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Abstract
Explainable Artificial Intelligence (XAI) aims to help human decision makers in understanding the
operation of complex AI models. However, many XAI solutions, based on non-symbolic methods,
offer no formal guarantees and can produce erroneous results. In contrast, logic-based XAI guarantees
the rigor of computed explanations, and this is paramount in high-stakes uses of AI. This talk
overviews several flagship applications of Boolean satisfiability (SAT) solvers in reasoning about
logic-based explanations.
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1 Logic-Based XAI in a Nutshell

Explainable Artificial Intelligence (XAI) is a cornerstone of trustworthy AI. Most XAI
solutions [83, 60, 84, 79] are based on sub-symbolic methods, and thus offer no guarantees of
rigor. Examples of critical flaws of these methods have been reported since 2019 [36, 28, 94, 68,
26]. Proposals regarding the use of interpretable instead of complex (and so non-interpretable)
machine learning (ML) models [85, 86] have also been largely discredited [41, 42, 71, 76].
This section briefly overviews a rigorous alternative to sub-symbolic explainability, namely
logic-based (also referred to as formal or symbolic) XAI.

The following definitions are fairly common in the field of logic-based XAI [70, 62, 64].
(Additional detail can be found in these references.) An ML model M is defined on a set
of features F = {1, . . . , m}. Each feature i ∈ F has a domain Di, which can be categorical
or ordinal, in which case it can either be discrete or real-valued. The Cartesian product of
the domains defines the feature space F. In the case of ML classification, the ML model
maps each element of feature space to some class from a set of classes K = {c1, . . . , cK}, thus
defining a classification function κ : F → K. κ is required not to be constant, i.e. more than
a single class is predicted. Given an instance I = (v, c), with v = (v1, . . . , vm) and c = κ(v),
the purpose of XAI is to help a human decision maker to fathom why the ML model predicts
c. Observe that each vi is a constant taken from the domain of feature i ∈ F .

1.1 Abductive & Contrastive Explanations
Answering Why? questions. To answer a Why (the prediction)? question, logic-based
XAI defines abductive explanations [34]. Concretely, a subset X ⊆ F is a weak abductive
explanation (WAXp) if,

∀(x ∈ F). (∧i∈X (xi = vi)) → (κ(x) = κ(v)) (1)
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A predicate WAXp : 2F → {⊤, ⊥} is associated with (1). Moreover, an abductive explanation
(AXp) is any subset-minimal set X ⊆ F for which WAXp(X ) holds. The WAXp predicate is
monotonically increasing and this is instrumental in practice for computing AXps [34, 62].
Clearly, one can talk about cardinality-minimal AXps, and also about the set of AXps A(I),
for an instance I.

Answering Why Not? questions. To answer a Why Not (some other prediction)? question,
logic-based XAI defines contrastive explanations [33]. Concretely, a subset Y ⊆ F is a weak
contrastive explanation (WCXp) if,

∃(x ∈ F).
(
∧i∈F\Y(xi = vi)

)
∧ (κ(x) ̸= κ(v)) (2)

A predicate WCXp : 2F → {⊤, ⊥} is associated with (2). Moreover, a contrastive explanation
(CXp) is any subset-minimal set Y ⊆ F for which WCXp(Y) holds. The WCXp predicate is
monotonically increasing and this is instrumental in practice for computing CXps [33, 62].
Clearly, one can talk about cardinality-minimal CXps, and also about the set of CXps C(I),
for an instance I. Moreover, and as pointed out in [59], CXps may differ from counterfactual
explanations, despite both being used interchangeably in some works [5, 17, 16].

Building on Reiter’s seminal work [82], it has been shown [33] that, for an instance
I = (v, c): (i) X ⊆ F is an AXp if and only if it is a minimal hitting set of the set of CXps
C(I); and (ii) Y ⊆ F is a CXp if and only if it is a minimal hitting set (MHS) of the set of
AXps A(I). MHS duality between AXps and CXps is instrumental for the enumeration of
both AXps and CXps. A feature is relevant if it occurs in some element of A(I) [23, 20, 21].
Given MHS duality between AXps and CXps, a feature is also relevant if it occurs in some
element of C(I). Finally, a feature is AXp-necessary (resp. CXp-necessary) if it occurs in
every element of A(I) (resp. C(I)).

AXps are MUSes & CXps are MCSes. Since at least Reiter’s work [82], it is well-
known that one can encode systems (and so also an ML model) M as a set of first-order
logic statements. This observation has been illustrated in several recent works in logic-
based XAI [41, 65, 47, 31, 66, 42, 29]. Let T denote the logic encoding of some ML
model M. For simplicity, we will assume that T is a propositional formula, represented
in CNF, that the features are Boolean and that K = {⊤, ⊥}. The generalization to more
expressive logics is straightforward. T is defined on two sets of propositional variables
X ∪ Y = {x1, . . . , xm} ∪ {y1, . . . , yM }, where X = {x1, . . . , xm} denotes the propositional
variables associated with the features of the ML model M, and Y = {y1, . . . , yM } denotes
auxiliary variables. One variable, e.g. yM , is distinguished to denote the class computed
by the ML model. For any assignment to the variables in {x1, . . . , xm}, representing some
point x ∈ F, there exists at least one assignment to the variables in {y1, . . . , yM }, such
that T is satisfiable, and such that yM = κ(x), and there are no assignments to the
variables in {y1, . . . , yM }, such that T is satisfiable and yM ̸= κ(x). Furthermore, we define
hi ↔ (xi ↔ vi) and o ↔ (κ(x) ↔ κ(v)). (Converting these constraints to clausal form is
straightforward. In this context, κ(v) is a constant, and κ(x) denotes the value assigned to
the corresponding variable yM in Y .)

Now, we define R ≜ [T ∧m
i=1 (hi ↔ (xi ↔ vi)) ∧ (o ↔ (κ(x) ↔ κ(v)))], B ≜ [R ∧ ¬o] and

S ≜ ∧m
i=1hi. We refer to B as the hard clauses, and S as the soft clauses. (B represents the

background knowledge one starts from.) It is plain that B ∧ S is unsatisfiable: when the
variables in X are assigned the constants defined by v, then the ML model computes κ(v),
and we are imposing ¬κ(v). A minimal unsatisfiable subset (MUS) of the pair (B, S) is a
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subset-minimal set U ⊆ S such that B ∧ U is unsatisfiable. A minimal correction subset
(MCS) of the pair (B, S) is a subset-minimal set C ⊆ S such that B ∧ S \ C is satisfiable.1
Furthermore, S \ C is referred to as a maximal satisfiable subset (MSS).

The relationship between the MUSes (resp. MCSes) of the pair (B, S) and AXps
(resp. CXps) is well-known [34, 33, 62]. This relationship has important practical con-
sequences, since well-known algorithms for the extraction of MUSes [75, 9], MCSes [67, 78],
and their enumeration [58] can be readily exploited in the context of logic-based XAI. This
has been underscored in several past works [34, 33, 70, 62, 63, 64].

AXps & logic-based abduction. The connection between AXps and logic-based abduction
is also straightforward to derive, despite a recent disconcerting qualm about such a connec-
tion [55]. To demonstrate that AXps can be formulated as logic-based abduction, we adopt
the notation from earlier reference work on the topic [18]. Using the definitions above, let
H = {h1, . . . , hm} denote the set of hypotheses, and let M = o denote the manifestation.
Furthermore, let V = vars(R) denote the set of propositional variables used in the definition
of R. Finally, the tuple P = ⟨V, H, M, R⟩ defines a (propositional) logic-based abduction
problem [18], such that an explanation (or solution) for the abduction problem is a set
X ⊆ H such that: (i) R ∪ X is consistent; and (ii) R ∪ X ⊨M . Clearly, for any set X ⊆ H,
it is the case that R ∪ X is consistent, since it suffices to assign to the other xi variables
the values dictated by v. Furthermore, it is also plain that R ∪ X ⊨M corresponds to the
set X being sufficient for the prediction. Therefore, abductive explanations are indeed an
instantiation of logic-based abduction, when explanations (for the logic-based abduction
problem) are restricted to being subset-minimal.

AXps & CXps vs. prime implicants & implicates. AXps were first proposed in early
2019 [34], in the context of arbitrary ML classification, and with the aim of exploiting NP
oracles, including SAT and SMT solvers [10]. AXps relate explanations with logic-based
abduction. PI-explanations were independently proposed in mid 2018 [90], targeting binary
classifiers, and aiming compilation to a canonical representation. PI-explanations represent
prime implicants of a restriction of the classifier. The definitions of AXps and PI-explanations
are equivalent. Moreover, AXps and PI-explanations capture two key concepts: (i) prediction
sufficiency (or entailment, see (1)); and (ii) subset-minimality. WAXps also capture prediction
sufficiency. In recent years, the term abductive explanation has found wider application.

From its inception [33], the definition of WCXp (and so also of CXp) uses an existential
quantifier (see (2)), i.e. a (W)CXp is obtained by finding some point in feature space such that
the prediction changes. Thus, both the definition of AXps and CXps can be computed from
the logic representation of the ML model. Hence, while AXps are specific prime implicants of
the ML model (given the prediction), CXps are not prime implicates. Nevertheless, a different
line of work relates CXps with prime implicates of a compiled logic representation [17, 16]. In
practice, the compilation of complex ML models raises very significant scalability challenges.

Local, localized & global explanations. Work on sub-symbolic XAI is often described as
finding local explanations, without a precise definition of what a local explanation signifies.
AXps and CXps are referred to as localized, in that the explanations are computed with
respect to a (local) instance, but hold globally. Furthermore, logic-based explanations have
also targeted rigorous definitions of global explanations [35, 8].

1 The use of set notation in this context is a widely used mild abuse of notation.
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1.2 Extensions & Generalizations
The literals of the form (xi = vi) used in the definition of AXps/CXps can be generalized
to account for other relational operators [23, 42, 52, 46]. To the best of our knowledge, the
use of relational operators other than = was first described in [23], with practically efficient
algorithms proposed in [42, 46].

AXps represent the deterministic case of probabilistic abductive explanations [91], which
have been studied in several works [43, 48, 44, 37, 38]. One challenge of probabilistic abductive
explanations is that the definition of the weak case is not monotonic.

For several families of ML models, one AXp/CXp can be computed in polynomial
time [41, 65, 66, 23, 14, 22, 15, 12, 7].2 Polynomial-time enumeration of CXps has been
proved for decision trees [23], whereas in the case of Naive Bayes Classifiers, AXps can
be enumerated with polynomial delay [65]. For several other families of ML models, it is
computationally hard to find one AXp/CXp, e.g. [47, 31, 29, 19]. Nevertheless, sophisticated
logic encodings, as well as the use of high-performance MaxSAT solvers, enabled explaining
fairly complex ensemble-based ML models. MaxSAT solvers have also been successfully used
for computing most general explanations [45] and smallest CXps [40]. The use of incremental
MaxSAT solving [80] was shown to be instrumental in this context.

Although the foundations of logic-based XAI assume classification models [90, 34], the
core concepts can easily be adapted to the case of regression models. Different works have
proposed solutions for handling regression models [4, 6, 64].

Despite the significant progress in logic-based XAI, one key challenge has been the ability
to reason about complex neural networks (NNs). The first experiments on computing plain
AXps (i.e. those that respect (1) and are subset-minimal) for NNs were presented in 2019 [34],
with no observable improvements since then. An alternative line of research has been pursued
in recent years. Instead of computing plain AXps, the insight is to compute AXps that hold
within some distance of the target instance [92, 39], i.e. the so-called distance-restricted
AXps. In turn, this reveals a tight relationship between (distance-restricted) AXps and
adversarial robustness [53, 54].

A different approach to explaining complex ML models has been to target model-agnostic
instead of model-aware3 explanations. As shown in recent work [13], model-agnostic explain-
ability can be achieved by the rigorous definition of AXps starting from samples of the ML
model behavior, e.g. training data. Sample-based (and so model-agnostic) explainability is not
without drawbacks as discussed in [2, 1, 3, 77]. Applications of SAT solvers in sample-based
explainability are illustrated in [74].

Finally, the formal guarantees of logic-based XAI only matter if the implemented explainers
can be validated for bugs. There has been some work on the certification of logic-based
explainers [27] and, more importantly, in demonstrating that publicly available logic explainers
can exhibit bugs [24].

1.3 From Feature Selection to Feature Attribution – the Way of Logic
Finding AXps/CXps is tantamount to rigorous XAI by feature selection, i.e. finding sets
of features that explain some instance, with a sub-symbolic example being Anchors [83].
However, it is the case that the most widely used sub-symbolic methods of XAI target

2 Nevertheless, in some cases, e.g. DTs, highly inefficient solutions continue to be proposed [76].
3 Whereas in model-aware explainability the ML model is encoded into a logical representation, this is not

the case in model-agnostic explainability, where reasoning does not require knowledge of the ML model.



J. Marques-Silva 2:5

feature attribution, i.e. to rank features in terms of their relative importance for some
instance. SHAP [60] and LIME [83] are arguably the best-known examples of XAI by
feature attribution, where SHAP exemplifies the use of Shapley values [88] in XAI. Recent
work [68, 26] demonstrated fundamental flaws in the uses of Shapley values in XAI, proving
that the cooperative game used for XAI can mislead human decision makers. This negative
result motivated the search of alternatives to Shapley values [11, 93].

Nevertheless, the identified flaws of Shapley values in XAI relate with the cooperative
game from which Shapley values are computed, and not with Shapley values themselves.
As a result, more recent work [56] proposed a logic-based game for XAI, such that WAXps
(or WCXps) are used in the definition of a novel characteristic function. This logic-based
game is inspired by the games used in measuring a priori voting power since the 1950s [89].
In practice, researchers have proposed [69, 61] a practically efficient alternative to the tool
SHAP, that exploits this novel logic-based game for XAI, but also adopts the computation
of WAXps/WCXps from samples [13, 74]. The computation of WAXps in XAI by feature
attribution opens new opportunities for exploiting automated reasoners in the rigorous
analysis of ML models.

2 SAT & Logic-Based XAI

As underlined in the previous section, logic-based XAI has, since its inception, built extensively
on Boolean satisfiability (SAT) solvers and practically efficient uses of SAT solvers as NP
oracles.4 In addition, logic-based XAI has also built on reasoners that extend SAT solvers,
e.g. SMT solvers [10]. This talk briefly covers concrete examples of using SAT solvers as NP
oracles in the context of logic-based XAI. A few examples are summarized below.

Deciding feature relevancy. Abstraction refinement has become a fundamental technique
for solving computational problems that lie beyond NP, with QBF solving representing a
well-known example [51, 49, 50]. One case study of exploiting SAT oracles in logic-based
XAI has been the problem of deciding feature relevancy [25]. This talk revisits the use
of SAT-based abstraction refinement for deciding feature relevancy in the concrete case of
random forests. This case study illustrates the importance of problem-specific solutions,
in that the use of abstraction refinement has been shown to be orders of magnitude more
efficient than a direct encoding to QBF.

Smallest sample-based explanations. In the context of sample-based explainability, one
example of a computationally hard function problem is that of computing the smallest
abductive explanation [87, 74]. This talk details the application of SAT solvers in computing
smallest sample-based abductive explanations.

Enumeration of explanations – the case of decision trees. Another widely used application
of SAT oracles has been on the enumeration of MUSes/MCSes, namely the eMUS/MARCO
algorithm [57, 81, 58]. In logic-based XAI, eMUS/MARCO-like algorithms have been
extensively used for navigating the space of AXps/CXps. This talk details how AXps/CXps
are enumerated in the concrete case of decision trees.

4 There exists extensive bibliography on function problem solving using SAT (or SMT) oracles [10],
including MaxSAT and QBF solving. Additional examples include finding subset-minimal sets in
different contexts [72, 73], including in cases that lie beyond NP [30, 32].

SAT 2026
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