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Abstract001

LLMs have demonstrated remarkable capabili-002
ties in supporting software developers, e.g., by003
automating code generation and code editing.004
In contrast, their effectiveness and limitations005
in enabling software users to incrementally im-006
prove a piece of software are currently under-007
explored. A promising paradigm toward this008
end is natural language-driven feature addition,009
which allows users to specify and modify soft-010
ware functionality purely through natural lan-011
guage (NL) descriptions, sometimes also called012
“no-code development”. This paper introduces013
NoCode-bench, a benchmark designed to eval-014
uate LLMs on real-world NL-driven software015
feature addition tasks. NoCode-bench consists016
of 634 tasks across 10 popular projects, each017
of which pairs a user-oriented documentation018
change and the corresponding code implemen-019
tation that can be validated against developer-020
written test cases. To facilitate lightweight and021
reliable evaluation, we further curate a human-022
validated subset named NoCode-bench Verified.023
It covers 114 high-quality tasks across projects,024
where the task clarity and evaluation validity025
are manually verified. We use NoCode-bench026
to assess a range of state-of-the-art LLMs. Ex-027
perimental results show that despite significant028
token consumption, the best task success rate029
remains as low as 37.72% when using the Open-030
Hands scaffold combined with Qwen3-Coder-031
480B. Our analysis reveals that LLMs face key032
challenges in performing cross-file edits, under-033
standing existing code modules, and accurately034
calling tools.035

1 INTRODUCTION036

Large language models (LLMs) have demonstrated037

remarkable capabilities in supporting software de-038

velopers across a wide range of programming039

tasks (Xu et al., 2022; Hou et al., 2024), includ-040

ing code generation, test generation, and program041

repair. These advances have led to the widespread042

adoption of LLM-powered software engineering043
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Figure 1: Overview of NL-driven feature addition tasks.

tools (Kumar et al., 2025; Pudari and Ernst, 2023), 044

where models are typically prompted with rich 045

code context and explicit instructions to generate or 046

modify source code (Xia et al., 2025; Wang et al., 047

2025). As a result, LLMs are increasingly viewed 048

as versatile programming assistants that can auto- 049

mate a wide range of developer-oriented activities. 050

In contrast, the effectiveness and limitations of 051

LLMs in supporting software users, especially in 052

incrementally improving software, are currently 053

underexplored. Software users typically hope to 054

add or modify specific features in existing soft- 055

ware to meet their needs, yet usually lack familiar- 056

ity with the underlying codebase or development 057

tools (Sahay et al., 2020; Rao et al., 2024). A 058

promising paradigm toward such user-oriented sce- 059

narios is natural language-driven feature addition. 060

This paradigm allows users to specify new software 061

functionality or behavioral changes purely through 062

natural language (NL) descriptions with the under- 063

lying code automatically generated by the no-code 064

system (Hirzel, 2023), sometimes also called “no- 065

code development”. 066

To understand and improve the performance of 067

LLMs in NL-driven feature addition, there is a need 068

for high-quality benchmarks. Although several 069

benchmarks have been proposed to evaluate LLMs 070

on software engineering problems (Jiang et al., 071

2025), they exhibit a substantial gap with respect 072

to no-code scenarios. Specifically, they predomi- 073

nantly use issue reports as task inputs, which are de- 074

signed for coordination among developers (GitHub, 075
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Inc., 2025a) and are typically authored by active076

code contributors (Bissyandé et al., 2013). Prior077

studies (Chaparro et al., 2019; Soltani et al., 2020)078

also show that high-quality issue and bug reports079

often include implementation-level technical de-080

tails such as reproduction steps, stack traces, and081

test cases, implicitly assuming familiarity with sys-082

tem internals. Such developer-centric inputs differ083

fundamentally from those in no-code development,084

where requirements are expressed in natural lan-085

guage without assuming programming expertise.086

Moreover, existing benchmarks largely focus on087

bug fixing or issue resolution, while paying lim-088

ited attention to feature addition, despite feature089

addition being a central activity and accounting for090

around 60% of software maintenance efforts (Rah-091

man, 2019; Glass, 2001).092

To fill this gap, we present NoCode-bench, a093

new benchmark designed to evaluate LLMs’ ca-094

pability in NL-driven feature addition. NoCode-095

Bench identifies feature addition tasks through re-096

lease notes and constructs natural language specifi-097

cations from changes in user-facing software doc-098

umentation, which serves as an authoritative and099

comprehensive NL specification of software func-100

tionality (Aghajani et al., 2019). It consists of 634101

carefully collected tasks derived from high-quality102

open-source projects hosted on GitHub. As illus-103

trated in Figure 1, each instance takes documen-104

tation changes as input and expects the model to105

generate corresponding code changes. The imple-106

mentation is validated using developer-written test107

cases. In addition, to provide a lightweight and108

reliable evaluation option, we manually validate a109

subset called NoCode-bench Verified. This subset110

consists of 114 instances with their task clarity and111

evaluation accuracy manually verified, enabling112

reliable evaluation under limited resources.113

We leverage both NoCode-bench Verified and114

NoCode-bench Full to systematically evaluate a115

range of state-of-the-art LLMs with the Agentless116

and OpenHands frameworks. Evaluation results117

show that, despite incurring high token consump-118

tion, the best success rate of existing models is119

only 37.72%, achieved when using Qwen3-Coder-120

480B with the OpenHands scaffold. In compari-121

son, when evaluated on SWE-bench, a developer-122

centric benchmark collected from similar projects,123

the same model and scaffold achieve a success rate124

of 69.60%. This stark performance gap highlights125

the substantial challenges of user-centric scenarios126

and no-code development. Our analysis further re-127

veals that LLMs face key challenges in performing 128

cross-file edits, understanding existing code mod- 129

ules, and accurately calling tools when completing 130

NL-driven feature addition tasks. Our code and 131

data are available at https://anonymous.4open. 132

science/r/NoCode-bench-DFBC. 133

In summary, our main contributions are: 134

• We introduce NoCode-bench, a novel user- 135

centric benchmark that evaluates NL-driven soft- 136

ware feature addition, paving the way for no-code 137

software development. 138

• We present a systematic five-phase construction 139

pipeline to ensure the quality and fidelity of the 140

benchmark, and further provide a manually vali- 141

dated subset for lightweight and reliable evalua- 142

tion under limited resources. 143

• We comprehensively evaluate multiple state-of- 144

the-art LLMs on NoCode-bench, analyze their 145

performance from both quantitative and qualita- 146

tive perspectives, and identify key factors that 147

affect model performance. 148

2 NoCode-bench 149

NoCode-bench focuses on evaluating LLMs in NL- 150

driven feature-addition scenarios. It comprises 151

634 tasks collected from 10 popular open-source 152

projects. Each task corresponds to a real-world fea- 153

ture addition explicitly documented in the project’s 154

official release notes. Each feature addition in- 155

cludes a coordinated change to the documenta- 156

tion, the code change, and the test suite. The 157

goal of each task is to produce a patch that im- 158

plements the feature specified by the documenta- 159

tion change and passes the relevant tests. The in- 160

put includes the documentation changes and the 161

complete codebase, as illustrated in Figure 1. The 162

task design aligns with documentation-first devel- 163

opment practices, such as README-driven devel- 164

opment (Preston-Werner, 2010), OpenAPI-based 165

workflows (OpenAPI, 2025), and Spec-driven de- 166

velopment (GitHub, Inc., 2025b), where documen- 167

tation changes precede and guide code modifica- 168

tions. 169

2.1 Benchmark Construction 170

We focus on high-quality, real-world software de- 171

velopment data to construct the NoCode-bench 172

through five phases (Figure 2): 173

Phase 1: Project Selection. The project selec- 174

tion begins with the 12 projects used in SWE- 175

bench (Jimenez et al., 2024), which are actively 176
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Figure 2: The workflow of building NoCode-bench.

maintained and well-documented open-source177

projects. Unlike SWE-bench, which constructs in-178

stances by linking GitHub issues to corresponding179

pull requests (PRs), we identify real-world feature180

addition tasks from release notes, which are written181

or confirmed by project developers and typically182

include clearly labeled feature additions, making183

them a reliable source of accurate task annotations.184

To ensure that the benchmark is reliable, represen-185

tative, and suitable for NL-driven feature addition,186

we apply additional criteria when selecting projects.187

Eligible projects must: (1) provide release notes188

that signal sustained maintenance (Bi et al., 2020;189

Yu, 2009); (2) label each change item with its type190

(e.g., feature, enhancement), which supports accu-191

rate identification of feature-addition instances; and192

(3) link every change item to at least one GitHub193

PR, allowing us to trace documented features back194

to their corresponding code modifications. Follow-195

ing this approach, we evaluate all 12 projects from196

SWE-bench and find that 10 of them meet all the197

above conditions. The flask (Pallets, 2025) and198

sympy (Team, 2025) projects lack feature-labeled199

annotations and are thus excluded.200

Phase 2: Instance Collection. For each project201

selected in Phase 1, we retrieve all PRs correspond-202

ing to the feature additions identified from release203

notes, resulting in a total of 3,263 PRs. To ensure204

that every instance reflects a genuine, verifiable205

feature update, we retain only PRs that simultane-206

ously modify (1) source code, (2) test files, and (3)207

user-facing documentation. Unlike SWE-bench,208

which considers only source code and test modi-209

fications, we additionally require documentation210

changes, which serve as the NL specification pro-211

vided as input to our task. Compared to issue re-212

ports, it better aligns with the no-code setting, as213

they describe the intended feature behavior without214

exposing implementation details. For each retained215

PR, we record the base commit, the documentation216

diff (i.e., the input of the NL-driven feature addition217

task), and the feature and test patches (i.e., the eval-218

uation oracle). Applying these criteria yields 1,571219

candidate instances, which are then processed.220

Phase 3: Environment Construction. To evalu- 221

ate feature implementations reliably, each instance 222

must be executed in a reproducible environment. 223

Unlike SWE-bench, which builds one Docker im- 224

age per instance, we adopt a more scalable strat- 225

egy (Yang et al., 2025c): one base Docker image 226

per project, with version-specific isolation han- 227

dled through lightweight environment management, 228

i.e., Anaconda (Rolon-Mérette et al., 2016). This 229

design leverages the fact that instances within a 230

project usually share similar dependencies, reduc- 231

ing redundancy while preserving reproducibility. 232

For each project, we reconstruct the environment 233

corresponding to the feature’s base commit and 234

install its declared dependencies. When discrepan- 235

cies arise, such as unpinned or outdated library 236

versions, we apply minimal manual fixes to re- 237

store executability. Because such issues often recur 238

across instances of the same project, a small num- 239

ber of fixes typically generalize broadly. This phase 240

ensures that all tasks run in clean and consistent 241

containerized environments, providing a reliable 242

foundation for automated test-based evaluation. 243

Phase 4: Instance Filtering. Then, we verify that 244

each collected PR indeed corresponds to a valid 245

feature addition. For every instance, we execute 246

the test files modified or introduced in the PR both 247

before and after applying the feature patch. Tests 248

that remain passed (PASSED→PASSED) ensure 249

regression safety, while tests that transition from 250

failing to passing (FAILED→PASSED) serve as ev- 251

idence that the new feature has been implemented. 252

We denote these two categories as F→P tests and 253

P→P tests, respectively. An instance is kept only if 254

it contains at least one such validation test, provid- 255

ing a clear behavioral signal of feature emergence. 256

Unlike SWE-bench, we do not discard instances 257

whose pre-patch executions raise errors (e.g., Im- 258

portError or AttributeError), as such failures nat- 259

urally arise when a feature introduces previously 260

undefined modules, classes, or functions. Applying 261

this filtering yields 634 validated feature addition 262

instances used in NoCode-bench. 263

Phase 5: Input Refinement. During benchmark 264
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construction, we observed that some feature addi-265

tions introduce new program entities (e.g., files,266

classes, or methods) that are referenced in tests267

and implementation patches but not mentioned in268

the documentation change. As the evaluation is269

test-driven, mismatched or missing entity names270

can cause models to fail tests even when the gen-271

erated feature is correct. Simply discarding such272

cases, as done in prior work (Jimenez et al., 2024),273

would remove legitimate feature additions and thus274

reduce benchmark coverage. To preserve these275

instances while avoiding superficial evaluation fail-276

ures, we extract the names of newly introduced,277

test-referenced code entities, such as classes and278

methods, through lightweight static analysis. These279

names can be appended as optional hints to the280

model input to reduce false negatives, or omitted281

for a stricter evaluation setting. We release both282

benchmark variants to support different evaluation283

preferences. Additionally, we automatically mask284

PR numbers, URLs, and other metadata in docu-285

mentation diffs to prevent models from leveraging286

memorized or externally fetchable information.287

Together with previous phases, this yields the fi-288

nal set of 634 NL-driven feature addition tasks used289

in NoCode-bench. A final breakdown of these task290

instances across projects is presented in Table 1.291

Technical details about NoCode-bench’s construc-292

tion pipeline are discussed in Appendix A.1.293

2.2 NoCode-bench Verified294

To complement the full benchmark of 634 instances295

(NoCode-bench Full) and support lightweight, reli-296

able evaluation, we construct a manually validated297

subset, NoCode-bench Verified. This subset is in-298

tended for fine-grained debugging, controlled stud-299

ies of model behavior, and scenarios with limited300

computational budgets.301

Construction Process. We aim to preserve diver-302

sity across projects and target a subset of roughly303

100 high-quality instances. We sample candidate304

tasks from all projects and perform double-blind305

manual verification following the guidelines of306

SWE-bench Verified (Chowdhury et al., 2024).307

Five experienced developers independently assess308

each sampled instance.309

Annotation Criteria The annotation adopts two310

criteria: task clarity and evaluation accuracy. Both311

criteria use a coarse 0-3 scale, with lower scores312

indicating higher quality. The task clarity measures313

whether a competent engineer, with access to the314

codebase, can reasonably infer the expected imple-315

Table 1: Instance counts of each project in
NoCode-Bench Full and NoCode-Bench Verified.

Project Owner Full Verified

seaborn mwaskom 28 13
scikit-learn scikit-learn 234 16
xarray pydata 87 17
astropy astropy 164 19
django django 24 8
pylint pylint-dev 16 6
sphinx sphinx-doc 51 17
pytest pytest-dev 4 1
requests psf 2 1
matplotlib matplotlib 24 16

Total – 634 114

mentation from the updated documentation. The 316

evaluation accuracy reflects whether the test patch 317

provides appropriate and targeted functional cov- 318

erage of the described feature. Annotators may 319

additionally flag instances exhibiting other major 320

issues. 321

Annotation Results We discard instances whose 322

task clarity or evaluation accuracy receives a score 323

of 2 or higher, as well as any instance flagged for 324

major issues. This process removes 124 candidates 325

and yields 114 verified instances. Inter-annotator 326

agreement, measured by Cohen’s kappa, is 0.42, 327

which is comparable to 0.39 in SWE-bench Verified 328

and indicative of moderate but acceptable reliabil- 329

ity. 330

NoCode-bench Verified thus offers a curated, 331

dependable subset for controlled LLM evaluation 332

while remaining representative of documentation- 333

driven feature addition scenarios. The complete 334

annotation process and results are documented in 335

Appendix A.2. 336

3 Benchmark Characteristics 337

To better understand the unique characteristics and 338

challenges posed by NoCode-bench, we analyze 339

the distribution of instances in NoCode-bench and 340

SWE-bench across dimensions related to input 341

complexity, localization difficulty, and editing diffi- 342

culty, as shown in Figure 3. For better visualization, 343

we remove the top 1% of the data in Figure 3, but 344

we keep them during the following analysis. 345

Input complexity. Unlike SWE-bench, which uses 346

issue descriptions as input, NoCode-bench takes 347

document changes as input and requires the LLM 348

to understand the semantic differences before and 349

after the change. Long document changes pose 350

extra challenges for the LLM to comprehend the 351

4



Figure 3: Comparison of golden patch distributions between NoCode-bench and SWE-bench along dimensions
related to localization and editing difficulty. ECDF stands for “empirical cumulative distribution function”.

task and generate appropriate outputs. As shown352

in Figure 3 (a), the average length of issue descrip-353

tions in SWE-bench Full and Verified is 480.37 and354

447.72, respectively, while the average length of355

document changes in NoCode-bench Full and Ver-356

ified is 739.06 and 820.65, which is nearly twice357

as long as that in SWE-bench. This indicates that358

tasks in NoCode-bench require LLMs to capture359

information from longer and more complex task360

inputs, posing greater challenges to their abilities361

in long-text comprehension, identifying key infor-362

mation, and attending to fine-grained details.363

Localization Difficulty. Accurate localization in364

the codebase is a necessary condition for gener-365

ating the correct patches. Localization is particu-366

larly challenging when multiple files are involved367

or when the changes are scattered across many368

code regions. As shown in Figure 3 (b,c), on aver-369

age, golden patches in NoCode-bench Full involve370

edits to 2.65 files and 10.32 hunks, whereas in371

SWE-bench Full, they involve only 1.66 files and372

4.12 hunks. In the Verified subsets, the number of373

files involved is 2.39 for NoCode-bench and 1.24374

for SWE-bench, with corresponding hunk counts375

of 8.96 and 2.43. Moreover, Figure 3 (d) reveals376

that NoCode-bench includes a much higher propor-377

tion of patches that involve adding or deleting files.378

13.56% of instances in NoCode-bench Full require379

new files, while the percentage is only 1.70% in380

SWE-bench Full. These results indicate that our381

benchmark requires LLMs to locate multiple code382

blocks spread across different files within large383

codebases, which goes far beyond the demands384

of issue-solving tasks in SWE-bench, leading to385

localization complexity.386

Editing Difficulty. Once the correct edit location is387

identified, the correct code segments must be gen-388

erated to realize the intended functionality. Larger389

edits typically increase the chance of introducing390

syntactic or semantic errors. We measure the total391

number of lines changed in golden patches, i.e., the392

ground truth edits excluding changes to tests and 393

documentation files, as shown in Figure 3 (e). In 394

NoCode-bench Full, golden patches involve an av- 395

erage of 179.12 lines of edits, and 179.22 lines 396

in NoCode-bench Verified. In contrast, golden 397

patches in SWE-bench Full average 37.71 lines 398

of edits, and only 14.32 lines in SWE-bench Veri- 399

fied. Furthermore, we find that SWE-bench patches 400

are small, with nearly all patches under 200 lines. 401

In contrast, NoCode-bench includes a substantial 402

portion of larger edits, with nearly 20% of patches 403

exceeding 200 lines. These larger modifications 404

may require stronger code generation capabilities 405

and greater coherence across multi-line edits. 406

4 Experimental Setup 407

Model Selection. Completing a task in NoCode- 408

bench typically requires a deep understanding of 409

the target project, demanding strong reasoning 410

ability and the capacity to handle long contexts. 411

Considering these requirements, we selected 8 412

state-of-the-art LLMs for evaluation on NoCode- 413

bench Verified. Four of them are open-source 414

models, i.e., DeepSeek-v3-0324 (Liu et al., 2024), 415

DeepSeek-R1-0528 (Guo et al., 2025a), Qwen3- 416

235B-A22B (Yang et al., 2025a), and Qwne3- 417

Coder-480B-A35B, where DeepSeek-R1 is a rea- 418

soning model and Qwen3-235B-A22B is used in 419

thinking mode. The other four are closed-source 420

models, i.e., Claude-4-Sonnet (Anthropic, 2024), 421

GPT-4o-2024-11-20 (OpenAI, 2024), Gemini-2.5- 422

Pro-Exp-03-25 (Comanici et al., 2025), and GPT- 423

5-mini (OpenAI, 2025), where Gemini-2.5-Pro 424

is a reasoning model and GPT-5-mini is used in 425

medium thinking. For brevity, version numbers 426

will be omitted when referencing model names 427

throughout the paper. NoCode-bench Full is sig- 428

nificantly larger than NoCode-bench Verified, with 429

5.6 times the number of instances. Due to the 430

high cost of Claude-4-Sonnet, Qwen3-Coder, GPT- 431

5-mini, and Gemini-2.5-Pro (total estimated at 432
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Table 2: Performance comparison across different LLMs on NoCode-bench Verified.

Model Agentless OpenHands

Success% Applied% RT% FV-Micro FV-Macro File% #Token Success% Applied% RT% FV-Micro FV-Macro File% #Token

Open-Source Model

Qwen3-235B 13.16% 100.00% 76.32% 8.75% 22.39% 42.98% 0.12M 7.89% 64.91% 47.37% 1.96% 14.03% 45.61% 0.24M
DeepSeek-v3 21.05% 98.25% 78.95% 7.96% 32.80% 57.14% 0.30M 11.40% 65.79% 49.12% 1.68% 18.29% 56.14% 0.59M
DeepSeek-R1 25.44% 93.86% 73.68% 10.87% 35.52% 50.47% 0.50M 7.02% 47.37% 46.49% 0.47% 10.86% 38.60% 0.39M

Qwen3-Coder-480B 28.07% 100.00% 82.46% 9.03% 40.12% 54.39% 0.45M 37.72% 92.11% 84.21% 10.96% 50.45% 63.16% 2.91M

Closed-Source Model

GPT-4o 13.16% 100.00% 67.54% 7.97% 22.32% 47.37% 0.11M 5.26 % 63.16% 57.89% 0.45% 6.76% 34.21% 0.58M
Gemini-2.5-Pro 12.28% 100.00% 74.56% 6.22% 20.55% 48.25% 0.29M 0.00% 54.39% 61.40% 0.01% 0.29% 0.00% 0.47M

Claude-4-Sonnet 28.07% 100.00% 79.82% 8.47% 38.48% 57.89% 0.33M 25.44% 68.42% 69.30% 11.25% 36.48% 67.54% 2.32M
GPT-5-mini 26.32% 98.25% 82.46% 10.63% 37.82% 53.98% 0.21M 36.84% 87.72% 80.70% 12.61% 49.64% 64.60% 1.69M

Average 20.94% 98.80% 76.97% 8.74% 31.25% 51.56% 0.29M 16.45% 67.98% 62.06% 4.92% 23.35% 46.23% 1.15M

Table 3: Performance comparison across different
LLMs on NoCode-bench Full with Agentless.

Model Success% Applied% RT% FV-Micro FV-Macro File% #Token

Qwen3-235B 6.62% 99.37% 75.24% 10.78% 15.77% 39.46% 0.19M
DeepSeek-v3 11.83% 99.84% 77.44% 16.02% 24.09% 47.48% 0.31M
DeepSeek-R1 14.83% 95.90% 79.34% 10.53% 25.78% 44.89% 0.57M

GPT-4o 9.31% 97.00% 71.14% 8.68% 17.81% 43.58% 0.11M

Average 10.65% 98.03% 75.79% 11.50% 20.86% 43.85% 0.30M

USD 5,124) running on NoCode-bench Full, we433

focus on NoCode-bench Verified for those models.434

Scaffold Selection. Due to the complexity of435

NL-driven feature addition tasks, directly prompt-436

ing LLMs to generate the required changes is im-437

practical. Therefore, we adopt two state-of-the-art438

general scaffolds for solving software engineering439

tasks: a pipeline-based method, Agentless (Xia440

et al., 2025), and an agent-based method, Open-441

Hands (Wang et al., 2025). They respectively rep-442

resent two distinct paradigms to automate SE tasks443

using LLMs, and both have attained top scores on444

SWE-bench, detailed in Appendix B.2.445

Evaluation Metrics. Following prior stud-446

ies (Jimenez et al., 2024; Zan et al., 2025; Guo et al.,447

2025b), our end-to-end evaluation primarily consid-448

ers the success rate (i.e, the proportion of instances449

for which given patch passes the accompanied test450

suite) of feature addition tasks (Success%), the451

success rate of patch application (Applied%), and452

the average token cost (#Token). Additionally,453

two other metrics are used: File Matched Rate454

(File%) measures alignment between model-edited455

and reference files, and Regression Tests Pass456

Rate (RT%) assesses the preservation of existing457

functionality. We introduce a new metric named458

Feature Validation Rate (FV) to evaluate whether459

the added feature passes the F→P tests, which is460

reported at both micro and macro levels to reflect461

overall test-level performance and instance-level462

robustness, respectively. Detailed definitions are463

provided in Appendix B.1. 464

5 Results 465

5.1 Performance on NoCode-bench Verified 466

The evaluation results are shown in Table 2. We 467

find that even the most advanced LLMs still exhibit 468

limited performance in NL feature addition. Specif- 469

ically, among the evaluated models, Qwen3-Coder- 470

480B achieves the highest success rate of 37.72% 471

on NoCode-bench Verified with the OpenHands 472

scaffold. The closed-source models GPT-4o and 473

Gemini-2.5-Pro exhibit lower scores, with success 474

rates of 5.26% and 0%. These results highlight sig- 475

nificant performance differences across models of 476

varying sizes and architectures under the same scaf- 477

fold. Notably, the success rate on NoCode-bench 478

Verified is much lower than that on SWE-bench 479

Verified. For example, Claude-4-Sonnet combined 480

with OpenHands achieves 70.4% on SWE-bench 481

Verified but only 25.44% on NoCode-bench Veri- 482

fied, implying that NL-driven feature addition tasks 483

present a substantially greater challenge compared 484

to issue-solving tasks. A detailed comparison of 485

scaffold performance and further analysis can be 486

found in Appendix C.1. We further discuss the 487

unique challenges associated with NL-driven fea- 488

ture addition in Section 5.3. 489

5.2 Performance on NoCode-bench Full 490

Considering the better average performance of 491

Agentless and the high cost of OpenHands, we use 492

Agentless to evaluate the models on NoCode-bench 493

Full, and report the results in Table 3. We find that 494

all four models show decreased performance on 495

NoCode-bench Full compared to NoCode-bench 496

Verified. Specifically, the average success rate of 497

the four used models drops from 18.20% to 10.65%, 498

and the file matched rate drops from 49.49% to 499

6



Table 4: Performance across different LLMs on
NoCode-bench for single-file and multi-file tasks.

Model Scaffold Single-File Modification Multi-File Modification

Success% Applied% Success% Applied%

NoCode-bench Verified

Total Instances 61 53

Qwen3-235B Agentless 21.31% (13) 100.00% (61) 3.77% (2) 100.00% (53)
OpenHands 13.11% (8) 65.57% (40) 1.89% (1) 64.15% (34)

DeepSeek-v3 Agentless 31.15% (19) 100.00% (61) 9.43% (5) 96.23% (51)
OpenHands 14.75% (9) 67.21% (41) 7.55% (4) 64.15% (34)

DeepSeek-R1 Agentless 40.98% (25) 98.36% (60) 7.55% (4) 88.68% (47)
OpenHands 11.48% (7) 47.54% (29) 1.89% (1) 47.17% (25)

Qwen3-Coder-480B Agentless 40.98% (25) 100.00% (61) 13.21% (7) 100.00% (53)
OpenHands 52.46% (32) 93.44% (57) 20.75% (11) 90.57% (48)

GPT-4o Agentless 19.67% (12) 100.00% (61) 5.66% (3) 100.00% (53)
OpenHands 6.56% (4) 68.85% (42) 3.77% (2) 56.60% (30)

Gemini-2.5-Pro Agentless 19.67% (12) 100.00% (61) 3.77% (2) 100.00% (53)
OpenHands 0.00% (0) 52.46% (32) 0.00% (0) 56.60% (30)

Claude-4-Sonnet Agentless 44.26% (27) 100.00% (61) 9.43% (5) 100.00% (53)
OpenHands 39.34% (24) 68.85% (42) 9.43% (5) 67.92% (36)

GPT-5-mini Agentless 39.34% (24) 96.72% (59) 11.32% (6) 100.00% (53)
OpenHands 52.46% (32) 91.80% (56) 18.87% (10) 83.02% (44)

NoCode-bench Full

Total Instances 290 344

Qwen3-235B Agentless 11.38% (33) 99.66% (289) 2.62% (9) 99.13% (341)

DeepSeek-v3 Agentless 20.00% (58) 100.00% (290) 4.94% (17) 99.71% (343)

DeepSeek-R1 Agentless 24.83% (72) 96.55% (280) 6.40% (22) 95.35% (328)

GPT-4o Agentless 15.17% (44) 98.97% (287) 4.36% (15) 95.35% (328)

43.85%. This drop may be primarily due to the500

increased scale and complexity, as shown in Sec-501

tion 3, as well as the presence of some noise (e.g.,502

ambiguous document changes or overly specific503

tests) in NoCode-bench Full. These factors make it504

more challenging. A detailed analysis of this phe-505

nomenon is provided in Appendix C.2. It is worth506

noting that the ranking and relative performance507

of the models on NoCode-bench Verified are pre-508

served on NoCode-bench Full except Qwen3-235B509

and GPT-4o. A larger decline of Qwen3-235B than510

GPT-4o suggests that model robustness can vary as511

the evaluation shifts from a curated, high-quality512

subset to a larger set in real-world settings. We513

further explain this phenomenon in Appendix C.2.514

5.3 Failure Analysis515

To investigate why LLMs fail to solve tasks on516

NoCode-bench, we manually examine 160 failed517

instances (randomly sample 10 instances per model518

per scaffold) and identify the following primary519

reasons for LLM failures on NoCode-bench.520

Lack of cross-file editing capability. In521

NoCode-bench Verified and NoCode-bench Full,522

only 53.5% and 45.7% of the instances can be523

solved by editing a single file, respectively, indi-524

cating that NoCode-bench requires the LLM to be525

good at performing cross-file edits. To further in-526

vestigate how cross-file editing capability affects527

performance on feature addition tasks, we compute528

the number of modified files in the golden patch529

for each instance and divide the dataset into two 530

groups: single-file (#modified_files = 1) and multi- 531

file (#modified_files > 1). We analyze the perfor- 532

mance of LLMs on single-file and multi-file tasks, 533

and present the results in Table 4. On NoCode- 534

bench Verified and NoCode-bench Full, the best- 535

performing model solves only 20.75% and 6.40% 536

of the multi-file instances, respectively. These re- 537

sults indicate that the lack of cross-file editing capa- 538

bility is one of the main reasons for LLM failures 539

on NoCode-bench. 540

Lack of comprehensive understanding of ex- 541

isting code modules. Through manual inspection, 542

we find that LLMs often attempt to implement new 543

features by directly modifying the code of existing 544

features, and 39.38% of the examined instances 545

exhibit this error. This can lead to the new feature 546

overriding existing features, resulting in failure in 547

regression tests. A typical example is the patch 548

generated by DeepSeek-v3+Agentless on the task 549

“pylint-7869” (detailed in Appendix C.3). This im- 550

plies that LLMs lack a comprehensive understand- 551

ing of existing code modules and face challenges in 552

figuring out what and how existing code modules 553

should be edited. 554

Parsing failure in LLM’s tool-calling. This 555

type of error occurs during the tool-calling phase of 556

the OpenHands CodeAct Agent. For Gemini-2.5- 557

Pro, all the examined instances exhibit this error. 558

OpenHands relies on a set of predefined tools that 559

allow the model to access the repository, requiring 560

the LLM to return detailed tool-call information 561

in a strictly defined JSON format. This makes the 562

system highly dependent on the output formatting 563

capability of LLMs. However, nearly all LLMs 564

fail to invoke tools in the correct output format for 565

some samples, with Gemini-2.5-Pro being particu- 566

larly prone to this issue, which directly results in a 567

success rate of 0 on NoCode-bench Verified. A typ- 568

ical case is shown in Appendix C.4, where Gemini 569

repeatedly fails to format tool calls correctly, even- 570

tually causing the context window to overflow and 571

preventing successful patch generation. This case 572

demonstrates that the model’s capability to gener- 573

ate formatted output during the tool-calling signifi- 574

cantly impacts the agent’s ability to operate on the 575

codebase and can even directly lead to failure. 576
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6 Related Work577

6.1 Benchmarks for Evaluating LLMs in SE578

Evaluating the capabilities of LLMs in software579

engineering (SE) has attracted increasing atten-580

tion, leading to the development of several bench-581

marks. Among these, SWE-bench (Jimenez et al.,582

2024) has emerged as one of the most influential583

benchmarks for assessing LLMs on issue resolu-584

tion tasks. A line of follow-up work has extended585

SWE-bench to multilingual (Zan et al., 2024, 2025),586

multimodal (Yang et al., 2025b; Guo et al., 2025b),587

and industrial (Rondon et al., 2025) scenarios, pro-588

moting broader language and scenario coverage in589

issue-solving tasks. FEA-Bench (Li et al., 2025b)590

aims to evaluate LLMs on feature addition tasks,591

with detailed code-level specifications, docstrings,592

and pull request descriptions as task inputs. How-593

ever, these benchmarks rely on developer-centric594

inputs, such as issue reports, and assume familiar-595

ity with the codebase and the implementation-level596

terminology (Chaparro et al., 2019; GitHub, Inc.,597

2025a). As a result, they provide limited insight598

into LLMs’ capabilities in user-centric scenarios.599

Also, most of them focus on bug fixing or issue600

solving, while largely overlooking feature addition,601

which accounts for about 60% of software mainte-602

nance activities (Rahman, 2019).603

Table 5 provides a detailed comparison between604

NoCode-bench and related benchmarks, highlight-605

ing several distinctive features of NoCode-bench:606

(1) NoCode-bench adopts a more user-centric607

no-code setting where user-facing documentation608

changes are provided as inputs, rather than code-609

level specifications; (2) NoCode-bench does not610

constrain instances to those introducing new com-611

ponents, recognizing that many feature additions612

extend existing code; (3) NoCode-bench identifies613

feature-adding PRs based on developer-maintained614

release notes to reduce noise (Xu et al., 2024;615

Zhang et al., 2025). In addition, we manually con-616

struct a verified subset to enable lightweight yet617

reliable evaluation.618

6.2 Automating SE tasks with LLMs619

Recently, LLM-based methods (Jiang et al., 2025)620

have been proposed for automating SE tasks,621

mainly including pipeline-based and agent-based622

methods. Pipeline-based methods typically decom-623

pose tasks into stages (e.g., localization, repair,624

and validation) based on prior knowledge and re-625

quire LLMs to follow a fixed workflow. Examples626

Table 5: Comparison with existing benchmarks.

Aspect SWE-bench GITS-Eval FEA-Bench NoCode-bench

Development
scenario

Developer-centric Developer-centric Developer-centric User-centric

Task type Issue resolution Issue resolution Feature addition Feature addition

Task input
Issue
description

Issue
description

Code-level specs,
PR description

Documentation
changes

Instance selection N/A N/A
PRs introducing
new components

PRs containing
doc changes

Feature
identification

N/A N/A
Prompting
LLMs

Mining
release notes

Verified subset Yes Yes No Yes

Open-source Yes No Yes Yes

include Agentless (Xia et al., 2025), and PatchPi- 627

lot (Li et al., 2025a). Agent-based methods equip 628

agents with various tools (e.g., bash and language 629

servers) to access and modify the codebase, and 630

rely on the decision-making and tool invocation 631

capabilities of LLMs. Examples include Open- 632

Hands (Wang et al., 2025), RepairAgent (Bouzenia 633

et al., 2025), and ExecutionAgent (Bouzenia and 634

Pradel, 2025). While these methods have achieved 635

significant advances, they are typically evaluated in 636

a developer-centric way, where the inputs include 637

implementation-level details and assume program- 638

ming expertise. In contrast, feature addition tasks 639

in NoCode-bench are specified with user-facing 640

documentation changes. This mismatch introduces 641

new and unique challenges for applying prior meth- 642

ods to NoCode-bench. 643

7 CONCLUSION 644

We introduce NoCode-bench, a challenging bench- 645

mark for evaluating LLMs’ software engineering 646

capabilities in NL-driven feature addition. NoCode- 647

bench is constructed with a systematic five-phase 648

pipeline. It consists of 634 real-world feature ad- 649

dition tasks identified from developer-maintained 650

release notes. Given documentation changes within 651

a repository as input, NoCode-bench requires sys- 652

tems to generate a patch that adds a new feature. 653

We evaluate 8 advanced LLMs using two represen- 654

tative scaffolds, Agentless and OpenHands. Our re- 655

sults show that the best-performing model succeeds 656

in only 37.72% of instances in NoCode-bench Ver- 657

ified and 14.83% in NoCode-bench Full. This 658

demonstrates that NL-driven feature addition is 659

a uniquely difficult and unsolved problem. More- 660

over, we analyze failure cases on NoCode-bench 661

to guide future improvements in cross-file editing, 662

code module understanding, and tool-calling capa- 663

bilities. 664

8



LIMITATIONS665

NoCode-bench, while designed to reflect realistic666

documentation-driven feature additions, has several667

limitations.668

First, the benchmark is constructed from his-669

torical GitHub repositories, raising the possibility670

of data leakage, as such data may appear in the671

training corpora of modern large language models.672

We mitigate this risk by masking PR numbers and673

other metadata, and the consistently low success674

rates across strong LLMs suggest limited practical675

impact, though the risk cannot be completely ruled676

out.677

Second, the current benchmark focuses on well-678

maintained open-source Python projects with struc-679

tured release notes. This choice ensures clean and680

interpretable task definitions but limits language681

and ecosystem diversity. Although the construction682

methodology is language-agnostic and can be ex-683

tended to other settings, future work is needed to684

broaden project coverage.685

In addition, our evaluation relies on two scaf-686

folds (i.e., Agentless and OpenHands), which repre-687

sent strong baselines but do not cover the full spec-688

trum of possible code-execution or agent frame-689

works. Performance under other scaffolds remains690

unexplored. Nonetheless, the modest results ob-691

served across multiple LLMs indicate that NoCode-692

bench poses meaningful challenges that extend be-693

yond scaffold-specific behaviors.694

Ethics Statement695

NoCode-bench is constructed entirely from pub-696

licly available open-source software projects, all of697

which are used in accordance with their original li-698

censes. The benchmark is intended for research pur-699

poses and does not involve any sensitive personal700

data. Both the dataset and the accompanying code701

will be released for academic use. Users should be702

aware that code produced by models when perform-703

ing benchmark tasks could potentially be harmful704

to computer systems, and we recommend evaluat-705

ing model outputs in controlled environments such706

as Docker containers.707
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A BENCHMARK DETAILS927

A.1 Construction Details928

This appendix provides implementation-level de-929

tails of the NoCode-bench construction pipeline.930

A.1.1 Project and Release Note Processing 931

While the main text describes the project selection 932

criteria, here we detail how release notes are pro- 933

cessed in practice. We treat each feature-labeled 934

item in a release note as an update entry. Be- 935

cause release note formats vary substantially across 936

projects (e.g., Markdown, HTML, or Jupyter Note- 937

book), we implement lightweight, project-specific 938

parsers to normalize release note structures. These 939

parsers extract: (1) the textual description of each 940

feature entry, and (2) references to the correspond- 941

ing GitHub PRs. This information will be used for 942

subsequent crawling and filtering. 943

As illustrated in Phase 1 of Figure 4, we can 944

locate the release notes on the project’s homepage. 945

The change log for each version contains clearly 946

labeled feature entries, each accompanied by a link 947

to the corresponding PR. We extracted the text part 948

(i.e., Added the objects.Text stat) and PR number 949

(i.e., #3051) from this example. 950

A.1.2 PR Crawling and Metadata Extraction 951

For each PR linked from release notes, we automat- 952

ically crawl the full PR metadata using the GitHub 953

API. We extract the base commit (i.e., the commit 954

on which the feature branch was originally devel- 955

oped) by identifying the merge base between the 956

PR branch and the main branch at merge time. This 957

base commit is used to reconstruct the pre-feature 958

codebase. To construct benchmark inputs and eval- 959

uation oracles, we compute three diffs for each re- 960

tained PR: (1) the documentation diff, which serves 961

as the task input; (2) the feature patch, which con- 962

tains source code changes; and (3) the test patch, 963

which is used to verify the correctness of the feature 964

implementation. 965

A.1.3 Environment Reconstruction and 966

Dependency Repair 967

This section details the environment construction 968

process summarized in the main text. For each 969

project, we construct a single base Docker im- 970

age and manage instance-level version isolation 971

using Anaconda environments. Instances are first 972

grouped by minor versions using automated scripts, 973

which parse version-related files such as setup.py, 974

__init__.py, and release notes. We then manually 975

inspect the format and location of environment 976

configuration files, such as README.md, require- 977

ments.txt, pyproject.toml, or pom.xml to identify 978

how dependencies are declared. Automated scripts 979

are developed to extract and install these dependen- 980
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Figure 4: The workflow of building our benchmark.

cies accordingly. Some instances fail to build or981

execute due to loosely pinned or outdated depen-982

dencies. For such cases, we log build and runtime983

errors and apply minimal manual fixes, such as984

pinning a dependency version or adding a missing985

library. Each fix is recorded as a reproducible shell986

script. Because instances within the same project987

often share similar dependency issues, a single fix988

typically applies to many instances, resulting in989

limited additional human effort.990

A.1.4 Test Execution and Status Extraction991

To verify each instance as a valid feature addition,992

we execute all test files that are modified or added993

in the test_patch. For each instance, we collect two994

sets of logs, i.e., before.log and after.log. before.log995

is obtained by applying the test_patch to the base996

commit and then executing the corresponding test997

suite, while after.log is obtained by applying both998

the test_patch and the feature_patch to the base999

commit, followed by test execution.1000

We support multiple test frameworks (e.g.,1001

pytest, unittest) by normalizing their outputs into1002

a unified representation of per-test execution sta-1003

tus. Test case identifiers and their corresponding1004

outcomes are extracted using framework-specific1005

parsers. These normalized logs are then used to 1006

determine test status transitions, which serve as the 1007

basis for instance filtering as described in the main 1008

text. 1009

A.1.5 Identifier Hint Extraction 1010

This section provides implementation details for 1011

identifier hint extraction. Given an instance, we 1012

first switch the codebase to its base commit. We 1013

then identify the list of files modified by the fea- 1014

ture_patch and the test_patch, denoted as feature 1015

files and test files, respectively. For each file list, 1016

we extract all file names and the identifiers (e.g., 1017

classes, functions, attributes) in these files through 1018

static analysis, producing a set of entities. We refer 1019

to the entity sets extracted from feature files and 1020

test files as F and T , respectively. Next, we apply 1021

both feature_patch and test_patch to the codebase 1022

and repeat the same process to obtain the post-patch 1023

entity sets, denoted F ′ and T ′. We compute the dif- 1024

ferences between the pre- and post-patch sets to ob- 1025

tain the sets of newly introduced entities in feature 1026

files and test files, respectively, i.e., ∆F = F ′ − F 1027

and ∆T = T ′ − T . We then compute the inter- 1028

section of ∆F and ∆T to isolate entities that are 1029

newly introduced and referenced in both test and 1030

12



Table 6: Guidelines for the accuracy of the evaluation.

Score Accuracy of the Evaluation

0 The tests perfectly cover all aspects of the
new feature mentioned in the doc changes.

1 The tests cover the majority of aspects of
the feature involved in doc changes, but may
overlook some special cases.

2 The tests are too narrow/broad, only test a
few special cases, or test content far beyond
the description in the document.

3 The tests look for something different from
what the doc changes is about.

implementation code. This step ensures we only1031

consider entities relevant to the verification process.1032

Finally, we remove all entities that are already men-1033

tioned in the documentation changes, yielding the1034

final set of undocumented but test-referenced entity1035

names.1036

A.2 NoCode-bench Verified1037

A.2.1 Sampling and Annotation Protocol1038

To ensure project diversity, we sample up to 351039

task instances per project (or fewer if insufficient1040

candidates exist), yielding a total of 238 candidate1041

tasks. Considering the subjectivity of human judg-1042

ment, each sample is annotated independently by1043

two different annotators. For quality assurance, we1044

conservatively select the more stringent label when1045

disagreements arise, following SWE-bench Veri-1046

fied. As a result, each annotator evaluated approx-1047

imately 95 task instances. We construct NoCode-1048

bench Verified by randomly sampling candidate1049

instances from NoCode-bench Full. To ensure di-1050

versity across projects, we cap the number of sam-1051

pled instances at 35 per project (or fewer if insuffi-1052

cient candidates exist), resulting in a total of 2381053

candidate tasks.1054

Each candidate task is independently annotated1055

by two annotators. All annotators have at least1056

three years of Python development experience and1057

hold a bachelor’s degree or higher in a relevant field.1058

In cases of disagreement, we conservatively adopt1059

the stricter label, following the protocol of SWE-1060

bench Verified (Chowdhury et al., 2024). Under1061

this setup, each annotator evaluates approximately1062

95 tasks.1063

A.2.2 Annotation Rubric1064

Clarity of the Task. Annotators assess whether1065

the documentation change alone provides a suf-1066

Table 7: Human verification results for task clarity and
test accuracy. For the Other Problem column, a score of
0 indicates no issues were identified, while a score of 3

indicates the presence of significant issues.

Score Task Clarity Test Accuracy Other Problem

0 (best) 59 68 220
1 99 94 –
2 59 64 –
3 (worst) 18 9 18

ficiently clear and unambiguous specification of 1067

the intended feature.Annotators act as experienced 1068

software engineers with full access to the codebase 1069

and judge whether a reasonable implementation 1070

can be inferred from the documentation change. 1071

Accuracy of the Evaluation. Annotators assess 1072

whether the test patch provides appropriate and 1073

targeted functional coverage of the behavior de- 1074

scribed in the documentation change. Unlike SWE- 1075

bench Verified, which focuses on whether tests can 1076

reliably evaluate diverse correct implementations 1077

(e.g., avoiding false negatives due to mismatches 1078

in naming or structure), we mitigate such concerns 1079

during benchmark construction in Phase 5. As 1080

a result, our evaluation emphasizes whether the 1081

provided test cases faithfully and comprehensively 1082

cover the functionality described in the documen- 1083

tation changes. Scoring is based on the criteria in 1084

Table 6. 1085

Additionally, if the annotator believes that there 1086

are other major problems with the sample that have 1087

not been considered, i.e., any other reasons this 1088

sample should not be used in our setup for evaluat- 1089

ing coding ability, the annotator needs to flag the 1090

sample and provide a basic explanation. 1091

A.2.3 Additional Filtering Details 1092

After all the samples have been annotated, we filter 1093

out any sample from the original test set where the 1094

severity of the clarity of the task or the accuracy 1095

of the evaluation is labeled as 2 or above. We also 1096

filter out all samples that have a major problem 1097

flagged by annotators. For example, in pytest-3576, 1098

the associated PR includes a large number of un- 1099

related documentation changes, which are not in- 1100

dicative of genuine feature additions and thus do 1101

not meet the criteria of our benchmark. As sum- 1102

marized in Table 7, a total of 106 instances were 1103

removed due to unclear task descriptions or inac- 1104

curate evaluations, and 18 instances were excluded 1105

due to other major problems. 1106
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B DETAILED EXPERIMENT SETUP1107

B.1 Evaluation Metrics1108

• File Matched Rate (File%): The percentage of1109

modified files in the submitted patch that match1110

one of the file paths edited by the ground truth1111

patch.1112

• Regression Tests Pass Rate (RT%): The pro-1113

portion of tasks where all regression tests pass1114

after applying the generated patch.1115

• Feature Validation (FV): This metric aims to1116

evaluate the completeness of the LLM’s imple-1117

mentation of a specific feature, which we mea-1118

sure based on the pass rate of F→P tests. Specif-1119

ically, we calculate FV from both macro and1120

micro perspectives.1121

– Micro-level FV (FV-Micro): The overall ra-1122

tio of passed F→P tests to the total number of1123

F→P tests across all instances: FV-Micro =1124 ∑N
i=1 #Passedi∑N
i=1 #Totali

, where #Passedi and #Totali de-1125

note the number of passed and total F→P tests1126

for instance i, respectively.1127

– Macro-level FV (FV-Macro): The average1128

F→P pass rate across instances: FV-Macro =1129
1
N

∑N
i=1

#Passedi
#Totali

, where N is the total number1130

of instances.1131

B.2 Used Scaffolds1132

• Agentless adopts a hierarchical approach to1133

sequentially identify the relevant files, classes1134

or methods, and lines of code that require mod-1135

ification, and then generates patches based1136

on the localized content with LLM. Follow-1137

ing Guo et. al. (Guo et al., 2025b), we use1138

Agentless-1.0 for evaluation.1139

• OpenHands is a widely adopted platform for1140

building software development agents. We1141

adapt the document changes in NoCode-bench1142

as inputs to the OpenHands CodeAct Agent1143

and utilize the standard evaluation docker im-1144

ages provided by NoCode-bench as a sandbox1145

environment to ensure the correct execution1146

of tasks.1147

C FURTHER ANALYSIS OF1148

EXPERIMENT RESULTS1149

C.1 Detailed Analysis of NoCode-bench1150

Verified Results1151

Performance Across Scaffolds. The Agentless1152

scaffold achieves an average patch application rate1153

of 98.80%, whereas OpenHands produces applica- 1154

ble patches for only 67.98% of the tasks on aver- 1155

age. For regression tests, 76.97% of the patches 1156

generated by Agentless passed all regression tests 1157

on average, compared to only 62.06% for Open- 1158

Hands. In terms of full F2P test suite pass rate, 1159

Agentless achieves 8.74% (FV-Micro), with an av- 1160

erage of 31.25% (FV-Macro) of F2P tests passed 1161

per instance, while OpenHands achieves 4.92% and 1162

23.35%, respectively. The results show that Agent- 1163

less outperforms OpenHands on NoCode-bench 1164

Verified. 1165

Why Agentless Outperforms OpenHands. 1166

Through manual inspection, we find that the 1167

reason lies in how OpenHands maintains a 1168

dialogue history to record interactions between 1169

the agent and the repository. Since solving tasks 1170

in NoCode-bench Verified requires editing an 1171

average of 2.39 files, the observed context often 1172

exceeds the model’s context window, resulting in a 1173

large number of incomplete or empty patches. In 1174

contrast, Agentless uses hierarchical localization 1175

to limit the length of retrieved context and applies 1176

post-processing to verify patch completeness, 1177

leading to better overall performance. 1178

Gemini-2.5-Pro’s Complete Failure on Open- 1179

Hands. By inspecting the failure cases, we find 1180

that Gemini-2.5-Pro is almost unable to generate 1181

correct invocation formats for any of the tools used 1182

by OpenHands. This directly prevents it from ac- 1183

cessing and editing the repository. 1184

C.2 Detailed Analysis of NoCode-bench Full 1185

Results 1186

Why Performance Drops on NoCode-bench Full. 1187

Since NoCode-bench Full is a large-scale dataset 1188

involving more extensive file modifications and 1189

more complex code changes, it presents a diverse 1190

range of challenges. In addition, NoCode-bench 1191

Full may contain some noise, including unclear 1192

documentation changes or low-coverage regression 1193

tests, which make it more representative of real- 1194

world, NL feature addition tasks, but harder for 1195

LLMs to solve. 1196

Model Robustness Comparison. For DeepSeek- 1197

R1, DeepSeek-v3 and Qwen3-235B, success rates 1198

drop from 25.44% to 14.83%, 21.05% to 11.83%, 1199

and 13.16% to 6.62%, respectively, while GPT- 1200

4o only drops from 13.16% to 9.31%. Qwen3- 1201

235B and GPT-4o achieve similar performance 1202
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"""DeepSeek-v3 Patch"""
diff --git a/pylint/reporters/text.py b/pylint/reporters/text.py
--- a/pylint/reporters/text.py
+++ b/pylint/reporters/text.py
@@ -294,14 +295,15 @@ class ColorizedTextReporter(TextReporter):
     """Manage message of different types, and colorize output
     using ANSI escape codes.
     """
-    if msg.module not in self._modules:
-        msg_style = self._get_decoration("S")
-        if msg.module:
-            modsep = colorize_ansi(f"************* Module {msg.module}", msg_style)
-        else:
-            modsep = colorize_ansi(f"************* {msg.module}", msg_style)
-        self.writeln(modsep)
-        self._modules.add(msg.module)
+    if getattr(self.linter.config, "output_format", None) != "no-header":
+        if msg.module not in self._modules:
+            msg_style = self._get_decoration("S")
+            if msg.module:
+                modsep = colorize_ansi(f"************* Module {msg.module}", msg_style)
+            else:
+                modsep = colorize_ansi(f"************* {msg.module}", msg_style)
+            self.writeln(modsep)
+            self._modules.add(msg.module)
     msg_style = self._get_decoration(msg.C)

"""Golden Patch"""
diff --git a/django/forms/models.py b/django/forms/models.py
--- a/django/forms/models.py
+++ b/django/forms/models.py
@@ -212,6 +213,18 @@ def _display(self, layout: Section) -> None:
         TextWriter().format(layout, self.out)
+class NoHeaderReporter(TextReporter):
+    """Reports messages and layouts in plain text without a module header."""
+
+    name = "no-header"
+
+    def handle_message(self, msg: Message) -> None:
+        """Write message(s) without module header."""
+        if msg.module not in self._modules:
+            self._modules.add(msg.module)
+        self.write_message(msg)
 class ParseableTextReporter(TextReporter):
     """A reporter very similar to TextReporter, but display messages in a form
     recognized by most text editors :

Figure 5: A failure example of pylint-dev__pylint-7869 caused by the LLM’s lack of architectural understanding.

on NoCode-bench Verified, while GPT-4o outper-1203

forms Qwen3-235B on NoCode-bench Full. These1204

results demonstrate that compared to DeepSeek-v31205

and Qwen3-235B, GPT-4o performs more robustly1206

in the scenarios that are closer to real-world condi-1207

tions.1208

C.3 Case Study: Lacking Understanding of1209

Existing Code Modules in pylint-78691210

Figure 5 highlights a critical difference between1211

the patch generated by DeepSeek and the golden1212

patch for the task “pylint-7869”. This task requires1213

introducing a new “no-header” option to Pylint.1214

When this option is enabled, Pylint’s output will1215

omit (i.e., not display) the header information that1216

normally shows the name of the module being an-1217

alyzed. DeepSeek-v3 directly modifies the mem-1218

ber functions of the ColorizedTextReporter class1219

to implement the “no-header” option, whereas the1220

golden patch introduces a new NoHeaderReporter 1221

class to achieve the same goal. Compared to the 1222

golden patch, DeepSeek-v3’s modification breaks 1223

the original functionality. Although it passes all 1224

F→P tests related to the new feature, it results in 1225

numerous regression test failures. This example 1226

demonstrates how LLMs may lack understanding 1227

of existing code modules needed to extend func- 1228

tionality without breaking existing features. Users 1229

may alleviate such phenomena by providing the 1230

LLM with information about the differences be- 1231

tween existing modules or by guiding the LLM 1232

to analyze existing modules through a predefined 1233

plan. 1234

C.4 Case Study: Tool-Calling Format Error 1235

in astropy__astropy-9425 1236

Figure 6 shows a tool-calling dialogue from 1237

OpenHands while attempting to solve the task 1238
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......
Let's start by listing the contents of the `/workspace/astropy` directory
to see if there's a `setup.py` or similar file.
```bash
    ls -F /workspace/astropy

Please continue working on the task on whatever approach you think is
suitable.

When you think you have solved the question, please use the finish tool and
include your final answer in the message parameter of the finish tool.

......


ToolError: bash_tool.run is missing required execution arguments. 

Figure 6: A failure example of astropy__astropy-9425 caused by the LLM’s incorrect format of tool calling.

astropy__astropy-9425. In the first round, the agent1239

chooses to use the “bash” tool to inspect the reposi-1240

tory structure. However, since the tool requires the1241

LLM to return commands in JSON format, Gem-1242

ini fails the call by responding with the intended1243

command in plain text instead. As a result, the tool1244

invocation fails, and the LLM repeatedly retries1245

the same tool call. Eventually, the conversation1246

history fills the context window, preventing Open-1247

Hands from successfully generating a patch for this1248

instance. This example illustrates how formatting1249

errors in tool calls can cascade into complete task1250

failure.1251
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