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Abstract

Although LLM-based agents have attracted significant atten-
tion in domains such as software engineering and machine
learning research, their role in advancing combinatorial op-
timization (CO) remains relatively underexplored. This gap
underscores the need for a deeper understanding of their poten-
tial in tackling structured, constraint-intensive problems—a
pursuit currently limited by the absence of comprehensive
benchmarks for systematic investigation. To address this, we
introduce CO-Bench, a benchmark suite featuring 36 real-
world CO problems drawn from a broad range of domains
and complexity levels. CO-Bench includes structured problem
formulations and curated data to support rigorous investiga-
tion of LLM agents. We evaluate multiple agentic frameworks
against established human-designed algorithms, revealing the
strengths and limitations of existing LLM agents and identify-
ing promising directions for future research.

Code — https://github.com/sunnweiwei/CO-Bench
Data — https://sunnweiwei.github.io/co-bench
Extended version — https://arxiv.org/pdf/2504.04310

Introduction

Combinatorial Optimization (CO) is a foundational prob-
lem class in computer science and operation research, fo-
cused on finding optimal solutions in discrete, structured,
and constraint-rich domains. It underpins a wide range of
real-world applications, including logistics (Vogiatzis and
Pardalos 2013), production planning (Crama 1997), bioinfor-
matics (Gusfield 1997), etc. Many CO problems are compu-
tationally intractable and classified as NP-hard, making exact
solutions impractical at scale. As a result, developing effec-
tive algorithms often demands significant domain expertise
and manual effort—posing a long-standing challenge in both
academic research and industrial applications.

Recent advances in Large Language Models (LLMs) (Ope-
nAl 2024b; DeepSeek-Al 2025) have positioned LLM-based
agents as increasingly promising tools for a variety of predic-
tion and decision-making tasks (Jimenez et al. 2023; Chan
et al. 2024). In particular, there is growing interest in ap-
plying LLMs to CO problems. Initial investigations have
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Figure 1: Overview of CO-Bench. CO-Bench includes 36
problems from 8 categories, and aims to evaluate LLM agents’
ability to develop effective and efficient algorithms for solv-
ing real-world combinatorial optimization problems.

largely focused on solution correctness, evaluated on small-
scale test instances (Ramamonjison et al. 2022; Yang et al.
2025; Xiao et al. 2024), and are often geared towards solv-
ing problems posed by general users. More recent works
have begun to explore autonomous LLM agents capable of
conducting research and designing more efficient algorithms
for complex scientific and industrial challenges. For exam-
ple, FunSearch (Romera-Paredes et al. 2023) combines LLM
prompting with evolutionary search to discover heuristics
that outperform human-designed counterparts in the Cap Set
and Bin Packing problems. Subsequent methods (Liu et al.
2024; Ye et al. 2024; Team 2025) further improve computa-
tional efficiency and broaden applicability to domains such
as routing and scheduling.

Despite these advancements, most existing efforts focus
on narrow components (e.g., priority functions) within estab-
lished algorithms, across a limited set of tasks (typically 4-7
problems), and often rely on heavily handcrafted, problem-
specific prompts and templates (Romera-Paredes et al. 2023;
Ye et al. 2024). Furthermore, there remains a lack of system-
atic evaluation of how these agents perform across a broader
and more diverse collection of real-world CO problems.

To address this gap, we introduce CO-Bench, a compre-
hensive benchmark designed to evaluate LLM agents in the



context of efficient CO algorithm development. CO-Bench
comprises real-world CO problems spanning a wide range of
domains and complexities. Figure 1 illustrates the problem
categories and examples, while Table 1 compares CO-Bench
with existing CO benchmarks. Compared to prior bench-
marks, CO-Bench offers broader problem coverage, and
emphasizes end-to-end evaluation of LLM-based research
agents, focusing on their ability to design efficient, potentially
novel algorithms from abstract problem descriptions. This
design enables reproducible and scalable evaluation of agent
performance, including comparisons with human-designed
classical CO solver under equivalent time constraints. By do-
ing so, CO-Bench introduces new challenges for LLM agent
development, such as the discovery of algorithms that extend
beyond current human knowledge of CO.

Using CO-Bench, we benchmark 15 LLMs and 9 agen-
tic frameworks, comparing their performances against both
human-designed classical algorithms and the best-known so-
lutions reported in the literature. Our results show that reason-
ing models (e.g., 03-mini and Claude-3.7-sonnet) consistently
outperform standard no-reasoning LLMs. When integrated
into agentic frameworks like FunSearch, LLMs further im-
prove through trial-and-error exploration. Notably, on 25
problems, LLM-generated algorithms outperformed classical
solvers, and on 3 problems, they surpassed the best-known
solutions. However, our analysis also reveals current limi-
tations, such as limited algorithmic novelty and insufficient
handling of feasibility constraints. These findings highlight
both the promise and challenges of LLM-driven research in
CO and suggest key directions for advancing autonomous
algorithm design.

In summary, this paper makes the following contributions:
(i) We introduce CO-Bench, the first comprehensive bench-
mark to evaluate the capability of LLMs to develop algo-
rithms for diverse and challenging real-world CO problems
(i1) We benchmark 15 LLMs and 9 agentic frameworks, ana-
lyzing their performance relative to expert-designed pipelines.
Our results highlight the strengths of agent-generated algo-
rithms, while also revealing limitations in planning, feasibil-
ity checking, and the generation of efficient solution.

Preliminary
Combinatorial Optimization

For each CO problem c (for example, Traveling salesman
problem), we follow Papadimitriou and Steiglitz (1982) to
formulate it as a constrained optimization problem in the dis-
crete space. Consider an instance p, the optimization problem
could be expressed as

min fe(z;p) + ge(; p), ()
z€Se(p)
where S.(p) represents the solution space, e.g., Z™ x R™
for d discrete variables and n continuous variables, f.(x;p)
corresponds to the objective function, and g.(z;p) stands
for the constraint violation, which is O for feasible solutions
and +oo otherwise. To avoid the clutter, we simply denote
he(z;p) = fe(z;p) + ge(2; p) in the following text and omit
c if the context is clear.

33127

Algorithm Problem Instance Largest
Dataset Dev Num Num Variables
NPHardEval X 9 900 24
NL4OPT X 5 289 3
OptiBench X 4 605 18
ComplexOR X 20 20 9
ReEvo v 7 597 1,000
CO-Bench v 36 6,482 11,000

Table 1: Data statistics for CO-Bench and related CO bench-
marks (Fan et al. 2024; Ramamonjison et al. 2022; Yang
et al. 2025; Xiao et al. 2024; Ye et al. 2024), including the
indicator for algorithm development support, the number of
problem types (based on objective functions), the number of
test-set problem instances, and the largest number of test-set
variables (e.g., the number of nodes in the largest graph).

Given an algorithm set .A and a problem instance distribu-

tion D, the algorithm search problem is defined as
glelﬂ ]EpND,wNA(P) [h(ﬁC,p)] (2)

In contrast to previous neural CO solvers (Bengio, Lodi, and
Prouvost 2020) that directly parameterize A with a neural
network, we focus on symbolic searching space where A con-
sists of all algorithms that could be represented by a Python
Program, with a maximum number of d tokens, where d is
typically decided by the output length limit of an LLM. Con-
sidering the popularity of randomized algorithms (Motwani
and Raghavan 2013) for CO, we treat the output of an algo-
rithm A(p) as a distribution of solutions, while deterministic
algorithms would correspond to the point distributions.

The main endeavor of this work is focused on the shaping
of the algorithm set A, the curation of the data distribution
D and the definition of A on our collected CO problems.

LLM Agents

Given a CO problem c, a candidate algorithm could be gener-
ated by an LLM as

A ~ M (textify(c); 6), 3)

where M denotes an LLM with parameters 6. However, one-
time generation usually leads to inexecutable code or subop-
timal algorithms (Madaan et al. 2023), and agentic frame-
works address this by enabling iterative refinement through
structured interactions with external tools (e.g., a coding en-
vironment). Formally, an agent performs reasoning-action
iterations (Yao et al. 2022):

Tt4+1 ™~ M(textifyr(c, At, Ht), 9)7 (4)
Aty ~ M(textifya (Tt+17 Ht); 0)7 (5)

where 7, is the reasoning step, a; is the action step
(e.g., executing code, evaluating results), and H; =
(74, gy result(ai))f;i maintains the interaction history. Thus,
an LLM agent is formally defined as an LLM M (-; §) guided
by a structured workflow specifying iterative external inter-
actions to enhance its outputs.



CO-Bench

We introduce CO-Bench, a comprehensive benchmark de-
signed to evaluate the algorithm development ability of LLM
agents on combinatorial optimization (CO) problems. The
benchmark consists of 36 problems mainly sourced from OR-
Library (Beasley 1990), an established archive containing
datasets accumulated by researchers across over 30 years of
operations research. These problems span a wide range of
realistic CO challenges in academia and industrial applica-
tions.

Data Curation

Problem Selection We first perform rigorous filtering and
cleaning, and select 36 CO problems that cover diverse do-
mains and complexities, including:

Packing problems: Bin packing (Falkenauer 1996), Multi-
Demand Multidimensional Knapsack problem (Cappanera
and Trubian 2001), Multidimensional knapsack problem (Pe-
tersen 1967), Container loading (Bischoff and Ratcliff 1995;
Ivancic 1988), Container loading with weight restrictions (Rat-
cliff and Bischoft 1998; Bischoff 2006), Packing unequal
circles (Lopez and Beasley 2016), Packing unequal rectangles
and squares number / area (Lopez and Beasley 2018).

Cutting problems: Assortment problem (Beasley 1985a), Con-
strained / unconstrained guillotine cutting (Christofides and
Whitlock 1977; Beasley 1985b), Constrained non-guillotine
cutting (Beasley 1985c, 2004).

Facility location problems: Capacitated / Uncapacitated ware-
house location (Beasley 1988, 1993), Capacitated / Unca-
pacitated p-median problem (Beasley 1985d; Osman and
Christofides 1994).

Scheduling problems: Aircraft landing (Beasley et al. 2000,
2004), Crew scheduling (Beasley and Cao 1996), Common
due date scheduling (Biskup and Feldmann 2001), Flow shop
scheduling (Taillard 1993), Hybrid Reentrant Shop Schedul-
ing (Chakhlevitch and Glass 2009), Job shop scheduling (Tail-
lard 1993), Open shop scheduling (Taillard 1993).

Routing problems: Traveling salesman problem (Laporte
1992), Period vehicle routing problem (Christofides and
Beasley 1984), Resource constrained shortest path (Beasley
and Christofides 1989).

Assignment problems: Constrained / unconstrained assign-
ment (Osman 1995; and 1990).

Tree problems: Euclidean Steiner (Beasley 1992), Corporate
structuring (Anken and Beasley 2012)

Graph and set problems: Maximal Independent Set (Erdos and
Rényi 1984), Graph colouring (Fleurent and Ferland 1996),
Equitable partitioning (Mingers and O’Brien 1995), Set par-
titioning (Chu and Beasley 1998), Set covering (Beasley and
Jornsten 1992).

Data Annotation For each problem, we manually anno-
tate the following components: (1) Problem description: a
formal definition of the optimization problem in natural lan-
guage, accompanied by a clearly specified solve function
as the starter code; (2) Data loading function: a 1oad_data
function to load and preprocess raw data from the test files;
(3) Evaluation function: an eval_func function that rig-
orously and robustly evaluates the quality of a solution. Ad-
ditionally, each problem comprises a development set and a
test set, each containing several problem instances.
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Evaluation Framework We develop a rigorous and ef-
ficient evaluation framework to assess the performance of
LLM agents in simulated, time-constrained competition sce-
narios (Chan et al. 2024). Specifically, LLM agents operate
within a sandbox environment with access to a Linux ma-
chine. For each problem, agents are provided with a problem
description, development datasets, and an API endpoint for
submitting their solutions (i.e. codebases) to receive evalu-
ation feedback. An independent evaluation system, which
is protected by built-in safeguards, scores the submitted so-
lutions on the development set in parallel. After a limited
number of research steps, the agent submits its final solution
for evaluation on the test set. During the agent development
process, both eval_func and test data are invisible. Figure
2 shows the evaluation pipeline in CO-Bench.

Designing Classical Solver Baselines To investigate how
existing LLM agents perform compared to classical solvers,
we establish a classical solver baseline. Specifically, the au-
thors of this paper—who have extensive experience in related
areas and are familiar with the problems in CO-Bench—spent
approximately 30 minutes per problem testing and select-
ing the most effective classical solvers (e.g., LKH for TSP,
CPLEX for scheduling, Gurobi for MIS) and tuning their hy-
perparameters on the development set. This process ensures
that the classical solver baseline is well-tuned and competi-
tive for each problem in CO-Bench.

Evaluation Metrics

Avg Score The main evaluation metric is similar to the
Primal Gap (Berthold 2006), defined as the normalized score
of the primal bound h(x; p) against a pre-computed optimal
(or best-known) objective value h;:

min{|h(z,p)|, |h3[}
max{|h(z,p)l, |h3]}’

A higher value indicates better performance and a score of
1 signifies the performance identical to the optimal or best-
known solution. Program errors or infeasible solutions lead
to a score of 0.0. The score of a solver on a given problem
is computed by averaging its scores across all test instances.
The overall benchmark score is then obtained by averaging
these problem-level scores across all 36 problems.

(©)

3(55727 =

Valid Solution We compute the percentage of problems
for which the generated code is correct on all test instances.
Any raised error—such as constraint violation or timeout—is
treated as an invalid signal. If any test instance for a given
problem results in an invalid signal, the entire solution for
that problem is considered invalid, even if it produces valid
results on other test instances.

Above Classical Given the performance of classical solver,
we calculate the portion of problems where the model outper-
forms the classical solver baseline.

Survival Rate The survival rate measures that, for each
problem, the percentage of test instances where the model’s
solution is above 99% of the reference score (reported opti-
mal or best-known solution from literature). This serve as a
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Figure 2: CO-Bench is an evaluation environment for Al agents. Each problem has an associated description and a development
dataset. Following the setup in Chan et al. (2024), the agent-generated code implements an algorithm design, which is further
graded and compared against the best-known solution and human expert solution.

challenge metric as the model can only get credit when it is
very close or better than previous-best algorithm.

Experimental Setup
Benchmarked Methods

On CO-Bench, we evaluate various LLMs combined with dif-
ferent agentic frameworks, and compare them with existing
human-designed CO solvers.

LLMs We conduct experiments on 5 open-source mod-
els and 10 proprietary models. These include instruction-
tuned models such as Liama-3.3-70B-Instruct (Meta 2024),
Owen-2.5-Code-32B-Instruct (Hui et al. 2024), DeepSeek-
V3 (DeepSeek-Al 2024), and GPT-4o (OpenAl 2024a), as
well as frontier reasoning models, including 03-mini (Ope-
nAl 2025), Claude-3.7-Sonnet-Thinking (Anthropic 2025),
DeepSeek-R1 (DeepSeek-Al 2025), Grok-3-Thinking (xAl
2025), OwQ-32B (Qwen 2025), and Gemini 2.5 Pro (Deep-
Mind 2025).

Agentic frameworks For the aforementioned LLMs, we
apply various agentic frameworks to evaluate their perfor-
mance across different strategies. These range from simple
approaches, such as direct generation, to more sophisticated
frameworks that augment LLM with additional tools, work-
flows, and test-time compute:

* Direct Answer: The simplest approach, where the LLM
directly generates a solution to the combinatorial opti-
mization problem without further refinement.

* BestOfN Sampling (Chen and et al. 2021): Generate N
candidate solutions, evaluate each on a development set,
and select the solution with the best performance.

* Chain of Experts (Xiao et al. 2024): A multi-agent prompt-
ing framework where agents of different roles cooperate
to debug and deliver one solution.

* Greedy Refinement (Shinn et al. 2023; Madaan et al.
2023): Tteratively prompt the LLM to refine the current
best solution based on the evaluation results of the de-
velopment set, repeating this refinement process for N
steps.

* FunSearch (Romera-Paredes et al. 2023): Prompt the
LLM to either draft a new solution or refine an existing
one, followed by employing an evolutionary algorithm to
iteratively select and improve candidate solutions.

* EoH (Liu et al. 2024): Evolve both thoughts and codes
in an evolutionary search framework for generating high-
performance heuristics.

* AIDE (Jiang et al. 2025): A representative method for
machine learning engineering tasks, which stores existing
solutions in a tree structure and selectively prompts the
LLM to draft new solutions, debug or improve previously
stored solutions.

* ReEvo (Ye et al. 2024): A recent evolutionary algorithm
that incorporates short-term and long-term reflection mod-
ules, as well as a multi-agentic framework.

* MSTC-AHD (Zheng et al. 2025): A Monte Carlo Tree
Search (MCTS)-based agentic pipeline that organizes all
LLM-generated heuristics in a tree structure and uses the
MCTS algorithm with progressive widening technique to
guide the evolution of heuristics.

Implementation Details

For benchmark evaluation, we limit the solving time of each
test instance to 10 seconds on a single CPU, such that the
exact solving of the problem (achieving the optimal solution)
is impossible on most test instances. Test instances that result
in a timeout or error receive a score of 0.

For agent implementation, we use 03-mini-medium as the
default base model. Since the original implementations of
these agents may use different evaluation setups, we adapt
their approaches to our benchmark setting (i.e., end-to-end
algorithm search) by adjusting the prompts and tools. For all
agents, we set the number of iteration steps to 64. In each step,
the agent generates a code block as a candidate algorithm and
obtains its evaluation score on the development set. After 64
iterations, the agent produces 64 candidate algorithms, from
which the best-performing solution on the development set is
selected for final benchmark evaluation. All evaluations are
conducted on a single CPU core of a dual AMD EPYC 7313
16-Core processor.
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Avg Score

Valid Solution

Above Classical

Survival Rate

Classical Solver 0.797 0.611 0.394
Base LLMs
Llama-3.3-70B{#mm0.123 0.056 0.028 0.057
GPT-40-mini 0.234 0.111 0.056 0.095
Qwen2.5-Coder-32B 0.254 0.111 0.056 0.136
GPT-40 0.400 0.167 0.111 0.138
DeepSeek-V3 0.435 0.111 0.083 0.182
Reasoning LLMs
QwQ-32B 0.412 0.250 0.111 0.159
DeepSeek-R1 0.474 0.305 0.083 0.173
Grok-3 Thinking 0.507 0.222 0.139 0.198
Gemini 2.5 Pro 0.525 0.250 0.222 0.230
03-mini-medium 0.571 0.361 0.167 0.190
ol-high 0.615 0.417 0.167 0.221
ol-medium 0.617 0.361 0.278 0.243
03-mini-high 0.650 0.389 0.305 0.251
Claude-3.7 Sonnet 0.651 0.361 0.194 0.225
LLM Agents
Chain of Experts 0.295 0.139 0.083 0.188
AIDE 0.753 0.528 0.278 0.227
MSTC-AHD 0.762 0.555 0.444 0.315
BestOfN 0.774 0.472 0.417 0.285
ReEvo 0.774 0.555 0.444 0.320
Greedy Refine 0.840 0.555 0.694 0.448
EoH 0.840 0.555 0.555 0.390
FunSearch 0.842 0.500 0.639 0.426
0.5 1.0 02 04 06 0.8 0.25 0.50 0.75 1.00 0.2 0.4 0.6

Figure 3: Overall Performance. LLM Agents are all based on o3-mini-medium. Avg Score refers to the average normalized
objective scores across all problems. Valid Solution indicates the percentage of test-set problems for which the solutions are
feasible. Above Classical represents the percentage of test instances where the model outperforms the classical solver baseline.
Survival Rate measures the percentage of test instances where the model’s score exceeds 99% of the reference score.

Main Results

Figure 3 presents the results of LLMs and agents on the test
set. We highlight the following key findings.

Direct generation performance is limited. LLMs show
significantly lower average scores compared to the classi-
cal solver. They often fail to generate valid solutions (i.e.,
bug-free code that satisfies all constraints within the time
limit), rarely outperform the classical solver on individ-
ual instances, and often fail to produce optimal solutions.
Reasoning-capable models tend to perform better than non-
reasoning ones. The best-performing LLM for one-shot gen-
eration is Claude-3.7 Sonnet, with an average score of 0.65.
Agentic systems substantially improve LLM performance.
Compared to direct generation, the agentic pipeline achieves
considerably higher scores across all metrics. Among the
evaluated frameworks, FunSearch attains the highest average
score of 0.842, outperforming the classical solver (0.797).
It also surpasses the solver on over half the test instances
(see "Above Classical" score) and achieves a higher survival
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rate. These results highlight the effectiveness of LLM-based
agents in solving CO problems.

Agent performance varies widely. Some advanced agentic
frameworks, such as AIDE, underperform compared to sim-
pler strategies like BestOfN on most metrics, though they
show higher valid solution rates—possibly due to their de-
bugging capabilities. This indicates that current planning
mechanisms in agents are still underdeveloped and may not
reliably outperform random sampling.

Valid solution rates still lag behind classical solvers. Ac-
cording to the Valid Solution metric, the best-performing
agents achieve a success rate of 0.555—Ilower than that of
the classical solver (0.611). This suggests that current agents
often struggle with solution feasibility and reliability.

Agents Error Analysis

To investigate why the agents’ valid solution scores are low,
Figure 4 shows the types of errors among invalid solutions for
five agents. We observe that code errors (i.e., bugs that pre-
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Figure 4: Agents Error Analysis. Distribution of three types of errors among invalid solutions for five agents.
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Figure 5: Avg Score vs. the number of iteration steps (in total
64 steps) during the algorithm development.

vent compilation) are the least frequent issue. The dominant
error type varies across agents: Greedy Refine and ReEvo ex-
hibit more constraint violations, while FunSearch, AIDE, and
BoN encounter more timeout errors. This highlights agents’
limitations in satisfying constraints and generating efficient
algorithms within time limits.

Performance over Iteration Steps

Figure 5 illustrates the performance of several representative
LLM agents across different iteration steps. At each step,
the agent generates a new algorithm and receives evaluation
results on the development set. We also include the perfor-
mance of the classical solver baseline for comparison.

All agents exhibit the ability to improve their performance
with more iteration steps. FunSearch consistently achieves the
best results, reaching a score of 0.8423 and converging after
around 50 steps. Notably, both FunSearch and Refine dis-
cover algorithms that outperform the classical solver within
approximately 10 steps. However, performance tends to satu-
rate after 30 steps, with further search yielding diminishing
returns. Enabling more consistent improvements under longer
search budgets presents an interesting future direction.

Figure 6 shows an example trajectory of algorithm develop-
ment by Greedy Refinement (03-mini) on TSP over multiple
search steps. In the early stages, the agent enhances code effi-
ciency by adopting vectorized data structures and utilizing a
K-D tree. It then increases the number of search iterations and
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Figure 6: Trajectory of algorithm development for Greedy
Refinement on TSP over 64 steps. The curve and highlighted
dots indicate the best-ever score and the steps where improve-
ments occurred. The algorithmic ideas behind each improve-
ment step are summarized in corresponding boxes.

introduces perturbations to escape local optima. Finally, the
agent integrates simulated annealing to balance exploration
and exploitation and applies adaptive heuristics for different
instance sizes. This example demonstrates that LLMs excel
in applying established techniques to improve efficiency and
implementation quality, but failing at algorithmic novelty.
See Appendix for more examples.

Comparison to Neural Solvers

Table 2 compares the performance of agents with represen-
tative neural solvers on TSP and MIS, two well-studied CO
problems. We include DIMES (Qiu, Sun, and Yang 2022),
DIFUSCO (Sun and Yang 2023), and T2T (Li et al. 2023)
as neural baselines. For the method with multiple variants,
we only include their best results on each dataset. We also
consider a hybrid method, LEHD + ReEvo (Ye et al. 2024),
which combines the neural solver with LLM-designed heuris-
tics. We report both the objective values (the tour length for
TSP and set size for MIS) and the solving time. The results
show that agents like Greedy Refine and FunSearch outper-
form neural solvers on MIS tasks but underperform on TSP.
They are generally faster than state-of-the-art neural solvers.
We also observe that Greedy Refine performs slightly better



TSP-1K TSP-10K ER-Small ER-Large
Len /Time Len /Time Size{/Time Size;/Time

Gurobi -/- -/- 41.4/500m  -/-

DIMES 26.4/2.4m 85.8/4.8m 42.1/12.0m 332/12.5m
DIFUSCO 23.5/48.1m 73.9/6.7h 41.1/26.6m  -/-
T2T 23.3/54.6m  -/- 41.4/29Tm  -/-
LEHD + ReEvo 23.8/- -/- -/- -/-

Greedy Refine 24.4/19.1m 77.7/2.5m 42.4/20.1m 354/2.5m
FunSearch 25.3/19.1m 80.2/2.5m 41.7/1.9m 356/2.1m

Table 2: Objective values and solving time of different solvers
on TSP and MIS, with varying data sizes.

than FunSearch on the two problems.

Solution Analysis

In Figure 7, we plot the percentage of algorithms developed
by the Greedy Refinement agent for the 36 CO problems
that utilize existing solvers (e.g., code importing ortools,
pulp). The percentages are shown across 64 iteration steps.
We observe an increasing trend in the use of existing solvers
in the agent’s solutions. After 64 iterations, the final usage
rate reaches 25% (i.e., solutions for 9 problems use existing
solvers). The solvers used throughout all steps and problems
are limited to three: ortools, pulp, and scipy.

This suggests that while existing LLM agents are capa-
ble of developing algorithms without relying on existing
solvers for most problems, there is a growing tendency to do
so over time. Moreover, the solvers used are basic general-
purpose tools rather than state-of-the-art solvers specifically
designed for each problem (e.g., LKH for TSP), indicating
that the agent lacks the necessary knowledge to select the
best-performing solver.

Related Work
Automatic Algorithm Search for CO

Automating algorithm search for combinatorial optimiza-
tion (CO) has emerged as a significant research direction
in the machine learning community. Traditional machine
learning solvers primarily parameterize CO algorithms as
trainable neural networks (Bengio, Lodi, and Prouvost 2020;
Cappart et al. 2023). Although effective in capturing data
distributions, these neural approaches often struggle to gener-
ate feasible solutions, necessitating integration with human-
designed heuristics such as branch-and-bound (Gasse et al.
2019) and tree search (Bother et al. 2022). To address this
limitation, Kuang et al. (2024a,b) propose to decompose CO
algorithms into symbolic operators and conduct searches in
the symbolic space. However, designing these unit symbolic
operators demands substantial human expertise, limiting gen-
eralizability and comprehensive coverage of all algorithm
types. Recent advances in Large Language Models (LLMs)
and LLM-based agents have significantly mitigated this chal-
lenge by enabling symbolic searching in programming lan-
guage formats (Romera-Paredes et al. 2023; Ye et al. 2024;
Liu et al. 2024; Li et al. 2025). Building on these develop-
ments, CO-Bench aims to extend the success of these meth-

33132

o
[
o

0.25 1

0.20 1

Use Solver Percentage

0 10 20 30 40 50 60
Step

Figure 7: Percentage of algorithms developed by the Greedy
Refinement agent that rely on existing solvers (e.g., code
importing ortools, pulp) over 64 iteration steps. We ob-
serve an increasing use of existing solvers.

ods to more real-world CO problems and facilitate further
research in this domain.

CO Benchmarks for LLMs

Existing CO benchmarks can be roughly classified into
two categories. The first type formulates CO problems as
question-answering tasks (Fan et al. 2024; Tang et al. 2025).
Although LLMs have the potential to solve CO problems
via natural language reasoning, their excessive parameter
size makes them inefficient CO solvers in general. Therefore,
the second type of benchmarks evaluates the tool-using abil-
ity of LLMs, e.g., calling an existing CO solver, to address
CO problems (Xiao et al. 2024; Ahmaditeshnizi, Gao, and
Udell 2024; Yang et al. 2025). However, these benchmarks
only evaluate the correctness of the generated algorithm on
small-scale CO problems, whose problem parameters could
be fully expressed in natural language. In contrast, CO-Bench
targets scientific and industrial challenges, emphasizing the
evaluation of algorithm efficiency on diverse, large-scale CO
instances. This results in a more demanding benchmark, well-
suited for assessing powerful reasoning models and agents.

Conclusion

This work introduces CO-Bench, the first benchmark de-
signed to evaluate the ability of LLMs in the search of combi-
natorial optimization (CO) algorithms. Our systematic evalu-
ation reveals that reasoning-focused LLMs, especially when
paired with agentic frameworks, can automatically discover
effective algorithms that rival or surpass the classical solvers
designed by human experts, with competitive searching time
across a wide range of real-world CO problems. At the same
time, we identify key limitations of current LLM agents,
such as their tendency to struggle with understanding and
enforcing problem constraints, maintaining reliability across
instances, and exhibiting genuine algorithmic novelty. These
shortcomings highlight the need for future research to en-
hance agents’ problem comprehension, constraint-aware rea-
soning, and search strategies in CO tasks, ultimately enabling
more robust, efficient, and autonomous scientific discovery.
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