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1 Introduction
Combinatorial Optimization Problems (COPs) are a class of optimization problems character-

ized by discrete variable domains and finite search space. Combinatorial Optimization (CO) plays
a crucial role in identifying promising solutions in many areas requiring complex decision-making
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capabilities, such as industrial [220] and employee scheduling [25, 102], facility location [27, 64],
and timetabling [198, 255]. Traditionally, such problems are modeled with techniques like Linear
Programming (LP), Integer Linear Programming (ILP), Mixed Integer Linear Program-
ming (MILP), and Constraint Programming (CP), further solved through commercial solvers
such as IBM ILOG CPLEX [88] or Gurobi [70] and through heuristic and Metaheuristic (MH)
algorithms [195].

While many successful CO applications have been developed, the design and engineering of
optimization tasks remain primarily human-driven. Users must convert the problem into an opti-
mization model by defining a set of variables, constraints, and one or more objective functions,
then coding and running a software solver or algorithm to find solutions. These activities are not
trivial and require a certain extent of expertise.

Inspired by the recent advancements in the usage of Large Language Models (LLMs) to perform
a wide array of complex tasks, there is growing interest in integrating LLMs into CO to mitigate
the human-intensive aspects of optimization [53, 84, 145, 237]. The abilities of LLMs to process,
interpret, and generate human language make them particularly suited for tackling activities within
CO, including the translation of natural language descriptions to formalisms such as mathematical
models [74, 89] and code generation [111, 213].

The rapid advancement in Artificial Intelligence (AI) and in particular in Natural Language
Processing (NLP) has led to a rapid increase in the capabilities and applications of LLMs, resulting
in a proliferation of scholarly works and models being developed. While highlighting the increasing
activity in the field, this multitude of studies has created a complex body of knowledge, that
is, challenging to navigate. Looking specifically at the application of LLMs to CO, the academic
literature is limited and fragmented, with existing works characterized by diverse methodologies,
areas of applications, and findings.

Therefore, this systematic review aims to consolidate the current state-of-the-art in LLMs applied
to CO. We identify, screen, analyze, and systematically organize the literature to clarify the topic
and identify strategic directions for ongoing and future research efforts. The process is reported
following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines. Through this examination, we seek to understand the capabilities of LLMs
in addressing complex optimization tasks and to explore the evolving trends and directions in this
field. By systematically synthesizing and analyzing existing research, this review aims to provide
a structured understanding of how LLMs are employed in CO and offer insights that can inform
future research in the field.

The remainder of this review is structured as follows. In Section 2, we discuss the aims and
motivations that drove our work. We then explore the relationships and differences with related work
in Section 3. In Section 4, we present the background necessary to understand the interconnections
between LLMs and CO. We provide a detailed account of the methodology we followed in Section 5.
In Section 6, we classify and discuss the studies included in our review. Next, we outline future
research directions in Section 7 and discuss the limitations of our approach in Section 8. Finally, we
draw some conclusions and propose future work in Section 9.

2 Aims and Motivations

The main objective of this systematic review is to critically evaluate the current state of LLMs
application in CO. To this end, we aim to answer the following questions: (i) How are LLMs
currently being applied to COPs? (ii) Which tasks of the optimization process are aided with
LLMs? (iii) Which LLM architectures and training paradigms are most effective for CO? (iv) Which
application fields are employing LLMs within CO? (v) What are the main trends in the application
of LLMs within CO? (vi) What are possible research directions in the application of LLMs to CO?
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Two primary motivations drive this systematic review. Firstly, traditional optimization approaches
primarily rely on human expertise (e.g., application domain knowledge and coding capabilities),
thus limiting their applicability, scalability, and efficiency. Leveraging LLMs offers a promising
direction, as their success in tasks like entity recognition, domain knowledge, and coding suggests
their potential for CO. For instance, LLMs could be used for translating high-level descriptions of
solution algorithms to executable code [125].

Secondly, the rapid evolution of NLP (in particular of LLMs) and their application in optimization
techniques (specifically CO), highlights the urgency of a comprehensive systematic review. Existing
literature and reviews are scattered, lacking a cohesive framework that provides researchers and
practitioners with clear guidance in the domain of LLMs applied to CO.

While exploring the reverse relationship between LLMs and CO (i.e., applying CO techniques
to enhance LLMs) is also a valid research direction, we deliberately chose not to include it in this
survey. This is primarily because such applications essentially use well-established CO methods in
a new, albeit challenging, domain. Instead, we focus on the novel and emerging contributions of
LLMs to the practice of CO, as this also aligns more closely with the primary research interests of
some of the authors, particularly in exploring the potential for LLMs to enhance CO techniques.
For the same reason, our review emphasizes CO rather than other paradigms, such as continuous
optimization. This decision is also motivated by the inherent differences between the two paradigms:
continuous optimization typically relies on mathematical models or black-box ones, whereas CO
encompasses a broader and more diverse set of problem domains (e.g., scheduling, assignment,
routing, and permutation-based problems) characterized by intricate substructures and complex
constraints. This diversity makes the application of LLMs to CO potentially more impactful, given
the richness and complexity of the CO landscape.

3 Related Work

A limited number of surveys have addressed the intersection of LLM and CO along with related
topics. It is important to remark that none of these works are systematic reviews. In this section,
we overview their main characteristics and highlight the differences with respect to our work.

Fan et al. [53] presented a review of Al applications in Operations Research (OR), with a focus
on three specific aspects of the optimization process: conversion of data into modeling parameters,
model formulations, and model optimization. Although they extensively covered various Al tech-
niques, such as Reinforcement Learning (RL) and Neural Networks (NNs), the usage of LLMs
was investigated only in the context of model formulation [53, Section 4]. Huang et al. [84] explored
the topic by including not only CO, but also continuous optimization and the use of optimization
for LLMs. However, when discussing LLMs for optimization, they examined a set of 20 papers
and focused on a narrow range of optimization aspects, specifically algorithm generation and the
usage of LLMs as search operators. Lai et al. [109] reviewed the literature on LLMs concerning their
mathematical capabilities and briefly discussed their applications in CO along with math word prob-
lems, geometry problems, and theorem proving. Liu et al. [128] described the application of LLMs
to algorithm design in various fields, like optimization, Machine Learning (ML), mathematical
reasoning, and scientific discovery. Wu et al. [237] provided a review on the intersection of Evolu-
tionary Computation (EC) and LLMs. As done by Huang et al. [84], they also covered aspects like
continuous optimization and the use of optimization for LLMs enhancement. However, their focus
on EC represented only a partial view of the CO landscape and, more generally, of optimization
techniques. Similarly, Yu and Liu [247] and Cai et al. [23] described the evolution of Evolutionary
Algorithms (EAs) to solve optimization problems from heuristic approaches to LLMs.

Our systematic review differ from the aforementioned surveys in the following ways: (i) We
systematically reviewed the topic using a rigorous methodology to identify, screen, include, and
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analyze relevant literature works. We reported the process following the PRISMA 2020 guidelines.
(ii) We limited our focus to the usage of LLMs within CO, thus excluding optimization areas
outside discrete combinatorial optimization, as well as the use of optimization within LLMs, nor,
more generally, the use of LLMs for mathematical problem-solving. (iii) We addressed the entire
optimization process, not focusing solely on specific parts. (iv) We considered a broader set of
optimization techniques and algorithms, not just evolutionary techniques. (v) We described datasets,
frameworks, tools, and metrics that could enhance applications of LLMs within CO.

4 Background
4.1 Large Language Models

LLMs have fundamentally transformed the landscape of NLP and related fields. At the core of
this transformation is the Transformer architecture introduced by Vaswani et al. [221], which
revolutionized the NLP field with the introduction of an improved self-attention mechanism built
on top of the one proposed by Bahdanau et al. [12]. This mechanism allows models to weigh
the importance of different words in a sentence, irrespective of their distance, leading to more
contextually aware representations.

The Transformer architecture operates with an arrangement of two specified modules, an encoder
and a decoder, designed to transform the input data into more abstract and general-purpose repre-
sentations. Each encoder and decoder in the architecture is built from layers that perform specific
functions. First, positional encoding is introduced to inject information about the order of input
words into the model, which is crucial for processing sequences where the arrangement of elements
carries meaning, as is common in NLP. Following positional encoding, the embedding layer converts
the input tokens (i.e., individual pieces of text and typically words or sub-words) into vectors of
continuous numbers. This transformation turns linguistic information into a mathematical form
that neural networks can process. Once the input has been encoded and embedded, it passes through
the Transformer’s core mechanisms, i.e., the attention layers. The encoder relies on a self-attention
mechanism to independently assess and emphasize different parts of the input data. This allows the
model to understand each input segment in relation to the rest of the input, thus enhancing the con-
text awareness of the system. In parallel, the decoder also employs a self-attention layer but focuses
on generating the next output token in the sequence conditioned on the tokens generated so far.
This ensures that each generated element is contextually aligned with the previous (i.e., already gen-
erated) text. Additionally, cross-attention layers in the decoder access the encoder’s output to guide
the generation process. These layers allow the decoder to reference the full context provided by the
encoder, ensuring that each output token is a contextually appropriate continuation or response to
the specific provided input sequence. This comprehensive mechanism of encoding, self-attention,
and cross-attention within the Transformer allows for highly effective processing and generation of
text, making it a robust model for various complex language understanding and generation tasks.

Building on the innovative self-attention mechanism of the Transformer, subsequent models
have been developed with specialized architectures tailored for different tasks. ELMo [170] defined
the usage on contextual embeddings. Encoder-only models, like BERT [44], specialize in tasks that
require a deep understanding of language context, making them ideal for applications like sentiment
analysis and named entity recognition. On the other hand, decoder-only models, such as GPT-3 [21]
and GPT-4 [22, 161], excel in generating coherent and contextually appropriate text, powering
applications in creative writing and dialogue systems.

After encoder and decoder-only models, the introduction of instruction-based models marks a
significant evolution in LLMs. These models are trained to follow user-provided instructions [34,
162], making them versatile tools across various tasks without needing task-specific fine-tuning.
Instruction-based training involves exposing the model to various tasks during training, along
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with corresponding instructions, thereby enabling the model to generalize from instructions at
inference time. This approach has started the development of emerging abilities in LLMs, such as
zero-shot learning capabilities [104], complex reasoning strategies [15, 231], and the discovery of
latent abilities that emerge as models sled [230].

Following the introduction of instruction-based models in LLMs, several state-of-the-art models
have epitomized this approach, showcasing remarkable capabilities in handling a wide array of
tasks directly based on user instructions. Some notable models in this field include PaLM [33], which
represents a significant advancement in scaling up transformer-based architectures designed to
perform well across diverse linguistic tasks. Its successor, PaLM-2 [66], builds upon this foundation
with improved training techniques and larger model capacities, further enhancing its ability to
understand and generate nuanced text based on instructions. PaLM-E [49] further extends the PaLM
series by emphasizing efficiency in energy usage and processing speed, making it a more sustainable
option for deploying sophisticated NLP tasks at scale.

Another architecture is LLaMA [211] and its successors, LLaMa 2 [62] and LLaMa 3 [132], which
focus on achieving high cross-task effectiveness with relatively smaller model sizes, facilitating
easier deployment and lower operational costs without compromising on capability. These archi-
tectures have demonstrated significant prowess in tasks requiring deep contextual understanding.
Mistral 7B [90] and Mixtral 8x7B [91] introduce a unique approach to model training called
Mixture of Experts (MoE) that involves dynamic adjustments of model parameters based on task
complexity, which enhances the model’s adaptability and performance across different NLP tasks.
Gemini 1.5 [205] is another innovative model that integrates dual mechanisms of understanding
and generation to improve interaction dynamics in conversational Al applications. Bard [141]
focuses on incorporating broad, encyclopedic knowledge and the ability to update its understanding
in real-time, making it exceptionally useful for applications that require up-to-date information.
Finally, Claude [11] distinguishes itself by its ethical training framework, prioritizing safety and
fairness, setting a new standard in responsible Al development.

These models exemplify the most advanced and state-of-the-art instruction-based learning,
where each has been tailored to excel in standard benchmarks and improve specific aspects such as
versatility, efficiency, and ethical considerations.

4.2 Combinatorial Optimization

COPs are a class of optimization problems defined by discrete decision variables and the objective
of finding one or more optimal solutions within a finite search space of solutions [97]. Many
of these problems are classified as NP-hard, meaning that, based on current knowledge, they
require exponential time to be optimally solved. Besides the prominent Boolean Satisfiability
Problem (SAT), prototypical COPs include the Permutation Flowshop Scheduling Problem
(PFSP) [165], the Knapsack Problem (KP), the Graph Coloring Problem (GCP), and the
Traveling Salesperson Problem (TSP) [174]. CO is also widely applied to tackle real-world
problems across various domains. Examples include employee scheduling [101, 248], machine
scheduling [107, 151], educational timetabling [26], and automotive production [233], to name a few.

Figure 1 outlines the steps practitioners and researchers undertake to address an optimization
problem [14, 213]. In the following, we detail the process specifically for the case of CO.

The first step regards the description in Natural Language (NL) of the decision-making process
or real-world issue to be tackled. Its specifications must be outlined to identify the decisions to be
made, the rules that must be followed, and the goals to be achieved.

After framing the decision-making process, the practitioner must create a formal representation
to enable a software solver or a custom algorithm to tackle it. A given NL description can correspond
to multiple representations, called models or problem formulations. Models are articulated in terms
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Fig. 1. Overview of the steps for addressing an optimization problem.

of (i) variables (or decision variables), which represent the decisions to be made; (ii) constraints,
which are restrictions on the possible values of the variables and capture problem substructures
and/or business rules; and (iii) at least one objective (or fitness) function, which assesses the quality
of a solution. When the problem tackles more than one objective function, it is the case of multi-
objective optimization. The development of an effective problem formulation is known as modeling.
How we define variables, objectives, and constraints determines the model type. E.g., if variables
assume integer values and constraints are linear, the model is an ILP. Other model types, such as
MILP and LP, handle both discrete and continuous variables, while structured constraints can be
represented using CP.

While a problem formulation provides an abstract formal description of a decision process, an
instance (or problem instance) represents a specific case of the problem defined by concrete data. A
solution to a problem instance is an assignment of values to all the decision variables. As mentioned
before, the solution quality is evaluated through an objective function, which provides one or
more objective values, also referred to as scores or costs (typically numerical values). The search
space of an instance encompasses all possible assignments of the variables; the subset of solutions
that satisfy all constraints is called the set of feasible solutions. A solution which violates at least
one constraint is called infeasible. When no feasible solution exists for an instance, resulting in a
logically inconsistent instantiation of the problem model, the model instance is also called infeasible.

The search space is explored using solution methods, which are algorithms or software solvers.
Solution methods for COPs can be classified based on the completeness of their search (i.e., complete
or incomplete methods) and how solutions are constructed (i.e., perturbative or constructive
methods). Note that models and solution methods are strictly coupled together.

Complete methods exhaustively explore the search space, ensuring that (i) If a solution exists, the
complete method will eventually find it; (i) When the search terminates, the best solution found is
guaranteed to be optimal (for this reason, complete methods are also called exact methods). Examples
of these methods include LP, MILP, and CP [186]. For such methods, numerous widely accepted
software tools exist, including IBM ILOG CPLEX and IBM CP Optimizer [88], Gurobi Optimizer [70],
OR-Tools [169], Gecode [60], and the solvers included in the MiniZinc distribution [156] together
with interfaces and APIs available in common programming languages.

However, given that most COPs are NP-hard [59, 106], exhaustive exploration can result in
an exponential increase in runtime w.r.t. the size of the problem instance. Additionally, in many
real-world applications, it is not necessary to certify the optimality of a solution. Instead, obtaining
a good, feasible solution in a reasonable amount of time is sufficient. Incomplete methods address
such necessities by exploring the search space non-exhaustively, often using stochastic approaches.
When these methods are tailored to the problem, they are called heuristics; when they employ
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problem-independent strategies, they are referred to as MHs [144]. Examples of MHs include
Tabu Search (TS) [65], Simulated Annealing (SA) [55, 100], Greedy Randomized Adaptive
Search Procedure (GRASP) [108], Large Neighborhood Search (LNS) [191] and its adaptive
version [232], Genetic Algorithm (GA) [76], Biased Random-key Genetic Algorithm
(BRKGA) [133], and Ant Colony Optimization (ACO) [48]. Differently from complete methods,
widely accepted tools have not been available for incomplete methods, where researchers still
rely on customized coding solutions [202-204] and on a sprout of possible frameworks and
libraries [135, 168].

Constructive methods build solutions from scratch and iteratively set all variables according to
specific policies. Examples include CP and ACO. Conversely, perturbative methods start from an
existing complete solution and generate new solutions by modifying some variables. Examples
include methods based on the concept of neighborhood, such as TS and SA.

Algorithmic choices in solvers and algorithms can be addressed through automated algorithm
configuration, as advocated by the Programming by Optimization (PbO) manifesto [77]. Such a
paradigm calls for a shift of perspective in software development, where the design of components
is approached through optimization. This involves a systematic exploration of design alternatives
to select a configuration for the different components via automated tools (e.g., irace [138]).

The process undergoes various types of validation. First, a practitioner must ensure that the
models adhere as closely as possible to the real-world scenario, even though some assumptions are
necessary to generalize the concepts (i.e., validation of specifications). Secondly, model and technical
validation should be applied to check the correctness of the code, ensure it adheres to the model,
and evaluate its performance efficiency. Furthermore, to efficiently solve a problem, evaluating
and comparing different algorithms, solvers, and models is essential. This comparison is necessary
because of the No Free Lunch Theorem [234], which states that no single algorithm is best suited
for all instances of an optimization problem. Therefore, rigorous tests are conducted to determine
the most effective approach for the specific problem, ensuring that the chosen solution method is
robust and efficient (in other fields, this type of validation is addressed as a benchmarking process).

5 Methodology
5.1 Prisma

The PRISMA guidelines are a well-known framework for reporting systematic reviews. The current
version was proposed in 2020 [163] and builds upon the PRISMA 2009 formulation [150]. This
methodology evolved from the earlier Quality of Reporting of Meta-analyses (QUOROM)
guidelines [149], which were firstly introduced in 1999. This evolution over time has broadened
the scope of the guidelines. While QUOROM primarily focused on improving reports of meta-
analyses in clinical trials, PRISMA addresses systematic reviews that evaluate the effects of health
interventions more broadly. These guidelines are sufficiently general to apply to reports of systematic
reviews that evaluate other types of interventions [121, 235], systematic reviews with objectives
beyond evaluating interventions [75, 185], and systematic reviews not related with the medical
field [155, 194, 216]. PRISMA can be used to report systematic reviews that involve result synthesis,
such as meta-analyses and other statistical methods. It is also helpful for reviews identifying only a
single eligible study and for mixed-methods approaches.

At its core, PRISMA is composed of four main elements: the statement [163], the explanation
and elaboration document [164], the checklist, and the flow diagram.l The statement introduces
the purpose of the methodology. The checklist consists of 27 items across seven sections, providing

https://www.prisma-statement.org/prisma-2020-checklist and https://www.prisma-statement.org/prisma-2020-flow-
diagram (accessed on 2026-03-08).
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guidelines for writing a systematic review report. It should be used alongside the explanation
and elaboration document, which offers additional reporting guidance for each item. The diagram
shows the flow of information through the review phases.

In this work, we adopt, use, rely on, and refer to the PRISMA 2020 guidelines [163, 164].

5.2 Terminology

Most of the terminology used within PRISMA resources [163, 164] derives from its original field
of application—systematic reviews of health-related interventions—which may be confusing for
researchers from other disciplines. We particularly refer to the following definitions [163]: (i) Study:
an experiment including a defined group of participants and one or more interventions and outcomes.
(ii) Report: a paper providing information about a particular study. Multiple reports may refer to the
same study. (iii) Record: the title or abstract (or both) of a report indexed in a database or website.
(iv) Outcome: a measurement event for participants in a study. (v) Result: the combination of a
point estimate and precision measurement for an outcome.

Since our systematic review covers a broader scope than health-related interventions, where
we expect to find only individual eligible studies rather than multiple studies referring to a given
experimental design, we will join the definitions of study and report, using study to refer to papers
in general. This approach will also apply to the definitions of result and outcome. We consider the
term record to encompass titles and abstracts of papers. For example, the PRISMA flow diagram
explicitly distinguishes between records screened and reports sought for retrieval. We will adjust
this to refer only to records as we define them.

5.3 Literature Collection

5.3.1  Process. Our systematic review includes studies up to the end of 2024. The literature
collection process, conducted according to PRISMA, involves three main activities: identification,
screening, and inclusion (Figure 2). To provide a comprehensive overview of our application of the
PRISMA guidelines, we have included the checklists in Appendix A.

While the inclusion activity simply involves reporting the number of studies included in the
systematic review, the task of identifying and screening records is more complex. Figure 3 reports
a Business Process Model and Notation (BPMN) diagram [159] describing how we conducted
these activities. Initially, all authors worked together to define the keywords for searching records,
establish eligibility criteria for study inclusion/exclusion, and select the databases for record
identification. Subsequently, one author sent queries to the selected databases to retrieve records
and performed data cleaning to remove duplicates and records without authors. Then, the author
screened the remaining records by reviewing titles, abstracts, and publication years in order to
apply an initial filter. The resulting list was then augmented through citation tracking [36]. After
this phase, three authors independently read the full text of one-third of the studies each. They then
decided whether to include each study based on the eligibility criteria. Subsequently, we collectively
cross-checked the studies read by the other authors. The author not initially involved in full-text
reading performed the final screening and resolved conflicts.

5.3.2 Identification. On January 7, 2025, we searched two popular databases to identify records:
Scopus and Google Scholar. Scopus is an extensive, multidisciplinary database of peer-reviewed
literature, while Google Scholar allows for broader searches, including pre-prints and other types
of studies.

To identify studies addressing the usage of LLMs within CO, we used the following set of

keywords: “large language models”, “generative artificial intelligence”, “GPT”, “optimization”, “com-
binatorial optimization”, “mathematical formulations”, “metaheuristics”, “constraint programming”,
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Fig. 3. BPMN diagram describing the identification and selection activities of records in the literature
collection process.

“Integer programming”, “integer linear programming”, and “NL40pt”, “Ner4Opt” . These keywords
were combined into 14 search queries, reported in Table 1 along with the number of matches found
for each query. Besides the self-explanatory queries (i.e., those including the relevant LLM and CO
terms like “combinatorial optimization”), we also include the keywords “NL4Opt” and “Ner4Opt”
in our Google Scholar search. These terms relate to a recent competition focused on extracting
the meaning and formulation of an optimization problem from its textual description. Note that
Google Scholar only provides an estimated number of matches and that we used the advanced
query functionality on Scopus to restrict the search to study titles, abstracts, and keywords using
the TITLE-ABS-KEY(. . .) construct. Using these queries, we retrieved approximately 648 records
from Google Scholar and 1,396 from Scopus, for a total of 2,044 records. This list required further
processing because both databases contain duplicates. We found 269 duplicate records from Google
Scholar, 196 from Scopus, and 23 shared records, totaling to 488 duplicates. Another case to consider
is a small subset of records that lack an author string and should, therefore, be removed from the
list of 2,044 records. Specifically, we identified 4 records without an author string on Google Scholar
and 84 records on Scopus. When combining the two lists, the number of distinct records without
an author string is 84, as all four records found on Google Scholar are also present on Scopus. The
final number of distinct records from Google Scholar and Scopus is 1,472.
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Table 1. Queries Used to Retrieve Records from Scopus and Google Scholar

Scopus Google Scholar
Query Count  Query Count
“large language models” and “optimization” 944 “large language models” and “combinatorial optimization” 334
"GPT” and “optimization” 394 "large language models” and "constraint programming” 104
“large language models” and “constraint programming” 10 “large language models” and “mathematical formulations” 106
“large language models” and “integer programming” 14 “large language models” and “metaheuristics” 88
“large language models” and “integer linear programming” 15 "NL4Opt” 11
“generative artificial intelligence” and "combinatorial optimization” 0 “Ner4Opt” 5
“large language models” and “"combinatorial optimization” 14
"GPT” and “combinatorial optimization” 5

5.3.3 Screening. We define eight eligibility criteria to screen the list of studies referred by
the 1,472 records retrieved. Specifically, we define four inclusion (INCL) criteria and derive four
exclusion (EXCL) criteria:

INCL1 The study is written in English.

INCL2 The study focuses primarily on the usage of LLMs in the field of CO.

INCL3 The study has been published in 2016 or later.

INCL4 The study is in the form of a research article, a case report, a technical note, a narrative
review, a systematic review, a position paper, a pictorial essay, or a PhD Dissertation.

EXCL1 The study is written in languages other than English.

EXCL2 The study focuses primarily on optimization in the context of LLMs, solely on CO, solely
on LLMs, or solely on optimization different from CO, such as Continuous Optimization.

EXCL3 The study has been published in 2015 or earlier.

EXCL4 The study is not in the form of a research article, a case report, a technical report,
a narrative review, a systematic review, a position paper, a pictorial essay, or a PhD
Dissertation.

In summary, we focus on how LLMs are used in optimization, specifically targeting studies that
address the subfield of CO (INCL2); consequently, we exclude those taking the opposite perspective
(EXCL2). Note that some of the exclusion criteria may appear redundant w.r.t. the inclusion ones;
this is due to a rigorous application of the PRISMA guidelines in reporting on our activity of review.

The formulation of these criteria is based on the concept of “primary focus” on the use of LLMs
in the field of CO. According to our criteria, a study focusing on the use of LLMs in COPs should
either: (i) Describe the usage of LLMs within one of the tasks of the overall optimization process.
(ii) Address specific aspects of a COP. (iii) Propose improvements or new approaches for a given
optimization paradigm. (iv) Outline use cases, perspectives, and/or potential future applications.
(v) Involve specific LLMs and, if applicable, provide metrics and/or reference datasets. We believe
that this notion of “primary focus” allows us to consider not only research papers but also reviews
and surveys, which are equally important as they may provide general directions and perspectives
(INCL2 and INCLA4). This also helps clarify the rationale behind EXCL2 and EXCL4; if any of the
components described above is missing, we exclude the study from consideration. For example, let
us hypothesize a study on how an LLM could enhance an evolutionary procedure for solving a
COP; this study would align with our inclusion criteria. Conversely, consider a study proposing the
use of a MH to generate prompts for LLMs; such a study would not meet our criteria and would
be excluded. Concerning the criteria for the publication year (INCL3/EXCL3), we selected 2016 as
the earliest publication year to ensure comprehensive coverage for our systematic review. This
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choice aligns with key developments in LLMs, particularly following the “Attention Is All You
Need” paper [221], which introduced the Transformer architecture in 2017 (Section 4.1)

Regarding the types of publications considered, we have identified a subset that aligns with our
objectives (INCL4). We therefore exclude all other publication types not specified therein (EXCL4).

We screened the identified records (1,472) according to our eligibility criteria. We removed 68
records because they were published earlier than 2016 (INCL3/EXCL3). A total of 1227 records
tackled solely LLMs, solely optimization, or a type of optimization different from CO. Additionally,
we excluded 47 records that addressed optimization in the context of LLMs (INCL2/EXCL2). We
also removed 7 records because they referred to studies of the wrong type (EXCLA4). In total, we
removed 1,349 records, resulting in a final count of 123 records.

On January 13, 2025, we performed citation tracking [36] on the 123 records that remained
after the initial screening. Specifically, we traced all the citations received by the collected studies
referred to in the records, identifying a total of 420 records. We then checked for duplicates in this
set, identifying 101 duplicates. Thus, we ended up with 319 distinct records from citation tracking.

We manually addressed each record, evaluating them according to our criteria as we did previ-
ously. Among the 319 distinct records, we found that 251 tackled solely LLMs, solely optimization,
or a type of optimization different from CO (EXCL2). Additionally, 11 records referred to studies
that tackled optimization in the context of LLMs. We excluded 5 records because they referred to
studies of the wrong type (EXCL4) and one study because it was not written in English (EXCL1). In
total, we removed a total of 268 records, leaving us with 51 records. By examining these citations,
we uncovered additional highly related or complementary sources w.r.t. the initial set of records,
thereby broadening and enriching our literature review.

In summary, combining the records retrieved through databases (123) and those obtained through
citation tracking (51), we had a total of 174 records.

5.3.4  Inclusion. We read the full text of each of the 174 studies referred to by the records obtained
after the screening activity to decide which ones to include in our systematic review. This involved
a more thorough evaluation of each study concerning our eligibility criteria. Below are a few
examples:

— Amarasinghe et al. [8] proposed to automate the formulation of optimization problems from
NL descriptions, using fine-tuned LLMs to generate modular code for complex real-world
business optimization scenarios. In this study, LLMs are used to enhance the formulation of a
COP, thereby satisfying all our inclusion criteria.

— Pluhacek et al. [171] used an LLM to identify and decompose six well-performing swarm
algorithms for continuous optimization. Despite the involvement of LLMs, we exclude this
study because it focuses exclusively on continuous optimization problems (EXCL2).

— Wang et al. [228] proposed a survey on the usage of Deep Generative Models (DGMs) for
COPs. We exclude this study since DGMs are not LLMs (EXCL2).

Thus, the final number of studies included in this systematic review is 103 (i.e., 2 studies were not
retrieved and 69 were not included as per inclusion/exclusion criteria, thus 174 = 103 + 2 + 69).
Table 2 summarizes the characteristics of the included studies. Please note that when feasible,
the characteristics reported are those of the peer-reviewed version of the studies, i.e., if a study was
previously published in a pre-print form and later in a peer-reviewed version, we consider the latter
here. The majority (82 studies, 80%) were published in 2024. The remaining studies were published in
2023 (17 studies, 16%) and in 2022 (4 studies, 4%). Considering their identification approach, 70 (68%)
were retrieved from databases; additionally, we included 33 (32%) studies referred to by records
found through citation tracking. Regarding the publication venues, approximately 50 studies (49%)
were disseminated through pre-print distribution services such as arXiv. The remaining studies were
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Table 2. Overview of the 103 Studies Included in Our Review

Year Total Identification Venue Publication Type

DB Citation Tracking Journal Conference Pre-print Research Review Report Position

2022 4 3 1 0 1 3 4 0 0 0
2023 17 16 1 3 4 10 15 0 1 1
2024 82 51 31 22 23 37 65 11 0 6
Total 103 70 33 25 28 50 84 11 1 7

peer-reviewed, with 25 (24%) published in journals and 28 (27%) in conference proceedings. Focusing
on the type of each study, as specified in our inclusion criteria (INCL4), 84 of them (approximately
82%) are research studies addressing specific research questions and/or experimental settings.
Additionally, we included 11 (10%) literature reviews, one (1%) technical report, and 7 (7%) position
papers, as these provide perspectives, guidelines, or future directions.

6 Analysis

In this section, we classify and discuss the 103 studies. The analysis is conducted in terms of
optimization process, LLMs, benchmark datasets, and application domain. Each selected study is
described in Appendix B.

6.1 Optimization Process

In this section, we report the analysis of the included studies w.r.t. the optimization process,
both considering the general task (e.g., problem modeling) and the related activities (e.g., domain
knowledge). A detailed tabular overview is available in Appendix C.

This analysis accounts for 86 out of the 103 studies (83%). The omitted studies provide perspective
and general direction on the topic (Section 6.5). In the counts related to the number of studies
per step or task, a study addressing multiple tasks within the same step is counted only once
for that step. For instance, Li et al. [116] addresses both entity recognition and model creation
within the problem modeling step. Therefore, it is counted as one in the problem modeling step.
If a study addresses multiple steps, it is counted as 1 in each step. For instance, Tsouros et al.
[213] addresses activities both in the problem modeling and solution method steps, thus it is
counted as one in each of them. Most of the studies (64 out of 103) focus on activities related to the
solution method, representing 63% of the total. The problem modeling task follows closely, with 38
studies, accounting for 37%. A limited number of studies are related to benchmarking (7, 7%) and
validation (9, 9%). In the following sections, we outline how LLMs are used within each step of the
process.

The optimization process could benefit from the application of LLMs in several ways, as advo-
cated by Wasserkrug et al. [229], who argues for their integration throughout the entire process.
While such a holistic approach is possible, only 24 studies (23%) address multiple steps across the
pipeline.

6.1.1 Problem Modeling. Problem modeling aims to translate problems, expressed in NL, into
mathematical and computational models. This step is foundational, as the quality of the models
influence the success of optimization.

A specialized understanding of the domain in which the COP is located is crucial for effective
modeling and for ensuring realistic and applicable solutions. Traditionally, human experts are
necessary in this phase as they bring deep knowledge of industry-specific rules, regulations, and so
on. In such context, LLM can help by extracting implicit knowledge from the real-world data and
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integrating it into solution processes [40, 131, 188, 254] and to generate solutions [37, 39, 95]. Li
et al. [119] integrates the domain knowledge, with both entity recognition and the generation of
solution code.

In the given problem context, it is crucial to identify the key entities and their interrelations to
properly model variables, constraints, and objectives. LLMs can be particularly useful for recognizing
and labeling these elements within a NL description of the problem [47, 225]. This capability
can enhance the accessibility and usability of the models, enabling non-domain experts to solve
significant problems across various industries. Such activity is frequently paired with the extraction
of domain knowledge [6, 215], the creation of the model [4, 45, 74, 89, 116, 157, 158, 179], and
toward code generation [87, 119]. Note that Obata et al. [158] also addresses solution generation.
As mentioned, LLMs can produce optimization models [58, 181] and assist users in doing so, as
evidenced, for instance, by the conversational agents developed by Abdullin et al. [1]. The generation
of an optimization model is often accompanied by the production of the related code [82, 94, 111, 239].
Several studies have jointly addressed entity recognition, model creation, and code generation [2,
3,71, 92, 96, 153, 213, 241, 249], with Michailidis et al. [146] also addressing solution generation.

A total of 38 studies focused on problem modeling, encompassing the identification of domain
knowledge (11 studies), entity recognition (25 studies), and model creation (25 studies).

6.1.2  Solution Methods. Solution methods refer to strategies and algorithms used to find (near)
optimal solutions to COPs. The choice of the solution method is linked to the problem model and
is deemed critical, as it determines the efficiency, scalability, and accuracy of the results. Thus,
optimization researchers’ expertise is essential to select the right solving strategy and to design
algorithms and their components. LLMs have been adopted in the design of solution methods,
especially through code generation; there exists one case where LLMs have been used for algorithm
selection [238]. Complete algorithms have been designed starting from NL description of solution
methods for CP [8, 223] and MILP [7, 114, 118]. Liu et al. [127] and van Stein et al. [219] used LLMs
to generate heuristic algorithms within an evolutionary framework, with the latter also including
in the loop parameter tuning using an automated tool (SMAC [122]). On the contrary, a few studies
implemented a LLM-based parameter tuning [63, 110, 143, 217]. Ye et al. [244] and Liu et al. [125]
developed heuristics for a hyper-heuristic framework. Romera-Paredes et al. [184] introduced
FunSearch, a method for discovering new heuristics for the online bin packing problem, achieving
improvements over widely used baselines. Following, many other studies tackled the topic of
generating code for heuristics [30, 127, 129, 200, 242, 243, 246, 251]. Mao et al. [142] integrated
LLMs into mutation and crossover operators for GAs. Most of the generated code is written in
Python (30, note that overall 35 studies use Python).

Generating solutions that satisfy the constraints and are diverse enough is complex and sometimes
even unfeasible [222]. LLMs have been asked to directly produce solutions [19, 32, 52, 63, 69, 80,
81, 86, 93, 115, 124, 130, 148, 154, 182, 183, 187, 212, 227, 240, 245]. Such an approach is useful, for
instance, in MHs, where complete solutions are required as a starting point or to be mutated during
the evolutionary process, and in population-based optimization algorithms, where a large number
of (possibly diverse) solutions are required at each iteration. Finally, code generation and solution
generation have been tackled together by two works [20, 98].

A total of 64 studies focused on solution methods, encompassing code generation (36 studies),
solution generation (28 studies), parameter tuning (4), and algorithm selection (1).

6.1.3 Validation. The validation step ensures that the model, the code, and the produced solutions
align with the problem requirements and meet end-users’ needs. This process often requires
substantial human input, as domain experts are typically involved in an iterative feedback loop
to critically review the models and solutions to verify that all specifications have been adequately
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addressed. As LLMs have been proven to perform fairly well in such tasks [189], they have also been
applied to optimization. Huang et al. [87] employed an LLM to validate solutions in an end-to-end
framework (spanning from problem modeling to technical validation). Conversely, Hao Chen and
Li [72] acted at the model level, employing a LLM agent to validate the (MI)LP models. Specifically,
they integrated LLMs in diagnosing inconsistent (i.e., over-constrained) MILP optimization models,
trying to isolate the minimal subset of linear constraints (including variable bounds) that makes the
model instance infeasible. Validation has also been addressed by other studies, reported also in other
steps of the optimization process [52, 71, 115, 153, 239, 249]. Note that we do not address bug checks
in LLM-generated code as proper technical validation (e.g., during code generation for the solution
method step) since we assume such checks are inherently part of that activity (if not state otherwise).
A total of nine study focused on validation (five on solution validation and six on model validation).

6.1.4 Models and Algorithm Types. Since the optimization process can be clearly outlined in
terms of tasks and steps, it is crucial to recognize that modeling choices, solution methods, and
validation procedures are closely interconnected. This section presents an overview of the algorithms
and solvers considered in the studies. Please refer to the sections related to the single steps.

Considering the underlying model and algorithm type, the majority of studies (19) focus on LP
and MILP (18). Other exact methods involve CP (7) and ILP (2). (Meta-)Heuristic algorithms account
for 20 studies; among them, 9 focus on heuristics, 3 focuses on hyper-heuristics, 3 on GAs, and 3
on EAs. Furthermore, 3 study explores the capabilities of LLM w.r.t. multi-objective CO [124]. One
study deals with SAT—even though LLMs are used to generate heuristics for their solution [200].

One reason for the prominence of LP in these studies is the Natural Language for Optimization
Modeling (NL40Opt) competition. The primary objective of this competition was to assess whether
models could generalize to unseen problem domains, with an emphasis on two sub-tasks: named
entity recognition for LP components and LP model generation. For more detailed information
on the competition, readers are forwarded to the report by Ramamonjison et al. [180], while a
description of the related dataset is provided in Section 6.3.

6.1.5 Benchmarking. In CO, benchmarking involves evaluating and comparing the performance
of algorithms and techniques. The objective is to determine how effective a solution method is and,
potentially, understand the reasons behind its performance. Conventional comparison methods
involve gathering numerical data from algorithm runs and reporting them in the form of tables
and boxplots, alongside considerations of computational times and statistical tests (such as the
Friedman test) to account for stochasticity. For decades, researchers have emphasized the need for
additional tools to better understand the behavior of optimization algorithms [18]. One such tool is
related to Search Trajectory Networks (STNs), a graph-based tool for the visualization of MH
behavior [160]. While these visualizations are very informative, they require prior knowledge to be
produced (e.g., parameters for search space partitioning) and interpreted (e.g., which algorithm
is superior). To bridge this gap, Chacon Sartori et al. [28] enriched STNs with LLM-generated
explanations and suggestions.

The visual investigation of solutions is enabled by Da et al. [37], who also allows solution
validation. The visual capabilities of LLM are also explored by Elhenawy et al. [52], who directly
employ them to solve problems, presenting instances in visual form.

An increasingly relevant topic in CO is explainability of results [203] as a way for enhancing
confidence and trust in the solutions. Interesting questions include identifying which solution
components most significantly influence the final result and understanding the characteristics
of high-quality solutions, among others. Providing informative answers to these questions requires
in-depth knowledge of the application domain, the solution method, and the specific instance
being addressed. To reduce this human-intensive task, Kikuta et al. [99] proposed a post hoc

ACM Comput. Surv., Vol. 58, No. 11, Article 272. Publication date: April 2026.



Large Language Models for Combinatorial Optimization: A Systematic Review 272:15

LLM-based explanation framework aimed at clarifying the decision-making process of Vehicle
Routing Problems (VRPs). Similarly, also other study included an explainability level [80, 183].
A total of 7 studies focused on benchmarking (3 on visual analysis and 4 on explainability).

6.2 Large Language Models

The LLMs available today exhibit different capabilities: some are designed for processing instruction-
like prompts, others specialize in generating programming code, and so on. Understanding the role
of each LLM in the reviewed studies is valuable for developing future approaches to solving COPs,
complementing the findings in Section 6.1.

The 70 LLMs used in the 103 studies are based on 22 different architectures. Despite the diverse
capabilities of the architectures employed, most LLMs have been used in CO to enhance problem
modeling and solution methods. In the following, we provide a description of how LLMs are used
within the included studies, considering their architectures, general tasks, and related activities.
Note that the numbers for activities may not sum to those at the main task level, as a given LLM
can be used for multiple purposes. For a tabular overview of the LLMs, we refer the interested
reader to Appendix D.

6.2.1 LLM Architectures. 13 out of the 22 architectures focus on generative approaches. Intro-
duced in 2022, GPT-3.5 [21] is particularly effective for tasks requiring fluent text generation.
GLM [51] emerged as a balanced approach to generative tasks, leveraging both bidirectional and au-
toregressive capabilities. During 2023, several architectures were released: LLaMa 2 [62], optimized
for efficiency and suitable for tasks involving scalability and quick inference times; PaLM 2 [66],
which performs strongly in scenarios requiring comprehension and contextual text generation;
Mistral [90], designed for efficient inference and competitive performance in text generation,
making it suitable for resource-constrained deployments; and Qwen [175], focusing on general-
purpose text generation with multilingual support and fine-tuned reasoning capabilities. In the
same year, GPT-4 [161] appeared as a particularly strong model for fluent text generation, alongside
LLaMa 3 [132], which is optimized for instruction-following and structured text understanding.
DeepSeek [41] also adopts generative approaches with a particular focus on the Chinese lan-
guage, while Claude 3.5 [10] excels in dialogue-based applications and knowledge-intensive
tasks. Qwen2 [176] extends its predecessor with multilingual capabilities and refined reasoning.
Cohere’s Command-R+ [5] is optimized for Retrieval-Augmented Generation (RAG), improving
factual accuracy and knowledge recall. Finally, Yi [209] is tailored for diverse text generation tasks,
integrating efficient training strategies for improved performance. A total of 62 studies rely on
these architectures, namely 24 on GPT-3.5 (2022), 2 on GLM (2022), 9 on LLaMa 2 (2023), 3 on PaLM
2 (2023), 2 on Mistral (2023), 3 on Qwen (2023), 43 on GPT-4 (2023), 7 on LLaMa 3 (2024), 6 on
DeepSeek (2024), 7 on Claude 3.5 (2024), 1 on Qwen2 (2024), 1 on Cohere (2024), and 1 on Yi (2024).

A total of 5 architectures are designed to handle textual input. T5 [178] (2019) treats all text-based
tasks as text-to-text problems, offering significant flexibility across a range of natural language
processing applications. BART [113] (2019) is particularly effective at transforming textual input
into structured outputs, making it suitable for complex textual tasks. UnixCoder [68] (2022) is an
architecture specialized in programming-related tasks, such as code generation, code summarization,
and code translation. Additionally, LLaMa 2 [62] (2023) and its successor, LLaMa 3 [132] (2024)
provide LLMs optimized for instruction-following (e.g., LLaMa 3-7@0B-Instruct)and are fine-tuned
for tasks requiring structured text understanding. A total of 9 studies rely on these architectures: 3
on T5(2019), 3 on BART (2019), 1 on UnixCoder (2022), 1 onLLaMa 2 (2023),and 1 onlLLaMa 3(2024).

Additionally, 4 architectures focus on multimodal data. All these architectures (or their mul-
timodal models) were introduced in 2024. Gemini emphasizes both multimodal capabilities and
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generative approaches, making it ideal for tasks that require integrating and generating text, images,
and possibly other forms of data. GRT-4-Vision-Preview extends the GPT-4 [161] architecture by
incorporating visual input processing, allowing it to handle tasks involving image understanding
and text-image reasoning. Mixtral [91] leverages an ensemble of models designed to handle multi-
modal tasks, such as text-to-image and image-to-text conversions. OpenCoder [83] is optimized for
code-related tasks and supports multimodal inputs, particularly focusing on enhancing software
development workflows with a combination of textual and structural data processing. A total of 9
studies rely on these architectures: 5 on Gemini, 2 on Mixtral, 1 on GPT-4, and 1 on OpenCoder.

At the time of writing, several LLMs analyzed in this study have been deprecated or replaced by
newer versions. OpenAl’s Text-Davinci-003 and Text-Davinci-Edit-001, based on GPT-3.5,
have been phased out in favor of GPT-4-Turbo and GPT-40. Google rebranded Bard as Gemini,
transitioning from PaLM 2 to the Gemini 1.x and 2.x series. Meta’s LLaMa 2-13B has been largely
replaced by LLaMa 3, while OpenAI’s GPT-4 evolved into GPT-4o0, incorporating multimodal capa-
bilities. Similarly, Mixtral-8x7B-Instruct-v@.1, Qwen, and DeepSeek have advanced to Mixtral,
Qwen2, and DeepSeek-V2, respectively. Anthropic’s Claude 3.5 is also expected to be succeeded
by newer iterations. Given the rapid evolution of LLMs, readers should consider the latest available
models when interpreting our findings.

Given the varying performance of LLMs across architectures, access to their source code remains
a key issue to be analyzed. Most high-performing models, including OpenAI’s GPT-3.5 and GPT-4,
Google’s PaLM 2 and Gemini, as well as Anthropic’s Claude 3.5 and Cohere’s Command-R+, are
closed source and require paid access. Mixtral, while open-weight, is commercialized via paid
APIs, and DeepSeek V2 adopts a more restrictive licensing model. In contrast, Meta’s LLaMa 2 and
LLaMa 3 are open source under specific licenses, while Mistral Al offers both open-weight and
commercial models. Qwen and Qwen?2 provide open-source variants alongside proprietary versions.
Fully open-source models include BART, T5, and certain versions of LLaMa, Mistral, StarCoder,
and OpenCoder (the latter two specialized for code generation). Given the evolving nature of access
policies and licensing conditions, these constraints may influence model selection in research.

We count separately both specific implementations designed for conversational purposes and
versions of the same model updated to a specific timestamp, such as GPT-4-0613 (referring to a
version of GPT-4 released or fine-tuned on June 13, 2023). This approach aims to enhance clarity
and improve reproducibility. However, there is no guarantee of consistent responses even when
using different versions of the same models [56, 103], especially since chat completions are not
deterministic by default.?

When using LLMs in a research setting, several key aspects must be addressed to ensure both
reliable and reproducible results. Documenting the exact prompts used is crucial, as LLMs are
highly sensitive to prompt variations, which can lead to significantly different outcomes [9, 16].
Additionally, detailed reporting on the model version, configuration, and any fine-tuning is essential
for accuracy and replicability. Notably, a limited number of studies (7) that conducted experiments
in this area did not provide any details about the LLM employed [45, 131, 146, 154, 158, 181, 217].
Understanding the training data used in an LLM can help identify potential data leakage, biases, or
knowledge gaps that might affect results [13]. Moreover, documenting any additional steps, such
as data preprocessing or post-processing of model outputs, is critical for ensuring that findings can
be replicated across different studies and datasets. By addressing these factors, research involving
LLMs remains transparent, reproducible, and robust.

Finally, when evaluating LLMs in the context of COPs, no universally shared metrics emerge.
Accuracy is the most commonly used metric, but its interpretation varies by task. Researchers

Zhttps://developers.openai.com/api/docs/guides/advanced-usage/ (accessed on 2026-03-08).
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sometimes define a problem-specific “score”, while other metrics remain domain-specific. Indeed,
many studies evaluate LLMs based on the objective values of the solutions they produce. As
discussed in Section 4.2, this evaluation is problem-specific, as each problem has distinct objective
functions. For instance, in TSP, the goal is to minimize travel distance, whereas in PFSP, it is typically
to minimize tardiness or completion time. Since the optimal solution may not always be available,
evaluations often compare the obtained solutions to the best-known ones. A common metric for this
comparison is the optimality gap (or relative deviation), calculated as: gap = 100X(Zjj, —Zpest)/ Zpest
where Zj;, represents the objective value of the LLM solution, and Zj,.; denotes the best-known
objective value.

6.2.2  Problem Modeling. A total of 40 LLMs out of 70 (57%) have been used for problem
modeling. Among them, 19 LLMs have focused on enhancing model creation. A common approach
involves creating models from unstructured NL. Some of these approaches address optimization
problems more broadly, utilizing LLMs such as GPT-3.5-Turbo (an optimized variant of GPT-3.5
for faster performance and lower cost [239]), GPT-3.5-turbo-0613 (a June 2023 release of
GPT-3.5-Turbo), GPT-4-0613 (a June 2023 release of GPT-4), and GPT-4 itself [94], as well as
LLaMa 2-7b, a version of LLaMa 2 with 7 billion parameters [4], and T5-Base, the base model
built on the T5 architecture [74]. Additional optimized or specialized variants, including GPT-4o,
an improved multimodal version of GPT-4 [2], Qwen1.5-14B, DeepSeek-V2 [241], Mistral-7B,
DeepSeek-Math-7B, LLaMa 3-8B, and Qwen2.5-7B [82], have also been used for broad optimization
tasks, leveraging improved reasoning capabilities and efficiency. Moreover, instruction-tuned
models such as Code Llama-Instruct and Zephyr-7b-beta, a 7B-parameter model designed
for instruction-following, have been used for structured task execution [153]. Furthermore,
both GPT-40 and Claude 3.5 Sonnet have been employed in a zero-shot fashion to generate
problem formulations directly from user input, thus reducing the need for extensive prompts or
examples [71]. Other approaches focus on specific formulations. For instance, LLMs have been
used to automate the generation of LP models with ChatGPT-3.5 [116], GPT-4 [1], and the BART
architecture, including both BART-Base [58, 179] and BART-Large variants [58, 89]. Furthermore,
ChatGPT-3.5 has also been employed in MILP problems [8], as have Bard, a conversational
model built on the PaLM-2 architecture [116], and LLaMa 3-70B [96]. Instruction-tuned Code
Llama-Instruct and Zephyr-7b-beta have likewise been applied to Quadratic Programming
(QP) tasks by translating user directives into valid constraints and objective functions.

Concerning entity recognition, 22 LLMs have been used to identify and extract specific elements
from model representations. Specifically, GPT-4 and Text-Davinci-003, based on GPT-3.5 and
optimized for a wide range of tasks, have been used to translate user input into constraints that
the underlying CP model can process [111]. This approach has also been applied to LP and MILP
problems using GPT-3.5 3, 249], GPT-4 [249], ChatGPT-4 [6], LLaMa 3-70B [2, 96, 153], ChatGPT-
40 [2, 71, 92], and Claude 3.5 Sonnet [71]. Meanwhile, CodelLlama-Instruct and Zephyr-7b-
beta have also been used for QP problems. Additionally, ChatGPT-3.5 and Bard have been used
exclusively for MILP [116], while T5-Base has been employed for LP [74]. Furthermore, several
LLMs have been applied to general optimization problems, including GPT-3.5-Turbo-0163, GPT-4,
LLaMa 2-7b, LLaMa 2-13b, and LLaMa 3-70B [4, 37], as well as GPT-40-mini [119], BART-Base,
BART-Large [89, 179], and Gemini 1.0 Pro [87].

Additionally, there are 12 applications of LLMs for extracting domain-specific knowledge. For
instance, GPT-4 and GPT-4-0163 have been used to extract general domain knowledge in house-
hold financial planning [40, 96]. GPT-40, Claude 3.5 Opus, Command-R+, and Mixtral-8x2B have
been applied to a social network problem [188], and GPT-40 has also been used in robotics [148].
LLaMa2-7B, LLaMa2-13B, GPT-3.5, and GPT-4 have been employed to model knowledge for the
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VRP problem [37]. Moreover, a single LLM, ChatGPT-4, has been used to model domain knowledge
in the form of knowledge graphs [215].

6.2.3 Solution Methods. LLMs has been employed in 60 out of 70 (85%) works for what
concerns the solution method task. Specifically, 23 LLMs have been used for solution generation.
One approach involves creating candidate solutions for well-known COPs, such as a specific
class of the VRP, by leveraging both GPT-based models like GPT-4 [3], GPT-4-Turbo, and
GPT-40 [98], and LLaMa-based or T5-based models, including LLaMa 2 and T5-Base [32]. Another
approach uses LLMs to combine problem descriptions and previously generated solutions within a
meta-prompt processed by ChatGPT-3.5-Turbo, PaLM 2-L, PaLM 2-L-IT, and text-bison [240].
The multimodal capabilities of GPT-4-Vision-Preview and ChatGPT-40 have also been employed
to generate solutions through visual prompts [52, 86]. Moreover, ChatGPT-4 has been adopted
for finance-related solutions [183] or automated sequence planning in robot-based assembly [245].
Other LLMs used for domain-specific problems include GPT-4 for travel planning [39], program
scheduling [95], and traffic simulation [37]. LLaMa 2-7b and LLaMa 2-13b have also been
applied to traffic simulation. Claude 3.5 Sonnet has been used in molecular biology [182], and
ChatGPT-4-Turbo together with ChatGPT-40-mini has been used to coordinate computation in a
graph reasoning scenario [80]. GPT-3.5-Turbo has found utility in industry-related problems [239],
while GPT-4-Turbo, GPT-40, Gemini 1.5 (Pro and Flash), and Gemma 2 27B have been employed
in planning tasks [19, 148]. Furthermore, in the context of GAs, GPT-3.5-Turbo-0613 has
been used to select parent solutions from the current population and perform crossover and
mutation [130], as well as to perform mutation and crossover only [142].

Additionally, 35 LLMs leverage approaches for code generation. GPT-3.5, GPT-4, GPT-40, and
Qwen (LoRA Fine-Tuned), which is a version of the Qwen family fine-tuned using LoRA [79],
have been used to generate code specifically for LP, Mixed Integer Programming (MIP), and
MILP approaches to COPs [3, 94, 118, 249], whereas CodelL1lama-Instruct and Zephyr-7b-beta
have been applied to both MILP and QP [153]. Various methods for automating the generation
of heuristic algorithms rely on a range of LLMs, each optimized for different aspects of code
generation. For example, CodelL1ama, a code-oriented variant of LLaMa 2 [251], and StarCoder,
trained on extensive code-related datasets, are fine-tuned for specific programming tasks, while
DeepSeek-LLM-7B-Base, GPT-3.5-Turbo, and GPT-4-Turbo are optimized for speed and efficiency
[96, 124, 125, 127, 129, 184, 242, 244, 246]. GPT-3.5-Turbo-0613 has likewise been employed for
generating crossover and mutation implementations in Python [142] within EA contexts. Multi-
modal models, such as GPT-40, and advanced reasoning models like Claude 3.5 Opus and Claude
3.5 Haiku, have also been utilized in heuristic generation tasks, and DeepSeek-Coder along
with its updated DeepSeek-Coder-V2 focus on high-performance code synthesis. Similarly, GLM-
3-Turbo, OpenCoder-8B-Instruct, and Yi-34b-Chat provide structured, optimized code gen-
eration [129, 243]. For large-scale problem-solving, models such as Gemini 1.0 Pro and Codey,
both built on PaLM 2, have shown strong performance in complex coding scenarios, while the
latest iterations of foundation models (e.g., LLaMa 3-70B, LLaMa3-70B-Instruct, LLaMa 3.1-8B,
GPT-3.5-Turbo, GPT-40-Mini, and Qwen-Turbo) have been refined for specialized programming
applications [129, 243, 251]. Other approaches harness a self-reflection mechanism to directly
generate executable Python code from natural language, exemplified by GPT-4 and Gemini 1.0
Pro [87]. A comprehensive code-generating framework for business optimization has also been
developed using CodeT5-finetuned_CodeRL [112], a model that employs reinforcement learn-
ing on top of CodeT5 [8]. Additionally, Text-Davinci-Edit-001 has been employed to generate
MiniZinc-specific representations [7], while Text-Davinci-003 and GPT-4 have produced Gurobi-
based code for supply chain optimization [114]. GPT-3.5-Turbo, Mistral-7B, DeepSeek-Math-7B,
LLaMA 3-8B, and Qwen2.5-7B have been broadly used for industry-related problems [82, 239], and
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a specialized version called GPT-40-2024-08-06 has been introduced to optimize code for SAT
solvers [200]. Moreover, GPT-40 and Claude 3.5 Sonnet have addressed supply chain and robot
logistics tasks [71], and ChatGPT-40-mini has been applied to multi-agent solution design [119].

Moving to parameter tuning, we identified 5 applications of LLMs. ChatGPT-40 has been
adopted to model user preferences by adjusting an optimizer’s weights [63], whereas GPT-3.5,
GPT-4, Gemini, and Le Chat (the chatbot interface for Mistral models) have been used to set MHs
parameters [143].

A single application aimed at enhancing algorithm selection: UnixCoder, a code representation
model designed for programming tasks, has been used to extract features linked to the underlying
optimization algorithms [238].

6.2.4 Validation. We found 10 applications of LLMs out of 70 (14%), in the context of validation
for optimization models. In particular, 7 LLMs have been involved in solution validation. GPT-4 and
Gemini 1.0 Pro have been used to validate solutions generated for the VRP [87], while GPT-3.5,
LLaMa 2-7b,LLaMa 2-13b, and ChatGPT-40 have been applied to broader validation tasks [37, 52].
Additionally, Qwen (LoRA Fine-Tuned) has been leveraged for solution validation [249].

As for model validation, 9 LLMs have played a role. GPT-4 has been employed to diag-
nose infeasible MILP models through interactive sessions [72], while GPT-3.5-Turbo has been
used to validate models built from natural language [239]. Similarly, GPT-3.5, GPT-4, and
Qwen (LoRA Fine-Tuned) have also been applied in this context [72, 249], with GPT-40 and
Claude 3.5 Sonnet reported for model validation tasks [71]. In addition, code-focused mod-
els have been utilized to ensure correctness: CodeLlama-Instruct and Zephyr-7b-beta have
been adopted to verify that the generated code remains consistent with the original model
formulations [153].

6.2.5 Benchmarking. As for benchmarking, 9 out of 70 (14%) LLMs have been used to enhance it.
Specifically, 8 LLMs use visual analysis, as they are integrated, for instance, with a tool designed to
visualize the behavior of various algorithms applied to specific instances of a COP [28]. The models
used by Chacén Sartori et al. [28] include Mixtral-8x7B-Instruct-v@.1, which is optimized
for instructional and guided tasks, GPT-4-Turbo, and Tulu-v2-dpo-7b, a fine-tuned version of
LLaMa 2 that was trained on a mix of publicly available, synthetic, and human-generated datasets
using a parametrization of the RLHF algorithm known as Direct Preference Optimization [177].
Furthermore, GPT-3.5, GPT-4, LLaMa 2-7b, and LLaMa 2-13b have been employed to visualize
solutions for a domain-specific problem [37], while ChatGPT-40 has been used to interpret visual
inputs in lieu of purely numerical data [52].

We also identified 5 applications aimed at improving explainability. ChatGPT-4 has been employed
to describe the decision-making process for the VRP [99], while ChatGPT-4-Turbo, ChatGPT-4o,
ChatGPT-40-mini, and Claude 3.5 Sonnet have been used, for instances, of both the TSP and
mTSP [37, 63, 80, 182].

6.2.6  Platforms for Supporting LLMs-Based Approaches. While reviewing the studies considered
for inclusion, we came across two platforms used by Chacén Sartori et al. [28] to support the
design of their approach. Although these platforms are general-purpose and facilitate the use of
LLMs broadly rather than specifically in the context of CO, we believe it is beneficial to describe
them briefly.

Chatbot Arena [31] is an open platform for evaluating LLMs based on human preferences.
It offers access to over twenty LLMs, including both proprietary and open-source options, and
provides a leaderboard to compare results. Chat2Vis [139], on the other hand, focuses on generating
visualizations directly from natural language text. It uses various LLMs and shows that a set of
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proposed prompts offers a reliable approach to rendering visualizations from natural language
queries, even when they are highly misspecified or underspecified.

6.3 Benchmark Datasets

The methodologies proposed in the studies have been evaluated using well-known CO instances,
related problem suits (e.g., MIPLIB and ASLIB),® or datasets specifically developed for the case of
LLMs. Considering this latter point, 29 studies assess the efficacy and efficiency of leveraging LLM
within CO with specific benchmark datasets developed for this purpose. We now describe these
datasets and report a tabular overview in Appendix E.

The most frequently used benchmark dataset is the LPWP, also referred to as the NL4Opt dataset,
which has been employed in 16 studies [1, 3, 4, 47, 58, 74, 82, 89, 92, 116, 146, 157, 179, 225, 239, 249].
Initially introduced by Ramamonjison et al. [179] and later expanded by Li et al. [116], this dataset
has been used in the NL4Opt competition. The original dataset includes 4,216 NL problem dec-
larations derived from 1,101 LP problems across six different domains. The extension enhances the
dataset by introducing new problem descriptions and constraint types, such as logic constraints and
binary variables. The second most used benchmark dataset is the ComplexOR dataset [239], which
has been employed in three studies [3, 92, 239] and has been introduced to complement the NL4Opt
dataset. The dataset consists of NL descriptions of 37 problems across different domains, sourced
from academic studies and real-world scenarios, encompassing 25 LP formulations and 12 MILP
formulations. As ComplexOR also the NLP4LP dataset [2, 3] has been used in three studies [2, 3, 92].
It encompasses NL descriptions of 67 problems across various domains and including both LP
(54) and MILP (13) formulations. This same dataset has been enriched to up to more than 200 opti-
mization problems by AhmadiTeshnizi et al. [2]. Huang et al. [82] proposed OR-Instruct, a pipeline
for creating synthetic data for optimization data. To test the capabilities of such a pipeline, they
created IndustryOR, which has been used in two studies [82, 92]. As the name suggests, it focuses
on industrial problems (a total of 100 real-world problems from eight industries) covering LP, ILP,
MILP, and non-linear programming. Huang et al. [85] introduced Mamo, a dataset for LP modeling.
It includes 652 easy and 211 complex LP problems, each paired with its corresponding optimal
solution, sourced from various academic materials. Mamo has been used in two studies [82, 92]. Luo
et al. [137] introduced Graphlnstruct, a dataset comprising 21 reasoning problems on the topic of
graphs and networks, including COPs. GraphlInstruct has been used in two studies [80, 119] . Similar
to this dataset, there is Talk Like A Graph [54], LLM4DyG [253], GraphViz [29], NLGraph [224],
and GNN-AutoGL [119] (note that these datasets have been used only by one study [119]).

The remaining datasets have been used exclusively in one out of the retrieved studies—many
times this being the study proposing the dataset on the first place. Amarasinghe et al. [8] introduced
the Al-copilot-data dataset, which includes 100 NL descriptions of problems within the production
scheduling domain. Huang et al. [87] introduced the homonym dataset,* which comprises
80 NL descriptions of routing problems, including variants for single-robot and multi-robot
routing. Almonacid [7] introduced a homonym dataset, which comprises 10 NL instructions for the
creation of MiniZinc models involving discrete variables and arrays of discrete variables, thus ILP
problems. Hao Chen and Li [72] introduced the OptiChat dataset, which comprises 63 infeasible
(i.e., inconsistent) MILP model formulations across various domains. This dataset was derived from
feasible models expressed through the Python library Pyomo [73] and sourced from a collection of
libraries and textbooks. The formulations were created by modifying one or more model parameters
(e.g., minimum inventory, demand, and maximum capacity) or adding constraints (e.g., maximum

Shttps://miplib.zib.de/ and https://www.coseal.net/aslib/ (accessed on 2026-03-08).
“We use the term “homonym” when the authors did not provide a specific name for the dataset.
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cost and minimum demand for a particular product) so to make the instances infeasible (i.e., their
set of feasible solutions is empty). Lawless et al. [111] introduced two datasets, Safeguard and Code
Generation. They both are strictly connected to the framework the authors proposed. The Safeguard
dataset is a binary classification dataset designed to evaluate whether the system at hand (i.e., a
system that integrates CP and LLMs to schedule meetings in a company) has sufficient data sources
(e.g., information related to the meeting attendees) to handle given NL constraints. The Code
Generation dataset contains a collection of NL constraints that can be translated into Python code
using the data structures available in the system. An example of such constraints is “The team has a
no-meeting policy on {WEEKDAY}”. This dataset aims to test the capability of generating executable
Python code that satisfies the specified constraints. While employing NL4Opt and other existing
dataset from the ML community, Michailidis et al. [146] also introduced a homonym CP-based
benchmark. The dataset was built using 18 CP problems from a university-level CP modelling
course. Yang et al. [241] introduced OptiBench and ReSocratic-29k. OptiBench includes 816
real-world optimization problems spanning multiple domains, focusing on linear and mixed-integer
programming and introducing a graph-based evaluation method to assess model correctness.
ReSocratic-29k consists of 29,000 optimization problem demonstrations, generated through a
reverse synthesis approach that first constructs step-by-step formulations before back-translating
them into NL questions. These datasets provide a targeted benchmark for assessing and improving
LLMs in formulating and solving optimization tasks. Borazjanizadeh et al. [20] introduced Search-
Bench, a dataset encompassing five problem categories and 1,107 instances, primarily focused on
puzzles and general combinatorics. Each problem type corresponds to a well-known COP, but the
constraints have been slightly modified to reduce the likelihood that LLMs encountered identical
problems during their training phase. Mostajabdaveh et al. [153] presented a new dataset to
complement the existing NL4Opt and ComplexOR benchmarks, aiming to provide less structured
input and more complex optimization scenarios. This benchmark includes problems related to
LP, MILP, and QP. Unlike NL4Opt, which expects a formal model as output, and ComplexOR,
which requires Python code, this dataset outputs solutions in Zimple code. Similarly, Zhang et al.
[249] enriched the NL4Opt dataset with English and Chinese problem descriptions. Ju et al. [96]
introduced a dataset of 173,700 training and 21,800 test samples related to travel planning.

Finally, a different dataset is ORQUA [152]. It is designed to evaluate the extent of CO knowledge
in LLMs. Given a problem description, the dataset assesses the model’s ability to understand and
identify, for example, the appropriate type of mathematical modeling the problem corresponds to.

Similar to the platforms discussed in Section 6.2.6, we also identified general-purpose datasets
in the reviewed studies. These datasets are valuable for developing LLMs-based approaches to
optimization, particularly by providing math-related problems expressed in unstructured natural
language which are useful especially for problem modeling (e.g., handling addition, multiplication,
and data structures like sets). These resources can support researchers and practitioners in designing
new applications of LLMs in CO. We briefly outline their characteristics and report some examples
in Table 3. Notably, all of these resources were used by Ahmed and Choudhury [4], while GSM8K
was also employed by Yang et al. [240].

GSMSBK [35] consists of 8,500 linguistically diverse grade-school human-generated math word
problems. Unlike simpler arithmetic datasets like AddSub [78] (395 problems) and SingleOp [105]
(562 problems), GSM8K requires multi-step reasoning. Its emphasis on stepwise numerical
reasoning aligns with CO, where problems often require sequential computations and recursive
decision-making.

MultiArith [78] consists of around 600 multi-step arithmetic problems that require sequential
operations (e.g., addition, subtraction, and multiplication). It was partially generated from existing
math problems and structured for ML applications. Its focus on structured numerical reasoning
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Table 3. Examples of Mathematical Reasoning Tasks from Various Benchmark Datasets

Dataset Task Example

GSMBK [35] Arithmetic Word Problem  Natalia sold clips to 48 of her friends in April, and then she sold half as many clips in May. How many
clips did Natalia sell altogether in April and May?

MultiArith [78] Multi-Step Arithmetic John has three apples. He buys five more apples and then eats two. How many apples does he have left?

AquA [123] Probability From a pack of 52 cards, two cards are drawn together at random. What is the probability of both the
cards being kings?

BIG-Bench [196] Logical Reasoning If a snail climbs a 10-meter pole at a rate of 2 meters per day but slides back 1 meter each night, how
many days will it take to reach the top?

BIG-Bench Hard [201] Combinatorial Reasoning A school has six different clubs. Each student must join exactly two clubs. How many unique pairs of clubs

can be formed?

makes it relevant to CO techniques such as branch-and-bound and constraint satisfaction, which
rely on constructive decision-making.

AquA [123] presents 100,000 human-generated and machine-generated algebraic word prob-
lems in a multiple-choice format along with rationales explaining each answer. It requires the
computation of correct answers and their selection from distractors. Many COPs involve symbolic
reasoning and equation solving, making AquA useful for assessing a model’s ability to handle
algebraic structures and optimization constraints.

BIG-Bench [196] is a large-scale benchmark evaluating language models across more than 200
tasks, covering mathematics, reasoning, linguistics, commonsense understanding, and code gener-
ation. The dataset was created through a combination of human-designed tasks and algorithmically
generated problem sets, allowing for a broad evaluation of logical reasoning and heuristic problem-
solving. This makes it valuable for studying how models approach optimization-based decision-
making. A more challenging subset, BIG-Bench Hard [201], focuses on 23 particularly difficult tasks
from BIG-Bench that remain unsolved or challenging for state-of-the-art models. Many of these
challenges relate to CO, where finding optimal solutions in complex search spaces is a key difficulty.

6.4 Application Domains

CO has been applied to a wide range of problems across various domains, and over the years, these
problems have been formalized into well-known prototypical models, such as the TSP, the VRP,
and the Capacited Vehicle Routing Problem (CVRP) in the field of routing. Among the 103
studies, 64 explicitly address problems within specific domains or problem formulations—which
we overview in this section. In this analysis, literature reviews that provide information on the use
of LLM without offering actual implementations are excluded, such as those by Fan et al. [53], Wu
et al. [237], and Zhao et al. [254]. Exceptions apply to reviews like the one by Saka et al. [187] that
also verified the application of LLMs in CO within the construction domain.

The majority of these studies (26) focus on routing problems, particularly within the contexts of
the TSP [30, 52, 81, 98, 124, 125, 127, 129, 131, 143, 199, 219, 240, 242, 244, 251], VRP [32, 37, 63, 86, 87,
98, 99, 129, 236, 244], orienteering [244] , and traveling [39, 96, 115] . While the first three COPs are
well-known in the CO field, the latter refers to the modeling of the traveling activity (i.e., visiting a
new city) as a COP. It cannot be considered as a TSP variant in all cases, as it is not given that the goal
is to find a Hamiltonian path. Two other domains that have garnered significant attention are sched-
uling/planning (14 studies) and networks and graphs (10). In the first domain, studies have focused
on variants of well-known benchmark problems, like the PFSP [8, 125] and planning [19, 45, 71, 93,
148, 158, 166, 227, 245], as well as specific scheduling problems, like server [243] and meeting/confer-
ence [95, 111] scheduling. Also for what concerns the Network and Graph domains, studies focused
on general network design [80, 119, 134, 215, 246], but also on classical problems like coloring [143],
social networks Sartori et al. [188], critical node identification [142], and path finding [20, 98].

ACM Comput. Surv., Vol. 58, No. 11, Article 272. Publication date: April 2026.



Large Language Models for Combinatorial Optimization: A Systematic Review 272:23

The remaining studies focused on packing (9), combinatorics (4), engineering (3), finance (3),
bioinformatics (3), supply chain (1), and strings (1). For a breakdown of specific COPs, we refer the
interested reader to Appendix F.

A limited number of studies (9) explore multiple problem domains and formulations to demon-
strate the capabilities of LLMs across various contexts [20, 30, 125, 143, 184, 219, 242, 244, 251].
Additionally, Khan and Hamad [98] tackled a diverse set of problems, which, however, can all be
reduced to graph-based ones, while studies like the one by Lawless et al. [110] inherently address
multiple problem domains as they are based on library of problems (initially not thought for
applications in the field of LLMs), like the MIPLIB dataset.

6.5 Positions from Non-experimental Literature

Among the 103 selected studies, 11 are literature reviews, 7 are position papers, and 1 is a technical
report.

Fan et al. [53], Wu et al. [237], Huang et al. [84], Lai et al. [109], Cai et al. [23], and Liu et al.
[128] presented literature reviews on the topic of LLM and optimization or on strictly related fields,
such as algorithm design (Section 3). Saka et al. [187], Zhao et al. [254], Wu et al. [236], Pallagani
et al. [166], Sui et al. [199], and Long et al. [134] presented literature reviews that deal with CO in
specific application domains (i.e., engineering, planning, VRP, planning and scheduling, TSP, and
network optimization, respectively) and in some cases involve (preliminary) studies and experiments
with LLM.

Wasserkrug et al. [229] put forward a position paper advocating for the usage of an LLM within
optimization considering all the optimization steps. Similarly, Tsouros et al. [213] proposed a LLM-
aided optimization pipeline in the context of CP modeling. Freuder [57] highlighted the potential
of LLMs in facilitating the discussion between optimization and domain experts. Srivastava and
Pallagani [197], Yu and Liu [247], and Ustyugov [217] presented insights on the usage of LLMs
within EAs, planning-like tasks, and automated MILP configuration.

The only technical report identified is by Ramamonjison et al. [179]. The report includes insights
and comparisons related to the NL4Opt challenge (Section 6.1 and 6.3).

7 Future Research Directions

While various aspects of the optimization process have been addressed in the existing literature
(Section 6), certain areas still call for further exploration. We have identified several future research
directions:

— Metaheuristics: The adoption of LLMs in MH frameworks has been limited and scattered.
Future research could investigate how LLMs can be used to dynamically adjust MH strategies,
optimizing parameters (as anticipated in some studies [63, 110, 143]) or switching strategies
based on the current state of the search. This could enhance the flexibility and effectiveness of
MHs. Future studies could explore how LLMs might expand local search neighborhoods by
suggesting structures or transition operators.

— Algorithm Selection: Utilizing LLMs to explore the search space of algorithm selection might
be winning (as anticipated by Wu et al. [238]) and LLMs could help pinpoint scenarios where
current solvers are less effective. Additionally, LLMs could be used to generate instances
specifically designed to test the strengths and weaknesses of these solvers, leading to improved
performance insights.

— Synthetic Instance Generation: LLMs could be leveraged to create synthetic instances that
replicate the complexities of real-world problems or that are specifically crafted to challenge
existing algorithms. This approach has been anticipated in the IndustryOR dataset [82].
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— LLMs behavior w.r.t. NLP problem description: It remains unclear to what extent LLMs adjust
their responses depending on how COPs are described. Understanding the sensitivity of these
models to different textual and non-textual formulations of the same problem represents a
promising research direction.

— Ewvaluation Protocol: Evaluating the performance of LLMs on COPs remains challenging due to
several factors: problems can have multiple representations, various encoding methods, and
often lack known optimal solutions. While some efforts exist, a promising research direction
involves developing standardized evaluation protocols and identifying suitable metrics.

— Agent-based System and COPs: Recent studies have explored how LLMs can function as
autonomous agents [226]. While some of the studies already use an ensemble of LLMs, a
promising research direction would be to investigate thoroughly how these autonomous
agents can be effectively utilized within CO.

Additional more general considerations for future research include ethical and bias considerations.
As LLMs are integrated into optimization frameworks, research should also focus on ensuring that
these technologies are used responsibly. This includes considering the environmental impact of the
resources required by LLMs and developing more sustainable approaches to large-scale optimization.
Future research should examine the potential biases in LLM-generated optimization solutions. More
generally, strategies for ensuring fairness as well as incorporating ethical considerations into the
optimization process could be explored.

8 Limitations

While our systematic review offers valuable insights into the use of LLMs in CO, it has some
limitations. First, research on LLMs and their application to optimization is advancing rapidly, with
new studies emerging continuously. Consequently, while this systematic review attempts to be as
comprehensive as possible, it inevitably cannot cover all existing studies. Also, systematic reviews
depend on data gathered from other studies, meaning the quality and bias level of the evidence in a
systematic review are directly tied to those of the data sources [50]. Therefore, we acknowledge
that following PRISMA guidelines might have led to the inclusion of too many studies that report
positive outcomes or successful applications of LLM over those that do not, potentially overstating
the effectiveness or applicability of LLM in this field due to inherent selection bias.

Then, our review focuses solely on how LLMs can be applied to CO. An equally significant aspect
not covered in this study is how CO techniques can be employed to enhance LLMs, which is dual
to our main focus. By not addressing this aspect, which can be pursued in future work, our review
may miss relationships and interdependencies between the two research fields. Examples of such
works include Pan et al. [167], who experiment with using MHs to engineer LLM prompts. More
specifically, they use—among other methods—Hill Climbing (HC) and SA, to discover and learn
new efficient prompts. Another example is the work by Singla et al. [193], who model the trade-off
between response quality and inference cost of LLM as a bi-objective combinatorial optimization
problem. Additionally, this study focuses on CO, disregarding other types of optimizations, such as
Continuous Optimization. Examples of such works are those by Pluhacek et al. [171, 172].

We intentionally included a significant number of pre-prints alongside peer-reviewed publications
(Section 5). Such a decision is driven by the fast-paced nature of research in the field of LLMs, where
discoveries and advancements are rapidly shared through pre-prints before formal publication (see,
for example, Devlin et al. [44]). Pre-prints allow for timely access to the latest research, innovations,
and discussions and are widely used within the NLP community. We take no position on the content
of pre-prints found on platforms like arXiv; instead, we include these documents to maximize the
recall of our systematic review.
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Eventually, our systematic review includes studies based on closed-source LLMs, like ChatGPT.
The proprietary nature of these systems often restricts access to their full methodologies and inner
workings, which creates significant challenges for understanding and replicating the reported
findings. Despite these downsides, we include works dealing both with open-source and closed-
source LLMs to maximize the recall of our systematic review.

9 Conclusions and Future Work

In this systematic review, we examined the application of LLMs to CO. Our study summarizes
the literature leveraging the PRISMA 2020 guidelines. To our knowledge, this is the first attempt
to comprehensively study the application of LLMs to CO and COP. Out of over 2,000 collected
publications, we included 103 studies in our analysis. These studies were classified based on the
task LLMs performed within the optimization process, the implementation details of the LLMs,
the most commonly used datasets, and the application domains where LLMs have been employed
in CO thus far. Additionally, we highlighted the caveats associated with using LLMs in the field
of optimization, outlined future research directions, and exposed the limitations of the present
review.

The research on LLMs is rapidly evolving, thus continuously identifying areas for further research
is crucial. We plan to periodically update our systematic review, as advocated by the PRISMA
guidelines [163]. This process ensures that our review remains relevant in this fast-moving field. In
particular, updates will allow us to reassess studies that were initially included as pre-prints once
they appear in peer-reviewed venues (thus solving one of the limitations of our work, Section 8),
as well as to incorporate new contributions published after our search cutoff at the end of 2024,
such as Michailidis et al. [147] and Singirikonda et al. [192]. Future research will also account for
the aspects neglected by this article, such as the integration of LLMs into optimization paradigms
other than CO and for the dual aspect of optimization used for enhancing LLMs.

With much of the state-of-the-art work being conducted relying on proprietary models such as
ChatGPT, future studies will also focus on developing methods for assessing and reporting on such
models to improve the transparency and replicability of the presented studies. This could involve
creating frameworks for sharing results that do not compromise proprietary data but still provide
sufficient detail for academic reproducibility/replicability (as also advocated by many researchers
in the optimization field [202, 203]).

As LLMs are deployed in critical areas, their ethical implications, particularly in sensitive op-
timization tasks, require closer examination especially under the ethical point of view. Finally,
addressing biases in LLM outputs remains a significant concern and is essential for ensuring fair
and responsible applications of LLMs in CO.

Data Availability
The data supporting the findings of this study are available within the paper and its appendices.
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Appendices
A PRISMA Checklists

This appendix provides the “PRISMA 2020 for Abstracts Checklist” and the “PRISMA 2020 Check-
list” [163, 164], which were used to guide our systematic review on the applications of LLMs in the
field of Combinatorial Optimization (Section 5).

PRISMA 2020 for Abstracts Checklist

Section and Topic ;:em Checklist item Reported (Yes/No)
TITLE
Title | 1 | Identify the report as a systematic review. Yes
BACKGROUND
Objectives | 2 | Provide an explicit 1t of the main objective(s) or question(s) the review addresses. Yes
METHODS
Eligibility criteria 3 | Specify the inclusion and exclusion criteria for the review. Yes
Information sources 4 | Specify the information sources (e.g. databases, registers) used to identify studies and the Yes
date when each was last searched.
Risk of bias 5 | Specify the methods used to assess risk of bias in the included studies. No
Synthesis of results 6 | Specify the methods used to present and synthesise results. Yes
RESULTS
Included studies 7 | Give the total number of included studies and participants and summarise relevant Yes
characteristics of studies.
Synthesis of results 8 | Present results for main outcomes, preferably indicating the number of included studies and Yes
participants for each. If meta-analysis was done, report the summary estimate and
confidence/credible interval. If comparing groups, indicate the direction of the effect (i.e.
which group is favoured).
DISCUSSION
Limitations of evidence 9 | Provide a brief summary of the limitations of the evidence included in the review (e.g. study No
risk of bias, inconsistency and imprecision).
Interpretation 10 | Provide a general interpretation of the results and important implications. Yes
OTHER
Funding | 11 | Specify the primary source of funding for the review. Within paper body
Registration | 12 | Provide the register name and registration number. Not relevant

From: Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated guideline for reporting systematic
reviews. BMJ 2021;372:n71. doi: 10.1136/bmj.n71

For more information, visit: http://www.prisma-statement.org/
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Abstract See the PRISMA 2020 for Abstracts checklist. Abstract, see PRISMA for Abstracts
checklist
INTRODUCTION
Rationale [ 3 [ Describe the rationale for the review in the context of existing knowledge: Section 1
Objectives |4 [ Provide an explicit statement of the objective(s) or question(s) the review addresses. Section 2
METHODS
Eligibilty criteria 5 | Specify the inclusion and exclusion crieria for the review and how studies were grouped for the syntheses. Section 5.3.3
Information sources. 6 | Specify all databases, registers, websites, organisations, reference lists and other sources searched or consulted to identify studies. Specify | Section 5.3.2
the date when each source was last searched or consulted
Search strategy 7 | Present the full search strategies for all databases, registers and websites, including any filters and limits used Section 5.3.2
Selection process 8 | Specify the methods used to decide whether a study met the inclusion criteria of the review, including how many reviewers screened each | Section 5.3.3
record and each report retrieved, whether they worked independently, and if applicable, details of automation tools used in the process.
Data collection 9 | Specify the methods used to collect data from reports, including how many reviewers collected data from each report, whether they worked | Section 5.3.4
process independently, any processes for obtaining or confirming data from study investigators, and if applicable, details of automation tools used in
the process.
Data items 10a | List and define all outcomes for which data were sought. Specify whether all results that were compatible with each outcome domain in each | Section 6 and Appendix B
study were sought (e.g. for all measures, time points, analyses), and if not, the methods used to decide which results to collect.
10b | List and define all other variables for which data were sought (e.g. participant and intervention characteristics, funding sources). Describe Section 6 and Appendix B
ions made about any missing or unclear information.
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Effect measures 12_| Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in the synthesis or presentation of resulfs. Not relevant
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13b | Describe any methods required to prepare the data for presentation or synthesis, such as handiing of missing summary statistics, or data Not relevant
conversions.
13c_| Describe any methods used to tabulate or visually display results of individual studies and syntheses. Section 6
13d | Describe any methods used to synthesize results and provide a rationale for the choice(s). If meta-analysis was performed, describe the. Section 6
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assessment
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RESULTS
Study selection 16a | Describe the resuls of the search and selection process, from the number of records identified in the search to the number of studies Figure 2

u PRISMA 2020 Checklist
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16b_| Cite studies that might appear to meet the inclusion criteria, but which were excluded, and explain why they were excluded. Section 5.3.4
Study 17 | Cite each included study and present ts characteristics. Appendix B
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Risk of bias in 18 | Present assessments of risk of bias for each included study. Not relevant
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Results of individual | 19 | For all outcomes, present, for each study: () summary statistics for each group (where appropriate) and (b) an effect estimate and its Not relevant
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(e.9. confidencelcredible interval) and measures of statistical heterogeneity. If comparing groups, describe the direction of the effect
20c | Present results of all investigations of possible causes of heterogeneity among study results Section 6
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Reporting biases 21 | Present assessments of risk of bias due to missing results (arising from reporting biases) for each synthesis assessed Section 8
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evidence
DISCUSSION
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23b | Discuss any limitations of the evidence included in the review. Section 8
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23d | Discuss implications of the resuls for practice, policy, and future research. Section 7 and Section 9
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Registration and 24a | Provide registration information for the review, including register name and registration number, or state that the review was not registered. | Not relevant
protocol 24b | Indicate where the review protocol can be accessed, or state that a protocol was not prepared. Not relevant
24c_| Describe and explain any amendments to information provided at registration or in the protocol Not relevant
Support 25 | Describe sources of financial or non-financial support for the review, and the role of the funders or sponsors in the review. End of the paper, before references
Competing interests | 26 | Declare any competing interests of review authors End of the paper, before references
Availability of data, 27 | Report which of the following are publicly available and where they can be found: template data collection forms; data extracted from The paper s self contained and all

code and other
materials

included studies; data used for all analyses; analytic code; any other materials used in the review.

the material is included either in the
paper or in the appendix.
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B Description of Included Studies

This appendix provides the full list of the 103 studies found in the literature using the methodology
described in Section 5 and analyzed in Section 6. For each study, we report its type (INCL4-EXCL4)
and provide a brief description of the application of LLMs in the field of CO. When applicable, we
also mention the specific COP involved.

— Abdullin et al. [1] published a research study introducing a goal-oriented conversational
agent to assist users in constructing accurate LP models. The LLM is used in the dialogue
generation phase to automate the interaction between a conversational agent and a simulated
user, effectively extracting necessary information to formulate LP models.

— AhmadiTeshnizi et al. [3] published a research study investigating the usage of LLM to
formulate and solve LP and MILP problems from NL descriptions. The LLM is employed to
develop an agent that recognizes entities and translates NL descriptions into code. This code
is subsequently used by a solver to find solutions and potentially debug them. The work has
been extended by AhmadiTeshnizi et al. [2].

— Ahmed and Choudhury [4] published a research study to investigate the usage of LLMs for
recognizing entities and translating NL descriptions in optimization problem formulations. A
LLM is used for this task in both zero-shot and one-shot settings.

— Alipour-Vaezi and Tsui [6] proposed a research study on using LLMs to extract domain
knowledge in the context of the motion picture industry for portfolio optimization.

— Almonacid [7] published a research study investigating LLM capabilities of generating opti-
mization code. The LLM is used to generate the model and its code using MiniZinc, eventually
debugging it.

— Amarasinghe et al. [8] published a research study introducing a framework based on Copilot,
designed to automate the generation of code from NL descriptions. The LLM is used to
automate the generation of Python code employing the CPMpy library starting from business
descriptions.

— Bohnet et al. [19] published a research study on using LLMs in generating solutions for
planning problems.

— Borazjanizadeh et al. [20] published a research study on solving search problems using LLMs.
The framework involves generating solution code and producing the solution in a specific
format. The results were evaluated in terms of feasibility, correctness, and optimality. The
study also introduces a new benchmark called SearchBench.

— Cai et al. [23] published a position paper on the possible advantages LLMs can bring to
evolutionary computation, including evolutionary-based optimization.

— Chacoén Sartori et al. [28] published a research study integrating LLMs into a web-based tool
for visualizing the behavior of optimization algorithms. The LLM generates prompts for the
tool, enabling users to comprehend how multiple algorithms behave when applied to specific
instances of a COP.

— Chen et al. [30] published a research study related to FunSearch [184]; specifically, it introduces
the concept of uncertainty to maintain diversity in the population of codes while ensuring a
balance between exploration and intensification during the search. The results are compared
to FunSearch and Evolution of Heuristic [126].

— Chin et al. [32] published a research study addressing the resolution of a particular CO, the
Montreal Capacitated Vehicle Routing Problem (FM-MCVRP). The LLM is used to train a
model in a supervised manner on computationally inexpensive, sub-optimal solutions obtained
algorithmically.

ACM Comput. Surv., Vol. 58, No. 11, Article 272. Publication date: April 2026.



Large Language Models for Combinatorial Optimization: A Systematic Review 272:41

— Da et al. [37] published a research study on integrating LLMs into traffic and routing contexts.

Specifically, the framework enables user—LLM conversations, generates solutions based on
domain knowledge, and allows for solution visualization and validation.

— De La Rosa et al. [39] published a research study on using LLMs for travel planning. The LLM

retrieves information about a given city and generates a route to visit specified landmarks.
De Zarza et al. [40] published a research study addressing the resolution of problems in a
specific CO domain (financial and budget optimization). The LLM is used to provide domain-
specific advice to the user.

Dhanaraj et al. [45] published a research study on integrating human preferences into task
scheduling for human-robot teams using CP and LLMs.

Doan [47] published a research study on the topic of recognizing optimization entities. The
LLM is used to recognize such entities from problem descriptions expressed in NL.
Elhenawy et al. [52] proposed a research study on solving the TSP using LLMs. Differently
from other studies, this one uses the visual capabilities of LLMs.

Fan et al. [53] published a literature review exploring the integration of Al within the OR
process, focusing on enhancing various stages such as parameter generation and model
formulation.

Freuder [57] published a position paper discussing the role of LLMs in constraint satisfaction
problems, where traditionally a crucial component is the dialogue between an optimization
expert and a domain expert. The LLM is used to replace the optimization expert.

Gangwar and Kani [58] published a research study describing a method to translate NL
descriptions into LP problem formulations.

Ghiani et al. [63] proposed a research study on using LLMs to integrate stakeholders’ pref-
erences in decision-making processes. The methodology is applied to a last-mile delivery
problem, and the LLM is used in two ways: to act as a construction heuristic and to set the
weights of the optimizer (i.e., parameter tuning).

Guo et al. [69] published a research study on using LLMs to generate solutions. Specifically,
the LLM is asked to mimic the behavior of well-known algorithms, such as HC.

Hao et al. [71] published a research study on using LLMs in planning. Specifically, LLMs are
used to recognize entities, formulate the model, generate code, and catch errors.

Hao Chen and Li [72] published a research study on the usage of LLM in detecting model
infeasibility. The LLM is used to provide NL descriptions of the optimization model itself,
identify potential sources of infeasibility, and offer suggestions to make the model feasible.
He et al. [74] published a research study describing a method to generate LP problem formula-
tions from NL descriptions. The LLM automates the transformation of text-based LP problem
descriptions into structured formats, including entity recognition tasks.

Hu et al. [80] published a research study on finding solutions for graph-related problems.
Additionally, an explainability layer is included to outline the reasoning process.

Huang et al. [81] published a research study on using LLMs to generate solutions for COPs.
The experiments are conducted on the TSP.

Huang et al. [82] published a research study proposing a tool called OR-Instruct, used to create
synthetic data tailored to optimization modeling. They test the approach by developing the
IndustryOR dataset.

Huang et al. [84] published a literature review exploring the integration of LLM and optimiza-
tion, considering both the perspective of LLM for optimization and optimization for LLM. The
LLM is used as a black-box optimization search model or to generate optimization algorithms.
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— Huang et al. [86] published a research study proposing an optimization framework based on
LLMs in the context of CVRP. The LLM is used to generate solutions using textual and visual
prompts.

— Huang et al. [87] published a research study addressing a specific class of COPs, the VRPs. The
LLM is used to generate Python code from NL descriptions.

— Jang [89] published a research study introducing a method to generate LP problem formulations.
The LLM is used to translate NL description into LP formulation with entity recognition.

— Jiang et al. [92] published a research study on using LLMs in an end-to-end approach: the LLM
generates solution code directly from NL problem descriptions.

— Jiang et al. [93] published a research study on using LLMs as optimizers, i.e., generating
solutions in the context of planning.

— Jin et al. [94] proposed a research study on using LLMs for problem formulation and code
generation in the context of energy management.

— Jobson and Li [95] published a research study on using LLMs to create feasible schedules for
conferences. The LLM either groups presentation titles or generates solutions.

— Ju et al. [96] published a research study on using LLMs for travel planning. LLMs recognize
entities, create a corresponding MILP model, and solve the code.

— Khan and Hamad [98] published a research study investigating LLMs’s capabilities in solving
COPs. Specifically, LLMs either generate code or produce solutions. The study considers the
TSP, the assignment problem, the transportation problem, and the shortest path problem.

— Kikuta et al. [99] published a research study introducing a framework designed to explain
the decision-making process for a certain class of problems. The LLM is used to explain the
influence of each route edge and integrate counterfactual explanations. The COP addressed is
the VRP.

— Lai et al. [109] reviewed the literature on LLMs regarding their mathematical capabilities
and briefly discussed their applications in CO, along with math word problems, geometry
problems, and theorem proving.

— Lawless et al. [110] published a research study on using LLMs to decide which cutting-plane
strategy to use, thus assisting the MILP solver in choosing the appropriate parameters.

— Lawless et al. [111] published a research study introducing a hybrid framework that integrates
LLMs with CP to enable interactive decision support. The LLM is used in the preference
elicitation phase to translate user input into structured constraint functions that the CP model
can understand. The COP addressed is the Meeting Scheduling Problem, a specific Constraint
Satisfaction Problem (CSP).

— Liet al. [114] published a research study investigating the usage of LLM for reasoning about
supply chain optimization. The LLM translates human queries into code, which is then utilized
by an optimization solver. The final answer is returned via the LLM.

— Li et al. [115] published a research study on using LLMs to generate solutions for a travel
planning problem. The solutions are evaluated and validated with user feedback.

— Lietal. [116] published a research study describing a method for synthesizing MILP models
directly from NL descriptions. The LLM is used in the initial modeling phase to identify and
classify decision variables and constraints.

— Lietal. [118] published a research study on generating MILP codes (and instances) with LLMs
to train learning-based methods. The pipeline is called MILP-Evolve.

— Lietal. [119] published a research study on reasoning with graphs and networks. LLMs are
used for knowledge extraction, entity recognition, and code generation in Python.
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— Liu et al. [124] published a research study on automating the design of search operators within
multi-objective evolutionary procedures. The LLM is used to generate new individuals for
each subproblem within the decomposition approach.

— Liu et al. [125] published a research study on the usage of LLM in automatic heuristic design.
The LLM is used to generate and evolve heuristic algorithm components, tested on TSPs, PESP,
and online Bin Packing Problem (BPP).

— Liu et al. [127] published a research study on automatically generating optimization algorithms
through an evolutionary framework. The LLM creates the initial solutions—each individual
represents an algorithm—and applies mutation and crossover. The COP addressed is the TSP.

— Liu et al. [128] published a literature review on using LLMs for algorithm design, including
optimization algorithms.

— Liju et al. [129] published a research study on algorithm design (heuristic code generation in
Python), comparing results with other approaches such as FunSearch [184].

— Liu et al. [130] published a research study investigating LLMs as evolutionary combinatorial
optimizers. A LLM selects parent solutions from a given population, performing crossover
and mutation to generate offspring. The COP addressed is the TSP.

— Liu et al. [131] published a research study investigating the integration of LLM in a delivery
route optimization problem (a variation of the TSP). The LLM is used to gather knowledge
regarding delivery patterns.

— Long et al. [134] published a literature review on Network Operations and Performance
Optimization, discussing potential roles for LLMs.

— Mao et al. [142] published a research study investigating the usage of LLM to enhance evo-
lutionary procedures for identifying critical nodes in a graph. The LLM crosses and mutates
given functions to generate new code snippets.

— Martinek et al. [143] proposed a research study in which LLMs are used to set MHs parameters,
tested on the TSP and the Graph Coloring Problem.

— Michailidis et al. [146] proposed a research study examining LLMs from entity recognition to
solution generation. In the context of entity recognition, the authors used Ner4Opt [38].

— Mo et al. [148] published a research study on generating solutions using LLMs in the context
of planning.

— Mostajabdaveh et al. [152] published a research study analyzing the capabilities of LLMs in
CO compared to human experts. A benchmark dataset called ORQUA is introduced, evaluating
LLMs by asking them to answer questions based on NL problem descriptions.

— Mostajabdaveh et al. [153] published a research study on using LLMs in an end-to-end opti-
mization process, where the LLM generates solution code from NL problem descriptions.

— Nana Teukam et al. [154] published a research study introducing a framework for optimizing
enzymes. The LLM learns relationships between amino acid residues linked to structure and
function, which are then used as input for an evolutionary search procedure aimed at improved
catalytic performance.

— Ning et al. [157] published a research study on recognizing optimization entities and provid-
ing LP problem formulations. The LLM is used to identify these entities from NL problem
descriptions and to generate the LP model.

— Obata et al. [158] proposed a research study on integrating LP and Dependency Graph ap-
proaches with LLMs for robot planning tasks.

— Pallagani et al. [166] proposed a review on the applications of LLMs in planning, including
language translation, plan generation, model construction, multi-agent planning, interactive
planning, heuristic optimization, tool integration, and brain-inspired planning.
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— Ramamonjison et al. [179] published a research study to recognize entities and generate LP
formulations from NL descriptions of LP problems.

— Ramamonjison et al. [180] published a technical report on the NL4Opt competition, describing
tasks, datasets, metrics for evaluation, and competition statistics.

— Régin et al. [181] proposed a research study introducing GenCP, a framework combining CP
with LLMs to handle structural constraints, including the semantic meaning in text generation.

— Reinhart and Statt [182] proposed a research study on using LLMs to generate solutions for
macromolecule design. The LLM was also used to explain or justify the proposed solution.

— Romanko et al. [183] published a research study evaluating LLM stock-picking capability. The
LLM is used to generate financial assets (solutions) for which a Mean-Variance Cardinality-
Constrained Portfolio Optimization Model is computed.

— Romera-Paredes et al. [184] published a research study proposing a new evolutionary proce-
dure. The LLM is integrated to find new solutions and heuristics for COPs by evolving the
code of an initial program skeleton at each step. The COPs addressed are the Cap Set problem
and online bin packing.

— Saka et al. [187] published a literature review investigating the usage of Generative Pre-
trained Transformer (GPT) models in the Architecture, Engineering, and Construction
Industry (AEC) industry. The review identifies opportunities, evaluates limitations, and
validates a LLM use case for solution generation in AEC.

— Sartori et al. [188] published a research study proposing a tool called OptiPattern. The LLM ex-
tracts knowledge from instances and integrates it into the MH (GA) process. The methodology
is applied to a network problem.

— Srivastava and Pallagani [197] published a position paper on the application of LLMs to
planning and scheduling.

— Sui et al. [199] published a literature review addressing deep learning methods for the TSP,
which also mentions the role of LLMs.

— Sun et al. [200] presented a research study on leveraging LLMs to solve SAT problems through
a framework called AutoSAT. The framework automatically selects and optimizes heuristics
within a predefined search space, building on conflict-driven clause learning solvers.

— Tran and Hy [212] published a research study on using LLMs in protein design. The LLM
generates feasible solutions from incomplete ones, acting similarly to a repair operator in
local neighborhood search (LNS).

— Tsouros et al. [213] published a research study introducing a framework for translating NL
descriptions into CP. The LLM is used to produce executable code that can be run and debugged.

— Tupayachi et al. [215] published a research study on applying LLMs to domain knowledge
and entity recognition. Specifically, the LLM builds knowledge graphs on the problem at hand
(e.g., transportation networks).

— Ustyugov [217] published a research study on using LLMs for parameter tuning. Their method-
ology leverages BERT-based embeddings to predict solver parameters for MILP problems,
aiming to automate and improve efficiency in Gurobi.

— van Stein et al. [219] published a research study on integrating LLM-generated code with
parameter tuning. The code is generated via LLaMEA [218], and the tuning is performed using
SMAC [122]. While LLaMEA was originally designed for black-box optimization, this study
also addresses CO (TSP and online bin packing).

— Voboril et al. [223] proposed a research study introducing StreamLLM. The LLM enriches
existing CP code in Python with additional constraints, aiming to reduce the search space.

— Wang et al. [225] published a research study on the topic of recognizing optimization entities.
The LLM identifies such entities from NL problem descriptions.
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— Wang et al. [227] published a research study on using LLMs as optimizers, i.e., generating
solutions for drone placement.

— Wasserkrug et al. [229] published a position paper advocating for introducing LLMs into CO
to democratize optimization practices, helping non-experts across different sectors.

— Wu et al. [236] published a literature review on vehicle routing, noting LLMs among other
deep learning methods for TSP.

— Wuetal. [237] published a literature review on the intersection between LLM and evolutionary
computation, offering insights on possible research directions.

— Wau et al. [238] published a research study on using LLMs for algorithm selection. More
specifically, the LLM extracts features related to the underlying optimization algorithms.

— Xiao et al. [239] published a research study introducing a multi-agent framework that auto-
mates the translation of problem descriptions into mathematical formulations and executable
code. The LLM formulates models from NL descriptions and generates runnable code.

— Yang et al. [240] published a research study on LLMs as optimizers. The LLM generates
candidate solutions based on the problem description and previously evaluated solutions in
the meta-prompt. The COP addressed is the TSP.

— Yang et al. [241] proposed a research study on using LLMs for entity recognition and Python
code generation. The final LLM output also includes the solution, though not directly computed
by the LLM. Two datasets, Optibench and ReSocratic-29k, are introduced.

— Yao et al. [242] published a research study on generating code that balances two objectives:
efficiency of the code and the quality of solutions generated by it, tested on TSP and online
bin packing.

— Yatong et al. [243] published a research study on generating heuristic code for task scheduling
in edge servers.

— Ye et al. [244] published a research study on integrating LLM into hyper-heuristics generation.
The LLM is used to generate heuristic algorithms in Python, tested on well-known COPs like
TSP, CVRP, Orienteering Problem (OP), Decap Placement Problem (DPP), Multiple
Knapsack Problem (MKP), and BPP.

— You et al. [245] published a research study on a domain-specific COP (robot task sequencing).
The LLM is used as a black-box optimizer.

— Yu and Liu [246] published a research study on the usage of LLMs for robust network design.
The LLM generates heuristic code.

— Yu and Liu [247] published a position paper on the evolution of optimization toward automa-
tion, mentioning the integration of LLMs.

— Zhang et al. [249] published a research study proposing OptLLM, a system that accepts user
queries in natural language, converts them into mathematical formulations and program-
ming code, and calls solvers for decision-making. OptLLM supports multi-round dialogues to
iteratively refine modeling and solving.

— Zhang et al. [251] published a research study on automated heuristic design (code generation).
Results are compared with ReEvo [244] and FunSearch [184].

— Zhao et al. [254] published a literature review on optimization-based task and motion plan-
ning within a domain-specific CO. The review discusses how LLMs might generate domain
knowledge and goal descriptions for planning methods.

ACM Comput. Surv., Vol. 58, No. 11, Article 272. Publication date: April 2026.



272:46

C Classification of Studies by Optimization Process Step

F. Da Ros et al.

This appendix provides a breakdown of the identified studies with respect to the optimization
process (Table 4). Columns display the general tasks (e.g., problem modeling), further divided into
activities (e.g., domain knowledge). Furthermore, we report the optimization paradigm (e.g., CP)
and technical details on the implementation (i.e., programming languages and commercial solvers).
Each row groups together studies that share the same characteristics. The checkmark symbol (v')
identifies whether a study performs/is related to the column item.

Table 4. Classification of the Studies by Combinatorial Optimization Task Within the Optimization Process

Studies Prob. Mod. Sol. Meth. Ben. | Valid. Models/Algorithms Types Prog. Lib./ Solv.
Lang.
3 S . B e
E s 3.8 £E s < 3 . 5 %
g2 S |8 g C 4ls 252 g £
EEZ 32832 e g E-NEE
REZ|83:2|F232|px8E2Ea58822 53
[40, 131, | v
254]
[188] v v
[39] v v
[95] v v v
[6, 215] v v
[37] v v v Vv
[45] v v v v CP-SAT
[119] v v v Python
[47, 225] v v
[87] v v v Python
[116] v v v
[4, 74, 89, v v v
157, 179]
[158] v v v v
[213] v v v v Python | CMPy [67]
[96] v V|V v
[153] v v v v v v v Zimpl
[71] v v v v v v'| Python | MST, Gurobi
[2, 3, 92, v v v v v Python | Pyomo [73],
241] pyscipopt,
Gurobi [70]
(gurobipy)
[249] v v v v v v v v MAPL Min-
code dOpt [250]
[146] v v v v v Python | CMPy [67]
[181] v v
[82] v v v v v v v Python | coptpy
[94] v v v Python | CVXPY [46]
[98] v v Python
[63] v v v v
[80, 182] v
[52] v ViV oY
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Table 4. Continued

Studies Prob. Mod Sol. Meth. Ben. | Valid. Models/Algorithms Types Prog. Lib./ Solv.
Lang.
5 g .o o E]
TE 88 2, EEE £ -
5 = o T E S|l =" = 12} =
AERCE I AR B T 5 & 8%z
Z B 2 § & B|l= B8 a2 T o jost
R E2 (83824232683 E2ES3&22E85
[217] v v
[115] v v
[19, 32, 69,
81, 86, 93,
148, 187,
212, 227,
240, 245]
[143] v v v Python | Mealpy [210]
[110] v v
[30, 129, v v Python
242, 243,
246, 251]
[200] v v Cpp
[118] v v Python
[219] v v Python
[20] v v Python
[238] v
[1, 58] v v
[239] v v v v v Python | Gurobi [70]
(gurobipy)
[111] v v v Python
[127, 184] v v Python
[244] v v Python
[114] v v Python | Gurobi [70]
(gurobipy)
[142] v v Python
[7] v v MiniZ-
inc
[125] v v Python
[8] v v Python | CMPy [67]
[223] v v Python | MiniZinc
[183] v v Python | CPLEX [88]
(CVXPY [46])
[130] v v
[124] v v v Python | PyMoo [17]
[154] v v Python | GT4SD [140]
[99] v
[28] v R/Web
Int.
[72] v v Python | Gurobi [70]
(Pyomo [73])
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D Classification of Studies by LLM Architecture

This appendix provides the analysis of the retrieved studies in terms of LLMs (Table 5). We categorize
each LLM by its architecture, the tasks researchers employed it for during optimization, its release
date, evaluation metrics, and corresponding studies. The table also highlights the access type (F/P,
indicating free or paid) and source availability (0/C, indicating open or closed). Overlapping naming
conventions often create confusion, as the same term can refer to both a general architecture and
specific models. Additionally, it is sometimes unclear whether researchers fine-tuned a model
directly or used a version adapted for conversational purposes. When researchers did not specify
the exact model in their studies, we refer to the base architecture and denote it with the keyword

Family, as is commonly done with GPT-4.

Table 5. Classification of Studies by the Role of 70 LLMs in Combinatorial Optimization Tasks. The F/P
column indicates free or paid access type, while 0/C denotes open or closed source availability.

Architecture LLM Date  Task F/P O/C Metrics Studies
Problem Modeling, Solution
T5-Base 1072019 o F O / [32,74]
T5 [178]
CodeT5-fine- Problem Modeling, Solution Training Loss, Success Rate,
tuned_CodeRL [112] 07/2022 Method F O and Correctness (8]
BART-Base 10/2019 Problem Modeling F O Accuracy
BART [113] [58, 179]
BART-Large 10/2019 Problem Modeling F O Accuracy [58, 89]
UnixCoder [68] UnixCoder 03/2022 Solution Method F PAR10 [238]
Text-Davinci-Edit-001 07/2022 Solution Method P C 7/ [7]
Text-Davinci-003 11/2022 Problem Modeling, Solution P C Accuracy (7, 111,
Method 114]
#
Problem Modeling, Solution M?Ir)rll Cta}lllif:at; ?Piirr © Rai (3,20,37
GPT-3.5 (Family) 11/2022 Method, Benchmarking, and P C smatching Rate, Brror Raise ST
Validati Rate, Throughput, Average 249, 251]
alidation Travel Time, and GAP
GPT-3.5 [21] ChatGPT 3.5 11/2022 Problem Modeling F C Accuracy [116]
Problem Modeling, Solution [124,
ChatGPT 3.5-Turbo 11/2022 Method P C 7/ 127, 240]
Accuracy, Hypervolume, [125,
Problem Modeling, Solution Inverted Generational 129, 239,
GPT-3.5-turbo 11/2022 Method, and Validation poc Distance, Compile Error Rate,  241-
and Runtime Error Rate 244]
F1-Score, ANC, Rank,
Problem Modeling, Soluti s T . 4, 69,
GPT-3.5-turbo-0613 06/2023 roblem Vodeling, solution P C Uncertainty, Policy Metric, and [
Method - 130, 142]
Goal Metric
GPT-3.5-Turbo-1106 11/2023 Solution Method p ¢ Comectness OutputFormat .\
Consistency
(Continued)
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Table 5. Continued
Architecture LLM Date  Task F/P O/C Metrics Studies
Accuracy, Feasibility,
Optimality, Efficiency,
ROUGE [120],
BERTScore [252], ,[1’ ?’ 20,
37, 39,
Completeness Score, 72, 87
Problem Modeling, Solution Homogeneity Score, No API 94’ 95’
GPT-4 (Family) 03/2023 Method, Benchmarking, and Call Rate, API Mismatching 11’1 1’14
Validation Rate, Error Raise Rate, ’ ’
215, 240,
Throughput, Average Travel
. o 241, 249,
Time, Code Compilation 251)
Success, Debugging Success
Rate, and Code Generation
Efficiency
Problem Modeling, Solution . [6, 99,
ChatGPT 4 03/2023 Method, and Benchmarking Macro-F1 Score, Time 183, 245]
GPT-4-0613 06/2023 Problem Modeling, Solution F1-Score, Cmtrectness, Output  [4, 40,
Method Format Consistency 81]
[28, 98,
GPT-4 [161] e Problem Modeling, Solution 127, 173,
GPT-4-Turbo 11/2023 Method, and Benchmarking Score 227, 244,
246]
GPT-4-Vision-Preview 12/2023 Solution Method / [86]
. . [2,71,
. . Execution Rate, Solving
Problem Modeling, Solution ’ X 92, 98,
GPT-40 05/2024 Method, and Validation A.ccuracy, and Average Solving 118, 148,
Times
188, 223]
Problem Modeling, Solution ?:?ficy’sclmtl,s ISteéle’A "
ChatGPT-40 05/2024 Method, Benchmarking, and ADLILY, SOLON LONSISIENCY, gy 5
L Constraints Robustness,
Validation . .
Runtime and Efficiency
GPT-40-2024-05-13 05/2024 Solution Method / [219]
Problem Modeling, Solution
ChatGPT-4-Turbo 07/2024 Method / [80]
PPN . [80, 119,
GPT-40-mini 07/2024 Solution Method / 129, 227]
- Problem Modeling, Solution
ChatGPT-40-mini 07/2024 Method / [80]
GPT-40-2024-08-06 08/2024 Solution Method Solved Instances, Penalized 1)\,
Average Runtime
Bard 05/2023 Problem Modeling Accuracy [116]
Codey 05/2023 Solution Method / [184]
PalM 2 [66] PaLM 2-L 05/2023 Solution Method Accuracy [240]
PaLM 2-L-IT 05/2023 Solution Method Accuracy [240]
Text-Bison 05/2023 Solution Method Accuracy [240]
(Continued)
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Table 5. Continued
Architecture LLM Date  Task F/P O/C Metrics Studies
LLaMa 2 (Family) 07/2023 Solution Method F O Accuracy [32]
Problem Modeling, Solution ;i;ce?{;i;:r;;g];git&::ﬁeéf:
LLaMa 2-7b 07/2023 Method, Benchmarking, and F O . . T [4,37]
o API Mismatching Rate, and
Validation .
Error Raise Rate
Problem Modeling, Solution El;loeuihop;tl’);\ g:]a EZLZHX;II
LLaMa 2-13b 07/2023 Method, Benchmarking, and F O L L ’ [37]
L Mismatching Rate, and Error
Validation )
LLaMa 2 [62] Raise Rate
LLaMa 2-13b-Chat 07/2023 Solution Method F o Correctness, Output Format 0,
Consistency
Codel lama [208] 08/2023 Solution Method F O / 2[5210]’ 125,
B Problem Modeling, Solution Accuracy, Feasibility, and
CodeLlama-Instruct [208] 08/2023 Method, and Validation F O Efficiency [20, 153]
Tulu-v2-dpo-7b [61] 11/2023 Benchmarking F O Score [28]
. Problem Modeling, Solution .
Mistral-78B 09/2023 Method F O Accuracy, Pass@K [82]
. Problem Modeling, Solution
Mistral [90 -7B-| ?
istral [90] Zephyr-7B-beta [214] 10/2023 Method, and Validation F O / [153]
Le Chat 07/2024 Problem Modeling P C 7/ [143]
. . Execution Rate, Solving
Qwen1.5-14B 10/2023 Problem Modeling, Solution F O Accuracy, and Average Solving  [92]
Method -
Times
Qwen [175]
Qwen-Turbo 08/2024 Solution Method F O / [129]
Quen (LoRA Fine-Tuned) 08/2024 LroblemModeling Solution [249]
Method
. Problem Modeling, Solution Feasibility, Optimality,
Gemini 1.0 Pro 12/2023 Method, and Validation rpC Efficiency, and F1-Score [87, 125]
Gemini 1.5 Pro 02/2024 Problem Modeling P C 7/ [19]
Gemini [206]
Gemini 1.5 Flash 02/2024 Problem Modeling P C 7/ [19]
Gemini 2.0 Flash 08/2024 Problem Modeling P C 7/ [143]
Gemini 2.0 Pro 08/2024 Solution Method P C / [81]
C;x_ltral—Sﬂb—lnstruct- 01/2024 Benchmarking P C Score [28]
Mixtral [91]
. Problem Modeling, Solution
Mixtral-8x22B 07/2024 Method P C 7/ [188]
(Continued)
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Table 5. Continued
Architecture LLM Date  Task F/P O/C Metrics Studies
DeepSeek-LLM-7B-Base 01/2024 Solution Method P C 7/ [125]
DeepSeek-Math-7B [190] 06/2024 Problem Modeling, Solution P C Accuracy, Pass@K [82]
Method
DeepSeek [41
P (1 DeepSeek-Coder-33B 07/2024 Solution Method P C 7/ [30, 251]
. Problem Modeling, Solution ’
DeepSeek-V2 [42] 08/2024 Method P C 7/ [241]
DeepSeek-Coder-V2 [43] 08/2024 Solution Method P C 7/ [243]
Accuracy, Solution Quality, #
Good Solutions, Convergence
Problem Modeling, Solution Eate, ‘Ir:struct;nb{klfithe;ence, ¢ [71, 182
Claude 3.5[10] Claude 3.5 Sonnet 06/2024 Method, Benchmarking, and ~ P ¢ orsistency, Stavility, Fromp o
o Sensitivity, Stochastic 223]
Validation L .
Variability, Constraints
Robustness, and Runtime
Efficiency
Problem Modeling, Solution [188,
Claude 3.5 Opus 06/2024 Method P C / 251]
. . [129,
Claude 3.5 Haiku 06/2024 Solution Method P C 7/ 129]
Claude-3.5-Sonnet- .
20241022 10/2024 Solution Method P C 7/ [93]
Cohere [5] Command-R+ 06/2024 Problem Modeling, Solution P C [185]
Method
Problem Modeling, Solution [2, 96,
LLaMa 3-70B 07/2024 4 F O / 241, 244]
B Problem Modeling, Solution Accuracy, Compilation Error
LLaMa 3[132] LiaMa 3-88 08/2024 Method F O Rate, and Runtime Error Rate [82]
LLaMa 3-70B-Instruct 08/2024 Solution Method F O Accuracy, Pass@K [243]
LLaMa 3.1-8B 08/2024 Solution Method F O / [129]
Qwen2 [176] Qwen2.5-7B 07/2024 Problem Modeling, Solution F O Accuracy, Pass@K [82]
Method
StarCoder [117]  StarCoder2 [136] 07/2024 Solution Method P C 7/ [251]
. [129,
GLM [51] GLM-3-Turbo 07/2024 Solution Method P C 7/ 243]
OpenCoder [83] OpenCoder-8B-Instruct 07/2024 Solution Method P / [30]
Yi [209] Yi-34B-Chat 07/2024 Solution Method P / [129]
Gemma [207] Gemma 2 27B 07/2024 Problem Modeling P / [19]
InternLM2 [24]  InternLM2-20B-Chat 08/2024 Solution Method p ¢ Correctness, Output Format .\

Consistency
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E Classification of Studies by Benchmark Dataset

This appendix provides the tabular analysis related to the classification of studies by dataset (Table 6).
Please refer to Section 6.3 for further context.

Table 6. Classification of Studies by Benchmark Dataset

Name Source Studies #
LPWP or NL4Opt Ramamonjison et al. [179] [1,3, 4, 47, 58, 74, 82, 89, 92, 116, 146, 157, 179, 225, 239, 249] 16
ComplexOR Xiao et al. [239] [3, 92, 239] 3
NLP4LP AhmadiTeshnizi et al. [2, 3] [2,3,92] 3
IndustryOR Huang et al. [82] [82,92] 2
Mamo Huang et al. [85] [82, 92] 2
Graphlnstruct Luo et al. [137] [80, 119] 2
Al-copilot-data Amarasinghe et al. [8] [8] 1
Almonacid Almonacid [7] [7] 1
Safeguard, Code Generation ~ Lawless et al. [111] [111] 1
Huang et al. Huang et al. [87] [87] 1
OptiChat Hao Chen and Li [72] [72] 1
Michailidis et al. Michailidis et al. [146] [146] 1
Optibench, ReScratic-29k Yang et al. [241] [241] 1
Mostajabdaveh et al. Mostajabdaveh et al. [153] [153] 1
Zhang et al. Zhang et al. [249] [249] 1
SearchBench Borazjanizadeh et al. [20] [20] 1
Juetal. Juetal. [96] [96] 1
Talk Like A Graph Fatemi et al. [54] [119] 1
LLM4DyG Zhang et al. [253] [119] 1
GraphViz Chen et al. [29] [119] 1
NLGraph Wang et al. [224] [119] 1
GNN-AutoGL Lietal [119] [119] 1
ORQUA Mostajabdaveh et al. [152] [152] 1
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F Classification of Studies by Application Domain

This appendix provides the tabular analysis related to the classification of studies by application
domain (Table 7). Please refer to Section 6.4 for further context.

Table 7. Classification of Studies by Application Domain

Domain COP/Detail Studies #

[30,52,81,98,124, 125,127,129, 131, 143,

Traveling Salesperson
199, 219, 240, 242, 244, 251]

Routing Vehicle Routing [32, 37, 63, 86, 87, 98, 99, 129, 236, 244] 20
Orienteering [244]
Travel [39, 96, 115]
Permutation Flowshop Scheduling [8, 125]
Meeting and Conferece Scheduling [95, 111]
Scheduling and Planning 14
Server Scheduling [243]
Planning [19, 45, 71, 93, 148, 158, 166, 227, 245]
Network Design [80, 119, 134, 215, 246]
Critical Node Identification [142]
Coloring [143]
Network and Graphs 10
Social Network [188]
Shortest Path, Assignement [98]
Path Finding [20]
Bin Packing [30, 125, 129, 184, 219, 242, 244, 251]
Packing
Multiple Knapsack [244]
Cap Set [184]
Admissible Set [251]
Combinatorics 4
Puzzles [20, 146]
Subset Sum, Sorting, Under-determined Systems  [20]
Construction [187]
Engineering Circuit Design [244] 3
Energy Management [94]
Finance Portfolio Optimization [6, 40, 183] 3
Bioinformatics Enzyme Design [154, 182, 212] 3
Supply Chain Warehousing [114] 1
Strings Text Generation [181] 1
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