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Abstract

We introduce MMSciCode, a comprehen-
sive expert-level, multilingual multi-discipline
benchmark for evaluating foundation mod-
els in scientific code generation. It includes
624 expert-annotated research coding prob-
lems spanning six core scientific disciplines.
Compared to prior benchmarks, MMSciCode
features three key advancements. First, it
challenges models to integrate domain-specific
knowledge with algorithmic reasoning to imple-
ment core functions from research papers. Sec-
ond, each problem is meticulously annotated
by domain experts through a rigorous paper-
grounded process, with strict quality controls
implemented to ensure dataset integrity and au-
thenticity. Finally, each problem is equipped
with comprehensive unit test suites and con-
tainerized environments, enabling reproducible
and diagnostic evaluation of both functional
correctness and domain validity. We conduct
an extensive evaluation of 23 state-of-the-art
foundation models and 2 coding agents on
MMSciCode. We identify substantial perfor-
mance gaps between models and human ex-
perts, providing actionable insights for advanc-
ing expert-level scientific code generation.

Data MMSciCode
Code MMSciCode

1 Introduction

In recent years, researchers have developed a vari-
ety of benchmarks to evaluate foundation models’
capabilities in code generation, with an empha-
sis on single-language (Yan et al., 2025), single-
domain (Liu et al., 2025), and function-isolated
programming tasks (Zhuo et al., 2025; Jain et al.,
2025). While existing benchmarks effectively eval-
uate general programming proficiency, they fail to
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Figure 1: An overview of the MMSciCode benchmark.

capture the distinctive challenges of scientific re-
search coding, where successful implementation
demands a deep integration of domain expertise
and algorithmic reasoning (Tian et al., 2024). This
gap is particularly critical because scientific pro-
gramming inherently spans multiple disciplines,
each requiring specialized knowledge, complex
computational methods, and fluency across diverse
programming languages and paradigms. More-
over, scientific coding often necessitates translating
mathematical formulations and algorithmic descrip-
tions from research papers into executable code
while ensuring both domain-specific validity and
computational correctness, which requires capabil-
ities far beyond those assessed by existing code
generation benchmarks.

To bridge this gap, we introduce MMSciCode,
a comprehensive benchmark for measuring
foundation models in expert-level, Multilingual
Multi-discipline Scientific Code generation.
MMSciCode consists of 624 expert-annotated
core functions extracted from 285 specialized-
domain papers and their corresponding codebases,
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Dataset # Examples Task Setting Multi-
lingual?

Multi-
Discipline?

Objective
Evaluation?

BLADE (Gu et al., 2024) 12 End-to-End Research ✗ ✓ ✓

MLRBench (Chen et al., 2025a) 201 End-to-End Research ✗ ✗ ✗

Paper2CodeBench (Seo et al., 2025) 90 End-to-End Research ✗ ✗ ✗

MLEBench (Chan et al., 2025) 75 End-to-End Research ✗ ✗ ✓

PaperBench (Starace et al., 2025) 20 Code Repository Generation ✗ ✗ ✗

ScienceAgentBench (Chen et al., 2025c) 44 File-Level Code Generation ✗ ✓ ✗

ResearchCodeBench (Hua et al., 2025) 20 Fill-in-the-blank Code Completion ✗ ✗ ✓

SciCode (Tian et al., 2024) 338 Function-Level Code Generation ✗ ✓ ✓

LMRBench (Yan et al., 2025) 23 Function-Level Code Generation ✗ ✗ ✓

SciReplicate-Bench (Xiang et al., 2025) 100 Function-Level Code Generation ✗ ✗ ✓

RECODE-H (Miao et al., 2025) 102 Function-Level Code Generation (Interactive) ✗ ✓ ✓

MMSciCode 624 Function-Level Code Generation ✓ ✓ ✓

Table 1: Comparison between MMSciCode and existing scientific research coding benchmarks.

spanning 38 subjects across six key disciplines:
Computer Science, Physical Sciences, Earth and
Environmental Sciences, Biological Sciences,
Health Sciences, and Scientific Community and
Society. To ensure both the breadth of domain
knowledge and the depth of reasoning required for
MMSciCode, we implement a paper-grounded data
annotation process, where problems are curated
from specialized research papers and validated by
domain experts. Specifically, expert annotators first
identify key algorithmic concepts from scientific
papers in their respective fields, then locate the
corresponding code implementations from associ-
ated codebases, and finally develop comprehensive
unit test suites that require both domain expertise
and expert-level reasoning to pass. Thorough data
quality controls are implemented to ensure high
quality of MMSciCode.

We conduct an extensive evaluation on
MMSciCode, covering 23 frontier foundation mod-
els, spanning proprietary and open-source models.
We also evaluate 2 coding agents, Claude Code
(Sonnet 4.6) and Claude Code (Haiku 4.6). Across
all evaluated non-agentic models, even the top-
performing GPT-5.4 (proprietary) and Qwen3.5-
397B-A17B (open-source) achieve only around
59.9% and 50.8% function-level accuracy, respec-
tively, well below human open-book (86.7%) and
oracle (93.3%) performance. Coding agents per-
form substantially better, with Claude Code (Son-
net 4.6) reaching 88.8%, yet they still fall behind
human-level performance. These findings provide
valuable guidance for advancing the development
of scientific research coding.

2 Related Work

Code Generation. Code generation represents a
long-standing and fundamental challenge in soft-

ware engineering. Recent progress in large lan-
guage models has spurred the development of nu-
merous benchmarks and evaluation frameworks for
assessing code synthesis capabilities. Early bench-
marks such as HumanEval (Chen et al., 2021),
MBPP (Austin et al., 2021), and DS-1000 (Lai
et al., 2023) established standardized datasets for
functional code synthesis and execution-based eval-
uation. Building upon these datasets, Yu et al.
(2024) introduced HumanEval-Pro and MBPP-
Pro, which emphasize compositional reasoning and
multi-step synthesis beyond single-function com-
pletion. To further enhance realism and reduce
contamination, Jain et al. (2025) proposed Live-
CodeBench, a continuously updated benchmark
that collects fresh programming tasks from com-
petitive platforms. In addition, Zhuo et al. (2025)
introduced BigCodeBench, a large-scale function-
level benchmark spanning multiple domains and li-
braries, designed to evaluate models on diverse and
compositionally complex code generation tasks.

Scientific Research Coding. Foundation mod-
els have emerged as powerful tools for automat-
ing research code generation across scientific do-
mains (Chen et al., 2025b; Zhang et al., 2025). This
capability has catalyzed a surge of benchmarks
targeting research code generation—tasks that de-
mand domain expertise (Peng et al., 2023; Liu
et al., 2025), end-to-end automated research (Chan
et al., 2025; Chen et al., 2025a; Seo et al., 2025),
and executable implementations for scientific work-
flows (Yan et al., 2025; Chen et al., 2025c). Bench-
marks such as SciCode (Tian et al., 2024) and
ScienceAgentBench (Chen et al., 2025c) evaluate
foundation models on scientific research coding
tasks, ranging from function-level to agent-based
file-level program generation and execution.
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Figure 2: An overview of the MMSciCode benchmark construction pipeline.

Despite this progress, most scientific research
coding benchmarks remain single-language (pre-
dominantly Python) and single-domain, lacking a
unified evaluation that jointly spans multiple scien-
tific disciplines and programming languages. Ta-
ble 1 further distinguishes the difference between
MMSciCode and existing benchmarks.

3 MMSciCode Benchmark Construction

We present MMSciCode, a comprehensive eval-
uation benchmark designed to measure progress
in multilingual, multi-discipline scientific re-
search coding within real-world research contexts.
MMSciCode has the following key features: (1)
Breadth across scientific fields and program-
ming languages: MMSciCode spans six major
scientific disciplines encompassing 38 diverse sub-
jects and evaluates code generation across Python,
C/C++, and R (§3.1). (2) Paper-grounded scien-
tific method implementation: Each problem is
derived from peer-reviewed scientific papers and
their associated codebases, ensuring authenticity
to real-world research (§3.2). (3) Reproducible
and diagnostic evaluation: MMSciCode provides
automated assessment through comprehensive unit
tests designed by expert annotators, which measure
functional correctness and require both domain ex-
pertise and sophisticated reasoning to pass (§3.3).
Figure 2 provides an overview of the three stages
involved in constructing MMSciCode, which is de-
tailed in the following subsections.

3.1 Preliminary Setup
We first discuss the preliminary setup for the data
construction process.

Source Paper Collection. We collect research
articles from two sources: (1) Papers published at
ICLR 2025 that were selected as oral or spotlight
presentations. These cover core AI fields such as
machine learning, natural language processing, and
computer vision. (2) Papers published in Nature

Communications from 2024 onwards, covering
38 subjects across five core scientific disciplines:
Physical Sciences, Earth and Environmental Sci-
ences, Biological Sciences, Health Sciences, and
Scientific Community and Society. This selection
ensures broad coverage, extending beyond com-
puter science into diverse scientific domains. We
apply heuristic methods to exclude papers without
publicly available code bases.

Expert Annotator Recruitment and Training.
To ensure reliable data collection, we engaged 21
expert annotators, including 18 PhD students and
three of the authors, from different scientific dis-
ciplines. All the annotators have substantial expe-
rience in research coding within their respective
fields, and the papers and code they annotated are
chosen to match their areas of expertise. Collec-
tively, they dedicated approximately 1,400 hours
to constructing MMSciCode. Each annotator is
required to finish a training session to learn the
annotation process before official annotation.

3.2 Paper-Grounded Method Implementation
Annotation

To design problems that reflect real-world chal-
lenges of scientific research coding, we develop a
paper-grounded method implementation pipeline,
described in detail as follows:

Filtering Suitable Codebase. Annotators are
first instructed to review the available code bases
to determine whether they contain code implemen-
tations that correspond to the core algorithmic de-
scriptions presented in the papers. To ensure anno-
tation quality, we establish clear guidelines for iden-
tifying high-quality codebases that meet the stan-
dards. The codebase selection criteria include: (1)
adequate code documentation and structure that fa-
cilitate understanding of the implementation logic,
(2) robust code quality features, including meaning-
ful variable naming, modular architecture, and well-
defined functions, which support precise alignment
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between theoretical concepts and their code realiza-
tions, and (3) adherence to a single programming
language, with mixed-language projects excluded
as unsuitable.

Paper–Code Alignment. In this phase, annota-
tors identify core algorithms within the paper, such
as key formula definitions, models, or innovative
techniques. They then locate corresponding code
snippets in the codebase that implement these al-
gorithms by leveraging the codebase’s Abstract
Syntax Tree (AST). For each alignment, the orig-
inal content is extracted from the paper to ensure
clarity and fidelity to the source material, and the
specific information of the function is recorded.

Curating Research Coding Problems. After
identifying core functions and their alignments in
the papers, annotators transform the extracted code
implementations into structured coding problems.
Where code snippets lack proper encapsulation, an-
notators refactor them into well-defined functions
equipped with suitable parameters and return val-
ues. This problem curation process encompasses
several key tasks, including cleaning the original
code structure to remove the implementation code,
formulating function descriptions that elucidate the
algorithm concept and anticipated outcomes, and
extracting core functions into standalone target files
to address complex dependencies.

3.3 Example-Specific Evaluation Development

For each annotated paper-code alignment, we es-
tablish containerized testing environments using
Docker to guarantee consistent dependencies and
runtime configurations. This setup ensures that
the selected core functions can reliably execute or
perform inference within these isolated contain-
ers. The approach supports codebases in diverse
programming languages via tailored, independent
container configurations.

Developing Comprehensive Unit Tests. Finally,
annotators develop a unit test suite for each curated
coding problem to enable rigorous, automated eval-
uation of generated code completions. These tests
are designed to cover a spectrum of input scenarios,
including standard cases derived from the paper’s
examples, boundary conditions, and edge cases
anticipated from the algorithmic descriptions. To
validate the quality of these unit tests, we ensure
that the target core functions extracted from the
original codebases can pass all tests. By specifying

precise expected outputs and integrating assertions
for functional equivalence, the test suite facilitates
objective assessment of correctness, efficiency, and
adherence to the algorithm concept.

Building a Reliable Evaluation Pipeline. To en-
able robust and reproducible assessment of model-
generated code, we construct an automated evalua-
tion pipeline that standardizes the end-to-end pro-
cess from function completion to performance mea-
surement. For each coding problem, the pipeline
first supplies the masked target function and its
scientific context to the model to solicit a code
completion. The generated function is then pro-
grammatically integrated into the original project
by replacing only the masked region, ensuring that
the overall codebase structure and dependencies
are preserved. This replacement is fully automated
and does not require manual intervention or fur-
ther code modification. The modified project is
executed within an isolated containerized environ-
ment, where a comprehensive suite of pre-defined
unit tests is run to evaluate functional correctness
and efficiency. The pipeline records outputs, exe-
cution time, and resource usage for each test, and
systematically compares these results with those
from the reference implementation. This approach
yields quantitative metrics for correctness and per-
formance, providing a scalable and objective frame-
work for benchmarking code generation models
across diverse scientific domains.

3.4 Data Quality Control

To ensure that MMSciCode maintains high scien-
tific rigor and reproducibility, we implemented a
multi-stage quality control pipeline. Each example
underwent dual expert review to verify annotation
accuracy, algorithmic soundness, and scientific va-
lidity. Problems that could be solved without gen-
uine domain knowledge, lacked sufficient algorith-
mic complexity, or contained excessive dependen-
cies that hindered independent testing were either
refined or excluded. All revisions were tracked
through iterative validation until the dataset satis-
fied both executability and domain-relevance crite-
ria. After this process, we retained 624 functions
and excluded 34 candidates from an initial pool
of 658 examples. Among the initial examples, 54
required expert intervention, including both revised
and excluded cases.

3.5 Dataset Analysis
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Statistics Value

Total Problems 624

Number of Subjects 38
Number of Source Papers 285

Scientific Domains (papers/problems) 6
Physical Sciences 44 / 101
Earth & Environmental Sciences 15 / 29
Biological Sciences 145 / 290
Health Sciences 17 / 30
Community & Society 4 / 7
Computer Science 60 / 167

Programming Languages (papers/problems) 3
Python 203 / 488
C/C++ 22 / 44
R 60 / 92

Code Complexity
Function Length (avg/max, lines) 54.1 / 817

Problem Description Length (avg/max, words) 77.7 / 213
Paper Context Length (avg/max, words) 3034.2 / 5963

Unit Tests per Problem (avg/max) 7.2 / 19
Test Suite Coverage (avg, %) 100

Algorithmic Complexity Level
Basic 275
Intermediate 237
Advanced 112

Table 2: Key statistics of the MMSciCode benchmark.

Data Statistics. Table 2 presents the key statistics
of MMSciCode. The dataset comprises 624 prob-
lems derived from 285 scientific papers spanning
six disciplines and 38 subjects. It features real-
istic scientific code of moderate complexity and
broad domain diversity, serving as a solid basis for
cross-disciplinary code generation and reasoning.

Measuring Human Expert Performance. To
contextualize model performance on MMSciCode,
we conducted a human evaluation across multi-
ple scientific disciplines. We randomly sampled
5 problems per discipline from the test set (30 in
total) and recruited six participants, each specializ-
ing in one of the corresponding scientific domains,
to independently solve the problems within their
field of expertise. (1) In the Closed-book setting,
participants solved their assigned problems within
3.5 hours without external resources, achieving an
average accuracy of 60.0%. (2) In the Open-book
setting, they were allowed to consult textbooks and
online materials for four hours, increasing accuracy
to 86.7%. (3) In the Oracle setting, participants
revised all remaining errors with access to ground-
truth references, reaching 93.3% accuracy, which
approximates the upper bound of human perfor-
mance on MMSciCode.

4 Experiments

This section describes our experimental setup and
provides an analysis of the experimental results.

4.1 Experiment Setup

Evaluated Models. We evaluate the perfor-
mance of state-of-the-art foundation models on our
benchmark, including coding agents, proprietary
models, and open-source models spanning a
wide range of scales and reasoning capabilities.
The coding agents evaluated are Claude Code
(Sonnet 4.6) and Claude Code (Haiku 4.6) (An-
thropic, 2025). Proprietary models evaluated are
GPT-5.4 (OpenAI, 2026a), GPT-5.4-Mini (Ope-
nAI, 2026b), Claude-Sonnet-4.6 (Anthropic,
2026) and Gemini-3-Flash-Preview (Google
DeepMind, 2025). Open-source models include
Llama-3.1-8B-Instruct (Dubey et al., 2024),
Llama-4-Maverick-17B-128E-Instruct (Meta,
2025), Qwen2.5-Coder-7B-Instruct (Hui et al.,
2024), Qwen3-30B-A3B-Instruct-2507, Qwen3-
Coder-30B-A3B-Instruct, Qwen3-Coder-480B-
A35B-Instruct (Qwen, 2025), Qwen3.5-9B,
Qwen3.5-27B, Qwen3.5-35B-A3B, Qwen3.5-
122B-A10B, Qwen3.5-397B-A17B (Qwen,
2026), Gemma-4-E4B-it, Gemma-4-26B-
A4B-it, Gemma-4-31B-it (Google DeepMind,
2026), gpt-oss-20b, gpt-oss-120b (Agarwal
et al., 2025), MiniMax-M2.7 (Minimax, 2026),
Codestral-22B-v0.1 (Mistral AI, 2024), and
Seed-Coder-8B-Instruct (ByteDance Seed et al.,
2025). This selection covers both general-purpose
instruction/coding models and specialized
reasoning variants, accessed via standardized
serving backends (API or vLLM). Detailed model
specifications and versions are provided in Table 4.

Prompt Design. For each function completion
task, the model is provided with a prompt con-
taining the masked target function, its surrounding
code context, and supplementary materials derived
from the original paper, such as descriptive para-
graphs, relevant formulas, a summary of the func-
tion’s intended purpose, and key implementation
points. This prompt formulation ensures that the
model has sufficient scientific and contextual infor-
mation to generate code that faithfully implements
the algorithmic specifications described in paper.

Implementation Details. Upon receiving model-
generated function completions, we programmat-
ically replace the masked functions in the origi-
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Model Scientific Discipline Programming Language Overall
Phys. Earth Bio. Health SocSci CS Avg. Python C/C++ R Avg.

Human Performance

Human Oracle 100.0 100.0 80.0 100.0 100.0 80.0 93.3 90.0 100.0 100.0 96.7 93.3
Human Open-book 100.0 100.0 80.0 80.0 100.0 60.0 86.7 90.0 75.0 83.3 82.8 86.7
Human Closed-book 40.0 80.0 60.0 60.0 80.0 40.0 60.0 60.0 50.0 66.7 58.9 60.0

Coding Agents

Claude Code (Sonnet 4.6) 92.1 93.1 88.3 90.0 100.0 86.2 91.6 89.8 79.5 88.0 85.8 88.8
Claude Code (Haiku 4.6) 83.2 89.7 82.4 86.7 100.0 80.2 87.0 83.4 72.7 83.7 79.9 82.7

Proprietary Models

GPT-5.4 51.5 58.6 53.8 80.0 85.7 71.3 66.8 63.3 11.4 65.2 46.6 59.9
Claude-Sonnet-4.6 52.5 48.3 53.1 63.3 57.1 61.7 56.0 59.2 11.4 57.6 42.7 55.6
Gemini-3-Flash-Preview 48.5 55.2 47.9 60.0 42.9 61.7 52.7 53.9 11.4 65.2 43.5 52.6
GPT-5.4-Mini 45.5 48.3 45.5 60.0 71.4 65.9 56.1 53.9 13.6 60.9 42.8 52.1

Open-Source Models

Qwen3.5-397B-A17B 54.5 48.3 43.4 66.7 71.4 58.1 57.1 53.3 11.4 56.5 40.4 50.8
Qwen3-Coder-480B-A35B-Instruct 41.6 41.4 48.3 60.0 57.1 56.3 50.8 51.2 11.4 59.8 40.8 49.7
gpt-oss-120b 47.5 41.4 45.5 60.0 42.9 56.9 49.0 51.4 11.4 56.5 39.8 49.4
Llama-4-Maverick-17B-128E-Instruct-FP8 42.6 48.3 43.1 56.7 28.6 58.1 46.2 48.4 13.6 60.9 41.0 47.8
MiniMax-M2.7 40.6 51.7 45.2 63.3 57.1 52.7 51.8 49.0 11.4 58.7 39.7 47.8
Gemma-4-31B-it 40.6 41.4 44.1 56.7 42.9 55.7 46.9 48.6 11.4 56.5 38.8 47.1
Qwen3.5-122B-A10B 39.6 44.8 43.8 50.0 42.9 56.3 46.2 48.2 11.4 56.5 38.7 46.8
Qwen3.5-27B 43.6 48.3 42.4 70.0 42.9 51.5 49.8 47.1 11.4 60.9 39.8 46.6
Qwen3-Coder-30B-A3B-Instruct 40.6 44.8 41.0 60.0 71.4 55.1 52.2 46.9 13.6 57.6 39.4 46.2
gpt-oss-20b 39.6 41.4 42.4 63.3 28.6 52.7 44.7 46.9 9.1 55.4 37.1 45.5
Qwen3.5-9B 42.6 44.8 41.4 56.7 57.1 51.5 49.0 45.9 13.6 57.6 39.0 45.4
Gemma-4-26B-A4B-it 36.6 44.8 43.8 50.0 42.9 51.5 44.9 45.1 11.4 60.9 39.1 45.0
Qwen3.5-35B-A3B 42.6 41.4 42.8 53.3 28.6 47.3 42.7 45.1 9.1 56.5 36.9 44.2
Qwen3-30B-A3B-Instruct-2507 39.6 44.8 40.0 53.3 28.6 48.5 42.5 42.6 13.6 58.7 38.3 42.9
Codestral-22B-v0.1 31.7 44.8 38.6 40.0 28.6 41.9 37.6 38.3 13.6 52.2 34.7 38.6
Gemma-4-E4B-it 28.7 37.9 34.1 36.7 28.6 40.1 34.3 34.8 11.4 47.8 31.3 35.1
Qwen2.5-Coder-7B-Instruct 25.7 34.5 31.4 30.0 28.6 35.9 31.0 31.4 9.1 44.6 28.4 31.7
Seed-Coder-8B-Instruct 21.8 31.0 27.9 26.7 14.3 32.9 25.8 27.9 6.8 40.2 25.0 28.2
Llama-3.1-8B-Instruct 18.8 27.6 25.2 23.3 14.3 29.9 23.2 24.6 4.5 39.1 22.7 25.3

Table 3: Accuracy of models on the MMSciCode test sets using CoT prompts. Model performance is ranked based
on overall results. Phys. = Physical Sciences; Earth = Earth & Environmental Sciences; Bio. = Biological Sciences;
Health = Health Sciences; SocSci = Scientific Community & Society; CS = Computer Science.

nal project files, strictly preserving the structure
and dependencies. Each modified file is executed
within a pre-configured Docker container to en-
sure reproducibility and consistent runtime envi-
ronments. Comprehensive unit test suites are au-
tomatically run on the updated files, with outputs,
execution time, and resource utilization systemati-
cally recorded and compared to golden reference
implementations, yielding quantitative metrics for
correctness and performance. For all experiments,
we set the temperature to 1.0 and the maximum out-
put length to 8,192 tokens. For reasoning models,
the maximum output length is set to 16,384 tokens.
For coding agents (Claude Code), we invoke the
host-installed CLI with default model configura-
tions; temperature and token limits are managed
internally by the CLI and are not explicitly set.

4.2 Main findings

Table 3 presents the evaluated models’ performance
on the MMSciCode benchmark using CoT prompts,

while Figure 3 illustrates a comparison between
CoT reasoning and direct output prompt. Our key
findings are as follows:

Our benchmark remains highly challenging
for current foundation models, especially with-
out agentic execution. Despite rapid progress
in large language models, non-agentic founda-
tion models still fall far short of human expert
performance on MMSciCode. The best pro-
prietary model, GPT-5.4, achieves 59.9% over-
all function-level accuracy, while the strongest
open-source model, Qwen3.5-397B-A17B, reaches
50.8%. These results remain substantially below
human open-book performance (86.7%) and the
human oracle upper bound (93.3%), leaving gaps
of 26.8 and 33.4 percentage points, respectively,
for the best non-agentic model. Coding agents
close much of this gap: Claude Code (Sonnet 4.6)
achieves 88.8% overall accuracy, surpassing the hu-
man open-book setting but still trailing the oracle
upper bound by 4.5 percentage points. These re-
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Figure 3: Comparison of model performance between
CoT and direct output prompt.

sults suggest that MMSciCode requires more than
fluent code synthesis; strong performance depends
on sustained paper-grounded reasoning, faithful im-
plementation of scientific algorithms, and effective
interaction with executable environments.

Proprietary models retain the lead, but strong
open-source models are increasingly competi-
tive. Across all evaluated non-agentic models,
proprietary models achieve higher average over-
all accuracy than open-source models. The pro-
prietary models average 55.1% overall accuracy,
compared with 42.8% for open-source models,
yielding a 12.3 percentage-point gap. At the
model level, GPT-5.4 leads all non-agentic systems
with 59.9% overall accuracy, followed by Claude-
Sonnet-4.6 at 55.6%, Gemini-3-Flash-Preview at
52.6%, and GPT-5.4-Mini at 52.1%. The strongest
open-source model, Qwen3.5-397B-A17B, reaches
50.8%, approaching the lower end of the propri-
etary frontier. Other open-source models, including
Qwen3-Coder-480B-A35B-Instruct (49.7%), gpt-
oss-120b (49.4%), Llama-4-Maverick-17B-128E-
Instruct-FP8 (47.8%), and MiniMax-M2.7 (47.8%),
also deliver competitive performance. Neverthe-
less, coding agents form a distinct performance tier,
with Claude Code with Sonnet 4.6 and Haiku 4.6
reaching 88.8% and 82.7%, respectively.

Performance varies substantially across scien-
tific disciplines and programming languages.
Model accuracy differs markedly across both sci-
entific disciplines and programming languages.
Among proprietary models, GPT-5.4 achieves the
best overall performance and is especially strong

on Health Sciences (80.0%), Scientific Community
& Society (85.7%), and Computer Science (71.3%),
while Claude-Sonnet-4.6 slightly leads on Physi-
cal Sciences (52.5%). Among open-source mod-
els, Qwen3.5-397B-A17B performs best overall
and attains particularly strong results on Physical
Sciences (54.5%), Health Sciences (66.7%), Sci-
entific Community & Society (71.4%), and Com-
puter Science (58.1%). Across programming lan-
guages, C/C++ is the most severe bottleneck for
non-agentic models: even the best non-agentic
C/C++ score is only 13.6%, far below the corre-
sponding Python and R scores. By contrast, cod-
ing agents remain comparatively robust across lan-
guages, with Claude Code (Sonnet 4.6) achieving
89.8% on Python, 79.5% on C/C++, and 88.0%
on R. This uneven performance highlights the im-
portance of evaluating scientific code generation
across both disciplinary contexts and programming
languages, rather than relying on Python-centric or
single-domain benchmarks.

4.3 Error analysis

To better understand the strengths and limitations of
frontier foundation models, we conduct a human-
in-the-loop error analysis and case study, which
reveals the following primary error categories:

Environment and Execution Errors (33%).
Models generate code that is incompatible with
the target execution environment. Common fail-
ures include importing unavailable packages, call-
ing deprecated functions, using mismatched API
signatures, or assuming unsupported library ver-
sions. These errors show that LLMs still struggle
to follow runtime constraints and may hallucinate
plausible but non-functional library interactions.

Algorithmic Reasoning Errors (19%). These
errors reflect misunderstandings of the algorithms
described in the source papers. Models may im-
plement incorrect algorithmic logic, misinterpret
key steps, or fail to translate mathematical formu-
lations into executable procedures. Typical failures
include incorrect loop conditions, wrong control
flow, and missing components such as convergence
criteria or optimization updates. This category
highlights limitations in multi-step reasoning over
complex scientific algorithms.

Implementation Errors (18%). This category
covers local coding mistakes such as syntax er-
rors, type mismatches, incorrect variable usage,
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and logic bugs. Although often more superficial
than algorithmic reasoning failures, these errors
directly affect functional correctness. Common ex-
amples include off-by-one errors, wrong operators,
scope issues, and improper exception handling.

Data Structure and Schema Errors (14%).
Models frequently choose inappropriate data struc-
tures or misinterpret the schema, dimensionality,
or layout of scientific data. Since scientific compu-
tation often involves structured high-dimensional
inputs, such as time series, spatial grids, or hier-
archical records, these errors can invalidate down-
stream computation.

Domain Knowledge Errors (9%). These errors
arise from insufficient understanding of scientific
concepts and discipline-specific constraints. Mod-
els may violate physical conservation laws, ignore
biological plausibility constraints, misapply statisti-
cal assumptions, or misunderstand domain-specific
notation. This underscores the difficulty of integrat-
ing scientific expertise into code LLMs.

Others (7%). This category includes incomplete
solutions, misread problem requirements, numeri-
cal precision issues, hardcoded values that should
be parameterized, and failures on edge cases.

4.4 Why Coding Agents Perform Better

The large gap between coding agents and one-shot
prompting shows that MMSciCode evaluates not
only model reasoning, but also the ability to ground
implementations through executable feedback. On
MMSciCode, Claude Code (Sonnet 4.6) achieves
88.8% function-level accuracy, while the strongest
one-shot setting, GPT-5.4 with CoT prompting,
reaches 59.9%. The same trend appears within
the Claude family: Claude-Sonnet-4.6 improves
only slightly from direct prompting to CoT prompt-
ing, from 53.2% to 55.6%, whereas Claude Code
(Sonnet 4.6) reaches 88.8% as a coding agent. This
suggests that the main gain comes from the coding-
agent harness rather than from model scale or a
stronger single-pass reasoning trace.

Coding agents can verify and repair implemen-
tations through self-generated feedback. Cod-
ing agents do not access the held-out unit tests used
for final evaluation, which are reserved only for
scoring. Their advantage instead comes from cre-
ating auxiliary verification signals during problem
solving. They can write sanity checks, construct

toy inputs from paper formulas, test edge cases im-
plied by the function contract, run import and type
checks, and execute candidate implementations
locally. When these checks expose stack traces,
shape mismatches, numerical inconsistencies, or
invalid return structures, the agent can localize the
issue and revise the code.

Coding agents obtain stronger repository
grounding than prompt-only models. Although
our CoT prompt includes paper excerpts, the
masked source file, sibling functions, symbol map-
pings, and return contracts, it remains a compressed
view of the repository. Coding agents can inspect
additional context when needed, including adja-
cent files, helper functions, import definitions, type
declarations, and configuration files. This helps re-
solve details that are often underspecified in papers
or prompts, such as expected array shapes, object
fields, numerical conventions, and library-specific
behavior. In contrast, one-shot models must infer
these details from the prompt alone.

The main bottleneck is executable ground-
ing rather than longer reasoning alone. CoT
prompting can improve a single forward pass by
making reasoning more explicit, but it does not
provide external evidence that the implementation
satisfies the target environment. Coding agents
combine reasoning with tool use, execution feed-
back, and iterative repair. The gap between Claude-
Sonnet-4.6 with CoT prompting and Claude Code
(Sonnet 4.6) indicates that the dominant advantage
comes from this verification-and-revision loop.

5 Conclusion

We present MMSciCode, a high-quality, multilin-
gual, and multi-disciplinary benchmark designed
to evaluate the scientific research coding capa-
bilities of foundation models. Each example
in MMSciCode is meticulously annotated from
scratch by human experts. Our evaluation of 23
frontier foundation models and 2 coding agents
reveals that even the best-performing non-agentic
model, GPT-5.4, and the best coding agent, Claude
Code (Sonnet 4.6), still lag behind human experts.
Through comprehensive error analyses and case
studies, we uncover persistent challenges high-
lighted by MMSciCode, providing valuable in-
sights for advancing the research-driven scientific
coding abilities of future foundation models.

33988



Limitations

This work focuses on evaluating frontier models
for scientific research coding rather than propos-
ing new training methods to enhance model per-
formance on our tasks. Therefore, MMSciCode
provides diagnostic evidence about current model
capabilities, but does not directly study how dif-
ferent training strategies, data recipes, or optimiza-
tion methods affect scientific programming perfor-
mance. Moreover, our benchmark currently cov-
ers three programming languages: Python, C/C++,
and R. Although these languages are widely used
across scientific domains, other languages such as
MATLAB, Julia, and Fortran are also common in
specific research communities. As a result, our
findings may not fully generalize to all scientific
programming settings.
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A Experiment Setup

A.1 Configuration of Evaluated Models
Table 4 details the configuration of each evaluated
model. We use the default configurations provided
by the official implementations of all models. For
consistency, the decoding temperature is fixed at
1.0, with a maximum output length of 8,192 to-
kens for standard models and 16,384 tokens for
reasoning-oriented models across all experiments.
All inferences are conducted using either the offi-
cial API endpoints or local vLLM deployment for
most open-source models. Our experiments are re-
producible on a workstation equipped with multiple
NVIDIA A100 (80 GB) GPUs.

A.2 Chain-of-Thought and Direct Output
Prompts

A.2.1 Chain-of-Thought Prompt
Figure 4 illustrates the Chain-of-Thought prompt
used in the non-agentic one-shot evaluations, where
the model is guided to produce intermediate rea-
soning steps before generating the final solution
code.

A.2.2 Direct Output Prompt
Figure 5 illustrates the Direct Output prompt used
in the non-agentic one-shot evaluations, where the
model is asked to directly generate the final solu-
tion code without intermediate reasoning traces.
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Organization Model Release Version Reasoning? Serving
Backend

Proprietary Models

OpenAI GPT-5.4 2026-03 gpt-5.4 ✓ API
GPT-5.4-Mini 2026-03 gpt-5.4-mini ✓ API

Anthropic Claude-Sonnet-4.6 2026-02 claude-sonnet-4-6 ✓ API

Google Gemini-3-Flash-Preview 2025-12 gemini-3-flash-preview ✓ API

Open-Source Models

Meta Llama-3.1-8B-Instruct 2024-07 meta-llama/Llama-3.1-8B-Instruct ✗ vLLM
Llama-4-Maverick-17B-128E-Instruct-FP8 2025-04 meta-llama/Llama-4-Maverick-17B-128E-Instruct-FP8 ✗ API

Qwen

Qwen2.5-Coder-7B-Instruct 2024-09 Qwen/Qwen2.5-Coder-7B-Instruct ✗ vLLM
Qwen3-30B-A3B-Instruct-2507 2025-07 Qwen/Qwen3-30B-A3B-Instruct-2507 ✗ vLLM
Qwen3-Coder-30B-A3B-Instruct 2025-07 Qwen/Qwen3-Coder-30B-A3B-Instruct ✗ vLLM
Qwen3-Coder-480B-A35B-Instruct 2025-07 Qwen/Qwen3-Coder-480B-A35B-Instruct ✗ API
Qwen3.5-9B 2026-02 Qwen/Qwen3.5-9B ✓ vLLM
Qwen3.5-27B 2026-02 Qwen/Qwen3.5-27B ✓ vLLM
Qwen3.5-35B-A3B 2026-02 Qwen/Qwen3.5-35B-A3B ✓ vLLM
Qwen3.5-122B-A10B 2026-02 Qwen/Qwen3.5-122B-A10B ✓ vLLM
Qwen3.5-397B-A17B 2026-02 Qwen/Qwen3.5-397B-A17B ✓ API

Google
Gemma-4-E4B-it 2026-04 google/gemma-4-E4B-it ✓ vLLM
Gemma-4-26B-A4B-it 2026-04 google/gemma-4-26B-A4B-it ✓ vLLM
Gemma-4-31B-it 2026-04 google/gemma-4-31B-it ✓ vLLM

OpenAI gpt-oss-20b 2025-08 openai/gpt-oss-20b ✓ vLLM
gpt-oss-120b 2025-08 openai/gpt-oss-120b ✓ vLLM

MiniMax MiniMax-M2.7 2026-04 MiniMaxAI/MiniMax-M2.7 ✓ API

Mistral AI Codestral-22B-v0.1 2024-05 mistralai/Codestral-22B-v0.1 ✗ vLLM

ByteDance Seed-Coder-8B-Instruct 2025-05 ByteDance-Seed/Seed-Coder-8B-Instruct ✗ vLLM

Table 4: Details of the foundation models evaluated in MMSciCode.

Chain-of-Thought Prompt

SYSTEM
You are an expert research software engineer and computational scientist. Implement functions from peer-reviewed scientific papers rigorously: map
the paper’s notation to code, respect the exact signature and return contract, use only available imports or the standard runtime, and do not invent
behavior unsupported by the paper or codebase.

USER
# Paper-grounded function implementation ({LANGUAGE})
You are given a function-implementation task from a peer-reviewed paper, relevant paper excerpts, and the original source file with the target body
masked. Fill in the masked function body so that it realizes the paper algorithm.

## Paper metadata

• Title: {paper_title}
• Domain: {paper_subject}
• Language: {LANGUAGE}

## Paper excerpts
{paper_context}

## Target function: {function_name}

• Paper section: {paper_section}
• Description: {description}
• Paper quote: “{article_reference}”
• Formula: {formula}
• Symbol map: {key_terms_bullets}
• Signature: {signature_block}
• Return contract: {return_signatures_bullets}
• In-scope sibling functions: {siblings_bullets}

## Masked source
{masked_file_content}

## Your task
First reason through the implementation, then output the complete function code.
Phase 1 — Reasoning. Write inside <reasoning> tags. Cover: algorithm summary, paper-symbol-to-code-variable mapping, input/output
contract, edge cases, numerical or runtime constraints, and a concise execution plan.
Phase 2 — Implementation. After the reasoning block, return one fenced code block per target function, tagged as:
{LANGUAGE}:{function_name}.
Rules. Match the declared signature exactly; preserve return arity, ordering, and types; use only existing imports or the standard runtime; honor the
paper formula and symbol mapping; preserve required side effects; do not print, log, or add tests; after </reasoning>, output only the code
blocks.

Figure 4: Chain-of-thought prompt template for paper-grounded function completion. The template provides paper
metadata, excerpts, target-function context, return constraints, sibling functions, and masked source code, then
requires a structured reasoning phase before the final drop-in implementation.
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Direct Output Prompt

SYSTEM
You are an expert research software engineer and computational scientist. Implement functions from peer-reviewed scientific papers rigorously: map
the paper’s notation to code, respect the exact signature and return contract, use only available imports or the standard runtime, and do not invent
behavior unsupported by the paper or codebase.

USER
# Paper-grounded function implementation ({LANGUAGE})
You are given a function-implementation task from a peer-reviewed paper, relevant paper excerpts, and the original source file with the target body
masked. Fill in the masked function body so that it realizes the paper algorithm.

## Paper metadata

• Title: {paper_title}
• Domain: {paper_subject}
• Language: {LANGUAGE}

## Paper excerpts
{paper_context}

## Target function: {function_name}

• Paper section: {paper_section}
• Description: {description}
• Paper quote: “{article_reference}”
• Formula: {formula}
• Symbol map: {key_terms_bullets}
• Signature: {signature_block}
• Return contract: {return_signatures_bullets}
• In-scope sibling functions: {siblings_bullets}

## Masked source
{masked_file_content}

## Your task
Produce the complete implementation of every function listed above.
Rules. Match the declared signature exactly; preserve return arity, ordering, and types; use only existing imports or the standard runtime; honor the
paper formula and symbol mapping; preserve required side effects; do not print, log, or add tests.
Output format. Return one fenced code block per target function, tagged as: {LANGUAGE}:{function_name}. Only output the code blocks
— no prose, explanation, or extra text.

Figure 5: Direct output prompt template for paper-grounded function completion. The template provides paper
metadata, excerpts, target-function context, return constraints, sibling functions, and masked source code, then
requires the model to output only the final drop-in implementation.
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B Error Analysis

Figure 6: An error case of Environment and Execution Error.
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Figure 7: An error case of Algorithmic Reasoning Error.
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Figure 8: An error case of Implementation Error.
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Figure 9: An error case of Data Structure and Schema Error.
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