza-
tions, measurement fields, and inference procedures. The framework identifies diagnosis as a
property of the realization through which a system is viewed rather than of any particular
diagnostic algorithm.

The central result is that diagnosability is an orbit-separation property. Relative to
a realization and its nominal symmetry group, faults are distinguishable iff they occupy
different invariant-separated orbits. This perspective yields a minimal sufficient realization
that completely characterizes diagnostic capability and leads to a structural notion of
diagnosable-equivalence among diagnostic methods.
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Foundation for Fault Diagnosis

We showed that several classical diagnosability conditions are recovered as special cases
of the same criterion, including observer-based rank conditions, Reiter conflict diagnosability,
and Sampath diagnosability. The framework therefore provides a common language for
comparing diagnostic paradigms that are traditionally studied separately.

The empirical studies on the two-tank system and a power distribution feeder demonstrated
both the recovery of established results and the ability to identify diagnostically equivalent
realizations, including equivalent sensor placements.

Future work includes extending the framework to richer probabilistic and learning-based
systems, developing scalable algorithms for constructing minimal sufficient realizations, and
applying diagnosable-equivalence to sensor placement, observer design, and model-selection
problems.
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—— Abstract

Industrial processes are complex systems composed of multiple interacting sensors that generate
multivariate time series (MTS). Detecting anomalies in such systems is critical for reliability and
safety, yet understanding their origin is equally important. Existing Graph Neural Network (GNN)-
based methods for anomaly detection primarily focus on sensor-level deviations and either attribute
anomalies directly to the deviating sensors. When diagnosis is attempted, generally, the most
deviated sensor is identified as a root cause of a system fault. However, in many industrial systems,
anomalies do not arise from faulty sensors but from disruptions in the influences governing the system
dynamics. We propose an explainable GNN-based anomaly detection framework that shifts the
perspective from sensor-level anomalies to component-level diagnosis, hypothesizing that anomalous
measurements are symptoms of altered inter-sensor influences. Experiments show that the method
effectively identifies and prioritizes the true faulty components, providing interpretable insights into
system failures.
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1 Introduction

Detecting anomalies in industrial systems is insufficient for understanding their origins,
especially in complex processes with strongly interconnected sensor measurements. Graph
Neural Networks (GNNs) capture such dependencies through a graph where nodes are sensors
and edges are their interactions [23], and their message-passing mechanism has made them
an effective tool widely used for anomaly detection in multivariate time series [6, 29].

However, detection alone leaves the cause of the failure unresolved. In GNN-based
frameworks, diagnosis is occasionally addressed by attributing anomalies to the most deviated
sensors [6, 19, 14, 18] or by ranking their contributions [32, 33, 30, 10]. Yet, in many
industrial settings, anomalies do not originate from sensors but from physical components
? Sena Ozgunay, LOL.liSe Travé-Masspyés, Jean-Michel Loubes, and Raul Sena Ferreira;

37 icensed under Creative Commons License CC-BY 4.0

37th International Conference on Principles of Diagnosis and Resilient Systems (DX 2026).
Editors: Ingo Pill, Marina Zanella, and Gregory Provan; Article No. 2; pp. 2:1-2:17

\\v OpenAccess Series in Informatics
OASICS Schloss Dagstuhl — Leibniz-Zentrum fiir Informatik, Dagstuhl Publishing, Germany


mailto:sozgunay@laas.fr
https://orcid.org/0009-0009-4991-2215
mailto:louise@laas.fr
https://orcid.org/0000-0002-5322-8418
mailto:jean-michel.a.loubes@inria.fr
https://orcid.org/0000-0002-1252-2960
mailto:raul.sena-ferreira@airbus.com
https://orcid.org/0000-0002-4629-8821
https://doi.org/10.4230/OASIcs.DX.2026.2
https://github.com/sozgny/XS2C
https://archive.softwareheritage.org/swh:1:dir:b553c65cdbc307b50127cc9d7fd5e4cfd4b27962;origin=https://github.com/sozgny/XS2C;visit=swh:1:snp:c14b5853cd843f8b0c7b8335f6cd3cb823b17c33;anchor=swh:1:rev:0714df53bfd6b1b2270f37774a792c3b85960b2a
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/oasics
https://www.dagstuhl.de

2:2

An Explainable GNN Framework for Component-Level Anomaly Diagnosis

that disrupt the influences governing the system dynamics. Functional sensors may then

produce anomalous measurements due to perturbations: for instance, a pipe leak in a

water distribution network alters flow dynamics and yields abnormal readings from multiple

healthy sensors [8]. This highlights the need to move beyond sensor-level analysis and
consider the underlying sensor influences when performing anomaly diagnosis. We therefore
argue that anomalous measurements should be interpreted as symptoms rather than faults.

This perspective is naturally aligned with model-based diagnosis (MBD) [22, 17], where a

consistency-based diagnosis identifies a subset of components that, assumed faulty, makes the

system description consistent with the observations. We adopt this principle by treating the
graph structure as the system description and the inter-sensor influences as the components
to be diagnosed, with anomaly-detection results as observations.

In this paper, we propose the XS2C (eXplainable Sensor-to-Component) framework, which
integrates an attention-based GNN with consistency-based diagnosis to identify diagnoses
for system anomalies interpreted as symptoms of faults. To the best of our knowledge, no
prior method has jointly leveraged these two approaches in a unified manner. In summary,
the contributions of this work are as follows:

1. An adaptation of the Graph Deviation Network (GDN) [6] for anomaly detection, including
a graph construction strategy based on Neural Granger Causality (NGC) and a sensor-wise
anomaly thresholding.

2. A fine-tuning of the model with test data containing anomalies to learn the abnormal
behavior of the system and computing attention changes of influences based on the
model’s pre- and post-finetuning states.

3. The identification of diagnoses for the system anomalies using path search in the graph
structure and consistency-based diagnosis reasoning.

4. The generation of a global explanation consisting of ranked diagnoses based on the
attention changes.

The rest of this paper is organized as follows. Section 2 reviews related work. Section 3

presents our framework. In Section 4, we demonstrate the effectiveness of the proposed

method. Section 5 shows our conclusions and future works.

2 Related work

In the real world, MTS data often lack an explicit graph describing the dependencies among
variables, yet such a graph is a crucial input for GNNs. This has motivated a growing
body of work on graph construction/learning, where the graph is either learned jointly
with the predictive model [6, 33] or inferred beforehand, computing similarity metrics [15],
using separate algorithms [19, 28], or introducing domain knowledge [30, 8]. For instance,
GDN [6] learns a graph structure end-to-end using cosine similarity between learnable node
embedding vectors, which might be called global node representations. The graph structure is
particularly important because anomaly detection and diagnosis are not only about accurate
prediction but also about generating meaningful explanations by identifying which graph
interactions are responsible for system anomalies. Among these strategies, Neural Granger
Causality (NGC) [24] is particularly attractive, as it can capture directed, data-driven
influences between sensors. These causal influences are expected to provide more information
and greater interpretability for explaining anomalies than other graph construction/learning
strategies.

Numerous GNN-based anomaly detection methods have been proposed for MTS. They
generally aim to learn the system’s normal behavior and then detect anomalies by analyzing
deviations in sensor measurements. This analysis can be achieved using a reconstruction-



S. Ozgunay, L. Travé-Massuyes, J.-M. Loubes, and R.S. Ferreira

based approach or a forecasting-based approach. Reconstruction-based approaches aim to
rebuild the given input MTS values by accurately reproducing normal inputs but fail to
reconstruct abnormal observations [31, 18]. Forecasting-based methods focus on predicting
future MTS values based on past values and detecting anomalies by the deviations from
observations [6, 11, 33]. Indeed, GDN [6] employs an adaptive version of GAT that integrates
global and local node representations for attention-based forecasting. For each forecast
time tick, GDN computes an anomaly score for each sensor, then combines them to obtain
a global anomaly score for that time tick to determine whether it is an anomaly. In the
literature, reconstruction and forecasting strategies are combined to detect anomalies based
on predictions from reconstruction and forecasting probabilities [32, 8]. While these models
can effectively detect anomalous patterns, their output is usually limited to anomaly scores
or flagged time ticks, leaving the origin/root cause of the anomalies unresolved.

The use of attention mechanisms within GNNs, particularly in a Graph Attention Network
(GAT) [25], has gained significant importance in recent years, as attention coefficients can
catch most relevant sensor influences in the system by assigning importance scores to edges
for a target node. However, the interpretability of attention as explanation still remains a
debated topic [13, 26, 1]. The role of attention in anomaly explanation remains controversial,
as it may not correspond to a faithful explanation of model predictions. In MTS, however,
attention can still provide a useful signal about changes in sensor influences, as an indicator
of how an influence evolves between normal and faulty system conditions.

3 Proposed Framework

3.1 Overview

The overall architecture of XS2C is given in Figure 3. We consider a multi-sensor system
with n sensors represented as an MTS and assume the following hypotheses:

» Hypothesis 1. In normal conditions, sensor measurements are consistent with the under-
lying system relationships.

» Hypothesis 2. Under faulty conditions, sensor functionality remains intact, with abnormal
sensor measurements resulting from system faults.
An anomaly in a sensor measurement is a symptom.
Anomalies result from alterations in the relationships between measured quantities. In
other words, when dependencies between quantities are altered, some measurements exhibit
unexpected behavior.

In the context of semi-supervised learning, our training data over Ty.q;, time ticks,
Xirain € R?¥Tirain  consists solely of normal observations to learn the system’s normal
behavior. We denote the learned causal graph from X4, using NGC as G = (V, E) where
V ={1,...,n} is the set of nodes/sensors, and E C V x V is the set of edges/influences. The
first objective is to detect anomalies in test data Xyes € R™XTtest, At time t € Tyeqt, we detect
which sensor measurement(s) is/are anomalous, i.e., §;(t) € {0,1},7 € V, with 0 indicating the
normal class and 1 the anomaly class. If ground truth time tick labels are only available at the
system level, the sensor-level status is aggregated as §(t) = 1 if 3i € V such that §;(¢) = 1.
The GNN anomaly detection module is based on an attention mechanism, outputting
attention coefficients a;;(¢) on the edges from a neighbor node j € V to a target node
i € V, and detecting abnormal nodes. The second objective is to diagnose anomalies. Here,
we fine-tune our base model on X;.s: to learn the system’s abnormal behavior. We then
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Figure 1 Our framework is decomposed into three components: Graph construction,
GNN-based anomaly detection, and anomaly diagnosis. In the graph construction, a causal
graph is extracted from Xyrqin using NGC. For the GNN-based anomaly detection, an attention-based
forecasting is applied on Xi.s: based on the graph structure. Symptoms are identified for the next
step. During the fault period, we fine-tune the model on Xies: to capture the system behavior under
faulty conditions. Attention changes on edges are computed based on the model’s pre- and post-
finetuning states. In the anomaly diagnosis step, the symptoms and attention changes are then used
to generate ranked diagnoses to identify faulty system components.

compute changes in edge attention to capture the evolution between normal and faulty system
states. We compute diagnoses from nodes detected as abnormal via path search in the graph,
leveraging the consistency-based diagnosis theory [22]. The output is a global explanation of
the system fault and ranked diagnoses based on attention changes. In summary, XS2C has
three components: graph construction, GNN-based anomaly detection, and anomaly diagnosis,
as detailed in the next subsections.

3.2 Graph Construction

In case of no prior graph, our objective is to construct a directed causal graph from Xiqin
using NGC [24]. A variable j € {1,...,n} Granger-causes a variable i € {1,...,n} if
knowledge of the past of j improves the prediction of the future of . In NGC, we quantify
the temporal influence of j on ¢ by modeling each sensor as a neural network and extracting
the Granger causal structure by forcing some sets of weights to zero via group penalties. For
a sensor i at time ¢, we define:

#i(t) = Gi(z1(< 1), 2n(< 1) + (D) (1)

where z;(< t) = (z;(t — K),...,z;(t — 2),z;(t — 1)) are the inputs of j for past K lags,
and €;(t) is a zero-mean noise. As a neural model G;, we use a component-wise MLP
(cMLP) [24]. Only the first layer is used to infer causal relationships, since it directly maps
the lagged input variables to the target variable. Hence, the weights of the first layer are
divided into blocks by time lags W' = {W' ... W . WK} ¢ REXK) where H is
the hidden layer dimension and W' € R¥*" captures the contribution of inputs at lag k.
For a source variable j, its overall influence on the target ¢ is determined by the collection
W} ={Wl,. .. ,WH}, where W' € R¥ denotes all connections from j to the hidden layer
at lag k.

A group-lasso penalty is then applied to these weights, such that if all corresponding
weights are shrunk to zero, variable j is considered not to Granger-cause variable i. We
consider this penalty as a causal score s;; = |[W}||r, where ||.||r is the Frobenius matrix
norm, and s;; is the causal influence from the source sensor j to the target sensor i. We then
convert these causal scores into a directed graph by retaining the source sensors whose causal
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scores exceed a row-wise quantile threshold ¢ as neighbors of i: N; = {j |s;; > Qi(q),j # i},
where @Q;(q) is the ¢-th quantile of the causal scores in row 7. Thus, a directed causal graph
G = (V,E) is obtained from Xypqin with E' = {ej; | j € N;} and used as a fixed structure in
the rest of themethodology, ensuring causally meaningful edges and a stable, interpretable
system.

3.3 GNN-based Anomaly Detection

We deploy the attention-based forecasting architecture of the GDN [6] to predict sensor
measurements at time ¢ based on a historical sliding window of size w:

X(t—w), X(t—w+1), ..., X(t—1)] € R™*® (2)

3.3.1 Attention-based Forecasting

First, each sensor ¢ € {1,...,n} is represented with a global embedding vector that captures
its characteristics: v; € R?%, where d is the embedding dimension. These vectors are initialized
randomly and trained with the model to capture the underlying factors that shape nodes’
different behaviors. Given a historical window as in 2, the message-passing mechanism
computes node i’s aggregated local representation via an attention mechanism enhanced
with global sensor embeddings, unlike GAT [25]. At time ¢, attention coefficients «;;(t) are

computed as follows:

gi(t) = v; ® W X, () (3)
¢(i, j) = LeakyReLU(a " (g:(t) & g5(t)) (4)
s (t) = exp((77))

’ EkeN(i)Ui exp(¢(i, k))

where W € R4*% ig a trainable weight matrix, X;(t) € RY is the node i’s input measurements,
a'l € R* is a learned attention weight vector. The node representation is then:

hi(t) = ReLU [ oi(t) W X (£) + Y i (8) W X;(t) (6)
JEN;
After obtaining all final local node representations h;(t),i = {1,...,n}, we predict the sensor

measurements at time ¢ as:
X(t) = fo([vr 0 ha(t),...,vp 0 hy(t)]) € R® (7)

where o is the element-wise multiplication and fy is an MLP. The training process is achieved
by minimizing the Mean Squared Error (MSE) loss, which is computed as follows:

TtTain
1 .
£ =5 X)) = X()||? .
MsE Ttrm‘,n —w t:;i H ( ) ( )HQ ( )

3.3.2 Computing thresholds and detecting anomalies

Traditional MTS anomaly detection methods use a single threshold based on aggregated
anomaly scores to detect abnormal time ticks at the system level [6, 32, 33]. GDN [6], for
instance, computes per-sensor scores but applies a max-based thresholding at the system
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level, which often ignores gradual or sensor-specific anomalous behaviors in favor of the
largest immediate deviations. However, in real-world systems, sensors might measure different
quantities, leading to heterogeneity in abnormality. That is why we adopt a sensor-wise
thresholding strategy to detect anomalous sensor measurements and subsequently identify
them as symptoms. For each sensor, we compute an anomaly score based on its prediction
errors at time t: A;(t) = | X;(t) — X;(t)|. On the validation set Tyq; (containing only normal
measurements), we collect A% = {A;(t) | t € Tyai} and adaptively select the quantile level
matching a target positive prediction rate (PPR) piqrget, which controls the expected false
alarm behavior ¢* = argmin, |pyai(q) — Ptarget|, Where pyqi(q) is the empirical proportion of
time ticks flagged as anomalous in validation data when using quantile q. The sensor-wise
threshold is then 7; = Q‘Agal (¢%). At t € Tiest, if A;(t) > 74, we detect ¢ as anomalous, i.e.,
i(t) = 1.

3.3.3 Identifying symptoms

Given the binary anomaly predictions for each sensor over Xy.s, we compute the anomaly
occurrence for each sensor, particularly in the faulty period Ty C Tjeq. For a sensor i, its
anomaly occurrence in Ty is computed as follows:

0= 3 i) ©)

teTy

Symptoms are identified on the sensors with the highest anomaly occurrence. Sensors
are sorted as O;;, > O;, > --- > O, , and the largest gap between consecutive values
dr = Oy — O(p41) defines a cut point:

k* = argmax;, di (10)

This criterion identifies the point of maximum separation between highly anomalous sensors
and the remaining ones, allowing for a data-driven selection of symptoms:

S = {i i, ... g} (11)

3.4 Anomaly Diagnosis

We aim to generate a global explanation of the set of detected symptoms in the test data
Xiest. As detailed below, our approach first quantifies the changes of the attention coefficients
given by (3) associated with the graph’s edges from the GNN normal model to the faulty one
and then uses these changes to rank the diagnoses obtained via the theory of model-based
diagnosis along the consistency-based approach [22], which takes the graph of the GNN as a
model.

3.4.1 Fine-tuning of the GNN model

We consider two models trained under normal and faulty operating conditions:
The normal model (nM) is the base GNN model trained on the normal train set X¢yqin
and tested on X;.s; containing anomalies.
The fault model (fM) is a fine-tuned, semi-frozen version of the normal model. The semi-
frozen GNN is retrained and tested only on the data collected after a faulty occurrence
in Xyesr- We assume faults to be strong and persistent, i.e., once a fault occurs, its
effects remain present throughout the considered faulty period Ty and continuously affect
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the system behavior. Consequently, the subsequent occurrence data are assumed to
predominantly reflect the faulty operating mode, allowing the fine-tuned model to learn
the altered sensor influences associated with the fault.

A~

From the normal model, the semi-frozen GNN retains the graph topology (G) and the
global sensor embeddings (v;). The remaining learnable weights are initialized using the
weights from the normal model. This strategy allows us to highlight differences between
the two models that reflect true behavioral changes — rather than structural variations —
particularly in the attention coefficients on the edges. These coefficients capture changes in
the interactions between quantities measured by the sensors, providing signals to identify
root-cause faulty components in the system.

3.4.2 Computing attention changes

The attention coefficients on all forecasted time ticks ¢ € Ty are computed for both models,
yielding a?JM(t) and a%\/[ (t). Since we aim at a global explanation, we average them over T}:

~n 1 n
aijM = Tif Z aijM(t) (12)
teTy
_ 1
a?}d =7 Z a?}d(t) (13)
f teTy

Then, we compute absolute differences of average attentions, Aa;; = |07?]\/I — &?JML which will
be considered as attention changes of influences.

3.4.3 Bridging with consistency-based diagnosis

The consistency-based diagnosis approach, originally developed using logical models [22, 5],
has been explored in recent works integrating model-based reasoning with data-driven
learning, often through residual classifiers or learned representations [27, 16]. In this work,
we propose using this approach to explain detected anomalies by identifying the sets of faulty
components that may have caused them.

Formally, a system is defined by the triplet (SD, COMPS, OBS), where SD is the system
description, COMPS is the set of components, and OBS is the set of observations. A system
description describes how the components normally behave by appealing to the distinguished
predicate AB whose negation —AB has the intended meaning “normal” [22]. In our setting,
this triplet is defined as:

SD is the graph G composed of sensors and influences.

COMPS are the influences, since they can be associated with the physical components

that create them, i.e., COMPS = E.

OBS are defined by symptomatic labels {; € {0, 1}, where I; = 1 indicates that sensor ¢ is

a symptom.

» Definition 3 (Diagnosis). A diagnosis for the system (SD,COMPS,OBS) is a set D C
COMPS such that SD UOBS U {AB(e) | e € D} U{-AB(e) | e € COMPS — D} is
satisfiable.

This implies that the hypothesis — where the influences in D are considered faulty, and
all others are normal — is consistent with both OBS and SD. A diagnosis thus assigns a
mode (normal or faulty) to each graph influence in a way that aligns with the model and the
observations.

2:7
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» Definition 4 (Minimal diagnosis). A minimal diagnosis is a diagnosis D such that VD' C D,
D’ is not a diagnosis.

Typically, the set of diagnoses is obtained through a two-step process, with the first step
grounded in the concept of conflict — originally introduced in [22] and expanded in [4].

» Definition 5 (Conflict and minimal conflict). A conflict is a set C C COMPS in which all
the components of C are normal is not consistent with SD and OBS. A minimal conflict is
a conflict that does not contain other conflicts.

As shown by [22], minimal diagnoses correspond to the hitting sets ! of the set of minimal
conflicts, and the parsimony principle suggests favoring minimal diagnoses. In our setting,
the first step for identifying them is to search G for the paths 7 that end in a symptom node,
start in a non-symptom node, and have no cycles:

T = (lgyik—1,---,%1,10),

Vist. 0<j<k-1,i;€8, 14
ix & S,

iy # i, 5 # 1.

In this search, starting from the symptoms, we explore the graph by iteratively visiting
its neighboring nodes, stopping once a non-symptom node is reached. This stopping criterion
is motivated by the assumption that a faulty influence should manifest through observable
deviations, i.e., symptoms: an influence between two non-symptom nodes is unlikely to
be the root cause of the system fault, as it would not produce any detectable effect. This
reasoning aligns with an exoneration principle [3]: components that do not contribute to any
abnormal behavior are excluded from the set of root causes.

For path search, we use a depth-first search (DFS) algorithm. At each step, the state
is the triplet (i, Viis, Epath), where 4; € V' is the current node, Viis C V' the set of nodes
already visited on the current path, and Epatn € E the set of edges traversed up to 4.

Transition Rules: For any incoming edge e;;-1 = (i;,%4—1) € E, we apply the following
rules:

If iy ¢ S, the path is closed and a path is generated m = Epan U {e-1};

If i; € S and i; ¢ Vs, the procedure continues recursively from i;;

Otherwise, the transition is ignored to avoid any repetition of the node or cycle.

For each i € S, we denote the set of edge paths: m; = {7 | m is an admissible path}. The
conflict associated with symptom ¢ is defined as the union of the influences appearing in
these paths:

ci=J Em), (15)

where FE(7) denotes the set of edges belonging to path 7. Since anomalies may propagate
through reciprocal interactions between process variables, a faulty bidirectional influence
relation is considered capable of covering the conflicts in which it appears, regardless of edge
direction. Consequently, reciprocal edges are treated as a single faulty interaction during
diagnosis generation; only the direction exhibiting the largest attention change is reported
for representation purposes.

1A set that intersects every set in the collection.
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After obtaining all conflict sets {C; | i € S}, we retain the minimal ones. We then find
the minimal hitting set(s) using the Hitman solver based on a MaxSAT formulation [21]
via the PySAT toolkit [12]. Each conflict set C; is translated into a hard clause (ex -1 V
..Ve—1V---Veyp) stating that at least one edge must be chosen in each C;, and each
unique edge induces a soft clause —e;;—; penalizing its inclusion. These minimal hitting sets
correspond to minimal diagnoses [3].

As a global explanation of system anomalies, we aim to rank these diagnoses using

attention changes. The attention changes of influences are computed as Acy;; in Section 3.4.2.
If a diagnosis consists of a single influence, its ranking score is directly given by this value.

For a diagnosis D containing multiple influences, we compute the ranking score as the average
of the attention changes of its constituent influences:

1
score(D) = D] Z Aoy (16)
ej; €D

Diagnoses are then ranked by ranking scores in descending order. The intuition is that
fault-related propagation should induce larger changes in the corresponding sensor influences,
so diagnoses with higher average attention changes are considered more plausible explanations
of the observed anomalous behavior.

4 Experiments

In this section, we conduct experiments to evaluate the XS2C’s anomaly detection performance
and the capacity of its anomaly diagnosis component.

4.1 Experimental Setup
4.1.1 Datasets

We evaluate XS2C on two widely used benchmarks for MTS anomaly detection: TEP and

SWaT. More details about the TEP and SWaT can be found in [7, 9.
Tennessee Eastman Process (TEP) is an industrial chemical process for producing
two liquid components (G and H) from four gaseous reactants (A, C, D, and E). It
consists of five main unit operations (reactor, condenser, liquid-vapor separator, recycling
compressor, and product stripper). TEP contains 41 process measurements and 12
manipulated variables. We consider the first 22 processes and 11 manipulated variables,
as the remaining measurements are not continuously monitored, and the last variable
is constant [28]. The TEP variables used in this study are shown in Table 1, and the
process is illustrated in Figure 2.
The Secure Water Treatment (SWaT) dataset is a scaled-down industrial water
treatment testbed developed by the Singapore Public Utilities Board [20]. It includes 7
days of normal operation for training and 4 days of attack scenarios for testing, where
anomaly labels correspond to injected attacks at different time intervals. .

We use a Python-based simulator? for TEP data generation [2], operating in closed-loop
control mode. We simulate 7 days of normal operation for training. For evaluation, 20
different fault scenarios IDV(1-20) are simulated over 48 hours, where the first 8 hours
correspond to normal operation followed by the fault period, except for IDV6 and IDV18,

2 https://github.com/jkitchin/tennessee-eastman-profbraatz
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Figure 2 TEP flowchart. The considered process variables are in red text.

whose simulations were terminated after ~ 7 and ~ 12 hours of the faulty period, respectively,
due to the violation of the shutdown limits. The simulation yields 20 test datasets with
measurements recorded every 3 minutes.

Following prior works [6, 33], the first 21,600 samples are removed from the SWaT dataset,
and the data is down-sampled to one measurement every 10 seconds using median values.
Table 2 reports the statistics of datasets.

Table 1 TEP variables used in this study.

Variable Description Variable Description

x1 A feed x18 Stripper temperature

x2 D feed x19 Stripper steam flow

x3 E feed x20 Compressor work

x4 A and C feed x21 Reactor cooling water outlet temperature
x5 Recycle flow x22 Separator cooling water outlet temperature
x6 Reactor feed rate x23 D feed flow

x7 Reactor pressure x24 E feed flow

x8 Reactor level x25 A feed flow

x9 Reactor temperature x26 A and C feed flow

x10 Purge rate x27 Compressor recycle valve

x11 Product separator temperature | x28 Purge valve

x12 Product separator level x29 Separator pot liquid flow

x13 Product separator pressure x30 Stripper liquid product flow

x14 Product separator underflow x31 Stripper steam valve

x15 Stripper level x32 Reactor cooling water flow

x16 Stripper pressure x33 Condenser cooling water flow

x17 Stripper underflow

4.1.2 Baselines

We compare our anomaly detection component with three representative GNN-based frame-
works for MTS anomaly detection: GDN [6], MTAD-GAT [32], and CST-GL [33].
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Table 2 Statistics of datasets.

Datasets #Variables #Train #Test Anomalies
TEP (IDV1-5,7-17,19-20) 33 3330 930 86%
TEP (IDV6) 33 3330 254 51.18%
TEP (IDV18) 33 3330 563 23.09%
SWaT 51 47515 44986 11.97%

GDN learns a graph structure end-to-end using cosine similarity between learnable node
embedding vectors and applies a GAT-based forecasting as explained in Section 3.3. For
anomaly detection, GDN computes a per-sensor anomaly score at each time tick and
then aggregates them into a system-level score through max-based thresholding.
MTAD-GAT is a hybrid forecasting-reconstruction anomaly detection method that uses
two GAT layers; one for the feature dimension and one for the temporal dimension to
capture both feature-wise and temporal dependencies. It detects anomalous time ticks
using a joint score derived from predictions and reconstruction probabilities.

CST-GL is a forecasting-based anomaly detection method that explicitly captures
multivariate correlations through graph learning. It combines graph-convolution and
temporal-convolution layers to model spatial-temporal dependencies and identifies time
tick anomalies based on forecasting deviations.

4.1.3 Parameter settings

For the NGC graph learning module, hyperparameters are optimized via random search on
Xitrain: a cMLP model is trained with the Adam optimizer, combining group-lasso regular-
ization for sparse causal structure learning and ridge regularization for weight stabilization
(learning rate and group-lasso coefficient (A) are 0.001) [24]. Configurations are evaluated
based on the average MSE loss across all variables.

The GNN module is trained for up to 100 epochs using the Adam optimizer (Ir=0.001),
with early stopping patience of 15 and a validation ratio of 0.1. A self-loop is added to
each node to enhance the attention-based message passing mechanism. Hyperparameters
are selected by empirical search minimizing the validation MSE; the final settings for both
stages are given in Table 3 (NGC: lag [, hidden layer dimension H, ridge coefficient Ariqge,
quantile ¢ used for causal graph extraction; GNN: batch size b, sliding window w, node
embedding dimension d, forecasting layer hidden dimension h, and target positive prediction
rate ptarget)~

Baselines reproduced from corresponding github repositories are used ? with sliding
window size w=>5 (30) for SWaT (TEP). On SWaT, the default settings reported by GDN
and CST-GL are kept; on TEP, an empirical search is performed around their default values.
The main settings are reported as SWaT (TEP): GDN - 50 epochs (early-stopping patience
of 10), batch size 16, embedding dimension 64, forecasting layer hidden dimension 128 (256),
neighbor size 15 (3). CST-GL — 20 epochs, batch size 64, embedding dimension 256, retain
ratio 0.1 (0.3), saturation rate 20 (10), neighbor size 15 (30), 2 (3) temporal-convolution
layers with 16 (64) channels, 2 graph-convolution layers with 16 channels, 32 skip channels
and 64 (128) end channels. MTAD-GAT - 50 epochs (with dropout 0.3), batch size 64,
initial convolution kernel size 7, one GRU layer (150 units), three forecasting fully-connected
layers (150 units), and one reconstruction layer (128 units).

3 https://github.com/d-ailin/GDN, https://github.com/huankoh/CST-GL, https://github.com/
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Table 3 Parameter settings for the NGC and GNN modules in XS2C.

NGC-Graph Learning | GNN Module in XS2C
Il H Aridge q b w d h Dprarget
TEP |16 64 0.001 0.90 |16 30 64 256 0.09
SWaT |4 128 0.0001 0.95 |16 5 64 64 0.06

Dataset

4.1.4 Evaluation metrics

To evaluate the performance of the GNN anomaly detection model, since only time-tick-level
ground truth labels are available, we aggregate sensor-level predictions to obtain a system-
level decision: t is classified as anomalous if at least N < n sensors are simultaneously flagged
as anomalous: §(¢) = 1 if > 1" | 9;(t) > N. This rule reduces spurious detections caused by
sensor noise and reflects that a single underlying fault can manifest across multiple sensors.
We use N = 2 for TEP, since faults are reflected by localized deviations affecting a limited
subset of process variables, and N = 15 for SWaT, since attacks typically cause process-wide
consequences (tank overflows, underflows, shutdown sequences, flow disruptions affecting
multiple stages), so a larger aggregation reduces false alarms from isolated deviations.

Detection performance is evaluated with themacro-F1 score (F7) and the Matthews
Correlation Coefficient (MCC). Macro-F1 ensures a balanced evaluation of normal and
anomalous classes; MCC provides a robust global assessment by simultaneously considering
true and false positives and negatives, making it more reliable than accuracy across datasets
with varying class distributions.

4.2 Anomaly detection performance

Table 4 reports anomaly detection results on TEP (across 20 fault scenarios) and SWaT.
On TEP, the anomaly detection component of our proposed framework XS2C has the
best overall performance compared to the baseline. Particularly, we achieve substantially
improved performance across most fault scenarios compared with the GDN. Moreover, we
are competitive with MTAD-GAT and CST-GL by achieving the best performance on several
scenarios, particularly those associated with persistent or structured abnormal dynamics such
as IDV(4, 10, 12, 13, 16, 17, 18, 19, 20). Lower performance is consistently observed across
all methods on disturbances such as IDV (3, 5, 9, 15), known to involve weaker deviations
without abnormal dynamics [19, 14, 10].

On SWaT, we remain competitive with the baseline with a slightly better performance in
both F; and MCC, demonstrating that our proposed framework can handle large industrial
cyber-physical systems while maintaining explainability. Despite anomaly explanation and
diagnosis being our primary objective of the proposed framework, we demonstrate an effective
anomaly detection performance on two well-known benchmarks. Scenarios with high F} and
MCC should be retained for the next step in anomaly diagnosis, since reliable detection is
necessary to provide sufficient symptom information.

ML4ITS/mtad-gat-pytorch
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Table 4 Anomaly detection results. The best performing method in each experiment is in bold.

Datasets GDN MTAD-GAT CST-GL Our AD component

Fi MCC Fi MCC I3 MCC Fi MCC

1IDV1 0.28 0.16 | 0.99 0.98 | 0.99 0.98 | 0.98 0.96

IDV2 0.27 0.12 0.96 0.92 0.93 0.87 0.95 0.90

IDV3 0.17 0.05 0.12 -0.03 | 0.17 0.05 0.15 0.02

1IDV4 0.17 0.06 0.26 0.14 0.23 0.11 0.98 0.97

IDV5 0.34 0.21 0.34 0.19 0.37 0.21 0.35 0.19

1IDV6 0.75  0.60 1 0.99 0.99 0.98 0.99 0.98

IDV7 0.35 021 | 0.87 0.77 | 0.62 0.43 0.48 0.30

1IDV8 0.47 030 | 0.93 0.86 | 0.88 0.79 0.92 0.85

IDV9 0.16 0.05 | 0.12 -0.03 | 0.16 0.04 | 0.16 0.02

IDV10 0.20 0.10 0.18 0.08 0.46  0.28 0.74 0.58
IDV11 0.19 0.08 0.40 0.24 0.43 0.26 0.57 0.38
IDV12 0.46 0.29 0.90 0.82 0.93 0.86 0.97 0.94
IDV13 0.36 0.22 0.80 0.65 0.76 0.61 0.84 0.72
IDV14 0.16  0.03 0.99 0.98 1 0.99 0.96 0.92
IDV15 0.17 0.07 | 0.13 -0.02 | 0.18 0.07 0.15 0.02
IDV16 0.20 0.09 0.14 0.02 0.48 0.30 0.71 0.54
1IDV17 0.41 0.24 0.77 0.62 0.87 0.76 0.90 0.82
IDV18 0.60 0.42 0.91 0.83 0.90 0.81 0.94 0.88
IDV19 0.17 0.06 0.16 0.06 0.46 0.28 0.54 0.35
IDV20 0.27 0.14 0.49 0.31 0.64 0.45 0.71 0.54
Average 0.31 0.18 0.57 0.47 0.62 0.51 0.70 0.59
SWaT 0.87 0.76 0.39 0.17 0.87  0.76 0.88 0.78

4.3 Anomaly diagnosis results and analysis

In TEP, IDV1 and IDV14 are chosen as case studies for anomaly diagnosis. For each symptom,
a local subgraph is extracted from its neighborhood; these subgraphs serve as the basis for
searching paths that yield minimal conflicts and, subsequently, minimal diagnoses. Figure 3
illustrates local subgraphs for IDV1 and IDV14, respectively.

IDV1 is a step change disturbance in the A/C feed ratio in stream 4. The identified
symptoms are 24 (A and C feed in stream-4), 215 (stripper temperature), x19 (stripper steam
flow), x99 (compressor work), and za6 (manipulated variable related to A and C feed flow in
stream-4). The top-3 ranked diagnoses (with attention changes of edges in them) are:

D, = {613)4 (0.82),625’20 (0.04),613’26 (014)} (17)
Dy = {e13,4, €13,20 (0.02), €13,26} (18)
D3 = {e13,4, €27,20 (0.01), €13 26} (19)

The nodes involved in the edges composing the diagnoses also include z13, the product
separator pressure, x5, the A feed flow in stream-1, and zo7, the compressor recycle valve.
The diagnoses highlight influences associated with the stream-4 feed mechanism and its
downstream propagation, which is coherent IDV1. In the literature, this disturbance is often
interpreted through the control system response, where the A feed flow (x25) is adjusted
to compensate for changes in the feed ratio and is identified as a root-cause variable [19].
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(a) IDV1 (b) IDV14

Figure 3 Causal subgraphs obtained for IDV1 and IDV14: A local subgraph is used for
identifying diagnoses regarding neighbors. Red nodes correspond to symptoms, and green nodes are
non-symptoms.

Although x5 is not a symptom in our framework, it still appears in the top-ranked diagnoses
through its perturbed influence, illustrating our hypothesis: the objective is not to identify
the symptoms themselves as root causes but the altered influences that explain them. The
result should thus not be read as identifying xo5 itself as an isolated root cause, but as
indicating that the dependency involving this variable is significantly perturbed during the
fault, consistent with the expected control response to a disturbance in stream-4. Moreover,
the repeated involvement of relations connected to x13 further suggests that the disturbance
propagates downstream through the recycle stream until a new steady state is reached, which
agrees with the reported behavior of IDV1. Thus, the proposed diagnosis provides a global
explanation: it localizes the disturbance around stream-4 feed interactions while capturing
its downstream propagation.

Regarding IDV14, the identified symptoms are the reactors zg (temperature), zo; (cooling
water temperature), and xz2 (cooling water flow). The top-3 diagnoses are:

Dl = {63279 (034)} (20)
DQ = {6279 (0.15)}, {611,21 (015)} (21)
Dg = {623’9 (014)} (22)

The nodes involved in the edges composing the diagnoses include z11, the product separator
temperature, and g3, the D feed flow in stream-2. The highest-ranked diagnosis esz g
directly links the reactor cooling water flow x35 to the reactor temperature xg. Since the
cooling water mechanism directly regulates the reactor temperature, the perturbation of
this influence strongly suggests that the fault originates from the reactor cooling water
valve system, consistent with previous studies [19, 18]. Compared to approaches that
focus only on abnormal variables, our framework provides a more relational interpretation
by explicitly identifying the perturbed dependency underlying the cooling process. The
remaining diagnoses remain physically meaningful: a sticking valve is expected to alter
several temperature-related influences around the reactor [19], so while es2 g provides the
most direct localization, the additional diagnoses support the propagation of the disturbance
through the reactor cooling subsystem.

For the SWaT case study, we selected the attack scenario corresponding to the continuous
closure of valve MV303 between 29/12/2015 14:38:12-14:50:08, which disrupts the backwash
process in stage-3 (filtering undesirable materials from the water). The identified symptoms
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[

AIT501

Figure 4 Causal subgraph obtained for SWaT dataset.

mainly involve variables associated with stage-3 and its downstream propagation. Figure 4
illustrates local subgraph for SWaT. The top-3 diagnoses are:

Dy = {epao2,ppr7301 (0.32), €arrso1,p3o1 (0.11),
errrso1,uvao (0.10)},

Dy = {epsoz2,ppirs01 (0.32), earrso1,pso1 (0.11),
earrso1,arraor (0.09)},

D3 = {epso2,ppirs01 (0.32), earrso1,pso1 (0.11),
eprT503,p402 (0.06) }.

In these diagnoses, the influence epso2, pprrso1 between the ultra filtration feed pump P302
and the differential pressure transmitter DPIT301 of stage-3 systematically appears with
the largest attention variation, indicating that the hydraulic and backwash dynamics in
this region are considerably perturbed. This is physically coherent with a valve-induced
disturbance propagation. The other influences appearing in D; may be interpreted as
secondary propagation effects: errs01,p301 (water quality analyzer AIT501 to pump P301)
suggests propagation toward the downstream circulation mechanisms, while errrs01,0v401
(flow transmitter FIT501 to dechlorinator UV401) indicates that abnormal flow conditions
induced by the disrupted backwash further impact the UV treatment stage. The diagnoses
thus not only localize the disturbance around the backwash drain valve but also reveal
plausible downstream propagation pathways.

5 Conclusion

This work proposes an explainable anomaly detection framework that shifts diagnosis from
anomalous sensors toward disrupted sensor influences. By combining an attention-based GNN
with consistency-based diagnosis, our approach, XS2C, produces physically coherent and
interpretable diagnoses that localize the disturbed process components/regions underlying
system faults. Experimental results demonstrate that XS2C can achieve effective anomaly

detection and meaningful explanation of fault propagation dynamics in complex systems.

Future work will focus on improving the performance of the anomaly detection component,
validating XS2C on real-world industrial systems. Additionally, weakening the Hypothesis 2
by including the possibility that the sensor might be faulty via self-attention coeflicients
will be an interesting avenue for future work. A sensitivity analysis of the framework with
respect to numerical non-determinism in training remains an another perspective.
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—— Abstract

Medical diagnosis and its accuracy are dependent on the available information. Hence, it is in
the interest of both the patient and the doctor to provide the necessary information and ask the
right questions in an efficient manner. The same can be said about medical questionnaires, which
resemble the conversation during a doctor’s appointment. NetDoktor’s SymptomChecker is a freely
accessible, expert-curated questionnaire in the German language. It can be traversed like a large
decision tree, linking symptoms to diseases. However, does it find an optimal conversation path to
acquire the necessary information from its users? Here, our study surfaces structural deficiencies
and ways to optimise the questionnaire paths. In particular, we model the process of acquiring
information and refining prognoses as an abductive reasoning problem and provide a corresponding
algorithm. In our experiments, we apply simple tree transformations and optimisations, building
upon Shannon’s information entropy to expose redundant subtrees and inefficient question order.
Our results contribute to a better understanding of medical questionnaires and open the door for
future applications of the data provided by NetDoktor. Because SymptomChecker is validated by
medical professionals, it is a prime candidate to serve as a reference for benchmarking other systems.
For instance, a dataset derived from SymptomChecker can be used for testing systems such as large
language models in the task of medical diagnosis.
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1 Introduction

Medical questionnaires (i.e., expert systems with a questionnaire user interface; distinct from
questionnaires used in scientific studies) are modelled to resemble conversations a patient
might have with a doctor. The goal is an accurate diagnosis, where the accuracy is dependent
on the provided information. In turn, the information flow is guided by the questions raised
by the questionnaire or doctor. This means that the questions and their order matter to
arrive at accurate diagnoses early. This can be described using information theory, and
Shannon’s information entropy [20] specifically. Entropy is used to describe information gain,
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Redundancy

Do all questions
contribute to
the diagnosis?

Answers /
Symptoms

Observations / Evidence

Q

Questions
Questionnaire Order

Diagnosis
Refinement
Hypothesis

RQ1

Is the question-
order optimal
with regards to

information Patient / User Doctor / Questionnaire
gain? Background Knowledge / Theory

Figure 1 Doctor’s Appointment ~ Medical Questionnaire ~ Abductive Reasoning Process.

measured in bits and given through the formula:

H(P) == p(A) log, p(A),
A

where P are all paths a conversation with a doctor may take, A is the diagnostic outcome
a conversation path ends with, and p(A) is the fraction of conversation paths leading to
the same outcome. This reading of Entropy yields the possibility to measure how much
information is gained when asking a particular question on the conversation path, if paths
and possible outcomes are known. Moreover, we can model the retrieval of a diagnosis in
the context of a medical questionnaire as an abductive reasoning problem, where abduction
was originally coined by Peirce [13] and is nowadays understood as inference to the best
explanation.

Figure 1 shows this framing of a medical questionnaire as an abduction problem with the
goal of finding a diagnosis (i.e., a hypothesis), which explains symptoms (i.e., observations
/ evidence) under the consideration of background knowledge (i.e., a theory). If now an
observation does not change anything with regards to the hypothesis, we say it is redundant.
Again, this ties-in with entropy, as a redundant observation also does not yield any information
gain with respect to the hypothesis. Having now prepared our operating room, we can turn
to the subject we want to dissect. NetDoktor [19] provides a freely accessible questionnaire,
which is validated by medical professionals. It is called SymptomChecker, as it asks users
consecutive questions about symptoms and provides possible diagnoses based on the given
answers. In our previous work [15, 11], we demonstrated how to traverse SymptomChecker
like a large decision tree and used the connection between tree and logical representations to
transform the tree into logical formulae [11]. More specifically, we represent all questionnaire
paths - from start to diagnosis - as conjunctions of the question-answer pairs, which are
interpreted as propositions. The whole tree (i.e., questionnaire) can be represented as a
disjunction of all questionnaire paths. In this work the main focus is a concrete subtree of
SymptomChecker, where we are interested in its structure, information content and usability
for logical abduction, in particular. Our work is guided by the main research question of
whether NetDoktor’s SymptomChecker is structured in an efficient manner, which we can
further separate into the two sub-criteria:

RQ1: Do all questions in SymptomChecker contribute to the outcome (i.e., the diagnoses)

or is there redundancy?

RQ2: Is SymptomChecker’s question order optimal with respect to the information

gained at each step?
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Here, we first structurally analyse a dataset aggregated from over 90000 individual Symp-
tomChecker sessions, which is first compiled as part of this work, to find redundant subtrees
(RQ1) and sub-optimal question order (RQ2) after which we use the resulting structural
variants for a comparative analysis in an abductive reasoning setting. The latter aims to
unveil differences when performing reasoning. Both questions are answered based on the
subset of SymptomChecker seen in the recorded sessions. That said, this paper contributes by
combining and applying a framework of methodologies - all of which are rooted in well-known
theories - to investigate and transform a tree-like questionnaire. Furthermore, this work
can be seen as a cornerstone for using NetDoktor’s data for benchmarking other systems in
the future. This paper is organised as follows: We start by tapping into related research.
Then, we introduce the subject of our investigation: NetDoktor’s SymptomChecker, where
we highlight the concrete subtree (i.e., dataset) aggregated through web scraping. After
that, we introduce the used methodologies and experimental setup comprising a structural
analysis and an abductive reasoning experiment. Figure 5 shows this and contextualises the
other figures, tables, and algorithms. Finally, after presenting and discussing the results, we
conclude this paper.

2 Related Work

Medical diagnosis can be viewed as a reasoning problem in which observed symptoms,
answers, or test results have to be explained by one or more possible diagnoses. This is closely
related to abductive reasoning [13], where observations are explained by selecting suitable
abducible hypotheses subject to integrity constraints [8]. This can be easily translated into
medical questionnaires where patients’ answers can be treated as observations and candidate
diagnoses can be treated as hypotheses. The issue is that unrestricted abductive reasoning
is computationally inefficient [3]. The complexity motivates us to use more structured
representations such as decision trees to restrict the search space.

Another way we can view medical diagnosis is using model-based diagnosis [18]. An
approach to hypothesis classification using model-based abduction was done by Friedrich
et al. [4]; they distinguish between different roles that a hypothesis can play as necessary,
possible, or irrelevant. This is important because diagnostic reasoning is not only concerned
with finding any compatible diagnosis, but also with identifying which hypotheses are actually
needed to explain the observations.

Abduction has been applied directly in medicine; Lucas [10] used abduction for checking
the quality of medical guidelines. The work showed how abductive reasoning can support
the analysis of whether guideline recommendations satisfy broader medical requirements.
Pukancovd and Homola [16] studied medical diagnosis using description-logic abduction,
focusing on diabetes as a use case and arguing that medical diagnosis often requires abductive
reasoning as it eliminates diagnostic hypotheses that do not explain all the symptoms.
More recently, Xu et al. [24] proposed a medical dialogue system that explicitly separates
abductive and deductive components, using abduction to generate candidate diagnostic
hypotheses and deduction to verify them against the dialogue context. Unlike classical logical
abduction/deduction, they leverage black-box models to achieve the results. These works
show that abduction remains relevant for modern medical decision-support systems.

Decision trees have been widely used as transparent classifiers that recursively select
informative attributes and produce human-readable decision paths [17]. In a medical
questionnaire, such paths naturally correspond to sequences of questions and answers, which,
in turn, resemble a conversation with a doctor. From a more formal perspective, tree
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Table 1 Exemplary SCQ Questions. German Original (DE). English Translation (EN).

ID

Question (DE)

Question (EN)

N O UL R W N

12
13
14
17
32
33

Um wen geht es?

Bist du ménnlich oder weiblich?

Zu welcher Altersgruppe gehorst du?

In welcher Korperregion hast du Beschwerden?
Wo treten die Beschwerden auf?

Welches Symptom belastet dich am starksten?
Ist deine Haut stellenweise oder iiberall gerotet?
Hast du eine néssende, wunde Stelle an der Haut?
Hattest du schon einmal eine Allergie?

Spiirst du irgendwo ein Brennen?

Fiihlt sich ein Korperteil besonders warm an?
Hast du offene Verletzungen an der Schleimhaut?
Hattest du ungeschiitzten Sex oder haufig wech-
selnde Partner?

Who is this about?

Are you male or female?

Which age group do you belong to?

In which body region do you have complaints?
Where do the complaints occur?

Which symptom troubles you the most?

Is your skin reddened in places or all over?

Do you have a weeping, sore spot on the skin?
Have you ever had an allergy?

Do you feel a burning sensation anywhere?
Does a body part feel particularly warm?

Do you have open lesions on a mucous membrane?

Have you had unprotected sex or frequently chan-
ging partners?

automata provide a mathematical framework for reasoning about tree-shaped structures
and their accepted paths; Comon et al. [2] describe the correspondence between regular tree
languages, finite tree automata, and logical characterisations of trees. Tree-based methods
have also been used in clinical decision support and questionnaire reduction.

Hanndéver et al. [7] applied classification trees to data from the German multicenter study
on eating disorders, showing how tree models can support clinical decision-making in an
interpretable way. Strobl et al. [21] provide an especially relevant medical example: using data
from the German DizzyReg patient registry, they identified a small set of eight key questions
that helped classify common vestibular disorders, to be used as triage before conducting a
clinical examination. This work is close in spirit to questionnaire-based diagnosis, since it
demonstrates how a larger clinical history can be reduced to a compact and interpretable set
of discriminative questions.

3 NetDoktor’'s SymptomChecker Questionnaire

NetDoktor SymptomChecker [19] is a freely accessible!, medical expert system with a
questionnaire UI that retrieves likely diagnoses from a person’s reported symptoms. Symp-
tomChecker itself is based on a proprietary, expert-curated database called AMBOSS [1].
The questionnaire is available in German and combines static questions about a person
such as sex, age (referred to as “persona” in our work) and the affected body region and
main symptom, with dynamically selected follow-up questions. The dynamic part consists of
closed-ended questions with possible answers “Yes”, “No”, and “Skip”. We do not use “Skip’
in our experiments and only consider positive and negative answers, which is why we refer to
these questions as binary. We treat SymptomChecker as a deterministic reference model and
traverse the questionnaire systematically, storing the resulting interactions as a tree, which

)

we explained in our previous work [15, 11] and is illustrated in Figure 2.

L SymptomChecker Questionnaire: www.netdoktor.at/symptom-checker


www.netdoktor.at/symptom-checker
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3.1 Questionnaire Traversal & Tree Representation

The extraction procedure consists of two main steps: ID extraction and the questionnaire
traversal. Since the questionnaire is meant for humans, the questions are written in natural
language. It would be inefficient to save all question-answer (QA) pairs in such a format,
so we set an ID integer value for each unique question and each unique answer. Then each
question and answer is saved as a QA-pair. For example, a QA-pair [13,7] represents a
decision node in a tree where a question “Hattest du schon einmal eine Allergie?” (Have
you ever had an allergy?) is answered by “Yes”. A QA-pair [13, 8] represents a negative
answer to the same question. We follow a depth-first search to extract the tree structure.
This way, the questionnaire is unfolded into a finite decision tree T" where each internal node
corresponds to a question, and each edge corresponds to an answer. A complete root-to-leaf
path p therefore represents one possible questionnaire session and can be interpreted as a
conjunction of extracted predicates, each corresponding to a QA-pair. The sets of diseases at
the leaf are the diagnostic conclusions associated with this conjunction. We denote a set of
potential diseases as diagnosis A. In turn, all distinct diseases in the whole tree are referred
to by D. Furthermore, we denote a collection of paths (i.e., a disjunction of conjunctions) as
p € P and assume that a tree constructed in the way we described (or a subtree thereof) can
be represented as such a collection.

Questionnaire Session = Path
Nodes & Edges = QA-Pairs

Persona A Region A Symptoms — Diag. A

Personal Questions (Persona) Region Main Symptom  Binary Follow-Up Questions Possible Diagnoses

Figure 2 Tree Representation of NetDoktor’s SymptomChecker Questionnaire.

3.2 SCQ Dataset

In this subsection, we describe the dataset, which we refer to as SCQ, for SymptomChecker
Questionnaire, which we derived by traversing SymptomChecker. It forms the basis for
all of our experiments. In particular, the dataset we extract is a subset of the complete
questionnaire tree. For our extraction, we balanced the search between depth and breadth of
the constructed trees. This was done since there is no public information on the true size of
SCQ, or its algorithm, and the search doesn’t spend too much time only looking into a single
set of symptoms, but explores other branches as well. Furthermore, for simplicity, we focus
on a single persona description, an adult male, and on the sub-region skin (German: “Haut”
and “Kopfhaut”). We selected skin, as this sub-region appears in all but two of the main
regions of the full tree. The first row of Table 2 shows the statistics for the SCQ dataset
used in our experiments. From the table, we can see that the total number of complete paths
extracted from SymptomChecker is 95,318. A path is a single possible sequence of answered
questions from the beginning of the questionnaire to the terminal nodes (diagnosis sets A).
The total number of diseases | D | is 129. There are 635 unique diagnoses (i.e., sets of
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diseases). The average depth per questionnaire path is 20.4, meaning that it takes, on average,
20.4 questions to obtain a set of diseases. The shortest path only has 6 question-answer pairs
while the longest has 24.

4 Methodology

In this section, we introduce the theoretical basis of our experiments, which comprises naive
tree simplification, entropy-based tree reconstruction, and Horn Clause Abduction Problems.

4.1 Naive Tree Simplification

In this section, we describe a naive tree simplification method, which we will use to identify
and remove redundant subtrees. In our context, this translates to finding QA pairs which do
not change the outcome and can be removed from the questionnaire. The basic idea of the
algorithm is shown in Figure 3: On the left-hand side is the binary input tree, and on the
right-hand side the simplified output tree. In both trees, the same diagnoses (leaves) are
reachable. The output tree, however, has the same or a smaller amount of paths leading there.

We define the following recursive algorithm: For each binary, follow-up subtree, preceded by

Figure 3 Tree Simplification: Identification & Removal of Redundant Questions.

a main symptom node, we walk the paths from leaf upwards. At each QA-node, we compare
the two children and collapse them, i.e., replace the current QA-node with the child-nodes’
diagnoses, iff both child-nodes are leaves and carry the same diagnoses. We repeat this
collapsing procedure until there are no QA-nodes satisfying the criterion.

4.2 Entropy-Based Tree (Re-)Construction

Following our previous work, where we introduced an entropy-based algorithm and demon-
strated it within a chatbot-powered questionnaire [12, 22], we employ a similar strategy here.
The core idea of the algorithm follows information-gain-based decision tree induction [17]: at
each step, the algorithm selects the eligible question that produces the greatest reduction in
entropy over the possible answers. However, the previously introduced algorithm was built
with user interaction in mind and modelled as a constraint satisfaction problem. While the
core principle remains the same for this implementation, we apply the algorithm without
user interaction and to reorder an existing diagnostic tree. Figure 4 shows an exemplary
input tree on the left-hand side and a reconstructed output tree on the right-hand side.
The questions in the output tree are always ordered to maximise the information gain by
selecting the question to come next with the highest discriminative power given the previous
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Figure 4 Entropy-Based Tree (Re-)Construction / Question Reordering.

QA-nodes. We define a recursive algorithm: For each binary, follow-up subtree, preceded
by a main symptom node, per path we collect the set of diseases it ends in and the QA-pairs
(i.e., questions, which were answered in this path and the answer), which we write as a pair
(QA, A). Then we start recursively constructing a new tree from the subtree-root by calling
the function EntropyTree, which is introduced in Algorithm 1, and first called with the set
of paths of a binary follow-up subtree P and an empty set of used questions U. We start
by determining question eligibility in Line 2, where a question ¢ is considered if it is on
every path in P, i.e., every (QA,A) € P contains a pair (g,a), and is not part of the set
of questions, which have been used already U. Eligible questions are collected in F, where
we abort and return one terminal node Leaf(A) per distinct diagnosis in P, i.e., one per
A € Diagnoses(P) = {A | (QA,A) € P}, when E stays empty (i.e., when there are no
eligible questions) in Lines 3-4. Then, H is used to compute the information gain IG for all
eligible questions, which can be seen in Lines 5-6, where P4 = { (QA,A) € P | (q,a) € QA}
refers to all paths in P whose answer to ¢ is a, and where the sum runs over Answers(q, P),
the answers to ¢ observed in P. H in this context refers to the information entropy after
Shannon [20]. Specifically, we use it as H(P) = — > Acpiagnoses(p) P(A) loga p(A) , where
p(A) is the fraction of paths in P ending in diagnosis A. This information is used to select
the question with the highest information gain ¢*, in Line 7. We stop and return one leaf
per distinct diagnosis in P, if there is no information to be gained, i.e., even the highest
information gain is (close to) zero IG(¢*) < e ~ 0, in Lines 8-9. Finally, in Lines 10-13, we
reconstruct the tree by attaching the result of a recursive call of EntropyTree below a branch

*

node Branch(q*, a,S), which carries the question-answer-pair (¢*, a) and the recursively

constructed subtree S, for every answer a (i.e., branch) to question ¢* that is observed in P.

The recursive call per branch is invoked using the subset of paths Pg* to which the answer
to ¢* is the branching answer a, and with U updated by adding ¢*. Ultimately, the length
of the new, reconstructed paths is guided by the availability of eligible questions and their
information gain, while it is ensured that all diagnoses / diseases are preserved.

4.3 Horn Clause Abduction Problems

In this paper, and this Subsection in particular, the definitions are based on those of
Propositional Horn Clause Abduction Problems (PHCAP) by Friedrich et al. [4], which we
adapt for our application domain and modelling using the Answer Set Programming (ASP)
paradigm [6, 9].

» Definition 1. HCAP = (Var, Hyp, SD, Obs). Horn Clause Abduction Problem.
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Algorithm 1 Entropy-Based Tree Re-Construction.

Require: Paths P of one binary follow-up subtree; used questions U. Initial call per
subtree: ENTROPYTREE(P, )
Ensure: The reconstructed subtree below the current QA-pair (below the main symptom
node on the initial call)
1: function ENTROPYTREE(P, U)
// Eligible Questions: Answered by Every Path in P, Not Yet Used
2: E + {q|every (QA,A) € P contains a pair (¢g,a) } \U
3: if £ =0 then
return {Leaf(A) | A € Diagnoses(P) }
// Score Every Eligible Question by Information Gain
5: for all ¢ € E do

>

6 1G() & HP) = Cocanswersar) 1 H(E)
// Select the Most Informative Question; Stop If None Discriminates
7: q" + argmax .5 1G(q)
8: if IG(¢*) < € then
9: return { Leaf(A) | A € Diagnoses(P) }

// Construct Subtree by Recursing Once per Answer of ¢* Observed in P
10: nodes <+ ()
11: for all a € Answers(¢*, P) do
12: nodes < nodes U { Branch(¢*, a, ENTROPYTREE(PZ , U U {¢*})) }

13: return nodes

» Definition 2. Var. All possible questions (1...244), answers (1...25) and diseases (1...129)
on the paths of SCQ.

» Definition 3. Hyp C Var. The abducible hypotheses. In SCQ, Hyp = D.
» Definition 4. SD. The System Description encoded via Horn Clauses (ASP rules).

» Definition 5. Obs C Var. Observations, i.e., QA-pairs (ASP facts).

4.3.1 From Questionnaire Tree to Horn Clauses

In this section, we introduce Algorithm 2 to obtain a system description SD from a question-
naire tree T. In particular, we use this algorithm to derive ASP [6, 9] models to be used
with Clingo [5] as a solver. It has to be stated that this work does not aim at nor claim to
derive a perfect SD, but to use abductive reasoning as a mere vehicle to investigate SCQ.
Hence, the main goal of this algorithm is the straightforward, automatic extraction of an SD
given a tree in the format of SCQ. That said, Algorithm 2 produces rules (i.e., Horn Clauses)
of two types, which are based on the polarity of the QA pair and form subsets of SD: SDT
and SD~. Together with a predefined set of base rules SDpase (see Subsection 5.1.2), the two
subsets of polarity-based rule types are unified to form the full SD:

SD = SDpase USDT USD™

In order to have some control over the added rules, we introduce confidence thresholds 7+
and 7~ for the two polarity-specific subsets, respectively. In tandem with SDy,s as used
in our experiments, rules in SDT enable diagnoses to cover observations and those in SD~
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eliminate a diagnosis, if an observation is “Ja” for the same symptom. Looking now at
Algorithm 2, we see in Lines 1-6 the initialisation of the co-occurrence matrices CO.q;, for
categorical questions, i.e., questions 1-6 (see Table 1), and for all binary, follow-up questions,
i.e., COpin, CO;- | CO;

bin> vin 88 well as the total counter. Next, in Lines 7-18, the co-occurrence
matrices are filled by iterating over the questionnaire paths and increasing the corresponding
co-occurrence counter for every pair of diagnosis and question. Finally, the SD subsets are
aggregated in Lines 19-29 based on the confidence thresholds and at the end unified with

SDbase .

Algorithm 2 Extract System Description SD from Questionnaire Tree T

Require: Questionnaire Tree T; Base Rules SDpase; Confidence Thresholds 7+, 7~
Ensure: SD = SDy,. USDT USD™
1: function EXTRACTSYSTEMDESCRIPTION(T', SDpase, 77, 77)
// Init Co-Occurrence Matrices for Diagnoses and Questions

for all g € Questions,,;,(T") do
COuin[Allg] ¢ 0; COy,[Allg] ¢ 03 CO,[Allg] = 0

// Fill Co-Occurrence Matrices by Iterating over Questionnaire Paths

2: for all A € Diagnoses(T) do
3: total[A] + 0

4 for all s € Atoms,(T') do
5: COcat[A][s] + 0

6:

7

8: for all p € Paths(T) do

9: Secat < {(gq,a) | (g,a) € Region(p) U MainSymptom(p) }
10 for all A € Leaves(p) do

11: total[A] + total[A] + 1

12: for all s € S.,; do

13: COcat[A][s] + COcat[A][s] + 1

14: for all (g, polarity) € FollowUp(p) do
15: COupin[A][g] < COpin[A]lg] +1

16: if polarity is positive ("Ja") then
17: CO;,[A][g] ¢ COp,[A]lg] + 1
18: if polarity is negative ("Nein") then
19: Oy, [Allg] + COp[Alg) +1

// Construct Horn Clauses using Confidence Thresholds
20: for all A, s do

21: if COcat[A][s] / total|A] > 71 then

22: SD" « SDTU{s <+ A}

23: for all A, ¢ with COpi,[A][g] > 0 do

24: ¢t COy,[Allg] / COuin[A][g]; ¢ « COL,[Allg] / CObin[A][g]
25: if ¢t > 71 then

26: SD' «~ SDT U {sT(¢q) « A}

27: if ¢ > 77 then

28: SD™ «+SD™ U{s (q)+ A}

29: return SDy,. USDT USD™
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5 Experimental Evaluation

In this section, we describe our experimental setup, which is modelled around the information
gained during a doctor’s appointment, or rather a questionnaire session. Furthermore,
we introduce structural variations of SCQ and methods to produce diagnoses from the
questionnaire paths. Finally, we present the experimental results and discuss them.

5.1 Experimental Setup

The core idea of our experimental setup is to simulate an SC(Q session via traversals of the
SCQ tree and structural variants thereof as an abductive reasoning problem. We obtain
observations and system descriptions from SCQ and its variants. Then, we evaluate the
reasoning performance at evidence levels, which symbolise the acquisition of information
throughout the questionnaire session. This experimental setup is coupled with a statistical
analysis of the SCQ dataset with a focus on prominence of diagnoses, information gain (as
measured by entropy), and redundancy (as detected by tree simplification).

@ Dataset Aggregation 2 3

I-V SCQs (49,831 Paths)

Base Rules SDyase
LISTING 1

Naive Tree Simplification ]
FIGURES 3 & 7 System Descriptions
TABLE 2« LISTING 2
. Abductive
b :
4 F'I)GURE » I" R SD Extraction per Vanant TABLE 5 « FIGURE 9

ALGORITHM 2

| Entropy Reconstruction
FIGURE 4 « ALGORITHM 1
Structural Variants Obs Extraction per V.
TABLE 2 per Evidence Level

\, J

A

Figure 5 Experimental Setup & Overview of Figures, Tables, Algorithms, and Listings.

5.1.1 Structural Variants of SCQ

In our abductive reasoning experiments, the original SCQ tree serves as a reference. In
addition, we use two structural variants of SCQ, which are in-line with our research questions.
First, we apply naive tree simplification, as described in Subsection 4.1, to explore potential
redundancies. Here we aim to answer RQ1, as a tree with redundant question nodes would
demonstrate that these questions are not contributing to the final diagnosis. Second, we use
an entropy-based tree construction, as described in Subsection 4.2. The aim of this is to
answer RQ2, as a comparison between the original and the entropy-optimised tree should
have equal (or similar) results with regards to the information gained throughout the steps of
the abductive reasoning process. In summary, we use the following three structural variants
in our experiments: SCQ, SCQgs, and SCQg, which are listed and explained further in
Table 2. Furthermore, we use a balanced subsample of SCQ used for hyperparameter search
and to ground the comparison. We call this variation SCQ’ and balance it by limiting the
number of paths per set of diseases to 8 and randomly select paths when there are more than
8 for a diagnosis. This way, dominant diagnoses do not skew the dataset as much.
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Table 2 Statistics of Structural Variants of SCQ and Their Derived System Descriptions. Number
of Individual Diseases (129) and Number of Distinct Sets of Diagnoses (635) are Equal Among All
Variants. We use the following shorthands: Number of Paths (#P), Average (Avg).

Path Depth  Derived SD Rules

Structural Variant #P B

‘ Range Avg ‘ SD* SD b))
SCQ Original questionnaire tree. 95318 6/24 204 | 6322 3132 9454
SCQs  Simplified/pruned version of SCQ. | 49831 6/24 19.7 | 6083 3044 9127
SCQr Entropy-reconstruction of SCQ. 24 474 6/23 19.1 | 5955 3085 9040
SCQ’  Balanced subset of SCQ. \ 4165 \ 6/23 19.7 | 5552 2870 8422

5.1.2 System Description

SD is obtained using Algorithm 2, which we introduced in Subsection 4.3. In this subsection,
we list the input parameters used for our abductive reasoning experiment. Listing 1 shows
the base rules SDy,5c as used for our experiments. In this case, the base rules comprise a
rule introducing Hyp, a cardinality-based minimisation criterion, and the following integrity
constraints:

C1: Every positive observation must be explained by some hypothesised diagnosis.

C2: A positive observation (“Ja”) contradicts a negative.

C3: A negative observation (“Nein”) penalises a positive-predicting diagnosis.
Guided by the results of a hyperparameter search (see Subsection 5.1.4) to find a good
balance between answers in SCQ and rules in the corresponding SD, we assume the following
confidence thresholds for the polarity-based rules: 77 = 0 and 7= = 0.8. Using consistent
SDpase and confidence thresholds, we use SD(SCQ), SD(SCQg), and SD(SCQE) when

referring to a complete SD derived from SCQ, SCQg, and SCQpg, respectively. Listing 2
shows an excerpt of the polarity-based rules derived from SCQ, i.e., SDT™ USD™ € SD(SCQ).

Listing 1 Predefined Subset of Base Rules SDpqse of SD.

possible_diagnosis (1..129). /% Hyp: Abducible Diagnoses

{ diagnosis(D) } :- possible_diagnosis (D).

:- obs_ja(Q, A), not sym_ja(Q, A). 4 Integrity Constraint CI

:- obs_ja(Q, 7), sym_nein(Q). % Integrity Constraint C2

:~ obs_nein(Q), sym_ja(Q, 7). [1@2, Q] 7 Integrity Constraint C3

:~ diagnosis (D). [1@1, D] % Minimise Cardinality of Hyp

Listing 2 United Subsets SD* U SD™ of SD Extracted from SCQ Using Algorithm 2.

sym_ja(5, 5) :- diagnosis(1). 7 SD+ Rule 1: conf_ja=1.00 [Fusspilz]
sym_ja(6, 6) :- diagnosis(1l). 7 SD+ Rule 2: conf_ja=0.54 [Fusspilz]
sym_ja(7, 7) :- diagnosis(1l). % SD+ Rule 3: conf_ja=0.71 [Fusspilz]
.. % All SD+ Rules: 6322 (conf_ja >= 0)
sym_nein (17) :- diagnosis(1). 7 SD- Rule 1: conf_nein=0.98 [Fusspilz]
sym_nein (32) :- diagnosis(1l). / SD- Rule 2: conf_nein=1.00 [Fusspilz]
sym_nein (33) :- diagnosis(1l). % SD- Rule 3: conf_nein=1.00 [Fusspilz]
%4 All SD- Rules: 3132 (conf_mein >= 0.8)
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5.1.3 Observations & Evidence Levels

As pointed out above, SCQ structurally resembles a doctor’s appointment. At first, only
the patient’s information according to the intake form is known, which translates to the
persona in SCQ. Then, at the beginning of the examination, the general region is located,
which is followed by the description of the main symptom. Afterwards, further information
is acquired through follow-up questions by the doctor, which is concluded by giving a final
(hopefully accurate) diagnosis. We translated this into the 5 distinct evidence levels L0-1.4,
at which observations are added consecutively and abduction is evaluated. L0-L4 are tightly
bound to the structure of the questionnaire sessions, which is why we introduce additional
percentage-based evidence levels PO-P100 for reference. Both are further described in Table 3.

Table 3 Discrete evidence levels at which observations are drawn and abduction is evaluated.

Based on Doctor’s App. / Questionnaire Session Percentage-Based
L0 Persona information only. PO No information.
L1 Persona and region. P25 25% of information.
L2 Persona, region and main symptom. P50 50% of information.

L3 Persona, region, main symptom and 50% of follow-up. | P75 75% of information.
L4  All the information. P100 All the information.

5.1.4 Hyperparameter Search

We performed a hyperparameter search to find values for the confidence thresholds 7+ and
7~ controlling the polarity based SD* and SD~. The whole setup is shown in Table 4.
Each cell in the table corresponds to one combination of 7+ and 7—, where 7" controls
positive rules, and 77 negative ones. For every combination, we generated an SD from the
balanced SCQ’ and computed the Fl-score at evidence level P100. Notably, we included
thresholds excluding all negative rules (7~ = 00), as well as keeping all (7~ = 0). Conversely,
for positive rules we did not include a setting excluding all of them, as this would yield a
degenerate SD. Overall, keeping all positive rules (77 = 0) and a 7~ of 0.8 performed best.

Table 4 Hyperparameter Search for Confidence Thresholds 7~ (Columns) and 77 (Rows): Grid
search using SCQ’ and maximising F; at evidence level P100. Best value in bold.

+ T
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.95 0.99 00

0 0.002 0.008 0.012 0.018 0.031 0.060 0.134 0.220 0.294 0.246 0.190 0.145 0.052
0.05 | 0.000 0.006 0.010 0.018 0.031 0.060 0.129 0.212 0.274 0.245 0.215 0.195 0.120
0.1 | 0.000 0.006 0.010 0.018 0.032 0.060 0.133 0.219 0.293 0.274 0.257 0.235 0.139
0.2 | 0.000 0.005 0.007 0.014 0.024 0.046 0.095 0.160 0.213 0.220 0.216 0.202 0.127
0.3 | 0.000 0.004 0.007 0.013 0.020 0.036 0.080 0.133 0.158 0.181 0.185 0.186 0.127
0.5 | 0.001 0.005 0.006 0.012 0.019 0.034 0.051 0.065 0.082 0.095 0.099 0.102 0.140

5.1.5 Evaluation

Following a structural analysis of SCQ, we will evaluate the questionnaire sessions as an
abductive reasoning process using the standard metrics Precision (P), Recall (R), and F1.
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5.2 Results & Discussion

In this section, we show our experimental results and provide our interpretation. We provide
a replication package including SCQ), its structural variants, as well as the corresponding
SDs and code to simultaneously draw Obs from the SCQ variants and execute Clingo using
our settings. We use Clingo 5.8.0 in brave mode.

5.2.1 Disease Prominence & Prior Baseline

We start discussing our results by highlighting the statistical imbalance found in the SCQ
dataset. In particular, we find that there are some diseases more prominent than others to a
high degree. Figure 6 shows this by comparing the most prominent with the least prominent

£ 30000 1 30 ~
£ FuBpilz (29,116 / 30.55%) X
® 25000 =
] F25 un
g =
& 20000 A Lo &
(] —
@ 15000 - L 15 2
3 Mundsoor (3 / 0.00%) 150
A 10000 - L10G
& o g
% 5000 - Schwarzer Hautkrebs (3 / 0.00%) 5 S
o %]
* 0 ; ; ; 0
0 20 40 60 80 100 120

Disease Rank

Figure 6 Disease Prominence in SCQ from Most Prominent (i.e., Rank 1 = Fuflpilz/Athlete’s
Foot) to Least Prominent (i.e., Rank 129 = Schwarzer Hautkrebs/Melanoma & Mundsoor/Oral
Thrush).

disease based on the number of paths they appear in. For instance, the most prominent
disease “Athlete’s foot” appears in 29116/95318 paths, which is over 30% of SCQ. As a stark
contrast, the least prominent diseases, “Melanoma” and “Oral thrush”, each appear in only
3/95318 paths. Overall one can easily spot the sharp peak of a few, very prominent diseases,
followed by the “long tail” of the many diseases appearing in few paths in Figure 6. This, of
course, leads to a skewed prior if we consider it as the relative frequency of any individual

disease. The other approach for selecting a prior is using \%I for each disease. We include

both the skewed prior and ﬁ as baselines in the experiments below, where we refer to them

as Bl and B2, respectively.

5.2.2 Redundancy & Information Gain

Now, we want to shift our attention to the main research questions by graphically demonstrat-
ing 1) the redundancy present in the original SCQ and 2) the differences in information gain
per question between the structural variants of SCQ. The former is visualised in Figure 7
and the latter, in Figure 8. Starting with 1), we can observe in Figure 7 that the probability
for a question being redundant in SCQ rises (blue line) after question 8, which is only two
questions into the binary follow-up questions. The red line, showing the pruned subtrees,
also rises, but more slowly, because it counts the subtrees, not the individual questions. This
shows that SCQ is not free of redundancy to begin with and that there exist indeed entire
redundant subtrees (as the probability of individual questions being redundant rises faster
than the count of pruned subtrees). Turning to 2), we can read from Figure 8 that there is
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Figure 7 Probability of Redundancy by Question as Encountered in SCQ (Left Y-Axis; Blue).
Number of Pruned subtrees during Simplification of SCQ to Generate SCQg (Right Y-Axis; Red).
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Figure 8 Average Information Gain by Question per SCQ Variant.

no information gain at the beginning of the questionnaire. This is not surprising, as we are
looking at a subtree with fixed persona, which translates to the first three questions having
no discriminative power at all within SCQ. Compare to Table 1, where the first 6 (among
others) questions are listed. Question 4, which asks the user for the main body region the
symptom occurs in, shows a first local maximum. This is explainable, as we did not fix
the main region when acquiring SCQ. Question 5, on the other hand, was fixed to the two
skin-related sub-regions, which shows as a drop in information gain in the plot. After this
question, we encounter the global maximum at question 6, which asks for the main symptom.
After this point, the binary questions related to other symptoms follow. Here, we can observe
two main differences across the structural variants of SCQ: On the one hand, we see that
SCQs gets ahead of the original SCQ after question 16, which is a sign of pruning redundant
subtrees actually contributing to information gain. On the other hand, we find that SCQg
is continuously ahead of the other two (except for the last one, where SCQg overtakes it).
This, of course, comes as no surprise given the construction of SCQg. It must be noted,
however, that neither of these differences is major.

5.2.3 Abductive Reasoning

Having analysed the statistics and gained insight into each of the structural variants of SCQ,
we can finally discuss the derived SD and Obs, which serve as simulated questionnaire sessions.
The main questions to ask are: 1) Do the derived SDs differ? And: 2) How do they cope with
Obs drawn from any of the structural variants? To answer 1), we read from Table 2 that
the three SDs are similarly sized, even though their origins are vastly different as measured
by their number of paths. For instance, SCQ has 95318 paths and the corresponding SD,
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Table 5 Precision (P), Recall (R), and F1 per System Description (SD), Observation (Obs), and
Evidence Level (L0-L4 & P0-P100). Baselines are constant across levels and shown next to each SD
header where: B1 = Skewed Prior, B2 =1/ | D |.

Obs | Lo L1 L2 L3 L4| PO P25 P50 P75 P100
SD(SCQ) - Bl (P/R/F1) = 0.224/0.221/0.222 - B2 (P/R/F1) = 0.024/0.023,/0.023

SCQ 0.000 0.031 0.103 0.385 0.493 | 0.000 0.105 0.317 0.497 0.493
SCQ’ 0.000 0.034 0.108 0.135 0.313 | 0.000 0.095 0.117 0.176  0.313
SCQs | 0.000 0.032 0.106 0.316 0.427 | 0.000 0.103 0.254 0.405 0.427
SCQg | 0.000 0.029 0.092 0229 0.395 | 0.000 0.082 0.181 0.291  0.395

SCQ 0.000 1.000 1.000 0.636 0.519 | 0.000 0.770 0.643 0.700 0.519
SCQ’ 0.000  1.000 1.000 0.297 0.267 | 0.000 0.731  0.344 0.299  0.267
SCQs | 0.000 1.000 1.000 0.614 0.455 | 0.000 0.812 0.627 0.650 0.455
SCQg | 0.000 1.000 1.000 0.454 0.407 | 0.000 0.745 0.473 0.478  0.407

SCQ 0.000 0.0568 0.184 0.455 0.475 | 0.000 0.178 0.396 0.561 0.475
SCQ’ 0.000 0.065 0.190 0.171  0.265 | 0.000 0.160  0.159 0.204 0.265
SCQs | 0.000 0.060 0.189 0.396 0.408 | 0.000 0.176 0.341  0.479  0.408
SCQg | 0.000 0.055 0.167 0.287 0.370 | 0.000 0.144 0.242 0.343  0.370

SD(SCQs) - Bl (P/R/F1) = 0.224/0.221/0.222 - B2 (P/R/F1) = 0.024/0.023/0.023

SCQ 0.000 0.031 0.103 0.362 0.586 | 0.000 0.103 0.296 0.472 0.586
SCQ’ 0.000 0.034 0.108 0.131  0.349 | 0.000 0.095 0.114 0.175  0.349
SCQs | 0.000 0.032 0.106 0.306 0.544 | 0.000 0.103 0.245 0.394 0.544
SCQg | 0.000 0.029 0.092 0214 0.468 | 0.000 0.082 0.169 0.287  0.468

SCQ 0.000 1.000 1.000 0.625 0.534 | 0.000 0.763 0.630 0.682 0.534
SCQ’ 0.000  1.000 1.000 0.285 0.274 | 0.000 0.730 0.337 0.281  0.274
SCQs | 0.000 1.000 1.000 0.609 0.507 | 0.000 0.810 0.620 0.653  0.507
SCQg | 0.000 1.000 1.000 0.443 0.441 | 0.000 0.743 0.463 0.480 0.441

SCQ 0.000 0.058 0.184 0.437 0.514 | 0.000 0.176 0.379 0.536 0.514
SCQ’ 0.000 0.065 0.190 0.164 0.285 | 0.000 0.160 0.154 0.196  0.285
SCQs | 0.000 0.060 0.189 0.387 0.478 | 0.000 0.176 0.332 0.472 0478
SCQg | 0.000 0.055 0.167 0.273 0.416 | 0.000 0.144 0.230 0.341  0.416

SD(SCQg) - Bl (P/R/F1) = 0.224/0.221/0.222 - B2 (P/R/F1) = 0.024,/0.023/0.023

SCQ 0.000 0.031 0.103 0.398 0.614 | 0.000 0.106 0.314 0.519 0.614
SCQ’ 0.000 0.034 0.108 0.141 0.365 | 0.000 0.095 0.121  0.193  0.365
SCQs | 0.000 0.032 0.106 0.325 0.569 | 0.000 0.103 0.250 0.427  0.569
SCQg | 0.000 0.029 0.092 0.241 0.506 | 0.000 0.083 0.189 0.323  0.506

SCQ 0.000 1.000 1.000 0.612 0.511 | 0.000 0.771 0.577 0.680 0.511
SCQ’ 0.000  1.000 1.000 0.282 0.269 | 0.000 0.729  0.333  0.287  0.269
SCQs | 0.000 1.000 1.000 0.581 0.490 | 0.000 0.812 0.564 0.651  0.490
SCQg | 0.000 1.000 1.000 0476 0.448 | 0.000 0.748 0.495 0.514 0.448

SCQ 0.000 0.058 0.184 0.455 0.509 | 0.000 0.180 0.379 0.559 0.509
SCQ’ 0.000 0.065 0.190 0.168 0.286 | 0.000 0.161 0.159 0.206  0.286
SCQs | 0.000 0.060 0.189 0.394 0.478 | 0.000 0.177 0.323 0.490 0.478
SCQg | 0.000 0.055 0.167 0.301 0.434 | 0.000 0.146 0.253 0.375 0.434

F1

F1

F1

SD(SCQ), comprises 9454 rules in its polarity-based subset (we will always refer to this
subset from now on). SCQg has 49831 paths, which corresponds to roughly 52% as compared
to SCQ. SD(SCQs) has 9127 rules, which is about 97% of SD(SCQ). Correspondingly, SCQg
has 24474 paths (26%) and SD(SCQpg) comprises 9040 rules (96%). This tells us that way
less paths were necessary to extract SDs (i.e., ASP encodings) of similar size in the case
of the structural variants. Of course, as Algorithm 2 was used for this extraction, this is

tied to the selected confidence thresholds (which remained unchanged across all three SDs).

Nevertheless, we interpret this as a sign of much bloat in the original SCQ. This, however, is
just one part of the story, as we also have to look at the evaluated, simulated questionnaire
sessions, which answer question 2):
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Table 5 shows the results, where each SD, namely SD(SCQ), SD(SCQg), and SD(SCQg),
is evaluated on observations Obs drawn from each structural variant of SCQ, as well as a
balanced version of SCQ, which we name SCQ’. Overall, there are four sets of observations:
Obs(SCQ), Obs(SCQ’), Obs(SCQs), and Obs(SCQE). These are revealed throughout the
evidence levels. These results are visualised in Figure 9. We can look at the plot in multiple
ways: A) comparing the scores, B) comparing the SDs, and C) comparing the Obs.

Starting with A), we can observe that Precision and F1 score generally increase throughout
the evidence levels, which is expected. The increase is not monotonous in every case, however,
and there are cases where both scores peak before the final evidence is presented. To be
more precise, we see such an “early peak” in P75 of SD(SCQ) for the observations drawn
from the original SCQ, Obs(SCQ), depicted in light blue. This peak of F1 = 0.561 is also the
highest F1 score amongst all. Although not as prominent, the same “early peak” can be seen
in P75 of SD(SCQg) and SD(SCQg). Another observation with respect to the Precision
is the “long plateau”, from LO-L2, which is also expected as the discriminating evidence is
not there yet. This fits well into the picture drawn in Figure 8, where information gain is
low in questions 1-5 (except 4, defining the main region). Regarding Recall, it can be easily
seen that it goes up immediately after LO and peaks at L1 / P25. This can be explained by
the fact that the search space with regards to possible diagnoses is wide open and not yet
narrowed down in any meaningful way.

Switching now to B) the comparison of SDs, we see similar curves across all three SDs and
scores but with minor differences in spreads across Obs. In fact, Fl-differences of SD(SCQ)
and SD(SCQg) are smaller or equal to 0.07 across evidence levels and Obs. This is another
strong indicator of the SDs being very similar, although their basis is very different in the
amount of paths.

Finally, we arrived at C) comparing the observations. The aforementioned spread across
varies depending on the SD. The largest spread can be seen in SD(SCQg)-Recall (0.205
on average across all evidence levels) and the least in SD(SCQ)-Precision (0.147). Overall,
for the average spread, it can be observed that Recall > F1 > Precision (as averaged over
all non-trivial evidence levels, i.e., without L0 and P0). This tells us that the Obs differ
most in the simplified SD. We want to conclude this section by pointing out two additional
observations: 1) Although the skewed prior baseline is strong, all SDs beat it at full evidence,
across all Obs, and 2) the balanced set of observations Obs(SCQ’) consistently performs worse
than the regular Obs(SCQ), which further highlights the skewed distribution of diagnoses in
the original SCQ.

5.2.4 Threats to Validity & Use of Generative Al

One of the base threats to validity of this study is the fact that we web-scrape the dataset
we refer to as SCQ. While we check our data by hand, scraping might introduce artifacts.
Furthermore, we only acquired a subtree of the full SymptomChecker questionnaire, and
all assumptions are being made based on this. We are aware that our SCQ dataset is
imbalanced, which we documented. Some diseases appear disproportionately more than
others, causing a skewed prior if we consider it as the relative frequency of any individual
disease. The other approach is using the prior as ﬁ for each disease. Neither of these
numbers is representative of actual, real-world frequencies of any disease following from
skin as the main affected region, and the resulting methods will be biased. Some other
datasets, such as DDXPlus [23], do take this into account, while we do not. Our data is
based solely on the subtree extracted from SymptomChecker, as the goal of this study is
to investigate what is there before acting on it. Although we cannot make an informed
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Figure 9 Abductive Reasoning Results: Comparing three system descriptions, each derived from
a structural variant of SCQ using Algorithm 2. Corresponds to Table 5.
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assessment by just looking at a subtree, we assume that the full SymptomChecker tree is
also imbalanced. While we use the balanced subsample SCQ’ of SCQ during hyperparameter
search, we do not exclude the SCQ’ samples from SCQ and the other structural variants
when producing SDs and drawing Obs. Nor yet do we use separate sets of paths for SD and
Obs in general. This decision was made as the subject of our investigation, SymptomChecker,
does not operate on learned knowledge but rather complete traversals on predefined paths
and because there are vanishingly few samples for some of the diagnoses. Another threat
is our entropy-based optimisation strategy re-orders questions and might lead to unwanted
side effects in their semantics, which is partially circumvented by only re-ordering the binary
follow-up questions after persona, region, and main symptom have been covered in the
original order. Similarly, simplifying the tree might remove wanted redundancies. However,
here we must make a clear distinction between meticulously planned medical questionnaires
as found in scientific studies, where redundancy is often a wanted feature, and the case
of SymptomChecker, which is a web application for information retrieval and most likely
retrieves questions and their order programmatically, based on rules and a database. Neither
the simplified nor entropy-optimised variants should be understood as better replacements
to the original questionnaire but rather give a contrasting view on matters which might not
have been considered when originally arranging the questions. Lastly, it must be emphasised
that neither the scraped SCQ dataset nor its structural variants are validated by medical
experts.

Parts of this work were done with the help of AI. Namely, we used Grammarly for
spellchecking, grammar correction and partial rephrasing as well as Claude Code (Opus 4.7
& 4.8) also for parts of the implementation, including the visualisations and realising the
algorithms and for preparing the replication package. We thoroughly checked all the generated
code.

6 Conclusion

In this work, we analyse NetDoktor’s SymptomChecker [19] questionnaire through the lens of
abductive reasoning and answer questions about redundancy and optimality of question order.
For this, we acquired a dataset called SCQ through the methodology described in Section 3.1,
which links symptoms to diagnoses. SCQ represents a subset of the full SymptomChecker
questionnaire and comprises over 90000 individual sessions with SymptomChecker. As we
can represent SCQ as a decision tree, we refer to the sessions as paths and are able to apply
algorithms on the basis of tree transformation. Thus, we produced structural variants of
the SCQ tree, which we used in a comparative experimental evaluation. Our experiments
revealed structural deficiencies within SCQ, ranging from a disproportionate representation of
some diagnoses to redundant subtrees comprising questions without any contribution to the
final diagnosis. Furthermore, we could demonstrate by comparison that the information gain
throughout the question paths is sub-optimal and showed how to optimise the questionnaire
using pruning and entropy-based reconstruction. What is more, our abductive reasoning
experiments indicate, by very close Fl-scores across SDs extracted from SCQ, SCQg, and
SCQg (the gap being 0.070 at most / 0.019 on average), that the optimised variants of SCQ
carry most of the original’s meaning (97% / 96%, as compared by the size of a derived formal
system description), while being much smaller (52% / 26%, as compared by the number of
paths). Ultimately, we can answer our research questions:

RQ1: Do all questions in SymptomChecker contribute to the outcome (i.e., the diagnoses)
or is there redundancy?
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Yes, there is redundancy. There are whole subtrees of QA pairs that are not contributing
to the diagnoses. This means answering yes or no leads to the same outcome.

Q2: Is SymptomChecker’s question order optimal with respect to the information

gained at each step?

No, the comparison between various question orders revealed that there are better ways to
order questions and thus it is not optimal with regard to information gain for the observed
subtree. However, this must be taken with a grain of salt considering the unknown size
(amongst other properties) of the whole questionnaire tree.

Despite the mentioned caveats, NetDoktor’s data has potential for being used as a reference
for other systems as it originates from an expert-curated database and is evaluated through
medical professionals. In the future, we want to use our methodologies for testing large
language models on the task of medical diagnosis, as demonstrated in our previous work [15,
14]. Moreover, we would like to compare the data derived from NetDoktor with other datasets

such as DDXPlus [23], which also incorporates real-world disease distributions and census

information.
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—— Abstract

Anomaly detection methods often have uncertain behavior with respect to samples near the dis-
tribution boundary, limiting their ability to anticipate future anomalies. This work introduces the

concept of near-anomalies that, while not yet anomalous, lie close to the boundary and are likely to
transition into anomalies in the near future. To address this, we propose an unsupervised method,
named Christoffel-based ANomaly Anticipation for eaRly dIscovery (CANARI), which leverages the
strong theoretical foundations of the Christoffel function to detect near-anomalies. The method is
validated on industrial in-circuit testing data from printed circuit boards, with synthetically generated
near-anomaly samples due to the lack of real-world data labeling. Experimental results show that
CANARI outperforms the compared baselines that generally use a dual-threshold mechanism (one
for anomalies and one for near-anomalies). It therefore provides a proactive solution for anticipating
anomalies before they occur, offering a promising approach for resilience, predictive maintenance,
and quality control.

2012 ACM Subject Classification Computing methodologies — Anomaly detection
Keywords and phrases Unsupervised anomaly detection, Christoffel function, Near-anomalies
Digital Object Identifier 10.4230/0ASIcs.DX.2026.4

Funding Our work has benefited from the AI Interdisciplinary Institute ANITI. ANITT is funded by
the France 2030 program under the Grant agreements n°’ANR-19-P3IA-0004 and n°ANR-23-IACL-
0002.

Acknowledgements The authors would like to thank Christophe Merle, Head of the Manufacturing
Intelligent 5 team at Schaeffler and ANITI Industrial Coordinator, for sharing his expertise in

robotized production lines.

1 Introduction

Outliers, or anomalies, are typically defined as samples that are rare or out-of-distribution
compared to inliers [11]. However, in many real-world applications, potentially problematic
samples may not yet qualify as true anomalies at the time of observation. Instead, they may
lie near the boundary of the normal distribution, remaining technically within its limits. We
refer to such samples as near-anomalies. While not classical outliers, they are of critical
interest because their detection enables the early anticipation of future anomalies, thereby
enhancing system resilience. In this work, we focus on identifying these near-anomaly samples
— those that, though still part of the distribution, are precariously close to its edge. The

method is applied to data from industrial manufacturing plant product test stations.
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Near-anomaly detection has been explored in image anomaly detection, where only a few
pixels deviate from the normal distribution [13]. The generation of near-anomaly images has
also been proposed for method evaluation [9], notably using diffusion-based models. However,
near-anomaly detection for high-dimensional tabular data remains relatively unexplored,
despite its strong potential for predicting later problems.

Tabular anomaly detection methods typically score samples within a distribution and
apply a threshold to classify them as inliers or outliers [12]. They are usually trained
in a semi-supervised manner, using only inlier data. In principle, these methods can be
adapted to detect near-anomalies by introducing a second threshold closer to the anomaly
boundary. This near-anomaly threshold may be set in a supervised manner, for example,
using the dataset’s known contamination rate or defining it as a percentage of the primary
anomaly threshold. However, in an unsupervised setting, such a hyperparameter cannot be
automatically determined for all datasets.

In this paper, we propose a method, named Christoffel-based ANomaly Anticipation for
eaRly dIscovery (CANARI), based on the Christoffel Function (CF), where a second threshold
to detect near-anomaly samples is derived by leveraging the theoretical properties of the CF.
While we use the CF-based method CLOE (CLOE) [2] for its scalability with respect to the
feature space dimension, any other CF-based method, like DyCF [4], could equally apply even
if it is more limited with respect to the dimension. CLOE relies on an autoencoder trained
with a CF regularized loss to construct a well-structured, low-dimensional representation
of the data, which can then be advantageously used for anomaly detection. We extend
the CLOE framework to identify samples that, while not yet outliers, lie close enough to
the decision boundary to be classified as near-anomalies — potential precursors to future
anomalies.

Experiments are conducted on printed circuit boards (PCBs) using in-circuit testing
(ICT) tabular data acquired on industrial manufacturing plant product test stations. In
manufacturing plants, products undergo extensive testing during production to ensure
quality, with results typically recorded as high-dimensional tabular data. Quality engineers
define knowledge-based thresholds for each test, and products whose values remain near
these thresholds may still pass inspection and proceed through the manufacturing process.
Nevertheless, these borderline products can later exhibit issues in subsequent production
steps or, more seriously, after delivery to the customer. Because thresholds are defined before
all production features and distribution characteristics are fully known, such products are
not necessarily labeled as anomalies at the time of testing. A possible approach would be to
lower the test station thresholds in order to classify more products as anomalies. However,
the appropriate reduction for each threshold is unknown and cannot be reliably determined
in advance. Moreover, dependencies may exist between different testing station thresholds,
which makes manual adjustment even more difficult. As a result, a more flexible method is
needed to identify products that are not yet anomalous but are sufficiently close to abnormal
conditions to warrant attention. Detecting them as near-anomalies would therefore provide
an opportunity to raise early warnings of potential future quality problems.

The paper is organized as follows: background about the CF is presented in Section 2.
Then the method CANARI is described in Section 3 introducing the concept of near-anomaly
and its detection. In Section 4, the set of conducted experiments and the associated results
are presented with a description of the industrial use case. Finally, the conclusion and future
work are given in Section 5.
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2 Background - The Christoffel function for anomaly detection
This section defines the CF and establishes the background for our method [6], [7].

2.1 The Christoffel Function

Let p be a finite Borel measure ' supported on Q C R, a compact set with a non-empty

interior. Let x = (z1,22, - ,74) € R? and let a = (a;)i=1..q € N? be the vector of
degrees associated to each variable for the monomial x* := z{'z52...25? of total degree

deg(a) = Zle a;. Let N¢ = {N%; deg(a) < n} and v, (x) := (X*)aene be the vector of all
monomials of degree less or equal to n graded in the lexicographic order?. The size of the
vector v, (x) is equal to s4(n) = (dj;").

Let M, (1) be the moment matrix of p. This matrix encodes information that quantifies
the location, the shape, and the scale of Q. M, (u) is a real symmetric, positive definite, and

non-singular matrix for all n, and is given by

M) = [ 0w () 1)

Let us introduce the Christoffel-Darboux kernel K} associated with p. Given any

orthonormal basis (pl)fi(l") of R, [x], orthonormal with respect to the inner product induced

by M,,(n), K* is defined as:

sa(n)
(x,y) = Kl(x,y) == Z pi(x)pi(y). (2)

This kernel can also be expressed in terms of the moment matrix:
K5 (x,y) = Va(x) My (1) " v (y)- 3)

» Definition 1 (The Christoffel Function). The Christoffel Function (CF) of degree n € N
associated with the measure p, denoted by A*, is given for any x € R? as:

mn’

AL(x) = Kl (x,x) 7", (4)
which can be shown to be the solution of this minimization problem:
Ab(x) = min {/ P(z)? du(z), P(x)= 1} , VxeR?. (5)
PERH[X] Q

The intuition behind the Christoffel function can be understood from the minimization
problem (5). The solution polynomial P of (5) is constrained to satisfy P(x) =1 at a given
point x while minimizing the L? norm [, P? du over the support Q. If x ¢ Q (outside the
support), P can be nearly zero on  while still satisfying P(x) = 1, resulting in a small
minimal value. Conversely, if x € Q (inside the support), the constraint P(x) = 1 forces P
to have significant magnitude on 2, preventing it from being close to zero and thus yielding
a large minimal value.

One of the main and salient features of the CF is its ability to encode the support Q. The
geometric shape of ) can indeed be captured by a specific level set Q. := {x: A#(x)"! <},
defined for some v € R, even for low degrees n [4].

L A Borel measure is a way to assign a “size” (like length, area, or probability) to subsets of a topological
space (here ), where the subsets we can measure are all those that can be built from open sets using
countable unions and complements. On the real line, the usual length is a Borel measure which tells
how long any interval is, and by extension, how long more complex sets (like unions of intervals) are.
Lexicographic order means that monomials are first sorted by degree; then, within each degree, they are
ordered lexicographically by the variables, with X; = a, X2 = b, etc.

4:3
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2.2 The empirical Christoffel Function

In practical applications, the theoretical measure p is unknown. Instead, one has access to a

cloud of data points X = {x;,7 =1,..., N} sampled from p and associated with a discrete

measure jy = 77 > cx 0x supported on X (where dx stands for the Dirac measure at x).
The empirical version of the moment matrix writes as

Mo (ix) = 1 3 valova(x)". (6)
xeXe

To guarantee the invertibility of the matrix M, (un), the size of X must be greater than
sq(n) according to [7] (Corollary 6.3.5). Under the condition |X| = N > s4(n), the inverse of
the empirical CF (eCF) is defined as:

APN (%) 71 = v (%) TML, () TP va(x), x € X (7)

It has been proven that the eCF converges to the CF as N tends to infinity [7] (Theorem
6.2.3). This convergence ensures that the properties of the CF also hold (under some
conditions) for the eCF.

Consequently, one can expect the inverse eCF A#N (x)~! to capture the support X thanks
to a specific level set. Defining inliers as data points in the support and outliers or anomalies
as data points out of the support, A“~(x)~! hence comes as a good scoring function for
outlier detection.

3 Near-anomaly detection

The goal of this work is to automatically detect potentially problematic samples that, while
not yet true anomalies, may lie near the boundary of the normal distribution although
remaining technically within its limits. To achieve this, we propose to use the dichotomy
property of the growth of the CF with the degree n presented in the following section.

3.1 The Christoffel function theoretical growth

In addition to being able to capture the support of a discrete measure defined by a cloud of
data points, the CF has been proven to have drastically different theoretical growths with
the degree n for data points in the support of the measure, considered as inliers, and for data
points out of the support of the measure, considered as outliers.

Two theorems from [7] characterize the growth of the CF as the degree n increases.
The growth with n for data points in the support (inliers) is shown to be polynomial in
Theorem 2 whereas it is shown to be exponential for data points out of the support (outliers)
in Theorem 3. Both cases are illustrated in Figure 1 (for an outlier sample with the red
graph and for an inlier sample with the green graph).

» Theorem 2 (Lemma 4.3.2, p.51 [7]). Let u be a positive Borel measure supported on the
compact set Q, the closure of a bounded domain U with a nice boundary. Assume uly has a
density with respect to the Lebesgue measure A restricted to U, bounded from below by ¢ > 0.
Let x € Q and § > 0 such that dist(x,0U) > 6. Then, for any n € N;n > 0, and considering
the equality (4), we have:

20(Q)
cddwq

AL (%)™ < sa(n)

(1+ad)® (8)

where wy depends only on d and not on n.



L. Billet, L. Travé-Massuyes, E. Chanthery, and A. Gaffet

10000
— Inlier

—— Outlier

8000 1

o
=]
]
S

Christoffel score

4000

2000 1

1 2 3 4 5
n

Figure 1 The figure represents the growth of an outlier in the red graph and of an inlier in the
green graph as n grows from 1 to 5. The red graph increases much faster than the green graph,
showing the dichotomy property stated by Theorems 2 and 3.

In equation 8 of Theorem 2, for fixed d, s4(n) is a polynomial in n of degree d:

n+d n+d(n+d—1)---(n+1 n
O (S BRI ELRRUES) I

= —- + (lower-order terms in n).
n

So, as n — 00, it behaves like:

(n:d)NZ;‘ ()

Theorem 2 hence shows that A#(x)~! has polynomial growth with n inside the support.

» Theorem 3 (Lemma 4.3.1, p.50 [7]). Let u be a positive Borel measure supported on
the compact set @ C R, Let x ¢ Q and 6 > 0 such that dist(x,Q) > 6. Then, for any
n € N,n > 0, and considering the equality (4), we have:

H -1 on d 2
AL > 9 diam@) Op ¢ (d) exp (_d> (10)
sa(n) e n

Theorem 3 clearly shows that A% (x)~! has exponential growth with n outside the support.
This theoretical growth with respect to the parameter n has already been leveraged by

DyCG [4], which proposes a parameter-free outlier detection approach for data streams.

DyCG evaluates the difference between two eCFs computed for distinct values of the parameter
n, normalized by the difference between the corresponding values of n. For a fixed z € X,
this score computes the slope of the function depending on n.

3.2 The Christoffel function growth ratio

To leverage the dichotomy property stated by Theorems 2 and 3, and given that A¥(x)™! is
strictly positive, we propose to define the following CF growth ratio, based on two different
values of n, namely ny and ng, n1 < ny to compare eCF scores.

4:5
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Figure 2 The figure illustrates the eCF obtained for n; = 1 alongside that obtained for ny = 4.
Inliers are in green and outliers are in red. Outlier and inlier scores are clearly distinguishable.

‘ O 2K x x X x |

o 200 400 600 800 1000
Score of the ratio of the Christoffel functions for n_2=4 and n_1=1

Figure 3 The figure presents the values of the ratio between the two eCFs computed for nq = 1
and ng = 4. Inliers are represented in green, while the outliers are represented in red. A clear
separation is observed, outliers are associated with much higher scores than inliers.

» Definition 4 (CF growth ratio). Given x € X, the CF growth ratio is defined for ny,nq €
N* ny < ng as follows:

AL, ()7

A (o) (1)

A ratio was preferred to a normalized difference, such as the one used in DyCF, for two
main reasons:

1. The ratio eliminates the effect of the absolute scale of the scores and avoids normalization,
enabling a direct comparison of the degree’s impact on the metric without bias related to
the magnitude of the raw values,

2. The CF growth ratio comes with two interesting asymptotic properties.

The relative magnitude of the eCFs obtained for two different values of n can be captured

through their ratio. Figure 2 illustrates the eCF score for ny = 1 along the horizontal axis

and the eCF score for no = 4 along the vertical axis. This figure highlights high values for
outliers, denoted by red crosses, while inliers, denoted by green crosses, have lower values.

The growth ratio characterizes the relative change of the CF as n increases, whereas DyCG [4]

characterizes the absolute change. Figure 3 displays the ratio between two eCFs for n; =1

and no = 2 for inliers, in green, and outliers, in red. Consistently to the dichotomy property
and Figure 2, outlier samples have the highest score.

» Corollary 5. Given x € X, and ni,ny € N* ny < ny, the CF growth ratio of x behaves
like:

Ag@)lw<m>ﬁ 12

AL, (x)~1 ny

where p € N* is a constant.
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Proof. Given x € X and n € N*, from Theorem 2, there exist Cy; € R*™ and p € N* such
that, A#(x)~! behaves like:

A (x)™F ~ CynP (13)

Taking n1,n2 € N*,ny < ng, we have A% (x)~ ~ Cy(n1)? and A¥_(x)~! ~ Cq(nz)P, which
proves Corollary 5. <

» Remark 6. Given x € X, and nq,ne € N*, n; — oo and ny — oo, the CF growth ratio of x
behaves asymptotically like:

Al (07t (n)d (14)

AL, (x)~1 ny

» Corollary 7. Given x ¢ X, and ni,ny € N* ny < na, the CF growth ratio of x behaves
like:

AL ()7

(n2—n1)b
—_— e s 15
AL (%)~ T (15)

where b € R*T is a constant.

Proof. Given x ¢ X and n € N*, from Theorem 3, there exist a,b € R™* such that A#(x)™!
behaves like:

AP (x)7 ~ aem (16)

Taking n1,ny € N*,ny < na, we have A% (x)™! ~ ae™? and A% (x)~! ~ ae"2’, which proves
Corollary 7. <

3.3 Near-anomaly definition

Given that the eCF inherits the properties of the CF, this section leverages the growth
properties of the CF given by Theorems 2 and 3 and the two Corollaries 5 and 7 to define
near-anomalies in a practical setting.

» Definition 8 (eCF growth ratio). Given x € X, the eCF growth ratio G,,, /,,, ( is defined for
ni,ng € N* ny < ngy as follows:

ABN (x -1
G = St (17

The following definition defines near-anomalies thanks to the eCF growth ratio.

» Definition 9 (Near-anomaly definition). Given the eCF growth ratio for n1,ne € N* ny < no,
a data point x € X is defined as a near-anomaly if G, /n, (X) > Tna, where T,q € R is a given

threshold.

This definition proposes to define near-anomalies as data points that are inliers but whose
eCF shows a growth significantly superior to core inliers. Interestingly, in the following
section, we derive a method to set automatically the near-anomaly threshold 7.

4:7
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3.4 Automatic determination of the near-anomaly threshold

The results provided in this section allow to derive a method to set automatically the
near-anomaly threshold.

From Corollaries 5 and 7, the eCF growth ratio G, /», (x) is expected to remain relatively
low for inliers (x € X, where X corresponds to the support of ) while being much higher
for outliers/anomalies (x ¢ X). Near-anomalies are inliers but they lie in a range in which
the eCF growth ratio is significantly superior to that of core inliers. Let us define as X, C X
the set of core inliers and by X,,, C X the set of near-anomalies that we want to identify. For
this purpose, there is a theoretical result that can be useful. The following lemma indeed
gives the theoretical mean of the eCF on the support of the distribution.

» Lemma 10 (Theoretical mean value of eCF in the support). The theoretical mean value of
the eCF over the support of pn is sq(n).

Proof.

/AﬁN(X)_ldMN(X) = /KﬁN(x, x)dpn (x) (from Equation (4))

sa(n)

Z /pi(x)2dUN(x) (from Equation (2))

sa(n)
Z 1 (as (pz)fi(ln) is an orthonormal basis of R, [x])
i=1

= sq4(n) (18)

<

To leverage this result, we propose to use the Chebyshev inequality [10] to identify the
inliers low and high eCF growth ratio ranges. According to this inequality, for random
2
distributions, at least 100(%z1)% of the samples are in the range given by the following
interval:

[T —kXo;2+kXol, (19)

where r and o are the mean and the standard deviation of the distribution, respectively.
We further assume that the interval upper bound (Z 4+ k x o) can be used as a threshold
to identify high values and hence near-anomalies, which would amount to no more than
100 (k%) % of the samples.

Let us apply Chebyshev inequality to our problem, which translates in the following
definition.

» Definition 11 (Core inliers and near-anomaly samples). Let us define E [gng/m] and
o (an/nl) as the mean and the standard deviation of the eCF growth ratio G, /y,, core
inliers and near-anomaly samples are characterized as follows:

xeX. & gnz/m(x) € }0 ;B [gnz/m] +kxo (gnz/nl)] ) (20)
VX € Xpo & gn2/n1 (X) >E [Q,D/m] +kxo (gn2/n1) . (21)

From Definition 11, it comes that the threshold 7,,, that we want to determine is:

Tna = E [Gnyny ] + kX 0 (G s ) - (22)
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In consequence, our problem comes down to determining E [gn2 /nl] and o (gm /m). The
main result below provides a way to compute 7,, thanks to Lemma 10, which provides the
theoretical mean value of eCF in the support, and some empirical computations.

» Theorem 12 (Practical near-anomaly threshold). Consider ny,ny € N*, ny < ng, k € N*,
and m,I' € R™* | then a practical near-anomaly threshold 7, is given by:

Fra = Sdf;”) +kxT (23)
where sa(ng) = (”27;’ d), (24)
m = min { (A (x) 7 x e X}, (25)
P = \/var {Go oy (%), x € X} (26)

Proof. From (22), we have 7,, = E [gnz/m} +kxo (g@/m) and we have:

ARN (x)7L

E (Gusina] = [ G Wi = [ T )

As AEN (x) 71 is lower bounded on py, there exists a constant m € R such that ALY (x) ™ >
m [7]. So,

Ay (x)~! Ay (x) ! 1 N

() < [ ) = - [ A 60 )
and from Lemma 10:

Ay (x)~! sa(nz2) sa(n2)

Wd/w(x) S S Tha S + kX Gy s )-

Because there is no theoretical result providing m and ¢(G,,/»,), we propose to compute
them empirically from the data set X at hand®. Finally,

Sd(ng)

= min {(AﬁiV x) "',xe X}

Tna —

+ k x \/Var{gnQ/nl(x),XEX} = Tha- >

Tna 18 more restrictive than 7,, but, as will be seen in the experiments, it provides a
good practical threshold to identify near-anomalies. Algorithm 1 proposes the pseudo-code
to compute the 7,, threshold.

3.5 Scaling up the Christoffel function

Even for moderate degrees n, the inverse of the Christoffel function is very expensive to
compute if not impossible for feature dimensions d > 8 because of the necessity to invert the
moment matrix M, (uy) of size sq(n) x sq(n) in equation (7).

To use the proposed method in high-dimensional settings, we propose to use the Christoffel-
based Loss for Autoencoder (CLOE) [2]. CLOE consists of a method that applies the eCF
to high-dimensional data for semi-supervised anomaly detection. It allows to reduce the
dimension of high-dimensional datasets in a latent space specifically regularized with the CF
score in the loss function of the autoencoder (AE).

3 To avoid division by extremely small values, a 99% percentile can be estimated from the validation set.
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Algorithm 1 Computation of 7pq.

Input: no >nq >0,

Input: k£ > 0,

Input: Trained (A#Y)~! and (ALN)~,
Input: Validation dataset X, = {zi}ic(1,/x,|)
Output: The threshold 7,,

d < dimension of x

KN ()= 1 .
Gnafny < {%,x € Xv} > Equation 17
ny
T + sq(ng) = ("fgd) > Equation 24
min < min {ALN (x)71, 2z € X, } > Equation 25
o« +/Var(Gp, /n,) > Equation 26
Trna — msz +kxo > Theorem 12
ny

return 7,

mnmunl - P S
CITTTT] T (|
F|xeg egtéoder D]] (Aﬁ)\ ) -1 < —_—
I I L - —_
" ApNY)—1 > Tn.q Near-anomaly
o Ll % (AsN)
Dj:D:D enC: :{>(Aﬁz\)—l

Figure 4 With normal data as input, the trained encoder from CLOE delivers low dimension
encoded data in the latent space. Both near-anomaly samples, in orange, and core inlier samples, in
green, are present. Then two eCF are trained, one with parameter n; and the other with na,n1 < nas.
Finally, the ratio of the two eCF scores is compared to the near-anomaly threshold, 7, (in practice
Tna), to decide if the data is core inlier or near-anomaly.

CLOE includes a pretraining stage and a joint training stage. The pretraining stage is
performed using only the Mean Square Error (MSE) between the input and the output of
the AE as the loss function. Then, the joint training stage combines the MSE with the
CF-based loss to structure the latent space. For this latter step, the only hyperparameter
required is the degree n for the CF computation, which is set to n = ncrog. The trained
encoder reduces the data dimension to a lower dimension in the latent space (8 dimensions
are proposed in [2]). The latent space data is then used to train the eCF. The threshold for
outlier detection is chosen as the maximum value of the eCF.

In this work, CLOE is used as follows. CLOE is trained with normal data, the parameter
norog being set to ng, which provides a low dimension latent space characterized by the
set of moments up to the order ny. After this dimension reduction phase, the obtained low
dimension latent space data is used to compute the eCF for the two degrees n = n; and
n =ng, n1 < ng, i.e., to compute ALY (x)~ and ALY (x)~!, and the CANARI method can
be applied to identify near-anomalies. This is illustrated in Figure 4.

4 Experiments and results

4.1 Datasets

CANARI is applied to real production data acquired in industrial plants. In these plants,
PCBs are produced in an almost fully automated way. First, the PCBs are assembled in
the front-end line. Components are placed and welded during this step. At the end of this
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Table 1 Dimension and size of each dataset.

Dataset | D1 | D2 | D3 | D4 | D5 | D6 | D7 | Ds
Dimension 26 821 80 691 703 714 1139 18
Nb samples | 57183 | 56334 | 59947 | 25827 | 10091 | 8421 | 26729 | 41151
Comp1 Comp2 ------- I(C-D_;D\ ------- Compl Compm CompD COTD Value Tol Tol-
PCE 1 =
PCB 2 @ 2
e T —
| e -@- i x.
Py = B e N » COmpj e @ >
‘(FE,B‘_‘ 'y ry - Compl  }--eee- @
A ol -(@)-» | 5
e (e @ A -l :
PC“}N I ~ BN 2 Netiist details
IcT result-s -

4. Synthetic ICT results

Figure 5 1. A PCB product (PCB i) and one of its component (Comp j) are randomly chosen
(red circle). 2. Netlist is checked to find the net (k) to which comp j belongs. All the components of
the net k (j, 1 and m) are modified. 3. The value of these components and their upper and lower
tolerances Tol+ and Tol-, respectively, are obtained from the Bill Of Materials (BOM), from which

the upper and lower limits, {T and I~ respectively, are computed. 4. I or I~ is randomly chosen.

The corresponding ICT results of the concerned components are modified to appear below or above
their limit.

line, ICT is performed. This test consists of injecting current into the PCB at many points
on the circuit (between 10 and 2000, depending on the size of the PCB) and measuring the
voltage and the current intensity to check the conformance of the PCB. Test engineers define
limits for each test, and the PCB continues the manufacturing process if all its ICT results
are within the limits. Otherwise, the PCB is removed from the production line. The second
line is the back-end line where the PCB is encapsulated in an appropriate box. Finally, the
PCB can be delivered to the customer.

The ICT results constitute tabular data with dimensions ranging from 10 to 1200,
depending on the number of test points for each PCB. 8 different PCBs produced in 2023
were considered for this study, resulting in eight datasets D1 to D8. The ICT results may be
PASS or FAIL. Only products that pass the ICT constitute the datasets. The dimensions of
these products vary between 18 and 1139. The details of the dimension and the size for each
dataset are indicated in Table 1. Each dataset is divided into 3 different sets: the training
set, composed of 1150 samples, the validation set, composed of 4600 samples, and the testing
set composed of the rest of the samples.

To evaluate the method, synthetic anomalies were injected into the datasets, as illustrated
in Figure 5. Starting from real datasets and known ICT threshold values and upper and
lower tolerances Tol4+ and Tol-, respectively, from the Bill Of Materials (BOM), 10% of the
samples in each test dataset were modified. First, a component is randomly chosen. Then
the upper limit [T or lower limit [~ is randomly chosen. The ICT result for this component
is modified to be close to the limit [. The order of magnitude o of the ICT result is computed
with :

0= 10[109(l+*r)J' (27)
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The final value of the modified component is | & 0 X Tyyn¢n, Where Teynen is the disturbed
magnitude of the near anomaly samples. Finally, knowing the design of the PCB, all the
components connected by the first net in the netlist, where the component belongs, are
modified according to the same upper or lower decision. With this process, synthetic datasets
are created taking into account the connection of the different components on the PCB and
the ICT.

4.2 Baselines and Metrics

CLOE with double threshold is considered as the first baseline. The original threshold is
considered to compute the new threshold to detect near-anomalies. 5%, 20% and 50% of the
original threshold are used as the double threshold to detect near-anomaly samples.

Then, CANARI with different thresholds is used as the second baseline. The new
thresholds are the ratio of the theoretical means of the two eCFs, T,,ean, and the empirical
percentile 99" of the ratio, Tupper -

Fl-score and Matthews Correlation Coefficient (MCC) [8] are the two metrics used to
evaluate CANARI. Fl-score, given in Definition 13, is computed with the recall and precision
metrics. Its lower value is 0 and its best value is 1.

» Definition 13 (Fl-score). Let TP be the true positives, TN the true negatives, FP the false
positives, and FN the false negatives. The metric F1-score is defined as:

2TP __, precision - recall

2TP +FP+FN " precision + recall’

Fl—score = (28)

MCC, given in Definition 14, computes the Pearson product moment correlation coefficient
in a contingency matrix method. Its worst value is -1, and its best value is 1, 0 corresponds
to a random classification. This metric is stronger against unbalanced datasets than F1-score
and accuracy [3].

» Definition 14 (MCC). Let TP be the true positives, TN the true negatives, FP the false
positives, and FN the false negatives. The metric MCC is defined as:
TP-TN—-FP-FN

MCC = (29)
/(TP +FP)-(TP+FN) - (TN +FP)- (TN + FN)

The testing set is composed of two classes: core inliers and synthetic near-anomalies. Note
that the core inliers testing dataset may also be corrupted by real unknown near-anomalies
because it is based on real world data, so comparing the metrics for baselines and CANARI
only makes sense on our datasets.

4.3 Results
4.3.1 Observation of the growth of the eCF with n

The goal of this subsection is to visually assess the eCF growth patterns for fail, pass, and
near-anomaly samples. Pretraining and joint-training steps of CLOE are performed for
ncrog = 4. Then the eCF is computed for n varying from 1 to 5. Figure 6 (a) illustrates
this experiment with PCBs that fail the ICT represented by the red graphs (only 2 red
graphs because only 2 such PCBs) and PCBs that pass the ICT represented by green graphs.
The testing set includes fail products in this experiment. The fail samples (in red in the
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Table 2 Correspondence between the parameter k£ and the proportion of samples outside the
upper bound according to the Chebyshev inequality [10].

k | 1 V2 15 2 22 3 4 5 10
Maximum percentage ‘ 100% 50% 44.5% 25% 125% 11.11% 6.25% 4% 1%

Table 3 Fl-score for the 8 datasets D1 to D8 for our method and the baselines method.

Method | DI D2 D3 D4 D5 D6 D7 D8 ||Mean
CANARI 0.76+0.1 | 0.49+0.06 | 0.64+0.15 [0.45+0.02|0.41+0.06|0.50+0.06|0.50+0.25| 0.72+0.08 || 0.56
CANARI-Tmean |0.16+2.10-6| 0.21+0.002 | 0.16+10—6 | 0.31+0.01 [0.20+0.004|0.22+0.003 | 0.03+0.003|0.07+4.10-6|| 0.17
CANARI-Tupper | 0.25+0.0004 |0.21+0.0000 | 0.22+0.001 | 0.14+0.01 {0.07+0.006| 0.17+0.02 | 0.49+0.06 | 0.45+0.001 || 0.25
CLOE;5¢ 0.16+0.02 | 0.0640.006 |0.0440.0004| 0.17+0.01 | 0.1540.01 | 0.17+0.01 | 0.34%0.03 | 0.34+0.04 || 0.18
CLOEsqy 0.26+0.02 | 0.09+0.002 | 0.08:+£0.002 | 0.28+0.02 | 0.16+0.01 | 0.24+0.01 | 0.37+0.04 | 0.39+0.03 || 0.23
CLOE509 0.45+0.01 | 0.1920.005 | 0.27%0.02 {0.39+0.004|0.25+0.003| 0.31x0.02 | 0.41x0.05 | 0.45x0.03 || 0.34

image) exhibit the greatest increase, even for low values of n. Then, between n = 3 and
n = 4, the graphs of some pass samples show a change in growth pattern, these products are
the near-anomaly products we are looking for. The other pass samples have a polynomial
growth from n =1 to n = 5.

With this experiment, the change in the growth pattern with the parameter n is visible.
Part of the distribution is clearly different from the rest of the distribution.

4.3.2 Evaluation of the proposed method

In this section, and for computational reasons, n; is fixed to 1 and ns is fixed to 4. Different
values for the parameter k are tested, namely k € {1, V2,1.5,2,2v2,3,4,5, 10}. According
to the Chebyshev inequality [10], this values correspond to an upper bound on the proportion
of samples falling below the defined threshold 7,,, as summarized in Table 2. A slightly
smaller proportion falls below 7,,,. The value of Teynsn is fixed to 102 to create the disturbed
magnitude of the near anomaly samples.

Figure 6 (b) shows the growth of the eCF with n varying from 1 to 5. The blue graphs
correspond to the near-anomaly samples detected by CANARI while the green ones correspond
to the samples detected as core inliers. We can observe that the detected near-anomaly
samples correspond to samples whose growth lies between that of fail PCB samples and core
inlier PCB samples. This observation confirms that CANARI detects samples with a growth
between fail samples and core inlier samples.

Then synthetic datasets were created for PCBs as described in Section 4.1. Five runs
are performed with different random seeds. The random seed is the same for each dataset
and each method to ensure reproducibility across the same run. The mean and the standard
deviation across these five runs are displayed in Table 3 for the F1-score metric and in Table 4
for the MCC metric.

The performance obtained by CANARI on the datasets D1 to D8 is better than double
thresholded CLOE with different percentage thresholds for both metrics. For datasets D1
to D8, CANARI improves the Fl-score by 65.8% and the MCC by 34.3% comparing to
the CLOE methods with percentage. Classic CANARI obtains better performances than
CANARI-Tpean and CANARI-7T,pper. This shows that the proposed threshold 7, can
actually detect near anomaly samples.
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(a) Pass ICT in green, and Fail ICT in red.
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(b) Predicted core inliers (green) and near anomalies (blue) and real fail samples

(red).

Figure 6 The figure highlights the evolution of the eCF as n varies from 1 to 5. (a) displays the
true label, PASS or FAIL, with the samples that succeeded ICT in green and the samples that failed
ICT in red. In this dataset, only two products have failed the ICT, hence only two red graphs. (b)
displays the predicted label, with core inliers in green and near anomalies in blue. In red, we find
the two Fail ICT samples kept to compare their graph growth. For n = 5, core inliers have slightly
different scores around 1500, hence the “strange” value concentration due to the scale. Between
n =4 and n = 5, the near anomaly sample scores increase so sharply that their values are out of
the figure for n = 5, producing a “strange” blue line that appears to be vertical at n = 4 in the
figure. Red graphs, i.e., those of Fail ICT samples, exhibit a faster growth than other graphs. The
difference between the growth of the green and blue graphs, i.e., core inliers and near anomalies
respectively, really occurs in the interval between n = 3 to n = 4. Over the interval from n =1 to
n =5, we can hence distinguish a polynomial growth for the green graphs, i.e., those of core inliers,
compared to an exponential growth for the red graphs, i.e., those of Fail ICT samples, the near
anomaly graphs growth standing in between.
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Table 4 MCC for the 8 datasets D1 to D8 for our method and the baselines method.

Method D1 D2 D3 D4 D5 D6 D7 D8 || Mean

CANARI 0.76+0.090|0.48+0.07| 0.61+0.17 |0.47+0.04|0.39+0.08|0.49+0.04|0.50+0.25| 0.73+0.08 || 0.55
CANARI-Timean |0.09+10-5[0.15+0.003 | 0.09+9.10—5 | 0.28:+0.01 |0.17+0.006 |0.19+0.005|0.06+0.001 |0.07+9.10—6 || 0.14
CANARI-Tupper | 0.37+0.003 | 0.32+0.001| 0.32+0.002 | 0.21+0.02 | 0.11+0.01 | 0.23+0.03 | 0.48+0.05 | 0.53+0.0006 || 0.32

CLOE5¢, 0.27+0.01 {0.16+0.001| 0.14+0.001 | 0.27+0.01 | 0.22+0.02 | 0.28+0.01 | 0.40+0.04 | 0.43+0.05 || 0.27

CLOEs3qy 0.36+0.02 |0.20+0.003| 0.19+0.004 | 0.37+0.01 | 0.24+0.02 | 0.34+0.01 | 0.10+0.04 | 0.47+0.02 0.28

CLOEs;q9 0.52+0.008 | 0.30+0.003| 0.37+0.02 |0.45+0.004|0.32+0.005 | 0.39+0.01 | 0.43+0.05 | 0.52+0.02 || 0.41

4.4 Ablation and sensitivity studies

An ablation study is performed to evaluate the robustness of CANARI. This section relies
exclusively on MCC as the evaluation metric. First, Table 5 reports a sensitivity analysis of
parameter k across datasets. The optimal values for k across the different datasets are /2,
1.5 and 2. Accordingly, the parameter k should be selected among these three values.

Second, Figure 7 compares different pairs of parameters n, and no, under the constraint
ny1 < no. This heatmap shows the mean MCC associated with each possible combination of
n1 and no across all datasets. The best combination is the one used in CANARI, namely n
= 1and ny = 4.

Then, Table 6 compares CLOE with the kernelized inverse Christoffel function (KIC) [1]
and the univariate Christoffel function [5] as approaches for eCF computation in high
dimensional datasets before applying CANARI*. To compute the threshold 7,,, the best
value of k is selected separately for each method and dataset. For KIC [1] and UCF [5] and
for some datasets, the minimum value or the 99% percentile of the eCF A#N (x)~*
very low, in the order of 107, and the ratio between the two Christoffel functions cannot
be computed. These datasets are therefore not included in the present analysis. CLOE
consistently achieves the best results across all datasets. Only the KIC method yields similar
performance on the last dataset.

can be

Finally, Table 7 presents a comparison of several values of Tsynsn, corresponding to the
disturbance magnitude used for generating the synthetic near-anomaly dataset. Except for
one dataset with 7ynen = 0.1, CANARI is able to detect synthetic near-anomaly samples
generated with amplitudes between 0.1 and 10~%, which illustrates the robustness of the
method that does not need to define a strict near-anomaly threshold for the synthetic near
anomalies.

5 Conclusion and Future Work

This paper presents CANARI and introduces the near-anomaly concept. Near-anomalies
are samples that, while not yet anomalous, lie close to the boundary of the distribution
and are likely to transition into anomalies in the near future. CANARI is an unsupervised
near-anomaly detection method based on the eCF that leverages theoretical properties of
the CF distinguishing its growth with the parameter n for data in the support and data
outside the support. CANARI is constructed with two eCFs with two different values for the
parameter n from which the growth can be assessed. A threshold based on the Chebyshev

4 The implementation used for these two methods is proposed in the framework ChRISToffel Anomaly
Locator available at https://github.com/fgrivet/CRISTAL
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Table 5 MCC for the 8 datasets D1 to D8 for different values of the parameter k.

k | pr | p2 | D3 | D4 | D5 | D6 | D7 | D8

1 0.743 | 0.342 | 0.539 | 0.418 | 0.293 | 0.442 | 0.318 | 0.677
V2 | 0750 | 0.446 | 0.610 | 0.445 | 0.351 | 0.494 | 0.415 | 0.733
1.5 | 0.759 | 0.435 | 0.609 | 0.441 | 0.344 | 0.487 | 0.402 | 0.725

2 0.712 | 0.478 | 0.606 | 0.469 | 0.387 | 0.493 | 0.472 | 0.687

2¢/2 | 0.640 | 0.461 | 0.565 | 0.462 | 0.326 | 0.450 | 0.496 | 0.602

3 0.632 | 0.451 | 0.551 | 0.443 | 0.325 | 0.448 | 0.501 | 0.601

4 0.536 | 0.398 | 0.458 | 0.428 | 0.257 | 0.437 | 0.496 | 0.575

5 0.479 | 0.343 | 0.386 | 0.386 | 0.257 | 0.425 | 0.476 | 0.552
10 0.053 | 0.138 | 0.088 | 0.051 | 0.022 | 0.108 | 0.434 | 0.151

Mean MCC across all datasets o5

Mean MCC score

nl

Figure 7 Heatmap of the mean of the MCC on all the datasets for different values of n; and
n2. The best combination is obtained for n1=1 and n2=4, which are the values that are used in
CANARI.

inequality and on theoretical properties of the eCF is proposed to detect near-anomaly
samples. In high-dimensional settings, CANARI can be coupled with CLOE [2] to reduce
the data dimension.

To evaluate this method, industrial datasets composed of ICT from a PCB manufacturing
process are considered. Synthetic datasets are created to simulate near-anomaly samples
based on real industrial scenarios. Experiments confirm that CANARI detects near-anomaly
samples more efficiently than a classical anomaly detector with double thresholds. Moreover,
CANARI with the presented threshold achieves better performance than CANARI with
other thresholds.

A sensitive analysis and an ablation study were conducted to assess the robustness of
CANARI. The optimal values of parameter k are identifies through this study. The selected
combination of n; and no corresponds to the one that yields the best average performance
across all datasets. The variation in the amplitude used to generate the synthetic near-
anomalies dataset confirms the stability of CANARI. Finally, CLOE is compared with two



L. Billet, L. Travé-Massuyes, E. Chanthery, and A. Gaffet

Table 6 MCC for the 3 datasets D1, D3, and D8 for different methods to reduce dimension
before applying CANARI.

Method to reduce dimension D1 D3 D8
CANARIcLOE 0.76+0.00 | 0.61+0.127 | 0.73+0.08
CANARIkc 0.56+0.01 0.31+0.09 0.69+0.007
CANARIycr 0.31+0.08 0.41+0.11 0.29+0.26

Table 7 MCC for the 8 datasets D1 to D8 for different values of Tsynth.

Teynn | D1 | D2 | D3 | D4 | D5 | D6 | D7 | D8

0.1 0.61 | 033 | 0.69 | 0.34 | 040 | 045 0 0.57
1072 | 0.76 | 0.48 | 0.61 | 0.47 | 0.39 | 0.49 | 0.50 | 0.73
1073 062 | 0.34 | 0.73 | 0.34 | 048 | 047 | 0.59 | 0.58
107* 0.62 | 0.33 | 0.73 | 0.36 | 0.49 | 047 | 0.61 | 0.55

alternative methods for computing the eCF in high-dimensional dataset. The performance

obtained by the two other approaches support the choice of CLOE made in this paper.

Moreover, the two alternative methods fail to compute the ratio on five datasets because of
very small eCF values.

The CANARI method can be adapted to any quality process with many tests with
defined limits. These quality processes are commonly used in industry, where thresholds are
defined on the basis of physical models. Such physical models fail to consider the production
distribution and consequently reduce the ability to detect other problems. It can be used to
anticipate future failures in products that initially look normal but can have some invisible
defects and cause issues at a later step.
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—— Abstract
Automated planning algorithms rely on having a sufficiently accurate domain model to solve planning
problems,; particularly in complex environments with numeric effects. In real-world settings, however,
domain models can become misaligned with the environment over time, i.e., no longer accurately
reflect the environment. Even a minor drift in numeric effects can lead to faulty plans and execution
failures. In this work, we address the problem of repairing numeric planning domain models
by proposing FELIX, a learning-based repair mechanism that restores planning effectiveness by
identifying and correcting outdated numeric effects. Rather than re-learning the full environment
dynamics from scratch, our approach updates only the affected components of the domain model,
enabling efficient adaptation with limited data. FELIX restores planning performance across diverse
numeric domains, even under complex model drift. It uniquely handles both nonlinear effect shifts
and structural signature changes while maintaining polynomial repair overhead under bounded
parameter-type assumptions.
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1 Introduction

Automated planning is a fundamental challenge in Artificial Intelligence research in which an
agent seeks a sequence of actions that transforms an initial state into a goal state. In classical
planning, a state is represented using Boolean predicates, and actions have deterministic
effects defined by preconditions and outcomes that add or remove these predicates. Numeric
planning is an extension of classical planning. While classical planning involves reasoning
over Boolean predicates that represent the presence or absence of certain facts in the world,
numeric planning allows reasoning over numeric fluents — state variables that take numeric
values. For example, instead of representing the quantity of a resource using multiple
Boolean predicates (e.g., has-item-1, has-item-2, has-item-3), numeric planning can use
a single fluent such as (item-count) to represent the total number directly. These fluents
can be modified by actions through numeric effects such as incrementing, decrementing, or
assigning values. This enables planning in domains involving resources, numeric locations,
or measurable quantities. To generate valid and effective plans, both classical and numeric
planning rely on an accurate domain model that describes the actions available to the agent,
including their preconditions and effects. In numeric planning, the domain model must
also specify how actions update numeric fluents, typically through parameterized numeric
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expressions. This increases modeling difficulty, as it requires defining not only which fluents
are affected by each action, but also the exact numeric transformations applied to them.
Without a reliable model, the planner may generate plans that are invalid or infeasible when
executed in the real world. As a result, there has been increasing interest in approaches that
reduce manual modeling effort [14, 1, 8] even for numeric action models [23, 27].

However, modeling is rarely a one-time activity. Even models that are initially very
accurate may become outdated over time when the environment changes, e.g., when new
domain objects are introduced, or action effects are altered. This phenomenon is known as
model drift in various contexts. Model drift necessitates model repair to maintain planning
reliability. Most prior work on model repair addresses only classical planning; see [7] for a
survey.

To the best of our knowledge, the only prior work on model repair for numeric planning is
Hydra [21]. Hydra is an algorithmic framework for a planning-based agent that is designed to
detect and adapt to model-environment mismatches. Hydra maintains an internal environment
model, and if it detects model inaccuracies, it heuristically searches the space of possible
model repairs. Hydra employs a predefined set of model transformation operators, called
Model Manipulation Operators (MMOs), each representing a predefined modification to the
domain model. For example, an MMO can be to increment or decrement by a fixed amount
the value of a specific numeric constant, such as gravity or friction. Hydra repairs numeric
models by performing a heuristic search over combinations of these MMOs. Thus, Hydra’s
runtime grows exponentially with the number of MMOs that need to be applied. In addition,
Hydra requires an external agent — a human operator — to manually specify the MMOs.

In this work, we focus on a specific type of model repair problem: changes in the numeric
effects. For this problem, we propose FELIX (Find, Estimate, Learn, Improve, eXecute), a
workflow for automatically detecting and repairing numeric effects from observed transitions.
By collecting execution data across problem instances and fitting regression models to
detected discrepancies, FELIX repairs drifted numeric effects without requiring manually
engineered operators or combinatorial search.

Moreover, we aim to learn changes in action signatures rather than assuming they are fixed.
A notable algorithm that addresses this challenge is called L1 [3]. While our work focuses on
numeric changes, L1 focuses on predicates. The authors of L1 prove that inferring missing
action parameters in a logical domain is a combinatorial problem at least as hard as graph
isomorphism. Consequently, L1 utilizes SAT encodings to “imagine” missing parameters and
induce consistent parameter bindings globally - a process with exponential worst-case search
time. In contrast, our approach distinguishes between two types of missing parameters. The
first type is identified through discrepancies between the learned model and the environment,
while the second is discovered via a systematic search over the different numeric parameter
types present in the environment. Since each candidate is considered at most once, the
discovery process runs in polynomial time.

Our analysis revealed a trade-off between the dimensionality of state representations
and repair efficiency: smaller feature sets enable rapid adaptation from limited transition
data, whereas richer representations incorporating higher-degree monomials are necessary to
capture complex model-environment deviations. To address this trade-off, we employ multiple
isolation strategies that vary in expressive power and allow the repair process to progressively
increase representation complexity when needed. Empirical results demonstrate that this
adaptive repair strategy captures complex forms of model drift while maintaining data
efficiency when the drift is simple. Furthermore, we show that the approach automatically
learns changes in action signatures, thereby enabling sustained planning performance in the
presence of environmental drift.
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2 Background

Numeric planning. addresses planning problems involving both discrete (Boolean) and
continuous (numeric) variables. A widely used formalism to represent numeric planning
problems is Planning Domain Definition Language (PDDL) 2.1 [10]. A numeric planning
problem in PDDL2.1 is defined by a domain D and a problem instance II . A domain is a
tuple D = (F, X, A), where F is a set of Boolean variables, X is a set of numeric variables,
and A is a set of actions. A state assigns values to all variables in F'UX. Each action a € A is
described by (name(a), pre(a), eff(a)). pre(a) is the action’s preconditions, which are Boolean
assignments and numeric constraints that must hold in state s for a to be applicable. eff(a)
is the action’s effects, which define the state transition that occurs when applying a. This
set of preconditions and effects of all actions is referred to as the action model. A planning
problem instance is specified by II = (I, G), where I is the initial state and G is the goal

condition. A solution, or plan, is a sequence of actions m = (a1, ag, ..., ay) that transforms I
into a goal-satisfying state sg. To improve scalability and abstraction, domains are often
represented in a lifted form. A lifted action a()) is a schema where V = {vy,...,v;} is a

set of parameters. A grounded action is produced by a substitution 6 : ¥V — O, mapping
parameters to specific domain objects O. The same definition applies to a lifted fluent
f(V) and its grounded counterpart. Lifted representations are essential for scaling to larger
problems, as they allow for generalized planning without requiring the explicit grounding of
the entire state space.

Action model learning. Manually creating domain models is difficult, slow, and error-
prone [20], limiting scalability in real-world settings. Action model learning algorithms infer
action models from observations, which are typically execution trajectories. The literature on
action model learning is broad, covering approaches that learn symbolic models under limited
observability [9, 19, 3], as well as methods designed to handle noise [17], safety constraints [15],
conditional effects [25], online learning settings [16], and multi-agent settings [24]. Recent
work on action model learning extends to numeric domains [27, 23, 22], integrates with
Reinforcement Learning [28, 6], and even allows learning from visual inputs [2, 31, 32]. A
less studied challenge of learning an action model is to learn the actions’ signature, i.e., their
parameters. One of the few algorithms able to do so is L1 [3], which learns classical planning
action models from traces without action parameters. [3] demonstrated that inferring these
missing parameters is a combinatorial problem at least as hard as graph isomorphism. L1
utilizes SAT-encoding to “imagine” the missing action parameters required to make the
planning model logically consistent, effectively outsourcing the combinatorial search and
backtracking to the SAT solver.

Planning and Execution Monitoring. In model-based autonomous agents, generating an
optimal or satisficing plan is only half the challenge; ensuring its robust delivery in dynamic
or partially observable environments requires continuous plan execution monitoring. Early
formalizations by [11] established the classic three-tiered monitoring pipeline: discrepancy
detection (identifying variances between the model’s predicted state transitions and real-
world sensor data), state estimation/diagnosis (determining the root cause of the anomaly),
and plan evaluation (determining whether the encountered discrepancy actively violates
the validity or optimality of the remaining plan suffix). An example of an architecture
that implements this classical execution-monitoring pipeline is Hydra [21], which simulates
expected trajectories to detect runtime anomalies.

5:3
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In our solution, we build upon this execution-monitoring paradigm through the FELIX
workflow, but fundamentally change how the agent leverages the initial monitoring phase
in order to avoid exhaustive model-space search. Rather than relying on human-engineered
search operators like Hydra, FELIX employs discrepancy detection as an informative data-
filtering mechanism to decide precisely when to repair and how. At runtime, the agent
executes planned actions and utilizes a simulator to generate expected next states. The
discrepancy detection module triggers a repair iteration when an observed state variable
deviates from predictions beyond a numerical tolerance parameter € (i.e., |§'(y;) — s’ (y;)] > €).
Crucially, the monitor determines how the repair should proceed by analyzing the exact
subset of deviating state variables ¥, lifting and filtering them to isolate only the broken
components of the domain model for targeted polynomial regression and signature repair.

Model repair. A model repair algorithm accepts an initial, possibly flawed, domain model,
and its task is to modify it according to some set of constraints. This modification may
involve updating actions’ preconditions and effects, adding or removing actions, or changing
their signature. A recent survey on model repair [7] categorizes existing approaches to model
repair according to the constraints they enforce: (1) Solvability: Repair the domain model
so that a valid solution can be found. For example, [12] repairs models by adding missing
effects but cannot delete effects or alter preconditions; (2) Plan validity: Repair the domain
model to make specific plans valid or invalid as solutions. [18] addresses this through hitting
set computation for minimal changes; (3) Plan optimality: Repair the domain model so
that a specified plan becomes optimal; for instance, [13] reconciles models interactively with
experts to align costs and optimality; and (4) Solution-space properties: Enforcing rules or
constraints that every valid solution must satisfy. Environment design [33], for example,
modifies the world to ensure all feasible plans are safe or distinguishable within physical
limits. Our work falls under the category of Solvability. We assume a set of problems is
solvable with a correct domain model, but the current domain model is no longer accurate,
leading to execution failures.

Most prior work on this type of model repair has focused exclusively on classical planning.
The only exception we are aware of is Hydra [21], a model-space learning framework that ad-
apts to model drift by performing a heuristic-guided search over possible domain modifications
to realign the agent’s internal model with the environment. Hydra explores modifications via
a predefined set of model transformation operators called Model Manipulation Operators
(MMOs), each representing a predefined modification to the domain model.

3 Problem Setting and Methodology

We assume a planning-based agent operating in an environment that can be sufficiently
modeled as a numeric planning domain (F, X, A) with an action model M*. We assume
the environment is deterministic. The agent does not have access to the real action model
M*. Instead, it has access to an action model M that may be different from M*. The task
is to repair M such that it sufficiently approximates the true domain M™* to allow solving
planning problems in the domain.

Assumptions

The differences between the agent’s model M and the real action model M* are only in
the effects alone, or in a combination of both the action signature and the effects. That is,
the action preconditions in M and M™* are the same. Action effects in both M and M™* are
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limited to polynomial combinations of the numeric state variables. We assume the agent can
always observe its current state, including the values of all variables, both before and after
each action is executed.

3.1 The FELIX Workflow

To be able to repair M, the agent must have some information about the (modified)
environment. In our work, the agent collects such information by performing actions in the
environment and observing their outcome. Specifically, we consider an agent that follows
a workflow that we call FELIX (Find, Estimate, Learn, Improve, eXecute). FELIX is an
iterative model-repair workflow. Throughout its execution, it maintains an incumbent action
model M. Every iteration in FELIX begins with a planning problem II = (I, G). Then,
FELIX calls a domain-independent planner to synthesize a plan for the given problem using
the current domain model, denoted by M. Once a plan is generated, the agent performs
every planned action a in the real environment, recording the states visited immediately
before and after every action. If an action is inapplicable, it is skipped. Note that the first
action is always applicable, as we assume preconditions remain unchanged and only consider
novelties in the effects. For every executed action a, FELIX also calls a PDDL simulator
to generate the expected next state according to the (possibly incorrect) incumbent action
model.

The observed next state s’ and the expected next state s’ are compared, and discrepancies
between them are recorded. These discrepancies are diagnosed and passed to a model repair
module that modifies the incumbent action model to reconcile these discrepancies. Our
primary innovation lies in these diagnosis and repair modules. The complete FELIX workflow
is illustrated in Figure 1. This workflow repeats across multiple problem instances, with

repaired model components and collected transition data retained for subsequent iterations.

Over time, these repairs allow the domain model to more accurately reflect the true behavior
of the environment. Next, we describe in detail the key components in the FELIX workflow:
diagnosis and repair.

3.2 Diagnosing Model Drift

To effectively repair the action model, the first step is to identify which actions yield outcomes
that deviate from model predictions (Algorithm 1). This is done using existing methods for
detecting discrepancies between the predicted and observed outcomes of actions [21]. Given
an observed transition (s,a,s’) obtained from executing the plan in the environment, we
compare the predicted successor state 8’ with the observed successor state s’. If the deviation
exceeds a numerical tolerance parameter ¢, i.e., if there exists a state variable y; such that
|8 (y;) — s’ (y:)| > €, we mark action a as inconsistent with the current model.

Next, our method identifies the exact subset of state variables for which the environmental
transition deviates from the model prediction. Let 3 be the set of state variables that differ
between the predicted state 8’ and the observed state s, i.e., ¥ = {y; | [8'(yi) — ¢’ (y:)| > €},
where y; ranges over all variables in the domain model. We filter the set of deviating state
variables 7 to focus only on those that could be affected by the executed action a. Let
params(a) denote the set of parameters of action a, and let x; be a grounded numeric fluent
in the state. We define T = { z; | params(x;) C params(a) }, so that T contains only those
variables whose parameters are consistent with the action’s signature and therefore could
plausibly be used by a. To keep our dataset consistent, we convert (7, T) to its lifted form by

replacing the grounded parameters @ with the corresponding lifted parameters of the action.
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Figure 1 Design of FELIX.

Let (§, &) be the lifted version of (7, Z). In each run, we save data pairs (g, &) for every action
executed in the real environment. These pairs are collected in an active learning manner
(as described in this section) and maintained in a list D, for each lifted action a € A. The
variables in ¢ indicate the components of the model that produced incorrect predictions and
are therefore targeted for relearning, guiding the updates during the model repair process.
We illustrate this with an example in the following section.

Variable Isolation Approaches

Model drift may affect variables in ways that range from simple linear adjustments to single
parameters to highly nonlinear transformations involving multiple interacting state variables.
In such cases, standard linear regression is insufficient to isolate or identify the underlying
numeric effects in ¢, because the relationships between variables are no longer linear.
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Algorithm 1 Resolving Model Drift.

Input: Plan 7 = [a1, a9, . .., ay]
Input: Current domain model M
Input: Real environment M’
Input: Initial state s
Output: Environment change dataset {Dy}aeca
for each a € 7 do
s+ M'(s,a)
§ « M(s,a)
7+ {v|v € Vars(s), |5 (v) — s (v)] > €]}
if 7 # 0 then
T « Filter(a, s)
(9,2) < Lift((y. 7))
D, + Do U{(3,2)}
Repair(a, Dy)
end if
16: s+ s
17: end for
18: return {D,}aca

e e e
AN S

To address this, we propose methods to manipulate the state variables. These methods
vary in the total number of variables they handle and in the complexity of the model drift
they can resolve. To understand the methods, consider an environment M’ with state
variables {x1, 22, x3}. Initially, we have an action a whose effect is defined as: {z; < 21 +1}.
Suppose we introduce a novelty by modifying the semantics of action a to instead be:
{1'1 — a1+ 29+ 1}

After executing action a in state s = {x1 = 1,29 = 1,23 = 1}, we observe the resulting
state s’ = {x1 = 3,29 = 1,23 = 1}. According to the original model, we would expect
x1 = 2, but we observe x; = 3. This discrepancy indicates that a novelty has occurred in the
semantics of action a.

We then repair the action’s effect by using linear regression to predict x; from selected
variables in the originating state s. In particular, we distinguish between Changed Variables,
representing the set y, and All Variables, representing the full set of state variables. We
denote the changed-variable set for a given effect as {1} and the complete state-variable set
as {Z‘l, T2, .733}.

To better capture nonlinear numeric effects, we consider polynomial feature combinations
(monomials) of the variables, such as z? or 2325, rather than restricting the model to simple
linear terms. The complexity of this representation is controlled by a degree parameter k,
which limits the highest degree of monomial considered (k = 1 corresponds to the linear
case). Later, we fit a linear model over these monomials, allowing the framework to represent
nonlinear dependencies while keeping the learning problem linear in the parameters. We
define All Monomials of Degree < k as the set of all monomial terms whose total degree does
not exceed k. This generalizes the All Variables setting (corresponding to k = 1), which

includes only linear terms, by additionally incorporating higher-order and interaction terms.

In our example with three variables, we allow the set {2{"25225° | aq + g+ g < k, a; > 0}
to represent the space of monomials used to learn the new effect.
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3.3 Repairing the Domain Model
3.3.1 Repair Strategy

Given the same scenario as described previously, we consider three repair strategies: All
Monomials, Adaptive Selection, and Adaptive Selection with Signature Repair. Each strategy
estimates the new numeric effects given a different set of rules.

All Monomials Repair

This strategy expands the state variables to include all monomials over the set of state
variables up to degree k. In the running example with variables {1, z2, 23} and k = 2, the
learned regression model takes the form:

Vi
T = Mmix1 + Mol + M3x3
+ M2 X1T2 + M13 X123 + Ma3 T2T3

2 2 2
+ mi1 ] + Moo x5 + M3z T3 + ¢

Adaptive Selection Repair

This strategy dynamically selects the best model variant from a given set of candidates by
maximizing the fit metric R?, which measures how well the model explains the observed
data, with 1.0 indicating a perfect fit, with ties broken in favor of the model using fewer
features. Given a degree parameter k, the candidate set will include linear models based on
Changed Variables, All Variables, and All Monomials up to degree k. For example, when
the true environmental dynamics are linear, if a model using a smaller subset of variables
achieves a near-perfect fit, Adaptive Selection prefers this simpler representation over more
complex polynomial alternatives, thereby reducing overfitting and improving interpretability.

3.3.2 Repairing the Action Signature

As discussed in 3.2, we filter out grounded fluents that contain parameters that do not appear
in the action’s current signature, as they cannot be expressed within that signature. If an
environment change introduces a new parameter within the effects, the true effect of the
action cannot be learned using the existing action signature. Consequently, we employ a
repair mechanism to identify and integrate these missing parameters into the action signature.

We distinguish between two types of model drifts that introduce new parameters, each of
which requires a different handling strategy. To illustrate these, consider a base action
increase(?c - counter) with the effect: g(7c) < g(?c) + 1, where g is a fluent that receives a
counter.

Type 1: Affected

The first type of model drift adds an effect that changes the value of a fluent involving a new
parameter. For example, consider the model drift: increase(?c - counter ?a - modifier) =
{g(?c) < g(?c) + h(?a), h(?a) < h(?a) + 1} In this scenario, the model drift introduces a
parameter a, utilizes it within the fluent h (which receives a modifier), and the value of
h(?a) is affected. Following the execution of this action with grounded constants ¢ and
a, where a was selected by the environment without the agent’s knowledge, we receive the
observation 5 = {g(c), h(a)}, as defined in Section 3.2. Using 7, we identify whether missing
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parameters exist in our signature (see Algorithm 2). Our repair strategy iterates through all
parameters in 7 (in this example, {a,c}). For any parameters not currently present in the
action signature, their types are automatically added; the specific type is inferred from the
fluent definition (in this example, ?a — modifier is inferred from h and is appended to the
action signature).

Algorithm 2 Type 1 missing parameter repair.

Input: Parameters of grounded action a, - P,
Input: Different functions - § > As described in 3.2
Pusea < ExtractParameters(7) > Extract parameters from functions
for each p € Pyseq do

if p ¢ P,, then

P < Po U {type(p)} > Add new parameter type to the action signature

end if
end for
return model

Type 2: Affects

The second type uses a fluent containing a new parameter to modify the value of an
existing fluent. For example, the model drift increase(?c - counter ?a - modifier) = g(?¢) +
g(?¢) + h(?a). Here, the parameter ?a is required to evaluate h(?a), which in turn affects
g(?¢). If the current repair model does not yet account for parameters of the type “modifier”,
it will initially fail to create an accurate model for g(?c).

Solving type 2

Unlike type 1, in type 2, the new parameter is not affected and only affects the deviating

fluent. As a result, the discrepancy is observed in the affected fluent (in our example,

g(?¢)), while the underlying cause lies in the missing dependency on the fluent with the new

parameter (in our example h(?a)). How can we repair it (see Algorithm 3):

1. Initial Attempt: We attempt to model g(?c) using the existing parameters. With our
most complex repair strategy (all monomials), we require n + 1 independent observations
from D,.

2. Evaluation: If the model fails to adapt, defined by an R? value below 1 — 107, we
conclude that the current action signature is insufficient.

3. The system then augments the action signature by adding new parameter types drawn from
the available domain types, bounded by a maximum combination size [. This procedure
is repeated, testing previously untried parameter type combinations in sequence, until a
model achieving a satisfactory fit is obtained.

3.4 Theoretical Analysis

» Theorem 1 (Expressiveness of polynomial regression for numeric effects). Let f be any
continuous function on a closed interval [a,b]. Then a regression model that represents
numeric effects as a linear combination of monomials 1,x,22,...,2% can approrimate f
arbitrarily well as k — oo, given sufficient data.
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Algorithm 3 Type 2 missing parameter repair.

Input: Parameter types of action a - P, > according to our model

Input: Available domain parameter types - Py

Input: Tried domain parameter types - P

Input: Environment change dataset - D,

model < fit__model(D,,)

r? < evaluate(D,, model)

if ? <1-10"* and |D,| > |X| then
Py Py \ Py > Revert previous attempt
Prew  next(Pay \ Pa) > Next set
Py PoUPrew > Add P to a’s signature
Pi < Prew > Set current try
Do+ 0 > Reset dataset for new signature

: end if

: return model

e el el
el S ol

2 ...,z%. Any polynomial of degree

Proof. Assume our model includes all monomials 1, z,x
m < k can then be written exactly as p(z) = ag + a1 + - - - + ama™ by choosing appropriate
coefficients. Moreover, for any continuous function f on [a,b] and any € > 0, there exists a
polynomial p such that |f(z) — p(x)| < € for all = € [a, b] by the Weierstrass Approximation
Theorem [30]. Therefore, as k — oo and with sufficient data to estimate coefficients, the
model can exactly represent any polynomial effect and approximate any continuous effect to

any desired degree of accuracy. |

Completeness

By iterating over candidate parameter types and updating the action signature, FELIX
ensures that all relevant variables can be included in the effect model. Combined with
monomial regression, this guarantees that the model can eventually represent any polynomial
numeric effect up to a chosen degree k that depends on the correct set of parameters. The
parameter-swap procedure explores candidate parameter combinations in a combinatorial
fashion. When the number of candidate parameter types and the action arity are bounded, this
search is polynomial in the input size. In the general case, however, the search over parameter
combinations can be exponential. Note that while the algorithm achieves completeness for
any arbitrary degree k, searching this unrestricted space inherently requires exponential time
due to the combinatorial growth of the monomials.

Runtime Complexity

At the agent level, each iteration requires invoking an external planner, a problem class that
is PSPACE-hard. However, the computational overhead incurred by the repair mechanism
itself is polynomial. When dealing with a missing action parameter, we iterate over candidate
domain parameter types and refit a model when necessary. Assuming the total number of
available domain parameter types and the action arity are bounded, the number of iterations
of the parameter-type swap loop is polynomial. Within each iteration, the algorithm
performs model fitting and evaluation over the dataset D,. Under standard assumptions
that model fitting and evaluation are polynomial in the size of the dataset and the number
of parameter types, each iteration runs in polynomial time. Consequently, the additional
runtime introduced by the parameter type swap and model fitting procedure is polynomial
in the input size.
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Table 1 Size of Each Domain.

Domain Lifted Actions | Lifted Fluents | Functions Object Types
Expedition 4 2 3-4" 2-3"
Minecraft-pogo | 6 0 7-8" 0-2"

Sailing 8 1 4 2

Drone 8 1 14-15" 1-2"

“Depends on model drift (e.g Lv.1 and Lv.2 novelties in Table 2).

4 Experimental Results

We conducted experiments on four domains: Expedition, Sailing, Drone, and Minecraft-
Pogo. The first three domains are from the International Planning Competition (IPC)
2023 [29]. The Minecraft-Pogo domain is a recently introduced numeric planning domain
in which an agent operates in the popular Minecraft game and is tasked with crafting a
Pogo-Stick [4]. ! The size of each domain, in terms of lifted actions, lifted fluents, and
functions, is listed in Table 1.

For each domain, we developed a custom problem generator to create random instances.
These domains were selected to demonstrate the robustness and versatility of FELIX, including
planning domains from established numeric planning benchmarks and recently introduced,
less-studied planning problems.

Model Drift Complexity

We evaluate FELIX using five sets of model drift. The first three don’t introduce new
parameters to the action, and are categorized by their difficulty as Fasy, Medium, and
Hard. These labels reflect the structural complexity of the model drift introduced: Fasy
scenarios involve linear shifts in existing action effects, while Medium and Hard sets introduce
increasing degrees of non-linearity and latent dependencies. The other two sets, Lv. 1 and
Lv. 2 introduce a new parameter to the action’s signature and effect. Lv. 1 introduces a
parameter of type 1 in the action, Lv. 2 introduces a parameter of type 2 (see 3.3.2). Each set
contains three distinct scenarios, for a total of 15 environment changes per domain. Examples
of these cases are listed in Table 2, with a complete list provided in the supplementary
material.

Baseline and Competing Algorithms

We evaluated All Monomials Repair, Adaptive Selection Repair, and Adaptive Selection
with Signature Repair strategies. All methods were run with kK = 2 (see Section 3.3.1)
and with [ = 1 configured for the signature repair combination limit (see Section 3.3.2).
Performance was measured against No-Repair agent, which utilizes the original model without
any mechanism to detect or address model-environment mismatches.

We did not compare FELIX directly with Hydra [21] because Hydra relies on manually
engineered Model Manipulation Operators (MMOs) that define the search space of possible
repairs. Constructing MMO sets capable of expressing the nonlinear polynomial drifts and

! Specifically, we use the fully numeric version of the environment, referred to as the “Item Counts”
modeling of the problem. For more details, see [5].
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Table 2 Representative examples of model-environment mismatches in the Sailing, Expedition,

and Minecraft-Pogo domains across three levels of drift complexity.

Domain Sailing Expedition Minecraft-Pogo
Action go__z (=direction) move__forward get__log
Original Effect | Moves toward = Costs 1 supply Gets 1 log, decreases
tree count by 1
Easy The actions Costs 2 supplies Gets 0.5 log, decreases
go__south__west and tree count by 0.5
go__north__east are
switched
Medium A person drifts by: Costs Gets
d = d+0.3-drift_factor | 0.15- sled_capacity+ 1 | 0.05 - trees_in__map
supplies logs, decreases same
value from tree count
Hard A person drifts by: Costs 2 - factor® + 1 Gets
d=d+0.001-d- supplies. Here, factor 0.05 - mine_factor?
drift_factor+ 0.1 is a fluent logs, decreases same
value from tree count
Lv. 1 A person drifts. The Costs 3 - factor_value Gets 1 - axze__value,
parameter “person” supplies, factor _wvalue aze__value is reduced
isn’t originally in the is increased by 0.02. by 0.01. Uses new
action Uses new parameter parameter “factor”
“factor”
Lv. 2 The ship travel speed Costs 3 - factor_value Gets 1 - azxe_wvalue.
is based on the supplies. Uses the new | Uses new parameter
person’s location. The | parameter “factor” ‘axe’
parameter “person”
isn’t originally in the
action

signature modifications evaluated in our experiments would require substantial domain-
specific engineering, and no standard benchmark MMO library currently exists for such
settings. Consequently, a controlled empirical comparison across all evaluated drift scenarios
is not feasible. We also did not compare against learning-from-scratch approaches because
FELIX performs online repair while continuing to solve planning problems, whereas full
relearning approaches typically assume offline training traces.

Implementation Details

For planning, we utilized Nyx, a Python-based, domain-independent PDDL+ planner [26].
While our current experiments focus on PDDL2.1 domains, Nyx was selected for its versatility;
it provides a robust suite of search algorithms, including Greedy Best-First Search (GBFS)
and Breadth-First Search (BFS), which were essential for our methodology. Furthermore, its
Python-based implementation allowed for easier integration with the rest of our codebase,
and its native support for PDDL+ facilitates a seamless transition to more complex temporal
and continuous domains in future work. Notably, the planner’s capacity for PDDL+ does
not impact the search performance or behavior for the PDDL2.1 domains used in this
study. We configured Nyx to solve problems in each domain as follows. For Sailing, Drone,
and Expedition, we used a custom, domain-specific heuristic combined with GBFS. For
Minecraft-Pogo, we used a simple BFS. This was decided for faster planning, as all domains
(except Minecraft-Pogo) were slow in planning. We preferred faster planning, as our focus is
not on planning itself; it is on model repair.
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A time limit of 60 seconds was imposed on the planner, after which we declared a failure.

All experiments were conducted on a Windows 11 machine with Processor: 11th Gen Intel®
Core™ i7-1165G7 @ 2.80GHz, 4 cores, 8 logical processors, and 32GB RAM.

Experimental Design

For each domain, we generated 50 problem instances. Each domain—drift combination was
evaluated across these instances. We excluded problems where model drift rendered the task
unsolvable for an oracle planner using the correct domain model.

For each repair algorithm, we iterated sequentially over the problem instances. For each
problem, we performed the following procedure:

1. Run the planner using the current domain model to solve the problem.

2. Execute the resulting plan in the real environment and collect observations of any
deviations. Notably, the environment maintains the autonomy to handle incomplete
action calls; if an action is received with missing parameters, it completes the grounded
action using the first available type-compatible parameter.

3. Record the outcome (success or failure; planner timeouts are counted as failures).

4. Apply the evaluated repair algorithm to update the domain model based on the collected
observations.

5. Proceed to the next problem using the updated domain model.

4.1 Results

Figures 2 and 3 show our results across all domains and drift complexity levels. Each arranged
in a 5x2 grid of plots, Where each column corresponds to a domain and each row corresponds

to a specific level of model-environment mismatch (Fasy, Medium, Hard, Lv. 1, and Lv. 2).

In the Easy, Medium, and Hard settings, Adaptive Selection Repair is subsumed by Adaptive
Selection with Signature Repair.

In each plot, the x-axis represents the problem index (excluding problems rendered
unsolvable by any environment change within that complexity level). For each combination
of a problem, a model drift instance, and a repair algorithm, the outcome is recorded as
a binary value: 1 for success and 0 for failure. The y-axis displays the success rate based
on these outcomes, calculated as a moving average with a window size of 5 and averaged
over the three specific model-environment mismatches within that category. Thus, each plot
illustrates the performance of each repair algorithm as the system encounters an increasingly
diverse set of problem instances.

In the Easy and Medium sets, both Adaptive variants achieved near-perfect success
almost immediately. In contrast, the All Monomials strategy lagged in the Sailing and
Drone domains. This was particularly evident in the easy-drone graph. There, many actions
produced by the model were inapplicable, hindering the data collection required for the All
Monomials strategy, which needs more observations to adapt efficiently.

In the Hard set, all three strategies required more time to adjust due to the increased
complexity. However, they eventually converged, reaching similar near-maximum success
rates over time.

In the Lv. 1 set, the Adaptive Selection with Signature Repair managed to adapt after
a few problems. In contrast, the Adaptive Selection and All Monomials strategies did not
adapt as effectively, though they still slightly outperformed the no-repair baseline in the
Drone, Minecraft-Pogo, and Expedition domains.
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In the Lv. 2 set, Adaptive Selection with Signature Repair required more problems to
achieve adaptation than in Lv. 1. This was most noticeable in Minecraft-Pogo, where the
system tried an incorrect parameter before finally using the correct one, and in Drone, where
adaptation was delayed by slow data collection. Consequently, we evaluated those domains
across 100 problems rather than 50, as Adaptive with signature support required more data
to demonstrate adaptation. Across all domains, the Adaptive Selection and All Monomials
strategies failed to adapt as effectively.

It is important to note that fully repairing the model does not always correlate with
consistently solving problems. In many cases, a strategy solves problems before fully repairing
the model by acquiring an incomplete numeric-effect function. In some instances, a strategy
may have avoided an action due to an ineffective repair that made it less favorable during
search, or simply because the action was not required.

Overall, the Adaptive Selection with Signature Repair method shows the most consistent
adaptation across all model drift sets and domains. It performs comparably to the best
repair in each case, combining the strengths of multiple strategies. In some domains and
level 2 model drifts, All Monomials and Adaptive Selection outperform the no-repair baseline.
This occurs, for example, in Drone, Expedition, and Minecraft-Pogo. This demonstrates that
even without the correct signature, it is possible to approximate real-environment effects
using the feature set available under the incorrect signature.

5 Conclusion and Future Work

In this work, we introduced FELIX, a learning-based framework for repairing numeric
model drift in planning domains. By detecting discrepancies between predicted and observed
transitions at runtime, FELIX selectively updates outdated numeric effects while preserving
unaffected components of the domain model. This targeted repair mechanism enables
agents to maintain planning performance without requiring full model relearning or explicit
identification of the underlying environmental change.

Across multiple domains and levels of drift, FELIX consistently restored planning per-
formance. In particular, the Adaptive Selection with Signature Repair strategy demonstrated
rapid recovery under simple drift and steady improvement under more complex drift, high-
lighting the advantage of combining signature repair with data-driven effect learning.

For future work, we plan to improve FELIX by replacing the current brute-force parameter
search with a type-guided heuristic, narrowing the candidate parameters for faster and more
efficient repair. We also aim to enhance the adaptive repair strategy by integrating symbolic
regression, allowing the framework to discover more complex and non-polynomial functional
forms beyond the fixed monomial basis. More broadly, our research sits at the intersection
of symbolic model repair, numeric planning, and reliable autonomy. By addressing model
discrepancies at run-time, this work contributes to the broader goal of building resilient Al
systems.
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—— Abstract

Identifying mode-transition conditions in Cyber-Physical Systems (CPS) is fundamental to model-
based diagnosis, but learning them from scarce, multivariate time-series data requires boundary
expressions that remain interpretable in physical variables. A central challenge is that some features
are actively detrimental: their inclusion distorts the orientation of the learned boundary, degrading
robustness to future crossings without affecting training accuracy. We introduce SVM-GRFE
(Geometric Recursive Feature Elimination for SVM), a feature selection method that operates on
polynomial monomials rather than raw variables, jointly assessing accuracy and geometric criteria
that capture each monomial’s structural role in boundary orientation; the boundary is back-projected
analytically to an explicit polynomial inequality in physical variables. We prove SVM-GRFE returns
an interpretable, geometrically stable, and robust boundary. On seven synthetic scenarios, SVM-
GRFE achieves 33%—85% monomial reduction, matches or outperforms SVM-RFE in five out of
seven scenarios and consistently outperforms SVM-RFE under noise at equal complexity, most
notably under heteroscedastic noise.
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1 Introduction

Cyber-Physical Systems (CPS) combine continuous physical processes with discrete digital
control, producing complex multivariate dynamics. In many industrial applications, from
manufacturing plants to energy systems, the behavior of a CPS can be decomposed into a
succession of operating modes, each characterized by its own continuous dynamics. Accurate
identification of these modes and of the conditions governing transitions between them is a
prerequisite for reliable model-based fault diagnosis and prognosis [3].

In model-based diagnosis, the behavioral model of the system is used to identify the root
cause of observed anomalies by comparing system observations to expected mode behaviors.
A central prerequisite is an accurate characterization of the conditions under which the
system transitions between modes. These conditions must be interpretable: expressed as
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explicit inequalities in the original physical variables of the system, directly readable by
a domain expert and reusable without further computation in a monitoring, diagnostic,
or control pipeline. Interpretability is not merely a convenience in this context, it is a
diagnostic requirement. An interpretable condition identifies which physical variables govern
the transition, enabling future fault isolation and reducing the diagnostic hypothesis space.
A condition that involves spurious variables may incorrectly implicate sensors that are not
causally linked to the transition.

Consider an aircraft during climb. If a learning algorithm infers a transition condition
involving an irrelevant sensor (the outside temperature for example), the classifier may
achieve excellent training accuracy while producing a boundary that is sensitive to sensor
noise or drift. Such errors can compromise the reliability of model-based diagnosis.Not
all instrumented variables are causally involved in a given transition, and including those
that are not introduces a subtler problem than mere redundancy: these variables are
detrimental (Definition 2) in the sense that their inclusion pulls the learned boundary away
from the true transition condition.

This geometric distortion reduces the robustness of the boundary to transition future
crossings: a transition observed under noise, measurement drift, or slow variations in the
continuous dynamics may no longer be correctly classified, causing spurious fault detections or
missed transitions, reducing the resilience of the diagnostic pipeline. Detecting and removing
detrimental features is therefore central to transition condition learning, and cannot be
achieved by accuracy-based criteria alone: a detrimental feature may distort the boundary
orientation without reducing classification accuracy on the training data, a distinction that
purely accuracy-based selection criteria cannot capture.

In practice, a CPS is observed as a multivariate Time Series (TS) X = {x1,...,Xy}, where
each observation x; € R™ represents the simultaneous measurement of m physical variables
at time step i. Recovering an interpretable, exportable, geometrically stable expression
under perturbation from data is both a classification problem and a modeling challenge. The
available data is scarce: only the two short time segments immediately before and after the
transition are informative, typically comprising a few hundred observations, which renders
cross-validation (CV) unreliable as a model! selection strategy [2]. These conditions are
formalized as Assumptions (Al)—(A4) in Section 3. With so few points, each CV fold contains
too few samples to be representative of the data distribution, and the resulting accuracy
estimates exhibit high variance, making classifier comparison unreliable. Data points are
furthermore temporally ordered and locally correlated.

Support Vector Machines (SVMs) are particularly well-suited to this problem: their
decision boundary is explicit and can be exported as a polynomial inequality. They can
represent complex transition conditions when combined with polynomial feature expansion,
and their maximum-margin formulation provides a natural measure of boundary robustness [5].
However, standard SVM feature selection (FS) methods such as SVM-RFE [7] operate on
raw input variables and do not account for the geometric properties of the boundary essential
for transition condition generalization. Moreover, in a polynomial feature space, the relevant
unit of selection is the monomial rather than the physical variable: a monomial may couple
several physical variables simultaneously, and its removal eliminates a coupling term from
the boundary expression rather than a physical variable.

This paper introduces SVM-GRFE (Geometric Recursive Feature Elimination for SVM),
an F'S method tailored to transition condition learning from TS data. SVM-GRFE extends
the SVM-RFE framework to operate on polynomial monomials rather than on raw physical

L We call model the learned classifier.
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variables, enabling the analytical back-projection of the learned classifier to an explicit
polynomial inequality in physical variables. SVM-GRFE has three main proved properties:
it returns an interpretable boundary, it is robust to bounded perturbations and ensures
geometrical stability. Its central contribution is the detection and removal of detrimental
monomials, that distort the boundary orientation without accuracy benefit, through geometric
criteria that capture the structural role of each monomial in the learned boundary, a distinction
that purely accuracy-based selection criteria cannot make. SVM-GRFE can therefore be
integrated directly into model learning pipelines. The method is evaluated on synthetic
boundary scenarios of increasing complexity against baseline FS methods, and its robustness
to five types of measurement noise is assessed at equal model complexity.

The remainder of this paper is organized as follows. Section 2 presents background on
SVMs and reviews related work on SVM-based F'S methods and their limitations. Section 3
formalizes the problem and details the SVM-GRFE algorithm. Section 4 presents the
experimental protocol, results, and noise robustness analysis over the case study. Section 5
concludes and outlines directions for future work.

2 Background and related work

2.1 Support Vector Machines

Support Vector Machines (SVMs) are supervised binary classifiers [5]: given a labeled training
set {(xi, i)}, with x; € R™ and y; € {—1,+1}, a hard-margin SVM seeks a boundary
expression w' x + b = 0 that separates the two classes while maximizing the margin, defined
as the distance between the boundary and the closest training points of each class. Here,
w € R™ is the weight vector, which is normal to the boundary and determines its orientation
in the learning feature space, and b € R is the bias term, which controls its offset from the
origin. These closest points are called support vectors and are the only observations that
determine the boundary; all other training points are irrelevant to the boundary’s position.
Maximizing the margin is equivalent to minimizing ||w/||?, which yields a boundary that is as
far as possible from both classes and is therefore robust to small perturbations in the data.
When the two classes are not perfectly separable, the hard-margin formulation has no
solution. The soft-margin SVM [5] relaxes this constraint by allowing a controlled number
of misclassifications, penalized by a regularization parameter C € R}. A large value of C
forces the classifier to minimize training errors at the risk of overfitting, while a small value
of C' tolerates more misclassifications in favor of a wider, more generalizable margin.
Linear SVMs produce linear decision boundaries, which is insufficient for the complex,
non-linear transition conditions that arise in CPS. Non-linear SVMs with kernels can represent
more complex boundaries, but their decision function f(x) = >, a;y; K (x;,x) + b is an
implicit representation defined only via training-point evaluations in a high or infinite-
dimensional feature space, not as a closed-form expression in physical variables; it therefore
cannot be exported without the full training set and cannot be inspected by a domain expert,
making the learned boundary unsuitable for a transition condition on the physical variables
of the system. Several approaches have been proposed to recover interpretability from SVM
models. ISVMFD (Interpretable SVM for Functional Data) [9], is an interpretable SVM for
functional data that produces a function whose shape can be inspected to identify relevant
time intervals. However, this framework operates in infinite-dimensional function spaces and
relies on the functional structure of the input: it does not extend to multivariate TS and the
learned boundary cannot be exported as an inequality in physical variables. pTsm-SVM [4]
incorporates data-mined two-dimensional linear rules as inequality constraints into the SVM
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optimization problem to enhance interpretability. The result, however, is a set of local rules
used to explain individual predictions, not a global analytical boundary expression: the
underlying decision function remains a kernel SVM that cannot be exported and reused
directly as a boundary expression. In our context, an interpretable expression is a strict
requirement: the learned boundary must be a polynomial inequality in physical variables,
analytically exportable and directly reusable in a CPS diagnostic or prognostic pipeline.

We therefore adopt a linear SVM combined with an explicit polynomial feature expansion
defined by the monomial set ® = {¢1,...,¢n,,, } of degree d, where:

Mooy = (" 17 <1 1)

is the number of monomials in the polynomial expansion of total degree at most d, excluding
the constant bias term b, and each ¢; : R™ — R is a monomial of the polynomial feature
expansion. We therefore create non-linear features from the physical variables of the system.
The SVM then operates linearly in the expanded polynomial feature space, and the learned
boundary in physical variables can be analytically recovered as a polynomial inequality,
retaining the ability to represent non-linear transition conditions. Those properties are
central to the interpretability objectives of SVM-GRFE (Section 3.3).

From now on, the variables refer to the physical variables of the system while features or
monomials refer to the expanded polynomial features in RVpelv. Furthermore, variables in
bold refer to vectors.

2.2 Related work on feature selection: methods and limitations

In the context of boundary learning for CPS, FS serves a purpose that goes beyond model
simplification: a monomial may distort the orientation or translation of the learned boundary
in physical space, yielding a boundary that is not robust to future crossings of the transition.
FS is therefore motivated by three complementary objectives: (i) geometric stability: removing
monomials whose inclusion rotates or translates the boundary without accuracy benefit;
(ii) robustness: choosing the most relevant monomials to make the boundary less sensitive to
noise and slow variations in the continuous dynamics; and (iii) interpretability defined as
follows.

» Definition 1 (Interpretability of the learned boundary). The learned boundary go(x) > 0
is said to be interpretable if it can be expressed as a closed-form polynomial inequality in
the physical variables xg,...,x,m_1, directly readable by a domain expert and analytically
exportable for reuse in a CPS modeling, monitoring, or diagnostic pipeline.

The goal is not to reduce the number of features for its own sake, but to identify and remove
monomials that are actively detrimental to the geometric quality of the learned boundary.

» Definition 2 (Detrimental monomial). A monomial p; € ® is said to be detrimental
if its removal from the active feature set ® does not degrade classification accuracy and
simultaneously reduces the geometric distortion of the learned boundary.

FS for SVM has been studied extensively, and two main families of methods are generally
distinguished [6, 8]: filter approaches select features independently of the classifier while
wrapper approaches evaluate feature subsets by directly measuring the classifier’s accuracy
on held-out data. Filter approaches, which are agnostic to the classifier, are not considered
further; the remainder of this section focuses on wrapper methods.
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Wrapper approaches are known to outperform filter methods when the goal is to optimize
the performance of a specific classifier rather than to rank features by generic statistical
criteria [8]. Importantly, [8] shows that maximizing accuracy and selecting the most relevant
features for a given problem are not equivalent objectives and can lead to different chosen
subsets. They define as relevant a feature for which its removal can degrade the performance
of the classifier. Relevance is further distinguished into three levels: a feature is strongly
relevant if its removal always degrades the optimal classifier; weakly relevant if it is not
strongly relevant but belongs to some optimal feature subset; and irrelevant if its presence
never affects the optimal classifier regardless of the subset considered. Their work also
establishes that strongly relevant, weakly relevant, and irrelevant features require different
treatment, a taxonomy that motivates the multi-criteria categorization adopted in our method
SVM-GRFE (see Section 3).

Among wrapper strategies, backward elimination starts from the full set and removes
variables recursively, capturing interactions more naturally but at higher computational cost.
Forward selection on the other hand starts from an empty feature set and adds variables one at
a time, offering computational efficiency at the cost of missing feature interactions. Forward
selection is not included as a primary baseline in our work for two reasons. First, the first
monomial selected anchors the solution: any subsequent monomial is evaluated conditionally
on this initial choice, which introduces a dependence that is particularly problematic when
monomials are correlated, as is systematically the case in polynomial expansions. Second,
and more fundamentally, forward selection cannot identify detrimental monomials since it
only adds monomials that improve the current model and never considers removal.

A well-documented limitation of wrapper methods is their susceptibility to overfitting in
the feature subset space, caused by repeated use of accuracy estimates [8]. This problem
is exacerbated when the number of available samples is small: with so few points, each
CV fold contains too few samples to be representative of the data distribution, and the
resulting accuracy estimates exhibit high variance, making classification model comparison
unreliable [2]. In our setting, the training data consists of a local neighborhood of size
Ngrain € N, which may comprise as few as a few tens of points. CV is therefore not
abandoned for computational reasons, but because it is statistically unreliable with so few
data. Unlike a CV fold, which partitions a single observation pool so that train and test share
the same recording and local correlations, our train/test split originate from two distinct
crossings, recorded under potentially different operating conditions. Xeya) is therefore an
independent realization of the same physical phenomenon, not a held-out subset of the same
recording: the resulting accuracy estimate measures generalization to a future crossing (the
method’s actual operational objective) and its variance reflects the system’s natural between-
crossing variability rather than the arbitrary choice of partition. SVM-RFE (Recursive
Feature Elimination), introduced by [7] for the classification of cancerous tissues from very
few samples but a high number of features, addresses FS for linear SVM by recursively
eliminating the feature j whose squared weight wj2 is smallest, eliminating the feature that
contributes least to the margin, and retraining the classifier after each removal. SVM-RFE
was shown to automatically reduce redundancy while producing smaller and more accurate
subsets. However, SVM-RFE was designed for the case where features coincide with input
variables: the weight vector w has one component per physical variable, so ranking features
is equivalent to ranking variables. In SVM-GRFE, by contrast, the SVM operates in an
expanded polynomial feature space and w has one component per monomial of the polynomial
feature space. Ranking monomials is therefore not equivalent to ranking physical variables.
Furthermore, SVM-RFE relies solely on a weight-based criterion, without accounting for the
geometric properties (orientation and translation) of the learned boundary in physical space.
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More recent work has explored metaheuristic approaches to F'S, combining population-
based optimization algorithms (Grey Wolf Optimizer (GWO), Salp Swarm Algorithm (SSA),
Particle Swarm Optimization (PSO), and others) with classifiers such as SVM, random
forests, or neural networks [10]. These methods identify optimal feature subsets jointly
with classifier hyperparameters, evaluated by CV and tuned by Optuna [1]. Their results
confirm that FS does not degrade SVM accuracy and yields significant reductions in model
complexity and improved interpretability. However, population-based methods require a
large number of model evaluations and a reliable CV estimate, making them unsuitable for
the small-sample constraint considered here.

Three limitations are shared across the reviewed methods and motivate the design of
our new method SVM-GRFE. First, feature is systematically equated with input variable,
whereas in a polynomial feature space the relevant unit of selection is the monomial. Second,
no method incorporates geometric criteria to assess the structural role of a feature in the
learned boundary, relying exclusively on accuracy-based scoring. Third, none of the reviewed
methods require producing an exportable expression of the boundary in physical variables,
which is a requirement in the context of transition learning for CPS.

3 SVM-GRFE: Geometric Recursive Feature Elimination for SVM
3.1 Problem formulation

(a) 5 distinct hyperplanes — accuracy = 100% (b) Accuracy does not capture hyperplane rotation
i 34°

Class 0 —
100 —e—0—o—

Class 1

Accuracy (%)

Perfect-accuracy zone: 34° of rotational freedom Accuracy blind zone (100%)
I : \ v

-3 -2 -1 o 1 2 3 4 —80 -60 —40 -20 o 20 40 60 80
Xo Rotation Af relative to the optimal hyperplane (degrees)

Figure 1 Geometric instability of the decision boundary: five different boundaries achieve perfect
classification accuracy (subfig.(a)) while exhibiting substantial mutual rotation (subfig.(b)).

In CPS, the transition conditions between functioning modes are generally complex,
non-linear and multivariate.

Accuracy alone is an insufficient criterion for F'S when the geometry of the learned bound-
ary matters. As exemplified in Fig. 1, subfig.(a), five distinct boundaries can achieve perfect
classification accuracy on the same two-dimensional dataset while exhibiting substantial
mutual rotation (subfig.(b)). In the context of boundary learning, such rotational instability
yields structurally different expression in physical variables, undermining robustness of the
learned boundary. A monomial that induces such rotation without improving accuracy is not
merely useless: it is detrimental (Definition 2) and should be removed. We are looking for
the monomials that ensure what is defined as the geometric stability of the learned boundary.

» Definition 3 (Geometric stability of the learned boundary). The learned boundary go(x) > 0
is said to be geometrically stable with respect to a monomial p; € ® if its removal does not
significantly alter the orientation or the position of the boundary in physical space. More
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formally, let Té"w and Té"“’ thresholds defined in Eq. 4. The learned boundary is geometrically
stable iff (-7 < Tel"w and p=7) < T}é"“’, with 0(=7) the angle between the orientation of the
ablated boundary ge\{,,}(x) and the full boundary go (x), and p(=7) the normalized plane
distance between the two boundaries.

Indeed, the decision boundary must not only classify the training dataset correctly, but
also faithfully generalize to future crossings. A boundary that is accurate on the training
dataset yet poorly oriented because of detrimental variables that would impact negatively
the orientation of the boundary, may fail to generalize to future crossings. Not all features
contribute equally to this geometric fidelity: some monomials are irrelevant and can be
discarded without consequence, while others actively distort the orientation of the boundary
and are therefore detrimental to the robustness of the learned boundary. Identifying and
removing such detrimental monomials is the central objective of SVM-GRFE.

» Definition 4 (Robustness of the learned boundary). The boundary condition ge(x) > 0 is
said to be robust at a point x if there exists a perturbation bound e(x) > 0 such that for
any perturbed observation X = x + 8 satisfying ||0|| < e(x), the sign of go is preserved: (i.e.
sign(g<1> (5{)) = sign (gé(x)). Such perturbations may include measurement noise, sensor drift,
and slow variations of the underlying continuous dynamics.

The system is observed via a multivariate time series X = {xy,...,x,} with x;, € R™. An
observable mode change occurs at a transition instant ¢*. We extract from X a pre-transition
training segment and a post-transition training segment. We denote by £~ = {x_j-,...,x_1}
the last k= € N* observations of X before t* and by £+ = {x1,...,xp+} the first kT € N*
observations of X after and during ¢*, with npain = k= + k7 = | Xirain|- The training dataset
is constructed as:

Xirain = {(x, 1) | x € £} U{(x,+1) | x €&t} (2)

so that class —1 corresponds to the pre-transition mode and class +1 to the post-transition
mode. Once Xiain is constructed, the temporal ordering of the points is discarded: the SVM
treats Xirain as an unordered set of labeled points in R™, whose only role is to determine
the support vectors and the resulting decision boundary.
The method’s design and guarantees are conditioned on the following assumptions,
characteristic of transition learning from CPS multivariate time series.
(A1) Data scarcity. The training dataset X ain comprises ngpain labeled observations
drawn from a single transition crossing. This assumption renders cross-validation un-
reliable as a model selection strategy: with so few points, each CV fold contains too
few samples to be representative of the data distribution, and the resulting accuracy
estimates exhibit high variance, making classifier comparison unreliable [2].
(A2) Held-out crossing availability. At least two crossings of the same transition are
available, yielding a segment Xeya) disjoint from Xi,.in and recorded at a different time
instant. When no such crossing is available, Xeya = Xirain 1S used as a fallback, at the
cost of measuring training fit rather than generalization.
(A3) Transition stationarity. The guard condition governing the transition is stable
across crossings: Xeyal is a representative evaluation of the generalization of the learned
boundary to future crossings of the same transition.
(A4) Bounded model complexity. The polynomial degree d* < dpax and the number
of physical variables m are moderate, consistent with physically interpretable CPS
dynamics.
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3.2 Proposed method

SVM-GRFE is a sequential pipeline: first, a full-feature boundary is learned, and then
monomials are recursively eliminated according to accuracy and geometric criteria. The
central building block throughout is the train_SVM function (Alg. 2, Section 3.2.2), which
trains a polynomial SVM with hyperparameters (d*, C*) (previously identified by grid search,
results in the associated git repository?), and exports the resulting boundary as an explicit
polynomial inequality in physical variables. The objective of SVM-GRFE is therefore not
to reduce the number of physical variables, but to identify a reduced subset ®* C ® by
eliminating monomials whose presence degrades the geometric stability of the boundary,
such that ge«(x) > 0. We first describe the full SVM-GRFE algorithm in its two elimination
phases, then the training SVM function.

3.2.1 SVM-GRFE full algorithm

Alg. 1 explains the Geometric Recursive Feature Elimination for SVM (SVM-GRFE). At
first, a feature set & is initialized as the complete set of Npo1y (Equation (1)) monomials
of degree at most d* (line 1). A full-feature boundary g¢(x) is then trained via train_SVM
(Alg. 2, Section 3.2.2) and its accuracy accglalll ) on the evaluation dataset Xeval 1s recorded

as the reference accuracy (line 2). SVM-GRFE then proceeds in two phases.

Phase 1: recursive elimination. At each iteration, every remaining monomial ¢; € ® is
individually removed and an ablated model gg\ {,,}(X) is retrained on ®\{y;} (lines 5-9).
Three scores are computed for each ablated model (line 8, Eq. 3): the signed accuracy
variation A(=7) the cosine angle §(~7) between the orientation of the ablated boundary
9o\ {,,}(x) and the full boundary gg(x), and the normalized plane distance p=9) between the
two boundaries, characterizing respectively the accuracy impact, the rotational displacement,
and the translational displacement induced by removing ¢;.

We now use the notation 0000 when referencing the reference model and 0% for

proj(—j)
the element of the reference model projected onto the subspace ®\{g;} by discarding the

component corresponding to ¢;. The three scores are defined as:

(=) . w(ed ) b(—j) N b(ref? 4
cos(99) = W Wproj(—j) (=) _ ProizA ] A9 = geeTD) —aece
WD Wi I W vl ~ o

3)

A value of cos(8(=7)) close to 1 indicates that the boundary orientation is preserved; a
small value indicates a significant rotation. The distance p(~7) measures the translational
displacement of the boundary normalized by ||w(=7)].

The three scores are then compared to adaptive thresholds that partition the candi-
date monomials into elimination categories: €,.. separates accuracy-neutral removals from

accuracy-impactful ones, while T;.OW/ hish ond T,l)ow/ high distinguish geometrically negligible,
moderate, and significant displacements. All thresholds are computed from the empirical

distributions of the scores across all candidate removals at the current iteration (line 10),
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Algorithm 1 Geometric Recursive Feature Elimination for SVM (SVM-GRFE).

Input: C* € Rf, d* €N, > SVM hyperparameters
Kirain € R™Mraim XM 0 g in € {—1, 41} train > train set
Keval € RPeval*™ oo € {—1, 41} eval > evaluation set
Output: &* C @ > reduced monomial set
gao+(x) >0 > boundary in physical variables
1@ {p1,.-, 0N, 1 Npoly = (m;ﬁd*) -1 > feature set
2: go(x) + train_SVM(P) > Alg. 2
3: accif]e:l) + accuracy(gs (x), Xeval, Yoval)
Phase 1: recursive elimination
4: while |®| > 1 do
5: for each ¢; € ® do
6: ga\{p;}(x) < train_SVM(®\{p;}) > Alg. 2
7: accgajl) — accuracy(gq>\{%.}(x), Xeval, Yeval )
8: Compute A7) 9(=9) (=9 > Eq. 3
9: end for
10: Compute €ace, 72°%, T;igh, Téow, T;igh > Eq. 4
11: Dadetrimental < {¢; € P : A > +Eacc} > set of detrimental features
12: Dgeom {cpj € @\ Ddetrimental : (9(*7') > T;igh or p(fj) > T;‘igh) and A9 > —aacc} > set
of geometry destabilizing features
13: if Dyetrimental U Dgeom = 0 then break
arg MaXe; € Dyetrimental A9 if Daetrimental 7 0 . . ~
14: "~ ~ > with normalized scores 6, p
arg MaXy,; € Dgoom (9(_” + ﬁ(_j)) otherwise
15: D+ D\ {p"}
16: 93 (x) + train_SVM(D) > Alg. 2
17: accg:l + accuracy(gs (x), Xeval, Yoval)
18: end while
Phase 2: batch removal of useless monomials
19: if |®| > 1 then
20: Duseless {cpj cd ;o9 < Téow and p(fﬂ < 7’},0“’ and A7) > —sacc} > reuse last
Phase 1 scores
21: if Duscless 7 0 then
22: D+ @\Duseless
23: ga(x) < train_SVM(QD) > Alg. 2
24: end if
25: end if
26: return ®* < &, g+ (x) >0

using quantiles to avoid introducing additional hyperparameters:

€3,CC

maX(nfm’ Qs ({‘A(_j)‘}ij‘b))
7OV = Qs ({e(ﬂ’)}%@) 7y = Qrs <{9(_j)}we¢>> W
T;OW = Qs <{p(j)}tpj€<1>) T;ﬁgh =@ <{p(j)}¢j€¢)

The accuracy tolerance €, is floored at 1/neyal, With neys the number of points of the

evaluation dataset Xeya1, the smallest observable accuracy difference on Xeya), to prevent
a single misclassified point from being interpreted as a meaningful accuracy change and

triggering elimination. All thresholds are data-driven and require no tuning.
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Two elimination candidate sets are then constructed (lines 11-12).

» Definition 5 (Accuracy-detrimental monomial). A monomial ¢; € ® is accuracy-detrimental
if its removal improves classification accuracy beyond the tolerance threshold: A=) > 4e,...
The set of accuracy-detrimental monomials is Dgetrimental = {pj € P : AGED) > +eace)-

» Definition 6 (Geometrically destabilizing monomial). A monomial ¢; € ® \ Dyetrimental
is geometrically destabilizing if its presence distorts the boundary orientation without con-
tributing to separability: its removal causes a significant displacement of the boundary, in
orientation (-7 > Tehigh) or in position (p(—7) > 7)), without degrading classification
accuracy (A7) > —e,..). Its elimination therefore improves the geometric stability of the
learned boundary.

Dgeom = {903 S (I)\Ddetrimental : (0(_]) > Tghigh or P(_j) > T;Ligh) and A(_j) > _Eacc}

If both Ddetrimental a1d Dgeom sets are empty, Phase 1 terminates (line 13). Otherwise,
the most detrimental or destabilizing monomial ¢* € Dyetrimental U Pgeom is selected for elimi-
nation (line 14): accuracy-detrimental monomials are prioritized by A7) and geometrically
destabilizing monomials by the sum of their normalized scores 6(—7) + pt=7). The selected
monomial ¢* is dropped (line 15), the SVM model is retrained (line 16), and the reference
accuracy is updated (line 17).

Xeval denotes a held-out evaluation set used to assess accuracy during elimination. Two
choices are possible depending on data availability:

Test set (recommended): Xy = Xtest, constructed from one or more future crossings

of the same transition: segments £~ and T recorded at a different time than those used

to build Xirain, such that Xirain N Xiess = 0. This provides an unbiased estimate of the
generalization of the learned condition to unseen crossings.

Training set (fallback): Xeyal = Xtrain When no held-out future crossing is available.

Accuracy score A(=7) measures training fit rather than generalization, which may lead to

less reliable elimination decisions.

In the experiments of Section 4.2, Xeyval = Xtest, using a fixed train/test split in place of CV,
which is unreliable in the small-sample constraint considered here [2].

Phase 2: batch removal of useless monomials. Upon termination of Phase 1, the scores
from its last iteration are reused directly to identify the set of useless monomials Dygeless
(line 20): monomials for which both #(~7) and p(=7) are below their respective low thresholds
and whose removal does not degrade accuracy. These monomials contribute neither to
the boundary orientation, its position, nor its accuracy, and are removed in a single batch
(lines 21-24), followed by a single retraining (line 23).

This two-phase design eliminates, in Phase 1, monomials that are either accuracy-
detrimental (Definition 5) or geometrically destabilizing (Definition 6), and removes in
batch in Phase 2 those that are useless (neither accuracy-detrimental nor geometrically
destabilizing). These three populations are necessarily disjoint (Proposition 12), ensuring
that each monomial is processed by at most one elimination criterion.

The final reduced monomial set ®* and the corresponding boundary ge«(x) > 0 are
returned (line 26). To ensure that all SVM models trained during SVM-GRFE are consistently
oriented and therefore geometrically comparable, the sign of gg- is fixed by evaluating it at
the centroid g of Xiain in physical space (details in Section 3.2.2 and Algorithm 2).

The monomials retained in ®* at the end of Phase 2 are those for which no elimination
criterion was triggered: they are neither accuracy-detrimental, nor geometrically destabilizing,
nor useless under the adaptive thresholds computed at their respective iteration. This does
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not imply that retained monomials are necessary in a strict sense (that is, that their removal
would necessarily degrade accuracy or geometry). Two sources prevent this stronger claim.
First, the adaptive thresholds are defined relative to the score distributions of the current
iteration: a monomial may be retained simply because other monomials exhibit larger
geometric effects at that step, keeping it below the elimination threshold. Second, the
sequential nature of the elimination introduces a path dependence: the scores 0(~7) and
p(=7) are recomputed at each iteration on the current model, so a monomial that was not
eliminated may have been eliminated under a different elimination order. The set ®* should
therefore be interpreted as a sufficient reduced feature set: one for which no monomial was
identified as removable without violating the accuracy or geometry constraints of the method,
rather than as a minimal or necessary one.

3.2.2 SVM training function

Algorithm 2 train_SVM(S).

Input: S = {yi,...,vs} > feature set
Kirain = {X1, -+, Xngpain }>  Xtrain € R7trainXm > train set

Ytrain € {—1, F1} " orain > train classes

C* e Rf, d* €N, > SVM hyperparameters
Output: gs(x) >0 > boundary in physical variables on input feature set S
1: Compute p,o0 € R™ > mean and standard deviation of Xirain
2: Compute Zirain = {Z1,- -+ Zngpain J»  Ltrain € R™Mrain <™ > standardize Xirain by u, o
3: Wirain < [v5(24)]i,5 € R™rain XIS 5 < [1,m],j € [1,]9]] > matrix of polynomial expansion

Compute decision function: f(z) = w}r\Il(z) + by in standardized space

4: (wy,by) < LinearSVC(C™, Wirain, Ytrain), Wy € R'S‘,bf c€R > learn boundary
Back-project to decision function gs(x) = w ' x + b in physical variables

5: gs(x) < backproject(wy, by, u,0,5) > Eq. 5

6: if gs(u) < 0 then > p is the centroid of Xirain in physical space

T gs(x) + —gs(x) > orient so that gs(p) > 0

8: end if

9: return gs(x) >0

Algorithm 2 details the train_SVM function, which is called throughout SVM-GRFE. It
takes as fixed inputs any feature set S, training dataset Xi.jn and its associated classes
Ytrain € {—1, +1}™m=in degree d*, regularization parameter C*; and returns an oriented
boundary gs(x) > 0 in physical variables.

The variable-wise mean g € R™ and standard deviation o € R™ of Xiai, are first
computed (line 1), and the dataset is standardized to zero mean and unit variance, producing
Zirain € R™MrainX™ (line 2). Standardization is necessary because the polynomial expansion
would otherwise produce monomials with very different numerical magnitudes depending
on the physical units of the variables, which would distort the SVM weight vector w.
The polynomial feature matrix Wiain € R™=in¥IS| is then constructed by evaluating each
monomial v; € S on each standardized observation z; € Ziyain (line 3): entry (7,5) of Uyrain
is 7;(z;). A LinearSVC (Linear Support Vector Classifier) with regularization parameter C*
is fitted on (Uyrain, Yirain ), producing the weight vector w; € RISl and intercept by € R of
the decision function f(z) = WJT‘II(Z) + by in standardized space (line 4).
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The backproject(wy,bs, u, 0, S) function (line 5) converts the SVM decision function
f(z) = W}—\I/(Z) + by defined in standardized space, into an explicit polynomial gg(x) in
physical variables by applying the substitution z; = (a; —u;)/0; analytically to each monomial
Y€ S:

[S|
X — p
a5 = sy (ST2) + 0y = whxro 5)
P

where w € RI°l and b € R are the coefficients of the resulting polynomial in x, obtained by
expanding and collecting the terms of } . wy,; v; (%) + by, and are distinct from wy € RIS
and by € R, which are the SVM weights in the standardized polynomial feature space.

To ensure that all returned SVM models are consistently oriented and therefore geomet-
rically comparable, the sign of gg is fixed by evaluating it at the centroid p of Xipai in
physical space ( Algorithm 2). If gg(p) < 0, the sign of gg is flipped (line 7), so that class +1
always contains the centroid of Xiain. The oriented boundary gs(x) > 0 is returned (line 9).

The resulting inequality gs(x) > 0 is a polynomial inequality in the original state
variables that can be directly reused as a transition condition in a CPS modeling, monitoring,
diagnostic, or control pipeline, and the retained monomials explicitly identify which physical
variables and their interactions govern the mode transition, allowing a diagnostic expert
to determine which sensors are causally involved and which are irrelevant, reducing the

diagnostic hypothesis space.

3.3 Properties of SVM-GRFE

SVM-GRFE satisfies two key properties that jointly motivate its design: the learned boundary
is interpretable, in that it is expressed as a closed-form polynomial inequality in physical
variables, and robust, in that the maximum-margin formulation provides a formal guarantee
of classification stability under bounded perturbations. These two properties are stated and
proved below, followed by a discussion of how geometric stability criteria connect them in
the feature selection procedure.

» Proposition 7 (SVM-GRFE returns an interpretable learned boundary). Let ®* C & be
the reduced monomial set returned by SVM-GRFE. The learned boundary go-(x) > 0 is a
polynomial inequality in the physical variables xg, . .., Tm—1, whose coefficients are recovered
analytically from the SVM weight vector w via the back-projection procedure of Alg. 2 (line 5).
It is directly human-readable and analytically exportable for reuse in a CPS model for diagnosis
and prognosis.

Proof. By construction of backproject (Eq. 5), the decision function f(z) = W;‘I’(Z) + by
defined in the standardized polynomial feature space is converted into an explicit polynomial
gao+(x) = w'x + b in physical variables by substituting z; = (x; — p;)/0; analytically into
each monomial ¢; € ®* and collecting terms. The result is a finite sum of monomials in
g, ..., Tm_1 With explicit real coefficients, readable without computational evaluation of
kernel functions. <

» Definition 8 (Physical-space margin). Let go(x) = w'x + b be the decision function of
the SVM in physical space. The margin at a point x € R™ is defined as the perpendicular
distance from x to the decision boundary {x' € x | go(x') = 0}:

d(x) = 9|‘|I’V(VX|)| (6)
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» Proposition 9 (SVM-GRFE returns a boundary robust to bounded perturbations). Let
x € R™ be a correctly classified point. The boundary ge(x) > 0 is robust at x with

£(x) = d(x) = |ga(x)|/|[wl|.
Proof. The perturbed decision function reads:
go(x+8)=w' (x+8)+b=ga(x)+wW'd (7)

The predicted class is preserved if and only if g¢(x) and go(x + d) have the same sign. By
the Cauchy—Schwarz inequality, [w'é| < ||w|| - ||8]. If ||| < v(x) = |ga(x)|/||w]|, then:

|92 ()|
lw'd| < wl - [|8]] < [lw]|- Wl [29e3] (®)
S0 go(x + ) cannot change sign, and the predicted class is preserved. |

» Remark 10. Proposition 9 is stated in physical space and § € R™ is a perturbation
in physical space representing measurement noise, sensor drift, or slow variations in the
continuous dynamics of the system. The perturbation tolerance (the margin in physical
space) d(x) increases with the distance of x to the boundary and decreases with ||w]: a
smaller weight vector norm yields a wider margin and greater robustness. Note that the SVM
maximum-margin criterion maximizes the margin in the standardized polynomial feature
space, not in physical space; the physical-space margin d(x) is therefore an indicator of
robustness in the physical variables, evaluated empirically in Section 4.4.

Proposition 9 shows that robustness is directly controlled by the physical-space margin
d(x) = |ga(x)|/]|w|. The maximum-margin formulation of the SVM maximizes the minimum
margin over the training set, providing the largest possible robustness guarantee on the
training dataset. Rather than maximizing the margin directly during FS, which would
require solving a joint optimization problem, SVM-GRFE uses the angular deviation 6(~7)
and the normalized plane distance p(=7) as proxies for geometric stability: a monomial whose
removal significantly rotates or translates the boundary is deemed structurally relevant, and
its elimination is avoided unless it is accuracy-detrimental (Section 3.2).

Accuracy and robustness are therefore complementary but not equivalent objectives: a
boundary that correctly classifies all points may nonetheless exhibit a small physical-space
margin d(x), and remain fragile to perturbations of moderate magnitude. This distinction
motivates the joint accuracy-and-geometry criterion of SVM-GRFE, which preserves the
margin by avoiding geometrically destabilizing eliminations even when they are accuracy-
neutral.

» Proposition 11 (SVM-GRFE per-step elimination guarantee). At each iteration of Phase 1,
the eliminated monomial p* satisfies at least one of the following conditions:

1. ACID) > 4e,e: accuracy does not decrease, (accuracy-detrimental case)
2. ACTD) > g0 accuracy decreases by at most €4c..  (geometrically destabilizing case)
In particular, no monomial whose removal simultaneously degrades accuracy beyond € 4cc and
causes a significant geometric displacement is ever eliminated.

Proof. By construction, ¢* € Dyetrimental U Dgeom~ If ¢* € Dyetrimental, then A=) > +€acc
by definition, so 1. holds. If ¢* € Dgeom \Ddetrimental, then AT > g o by the membership
condition of Dgeom, so 2. holds. Since any eliminated monomial belongs to one of these two
sets, no monomial outside Dgetrimental U Dgeom 1S €ver removed. <
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» Proposition 12 (Disjointness of elimination sets). The three elimination sets Dgetrimental,
Dgeom, and Dyseiess are pairwise disjoint:

Ddetrimental N Dgeom = (Z)a Ddetrimental N Duseless = ®7 Dgeom N Duseless = @

Proof. Dgctrimental N Dgeom = 0§ follows directly from the definition of Dgeom, which requires
©; € ® \ Dyetrimental- Pgeom N Duseless = 0 a monomial in Dygeless satisfies (=9 < Téow and

p(*j) < T}f’w, while membership in Dgeom requires (=9 > T;igh or p(’j) > T}}igh. Since

Téow < Tél igh and T})OW < T;igh by construction (Q25 < Q75), no monomial can satisfy both
conditions Simlﬂtaneousb"Ddetrimental N Duseless = (Z): Duseless feqUifes A(ij) > —€acc while
Daetrimental Tequires A > +€acc; any monomial satisfying the latter is eliminated in

Phase 1 before Phase 2 is reached. |

» Proposition 13 (SVM-GRFE global guarantee of accuracy). The per-step guarantee ensures
that no single elimination degrades accuracy by more than €,4.., but does not bound the
cumulative loss across all iterations, since €q4c. 1S recomputed at each step and individual
losses may accumulate. The total accuracy variation is therefore evaluated empirically in
Section 4.2.

3.4 Computational complexity of SVM-GRFE

We derive the computational complexity of Alg. 1 in terms of the number of LinearSVC
training calls, which dominate the total cost. Let m denote the number of physical variables,
d* the polynomial degree, n¢min the training dataset size, and Npoly the initial number
of monomials in ®. A single LinearSVC training on ni,j, points with p features costs
O(ntrain : p)-

Phase 1: cost per step. At elimination step s > 1, the current monomial set ® contains
Ps = Npoly — (s — 1) monomials. The inner loop (lines 5-9) trains one ablated model per
candidate monomial: for each ¢; € ®, train_SVM is called on p, — 1 features, at cost
O(Nirain - Ps). Since there are py candidates, the total cost of the inner loop at step s is:

O}gnner — O(ntrain . ps) X pg = O(ntrain . pg) (9)

After the inner loop, the selected monomial ¢* is eliminated and the model is retrained once
on ps — 1 features (line 16), at cost O(ngain - ps) Which is dominated by C""¢*. The total
cost of step s is therefore O(ngain - P2).

Phase 1: total cost. Let I' < N,y — 1 be the number of elimination steps before the
break condition at line 13. Summing the per-step costs:

T T
OPhase 1 — Z O(ntrain . pg) = O <ntrain . ZPi) (10)
1 s=1

Since ps < Npoly for all s, each term satisfies p? < Ng giving the upper bound:

oly?

Phase 1 2
C S O(ntrain : Np()ly :

T) (11)
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Worst case. When T' = N1y — 1, every monomial is eliminated one by one. Substituting
Ps = Npoly — (s — 1):

Npoly*1 Npoly

Npoly (Npoly + 1)(2Npo1y + 1)
Do opi= Y pte SRR TS T ) - O(N,) (12)
s=1 p=2

The worst-case complexity of Phase 1 is therefore O (nyain - Ng’oly).

Phase 2: negligible cost. Phase 2 (lines 19-24) reuses the scores A(=7) 9(=3)  p(=7)
computed during the last iteration of Phase 1, without any additional train_SVM call.
It incurs at most one retraining on the final reduced set ® \ Dyseless at line 23, at cost
O(Ntrain - pr)- This is dominated by CPhase 1 and does not affect the overall complexity.
Effective complexity. In practice, early stopping at line 13 terminates Phase 1 after a small
number of steps T' < Npoly, giving an effective cost of O(Nrain 'Ngoly). Since Npoly = O(md*)
for fixed d*, the method scales polynomially in the number of physical variables and remains
tractable for the moderate dimensions (m < 10, d* < 3) typical of physical system dynamics.

4 Case study

We evaluate SVM-GRFE on seven synthetic boundary scenarios? B1 to B7 of increasing
complexity, ranging from univariate linear thresholds to multivariate polynomial boundaries
in up to five physical variables.

Synthetic data are used deliberately: standard benchmark datasets do not satisfy the
constraints specific to our problem (few samples, physically meaningful variables, complex
continuous dynamics, and a decision boundary whose expression matters as much as its
accuracy). Each scenario generates labeled trajectory data of ngpain = 300 training points
and nyesy &~ 200 test points per transition, reflecting the small-data constraint that motivates
our design choices. In all experiments, Xeva1 = Xitest, @ fixed held-out split disjoint from
Xirain, used in place of CV.

From a diagnostic perspective, the seven scenarios represent transition conditions of
increasing complexity between operating modes of a CPS.

4.1 Baselines

Three methods are compared throughout this section:
FurLL: the unpruned SVM model trained on the full monomial set ®, serving as the
accuracy reference;
SVM-RFE: standard SVM-RFE applied in the polynomial feature space, which eliminates
monomials one by one according to their squared SVM weight wjz», j€|®;
SVM-GRFE: the proposed method.

FULL retains all N,o, monomials and serves as the accuracy reference. SVM-RFE
baseline is truncated to the same cardinality |®*| as SVM-GRFE, enabling an iso-complexity

comparison that isolates the effect of the selection criterion from the effect of model complexity.

2 For each scenario, the associated git repository https:/ /gitlab.laas.fr /lhatte/dx-26-svm-grfe provides
the full true boundary expression, the number of physical variables, the true polynomial degree, the
selected hyperparameters, and the dataset sizes; we summarize only the aggregate complexity trends in
this article.

6:15

DX 2026


https://gitlab.laas.fr/lhatte/dx-26-svm-grfe

6:16

Geometric Feature Selection for SVM in CPS

Table 1 Comparison of FuLL, SVM-GRFE, and SVM-RFE across all seven scenarios; best
accuracy per scenario in bold.

FuLL SVM-GRFE SVM-RFE
Boundary Npoiy, True monomials Accuracy Accuracy @~ Accuracy @~
B1 2 xo, T1 0.995 0.995 x9 0.995 o9
B2 5 a2, a2 0.990 0.930  x1, x2, 23 0.990 2, 1, =2
B3 2 zox1 0.990 0.990 =z 0.990 xo
B4 3 zi oz, a0 0.994 0.982 x9 0.988 3
B5 9 3, xoa? 0.975 0.990 =9, z3, 3 0.980 xzo, x1, T
B6 3 Tox1, T1X2, x% 0.994 0.994 =z, x2 0.994 =z, 22
B7 20 x2 0.950 0.995 2, x273, x% 0.920 To, T2, T4

Three stopping criteria are commonly used in the literature for SVM-RFE: stopping at a
fixed cardinality specified a priori; stopping when cross-validated accuracy begins to degrade;
eliminating all but one feature to produce a complete ranking [7]. The second criterion
requires reliable CV estimates, which are unavailable in our small-sample constraint. The
third produces a single-monomial output that is systematically too aggressive for polynomial
boundaries. We therefore adopt the first criterion, stopping SVM-RFE at the same monomial
cardinality |®*| as SVM-GRFE, which enables a fair comparison that isolates the effect of
the selection criterion (geometric vs. weight-based) from the effect of model complexity. All
methods use the same hyperparameters (d*, C*) selected by grid search on a fixed train/test
split, ensuring that observed differences in accuracy and geometry are attributable solely to
the feature selection strategy (see results in the git repository?).

4.2 SVM-GRFE results and comparison to baseline methods

Table 1 summarizes the results for all three methods (FuLL, SVM-RFE, SVM-GRFE)
across the seven scenarios. For each method we report the selected monomial set ®* and the
test accuracy. The best accuracy per scenario is in bold.

For B1, B3, and BG6, (scenarios with d* = 1) SVM-GRFE and SVM-RFE converge
to the same monomial set and produce identical boundaries with no accuracy loss relative
to FuLL. For B3 and B6, the true boundary involves degree-2 monomials absent from the
candidate set since d* = 1: both methods identify the best available linear approximation
within the constrained feature space. These low-complexity scenarios confirm that the
geometric criterion of SVM-GRFE does not introduce unnecessary eliminations when the
feature space is small and well-conditioned.

For B2 and B4, SVM-RFE outperforms SVM-GRFE. In B4, SVM-GRFE retains x(
(Accuracy = 0.982) while SVM-RFE retains x; (Accuracy = 0.988, boundary 8.738 x1 —
4.247 > 0), which is the more discriminative variable according to the unpruned model weights
(6.142 21 +2.080 £+ 1.142 29 —3.878 > 0). In B2, SVM-GRFE incurs a difference in accuracy
of —0.060 by eliminating z¢, whose small but non-negligible weight (0.307 x; — 0.089 22 —
0.032xg + - -+ > 0) is underestimated by the geometric criterion. Both cases correspond
to near-tie configurations where variables are individually informative and geometrically
comparable: the weight-based criterion of SVM-RFE is better suited to these settings because
it directly reflects discriminative power, whereas the geometric criterion of SVM-GRFE is
designed to detect structural irrelevance rather than marginal accuracy differences.

For B5 and B7, the full model is severely degraded by detrimental monomials that
carry large SVM weights, misleading the criterion of SVM-RFE. In B5, SVM-GRFE
converges to {rg, 2%, 23} (Accuracy = 0.990, +1.5% over FULL) by correctly identifying z;
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Table 2 Geometric indicators 6, p, 1/||w]| for SVM-GRFE and SVM-RFE relative to FULL.

Fur.  SVM-GRFE SVM-RFE

Boundary m 0 p m 0 p ”\,ITH
B1 0.501 49.1° 1.26 0.726 49.1° 1.26 0.726
B2 3.113 24.3° 0.99 2.150 1.2° 0.08 3.217
B3 1.001 53.7° 0.70 1.093 53.7° 0.70 1.093
B4 0.152 80.0° 0.13 0.219 21.1° 0.04 0.114
B5 0.007 58.7° 0.89 0.074 72.6° 1.31 0.103
B6 0.234 26.5° 0.10 0.203 26.5° 0.10 0.203

B7 0.020 90.0° 6.21 1.412 65.5° 0.12 0.088

as detrimental. SVM-RFE retains z; instead of 2%, achieving only Accuracy = 0.980. In
B7, SVM-GRFE converges to {xa, ¥ax3, 23}, correctly discarding all x4-related monomials.
SVM-RFE retains 4 (Accuracy = 0.920) because its large weight |w,z2| = 45.37 reflects its
dominance in the distorted full model rather than its relevance to the true boundary. In both
cases, the geometric criterion of SVM-GRFE detects that removing detrimental monomials
simultaneously stabilizes the boundary orientation and improves accuracy, a distinction that
the weight ranking of SVM-RFE cannot capture.

These results must be interpreted in the context of the selection strategy of d* and C*
that are selected by grid search that maximize F; score on a fixed split, a criterion that
is agnostic to boundary geometry and trajectory dynamics. This means that the selected
hyperparameters are optimized for classification accuracy, not for the geometric robustness
required.

Overall, SVM-GRFE matches or outperforms SVM-RFE in five out of seven scenarios,
strictly outperforms the full model in two (B5, B7), and identifies compact, physically
interpretable boundaries in the high-complexity constraint. This is the expected trade-off for
a criterion designed to detect structural irrelevance rather than marginal accuracy differences.
Its advantage is most pronounced when the monomial space is large, and accuracy-based
criteria are misled by detrimental features with large but spurious SVM weights.

4.3 Geometric analysis of learned boundaries

Table 2 reports the geometric indicators of SVM-GRFE and SVM-RFE relative to FULL:
the angular deviation 6 (degrees), the scaled plane distance p which measures the translational
displacement between the two boundaries in units of ||w]|, and the SVM margin 1/||w|| in
physical space. The margin quantifies the robustness of the learned boundary to perturbations
in the feature space, as formalized in Section 3.3, Proposition 9: a larger margin implies
a wider robustness guarantee around the boundary. 6 and p are computed between the
final selected boundary ge-(x) and the unpruned reference go(x) using Eq. 3, with @ \ {¢,}
replaced by ®*.

For B1, B3, and B6, both methods produce geometrically identical boundaries (6 and p
equal), consistent with their identical monomial selections. For B4, SVM-GRFE diverges
strongly from FULL (6 = 80.0°) while SVM-RFE stays close (§ = 21.1°), consistent with
their respective monomial selections. For B2, SVM-RFE stays very close to the full model
(6 =1.2°, p = 0.08) while SVM-GRFE diverges (0 = 24.3°, p = 0.99), consistent with SVM-
GRFE’s erroneous elimination of z¢ in this near-tie configuration. For B5, SVM-GRFE
(6 = 58.7°) is closer to FULL than SVM-RFE (6 = 72.6°), yet achieves higher accuracy.
For B7, SVM-GRFE reaches 8§ = 90° and p = 6.21: the boundary is not only rotated but
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Table 3 Accuracy at ¢ = 0 and ¢ = 0.50 (averaged over all noise types).

s=0 ¢ =0.50
Boundary SVM-GRFE SVM-RFE SVM-GRFE SVM-RFE Aace

Accuracy Accuracy Accuracy Accuracy
B1 0.995 0.995 0.858 0.849 +0.009
B2 0.930 0.990 0.858 0.895 —0.037
B3 0.990 0.990 0.875 0.870 +0.005
B4 0.982 0.988 0.909 0.902 +0.007
B5 0.990 0.965 0.873 0.858 +0.015
B6 0.994 0.994 0.935 0.847 +0.088
B7 0.995 0.920 0.920 0.815 +0.105
Mean 0.982 0.977 0.890 0.862 +0.028

also substantially translated away from the distorted full model. SVM-RFE diverges less
(0 = 65.5°, p = 0.12) but retains x4, achieving only Accuracy = 0.920. This confirms that
proximity to the full model is not a reliable indicator of boundary quality in high-dimensional
monomial spaces with detrimental features.

The margin column reveals a pattern complementary to accuracy. For FULL in B5 and
B7, the margin collapses to extremely small values (0.007 and 0.020 respectively), indicating
that the boundary is nearly tangent to the training points in the distorted polynomial
space: any small perturbation of the physical trajectory is likely to cause a misclassification.
SVM-GRFE in B5 obtains margins of 0.074 (10.6 times the margin of FuLL) and 1.412
in B7 (70.6 times the margin of the full model), a dramatic improvement that is directly
attributable to the elimination of detrimental monomials that dominated the weight vector
w and inflated ||w||. This confirms the theoretical connection established in Section 3.1: a
boundary that is accurate on training data but with a small margin will fail under noise or
sensor drift, whereas SVM-GRFE’s geometric criterion explicitly favors boundaries with
larger margins by penalizing the elimination of monomials that would destabilize the weight
vector. SVM-RFE, by contrast, retains x4 in B7 and achieves a margin of only 0.088, only
marginally better than the full model (0.020). For B4, SVM-GRFE achieves a margin of
0.219 versus 0.114 for SVM-RFE and 0.152 for the full model, suggesting that despite its
lower accuracy, the SVM-GRFE boundary in B4 is more robust to future perturbations.
For B1, B3, and B6, margins are comparable across methods, consistent with the identical
boundaries produced.

4.4 Robustness to measurement noise

To evaluate whether the geometric criterion of SVM-GRFE produces boundaries that are
more robust than those of SVM-RFE under realistic perturbations, we evaluate all three
methods on corrupted versions of Xiest while keeping Xi,.in clean. Five noise types are
tested: additive Gaussian, constant bias, linear drift, salt-and-pepper (random outliers),
and heteroscedastic (noise proportional to |z;;|). Each is applied at six intensity levels
¢ € {0,0.05,0.10,0.20,0.30,0.50}, expressed as a fraction of the per-variable standard
deviation of X ain. Since FULL uses all IV,01y monomials while SVM-GRFE and SV M-
RFE use a reduced subset, the primary comparison is between SVM-GRFE and SVM-RFE
at equal monomial cardinality |®*|.

Table 3 reports the accuracy of SVM-GRFE and SVM-RFE without noise (¢ = 0)
and at the highest noise level (¢ = 0.50), averaged over all five noise types. Since the five
noise types are qualitatively different and may not be equally likely in practice, this average
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Table 4 Mean accuracy at ¢ = 0.50 by noise type, averaged over the seven scenarios.

Noise type FuLL SVM-GRFE SVM-RFE Aace
Accuracy Accuracy Accuracy

Gaussian 0.941 0.916 0.911 +0.005
Bias 0.964 0.923 0.927 —0.004
Drift 0.976 0.965 0.946 +0.019
Heteroscedastic 0.840 0.870 0.769 +0.101
Salt-and-pepper 0.794 0.775 0.760 +0.015
Mean 0.903 0.890 0.863 +0.027

should be interpreted as a summary ranking indicator rather than a physically meaningful
quantity. The difference Ay = Accuracygyy.grrg —Accuracygyvyiprg at ¢ = 0.50 quantifies
the robustness advantage of SVM-GRFE over SVM-RFE at equal complexity. SVM-
GRFE outperforms SVM-RFE in six out of seven scenarios, with a mean advantage of
A.cc = +0.028. The advantage is most pronounced in B6 (+0.088) and B7 (40.105): in
B6, both methods select {z1, 22} but SVM-GRFE produces a better-oriented boundary; in
B7, SVM-GRFE correctly discards the detrimental z4-related monomials while SVM-RFE
retains them. The only scenario where SVM-RFE is more robust is B2 (A, = —0.037)
with or without noise.

Table 4 breaks down the accuracy at ¢ = 0.50 by noise type, averaged over the seven
scenarios. SVM-GRFE outperforms SVM-RFE in four out of five noise types, with the
largest advantage for heteroscedastic noise (A,ec = +0.101): since noise amplitude scales
with measurement magnitude, the detrimental monomials retained by SVM-RFE (such as
x4-related terms in B7) are amplified, while SVM-GRFE has already discarded them. For
drift, SVM-GRFE also shows a clear advantage (A,.. = +0.019). Bias is the only noise
type where SVM-RFE marginally outperforms SVM-GRFE (A,.. = —0.004), a difference
that falls within the resolution of the accuracy metric at the test set sizes considered. FULL
achieves the highest accuracy under all noise types except heteroscedastic, where SVM-GRFE
surpasses it (0.870 vs. 0.840), confirming that the elimination of detrimental monomials can
improve noise robustness even relative to the unpruned model. Table 5 reports, for each
method and noise type, the mean over the seven scenarios of the lowest tested noise level
¢ € {0.05,0.10,0.20,0.30,0.50} at which the accuracy first drops by more than 5% relative
to the baseline without noise of each method. Since this threshold is averaged over scenarios,
the resulting values may fall between two grid points and do not correspond to a single
tested level. A value of 0.50 indicates that the 5% threshold was never reached within the
tested range. Cells marked with T (see the note in the table) indicate that the threshold
was never reached within the range tested. Drift is the most benign perturbation: FULL
and SVM-GRFE never reach the 5% threshold, while SVM-RFE degrades at ¢ = 0.407.
Salt-and-pepper is the most damaging, with SVM-RFE degrading at ¢ = 0.121 versus
0.143 for SVM-GRFE. For all noise types, SVM-GRFE either matches or outperforms
SVM-RFE.

5 Conclusion

This paper introduced SVM-GRFE, a FS method for learning compact, interpretable, and
robust transition conditions in CPS from multivariate TS data. By operating on polynomial
monomials rather than raw physical variables and combining classification accuracy with
geometric criteria, SVM-GRFE identifies detrimental monomials while preserving an explicit
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Table 5 Mean noise level at which accuracy first drops by more than 5% relative to the baseline
without noise, by noise type.

Noise type FuLL SVM-GRFE SVM-RFE
Gaussian 0.471 0.379 0.364
Bias 0.471 0.314 0.343
Drift > 0.5 > 0.5 0.407
Heteroscedastic 0.300 0.293 0.257
Salt-and-pepper  0.200 0.143 0.121

TThe 5% threshold was never reached within the tested range ¢ € [0,0.50]; the reported value is censored
at the upper bound and is not a measured degradation level.

polynomial boundary directly reusable in diagnosis and control. Experiments on seven
synthetic scenarios show that SVM-GRFE reduces model complexity while matching or
outperforming the full model and standard SVM-RFE in most cases. Robustness evaluations
under multiple noise types further demonstrate improved resilience to measurement uncer-
tainty. Future work will focus on geometry-aware hyperparameter selection and validation
on real CPS datasets. A case study assessment focusing on a large city will be conducted to
examine scaling up. From a diagnostic standpoint, Beyond feature selection, the interpretable
polynomial boundary expression produced by SVM-GRFE provides interpretable transition
conditions that directly support fault isolation by explicitly identifying the physical variables
involved in each mode transition.
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—— Abstract

We present a living (evolving) benchmark for evaluating data-driven methods for fault-related tasks,
including fault (anomaly) detection and diagnosis, based on datasets generated by a realistic digital
twin of a cyber-physical production system (CPPS). The digital twin is designed to capture the
structural layout, operational behavior, and material flow of a modern production facility in a realistic
manner. Scenario definitions, represented as sequences of high-level events, are used to generate
labeled model-training and evaluation data from carefully designed fault scenarios. In addition, the
datasets include contextual data, such as scenario metadata, product configurations, material-flow
information, together with system knowledge such as the component hierarchy, component-type
information, and material-flow graph. The proposed benchmark therefore provides a practical basis
for method development and qualitative evaluation beyond simplified or isolated test setups. We
provide initial benchmark results by evaluating two representative methods for each of the two
considered tasks: anomaly detection and fault diagnosis.
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1 Introduction

The realization of robust, resilient and efficient production systems is a central objective in
the field of cyber-physical production systems (CPPSs). In this context, various methods for
analyzing system operation have been investigated, including anomaly detection, which aims
to identify deviations from expected system behavior [9], and fault diagnosis that targets to
isolate the root causes of the deviations in order to explain the problem [13, 4]. Although
significant progress has been made on these tasks and many methods have been proposed,
their evaluation is a quite complex problem [21]. Corresponding experiments are still typically
conducted using isolated use cases, task-specific datasets, or simplified system models [12].
This limits the comparability of methods and makes it difficult to assess their suitability for
realistic production settings.

One key challenge is the lack of comprehensive labeled evaluation data that enables a
realistic, meaningful, and fair assessment [6]. Furthermore, production systems are highly
diverse and consist of various interacting components whose integration gives rise to emergent
system behavior. As with symbolic approaches based on first-principles reasoning [28, 24]
and abductive reasoning [25], this requires a holistic analysis of system operation rather
than isolated analysis of individual components [18]. Moreover, new technologies, machines,
and devices, such as autonomous mobile robots (AMRs) and advanced industrial robots,
are increasingly being introduced into production systems. These developments change the
dependencies between system components and variables compared with earlier production
systems [8]. As a result, continuously updated benchmarks are needed to evaluate whether
proposed solutions remain applicable under evolving conditions [14].

To address this gap, we present HSU TwinFlow, a living digital-twin-based benchmark
built around a hypothetical production system with several hundred components and several
thousand signals. It encompasses conveyors, industrial robots, autonomous mobile robots
(AMRs), and operating stations (see Figure 1). The digital twin captures both the structural
layout and the operational logic of a production facility and generates production data from
high-level input scenarios that define, for example, product characteristics and component
parameters. In addition to nominal operation, the model supports the definition of failure
cases affecting different asset types, process stages, and system locations. This allowed us to
generate a benchmark dataset comprising representative, labeled scenarios for evaluating
anomaly detection and fault diagnosis solutions. This living benchmark can be continuously
extended and updated as the digital twin, scenarios, and evaluation requirements evolve.

&
|
|
|
"
|}
(1
-}
|}
|
o
-

Figure 1 The HSU TwinFlow digital twin is implemented in Emulate3D and combines physics-
based simulation with components from Digital Twin Factory and scenario generation by Novatio.
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The contributions of this work are threefold:

We introduce a digital twin of a complex production system comprising multiple interacting
asset classes, including conveyors, robots, AMRs, and operating stations.

We provide training and evaluation datasets with both nominal and faulty behavior,
following common anomaly detection and diagnosis requirements.

We establish an initial benchmark by evaluating two representative anomaly detection
methods and two representative fault diagnosis methods.

The remainder of this paper is structured as follows. Section 2 presents related work.
Section 3 introduces the digital twin, including the considered asset classes and the operational
modeling approach. Section 4 defines the benchmark requirements, as well as the evaluation
protocols, for anomaly detection and diagnosis. Section 5 presents the benchmark design,
including scenario-based data generation and fault modeling, while Section 6 reports the
initial experiments and results obtained with selected methods. Finally, Section 7 summarizes
the main conclusions, and outlines limitations and future work.

2 Related Work

Benchmark-based evaluation is essential for comparing fault (anomaly) detection and diagnosis
methods under reproducible conditions. Established industrial benchmarks, such as the
Tennessee Eastman Process, provide controlled process data and have been widely used
to evaluate fault detection methods [5, 10]. Other benchmark datasets focus on specific
data characteristics or sensing modalities. For example, multivariate time-series benchmarks
support the systematic comparison of anomaly detection and diagnosis methods in cyber-
physical systems [9], while datasets such as MIMII provide acoustic observations of normal
and anomalous behavior in industrial machines [27]. These benchmarks have contributed
significantly to method development, but they typically address specific processes, data
modalities, or isolated tasks.

The diagnosis community has also established shared evaluation settings through bench-
mark competitions. The First International Diagnosis Competition (DXC’09) introduced a
common framework for comparing diagnosis algorithms on shared systems, scenarios, ground
truth, and evaluation criteria [16]. Subsequent editions, including DXC’10, DXC’11, and
DXC’13, continued this effort across industrial, synthetic, software, and application-specific
tracks [15, 26, 31]. More recently, the DX Competition 2025 revived this benchmark-oriented
competition format with several dedicated fault-diagnosis benchmarks [23]. Domain-specific
diagnosis benchmarks have also been proposed, for example for water distribution net-
works [32]. These works demonstrate the value of shared evaluation environments, while
also highlighting the need for benchmarks tailored to the structure and dynamics of specific
application domains.

In the CPPS domain, existing benchmarks and datasets address important aspects of
fault-related tasks in production systems. Some provide simulation environments and data-
sets for evaluating Al-based methods for fault handling, diagnosis, reconfiguration, and
planning [1, 6, 17]. These works are particularly relevant because they consider production-
system characteristics such as interacting assets, modular system structures, and operational
dependencies. Related work further addresses artificial sensor-data generation for comparing
unsupervised learning methods [33], learning physical concepts in CPSs [30], and scalable
modeling of time-dependent production-line sensor data, for example using the Bosch Produc-
tion Line Performance dataset [14]. However, existing benchmarks typically rely on specific
system abstractions, simplified scenarios, or assumptions that limit their representativeness
for realistic CPPSs.
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Digital twins provide a promising basis for addressing this limitation, as they can
closely represent real systems while enabling controllable simulation of complex system
behavior [19, 3]. They are particularly relevant for production-oriented benchmarks because
they can connect operational data with asset structures, process dependencies, and system
context. However, reusable benchmark datasets that combine realistic production behavior,
structured digital-twin information, and controlled fault scenarios remain limited.

3 HSU TwinFlow: A CPPS Digital Twin

The digital twin was developed by combining modules inspired by several existing real-world
systems into a representative industrial production system. Its layout is shown in Figure 2.
The system consists of five functional areas, each containing specific asset types:
Goods input (WE): The goods input area represents the start of the plant, where raw
items enter the system on pallets. It includes two segments of connected chain conveyors,
CC_1-6 and CC_16-20, with creation of pallets with input items at one end and a sink
for empty pallets at the other end.
Singulation area (VZ): The singulation area separates incoming lots of palletized items
into individual items using the portal robot PR_7. It also comprises roller conveyors RC
and chain-lift conveyors CLT, which redirect items from one conveyor line to another.
Two six-axis robots, RB_11 and RB_12, unpack items at conveyors RC_34 and RC_53,
respectively. The implemented logic further separates defective items and directs them to
the non-conforming outputs NIO_1 and NIO_2.
Autonomous mobile robots area (AMR): The autonomous mobile robots area
follows a matrix-production concept. It consists of three autonomous robots AMR, which
transport items to any of the six robot stations RS. Each robot station has a corresponding
robot RB that processes items according to instructions defined for each item type. For
example, an item may be routed through RS_1, then RS_3, and finally RS_2.
Parallel processing area (PAR): The parallel processing area distributes items across
two parallel processing paths. It includes roller conveyors RC, chain-lift-transfer conveyors
CLT, and two robots, RB_21 and RB_22, which perform final processing at RC_102 and
RC_131, respectively.
Goods output (WA): The goods output area represents the final output of the plant.
Empty pallets arrive on chain conveyors, and a robot places finished products onto them.
The loaded pallets then continue through the output area and leave the plant.

The behavior of the complete CPPS is defined by a hybrid simulation model that combines
discrete-event production logic with physics-based component behavior. Discrete events rep-
resent production and material-flow operations, such as product routing, conveyor transport,
robot actions, and fault injection, while continuous component behavior is represented by
underlying physics-based simulation models governing variables such as current, speed, and
force. As a result, we obtain a rich system-level simulation model of the CPPS.

4 Benchmark Requirements and Protocols

This section first introduces the general process knowledge, followed by the task-specific
requirements for anomaly detection and diagnosis and the corresponding evaluation protocols
used in the benchmark. The implemented production logic can be represented as a directed
material flow graph, in which nodes denote system assets and edges represent possible
material transitions. This structural information is made available to the evaluated methods
as part of the expert knowledge provided by the benchmark.
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Figure 2 Two-dimensional layout of the HSU TwinFlow production system.

The corresponding knowledge graph is provided as a json file defining the nodes and
edges of the material flow graph. It can be used to compare observed system behavior with
the intended system design and to infer possible future material movements based on the
current state and position of items in the system. A tiny subset of approximately 1000
variables is plotted in Figure 4.

4.1 Anomaly Detection Requirements and Protocols

The first task targeted by our benchmark is anomaly detection (AD). AD aims to distinguish
nominal system behavior from abnormal operating conditions and is commonly categorized
into supervised, semi-supervised, and unsupervised settings [2]. For CPPSs, semi-supervised
and unsupervised settings are particularly relevant, as CPPSs typically provide data dom-
inated by normal operation [20]. In this work, normal-only training data corresponds to
semi-supervised AD, whereas training data that may contain anomalies corresponds to
unsupervised AD.!

Anomaly detection methods typically compute a continuous anomaly score as(x;) for
each system observation x; at timestamp ¢;. A threshold A;; is then applied to classify the
observation as normal, if as(x;) < Ay, or anomalous, if as(x;) > Ay, If a small labeled
subset is available, it may support a more informed threshold selection. During evaluation,
anomaly detection models are assessed using a labeled test set.

Therefore, we define the anomaly detection requirements for the benchmark as follows:

Req. AD1 The training data shall consist of one or more observation sequences with corres-
ponding timestamps representing nominal system operation. The dataset may contain a
small fraction of abnormal data points at unknown timestamps (— unsupervised AD).

L The HSU TwinFlow supports both unsupervised and semi-supervised setting based on the selected
training data, as will be presented in Section 5.
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Figure 3 Material flow diagram of the HSU TwinFlow production system, showing the main
production areas, system assets (components), and directed material flow between them.

Req. AD2 The test data shall provide observation sequences with point-wise anomaly labels
a; for each timestamp ¢;.

Req. AD3 Optional: A (small) labeled dataset may be provided to support training or
threshold selection.

Furthermore, suitable metrics are required to evaluate different anomaly detection ap-
proaches. For this benchmark, we use:

1. Point-wise anomaly detection balanced accuracy, defined as:

BA_1( TP, TN > Q)

" 2\TP+FN "TN +FP

where TP, TN, FP, and FN denote point-wise (for each timestamp) true positives, true
negatives, false positives, and false negatives, respectively.
2. Point-wise anomaly detection F-score, defined as:

2.P-R TP TP
YU Py R TP+ FP’ R TP+ FN (2)

where P and R denote point-wise precision and recall, respectively.
3. F1 composite score common in time-series anomaly detection [9], defined as:
2-P- Revent

F = —ovent 3
! P+Revent ( )
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Figure 4 Data of conveyors RC_8 and RC_ 9 during 1 minute.

where P is point-wise, defined above, and:

TPevent
Reven = 4
¢ T-Pcvcnt + Fchcnt ( )

denotes event-wise recall. Here, T Peyepnt is the number of true anomalous segments during
which at least one time point is correctly detected as anomalous, while F'Ngyens is the
number of true anomalous segments missed entirely.

4.2 Diagnosis Requirements and Protocols

Fault diagnosis (DX) aims to explain identified abnormal behavior by determining the affected
component(s) and, where possible, the corresponding fault type(s). In the following, let
¢ € C denote a system component and let f € F denote a fault type. A diagnosis label set D
is represented as a set of tuples d = (¢, f), where each tuple specifies that component ¢ is
affected by fault type f. Here D contains at most one tuple for one system component to
ensure the mutual exclusiveness of faults:

DCCxF, (¢, f1) €D N (e, f2) €D = f1 = fa. (5)

Components that do not appear in any tuple in D are assumed to be healthy for the considered
segment.
Diagnosis approaches commonly use operational data to characterize symptoms, analyze

them with respect to expected system behavior or a model, and infer plausible root causes [20].

However, explicit causal or executable simulation models are often not available during
diagnosis in the CPPS domain. For this reason, this benchmark supports the approaches
that use historical operational data together with structural system knowledge to infer likely
diagnosis hypotheses.
We define the diagnosis requirements as follows:
Req. DX1 The training data shall predominantly represent normal system operation to
support the analysis of nominal system behavior.
Req. DX2 The test data shall contain both normal and anomalous segments. Each anomalous

segment shall be associated with a diagnosis label set identifying the corresponding fault(s).

Req. DX3 Optional: Labeled training data containing anomalous segments may be available
to support the analysis of system responses to known faults. If provided, each anomalous
segment shall be associated with a diagnosis label set.
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Req. DX4 A graph shall represent the hierarchical relationships between system components
and variables, and shall relate affected components to observed variables.?

Req. DX5 For each system component or component type, the available system knowledge
shall specify the set of applicable fault types.?

In this benchmark, Req. DX4 is implicitly reflected in the variable identifiers used
in the dataset. Each complete variable identifier is formed by combining the component
identifier with the corresponding signal name. For example, RC_48.CurrentSpeed denotes
the CurrentSpeed signal of component RC_48. Furthermore, Req. DX5 is addressed by the
system knowledge summarized in Table 1.

Table 1 Representative types of faults (failures) for each component type in the HSU TwinFlow
digital twin.

CC, RC, CLT, RS PR AMR RB

EmergencyStop EmergencyStop EmergencyStop EmergencyStop
MotorFault MotorFault MotorFault MotorFault
SpeedCalibrationFault  SpeedCalibrationFault  SpeedCalibrationFault ~ SpeedCalibrationFault
WearFault WearFault ChargeEmpty

IncreasedDampingFault  IncreasedDampingFault

IMeasurementFault

PeDefect

PeWrongCalibration

In this work, diagnosis is evaluated at the segment (sequence) level. Thus, the input
to a diagnosis method is a window of operational data, and each segment is associated
with a diagnosis label set D. For example, a ground-truth label set may be given as
D = {(RC_48, MotorFault), (RB_11, Speed CalibrationFault) }, while a method may return the
predicted diagnosis set D = {(RC_48, MotorFault), (RB_12, SpeedCalibrationFault)}. For loc-
alization performance, only the component identifiers in the tuples are compared, whereas
for fault-type performance, also the fault types are considered.

To evaluate diagnosis results, we use the following metrics:

Localization balanced accuracy: Measures whether the method correctly identifies

the affected components. For each diagnosis instance, the predicted component set C is

compared with the ground-truth component set C, derived from the diagnosis tuple sets

D and D.

Fault-type balanced accuracy: Measures whether the method correctly identifies

the occurring fault types. For each diagnosis instance, the predicted fault-type set Fis

compared with the ground-truth fault-type set F, derived from the diagnosis tuple sets

D and D.

Localization F1-score: The localization F1l-score evaluates the overlap between the

predicted and ground-truth affected component sets. It is computed from precision and

recall over component labels, treating components in ¢ NC as true positives.

Fault-type Fl-score: The fault-type Fl-score evaluates the overlap between the

predicted and ground-truth fault-type sets. It is computed from precision and recall over

fault-type labels, treating fault types in FNF as true positives.

2 The structural system graph and the mapping from component types to possible fault types are provided
by the HSU TwinFlow benchmark as separate json files.
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5 Benchmark Design

The HSU TwinFlow follows a scenario-based simulation concept. A scenario specifies a
sequence of timed actions and parameter choices that define the execution of a production
process. This concept allows the systematic creation of simulation runs under nominal and
faulty operating conditions. The scenarios can address individual assets, groups of assets, or
complete plant sections.

To address the anomaly detection requirements defined in the previous section, several
simulation scenarios are defined. Each scenario specifies when a fault starts, and when the
affected component returns to normal operation. The simulations are then executed using
these scenario definitions, so that random fault occurrences and repair actions are injected
into otherwise nominal system behavior.

In each simulation run, faults (if any) are injected at specified timestamps and repaired
after 30s. Each scenario is defined by a sequence of tuples containing:

the timestamp at which each fault starts (or ends i.e., when the system is repaired.),

the affected component,

the corresponding fault type.

Each file covers a simulated duration of 60 minutes, with operational data sampled with a
sampling rate of f, = 10Hz.

Req. AD1 and Req. DX1 are fulfilled by simulating three training settings, in which
0%, 1%, and 10% of the total simulated time correspond to faulty segments. These settings
provide training data ranging from purely nominal operation to data containing a small
fraction of randomly placed faulty intervals (see training files in Figure 5).

Req. AD2/Req. DX2 and Req. AD3/Req. DX3 are addressed by generating faulty
scenarios with explicit fault-injection and repair actions (see evaluation files in Figure 5).

/ single | | single| |single| |single| |single| |single
/ RND RND RND RND RND RND
0% 1% 1% 1%

Evaluation _B _B _B

Single/Double| single | [single | |single | | single| |single
Affected AREA| WE \4 AMR PAR WA
% faulty 30% 30% 30% 30% 30%

Evaluation _B m _B _B _B

Single/Double |double| |double| |double| |double| [double
Affected AREA | WE vz AMR PAR WA
% faulty 30% 30% 30% 30% 30%

Training _B
Single/Double | /
Affected AREA

AN

/

/ /

% faulty 0% 0%
N

Figure 5 Generated training and evaluation scenarios in the first Release of the benchmark
datasets.

For evaluation, multiple scenario files are generated. Each file samples faults from one
production area only, i.e., from WE, VZ, AMR, PAR, or WA. Within the selected area, faults are
sampled uniformly from the applicable components and fault types. For conveyor-based
components, a conveyor line segment (of connected conveyors) is sampled first, instead of
directly sampling an individual conveyor. In a second step, one conveyor within the selected
line segment is sampled uniformly. This avoids overrepresenting long conveyor lines while
still allowing faults to occur on individual conveyor components. The benchmark includes
both single-fault and two-fault scenarios. The evaluation scenario sequences are generated
such that approximately 30% of each sequence corresponds to faulty behavior.
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6 Benchmark Demonstration with Representative Methods

Two anomaly detection methods are considered:

1. Range Monitoring [11]

2. Vanilla Autoencoder [7]

Furthermore, two diagnosis methods are evaluated:
1. Structural-Knowledge-Based Fault Diagnosis [29]
2. Case-Based Fault Diagnosis [22]

6.1 Anomaly Detection

Range Monitoring: Range monitoring is a threshold-based anomaly detection approach.
For each observable variable j, an expected operating range is defined by a lower and an
upper bound. Given an observation vector x; at timestamp ¢;, the value of variable j is
denoted by x; ;. The observation is classified as anomalous if at least one variable falls
outside its predefined range:

x5 < X]‘-nirl or z;; > X" forallj

The method is simple, transparent, and easy to interpret. It is especially suitable for
variables with known physical or operational limits. However, range monitoring only
detects point-wise deviations and does not capture temporal patterns or correlations
between multiple variables.

Vanilla Autoencoder: A vanilla autoencoder is an unsupervised neural-network-based
anomaly detection method. It consists of an encoder, which maps an observation vector to
a lower-dimensional latent representation, and a decoder, which reconstructs the original
input from this representation. During training, the autoencoder learns to reconstruct
normal operating data. Given an observation vector x; at timestamp ¢;, the reconstructed
output is given by:

X = go (f¢(xi))a

where f, denotes the encoder, go denotes the decoder, and X; is the reconstructed
observation vector. During evaluation, anomalies are detected using the reconstruction
error:

e =[x — %

If the reconstruction error e; exceeds a predefined threshold, the observation at timestamp

t; is classified as anomalous. Compared with range monitoring, the autoencoder can

capture nonlinear relationships between variables, but its results are less interpretable.
Table 2 summarizes the benchmark results of the two anomaly detection methods.

Table 2 Benchmark results of the anomaly detection methods.

Method BA Fi F1 Comp.

Range Monitoring Results are available in the public GitHub repository.
Vanilla Autoencoder Results are available in the public GitHub repository.
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6.2 Diagnosis

Structural-Knowledge-Based Fault Diagnosis: Structural-Knowledge-Based Fault
Diagnosis uses prior knowledge about the organization of the production system to localize
faults. The system structure is represented by relationships between production areas,
component types, individual components, and observable variables. After an anomaly is
detected in one or more signals, the affected variables are mapped to the corresponding
component nodes in the structural knowledge model. Based on the identified component
type, the set of possible fault types can be retrieved.

This approach does not require an explicit causal model. Instead, it relies on ownership
and hierarchy relations:

anomalous variable — component — component type — possible faults

Therefore, this method provides an interpretable baseline for mapping detected anomalies
to affected components and candidate fault types.

Case-Based Fault Diagnosis: Case-Based Fault Diagnosis uses previously observed
fault cases as reference patterns for diagnosing new abnormal behavior. In this work,
the reference cases are extracted from the labeled generated files, which are not used
by the first diagnosis method. Each reference case contains an observation vector x,.
(or consecutive vectors) together with the corresponding fault label, affected component,
component type, and production area.

During diagnosis, a test observation vector x; is compared with the stored reference cases.

The most similar case is retrieved, and its label is used to infer the likely fault type and
affected component. A general similarity-based diagnosis step is:

¢ = arg glélé d (x;,%;)

where x; is the observation vector, x,. is the observation vector of a stored case ¢,., C is
the set of reference cases, and d(-,-) is a distance or dissimilarity measure. The diagnosis
result is derived from the label of the nearest reference case ¢*. In this work, d(-,-) is
defined as the Euclidean distance.

Compared with Structural-Knowledge-Based Fault Diagnosis, Case-Based Fault Diagnosis
can exploit characteristic multivariate signal patterns. However, its performance depends
on the coverage and quality of the available reference cases.

Table 3 summarizes the benchmark results of the diagnosis methods.

Table 3 Benchmark results of the diagnosis methods.

Method Loc. BA Fault BA Loc. F1 Fault F1

Structural-Knowledge-Based  Results are available in the public GitHub repository.

Case-Based Results are available in the public GitHub repository.

6.3 Discussion of Results

The benchmark results provide an initial indication of how the evaluated methods perform on
the proposed datasets. The selected anomaly detection and diagnosis methods cover different
levels of complexity and interpretability, allowing a first comparison between simple baseline
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approaches and data-driven alternatives. Overall, the results illustrate the applicability of
the benchmark and provide a basis for more detailed analyses of method behavior, failure
cases, and performance differences in future evaluations.

7 Conclusion

The proposed benchmark addresses an important gap between simplified benchmark systems
and the requirements of applied and theoretical research on industrial CPPSs. Its main
strength lies in combining a representative digital twin model with configurable fault scenarios
and scenario-based data generation. This enables the systematic creation of both nominal
and faulty operating data under controlled and reproducible conditions.

The benchmark provides the structural knowledge required for evaluating and comparing
anomaly detection and diagnosis methods, including a material flow graph, component-level
system knowledge, configurable scenarios, and quantitative evaluation protocols. In addition,
the benchmark is demonstrated using four representative methods, covering both simple
interpretable baselines and more data-driven approaches.

A further strength of the proposed setup is its extensibility. Additional fault types,
process variants, operating conditions, and reconfiguration strategies can be incorporated
without changing the fundamental benchmark design. This makes the benchmark suitable
for future work on robust, adaptive, and explainable methods for real-world CPPSs.

By enabling the controlled generation of normal and faulty operating data, the benchmark
provides a practical foundation for evaluating fault-related methods in production systems.
Future work will extend the benchmark by integrating additional methods, expanding the
set of fault scenarios, system reconfiguration, and further analyzing the influence of variable
availability and process variability on detection and diagnosis performance.

Data and Code Availability

To support reproducibility and future evaluations of additional methods, the source code,
knowledge graphs, scenario configurations, and documentation of our benchmark are available
from a GitHub repository: https://github.com/imb-hsu/twinflow. The repository also
provides links to the training and test dataset files.

It should be noted that the provided dataset contains measurements of all variables
available in the CPPS. This level of observability is not necessarily realistic for a real-world
CPPS, where only a subset of variables may be accessible. However, providing the full set of
variables allows users to select arbitrary subsets for evaluating anomaly detection or diagnosis
methods. For example, this enables experiments that analyze how performance changes as
the number of available variables is reduced.
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—— Abstract

The transition toward reusable and cost-efficient launch systems increases the need for advanced
fault detection and isolation (FDI) capabilities to support the reliable and safe operation of liquid
rocket engines. Development of these systems typically relies on physics-based simulation models
and experimental data. LUMEN (Liquid Upper stage deMonstrator ENgine) is a modular, pump-fed
LOX/LNG rocket engine with a nominal thrust of 25 kN, developed and operated by the Institute of
Space Propulsion of the German Aerospace Center (DLR). The Rocket Engine Control and Diagnosis
Benchmark provides a high-fidelity, experimentally validated EcosimPro/ESPSS simulation model
of LUMEN for FDI system development. In this work, we use the fuel turbopump subsystem
of this model as a case study and integrate data-driven components into a consistency-based
diagnosis (CBD) framework to improve diagnostic performance. The results demonstrate that the
hybrid architecture improves isolation accuracy, increasing it from 0.46 to 0.76 compared to the CBD
baseline. In addition, we propose a sensor validation network (SVN) that uses a grey-box neural
ordinary differential equation surrogate driven by valve-command inputs to decouple sensor faults
from component faults. This further increases the isolation accuracy to 0.92, while retaining the
ability to detect unknown component faults. These results indicate that incorporating data-driven
components helps to compensate for structural non-isolability and improve diagnostic performance
while preserving physical interpretability.
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1 Introduction

Liquid-propellant rocket engines (LPRESs) are complex, highly coupled systems whose safety
depends on reliable monitoring during both steady-state and transient operation. The trans-
ition toward reusable and cost-efficient propulsion systems increases the need for advanced
fault detection and isolation (FDI) methods to support safe testing, reduce development
risk and enable reliable operation throughout the engine life cycle [10, 33, 36]. The Space
Shutte Main Engine (SSME) was the first reusable LPRE and incorporated advanced health
monitoring capabilities [30]. Beyond conventional redline monitoring, it featured a simulation-
based diagnostic algorithm that compared engine measurements against predictions from
a nonlinear thermodynamic mass- and energy-balance model to estimate the location and
magnitude of predefined anomalies [5]. Such simulation models are developed and validated
with experimental data throughout the design, development and testing of rocket engines,
providing an established basis for FDI development [25].

More recently, research has expanded beyond this SSME-centered literature to a broader
range of LPRE applications. These methods are commonly classified into model-based and
data-driven approaches [41]. Quantitative model-based methods have been extensively applied
and typically rely on physics-based models for state estimation or parameter estimation [40].
Qualitative model-based approaches, particularly structural-analysis-based methods, have
gained increasing attention for exploiting analytical redundancy in the model structure and
available sensor configuration. However, their application to LPREs remains challenging
due to the large number of candidate residual generators [29]. Moreover, these qualitative
approaches characterize fault sensitivity only through residual signatures, without exploiting
the distinct physical mechanisms through which sensor and component faults affect system
behavior. Leveraging this information could improve isolation performance.

Data-driven FDI methods provide a complementary perspective. They can be divided
into unsupervised methods, which typically learn nominal patterns and allow for detecting
deviations from such patterns [11, 42], and supervised methods, which assign extracted
features to predefined fault classes [31, 39]. Although these methods can learn complex fault
patterns, their reliability depends on representative training data and their black-box nature
limits physical interpretability. Hybrid FDI methods address these limitations by retaining
the model-based structure while selectively introducing data-driven components for residual
generation or decision-making [21, 37]. Although such concepts have been investigated in
related domains, their systematic application to LPRE FDI remains largely unexplored.

LUMEN (Liquid Upper Stage Demonstrator Engine) is a modular, pump-fed LOX/LNG
rocket-engine demonstrator developed by the Institute of Space Propulsion at the German
Aerospace Center (DLR). The engine has a nominal thrust of 25 kN and operates at chamber
pressures between approximately 40 bar to 80 bar and mixture ratios from 3.0 to 3.8. Hot-fire
testing has demonstrated stable operation over a throttling range of approximately 38 bar to
78 bar, establishing LUMEN as a representative experimental test bed for advanced control
and FDI research [9]. To support method development before experimental deployment, DLR
established the LUMEN Rocket Engine Control and Diagnosis Benchmark which provides an
simulation-based environment for designing and evaluating control and FDI methods [8, 32].
It includes an EcosimPro/ESPSS simulation model with a steady-state accuracy of 5% that
enables safe and reproducible evaluation under nominal and faulty operating conditions [23].
In this work, the fuel turbopump (FTP) subsystem of LUMEN is used as a case study.
The subsystem-level focus is selected as a first step toward comprehensive engine-level FDI,
since turbopump faults constitute a major class of propulsion-system anomalies [4, 14].
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The contributions of this work are twofold:

1. We demonstrate how data-driven residual generators and classifiers can be integrated into
a qualitative model-based FDI framework to improve diagnostic performance for LPREs.

2. We introduce a sensor validation network (SVN) and combine it with structural analysis
to separate sensor faults from component faults, thereby simplifying residual selection
while maintaining component-level diagnostic capability.

2 Related Work

The integration of data-driven components into model-based FDI architectures has been
investigated in related domains. For fault diagnosis of an internal combustion engine, neural-
network-based residuals have been embedded in consistency-based diagnosis frameworks by
using structural model information to define grey-box residual generators with physically
interpretable inputs, outputs and state dynamics [16, 26]. Recent extensions employ neural
ordinary differential equation (neural ODE) models to generate residuals for consistency-
based and uncertainty-aware fault diagnosis [18, 27]. A complementary line of work combines
model-based residuals with data-driven classifiers in the residual space to improve isolation
performance, handle non-ideal residual signatures and support open-set diagnosis [17, 15].
Despite their demonstrated diagnostic value in these domains, such hybrid architectures have
not yet been assessed for LPRE.

In LPRE applications, previous work has used Kalman filter residuals to distinguish sensor
and actuator from component faults by their different effects on residual statistics [13, 24].
For diagnosis of component faults at the subsystem level, banks of Kalman filters have
been employed with different parameterizations representing specific fault hypotheses [13].
Component faults have also been diagnosed using parameter-estimation-based methods, in
which component faults are represented by fault factors inferred from deviations between
measured engine responses and nominal model predictions [2, 24]. However, these methods
for component fault diagnosis require available or reliably reconstructed mass-flow-related
quantities at several engine locations, which can be restrictive for flight applications with
limited instrumentation due to weight and space constraints [3].

Structural-analysis-based FDI methods incorporate the available sensor configuration
directly into the structural model, yielding the detectable and isolable faults for that config-
uration. For complex LPRE models, however, structural analysis yields a large number of
residual-generator candidates, and selection remains nontrivial given the joint constraints of
fault sensitivity, causal computability and numerical conditioning [28, 29]. Separating sensor
from component faults prior to residual selection removes the need for residual generators
to structurally discriminate between sensor and component faults, constraining selection to
component faults alone. This motivates combining fault-signature separation with struc-
tural analysis to reduce diagnostic ambiguity and identify which component faults remain
diagnosable under the available sensor configuration.

3 Case Study

LUMEN, shown schematically in Figure 1, is a modular LOX/LNG expander-bleed engine
with two parallel turbopumps [38]. The oxidizer turbopump (OTP) pressurizes LOX and
feeds it directly to the main combustion chamber (MCC). Downstream of the LNG pump,
the fuel flow splits into two paths: a smaller fraction is routed directly to the MCC and the
main flow regeneratively cools the MCC in a counterflow arrangement. The heated coolant
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Figure 1 Flow scheme of LUMEN and the considered FTP subsystem with measurements.

is partially remixed with LNG to increase the fuel injection temperature. The remaining
coolant regeneratively cools the nozzle extension (NE) before being expanded through the
LOX and LNG turbines that drive the respective pumps. The turbine exhaust is then vented
without combustion.

At its nominal operating point, LUMEN generates 25 kN of thrust at a combustion-
chamber pressure of 60 bar and a mixture ratio of 3.4. In the latest experimental setup, the
operating point is set using three electrically actuated control valves: the turbine fuel valve
(TFV), the turbine oxidizer valve (TOV) and the fuel control valve (FCV). For preconditioning,
ignition and safe shutdown, three on-off valves are used: the main oxidizer valve (MOV), the
main fuel valve (MFV) and the regenerative cooling valve (RAV). In future test campaigns,
the oxidizer control valve (OCV), mixer control valve (XCV) and bypass valve (BPV) are
planned to be reimplemented to enable fault-injection capabilities for validating FDI systems.

In this work, we use the FTP subsystem as the case study. As shown in Figure 1, it
comprises the LNG turbine, the mechanically coupled LNG pump and the inlet piping
between the LNG interface and the pump inlet. To decouple the FTP from the rest of the
engine, we use a sensor configuration consisting of the pump outlet pressure py, out, pump
mass flow rate 7, turbopump rotational speed wprp, turbine inlet pressure py i, and turbine
inlet temperature T4 .

3.1 Mathematical Model

Model-based FDI systems for LPREs typically use a reduced-order physics-based model, in
which the engine is represented by interconnected 0-D components governed by first-principles
conservation equations for mass, momentum and energy, along with other component-specific
relations [1]. The resulting system of ordinary differential equations (ODEs), common in
structure across LPRESs, captures the engine’s nonlinear dynamic behavior once its parameters
are identified and calibrated against experimental data obtained during engine development
and testing. In the following section, we derive the structural model of the FTP subsystem
from the governing equations, following the formulation and simplifications established by
Kurudzija et al. [23] through experimental evaluation and modeling of the LUMEN engine.
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3.1.1 Turbine

The rotational dynamics of the FTP are described by the angular momentum balance

IFTP%:TT*TP, (1)
where w is the rotational speed, Iyrp is the FTP inertia and 7t and 7p denote the turbine
and pump torques, respectively. The turbine torque is approximated using a performance
map that relates the specific torque Tgpecinc to the reduced rotational speed Nyeq

7T
Tt My Ain

=a+ bNyeq- (2)

Tspecific =

The characteristic turbine blade-tip radius is denoted by 7, the turbine mass flow by 7,
the inlet speed of sound by a;, and the polynomial coefficients by a and b. The inlet speed
of sound is estimated as a function of temperature 7" and pressure p, i.e. ai, = f(T,p). The
reduced rotational speed is defined by
Tt W

Nieqa = (3)

Since LUMEN uses supersonic impulse turbines, the turbine mass flow is estimated from the
choked-flow conditions at the nozzle throat as

_ Pt,in At7 (4)

c*
where A; is the throat area and ¢* is the characteristic velocity, estimated as ¢* = f(T, p).

Qin

myg

3.1.2 Pump

The pump performance is described by characteristic curves expressed as functions of the
outlet flow coefficient

¢t =

mp

()

with 1, denoting the pump mass flow. In this work, we assume the fluid density p to be

pw’

constant. The torque coefficient AT is approximated as a linear function of the outlet flow
coefficient and rotational speed,

)\+:%:a+b¢++cw, (6)

where a, b and ¢ are polynomial coefficients. The pressure rise across the pump is modeled
with the momentum balance

L\ dmy, _ 2 4
(A) di = Pin — Pout + pw P . (7)

The term L/A represents the fluid inertia, while p;, and poyt are the pump inlet and outlet
pressures. The head coefficient 1) is modeled as

wt = P 0t e ®)

where a, b, ¢ and d are polynomial coefficients. The pressure loss in the inlet line between
the LNG interface and the pump inlet is described by

L\ dn .
() P = DPif — Pin,p — kresm123~ (9)

A) dt

The parameters k,¢s and p;s denote the piping resistance coefficient and interface pressure,
respectively. In this work, we approximate both parameters as constant model parameters.
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Table 1 Considered faults and ranges.

Fault Symbol Type Fault Range Unit
Pump Outlet Pressure Sensor fop out Sensor +5,+10,+15 bar
Pump Mass Flow Rate Sensor frnp Sensor +0.1,£0.2,£0.3  kg/s
Turbopump Rotational Speed Sensor  f., Sensor +2,+4,4+6 1000/min
Turbine Inlet Pressure Sensor foein Sensor +3,£6,+9 bar
Degraded Turbine Efficiency fn Component  0.85,0.90,0.95 —
Partially opening BPV (Leakage) fepv Component 0.4,0.5,0.6 —

3.2 Fault Scenarios

Experimental fault data are typically scarce and costly to obtain for complex safety-critical
systems such as LPREs. Simulation-based fault injection is therefore an established, system-
agnostic approach to generate representative faulty data across a range of fault types and
magnitudes [25]. We represent sensor faults as additive measurement biases, corresponding
to a constant offset between the nominal sensor value and the faulty measurement, i.e.

y=x+f,

where x is the nominal sensor value and f denotes the bias magnitude. The values of the
sensor biases are provided in Table 1. For simplicity, we neglect faults in the turbine inlet
temperature sensor. This simplification is justified by the scope of the reduced-order FTP
model, which focuses on hydraulic and rotational dynamics. The turbine inlet temperature
is strongly influenced by upstream heat-transfer processes in the cooling channels, which
are not resolved in the model. We introduce a component fault into the FTP subsystem by
reducing the torque produced by the turbine

T = fn Tspecific T't My Qin, f77 € [085, 095] (]_O)

Since f, < 1, this fault represents a degraded turbine efficiency. In addition, we introduce
an unknown component fault by partially opening the BPV to simulate a leakage. Due to
strong coupling, this fault shifts the engine’s operating point. However, since the governing
equations of the FTP subsystem remain internally consistent under this fault, the FDI system
should be insensitive to it. From the FTP perspective, the subsystem remains consistent with
nominal operation. Figure 2 shows the influence of different fault types on various sensors.
Although f, increases the mixture ratio, it leads to a reduction in combustion chamber
pressure, pump outlet pressure and rotational speed. In contrast, fgpy has only a minor
effect on the mixture ratio, but also reduces combustion chamber pressure, pump outlet
pressure and rotational speed. Since the engine is controlled in an open loop, a sensor fault
affects only the corresponding measurement. In total, we consider six faults, as summarized
in Table 1.

4 Methodology

4.1 Structural Analysis

Structural analysis is applied to the mathematical model, defined by the equation—variable
incidence relations [12]. Let E denote the set of model equations and Z the set of unknown
variables. The structural model is represented as a bipartite graph G = (E, Z, A), with
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Figure 2 Influence of different fault types on normalized sensor signals. Each signal is normalized
by the maximum value of the nominal trajectory.

(ei,2j) € A whenever z; occurs in e;. A subset M C E is structurally overdetermined if
M contains more equations than unknown variables, i.e. |M| > |Z(M)|, where Z(M) C Z
denotes the unknown variables contained in M. A structurally overdetermined subset M is
minimally structurally overdetermined (MSO) if no proper subset M’ C M is structurally
overdetermined [22]. The Dulmage-Mendelsohn decomposition is used to extract the struc-
turally overdetermined part of the model, from which the complete set of MSO sets is derived.
These MSO sets constitute residual-generator candidates for structural detectability and
isolability analysis. Structural analysis is performed using the Fault Diagnosis Toolbox [12].
For isolability assessment, the considered faults and the measurements are incorporated into
the mathematical model. The resulting structural model comprises 18 unknown variables and
20 equations, yielding a redundancy degree of 2 and 5 MSO sets. A simple, minimal hitting
set algorithm is then used to select the smallest set of tests that achieves the maximum
attainable isolability performance [6]. Figure 3 presents the resulting fault signature and
isolability matrix. With four MSO sets, all considered faults are structurally detectable.
Since the degraded turbine efficiency fault f, and the turbine inlet pressure sensor fault
fpesm Produce identical fault signatures in the selected MSO sets, they are structurally
indistinguishable.

4.2 Residual Generators

Different methods exist for deriving residual generators from an MSO set. A standard
approach is to select one equation of the MSO set as the redundant equation, while the
remaining equations form an exactly determined system with an equal number of equations

8:7

DX 2026



8:8

Hybrid FDI for the FTP Subsystem of the LOX/LNG Rocket Engine LUMEN

Fault Signature Matrix Isolability Matrix
MSO2| @ e o o] fp © ;
fpp,u\\( I ‘ _.
MSO3 + @ o @ - ]
f nete | ‘ ‘ ]
MSO4 - @ () ) @ -
fpt B ‘ ‘ 7
MOsSF @ ® @ @ ® 1l o -
U [N TR ST SN TN AT TN TR SN SN [N TN SHNNT SO N NN TR T S S N ST U [N T SN SRR SN NN TN TN ST SHN NN ST SO TN SR (NN TR T ST TN N S
fw fpp out f’r/y TP fpty in f!hp fw fpp_(,m fn“-p fpt_ in th‘,

Figure 3 Results of the structural analysis.

Table 2 Derived residual generators and computational causality based on the derived fault
signature matrix.

MSO Redundant Equation Measurements Causality Model
2 Yoo = P Ypi,ins YTt in > Yring > Yoo Integral UKF
3 Ypp,out — gpp,out Yrnp s Yw Algebraic SRG
4 ypp,out - gpp,out ypt,in I yTt,in I ymp I ypp,out Integral UKF
5 Yoo = Yoo Yp,in> YTt in > Ypp,out » Yoo Integral = neural ODE

and unknowns. By selecting a measurement equation as the redundant equation, the residual
generator compares the model prediction of the measured variable with its observed value.
Under nominal conditions, the resulting residual is expected to remain close to zero, i.e.
y — ¢ =~ 0. The computational graph of a residual generator is defined by the sequence
in which the unknown variables are computed. Integral causality is obtained if the state
variables are computed by integration, while derivative causality is obtained if the state
variables are differentiated. If the MSO set contains no dynamic states, the resulting residual
generator is algebraic.

In this work, we avoid applying derivative causality to the residual generators, as they
require numerical differentiation and are sensitive to measurement noise [20]. Therefore, we
select the redundant equation from the MSO sets to obtain residual generators with integral
or algebraic causality. Residual generators with integral causality are implemented using a
state observer. As the model equations are nonlinear, an unscented Kalman filter (UKF)
is employed. UKF-based residual generation avoids explicit model linearization and has
previously been investigated for the design of residual generators in LPRE [29]. To enable
high fault sensitivity of the UKF residual generators, we choose the process noise covariance
matrix to be smaller than the measurement noise covariance matrix.

To design the model-based residual generators, we approximate the mass-flow dynamics
(see Egs. 7 and 9) as quasi-static. The corresponding momentum-balance equations are,
therefore, reduced by setting 9/a: = 0. This approximation is motivated by the characteristic
time scale of the momentum-balance dynamics in the mathematical model, which is small
relative to the 10 Hz sampling interval of the generated data and, therefore, not resolved.
The resulting residual generator for MSO3 has algebraic causality and is implemented as a
sequential residual generator (SRG). For MSO5, this approximation yields a computational



E. Kurudzija et al.

sequence that requires numerically inverting the nonlinear relationship between flow and the
head coefficient (see Eq. 8), which can become ill-conditioned. To avoid these numerical
issues, we use a data-driven residual generator as an alternative. For this, we implement
a neural ordinary differential equation (neural ODE) residual generator, similar to the
architecture in Jung and Westny [18]. The neural ODE residual generator is formulated as a
nonlinear state-space model,

&(t) = g(x(t), u(t); 0y),
9(t) = h(x(t); 6n), (11)
r(t) = y(t) — 9(b).

with dynamic state x(t) € R, inputs u(t) € R™, measured output y(t) € R™v, predicted
measurement §(t) € R™ and residual r(¢) € R™. The transition function § and the
measurement function h are parameterized by multilayer perceptrons (MLPs) with trainable
parameters 6, and 0}, respectively. The state dynamics are integrated over each sampling
interval using a fourth-order Runge-Kutta scheme with linear interpolation between samples.

The residual generators used in this work, their redundant equation, input measurements,
causality and model type are summarized in Table 2.

4.3 Sensor Validation Network

As discussed in Section 2, sensor and component faults affect the engine in different ways.
A sensor fault corrupts the affected measurement, whereas a component fault shifts the
engine’s operating point, resulting in correlated deviations across multiple sensors. The
commanded positions of the three control valves TOV, TFV and FCV set the operating
point of LUMEN. For fixed model parameters and in the absence of unmodeled disturbances,
the valve-command trajectory defines the engine’s nominal behavior and, consequently, the
expected sensor outputs at each time step. Based on this observation, we introduce a sensor
validation network (SVN) that predicts the nominal sensor output from the control-command
inputs. The SVN uses the neural ODE architecture introduced in Section 4.2. The state-
transition function § propagates the latent state using the valve-command trajectory, while
the output map h maps the latent state x to the predicted sensor outputs .

We perform sensor fault diagnosis by comparing the measured sensor vector with the
corresponding SVN prediction. For the ng considered sensors, the residual vector is defined
as

rsvn(t) = y(t) — 9(t), rsvn(t) € R™. (12)
Since the SVN is driven by control commands rather than by measured signals, sensor faults
appear as deviations between y and y.

We then combine the SVN with the structural analysis results to diagnose component
faults. Specifically, we use MSO2, which is structurally sensitive to degraded turbine efficiency,
together with the SVN-based sensor residuals. This yields distinct signatures for sensor faults,
a degraded turbine efficiency as well as unknown component faults. Figure 4 schematically
illustrates the resulting diagnostic architecture.

4.4 Fault Detection and Diagnosis

The FDI system operates in two stages on the residuals r(t) € R™, where n, denotes the
number of residuals derived from structural analysis. The detection stage decides whether
the system is in a faulty or nominal operational state. For this, a per-residual two-sided

8:9

DX 2026



8:10 Hybrid FDI for the FTP Subsystem of the LOX/LNG Rocket Engine LUMEN

uykr € R? UKF MSO2 Juxr € R!

f -
_ 5 5
Yomeas € R / \reR®
g System Ti| > 2,
e @ e [IEE
Fault Signature Matrix
Sensor Validation Network (SVN)
swol @ °
e 1 :‘ -------------- 1
| § [ : 3 ' SVN D, o ° °
! [ SVN L ° °
e aaai | leaael| T
' i ' 1| gsyn € R SN, e o
' e e — f e : e o 9 YSVN
| ¢le e ® o J EASS ] o 0 o Mso2f @ e o o
1 e o | 0 o @ ! RS
1 o o O . oo o O
' i ' i
_______________ TR

Figure 4 Schematic overview of the SVN-based diagnosis architecture.

hypothesis test is applied to the standardized residuals, flagging residual 7 when

[ri(t) = po,il

> 21 13
004 Z1—a/2s ( )

where po,; and og; denote the mean and standard deviation of residual ¢ under nominal
operation and z;_, /2 the (1 — a/2)-quantile of the standard normal distribution. A fault is
detected when at least one residual is triggered, i.e. d(t) = 1[{C(¢) # 0]. This provides a set
of triggered residuals C(t) C {ry,...,r,,.}, which are evaluated in the next stage.

If a fault is detected, fault isolation is performed in the second stage to compute the set
of diagnosis candidates. For isolation, we evaluate two different approaches. The first follows
a consistency-based fault isolation logic (CBD) [7, 34]. Following the structural derivation
of the residuals, the single-fault setting and a calibrated detection stage, the exoneration
and no-false assumption are justified. Therefore, fj is admitted as a diagnosis candidate iff
C(t) = Sk, where Si C {r1,...,7,,} denotes the set of residuals expected to trigger under
fault fi, yielding the candidate set

D(t) ={fx € F [ C(t) = Sk} (14)

The limitation of this logic for the FTP subsystem is that the degraded turbine efficiency
fault f; is structurally not isolable from the turbine inlet pressure sensor fault f, .. To use
information beyond the binary structural fault signature, we use a data-driven isolation logic
based on a set of fault-specific one-class support vector machines (OC-SVMs), similar to
Jung et al. [17]. OC-SVMs are trained on samples from a single class only and and learn a
decision boundary around this class in the feature space, classifying new observations outside
the boundary as novel or anomalous [35]. For each fault f; € F, an OC-SVM is trained on
residual data generated under that fault, learning a closed acceptance region that encloses
the corresponding residual vectors and thereby models a single fault hypothesis. A fault is
selected as a diagnosis candidate if the residual vector lies in the acceptance region of the
corresponding classifier, i.e.

D(t) = {/r € F | si(x(t)) = 0}, (15)
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where sg(r) denotes the decision score of the classifier trained for fault f and si(r) > 0
indicates that the residual vector is consistent with the corresponding fault hypothesis. If the
fault-specific distributions define separable regions in the residual space, the corresponding
fault modes can be isolated as distinct candidates. If these regions overlap, the affected
fault hypotheses remain jointly in the candidate set D(¢). An empty candidate set yields an
unknown diagnosis, i.e. a fault is detected in the first stage, but no candidate is accepted in
the isolation stage.

To reduce the influence of transient effects on the diagnosis, we stabilize both detection
and isolation decisions by M-of-N persistence filters [15]. These filters aggregate the most
recent decisions over a sliding window of length IV, accepting a decision as persistent only if
it occurred in at least M of these samples [19].

4.5 Evaluation Metrics

We evaluate the FDI system using four metrics, two for the detection stage and two for the
end-to-end isolation. Let N denote the set of samples generated under nominal operation
and F = |J, Fi the set of samples generated under a known fault, where Fj, contains the
samples corresponding to fault fi. The detection stage is evaluated based on the false alarm
rate (FAR) and the true detection rate (TDR),

FAR—MZ y=1], TDR = IfIZ (16)

teN teF

where d(t) € {0,1} is the detection indicator. The end-to-end isolation performance is
evaluated based on the isolation accuracy TA and its top-k relaxation TAg,

A= = 31000 = eft). 14w = 7 S 16el) € DO A (O] < . (1)

teF teF

where é(t) is the final diagnosis label, D(t) the diagnosis candidate set and ¢(¢) the ground-
truth fault class. In this work we use [As, i.e. accepting an ambiguity group of up to two
candidates as a successful diagnosis.

4.6 Data Generation

The data generation process aims to produce representative simulated trajectories comparable
to those used during ground tests while providing denser coverage of the operational domain.
For this, we split the process into two stages. In the first stage, steady-state data are
uniformly generated within LUMEN’s operational envelope using Latin Hypercube Sampling
(LHS). To set the sampled operating point, two PI controllers are designed for TOV and TFV.
The position of FCV is set as a function of the operating point in the open loop. In the second
stage, transient trajectories are generated by connecting randomly selected steady-state
operating points with ramps with randomized transition times. The resulting load point
is held for a randomly sampled dwell time. To increase data diversity, the FCV position
is randomly perturbed within a +5% range. Each generated trajectory has a duration of
100s. For data generation, the simulation model is initialized from a steady-state solution
and simulated in open loop using sampled valve positions with a timestep of 0.1s.

For training and validation of the data-driven isolation stage, we generate 30 trajectories
for each fault class and for the nominal class in each data split. The faults are introduced at
t = 20s as steps and remain active for the rest of the trajectory, simplifying fault labeling
and evaluation.
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4.7 Implementation Details

Both the neural ODE residual generator and SVN are trained on 250 fault-free trajectories.
Each trajectory is segmented into overlapping windows of approximately 50 s length with 50 %
overlap. All inputs and outputs are standardized to have zero mean and unit variance, based
on the training set statistics. Following Mohammadi et al. [27], we use a curriculum-learning
strategy, where the trajectory-window length is increased from 20s to approximately 50s
using a piecewise-linear schedule. Model parameters are optimized using Adam to minimize
mean squared error, with an initial learning rate of 10~3 that decays exponentially by a
factor of 0.99 per epoch. Early stopping is applied based on the validation loss.

4.7.1 State Initialization

For the neural ODE residual generator, we use a noise-aware initialization, similar to
that of Mohammadi et al. [27]. During training, the initial dynamic state is sampled as
xg ~ N (yo, 02)7 centered at the first measurement of each trajectory window with o the
measurement-noise standard deviation. During inference, the first measurement initializes
the state directly. For SVN, we use a different initialization strategy. Assuming that the
simulation starts from a steady-state solution, the initial state is fixed to z;9 = 0. This
assumption is justified by the results in Kurudzija et al. [23], which demonstrate that the
engine dynamics can be separated into slow thermal transients and faster fluid dynamics. As
the simulation model is initialized from a thermal steady-state solution (see Section 4.6), the
surrogate model is trained to capture the system’s fast dynamics, which reach a steady-state
solution rapidly after changes in the valve commands. To avoid penalizing initialization
transients, the loss is evaluated after an initial 2 s warm-up period within each trajectory
window.

4.7.2 Hyperparameters

The architecture and training hyperparameters of both neural-ODE-based models are se-
lected empirically. The selection is based on validation set performance using 50 fault-free
trajectories, with the objective of balancing training time and long-horizon rollout accuracy.
The selected MLP architecture consists of two hidden layers, each with 128 neurons. For
SVN, the latent-state dimension is set to 8. Following Jung and Westny [18], SiLU activations
are used in ¢, while h uses ReLU activations with layer normalization after each nonlinear
layer. The hyperparameters of the detection and isolation stages are selected by a grid search
on the validation set consisting of 30 trajectories for each fault and the nominal class. The
detection threshold is chosen to satisfy FAR < 0.02 while maximizing TDR. For the set of
OC-SVMs, we use the RBF kernel and select its hyperparameters v and ~y to maximize the
per-class isolation accuracy. The parameter v upper-bounds the fraction of training samples
allowed to lie outside the decision boundary, controlling the trade-off between boundary
tightness and tolerance to training outliers, while v determines how far the influence of an
individual training sample extends, with larger values producing a more localized and flexible
decision boundary. To ensure a consistent evaluation of the isolation stage, we apply the
same persistence filter parameters to all architectures, with M = 6 and N = 10.

5 Results and Discussion

We evaluate the proposed FDI architectures on a test set of 30 trajectories per fault class
and 30 nominal trajectories, using the metrics introduced in Section 4.5 to quantify detection
and end-to-end isolation performance. We further assess performance on the unknown fault
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Table 3 Detection and isolation performance of the evaluated FDI systems. The best value for
each metric is highlighted in bold.

System FAR TDR IA IA,

Hybrid 0.00 0.96 0.76  0.94
CBD 0.00 0.96 0.46  0.85
SVN 0.01 0.99 0.92 0.92

class and analyze the time-resolved diagnostic output along an exemplary trajectory. The
following abbreviations denote the evaluated FDI systems:
Hybrid: fault isolation using an OC-SVM per fault hypothesis, applied to MSO-derived
residuals.
CBD: fault isolation via consistency-based diagnosis, applied to MSO-derived residuals.
SVN: fault isolation via consistency-based diagnosis, applied to residuals from the proposed
sensor validation network combined with MSO2.
For the SVN architecture, the data-driven isolation stage is omitted, as the SVN residuals
render the considered fault classes structurally isolable.

5.1 Detection and Isolation Performance

Table 3 summarizes the detection and isolation performance of the FDI systems. While the
detector operating on MSO residuals achieves a perfect false alarm rate (FAR = 0.00), its true
detection rate is slightly lower than that of the SVN-based detector, i.e. TDR = 0.96 compared
to 0.99. SVN achieves a FAR of 0.01, indicating that both detectors perform comparably
overall. The isolation performance varies substantially across the three architectures. As
expected, the CBD baseline achieves the lowest isolation accuracy (IA = 0.46) as f, and

fpesm are not structurally isolable. Hybrid yields a substantial improvement to IA = 0.76.

This indicates that the residual distributions of f,, and f,, ., are sufficiently separated for
data-driven isolation. SVN achieves the highest isolation accuracy at IA = 0.92. Allowing
an ambiguity group of two candidates partly closes the gap for Hybrid and CBD. Hybrid
achieves the highest isolation accuracy (IA; = 0.95), followed by SVN (IAs = 0.92) and CBD
(IA2 = 0.85). For CBD, the gap between IA = 0.46 and IA; = 0.85 reflects the structural
indistinguishability of f,, and f,, ... For SVN, IA = IAy = 0.92 shows that the candidate
set is consistently a singleton, with more discriminative residual generation enabling unique
isolation. For Hybrid, the increase from IA = 0.76 to IA; = 0.94 suggests that the data-driven
isolator resolves the structural indistinguishability for most samples but leaves an ambiguity
in a small fraction of cases, where the distributions of f, and f,, ;. overlap in the residual
subspace and both faults remain candidates.

This is illustrated in Figure 5. The residual response of f, ; exhibits two directions
depending on the fault sign, i.e. a positive and a negative bias. On the other hand, the
residual response of f, is unidirectional. The overlap between the two fault classes in the
residual space occurs specifically when f,, .. exhibits a sensor fault with positive bias, as
highlighted in Table 4. Hybrid achieves correct and unambiguous isolation whenever f, ..
has a negative bias, but fails to do so when it has a positive bias. However, the isolation
performance increases with fault magnitude in the positive-bias region, as larger magnitudes
shift the residual vector further into the separable region of the residual space. Specifically,
the isolation accuracy increases from IA = 0.09 at +3bar to IA = 0.95 at +9bar. For
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Table 4 Fault-magnitude-wise isolation performance (IA) for fp, ,, and f,. The best value for
each fault magnitude is highlighted in bold. The CBD architecture is not shown as these faults are
not structurally isolable.

foiin (bar) £,(-)
Model +3 -3 +6 —6 +9 -9 0.95 090 0.85
Hybrid 0.09 0.95 057 095 0.95 0.93 0.52 0.07 0.38

SVN 0.99 0.99 0.99 0.99 0.99 0.99 0.97 0.99 0.99

fr, the per-magnitude isolation accuracy exhibits a less consistent pattern, with IA = 0.07
at f, = 0.90, IA = 0.52 at f,, = 0.95, and IA = 0.38 at f,, = 0.85. In contrast, SVN
achieves correct and unambiguous isolation across all magnitudes and fault classes with
near-perfect accuracy (IA = 0.99). This is consistent with the design of the SVN architecture
and indicates that incorporating fault-discriminative information into the residual generation
stage substantially improves isolation performance for structurally similar faults.

[O Nominal A f, . O fu.

1.00 . 1.00 1.00
AA‘M
A L i
075 » 075 1 075
. ot L C P N -
3 050 y 8 0.50 f MM 1 5 050 g
2 S b 1 =
0.25 0.25 | 1 0.25
0.00 B&E5 0.00 L 1 0.00
0.00 025 050 0.75 1.00 0.00 025 050 075 1.00 0.00 025 050 0.75 1.00
MSO2 (—) MSO02 (—) MSO4 (—)

Figure 5 Response of fy, ;, and f, in the residual subspace. For better readability, the residuals
are normalized and only every 100—th point is illustrated.

Table 5 shows the per-fault isolation performance. As discussed, the performance gap
between the three configurations is most pronounced for f,, . and f,. For f, and f,_ ..,
all three configurations achieve near-perfect isolation accuracy (IA =~ 0.99), indicating that
these faults are well-separated. For f;, , the performance of the three configurations differs.
Hybrid achieves the highest isolation accuracy (IA = 0.83), while CBD and SVN reach
only 0.34 and 0.63, respectively. This difference can be attributed to the sensitivity of the
isolation mechanism to fault magnitude, as illustrated in Figure 6. At small magnitudes,
Jin, does not produce a sufficiently strong response in the residuals to trigger the required
crossing pattern and, therefore, fails to admit f;,, as a diagnosis candidate. As a result, both
architectures provide a unknown diagnosis. In contrast, the hybrid architecture operates
directly on the residual vector r(t). The per-fault classifiers were trained on fy,  data across
all magnitudes and can therefore identify the fault even when the residual response is weak.
This illustrates a key advantage of data-driven isolation: by decoupling fault isolation from
the detection threshold, the per-fault classifier retains sensitivity to low-magnitude faults
that would otherwise go undetected by threshold-based crossing logic.
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Table 5 Per-fault isolation performance. The best value for each fault class is highlighted in bold.

IA
System f, Soein  Sopouw S Jrinp
Hybrid 0.96 0.74 0.97 0.32 0.83
CBD 0.99 0.00 0.99 0.00 0.34
SVN 0.99 099 0.99 0.99 0.63

O Nominal A fm;l

Y — Y — Y — Y —
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MSO2 () MSO2 (—) MSO3 (—) SVN 1, (—)

Figure 6 Response of fy, in the residual subspace. For better readability, the residuals are
normalized and only every 100—th point is illustrated.

5.2 Unknown Fault Performance

Table 6 reports the performance of all three configurations for the unknown fault class
fepv across different fault magnitudes. The fault magnitude fgpyv € [0.4,0.6] denotes the
relative opening of BPV. The architectures exhibit different behaviors for the unknown
fault class. Since the derived MSOs for Hybrid and CBD insensitive to the unknown fault
class, the detection stage should not be triggered, as the FTP is operating nominally. Both
architectures effectively reject the unknown fault class during the detection stage, resulting
in zero false alarms (FARynx = 0.00). This confirms that the MSO-based architectures do
not misclassify the unknown fault class. Further, this implies that the fault is undetected
within the FDI system for this subsystem, which is desirable for a distributed diagnosis
system where this fault class is handled by another local diagnosis system.

In contrast, SVN is sensitive to this fault class, as it produces a correlated deviation across
multiple sensor signals, captured by the SVN residuals. Since MSO2 is structurally insensitive
to this fault, the isolation logic under the exoneration and no-false-alarm assumptions produces
an empty candidate set, which the pipeline resolves as an unknown diagnosis. SVN achieves
TA nx = 0.98, confirming reliable detection of the unknown fault class. The marginal shortfall
is attributable to the warm-up phase of the persistence filter, during which the first N — 1
samples of each fault trajectory do not yet contribute a fully populated sliding window,
slightly reducing the per-sample rejection rate below unity.

5.3 Trajectory-Level Performance

To evaluate the trajectory-level performance, the exemplary test run introduced in Section 3.2
is used. The run consists of four sequential fault episodes: f, = 0.9 is active during
t € [20,30]s, fepy = 0.5 during ¢t € [40,50]s, f, = 4000 1/min during ¢ € [60,70]s and
Jpp.oue = 10 bar during ¢ € [80,90]s. As Hybrid and SVN achieve the highest isolation
performance, their qualitative diagnostic output over time for the test run is shown in
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Table 6 Performance on the unknown fault class. The best value for each fault class is highlighted
in bold.

System Metric prv =0.5 fBPV =0.5 fBPV =0.6

Hybrid FARunk 0.00 0.00 0.01
CBD FARunk 0.00 0.00 0.01
SVN 1 —-TAuk 0.02 0.02 0.02

Figure 7. Within the first nominal segment ¢ € [0, 20] s, both architectures correctly detect
nominal operation. When f,, is introduced, the residuals of both architectures deviate from
zero. SVN correctly diagnoses this fault after the warm-up phase of the persistence filter,
while Hybrid fails to isolate it correctly due to the overlap between f, and f,, , in the
residual space (see Section 5.1). In the subsequent nominal segment, the return to a nominal
diagnosis is briefly delayed for both architectures as a result of the persistence filter. When
the unknown fault fgpy is introduced, the SVN residuals deviate from zero, and the unknown
fault class is correctly diagnosed after the warm-up phase of the persistence filter. Hybrid
does not respond to this fault class. As a result, no warm-up phase is required, and the
correct diagnosis is maintained throughout. Again, both architectures correctly classify
nominal operation in the following segment. When f, is introduced, both architectures
correctly diagnose the fault after the warm-up phase of the persistence filter. Notably, the
residual response of the hybrid architecture is stronger for f, than for f,, indicating a
higher fault sensitivity. The following nominal segment is again correctly classified by both
architectures. In the final fault segment, f, . is correctly diagnosed by both architectures
after the warm-up phase of the persistence filter.

Exploiting differences between sensor- and component-fault signatures, SVN correctly
and unambiguously isolates all fault episodes, including structurally indistinguishable and
unknown classes, where Hybrid and CBD reach their limits.

5.4 Generalizability

The scope of the proposed approach is generalization across LPREs rather than across
arbitrary complex systems. Within this scope, the methodology’s requirements are satisfied
by construction. The governing equations of the reduced-order model follow from first-
principles conservation laws and are therefore known. Validated transient simulation models
are firmly embedded in the engine development process and thus available for FDI design [25].
The dominant fault mechanisms of LPREs are likewise well documented [4, 14], providing the
basis for fault modeling in both the structural analysis and the generation of training data.
Since the OC-SVM and SVN training data are also obtained from the validated simulation
model, the data-driven components inherit the same availability as the structural model. The
methodology can thus be adapted to other engine configurations by exchanging the underlying
simulation model and training data, without modifying the diagnostic architecture.

Extending the approach from the FTP subsystem to the full engine follows the same
workflow. The structural model is augmented with the governing equations of the remaining
components, the detectability and isolability analysis is repeated for the extended fault set
and sensor configuration and the data-driven components are retrained on correspondingly
generated data. As structural isolability depends on the sensor configuration and fault set,
the attainable diagnostic performance must be re-assessed for each target system.
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Figure 7 Trajectory-level performance of the hybrid architecture and SVN for multiple faults.

Each residual is normalized using the fault-free first 20s of the trajectory.

6 Conclusion and Outlook

In this work, we demonstrated that incorporating data-driven components into a model-based
framework for fault detection and isolation improves the performance for the FTP subsystem
of the LOX/LNG rocket engine. In the residual-generation stage, we selectively employ neural
ODE residual generators for MSO sets for which direct model-based residual generation
would require numerically ill-conditioned inversions. By parameterizing the system dynamics
in grey-box form, additional MSO sets can be made accessible, thereby maximizing structural
isolability. To address the structural indistinguishability between two of the five considered
faults, we employ a data-driven isolation layer based on a set of one-class classifiers. Each
classifier is trained on residual data from a single fault class, enabling the diagnosis system
to account for distributional differences not captured by structural fault signatures alone.
The hybrid architecture substantially improves isolation accuracy (IA) compared with the
consistency-based baseline, increasing the TA from 0.46 to 0.76.

We further demonstrate that exploiting differences between sensor- and component-
fault signatures yields an additional improvement in diagnostic performance, achieving an
isolation accuracy of 0.92. For this purpose, we employed a grey-box neural ODE surrogate
driven by control-command inputs, which serves as a sensor validation network (SVN). This
fault decoupling enables local structural analysis for component-fault diagnosis, resulting in
targeted diagnostic modules for selected component faults. The SVN architecture further
improves the isolation accuracy to 0.92, while retaining the ability to detect unknown
component faults.

Future work will extend our proposed approach to a distributed diagnosis system that
covers all LUMEN subsystems. In addition, the approach will be demonstrated under
closed-loop engine operation and extended to gradual fault drifts. The simulation-to-reality
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gap will be addressed by incorporating slow thermal transients into the neural ODE models
and adapting the surrogates to experimental data. Finally, the performance of the resulting
FDI system will be validated with experimental data.
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On the Practical Utility of Diagnoses
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—— Abstract

Diagnoses address a universal need for explanations that arises whenever things go wrong or when
we observe some unexpected behavior. The ubiquitous need for such explanations has led to an
abundance of algorithmic concepts and computation variants for diagnostic processes. Comparisons
have mainly focused on highlighting the virtues of individual algorithms or the required computational
efforts. In this paper, we focus on evaluating the results of a diagnosis algorithm in the context of
an inspection and repair process. We completely ignore the algorithm’s computation concept and
whether the observations would justifiably support multiple diagnoses. In particular, we focus on
inspecting and discussing the practical utility of diagnoses as a measure of the unnecessary efforts one
has to spend when fully repairing a system. We start with assessing the utility of a single diagnosis
and then progress to evaluating ambiguity groups, i.e., sets of diagnoses. We propose corresponding
metrics that investigate worst case and average performance, contrast them to the utility metric
used in the DX Competition 2010, and discuss the metrics’ results for several scenarios.
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1 Introduction

As we discussed in detail in [8], comparing and evaluating diagnosis algorithms is a much
more complex task than one would expect at first glance. Natural evaluation metrics include
correctness and computational efficiency. An intuitive but also essential dimension that has
been under-represented in the literature is that of how well a diagnosis algorithm’s results
support a user in an inspection and repair process. In other words, how well they inform a
user about what is actually wrong with the system so that they can effectively repair it.

In this paper, we focus exactly on this question. Instead of focusing on algorithmic traits
and computational efficiency, our sole focus is on the practical effectiveness of the reported
diagnoses. Intuitively, we are interested in how much a diagnosis would improve the effort
we have to spend inspecting and repairing the system. Intuitively, in the worst case, we need
to investigate all of the components of a system. In the best case, if we were lucky or well
informed by a diagnosis algorithm, we would know ezactly which components are faulty, so
that we need to investigate and repair only those faulty components and can avoid working
on others. In practice, we will end up somewhere between these two extreme cases, and we
would like to be as close to the ideal case as possible to minimize the efforts and costs of the
inspection and repair process.

The utility of a diagnosis as described in [3] was a first step in this direction and was
used to evaluate the diagnosis algorithms for the DX Competition 2010. However, as we will
show for several examples, this previously advocated metric is imprecise and makes estimates
that do not measure what we really want. In this paper, we will thus delve deeply into the
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question of how to capture diagnostic utility in the first place, and we will propose precise
metrics for the average and worst case utility (The best case is obvious). Those metrics will
cover scenarios where we want to evaluate a single diagnosis as well as sets of diagnoses.
We will furthermore propose extended variants that allow us to capture inspection/repair
costs that vary between individual system parts. This is relevant in practice, as in real-world
applications the costs of the resulting repair process can be much more important than
diagnostic precision. In particular, we might require high precision only for some components
that are expensive and accept an over-approximation for cheaply replaceable components
— which we can deduce also from where we place our sensors and make our measurements.
Inspecting and repairing a motor block is certainly much more costly than replacing a spark
plug, for example.

Our paper is organized as follows. In the next section, we introduce our notation and
offer basic definitions such as the previously published metric to capture a diagnosis’ utility.
In Section 3, we briefly discuss diagnosis inspired system inspection and repair processes
in order to provide the necessary background for evaluating some diagnoses’ utility. Our
presentation of corresponding utility metrics is divided into Sections 4 and 5 focusing on
single- and multi-diagnosis scenarios. We evaluate the average and worst cases and use
several examples to illustrate our arguments. In Section 6, we consider how to incorporate
more complex considerations of inspection and repair costs into a utility metric. We conclude
with a final discussion and an outlook on future work.

2 Notation and Basic Definitions

In this section, we introduce our notation and provide basic definitions. We also describe the
basic utility metric that was proposed in [3] and used for the DX Competition 2010.

Please note that our definitions occasionally deviate from what the reader might be
familiar with from the literature and papers like [2, 10, 9]. The purpose is to develop
evaluation metrics that are agnostic to the algorithmic concept used to derive diagnoses.
A simple example is that we do not require diagnoses to be subset-minimal. For Reiter’s
diagnostic theory [10] it made sense since every super-set of a diagnosis solves the diagnosis
problem as well in the context of that theory and we want to avoid unnecessary computations.
In our case, however, we do not require subset-minimality in a diagnosis nor do we make any
assumption how a diagnosis was computed.

Without loss of generality (see Corollary 8), we assume that a system SD consists of
components z; € X, and that we have some observations OBS about the behavior of SD.!
Following the literature [2, 10], from SD, X and OBS we construct a diagnosis problem
(SD, X, OBS). A diagnosis A for a diagnosis problem points us to a subset X¢ C X of faulty
components that can explain OBS. A diagnosis assigns to each component z; € X a mode
m € M;, where M; is the finite set of modes in which x; can be.

The set M; must contain the nominal mode m,,,,, and at least one fault mode. The
latter can be the completely unconstrained general fault mode mge, or a finite non-zero
number of concrete fault modes my. The general fault mode implements a Weak Fault Model
(WFM) [2, 10] that does not place restrictions on the faulty behavior of ;. With concrete
fault modes that implement a Strong Fault Model (SFM), we can pose concrete constraints
on the faulty behavior. Technically, there is no requirement to describe ezact behavior (that

L As usual, we will also formally refer to a system model with S$D and it will be clear from the context
whether we refer to the system as an entity or to its model.
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defines the component’s output for every input combination) , but only some constraint.
In practice, we tend to describe exact faulty behavior, though, like when we describe a
stuck-at-0 fault for a logic gate. The increased precision over a WEM approach comes at the
cost of a larger search space. That is, the search space grows significantly as formalized in
Def. 4. Another side effect is that we limit our diagnostic search to the implemented fault
modes at the algorithmic level: If we do not model a fault, we will not be able to find it.

We consider nominal mode assignments in a diagnosis A to be optional, so that only
those tuples (z;,m;) in A that assign a non-nominal mode m; € M; \ {myom} to some
component x; need to be present. All components x; € X for which A does not contain an
explicit assignment are defaulted to the nominal mode.

» Definition 1 (diagnosis problem, diagnosis, subset-minimal diagnosis). Given a system SD,
a set OBS of observations about SD’s behavior, a set of components X, and for each x; € X
a set of modes M; that x; can take and where M; contains x;’s nominal mode Mypom and at
least one fault mode. A diagnosis A for a diagnosis problem (SD, X, OBS) is defined as a
set of mode assignments (x;,my), such that the component x; is assigned a mode m € M;
and such that there are no two assignments (x;,my) and (z;,my,) that refer to the same
component (x; = x;). Any x; € X for which A contains no explicit mode assignment (z;, *)
s assigned Myom by default. A diagnosis A is subset-minimal if and only if there is no
diagnosis A’ s.t. A’ C A. In other words, there must be no other diagnosis A’ whose set of
explicit mode assignments is a subset of the explicit mode assignments defined by A.

We would like to point out to the reader that, unlike Reiter’s theory [10], our definition does
not hint at a concept for computing diagnoses. We also do not assume guaranteed features
about a diagnosis, such as that OBS is consistent with SD under the fault assumptions
suggested by A (as suggested in the same theory). Similarly, we do not require that a
diagnosis has a probability greater than zero, as we did in [8]. We simply consider the case
where diagnoses are provided as the results of some diagnosis algorithm (DA).

» Definition 2 (health state variables). Please note that for simplicity reasons, for a diagnosis
problem (SD, X, OBS) as of Def. 1, we define a set of health state variables H that contains
for each x; € X a corresponding h; that can take as a value any mode m; € M.

» Corollary 3. Without loss of generality, we can also define a diagnosis problem as
(SD,H, OBS). Similarly, a diagnosis and a subset-minimal diagnosis can be defined ac-
cording to Def. 1 but where we refer to H instead of X.

» Definition 4 (diagnosis space). The diagnosis space © of a diagnosis problem as of Def. 1
1s defined by the product of the components’ mode sets M;

o= ] M

r,€X

If and only if we implement a weak fault model (so that there is the nominal and one
unconstrained fault mode mgyey,) or if there is a single constrained fault mode, we will also
write © = 2X. Similarly, we will also write © = MX in case we have a single universal mode
set M that is applicable to all components (or health state variables).

» Definition 5 (set of injected or actual faults, ideal diagnosis result). Ideally, a diagnosis A
derived by some algorithm is identical to the set Ag € O of actual faults in SD. The set Ag
might relate to faults that were injected artificially or that occurred naturally.

9:3
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The ideal result is user-centric in that we do not refer to complete sets of justifiable
diagnoses based on a theory. The goal is to identify the actual faults. Thus, inherent
limitations such as limited observability that would have complete algorithms such as RC-
Tree [9] or GDE [2] compute multiple justified diagnoses are not taken into account.

» Definition 6 (faulty component set, faulty component candidate set). For the set of injected
Jaults Ag, we define the faulty component set Xp C X as the set of components x; that Ag
assigns a non-nominal mode. Similarly, for a diagnosis A we define the faulty component
candidate set X¢ C X as the set of components that A assigns a non-nominal mode.

» Remark 7. Please note that with our definition of Ag, we implicitly assume that the set of
health state variables H in a diagnosis problem was modeled precisely enough, so that an
algorithm can find the faults. In particular, we assume that Ag € ©.

» Remark 8. We assume that a system consists of components. Natural components that
have been used in the literature would be statements or functions in a program, gates or
blocks in a digital system, physical components in a mechanical system, or any other type
of entity or group of entities in SD. Technically, there is no restriction to any scheme for
defining what a component is. We can literally have any part of SD as z; € X. A component
could thus consist of two clauses in a conjunctive normal form description that belong to
two individual physical components (like gates in a digital circuit). At the same time, we
must take into account that, in general, there might be parts of SD (like a wire between two
components) that do not belong to any component x; € X so that they are not within the
scope of any h; € H.

An important assumption that usually remains hidden in formalizations of a component-
based system is that any specific part (like a sentence) of SD must not belong to more than
one component z; € X. Not making this assumption would break some effects regarding
parsimony /subset-minimality that are actively exploited in computation concepts [10].

In our basic definitions, we do not consider probabilities. This is in contrast to [8], where
we assumed a diagnosis to report a probability for each A’ € ©. As visible in the remainder
of this paper, we will still discuss how to adopt probabilities if they are available.

In 2010, the organizers used the following metric to evaluate algorithms in the DX
Competition. This metric has the property that m,y pxc = 1 when A = Ag (perfect
diagnosis), and decreases as false positives or false negatives increase. In Section 4, compared
to our metrics, we can see that it suffers from problems and reports unexpected results for
certain scenarios. Sometimes, the reported value is even worse than the worst case value
that we can precisely compute with our own metrics.

X\ Xp|* (1 Xe|+1) [ Xp\ Xeo|x (| X\ Xe[+1)
| X[ (| X\ XFr|+1) | X[ (|XF\ Xc| +1)

mu_pxc(D,Ag, X)=1— (1)

3 Diagnosis-Inspired System Inspection and Repair

When trying to assess the practical utility of diagnoses, we have to think about how we can
exploit a diagnosis during inspection and repair [4]. In order to investigate this, let us first
focus on a single diagnosis. This refers to cases where there is either only one diagnosis for a
given diagnosis problem, where we isolated a lead diagnosis as a working hypothesis, where
the diagnosis algorithm reported only one diagnosis, or where we compare multiple diagnoses.

In principle, a diagnosis A € © defines a set X¢ C X of components that we assume to
be faulty (see Def. 6). Depending on the diagnosis space 0, a diagnosis provides us for each
x; € X¢ with either information that there is something wrong with x; (mge, for a WFM
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computation), or detailed information about what is wrong with it for an SFM approach?.
The latter simplifies inspection & repair, but has other side effects, as we discussed in the
previous section. However, let us ignore this difference for now and work with X<. That is,
since we can compute it in either case. Please note that we will elaborate on this abstraction
in Sec. 6 where we discuss a detailed consideration of costs and the impact of ©.

Simply put, we should inspect & repair all x; € X¢. That is, since a diagnosis suggests
faulty components and we, ideally, have X = Xp. Assuming that no fault probabilities are
available, we would do so in arbitrary order. For the inspection and repair steps, we would
make the implicit/hidden assumption that we have perfect bug understanding and similarly
that we perform a perfect repair [8]. That is, we will always (and immediately) detect a fault
when inspecting a component, and we can and will perfectly repair it. An inspection and
repair procedure will thus always succeed if the right components are worked on.

In addition, we assume that we can recognize a fully repaired system. Once all faulty
components x; € Xp have been inspected and repaired, we can thus recognize that the
system is fault-free.? A welcome effect of this assumption is that if a diagnosis A’ is a proper
super-set of the actual faults Ag (s.t. Ag C A’), we can stop the inspection and repair
process once we inspected all z; in X rather than having to inspect and repair all z; € Xo*.
In this case, A suggests for some components that they are faulty while they are actually
healthy. We coin these components xz; € X¢ \ Xr false negatives.

» Definition 9 (false negatives). For a given diagnosis A as defined in Def. 1, the actual
faults Ag as of Def. 5, as well as X¢ and Xp as of Def. 6, the set of false negatives can be
derived as Xpny = Xo \ XF.

We coin the defective components that A fails to report false positives. If we suffer from
such undetected defect components (s.t. X\ X¢ # 0), we must also investigate z; € X \ Xc.

» Definition 10 (false positives). For a given diagnosis A as of Def. 1, the actual faults Ag
as of Def. 5, as well as X¢ and X as of Def. 6, the set of false positives can be derived as
Xpp = Xp \ X

In many cases, a DA returns more than one diagnosis. For instance, when an algorithm
is not precise enough, or when the diagnosis problem has multiple plausible solutions. The
latter happens often in practice when the (limited) observations do not allow us to distinguish
competing hypotheses. Indeed, when implementing a well-founded and complete analytical
concept [10, 2, 9], an algorithm is forced to return multiple diagnoses in these ambiguous cases.
Another source for such ambiguity is ©. When using a weak fault model, it is well-known [10]
that when we add a component to a diagnosis, the resulting A’ can still explain the observed
behavior. To illustrate the ambiguity, consider the example of two inverters in series [§].
Assume that we can observe the in- and output of the circuit and that the output is wrong.
Since we have no observation about the connecting wire, there is no way to compute which
inverter is faulty. Even both inverters could be faulty — in opposition to Occam’s razor.

The main question now is how we would actually use a set ©' of diagnoses. In some
cases, each diagnosis might be assigned a probability, so that we rank them from the most
probable diagnosis to the least likely one.®? If we have no probabilities, we could, e.g., take

2 Such as when a logic gate suffers from a stuck-at-0 fault.

3 The conclusion is valid only for inspected scenarios and faults that manifested on the outputs in OBS.
4 Please note that, as described in [8], this assumption implicitly requires that healthy and inspected,/re-
paired components must not break (again) between inspections of the individual components.

In arbitrary local order whenever there are multiple diagnoses with the same probability
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into account the cardinality and/or the frequency with which the components in A appear
in © to order diagnoses. We could then walk through the diagnoses in this order, testing
every new component along the way and discarding from ©’ those diagnoses that we can
rule out whenever we learn whether some component is healthy or not.

There is also the option to not rank the diagnoses, but to combine them in a single set.
Formally, we derive the union X¢. of the candidate spaces X¢ of the individual diagnoses
A; € ©. We would then inspect the components x; in this multi-diagnosis fault candidate set.
The order in which we inspect X, could be completely random, or, as suggested earlier, we
could rank the components according to the frequency with which they appear in diagnoses.

» Definition 11 (multi-diagnosis fault candidate set). Given a set © C © of diagnoses, and
computing Xc¢, for each A; € ©', the multi-diagnosis fault candidate set X(, is defined as

Xpcx=|J Xc
A; €0/

Obviously, there are an abundance of processes that we could adopt to take advantage of ©’
in an inspection and repair process. As we discussed in [8], all have their individual advantages
and disadvantages. In practice, we would tailor the choice to the specific application domain
and the structure of the diagnosis problem.

For our evaluation, we need to draw conclusions that generalize. We thus focus on X/,
and a random inspection order. This allows us to avoid any influence of the structure of a
specific diagnosis problem and a specific repair process on the average utility. In particular, it
is easy to see that the ordering of diagnoses or components® would depend on the structural
aspects of the specific diagnosis problem which is (a) difficult to predict/estimate and (b)
biased toward the sample. Inspecting/repairing the z; € X/, in random order allows us to
circumnavigate those problems in a structured way and without introducing a new bias.

It is important to note that sometimes we would specifically look for a biased metric. In
a batch repair process as suggested by Stern and Kalech in [13] and [14], we, e.g., leverage
synergies during repair. Those arise when the costs of repairing a group of components are
lower than the sum of the individual repair costs. Their concept of repairing components
in batches differs significantly from our step-wise repair assumption and would certainly
require an individual metric. As a final note, we would like to specifically note that we
assume that we have to work with the available diagnoses only, i.e., since we are interpret
those diagnoses. Additional active testing for diagnosis/hypothesis discrimination [1] that
is potentially supported by additional signal probing [5] (so that we arrive at solving a
sequential diagnosis [11] problem), as well as approaches that integrate diagnosis and repair
like [16] are thus not directly applicable and not in our scope.”

4 The Practical Utility of a Single Diagnosis

Consider the utility of a single diagnosis and let us first focus on a WFM such that © = 2X.
Ideally, the DA would return the actual faults Ag as the diagnosis result (see Def. 5).
Intuitively, Ag also represents the minimal set of components that we need to inspect and
repair to arrive at a fully repaired system. Consequently, we cannot circumvent spending
inspection and repair efforts for z; € Ag and we in turn do not spend any avoidable efforts

5 As noted before, we could inspect the z; € X{ according to the number of times they appear in A; € ©'.
7 The underlying concepts would allow us to compute educated orders for repairing z; from X¢ or X(.
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if A = Ag. Intuitively, our metric should thus return the maximum utility value for this
scenario. In our work, we target a metric m.,4 (A, Ag, X) that provides a value in the interval
[0,1], so that we should have myu (A, Ag, X) = 1 if and only if A = Ag. The minimum
value of 0 indicates that we spend the maximum of those efforts that we could theoretically
avoid. Practically speaking, it corresponds to the worst case in which we have to investigate

all components x; € X, and especially all z; € X \ Xr since we cannot avoid the x; € Xp.

Having to inspect all components seems a bit extreme, and one might thus be tempted to
make the misled assumption that we would never see such a case in practice. But, as we
will show later, we can suffer from a diagnosis with utility 0 even for small examples. For
the range between the two extremes, we aim for a linear decrease in my (A, Ag, X). This
entails that the utility decreases by m for any additional (unnecessarily) investigated
component since we can compute the precise upper bound on the number of avoidable
components as Xp’s complement X4 = | X \ Xp|.

» Definition 12 (necessary/unavoidable and unnecessary/avoidable inspection space). The
entire inspection space is defined via the set of components X (or alternatively H). The
necessary or unavoidable inspection space Xy C X is the set of faulty components X as
of Def. 6. The unnecessary or avoidable inspection space Xz is defined as its complement
Xi=X\Xy=X\Xp.

» Corollary 13. If the avoidable inspection space X 4 is empty, then the worst and average
utility of a diagnosis is 1 by default.

Proof. (sketch) If we have X4 = ), then Xp = X due to X4 = X \ Xp. In this case, we have
to inspect and repair all z; € X, no matter which z; a diagnosis suggests to be faulty. <«

» Assumption 14. Due to Corollary 13, we have that the utility of a diagnosis is 1 if X 4 = ().
For all the metric formulae that we provide, we thus assume X 4 # (). The reason is twofold.
First, we don’t need any computation in this case. And second, we would otherwise need to
define the special case of X4 = 0 for most equations which we will explain for Eq. 2.

Intuitively speaking, the envisaged metrics capture the fraction of the avoidable inspection
space X 4 that we can actually avoid when we take into account a diagnosis A.® So, let us
formally define the metrics for the worst case and average utility of a diagnosis, starting with
a consideration of the worst case. Recall from Sec. 3 how we would exploit some diagnosis

A. We first investigate all z; € X¢. Only if this does not result in a working system (s.t.

Ag € A), would we investigate components in the complement of X¢. False positives (see
Def. 10), i.e., components z; € X that were reported to work OK so that z; ¢ X, and
false negatives (see Def. 9), i.e., components x; that are OK (x; ¢ Xp) but are reported as
defective by A (s.t. x; € X¢) should have an impact on the metric. In fact, in their union
they define the actual additional efforts that we need to spend on our inspection/repair
process. For instance, if and only if there are no false positives s.t. Ag \ A = (), we can
define a diagnosis A’s worst-case utility via the following equation:

| Xco\ XF|

| X4l @)

Maytl

(A, Ag, X)=1-—

we

Taking into account Eq. 2, we can easily see the motivation for the Assumption 14. That
is, X4 = 0 would lead to a division by 0 so that we would need to define a specific case. Let
us now interpret the formula and recall that we basically deduct from the maximum value

8 By the above obvious conjecture, we cannot avoid looking at the z; € Aq since they are faulty.
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1 the fraction of the avoidable inspection space X 4 that we actually have to inspect. In a
worst case scenario, we would first inspect the false negatives, which means that we have to
investigate all components z; € X. Since there are no false positives, we stop the inspection
after the last x; € X since we recognize that the system is fault free. If we also suffer from
false positives, we also need to check components not in X¢ since then Xp \ X¢ # (. In a
worst case scenario, we inspect the false positives last which leads us to the following formula:

[ Xe\ Xp|  |X\ (XrUXo) (3)

| Xal [ Xal
The interested reader will have deduced that we actually have my;, = 0 then. Formally,
this follows from the observation that |[X¢ \ Xp|+ | X \ (Xr U X¢o)| = | X \ Xc| = | X4l
Nevertheless, we can observe that the two fractions each capture the individual fractions of
the unnecessary efforts associated with false negatives and positives. The first captures the
efforts associated with false negatives, and the second those connected to false positives.
Now that we have a clear picture about the worst case utility, let us switch our focus to
investigating the average case utility. Like for the worst case evaluation, let us first assume
that there are no false positives. The main difference versus the worst case scenario is that we

do not inspect the false negatives first. Rather, we inspect x; € X¢ in a completely random

mutlwc(A7 AQ,X) =1-

we

order — as we discussed in Section 3. When X now contains y-many faulty components, and
z-many false negatives, ? the question is how many components from X would we inspect
on average until all z; € X have been covered.

Order statistics and in particular the scenario of a hypergeometric distribution'® provide
us with an answer. Consider a simple example where we draw balls from a bowl. Assume
that there are n balls (and that we do not replace balls). k-many balls are red and the others
green for 0 < k < n. Using the following equation, we can estimate the average number of
draws that we need to recover all the red balls. The intuition behind the formula is that we
estimate the position of the last red ball in a random ordering.
e o

Obviously, this estimate is equal to the number of draws that we need on average to
retrieve all the red balls. Recall that, in principle, we are interested not in the total number
of picks, but rather in the unnecessary ones that we could have avoided to make. In other
words, the picks that produced a green ball instead of a red one. To derive this number, we
simply subtract k from the estimate, since we need these k picks to recover all the red balls.

' B » _kx(n+1) _kx(n—k)
Elavoidable draws] = E[draws/position] — k = i1 k= TRyl (5)

When transferring Fq. 5 to our diagnosis-oriented inspection/repair process, k is the
number of faulty components s.t. k = y = |Xp|, n the number of components in X¢ s.t.
n=y+z=|Xc|,and 2 =n —k = | X¢| — |Xr| = |Xc \ Xp|.!! For our metric, we also
need to divide the number of avoidable inspections/repairs by X 4. This ensures that we
subtract the fraction of X 4 that we could not actually avoid. Please note that we use the
subscript X¢ to E to indicate that we take into account only false negatives at this time.

_|Xpl* [Xe \ Xl
(Xr[+ 1)

Eldraws/position] =

Elavoidable inspections|x,,

9 Since we assume there are no false positives, y = |Xr| and we have z = | X¢ \ Xr|, and y + z = | X¢/|.
1o https://mathworld.wolfram.com/HypergeometricDistribution.html
M Note that Xp C X¢ due to the absence of false positives.
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Elavoidable inspections]x, 1 | XF|*|Xc \ XF|
[ Xal [ Xal* ([ Xp[+1)

Matl (6)

(A, 80, X) =1~

avg

Now that we know how to handle false negatives, let us work towards characterizing the
effects false positives have on the utility. An important observation that we need to make

is that even false negatives must be handled differently whenever there are false positives.

That is, whenever there are false positives, we cannot receive feedback that the system is
repaired when investigating components x; € X¢. Consequently, we must inspect the entire
X¢ and cannot avoid the inspection of any false negative. With %, the impact of false
negatives on Mmyu,,, (
Since there are false positives, we must also inspect at least some z; € X \ X¢. To calculate
an estimate, how many x; € X \ X¢ we need to inspect and repair on average, we again
adapt Eq. 4. This time, the set of components “to draw from” is of size n = | X \ X¢|, and

k= |Xr \ X¢| is the number of false positives that we need to find:

Xr\ X X\ Xl - | Xp\X
Elavoidable inspections] x\ x. = [ Xr \ Xo| T)g \\X TL 1| r\ Xcl)
r\Xc

X\ Xp| [ Xp\ Xe|* (X \ Xe| — [XFp\ Xc|)
| Xal [ Xal* (I XF\ Xc| +1)

(AvAQ’X):l (7)

mutlavg
So, let us evaluate our metrics in the context of a few examples, and let us compare the
results to those for the 2010 DX Competition metric captured in Eq. 1 in Section 2.

1. Example 1: |X| =10,Ag = A = {21, 25,26, 238} : |[Xc| =4, | Xp| =4, | Xc \ Xp| =
0,|Xr \ Xc| =0,]X4| =|X \ Xp| =6. In this scenario, we have neither false negatives
nor false positives. Intuitively, the utility should be 1 since we make no unnecessary

inspections and repairs.
0%5 0%7

mutliDXC:%)710*1710*1:1 0
Mytt,,. =1 —5 =1, mu,,, =1— 55 =1

we 6 avg 6%5

2. Example 2: |X|=10,Aq = {z1, 25, %6, zs}, A = {1, 25,26, Ts, To } : | Xc| =5, | Xp| =
4, Xc\ Xr|=1,|Xr\ Xc| =0,|X4] =|X \ Xr| = 6. In this scenario, there is one false
negative but no false positive. Intuitively, the utility should thus be lower than 1 since we
(potentially) need to investigate one additional component. For the worst case estimate,
we can be more precise in that it should be lower by 1/X 4 = 1/6. The average utility
should be higher than that. For this example, we can easily observe that the metric
used for the DX competition did not catch the average case very well. In particular, the
reported value is even lower than our precise worst case utility.

_ 1x6 0x6  __
Mutl_pxc =1 —q5,5 = 35,7 = 0.7

Mutt,, =1 — § =083, myy,,, =1 — 251 = 0.86
3. Example 3: |X| = 10,Aq = {x1,25, 26,28}, A = {x1,22, 25,26, s, 2o} : | Xc| =
6, Xr|=4,|Xc\ Xr| =2,|Xr\ Xc|=0,|X4| =|X\ Xp| =6. In this scenario, there

are two false negatives but no false positives. Compared to Example 2, the values for all

we

metrics should be lower since we have two false negatives instead of one. We can again
observe that the DXC metric reports a lower average utility than our precise worst case
utility estimate.

Mut pxc =1— 2L — D5 = (.53

10%3 ~ 10+1 .
=1-2=0.6, myu,,, =1— 22 =0.73

avg T 6%5

Maytl

we

A, Ag, X) is thus the same as for the worst case utility (see Eq. 3)).
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4. Example 4: |X| =10,Aq = {x1,25}, A = {21, 25,26, 25} : | Xc| =4, |Xr| = 2,|Xc \
Xr|=2,|Xr\ Xc| =0,|Xa] =|X \ Xr| =8. Here we have two false negatives but no
false positives. We thus need to investigate two additional components — as in Example 3.
The score is still supposed to be different, since the amount of injected faults is different.
That is, since this has an impact on the fraction of the components that we could avoid
investigating. The DXC average utility metric suffers from the same issue as for the
previous two examples and reports a utility that is below the worst case utility.

__ 1 _ 2%5 _ 0x7 __ &
Mut_pxc =1 — 15,5 — 75,7 = 0.6

muﬂwc = 1 - % = 0'75? mu”a’ug = 1 - % - 083

5. Example 5: |X| = 10,Aq = {z1, 25,26, 23}, A = {z1, 25,5, 29} : | Xc| = 4,|Xp| =
4, Xc\ Xr|=1,|Xr\ Xe| =1,|X4| = |X \ Xr| = 6. In this scenario, there is one false
negative (x9) and one false positive (xg). The worst case utility should be 0 since there is

note that | Xz U X¢| = 5. In contrast to

the previous three examples, the DXC average utility metric reports a value that is quite

a false positive. For the computation of m.,y

we?)

close to our average utility m.q

avg®

1 15 1s7T _
Mui_pxc =1 — 15,5 — 15,3 = 04

— 1 5 _ 1 1%(6—1) _ :
Mautl,, =1 — 66— 0, Mutlypy = 1- 5§ —6m = 0.416

6. Example 6: |X| = 10,Aq = {x1,z5, 26,28}, A = {z1,25,28} : [Xc| = 3,|Xp| =
4,1 Xc\ Xp| =0,|Xr\ X¢| =1,|Xa] =|X \ Xr| = 6. In this scenario, there is no false
negative but one false positive. Due to the false positive, the worst case utility should
be 0. For the computation of m,,, note that we have X¢ U Xr = X for this case.
Intuitively, the average utility should be 0.5, i.e., since there is no false negative, and we
will find the single false positive in the middle of inspecting X \ X¢ on average. Our
average case metric fulfills this intuition, while the DXC one reports a larger value.

1 04 _ 148 _
Mu_pxc =1 = 15,7 — 15,3 = 0.6

_ 0_ 6 _ _ 0 _ 1x(7-1) _
mutlwc - 1 - 6% 6 0) mutlavg — 1 — 6 6+2 - 05

7. Example 7: |X| = 10,Aq = {z1, 24,5, %6, 27, 28,29, 4}, A = {{x1, 22,23, 24} :
| Xc| =4, |Xr| =8,|Xc\ Xr|=2,|Xr\ Xc| =6,|Xa| =|X \ Xr|=2. This scenario is
a quite interesting corner case. We have 8 faulty components, but only two (z1,24) are
part of the reported diagnosis A. A contains 2 false negatives (x2,x3) which are actually
the only two components that are not faulty. Consequently, we have Xp U X¢ = X
for our worst case evaluation. Despite the complicated scenario, the worst case utility
should be 0 since we have false positives. In this specific scenario, also the avg. utility
should be 0 since we indeed have to investigate all components. Our metric matches
these expectations, while the DXC metric is slightly off.
mu_pxc =1— 25 — S — (.06

4 —6

_ 2 0 __
Muytly,e = 1- 27 9 — 0; Moytl 2% 7 -

avg

As we can see in the results, our metrics report values that match the intuitions and
expectations we have about a metric that captures the utility of a diagnosis. In some cases
also the DXC metric is close, but in others it is clearly off. Sometimes it reports a value that
is even below that of the worst case utility, a situation that must not arise for a metric that
is supposed to describe the average case.
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There are a number of hidden assumptions that our formulae have been based on, such
as that there is a health state variable for each component!2. In practice, this might not be
the case, so more general equations can be defined by considering H (the set of health state
variables) instead of the component setX. For example, Eq. 7 could be reformulated to

_|Hc\Hp| |Hp\Hc|*(|H\ Hc|—|Hp\ Hc|)
| Hal |Hal = (|Hp \ Ho|+1)

We furthermore assumed that the cost of inspecting any component is unity. In reality,
the costs for inspecting and repairing components differ between individual components.
Consequently, we might want to consider a cost function, which we discuss in Section 6.

A most prominent assumption was that we focused first on a weak fault model with the
diagnosis space © = 2%
model with a larger © would require us to derive new formulae, and our answer is yes and

mutlm,g (A, AQ, H) =1

(®)

. The imminent question now is whether the move to a strong fault

no. That is, the answer depends on how we define the costs of inspecting a component.

If we approximate the costs with unity no matter the fault model, and if we assume perfect
bug understanding, we can indeed use all formulae proposed so far also for the SFM case.
Only if we do not assume unity, we need to use different formulae. Since this assumes a cost
function, let us continue the discussion in Section 6.

5 Considering Ambiguity Groups

In many if not most practical cases, a DA will return more than one diagnosis — as we
analyzed in Sec. 3. Like we argued in the same section, there are multiple options to exploit
the set © of reported diagnoses. An important and inherent challenge is that the structure
of © depends on the structure of the system, the observations, and Ag. For illustration
purposes, assume that we pick a certain element for inspection. Depending on whether the
component is actually faulty, a certain set of diagnoses in ©’ will become invalid, so that a
working set of hypotheses or X/, would need to be re-computed. Depending on the metrics
used to select a component, we might need to update also the ranking of the individual
diagnoses and components that we follow in the inspection and repair process. For a precise
average utility metric, we would need to estimate the effects of this process in a meaningful
way which is a quite complex challenge. For this and other reasons raised in Sec. 3, we chose
to focus on the multi-diagnosis fault candidate set X(, as of Def. 11.

Like for single diagnoses, we initially assume © = 2% and start our discussion with the
worst case utility. It is easy to see that we can easily transfer the worst case utility equations
for the single diagnosis case to cover multiple diagnoses by considering X, instead of X¢. If
we assume that there is no false positive (see Def. 10), i.e., Xp \ X/, = (), we arrive at:

_ 1 Xe\ Xr|

” Ao, X)=1
m tlwc(®7 (o8 ) |XA|

9)

Like for a single diagnosis, we basically deduct from the maximum utility value the
fraction of the avoidable inspection space X 4 that we actually have to inspect. If there are

false positives, we need to also look at components in X(,’s complement since X \ X(, # 0.

In the worst case, we inspect the false positives last, so that we arrive at:

(Xe \ Xrp| X\ (XrUXo)

M, (0, A0, X) =1 —
e ( Q:X) XA XAl

(10)

121n fact, we argued primarily with X rather than H.
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Please note that Cor. 13 transfers also to X¢ and Assumption 14 is thus valid also
when considering ambiguity groups. The average utility situation is more complex. Since
being utterly precise is not an option due to the issues discussed in Sec. 3, we investigated
estimations and present two variants. For muu,,, .., (0',Aq,X), we compute X and
transfer the formulae we proposed for the single diagnosis case. If there are no false positives

(X \ Xp =0), we thus have:
[ Xr|* | X6\ Xr|

Mty .0 (©,Ag, X) =1— 11
tlavg _es ( Q ) |XA‘ % (‘XF| +1) ( )
If there are also false positives X(, \ X # 0, we would use

XL\ X Xr\ X/ X\ XL —|Xp\ X/
mutlwgist(@laAQ,X) —1_ [ Xe \ Xp| - | Xr \ Xo| * (IX\ Xo| = [Xp\ X)) (12)

[ Xal [ Xal* (IXF\ XE[+1)

For both equations, we compute X/, and randomly process components from X/, and
thus connect to order statistics. A welcome side effect of these formulae is that the obtained
values compare nicely to those for the single diagnosis case. That is, when |©’| = 1 and
X{ = X¢ the results are indeed the same as if we had used the single diagnosis formula.
(©’,Aq, p, X) that does not focus on
computing X{.. To compute it, we, in principle, average over the average utility of all
A; € ©'. If we have probabilities for the individual diagnoses, we can also incorporate weights.
To that end, we consider a function p(A) that gives us the probability of some A € ©'. With
L= A,co P(A;) and p(A;) = ﬁ in case the DA does not report probabilities, we have

We investigated also an alternative m,y

avg__est!

Mty o (O 80up, X) =Y p(A) ¥ M, (Aiy Ag, X) (13)
A; €0’

Let us now test the metrics for some examples that we derived from those used in Sec. 4.

Example 1’: | X| = 10,Aq = {z1, 25, 26,28}, 0" = {{z1, 25,26}, {x5, x5, 21}, {w6, 28} } :
| Xp|=4,|X0] =4, | X6\ Xp| =0,|Xp \ X =0,|Xa| = |X \ Xp|=6. In this variant
of Example 1, the DA returns 3 diagnoses (©’), and none of these diagnoses represents
Ag. However, their union X/, is equal to Ag, so we have neither false negatives nor false
positives. Intuitively, the worst case and average utility for our X{(,-oriented approach
should therefore be 1 since the DA identified all faulty components and only faulty
components. The fact that no diagnosis is equal to Ag, is actually irrelevant to the repair
and inspection process. In particular, even if we did not follow the process described in
Section 3 but consider the diagnoses in ©' in any imaginable way and order, would we

inspect and repair faulty components only.
— 1 _ 4x0 — 1

For muti,,, ..,, we would Zompute theGaL\)ferage over 3 bad single diagnosis utilities where
A, refers to the i-th diagnosis in ©. For Ay, | X¢| = 3,|Xc\ Xr| =0,|Xr \ X¢| = 1. For
Ag, we have ‘Xc‘ = 3, ‘Xc\XF| = 07 |XF\X0| = 1, and for Ag, |Xc| = 2, |Xc\XF‘ =
0,|XF \ Xc| = 2. So we do not have false negatives, but false positives for each A;.
Myt (A1) =1 — 3 — 22D — 05,

(Ay)=1-0_ 1D _ 5

_ 0 _
Muytly,e = 1- 6 — 17 TMytl

Maytl

avg 6 5 6§22 -
Mutlawg (A?)) =1- % - *(G*g ) =03 . .
Mautl,,, .0 (0) = $%(0.5+0.5+0,3) =04

From this single example, we can easily see that Mutl,y, oo has serious problems in
assessing the utility of ©’. In fact, it is a good indicator of how good individual diagnoses

are on average, but it does not tell us the utility of ©'.
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Example 2’ |X|=10,A¢q = {1, 5,26, 28}, 0" = {{z1,25, 26}, {5, x5, 21, To },
{x67x8}} : |XIC| =9, |XF| = 47|X/C\XF| =1, |XF \chl =0, |XA| = |X\XF| =6. In
this scenario, there is one false negative but no false positive for X(,. Intuitively, the
utility should thus be slightly lower than 1 since we (potentially) need to investigate one
additional component. For the worst case estimate, we can be more precise in that it
should be lower by 1/X 4 = 1/6.

Mutt,, =1— & =083, muy,,, .., =1— 2L =086

Now, let us look at how my4,, ., works for this example. For Ay, [Xc| =3, [Xc\XF| =
0, |XF \ Xc| = 1. For AQ, we Bave |Xc| = 4, |Xc \XF| = 1, |XF \ Xc| = 1, and for Ag,
[ Xc|=2,|Xc\ Xp| =0,|Xpr\ Xc| =2. So we have false positives for each A;, and for
A, there is also one false negative.

Mty (D) =10 - 2D — 5

Muttan, (A2) = 1 — 1 = 22D — 0 415

Mty (Ag) =1 — ¢ — 2822 — 3

Mutt,,, ... (0') =3 %(0.5+0.416+0,3) = 0.416

Compared to the previous example, the false positive for A, further decreases Mutly g orr
— as expected and as should be. We again observe that this metric is more indicative of
the distance between A; and Ag in terms of efforts, rather than describing the utility of
©’. That is, for this example, there is only one false negative for which we have to waste
our efforts when following our inspection and repair approach for ©'. Since Mutl,,, oo
does not implement the desired intuitions, we skip it for the remaining examples.
Example 3’: | X|=10,A¢q = {z1, 25,6, 23}, 0" = {{z1, 25, x6}, {5, s, 21,29},
{5, w6, w5, w2} } £ |XL| = 6, | Xp| = 4, | X5\ Xp| = 2,|Xp\ Xpo| = 0,|Xa] = | X\ Xp| = 6.
This is a multi-diagnosis variant of Example 3 with the same values reported by the
respective metrics. That is, X, is equal to X¢ derived for Example 3.

Muytl,, =1 — % = 0.6, Mutlyng ese = L — % =0.73

Example 4’: |X|=10,Aq = {z1,25},0" = {{z1, 5, 26}, {z5, xs, 1}, {x5, 6,28} } :

| Xl =4, |Xr| =2, X6\ XFr| =2, Xrp\ X5 =0,]X4] = |X \ Xr| = 8. In this scenario,
X (., contains two false negatives, but no false positives. Like for Example 3’, we need to
investigate two additional components. The score is still supposed to be different than
for Example 3’, since the amount of injected faults differs between the examples.

Mutt,, =1 — % =075, muu,,, ... =1— =2 =0.83

Example 5’ |X| = 10,Aq = {1, x5, 26,28}, 0" = {{z1,25, 29}, {25, 28}, {71,728} } :
| X6l =4, |Xr| =4, X5\ XFr| =1, Xrp\ X5 =1,|X4] = |X \ Xr| = 6. In this scenario,
there are one false negative (zg) and one false positive (zg) in X,. The worst case utility

we

should be 0 since there is a false positive. For the computation of myz,, ., note that
| XrUX5| =5.

1x(6—1 :
Matt,, =1 — 5= 2 =0, mup,,, .., =1- %280 = 0416

Example 6’ |X| = 10,Aq = {z1,25,26,28},0" = {{z1, 25}, {ws5, 28}, {z1,28}} :
I X6 = 3,|Xrp| = 4,1 X5\ Xp| = 0,|Xp \ X&| = 1,|Xa] = |X \ Xp| = 6. In this
scenario, there is no false negative but one false positive. Due to the false positive,
the worst case utility should be 0. For the computation of m,,, note that we have
Xc U Xp = Xp for this case. Intuitively, the average utility should be 0.5 as there is
no false negative, and, on average, we will find the remaining false positive (z¢) in the
middle of inspecting X \ Xc. muy,. =1—3 -8 =0, muy =1-2- 1*2151) =0.5
Example 7’: | X|=10,Aq = {21, %4, T5, T6, T7, 3, Tg, T4}, O = {{za, x2}, {3},

{z1,zal} | XEl = 4,1 Xp| = 8,[ X6\ Xp| = 2,|Xp\ Xo| =6, | Xal = [X\ Xp| = 2. This
scenario is a quite interesting corner case. We have 8 faulty components, but only two

avg_est
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are part of X(.. X{, contains 2 false negatives that are actually the only two components
(x2,x3) that are not faulty. Consequently, we have Xp U X, = X for our worst case
evaluation. Despite the complicated scenario, the worst case utility should be 0 since we
have false positives. In this specific scenario, also the avg. utility should be 0 since we
indeed have to investigate all components due to the specific structure of the diagnosis
and the diagnosis problem.

_1_%_6*(6—6)_0

avg_est 2x7 -

_ 2 0 _
mutlwc—l_ﬁ_i—oa Moytl

While myg,
results are counterintuitive. The particular problem is that we might average over potentially
bad single diagnosis utilities which causes us to miss that the information contained in ©’ in
its entirety can lead to a perfect inspection and repair process. We still chose to report it in
order to highlight this observation. Ml o
between the individual A; € © via its computation of X(,. As we saw, even for non-ideal
A;s such that none of them is equal to Ag, we can achieve a perfect inspection and repair
process with a utility score of 1. That is, as long as we have no false negatives'?
A, € O/, nor false positives'® in X(,, the utility of ©’ can and should indeed be 1.

might seem intuitive at first glance, we can easily observe that its

__est’

on the other hand, leverages the synergies

in any

» Proposition 15. Given a diagnosis problem (SD, X, OBS) with diagnosis space © = 2%,
the injected faults Ag, and a multi-diagnosis solution ©' C © provided by some diagnosis
algorithm. The worst case and average case utility for ©' can have an ideal value of 1 even
if © does not contain Ag as a diagnosis.

Proof. The proof follows directly from the empirical evidence for Example 1, its discussion,
and the definition of our inspection and repair process in Section 3. <

Like for the single diagnosis scenario, there is the question of whether an SFM diagnosis
space © would require us to use different formulae to describe the utility of ©’. And again
we must answer this question taking the repair costs into account. However, the situation is
slightly different since the individual A; € © might suggest different fault modes for the
same component. So, if we approximate the costs of inspecting and repairing a component in
X{ with unity, no matter the fault modes suggested by the individual A;, and if we assume
perfect bug understanding, we can indeed use all formulae proposed so far also for the SFM
case. Only if we do not assume unity, do we need to use different formulae and replace X/,
with a more complex data structure. Due to the inherent connection to cost functions, let us
continue the discussion in the next section.

6 Taking Individual Costs Into Account

A prominent assumption made for the previously proposed metric is that inspection and
repair costs should be equal for all components. This is certainly not the case in practice, as
we can observe when comparing the inspection and repair costs for a motor block with those
for a spark plug. Consequently, for real-world applications, we might be interested in metrics
that take into account variations in those costs.

To define the corresponding variants of our metric, assume that there is a cost function
c(x;) : X — R that reports for each component z; (or health state variable if preferred) a
positive real value indicating the costs of investigating and repairing x;.

13 Healthy components that are contained in one A; € ©' (see Def. 9).
4 Faulty components that are part of no A; € © so that they are not part of X{ (see Def. 10).
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» Definition 16. Given a set of components X, a cost function c(z € X) is defined as
function ¢() : X — RY that maps each component z; € X to a positive real value r € R
that describes the costs of inspecting and repairing x;.

Please note that splitting the costs for inspecting and repairing a component is indeed
possible. Sometimes one would even be able to provide more exact results as we mentioned

in Sec. 3. A simple example is when we have only two components and inspect the first one.

Depending on the result, we will indeed need to repair only one of the components. This

split adds some additional complexity to the formulae and argumentation line'®, though, so

that we chose to consider unified costs in this manuscript. For considering costs instead of

the number of false positives and false negatives, we make the following three updates:

1. We do not consider the cardinality of a diagnosis or the number of components in certain
sets but the sum of the associated costs.

2. The unavoidable costs of the unavoidable efforts are given by the sum of the costs of
inspecting and repairing all z; € Xp.

3. The avoidable costs of the avoidable efforts are given by the sum of the costs of inspecting
and repairing all z; € X \ Xp

For a simpler notation, let us define a cost function C'(X’) that computes for a given
component subset X’ C X the costs for inspecting and repairing all z; € X’:

» Definition 17. For a given subset X' of X, and a cost function c() following Def. 16, let
us define a cost function C(X') = x c(w;).

Replacing the size | X'| of a component subset with costs C'(X') allows us to generate
variants of our previous equations that work with costs. In some of the earlier equations, we
see a +1 for some terms. It had the meaning of one additional component. When considering
costs, we thus replace this +1 with the adding average costs over all elements. The motivation
is simple. In the original formula, we add 1 to the number of components in a specific subset,
and now we add the average costs for one component to the sum of the costs.!® Implementing
this translation concept, we end up with the equations listed in the next subsection.

In Subsection 6.2, we will continue our discussion of whether using a strong fault model
with multiple fault modes would require us to update our metrics.

6.1 The WFM Case

Based on the proposed transfer concept, we can derive the following metrics. Let us start
with the single diagnosis metrics from Section 4. From Equations 2,3 (no false positives/with
false positives) we can derive the worst case utility as (remember that X4 = X \ Xp):

mCu,. (A, Ag, X,C()) =1— W "
mCuu,. (A, Ag, X,C()) =1— C(Xc\Xp) CX\(XpUXc)) )

C(Xa) C(Xa)

510 order to be precise, we would then need to estimate costs when we know by deduction (and not
inspection) that a component is actually wrong.

1611 order to take the exact term into account more precisely, we could also use, e.g., the average over the
complement of the subset considered in the term.
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For the average utility, we get from Equations 6,7 (no false positives/with false posi-
tives) the following formulae, where cq,g = ﬁ > e,ex C(wi) represents the average costs of
inspecting and repairing some component.

C(XA) * (C(XF) +Cm,g)

mCutl,,, (A, Aq, X,C()) =1~ (16)

 O(Xe\Xp) C(Xp\ Xo)# (C(X \ Xe) — O(Xp\ Xe))
MCuttery (B 8. X, C0) = 1= =555 C(XA) # (CXr \ X ang)

(17)

Note that we can refer also to H instead of X like in Eq. 7. We only need to overload C()
to describe the costs for the SD parts in the scope of H rather than for some component:

C(Ho\Hrp) C(Hp\Hc)+(C(H\Ho) - C(Hrp \ Ho))

mCutlm;g (A,AQ,H,C()) =1- C(HA) - C(HA) * (C(HF \HC) + Cavg)

(18)

Proceeding to the multi-diagnosis utility metrics from Section 5, the formulae for the
worst case utility can be deduced from Egs. 9,10 (no false positives/with false positives):

X\ Xp)

mCi,. (0, Ag, X,C()) =1— C(C(XA) (19)

' . CXp\XF) CX\(XrUXp))
MGt (0,80, X, 00) = 1= =5 55 = =y (20)

The cost-oriented variants for Egs. 11, 12 (no false positives/with false positives) that
encode our first average utility estimation variant are defined as follows:

C(XA) * (C(XF) + cavg)

mCly 6/7 AQ7X7 C()) =1- (21)

avg_eot

/ _ O\ XF) C(Xp\Xp) = (C(X\ Xp) - C(Xp\ X¢))
mcutlavg,esz(@ ’AQva C()) =1 C(XA) C(XA) " (C(XF \ X/C) n c(wg)

(22)

Since the experimental evaluation in Sec. 5 showed that m. does not explain the

avg_est’
utility of some © very well, we do not provide a cost-related version. Now, let us revisit
Examples 1-3,6-7 in order to illustrate the cost-based metrics. Note that cost functions are

described as lists such that the costs are ordered according to the component ID.

Example 1/1’: |X| =10,A¢q = Xp = {x1,25, 26,28}, | Xr| =4, |Xa| = |X \ Xr| =6,
two cost functions C4() = [1,1,1,1,1,1,1,1,1,1], C3() = [1,2,3,4,5,1,2,3,4,5] s.t
Cavg; = 1 and cgpg, = 3.

A=Xc=A7Ag:|Xc|=4,1Xc\Xr|=0,|Xp\ Xc|=0

mCui,,. (A, Aq, X, C1()) = 1 — 57 = | (via Eq. 14)

mCutl,. (A, Ag, X, Ca()) =1 — m =1 (via Eq. 14)
mCui,,, (A, Aqg, X, C1()

=1
_ (1414141)%0 B .
)=1- AFF A )= T = L (via Eq. 16)
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_ (1454+1+3)*0 o .
mCutlaug (A’ AQ? X7 02()) =1- (2F3F4t2+a+5)+((1+5+1+3)+3) 1 (Vla Eq 16)

O = {{z1, 25, w6}, {25, 28,21}, {we, xs}} : X = A, | X = 4,|X5\ Xp| = 0,|Xp \
XL| =0,

mCuu,.(®, Mg, X, C1()) =1 - m =1 (via Eq. 19)
mCutlwc(@I7AQ7X7 02()) =1- m =1 (via Eq 19)
_ (14+14+141)*0 o .
mCutlavg,est (®l7 AQ7X7 Cl()) =1- A1+ 1+ 1+ D) *(AFI+1FD)+1) 1 (Vla Eq 21)
_ (1454143)*0 - .
mcutlavgicst (@/7 AQ? Xv CQ()) =1- (213+4+2+4+5)+((1+6+1+3)+3) 1 (Vla Eq 21)

Intuitively, since we have no false positives nor false negatives, the utility should be 1
regardless of the utilized cost function, whether we consider the worst or average case,
and whether we have one or more diagnoses.

Example 2/2” |X|=10,Aq = Xr = {21, 75, 76,28}, | Xr| = 4,|Xa| = |X \ Xp| =6,
Cl() = [L ]-a 17171,171717171]; 02() = [1,2,3,4,5,1,27374,5] s.t Cavgl = ]_ and Cavgg = 3

A= {171,175,13675U8,1'9} : |XC| = 5’ |XC\XF| = 1,|XF \Xc| =0

mCu,. (A, Ag, X,C1()) =1— £ =0.83 (via Eq. 14)

mCli,,. (8, Aq, X, C2()) = 1 — 555545 = 0.8 (via Eq. 14)

mCli,, (A, A0, X,C1()) =1~ (1+1+1+1<jj+1j)1(+(11§}+1+1)+1) = 0.86 (via Eq. 16)
MCutl,,, (A, Ag, X, Ca()) =1 — (2+3+4+2(+12f$1—(ﬁtg+1+3)+3) = 0.846 (via Eq. 16)

O" = {{z1, 25,26}, {25, v8, w1, 20}, {w6, 28} } : X = {21, 25, 6, 78, 29}, | X (| = 5,
X6\ Xp|=1,[Xp\ Xo| =0. .
mCu,. (0, Aq, X,C1()) =1~ % = 0.83 (via Eq. 19)

mCu,,. (0, Aq, X,C2()) =1~ m = 0.8 (via Eq. 19)

_ (1+14141)#1 P
mcutlavgiest (9/7 AQ7 X7 Cl()) =1- (1+1+1+1+1+1)*((1)+1+1+1)+1) = 0.86 (Vla Eq 21)

— (14+5+14-3)*4 _ . .
MCutlany oot (0's 8@, X, C20)) = 1~ rapararars)-(1srirere = 0-846 (via Eq. 21) As

we can observe, if we assume unity for the costs we get the same results as when not
using a cost-related metric. It is easy to see that this observation is true also if the cost
function has a uniform distribution with a higher cost value like 2. Between C1 and C2,
the expected penalty for C2 results from the fact that the false negative xg has higher (4)
than average (cqug, = 3) costs.

Example 3/3’: |X| = IO,AQ =Xp = {$17:p5’x67x8}, |XF| =4, |XA| = |X\XF| = 6,
G0 =[1,1,1,1,1,1,1,1,1,1], Co() = [1,2,3,4,5,1,2,3,4,5] 5.t Cang, = 1 and caug, = 3.

A= XC = {x17m57x67x87$37x9} : ‘XC‘ = 6, ‘XC\XF‘ = 27 |XF\XC| =0
mCutl,,. (A, Ag, X, C1() =1— % = 0.6 (via Eq. 14)

mCu,. (A, Ag, X, Co()) = 1 — srgrirarags = 0.65 (via Eq. 14)
mCu,,, (A, Ag, X, C1()) =1 — <1+1+1+1(+11++11+>1(+(11)ﬁ+1+1)+1) =0.73 (via Eq. 16)
MClutt,y (A, Ag, X, Co() = | — rgrrsirsi ety ~ 0731 (via Eq. 16)

© = {{z1,25, 26}, {5, s, 21, To }, {5, s, xs, 23} } : X = {x1, x5, %6, s, T3, To },
X6 =6, X\ Xp|=2,|Xp\ Xg[=0.

mCy,. (0", Mg, X,C1()) =1— 2 = 0.6 (via Eq. 19)

mCu,. (0, Ag, X,Cs()) =1 — 55 = 0.65 (via Eq. 19)

mCu’flavy,est(@/7 AQ’Xv Cl()) =1- 6*?Z42r1) =073 (Via Eq. 21)
MCutlyyy o0t (0's 80, X, C2() = 1 — ggroay ~ 0.731 (via Eq. 21)
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Example 6/6: |X|=10,A¢ = Xp = {z1,25, 76,28}, | Xr| =4,|Xa| = |X \ Xr| =6,
Cl() = [1, 1,1,1, 1,1,1,1,1,1]7 CQ() = [1,2,3,4,571,2,3,475] s.t Caug, =1 and Cavgs = 3.

A=Xc :{1'171'5,£C8} : |XC| =3, |XC\XF| =0, |XF\XC| =1

mCu,. (A, Ag, X,C1()) =1— 3 — S =0 (via Eq. 15)

mCu,. (A, Ag, X, C2()) = 1 = grgrasssass — 56 = 0 (via Eq. 15)
mCutt,,, (A, Mg, X,C1() =1 - § — 07 = 0.5 (via Eq 17)

mCutl,,, (A, Aq, X,C2()) =1 — 2+3+4_?_2+4+5 - ;Siﬁ;;g =0.75 (via Eq 17)

O = {{z1, x5}, {zs5, w8}, {w1, 28} } : X = {z1, 25,28}, | X =3, | Xp| =4, [ X0\ Xp| =
0, Xr\ Xe|=1,|X4| = | X\ Xp|=6

mCuu,,. (0, Ag, X,C1()) =1— % — % =0 (via Eq. 20)

mC,,, (0, A0, X,C()) =1 — m — 28 =0 (via Eq. 20)

mcutlavgiest (6/7 AQ7X7 Cl()) =1- % - é:g;g (Via Eq 22)
MCttyy (0,80, X, C5() = 1 = g5 — 553 = 0.75 (via Eq. 22)

Compared to the previous examples, we have to switch formulae since we have a false
positive. We remind the reader that we have X \ (Xp UX() = X \ (XpU X¢) = X4 for
this example. Due to the false positive, the worst case metrics report a utility of 0, no
matter the cost function.

Example 7/7: | X| =10,Aq = Xp = {21, 24, x5, Ts, 7,28, Tg, T4 }, | Xp| = 8,|Xu| =
IX\ Xr|=2,C1()=1[2,2,2,2,2,2,2,2,2,2], C5() = [1,2,3,4,5,1,2,3,4,5] s.t Cavg, = 2
and cqug, = 3.

A = {:El,xz,xg,l‘A} : |Xc‘ = 47 ‘Xc \XF‘ = 2, |XF \Xc| = 6

mC,. (A, Mg, X,C1()) =1 — % — 5% = 0 (via Eq. 15)

mC,. (A, Ao, X,C2()) =1 — % — 595 =0 (via Eq. 15)

mCluil,,, (A, Ag, X,C1()) =1 -7 — (2“*213(?12;2;;(12*2) =0 (via Eq 17)
) 2

_ (4454+142+43+4)*((4+5+1+2+3+4) — (4+5+1+2+3+4)) __
mcutlavg (A7 Ag, X, 020 =1l-3- (2+3)*((4+5+1+2+3+4)+3) =0

@/ = {{anx2}7 {1’3}, {xth}} : Xé‘ = {$1,$27JJ3,{EA}7 |X/C| = 47 |X/C \ XF| = 27
[ Xp\ Xp[=6

mCuy,. (0, A0, X,C1()) =1—1 =9 =0 (via Eq. 20)
mC,. (0,00, X,C2()) =1—2 - 2 =0 (via Eq. 20)
mc’“‘tlavgiest (9/7 AQ7X7 Cl()) =1- % - 44**104 (Via Eq 22)
mCUtlavgiest (917 AQ7X7 CQ()) =1- g - ég;g =0 (Via Eq 22)

As desired, the utility is 0 for this example, no matter the cost function and whether we
consider the worst or average case.

6.2 Do Strong Fault Models Change the Game?

A question that we have been continuously revisiting in our discussion is that of whether
the use of strong fault models should change the way we define our metrics. In the context
of cost functions, our answer depends on the cost function’s complexity. In particular, we
can observe that, in contrast to a WFM situation, ©" might contain different faulty mode
assignments for one and the same component. So, A; € © could suggest fault mode ms for
component xy, while Ay € ©' suggests mg instead. To that end, we could derive an intuitive
alternative to X, in the form of a set X, that contains all the individual mode assignments
from ©’. However, this would make sense only if we have cost estimates that depend on
the suggested and actual fault modes. Enabling the corresponding precise and structured
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estimates would require us to differentiate between inspection and repair costs.!” Defining

and analyzing such a complex cost function is a task that we have to leave for future work.

As a coarser estimate, we suggest to keep using cost functions as they were defined for the
WEFM case. Our argument is simply that our assumptions of perfect fault-understanding
and repair mean that we will be able to (a) understand the fault and (b) repair it with the
estimated costs. Consequently, we then need to look at each component just once and can
use X(; (and our formulae) instead of X} also for the SFM case.

7 Discussion and Conclusions

Motivated by the fact that the practical assessment of diagnoses has been an under-represented
research area, we delved into the question of how to measure the utility of one or more
diagnoses. As we outlined in Section 3, we considered the context of a general inspection
and repair process without any interleaved active testing or diagnosis steps. We established
the required notation and definitions as well as developed precise metrics for assessing the
worst case and average impact of a diagnosis algorithm’s results on the process. In order to
support complex real-world scenarios, we developed metric variants that allow us to take
into account individual inspection/repair cost-functions.

We illustrated the advantages of our metrics for a set of examples and contrasted their
performance with that of a metric proposed for the 2010 DX Competition [3]. As we showed,
the DX Competition metric sometimes reports values that are even below our worst case
evaluations. In our evaluation, we found that our metrics are much more precise. The are
also intuitive and adhere to expected traits.

We discussed several directions for future work. Of specific interest are complex cost
functions that split inspection and repair costs, and thus could offer advantages in the
context of SFM scenarios. In order to support a general assessment, we defined metrics
that generalize well enough, but complex repair processes (like batch repair) and elaborate
concepts for ranking components/diagnoses could profit from precisely tailored metrics that
consider the specifics of these processes. Such an investigation will need to be accompanied by

experiments that investigate whether these dedicated variants show real benefits in practice.

Only the isolation of such benefits could justify the additional effort needed to, e.g., define
and maintain complex cost functions.

An important aspect of future experiments will be to compare the diagnostic information
returned by complex analytic diagnosis approaches such as GDE [2] or RC-Tree [9] with
those of computationally less complex ones, such as spectrum-based fault localization [6] and
its recent extensions [12]. Data-driven solutions [15, 7] will be of specific interest in these
experiments. Assessing the results with our utility metric will allow us to depict a better
picture of the trade-off between computational complexity in the diagnostic process and the
resulting efficiency of the inspection and repair process.
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—— Abstract
Planning domain repair assists developers with the tedious task of finding and fixing errors in
planning domains. We present Domain Repair for PDDL (DrPDDL), a novel automated debugger
supporting lifted STRIPS domains with typing. As input, it takes a faulty domain, problem instances
with corresponding preferred plans — plans the user desires but which may be invalid in the current
domain — and optional State Integrity Axioms (SIAs) that must hold across all reachable states.
Unlike prior tools, DrPDDL can also repair domains when the preferred plans are already valid.
The debugger uses a pipeline of consecutive algorithms. It first relaxes the domain to fix failing
action preconditions and STA violations, and subsequently constricts it as much as possible while
ensuring preferred plan validity. DrPDDL can add or remove positive and negative effects, as well as
positive preconditions. We evaluated our debugger by automatically inserting random errors into
International Planning Competition domains, generating thousands of test instances. The results
demonstrate that DrPDDL successfully detects and repairs a high percentage of these errors.

2012 ACM Subject Classification Computing methodologies — Artificial intelligence; Computing
methodologies — Planning and scheduling

Keywords and phrases Planning, Planning Domain Definition Language (PDDL), Debugging,
Preferred Plans, Background Knowledge

Digital Object Identifier 10.4230/0ASIcs.DX.2026.10

1 Introduction

AT Planning is a field of research dedicated to exploring ways to solve problems commonly
occurring in robotics, intelligent agents, and logistics that involve finding a sequence of
actions. The Planning Domain Definition Language (PDDL) [5] is a popular language for
modeling such problems so that a planner can solve them. The appeal behind planning is
that the user can model a domain in a declarative way by stating a set of fluents along with
actions and their effects. Planning adds another abstraction layer that eliminates the need
for deriving a concrete algorithm for a problem, so that the developer doesn’t need to care
whether to use a greedy or exhaustive search strategy, for example.

However, since many developers aren’t very familiar with planning or declarative pro-
gramming, they may make mistakes that are hard to find when creating planning domains.
We think that the many peculiarities of planning hinder its acceptance and use by a broader
community of developers.

Therefore, we want to help developers and students with crafting planning domains
by designing a debugger for PDDL. This way, developers can rely on a tool that checks
the correctness of a planning domain while also giving suggestions for fixes, relieving the
frustration that arises when testing a domain that just doesn’t work as intended. So far,
existing debuggers for PDDL, such as those designed by [4, 7, 11], can only handle problem
instances where no plan can be found at all. These debuggers assume that the intended
behavior of the domain is that a given set of problem instances should be solvable. However,
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current PDDL debuggers are not able to detect and repair errors when the intended behavior
is more complex. It often occurs that a solution is found, but the plan is incorrect because
the domain doesn’t behave as the developer intended.

For example, we consider a simple packet delivery domain. Multiple locations are connected
via a graph, and one or more robots can move between them, as illustrated in Figure 1. Each
robot can pick up and carry at most one packet at a time and drop it at another location.
The goal is for all packets to be delivered to their destination.

Figure 1 A possible configuration of the delivery robot domain with 8 locations, 2 robots, and
3 packets. Robot rp carries packet p2. The destinations of the packets stated in the goal are also
shown.

In our example, the developer forgot the negative effect (not (isat 7r 7from)) that
removes the robot’s old location in the move action. The developer tests the domain using a
problem instance where the robot starts at location la and needs to bring a packet from 1b
back to la. The planner gives a solution that is obviously wrong since the robot must move
back to la after picking up the packet:

1 (move r1 la 1b)
2 (pickup r1 pil 1b)
3 (drop rl pl la)

However, the developer prefers to obtain the following plan:

(move r1 la 1b)
(pickup rl pl 1b)
(move rl 1b la)
(drop r1 pil la)

=W N =

The domain developer also has the background knowledge that a robot can only be in
one location at a time. He wishes to automatically verify whether this property holds for the
domain, and otherwise, a fix should be suggested so that the property holds.

This example leads us to the idea of building a debugger for PDDL domains that fixes
the domain by not only making problem instances solvable, but also considers additional
knowledge of the developer about the domain. The developer should have more freedom in
specifying the intended behavior of the domain, allowing a wider range of errors to be found.

In order to assist PDDL developers with writing correct planning domains, our goal is to
design and implement a novel debugger for PDDL domains. Instead of an interactive tool
like many debuggers found in IDEs, we want a tool that requires little user intervention
and finds errors in a domain automatically, while at the same time attempting to repair the
domain. In contrast to existing PDDL debuggers, it should be able to detect a wider range
of errors, such as missing preconditions, missing negative effects, or unnecessary positive
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effects. The debugger should take the domain as input, as well as multiple pairs of problem
instances and preferred plans. Additionally, background knowledge about the domain can be
provided. The debugger should change the domain so that all given plans are valid and the
background knowledge is respected by the domain. One major challenge to overcome is the
complexity of planning domains, because the number of possible effects, or preconditions,
grows rapidly with each new parameter. When an error is encountered, multiple different
adjustments can be made, followed by another set of adjustments, leading to an exponential
cascade of solutions. Another obstacle is the large set of features present in modern PDDL.

The main contributions of the paper are a clear notation for PDDL debugging using pref-
erences and background knowledge, a methodology for debugging PDDL if such information
is given, and an implementation of the approach as a tool !.

The remainder of the paper is organized so that we first discuss related work in the
validation and debugging of PDDL domains. The next section introduces the notations,
considered errors, and basic methodology. This is followed by a detailed description of the
developed approach. In the next section, an experimental evaluation with common planning
domains is presented, while in the final section we draw some conclusions and outline future
work.

2 Related Research

The problem of debugging, validating, and repairing planning domains is an active topic
of research with many contributions in recent years. In this section, we present various
approaches made towards providing assistance to PDDL developers.

VAL (Plan Validator), originally developed by [9] to verify planners, checks if a given
plan solves a specific planning problem. It simulates the initial state and evaluates the
plan step-by-step, checking preconditions, applying effects, and verifying the final goal. If
a precondition fails, it marks the plan invalid and reports a detailed violation explanation.
Although VAL can be repurposed for domain debugging by assuming the plan is correct and
the domain is faulty, it lacks automation; a human developer must still manually determine
and apply the necessary domain repairs.

Another domain repair tool, presented by [4], addresses planning problems that fail due to
over-constrained preconditions. Using a domain and problem instances as input, it iteratively
modifies preconditions to relax the domain until a solution is found. Driven by the Delta
Debugging algorithm, the tool alters precondition components and invokes a planner to find
a local minimum of removed constraints. This black-box approach requires neither human
intervention nor preferred plans, allowing it to support advanced PDDL features like temporal
planning. However, it is strictly limited to fixing a single error type: additional preconditions.

Domain repair for incomplete positive effects was addressed by [8]. When a planning
problem has no solution, their algorithm adds positive effects to relax the domain and make
the goal reachable. They encode this repair process as a planning problem itself, using
auxiliary actions and fluents that dynamically modify actions. The planner returns both
a valid plan and the required domain modifications. To counter the planner’s natural bias
toward excessive repair (adding extraneous effects to shorten plans), the authors penalize
each repair made. A user interface was later introduced in [7].

The most advanced debugger we are aware of was presented by [10] and [11]. In their first
paper, they mapped domain repair for grounded STRIPS domains to a diagnosis problem
solved via a Minimal Hitting Sets algorithm. The debugger relaxes the domain to validate

! The implementation is publicly available under https://git.ist.tugraz.at/ais/pdd1-debugger
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an incorrect preferred plan by removing preconditions, adding positive effects, or removing
negative effects. In their second paper, they extended the tool to support lifted STRIPS
domains, multiple problem-plan pairs, and negative preconditions (allowing the removal of
negative preconditions/positive effects or the addition of negative effects). However, this
debugger still fails to address scenarios where the preferred plan is already valid, but the
planner returns a different, incorrect plan as the solution.

An exploratory study by Gragera and Pozanco investigated the utility of Large Language
Models (LLMs) like ChatGPT for debugging planning domains. In each test case, they
prompted the LLM with an unsolvable planning problem — consisting of a domain and a
problem instance — alongside a brief task description. Their findings indicated that, given
their current capabilities, LLMs fail to provide meaningful assistance to planning domain
developers.

Another notable tool created to assist PDDL developers is PDDL Studio [15]. It is a
complete IDE for PDDL that is capable of syntax highlighting and marking compile errors.
Furthermore, it provides a graphical interface for various planners. A similar collection of
tools is available as an add-on for the popular text editor Visual Studio Code [3]. It also
integrates features from planutils, a collection of tools for planning created by Muise [14].

An exploratory study by Sleath et al. systematically cataloged PDDL domain errors to
evaluate PDDL parsers, creating a repository of both syntactical and semantical mistakes [17].
Syntactic errors include basic formatting slips like missing closing parentheses, while semantic
errors cover logical flaws such as attempting to access an undefined variable. However, this
repository fails to capture higher-level design errors, such as missing effects or redundant
preconditions.

Regarding integrity constraints for situation calculus, the work presented in [16] has laid
the groundwork for proving that properties hold for all situations reachable from the initial
situation using induction as a proof technique.

3 Methodology

3.1 Basic Notations

Figure 2 depicts the possible results of running a planner on a planning problem. The
planner may fail in providing meaningful results due to internal software errors, syntax
errors in the domain model, or algorithmic errors. The planner may not be able to provide
meaningful results due to limited computational resources or domain complexity. The
planner may terminate normally (completes) and present a valid result regarding the given
planning problem. The planner completes and presents a valid plan for the problem (solves).
The planner completes and states that no valid plan exists for the given planning problem
(rejects).

A plan is valid if it fulfills all requirements given by the domain and problem description,
meaning that at each step, the respective preconditions hold and the goals are met in the
end. Conversely, a plan is invalid if a precondition is violated or the goal is not met. A plan
is correct if it is the solution to a concrete planning problem and can be executed in the
corresponding world showing the intended behavior. An incorrect plan is either infeasible
or does not achieve the goals intended in the corresponding world. For example, a robot may
try to pick up an object that is not in place. Please note that a valid plan isn’t necessarily
correct, while a correct plan isn’t necessarily valid given a domain model.

Figure 3 illustrates how relaxing or constricting a domain shifts its boundaries, allowing
us to formally define soundness and completeness in PDDL modeling. A domain is sound if
all valid plans are correct, and it is unsound if an invalid plan is permitted. Constricting a
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Planner Terminates

.

Fails )
« Syntax error in Input Timeout
* Internal software error Planner Completes or
+ Invalid plan due to Out of Memory
software error

—

Solves Rejects

9 Reports that no plan
Presents a valid plan iR Iy

»//ll\«

‘ Correct Plan ‘ ‘ Incorrect Plan ‘ ‘Correct Rejection

Incorrect Rejection

Figure 2 The potential outcomes of running a planner on a planning problem.

domain by adding preconditions, removing positive effects, or adding negative effects restricts
the set of valid plans and increases soundness. Conversely, a domain is complete if all correct
plans are valid, and it is incomplete if a correct plan is rejected. Relaxing a domain by
removing preconditions, adding positive effects, or removing negative effects expands the
valid plan space and increases completeness.

A domain is correct only when it is simultaneously sound and complete. If it is incorrect,
modeling errors cause it to report incorrect plans or false rejections, failing to accurately
reflect the real-world behavior or the modeler’s intent.

RELAXATION | CONSTRICTION

Removing preconditions | Adding preconditions
Adding positive effects | Removing positive effects
Removing negative effects | Adding negative effects
Adding actions | Removing actions
Completeness <& - Soundness
bl |

Figure 3 Relation of relaxation and constriction of a domain to changes in the domain.

3.2 Error Catalog and Fixes

We identified 3 error types related to modeling: (1) syntax errors in the domain model and
the problem instance, (2) errors in the problem instance, and (3) errors in the domain model.
We assume that the first type is handled by the planner. The second type is beyond the scope
of this work to use preferred plans and background knowledge for domain debugging. Table 1
provides a list of modeling errors we aim to automatically debug, along with a detailed
description and the potential consequences.

We define a fix as an atomic modification to a domain. We focus on altering only
the preconditions and effects of domains. There are other types of fixes, such as altering
parameters of actions, adding or removing fluents, and creating or deleting actions. This
is beyond the scope of this work. Applying a fix fix to a domain d gives a new domain
d: d = apply_fiz(d, fir) We also allow multiple fixes to be applied to a domain: d' =
apply_fix(apply _fiz(d, fiz,), fizy) = apply _fiz(d, {fir,, fizs})

The application of a fix to a domain is idempotent, meaning that the domain doesn’t change
if the same fix is applied one more time: apply_ fiz(d, fix) = apply_ fix(apply_ fiz(d, fiz), fir)

Table 2 lists the types of fixes considered and the notation used to denote them.

10:5
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Table 1 Catalog of considered modeling errors and their consequence on the planning results:
domain relaxation (RE), domain constriction (CO), jeopardize domain correctness (CR).

error type error description consequence
precondition missing a literal is missing in the precondition RE
additional precondition an additional incorrect precondition is present CO
positive effect missing a positive literal is missing in the precondition CO
additional positive effect an additional incorrect positive literal is present RE
additional negative effect an additional incorrect negative literal is present CO
negative effect missing a negative literal is missing in the precondition RE
action parameter missing a action parameter is missing and most likely a precon. RE
fluent missing a fluent is missing and modeling of the related impact CcC
action missing an action is missing and modeling of the related behavior CC
parameter mismatch precon. | wrong parameter used in precondition CC
parameter mismatch effect wrong parameter used in effect CcC
incorrect effect polarity mismatch between positive and negative effect CC

Table 2 The types of fixes considered, along with the notation we introduce to denote them.

Fix Meaning

(a.C +¢) Adding precondition ¢ to the action a.

(a.C —¢) Removing precondition ¢ from the action a.
(a.ET +e) | Adding positive effect e to the action a.
{(a.ET —e) | Removing positive effect e from the action a.
(a.E~ +¢) | Adding negative effect e to the action a.
(a.E~ —e) | Removing negative effect e from the action a.

3.3 Background Knowledge

We express background knowledge as a set of state integrity axioms (STA) that hold if a
situation is consistent in the modeled world. If an action is taken in a consistent situation
leading to an inconsistent situation, then an error must have been made in modeling that
action. Background knowledge is intrinsic to the planning problem itself, but it isn’t necessary
to incorporate it in the planning domain directly, as discussed by Mueller [13]. For instance,
it is reasonable that a robot can only be in one location at once in the delivery robot domain.

We state that a domain model D is incorrect if there exists a valid plan that leads to a
state where an STA doesn’t hold. The STA must hold for all valid plans. This means that
for all valid states, all possible actions must lead to another state for which the SIA holds,
which is similar to concepts presented by Reiter [16].

correct(D) — [VI, G, 7 : valid(D, I, G, )
—Va; €7,8; 1 8 =Y(8i—1,0i—1) N STA(s;)] (1)

An STA can be expressed using a syntax similar to logic expressions in PDDL of the
form (operator (fluentl termi_1 terml_n) (fluentN termN_1 termN_N)). For instance,
the SIA (always (f t1 t2)) encodes the constraint that at least one atomic formula of £
needs to be part of the state S: Vt; € O : Ity € O : (f,t1,t2) € S. An example is (always
(isat r1 7)) encodes that robot r1 needs to be at least at one location at all times, where
7 encodes a wildcard. Consistency checks can be executed efficiently using the techniques
proposed by Giacomo and Mancini [2]. Besides always, the debugger supports not, binary,
imlies, nand, xor, and and in STA.
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Hypotheses for the violation are reported as a set of tuples (positive, prev, modi fied)
where positive is true if the atom is present, but shouldn’t be, and vice versa, prev holds
the atom if established already before the evaluated action, and modified holds the atom if
established by the evaluated action. For instance, if in the action move the positive effect for
the target plocation is missing, the following hypotheses are given: {({positive : 1, modified :
(at rl la)), (positive : L,prev: (at rl 7))}.

3.4 PDDL Debugger

DrPDDL takes a PDDL domain, a set of State Integrity Axioms, a list of at least one pair
of a problem instance and preferred plan as well as a set of fixes to ignore as input. It first
checks whether any action preconditions or SIAs are violated when evaluating the plans. It
reports these violations and attempts to fix them by adding or removing preconditions and
effects. Under the assumption that any behavior outside of the behavior represented in the
preferred plans is unwanted behavior, DrPDDL constricts the domain as much as possible
while still ensuring that the plans are valid and no SIAs are violated. Finally, it gives a list
of fixes as output, as shown in Algorithm 1.

Currently, our debugger is limited to PDDL domains, making use of only the strips and
typing requirements. It also cannot add new actions, remove actions, or add new parameters
to actions, since new parameters would require the provided plans to be revised during the
process of debugging them. It is also limited to debugging planning domains only. It cannot
debug problem instances by explaining how the initial situation needs to be altered for the
goal to become achievable.

SIA to Checks - -
- _ SIA violation
/' in init
oo ]|
\ Violations
- not fixable
Tightenl L r

Figure 4 A flowchart illustrating the input, output, and components of the proposed debugger.

Internally, the debugger makes use of various algorithms, as shown in Figure 4. At first,
it loads and parses the input. The SIAs are translated into a list of checks. A check is a
short procedure that is executed after each step in the plans and checks for a specific change
regarding an STA. If a violation is found, hypotheses about the cause of the violation are
reported.

The VIOLATIONFIXER is responsible for changing a domain so that it doesn’t violate
any preconditions of the plans or STAs during the evaluation of those plans. While fixing
violations of preconditions leads to a domain relaxation, fixing a violation of an STA may
leads to either a relaxation or a constriction. It uses a breadth-first search strategy where
the plans are validated, and when a violation is encountered, one or more fixes are proposed.
It succeeds if a set of fixes is found so that all plans are valid, and it fails if all branches have
been searched without success.
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Algorithm 1 Main function of our debugger that calls all core algorithms, incrementally refining
the domain.

1: function MAIN(d, plans, SIAs, ignore)

2:  checks < SIATOCHECKS(SIAs)

3 d < VIOLATIONFIXER(d, plans, checks, ignore)
4:  d <+ TIGHTENL(d, plans, checks, ignore)

5. d <« TIGHTEN2(d, plans, checks, ignore)

6: d <« TIGHTEN3(d, plans, checks, ignore)

7: returnd
8: end function

VIOLATIONFIXER (Algorithm 2) takes a domain d, problem-plan pairs plans, a set of
checks checks, and a set of ignored fixes ignore as parameters. It initializes a queue with
the initial domain d and creates a set for visited domains. The algorithm loops until the
queue is empty, extracting a domain d’ from the front. If d’ was already visited, it is ignored.
Otherwise, the plans are validated using d’. If the plans are valid, the algorithm terminates
and returns d’. Otherwise, it calculates possible fixes for the violation, applies them to d’, and
pushes the resulting domains back to the queue. This breadth-first search strategy inherently
favors domains requiring fewer fixes. If the queue becomes empty because no further fixes
can be generated, the algorithm fails. Figure 5 outlines this control flow.

validate domain d"

violation

for each fix: calculate possible
create domain d” fixes for violation

Figure 5 A flowchart showing the steps of the VIOLATIONFIXER algorithm.

The method for calculating fixes is determined by the specific type of violation encountered.
When a violation occurs within a check, the algorithm calls the function CALCFIXES1 for
each component of that violation. This function generates distinct sets of fixes, each of which
is applied to the domain before being added to the queue.Alternatively, if the violation is
found within a goal or a precondition, the fixes are determined by the function CALCFIXES2.
Furthermore, if the issue stems specifically from a precondition, an additional domain where
that precondition has been entirely removed is also generated and enqueued.

In order to derive fixes from these components, the following rules are applied, as reflected
in Algorithm 3 in the same order. If an atom is already present, a negative effect of removing
it is introduced. For example, if the STA (xor A B) is violated because A was already set
when B is applied, a possible fix is adding the effect (not A). If an atom were added to the
violating action, the positive effects of creating it are removed. In the (xor A B) example,
another fix is removing the effect (B) so only A remains. If both cases above are true, the
Cartesian product of the fixes is returned, applying both a negative effect addition and a
positive effect removal simultaneously. If B and A” are set while A’ is present, the fix set is
{{a.E~ + ‘(not A’)*), (a.ET —*(A”)*)}. If an atom is already absent, either a positive effect
creating it or a precondition testing for it is added. For example, if (xor A B) is violated
when B is removed because A is absent, a fix is adding the positive effect (A). If an atom was
removed in the violating action, either the negative effect removing it is deleted, or a positive
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Algorithm 2 VIOLATIONFIXER. It takes a domain, a list for problem-plan pairs, a list of checks
and a list of fixes to ignore as parameters and returns a list of fixes necessary to uphold all action
preconditions and STAs.

1: function VIOLATIONFIXER(d, plans, checks, ignore)

2: queue < ()

3:  enqueue(d)

4 searched < ()

5:  while d’' = dequeue() do

6: if d’ € searched then

7 continue

8 end if

9: searched < searched U {d'}

10: result < VALIDATOR(d', plans, checks)

11: if result = VALID then

12: return d’

13: end if

14: if result occured in check then

15: for all ¢ in result.violation.components do
16: for all f in CALCFIXES1(c, result.s) do
17: enqueue(apply_ fix(d', f \ ignore))

18: end for

19: end for

20: else

21: r < result.precondition(result.s)

22: for all f in CALCFIXES2(d’, result.s,r) do
23: enqueue(apply__fix(d', f \ ignore))

24: end for

25: if result occured in precondition then

26: enqueue(apply_fizx(d', {{result.s.a.C—
27: result.pc)} \ ignore))

28: end if

29: end if

30: end while
31: return NULL
32: end function

effect adding an alternative atom is introduced (e.g., removing (not B) or adding (B’)). If
both absent/removed cases are true, the Cartesian product of those fixes is returned. If (or A
B) is violated because A is absent when the action removes B, and a “blind” negative effect
also removes A, the fix set is {(a.E~ — ‘(not A’)*), (a.ET + <(A")") }.

When an action precondition or planning goal is violated, the function in Algorithm 3
seeks fixes to satisfy it by traversing the plan in reverse, starting immediately before the
violation. At each step, the algorithm attempts to introduce a positive effect that creates the
required atom. However, if it encounters an action containing a negative effect that explicitly
removes that atom, an alternative fix is generated to delete that negative effect (regardless
of whether the atom was present prior to that action). Once this occurs, the reverse loop
terminates and returns the accumulated set of fixes.

The Tightenl algorithm, outlined in Algorithm 5, constricts a domain by removing as
many positive effects as possible without compromising its validity. The simplest approach
would be to eliminate all positive effects whose created atoms are never subsequently queried
by a precondition. However, multiple positive effects can generate the exact same atom for a
downstream precondition, meaning redundant effects can be safely removed. As illustrated
in Figure 6 and Figure 7 left, this challenge can be transformed into a Minimal Hitting Set
problem. Here, each evaluated precondition contributes a set containing all positive effects
capable of creating its required atom. By solving for the minimal hitting set, the algorithm

identifies the absolute minimum collection of effects necessary to satisfy all preconditions.

Any positive effects outside this set are then removed from the domain.

10:9
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Algorithm 3 Function CALCFIXES1 used by the VIOLATIONFIXER algorithm. It takes a component
v of a violation and a step s and returns a set of all fixes that can be used to prevent the violation.

1: function CALCFIXES1 (v, s)
2:  if v.positive then
3: if v.prev # NIL A v.mo = NIL then
4: F={{{(v.a.E™ +z)}|z € EC(v.a,v.p)}
5: return F
6: else if v.prev = NULL A v.m # NULL then
T F={{{(v.a.ET —e)}e €v.a.ETA
8: e(s) =v.m
9: return F
10: else if v.prev # NULL A v.m # NULL then
11: F1 + {(v.a.E™ + z)|z € EC(v.a,v.p)}
12: F2 «+ {{(v.a.ET —e¢) le € v.a.ETA
13: e(s) =v.m}
14: return F1 x F2
15: end if
16:  else
17: if v.prev # NIL A v.m = NIL then
18: F1 + {{(v.a.ET +2)}|z € EC(v.a,v.p)}
19: F2 + {{{v.a.C + z)}|z € EC(v.a,v.p)}
20: return F1 U F2
21: else if v.prev = NIL A v.modified # NIL then
22: F1 «— {{{(v.a.E” —¢e)}|le € v.a.E~A
23: e(s) =v.m}
24: F2 + {{{(v.a.ET + z)}|z € EF (v.a,v.m)}
25: return F'7 U F2
26: else if v.prev # NIL A v.m # NIL then
27: F1 + {{(v.a.ET 4+ z)|x € EF (v.a,v.p)}
28: F2 < {(v.a.C + z)|z € EF(v.a,v.p)}
29: F8 + {(v.a.E™ —e)|le € v.a.ETA
30: e(s) =v.m}
31: return (F1 U F2) x F3
32: end if
33:  end if

34: end function

Algorithm 4 Function CALCFIXES2 used by the VIOLATIONFIXER algorithm. It takes a domain,
step and atom queried by a precondition as argument and returns a list of fixes in order for the
precondition to hold.

: function CALCFIXES2(d, s, r)
F+0
while s.num > 0 do
s+ s—1
if Je € s.a.E~ :e(s) =r then
F+ FU{{(s.a.E” —¢€)}}
break
end if
for all z in EE(r, s.args) do
10: fizes + fives U {{{s.a.ET +z)}}
11: end for
12:  end while
13:  return F
14: end function

Using a Minimal Hitting Set algorithm, it is also possible to mark effects that must be
included in the resulting hitting set, as shown in Figure 7 right. We use this feature to mark
all effects contained in the ignore set as well as all effects in the initial situations, since they
should not be removed. In the end, the resulting effects are removed one by one, with a call
to the Validator algorithm being made each time. If the removal of one effect results in an
invalid domain, the removal will be reversed.
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The function ExtendPlan simplifies the evaluation of the initial situation and goal. It

constructs a new action init from the initial situation of a given problem and prepends it to
the beginning of the plan. This action has no parameters or preconditions, and the atoms of
the initial situation make up its positive effects. Next, it constructs another action goal from

the problem’s goal and appends it to the end of the plan. It has no parameters or effects,

but uses the planning goal as its precondition. Finally, the function returns the new plan, an

approach also used in plan-space planning [6].

Algorithm 5 TIGHTENL. It takes a domain, a list of problem-plan pairs, a list of checks compiled

from the SIAs and a set of changes to be ignored and it then removes as many positive effects as
possible from the domain.

1:
2
3
4:
5:
6.
7
8

10:
11:
12:

function TIGHTEN1(d, plans, checks, ignore)
sets < 0
for all (problem, plan) in plans do
for all e in problem.init do
ignore < ignore U {e}
end for
plan <— EXTENDPLAN(plan, problem)
S« 0
for all s in plan do
for all ¢ in s.a.C' do
7+ c(s)
sets «— sets U Sy
end for
for all e in s.a.F do
r <+ e(s)
if e is positive then
Sr + SpU{e}
else
Sp 0
end if
end for
end for
end for
removeable < d.ET \ M HS(sets, ignore)
for all e in removeable do
d' < apply_fiz(d, (e.a.ET —¢€))
if VALIDATOR(d', plans, checks) then
d<+d
yield (e.a.ET —e)
end if
end for

: end function

INIT [ai(x) a2 ai(y) a3 ai(x) a4 a5 GOAL

1160 —0
fl(y) E___}m@
o ] [t
fs EHOEHAEHE
fa T O=
D Positive effect ::s‘:)“é;ﬁ;icggggo" —— Atomis present

7 " Atom is present and was
D Negative effect Positive precondition  —— established independently
N/ and negative effect by multiple effects
===75 Removal of positive
H 1 effect proposed by @ Positive precondition

=== the algorithm

Figure 6 Example scenario demonstrating the TIGHTEN1 algorithm.
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MM EE el e

Figure 7 Left: The graph constructed from the scenario illustrated in Figure 6 as well as a
possible set of effects that can be removed, marked with white background. Effects in the initial
situation are by default blacklisted. Right: Another possible solution for the scenario in Figure 6
with the effect a1 f4 also blacklisted this time. Another possible solution for the example scenario
with one additional effect blacklisted.

The TIGHTEN2 algorithm is a greedy procedure that adds as many negative effects to a
domain as possible to constrict it. To preserve plan validity, effects are introduced only where
existing atoms are present but not subsequently required by a precondition. The algorithm
uses a heuristic based on the proximity of removable atoms to the latest preconditions to
select the best candidate effect. Once added, the VALIDATOR checks for State Integrity Axiom
(SIA) violations. If a violation is found, the effect is removed and placed in an ignore set. As
defined in Algorithm 6, this process repeats until no further effects can be found. Figure 8
illustrates this behavior for a hypothetical domain and plan.

aa a2 a3 a4 as a1 | GOAL

f1
f2
f3
fa
fs
fe
f7
fe

D Positive effect

Negative effect

Positive precondition
and positive effect

Positive precondition
A 4

and negative effect

Positive precondition

ertion of negative
fect considered by
IND_EFFECT
5 Insertion of negative
1 effect committed by
t= ==+ the algorithm

—— Atom is present

lln sl nnls]E

Atom is present and was
—— established independently
by multiple effects

Figure 8 A hypothetical domain and plan showing the set of negative effects the TIGHTEN2
algorithm adds.

In each iteration, the most suitable negative effect to be added is calculated using the
function in Algorithm 7. This function utilizes mutable records passed by reference. First,
the EXPRENUMERATOR calculates the entire set of addable negative effects for all actions
and fluents. For each effect, a record is created containing the effect itself, a score initialized
to zero, and a validity field initialized to T. Finally, these records are stored in a list and
bucketized by their corresponding action.

Thereafter, the algorithm iterates over each problem—plan pair and each step of the plan,
including the initial situation and goal state. For every atom in the current situation, it
stores the creation step, the step in which it was last used as a precondition, and a list of
encountered candidate negative effects. At each step, the action’s preconditions are evaluated.
When an atom is queried, its last-use index is updated, and any previously encountered
candidate negative effects for that atom are marked invalid, since they would remove the
atom and invalidate the plan. The action’s effects are then applied. Positive effects create new
atom records with the current step as their creation and last-use index, while negative effects
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remove the corresponding atom records. Finally, candidate negative effects of the action are
considered. If the resulting atom exists in the current situation and was created before the
current step, the candidate is added to the atom’s effects. Its score is also increased according
to a heuristic based on the distance to the atom’s last use, with higher scores assigned to
atoms removed shortly after their last use. Finally, the candidate with the highest score is
picked out of the set of all valid candidates with scores higher than 0. If no such candidate
exists, NULL is returned.

Algorithm 6 TIGHTEN2 algorithm. It takes a domain, a list of problem-plan pairs, a list of checks
compiled from the SIAs and a set of changes to be ignored and adds as many negative effects as
possible to the domain.

: function TIGHTEN2(d, plans, checks, ignore)
while e < FINDEFFECT(d, plans, checks, ignore) do
d' <« apply_fix(d,{e.a.E~ +¢e))
if VALIDATOR(d', plans, checks) then
d<+d
yield (e.a.E™ +¢€)
else
ignore < ignore U {e}
end if
10:  end while
11: end function

The TIGHTEN3 algorithm (Algorithm 8) adds as many preconditions as possible while
preserving the validity of the given plans. It processes all plans and computes, for each action
occurrence, the set of preconditions that could be added based on the current situation.
These candidate sets are grouped by action. For each action, all collected sets are intersected,
yielding the preconditions that hold whenever the action is executed. A precondition is
reported unless it is already present in the action, belongs to the goal, or is contained in the
ignore set. Figure 9 shows how the TIGHTEN3 algorithm adds preconditions in a hypothetical
scenario as well as the resulting data structure.

7 Positive precondition
INIT| a1 a2 as a1 a |GOAL I:l Positive effect and posiiive effect
¥ /Y Positive precondition
f1 [ vegaie e e s
7% Insertion of positive
f 1V} precondition proposed @ Positive precondition
2 =" by the algorithm
Atom is present and was
f3 — Atomis present — established independently
by multiple effects
fa candidates[a1] = {{f2,3},{f1}}
candidates[az] = {{f,fs,fa},{f1,fa}}

candidates[as] = {{f1,f2,fa}}
candidates[g] = {{fa}}

Figure 9 An example plan and domain showing the set of preconditions the TIGHTEN3 algorithm
can add. The resulting data structure is also shown. For each step, the set of all possible additional
preconditions is calculated that is then bucketized by action. The result is obtained using the
intersection of the sets of preconditions within each bucket. Example scenario demonstrating the
Tighten4 algorithm.

4 Evaluation

4.1 Metrics

To evaluate the effectiveness of our proposed PDDL debugger, we first define appropriate
metrics. We evaluate how many errors our debugger can detect and repair in a faulty domain.
Each testcase consists of a domain containing a set of errors M, for which the debugger
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Algorithm 7 The FINDEFFECT function is used by the TIGHTEN2 algorithm. It calculates all
sensible negative effects that can be added to a domain and returns the best-suited fix.

1: function FINDEFFECT(d, plans, checks, ignore)

2:  candidates < ()
3: for all a in d do
4 for all f in d.F' do
5: for all z in EXPRENUMERATOR(a, f) do
6: candidatesq < candidates, U {(e : @, score : 0, valid : T)}
7 end for
8: end for
9: end for
10:  for all (problem, plan) in plans do
11: plan < EXTENDPLAN(plan, problem)
12: S+ 0
13: for all s in plan do
14: for all ¢ in s.a.C do
15: r < c(s)
16: Sr.last__use < s.num
17: for all e in S,.encountered do
18: e.valid < L
19: end for
20: end for
21: for all ¢ in s.a.F do
22: r <+ e(s)
23: if e is positive then
24: Sy < (origin : s.num, last__use : s.num, encountered : ()
25: else
26: remove Sy
27: end if
28: end for
29: for all candidate in candidates, do
30: r < candidate.e(s)
31: if r € S A Sy.origin < s.num then
32: add candidate to Sy.encountered
33: candidate.score < candidate.score 4+ 1/(s.num — Sy.last_use + 1)?
34: end if
35: end for
36: end for
37: end for

38:  remove from candidates where —candidate.valid V candidate.score = 0
39: if candidates = () then

40: return NULL
41:  else
42: return argmaz candidate.score

candidate€ candidates
43:  end if
44: end function

returns a set of fixes F'. The correctly identified errors are the true positives M N F. Since the
number of errors differs between testcases, we measure performance using the recovery rate
rec defined in Definition 1. False positives are given by F' \ M. We report the false positive
rate from Definition 2, which measures the fraction of reported incorrect fixes. Additionally,
we record the runtime ¢ required to process each testcase.

» Definition 1. The recovery rate is defined as the rate of correctly identified errors among
the introduced errors.

M F

M
» Definition 2. The false positive rate is defined as the rate of false positives among all
reported errors. If no errors are reported, fp is 0.
F\ M|

Ip= max(|F|,1)



T. Eckstein and G. Steinbauer-Wagner

Algorithm 8 TIGHTEN3. It takes a domain, a list of problem-plan pairs, a list of checks compiled
from the STAs and a set of changes to be ignored as input and adds as many preconditions as possible
to the domain.

1: function TIGHTEN3(d, plans, checks, ignore)
2:  buckets <

3 for all (problem, plan) in plans do

4 plan < EXTENDPLAN(plan, problem)

5: S+ 0

6: for all s in plan do

7 for all r in S do

8 fizes < FIXENUMERATOR(r, $.args)

bucketss.q < bucketss.q U {fizes}

10: end for

11: apply s to S

12: end for

13:  end for

14:  for all (a, candidates) in buckets do
candidates

15: matches < ﬂ candidate
candidate

16: for all ¢ in matches do

17: if ¢ ¢ a.C A c ¢ ignore then

18: yield (a.C +¢)

19: end if

20: end for

21: end for

22: end function

When running a large number of similar testcases, we can just calculate the average
recovery rate rec,, as well as the average false positive rate fp,. Similarly, we calculate the
average runtime ¢, and its standard deviation ¢,.

To evaluate the core design decisions, we investigate the impact of background knowledge
on result quality, determine which error types are easiest to detect and repair, assess the
benefit of preemptively blacklisting false positives, analyze how the recovery rate varies with
the number of errors present, and compare the results for domains that are valid and invalid
with respect to the preferred plans. The last question targets scenarios where a preferred
plan is valid, but the planner returns an incorrect solution. To test these, our debugger’s
interface allows adjusting the following meta-parameters: the sequence of algorithms used,
whether to use all, some, or no SIAs, and which fixes to exclude from the search space. To
answer these questions, we considered the following debugger configurations:

normal: All plans available, all algorithms used, all SIA used, no fixes excluded.

no tighten: All plans available, only VIOLATIONFIXER used, all STA used, no fixes
excluded.

no STA: All plans available, all algorithms used, no STAs used, no fixes excluded.

with ignored: First, the debugger is executed the same way as in normal. Then, the
set of false positives is calculated, and the debugger is run again with that set being
excluded.

single: Only one plan available at a time, all algorithms used, all STA used, no fixes
excluded. This results in the number of runs being multiplied by the number of plans
available for that domain.
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4.2 Setup

We rely on realistic domains written by various developers. The archive of the International
Planning Competition (IPC) [12] offers a large set of domains of various complexities. It also
contains dozens of problem instances for each domain. The more challenging aspect is to
introduce errors into those domains that are likely to occur when the domain is written by a
human. We filter out all domains with PDDL features not supported by DrPDDL, meaning
that we only keep domains that only have both strips and typing as requirements.
Subsequently, we use the Optic planner [1] to generate plans for these domains. We
discard any domain where fewer than 10 problem instances yielded valid plans due to
timeouts, further narrowing down the set of suitable domains. Then we sort out domains that
are very similar in their structure and purpose, such as driverlog-strips-hand-coded and
driverlog-numeric-hard-automatic, narrowing down to 10 domains listed in Table 3. We
manually specify the background knowledge for each domain. To make sure that background
knowledge is correct, we validate each domain using the previously generated plans.

Table 3 The domains used along with metrics regarding their complexity. It shows the name, the
number of actions |A|, number of fluents |F|, total number of preconditions |C|, the total number of
positive and negative effects |E*| and |E~| respectively, the number of steps in all plans |P| as well
as the number of SIAs |SIA|.

Domain Name IF| | A | |C) | |ET| | |E~| | |P| | |SIA|
2000-blocks-strips-typed 5 4 9 9 9 336 8
2000-freecell-strips-typed 11 10 61 26 30 243 7
2000-logistics-strips-typed 3 6 12 6 6 360 6
2002-driverlog-strips-automatic 6 14 7 7 303 6
2002-satellite-strips-automatic 8 5 15 5 4 398 3
2002-zenotravel-strips-automatic 4 5 14 7 7 189 6
2006-pipesworld-propositional 15 6 57 26 26 346 12
2006-rovers-propositional 25 9 45 17 13 313 12
2006-storage-propositional 8 5 18 10 10 158 8
2006-tpp-propositional 7 4 17 7 7 566 3

To test a range of error types in each domain, we decided to automatically add errors,
allowing for the generation of hundreds of faulty mutants from one domain.

Regarding the types of errors, we will use the error catalog presented in Section 3 as a
reference. In our quantitative evaluation, we will only consider errors our debugger is suited
for, which are: pre rem - missing precondition, pre add - additional precondition, pre rep
- error in a precondition, pos rem - missing positive effect, pos add - additional positive
effect, pos rep - error in a positive effect, neg rem - missing negative effect, neg add -
additional negative effect, neg rep - error in a negative effect, and polarity - wrong polarity
of an effect.

As for missing actions, fluents, or action parameters, we decide to exclude those error types
from our quantitative evaluation and will briefly discuss them in a qualitative evaluation.

We start by creating a list of all reasonable errors grouped by type for each domain.
Additionally, we determine the set of dynamic fluents for each domain. We call a fluent
dynamic if it changes after the initial situation, meaning that there’s at least one effect for
that fluent.

Error types pre rem, pos rem, neg rem, and polarity are easy to generate because
it involves iterating over all preconditions and effects and then removing that element or
changing its polarity.
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Then, we inject errors of the types pre rep, pos rep, and neg rep by iterating over
each parameter and checking if it can be replaced by another of the same type. For example,
we can replace a precondition (edge 7from 7to) in the action move with (edge 7to ?to),
(edge 7to 7from), or (edge 7from 7from) since the parameters ?from and 7to share the
same type.

For error types with element additions, namely pre add, pos add, and neg add, we
generate them by iterating over each action in the domain. For each fluent, we make use of
the EXPRENUMERATOR to generate syntactically valid expressions based on the parameters
of the action. Additionally, it is reasonable to add an effect for a fluent only if that fluent is
dynamic. For example, we exclude errors such as the effect (not (edge 7from 7to)) since
this fluent doesn’t change in the original domain.

Having obtained a list of reasonable errors, we generate faulty domains by randomly
picking a set of errors of a given type from that list and inserting them into the domain.

We run the following sets of testcases for each IPC domain. We generated 100 domains
with 2 errors for each mode specified above. For the mode single, we run the debugger for
each problem instance. Since we use 10 problem instances per domain, the number of runs is
1000 instead of 100 for that mode. For each error type, we generate 100 domains with one
error and test it in the normal mode. For all n between 1 and 15, generate 100 domains
with n errors and test it in the normal mode.

We ensure that the generated faulty domain is valid in each testcase. The testcases are
executed on a machine with an Intel i7-4770k CPU and 16GiB memory running on Ubuntu
18.04 and using OpenJDK17. In order to save time, the test cases are run in parallel on 6
threads.

4.3 Results

Recovery rates vary substantially across domains (Table 4), ranging from 52% for tpp to 96%
for logistics, despite their similar sizes (Table 3). We observe no clear relationship between
domain size and recovery rate. Simpler domains such as blocks and logistics achieve lower
false positive rates f,, than more complex domains like pipesworld and rovers, likely due
to their smaller space of possible fixes. Runtime (¢,) also varies by domain, with zenotravel
being the fastest and tpp the slowest, although most testcases finish within one second. The
relatively large ¢, indicates that runtime depends largely on the structure of individual faulty
domains.

Table 4 Average recovery rate rec,, average false positive rate fp,, average runtime ¢, and its
standard deviation t,. The results are averaged over testcases with 2 errors, all error types in normal
execution mode.

Domain n | recu[%] | fp, (%] | tulms] | to[ms]
blocks 100 76 12 34 38
freecell 100 73 85 266 56
logistics 100 98 2 30 16
driverlog 100 86 48 32 26
satellite 100 59 59 43 23
zenotravel 100 65 52 14 7.96
pipesworld || 100 80 98 148 46
rovers 100 74 90 226 49
storage 100 83 r 18 14
tpp 100 55 81 71 29
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Table 5 shows that recovery rates are higher for invalid than for valid faulty domains
(80% vs. 60%). We assume errors are easier to identify when they cause a concrete plan
failure. Notably, when the TIGHTEN algorithms are disabled and only VIOLATIONFIXER is
used, the debugger still achieves a 28% recovery rate on valid domains. Since no precondition
violations occur in this setting, these errors are detected solely through the SIAs, while
maintaining a low false positive rate of 6%.

Table 5 The results for all domains grouped by execution mode and faulty domain validity. The
first row of each execution mode shows all corresponding testcases. The second and third rows shows
only testcases where the faulty domain is valid or invalid. The results refer to testcases with 2 mixed
errors. The table shows the average recovery rate rec,, average false positive rate fp,, the average
runtime ¢,, and its standard deviation ¢,.

Mode Valid? n rec,[%) | fp (%] | tulms] | to[ms]
T,L1 1000 75 60 88 93
normal T 263 60 71 90 91
L 737 80 57 88 94
T,L 1000 53 9 21 26
no tighten T 263 28 6 15 13
L 737 62 11 23 29
T, L 1000 70 63 56 60
no sia T 263 55 74 60 63
€ 737 75 59 54 60
T,L1 1000 75 27 89 284
with ignored T 263 59 35 75 154
1 737 80 24 94 317
T, L 10000 64 66 20 54
single T 2630 54 76 19 87
€ 7370 68 62 20 35

As shown in Table 5, providing all plans instead of only a single plan improves the
recovery rate by 11 percentage points (75% vs. 64%). The effect is moderate because most
problem instances in the test set already use all actions in the domain. In testcases where
only the VIOLATIONFIXER is run and the TIGHTEN algorithms are skipped, the recovery
rate is just 53%, but the false positives rate is only 9%. This is due to the fact that the
VIOLATIONFIXER only makes changes when a violation is encountered, while the TIGHTEN
algorithms constrict the domain as much as possible.

Regarding the usefulness of SIAs in general, rec, is 5 percentage points lower when no
SIAs are given versus testcases with all SIAs, as shown in Table 5. fp, is also only slightly
influenced, while the usage of SIAs increases the runtime of the testcases by 57%. As it turns
out, blacklisting false positives obtained in the first run doesn’t improve the recovery rate in
the second round on average, as evident from the results in Table 5.

Table 6 compares recovery rates across error types and distinguishes between valid
and invalid faulty domains. Added preconditions cannot be detected in valid domains (0%
recovery), but are removed in 88% of cases when they cause violations. Missing preconditions
always yield valid domains and are recovered in 84% of cases, while modified preconditions
are repaired in 80% overall and 90% when violations occur. Added positive effects are repaired
in 87% of cases. Missing positive effects are recovered in 89% of invalid domains but never
when the domain remains valid. Likewise, modified positive effects are recovered much more
often in invalid than valid domains (94% vs. 41%). Additional negative effects are the hardest
to repair, with a recovery rate of 41%. However, recovery differs sharply between valid and
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Table 6 Results separated by error type. In each testcase, one error of the corresponding type is
introduced into the domain. All testcases are run with normal execution mode. Average recovery
rate rec,, average false positive rate fp,, the average runtime ¢,,, and its standard deviation ¢, are
shown. n reflects the number of distinct errors and thus faulty domains that could be generated for
the corresponding error type.

Error ‘ Valid? ‘ n ‘ recy [ %) ‘ Ip,.[%)] ‘ t,[ms] ‘ to[ms] ‘
T,L1 510 78 87 112 86
pre add T 56 0 100 100 89
1 454 88 85 114 86
T, L 262 84 83 112 88
pre rem T 262 84 83 112 88
1 0 0 0 0 0
T, L 357 80 86 116 84
pre rep T 53 22 96 93 90
1 304 90 84 120 82
T, L 297 87 89 192 576
pos add T 297 87 89 192 576
1 0 0 0 0 0
T, L 120 84 78 101 84
pos rem T 7 0 100 116 92
1 113 89 7 100 84
T, L 55 89 7 137 88
pos rep T 6 41 85 137 84
1 49 94 76 137 88
T, L 331 41 89 152 186
neg add T 186 3 92 142 81
1 145 91 86 165 265
T, L 119 83 80 106 87
neg rem T 119 83 80 106 87
1 0 0 0 0 0
T, L 69 48 82 140 90
neg rep T 62 42 86 148 87
1 7 100 49 71 89
T,L 239 70 76 151 645
polarity T 126 84 76 193 882
1 113 55 76 105 89

invalid domains (3% vs. 91%). Missing negative effects are recovered in 83% of cases, while
modified negative effects are repaired in 42% of valid domains and all invalid ones. Effect
polarity errors show the opposite trend, achieving a higher recovery rate in valid than in
invalid domains (84% vs. 55%). Runtime ¢, is highest for additional precondition errors due
to the exponential complexity of the minimal hitting set computation. The large ¢, is largely
explained by the varying complexities of the evaluated domains.

The most surprising result is the limited impact of the number of errors on recovery
rate (Table 7). While domains with a single error achieve a recovery rate of 76%, domains
with up to seven errors still average 71%. Only beyond that point does performance decline
substantially, reaching 35% for domains with 15 errors. As expected, the average runtime
t,, increases with the number of errors, whereas the false positive rate f,,, decreases. These
results suggest that the debugger can reliably reconstruct missing components as long as
the domain’s basic structure remains intact, but its effectiveness deteriorates once too many
elements are missing.
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Table 7 The results for all domains grouped by the number of errors introduced in each testcase.
The testcases are run under normal execution mode with mixed error types being picked. The table
shows the average recovery rate rec,, average false positive rate fp,,, the average runtime ¢, as well
as its standard deviation t,. In the first row, n is less than 1000, because only 883 distinct errors
can be generated using our strategy.

Error Count n rec,[%] | fp, (%] | tulms] | to[ms]
1 883 76 71 81 343
2 1000 75 60 88 93
3 1000 75 55 147 717
4 1000 74 52 231 910
5 1000 73 51 307 1059
6 1000 72 47 555 1552
7 1000 71 44 933 2148
8 1000 68 41 1355 2604
9 1000 64 38 1931 3116
10 1000 60 34 2497 3593
11 1000 55 29 3139 3888
12 1000 51 26 3754 4111
13 1000 43 22 4645 4321
14 1000 40 18 5099 4349
15 1000 35 15 5674 4353

5 Limitations

While the quantitative evaluation demonstrated that DrPDDL can reliably repair the con-
sidered error types, it also revealed some limitations. One limitation is scalability. Algorithms
such as VIOLATIONFIXER have exponential runtime and may become computationally ex-
pensive for larger domains, even though this was not an issue in our evaluation. Another
limitation is that DrPDDL reports only a single repair. Although users can exclude suggested
fixes and rerun the debugger, alternative solutions produced by components such as the
minimal hitting set algorithm are discarded, and the fixed sequence of algorithms further
restricts the set of possible repairs. To illustrate these limitations, we now examine error
types that were not considered in the implementation.

Removing the pickup action from the delivery robot domain causes a precondition violation
for (holding ?r 7p) during drop evaluation. The debugger removes this precondition, but
a subsequent STA violation and failed goal achievement lead to contradictions, yielding no
solution. In contrast, removing the fluent empty relaxes the domain. Since no preferred-plan
violations occur, the debugger cannot detect the error. Missing fluents generally exhibit
this behavior. Initial-state errors covered by SIAs can be detected. For example, adding
(isat rl 1b) triggers an SIA violation. Errors not covered by SIAs, such as removing a
traversed (edge la 1b), cannot be identified directly; instead, the debugger removes related
preconditions, indicating the affected fluent. Impossible goals, incorrect SIAs, and errors
in preferred plans all lead to contradictions that prevent a consistent repair. For instance,
requiring a packet to be in two places simultaneously or removing a (pickup rl p2 le) step
causes violations that ultimately leave the problem unsolvable.

6 Conclusion and Future Work

The goal of this work was to develop an automated debugger for PDDL domains. Given
a faulty domain, a set of preferred plans, and background knowledge in the form of State
Integrity Axioms (SIAs), the debugger repairs the domain such that all plans remain valid
and all STAs are satisfied.
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We first introduced the necessary planning concepts, formalized planning domains, classi-
fied common domain errors, and defined a restricted language for expressing SIAs. Based
on this foundation, we designed a repair framework consisting of four algorithms: VIOLA-
TIONFIXER, which resolves plan and SIA violations; TIGHTEN1, which removes redundant
positive effects; TIGHTEN2, which adds valid negative effects; and TIGHTEN3, which adds
maximal positive preconditions.

The implementation was evaluated on thousands of faulty instances generated from 10 IPC
domains. Recovery rates were analyzed with respect to domain characteristics, error count,
error type, available plans, and SIAs. The debugger repaired 75% of domains containing
a single error and still achieved 69% recovery with 10 concurrent errors. Using multiple
preferred plans improved recovery by about 10 percentage points, while SIAs provided a
smaller but measurable benefit. Positive-effect errors were the easiest to repair, whereas
negative-effect errors proved the most challenging.

Overall, the results demonstrate that preferred plans and SIAs can be effectively combined
to automatically repair planning domains containing multiple concurrent errors.

We have laid the groundwork for an advanced PDDL domain debugger, leaving several
avenues for future extension. Adding parameters expands the search space and requires
updating preferred plans with new arguments. Supporting full propositional logic in STA
improves expressiveness but increases validation complexity. Incorporating features like
quantifiers, fluents, and durative actions scales complexity beyond lifted STRIPS. Finding
violations using only the domain, problem, and SIAs would eliminate the need for preferred
plans.
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—— Abstract

This paper presents an initial investigation into the combination of qualitative simulation and
machine learning for fault detection in cyber-physical systems. In recent years, the detection
and diagnosis of faults in cyber-physical systems has become increasingly dependent on machine
learning. However, supervised machine learning approaches rely on large labelled datasets, which
are rarely available during the initial deployment phase. In systems such as smart buildings, faults
occur rarely, and even the nominal behaviour of a system can vary across structurally identical
installations. We therefore propose a framework that addresses this issue by generating weak
supervision labels using qualitative reasoning. Given a qualitative model that captures the system’s
nominal behaviour, we use a conformance check to determine whether the system traces are likely to
be faulty or not. These binary pseudo-labels are then used to train a downstream classifier. Unlike
statistical anomaly detection or self-supervised techniques, the generated supervision signal is based
on physical consistency rather than deviations from a learned baseline. We evaluate our approach
on four benchmarks relating to electrical, fluid, mechanical and thermal dynamics, comparing our
methodology with unsupervised anomaly detection and supervised learning with limited labels. Our
initial experiments suggest that, while qualitative conformance checks can provide usable training
signals when labelled data is unavailable, their effectiveness depends on the discriminative structure
of the qualitative model.
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1 Introduction

Cyber-physical systems (CPS) tightly couple physical processes and computing components
through the use of sensors, actuators, and feedback loops to enable smart monitoring and
control in buildings, industrial automation, or transportation. Fault detection and diagnosis
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(FDD) of CPS is becoming increasingly data-driven with the goal of improving the operational
efficiency, reliability, and safety of CPS [15]. Machine learning (ML) and deep learning
approaches have shown promising results for anomaly detection [27, 21] and predictive
maintenance [26]. However, these methods typically require large operational datasets and
reliable fault annotations to sufficiently capture the system behavior and generalize across
operating conditions.

In practical CPS settings, this requirement is often difficult to satisfy. In many CPS
domains, fault data is rare, unavailable at the beginning of the system’s life cycle, or expensive
to acquire [7]. Let us consider smart buildings, a domain that suffers strongly from the
cold-start problem, i.e., the absence of sufficient representative training data during early
deployment phases. Newly commissioned buildings do not provide an extensive amount of
operation data and faults occur rarely. This leads to little to no training data being available.
Moreover, even nominal behavior may vary substantially across structurally identical systems
due to installation specific-parameters, environmental conditions, or occupant behavior.
Thus, ML models trained on one building generalize poorly to others [20, 31].

Several research areas address this issue by reducing the data and annotation requirements
of learning-based diagnosis, e.g., transfer learning [13, 10], self-supervised learning [14, 32], and
anomaly detection [4]. Yet, these approaches typically depend on sufficiently representative
operational data, assume the availability of an initial fault-free operational phase, or infer
abnormal behavior from deviations from a learned statistical baseline rather than from
violations of physical consistency. Weak supervision is a complementary line of research
that addresses label scarcity by replacing expert-provided annotations with programmatic
labeling functions encoding heuristics, rules, or external knowledge sources [24, 33]. The
quality of weak supervision, however, depends on the quality of these labeling sources. For
CPS, the most reliable source is the system’s: a fault is, by definition, a behavior that
the underlying physical model cannot produce when it functions correctly. Thus, symbolic
reasoning from first principle, e.g., realized through qualitative reasoning, presents itself as a
natural supervision source for diagnosis.

Qualitative reasoning provides a way to formalize physically plausible system behavior
and structure without the need for precise numeric values [8, 11, 18, 28]. In contrast to
quantitative approaches, such as digital twins or physics-informed neural networks, qualitative
models describe the system behavior through qualitative variables that encompass qualitative
magnitudes (e.g., positive, negative, or zero) and qualitative directions of change (e.g.,
increasing, decreasing, or steady) [11]. In our previous work [5, 6], we have shown that
qualitative conformance checking, i.e., comparing observed traces against the set of behaviors
permitted by a qualitative simulation model, can detect faults in CPS without requiring
precise parameterization.

While qualitative conformance checking provides interpretable and physically grounded
diagnosis results, purely symbolic reasoning approaches may become computationally ex-
pensive for continuous online monitoring and large-scale deployment. In contrast, ML-based
classifiers provide efficient runtime inference and scalable deployment, but face the aforemen-
tioned cold-start problem. This motivates us to combine both paradigms by using qualitative
reasoning as a symbolic supervision mechanism for training ML fault detectors.

In this paper, we propose a framework that exploits qualitative conformance outcomes
between a qualitative model and observed CPS traces to generate weak supervision labels
for fault detection. In essence our approach can be divided into two stages. First, we exploit
a QSIM model of the nominal system behavior to detect deviations in system observation
traces by checking the trace’s conformance with the admissible system behavior generated
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by the qualitative simulation. In case the system behavior does not conform to any of the
qualitative simulation traces, we label the trace as non-conforming, i.e., faulty; otherwise
the trace is labeled conforming, i.e., nominal. Second, we use those pseudo-labels to train
a binary ML classifier. To determine the feasibility and effectiveness of our approach, we
evaluate our framework on multiple benchmarks and a real-world system under cold-start
conditions and compare our method against off-the-shelf anomaly detection methods.

The remainder of this paper is structured as follows. In Section 2, we discuss related work.

Subsequently, we give background information on qualitative simulation and our conformance
checking approach in Section 3. Section 4 describes how we exploit qualitative simulation
and conformance checking to obtain weak labels, while Section 5 and Section 6 present our
initial empirical study and its results, respectively. Lastly, we conclude the paper and provide
directions for future work in Section 7.

2 Related Work

A substantial body of research addresses FDD in CPS in low-label environments. For instance,
transfer learning approaches reuse models across installations or operating conditions to
compensate for limited data availability. Genkin and McArthur [13] combine transfer learning
with reinforcement learning to transfer optimal control policies from an existing building
to a newly commissioned structure. While reducing the warm-up period and overall mean
variance, their approach requires a transfer building with a wide range of sensors to work
effectively. Dou et al. [10] exploit simulation data from a source building to pre-train neural
network models that are then fine-tuned on the measurements of the target installation with
promising results.

Self-supervised learning (SSL) is another widely used strategy for low-label environments.

SSL exploits unlabeled data and a pretext task to learn structure and relationships in the data
to generate supervisory signals without the need for human annotations [14]. Senanayaka
et al. [25] combine one-class support vector machine (SVM) for health estimation with
supervised convolutional neural network (CNN) classification for online fault diagnosis in
electric powertrains. First, the one-class SVM is trained on available nominal data to
define the machine health status; second, a CNN classifier is trained on those health classes.
Although explicit labeling is no longer a prerequisite, such methods still require a sufficiently
representative operational data and may not be able to generalize across heterogeneous
system configurations [32].

Anomaly and outlier detection methods, such as one-class SVMs, are also commonly
used when labeled fault data is unavailable. Those methods train exclusively on nominal
system behavior, avoiding the need for fault data altogether. While requiring less data than
traditional supervised learning methods, these methods assume an initial fault-free start-up
phase and rely on statistical methods rather than physical inconsistencies to determine
abnormal behavior [4].

A complementary line of research addresses low-label environments by changing the
source of supervision rather than the data requirements. Weak supervision is one such
technique that reduces dependence on human-provided annotations through programmatic
labeling functions that encode heuristics, rules, or other external knowledge sources to produce
training labels [33, 24]. Frameworks, such as Snorkel [24], demonstrate that programmatically
generated labels can be used successfully for training models in domains where manual
annotations are infeasible or expensive. Snorkel combines multiple labeling functions through
a generative model to produce probabilistic training labels at scale. Weakly supervised
learning has increasingly been explored in predictive maintenance and CPS settings to address
incomplete, inexact, or inaccurate supervision [22].
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In contrast to existing weak supervision and SSL approaches, our work derives supervisory
signals not from statistical anomalies but from symbolic physical reasoning. Building on our
previous work on qualitative simulation and conformance checking [5, 6], we use qualitative
conformance outcomes as weak labels for downstream supervised learning. Similar to prior
pseudo-labeling approaches, as the one presented by Senanayaka et al. [25], our framework
employs an intermediate diagnosis mechanism to generate labels for a supervised learning
classifier. Our proposed approach generates labels from violations of physically admissible
system behavior encoded in a qualitative model.

3 Qualitative Simulation (QSIM)

Qualitative Simulation (QSIM) provides an abstract representation of dynamical system
behavior by replacing precise numerical values with symbolic categories and qualitative
relations [11, 9, 19, 18]. Instead of modeling variables through exact measurements, QSIM
represents them using qualitative values such as low, medium, high, on, and off, together
with constraints that capture structural and physical dependencies between variables. This
abstraction is particularly useful for CPS, where the qualitative structure of the system is
often known even when exact parameter values or detailed numerical models vary.

A key advantage of qualitative simulation is that it can describe families of behaviors
rather than a single numerical trajectory. For example, changes in resistance, capacitance,
inflow rate, damping, or thermal resistance may alter the exact numerical trajectory of a
system, while preserving its qualitative structure. QSIM exploits this property by reasoning
over qualitative magnitudes, landmarks, intervals, and qualitative trends. As a result, the
same qualitative model can often be reused across different parameterizations of a benchmark,
provided that the qualitative relationships between variables remain unchanged.

In this work, we use ASP-QSIM, an Answer Set Programming (ASP) formulation of qual-
itative simulation [30]. In ASP-QSIM, system states, transitions, and qualitative constraints
are encoded declaratively as logic predicates. Solving the resulting ASP program yields
one or more answer sets, where each answer set corresponds to one admissible qualitative
evolution of the modeled system over time.

A qualitative trace denotes one such admissible system evolution. It consists of:

time points, such as p(0), p(1),. .., representing qualitative system states,

intervals, such as i(0, 1), representing transitions between successive states, and

qualitative assignments of system variables at time points and intervals, for example

Uheating_request(p(o)) = on or Usupply_temp(p(l)) = high.

Within the ASP-QSIM encoding, predicates such as holds/4 represent qualitative vari-
able values and trends at particular time points or intervals, while predicates such as
holds_constraint/4 encode qualitative relations that must hold between variables. These
relations may express structural dependencies, monotonic influences, qualitative proportion-
alities, or admissible state transitions. Hence, a trace captures not only the qualitative state
of the system, but also how this state evolves over time.

Since qualitative simulation generally admits multiple valid evolutions, the model defines
a set of possible qualitative behaviors rather than a single deterministic trajectory [19, 18].
This is important for our setting because the exact numerical trajectory of a cyber-physical
system may vary across parameter settings, initial conditions, and operating regimes. Instead
of requiring one exact numerical prediction, the qualitative model specifies which classes of
behavior are physically admissible. However, while local qualitative simulation algorithms,
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Figure 1 Example qualitative behaviors generated by the ASP-QSIM model for the RC circuit
benchmark. The charging and discharging cases illustrate admissible qualitative evolutions of the
nominal system, which are used as reference behaviors for downstream conformance checking.

such as QSIM, are able to produce every physically possible behavior, they may also generate
impossible spurious traces. This follows from the inherently local nature of state expansion:
each successor is derived from the information in the current state alone [17].

Figure 1 illustrates this idea for a simple RC circuit. The charging and discharging
regimes are represented by separate ASP-QSIM reference behaviors. In the charging case,
the capacitor voltage increases toward the supply voltage, while in the discharging case the
capacitor voltage decreases. These figures illustrate that the QSIM model captures qualitative
evolution patterns rather than exact numerical curves. Such admissible qualitative behaviors
form the reference set used for conformance checking.

This property is central to our framework. We use the set of admissible qualitative
traces generated by the nominal ASP-QSIM model as a reference model of expected system
behavior. Observed CPS traces are first abstracted into the same qualitative representation
using benchmark-specific landmarks and intervals. The abstracted observations are then
checked for conformance against the admissible behaviors of the nominal model. Intuitively,
an observed trace is conforming if there exists at least one admissible ASP-QSIM behavior
that is consistent with the observed qualitative assignments. If no such behavior exists, the
observation is considered non-conforming (see Das et al. [5]).
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Operationally, conformance checking is performed by adding the observed qualitative
assignments as constraints to the ASP-QSIM program. If the resulting program has at least
one answer set, then the observation is compatible with the nominal qualitative model. If
the program becomes unsatisfiable, then the observed behavior cannot be explained by the
nominal model and is treated as a potential fault. Thus, ASP-QSIM provides a model-based
mechanism for converting qualitative physical consistency into binary conformance outcomes.

In the proposed weak-supervision framework, these conformance outcomes are used as
pseudo-labels for a downstream ML task. The next section describes our approach.

4 Approach

We address the cold-start problem by combining a qualitative model of nominal system
behavior with conformance checking [1, 23], using qualitative simulation as a source of weak
supervision for ML. The central assumption is that, in many CPS, expert knowledge about
nominal behavior is available before large amounts of labeled fault data can be collected. We
encode this knowledge as a nominal QSIM model [19]. Observed quantitative traces are then
abstracted and checked for conformance against the admissible behaviors generated by this
model. The resulting conformance outcomes are interpreted as pseudo-labels and used to
train downstream classifiers.

Figure 2 summarizes the weak-label generation pipeline. Each quantitative time-series
trace, obtained either from simulation or system operation, is divided into fixed-length
temporal windows. These windows define the quantitative feature vectors used by the ML
models. In parallel, each window is abstracted into qualitative states using the benchmark-
specific landmarks and intervals. The abstracted window is then checked for conformance
against the nominal ASP-QSIM model. If the window is consistent with at least one admissible
qualitative behavior, it is considered conforming; otherwise, it is considered non-conforming.

The window-level conformance outcomes are aggregated per original trace to obtain a
trace-level pseudo-label. This step is necessary because the benchmark ground-truth labels
are defined at the trace level, while the ML instances are defined at the window level. The
resulting QSIM-derived pseudo-label is assigned to the quantitative windows from the same
trace, producing a weakly labeled dataset for classifier training. Thus, the classifier learns
from concrete quantitative features, while the supervision signal is derived from qualitative
physical consistency.

This design has three main advantages. First, it reduces the need for manually labeled
fault data, which is particularly important in cold-start settings. Second, windowing increases
the number of training instances compared with labeling only complete traces. Third, the
learned classifier can capture numerical regularities in the concrete system behavior that
are not explicitly represented in the qualitative abstraction. The trade-off is that window-
level conformance provides less temporal context than complete-trace conformance and
can therefore be sensitive to abstraction thresholds, window boundaries, and initial-state
assumptions. We therefore treat the resulting labels as weak labels rather than ground
truth. The binary weak labels that result from these compliance results are then used to
train ML models downstream. The framework eliminates the need for laborious human
labeling by transforming model-based behavioral consistency into a learning signal. In
order to determine whether qualitative conformance can facilitate efficient fault detection
under sparse annotation, the final models are assessed on held-out traces and in low-label
circumstances.
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5 Evaluation

In this section, we outline our initial experiments. First, we describe the four benchmark
systems, before detailing the experimental setup.

5.1 Benchmark Description

We examine four benchmarks that vary in terms of both system complexity and the kind
of qualitative dynamics they display in order to assess the suggested framework. From a
qualitative perspective, the benchmarks cover distinct classes of system dynamics. Together,
these benchmarks allow us to study the proposed approach on both compact illustrative
systems and a practically relevant control application.

5.1.1 RC circuit

The RC circuit, as shown in Figure 3a, serves as a compact benchmark for transient qualitative
behavior. Its dynamics are governed by the interaction between switch position, voltage
source, capacitor voltage, current, resistor voltage, and the derivative of the capacitor
voltage. Qualitatively, the benchmark exhibits structured charging and discharging processes
with clear landmark transitions and trend changes. This makes it particularly suitable for
analyzing how nominal and faulty behaviors can be distinguished through qualitative traces
and how such distinctions can be converted into weak labels.

5.1.2 Bathtub

The bathtub benchmark provides a simple but expressive example of accumulation-driven
behavior [19, 11]. As can be seen in Figure 3b, the system consists of a reservoir with
controlled inflow and gravity-driven outflow, such that the water level evolves according
to the balance between incoming and outgoing flow. In qualitative terms, this benchmark
captures filling, draining, and equilibrium behavior, making it well suited for examining how
deviations in flow conditions affect trace evolution and conformance. For this benchmark,
we used the public ASP-QSIM implementation of Wiley et al. [30] as a starting point and
adapted it to our experimental setting.?

5.1.3 Spring—mass—damper

The spring—mass—damper benchmark represents a classical mechanical system with oscillatory
behavior and our ASP-QSIM implementation follows the qualitative formulation introduced
by Coghill et al. [3]. It consists of a mass connected to a fixed support through a spring and a
viscous damper operating in parallel, and is subject to an external force (see Figure 3c). The
resulting dynamics are characterized by restoring forces, dissipation, and damped oscillations.
From a qualitative perspective, this benchmark is useful because it introduces non-monotonic
behavior and repeated changes in trend, which are more challenging than purely charging or
accumulation-based dynamics. It therefore provides a complementary test case for assessing
whether conformance-based weak supervision can handle mechanically induced temporal
patterns.

3 https://github.com/timothy-wiley/aspgsim
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Figure 3 The four benchmark systems used in this study: (a) an RC circuit with resistor R,
capacitor C, switch swi, and battery bat. (b) a bathtub with inflow, outflow, and volume; (¢) a
spring-mass—damper with displacement, velocity, and external force; (d) a heating circuit with heat
exchanger H, two alternating pumps P and P», a globe valve V| a check valve CV, and temperature
sensors 77 and T5.

5.1.4 Heating circuit

The heating circuit, shown in Figure 3d [16], constitutes the most application-oriented
benchmark in our study as it is the only system where real-world traces are available to us.
It models a hydraulic heating loop that supplies heat from a district heating station to a
commercial building. District heating systems are an important component of sustainable
urban energy infrastructure [29], and faults in such systems can lead to substantial energy
losses [2].

For this benchmark, we use a simplified QSIM model to evaluate whether compact
qualitative knowledge can provide useful weak labels on real data. The model covers active
heating operation under two pump regimes, pumpl_only and pump2_only, with one regime-
specific nominal model for each configuration. In the first regime, pump P; is active and
pump P, is inactive; in the second regime, pump P, is active and pump P; is inactive.
A stable-regime constraint prevents unintended switching between pump regimes during
conformance checking.

The qualitative variables considered in the simplified heating model include outdoor
temperature, heating request, pump states, heat-exchanger flow, valve position, supply
temperature and return temperature. Outdoor temperature and valve position are treated as
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contextual variables to tolerate delays and feedback effects in the real data. Thermal behavior
is captured coarsely through a monotonic relation between supply and return temperature
during active circulation. The model is therefore intentionally conservative: it abstracts away
the full low-level controller and tests whether compact nominal knowledge can still provide
useful weak supervision for fault detection.

5.2 Experimental Setup

For each benchmark except the heating system, we generated simulated traces under both
nominal and faulty conditions using Modelica models [12]. In order to assess our approach on
various system configurations, we used parameter sweeps over operating regimes and initial
conditions. Table 1 gives an overview of the parameter ranges considered. Ground-truth
labels were obtained directly from the simulation setup: traces generated under nominal
conditions were treated as non-faulty whereas traces generated under injected fault conditions
were treated as faulty.

Table 1 Benchmark parameter ranges and conformance results between the qualitative models
and the corresponding nominal quantitative simulation behaviors.

Benchmark Parameter Range
R resistance {9,10,11}
RC Circuit C' capacitance {0.0008, 0.001,0.0012}
Vbat voltage {4.0,4.5,5.0}
¢in inflow {0.04,0.08,0.12}
Bathtub Ag drain area {0.002, 0.005,0.010}
V(0) initial volume {0.10,0.20,0.40}
k spring constant {0.5,1.0,2.0}
. ¢ damping coefficient {0.3,1.0,3.0}
S —Mass—D
pring=ilass—amper x(0) initial position {-0.5,0,0.5}
#(0) initial velocity {-0.5,0,0.5}

Across the simulated benchmarks, faults were injected as separate Modelica model variants
targeting the main physical components of each system. In the RC circuit, faults include
resistor short and open circuits, capacitor faults, switch faults, intermittent contacts and
battery-supply faults, which affect current flow and voltage dynamics. In the bathtub
benchmark, faults modify the water-balance behavior through stuck or excessive inflow,
drain blockage, leakage, altered tub geometry, overflow-threshold changes, and intermittent
blockage. In the Spring—Mass—Damper benchmark, faults affect actuator force, spring
stiffness, damping, mass and friction thereby changing the oscillatory dynamics. For the real
heating circuit, the faulty traces correspond to two valve faults: a leaking valve and a stuck
valve. Table 2 summarizes these fault families.

Across all benchmarks, quantitative system variables are abstracted into qualitative levels
and linked through qualitative constraints. Derivatives are included when they are part of
the benchmark model or can be robustly estimated from the trace; otherwise, the abstraction
relies on qualitative magnitudes only. The nominal QSIM model defines the admissible
qualitative behavior of the system. Observed nominal and faulty simulation traces are then
abstracted and checked against this nominal behavior model to derive conformance outcomes
for weak-label generation.
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Table 2 Summary of fault types used in each benchmark.

Benchmark #Faults Fault types

RC circuit 10 Resistor, capacitor, battery and switch faults
including short, open, degraded and intermittent
behaviors.

Bathtub 10 Inflow, drain, overflow, tub area error and inter-
mittent blockage faults.

Spring—Mass—Damper 10 Actuator, spring, damper, mass and friction
faults.

Heating circuit 2 Real valve faults: leaking valve and stuck valve.

To obtain ML instances, each continuous trace was segmented into fixed-length windows.
Unless otherwise stated, we used windows of 100 consecutive samples, e.g., samples 0-99,
100-199, and so on. These windows were used to construct the quantitative feature vectors
for downstream learning. To ensure comparability across methods, the amount of raw
operational data, trace duration, and number of windows were kept as consistent as possible
across the anomaly detection, weak-supervision, and low-label supervision settings.

Weak labels were generated using window-level qualitative conformance checking. Each
window was abstracted into qualitative states and checked against the corresponding nominal
QSIM model. The resulting window-level conformance outcomes were aggregated per original
trace to obtain QSIM-derived pseudo-labels. These pseudo-labels were then assigned to the
quantitative windows from the same trace and used as binary labels for our weakly supervised
training regime.

For the simulated benchmarks with parameter ranges, windows from all parameter
configurations were pooled after applying a temporal split within each trace. The first 70% of
windows from each trace were used for training, and the remaining 30% were used for testing.
As a result, both portions contain examples from all simulated parameter configurations.
Thus, both splits contain examples from all simulated configurations, allowing us to evaluate
performance when the operating range is represented during training.

We considered five supervision regimes:

Full supervision, where classifiers were trained using ground-truth labels on the first

70% of windows from each trace, including both nominal and faulty traces. The remaining

30% of windows from each trace were used for testing. As applied logistic regression,

random forests and decision trees for supervised learning.

Weak supervision, where classifiers were trained on quantitative window features using

QSIM-derived pseudo-labels instead of manually provided labels. The same temporal split

as in full supervision was used and performance was evaluated against the ground-truth

labels.

Low-label supervision,where classifiers were trained using only a small subset of

ground-truth labels from the training split. This setup represents a cold-start scenario in

which only a few manually labeled examples are available. The selected labeled windows
were balanced at the binary class level between non-faulty and faulty examples. Thus,

LL-5 used 3 non-faulty and 2 faulty labeled windows, LL-10 used 5 non-faulty and 5

faulty labeled windows, and LL-20 used 10 non-faulty and 10 faulty labeled windows.

Unsupervised anomaly detection, where models were trained only on nominal

windows. This setting reflects the assumption that some fault-free operation may be

available during system start-up or commissioning, while fault labels are unavailable. We
trained One-Class SVM and Isolation Forest on the first 70% of nominal windows and
tested them on the remaining nominal windows together with faulty windows.
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Full Supervision across configurations, where models are trained on one configuration,
i.e., parameter setting, and evaluated on held-out configurations, emulating the transferal
of a model learned on one instance to another instance with varying parameters. As with
the supervised case we use the ground truth, however we train on 100% of the samples of
the source configuration and test on 100% of the other configurations.

To assess the quality of the weak-label signal itself, we additionally compare QSIM-derived

labels against the simulation ground truth using precision, i.e., Precision = T;ifFP, recall,

TP : __ o9 . Precision-Recall
TP+FN? F1 score, 1.e., F1=2 Precision+Recall ’

statistics (i.e., true positives (TP), false positives (FP), false negatives (FN), and true
negatives (TN)).

We report accuracy, i.e., Accuracy = %, and Macro-F1 as the main predictive
metrics for downstream classification. Macro-F1 is the unweighted average of the classwise
Fl-scores, so that faulty and non-faulty classes contribute equally even under class imbalance,
i.e., Macro-F1 = w, where F; is the F1 score for class 1 etc. and N is the total
number of classes.

All benchmarks use the same general weak-supervision idea, with benchmark-specific
modifications where necessary. Bathtub and Spring—-Mass—Damper use the generic window-
level conformance pipeline. For the RC circuit, we additionally use phase-aware aggregation
and trace-level representations because RC traces contain structured charging and discharging
phases separated by switching transitions. These extensions allow the weak-labeling procedure
to account for stable phases, transition windows and settling behavior more explicitly than a
plain fixed-window approach.

For the heating system benchmark, the raw operational CSV traces were first transformed
into the same window-level format used for the other benchmarks. Since the real data

i.e., Recall = and the underlying classification

contain multiple operating regimes, each window was assigned to a pump regime based on
the dominant pump state within that window. Windows dominated by pumpl_only behavior
were checked against the pumpl nominal model, while windows dominated by pump2_only
behavior were checked against the pump2 nominal model. Mixed or inactive windows were
treated conservatively as non-conforming, since they do not match either active nominal
regime model.

6 Results

In this section, we analyze the results of our initial study. First, we discuss the accuracy of our
labeling approach, before elaborating on the classification results of the various supervision
regimes.

In particular, we first explain the results on the fully supervised, weakly supervised and
low-label approaches, before elaborating on the results of the unsupervised learning models.
In addition, we report on cross-configuration results in the full supervision case.

6.1 Weak Labeling Accuracy

Table 3 reports the quality of the QSIM-derived weak labels before any downstream classifier
is trained. Faulty behavior is treated as the positive class. Thus, TP are faulty examples
correctly assigned faulty/non-conforming weak labels by QSIM, TN are nominal examples
correctly assigned non-faulty /conforming weak labels, FP are nominal examples incorrectly
rejected by the QSIM-based weak-labeling procedure and FN are faulty examples incorrectly
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Table 3 Quality of QSIM weak labels per benchmark, evaluated against ground-truth trace labels.
TP/FP/FN/TN counts treat “Faulty” as the positive class. Precision (Prec.), recall (Rec.), and
F1-score characterize the weak-label signal before any classifier is trained.

Ground truth Counts Quality
Benchmark Faulty Non-Faulty TP FP FN TN Prec. Rec. F1
RC circuit 270 27 243 0 27 27 1.000 0.900 0.947
Bathtub 270 27 198 21 T2 6 0.904 0.733 0.810
Spring—mass—damper 810 81 635 57 175 24 0918 0.784 0.846
Heating 920 805 198 53 722 752 0.789 0.215 0.338

TP: QSIM = Faulty, Ground truth = Faulty; FP: QSIM = Faulty, Ground truth = Not faulty; FN: QSIM
= Not faulty, Ground truth = Faulty; TN: QSIM = Not faulty, Ground truth = Not faulty.

assigned conforming weak labels. Precision measures how reliable a QSIM-generated fault
label is, whereas recall measures how many ground-truth faulty examples are recovered by
the conformance check.

For the RC circuit, the weak labels are highly reliable. The absence of false positives
(FP = 0) shows that nominal traces are consistently accepted by the qualitative model, while
the high number of true positives (TP = 243) indicates that most injected faults produce
qualitative deviations. The remaining errors are false negatives (FN = 27), meaning that
some faulty traces are not rejected by the QSIM-based labeling procedure. This is consistent
with the fault-level analysis: most capacitor, resistor, supply, and switch faults are detected,
whereas the fault representing a loose connection or failing contact at the resistor, remains
often undetected.

The bathtub benchmark shows a noisier but still useful weak-label signal. QSIM detects
many faulty traces (TP = 198), resulting in good precision (0.904), but it also misses a
non-negligible number of faults (FN = 72). The false positives (FP = 21) indicate that
some nominal traces are over-rejected by the operational labeling pipeline. This does not
necessarily mean that the qualitative model fails to describe the intended nominal behavior.
Faults that strongly alter the qualitative structure, such as the fault where the effective area
is scaled, are detected well, while several inflow-related faults like InflowStuckClosed and
InflowStuckOpenHigh remain closer to nominal behavior and are therefore more frequently
missed.

For the Spring—Mass—Damper benchmark, the weak labels also provide a useful signal,
with high precision (0.918) and reasonably high recall (0.784). However, the model still
produces both false positives and false negatives. The false positives indicate occasional
over-rejection of nominal traces while the false negatives show that some faulty traces remain
difficult to distinguish from nominal behavior under the current qualitative abstraction.
This behavior is expected for faults that mainly affect quantitative magnitudes without
producing a clear qualitative change in the observed variables. In the fault-level analysis,
actuator-related faults and several structural faults are captured well, whereas an increased
spring stiffness and some friction-related cases are more difficult.

The most challenging example is the heating benchmark. It is based on actual operational
data and includes controller delays, operational variability, and regime shifts that the
simplified qualitative model is unable to completely reflect, in contrast to the simulated
benchmarks. The heating model treats mixed or inactive windows conservatively as non-
conforming and uses distinct locked nominal models for the pumpl_only and pump2_only
regimes. The weak-label statistics reveal low recall (0.215) and moderate precision (0.789),
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with many faulty windows obtaining conforming labels (F'N = 722). This occurs because the
valve faults do not always produce an immediate qualitative change in the observed pump
state, flow, heating request or temperature variables.According to these findings, under the
existing abstraction leaking-valve and stuck-valve faults frequently remain qualitatively close
to nominal active heating behavior. This is plausible because the observed variables mainly
capture coarse pump-regime, flow, request, and temperature states. Valve faults may change
the quantitative efficiency or timing of heat transfer without necessarily changing these
variables enough to cross qualitative landmarks within a window. Consequently, leaking-valve
and stuck-valve faults can remain qualitatively close to nominal active heating behavior
under the current abstraction.

Overall, the results show that QSIM weak labels are useful but imperfect supervision
signals. They are strongest when faults cause clear qualitative deviations from nominal
behavior, as in the RC circuit and weaker when faults primarily induce subtle quantitative
changes, as in the heating benchmark. This motivates the combination with ML: QSIM
provides physically grounded labels without manual annotation, while the downstream
classifier learns from the original quantitative window features and can capture numerical
regularities not explicitly represented in the qualitative abstraction.

6.2 Fault Detection Accuracy

Table 4 summarizes the predictive performance across the four benchmarks under full
supervision, QSIM-based weak supervision, and low-label supervision. We report both
accuracy and Macro-F1, and focus primarily on Macro-F1 in the discussion because it gives
equal weight to faulty and non-faulty classes and is therefore more informative under class
imbalance.

Overall, the results show that QSIM-derived weak labels can provide a useful supervisory
signal when manually labeled data are scarce although the strength of this signal varies
across systems. The clearest case is the RC circuit benchmark. Here, weak supervision
retains a substantial fraction of the fully supervised performance across all three classifiers
especially for logistic regression, where weak QSIM supervision slightly exceeds the fully
supervised baseline. This reflects the strong alignment between the qualitative RC model and
the simulated quantitative behavior: most injected faults produce clear qualitative deviations
and nominal behavior is consistently accepted by the model.

The bathtub benchmark is more challenging. Full supervision performs strongly, especially
for Random Forest and Decision Tree classifiers but QSIM-based weak supervision is less
accurate. This is consistent with the weak-label analysis in Table 3, where the bathtub
model produced both false positives and false negatives. In this benchmark, several faults,
particularly inflow-related faults remain qualitatively close to nominal behavior at the
window level. Consequently, the QSIM weak labels are less discriminative for downstream
learning. The LL-5 Decision Tree result further highlights the need for Macro-F1 under
imbalance: despite high accuracy, the substantially lower Macro-F1 indicates that the model
does not achieve balanced performance across both classes when trained from only five labels.
It is also worth noting that the low-label setting can outperform QSIM weak supervision for
this benchmark, especially for Decision Tree and Logistic Regression at larger label budgets.
This suggests that a small number of accurate ground-truth labels may be more informative
than a larger set of noisy QSIM-derived labels when the qualitative abstraction does not
separate nominal and faulty behavior well.

For the Spring—-Mass-Damper benchmark, QSIM-based weak supervision remains compet-
itive with full supervision, but the effect depends on the classifier. Weak supervision is below
full supervision for Random Forest, approximately matches or slightly exceeds full supervision
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Table 4 Accuracy (Acc) and Macro F1 by supervision regime across all benchmarks. Full and
Weak QSIM use all training samples; L1-k uses only k labeled samples.

Full Weak QSIM LL-5 LL-10 LL-20
Model Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
RC circuit (train: 1242, test: 594)
Random Forest 0.965 0.894 0.889 0.759 0.226 0.224 0.485 0.431 0.800 0.594
Decision Tree 0.939 0.849 0.837 0.714 0.131 0.129 0.689 0.565 0.848 0.577

Logistic Regression 0.736 0.619 0.758 0.637 0.219 0.218 0.495 0.440 0.783 0.660

Bathtub (train: 4158, test: 1782)

Random Forest 0.937 0.853 0.493 0.400 0.357 0.331 0.433 0.367 0.552 0.461
Decision Tree 0.888 0.776 0.385 0.339 0.852 0.460 0.659 0.470 0.574 0.486
Logistic Regression 0.540 0.473 0.477 0.391 0.447 0.382 0.478 0.392 0.586 0.495

Spring—mass—damper (train: 12474, test: 5346)

Random Forest 0.869 0.550 0.698 0.491 0.438 0.364 0.558 0.429 0.361 0.340
Decision Tree 0.581 0.490 0.698 0.491 0.304 0.282 0.495 0.388 0.372 0.348
Logistic Regression 0.456 0.406 0.701 0.493 0.368 0.331 0.670 0.478 0.414 0.375

Heating (train: 1207 , test: 518 )

Random Forest 0.983 0.983 0.558 0.508 0.597 0.595 0.705 0.675 0.888 0.888
Decision Tree 0.888 0.888 0.573 0.538 0.446 0.433 0.542 0.445 0.788 0.787
Logistic Regression 0.927 0.927 0.577 0.551 0.687 0.686 0.672 0.668 0.807 0.806

for Decision Tree and clearly improves over full supervision for Logistic Regression. This is
an important result because the system exhibits oscillatory continuous dynamics, making
purely window-level classification difficult. The QSIM-derived labels appear to provide a
useful qualitative smoothing of the dynamics: rather than relying only on local numerical
values, they encode whether a window is compatible with the qualitative structure of nominal
oscillatory behavior. At the same time, the moderate Macro-F1 values show that some faults
remain close to nominal oscillation patterns and are therefore difficult to separate.

The heating benchmark is the most difficult real-world setting. Full supervision achieves
high performance, indicating that the quantitative window features contain useful information
about valve faults. In contrast, QSIM weak supervision is more conservative, with Macro-F1
between 0.508 and 0.551. This matches the weak-label results: the final heating model was
designed to preserve nominal conformance over active pump-regime segments, and therefore
many faulty windows remain conforming under the qualitative abstraction. Nevertheless, the
weakly supervised classifiers still learn a non-trivial signal from the QSIM labels, despite the
absence of manually supplied fault labels during training. Low-label supervision generally

improves with larger label budgets, with LL-20 achieving strong performance for all classifiers.

Taken together, these results support the main hypothesis of the paper. QSIM-based weak

supervision is not a replacement for full supervision when many accurate labels are available.

Instead, it provides a physically grounded source of supervision in cold-start settings, where
labeled fault data are limited or unavailable. Its effectiveness depends on how strongly faults
alter the qualitative behavior of the system. When faults create clear qualitative deviations,
as in the RC circuit, weak supervision is highly effective. When faults mainly induce subtle
quantitative changes, as in the heating benchmark, the QSIM signal is weaker but still useful
as an initial labeling mechanism.
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Table 5 Unsupervised anomaly detection across benchmarks. Models are trained on the first
70% of each nominal trace and tested on the remaining nominal windows together with the faulty
windows from the same configurations.

RC circuit Bathtub Spring—mass—damper Heating
Model Acc F1 Acc F1 Acc F1 Acc F1
Isolation Forest 0.325 0.269 0.386 0.312 0.348 0.289 0.419 0.417
One-Class SVM  0.840 0.544 0.826 0.555 0.703 0.461 0.786  0.722

6.3 Unsupervised Anomaly Detection

The results of the unsupervised anomaly-detection baselines are shown in Table 5. Only
nominal windows are used to train the models in this configuration, and they are assessed using
both held-out nominal windows and faulty windows from the same benchmark configuration.
This is consistent with a frequent cold-start assumption: nominal data may be available
during early system operation or commissioning, while labeled fault examples are not.

One-Class SVM consistently performs better than Isolation Forest across all benchmarks,
especially with respect to Macro-F1. This suggests that, for these window-level feature
distributions a boundary based description of nominal behavior is more effective than Isolation
Forest’s isolation-based criterion. One-Class SVM performs strongly on the bathtub and
heating benchmarks, where many faulty windows appear to deviate from the nominal feature
distribution, while QSIM weak supervision is more competitive on the RC circuit and Spring—
Mass—Damper benchmarks. This indicates that the two approaches capture different aspects
of the data: unsupervised anomaly detection identifies distributional deviations from nominal
examples, whereas QSIM-based weak supervision encodes qualitative physical consistency
with a nominal behavioral model.

The Spring—-Mass—Damper benchmark remains difficult for both approaches, most likely
because oscillatory and regime dependent behavior creates substantial overlap between
nominal and faulty windows. The heating result should also be interpreted carefully because
the real operational data contain structured nominal variability and some valve-related faults
can remain near nominal under particular operating regimes. Overall, these results show that
unsupervised anomaly detection is a competitive cold-start baseline but not a replacement
for model-based weak supervision. The distinction between these baselines and supervised or
QSIM-based weakly supervised models motivates the employment of qualitative conformance
as an additional physically grounded supervision signal.

6.4 Cross-configuration Generalization

Table 6 reports cross-configuration generalization under full supervision for the simulated
benchmarks. In the Same setting, classifiers are trained and tested on windows from the
same parameter configuration using ground-truth labels and the standard temporal split.
In the Cross setting, classifiers are trained using ground-truth labels from one parameter
configuration and evaluated on held-out parameter configurations.Overall, the findings
indicate a low level of cross-configuration transfer. Random Forest and Decision Tree models
provide very good same-configuration performance for the bathtub benchmark. However,
Macro-F1 significantly declines under cross-configuration testing. This suggests that when
inflow, drain area or beginning volume vary, these models learn configuration specific numerical
patterns that are poorly transferable. The Spring-Mass-Damper benchmark exhibits a similar
pattern: Macro-F1 remains low, indicating that the classifiers do not consistently distinguish
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Table 6 Cross-configuration generalization across benchmarks. “Same” trains and tests on the
same parameter configuration; “Cross” tests on held-out configurations. Macro F1 drops sharply
under Cross across all benchmarks, indicating limited transferability.

RC Bathtub Spring
Model Setting Acc F1 Acc F1 Acc F1

Same  0.909 0.476 0.999 0.997 0.882 0.514
Cross  0.909 0.476 0.898 0.511 0.894 0.477

Same  0.173 0.162 0.997 0.992 0.850 0.514
Cross  0.164 0.154 0.898 0.511 0.885 0.481

Same  0.315 0.238 0.693 0.590 0.576 0.482
Cross 0.304 0.237 0.719 0.453 0.696 0.470

Random Forest

Decision Tree

Logistic Regression

between nominal and defective behavior across several oscillatory regimes, while accuracy
remains quite high in some cross-configuration scenarios. Additionally, the RC circuit
benchmark exhibits weak Macro-F1 in both settings suggesting that it is challenging to
capture the specific trace-level or phase-dependent structure of this benchmark with a
straightforward cross-configuration window-level classifier.

The heating data do not offer numerous systematically varied parameter configurations
such as various resistances, inflows, or spring constants, relative to the simulated benchmarks.
Therefore, there is no direct analogue of training on one parameter configuration and testing
on held-out configurations.

7 Conclusion

Our initial study explores whether qualitative simulation can serve as a weak supervision
source for fault detection in CPS. We propose a framework that exploits qualitative conform-
ance checking to generate binary pseudo-labels for observed traces, which are then used to
train a downstream binary classifier. With this approach, we address the cold-start problem
by replacing manually labeled training data with annotation derived from a QSIM model
of the nominal behavior. To determine the feasibility of our approach, we evaluate the
technique on four benchmarks and compared our method to full supervision, unsupervised
anomaly detection, supervised learning with limited labels, and transferring of a supervised
learning model to another system configuration. Across the benchmarks our method was
able to produce labels, although the quality of the resulting weak labels varied with the
discriminative structure of the underlying qualitative model. On systems, such as the RC
circuit, with clearly distinguishable phases, our trained classifier approached the performance
of the fully supervised method. In the other case, the weak labels were less informative and
thus our approach could not outperform the fully supervised classifier.

A natural question is why a classifier is needed at all if qualitative conformance already
yields a label and thus could be used directly for fault identification. Conformance checking
is costly, scales poorly with model size (and possibly model number in case fault models
are also considered), and is less intuitive to deploy. This makes the QSIM approach less
suitable for continuous online monitoring. An ML classifier is trained once, inference then
is efficient and independent of the foundational qualitative model. Yet, the classifier still
benefits from the physical grounding of the qualitative model. Additionally, beyond runtime
efficiency, the trained classifier captures the concrete behavior of the system rather than
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only its qualitative abstraction. Hence, once trained on QSIM-derived labels, the classifier
may detect faults (e.g., large deviations between the observed and the concrete behavior),
even when such faults remain invisible to the QSIM model itself. However, the classifier
may also learn spurious quantitative patterns that the qualitative model cannot detect, e.g.,
unrepresentative operating regimes.

Our approach is subject to several limitations. First, it presumes the availability of a
QSIM model of the nominal behavior. While qualitative models are generally less demanding
to construct than precise numerical ones, they still require domain expertise. Hence, in
domains where this expert knowledge is scarce, the development of the model might be
a barrier. Second, the qualitative model must adequately capture the admissible nominal
behavior. On the one hand, if the model is too permissive, faulty traces are not detected.
On the other hand, if it is too restrictive, nominal traces may be rejected. Our initial study
has shown that achieving an appropriate level of discriminative rigor can be challenging,
particularly for systems with multiple operating regimes. Thus, the quality of the resulting
pseudo-labels is dependent on the fidelity of the qualitative model.

Several directions for future research remain. First, we currently only consider fault
detection, thus extending this to multi-classification is the next logical step. This would
require richer labels, which we initially plan to generate by considering qualitative models that
encompass typical system faults. Second it would be to formalize the weak-supervision setting
more explicitly. Sensitivity to window length, stride, abstraction thresholds and aggregation
techniques should be particularly studied in future research, along with uncertainty estimates
for labels generated using QSIM. Third, to counteract the weak label quality on some systems
we plan on combining symbolic supervision with self-supervised learning. The classifier first
learns a representation from unlabeled operational data and qualitative conformance labels
are then used only for fine-tuning the fault-detection head.
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—— Abstract

Predictive maintenance of multi-component systems requires decisions that account for both local
component degradation and system-level redundancy. This paper proposes a formal framework for
synthesizing interpretable maintenance policies from a system functional architecture. The system
is modeled as a network of Dynamic Priced Timed Game Automata (DPTGA): each component
automaton encodes degradation dynamics, stochastic failure windows, and repair and replacement
costs, while a System Health Monitor automaton is automatically derived from the minimal cut sets
of the functional architecture and detects system failure as soon as any cut set becomes unavailable.
We execute the DPTGA semantics in an explicit-state simulator and optimize a compact threshold
policy with the Cross-Entropy Method (CEM). The policy contains one age-fraction threshold per
component and an embedded subsystem-safe predicate that forbids any preventive action that would
immediately realize a cut set, making the learned strategy provably safe and directly interpretable as
a rule-based maintenance plan. On a seven-component benchmark comprising a parallel subsystem
and a 2-out-of-5 redundant block, the CEM policy reduces mean cumulative cost by 15% and median
cost by 16% relative to the best rule-based heuristic (corrective, systematic, and condition-based
maintenance), while maintaining a 98.7% system survival rate. The approach therefore provides a
compact and explainable alternative to deep reinforcement learning for architecture-aware predictive
maintenance.
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1 Introduction

Maintaining complex systems requires a proactive approach to ensure reliability, minimize
downtime, and extend the operational lifespan of the whole system. There are several types of
maintenance. Corrective maintenance consists in restoring the system to its normal condition
after a failure without any kind of anticipation. With such maintenance strategy, the system
always has unexpected downtime and due to the type of failure, the restoring time might
not be anticipated which drastically decreases the level of reliability of the system. To avoid
such problems, preventive maintenance consists of a set of planned actions to avoid failures
and extend the lifespan of the system, such plans can be systematic (e.g. actions performed
after a fixed and regular amount of time) or conditional (based on some system conditions).
With preventive maintenance, action plans are scheduled in advanced with anticipated costs
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to minimize downtime however such strategy can be costly as the planned action, like a
replacement action, might not be necessary. Predictive maintenance is going one step forward
and aims at scheduling repair or replacement actions before the occurrence of any failure by
performing an estimation of the Remaining Useful Life (RUL) based on the use of health
indicators that collect measurements at operating time. At the component-based level, the
estimation of RUL usually relies on physical measurements and degradation or ageing models
that are either obtained by expertise or by machine learning techniques. At the system-based
level, the objective is to estimate the System Remaining Useful Life (SRUL). In complex
systems like aircrafts [16], semiconductor manufacturing systems [22], railways systems [11],
the estimation of the SRUL cannot simply be summarized as the minimal RUL on one of its
equipment as these systems are composed of redundant components ensuring that if one is
failing the system still operates. Therefore, the SRUL not only depends on the RUL of its
components but also on the functional structure of the system [29].

This paper addresses the problem of determining a predictive maintenance strategy
for such complex systems based on the functional structure of the system and a real-time
estimation of the components’ RULs. We first propose the definition of a formal architecture
based on Dynamic Priced Time Game Automata (DPTGA) that models the set of possible
maintenance strategies with their respective costs. The architecture is firstly expressed
through functional minimal cut sets, which may be extracted from a fault tree of the system,
a reliability block diagram, or another dependability model. These cut sets are then used
to build a network of DPTGA embedded with some maintenance/repair costs. Component
automata model degradation clocks, stochastic failure windows, repair and replacement
durations, and costs. A System Health Monitor (SHM) synchronizes with component events
and detects system failure whenever a cut set becomes unavailable. We then propose a first
method to search for a maintenance strategy that relies on a reinforcement-learning-based
policy search. More specifically, this policy is obtained by simulating this DPTGA network
and optimizing a compact threshold policy with the Cross-Entropy Method (CEM). The
central design choice is to keep the learned policy interpretable. Instead of learning an
unconstrained neural controller, the policy contains one preventive-maintenance threshold
per component and a system-aware safety predicate that forbids preventive actions that
would immediately realize a cut set. This makes the learned strategy easy to inspect and
directly usable as a rule-based maintenance plan.

The paper is organized as follows. Section 2 positions the contribution with respect to
timed-automata-based maintenance modeling, reinforcement learning for predictive main-
tenance, and learning-augmented controller synthesis. Section 3 introduces the necessary
background on fault trees, minimal cut sets and dynamic priced timed game automata.
Section 4 presents the DPTGA models for the components and the SHM. Section 5 formu-
lates the cost-minimization problem and the CEM policy search. Section 6 reports the case
study and discusses the experimental results and the learned policy. Section 7 concludes and
outlines directions for future work.

2 Related Work

The proposed framework lies at the intersection of three threads: (i) timed-automata-
based maintenance modeling, (ii) reinforcement learning for multi-component predictive
maintenance, and (iii) learning-augmented controller synthesis on timed game automata.
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Timed Automata for Fault-tree-driven Maintenance

The closest line of work translates fault trees and their extensions into networks of priced
timed automata and uses Statistical Model Checking (SMC) to estimate dependability metrics.
Ruijters and Stoelinga’s Fault Maintenance Trees [33, 32] extend industry-standard fault
trees with preventive maintenance and repair templates, translate them to UPPAAL priced
timed automata and use UPPAAL-SMC [6] to estimate reliability, mean-time-to-failure and
maintenance cost on railway and smart-building case studies. Kumar et al. [14] introduce
Attack-Fault-Maintenance Trees (AFMTS), a safety-security hybrid that extends AFTs [15]
with proactive maintenance and reactive repair, again analyzed via SMC. In a broader
dependability perspective, Rubin and Du [30] review Dynamic Fault Tree (DFT) analysis
for complex redundant systems with capacity degradation, showing that DFTs can capture
sequence-dependent failures, reconfiguration, and redundancy, while still facing scalability
issues and difficulties in representing partial degradation states. These works provide rich
formal modeling frameworks for maintenance analysis, but the maintenance strategy remains
a manual exploration of a finite set of templates or scenarios, the optimization does not
exploit online per-component RUL information that Prognostics and Health Management
(PHM) pipelines now make available.

Reinforcement Learning for Multi-component Maintenance

Several recent works formulate predictive maintenance as a sequential decision problem
and solve it with optimization or (deep) reinforcement learning techniques. Regattieri et
al. [28] propose a simulation-based framework for optimizing aircraft maintenance policies by
combining failure-process modeling, repair-process modeling, and Monte Carlo evaluation
of preventive/corrective maintenance mixes. Their objective minimizes a total service
cost including corrective, preventive, inspection, and spare-part stock terms, but these
costs are fixed parameters rather than degradation-dependent quantities. Reinforcement-
learning (RL) approaches go further by learning state-dependent policies: Andriotis and
Papakonstantinou [3] couple constrained Partially Observable Markov Decision Processes
(POMDPs) with multi-agent Deep Reinforcement-learning (DRL) to derive inspection-and-
maintenance policies for deteriorating infrastructure under budget and risk constraints.
Najafi and Lee [23] embed a proportional-hazards degradation model into a DRL agent for
multi-unit repair-based maintenance. Liu et al. [19] address multi-component systems with
complex structure, and Phuc et al. [7] use multi-agent DRL for systems with multi-dependent
components. Pinciroli et al. [25, 26] demonstrate that PPO with imitation pre-training
significantly outperforms scheduled and condition-based baselines on wind-farm operation
and maintenance equipped with PHM signals. Two recent surveys [24, 20] catalogue state
designs, reward shaping, and open issues in scalability, interpretability, and certification.
However, these approaches typically rely on hand-coded transition kernels, simulation models,
or discrete-time Markov Decision Process (MDP) abstractions, and do not derive the decision
environment from a by-construction guarantee that the synthesized policy respects a system-
level safety predicate.

Coupling RL with PTGA: Model-checking versus Simulation

A complementary line couples reinforcement learning with verification engines that operate
on (Priced) Timed Game Automata (PTGA). UPPAAL Stratego [5] synthesizes near-optimal
strategies for stochastic priced timed games by combining symbolic exploration with reinforce-
ment learning, and has been instantiated for online controller synthesis in floor heating [17],
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energy-aware buildings [1], STOchastic Model-Predictive Control (STOMPC) [9] and, more
recently, discretized Euclidean MDPs [12]. While model-checking-based RL provides strong
formal guarantees, it inherits the well-known state-space explosion of dense-time verification:
the cost per training episode grows steeply with the number of components and clocks, which
is precisely the regime targeted by predictive maintenance of multi-component systems [10].
To the best of our knowledge, no previous work has reported a population-based policy
search on a PTGA model of a fault-tree-derived multi-component maintenance problem with
RUL-dependent dynamic maintenance costs.

Positioning of this paper

We retain the PTGA modeling language of the SMC/Stratego line — locations, clocks,
guards, MCS-derived health monitor, costs — but switch from symbolic exploration to an
explicit-state simulator written from the formal semantics of the model. This trade-off
sacrifices on-line model-checking guarantees in exchange for a simulation throughput that is
compatible with population-based policy search; the safety properties that the synthesized
policy must satisfy are then enforced by construction via a parameterized policy class with
an embedded subsystem-safe predicate (Section 5). Compared with the DRL line, we trade
representational power for interpretability and sample efficiency by restricting the policy to
a compact threshold class with one parameter per component, optimized by the CEM [31].
The result is a pipeline that maps a fault tree to a deployable maintenance policy without
requiring either a model-checking back-end or a deep neural network in the inner loop.

3 Preliminaries

3.1 Failure Prognostics

Failure prognostics aims to estimate the future health state of a component from observ-
able quantities such as sensor measurements, usage profiles, environmental conditions, or
degradation indicators. The central output of a prognostic model is the RUL, defined as the
time remaining before a component can no longer fulfill its intended function. Depending
on the approach, the RUL can be delivered as a point estimate, a probability distribution,
or a confidence interval, each carrying different implications for decision-making under un-
certainty [4, 37]. Prognostic methods broadly fall into three families: physics-based models,
which exploit degradation equations derived from domain knowledge; data-driven models,
which learn degradation patterns from historical run-to-failure data; and hybrid approaches
that combine both.

While most of the prognostics literature addresses single-component systems, industrial
assets are inherently multi-component, and the health of one subsystem can influence or
accelerate the degradation of others. System-level prognostics therefore extends individual
RUL estimation to the joint health state of an assembly, accounting for load sharing, failure
propagation, and structural and functional dependencies [35].

In the present work, each component 7 is characterized by a stochastic failure deadline
sampled uniformly from the interval [minRUL;, maxRUL;], which represents the prognostic
uncertainty window produced by an upstream health-monitoring module. The maintenance
policy does not observe this deadline directly; it only has access to the degradation clock ¢;
and the publicly available RUL bounds. This formulation captures a realistic PHM scenario
in which prognostic models constrain the failure window without revealing the exact failure
instant, thereby requiring the policy to reason and act under uncertainty.
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3.2 Minimal Cut Sets, Fault Trees

The proposed framework handles multi-component systems with complex architectural
configurations (see for instance the functional architecture of components in Figure 4). In
such an architecture, an event is the occurrence of a failure in a part of the system, and

among them elementary events (also called basic events) are failures at the component level.

Our proposed framework relies on Minimal Cut Sets (MCS for short) that are minimal sets of
elementary events whose occurrence implies the whole system’s failure. Minimal cut sets can
be automatically extracted for instance from fault trees. Fault tree analysis is a top-down,
deductive failure analysis method that uses a boolean logic tree structure to represent the
elementary events and their combinations leading to the occurrence of an undesirable state
(called the top event), representing system failure [18]. The combinations of elementary
events are modeled using standard logic gates (e.g., AND, OR, k-out-of-n, XOR). Fault tree
analysis is a very common analysis method that is available for many existing or future
systems in almost all sectors of activity [18]. There are several algorithms that can be used
to obtain minimal cut sets, such as MOCUS (Method of Obtaining CUt Sets) [§8], BDD
(Binary Decision Diagrams) [27], etc. The proposed framework only relies on minimal cut
sets. While a fault tree approach can be used for representing the system architecture, it
is not necessary, similar approaches can be leveraged within the same framework, such as
reliability /functional block diagrams, bond graphs, etc., as long as minimal cut sets can be
extracted from them.

» Example 1. The functional architecture of the system that is studied throughout this paper
is illustrated in Figure 4. It is a system with 7 components with functional redundancies for
high reliability.

Subsystem 1 (Components A and B): A parallel redundancy where both components

A and B must fail simultaneously to trigger a system-level failure (i.e., a logic AND gate).

Subsystem 2 (Components C, D, E, F, G): A k-out-of-n configuration. In this setup,
the subsystem fails if more than 3 components fail (i.e., 4 out of 5 components become
unavailable). This implies the system requires at least two of these five components to
remain operational to maintain system integrity.
In this example, there are 6 minimal cut sets K1,...,Kg¢: K1 ={A, B}, Ko ={C,D,E,F},
Ks={C,D,E,G}, ..., K¢ ={D,E,F,G}.

3.3 Dynamic Priced Timed Game Automata and Strategies

The maintenance optimization framework that we propose relies on a set of Dynamic Priced
Timed Game Automata (DPTGA for short). DPTGA is an extension of the classical Timed
Automata from [2].

» Definition 2 (Dynamic Priced Timed Game Automata). A Dynamic Priced Timed Game
Automaton G is a tuple

(L,X,KO,E,C,E,inv,f)

where L is a finite set of locations, X is a set of variables x over a domain Dom(x), y € L
is the initial location, ¥ = X, UX,, is the set of actions (partitioned into controllable and
uncontrollable actions), C is a finite set of real-valued clocks, E C L x Guard(C) x ¥ x
2¢ x 2X x L is a finite set of transitions, inv : L — Guard(C) maps an invariant to each
location, f: E x RICl R maps a time dependent cost function to each transition.
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As any timed automaton, a DPTGA is a finite-state automaton enriched with a finite
set of real-valued clocks. Guards and invariants are conjunctions of atomic constraints of
the form ¢; ~ v or ¢; — ¢ca ~ v with ¢1,¢c0 € C, v € RUX, and ~€ {<,<,=,>,>}. The
first extension provided by a DPTGA is that the set of actions is split into two disjoint sets
(controllable and uncontrollable actions) so that the DPTGA is considered as a two-player
game (an agent which is able to decide controllable actions from X. in interaction with its
environment that can produce uncontrollable actions from X,,). The second extension is
that locations L and transitions E are associated with a cost function f that determines the
cost of triggering the transition depending on the current values of the clocks. The third
extension is the possibility to update variables x := v,v € Dom(z) in a transition, similarly
as a clock.

The semantics of a DPTGA is a Dynamic Priced Timed Transition System (DPTTS)
over states (¢,vc,vx) with ¢ € L, clock valuations vc : C' — Rxq, variable valuations
vx : X — Dom(X) satisfying inv(¢). Transitions are either (i) time elapse (labelled

(L, vc,vx) S (L,vc+d,vx)), advancing all clocks by a non-negative delay d while continuously
satisfying the invariant, or (ii) discrete edges (labelled (¢,vc,vx) = (¢',v5,v'y)) resulting
from the fire of a transition (¢, g,a, Rc, Rx,¢') € E with (vo,vx) | g, performing action
a € X, resetting clocks in R¢, updating variables in Ry, and moving to ¢ with vy, =
ve[Ro] AvYy = vx[Rx] = inv(¢'). A run o € Runs(G) is a finite sequence of transitions sy —
51... 2% s, from the underlying DPTTS starting at state so = (Lo, {0,...,0}, {vs1, .., Vem}).
The cost of « is defined as:

cost(a) = > f(ti, veiz). (1)
(eifly'UCifla'UXifl)g(eia'UCiy'UXi)y
a; €Y,
ti=(¢i,g,a;,Rc,Rx ,li+1)EE

The proposed framework relies on the composition of DPTGA’s defined here below.
As detailed in Section 4, the objective is to determine an optimal maintenance strategy
for a single agent which implies that any controllable (resp. uncontrollable) action at the
component level is a controllable (resp. uncontrollable) action at the system level. Moreover,
the global cost of a shared action (if any) is the sum of the costs.

» Definition 3 (Composition of DPTGA). Let G; = (L;, Xy, o4y Lei U X, Cs, By, invy, fi), 0 €
{1,2} be a couple of DPTGA, the composition Gi|G2 is the DPTGA G =
(L, X,4y,%,C, E,inv, ) such that:
L=1L,x Lo
X = X, UXy;
lo = (o,1,40,2);
S = Dt U Sz, Yo = Yot USes with Sy NSe = &, ¥ = ¥, US.;
C = Cl U CQ,'
E is the set of transitions:
synchronized transitions: ((I1,12), g1 A g2,a, Rc1 U Rea, Rx1 U Rxa, (11, 14))
Zf (ll, g1, a, RCL RX17 l/l) IS and (lg, g2, a, RCQ, RXQ, lé) S Eg,‘
asynchronous transitions: ((l1,12),91,a1, Rer, Rxa, (17, 12)) if
(I1,91,a1, Ror, Rx1,1y) € Ey and ay ¢ %o, ((I1,12), 92,02, Roz, Rxa, (11,15)) if
(I2,92,a2, Roa, Rx2,15) € By and as & Xq;
inv(ll, lg) = invl(ll) A\ iIlVQ(lQ),’

f=h+/r.
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Figure 1 Overview of the proposed DPTGA-based maintenance optimization framework.

A strategy is a policy 7 : Runs(G) — X. over the possible runs « of the DPTGA that
associates a set of possible controllable actions from X, to perform with each possible run
«. A strategy 7 is said to be memoryless if the set of controllable actions only depends on
the last state s of the run (7(s) € X.). A winning strategy is a strategy that ensures any
run respecting the strategy reaches one location of a set Goal (a run respects a strategy m if,
in any state of the run, one of the controllable actions proposed by the strategy = (if not
empty) is performed by the run). Such a strategy is said to be optimal if it leads to runs
with a minimal cost cost(a).

3.4 Reinforcement Learning

Reinforcement Learning (RL) formalizes sequential decision-making through the framework
of a Markov Decision Process (MDP), defined by a tuple (S, A, P, R,7), where § is the state
space, A the action space, P(s’ | s,a) the transition kernel, R(s,a) the reward function,
and v € [0,1] a discount factor. An agent observes the current state s;, selects an action
a; according to a policy mw(a | s), transitions to s;4+1, and receives a scalar reward r;. The

objective is to find a policy 7* that maximizes the expected discounted return E, [ZtT:o ’ytrt} .

RL algorithms are broadly divided into value-based methods, which estimate the optimal
action-value function Q*(s,a) and derive a greedy policy from it (e.g., Q-learning [36],
DQN [21]), and policy-gradient methods, which directly optimize the parameters of a
parameterized policy mg using gradient estimates (e.g., REINFORCE, PPO [34]).

When the policy class is smooth and the parameter space is low-dimensional, gradient-
free population-based methods offer a compelling alternative. The CEM [31] is one such
approach: it maintains a distribution over policy parameters, iteratively samples a population
of candidate policies, retains the elite fraction that achieves the highest return, and refits the
distribution to these elites. CEM avoids the variance issues of stochastic gradient estimators
and is particularly well-suited to maintenance scheduling problems, where the action space is
combinatorial but the policy can often be compactly parameterized. In this work, we rely on
CEM to optimize the maintenance policy described in Section 5.
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4 Modeling

This section presents the formal modeling of the set of possible predictive maintenance
strategies of a multi-component system. It provides a constructive mapping from architectural
minimal cut sets (see Section 3.2) to a network of dynamic priced timed game automata (see
Section 3.3) composed of component models and a SHM.

4.1 Component Modeling

In the proposed modeling framework, we assume that the system is monitored by a Health
Management System that is composed of a set of prognostic agents (one per component).
The prognostic agent for component 7 is in charge of estimating at a given time ¢ the RUL of
the component by providing a couple of pessimistic and optimistic RULs, namely minRUL;
and maxRUL,;.

Each component i is then formalized as a DPTGA gl = <L“ X,L', EOia Zi, C,L', Ei, iIlVZ‘, fL>
with locations L; = {faultless;, faulty,, repair;, replacement; } and initial location ¢y; = faultless;
(see Figure 2). Location faultless; models the fact that the prognostic agent considers the
component has no fault and its remaining useful life is greater or equal to minRUL;. Location
faulty, models the health of the component after the occurrence of the fault that is estimated to
be within time interval [minRUL;, maxRUL;] from the initial location. Location replacement;,
models the state of the component at the time when a corrective maintenance action is
performed, that is the full replacement of the faulty component. In this model, we also
might expect that the component can be fixed (location repair;) before the complete failure
of the component. DPTGA G; handles two clocks C; = {¢;,r;}. Clock ¢; tracks the
component’s degradation level. Initialized with ¢; = 0 in the initial state, it ensures that
the health state becomes faulty with the RUL estimation [minRUL;, maxRUL;] if no repair
action beginRep, is performed before. This behavior is modeled in G; by the invariant
inv(faultless;) = ¢; < maxRUL; (which enforces exiting the faultless location before exceeding
the component’s absolute maximum lifespan) combined with the guard ¢; > minRUL; on the
transition from faultless; to faulty; (which allows this transition only when clock ¢; exceeds the
pessimistic RUL estimation). This clock is reinitialized (¢; := 0) every time the component
leaves the replacement or repair locations to become once again faultless. Clock r; tracks
the duration of maintenance activities. The repair duration is ¢,ep; and the replacement
duration is treplyil. Each component contributes to a shared variable X; = {Down}, a set of
component indices initialized to Down = @. Whenever component ¢ enters location faulty;
or repair,, index ¢ is added to Down; whenever it returns to faultless;, index 4 is removed.
Components in replacement, already carry index i in Down (set upon entering faulty,) and
release it only upon returning to faultless;. Hence Down always reflects the set of currently
unavailable components.

The action space ¥; is partitioned into controllable actions X.; = {beginRep;,, replace; },
representing maintainer decisions, and uncontrollable actions X,,; = {failure;, 7;}. Action
failure; is stochastic: it is fired by the environment when the degradation clock ¢; enters the
uncertainty window [minRUL;, maxRUL;], reflecting the fact that the exact failure instant
is hidden from the agent. Action 7; is autonomous: it fires deterministically once the
maintenance clock r; has elapsed the prescribed duration (¢ep; for a repair, tyepi; for a
replacement), returning the component to faultless; with both clocks reset to zero. The
transition dynamics integrates the cost model described below.

L For simplicity, maintenance durations are fixed constants; in general they can be represented by intervals.
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Failure (uncontrollable): t; = faultless; fallures, faulty, represents the failure of the

component i. The associated cost models the loss of residual value through a linear
depreciation:

— _ . C’CornpA,i )
fi(tlv {Civri}) - Cfail(cz) - C'comp,z - m Ci| - (2)

where Ccomp,; Tepresents the initial component cost. This implies that if the system

fails before reaching its maximum RUL, a proportional fraction of its asset value is lost.

The current formulation assumes a linear decrease of asset value over time and uniform
failure probability inside the RUL interval. However, the DPTGA framework readily
accommodates non-linear degradation profiles and alternative reliability distributions.
Preventive maintenance (controllable): ¢; = faultless; beginRep:, repair; sends the
component for repair while it is still faultless, setting r,:=0 and inserting ¢ into Down. It
incurs the cost defined as follows:

fi(t27 {Ci7 Tz}) - Crcp(ci) - Cﬁxcdircp,i + Cratc,i trcp,i + C’comp,i (]— - maxch\Z’ULZ)’ (3)
which separates a fixed logistic overhead Chxed rep,i, the cost Crate,; (typically the labor
cost) proportional to the repair duration tcp;, and the residual asset value lost when
scrapping a component that still had useful life remaining. This decomposition ensures
that preventive maintenance is not strictly dominated by corrective maintenance: a repair
executed early (small ¢;) recovers more residual value and thus costs more than a late
repair, restoring the intuitive ordering “preventive cheaper when executed near the end
of life, corrective cheaper when failure was imminent anyway.” The cost remains linear in
¢; and is directly usable as a DPTGA transition cost.

lace.
Corrective replacement (controllable): t3 = faulty, o, replacement; initiates
the corrective replacement procedure, resetting the maintenance clock (r;:=0). It incurs
the cost

fi (t?n {Ci7 T’L}) = Crepl,i = Ccomp,i + Cﬁxedirepl,h (4)

where Cgomp,; is the procurement cost of a new component and Cfixed repl,i is the logistic
overhead of the replacement operation. Once the replacement clock reaches 7; > tyepl.s,
the autonomous action 7; fires and returns the component to faultless;, resetting both
clocks and sampling a new hidden failure deadline.

4.2 Generating the System Model from the Fault Tree

The SHM is a DPTGA M that tracks the system-level operational status by reading the

shared variable Down, maintained by the component automata as described in Section 4.1.

Recall that after each component transition, Down contains the indices of all components
that are currently unavailable (i.e., in location faulty;, repair;, or replacement;). The SHM
has two locations: operational (initial) and failed (absorbing). It stays in operational as long
as no minimal cut set is entirely contained in Down, encoded by the location invariant

inv(operational) = Vj : K; € Down.

Whenever a component transition causes Down to cover a complete cut set, the SHM
synchronizes on the triggering event e and either loops in operational if the invariant is still
satisfied, or fires the autonomous 7-transition to the absorbing failed location when 35 : KC; C
Down (see Figure 3). Upon entering failed, a system-failure cost Csr is incurred, augmented
by an early-failure penalty CSL if the collapse occurs before a prescribed horizon Tes.
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0
init faultless; | failure; € 3y
inv; : ¢; < maxRUL; c; > minRUL;, '|
Down := Down U {i}
cost Chair(ci)

faulty; ’

beginRep, € X,
r; =0

cost Crep(ci) replace; € 3.

i
ri =0

7i 2 trep,i
ci,ry =0
Down := Down \ {i}

Down := Down U {i}
Y

Y
[ replacement; ‘

repair;

invi LTy S trep,i ‘ iIlVi ) < trepl,i

Ti
Ti > trepl,i
ci,ri =0

Down := Down \ {i}

Figure 2 Dynamic Priced Timed Game Automaton G; for component i. Red denotes the
uncontrollable failure transition, while blue denotes controllable maintenance actions. Clock c¢;
measures degradation and clock r; measures the duration of the ongoing maintenance activity.
Returning to faultless; resets both clocks and samples a new hidden failure deadline in the RUL
interval.

€

Vi Ky SZ Down e

)

-

- operational | 3j : K; C Down failed

mi . . 3 > .
inv =Vj: K; € Down | cost Osr + Oh1,cr,, absorbing

Figure 3 DPTGA of the SHM M. After each component event e, the SHM reads the shared
variable Down. It remains in operational as long as no minimal cut set K; is entirely contained in
Down. As soon as 3j : K; C Down, the invariant on operational is violated and the autonomous
T-transition fires, moving the SHM to the absorbing location failed and incurring the system-failure
cost.

5 Threshold Policy and Cross-Entropy Optimization

The objective is to find a policy that minimizes the expected cumulative operational cost
over a finite horizon T while preventing catastrophic system failures. The global system
is the composition S = G || ... || Gn || M of the component automata and the SHM of
Figure 3. The control problem is intrinsically a Partially Observable Markov Decision
Process (POMDP): the full state at time ¢ includes the location ¢; ; and both clock valuations
(i, ri) of each component automaton G;, but the per-component failure deadline sampled in
[minRUL,;, maxRUL,] is hidden from the agent. The observable state is therefore the projection

. ‘ Cit "
o= (gl’t’ maxRUL,;) €0, (5)

i=1

where the normalized degradation ratio ¢; /maxRUL; € [0, 1] indicates the extent to which
the component i has aged relative to its worst-case lifespan. At each step, the agent selects
an action from

A = {wait} U {beginRep,, replace; | i=1,...,n}, (6)
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consistent with the controllable action sets Y.; defined in Section 4.1. The objective is to
minimize the expected total cost

J (1) = Ex[Ciotal] = Ex Z fi(tesver) + Csr L aq—sfailed | (7)

transitions

where f;(ty, vc,) are the DPTGA transition costs of Section 4.1 and Cgp is the system-failure
penalty if M reaches the absorbing failed location (Section 4.2).

Standard value-based RL — learning the action-value function Q(o, a) via Bellman updates
— fails to produce useful policies in this setting. Even with optimistic initialization, the agent
collapses to the degenerate “never trigger preventive maintenance” strategy. The failure is
structural: the catastrophic failure penalty is a sparse terminal reward, while the cost of
every preventive action is paid immediately. When the credit for avoiding a future system
failure must be propagated backward through hundreds of single-step updates, the discounted
contribution of the terminal penalty becomes negligible relative to the immediate maintenance
cost, and the greedy policy learns to avoid all interventions. This pathology is well-known
for value-based RL with sparse, long-horizon rewards and factored credit assignment.

To circumvent this difficulty, we restrict the policy to a compact parameterized class and
optimize it directly at the episode ? level using the CEM, which evaluates each candidate
policy by its total cost over complete simulation episodes and is therefore immune to the
credit-assignment problem. Here, although the learned maintenance policy may exhibit
a simpler structure, this parameterization enables a direct and transparent explanation
of the optimization results. We restrict the agent to a compact, human-interpretable
policy class parameterized by a vector 8 = (61, ...,0,)€[0,1.5]". Given observation o, =
(4i+, ci¢/maxRUL;)?_,, the action for component i is:

replace; if ¢; + = faulty,,

beginRep; if /; ; = faultless;, —t—>0;, ®)

mo(0t)i = and VK; 3 i: (K;\ {i}) € Down,

wait otherwise,

where the third condition on the beginRep, branch is the subsystem-safe predicate: it blocks
any preventive action that would complete a minimal cut set and immediately trigger a system
failure. Formally, it requires that, for every cut set KC; containing 4, at least one component
of KC; other than 7 is still available (not in Down;). The policy has only n continuous
parameters, one per component, interpretable as an age-fraction threshold: component ¢
is sent for preventive repair as soon as its normalized degradation ¢;;/maxRUL; reaches
0;, provided the action is architecturally safe. By construction, the policy provably never
triggers a preventive action that would by itself cause a system failure.

The search domain is clipped to [0, 1.5]™ rather than [0, 1]”. Any 6; >1 encodes the “never
trigger preventive maintenance on component ¢” sub-policy: the invariant ¢; ; <maxRUL; on
location faultless; (Figure 2) prevents ¢; ;/maxRUL; from ever exceeding 1 while G; remains
in faultless;, so the beginRep, branch is never reached. Allowing values above 1 lets CEM
discover that forgoing preventive maintenance is sub-optimal for components in tight cut sets,

while it may be cost-efficient for components protected by abundant k-out-of-n redundancy.

2 An episode is a simulation of S over the fixed horizon T', terminating either at t = T or when M enters
failed, whichever comes first.
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Algorithm 1 CEM optimization of the threshold policy (8).

Data: DPTGA simulator S; population size Np; elite fraction p; number of
generations Gen; episodes per candidate K; g, oo
Result: Optimal threshold vector 0*.
1 Initialise p<—py, o<+o0oyp;
2 for gen=1,...,Gen do
3 Sample 8V, ... oWN») ~N(u,diag(a?)) and clip each entry to [0,1.5];
4 for k=1,...,N, do
5 L JH) %Zil Ctota](ﬂ-e(k);w‘gen’kﬁe) ; // avg. cost over K episodes
with different RUL draws wgen ke

6 Id + indices of the [pN,] candidates with lowest J(*);
k

7 NFﬁZkelde( )

8 aestd({é’(k)}kem) +¢€;

9 return 0* < u;

Because 7y has only n parameters and the cost landscape is noisy but smooth, we optimize
6 with the CEM (Algorithm 1). At each generation gen, CEM samples N, candidate vectors
from a diagonal Gaussian N (g, diag(ag)) and evaluates each candidate by its average total
cost J(A®)) over K simulated DPTGA episodes. Each episode is identified by a random seed
wg.k,e that encodes all stochastic draws of the simulation — in particular the hidden failure
deadlines sampled uniformly in [minRUL;, maxRUL;] for each component i — so that averaging
Chotal (7r9<k); wg’k,e) over e = 1,..., K yields a Monte-Carlo estimate of the expected cost
defined in Eq. (7). CEM then retains the [pN,] elite candidates with the lowest cost and
refits the Gaussian to these elites. Since the cost is evaluated at the episode level, CEM
bypasses the credit-assignment difficulty that defeats step-level value-based RL.

Regarding the scalability of the approach, the temporal complexity of CEM is in N, x
Gen x K. Note that, as it is a simulation-based algorithm, the simulator S does not require
the explicit computation of the composition Gy || ... || Gn|| M but only simulates some runs
from it. It means that the space complexity of the algorithm is linear with the number of
components n. The quality of the result is then based on a proper selection of N, and Gen
that depends on the simulation space defined by S.

6 Case Study and Results

6.1 Experimental Setup

We consider a multi-component system comprising seven distinct components, denoted A
through G. The functional architecture of the system is shown in Figure 4. The system fails
as soon as either subsystem 1 (A AND B down) or subsystem 2 (any 4 of 5 components in
{C,D, E,F,G} down) is realized. These failure conditions induce the system minima cut
sets which can be extracted with several classical algorithms as explained in Section 3.2. The
component parameters used in this case study (RUL bounds, maintenance durations and
cost coefficients) are reported in Table 1.

The CEM-trained policy is benchmarked against three traditional strategies. Corrective
maintenance triggers a replacement only after a component has failed. Periodic maintenance
triggers a preventive intervention round-robin over the components every 60 time units
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Subsystem 2

Subsystem 1

Figure 4 Functional architecture of the studied system.

Table 1 Component parameters.

ID minRUL maxRUL Ocomp trep trepl Crep_rate Orep_ﬂx Orepl_ﬂx

A 120 200 200 10 15 30 50 100
B 130 170 180 5 8 20 40 80
C 120 250 190 8 12 25 45 90
D 100 180 110 6 10 15 30 60
E 150 220 120 7 11 20 35 70
F 130 200 120 7 11 20 35 70
G 90 140 90 6 10 15 30 60

(that is an empirically chosen interval intended to reflect the cost impact of systematic
maintenance), regardless of degradation level. Condition-based maintenance is a threshold
heuristic that triggers a preventive intervention as soon as ¢; > minRUL,;.

The time horizon is T' = 1200, the early-failure threshold T,s = 1000, the base failure
penalty 10000 with an additional 10 000 when the system fails before Tis. The CEM agent is
trained with Gen =20 generations, a population of N, =20, an evaluation budget of K =10
episodes per candidate, and elite fraction p=0.25. Initial parameters are p,=0.71,, and

09=0.251,,. Training takes ~72 s on a single CPU core, including 4 000 stochastic episodes.

The four strategies are evaluated on a fresh batch of 800 independent episodes sharing the
same seed offset to remove between-policy variance (2000 episodes for the final reported
numbers). Costs are reported as means, standard deviations, medians and 95" percentiles;
survival is the fraction of episodes in which the system remained operational over the entire
horizon.

6.2 Performance Comparison

Table 2 reports the headline metrics. Three observations stand out. First, the corrective and
periodic baselines incur both a higher mean cost and a much lower survival rate (=40%):
under the calibration of Section 4 the catastrophic failure penalty dominates the cost budget
once the system fails before the horizon, and neither corrective nor a 60-step periodic schedule
provides enough preventive throughput to keep the seven components inside their joint safety
envelope. Second, the condition-based policy, in the current setting, is the safe risk-averse
strategy: it achieves 100% survival at a deterministic cumulative cost of 16,135, because
triggering preventive maintenance at ¢; < minRUL; guarantees that no component ever
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Table 2 Comparison of maintenance strategies (2000 evaluation episodes; horizon T'=1200).

Strategy Mean cost Std Median P95 Surv. (%)
Corrective 24176.3 10583.3 30593.2 38002.1 38.3
Periodic 26 625.4 10745.5 324972 40612.9 42.4
Condition-based 16134.8 0.0 16134.8 16134.8 100.0
RL (CEM) 13793.2  2476.0 13537.1 14104.7 98.7

reaches its failure window. It should be noted, however, that this guarantee breaks down
when all components belonging to a minimal cut share the same minRUL value: in that
specific configuration (that we avoid intentionally), their preventive actions are scheduled
simultaneously, the system crosses a failure cut before any intervention can be achieved, and
the survival rate of this policy collapses to 0%.

Third, the CEM-trained threshold policy attains a mean cost of 13793 and a median
cost of 13537 at 98.7% survival, that is, a 15% improvement of the mean cost and a 16%
improvement of the median cost over the condition-based heuristic. The improvement stems
from the agent exploiting the architectural redundancies of the system: in subsystem 2
where two of five components must remain operational, the agent entirely forgoes preventive
maintenance on component F' (whose learned threshold exceeds 1, see Section 6.3) while
keeping tight schedules for the components that belong to smaller, more dangerous cut sets.
Crucially, the residual failure rate is only 1.3%, and the 95'"-percentile cost of 14 105 is now
close to the median, confirming that the policy essentially eliminates the heavy-tail risk
that would be present in more aggressive parameterizations. The cost—survival trade-off is
therefore Pareto: condition-based is the conservative pole, RL the cost-efficient pole, and the
practitioner can pick one or the other depending on how the failure penalty is weighted by
the operating context. Indeed, for safety-critical applications, a practitioner might increase
the failure penalty (Csr) to steer the CEM policy toward 100% survival. However, within
the current policy class, this parameter heavily penalizes failure but cannot strictly guarantee
survival. A practical solution is a hybrid strategy where the condition-based heuristic acts
as a strict safety fallback: the CEM policy optimizes costs when degradation is low, and
the heuristic overrides it once degradation approaches critical thresholds to ensure survival.
Figure 5 shows the corresponding cost distributions, and Figure 6 shows the cost—survival
trade-off across the four strategies.

Figure 6 summarises the cost—survival trade-off: the CEM policy achieves the lowest
expected cost among the evaluated strategies, whereas the condition-based policy provides
the conservative point with perfect survival. The convergence plot of Figure 7 confirms that
CEM reaches its plateau within twenty generations, well within the training budget reported
above.

6.3 Policy Interpretation and Validation

The learned threshold vector is
6™ ~ (0.60, 0.75, 0.88, 0.81, 0.81, 1.03, 0.88), (9)

which translates into the per-component preventive triggers reported in Table 3. Three
observations:
Component F' receives the highest threshold (7 = 1.03 > 1), which lies above the
domain ceiling: the invariant cp < maxRULg forces Ap out of the faultless location
before ¢p/maxRULg can reach 1.03, so preventive maintenance on F' is never triggered.
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Cost distribution per maintenance strategy
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Figure 5 Cumulative-cost summary over the horizon 7'=1200. Markers show the mean and
median costs reported in Table 2; vertical intervals show the empirical standard deviation and the
95" percentile.

Table 3 Learned per-component preventive triggers (age-trigger, = 67 - maxRUL;).

Component 67 maxRUL; age-trigger, minRUL;

A 0.60 200 120 120
B 0.75 170 128 130
C 0.88 250 220 120
D 0.81 180 146 100
E 0.81 220 178 150
F 1.03 200 >200 130
G 0.88 140 123 90

Because F belongs only to the larger four-component cuts of subsystem 2, the k-out-of-n
redundancy makes proactive intervention on F' unnecessary: allowing it to fail correctively
is cheaper than the maintenance overhead it would incur.

The remaining components (C, D, E, G) receive thresholds in the range 0.81-0.88, all
above their respective minRUL; /maxRUL; ratios. The policy therefore consistently delays
preventive maintenance beyond the local condition-based trigger whenever the subsystem
retains sufficient spare redundancy.

The policy is architecture-aware: it does not apply the same margin to all components. It
anticipates maintenance on the tight {A, B} cut set, entirely skips preventive maintenance on
F thanks to the k-out-of-n redundancy, and allows the remaining components in subsystem 2
to age beyond the local condition-based trigger when the subsystem still has sufficient spare
capacity.

To rule out an implementation artefact, the simulator was instrumented to log every
preventive trigger fired by the CEM policy across 50 independent episodes (a total of 60000
time steps). The subsystem-safe predicate of Eq. (8) was satisfied at every single firing: the
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Cost vs. survival trade-off across maintenance strategies
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Figure 6 Cost-survival trade-off across the four strategies. The CEM policy strictly dominates
the corrective and periodic baselines, and forms a Pareto frontier with the condition-based heuristic.

agent never triggered a preventive maintenance that would itself bring the system below the
failure boundary. The 1.3% residual failure rate is therefore due solely to the stochastic RUL
sampling — adverse draws in which two components of the same minimal cut set fail before
either of them has reached its CEM threshold — not to a violation of the designed safety
constraint.

The deterministic cost incurred by the condition-based policy was cross-checked against
the closed-form per-component cycle cost predicted by Eq. (3). The analytical sum of ~16 135
matches the empirical 16 135 to within 0.1%, confirming that the updated cost parameters
are mutually consistent. The simulator and the cost model are therefore in agreement.
Overall, the CEM policy leverages the architectural redundancies revealed by the minimal
cut sets in a way that the purely local condition-based rule cannot: components belonging
to the tightest cuts trigger preventive maintenance earlier (or before their failure window
opens, as with component B), while components shared by many large cuts in the k-out-of-n
block are either allowed to age further before any intervention or, in the extreme case of
component F', left to fail correctively because the subsystem redundancy makes proactive
maintenance economically sub-optimal.

7 Conclusion and perspectives

We presented a full pipeline that synthesizes a predictive maintenance policy for a multi-
component system from its functional architecture. Components and the System Health
Monitor are modeled as a network of priced timed game automata, and the model semantics
is reproduced verbatim by a lightweight explicit-state simulator that bypasses the state-space
explosion of a model-checking back-end. On a seven-component case study, this enables a
population-based policy search (CEM) over a compact, interpretable threshold policy with
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Figure 7 Cross-Entropy Method training curve. The mean of the elite population converges
within twenty generations, confirming that the seven-dimensional threshold space is well-conditioned
for population-based search.

one parameter per component. The learned policy reaches a mean cumulative cost of 13793
and a median of 13537 at a 98.7% survival rate, improving on the best rule-based strategy
by 15% in mean cost and 16% in median cost, and strictly dominating the corrective and
periodic baselines on both cost and reliability. The 95'"-percentile cost of 14 105 confirms
that the policy nearly eliminates the heavy-tail failure risk. A key interpretive finding is that
the agent learns to forgo preventive maintenance entirely on component F', relying instead
on the k-out-of-n redundancy of subsystem 2, while maintaining tight schedules for the more
critical cut-set members. The condition-based heuristic and the CEM policy form a Pareto
frontier in the cost—survival plane, leaving the practitioner the freedom to pick the operating
point that best fits the failure-cost ratio of the asset under management.

This work is preliminary and opens several directions for future research. i) The current
cost model assumes that the residual value of a component decreases linearly with its
degradation clock and that every maintenance action restores the component to an as-good-
as-new state. Both assumptions are standard but debatable. On the one hand, alternative
economic depreciation models (declining-balance, sum-of-years-digits) could better capture
the non-linear loss of asset value in practice. On the other hand, the hypothesis of perfect
maintenance could be relaxed, for instance, by adopting the Kijima model [13], in which
a repair of type I reduces the effective age of the component by a fraction of the elapsed
degradation, or a repair of type II resets the age of the entire system. Embedding a
Kijima-type imperfect maintenance model into the DPTGA transitions would make the cost
structure richer and the learned policy more realistic. ii) The DPTGA network introduced
in Section 4 has not yet been studied from a formal verification standpoint. Questions of
decidability (is the optimal maintenance strategy computable?) and complexity (what is
the state-space growth with the number of components and clocks?) remain open and the
statistical evidence reported in Section 6 should be complemented. iii) In the present work,
the RUL intervals [minRUL;, maxRUL;] are fixed parameters shared across all episodes. Real
PHM pipelines, however, produce predictions whose uncertainty varies over time: the interval
narrows as the component ages and the prognostic model accumulates observations. Given
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the computational efficiency of the CEM approach, the optimization could simply be re-run
at each prognostic update. Alternatively, assuming successive prognostic predictions remain
relatively stable, the existing policy could be efficiently fine-tuned rather than recalculated
from scratch. Another extension is to train a deep reinforcement learning agent that receives
the current RUL interval as part of its state, so that the policy can adapt online to the
instantaneous quality of the predictions. This would replace the static threshold class of
Section 5 with a neural controller capable of exploiting time-varying prognostic confidence,
at the cost of interpretability.
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Statistical Foundations of Local Geometric Fault
Detection: The Curvature Channel

Gregory Provan &
School of Computer Science and IT, University College Cork, Ireland

—— Abstract

Geometric and topological methods have recently emerged as a promising approach to fault detection

in hybrid and cyber—physical systems. Unlike classical residual-based methods, which detect
violations of a parametric model, geometric methods monitor changes in the local structure of
trajectories through quantities such as intrinsic dimension, smoothness, tangent-cone geometry, and
consistency with physical constraints. Despite encouraging empirical results, there is currently no
theory characterising when such geometric signatures are detectable, distinguishable, or reliable
under noise. This paper develops a statistical theory of local geometric fault detection, with a
focus on curvature-based approaches. We study faults detectable by displacement in a curvature
signature space, and derive the noise floor of geometric estimators based on finite differences and
local neighbourhood averaging. The resulting estimator variance scales as oese = O(0/(At*Vk)),
exposing the fundamental trade-off between sampling rate, noise level, and neighbourhood size.
Using this noise model, we derive geometric analogues of the classical detectability and isolability
conditions of fault-detection theory, expressed directly in terms of separation in signature space. We
further prove an exclusion result showing that a broad class of smooth parametric faults cannot
activate curvature-based geometric channels, yielding a form of label-free fault-class identification.
These results lead to a practical pre-deployment assessment procedure that determines, from nominal
data alone, whether a curvature-based fault detector is expected to achieve a specified false-alarm
rate, detection probability, and isolation capability. The theory thereby places local geometric fault
detection on the same statistical footing as classical residual-based diagnosis while clarifying its
distinctive strengths, limitations, and operating regime.
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1 Introduction

Fault detection has traditionally been formulated as the problem of identifying statistic-
ally significant deviations from a nominal model. Classical approaches include analytical
redundancy relations, observer-based residual generation, parity-space methods, generalized
likelihood ratio tests, and Bayesian state-estimation techniques. Although these methods
differ in representation and implementation, they share a common principle: fault inform-
ation is extracted through a residual measuring disagreement between observations and a
parametric model of the system.

Over the last decade, a different view has begun to emerge. Rather than monitoring
model mismatch, one may monitor the geometry of the observed trajectory itself. Hybrid
systems, switched systems, and many cyber—physical systems naturally generate trajectories
that lie on unions of locally smooth manifolds with boundaries, intersections, and singu-
larities. Structural faults can alter this geometry even when local algebraic relationships
remain approximately satisfied [4, 8]. Examples include mode-creation and mode-deletion
events, stick—slip transitions, changing guard conditions, loss of smoothness, and changes
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in accessibility between operating regimes. Such phenomena motivate geometric diagnostic
quantities including intrinsic dimension, manifold smoothness, tangent-cone structure, and
consistency of local physical constraints.

Recent work has demonstrated that these geometric quantities can be estimated from
sampled trajectories and can reveal classes of faults that are difficult to detect using traditional
residuals. However, the diagnostic literature currently lacks answers to three fundamental
questions.

1. Detectability. When does a fault produce a sufficiently large change in geometric
signature to be distinguished from estimator noise?

2. Isolability. When are two fault classes sufficiently separated in geometric signature
space to permit reliable classification?

3. Feasibility. Can these questions be answered before deployment, using only nominal
data and a proposed fault taxonomy?

The absence of such results makes it difficult to design geometric detectors systematically.
In practice, neighbourhood size, sampling rate, and detection thresholds are often chosen
heuristically. Consequently, success or failure of a geometric detector may be determined as
much by implementation choices as by the underlying physical system.

This paper develops a statistical theory of local geometric fault detection. Our starting
point is a geometric signature vector ®(p) = (deﬁ’, Kgens KOR 0)7 whose components measure
local dimension, smoothness, tangent-cone structure, and semantic consistency. A fault is
represented by the displacement it induces in this signature space. The central observation
is that geometric estimators are simultaneously affected by two opposing mechanisms: finite
differencing amplifies observation noise, whereas local averaging suppresses it. Quantifying
this balance yields an explicit estimator noise scale that becomes the fundamental quantity
governing all subsequent results.

Building on this noise model, we derive geometric analogues of the classical detectability
and isolability conditions from the fault diagnosis literature. The resulting criteria are
expressed as simple separation conditions in signature space and yield a geometric signal-
to-noise ratio interpretation analogous to that used in residual-based diagnosis. We then
establish an exclusion theorem showing that a broad class of smooth parametric faults cannot
activate curvature-based geometric channels. This result enables a limited but rigorous form
of label-free fault-class identification: certain geometric signatures can exclude entire classes
of faults without requiring fault examples or a dictionary of fault patterns.

The theoretical results lead directly to a practical contribution: a Geometric Feasibility
Assessment procedure that determines whether a proposed detector is expected to achieve a
specified false-alarm rate, power, and class separability. The procedure requires only nominal
data and therefore provides a pre-deployment certification mechanism for geometric fault
detection.

The paper does not propose a new fault-detection algorithm. Instead, it develops the
statistical foundations needed to analyse existing and future geometric detectors in the same
way that classical detectability and isolability theory analyses residual-based methods. Our
aim is to clarify the operating regime of geometric fault detection, identify the conditions
under which it can be expected to succeed, and establish a common language for comparing
geometric and classical diagnostic approaches.

Contributions. The main contributions are:
1. A derivation of the noise floor of local geometric estimators, showing

g
es =0|——=).
Test <At2\/ﬁ)
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2. A geometric detectability theorem relating fault detectability to separation in geometric
signature space.

3. A geometric isolability theorem characterising when fault classes are distinguishable from
geometric observations alone.

4. An exclusion theorem showing that smooth parametric faults cannot activate curvature-
based geometric channels.

5. A Geometric Feasibility Assessment procedure that translates the theory into a practical
pre-deployment design workflow.

2 Preliminaries

This paper studies fault detection using local geometric properties of measured trajectories.
Before introducing detectability and isolability results, we define the observation model,
geometric measurement field, and signature representation used throughout.

2.1 Hybrid-System Observations

Let z(t) € X denote the state trajectory of a dynamical system. We assume observations
are available through a sensor map O : X — RP, giving measurements y(t) = O(x(t)) + €(t),
where €(t) ~ N(0,Y) is observation noise.

In classical fault detection the diagnostic signal is typically a residual r(t) = y(t) — §(¢),
constructed from a model prediction. The geometric approach considered here replaces
residuals by local geometric descriptors extracted directly from the observed trajectory.

2.2 Local Neighbourhoods

Let y; := y(t) denote a sampled observation. For each sample we define a local neighbourhood
Ni(yt) = {yty,--- Yz, }, consisting of the k nearest observations under a chosen distance
metric.

All geometric quantities in this paper are computed from such neighbourhoods. Conse-
quently the approach is local and does not require a global model of the state space.

2.3 Geometric Measurement Fields

» Definition 1 (Geometric Measurement Field). A geometric measurement field is a map
M : RP — R" that converts a local neighbourhood into a collection of geometric descriptors.

The canonical field used in this work is

M(yt) = (deﬁ(yt)a ﬁgen(yt)a KOR(yt)a C(yt))7

consisting of:
degr: local intrinsic dimension estimated from PCA eigenvalue structure;
Kgen: smoothness or curvature residual measuring departure from a locally smooth chart;
KOR: tangent-cone splitting statistic measuring local multi-directionality;
C': semantic-consistency score measuring violation of local physical laws or constraints.

These quantities define a geometric analogue of the residual vector used in classical fault
diagnosis.

DX 2026
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System State Measurements Local Geometry Measurement Field Signature Space
x(?) y(t) = O(x(t)) + €(¥) Nie(r) M(ye) [

Detectability e Noise Scale | Isolability
Theorem 13 Proposition 6 Theorem 14
Figure 1 Conceptual framework of local geometric fault detection. The observed trajectory is

transformed into a local geometric signature. Proposition 6 characterises the estimator noise floor,
which in turn determines the detectability and isolability conditions of Theorems 13 and 14.

2.4 Geometric Signature Space

The output of the measurement field is called the geometric signature:
® = (deff7 Kgen, KOR; C) €5,

where S C R* is the signature space.

A nominal operating condition corresponds to a region ®(v) € S, while a fault ¢ induces
a displaced signature ®(¢p).

The central question of this paper is the geometric detectability problem:

» Definition 2 (Geometric detectability problem). When is the displacement | ®(¢) — ®(v)||
large enough to be distinguished from estimator noise?

2.5 Fault Classes

We distinguish between two broad categories of faults.

» Definition 3 (Parametric fault). A parametric fault modifies parameters of the underlying
dynamics while preserving the qualitative geometry of the trajectory. Ezamples include
coefficient drift, gain changes, and smooth degradation processes.

» Definition 4 (Structural fault). A structural fault changes the local geometry of the trajectory,
such as its smoothness, dimension, accessibility structure, or constraint consistency. Examples
include stick—slip transitions, mode creation, guard perturbations, and topology-changing
events.

The purpose of the geometric measurement field is to detect structural faults through
changes in signature space.

2.6 From Observations to Decisions

The complete information flow studied in this paper is
x(t) = y(t) = Ni(yr) = M(y:) = @(y+) — fault decision.

Sections 3-5 analyse the statistical properties of this pipeline and derive conditions under
which faults are detectable and distinguishable.

3 Geometric Detectability and Isolability

This section states the condition under which the geometric approach succeeds, proves
it, relates it to the classical parametric results it generalises, and turns it into a decision
procedure a practitioner can run before deployment. We are explicit at the outset about
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what is and is not new: the condition is the geometric instance of a well-established family of
detectability /isolability results [1, 2, 3, 5]. Its novelty lies not in its form but in the signal it
applies to (a geometric invariant rather than a model residual) and in the specific noise scale
that differentiation and local averaging induce. We denote the geometric approach defined in
this section as Geometric Model-Based Diagnosis (GMBD).

3.1 Setup

We define a cause-to-symptom map using @5, = Opso(physics) : C — Sy, with v the nominal
cause. For GMBD, O, is the geometric field and the symptom space is the signature vector

@(¢) = (dcffv Kgen, ROR» C)(¢) S c R4~ (1)

Observation is noisy, y = O(x) + ¢, e ~ N(0,X), ¥ = 021, sampled at interval At, with the
field estimated from neighbourhoods of k£ samples in d dimensions. Write ® for the estimated
signature.

» Definition 5 (Estimator noise scale). oest(k, 0, At) is the standard deviation of ®(v) about
its mean on nominal data: the radius of the nominal ball in signature space.

3.2 The noise scale of a geometric estimator

The distinguishing quantitative feature of the geometric approach is that its invariants are
differential: they are built from finite differences of the observed trajectory, which amplify
noise, and from local averages over k neighbours, which suppress it. These two effects
compose.

» Proposition 6 (Geometric noise scale). For the curvature channel Kgen, computed as a
windowed second difference over neighbourhoods of k samples,

Co
A2k

i.e. linear in the observation noise o, quadratically amplified by the sampling interval, and

Oest(k, 0, Al) =

(1+0(1)), C=0(1), (2)

suppressed as kY2 by local averaging.

Proof. Let y; = a¢ + ¢; with & ~ N'(0,02I;). The second difference is D%y, = (ys1 —
2y + ys—1)/At?. Tts noise component is (e;41 — 2€; + e;_1)/At?, a linear combination of
independent Gaussians with coefficient vector (1, —2, 1), hence

_o?(1,-2,1)[3 _ 602

Var[DQyt] At4 = thﬂ (3)

so a single second difference has noise standard deviation v/6 o /At?: the At~2 amplification.

The estimator averages || D?y|| over a window of k samples. The window terms are weakly
dependent (each € enters three consecutive second differences), so the effective number of
independent terms is k/cq for a constant ¢y < 3; by the central limit theorem for m-dependent
sequences the standard error of the window mean is ,/cq times that of the independent case,
giving standard deviation v/6¢co o /(At>Vk). Setting C' = /6cg yields (2). The o(1) absorbs
the curvature of the true trajectory, which contributes a deterministic offset (the signal, not
the noise) and the m-dependence correction, both vanishing relative to the leading term as
o/At? — oo. <

13:5
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» Remark 7 (Empirical confirmation). Both factors in (2) are confirmed on the Cart—Pole.
Sweeping o over three decades at fixed k, the measured nominal floor satisfies ﬁggﬁfeAﬁ/ o=
2.95+0.03, constant as predicted (Fig. 4, left). Sweeping k at fixed o, the product Sd(ligen)\/E
is constant at 127 + 1 for k € [40, 160], confirming the k~/2 law. The measured coefficient

of variation falls 0.091 — 0.047 as k : 40 — 200, consistent with k—1/2.

3.3 Identifiability of causes: an image/fibre condition

Theorem 14 will give a statistical condition for separating fault classes at a given noise
level. Before that, it is worth isolating the information-theoretic question underneath it:
are the classes distinguishable even in principle, with noise set aside? The two questions
have different answers and different remedies, and conflating them is a common source of
confusion — a limit that no estimator can beat is a different object from a limit that more
data would fix.

Fix a detector M with observation map Oj; and let

Dy = Oy o (physics) : C — Sy (4)

be the induced cause-to-symptom map from the space of causes C (faults, together with the
nominal cause v) to the detector’s symptom space Sys; for the geometric detector, Sy is
the signature space of (1). Let ~ denote the diagnostic equivalence on C: ¢ ~ ¢’ when the
application does not require the two causes to be told apart, and write [¢] for the class of ¢
and C/~ for the set of classes. A decision rule is a measurable map § : Sy — C/~, possibly
randomised, in which case d(s) is a probability distribution on C/~.

The following definition names the only structure that matters.

» Definition 8 (Fibre purity). The fibre of ®pr over s € Sar is 3} (s) = {¢p € C: Dps(¢) = s}.
The fibre is pure if it meets evactly one ~-class, i.e. if ¢, ¢' € &3, (s) = ¢ ~ ¢'. The map
®,s has pure fibres if every fibre over a point of its image Im ® s is pure.

Detection and identification are then governed by two different features of the same map:
detection by its image, identification by its fibres.

» Proposition 9 (Detectability = image separation). In the noiseless setting, a detector M
can decide the presence of a fault ¢ from its symptom alone if and only if ®pr(P) # Ppr(v).
Detection is therefore a property of the image of ®pr: it asks only whether the faulted symptom
1s distinct from the nominal one.

Proof. (<) If ®p(¢) # Par(v), the rule that reports “fault” exactly on Sy \ {®a(v)}
decides correctly at ¢ and at v. (=) If ®pr(¢p) = @pr(v) =: s, then any rule ¢ returns the
same verdict d(s) under both causes, so it is wrong under at least one of them. |

» Proposition 10 (ldentifiability = fibre purity). Consider the noiseless setting, in which the
detector observes s = @ (@) exactly. Then:

(i) (Sufficiency.) If @y has pure fibres (Def. 8), there exists a decision rule 6 with
§(Pprr(p)) =[] for every ¢ € C: the causes are identifiable up to ~.

(i) (Necessity, and impossibility.) If some fibre ®,; (s*) meets two distinct classes
[01] # [@2], then for every decision rule & — deterministic or randomised — the worst-case
error probability over {¢1, P2} is at least 1/2. No rule reading only the symptom can
separate the two causes, at any sample size.

Identification is therefore a property of the fibres of ® ;.
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Proof.

(i) Suppose every fibre over Im @, is pure. For s € Im @y, the set &}, (s) is nonempty
and, by purity, contained in a single class; define d(s) to be that class, and define §
arbitrarily off Im ®,; (such symptoms never occur). The map is well defined precisely
because purity makes the choice unambiguous, and by construction §(®a(¢)) = [¢] for
all ¢.

(i) Suppose ¢1, 2 € @,/ (s*) with [¢1] # [po]. Both causes produce the same symptom s*,
so the rule’s output is the same random variable d(s*) in both cases; it cannot depend on
which of ¢1, ¢ occurred, since the data it reads are identical. Let ¢ = Pr[d(s*) = [¢1]].
The error probability is 1 — ¢ under ¢, and at least ¢ under ¢o (as [¢1] # [p2], reporting
[¢1] is an error under ¢5). Hence

max{Prlerr | ¢1], Prlerr | ¢o]} > max{1—gq, ¢} > 3,

the last step because max{1l — ¢,q} > % for every ¢ € [0,1]. A deterministic rule is
the case ¢ € {0,1}, giving error 1 under one of the two causes. The bound involves
no sample size: the obstruction is that the observation map has already discarded the
distinguishing information, so no amount of data recovers it. |

» Corollary 11 (Detection does not imply identification). A detector may satisfy Proposition 9
for every fault of interest — so that every fault is detectable — while violating Proposition 10,
so that no fault cause is identifiable. Image separation and fibre purity are independent
properties.

Proof. Take C = {v, ¢1, p2} with [¢p1] # [p2] and a map with Ppr(p1) = Pas(pa) = s* #
@,/ (v). Every fault is detectable by Proposition 9, since s* # ®,,(v); but the fibre over s*
straddles two classes, so by Proposition 10(ii) no rule identifies the cause. |

Corollary 11 is not a contrivance: it is the generic situation for geometric detectors,
and the reason is structural rather than incidental. The geometric field reports reqularity
properties of the observed trajectory. Distinct physical mechanisms routinely share those
properties — a seizing friction element and a snapped kinematic link both destroy C” regularity
and so both raise the curvature channel — so their common fibre straddles two cause classes
even though each is comfortably separated from nominal. The geometric detector therefore
detects both and identifies neither. Escaping the conclusion requires enlarging Oy, — an
additional channel (for instance a constraint/law residual, which the snapped link violates
and the seizing friction does not), or an external signature-to-cause dictionary. Neither is a
better decision rule on the same data; both change the data.

» Remark 12 (Fibre purity is the o — 0 limit of isolability). Proposition 10 and Theorem 14
are the noiseless and noisy halves of one statement, and it is useful to see how they compose.
Theorem 14 requires class centroids to satisfy mingr [|®(K) — ®(K')|| > 221_q/2 Test-
Letting oy — 0 — by Proposition 6, the joint limit 0 — 0 or £k — oo — the right-hand side
vanishes and the condition degenerates to ®(K) # ®(K'), i.e. to fibre purity. So:

Fibre purity is necessary but not sufficient for identification under noise. Pure fibres

whose centroids are closer than 2zo.s are statistically inseparable at that noise level,

even though they are information-theoretically distinct.

The two failure modes have different remedies. A violation of Theorem 14 with pure

fibres is a statistical shortfall: raising k shrinks oeg as k~—1/2 and can restore separability,
at a latency cost. A violation of Proposition 10 is an information-theoretic obstruction:
no k, no sample size, and no estimator improvement helps, because the observation map

has already collapsed the classes.

DX 2026
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The practical import is that the two must be checked in order. Verifying fibre purity is a
modelling question about ®,;, answered from the fault taxonomy; verifying the isolability
margin is a statistical question, answered from nominal data. A detector that fails the first
cannot be rescued by the procedure of Section 3.7.

3.4 Detectability and isolability

With the noise scale in hand, the conditions follow from a standard separation-of-balls
argument.

» Theorem 13 (Geometric detectability). Fiz a false-alarm level o and let z = z1_o be
the corresponding Gaussian quantile. A fault ¢ is detectable by the geometric field with
false-alarm rate at most o and power at least 1 — 3 if

||<I>(¢)) = <I>(1/)|| > (21—a + 21-8) Oest(k, 0, At). (5)
—_——

signature displacement

Define the geometric SNR SNR,(¢) := || ®(¢) — ®(v)||/0est; detection succeeds iff SNR,
exceeds the required z-sum.

Proof. Under the nominal cause, ®(v) concentrates about ®(v) with scale oes (Prop. 6);
a threshold placed at ®(v) + z1_q0es therefore has false-alarm rate a. Under ¢, ®(¢)
concentrates about ®(¢) with the same scale (the estimator’s variance is a property of the
noise and window, not of the cause). The test has power > 1 — g iff the faulted mean exceeds
the threshold by at least z1_g0est, i.€. iff || ®(¢) — (V)| > (21— + 21-3)0est, Which is (5). <«

» Theorem 14 (Geometric isolability). Two cause classes K # K’ are distinguishable by the
geometric field at level o if

O(K)—(K')|| > 221_a/2 Oest(k, 0, At), (6)

min |

K#K'
i.e. the class centroids are separated by more than the sum of their confidence radii. If (6)
fails, the classes’ fibres overlap at resolution oes, and, by Proposition 10, no decision rule
reading only the signature can separate them.

Proof. Each class occupies a ball of radius z;_,/20est about its centroid at confidence
1 — a. Two such balls are disjoint iff the centroid distance exceeds the sum of radii,
221_q/200st- Disjointness gives a decision rule (nearest centroid) with error < a; overlap
means some signature is consistent with both classes, so the fibre ®~!(s) straddles classes
and Proposition 10 applies. |

» Remark 15 (Measured separability). On the Cart-Pole at o = 1072, measured centroid
distances divided by pooled within-class spread are: nominal vs. topological 8.11; parametric
vs. topological 4.66; nominal vs. parametric 1.81. The first two comfortably exceed the
factor-of-2 requirement of (6); the third does not, correctly predicting that nominal and
weak parametric faults are the confusable pair — as observed (parametric detection rate 0.83
against a topological rate of 1.00).

3.5 Relation to classical parametric results

Conditions (5) and (6) are not a new kind of result. They are the geometric instance of
the classical FDI detectability /isolability theory, and stating the correspondence precisely is
both honest and useful.
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Table 1 The geometric conditions and their classical parametric counterparts. The form is
shared; the signal and the noise scale differ.

Concept Classical (parametric) Geometric (this work)
Signal residual displacement |G, ¢f|| [2, 3] signature displacement |®(¢) —
(1l
Noise scale innovation covariance S = HPH'+Y%  ogest = Co/(At*Vk) (Prop. 6)
[10]
Detectability ~ GLR noncentrality A = ' S ' [1]  SNRy > 21— + 21— (Thm. 13)
Isolability signature columns differ; ||Gry, — ming g ||P(K) — ®(K')|| > 220est
Gy, ll > 27 [5, 6] (Thm. 14)

Table 1 makes the parallel exact. The classical GLR detectability criterion is that the
noncentrality parameter A = ' © 711 of a non-central y? statistic be large [1]; Theorem 13
is the same statement with p replaced by the signature displacement and 3 by 02,I. The
classical isolability condition of Gertler and Massoumnia — distinct fault signature columns,
quantitatively separated by more than twice the detection threshold [5, 6] — is Theorem 14,
with the same factor of two arising for the same reason (two confidence balls must not

overlap).

Novelty.

1. The signal is model-free. Classical |G, f| requires the fault-to-residual transfer,
hence a parametric plant model and a fault entry matrix. The signature displacement
requires neither: it is computed from the trajectory alone. This is why the condition
remains meaningful for unmodelled faults, where G, is undefined.

2. The noise scale is derived, not assumed. Classical treatments take ¥ (or S) as given
by the sensor model. Proposition 6 derives the geometric estimator’s noise scale from first
principles, and the derivation exposes the geometric approach’s characteristic weakness:
the At~2 amplification is intrinsic to differential invariants and has no counterpart in
residual methods, which is precisely why the geometric edge erodes under heavy noise.

3. One condition covers detection and class-identification. Because the geometric
fault taxonomy is defined in the signature space itself, Theorems 13 and 14 are the same
inequality at two scales. In classical FDI detectability and isolability require separate
analyses.

3.6 Which labels can be assigned without data?

Theorem 14 says when classes are separable; it does not say which class a region of signature
space corresponds to. That is the labelling question. The honest answer is narrower than
one might hope, but it is quantitative and checkable, and — like the rest of the theory — it is
governed by gegt.

The intuition is that a smooth parameter change deforms the trajectory smoothly, so it
should not manufacture the curvature blow-up that the kgen channel is built to detect. That
intuition is correct but must be made quantitative: smoothness bounds the curvature, and a
bound is not the same as staying below a particular calibrated threshold.

» Definition 16 (Curvature sensitivity). Let © C R? be compact and let fy be jointly C"
(r>2)in (x,0) on X x ©. Write kgen(0) for the population curvature channel induced by
parameter 0 (the noiseless value of the estimand). The curvature sensitivity of the family is

L = sup HV@ /@gen(e)H < o0. (7)
6eo

13:9
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Finiteness in (7) is not an assumption but a consequence: by smooth dependence of solutions
on parameters, 6 — Kgen () is C™ !, hence C', and a continuous function on a compact
set attains a finite supremum. The content of L is that it is a single scalar summarising
how strongly the family’s curvature responds to parameter motion, and — crucially for
the assessment procedure of Section 3.7 — it is estimable from nominal data by parameter
perturbation, without any fault data.

» Theorem 17 (Quantitative parametric exclusion). Let fy be jointly C" (r > 2) in (x,0)
on X x © with © compact, let L be as in Definition 16, and let the curvature threshold be
calibrated at level o as Tsmooth = ﬁgen(ﬂnom) + 21_q Oest- Define the exclusion radius

21— Oes
Pexcl = % (8)

Then every parametric fault Onom — 0" with ||6" — Onom|| < pexcl Satisfies Kgen(0") < Tsmooth
it cannot fire the curvature channel. Contrapositively,

Kgen fires = the fault is not parametric, or ||6' — Onom| > pexcl- (9)

Proof. By Definition 16, kgen is C* in 6 on the compact set © with gradient bounded by L.
Taking © convex (or replacing || - || by the induced geodesic distance in ©), the mean value
inequality gives, for every 6’ € O,

|Kgen(8') = Kgen(Bnom)| < L1 = Onom|-
If |10 — Onom|| < Pexcl = 21—a0Test/L then the right-hand side is < 21_40cst, SO
Kgen(0) < Kgen(Onom) + 21-aTest = Tsmooth
i.e. the channel does not fire. Statement (9) is the contrapositive. |

» Remark 18 (Why the unconditional claim is false). Boundedness excludes a curvature blow-up;
it does not exclude a crossing of a fixed finite threshold. A counterexample is immediate: for
& = —0z with 6 € [0.1,100] — jointly C°° on a compact set, so squarely within the hypotheses
— the solution z(t) = xge % has |#| ~ 6220, which grows from ~ 1072 at § = 0.1 to ~ 4 x 103
at 6 = 100. Any threshold calibrated at 8 = 0.1 is exceeded by five orders of magnitude at
6 = 100.

» Remark 19 (What the exclusion rule buys, and what it costs). Theorem 17 is falsifiable: a
parametric fault with ||0' — fnom|| < pexcl that fires rge, would refute it. The cost is that
only excursions inside the ball are excluded; the benefit is that peyxc is computable from
nominal data.

» Corollary 20 (Exclusion is a k-lever, like detection). Under Proposition 6, pexcl = 21—a0est/ L=
21_oCo /(L At>VE). The exclusion radius therefore shrinks as k='/2: a larger neighbour-
hood sharpens detection but narrows the range of parameter excursions that can be provably
excluded.

Proof. Substitute (2) into (8). <

Corollary 20 exposes a trade-off invisible to the unconditional claim: detection and exclusion
pull k£ in opposite directions. A detector tuned for maximal sensitivity has the weakest
exclusion guarantee, because a tighter nominal ball is crossed by smaller parameter motions.
This is a design consideration, not a defect, and it is the kind of statement the quantitative
form makes available.
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» Remark 21 (Empirical check on the Cart-Pole). The theory can be checked on the testbed
of Section 5.1. Estimating L from nominal data by perturbing the smooth-parametric family
and finite-differencing the curvature channel gives L ~ 4.8 (in severity ! units), against a

nominal ball of e & 11.1; at @ = 0.05 (2 = 1.645),

1.645 x 11.1

~ 3.8 severity units.
48 Y

Pexcl =
The experiments sweep severity over [0, 1], which lies entirely inside the exclusion ball — by
a factor of ~ 3.8. Theorem 17 therefore predicts that the curvature channel cannot fire
anywhere in the tested range, and it does not (Section 5.4). This is the correct reading of
that experiment: it confirms a prediction of the quantitative theorem within its stated radius.
It is mot evidence for an unconditional claim, since a single parametrisation swept inside its
own exclusion ball cannot test a statement quantified over all smooth parametric families.

Theorem 14 is the engine of label-free identification, and it is worth being precise about
why it is not vacuous. It is an exclusion rule: it licenses the inference “kgey, fired, therefore
not parametric” with no fault data whatsoever, and it is falsifiable — a sufficiently severe
parametric fault firing kgen would refute it. The severity sweep of Fig. 2 (left) tests exactly
this: across the full parametric severity range the geometric channel remains flat. The
prediction survives.

» Remark 22 (The limit of analytic labelling). Theorem 14 labels a geometric class, not a
physical cause. Distinguishing stick—slip from a snapped link requires an additional channel
or a learned dictionary; the class verdict itself needs no labels.

3.7 A decision procedure for the practitioner

The conditions above are checkable on nominal data alone, before any fault occurs. This
yields a concrete pre-deployment procedure.

1. Estimate the nominal ball. From fault-free data, compute d over many windows
and take e as its standard deviation (Def. 5). Verify the scaling of Prop. 6 by halving
k: 0est should grow by /2. If it does not, the noise is not the dominant term and the
analysis below does not apply.

2. Set the threshold by calibration, never by a fixed constant. Take 7 = ®(v) +
Z1—a0est With z chosen for the required false-alarm rate. A fixed normalised threshold is
not portable across k or o.

3. Compute the required displacement. From Theorem 13, the smallest detectable
fault has signature displacement (z1_o + 21-8)0es;. Translate this into physical units for
the application: if the smallest fault of concern produces a smaller displacement, GMBD
will not detect it, and no threshold tuning will help.

4. Check isolability. If cause-level classes are needed, verify ming g ||®(K) — ®(K')|| >
22045 using either physics-derived class centroids or a small labelled sample. If it fails,
the classes are not separable at this resolution: report the equivalence class rather than a
single label.

5. Choose k. Increase k to shrink ces o k~1/2 until either the SNR condition is met or
detection latency (kAt) becomes unacceptable. This is the only free lever, and it trades
sensitivity against latency.
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Table 2 When to use geometric versus a classical parametric method. The rows are decidable
from nominal data plus the fault taxonomy, before deployment.

Situation Recommendation

Accurate parametric model available; fault is Classical (ARR/observer/GLR). Kgen prov-

a coefficient drift ably cannot fire Theorem 14); GMBD is blind
by design.

Fault catalogue enumerable and small; need Hybrid observer / switching estimator.
mode identity or & Supplies identity, state, and prognosis

Fault changes the observation map (dropped Structural / Reiter. Geometric can be blind
sensor, lost constraint) to observation-map changes (Sec. 2.5).

Structural change unanticipated or catalogue =~ Geometric. The only option that fires for
open-world; SNR, condition holds unmodelled topology at M-independent cost.

High noise, low severity: SNRgy < z1—o +21—3 Neither, as configured. Increase k (latency
cost), reduce At, or use a probabilistic method
that models ¥ explicitly.

Need a named physical cause Geometric + dictionary, or Reiter. The
class verdict is label-free; the cause is not

The honest scope statement. Theorem 13 explains why the Cart—Pole succeeds and warns
against over-generalising from it: a stick—slip kink produces a large signature displacement
relative to oegt, i.€. the example is high-SNR. Real deployments need not be. The contribution
of this section is therefore not a claim that the geometric approach works, but a precondition
that decides whether it will, computable from nominal data before any fault is observed —
together with the At=2 term of Prop. 6, which identifies exactly the regime (fine sampling,
high noise) in which it will not.

4  Applying the Geometric Approach

4.1 Geometric Feasibility Assessment (GFA)

Theorem 13 gives a detectability condition and Theorem 14 gives an isolability condition.
Together they yield a practical pre-deployment procedure that determines whether a geometric
approach is likely to succeed for a given operating regime. The procedure requires only
nominal data and a fault taxonomy expressed in geometric signature space.

Algorithm 1 provides pseudo-code for determining Geometric Feasibility Assessment.

» Theorem 23 (Correctness of GFA). Let Algorithm 1 be applied to a geometric measurement
field. Then:

1. If np > 1, every fault satisfying | ®(p) — @(V)|| > Jexpected s detectable with false-alarm
rate at most o and power at least 1 — (5.

2. If ny > 1, all fault classes represented by {®(K;)} are pairwise isolable at confidence level
1—-a.

3. If either inequality fails, no threshold choice can guarantee the corresponding performance
level under the assumed noise model.

Proof. The detectability claim follows directly from Theorem 13. The isolability claim follows
directly from Theorem 14. Failure of either condition implies overlap of the corresponding
confidence balls in signature space and therefore violates the sufficient conditions established
by those theorems. <
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Algorithm 1 Geometric Feasibility Assessment (GFA).

Input: Nominal trajectory data Dyom; desired false-alarm level «; desired power
1 — f3; candidate neighbourhood sizes K = {ki, ..., kn }; fault-class centroids
{®(K1),...,P(K,)} (if isolation is required).
Output: Detectability margin np; isolability margin 7;; recommended
neighbourhood size k*; decision DEPLOY/DONOTDEPLOY.
for each k € K do
Estimate the geometric field ® on Drom;

[ S

Compute the nominal covariance Sq (k);

4 | Gest(k) ¢« \/tr(So(k));

w

5 k* < argminy, 0est (k) subject to kAt < Liax;
6 T < 21_q0cst(K*);

7 Omin < (21-a + 21-8)0cst (K*);

8 p & S,

9 if fault-class centroids are available then

10 L i < min,z; |®(K;) — ®(K;)|;

dmin .
] ——— 28—
N 221 _ o 20est (k*)’

12 return DEPLOY if (np > 1) AND (if isolation required, ny > 1), else
DONOTDEPLOY;

» Proposition 24 (Complexity of GFA). Let N = |Dyom| be the number of nominal samples,
dr the geometric signature dimension, and m = |K| the number of candidate neighbourhood
sizes. Then Algorithm 1 admits complexity O(mdrN) for signature evaluation and variance
estimation. If pairwise isolability is evaluated for p fault classes, the additional cost is
O(p?dr). Hence, the complete assessment procedure is polynomial in data size, signature
dimension, and number of fault classes.

5 Implementation and Empirical Validation

The preceding sections make four falsifiable predictions: the noise scale of (2) (Prop. 6); the
detectability condition of Thm. 13; the isolability condition of Thm. 14; and the exclusion
result of Thm. 17. This section tests each on a reference hybrid system. The purpose is
validation of the theory, not a performance claim for any particular detector: the question
throughout is whether the quantities the theory says are computable from nominal data
actually predict what happens when a fault occurs.

5.1 Testbed and implementation

We use a Cart—Pole with state x = (p,p,ﬁ,é) € R*, LQR-stabilised about the upright,
integrated by semi-implicit Euler over 7' = 10s at At = 10~2s. The plant is piecewise-
smooth: free motion, actuator saturation, and a contact/stick—slip regime. Observations are
y=0(z)+e¢ e~N(0,02I).
Two fault families are injected, each with a scalar severity s € [0,1] so the signature
displacement can be swept continuously:
Smooth parametric: a sustained drift of the pole mass together with an unmodelled
additive plant bias, both entering the vector field smoothly. This is the class covered by
Thm. 17.

13:13

DX 2026



13:14

Local Geometric Fault Detection

Table 3 Validation of Thm. 13. oest and the predicted SNRy are computed from nominal data
alone; the detection rate is then measured on held-out faulted trajectories at a threshold calibrated
for a = 0.05. Prediction is “detect” iff SNRy > 21_o + 21-3 = 2.49. Agreement: 12/12.

severity | o oest displacement SNR, predicted measured rate ‘
0.05 [0.01 11.1 620 55.6  detect 1.00
0.05 |0.10 107.7 148 1.38 no 0.33
0.10 |0.01 11.1 1453 130.4  detect 1.00
0.10 |0.10 107.7 533 4.95  detect 1.00
0.15 |0.01 11.1 2301 206.5  detect 1.00
0.15 |0.10 107.7 1081 10.0  detect 1.00
0.20 [0.01 11.1 3153 283.0  detect 1.00
0.20 |0.10 107.7 1737 16.1  detect 1.00
0.40 |0.01 11.1 6572 589.9  detect 1.00
0.40 |0.10 107.7 4839 45.0  detect 1.00
0.90 [0.01 11.1 15149 1359.8  detect 1.00
0.90 |0.10 107.7 13371 124.2  detect 1.00

Regularity-breaking (stick—slip): burst-clustered, sign-alternating velocity kinks.
Crucially, the Coulomb term p.sgn(p) is not C” in the state, so this fault falls outside
Thm. 17 despite being triggered by a parameter change (see Remark 25).
The geometric field is estimated per sample from a k-neighbourhood: a local PCA for deg, a
windowed second difference for kgen, and a directional-branching statistic for kor. Unless
stated, k = 140 (1.4s of data). All reported figures are means over the stated seeds.

5.2 Detectability: does the theory predict detection? (Thm. 13)

This is one of the paper’s central empirical claims, and the protocol is designed so that the
prediction is made blind to the fault. For each operating point we (i) estimate the nominal ball
(tv, Oest) from fault-free data only; (ii) compute the predicted SNRy = ||®(¢) — ®(v)||/Test;
(iii) set the threshold 7 = u, + z1_40est at @ = 0.05; and only then (iv) measure the
detection rate on faulted trajectories. Thm. 13 predicts power > 1 — 3 exactly when
SNRy > z1_o + 21—, which for o = 0.05, 8 = 0.20 is 2.49.

Across a grid of severities {0.05,...,0.9} and noise levels o € {0.01,0.1}, the theory’s
verdict agrees with the measured outcome in 12/12 cases (Table 3). The single predicted
failure (severity 0.05 at o = 0.1, SNR, = 1.38 < 2.49) indeed fails, measuring a detection
rate of 0.33; every case predicted detectable achieves a rate of 1.00.

A coarse grid can only confirm that the condition is not badly wrong; the sharper test is
whether the predicted boundary sits where the theory says. Figure 2(B) sweeps severity finely
at 0 = 0.1 so that SNR, crosses 2.49 from below. The measured detection rate crosses the
required power 1 — 8 = 0.8 between SNR, = 2.11 (rate 0.67) and SNR, = 2.73 (rate 0.92) —
bracketing the predicted threshold of 2.49. The prediction is quantitative, falsifiable, and
survives.

5.3 Isolability (Thm. 14)

Thm. 14 predicts that classes are distinguishable iff their centroids separate by more than
220est. Measured centroid distances divided by pooled within-class spread at ¢ = 1072
are: nominal vs. regularity-breaking 8.11; smooth-parametric vs. regularity-breaking 4.66;
nominal vs. smooth-parametric 1.81.
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Validation of Theorem 4: the SNR condition, computed from nominal data alone, predicts detection

Theory predicts detection Boundary probe (0=0.1, severity 0.02-0.12)
' '
1.0 imm ma - ses 80 =@ 1.0 | < 0
1 1
1 1
1 1
required power ly- B H "
£ 081 i © 081 d
c [ c 1
2 m kel 1
F=] F=]
S 0.6 H S 0.6 H
1 | 2 |
9] 1 9 1
° H o 1
2 i I predicted threshold 3 i ]
°;’ 04 :zl,n+z,,g=z.49 g 0.4 : ‘
o I a | predicted
o ] ] 9] | boundary
€024 ! € 0.2 !
1 1
! ® 0=0.01 1
004 m ! H o=01 0.0 !
T T T T T T T T T T
10° 10t 102 1 2 3 4 5 6 7
predicted geometric SNR, (from nominal data) predicted geometric SNR,

Figure 2 Validation of Thm. 13. (A) Measured detection rate against the SNR, predicted
from nominal data alone, pooled over severities and two noise levels; the dashed line is the predicted
threshold z1—o + 21— = 2.49 and the dotted line the required power 1 — 8. All points with SNR,
above the threshold attain full power; the point below it does not. (B) Fine sweep across the
predicted boundary (o = 0.1, severity 0.02 — 0.12): the measured rate crosses 1 — § where the
theory says it should.

The theory therefore predicts the first two pairs are separable and the third is not — the
factor-of-2 requirement is not met. This prediction is directly testable, and it holds: nominal
and weak parametric faults are precisely the confusable pair in practice (parametric detection
rate 0.83 against a regularity-breaking rate of 1.00). The theory correctly identifies its own
failure mode rather than merely its successes.

5.4 Exclusion (Thm. 17)

Thm. 17 makes the strongest and most easily falsified claim in the paper: a smooth parametric
fault cannot fire kgen at any severity. A single counterexample refutes it. Sweeping the
smooth-parametric severity across its full range [0, 1], the curvature channel remains at its
nominal floor throughout, while the same sweep on the regularity-breaking family saturates
the channel. The prediction survives the strongest test available in this testbed.

» Remark 25 (Parameter change # parametric fault). The stick—slip fault is triggered by a
parameter jump fe — fe + Apie, yet it fires Kgen. This does not contradict Thm. 17: the
Coulomb term p.sgn(p) is not C” in the state, so the hypothesis of the proposition — fy
jointly C" in (z,0) — fails. The operative distinction is therefore reqularity of the vector field,
not whether a quantity called a “parameter” changed. We adopt this as the definition: a
fault is smooth parametric when it preserves joint C" regularity, and a parameter change
that destroys regularity is a topological fault regardless of its trigger.

5.5 The Geometric Feasibility Assessment in practice

Sections 5.2-5.3 are, in effect, executions of Algorithm 1: the margins np and 7n; were
computed from nominal data and then checked against outcomes. Two practical findings
follow.

Calibration is mandatory, not advisory. The threshold required to hold the false-alarm

rate at 5% shifts from 7 = 0.20 at o = 1073 to 0.40 at 1072 and 0.75 at 107! (Fig. 3(B)).

A fized threshold 7 = 0.3 yields false-alarm rates of 0.000, 0.092 and 0.366 respectively: at
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o = 0.1 a naively fixed threshold produces a 37% false-alarm rate. This is the empirical face
of Prop. 6 — the nominal ball’s radius grows with ¢ — and it is why step 2 of the procedure
sets 7 by calibration.

k is a sensitivity /latency lever once calibration is in place. With 7 calibrated per k at z = 4,
the detection rate on a severity-0.2 regularity-breaking fault rises 0.49 — 0.83 — 1.00 — 1.00
for k = 40, 80, 140, 200, while the nominal false-alarm rate stays at or below 0.004 throughout
(Fig. 3(C)). Calibration decouples specificity from k, leaving k to trade sensitivity against
the detection latency kAt (0.40-2.00s here); k ~ 140 is the knee. We note a trap: the same
sweep at a fixed normalised threshold makes the false-alarm rate appear to rise with k. That
is an artifact of the normalisation, not of the estimator, whose baseline standard deviation
in fact falls monotonically (26.4 — 13.9 for k : 40 — 200) exactly as k~'/2 predicts.

Cost. Prop. 24 claims the assessment is polynomial. Empirically, one field evaluation
over a 1000-sample rollout costs &~ 85 ms (independent of k over the tested range), and a
complete assessment sweeping m = 4 candidate neighbourhood sizes over six nominal rollouts
completes in 2.2s. The assessment is a one-off, offline, pre-deployment cost.

5.6 Context: where geometric detection stands against alternatives

The theory delimits an operating regime; it is worth confirming that the regime is non-empty
and non-trivial. We therefore compare the geometric detector against model-based residual
methods (ARR, observer, Bayesian LR) and against the data-driven detectors most often
proposed for this setting: a one-class SVM [9], kernel-PCA reconstruction error [7], and
a Gaussian-mixture likelihood. The data-driven baselines are fit on nominal data only,
matching the label-free setting, and consume sliding-window state features. Each method
emits one score per trajectory; ROC/AUC is computed over 30 nominal versus 30 faulted
rollouts.

The comparison is regime-dependent, and both regimes matter (Table 4). In the saturated
regime (severity 0.9, o = 0.01) the task is easy and all of the geometric, residual, and data-
driven detectors reach AUC = 1.000 — but the kernel and mixture baselines do so at roughly
40x lower cost (/ 3.5ms versus = 131ms per trajectory). In this regime the geometric
approach has no advantage and we make no claim of one. In the low-SNR regime (severity
0.2, o0 = 0.1) the ordering separates sharply: the geometric detector attains AUC = 0.984
with full power at 5% false alarms, ARR reaches 0.918, and all three data-driven detectors
collapse toward chance (0.643, 0.581, 0.574) with TPR < 0.03 at 5% false alarms — unusable
at any practical operating point.

The mechanism behind the low-SNR gap is the theory’s own: the window statistics the
generic detectors consume are noise-dominated at low severity, whereas the curvature channel
targets structure that local averaging preserves — the vk suppression of (2) acting on the
signal but not on the fault’s contribution. The result is an inductive-bias advantage, and
Thm. 13 says exactly where it holds.

5.7 Threats to validity

We state the limitations of this validation as follows.

Simulation only. All results are simulated. The theory’s predictions are validated against
a model, not against a physical plant; the noise is Gaussian and i.i.d. by construction,
which is exactly the hypothesis of Prop. 6. Coloured or state-dependent noise would
violate that hypothesis, and the /2 check in step 1 of Algorithm 1 is included precisely
to detect this.
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Table 4 Trajectory-level detection performance in two regimes (30 nominal vs. 30 faulted rollouts,

regularity-breaking fault). Data-driven baselines are fit on nominal data only. The geometric
advantage is confined to the low-SNR regime; in the saturated regime the cheap kernel baselines

match it.

’ ‘ low-SNR (sev. 0.2, 0=0.1) saturated (sev. 0.9, 0=0.01)
Method AUC TPR@5% ms/traj AUC TPRQ@5%
Geometric | 0.984 1.000 132 1.000 1.000
ARR 0.918 0.567 7 1.000 1.000
Observer 0.472 0.100 10 0.621 0.267
Bayesian 0.583 0.133 64 0.828 0.600
OC-SVM | 0.581 0.000 3.5 1.000 1.000
kPCA 0.574 0.033 6.7 1.000 1.000
GMM 0.643 0.033 3.4 1.000 1.000

Reviewer response: ROC vs data-driven baselines, specificity, and neighbourhood-size guidance
ROC, hard regime (severity 0.2, 0=0.1) Specificity: FPR on fault-free trajectories k-selection at a o-calibrated threshold (z = 4)

true positive rate
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OC-5VM (AUC=0.58)
Bayesian (AUC=0.56)
Observer (AUC=0.47) 10~ 0.0
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Figure 3 (A) ROC in the low-SNR regime (severity 0.2, o = 0.1). Data-driven detectors, fit

on nominal data only, approach chance while the geometric detector retains full power at 5% false
alarms. (B) False-alarm rate on fault-free trajectories (log ordinate): the threshold needed for 5%
shifts 0.20 — 0.40 — 0.75 as o grows 107® — 107, so thresholds must be o-calibrated. (C) With 7
calibrated per k at z = 4, detection rises 0.49 — 1.00 for k = 40 — 140 while the nominal false-alarm
rate stays < 0.004.

One testbed, moderate dimension. The Cart—Pole is 4-dimensional with three modes.
The theory is dimension-agnostic, but the validation does not establish behaviour at high
d, where local-PCA concentration degrades as \/d/k.

The curvature channel carries the results. The validation exercises Kgen most
heavily, because Prop. 6 is derived for it. The analogous noise scales for deg and kogr are
not derived here, and their empirical behaviour is correspondingly less characterised. In
particular, d.g estimated from windows of a single trajectory measures the dimension of
the trajectory, not of the stratum containing it; establishing stratum dimension requires
an ensemble that fills the stratum. Claims about de.g as a dimension estimator should be
read with that restriction.

Class centroids. Thm. 14 requires class centroids ®(K;). Where these come from
physics they are label-free; where they come from data they are not, and the assessment
then inherits the labelled fault catalogue whose absence is the geometric approach’s
distinguishing feature.
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5.8 The sampling-interval law (Prop. 6)

The At~—2 amplification is the most distinctive prediction of the theory — it is the term
with no counterpart in residual methods. To provide validation, we sweep At directly, at
fixed ¢ = 1072 and k = 140, and report two protocols whose difference is itself informative
(Fig. 4(A)).

The law is exact for the term the proposition derives. Proposition 6 is a statement about
the noise in the second difference. Measuring exactly that quantity — the standard deviation
of D2e for pure observation noise, with no trajectory present — gives

At [s] 0.005 0.0075 0.010 0.015 0.020
measured sd  983.6  436.4 2453 108.6 61.3
V6o /At? 979.8 4355 2449 108.9  61.2
ratio 1.004  1.002 1.002 0.997 1.001

The log-log slope is —2.003 against a predicted —2.000, and the constant matches v/6 to
within 0.4% across the range. Equation (3) is confirmed to three significant figures.

On trajectories the law is contaminated, and the discrepancy is the o(1) term.Repeating
the sweep on the Cart—Pole at fixed k gives measured nominal standard deviations of
38.2,15.0,10.0,4.9, 3.9 for the same At values — a log—log slope of —1.65, not —2.00. The gap
is systematic, not sampling error, and its source is identified by the pure-noise result above:
what Proposition 6 absorbs into o(1) is the deterministic curvature of the true trajectory,
which also depends on At and is not negligible at practical sampling rates. The proposition’s
o(1) is justified in the limit o /At? — oo; the tested regime is not in that limit.

This refines rather than refutes the theory, and it is worth stating as a correction to the
idealised form. Empirically the nominal floor behaves as

2 6o 2
Oest ~ + Rtrue g(At) ) (10)
—_———

At* k

. signal-leakage term
noise term (exact)

where the second term is the windowed curvature of the fault-free trajectory leaking into
the “noise” estimate. Two consequences follow. First, the same mechanism explains the
o-sweep drift already reported in Section 5.9 (the ratio falling to = 2.87 at ¢ = 0.3): one
cause, two symptoms. Second, and practically, this is why the assessment procedure calibrates
Oest empirically rather than computing it from /60 /(At>Vk): the measured nominal floor
includes the leakage term automatically, whereas the closed form does not. The idealised
law is the right object for understanding scaling; the measured floor is the right object for
setting thresholds.

5.9 Noise-model robustness and the limits of the self-test

The /2 ratio test is blind to correlation because the k~1/2 exponent survives while the
constant changes (Fig. 4(B)). We therefore replace Step 1 of Algorithm 1 with a o-referenced
check: compare the measured nominal floor to v/60/At? and reject the analysis if the ratio
departs materially from unity (Fig. 4(C)).

Heavy tails pass, and should. Student-¢ noise passes both checks. Matched-variance heavy
tails leave the second moment — and hence the variance law — intact; what they threaten is
the Gaussian quantile mapping 7 = p, + 21_a0est- Measuring the realised false-alarm rate
at the nominal 5% threshold with k = 140:

noise Gaussian ts t3 ta.5
realised FPR 0.056 0.066 0.062 0.068
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Noise-model diagnostics: the At~2 law and the limits of the GFA self-test

k=12 law survives correlation:
the V2 ratio check is blind
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Figure 4 (A) At sweep at fixed o, k. For pure noise the measured floor tracks v/60/At? exactly
(slope —2.00); on trajectories the slope is —1.65, the gap being the o(1) curvature-leakage term
of (10). (B) The k~'/? law survives correlation — slopes ~ —0.5 for AR(1) at p = 0,0.9,0.99 — so
the /2 ratio test, which cancels the constant, cannot see colouring. (C) The o-referenced check
compares the measured floor to v/6cAt~2: it fires on all colored cases and correctly passes heavy
tails, whose variance law is intact.

The realised rates stay within 2 percentage points of target. The reason is the estimator’s
own averaging: at k = 140 the central limit theorem has largely restored normality of the
windowed statistic even when the per-sample noise is heavy-tailed with df = 2.5. Heavy tails
are therefore a small-k hazard for this framework, not a large-k one, and the k required for
the vk sensitivity gain is already comfortably enough for the quantile mapping. The binding
assumption is independence, not Gaussianity.

Summary of the noise-model scope. The theory’s hypotheses are not equally load-bearing.
Independence is essential and its violation is detectable, but only by the o-referenced check,
not by the ratio self-test. Gaussianity is not essential at operational k: the estimator’s
averaging restores it. Isotropy is not tested here and remains an open assumption; with an
anisotropic X the scalar oes should be replaced by a covariance-aware statistic (Section 5.7).
Stating which assumption matters, and supplying a test that actually detects its violation, is
a more useful contribution than a self-test that always passes.

6 Summary and Future Work

This paper developed a statistical foundation for local geometric fault detection, establishing
geometric analogues of the classical detectability and isolability conditions used in model-
based diagnosis. By representing faults as displacements in a geometric signature space
and explicitly characterizing the estimator noise floor, we showed that the performance of
geometric detectors is governed by a geometric signal-to-noise ratio determined by observation
noise, sampling interval, and neighbourhood size. The resulting theory provides rigorous
conditions for fault detectability, class separability, and parametric-fault exclusion, while also
yielding a practical Geometric Feasibility Assessment (GFA) procedure that can be applied
using nominal data alone. Empirical studies on a hybrid Cart-Pole system confirmed the
predicted noise scaling, detection boundaries, isolability conditions, and exclusion results,
demonstrating that the theory accurately predicts both the strengths and limitations of
geometric fault detection.

Future work will extend the analysis beyond the curvature channel to the full family of
geometric observables, including intrinsic-dimension, tangent-cone, and semantic-consistency
measures. An important direction is the treatment of non-Gaussian and temporally correlated
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noise, where the current estimator variance model may no longer apply directly. Additional

work is also needed to develop adaptive neighbourhood-selection strategies, online confid-

ence estimation, and multi-channel fusion methods that combine complementary geometric

signatures. Finally, validating the framework on larger classes of industrial cyber-physical

systems and integrating geometric diagnostics with probabilistic and model-based approaches

may provide a principled route toward robust hybrid fault diagnosis systems that can better

detect both anticipated and previously unseen fault mechanisms.
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—— Abstract

Large Language Models (LLMs) have rapidly transformed how organizations approach complex
problem solving, raising the question of whether they can also be applied to technical reasoning
tasks. In this paper, we investigate whether LLMs can be used for system diagnosis, i.e., the
localization of faults in systems comprising interacting components. In particular, we conducted an
initial study using examples ranging from electric circuits to heating systems, evaluating 13 different
language models of varying sizes with respect to the correctness and completeness of their diagnosis.
The experimental evaluation revealed that language models with more parameters achieve superior
performance.
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1 Introduction

Agentic AT [2, 5] has gained a lot of attention in industry and practice aiming at combining
AT and in particular large-language models (LLMs) to solve certain tasks like software
development and programming [12]. Hence, the question is about the impact of LLMs
on diagnosis. Last year, Sztyber-Betley and colleagues [11] raised a similar question and
provided a study mainly focusing on support capabilities of LLMs in model-based diagnosis.
Due to substantial improvements in LLMs’ capabilities over the past years, it is timely to
examine their diagnostic capabilities, focusing on the engineered systems of current LLMs,
and to discuss the consequences for the research field of diagnosis.

Let us have a look at a recent interaction with the free version of ChatGPT?, which we
depict in Figure 1. The conversation started with asking ChatGPT about its diagnostic
capabilities. After a positive reply, we provided a diagram of a simple electric circuit and
observations (1). It is worth noting that the same circuit, including the observations, was
used in previous model-based diagnosis literature to provide evidence for introducing fault
models [10] and physical impossibilities [4]. Surprisingly, ChatGPT provided a sophisticated
answer (2) that included only correct diagnoses. Besides the diagnosis indicating that one
bulb is faulty, which was as the most likely explanation, ChatGPT also returns potential
structural issues. Furthermore, ChatGPT was also able to provide means for distinguishing
between alternative candidate diagnoses (3), which are also reasonable and well outlined.

L Corresponding author
2 https://chatgpt.com

© Sophia Plank and Franz Wotawa;
37 licensed under Creative Commons License CC-BY 4.0
37th International Conference on Principles of Diagnosis and Resilient Systems (DX 2026).

Editors: Ingo Pill, Marina Zanella, and Gregory Provan; Article No. 14; pp. 14:1-14:17

\\v OpenAccess Series in Informatics
OASICS Schloss Dagstuhl — Leibniz-Zentrum fiir Informatik, Dagstuhl Publishing, Germany


mailto:sophia.plank@student.tugraz.at
mailto:wotawa@tugraz.at
https://orcid.org/0000-0002-0462-2283
https://doi.org/10.4230/OASIcs.DX.2026.14
https://chatgpt.com
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/oasics
https://www.dagstuhl.de

14:2 Using SLMs and LLMs for Diagnosis

> Can you solve diagnosis problems?

Yes—I can help work through diagnostic problems, depending on what you mean.
. Medical symptoms: I can help you think through possible causes, ask useful follow-up questions,
and suggest when to seek care—but I can’t replace a licensed clinician or give a definitive

diagnos

. Technical issues (car, computer, etc.): I can often walk step-by-step through troubleshooting and
likely causes.

. Logi i i i I can fully solve and explain those.

If you have a specific case in mind, describe the situation (symptoms, context, timing, anything
relevant), and I'll help you reason through it.

> Here is a circuit.

Go ahead and share the circuit (image or description), and tell me what you're trying to diagnose or find
—I'll walk through it with you.

S

>Assume the switch S to be closed. Bulb L1 is emitting light but L.2 is dark.

With switch S closed, both bulbs L1 and L2 are connected in parallel across the battery B. In a healthy
circuit, they should both light with the same voltage across them.
Since L1 is glowing but L2 is dark, that tells us:
«  The battery and switch are working (because L1 lights).
. The top and bottom rails (wires) are intact at least up to .
So the problem must lie in the branch containing . The most likely diagnoses are:
1. L2 is faulty (blown filament / open circuit) — most common.
2.A break in the wiring leading to or from L2.
3.A loose connection at one of L2’s terminals.
In all these cases, the key idea is the same:
The L2 branch is an open circuit, so no current flows through it, and it stays dark.
Meanwhile, L1 still works because parallel branches operate independently.
If you want, I can show how to confirm which fault it is with simple tests.

> Yes, please tell me the tests for distinguishing the diagnoses.

Good—this is exactly how you'd troubleshoot it in practice. Since the fault must be an open circuit in
the L, branch, the goal is to find where that open is.
Here are simple, decisive tests:

1) Swap the bulbs (quickest test)

. Put L, into Ly ’s position, and L, into L;’s position.

Results:

«  Ifthe same physical bulb still doesn’t light — L is faulty (blown).

. If the problem stays in the same position (the right branch still dark) — wiring/connection issue in
that branch.

2) Check voltage across L (with a voltmeter)

Measure across the two terminals of L, with the switch closed.

Results:

. Full battery voltage present — wiring is fine — bulb L; is blown.

. 0V (or very low) — there’s a break in the wiring or connection feeding L.

3) Continuity test of L, (power OFF)

Remove L; and test it with a multimeter (continuity/ohms mode).

Results:

. No continuity (infinite resistance) — filament broken — bulb is faulty.
e  Continuity present — bulb is fine — problem is in wiring/connections.

Figure 1 Question-answer interaction with ChatGPT April 2026 focusing on diagnosis and
explanations of a simple electric circuit comprising a battery, a switch, and two bulbs connected in
parallel.
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Hence, for the provided simple example, ChatGPT was able to compute a reasonable
diagnosis and to explain how to distinguish them. All of this functionality has been a research
question within the model-based diagnosis community for decades. Why and how ChatGPT
has these capabilities is not the focus of this paper, and would lead to coming up with
certain speculative assumptions, like that ChatGPT uses a reasoning system behind it, or
that the capabilities are mainly due to the simplified system, where a lot of publications
are available that have been used to train ChatGPT’s LLM. In contrast, we are interested
in further elaborating the capabilities of available LLMs, considering electric circuits of
varying complexity, and systems from other domains, such as heating systems in buildings.
Furthermore, we want to clarify whether smaller models, i.e., small language models (SLMs),
have similar capabilities. The latter would enable us to provide diagnostic systems based on
smaller LLMs or SLMs, running on an ordinary computer rather than a dedicated server.

The contributions of this paper are:

Coming up with a set of example problems to be used for evaluating the diagnosis

capabilities of LLMs or similar Agentic Al systems.

Conducting an experimental evaluation considering 13 different LLMs and SLMs and

comparing their diagnosis capabilities. For the latter, we use correctness, completeness,

and other measures.

We structure this paper as follows. In Section 2, we discuss realted work. In Section 3, we
introduce the process, setup, and the underlying metrics for comparing diagnosis capabilities
used in our experimental evaluation. We present and discuss the experimental results in
Section 4. Finally, we conclude the paper.

2 Related Work

Model-based diagnosis derives fault candidates by contrasting a formal system model with
observed behaviour. Its theoretical foundation was laid by Reiter [9], and Wotawa [13] gives
a recent overview of the field. Its strength is precision, but it presupposes a model, and
building one for each new system requires time and domain expertise. The approach taken
here removes that prerequisite: the language models receive a plain text description of the
system and reason about the fault directly.

More recently, language models have been applied directly to fault diagnosis. Sztyber-
Betley et al. [11] ask, whether LLMs grasp the concepts of model-based diagnosis and focus
on their use as a support tool within an existing diagnostic process. Qaid et al. [8] test
four open-source models on machine fault diagnosis and find that they perform as well as
established deep-learning methods. Lukens et al. [6] combine language models with technical
manuals and show how important careful evaluation is for such systems. However, these
works focus on large models and sensor- or document-based inputs.

Several studies examine models small enough to run on local hardware, asking how much
capability is lost compared to larger models. Abdin et al. [1] show that careful, textbook-like
training data can let a small model compete with much larger ones. This finding is directly
relevant here, where Phi-2 and Phi-3 Mini differ a lot despite their similar size. Hasan et
al. [7] systematically evaluate twenty models under 10B parameters on code generation and
find that smaller models can stay competitive. Their setup resembles ours in spirit, but
targets code generation with automatic metrics rather than fault diagnosis with manual
scoring.

To the best of our knowledge, no existing study systematically evaluates small, locally-run
models on text-based diagnosis of technical systems using manual, multi-category scoring.
This paper closes that gap and clarifies where small language models can support technical
fault diagnosis and where they still fall short.
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3 Experimental Setup

This section provides an overview of the evaluation framework used in this paper to assess
differences in the performance of language models on technical fault diagnosis tasks. The
framework defines the overall experimental pipeline, including model selection, the construc-
tion of input scenarios, and the evaluation procedure. The framework is designed to ensure
reproducibility and fairness across all models. To this end, all models receive the same
prepared input, are prompted using the same templates, and are evaluated against the same
scoring system. The circuits and fault scenarios used as inputs span a range of complexity
levels, from simple electrical circuits to more complex heater systems, allowing for a better
assessment of how the diagnostic capability changes with an increasing task difficulty. The
evaluation is conducted by manually inspecting the model’s response.

The set of models used for the experiments consists of 10 small language models (SLMs)
and 3 large language models (LLMs), all open source and freely accessible. The set of models
was chosen as diverse as possible in terms of providers and sizes. Different providers were
chosen to avoid conclusions that are specific to a model family or training approach. The
span of providers includes Google, Mistral AI, Meta, Alibaba, Microsoft, and Stability Al
Additionally, it was made sure to include multiple sizes from the same provider to assess the
effect of model size on its diagnostic abilities. The three API-based models, Gemini 2.5 Flash,
Mistral Large, and Llama 4 Scout 17B, serve as a reference point for current open-source
LLM capabilities.

Table 1 Selected SLMs and LLMs for the experiment.

# Model Parameters Provider

1 Gemini 2.5 Flash  n/a® Google

2 Mistral Large 123B Mistral Al
3 Llama 4 Scout 17B 17B Meta

4 Mistral 7B v0.3 B Mistral Al
5 Phi-3 Mini 4K 3.8B Microsoft
6 Llama 3.2 3B 3B Meta

7 Qwen2.5 3B 3B Alibaba

8 Phi-2 2.7B Microsoft
9 Gemma-2 2B 2B Google
10 StableLM-2 1.6B 1.6B Stability Al
11 Qwen2.5 1.5B 1.5B Alibaba
12 TinyLlama 1.1B 1.1B Meta
13 Llama 3.2 1B 1B Meta

a) Parameter count not publicly disclosed by Google.

As shown in Table 1, the selected models cover a wide range of sizes and origins, with a
clear separation between the three API-based reference models and the ten locally executed
SLMs.

The experimental setup consists of three main phases: circuit description preparation,
prompt construction, and model execution.

The first phase converts the input images into text, since not all language models can
process images directly. Each circuit description follows a consistent structure, it begins
with a general circuit description of components and their connections, followed by the
specific fault scenario. For more complex systems, such as the heater and powertrain circuits,
additional categories describe their functionality in more detail, including circuit behavior,
wiring and control and measurement signals.
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The second phase designs a set of prompt templates that keep the prompting consistent
across models. Three distinct templates exist depending on the circuit type: a general circuit
prompt, a powertrain specific prompt and a heater specific prompt. All templates share the
same structure. They open with a system role definition, such as “You are an expert electrical
engineer diagnosing a fault in a ...”, followed by the corresponding circuit description, and
they conclude with the task instruction “Task: Analyze the fault scenario, what are the
reasons for the fault? “ The domain specific templates add a brief functional description of
the circuit type to give the model some relevant background context.

In the third and final phase, the ten locally evaluated models are loaded into and executed
through the LM Studio APT (version 0.4.1). The three API-based models, Gemini 2.5 Flash,
Mistral Large and Llama 4 Scout 17B, are queried through their respective external APIs:
Google, Mistral, and Groq.

All models receive the same prepared inputs, with a temperature of 0.2 and a maximum
output length of 800 tokens per response. The low temperature keeps the output focused on
the most probable tokens without making it fully deterministic, so small variations are still
possible. The output length is the same for every scenario to keep the conditions equal while
still leaving room for a full diagnostic explanation. Each model runs three times per scenario,
and each run is saved in a separate output directory for subsequent evaluation. Each of the
three runs is scored independently across the six categories, so each run has its own set of
scores. The per-scenario and per-circuit values reported in Section 4 are the averages over
these runs.

Circuit description:
- Bulbs: L1, L2
- Switches: S
- Battery: B
- Wiring:
- Battery B positive connected to switch S

- Switch S connects to L1 and L2 in parallel
- L1 and L2 connect back to battery negative

If the battery is not empty and the switch is closed both bulbs should emit light. If
the switch is open, no light is emitted.

Fault Scenario:
Switch S is closed.
L1 emits light.

L2 is dark.

Identify the faulty component(s).

Listing 1 Input file for Circuit 1 Scenario 1

The circuit descriptions list components and connections explicitly, and wires are assumed
to be intact; the models were therefore not expected to name broken wires as candidates.
The prompt did not instruct the models to return subset-minimal diagnoses; minimality is a
property of the expected diagnoses only, against which the responses are scored. Listing 1
shows the complete input for Circuit 1, Scenario 1 as an example. The three templates differ
only in the system role definition and, for the domain-specific ones, in a short functional
description of the circuit type; the task instruction is identical for all scenarios.

3.1 Input Circuits and Scenarios

In this section, we present the 7 underlying systems and the different diagnosis scenarios
used in our experimental evaluation.
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3.1.1 Circuit 1

Circuit 1 consists of two bulbs L; and Lo, one switch S and one battery B. If the battery is
not empty and the switch is closed, both bulbs should emit light. If the switch is open, no
light is emitted.

Figure 2 A simple two-bulb circuit used as Input Circuit 1.

Scenario 1: Let the switch S be closed and L; emit light while Ly is dark. In this scenario
the best explanation is that Lo is broken or faulty.

Scenario 2: Let the switch S be closed, but both Ly and Ly be dark. In this scenario possible
explanations are that the switch S itself is faulty, that both L; and L, are broken, or
that the battery B is empty.

3.1.2 Circuit 2

Circuit 2 consists of the same components as Circuit 1 with an additional switch Sy. If one
of the two switches is closed, then both bulbs emit light. If both switches are open, none of
the bulbs should emit light.

\3

Figure 3 Input Circuit 2, an extension of Circuit 1 with a second parallel switch.
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Scenario 1: Let switch S1 be open and S2 be closed. Bulb L; emits light but Lo is dark.
With S1 open, current flows through 52, making the circuit functionally equivalent to
Circuit 1. Therefore the best explanation is that Lo is broken or faulty.

Scenario 2: Let both switches S1 and S2 be closed, but both bulbs L and Lo are dark. In
this scenario either both bulbs or both switches are broken, or the battery is empty.

3.1.3 Circuit 3

Circuit 3 consists of five bulbs L; to Ls, four switches S1 to S4 and one battery B. Each
switch controls one or more bulbs: Sy controls L1, S2 controls Lo, S3 controls Lz and Ly,
and S4 controls Ls. Closing a switch lets its bulbs emit light; if all switches are open, none
of the bulbs should emit light.

54

S3

S2
(g)hx
(g)Ls
S1

..

Figure 4 Input Circuit 3, the most complex electrical circuit with five bulbs and four switches.

Scenario 1: Let switches S and S3 be closed and S5 and S4 be open. Bulb L; emits light,
while all other bulbs are dark. The fault therefore lies with S3 or with the bulbs it
controls: either Ss is faulty, or both L3 and L4 are broken. Because L3 and L, are in
series, both must fail for that branch to stay dark.

Scenario 2: Let switches S; and S3 be closed and S; and S; be open. None of the bulbs
emit light. In this scenario the best explanation is that the battery B is empty.

3.1.4 Heater

Figure 5 shows a simple electric heater, which consists of a power supply Vp, a switch SW,
an ammeter A, a heating resistor Ry, a temperature sensor 7', and a controller Ctrl. The
power supply connects to SW, which feeds a branch containing A, Ry, and T down to

ground. The temperature sensor T" measures the temperature at Ry and reports it to Ctrl.

When the temperature drops below a minimum threshold, Ctrl closes SW, allowing current
to flow through Ry and heat the system. Once the maximum threshold is reached, SW is
opened and heating stops until the temperature falls again, repeating the cycle.

Fault Scenario: Switch SW is permanently closed and the temperature never reaches the
maximum threshold. The faulty components in this case are one of three: T, Ry, or
excessive heat loss. T may be faulty and report an incorrectly low temperature, causing
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Vp
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Figure 5 Input Heater, a single-loop heating circuit with a controller-operated switch.

Ctrl to never open SW. Ry may be degraded or partially failed, generating insufficient
heat to reach the maximum threshold despite current flowing through it. Alternatively,
the heat loss to the environment may be larger than expected, preventing the system
from reaching the maximum temperature even with the heater running continuously.

3.1.5 Powertrain

The powertrain circuit shown in Figure 6 consists of a battery bat with internal resistance
Rpqt, an h-bridge composed of four switches sw; to swy, a motor branch with resistance
R+ and inductance L,,,; in series, an electric motor M, and a mechanical load Load. The
internal resistance of the battery, Ryqt, models a voltage drop under high current conditions.
The h-bridge controls the motor by switching the polarity of the voltage applied to it, enabling
forward, backward, and stop operation. Not all switch configurations are valid; for instance,
closing sw; and sws simultaneously would create a short circuit from the battery’s positive
pole to ground. Table 2 shows the configurations assumed for this example.

Table 2 Switch configurations for the Powertrain example.

swy; Sws Ssws Sswy Behavior

on off off on forward
off on on off backward
off on off on stop

Note that there are additional valid configurations for the stop behavior. The h-bridge
is controlled by using a mode variable that takes the values forward, backward, and stop;
individual switch control is not possible. The motor converts electricity into mechanical
energy characterized by the rotational angle ¢ and the torque T, while the load determines
the torque the motor must handle, affecting its rotational speed accordingly.
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Battery h-bridgg 1
| Rbati sy \ S10s \3 E-Motor
: | | | Load
| ===bat' Swo \ swy \}

Figure 6 Input Powertrain, an H-bridge driving a motor branch with series resistance and
inductance.

Fault Scenario: The h-bridge is set to forward mode, meaning sw; and sw, are closed while
swy and swsz are open, but the motor M does not rotate. As shown in Figure 6, current
should flow from bat through Rpat, swi, Rmot, Limot, M, and swy to ground. A failure
anywhere along this path can prevent rotation. The faulty component is therefore one
of the following: an empty battery bat, a stuck-open switch sw; or swy4, an open-circuit
fault in R,,0¢ Or Ly, Or an electrical or mechanical failure in M itself.

3.1.6 Heater Circuit

The heater circuit shown in Figure 7 is a fluid-based heating system comprising two redundant
parallel pumps P1 and P2, an inlet temperature sensor 717, a radiator R, an outlet temperature
sensor Tp, a motorized return valve V| and a check valve V. On a heating request, one
pump drives fluid from the hot supply line through 77, R, and Tp to the return valve V,
which regulates flow rate and thus heat transfer to the room. The check valve Vi allows
fluid to recirculate when V is closed. Under normal operation, the heat is partially emitted
in R, resulting in T > Tp. With no pump running, there is no flow and 77 = Tp.

Scenario 1: Pump P1 is on and P2 is off, but T; = Tp = 80°C. Since active pumping
through R should produce T7 > Ty, the equal readings suggest either no heat transfer
despite flow or unreliable sensor readings. The faulty component is therefore P1, Ty, Tp,
or R: P1 might not actually be pumping despite being on, one of the sensors may report
identical values despite a real temperature difference, or R may not be emitting heat
despite flow.

Scenario 2: Under the same conditions as Scenario 1, now the flow through the radiator
branch is confirmed. Since P1 is functioning and flow is present, the missing temperature
difference must be due to a sensor fault or a failure in heat transfer. The faulty component
is therefore Ty, Tp, or R, which might not be emitting heat despite flow.

Scenario 3: Under the same conditions as Scenario 1, no flow is detected despite P1 being

on. Since the absence of flow fully explains 17 = Tp, the fault is isolated to the pump.

The faulty component is therefore P1.
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hot ==

== cold

Figure 7 Input Heater Circuit, a fluid-based heating loop with two redundant pumps and a
return valve.

3.1.7 Heater System

The heater system shown in Figure 8 consists of three independent parallel heating circuits
A, B, and C, each supplied by a central oven o via a shared hot supply line. Each circuit
contains a pump (pA, pB, pC), an inlet temperature sensor (tslA, ts1B, ts1C), a heat
exchanger (hcA, heB, heC'), and an outlet temperature sensor (ts2A4, ts2B, ts2C). When
a pump is active, fluid flows through the heat exchanger, which releases part of its heat
into the room. Under normal operation, the inlet temperature is higher than the outlet
temperature (templz > temp2z). With no pump running, there is no flow and both sensors
read the same temperatures. The three circuits operate independently, so if one fails, the
others keep working.

Scenario 1: All three pumps are on. Circuits A and C behave normally, meaning tempi1A =
70°C, temp2A4 = 65°C and temp1C = 70°C, temp2C = 67 °C, confirming heat transfer
in both branches. But Circuit B shows no temperature difference, i.e., templB =
temp2B = 70°C, indicating no heat transfer despite pB being active. Since Circuits
A and C are operating correctly, a fault in the shared oven o or supply line can be
excluded. Furthermore, since all three circuits show the same inlet temperature of 70 °C,
the inlet sensor ¢s1B can also be excluded. The fault is isolated to Circuit B with the
following candidates: pB, which may not be pumping despite being on; ts2B, which
reports identical values despite a real temperature difference; or hcB, which may not be
emitting heat despite flow.

Scenario 2: Under the same conditions as Scenario 1, flow in Circuit B is additionally
confirmed. Since pB is functioning correctly, the fault is narrowed down to ts2B reporting
identical temperatures despite a real difference or heB, which may not be emitting heat
despite flow.
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Figure 8 Input Heater System, three independent parallel heating circuits supplied by a shared
oven.

3.2 Evaluation Metrics and Scoring

Model responses are evaluated manually across six categories, each scored on a scale from
0 to 2. Here 0 indicates poor performance, 1 indicates partial correctness, and 2 indicates
good performance. The six categories are defined as follows:

Correctness measures whether the diagnosed fault corresponds to the expected diagnosis
of the scenario, which is the set of subset-minimal candidates given in Section 3.1. A score
of 2 is given if the response names all expected candidates and no others. A score of 1 is
given if the response is partially correct, either because it misses some expected candidates
or because it also blames a real but working component. A score of 0 is given if none of the
named candidates is correct.

Completeness measures whether the explanation covers all relevant aspects of the
diagnosis. A score of 2 is assigned if the response addresses all relevant components and fault
causes, a score of 1 if some aspects are missing or insufficiently explained, and a score of 0 if
the response is largely incomplete.

Reasoning measures whether the model explains how it arrives at its fault candidates. A
step is faulty if it does not follow from the prompt or from an earlier step, or if it contradicts
an earlier step. A score of 2 is given if the response explains every candidate step by step,
starting from the given observations, and contains no contradiction. A score of 1 is given if
an explanation is present but skips steps, or contains a faulty step that does not change the
set of candidates. A score of 0 is given if candidates are named without any explanation, or
if the response contradicts itself.

Hallucination measures whether the model introduces information not present in the
prompt, i.e., it refers to a component, connection or measured value that does not appear in
the circuit description or fault scenario, or contradicts it. A score of 2 is given if no such
statement occurs; a score of 1 if such statements occur, but every named fault candidate is
still justified by the prompt alone, so that removing them leaves the candidate set unchanged;
and a score of 0 if at least one candidate depends on a hallucinated statement.
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Uncertainty measures whether the model appropriately expresses uncertainty when
multiple fault candidates are possible. A score of 2 is assigned if the model correctly acknow-
ledges ambiguity and presents multiple plausible explanations, a score of 1 if uncertainty
is only partially addressed, and a score of 0 if the model states a single definitive answer
without justification in a scenario with multiple faulty components.

Clarity measures how understandable and structured the explanation is. A score of 2
is given if the response is well-organized and easy to follow, a score of 1 if the explanation
is somewhat unclear or poorly structured, and a score of 0 if the response is difficult to
understand due to structure and language.

To turn the six categories into a single comparable number, each response receives a
weighted score. The weights reflect how important each category is for technical fault
diagnosis. Correctness carries the highest weight (30%), because it directly captures whether
the model identified the correct fault. Reasoning and Hallucination each count 20%, since
sound logic and the absence of made-up information are equally important for a reliable
diagnosis. Completeness receives 15%, as covering all fault candidates matters, but less than
correctness itself. Uncertainty and Clarity receive 10% and 5%, as they add to the quality of
a response but affect diagnostic accuracy less directly. The weighted score W of a response
then follows as shown in Equation 1.

W =0.30 - ceorr + 0.15 - ccomp + 0.20 - Creas + 0.20 - chapr + 0.10 - cyne + 0.05 - cerar (1)

Here, each ¢; € {0,1,2} is the score in the matching category, so the highest possible
weighted score is 2.0. Two further measures support the comparison. The hit rate gives
the percentage of scenarios in which a model reaches a correctness score of 2. The mean
standard deviation ¢ measures how consistent a model is: for each of the six categories, the
standard deviation of its scores across all runs is computed, and ¢ is the average of these six
values. A lower ¢ indicates more stable scoring.

As a second, more robust comparison, a rank-sum metric is computed across all circuits.
For each circuit, the models are ranked from 1 to 13, and the rank-sum R,, of model m is
the sum of its ranks over all circuits, as defined in Equation 2.

C
B =t @)
c=1

where 7, . is the rank of model m on circuit ¢, and C is the total number of circuits. A
lower rank-sum means better overall performance. This ranking follows the same idea as the
Friedman test, a non-parametric alternative to repeated-measures ANOVA [3]. Unlike the
weighted score, the rank-sum is less sensitive to outliers, meaning a single bad result counts
at most as rank 13, no matter how low the absolute score.

4 Experimental Results

This section summarizes the experimental results structured along two levels of analysis. The
global analysis establishes an overall ranking of all evaluated models based on the weighted
score W and the rank-sum metric R. The per-circuit analysis goes into detail of how the
models performed in each circuit.

4.1 Global Analysis

Table 3 presents the average scores per evaluation category for each model, ordered by
weighted score. The results show a clear three-tier hierarchy. Gemini 2.5 Flash and Mistral
Large consistently lead across all categories, with no score below 1.74. They are followed
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by the third API model, Llama 4 Scout 17B, which occupies an intermediate position, and
after a notable gap, come the remaining SLMs. Across all models, clarity tends to be the
strongest category, while correctness and completeness show the largest gap between top and
bottom performers. This suggests that these categories are the primary differentiators of
diagnostic performance.

Table 3 Averages per category for each model, ordered by ranking of weighted score.

# Model Correctness Completeness Reasoning Hallucination Uncertainty Clarity
1  Gemini 2.5 Flash 1.77 1.79 2.00 1.74 1.97 2.00
2 Mistral Large 1.77 1.95 1.85 1.85 1.77 1.87
3 Llama 4 Scout 17B 1.26 1.31 1.59 1.92 1.54 1.92
4 Mistral 7B v0.3 1.00 1.15 1.38 1.26 1.44 1.79
5 Gemma-2 2B 1.00 1.08 1.23 1.13 1.28 1.87
6 Phi-3 Mini 4K 0.77 0.87 1.21 1.33 1.21 1.72
7 Qwen2.5 1.5B 0.90 0.85 1.00 1.00 1.03 1.67
8 Llama 3.2 3B 0.79 0.90 0.87 0.95 1.26 1.62
9 Qwen2.5 3B 0.69 0.77 0.82 1.05 0.85 1.67
10 StableLM-2 1.6B 0.44 0.26 0.54 0.82 0.82 1.44
11 Llama 3.2 1B 0.36 0.26 0.26 0.46 0.64 1.28
12 Phi-2 0.28 0.15 0.46 0.54 0.28 0.97
13 TinyLlama 1.1B 0.28 0.15 0.15 0.59 0.26 0.64

To complement the category averages, Table 4 presents the aggregated metrics used
to derive the final ranking. The hallucination rate emerges as the strongest differentiator
between model groups. While the top three models remain below 21%, most SLMs exceed
70% with Llama 3.2 1B even reaching 94.9%. This pattern is also consistent with the weighted

scores W, suggesting that hallucination is a reliable indicator for the overall diagnostic quality.

The mean standard deviation ¢ reinforces this grouping even further, with the top three
models remaining below 0.47, while most SLMs exceed 0.6, indicating that SLM performance
is not only lower on average, but also considerably less stable across circuits.

Table 4 Hit rate, hallucination rate, standard deviation ¢ and the weighted score W that were
computed.

# Model Hit % Hallucination% & w

1 Gemini 2.5 Flash 79.5 20.5 0.264 1.846
2 Mistral Large 76.9 15.4 0.353 1.832
3 Llama 4 Scout 17B  38.5 7.7 0.467 1.526
4 Mistral 7B v0.3 25.6 61.5 0.653 1.235
5 Gemma-2 2B 20.5 71.8 0.581 1.155
6 Phi-3 Mini 4K 7.7 59.0 0.622 1.076
7 Qwen2.5 1.5B 17.9 74.4 0.708 0.982
8 Llama 3.2 3B 2.6 87.2 0.612 0.944
9 Qwen2.5 3B 7.7 71.8 0.668 0.865
10 StableLM-2 1.6B 2.6 76.9 0.632 0.595
11 Llama 3.2 1B 7.7 94.9 0.593 0.418
12 Phi-2 0.0 84.6 0.584 0.385
13 TinyLlama 1.1B 0.0 76.9 0.544 0.314

The rank-sum results in Table 5 place the models in the same order as the weighted score
for all 13 models. This agreement shows that the ranking is robust and independent of the
chosen aggregation method and that no single circuit distorts the overall picture.

14:13

DX 2026



14:14

Using SLMs and LLMs for Diagnosis

Table 5 Rank-Sum results across all circuits.

# Model Cl C2 C3 PT H HC HS Rank-Sum
1 Gemini 2.5 Flash 1 1 1 1 1 1 2 8
2 Mistral Large 4 2 2 2 2 2 1 15
3 Llama4 Scout 17B 7 3 3 3 3 4 3 26
4 Mistral 7B v0.3 2 4 7 5 5 5 4 32
5 Gemma-2 2B 8 5 4 10 6 3 5 41
6 Phi-3 Mini 4K 6 8 5 7 4 6 6 42
7 Qwen2.5 1.5B 3 7 11 6 7 8 9 51
8 Llama 3.2 3B 9 10 6 4 9 7 7 52
9 Qwen2.5 3B 5 9 12 8 8 10 8 60
10 StableLM-2 1.6B 1 6 10 13 10 9 11 70
11 Llama 3.2 1B 0 11 8 11 12 12 12 76
12 Phi-2 13 13 9 9 13 11 10 78
13 TinyLlama 1.1B 12 12 13 12 11 13 13 86

4.2 Per-Circuit Analysis

Figure 9 shows the weighted score of every model on every system. On Circuit 1, the overall
performance level is very high, which is consistent with the low complexity of the circuit.
The gap between the API-based models and the SLMs is still small here, and several SLMs
place ahead of Mistral Large and Llama 4 Scout 17B. On Circuit 2, which extends Circuit 1
with an additional parallel switch, this gap begins to widen. One observation is not visible
in the scores: in Scenario 2 of Circuit 1, no model other than Gemini 2.5 Flash identified the
theoretically valid, though unlikely, possibility of both L; and Ls being faulty at the same
time. All other models instead named only the most probable fault candidates.

At Circuit 3, the most complex of the three electrical circuits, the gap between the
API-based models and the SLMs becomes dramatic. Gemini 2.5 Flash, Mistral Large, and
Llama 4 Scout 17B all remain above 1.70, maintaining their strong performance from the
previous circuits, while all remaining SLMs collapse to scores below 0.60. Model size alone
does not explain this collapse: Mistral 7B v0.3, the largest of the locally executed models
and fourth in both Circuit 1 and Circuit 2, drops behind Gemma-2 2B and Llama 3.2 3B.
Qwen2.5 3B, TinyLlama 1.1B, and StableL.LM-2 1.6B achieve near-zero scores, indicating an
almost complete failure to diagnose faults in this configuration.

On the domain-specific systems, the overall performance recovers noticeably across most
models compared to Circuit 3. On the Heater, Gemini 2.5 Flash again achieves the maximum
score, and the mid-range SLMs show a relatively gradual decline rather than a collapse.
On the Powertrain, Llama 4 Scout 17B achieves its strongest result across all circuits, and
Llama 3.2 3B and Mistral 7B v0.3 recover from their poor Circuit 3 performance. For the
Heater Circuit, no model achieves a score of 2.00, with Gemini 2.5 Flash and Mistral Large
leading at their weakest results so far. A notable result is Gemma-2 2B, which places ahead of
both Llama 4 Scout 17B and Mistral 7B v0.3, suggesting that this model handles fluid-based
diagnostic scenarios particularly well. On the Heater System, the most complex system
evaluated, Mistral Large leads for the first time, while Gemini 2.5 Flash, which was not able
to identify all faulty components, places third behind Llama 4 Scout 17B. Llama 3.2 1B and
TinyLlama 1.1B achieve near-zero scores, indicating an almost complete failure to handle
the complexity of this system.
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Model Performance Across All Circuits
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Figure 9 Weighted Score W of every model on every system. Systems are ordered by increasing
complexity from left to right, models by overall weighted score from top to bottom.

4.3 Case Study: Phi-2 on Powertrain

The Powertrain is the only circuit in which Phi-2 reaches a weighted score above 1.0. Across
all other circuits, the model scores between 0.08 and 0.67, but on Powertrain it achieves 1.05,
performing better than several larger SLMs such as Gemma-2 2B and Llama 3.2 3B. This is
particularly surprising given that the Powertrain circuit is structurally more complex than
the simpler electrical circuits where Phi-2 failed almost completely.

A closer look at the model’s responses suggests that this strong performance is not the
result of genuine reasoning, but rather a reflection of the training data. In all three runs, Phi-2
produces a list of plausible fault causes such as low battery voltage, open switches, faulty
motor windings, and high motor resistance. While these match several of the correct fault
candidates, the responses also contain clear signs that the model is not actually diagnosing the
given scenario. In one run, the response is followed by a section titled “Follow-up Exercises”
with five additional questions and detailed solutions involving multimeter measurements. In
the other two runs, the response ends with an unrelated “Ezercise 2” about designing a
control algorithm for a robotic arm. None of this content was requested by the prompt.

H-bridge and motor control circuits are common examples in introductory electrical
engineering, and the structure of Phi-2’s responses, a list of candidate faults followed by
exercises and solutions, closely matches the typical layout of such textbooks. This is consistent
with the training methodology of the Phi family, which explicitly relies on textbook-like
training data [1]. In Phi-2’s case, the high Powertrain score does not indicate strong diagnostic
capability, but rather a fortunate overlap between the test scenario and the model’s training
data. This raises the question whether benchmark performance on familiar circuit types
can be misleading, and reinforces the importance of including less common scenarios in
evaluations of diagnostic capability.
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5 Conclusions

In this paper, we present the results of an experimental evaluation of the diagnostic capabilities
of large and small language models. In this study, we considered 13 different and freely
available language models and 7 simple example systems from different domains. Well-known
large language models performed best but still exhibit hallucinations and limitations in
terms of correctness and completeness. This is worse for small language models. From our
evaluation, we obtain that Gemini 2.5 Flash performs best in diagnosis, followed by Mistral
Large and Llama 4 Scout 17B. The best small language model was Mistral 7B v0.3, followed
by Gemma-2 2B and Phi-3 Mini 4K. Regarding the domains, large language models achieved
better results for electric circuits than for heating system diagnosis. SLMs struggled to
diagnose more complex electrical circuits.

There are some limitations of the study. First, we conducted the experiments only on
smaller example systems. Second, we did the evaluation manually. Hence, there might be
a bias in the obtained results. To prevent this, we defined the evaluation categories and
applied them as closely as possible, trying to avoid any systematic bias that affects only
one circuit or one set of language models. Finally, we limit ourselves to freely available
models, not considering commercial ones. It is worth noting that, as shown in the example
in the introduction (see Figure 1), ChatGPT was able to perfectly describe potential faults
in the first electric circuit. Given the outcomes of other large language models, the reason
might be the use of specialized implementations of diagnostic procedures. It would be worth
conducting a specific study to determine how ChatGPT or similar large language models
perform in diagnosis, considering parametrized circuits of larger sizes. We leave answering
this question to future research.

Hence, future research has to cover: (i) extending the study considering more and larger
systems from different domains, (ii) applying the study to commercial LLMs, and (iii)
studying the effects of combining different diagnosis approaches like model-based diagnosis
with different language models. This might be best for small language models that still offer
textual communication but have limited diagnostic capabilities. Furthermore, such models
can be installed locally and easily integrated into diagnostic processes without requiring
communication with servers, thereby enabling data privacy to be more easily ensured.
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—— Abstract

The paper presents a solution to the DX’26 Competition LiU-ICE Track. The presented approach
merges physics insights with data-driven residuals. The applied Grey-Box approach, involving

the custom implementation of a recurrent LSTM network with state memory, is well-suited to
environments with high inertia. The system does not directly estimate specific values of individual
physical quantities, but focuses on determining their rate and direction of change, eliminating
the problem of exploding residuals. Furthermore, this approach offers an advantage over classical
LSTMs due to its physical representation of states. Structural analysis and the determination of the
MSOs enabled the isolation of relationships between the observed variables, whilst simultaneously
decoupling the training data from physical quantities unrelated to the variable under investigation.
Data decoupling was leveraged to selectively incorporate faulty data into training. The solution
implements four virtual sensors, each equipped with its own pair of neural networks. The proposed
fault isolation approach is based on a fault diagnosis matrix, fixed alarm thresholds, and scalar
product analysis. Additionally, adaptive covariate shift compensation mechanism was introduced to
handle changes in external conditions.

The resulting algorithm proved to be highly resilient to measurement noise and capable of
accurately analysing the process’s variability, scoring True Detection Rate TDR = 92.26%, False
Alarm Rate FAR = 7.86%, and True Isolation Rate TIR = 79.62% on hidden test data.
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1 Introduction

The solution presented here was designed to address a problem that lies in the blind spot
between two approaches. On the one hand, there are black-box models [3, 16, 20, 7, 18],
which rely entirely on machine learning architectures and completely disregard the physical
implementation of the underlying processes. On the other hand, there are PINNs (Physically
Informed Neural Networks) architectures [17], which require detailed knowledge of the physical
parameters of systems, such as their dimensions or the phenomena occurring within them,
often described by complex physical equations, for example, the Navier-Stokes equations.
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The framework implemented in this paper bridges these two extremes by constructing
Grey-Box estimators inspired by physical knowledge. Specifically, rather than allowing the
neural networks to develop uninterpretable latent representations, we explicitly constrain the
hidden states to reflect tangible physical quantities, such as mass and energy accumulation
within control volumes. Consequently, the dimensionality of the state space ceases to be
a tunable, arbitrary hyperparameter and becomes strictly dictated by the thermodynamic
complexity of the monitored subsystem. This methodology aligns with and advances emerging
hybrid approaches [8].

DXC competition has a long tradition of inspiring diagnostic solutions [13, 15]. This
paper proposes a solution to the LiU-ICE Track (see Section 2), where the task is to
diagnose a turbocharged gasoline engine in dynamic conditions under limited data and system
knowledge [9]. Earlier versions of the competition were already held at Safeprocess’24 [10] and
DX’25 [15]. The paper builds upon earlier solutions [10, 2, 8], introducing Physics-Informed
ML Diagnostic Engine.

The main contributions of this paper include:
Decoupled Grey-Box Architecture (Section 3.1): Development of parallel neural
network-based estimators that take into account the laws of physics, ensuring mass
conservation and modelling other real-world constraints. This approach reduces the
unpredictability of traditional black-box artificial intelligence without the need for complex,
analytical fluid dynamics models.
Physics-Informed Feature Engineering (Section 3.2): Integration of aerodynamic
domain knowledge directly into the preprocessing pipeline by deriving analytical features—
such as the square root of pressure differentials based on the orifice flow equation.
Structurally-Aware Training Strategy (Section 3.3.2): A novel training paradigm
that explicitly exploits the analytical independence of the derived MSO sets. In contrast
to conventional residual estimators trained exclusively on fault-free data, this method-
ology deliberately incorporates selected faulty data into the training pipelines of the
decoupled nodes. This forces the neural networks to actively ignore specific cross-coupled
disturbances, enhancing fault isolation robustness.

Adaptive Covariate Shift Compensation (Section 3.4): Design of a dynamic

mechanism active during a predefined starting phase. This approach neutralizes thermal

variations arising from environmental conditions, ensuring robust inference and minimizing

False Alarm Rates.

Robust Residual Processing and Isolation (Section 3.5 and Section 3.6): A

combination of exponential moving average filtering with vector space isolation logic

based on cosine similarity. This ensures effective noise suppression and enables rapid
fault isolation.

While several of the above aspects were raised in the diagnosis literature, the paper
merges them with dedicated physics analysis into the consistent solution to the LiU-ICE
benchmark.

2 Competition Description and Problem Formulation

The DX’26 Competition LiU-ICE Track requires developing a robust Fault Detection and
Isolation (FDI) system for the air path of a turbocharged internal combustion engine (Figure 1)
under strict operational constraints [9]. Table 1 explains the notation and lists symbols used
in the paper.
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Table 1 Notation used throughout the paper.

Symbol

Description

Measured sensor signals (known variables z)

Ypic
YTic
Ypim
Ywaf
Yapos
Yo
Ypamb
YT amb

Intercooler pressure

Intercooler temperature

Intake manifold pressure

Mass flow through the air filter
Throttle actuator position
Engine speed

Ambient pressure

Ambient temperature

Control signals

U f

Unwg

Requested injected fuel mass
Requested wastegate actuator position

Internal (unknown) model variables x in MVEM mean-value engine model

T
33°3

o

3

SIS e los
3

[}

S
3

Intake manifold pressure
Intercooler pressure

Exhaust manifold pressure

Intake manifold temperature
Intercooler temperature

Exhaust manifold temperature
Intake manifold volume (constant)
Intercooler volume (constant)
Exhaust manifold volume (constant)
Gas constant of air (constant)
Compressor mass flow

Throttle mass flow

Cylinder mass flow

Turbine mass flow

Wastegate mass flow
Turbocharger speed

Compressor power

Turbine power

Turbocharger inertia (constant)

Grey-box architecture

MSO
Tk

Uk
Laug
Nz
Uwaf
Tk
g(z,u)
Jaug Tk, Uk)
h(z,u)
Ts

Minimally Structurally Overdetermined set

Hidden state vector at sample k

Input vector at sample k

Augmented unmodeled state

Dimension of the hidden state of an MSO subsystem
Input feature vector for the WAF subsystem

Residual: Tk = Yk — 'gk

State-transition subnetwork (estimated state derivative &)
State-transition subnetwork for the augmented state zqug
Output subnetwork acting as virtual sensor

Euler integration step / sampling period (Ts = 0.055s)
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flow flow

i Air Exhaust T

Air Filter
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Figure 1 Schematic diagram of the internal combustion engine air path. Connections of the
physical components and the placement of key sensors [9].

2.1 Physical and Operational Challenges

The diagnostic architecture must cope with severe nonlinearities, thermal inertia, and actuator
lags. A major obstacle is closed-loop fault propagation. Every single fault affects all physical
states across the entire air intake system. Furthermore, since obtaining fault data on physical
engines is potentially destructive, anomalous training samples are scarce. This forces reliance
on nominal data and physical system knowledge. Solutions must also respect strict execution
timeouts, necessitating computationally lightweight, two-stage (detection and isolation)
architectures suitable for real-time inference.

2.2 Diagnosis Targets

The system must monitor the air flow and, when it detects the fault, it should classify the
operating condition as one of the following:
Multiplicative biases on sensors: air mass flow (fuwayf), intercooler pressure (fpic), and
intake manifold pressure (fpim)-
Physical air leakage in the intake manifold (finmn;).
Unknown fault (f;)

2.3 Evaluation Criteria

Performance is evaluated using three metrics (normalized 0-1):
FAR (False Alarm Rate): Percentage of false positive detections during nominal
operation.
TDR (True Detection Rate): Percentage of correctly detected faults.
FIA (Fault Isolation Accuracy): Average probability assigned to the correct fault
class upon detection.

The final ranking is determined by a composite objective function:

(1— FAR) + TDR + FIA Q)
3

A naive system (e.g. one that never triggers alarms) achieves a baseline score of around 0.33.

Total Score =
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3 Methods

3.1 Grey-Box State-Space Architecture
3.1.1 Hybrid modelling of system dynamics

To avoid the risks of overfitting and poor extrapolation, which are inherent in black-box
models that cannot be interpreted from a physical perspective, we adopt a hybrid approach
based on state space.

This work adopts the differential modelling framework proposed by [8], where the system
dynamics are approximated using a discrete-time state-space Grey-Box model comprising
two interconnected neural subnetworks. The state transition network, g(z,u), estimates
the system’s gradient, and the hidden state is updated iteratively using Euler numerical
integration (notation according to Table 1):

Tpy1 = xp + Ts - g(ag, uk). (2)

Subsequently, the output network, h(z,u), acts as a virtual sensor, mapping the internal
states and control inputs to the estimated measurement:

Uk = h(rk, uk). (3)

The raw diagnostic residual r, representing the deviation between the actual behavior of
the physical system and the prediction of the model, is then calculated as:

Tk =Yk — Yk- (4)

Our architecture strictly adheres to the core structural principles of the Grey-Box
methodology introduced by Jung [8]:
Structural Decentralization via MSO Sets: Rather than utilizing a single global
recurrent model, the architecture is strictly decentralized into four independent diagnostic
tests (MSO sets, see Section 3.1.2).
Explicit Physical Constraining: The hidden states are explicitly constrained to
represent tangible physical quantities (e.g., mass and energy accumulation in control
volumes). Consequently, the dimensionality of the state space is assigned to match the
thermodynamic complexity of each specific MSO (ranging from 1 to 5 states) (details in
Section 3.1.2).
Real-Time Hardware Synchronization: The state update frequency (integration
step Ts) is strictly dictated by the physical sensor sampling rate. Instead of using an
arbitrary numerical step size, the integration process is closely tied to the frequency at
which new data arrives from the sensor.

3.1.2 Structural analysis and selection of subsystems
3.1.2.1 Prerequisites

This solution uses structural analysis to find diagnostic tests. Structural analysis is a model-
based diagnosis technique that abstracts a system of equations into an incidence matrix
capturing only which variables appear in which equations, thereby enabling the identification
of redundant subsets of equations and the derivation of diagnostic tests for large-scale systems
without requiring their explicit analytical solution [1, 12, 6].

A Minimal Structurally Overdetermined (MSO) set, introduced in [12], is a concept
important for deriving diagnostic tests. Consider a system described by a model M(z, z, f),
where z denotes the vector of known variables (e.g., measured sensor outputs and controlled
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inputs), « denotes the vector of unknown variables (internal states and algebraic variables),
and f is a vector of fault parameters. For any subset of equations ¥ C M(z,z, f), the
structural redundancy py, is defined as the difference between the number of equations in
and the number of unknown variables appearing in them.

A subset 1 is said to be an MSO set if py, = 1, i.e., it contains exactly one more equation
than unknown variables, and no proper subset of v is itself overdetermined. An MSO set
carries the minimum amount of analytical redundancy needed to perform a consistency check
between the model and the measurements [12, 1].

3.1.2.2 Structural model of the engine

The engine MSOs were determined using the Python implementation of the Fault Diagnosis
Toolbox [5]. While the original LiU-ICE benchmark provides a comprehensive Differential-
Algebraic Equation (DAE) system of 94 relations [9], we utilized a condensed core version of
the Mean-Value Engine Model (MVEM) [4]. By focusing strictly on air-path dynamics and
turbocharger energy balances, and omitting auxiliary algebraic constraints, the core model
was reduced to 21 physical relations, 18 unknown variables, and 10 measurable signals. With
a redundancy degree of 3, this formulation yielded 27 Minimally Structurally Overdetermined
(MSO) sets. The incidence matrix for MVEM is presented in Table 2.

MSO 0, MSO 1, and MSO 10 were selected to achieve a full fault isolability while
minimizing the computational complexity. However, because purely structural MSO subsets
struggled to isolate the air mass flow fault, an additional, dedicated residual (ry.f) was
added for the detection of f,,,¢. The complete computation pipeline for all four diagnostic
residuals is summarized in Figure 2.

Although the MSO sets dictate the input variables for each subsystem, feeding raw sensor
data directly into the neural estimators often results in degraded predictive performance
due to the highly non-linear nature of the engine’s fluid dynamics. To address this, Physics-
Informed Feature Engineering was employed prior to inference. For example, the input data
for the WAF subsystem was non-linearly transformed using logarithmic mappings of engine
rotational speed and throttle position (e.g., ©1 = log(w + €)rqir) (details in Figure 2).

3.1.3 Selected diagnostic tests

The MSO 0 subsystem (N, = 1) models the local mass balance of the intake manifold.
The fact that this subsystem is independent of the mass flow measurement (y,qz) and the
turbine dynamics makes it robust to disturbances from the “cold side” of the system, allowing
for a stable assessment of the manifold’s tightness. The hidden state here follows the mass
conservation equation:

dt Vim

(Wth - chl) - fiml- (5)

The MSO 1 subsystem (N, = 5) constitutes the most complex diagnostic node, providing
a global thermodynamic consistency check. Notably, structural analysis dictates that this
subsystem must remain strictly decoupled from the mass air flow () and intercooler
pressure (Ypic) sensors to ensure reliable fault isolation. Consequently, estimating the intake
manifold pressure (ypin) based solely on ambient conditions, injected fuel mass, and actuator
positions requires the Grey-Box model to internally simulate the entire air-path dynamics. The
five-dimensional state space perfectly reflects this physical propagation chain. It encompasses
the four core differential variables of the Mean-Value Engine Model (intercooler pressure p;.,
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Table 2 Incidence Matrix of the reduced Mean-Value Engine Model (MVEM). Rows represent
structural relations (R), while columns correspond to unknown variables (X), known variables (Z),

and faults (F'). A bullet (o) denotes the incidence of a variable in a given relation.

‘ Unknown Variables (X) ‘ Known Variables (Z7) Faults (F)
R H s & & T T e H % E s s T ¢ & oz
= x ek EE £ 4844283 30 a8 EEE N
Ro . . .
R | o o
Rs . . . . .
R3 o o . .
Ry o o
Rs . . .
Rs ) .
Ry . . . . .
Rs . . .
Ry . . . .
Rio o o
Ri1 . . .
Ri2 e o o . .
Ris . 0
Ria . . .
Rus . . .« . .
Rie . . o o . .
Ri7 . . . . .
R . . . . o o
Rio e o o o
Rao o o
T ey LT e T )
I Shared grey-box residual core I
S
. State update: zy41 = zi + Ts g(zk, ur) |
| Output model: g, = h(zk,uk) .
! MLP structure 256 — 256 .
: Residual: v = yr — Uk :
MSO 0 grey-box model
‘ MSO 0 inputs ‘ {Preprocessing Intake manifold mass balance /Reil'flual o
= Yo = Ypim
‘ [P1c7 Tic, -'L'ihrvw] = J dp; RT; 70 = Ypim — Ypim
im _ Blim ey im )
Tl v (Win eyl) — fimi = -
MSO 1 grey-box model =T
: - esidual 7,
WO il Hrppiie [Preprocessmg 1_, Global thermodynamic consistency | 4| =y
pim
[pnrmbv Tamb, Tic, Tehr,w, My, Iwy] - J 71 = Ypim — Upim
Equation (6) -
MSO 10 grey-box model
MSO 10 i t . i
EaDULS Preprocessing Intercooler flow dynamics Restdualiin
Taw: Dim, Pics Mair, Tthr > A > Y10 = Ums
engineered: [Apauz, Mair, Tinr) Pauz = \/|Pim — Pic| dpic _ RTi (We— Won) 710 = Umf — Qmy
@& - Ve ¢ th —
Preprocessing

‘WAF inputs

Taw: W, Mair, Lthr
engineered: [71, 72, 73]

=

1 = log(w + €) Mair

T2 = Mair
23 = log(xinr +€)

WAF grey-box model

Residual ryqf

Air-flow sensor consistency

Figure 2 Four implemented Grey-box model residuals.

Twaf = Umf — Umyf

Ywaf = Umf
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manifold pressure p;,,, exhaust pressure pe,,, and turbocharger speed wy.), supplemented
by an augmented state (24.4) that explicitly captures unmodeled inertias, such as exhaust
thermal capacity and wastegate mechanical delays:

Dic R%(Wc — W)

d DPim . V”an (Wth - chl)

o | Pem | = | Vo Weyr + Umg = Wi = Waug) | - (6)
Wte T
Taug Jaug Tk, Ur)

The MSO 10 subsystem (N, = 1) focuses on intercooler dynamics, enabling rapid
verification of flow continuity before the throttle:
dpic _ R- T
dt Vi

(W, — W). (7)
Input data preprocessing was described in Section 3.2.1.

Integrated WAF Subsystem. (N, = 1). This diagnostic node differs slightly from the
previously described MSO subsystems. Initially, the diagnostic architecture was designed to
rely exclusively on the derived MSO subsets for full fault isolability. However, preliminary
model evaluations revealed that purely structural residuals struggled to consistently isolate
mass air flow faults under highly transient operating conditions due to the severe nonlinearities.
To address this fundamental limitation, we explicitly adopted the physics-informed feature
engineering approach proposed by Corrini et al. [10]. The input vector w,,s directly utilizes
the logarithmic transformations validated by the authors—specifically the interaction between
the mass air flow and the logarithm of engine speed, derived from the state-space equations
of a turbocharged engine, to linearize the flow dynamics (see also Section 3.2.2):

IOg(yw + 6) *Ywaf
Uyap = Ywaf , e=1075. (8)
10g(Yapos + €)

3.2 Physics Based Data Preprocessing

The effectiveness of machine learning algorithms in the diagnosis of non-linear systems
depends critically on the appropriate representation of input features.

3.2.1 Implementation of non-linear flow relationships

In accordance with the structure of the MSO 10 subsystem, as determined during the
structural analysis phase, the key element is the flow dynamics through the throttle. Instead
of forcing the neural network to learn the non-linear relationship between flow and pressure,
an auxiliary feature Apg,, was introduced:

Apauz = |pic - pzml (9)

This transformation directly reflects the simplified equation for flow through a constriction.
This reduces the complexity of the network’s optimisation task, allowing it to focus on
approximating the variable flow coefficient rather than the square root non-linearity itself.
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3.2.2 Feature engineering for the WAF subsystem

For the flow sensor fault detection module, pre-processing based on the analysis of state
variable interactions was applied, strictly following the methodology proposed by Corrini
et al. [10]. The input vector was constructed using a combination of raw sensor data and
engineered synthetic features:

The non-linear interaction between engine speed and air mass flow: log(y., + €) - Yway-

The raw, untransformed mass air flow signal: yq-

The linearized throttle position signal: log(yupos + €)-

The use of logarithmic transformations allows for the decoupling of the highly non-linear
exponential relationships prevailing in the turbocharging system. This explicit linearization
significantly improves the convergence and learning stability within the Grey-Box neural
network framework.

3.3 Truncated Backpropagation Through Time Training Scheme

Soft sensors training pipeline was implemented in PyTorch [14].

3.3.1 Optimisation and time horizon

The process of training the parameters of the g and h subnetworks was carried out using the
backpropagation algorithm. Due to the recursive nature of Grey-Box models and the need

to maintain gradient stability, the Truncated BPTT (TBPTT) [19] technique was employed.

The training data was organised into batches of size 16, with each batch comprising 600
samples. At a sampling rate of 20 Hz, this corresponds to a fixed time horizon of 30 s.

The Adam optimiser [11] was used as the optimisation algorithm with an initial learning
rate of 5-107%. To fine-tune the weights in the advanced stages of training, dynamic
step reduction was implemented, which reduced the learning rate by 3% every 10 epochs
(v = 0.97). Empirical evaluation confirmed that this specific scheduling yielded the most
stable convergence and the lowest validation error across the entire provided benchmark
dataset, preserving a non-vanishing step size even after 1000 epochs. Furthermore, to ensure
robust optimization against high-frequency sensor noise and prevent weight oscillations
induced by large outlier residuals, the Mean Absolute Error (MAE) was chosen as the
training loss function in preference to the standard Mean Squared Error (MSE).

To prevent overfitting, the training process, scheduled for a maximum of 2000 epochs,
was coupled with an Early Stopping mechanism. Training was stopped if the loss function
value did not improve (by at least 107°%) over a defined patience period of 80 epochs. The
networks typically achieved convergence between the 1200th and 1800th epochs. The final
convergence epochs and the corresponding loss values for all generated diagnostic nodes are
summarized in Table 3. Throughout the entire process, the network state corresponding
to the lowest loss value obtained for the training dataset suited specific to each MSO was
monitored and recorded each time, ensuring that models with the highest achievable result
were obtained.

3.3.2 Decoupled Dataset Composition

A critical aspect of training the decentralized diagnostic nodes was the deliberate composition
of the training datasets. While standard residual generators are typically trained exclusively
on nominal, fault-free data, this architecture leverages the structural independence properties
derived from the MSO sets to enhance isolation robustness.
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Table 3 Training convergence statistics for the Grey-Box diagnostic subsystems. The training
process utilized an Early Stopping mechanism with a patience of 80 epochs for all models. Note
that the Final Loss is computed on normalized data uniformly scaled to the [0, 1] range.

Subsystem State Dim. (N;) Max Epochs Stopping Epoch Final Loss (MAE)
MSO 0 1 2000 1803 0.00685
MSO 1 5 2000 1485 0.00522
MSO 10 1 2000 1288 0.00940
WAF Subsystem 1 2000 1451 0.00697

If structural analysis dictates that a specific subsystem is perfectly decoupled from a
particular sensor, feeding the network with datasets containing artificial faults from that
sensor forces the Grey-Box model to actively learn to ignore those specific disturbances.
Consequently, each sub-model was trained on a unique dataset combination, comprising both
healthy operation data and selected faulty sequences. The exact composition of the training
sets for each diagnostic node is detailed in Table 4.

Table 4 Composition of training datasets for individual subsystems. Models were intentionally
exposed to specific fault scenarios (f) from which they are structurally decoupled.

Subsystem Nominal Data Injected Fault Data Structural Justification

MSO 0 NF Sfway Manifold dynamics structurally de-
coupled from mass air flow sensor.

MSO 1 NF fwar, fpic Global thermodynamic model forced
to ignore cold-side sensor anomalies.

MSO 10 NF Sfwags fimi Intercooler dynamics decoupled
from mass air flow and downstream
manifold leakage.

WAF Sub. NF fpic, foim Targeted flow estimator explicitly
decoupled from pressure sensor de-
viations.

3.4 Environmental adaptation

Each incoming sample is mapped on-the-fly to the required input vectors and subjected to
the physics-informed transformations defined during the pre-processing phase. The estimated
state values are then compared with the actual system readings to generate the diagnostic
residual vectors (see Figure 4).

An innovative feature of this streaming workflow is the heuristic decision threshold
adaptation mechanism applied specifically to the MSO 1 subsystem. In automotive air-
path systems, ambient temperature (yrqms) and ambient pressure (Ypemp) act as absolute
boundary conditions that fundamentally dictate intake air density. Consequently, they cannot
be simply omitted, any fluctuation in these environmental factors cascades through the
thermodynamic equations, significantly impacting baseline mass flows and pressure drops.

To compensate for the resulting Covariate Shift, the system suspends the generation of
diagnostic alerts for the first 90 seconds (1800 samples) of the driving cycle. During this
initialisation phase, it actively analyses the baseline prediction error induced by the current
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environmental conditions. The highest recorded deviation during this window establishes the
new baseline for the adaptive alarm threshold, supplemented by a 30% safety margin. The
adaptive thresholding mechanism was illustrated in Figure 3.

Crucially, this adaptive mechanism was deliberately omitted for the remaining subsystems
(such as the MSO 0). Since MSO 0 relies heavily on highly dynamic, flow-restricting compon-
ents like the throttle, calibrating its threshold during a relatively steady-state initialisation
phase would lead to a severe underestimation of transient errors. This would inevitably
result in a flood of false alarms during sudden throttle openings later in the cycle due to the
problem of lack of enforcement.

1750
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€ 1250
=
2
g 1000
=
T
§ 750 PR BEEER 0000 5000000500000 0005500000005
3 JPUPTRPPRR S, =~ Warmup Phase
A 500 oL Active Diagnosis Phase
! i —— Filtered Residual
----- Adaptive Threshold
250 —-- Base Threshold
1 = Final Threshold
% 20 40 60 80 100 120 140
Time [s]
(a) Training conditions (FTP-75).
100000
80000
g
=
g 60000
5]
=
T
El
T 40000
3 ‘Warmup Phase
= : Active Diagnosis Phase
—— Filtered Residual
20000 HEETIRE Adaptive Threshold
i --- Base Threshold
i —— Final Threshold
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(b) New conditions (Synthetic drift).

Figure 3 Comparison of the threshold adaptation logic: In standard training conditions (a),
the system maintains the robust safety floor. Under significant covariate shifts (b), the adaptive
candidate successfully supersedes the base floor, becoming the final active threshold to maintain
diagnostic sensitivity without increasing false alarms. To simulate this covariate shift in ambient
conditions, synthetic data featuring altered ambient temperature and pressure was generated, strictly
mirroring realistic operational bounds.

3.5 Robust Detection Mechanism

To make the decision matrix independent of stochastic sensor noise and transients in fluid
dynamics, a two-stage filtering architecture was implemented (Figure 4):
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Figure 4 Fault detection and isolation mechanism. The diagnostic residuals are computed
according to the architecture detailed in Figure 2.

1. EMA (Exponential Moving Average) filter: Raw residuals from the model outputs are
smoothed in real time using a low-pass filter with a heuristically determined time constant
(a = 0.001), which mitigates the effect of high-frequency measurement noise (see Figure 5).

2. Inertial Filter (Debounce Filter): The signal indicating that the filtered residual has
exceeded the alarm threshold is verified by an error persistence counter. The alarm is
only confirmed if the threshold is exceeded continuously for 15 consecutive samples (0.75 s).

Such a rigorous configuration eliminates alarms generated by micro-jumps and the phe-
nomenon of chattering at the decision threshold. Although the use of an inertial filter slightly
increases the time to detect, this is an acceptable trade-off resulting from the prioritisation
of reducing the false alarm rate.

3.6 Fault Isolation and Vectorized Signature Resolution

The fault isolation strategy constitutes one of the most critical stages in the proposed
architecture, directly driving the overall performance in the DX Competition. The official
evaluation metric strictly balances the False Alarm Rate (FAR), True Detection Rate (TDR),
and Fault Isolation Accuracy (FIA), as defined in Equation (1). To maximize the FIA,
the diagnostic logic must resolve the boolean threshold flags from the four independent
subsystems (s, $1, $10, Sway) into a single definitive fault classification.

3.6.1 Cosine Similarity Resolution

The isolation mechanism is triggered only after the active alarms pass a strict inertial
debounce filter, which requires the threshold violation to persist continuously for at least
15 samples (0.758) to prevent decision chatter. Once confirmed, the active flags form an
observation vector o = [sg, 81, 510, Swa ]’ -

To compare this empirically observed symptom pattern against the theoretically encoded
fault dependencies, a cosine similarity approach is employed. The observation vector is first

L?-normalized into a unit versor (6 = o/||o||2) and subsequently projected onto the reference
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Figure 5 Comprehensive comparison of diagnostic residuals before (left column) and after (right
column) Exponential Moving Average (EMA) filtration. The plots demonstrate the critical necessity
of low-pass filtering in suppressing high-frequency sensor noise and transient spikes. MSO 0, MSO 1,
and the WAF Subsystem are evaluated under an intake manifold leakage (fim:) scenario, while MSO
10 highlights the response to an intake manifold pressure sensor bias (fpim). A general initialization
phase of 35 seconds (700 samples) is applied to all nodes to stabilize internal states and EMA filters,
which is strictly necessary to prevent spurious false alarms during system startup. Furthermore,
MSO 1 utilizes an extended 90-second environmental adaptation window to calibrate its dynamic
threshold against ambient conditions. For each respective subsystem, the end of its required warmup
phase is delineated by a vertical black dotted line. The red dashed line at ¢ = 120 s marks the onset

of the injected fault.
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Fault Signature Matrix (FSM) via the dot product:
s=FSM-6 (10)

where s represents the array of similarity scores across the known fault classes.

3.6.2 Hardmax Optimization and Troubleshooting Trade-off

The final isolation output is strictly binarized by applying an argmaz function to the score
vector s, assigning a value of 1.0 to the most probable candidate and zeroing out all remaining
possibilities. From a practical engineering perspective, outputting a continuous probabil-
istic distribution of suspected faults would be highly beneficial for real-world mechanical
troubleshooting, as it preserves critical information regarding secondary fault suspicions.
However, the implementation of this definitive “hardmax” algorithm was a deliberate design
choice tailored specifically to maximize the competition’s scoring function, which inherently
rewards unambiguous isolation decisions.

3.6.3 Handling Unknown Faults

A crucial requirement of the benchmark is the ability to flag unknown anomalies (f;). To
prevent the system from forcibly assigning a novel anomaly to one of the four predefined
classes, explicit structural safeguards were coded into the matrix logic. If the total similarity
score evaluates to zero, or if a specifically unmodeled symptom pattern emerges (e.g., the
simultaneous persistent activation of MSO 1, MSO 10, and the WAF subsystem without
triggering MSO 0), the algorithm executes a case override. This explicitly routes the diagnosis
to the unknown fault vector, ensuring safe and predictable behavior under unforeseen
operating conditions.

Table 5 Fault Signature Matrix (FSM) defining the theoretical isolation logic. A bullet (o)
indicates that the diagnostic node is sensitive to a specific fault.

Target Fault Scenarios (F')
Diagnostic Node

MAF (fway) Leak (fimi) IC Press (fpic) IM Press (fpim)

ro  (MSO 0) . . .
T1 (MSO 1) L] L]
T10 (MSO 10) [ ] L
rwaf (WAF Sub.) . .

4 Results

4.1 Computational Complexity and Real-Time Feasibility

The evaluation script was executed in a standard desktop environment. The hardware
configuration consisted of an Intel Core i7-10850H CPU (2.70 GHz) paired with 32 GB of
RAM, operating on Windows 11 Pro. Notably, the inference was conducted exclusively on
the CPU without reliance on a dedicated GPU accelerator.
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While the final inference phase of the trained Grey-Box models is exceptionally fast—
relying purely on lightweight matrix multiplications and basic numerical integration—the
offline training process using Truncated BPTT is computationally intensive. Training each
diagnostic subnetwork to convergence required approximately 6 to 10 hours of computation
time on the specified CPU setup. However, once trained, empirical measurements during
the validation phase revealed an average processing time of 0.82ms per sample. Because
t < 100 ms, this performance validates the architecture’s compliance with the competition’s
timeout limits and its readiness for real-time industrial deployment. This time is as much
restricted because the timeouts limit the maximum processing time per sample and not the
average. Max from these files is Max: 49.5 ms which is about half of the timeout.

4.2 Evaluation on the shared datasets

The proposed Grey-Box diagnostic architecture was evaluated against the official benchmark
datasets provided by the competition organizers. The validation set encompasses two driving
cycles: the FTP-75 (Federal Test Procedure) and the WLTP (Worldwide Harmonised Light
Vehicles Test Procedure). The datasets contain both nominal fault-free operations (NF) and
various fault scenarios injected at different magnitudes (e.g., sensor biases ranging from 0.85
to 1.15, and manifold leaks of 4 mm and 6 mm).

Table 6 presents the aggregated evaluation metrics, averaged across all specific fault
magnitudes within each category. The results demonstrate the high robustness of the
architecture, an achievement attributed mainly to the decentralized MSO formulation,
supported by physics-informed constraints. The system achieved a global Total Score of
92.29%, driven primarily by a low average False Alarm Rate (FAR) of 0.68% and a near-
perfect Fault Isolation Accuracy (FIA) of 98.97%. Notably, for the majority of the sensor
bias faults (fpic, fpim, fuwas), the isolation accuracy reached a perfect 100%, validating the
effectiveness of the Cosine Similarity isolation logic combined with the structural decoupling
strategy.

100

NF 98.9 0.3 0.0 0.7 0.0 0.0

80

Fpic - 22.9 0.0 _
g %
=] 60 2
o E
-g 3
° fp,'m - 11.9 0.0 5
] )
o g
E - 40 §
= 3
fuar-  35.8 0.0 -
-20
fimi - 0.3 0.0
: ! ! ! | -0
NF fp/’c fpim fwaf f/‘m/ fx

Predicted Condition

Figure 6 Confusion matrix.
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Crucially, the proposed diagnostic architecture is entirely deterministic during the inference
phase. The evaluation metrics (FAR, TDR, and FIA) remain perfectly consistent across
multiple executions, demonstrating high reproducibility regardless of the underlying operating
system or hardware architecture. This hardware-agnostic predictability is a significant
advantage for potential real-world deployment. However, it should be noted that the final
evaluation score exhibits a minor dependency on the Python runtime environment. As
observed during testing, upgrading the interpreter from Python 3.11.8 distribution to version
3.11.12 yielded a slight improvement in the final score. This variation is strictly attributed to
low-level differences in floating-point arithmetic handling and underlying library optimizations
across Python releases.

Table 6 Averaged evaluation results across the FTP-75 and WLTP driving cycles. Metrics are
aggregated by fault class, encompassing all tested fault magnitudes. (Note: TDR for NF indicates
the correct classification of nominal state).

Driving Cycle Fault Class FAR [%] TDR [%] FIA [%] Score [%]

NF 0.00 100.00 100.00 100.00

FTP-75 fpic 0.00 78.15 100.00 92.72
fpim 0.00 85.20 100.00 95.08

Jwar 0.00 57.68 100.00 85.92

NF 1.80 100.00 100.00 98.20

fpic 0.00 76.87 100.00 92.28

WLTP fpim 4.07 89.65 97.53 94.37
fwas 0.00 67.35 100.00 89.12

fimi 0.00 99.65 86.30 95.30

Global Average (41 files): 0.68 78.75 98.97 92.29

The performance drop observed in the True Detection Rate (TDR) for specific faults
(e.g., the 0.95 and 1.05 bias magnitudes for f,qr) is a direct consequence of the rigorous
0.75s inertial debounce filter, EMA filter and the deliberate tuning of the alarm thresholds.
By sacrificing detection sensitivity for micro-faults that closely mimic natural sensor noise,
the architecture successfully prevented error propagation and achieved the primary industrial
requirement: avoiding false positives under highly transient conditions.

4.3 Evaluation on the Competition Datasets

To rigorously validate the generalisation capabilities of the proposed Decoupled Grey-Box
Architecture, the final algorithmic solution was submitted to the competition organisers for
an independent, blind evaluation. The system was tested against a set of datasets withheld
during the training and validation phases. These hidden datasets span varying driving cycles
(WLTP, FTP75 City, FTP75 Highway) and introduce different fault magnitudes, including
categorised small and large intake manifold leakages (fimi).

The official performance report returned by the evaluating committee is summarised in
Table 7.

4.3.1 Performance Analysis

As evidenced by the official feedback, the architecture exhibits exceptional robustness and
accuracy in diagnosing mass air flow (fues) faults and intake manifold leakages (fimi)-
Notably, the system handles leakages — which are traditionally difficult to decouple from
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Table 7 Official evaluation results provided by the competition organisers. High scores across
most scenarios validate the robustness of the architecture, while specific degradation in two datasets
highlights operational limits.

Driving Cycle Fault & Size TDR [%] 1-FAR [%] FIA [%] Score
FTP75 City 2 fimu (large) 99.57 100.00 98.72 99.43
FTP75 City 2 fimi (small) 97.13 100.00 99.33 98.82
FTP75 Highway fimi (large) 100.00 95.60 100.00 98.53
FTP75 Highway fimi (small) 96.66 100.00 98.87 98.51
FTP75 City 2 Swar (-12%) 100.00 94.06 64.05 86.04
FTP75 City 2 Jway (+12%) 96.83 100.00 100.00 98.94
FTP75 (Standard)  fpim (-10%) 21.12 85.10 30.70 45.64
FTP75 (Standard)  fpim (+10%) 99.93 100.00 91.25 97.06
FTP75 Highway Sfpim (-10%) 98.79 100.00 92.36 97.05
FTP75 Highway fpim (+10%) 99.22 100.00 100.00 99.74
WLTP fric (-3%) 97.91 96.35 80.20 91.48
WLTP fpic (+8%) 100.00 34.61 0.00 44.87

Overall Average: 92.26 92.14 79.62 88.01

rapid throttle transients — with near-perfect scores (averaging over 98.8%) across both highly
dynamic city driving and steady-state highway conditions. The dynamic thresholding and
covariate shift adaptation mechanisms successfully maintained a 100% non-false-alarm rate
(1 — FAR) in the majority of these independent test scenarios.

4.3.2 Boundary Limitations and Edge Cases

Despite the overall high performance, the blind evaluation exposed two specific boundary
conditions where the diagnostic logic degrades. Firstly, a negative drift in the intake manifold
pressure sensor (fpim at -10%) under the standard FTP75 cycle resulted in a severely
suppressed TDR, (21.12%). Interestingly, the exact same fault magnitude was easily detected
and isolated under Highway conditions (Score: 97.05). This suggests that the magnitude of a
-10% pressure drop becomes indistinguishable from the model’s natural uncertainty bounds
during the frequent, low-load deceleration phases characteristic of urban FTP75 driving.

Secondly, a positive drift in the intercooler pressure sensor (fpi. at +8%) under the
WLTP cycle caused a complete collapse of the isolation logic (FIA = 0.00%) alongside a high
false alarm rate. A 100% TDR indicates that the residual generators correctly flagged an
anomaly, but the resultant symptom vector fell outside the expected bounds of the Fault
Signature Matrix. This independent finding highlights the extreme sensitivity of the air-path
thermodynamics to positive pressure biases upstream of the throttle, identifying a clear
direction for future structural improvements.

5 Discussion

Sensitivity to Mass Air Flow Faults

The most significant limitation observed during the evaluation was the relatively lower True
Detection Rate (TDR) for the air mass flow sensor (fyqr). Despite incorporating specialized
feature engineering and logarithmic transformations, the system struggled to consistently
distinguish small fault magnitudes (e.g., 0.95 and 1.05) from the high-frequency measurement
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noise and model mismatches during steep transients. This suggests that while the integrated
WAF module enhances isolability, its detection threshold must remain high to avoid false
positives, ultimately sacrificing sensitivity to low-magnitude sensor drifts.

Detection Latency vs. Robustness

To achieve a near-zero False Alarm Rate (FAR), a rigorous 0.75s (15 samples) inertial
debounce filter and high inertia filter were implemented. While this successfully suppressed
noise-induced spikes and transient-related residuals, it introduced a significant activation
delay. Future work should focus on developing adaptive filtering techniques that can reduce
this latency without compromising the system’s robustness against measurement noise.

Intake Manifold Leakage Isolation

The isolation of physical air leakage (fimi) showed room for improvement. Enhancing the
IML isolation would require a more granular analysis of the leakage-induced pressure drop
characteristics.

Strategic Data Utilization and Synthetic Scenarios

To overcome the inherent data scarcity of the benchmark, the proposed methodology leveraged
cross-fault training. By feeding diagnostic nodes with data containing faults from which they
are structurally decoupled (e.g., exposing MSO 0 to fiqf anomalies), the models were trained
to actively ignore overlapping disturbances. Furthermore, there is significant potential in
artificially synthesizing new, physically plausible fault scenarios.

The Role of Warmup Periods

The implementation of a 90-second (1800 samples) initialization and warmup period was
essential for handling covariate shift caused by environmental factors. This period allows the
system to calibrate its baseline residuals and adapt its thresholds to the current operating
environment. However, this approach introduces a critical diagnostic risk which is fault
masking. If a fault—particularly a subtle sensor bias—is present from the moment the engine
starts, the adaptation logic might erroneously incorporate this anomaly into its healthy
baseline calibration. Furthermore, during this 90-second window, the system’s sensitivity
is intentionally reduced, creating a temporal blind spot where critical failures could go
undetected.

By identifying these bottlenecks, we provide a clear roadmap for future iterations of the
system, focusing on the refinement of the feature-driven diagnostic nodes and the optimization
of the isolation logic to handle even more subtle fault manifestations.
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—— Abstract

Model-based diagnosis can identify fault hypotheses that are compatible with observed abnormal

behaviour. Still, it does not necessarily determine which fault is responsible for a particular symptom
when several faults are active simultaneously. We propose a counterfactual framework for post-
diagnostic fault responsibility analysis in dynamical systems. The physical process is represented
as a time-indexed structural causal model, while faults are encoded as interventions on individual
system mechanisms. Responsibility is evaluated by comparing the factual system trajectory with
counterfactual trajectories in which candidate faults are removed while the operating conditions and
control structure are kept fixed. We instantiate the framework on an electro-thermo-mechanical
model of a DC motor and evaluate it in two simulated multi-fault scenarios. The results show
that counterfactual fault removal can separate the contributions of different faults to individual
symptoms and distinguish severity contribution from necessity for a failure event. The proposed
approach therefore complements conventional diagnosis with symptom-level causal explanations of
faulty system behaviour.
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1 Introduction

Fault diagnosis in dynamical systems commonly addresses two related tasks: detecting
that the system has departed from nominal behaviour and isolating the fault or set of
faults that is compatible with the observed measurements. Standard fault detection and
isolation methods typically achieve this through residuals, analytical redundancy relations,
observers, or structural relations between system variables. These methods are well suited to
determining whether a fault is detectable or distinguishable from other faults. However, once
several faults are simultaneously active, identifying the active fault set does not necessarily
explain which fault is responsible for a particular symptom or failure event. This distinction is
important because compatibility, detectability, and causal responsibility are different notions.
A fault may produce a nonzero residual or contribute to abnormal behaviour without being
necessary for a specified event. Conversely, a fault may be largely hidden in the measured
output by feedback control while still being responsible for increased actuator effort, thermal
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stress, or the crossing of a safety threshold. Residual magnitudes alone therefore do not
generally establish whether a failure would still have occurred had one of the active faults
been absent.

We address this problem using counterfactual reasoning. Rather than asking only whether
a fault hypothesis is consistent with the observations, we ask whether the observed symptom
would still have occurred under an intervention that removes the fault while preserving the
remaining operating conditions. This requires a model in which faults modify the physical
mechanisms that generate the system trajectory. Structural causal models (SCMs) provide
such a representation through modular structural assignments and explicit interventions.

In this work, a dynamical system is represented as a time-indexed structural causal
model derived from its physical equations. Electrical and mechanical faults are encoded as
interventions on individual mechanisms rather than as direct changes to measured variables.
Starting from a factual multi-fault trajectory, we generate counterfactual trajectories in
which candidate faults are removed individually while the initial conditions, reference task,
load profile, and controller remain fixed. The resulting comparisons provide a post-diagnostic
explanation of fault responsibility. They can distinguish whether a fault contributes to
the magnitude of a symptom, is mainly responsible for one symptom rather than another,
or is necessary for a failure event to occur. The proposed method therefore complements
conventional FDI. FDI supplies candidate fault mechanisms, while counterfactual analysis
explains their symptom-specific consequences after diagnosis.

We demonstrate the approach using a DC motor model. The model contains electrical,
mechanical, and thermal feedback mechanisms and therefore provides a suitable setting for
studying fault propagation under closed-loop control. Two simulated multi-fault experiments
are used to evaluate whether counterfactual fault removal can separate responsibility for
angle-synchronous disturbances and overheating.

The main contributions of this paper are (1) the formulation of a physical DC motor
model as a dynamic SCM, (2) the representation of electrical and mechanical faults as
interventions on physical mechanisms, (3) a counterfactual fault-removal procedure for
assigning symptom-specific responsibility.

2 Related Work

In Reiter’s theory of diagnosis [13], a diagnosis is a set of components assumed to be
abnormal such that the system description is consistent with the observations. De Kleer and
Williams extended this framework to multiple-fault diagnosis through the General Diagnostic
Engine [5], while later work studied minimal and kernel diagnoses and structured system
descriptions [4, 3]. These approaches provide rigorous methods for generating candidate
fault explanations, but primarily ask which abnormality assumptions are consistent with the
observations rather than whether a fault was responsible for a particular failure event.
Abductive diagnosis places greater emphasis on explanation by selecting hypotheses that
imply the observed behaviour. Poole proposed an early general framework for abductive
explanation and prediction [12], while Console and Torasso integrated models of correct and
faulty behaviour [1]. Friedrich, Gottlob, and Nejdl further connected diagnosis with decisions
and therapy [6]. Cordier et al. [2] relate Al-based model-based diagnosis to control-based
fault detection and isolation (FDI). Both traditions identify faults through violations of
healthy-system relations, although AI diagnosis commonly uses symbolic component models
and logical conflicts, whereas FDI typically uses numerical dynamic models and residuals.
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Structural methods extend FDI to larger dynamical systems by reasoning about the
connections between variables and equations, sometimes without requiring a complete
numerical model. They have been applied to fault detectability and isolability, sensor
placement, and residual-generator selection [14, 15]. In contrast, our work assumes that
relevant fault mechanisms are available and uses counterfactual simulation to determine
which fault is responsible for a specified symptom.

Causal models provide a natural representation of faults as changes to system mechanisms.
Pearl’s structural causal model framework formalizes interventions and counterfactuals [10],
while Halpern and Pearl define actual causality in terms of whether an event remains
necessary under suitable counterfactual changes [8]. This perspective is directly relevant to
fault responsibility analysis, as shown in the work of Weiblich et al. [16], where they construct
counterfactual trajectories and score them to indicate whether the failure was removed. We
employ a similar idea, however using an SCM constructed .

3 Methods

In this section, we describe the dynamic SCM used for the DC motor. A DC motor is a
useful example of a causal dynamical system because its main mechanisms are known from
physics: voltage affects armature current, current generates torque, torque changes angular
velocity and rotor angle, and the resulting current and motion generate heat. Following
the view of causal dynamical systems in [11], we model the plant dynamics as deterministic
structural equations and add noise only at the measurement level.

As is the practice in causal reasoning, we make an assumption on the world and the
model around the level of abstraction needed for the task. We do not explicitly model
microscopic transient effects inside the motor, but rather focus on second-order dynamics.
We also assume that a model of the motor is available, as well as the knowledge of how
certain faults affect the motor.

The structure of the causal graph and variable ordering is defined by the physical direction
of the mechanisms when considering a motor operating regime. The input voltage affects
the armature current through the electrical dynamics. The current affects the produced
torque, which affects the angular velocity and rotor angle. The angular velocity also causes
back-EMF and opposes changes in the current, creating a primary loop in the dynamics.
The current also generates heat through resistive losses, and angular velocity generates heat
through friction, causing the winding temperature to change the armature resistance. The
winding temperature then affects the armature resistance, closing an electro-thermal feedback
path in the causal graph.

3.1 Structural Causal Models

A Structural Causal Model (SCM) [10, 8, 7] represents a system in terms of causal mechanisms
for each variable. The central property of an SCM is modularity. Each structural assignment
represents an autonomous mechanism that can be modified without changing other mechan-
isms in the model. An intervention in an SCM do(Xj = x), replaces the original structural
assignment for variable X, by the constant assignment Xy := x. This distinguishes interven-
tion from conditioning: observing X = x does not change the data-generating mechanism,
whereas do(Xy = x) does.

SCMs support counterfactual reasoning. A counterfactual asks what would have happened
under a different intervention, given the same factual situation. Conceptually, this is evaluated
by first inferring the relevant background conditions from the factual observation, then

16:3

DX 2026



16:4

Counterfactual Fault Responsibility of a DC Motor

modifying the intervened mechanism, and finally evaluating the modified model under the
same background conditions. In this paper, we use a domain-specific counterfactual fault
removal criterion to distinguish severity contribution from necessity for a symptom event.

To correctly define a counterfactual on a DC motor, we use an SCM. Since the DC motor
is a dynamical system, we use a time-indexed SCM. Instead of a classic static assignment
where any variable X; in an SCM is defined by a function of its parents Pa; and exogenous
inputs U;, X; := f;(Pa;, U;), the model specifies how the variable X; evolves from one time
step to the next:

XngAt = f(XtZ? Paia Utz)v (1)

where now the variable is dependent on its previous state as well as the time-indexed states
of the parents and exogenous variables. This connects SCMs with classical state-space and
differential-equation models; the equations describe physical time evolution, while the causal
interpretation specifies which mechanisms affect how and which each variable is affected.

3.2 A causal dynamical model of a DC motor

As our plant model, we develop a custom model of a DC electric motor. The model is a
dynamic, nonlinear, multivariate system that falls into the category of dynamic structural
causal models with noise added to the measured values, as detailed in [11]. As a starting
point, we use well-known descriptions of the basic DC motor behaviour:

dt = Uin (t) - R, (t)ia(t) - kw(t)a (2)
Jd%t) — Kig() — 7(w) — My (t). 3)

where u;, [V] is the input voltage, R,[(2] is the coil armature resistance, i,[A] is the armature
current, k[Vs] 2 is the back-EMF constant, w[rad/s] is the angular velocity, and L[H] is the
inductance. J[kgm?] is the moment of inertia of the rotor, 7[Nm] is the friction torque and
M,[Nm)] is the load torque.

We model the friction 7(w) as a Stribeck curve. It consists of three parts: the startup,
mixed, and running friction. General mechanical friction is given by the following formula as
opposing torque:

7(w) = (TC + (Tmaz — 7C) - 6(52‘)2> - tanh (%) + k- w. (4)

In Equation 4, 7¢ is the Coulomb friction, 7,4, the maximum friction value, w is the angular
velocity, we is a value of w at which we switch from the startup to mixed friction, k, is the
viscous friction coefficient, and € is a small value used to saturate the tanh(-) function to
make sure that the friction is always opposing rotation.

The thermal part of the model is added because the winding resistance is not constant,
but changes with the winding temperature. This allows the model to account for overheating.
The temperature-dependent armature resistance is modelled as

Ra(t) = RO (1 + OéCu(Tw(t) - TT'ef)) P (5)

2 The back-EMF constant k in both the electrical and mechanical equations is equivalent in SI units:

[Rm] = I = f2s) = [Vs).
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where Ry is the nominal armature resistance, ac,[1/K] is the copper temperature coefficient

and Ty is the reference temperature. The copper losses are modelled as Pcy, () = i2(t) R, (t).

a
The winding temperature is then described as

dT,(t)
_— P —
C’w dt C’u(t)

Tw(t) — Tr(t)

Rwh ’ (6)

where C,,[J/K] is the winding thermal capacitance, T, (¢)[K] is the winding temperature,
Ty[K] is the housing temperature, and R,,[K/W] is the thermal resistance between the
winding and the housing. The housing temperature is modelled as

dTy (%)
dt

Tu(t) = Th(t)  Tu(t) — T,

C
" Rwh Rha ’

= Ph(t) —+

(7)

where C}, is the housing thermal capacitance, Ry, is the thermal resistance between the
housing and ambient, and 7T}, is the ambient temperature. The term P, (t) represents the
heat generated by mechanical losses. Power lost to mechanical movement is proportional to
viscous friction, so we approximate it by a scaling factor Py, (t) = nk,w?(t), where 7y, is the
scaling factor.

The full electro-thermo-mechanical model is given by the state vector:

; (®)

equations describing the causal mechanisms for the state endogenous variables written
in Equations 2, 3, 6, 7 and the expression w(t) = 0(t). To complete the causal model, we

2(t) = [ia(t) w(t) 0@) Tut) Tu(®)]"

define the exogenous variables in a vector u(t) = [ue/(t) M(t) Tambient (t)]T. uer(t) is the
effective input voltage, M (t) is the outside torque required for the task and Thmbient(t) is the
ambient temperature. A graph of the dynamic SCM can be seen in Figure 1. The figure
shows the model’s causal relations, but leaves out some mechanisms since the graph would be
too crowded. A graph like the one in Figure 1 is meant to easily show the causal relationships
and help with determining how interventions (and with that counterfactual) would propagate
through the model.

Each fault is represented as an intervention on one structural mechanism of the motor
model. Thus, a fault does not directly assign a value to an observed variable. Instead, it
modifies the equation that generates the affected variable. The observed symptoms then
arise through the propagation of this mechanism change through the dynamical system. The
electrical faults in the model are defined as follows. A resistance fault increases (FEF1)
the effective armature resistance Ry — Rg + AR. This affects both the electrical voltage
equation and the copper losses. A brush or commutator voltage drop fault (FEF2) introduces
an additional voltage loss to the input w, (t) = uei(t) — Uagrop(t). A localized commutator
fault (FEF3) introduces a voltage drop only at a specific rotor angle ugrop(t) = AV; - g(6(2)).

Here, g(0) is an angular gate function:

1, [|wrap. (0 —6p)| <0,
0) = 9
9() {O, otherwise. ©)

This means that the fault is only active when the rotor passes through a defective angular
sector. A demagnetization fault (FEF4) is modelled by reducing the motor constant k — k —
Ak. Since k appears in both the electrical and mechanical equations, this fault simultaneously
changes the back-EMF and the produced motor torque.
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Figure 1 A dynamic SCM representing a DC electric motor model. For clarity, this graph does
not contain all variables of the full model.

The mechanical faults are modelled similarly. Increased viscous friction fault (FMF1)
modifies the viscous friction coefficient k,, — k, + Ak,. An increased Coulomb friction
(FMF2) fault modifies the Coulomb friction level: 7¢ — 7¢ + A7¢. An inertia fault (FMF3)
changes the effective inertia of the system J — J 4+ AJ. Finally, a periodic mechanical
disturbance (FMF4) is represented as an angle-dependent torque M, (t) = AM, - g(0(¢)).

Finally, we write the SCM model in a compact form. At every time step, the previous
state z;, the input voltage u;, the load torque My, ; and the active fault vector F}; determine
the next state xiya¢:

T4+ At = fSCM ($t7ut7 ML,t>Ft) . (10)

The measured values are then generated from the true simulated states by adding measurement
noise: y¢ = h(x)+e;. The variable y; denotes the measured variables, h(-) is the measurement
function, and &; is measurement noise. The measurement function h(-) represents a sampling
algorithm from simulation sampling time to sensor sampling. To mimic reality, we keep
the states of the motor hidden and only observe certain variables that would be easily
measurable with sensors, i.e., the voltage, current, angle, rotational velocity, and the housing
temperature.

The motor is simulated by numerically integrating the structural equations. For this, we
use a fourth-order Runge-Kutta method. During one integration step, the input voltage, load
torque, and active fault configuration are kept constant. Faults can therefore be scheduled
by changing the corresponding fault variable at a chosen time.

3.3 Counterfactual fault responsibility analysis

An SCM can also be used to explain which fault mechanisms are responsible for specific
observed symptoms. This is particularly useful when multiple faults are active at the same
time. In such cases, identifying the set of active faults does not necessarily explain which
fault caused which part of the faulty behaviour. We use counterfactual fault removal to
assign responsibility to individual mechanisms.



E. Muji¢ and F. Wotawa

Let the factual fault configuration set be denoted by F = {F}, Fs, ..., Fi},

where multiple fault mechanisms may be active, that is F; > 0,7 =1,...,k. This is the
set of all faults we predefine to be possible or probable in a system. The factual trajectory is
generated by simulating the SCM under a fault configuration containing at least a single
active fault Ffoct:

x{iztt = fscm (xfaCt,ut,ML,t,dO(F = Ffm)) . (11)

This represents a real scenario where a system is detected to be faulty by an arbitrary
measure, but it is unknown what exactly the root cause is; that is, we know that there is at
least a single fault active F; > 0, but don’t know which fault exactly is to blame such that
F j € F.

To evaluate the responsibility of any particular fault F; € F', we construct a counterfactual
world in which this fault is removed while the remaining background conditions are kept
fixed. This corresponds to a counterfactual trajectory with a single fault F; removed:

vt ae = Fson (27 ue, My, do(F; = 0,y = FI*)) (12)

Here, the same initial state and torque profile are used as in the factual case; the controller
input is recomputed in each counterfactual branch since the system is closed in a control
loop.

Responsibility score is then measured by comparing the symptom measure between the
observed and the counterfactual trajectories. Let Sg(x) denote a scalar measure for any
symptom s. The responsibility of fault F; for symptom s is defined as

Ri_ys = Sy(zfeet) — Sy(a™%). (13)

A large positive value means that removing fault F; reduced the symptom s and therefore
that F; is responsible for that symptom. A value close to zero means that the symptom is
largely unchanged when the fault is removed.

This analysis allows the diagnosis to be refined from a fault-level statement to a symptom-
level explanation. For example, a localized electrical defect may be responsible mainly for
angle-synchronous current and tracking ripple, while increased Coulomb friction may be
responsible mainly for persistent high current and thermal load. Counterfactual removal
therefore explains how different fault mechanisms contribute to different aspects of the
observed faulty behaviour.

4 Experiments

We simulate the model parameters found in a datasheet for an industrial DC motor, MAXON
RE40 (model number 148867) motor [9].

We evaluate the counterfactual responsibility procedure on two simulated fault-assignment
experiments. The purpose of these experiments is not to identify an unknown fault, but to
explain which fault mechanism best explains the observed symptom. Each experiment follows
the same procedure: simulate the faulty branch, remove each candidate fault by intervention,
compute symptom-specific scores, and assign contribution or necessity by comparing factual
and counterfactual branches.

All experiments use the previously described SCM, simulated with an integration step of
At = 10~%s. The faults are present from the start of the simulation, so the system never
evolves under nominal conditions. The motor is controlled by the same closed-loop position
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controller in every factual and counterfactual branch. The full control loop consists of a PI
controller for the positional error, e(t) = 6,.¢(t) — 6(t), voltage saturation of 24V, and a
small feedforward term to compensate for the motor’s own inertia.

The electrical and mechanical quantities are sampled at fe; = 10kHz and fiecn = 1kHz,
respectively, with added Gaussian noise. The same mechanical sampling is used for the
controller. Position is measured with a 10-bit relative encoder. Noise is added to all
measurements with standard deviations of o, = 0.05V, 0;, = 0.02A, o, = 0.5rad/s,
o9 = 0.002rad and o, = 1°C. The values of both the sampling frequencies and measurement
noise are chosen as plausible for sensors accompanying a DC motor in use.

Unlike the real setting where the initial states of the system would come from an abduction
step (filtering), we use the simulated values directly as we have access to them. To verify
that the method works with a mismatch between the simulated motor and the model, we
run N = 100 tests with random parameter values uniformly sampled around nominal values
(from [9]) by 25%.

4.1 Angle-synchronous ripple

The first experiment tests the method on two simultaneously active faults: FEF3, an
angle-gated localized electrical voltage drop, and FMF2, an increase in Coulomb friction.
Hypothetical scenario represents a damaged brush-commutator contact for § = 10° where
the voltage drops by 2V, and worn bearings increasing the load torque by A7c = 0.1 Nm at
angular velocity around Orad/s.

The reference angle repeatedly passes through the damaged angular sector, making the
localized electrical defect observable. At the same time, the trajectory contains low-speed
reversals and loaded crawling phases. The motor is simulated for 120s.

The simulated world faults FEF3 = 1 and FMF2 = 1 active is compared to three different
counterfactual worlds: do(FEF3 = 0), do(FMF2 = 0) and do(FEF3 = 0, FMF2 = 0).

These counterfactual worlds are chosen to show whether the method can correctly assign
the blame and separate the effects of faulty behaviour from individual faults and their
combined effect. In a more realistic setting, all possible faults would be included as possible,
or some subset chosen by a heuristic. The expected assignment is that FEF3 is responsible
mainly for angle-synchronous current and tracking ripple, while FMF2 is responsible mainly
for persistent high current and overheating.

To evaluate the angle-localized symptom, we define a diagnostic angular sector around
the defective commutator position:

gaiag(0) = 1 (lwrap, (6 — 60)| < daiag) , (14)

with 90 =0 and 5diag = 15°.

This diagnostic sector is slightly wider than the physical fault sector to capture the
dynamic response around the defective angular region. Given the information from the
encoder, it’s possible to estimate at which angles the faults appear and therefore estimate
the diagnostic sector dgiag-

For each counterfactual trajectory, we compute a set of scores, each pointing toward a
symptom. To calculate the scores, we only use the measurements we plausibly could have
in the system already. We record tracking RMSE, RMS and peak current, RMS and peak
voltage, voltage-saturation time (above 0.98u;,,,) and peak temperatures. The thermal
symptom is evaluated using the winding and housing temperature. A winding-overheating
event is declared if max; T,y (t) > Ty tim. A housing-temperature event is defined analogously
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using T}, 1im = 70°C. To measure not only whether the threshold is crossed but also how
severe the violation is, we use the thermal excess cost.

1 1
Jthermal - N Z (maX(O, Tw(k) - zjw,lim))2 + 025N Z (maX(O, Th(k) - jjh,lim))2 3 (15)

k k

which grows quadratically if they exceed the limits and is zero if the respective temperatures
stay in the safe region below. We also say that overheating of the winding is four times as
harsh, hence the 0.25 factor in the expression.

To evaluate the localized electrical fault symptom, we compute the differences in the angle
tracking values and current in the damaged commutator sector (denoted by €) and outside
of it (¢). A diagnostic angular gate at the damaged commutator is defined in Equation 14.
To describe the angle-synchronous tracking ripple we write Ry = RMSE,, ¢ — RMSE,, ¢
and for the angle-synchronous current ripple, Ry = RMS; ¢ — RMS; ¢

An angle-ripple event is detected if either of these quantities exceeds its threshold of
0.05rad and 0.75 A respectively. The corresponding angle-ripple cost is

max(O,Rg))2 (max(O,R1)>2
Jangle = | ———— | + | ———= ) . 16
¢l ( Ry lim Rpim (16)

Finally, the overall severity score is a weighted sum of mean tracking error, mean current,
voltage saturation, thermal excess, and angle-synchronous ripple:

Jtotal = wtrackt]track + wy JI + Wsat Jsat + wthernlaljthermal + Jangle~ (17)

In our experiments, all weights were set to 1. The individual score components are chosen
to match the expected physical effects of the faults we model and are aware of the effects.
The localized electrical fault FEF3 is angle-dependent, so its main symptom should appear as
an increase in current or tracking error when the rotor passes through the damaged angular
sector. Increased Coulomb friction FMF2 primarily increases the required motor current
and therefore the winding and housing temperatures. Voltage saturation is included because
severe faults may force the controller to operate at its actuator limit.

Counterfactual responsibility is evaluated by comparing these scores to the SCM factual
branch. For a removed fault F;, the reduction in a symptom score is AJ; ¢ = Jfct — j=i,

A large positive value means that removing F; reduces symptom s, and therefore that the
fault contributes to that symptom. If an event occurs in the factual branch but disappears
under do(F; = 0), then F; is treated as necessary for that event. This separates event
prevention from severity reduction: a fault may be responsible for making a symptom worse
even if it is not individually necessary for the event threshold to be crossed.

4.2 Overheating responsibility

The second experiment evaluates responsibility for winding overheating in the presence of
partial demagnetization (FEF4) and increased viscous friction (FMF1). This combination
represents an aged motor with weakened permanent magnets and worn bearings. The factual
configuration is FEF4 = 1, FMF1 = 1, with Ak = 0.05ky and Ak, = 30k,9. The motor is
simulated for 1200s to capture its slower thermal dynamics. The reference and load profiles

are chosen to excite viscous friction through sustained moderate-to-high-speed operation.

The motor follows a constant-speed trajectory while the load torque increases in steps from
120 mNm to the nominal value of 177 mNm.
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The factual world is compared to five counterfactual worlds: do(FEF2 = 0), do(FEF4 = 0),
do(FMF2 = 0), do(FMF1 = 0) and do(FEF4 = 0, FMF1 = 0). FEF2 and FMF2 are inactive
in the factual world and are therefore included as negative controls. FEF4 and FMF1 are
the candidate mechanisms for explaining the observed overheating.

We use the tracking, current, voltage-saturation, and thermal scores defined in Section 4.1,
omitting the angle-ripple term. The primary event is winding overheating:

Ethermal =1 ml?‘x Tw(k) Z Tw,lim 5 (18)

where Ty, 1im = 90°C. Thermal severity is quantified using Jihermal from Equation 15, and
the total score is the equally weighted sum of the remaining score components.

A fault contributes to thermal severity if its removal decreases the peak winding tem-
perature by more than 5°C, a heuristically selected threshold. The reduction is measured
as

w,max

AT = max Tt (k) — max T, (k).

A stronger condition is necessity: fault F; is necessary for overheating when the event occurs
in the factual trajectory but disappears after its removal,

Efct =1 and E;’ . =0. (19)
5 Results

5.1 Fault blame assignment - Angle-synchronous ripple

Figure 2 shows the position tracking error, armature current, and winding temperature
for the factual and counterfactual trajectories. The upper panel reveals angle-localized
disturbances in branches where FEF3 remains active. These disturbances are strongly
suppressed when FEF3 is removed, supporting the interpretation that FEF3 is responsible
for the angle-synchronous tracking symptom.

The middle panel shows that branches with FMF2 active require a persistently higher
armature current, while FEF3 additionally produces localized current spikes. Removing
FMF2 lowers the current magnitude throughout the experiment, whereas removing FEF3
primarily suppresses the angle-synchronous spikes.

The winding-temperature trajectories in the lower panel show that FMF2 is necessary
for the overheating event. Every branch in which FMF2 is removed remains below the
winding-temperature limit, while removing FEF3 alone does not prevent overheating.

In Table 1, we show numerical results of our experiments, the values of score functions
from Section 4.1, and winding temperature values for each simulated world. From the table,
we can conclude that intervention do(FEF3 = 0) always removes the angle ripple event,
while the intervention do(FMF2 = 0) always removes the overheating event. The results
indicate that the effects of the two faults are interaction-dependent. Removing one fault does
not necessarily reduce every cost component, because the intervention changes the system
trajectory and, consequently, the conditions under which the remaining fault propagates.
For example, removing only FMF2 eliminates the thermal event but increases (Jang). This
increase is associated with a change in the angle-dependent current behaviour: the RMS
current inside the affected angular sector becomes higher than outside it. This suggests that,
in the absence of FMF2, the effect of FEF3 on the current becomes more pronounced within
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Figure 2 Counterfactual results for the FEF3+FMF2 scenario: position tracking error, armature
current, and winding temperature. Removing FEF3 suppresses angle-synchronous disturbances,
while removing FMF2 reduces current demand and prevents overheating.

the affected angular sector. We therefore do not interpret the total score alone as a global
responsibility measure. Instead, responsibility is assigned symptom-wise: FMF2 is necessary
for the thermal event, while FEF3 is necessary for the angle-ripple event.

Table 1 Counterfactual fault-assignment results for the combined FEF3 and FMF2 experiment.
The factual branch contains both the angle-gated electrical fault FEF3 and the increased Coulomb-
friction fault FMF2. A dash indicates that the winding-temperature limit was not reached.

. Removed max T, RMSE; RMSE, e Tw  Angle
Intervention fault ] [rad] [rad] Jr Jang  Jrot event  event
Factual: FEF3 + FMF2  none 94.00 0.0606 0.1145 0.5090 1.585 83.631 yes  yes
do(FEF3 = 0) FEF3 94.70  0.0430 0.0121 0.8496 0.000 83.472 yes  no
do(FMF2 = 0) FMF2 56.63  0.0444 0.1186 0.0000 4.537 43.124 no yes
do(FEF3 = 0, FMF2 = 0) FEF3+FMF2 55.48  0.0163 0.0049 0.0000 0.000 36.038 no  no

In the randomized-parameter repetitions, the method assigned FEF3 as necessary for the
angle-ripple event and FMF2 as necessary for the thermal event in all 100 runs.

5.2 Fault blame assighment - Overheating responsibility

Figure 3 shows the winding temperature and armature current for the factual branch and
the counterfactual branch in which FMF1 is removed. With FMF1 active, the motor requires
a persistently higher armature current throughout the loaded operating phases. After the
intervention do(FMF1 = 0), the current demand is substantially reduced, indicating that
increased viscous friction primarily appears as an increase in the actuation effort required to
follow the same task.
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The upper panel shows the thermal consequence of this increased current demand. In the
factual branch, the winding temperature crosses the 90°C limit and reaches approximately
106°C. When FMF1 is removed, the winding temperature remains below the limit throughout
the experiment. FMF'1 is therefore necessary for the winding-overheating event under the
considered operating conditions.

120 - ‘Winding temperature
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Figure 3 Counterfactual winding temperature and armature current for the FEF4+FMF1 scenario.
Removing FMF1 reduces current demand and prevents overheating.

Table 2 reports the numerical results for all counterfactual branches. The counterfactual
results indicate that the observed overheating is mainly attributable to FMF1, while FEF4
has a smaller but non-negligible contribution. Removing FEF4 reduces the peak winding
temperature and decreases (Jr), but it does not prevent the winding-temperature event. In
contrast, removing FMF1 reduces the peak winding temperature, eliminates the thermal cost,
and prevents the overheating event. Removing both faults produces a further reduction in
temperature and total cost, suggesting that FEF4 additionally increases the thermal severity
under the conditions created by FMF1. The interventions on FEF2 and FMF2 serve as
negative controls; their results are identical to the factual trajectory, as expected because
the faults are not active in the simulation. This supports the specificity of the counterfactual
fault-assignment procedure.

To evaluate robustness to parameter mismatch, we repeated the experiment using the
randomized parameter offsets described in Section 4. The method correctly assigned respons-
ibility to FMF1 in 84% of the 100 randomized repetitions. The failed repetitions occurred
when parameter mismatch changed the model’s thermal behaviour, and it became less clearly
attributable to FMF1 under the chosen threshold.

6 Discussion and Limitations

The experiments demonstrate that counterfactual fault removal can separate the responsibil-
ities of simultaneously active mechanisms. In the first experiment, removing FEF3 eliminates
angle-synchronous ripple, whereas removing FMF2 prevents overheating. In the second,
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Table 2 Counterfactual fault-assignment results for the combined FEF4 and FMF1 experiment.
The factual branch contains both partial demagnetization FEF4 and increased viscous friction FMF1.
A dash indicates that the winding-temperature limit was not reached.

Int i Removed max T, maxT, RMSE, J J T.  Prevents

Htervertion fault [°C] [°C] [rad] r Y event T, event
Factual: FEF4 + FMF1  none 105.70 72.53  0.0057 19.4562 51.7240 yes -
do(FEF2 = 0) FEF2 105.70  72.53  0.0057 19.4562 51.7240 yes no
do(FEF4 = 0) FEF4 96.52  67.36  0.0057 1.6265 30.7509 yes no
do(FMF2 = 0) FMF2 105.70  72.53  0.0057 19.4562 51.7240 yes no
do(FMF1 = 0) FMF1 88.51  61.72 0.0056 0.0000 27.1003 no yes
do(FEF4 = 0, FMF1 = 0) FEF4+FMF1 81.30  57.63 0.0055 0.0000 24.4604 no yes

removing FEF4 reduces thermal severity without preventing the event, while removing FMF1
prevents winding overheating. The method therefore distinguishes symptom responsibility,
severity contribution, and event necessity even when the controller masks faults at the
position level.

Counterfactual comparisons are performed under shared background conditions. The
initial state, input trajectory, load torque, controller, and reference task remain fixed, so
differences between trajectories can be attributed to the removed mechanism rather than to
unrelated changes in operating conditions. This is particularly useful in closed-loop systems,
where the controller may hide faults in some observed variables.

The randomized-parameter repetitions suggest that the method is not tied to one exact
numerical realization. The FEF3/FMF2 assignment remained stable in all runs, whereas
the FMF1 assignment succeeded in (84%) of the repetitions. This shows that counterfactual
explanations depend on the accuracy of the model, as well as the intervention set and the
chosen event thresholds.

The main limitation is that the experiments are simulation-based and use the same model
class to generate and evaluate the counterfactual branches. Real motors contain unmodelled
effects such as complex commutator behaviour, contact transients, magnetic saturation,
temperature-dependent friction, changing loads, sensor delays, and actuator nonlinearities.
The method also assumes that the relevant fault types and their effects on system mechanisms
are known. In addition, the current experiments initialize counterfactual worlds using the
true simulated state. In a real diagnostic setting, this state would need to be inferred from
noisy observations, and estimation errors would affect the counterfactual trajectories and
responsibility scores. Future work therefore includes a complete abductive pipeline in which
hidden states and uncertain parameters are estimated from measured trajectories before
evaluating counterfactual interventions.

7 Conclusion

We presented a dynamic structural causal model of a DC motor for counterfactual fault
responsibility analysis. Faults are represented as interventions on physical mechanisms, allow-
ing faulty behaviour to be explained through propagation in the electro-thermo-mechanical
dynamics.

The experiments show that counterfactual fault removal can distinguish symptom respons-
ibility, severity contribution, and necessity for a failure event. In the first experiment, FEF3
explains the angle-synchronous ripple while FMF2 explains overheating. In the second, FMF1
is necessary for winding overheating, while FEF4 mainly contributes to severity. Future work
will focus on real-data validation, state and parameter estimation, and robustness under
unmodelled fault mechanisms.
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Spectrum-Based Fault Localization: Evidence from
an Expanded TCAS Benchmark
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—— Abstract

Spectrum-based fault localization and dynamic program slicing are two established approaches to
automated software debugging. A recent study provided a first experimental evaluation of a hybrid
approach that combined both techniques, reporting that the combination improves the wasted
effort metric for programs with multiple output variables. However, as stated in the study, further
experiments are required for a final judgment of the introduced debugging methodology. In this paper,
we review and extend that evaluation through three rounds of experiments, all carried out under a
strict single-fault assumption. First, we replicate the third experiment from the original study to
validate the obtained findings. Second, we expand the TCAS benchmark from 2 to 11 faulty variants
by systematically generating nine new mutants spanning six distinct mutation operator families, and
verify their quality through a dedicated kill-ability assessment. Eleven of the twelve mutants pass our
quality filter and are used in two independent rounds of extended experiments , each evaluated with
three spectrum-based fault localization coefficients (Ochiai, Tarantula, Sarhan-Beszédes) in both the
plain and hybrid configurations. Our results confirm that the slicer’s behavior has a decisive impact
on the quality of the hybrid approach and that improvements from slicing are far from uniform
across mutation types. In particular, bugs that suppress the execution of entire program paths
present a fundamental challenge for dynamic slicing, providing concrete evidence for the limitations
reported in the original study.
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1 Introduction

Automated software debugging remains one of the most practically relevant open problems in
software engineering. Among the approaches proposed to support fault localization, spectrum-
based fault localization (SFL) [6, 2] and dynamic program slicing [8] have each attracted
substantial research attention. SFL assigns suspiciousness scores to program statements
based on their co-occurrence with passing and failing test outcomes, while dynamic slicing
identifies statements that causally contribute to a given output value for a specific test
execution.

Schleich and Wotawa [11] recently provided the first experimental evaluation of a hybrid
approach that integrates dynamic slicing into SFL, implemented within the open-source JSR,
framework [12]. Their study considered three sets of Java programs, including the well-known
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TCAS collision avoidance benchmark. A key finding was that for programs with more than
one observable output variable, the hybrid approach consistently improves the wasted effort
metric compared to plain SFL, while the impact of the underlying slicer tool was identified
as a significant source of variability.

However, the evaluation of the hybrid approach on TCAS programs was limited to
only two faulty variants. Given that the TCAS program has a well-documented history
as a mutation testing benchmark [4], a broader evaluation covering more diverse mutation
operator families would be valuable for assessing the generality of the findings.

This paper makes the following contributions:

We replicate the third experiment of [11], confirming that the published results are

reproducible under our independent infrastructure (Section 3).

We construct an expanded TCAS mutation benchmark by adding nine new faulty variants

to the original two, spanning six distinct mutation operator families drawn from the

spreadsheet mutation testing literature [1]. Each variant is exercised by a parameterized

JUnit test suite of 40 test cases, structured as eight input combinations x five output

variable assertions. The full benchmark comprises 480 instrumented test executions and

2,400 individual output assertions per round of experiments (Section 4).

We perform a quality assessment of the generated mutants through a dedicated kill-ability

study and select eleven variants for the SFL evaluation (Section 4.4).

We conduct two independent rounds of experiments on the expanded benchmark (EE1

and EE2), each evaluating three SFL coefficients (Ochiai, Tarantula, Sarhan-Beszédes) in

both plain-SFL and hybrid (sliced) configurations (Section 5).

We identify a structural ezplanation for the cases in which dynamic slicing degrades SFL

accuracy: mutations that suppress execution of entire conditional blocks systematically

defeat the slicer (Section 6).

Throughout all experiments we adopt the single-fault assumption, i.e., each faulty program
variant contains exactly one intentionally introduced defect.

The remainder of this paper is structured as follows. Section 2 briefly recalls the
foundations of SFL and dynamic slicing. Section 3 presents the replication of the third
experiment from the original study. Section 4 describes the construction of the expanded
TCAS benchmark, including mutant generation, test suite design, and kill-ability assessment.
Section 5 reports the two rounds of extended experiments. Section 6 discusses the findings
and their implications, Section 7 addresses threats to validity, and Section 8 concludes.

2 Background

We briefly review the foundational concepts relevant to this paper, for a more detailed
discussion, we refer the reader to [11].

2.1 Spectrum-based Fault Localization

SFL uses the program spectrum, a matrix recording for each test case and each program
statement whether the statement was executed, together with an error vector recording
whether each test passed or failed. From these data, four aggregate counts an., (i) are
computed for each statement i, where n € {0,1} indicates whether the statement was
executed and m € {0, 1} indicates whether the test passed (0) or failed (1). These counts
are combined into a suspiciousness coefficient. We evaluate three coefficients: Tarantula [6],
Ochiai [2], and Sarhan-Beszédes [9].
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Debugging quality is measured by the rank of the faulty statement and the wasted effort
(WE), defined as

WE = |{s : score(s) > score(sy)}| + 0.5 - (|{s : score(s) = score(sy)}| — 1), (1)

where sy is the faulty statement. Lower WE is better. We also report Hit Ratio@k (HitQk),
the fraction of programs for which the fault is ranked within the top k positions.

2.2 Dynamic Slicing and the Hybrid Approach

Dynamic slicing [8] computes, for a given execution and a chosen output variable, the set
of statements that causally influenced that variable’s value. The hybrid approach of [11]
decomposes each test case into one sub-test per output variable and uses the dynamic slice
for each output to restrict which statements are considered in the SFL computation for that
sub-test. This allows the approach to exploit data-dependency information that plain SFL
ignores.

The extended version of the JSR framework [10] implements this hybrid approach for Java
programs, employing JaCoCo [5] for line coverage analysis and Slicer4J [3] for dynamic slicing.
This implementation builds upon the original JSR framework developed by Stracke [12, 7].

3 Round 1: Replication of the Third Experiment

The third experiment of [11] used the same Java programs as the initial experiment, but
increased the number of observable output variables per program. For the TCAS program, five
output variables were considered: alim, inhibit_biased_climb, non_crossing_biased_climb,
non_crossing_biased_descend, and return_value. Each input combination thus yields five
assertions, and the JUnit test suite consists of 40 parameterized test cases per TCAS variant
(5 assertions x 8 input combinations).

3.1 Replication Procedure

We executed the third experiment using the original smallProject provided with the JSR
repository, retaining the two original TCAS variants (Tcas, Tcas2) alongside the remaining
programs of the benchmark. The JSR pipeline was driven through the IntelliJ plugin (with
Coverage Metric: checked, Reduction Algorithm: Greedy HGS, Keep 0 coverage, Deactivate
redundant test cases) and the subsequent SFL matrix computation was triggered through the
JSR command-line interface. The post-processing was performed with the original SFL.py
script.

3.2 Replication Outcome

For the TCAS rows of Tables 13 and 14 of [11], our independently obtained ranks and wasted-
effort values coincide with those reported in the original study, confirming the reproducibility
of the published experimental setup. This replication serves two purposes: it establishes
the baseline against which the extended experiments in Section 5 can be compared, and it
validates that the JSR tool chain behaves consistently across installations.

It is worth noting that the replication required two minor adjustments to the build
environment. First, the dependency soot-inflow-2.10.0-mandoline. jar was not available
in the standard Maven repository and had to be installed manually, with the corresponding
version entry in pom.xml updated accordingly. Second, a compile error in ThreadCalls. java
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had to be resolved: the method MethodSubSignature (subsig) is no longer present in newer
versions of Soot, requiring a small adaptation of the ThreadCall. java source file. Neither
of these adjustments affected the experimental results; they reflect the natural evolution of
third-party dependencies over time and are documented here to assist future replicators of
this work.

4 An Expanded TCAS Mutation Benchmark

The original study relied mostly on programs with fewer than five output variables, the single
example with five outputs being the TCAS, as defined in Section 3.3 of [11]. To address
this, we constructed an expanded benchmark of eleven TCAS variants by generating nine
new mutants and adding them to the two preexisting ones. This section documents the
construction process, the test suite that exercises each variant, and the quality assessment
used to filter weak mutants before the SFL experiments.

4.1 Existing TCAS Variants

The JSR repository ships with two families of TCAS variants: a set of single-output programs

and a set of five-output programs. We work exclusively with the five-output family (Tcas,

Tcas2, Tcas3), which is the one relevant to the third experiment of [11]. A close inspection

of the classes folder used by the testall.py script reveals two inconsistencies that must

be acknowledged before any extension can be made:

1. Inconsistent fault-marker placement. The //Error comment marking the faulty line
is placed in Tcas. java (the buggy original), but in the Tcas2Altered and Tcas3Altered
files for the second and third variants. The non-annotated files in those cases are the
correct versions. All three correct (non-annotated) files are textually identical; only the
altered versions differ.

2. Compound mutation in TcasAltered. The first altered variant introduces two sim-
ultaneous changes to line 59: +NOZCROSS becomes - NOZCROSS (an AOR-style operator
replacement) and a division by 1 is added. Technically, this violates the single-fault
assumption. We retain only the AOR-style operator replacement in our further experi-
ments.

For all new variants we adopt the convention that each TcasN.java (N € {4,...,12}) is
the correct version with no //Error annotation, and the corresponding TcasNAltered. java
contains exactly one fault marked with a //Error comment.

4.2 Mutation Operator Selection

To ensure a systematic and reproducible mutant generation process, we adopt the mutation
operator taxonomy of Abraham and Erwig [1], originally introduced for end-user spreadsheet
mutation testing but directly applicable to imperative Java code. Table 1 summarizes the
sixteen operators of this taxonomy.

From this taxonomy we selected six operator families for our new mutants: AOR,
CRP, LCR, ROR, FRC, and UOI. The selection criterion was that the operator should be
meaningfully applicable to the imperative control- and data-flow constructs of the TCAS
code, so that resulting faults are realistic representatives of typical programmer mistakes
(sign errors, incorrect constants, swapped predicates, miss-negations, missing operands, etc.).
Range-oriented operators (CRS, NRS, CRE, NRE, RRR) are not directly applicable to the
TCAS code, which does not manipulate ranges; we therefore omit them from the mutant
generation.
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Table 1 Mutation operator taxonomy of Abraham and Erwig [1] used as a reference for selecting
diverse fault types.

Operator | Description
ABS ABSolute value Insertion
AOR Arithmetic Operator Replacement
CRP Constants RePlacement
CRR Constants for Reference RePlacement
LCR Logical Connector Replacement
ROR Relational Operator Replacement
RCR Reference for Constant Replacement
FDL Formula DeLetion
FRC Formula Replacement with Constant
RFR ReFerence Replacement
U0l Unary Operator Insertion
CRS Contiguous Range Shrinking
NRS Non-Contiguous Range Shrinking
CRE Contiguous Range Expansion
NRE Non-Contiguous Range Expansion
RRR Range Reference Replacement

4.3 Generated Mutants

Table 2 summarizes all twelve TCAS variants used in our study, including the three from the
original work [11] (TcasAltered, Tcas2Altered, Tcas3Altered) and the nine new variants
generated for this work (Tcas4Altered-Tcas12Altered). For each mutant the table indicates
the mutation operator family, the modified source line, and the exact textual change applied.

Table 2 The twelve TCAS mutants used in this study. Mutants in italics (Tcas4) are excluded
from the SFL experiments based on the kill-ability assessment of Section 4.4.

File Line | Operator | Mutation detail

TcasAltered.java 59 AOR + NOZCROSS — - NOZCROSS

Tcas2Altered.java 89 CRP upward_preferred = 1 — = 0

Tcas3Altered.java 130 CRP UPWARD_RA — UNRESOLVED

Tcas4Altered.java 132 CRP DOWNWARD_RA — UNRESOLVED

Tcas5Altered.java 125 LCR Own_Below_Threat() — Own_Above_Threat ()

Tcas6Altered.java 126 LCR Own_Above_Threat () — Own_Below_Threat ()

Tcas7Altered.java 117 ROR High_Confidence != 0 — ==

Tcas8Altered.java 117 ROR Own_Tracked_Alt_Rate <= OLEV — >=

Tcas9Altered.java 117 ROR Cur_Vertical_Sep > MAXALTDIFF — <

Tcas10Altered.java 59 FRC Up_Separation + NOZCROSS — Up_Separation + 50

Tcas11Altered.java 125 UOI Non_Crossing_Biased_Climb() —
!Non_Crossing_Biased_Climb()

Tcas12Altered.java 59 UOI Up_Separation + NOZCROSS — -Up_Separation +
NOZCROSS

The nine new mutants distribute across the operator families as follows: two LCR
mutations (Tcas5, Tcas6) targeting logical connectors in predicates that determine the
climb/descent direction, three ROR mutations (Tcas7, Tcas8, Tcas9) targeting relational
operators in the guard expression of the main resolution-advisory block, one CRP mutation
(Tcas4) substituting a constant value, one FRC mutation (Tcasl0) replacing a formula
sub-expression with a constant literal, and two UOI mutations (Tcasll, Tcas12) intro-
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ducing unary negation operators in different program locations. Together with the three
inherited mutants this yields six distinct operator families across twelve fault locations,
distributed over the three core decision procedures of TCAS: Inhibit_Biased_Climb(),
Non_Crossing_Biased_Descend(), and alt_sep_test(). This represents a four-fold in-
crease in mutant diversity over the original study on TCAS programs.

4.4 Kill-ability Assessment

A mutation testing benchmark is only useful if its mutants are actually kill-able, i.e., dis-
tinguishable from the correct program by at least one test case in the suite. We assessed
kill-ability using the testall.py script from the JSR repository, which executes each test
case against both the original and the altered program and counts passing and failing test
cases. Table 3 reports the results for all twelve mutants.

Table 3 Kill-ability assessment of the twelve TCAS mutants. Each mutant is run against all 40
test cases of the parameterized JUnit suite. A higher number of failing test cases corresponds to
a stronger (more easily killed) mutant. The kill rate is the fraction of failing test cases. Tcas4 is
flagged as a weak mutant and excluded from the SFL experiments.

Variant | Operator | Passing | Failing Kill rate
Tcas AOR 35 5 12.5%
Tcas2 CRP 38 2 5.0%
Tcas3 CRP 38 2 5.0%
Teas4, CRP 39 1 2.5% (weak, excluded)
Tcasb LCR 36 4 10.0%
Tcas6 LCR 38 2 5.0%
Tcas7 ROR 29 11 27.5% (strong)
Tcas8 ROR 29 11 27.5% (strong)
Teas9 ROR 23 17 42.5% (strong)
Tcas10 FRC 37 3 7.5%
Tcasl1 UoIl 37 3 7.5%
Tcas12 UOI 33 7 17.5%

4.4.1 Quality Observations

Three observations follow from Table 3. First, the three ROR mutants (Tcas7, Tcas8, Tcas9)
yield the highest number of failing test cases (11, 11, and 17 respectively), which is consistent
with the fact that they affect the guard expression governing the main decision branch of
alt_sep_test(): any flipping of the guard inverts the decision behavior for a large fraction
of input combinations. These are the strongest mutants in the benchmark. Second, Tcas4 has
only one failing test case (2.5%), which is below our acceptance threshold for a useful SFL
benchmark mutant - a single failing test provides very little signal for any spectrum-based
ranking method. We therefore exclude Tcas4 from the subsequent SFL experiments. Third,
the remaining eleven mutants exhibit failure rates between 5% and 42.5%, providing a healthy
spread of difficulty levels for the SFL evaluation.

4.4.2 Final Benchmark

After applying the kill-ability filter, the final benchmark used in the extended experiments
consists of the eleven variants: Tcas, Tcas2, Tcas3, Tcasb, Tcas6, Tcas7, Tcas8, Tcas9,
Tcas10, Tcasl1l, Tcas12.
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4.5 Test Suite Design and Scale

For each of the eleven TCAS variants we maintain a parameterized JUnit test class that ex-
ercises the five observable outputs (alim, inhibit_biased_climb, non_crossing_biased_climb,
non_crossing_biased_descend, and return_value) over eight chosen input combinations. With
five assertions per input combination this yields 40 test cases per variant. Across the eleven-
mutant benchmark, this corresponds to:
11 x 40 = 440 instrumented test executions per experimental round;
440 x 3 x 2 = 2,640 ranking computations for three SFL coefficients in two configurations
(sliced/not sliced) per experimental round and 5,280 across the two extended experiments
EE1 and EE2.

5 Rounds 2 and 3: Extended Experiments

We performed two independent rounds of extended experiments on the eleven selected TCAS
variants. The two rounds differ in how the new variants are integrated into the JSR test
infrastructure: in EE1 we isolate them in a dedicated project to obtain a compact, TCAS-only
spectrum matrix, while in EE2 we integrate them alongside the preexisting programs of the
original smallProject, replicating the matrix structure used in [11]. Both rounds compute
the rank and wasted effort of the faulty statement for the three SFL coefficients in both the
plain-SFL and the hybrid (sliced) configurations.

All artifacts required to reproduce the extended experiments (EE1 and EE2) - the
expanded TCAS benchmark, the analysis scripts, and the generated SFL matrices - are
publicly available in a replication package !.

5.1 First Extended Experiment (EE1)
5.1.1 Motivation and Setup

The original smallProject accumulated benchmarks from all experiments conducted in the
JSR project since 2021, with the consequence that the resulting SFL coverage matrices are
very large. In particular, the plain SFL coverage matrix exported by JSR for the original
smallProject has dimensions 557 x 1,752 (statements x test cases). Such a large matrix
is unnecessarily expensive to process when the goal is to evaluate only the eleven TCAS
variants, and it mixes signal from unrelated programs into the SFL summary tables.

To address this, we created a dedicated project, smallProject2026, containing only
the eleven selected TCAS variants and their corresponding JUnit test classes (the Test
companion of each TCAS variant). The SFL coverage matrices generated by JSR for this
project have dimensions 451 x 716, a reduction of approximately 35% in test-case rows and
60% in statement columns relative to the original project, while preserving full coverage of
the eleven TCAS variants.

5.1.2 Build and Execution Procedure

The experiment was carried out in four steps:
1. JSR rebuild against smallProject2026. The JSR core was rebuilt against the new
project so that the IntelliJ plugin would point to the new directory layout.

! https://doi.org/10.5281/zenodo. 21431782
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. Test Suite Reduction (TSR) through the IntelliJ plugin. We launched the JSR

IntelliJ plugin and started a TSR run with the following configuration: Coverage Metric:
checked, Reduction Algorithm: Greedy HGS, Keep 0 coverage, deactivate redundant
test cases. The plugin emits an ERROR log entry indicating that it fails to create the
coverageMatrix_checked_coverage directory under the CLI output tree even when no
SFL matrix was explicitly requested. The TSR itself completes successfully; we discuss
this anomaly in Section 7.

. SFL run via CLI. We invoked the SFL command of JSR-CLI-1.0-SNAPSHOT. jar with

the source, classes, and test directories of smallProject2026, the Slicer4J location,
the output directory JSR-CLI/build/jsr/cliTest03, and the package filter at.tugraz.
This run completed without errors.

. Post-processing. We modified the original SFL.py script to operate only on the eleven

TCAS variants and to emit the LaTeX tables in the required format. The modified script
(SFL_new_v2.py) produces the per-coefficient rank and WE tables, the summary HitQk
tables, and the hybrid-vs-plain comparison tables.

5.1.3 EE1 Results

Tables 4-6 present the EE1 results. Table 4 gives the aggregate Hit@Q1, Hit@5, and average
WE across the eleven variants for both configurations. Table 5 reports per-variant ranks and
WE for plain SFL. Table 6 reports per-variant ranks and WE for the hybrid sliced approach,
with 1 indicating improvement and | indicating degradation relative to the corresponding
plain-SFL entry.

Table 4 EE1: Aggregate summary of findings for all eleven TCAS variants. WE stands for
wasted effort.

Ochiai Tarantula Sarhan-Beszédes
Hit@Ql | Hit@5 WE HitQl | Hit@5 WE Hit@l1 | Hit@5 WE
SFL | 0.45455 1.0 12.77273 | 0.27273 1.0 17.68182 | 0.45455 1.0 12.22727
Hybrid | 0.09091 | 0.72727 18.0 0.09091 | 0.81818 20.0 0.09091 [ 0.90909 | 17.63636

Table 5 EE1: Per-variant rank and wasted effort for plain SFL (not sliced).

Variant Ochiai Tarantula Sarhan-Beszédes
Rank | WE | Rank | WE | Rank WE
Tcas 4 16.5 4 16.5 2 11.5
Tcas2 2 2.5 2 2.5 2 2.5
Tcas3 1 0.0 1 0.0 1 0.0
Tcash 1 8.5 3 17.5 1 8.5
Tcasb 4 14.0 4 15.0 3 13.0
Tcas7 1 22.5 1 22.5 1 22.5
Tcas8 1 22.5 1 22.5 1 22.5
Tcas9 1 22.5 2 48.5 1 22.5
Tcas10 2 9.5 4 17.5 2 9.5
Tcasll 2 9.5 4 17.5 2 9.5
Tcas12 2 12.5 4 14.5 2 12.5
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Table 6 EE1: Per-variant rank and wasted effort for the hybrid sliced approach. 1 marks an
improvement, | a degradation, both with respect to Table 5.

Variant Ochiai Tarantula Sarhan-Beszédes
Rank | WE Rank | WE Rank WE
Tcas 4 4.01 31 4.01 4] 4.0
Tcas?2 9) 43.0) 10} 43.00 4] 43.0
Tcas3 1 0.0 1 0.0 1 0.0
Tcash 2} 10.5) 21 13.57 3l 11.5)
Tcas6 6] 15.04 7l 21.0) 4] 10.01

Tcas7 31 34.0) 3} 34.04 31 34.0)
Tcas8 3} 34.04 3} 34.04 31 34.04
Tcas9 8) 47.5] 5) 47.51 81 47.5]

Tcas10 2 15t | 2t | 1.5t 2 151
Teas1l 2 4.51 4 | 1551 | 2 457
Tcasl2 | 4} | 407 | 21 | 607 | 4 4.01

5.1.4 EE1 Observations

For the eleven-variant TCAS benchmark, plain SFL achieves a Hit@1 of 0.45455 with Ochiai
and Sarhan-Beszédes, while the hybrid approach collapses to a Hit@1 of only 0.09091 across
all three coefficients. The average WE increases from roughly 12.8 (Ochiai) and 12.2 (Sarhan-
Beszédes) for plain SFL to 18.0 and 17.6 respectively for the sliced configuration. At the
per-variant level the picture is more nuanced: slicing yields a clear WE improvement for Tcas,
Tcasl0, Tcasll, and Tcasl2, no change for Tcas3, and a substantial degradation for Tcas2
and the three strong ROR mutants Tcas7, Tcas8, and Tcas9. We return to the structural
cause of these degradations in Section 6.

5.2 Second Extended Experiment (EE2)
5.2.1 Setup and Execution

For EE2 we integrate the eleven TCAS variants directly into the original smallProject.
Thus, the resulting project replicates the matrix structure used in the original study while
incorporating the new variants.

The plugin-driven TSR run produces the same SFL matrix path anomaly as in EE1, with
the coverageMatrix_checked_coverage directory failing to materialize. We then ran the
SFL CLI command, which completed cleanly and exported the SFL outcome matrices to the
corresponding outcomeMatrix.csv files. Finally, we updated SFL_new.py to use the single
set of paths corresponding to the unified smallProject layout and re-ran the analysis.

5.2.2 EE2 Results

Tables 7-9 report the EE2 results following the same structure as EE1.

Table 7 EE2: Aggregate summary of findings for all eleven TCAS variants. WE stands for
wasted effort.

Ochiai Tarantula Sarhan-Beszédes
HitQl | Hit@5 WE HitQl | Hit@5 WE Hit@1 | HitQ@5 WE
SFL | 0.45455 1.0 12.77273 | 0.27273 1.0 17.68182 | 0.45455 1.0 12.22727
Hybrid | 0.18182 | 0.72727 | 18.27273 | 0.18182 [ 0.81818 | 20.18182 [ 0.18182 | 0.90909 | 17.81818
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Table 8 EE2: Per-variant rank and wasted effort for plain SFL (not sliced).

Variant Ochiai Tarantula Sarhan-Beszédes
Rank | WE | Rank | WE | Rank WE
Tcas 4 16.5 4 16.5 2 11.5
Tcas2 2 2.5 2 2.5 2 2.5
Tcas3 1 0.0 1 0.0 1 0.0
Tcasbh 1 8.5 3 17.5 1 8.5
Tcas6 4 14.0 4 15.0 3 13.0
Tcas7 1 22.5 1 22.5 1 22.5
Tcas8 1 22.5 1 22.5 1 22.5
Tcas9 1 22.5 2 48.5 1 22.5
Tcas10 2 9.5 4 17.5 2 9.5
Teasl1 2 9.5 4 17.5 2 9.5
Tcas12 2 12.5 4 14.5 2 12.5

Table 9 EE2: Per-variant rank and wasted effort for the hybrid sliced approach. 1 marks an
improvement, | a degradation, both with respect to Table 8.

Variant Ochiai Tarantula Sarhan-Beszédes
Rank | WE | Rank | WE | Rank WE
Tcas 4 4.01 31 4.01 4] 4.01
Tcas2 9} 43.04 10} 43.0) 4] 43.0)
Tcas3 1 0.5) 1 0.50 1 0.5)

Tcasb 20 [ 105/ | 2t | 1351 | 30 11.5]
Tcas6 6, | 160/ | 8] | 21.0/ | 4 10.07
Tcas? 30 [ 3400 | 31 [340/ | 3l 34.0)
Tcas8 30 [ 3400 | 3] |[340/ | 30 34.0)
Tcas9 8L | 4750 | 51 | 4751 | 8 475

Tcasl0 | 1t | Lot | 1t | Lot | 11 1.07
Teasl1 2 6.51 4 175 2 6.57
Tcasl2 | 4} | 401 | 21 | 6.07 | 4 4.01

5.2.3 EE2 Observations

The plain-SFL columns of Table 8 coincide exactly with those of EE1 (Table 5), which is
expected because both experiments use the same test suite and the same fault locations. The
hybrid configuration, however, behaves slightly differently between EE1 and EE2: in EE2
the sliced Hit@1 rises from 0.09091 to 0.18182 across all three coefficients. The increase is
driven by Tcas10, which moves from rank 2 in EE1 to rank 1 in EE2.

6 Discussion

6.1 Plain-SFL Results are Stable across Experiments

The plain-SFL results (Tables 5 and 8) are identical between EE1 and EE2, which is expected
since both experiments use the same eleven TCAS variants and the same parameterized JUnit
test suite. Tcas3 achieves perfect localization (rank 1, WE 0.0) with all three coefficients,
while Tcas9 stands out with an exceptionally high Tarantula WE of 48.5, reflecting the
difficulty of localizing a fault whose mutation is on the guard of the main resolution-advisory
block.
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6.2 Slicing Degrades Results for the Majority of Variants

Contrary to the expectation raised by Finding 3 of [11] - that multiple output variables
lead to WE improvements with slicing - the hybrid approach worsens the average WE for
the eleven-variant TCAS benchmark in both EE1 and EE2. Only Tcas10, Tcasll, and
Tcas12 show consistent WE improvements, while Tcas2, Tcas7, Tcas8, and Tcas9 show severe
degradations of up to +34 in WE (Tcas7, Tcas8) and +47.5 in WE (Tcas9). The expanded
benchmark thus reveals that the favorable picture obtained in the original study was not
representative of the broader behavior of the hybrid approach.

6.3 Bug Location Explains the Slicer Failures

The most problematic variants share a common structural characteristic: their faults affect
the computation of the Boolean variable enabled (Tcas7, Tcas8, Tcas9) or of a local control-
flow variable (Tcas2). When enabled evaluates to false as a consequence of the mutation,
the entire conditional block in alt_sep_test () is never entered, so the dynamic slice of the
output variable return_value never reaches the faulty line. The slicer therefore excludes the
buggy statement from the slice, and SFL subsequently assigns it a low suspiciousness score,
leading to a high rank and a large WE. This generalizes the slicer-related concern raised
in [11] with concrete structural evidence: dynamic slicing is fundamentally unable to reach
faults that suppress the execution of the very code paths that would expose them.

6.4 EE1 vs. EE2 Comparison

The single notable difference between EE1 and EE2 is the sliced Hit@1, which improves from
0.09091 (EE1) to 0.18182 (EE2) for all three coefficients. This improvement is essentially
attributable to Tcas10, which achieves rank 1 after slicing in EE2 but only rank 2 in EE1.
We think that the larger coverage matrix in EE2 (which includes all original programs,
including the one-output variants) provides the slicer with a richer execution context for
computing slices of the five output variables, leading to slightly different slice boundaries for
this particular variant.

6.5 Computational Overhead

We did not record execution times during the experiments because the objective of this study
was to evaluate fault localization effectiveness rather than runtime performance. Nevertheless,
the computational overhead of the hybrid approach is substantially higher than that of plain
SFL, since dynamic slices must be computed for every output variable and every test execution.
While this overhead was acceptable for the TCAS benchmark used in our experiments, it
may become a practical concern for larger programs with extensive test suites and numerous
output variables. A systematic empirical evaluation of runtime overhead therefore represents
an important direction for future work.

6.6 Summary Findings
We summarize the extended evaluation in five findings that refine the conclusions of [11].

Finding 1: The slicer has a decisive impact on the hybrid approach, consistent with Finding 1
of [11]. In particular, for ROR mutations on the enabled guard of alt_sep_test(),
dynamic slicing is fundamentally unable to reach the faulty line, rendering the hybrid
approach ineffective regardless of the number of output variables.
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Finding 2: Furthermore, the effectiveness of the hybrid approach is constrained by the

limitations of the underlying slicing framework. As also stated in [11], Slicer4]J uses
Jimple [13], a three-address intermediate representation, as the internal representation of
the program. This transformation may remove important parts of the program, preventing
the slicer from always returning a correct output. Notably, dynamic slicers do not always
return a correct slice, which motivated extensions such as relevant slicing [14], where a
slice must contain the faulty statement.

A detailed analysis of the generated execution traces and dynamic slices was performed in
the original study [11] for the two TCAS variants. For the extended evaluation presented
in this paper, a similar trace- and slice-level analysis is a natural next step. Such an
analysis would help determine whether the observed behaviour is an inherent consequence
of dynamic slicing or is influenced by implementation-specific aspects of Slicer4J.

Finding 3: Not all mutations with multiple outputs benefit from slicing. The benefit is

limited to mutations where the faulty statement lies on a data-dependency path that is
actually traversed by failing test cases. This qualifies Finding 3 of [11]: having multiple
outputs is a necessary but not sufficient condition for the hybrid approach to improve
over plain SFL.

Finding 4: We observe that the magnitude of degradation when slicing fails (up to +43.0

WE) tends to exceed the magnitude of improvement when it succeeds (at most ~8 WE),
suggesting that identifying in advance the fault types for which slicing is beneficial is an
important direction for making the hybrid approach practically robust. Can a developer
know beforehand whether slicing is a good idea? Our analysis in Section 6.3 suggests that
structural program characteristics may provide useful indicators. In particular, programs
in which execution is dominated by a small number of highly influential control predicates
may be more susceptible to the path-suppression effect observed in this study, whereas
programs with richer data dependencies or more distributed control flow may benefit
more consistently from slicing. Identifying predictive metrics that characterize when
dynamic slicing is likely to improve or degrade fault localization represents an interesting
direction for future research.

Finding 5: Based on our analysis, we hypothesize that an additional condition is that the

7

faulty computation must remain on an executed data-dependency path in the failing
execution. In such cases, dynamic slicing can exploit the output-specific data dependencies
to eliminate statements that are irrelevant to the observed failure, thereby improving
the discrimination of spectrum-based fault localization. Conversely, if the fault affects a
control predicate whose evaluation determines whether the faulty computation is executed
at all, the execution path containing the fault may be suppressed. As a result, the faulty
statement is excluded from the dynamic slice, and the combined approach may perform
worse than plain SFL. Thus, multiple outputs appear to be a necessary prerequisite,
whereas the preservation of the faulty computation on an executed data-dependency path
may be an additional condition for the hybrid approach to be beneficial. This hypothesis,
however, requires validation on a broader range of benchmark programs and fault types.

Threats to Validity

We acknowledge the following threats to the validity of our experimental evaluation.
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7.1 Tooling Anomalies

During both EE1 and EE2, we observed that the JSR IntelliJ plugin produces an ERROR
log entry of the form SFLMatrixCsvExporter.writeFiles() - Error while creating
directory .../coverageMatrix_checked_coverage even when the SFL export is not
explicitly requested. The TSR phase nevertheless completes successfully and the subsequent
CLI-based SFL run produces all expected matrices. We also observed that, regardless of
the -o output-directory flag passed to the CLI, certain intermediate matrices are written to
cliTestO1l/coverageMatrix_line_coverage/outcomeMatrix.csv. These anomalies sug-
gest that the output-path configuration in JSR’s matrix exporter is partially hard-coded
and not fully override-able through the public CLI options. While neither anomaly affected
our final numerical results (which are derived from the explicitly inspected matrices), they
constitute a documented limitation of the current JSR release.

7.2 Benchmark Generality

Although we have increased the TCAS variant count from 2 to 11 and covered six mutation
operator families, all variants share the same underlying program. Findings should therefore
be interpreted as specific to the TCAS benchmark and not generalized to arbitrary Java
programs without further empirical evidence.

It is also worth noting that TCAS’s structural characteristics may influence the observed
behaviour of the combined dynamic slicing and spectrum-based fault localization approach.
In particular, TCAS relies heavily on interconnected control predicates, such that mutations
affecting them can suppress entire execution paths and consequently reduce the discriminatory
power of dynamic slicing, as discussed in 6. Whether this is specific to TCAS or also occurs
in other software systems remains an open question. Programs with richer data dependencies,
where incorrect outputs propagate through arithmetic computations rather than being
dominated by a single predicate, may be less susceptible to this suppression effect, since a
mutation is then more likely to alter a value along a path that still executes rather than
eliminate the path entirely. Similarly, programs whose behaviour is distributed across several
independent decisions, instead of a small number of dominant predicates, may be less prone
to the same all-or-nothing failure. Evaluating the proposed approach on such structurally
diverse benchmark suites remains a key objective for future research.

7.3 Slicer Dependence

The hybrid approach depends on the choice of dynamic slicer (Slicer4J [3] in our case). A
slicer with different internal heuristics could in principle reach different conclusions about
which statements are excluded from a slice when the faulty path is suppressed. Re-running
our experiments with alternative slicers is left to future work.

7.4 Single-fault Assumption

Our evaluation follows the single-fault assumption commonly adopted in spectrum-based fault
localization research and in the original study we replicate in the first place. This enables
controlled experimentation and direct comparison with prior work. However, real-world
software systems may contain multiple faults, which could interact in ways that affect both
spectrum-based suspiciousness rankings and the computed dynamic slices. Evaluating the
proposed approach in multi-fault scenarios is therefore an important direction for future
work.
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7.5 Raw Wasted Effort

Since all evaluated subjects are variants of the same TCAS benchmark, the number of
executable statements is constant across experiments. Therefore, raw Wasted Effort (WE)
values are directly comparable in our setting. For studies involving programs of substantially
different sizes, a normalized WE metric would facilitate cross-benchmark comparisons.

8 Conclusion

In this work, we present a replication and expansion of the experimental evaluation of
the hybrid dynamic-slicing SFL approach of Schleich and Wotawa [11]. The contribution
comprises three rounds of experiments. In the first round, we replicated the third experiment
of the original study and confirmed its reproducibility. In the second and third rounds
(EE1 and EE2), we extended the TCAS benchmark from two to eleven faulty variants by
generating nine new mutants across six mutation operator families, and evaluated the three
SFL coefficients in both the plain-SFL and hybrid sliced configurations.

The expanded benchmark of 11 retained variants x 40 parameterized JUnit test cases
X b output assertions per test corresponds to 2,200 individual output-value checks per
SFL coefficient per configuration, or 5,280 ranking computations across the two extended
experiments and three coefficients in both configurations. This represents a substantial
extension of the empirical evidence base for the hybrid approach.

Our central finding is that improvements from dynamic slicing are highly dependent on
the structural relationship between the fault location and the dynamic slices computed for
the output variables. The SlicerdJ tool fails to include the faulty statement in its output
whenever the fault prevents the execution of the very code path that would reveal it - a
fundamental limitation of dynamic slicing that manifests precisely for the strongest mutations
(those with the highest number of failing test cases). This provides new, concrete structural
evidence for the slicer-related limitations identified in the original study and suggests that
fault localization approaches combining slicing and SFL should prioritize addressing slicer
accuracy on control-flow-dominated faults.

Future work should investigate whether static slicing or hybrid static/dynamic slicing
can overcome this limitation, whether the findings generalize to larger programs and more
diverse fault types, and whether alternative relevant slicers exhibit different behavior on the
same benchmark.
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1 Extended Abstract

The complexity of cyber-physical systems, paired with significant availability requirements,
require prompt reactions when faults occur [13]. To ensure timely fault handling, it is
necessary to compare data from the system to a pre-existing model of nominal working
behaviour and reason about possible faults [20]. The required model, that we will refer to
as a system description (SD), is an essential but difficult-to-obtain part of the diagnostic
process.

Overall, the system description models the structure and behaviour of technical sys-
tems [20]. It expresses for each individual component how it is connected to other com-
ponents (its connections) and how its output is calculated from its inputs (its behaviour
model) [8]. For a two-bit Boolean AND-gate, for example, the system description is defined
as ~ab(canp) — out = ing Ainy [10], where the behaviour is given through the Boolean
operator A and the connection is defined through relating the inputs ing,iny € {0,1} to
out € {0,1}. The predicate ~ab(canyp) defines the healthiness (non-abnormality [20]) of the
AND-gate. Such a formulation of the system description is called a weak-fault model, i.e., it
models the component’s normal behaviour and does not specify component behaviour under
faults [23].

Consistency-based fault diagnosis [20] algorithms use such logical weak-fault system
descriptions to infer faults by comparing the system description to actual observations of the
system. If a fault exists in the system, the observations together with the system description
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lead to an inconsistency. Using non-monotonic reasoning [21], a fault diagnosis algorithm [22]
is able to infer potential faulty components (also known as diagnoses or root causes) from
this inconsistency. Until now, system descriptions have usually been used for diagnosing
Boolean circuits [20, 10], while only a few authors have extended propositional logic system
descriptions beyond systems with only Boolean circuits [11, 5, 17].

What is so far missing from current literature is a unified formulation of system descriptions
that allows reasoning over sufficiently complex systems, such as those generating continuous
signals and operating in different modes. Obtaining such a more elaborate system description
is highly desirable for performing fault diagnosis of cyber-physical systems [19, 15]. These
systems are used in most modern applications and combine intelligent monitoring and
control with classical mechanical system components. Because modern applications require
constant adjustments and updates, those systems must adapt over time, contain proprietary
components with complicated behaviour models, operate in several modes, and generate
Boolean, integer, and continuous signals.

To tackle these challenges we pose the following three research questions within the
article.

RQ1: Is there a consistent logical theory to extend classical Boolean comsistency-based
fault diagnosis to work with operating modes and continuous signals?

RQ2: How is it possible to diagnose faults, provided a consistent logical system description
for modes and continuous signals exists?

RQ3: Can the approach be adapted to reasoning approaches requiring less expert know-
ledge?

To answer all three research questions and obtain a consistent logical theory for diagnosing
faults in cyber-physical systems, the article presents a novel formulation in SMT over nonlinear
real arithmetic (SMT-NR.A) [3] for consistency-based fault diagnosis. We show how to use
established fault diagnosis algorithms adapted to an SMT-NRA system description, and
introduce the novel HYSD__ENHANCED algorithm for a direct approach to consistency-based
fault diagnosis. Overall, this article presents the following contributions:

We present a novel SMT-NRA formulation that includes operating modes, continuous

signals, and behaviour models.

Using the SMT-NRA formulation, we adapt classical consistency-based fault diagnosis

theory [10, 16] and introduce the novel algorithm HySD__ENHANCED to perform fault

diagnosis.

We evaluated our approach on two benchmarks of multiple-tank systems [9, 1], two
Boolean circuits, and a use-case of dynamically configurable battery packs. While we use the
two benchmarks and the battery pack example to evaluate the capabilities and limitations
of our approach, we use the Boolean circuits to show that our method also generalizes to
classical Boolean circuit fault diagnosis. With our experiments we are able to diagnose 97%
of the injected faults.

Underlying our approach are some assumptions that we need to state explicitly: i) While
in previous work we presented methods to learn and validate propositional logic system
descriptions [6, 17, 7] and there is ongoing research to learn SMT expressions from data [14],
but there is so far no approach to learn the system expressions in this article in their entirety.
ii) While parts of the presented system description have been proven to be learnable, for
example, behaviour models or state estimations, there is still some work required to fit
these into our presented system description. iii) We assume a cyber-physical system can be
subdivided into a set of operating modes that is significantly smaller than the true operating
modes in the data. Earlier work showed that through the use of discretisation functions,
such a subdivision is well attainable [17, 18].
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The main benefit of our approach is that the presented type of system description is
much more general than traditional propositional logic system descriptions [17, 6], i.e., has
broader variable domains, is able to handle operating modes, and supports inference from
symptoms to faulty components.

The main idea behind using SMT-NRA for consistency-based fault diagnosis is to
formulate the system description in such a way that components are suitably associated
to relevant observations. This means we first require a subset COMPS’ € COMPS that
influences the health of a single observation. For this article it is reasonable to assume that
such a set COMPS’ exists [17, 6]. The general form of these system descriptions is

/\ ( /\ —ab(c;) — obsj) (1)

obs;€EOBS ¢;€COMPS),

where COMPS, C COMPS, with k € N. In other words, changes in the health state of a
component are assumed to have a direct influence on a particular observation. The goal in this
article is to use this architecture of formulating logical expressions and significantly increase
its generality. The intuition is to associate component health states with discretisations of
the expected and actual state and the expected and actual observations.

AN mableg) = ((de(V) = ds (V) A (lgm(V) = ail <€) (2)
c;ECOMPS/

COMPS' C COMPS is a set of components relevant for the current formula (e.g., their
behaviour has an influence on the mode and measurements of the system). Function d(-)
computes the expected (ds(V)) and actual mode (ds(V’)) through state estimation methods,
where V # V’. This means the expected mode is calculated from variables V describing how

the system should behave, while variables V' describe actual measurements from the system.

Function g,,(V) computes the expected measurement given mode m € A, while a; is a single
actual measurement. € € R denotes a noise threshold. We use the —ab-predicates to denote
non-abnormal behaviour [20].

To perform fault diagnosis, it is necessary to compare the SMT-NRA system description
with current observations. The comparison is done by computing an expected value of the
measurement, i.e., the expectation of normal behaviour g(-), given the current operating
mode. To compare the prediction with the actual measurement «; it is possible to calculate
a residual value r; € R through

{|g(V) — ;| < € no fault
lg(V) — ;| > € else

to account for noise € € R. Discretising the residual into a Boolean value by only

computing the rightmost side of Equation (2) then leads to a computable interpretation.

In other words, an expert-defined physical model calculates the expected value for some

measurement. The difference between the expected and the actual value form the residual.
The residual is then discretised to obtain a Boolean value indicating the fault symptom.

SMT-NRA provides the advantage that all necessary calculations can be performed within
the same logical calculus and can be proven through solvers such as Z3 or MathSAT.
A fault that is detected due to a non-zero residual is called a symptom. Symptoms occur
in one of four cases:
1. The behaviour model outputs too much noise or the model error is too large. This is a
system description design error and must be accounted for.
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2. The behaviour model does not match to the current operating mode. This is a system
description design error and must be accounted for.

3. Some sensor fails and the residual becomes non-zero. In this case, fault diagnosis is
required to determine the minimum cardinality diagnosis.

4. Some component fails and due to deviating observations, the residual becomes non-zero.
In this case, fault diagnosis is required to determine the minimum cardinality diagnosis.

To diagnose faults that are due to changes in the operating mode, the operating mode
needs to be made explicit within the system description [17, 2]. To compare the expected
mode to the actual mode using SMT-NRA several computations need to take place: i)
Function ds(V) needs to calculate the expected discretised observable modes from the weak-
fault behaviour model and the known variables of the system. ii) Function ds(V’) needs to
compute the actual discretised observable modes from the known variables and the current
observations of the system. Again, SMT-NR.A allows the formulation of non-linear functions
directly within the logical calculus.

We define a mode fault as a fault that, given two discretised model variables m, m, € Z
computed by ds(V) and ds(V'), respectively, a mode fault occurs when the actual mode
differs from the predicted mode m # my,.

In the article we evaluate, whether we can find faults in several cyber-physical systems,
with the SMT logic system description presented in Equation (2). Within the evaluation we
use a representative set of several exemplary use-cases from the process industry, a set of
configurable batteries, and a set of Boolean circuits. For this abstract, we only present a
subset of the results. Please note that in tables with empirical results bold symbols denote
diagnosis of the true root cause (i.e. the injected fault). Diagnoses in italics denote wrong
diagnoses. Diagnoses that are neither bold, nor in italics are diagnoses allowed by the model
due to partial observation.

For all experiments we used a threshold value € of 0.001. This was sufficient as we used
analytical models to implement function g,,(-), such that the difference between measurement
and prediction is close to zero in the nominal case. In practice, ¢ may be adjusted by
comparing the variance in the prediction of g,, and the variance of « in the fault-free mode
and over a representative set of historical data.

Table 1 Empirical results for two well-known electronic circuits.

System Fault | Mode Diagnosis
Full-Adder | f0 Normal | {f0}, {f5,f6}, {f3}
f1 Normal | {f1}
f5 Normal | {f5}, {f0}, {f3}
None | Normal | @

Polybox m0 Normal | {mO}, {m1}, {a0}

ml Normal | {a0,al}, {m1}, {a0}, {m2,m0}
a0 Normal | {mO0}, {ml1}, {a0}

None | Normal | @

Our approach was evaluated on a half-adder circuit and the well-known polybox example.
The results are presented in Table 1. Results are similar to the process industrial use-cases
above. However, the systems do only contain one operating mode and exhibit a lower
observability. Still, in each experiment to correct fault diagnosis was computed. But due to
the limited observability the diagnosis sets were larger.

Table 2 presents the diagnostic results of investigating all single faults for a multi-mode
battery pack. The columns from left to right show the actuated mode, the injected fault,
whether the fault directly affects an observed variable, and the single fault diagnoses. An
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Table 2 Empirical results for a multi-mode battery pack.

Mode Fault Diagnosis
Bypass NF o
f i pack 1%}
£ 1 {£_i_1}
f v 1 {f_v_1}, {f cell 1}
f cell_1 {f_v_1}, {f_cell_1}
mode = Forward (%]
mode = Backward | @
Forward NF (%]
f i pack {f_i_ pack}
fil {f_i_1}
fvi1 {f_v_1}, {f cell 1}
f cell_1 {f_v_1}, {f_cell_1}
mode = Backward | {f_i_ pack}, {f_mode}
mode = Bypass {f_mode}
Backward | NF %]
f i pack {f_i_ pack}
fil {f_i_1}
f v 1 {f_v_1}, {f cell 1}
f cell 1 {f v_1}, {f_cell_1}

mode = Forward
mode = Bypass

{f_i_pack}, {f_mode}
{f_mode}

empty set diagnosis indicates that the system is fault-free, i.e., no fault is detected. An
isolability analysis study is presented in [12], covering all faults except mode faults. The
results here are consistent with the analysis results there. In non-ideal cases where the fault
is either not detected or not uniquely isolated, it is due to a lack of information, that is
the diagnosis inference is complete. Furthermore, the proposed diagnostic computational
framework also handles fault-changing modes.
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—— Abstract

This extended abstract presents an uncertainty-aware approach to data-driven fault diagnosis using

ensembles of neural ordinary differential equations (NODE). The proposed method leverages physical
insights in the design of NODE models for residual generation and employs bootstrap ensembles to
quantify prediction uncertainty and adapt detection thresholds. The adaptive thresholds enable
robust detection and isolation of faults in scenarios with limited training data and reduces the risk
of false alarms due to out-of-distribution data. The methodology is validated on real-world data
from the LiU-ICE benchmark, providing insights into how training data quality and residual design
impact uncertainty-aware fault diagnosis.
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1 Introduction
This is an extended abstract based on the journal paper:

Jung, D., & Westny, T. (2026). Uncertainty-aware fault diagnosis of unknown faults
using ensemble-based NODE residuals. Mechanical Systems and Signal Processing,
242, 113599.

Machine learning (ML) and data-driven modeling for fault diagnosis use training data
to model the relationship between different signals. The purpose of the models is to detect
inconsistencies between the model predictions and observations (fault detection) and compute
diagnoses (fault isolation). Still, data-driven fault diagnosis is complicated by the fact that
most faults are rare events, thus, collecting relevant training data is challenging, expensive,
and sometimes infeasible. Because of the lack of representative training data in data-driven
fault diagnosis, one challenge is to distinguish whether a detected anomaly is caused by a
faulty component or model inaccuracies caused by out-of-distribution (OOD) data.

An ensemble-based NODE approach is proposed to address the challenges of OOD data in
data-driven fault diagnosis. The solution applies data-driven residuals for fault detection as
well as adaptive thresholds that capture aleatoric and epistemic uncertainties. The adaptive
threshold is used to reduce the risk of false alarms when the model accuracy is low. While
neural networks possess the capacity to learn complex relationships between signals, they are
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Figure 1 A summary of the NODE-based residual generator design process.

inherently susceptible to overfitting to the training domain, which can limit their ability to
generalize under distribution shifts or operating conditions that are insufficiently represented
in the training data.

The use of data-driven residuals based on Neural Ordinary Differential Equations (NODE)
models derived from physical insights has been successfully proposed before, e.g., in [7]. The
data-driven residuals can be applied in a consistency-based diagnosis framework to reason
about faults even though training data from faults is scarce. However, fault isolation is
complicated by false alarms caused by OOD data which motivated the need to capture the
model validity or prediction accuracy of the data-driven residuals in relation to training data.

The focus of this work has been to avoid false alarms by using ensemble models instead
of single NODE models to estimate model inaccuracies. The motivation is the advantage
of ensemble models to simplify the calibration of an adaptive threshold since the ensemble
model approximates prediction uncertainties even for complex models. A summary of the
design process is illustrated in Figure 1. The proposed method is evaluated using the LiU-ICE
benchmark [5] as a case study and several important conclusions have been identified for
systematic design of data-driven residuals and efficient use of training data.

2 Design and Evaluation of NODE-Based Residuals

In model-based diagnosis, residual generators are constructed based on mathematical models
derived based on physical insights about the system to be monitored. A structural repres-
entation of the mathematical model can be used to perform diagnosability analysis and
to find redundant equation sets for residual generation using the Dulmage-Mendelsohn’s
decomposition [6]. Based on the structural model of the system and available measurements,
a number of Minimally Structurally Over-determined (MSO) candidate sets are derived
using the Fault Diagnosis Toolbox [3]. From the redundant equation sets, e.g., MSO sets,
computational graphs describing the relationship between different signals describe how to
compute the residual generators. Based on these computational graphs, the NODE network
model structures are derived. Here, a subset of the MSO sets is selected based on three
criteria:

i) It must be possible to construct a residual generator in state-space form.

ii) The target signal must have sufficient excitation for the NODE model to learn the system

dynamics.
iii) When there are multiple MSO sets that have the same target signal, select the MSO set
with the largest set of input signals.

The first two criteria are needed for efficient implementation and training of the NODE
models. The first criterion is fulfilled if the MSO set can be realized with integral causality [2].
The second criterion is determined by selecting NODE model candidates where the target
signal span a wide range of values with respect to the operating range. For the LiU-ICE
model, residual candidates are selected where pressure or air mass flow signals are used as
target signals, since they vary significantly during a driving cycle, but not, e.g., temperatures,
since their vary slowly during a driving cycle. The third criterion is added to maximize
prediction accuracy by providing a maximum number of informative input signals. Note
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Figure 2 The LiU-ICE benchmark lab setup showing the engine test bench in the left picture
and a schematic of the air path of the internal-combustion engine in the right picture.

that there is a design trade-off between maximizing detection performance and isolation
performance. Since the focus in this work is on the use of ensemble models for reducing the
risk of false alarms caused by OOD data, the MSO sets are selected to maximize detection
performance. However, the ensemble-based methods in this work can be applied to systematic
residual selection for fault detection and isolation, see, e.g., [4].

3 Data-Driven Residual Design for the LiU-ICE Benchmark

The LiU-ICE benchmark is used as a case study, which considers the air path through
an internal-combustion engine, see Figure 2. A model structure is available derived from
component models described in, e.g., [1]. The set of available measurements reflects a
standard configuration in a production vehicle, comprising eight sensor signals: intercooler
pressure Yp;c, intake manifold pressure ypm, ambient pressure ypamsp, intercooler temperature
YTic, ambient temperature yrqmp, air mass flow after air filter yw,, engine speed y.,,, throttle
position Ygp0s, as well as two actuator signals: wastegate position w4, and injected fuel
mass into the cylinders .

The selected NODE model structures are derived from three selected MSO sets derived
based on the structural model provided in the LiU-ICE benchmark. Each MSO set defines a

specific residual generator structure with its corresponding input signals and output target.

The general NODE model structure is in the form:

i = yi — hi(z:)
&; = gi(zi,w;)

(1)

where r; is the residual, y; is the target signal, z; is an internal state vector and u; are the
model inputs based on the selected MSO set. For example residual r; is derived based on
MSO 591 85 as:

T1 = Ypic — h1($1)

&1 = gi(w1,u1) (2)

U1 = [YTamb, YWafs Yapos: Y Ypamb, Ypim , Uwgs U ]

In addition, two more residuals, r and r3, are implemented with target signals yp;», and
Ywaf, respectively.
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Figure 3 Example of the standard deviation of the ensemble prediction model as a function of
d(&:). The standard deviation is almost constant for larger d(&) while it varies significantly when
d(&:) is close to zero.

The models were implemented in PyTorch [8] and trained on fault-free data collected
from different driving cycles to minimize the mean squared error (MSE) between the model
prediction and the target signal. The layer parameters in the NODE models were initialized
using stability-informed initialization [9]. The Runge-Kutta (RK4) ODE solver was set to
a fixed time step of 0.05 seconds, which is consistent with the sampling rate of the input
signals.

4 Evaluation

The principle used to identify when anomalies are likely caused by faults and not OOD data,
is when the residual output exceeds a level that can be explained by model inaccuracy alone.
Since the model parameters are optimized by minimizing the MSE cost function, training will
prioritize fitting to operating conditions that are well represented in training data. Thus, the
idea is that model accuracy of the ensemble output is evaluated as a function of density of
training data, here denoted d(&;) where & = (i, 2;) represents the model inputs and internal
states, for different operating conditions. The generalizability of the model is assumed to
degrade as soon as the model inputs & become OOD. To quantify OOD, the local density of
the sample &, is computed by counting the number of training samples within a predefined
neighborhood.

The ensemble standard deviation & can be used as a measure of prediction uncertainty.
Figure 3 shows the results of one trained residual that ¢ is almost constant when d(&;) is
sufficiently large while it varies more as d(gt) goes to zero. Similar results are observed for
other residuals and datasets, indicating that it is not sufficient to analyze the range of data
when training a model but also the density in different operating conditions. Experiments
also show that fault detection performance drops significantly when d(ft) is small and faults
become easier to detect in operating conditions where d(f}) is large.

The results show that it can be easier to detect a small fault than a large fault due to
increasing model inaccuracies due to OOD data when a larger fault occurs. The left plot in
Figure 4 shows the residual output during a fault in sensor y,;. with a fault magnitude of
-15% and the adaptive threshold computed based on the ensemble output variance. The fault
occurs at 120 s, but the adaptive threshold exceeds the residual output resulting in missed
detections. The right plot in Figure 4 shows the corresponding residual output of a fault in
the same sensor, but the magnitude is +5%. Even though the threshold is varying during
the scenario, the residual exceeds the threshold. Thus, the detection accuracy is higher for
the small fault size.
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Figure 5 Evaluation of the ensemble model 71 on the same fault scenario as in the left plot of
Figure 4 but with an augmented training dataset. The adaptive threshold varies less, resulting in
better detection performance.

To illustrate the impact of training data, the same NODE model for r; is trained with an
augmented training dataset with a higher density of data from various operating conditions
from additional drive cycles. With respect to the residual output in the left plot in Figure 4,
Figure 5 shows the residual output from the same fault scenario, but the residual model
trained on the augmented dataset. It is visible that the threshold does not increase as much
during the fault scenario, because the augmented training data covers a larger variety of
operating conditions. This leads to that the residual exceeds the threshold more consistently.

The results from the experiments have been validated on other residual models derived
from the other MSO sets.

5 Conclusions

This study highlights the importance of handling OOD data in data-driven fault diagnosis to
improve the ability to reason about previously unseen faults. Experiments show that ensemble
methods can effectively quantify prediction uncertainty and thereby reduce false alarms
due to OOD inputs. This advantage, however, is accompanied by a higher risk of missed
detections for large faults. The results underscore the need for systematic experimental design
when constructing compact yet informative training datasets. Moreover, model selection,
especially the choice of input and target signals, is crucial, as OOD inputs can severely
impair detection performance. At the same time, variability in ensemble predictions offers a
valuable complement to residuals for identifying abnormal behavior.
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