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Abstract
Human reasoning relies on abstraction and gener-
alization, in order to make decisions flexible under
changing conditions while ignoring irrelevant de-
tails and focusing on the essence. Developing AI
systems with such abilities, while ensuring trans-
parency and explainability on the reasoning behind
the made decision, remains a central challenge.
Symbolic AI provides transparent knowledge rep-
resentations and formal reasoning guarantees, yet
lacks principled mechanisms for abstracting away
irrelevant details while preserving the information
required for reasoning, explainability, and general-
ization. This paper presents an overview of my re-
search towards addressing this challenge by devel-
oping formal and computational methods for ab-
straction in Answer Set Programming, one of the
core formalisms in symbolic AI, and related logic-
based frameworks. The contributions span from
foundational abstraction techniques that simplify
reasoning representations while preserving essen-
tial solution properties, to investigations on how
such abstractions can both improve computational
reasoning and support human understanding of AI
decision processes.

1 Introduction
Abstracting over and forgetting (ir)relevant details are key
cognitive mechanisms that humans unwittingly employ when
tackling complex problems. They enable flexible decision-
making under changing conditions, in particular through the
ability to generalize to previously unseen situations. In cog-
nitive science, humans’ ability of generalization is consid-
ered to involve concept learning and abstraction over simi-
larities [Harnad, 2017; Bruner, 1986]. While humans nat-
urally handle such capabilities, developing them within AI
systems has proven a challenging problem. The goal is gen-
erally to construct from a given set of problem instances
a model that can be used for solving new instances, or to
derive a generalized solution to be used in similar prob-
lem instances [Yuxiao et al., 2011; Jiménez et al., 2019;
Cropper et al., 2022]. Modern machine learning methods that
rely on statistical models excel at complex computer vision

and natural language processing tasks, while the learned mod-
els provide little-to-no insights on their generalization ability.
In addition to the lack of transparency, there are generally
no formal guarantees on the learned generalizations, as wit-
nessed, e.g., by hallucinations of large language models [Ji
et al., 2023], or by simplicity bias of neural networks that
ignore meaningful features [Shah et al., 2020]. These limita-
tions have renewed interest in combining statistical learning
with symbolic reasoning. While learning is effective at ac-
quiring representations from data, symbolic methods provide
knowledge representation and formal reasoning capabilities.

Symbolic AI refers to methods that explicitly represent
knowledge and solve problems through logical reasoning.
Besides providing transparent and inspectable representa-
tions, symbolic approaches offer formal semantics, making it
possible to establish correctness guarantees about the reason-
ing process and the computed solutions. However, reasoning
over increasingly large knowledge bases remains computa-
tionally demanding, and understanding the resulting reason-
ing processes or explanations can itself become difficult due
to their size and complexity. Thus, equipping symbolic AI
with abstraction mechanisms is essential for simplifying rea-
soning, understanding complex decision processes, and en-
abling generalized reasoning across related problems.

My research investigates these questions in the setting of
Answer Set Programming (ASP), a declarative logic pro-
gramming paradigm for knowledge representation and rea-
soning. In ASP, a problem is represented by a set of rules
of the form H ← B in a first-order language, collectively
called a program, where intuitively, the head H must hold
whenever the body B is satisfied. The models of such pro-
grams, called answer sets [Gelfond and Lifschitz, 1991], cor-
respond to the solutions of the encoded problem. ASP encod-
ings often follow a “guess-and-check” methodology, where
solution candidates are generated and invalid candidates ruled
out through constraints. A distinguishing feature of ASP is its
nonmonotonic semantics, which naturally supports reasoning
with incomplete information, defaults, and exceptions. ASP
combines expressive knowledge representation with precise
formal semantics, making it an ideal setting for studying ab-
straction and generalized reasoning.

The central idea underlying my research is that abstrac-
tion provides the formal machinery for simplifying reasoning
while preserving the semantic structure required for explain-
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ability and generalized reasoning. This paper presents the
progression of this research in ASP, from over-approximation
techniques that simplify reasoning by omitting and clustering
details, to dependency-preserving abstractions that character-
ize irrelevancy in reasoning, enabling empirically validated
improvements in explainability, and ultimately towards a for-
mal foundation for generalized reasoning. I view these ab-
straction mechanisms as a key ingredient for building reason-
able AI systems capable of logical reasoning and generaliza-
tion, with cognitively aligned explanations of their decisions.

2 Foundations of Abstraction in ASP
The central idea behind abstraction is to intentionally discard
details while preserving the essential structure for reasoning.
In the context of ASP, we introduced abstraction as a means
to simplify a program into a coarser program while preserv-
ing the original solutions, thus achieving over-approximation.
Formally, a program P ′ over U ′ is called an abstraction of a
program P over U , if there exists a mapping m : U → U ′

such that for each answer set I of P , I ′ = {m(l) | l ∈ I} is an
answer set of P ′, i.e., m(AS (P )) ⊆ AS (P ′). This ensures
that every answer set of the original program is represented
at the abstract level, although additional spurious answer sets
may be introduced. Such abstractions reduce the size of the
search space and make it possible to reason about a simplified
representation of the problem.

Approaches for two kinds of abstraction mappings are in-
troduced. The first, abstraction by omission [Saribatur and
Eiter, 2021], omits selected atoms from the vocabulary (by
mapping the atoms to ⊤) and focuses reasoning on the re-
maining information. The second, domain abstraction [Sari-
batur et al., 2021], clusters domain elements into abstract rep-
resentatives and reasons over the resulting abstract domain.

Next example illustrates how both forms of abstraction
produce a simpler problem representation that captures es-
sential aspects of the original problem.
Example 1. Figure 1a shows a graph instance that has 162
possible 3-colorings of the nodes, with 6 possible colorings
of nodes 1-2-3. Meanwhile, the graph in Figure 1b is not 3-
colorable due to the clique 1-2-3-4. We consider two possible
abstractions over the nodes in the problem. For Figure 1b,
omitting all the nodes except 1-2-3-4 preserves the uncol-
orability. As for Figure 1a clustering the nodes 4-5-6 into
one abstract node results in 3-coloring the nodes 1-2-3 and
assigning some colors to the cluster node without focusing on
the details of the colors of each individual node.

Depending on the abstraction mapping, we provide syntac-
tic operators to construct an abstract ASP program that en-
sures over-approximation. As spurious answer sets can be
introduced, one may need to go over all abstract answer sets
until one that can be instantiated to an original answer set is
found. If the original program has no answer sets, all encoun-
tered abstract answer sets will be spurious. Eliminating the
spurious answer sets is possible by refining the abstraction.
However, checking the concreteness of an abstract answer set
returns unsatisfiability, if it is spurious, without any reason
on why this is the case. In order to obtain hints on spurious-
ness, we make use of ASP debugging approaches [Brain et
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Figure 1: Illustration of abstraction through omission and clustering.

al., 2007; Oetsch et al., 2010] to be able to debug checking
the existence of an original answer set that can be mapped
to the abstract answer set. The refinement decisions are then
made using the debugging hints obtained from the checking.
We introduce an abstraction-&-refinement methodology (in-
spired from CEGAR [Clarke et al., 2003]) that starts with an
initial abstraction and refines it repeatedly using hints that are
obtained from checking the abstract answer sets, until a con-
crete solution (or unsatisfiability) is encountered. We have
implemented the framework in tools that are able to automat-
ically achieve an abstraction mapping that creates an abstract
program where either a concrete answer set is encountered,
or unsatisfiability is achieved.

These contributions established formal foundations for ab-
straction in ASP and demonstrated its usefulness for both
reasoning and analysis. The resulting ideas influenced later
work on abstraction in argumentation [Saribatur et al., 2020;
Saribatur and Wallner, 2021; Apostolakis et al., 2024] and,
more broadly, motivated further research in abstraction as a
mechanism for explainability and generalized reasoning.

3 Dependency-Preserving Abstractions
The abstraction frameworks discussed in the previous section
simplify reasoning through over-approximation. However,
supporting generalized reasoning requires stronger guaran-
tees. Abstractions must preserve not only the existence of
solutions, but also the semantic dependencies that determine
how solutions change across related problem instances.

The subsequent research thus focuses on theoretical foun-
dations for abstractions preserving stronger aspects of a pro-
gram’s semantics and investigate abstractions as a way to
generalize within programs [Saribatur and Woltran, 2023;
Saribatur et al., 2024]. The main idea is to represent a pro-
gram P over a given language U with a program Q over a lan-
guage U ′ of smaller size (compared to U), in a way that pre-
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serves the semantics of P in Q. This is achieved by mapping
atoms from P to atoms in Q in such a way that the answer
sets of the original program P and the resulting abstraction
Q correspond in the spirit of uniform equivalence [Eiter and
Fink, 2003], independently of the facts, i.e., the instance data,
added to the programs. Formally, we define Q to be a uniform
m-abstraction of P if for any set F of facts over U , we have
m(AS(P ∪ F )) = AS(Q ∪m(F )). Intuitively, this notion
allows an abstract program to reason about classes of similar
instances, providing the basis for generalized reasoning.

Next example illustrates the motivation.

Example 2. Let us consider the following program P .

registerEarly ← not registerLate

registerLate ← not registerEarly

registered ← registerEarly

registered ← registerLate

reachBremen ← takePlane

reachBremen ← takeTrain

attendIJCAI ← reachBremen, registered

We register to IJCAI either early or late, and
reach Bremen by plane or train; once there, be-
ing registered allows us to attend IJCAI. Now for
P ∪ {takeTrain}, the answer sets would be {register
Early , registered , takeTrain, reachBremen, attendIJCAI }
and {registerLate, registered , takeTrain, reachBremen,
attendIJCAI }. Since registered holds in both cases, the
registration details are not of key importance to attend
IJCAI, and can be omitted. Furthermore, in P , since both
taking the plane and the train allow us to reach Bremen, the
details of how the travel is made could be clustered, e.g, by
mapping takeTrain and takePlane to travel . Now consider
the program Q below.

reachBremen ← travel

attendIJCAI ← reachBremen

We can see that Q preserves all the dependencies be-
tween the abstracted atoms and the rest of the atoms. In
other words, if P is extended with further facts F , e.g.,
{takeTrain}, then Q together with the abstracted facts
m(F ), e.g., {travel}, would still yield corresponding ab-
stracted answer sets.

This illustrates the key idea behind generalized reason-
ing: once irrelevant details for reasoning have been abstracted
away, the same abstract representation remains applicable
across multiple related problem instances.

Initial focus has been on omission of atoms, where the re-
sulting abstractions are referred to as simplifications [Sarib-
atur and Woltran, 2023], making them closely related to the
widely studied notion of forgetting [Eiter and Kern-Isberner,
2019; Gonçalves et al., 2023]. Forgetting constructs, from a
program P , a program over a reduced vocabulary that forgets
a set of atoms while preserving its semantics in the presence
of any additional set of rules/facts not containing the atoms
to be forgotten. Building on this connection, we showed that

allowing the added facts or rules to range over the full vocab-
ulary captures the irrelevancy of atoms, which can be disre-
garded both from the original program and from the context
while preserving the semantics of the original program. The
same observation holds when considering clustering map-
pings, allowing semantically indistinguishable details to be
abstracted into a single concept [Saribatur et al., 2024]. As
not every program is abstractable, we provided necessary and
sufficient conditions for abstractability together with model-
theoretic characterizations of the resulting abstractions. Im-
portantly, whenever possible, these abstractions can be ob-
tained from the original program by simple syntactic opera-
tors that project away omitted atoms or map atoms to their
clusters.

Later, we investigated a relativized version of these ab-
straction notions, where added facts/rules are restricted to
a subset of the vocabulary [Saribatur and Woltran, 2024;
Knorr et al., 2026]. Besides allowing abstractions for pro-
grams that were previously not abstractable, this relaxation
bridges the gap between forgetting [Gonçalves et al., 2020;
Gonçalves et al., 2019] and (relativized) strong/uniform
equivalence [Lifschitz et al., 2001; Eiter et al., 2007] , pro-
viding a unified view of these notions in the literature.

More recently, we examined the computational complex-
ity of checking and the existence of abstractions by cluster-
ing, and investigated the role of symmetries in determining
abstractions [Saribatur et al., 2026a]. We show that symme-
try and abstraction notions are orthogonal, due to the differ-
ence of interchangeability and indistinguishability. The idea
of symmetry is to detect interchangeable objects, to reduce
the search space, such as pigeons and holes in the pigeonhole
problem. However, identifying these objects is necessary to
ensure that the constraints are still satisfied. Abstraction, on
the other hand, is about losing the identification of the ob-
jects as they do not matter in finding a solution, such as hav-
ing checkpoints to pass through in a package delivery where
the choice of which middle point the truck passes through is
not important. Under suitable syntactic restrictions, syntac-
tically symmetric atoms become semantically indistinguish-
able, yielding uniform abstractions.

4 Abstraction for Explainability
In the cognitive science of explanation, it is well-established
that humans prefer simple, contrastive explanations over ex-
haustive traces for the made decision [Miller, 2019; Lom-
brozo, 2007]. Just as image classification explanations use
saliency maps to highlight relevant pixels while treating the
rest as irrelevant [Ribeiro et al., 2016], symbolic represen-
tations must distinguish between essential logical pivots and
distracting details adhering with Grice’s Maxim of Quantity
[Grice, 1975]. Existing explanation approaches in Answer
Set Programming (ASP) [Eiter et al., 2026] typically justify
why an atom is present or absent in an answer set by tracing
the relevant rules and derivations. As domains become more
complex, however, such explanations often suffer from infor-
mation density, containing details that are technically correct
but cognitively unhelpful. The challenge is therefore not only
to generate explanations, but to identify which information is
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(a) Human explanation for un-
solvability marking the two
dead-ends

•

(b) Abstraction obtained by the
tool that focuses on the region
that preserves unsolvability

Figure 2: Explanatory abstractions on an unsolvable Visitall in-
stance, where the agent on the top-left corner needs to visit all the
cells by visiting each cell once.

relevant for human understanding.
A first indication that abstraction can support this goal

comes from problems with multi-dimensional structures such
as grid-cell domains, where human observers naturally focus
on the part of the grid relevant for the problem. For these
structures, we developed a hierarchical form of domain ab-
straction that automatically adjusts the level of granularity
toward the relevant parts of the instance [Eiter et al., 2019;
Saribatur et al., 2021]. Figure 2 illustrates the resulting effect
on an unsolvable Visitall problem. The abstraction produced
by the tool preserves unsolvability while zooming in on the
region that is responsible (Figure 2b). The resulting view
resemble the way humans focus on certain parts of the grid
when explaining unsolvability (Figure 2a).

This observation motivated a line of work that empirically
validates the impact of abstraction over explanations on hu-
man cognition [Saribatur et al., 2026b]. The abstraction no-
tions introduced in Section 3 yield abstracted programs, in
which unnecessary details are omitted and semantically sim-
ilar concepts are clustered, that can be used to obtain traces
for the decision. As an illustration, Figure 3 shows the ex-
planations for attendIJCAI from Example 2 obtained with
the xclingo system [Cabalar and Muñiz, 2024]. Default
explanation (Figure 3a) is obtained from P ∪ {takeTrain}
while the abstract explanation (Figure 3b) is obtained from
Q∪{travel}.1 The question then becomes: Do these theoret-
ically simpler traces actually result in measurable improve-
ments in human understanding and reductions in cognitive
effort?

We conducted an experiment that utilized concept-learning
tasks in which participants performed a binary classification
task after being presented with explanations. Understanding
and effort is measured by accuracy and answer times, respec-
tively. The empirical study was based on a complete between-
subject design, where participants were randomly assigned to
one of the four groups: default, cluster, removal, and cluster
and removal. and the data between these groups were com-
pared to calculate the effect on the dependent variables.

1For the empiricial study, the clustered atom was presented ex-
plicitly as takePlaneOrTrain rather than travel to avoid introduc-
ing an additional abstraction layer for participants.

|__attendIJCAI
| |__registered
| | |__registerEarly
| |__reachBremen
| | |__takeTrain

(a) Default

|__attendIJCAI
| |__reachBremen
| | |__travel

(b) Abstracted

Figure 3: xclingo explanations for attendIJCAI from Ex. 2

The findings confirm that abstractions help with under-
standing of the explanations and reduce the cognitive effort,
though the type of abstraction influences the nature of the
improvement. When explanations were abstracted into clus-
ters, participants made significantly fewer errors. The clus-
tered information in the explanations likely provided struc-
tural organization that allowed to form more clear models of
the classification rules, leading to fewer errors. On the other
hand, removal of the irrelevant details in explanations results
in reaching decisions faster. As they were not displayed in the
explanations, this helped in the participants to ignore the un-
decisive attributes when making the classification decisions.

We now have empirical evidence for the double benefit of
symbolic abstraction in explanations: structural organization
via clustering facilitates understanding, while the removal of
irrelevant details reduces cognitive effort. This shows that
there is more than just obtaining simpler explanations, as dif-
ferent abstraction operations serve distinct cognitive effects,
and also highlights the importance of tailoring symbolic ex-
planations to cognitive processes.

5 Conclusion and Outlook
This research establishes abstraction as a fundamental princi-
ple for symbolic AI, providing the theoretical foundations to
bridge complex logical reasoning with human-aligned gener-
alization and explainability.

Building on these foundations, ongoing work extends ab-
straction towards reasoning over specific sets of problem in-
stances [Saribatur et al., 2026c]. Lifting these abstraction no-
tions to temporal theories [Aguado et al., 2013; Aguado et
al., 2023], will then allow to represent generalized reasoning
in dynamic domains, while also capturing generalized plan-
ning. The complementary direction investigates how to learn
good abstractions by detecting the underlying patterns [Law
et al., 2020; Frances et al., 2021] guided by the developed
theoretical results. Another challenge is to automatically de-
rive human-understandable concepts for the learned abstrac-
tions, bridging formally computed abstractions with cogni-
tively meaningful symbolic representations.

My long-term vision is to establish cognitively aligned ab-
straction and generalized reasoning [Ilievski et al., 2025] as
core capabilities of symbolic AI systems. Achieving this
vision requires developing formal frameworks that can de-
rive generalized solutions across related problem instances,
while ensuring that the resulting explanations remain cog-
nitively meaningful for humans. Realizing this vision ulti-
mately relies on close collaboration with social scientists to
align formal models of generalization with human reasoning
processes.
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