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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.

11:11
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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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