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 A B S T R A C T

Metaheuristics are widely used to address complex optimisation problems where traditional exact methods 
are computationally infeasible or insufficiently flexible. With the rapid advancement of artificial intelligence, 
large language models, such as ChatGPT, Claude, Gemini, and LLaMA, have emerged as powerful tools capable 
of enhancing, automating, and adapting various stages of the optimisation process. This systematic literature 
review investigates the evolving role of large language models in metaheuristic optimisation, with a focus on 
algorithm generation, parameter tuning, hybridisation, constraint handling, and multi-objective optimisation. 
Following PRISMA guidelines, 25 studies from nine major scientific databases were selected and analysed. 
Through thematic analysis, a novel role-based taxonomy was developed that categorises large language model 
contributions into four functional roles: Advisor, Refiner, Enhancer, and Innovator. The findings demonstrate 
that large language models support the automation of metaheuristic workflows, enable dynamic adaptation, 
and contribute to the creation of novel heuristic strategies. Despite these advantages, the review also identifies 
persistent limitations, including prompt sensitivity, computational overhead, and scalability challenges. These 
issues highlight the need for more robust evaluation frameworks and benchmarking practices. This review 
offers a comprehensive synthesis of the current landscape, highlights research gaps, and provides actionable 
insights for researchers and practitioners aiming to integrate large language models into advanced optimisation 
systems across domains such as engineering, logistics, and computational design.
. Introduction

The field of computational intelligence has undergone significant 
ransformation in recent decades, driven by unprecedented advances 
n algorithms, data availability, and computational infrastructure. Algo-
ithms have become substantially more scalable, accurate, and robust, 
aking them suitable for a wide range of applications. The increased 
vailability of data, fuelled by widespread interest in data collection 
nd analysis, has further expanded the scope of computational mod-
lling. Simultaneously, the growth of cloud computing has led to the 
evelopment of large-scale data centres, and computing resources have 
ecome increasingly accessible. Collectively, these advancements have 
nabled researchers to address previously intractable challenges across 
arious domains [1].
Computational intelligence typically comprises three main sub-

ields: artificial neural networks, fuzzy logic, and evolutionary com-
utation. The key developments in these three areas are shown in 
ig.  1. In artificial neural networks, back-propagation, which was 
roposed in the 1980s [2], remains the main principle for training 
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neural networks today. In 2010, deep learning marked the next big step 
forward, which allowed neural networks to have multiple hidden layers 
[3]. This improved their ability to recognise patterns, process complex 
data, and handle various tasks, like image and speech recognition. 
This advancement created new possibilities for Artificial Intelligence 
(AI) and supported important research and applications in different 
industries. In 2020, another milestone came with the development of 
transformer architectures. Transformers [4] use attention mechanisms 
to focus on relevant parts of input data. This makes them highly 
effective for processing natural language. These innovations resulted 
in the invention of Large Language Models (LLMs) that can understand 
and generate human-like text [5]. The capabilities of deep learning 
combined with transformers led to an unprecedented global interest 
in AI by the end of 2021. In 2022, tools like ChatGPT, Gemini, and 
Claude LLMs became very popular, and this marked the start of a new 
AI boom. These tools have made advanced AI more accessible to the 
public and businesses, leading to widespread applications in education, 
customer service, content creation, and beyond.
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Fig. 1. Major breakthroughs in artificial neural networks, fuzzy, and evolutionary computation. The curves are not to scale but represent general trends in performance improvements 
across stages, such as accuracy, application, and automation.
In the field of evolutionary computation, early methods called 
heuristics appeared in the 1960s. These methods included techniques 
like greedy search and the A* algorithm. Greedy search works by 
making locally optimal choices in each step to find a quick solution for 
a given problem. For instance, the A* algorithm, which is usually used 
in graph theory and combinatorial optimisation, improved pathfinding 
by combining both the cost to reach a node and the estimated cost 
to the goal. The limitation of these early algorithms was that they 
were problem-specific. This means that they worked only for partic-
ular types of problems. This issue was addressed by the introduction 
of metaheuristics [6], which are broader, more adaptable strategies. 
Metaheuristics expanded the applicability of optimisation algorithms, 
generating considerable research interest and growth in the evolution-
ary computation community. This shift led to the development of many 
new algorithms for various applications. In recent years, we have also 
seen a move towards more automation in evolutionary computation. 
Hyper-heuristics were introduced to reduce human intervention by 
automating the selection and combination of heuristics [7]. This allows 
systems to adapt more easily and makes the field even more versatile 
and accessible for complex problem-solving.

Recent studies have demonstrated the versatility of hyper-heuristics 
and metaheuristics across a range of real-world decision problems. 
For instance, Dey et al. [8] applied a metaheuristic-based ensemble 
method for cyber threat detection in IoT networks, which addresses 
the challenge of high-dimensional feature selection. Zuhanda et al. [9] 
proposed a hybrid optimisation framework for solving vehicle routing 
problems with shipment consolidation, which combines population-
based and swarm intelligence techniques. Similarly, Rahman et al. [10] 
developed a decision support system for e-waste recycling operations 
using a bio-inspired optimisation algorithm. These examples show the 
growing adoption of metaheuristics in critical domains, which rein-
forces the value of further enhancing their design and integration 
through LLMs.

Fuzzy logic [11] has likely grown more slowly than artificial neural 
networks and evolutionary computation, as there have been no major 
changes in the last 30 to 40 years. It began with the proposal of fuzzy 
sets in the 1960s, and these sets introduced ways to handle vague or 
uncertain information, where values are not simply true or false. Later, 
fuzzy control systems were developed, which allowed for smoother and 
more flexible control in applications that needed to handle uncertainty. 
Eventually, type-2 fuzzy systems were introduced that provided an even 
better way to manage complex uncertainties by allowing ‘‘fuzziness’’ 
2

in the rules themselves. Despite these advancements, progress has re-
mained steady but slow. The main concepts of fuzzy logic have largely 
stayed the same over the decades. Today, fuzzy logic remains useful 
in fields such as control systems, decision-making, and engineering, 
where it helps manage imprecise information. However, as artificial 
neural networks and evolutionary computation have advanced rapidly, 
fuzzy logic is often used alongside these newer technologies, rather 
than standing alone. This integration allows systems to combine the 
strengths of each approach and create more adaptable and resilient 
solutions.

Despite the differences between artificial neural networks, evolu-
tionary computation, and fuzzy logic, they share some common trends. 
As shown in Fig.  1, all three areas have seen rises in accuracy, appli-
cability, and automation. Each field has made systems more precise 
and capable of handling complex tasks with less human input. Among 
the major breakthroughs, the development of transformers and LLMs 
has had a particularly high impact on the general public. LLMs have 
demonstrated the potential of digital intelligence through large-scale AI 
systems, changing how we interact with technology in everyday life. 
If advancements continue at this pace, we may soon reach Artificial 
General Intelligence (AGI), also known as human-level AI, which would 
represent the highest level of automation, where computers could 
match human cognitive abilities. This would mark a major milestone, 
bringing us closer to creating systems that can think and learn like 
humans.

As discussed above, artificial neural networks and evolutionary 
computation have undergone many major changes with recent atten-
tion and adoption. Due to the novelty of paradigms like LLMs and 
hyper-heuristics, and despite many studies in these areas, we see a 
growing niche area with potential impact in the future, as shown in Fig. 
2. This figure shows that the intersection of LLMs and optimisation rep-
resents a growing niche where AI and optimisation techniques enhance 
each other. This means that LLMs and optimisation algorithms work 
together to perform different tasks. This collaboration between LLMs 
and optimisation algorithms across distinct tasks motivated researchers 
to investigate the current state-of-the-art in this emerging field. As a 
result, recent studies, such as [12–15], have begun exploring the inte-
gration of LLMs with metaheuristics, focusing on specific algorithmic 
improvements and applications.

Fig.  3 illustrates the evolution of LLMs, which highlightes key 
breakthroughs that have shaped their development. The timeline begins 
with the resurgence of deep learning in 2010, which provided the foun-
dation for modern artificial intelligence systems. A significant milestone 
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Fig. 2. The intersection of LLMs and Optimisation, which represents a growing niche 
where AI and optimisation techniques enhance each other.

Fig. 3. Evolution of large language models.

was reached in 2017 with the introduction of the Transformer archi-
tecture [4], revolutionising natural language processing by enabling 
models to process entire sequences efficiently. In 2020, OpenAI released 
Generative Pre-trained Transformer-3 (GPT-3), marking the first large-
scale generative model capable of human-like text generation. The 
widespread adoption of LLMs accelerated in 2021, leading to the launch 
of ChatGPT in 2022, which sparked a global AI boom [16]. More 
recently, LLMs have extended their applications beyond traditional 
natural language processing, entering the field of metaheuristic op-
timisation in 2023, where they have been leveraged for algorithm 
design, parameter tuning, and solution generation. As shown in Fig. 
3, this progression continues into 2024, with growing research interest 
in integrating LLMs into optimisation and computational intelligence, 
opening new frontiers for hybrid AI-driven problem-solving.

The integration of LLMs into metaheuristic optimisation represents a 
transformative shift in computational intelligence, offering capabilities 
that traditional methods lack. Unlike classical metaheuristics, which 
often require manual fine-tuning, heuristic selection, and extensive 
3

domain expertise, LLMs bring a new level of automation, adaptability, 
and self-learning to the optimisation process. With their ability to 
process unstructured data, dynamically adapt parameters, and gen-
erate novel solutions, LLMs offer a promising avenue for addressing 
complex optimisation problems. LLMs have the capability to handle 
unstructured data, create optimisation strategies, and adjust parameters 
dynamically, reducing the need for manual heuristics and making 
it easier to solve complex problems. Moreover, LLMs enable intelli-
gent decision-making and hybrid optimisation approaches by acting as 
adaptive controllers, assisting in algorithm selection, and even gener-
ating novel heuristic variations in real-time. These models can enhance 
exploration-exploitation trade-offs, mitigate premature convergence, 
and provide explainability, an often-overlooked aspect of traditional 
metaheuristics. As a result, LLM-driven optimisation holds immense 
potential to outperform classical techniques, particularly in dynamic, 
multi-objective, and constrained environments.

Recent survey studies such as [13–15] have started exploring the 
intersection of LLMs and metaheuristics, providing foundational in-
sights into their integration. Specifically, Zhao et al. [13] discuss how 
LLMs can assist in designing new metaheuristics, which intensifies 
key mechanisms through which they contribute to heuristic search. 
Meanwhile, the work of Wu et al. [14] offers a broad review of 
LLM-driven metaheuristic strategies and categorises their applications 
in different optimisation tasks. These studies indicate that LLMs are 
becoming a key component in modern metaheuristic research, which 
further motivates the current systematic review. Despite the rapid 
advancements in LLM-driven metaheuristic optimisation, the field re-
mains fragmented, with studies exploring different aspects in isolation. 
Existing research primarily focuses on individual algorithmic improve-
ments or specific applications, which lack a structured, overarching 
perspective on how LLMs are transforming metaheuristic optimisation. 
Moreover, researchers and practitioners face challenges in identify-
ing best practices, understanding emerging trends, and recognising 
limitations that require further investigation.

While these surveys provide useful overviews of how LLMs are 
entering the field of metaheuristics, they remain high-level in nature. 
Zhao et al.  [13] takes a broader perspective on automated meta-
heuristic design and includes LLMs as one of several enablers, but 
does not offer a focused classification of LLM roles. Wu et al.  [14] 
proposes a taxonomy of LLM and evolutionary algorithms’ interactions, 
however, primarily summarises application domains rather than estab-
lishing a consistent comparative structure across studies. These studies 
primarily focus on summarising emerging methods or listing LLM-
supported optimisation strategies without applying a consistent clas-
sification scheme or comparative framework. In addition to these, [15] 
provides a comprehensive dual-perspective review that analyses both 
the use of LLMs to assist optimisation algorithms and the role of 
optimisation techniques in improving LLM architectures. Their work 
contributes a broad but less structurally focused overview, primarily 
categorising integration strategies across domains such as black-box 
optimisation, reinforcement learning, neural architecture search, and 
prompt tuning. While this dual analysis offers valuable breadth, it lacks 
a role-based classification of LLM contributions or a comparative syn-
thesis across studies. This further motivates the need for a structured, 
role-centric review that systematically categorises LLM contributions.

This systematic literature review addresses a timely gap in the 
optimisation literature by exploring the integration of LLMs with meta-
heuristic algorithms, which represent one of the most cutting-edge 
developments in computational intelligence. Despite the rapid rise of 
LLMs across AI domains, their role in optimisation remains under-
explored and fragmented across diverse studies. This review aims to 
systematically analyse the diverse and evolving roles of LLMs in meta-
heuristics, categorising their applications, examining current method-
ologies, and identifying their impact on optimisation workflows. In 
doing so, it provides a foundational reference for researchers aiming 
to leverage LLMs in algorithm design and for practitioners seeking 
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to implement advanced, AI-driven solutions in real-world problem-
solving. In this study, we introduce a structured, role-based taxonomy 
to categorise LLM contributions as Advisors, Refiners, Enhancers, or 
Innovators based on their position in the optimisation workflow. We 
also perform a thematic analysis across 25 studies, which enables a 
more detailed synthesis of how LLMs contribute to each stage of al-
gorithm design, parameter tuning, hybridisation, and problem-solving. 
This structured and fine-grained approach makes our review both 
broader in scope and deeper in analysis than previous surveys, which 
offers a comprehensive foundation for future research in LLM-driven 
optimisation. The study also outlines critical limitations in this space 
(e.g. prompt dependency, lack of benchmarks, scalability, etc.) and of-
fers a roadmap for future research. Through this detailed and thematic 
exploration, the review aims to advance understanding of how LLMs 
are shaping the future of intelligent optimisation systems.

The remainder of the paper is organised as follows: Section 2 
provides preliminaries and essential definitions needed to understand 
LLMs and evolutionary computation techniques. The methodology of 
the current systematic literature review is given in Section 3. Section 4 
presents the results and critical analysis of the works reviewed in the 
literature. A thematic analysis is conducted in Section 5 to identify 
trends and gaps. This section also proposed a role-based taxonomy. 
Section 6 includes a discussion and promising future directions. Finally, 
the limitations and conclusions are given in Section 7 and Section 8, 
respectively.

2. Preliminaries and essential definitions

Optimisation and generative AI form the core of this systematic 
review. These foundational concepts are essential for understanding the 
synergy between metaheuristic techniques and LLMs. Therefore, this 
section provides some of the most fundamental concepts and essential 
definitions in optimisation and generative AI.

2.1. Optimisation and metaheuristics:

Optimisation is the process of searching a set of candidate solutions 
for a given optimisation problem and finding the best one(s). Without 
the loss of generality, an optimisation problem can be formulated as a 
minimisation problem as follows [17]: 
minimise 𝑓 (𝑥1, 𝑥2,… , 𝑥𝑛) (1)

Subject to the following constraints: 
𝑔𝑚(𝑥1, 𝑥2,… , 𝑥𝑛) ≤ 𝑏𝑚
ℎ𝑝(𝑥1, 𝑥2,… , 𝑥𝑛) = 0

(2)

where 𝑥𝑖 is the 𝑖th decision variable, 𝑓 represents the objective func-
tion, 𝑔𝑚 is the 𝑚th inequality constraint, and ℎ𝑛 is the 𝑛th equality 
constraint.

This formulation shows that the role of an objective function is to 
evaluate a solution that is nothing more than a set of values for decision 
variables 𝑥 = 𝑥1, 𝑥2,… , 𝑥𝑛. It maps the solution space to corresponding 
values in the objective space. Since 𝑓 is a function, the normal rules 
of functions apply, meaning that the function is well-defined, has a 
domain (the solution space), and produces a unique output (objective 
value) for every valid input (set of decision variables). Depending on 
the properties of 𝑓 , such as continuity, differentiability, or convexity, 
different optimisation techniques can be applied. For example, if 𝑓
is differentiable, gradient-based methods can be used, while if 𝑓 is 
convex, then efficient methods like convex optimisation techniques can 
find global optima.

The first type is inequality constraints, which limit the values that 
the decision variables can take. The second type is equality constraints, 
which require the decision variables to satisfy certain exact conditions. 
Both types of constraints must hold for any solution to be acceptable. 
If they violate any of these constraints, the solution is considered 
4

infeasible, which means it cannot be accepted as a valid answer to the 
problem.

Given the formulation of the objective function, an optimisation 
algorithm can be defined as follows: The algorithm generates an initial 
solution, which is a set of values for decision variables as discussed 
above (𝑥 = 𝑥1, 𝑥2,… , 𝑥𝑛). This solution is then evaluated using the 
objective function 𝑓 (𝑥) to measure its quality. The next step is to use 
𝑥 and calculate the constraints as well. If none of the constraints are 
violated, the solution is called feasible. This means that the algorithm 
can proceed to generate other solutions using this solution to further 
minimise the objective function 𝑓 . This process is continued itera-
tively using different techniques such as gradient-based, heuristic, or 
metaheuristic until the end condition is met.

The literature shows that metaheuristics have been very popular 
lately, mainly due to the fact that they are gradient-free, benefit from 
higher local optimal avoidance, and are able to find reasonably good 
solutions for a given optimisation problem in a reasonable time. It 
should be noted that metaheuristics belong to the class of evolutionary 
computation techniques under the big umbrella of computational intel-
ligence, as discussed in the introduction. They are considered black-box 
optimisation techniques that do not require any detailed information 
about the problem’s structure, such as derivatives or specific mathe-
matical properties. Instead, they rely on exploring the solution space by 
using general rules, like randomness or evolution-inspired processes, to 
find good solutions. Because of this, metaheuristics can be applied to a 
wide variety of problems, even when the problem is complex or poorly 
understood.

In the literature, there has been an incredibly high growing interest 
in metaheuristics lately due to their wide applications and superior 
performance compared to other types of optimisation algorithms. How-
ever, they suffer from slow convergence and high computation costs, 
as a population of solutions is typically used during the optimisation 
process. They are also stochastic, so quality assurance mechanisms 
are required to ensure the algorithm finds the best possible solutions 
given the limitations, such as limited time, computational resources, 
or randomness in the search process. Without these mechanisms, the 
algorithm may only find suboptimal solutions or take too long to reach 
a good result.

Despite their merits and being problem-independent, they typically 
require fine-tuning, improvement, and/or hybridisation when applied 
to different problems. Their performance is not guaranteed either. The 
No Free Lunch theorem [18] states that when we consider all optimisa-
tion problems, no single algorithm performs better than others across 
all types of problems. This means that an algorithm that works well 
for one problem may perform poorly on another. Therefore, choosing 
or designing the right algorithm for a specific problem is essential, and 
adjustments may be needed to improve its effectiveness.

The literature has seen several methods to automate this process, 
such as automatic parameter tuning, hyper-heuristics, and other strate-
gies. Any effort to make this process less human-dependent and more 
automated is a great step forward. Quite recently, LLMs have been 
used to achieve this goal, too. Due to their incredible understanding 
of context and ability to process unstructured data, they have brought 
huge potential to many fields. Metaheuristics can also leverage them 
to improve decision-making, adapt parameters dynamically, and even 
generate new solution strategies in real time. By combining LLMs 
with metaheuristics, the optimisation process can become more flexible 
and efficient, leading to better and faster solutions. As discussed in 
the introduction, this is exactly the focus of this systematic literature 
review.

2.2. Generative AI and large language models:

Generative AI (GenAI) refers to a branch of artificial intelligence 
that generates new content (e.g., text, images, videos, 3D models, and 
multimedia) based on the datasets on which it has been trained [19]. 
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Such applications predominantly use deep learning techniques, but in 
a different manner than traditional tasks like classification, regres-
sion, or clustering. GenAI methods indeed leverage several innovative 
technologies to generate new and original content.

Due to their flexibility and incredible capability, GenAI approaches 
and tools have become quite popular for technical and even non-
technical users. Platforms such as ChatGPT, MidJourney, and DALL⋅E 
have made GenAI more accessible through their user-friendly interfaces 
and no-code capabilities, enabling users to generate content without 
technical expertise. Despite these benefits, some have criticised them 
for lack of transparency in their training data, over-reliance on AI-
generated content, and even a decline in human creativity. There are 
also a lot of ethical concerns, such as bias, that we need to address to 
use this emerging technology to its potential.

Among all GenAI tools, perhaps LLMs have been the most popular 
due to their ability to generate coherent, versatile, and context-aware 
text. LLMs such as GPT have been widely adopted due to their ability to 
perform a broad range of tasks, including writing essays, summarising 
articles, and generating computer code in various programming lan-
guages. This is how they have been used in metaheuristics as well. 
LLMs have the potential to increase automation and reduce human 
intervention in metaheuristics by doing tasks such as understanding 
the problem, helping with problem formulation, engaging in program-
ming, or developing hybrids. By leveraging LLMs, the optimisation pro-
cess in metaheuristics can become more efficient and adaptive, which 
ultimately leads to better performance in complex problem-solving.

This review synthesises key trends, gaps, and emerging themes 
in the literature on the use of LLMs in metaheuristics, providing a 
foundation for addressing the research objectives. It highlights the key 
trends, challenges, and opportunities on how LLMs and metaheuristics 
can be used together to achieve better optimisation outcomes. The 
following section outlines the methodology adopted to systematically 
identify, select, and analyse the relevant studies, ensuring a transparent 
and rigorous approach to the review.

3. Methodology

To investigate the contributions of LLMs within the field of meta-
heuristics, we performed a systematic literature review, following 
the methodical approach outlined by Kitchenham [20] method and 
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) guideline [21] for identifying, evaluating, and interpreting 
prior research. A systematic literature review offers a structured frame-
work to analyse previous studies in a specific domain, ensuring a 
comprehensive examination of the available literature [20]. In addition 
to prior experimental studies, survey papers such as [13–15] provide 
valuable context for understanding how LLMs interact with metaheuris-
tics. These surveys offer initial classifications of LLM-assisted heuristic 
design and problem-solving, complementing our systematic review by 
highlighting the growing significance of LLMs in optimisation. By incor-
porating insights from these prior works, our systematic review further 
refines the categorisation and provides a more structured thematic 
analysis of LLM roles in metaheuristics. In this section, we outline 
the key steps of the research methodology, including the processes 
of selecting and excluding relevant studies, along with the methods 
employed for data extraction and analysis during the review. The 
systematic literature review was conducted using Covidence, a web-
based platform designed to streamline the screening, selection, and data 
extraction processes for systematic reviews.

3.1. Research question

This study seeks to see how the following question has been ad-
dressed in the literature:

How can large language models be effectively leveraged to design, 
optimise, and enhance metaheuristics?
5

This research question is crucial for understanding how LLMs, 
originally developed for tasks in natural language processing, are 
adapted and integrated into the domain of metaheuristics. Metaheuris-
tics, known for solving complex optimisation problems, are increasingly 
enhanced by the capabilities of LLMs. By exploring this integration, 
the review aims to identify the strategies employed, such as using 
LLMs to generate heuristics, guide search spaces, or improve decision-
making processes within metaheuristic frameworks. The goal is to 
systematically categorise and describe the techniques used in merging 
LLMs with metaheuristics, highlighting their impact on problem-solving 
performance and efficiency and providing insights into the evolution of 
metaheuristic problem-solving with LLM support.

3.2. Search strategy

The search strategy for this systematic review was carefully de-
signed to comprehensively identify all relevant studies related to the 
research topic. A combination of scientific databases was used, and 
advanced searches were conducted using predefined keywords related 
to the core concepts of the review. These search terms were applied 
to capture a broad range of potentially relevant studies. The following 
subsections provide further details regarding the databases and sources, 
search terms, time period and language restrictions, and the inclusion 
of grey literature.

3.2.1. Databases and sources
To ensure a comprehensive review of relevant literature, a wide 

range of scientific databases was utilised for the search. The primary 
databases included Scopus, ACM Digital Library, Web of Science (via 
Thomson Reuters), Wiley, Taylor & Francis, IEEE Xplore, ScienceDirect, 
PubMed, and arXiv.org.

These databases were selected as they cover a broad spectrum of 
peer-reviewed journals, conference proceedings, and preprints across 
various fields, including computer science, engineering, and healthcare. 
Scopus, Web of Science, and ACM Digital Library are widely recognised 
for their extensive coverage of peer-reviewed publications in tech-
nology and metaheuristic applications. IEEE Xplore and ScienceDirect 
provide access to cutting-edge research in computing and optimisation 
techniques, while PubMed offers relevant studies in healthcare, partic-
ularly for cross-disciplinary applications. Additionally, arXiv.org was 
included to capture preprints and early-stage research, ensuring that 
the latest advancements in LLMs and metaheuristics are considered.

3.2.2. Search terms
The advanced search services provided by each of the scientific 

databases were utilised to perform search operations. Depending on the 
capabilities of each database’s search engine, searches were conducted 
across titles, abstracts, keywords, and the full text of articles. The search 
was performed using the following set of keywords and search terms:

(‘‘large language model’’ OR ‘‘large language models’’ OR ‘‘LLM’’ OR 
‘‘LLMs’’) AND (‘‘metaheuristic’’ OR ‘‘meta-heuristic’’ OR ‘‘metaheuristics’’ 
OR ‘‘meta-heuristics’’ OR ‘‘Optimisation algorithm’’ OR ‘‘Optimization algo-
rithm’’)

3.2.3. Time period and language restrictions
The search was conducted in November 2024, with no publication 

date restrictions applied, allowing the inclusion of studies regardless of 
their publication year. This approach ensured that the search captured 
all relevant research at the intersection of LLMs and metaheuristics, 
including both recent advancements and earlier foundational work in 
the field. In terms of language, only studies published in English were 
included to maintain consistency in analysis and to avoid potential 
issues related to translation accuracy and interpretation.
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3.2.4. Grey literature
All included studies were sourced exclusively from peer-reviewed 

journals and conferences, except for arXiv.org, which was the only 
grey literature source considered. arXiv.org was included to capture 
preprints related to LLMs and their integration into metaheuristics or 
optimisation techniques. Other forms of grey literature, such as tech-
nical reports, theses, working papers, and white papers, were excluded 
to ensure the review focused on high-quality, peer-reviewed publica-
tions. By selectively incorporating arXiv.org, the review maintained 
rigour while ensuring that emerging and cutting-edge research was not 
overlooked.

3.3. Study selection criteria

The study selection process followed predefined inclusion and ex-
clusion criteria to ensure the relevance and quality of the studies 
considered for this review.

Inclusion criteria
Relevance to research topic: Studies that directly addressed the 

integration of LLMs within metaheuristics were included, and research 
that explored the use of LLMs to enhance, optimise, or complement 
metaheuristic techniques was prioritised.

Publication type: Only peer-reviewed journal articles, conference 
papers, and preprints from arXiv.org were considered. These sources 
ensure a high standard of academic rigour and up-to-date contributions 
in the field.

Content: Studies that provided sufficient detail on the methodol-
ogy, application, or evaluation of LLMs within metaheuristic contexts 
– including practical or theoretical insights – were considered.

Exclusion criteria
Irrelevant focus: Studies that did not directly discuss LLMs and 

metaheuristics or that were tangentially related to the topic were 
excluded. For instance, studies involving the use of metaheuristics to 
enhance the performance of LLMs were not considered.

Non-peer-reviewed sources: Grey literature sources other than 
arXiv.org, such as technical reports, working papers, theses, and white 
papers, were excluded to maintain a focus on validated, peer-reviewed 
content.

Duplicate studies: Any duplicate studies identified across multiple 
databases were removed during the screening process, with duplicates 
automatically and manually removed within the Covidence platform.

Language: Studies published in languages other than English were 
excluded, ensuring consistency in analysis and preventing potential 
issues with translation or interpretation.

3.4. Study selection process

The study selection process for this systematic literature review was 
conducted in five stages. First, key scientific databases were identified 
as the primary sources for retrieving relevant studies. In the second 
stage, a list of keywords and search terms was applied to the databases, 
utilising advanced search functions and filters to refine the results to 
the most relevant studies. As a result, a preliminary list of publications 
was identified. Following this, in stage three, all search results were 
imported into the Covidence platform to facilitate the systematic review 
process. In the fourth stage, titles and abstracts of the retrieved papers 
were screened by two reviewers within Covidence to exclude studies 
that did not align with the research topic. The fifth stage involved 
full-text screening of the remaining studies to ensure their relevance. 
At this stage, all remaining studies were relevant and included in 
the literature review, and they were ready for data extraction. In 
instances where discrepancies arose between the reviewers’ decisions 
on stages 4 and 5, a final resolution was achieved through a consensus 
discussion held collaboratively between both reviewers to determine 
6

Fig. 4. Stages in the study selection procedure.

the final selection. Duplicate studies were identified and removed by 
the platform when importing; however, in certain instances, dupli-
cates were also manually detected and eliminated to ensure accuracy. 
Fig.  4 provides an overview of the paper selection process across 
these five stages, and Table  1 presents the primary search results for 
the nine scientific databases, separately searching within ‘‘title’’, and 
‘‘title/abstract/keyword’’ and ‘‘full text’’.

The initial search based on titles yielded a limited number of rele-
vant studies, while searches using full text resulted in an overwhelming 
number of irrelevant papers. To refine the selection process, we decided 
to rely on search results based on a combination of title, abstract, 
and keywords. This approach provided a more balanced and efficient 
method for identifying studies directly related to the topic, ensuring the 
inclusion of relevant and high-quality research. The initial search based 
on title, abstract, and keywords identified a total of 215 publications. 
After the removal of duplicates and applying the exclusion criteria, the 
final number of studies included in the systematic review was 25.

3.5. PRISMA flow diagram

The study selection process is detailed in the PRISMA flow diagram 
(Fig.  5), which tracks the identification, screening, and inclusion of 
studies. Initially, 215 publications were identified based on title, ab-
stract, and keyword search in the nine databases. A total of 68 duplicate 
studies were removed, with one duplicate identified manually and 67 
identified by Covidence, resulting in 147 studies being screened in 
Stage 4 for title and abstract screening. Of these, 111 studies were 
found to be irrelevant. In Stage 5 (full-text review), 36 full-text studies 
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Table 1
Summary of initial search results for each database.
 Database Search in Number of publications found 
 Scopus Title 3  
 Title/Abstract/keyword 81  
 All fields 1,161  
 ACM Digital Library Title 2  
 Abstract 10  
 Full Text 432  
 Web of Science (via Thomson Reuters) Title 2  
 Abstract 14  
 Topic 15  
 Wiley Title 0  
 Abstract 2  
 Anywhere 72  
 Taylor & Francis Title 0  
 Abstract 1  
 Anywhere 31  
 IEEE Xplore Title 0  
 Abstract 14  
 Full Text Only 566  
 ScienceDirect Title 0  
 Title/Abstract 3  
 Full Text 486  
 PubMED Title 0  
 Title/Abstract 1  
 All fields 1  
 arXiv.org Title 5  
 Title/Abstract 89  
 Full Text 103  
Fig. 5. PRISMA workflow diagram - Generated by Covidence.
were assessed for eligibility, with 11 studies excluded based on the 
exclusion criteria. Ultimately, 25 studies were included in the final 
systematic review. This flow diagram provides a transparent overview 
of the entire selection process, ensuring clarity on how the final set of 
studies was determined.

3.6. Data extraction

The data extraction process for this systematic review was carried 
out with a structured approach, utilising a predefined set of criteria 
to ensure comprehensive and accurate extraction from each of the 25 
7

included studies. The extracted data were organised into the following 
categories:

• Bibliographic Information: Title, country of publication, year of 
publication, and type of article (journal, conference paper, book 
chapter, etc.).

• Study Objectives and Scope: Study type (e.g., empirical, theo-
retical, survey), research objective or question, and the specific 
application area.

• Methodology: Details of the metaheuristics and LLMs used, the 
method of integration between LLMs and metaheuristics, the 
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type of optimisation problem (e.g., continuous, binary, multi-
objective), test functions or datasets used, and the programming 
language employed.

• Results and Analysis: Key performance metrics, statistical tests 
applied, main findings, and conclusions.

• Limitations and Criticisms: Study limitations, suggestions for 
future work, LLM prompts used (including type and wording if 
available), and the population or sample size involved in the 
study.

To streamline the data extraction process, a popular LLM (GPT-
4.o) was employed in a human-in-the-loop approach, where the LLM 
assisted in extracting data, but all extractions were overseen and refined 
by two human reviewers. The two reviewers performed the extraction 
independently, and any discrepancies were discussed and resolved 
through consensus, ensuring accuracy and consistency in the final data 
set. This approach enabled an efficient and reliable extraction process 
while ensuring that human oversight remained central to preserving 
data integrity.

3.7. Quality assessment

A quality assessment was performed on all 25 studies included in 
the review to evaluate their credibility, relevance, and methodological 
rigour. The evaluation focused on key aspects such as the clarity and 
robustness of the study design, particularly in terms of the integration 
of LLMs and metaheuristics. Reproducibility was also assessed, examin-
ing whether sufficient methodological detail was provided to allow for 
replication. The validity of the data, including the use of appropriate 
datasets, performance metrics, and statistical analysis, was carefully 
scrutinised to ensure reliable conclusions. Additionally, potential biases 
and study limitations were considered, reviewing for any incomplete 
data reporting or conflicts of interest. The assessment was conducted 
independently by two reviewers, and any discrepancies were resolved 
through consensus, ensuring a high standard of quality across the 
selected studies.

3.8. Data synthesis

The synthesis of data from the 25 selected studies was performed 
through a combination of qualitative and quantitative approaches. The 
key findings from each study were systematically extracted, organised, 
and compared to identify common themes, trends, and variations in 
how LLMs were integrated into metaheuristics. For qualitative synthe-
sis, the primary focus was on understanding the methods of integration, 
application areas, and challenges faced in using LLMs with metaheuris-
tics. Studies were grouped based on their methodological approaches, 
such as the types of metaheuristics employed, optimisation problems 
addressed, and the nature of the LLMs used. This thematic analysis 
helped highlight recurring techniques and innovative strategies, as well 
as the limitations and gaps identified by the authors.

In terms of quantitative synthesis, where performance metrics were 
comparable, results from studies using similar metaheuristic algorithms 
or LLM techniques were aggregated to provide a clearer understanding 
of their effectiveness. This helped identify any patterns in performance 
improvements or shortcomings when LLMs were applied to metaheuris-
tic tasks. Through this synthesis, the review was able to draw general 
conclusions on the effectiveness, applicability, and future directions for 
integrating LLMs in metaheuristics, providing a foundation for further 
research and practical applications in this area.
8

3.9. Threats to validity

This systematic review was conducted with rigorous methods, but 
several potential threats to validity should be acknowledged. First, 
selection bias may have occurred due to the restriction of studies to 
those published in English, potentially excluding relevant research in 
other languages. Second, limiting grey literature to arXiv.org may have 
overlooked emerging studies available in other non-peer-reviewed out-
lets. Third, publication bias is a concern, as studies reporting positive 
outcomes are more likely to be published, possibly skewing the overall 
findings towards more favourable results regarding the integration of 
LLMs with metaheuristics. Fourth, the data extraction and synthesis 
process, though assisted by human reviewers and GPT-4.o, may have 
introduced subjective interpretations or inconsistencies in categorising 
the studies. A consensus process was employed to mitigate this, but 
potential biases could still influence the findings. Fifth, heterogeneity 
in methodologies across the included studies, such as variations in 
types of metaheuristics, LLMs, and evaluation metrics, could limit the 
comparability and generalisability of the findings, affecting the strength 
of conclusions drawn from the synthesis. Finally, the search was con-
ducted across nine major scientific databases. While we believe these 
databases are the most relevant to the topic, covering a wide range of 
journals and conferences, it is possible that some studies may have been 
missed if they were not indexed within these databases. However, given 
the comprehensive scope of these databases, we are confident that they 
provide substantial coverage of the relevant literature. Acknowledging 
these potential threats to validity provides context for interpreting 
the findings and ensures that the conclusions are approached with 
appropriate caution.

4. Results and critical analysis of the existing works

This section presents the findings of the systematic review on the 
integration of LLMs within metaheuristics. The results are organised 
into several key areas: the demographic characteristics of the selected 
studies, metaheuristics used in studies, LLMs used in the studies, pro-
gramming languages used for the implementation of algorithms, appli-
cation areas of the studied metaheuristics, the thematic analysis of the 
integrations, and the extracted themes. Additionally, patterns and gaps 
in the current body of literature are highlighted, providing insights for 
future exploration in this rapidly evolving field.

The demographic analysis includes an overview of the publica-
tion trends and types, study types, and geographic distribution of the 
research. The subsequent sections will delve into the specific meth-
ods employed by the researchers, the types of optimisation problems 
addressed, and the overall effectiveness of the approaches.

4.1. Demographics

• Year of Publication: The temporal distribution of publications 
indicates a sharp rise in research activity in 2024, with 88% 
of the studies (22 out of 25) published in this year, compared 
to 12% (3 out of 25) in 2023. This surge reflects the rapidly 
growing interest in the application of LLMs in metaheuristics, 
likely driven by recent advances in natural language processing 
and the increasing recognition of LLMs’ potential to enhance 
optimisation techniques. The concentration of studies in recent 
years highlights the field’s dynamic nature, with researchers ac-
tively exploring new intersections between these technologies. 
This trend is depicted in Fig.  6, which shows the number of 
publications by year.

• Country of Origin: The geographic distribution of the studies 
reveals that the majority of contributions originated from China 
(32%), followed by countries such as Japan (24%) and the Czech 
Republic (16%). This distribution demonstrates a strong interest 
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Fig. 6. Number Of Publications By Year.
Fig. 7. Distribution Of Studies By Country.

in Asia and Europe, where research institutions are heavily in-
vesting in AI and computational optimisation. The prominence 
of China, in particular, aligns with the country’s broader push 
towards leadership in AI research. The presence of research from 
various regions underscores the global relevance of integrating 
LLMs with metaheuristics, although some studies had unspecified 
country origins, reflecting a possible gap in the reported meta-
data. The breakdown of studies by country is illustrated in Fig. 
7 and Table  2, demonstrating the global distribution of research 
efforts.

• Study Type: The dominance of empirical studies suggests that 
much of the current research focuses on the practical application 
and experimental validation of LLMs in metaheuristics. Empirical 
studies are critical in this field, as they provide concrete evidence 
of how LLMs can enhance optimisation processes. The scarcity 
of theoretical or survey-based studies may indicate a need for 
further foundational research to develop a more comprehensive 
9

Fig. 8. Distribution of Study Types in LLM-Metaheuristics Research.

Table 2
Country of origin of research studies.
 Country Number of studies Percentage (%) 
 China 8 32.0  
 Japan 6 24.0  
 Czech Republic 4 16.0  
 Spain 2 8.0  
 Hong Kong 2 8.0  
 Netherlands 1 4.0  
 Germany 1 4.0  
 Not Specified 1 4.0  

theoretical framework or for broader reviews of the existing 
literature to identify research gaps. This emphasis on empirical 
research is reflected in Fig.  8, which illustrates the proportion of 
study types.
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Fig. 9. Distribution Of Studies By Publication Type.
Table 3
Metaheuristic categories across reviewed studies.
 Category Number of studies 
 Evolutionary Algorithms 9  
 Swarm Intelligence Algorithms 15  
 Bayesian and Statistical Techniques 2  
 Hybrid and Reflective Algorithms 11  
 Derivative-Free and Custom Algorithms 4  

• Publication Type: The types of publications highlight the diverse 
platforms through which findings are disseminated. A substantial 
portion of the studies appeared in conference proceedings and 
journal articles, which are traditional outlets for peer-reviewed re-
search. Notably, preprints from arXiv.org accounted for 36.0% of 
the total publications. This high percentage of preprints points to 
the fast-evolving nature of this research area, where researchers 
seek to quickly share their findings with the community be-
fore formal peer review. The balance between peer-reviewed and 
preprint publications reflects both the rigour and immediacy with 
which this field is advancing. This distribution is represented in 
Fig.  9, which provides an overview of the publication types across 
the studies.

4.2. Metaheuristics used in studies

The analysis of metaheuristic algorithms across the 25 reviewed 
studies reveals a consistent reliance on five core categories: swarm 
intelligence algorithms (15 studies), hybrid and reflective algorithms 
(11), evolutionary algorithms (9), derivative-free and custom algo-
rithms (4), and Bayesian and statistical techniques (2). These categories 
reflect the varied strategies adopted to address complex optimisation 
problems, with LLMs integrated at different levels to enhance adapt-
ability, automate decision-making, or generate novel heuristics. Swarm 
intelligence algorithms emerged as the most frequently applied, likely 
due to their population-based design and ease of modular augmen-
tation via LLM prompts. Hybrid and reflective approaches were also 
prominent, indicating a growing shift towards embedding LLMs directly 
into the optimisation loop, as adaptive agents, heuristic generators, or 
co-optimisers. Evolutionary algorithms also featured strongly, capital-
ising on their population-based search processes and the flexibility of 
LLMs to dynamically generate or adapt evolutionary operators such 
as crossover and mutation. Although fewer in number, the studies 
employing derivative-free and Bayesian techniques demonstrate inno-
vative uses of LLMs in surrogate modelling, hyperparameter tuning, and 
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black-box optimisation. This classification, detailed in Tables  3 and 4, 
highlights the breadth of LLM-metaheuristic integration and signals a 
clear movement towards more autonomous and flexible LLM-guided 
optimisation frameworks. Each category is examined in detail in the 
following subsections.

Evolutionary algorithms
Evolutionary algorithms represent one of the most widely adopted 

metaheuristic categories in the reviewed studies because of their 
flexibility, scalability, and effectiveness in solving complex, high-
dimensional optimisation problems. These algorithms are inspired 
by natural evolutionary processes such as selection, crossover, and 
mutation and are particularly well suited for problems where 
the objective function is non-differentiable or lacks mathematical 
structure. Within the 25 studies analysed, several evolutionary variants 
were utilised, including the classical Genetic Algorithm, Differential 
Evolution, and more advanced forms such as the Covariance Matrix 
Adaptation Evolution Strategy, Self-Adaptive Evolution Strategies, and 
Biased Random Key Genetic Algorithm [46]. In addition, a number 
of studies developed custom evolutionary algorithms, often leveraging 
LLMs to define new operators, heuristics, or decision rules. Across these 
variants, LLMs were integrated to assist with tasks such as operator 
design, mutation strategy refinement, dynamic parameter tuning, and 
even solution interpretation. This integration introduces a new level 
of autonomy and responsiveness, enabling evolutionary algorithms to 
adapt on the fly and operate with reduced manual intervention.

The use of genetic algorithms and differential evolution across the 
reviewed studies highlights their continued relevance as foundational 
tools in optimisation research, particularly due to their modular struc-
tures and ease of adaptation. Differential evolution was especially 
prominent in studies aiming to improve search efficiency, where LLMs 
were employed to enhance mutation strategies, introduce adaptive 
switching mechanisms, and refine selection processes in real time. 
More sophisticated methods, such as the covariance matrix adaptation 
evolution strategy and self-adaptive evolution strategies, were used in 
contexts that required more precise control over convergence behaviour 
and population dynamics. In these cases, LLMs contributed by monitor-
ing algorithmic progress and dynamically adjusting internal parameters 
to avoid stagnation or premature convergence. The biased random key 
genetic algorithm, which uses probabilistic representations to encode 
solutions, was applied in combinatorial optimisation scenarios, where 
LLMs assisted in evolving selection pressures and improving solution 
diversity. Notably, several studies employed custom evolutionary algo-
rithms, often developed through iterative prompting and refinement 
guided by LLMs. These customised designs reflect a growing trend 
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Table 4
Overview of metaheuristics employed across studies and their application methods.
 Category Algorithm Reference(s)  
 Evolutionary Algorithms Genetic Algorithm [22]  
 Differential Evolution [23–26]  
 Covariance Matrix Adaptation Evolution Strategy [26]  
 Self-Adaptive Evolution Strategies [27]  
 Biased Random Key Genetic Algorithm [28]  
 Custom Evolutionary Algorithm [29]  
 Swarm Intelligence Algorithms Particle Swarm Optimisation [30]  
 Whale Optimisation Algorithm [30–32]  
 Grey Wolf Optimisation [30,31,33]  
 Self-Organising Migrating Algorithm [30,31,34]  
 Artificial Bee Colony [30,31]  
 Cuckoo Search [30]  
 Ant Colony Optimisation [22,35]  
 Bayesian and Statistical Techniques Hyper-Parameter Optimisation [36]  
 Multi-Objective Bayesian Optimisation [37]  
 Hybrid and Reflective Algorithms Reflective Evolution [22,35]  
 LLM-Generated and Adaptive Operators [38]  
 LLM-Integrated Search Guidance [28]  
 LLM-Reflective Optimisation [39–43]  
 LLM-Assisted Algorithm Analysis and Tuning [44]  
 LLM-Assisted Metaheuristic Design [45]  
 Derivative-Free and Custom Algorithms Zoological Search Optimisation [31]  
 Hill Climbing [29]  
 Iteratively generated custom algorithm from SOMA [34]  
 LLM-generated modular algorithms [26]  
towards LLM-guided algorithm construction, where the model actively 
participates in generating or modifying evolutionary strategies. While 
some of these approaches incorporate reflective elements, they are 
formally categorised under hybrid frameworks, as detailed in Table  4. 
Collectively, these applications demonstrate the versatility of evolution-
ary algorithms and highlight how their integration with LLMs facilitates 
greater adaptability, autonomy, and problem-specific tailoring.

Ye et al. introduced ReEvo, a reflective evolutionary framework that 
builds on genetic algorithm principles, using LLMs as both heuristic 
generators and evaluators [22]. Individuals, represented as code snip-
pets, are evolved through LLM-guided selection, crossover, and muta-
tion, enhanced by short- and long-term verbal reflections. ReEvo consis-
tently outperforms expert-designed and neural heuristics across a range 
of combinatorial optimisation problems, exhibiting strong adaptability 
and high sample efficiency. 

Pluhacek et al. explored the enhancement of differential evolution 
by leveraging GPT-4 to generate a novel mutation strategy named 
DE/dynamic-switch/1/bin. The LLM was used to propose, code, 
and benchmark the new strategy, which outperformed the classical 
DE/rand/1/bin on numerous benchmark functions. As a representative 
of the differential evolution subcategory, this study highlights how 
LLMs can serve as design partners in the creation of more adaptive 
and effective evolutionary operators [23]. Another study evaluated 
the use of LLMs to iteratively refine the differential evolution 
algorithm through repeated prompting. Starting from a standard 
differential evolution variant, several LLM-generated modifications 
outperformed the baseline on benchmark functions, highlighting the 
model’s potential as an autonomous refinement tool in evolutionary 
optimisation [24]. Zhong et al. proposed a parameter adaptation 
scheme for differential evolution that integrates an LLM (Gemini) into 
the optimisation process to dynamically generate control parameters 
during each generation. Through structured prompt engineering, the 
model adjusts the scaling factor and crossover rate based on real-time 
optimisation feedback, leading to improved convergence compared 
to fixed and random parameter settings. This study exemplifies 
the use of LLMs to enhance the adaptability and automation of 
classical differential evolution frameworks [25]. Van Stein and Bäck 
introduced LLaMEA, an evolutionary framework that employs an 
LLM to automatically generate novel metaheuristic algorithms through 
iterative refinement. While some of the evolved algorithms exhibit 
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structural similarity to differential evolution, they are not restricted 
to its traditional operators. As a representative of the Differential 
Evolution and Covariance Matrix Adaptation Evolution Strategy (CMA-
ES) subcategories, this work demonstrates the potential of LLMs to 
autonomously design effective and structurally original optimisation 
strategies [26]. Although LLaMEA does not use CMA-ES directly, it 
includes CMA-ES and its advanced variants as benchmarking baselines 
to evaluate the performance of the LLM-generated algorithms.

Baumann and Kramer combined a self-adaptive evolution strategy 
with an LLM to generate post-hoc explanations of the optimisation 
process. The approach adjusts mutation step sizes dynamically and 
uses LLMs to summarise convergence behaviour, fitting within the 
self-adaptive evolution strategies subcategory [27]. Another study in-
tegrates an LLM into the Biased Random Key Genetic Algorithm, using 
it to generate probabilistic guidance for decoding random keys into 
candidate solutions. The LLM produces parameterised weights based 
on graph metrics, which are used to calculate probability scores that 
influence the construction of solutions, effectively shaping the search 
space in a problem-aware manner. This work demonstrates how LLMs 
can enhance evolutionary search by guiding solution interpretation and 
improving search efficiency [28].

Lange et al. proposed EvoLLM, an LLM-guided optimisation frame-
work that emulates the behaviour of evolution strategies through 
prompt-based recombination and search distribution updates. The LLM 
generates new candidate means based on fitness-ranked solution his-
tories, enabling zero-shot black-box optimisation without traditional 
gradient information or parameter self-adaptation. While structurally 
aligned with evolution strategies, the absence of internal feedback-
driven control places this approach within the Custom Evolutionary 
Algorithms subcategory [29].

Swarm intelligence algorithms
Swarm intelligence algorithms constitute a core category within the 

reviewed studies, underscoring their proven effectiveness in complex, 
nonlinear, and high-dimensional optimisation problems. Rooted in the 
collective behaviours of biological systems, such as flocking, hunting, 
migration, and foraging, these algorithms offer a robust framework 
for exploration and global search. Their population-based and de-
centralised nature makes them particularly amenable to integration 
with LLMs, which were leveraged across multiple studies to enhance 
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decision-making, adapt control parameters, and design novel hybrid 
operators. Prominent swarm-based methods featured in the current 
literature review include particle swarm optimisation, whale optimi-
sation algorithm, grey wolf optimisation, and artificial bee colony, 
each of which was extended or guided by LLMs to improve conver-
gence and adaptability. Other studies employed self-organising migrat-
ing algorithm, cuckoo search, and ant colony optimisation as flexible 
templates for LLM-driven customisation and algorithmic innovation. 
Together, these examples demonstrate the strong compatibility be-
tween swarm-based metaheuristics and LLM-guided optimisation. The 
following section examines these studies in detail.

Pluhacek et al. employed an LLM to generate hybrid metaheuristic 
algorithms by combining structural elements from swarm-based 
approaches, including particle swarm optimisation. The resulting algo-
rithms retained PSO-inspired mechanisms such as velocity-influenced 
updates while incorporating novel components proposed through 
prompt-driven generation [30]. They also used the LLM to gen-
erate hybrid metaheuristic algorithms by combining components 
from several well-known swarm intelligence methods, including the 
whale optimisation algorithm, grey wolf optimisation, self-organising 
migrating algorithm, cuckoo search, and artificial bee colony.

Zhong et al. developed the zoological search optimisation algorithm 
using ChatGPT-3.5 and the CRISPE prompt framework, drawing inspi-
ration from animal behaviours such as prey-predator interaction and 
social flocking. While not explicitly based on existing swarm intelli-
gence algorithms, the algorithm’s collective and decentralised structure 
aligns it conceptually with approaches like grey wolf optimisation and 
self-organising migrating algorithm (a population-based metaheuristic 
inspired by cooperative-competitive strategies, where individuals mi-
grate towards a leader to explore the search space) [31]. Chen et al. 
developed a hybrid optimisation framework that combines an LLM with 
deep reinforcement learning and the whale optimisation algorithm to 
coordinate power dispatching for electric vehicle charging networks. In 
this approach, the whale optimisation algorithm is employed to refine 
candidate strategies generated by LLM-guided policy models [32]. Zhao 
et al. developed a time series prediction framework that combines an 
LLM with the UniTS architecture, using the grey wolf optimisation 
algorithm to optimise key hyperparameters such as learning rate and 
number of iterations [33].  Pluhacek et al. investigated the use of an 
LLM to iteratively evolve the self-organising migrating algorithm, start-
ing from its all-to-all variant and introducing prompt-driven structural 
modifications across multiple iterations. Although the final algorithm 
incorporated features beyond standard SOMA, the study is directly 
grounded in its structure and is classified under the self-organising 
migrating algorithm subcategory within swarm intelligence algorithms 
[34]. Two studies employed LLMs to enhance ant colony optimisation 
through reflective or hyper-heuristic approaches. In one, Ye et al. used 
the ReEvo framework to evolve heuristic functions within ant colony 
optimisation, significantly improving performance on combinatorial 
problems such as the travelling salesman and vehicle routing problems 
[35]. In a related study, the same authors extended this approach 
by positioning LLMs as general-purpose hyper-heuristics, capable of 
generating and refining ant colony optimisation heuristics alongside 
those for other metaheuristics [22].

Bayesian and statistical optimisation techniques
Bayesian and statistical techniques represent a smaller but con-

ceptually significant category within the reviewed studies, offering 
probabilistic frameworks for optimisation that contrast with the heuris-
tic and stochastic dynamics of evolutionary and swarm-based methods. 
These approaches rely on statistical inference, uncertainty modelling, 
and probabilistic sampling to guide the search process, often enabling 
more efficient exploration in high-cost or black-box environments. In 
the context of LLM integration, Bayesian methods have been employed 
for tasks such as multi-objective configuration, surrogate modelling, 
and ensemble tuning, typically when optimisation involves balancing 
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competing performance criteria or operating under data scarcity. Al-
though fewer in number, the studies in this category highlight the 
potential for LLMs to collaborate with statistically principled optimisers 
in designing adaptive, sample-efficient search strategies.

Van Stein et al. introduced a hybrid framework that combines 
an LLM with Bayesian hyper-parameter optimisation via SMAC3 to 
automate the design and tuning of metaheuristic algorithms. The frame-
work delegates algorithm generation to the LLM and uses probabilistic 
modelling to explore optimal parameter settings, improving both ef-
ficiency and modularity [36]. Li et al. introduced a framework for 
merging LLMs by applying multi-objective Bayesian optimisation to 
search for optimal parameter configurations across several task-specific 
and sparsity objectives. Their method, MM-MO, builds upon qEHVI and 
incorporates techniques such as Fisher information and weak-to-strong 
adaptation to efficiently guide the search [37]. These two studies are 
classified under the Bayesian and statistical techniques category.

Hybrid and reflective algorithms
Hybrid and reflective algorithms represent a rapidly emerging cate-

gory within the reviewed literature, characterised by the integration of 
LLMs as adaptive agents within the metaheuristic process itself. Unlike 
traditional approaches that use LLMs as external aids for parameter 
tuning or operator design, these studies embed the LLM directly into the 
optimisation loop, often enabling dynamic modification of algorithmic 
components based on feedback or internal reasoning. Reflective algo-
rithms, in particular, leverage LLMs to interpret the performance of can-
didate solutions and guide future search directions through mechanisms 
such as verbal feedback, self-assessment, or strategic recomposition. 
Hybridisation, meanwhile, typically involves combining metaheuristic 
principles with LLM-generated logic or data-driven components to form 
novel composite frameworks. This category highlights the unique ca-
pacity of LLMs to go beyond support roles and act as co-optimisers or 
heuristic architects. The studies in this section exemplify this shift and 
are discussed in detail below.

Ye et al. introduced a framework to demonstrate how LLMs can 
act as both heuristic generators and reflective agents within an evolu-
tionary process. In their first study, they proposed the concept of lan-
guage hyper-heuristics, where LLMs generate problem-specific heuris-
tics within an open-ended search space [35]. This was further devel-
oped into a reflective evolutionary framework, incorporating short-
term and long-term verbal feedback from the LLM to guide heuris-
tic refinement [22]. These approaches exemplify the use of LLMs as 
embedded evolutionary agents.

Cai et al. proposed a conceptual framework for advancing evolu-
tionary computation by integrating LLMs into the design of variation 
operators. They differentiate between operators that are guided by 
LLMs, adapting traditional mechanisms like crossover and mutation 
based on context, and those that are fully generated by the model 
through prompt-driven synthesis [38]. Chacón Sartori et al. proposed 
a hybrid framework that integrates LLMs into a biased random key 
genetic algorithm by using LLM-generated metrics to guide node selec-
tion probabilities [28]. This approach exemplifies LLM-driven operator 
design, where the model’s output is used to dynamically bias the search 
behaviour of the metaheuristic.

Huang et al. proposed a multimodal optimisation framework in 
which an LLM processes both textual and visual prompts to extract 
heuristics from solved instances and iteratively generate and refine 
solutions for the capacitated vehicle routing problem. The LLM is 
embedded within the optimisation loop, guiding search decisions based 
on multimodal input and performance feedback [39]. Tianrungroj and 
Iba proposed ROIL, a framework that integrates an LLM into the optimi-
sation loop to iteratively refine natural language rule sets for imitation 
learning. The LLM guides policy construction by modifying rules based 
on performance feedback from agent-environment interactions [40]. 
Du et al. proposed an equation discovery framework in which an 
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LLM iteratively generates and refines symbolic expressions for nonlin-
ear dynamical systems through prompt-guided self-improvement and 
structural recombination. The LLM operates within the optimisation 
loop, influencing the search trajectory based on performance feedback 
and guided mutation, placing this study under hybrid and reflective 
algorithms [41]. Lin et al. proposed PE-GPT, a hybrid framework 
that integrates an LLM with metaheuristic algorithms and simulation 
tools to support power electronics design tasks such as circuit con-
figuration and modulation optimisation. The LLM operates within an 
iterative search loop, using retrieval-augmented prompts and design 
feedback to guide the generation and refinement of solutions [42]. 
Zhong et al. proposed an LLM-assisted framework for adversarial ro-
bustness neural architecture search, employing structured prompts to 
guide Gemini in generating and refining candidate architectures based 
on iterative performance feedback. The LLM operates within the opti-
misation loop, contributing directly to architecture evolution without 
explicit self-reflection [43].

Chacón Sartori et al. proposed a framework that integrates LLMs 
into the STNWeb visual analytics system to analyse the behaviour of 
optimisation algorithms, generate descriptive summaries, and recom-
mend parameter adjustments based on performance trends. The LLM 
operates within the analytical loop, assisting in interpretation and tun-
ing without directly generating solutions [44]. Liu et al. proposed AEL, 
a framework in which an LLM is embedded into an evolutionary process 
to generate, crossover, and mutate optimisation algorithms themselves 
rather than problem solutions. Candidate algorithms are evaluated on 
a set of benchmark functions, and the LLM is iteratively prompted to 
refine or recombine them based on performance outcomes [45]. This 
framework exemplifies meta-level optimisation and is also categorised 
under hybrid and reflective algorithms.

Derivative-free and custom optimisation algorithms
Derivative-free and custom optimisation algorithms constitute a 

diverse and adaptive category within the reviewed literature, encom-
passing methods that operate without gradient information and those 
purpose-built using unconventional or novel heuristics. These algo-
rithms are particularly useful in scenarios where objective functions 
are non-differentiable, noisy, or evaluated via black-box procedures. In 
the context of LLM integration, several studies introduced entirely new 
optimisation strategies generated or co-developed by LLMs through 
prompt-driven synthesis. Others applied LLMs to refine or extend ex-
isting heuristic mechanisms into non-standard forms not aligned with 
traditional metaheuristic families. This category captures both the ver-
satility of LLMs in custom algorithm design and their suitability for 
derivative-free optimisation contexts. The relevant studies are exam-
ined in detail below.

Zhong et al. introduced the zoological search optimisation algo-
rithm, a novel metaheuristic developed through the CRISPE prompt 
framework using ChatGPT-3.5. Designed to be structurally distinct from 
established methods such as genetic algorithms and differential evo-
lution, zoological search optimisation incorporates custom operators 
inspired by animal behaviour, including prey-predator interaction and 
social flocking [31]. Lange et al. introduced EvoLLM, a prompting 
framework in which an LLM serves as a recombination operator within 
an evolution strategy to guide search updates based on fitness-sorted 
candidate populations. The framework generalises beyond traditional 
strategies like hill climbing by enabling the LLM to propose new 
search distributions through in-context learning [29]. Pluhacek et al. 
explored the use of GPT-4 Turbo to iteratively evolve the SOMA-ATA 
metaheuristic by applying prompt-driven modifications over successive 
generations. The final evolved variant exhibited significant structural 
divergence from the original, integrating novel elements beyond tradi-
tional SOMA logic [34]. Another study introduced LLaMEA, an evolu-
tionary framework that embeds an LLM within the optimisation loop to 
iteratively generate, mutate, and refine entire metaheuristic algorithms 
based on performance feedback from benchmark functions. The LLM 
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drives the evolution process without explicit self-reflection, positioning 
this study under the LLM-generated modular algorithms [26].

The categorisation of metaheuristics used across the reviewed stud-
ies reveals a strong emphasis on swarm intelligence and evolutionary 
algorithms. These methods remain dominant due to their modularity 
and flexibility, allowing LLMs to intervene at multiple levels, such as 
generating operators, modifying solution candidates, or evolving algo-
rithmic structures. Their population-based nature and reliance on varia-
tion operators make them especially suitable for LLM-driven adaptation 
and hybridisation.

A growing number of studies fall into hybrid and reflective cate-
gories, where LLMs are embedded directly into the optimisation loop. 
These include cases where LLMs guide search operators, assist with 
heuristic construction, or evolve entire algorithms, classified under 
subcategories such as LLM-integrated search guidance and LLM-guided 
algorithm evolution. Although explicit reflective optimisation remains 
rare, some frameworks hint at future directions where LLMs could self-
assess or reason about their outputs, potentially enabling autonomous 
refinement mechanisms.

Bayesian and statistical techniques are also featured in the re-
viewed work, especially for hyperparameter tuning and multi-objective 
optimisation. These methods are valued for their sample efficiency 
and probabilistic reasoning, which make them effective in scenarios 
where LLM-driven models operate under computational or data con-
straints. Bayesian frameworks are typically used to complement LLM-
generated heuristics, enabling faster convergence and better trade-offs 
in high-cost or black-box environments.

Finally, several studies introduce custom or derivative-free algo-
rithms, often generated entirely by LLMs using structured prompt tem-
plates. These novel approaches deviate from conventional metaheuris-
tics and reflect the experimental potential of LLMs as creative agents in 
algorithm design. As such, they are grouped under the derivative-free 
and custom optimisation algorithms category, highlighting the ability 
of LLMs to generate functional yet unconventional search strategies.

Overall, this analysis highlights a rapidly evolving research space 
where LLMs play diverse and increasingly central roles in metaheuristic 
development. Whether guiding operators, generating new heuristics, or 
evolving full algorithms, LLMs offer scalable, adaptive, and generative 
capabilities that align well with the challenges of modern optimisation.

4.3. Large language models used

The analysis of the LLMs used across the 25 studies shows a strong 
preference for recent, high-performance models, with a focus on ver-
satility, model size, and adaptability to different tasks. The selected 
models fall into a few distinct categories, representing a broad spec-
trum of capabilities from general-purpose models to highly specialised 
variants.

OpenAI models:
The most frequently used models come from OpenAI, particularly 

GPT-4 and GPT-3.5. These models are mentioned in various versions, 
including GPT-4 Turbo, GPT-3.5 Turbo, and GPT-based models with 
specific configurations such as retrieval-augmented generation for en-
hanced knowledge retrieval. GPT-4 Vision Preview also appears, indi-
cating interest in multimodal capabilities for more complex tasks. A 
large portion of the studies included in this review have employed a 
range of ChatGPT versions from OpenAI for metaheuristic applications, 
as indicated in several sources [22–24,26,28,30,31,34–36,39–42,44,
45].
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Table 5
Summary of LLMs used across studies.
 Category LLMs used Number of studies Reference(s)  
 OpenAI Models GPT 2.0 GPT-4, GPT-3.5, GPT-4 

Turbo, GPT-3.5 Turbo, GPT-4 
Vision Preview

15 [22–24,26,28,30,31,34–36,39–42,44,45] 

 Anthropic Models Claude-3-Opus 1 [28]  
 Meta’s LLaMA Models LLaMA2, LLaMA3, Code Llama 6 [22,27,29,35,41,44]  
 Mistral and Qwen Models Mixtral, Mistral 7B, Qwen1.5-7B 4 [27,28,37,44]  
 Hybrid and Custom Configurations Various LLMs (PaLM2, Gemini, 

UniTS Prompt)
4 [25,29,33,43]  

 Used LLMs are not specified – 3 [15,32,38]  
Anthropic models:
Claude models, specifically Claude-3-Opus, represent another 

choice of LLMs. Anthropic’s focus on safety and interpretability might 
explain their inclusion in studies where ethical considerations are 
paramount. [28] introduces a novel hybrid approach that integrates 
metaheuristics with LLMS, including Claude-3-Opus, leveraging their 
pattern recognition capabilities to enhance the performance of 
metaheuristics in solving combinatorial optimisation problems, such 
as the Multi-Hop Influence Maximisation problem, demonstrating 
improved results compared to traditional metaheuristics and other 
machine learning-based integrations.

Meta’s LLaMA models:
Meta’s LLaMA series (LLaMA2, LLaMA3) and related models like 

Code Llama are widely used, often in versions with substantial pa-
rameter counts (e.g., 70B). These models are noted for their high 
performance and accessibility for researchers seeking open-source alter-
natives to proprietary models. Several studies in this review have used 
LLaMA models as LLMs to enhance metaheuristics [22,27,29,35,41,44].

Mistral and Qwen models:
Mistral models, such as Mixtral and Mistral 7B, are used across a 

few studies, often alongside OpenAI and Meta models. Similarly, Qwen 
models (e.g., Qwen1.5-7B) appear as specialised options for research 
requiring extensive fine-tuning capabilities. [27,28,37,44] have used 
these models along with metaheuristics in their experiments.

Hybrid and custom configurations:
Some studies, such as [25,29,33,43], used a mix of models or 

mentioned generic LLM capabilities without specific model names. This 
approach indicates the adaptability of LLMs for hybrid or ensemble-
based research, leveraging various LLMs in combination to optimise 
specific outcomes.

Table  5 provides a detailed breakdown of the LLMs used, highlight-
ing the dominance of OpenAI models, the increasing preference for 
open-source models like LLaMA, and the niche roles of Mistral, Qwen, 
and other specialised configurations. This structure provides a clear 
view of how different LLMs are employed across the studies, illustrating 
trends and preferences within the research landscape.

The analysis of LLMs used across the 25 studies highlights several 
key trends, reflecting a diverse landscape of model selection based 
on performance, flexibility, and suitability for specific research needs. 
Among the models used, OpenAI’s offerings, particularly GPT-4 and 
GPT-3.5, emerged as the most frequently chosen, with different ver-
sions such as GPT-4 Turbo, GPT-3.5 Turbo, and GPT-4 Vision Pre-
view being prominently featured. These models’ versatility and high-
performance capabilities make them ideal for a broad range of tasks, 
and the presence of GPT-4 Vision Preview further indicates interest in 
multimodal capabilities as researchers begin exploring applications that 
extend beyond text-only inputs.

Anthropic Claude models, including Claude-3-Opus, are also rep-
resented in the studies. Known for their focus on interpretability and 
safety, these models are often selected for studies where ethical consid-
erations and transparency are essential. The presence of Claude models 
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demonstrates an effort within the research community to address eth-
ical concerns and to use models that are designed with robust safety 
mechanisms.

The frequent use of Meta’s LLaMA series, particularly LLaMA2 and 
LLaMA3, and related models like Code Llama, underscores a growing 
interest in open-source alternatives to proprietary models. The LLaMA 
models, often available with substantial parameter counts (such as 
70B), provide researchers with a high level of control, enabling cus-
tomisation and fine-tuning for specific applications. This trend towards 
open-source models aligns with a broader shift in the research commu-
nity towards transparency and accessibility in AI development, which 
fosters collaborative advancements in LLM research.

Mistral and Qwen models, including Mistral 7B, Mixtral, and 
Qwen1.5-7B, are also used across several studies, sometimes in 
combination with OpenAI or Meta models. These models offer 
specialised capabilities, with some studies leveraging their fine-tuning 
potential for niche research applications. Their inclusion in various 
studies suggests that researchers are exploring beyond mainstream 
models to find specific tools that best align with metaheuristics.

In addition to these well-known models, a subset of studies utilised 
hybrid or custom configurations, sometimes without specifying par-
ticular model names. These studies refer to general LLM capabilities, 
which suggest a flexible approach where various models are combined 
or adapted based on the specific requirements of the task. This adapt-
ability reflects the evolving nature of LLM research, as researchers 
experiment with hybrid frameworks or custom configurations that 
integrate multiple models to optimise performance. Foundational trans-
former models like RoBERTa [47] and GPT-2 remain relevant for 
lightweight applications, though none of the reviewed studies directly 
implemented RoBERTa.

The range of LLMs employed in these studies highlights a balanced 
approach to model selection. Researchers evaluated each large lan-
guage model based on its capabilities, openness, and suitability to their 
research objectives and the metaheuristics they employed. The strong 
presence of both proprietary and open-source models provides flexi-
bility and enables a tailored approach to research in diverse domains. 
The integration of both cutting-edge and foundational models reveals 
a research landscape that values both innovation and practical utility 
as researchers strive to leverage LLMs effectively for a wide array of 
applications in metaheuristics.

The choice of LLMs across studies reflects a balance between per-
formance, customisability, interpretability, and resource constraints 
tailored to the optimisation context. Proprietary models like GPT-4 
and GPT-3.5 were frequently chosen due to their high accuracy, robust 
generalisation, and strong in-context learning capabilities, particularly 
for tasks such as prompt engineering, symbolic regression, and evolu-
tionary strategy refinement. Claude models, known for their alignment 
with safety and transparency, were employed in scenarios demanding 
human-aligned decision support and interpretable optimisation flows. 
Open-source alternatives such as LLaMA2 and LLaMA3 were favoured 
in studies that required fine-tuning, local deployment, or integration 
into hybrid frameworks, offering flexibility and transparency over pro-
prietary solutions. Lightweight models like Mistral and Qwen were 
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Fig. 10. Programming Languages Used In the Studies.
selected in computationally constrained environments or real-time sys-
tems, where efficiency took precedence over scale. This diverse usage 
suggests that model selection is often not solely performance-driven 
but also dictated by strategic alignment with optimisation objectives, 
infrastructure capabilities, and integration needs. Future studies are 
likely to benefit from systematic benchmarking across these models to 
better guide selection in varying application domains.

4.4. Programming languages used for the implementation of algorithms

In analysing the programming languages utilised in the studies, in 
order to implement the metaheuristics algorithms, Python emerged as 
the dominant choice, with 12 out of the 25 studies explicitly mention-
ing its use. This trend aligns with Python’s reputation for its simplicity, 
extensive libraries, and strong community support in the fields of 
machine learning and optimisation. Python’s versatility and ease of 
integration with various optimisation libraries make it a favourable 
choice for researchers implementing metaheuristics.

In contrast, 12 studies did not explicitly mention the programming 
language used, which may indicate a diversity of languages or envi-
ronments depending on the study’s requirements or the availability of 
implementation details. Additionally, one study, [28] reported using 
both C++ and Python (C++ for the metaheuristics and Python for 
LLMs), showcasing a hybrid approach that leverages C++’s perfor-
mance efficiency alongside Python’s flexibility for prototyping and 
integration with AI models. Fig.  10 summarises the distribution of 
programming languages used across the studies. This figure highlights 
the dominance of Python and the diversity in programming language 
reporting in the reviewed literature.

4.5. Application areas of the studied metaheuristics

The reviewed literature addresses a wide range of application areas, 
each leveraging optimisation and computational methods to tackle spe-
cific challenges. Engineering optimisation and Black-box optimisation 
emerge as the most frequently explored areas. Engineering optimisation 
focuses on developing optimal solutions to complex design and oper-
ational issues in engineering, while black-box optimisation addresses 
problems where internal system details are inaccessible, relying on 
adaptive algorithms to navigate input-output relationships effectively. 
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The prevalence of these areas highlights a foundational reliance on 
optimisation techniques across diverse industries.

Another prominent focus is the travelling salesman problem, a 
classic combinatorial optimisation problem essential to logistics, trans-
portation, and supply chain management. Closely related topics, such 
as vehicle routing problems and capacitated vehicle routing problems, 
illustrate the literature’s attention to routing and scheduling issues, 
which are critical for optimising resource allocation and minimising 
operational costs. Additionally, explainable AI and neural architecture 
search reflect the integration of machine learning into optimisation 
research, addressing the need for interpretability in AI models and op-
timising neural network structures. Further application areas, including 
portfolio management and numerical optimisation, show the versatility 
of optimisation techniques, extending their utility beyond traditional 
engineering applications. Fig.  11 provides a detailed breakdown of 
these application areas, illustrating the frequency of each topic within 
the reviewed studies.

5. Content summary and thematic analysis

The current literature review shows that the idea of using LLMs 
in metaheuristics mainly began in 2023. As recent surveys such as 
[13,14] have highlighted, the integration of LLMs into metaheuristics 
is an emerging trend, with applications spanning algorithmic design, 
parameter tuning, and heuristic generation. Our review builds upon this 
work by conducting a structured thematic analysis of LLM contributions 
to metaheuristics, offering a more systematic categorisation of their 
roles and impacts. While these surveys provide an overview, our review 
takes a more detailed, role-based approach to understanding how LLMs 
influence each phase of the optimisation process.

To systematically classify the role of LLMs in metaheuristics, we 
introduce a taxonomy categorising their contributions. Fig.  12 visually 
represents the primary ways LLMs enhance metaheuristic optimisation, 
structured into four major roles with specific subcategories. As shown 
in Fig.  12, LLMs contribute significantly across multiple stages of the 
optimisation process. Algorithm design benefits from heuristic gener-
ation, parameter tuning is enhanced with automation, hybridisation 
improves metaheuristic fusion, and problem-solving sees advancements 
in constraint-handling and adaptive search strategies. This classifi-
cation provides a structured understanding of how LLMs influence 
metaheuristics and guides further research in this domain.
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Fig. 11. Frequency of Application Areas for Metaheuristics in Reviewed Studies.

Fig. 12. Role-Based Taxonomy of LLM-Assisted Metaheuristics. This taxonomy categorises LLM contributions into four key roles: Algorithm Design, Parameter Tuning, Hybridisation, 
and Problem-Solving, each with specific subcategories representing how LLMs enhance metaheuristic optimisation.

16
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Fig. 13. A word cloud made based on the abstract of 25 papers that we extracted data 
from.

Authors in [23,30] and [45] published the very first studies in this 
area. In [23], GPT-4 was used to create an improved mutation strategy 
for the differential evolution algorithm by defining a dynamic switching 
mutation strategy. Their results showed that the new mutation strategy 
was effective. This study highlights GPT-4’s potential to innovate opti-
misation algorithms, although it may be challenging to replicate for 
more advanced differential evolution variants. In the other study [30], 
GPT-4 was used to create hybrid algorithms by combining six existing 
swarm intelligence algorithms. This led to two new metaheuristics, the 
enhanced swarm exploration and exploitation optimiser and the limited 
evaluation swarm optimiser, which balanced exploration and exploita-
tion. Although promising for continuous optimisation, the study noted 
some issues with the correctness and efficiency of the generated code 
and algorithms. The other work in 2023 was done by Liu et al. [45], 
in which LLMs were integrated into an evolutionary framework to 
create, modify, and combine new algorithms for optimisation tasks. 
This proposed framework performed better than traditional greedy 
heuristics and domain-based models on different sizes of the travelling 
salesman problem, which showed improved scalability and generalisa-
tion brought to the algorithm by LLMs. Although the study showed 
positive results, it focused only on the travelling salesman problem, 
suggesting that more evaluation of other optimisation problems could 
strengthen the findings. Following these three foundational studies, our 
literature review reveals a steadily increasing interest in this area of 
research in 2024.

We have divided all the studies into five themes, which are dis-
cussed in the following sections. These themes demonstrate the inte-
gration of LLMs with metaheuristics as explored in the studies. A word 
cloud of the abstracts of all papers we reviewed in this systematic 
literature review is also given in Fig.  13.

To provide a structured overview of the contributions of LLMs in 
metaheuristics, we summarise their key roles in Table  6. This table 
highlights their impact across different optimisation tasks, including al-
gorithm design, parameter tuning, hybridisation, and problem-solving. 
As illustrated in Table  6, LLMs significantly improve adaptability, 
automation, and hybridisation in metaheuristic frameworks. The fol-
lowing subsections will explore these contributions in greater detail, 
focusing on their specific applications and challenges.

5.1. Theme 1: Using LLMs to generate or improve metaheuristic algorithms

In the first theme, LLMs are used to improve or generate metaheuris-
tics. For instance, Zhong [31] used ChatGPT3.5 to create a new opti-
misation algorithm called zoological search optimisation. The proposed 
algorithm outperformed others, but the author highlighted the chal-
lenges of prompt engineering and human oversight when using LLMs. 
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Table 6
Summary of LLM contributions in metaheuristic optimisation.
 Contribution area Key contributions  
 Algorithm Design LLMs assist in generating new heuristic strategies, 

designing novel metaheuristic frameworks, and 
automating mutation and crossover mechanisms in 
evolutionary algorithms.

 

 Parameter Tuning LLMs dynamically adjust hyperparameters, 
automate tuning through reinforcement learning 
techniques, and fine-tune metaheuristics to adapt 
to different problem instances.

 

 Hybridisation LLMs enable intelligent hybridisation of multiple 
metaheuristics, improving search efficiency by 
combining swarm intelligence with evolutionary 
algorithms and Bayesian optimisation.

 

 Problem-solving LLMs improve constraint-handling, adaptive search 
strategies, and multi-objective optimisation, 
offering explainability and assisting in balancing 
exploration-exploitation trade-offs.

 

In similar studies, [24,30] conducted two research works in which 
LLMs were employed to progressively improve existing metaheuristics. 
For instance, they took the self-organising migrating algorithm through 
30 cycles of improvements and then found out that only one version 
showed significant improvement. In their second study, the differential 
evolution algorithm went through the same process. Their experimental 
results showed that LLM can improve the performance initially, but as 
we progressively do this by using an improved algorithm from the pre-
vious cycle, complexity increases without added benefits. Their findings 
demonstrate the potential of LLMs in algorithm design. However, LLMs 
introduced inconsistencies despite using the same query and human 
intervention was needed.

Another work in this category was done by Stein et al. [26], 
where an automated system named LLaMEA was developed, enabling 
LLMs to select, mutate, and generate algorithms based on a feedback 
mechanism. Some of the algorithms generated by LLaMEA managed 
to outperform existing metaheuristics. However, they only focused on 
continuous optimisation problems, and the overall process is compu-
tationally very expensive and highly dependent on prompt quality. In 
another similar work, Cai et al. [38] explored how LLMs can enhance 
evolutionary algorithms by designing the population and improving 
strategies, which led to the same conclusion on the drawbacks men-
tioned above. Our review of the literature also identified studies that 
employ LLMs to optimise the tuning of metaheuristics. In [36], for 
instance, an in-the-loop hyperparameter optimisation was proposed for 
LLM-based automated design of heuristics. In other words, an LLM was 
used to generate algorithmic structures, while evolutionary algorithms 
handled the selection and mutation. Hyper-parameter tuning was of-
floaded to an optimisation tool (SMAC). Their proposed approach also 
suffers from a high computational cost and faces scaling challenges.

Collectively, the studies in this theme demonstrate that LLMs have 
the potential to generate and improve metaheuristics. This process 
brings innovative solutions and tends to outperform non-LLM-based 
algorithms. As discussed above, however, common limitations are in-
consistent performance improvements, high computational costs, re-
liance on well-crafted prompts, and the necessity of human oversight to 
guide the AI effectively. The real-world relevance of these LLM-assisted 
algorithm design approaches is evident across several application do-
mains. In the reviewed studies, LLMs were used to support symbolic 
regression for discovering governing equations in physical systems, 
which has implications in scientific modelling and engineering simula-
tions. Other practical scenarios include route optimisation for delivery 
logistics using variants of the travelling salesman problem, adaptive 
hybrid design of swarm algorithms for smart energy systems, and 
iterative improvement of optimisation logic in automated planning. 
These examples reflect the growing potential of LLMs to aid in devel-
oping new metaheuristics tailored to real-world constraints, including 
computational cost, solution quality, and domain-specific feasibility.



R. Ghanbarzadeh and S. Mirjalili Decision Analytics Journal 15 (2025) 100587
5.2. Theme 2: Enhancing metaheuristics with LLM guidance in optimisation 
processes

In the second theme, LLMs are paired with traditional metaheuris-
tics to enhance or guide the metaheuristic processes in optimisation 
tasks. What makes these different from theme one is that LLMs do 
not generate/improve metaheuristics or heuristics but are a part of 
the optimisation and problem-solving process for specific applications 
shoulder to shoulder with metaheuristics. In other words, this theme 
includes studies that use LLMs as assistive tools in the optimisation 
lifecycle before or after metaheuristics in the optimisation pipeline.

For instance, Sartori et al. [28] used LLM as a pattern recognition 
tool within a variant of genetic algorithm to solve combinatorial prob-
lems. LLM was used to generate patterns to be assigned as probabilities 
to graph nodes, which led to outperforming state-of-the-art algorithms. 
However, the study faced limitations such as high computational costs 
and difficulties scaling to larger graphs due to token limits in LLMs. 
Zhong et al. [43] employed LLM to design neural networks, which is 
considered to be a combinatorial optimisation task. This allowed them 
to create an LLM-assisted optimiser for adversarial robustness neural 
architecture search. Despite the merits of their work, the study lacked 
details on computational costs, human involvement, and the potential 
benefits of using different LLMs or metaheuristics.

Chen et al. [32] proposed an LLM-guided framework for dynamic 
power dispatch in space-air-ground vehicular networks. The authors 
integrated LLMs with a dual deep deterministic policy gradient frame-
work and the whale optimisation algorithm. LLMs were used to guide 
the power dispatching models, and the whale optimisation algorithm 
was used to optimise the generated candidate strategies. This method 
outperformed existing dispatch strategies, but the study suffers from 
limitations such as reliance on a single LLM and metaheuristic. This 
questions the generalisability of the proposed model across different 
scenarios.

In [33], the problem of air conditioning load forecasting was tackled 
by combining a time series prediction model based on prompts and 
LLMs with the grey wolf optimisation algorithm for hyperparame-
ter tuning. The integration led to a slight improvement in predic-
tion accuracy. However, the study might have been limited by small 
or region-specific datasets and the high computational cost associ-
ated with running the optimisation algorithm multiple times to ensure 
optimal solutions.

Collectively, the studies in this theme showed once again the po-
tential of integrating LLMs with metaheuristics to enhance the opti-
misation process. LLM was not engaged in tuning or enhancing the 
metaheuristics but rather worked along them. This showed the success 
of this synergy across domains such as combinatorial optimisation, neu-
ral network design, power dispatch, and load forecasting. The coming 
challenges were computational resource demands, scalability issues, 
reliance on specific LLMs or metaheuristics, and the need for further 
validation in larger, real-world applications.

The integration of LLMs into metaheuristics has demonstrated mea-
surable improvements in optimisation performance across multiple 
domains. The findings of the current review show that LLM-assisted 
metaheuristics consistently outperform traditional methods in terms 
of convergence speed, solution quality, and computational efficiency. 
The improved convergence speed reflects LLMs’ ability to enhance 
search heuristics, while the superior solution quality and computa-
tional efficiency indicate their potential to optimise problem-solving 
strategies more effectively. The reviewed studies demonstrate that LLM-
based parameter tuning methods have strong potential in real-world 
scenarios where continuous adaptation is crucial. For example, tuning 
strategies informed by LLMs have been applied in dynamic optimisation 
environments such as intelligent traffic signal control, where real-time 
adjustments improve traffic flow under changing conditions. Other 
examples include hyperparameter tuning in deep learning pipelines for 
medical diagnostics and resource allocation in edge computing, where 
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task priorities and constraints vary over time. These cases highlight 
the role of LLMs in reducing manual intervention, accelerating conver-
gence, and enhancing the responsiveness of optimisation algorithms in 
time-sensitive, data-driven contexts.

5.3. Theme 3: Using LLMs as primary solvers for optimisation tasks

In this theme, LLMs are directly applied to specific optimisation 
or symbolic regression tasks. In other words, the LLM itself acts as a 
primary solver or aid in generating solutions or models for complex 
systems. For instance, in [41], Du et al. proposed a framework using 
LLMs for the automatic discovery of governing equations in nonlinear 
dynamical systems. By generating and refining candidate equations, the 
LLM demonstrated better generalisation and physical interpretability 
than traditional symbolic regression methods. However, the method’s 
performance under sparse or noisy data conditions requires further 
exploration. In addition, high computational costs are a significant 
limitation, especially with advanced LLMs like GPT-4.

In [29], Lange et al. investigated the use of LLMs within evolution-
ary optimisation algorithms for black-box optimisation problems. Their 
method, called EvoLLM, integrated an LLM as a recombination opera-
tor. Their comparison showed that EvoLLM shows better results than 
baseline algorithms on synthetic functions and small neuroevolution 
tasks. However, its performance may depend on the pre-training and 
fine-tuning of the LLM. The scalability is also limited by the context 
length and processing costs associated with LLMs.

in [39], Huang et al. enhanced the optimisation performance of 
LLMs using a multimodal approach for solving the capacitated vehicle 
routing problem. By incorporating both textual and visual inputs, the 
multimodal LLM outperformed the text-only version. This allowed it 
to capture problem structures more effectively and show improved 
routing solutions. Limitations include challenges in handling larger and 
more challenging capacitated vehicle routing problem instances, which 
were not explored by them. Also, there are difficulties in accurately 
remembering detailed information when only presented in text.

Collectively, the studies in this theme demonstrate the potential of 
LLMs in specialised optimisation tasks as primary solvers to provide 
innovative solutions and improved performance over traditional meth-
ods. Once again, a common challenge was high computational costs. 
Other limitations include handling of complex or unstructured data, 
scalability issues, and the need for further validation under various 
data conditions. The hybrid strategies outlined in the reviewed studies 
demonstrate considerable practical value across diverse domains. For 
instance, combining LLMs with swarm intelligence and evolutionary 
algorithms has been applied in real-world scenarios such as power 
dispatch optimisation in smart grids, where systems must respond 
adaptively to load fluctuations and user preferences. In the context of 
social network analysis, LLM-guided hybrids have been used to improve 
influence maximisation strategies for marketing and information dis-
semination. Hybrid models have also supported robust optimisation in 
dynamic scheduling, logistics planning, and energy forecasting, where 
multiple heuristic approaches must be integrated to balance compet-
ing objectives, uncertainty, and evolving constraints. These examples 
underscore the versatility and operational value of LLM-driven hybrid 
optimisation frameworks.

5.4. Theme 4: enhancing explainability using LLMs

In this theme’s studies, LLMs have been leveraged to enhance the 
explainability of optimisation algorithms and their results. In [44], 
for instance, the authors integrated GPT-4 into the STNWeb tool to 
automate the interpretation of optimisation algorithms’ behaviour. By 
generating natural language reports and basic graphics, the LLM made 
results more accessible to users unfamiliar with complex visualisations. 
Limitations of this work, though, included potential struggles with com-
plex mathematical reasoning, dependence on basic prompt structures, 
and reproducibility issues due to reliance on proprietary models.
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In [27], Baumann et al. made evolution strategies more explainable 
by integrating LLMs to generate user-friendly summaries of the optimi-
sation process. The approach effectively provided clear and coherent 
explanations, which helped users to better and conveniently understand 
key aspects such as convergence behaviour and encounters with local 
optima. However, the first limitation is imposed by the LLM’s context 
length, which may hinder processing longer log files. Another limita-
tion is related to the challenges in extracting exact numerical values 
due to the stochastic nature of the LLM.

These studies illustrate that integrating LLMs can significantly en-
hance the explainability and accessibility of optimisation algorithms, 
aiding users in understanding complex processes and results. Chal-
lenges remain in handling complex mathematical reasoning, ensuring 
reproducibility without reliance on proprietary models, and managing 
limitations related to context length and data extraction. The integra-
tion of LLMs into constraint handling and multi-objective optimisa-
tion has promising real-world applicability. In energy systems, LLMs 
have supported grid balancing by navigating trade-offs between cost, 
load stability, and emission reduction. In healthcare resource planning, 
constraint-aware LLMs have been used to ensure treatment schedules 
meet regulatory and staffing constraints while optimising patient flow. 
In transportation planning, multi-objective frameworks enhanced by 
LLMs have enabled route design that balances travel time, fuel con-
sumption, and traffic regulations. These examples illustrate how LLMs 
can enhance adaptability and decision support in scenarios where 
multiple, often conflicting, constraints must be satisfied simultaneously.

5.5. Theme 5: Using metaheuristics to optimise LLMs

In the fifth theme, the role of LLMs and metaheuristics swapped. 
Other than studies included in this review, during the paper inclusion 
and exclusion phase, we identified some studies in the literature that 
used metaheuristics and optimisation techniques to optimise LLMs or 
for prompt engineering. As these studies fell outside the scope of this 
systematic literature review, we excluded them.

For Instance, [48] proposes Plum as a paradigm for prompt learning 
using metaheuristic techniques, including hill climbing, simulated 
annealing, genetic algorithms (with and without crossover), tabu 
search, and harmony search, to optimise prompts for LLMs efficiently 
across black-box and white-box scenarios. [49] presented an end-
to-end framework for enhancing customer service in unmanned 
retail stores, integrating visual recognition with fine-tuned LLMs to 
interpret customer needs and offer recommendations. Metaheuris-
tic optimisation techniques, specifically the genetic algorithm and 
shuffled frog leaping algorithm, are employed to efficiently fine-
tune the model parameters in a low-dimensional space, improving 
computational efficiency with limited training data. [50] explores 
Bayesian optimisation for tuning prompts in LLMs, demonstrating that 
it enhances task performance and reduces computational costs in black-
box settings. [51] presents EvoPrompt, a metaheuristic approach that 
applies evolutionary optimisation techniques, including crossover and 
mutation, to iteratively refine prompts for improved post-ASR error 
correction using LLMs.

The studies discussed in this theme showed that metaheuristics can 
effectively optimise LLMs. This allows LLMs to show improved perfor-
mance without increasing the parameters and expand their capabilities. 
As discussed, metaheuristics have been used in prompt engineering as 
well. However, the approaches are often constrained by high computa-
tional demands, scalability issues, and data requirements that should be 
addressed. Metaheuristics and optimisation processes have significant 
potential to innovate and enhance the use of LLMs. On the positive side, 
LLMs have proven effective in generating new algorithms, improving 
existing ones, assisting in specific optimisation tasks, and even enhanc-
ing explainability. They offer fresh approaches to complex problems, 
improve accuracy and adaptability, and provide user-friendly inter-
pretations of optimisation processes. However, we observed common 
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limitations as well. High computational costs as the use of LLMs often 
requires substantial processing resources, which makes scalability a 
challenge. Another common issue is that the effectiveness of LLMs 
heavily relies on prompt quality and can show inconsistent perfor-
mance. These require human oversight to ensure reliability, which 
slows down achieving full autonomy in optimisation. Finally, stud-
ies often highlighted difficulties in applying LLMs to more complex 
or unstructured data, which raises concerns about generalisation and 
applicability across diverse tasks. These pros and cons underline the 
exciting potential and ongoing challenges in integrating LLMs with 
metaheuristics and optimisation tasks.

The reviewed studies also highlight real-world potential in using 
metaheuristics to enhance LLMs. For instance, metaheuristic-driven 
prompt optimisation has practical value in domains such as person-
alised education, where prompts must adapt to learner profiles in real 
time. In customer-facing AI systems, combining visual recognition with 
metaheuristically fine-tuned LLMs has enabled more effective recom-
mendations and dynamic interaction in unmanned retail and service 
kiosks. Moreover, the use of search-based techniques to refine LLM 
parameters has been explored in constrained environments such as 
embedded systems, where computational efficiency and accuracy are 
critical. These cases illustrate how metaheuristics can meaningfully 
support the practical deployment of LLMs across industries.

Among the 25 papers identified, only one was categorised as a sur-
vey study. This paper, [15], explores how optimisation algorithms and 
LLMs enhance decision-making in dynamic environments by blending 
artificial intelligence with traditional methods, providing novel strate-
gies to tackle complex computational problems and practical applica-
tions of language models. The study reviewed emerging frameworks 
that integrate LLMs into genetic programming, where LLMs generate, 
mutate, and recombine programmatic solutions using techniques such 
as language model crossover and reflective operator design.

6. Discussion and future direction

6.1. A new taxonomy-based on LLM roles in metaheuristics

According to the current literature review, the existing and future 
works in this area can be divided into four categories based on the role 
of LLM in metaheuristics: Advisor, Refiner, Enhancer, and Innovator.

While prior studies such as [13]. [14], and [15] have provided 
valuable insights into how LLMs can assist optimisation tasks, their 
classification approaches tend to be either broad thematic groupings 
(e.g., reinforcement learning, symbolic regression, or hyperparameter 
tuning) or application-oriented taxonomies that categorise research 
by use cases (e.g., scheduling, forecasting, or robotics). These mod-
els often overlook the functional depth and operational roles that 
LLMs play in metaheuristic workflows. In contrast, the proposed taxon-
omy in the current study introduces a novel role-based structure that 
classifies LLMs as Advisors, Refiners, Enhancers, or Innovators. This 
categorisation is grounded in how LLMs interact with core optimisation 
stages, whether by offering strategic guidance, modifying algorithmic 
logic, augmenting solution components, or autonomously generating 
complete algorithmic frameworks. This functional perspective enables 
clearer mapping between LLM capabilities and optimisation needs. 
Moreover, this taxonomy is generalisable across different classes of 
metaheuristics (e.g., swarm, evolutionary, hybrid), and offers practi-
cal relevance by guiding developers and researchers in aligning LLM 
capabilities with task-specific goals, system constraints, and desired 
levels of automation. Unlike previous taxonomies, it serves not only 
as a descriptive tool but also as a prescriptive framework for method 
selection and system design.

In the first class, advisors, advisor LLMs assist metaheuristics by 
providing guidance based on historical data, problem descriptions, 
algorithm code, and performance. This means that instead of changing 
the algorithm directly, they suggest potential directions and approaches 
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that can lead to performance improvement and better results. Among 
the vast number of options available to a designer for modifying and 
adjusting metaheuristics, an advisor LLM can narrow down the options 
and prioritise more promising ones. The final intervention is made 
by humans, but the insights are provided by LLMs, leveraging their 
remarkable capability learned from training on historical data. In this 
case, it is recommended to use proper information in the context 
window so that advisor LLMs provide more helpful insights.

In the second class, refiners, LLMs focus on fine-tuning and optimis-
ing an existing aspect of a metaheuristic (e.g., controlling parameters). 
Just like humans, an LLM goes through an iterative process over 
different settings for those parameters to evaluate their impact and find 
the best configuration. It can be considered a trial-and-error approach 
to identify optimal parameters that improve algorithmic performance. 
The benefit is that the LLM does not make structural changes to the 
algorithm, which could introduce errors and instability. Instead, it 
works within the existing code and performs tuning and refining on 
selected elements to bring out the best out of the algorithm. This 
approach ensures the algorithm operates at a higher efficiency without 
compromising its foundational structure. As an advantage, the integrity 
of the original algorithm is maintained, so the rest of the errors and 
instability are reduced. Since refiners work only within the existing 
algorithm, they may miss opportunities for broader improvements that 
require structural changes.

In the third class, enhancer, LLMs engage in modifying and improv-
ing the optimisation process. In this case, an enhancer LLM dynamically 
interacts with metaheuristics and makes real-time adjustments. Utilis-
ing their context window, LLMs can suggest modifications to improve 
convergence, introduce new operators, or adjust components of the 
code to address challenges faced by metaheuristics during the opti-
misation process. In other words, this role behaves as a co-optimiser 
alongside metaheuristics to reach better results. The advantage of such 
a technique is the ability to adapt to challenges on the fly and be 
flexible co-optimisers in complex tasks. However, real-time adjustments 
require high computational power and may slow down the overall 
optimisation process. This added complexity can also make the optimi-
sation process harder to interpret and debug, so explainability might 
be an issue.

In the last class, innovator, LLMs go beyond the previous roles. 
This is achieved when they design and propose new metaheuristics. 
Using their generative capability, they can either combine/hybridise 
existing metaheuristics or create a completely new algorithm. An in-
novator LLM brings fresh ideas and techniques into the design and 
development of metaheuristics. This expands the possibilities that we 
can achieve and create a unique algorithm for optimisation problems. 
Innovator LLMs bring high creativity to the table and reduce the 
need for manual input in designing new algorithms, which eventually 
leads to saving time. However, the stochastic nature of LLMs makes 
the outcome unpredictable, and we have to deal with some level of 
instability. This requires rigorous testing to ensure quality. It is the most 
computationally expensive role out of the above-mentioned four.

Fig.  14 shows these four roles of LLMs in metaheuristic optimisa-
tion positioned along two axes: Difficulty & Complexity and Value & 
Autonomy. As we move up the curve from advisor to innovator, each 
role requires higher complexity and autonomy, but greater value is 
achieved in the optimisation process. Advisor LLMs provide guidance 
with minimal complexity because they just suggest possible directions 
without directly altering the algorithm. Refiners take a more active 
role by fine-tuning parameters. Enhancers are more dynamic and make 
real-time changes to the optimisation process. This obviously requires 
more complexity and autonomy, which justifies its position in this 
figure. Finally, Innovators have the highest level of autonomy and 
complexity because they can create new metaheuristics. Techniques in 
this category offer maximum value by bringing unique solutions to an 
optimisation problem.
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Fig. 14. Visualisation of LLM Roles in metaheuristic optimisation where Advisor, 
Refiner, Enhancer, and Innovator roles each contribute uniquely to improving algorithm 
performance and adaptability.

It is hard to measure the growth rate from advisor to innovator, 
but it is very likely going to be exponential. A possible justification 
for this is that each role requires an increase in skills and adds much 
more value than the last roles. Advisor LLMs only guide the process, 
which is easy to do. Refiners adjust small details, which need a bit more 
skill. Enhancers make live changes, which is much harder. Innovators 
create completely new algorithms/solutions, which are the hardest 
and bring the most value. With each step, the LLM’s tasks become 
significantly more complex. These large leaps in difficulty and impact 
suggest exponential growth, where each new role demands much more 
than the last.

6.2. Future directions

This systematic literature review provides a comprehensive overview 
of seminal works employing LLMs in metaheuristics and evolutionary 
computation. It identifies significant unexplored areas worthy of 
pursuit. Based on this review and the author’s insights, the following 
research directions are recommended. We regard these as ‘‘dimensions’’ 
that should be considered and explored to advance in this area, as 
illustrated in Fig.  15. By addressing these gaps, researchers can better 
harness the potential of LLMs in designing, optimising, and enhancing 
metaheuristics. The identified directions provide a roadmap for future 
advancements, which further enable and facilitate deeper integration of 
LLMs into the field of optimisation.

While the proposed taxonomy in this study is grounded in thematic 
synthesis, its empirical validation remains an important direction for 
future research. A practical next step would involve embedding this tax-
onomy into controlled experimental designs, where each role, advisor, 
refiner, enhancer, and innovator is explicitly operationalised and evalu-
ated using consistent performance metrics such as convergence quality, 
generalisability, or runtime efficiency. Benchmarking tools could be 
developed to compare how effectively different LLMs support each role 
across various optimisation tasks. Additionally, the taxonomy could be 
used to guide the design of industry-facing platforms that systematically 
incorporate LLMs into existing optimisation workflows. These empirical 
and applied pathways would help establish the taxonomy’s robustness 
and practical relevance.

Most existing studies lack a standard framework or employ generic 
ones (e.g., CRISPE). Prompt engineering is critically important when 
using LLMs, as it can significantly impact the design and coding of 
algorithms. Since no framework specifically tailored for LLMs in meta-
heuristics currently exists, developing one is a valuable research di-
rection. A dedicated framework would allow consistent and efficient 
application of LLMs in the metaheuristic domain. This would lead to a 
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Fig. 15. Suggested future research areas for using LLMs in metaheuristics. Each 
‘‘dimension’’ represents a different focus area, such as creating specific frameworks, 
setting ethical guidelines, using synthetic data, and promoting open-source tools. The 
diagram highlights different paths researchers can take to advance research in this area.

more standardised assessment of their role and contribution. Also, such 
a framework could support interoperability and comparability across 
studies, which accelerates innovation and refinement of metaheuristics.

Another area involves ethical frameworks for using LLMs in meta-
heuristics. Generating algorithms with LLMs may raise ethical concerns, 
such as potential biases in the generated solutions, a lack of trans-
parency in decision-making processes, and issues surrounding intellec-
tual property. There are ongoing debates within the community about 
the ethical guidelines most suitable for using LLMs in metaheuristics. 
How to establish these guidelines is an important open research ques-
tion. Developing an ethical framework will help to mitigate these risks 
and make LLM-based metaheuristics more trustworthy and reliable.

In addition to ethical frameworks, best practices in this field are 
needed. Due to limited research, compiling a concrete list of best prac-
tices is challenging, yet any effort to create guidelines for designing, 
developing, testing, benchmarking, validating, refining, enhancing, and 
innovating in this area would be invaluable. A systematic set of best 
practices will provide practical guidance to researchers and practition-
ers and help them to make LLM-assisted metaheuristics more cohesive 
and reproducible. It will also encourage better documentation and 
sharing of methodologies for better collaboration in the optimisation 
community and beyond.

Another recommendation is to design a custom problem-solving 
process for LLMs, creating a new optimisation lifecycle that maximises 
accuracy and automation while reducing instability and human inter-
vention. This would include involving LLMs in requirements analysis 
and problem definition, as they could enhance understanding and 
improve the overall process during stakeholder engagement, which 
often involves qualitative data. Although this study focused on algo-
rithm design and development, there is a broader gap in frameworks 
guiding LLM use across the entire optimisation lifecycle. Such a tailored 
lifecycle has the potential to promote a shift towards greater autonomy 
in problem-solving.

Currently, there is no specific performance metric for evaluating 
LLM-based metaheuristics. Existing works use conventional perfor-
mance metrics like convergence speed, accuracy, and statistical tests 
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to measure the effectiveness of LLM-generated or improved algorithms. 
However, these do not quantify the LLM’s impact on the optimisation 
process. For example, if an algorithm alters the source code of a 
metaheuristic, what effect does this have on the code itself? Is it 
logically more complex? These are challenging questions to answer. 
Thus, proposing new metrics and methods to effectively evaluate 
LLMs’ impact on optimisation algorithms is recommended. Such new 
metrics help researchers to better understand the unique advantages 
and limitations of LLM-driven optimisation.

Another area of interest is investigating the impact of the context 
window on LLM performance in metaheuristics. Currently, there are no 
guidelines on what to include in the context window. While the need for 
a framework for prompt engineering has been previously highlighted, 
identifying the specific content to include in prompts remains essential, 
as it guides the content generation process of LLMs. This could include 
exploring various methods, such as zero-shot, few-shot, or chain-of-
thought prompting. Developing a deeper understanding of context 
window configurations could significantly enhance the accuracy and 
efficiency of LLMs in solving optimisation tasks. Fine-tuning these 
settings would allow LLMs to perform more consistently, regardless of 
task complexity or variability.

The architecture of LLMs significantly impacts their integration with 
metaheuristics, affecting efficiency, adaptability, and scalability. En-
hancements such as efficient token handling, adaptive attention mecha-
nisms, and hybrid architectures can improve performance while reduc-
ing computational costs. Future research should explore architectural 
modifications that align LLMs more closely with the computational 
demands of metaheuristic frameworks.

Studies on GPT-o1 indicate that synthetic data generation can 
bridge data gaps and can be used to restrain or fine-tune LLM to achieve 
better performance. Identifying gaps in datasets used to train LLMs for 
metaheuristics and addressing these gaps is an exciting area for future 
research. We strongly encourage researchers in the metaheuristics com-
munity to explore this, as it could significantly increase LLM accuracy 
across various metaheuristic-related applications. Synthetic data could 
also facilitate the development of LLMs that are less biased and more 
robust.

Another research area is to propose architectures that allow dif-
ferent roles, as outlined in this work, to collaborate in automating 
the entire metaheuristics development process. Possible architectures 
might include multi-role systems, hierarchy-based models, or swarm-
based approaches. Such architectures could maximise the potential of 
roles that LLMs can fulfil or introduce new roles, such as modera-
tors, evaluators, or auditors, facilitating automation throughout the 
optimisation lifecycle.

The other area we suggest for future research is open-source initia-
tives to improve the accessibility and inclusivity of LLMs in metaheuris-
tics. Open-source LLMs and tools allow the community to democratise 
the design, development, and testing of metaheuristics. They also pro-
mote transparency, which is a fundamental dimension of AI ethics. 
Open-source projects would further encourage collaboration and com-
munity engagement, too. This also leads to mitigation bias due to a 
diverse set of perspectives.

Given the novelty of the field, no comprehensive comparisons exist 
between different LLMs regarding their strengths and limitations in 
metaheuristics. Our analysis shows that GPT has been the most widely 
used, yet we believe other LLMs also hold potential, particularly for 
specialised tasks like coding. Further exploration in this area is encour-
aged. Such comparative studies provide insights into the adaptability, 
precision, and computational efficiency of different LLMs, which even-
tually help researchers to choose the most suitable models for specific 
metaheuristic tasks.

Another promising research direction is to fine-tune existing LLMs 
to better serve as advisors, refiners, enhancers, or innovators in meta-
heuristics. Fine-tuning and customising LLMs for different roles would 
give us the opportunity to optimise their performance in niche areas. 
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This specialisation would make LLMs valuable tools in the progressive 
development of metaheuristics.

Future research should also focus on practical challenges such as 
integrating LLMs with real-time optimisation systems, where latency, 
decision confidence, and feedback loops are critical. Another key di-
rection is the development of lightweight, domain-specific LLMs that 
reduce computational overhead and are suitable for edge or embedded 
systems. Techniques such as reinforcement learning with human feed-
back, fine-tuning on problem-specific corpora, and retrieval-augmented 
generation could improve both the responsiveness and context rele-
vance of LLM-generated suggestions. Additionally, research would ben-
efit from the adoption or creation of standard datasets for benchmark-
ing LLM-driven metaheuristics, such as datasets from logistics, smart 
grid scheduling, and medical resource allocation. Finally, integrating 
LLMs with open-source optimisation platforms (e.g., DEAP, Nevergrad, 
JMetalPy) may promote reproducibility and accelerate innovation in 
the field

7. Limitations

This systematic literature review offered a detailed examination of 
the integration of LLMs within metaheuristic optimisation algorithms. 
However, several limitations affect the scope and generalisability of its 
findings.

The review’s scope was constrained by focusing on nine selected 
databases. While these cover extensive research, some relevant studies 
from less prominent sources or additional grey literature may have 
been missed. Limiting the review to English-language publications also 
introduces a potential bias, as it excludes research published in other 
languages, which may limit the diversity of methods and perspec-
tives, especially from non-English-speaking regions. The search strategy 
captured only studies published up to late 2024, prioritising recent ad-
vancements while potentially overlooking earlier foundational research 
that provides historical context. A high degree of methodological vari-
ability was observed across the reviewed studies, particularly in terms 
of research designs and evaluation metrics, complicating direct compar-
isons and making generalisations less reliable. Despite an emphasis on 
high-quality, peer-reviewed sources, limitations in the original studies, 
such as small sample sizes or limited testing environments, may affect 
the reliability of some findings.

A number of reviewed studies offer practical strategies for address-
ing common LLM-related limitations. For example, [31] highlighted 
issues with prompt engineering during the development of the zoologi-
cal search optimisation algorithm, noting that success varied depending 
on the structure and clarity of prompts. Similarly, [24,26] reported 
that scaling LLM-guided improvements across multiple generations 
introduced diminishing returns and required human oversight to filter 
viable algorithm versions. To mitigate computational overhead, studies 
like [16,29] employed lightweight models or hybrid strategies that 
offload parameter tuning to external optimisers while allowing the LLM 
to focus on structural decisions. These examples illustrate how prompt 
sensitivity, resource constraints, and scalability challenges are actively 
being managed in practice, informing best practices for future work.

Several reviewed studies proposed practical strategies to mitigate 
core LLM-related limitations. For instance, Zhong et al. [31] acknowl-
edged that prompt quality significantly impacted the success of LLM-
generated algorithms, noting frequent inconsistencies even with iden-
tical prompts. They recommended iterative refinement and structured 
prompt templates to improve reliability. Similarly, Pluhacek et al. [30] 
found that continuous LLM-guided evolution of metaheuristics intro-
duced diminishing performance gains, with human oversight becoming 
essential to filter out ineffective versions. This underscores the scal-
ability challenge of LLM-driven optimisation cycles. To reduce com-
putational overhead, van Stein et al. [36] proposed an in-the-loop 
optimisation framework where the LLM focused on structural guid-
ance while hyperparameter tuning was offloaded to the sequential 
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model-based algorithm configuration, achieving performance benefits 
without incurring full inference costs. Huang et al. [39] demonstrated 
that multimodal input (e.g., visual + text) improved task performance 
while reducing context-related constraints in complex routing prob-
lems. Meanwhile, Cai et al. [38] highlighted the challenge of scaling 
LLM-based designs due to growing context size and memory lim-
its, recommending lightweight models and task-specific fine-tuning. 
These examples reflect how current research is not only identifying 
limitations like prompt dependency, scalability, and resource usage, 
but also actively experimenting with architectural, procedural, and 
hybrid mitigation strategies to manage them in real-world optimisation 
scenarios.

8. Conclusion

This systematic literature review has examined the evolving role 
of large language models in metaheuristic optimisation, presenting a 
structured taxonomy that categorises their contributions across dif-
ferent stages of the optimisation process. The analysis reveals that 
LLMs are being leveraged for algorithm generation, parameter tuning, 
hybridisation, and performance enhancement, demonstrating signifi-
cant potential for automating and improving metaheuristic techniques. 
Despite these advancements, several challenges persist, including com-
putational cost, scalability, interpretability, and reliance on prompt 
engineering. Addressing these limitations is crucial for the broader 
adoption of LLM-driven optimisation. Additionally, ethical concerns 
and reproducibility issues must be considered as these models be-
come more integrated into decision-making frameworks. As practical 
implications, this study provides a roadmap for researchers and practi-
tioners seeking to leverage LLMs in optimisation. It highlights emerging 
trends, identifies research gaps, and underscores the need for more 
standardised benchmarking and evaluation methodologies. With regard 
to future research directions, the study suggests that moving forward, 
research should focus on developing more efficient LLM-optimisation 
pipelines, reducing computational overhead, improving interpretabil-
ity, and exploring adaptive self-improving metaheuristics. Additionally, 
further empirical studies across diverse problem domains are needed to 
validate and refine existing approaches. By providing a comprehensive 
synthesis of current research and a strategic outlook for future advance-
ments, this review serves as a reference for the continued exploration 
of LLM-driven metaheuristic optimisation.
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