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Abstract
Answer Set Programming (ASP) is a well-known formalism for knowledge representation and declarative problem
solving. ASP systems heavily rely on branching heuristics during their solving process. The chosen heuristic
significantly affects the overall system performance, and efficient solutions require extensive development effort
(e.g., tuning solver parameters, testing alternative encodings, exploiting domain knowledge). Recent advances in
Transformer-based large language models (LLMs) have been successful in extracting implicit knowledge about
planning domains, which has been exploited to learn custom heuristics. Nonetheless, their application to learning
ASP heuristics remains unexplored. This thesis proposes an approach to automate heuristic design for ASP
problems. We will fine-tune an LLM to imitate an ASP solver branching decisions on two domains, namely
Sokoban and Tower of Hanoi. The learned heuristics will be tested by integrating them into an ASP solver.
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1. Introduction and Problem Description

Answer Set Programming (ASP; [1]) is a declarative logic programming formalism used to tackle
complex problems [2, 3], including planning [4] and scheduling [5]. ASP popularity is due to its
expressiveness and availability of efficient solving technology. A rich language, intuitive semantics, and
efficient implementations are the critical ingredients of the success of ASP on industrial and academic
applications [2].

The majority of modern ASP systems are based on the ground and solve paradigm. The state-of-the-
art solvers, such as clasp [6] and wasp [7], are based on SAT-inspired conflict-driven clause learning [8]
algorithm (CDCL), a backtracking procedure that interleaves deterministic inferences with heuristically
driven choices. This allows for non-chronological backtracking (“backjumping”) by learning new clauses
that will be added to the original program upon reaching a conflicting assignment in the search space.
Their performance often hinges on the quality of the search heuristics they employ.

Solvers can embed two kinds of heuristics, namely general-purpose heuristics and domain-specific
heuristics. General-purpose heuristics rank available choices based on syntactic properties of the
program, inspired by [9], or on information produced by the solver itself. An example might be the
VSIDS heuristic [10], which pushes the solver to branch on variables recently involved in conflicts, or a
simple heuristic that chooses the first available unassigned variable. On the other hand, domain-specific
heuristics exploit external knowledge, often provided by a domain expert, to guide the solver through the
search space [11]. It is well known that the performance of ASP solvers can be improved by embedding
domain-specific heuristics into their solving process [12, 11, 13]. In industrial-grade applications, tuning
heuristics is often a necessity to solve instances in a feasible time, as demonstrated in [11].

Traditionally, crafting effective heuristics requires manual design by ASP experts, demanding sub-
stantial knowledge of both the target domain and solver internals. This raises a crucial question: Can
we alleviate this burden by automating heuristic design? And also, can machines learn domain-specific
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heuristics by observing solver behavior on representative instances? Similar considerations have
been made in adjacent fields, such as SAT [14, 15, 16], constraint programming [17, 18], integer linear
programming [19, 20, 21] and planning [22, 23, 24].

Meanwhile, the past few years have seen remarkable progress in large pretrained language models
(LLMs) based on the Transformer architecture [25]. Models such as GPT-3 and its successors achieve
strong results on NLP and even certain reasoning tasks. LLMs have also been applied to symbolic
domains. In particular, LLMs have been used to generate PDDL plans and heuristics for classical planning
problems [26, 22, 27]. Regarding the ASP language, there has been an increasing effort in researching
whether LLMs could find a fit in this formalism [28, 29, 30, 31]. These works focus on either generating
ASP programs or directly solving ASP instances; the use of an LLM to learn a domain-specific heuristic
is, to the best of our knowledge, novel. Therefore, motivated by the success of learning heuristics with
LLMs in adjacent fields and the absence of such work in ASP, we hypothesize that this approach can be
adapted to ASP. We also hypothesize that LLMs can leverage semantic understanding to learn more
effectively in ASP domains where atom names bear meaningful information.

My thesis will investigate these hypotheses by fine-tuning an LLM on a novel dataset of ASP instances
and their respective (optimal) sequence of branching literals. The chain will be obtained by previously
solving the instances using a solver like clingo [32].

2. Background

This section covers attempts in the literature at learning ASP heuristics and introduces the emerging
role of LLMs in symbolic reasoning tasks.

2.1. ASP and Heuristics

Several ways of combining domain-specific heuristics and ASP have been proposed: the ASP system
clingo allows the explicit declaration of custom heuristics, by means of dedicated directives [13]. This
has proven effective in applications, but crafting successful heuristics requires expertise both in the
problem domain and ASP solving technology. Another method is to let an external process influence
the search process. The work in [33] extended the CDCL solver wasp with a programming interface
from which one could guide the solving process. While effective in solving real-world instances of hard
problems [11], this still relies on human-crafted heuristics, just in a procedural form. Similar features
are also available in clingo through the custom propagators’ APIs.

DORS framework [12] tries to automate off-line domain-specific heuristic learning by analyzing the
sequence of choice points produced by a solver in computing answer sets over a set of (“training”)
problem instances. The domain knowledge accumulated is used as a learned heuristic and then applied
in later runs on new instances of the same domain. It has shown an order of magnitude speedup on
DPLL solvers; however, it was still inferior to pure CDCL approaches. Domain knowledge can also
be utilized at the meta-level by selecting the best solver or configuration for the domain. Systems
like claspfolio [34] and me-asp [35] attempt to predict which is the best solver to solve a given logic
program, from a set of available ones, that constitute the “portfolio”. Both approaches are formulated as
supervised learning tasks.

Deep learning has also been explored, with [36] training a neural network model to automatically
generate a domain-specific heuristic for the graph coloring problem. The proposed model predicts
which color to assign at each node, effectively guiding the ASP solver’s branching. The empirical results
showed that this learned heuristic improved the performance of the ASP solver wasp on graph coloring
instances.

Recently, [37] introduced a rather new approach to heuristic learning in ASP by using Inductive
Logic Programming (ILP; [38]) to learn declarative heuristic rules. Using as input a set of near-optimal
answer sets to learn some declarative rules, and then translate those rules into declarative heuristic
directives [13]. Preliminary experiments on the House Reconfiguration Problem suggest that applying
these learned heuristics can both improve solving time and solution quality when solving larger instances



Figure 1: Architecture of the proposed approach.

of the same problem. Similarly, although not strictly related to solving heuristics, ILP has been used
to learn symmetry breaking constraints [39, 40] from observed (preferred) solver behavior, that is an
example of machine learning tasks involving ASP programs.

2.2. Transformers and Symbolic Tasks

Applying transformer-based large language models (LLMs) to a symbolic reasoning task, like logic
programming or planning, is non-trivial. Recent studies have highlighted that commercial LLMs
highly struggle with tasks requiring step-by-step planning [26] or higher-order logic [31]. This natu-
rally sparked ideas about bridging the powerful language abilities of LLMs with the solid theoretical
foundations and reliability of symbolic frameworks like ASP and automated planning.

Recent studies have explored directly using LLMs for logic programming tasks. [28] combined
LLM with learning from answer sets to correctly solve story-based Q&A tasks, and [29] proposes a
neuro-symbolic method where an LLM converts natural language descriptions of puzzles into ASP code.
[31] fine-tuned LLMs to generate ASP code from natural language descriptions, demonstrating that
even lightweight models, when accurately fine-tuned, can capture ASP program patterns. In [30], input
prompts are processed by LLMs to generate relational facts, which are then processed by ASP rules
for knowledge reasoning while mapping the output to natural language with an LLM. These advances
demonstrate LLMs’ potential for symbolic reasoning, but their application to learning ASP heuristics
remains unexplored.

Another approach is to train or fine-tune LLMs on symbolic tasks like planning. A noteworthy
example is [26]. Here, an LLM specialized in code generation is fine-tuned to produce complete
symbolic plans for multiple domains. The results are promising, solving most instances with high
quality, both in terms of correctness and length, while needing less time compared to state-of-the-art
solvers. [41] follows a similar approach by teaching a transformer to imitate and improve upon standard
A* search. After an initial training on complete A* search traces, the model is iteratively fine-tuned with
progressively shorter valid traces, letting it successfully solve unseen Sokoban instances while cutting
search steps with respect to standard A*. [27] shows how LLMs can generate a set of domain-dependent
heuristic functions (as Python code) for classical planning. For each domain, the best heuristic is chosen
from the set and used to solve unseen instances. The generated heuristics are highly competitive
compared to most of the state-of-the-art domain-dependent heuristics.

3. Methodology and Research Goals

The central goal of this thesis is to develop a methodology for learning domain-specific heuristics for
ASP solvers using transformer models. By choosing ASP domains where atom names bear meaningful
information we hope to leverage LLMs’ natural language prowess to learn heuristics that exploit the
rich, implicit knowledge in the logic program: constant names, predicate names that appear in the
program’s atoms, and their semantic relationships at the natural language-level. This information is
indeed unavailable and inaccessible to standard ASP systems, where atoms are internally mapped to
integer identifiers.



The proposed approach, depicted in 1, consist of three main modules. While the initial focus is on the
Sokoban and Tower of Hanoi domains—both challenging and well-known by the ASP community—the
methodology is designed for broader applicability. The proposed modules are as follows:

• Dataset generator: The first module is a domain-independent generator for creating branching
decision datasets. For any target domain, it first takes as input an ASP encoding and set of ASP
instances. Then, these instances will be solved with a state-of-the-art ASP solver, like clingo
or wasp. From each solved instance, we extract the (optimal) sequence of branching decisions
leading to a solution. The solved instances with the corresponding extracted sequence will form
the training and test sets that will be used in the subsequent modules.

• LLM-based heuristic learner: This module uses the datasets produced by the generator to train
a model to predict branching heuristics. Following the approach of [26], a code-oriented model
like CodeT5 will be employed. This choice aims to leverage the model’s pre-trained understanding
of programming logic to improve generalization to symbolic reasoning in ASP domains. In an
imitation learning setting [42], the model will be fine-tuned using the training set to predict–given
a problem instance–a branching decision sequence that (hopefully) will lead to a stable model.

• Custom propagator: The final module is a custom clingo propagator designed to guide the
solver’s search. It can be integrated with any model capable of producing a sequence of literals
as output, independently of whether it is fine-tuned or not. The propagator will be initialized
with the full predicted literal sequence. At each decision point in the search, the propagator will
prioritize branching on the next literal in the sequence, forcing the search to explore the path
suggested by the LLM.

The modularity of the approach opens up several avenues for evaluation. We will compare the perfor-
mance of the solver guided by the learned heuristic with various baselines, such as the unmodified solver
and a solver with a domain-specific heuristic. Crucially, the LLM-independent nature of the custom
propagator module allows for a direct comparison between heuristics generated by the fine-tuned
model and those from baseline LLMs (provided the latter can produce valid output). Performance will
be measured using metrics like execution time and the number of solved instances.

We have set up the infrastructure for data generation and initial experiments. Sokoban has been
encoded in ASP, and an instance generator (currently only for Sokoban) has been implemented in
Python 3 following the work of [43]. The next phases involve generating the train and test datasets and
then proceeding to fine-tune a code-tailored LLM. The preliminary results will guide the future process.

4. Open Issues

Since the approach is fairly new, several challenges remain to be addressed:

• Model generalization: A key question is how well a model trained on one domain can generalize
to new and unseen instances of varying sizes. A possibility is that the model’s performance will
degrade as the instance test size exceeds the training size.

• Feasibility of solutions: The learned model does not give any guarantee in terms of optimality,
but it is even more critical that feasibility is not guaranteed either. Indeed, we do not know how
far the output of the heuristic is from the optimal solution.

• Length of the decision literal sequence: The model will be trained using the trace of the
decision literals propagated during execution. However, preliminary studies suggested that the
length of these sequences can grow exponentially with the length of an optimal solution; this
could lead to training easily becoming computationally expensive.

• Data scarcity and quality: Generating labeled heuristic data requires many solved instances.
For large planning problems, obtaining optimal solutions or full search traces can be expensive.
We need to determine if we should use only optimal solutions or if we should also consider
suboptimal ones, since the model’s performance will heavily depend on the quality of this data.



• Bounded performances: Since this is a case of imitation learning [42], the performance of the
model will likely be bounded by the expert behaviour (i.e., the solver producing the decision
literal sequence). Thus, we cannot expect that the model will find new heuristics, but we can
expect an (hopefully optimal) fast approximation of the solver behaviour.

5. Future work

The proposed methodology provides the means for several integration options. Because the inference
latency of the fine-tuned language model can dominate overall solving time, one extension could be to
execute the LLM-guided solver in parallel with the baseline solver, then use the first solution returned.
If, instead, the learned heuristic is found to lose accuracy on long traces, an alternative could be to adopt
the learned heuristic only in the early stages of search, and to revert to the native solving strategy once
evidence suggests that prediction quality deteriorates. Finally, an alternative possibility is to include
sub-optimal branching choices in future datasets, rather than concentrating solely on optimal traces.
Such data could help the model learn to divert the solver from unprofitable regions of the search space.

6. Declaration on Generative AI

The author has not employed any Generative AI tools.
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