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Abstract001

Evaluating software engineering capabilities002
has become a core component of modern lan-003
guage models (LMs); however, the key bottle-004
neck hindering further scaling lies not in the005
scarcity of high-quality solutions, but in the006
lack of high-quality test suites. Test suites are007
indispensable both for synthesizing program re-008
pair trajectories and for providing precise feed-009
back signals in reinforcement learning. Unfor-010
tunately, due to the high cost and difficulty of011
annotation, high-quality test suites have long012
been hard to obtain, while those automatically013
generated by LMs tend to be superficial and014
lack sufficient discriminative power. As a015
first step toward constructing high-quality test016
suites, we introduce SWE-Mutation, a test suite017
benchmark designed to evaluate the quality of018
test suites generated by LMs. The benchmark019
characterizes test suite discriminability by in-020
troducing systematically mutated solutions that021
attempt to “fool” the test suites and pass valida-022
tion. We further propose an agentic, language-023
agnostic framework for automatically generat-024
ing complex mutants. Our benchmark consists025
of 2,636 mutated variants derived from 800026
original instances and includes a multilingual027
subset spanning nine programming languages.028
Experiments on seven LMs reveal that even029
DeepSeek-V3.1 achieves only 10.20% verifica-030
tion and 36.15% detection rates, highlighting031
the inadequacy of current LMs. Additionally,032
our agentic mutation strategy enhances realism,033
reducing average detection rates from 71.04%034
to 39.81% compared to conventional methods.035

1 Introduction036

Large Language Models (LLMs) have achieved037

significant progress on automated software engi-038

neering (SE) tasks (Jimenez et al., 2024; Hou et al.,039

2024). A common paradigm for evaluating the soft-040

ware engineering capabilities of LLMs is to provide041

Our code and data are available at https://anonymous.
4open.science/r/0sy7xl2jz3.

Figure 1: The pivotal role of test suites and high-quality
mutants. The test suite serves as the verification stan-
dard for issue resolution. While trivial mutants are easily
detected, complex mutants can successfully “fool” the
test. This highlights that high-quality mutants are indis-
pensable for effectively evaluating whether a test suite
is robust enough to prevent incorrect code acceptance.

a software issue together with its corresponding test 042

suite, and consider the issue solved if the model- 043

generated solution passes all tests 1 (Chen et al., 044

2021; Austin et al., 2021). Improving the software 045

engineering performance of LLMs—whether by 046

synthesizing program repair trajectories for post- 047

training or by collecting reward signals from the 048

environment during reinforcement learning to esti- 049

mate advantages—critically depends on the avail- 050

ability of test suites (Le et al., 2022; Zhang et al., 051

2023). In this sense, the ability to automatically 052

construct high-quality, discriminative test suites 053

would bring us substantially closer to a systematic 054

solution to software engineering problems (Chen 055

et al., 2023; Liu et al., 2023). 056

However, generating reliable test suites is no- 057

tably challenging for LLMs. Unlike code genera- 058

tion, which is a constructive task aiming to produce 059

one correct implementation, test case generation is 060

inherently adversarial: it seeks to expose failures 061

in an existing program by identifying rare, error- 062

triggering inputs (Shao and Wang, 2023; Yuan 063

et al., 2023). This task suffers from severe informa- 064

tion asymmetry, extremely sparse reward signals, 065
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and a highly irregular search space, where the vast066

majority of inputs are uninformative. From both067

theoretical and practical perspectives, test case gen-068

eration is closely related to long-standing hard prob-069

lems in program analysis and verification (Cadar070

and Sen, 2013; King, 1976), and is arguably more071

challenging than code generation in many realis-072

tic settings. Therefore, as shown in Figure 1, the073

synthesized test suites tend to be trivial.074

As a first step toward constructing high-quality075

test suites, establishing effective evaluation criteria076

remains insufficiently explored. Existing studies077

have introduced several benchmarks to assess test078

suite generation capabilities in software engineer-079

ing tasks (Liu et al., 2023). These benchmarks080

typically characterize test suite discriminability081

by introducing systematically mutated, buggy so-082

lutions that attempt to “fool” the test suites and083

pass validation. Despite substantial progress, these084

benchmarks still suffer from notable limitations. In085

particular, the reliance on relatively homogeneous086

methodologies, combined with the inherent limita-087

tions of LMs, often leads to the generation of trivial088

test suites that fail to meaningfully probe model ca-089

pabilities. For instance, standard approaches often090

employ simple rule-based operators or few-shot091

prompting to generate mutants (Chen et al., 2023).092

However, previous research has questioned whether093

such artificial mutants are truly representative of094

real-world faults (Just et al., 2014b; Jimenez et al.,095

2024), as they are often easily killed by model-096

generated test suites as illustrated in Figure 1. Thus,097

existing benchmarks risk overestimating the quality098

of test suites. Furthermore, despite the widespread099

adoption of agentic frameworks in software engi-100

neering tasks—which enable models to deeply un-101

derstand repositories through environmental inter-102

action (Yao et al., 2023; Yang et al., 2024)—meth-103

ods for leveraging these frameworks to generate104

software mutants remain underdeveloped. Second,105

diverse tasks require LLMs to handle multilingual106

repositories (Cassano et al., 2023; Zheng et al.,107

2023). However, most existing benchmarks remain108

monolingual. These constraints compromise real-109

world robustness and usability, posing risks to the110

integrity of reliable software engineering.111

Recent studies have indicated that LLMs can112

leverage code semantics to inject subtle, realis-113

tic defects that mimic human errors (Yang et al.,114

2025b). Building on this idea, we introduce SWE-115

Mutation. Our benchmark includes two tasks: test116

generation and test repair. Concretely, we adopt117

an agentic framework to generate complex mutants 118

to reveal flaws in synthetic test suites. Each mu- 119

tant represents an erroneous mutation of the golden 120

solution in the repository and resembles realistic er- 121

rors. With these mutants, our benchmark provides 122

faithful evaluation of model abilities. By apply- 123

ing our framework to SWE-bench Verified (Ope- 124

nAI, 2024), we generated 1,664 mutants across 125

500 instances from 11 popular GitHub reposito- 126

ries. Our benchmark incorporates basic metrics 127

like Pass@1 and verified reproduction rate (VRR). 128

Moreover, we introduce the Relative Detection 129

Rate (RDR) metric, which specifically represents 130

the relative proportion of mutants killed by the test 131

suites. Given our language-agnostic framework, 132

we also provide a multilingual subset with 300 in- 133

stances and 972 mutants in 9 languages based on 134

SWE-bench-Multilingual (Yang et al., 2025a). 135

We evaluate seven mainstream LLMs includ- 136

ing Claude Sonnet 4.5 (Anthropic, 2025) and 137

DeepSeek V3.1 (DeepSeek-AI, 2025), using two 138

agentic frameworks: Mini-Swe-Agent (Yang et al., 139

2024) and Claude Code (Anthropic, 2025). Results 140

show that models still struggle to generate reliable 141

test suites. For instance, DeepSeek-V3.1 only gets 142

10.20% on VRR and 36.15% on RDR. Further- 143

more, models encounter significant difficulties in 144

non-Python tasks. Our agentic mutation ensures 145

more realistic and discriminative evaluation met- 146

rics: compared to traditional methods, the average 147

Relative Detection Rate drops significantly from 148

71.04% to 39.81%. Finally, we provide a qualita- 149

tive analysis of failure cases. 150

2 Related Work 151

2.1 Benchmarks for Testing in Software 152

Engineering 153

The evaluation of LLMs in software engineering 154

has evolved significantly. Early research primar- 155

ily focused on simple code synthesis tasks using 156

datasets like HumanEval and MBPP, where test 157

suites served merely as verification oracles rather 158

than generation targets (Chen et al., 2021; Austin 159

et al., 2021). More recently, specific benchmarks 160

have been developed to rigorously assess test gen- 161

eration abilities. For instance, TestBench and Test- 162

GenEval were introduced to evaluate the genera- 163

tion of unit tests and assert statements for isolated 164

functions (Zhang et al., 2025; Jain et al., 2025). 165

Concurrently, to capture the complexity of real- 166

world development, the community has established 167
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repository-level frameworks. SWE-bench set the168

standard for resolving issues in Python reposito-169

ries (Jimenez et al., 2024), while recent extensions170

like SWE-smith and Multi-SWE-bench have fur-171

ther expanded this domain (Yang et al., 2025a; Zan172

et al., 2025). Despite these advancements in both173

unit and repository levels, existing benchmarks gen-174

erally lack a robust mechanism to evaluate the qual-175

ity of model-generated tests. Most rely on pass176

rates against human-written golden tests or simple177

code coverage, which are often weak proxies for178

assessing whether a test suite can effectively detect179

subtle faults (Wang et al., 2025a).180

2.2 Mutation-Based Evaluation and181

Generation182

Mutation testing evaluates test suite quality by in-183

jecting artificial faults (mutants) (Papadakis et al.,184

2019). Traditional generation methods rely on rule-185

based operators, exemplified by tools like PIT and186

Major (Coles et al., 2016; Just, 2014). However,187

these rigid rules often produce trivial mutants that188

fail to mimic real-world complexity (Just et al.,189

2014a). To address this, learning-based approaches190

such as DeepMutation and µBERT were proposed191

to generate more diverse mutants via neural net-192

works (Tufano et al., 2020; Degiovanni and Pa-193

padakis, 2022). Yet, these methods frequently194

struggle to ensure syntactic validity or semantic195

meaningfulness due to a lack of execution context.196

Recently, LLM-based approaches have emerged as197

a powerful alternative. Frameworks like BugFarm198

and LLMorpheus leverage LLMs to generate re-199

alistic software defects (Ibrahimzada et al., 2025;200

Tip et al., 2025). Despite their potential, current201

methods predominantly rely on static prompting202

strategies (e.g., few-shot) without active environ-203

ment interaction. Consequently, they often gen-204

erate non-compilable code or redundant mutants205

that do not align with repository logic. In con-206

trast, SWE-Mutation introduces an agentic frame-207

work that autonomously explores the repository.208

By analyzing code characteristics to select specific209

strategies, our approach generates complex seman-210

tic mutants, effectively bridging the gap between211

artificial mutations and realistic bugs.212

3 SWE-Mutation213

SWE-Mutation is designed to evaluate the test gen-214

eration and repair abilities of LLMs within realistic215

software engineering scenarios. Derived from real-216

world GitHub repositories, the benchmark com- 217

prises 500 Python instances and 300 instances 218

across nine other languages. In SWE-Mutation, 219

we generated a total of 2,636 mutants. Each in- 220

stance supports both tasks and is equipped with 221

3–5 mutants generated via our agentic framework 222

to facilitate mutation testing. This section outlines 223

the agentic mutation framework of mutants, task 224

definition and characteristics of SWE-Mutation. 225

3.1 Agentic Mutation Framework 226

3.1.1 Overview 227

As shown in Figure 2, our framework to gener- 228

ate complex mutants includes four key modules: 229

Locate, Mutation, Judge, and Self-Play. These 230

modules construct a rigorous and comprehensive 231

framework for high-quality mutants generation to- 232

gether. Detailed statistics of the generated mutants 233

are provided in Appendix C.2. 234

We choose the Claude Sonnet 4 (Anthropic, 235

2025) as the base model for the agent modules. 236

The additional details can be found in Appendix F. 237

3.1.2 Locate Module 238

Since our goal is to make realistic mutations rather 239

than randomly modifying code to inject bugs, we 240

aim to constrain code modifications within a spe- 241

cific scope. In the Locate module, we restrict the 242

files available for mutation to those modified in 243

the golden solution. Additionally, we use Tree- 244

sitter to parse these files and extract the Fail-to- 245

Pass test trace from the execution in the golden test 246

suite. This is because Fail-to-Pass (F2P) tests fail 247

on buggy code and pass on fixed code, identifying 248

the specific defect. We focus on F2P because it 249

uniquely captures the bug’s triggering logic and 250

verifies the correctness of the fix. By annotating 251

this trace onto the structural graph, we assist the 252

model in understanding call relationships and test 253

logic, enabling precise mutation. 254

3.1.3 Mutation Module 255

We aim to generate mutants that are realistic and 256

difficult for test suites to kill. To do this, we ana- 257

lyzed common errors models make in SWE tasks. 258

These errors often evade model-generated tests, 259

leading to fix failures. We categorize these errors 260

into five strategies. Detailed descriptions and exam- 261

ples for each strategy are provided in Appendix A. 262

In each run, we select one strategy group. The 263

model analyzes the tests in the golden test suite. It 264
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Figure 2: The overview of our framework. Starting with the golden solution and golden test suite in repository,
we employ four modules to identify scopes, generate complex mutants, verify validity, and perform adversarial
selection.

modifies code within the scope defined by the Lo-265

cate Module. Then, the model injects bugs based266

on the chosen strategy. To ensure quality and inter-267

pretability, we require the model to provide reason-268

ing for its modifications. Examples of each strategy269

are provided in Appendix E.270

3.1.4 Judge Module271

We establish the Judge module to ensure the ratio-272

nality of generated mutants. In this module, we273

validate the solutions against the golden test suite274

under three strict constraints to ensure they resem-275

ble realistic, common errors. First, the modifica-276

tions must be restricted to the files touched by the277

golden solution. Second, the mutant must be suc-278

cessfully applied to the repository and pass syntax279

or compilation checks. Third, it must fail at least280

one F2P test. Instances that do not meet these re-281

quirements are returned to the Mutation module for282

revision within retry limits.283

3.1.5 Self-Play Module284

We construct the Self-Play module to ensure that285

the generated mutants have difficulty and discrimi-286

natory power. Within this module, we implement a287

selection to eliminate trivial mutants. First, lever-288

aging the Mutation module, we sample N diverse289

candidate mutants by applying varying mutation290

strategies. Second, we use the model to generate 10291

test suites for each instance under the original task292

setting with temperature. Third, we evaluate each293

candidate against these generated test suites. A294

high survival rate indicates that the mutant has suc- 295

cessfully evaded detection by the model. We rank 296

and select the top 50% that successfully evaded 297

more than 3 test suites. 298

3.2 Task Formulation 299

For each instance in the SWE-Mutation benchmark, 300

we design two tasks: test generation and test repair. 301

Test Generation. The goal of the test genera- 302

tion task is to generate a complete test suite from 303

scratch for a given problem. In this process, we 304

only provide the model with the file path where the 305

test suite should be generated. The model is then 306

expected to complete the test suite by its compre- 307

hensive understanding of the code repository. 308

Test Repair. The goal of the test repair task is to 309

fix an existing test suite that is currently incomplete 310

or flawed (i.e., it fails to detect existing bugs in the 311

current repository). This repair can be achieved 312

by adding new test functions or modifying existing 313

ones. Compared to generating tests entirely from 314

scratch, this task more closely reflects real-world 315

SE scenarios. 316

For both tasks, we expect the generated tests to 317

effectively detect the issues in the original buggy 318

repository without incorrectly failing the golden 319

solution. Furthermore, a high-quality test suite 320

should identify as many mutants as possible. This 321

can demonstrate the robustness of the model’s gen- 322

erated tests. The specific prompts used for these 323

tasks can be found in Appendix F. 324
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3.3 Benchmark Characteristics325

We detail the features that distinguish SWE-326

Mutation from existing test suite benchmarks. This327

is also illustrated in Table 1.328

Repository-Level Environment: Unlike bench-329

marks restricted to file-level snippets, ours is built330

on well-maintained GitHub repositories with com-331

plete execution environments. Models interact via332

tools and CLIs, simulating complex SE scenarios333

rather than isolated coding tasks.334

Support for Agentic Frameworks: While exist-335

ing benchmarks rely on prompt-only interactions,336

SWE-Mutation is specifically designed for agentic337

workflows. It supports popular frameworks like338

Mini-Swe-Agent and Claude Code, providing sup-339

port for evaluating agentic test generation abilities.340

Multi-language Benchmark: Addressing the341

Python-centric limitation of current studies, we342

introduce SWE-Mutation-Multilingual. This ex-343

tension supports nine programming languages: C,344

C++, Java, TypeScript, JavaScript, Rust, Go, PHP345

and Ruby, filling the void for repository-level eval-346

uation in diverse linguistic settings.347

Agentic Mutation: Conventional methods often348

rely on trivial rule-based mutations that lack se-349

mantic context and are easily detected by advanced350

models. In contrast, our benchmark employs agen-351

tic framework to synthesize complex mutants. This352

approach provides a significantly more robust met-353

ric for evaluating model abilities.354

4 Experiments355

4.1 Models356

For models, we evaluate 7 mainstream open-source357

and closed-source models, including Claude Son-358

net 4.5 and Claude Sonnet 3.7 (Anthropic, 2025),359

Qwen3-Coder-480B-A35B-Instruct (Qwen Team,360

2025), DeepSeek-V3.1 (DeepSeek-AI, 2025), Kimi361

K2-0905 (Kimi Team et al., 2025), GPT-oss-362

120B (OpenAI, 2025), and GLM-4.6 (Zhipu AI,363

2025). For brevity, some model names will be364

abbreviated throughout this paper.365

4.2 Agentic System366

Due to the complexity of tasks on test suite, di-367

rectly prompting LLMs to produce the required368

changes is not effective. Therefore, we use two369

advanced agentic tools to address these tasks: the370

open-source Mini-Swe-Agent (Yang et al., 2024)371

and the proprietary Claude Code (Anthropic, 2025).372

They represent two different approaches to automat- 373

ing software engineering tasks. 374

Mini-Swe-Agent enables LLMs to solve prob- 375

lems by interacting with codebases solely through 376

bash commands. We select it for its lightweight de- 377

sign, consisting of only about 100 lines of Python 378

code, making it very convenient to use. It outputs 379

a complete shell command at each step without 380

relying on separate “tool call” protocols. 381

Claude Code is a command-line interface (CLI) 382

tool designed specifically for Claude models. It 383

allows the model to perform software tasks directly 384

in the terminal. Unlike the general approach of 385

Mini-Swe-Agent, Claude Code uses an optimized 386

workflow for Claude to read, edit, and run code, 387

representing a highly integrated agentic solution. 388

4.3 Evaluation Metrics 389

To evaluate the generated test suites effectively, we 390

use three metrics: Pass@1, Verified Reproduction 391

Rate (VRR) and Relative Detection Rate (RDR). 392

The definition is detailed below: 393

Pass@1: We employ Pass@1 to evaluate the 394

model’s success rate in generating valid test cases 395

within a single attempt. A generated test suite is 396

considered successful if it is a correctly format- 397

ted git diff and can be successfully applied to the 398

repository. Also, it should execute without trigger- 399

ing compilation errors. 400

Verified Reproduction Rate (VRR): VRR mea- 401

sures how often the model successfully reproduces 402

the specific issue without breaking correct function- 403

ality. A generated test suite is considered a success 404

only if it satisfies two conditions. 1): Reproduc- 405

tion: It fails on the original bug. 2): Validity: It 406

passes on the fixed golden code. We define VRR 407

as the proportion of instances in the dataset where 408

the generated test suite satisfies both validity and 409

reproduction rules. This metric ensures that we 410

only credit tests that demonstrate both correctness 411

and effectiveness. 412

Relative Detection Rate (RDR): RDR evaluates 413

the effectiveness of generated test suites in detect- 414

ing mutants. Let M(i) denote the total set of mu- 415

tants generated for instance i. We define two sub- 416

sets: 417

M
(i)
base: The set of mutants killed by test suite in 418

the original repository. 419

M
(i)
gen: The set of mutants killed by the model- 420

generated test suite (subject to validity constraints 421

above). 422
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Table 1: Comparison of SWE-Mutation with state-of-the-art benchmarks. SWE-Mutation distinguishes itself to
integrate agentic mutation within a repository-level environment across 10 languages, addressing the limitations of
static generation and monolingual focus in prior works.

Benchmark Scale Langs Agentic Loop Mutation

TestEval (Wang et al., 2025b) Function Python ✗ None
LLMorpheus (Tip et al., 2025) Function Js ✗ few-shot LLM
BugFarm (Ibrahimzada et al., 2025) Function Java ✗ Pipeline LLM
TestGenEval (Jain et al., 2025) File Python ✗ Rule-based
SWT-bench (Mündler et al., 2024) Repository Python ✓ None

SWE-Mutation (Ours) Repository 10 languages ✓ Agentic Framework

To focus on evaluating the model’s performance423

on the specific subset of mutants that the original424

test suite failed to kill, we formulate RDR using425

the set difference operation:426

RDR =

∑N
i=1

∣∣∣M (i)
gen \M (i)

base

∣∣∣∑N
i=1

∣∣∣M(i) \M (i)
base

∣∣∣ (1)427

Here, the denominator represents the total num-428

ber of mutants that evaded the original test suite,429

while the numerator represents the subset of these430

specific mutants that the model successfully killed.431

This formulation provides a unified metric for dif-432

ferent tasks:433

test repair (Mbase ̸= ∅): The metric evaluates434

the incremental value. It strictly focuses on the new435

mutants killed by the model that were missed by436

the original developers.437

test generation (Mbase = ∅): In the absence of438

an original test suite, the set difference simplifies439

(i.e., M\∅ = M). In this case, the metric reduces440

to the absolute Mutation Score( |Mgen|
|M| ), measuring441

the model’s overall ability.442

4.4 Main Results443

We evaluate seven state-of-the-art LLMs on SWE-444

Mutation using two agentic frameworks. The re-445

sults on test generation and test repair tasks are pre-446

sented in Table 2 and Table 3. Our analysis reveals447

that even the most advanced models and frame-448

works exhibit limited performance. Specifically,449

Claude-sonnet-4.5 consistently achieves the best450

performance across all metrics and tasks, signifi-451

cantly outperforming other models. For instance,452

in the test repair task under the Claude Code frame-453

work, it attains the highest VRR (59.20%) and RDR454

(81.15%). Notably, while most models achieve455

high Pass@1 scores, their VRR scores remain sig-456

nificantly lower. This discrepancy indicates that457

while models can easily generate syntactically cor- 458

rect code, constructing logically correct tests that 459

accurately reproduce bugs remains a challenge. 460

For task difficulty, test generation proves to 461

be significantly more challenging than test re- 462

pair. Comparing the two tables, we observe a uni- 463

versal decline in metrics for the generation task. 464

For example, even for the top-performing Claude- 465

sonnet-4.5, the VRR drops from 42.60% (Repair) 466

to 29.80% (Generation) under the Mini-Swe-Agent 467

framework. This underscores the higher complex- 468

ity involved in synthesizing complete test suites 469

from blank compared to fixing existing ones. 470

About framework impact, Claude Code demon- 471

strates superior effectiveness compared to Mini- 472

Swe-Agent. Detailed log analysis reveals that Mini- 473

Swe-Agent relies solely on simple bash commands. 474

When handling the extensive code writing for test 475

generation, the use of “sed” commands leads to in- 476

dentation errors and other syntax issues. In contrast, 477

Claude Code deals with this by specialized “Edit” 478

tools, which facilitate the generation and modifica- 479

tion of large-scale files. Interestingly, as illustrated 480

in Figure 3, while models running on Claude Code 481

generally achieve higher Pass@1 and VRR scores, 482

there is no significant upward trend in RDR scores. 483

This suggests that switching frameworks primarily 484

enhances basic ability, such as formatting correct- 485

ness and reproducing the bug. However, detecting 486

complex semantic mutants requires a profound un- 487

derstanding of repository context, so the model 488

ability is still the dominant factor. 489

4.5 Results on Swe-Mutation-Multilingual 490

We evaluate the Test Repair task across 9 program- 491

ming languages with Mini-Swe-Agent as frame- 492

work. Table 4 details the performance of five mod- 493

els on test repair task. First, performance drops 494

significantly compared to Python. Claude-sonnet- 495

6



Table 2: Performance comparison on test repair task across different LLMs on SWE-Mutation.

Model
Mini-Swe-Agent Claude Code

Pass@1(%) VRR(%) RDR(%) Pass@1(%) VRR(%) RDR(%)

Claude-sonnet-4.5 97.20 42.60 79.30 99.80 59.20 81.15
Claude-sonnet-3.7 94.40 29.80 62.58 97.60 52.80 66.59
DeepSeek-V3.1 96.60 33.00 66.41 96.80 58.20 68.36
Qwen3-Coder 87.60 38.00 68.99 96.40 50.00 70.21
Kimi-K2 83.80 40.60 74.58 86.00 54.40 74.19
GLM-4.6 83.40 29.40 71.26 95.60 49.80 73.54
GPT-oss-120B 74.80 24.80 36.31 86.80 36.40 39.28

Table 3: Performance comparison on test generation task across different LLMs on SWE-Mutation.

Model
Mini-Swe-Agent Claude Code

Pass@1(%) VRR(%) RDR(%) Pass@1(%) VRR(%) RDR(%)

Claude-sonnet-4.5 96.20 29.80 63.70 98.00 40.40 71.71
Claude-sonnet-3.7 88.40 20.60 37.47 95.40 28.80 38.60
DeepSeek-V3.1 88.20 10.20 36.15 94.00 20.40 39.09
Qwen3-Coder-480B 86.20 12.40 33.33 95.20 26.80 33.21
Kimi-K2 79.40 14.60 42.59 83.60 19.20 45.12
GLM-4.6 74.60 15.20 39.79 86.20 25.40 42.11
GPT-oss-120B 59.80 8.00 25.61 65.60 19.20 28.73

Figure 3: Performance gains achieved by switching
from Mini-Swe-Agent to Claude Code.

4.5 achieved a VRR of 42.60% and an RDR of496

81.15% on Python tasks. However, in the multi-497

language setting, the score drops to 33.33% and498

58.33%. Other models show even steeper declines.499

This confirms that non-Python software engineer-500

ing tasks are much more challenging for current501

LLMs. Additionally, performance varies signifi-502

cantly across languages. We visualize the detailed503

VRR and RDR distributions in Figure 4 and 5. As504

shown, Claude-sonnet-4.5 demonstrates robust gen-505

eralization across diverse languages. In contrast,506

other models show contracted and irregular shapes.507

Specifically, performance on Java, PHP, and Rust508

significantly outperforms that on C/C++ and JS/TS.509

Our analysis identifies the root cause. Models en-510

counter major hurdles when synthesizing tests in-511

Table 4: Performance of five LLMs on test repair task
in SWE-Mutation-Multilingual (Mini-Swe-Agent). Re-
sults are averaged across all 9 programming language
instances.

Model Pass@1 (%) VRR (%) RDR (%)

Claude-sonnet-4.5 91.33 33.33 58.33
DeepSeek-V3.1 86.00 20.33 36.67
Qwen3-Coder 83.67 16.33 38.13
Kimi-K2 80.67 17.00 41.00
GLM-4.6 81.67 15.33 42.05

volving memory management (typical in C/C++) 512

and event-driven mechanisms (typical in JS/TS). In 513

Appendix E, we provide an analysis of representa- 514

tive failure cases. 515

4.6 Comparison between Mutation Strategies 516

We compare three mutation strategies on the test 517

generation task: rule-based mutation (Jain et al., 518

2025), few-shot LLM (Tip et al., 2025) and our 519

semantic-level mutation. Specific prompt settings 520

can be found in Appendix B. In this context, since 521

there is no baseline test suite (Mbase = ∅), the 522

RDR metric degenerates to the absolute percent- 523

age of mutants killed. As shown in Table 5, models 524

achieve the highest scores on random mutants. This 525
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Figure 4: RDR performance across 9 programming
languages for different LLMs.
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Figure 5: VRR performance across 9 programming
languages for different LLMs.

indicates that random syntax errors are trivial to526

detect. Scores drop partially on mutants gener-527

ated by few-shot LLM. However, models obtain528

the lowest scores on our semantic-level mutation.529

For instance, the score of Claude-sonnet-4.5 drops530

from 85.40% to 63.70%. This proves that our se-531

mantic mutants are much harder to kill. They ef-532

fectively expose the limitations of generated tests.533

We further analyze the score distribution across

Table 5: Comparison of RDR scores across different
mutation strategies on the test generation task.

Model
RDR on Mutation Strategy(%)

Rule-Based few-shot Agentic (Ours)

Claude-sonnet-4.5 75.43 69.52 63.70 ↓
Claude-sonnet-3.7 73.25 55.25 37.47 ↓
DeepSeek-V3.1 72.92 52.86 36.15 ↓
Qwen3-Coder 72.16 50.18 33.33 ↓
Kimi-K2 74.12 62.43 42.59 ↓
GLM-4.6 73.88 59.55 39.79 ↓
GPT-oss-120B 55.55 35.27 25.61 ↓

534
strategies. For rule-based method, model scores re-535

main tightly clustered within a narrow range. This536

convergence suggests that syntactic mutants fail537

to distinguish model capabilities. In contrast, our538

method reveals distinct performance gaps between 539

models. This variance confirms that our strategy 540

offers superior discrimination. Additionally, eval- 541

uations using standard SE metrics further validate 542

the quality of our mutants. Detailed results are 543

available in Appendix C.2. 544

4.7 Failure Analysis 545

To understand why models fail on SWE-Mutation 546

tasks, we manually checked the failed instances. 547

We summarize the main reasons below. 548

Lack of Global Understanding: Models tend 549

to focus on local file content and overlook global 550

structures, such as class hierarchies or project util- 551

ities. This leads to calls to undefined methods or 552

the misuse of internal APIs. Furthermore, models 553

struggle with environment dependencies and fre- 554

quently confuse relative and absolute import paths 555

or hallucinate non-existent libraries. These errors 556

directly cause execution failures. 557

Instability in Cross-file Interaction and Long 558

Contexts: Models struggle to track data flow 559

across multiple files and often fail to instantiate 560

objects defined in separate directories. Moreover, 561

generating extensive test files is error-prone. Mod- 562

els lose coherence during long code generation. We 563

observed frequent indentation errors and truncated 564

code. This issue is particularly severe when using 565

simple command-line tools. We provide a detailed 566

analysis of this in Appendix E. 567

5 Conclusion 568

We introduced SWE-Mutation, a benchmark lever- 569

aging agentic frameworks to generate complex se- 570

mantic mutants for evaluating test suite robustness. 571

Unlike trivial syntactic baselines, our approach cre- 572

ates realistic errors that reveal severe deficiencies 573

in current LLMs. For instance, DeepSeek-V3.1 574

achieves only 10.20% Verified Reproduction Rate 575

(VRR) and 36.15% Relative Detection Rate (RDR), 576

with performance further degrading in multilingual 577

settings. By demonstrating superior discriminabil- 578

ity, SWE-Mutation serves as a rigorous testbed for 579

autonomous software engineering, guiding future 580

work toward enhanced reasoning and diverse muta- 581

tion strategies. 582

Limitations 583

In this section, we discuss potential limitations in- 584

herent to the SWE-Mutation benchmark. 585
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Dependence on Data Quality: The reliability586

of SWE-Mutation fundamentally rests on the qual-587

ity of the real-world repositories. Our evaluation588

framework assumes that the provided “golden so-589

lutions” and “golden test suites” serve as the ab-590

solute ground truth. However, even in the highly591

maintained repositories included in SWE-bench,592

the code may not be exhaustive or entirely error-593

free. This phenomenon, widely known in software594

testing as the oracle problem (Barr et al., 2015),595

implies that potential imperfections in the ground596

truth could introduce minor biases into the evalua-597

tion.598

Fairness: We employ Claude-4 for mutant gen-599

eration within SWE-Mutation. We acknowledge600

that this could introduce a "same-family" bias; for601

example, Claude-3.7 might exhibit performance602

anomalies on artifacts generated by its predeces-603

sor due to distributional alignment. To address604

this, we conducted a control experiment on a sub-605

set (N = 100) using DeepSeek-V3.1 and Qwen3-606

Coder to generate mutants. We observed that607

the relative performance rankings remained robust608

across different generator models. These findings609

are discussed in detail in Appendix D.610
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Zhipu AI. 2025. Introducing glm-4.6.811

A Strategies in Mutation Module812

In this section, we detail the mutation strategies813

employed in the Mutation module. We categorize814

these strategies into five groups, each comprising815

specific sub-types. During generation, the model816

autonomously selects a sub-type from a group to817

synthesize mutants iteratively. Derived from empir-818

ical observations of real-world human errors and819

common model failures in SWE tasks, these strate-820

gies are designed with multilingual extensibility to821

support diverse programming environments.822

a: Violation of API Specifications & Contracts823

This strategy alters expected API behaviors. It824

includes modifying parameter defaults, swapping825

orders, or changing exception types. The code826

remains syntactically correct. However, it breaks827

semantic contracts. Surface-level tests easily miss828

these violations.829

a1: Alter Parameter Default or Semantics830

Modify a function’s default parameter to a subtle831

but valid edge case, or alter the internal logic han-832

dling that parameter.833

# Original (Safe default):
def fetch_url(url, timeout=30):

return requests.get(url, timeout=timeout)

# Mutant (Dangerous default - works in fast tests, hangs in
prod):↪→

def fetch_url(url, timeout=None):
# specific timeout requirement is removed
return requests.get(url, timeout=timeout)

Listing 1: a1: Altering default timeout parameters

a2: Break API Signature or Convention834

Swap the order of function parameters, causing835

failures for positional-argument-based tests while836

likely passing keyword-argument-based ones.837

# Original:
def create_user(username: str, email: str):

db.save({"u": username, "e": email})

# Mutant (Swapped args - fails logic tests, passes type
checks):↪→

def create_user(email: str, username: str):
db.save({"u": username, "e": email})

Listing 2: a2: Swapping homogeneous parameters

a3: Substitute Exception or Warning Type 838

Replace a specific exception type with another 839

logically related one, to fool generic except 840

Exception blocks while failing precise except 841

SpecificError checks. 842

# Original (Explicit failure contract):
def get_config(key):

return config_store[key] # Raises KeyError if missing

# Mutant (Silent failure - breaks callers using try/except):
def get_config(key):

return config_store.get(key) # Returns None if missing

Listing 3: a3: Relaxing exception contracts (Silent Fail-
ure)

a4: Violation of Read-Only Contracts 843

Introduce side-effects into methods that are se- 844

mantically designed for query or validation pur- 845

poses (e.g., getters or validators). This breaks the 846

"Command-Query Separation" principle, causing 847

data corruption when innocent read operations are 848

performed. 849

# Original (Pure validation):
def validate_user(user_data):

if 'temp_token' in user_data:
return check_token(user_data['temp_token'])

return True

# Mutant (Side-effect in validator - modifies input):
def validate_user(user_data):

# 'pop' modifies the dictionary, affecting downstream logic
if user_data.pop('temp_token', None):

return True
return False

Listing 4: a4: Implicit side-effects in read-only methods

b: Manipulation of Boundaries & Conditional 850

Logic 851

This strategy introduces subtle tweaks to logic. Ex- 852

amples include off-by-one errors, removing null 853

checks, or inverting booleans. Typical inputs pass 854

successfully. Failures only occur in edge cases. 855

Consequently, conventional tests struggle to kill 856

them. 857

11

https://conf.researchr.org/details/icse-2025/icse-2025-research-track/179/TestBench-Evaluating-Class-Level-Test-Case-Generation-Capability-of-Large-Language-Mo
https://conf.researchr.org/details/icse-2025/icse-2025-research-track/179/TestBench-Evaluating-Class-Level-Test-Case-Generation-Capability-of-Large-Language-Mo
https://conf.researchr.org/details/icse-2025/icse-2025-research-track/179/TestBench-Evaluating-Class-Level-Test-Case-Generation-Capability-of-Large-Language-Mo
https://z.ai/blog/glm-4.6


b1: Introduce Off-by-One Boundary Error858

Change a comparison operator like >= to >, which859

passes tests using typical values but fails on the860

exact boundary value.861

# Original (Process batches of exactly 50):
MAX_BATCH_SIZE = 50
if len(current_batch) >= MAX_BATCH_SIZE:

flush_batch()

# Mutant (Fails only when len is exactly 50):
if len(current_batch) > MAX_BATCH_SIZE:

flush_batch()

Listing 5: b1: Off-by-one error in batch processing

b2: Remove Null/Empty Case Handling862

Delete or comment out pre-condition checks for863

None or empty collections, causing downstream864

errors that simple tests might not trigger.865

# Original (Robust handling):
def parse_date(timestamp):

if not timestamp:
return None

return datetime.fromisoformat(timestamp)

# Mutant (Fails on None/Empty input):
def parse_date(timestamp):

# check removed: assumes timestamp is always valid
return datetime.fromisoformat(timestamp)

Listing 6: b2: Removing safety guards for null inputs

b3: Invert Boolean Logic or Comparison866

Flip boolean operators like and to or, which may867

not be caught by tests that only check all-true or868

all-false input combinations.869

# Original (Strict Security):
if user.is_admin and request.has_valid_token():

grant_access()

# Mutant (Security Flaw - allows admin without token):
if user.is_admin or request.has_valid_token():

grant_access()

Listing 7: b3: Weakening boolean logic in security
checks

c: Alteration of Type & Data Shape870

This strategy changes type handling or precision871

requirements. It breaks implicit type coercion or872

reduces numerical accuracy. These modifications873

primarily affect flexibility. Single-type checks or874

low-precision tests often fail to detect these shifts.875

c1: Break Implicit Type Coercion 876

Remove code that normalizes or converts inputs 877

into a standard type, causing failures for inputs that 878

rely on this implicit flexibility. 879

# Original (Flexible input):
def read_log(file_path):

file_path = str(file_path) # Handles pathlib.Path
with open(file_path) as f: ...

# Mutant (Rigid input - fails with Path objects):
def read_log(file_path):

# coercion removed
with open(file_path) as f: ...

Listing 8: c1: Removing type flexibility

c2: Reduce Numerical Precision 880

Replace a high-precision numerical operation, like 881

math.isclose, with standard floating-point logic 882

(==) that fails due to precision errors. 883

# Original (High precision):
from decimal import Decimal
total = Decimal(price) * Decimal(tax_rate)

# Mutant (Float precision error):
total = float(price) * float(tax_rate)

Listing 9: c2: Downgrading numerical precision

c3: Confuse Text vs. Bytes Encoding 884

Remove an explicit encoding argument from a file 885

or network I/O operation, making it rely on an 886

unstable system default. 887

# Original:
def parse_response(response):

return json.loads(response.content.decode('utf-8'))

# Mutant (May fail if default encoding isn't utf-8):
def parse_response(response):

return json.loads(response.content)

Listing 10: c3: Ignoring explicit encoding requirements

d: Violation of Stateful Logic & Sequences 888

This strategy disrupts object states or call se- 889

quences. It causes issues like incomplete initializa- 890

tion or broken idempotency. Single calls function 891

correctly. However, multi-step or state-dependent 892

scenarios expose the flaws. 893

d1: Break State Initialization or Reset 894

Modify __init__ or a reset() method to incom- 895

pletely initialize or clean up an object’s state, caus- 896

ing failures in multi-step test sequences. 897
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# Original:
class Cache:

def clear(self):
self._store.clear() # Clears the dictionary in-place

# Mutant (Reference error - local reassignment only):
class Cache:

def clear(self):
self._store = {} # Fails if other references exist

Listing 11: d1: Improper state reset

d2: Break Method Idempotency898

Alter a method that should be safely repeatable899

(idempotent) so that a second call introduces an900

unexpected side-effect or duplicate state.901

# Original (Idempotent):
def add_listener(self, callback):

if callback not in self.listeners:
self.listeners.append(callback)

# Mutant (Duplicate side-effects):
def add_listener(self, callback):

# check removed: multiple adds cause multiple fires
self.listeners.append(callback)

Listing 12: d2: Breaking idempotency (duplicate listen-
ers)

d3: Introduce Sequential Dependency902

Remove a pre-condition check, making a method903

implicitly dependent on another method being904

called first to work correctly.905

# Original:
def predict(self, X):

if not self.is_fitted:
raise NotFittedError("Call fit() first")

return self.model.predict(X)

# Mutant (Implicit crash instead of explicit error):
def predict(self, X):

# guard removed
return self.model.predict(X)

Listing 13: d3: Removing sequential preconditions

d4: Recursive State Leakage906

Utilize mutable default arguments or class-level ac-907

cumulators within recursive functions. This causes908

the state from one traversal to bleed into subse-909

quent, unrelated recursive calls, effectively merg-910

ing independent execution trees.911

d5: Structure Corruption912

Modify a nested element within a complex data913

structure (like a dictionary inside a list). Because914

the mutation happens deeply within the object915

graph, the root cause is often far removed from916

the crash site, mimicking subtle data flow errors.917

# Original (Stateless recursion):
def collect_nodes(node, path=None):

if path is None: path = []
# ... logic continues ...

# Mutant (State accumulation across calls):
def collect_nodes(node, path=[]): # Mutable default argument

path.append(node.id)
# path retains values from previous calls to collect_nodes
return path

Listing 14: d4: Interference between recursive calls

# Original (Non-destructive access):
def log_event(payload):

meta = payload.get("metadata", {}).copy()
meta["processed"] = True
logger.info(meta)

# Mutant (Deep mutation affecting original object):
def log_event(payload):

# Direct modification of nested object without copying
payload["metadata"]["processed"] = True
logger.info(payload["metadata"])

Listing 15: d5: Unintended mutation of deep data struc-
tures

d6: Global State Contamination 918

Replace instance-level encapsulation with module- 919

level or global variables. This introduces hidden 920

dependencies where the execution history of one 921

function call pollutes the context for subsequent 922

calls, often causing "flaky" test failures. 923

# Original (Encapsulated state):
class RateLimiter:

def __init__(self):
self._counts = {} # Isolated per instance

# Mutant (Shared global state):
_GLOBAL_COUNTS = {}
class RateLimiter:

def __init__(self):
self._counts = _GLOBAL_COUNTS # Leaks state across

instances↪→

Listing 16: d6: Context coupling via global state pollu-
tion

e: Test-Expectation Alignment 924

This strategy creates deviations between behavior 925

and expectations. It modifies error messages or 926

converts implicit behaviors to explicit parameters. 927

Core functionality remains intact. Yet, precise as- 928

sertions fail due to implementation details. 929

e1: Assertion Expectation Update 930

Change the behavior of the code so that it now 931

raises a different error type or message, invalidating 932

a precise assertion in the golden test. 933
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# Original:
if not found:

raise NotFound("Resource not found")

# Mutant (Fails tests asserting exact message text):
if not found:

raise NotFound("The requested item does not exist")

Listing 17: e1: Semantic equivalent but textually differ-
ent errors

e2: Implicit to Explicit Parameter934

Make an implicit behavior conditional on a new,935

non-default parameter, breaking tests that relied on936

the old implicit behavior.937

# Original (Always runs logic):
def cleanup_files():

os.remove(temp_path)

# Mutant (Fails tests expecting immediate deletion):
def cleanup_files(dry_run=True): # Now defaults to safe mode

if not dry_run:
os.remove(temp_path)

Listing 18: e2: Changing behavior via new explicit
parameters

B Impact of Golden Tests938

Table 6: Comparison of SWE-bench-Verified (OpenAI,
2024) resolve rates. The last column shows the relative
improvement provided by human-written golden tests
compared to self-generated tests.

Model w/o Golden (%) w/ Golden (%) Rel. Improv. (%)

Claude-sonnet-4 63.80 81.60 +27.90
Qwen3-Coder 52.40 64.40 +22.90
DeepSeek-V3.1 48.60 62.00 +27.57
Claude-sonnet-3.7 52.20 61.80 +18.39
GPT-4.1 37.60 51.20 +36.17

In this section, we investigate the critical role939

of test suite quality in solving software engineer-940

ing tasks. Table 6 presents a comparative analysis941

of five state-of-the-art LLMs on the SWE-bench-942

Verified dataset. We contrast the resolve rates under943

two conditions: utilizing models’ self-generated944

test suites (w/o Golden) versus utilizing human-945

written golden test suites (w/ Golden).946

The results demonstrate a significant perfor-947

mance gap. All evaluated models exhibit substan-948

tial gains when provided with high-quality golden949

tests. For instance, GPT-4.1 achieves a relative im-950

provement of 36.17%, while the top-performing951

Claude-sonnet-4 sees a 27.90% boost. This consis-952

tent uplift confirms that current models are severely953

bottlenecked by their inability to synthesize correct954

and robust test suites to verify their solutions. Con- 955

sequently, enhancing test generation capabilities 956

is a prerequisite for further breakthroughs in au- 957

tonomous software engineering. 958

C Mutation Details 959

C.1 Mutation Methods Settings 960

We describe the settings for two comparative base- 961

lines used in our evaluation: 962

Rule-based: We utilize the mutation operators 963

provided by the cosmic-ray library. We randomly 964

apply these operators to the files modified by the 965

golden solution, generating four mutants per in- 966

stance. 967

few-shot: We employ Claude-4 as the mutation 968

model. We construct the prompt using examples 969

from our strategy pool as few-shot demonstrations 970

and provide the files modified by the golden solu- 971

tion as context. Similarly, we generate four mutants 972

per instance. 973

C.2 Mutants Statistics 974

While previous sections have demonstrated the 975

superior value of our Agentic Mutation through 976

model-based evaluation, this section further ana- 977

lyzes the characteristics of mutants from differ- 978

ent methods using traditional software engineering 979

metrics. For all three methods, experiments are 980

conducted on a randomly sampled subset of 100 981

mutants on 25 instances. 982

Compilability Rate: This metric quantifies the 983

structural integrity of the generated code. It is cal- 984

culated as the percentage of mutants that satisfy 985

syntax constraints and can be successfully com- 986

piled or parsed without errors. 987

Realistic Rate: Adopted from Just et al. (Just 988

et al., 2014a), this metric assesses the method’s ca- 989

pability to reproduce actual defects at the instance 990

level. It represents the proportion of real-world 991

bugs for which the method successfully produces 992

at least one “coupled” mutant—defined as a mutant 993

detected by the specific golden tests that revealed 994

the original bug. 995

Coupling Rate: This metric measures the se- 996

mantic alignment (or fidelity) of individual mutants 997

with the real bug. A mutant is deemed coupled if 998

its failure profile intersects with that of the original 999

defect (i.e., they are caught by the same failure- 1000

inducing golden tests). We report this rate as the 1001

fraction of coupled mutants relative to the total 1002

number of valid mutants. 1003
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Table 7: Comparison of mutant characteristics across
three generation methods on a subset of 100 mutants.

Method
Metric(%)

Comp Real Coup

Rule-Based 100.00 38.00 39.00
few-shot 84.00 72.00 59.00
Agentic (Ours) 93.00 100.00 70.00

As shown in Table 7, Rule-Based mutation en-1004

sures perfect Mutation Details (100%) but fails to1005

replicate real bugs (38.00%), indicating a lack of se-1006

mantic depth. few-shot improves bug detection but1007

suffers from lower validity (84.00%). In contrast,1008

our Agentic framework achieves the best overall1009

performance. It attains 100.00% Detection and the1010

highest Coupling Rate (70.00%). This confirms1011

that our mutants possess high fidelity to real-world1012

errors while maintaining strong syntactic validity1013

(93.00%).1014

D Ablation Study1015

To verify the effectiveness and robustness of our1016

framework, we conducted ablation studies on a1017

random subset of 100 instances.1018

D.1 Impact of Locate Module1019

We first validate the importance of the Locate mod-1020

ule. We compare the performance w/o and w/ the1021

module. In the w/o setting, the model generates1022

mutants without provided file scope constraints or1023

structural graphs. We measure Validity Rate (com-1024

pilable mutants) and F2P Trigger Rate (mutants1025

that fail the specific test).1026

Table 8: Ablation study on the Locate module. We
compare mutant quality w/o (Unconstrained) and w/
(Trace-based) the module.

Setting
Metric(%)

Validity Rate F2P Trigger Rate

w/o Locate Module 84.00 15.00
w/ Locate Module 92.00 69.00

As shown in Table 8, removing the Locate mod-1027

ule leads to a sharp decline in F2P Trigger Rate1028

(15.00% vs 69.00%). While the model can still gen-1029

erate syntactically valid code (84.00%), it struggles1030

to target the specific defect logic without guidance.1031

This confirms that providing structural context and1032

scope restrictions is essential for generating effec- 1033

tive, targeted mutants. 1034

D.2 Impact of Mutation Backbone Model 1035

Next, we analyze how the generator LLM affects 1036

evaluation stability. We replace the default genera- 1037

tor (Claude-4) with Qwen3-Coder and DeepSeek- 1038

V3.1. We evaluate two models, Kimi-K2 and GLM- 1039

4.6, on these different mutant sets to observe rank 1040

consistency. 1041

Table 9: RDR scores of evaluator models across differ-
ent mutation backbone models.

Backbone Model
Evaluator RDR(%)

Kimi-K2 GLM-4.6

Qwen3-Coder 40.38 39.10
DeepSeek-V3.1 38.25 37.50
Claude-4 (Default) 37.99 36.15

Table 9 shows that absolute scores fluctuate 1042

slightly with different generators. Stronger genera- 1043

tors tend to produce harder mutants, lowering the 1044

scores. However, the performance gap and relative 1045

ranking between the two evaluators remain consis- 1046

tent. This indicates our framework provides reli- 1047

able evaluation regardless of the backbone model. 1048

E Case Studies 1049

In this section, we present a detailed analysis to 1050

show the reasons of failure with 3 contrasting cases. 1051

E.0.1 Repository Golden Answer 1052

The developer’s fix ensures that the attrs dic- 1053

tionary is not modified in-place, preserving im- 1054

mutability. 1055

def get_context(self, name, value, attrs):
if self.check_test(value):

- # The buggy implementation modified attrs in-place
- if attrs is None:
- attrs = {}
- attrs['checked'] = True
+ # The fix: Create a new dictionary
+ attrs = {**(attrs or {}), 'checked': True}

return super().get_context(name, value, attrs)

E.0.2 Repository Golden Test 1056

The existing test suite verifies that sub-widgets in 1057

a SplitArrayWidget do not share the ’checked’ 1058

state. 1059

+ def test_checkbox_get_context_attrs(self):
+ context = SplitArrayWidget(
+ forms.CheckboxInput(),
+ size=2,
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+ ).get_context('name', [True, False])
+
+ # Verify the second widget (False) is NOT checked
+ self.assertEqual(
+ [w['attrs'] for w in context['widget']['subwidgets']],
+ [{'checked': True}, {}]
+ )

E.0.3 The Mutant1060

We injected a mutation that mimics the original1061

bug (Side-Effect) but masks it behind a conditional1062

check.1063

def get_context(self, name, value, attrs):
if self.check_test(value):

- attrs = {**(attrs or {}), 'checked': True}
+ # Mutation: Conditionally modify in-place
+ if 'checked' not in (attrs or {}):
+ attrs = {**(attrs or {}), 'checked': True}
+ else:
+ attrs['checked'] = True

return super().get_context(name, value, attrs)

E.0.4 Model Evaluation Comparison1064

Model 1 Generation (Claude-Sonnet-4.5)1065

Result: Killed (Success)1066

Model 1 generated an Integration Test using1067

SplitArrayField. This approach naturally reuses1068

the attrs dictionary, successfully triggering and1069

detecting the side-effect bug.1070

+ def test_splitarrayfield_checkbox_attrs_not_shared(self):
+ # Create a form where widgets share context
+ class TestForm(forms.Form):
+ bool_array = SplitArrayField(
+ forms.BooleanField(required=False),
+ size=4
+ )
+
+ # Mixed data: True followed by False
+ widget = form.fields['bool_array'].widget
+ html = widget.render('bool_array', [True, False, False,

True])↪→
+
+ # Assert: The second checkbox should NOT be checked
+ self.assertIn('name="bool_array_1"', html)
+ self.assertNotIn(
+ 'checked',
+ html.split('name="bool_array_1"')[1].split('>')[0]
+ )

Model 2 Generation (Qwen3-Coder)1071

Result: Survived (Failure)1072

Model 2 generated a defensive Unit Test. By1073

explicitly using .copy(), it isolated the input data,1074

effectively preventing the side-effect from occur-1075

ring during the test execution.1076

+ def test_get_context_modifies_attrs(self):
+ widget = CheckboxInput()
+ attrs = {'class': 'my-checkbox'}
+
+ # Call 1: True (Should add 'checked')
+ context2 = widget.get_context('f2', True, attrs.copy())
+ self.assertIn('checked', context2['widget']['attrs'])
+
+ # Call 2: False (Should NOT have 'checked')
+ context3 = widget.get_context('f3', False, attrs.copy())
+
+ self.assertNotIn('checked', context3['widget']['attrs'])

E.0.5 Summary of Analysis 1077

This case study illustrates a critical distinction be- 1078

tween syntactic correctness and semantic adapt- 1079

ability in LLM-generated tests. Model 2 (Qwen3- 1080

Coder) followed strict unit testing best practices 1081

by isolating inputs (using .copy()). While gen- 1082

erally good practice, in this specific context in- 1083

volving shared mutable state (the attrs dictionary 1084

in Django widgets), this defensive coding neutral- 1085

ized the bug, causing the mutant to survive.Model 1086

1 (Claude-Sonnet-4.5) generated a test that mir- 1087

rored the actual architectural usage of the compo- 1088

nent (SplitArrayField). By observing the com- 1089

ponent’s behavior in a broader integration context 1090

rather than strictly isolating the unit, it successfully 1091

exposed the side-effect vulnerability. 1092

E.1 Memory Safety 1093

In this section, we analyze instance 1094

redis__redis-11631. This case illustrates 1095

a Buffer Contamination vulnerability where a 1096

function fails to fully overwrite a dirty stack buffer, 1097

leading to non-deterministic data corruption. 1098

E.1.1 Repository Golden Answer 1099

The function fixedpoint_d2string is responsi- 1100

ble for formatting double-precision values into a 1101

stack-allocated buffer. The fix replaces a manual 1102

loop (which could fail to execute under certain 1103

conditions) with memset to ensure deterministic 1104

initialization of the padding bytes. 1105

dst[integer_digits] = '.';
int size = integer_digits + 1 + fractional_digits;

- /* fill with 0 if required until fractional_digits */
- for (int i = integer_digits + 1; i < fractional_digits;

i++) {↪→
- dst[i] = '0';
- }
+ /* fill with 0 from fractional digits until size */
+ memset(dst + integer_digits + 1, '0', fractional_digits);

int next = size - 1;

E.1.2 Repository Golden Test 1106

The repository includes a specific unit test that in- 1107

tentionally "poisons" the stack buffer with junk 1108

data (’A’) before calling the function. This proves 1109

that the function must correctly overwrite existing 1110

memory rather than assuming a clean buffer. 1111

+ static void test_fixedpoint_d2string(void) {
+ char buf[32];
+ /* set junk in buffer */
+ memset(buf,'A',32);
+ v = 0.0001;
+ sz = fixedpoint_d2string(buf, sizeof buf, v, 4);
+ assert(sz == 6);
+ assert(buf[sz] == '\0');
+ assert(!strcmp(buf, "0.0001"));
+ }
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E.1.3 The Mutant1112

We introduce a mutant that omits the padding logic1113

entirely. This simulates a "Zero-Assumption" error1114

where the developer assumes the buffer is already1115

clean or that setting the null terminator is sufficient.1116

dst[integer_digits] = '.';
int size = integer_digits + 1 + fractional_digits;

- /* fill with 0 from fractional digits until size */
- memset(dst + integer_digits + 1, '0', fractional_digits);

int next = size - 1;
while (value >= 100) {

E.1.4 Model Evaluation Comparison1117

Model 1 Generation (Claude-sonnet-4.5)1118

Result: Killed (Success)1119

Model 1 correctly identifies that testing C string1120

manipulation requires validating against dirty mem-1121

ory. It generates a test that explicitly sets the buffer1122

content to a known "garbage" state before invoca-1123

tion.1124

+ void test_d2string_dirty_buffer(void) {
+ char buf[64];
+ // Poison stack to simulate dirty memory reuse
+ memset(buf, 0xFF, sizeof(buf));
+
+ double val = 0.0001;
+ int len = fixedpoint_d2string(buf, sizeof(buf), val, 4);
+
+ assert(len == 6);
+ assert(strcmp(buf, "0.0001") == 0);
+ }

Reason Analysis: The model successfully repli-1125

cates the "Stack Poisoning" technique used in the1126

Golden Test. By filling the buffer with 0xFF, it1127

ensures that any gap left by the mutant (which fails1128

to write ’0’s) will result in a comparison failure1129

against "0.0001".1130

Model 2 Generation (GLM-4.6)1131

Result: Survived (Failure)1132

Model 2 generates a functional test that checks1133

the output logic but operates on a default stack1134

buffer without prior initialization.1135

+ void test_d2string_basic(void) {
+ char buf[64];
+ double val = 0.0001;
+ int len = fixedpoint_d2string(buf, sizeof(buf), val, 4);
+
+ assert(len == 6);
+ assert(strcmp(buf, "0.0001") == 0);
+ }

Reason Analysis: The test survives because it1136

lacks the "Poisoning" step. In many execution envi-1137

ronments, a fresh stack allocation (char buf[64])1138

might coincidently contain zeros. Since the mutant1139

sets the length and the null terminator correctly, 1140

the test passes despite the underlying memory not 1141

being explicitly initialized, leading to a False Neg- 1142

ative. 1143

E.1.5 Summary of Analysis 1144

This case highlights the gap between functional 1145

correctness and memory safety verification.Model 1146

2 assumed an idealized environment.Model 1 (and 1147

the repository authors) understood that in C system 1148

programming, one must defensively assume mem- 1149

ory is dirty. The ability to generate setup steps like 1150

memset(buf, ’A’, ...) distinguishes safety- 1151

aware models from simple code completion mod- 1152

els. 1153

E.2 Parser State 1154

In this section, we analyze instance 1155

babel__babel-13928. This case illustrates 1156

a critical architectural concept in compiler design: 1157

Scope Stack Invariants. It demonstrates how local 1158

state mismanagement in a recursive descent parser 1159

can cause "action at a distance," where the parser 1160

misinterprets valid syntax (like await) due to a 1161

desynchronized scope stack. 1162

E.2.1 Ground Truth: Repository Golden 1163

Answer 1164

The fix involves moving the scope exit call outside 1165

the conditional block to ensure the parser state is 1166

unconditionally reset after processing parameters. 1167

1 if (isArrowFunction) {
2 this.forwardNoArrowParamsConversionAt(arrowNode,

result);↪→
3 this.prodParam.exit();
4 - this.expressionScope.exit();
5 this.state.labels = oldLabels;
6 }
7 + this.expressionScope.exit();

E.2.2 Ground Truth: Repository Golden Test 1168

The test constructs a scenario with default param- 1169

eters (arrow functions) inside an async function, 1170

which previously triggered the balanced-stack vio- 1171

lation. 1172

1 + (async function () {
2 + function f(_=()=>null) {}
3 + await null;
4 + });

E.2.3 The Mutant 1173

We introduce a mutant that makes the stack un- 1174

winding conditional. It assumes that the scope only 1175

needs to be exited if specific complexity markers 1176

(like default parameters) were encountered. 1177
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Mutation Strategy: Conditional Stack Unwind-1178

ing1179

1 if (isArrowFunction) {
2 this.forwardNoArrowParamsConversionAt(arrowNode,

result);↪→
3 this.prodParam.exit();
4 this.state.labels = oldLabels;
5 }
6 + if (this.state.hasComplexParams) {
7 + this.expressionScope.exit();
8 + }

E.2.4 Model Evaluation Comparison1180

Model 1 Generation (Claude-4)1181

Result: Killed (Success)1182

Model 1 generates a test case with a simple1183

function (no default parameters). In this scenario,1184

hasComplexParams is false, so the mutant fails to1185

exit the scope. The parser stays in the restrictive1186

parameter scope, causing it to incorrectly reject the1187

valid await in the body.1188

1 + (async function () {
2 + function simple() {}
3 + await null;
4 + });

Reason Analysis: Claude-4 correctly reasoned1189

that the fix must be invariant to the parameter con-1190

tent. By testing the "simple" path, it proved that1191

the mutant’s logic was over-optimized and failed1192

to maintain the stack invariant for standard cases.1193

Model 2 Generation (Qwen3-Coder)1194

Result: Survived (Failure)1195

Model 2 generates a test case identical to the1196

bug report, using a function with complex default1197

parameters.1198

1 + (async function () {
2 + function f(_=()=>null) {}
3 + await null;
4 + });

Reason Analysis: Qwen3-Coder failed because1199

it overfit to the specific bug report. For this input,1200

this.state.hasComplexParams is true, so the1201

mutant accidentally executes the correct cleanup1202

logic. The model failed to verify the general con-1203

tract (unconditional exit) of the parser state.1204

E.2.5 Summary of Analysis1205

This case highlights the difference between ver-1206

ifying a specific bug fix and verifying system1207

invariants.Qwen3-Coder verified that the reported1208

symptom was gone.Claude-4 verified that the stack1209

balance was maintained in all scenarios, detecting1210

the latent structural flaw in the mutant.1211

F Prompts Used in Experiments 1212

The specific prompts used for our tasks are pro- 1213

vided in this appendix. 1214

G Declaration of AI Assistants Usage 1215

In the preparation of this work, we exclusively uti- 1216

lized Gemini 3 Pro Preview to improve and polish 1217

our language. The authors conducted a thorough re- 1218

view and necessary modifications of the generated 1219

text and assume full responsibility for the content 1220

of the article. 1221
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System Prompt for Mutation Agent

— ROLE & OBJECTIVE —

You are a specialized Software Engineering Agent operating in a shell environment. Current
State: The repository is currently in a "Golden State" (fully fixed and passing tests. The graph
structure of <SOLUTION_FILES>. Your Goal: Introduce a subtle, plausible, human-like bug into
the allowed files.
Success Criteria:

• The repository must still compile/run without syntax errors.
• At least one test case must fail (Fail-to-Pass) due to your change.
• The bug must be "hard to detect" and align with a specific strategy.

— MUTATION STRATEGIES —

You MUST select exactly ONE strategy from the pool below to guide your mutation:
A. API Specifications & Contracts
(e.g., Alter default parameter values; Swap argument order; Substitute exception types)
B. Boundaries & Conditional Logic
(e.g., Introduce off-by-one errors; Remove null checks; Invert boolean logic)
C. Type & Data Shape
(e.g., Break implicit type coercion; Reduce numerical precision; Confuse text/bytes encoding)
D. I/O & Environment Handling
(e.g., Break state initialization/reset; Introduce sequential dependencies; Hardcode environment
paths)
E. Test-expectation Alignment
(e.g., Alter error messages to fail assertions; Make implicit behaviors explicit)

— CRITICAL CONSTRAINTS —

1. Baseline Preservation: The current git state contains pre-applied patches. DO NOT use ‘git
reset‘ or ‘git clean‘.

2. Allowed Files: You may ONLY modify files in: <ALLOWED_FILES>.
3. Read-Only Tests: You must NOT modify any test files or configurations.
4. Stealth: Avoid obvious sabotage. The code should look like an honest mistake.

— SUBMISSION FORMAT —

Interaction follows a THOUGHT → COMMAND loop. When finished, submit the final result as a strict
JSON object:
{
"diff": "<UNIFIED_GIT_DIFF>",
"explanation": "CHOSEN: <STRATEGY_ID>; <Reasoning on why this bug is hard to detect>"
}

Figure 6: The simplified system prompt for the Mutation Agent. The agent is tasked with introducing specific types
of mutations (Strategies A-E) into correct code to generate training data or evaluation benchmarks.
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System Prompt for Test Generation

— ROLE & OBJECTIVE —

You are an autonomous Software Engineering Agent specialized in Quality Assurance. Task: Generate
comprehensive test suites from scratch based on a Pull Request (PR) description<ISSUE_DESCRIPTION>.
Input: A PR description describing new features or fixes, and a list of cleared test files:
<TEST_FILES>.

— CRITICAL CONTEXT: BUGGY ENVIRONMENT —

The current repository state corresponds to the PR description and may contain bugs.
• Expectation: It is NORMAL for your generated tests to fail when executed (detecting the bugs).
• Requirement: Your generated code must be syntactically correct. It must compile/interpret
without errors (e.g., no missing imports, syntax errors, or undefined variables).

• Goal: Create a high-quality test suite that would pass if the code were correct.

— WORKFLOW & PROTOCOLS —

1. Analysis: Analyze the PR description to understand the intended functionality and constraints.
2. Exploration: Explore the source code (read-only) to understand class structures and
dependencies.
3. Generation:

• Re-create the files in <TEST_FILES> from scratch.
• Use incremental writing (appending blocks) for large files to avoid shell limits.
• Ensure comprehensive coverage of the features described in the PR.

4. Verification:
• STRICTLY verify syntax before submission (e.g., using python -m py_compile, javac, or node
–check).

• Fix any compilation/syntax errors immediately.

— CONSTRAINTS —

• DO NOT MODIFY: Any source code files (non-test files) or configuration files.
• Environment: You are in a non-interactive shell. Use cat, sed, or printf to write files.
• Submission: Once tests are generated and syntax-verified, submit the changes.

### SUBMISSION PROTOCOL
When the test patch is ready and syntactically verified, submit the changes using git.
Note: Do not worry if the test fails execution; that is the expected outcome for a reproduction
script.

Figure 7: The system prompt for test generation task. The model is tasked with creating new test files from scratch
to verify a specific Pull Request. A key distinction in this prompt is the instruction to prioritize syntactic correctness
over test execution success, as the underlying codebase is known to be buggy.
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System Prompt for Test Repair

— ROLE & OBJECTIVE —

You are an autonomous Software Engineering Expert specialized in Test Engineering. Task:
Generate or modify a test patch to detect a specific issue described in a Pull Request
(PR)<ISSUE_DESCRIPTION>. Input: A PR description outlining a bug or feature, and a list of
target test files: <TEST_FILES>.

— GOAL: ISSUE REPRODUCTION —

Your primary objective is to create a test case that acts as a **reproduction script** for the
reported issue.

• Detection: The test should clearly identify the presence of the bug (it should FAIL on the
current codebase).

• Correctness: The test logic itself must be correct. It should PASS once the bug is fixed.
• Scope: Focus on the specific issue mentioned in the PR description.

— RECOMMENDED WORKFLOW —

1. Analyze: Understand the bug from the PR description.
2. Examine: Review existing tests in <TEST_FILES> to match testing patterns.
3. Implement:

• Create new test files or append to existing ones.
• Ensure the test asserts the expected behavior (not the buggy behavior).

4. Verify:
• Syntactic Check: Ensure the test code compiles/interprets without errors (e.g., using python
-m py_compile).

• Logical Check: Confirm the test fails as expected (confirming the bug exists).

— CONSTRAINTS —

• MODIFY: Only test files (<TEST_FILES>) or new test files.
• DO NOT MODIFY: Production source code or configuration files.
• Interaction: Use standard shell commands (cat, sed, grep) in a non-interactive manner.

### SUBMISSION PROTOCOL
When the test patch is ready and syntactically verified, submit the changes using git.
Note: Do not worry if the test fails execution; that is the expected outcome for a reproduction
script.

Figure 8: The system prompt for the Test Repair. Unlike the Test Generation , this task focuses on creating a
"reproduction test case" that specifically targets the bug described in the PR. The goal is to produce a test that fails
on the current buggy code but would pass on fixed code.
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