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Abstract

Achieving mastery in real-world software engi-
neering tasks is fundamentally bottlenecked by
the scarcity of large-scale, high-quality train-
ing data. Scaling such data has been limited
by the complexity of environment setup, unit-
test generation, and problem statement cura-
tion. In this paper, we propose Scale-SWE, an
automated, sandboxed multi-agent workflow
designed to construct high-quality SWE data at
scale. The system coordinates three specialized
agents—for environment setup, test creation,
and problem description synthesis—to process
6 million pull requests across 5.2k reposito-
ries, producing Scale-SWE-Data: 100k veri-
fied SWE instances, the largest such dataset
to date. It substantially surpasses existing
real-world datasets in repository diversity and
reflects realistic task complexity. We further
demonstrate the dataset’s utility for training by
distilling 71,498 high-quality trajectories and
fine-tuning Qwen-30B-A3B-Instruct to pro-
duce Scale-SWE-Agent. Our agent achieves a
64% resolve rate on SWE-Bench-Verified—a
nearly three-fold improvement over the base
model. Scale-SWE provides a scalable, repro-
ducible approach for data construction to ad-
vance LLM-based software engineering.

1 Introduction

Recently, LLM-based code agents have garnered
significant attention for their demonstrated po-
tential in tackling complex software engineering
(SWE) tasks (Anthropic, 2025b; Google, 2025;
OpenAl, 2025), as reflected in benchmarks like
SWE-bench (Jimenez et al., 2023) and its succes-
sors (Zhang et al., 2025). Yet the advancement of
these agents is fundamentally constrained by the
scarcity of high-quality training data. Unlike con-
ventional code generation, SWE tasks necessitate
operation within executable environments, requir-
ing agents to navigate existing codebases, manage
dependencies, and satisfy test suites. These inher-
ent complexities render the systematic curation and
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Figure 1: Resolved rate vs. activated model size on
SWE-bench-Verified. The vertical axis denotes the per-
centage of resolved issues on the SWE-bench-Verified
benchmark. The horizontal axis represents the number
of activated parameters in billions (B).

validation of appropriate data a significant chal-
lenge.

Current methodologies for constructing SWE-
style datasets predominantly rely on labor-intensive
manual curation (Pan et al., 2024) or on simplistic
LLM-based (Badertdinov et al., 2025) and rule-
based synthesis (Guo et al., 2025b). Consequently,
existing datasets are often limited in scale, diver-
sity, and difficulty, or lack the executable environ-
ments and comprehensive test suites. This limita-
tion persists despite the wealth of available real-
world software artifacts, including code reposito-
ries, issue trackers, and commit histories, which
remain largely untapped for building a scalable,
realistic dataset. The absence of systematic, auto-
mated mining techniques has thus produced a clear
disconnect between these raw software resources
and the creation of robust, large-scale training data.
This compelling need drives our work to develop an
automated and reproducible approach for dataset
construction.

However, automatically constructing SWE
datasets remains challenging. First, as repository
diversity increases, environment configuration be-
comes highly heterogeneous and fragile, making
many projects difficult to build even for experi-
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enced developers (Froger et al., 2025). Second,
many real-world repositories lack sufficient unit
tests. Although including such repositories is nec-
essary for reducing data bias and scaling dataset
construction, generating reliable tests requires inter-
active execution and iterative self-correction. Third,
many pull requests have missing, uninformative, or
task-unsuitable descriptions, making it difficult to
produce self-contained problem statements without
deep repository context.

To address these challenges, we introduce Scale-
SWE, an automated sandboxed multi-agent work-
flow for scalable, high-quality SWE dataset con-
struction. Scale-SWE coordinates three specialized
agents: an environment builder agent for creat-
ing isolated Docker environments, a unit-test cre-
ator agent for generating Pass-to-Pass (P2P) and
Fail-to-Pass (F2P) tests, and a problem statement
writer agent for synthesizing self-contained task
descriptions grounded in pull requests and tests.
By processing 6 million pull requests from 5,200
repositories, Scale-SWE produces 100,000 verified
instances, forming the largest SWE dataset to date.
The resulting Scale-SWE-Data surpasses prior real-
world datasets in repository diversity and captures
realistic software engineering complexity in both
code modifications and unit-test robustness.

To further demonstrate the utility of Scale-SWE-
Data for model training, we distill 71,498 high-
quality trajectories from a subset of 25,000 in-
stances using DeepSeek-V3.2. Fine-tuning Qwen3-
30A3B-Instruct on this distilled data yields our
Scale-SWE-Agent, which achieves a substantial
performance boost on SWE-Bench-Verified, in-
creasing the resolve rate from 22% to 64%. This
result underscores the effectiveness of our dataset
for training and enhancing LL.M-based code agents.

To summarize, our contributions are as follows:

* We introduce Scale-SWE, an automated, sand-
boxed multi-agent workflow for scalable, high-
quality software engineering dataset construction.
It systematically coordinates three specialized
agents for environment setup, unit-test genera-
tion, and problem description synthesis.

* We construct Scale-SWE-Data, the largest ver-
ified SWE dataset to date, comprising 100,000
real-world instances. It surpasses prior bench-
marks in repository diversity and task complex-
ity, supporting both evaluation and training for
LLM-based code agents.

* We distill 71,498 high-quality trajectories from

Scale-SWE-Data and fine-tune Qwen-30A3B-
Instruct to create Scale-SWE-Agent. The
agent substantially boosts performance on SWE-
Bench- Verified, achieving a 64% resolve rate—a
nearly three-fold improvement over the original
backbone.

2 Scale-SWE: Software Task Scaling

Scale-SWE uses a sandboxed multi-agent system to
autonomously construct SWE data from real-world
codebases. Each instance contains a Docker image,
a problem statement, and validation unit tests, in-
cluding Fail-to-Pass (F2P) and Pass-to-Pass (P2P)
tests. Compared with prior rule-based construc-
tion pipelines, our agent-based framework provides
greater flexibility by allowing agents to explore
repositories, resolve environment issues, and gen-
erate executable task components in an interactive
sandbox. This design supports scalable environ-
ment construction while reducing heuristic bias
from rigid filtering rules.

We first introduce the sandboxed multi-agent
system in Section 2.1, and provide the detailed data
processing pipeline in Appendix A.

2.1 Sandboxed Multi-agent System

To scale the construction of software engineering
tasks, we develop a sandboxed multi-agent sys-
tem that coordinates specialized agents to generate
SWE instances with fully integrated and executable
environments.

2.1.1 Overall Workflow

As shown in Figure 2, the system consists of three
specialized agents: the Environment Builder Agent
(EBA), the Unit-test Creator Agent (UCA), and the
Problem Statement Writer Agent (PSWA). EBA
builds reproducible Docker-based environments
from target repositories; UCA generates executable
F2P and P2P test suites from pull requests and
repository context; and PSWA synthesizes self-
contained problem statements grounded in the gen-
erated tests to ensure alignment with the validation
criteria. The system is built on SWE-agent (Yang
et al., 2024a) and powered by the DeepSeek lan-
guage model family (Liu et al., 2025) and Gemini3-
Pro (Google, 2025). We use DeepSeek v3.1 or v3.2
for task construction, except for PSWA, where we
use Gemini3-Pro.
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Figure 2: Overview of the sandboxed multi-agent system for Scale-SWE construction. Starting from large-scale
GitHub pull requests, specialized agents transform real-world PRs into executable software engineering tasks by
automating environment setup, unit-test generation, and problem statement synthesis.

2.1.2 Environment Builder Agent

The environment builder agent (EBA) automatically
constructs a reproducible Docker-based execution
environment for a target repository. By providing
an isolated and executable sandbox, EBA supports
scalable test construction and validation for soft-
ware engineering tasks.

Role Formulation. EBA transforms a generic
Docker environment into a repository-specific run-
time container:

Dﬁnal = EBA(R, Dinit)a (1)

where R is the input repository, Diyi; is the base
Docker image, and Dy is the resulting functional
container image with the required dependencies
and configurations.

Construction Process. EBA starts from a base
Docker container with the cloned repository and
autonomously inspects its structure and configu-
ration files, such as setup.py, pyproject.toml,
and README .md, to infer dependencies and setup
requirements. Because Python repositories lack a
universal installation protocol, static rules such as
predefined pip install commands are often insuf-
ficient. EBA instead interprets repository-specific
documentation, executes installation commands,
observes terminal feedback, and iteratively resolves
dependency conflicts. Finally, we extract the ex-
ecuted commands from the agent trajectory and
use an LLM to synthesize them into a reproducible
Dockerfile.

2.1.3 Unit-test creator agent

The unit-test creator agent (UCA) automatically
constructs executable unit tests from target reposito-
ries and their associated pull requests. By combin-
ing semantic PR information with dynamic repos-
itory feedback, UCA enables the scalable gener-
ation of validated Fail-to-Pass (F2P) and Pass-to-
Pass (P2P) tests for reliable software engineering
task evaluation.

Role Formulation. Given a pull request and
its repository context, UCA generates a set of exe-
cutable unit tests:

U = UCA(M, R, Dinal), 2

where M denotes the pull request metadata, in-
cluding the title, description, and diff patches; R
is the corresponding source repository; Dfpg is
the functional Docker environment produced by
EBA; and U/ is the generated test suite. Following
the SWE-bench protocol, we categorize tests into
Fail-to-Pass (F2P) tests, which fail on the original
codebase and pass after the correct patch, and Pass-
to-Pass (P2P) tests, which should remain passing
to detect regressions.

Construction Process. Since many GitHub
repositories lack sufficient test coverage, construct-
ing both F2P and P2P tests is essential for building
valid SWE task instances. UCA first analyzes the
PR title, description, and diff patches to infer the
intent and scope of the code change. It then ex-
plores the repository to understand its structure,
key modules, program logic, and dependencies.

Effective test generation requires more than
static code understanding: the agent must also
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validate behavior involving cross-file interactions,
data flow, exceptions, and edge cases. Therefore,
UCA operates inside the sandboxed Docker envi-
ronment Dgp,, Where it can execute proposed tests
and observe runtime feedback. Through an itera-
tive execute-analyze-refine loop, UCA revises test
logic, assertions, and fixtures until it obtains robust
and executable test suites.

2.1.4 Problem Statement Writer Agent

The problem statement writer agent (PSWA) auto-
matically synthesizes high-quality, self-contained
task descriptions from raw pull requests and their
associated test suites. By grounding each descrip-
tion in executable unit tests, PSWA ensures seman-
tic alignment between the task specification and the
validation criteria, producing well-posed software
engineering tasks.

Role Formulation. PSWA generates a formal,
leakage-free problem statement from PR metadata
and the corresponding test suite:

S = PSWA(M,U, R, Dfna), 3)

where M denotes the PR metadata, including the
title, description, and diff patches; I/ is the exe-
cutable unit-test suite generated by UCA; R is the
associated source repository; Dgpg 1S the functional
Docker environment produced by EBA; and S is
the resulting problem statement. The generated
statement describes the issue and required behavior
while remaining consistent with the unit tests and
avoiding implementation-level leakage.

Construction Process. Using raw PR descrip-
tions directly as problem statements is unreliable:
they are often written after the fix, may expose
solution details, reference internal artifacts, or be
missing entirely. To address this, PSWA takes both
PR metadata and UCA-generated executable tests
as input. Including the tests is essential because
F2P tests may require functions, classes, or behav-
iors absent from the original codebase; the problem
statement must specify these requirements to make
the task solvable. Without such grounding, PR-only
descriptions can diverge from the actual failures
evaluated by the tests.

PSWA therefore synthesizes a coherent and self-
contained task narrative that specifies the expected
behavior, required interfaces, and necessary context
for an external solver, while deliberately omitting
implementation hints. This enables scalable con-
struction of SWE-bench-style tasks that are seman-
tically precise and evaluation-ready. In our imple-

mentation, we use Gemini3-Pro for PSWA, as our
experiments show that it produces more consistent
and rigorous problem statements with substantially
less information leakage.

2.2 Dataset Statistics and Trajectory
Distillation

Our agent-based construction pipeline produces
100k successfully verified instances, making Scale-
SWE the largest verified SWE benchmark to date.
Built entirely from 5.2k real GitHub repositories,
Scale-SWE offers substantially broader repository
diversity than prior SWE benchmarks, as shown in
Table 3. Compared with the next largest real-world
benchmark, SWE-rebench with 3.5k repositories,
Scale-SWE increases repository coverage by 50%,
better reflecting the complexity and heterogeneity
of real-world software engineering tasks.

Table 2 summarizes the statistical characteris-
tics of Scale-SWE. The dataset contains non-trivial
tasks: the median instance requires modifying at
least 3 files and adding 43 lines of code. For evalu-
ation robustness, each instance includes over 200
Pass-to-Pass (P2P) tests on average (median: 68),
providing strong regression protection, together
with 5.69 Fail-to-Pass (F2P) tests on average to
verify issue-specific correctness.

To construct the training corpus, we distill agent
trajectories from 25k instances using DeepSeek-
V3.2 as the expert model. For each instance, we
perform five independent sampling trials with tem-
perature 0.95 and a maximum budget of 100 in-
teraction turns. A trajectory is retained only if its
final submission passes all unit tests. This pro-
cess yields 71k high-quality trajectories, totaling
approximately 3.5B tokens. For fair comparison,
we apply the same trajectory collection pipeline to
SWE-Smith and SWE-Gym.

Figure 3 shows the superior defect diversity of
Scale-SWE. Synthetic datasets such as SWE-Smith
are heavily biased toward Logic Errors and under-
represent defect types common in large codebases,
such as API Mismatches and State Synchroniza-
tion issues. SWE-Gym, although sourced from real
repositories, has limited variety because it covers
only 11 repositories.

In contrast, Scale-SWE exhibits a balanced dis-
tribution across all ten bug categories. By scaling
to 5.2k real repositories and using an automated
environment-building pipeline, Scale-SWE cap-
tures a broad spectrum of defects, ranging from
Constructor errors to Security flaws. These results
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Table 1: Performance comparison on SWE-bench-Verified. We categorize models into proprietary systems, open-
source methods, and size-matched baselines.

Models Base Model SWE-bench (V)
Proprietary Models
GPT-5.2 Thinking (OpenAl, 2025) - 80.0
Claude Sonnet 4.5 (Anthropic, 2025a) - 77.2
Gemini 3 Pro (Google, 2025) - 76.2
MiniMax-M2.1 (MiniMax Al, 2025) - 74.0
GLM-4.7 (Zhipu Al 2025) - 73.8
DeepSeek-V3.2 (Liu et al., 2025) - 73.1
Kimi K2 Thinking (Team et al., 2025a) - 71.3
Open Source Methods
SWE-Gym-32B (Pan et al., 2024) Qwen-2.5 coder 20.6
SWE-Fixer-72B (Xie et al., 2025) Qwen2.5-72B 32.8
R2E-Gym-32B (Jain et al., 2025) Qwen-2.5-Coder 344
SWE-rebench-72B (Golubev et al., 2025) Qwen2.5-72B-Instruct 39.0
SWE-smith-32B (Yang et al., 2025a) Qwen2.5-32B 40.2
SWE-RL (Wei et al., 2025) Llama3-70B 41.0
Skywork-SWE-32B (Zeng et al., 2025) Qwen2.5-Coder-32B-Instruct 47.9
SWE-Mirror-LM-32B (Wang et al., 2025a) Qwen2.5-Coder-32B-Instruct 52.2
SWE-Lego-32B (Tao et al., 2026) Qwen3-32B 52.6
KAT-Dev-32B (Zhan et al., 2025) - 62.4
Models of the same size
Qwen3-30B-A3B-Instruct (Team, 2025) - 22.0
Qwen3-Coder-30B-A3B-Instruct (Team, 2025) - 51.6
GLM-4.7-Flash-30A3B (Zhipu Al, 2026) - 59.2
Our Model
Scale-SWE-Agent Qwen3-30B-A3B-Instruct 64.0
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Figure 3: Distribution of bug categories across different datasets. The bar chart compares the percentage of ten
bug types within SWE-bench-Verified, SWE-Gym, SWE-smith, and Scale-SWE. The categories are defined as:
API Mismatch (incompatible signatures or parameter errors); Logic Error (flawed conditionals or control flow);
Input/Boundary (edge case mishandling or validation failures); Constructor (object initialization errors); Import
Error (missing modules or undefined symbols); State Sync (inconsistent internal state); Mutability (unintended side
effects); Spec Violation (non-compliance with protocols); I/O Resource (file system or stream errors); and Security
(improper scoping or access control).

show that large-scale repository coverage and exe-  producing training data that faithfully reflects real-
cutable environment construction are essential for ~ world software evolution.
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Table 2: Detailed statistics of the Scale-SWE dataset.
We report the mean and percentiles (P50, P75, P95) for
code modification metrics and test case distributions.

Metric Mean P50 P75 P95
Modified Files 64 3.0 6.0 18.0
Deleted Lines 54.9 1.0 10.0 119.0
Added Lines 220.8 43.0 120.0 595.0
Edited Lines 37.0 6.0 200 108.0
Total Changes 312.7 63.0 167.0 867.0
Fail-to-Pass 5.7 2.0 5.0 15.0
Pass-to-Pass 209.0 68.0 178.0 793.0
Total tests 2147 72.0 185.0 801.7

We adopt the bug taxonomy proposed in BugPi-
lot (Sonwane et al., 2025) and employ DeepSeek
v3.2 to automatically annotate the training in-
stances.

3 Experiments

3.1 Experiment Setup

Agent Scaffolding. We employed Open-
Hands (Wang et al., 2025b), an open-source, event-
driven platform, as the unified agent framework
for all experiments. OpenHands facilitates LLM
agents to iteratively edit files, execute shell com-
mands, and browse the web within sandboxed con-
tainers. We selected this framework due to its
proven ability to establish robust and reproducible
baselines on benchmarks such as SWE-Bench.

Agent Post-training. We perform post-training
on the Qwen3-30B-A3B-Instruct (Team, 2025)
base model. The training process is configured
with a learning rate of le-5, a batch size of 128,
and a warmup ratio of 0.05, supporting a maximum
context length of 131,072. Also, we apply loss
masking to restrict loss computation solely to assis-
tant turns that result in well-formed actions (Team
et al., 2025b; Chen et al., 2025).

Evaluation Benchmarks and Metrics
Our evaluation is conducted on SWE-bench-
Verified (Chowdhury et al., 2024), a benchmark
comprising 500 high-quality, human-curated
Python software issues. We report the Resolved
Rate (%), representing the proportion of instances
for which the model generates a correct solution.
Notably, although the models were trained with
a sequence length of 131,072, we extended the
context limit to 262,144 during inference to handle
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Figure 4: Comparison of distillation data statistics
across different datasets. We show the probability den-
sity functions for (top) total token count and (bottom)
the number of tool-call turns.

larger inputs.

3.2 Experiment Results

Evaluation on SWE-bench-Verified. As shown in
Table 1, the Scale-SWE Agent demonstrates supe-
rior performance on the SWE-bench-Verified. First,
regarding the impact of our scaling strategy, Scale-
SWE Agent achieves a remarkable 42.0% absolute
improvement over its base model, Qwen3-30B-
A3B-Instruct, boosting the pass rate from 22.0%
to 64.0%. Second, in comparison to models of
the same size, our method significantly outper-
forms strong competitors, including Qwen3-Coder
(51.6%) and GLM-4.7-Flash (59.2%). Further-
more, Scale-SWE Agent exhibits exceptional effi-
ciency, surpassing models with significantly larger
parameter counts, such as SWE-RL (Llama3-70B)
and SWE-Fixer-72B. Notably, it also exceeds the
previous state-of-the-art open-source method, KAT-
Dev-32B (62.4%), and outperforms recent special-
ist models like SWE-Mirror and SWE-Lego by a
margin of over 11%. These results validate the
effectiveness of scaling up SWE-style data for en-
hancing software engineering capabilities.
Evaluation on SWE-bench-Pro We further
evaluate the models trained on Scale-SWE using
the SWE-bench-Pro (Deng et al., 2025) bench-
mark. To ensure a fair comparison, all evaluated
models share the same 30B-A3B parameter size
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Table 3: Comparison of Scale-SWE with existing software engineering (SWE) benchmarks. We contrast datasets
across key dimensions: the number of executable instances—defined as those equipped with a Dockerized environ-
ment and validated via Fail-to-Pass (F2P) and Pass-to-Pass (P2P) tests—primary data source, repository diversity,

and trajectory count.

Dataset Exec. instances Primary Source Repo. Traj.
R2E-Gym (Jain et al., 2025) 4.6k Synthetic 10 3.3k
SWE-Gym (Pan et al., 2024) 2.4k Real 11 491
SWE-smith (Yang et al., 2025a) 50k Synthetic 128 5k
SWE-Mirror (Wang et al., 2025a) 60k Synthetic 40 12k
SWE-rebench (Badertdinov et al., 2025) 7.5k Real 3.5k N/A
Scale-SWE 100k Real 52k 71k

and are tested uniformly within the OpenHands
framework. In addition to DeepSeek v3.2, we also
explore trajectory distillation using the more ad-
vanced DeepSeek v4 High, from which we distilled
17k trajectories. As shown in Table 4, models fine-
tuned with Scale-SWE demonstrate substantial im-
provements. Notably, Scale-SWE (DeepSeek v4
High) achieves the best performance at 43.9%, out-
performing the baseline Qwen3-30B-A3B-Instruct
(8.5%) and GLM-4.7-Flash (22.6%) by a signifi-
cant margin. Furthermore, compared to Scale-SWE
(DeepSeek v3.2) at 32.7%, leveraging a stronger
teacher model yields an 11.2% absolute gain, indi-
cating that the quality of the teacher model during
trajectory distillation plays a crucial role in enhanc-
ing downstream SWE performance.

Table 4: Performance comparison on SWE-bench-Pro.

SWE-Pro
Model (python)
Qwen3-30B-A3B-Instruct 8.5
GLM-4.7-Flash 22.6
Scale-SWE (DPSK v3.2) 32.7
Scale-SWE (DPSK v4) 43.9

Performance with respect to training set size.
To investigate the impact of data scaling on model
performance, we evaluate models trained with vary-
ing numbers of trajectories. As illustrated in Ta-
ble 5, there is a clear positive correlation between
the training set size and the SWE-Bench-Verified
score. Starting from a score of 50.8 with 2k trajec-
tories, increasing the data volume to 10k yields a
significant performance boost of 7.4 points, reach-
ing 58.2. Furthermore, scaling the dataset up to
71k trajectories continues to improve the model’s

capabilities, achieving a score of 64.0. These re-
sults demonstrate the crucial role of data volume
in enhancing the model’s software engineering pro-
ficiency and indicate that expanding high-quality
trajectories consistently translates to stronger down-
stream performance.

Table 5: Impact of training set size on SWE-Bench-
Verified performance.

# of Trajs. SWE-Bench(V)
2k 50.8
10k 58.2
71k 64.0

Ablation on problem statement.The problem
statement is a vital component of SWE data. The
quality of problem statements in the training data
can significantly affect a model’s performance, as
demonstrated in Table 6. To ensure a consistent
evaluation, we distilled 2,000 trajectories for each
model in this experiment. Case studies reveal
that problem statements generated by GPT-5 and
DeepSeek v3.2 can inadvertently leak solution in-
formation. Additionally, other cases exhibit poor
consistency with F2P, indicating that these gener-
ated statements fail to provide sufficient informa-
tion for code agents to effectively solve SWE tasks.
Meanwhile, Gemini 3-pro demonstrates the best
instruction-following ability in problem statement
generation.

Evaluation with other datasets. To assess the
effectiveness of Scale-SWE against existing alter-
natives, we apply the same distillation and SFT
pipeline to SWE-Gym and SWE-Smith. As shown
in Table 7, Scale-SWE substantially outperforms
both baselines on SWE-bench-Verified. Notably,
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Table 6: Performance comparison of problem statement
generation models.

Problem Statement

Generation Model ' - Pench-Verified

Gemini 3-pro 50.8
GPT-5 44.4
DeepSeek v3.2 43.6

SWE-Smith, despite containing more instances
than SWE-Gym, achieves slightly lower perfor-
mance. This suggests diminishing returns from
purely synthetic data and highlights the importance
of high-fidelity real-world training data.

Figure 4 further compares the distributions of in-
teraction turns and token counts. Scale-SWE trajec-
tories require more turns for repository exploration
and iterative debugging, indicating that Scale-SWE
contains more complex and challenging software
engineering tasks.

Table 7: SFT performance comparison on SWE-bench-
Verified. All models are fine-tuned using the same dis-
tillation pipeline for fair comparison.

Dataset Name SWE-bench-Verified

SWE-Gym 54.8
SWE-Smith 54.6
Scale-SWE 64.0

4 Related Work

SWE Benchmarks. Since the introduction of
SWE-bench (Jimenez et al., 2023), which es-
tablished real-world GitHub issue resolution as
a standard evaluation setting, and SWE-bench-
Verified (Chowdhury et al., 2024), which fur-
ther improves evaluation reliability through hu-
man verification, a growing number of bench-
marks have been proposed to assess broader soft-
ware engineering capabilities. SWE-bench Multi-
modal (Yang et al., 2024b) incorporates visual in-
formation such as screenshots and interface specifi-
cations, while Multi-SWE-bench (Zan et al., 2025),
SWE-PolyBench (Rashid et al., 2025), and Omni-
GIRL (Guo et al., 2025a) extend repository-level
issue resolution across diverse programming lan-
guages and software ecosystems. SWE-Bench
Pro (Deng et al., 2025) introduces substantially
more complex and long-horizon software engi-

neering tasks, while BeyondSWE (Chen et al,,
2026b) further expands evaluation beyond single-
repository bug fixing to broader resolution and
knowledge scopes.

Beyond issue resolution, NL2Repo-Bench (Ding
et al.,, 2025) evaluates the ability of coding
agents to construct complete repositories from
natural-language specifications, while Alnstein-
Bench (Duston et al., 2025) targets software engi-
neering in scientific computing repositories that re-
quire specialized domain knowledge. Other bench-
marks focus on specialized engineering capabil-
ities: SWE-fficiency (Ma et al., 2025) evaluates
runtime optimization on real repositories and work-
loads, whereas GSO (Shetty et al., 2025) assesses
agents on challenging repository-level software op-
timization tasks. Collectively, these benchmarks
constitute an increasingly comprehensive evalua-
tion ecosystem for measuring the multifaceted ca-
pabilities required for autonomous software engi-
neering.

SWE Datasets. High-quality data is pivotal for
enhancing the programming capabilities of Large
Language Models (LLMs). Recently, there has
been a surge in repository-level software engineer-
ing datasets aimed at addressing complex coding
tasks. Efforts to scale up SWE task instances
generally fall into two categories. One line of
work, including R2E-Gym (Jain et al., 2025), SWE-
smith (Yang et al., 2025a), and SWE-Mirror (Wang
et al., 2025a), attempts to scale up training data
through synthetic generation. Conversely, other
works focus on mining real-world issues; for in-
stance, SWE-Gym (Pan et al., 2024) constructed
2,400 executable instances restricted to 11 reposito-
ries, while SWE-rebench (Badertdinov et al., 2025)
further expanded this collection to 7,500 executable
instances.

SWE Models and Agents. Recent advance-
ments have introduced powerful models special-
ized for SWE tasks (Tang et al., 2026; Chen et al.,
2026a). SWE-RL (Wei et al., 2025) improves
software-engineering reasoning through reinforce-
ment learning on large-scale software evolution
data, while SWE-Swiss (He et al., 2025) combines
multi-task supervised fine-tuning and reinforce-
ment learning to enhance localization, repair, and
test-generation capabilities. Kimi-Dev (Yang et al.,
2025b) leverages agentless training to acquire trans-
ferable skills such as code localization, editing, and
self-reflection, whereas KAT-Coder (Zhan et al.,
2025) adopts multi-stage agentic post-training to
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strengthen reasoning, tool use, and repository-level
software development capabilities. In parallel,
agent frameworks provide effective scaffolds for
interacting with real development environments.
SWE-agent (Yang et al., 2024a) introduces spe-
cialized agent—computer interfaces for repository
navigation, code editing, and test execution, while
Mini-SWE-Agent provides a substantially simpli-
fied, lightweight scaffold centered on shell-based
interactions. OpenHands (Wang et al., 2025b) of-
fers a general-purpose platform that enables agents
to edit code, execute commands, and interact with
development tools, and MOpenHands (Zan et al.,
2025) extends the OpenHands framework to sup-
port multilingual repository-level issue resolution.

5 Conclusion

In this work, we introduced Scale-SWE, a sand-
boxed multi-agent framework for automatically
constructing large-scale, high-quality software en-
gineering data with executable environments. With
multi-agents for environment setup, unit-test gener-
ation, and task description synthesis, we processed
six million real-world pull requests and produced
Scale-SWE-Data, a 100k-instance dataset that sur-
passes existing datasets in scale and repository di-
versity.

We further demonstrated its practical value by
distilling high-quality trajectories and fine-tuning
Qwen3-30B-A3B-Instruct to create Scale-SWE-
Agent, which improves the resolve rate on SWE-
Bench-Verified from 22% to 64%. These results
highlight the quality and utility of our data for train-
ing stronger code agents.

Overall, Scale-SWE provides a scalable ap-
proach to SWE-style dataset construction and an
open-access resource for advancing LLM-based
software engineering agents.

Limitations

The current release of Scale-SWE-Data is primar-
ily centered on Python repositories. We make this
choice because Python is one of the most widely
used languages in open-source development and
exhibits substantial ecosystem diversity, including
varied dependency managers, build systems, test-
ing conventions, and runtime environments. As a
result, Python already provides a broad and chal-
lenging testbed for evaluating the scalability and
robustness of our sandboxed multi-agent construc-
tion pipeline.

Nevertheless, the proposed framework is not in-
herently tied to Python. Its core components, in-
cluding environment construction, unit-test gener-
ation, and problem statement generation, rely on
repository-level exploration and executable feed-
back rather than language-specific rules. We there-
fore view extending Scale-SWE-Data to additional
programming languages as a natural and impor-
tant direction for future work, which would further
enhance dataset diversity and provide additional
evidence for the generality of our data construction
methodology.

Ethical Considerations

Scale-SWE is constructed from publicly available
GitHub repositories and pull requests. We use these
artifacts for research on training software engineer-
ing agents, and will release the dataset with source
attribution and in accordance with repository li-
censes. Users of Scale-SWE should follow the
licenses, terms, and usage norms of the original
projects. Scale-SWE is intended to support the
development of more capable and reliable coding
agents through large-scale, realistic software engi-
neering tasks.
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A Scale-SWE workflow details.
A.1 Scale-SWE workflow Overview.

Repository Selection. To assemble a comprehen-
sive and high-quality corpus, we sourced repos-
itories from two primary channels, illustrated in
Figure 5. First, we identified the repositories corre-
sponding to the top 15,000 most-downloaded pack-
ages on the Python Package Index (PyPI), using
data from Top PyPI Packages. Second, to cap-
ture notable projects beyond PyPI, we queried the
SEART search engine with the following criteria:
primary language as Python, a minimum of 5 con-
tributors, at least 500 stars, and a creation date
between January 1, 2015, and October 29, 2025.
This query returned 9,062 repositories. The ini-
tial union of these two sources yielded approx-
imately 23,000 candidate repositories. We then
applied a multi-stage filtering pipeline. First, to
prevent data leakage from the evaluation bench-
mark, we excluded all PRs originating from repos-
itories listed in SWE-bench-Verified. Second, we
filtered to include only repositories with permissive
open-source licenses. Finally, recognizing that a
subset of repositories might be GPU-dependent,
tutorial-based, or contain minimal source code, we
performed a content-based filter. We extracted the
README files from all remaining candidates and
employed an LL.M-as-a-judge approach to automat-
ically exclude repositories deemed unsuitable for
training.

Pull Request Filtering. We next extracted all
pull requests merged into the “main” or “master’
branches of the filtered repositories, resulting in
a preliminary set of 6 million entries. To ensure
quality, we utilized an LLM-as-a-judge to filter low-
quality instances based on the available metadata:
the git diff, the pull request description, and the
merge commit message.

Rule-based Check. We implemented a rigor-
ous filtering protocol based on test outcomes. We
retained only those instances where: (1) all P2P
tests pass and F2P tests fail on the original buggy
codebase; and (2) all P2P and F2P tests pass upon
application of the golden patch.

Expert Check. We engaged four senior Ph.D.
students to manually audit 100 randomly sampled
instances employing a cross-validation protocol.
The audit confirmed that 94 instances were valid,
featuring correct environments, unit tests, and prob-
lem statements. Nevertheless, the audit of 100
randomly sampled instances provided useful in-

B

sights: four of the six invalid cases were caused
by overly strict F2P tests, while the remaining two
resulted from insufficient-quality pull requests. We
attribute this high quality to three key factors: (1)
We leveraged state-of-the-art models (e.g., Gemini
3 Pro) to synthesize accurate problem statements;
(2) We employed an LL.M-as-a-Judge approach to
preemptively discard low-quality repositories and
pull requests; and (3) We enforced a fixed execu-
tion order for P2P and F2P tests to prevent test
pollution, where varying execution orders could
otherwise lead to inconsistent results due to envi-
ronment contamination.

Efficiently Scaling Environmental Diversity.
While constructing a dedicated environment per
pull request (PR) is straightforward, it is computa-
tionally prohibitive for large-scale evaluation. To
scale across a diverse set of repositories, we sample
at most ten PRs per repository for full environment
construction via the EBA. This sampling strategy
enables broader repository coverage while control-
ling resource costs. Note that ten PRs do not yield
only ten task samples; multiple PRs can share the
same environment if they originate from a similar
runtime state, resulting in significantly more test
samples than uniquely built environments. Specif-
ically, for the remaining PRs, we execute tests in
the “nearest” available Docker environment, de-
termined by proximity in PR ID (as a proxy for
repository timeline). If a PR fails the unit tests
within its nearest available environment, it is dis-
carded from the final dataset. Otherwise, the PR
and its associated pre-established environment are
retained as a valid test instance. On average, each
repository contributes 19 test instances (see Ta-
ble 3), dramatically improving environment reuse
and overall dataset diversity.

B Scale-SWE Task Instance Structure

The structure of a Scale-SWE task instance closely
adheres to the SWE-bench standard, with a nec-
essary adaptation to accommodate synthetic data.
Specifically, since original developer-written “fail-
to-pass” (F2P) tests are not available for all mined
instances, we include a field for F2P scripts gener-
ated by our unit-test creator agent. A Scale-SWE
task instance consists of the following fields:

C Implementation Details

The hyperparameters for SFT are detailed in Table
9.
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Figure 5: Schematic workflow for automated Scale-SWE task synthesis. From an initial pool of 23k repositories
and 6M pull requests, the pipeline utilizes LLM-as-a-judge to filter for quality and relevance. The selected 1M
pull requests are then transformed into formal software engineering task instances via a sandboxed orchestration of

specialized agents responsible for environment building, test creation, and statement writing.

D Anti-hack Strategy

During the evaluation phase, it is imperative to
prevent the model from exploiting git commands
(e.g., git log —all) to access ground truth solu-
tions (Xiao et al., 2026). To address this, we exe-
cute a sanitization script immediately after initial-
izing the task environment. This process, system-
atically removes metadata that follows the task’s
parent commit. It performs a hard reset, deletes all
remote references and tags, and purges internal git
files (e.g., logs/, packed-ref's, and various HEAD
files), thereby eliminating any trace of future solu-
tion history. We implement an anti-leak strategy
to prevent the LLM from accessing ground truth
solutions via Git history (e.g., using commands like
git log —all). The sanitization script is executed
immediately after initializing the environment con-
tainer.

E Prompts in Scale-SWE workflow

Prompt for repository filter. To ensure that the
collected repositories are suitable for training soft-
ware engineering abilities, we apply an LLM-based
repository filtering step. Specifically, we use the
prompt shown in Figure 7 to classify each repos-
itory based on its README content. The filter
removes repositories that are unlikely to provide
meaningful SWE training signals, thin API wrap-
pers, documentation-only or non-code repositories,

and educational or trivial examples. We retain
repositories that contain substantial internal soft-
ware logic, such as complex utility libraries, back-
end frameworks, compilers, interpreters, database
systems, algorithm libraries, network protocol im-
plementations, or file-system-related projects.

Prompt for pull request filter. After repository-
level filtering, we further filter pull requests to re-
move instances that do not provide useful super-
vision for training coding abilities. As shown in
the prompt below, we classify each pull request
based on its title, description, merge commit mes-
sage, and code diff. We filter out PRs that only
contain documentation updates, comment changes,
formatting changes, trivial constant or configura-
tion modifications, dependency lock-file updates,
or auto-generated artifacts. We retain PRs that in-
volve substantive changes to code logic, including
bug fixes, feature additions, refactoring, and opti-
mization. Detailed prompt can be seen in Figure 8.

Prompt for environment builder agent. We
use an environment builder agent to automatically
construct executable environments for the collected
repositories. As shown in Figure 9, the agent is
instructed to install and configure the repository
within a pre-existing Ubuntu 22.04 + Miniconda
base environment. It first inspects standard instal-
lation files such as README, CONTRIBUTING,
setup.py, pyproject.toml, requirements.txt, or envi-
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Field

Description

instance_id

Unique identifier for the instance, formatted as {user}_{repo}_pr{id}.

Programming language of the codebase, currently Python.
Working directory path within the evaluation environment.

Ground-truth patch, or Golden Patch, from the corresponding pull request.

user Owner of the GitHub repository.

repo Name of the GitHub repository.

language

workdir

image_url URL of the pre-built Docker image for the task.
patch

pr_commit Commit hash of the pull request.

parent_commit
fix.
problem_statement
f2p_patch
f2p_script
f2p_patch is absent.
FAIL_TO_PASS
PASS_TO_PASS
tests.

Commit hash of the parent commit, corresponding to the base state before the

Issue description that conveys the bug and is provided to the model as input.
Developer-written test patch containing tests that fail before the fix, if available.
Synthetic reproduction script generated by our unit-test creator agent, used when

List of unit tests that fail on the buggy version but pass after the fix.
List of unit tests that pass in both the buggy and fixed versions, used as regression

github_url
pre_commands

URL of the original GitHub repository.

Commands executed immediately upon entering the container to revert future

commit information and prevent data leakage.

Table 8: Data fields for each instance in Scale-SWE.

Table 9: Key hyperparameters in the SFT phase.

Hyperparameter Value
Learning Rate le-5

Base model Qwen3-30B-A3B
Batch size 128
Maximum Context Length 131,072
Warmup ratio 0.05

LR scheduler type Cosine
Epoch 3

ronment.yml, then installs the required Python and
system dependencies using conda, pip, and apt-get
when necessary. The agent verifies the environment
by running the repository tests with an extended
timeout, fixes dependency-related failures until the
tests pass, and finally records the exact package
versions using pip freeze. To avoid contaminat-
ing the repository content, the agent is explicitly
prohibited from modifying source files and must re-
solve environment issues only through dependency
installation and configuration.

Prompt for unit-test creator agent. After the
repository environment is successfully constructed,
we deploy a unit-test creator agent to generate pull-
request-specific fail-to-pass tests. As shown in
Figure 10, the agent is given the repository name,
merge commit, generated problem statement, PR
description, and commit message. It first inspects
the real code diff using git show, then writes a
standalone pytest file named fail_to_pass.py

containing 2—10 tests, with the number of tests
adjusted according to the complexity of the PR.
To avoid overfitting to implementation details, the
agent is instructed to test the changed behavior
through public APIs rather than directly invoking
newly added internal functions. The generated tests
are then verified through a time-travel procedure:
they must pass on the merge commit and fail on
the parent commit. Only tests that satisfy this fail-
to-pass criterion are submitted.

Prompt for problem statement writer agent.
We use a problem statement writer agent to con-
vert each retained pull request into a natural issue-
style task description. As shown in Figure 11, the
agent is provided with the repository name, merge
commit, PR description, commit message, and the
generated fail-to-pass tests. It first inspects the ac-
tual code diff to infer the user-visible symptom
introduced before the fix, and then writes a con-
cise GitHub Issue-style problem statement from
the perspective of a user or developer encountering
the bug. To prevent solution leakage, the agent
is explicitly prohibited from revealing file paths,
internal function names, line numbers, or imple-
mentation details unless they are already present
in the original PR description. The generated prob-
lem statement includes a concise title, a minimal
reproducible example, and expected-versus-actual
behavior, while avoiding unit-test-like assertions or
direct references to the fix.

Prompt for bug type classification. To ana-
lyze the composition of the collected software en-
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Anti-hack commands

git clean -fd -e ’x.egg-info’ -e ’.tox’ -e ’.venv’ && git checkout {parent_commit}
NEW_BRANCH="swe_bench_clean_main"

CURRENT_HEAD=$(git rev-parse HEAD)

git stash -a

git clean -fd

git reset --hard $CURRENT_HEAD

git stash pop || echo "No stash to apply or conflict occurred”

git config user.email "pre-agent@scale-swe.local” && git config user.name "Pre-Agent” && git add . && git commit -m "pre-

agent commit”

CURRENT_3_PRIME=$(git rev-parse HEAD)

git for-each-ref --format="%(refname)” refs/remotes/ | xargs -I {} git update-ref -d {}
git tag -1 | xargs -r git tag -d

rm -f .git/packed-refs
rm -f .git/ORIG_HEAD .git/FETCH_HEAD .git/MERGE_HEAD .git/CHERRY_PICK_HEAD .git/refs/stash
rm -rf .git/logs/

git update-ref refs/heads/${NEW_BRANCH} $CURRENT_3_PRIME
git symbolic-ref HEAD refs/heads/${NEW_BRANCH}

git for-each-ref --format="%(refname)” refs/heads/ | grep -v "refs/heads/${NEW_BRANCH}" | xargs -I {} git update-ref -d {}

git gc --prune=now --aggressive
% \end{1lstlisting}

Figure 6: Anti-hack commands

gineering tasks, we further categorize each issue
according to its underlying bug type. As shown in
Figure 12, the classifier is given both the generated
problem statement and the corresponding golden
patch, and is asked to infer the root cause of the
bug according to a predefined taxonomy. The tax-
onomy covers common software defects such as
API or signature mismatches, logic and conditional
errors, input validation or boundary handling is-
sues, inheritance or constructor contract violations,
missing symbols, state consistency or caching bugs,
copy and mutability issues, protocol conformance
errors, I/0 and resource handling problems, and
security-related leakage. The model provides a
brief rationale and outputs the final category code
in a structured tag format.

36230



epository filtering prompt

You are an expert Software Architect and Engineer creating a high-quality benchmark dataset for evaluating autonomous
software engineering agents (SWE-bench).

Your task is to analyze the provided README.md content and classify the repository as either x*Suitablexx or *xUnsuitablex*
for benchmarking code generation and bug-fixing capabilities.

*xStrict Negative Filters (Mark as ’Unsuitable’ if ANY of these apply):**

1. #*xDeep Learning & GPU Dependent:** Repositories focused on training/fine-tuning Neural Networks, LLMs, or using
frameworks like PyTorch/TensorFlow for model training. Exclude anything requiring CUDA, GPUs, or specific pre-trained
weights. We want *software logic*, not *model training scriptsx.

2. **API Wrappers & Thin Clients:x* Repositories that primarily wrap external APIs (e.g., OpenAI SDKs, Telegram Bots, Cloud
SDKs) or simply forward requests. If the code logic is just ‘client.call()‘, it is invalid.

3. x*Non-Code Content:*x "Awesome” lists, resource collections, interview questions, books, cheat sheets, or documentation-
only sites.

4. xEducational/Trivial:*x Simple tutorials, "Hello World"” examples, student homework, or demo apps with minimal complexity.

*xPositive Criteria (Mark as ’Suitable’ ONLY if the repository meets these standards):*x*

The repository must represent a substantial software engineering project with significant **internal logickx.

* *xExamples:*x Database engines, compilers/interpreters, complex utility libraries, backend web frameworks (implementation
details, not just usage), algorithm libraries, network protocols, or file system implementations.

* The code should involve data structures, complex control flows, and purely algorithmic challenges independent of heavy
external hardware environment.

*xInput Handling:*x*

The README content below may be truncated. Make your decision based on the visible text. If the text clearly indicates a deep
learning project or an API wrapper, reject it immediately.

You must respond with xonly* one word: **Suitable*x or *xUnsuitablexx

Here is the README.md content:

{readme_content}

Figure 7: Pull request filtering prompt
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Pull request filtering prompt

You are an advanced classification assistant for screening Pull Requests (PRs).
Your task is to evaluate the PR diff I provide and determine if it is valuable for training an AI model’s coding abilities.

You must respond with **only one word*x in the following format exactly:
<Classification>

Where <Classification> is x*onlyxx one of "Suitable” or "Unsuitable".

"Unsuitable” (Useless) Criteria (Must be filtered out):

1. **Non-Code Changes:#*x*
* Only modifications to documentation (e.g., README.md).
* Only modifications to comments within the code.

2. *xExtremely Simple Code Changes:**

* Only changing a parameter’s default value, a constant, or a configuration item.
* Only fixing typos in strings or comments.
* Only code formatting changes (whitespace, indentation).
3. x*Auto-generated or Dependency Files:*x
* Only changes to lock files (package-lock.json, go.sum, etc.).
* Only changes to auto-generated code or compiled artifacts.
* Only changes to .gitignore or similar configuration files.

"Suitable” (Useful) Criteria:
* Includes substantive changes to code logic (e.g., fixing a bug, adding a feature, refactoring, optimization).
It is ok for Pull Request Description to be empty as long as the code is nontrivial.

Evaluate the following pull request conversation and PR diff, then provide your classification in the format <Classification>
(only one word: "Suitable” or "Unsuitable").

*%Pull Request Title:** {pr_title}
*%Pull Request Description:x* {pr_description}

*xMerge Commit message:** {merge_commit_message}

*%Diff:%x (can be truncated if it is too long)

{pr_diff}

You can only answer
Suitable

or

Unsuitable

*xonly one word without any other words*x

Figure 8: Pull request filtering prompt
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Environment builder agent

Your goal is to clone, set up environment for a repository within the existing (base) conda environment so that all tests run
successfully.

You are now at a GitHub repo at /workspace/{{repository}}.

The base image is Ubuntu 22.04 with Miniconda3 preinstalled you are already inside a conda shell (base environment).

You should install dependencies and configure everything using conda (and pip inside conda if necessary).

The repository is predominantly written in Python. Here are several tips for installing it:

1. A good place to start is to look for a CONTRIBUTING.[md|rst] file, which will often contain instructions on how to install
the repository and any dependencies it may have. Occasionally, the README.md file may also contain installation
instructions.

2. Usually, a repository may have setup.py or pyproject.toml files which can be used to install the package. pip install -e .

is commonly used, although many packages will also require an additional specifier that installs development packages

as well (e.g. pip install -e .[dev] or pip install -e .[tests]).

3. To check whether the repository was installed successfully, run tests and see if they pass. You can usually find tests in

a tests/ or test/ directory. You can run tests using pytest or unittest, depending on the framework used by the
repository.
**xVERY IMPORTANT** YOU MUST APPEND ¢‘‘--timeout=1800‘‘‘ TO PYTEST, eg. "pytest ... --timeout=1800".
4. Sometimes, you will need to install additional packages, often listed in a requirements.txt or environment.yml file. Also,
be mindful of Ubuntu system dependencies that may need to be installed via apt-get (e.g. sudo apt-get install <package

>).
5. You MUST fix all errors encountered during testing warnings can be ignored.
6. YOU MUST DO “‘‘pip freeze‘‘‘ when all test cases pass. In this way I can get all exact version of all packages.

**IMPORTANT: YOU ARE NOT ALLOWED TO CHANGE ANY FILE TO FIX ENVIRONMENT PROBLEM. INSTALL CORRECT VERSION PACKAGES TO FIX ENV
INSTEAD OF CHANGE ANY FILE.*x
Once you are finished with installing the repository, run the submit command to submit your changes for review.

Figure 9: Environment builder agent
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Unit-test creator agent prompt

You are an expert-level autonomous software engineer. Your **SOLE TASK** is to generate a single ‘pytest‘ test file named *
fail_to_pass.py‘ to verify a Pull Request.

*%CRITICAL OPERATIONAL RULES (READ FIRST)#*%*

1. **NO SIMULATION:** Do NOT describe what a command *would* do. Do NOT invent terminal output.
2. **ACTION REQUIRED:** You are connected to a REAL terminal. To check a file, you MUST ‘cat‘ it. To run tests, you MUST *¢
pytest‘ them.
3. **THOUGHT != ACTION:*x Writing "I will run git show” in your thought process does nothing. You must output the actual code
block/tool call to execute it.
4. **xVERIFY REALITY:x* Always inspect files (‘ls‘, ‘cat‘) before assuming they exist.

**xProvided Inputsx*

**xRepository Name:*x {{repository}}

**xCommit ID (Merge Commit):x* {{commit_id}}
*xGenerated Problem Statement*x: {{problem_statement}}
**PR Description in GitHub:x* {{pr_description}}
*xCommit Message:** {{commit_message}}

*%*MANDATED MULTI-PHASE PLANx%*

You must follow this plan step-by-step.

**PHASE 1: Analysis & Setup (Target State)*x

*xStep 1: Inspect the changes*x
- x*EXECUTE** the following command immediately to see the real diff:
‘cd /workspace/{{repository}} & git show -m --first-parent --pretty=format: --patch {{commit_id}} > /workspace/diff.txt*
- **EXECUTE** ‘cat /workspace/diff.txt‘ to read the content.
- x*%Analysis:** Identify the high-level functions or classes that use the changed code.

**PHASE 2: Test Generation (Iterative Writing)=**

*xStep 2: Write the test filexx

- x*xGoal:x* Create ‘/workspace/{{repository}}/fail_to_pass.py‘ with **2 to 10 distinct test functionsxx.

- x*xQuantity Logic:*x *xThe number of test cases you should generate should depend on the difficulty and extent of change of
this commit.*x (e.g., Use the lower end of the range for simple tweaks, and the higher end for complex logic overhauls).

- *xConstraint:*x ALL tests must FAIL on ‘{{commit_id}}*1¢ and PASS on ‘{{commit_id}}‘.
- x*xStrategy for Diversity:x*
- *xVary Inputs:*x Use different CLI arguments or config options.
- *xVary Assertions:*x Check for valid JSON structure, check for new keys (e.g., ‘check_result‘), check specific values
for ‘kconfig‘ vs ‘cmdline‘.
- *xCRITICAL ANTI-OVERFITTING RULE:#*x*
- Do NOT call new functions directly. Call the public API that invokes them.

## **xPHASE 3: The "Time Travel” Verification (CRITICAL)#*x*
You must prove your tests work by running them in the real environment.
*xStep 3: Verify "After” State (Current HEAD)*x*
- Ensure you are on ‘{{commit_id}}‘.
- *xEXECUTE:** ‘pytest /workspace/{{repository}}/fail_to_pass.py*
- *xCHECK:** Do all tests PASS? If not, rewrite the file.
*xStep 4: Verify "Before” State (Pre-PR)*x
- **EXECUTE:** ‘cd /workspace/{{repository}} && git checkout {{commit_id}}*1¢
- **EXECUTE:** ‘pytest /workspace/{{repository}}/fail_to_pass.py*
- **CHECK:** Do all tests FAIL?
- If they crash (ImportError), you failed the Anti-Overfitting Rule. **Rewrite.*x*
- If they pass, you failed to reproduce the bug. **Rewrite.xx
**Step 5: Return to HEAD**
- **EXECUTE:** ‘cd /workspace/{{repository}} && git checkout {{commit_id}}°
- If you had to rewrite tests in Step 4, repeat Step 3.

## *xPHASE 4: Final Submission*x

*%Step 6: Submitxx
- *xEXECUTE:** ‘cat /workspace/{{repository}}/fail_to_pass.py‘ (to confirm final content).
- **xEXECUTE:** ‘submit‘

Figure 10: Unit-test creator agent prompt
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Problem statement writer agent prompt

You are an expert-level autonomous software engineer and open-source maintainer. Your *xSOLE TASK*x is to draft a concise,
human-1like GitHub Issue (Problem Statement) based on a provided Pull Request.

## *xxCRITICAL OPERATIONAL RULES (READ FIRST)#**

1. **NO SPOILERS:** You will see the solution (the diff), but you must **NEVER** reveal the solution in the issue.

2. *xNO INTERNAL LEAKS:#** Do NOT mention specific file paths, internal function names, or line numbers unless they are
explicitly mentioned in the provided ‘PR Description‘.

3. **%USER PERSPECTIVE:** Write as a user or developer stumbling upon the bug. Do not write as the person who just fixed it.

4. *xACTION REQUIRED:** You are connected to a REAL terminal. You must execute commands to analyze the context before
writing.

## *xProvided Inputsx*

**Repository Name:** {{repository}}

*xCommit ID (Merge Commit):x* {{commit_id}}

*%PR Description:** {{pr_description}}
*%Commit Message:** {{commit_message}}
**xF2P:xx {{f2p}}
## *x*MANDATED MULTI-PHASE PLAN**
You must follow this plan step-by-step.
## **PHASE 1: Context & Diff Analysisx*
*xStep 1: Inspect the changes*x
- x%xGoal:x*x Understand what was broken by looking at how it was fixed.
- x*EXECUTE** the following command immediately to see the real diff:
‘cd /workspace/{{repository}} & git show -m --first-parent --pretty=format: --patch {{commit_id}} > /workspace/diff.txt*
**EXECUTE** ‘cat /workspace/diff.txt‘ to read the content.
**Analysis (Internal Monologue):*x*
1. Look at the code removed/changed in the diff.
2. Ask yourself: "If this code was running before the fix, what error or wrong behavior would it cause?”
3. Identify the public API or command that triggers this code path.

## **PHASE 2: Reverse Engineering the Symptomx*
*xStep 2: Formulate the Bug Report Strategy*x
- x*xConstraint:*x You generally know xwhyx it failed, but you must only describe *whatx failed.
- **Mental Check:**
- Does the ‘PR Description‘ already describe the bug? If yes, align with it but refine clarity.
- If the ‘PR Description‘ is empty or vague, use the ‘diff‘ to hallucinate the likely error message or wrong output
based on logic.
## **xPHASE 3: Drafting the Issuexx
*%Step 3: Draft the contentxx
- *xGoal:*x Create a natural, human-readable issue description.
- x*xGuidelines (Strict adherence required):*x
1. **Concise Title:*x Choose a clear title describing the symptom (e.g., "KeyError when calling function X" instead of "
Fix dictionary lookup in file Y").
2. x*Reproduction Code:** Provide a "Minimal Reproducible Example”.
- It must look like a natural user script or snippet.

- It must **NOT** be a unit test (no ‘assert‘ statements, no ‘self.assertEqual‘).
- It should strictly trigger the bug found in Phase 1.

3. **Expected vs Actual:x*
- x*Actual:** Describe the error message (e.g., traceback) or the wrong data returned.
- *xExpected:*x Describe what should have happened.

4. *xTone:*x Casual but professional. Avoid excessive formatting.

5. x%xSecrecy:x* Do not say "The bug is in line 50 of utils.py”. Say "When I run this script, it crashes.”

- *xACTION:*x **EXECUTEx* the following command block to save your draft (replace ‘...‘ with your content). Ensure you wrap
the final content in ‘[ISSUE]‘ tags.
<!-- end list -->

*%PHASE 4: Final Verification & Submissionxx

*xStep 4: Safety Check*x
- **EXECUTE:** ‘cat /workspace/issue_draft.txt*
- *xVerification Questions:x*x
1. Did I mention a file name that is NOT in the PR description? -> *If yes, remove it.x

2. Did I explicitly explain the solution logic? -> *If yes, replace with symptom description.x*
3. Is the reproduction script natural (no asserts)? -> xIf no, rewrite it.*

*xStep 5: Submitxx

- **EXECUTE:** ‘submit*

Figure 11: Problem statement writer agent prompt
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Bug type categorization prompt

# Task
Analyze the "Problem Statement” and "Golden Patch” (the fix) of a software issue to classify its root cause according to the
provided taxonomy.

#*

Bug Taxonomy & Classification Criteria
*xA: API / signature mismatch or backward-compatibility breakx*

- xDescription:* Public interfaces change or fail to accept/forward expected parameters; options no longer propagated;
removed/renamed methods.
*Signals:* TypeError for unexpected/unknown keyword, missing method attribute, inability to customize behavior that
used to work.
* x%B: Logic / conditional bugx*

- *Description:* Incorrect branching, inverted predicates, off-by-one comparisons, or misplaced conditions that alter

behavior.
*Signals:* Wrong results for specific ranges/cases; behavior flips when a flag toggles; regression tied to a refactor

*

of if/else logic.
* x%C: Input validation, boundary, or sentinel handling errorxx
*Description:* Valid inputs rejected or invalid accepted; special values (NaN/None/NA/masked) mishandled due to
comparison/identity semantics.
*Signals:* Edge cases fail while common cases pass; inconsistent behavior with empty inputs or special sentinels.
* *xD: Incorrect argument forwarding, constructor, or inheritance contract break*x
*Description:* Subclasses pass wrong args to super, fail to call base initializer, or expose mismatched signatures.
*Signals:* TypeError/AttributeError during object creation; missing base attributes; framework hooks not invoked.
* *xE: Missing import / symbol / attribute error**
- *Description:* Required names removed or not imported after refactor; attributes expected by callers no longer present.
- xSignals:* NameError/AttributeError at runtime; module-level failures on import.
* *xF: State consistency / bookkeeping / caching bugxx
*Description:* Shared or stale state corrupts behavior across calls/instances; counters/heaps not updated; cache keys
too coarse.
*Signals:* Nondeterministic results; memory growth; behavior depends on call order; leaked/stale entries.
* x%G: Copy semantics, mutability aliasing, or in-place mutation of inputs*x
*Description:* Wrong choice of shallow/deep copy; shared mutable defaults; functions mutate caller-provided objects.

*Signals:x Changes in one consumer affect another; unexpected side effects; duplicated or missing internal state.
* *xH: Protocol / spec conformance bug*x
*Description:* Behavior violates external specs (HTTP, OAuth, data interchange) or expected wire formats.
*Signals:x Clients reject responses; strict parsers fail; tests asserting spec rules break (e.g., HTTP HEAD body
handling).
* *xI: I0 / filesystem / resource handling bugx*

- xDescription:* Incorrect handling of paths/streams/resources; special-case short-circuits skip real writes; missing
directory creation.
*Signals:x Truncated output; OSError/FileNotFoundError; behavior differs between stdout vs file.
* *xJ: Security / sensitive-data leakage due to logic oversight**
*Description:* Credentials/headers applied too broadly (e.g., to all domains) or without proper scoping/validation.
*Signals:* Tokens sent to unintended endpoints; security reviews flag over-permissive defaults.

# Input Data
**[Problem Statement]xx
{ps_trunc}

**x[Golden Patch]xx
{patch_trunc}

# Instructions

1. Carefully examine how the "Golden Patch” fixes the issue described in the "Problem Statement”.
2. Compare the fix logic against the "Description” and "Signals” in the Taxonomy.

3. Provide a brief reasoning for your choice.

4. Conclude with the category code inside tags, e.g., ‘<category>X</category>‘.

Figure 12: Bug type categorization prompt
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