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Introduction

This thesis presents a systematic investigation of the use of Large Language Models (LLMs) [33]
within the domain of Constraint Programming (CP) [24], specifically in the task of algorithm
selection [46], referred to as “solver selection” in the context of NP-complete problems solved
by constraint solvers. The objective is to assess whether general-purpose language models can
effectively support or enhance decision processes that have traditionally relied on supervised
learning.

Algorithm selection aims to identify the most suitable algorithm for solving a specific prob-
lem instance prior to execution. This issue arises in many domains because no single algorithm
performs optimally across all problem instances. Traditional algorithm selection and portfolio
construction methods typically treat the problem as a supervised classification or regression
task [42].

LLMs are statistical language models that estimate probability distributions over token se-
quences. In practice, these distributions are parameterized by deep neural network architectures
trained on large text corpora. They result from sustained advances in natural language process-
ing and machine learning, and have recently demonstrated strong performance across a wide
range of reasoning and generation tasks. Despite their broad adoption in general-purpose ap-
plications, their role in specialized technical domains such as CP, and specifically in automated
solver selection, remains largely unexplored.

Constraint Programming is a declarative paradigm for solving combinatorial problems, par-
ticularly those arising in planning, scheduling, and resource allocation [24]. Problems are mod-
eled in terms of variables, domains, and constraints, and are processed by solvers, i.e., software
systems that search for assignments satisfying the constraints and, in optimization settings,
improving a given objective function. Different solvers rely on distinct underlying technolo-
gies and heuristics, which leads to performance variability across problem classes. Selecting an
appropriate solver for a given instance is therefore a central challenge [22].

This thesis investigates the problem of algorithm selection by using LLMs as decision-making
components within a solver portfolio. This idea is inspired by [23] and builds on portfolio-based
approaches, where multiple solvers are available and a central strategy determines which ones
to execute for a given instance. Traditional portfolio methods rely on complex supervised
learning algorithms. In contrast, this work explores whether general-purpose LLMs, given
suitable contextual information, can approximate or surpass these approaches without task-
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ii INTRODUCTION

specific retraining.

Although the study is exploratory in scope, its experimental design is organized around
a set of explicit working assumptions that motivate the progression of experiments. It is hy-
pothesized that structured representations of problem instances will be more informative for
solver selection than raw scripts. In addition, feature-based numerical summaries capturing
structural properties of each instance are expected to provide stronger discriminative signals
than text alone. Furthermore, the inclusion of solver descriptions in the prompt is expected to
reduce biases arising from solver name recognition, enabling the model to reason on the basis of
capability rather than prior association. Finally, sampling temperature is treated as a control
variable regulating the trade-off between exploration and exploitation in solver choice, with
lower values expected to favor stable, high-probability selections and higher values enabling
broader exploration of the solver space.

The experimental evaluation relies on benchmark instances from the 2025 MiniZinc Chal-
lenge [51, 10]. A set of general-purpose LLMs was selected for evaluation and conducted
iterative experiments to assess whether these models could outperform existing single solvers,
systematically testing different prompt configurations and progressively enriching the contex-
tual information provided.

Initial experiments revealed substantive limitations in the ability of LLMs to support this
task, producing only marginal improvements relative to individual baseline solvers. To miti-
gate these limitations, structured representations of the problem instances were incorporated
through the feature extraction tool mzn2feat [17], which derives a set of static and dynamic
numerical features from each instance, such as the number of variables and constraints. While
this representation yielded the highest performance observed in our experiments, the overall
improvement remained limited. Furthermore, prompts constructed from complete model-and-
data encodings or from extensive feature vectors may become prohibitively large with respect
to practical context-window constraints. This consideration motivated the development of
fzn2nl [47], a tool designed to translate problem code into compact natural language descrip-
tions, which were subsequently employed in additional experiments.

Overall, the results indicate that LLM-based solver selection is promising but fragile: the
best configurations achieve only marginal gains over the single best solver in the full portfolio,
and performance decreases in the restricted portfolio where finer discrimination is required. The
fzn2nl representation shows mixed effects, not improving top-1 selection over the strongest
feature-based variants but improving diversity and achieving the best parallel score in the
restricted setting. The reasoning analysis further shows that LLMs can produce coherent
solver-level and problem-level explanations, yet their final choices are often driven by prior
associations and do not consistently align with empirical performance.

Beyond the empirical findings, this thesis contributes a reproducible evaluation protocol for
LLM-based solver selection, a structured comparison of input representations, the deterministic
fzn2nl pipeline for compact natural-language abstractions of FlatZinc models, and an interpre-
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tative framework based on controlled perturbation tests (including description swapping and
solver anonymization) to analyze decision patterns in addition to predictive accuracy.

The structure of the thesis is as follows. Chapter 1 provides the technical background
required for the remainder of the work. Chapter 2 describes the experimental methodology,
evaluation metrics, and design choices underlying the study. Chapter 3 presents the core exper-
imental results, beginning with baseline tests based on minimal problem representations and
progressively enriching the context with textual descriptions, structured features extracted from
problem instances, and finally temperature tuning. Chapter 4 introduces a complementary tool
developed during this research, fzn2nl, which translates FlatZinc models into natural language
descriptions, and evaluates LLM performance when operating directly on such generated rep-
resentations. Chapter 5 describes an experimental investigation aimed at understanding the
level of comprehension that LLMs exhibit with respect to solvers and problem characteristics.
Chapter 6 presents the conclusions.
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Chapter 1

Technical Background

This chapter introduces the theoretical background required for the remainder of the thesis.
The first section presents the fundamentals of Constraint Programming (CP), including CP

solvers and the MiniZinc modeling language used in the experimental evaluation. The second
section introduces Large Language Models (LLMs), focusing on their probabilistic formulation,
inference mechanisms, and prompting strategies.

1.1 Constraint Programming

Constraint Programming (CP) is a paradigm for declaratively modeling and solving combi-
natorial problems, particularly in domains such as planning and scheduling [24].

A constraint is a logical relation defined over a set of variables, each associated with a
domain of possible values. Constraints restrict the combinations of values that variables may
simultaneously assume and therefore represent partial information about the system being mod-
eled. An important feature of constraints is their declarative nature: they specify relationships
that must hold without prescribing the procedure used to enforce them [24].

CP studies computational systems that solve problems by enforcing sets of such constraints
and searching for assignments of variable values that satisfy them.

1.1.1 Solvers

In this thesis, a solver denotes a system that computes assignments satisfying a set of
constraints and, when required, optimizes an objective function.

A Constraint Satisfaction Problem (CSP) can be formalized as the tuple

⟨X,D,C⟩,

where X is a finite set of decision variables, D(x) is the domain of each variable x ∈ X, and C

is a set of constraints defined over subsets of X. A solution is an assignment

s : X →
⋃
x∈X

D(x)

3



4 TECHNICAL BACKGROUND

such that s(x) ∈ D(x) for all x ∈ X and all constraints in C are satisfied [25].
A Constraint Optimization Problem (COP) extends the CSP by introducing an objective

function. Formally, a COP is defined as

⟨X,D,C, f⟩,

where f : S → R is defined over the set S of feasible assignments. The objective is to compute
an optimal solution

s∗ = argmin
s∈S

f(s) or s∗ = argmax
s∈S

f(s).

Different solver families address CSPs and COPs using distinct mathematical abstractions
and algorithmic techniques.

Constraint Programming solvers

Constraint Programming solvers operate directly on variables with finite or structured
domains and heterogeneous constraints. Their core mechanisms are constraint propagation,
which removes inconsistent values from variable domains, and systematic search, typically
implemented through backtracking guided by heuristics. CP solvers also support high-level
global constraints equipped with specialized filtering algorithms that exploit combinatorial
structure [27]. A representative example is Gecode [40].

Portfolio solvers

Solving combinatorial search problems is computationally challenging, and different solvers
often perform better on different instances of the same problem class. Algorithm portfolios
exploit this observation by combining multiple solvers and selecting the most appropriate one
for each instance [19].

Algorithm portfolios are a specific case of the broader Algorithm Selection problem [46]. In
a portfolio solver, a set of constituent solvers s1, . . . , sm is available. Given a problem instance
p, the system predicts which solver (or subset of solvers) is most suitable for solving it.

Solver selection is typically performed using machine learning models trained on features
extracted from the problem instance [34]. In this work, we investigate whether a pre-trained
LLM can serve as the decision component for this selection process, potentially avoiding the
need for dedicated training [23].

1.1.2 MiniZinc

MiniZinc is a high-level modeling language for constraint programming that supports a wide
range of solvers and enables solver-independent problem specification [41]. It was designed to
provide a standard modeling language for CP and to facilitate solver benchmarking.

For these reasons, all problems used in the experimental evaluation were modeled in MiniZ-
inc.
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A MiniZinc example

A MiniZinc specification consists of a model, describing the structure of a class of problems,
and a data component specifying a particular instance. Data files contain assignments to
parameters declared in the model and are typically provided separately.

A MiniZinc model is composed of a sequence of items, including variable declarations,
constraints, predicates, and a single solve item specifying whether the problem is a satisfaction
or optimization task.

Figure 1.1 and Figure 1.2 show an example MiniZinc model and data file for a job shop
scheduling problem [41]. The model defines parameters, decision variables, and constraints that
enforce task ordering and prevent resource conflicts, while the data file provides the specific
instance parameters.

Figure 1.1: MiniZinc model (jobshop.mzn) for the job shop problem (adapted from [41]).

Figure 1.2: MiniZinc data (jobshop2x2.dzn) for the job shop problem (adapted from [41]).

MiniZinc Challenge

Comparing constraint programming systems is inherently difficult because different solvers
support different modeling features and optimization strategies. MiniZinc addresses this issue
by providing a standardized modeling language that allows multiple solvers to be evaluated on
the same problem specifications.
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Since 2008, the MiniZinc Challenge has provided a yearly benchmark competition comparing
solvers that support MiniZinc [51]. Participants submit solvers capable of handling MiniZinc
or FlatZinc models, which are then evaluated on a standardized set of benchmark instances.
Performance is assessed based on solution quality, number of solved instances, and solving time.

Although the MiniZinc Challenge provides a comparative scoring system, this thesis em-
ploys alternative evaluation metrics better suited to absolute performance assessment in solver-
selection experiments.

1.2 Large Language Models

Large Language Models (LLMs) are statistical language models that estimate probability
distributions over sequences of tokens by learning patterns from large text corpora.

Modern LLMs are typically implemented using transformer architectures [53], which rely
on self-attention mechanisms to model dependencies between tokens in a sequence. Given an
input sequence x1, . . . , xn, the model estimates the conditional probability

P (xn+1 | x1, . . . , xn).

Text generation proceeds autoregressively by repeatedly sampling tokens from this distri-
bution.

Training generally involves two stages. During large-scale pretraining, models learn general
linguistic and semantic representations through self-supervised objectives. Alignment tech-
niques, such as supervised fine-tuning and reinforcement learning from feedback, subsequently
adapt the model to follow instructions and produce outputs consistent with user expecta-
tions [33].

1.2.1 Inference and decoding

During inference, the model produces logits over the vocabulary, which are converted into
probabilities using the softmax function [38]. Decoding strategies determine how the next token
is selected from this distribution.

Deterministic decoding methods include greedy search, which selects the most probable
token at each step, and beam search [28], which maintains multiple candidate sequences during
generation.

Stochastic methods introduce controlled randomness into the generation process. Temper-
ature sampling modifies the probability distribution using a temperature parameter τ , while
top-p sampling restricts token selection to the smallest subset of tokens whose cumulative prob-
ability exceeds a threshold p [48].

A practical constraint is the context window, which limits the total number of tokens that
can be processed simultaneously. This limitation influences prompt design and the amount of
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contextual information that can be provided to the model.

1.2.2 Relevance to solver selection

In this work, LLMs are used as decision components for solver selection. Given a represen-
tation of a problem instance, the model is prompted to recommend the most appropriate solver
from a predefined portfolio.

The effectiveness of this approach depends both on the model’s capacity to interpret struc-
tural properties of constraint models and on practical aspects such as prompt formulation,
representation choice, and inference parameters.
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Chapter 2

Methodology

This chapter presents the design choices underlying the initial benchmark, which serves as
the basis for refining subsequent experiments and assessing the current capabilities and potential
of the proposed solver-selection approach.

The chapter is organized into six sections, each addressing a key design decision. The first
section discusses the provider selection. The second describes the selection of large language
models used for testing. The third section presents the initial prompt-engineering strategy used
to define a consistent prompt format for evaluation. The fourth presents the rationale behind
the selection of benchmark problems used to test model performance. The fifth explains the
metrics adopted to evaluate the testing results. The sixth describes the experiment setup and
the pre-processing methods adopted to make automatic testing possible.

2.1 Provider Choice

The first step was to determine which LLMs could be used for the algorithm-selection task.
Given the limited computational resources available during testing, we relied on externally
hosted LLMs accessed through usage-based APIs. The selection prioritized generous free tiers,
permissive rate limits, and straightforward integration. This led to the choice of the following
providers:

• Gemini API v1 [1], offered by Google DeepMind. Gemini is a family of LLMs with
multiple sizes and capabilities. This provider was selected for its strong reasoning abilities,
robust tool-use features, and overall high-quality text generation. For the purpose of this
research, the version v1 [6] was preferred as it was more stable and the primary concern
of this work was its text-generation capability.

• Groq API [5], provided by Groq. Groq offers high-performance inference solutions through
its specialized hardware architecture. The Groq API exposes a selection of LLMs through
a simple and lightweight interface, enabling fast and low-latency experimentation.

9



10 METHODOLOGY

Both APIs were selected for their ease of use, flexibility, overall performance, and, critically,
their comparatively generous rate limits relative to competing services. The rate limits of both
APIs are reported in Table 2.2 and Table 2.1.

Model RPM RPD TPM TPD

allam-2-7b 30 7000 6000 500000
deepseek-r1-distill-llama-70b 30 1000 6000 100000
gemma2-9b-it 30 14400 15000 500000
groq/compound 30 250 70000 –
groq/compound-mini 30 250 70000 –
llama-3.1-8b-instant 30 14400 6000 500000
llama-3.3-70b-versatile 30 1000 12000 100000
meta-llama/llama-4-maverick-17b-128e-instruct 30 1000 6000 500000
meta-llama/llama-4-scout-17b-16e-instruct 30 1000 30000 500000
meta-llama/llama-guard-4-12b 30 14400 15000 500000
meta-llama/llama-prompt-guard-2-22m 30 14400 15000 500000
meta-llama/llama-prompt-guard-2-86m 30 14400 15000 500000
moonshotai/kimi-k2-instruct 60 1000 10000 300000
moonshotai/kimi-k2-instruct-0905 60 1000 10000 300000
openai/gpt-oss-120b 30 1000 8000 200000
openai/gpt-oss-20b 30 1000 8000 200000
playai-tts 10 100 1200 3600
playai-tts-arabic 10 100 1200 3600
qwen/qwen3-32b 60 1000 6000 500000

Table 2.1: Rate limits for models available through the Groq API [8]. Each row corresponds to a
distinct model, identified by its API name. The columns report the enforced usage constraints:
requests per minute (RPM), requests per day (RPD), tokens per minute (TPM), and tokens per
day (TPD). A dash (–) indicates that no explicit daily token limit is enforced for that model.

2.2 Large Language Models Selection

Both providers offer a broad set of LLMs with varying capabilities and constraints, so an
initial filtering step was required. Several options were excluded because they are not designed
for text generation. In particular, playai-tts and playai-tts-arabic are text-to-speech
LLMs, and therefore unsuitable for testing.

Additional models were excluded because they are currently unavailable or deprecated:
deepseek-r1-distill-llama-70b, gemini-2.0-flash-lite, and gemma2-9b-it.
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Model RPM RPD TPM TPD

gemini-2.5-pro 5 100 250000 –

gemini-2.5-flash 10 250 250000 –

gemini-2.5-flash-lite 15 1000 250000 –

gemini-2.0-flash 15 200 1000000 –

gemini-2.0-flash-lite 30 200 1000000 –

Table 2.2: Rate limits for models available through the Gemini API [7]. All the columns are
organized as in Table 2.1.

Two more LLMs were excluded due to insufficient context window size. Although their rate
limits were acceptable, their token capacity was too small to accommodate even a single full
MiniZinc model as input: meta-llama/llama-prompt-guard-2-22m and
meta-llama/llama-prompt-guard-2-86m.

Finally, allam-2-7b was removed because it failed to follow instructions consistently, often
producing incomplete, inconsistent, or unreadable outputs.

After this filtering stage, 18 LLMs remained as a stable base for the evaluation phase.

2.3 Prompt General Structure

To determine which LLM was best suited for algorithm selection, it was necessary to design a
consistent prompt format to query each model. The primary objective was to define a structure
that was as short and clean as possible, for two main reasons:

• Minimise prompt-induced bias: An excessively descriptive or overly complex prompt could
negatively influence model behaviour, since long prompts may lead to phenomena such
as “context rot” [32]: a progressive decay in response quality as prompt length increases.

• Reduce token usage: Since the testing setup is constrained by API rate limits, keeping
the prompt compact minimises token consumption.

2.3.1 Output Structure

Ensuring a standardized output format was equally important. Automated testing requires
that model outputs follow a strict and predictable format. Any deviation introduces ambiguity
during parsing and prevents reliable extraction of solver selections. Maintaining this structure
is therefore essential to ensure consistent and fully automated evaluation.

Large or verbose responses also impose practical limitations on the available context window.
Because each message contributes to the total token count, excessively long outputs reduce the
room available for subsequent turns and larger prompts.
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For these reasons, the output format was fixed as an array of three strings.

[“1stSolver′′, “2ndSolver′′, “3rdSolver′′]

Selecting the top three solvers enables two forms of evaluation:

• Single-solver evaluation: Measures whether the solver chosen by the LLM is the single
best solver for the given instance. If it is not, the evaluation can quantify how close its
performance is to the optimal solver.

• Parallel-solver evaluation: Measures the effectiveness of running the top three solvers
selected by the LLM in parallel. The best result among the three is considered, allowing
assessment of whether any of them corresponds to the single best solver for the instance,
or, if not, how close the best among the three comes to the optimal performance.

The metrics used for these evaluations will be detailed in Section 2.5.
Taking all of these considerations into account, the resulting prompt structure is as follows:

Prompt Structure

MiniZinc model:
. . . MiniZinc problem model (.mzn content) . . .

MiniZinc data:
. . . Instance relative data (.dzn or .json content) . . .

The goal is to determine which constraint programming solver would be best suited for this
problem, considering the following options:
- s1,
- s2,
- . . .
- sn where s1 . . . sn ∈ SolverList.
Answer only with the name of the 3 best solvers inside square brackets separated by comma
and nothing else.

2.4 Problem Selection

A crucial component of the testing pipeline is the selection of benchmark problems. Consis-
tent and meaningful evaluation requires a set of benchmark problems that are reliable, diverse,
and representative of real solver behavior. To meet these requirements, the problem set should
satisfy the following criteria:

• Extensive prior testing: The problems must be validated and associated with reliable
solver performance data, preferably obtained from recent evaluations of state-of-the-art
solvers.
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• Diversity: The set must include a varied mix of problem types, including combinato-
rial problems, real-world applications, and puzzle-like tasks-covering all major categories:
Maximization, Minimization and Satisfaction.

This ensures that LLM performance can be assessed across different solving paradigms.

• Complexity: The problems must be sufficiently challenging so that solver selection is
non-trivial and the LLM’s reasoning abilities are meaningfully tested.

Based on these criteria, the selected benchmark was the problem set from the MiniZinc Chal-
lenge 2025 [51, 9, 10]. These problems are specifically curated to benchmark the strongest
solvers of the year and therefore represent an ideal test bed for algorithm selection.

The problem set contains twenty problems: 1 satisfaction problem, 3 maximization prob-
lems, 16 minimization problems.

Each problem consists of a .mzn file containing the MiniZinc model [41], which defines the
decision variables, constraints, and objective function. Every problem is further accompanied
by five data instances, each stored in either a .dzn or a .json file providing the problem-specific
parameters and constants, yielding a total of 100 diverse and challenging test scenarios.

2.5 Test Metrics

In order to evaluate LLM performance rigorously, it is necessary to select a standard metric
for assessing the quality of each model’s output. In addition, a comparative metric is required
to evaluate how well each LLM performs relative to the Single Best Solver (SBS).

Before analysing the evaluation metrics, the systems to which these metrics apply must
be defined, namely, the solvers. In this context, a solver is a program that takes as input a
MiniZinc description of a computational problem together with the associated instance data,
and returns an observable outcome consisting of zero or more solutions to the given problem.

For decision problems, the outcome may simply be “satisfiable” or “unsatisfiable”, while for
optimisation problems the outcome of interest is typically the best objective value found within
the allotted time. An evaluation metric, or performance metric, is a function that maps the
outcome of a solver on a given instance to a numerical value quantifying the solver’s performance
on that instance.

An evaluation metric is often not just defined by the output of the solver. Indeed, it can
be influenced by other actors, such as the computational resources available, the problems on
which we evaluate the solver, and the other solvers involved in the evaluation. For example, it
is often unavoidable to impose a timeout τ on the solver’s execution when termination within a
reasonable time cannot be guaranteed (e.g., NP-hard problems). Timeouts make the evaluation
feasible but inevitably couple the evaluation metric to the execution context. For this reason,
the evaluation of a meta-solver should also consider the scenario that encompasses the solvers
to evaluate, the instances used for the validation, and the timeout. Formally, at least for the
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purposes of this paper, we can define a scenario as a triple (I,S, τ), where: I is a set of problem
instances, S is a set of individual solvers, τ ∈ (0,+∞) is a timeout such that the outcome of
every solver s ∈ S on every instance i ∈ I is always measured within the time interval [0, τ ].

Evaluating meta-solvers over heterogeneous scenarios (I1,S1, τ1), (I2,S2, τ2), . . . , is compli-
cated by the fact that the sets of instances Ik, the sets of solvers Sk and the timeouts τk can
be very different. Scenarios that involve optimization problems may even present additional
complexities.

To these ends, two separate metrics were adopted.

2.5.1 Metric for Solver Score

Figure 2.1: Solver performances example

We can now proceed to associate, for each instance i and solver s, a weight that quantita-
tively represents how well s performs on instance i within time T . We define the scoring value
of s (henceforth, the score) on instance i at a given time t as a function scoreα,β [22, 18] defined
as follows:

scoreα,β(s, i, t) =



0, if sol(s, i, t) = unk,

1, if sol(s, i, t) ∈ {opt, uns},

β,
if sol(s, i, t) = sat

and MIN(i) = MAX(i),

max

{
0, β − (β − α)

val(s, i, t)−MIN(i)

MAX(i)−MIN(i)

}
,

if sol(s, i, t) = sat

and i is a minimization problem,

max

{
0, α + (β − α)

val(s, i, t)−MIN(i)

MAX(i)−MIN(i)

}
,

if sol(s, i, t) = sat

and i is a maximization problem.
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Here, MIN(i) and MAX(i) denote the minimal and maximal objective function values found
by any solver s at the time limit T .

As an example, consider the scenario in Figure 2.1 showing three different solvers on the
same minimization problem. Let T = 500, α = 0.25, β = 0.75. Solver s1 finds the optimal
value (40), therefore it receives score 0.75. Solver s2 finds the maximal value (50), hence score
0.25. Solver s3 does not find a solution in time, giving score 0. If instead T = 800, the value of
s1 becomes 0.375 and s3 gets 0.75. If T = 1000, since s3 improves the objective to 10 (marked
with a star in the figure), it receives the highest score.

The parameters used for score calculation in the experiments are: T = 1,200,000ms (i.e.,
20 minutes, the time limit adopted in the MiniZinc Challenge for solver evaluation), α = 0.25,
and β = 0.75.

2.5.2 Closed Gap

Once the solver score metric has been defined, a comparative metric is also required to
assess the overall performance of a meta-solver relative to the reference baselines. To this end,
the closed-gap (CG) [22] measure was adopted as the evaluation metric. CG is a relative, meta-
solver-specific measure that was employed in the 2015 ICON and 2017 OASC [37] challenges
to handle the disparate nature of the scenarios.

CG assigns a value to a meta-solver in (−∞, 1] proportional to how much it closes the gap
between the best individual solver available, or single best solver (SBS), and the virtual best
solver (VBS), i.e., an oracle-like meta-solver always selecting the best individual solver. The
closed gap is a “meta-metric”, defined in terms of a base evaluation metric m to minimise,
which in this context is the scoring metric introduced in Section 2.5.1. Formally, if (I, S, τ) is
a scenario then

m(i,VBS, τ) = min{m(i, s, τ) | s ∈ S} for each i ∈ I,

and

SBS = argmin
s∈S

∑
i∈I

m(i, s, τ).

With these definitions, CG can be defined as follows: Let (I, S, τ) be a scenario and

m : I ×
(
S ∪ {S,VBS}

)
× [0, τ ] → R

an evaluation metric to minimize for that scenario, where S is a meta-solver over the solvers
of S. Let

mσ =
∑
i∈I

m(i, σ, τ) for σ ∈ {S, SBS,VBS}.

The CG of S with respect to m on that scenario is

mSBS −mS

mSBS −mVBS

.
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The assumption mVBS > mSBS is required, i.e., no single-solver can be the VBS (otherwise,
no algorithm selection would be needed, given that its objective is to reach the VBS). Unlike
other scores, CG is designed specifically for meta-solvers. Applying it to individual solvers
would assign 0 to the SBS and a negative score to the remaining solvers, proportional to their
performance difference with respect to the SBS and the gap mSBS −mVBS, which makes little
sense for individual solvers, as it wouldn’t reflect their actual performance overall.

2.6 Experiment Setup

Having defined both the prompt format used to query the LLMs (Section 2.3) and the
benchmark problem set on which they are evaluated (Section 2.4), the next step is to eval-
uate them automatically over the full set of selected instances. To this end, we designed an
automated testing pipeline that parallelizes execution by assigning one thread per LLM. For
each model, requests are issued sequentially, with five requests per problem, each containing a
MiniZinc model and a single instance.

Despite preliminary prompt engineering and model filtering, several MiniZinc instances,
particularly their associated data files, still exceeded the providers’ rate limits. Given this
limitation, additional mechanisms were required to prevent limit violations while still allowing
evaluation over the complete instance set.

2.6.1 Script Sanitization

The most direct way to address oversized requests was to reduce their length. As the prompt
itself was already minimal, this required direct manipulation of the MiniZinc model (.mzn) and
data files.

A first step consisted of removing all non-essential elements, such as comments (starting with
% [41]), tabs, and unnecessary whitespace. While this reduced token usage and standardised
script formatting, it proved insufficient on its own. The principal contributor to token overflow
was the presence of large data arrays, which not only increased message length but could also
introduce irrelevant information into the context, thereby “distracting” the LLM from the most
pertinent content [49].

To mitigate this issue, data arrays were truncated to a fixed maximum length of 30 elements,
with an inline comment indicating the original size:

[e1, e2, . . . , e30// array too long to display, dimensions: (150)]

While effective for simple arrays of scalar values, this approach did not account for the internal
complexity of individual elements and performed poorly on more structured data. For this
reason, a second truncation mechanism was introduced based on raw character count. Ar-
rays exceeding 120 characters were truncated accordingly, using the same inline annotation to
preserve information about the original size.
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2.6.2 Custom Delays

Since each experiment involved multiple problems and multiple sequential requests per LLM,
rate limits could still be exceeded even when individual requests were within bounds. To address
this, custom delays were introduced into the experiment orchestration logic.

When an error message is received, for example:

Error code: 413 - Request too large for model ‘openai/gpt -oss -120

b‘ in organization ‘org_01k9qqesvte4d9h5jnhmzvbmy4 ‘ service

tier ‘on_demand ‘ on tokens per minute (TPM): Limit 8000,

Requested 8939, please reduce your message size and try again.

Need more tokens? Upgrade to Dev Tier today at https ://

console.groq.com/settings/billing

Error code: 429 - Rate limit reached for model ‘openai/gpt -oss

-120b‘ in organization ‘org_01k9qqesvte4d9h5jnhmzvbmy4 ‘

service tier ‘on_demand ‘ on tokens per day (TPD): Limit

200000 , Used 193047 , Requested 10632. Please try again in 26

m29 .328s. Need more tokens? Upgrade to Dev Tier today at https

:// console.groq.com/settings/billing

The error code was inspected. Errors 413 and 429 indicated that a rate limit had been
exceeded. The error message was then parsed to identify the specific limit involved. If the
limit concerned tokens per minute (TPM) or requests per minute (RPM), the system paused
execution for 60 seconds before retrying. If the exceeded limit was tokens per day (TPD) or
requests per day (RPD), the message was further analysed to extract the cooldown duration,
expressed in the form XXhXXmXX.XXs, where h denotes hours, m minutes, and s seconds.
The required delay was then computed from this value, after which the request was retried.
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Chapter 3

Experimental Evaluation

This chapter presents the initial experimental study aimed at assessing the potential of
LLMs for algorithm selection and identifying effective prompting strategies and contextual
representations.

The first section reports results obtained with the most basic configuration, using only raw
scripts and instance data, to estimate the baseline performance of the candidate LLMs. These
results are used to select the five best-performing models for subsequent analysis. The second
section examines refined prompt formulations based on sanitized scripts and the inclusion of
problem descriptions, using a single-request setup in which each instance is handled indepen-
dently.

The third section investigates multi-turn experiments, where prompts are enriched with
solver descriptions and combined problem-solver descriptions. This setup leverages conver-
sational state to reduce redundancy and mitigate rate-limit constraints inherent to single-
request configurations. From this stage onward, experiments are conducted only with the
best-performing model.

The fourth section evaluates the use of structured contextual representations derived from
a feature extraction tool [17], in combination with the prompt strategies developed earlier.
The fifth section analyzes the effect of sampling temperature tuning [54] by testing multiple
temperature values on the five most effective configuration variants identified across the study.

Finally, the sixth section analyzes LLM performance when tested on a restricted set of
solvers to choose from, excluding both dominant solvers and clearly underperforming ones.

3.1 Preliminary tests

The first experiments were conducted using the original problem instances without any
preprocessing. Each LLM was provided with the original MiniZinc model (.mzn) together
with the corresponding instance data (in either .dzn or .json format), following the prompt
structure defined in Section 2.3.

As reported in Table 3.1, (and more in depth in Table 6.2, Table 6.1 and Table 6.3) for both

19
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Model Single Score Parallel Score Closed Gap

gemini-2.5-flash-lite 64.363 69.040 -1.047
gemini-2.5-flash 60.962 69.426 -1.330
moonshotai/kimi-k2-instruct-0905 59.680 66.186 -1.436
moonshotai/kimi-k2-instruct 58.609 65.816 -1.525
openai/gpt-oss-120b 58.166 64.508 -1.562
openai/gpt-oss-20b 57.154 63.329 -1.646
meta-llama/llama-4-maverick-17b-128e-instruct 56.297 63.549 -1.717
meta-llama/llama-4-scout-17b-16e-instruct 54.305 57.815 -1.883
gemini-2.0-flash 43.413 53.748 -2.788
qwen/qwen3-32b 42.117 48.018 -2.895
gemini-2.5-pro 37.641 41.594 -3.267
llama-3.1-8b-instant 36.082 56.228 -3.397
groq/compound-mini 25.423 29.623 -4.282
llama-3.3-70b-versatile 7.455 9.496 -5.775
groq/compound 5.197 8.246 -5.963

Table 3.1: Initial tests using raw scripts as input to all tested LLMs. The column “Model” lists
the name of each tested LLM; “Single Score” is the sum of the performance of the best solver
suggested by the LLM for each instance (as explained in Section 2.5.1); “Parallel Score” is the
sum of scores across all instances in the parallel-solver setup, computed by taking the three
best solvers suggested by the LLM, evaluating each, and retaining the maximum; and “Closed
Gap” is the closed-gap score calculated from “Single Score” using the formula in Section 2.5.2.

single-solver evaluation and parallel-solver evaluation, all scores remain below 70, indicating
lower performance than three of the single solvers in the free category, and four of the single
solvers from the open category, and resulting in negative closed-gap values for all tested LLMs.

While part of this outcome can be attributed to the deliberately simple formulation of
the requests, a major limiting factor is the presence of strict rate limits, which prevent many
instances from being processed by some, if not all, of the LLMs, due to the script length alone
exceeding TPM (shown in Table 2.2 and Table 2.1). This issue is particularly pronounced for
problems with large instance data, such as ihtc-2024-marte or gt-sort

These constraints motivated both the adoption of script manipulation techniques, as de-
scribed in Section 2.6, and the decision to restrict subsequent experiments to the five best-
performing LLMs identified in this preliminary phase, namely: gpt-oss-120b, gemini-2.5-flash,
gemini-2.5-flash-lite, kimi-k2-instruct-0905 and kimi-k2-instruct. The considerable
execution time required for the experiments could reach up to 48 hours.
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3.2 Single Request Experiments

After establishing a stable experimental pipeline, we repeated the evaluation on the full set
of 100 instances. All experiments in this phase adopt a single-request setup, where each prompt
is processed independently: the LLM receives the input and generates a response without access
to any prior interaction history or retained context.

3.2.1 Base Setup

As a baseline, the LLMs were first evaluated under the same conditions as the preliminary
experiments, using only the raw MiniZinc and data scripts.

Model Single Score Parallel Score Closed Gap

openai/gpt-oss-120b 74.488 82.227 -0.206
moonshotai/kimi-k2-instruct-0905 71.623 82.657 -0.444
moonshotai/kimi-k2-instruct 70.939 83.268 -0.501
gemini-2.5-flash-lite 70.145 80.741 -0.567
gemini-2.5-flash 69.763 79.105 -0.598

Table 3.2: Tests on sanitized scripts given to the 5 best performing LLMs, columns content is
calculated as in Table 3.1.

As reported in Table 3.2 and Table 6.4, performance under parallel-solver evaluation remains
consistently high. All tested LLMs outperform every individual solver except
or-tools_cp-sat-par, which constitutes the single best solver (SBS) in the open category and
remains clearly dominant, maintaining a substantial margin over both the LLM-based selection
approaches and the remaining standalone solvers.

More pronounced variability is observed in the single-solver evaluation (Table 6.5). In this
setting, only gpt-oss-120b consistently surpasses all individual solvers other than the SBS in
the free category (or-tools_cp-sat-free), as further detailed in Table 6.18 and Figure 6.5.
The remaining LLMs still achieve competitive results relative to most standalone solvers; how-
ever, a non-negligible performance gap persists, as reflected in the closed-gap scores and ana-
lyzed in greater detail in Table 6.6.

3.2.2 Problem Description

The results of the baseline experiments indicate that further improvements are necessary.
A natural approach is to provide the LLM with additional contextual information. However,
as discussed previously, excessively large contexts may become counterproductive, potentially
distracting the model and degrading performance rather than improving it [32, 49]. This trade-
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off motivates a more careful investigation into which types of information are most beneficial
for LLM-based solver selection.

As a first step, we augmented the prompt with a concise textual problem description (PD):
a short textual summary of the MiniZinc model’s semantics. These descriptions were automat-
ically generated using another LLM (GPT-5.1) and subsequently refined manually to correct
minor inaccuracies. e.g.:

• atsp: “Scheduling and resource allocation problem involving moulds, colors, and pro-
duction jobs. The goal is to minimize makespan, tardiness, and waste while respecting
compatibility and demand constraints.”

• black-hole: “A constraint model for solving the Black Hole Patience solitaire game.
Cards must be arranged so that the sequence follows game rules using global constraints.”

The PD was incorporated into the prompt structure as follows:

Prompt Structure

Problem description:
. . . Textual problem description . . .
MiniZinc model:
. . . MiniZinc problem model (.mzn content) . . .

MiniZinc data:
. . . Instance relative data (.dzn or .json content) . . .

The goal is to determine which constraint programming solver would be best suited for this
problem, considering the following options:
- s1,
- s2,
- . . .
- sn where s1 . . . sn ∈ SolverList.
Answer only with the name of the 3 best solvers inside square brackets separated by comma
and nothing else.

As shown in Table 3.3, single-solver performance consistently degrades, while parallel-solver
evaluation shows modest improvements, with three out of the five tested LLMs achieving better
results than in the base configuration. This divergence suggests that additional context can aid
diversification in solver selection, even if, in this case, it does not reliably improve the choice of
an optimal solver.

As shown by the results, all closed-gap values remain negative even after improving the
context.
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Model Single Score Parallel Score Closed Gap

moonshotai/kimi-k2-instruct-0905 72.605 83.182 -0.362
openai/gpt-oss-120b 70.741 83.250 -0.517
gemini-2.5-flash-lite 69.043 82.621 -0.658
moonshotai/kimi-k2-instruct 67.555 81.890 -0.782
gemini-2.5-flash 49.897 59.154 -2.249

Table 3.3: Test on sanitized scripts combined with textual problem description. Columns are
calculated as in Table 3.1.

3.3 Multi-turn Experiments

What has been discussed so far indicates that the contextual information provided to the
LLMs is either insufficient or, in some cases, not beneficial. A natural next step is therefore to
explore alternative forms of context. However, this introduces two practical issues. First, the
single-request setup already operates close to the maximum allowed tokens per minute (TPM),
making it infeasible to simply add more information without violating rate limits. Second,
the existing setup is inefficient in terms of token usage, as it repeatedly supplies redundant
information.

More specifically, for each problem we evaluate five different instances, each with distinct
data, while the underlying MiniZinc model and the associated problem description remain
unchanged. Re-sending this invariant information with every request unnecessarily consumes
tokens. Given the limited API resources available, addressing both constraints is essential. To
this end, we transitioned to a multi-turn (chat-like) experimental setup.

3.3.1 Setup Explanation

The core idea of the multi-turn setup is to partition the interaction using role-based for-
matting [44]. In the context of LLMs, messages are explicitly associated with roles, typically
system, user, and assistant. This helps the LLM distinguish between instructions, inputs,
and generated outputs, while also maintaining conversational state across turns.

In our experiments, the system role is used to convey all invariant and high-level informa-
tion, namely the MiniZinc model (.mzn) content, the textual descriptions, and the expected
format of the answers. The user role is then reserved for instance-specific inputs, containing
the data associated with each instance (in .dzn or .json format). This separation allows us
to avoid repeatedly transmitting redundant context, significantly reducing token consumption
per instance.

An additional advantage of the multi-turn setup is that it enables the handling of larger
instance data by distributing content across multiple messages, while relying on the LLM’s
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ability to retain previously supplied information within the same conversation. As a result, the
system can accommodate longer and more complex inputs without exceeding rate limits.

3.3.2 Solvers Description

The increased efficiency of the multi-turn setup also makes it possible to enrich the contex-
tual information with new textual data: solver descriptions; examples are reported in Table 6.10.
For each solver under consideration, a short textual description was generated and provided to
the LLM within the system prompt, with the aim of improving the model’s awareness of the
available solver options and their respective characteristics.

To better understand the importance of this information, we experimented with two differ-
ent configurations: one in which solver descriptions were combined with all previously provided
contextual elements, and another in which the solver descriptions constituted the only addi-
tional textual information alongside the MiniZinc model and the instance data. This design
allows us to assess the contribution of solver-specific knowledge to the overall performance of
LLMs.

Model Single Score Parallel Score Closed Gap

moonshotai/kimi-k2-instruct 76.964 82.236 0.000

moonshotai/kimi-k2-instruct-0905 76.964 82.489 0.000

gemini-2.5-flash 71.687 83.137 -0.439
openai/gpt-oss-120b 70.974 78.800 -0.498
gemini-2.5-flash-lite 54.714 77.747 -1.849

Table 3.4: Test with sanitized scripts combined with solvers description in a multi turn setup.
Columns are calculated as in Table 3.1.

In the parallel-solver evaluation (Table 6.11), providing only solver descriptions does not
lead to systematic improvements. The sole exception is gemini-2.5-flash, although its score
remains below that of the single best solver (SBS) in the open category.

On the other hand, the effects are more pronounced in the single-solver evaluation, displayed
in Table 3.4 and Table 6.12. Two models, moonshotai/kimi-k2-instruct-0905 and
moonshotai/kimi-k2-instruct, exhibit a substantial improvement, reaching the SBS score
and thus achieving a closed-gap value of zero for the first time. A closer inspection of their
outputs, however, reveals that this result is achieved by consistently selecting the same solver,
namely or-tools_cp-sat-free, which corresponds to the SBS. This behavior effectively by-
passes the decision-making role of the LLM, thereby undermining the intended purpose of
employing an LLM in the first place.
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3.3.3 Solver Description and Problem Description

Following this observation, we evaluated the configuration combining both forms of textual
context: solver descriptions and problem descriptions. In this setup, each LLM is provided
with the largest amount of contextual information until now.

Model Single Score Parallel Score Closed Gap

openai/gpt-oss-120b 77.261 80.296 0.025

moonshotai/kimi-k2-instruct-0905 76.964 82.219 0.000
moonshotai/kimi-k2-instruct 74.464 80.417 -0.208
gemini-2.5-flash 73.552 83.651 -0.284
gemini-2.5-flash-lite 63.063 78.148 -1.155

Table 3.5: Test with sanitized scripts combined with both solvers description, and problem
description in a multi turn setup. Columns are calculated as in Table 3.1.

In the parallel-solver evaluation, this configuration yields the highest scores observed so
far, again driven primarily by gemini-2.5-flash. However, the scores of the other LLMs are
slightly lower than in the previous setups, and all scores remain below the open-category SBS.

In the single-solver evaluation, moonshotai/kimi-k2-instruct-0905 continues to default
to selecting the SBS exclusively. Nevertheless, improvements emerge for two other models,
namely gemini-2.5-flash and gpt-oss-120b. In particular, gpt-oss-120b achieves the first
strictly positive closed-gap score, surpassing or-tools_cp-sat-free.

3.3.4 Basic Tests Evaluation

In this initial testing phase, a positive closed gap has been achieved, showing an algorithm
selection process with better performance than always choosing the single best solver. More-
over, when compared with the remaining solvers, these primitive configurations still hold fairly
competitive results.

To better display the performance of individual LLMs, all variant scores are compared,
using histograms for better visualization in Figure 6.3 for parallel-solver evaluation, Figure 6.4
for single-solver evaluation and Figure 3.1 for closed gap evaluation.

To provide an alternative perspective on the results, the performance of each configuration is
displayed against the single solvers of the corresponding category. In Table 6.17 and Figure 6.6,
the performance of all configurations under parallel-solver evaluation is compared against the
single solvers from the open category. In Table 6.18 and Figure 6.5, the single-solver evaluation
scores of all variants are compared against all solvers from the free category.
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Figure 3.1: Histograms displaying the performances of all the solver variants in “Closed Gap”
evaluation, as calculated in Table 3.1.

3.4 Feature Extraction

The preceding sections demonstrated the importance of textual information and of providing
a richer context to the LLM rather than relying solely on its understanding of a .mzn script.
Even though a positive closed gap was already reached in previous experiments, relying on
context information such as the problem description is a significant limitation of the approach,
given that such data must be supervised, if not entirely rewritten by hand, due to the high
variability, especially when extracted on new problems. This limitation highlights the need for
a method to extract information automatically, in a controlled and predictable way.

A further issue concerns script length: programs with longer scripts require techniques such
as sanitization, as discussed in Section 2.6.1. While such techniques make it possible to process
longer scripts and context data, they remain detrimental for longer problems, increasing the
risk of hallucinations [36] and context rot [32] due to the forced removal of data elements, which
leaves incomplete arrays as input.

For these tasks, we employed a feature extractor [17] capable of extracting an extensive
set of 95 features from a Constraint Satisfaction/Optimization Problem defined in various
modelling languages: MiniZinc, FlatZinc, or XCSP. The tool is designed to be independent of
the particular machine on which it is run and of the specific global constraint redefinitions of
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any given solver. The version employed here had previously been used in other work [16, 20, 21].

3.4.1 Tool Description

The tool mzn2feat is designed to extract a set of 155 features from a MiniZinc model. Of
these, 144 are static features derived through syntactic analysis of the source problem instance,
while 11 are dynamic features obtained via a short execution of the Gecode solver. Due to the
complexity of the MiniZinc language, particularly the presence of control-flow constructs, direct
extraction of syntactic features from MiniZinc models is nontrivial. To address this, models are
first compiled into FlatZinc, a lower-level language whose syntax is largely a subset of MiniZinc.
This translation is performed using the mzn2fzn tool provided within the MiniZinc toolchain.

The compilation step employs Gecode-specific [40] redefinitions of global constraints. This
preserves information about the presence and type of global constraints without decomposing
them into primitive constraints. Such preservation is relevant because, in the absence of solver-
specific redefinitions, certain global constraints (e.g., alldifferent) when decomposed into
sets of primitive constraints, from which the original high-level constraint cannot be uniquely
reconstructed.

Static feature extraction from the resulting FlatZinc model is performed using fzn2feat,
a parser implemented with Flex and Bison [30]. Dynamic features are obtained by executing
the Gecode FlatZinc interpreter (fz) for a fixed time budget of two seconds on the compiled
model.

In summary, given a MiniZinc model M , the mzn2feat workflow consists of three stages.
First, M is translated into a FlatZinc model FM using Gecode global constraint redefinitions.
Second, static features are extracted from FM via fzn2feat. Third, dynamic features are
extracted from FM through a bounded run of the Gecode interpreter. The static feature ex-
traction stage is applicable to any FlatZinc model, although solver-specific redefinitions that
are not recognized may be ignored. The static and dynamic feature extraction procedures
are independent, allowing them to be executed in parallel or in arbitrary order. For example,
static feature computation may be omitted if the instance is solved during the dynamic feature
collection phase [17].

For a better understanding of all of the features, refer to Table 6.19 for the description by
category, and to Listing 6.1 for an example output.

3.4.2 Testing and Results

To evaluate the effectiveness of feature-based representations, the pretty-printed mzn2feat

output (e.g., 6.1) was incorporated into the prompt under several configurations:

• Only mzn2feat output.

• mzn2feat output and problem text description.
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• mzn2feat output, problem text description and solvers text description.

Each configuration was further extended by incrementally adding the .mzn model and, subse-
quently, instance data (.dzn/.json).

Variant Single Score Parallel Score Closed Gap

Features + Solver Description + Problem Description 75.659731 83.731582 -0.108399
Features + Solver Description 75.390197 82.994278 -0.130793
Features + Problem Description 74.829813 83.289246 -0.177354
Features 73.600955 82.259760 -0.279455
Features + .mzn + Problem Description 71.916389 78.530605 -0.419420
Features + .mzn 70.368365 78.371276 -0.548041
Features + .mzn + Instance Data 68.422708 74.803213 -0.709699
Features + .mzn + Instance Data + Solver Description 63.585459 66.346631 -1.111610
Features + .mzn + Instance Data + Problem Description 62.516550 69.284744 -1.200422
Features + .mzn + Solver Description 61.687990 66.874762 -1.269264
Features + .mzn + Solver Description + Problem Description 58.576543 64.774159 -1.527784
Features + .mzn + Instance Data + Solver Description + Problem Description 54.188182 59.410873 -1.892398

Table 3.6: Test with all the possible combinations involving features extracted using
mzn2feat [17], all experiments were conducted using gpt-oss-120b as it is the only model
that produced a positive closed gap up to this point. Columns are calculated as in Table 3.1.

Results are reported in Table 3.6. Configurations combining feature representations with
textual descriptions consistently achieve higher scores than those including raw .mzn scripts
or instance data. The addition of full model code or data is associated with systematic score
reductions across both single and parallel evaluations, most likely due to the issues discussed
earlier such as context rot [32].

The highest-performing configurations in this group are those combining features with solver
and/or problem descriptions. Although these variants do not exceed the best-performing con-
figuration identified in earlier experiments, the top three feature-based setups achieve higher
scores than the second-best configuration among the variants proposed in Section 3.3.3.

3.5 Sampling Temperature Tuning

The testing of this initial phase involved sampling-temperature tuning to study an exploration–
exploitation trade-off in solver selection: lower temperatures bias the model toward more con-
servative, high-probability solver choices, whereas higher temperatures encourage exploration
of less likely alternatives. Sampling temperature is a hyperparameter of an LLM used in a
temperature-based sampling process. It controls the randomness of the model’s output at
inference time [14].

At each step of the decoding process, the LLM uses the previous tokens to choose the next
output token. The final layer of the LLM uses a softmax function to convert raw scores (logits)
into probabilities.
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In greedy sampling, the model will always choose the most likely next token. However, for
probabilistic sampling, the next token is selected from a probability distribution.

Temperature sampling is a modification to the softmax function, which modifies the resulting
probability distribution. In this modified softmax function, vk is the k-th vocabulary token, lk
is the token’s logit, and τ is a constant temperature:

Pr(vk) =
elk/τ∑
i e

li/τ

A lower temperature makes the output of the LLM more deterministic, thus favoring the
most likely predictions. This conservativeness is captured by the model’s tendency to produce
more repetitive, focused, and less diverse output based on the patterns most commonly seen in
the training data. A higher temperature increases the randomness of the output, thus favoring
more “creative” predictions. This creativity is captured by the model’s willingness to explore
more unconventional and less likely outputs. Higher temperatures can lead to novel text, diverse
ideas, and creative solutions to problems [31, 54].

In the context of problem-solving, temperature can be seen as a trade-off between exploring
possible solutions within the solution space and exploiting probable solutions; lower temper-
atures tend to exploit probable solutions, whereas higher temperatures explore the solution
space more broadly.

3.5.1 Choosing Sampling Temperatures

In practical applications, lower temperatures are typically associated with tasks emphasizing
consistency and structural correctness, whereas higher temperatures are used in contexts where
output diversity is beneficial [55]. Increased stochasticity, however, can also raise the likelihood
of incoherent or factually incorrect outputs [36]. Temperature selection therefore constitutes a
trade-off between determinism and diversity.

An ablation study on temperature was conducted only for gpt-oss-120b, the model ac-
cessed through the Groq API [5]. The tested values were based on the preset recommendations
in the provider documentation [12] (Table 3.7).

3.5.2 Testing and Results

As anticipated, all tests were conducted using gpt-oss-120b as the LLM. Due to rate-
limit constraints, temperature tuning experiments were restricted to the five best-performing
configuration variants identified earlier, which we will refer to using the following numbering:

1. .mzn scripts, instance data and text description for both solvers and problems.

2. Features extracted through mzn2feat and text description for both solvers and problems.

3. Features extracted through mzn2feat and text description for solvers.
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Scenario Temp Comments

Data extraction (JSON) 0.0 Deterministic keys/values
Factual Q&A 0.2 Keeps dates & numbers stable
Long-form code 0.3 Fewer hallucinated APIs
Brainstorming list 0.7 Variety without nonsense
Creative copywriting 0.8 Vivid language, fresh ideas

Table 3.7: Temperature setting suggestions from Groq documentation [12]. The leftmost col-
umn presents the scenario for which the corresponding settings are most appropriate, followed
by the sampling temperature value, and a short comment on the expected behaviour of the
LLM under the given setting.

4. Features extracted through mzn2feat and text description for problems.

5. .mzn scripts and instance data

Figure 3.2: Heatmap displaying the performance of all the combinations of temperatures with
the five best performing variants in “Closed Gap” evaluation calculated as in Table 3.1, all tests
were performed using gpt-oss-120b.

As displayed in Table 3.8 and in Figure 6.7, in parallel-solver evaluation, temperature varia-
tion produces only moderate changes. Although some configurations yield higher parallel scores
than their counterparts with no temperature configuration, all remain below the performance
of or-tools_cp-sat-par (displayed in Table 6.17).

In the single-solver evaluation (Figure 6.8), temperature has a more pronounced effect. Con-
figurations based on raw scripts show limited sensitivity to temperature, with only marginal
improvements with configuration 5, and a decrease in scores for configuration 1. In contrast,
feature-based configurations exhibit clearer trends: temperatures in the range 0.2-0.3 are asso-
ciated with improved single-solver scores. Notably, configuration 3 achieves positive closed-gap
values at τ = 0.3 and τ = 0.7, displayed in Figure 3.2, indicating performance above the SBS
baseline under those settings, and representing the highest scores obtained thus far.
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Variant Temperature Single Score Parallel Score Closed Gap

Features + Solvers Description 0.3 78.032 82.873 0.089

Features + Solvers Description 0.7 77.896 83.767 0.077

Scripts + Solvers Description + Problem Description 0.0 76.971 82.042 0.001
Features + Solvers Description + Problem Description 0.3 76.529 82.959 -0.036
Features + Solvers Description 0.2 76.326 84.044 -0.053
Features + Problem Description 0.2 76.298 83.363 -0.055
Features + Solvers Description + Problem Description 0.2 76.156 83.763 -0.067
Features + Solvers Description + Problem Description 0.0 75.860 83.146 -0.092
Features + Problem Description 0.8 75.676 83.009 -0.107
Features + Solvers Description 0.0 75.477 83.444 -0.124
Features + Solvers Description + Problem Description 0.8 74.909 82.419 -0.171
Scripts + Solvers Description + Problem Description 0.3 74.907 80.042 -0.171
Features + Solvers Description 0.8 74.464 84.421 -0.208
Scripts 0.8 74.460 83.222 -0.208
Scripts 0.2 74.456 83.119 -0.208
Scripts 0.7 73.459 82.540 -0.291
Scripts 0.3 73.456 84.261 -0.291
Scripts 0.0 73.269 83.602 -0.307
Features + Solvers Description + Problem Description 0.7 73.224 80.845 -0.311
Features + Problem Description 0.0 73.114 81.456 -0.320
Scripts + Solvers Description + Problem Description 0.8 72.894 80.875 -0.338
Features + Problem Description 0.3 72.678 82.393 -0.356
Scripts + Solvers Description + Problem Description 0.2 71.717 82.042 -0.436
Features + Problem Description 0.7 71.235 81.896 -0.476
Scripts + Solvers Description + Problem Description 0.7 69.890 79.042 -0.588

Table 3.8: Sampling-temperature sweep on the best-performing variants using gpt-oss-120b.
“Scripts” in “Variant” column refers to .mzn script and instance data script. Score columns are
calculated as in Table 3.1.

3.6 Restricted Solver Portfolio

In the previous experimental setting, the best-performing configuration achieved a closed
gap of 0.08, corresponding to a marginal improvement over the single best solver (SBS), namely
or-tools_cp-sat-free (cf. Table 3.8). However, this improvement must be interpreted in light
of the strong dominance of the SBS across the benchmark set. In practice, consistently selecting
or-tools_cp-sat-free constitutes a highly competitive strategy, as shown in Table 3.4. This
dominance reduces the effective difficulty of the solver selection task.

To obtain a more discriminative evaluation setting, we constructed a restricted solver port-
folio excluding both highly dominant solvers and clearly underperforming ones. The objective
was to create a scenario in which solver selection requires finer-grained differentiation among
comparably performing systems, thereby allowing a more meaningful assessment of the LLMs’
decision process.

To guide this selection, we computed, for each solver, the number of instances for which it
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achieved an optimal score (i.e., score equal to 1 according to the metric defined in Section 2.5).
The complete counts are reported in Table 6.20. Based on these results, we retained only
solvers whose number of optimal solutions lies between 10 and 40. This filtering removes both
outliers at the top end, which would trivialize selection, and solvers with consistently weak
performance, which would introduce noise without contributing meaningful alternatives. The
resulting portfolio is reported in Table 3.9.

Solver Score Optimal Count

gurobi-free 55.384518 38
pumpkin-free 58.543229 33
choco-solver__cp-sat_-free 60.808176 32
cplex-free 48.514529 30
choco-solver__cp_-free 58.404323 29
cp_optimizer-free 50.992682 26
izplus-free 58.672093 25
jacop-free 44.549443 25
sicstus_prolog-free 44.592608 24
scip-free 36.902766 20
highs-free 34.418506 18
cbc-free 22.615259 11

Table 3.9: Solvers retained after portfolio restriction, ordered by the number of optimal solutions
(score equal to 1 as defined in Section 2.5).

We then evaluated the three previously best-performing LLM configurations (i.e., those
achieving a positive closed gap in the full portfolio setting) on this restricted solver set. Results
are reported in Table 3.10. In the “Single Score” evaluation, all configurations perform below
the SBS of the restricted portfolio, which is now choco-solver__cp-sat_-free with a score
of 60.808. The corresponding closed gaps are strictly negative.

Variant Temperature Single Score Parallel Score Closed Gap

Features + Solvers Description 0.7 55.843 73.042 -0.190
Features + Solvers Description 0.3 54.339 72.662 -0.254
Scripts + Problem Description + Solvers Description default 49.776 74.736 -0.449

Table 3.10: Performance of the best LLM configurations on the restricted solver portfolio.
Columns are computed as in Table 3.1.

A significant portion of the performance degradation is attributable to a systematic tendency
of the LLM to select cp_optimizer-free for a large fraction of instances, despite its mid-range
performance, placing it sixth within this restricted portfolio.
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Regarding the “Parallel Score”, comparison with or-tools_cp-sat-par is no longer mean-
ingful, as its score (88.11) exceeds the virtual best solver (VBS) score achievable within the
restricted portfolio (83.85). Therefore, even perfect selection over the reduced set would not
reach that value. When compared against solvers whose performance is attainable within the
restricted portfolio, the LLM-based variants remain below the second-best solver in the open
category, chuffed-free, which achieves a score of 74.81.
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Chapter 4

A FlatZinc Parser: fzn2nl

This chapter describes the rationale and development of fzn2nl [47], a tool designed to
generate a deterministic natural language description of a constraint problem starting from its
FlatZinc representation.

The first section outlines the motivations that led to the development of fzn2nl. The tool
was conceived both as a supporting component of the present research and as an independent
contribution. In particular, we discuss the limitations of raw FlatZinc code as input for LLM
prompting, and motivate the need for a structured textual abstraction that preserves semantic
content while improving interpretability.

The second section provides a concise overview of the MiniZinc compiler, with emphasis on
the FlatZinc intermediate representation. We then describe the modifications introduced to
the compiler infrastructure in order to avoid indirect suggestions for an LLM, in accordance
with the design objectives presented earlier.

The third section details the internal architecture of fzn2nl. We describe the core data
structures, the parsing procedure, and the mapping strategy used to translate variables, do-
mains, constraints, and objective components into natural language. The exposition follows
a running example to illustrate each transformation step and to clarify the correspondence
between FlatZinc constructs and their textual representation.

The final section reports the experimental evaluation of LLM performance when prompted
with the generated natural language descriptions, in order to assess the effectiveness of the
textual abstraction introduced by fzn2nl.

4.1 Motivation

From the study presented in Chapter 3, several important insights emerged. First and
foremost, the limitations on tokens per request and on the context window represent a signifi-
cant constraint that we were only able to partially mitigate using the techniques described in
Section 2.6, before adding the use of a feature extractor (Section 3.4).

Another limitation in LLMs, as briefly explained in Section 1.2, is that they work only with

35
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statistical prediction, based on their previous knowledge; this approach may lead to limitations
when the model is confronted with entirely novel problems. To address this limitation, we
needed a way to standardize all the problems so that the LLM could evaluate instances directly
based on their structural characteristics.

The use of structured input, extracted from the problem scripts, proved to be a viable
solution to these problems, showing the highest score yet. While the results obtained with
mzn2feat proved to be consistent, it was hypothesized that a more effective representation
might exist to formalize MiniZinc problems for an LLM, given the limitations observed when
evaluating the LLM against a selected set of solvers (Section 3.6).

The development of fzn2nl [47] originated from the idea of constructing a FlatZinc parser
that, given a model as input, produces a deterministic natural language description of the
problem exposing its main characteristics, in a form suitable for LLM processing.

LLMs encode vast amounts of pre-trained knowledge in their parameters, but updating them
as real-world information evolves remains a challenge. Parametric knowledge of LLMs remains
mostly static [29] after the pre-training stage, whereas knowledge in the world continues to
change.

Even within the pre-training data, knowledge from recent years may conflict with earlier
information. Moreover, the auto-regressive training objective biases LLMs toward surfacing
more frequent but not necessarily recent knowledge [26]. This problem surfaces primarily when
the LLM is confronted with more indirect questions, given that updates in the real world lead
to nuanced and complex changes in model knowledge (Figure 4.1) [35].

Figure 4.1: Example of LLM that is pre-trained on updated knowledge surfacing updates in the
direct probing but failing under indirect probing settings (example image was taken from [35]).

In our setup, the LLM acts as the primary reasoning component for solver selection, so we
need a way to give it a description of the problem that is as direct as possible, to actively avoid
favouring “old” problems.

The simplest solution under these constraints is to create a deterministic description of
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each problem, providing enough knowledge for a reasonable solver selection while hiding most
recognizable traits of well-known problems (retrievable from the code).

Large Language Models (LLMs) have demonstrated remarkable capabilities in natural lan-
guage understanding and generation. However, they often struggle with complex reasoning
tasks and are prone to hallucination. While structured data, rich in logical and relational in-
formation, has the potential to enhance the reasoning abilities of LLMs, its integration poses
a challenge due to the risk of overwhelming LLMs with excessive tokens and irrelevant context
information [56].

These considerations led to the development of fzn2nl, a parser that takes as input a
FlatZinc file and translates its structural elements into a structured natural language descrip-
tion of the given problem.

4.2 FlatZinc Compiler

In order to compile FlatZinc files, it is necessary to use the “MiniZinc Compiler” [39].

Constraint problems expressed in MiniZinc are solved by translating them to a simpler,
solver-specific subset of MiniZinc, called FlatZinc, using the “MiniZinc Compiler” [39]. The
complexity of the translation arises from the need to simultaneously (a) unroll array compre-
hensions (and other loops), (b) replace predicate and function applications by their bodies, and
(c) flatten expressions.

The translation algorithm generates a flat model equivalent to the original model as a
global set of constraints. The translation uses full reification to create the model [50]. Common
subexpression elimination is implemented using a technique similar to hash-consing in Lisp [15].

4.2.1 FlatZinc Limitation

As previously stated, FlatZinc is solver-specific, which is a clear limitation in our use case.
FlatZinc solvers specify the set of global constraints they handle through dedicated propagators.
When a given global constraint (e.g., alldifferent or circuit) is supported natively by the
target solver, it is preserved in the compiled FlatZinc model and processed using the solver’s
specialized filtering algorithms. Otherwise, the MiniZinc compiler replaces the global constraint
with an equivalent decomposition into more primitive constraints expressed in the solver’s
supported constraint language.

As a consequence, CP solvers such as Gecode [40] typically retain many global constraints in
their high-level form, exploiting dedicated propagation mechanisms. In contrast, solvers based
on alternative paradigms, such as linear programming or mixed-integer linear programming
(e.g., Gurobi [2]), require these constraints to be reformulated as sets of linear constraints,
thereby losing the original global structure in favor of a representation compatible with their
underlying solving technology [27].
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Consequently, translating a FlatZinc model using a specific solver implicitly introduces
solver-specific structural information, and by exposing this representation to an LLM, one
indirectly biases the model toward the solver used during compilation, or one of the same
category, thereby invalidating the reasoning process.

4.2.2 Custom Compiler

In order to solve the problem of solver-specific translation, we modified the MiniZinc com-
piler to produce a pseudo-FlatZinc representation that is not directly dependent on solvers, at
the cost of not being actually solvable.

As stated in Section 4.2.1, the difference between solvers concerns the propagation of global
constraints.

To eliminate this distinction, propagation was effectively disabled by modifying the MiniZinc
compiler code to avoid the substitution of predicates by their bodies. For example:

include "arg_max.mzn";

predicate fzn_maximum_arg_bool_opt(array [int] of var opt bool: x, var int: z) =

let {

array[index_set(x)] of var 0..2: dx = array1d(index_set(x), [(xi + 1) default 0 | xi in x]);

} in maximum_arg(dx, z);

Became:

include "arg_max.mzn";

predicate fzn_maximum_arg_bool_opt(array [int] of var opt bool: x, var int: z);

Clearly, with this change, the FlatZinc is no longer directly solvable, but since our only need
is for it to be non-solver-specific and understandable when “explained” to an LLM, this is not
a problem.

For the sake of illustration, we will use the job shop problem as an example, as defined in
Figure 1.1 and Figure 1.2. Using the compiler as defined in this section, the resulting FlatZinc
is the one displayed in Figure 4.2.

4.3 Tool Functioning

The generation of a natural language description in fzn2nl follows a single-pass pipeline:
the program takes a FlatZinc file as input, then this file is parsed in order to extract variables,
arrays, constraints, the solve directive, and search annotations (when present) into an internal
model object. The program then computes descriptive statistics on both variables and con-
straints and reconstructs the objective structure. All parsed elements are then mapped into
readable sentences and grouped summaries. Finally, the system produces a report as output,
consisting of a problem description, a variable description, and a constraint description.
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Figure 4.2: FlatZinc resulting from the compilation of the program in Figure 1.1 with the data
in Figure 1.2, using the compiler defined in Section 4.2

4.3.1 Parser

The architecture of the implemented parser for this project follows a modular design, sepa-
rating data representation from syntactic extraction and higher-level semantic enrichment.

Core Data Structures

The central abstraction is the FlatZincModel class, which acts as a container for all ex-
tracted elements. It maintains dictionaries for scalar variables and arrays, a list of constraints, a
map of definition dependencies, and metadata concerning the problem type, objective function,
and search annotation.

Scalar variables are stored in a dictionary indexed by name. Each entry records the declared
type (integer or Boolean), an optional domain, and an origin flag distinguishing user-declared
variables from compiler-introduced ones. Domains are represented by an immutable Domain

data class containing minimum and maximum bounds, together with a derived mean value.

Arrays are stored separately from scalar variables. For each array, the parser records the
element type, whether elements are decision variables, the index range length (when statically
inferable), and the list of items when explicitly provided.

Constraints are stored as structured dictionaries containing the constraint type, argu-
ment string, annotation string, reconstructed textual rendering, and any variables declared
via defines_var annotations, preserving sufficient information for both textual reporting and
dependency reconstruction.

Parsing Strategy

The parser operates in a single pass over the file contents, using regular expressions for high-
level pattern detection and auxiliary scanning procedures for balanced parenthesis handling.
The overall workflow proceeds as follows.
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First, scalar variable declarations are extracted using line-anchored regular expressions. The
parser distinguishes between standard integer and Boolean declarations and explicit domain
specifications, such as interval domains (e.g., 1..10) or set domains (e.g., {1,3,5}). Domains
are interpreted conservatively: when a set is provided, only its minimum and maximum values
are retained.

Second, array declarations are parsed independently. The index range is analyzed to de-
termine the array length when specified as a closed interval. If an initializer is present, its
elements are collected in textual form. This design avoids premature semantic interpretation
while preserving structural information.

Third, constraints are parsed using a hybrid approach. A regular expression identifies occur-
rences of the keyword constraint followed by a constraint symbol. Since FlatZinc arguments
may contain nested parentheses, a dedicated balanced-call extractor is used to recover the full
argument list safely. Trailing annotations are preserved, and any defines_var markers are
recorded. A secondary pass constructs a definition map from variables to the constraints that
define them.

Finally, the solve statement is parsed to determine whether the problem is a satisfaction
or optimization instance. If a search annotation is present, a recursive routine interprets com-
mon patterns such as int_search and seq_search. The resulting structure encodes variable
selection strategy, value selection strategy, completeness mode, and, in the case of sequential
search, the list of phases.

A heuristic mechanism is implemented to distinguish user-defined variables from those intro-
duced during compilation. The detection combines name-based patterns (e.g., identifiers con-
taining INTRODUCED) with annotation-based indicators (e.g., is_defined_var). Although not
formally guaranteed to be complete, this approach is robust across common FlatZinc toolchains
and enables analyses restricted to original model variables.

Beyond syntactic parsing, the architecture includes lightweight analytical utilities. For
example, a degree computation function estimates, for each scalar variable, the number of
constraints in which it appears. This is achieved by tokenizing constraint argument strings and
counting occurrences of known variable identifiers. While approximate, this metric provides a
structural indicator of variable centrality in the constraint graph.

The architecture deliberately avoids constructing a full abstract syntax tree of the FlatZinc
language. Instead, it adopts a pragmatic intermediate representation that captures structural
information sufficient for meta-analysis and feature extraction. Balanced-parenthesis scanning
is used selectively to overcome the limitations of purely regular-expression-based parsing, par-
ticularly in constraint arguments and search annotations.
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Example of Parser Execution on a FlatZinc Instance

To illustrate the operation of the parser, we describe how it processes when given the FlatZ-
inc script defined in Figure 4.2 as input. The parser first processes scalar variable declarations.
The following integer decision variables are identified in the lines 1-6:

• X_INTRODUCED_1_ with domain [0, 7],

• X_INTRODUCED_2_ with domain [2, 9],

• X_INTRODUCED_3_ with domain [0, 7],

• X_INTRODUCED_4_ with domain [3, 10],

• end with domain [7, 14].

In addition, four Boolean variables are declared in the lines 7-10:

X_INTRODUCED_10_, X_INTRODUCED_12_, X_INTRODUCED_14_, X_INTRODUCED_15_.

All variables whose identifiers contain the substring INTRODUCED are classified as compiler-
introduced by the heuristic detection mechanism. The Boolean variables are also annotated with
var_is_introduced and is_defined_var, which reinforces this classification. The variable
end, although not matching the naming pattern, is treated as user-defined since no introduction
annotation is present.

Each integer domain expressed as an interval is converted into a Domain object storing the
minimum and maximum bounds. Boolean variables are internally represented with domain
[0, 1].

Two array declarations are parsed.
The first, in line 1,

array [1..2] of int: X_INTRODUCED_8_ = [1,-1];

is recognized as a fixed integer array of length 2. Its elements are stored as the literals 1 and
−1. Since its name matches the introduction pattern, it is classified as compiler-introduced.

The second, in line 11,

array [1..4] of var int: X_INTRODUCED_0_ = [...],

is recognized as an array of integer decision variables of length 4. The stored items correspond
to the scalar variables

X_INTRODUCED_1_, X_INTRODUCED_2_, X_INTRODUCED_3_, X_INTRODUCED_4_.

The array is marked as containing decision variables (is_var = true) and as compiler-introduced.
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The parser then extracts all constraint declarations. Each constraint is represented inter-
nally by its type, argument string, annotations, and any variables declared through defines_var.

Four linear inequality constraints of type int_lin_le are identified, in lines 12,13,15 and 16.
Each uses the coefficient array X_INTRODUCED_8_ and a pair of integer variables. For example,

int_lin_le(X_INTRODUCED_8_, [X_INTRODUCED_1_, X_INTRODUCED_2_], -2)

would result as:

{

"type" : "int_lin_le",

"args" : "X_INTRODUCED_8_,

[X_INTRODUCED_1_, X_INTRODUCED_2_],

-2"

,

"ann" : "", (empty string, since no trailing annotation is present)

"text" : "int_lin_le(X_INTRODUCED_8_,

[X_INTRODUCED_1_, X_INTRODUCED_2_],

-2)"

,

"defines" : [ ] (empty since the constraint does not contain defines_var annotation)

}

Two bool_clause constraints are parsed, respectively at lines 14 and 17. Each clause
contains a list of Boolean variables and an empty negative literal list, corresponding to a
disjunction over the given positive literals.

Four reified linear constraints of type int_lin_le_reif are also extracted, at lines 18-21.
Each includes a trailing annotation of the form

:: defines_var(X_INTRODUCED_k_).

During post-processing, the parser builds a definition map associating each of the Boolean
variables

X_INTRODUCED_10_, X_INTRODUCED_12_, X_INTRODUCED_14_, X_INTRODUCED_15_

with the corresponding reified constraint that defines it.

The final statement,

solve minimize end;

is parsed as an optimization directive. The model is classified as a minimization problem, with
objective variable end. No search annotation is provided; therefore, the search field in the
internal representation remains None.
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4.3.2 Mapping to Natural Language

Once the FlatZinc instance has been parsed into the internal FlatZincModel representation,
fzn2nl performs a deterministic mapping step that turns the extracted structures into a natural
language report.

The mapping stage is implemented as a set of specialized formatters, each targeting a
distinct part of the FlatZinc model. Rather than generating free-form text, each formatter
follows fixed templates and uses controlled vocabularies defined in dedicated mapping tables.

Constraint descriptions and categorization FlatZinc constraints are reported primarily
by type. For each constraint type, the mapper aggregates the total number of occurrences in
the instance, and the constraint arity. Since FlatZinc arguments can contain arrays, the arity
estimate expands known arrays of decision variables into their element variables when possible,
and otherwise falls back to array length when statically inferable.

To attach a human-readable explanation to each constraint type, fzn2nl uses a layered
description lookup, incorporating a description corpus extracted from MiniZinc/FlatZinc doc-
umentation and an optional categorized version of the same corpus, which allows constraint
types to be grouped under conceptual families such as scheduling, graph, counting, and packing
constraints.

The resolver is robust to common naming variations introduced by compilation and library
predicates. For example, when a constraint is prefixed by fzn_ or carries suffixes such as
_reif, the resolver progressively strips the prefix and trailing tokens to find a meaningful base
description.

Search-annotation mapping When the solve item includes an explicit search annotation,
the parser extracts it into a structured object (e.g., int_search or seq_search). The natural
language mapper then translates the search parameters using controlled vocabularies. For
sequential searches, the report enumerates phases and describes each phase with the same
template.

When the internal model object is available, fzn2nl enriches search descriptions, mentioning
a domain range and providing simple structural context such as whether the target is a scalar
or an array and how many elements are involved.

Objective-function reconstruction FlatZinc explicitly specifies only the optimization di-
rection (minimize or maximize) and an objective variable. The high-level expression for that
variable is typically not present as a single expression, but it can be reconstructed in a best-effort
way using compilation annotations such as defines_var. fzn2nl builds a shallow expression
tree by following the chain of defining constraints for the objective variable and rendering com-
mon arithmetic constructs (e.g., int_plus, int_minus, . . . ). If reconstruction is not possible,
the report falls back to describing the objective variable alone.
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The objective expression is also rewritten into an abstract form, by replacing variable names
with placeholders (e.g., a, b, c, . . . ). This preserves the algebraic structure of the objective while
hiding FlatZinc-specific naming patterns (such as X_INTRODUCED_k_). The abstract expression
is also length-limited to ensure the report remains concise.

Variable statistics Finally, fzn2nl maps variables and arrays into summary statistics. The
mapper separates user-declared and compiler-introduced variables, distinguishes between inte-
ger and Boolean variables, and summarizes known finite integer domains via simple bucketed
distributions. Arrays of decision variables are treated as collections of element variables when
their elements are explicitly listed; otherwise the mapper falls back to counting by array length
when available.

Following the example, the resulting natural language description extracted from Figure 4.2,
is:

Example output from fzn2nl with Figure 4.2 as input.

Problem:
This is a minimization problem. The objective is to minimize an objective variable with
domain [7, 14] (size 8, mean 10.50) and degree 2. The objective function is in the form:
minimize a. No explicit search strategy is specified.

Variables:
The model contains 9 variables (5 integer, 4 Boolean): 8 compiler-introduced and 1
user-introduced. Among 5 integer variables with known finite domains, 100.0% have
domain size in [8, 8] (avg size 8.00).

Constraints:
Bool FlatZinc builtins: 1 type, 2 constraints (avg arity 2.00)
bool_clause: 2 constraints with average arity 2.00 (constrains

∨
i as[i] ∨

∨
j ¬bs[j])

Integer FlatZinc builtins: 2 types, 8 constraints (avg arity 2.50)
int_lin_le: 4 constraints with average arity 2.00 (constrains

∑
as[i] * bs[i] ≤ c)

int_lin_le_reif: 4 constraints with average arity 3.00 (constrains r ↔ (
∑

as[i] * bs[i] ≤
c))

The constraints definition are written in LATEX, in order to include mathematical expressions.
In the example output we are showing the compiled version for better understanding.



4.4 Testing and Results 45

4.4 Testing and Results

To evaluate the impact of fzn2nl, two configurations were tested: (i) the natural language
report generated by fzn2nl alone, and (ii) the same report combined with solver descriptions
as introduced in Section 3.3.2. Both configurations were evaluated over the restricted solver
portfolio defined in Section 3.6, and for all sampling temperatures considered in Section 3.5.
Results are reported in Table 4.1.

Variant Temperature Single Score Parallel Score Closed Gap

fzn2nl 0.7 52.843 73.601 -0.318
fzn2nl 0.2 52.002 75.143 -0.354
fzn2nl + Solver Description 0.7 51.305 73.374 -0.384
fzn2nl 0.0 50.761 72.702 -0.407
fzn2nl + Solver Description 0.3 50.576 73.893 -0.415
fzn2nl + Solver Description 0.8 49.826 73.545 -0.447
fzn2nl 0.8 48.582 74.979 -0.500
fzn2nl 0.3 49.423 71.380 -0.464
fzn2nl + Solver Description 0.0 49.098 72.374 -0.478
fzn2nl + Solver Description 0.2 49.076 73.624 -0.479

Table 4.1: Sampling-temperature sweep for configurations including fzn2nl output, evaluated
with gpt-oss-120b. Columns are computed as in Table 3.1.

As shown in Table 4.1, all configurations based on fzn2nl yield lower “Single Score” val-
ues compared to the best-performing mzn2feat-based configurations combined with solver de-
scriptions. However, in terms of “Parallel Score”, the configuration using only fzn2nl out-
put with temperature 0.2 achieves the highest value observed within the restricted solver
portfolio. This score exceeds that of all individual solvers in the open category except for
or-tools_cp-sat-par, whose performance remains unattainable under the current portfolio.

4.4.1 Performance with GPT-5.2

To further assess the impact of model capacity on solver selection, we conducted additional
experiments using GPT-5.2 [11], a recent large-scale LLM reported to achieve state-of-the-
art performance across multiple evaluation benchmarks, including GDPval [45]. The model
is designed to support extended context handling, agentic tool use, and improved reasoning
capabilities.

Testing was conducted manually, through the official ChatGPT interface [43], which im-
poses daily usage limits [13]. Under the full protocol, this setup would have required manually
submitting 100 separate queries (one per instance). Due to these constraints, a reduced evalua-
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tion protocol was adopted. Instead of prompting the model on all instances of each problem, a
single representative instance per problem was selected. The solver recommendation obtained
for that instance was then applied uniformly to all instances of the corresponding problem for
scoring purposes.

Model Single Score Parallel Score Closed Gap

GPT-5.2 51.539 76.630 -0.373

Table 4.2: Evaluation of GPT-5.2 under the reduced protocol (one instance per problem).
Columns are computed as in Table 3.1.

As reported in Table 4.2, GPT-5.2 does not improve the “Single Score” relative to the
strongest previously tested configurations, and the resulting closed gap remains negative. The
obtained value is lower than three of the fzn2nl-based variants reported in Table 4.1, as well as
below the two best-performing configurations evaluated on the restricted portfolio (Table 3.10).

In contrast, the “Parallel Score” achieved by GPT-5.2 under this limited setup is the highest
observed within the restricted solver set. Although the evaluation protocol differs from the full-
instance experiments, this result indicates that increased model capacity may positively affect
parallel-selection performance. A systematic evaluation under uniform experimental conditions
would be required to quantify this effect more precisely.



Chapter 5

LLM Reasoning Analysis

Across the experiments conducted thus far, several limitations have emerged in the use of
general-purpose LLMs for solver selection. Although certain configurations yielded positive
outcomes, the observed improvements remain marginal, particularly when considered in light
of the intrinsic non-determinism of LLM-generated responses. These limitations become more
evident when the models are evaluated under a restricted solver set, as discussed in Section 3.6.

In this context, the objective of the present chapter is not to further optimize selection
performance, but rather to provide a more precise assessment of the extent to which LLMs
effectively interpret the problems included in the prompts and comprehend the characteristics
of the candidate solvers. The focus is therefore shifted from outcome-oriented evaluation to an
analysis of the internal decision mechanisms underlying solver selection.

To this end, the first section investigates the impact of modifying the solver representation.
This includes experiments in which solver descriptions are deliberately permuted across solvers,
as well as configurations employing anonymized identifiers (e.g., a, b, c, . . . ) in place of
descriptive names. The aim is to assess the sensitivity of the models to semantic content versus
superficial labeling.

In the second section, we prompt GPT-5.2 to explicitly articulate its reasoning process in the
context of solver selection. The generated explanations are subsequently analyzed to extract
decision criteria and broader insights into the model’s interpretative behavior.

5.1 Analysis of Solver Understanding

The rationale underlying the experiments presented in this section is to determine whether
the LLM effectively incorporates the provided solver descriptions into its decision process, or
whether it primarily relies on prior knowledge associated with solver names. In other words, the
objective is to assess whether the model’s selections are driven by the semantic content of the
descriptions included in the prompt, or by pre-existing associations learned during pre-training.

The relevance of this analysis lies in evaluating the model’s potential to generalize to previ-
ously unseen solvers. If the LLM systematically favours well-known or extensively documented
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solvers, particularly widely adopted industrial tools, over less prominent or open-source al-
ternatives, independently of the information supplied in the prompt, then its applicability in
dynamic or evolving solver ecosystems would be inherently constrained.

5.1.1 Experiments with Swapped Solver Descriptions

The first experiment designed to address this question consists of presenting the LLM with
a solver list in which the textual descriptions are deliberately permuted across solvers. The
aim is to determine whether the model’s responses change in accordance with the swapped
descriptions, or whether such descriptions are effectively disregarded in favor of prior knowledge
linked to solver names.

To ensure internal consistency, all solver descriptions were edited to remove explicit refer-
ences to any solver name, whether original or other linked solvers. This prevents the model
from trivially recovering the correct association through lexical cues.

The experiment was conducted using several variants that explicitly incorporate solver de-
scriptions across different setups. In particular, five configurations were selected among the
best-performing variants identified in previous sections:

1. fzn2nl output combined with swapped solver descriptions, sampling temperature 0.7.

2. fzn2nl output combined with swapped solver descriptions, sampling temperature 0.2.

3. mzn2feat output combined with swapped solver descriptions, sampling temperature 0.7.

4. mzn2feat output combined with swapped solver descriptions, sampling temperature 0.3.

5. Original sanitized scripts combined with problem description and swapped solver descrip-
tions, default sampling temperature.

For clarity of interpretation, the swapping procedure was applied to all solvers within the
free category. The complete set of results is reported in Table 5.1.

To compute the evaluation scores, each solver suggested by the LLM was mapped back to
the solver from which the associated description had been taken, thereby aligning the evaluation
with the effective semantic content presented in the prompt.

As shown in Table 5.1, performance decreases substantially under swapped descriptions. The
degradation is particularly pronounced when structured feature representations are used, and
further accentuated when raw scripts are provided as input. Within each representation type,
higher sampling temperatures consistently yield better results. This pattern may indicate that
when confronted with representations more distant from natural language, the model exhibits
limited capacity to integrate and reason over the altered solver descriptions.

A more detailed inspection of the solver suggestions supports this interpretation. Even
in the best-performing configurations, the scoring and the distribution of suggested solvers
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Variant Temperature Single Score Parallel Score Closed Gap

fzn2nl + Solver Descriptions 0.7 60.509869 81.068252 -1.367150
fzn2nl + Solver Descriptions 0.2 58.827415 80.534470 -1.506940
Features + solver descriptions 0.7 50.797299 77.640982 -2.174135
Features + solver descriptions 0.3 47.712594 73.080124 -2.430433
Scripts + Problem Description + solver descriptions default 46.154496 70.744078 -2.559890

Table 5.1: Analysis over configurations involving swapped solver descriptions, evaluated with
gpt-oss-120b. Columns are computed as in Table 3.1, after mapping each suggested solver to
the solver from which the description was taken.

reveal a limited sensitivity to the modified descriptions. In particular, or-tools_cp-sat-free
remains the most frequently selected solver across all variants, despite having been assigned
the description originally associated with atlantis-free, a solver with substantially lower
standalone performance. The suggestion counts reported in Table 5.2, Table 6.21, Table 6.22,
Table 6.23 and Table 6.24, each corresponding to one of the configurations, illustrate this
tendency.

Suggested Solver Description Top1 Count Total Count

or-tools_cp-sat-free atlantis-free 62 98
atlantis-free cplex-free 32 53
chuffed-free highs-free 6 49
highs-free or-tools_cp-sat_ls-free 0 68
yuck-free choco-solver__cp_-par 0 31
choco-solver__cp_-free jacop-free 0 1

Table 5.2: Solver suggestions from gpt-oss-120b under configuration 1. “Suggested Solver” is
the solver named in the LLM output; “Description” is the solver whose description was assigned
to it; “Top1 Count” is the number of instances for which it was recommended as the best solver;
“Total Count” is the number of instances in which it appeared among the three best suggestions.

Overall, these results indicate that, even when provided with explicit and potentially con-
tradictory information, the LLM continues to rely predominantly on pre-existing associations
tied to solver names. The solver descriptions included in the prompt appear to exert limited
influence on the final selection, suggesting that the model’s decision process is only marginally
conditioned on the newly supplied semantic content [35].

5.1.2 Experiments with Anonymous Solvers

The experiments described in the previous section revealed a clear predilection of the LLM
for certain solvers, based solely on their names rather than on their descriptions. In order to
investigate this issue in greater depth, an anonymization procedure was introduced for the next
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experiment.

Each solver name was replaced by an arbitrary identifier (e.g., a, b, c, . . . ), while preserving
the exact textual descriptions previously used. After inference, the suggested identifiers were
mapped back to the corresponding original solvers in order to compute the evaluation metrics
reported in Table 5.3.

Variant Temperature Single Score Parallel Score Closed Gap

Scripts + Problem Description + solver descriptions default 77.428630 83.162352 0.038573
fzn2nl + Solver Descriptions 0.7 75.066104 83.031082 -0.157721
fzn2nl + Solver Descriptions 0.2 74.793219 83.016420 -0.180394
Features + solver descriptions 0.7 73.177307 78.103986 -0.314655
Features + solver descriptions 0.3 70.409070 75.751372 -0.544658

Table 5.3: Analysis over configurations involving anonymous solvers, evaluated with
gpt-oss-120b. Columns are computed as in Table 3.1, after mapping each suggestion back to
the solver from which the description was taken.

The results indicate that anonymization does not substantially alter performance. Across
configurations, both Single and Parallel Scores remain comparable to those obtained when solver
names are visible. In particular, the configuration using raw scripts and problem description
even achieves a positive Closed Gap value of 0.038.

A more detailed inspection reveals a highly concentrated selection pattern. The model
predominantly assigns top-1 recommendations to two solvers, corresponding, after mapping
back, to or-tools_cp-sat-free and chuffed-free. As shown in Table 5.4, these two solvers
account for 100% of the top-1 selections in Configuration 1.

These findings support two observations. First, the LLM demonstrates the capacity to in-
terpret solver descriptions independently of their names, as performance metrics remain stable
under anonymization. Second, the model maintains a strong inductive bias toward a nar-
row subset of solvers, leading to limited diversification in its recommendations, even after the
anonymization process.

5.2 Reasoning with GPT-5.2

The objective of this additional analysis is to examine the reasoning process articulated by
an LLM when confronted with one of the benchmark problems considered in the experimental
campaign. To this end, the same prompts described in Section 4.4 were submitted to the
GPT-5.2 chatbot [11], with the explicit request to provide a detailed explanation of the solver
selection immediately after reporting the chosen solvers.

Given that the responses consist of unconstrained free text, the evaluation was restricted
to a high-level assessment, comparing the stated reasoning with the empirical results of the
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Suggested Name Description Top1 Count Total Count

f chuffed-free 78 100
n or-tools_cp-sat-free 22 100
e choco-solver__cp-sat_-free 0 62
g cp_optimizer-free 0 29
k huub-free 0 5
l izplus-free 0 2
c choco-solver__cp_-free 0 1
d choco-solver__cp_-par 0 1

Table 5.4: Solver suggestions from gpt-oss-120b under configuration 1. Columns are computed
as in Table 5.2.

MiniZinc Challenge [10]. All referenced problems and corresponding instances are available
at [9].

An additional motivation for limiting the analysis to a qualitative level is epistemological
in nature: it cannot be determined with certainty whether the reported reasoning reflects
the actual internal decision process of the model, or whether the solver selection is produced
first and subsequently rationalized in a post hoc manner [52]. Consequently, the following
discussion focuses on consistency between the articulated arguments and the observed empirical
performance, rather than on claims regarding the authenticity of the reasoning trace.

The following paragraphs present selected responses from the LLM (in the text box), fol-
lowed by a critical comparison with benchmark outcomes from the MiniZinc Challenge [10].

mondoku/10-10-6
GPT-5.2 Answer:

[choco-solver__cp_-free, cp_optimizer-free, choco-solver__cp-sat_-free]

The model is a finite-domain constraint programming problem with 100 integer decision
variables over a small domain [1, 6], extensive use of global_cardinality constraints, value
precedence (symmetry breaking), and numerous reified linear constraints. The structure is
highly combinatorial and dominated by global and logical constraints rather than large-scale
linear relaxations.
Pure MILP solvers (cbc, cplex, gurobi, highs, scip in MIP mode) are less suitable because
the problem relies on global_cardinality and precedence constraints that propagate strongly
in CP but translate weakly into linear relaxations. SAT-centric solvers (pumpkin) are less
aligned due to significant integer-domain reasoning beyond Boolean structure.
Choco CP and CP-SAT configurations are well matched to finite-domain propagation, global
constraints, and reification. IBM CP Optimizer is particularly strong for combinatorial
propagation and symmetry handling. Therefore, the most appropriate solvers are the CP-
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focused engines: standard Choco CP, IBM CP Optimizer, and Choco CP-SAT.

This assessment is partially aligned with the benchmark results. Both cp_optimizer-free

and choco-solver__cp-sat_-free are indeed capable of finding an optimal solution. However,
choco-solver__cp_-free, which is suggested as the most appropriate solver, does not reach
optimality within the imposed limits. The critique of MILP solvers is supported by empirical
evidence, as most of them fail to solve the instance effectively; an exception is gurobi-free,
which in this case reaches optimality.

tower/tower_070_070_15_070-08
GPT-5.2 Answer:

[cp_optimizer-free, choco-solver__cp-sat_-free, choco-solver__cp_-free]

The model is dominated by Boolean-integer channeling (1120 bool2int, 1050 int_eq_reif)
and reified linear constraints, with a relatively small objective domain and structured se-
quential search. This profile is characteristic of a constraint programming formulation with
strong reliance on propagation over reified constraints rather than pure linear relaxations.
cp_optimizer-free is well suited due to advanced propagation on reified arithmetic con-
straints, efficient handling of large numbers of auxiliary variables, and robust search heuris-
tics for structured discrete models.
choco-solver__cp-sat_-free is appropriate because the problem contains a high density
of Boolean variables and reified constraints; hybrid CP/SAT reasoning can exploit clause
learning and Boolean propagation effectively.
choco-solver__cp_-free is also competitive, given its native support for finite-domain
propagation, customizable search strategies (including first-fail), and good performance on
combinatorial models with mixed integer-Boolean structure.
MILP-oriented solvers (CBC, CPLEX, Gurobi, HiGHS, SCIP) are less aligned with the
heavy reification and element constraints unless strong linear relaxations are present, which
is not evident from the structure described.

In this case, both the solver ranking and the supporting reasoning are consistent with bench-
mark outcomes. cp_optimizer-free is the best-performing solver on this instance, and both it
and choco-solver__cp_-free reach optimality. Moreover, MILP-oriented solvers are among
the weakest performers, in agreement with the model’s structural analysis. The justification
provided aligns closely with the observed solver behavior.

is/BnMUR3YMRk
GPT-5.2 Answer:

[cp_optimizer-free, choco-solver__cp-sat_-free, scip-free]

The model is predominantly combinatorial, with a circuit constraint (fzn_circuit), nu-
merous reified equalities/inequalities, table constraints, and Boolean clauses, indicating a
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structured CP problem with graph and logical components rather than a purely linear
MILP formulation. The objective is linear but simple, and the search strategy is explicitly
sequential with first-fail branching, consistent with CP-oriented solving.
cp_optimizer-free is well suited due to strong propagation for global constraints (includ-
ing circuit-like structures) and effective search control. choco-solver__cp-sat_-free is
appropriate given the large number of reified and Boolean constraints, benefiting from SAT-
style reasoning integrated with CP. scip-free is competitive because of its hybrid CP/MIP
architecture, capable of handling discrete structures and reified logic while exploiting pre-
solve and constraint integration.
Pure MILP solvers (cbc-free, cplex-free, gurobi-free, highs-free) are less aligned with the
model’s structural emphasis on global graph and logical constraints, and lighter CP systems
(jacop-free, izplus-free, sicstus_prolog-free) are typically less competitive on large
hybrid combinatorial instances of this scale. Pumpkin-free is specialized for SAT/Max-SAT
and less suitable for the mixed integer and global constraint structure present here.

In this case, both the selection and the justification are inconsistent with empirical re-
sults. The solver suggested as the most appropriate, cp_optimizer-free, is in fact the
only one among the considered candidates that fails to produce a solution for this instance.
Contrary to the model’s assessment, lighter CP systems exhibit the strongest performance:
sicstus_prolog-free and pumpkin-free are the best-performing solvers, followed closely by
the pure MILP solver gurobi-free.

fbd1/FBDk09
GPT-5.2 Answer:

[cplex-free, gurobi-free, scip-free]

The model is dominated by linear structure: the objective is linear (a = 2b + c), and the
constraints consist primarily of linear equalities and inequalities (int_lin_eq, int_lin_ne,
int_lin_le), together with a single large all-different constraint of arity 135. The search
space over the 10 user variables (domain [1, 735]) is combinatorial but structurally regular,
and the remaining variables are largely compiler-introduced and linearly defined.
Such a formulation is close to a mixed-integer linear programming (MILP) model with one
global all-different constraint, which can be encoded through linear constraints. Therefore,
high-performance MILP solvers with strong presolve, cutting planes, and branch-and-bound
are expected to perform robustly.
cplex-free and gurobi-free provide state-of-the-art MILP technology, including ad-
vanced presolve reductions and highly optimized branching strategies, which are well suited
for dense linear systems and medium-scale combinatorial domains of this type.
scip-free combines MILP and constraint programming techniques, offering native han-
dling of integrality and additional flexibility for global constraints such as all-different.
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Its hybrid architecture makes it particularly appropriate when linear structure coexists with
discrete global constraints.
Pure CP solvers (e.g., Choco, JaCoP) are capable of handling the model, but the heavy
linear algebraic component and limited number of decision variables favor MILP-based
engines in this case.

This analysis is not supported by the benchmark outcomes. All solvers suggested by the
model fail to produce a solution for the instance, as do all pure MILP solvers more generally.
In contrast, pure CP solvers consistently achieve the best objective values among the tested
systems, the same one for all of them, even though none is able to prove optimality within the
time limit.

proteindesign12/1UBI.13p.9aa.usingEref_self_x
GPT-5.2 Answer:

[cplex-free, gurobi-free, scip-free]

The model is a pure integer minimization problem with a linear objective of the form a = b+

c+. . . , represented internally as a single high-arity int_lin_eq constraint (arity 92). There
are no global CP constraints such as all-different, cumulative, or scheduling-specific
propagators. The remaining 91 constraints are low-arity fzn_table_int constraints, which
are extensionally defined relations of small scope (average arity 2.86). Structurally, this
corresponds to a mixed-integer linear model with additional small discrete compatibility
relations.
The search strategy defined in the FlatZinc model (four sequential integer phases, first-fail,
complete exploration) is generic and does not exploit advanced CP-specific global propaga-
tion. Given that the objective is linear, the constraint graph is dominated by a single dense
linear equality and numerous small table constraints, the problem is naturally amenable
to MILP reformulation. Modern MILP solvers efficiently linearize table constraints and
benefit from presolve, cutting planes, and branch-and-bound with strong LP relaxations.
Among the candidates:
cplex-free and gurobi-free provide state-of-the-art MILP performance, including ag-
gressive presolve, strong cutting-plane generation, and parallel branch-and-bound. They
are well suited to dense linear objectives combined with many medium-to-large integer
domains.
scip-free integrates MILP and CP techniques, offering flexible handling of discrete structures
and strong presolve, making it particularly appropriate when table constraints interact
nontrivially with linear structure.
Pure CP solvers (e.g., Choco, JaCoP, CP Optimizer) would not gain significant advantage
from specialized global constraints here, since the model is dominated by linear structure
rather than combinatorial global patterns. SAT-oriented solvers (e.g., pumpkin-free) are
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less natural given the large integer domains and linear objective. Highs and CBC are solid
open-source MILP solvers but typically less competitive than CPLEX, Gurobi, or SCIP on
structured mixed-integer models of this type.
Therefore, the three most suitable solvers for this instance are cplex-free, gurobi-free,
and scip-free.

Empirical results contradict this assessment. The best-performing solvers for this instance
are choco-solver__cp-sat_-free and choco-solver__cp_-free, which achieve identical ob-
jective values and correspond to CP and hybrid CP/SAT paradigms. These solver types are
characterized in the model’s reasoning as less suitable for the given problem.

Conversely, cplex-free and gurobi-free are among the weakest performers on this in-
stance, and scip-free fails to return a solution.

5.2.1 Overall Analysis

As can be inferred from the preceding examples and their analysis, even when employing a
state-of-the-art LLM such as GPT-5.2 [11], the generated reasoning is consistently articulated in
a technically coherent and internally consistent manner. However, in several cases, most notably
fbd1 and is, the conclusions drawn by the model diverge substantially from the empirical
evidence.

Despite these inaccuracies, the responses demonstrate a structured understanding of solver
paradigms. The model systematically distinguishes among major solver categories (e.g., CP,
MILP, hybrid CP/SAT) and correctly associates individual solvers with their respective classes.
Furthermore, the structural analyses of the benchmark problems are often well-formulated,
highlighting relevant features such as global constraints, reification, linear structure, and search
strategies. This further suggests that the textual representations produced by fzn2nl (Sec-
tion 4.3) are interpretable and informative for high-level problem characterization.

The primary limitation appears to lie not in the recognition of solver categories or problem
features per se, but in the mapping between these elements and actual solver performance. In
particular, the model exhibits limited sensitivity to the nuanced distinctions that differentiate
solvers within the same paradigm. As a consequence, selections frequently reflect a preference
for widely recognized or institutionally prominent solvers rather than those empirically best
suited to the instance under consideration. More specifically, cp_optimizer-free is systemat-
ically favored when a CP solver is deemed appropriate, and cplex-free is similarly prioritized
within the MILP category; both solvers are developed by IBM, a widely recognized institution
in computer science.

This tendency persists even though, within the restricted solver set, as explained in Sec-
tion 3.6, these solvers are not consistently the top-performing options. The observed bias may
plausibly be attributed to the prominence of certain commercial solvers in publicly available
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documentation and training data, leading the model to associate them with higher general
competence. In contrast, alternative solvers with stronger empirical performance in specific
instances, such as gurobi-free, are selected less consistently.



Chapter 6

Conclusions

This thesis investigated the feasibility of employing LLMs as decision components for solver
selection in CP. The central research question concerned whether a general-purpose LLM, with-
out task-specific fine-tuning, can infer appropriate solver choices from structural characteristics
of combinatorial models within a predefined solver portfolio.

The study focused on MiniZinc [41] models derived from benchmark instances of the MiniZ-
inc Challenge [9]. Several input representations were evaluated, including raw MiniZinc scripts,
structured feature vectors, natural-language descriptions, and natural-language abstractions
derived from FlatZinc models. These representations were combined with different prompt-
ing strategies and inference configurations in order to assess their impact on solver selection
performance. The objective was to determine whether structural information about a prob-
lem instance can be effectively interpreted by an LLM and translated into meaningful solver
recommendations.

The experimental results indicate that general-purpose LLMs exhibit a limited but non-
negligible capacity to interpret structural properties of constraint models. Initial experiments
showed that naïve prompting strategies based on raw MiniZinc scripts produced results below
the performance of the single best solver. Introducing structured natural-language descrip-
tions produced modest improvements, suggesting that the representation of the input problem
significantly influences the model’s ability to interpret relevant structural information.

Further experiments explored more structured input formats. Feature vectors generated by
the mzn2feat tool [17] were evaluated both independently and in combination with other rep-
resentations. However, this approach did not yield improvements over the best configurations
obtained with natural-language inputs. Additional tuning of inference parameters, particularly
sampling temperature, produced small performance gains, indicating that controlled stochas-
ticity can influence solver selection behaviour.

Despite these adjustments, the overall performance of the LLM-based approach remained
below that of the best single solver. A recurring pattern emerged in which the model consistently
selected a small subset of globally dominant solvers across most instances. While this strategy
is not inherently ineffective given the strong empirical performance of those solvers, it limits
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the discriminative capacity of the selection process and reduces sensitivity to instance-specific
characteristics.

To further investigate this behaviour, additional experiments were conducted using a re-
stricted solver portfolio. In this setting, accurate discrimination among solvers becomes nec-
essary to achieve competitive performance. Under these conditions, the limitations of the
approach became more apparent, as the LLM-based selection consistently performed below the
best solver within the restricted set.

Motivated by the observed influence of natural-language representations, this thesis intro-
duced fzn2nl [47], a tool that converts FlatZinc models into deterministic natural-language
descriptions. The resulting representation preserves structural information while reducing syn-
tactic noise and token usage. Experimental evaluation shows that this representation achieves
performance comparable to other input modalities while requiring substantially fewer tokens,
demonstrating improved efficiency in terms of context usage.

Additional experiments examined the internal decision dynamics of the LLM. Controlled
perturbation tests revealed that solver names strongly influence the model’s choices: when
solver descriptions were permuted while preserving solver names, the resulting selections re-
mained largely unchanged. Conversely, anonymizing solver names increased the influence of
descriptive content, indicating that the model can partially associate solver characteristics with
problem structure when name-based biases are removed. Nevertheless, solver choices remained
concentrated on a small subset of candidates.

Qualitative analysis of generated explanations further indicates that the model possesses
a coherent high-level understanding of constraint models and solver paradigms. The LLM
correctly identifies structural aspects such as constraint types, objective structure, and variable
domains, and it is generally capable of associating these properties with broad solver categories
(e.g., CP, MILP, or CP-SAT). However, the model shows limited ability to discriminate between
solvers within the same category or to relate fine-grained instance characteristics to empirically
optimal solver choices.

The conclusions of this study must be interpreted in light of several limitations. The experi-
mental campaign was constrained by API rate limits and token throughput restrictions imposed
by commercial LLM services. These constraints limited the number of evaluated instances and
prevented extensive repeated trials across different inference configurations.

A further limitation concerns the intrinsic non-determinism of LLM inference. Since model
outputs depend on stochastic sampling mechanisms, identical prompts may produce different
solver recommendations across runs. This variability affects the stability of individual predic-
tions and complicates systematic evaluation.

In addition, the empirical analysis was restricted to benchmark instances derived from
the MiniZinc Challenge. Although this benchmark suite represents a widely used evaluation
standard in CP, it does not cover the full diversity of real-world modeling scenarios.

Future work may address these limitations by extending the evaluation to larger and more
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heterogeneous benchmark collections and by assessing more advanced LLM architectures with
larger context windows and improved reasoning capabilities. Another promising direction con-
cerns the integration of task-specific learning. Fine-tuning LLMs on solver-performance datasets
could enable models to internalize empirical solver competitiveness and strengthen the relation-
ship between structural instance features and solver selection decisions.

Overall, the results indicate that current general-purpose LLMs are not yet competitive with
specialized solver-selection methods. Nevertheless, they demonstrate a meaningful capacity
to interpret structural properties of constraint models and solver paradigms. These findings
suggest that, with appropriate methodological developments and domain-specific adaptation,
LLM-based components may become a viable element of future CP workflows.
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Model Total Score Instances Covered Average Score

gemini-2.0-flash 53.748 67 0.802
gemini-2.5-flash 69.426 86 0.807
gemini-2.5-flash-lite 69.040 85 0.812
gemini-2.5-pro 41.594 51 0.815
allam-2-7b 0.0 10 0.0
groq/compound 8.246 9 0.916
groq/compound-mini 29.623 35 0.846
llama-3.1-8b-instant 56.228 72 0.780
llama-3.3-70b-versatile 9.496 10 0.949
meta-llama/llama-4-maverick-17b-128e-instruct 63.548 72 0.882
meta-llama/llama-4-scout-17b-16e-instruct 57.814 69 0.837
meta-llama/llama-guard-4-12b 0.0 77 0.0
moonshotai/kimi-k2-instruct 65.816 75 0.877
moonshotai/kimi-k2-instruct-0905 66.186 75 0.882
openai/gpt-oss-120b 64.508 74 0.871
openai/gpt-oss-20b 63.328 75 0.844
qwen/qwen3-32b 48.018 65 0.738

Table 6.1: Parallel-solver evaluation results for all LLMs on unprocessed (plain) MiniZinc
scripts. The column “Model” identifies each tested LLM by its API name. “Total Score”
corresponds to the Parallel Score metric as defined in Table 3.1. “Instances Covered” reports
the number of instances for which a valid response was obtained, i.e., those whose token count
did not exceed the rate limits reported in Table 2.1 and Table 2.2. “Average Score” is computed
as Total Score/Instances Covered and reflects solver selection quality over the evaluated instances.
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Model Total Score Instances Covered Average Score

gemini-2.5-flash-lite 64.363 85 0.794
gemini-2.5-flash 60.962 85 0.734
moonshotai/kimi-k2-instruct-0905 59.680 75 0.817
moonshotai/kimi-k2-instruct 58.609 75 0.837
openai/gpt-oss-120b 58.166 74 0.796
openai/gpt-oss-20b 57.154 75 0.828
meta-llama/llama-4-maverick-17b-128e-instruct 56.297 72 0.804
meta-llama/llama-4-scout-17b-16e-instruct 54.305 69 0.798
gemini-2.0-flash 43.412 67 0.700
qwen/qwen3-32b 42.116 65 0.779
gemini-2.5-pro 37.640 51 0.738
llama-3.1-8b-instant 36.082 72 0.546
groq/compound-mini 25.422 35 0.726
llama-3.3-70b-versatile 7.454 10 0.745
groq/compound 5.197 9 0.577
allam-2-7b 0.0 4 0.0

Table 6.2: Single-solver evaluation results for all LLMs on unprocessed (plain) MiniZinc scripts.
“Total Score” corresponds to the Single Score metric as defined in Table 3.1. The remaining
columns are computed as described in Table 6.1.

model InstancesCovered AS SBS VBS ClosedGap

gemini-2.5-flash-lite 85 64.363 76.964 89.000 -1.047
gemini-2.5-flash 85 60.962 76.964 89.000 -1.330
moonshotai/kimi-k2-instruct-0905 75 59.680 76.964 89.000 -1.436
moonshotai/kimi-k2-instruct 75 58.609 76.964 89.000 -1.525
openai/gpt-oss-120b 74 58.166 76.964 89.000 -1.562
openai/gpt-oss-20b 75 57.154 76.964 89.000 -1.646
meta-llama/llama-4-maverick-17b-128e-instruct 72 56.297 76.964 89.000 -1.717
meta-llama/llama-4-scout-17b-16e-instruct 69 54.305 76.964 89.000 -1.883
gemini-2.0-flash 67 43.413 76.964 89.000 -2.788
qwen/qwen3-32b 65 42.117 76.964 89.000 -2.895
gemini-2.5-pro 51 37.641 76.964 89.000 -3.267
llama-3.1-8b-instant 72 36.082 76.964 89.000 -3.397
groq/compound-mini 35 25.423 76.964 89.000 -4.282
llama-3.3-70b-versatile 10 7.455 76.964 89.000 -5.775
groq/compound 9 5.197 76.964 89.000 -5.963

Table 6.3: Closed-gap evaluation results for all LLMs on unprocessed (plain) MiniZinc scripts.
“Instances Covered” is defined as in Table 6.1. “AS” denotes the Aggregate Score, equivalent to
the Single Score in Table 3.1. “SBS” reports the total score accumulated by the single best solver
(or-tools_cp-sat-free) across all instances; “VBS” reports the score of the hypothetical
Virtual Best Solver, which achieves the maximum attainable score on every instance. “Closed
Gap” is computed as defined in Table 3.1.



APPENDIX 63

Figure 6.1: Total scores obtained by all evaluated LLMs under the parallel-solver evaluation
scheme. “Total Score” corresponds to the Parallel Score metric as defined in Table 3.1.

Figure 6.2: Total scores obtained by all evaluated LLMs under the single-solver evaluation
scheme. “Total Score” corresponds to the Single Score metric as defined in Table 3.1.
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Model Total Score Instances Covered Average Score

gemini-2.5-flash 79.105 100 0.791
gemini-2.5-flash-lite 80.740 100 0.807
moonshotai/kimi-k2-instruct 83.268 100 0.832
moonshotai/kimi-k2-instruct-0905 82.656 100 0.826
openai/gpt-oss-120b 82.226 100 0.822

Table 6.4: Parallel-solver evaluation results for the five best-performing LLMs on sanitized
MiniZinc scripts. Column definitions are as given in Table 6.1.

Model Total Score Instances Covered Average Score

openai/gpt-oss-120b 74.488 100 0.744
moonshotai/kimi-k2-instruct-0905 71.622 100 0.753
moonshotai/kimi-k2-instruct 70.939 100 0.723
gemini-2.5-flash-lite 70.145 100 0.738
gemini-2.5-flash 69.763 98 0.742

Table 6.5: Single-solver evaluation results for the five best-performing LLMs on sanitized MiniZ-
inc scripts. Column definitions are as given in Table 6.2.

Model Instances Covered AS SBS VBS Closed Gap

openai/gpt-oss-120b 100 74.488 76.964 89.0 -0.205
moonshotai/kimi-k2-instruct-0905 100 71.622 76.964 89.0 -0.443
moonshotai/kimi-k2-instruct 100 70.939 76.964 89.0 -0.500
gemini-2.5-flash-lite 100 70.145 76.964 89.0 -0.566
gemini-2.5-flash 98 69.763 76.964 89.0 -0.598

Table 6.6: Closed-gap evaluation results for the five best-performing LLMs on sanitized MiniZ-
inc scripts. Column definitions are as given in Table 6.3.

Model Total Score Instances Covered Average Score

gemini-2.5-flash 59.154 75 0.788
gemini-2.5-flash-lite 82.620 100 0.826
moonshotai/kimi-k2-instruct 81.889 100 0.818
moonshotai/kimi-k2-instruct-0905 83.182 100 0.831
openai/gpt-oss-120b 83.249 100 0.832

Table 6.7: Parallel-solver evaluation results for the five best-performing LLMs on sanitized
scripts augmented with a textual problem description. Column definitions are as given in
Table 6.1.
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Model Total Score Instances Covered Average Score

moonshotai/kimi-k2-instruct-0905 72.605 100 0.748
openai/gpt-oss-120b 70.740 100 0.721
gemini-2.5-flash-lite 69.042 100 0.719
moonshotai/kimi-k2-instruct 67.554 100 0.718
gemini-2.5-flash 49.896 73 0.723

Table 6.8: Single-solver evaluation results for the five best-performing LLMs on sanitized scripts
augmented with a textual problem description. Column definitions are as given in Table 6.2.

Model Instances Covered AS SBS VBS Closed Gap

moonshotai/kimi-k2-instruct-0905 100 72.605 76.964 89.0 -0.362
openai/gpt-oss-120b 100 70.740 76.964 89.0 -0.517
gemini-2.5-flash-lite 100 69.042 76.964 89.0 -0.658
moonshotai/kimi-k2-instruct 100 67.554 76.964 89.0 -0.781
gemini-2.5-flash 73 49.896 76.964 89.0 -2.248

Table 6.9: Closed-gap evaluation results for the five best-performing LLMs on sanitized scripts
augmented with a textual problem description. Column definitions are as given in Table 6.3.

Solver Description

chuffed-free A free, high-performance CP solver leveraging Lazy Clause Generation to com-
bine SAT-like learning with traditional CP techniques, especially suited for rich
scheduling and routing tasks.

cbc-free COIN-OR Branch-and-Cut (CBC) is an open-source MILP solver specializing in
integer and linear optimization, widely used as a robust and lightweight alterna-
tive to commercial engines.

Table 6.10: Examples of solver description for two solvers, namely COIN-OR Branch-and-Cut
(CBC) [3], and Chuffed [4].

Model Total Score Instances Covered Average Score

gemini-2.5-flash 83.137 100 0.831
gemini-2.5-flash-lite 77.746 100 0.777
moonshotai/kimi-k2-instruct 82.236 100 0.822
moonshotai/kimi-k2-instruct-0905 82.488 100 0.824
openai/gpt-oss-120b 78.799 100 0.787

Table 6.11: Parallel-solver evaluation results for the five best-performing LLMs on sanitized
scripts augmented with solver descriptions, using a multi-turn prompt setup. Column defini-
tions are as given in Table 6.1.



66 APPENDIX

Model Total Score Instances Covered Average Score

moonshotai/kimi-k2-instruct 76.964 100 0.769
moonshotai/kimi-k2-instruct-0905 76.964 100 0.769
gemini-2.5-flash 71.686 100 0.716
openai/gpt-oss-120b 70.974 100 0.716
gemini-2.5-flash-lite 54.713 100 0.552

Table 6.12: Single-solver evaluation results for the five best-performing LLMs on sanitized
scripts augmented with solver descriptions, using a multi-turn prompt setup. Column defini-
tions are as given in Table 6.2.

Model Instances Covered AS SBS VBS Closed Gap

moonshotai/kimi-k2-instruct 100 76.964 76.964 89.0 0.0
moonshotai/kimi-k2-instruct-0905 100 76.964 76.964 89.0 0.0
gemini-2.5-flash 100 71.686 76.964 89.0 -0.438
openai/gpt-oss-120b 100 70.974 76.964 89.0 -0.497
gemini-2.5-flash-lite 100 54.713 76.964 89.0 -1.848

Table 6.13: Closed-gap evaluation results for the five best-performing LLMs on sanitized scripts
augmented with solver descriptions, using a multi-turn prompt setup. Column definitions are
as given in Table 6.3.

Model Total Score Instances Covered Average Score

gemini-2.5-flash 83.650 100 0.836
gemini-2.5-flash-lite 78.147 100 0.781
moonshotai/kimi-k2-instruct 80.417 99 0.812
moonshotai/kimi-k2-instruct-0905 82.218 100 0.822
openai/gpt-oss-120b 80.295 100 0.802

Table 6.14: Parallel-solver evaluation results for the five best-performing LLMs on sanitized
scripts augmented with both solver descriptions and textual problem descriptions, using a
multi-turn prompt setup. Column definitions are as given in Table 6.1.
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Model Total Score Instances Covered Average Score

openai/gpt-oss-120b 77.260 100 0.780
moonshotai/kimi-k2-instruct-0905 76.964 100 0.769
moonshotai/kimi-k2-instruct 74.464 99 0.752
gemini-2.5-flash 73.551 100 0.750
gemini-2.5-flash-lite 63.062 100 0.630

Table 6.15: Single-solver evaluation results for the five best-performing LLMs on sanitized
scripts augmented with both solver descriptions and textual problem descriptions, using a
multi-turn prompt setup. Column definitions are as given in Table 6.2.

Model Instances Covered AS SBS VBS Closed Gap

openai/gpt-oss-120b 100 77.260 76.964 89.0 0.024
moonshotai/kimi-k2-instruct-0905 100 76.964 76.964 89.0 0.0
moonshotai/kimi-k2-instruct 99 74.464 76.964 89.0 -0.207
gemini-2.5-flash 100 73.551 76.964 89.0 -0.283
gemini-2.5-flash-lite 100 63.062 76.964 89.0 -1.155

Table 6.16: Closed-gap evaluation results for the five best-performing LLMs on sanitized scripts
augmented with both solver descriptions and textual problem descriptions, using a multi-turn
prompt setup. Column definitions are as given in Table 6.3.
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Type Solver Total Score

Solver or-tools_cp-sat-par 88.117
LLM Variant gemini-2.5-flash (Solvers Description + Problem Description) 83.650
LLM Variant moonshotai/kimi-k2-instruct 83.268
LLM Variant openai/gpt-oss-120b (Problem Description) 83.249
LLM Variant moonshotai/kimi-k2-instruct-0905 (Problem Description) 83.182
LLM Variant gemini-2.5-flash (Solvers Description) 83.137
LLM Variant moonshotai/kimi-k2-instruct-0905 82.656
LLM Variant gemini-2.5-flash-lite (Problem Description) 82.620
LLM Variant moonshotai/kimi-k2-instruct-0905 (Solvers Description) 82.488
LLM Variant moonshotai/kimi-k2-instruct (Solvers Description) 82.236
LLM Variant openai/gpt-oss-120b 82.226
LLM Variant moonshotai/kimi-k2-instruct-0905 (Solvers Description + Problem Description) 82.218
LLM Variant moonshotai/kimi-k2-instruct (Problem Description) 81.889
LLM Variant gemini-2.5-flash-lite 80.740
LLM Variant openai/gpt-oss-120b (Solvers Description + Problem Description) 80.295
LLM Variant gemini-2.5-flash 79.105
LLM Variant openai/gpt-oss-120b (Solvers Description) 78.799
LLM Variant gemini-2.5-flash-lite (Solvers Description + Problem Description) 78.147
LLM Variant gemini-2.5-flash-lite (Solvers Description) 77.746
Solver chuffed-free 74.819
Solver picatsat-free 70.647
Solver huub-free 68.784
Solver gurobi-par 61.081
Solver cplex-par 60.301
Solver choco-solver__cp_-par 59.365
Solver izplus-par 58.216
Solver pumpkin-free 57.681
Solver choco-solver__cp-sat_-par 56.896
Solver gecode-par 54.283
Solver cp_optimizer-par 53.877
Solver gecode_dexter-open 47.304
Solver or-tools_cp-sat_ls-par 46.292
Solver jacop-free 44.373
Solver sicstus_prolog-free 43.548
Solver yuck-par 38.321
Solver scip-par 36.675
Solver highs-par 33.598
Solver cbc-par 26.334
Solver atlantis-free 1.555

Table 6.17: Comprehensive comparison of all LLM configuration variants under the parallel-
solver evaluation scheme against all individual solvers participating in the open category of
the MiniZinc Challenge 2025 [10]. “Total Score” is computed as the Parallel Score defined
in Table 3.1. LLM variant names are suffixed with the prompt configuration used (Simple,
Problem Description, Solvers Description, or both).
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Type Solver TotalScore

LLM Variant openai/gpt-oss-120b (Solvers Description + Problem Description) 77.260

LLM Variant moonshotai/kimi-k2-instruct-0905 (Solvers Description + Problem Description) 76.964
LLM Variant moonshotai/kimi-k2-instruct-0905 (Solvers Description) 76.964
LLM Variant moonshotai/kimi-k2-instruct (Solvers Description) 76.964
Solver or-tools_cp-sat-free 76.964
LLM Variant openai/gpt-oss-120b (Simple) 74.488
LLM Variant moonshotai/kimi-k2-instruct (Solvers Description + Problem Description) 74.464
Solver chuffed-free 74.456
LLM Variant gemini-2.5-flash (Solvers Description + Problem Description) 73.551
LLM Variant moonshotai/kimi-k2-instruct-0905 (Problem Description) 72.605
LLM Variant gemini-2.5-flash (Solvers Description) 71.686
LLM Variant moonshotai/kimi-k2-instruct-0905 (Simple) 71.622
LLM Variant openai/gpt-oss-120b (Solvers Description) 70.974
LLM Variant moonshotai/kimi-k2-instruct (Simple) 70.939
Solver picatsat-free 70.933
LLM Variant openai/gpt-oss-120b (Problem Description) 70.740
LLM Variant gemini-2.5-flash-lite (Simple) 70.145
LLM Variant gemini-2.5-flash (Simple) 69.763
LLM Variant gemini-2.5-flash-lite (Problem Description) 69.042
Solver huub-free 68.497
LLM Variant moonshotai/kimi-k2-instruct (Problem Description) 67.554
LLM Variant gemini-2.5-flash-lite (Solvers Description + Problem Description) 63.062
Solver choco-solver__cp-sat_-free 60.808
Solver izplus-free 58.672
Solver pumpkin-free 58.543
Solver choco-solver__cp_-free 58.404
Solver gurobi-free 55.384
LLM Variant gemini-2.5-flash-lite (Solvers Description) 54.713
Solver cp_optimizer-free 50.992
Solver gecode-fd 50.073
LLM Variant gemini-2.5-flash (Problem Description) 49.896
Solver cplex-free 48.514
Solver sicstus_prolog-free 44.592
Solver jacop-free 44.549
Solver or-tools_cp-sat_ls-free 43.222
Solver scip-free 36.902
Solver yuck-free 34.715
Solver highs-free 34.418
Solver cbc-free 22.615
Solver atlantis-free 1.5

Table 6.18: Comprehensive comparison of all LLM configuration variants under the single-
solver evaluation scheme against all individual solvers participating in the free category of
the MiniZinc Challenge 2025 [10]. “Total Score” is computed as the Single Score defined in
Table 3.1. The best-performing LLM variant is highlighted in bold.
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Figure 6.3: Bar chart displaying the Parallel Score of all LLM configuration variants, as defined
in Table 3.1. Each bar corresponds to a distinct LLM–configuration pair.
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Figure 6.4: Bar chart displaying the Single Score, Parallel Score, and Closed Gap of all LLM
configuration variants, as defined in Table 3.1. Each group of bars corresponds to a distinct
LLM–configuration pair.
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Figure 6.5: Bar chart comparing the Single Score of all LLM configuration variants against
individual solvers from the free category of the MiniZinc Challenge 2025. “Total Score” corre-
sponds to the Single Score metric as defined in Table 3.1.
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Figure 6.6: Bar chart comparing the Parallel Score of all LLM configuration variants against
individual solvers from the open category of the MiniZinc Challenge 2025. “Total Score” corre-
sponds to the Parallel Score metric as defined in Table 3.1.
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Category Number Description (summary)

Variables 27 Counts of variables (including constants, aliases, defined
and introduced variables), ratios involving NV and NC ,
and statistics of domain size, degree, and domain/degree
ratio.

Domains 18 Counts and ratios of variables by type (Boolean, inte-
ger, float, set) and constraints by type (Boolean, integer,
float, set, array).

Constraints 27 Total NC , ratios with NV , annotation usage, and statis-
tics of constraint domain, degree, and domain/degree
ratio.

Global constraints 29 Total number and ratio of global constraints, plus counts
per equivalence class of Gecode-supported globals.

Graphs 20 Statistics on structural properties of the constraint
graph and variable graph (degree, clustering coefficient,
diameter).

Solving 11 Information from the solve item, including labeled vari-
ables, goal type, and counts of search and heuristic an-
notations.

Objective 12 Domain, degree, and graph-related measures of the ob-
jective variable, including normalized and standardized
forms relative to global domain and degree statistics.

Static total 144 Extracted from the FlatZinc model via syntactic and
structural analysis.

Dynamic 11 Runtime indicators from short Gecode executions: solu-
tions found, propagations, nodes, failures, search depth,
memory usage, and timing measures for translation and
feature extraction.

Table 6.19: Summary of the feature categories extracted by the mzn2feat tool [17]. Each row
describes a feature category, reports the number of features it contains, and provides a brief
description of the quantities measured. Static features are derived from syntactic and structural
analysis of the FlatZinc model; dynamic features are collected at runtime from short Gecode
executions.
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IDENTIFIER VALUE DESCRIPTION

===========================================================================================================

c_avg_deg_cons 3.11367 Average of the constraints degree

c_avg_dom_cons 20.3934 Average of the constraints domain

c_avg_domdeg_cons 5.85385 Average of the ratio constraints domain/degree

c_bounds_d 0 No of constraints using ’boundsD’ annotation

c_bounds_r 0 No of constraints using ’boundsR’ annotation

c_bounds_z 0 No of constraints using ’boundsZ’ or ’bounds’ annotation

c_cv_deg_cons 0.963493 Coefficient of Variation of constraints degree

c_cv_dom_cons 1.50739 Coefficient of Variation of constraints domain

c_cv_domdeg_cons 0.566571 Coefficient of Variation of the ratio constraints domain/degree

c_domain 0 No of constraints using ’domain’ annotation

c_ent_deg_cons 1.60699 Entropy of constraints degree

c_ent_dom_cons 5.54008 Entropy of constraints domain

c_ent_domdeg_cons 2.58764 Entropy of the ratio constraints domain/degree

c_logprod_deg_cons 6021.66 Logarithm of the product of constraints degree

c_logprod_dom_cons 14249.3 Logarithm of the product of constraints domain

c_max_deg_cons 141 Maximum of the constraints degree

c_max_dom_cons 1724.64 Maximum of the constraints domain

c_max_domdeg_cons 12.2315 Maximum of the ratio constraints domain/degree

c_min_deg_cons 1 Minimum of the constraints degree

c_min_dom_cons 1 Minimum of the constraints domain

c_min_domdeg_cons 1 Minimum of the ratio constraints domain/degree

c_num_cons 3906 Total no of constraints

c_priority 0 No of constraints using ’priority’ annotation

c_ratio_cons 1.49426 Ratio no of constraints / no of variables

c_sum_ari_cons 13031 Sum of constraints arity

c_sum_dom_cons 79656.6 Sum of constraints domain

c_sum_domdeg_cons 22865.2 Sum of the ratio constraints domain/degree

d_array_cons 1 No of array constraints

d_bool_cons 910 No of boolean constraints

d_bool_vars 1820 No of boolean variables

d_float_cons 0 No of float constraints

d_float_vars 0 No of float variables

d_int_cons 2591 No of integer constraints

d_int_vars 794 No of integer variables

d_ratio_array_cons 0.000256016 Ratio array constraints / total no of constraints

d_ratio_bool_cons 0.232975 Ratio boolean constraints / total no of constraints

d_ratio_bool_vars 0.696251 Ratio boolean variables / total no of variables

d_ratio_float_cons 0 Ratio float constraints / total no of constraints

d_ratio_float_vars 0 Ratio float variables / total no of variables

d_ratio_int_cons 0.663338 Ratio integer constraints / total no of constraints

d_ratio_int_vars 0.303749 Ratio integer variables / total no of variables

d_ratio_set_cons 0 Ratio set constraints / total no of constraints

d_ratio_set_vars 0 Ratio set variables / total no of variables

d_set_cons 0 No of set constraints

d_set_vars 0 No of set variables

gc_diff_globs 1 No of different global constraints

gc_global_cons 404 Total no of global constraints

gc_ratio_diff 0.00247525 Ratio different global constraints / no of global constraints

gc_ratio_globs 0.103431 Ratio no of global constraints / total no of constraints

o_deg 1 Degree of the objective variable

o_deg_avg 0.214932 Ratio degree of the objective variable / average of var degree

o_deg_cons 0.000256016 Ratio degree of the objective variable / number of constraints

o_deg_std -0.442948 Standardization of the degree of the objective variable

o_dom 6685 Domain size of the objective variable

o_dom_avg 12.79 Ratio domain of the objective variable / average of var domain

o_dom_deg 6685 Ratio domain of the objective variable / degree of the obj var

o_dom_std 4.13516 Standardization of the domain of the objective variable
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s_bool_search 0 Number of ’bool_search’ annotations

s_first_fail 1 Number of ’int_search’ annotations

s_goal 2 Solve goal (1 = satisfy, 2 = minimize, 3 = maximize)

s_indomain_max 0 Number of ’indomain_max’ annotations

s_indomain_min 1 Number of ’indomain_min’ annotations

s_input_order 0 Number of ’input_order’ annotations

s_int_search 1 Number of ’int_search’ annotations

s_labeled_vars 1 Number of variables to be assigned

s_other_val 0 Number of other value search heuristics

s_other_var 0 Number of other variable search heuristics

s_set_search 0 Number of ’set_search’ annotations

v_avg_deg_vars 4.65264 Average of the variables degree

v_avg_dom_vars 522.674 Average of the variables domain

v_avg_domdeg_vars 141.005 Average of the ratio variables domain/degree

v_cv_deg_vars 1.77237 Coefficient of Variation of variables degree

v_cv_dom_vars 2.85116 Coefficient of Variation of variables degree

v_cv_domdeg_vars 3.94885 Coefficient of Variation of the ratio variables domain/degree

v_def_vars 2334 Number of defined variables

v_ent_deg_vars 1.0029 Entropy of variables degree

v_ent_dom_vars 2.09955 Entropy of variables domain

v_ent_domdeg_vars 1.83264 Entropy of the ratio variables domain/degree

v_intro_vars 2753 Number of introduced variables

v_logprod_deg_vars 3665.47 Logarithm of the product of variables degree

v_logprod_dom_vars 6788.52 Logarithm of the product of variables domain

v_max_deg_vars 36 Maximum of the variables degree

v_max_dom_vars 6685 Maximum of the variables domain

v_max_domdeg_vars 6685 Maximum of the ratio variables domain/degree

v_min_deg_vars 0 Minimum of the variables degree

v_min_dom_vars 2 Minimum of the variables domain

v_min_domdeg_vars 0.1 Minimum of the ratio variables domain/degree

v_num_aliases 700 Number of alias variables

v_num_consts 10 Number of constant variables

v_num_vars 2614 Total no of variables variables

v_ratio_bounded 0.271614 Ratio (aliases + constants) / total no of variables

v_ratio_vars 0.669227 Ratio no of variables / no of constraints

v_sum_deg_vars 12162 Sum of variables degree

v_sum_dom_vars 1.36627e+06 Sum of variables domain

v_sum_domdeg_vars 368586 Sum of the ratio variables domain/degree

Listing 6.1: Example output of the mzn2feat tool [17] (pretty-print mode) applied to the
EchoSched.mzn model, instance 14-10-0-2_1. Each row lists the feature identifier, its
computed value, and a brief description.
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Figure 6.7: Heatmap of Parallel Score results across all tested temperature values and the five
best-performing prompt configurations, as evaluated on gpt-oss-120b. The Parallel Score is
computed as defined in Table 3.1.

Figure 6.8: Heatmap of Single Score results across all tested temperature values and the five
best-performing prompt configurations, as evaluated on gpt-oss-120b. The Single Score is
computed as defined in Table 3.1.
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Solver Score Optimal Count

or-tools_cp-sat-free 76.964375 55
picatsat-free 70.933307 53
chuffed-free 74.456334 52
huub-free 68.497987 48
gurobi-free 55.384518 38
pumpkin-free 58.543229 33
choco-solver__cp-sat_-free 60.808176 32
cplex-free 48.514529 30
choco-solver__cp_-free 58.404323 29
cp_optimizer-free 50.992682 26
izplus-free 58.672093 25
jacop-free 44.549443 25
sicstus_prolog-free 44.592608 24
scip-free 36.902766 20
highs-free 34.418506 18
cbc-free 22.615259 11
or-tools_cp-sat_ls-free 43.222031 7
yuck-free 34.715515 4
atlantis-free 1.500000 0

Table 6.20: All solvers from the free category of the MiniZinc Challenge 2025, ranked by the
number of instances on which they achieved an optimal score of 1 under the scoring metric
defined in Section 2.5. The “Score” column reports the total accumulated score across all
instances.

Suggested Solver Description Top1 Count Total Count

or-tools_cp-sat-free atlantis-free 72 99
atlantis-free cplex-free 21 48
chuffed-free highs-free 7 51
highs-free or-tools_cp-sat_ls-free 0 78
yuck-free choco-solver__cp_-par 0 24

Table 6.21: Frequency analysis of solver suggestions produced by gpt-oss-120b under con-
figuration 2, using the solver-name-swapping experimental setup. Column definitions follow
Table 5.2.
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Suggested Solver Description Top1 Count Total Count

or-tools_cp-sat-free atlantis-free 76 95
chuffed-free highs-free 24 100
cp_optimizer-free or-tools_cp-sat-free 0 74
picatsat-free cp_optimizer-free 0 21
choco-solver__cp_-free jacop-free 0 6
scip-free choco-solver__cp-sat_-free 0 3
or-tools_cp-sat_ls-free yuck-free 0 1

Table 6.22: Frequency analysis of solver suggestions produced by gpt-oss-120b under con-
figuration 3, using the solver-name-swapping experimental setup. Column definitions follow
Table 5.2.

Suggested Solver Description Top1 Count Total Count

or-tools_cp-sat-free atlantis-free 78 100
chuffed-free highs-free 20 100
cp_optimizer-free or-tools_cp-sat-free 2 45
picatsat-free cp_optimizer-free 0 52
choco-solver__cp_-free jacop-free 0 3

Table 6.23: Frequency analysis of solver suggestions produced by gpt-oss-120b under con-
figuration 4, using the solver-name-swapping experimental setup. Column definitions follow
Table 5.2.

Suggested Solver Description Top1 Count Total Count

or-tools_cp-sat-free atlantis-free 56 95
chuffed-free highs-free 40 100
atlantis-free cplex-free 4 22
scip-free choco-solver__cp-sat_-free 0 36
yuck-free choco-solver__cp_-par 0 35
picatsat-free cp_optimizer-free 0 6
cp_optimizer-free or-tools_cp-sat-free 0 3
choco-solver__cp_-free jacop-free 0 2
choco-solver__cp-sat_-free sicstus_prolog-free 0 1

Table 6.24: Frequency analysis of solver suggestions produced by gpt-oss-120b under con-
figuration 5, using the solver-name-swapping experimental setup. Column definitions follow
Table 5.2.
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Suggested Solver Description Top1 Count Total Count

f chuffed-free 69 100
n or-tools_cp-sat-free 31 100
e choco-solver__cp-sat_-free 0 79
g cp_optimizer-free 0 15
l izplus-free 0 3
c choco-solver__cp_-free 0 1
d choco-solver__cp_-par 0 1
k huub-free 0 1

Table 6.25: Frequency analysis of solver suggestions produced by gpt-oss-120b under con-
figuration 2, using the anonymous (single-letter) solver-name experimental setup. Column
definitions follow Table 5.2.

Suggested Solver Description Top1 Count Total Count

f chuffed-free 52 96
n or-tools_cp-sat-free 44 95
e choco-solver__cp-sat_-free 0 83
l izplus-free 0 5
o or-tools_cp-sat_ls-free 0 5
d choco-solver__cp_-par 0 3
k huub-free 0 1

Table 6.26: Frequency analysis of solver suggestions produced by gpt-oss-120b under con-
figuration 3, using the anonymous (single-letter) solver-name experimental setup. Column
definitions follow Table 5.2.
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Suggested Solver Description Top1 Count Total Count

n or-tools_cp-sat-free 59 89
f chuffed-free 32 90
c choco-solver__cp_-free 1 3
k huub-free 1 2
e choco-solver__cp-sat_-free 0 84
o or-tools_cp-sat_ls-free 0 5
g cp_optimizer-free 0 3
l izplus-free 0 2
d choco-solver__cp_-par 0 1

Table 6.27: Frequency analysis of solver suggestions produced by gpt-oss-120b under con-
figuration 4, using the anonymous (single-letter) solver-name experimental setup. Column
definitions follow Table 5.2.

Suggested Solver Description Top1 Count Total Count

f chuffed-free 58 98
n or-tools_cp-sat-free 38 96
c choco-solver__cp_-free 2 4
g cp_optimizer-free 1 54
k huub-free 1 12
l izplus-free 0 23
e choco-solver__cp-sat_-free 0 9
d choco-solver__cp_-par 0 2
o or-tools_cp-sat_ls-free 0 2

Table 6.28: Frequency analysis of solver suggestions produced by gpt-oss-120b under con-
figuration 5, using the anonymous (single-letter) solver-name experimental setup. Column
definitions follow Table 5.2.
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