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Abstract

While Large Language Models (LLMs) demon-
strate remarkable reasoning, complex optimiza-
tion tasks remain challenging, requiring do-
main knowledge and robust implementation.
However, existing benchmarks focus narrowly
on Mathematical Programming and Combina-
torial Optimization, hindering comprehensive
evaluation. To address this, we introduce Op-
tiVerse, a comprehensive benchmark of 1,000
curated problems spanning neglected domains,
including Stochastic Optimization, Dynamic
Optimization, Game Optimization, and Op-
timal Control, across three difficulty levels:
Easy, Medium, and Hard. The experiments
with 22 LLMs of different sizes reveal sharp
performance degradation on Hard problems,
where even advanced models like GPT-5.2 and
Gemini-3 struggle to exceed 27% accuracy.
Through error analysis, we identify that mod-
eling & logic errors remain the primary bottle-
neck. Consequently, we propose a Dual-View
Auditor Agent that improves the accuracy of
the LLM modeling process without introducing
significant time overhead. OptiVerse will serve
as a foundational platform for advancing LLMs
in solving complex optimization challenges.

1 Introduction

Large Language Models (LLMs) have revolution-
ized diverse domains, such as open-ended dia-
logue (Liu et al., 2025b), mathematical reason-
ing (Jansen et al., 2025; Yan et al., 2025), code
generation (Jansen et al., 2025), visual understand-
ing (Zhang et al., 2025b, 2023, 2025c), temporal
analysis (Zhang et al., 2022), and science reason-
ing (Zhang et al., 2025d,e). However, a pivotal
question remains regarding the practical utility of
these advancements: To what extent can LLMs
translate their reasoning and programming capa-
bilities into real-world application scenarios?
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Stochastic Inventory (SO)

Problem

Consider a single-period inventory scenario where daily 

demand 𝑥 and order quantity 𝑄 are measured in hundreds 

of bundles. This demand follows the discrete probability 

distribution 𝑃(𝑥) provided below. Given a marginal profit 

of $1 per unit (𝛼 = 1) and a unit overage cost (loss on 

unsold inventory) of $1 (𝛽 = 1), determine the optimal 

order quantity 𝑄 that maximizes expected profit.

Optimization Result

➢ Optimal Order Quantity (Q): 12 hundred copies

➢ Maximum Expected Profit: 10.7 dollar

➢ Minimum Expected Loss: 0.9 dollar

Category Difficulty

Medium

Mathematical Programming (MP)

Produce two hat models using limited daily labor. Model 1 

needs 2x labor of Model 2. Max daily capacity is 400 (if 

only Model 2). Demand limits: 150 (Model 1) and 200

(Model 2). Selling prices are $8 and $5. Determine optimal 

quantities to maximize total revenue.
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Figure 1: An illustrative example from OptiVerse.

Optimization, serving as a cornerstone discipline
underpinning operations research, engineering de-
sign, and strategic decision-making (Huang et al.,
2025a), presents a quintessential testbed for this
inquiry. Far beyond basic arithmetic, optimization
demands a sophisticated synthesis of skills. It re-
quires interpreting domain semantics, formulating
rigorous mathematical models, and implementing
executable code with solvers, as exemplified in Fig-
ure 1. The challenge of meeting these rigorous
demands, despite the general capabilities of LLMs,
has ignited a growing research interest in LLM-
based optimization modeling (Liu et al., 2025c).

However, existing evaluation benchmarks suf-
fer from a distinctly narrow disciplinary scope,
which significantly hinders a comprehensive as-
sessment of model capabilities. Current bench-
marks, such as OptiMath (Lu et al., 2025) and
OptiBench (Yang et al., 2025b), focus primarily
on Mathematical Programming (MP) and Combi-
natorial Optimization (CO). Crucially, they system-
atically neglect other essential domains ubiquitous
in optimization problems. These overlooked areas
include Stochastic Optimization (SO), Dynamic
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Mathematical Programming (MP) Combinatorial Optimization (CO)

Produce two hat models using limited daily labor. Model 1 

needs 2x labor of Model 2. Max daily capacity is 400 (if 

only Model 2). Demand limits: 150 (Model 1) and 200

(Model 2). Selling prices are $8 and $5. Determine optimal 

quantities to maximize total revenue.

A traveling salesman starts at City 1, visits 5 other cities 

exactly once, and returns to City 1. Given the pairwise 

distance matrix for these 6 cities, determine the visiting 

order that minimizes the total travel distance.

A lunar module must achieve a soft landing (zero altitude 

and velocity). Thrust can be adjusted to affect motion and 

fuel consumption. Given initial conditions and dynamics, 

determine the thrust policy over time that minimizes total 

fuel usage while satisfying landing requirements.
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Stochastic Optimization (SO)

A factory considers a trial test (cost 0.3) for a new product. With trial, 

quality is assured (60%) or not (40%). Assured quality has cost 0.6 and 

outcomes: Good (prob 0.85, rev 4) or Poor (prob 0.15, rev 1.6). 

Unassured quality has cost 1.0 and outcomes: Good (prob 0.10, rev 4) 

or Poor (prob 0.90, rev 1.0). Without trial, production cost 1.1 yields 

outcomes: Good (prob 0.60, rev 3.6) or Poor (prob 0.40, rev 1.1). 

Determine the decision that maximizes expected profit.

Clinic A (strategies α₁, α₂) competes with Clinic B (strategies β₁, β₂) 

quarterly. The net gains/losses are: with (α₁, β₁), A loses 5 and B gains 

5; with (α₁, β₂), A gains 10 and B loses 10; with (α₂, β₁), A gains 5 and 

B loses 5; with (α₂, β₂), both break even at 0. Assuming indefinite 

repetition, determine the optimal long-term strategy Clinic A should 

adopt to maximize its total financial advantage.
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Game Optimization (GO)

A factory manages 100 machines over four cycles. Each 

cycle, some machines are assigned to Task 1 (Revenue 10), 

where 1/3 fail. The survivors join the unassigned machines 

to perform Task 2 (Revenue 7), after which 1/10 fail. 

Machines surviving both tasks are available for the next 

cycle. Determine the number of machines to assign to Task 

1 in each cycle to maximize total cumulative revenue.

Discrete-Time Dynamic Programming Model

Dynamic Optimization (DO)
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Figure 2: The hierarchical taxonomy of OptiVerse benchmark, which provides comprehensive coverage across six
distinct optimization domains to comprehensively evaluate the diverse reasoning capabilities of LLMs.

Optimization (DO), Optimal Control (OC), and
Game Optimization (GO) (Halperin, 2022). This
omission fails to reflect the true breadth of opti-
mization capabilities, thereby limiting our analysis
of LLM generalization across diverse domains.

To bridge this, we introduce OptiVerse, a com-
prehensive benchmark meticulously designed to
provide a rigorous, multi-dimensional evaluation
of LLM-based optimization solving. OptiVerse en-
compasses 1,000 carefully curated problems span-
ning the full spectrum of six distinct optimization
disciplines: MP, CO, SO, DO, OC, and GO, as
show in Figure 2. This holistic coverage enables a
systematic assessment of domain-specific strengths
and weaknesses that single-discipline benchmarks
cannot capture. Furthermore, to simulate the com-
plexity of realistic applications, we organize prob-
lems into a hierarchical complexity stratification
(Easy, Medium, and Hard), comprising 300, 400,
and 300 problems, respectively. This design en-
ables a fine-grained analysis of how model perfor-
mance degrades as problem sophistication scales.

We conduct extensive and rigorous experiments
to evaluate 22 Large Language Models (LLMs;
evaluated on textual inputs only) across varying
scales, ranging from 8B parameter models such as
Qwen3-8B (Yang et al., 2025a) to current flagship
frontiers such as Gemini-3-Pro (DeepMind, 2025b)
and GPT-5.2 (OpenAI, 2025a). Our experiments
yield critical insights: (1) significant performance
disparities exist across domains, with success rates

in understudied categories (e.g., Optimal Control)
often trailing common MP and CO tasks; and (2)
while current LLMs exhibit robust performance
on Easy tasks, they struggle profoundly with Hard
problems, where even top-tier LLMs like Gemini-
3-Pro and GPT-5.2 can only reach a maximum of
27% and 25.33% accuracy, respectively.

To investigate the reasons for these failures, we
perform a systematic error analysis, revealing that
Modeling & Logic errors constitute the predom-
inant bottleneck, often manifesting as silent se-
mantic discrepancies where the modeling logic
and executable code deviate from the problem
intent despite successful code execution. To ad-
dress this, we propose the Dual-View Auditor
Agent (DVA-Agent), which detects and repairs
these subtle semantic alignment defects. Experi-
mental results demonstrate that DVA-Agent signifi-
cantly enhances solving capabilities; for instance,
for Qwen3-235B-Instruct, it boosts success rates on
Hard and Medium problems by 7.66% and 10.5%
respectively. Crucially, the repair mechanism is
triggered in only 32.3% of instances, thereby main-
taining computational efficiency by avoiding un-
necessary iterations on already correct solutions.

2 Related Work

2.1 Benchmarks for Optimization Modeling

Evaluating LLM capabilities in optimization re-
quires benchmarks ranging from foundational prob-
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Benchmark Size Table Graph Difficulty Answer Form
Problem Category

MP CO SO DO OC GO
ComplexOR 37 ✗ ✓ ✗ Scalar ✓ ✓ ✗ ✗ ✗ ✗

NLP4LP 269 ✗ ✗ ✗ Scalar ✓ ✗ ✗ ✗ ✗ ✗

MAMO 863 ✓ ✓ ✓ Scalar ✓ ✓ ✗ ✗ ✗ ✗

IndustryOR 100 ✓ ✗ ✗ Scalar ✓ ✓ ✗ ✗ ✗ ✗

NL4OPT 289 ✗ ✗ ✗ Scalar ✓ ✗ ✗ ✗ ✗ ✗

Optibench 605 ✓ ✗ ✗ Scalar ✓ ✓ ✗ ✗ ✗ ✗

OptMATH 166 ✓ ✓ ✗ Scalar ✓ ✓ ✗ ✗ ✗ ✗

CO-Bench 6483 ✗ ✓ ✗ Scalar ✓ ✓ ✗ ✗ ✗ ✗

OptiVerse-Easy 300 ✓ ✓ ✓ Vector ✓ ✓ ✓ ✓ ✓ ✓

OptiVerse-Medium 400 ✓ ✓ ✓ Vector ✓ ✓ ✓ ✓ ✓ ✓

OptiVerse-Hard 300 ✓ ✓ ✓ Vector ✓ ✓ ✓ ✓ ✓ ✓

OptiVerse 1000 ✓ ✓ ✓ Vector ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Comparison with existing benchmarks. OptiVerse benchmark provides structured textual contexts (table
and graph), difficulty level, and vector-based solution across six optimization domains: Mathematical Programming,
Combinatorial Optimization, Stochastic Optimization, Dynamic Optimization, Optimal Control, Game Optimization.

Mathematical Programming (36.7%)

Integer Programming

Linear Programming

Mixed-Integer Programming

Multi-Objective Programming

Nonlinear Programming

Quadratic Programming

Combinatorial Optimization (23.8%)

Assignment & Matching Problems

Covering & Coloring Problems

Cutting and Packing Problems

Facility Location Problems

Knapsack Problems

Network Flows

Routing Problems

Scheduling Problems

Stochastic Optimization (12.0%)

Decision Analysis

Queueing Optimization

Stochastic Inventory

Stochastic Programming

Optimal Control (7.8%)

Calculus of Variations

Linear-Quadratic Regulator

Nonlinear Optimal Control

PID Tuning Optimization

Time & Energy Optimal Control

Game Optimization (5.1%)

Classic Matrix Games

Cooperative Games 

Stackelberg Games

Nash Equilibrium

Dynamic Optimization (14.6%)

Deterministic Programming

Multi-period Planning

Stochastic Programming

Figure 3: Domain distribution in OptiVerse benchmark, with each color representing a distinct optimization domain.

lems to complex industrial applications. Early
datasets like NL4Opt (Ramamonjison et al., 2023)
and NLP4LP (AhmadiTeshnizi et al., 2024) es-
tablished baselines for linear and mixed-integer
programming, while recent benchmarks such as
OptiBench (Yang et al., 2025b), MAMO (Huang
et al., 2025b), and OptMATH (Lu et al., 2025)
target advanced mathematical reasoning. Indus-
tryOR (Huang et al., 2025a) and ComplexOR (Xiao
et al., 2023) focus on practical operations research
constraints. However, current benchmarks predom-
inantly cover MP and CO, leaving other domains
of optimization problems unexplored.

2.2 LLM-based Optimization Modeling
While LLMs demonstrate remarkable math reason-
ing capabilities, they face significant limitations in
optimization problem solving involving different
constraints. To bridge this gap, researchers de-
velop prompt-based frameworks that utilize multi-
agent workflows (Xiao et al., 2023; AhmadiTesh-
nizi et al., 2024) or search algorithms (Liu et al.,
2025c; Astorga et al., 2025) to improve reasoning.
Complementary to these are fine-tuning methods
like FOARL (Jiang et al., 2025), ORLM (Huang
et al., 2025a), and SIRL (Chen et al., 2025), which
train specialized models on operations research

datasets to internalize complex modeling patterns.
However, prior methods often overlook modeling
errors, which often manifest as silent semantic dis-
crepancies where the logic deviates from the prob-
lem intent despite successful code execution.

3 Benchmark

3.1 Data Collection and Curation

We construct OptiVerse benchmark through a com-
prehensive five-stage pipeline consisting of: Ac-
quisition, Standardization, Translation and Ver-
ification, Quality Filtering, and Classification.

Acquisition. We source optimization problems
from authoritative textbooks and academic publi-
cations such as (Li, 2023; Hillier and Lieberman,
2020; Boyd and Vandenberghe, 2004; Liu et al.,
2022; Korte and Vygen, 2018; Birge and Lou-
veaux, 2011; Bertsekas, 2017; Osborne, 2004) that
are widely adopted in relevant curricula globally.
These span diverse optimization domains, ranging
from mathematical programming to optimal con-
trol, and are selected for their rigorous academic
standards and accessibility for scholarly research.

Standardization. Using the MinerU2.5 frame-
work (Niu et al., 2025), we extract and structure
problem content from source documents. Each
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Figure 4: Statistical analysis of question tokens and result counts across optimization problem domain and difficulty,
benchmarked against NL4Opt (Ramamonjison et al., 2023) and Optibench (Yang et al., 2025b).

problem undergoes deduplication and format nor-
malization. Furthermore, we ensure that tabular
and graphical data are properly structured and ac-
curately preserved alongside textual descriptions.

Verification and Translation. Ph.D. candidates
and master’s students specializing in operations re-
search and applied mathematics are recruited to
review all instances to ensure completeness and
correctness. Additionally, these professionals trans-
lated non-English problems to guarantee rigorous
accuracy regarding domain-specific terminology,
mathematical notation, and technical precision.

Quality Filtering. Following established prac-
tices (Rein et al., 2024; Zhang et al., 2025a), we ex-
clude problems whose solutions are readily accessi-
ble through web searches (via a five-minute Google
Search) to mitigate data contamination risks and
ensure the validity and benchmark integrity.

Classification. The finalized benchmark is orga-
nized into a two-dimensional taxonomy: the three
aforementioned difficulty levels cross-referenced
with six optimization domains as shown in Table
1, designed to comprehensively evaluate the ability
of different models to solve optimization problems.

The six domains are defined with precise bound-
aries: Mathematical Programming (MP) for con-
tinuous deterministic models; Combinatorial Opti-
mization (CO) for discrete structures and network
flows; Stochastic Optimization (SO) for uncertainty
and probabilistic models; Dynamic Optimization
(DO) for multi-stage decision processes; Optimal
Control (OC) for systems governed by differential
equations; and Game Optimization (GO) for multi-
agent strategic interactions, as shown in Figure 2.
This provides a comprehensive framework for eval-
uating the diverse reasoning capabilities of large
language models, as illustrated in Figure 3.

3.2 Benchmark Characteristics

OptiVerse benchmark consists of 1,000 carefully
curated optimization problems, providing compre-
hensive coverage across diverse mathematical disci-
plines. Figure 4 presents a statistical analysis of the
benchmark’s complexity and its distribution. Three
distinctive features characterize this benchmark:

Comprehensive Domain Coverage: Unlike ex-
isting benchmarks confined to MP and CO, Op-
tiVerse establishes a more rigorous standard by
spanning six distinct optimization domains: MP,
CO, SO, DO, OC, and GO. This coverage cap-
tures a full spectrum of challenges, ranging from
static deterministic models to complex dynamic
and stochastic systems. Consequently, this breadth
ensures a holistic evaluation, testing whether LLMs
possess generalized reasoning capabilities rather
than merely excelling in specific sub-domains.

Enhanced Problem Complexity and Scaling:
OptiVerse exhibits higher linguistic and structural
complexity than existing benchmarks, with average
question token and result dimensions substantially
exceeding those of NL4Opt (Ramamonjison et al.,
2023) and OptiBench (Yang et al., 2025b). Fur-
thermore, the benchmark is stratified into three dif-
ficulty levels—Easy, Medium, and Hard—where
complexity scales naturally. For instance, Hard
problems average 369.3 tokens and require an av-
erage of 6.83 result outputs, providing a rigorous
test for complex optimization problem solving.

Cross-Paradigm Tool Versatility: Given the
extreme diversity of problem types—ranging from
Nash Equilibrium in GO to PID tuning Optimiza-
tion in OC, no single specialized solver, even a
powerful industrial standard like Gurobi, can serve
as a general solution for the entire benchmark.
Consequently, our dataset evaluates a model’s abil-

3062



ity to transcend single-solver dependencies. The
LLMs must demonstrate strategic flexibility by au-
tonomously identifying the problem’s underlying
paradigm and implementing the most appropriate
algorithmic approach, whether through specialized
libraries or custom-coded heuristic solutions.

4 Experiments

4.1 Experimental Setup

Model Selection. We select 22 recent LLMs of
different sizes and divide them into three cate-
gories: (1) Open-Source Non-Thinking Mod-
els. This category encompasses the Qwen3 se-
ries (covering Instruct and Coder variants across
8B, 30B, and 235B scales) (Yang et al., 2025a),
Qwen2.5-72B (Yang et al., 2024), DeepSeek-V3.2-
Chat (Liu et al., 2025a), Kimi-K2 (Kimi Team and
Bai, Yifan and Bao, Yiping and Chen, Guanduo and
Chen, Jiahao and Chen, Ningxin and Chen, Ruijue
and Chen, Yanru and Chen, Yuankun and Chen,
Yutian and others, 2025), Ministral3-8B (Mistral
AI Team, 2025), and Internlm3-8B (Team, 2025).
(2) Open-Source Thinking Models. To evalu-
ate reasoning capabilities within the open-weights
landscape, we select OpenAI’s open-sourced GPT-
120B (Agarwal et al., 2025). Additionally, we in-
clude the specialized “Thinking” variants of the
Qwen3 series (8B, 30B, and 235B) (Yang et al.,
2025a), and DeepSeek-V3.2 (Liu et al., 2025a),
which are explicitly optimized for complex reason-
ing tasks. (3) Closed-Source Thinking Models.
We assess proprietary systems, categorized into
reasoning-intensive models—such as OpenAI’s
o3 and o4-mini (OpenAI, 2025b), and flagship
general-purpose models including GPT-5.2 (Ope-
nAI, 2025a), Claude-4.5-Sonnet (Anthropic, 2025),
and the Gemini series (2.5-Flash/Pro (Deepmind,
2025a,b) and 3-Flash/Pro) (DeepMind, 2025a,b).

Inference Configuration. We adopt a chain-of-
thought strategy where the model processes the
problem P to generate a composite response R =
LLM(P ), consisting of a mathematical modeling
component and an executable Python code segment
C. This formulation-first approach outperforms di-
rect code generation by ensuring that the implemen-
tation is grounded in a formal logical derivation.
The code C is then extracted from R and executed
within a sandboxed environment to yield the final
results O = Exec(C). To accommodate diverse
optimization problem domains, our environment

LLM Accuracy (%)
Qwen3-235B-Instruct 97.8
Qwen3-235B-Thinking 99.4
DeepSeek-V3.2-Chat 98.4
DeepSeek-V3.2-Reasoner 99.6

Table 2: Evaluation Accuracy of Selected LLMs.

integrates a comprehensive suite of scientific li-
braries, including gurobi, casadi, pyomo, nashpy,
scikit-opt, cvxpy, ortools, pulp, and scipy.

Evaluation Methodology. To handle the com-
plexity of diverse solver outputs and varying for-
matting styles, we employ a two-stage evaluation
process powered by an LLM-as-judge framework.

Stage 1: Answer Extraction. In the first
stage, we utilize an LLM as an extractor to parse
the execution output O. The extraction process
yields a corresponding set of values denoted as
A = LLMextract(O,R) = {a1, a2, . . . , an}, where
each aj represents the extracted numerical value
for the specific requirement rj ∈ R in problem.

Stage 2: Answer Verification. In the sec-
ond stage, this judge framework performs a com-
parison between the extracted values A and the
ground truth set A∗. To account for potential minor
floating-point variations inherent to solver compu-
tations, the LLM is instructed to verify precision
with a relative error tolerance of ϵ = 0.1%. The
correctness of the problem is determined by the
verification of all individual components:

IsCorrect(A) ⇐⇒ LLMjudge(A,A∗, ϵ) (1)

A problem is marked as correct only when the
LLM-as-judge verifies that every required vari-
able and objective satisfies the precision threshold,
thereby ensuring a rigorous assessment.

Evaluation Accuracy. Table 2 presents the per-
formance statistics derived from an evaluation set
of 500 samples. It can be observed that advanced
LLMs generally satisfy the requirements. How-
ever, considering the trade-offs between cost and
inference speed, we ultimately select DeepSeek-
V3.2-Chat as the standard evaluation LLM.

4.2 Main Results
The comprehensive evaluation results on the bench-
mark are presented in Table 3. We summarize our
key findings into four primary observations:

Superiority of Reasoning Chains: Models
equipped with explicit reasoning capabilities con-
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Large Language Model Domain Difficulty Avg.
MP CO SO DO OC GO Easy Med. Hard

Open-Source Non-Thinking Models
Internlm3-8B-instruct 11.44 7.56 5.00 8.22 0.00 3.92 18.67 3.75 3.00 8.00
Ministral3-8B-Instruct 26.01 18.44 19.35 12.08 2.56 5.88 39.33 14.75 5.67 18.20
Qwen3-8B-Instruct 23.98 22.69 20.83 14.38 6.41 13.73 42.67 12.25 7.67 20.00
Qwen2.5-72B 31.61 27.31 20.00 15.75 7.69 13.73 48.00 16.50 10.33 24.10
Qwen3-Coder-30B 30.79 31.09 23.33 23.29 8.97 9.80 49.67 19.25 11.67 26.10
Qwen3-30B-Instruct 38.96 36.13 31.67 34.25 19.23 15.69 70.33 21.75 14.00 34.00
Kimi-K2 40.05 44.54 38.33 39.73 24.36 25.49 71.33 31.50 16.33 38.90
Qwen3-235B-Instruct 44.41 47.06 45.83 41.10 42.31 41.18 78.33 39.75 16.67 44.40
DeepSeek-V3.2-Chat 51.23 47.48 45.00 43.15 21.79 35.29 79.67 39.25 19.00 45.30

Open-Source Thinking Models
Qwen3-8B-Thinking 40.33 43.70 41.67 39.73 25.64 37.25 73.00 33.00 16.00 39.90
GPT-OSS-120B 49.54 55.33 34.19 38.93 32.05 35.29 78.67 39.25 18.67 44.90
Qwen3-30B-Thinking 49.59 46.64 46.67 46.58 30.77 43.14 80.67 40.00 20.33 46.30
DeepSeek-V3.2-Reasoner 53.68 52.52 45.00 49.32 28.21 49.02 84.33 44.50 21.33 49.50
Qwen3-235B-Thinking 53.68 51.26 49.17 52.74 43.59 49.02 87.33 47.00 21.33 51.40

Closed-Source Thinking Models
Gemini-2.5-Flash 46.05 46.22 48.33 48.63 48.72 54.90 82.33 42.75 18.67 47.40
Gemini-2.5-Pro 53.68 49.16 50.00 47.95 38.46 43.14 87.00 43.75 20.00 49.60
Claude-4.5-Sonnet 53.41 52.52 46.67 47.95 34.62 45.10 83.67 45.25 21.67 49.70
o3 52.04 53.78 45.83 56.85 39.74 45.10 86.67 47.25 20.67 51.10
o4-mini 50.95 54.20 48.33 55.48 42.31 47.06 87.67 46.75 20.67 51.20
GPT-5.2 55.86 57.14 50.00 57.53 50.00 54.90 91.00 50.75 25.33 55.20
Gemini-3-Flash 54.77 59.24 54.17 55.48 48.72 56.86 88.67 53.25 25.33 55.50
Gemini-3-Pro 58.04 57.14 56.67 56.85 42.31 50.98 89.00 52.75 27.00 55.90

Table 3: Model performance comparisons on the OptiVerse benchmark. The evaluation is categorized by Domain
(MP, CO, SO, DO, OC, and GO) and Difficulty (Easy, Medium, and Hard). Avg. denotes the mean performance.

sistently outperform their standard instruction-
tuned counterparts by a significant margin. For
instance, Qwen3-8B-Thinking surpasses the per-
formance achieved by Qwen3-8B-Instruct, which
demonstrates that internal reasoning chains are cru-
cial for addressing complex optimization problems.

Significant Difficulty Sensitivity: All LLMs
exhibit sharp performance degradation as task dif-
ficulty scales from Easy to Hard. While top-tier
LLMs like Gemini-3-Pro maintain high accuracy
on Easy problems, they also struggle significantly
with Hard problems, indicating that LLMs struggle
with solving complex optimization problems.

Scaling Law Effects: Within the same model
family, performance scales positively with param-
eter count. In the Qwen3 series, performance in-
creases steadily from 8B to the 235B model, a trend
suggesting that larger models possess more robust
optimization problem-solving capabilities.

Domain-Specific Fragility: There is a notable
performance disparity across domains, as most
LLMs perform significantly better on MP and CO
tasks than on the other four categories. This indi-
cates that current models lack cross-domain robust-

ness and may be sensitive to the specific symbolic
representations or reasoning patterns required by
different sub-fields of optimization problems.

4.3 Error Kind Distribution Analysis
To identify the different failure modes impeding
optimization problem solving, we conduct a fine-
grained manual annotation of error types. We cate-
gorize the failure modes into five distinct classes:

• Modeling & Logic Error: The LLMs fail to
correctly comprehend the problem semantics or
translate the natural language description into a
valid mathematical model (e.g., misinterpreting
dynamic programming state transitions).

• Parameter & Data Utilization Error: While
the modeling logic is correct, the LLM fails to
accurately utilize the values, coefficients, con-
ditions, and dimensions from the text (e.g., hal-
lucinating data, confusing data across different
stages, or misaligning matrix dimensions).

• Feasibility Violation: The derived solution vi-
olates the problem’s hard constraints, rendering
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Figure 5: Distribution of error types across nine representative models. While Code & Syntax errors become
negligible with increased capability, Modeling & Logic errors remain the predominant bottleneck across all LLMs.
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Figure 6: The workflow of the Dual-View Auditor Agent
which utilizes a three-phase auditing mechanism to de-
tect semantic discrepancies between the problem and
code, determining whether to make modifications.

the result mathematically invalid or infeasible.

• Optimality & Numerical Error: The LLMs
produce a feasible solution, but it is significantly
suboptimal compared to the ground truth.

• Code & Syntax Error: The generated code con-
tains syntax errors, runtime exceptions, or incom-
plete logic, preventing successful execution

Figure 5 visualizes the comparative distribution
of these error types across a diverse set of nine rep-
resentative LLMs, revealing three critical insights:

Modeling is the Primary Bottleneck. Even
for state-of-the-art models, the prevalence of this
error underscores that correctly abstracting natural
language into mathematical formulations remains
a persistent and fundamental cognitive bottleneck.

Optimality & Numerical Challenges Persist.
After modeling errors, optimality and numerical is-

sues constitute the second largest failure. This sug-
gests that even with mathematical models, LLMs
often struggle to converge on optimal solutions.

Reasoning Models Enhance Code Stability.
For example, the “thinking” variant of Qwen3-
235B incurs only 15 errors compared to 85 in its
instruct counterpart, demonstrating that extended
chain-of-thought processes effectively mitigate syn-
tax hallucinations and implementation flaws.

5 Dual-View Auditor Agent

5.1 Method

Motivated by the error distribution analysis in Sec-
tion 4.3, which identifies modeling & logic as the
predominant bottleneck in LLM-based optimiza-
tion, we introduce the Dual-View Auditor Agent
(DVA-Agent). Conventional self-correction meth-
ods often falter because models tend to halluci-
nate correctness when merely re-reading their own
generated code against the prompt. To overcome
this, DVA-Agent acts as an adversarial evaluator
designed to uncover deep logical discrepancies.

Central to this framework is the Semantic Trian-
gulation. Unlike simple syntax checkers, this de-
tects “silent semantic errors” scenarios where code
executes without runtime exceptions but solves a
mathematical model deviating from the problem
intent. This operates through a three-phase process:

Requirement Extraction (Text-to-Math). By
referencing the initial modeling logic (Minit) and
problem (P ), it identifies core mathematical com-
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ponents, such as specific parameter values or com-
plex constraints, that are present in P but the model-
ing logic Minit tends to omit or misinterpret. This
results in a set of missing requirements (Rmiss)
that serves as a reference for validation.

Blind Code Abstraction (Code-to-Math). To
mitigate confirmation bias, the agent performs a
“blind” review. Without access to the problem P ,
this acts as a code interpreter, reverse-engineering
the underlying mathematical logic solely from the
initial code. This extracts the objective function,
decision variables, and constraints (Mcode). By
isolating the code from the problem, we ensure that
the derived logic reflects what the code actually
executes, rather than what the LLM claims.

Cross-Reference Analysis. Finally, this synthe-
sizes information from the three sources: the origi-
nal problem P , the reverse-interpreted code logic
Mcode, and the extracted requirements Rmiss. This
comparison produces a discrepancy set G, which
quantifies the critical gap between the intended re-
quirements and the implemented logic.

Refinement. This workflow culminates in a
decision-making process based on the verdict, de-
fined by the discrepancy set G. If the analysis
yields an empty set (G = ∅), signifying that the
implemented code is semantically aligned with the
problem, the initial code is validated and executed
to compute the result. Conversely, if any discrep-
ancies (G ̸= ∅) are detected, the identified gaps
serve as corrective guidance, prompting the LLM
to modify the modeling logic and code. This it-
erative refinement ensures that the final code ac-
curately captures the complex constraints of the
original problem before producing the final result.

5.2 Evaluation
To rigorously evaluate the efficacy and universality
of DVA-Agent, we conduct comprehensive exper-
iments using three advanced LLMs: Qwen3-30B,
Qwen3-235B (Yang et al., 2025a), and DeepSeek-
V3.2 (Liu et al., 2025a). This setup is specifi-
cally designed to validate two key advantages of
DVA-Agent: (1) Plug-and-Play Capability, evi-
denced by the seamless integration with these di-
verse LLMs without requiring extensive adaptation;
and (2) Efficiency, assessed by the impact of the
conditional repair strategy that triggers regenera-
tion only when specific discrepancies are detected.

Baselines. In order to evaluate the perfor-
mance against existing paradigms, we compare
DVA-Agent with: Chain of Experts (CoE) (Xiao

Framework Easy Medium Hard Cost Time

Qwen3-30B-Instruct
Baseline 70.33 21.75 14.00 6.1s
CoE 70.67 22.50 14.67 62.4s
OptiMUS 71.00 24.25 15.33 35.7s
DVA-Agent 72.33 30.50 18.67 30.2s

Qwen3-235B-Instruct
Baseline 78.33 39.75 16.67 11.8s
CoE 80.00 42.25 18.00 121.3s
OptiMUS 81.33 44.70 20.33 69.3s
DVA-Agent 85.67 50.25 24.33 58.8s

DeepSeek-V3.2-Chat
Baseline 79.67 39.25 19.00 15.7s
CoE 80.67 40.75 19.67 136.1s
OptiMUS 81.33 42.00 20.67 83.2s
DVA-Agent 84.00 47.50 24.00 67.3s

Table 4: Solving accuracy (%) comparison across Opti-
Verse benchmark using three different LLMs.

et al., 2023), a multi-agent system utilizing domain-
specific role-playing for refinement, and OptiMUS
(AhmadiTeshnizi et al., 2024), a specialized frame-
work designed for iterative optimization modeling.

Experimental Results. Table 4 empirically val-
idates DVA-Agent’s effectiveness and superiority
over the existing workflow across two dimensions:

(1) Robust Performance. DVA-Agent consis-
tently achieves the highest accuracy across all
difficulty tiers, confirming its Plug-and-Play Ca-
pability. This superiority across varying model
scales demonstrates that the Semantic Triangula-
tion mechanism is model-agnostic and scales effec-
tively with stronger reasoning backbones.

(2) Computational Efficiency. The agent op-
timizes the accuracy-time trade-off via a condi-
tional repair strategy that triggers refinement only
when discrepancies arise (G ̸= ∅). With modifica-
tion rates of merely 23.6%, 32.3%, and 28.5% for
Qwen3-30B, Qwen3-235B, and DeepSeek-V3.2-
Chat, respectively, the system effectively avoids
unnecessary iterations on already correct solutions.

6 Conclusion

We introduce OptiVerse, a benchmark compris-
ing 1,000 curated optimization problems across six
disciplines designed to rigorously evaluate the rea-
soning depth of LLMs. Extensive experiments with
22 state-of-the-art models reveal that despite rea-
soning enhancements, performance on hard tasks
degrades sharply, falling below 27% accuracy. Our
fine-grained error analysis identifies semantic mod-
eling and logic as primary bottlenecks, exacerbated
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by significant domain fragility when generalizing
from standard mathematical programming to spe-
cialized fields like Optimal Control. To address
these deficiencies, we propose the Dual-View Au-
ditor Agent, an adversarial framework that yields
consistent improvements by targeting silent seman-
tic defects. Ultimately, OptiVerse provides a robust
framework and actionable insights for advancing
the next generation of optimization-capable LLMs.
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8 Limitation

Despite the comprehensive nature of OptiVerse,
which spans six optimization domains, two key lim-
itations warrant discussion regarding benchmark
construction and evaluation. First, our problems are
primarily derived from authoritatives and academic
publications, focusing on rigorous reasoning under
idealized mathematical conditions rather than fully
reflecting the messy realities of industrial scenarios.
Real-world optimization often involves data noise,
large-scale approximations, and ambiguous con-
straints that are not fully captured here. However,
it is worth noting that mastering these rigorous
formulations under idealized conditions serves as
the fundamental textbook prerequisite for solving
complex real-world operational problems. Further-
more, extensive experiments reveal that current
state-of-the-art LLMs’ performance on these "ide-
alized" Hard problems remains unsatisfactory, with
even GPT-5.2 and Gemini-3 failing to exceed 27%
accuracy. Therefore, OptiVerse remains a highly
valuable testbed for evaluating models’ core ability
to translate natural language into executable opti-
mization logic. In future research, we aim to adapt
these problems to simulate real-world noise and ap-
proximation requirements. Second, our evaluation
framework, while ensuring high precision through

an LLM-as-a-judge mechanism, incurs certain com-
putational costs. While the two-stage verification
ensures accuracy, we plan to explore more efficient
evaluation pipelines in future work to optimize the
time-cost trade-off.

9 Ethical Statement

In developing OptiVerse, we carefully considered
and addressed potential implications and risks. Our
benchmark is sourced exclusively from public au-
thoritative textbooks and academic publications,
and we have conducted rigorous data cleansing and
standardization to ensure reliability. To mitigate
the risk of data contamination and ensure fair eval-
uation, we strictly excluded problems whose solu-
tions were readily accessible through web searches.
We strictly comply with the copyright and licensing
terms of all source materials and the models used
in our experiments. Committed to environmental
sustainability and research reproducibility, we will
publicly release the complete dataset and evalua-
tion scripts under appropriate open-source licenses.
This allows the community to reuse our resources,
thereby cutting down the carbon footprint associ-
ated with redundant data curation, while driving
the advancement of Large Language Models in
complex reasoning tasks.
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B Details of Ai Assistants In Research Or
Writing

We used Claude-4.5-Sonnet and Gemini-3.0-Pro to
help us write code and polish the paper.
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Figure 8: Data Construction Pipeline.

C Data Source

To construct a benchmark that is both comprehen-
sive and rigorously challenging, we curated a mas-
sive dataset derived from highly authoritative aca-
demic resources. The raw corpus consists of 82
distinct textbooks, specialized problem sets, and
graduate-level solution manuals, encompassing a
total of 26,702 pages of source material. These
documents cover a wide spectrum of optimization
domains, ranging from fundamental Linear and In-
teger Programming to advanced topics in Optimal
Control, Convex Optimization, and Game Theory.

Notably, to ensure the benchmark effectively
evaluates the deep reasoning capabilities of Large
Language Models, a significant portion of the ques-
tions was extracted from graduate entrance exami-
nation papers and mathematical modeling competi-
tion case studies, which require multi-step logical
deduction rather than simple formula application.

Figure 7 illustrates the distribution of these data
sources by category, highlighting our focus on
practical problem-solving and high-difficulty exam
questions.

Figure 8 details the construction pipeline,
demonstrating how we distilled the massive un-
structured corpus into a refined set of 1,000 high-
quality problems through a multi-stage filtration
process.

D Error Type Details

The detailed definitions and representative exam-
ples for each error category are presented below:

1. Modeling & Logic Error:

• Description: Failures where the model
correctly identifies the problem domain
but fails to translate the natural lan-
guage description into a valid mathemat-
ical model or optimization logic. This
includes misinterpreting the objective
function, omitting critical constraints,
or selecting an inappropriate modeling
paradigm.

• Examples:
– Formulating a multi-stage Stochas-

tic Programming problem as a deter-
ministic Linear Programming model,
ignoring probability distributions.

– In a Network Flow problem, failing
to establish flow conservation con-
straints (i.e., inflow must equal out-
flow) at intermediate nodes.

– Incorrectly defining the decision vari-
ables, such as using continuous vari-
ables for a problem that strictly re-
quires binary or integer decisions
(e.g., Knapsack Problem).

2. Parameter & Data Extraction Error:

• Description: Cases where the overarch-
ing modeling logic is correct, but the
model fails to accurately extract or align
specific numerical values, coefficients, or
dimensions from the problem text. This
often manifests as "data hallucination"
or matrix misalignment.

• Examples:
– Extracting a cost coefficient of "10"

when the problem statement specifies
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"100", or confusing unit costs with
total costs.

– In a Traveling Salesman Problem
(TSP), misreading the distance ma-
trix indices, treating row i column
j as the distance from j to i in an
asymmetric graph.

– Dimensionality mismatch, such as
defining a constraint vector of size
N when the decision variable vector
size is N + 1.

3. Code Implementation & Syntax Error:

• Description: Errors occurring during the
translation of the mathematical model
into executable Python code. These in-
clude syntax errors, incorrect API us-
age of optimization solvers (e.g., Gurobi,
PuLP, SciPy), or incomplete implemen-
tation logic that causes the runtime envi-
ronment to crash.

• Examples:
– Syntax/Runtime Errors: Identi-

fying variables but failing to de-
fine them before use, or causing
KeyError or IndexError when ac-
cessing data structures.

– API Misuse: Calling non-existent
methods of a solver library (e.g., us-
ing model.addConstrs with incor-
rect syntax in Gurobi) or failing to
call the optimize() method.

– Logical Implementation Gaps: The
code runs without crashing, but the
loop structure logic does not match
the intended mathematical summa-
tion, resulting in an empty or trivial
model.

4. Feasibility Violation:

• Description: This category encompasses
two distinct types of failures where the
output is mathematically invalid. First,
it includes cases where the proposed so-
lution explicitly violates the hard con-
straints defined in the problem (e.g., re-
source limits or non-negativity). Second,
and critically, it includes cases where the
generated mathematical model itself ex-
hibits unreasonable mathematical prop-
erties—such as contradictory constraints

or unbounded objectives—rendering the
problem mathematically infeasible or im-
possible to be solved by standard algo-
rithms.

• Examples:

– Constraint Violation: In a logistics
problem, proposing a delivery route
that exceeds the maximum vehicle
capacity constraint, or outputting
negative values for physical quanti-
ties like mass or time.

– Model Infeasibility: Constructing
a Linear Programming model with
mutually exclusive constraints (e.g.,
requiring x ≥ 10 and x ≤ 5 simulta-
neously), resulting in an empty feasi-
ble region.

– Unreasonable Mathematical Prop-
erty: Formulating an optimization
objective (e.g., "Maximize Profit")
without necessary bounding con-
straints, causing the solver to return
an "Unbounded" status or diverge
during calculation.

5. Optimality & Numerical Error:

• Description: Cases where the model
finds a valid, feasible solution, but it is
significantly suboptimal compared to the
ground truth, or exhibits precision issues.
This often arises from inappropriate al-
gorithm selection (e.g., using a greedy
heuristic instead of an exact solver) or
numerical instability.

• Examples:

– Using a local search algorithm (like
Hill Climbing) for a non-convex
function and getting stuck in a local
optimum, missing the global maxi-
mum.

– Numerical Precision: Returning a
result that deviates from the standard
solution beyond the acceptable tol-
erance (ϵ > 0.1%) due to floating-
point errors or aggressive rounding.

– Solver Configuration: Failing to set
an appropriate "MIP Gap" or time
limit, causing the solver to return a
premature solution that has not yet
converged to optimality.
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DifficultyCategory
Combinatorial Optimization(CO)

Problem
You are a project manager at a manufacturing firm tasked 
with upgrading a production line. The project consists of 
four key activities (A, B, C, D) with their dependencies, 
durations, and costs detailed in the table below. Your 
company incurs an indirect overhead cost of ¥4,500 for 
each day the project remains active. Using the provided 
data, determine the optimal duration for each activity to 
minimize the total project cost, which is the sum of direct, 
indirect, and any potential crashing costs.

Optimization Result
Ø Optimal Project Duration: 7 days
Ø Minimum Total Cost: ¥91,500

Easy

Act. Pred. Normal 
Time 

Crash 
Time

Normal 
Cost 

Crash 
Cost Slope 

A - 3 1 10 18 4,000

B A 7 3 15 19 1,000

C A 4 2 12 20 4,000

D C 5 2 8 14 2,000

(Time in days, Cost in ¥1,000)

Figure 9: An Easy Example in OptiVerse.

E Example

We have provided a representative example for
each of the three difficulty levels—Easy (Figure
9), Medium (Figure 10), and Hard (Figure 11)—to
serve as a guide.

The easy-level problem (Figure 9) represents a
classic Combinatorial Optimization task involving
project scheduling. It requires the model to perform
algorithmic execution—specifically Critical Path
Method (CPM) and cost-slope analysis. The solu-
tion path is linear and iterative: identify the critical
path, select the activity with the lowest crash cost,
and repeat until the optimal trade-off is found. This
tests the model’s ability to follow standard algo-
rithmic procedures and perform precise arithmetic
operations on tabular data.

The medium-level problem (Figure 10) intro-
duces Game Optimization coupled with stochastic
elements. Unlike the easy problem, it requires the
integration of multiple domain concepts: Game
Theory (Stackelberg Leader-Follower dynamics),
Probability (Expected Value calculation), and Cal-
culus (Profit Maximization). The model must em-
ploy backward induction—first solving the fol-
lower’s reaction function under different demand
scenarios, and then optimizing the leader’s strategy
based on expected payoffs. This demands a sophis-

DifficultyCategory

Optimization Result

Game Optimization(GO)

Problem
Consider a market where a leader sets production $q_L$ 
before uncertain demand $A$ is realized. The inverse 
demand is $P = A - (q_L + q_F)$, where $A$ is 150 or 90 
with equal probability (0.5). The leader's cost is $C_L = 
20q_L$, and the follower's cost is $C_F = 40q_F + 
0.5q_F^2$. The game sequence is: (1) Leader fixes $q_L$; 
(2) Demand $A$ is realized; (3) Follower observes $q_L$ 
and $A$, then optimizes $q_F$. Determine the optimal 
$q_L^*$ to maximize the leader's expected profit.

Ø Leader Output q_L*: 50
Ø Follower Output Low Demand q_F(Low): 0
Ø Follower Output High Demand q_F(High): 20
Ø Expected Price E[P]: 60
Ø Leader Expected Profit E[Π_L]: 2000

Medium

Figure 10: A Medium Example in OptiVerse.

ticated understanding of multi-agent interactions
and conditional logic.

The hard-level problem (Figure 11) presents a
complex Mathematical Programming scenario in-
volving multi-period production planning. The
core challenge lies not just in the scale of vari-
ables (inventory, workforce, production across 4
months), but in the translation of logical business
constraints into linear mathematical forms. Specif-
ically, it requires modeling "hiring" and "firing"
costs by splitting an unrestricted variable into two
non-negative variables (St = S+

t − S−
t ), a mod-

eling trick that LLMs often struggle to identify.
The solution demands rigorous constraint handling
to balance flow conservation across time periods
while minimizing a composite objective function.

These examples demonstrate the progressive
complexity in OptiVerse. From executing standard
algorithms in Easy tasks, to synthesizing cross-
domain concepts in Medium tasks, and finally to
formulating complex, coupled constraints in Hard
problems, the benchmark rigorously evaluates the
depth of LLMs’ optimization reasoning.

F Prompt Setting

To ensure experimental reproducibility and the reli-
ability of automated evaluation, we designed struc-
tured prompts that impose strict constraints on out-
put format and reasoning logic. Unlike general-
purpose queries, these prompts are engineered to
bridge the gap between natural language reasoning
and rigorous optimization solving.
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DifficultyCategory

Optimization Result

Mathematical Programming(MP)

Problem
A mid-sized electronics manufacturer is preparing its 
production plan for the upcoming quarter (March through 
June). The forecasted monthly demand for its key 
component is 520, 720, 520, and 620 units, respectively. 
The company currently employs 10 regular production 
workers. To adapt to the variable demand, management can 
hire or lay off workers at the start of each month. Hiring a 
new worker incurs a $200 onboarding cost, while a layoff 
involves a $400 severance package. Each regular worker 
has a standard output of 12 units per month. If needed, 
temporary workers can be brought in, but they are less 
experienced and have a productivity of only 10 units per 
month. Any production exceeding monthly demand can be 
stored as inventory at a cost of $50 per unit per month. The 
operations team needs to determine the most cost-effective 
hiring, layoff, and staffing strategy to satisfy all customer 
demand over this four-month period.

Ø Minimum Total Cost: $19,500
Ø Temp Workers (March): 50 (Hired 50)
Ø Temp Workers (April): 50 (No Change)
Ø Temp Workers (May): 45 (Laid off 5)
Ø Temp Workers (June): 45 (No Change)
Ø Inventory Level (End of March): 100 units
Ø Inventory Level (End of May): 50 units

Hard

Figure 11: A Hard Example in OptiVerse.

F.1 Inference Prompt

The solver prompt operates under a Code-based
Chain-of-Thought paradigm. To ensure that the
generated code is executable within our sandbox
environment, the prompt enforces three critical con-
straints:

• Expert Persona & Tool Authorization. The
prompt establishes the model’s role as an “Op-
erations Research Expert” and explicitly per-
mits access to domain-specific libraries (e.g.,
scipy, pulp, ortools, cvxpy).

• Targeted Output Format. To facilitate auto-
mated answer extraction, the prompt dynam-
ically injects the required output keys (e.g.,
specific decision variables or objective values)
and mandates that the code strictly utilizes
print() statements to output these calculated
results.

• Model-then-Code Generation. We enforce a
structured reasoning process where the model
is guided to first explicitly articulate the math-
ematical modeling logic (i.e., defining vari-
ables, constraints, and objectives) before pro-

ceeding to code implementation. Empirical re-
sults suggest that this pre-computation formal-
ization significantly outperforms direct code
generation.

F.2 Evaluation Prompts
We employ a two-stage prompting pipeline to en-
sure the robustness of the assessment, converting
raw execution logs into verified verdicts.

F.2.1 Answer Extraction Prompt
Since the raw standard output from code execu-
tion often contains unstructured intermediate logs,
we first utilize a Structure Synthesis Prompt to
normalize the results. This prompt receives the
raw execution output and the required schema keys
from the ground truth. It acts as an extractor, pars-
ing specific numerical values or decisions into a
clean, valid JSON object, while handling missing
values with standardized “N/A” markers.

F.2.2 Accuracy Verification Prompt
Subsequently, we employ an LLM-as-a-Judge
framework to verify the correctness of the synthe-
sized answer. The judge model is prompted to
act as a “Strict Mathematics Teaching Assistant,”
evaluating the “Student’s Answer” (the synthesized
JSON) against the “Standard Solution” based on
the following criteria:

• Completeness & Precision. The judge ver-
ifies that all keys present in the ground truth
exist in the prediction and enforces a relative
numerical error tolerance of ≤ 0.1%.

• Semantic Flexibility. The judge is instructed
to intelligently handle unit variations (e.g.,
“0.5” vs. “50%”) and assess the semantic
equivalence of non-numerical strategies (e.g.,
game theory decisions) rather than relying on
rigid string matching.

• Reasoning-First Verification. To ensure re-
liability, the judge must generate a step-by-
step verification log (output as the JSON
field "reason") prior to delivering the final
boolean verdict ("is_correct").
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