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Abstract. Vision–Language Models (VLMs) have recently demonstrated
promising performance on structured visual reasoning tasks, including
grid-based puzzles. However, despite strong perceptual capabilities, these
models lack explicit mechanisms for enforcing logical consistency and
frequently generate assignments that violate underlying constraints. In
this paper, we propose a neuro-symbolic approach that integrates formal
constraint reasoning into the VLM solving process via a Maximum Sat-
isfiability (MaxSAT) oracle. Rather than computing solutions directly,
the symbolic component acts as a consistency validator and refinement
engine. Candidate placements generated by the VLM are encoded as
soft clauses in a partial MaxSAT formulation, while Sudoku constraints
remain hard clauses. When inconsistencies arise, the MaxSAT solver
identifies a largest mutually consistent subset of assignments, which is
then translated into structured textual and visual feedback to guide sub-
sequent refinements. We evaluate our approach on a Sudoku dataset
across multiple open-source and closed-access VLMs. Results show that
MaxSAT-based feedback improves logical consistency and increases the
number of solved instances, particularly in full-board refinement mode.
These findings demonstrate that symbolic optimisation can enhance the
reliability of vision-language reasoning.

Keywords: Neuro-symbolic AI · Vision-Language Models · Logical Rea-
soning · Maximum Satisfiability · Sudoku.

1 Introduction

Recent advances in Vision–Language Models (VLMs) have enabled systems to
solve structured visual reasoning tasks directly from images [31,29], including
grid-based logic puzzles such as Sudoku [30]. Despite promising empirical per-
formance, these models lack explicit mechanisms for enforcing logical consistency
and often rely on pattern recognition rather than principled constraint reason-
ing [29]. Consequently, their outputs may violate structural constraints or exhibit
unstable behaviour when attempting to refine incorrect solutions.

In contrast, Constraint Programming (CP) [27] and Satisfiability (SAT)-
based methods [2] provide formal guarantees of soundness and completeness with
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respect to the underlying symbolic model. Sudoku admits a well-established SAT
encoding [19], where each puzzle has exactly one valid solution that corresponds
to a satisfying assignment of a Boolean formula. More generally, constraint opti-
misation methods, such as Maximum Satisfiability (MaxSAT) [1,17], enable rea-
soning not only about feasibility but also about partial consistency and solution
refinement. These symbolic techniques offer correctness guarantees but assume
that the underlying problem has already been translated into an exact symbolic
representation. In contrast, VLMs operate directly on visual inputs, interpreting
potentially ambiguous images and generating candidate symbolic assignments.
This complementary division of labour naturally motivates a neuro-symbolic ap-
proach that combines neural perception with symbolic reasoning. This raises the
following research question: Can formal constraint optimisation guide Vision–
Language Models in solving visual logic puzzles such as Sudoku?

We use Sudoku not because it is difficult for symbolic methods, but because
it provides a controlled benchmark in which perception errors and logical incon-
sistencies can be studied independently. Although Sudoku is efficiently solvable
once an exact symbolic representation is available, our objective is to investigate
whether symbolic optimisation can improve the reliability of general-purpose
VLMs operating directly on visual inputs. This controlled setting isolates the
benefits of symbolic feedback before extending the approach to more complex
visual reasoning tasks.

Recent neuro-symbolic approaches demonstrate that combining neural mod-
els with formal solvers can improve reliability in reasoning-intensive
tasks [26,34,28,24]. However, most prior work focuses on text-based reasoning or
planning domains. The integration of vision-language models with constraint op-
timisation techniques for structured visual problems remains largely unexplored.

In this paper, we introduce a hybrid neuro-symbolic approach for Sudoku
solving. A VLM generates candidate placements from the puzzle image, while a
MaxSAT oracle validates and refines these proposals using a partial MaxSAT for-
mulation. Sudoku constraints are encoded as hard clauses, and model-generated
placements are encoded as soft clauses. Rather than computing a solution out-
right, the MaxSAT solver selects the largest mutually consistent subset of the
proposed assignments. This subset is then translated into structured textual and
visual feedback, guiding subsequent refinements by the model. The resulting ar-
chitecture establishes a clear division of labour: the neural component performs
perception and heuristic proposal generation, whereas the symbolic component
enforces logical consistency through optimisation. Consequently, every accepted
placement is formally verified against the underlying constraint model. Our goal
is not to outperform symbolic solvers, but to study whether symbolic optimisa-
tion can improve the reliability of general-purpose VLMs.

Our empirical evaluation on a benchmark Sudoku dataset [11] shows that
integrating partial MaxSAT refinement into the VLM solving loop substantially
improves logical consistency, solution completeness, and solve rates across both
open-source and closed-access VLMs. The strongest gains are observed in full-
board solving scenarios, where symbolic refinement effectively repairs globally
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coherent but partially inconsistent neural predictions, enabling significantly more
puzzles to be solved correctly, including more challenging instances.

In summary, this paper makes the following contributions:

– A MaxSAT-based neuro-symbolic framework for validating and refining Vision–
Language Models (VLM)-generated Sudoku solutions.

– The integration of partial MaxSAT into the VLM solving loop, where model-
generated placements are treated as soft constraints and refined through
constraint optimisation.

– An empirical evaluation across multiple open-source and closed-access VLMs
demonstrating that MaxSAT-based refinement improves logical consistency
and increases significantly the number of solved instances.

2 Preliminaries

The Boolean Satisfiability (SAT) problem is the canonical decision problem of
propositional logic [2]. A literal is either a propositional variable xi or its negation
¬xi. A formula is in Conjunctive Normal Form (CNF) if it is expressed as a
conjunction of clauses, where each clause is a disjunction of literals. Given a
CNF formula ϕ, the SAT problem consists of determining whether there exists
a truth assignment to its variables that satisfies all clauses of ϕ, or whether ϕ
is unsatisfiable. The Maximum Satisfiability (MaxSAT) problem extends SAT
with an optimisation objective [1,17]. Given a CNF formula ϕ, the goal is to
compute an assignment that maximises the number of satisfied clauses. In the
partial MaxSAT setting, the formula ϕ is partitioned into a set of hard clauses ϕh

and a set of soft clauses ϕs. The objective is to find an assignment that satisfies
all clauses in ϕh while minimising the number of unsatisfied clauses in ϕs. In the
partial MaxSAT variant, the objective becomes minimising the total number of
unsatisfied soft clauses.

Example 1 (Partial MaxSAT). Consider the partial MaxSAT formula ϕ = (ϕh, ϕs),
where ϕh = {(x1 ∨ x2), (¬x2 ∨ x3)} and ϕs = {(¬x1), (¬x3)}. The assignment
{(x1, 1), (x2, 0), (x3, 0)} satisfies all hard clauses in ϕh and violates only the soft
clause (¬x1), incurring a total cost of 1. Hence, it is an optimal solution.

3 Sudoku as a MaxSAT Problem

Let n = 9 and let r, c, d ∈ {1, . . . , n}. We introduce Boolean variables Xr,c,d ∈
{0, 1}, where Xr,c,d = 1 denotes that digit d is assigned to cell (r, c).

Thus, we can easily encode the Sudoku problem as a constraint satisfaction
problem, following previously used encoding [19], by encoding it as a Satisfiabil-
ity (SAT) problem. Using the following constraints:

– Cell Constraints. Each cell must contain exactly one digit: ∀r, c ∈ {1, . . . , n} :∑n
d=1 Xr,c,d = 1.
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Fig. 1. Neuro-symbolic interaction loop for Sudoku solving. The VLM proposes candi-
date placements, which are validated by a MaxSAT oracle. When conflicts are detected,
constraint-derived feedback is highlighted in the puzzle and returned to guide subse-
quent refinements.

– Row Constraints. Each digit must appear exactly once in every row:
∀r, d ∈ {1, . . . , n} :

∑n
c=1 Xr,c,d = 1.

– Column Constraints. Each digit must appear exactly once in every col-
umn: ∀c, d ∈ {1, . . . , n} :

∑n
r=1 Xr,c,d = 1.

– Subgrid Constraints. Each digit must appear exactly once in every sqrt(n)×
sqrt(n) subgrid:

∑
r∈Rb

∑
c∈Cb

Xr,c,d = 1 ∀d ∈ {1, . . . , n}, ∀b ∈ {1, . . . , 9},
where (Rb, Cb) denotes the row and column indices of subgrid b.

CNF Encoding. Each exactly-one constraint is encoded in Conjunctive
Normal Form (CNF) using a standard pairwise encoding: (i) an at-least-one
clause enforcing that at least one literal in the group is true, and (ii) pairwise
at-most-one clauses preventing two literals from being simultaneously true. The
resulting CNF formula constitutes the hard constraint set of the Sudoku instance
and can be solved using a SAT solver.

MaxSAT Formulation. In our setting, Vision–Language Models (VLMs)-
proposed placements (i.e., plays) are encoded as soft unit clauses in a partial
Maximum Satisfiability (MaxSAT) formulation. The objective is to satisfy all
Sudoku constraints (hard clauses) while maximising the number of consistent
model-proposed placements (soft clauses). This formulation enables refinement
of candidate solutions via MaxSAT optimisation.

4 Neuro-Symbolic Interaction Loop

Figure 1 illustrates the neuro-symbolic interaction loop underlying our approach.
The framework combines a Vision–Language Model (VLM) with a symbolic
partial Maximum Satisfiability (MaxSAT) oracle to iteratively construct logically
consistent Sudoku assignments.

Let P denote a Sudoku puzzle represented as an image, and let X = {Xr,c,d |
r, c, d ∈ {1, . . . , 9}} be the set of Boolean variables introduced in Section 3, where
Xr,c,d = 1 indicates that digit d is assigned to cell (r, c).
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Given an image of the Sudoku puzzle, the VLM generates a set of candi-
date assignments Â = {(r, c, d)}, where each assignment corresponds to plac-
ing digit d in cell (r, c) and is associated with the Boolean literal Xr,c,d in the
symbolic encoding. The symbolic component then constructs a partial MaxSAT
instance Φ = (Φh, Φs), where Φh contains the hard clauses encoding all Sudoku
constraints, and Φs contains soft unit clauses corresponding to the assignments
proposed by the VLM. More precisely, for each proposed placement (r, c, d) ∈ Â,
the oracle introduces the soft clause (Xr,c,d).

The MaxSAT solver then computes an assignment satisfying all hard clauses
while maximising the number of satisfied soft clauses. If all soft clauses are satis-
fied, the proposal is logically consistent with the Sudoku constraints. Otherwise,
the set of unsatisfied soft clauses corresponds to assignments rejected by the
MaxSAT solver, which are interpreted as logically inconsistent placements.

These inconsistencies are translated into structured feedback consisting of:
(i) textual descriptions identifying inconsistent placements; and (ii) visual an-
notations highlighting conflicting cells in the puzzle image. Conditioned on this
feedback, the VLM generates a refined assignment proposal, and the interac-
tion loop repeats until either: (i) a complete and logically consistent solution is
obtained; or (ii) a predefined termination condition is reached.

Importantly, logical consistency checking and optimisation are delegated en-
tirely to the symbolic oracle. The VLM is therefore responsible only for percep-
tual interpretation and candidate generation, while formal constraint satisfaction
is guaranteed by the MaxSAT component.

We evaluate two interaction protocols within this framework: (i) iterative
single-placement solving; and (ii) full-board refinement. All prompts used in our
experiments are provided in the extended version of the paper [23].

4.1 Iterative Sudoku Solving

In iterative mode, the VLM proposes a single placement at each interaction step.
Let at = (rt, ct, dt) denote the placement proposed at iteration t. The proposed
assignment is encoded as a soft unit clause and added to the partial MaxSAT
instance. The solver then computes an optimal assignment satisfying all hard
Sudoku constraints while maximising agreement with the proposed placements.
If at belongs to the optimal MaxSAT solution, the placement is accepted and
permanently added to the board state. Otherwise, the placement is rejected
and returned to the VLM as corrective feedback. The process repeats until
either a valid Sudoku solution is obtained or a termination condition is reached.
This interaction protocol can therefore be interpreted as an optimisation-guided
sequential decision process in which symbolic consistency checking constrains
the generation behaviour of the VLM.

If we assume that the VLM always returns exactly one placement in this
setting, then a standard SAT-based verifier would be sufficient to check whether
that placement is consistent with the Sudoku constraints. However, we use a
MaxSAT solver to retain the same formulation when the VLM outputs more
than one placement, as this allows us to identify an optimal correction in the
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sense of minimising the number of logically incorrect proposed placements. In
other words, MaxSAT generalises the SAT-based check: when a single placement
is proposed, both approaches coincide, although the SAT-based approach should
be more efficient; whereas when multiple placements are produced, MaxSAT re-
turns a minimum set of conflicting assignments to be rejected, thereby providing
a more informative and robust feedback signal to the VLM.

4.2 Full-Board Refinement

In full-board mode, the VLM proposes a complete Sudoku assignment in a
single interaction. All predicted placements are encoded as soft unit clauses
in the partial MaxSAT formulation. Given the proposed assignment set Â, the
MaxSAT solver computes a largest mutually consistent subset Â∗ ⊆ Â, such that
all Sudoku constraints remain satisfied. Placements in Â \ Â∗ are identified as
inconsistent assignments. These conflicts are translated into structured textual
and visual feedback and returned to the VLM, which then generates a refined
full-board proposal. The refinement procedure is repeated for a bounded number
of iterations or until a complete valid Sudoku solution is obtained.

5 Experiments

The goal of our experimental evaluation is to assess the reasoning capabili-
ties of Vision–Language Models (VLMs) on Sudoku puzzles, and to determine
whether Maximum Satisfiability (MaxSAT)-based feedback can improve their
ability to construct logically consistent solutions. In particular, we study whether
constraint-guided feedback enables VLMs to correct invalid placements and pro-
gressively converge toward a complete solution.

Our evaluation is structured around the following research questions (RQs):
RQ1. To what extent do VLMs produce placements that satisfy Sudoku con-
straints without symbolic assistance?
RQ2. Does MaxSAT-based feedback improve the ability of VLMs to correct
invalid moves and reach a complete and logically correct solution?
RQ3. How do open-source and closed-access VLMs differ in their ability to
solve Sudoku puzzles under iterative constraint-guided interaction?
RQ4. How does VLM performance vary across different levels of puzzle diffi-
culty?

5.1 Experimental Setup

All experiments were conducted on a machine equipped with an NVIDIA A100-
SXM4 GPU 40GB and 128GB of RAM. Each interaction (i.e., model play) was
limited to 5 minutes, and the total time limit per puzzle was capped at 30 min-
utes. These limits ensure a fair and uniform comparison across models while
preventing excessively long interaction loops. For symbolic reasoning and refine-
ment, we used the RC2 MaxSAT solver [14] from the PySAT toolkit [13].
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The solving process for a given Sudoku puzzle is terminated under one of
the following conditions: (1) the puzzle is successfully completed; (2) the model
proposes the same incorrect placement ten times, indicating repetitive incorrect
behavior without progress; or (3) the 30-minute puzzle time limit is reached. All
models are evaluated under identical interaction protocols and time constraints
to ensure comparability. All prompts used in our experiments are provided in
the extended version of the paper [23].

5.2 Evaluation Dataset

We evaluate our approach on the Sudoku dataset available on HuggingFace [11],
which contains 9× 9 puzzles annotated with difficulty levels and corresponding
ground-truth solutions. We restrict our evaluation to instances labelled with diffi-
culty levels 0 and 1, representing easier and harder puzzles. Using a fixed random
seed (42), we uniformly sample 100 puzzles from each level without replacement,
resulting in a total of 200 instances. All models are evaluated on the same fixed
subset to ensure reproducibility and a fair comparison across models. Impor-
tantly, the MaxSAT solver RC2 solves all the Sudoku instances in our dataset
in a few seconds. This highlights that the challenge is not solving the constraint
satisfaction problem itself, but guiding the VLM towards consistent solutions.

5.3 Vision-Language Models (VLMs)

In our evaluation, we consider three VLMs: two open-source models and one
closed-access model. For the open-source models, we select VLMs available
on Hugging Face [10]: Alibaba’s Qwen3-VL [32] (32B, 2025), and AllenAI’s
Molmo2 [4] (4B, 2026). For the closed-access model, we evaluate OpenAI’s
GPT-5.5 [22] (2026), as this is among the most widely adopted state-of-the-art
proprietary models. To ensure consistency across experiments, all model inter-
actions are conducted without any prior context, only the information regarding
the solving process of a given puzzle is retained between queries, and the tem-
perature of all models was set to zero.

5.4 Results

Table 1 reports the number of solved instances and the average completeness (AC)
of the final board, both overall and divided by difficulty. Average complete-
ness (AC) is defined as the proportion of cells in the final board that match
the ground-truth solution, expressed as a percentage. As described in Section 4,
we compare two interaction approaches: Step-by-Step (one placement per in-
teraction) and Full Board (a complete solution proposed in a single interac-
tion). Each approach is evaluated under two feedback regimes: validity-only tex-
tual feedback and MaxSAT-based feedback providing structured textual and
visual guidance. Across all configurations, GPT-5.5 consistently achieves the
strongest performance in both solve rate and completeness. The open-source
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Table 1. Number of solved instances and average completeness (%) overall and by
difficulty. Best results per approach are highlighted in bold.

Approach VLM
All Diff. 0 Diff. 1

# Solved % Solved AC (%) # Solved AC (%) # Solved AC (%)

Step-by-Step (Validity Only)
GPT-5.5 21 10.5% 44.8 16 63.9 5 25.6
Molmo2 5 2.5% 35.9 4 49.4 1 22.3
Qwen3-VL 2 1.0% 34.7 2 47.3 0 22.1

Step-by-Step (MaxSAT Feedback)
GPT-5.5 44 22.0% 52.2 33 72.8 11 31.6
Molmo2 11 5.5% 41.6 7 55.1 4 28.0
Qwen3-VL 6 3.0% 36.5 5 50.2 1 22.8

Full Board (Validity Only)
GPT-5.5 45 22.5% 72.0 35 81.7 10 62.2
Molmo2 17 8.5% 45.4 12 56.3 5 34.5
Qwen3-VL 10 5.0% 38.9 7 51.9 3 25.8

Full Board (MaxSAT Feedback)
GPT-5.5 73 36.5% 80.7 52 84.6 21 76.7
Molmo2 28 14.0% 51.6 19 64.5 9 38.6
Qwen3-VL 13 6.5% 42.6 8 56.3 5 28.9

models, Molmo2 and Qwen3-VL, achieve substantially lower scores overall,
indicating greater difficulty in producing globally consistent Sudoku assignments
from visual input alone.

Step-by-step solving. In the Step-by-Step setting, MaxSAT-based feed-
back substantially improves performance across all models, particularly for GPT-
-5.5. Under validity-only feedback, GPT-5.5 solves 21 puzzles overall with an
average completeness of 44.8%. With MaxSAT feedback, solved instances more
than double to 44, while AC increases to 52.2%. Improvements are observed for
both difficulty levels, with difficulty 0 solved instances increasing from 16 to 33
and difficulty 1 solved instances increasing from 5 to 11.

The open-source models also benefit from refinement, although to a lesser
extent. Molmo2 improves from 5 solved instances to 11 and increases AC from
35.9% to 41.6%. Qwen3-VL improves from 2 to 6 solved puzzles, with a smaller
increase in completeness. These results indicate that symbolic feedback can par-
tially compensate for inconsistent local reasoning during the iterative placement
generation process.

Full-board solving. The strongest overall results are achieved in the Full
Board (MaxSAT Feedback) configuration. In this setting, GPT-5.5 solves 73
puzzles overall, corresponding to a 36.5% solve rate, while achieving an average
completeness of 80.7%. This includes 52 solved difficulty 0 puzzles and 21 solved
difficulty 1 puzzles, demonstrating that MaxSAT-based refinement remains ef-
fective even on harder instances when applied to globally structured predictions.

Compared to Full Board (Validity Only), where GPT-5.5 solves 45 puz-
zles with 72.0% AC, MaxSAT refinement produces substantial gains in both solve
rate and completeness. Notably, the improvement on difficulty 1 puzzles is par-
ticularly strong, with AC increasing from 62.2% to 76.7% and solved instances
more than doubling from 10 to 21.

The open-source models also show improvements under full-board refinement.
Molmo2 increases from 17 to 28 solved instances overall and improves AC from
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45.4% to 51.6%. Qwen3-VL improves more modestly, increasing from 10 to 13
solved instances and achieving 42.6% AC under refinement.

Effect of puzzle difficulty. Performance consistently declines from diffi-
culty 0 to difficulty 1 across all models and interaction settings, reflecting the
increased complexity of harder Sudoku instances. Nevertheless, MaxSAT-based
refinement significantly reduces this performance gap, especially for GPT-5.5
in the full-board setting. While harder puzzles remain more challenging overall,
symbolic refinement enables the recovery of many near-consistent assignments
that would otherwise remain invalid.

5.5 Discussion

The results in Table 1 allow us to address the RQs introduced earlier.
Answering RQ1. Validity-only feedback reveals that VLMs frequently gen-

erate assignments that violate Sudoku constraints or remain incomplete. Al-
though GPT-5.5 achieves moderate success without symbolic assistance, par-
ticularly in the full-board setting, performance remains limited overall, especially
on more difficult puzzles. The open-source models perform substantially worse
under validity-only feedback, with low solve rates and lower completeness scores.
These findings confirm that, without explicit constraint-based refinement, VLM
outputs often lack sufficient logical consistency for reliable Sudoku solving.

Answering RQ2. MaxSAT-based refinement consistently improves both
solve rate and completeness across all interaction settings and models. The
largest improvements are observed for GPT-5.5 in the full-board setting, where
solved instances increase from 45 to 73 and average completeness rises from
72.0% to 80.7%. Significant gains are also observed on difficulty 1 puzzles, where
solved instances more than double.

In the step-by-step setting, MaxSAT feedback also substantially improves
performance, increasing solved instances for GPT-5.5 from 21 to 44. Although
improvements for Molmo2 and Qwen3-VL are smaller, both models still ben-
efit from symbolic refinement. These findings demonstrate that MaxSAT-based
guidance effectively repairs partially inconsistent neural predictions by identi-
fying a largest mutually consistent subset of placements. The results further
suggest that symbolic refinement is especially effective when the VLM gener-
ates globally coherent but imperfect candidate solutions.

Answering RQ3. A clear performance gap remains between the proprietary
GPT-5.5 model and the open-source VLMs. Across all configurations, GPT-
5.5 achieves substantially higher solve rates and completeness scores, and it also
benefits more strongly from MaxSAT refinement. In contrast, Molmo2 achieves
moderate gains under refinement, while Qwen3-VL shows comparatively lim-
ited improvement. These findings suggest that the effectiveness of symbolic re-
finement depends strongly on the quality of the initial neural proposal. When
the initial assignments are closer to global consistency, MaxSAT refinement is
more effective at recovering a fully valid solution. At the same time, these per-
formance differences should also be considered in terms of accessibility and cost.
While Molmo2 and Qwen3-VL are openly available models, GPT-5.5 requires
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paid API access. Consequently, the substantially higher performance achieved
by the proprietary model comes with a non-trivial financial and computational
cost trade-off.

Answering RQ4. Puzzle difficulty has a substantial impact on performance
across all models and configurations. Difficulty 1 puzzles consistently yield lower
solve rates and completeness scores than difficulty 0 puzzles, highlighting the
increased reasoning demands imposed by harder instances. However, MaxSAT
refinement significantly mitigates this degradation, particularly for GPT-5.5 in
the full-board setting. The strong improvement on harder puzzles indicates that
symbolic optimisation can compensate for some limitations in neural reasoning
by enforcing global consistency constraints during iterative refinement.

Overall, these findings strengthen the central claim of this work: integrat-
ing partial MaxSAT into the VLM solving loop significantly improves logical
consistency, robustness, and solution quality. While symbolic refinement is not
a complete remedy, it proves particularly effective when neural models generate
near-consistent global assignments that require structured correction.

Note that a standard Sudoku puzzle consists of a 9 × 9 grid with a unique
valid solution satisfying all row, column and subgrid constraints. Finding a solu-
tion to an n×n Sudoku puzzle is NP-complete [33]. The complexity of this task
helps explain the observed difficulty of VLMs in consistently producing com-
plete and valid assignments, and further motivates the need for constraint-based
refinement to support robust and explainable reasoning.

6 Related Work

Sudoku as a Constraint Satisfaction Problem (CSP). Sudoku is a canonical
benchmark for constraint satisfaction and has been extensively studied within
the CP and SAT communities [19,5,21,7]. The classical encoding [19] shows that
each valid solution corresponds to a satisfying assignment of a CNF formula.
In traditional SAT-based approaches, the solver computes complete solutions
directly. In contrast, our work employs partial MaxSAT as a refinement mecha-
nism within a neural reasoning loop rather than as a standalone solver.

Explainable AI for Logic Puzzles. In recent years, research in eXplainable
Artificial Intelligence (XAI) [12,15,20] has increasingly focused on logic puzzles,
such as Sudoku, which serve as controlled environments for studying explain-
ability and reasoning transparency. Recent work [3,21,7] investigates the extrac-
tion of human-readable explanations from constraint solvers and the analysis of
reasoning traces in symbolic systems. These approaches aim to make symbolic
reasoning processes interpretable and transparent. Our setting differs in that
symbolic reasoning is not explained post hoc, rather, it is used proactively as a
MaxSAT-based consistency filter to refine vision models’ outputs.

Neuro-Symbolic Reasoning with Language Models. There is growing inter-
est in combining Large Language Models (LLMs) with formal reasoning tools
to improve reliability in reasoning-intensive tasks. Such approaches have been
applied to planning [16,8,9], arithmetic [6], and logical reasoning [18,34,26,28].
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Notably, SATLM [34] and LOGIC-LM [26] translate natural language problems into
formal logical specifications that are solved by SMT or SAT engines. While most
prior approaches focus on text-based reasoning, our work targets structured vi-
sual reasoning with Vision-Language Models (VLMs). Furthermore, rather than
translating the entire problem into a symbolic representation, we retain the neu-
ral model as the primary proposal generator and use partial Maximum Satisfia-
bility (MaxSAT) to refine and validate its assignments.

MaxSAT-Guided Neural Systems. MaxSAT has recently been explored as
a mechanism for guiding or repairing neural model outputs, including appli-
cations in code generation and verification [24,25]. These works demonstrate
that optimisation-based filtering can improve correctness while preserving neu-
ral flexibility. Our work extends this paradigm to structured visual constraint
problems, showing that MaxSAT-based refinement can enhance logical consis-
tency in VLM-based Sudoku solving.

Thus, prior work has established Sudoku as a classical CSP and explored
neuro-symbolic reasoning mainly in text-based domains. Furthermore, prior work
mainly focuses on building specialised Sudoku solvers. In contrast, our setting
studies whether a general-purpose VLM can be guided via constraint-derived
feedback. Unlike prior neuro-symbolic approaches that invoke symbolic solvers
to compute complete solutions, our framework uses MaxSAT exclusively as a
feedback oracle, preserving the Vision-Language Model (VLM) as the primary
reasoning agent. The focus is thus on the interaction mechanism rather than
competing with specialised systems.

7 Conclusion

We propose a MaxSAT-based neuro-symbolic framework for guiding Vision–
Language Models (VLMs) in solving structured visual reasoning tasks such as
Sudoku. Rather than replacing neural models with symbolic solvers, our ap-
proach integrates partial Maximum Satisfiability (MaxSAT) as a consistency and
refinement oracle. By encoding Sudoku constraints as hard clauses and model-
generated placements as soft clauses, the MaxSAT solver identifies a largest mu-
tually consistent subset of assignments, providing structured textual and visual
feedback to the VLM. Thus, in our work, a MaxSAT solver improves reliability
of VLM outputs under structured visual reasoning.

Our empirical evaluation demonstrates that this MaxSAT-based refinement
improves logical consistency and increases the number of solved instances, par-
ticularly in full-board solving scenarios. The results highlight the complementary
strengths of neural perception and symbolic optimisation: while VLMs generate
candidate solutions, MaxSAT ensures formal consistency of accepted placements.

These findings reinforce the potential of neuro-symbolic systems in struc-
tured reasoning tasks. Although Sudoku serves as our experimental benchmark,
its role is to provide a controlled setting for evaluating symbolic feedback mech-
anisms that can be transferred to more general visual reasoning tasks. Future
work includes extending our approach to other visual constraint satisfaction
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problems and exploring tighter integration between neural proposal mechanisms
and symbolic optimisation layers. Overall, this work illustrates how classical
constraint-based techniques can enhance the reliability of Vision-Language Mod-
els, advancing the synergy between statistical and symbolic artificial intelligence.
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