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Abstract

Encoding combinatorial problems in terms of propositional
satisfiability (SAT) enables utilization of highly efficient SAT
solvers for combinatorial search. Local search preprocess-
ing accelerates the SAT solver’s search by providing high-
quality starting points, a technique implemented in several
modern SAT solvers. However, existing preprocessing meth-
ods employ generic strategies that fail to exploit the structural
patterns inherent in problem encodings. This position paper
proposes a novel paradigm wherein Large Language Models
(LLMs) analyze problem encoding implementations to syn-
thesize specialized preprocessing algorithms. The LLMs ex-
amine Python-based code to identify structural patterns, en-
abling the automatic generation of encoding-specific local
search procedures. These procedures operate across all in-
stances sharing the same encoding scheme rather than requir-
ing instance-specific customization. Our preliminary empir-
ical evaluation demonstrates effective automated algorithm
synthesis for structure-aware SAT preprocessing, serving as
a foundation for similar approaches across multiple domains
of combinatorial optimization.

Introduction

The development of effective combinatorial search algo-
rithms historically requires substantial domain expertise and
manual design effort. This process creates an inherent bar-
rier to advancing solver technology across various prob-
lem domains where structural patterns in problem encod-
ings remain unexploited. We propose that automated algo-
rithm synthesis through Large Language Models (LLMs)
represents a transformative approach to this challenge, fun-
damentally altering how specialized search algorithms are
developed.

The current paradigm relies on human experts to analyze
problem structures and design algorithms that exploit these
patterns but operates under significant constraints: it re-
quires rare domain expertise spanning both theoretical com-
puter science and implementation techniques, scales poorly
to diverse problem structures, and filters algorithm design
through human conceptual frameworks that may miss non-
intuitive optimizations.
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SAT preprocessing exemplifies these limitations. Current
SAT solvers such as CaDiCaL (Biere 2019) and Crypto-
MiniSat (Soos 2020) implement preprocessing techniques
that improve solver performance (Balint and Manthey 2013)
but employ general-purpose strategies that fail to exploit
the structural patterns inherent in SAT encodings of real-
world problems. These encodings contain latent patterns de-
rived from graph topologies, connectivity constraints, and
domain-specific relationships that become obscured during
transformation to Conjunctive Normal Form (CNF).

Our proposed paradigm differs fundamentally from exist-
ing code generation approaches by targeting algorithm syn-
thesis rather than implementing predefined approaches, fo-
cusing on extracting problem structure from encoding im-
plementations and generating algorithms with theoretical
guarantees.

Recent advances support the technical feasibility of this
paradigm. LLMs have demonstrated capabilities in algo-
rithm implementation through systems like AlphaCode (Li
et al. 2022) and CodeGen (Nijkamp et al. 2023). Machine
learning techniques have shown efficacy in learning heuris-
tic policies (Selsam and Bjgrner 2019) and guiding search
procedures (Yolcu and Péczos 2019). However, these ap-
proaches primarily focus on implementing predefined algo-
rithms or solving instance-specific problems rather than the
algorithmic design process itself.

Our proposed paradigm differs from existing code gener-
ation approaches in three fundamental ways: (1) it targets al-
gorithm synthesis rather than implementation of predefined
approaches, (2) it focuses on extracting and exploiting the
problem structure from encoding implementations, and (3)
it aims to generate algorithms with theoretical guarantees
rather than heuristic solutions.

To demonstrate the viability of this paradigm, we imple-
mented a framework that employs LLMs to analyze PySAT
encoding implementations and generate specialized local
search strategies for SAT preprocessing. The model iden-
tifies structural elements in the encoding and incorporates
them into strategies that target the encoding scheme rather
than specific problem instances. Our tests show these gener-
ated strategies solve problems that standard methods cannot
handle, while still working well on easier cases.

This shift in algorithm development has broad conse-
quences beyond just better SAT solving. It lowers the ex-



pertise barrier for creating specialized algorithms. It allows
for quick adaptation to new problem structures without man-
ual coding. It also provides a consistent framework for algo-
rithm development that works across different domains.

The field of combinatorial search should invest research
effort in automated algorithm synthesis as it represents a
fundamental change in how we approach hard computa-
tional problems. This research direction works alongside hu-
man expertise rather than replacing it, potentially expanding
the range of problems we can solve efficiently and chang-
ing the fundamental way specialized search algorithms are
created and improved.

Problem Formulation

We address the automatic generation of problem-specific
local search procedures for integration with CDCL SAT
solvers. Current local search algorithms exhibit two primary
limitations: they function as general-purpose mechanisms
without knowledge of underlying encoding schemes, and
empirical evidence indicates they often struggle to find sat-
isfying assignments independently (Li and Li 2012; Cai and
Zhang 2021; Cai et al. 2022). Hybrid approaches that com-
bine local search with CDCL solvers demonstrate superior
performance on complex combinatorial instances (Cai et al.
2022), which suggests that encoding-specific local search
methods designed for hybrid integration would yield en-
hanced performance on difficult instances.

The manual creation of specialized algorithms requires
substantial effort and typically concentrates on established
approaches. This focus is necessary because manually de-
veloping specialized algorithms with diverse approaches is
generally infeasible. We investigate whether LLMs can au-
tomatically generate diverse local search prototypes that ex-
ploit encoding structures, thereby expanding the range of
available search strategies.

We evaluate local search performance by setting the
CDCL solver’s default phase values according to the assign-
ment produced by the local search procedure. The solver’s
default phase determines the initial truth value assigned to
variables during the search process. If the local search suc-
cessfully finds a satisfying assignment, the CDCL solver ter-
minates immediately. Generally, the closer a local search as-
signment approximates a satisfying assignment, the faster
the CDCL solver resolves the instance. Performance mea-
surement involves comparing solver runtime across different
local search initializations.

Our evaluation includes three combinatorial problems
with increasing encoding complexity: Graph Coloring with
its straightforward CNF representation (Gelder 2008), Di-
rected Feedback Vertex Set (DFVS) with its reachability-
based encoding requiring O(|V'|3) clauses (Janota, Grig-
ore, and Manquinho 2017), and Bounded Depth Decision
Trees (BDDT) with a complex encoding representing deci-
sion paths (Shati, Cohen, and Mcllraith 2021). This problem
set allows systematic exploration of our approach’s capabil-
ities across varying levels of encoding complexity.

237

2 repair
©
< /\
o
=y Encoding LLM , add Gathering
S Scheme generate Pool
<
=}
©
(V)

Gathering

Pool feedback

]
b l repair
i score on
- training
S instances score on
IS training
Q top k / instances
[t
9]
a4 Ref nement

Pool

add

Figure 1: Schematic of the whole approach from the en-
coding scheme to the pool of refined local search functions.
From this pool we take the top-performing functions for the
evaluation on test instances.

Methodology

Our framework comprises two distinct phases: a Gathering
Phase and a Refinement Phase (see Figure 1 for a schematic
overview).!

We standardize encoding schemes using PySAT (Ignatiev,
Morgado, and Marques-Silva 2018), which expresses encod-
ings through understandable programming constructs and
abstracts cardinality constraints behind a single function.

In the Gathering Phase, we provide the LLM with the
PySAT encoding scheme without problem identification.
The LLM generates local search functions that (1) perform
local search specifically for the provided encoding, (2) re-
turn a partial variable assignment accessible via variable
identifiers, (3) complete within a specified timeout, and (4)
exploit instance structure and encoding characteristics. We
verify each function by executing it on a simple instance
with a 30-second timeout, with repair attempts for errors un-
til validation or a predefined limit.

The Function Evaluation compares performance by ex-
ecuting each function on training instances. Rankings are
determined by three criteria in descending priority: time-
out frequency, SAT solver timeout frequency using the func-
tion’s assignments, and average runtime for successful exe-
cutions.

The Refinement Phase focuses on improving high-
performing functions from the Gathering Phase. For each
selected function, the LLM implements modifications while
preserving the core approach. Each variant undergoes evalu-
ation with comparative performance feedback provided to
the LLM. Based on performance changes, the LLM ei-
ther continues similar refinements or explores alternative

'"More details can be found in the long version
(https://arxiv.org/abs/2501.14630) and the supplementary ma-
terial (https://doi.org/10.5281/zenodo.14732109).



approaches, with substantial modifications requested when
performance plateaus.

Experimental Evaluation

In this section, we evaluate the quality of the generated lo-
cal search functions. Further, we also explore how well the
different parts of our approach contribute to this quality. >

Setup We use the OpenAl models ol-mini-2024-09-12
and gpt-40-2024-11-20, as well as Anthropic claude-3-5-
sonnet-20241022. Further, we use Cadical 1.9.5 (Biere et al.
2020, 2024) as the SAT solver and PySAT 1.8.dev13 (Ig-
natiev, Morgado, and Marques-Silva 2018).

We use one benchmark set per encoding scheme, where
the respective training sets consist of those instances that
the SAT solver solves within 10 to 60 seconds and test sets
contain all instances requiring longer solving times. This re-
sults in 10 training and 38 testing instances for graph col-
oring® (Sun et al. 2021), 18 training instances and 124 test
instances for DFVS (Zhou 2016; Kiesel and Schidler 2022,
2023), and 9 training instances and 32 test instances for
BDDT (Bessiere, Hebrard, and O’ Sullivan 2009; Olson et al.
2017; Narodytska et al. 2018; Verwer and Zhang 2019; Avel-
laneda 2020; Schidler and Szeider 2024). Function Evalua-
tion runs local search for 60 seconds, initializes the default
phases, and runs the SAT solver for another 120 seconds.

Gathering In the Gathering Phase, we generate 50 local
search function per LLM model and encoding scheme. All
three LLM models correctly identified the purpose of the
graph coloring and BDDT encoding schemes, while misun-
derstanding the DFVS encoding scheme. The three models
differ in their ability to repair errors. Hence, GPT ol-mini,
which requires the fewest iterations to repair errors, gener-
ated the 50 functions faster and required fewer tokens, than
the slower Claude Sonnet and even slower GPT 4o.

Refinements We pick for each problem and LLM model
the five best local search functions. Each local search func-
tion is then refined 19 times, resulting in 20 versions of each
function, 100 local search functions per model and problem
and 300 local search functions per problem. Figure 2 shows
that the refinements achieve significant change over time.

Test Instance Performance We evaluate the functions in
the Refinement Pool using the test instances. We first com-
pute a baseline by running the SAT solver without local
search for one hour per instance. From the 20 versions per
function, we pick the base version (no refinements) and two
of its best refinements. Each function is then given 15 min-
utes to find an assignment. The assignment is used to ini-
tialize the default phases before running the SAT solver for
up to one hour. We give the results for the best function per
LLM model in Figure 3. The 15 minutes are expected to
become negligible in a non-prototypical and native imple-
mentation, e.g., using C++.

2Code and Results are in the Supplementary Materials, more
details on the experiments in the appendix.

3TreewidthLib instances were provided by Fichte, Lodha, and
Szeider (2017)
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Figure 2: The top five local search functions for different
problems over different refinement iterations.

The results show that the hybrid approach changes the re-
sult, leading to success on previously unsolved instances and
timeouts on previously solved instances. The concrete shift
in solved instances depends on the LLM model and the un-
derlying combinatorial problem. Overall, the generated local
search functions allow solving additional instances and are,
therefore, a good tool to tackle unsolved instances.

Discussion

Our results show that it is indeed possible to automatically
generate and evaluate local search prototypes using LLMs.
In this part of our evaluation, we want to discuss aspects of
our approach that are of interest for adapting our approach.

Test and Training Correlation The automatic evaluation
relies on some automated way of ranking the different local
search functions. Hence, we are interested in how well the
training results predict the testing results. Figure 4 visualizes
this. The score for a function on an instance is determined by
the function’s running time on that instance divided by the
best known running time on that instance. We give the aver-
age over all instances. Hence, a score of 1 indicates that the
function achieved the best running time on all instances and
a score of 0 indicates a timeout on all instances. The correla-
tion is strongest for DFVS, becomes weaker for BDDT, and
is almost non-present for coloring. DFVS has the most train-
ing instances and the training instances come from several
different sources, giving the training set diversity. In con-
trast, coloring instances tend to be either easy or hard and
few instances fit into the 10 to 60 second range. This leads
to many test instance from the same source and low diver-
sity. BDDT also has fewer test instance than DFVS, but the
datasets are very different from each other. The selection of
training instances is, therefore, very important for finding
the best performing local search functions.

Code Diversity We manually reviewed the code generated
by the LLMs in an effort to judge how much the code varies,
as well as the overall quality of the code. Due to the large
number of generated local search functions—over 900—we
cannot review all the code. Hence, we focus on trends.

The LLMs manage to create prototypes and these proto-
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Figure 4: Function scores on the training instances and test
instances. Each marker represents one local search function.

types are rarely performance-optimized. The functions gen-
erally compute a score to determine the best change to the
assignment. This is often done repeatedly by iterating over
the whole instance, not caching any results, resulting in a
major performance bottleneck. We address this specific issue
via prompt and the LLMs can often fix it, but performance
bottlenecks that are specific to single local search functions
cannot be addressed via generic prompt. Hence, we expect
that the local search functions can be improved even more
with a performance-oriented implementation. Further, po-
tential issues should be assessed before the Gathering Phase
by generating a small set of initial local search functions
and manually reviewing them. These issues can then be ad-
dressed in the prompt.

The LLMs usually provide their implementation goal
in the comments. According to these comments, the lo-
cal search functions implement over 50 different meta-
heuristics. Unfortunately, many of the implementations do
not work as described in the comments and sometimes do
not work at all. Interestingly, Claude Sonnet often tries to
combine different meta-heuristics, while the GPT models try
to implement a single approach. The local search function
generated by GPT 4o resemble more general approaches,
while the GPT ol-mini and Claude Sonnet generated func-
tion have clear adaptations due to our prompts.

Issues are usually filtered away due to bad performance
on the training set. Surprisingly, even wrong implementa-
tions can sometimes deliver good results. Hence, we found
several such issues in even the top-performing local search
functions. Consequently, there is room for even better per-
formance when efficiently implementing the prototypes, but
a proper analysis of the code is necessary beforehand.
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Analysis of Generated Search Strategies We also ana-
lyzed the ideas present in the best local search functions.
Since the graph coloring encoding is relatively simple, the
best local search functions use ideas from general graph col-
oring tabu search. In the case of DFVS, the local search
functions reflect that the LLM models do not fully under-
stand the encoding scheme, as the best local search functions
overall lack working encoding scheme specific mechanisms.
Hence, the best local search function implements WalkSAT.
The local search functions for BDDT are the most inter-
esting ones, as they use very encoding scheme specific ap-
proaches that are novel. Overall, the quality and specificity
of the local search functions for BDDT shows how well
the LLMs can adapt the code to even complicated encoding
schemes, as long as the LLM model understands them.

Conclusion

We demonstrated that it is possible to automatically generate
effective local search algorithms by having LLMs analyze
SAT encoding schemes. Our key innovation lies in targeting
the encoding methodology rather than specific problem in-
stances, allowing the generated strategies to work across all
problems sharing the same encoding pattern. This scheme-
centric approach produced diverse search strategies whose
performance correlated with the LLMs’ comprehension of
the underlying encoding structures.

Our work shows that the traditional manual design
pipeline can be augmented or partially automated through
encoding-aware LLM analysis. This perspective shift ap-
plies to the broader field of combinatorial optimization,
where problem structure often remains underutilized due to
the expertise barriers in algorithm design.

The observed correlation between encoding comprehen-
sion and algorithm quality indicates that improvements in
LLM reasoning capabilities will directly translate to more
sophisticated algorithmic synthesis. This places our ap-
proach at the intersection of several research frontiers: auto-
mated algorithm design, structure-aware optimization, and
neural-symbolic integration.

We contend that the combinatorial search community
should investigate this form of algorithm synthesis as a
complementary approach to traditional algorithm design
methodologies, potentially democratizing access to high-
performance specialized algorithms across problem do-
mains while revealing structural insights that might elude
human analysis.
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