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ABSTRACT

Since their explosion in popularity, the impact of Large Language Models (LLMs) has been evident in almost ev-
ery aspect of life. This study examines whether LLMs can be utilized for tuning metaheuristic algorithms through
the selection of their parameters. To verify this hypothesis, ten instances each of three well-known combinato-
rial optimization problems, Graph Coloring, Job-Shop Scheduling, and Traveling Salesman, were solved using
heuristic optimizers guided by LLMs, including genetic algorithm, ant colony optimization, particle swarm opti-
mization, and simulated annealing. Parameter values were generated by prompting several state-of-the-art LLMs
with problem complexity descriptors and the set of tunable parameters. A two-stage procedure was employed: an
initial run based on general problem characteristics, followed by a feedback run that used performance metrics
such as average fitness, variance, and convergence behavior. Default settings from the Python-based Mealpy
library served as the baseline for comparison.

Results, aggregated over 900 optimizer runs, show that LLMs are capable of proposing parameter configura-
tions that outperform defaults in terms of final objective value and convergence speed. This effect is particularly
pronounced in simulated annealing and Traveling Salesman problem settings. The findings suggest that LLMs
possess a high degree of generalization and contextual understanding in the domain of optimization and can
serve as practical assistants in heuristic algorithm design and tuning.

1. Introduction

The data revolution currently happening around the world is a motor
for advancements of new methods for data analysis. It is driven by the

wide availability of novel data sets and the interest of both academia and
industry in the progression of innovative Machine Learning and Deep
Learning algorithms.
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A huge amount of gathered language data facilitates the development
of Large Language Models (LLMs). These methods have revolutionized
the computing industry by finding countless use cases in almost every
aspect of life. LLMs are transformer-based neural networks. They heavily
rely on the attention mechanism introduced in 2017 in [1]. First widely
used LLM, Google’s BERT [2] was rolled out a year later and found
applications in many tasks of Natural Language Processing. However,
the actual transformation started in 2022, when OpenAl released its
ChatGPT.

Despite the positive aspects associated with LLMs, it has to be remem-
bered to use them cautiously. Models tend to fabricate content when
they lack knowledge in a given area. This phenomenon is called hallu-
cination [3]. Another reason not to take LLMs’ answers for granted is
that they can perpetuate stereotypes, share unethical content, or exhibit
racial bias [4] - these are the justifications for extensive output filtering
embedded in the contemporary LLMs.

Applications of Large Language Models include advanced chatbots,
content creation, code writing, summarization, and many more [5]. The
degree of attention devoted to LLMs is without precedent. Companies,
researchers, and even governments are actively working on creation of
their own Large Language Models.

Constantly growing data volumes and new algorithms provide an
excellent playground for developing new Metaheuristic Algorithms
(MHAs). Optimization in many areas is still an open question, as the
search for faster and computationally cheaper methods will always be
an exciting topic for scientists. Consequently, the number of MHAs is
still growing, making it hard to stay up-to-date with all new develop-
ments. Recent classifications of heuristic optimizers result in collections
of more than 500 distinguished methods [6,7].

Every metaheuristic has its set of distinct parameter values, advised
applications, and additional information that characterizes that algo-
rithm. Hence, it becomes tedious to grasp and remember all the details
regarding MHAs. To manage such a large amount of material, compre-
hensive guidance is needed. An agent that could provide suggestions for
selecting an algorithm and, moreover, its parameters suited for a given
problem would be a game changer and could reduce the entry level
barrier for appropriate utilization of metaheuristics.

The need for such a guide is a space where Large Language Models
can thrive. Their ability to understand natural language and code can
potentially be used as guidance for tuning heuristic optimizers. Such a
possibility can provide a head start as opposed to default setups of MHAs
and steer calculations in the already more desired direction.

The research presented in this paper is an extension of [8], which
deepens the study by analyzing more problems and their instances.
Presented research follows the same methodology; however, it involves
multiple instances of three combinatorial problems and utilizes an ex-
tended list of Large Language Models and classic parameter search
techniques including random and grid searches. The aforementioned
methodology uses LLMs to select parameter values for optimization
tasks with little knowledge about the problem domain. After solving the
problems with suggested settings, LLMs are again asked to adjust the pa-
rameters based on initial results. The performance of the feedback-based
round is then collected and analyzed. In addition, this study evaluates
the cost of computation and seeks a correlation between computational
expenses and the quality of the results achieved. This work contributes
twofold. The first involves thorough experimentation to check whether
current state-of-the-art large language models can tune parameters of
MHAs in the context of combinatorial optimization. The second revolves
around prompt engineering to effectively perform the aforementioned
tuning. In addition, this work highlights the novel application of LLMs.

To evaluate the effectiveness of LLM-guided parameter tuning, this
study focuses on three classical combinatorial optimization problems:
Graph Coloring (GCP), Job-Shop Scheduling (JSSP), and Traveling
Salesman Problem (TSP). These problems are well-established in the
literature, known for their computational complexity and relevance in
practical applications. Their diversity in structure and solution space
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makes them ideal testbeds for assessing the generalization capabilities
of LLMs across different optimization scenarios.

In addition to experimental evaluation, the work also focused on
developing command engineering techniques that enable the effective
use of LLMs in heuristic optimization. This included creating detailed,
configured queries that help language models generate useful outputs.

The growing complexity of metaheuristic algorithms makes param-
eter tuning a crucial yet costly task. Classical methods such as grid,
random, or Bayesian search are computationally intensive and problem-
specific. In contrast, Large Language Models, with their reasoning and
language understanding capabilities, offer a new paradigm for analyzing
algorithmic descriptions and proposing suitable parameter configura-
tions. Despite their potential, the use of LLMs in heuristic optimization
remains largely unexplored.

This paper is structured as follows: given the brief introduction
and motivation, Section 2 follows with an explanation of concepts re-
quired to fully comprehend the experiments conducted in the study.
Section 3 delivers the analysis of related work that lies at the intersection
of LLMs and MHAs. The following Section 4 thoroughly describes the
methodology undertaken in this research. Section 5 provides practical
details on running calculations. Results and their analysis are con-
tained in Section 6. Finally, Section 7 presents conclusions and outlines
possibilities for further improvements.

2. Preliminaries
2.1. Large Language Models

Large Language Models (LLMs) represent a significant advancement
in the field of artificial intelligence, particularly in natural language
processing and generation. These models are primarily designed to un-
derstand and generate human-like text, leveraging vast amounts of data
and sophisticated neural network architectures. This work considers
the ChatGPT by OpenAl, Gemini by Google, Claude by Anthropic, and
Le Chat by Mistral AI models, analyzing their potential use in tuning
heuristic optimizers. The research attempted to assess how advanced
natural language processing technologies can impact the efficiency and
effectiveness of metaheuristic algorithms (MHAs) in the context of
combinatorial optimization. All selected LLMs were used in their pub-
licly available, off-the-shelf configurations, without any fine-tuning or
domain-specific adaptation. Their accessibility via commercial APIs,
strong benchmark performance, and ability to engage in structured
prompt-based interaction make them well-suited for evaluating the po-
tential of natural language-guided parameter tuning in metaheuristic
optimization.

The GPT-40 [9] model, developed by OpenAl, belongs to the
Generative Pre-trained Transformer (GPT) [10,11] family. GPT-40 and
its predecessors are built upon the Transformer model, which uses self-
attention mechanisms to process text. GPT-40 has approximately 200
billion parameters, allowing it to handle a wide range of natural lan-
guage processing tasks with improved performance and accuracy. “o” in
the model’s name refers to its ability for multi-modal data understand-
ing. The “omni” part of the model allows it to engage in more complex
and diverse tasks.

Anthropic’s Claude Sonnet 3.7 [12] offers advanced reasoning with
the possibility of controlling the length of model’s thinking process. The
number of trained parameters is not officially reported by Anthropic.
The authors claim that Sonnet 3.7 is well fitted for coding and being an
Al agent, which makes it a great candidate for tuning MHAs’ parame-
ters. High performance on benchmarks and reduced model’s response
time, are accredited to the dynamic neural architecture. This mecha-
nism allows switching between deep and shallow layers depending on
the complexity of the given task.

Gemini Flash 2.0 [13], developed by Google, represents a signifi-
cant advancement in machine learning architectures by integrating the
robust capabilities of the Transformer architecture with the innovative
Mixture of Experts (MoE) [14] approach. The Gemini Flash 2.0 model we
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utilized features a substantial 137 billion parameters, underscoring its
capacity to handle complex, large-scale tasks across various domains.
The novel aspect of Gemini’s architecture is the incorporation of the
MoE, which is a method designed to scale model capacity without a
proportional increase in computational demands. It achieves this by dis-
tributing different parts of the input data to different ‘expert’ networks
within the larger model framework, each specializing in different aspects
of the problem.

The last model analyzed in our study is Mistral Large 2 [15,16] by
Mistral Al It is trained with 123 billion parameters and has a context
window of 128k. This model is specifically tailored to develop conver-
sational intelligence, with an emphasis on maintaining long context and
personalizing interactions. The ability of this model to appropriately
process and adapt to complex contexts, while fitting responses to spe-
cific user scenarios, makes it very suitable for applications involving
dynamic optimization environments where metaheuristic algorithms are
used. One of the key innovations in Le Chat is the use of the Sliding
Window Attention (SWA) technique [17], which addresses the chal-
lenges of standard attention mechanisms that scale quadratically with
the length of token sequences. SWA limits the attention span of each
token to a fixed window, which reduces computational costs and en-
ables efficient processing of longer data sequences. Thanks to the use
of SWA, Le Chat can more effectively manage relationships between
tokens, which translates into better context preservation and deeper
structural and semantic understanding of the text. This feature is partic-
ularly beneficial in the application of metaheuristic algorithms, where
quick and efficient adaptation to changing conditions is crucial.

The analysis focused on the proficiency of these models to generate
new, effective parameter configurations and their impact on accelerat-
ing and increasing the effectiveness of optimization processes. A key
element of the study was the models’ ability to interpret and synthe-
size information, which can translate into better adaptation of heuristic
strategies over time.

2.2. Metaheuristic algorithms

Metaheuristic Algorithms (MHASs) are one of key concepts in the field
of Computational Intelligence. This family of methods is distinctive for
implementing real-life concepts in order to solve wide spectrum of opti-
mization tasks. The versatility present in available implementations, as
well as ongoing popularity and constant development of new heuristic
optimizers, reflects their broad applicability. Heuristic optimizers de-
liver high-level frameworks for performing complex search processes.
As nature is very efficient in optimizing a variety of routines, it is a
great inspiration for developing MHAs. Surrounding environment, the
behavior of animals, physical phenomena, sociology, and even music
can be utilized as a blueprint for an optimizer [18-20]. Even though
including heuristic optimizers substantially increases the computational
load of a pipeline, they are still a go-to option for solving non-obvious
and NP-hard optimization tasks. A wide span of existing MHAs allows
us to find one that would suit the undertaken problem.

MHAs can be characterized by many aspects, with the origin of in-
spiration being the first one. Depending on chosen taxonomy MHAs
can be divided into groups related to the main concepts they are built
upon: biology, chemistry, physics, math, evolutionary processes, human
behavior and finally, behavior of swarms [21,22].

Second feature that defines heuristic optimizers is associated with
number of candidate solutions being used for problem solving. There
are population based algorithms, like Genetic Algorithm, Differential
Evolution, Particle Swarm Optimization [23], which maintain and up-
grade over time a group of individuals. On the other side, there are
single-solution algorithms, that include Simulated Annealing [24] or
Tabu Search [25], which aim to iteratively improve a singular solution.
This characteristic is extremely important when choosing an appro-
priate MHA, as the size of population can dramatically increase the
computational cost of calculations.
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Another basis for characterizing MHAs revolves around randomness
[26]. There exist deterministic algorithms that always produce the same
output for particular input setup. These include Tabu Search or Greedy
Algorithms. Methods, that include randomness in the decision-making
process are referred to as stochastic. They can be represented by Genetic
Algorithm, Particle Swarm Optimization, Ant Colony Optimizer and
many more.

Search space which is explored during calculations is another dif-
ferentiating factor for MHAs. Algorithms like Simulated Annealing or
Particle Swarm Optimization can operate on continuous spaces, whereas
Genetic Algorithm or Ant Colony Optimizer move through a discrete
one. The latter group is said to handle combinatorial optimization
problems very well.

Even though there exist hundreds of heuristic optimizers, they are
being mixed together, spanning hybrid versions of MHAs [27-29]. Such
an approach takes the most interesting mechanisms from multiple algo-
rithms and connects them to generate novel methods. As a consequence,
such hybrids are often specialized in narrow areas, making them more
difficult to be widely applied.

In this study, four well-known metaheuristic algorithms were se-
lected to represent diverse paradigms of heuristic search. These include
population-based (GA, PSO, ACO) and single-solution (SA) approaches,
and they cover a range of inspiration sources, such as biology, physics,
and swarm intelligence. Their inclusion provides a representative basis
for evaluating LLM-guided tuning in various optimization scenarios.

2.2.1. Genetic algorithm

GA is the most popular example of bio-inspired computation. It draws
from the phenomenal adaptation mechanisms of genes and techniques
they developed to overcome their initial shortcomings [30-32]. GA uses
operations of selection, mutation and crossover. These mechanisms en-
sure the diversity of the population and its evolution towards optimal
settings.

This heuristic optimizer is an example of population-based, stochas-
tic, discrete search space algorithm.

Selection strategy is key to determining which individuals in popula-
tion will participate in reproduction, creating new generations, usually
favors individuals with higher fitness, which increases the chance to
passing on their traits of offspring. A common strategy is roulette-
wheel selection, where the probability of selection is proportional to
an individual’s fitness.

Crossover and recombination are genetic operators used to combine
the genetic information of two parents to generate new offspring. It
is one of the key mechanisms for generating diversity within the pop-
ulation. Crossover is performed with a certain probability, called the
crossover probability, and can take various forms, such as a single-point
or two-point crossover.

Mutation introduces random alterations to the genetic material of
the offspring, providing genetic diversity and enabling the algorithm to
explore new areas of search space. The probability of a mutation controls
how frequently these mutations occur. A typical mutation might involve
flipping a bit in binary-encoded solution representation.

The number of generations defines the number of cycles the algo-
rithm will run, with each cycle consisting of the selection of parents,
crossover, and mutation to create a new generation. However, popula-
tion size is the total number of individuals in the population. A larger
population can explore more of the search space, but also requires more
computational resources.

The overall GA process can be summarized to illustrate the cycle of
operations:

« initialize a population of individuals randomly,

« evaluate the fitness of each individual in the population,

« repeat until termination condition is met (e.g., number of genera-
tions reached):
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select parents from the population based on their fitness,
crossover parents to create new offspring with a crossover prob-
ability P,

mutate new offspring with mutation probability P,

evaluate new offspring,

- replace the least fit individuals in the population with offspring,
output the best found solution.

2.2.2. Ant Colony Optimizer

ACO implements the behavior of ant colonies [33-35]. Ants, treated
as optimizing agents, have a natural ability to find the optimal (short-
est) way to their desired destination. Ants communicate with each other
through a pheromone that guide them along a path. ACO, due to the na-
ture of its source, has found applications in routing problems and graph
traversal tasks.

The key to the effectiveness of the ACO algorithm lies in the
pheromone update rule, which is crucial for guiding the search process
towards promising areas of the solution space:

7+ 1) =1 =p)7 ;0 + Az (€9)

where 7, ;(#) is the pheromone level on path i,/ at time 7, p is a trail
evaporation rate, and /\z; ; represents the amount of pheromone to be
added, depending on the quality of the solution that the ants found using
that path.

This rule mimics the way real ants deposit pheromones on the paths
they traverse, leaving a chemical trail that influences the path choices
of subsequent ants.

Ants in ACO algorithm make their path choices based on probabilistic
decision rule. The probability that an ant will move from node i to node
j depends on the amount of pheromone present on the connecting path
(7 ), and possibly other heuristic information (#; i) such as the visibility
or desirability of the next node:
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2.2.3. Particle Swarm Optimization

PSO is a robust and versatile optimization technique inspired by the
social behavior of birds and fish [36-38]. This method belongs to the
family of swarm intelligence algorithms and is widely used to solve
global optimization problems in a continuous search space. PSO sim-
ulates the social dynamics of swarms, where each individual, referred
to as a “particle,” adjusts its flying trajectory based on both its own
experience and that of its companions.

Each particle in the swarm symbolizes a potential solution to the
optimization problem at hand. The particles are characterized by po-
sitions and velocities, which are dynamically adjusted on the basis
of the best-known positions of the particle itself and of the entire
swarm. The adjustment of velocities is governed by the velocity up-
date rule, which incorporates the particle’s current velocity, a cognitive
component reflecting the particle’s individual learning, and a social com-
ponent derived from the swarm’s collective knowledge. The formula for
updating the velocity is given by the following:

(1)

i

+ery(p = x) + ¢yry(g — 2 3

U§r+1) = wv 28
where vf.') is the velocity of particle i at time ¢, x; is the position, p; is the
best known position of particle i, g is the best known position among all
particles, w represents the inertia weight that influences the degree to
which the particle’s previous velocity impacts its current one, ¢; and ¢,
are acceleration coefficients that guide the particle towards its personal
best and global best positions (learning factors), respectively, and r; and
r, are random factors between 0 and 1 that introduce stochastic elements
into the velocity update process.
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Following the velocity updates, the positions of the particles are
adjusted to reflect their new velocities:

LD Xff) " “EM) 4)
2.2.4. Simulated Annealing

SA represents a group of physics-inspired metaheuristics. SA [24,
39,40], contrary to previous algorithms, is not a population-based al-
gorithm. It is built upon a concept of controlled cooling of a material,
taken directly from metallurgy. This method mimics the physical process
in which a material is heated to a high temperature and then allowed
to cool slowly, which helps in reducing defects and achieving a stronger
structure. SA is often used in combinatorial optimization problems, in-
cluding TSP [41]. This optimization technique is used to find a good
approximation of the global minimum of a given function in a large
search space.

The core decision rule of SA is that a new solution that decreases the
energy of the system is always accepted. However, if the new solution
increases the energy, it may still be accepted with a probability defined
by the Boltzmann distribution:

—(e' —e)

P(e,e,T) =
(e,e’,T) =exp T

)
where e is the energy of the current solution, ¢’ is the energy of the new
solution, and T is the current temperature.

2.3. Combinatorial optimization problems

Combinatorial Optimization constitutes a special area at the inter-
section of mathematics and computer science. It is defined as finding
the optimal solution from finite set of possible solutions. It can be
reformulated as searching for the best entity in a group of feasible en-
tities. As a consequence of such definition, heuristic optimization and
search algorithms are a popular choice for handling combinatorial opti-
mization [42]. Other approaches include linear programming, dynamic
programming, approximation or generating search boundaries [43].

The variety of combinatorial problems and amount of interest
devoted to solving them, explain the importance of this area of re-
search. Most popular problems include but are not limited to: Knapsack
Problem, Vehicle Routing Problem, Minimum Spanning Tree, Graph
Coloring, Traveling Salesman and Job-Shop Scheduling Problems, which
are deeply analyzed in this paper.

Aforementioned problems are nothing other than the formulations
of real-life tasks, hence the wide applicability of them. Combinatorial
Optimization is present in the fields of operations research, logistics,
scheduling and many more.

In this study, we selected three combinatorial optimization problems:
Graph Coloring (GCP), Job-Shop Scheduling (JSSP), and the Traveling
Salesman Problem (TSP), which differ significantly in structure, rep-
resentation, and search space characteristics. This diversity provides a
robust testing ground for evaluating the effectiveness and generalization
capabilities of LLM-driven metaheuristic parameter tuning strategies.

2.3.1. Graph Coloring Problem

GCP originates from the task of coloring the map in such a manner
that adjacent countries (or states) do not have the same color. Later,
it was redefined to match the graph representation [44]. In this man-
ner, Graph Coloring (often called Vertex Coloring) becomes a task of
assigning colors to the vertices with the possibly lowest number of col-
ors. The adjacency constraint is still present in this task. Considering an
undirected graph G, where V denotes its vertices and E represents the
edges:

G=(V.E) (6)

The aim of GCP is to assign a coloring to each V, so that the adjacent
vertices connected through E are distinctively colored.
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The minimal amount of distinct colors resulting from solving the GCP
is called a chromatic number y(G) and is one of the characteristics of the
graph. The complexity of this task depends on the graph structure itself.
Presence of cliques, cycles, triangles or wheel architecture can postpone
the convergence to optimal solution. In popular benchmark instances
of GCP there exists a set of graphs based on Mycielski transformation.
These are said to be difficult to solve [45].

Among applications in the field of graph theory, solving GCP is
present in real life as well. It can be utilized in the process of designing
the surveillance systems, aircraft scheduling, timetabling and assigning
frequencies in telecommunication networks [46]. Graph Coloring is an
NP-complete problem.

2.3.2. Job-Shop Scheduling Problem

JSSP represents the task of assigning » jobs to m machines [47]. Each
job has a different completion time and each machine has its own pro-
cessing capabilities. This task aims to find the best scheduling sequence
that minimizes the overall time required to run all procedures. JSSP can
be described using the disjunctive graph model [48], where M and J
are finite sets and represent machines and jobs respectively.

M = {MI’MZ""’Mm}
J={J Ty )

7

Let y denote all possible sets of job to machine assignments. Single
solution x € y can be written as a matrix of size n X m. In such nota-
tion columns represent consecutive machines M; and rows correspond
to jobs, stating the order of their execution. Total processing time, which
is the cost function C in such problem definition is expressed as:

C: y —[0,4+00]
Cj MxJ— [0, +o0]

®

The task in Job-Shop Scheduling Problem is to find such x that
yields minimum C(x), meaning that processing time of jobs J on set
of machines M is as minimal.

JSSP popularity is caused by its wide applicability to production and
manufacturing. Existence of wide range of variations of this task, shows
how universal and important it is for the research as well as for the indus-
try. JSSP also constitutes an NP-hard problem. Interestingly, Traveling
Salesman Problem is a special instance of Job-Shop Scheduling, having
single job and multiple machines (cities).

2.3.3. Traveling Salesman Problem
TSP [49] is a classic optimization problem defined as finding the
minimal route between n cities. The data structure for this exercise can
be represented as a matrix of distances between these cities or as a list
of (x,y) coordinates for each of them. Regardless of representation, the
algorithm has to find the order of the cities that yields the shortest route.
TSP can be formulated with:

nodes (cities): N = {1,2,...,n};

distance matrix: D = [d; s where d;; corresponds to the distance
between cities i and j, and it is a n X n matrix;

decision variables: x;;, where value equals 1 if path between cities
i and j is a part of the solution and 0 in opposite scenario;
objective function: min 7, 37 d;;x;;, which minimizes the total
traveled distance.

ijs

There exist many variations of TSP; they include adding constraints
such as a particular starting point or the requirement to return to the
starting point. Numerous versions of the classic problem try to adapt it
to fit more real-life applications, resulting in kinetic-based, profit-based,
symmetrical, or asymmetrical formulations of TSP [50].

The data representation for this problem can take two forms. The
first one, more popular due to real-life applications, is a list of (x,y)
coordinates for each city within the problem scope. The second rep-
resentation has a matrix structure containing distances between cities.
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Regardless of the input data configuration, the TSP solution is a vector of
city identifiers, which corresponds to the order of places on the minimal
route.

Complication of TSP is dependent on a number of cities it’s defined
on. In terms of complexity, original TSP is an NP-hard problem.

3. Literature review

This section summarizes the most relevant research related to in-
teraction between LLMs and metaheuristic optimization methods. It
is divided into two parts: the first one discusses studies combining
LLMs with heuristic and evolutionary algorithms, while the second re-
views classical parameter tuning approaches, which form the conceptual
foundation for this work.

3.1. General overview

Large Language Models and Heuristic Optimizers can interact with
each other in two directions. The first research direction focuses on em-
ploying metaheuristics to enhance or optimize LLMs themselves, while
the second investigates the potential of LLMs as intelligent agents sup-
porting or even replacing traditional heuristic optimization processes.
These paths are not equally explored, as due to LLMs’ popularity, more
interest is devoted to the field of optimizing LLMs with the employment
of wide span of techniques, including MHAs.

3.1.1. Metaheuristics applied to LLMs

The first way involves optimizing LLMs. Such a route is more appar-
ent in the literature, thus addressing the demand associated with LLMs’
popularity. In this scenario, Evolutionary Algorithms (EA) can be uti-
lized in the optimization of prompt formulation [51] or to boost the
prompt learning process [52].

Another idea for re-purposing bio-inspired computation is presented
in [53], where the proposed framework resembles a genetic algorithm.
Such an approach is used to generate a population of candidate prompts
that are further evolved to trigger the desired response from the model.

These approaches demonstrate that metaheuristics can serve as ef-
fective external controllers or search mechanisms for LLM performance
enhancement.

3.1.2. LLMs applied to metaheuristics

An alternative and increasingly active research stream reverses this
relationship, in this case Large Language Models can be used to assist or
automate metaheuristic optimization process, for instance by generat-
ing populations of candidate solutions. This approach is present in LEO
[54]. This LLM-Based Evolutionary Optimizer employs reasoning abili-
ties of LLMs to generate two pools of candidate solutions. This dual-pool
design aims to balance exploration and exploitation of the optimization.
However, such framework has to be used cautiously, due to language
models’ tendency to hallucinate.

The concept of LLM-driven Evolutionary Algorithms (LMEA) is also
present in [55]. In this work, LLM is embedded directly in the MHA and
is tasked with performing selection and mutation. It is another example
of incorporating language and data comprehension into the evolutionary
process.

Language Hyper-Heuristics (LHHs), introduced in [56], use
Reflective Evolution mechanism (ReEvo). In this method GPT-3.5
Turbo, GPT-4 Turbo and Llama 3 are used to verbalize knowledge
and suggestions, called reflections, for further iterations. Based on
LLM’s output a population of heuristics is altered to achieve greater
performance in solving combinatorial optimization problems. LHHs
are compared with another notable method - Evolution of Heuristics
(EoH) [571, which employs LLMs to translate concepts of heuristics
formulated in natural language into runnable code.

Comparison of LLM-based methodology for hyperparameter opti-
mization (HPO) with standard techniques like Bayesian optimization
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and random search can be found in [58]. Similar approach to utiliz-
ing LLMs as parameter advisors and incorporation of feedback rounds is
present in [59,60]. Although, this study is preliminary it sheds light on
the new approach to parameter tuning. These works follow a very sim-
ilar methodology to the original paper used as basis for this study [8].
Large Language Models have also found application in task of Neural
Architecture Search, which is a narrow optimization problem of finding
best neural network architecture. EvoPrompting [53] involves LLMs in
adaptive crossover and mutation mechanisms.

Other methods can include utilizing LLMs for suggesting param-
eters based on analysis of optimization logs [61]. This study evalu-
ated Llama2-70b and Mixtral in optimizing parameters in Evolution
Strategies.

A thorough summary of interactions between LLMs and heuristic op-
timizers can be found in [62,63]. It underlines that this intersection
of techniques is a compelling, and promising area of research, and the
scarcity of methods and unresolved issues justifies a need for additional
investigation.

The intersection of these two concepts provides an abundance of pos-
sible applications. The alternative direction of research is devoted to the
use of LLMs as systems that can design novel metaheuristics [64].

3.1.3. LLMs for heuristic design and generation

A more recent and ambitious research direction investigates the abil-
ity of LLMs to autonomously design new heuristic algorithms. LLaMEA
[65] is an interesting example, where a Large Language Model through
the evolutionary process generates novel heuristic optimizers. MHAs
designed with this framework are reported to outperform classical meta-
heuristics. Another interesting work presents the idea of Algorithm
Evolution using a Large Language Model (AEL) [66]. This paper delves
into the generation of new optimization algorithms through the evo-
lutionary framework and evaluates them on a Traveling Salesman
Problem. Guided Evolution technique [67] explores the ability of LLMs
to directly alter the code through the self-sustaining feedback loop.

Optimizing by Prompting (OPRO) [68] is a framework from Google
DeepMind. This research exploits natural language to generate new solu-
tions, step by step. The prompts used in this approach contain extensive
details about the tasks and the data along with corresponding fitness
values from previous steps. Authors claim, that the goal of this research
was not to outperform state-of-the-art methods, but to showcase LLMs’
optimizing abilities.

3.2. Classical parameter tuning approaches

Apart from advanced tuning techniques involving LLMs and
Evolutionary Computation, there exists a plethora of frameworks that
one can follow in order to tune an algorithm’s parameters. This idea
is strongly present in the field of AutoML, where it becomes impor-
tant to reduce human input (and bias) in the optimization process.
Representative approaches include Deep Belief Networks, Sequential
Model-based Global Optimization, and Gaussian Process methods,
among others [69]. The following paragraphs briefly summarize the
most influential and widely used strategies.

3.2.1. Grid and random search

A standard, and one of the simplest yet successful techniques is grid
search, which systematically explores predefined combinations of pa-
rameter values. There exist numerous studies that dwell on application
of this strategy in various problems [70-72]. However, computational
cost of grid search increases exponentially with the number of parame-
ters, a phenomenon commonly referred to as the curse of dimensionality
[73].

A successor and improvement of search performed on a grid, Random
Search [74], is a step forward. The biggest contribution and advance-
ment introduced by this method is the reduction of human input. Since
there is no grid, there is no need to design it or choose the appropri-
ate values to fill in the mesh of possible value combinations. Random
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search is reported to achieve comparable results to hand-drafted Deep
Belief Networks and outperforms grid search given proportionate com-
putational resources.

Automated parameter optimization can be achieved by leveraging
grid and random search together, in an iterative process as presented in
[75].

3.3. Bayesian and gradient-based optimization

Bayesian Optimization and its improved versions utilize the concept
of statistical modeling of the objective function and sampling. It is suited
for continuous noisy problems. Its performance drops with increasing
dimensionality of the problem, hence it is best suited for domains smaller
than 20 dimensions [76]. Many improvements aim to address mentioned
shortcoming, as in REMBO, through utilization of efficient embeddings
[771.

Gradient calculations allow to streamline solving of many com-
putational tasks. They can also be applied in the field of parameter
optimization. These techniques are based on calculating parameter gra-
dients. This can be achieved by reversing the dynamics of Stochastic
Gradient Descent as in [78]. Forward and reverse propagation of such
gradients and their impact on parameter tuning process are examined in
[791.

Such methods provide high efficiency when gradient information is
available but are less suitable for non-differentiable metaheuristics.

3.3.1. Domain-specific and hybrid methods

Optimization or tuning of MHAs constitutes an important task, since
the impact of parameter values is irrevocable. Usually, such a tuning is
performed manually and can be guided by expert knowledge. However,
this approach is not scalable and does not align with trend for algo-
rithm automation. Motivation for finding solutions that can overcome
mentioned shortcomings results in development for many techniques of
parameter tuning applied to MHAs.

For instance, combination of data envelopment analysis and response
surface methodology yields a hybrid method called DSM. It is evaluated
using Cuckoo Optimization Algorithm. Achieved results can compete
with other approaches in terms of efficiency, computation time, and
accuracy [80].

Gravitational Search Algorithm (GSA) was subject of research that
aimed to establish a generic tuning framework [81]. Idea present in this
paper exploits the knowledge about topological nature of the undertaken
problem. Although, it tested performance of GSA on continuous CEC
2015 function suite, authors claim that presented idea can be reapplied
to other heuristic optimizers regardless of the problem domain.

Autonomous parameter tuning can be accomplished with the use of
racing based learning module [82]. Racing in such setting means incre-
mental assessment of candidate solutions (in this case a solution is a
set of parameter values). Important part of such an approach involves
exclusion of worse performing individuals, as soon as enough evidence
is collected to support such a claim. This technique allows for reducing
equally distributed importance in brute force approaches, hence steer-
ing the search in more promising directions by ruling out weak sets
of parameter values. Detailed classifications and descriptions of other
notable parameter tuning strategies are present in [83], which provide
an extensive taxonomy of existing approaches and their comparative
performance across diverse optimization domains.

4. Proposed methodology

This study aims to investigate the feasibility of tuning the parameters
of metaheuristic algorithms using state-of-the art LLMs in the context
of combinatorial optimization. The research process consists of several
stages, which are described in detail in the attached diagram (Fig. 1)
and include the following steps:
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1. Determining optimization problems - the analysis was performed
for three optimization problems (GCP, JSSP, TSP), for which ten
benchmark instances were selected, thus creating 30 unique test
scenarios.

2. Selecting most suitable heuristic optimizers for solving chosen
problems - LLMs were prompted to identify the most suitable
metaheuristic algorithm for each problem. This was followed by
majority voting to determine top three MHAs per task. LLMs were
consistent with their selection - candidate pool for voting could
be reduced to GA, SA, ACO, and PSO.

3. Querying for parameters - for each problem-instance-optimizer
triplet, various LLMs such as Claude, GPT-40, Gemini, and
Mistral, in addition to a default configuration, were prompted
to recommend parameter values.

4. Solving the problem using MHAs - three selected metaheuristic
algorithms from the pool of: GA, SA, ACO, and PSO were used to
address the problem with the suggested parameters; each config-
uration setup was independently run 30 times to ensure statistical
reliability.

5. Results analysis and feedback - once the problem was solved us-
ing the initially suggested parameters, results were shared back
with the language models for feedback; the models could suggest
changes to the parameters based on the analysis of the outcomes,
enabling further refinement of the strategies. LLMs could pro-
pose adjustments to the parameters, forming a single feedback
iteration. Multiple feedback loops were intentionally avoided, as
repeated LLM querying and rerunning the optimization would
substantially increase computational and time costs.

6. Data collection and analysis - collected data was analyzed to
evaluate the convergence and effectiveness of the various meta-
heuristic strategies in the context of the adjusted parameters.

ask for
parameters

optimization
problems

E

TSP

prompt:

‘What params

are the best for

:> solving
problem

(details)

with given

MH?

10 instances

convergence
plots and tables

again solve problem
with MH

Neurocomputing 675 (2026) 132976

LLMs used based this study were selected in on their the ELO
rating [84] and the geographical availability. Four LLMs were cho-
sen for the experiments: Google’s Gemini, GPT-40 by OpenAl, Claude
from Anthropic, and Mistral Large by Mistral Al. These models are
well-established in the community, their data sources are considered
transparent and ethical, and finally they are available via APIs, which
makes multiple prompting much easier. The fact that these models are
primarily trained with English data is also important, as scientific pa-
pers, which are the basis for the reasoning in this study, are written in
English.

It has to be mentioned that these LLMs were not fine-tuned or ad-
justed to fit the optimization-oriented domain. Taking these systems
off the shelf facilitates comparison of the models in a form, that fully
presents differences and their abilities to effectively guide parameter
tuning process.

Additionally, there exist scenarios where the Large Language Model
could not decide on one exact value. In cases where it suggests a range
of values, the middle one is chosen. What is more, in situations where
LLM cannot decide on any value, the default one is taken.

The single round of feedback collected from LLMs was selected
over contentious parameter refinement in a loop. Introducing multi-
ple feedback iterations would lead to a substantial increase in com-
putational and time costs, since each iteration requires additional
LLM queries and repeated execution of the optimization process.
Automating such loop-based prompting in a stable and reproducible
way is also non-trivial, as model responses can vary between runs
and require careful state management. Therefore, this study concen-
trates on evaluating the LLMs’ ability to provide meaningful one-shot
reasoning rather than performing a complete multi-stage optimization
loop.

solve problem with
MH

GA

SA

feedback
round

initial runs

prompt:
With this set of params,
MH achieved global
optimum and populatio
variance.

Ended run with current
best. How would you
change the param
values?

share results &
adjust parameters

Fig. 1. Experimental pipeline. Prompts are simplified, the exact formulations can be found in Table 1. The framework starts with defining instances of optimization
problems to be solved. In this case TSP, JSSP and GCP are available. In the next step, four LLMs are asked for best parameters for a instance - MHA pairs. Fifth set
of parameters includes default values from mealpy library. Subsequently, problems are solved with the use of three out of GA, SA, ACO, PSO heuristic optimizers.
These solutions constitute a initial round. Next, the LLMs are prompted for their feedback based on achieved performance. LLMs can suggest changes to the parameter
values and calculations are run again - giving the feedback round results. There is no feedback round for default set of parameters. In the end, initial and feedback

results are analyzed together and visualized as convergence plots.
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Table 1
Exemplary prompts used in experiments. Text in italics is adjusted for each setup.
Type Prompt
Selection What are the best heuristic optimizer for solving Graph Coloring
Problem?
Initial I’'m using mealpy library to solve Job-Shop Scheduling Problem. My

problem instance has 20 jobs and 5 machines. I want to use Particle
Swarm Optimization to solve it. Mealpy’s implementation of PSO takes
following parameters: epoch (integer smaller than 100000), pop_size (in-
teger), c1 (float), c2 (float), w (float). In the brackets - I wrote possible
parameter values or their type. Suggest me parameter values in this
problem setup. Give exact values and present them in table.

I'm solving a TSP of 29 cities with the use of GA. I used parameter
values previously suggested by you: epoch = 10000, pop._size =300,
pc=0.8, pm=0.02, selection=roulette, crossover=uniform, mutation_mul-
tipoints = False, mutation=flip. I did run it 30 times and averaged the
results. I got global minimum of 16,168.2305 with std of 442.818. 1
also measured variance of the population at the beginning and last
epoch: 27.9753 and 27.38019 correspondingly, with std of 0.007 and
0.146. The solution at last epoch had average fitness of 20,520.809
with std of 790.537. What changes to the parameters would you sug-
gest to improve performance? Keep the epoch*pop_size constant. Give
exact values and present them in table.

Feedback

4.1. Prompts

Selection of Metaheuristic Optimizers suited for given optimiza-
tion problem was performed with guidance of Large Language Models.
Initially, LLMs were asked for the most suitable MHAs for solving
particular problem.

Once the triplets of problem-instance-MHA were established LLMs
were fed with prompts called initial. These prompts included general in-
formation about problem instance: number of nodes and edges for GCP,
quantity of jobs and machines in JSSP and number of cities in case of
TSP. In addition, the prompts contained details of available parameters,
their names, possible values and expected types.

It can be observed that the initial cue for an LLM contains only
general information about the problem instance rather than a full for-
mulation with actual data. Problems were generalized to numbers that
dictate their complexity. Such an approach encourages LLMs to use their
reasoning skills rather than finding overfitted parameter values directly
associated with the provided data. The latter technique constitutes a
different problem.

Prompts used to establish parameters for feedback runs contained
additional information about achieved performance in initial round, ex-
pressed as average global minimum, average fitness at last epoch and
corresponding standard deviations. In addition, for population based
algorithms, variance of population at the first and last epoch along
with standard deviations was included. Table 1 presents the exemplary
prompts used in this study.

It is worth mentioning that an additional constraint was included
in the feedback prompt. To minimize the chance of getting the obvious
response of increasing the number of epochs and/or population size, it
is required to keep the number of fitness function evaluations constant.
This fosters fairness in comparison between runs and maintains the cost
of calculations.

5. Experimentation

This section describes the experimental setup used in this study,
including benchmark datasets, implementation details and evaluation
metrics to provide a transparent and reproducible procedure for assess-
ing the accuracy and effectiveness of LLM-based parameter tuning.

5.1. Data

To ensure reproducibility and focus on the methodology rather than
the problems themselves, this study uses well-established benchmark
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instances. The use of publicly available data supports transparency and
facilitates comparison with future work.

In the field of combinatorial optimization, OR-Library [85] is a scien-
tifically acclaimed repository of test problems for a wide range of tasks.
It gathers and references data from important research works. Another
valuable source of benchmarks is called a TSPLIB [86]. It is a simi-
lar collection of problems, but strictly devoted to Traveling Salesman
Problem.

In this paper, we selected 10 benchmark instances for each of the
three problems: GCP, JSSP, and TSP, resulting in a total of 30 unique test
cases. Graph Coloring tasks are represented by instances of Mycielski’s
(myciel) and queen graphs. JSSP is featured by instances gathered from
variety of scientific works, including: abz, ft, la and orb examples. Finally,
TSP is exemplified with problems such as ulysses, chn, vrp or period. The
notation used in graphs further in this work follows convention of prob-
lem - MHA - instance. A detailed description of the selected instances is
provided in Appendix A.

To ensure reproducibility, problem instances as well as the code used
in the development of this project are available in the github repository
found under https://github.com/alicjanna/LLMs_as_parameter_tuners.

5.2. Experimental details

All calculations were performed in Python. The important decision
regarding the implementation of MHAs was also driven by LLMs. It was
determined that all four models of our interest are aware of Mealpy
library [87]. Mealpy is an open-source Python library that gathers im-
plementations of a vast collection of metaheuristics and their variations.
As it is a well-known and mature project, LLMs were most likely trained
on Mealpy’s documentation as a part of their training corpora. This not
only reduces the risk of ambiguity associated with individual implemen-
tations of MHAs but also allows us to refer to Mealpy directly in the
prompts.

Tuning process of parameters included all parameters available in
the Mealpy’s implementation of heuristic optimizers used in this study.
The MHAs and their corresponding parameter names are listed below:

Ant Colony Optimizer - epoch, pop_size, sample_count, intent fac-
tor, zeta;

Genetic Algorithm - epoch, pop_size, pc (crossover probability),
pm (mutation probability), selection, crossover, mutation, muta-
tion_multipoints;

Particle Swarm Optimization - epoch, pop_size, c1 (cognitive coef-
ficient), c2 (social coefficient), w (inertia weight);

Simulated Annealing - epoch, temp_init, step_size.

Each parameter setup was run 30 times. It has to be pointed out
that for Initial and Feedback runs, there are 900 unique triplet setups in
total. The computational cost of these calculations was maintained by
an upper limit on number of epochs implemented in Mealpy.

5.3. Evaluation metrics

Assessment of the results obtained requires special measures.
Experimental settings and design of these tests impose the employment
of following metrics:

« average total runtime;

« average objective value (in Mealpy called global best);

« average L1 distance - measures variance in population, where ap-
plicable. L1 was utilized to derive the information about candidate
solutions. As the representation of each individual is a vector, they
can be compared in pairwise manner according to the formula:

LI(A.B) = Y 6(a;.by). ©

i=1
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where q; and b; are i-th elements of vectors A and B and 6 repre-
sents a binary indicator function that equals 0 when g; = b, and 1
otherwise (corresponds to the discrete L1 distance);

count of times when Objective Value of LLM-guided setup achieved
better performance than default or grid search-guided (compari-
son) setups. It is expressed as:

30
LLM gy = Y OV (epochyuy) 1 pr > OV (€POChyg)comp: (10)

i=1

where OV is the Objective Value and epoch,,,, refers to the last

epoch for given run.

max

Results for both rounds, Initial and Feedback, are averaged over 30
runs for each. This ensures statistical significance and reduces the risk
of drawing conclusions based on random outcomes.

6. Results

The experimental findings demonstrate that Large Language Models
can efficiently guide the tuning process for combinatorial problems.
LLM-based runs of MHAs can exhibit superior performance compared
to default runs and present the ability to improve their achievements
with just one iteration of feedback.

Fig. 2 presents convergence plots for representative instances across
all tested problems and MHAs. Each subplot illustrates how objective
values evolve over the course of optimization. Due to the repetitive
convergence patterns observed across instances, only one representative
plot per problem-MHA combination is included. To facilitate compari-
son, convergence curves are differentiated by line style and color: solid
lines correspond to the Initial tuning phase, dashed lines represent
Feedback-based refinement, whereas the default configuration (used
only in the Initial phase) is depicted as a distinct solid line. Colors are
used to distinguish between LLMs and the default setup.

It is advised to look at the plot in terms of default performance com-
pared against LLMs. The second angle of analysis includes comparison
of lines within the same color. Ideally, a faster convergence of dashed
lines would be expected.

For visualization clarity, most plots were truncated at 1000 or 3000
generations on the x-axis, even though runs were usually scheduled for
up to 10,000 generations. This adjustment was made because the ma-
jority of convergence dynamics occur early in the optimization process,
and it allows better visual contrast between different configurations.

6.1. LLMs’ awareness of benchmark problems

At the beginning of the process of experiment conceptualization and
pipeline design, the idea to test LLMs’ awareness of benchmark in-
stances was explored. This concept was later abandoned as the models
hallucinated about the problems and their instances or presented just
general knowledge, that was meaningless and did not imply an under-
standing of particular benchmarks. On the other hand, given that the
potential awareness of problems and their corresponding data would
not foster an environment to conclude reasoning skills of LLMs, but
rather just test their training sets. It should be mentioned that, with the
dramatically rapid development of language models, they could soon
potentially extend their awareness of benchmarks and reduce the effect
of hallucinations.

6.2. Model’s laziness

The number of cities in selected Traveling Salesman Problem in-
stances was not distributed evenly. An interesting observation was made
during the prompting stage of the experiment. It appears that Large
Language Models often fall into laziness and can suggest useless val-
ues. It was discovered via prompting models in two ways. First would
attempt to ask for all parameters at once. The prompt contained infor-
mation about all problem instances at the same time. In this way, LLM
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answered with a table where generations and population sizes would
increase linearly. It would be expected not to increase dramatically the
computational cost between problems defined on 16, 20 and 22 cities,
yet Large Language Models fell into this trap. However, prompting about
each problem instance separately mitigates this behavior of LLMs. It is
essential to keep the number of fitness function evaluations as low as
possible since it is a driver of computational cost. A valuable lesson
learned from this is to always write separate prompts, as models tend
to overestimate the numbers of generations and population sizes when
asked for multiple parameters at once.

6.3. Comparison with default runs

Tables 2 and 3 present aggregated statistics for evaluating LLM-based
runs against default ones. These tables follow convention of counting
how many times given setup was better (+), worse (—) or there was
no significant difference (0) between runs. This was performed with a t-
student test for comparing distributions of Objective Values at particular
epoch. Each vector had 30 elements, because each setup was run this
many times. Counts within the problem-MHA pair add up to 10, as it is
the number of problem instances solved in such a setting.

The key difference between Tables 2 and 3 is in the evaluation point.
The first table shows results at the last epoch for LLM and default runs,
which is not always a fair way of comparing results. Second table,
inspired by looking at convergence plots, contrasts Objective Values
at min(max(epochp p pr), max(epochy, r,y,))- In this way, it is possible to
grasp the convergence dynamics regardless of the number of epochs
(generations).

Intuitively, a fair comparison increases LLM performance. Default
setups are scheduled to run for 10,000 epochs, which usually exceed
the epoch value for LLM-advised parameters. In addition, the number of
nonsignificant differences rose from 42 to 195 - which implies that the
convergence is aligned together.

6.4. Graph Coloring Problem

Fig. 2 shows convergence dynamics for 3 problem instances solved
with different metaheuristics.

In the case of GA, almost all LLMs achieved rapid convergence in the
early stages of optimization, outperforming the default configuration in
terms of speed. However, this advantage did not translate into better
final results. The default configuration ultimately reached a lower ob-
jective value than any of the LLM-guided runs. Only Gemini marginally
improved its outcome in the Feedback round, while Claude and GPT-40
exhibited slightly worse performance after refinement.

For PSO - myciel6, GPT-40 stands out as the only model that pro-
duced a configuration outperforming the default after the Feedback
round. The remaining LLMs either matched or underperformed rela-
tive to the baseline, particularly in the Feedback stage. Gemini in that
case proposed small number of evaluations (epoch * pop_size) making
it hard to count as promising solution. However, it achieved a huge
improvement with feedback round.

The most consistent and positive results were observed in the
SA-myciel4 scenario. All LLMs (except Gemini after feedback) managed
to produce significantly better configurations than the default setup,
both in terms of convergence speed and final objective value. Feedback
refinement led to even better results in most cases, with Claude and
GPT-40 achieving near-optimal solutions.

SA appears to benefit most from this approach, whereas GA and PSO
reveal potential limitations of generic prompting and suggest the need
for more adaptive or instance-specific strategies. Table 3 supports this
hypothesis with 31 setups performing significantly better than default,
which exceeds 3 setups for both, GA and PSO.

6.5. Job-Shop Scheduling Problem

In the ACO-lal0 instance, GPR-40 achieved substantial improve-
ments over the default configuration. The Feedback round further
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GCP - GA - myciel3

GCP - PSO - myciel6
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Fig. 2. Selected convergence plots for proposed procedure. These graphs present the dynamics of convergence to the global optimum. Colors denote source of
parameter values (either a particular LLM or a default set) while line style refers to the run type - with solid line meaning initial run and dashed line presenting
feedback. Each row of graphs depicts different optimization problem (GCP, JSSP, TSP). Within such row there is a one plot for each Heuristic Optimizer (ACO, GA,
PSO, SA - displayed in alphabetical order) used to solve these. Instances were chosen randomly. Ideally, dashed lines should exhibit faster convergence than their

solid counterparts.

enhanced performance, with Claude and GPT-40 achieving the lowest
final objective values.

The GA - lal3 highlighted the superior performance of Claude,
whose Feedback configuration outperformed all others and reached a
final objective value significantly lower than the default setup. While
GPT-40 and Gemini models also produced better-than-default results,
the benefits of the Feedback round were limited to Claude, suggesting a
model-specific ability to refine GA’s more complex configuration space.

PSO - orb01 - although LLMs enabled faster early convergence than
the default configuration, final objective values converged to a simi-
lar range across all methods. Notably, Gemini and Claude experienced
performance degradation in the Feedback round, implying that fur-
ther tuning disrupted the optimizer’s balance. PSO’s behavior in JSSP
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is particularly sensitive to over-tuning and may benefit from more
conservative feedback strategies.

Genetic Algorithm seems to be reacting most positively to LLM sug-
gestions. Table 3 shows that 21 setups performed better than default.
Interestingly, feedback round introduced increased performance only in
the case of PSO and Mistral pair, with change from 1 to 2 in the counts.

6.6. Traveling Salesman Problem

The results for the TSP demonstrate the strong capability of LLMs
to improve both convergence dynamics and final solution quality for
GA and SA. In those two instances the LLM-guided parameter setups
significantly outperformed the default configurations. Fair assessment
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Comparison of LLMs against default runs at last epoch. + indicates how many times LLM solution was better than default,
0 denotes no significant differences between 30 runs, and - refers to runs worse than default runs. Statistical significance

was established using a t-student test.

Claude Gemini GPT-40 Mistral Grand Total
Initial Feedback Initial Feedback Initial Feedback Initial Feedback
GCP GA + 1 1
0 1 1
- 10 10 10 9 10 10 9 10 78
PSO + 1 2 3
0 2 1 2 5
- 10 7 10 9 10 8 10 8 72
SA + 5 4 1 1 8 7 4 3 33
0 1 3 2 6
- 5 5 9 6 2 3 6 5 41
JSSP ACO +
0
- 10 10 10 10 10 10 10 10 80
GA + 4 1 4 1 5 2 17
0 2 2 1 2 1 1 9
- 4 7 9 10 4 8 4 8 54
PSO + 1 1 2
0 1 1 2
- 9 9 10 10 9 9 10 10 76
TSP ACO +
0
- 10 10 10 10 10 10 10 10 80
GA + 6 4 3 6 4 2 25
0 1 1 3 2 1 8
- 3 6 6 10 4 7 4 7 47
SA + 7 3 4 6 6 6 6 7 45
0 4 3 1 1 1 1 11
- 3 3 3 3 3 3 3 3 24
Total + 22 13 8 8 25 17 19 14 126
Total 0 4 10 5 5 3 5 5 5 42
Total - 64 67 77 77 62 68 66 71 552

of ACO is impossible, due to the limited number of epochs for LLM-
guided runs. Looking at convergence curves for TSP - ACO - period] is
not definitive, as shorter runs could potentially outperform the default
one.

Traveling Salesman Problem seems to be the most explored one, with
regards to literature and attention, however this is not reflected by im-
provements in feedback runs. Only Gemini and GPT-4o0 scored better
Objective Value in TSP - SA - chn30 triplet.

When analyzing Table 3 for TSP the Simulated Annealing achieves 69
counts globally. It is the highest result among all problem-MHA pairs.
Result for TSP-GA of 28 is the second best. This highlights the mean-
ing of academic presence of problems and heuristic optimizers on the
knowledge of Large Language Models. Importantly, ACO is not underper-
forming compared to default runs - with 56 counts in the nonsignificant
difference column.

6.7. Comparison with grid and random search procedures

In order to further evaluate LLMs’ applicability as tuning agents ad-
ditional experiments with grid search and random search procedures
were conducted. Again, for compatibility, Mealpy’s implementations of
both were utilized. In this scenario, only limited amount of setups was
analyzed - one problem-instance-MHA triplet for every problem. Such se-
lection covers all tasks and heuristic optimizers. The selected triplets
are:

+ GCP - SA - myciel3,
« JSSP - PSO - abz5,
« TSP - GA - burmal4.
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Grids of possible parameter values were established with regard to
the bounds present in LLM-based runs. Each obtained grid search setup
was run 5 times and the best one was preserved to conduct the full calcu-
lation process (30 runs) to ensure fair comparability with other results.
Mealpy’s implementation of random search can repurpose these grids in
its calculations.

Graph Coloring Problem instance myciel3 was selected to be solved
by Simulated Annealing. In a search process it was determined
that temp_init = 500 and step_size = 0.95 yield best results. Grid
search process for Traveling Salesman Problem, Genetic Algorithm and
burmal4 instance resulted in selection of pop_size = 150, pc = 0.85
and pm = 0.2, whereas Job-Shop Scheduling Problem PSO for abz5 in-
stance gave the best results with pop_size = 100, c1 = 1.75,c2 = 1.5,
and w=0.7.

Random search procedure selected different parameter values for
all 3 tested setups. myciel3 had temp_init = 10 and step_size = 0.95,
burmal4 ended with pop_size = 100, pc = 0.9 and pm = 0.1. PSO pa-
rameters selected for abz5 were pop_size = 100, c1 = 2, c2 = 2.5, and
w=0.6.

Although, analysis of Table 4 shows the superiority of grid search and
random search over LLM runs the computational cost has to be taken into
consideration. Figures depicting average convergence dynamics present
counter-intuitive (not supported by tabular results) outcomes. Looking
at these plots one can analyze them in two separate manners. First
covers contrasting searches with default runs (blue and green versus
orange lines), whereas second includes comparisons with runs based on
parameters suggested by LLMs.
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Table 3
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Comparison of LLMs against default runs at min(max(epochy;,,), max(epochdefauh)). + indicates how many times LLM
solution was better than default, 0 denotes no significant differences between 30 runs, and — refers to runs worse than
default runs. Statistical significance was established with a t-student test.

Claude Gemini GPT-40 Mistral Grand Total
Initial  Feedback  Initial  Feedback  Initial  Feedback  Initial  Feedback
GCP GA + 2 1 3
0 1 1 1 3
- 10 9 9 10 10 9 9 74
PSO + 1 1 1 3
0 2 1 2 3 2 14
- 8 54 9 9 8 6 10 8 63
SA + 5 4 1 1 8 6 3 3 31
0 1 3 1 1 2 8
- 5 5 9 6 2 3 6 5 41
JSSP ACO + 1 1 2
0 8 10 3 4 5 6 6 5 47
- 2 7 4 4 4 5 31
GA + 5 3 4 1 6 2 21
0 1 2 6 1 3 1 1 15
- 4 5 4 9 3 8 4 7 44
PSO + 1 1 1 1 2 6
0 7 3 4 1 2 5 3 6 31
- 2 7 6 9 7 4 6 2 43
TSP ACO + 1 1 2
0 9 9 5 5 7 7 6 56
- 1 5 5 3 3 4 22
GA + 6 4 4 6 5 3 28
0 2 1 3 3 2 11
- 2 6 5 10 4 7 2 5 41
SA + 9 6 9 10 8 9 9 9 69
0 1 3 1 2 1 1 1 10
- 1 1
Total + 26 19 14 15 28 19 24 20 165
Total 0 30 33 22 14 21 28 22 25 195
Total - 34 38 54 61 41 43 44 45 360
Table 4 « for TSP - LLM feedback (Claude) slightly outpaces grid and random
Comparison of LLMs against default random and grid searches at search in early convergence.

min(max(epochy y p), max(epochy, r,))- + indicates how many times LLM
solution was better than search-based, 0 denotes no significant differences
across 30 runs, and - refers to runs worse than default runs. Statistical
significance was established using a t-student test.

LLM Run Random Search Grid Search
TSP JSSP GCP GCP
GA PSO SA SA
+ 0 - + 0 - + 0 - + 0 -
Claude Initial 1 1 1 1
Claude Feedback 1 1 1 1
GPT-40 Initial 1 1 1 1
GPT-40  Feedback 1 1 1 1
Gemini  Initial 1 1 1 1
Gemini  Feedback 1 1 1 1
Mistral ~ Initial 1 1 1 1
Mistral ~ Feedback 1 1 1 1
default Initial 1 1 1 1

Fig. 3 illustrates convergence behavior across methods. In the
GCP case, random search significantly outperforms most other
configurations, achieving optimality rapidly. However, this trend is less
consistent in the remaining cases:

« for JSSP, both grid/random and LLM-based feedback runs achieve
comparable convergence rates,
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Fig. 4 illustrates contrast, with average runtime for exhaustive
search-based methods (grid and random search) significantly exceed-
ing that of LLM-guided setups. Notably, for both GA and PSO, grid
and default configurations incur the highest computational costs, with
default PSO running over 450 s on average. LLM-based initial and
feedback runs remain consistently efficient, with average runtimes
rarely exceeding 10 s (with the exception of GPT-40). Intuitively, ran-
dom search works faster than a grid search. However, it should be
mentioned that these times depend highly on the parameter land-
scape. This highlights a clear trade-off between performance and
cost, emphasizing the practical appeal of LLM-driven tuning in time-
constrained scenarios. GCP - SA - myciel3 was not included in Fig. 4,
as for this setup all times are consistently low (around 3 s). JSSP
- PSO - abz5, TSP - GA - burmal4 triplets were used for this
analysis.

The computational and environmental cost of prompting Large
Language Models is also an important factor to consider when evaluating
the feasibility of proposed solutions. Prompting LLMs does not intro-
duce time overhead (when models are not thinking) as they work nearly
in real time. Allowing newer models to work in the reasoning mode
increases the computational time to obtain parameters, but is still con-
tained within a minute per request. Compared with exhaustive search
procedures, LLMs have a time advantage over them. It should be men-
tioned that reasoning mechanisms in Large Language Models were not
utilized in this study and can be used to deepen the exploration of the
presented topic.
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Fig. 3. Convergence plots with addition of Grid Search and Random Search procedures.

6.8. Additional remarks

Over the course of experimentation process some tendencies of se-
lected large language models were observed. It was discovered that Le
Chat by Mistral Al is likely to overestimate the parameters. Often times
it would suggest the numbers of generations that exceed the limit imple-
mented in the Mealpy library (100k generations). Runs based on Mistral
Al suggestions are the most expensive in terms of computational cost.
In contrast, Gemini tends to select substantially shorter experiments, by
lowering the amount of suggested epochs.

It is worth mentioning, that at the early stage of experimentation
Llama3 [88] was also considered as part of tested models. However,
looking at parameters selected by Llama3 it can be said that this model
does not exhibit awareness of heuristic optimizers at satisfactory level.
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Llama’s suggestions were close to random and usually proposed maxi-
mum possible number of epochs. These were the reasons that supported
the decision not to proceed with Llama3 further in the computation
process.

Interestingly, models displayed completely different idea of what
a step size parameter in Simulated Annealing is. The range of values
suggested is correlated with the Large Language Model. The param-
eter itself is a float with default value equal to 0.1. GPT-40 out-
puts values close to 3.6 on average, whereas values from models
like Mistral AI or Claude oscillate around 26 and 1.17, respectively.
Having these differences in mind, one can conclude that LLMs have
considerably different understanding of the mechanisms in heuristic
optimizers.
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Fig. 4. Average time of calculations, gathered over 30 runs per each triplet configuration. GA runs were calculated based on burmal4 instance of a Traveling Salesman
Problem, whereas PSO was gathered for abz5 instance of JSSP. The values for Gemini-based runs for Genetic Algorithm are exceptionally low with 0.63 and and
1.03 s for initial and feedback runs correspondingly. It is due to the low amount of generations used in these runs.

7. Conclusions

Conducted experiments gathered substantial evidence that can sup-
port the claim stating that Large Language Models can cautiously guide
the process of parameter tuning for MHAs. However, their performance
is not always consistent and depends heavily on the level of exploration
of a particular MHA in the research community. The popularity of the
problem also plays an important role, as results show that the MHA-
problem pairs that are well-established seem to be better understood by
Large Language Models.

It was proven that prompts containing high-level information about
the problem and achieved results are suitable bases for effective LLM
decision-making. The exact data does not need to be fed to the model
to get the desired recommendations. There are ways prompts could be
further refined, especially those used for feedback rounds. Adding addi-
tional information about possible values of parameters could reduce the
model’s confusion.

A series of experiments showed that there is no single model that
would outperform others. Yet, some of LLMs have general tendencies to
overestimate certain values or fail to understand particular parameters
of heuristic optimizers. Llama3 is an example of such a model, which
proposed close to random values, that were additionally inconsistent in
their logic.

Studies conducted on 10 instances of Graph Coloring Problem, Job-
Shop Scheduling Problem, and Traveling Salesman Problem, utilizing
4 heuristic optimizers guided by 4 distinct LLMs in two rounds of
prompting for parameter values, showed that Large Language Models
can be helpful when working with MHAs. Results present that LLMs
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have abilities to draw conclusions from previous runs, yielding improve-
ments in the feedback round of calculations. It is not consistent, but
more careful choice of feedback prompts can potentially strengthen this
behavior.

Other observations from the data suggest that LLMs may over-
fit or misestimate optimal values for smaller problem instances when
prompted globally. Small problems are not always representative of
Large Language Model’s skills. The sensitivity of MHAs to parame-
ter choices suggests that poor prompt design or overestimation of
population parameters may have a negative impact on exploration
process.

In order to overcome the shortcoming of LLMs’ bound to presence of
code documentation and research papers in their training set one could
train a language model to specialize in the field of optimization. It can be
beneficial because works in this area are constantly being published. A
RAG or Al-optimizing agent distilling recent and canonical papers could
have a better understanding of parameter meanings and suggest better
values.

Another way of improvement is expansion of the idea of the feed-
back round. In this study, there was only a one iteration of it. Potential
enhancement could involve more rounds of informed parameter sugges-
tions, given the refinement of feedback prompt. Increasing the success
rate between initial and feedback round is the crucial preliminary step
for further improvements.

This study explored canonical problems and heuristic optimizers.
It would be interesting to see, if language models can deal with less
popular MHAs - as this would be a paramount experiment of their
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reasoning. Still, one has to remember that this performance would be
highly dependent on presence of data in the training set.

Both fields of MHAs and LLMs, are constantly growing, and it is
exciting to see what their future integration will bring.
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Appendix A. Benchmark instances of problems

See Table A.5.

Table A.5
Details of benchmark instances used in experiments.

problem characteristic instance details source

GCP number of vertices and edges myciel3 11 20 [45]
myciel4 2371 [45]
myciel5 47 236 [45]
myciel6 95 755 [45]
myciel7 191 2360 [45]
queen5_5 25160 [45]
queen6_6 36 290 [45]
queen?7_7 49 476 [45]
queen8_8 64 728 [45]
queen9_9 81 2112 [45]

JSSP number of jobs and machines abz5 1010 [89]
abz6 1010 [89]
ft06 66 [90]
ft10 1010 [90]
1a01 105 [91]
1a02 105 [91]
lal0 155 [91]
la13 205 [91]
1a20 1010 [91]
orb01 1010 [92]

TSP number of cities burmal4 14 [86]
ulysses16 16 [86]
chn20 20 [93]
ulysses22 22 [86]
bays29 29 [86]
chn30 30 [93]
att48 48 [86]
vrp8 50 [94]
vrp9 75 [94]
periodl 127 [95]

Data availability

Data is publicly available.
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