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Abstract13

Large Language Models (LLMs) provide a flexible interface for interpreting natural language problem14

descriptions, but they remain unreliable when asked to solve constrained optimisation tasks directly.15

We study a neuro-symbolic approach in which an LLM translates a natural language description16

of an optimisation problem into executable Python code using PySAT. The generated program17

constructs a weighted partial Maximum Satisfiability (MaxSAT) instance, invokes a MaxSAT solver,18

and returns the resulting assignment in a prescribed output format. In this way, the LLM is used19

primarily for semantic parsing and modelling, while the optimisation step is delegated to an exact20

symbolic solver. We outline an end-to-end pipeline consisting of natural language input, intermediate21

encoding plans, PySAT code generation, MaxSAT solving through RC2, and independent validation of22

returned solutions. This workshop abstract distils the main idea of using LLMs as natural language23

front-ends for solver-backed MaxSAT modelling, with the goal of making MaxSAT technology more24

accessible to users who do not write formal encodings by hand.25
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1 Introduction41

Maximum Satisfiability (MaxSAT) [1, 8] is a natural formalism for Boolean optimisation42

problems with hard constraints and weighted objectives, but writing MaxSAT encodings43
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2 Solving MaxSAT Problems from NL with LLMs and PySAT

requires modelling expertise: users must define variables, clauses, weights, and solver calls.44

This limits accessibility for users who can describe a problem informally but cannot easily45

produce a formal encoding.46

We study whether Large Language Models (LLMs) can bridge this gap by translating47

natural language descriptions into executable PySAT [6] code. Rather than asking an LLM to48

solve an optimisation problem internally, we use it to construct a weighted partial MaxSAT49

formula and call RC2 [7] through PySAT. The resulting pipeline follows a simple division of50

labour: the LLM performs language interpretation and code generation, while the MaxSAT51

solver performs exact optimisation. The program returns the selected assignment in a fixed52

JSON format, enabling automatic validation. Our focus is not to introduce a new generic53

solver-in-the-loop architecture, following prior neuro-symbolic integrations of LLMs with54

SMT, planning, and constraint solvers [3, 4, 11, 12, 14]. Rather, we provide an empirical55

and methodological study of natural-language-to-MaxSAT encoding, including canonical56

verification of feasibility and optimality under weighted soft constraints.57

2 LLM-to-MaxSAT Pipeline58

Given a natural language problem description, the LLM generates Python code that encodes59

the instance as MaxSAT using PySAT. Descriptions may include objects, constraints, incom-60

patibilities, capacities, coverage requirements, or optimisation criteria. In one variant, the61

model first writes an intermediate encoding plan listing variables, hard clauses, soft clauses,62

weights, and the output schema; the plan is used only to structure code generation.63

The generated program is executed and, when successful, RC2 returns an optimal model64

for the produced formula. The program then converts this model into the required output65

format, such as a selected set, schedule, assignment, or cover. Errors, malformed outputs, or66

validation failures may be fed back to the LLM for a bounded number of repair attempts.67

Thus, solver optimality and semantic correctness are distinct: RC2 optimises the gener-68

ated formula, while external validation checks whether that formula captures the intended69

natural language problem.70

3 Preliminary Results71

To evaluate the proposed approach, we constructed a dataset of reasoning problems with72

natural-language descriptions and reference MaxSAT encodings, covering three benchmark73

families: maximum independent set (MIS), scheduling, and set cover. The dataset contains74

100 instances per family. A solution is accepted only if it is both feasible and optimal with75

respect to the independently verified reference encoding. Table 1, in Appendix C, reports76

acceptance rates for direct LLM solving, chain-of-thought (CoT), program-of-thought (PoT),77

and two PySAT-based configurations. Our results show a clear benefit from using PySAT as an78

external optimisation backend. Direct answering fails completely on MIS and scheduling for79

all models, while PoT remains substantially below the PySAT-based approaches. For example,80

on scheduling, Gemini-3.1-Pro [2] improves from 14% with PoT to 59% with PySAT and81

planning, and GPT-5.5 [10] improves from 9% to 56%. On MIS, Gemini-3.1-Pro improves82

from 11% to 56%, and GPT-5.5 from 13% to 51%. Averaged across all problems and models,83

acceptance is 7.8% for direct answering, 11.8% for CoT, 18.2% for PoT, 40.3% for PySAT,84

and 43.4% for PySAT with intermediate planning.85
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4 Discussion and Conclusion86

Our results support using LLMs as MaxSAT modelling assistants rather than black-box87

optimisers. Natural language offers an accessible interface for specifying Boolean optimisation88

problems, while PySAT and RC2 provide exact solver-backed optimisation and verifiable89

outputs. Moreover, the generated code creates a useful debugging boundary: failures can be90

traced to interpretation, encoding, or output conversion errors. Future work should combine91

LLM-based modelling with interactive clarification, and other repair mechanisms. Overall,92

the approach connects flexible natural language interfaces with reliable MaxSAT solving by93

delegating optimisation to symbolic solvers and using LLMs only for the translation step.94
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4 Solving MaxSAT Problems from NL with LLMs and PySAT

Table 1 Acceptance rate (%) of LLM-only and LLM+PySAT approaches.

Problem Model Direct CoT PoT PySAT PySAT+Plan

MIS

Gemini-3.1-Pro 0.0 4.0 11.0 36.0 56.0
GPT-5.5 0.0 2.0 13.0 32.0 51.0
Llama3.3 0.0 1.0 5.0 18.0 24.0
Qwen3-Coder 0.0 0.0 6.0 15.0 20.0

Scheduling

Gemini-3.1-Pro 0.0 1.0 14.0 44.0 59.0
GPT-5.5 0.0 0.0 9.0 41.0 56.0
Llama3.3 0.0 0.0 3.0 9.0 8.0
Qwen3-Coder 0.0 0.0 0.0 22.0 4.0

Set cover

Gemini-3.1-Pro 34.0 36.0 46.0 79.0 87.0
GPT-5.5 29.0 33.0 45.0 76.0 82.0
Llama3.3 14.0 37.0 41.0 62.0 45.0
Qwen3-Coder 17.0 27.0 25.0 49.0 29.0
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A Experimental Setup140

All experiments were run using NVIDIA A100-SXM4 graphics card with 80GB of memory and141

256GB of RAM, using a time limit of 5 minutes. For the MaxSAT oracle, RC2 [7] from the142

PySAT toolkit [6] was used, since PySAT is a Python API for several SAT/MaxSAT algorithms.143

B Large Language Models (LLMs)144

In our evaluation, we consider four LLMs: two open-source models and two closed-access145

models. For the open-source models, we select LLMs available on Hugging Face [5]: Alibaba’s146

Qwen3-Coder [13] (30B) and Meta’s Llama3.3 [9] (70B). These specific model sizes were147

chosen as they correspond to the most recent and largest available versions of each model148

that can be run on the GPU infrastructure used in our experiments. For the closed-access149

models, we evaluate OpenAI’s GPT-5.5 [10] and Google’s Gemini-3.1-Pro [2], as these are150

among the most widely adopted state-of-the-art proprietary models. Moreover, to ensure151

consistency across experiments, the temperature of all models was set to zero.152

C Experimental Results153

Table 1 reports acceptance rates for direct LLM solving, chain-of-thought (CoT), program-of-154

thought (PoT), and two PySAT based configurations. Bold entries indicate the best-performing155

configuration for each model and benchmark family. A solution is accepted only if it is both156

feasible and optimal with respect to an independently verified reference encoding.157
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D Implementation Notes158

A practical implementation separates the system into four components. The first component159

stores the natural language task and the required output schema. The second component160

queries the LLM, either directly for code or first for an encoding plan. The third component161

executes the generated Python program in a sandbox with PySAT installed. The fourth162

component parses the output and checks that it is well formed.163

When a reference encoding is available, validation can additionally check feasibility and164

objective value. For example, in a maximum independent set task, validation checks that165

no selected vertices are adjacent and that the reported set has optimal cardinality. In a set166

cover task, validation checks that all required elements are covered and that the reported167

cover has optimal cost. These checks are separate from the generated code and are used only168

for evaluation or debugging.169
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