
Neurosymbolic Large Neighbourhood Search
Arnaud Delage-Reid
Polytechnique Montréal, Canada

Gilles Pesant #

Polytechnique Montréal, Canada
IVADO, Montréal, Canada

Amal Zouaq
Polytechnique Montréal, LAMA-WeST Lab, Canada
MILA, Montréal, Canada

Abstract
Recent advances in ai have spurred interest in NeSy architectures that integrate neural and symbolic
methods. In particular, combining a Constraint Programming (cp) model with a language model for
constrained sequence generation tasks allows the neural component to capture domain knowledge
while cp enforces structural constraints. In this paper we propose combining cp with a Masked
Language Model (mlm) to perform Large Neighbourhood Search (lns). Unlike conventional left-
to-right Large Language Models, mlms can complete sequences with gaps in arbitrary positions,
making them well-suited for this task. Meanwhile, lns provides a cp-based iterative framework to
explore constrained subspaces whenever searching the whole space would be intractable. We evaluate
NeSylns on tasks in constrained text generation and molecule discovery. Our experiments show
that it can quickly generate many high-quality sentences and molecules, even for highly-constrained
tasks.
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1 Introduction

Neurosymbolic ai (NeSy) is a growing subfield that aims to combine the ability of neural
models to learn and reproduce patterns from data and the guarantees offered by symbolic
reasoning methods that some given structural relationships will hold in the representation
and/or generation of patterns. Many such hybrid architectures have been proposed to date,
some of them involving Constraint Programming (cp) for the symbolic component [10, 24,
19, 29, 4, 3, 5] because it excels at expressing combinatorial structure and at ensuring that
it will generate solutions that satisfy that structure. NeSy aims to address the inherent
weaknesses of each component: Generative Neural Networks produce output resembling
their training data but may fail to exhibit some required property, which raises a significant

© Arnaud Delage-Reid, Gilles Pesant, and Amal Zouaq;
licensed under Creative Commons License CC-BY 4.0

32nd International Conference on Principles and Practice of Constraint Programming (CP 2026).
Editor: Nicolas Beldiceanu; Article No. 18; pp. 18:1–18:18

Leibniz International Proceedings in Informatics
Schloss Dagstuhl – Leibniz-Zentrum für Informatik, Dagstuhl Publishing, Germany

https://orcid.org/0009-0001-8276-5327
mailto:gilles.pesant@polymtl.ca
https://orcid.org/0000-0001-9797-0780
https://orcid.org/0000-0002-4791-0752
https://doi.org/10.4230/LIPIcs.CP.2026.18
https://github.com/arnaud-d-r/NeSyLNS
https://archive.softwareheritage.org/swh:1:dir:dea937ae96667f567a54122846bce02f18ab6f1b;origin=https://github.com/arnaud-d-r/NeSyLNS;visit=swh:1:snp:11cfded8f36f849d883ba1b7b8413dd95964ebe5;anchor=swh:1:rev:dcb3eb839910013f72ef20d4ef50f3ea119b8875
https://calculquebec.ca
https://alliancecan.ca
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/lipics
https://www.dagstuhl.de


18:2 Neurosymbolic Large Neighbourhood Search

issue for ai safety [9]; Applying cp to real-world domains can present significant challenges,
particularly when the model must capture complex forms of meaning, such as natural-
language semantics [29]. Generative ai approaches that integrate cp typically depend on a
neural component responsible for generating or assessing outputs that resemble the training
data (e.g., llms producing corpus-consistent text) and a cp component that proactively
enforces structural relationships by encoding them as constraints. Particular challenges
for generative NeSy architectures using cp include: (i) in some applications such as text
generation, variable domains can be extremely large which may slow down domain filtering or
more generally any computation over domain values; (ii) sequences generated in a left-to-right
manner may insufficiently anticipate the satisfaction of structural relationships and end
awkwardly or even abort (termed the procrastination problem in [19]).

Large Neighbourhood Search (lns) [31] is a local search method to solve combinatorial
optimization problems that is naturally suited to cp. Given a cp model and starting from an
initial (satisfying) solution, it iteratively improves it by fixing some of the variables to their
value in the current solution – the remaining free variables (often termed the destroy set) thus
defining a smaller search space called the neighbourhood – and exploring that neighbourhood
in the usual tree-search manner in order to repair the solution, i.e. find a new (typically
better) solution, which then becomes the current solution. Each exploration can be exhaustive
or preempted according to some stopping criterion (e.g. the number of failed search-tree
nodes). It is an incomplete and anytime method: incomplete because it does not guarantee
that an optimal solution will be found; anytime because it can return a valid solution (or
even several) at any point during its execution. It can serve as a post-optimization procedure
to intensify search around good solutions and as an alternative to exhaustive tree search
when the size of the search space makes it prohibitive.

In this paper, we propose Neurosymbolic Large Neighbourhood Search
(NeSylns), in which cp drives the solving process through standard lns and the neural
network qualifies individual assignments in order to determine the destroy set and to guide
the repair. We consider sequential generative ai (but see Section 6) – for which llms are the
dominant architecture – but suggest that in such a setting a Masked Language Model (mlm)
is more appropriate since it is trained to complete a sequence with holes (masks) in arbitrary
positions. Aiming to improve repair guidance, we investigate going beyond standard cp by
capitalizing on our ability to compute a probability distribution over the domain of each
variable through the cpbp framework [28]. NeSylns addresses the previously-identified
challenges by accelerating the cp component (since most variables are already fixed) and by
repairing awkward sequence endings (or any other part). It also helps to generate high-quality
and diverse solutions even for very constrained tasks.

As an illustrative example in the domain of natural language processing, consider the
task of generating a sentence with exactly 12 words, a constraint that could cause llms
to stop abruptly with an incomplete sentence (as attested in Figure 2). Given a valid but
linguistically poor sentence, such as the one at the top of Figure 1, NeSylns iteratively
improves it. We first define a destroy set by randomly masking some of the words, favouring
those most out of place according to the mlm (the darker ones in the Destroy box of the
figure). Each word in the sentence is mapped to a variable in the cp model, where the
domain of each variable is a subset of the words present in the mlm vocabulary. To repair
the masked sentence, we fix the unmasked (i.e. frozen) variables to the corresponding words
in the current sentence, query the mlm to obtain a probability distribution over the domain
of each masked variable, and inject them into the cpbp solver via oracle [19] constraints
(to be explained in more detail in Section 3.2). Through belief propagation (bp) the solver
combines this neural guidance with that of the structural constraints to assign the masked
variables and generate a new sentence that is more likely while remaining valid.
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Figure 1 Representation of one NeSylns iteration on a simple text generation example. In the
Destroy phase the current sequence is partially frozen with some gaps (i.e. masks) left to be filled
during the Repair phase by a combination of neural (mlm) and symbolic (cp, bp) components.

To evaluate the effectiveness of our proposed architecture, we formulate the following
research questions:

RQ1 (General Performance): Can NeSylns effectively generate a diverse set of
high-quality solutions while maintaining competitive computation times compared to
baseline methods?
RQ2a (Informed Destroy): Does guiding the destroy operator with a semantic criterion
(e.g., mlm-based masking) better identify promising solution components for improvement
than random masking?
RQ2b (Guided Repair): Does integrating neural distributions via cpbp in the repair
phase yield higher-quality solutions than a standard cp solver using simple max-value
selection?

In the remainder of the paper, Section 2 presents a literature review, Section 3 describes
our NeSylns architecture, Sections 4 and 5 apply our contribution to the domains of natural
language processing and molecule discovery, followed by a conclusion in Section 6.

2 Related Work

In this section, we review previous work on cp for machine learning at inference time and on
machine learning for lns.

CP 2026
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2.1 Neurosymbolic Architectures Using CP for Inference

NeSy architectures incorporating cp are an important research avenue, as cp provides a
mechanism to ensure that outputs respect hard constraints when neural models alone cannot
safely do so [7]. They are also used to validate neural predictions in structured prediction
tasks, such as handwritten equation recognition [10] or Visual Sudoku [24], where a cp
solver corrects initial classification errors by optimizing for a maximum-likelihood solution
based on neural probabilities. The Transformer neural architecture has further enabled
sequential inference tasks requiring long-term structural constraints. GeAI-BLAnC [19]
combines learned probabilities from a Transformer with marginal probabilities computed via
a cpbp framework applied to encode desired structures in sequential left-to-right molecule
and music generation.

There have been increased efforts in the area of constrained text generation which aims to
produce fluent text while adhering to structural or semantic requirements, as exemplified by
the Collie benchmark [40]. A generate-and-test approach is often the simplest but does not
guarantee finding a valid solution in a timely fashion. For example for a particularly hard
problem related to visual performance in reading, the number of valid solutions can be 1 in
8000 even with a mechanism to limit invalid solutions [20], which is inefficient. This approach
also requires pre-processing in the form of sentence templates and a method to enforce these
templates. Another approach is Neurosymbolic Decoding, which integrates logical checks
or penalties into beam search to guide an llm toward constraint satisfaction [17, 1]. A
notable example is Ctrl-G [42], which models constraints using Deterministic Finite Automata
(DFA) and approximates the llm’s distribution via a distilled Hidden Markov Model to
bias the decoding. While effective for specific rules, this approach struggles with generality.
Constructing DFAs for a wide variety of constraints is challenging, and the state-space
explosion of a combined automaton for multiple constraints quickly becomes intractable. In
contrast, using cp offers an existing highly versatile and modular framework. To mitigate
the difficulty of handling large vocabularies in cp, one avenue of research is through the use
of n-grams. By encoding a large collection of n-grams in a multi-valued decision diagram
(MDD), [3] proposed a generate-and-test approach where the MDD generates sentences and
an llm evaluates their quality. This approach was further improved by integrating in the
MDD the transitional probability between two n-grams precomputed by an llm [5]. This
improvement filtered out poor partial solutions without having to finish the generation.
Still, the probabilities were only based on local transitions and required the use of a specific
n-gram corpus. This approach requires a fair amount of pre-processing, needing to extract
the n-grams from a chosen corpus and then calculating for all of them the probability to
transition to each subsequent n-gram. Some time is also used in post-processing to grade all
obtained solutions even if they are subsequently discarded for being too unlikely. Another
avenue of research is based on dynamic domain generation [29, 4], though this limits cp’s
ability to look ahead since variables (and therefore, constraints) are defined on the fly. Of
particular note in these works, [4] use an mlm to handle sequence endings with greater
foresight than an autoregressive model in an effort to mitigate the previously-mentioned
procrastination problem. But their approach remains primarily an incremental, left-to-right
generation process where the mlm serves only as a look-ahead mechanism at the end for a
fixed horizon of one or two words. In contrast, mlms are intrinsically well-suited for iterative
infilling due to their bidirectional context, enabling flexible, non-sequential generation [23, 2].
They have notably been used in constrained generation of sentences requiring the use of
specific words [12]. But these methods still pose the same issue of relying on task-specific
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mechanisms. Still, mlms’ bidirectional context makes them particularly interesting for
integration in an lns framework for non left-to-right constrained generation using cp, which
is our contribution.

2.2 Learning-Guided Large Neighbourhood Search
The effectiveness of lns depends in part on intelligently selecting which elements of a
solution to destroy. Adaptive lns (alns) enhances this process by using learning mechanisms
to dynamically select the best destroy and repair operators or parameters, leveraging past
solution performance and propagation data [8, 35, 18, 27, 34, 16]. More recently, deep learning
models have been applied to automate the neighbourhood selection process, demonstrating
that destroy heuristics can be learned directly from problem features using contrastive
learning, imitation learning, or reinforcement learning [13, 43, 33, 32]. A very recent method,
ConsFormer, pushes the neural side further by proposing a neural lns to solve constraint
satisfaction problems where a Transformer acts as both the destroy and repair operator [38, 39].
Still, this method suffers from three drawbacks: it lacks symbolic satisfaction guarantees,
requires task-specific retraining, and cannot easily optimize for non-declarative properties
like text naturalness. NeSylns distinguishes itself by using pre-trained mlms for zero-shot
destroy-set identification and a cpbp solver for a NeSy repair phase. This allows NeSylns to
optimize for non-declarative semantic quality while maintaining strict structural guarantees,
highlighting the promise of combining pre-trained language models and constrained local
search.

3 NeSyLNS Architecture

Our architecture is parameterized by a pretrained mlm (for natural language or domain-
specific e.g. for molecules) and by a task-specific cp model in which the required properties
of any generated sequence are expressed as constraints. As mentioned in the introduction,
NeSylns helps alleviate some of the challenges facing neurosymbolic ai: Because in any
given iteration of lns most variables are fixed, constraint and belief propagation are greatly
accelerated; Because lns fundamentally works with complete sequences that it attempts
to repair or improve, poor choices made by left-to-right generation toward the end of the
sequence, or anywhere else, can be replaced by better ones. In very constrained situations,
whereas left-to-right generation may need to be augmented with beam search or backtracking,
lns focuses search in the neighbourhood of valid (though possibly poor) solutions. Figure 1
illustrates our architecture which we detail below. All code and data are publicly available.1

3.1 Sequence Representation
We represent a sequence as a vector of n finite-domain variables X = ⟨x1, . . . , xn⟩. The
current sequence used at iteration t, denoted X(t−1), assigns value x

(t−1)
i to each variable xi

of X. The nature and granularity of xi, from which its domain Di is defined, are domain-
and task-specific: for example in Text Generation xi typically represents a word; in Molecule
Discovery, a single character. The initial sequence should satisfy the task-specific constraints,
either by using a known sequence of fair quality or any valid sequence found by solving the cp
model on its own. This sequence provides the initial assignment for X(0) and determines n,
the number of variables.

1 https://github.com/arnaud-d-r/NeSyLNS
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3.2 Choosing the Destroy Set
At each iteration t, we select a subset of k variables to be freed, termed the destroy set
S ⊂ X. We set k = ⌈ρn⌉ according to hyperparameter ρ ∈ (0, 1] representing the fraction of
the sequence to be masked. We consider two strategies for this selection:

Random Selection: S is chosen by sampling k variables from X uniformly at random.
Neural Selection: We leverage the mlm to prioritize the destruction of unlikely elements.
For each variable xi, we define its selection probability ϕ

(t)
i as

ϕ
(t)
i ∝ 1 − Pmlm(xi = x

(t−1)
i | (X \ {xi})(t−1)) s.t.

n∑
i=1

ϕ
(t)
i ≈ ρn.

This ensures that variables currently assigned a value with low neural likelihood have a
higher expectation of being included in S, with an expected overall masking ratio of ρ.

3.3 Repairing the Sequence
The cp model to search the neighbourhood of X(t−1) is partially specified from the start: its
variables X and their finite domains as well as all task-specific constraints Ctask(x1, . . . , xn).
To avoid repeating sequences, at iteration t we also add

neg-table(X, {X(0), . . . , X(t−1)}).

Once destroy set S is selected, we complete the model for iteration t by setting

xi = x
(t−1)
i ∀xi ∈ X \ S.

Let πi = Pmlm(xi | (X \ S)(t−1)), the probability distribution obtained from the mlm for
variable xi ∈ S given the fixed variables. We consider three branching heuristics to explore
the neighbourhood by depth-first search:

CP: Within a usual cp solver, we use an effective generic variable-selection heuristic (such
as domWdeg [6] in our experiments) combined with a tailored value-selection heuristic
that ranks values in Di according to πi and selects the most likely.
CPBP: The cpbp framework [28] augments cp with the ability to perform belief
propagation on the model, exchanging messages between variables and constraints about
the likelihood of variable-value pairs being part of a feasible solution to the model. Given
a solver in such a framework (such as MiniCPBP2 in our experiments), we use an effective
integrated variable- and value-selection heuristic (such as maxMarginalStrength [28] in
our experiments) allowing the mlm distributions πi to be propagated as messages within
the belief propagation framework. Such propagation is enabled by adding constraints

oracle(xi, πi) ∀xi ∈ S.

These do not constrain variable xi but only serve to inject into the bp process messages
about each domain value for that free variable corresponding to probability distribu-
tion πi [19].
CPBP+: The same as above, but calling the mlm after each left-branch variable
assignment in order to dynamically revise the distributions πi for all remaining xi ∈ S.

2 https://github.com/PesantGilles/MiniCPBP

https://github.com/PesantGilles/MiniCPBP
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All three options leverage the mlm to guide the search, but the cpbp variants offer a
tighter integration by balancing the neural distribution with those of the symbolic constraints
through message passing. The exploration stops once a first solution is found or when a
maximum number of failures is reached. This new solution X(t) then becomes the starting
point for the next iteration.

3.4 Stopping LNS
Generally we do not know the optimal value nor any lower bound of neural likelihood or
training-corpus resemblance. And any objective function based on an mlm or llm evaluation
would be imperfect, being more of an indication of likelihood than a precise measure of
quality. For these reasons we solve a satisfaction problem, run lns for a fixed number of
iterations (100 in our experiments) and collect all the solutions it generates.

4 Application to Constrained Text Generation

The use of cp in the domain of natural language processing brings the challenge of a much
larger domain size compared to typical cp use cases: the English language contains hundreds
of thousands of words [21]. This greatly increases the size of the search space to solve a CP
problem. Because word frequency is highly variable, with 95% of words appearing less than
once per million words according to the Oxford English Dictionary [25], we restrict ourselves
to a vocabulary of a few thousand frequent words to define the domain of the variables. Our
domain-specific mlm is ModernBERT-base [36]. We run NeSylns for 100 iterations on each
initial sentence, using a mask percentage of 20% (i.e. k = ⌈0.2n⌉). We set a limit of 100
fails for an individual lns iteration. The domain of each masked variable is restricted to its
top-50 words according to the mlm distribution at that mask.

We evaluate our NeSylns architecture across three different tasks. These experiments are
designed to address our core research question, assess the overall effectiveness and generality
of NeSylns against baselines (RQ1). Furthermore, by systematically comparing our complete
architecture against versions using random masking and pure cp repair, we provide an
ablation study to evaluate the specific contributions of our neural components (RQ2a and
RQ2b).

Evaluation Metrics. We report generation time, perplexity, and diversity. Generation
time (t/sol) is the average time per sequence (excluding model initialization) since multiple
distinct valid sequences are found in each run of NeSylns and some of the other approaches
also generate multiple sequences. Perplexity (PPL) is an a posteriori indicator of natural-
ness computed via an independent high-performance lightweight llm, Llama-3.1-8B [22].
Formally, for a sequence of n tokens, PPL(X) = exp

(
− 1

n

∑n
i=1 log P (xi | x<i)

)
[14]. Lower

values indicate the sequence is more likely under the natural language distribution. While
the limitations of PPL as a proxy for human-level fluency are well-documented [15, Sec. 3.3],
it remains a standard quantitative metric in the literature. Our primary objective is to
demonstrate the framework’s ability to iteratively refine and improve upon initial solutions,
a trend effectively captured by the consistent reduction in average perplexity across our
experiments. Furthermore, while we use PPL for evaluation, it is not used to guide the
search; because llms are autoregressive, calculating the impact of a local change on the
entire sequence likelihood would require a computationally expensive full-sequence pass.
In contrast, our mlm objective is natively bidirectional, allowing for efficient in-filling by
evaluating P (xi | X \ {xi}). BLEU and Self-BLEU are similarity metrics used here to

CP 2026
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Figure 2 Heatmap of success rates for state-of-the-art LLMs on the four COLLIE sentence tasks
with their description.

quantify diversity. BLEU [26] measures n-gram overlap between the generated output and
the initial input. Self-BLEU [44] measures the overlap among the set of generated solutions
themselves. In this context, a high score in either metric indicates that the search is struggling
to escape the local neighbourhood of the initial assignment. A lower score demonstrates that
NeSylns has successfully explored the space to find distinct alternatives.

Crucially, we evaluate the trade-off between diversity and naturalness. While a random
permutation of words would yield the lowest possible similarity scores (maximum diversity),
it would cause a prohibitive, undesirable increase in perplexity. Our objective is to show
that NeSylns reduces similarity to the starting point without sacrificing linguistic coherence.
To ensure a fair comparison for NeSylns because Self-Bleu is sensitive to the number of
solutions on which it is computed, we use ten sequences (i.e. the same number as the other
approaches) evenly spread out in the lns run.

4.1 Collie Tasks
The Collie Benchmark [40] offers a rich framework to build constrained text generation tasks
at the level of words, sentences, and paragraphs. The four sentence-level tasks described in
that paper are reproduced in Fig. 2 (left). On the right of that figure we report the success
rates of several recent llms on these tasks. They perform fairly well on sent04 but really
struggle on the other three, which feature “arbitrary position constraints and mixed counting
levels” [40]. Concentrating on these harder tasks, we use sent02 and sent03 but leave out
sent01 because it is a simpler version of the much harder task we consider in Section 4.2. The
task-specific constraints are easily expressed here by restricting the domain of some or all
variables, thus achieving global consistency. A custom variant of neurosymbolic architecture
GeAI-BLAnC [19], whose results do suffer from the “awkward endings” problem mentioned
in the introduction, was used to generate a dataset of ten initial valid sentences for each
task. For Ctrl-G [42] we needed to design the appropriate automata for each task, which
were fairly straightforward and small, and we used their recommended settings. Tables 1–2
summarize our results. Figure 3 tracks perplexity over time for our variants of NeSylns, the
horizontal dotted line representing the baseline given by the initial GeAI-BLAnC sentences.

Solution Quality. While GeAI-BLAnC, like our approach, guarantees constraint satisfaction,
it struggles to maintain linguistic quality. Every lns configuration significantly outperforms
its PPL score by one or two orders of magnitude. While Ctrl-G achieve very low PPL
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Table 1 Performance of NeSylns compared to three other approaches on the sent02 task:
Semantic quality (PPL), Diversity (BLEU), and Runtime (time per solution).

Destroy Repair PPL BLEU S-BLEU t/sol (s)

Neural CP 97 0.051 0.508 1.05
CPBP 289 0.056 0.479 0.68
CPBP+ 277 0.077 0.482 1.61

Random CP 136 0.050 0.448 0.84
CPBP 284 0.072 0.524 0.35
CPBP+ 408 0.066 0.452 1.30

LLAMA 3.3-70B Instruct 1299 — 0.933 2.00
GeAI-BLAnC 3727 — 0.234 87.60
Ctrl-G 213 — 0.886 0.10

Table 2 Performance of NeSylns compared to three other approaches on the sent03 task:
Semantic quality (PPL), Diversity (BLEU), and Runtime (time per solution).

Destroy Repair PPL BLEU S-BLEU t/sol (s)

Neural CP 8 0.102 0.811 4.64
CPBP 8 0.074 0.767 2.98
CPBP+ 7 0.073 0.788 5.68

Random CP 10 0.055 0.716 2.69
CPBP 11 0.040 0.685 1.28
CPBP+ 11 0.076 0.743 4.04

LLAMA 3.3-70B Instruct 162 — 0.837 2.59
GeAI-BLAnC 476 — 0.084 195.00
Ctrl-G 5 — 0.892 0.82

(213 on sent02 and 5 on sent03 ), our NeSylns architecture remains highly competitive,
even outperforming it on sent02 with the CP Repair configuration. It is also important
to contrast these results with those of a pure llm. Although a state-of-the-art model like
LLAMA 3.3-70B Instruct is generally more fluent in unconstrained settings, it suffers from
a critical lack of reliability here. As reported in Fig. 2, it only manages to satisfy the sent02
and sent03 constraints around 5% of the time. Furthermore, the surprisingly high PPL for
LLAMA on both tasks suggests that the model can only satisfy such constraints by generating
highly unnatural sequences. In contrast, our approach ensures a 100% success rate while
maintaining significantly better linguistic quality, demonstrating that neurosymbolic repair
effectively preserves fluency even under strict constraints. As a good example of the results
we get for sent02, initial sentence “The sentence soft beach maths is beach sanded towelled
math.” is eventually repaired to “Use the soft sand on the beach to practice math.”

Solution Diversity. Our approach maintains a superior balance between quality and diversity.
Ctrl-G and LLAMA 3.3-70B Instruct generate solutions with significantly higher SELF-
BLEU scores than NeSylns, especially for sent02. The default sampling configurations for
these baselines frequently produced near-identical outputs. Tuning these configurations might
have increased diversity but possibly at the expense of the other metrics. GeAI-BLAnC
reaches very low SELF-BLEU scores, stemming from its truly independent runs which benefits
diversity. However, recall that its linguistic quality is well below that of the rest. The low

CP 2026
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Figure 3 Relative best perplexity over time for NeSylns on the sent02 and sent03 tasks, averaged
over ten runs. Shaded regions are within one standard deviation above the mean. We compare
combinations of the two destroy-set selection methods and the three repair methods.

BLEU scores for our method relative to the initial sentences also indicate that the repair
phase effectively moves away from the starting point to create original sentences. Higher
SELF-BLEU scores in sent03 for NeSylns reflect an effect of sentence length: although the
neg-table ensures unique solutions, local edits in longer sentences result in higher n-gram
retention compared to shorter sequences.

Computation Time. Tables 1–2 show that NeSylns generates solutions approximately
two orders of magnitude faster than GeAI-BLAnC. Ctrl-G and LLAMA 3.3-70B Instruct
benefit from running entirely on GPUs, enabling parallel generation with sufficient hardware.
However, since most solutions from LLAMA 3.3-70B Instruct are invalid, its generation
time for valid solutions is mostly on par with NeSylns. While Ctrl-G manages to be more
efficient, it remains less than one order of magnitude faster than our method.

Ablation Study. Neural masking is more computationally expensive than random masking
due to repeated mlm calls, but its identification of promising variables for improvement yields
a lower perplexity. Interestingly, the cpbp repair method is the fastest configuration. This is
explained by the fact that both cp and cpbp+ require calling the mlm after every variable
assignment during the search process of an lns iteration. In contrast, cpbp only requires calls
to the neural model at the beginning of an iteration in order to post the oracle constraints.
We also note that task sent03 is more demanding than sent02 due to longer sequences. For
these tasks, symbolic cp repair often yields lower PPL than cpbp variants. Recall that
for these tasks no additional constraint is required beyond restricting the domains, so the
remaining search space is practically unconstrained and the only messages being exchanged
besides the ones from the oracle constraints are those of the neg-table, possibly overly
discouraging the reuse of likely words.

4.2 MNREAD Task
The third task we use is related to the vision acuity test MNREAD [20]. It requires a sentence
to contain exactly 60 characters split over three lines with each line having approximately
the same width according to the Times New Roman font. It is a reputedly difficult task.
Example sentences are shown in Figure 4. As task-specific constraints we use two element
constraints per variable to link each word to its number of characters and width, one sum
constraint to ensure 60-character sentences, one binpacking constraint with variable-size
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Table 3 Performance of NeSylns compared to two other approaches on the MNREAD task
across two initial datasets: Semantic quality (PPL), Diversity (BLEU), and Runtime (time per
solution).

Dataset Destroy Repair PPL BLEU S-BLEU t/sol (s)

Bonlarron Neural CP 141 0.102 0.458 155.40
CPBP 25 0.109 0.482 4.40
CPBP+ 23 0.181 0.552 11.26

Random CP 191 0.142 0.572 109.86
CPBP 41 0.065 0.377 2.49
CPBP+ 37 0.098 0.424 7.55

Mansfield Neural CP 272 0.114 0.506 111.18
CPBP 74 0.057 0.439 9.23
CPBP+ 58 0.050 0.435 12.33

Random CP 382 0.098 0.611 99.82
CPBP 86 0.054 0.337 3.23
CPBP+ 78 0.053 0.468 12.23

Bonlarron et al. (2023) 54 — 0.227 0.02
Mansfield et al. (2019) 178 — 0.190 —

items and considering each line as a bin of approximately equal load, and a constraint on each
pair of consecutive variables to ensure they are assigned to the same bin or to consecutive
bins. We use ten sentences each from Mansfield et al. [19] and Bonlarron et al. [3], which
are already quite good, as our dataset of initial sentences and thus use them as a basis
for comparison. As we saw in Fig. 2, llms already behave very poorly on task sent01, a
relaxed version of the MNREAD task, hence their performance would be even worse here
and we don’t report on it explicitly. Adapting Ctrl-G for this task also seems out of reach:
one would need to design an automata whose states keep track not only of the number of
characters generated but of their accumulated width as well.

Solution Quality. MNREAD is significantly more challenging than the Collie tasks. As
shown in Table 3, the initial datasets already possess relatively low perplexity (54 for
Bonlarron and 178 for Mansfield), meaning our architecture must improve upon sentences
that are already linguistically sound. Nevertheless NeSylns successfully identifies higher-
quality alternatives, reaching a minimum PPL of 23 on the Bonlarron set and 58 on the
Mansfield set. The ablation study in Figure 5 highlights the critical role of bp for repair
in highly constrained spaces. While symbolic cp search was competitive on the easier
Collie tasks, it is a clear outlier here, struggling to find valid repairs (yielding only 77 to
147 solutions out of 1000 attempts). This confirms that for hard combinatorial problems,
integrating neural distributions via cpbp or cpbp+ is essential to guide the search toward
valid, high-quality regions of the search space. On the matter of the destroy method, the
Neural method outperforms the random method across the board.

Solution Diversity. Diversity metrics in Table 3 show that even under the extreme restric-
tions of the MNREAD format, our method explores a variety of sentences. The SELF-BLEU
scores (≈ 0.40–0.55) indicate that we generate distinct sentences rather than minor variations
of a single template. Our scores are higher than that of the baselines (e.g., 0.55 vs 0.23
for Bonlarron), which is expected as lns explores the neighbourhood of a specific valid

CP 2026



18:12 Neurosymbolic Large Neighbourhood Search

Figure 4 Example of MNREAD sentences equally split into three lines. Top comes from Bonlarron
et al. (2023) and bottom from NeSylns.

Figure 5 Relative best perplexity over time for NeSylns on the MNREAD task, averaged over ten
runs. Shaded regions are within one standard deviation above the mean. We compare combinations
of the two destroy-set selection methods and the three repair methods (curves identified as in
Figure 3). Initial sentences from Bonlarron et al. (2023) (left) and Mansfield et al. (2019) (right).

structure. However, this level of diversity remains remarkable given that every word choice
must simultaneously satisfy character counts and font-width balancing, a requirement that
naturally narrows the pool of valid replacements. We also exhibit low BLEU scores reflecting
that the generated solutions managed to differ significantly from the initial ones.

Computation Time. Table 3 highlights the critical role of the repair method in the efficiency
of the framework: a stark contrast appears in the search time per solution (t/sol). The
symbolic cp repair is much less effective, finding far fewer solutions and thus resulting in
a much higher computation time per solution. This indicates that cp alone struggles to
navigate the narrow valid regions of this task. In contrast, cpbp and cpbp+ maintain high
efficiency, confirming that neural guidance is essential for discovering valid, high-quality
sequences in highly-constrained search spaces without increasing the overall search time.
Compared to the specialized approach of Bonlarron et al. [3], NeSylns requires significantly
more time during generation. However, their method necessitates extensive pre-computation
and corpus-specific tuning before it can be executed. In contrast, our framework is designed
to be more general and flexible, accommodating various configurations without the need for
pre-processing. We cannot compare our method to Mansfield et al. [20] for this metric since
computation times are not mentioned in their article and cannot be derived from the results.
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Table 4 Performance of NeSylns compared to two re-evaluated literature baselines on the
Molecules task: Semantic similarity to training data (PPL), Diversity (BLEU), and Runtime (time
per solution).

Seed Destroy Repair PPL BLEU S-BLEU t/sol (s)

CPBP Neural CP 54 0.385 0.909 0.60
CPBP 40 0.453 0.869 0.51
CPBP+ 44 0.405 0.872 0.48

Random CP 40 0.195 0.892 0.30
CPBP 45 0.344 0.848 0.14
CPBP+ 60 0.342 0.855 0.30

GeAI-BLAnC Neural CP 12 0.489 0.905 1.41
CPBP 12 0.518 0.882 1.42
CPBP+ 15 0.399 0.871 1.22

Random CP 13 0.395 0.893 0.50
CPBP 15 0.401 0.861 0.24
CPBP+ 22 0.345 0.852 0.61

CPBP 492 — 0.669 30.9
GeAI-BLAnC 13 — 0.880 71.4

5 Application to Constrained Molecule Discovery

To show the versatility of our approach, we also test it in the domain of molecule discovery.
Designing new materials or pharmaceutical drugs is an impactful but difficult task, in
part because the design space is huge and because ensuring the safety and effectiveness of
candidates is a long and costly process. Automating the generation of candidate molecules
already guaranteed to exhibit some of the desired properties can help.

SMILES [37] is a standard one-dimensional format to encode molecules as ascii strings.
Our domain-specific mlm is ChemBERTa-zinc-base-v1 [30], a neural model trained on a
SMILES dataset of molecules. We apply NeSylns to the same task as the one described in
Manibod et al. [19]: generate valid 40-token SMILES molecules whose weight falls within a
specific range consistent with many known pharmaceutical molecules. For the task-specific
constraints, we reuse the publicly-available code from [19]. Structural validity is enforced
with a grammar constraint over the variables of the sequence as well as one regular and a few
among constraints. Molecular weight is constrained using an element constraint per variable
to link each character to its weight and one sum constraint. We use two sets of ten initial
SMILES strings from [19], generated by GeAI-BLAnC and cpbp (with backtracking). As in
Section 4, we run NeSylns for 100 iterations on each initial sequence, using a mask percentage
of 20%. We also use the same evaluation metrics except that we compute perplexity using llm
GPT2-ZINC480M-87M [11], trained on the same dataset as our mlm. This alignment ensures
that improvements in perplexity reflect genuine optimization within the target chemical
space rather than a distributional mismatch between the search and evaluation models.

Solution Quality. Table 4 and Figure 6 summarize the perplexity results. NeSylns demon-
strates two distinct behaviours depending on the initial seed. When starting from high-
perplexity cpbp sequences, the architecture achieves a massive reduction in perplexity,
reaching scores as low as 40. When starting from already optimized GeAI-BLAnC sequences,
NeSylns manages to maintain or slightly improve this quality while exploring the neigh-
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Figure 6 Relative best perplexity over time for NeSylns on the molecule discovery task, averaged
over ten runs. Shaded regions are within one standard deviation above the mean. We compare
combinations of the two destroy-set selection methods and the three repair methods (curves identified
as in Figure 3). Initial sequences built with cpbp (left) and GeAI-BLAnC (right).

bouring search space. Furthermore, while a pure llm only achieves a 7% success rate on
this task [19], our method maintains a 100% success rate. The ablation study between
destroy and repair methods shows that, for this specific task, no single configuration strictly
dominates the others in terms of minimum perplexity. While neural masking often provides
more stability, the stochastic nature of random masking occasionally reaches similar quality.

Solution Diversity. The diversity metrics in Table 4 reflect the unique constraints of SMILES
nomenclature. The SELF-BLEU metric is high across the board (≈ 0.85–0.91), which is
expected given the relatively small domains and the repetitive nature of molecular n-grams.
More notable is the considerably lower BLEU score (< 50% in most cases), indicating that the
generated solutions differ significantly from the initial seeds. We also observe that molecules
produced from the GeAI-BLAnC seeds are more similar to each other than those generated
from cpbp seeds. This suggests that high-quality solutions in the chemical space are clustered
in a more restricted area, justifying the high SELF-BLEU scores obtained when optimizing
for PPL.

Computation Time. Table 4 highlights one of the biggest strengths of our approach: its
high throughput. By focusing search on the valid subspace, our search time per solution
(t/sol) remains remarkably low, often under a second. This is approximately two orders of
magnitude faster than the time it takes to generate a solution with cpbp or GeAI-BLAnC.
Comparing configurations, the repair methods all have generally comparable speed, the cpbp
one being faster with random destroy. Finally, comparing both masking strategies, the use of
perplexity significantly increases the time needed in all situations. However, even our slowest
configuration remains significantly faster than the baseline methods.

6 Conclusion

We introduced NeSylns, a neurosymbolic framework that formalizes the interaction between
neural models and symbolic solvers through Large Neighbourhood Search. By leveraging the
bidirectional context of mlms, our architecture enables non-sequential, iterative refinement,
bypassing the limitations of rigid left-to-right generation and exhaustive backtracking preval-
ent in previous work. The core contribution of this study lies in factoring in soft semantic
qualities within a framework that simultaneously guarantees the satisfaction of hard symbolic
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constraints. Our experiments across text generation and molecule discovery demonstrate that
NeSylns circumvents the need for task-specific fine-tuning and ad hoc constraint enforcement,
offering a robust, general-purpose path toward constrained generative ai.

We consider cp to be the most appropriate paradigm for this architecture because it
is natively designed to handle a wide variety of combinatorial constraints while remaining
highly modular. The extensive catalog of global constraints available in cp solvers allowed
us to implement our models without requiring bespoke mechanisms to represent task-specific
constraints. This aligns with our goal of generalization, enabling the framework to be easily
adapted to new domains. Furthermore, the cpbp framework offers the distinct advantage of
providing a built-in mechanism to seamlessly integrate probability distributions from the
mlm directly into the cp model during the repair phase, a feature that is not readily available
in other solving paradigms like Mixed-Integer Programming (MIP) or pure local search.

Judging from our experiments, cp repair is preferable when the constraints are not very
restrictive, as exemplified by sent02 and sent03 for which restricting the initial domains was
sufficient. If the task is heavily constrained, such as MNREAD, moving to a cpbp solver
significantly improves results. Between cpbp and cpbp+, the additional calls to the mlm for
the latter may improve the quality of sequences but at the expense of significantly more time.
It would therefore seem worthwhile in a fairly constrained context but not so much otherwise,
as illustrated by our molecule discovery task. For our choice of destroy set, neural masking
is generally an improvement over random masking while incurring a limited time loss.

Despite its strengths, our approach has certain limitations. First, NeSylns currently relies
on the availability of an initial sequence that satisfies the task’s constraints. This restricts
the approach by requiring the ability to generate at least a few valid solutions by other
means. However, in the domain of constrained text generation, obtaining a seed solution,
especially of low semantic quality, is often easily achieved via simple templates or human
input. Furthermore, this requirement is a standard characteristic of the lns paradigm rather
than a specific weakness of our architecture. Second, the architecture is currently constrained
by a static number of words and variables, as the sequence length is fixed to the initial
one. This limits the exploration of the solution space and makes the choice of the initial
solution more impactful. Nevertheless, in many of our benchmarks, constraints naturally
dictate the solution’s length, mitigating the impact of this restriction on the search space
exploration. In the molecule domain, a fixed sequence length does not imply a fixed number
of atoms, as tokens may also represent structural delimiters (such as branches or cycles).
This allows for significant structural diversity even within a fixed-length SMILES string.
Both limitations are the subject of ongoing work, taking inspiration from the local search
literature: temporarily relaxing neighbourhoods to allow invalid sequences and incorporating
sequence expansion/reduction operators.

Our proposed NeSylns benefits from the versatility of cp which means that it could easily
be applied to other tasks. Furthermore, our architecture is not limited to sequence generation.
We could potentially apply it to any other domain using masked autoencoders [41]. That
could mean applying it to images, videos, graphs or even combinations of them with text.
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