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ABSTRACT

Despite the impressive progress of code agents on code generation benchmarks,
their robustness in understanding repository structure is overlooked. This is criti-
cal as real repositories often come with noisier and less informative structure cues,
such as messy layouts and misleading naming conventions. We present REPOMI-
RAGE, an automated perturbation framework that probes this robustness gap by
producing function-preserving variants of SWE-bench Verified tasks and evaluat-
ing agents under repository-level test-time shifts. Multiple levels of perturbations,
from prompts to structures, are imposed on the original tasks while maintaining
functionality. On 158 curated instances, these shifts consistently degrade per-
formance and make target localization harder, with the resolution rate of GPT-40
dropping from 32.91% to 7.59%, exposing a robustness gap in current code agents.

1 INTRODUCTION

Large Language Model (LLM) agents have rapidly evolved into practical code agents that can navi-
gate codebases, localize bugs, and produce executable patches (Dong et al., 2025; [Luo et al.,[2025)).
Recent benchmarks (Yang et al.|[2025b; [Fu et al.| |2025) increasingly target repository-level software
engineering, where agents must comprehend project structures and handle complex issues. This
ability is desired because realistic problems often require identifying the correct modification scope
across multiple files and dependencies, rather than producing a locally correct change in isolation.

Despite continuous progress in code agents for coding (Yang et al., 2024)), strong performance on
benchmarks does not necessarily imply their potential for real-world deployments concerning repos-
itory understanding. Most benchmarks are built from open-source projects with a relatively clean
structure, where agents may succeed via shortcuts such as keyword matching or inferring edit loca-
tions from semantically aligned file and symbol names (Le Hai et al., 2025} |Gu et al., 2025). How-
ever, when it comes to assisting common users, cluttered and ambiguous structures are prevalent,
making such shortcuts unavailable. This raises a central question: Do code agents really understand
repository structures? If success is driven by shallow heuristics, evaluations may overestimate the
reliability of these agents in realistic settings, where test-time distribution shifts in structure can be
noisy, incomplete, or misleading, posing a practical robustness challenge.

In this paper, we aim to test whether agents can maintain performance when the repository struc-
ture becomes noisier or less informative, which requires stronger repository understanding rather
than reliance on shortcut cues. To address this, we introduce REPOMIRAGE, an automated and
reproducible perturbation framework that stress-tests repository understanding, creating function-
preserving variants of SWE-Bench Verified tasks (Chowdhury et al.l 2024)) to evaluate agents under
such repository-level distribution shifts. However, naive repository perturbations are insufficient, as
even minor edits can silently break packaging, imports, or runtime behaviors, rendering originally
solvable tasks unsolvable. REPOMIRAGE applies controllable perturbations at multiple levels to
minimize the impacts of perturbations to code completeness, which is further enforced through con-
sistency filtering for each sample. This results in a curated subset of transformed tasks that remain
correct by construction, enabling reliable evaluation across agents.

On the curated 158-instance REPOMIRAGE dataset, perturbations at multiple repository levels lead-
ing to test-time structure shifts consistently degrade code agent performance and make debugging
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localization notably harder, underscoring current agents’ limited ability to understand, navigate, and
modify repositories. Resolution rates decline across representative models, from modest degrada-
tions for stronger models (GPT-5: 62.66% to 55.70%) to severe collapses for weaker ones (GPT-4o:
32.91% to 7.59%). Ablation study further shows that REPOMIRAGE sharply lowers the chance of
locating the correct target files and increases the steps for agents to reach them.

Our contributions are three-fold:

* Conceptually, we identify a repository-level robustness failure mode for code agents, where their
performance can be brittle under test-time structural shifts, exposing limitations in repository un-
derstanding beyond patch synthesis.

* Technically, we develop REPOMIRAGE, an automated and reproducible perturbation framework
that incorporates multi-level perturbations on repositories in SWE-Bench Verified and preserves
the functionality, enabling controlled stress tests for code agents.

* Empirically, we evaluate code agents powered by mainstream LLMs on REPOMIRAGE, comple-
mented by trajectory-level analyses, which reveal their common failure patterns when navigating
and modifying perturbed repositories.

2 RELATED WORK

Code Benchmarks. Code benchmarks have evolved from early evaluations focused on standalone
programming problems, such as HumanEval (Chen et al.l |2021) and LiveCodeBench (Jain et al.|
2024), toward more realistic settings that require agents to operate over entire software projects.
Recent benchmarks, including SWE-bench (Jimenez et al.,2024) and SWE-bench-Pro (Deng et al.,
2025), evaluate repository-level bug fixing under test-driven constraints, while others further em-
phasize multi-file reasoning (Rashid et al., 2025} [Liu et al., 2023} [Li et al., [2024; [Fu et al., |2025}
Yang et al., [2025b). Despite this progression, these benchmarks are constructed from open-source
projects with well-organized structure, which may enable shortcut-based reasoning and overestimate
agents’ robustness to structural ambiguity.

Code Agent Robustness. There have been studies on the robustness of code agents under controlled
perturbations, most overlooking the complex nature in repository understanding. Prior work exam-
ines sensitivity to natural language variations by rewriting problem descriptions while preserving
intent, showing that even minor linguistic changes can affect model behavior (Mastropaolo et al.,
2023} [Chen et al. 2024). Other work applies semantics-preserving code transformations, such as
variable renaming, control-flow rewrites, and dead-code insertion, to test whether models rely on
surface code patterns (Li et al., 2023} |Fan et al., 2023} |Orvalho & Kwiatkowskal, 2025} [Lam et al.,
2025). A limited number of recent studies have begun to consider robustness in broader codebase
contexts (Lee et al.l [2025). In this line, REPOMIRAGE investigates repository-level robustness by
systematically weakening structural cues while preserving end-to-end functionality.

3 FRAMEWORK OF REPOMIRAGE

REPOMIRAGE is an automated and reproducible framework over repositories, as illustrated in Fig-
ure[I] Unlike prior work that applies perturbation on prompt or code to single files, REPOMIRAGE
operates from the perspective within a repository context. We extend these script-level transforma-
tions to multiple levels of perturbations to examine the robustness of code agents.

Prompt-Level Perturbation. At the prompt level, we rewrite issue descriptions to reduce struc-
tural guidance. The rewritten issues adopt a more informal tone, introduce linguistic noise, and
obscure references to repository structure, while preserving the task intent. This rewriting process
is performed automatically using GPT-4 . 1 with designed prompts to ensure semantic consistency.

Code-Level Perturbation. At the code level, we apply obfuscations to files modified by the gold
patch, using AST transformations (Bielik & Vechev, 2020) to ensure semantic preservation. Specif-
ically, we employ three types of obfuscation: (1) renaming local variables within functions; (2)
performing conversions between i f—else statements and ternary expressions; (3) injecting non-
functional dead code. By constraining these transformations to local scopes and avoiding global
symbols, the framework preserves executability while reducing surface code patterns.
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Figure 1: Framework workflow for REPOMIRAGE. We collect instances from SWE-bench Verified,
filter candidates with testing scripts, then apply three level of perturbations. The pipeline outputs
REPOMIRAGE dataset with 158 samples.

Repository-Level Perturbation. At the repository level, REPOMIRAGE introduces structure-
preserving but signal-disrupting transformations that explicitly target cross-file reasoning. In prac-
tice, we implement four types of transformations. (1) Proxy import: direct import statements in a
target file are rewritten to import from a newly created proxy module at the same directory level,
which re-exports the original dependency. (2) Dynamic dependency: numeric constants in the target
file are externalized into a configuration file and loaded at runtime, converting in-file constants into
cross-file dependencies. (3) In-place hiding: a source file is transformed into a package by replac-
ing it with a directory of the same name and an __init__.py that re-imports the original logic
from a renamed file. (4) Fake files: additional files with similar names but incomplete content are
introduced alongside the target file to create misleading structural cues.

Data Filtering. We start from the SWE-bench Verified subset (Chowdhury et al.,|2024) and apply
a filtering process. Only instances that admit safe perturbations are retained. For each candidate,
perturbations are applied and validated via PASS_TO_PASS testing, which is the standard SWE-
bench protocol in which all tests must pass both before and after the patch. After filtering, we obtain
a subset of 158 instances for controlled repository-level evaluation.

Overall, REPOMIRAGE incorporates multi-level perturbations from the repository perspective under
an automated pipeline, enabling stress testing of repository understanding in code agents.

4 EXPERIMENTS

Setup and Metrics. We evaluate REPOMIRAGE on the curated subset of SWE-bench Ver-
ified using the standard bash-only evaluation protocol. All LLMs operate within the same
mini-swe-agent framework(Yang et all [2024), interacting with the repository through
command-line tools to generate and apply patches. An instance is considered resolved if all tests
pass after the agent-generated patch. In addition to resolution rate, we report interaction statistics
that reflect repository-level behavior, including the number of steps taken, the step at which the agent
first locates the target file (Avg. LocStep), and the average number of opened files (Avg. OpenFiles).

Model Comparison. Table [T] reports both absolute resolution rates and relative drop rates under
REPOMIRAGE. All models experience performance degradation, but the magnitude of robustness
loss varies substantially. Stronger models such as GPT-5 and DeepSeek-V3. 2(Liu et al., [2025)
exhibit relatively mild drops (11.11% and 8.14%, respectively), whereas weaker models suffer se-
vere relative degradation, including GPT-40 (76.94%), Gemini-2 . 5-Pro(Comanici et al.,[2025))
(60.17%), Qwen3-Coder-30B (48.27%) and Qwen3-30B(Yang et al., [2025a)) (74.12%). These
results suggest that while stronger models are more resilient to repository-level perturbations, none
are fully robust to the structural ambiguity introduced by REPOMIRAGE.
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Table 1: Comparison of LLM agents on REPOMIRAGE, reporting resolution rate and procedure
statistics. Origin denotes the resolution rate prior to perturbations. Located denotes the rate that
agent locates the target file, Avg. LocStep denotes the number of steps to locate the target, and Avg.
OpenFiles denotes the number of opened files.

Model Name | Origin Resolved Located Avg. Step Avg. LocStep Avg. OpenFiles
GPT-40 3291 7.59769%%  25.32 38.50 11.25 18.25
GPT-5 62.66 55.70'1% 77.22 16.69 7.66 11.54
Gemini-2.5-Pro 53.80 21.43°17%  48.81 19.25 12.37 11.98
DeepSeek-V3.2-Reasoner | 59.49 54.65%14%  68.99 47.66 19.26 17.44
Qwen3-Coder-30B 22.02 11.39%27% 3924 43.37 14.52 15.56
Qwen3-30B 14.14  3.667"2%  16.46 86.99 10.77 10.46

Table 2: Ablation study of GPT-5 under different perturbation levels.
Perturbation Level \ Resolved Located Avg. Step Avg. LocStep Avg. OpenFiles

Non-Perturbation 62.66 97.21 12.64 3.07 9.06
Text-Level 62.23 96.25 14.86 341 9.27
Code-Level 59.49 97.56 13.26 3.00 9.24
Repo-Level 58.23 78.77 16.46 8.12 10.92
RepoMirage 55.70 77.22 16.69 7.66 11.54

Ablation Study over Perturbation Levels. Table [2| reports an ablation study of GPT-5 under dif-
ferent perturbations. Text-level and code-level perturbations lead to modest performance changes.
Repository-level perturbations alone do not lead to a large drop in resolution rate, but they substan-
tially reduce localization accuracy and increase localization steps. This suggests that perturbations
affect repository understanding. In the full REPOMIRAGE setting, effects accumulate, pointing to
repository-level reasoning failures as a key factor behind unresolved cases.
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Figure 2: Case study over an unresolved sample of GPT-5.

Case Study. To qualitatively analyze agent behavior, we present a case study on
django__django-11880 transformed by REPOMIRAGE (Figure 2). Repository-level perturba-
tions introduce proxy imports and fake files that obscure structural cues, diverting the agent toward
misleading targets. As a result, the agent repeatedly edits incorrect files and fails due to wrong file
selection. This case illustrates a common failure pattern: agents rely on surface patterns and struggle
to recover once misled by indirection.

5 CONCLUSION

REPOMIRAGE studies the robustness of existing code agents in understanding repository structures,
which significantly limits their real-world utility. With REPOMIRAGE, we show that this is a critical
issue. Across diverse LLM agents, repository-level perturbations consistently increase localization
difficulty, even when functionality is preserved. Strong models often produce valid patches yet fail
due to incorrect file selection, indicating reliance on surface-level structural cues. Overall, REPOMI-
RAGE provides a controlled stress test for repository-level robustness, and we hope it encourages
future work on explicit repository modeling for long-horizon code agents.
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