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Abstract

Explanations for Answer Set Programming and Machine Learning fall within the scope of explainable Artificial
Intelligence (xAl), which aims to make intelligent systems more transparent. This research not only enhances the
understanding of the provided solutions or questions, but also strengthens user trust, supports better decision-making.
In this work, we present a research summary on xAl, focusing on how the state-of-the-art approaches in Answer
Set Programming and Machine Learning generate the explanations or justifications for the solutions or questions.

The summary integrates both existing literature and our own research contributions, outlining the progress made in
the xAl field.
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1. Introduction and Problem Description

Intelligent systems have recently demonstrated a strong capability to successfully tackle complex problems
[1, 2] and have been applied in various domains such as health care [3, 4, 5] and transportation [6].
However, as a system’s performance reaches a higher level, its transparency diminishes [1, 7, 8, 9]. DARPA
[7] highlights the trade-off between performance metrics, such as accuracy and explainability. The lack
of transparency raises mistrust among users, especially in critical domains such as healthcare, human life,
law, privacy, and finance [1, 10, 11]. As a result, the interest in explainable artificial intelligence (xAl)
has grown significantly in recent years. XAl systems aim to provide explanations for their results so that
the users can understand why they receive the results such as predictions and recommendations; thus,
they can decide whether they should trust the results.

The recognition of XAl has been amplified by a critical legal provision known as the right fo an
explanation law, instituted by The European Parliament [12, 13, 14, 9]. The General Data Protection
Regulation (GDPR) became law in May 2018. Article 22 in GDPR states that anyone has the right to reject
a “decision based solely on automated processing” that “signicantly affects” this person [12]. Implicit
in the GDPR is that, in the future, the automated decision must be explicable in human-understandable
manner for it to be acceptable [15, 12]. Consequently, the implementation for integrating applications
equipped with xAl capabilities has become urgent, presenting a substantial scientific challenge.

As xAl becomes increasingly important, this research summary presents two different methodologies
in this field, data-centric approach which is deep neural networks (DNNs), and rule-based approach
which is answer set programming (ASP). In ASP, identifying the reason for the presence or absence
of a given atom in an answer set can be a challenging task due to the many possible interactions with
large knowledge/logic program. Explainability for deep neural networks has been a topic of intensive
research due to the meteoric rise in prominence of deep neural networks and “black-box” nature of their
decision-making.
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The organization of this work is as follows. Chapter 2 introduces the background of ASP and DNN.
The existing literature is presented in Chapter 3. Chapter 4 outlines the research goal. Chapter 5 presents
the current status and results. Chapter 6 discusses future work and conclusions.

2. Background

2.1. Answer Set Programming

Answer Set Programming (ASP) [16, 17] is a declarative programming paradigm based on logic
programming under the answer set semantics. A logic program P is a set of rules of the form
“c < ay,...,apy,not by,...,not b,”  where c, a;’s, and b;’s are atoms of a first order language. The
semantics of logic programs is often defined over the ground instantiation of P. Therefore, to simplify the
presentation we will assume that a program P is propositional program. not represents (default) negation.
Intuitively, a rule states that if all g;’s are believed to be true and none of the b;’s is believed to be true
then ¢ will be true. For a rule r, r* and r~ denote the sets {ay,...,a,} and {by,...,b,}, respectively. We
write head(r) and body(r) to denote ¢ and the right side of a rule . Both the head and the body of a rule
r can be empty; when the body is empty, the rule is called a fact; when the head is empty, it is a constraint.
We use H to denote the Herbrand base of a logic program P, which is the set of all ground atoms in P.

Let P be a program. An interpretation I of P is a subset of H. [ satisfies an atom a (I |=a) ifa € I.
The body of a rule r is satisfied by 1 if ¥ C I and r~ NI = 0. A rule r is satisfied by I if I |= head(r) or
I £~ body(r). I is a model of P if it satisfies all rules in P.

For an interpretation / and a program P, the reduct of P w.r.t. I (denoted by P') is the program obtained
from P by deleting (i) each rule » such that ¥~ NI # 0, and (ii) all elements of the form not a in the
bodies of the remaining rules. Given an interpretation I, observe that the program P! is a program with no
occurrences of not a. An interpretation / is an answer set of P if I is the least model (w.r.t. C) of P'[18].
Answer sets of logic programs can be computed using efficient and scalable answer set solvers, such as
clingo [19].

2.2. Deep Neural Network

A neural network consists of an input layer i, an output layer o, and multiple hidden layers Ay,...,h;j,
Jj > 1, between them ([20]). Each layer consists of a set of nodes, each node is associated with a bias and
an activation function. Node j at layer / — 1 provides an input with weight wf ; tonode i at layer [. The
matrices representing the weights and biases of the network are denoted by w and b, respectively. The
input layer i receives raw features from data, while the output layer o produces the network’s prediction.

The number of nodes in each layer depends on the application and the designer of the network. Usually,
the number of nodes in the input and output layer corresponds to the number of features in the input data
and the number of classes of the classification task, respectively.

Given a training set! {(x;,y;) | i = 1,...,N}, the goal of training a network is to learn w to minimize
the error function E(w,b) = 1YV, (y; — $;)> where §; represents the output value of the network given
the input x;. af is the activation value at node i at layer /, whose activation function is f, is computed
by af =fx j wha '+ bﬁ ) (See, e.g., ([21]) for more details). Different activation functions can be used

ij*j
(e.g., Tanh, Sigmoid, or ReLU).

3. Overview of the Existing Literature

3.1. Answer Set Programming

Our work focuses on xAl for ASP, which in turn can be applied to debug by identifying a set of rules
that justifies the derivation of a given atom. For example, if an atom « is supposed to be false in all

IFor simplicity of the representation, we assume a network with one node at the output layer. Multiple output nodes are
formalized similarly.



answer sets of a program II but appears in some answer set A, an explanation graph of o could help
to understand which rules are behaving anomalously. Therefore, in this section, we consider some
debugging tools for ASP (e.g. spock and DWASP), as well as state-of-the-art XAl systems for ASP (e.g.
xclingo, xclingo 2.0, s(CASP) and off-line justifications).

Several xAl systems have been developed to provide explanations for ASP. Among them, the following
are particularly notable. xclingo [22] generates derivation trees for an atom by adding trace_rule and
trace annotations to the input program. These annotations are compiled into theory atoms and auxiliary
predicates, and the resulting explanations are derived by decoding the answer sets of the modified program.
xclingo 2.0, the latest release of xclingo [23, 24], introduces new annotations: mute for atoms and
mute_body for rules. The annotations serve to prune the edges and exclude nodes explanations, thus
aiding in information filtering. s(CASP) [25] leverages top-down Prolog computation to generate a
justification tree in natural language for Constraint Answer Set programs. Additionally, explanation
graphs can be given in terms of off-line justifications [26, 27], possibly containing cycles among false
atoms [26].

Some well-known debugging tools are as follows. spock [28] makes use of tagging techniques [29]
to translate the input program into a new program whose answer sets can be used to debug the original
program. The information reported to the user includes rules whose body is true (applicable rules), rules
whose body is false (blocked rules), and abnormality tags associated with completion and loop formulas.
DWASP [30] is aimed at identifying a set of rules that are responsible for the absence of an expected answer
set. It combines the grounder gringo [31] and an extension of the ASP solver WASP [32], and introduces
the gringo-wrapper to “disable” some grounding simplifications.

Current approaches face several limitations: for example, xclingo and xclingo 2.0 cannot include
negative literals in their explanations; s(CASP) generates different justifications when the order of atoms
in rules or the order of rules in the program changed; and some methods (e.g. off-line justification) lack
support for extended language constructs such as aggregates.

3.2. Deep Neural Network

The study in [13] classifies XAl methods into local and global explanations. Local explanation refers to
the ability of explaining a specific prediction, while global one pertains to the overall model, covering
all predictions. A well-known method for local explanations is Local Interpretable Model-Agnostic
Explanations (LIME) ([33]). In contrast, SHapley Additive exPlanation, SHAP ([34]), is a model-agnostic,
statistically-based method that uses Shapley values to explain feature importance globally.

Rule extraction methods have also been developed for understanding DNNs. Some methods focus
on generating counterfactuals which help identifying features that need to be changed to produce a
different output ([35]). These methods allow users to understand how small changes in input can impact
the model’s decision. Some other approaches construct IF-THEN rules from the trained DNN model
which are then used to explain the dependence between input feature values and outputs. This provides
users with the understanding of the model behavior across all inputs. The work in [36] is a well-known
method that proposes a procedure for inducing logic-based theory for a given neural model (referred
to as the main network). The method has to utilize multiple mapping networks that are trained to map
the activation values of the main network’s output to human-defined concepts. The primary cost of this
approach lies in the need to label data for the mapping network, which usually requires domain expert
knowledge. Following a taxonomy proposed by [10] and [37], rule extraction approaches can be divided
into three categories: decompositional, pedagogical and eclectic. Decompositional methods derive rules
based on the structure of the trained neural network and take into consideration hidden layers during
extraction (e.g. DeepRED [38] and ECLAIRE[39]). On the other hand, pedagogical methods disregard the
hierarchical structure in the extraction process (e.g. HYPINV [40] and RxREN [41]). Eclectic methods like
Modified RX+CGA[42] integrate both decompositional and pedagogical approaches.

It is worth noticing that some feature/rules extraction methods directly from data ([43, 44] such as
linear discriminant analysis (LDA) and decision tree could also be used to identify the importance of
features and interpretable results. However, these methods do not explain the behavior of the given DNN



and have difficulty dealing with irrelevant features.

4. Goal of the Research

My research is in the field of Explainable Artificial Intelligence, which focuses on generating explanations
or justifications for the outputs of intelligent systems. The goal of my work is to develop generation
explanation systems for Al, which is achieved by exploring two methodologies:

1. The data-centric approach using deep neural networks (DNNs): DNNs, which benefit from ex-
tracting features from large datasets, are widely used in applications like speech recognition and
classification. This work presents post-hoc explanation method for DNNs that analyze trained
models to uncover their decision-making processes.

2. The rule-based approach using answer set programming (ASP): ASP is particularly attractive due to
its non-monotonic reasoning, elaboration tolerance, and scalable solvers. The explanation of ASP
solutions focuses on understanding why a particular answer set is a solution to a given problem,
or why an atom (a logical consequence) is included or excluded from an answer set in a given
program.

5. Current Status of the Research and Results

5.1. XAl for Answer Set Programming

Generating faithful explanations for True and False atoms. One of my first works, exp(ASP)
[45], which based on [26], generates explanation graphs that explain why a is true (or false) given the
(grounded/ungrounded) logic program P and its answer set A. These graphs include information about
the applicable rules and atoms that contribute to the truth value of a. In exp(ASP), the program P is
preprocessed to preserve facts and as many ground rules as possible by using the —text and —keep-facts
options, along with converting facts into the external statements. The aspif representation of P is then
obtained and processed, together with A, to generate explanation graphs through the following steps: (i)
determining the set of assumptions U with respect to A; (ii) generating explanation graphs for a using
P, A, and U following its definition adapted from [26]). exp(ASP) has been applied to an ASP program
that analyzes the most severe nuclear accident in U.S. history—the Three Mile Island Unit 2 (TMI-2)
accident scenario—to generate explanations that help answer questions such as “Why did an event occur?”
or “What should be done?” [46]. Later, I developed exp(ASP€) [47] as an enhancement of exp(ASP),
improving its ability to support choice rules and constraints, two of the most common and powerful
constructs in ASP. In the above systems, atoms that are always false are eliminated by the solver during
the grounding phase. To address the limitation, I proposed xASP [48, 49], which introduces grounding
as-needed process. xASP computes only the set of ground rules that are necessary for the construction
related to the query atom, without simplifying the program before finding the explanations. Thus, this
approach provides faithful explanations for the truth value of the given atom. This is important to form a
correct understanding of programs.

Handling language extensions in ASP. ASP introduces several language extensions, including
aggregate like #min and #max. In our follow-up work, xASP2 [50, 51], we further improved the system by
incorporating meta-programming techniques, which boosted performance through faster computation of
minimal assumption sets and better handling of complex linguistic structures. This version also introduces
support for extended languages with aggregation functions and includes a web-based application for
visualization. The system has been empirically validated through testing in a large-scale commercial
application.

Table 1 summarizes compared features: whether the explanation is guaranteed to be acyclic; whether
the input program may include aggregates and constraints; whether the query atom can be false in the



Table 1
Summary of compared features [50]

System (if any) Acyclic Linguistic Explanation for System
and reference  explanation extensions false atoms availability
xclingo [22] Yes None No Yes
s(CASP) [25] Yes Constraints Yes Yes
Visual-DLV [52] Yes Constraints No Yes
spock [28] Yes Constraints No Yes
DWASP [30] Yes Constraints No Yes
[26] No None Yes No
[27] Yes None Yes No
ASPeRiX [53] Yes Constraints Yes Yes
LABAS [54] No None Yes Yes
[55] No Aggregates Yes No
xASP2 Yes Aggregates and Constraints Yes Yes

answer set; and whether the system is available for experimentation. Further details on these differences
are provided in the work [50].

5.2. XAl for Deep Neural Network

To address explainability in DNN, we propose xDNN(5P) [56]—a novel framework for generating global

explanations of DNNs by extracting logic-based representations under ASP. This work falls within the
taxonomy of post-hoc explanation methods, which analyze trained models to uncover their decision-
making processes. It aims to answer the key questions: (1) “Why is the output produced?”, (2) “What
features were involved?”, and (3) “How was the interaction among the hidden layers?”

1.00

Algorithms
EZ==xDNN(ASP)
n 0954 RNEclaire i
Q E3Rem_D E
> M DeepRed &
T 0.90 A
(U]
© Designs @
e 0.85 O 1 <> 4 P=
+J . =
= 02 a5
O 3

- ®
O 0.80 -
. =
>
% 0.75 \@
Ny
>
) [
: @
<C 0.70 )

0.65

0.65 0.|70 O.|75 O.ISO O.éS 0.|90 0.55 1.00
Accuracy from original model

Figure 1: Comparing xDNN(S?) ECLAIRE, REM-D and DeepRED [56]

Given a trained neural network and its associated training data, xDNN(ASP) derives a logic program

whose answer sets — in the ideal case — represents the trained model, i.e., answer sets of the extracted
program correspond one-to-one to input-output pairs of the network. xDNN(A5P) has been applied in two
synthetic datasets, XOR operator dataset and its variation, using five different configurations of network
design. Fig. 1 compares the accuracy of NNs and four rule extraction algorithms across five designs, while
Fig. 2 presents fold-level accuracy for NN, ECLAIRE and xDNN(ASP) on design 2. If the extracted rules
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Figure 2: xDNN(*?) vs, ECLAIRE wrt. 5-fold in Design 2 [56]

closely mirror the behavior of their original NN models, their accuracies should align closely, meaning
that each point should lie near the diagonal line. In Fig. 1, while all NN models performed well across
the five designs, the rule accuracy of xDNN(ASP) consistently outperformed the others, demonstrating
high fidelity. Fig. 2 shows that, while ECLAIRE reached 99.5% accuracy in one fold, its performance
dropped to about 65% in another, indicating inconsistency within the same design. Thus, ECLAIRE may
need more exploration of NN designs to improve both rule extraction and model accuracy. In contrast,
xDNN#SP) delivered more stable results across all folds, despite slightly lower peak accuracy. In addition
to maintaining high predictive accuracy, the extracted logic program offers insightful information about
the model, such as feature importance and the influence of hidden nodes on predictions. The latter can
be used as a guide for reducing the number of nodes used in hidden layers, i.e., providing a means for
optimizing the network. More experimental details and results are available in the work [56].

6. Conclusion, Open Issues and Future Work

The latest work, xASP2 , is an XAl system designed for ASP, capable of explaining the truth or falsity
of atoms in an answer set. It supports advanced clingo constructs such as aggregates and constraints.
Additionally, we introduce xDNN(4S?) which extracts ASP representations from trained deep neural
networks to provide global explanations. While preserving predictive accuracy, it offers insights into
feature importance and the influence of hidden nodes, aiding in model interpretation and potential
network optimization. Although the size of the generated logic program scales linearly with the network,
it remains useful for analysis and explanation. Future research could focus on reducing computational
costs. One potential approach is to examine the impact of groups of hidden nodes rather than individual
ones. Another interesting direction is to explore specialized neural network architectures, such as CNNss,
to tackle classification problems involving non-numerical data, such as images.
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