
SWE-EVO: Benchmarking Coding Agents in Long-Horizon Software
Evolution Scenarios

Anonymous ACL submission

Abstract001

Real-world software engineering requires de-002
velopers to interpret high-level requirements,003
coordinate changes across many files, and004
evolve codebases over multiple iterations while005
preserving functionality. Yet current bench-006
marks for AI coding agents evaluate only iso-007
lated, single-issue tasks such as fixing one bug008
or adding a small feature. We introduce SWE-009
EVO, a benchmark that closes this gap by tar-010
geting long-horizon software evolution. Con-011
structed from release notes of seven mature012
open-source Python projects, SWE-EVO com-013
prises 48 tasks requiring multi-step modifica-014
tions spanning an average of 21 files, validated015
against test suites averaging 874 tests per in-016
stance. Experiments with two agent frame-017
works and 18 state-of-the-art models reveal a018
striking capability gap: GPT-5.4 with Open-019
Hands achieves only 25% on SWE-EVO ver-020
sus 72.80% achieved by GPT-5.2 on SWE-021
Bench Verified, showing that current agents022
struggle with sustained, multi-file reasoning.023
We also propose Fix Rate, a fine-grained metric024
that captures partial progress on these complex,025
long-horizon tasks.026

1 Introduction027

Large language models (LLMs) have achieved re-028

markable progress in automating software engi-029

neering (SE) tasks, including code generation (Wei030

et al., 2023; Chen et al., 2021a; Wang et al., 2023;031

Li et al., 2022; Zhuo et al., 2024; Bui et al.,032

2023; Manh et al., 2023; To et al., 2023), bug fix-033

ing (Jimenez et al., 2023; Xia et al., 2024), and test034

synthesis (Chen et al., 2022; Wang et al., 2024b;035

Jain et al., 2024). These advancements have facili-036

tated the emergence of AI-powered coding agents037

capable of assisting or automating key aspects of038

the software development lifecycle (Zhang et al.,039

2023; Fan et al., 2023; Gao et al., 2025; He et al.,040

2025).041

Building on these capabilities, multi-agent systems042

have rapidly emerged to address long-horizon chal-043

lenges in software engineering. By coordinating 044

specialized agents for tasks such as repository nav- 045

igation, bug localization, patch generation, and ver- 046

ification, these frameworks have begun to outper- 047

form single-agent architectures in scalability and 048

performance. Recent systems (Yang et al., 2024a; 049

Wang et al., 2024d; Phan et al., 2024; Nguyen 050

et al., 2025b) demonstrate this trend, enabling au- 051

tonomous handling of complex workflows in real- 052

world repositories. Industry adoption reflects this 053

momentum: over 90% of engineering teams now 054

integrate generative AI into SE workflows, up from 055

61% in 2024 (DORA Research Program, 2025). 056

To evaluate these agents rigorously, benchmarks 057

have become essential. Early efforts like Hu- 058

manEval (Chen et al., 2021b) focused on function- 059

level code completion (Chen et al., 2021a), while 060

SWE-Bench (Jimenez et al., 2023) marked a shift 061

by curating real-world GitHub issues, tasking 062

agents with generating verifiable patches for iso- 063

lated problems (Jimenez et al., 2023). SWE-Bench 064

has gained prominence as a de facto standard for as- 065

sessing multi-agent capabilities in practical coding 066

scenarios. 067

While recent models achieve up to around 75% 068

on SWE-Bench-Verified (e.g., GPT-5.2 (OpenAI, 069

2025e)) and around 40% on the full leaderboard 070

(e.g., OpenCSG Starship at 39.67% (Jimenez et al., 071

2024)), the benchmark is showing signs of satura- 072

tion with diminishing gains on isolated tasks. More 073

importantly, SWE-Bench focuses on discrete issue 074

resolution and does not capture the core challenge 075

of software engineering: the continuous evolution 076

of existing systems (Kaur and Singh, 2015; Singh 077

et al., 2019). In practice, up to 80% of effort is 078

spent maintaining and evolving legacy code, requir- 079

ing coordinated changes across modules, versions, 080

and specifications (Kaur and Singh, 2015; Singh 081

et al., 2019). 082

This gap between benchmark tasks and real-world 083

evolution scenarios motivates our central research 084
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Figure 1: Overview of the SWE-EVO task pipeline. Input: the agent receives release notes specifying multiple
changes (bug fixes, new features, maintenance) alongside the full codebase at the start version. Processing: a
coding agent generates a multi-file patch spanning dozens of files. Evaluation: the patch is validated against a
comprehensive test suite comprising FAIL→PASS tests (verifying the required changes) and PASS→PASS tests
(ensuring no regressions).

question: Given an existing codebase, can multi-085

agent LLM systems autonomously evolve the system086

in response to dynamic input requirements, demon-087

strating sustained planning, adaptability, and inno-088

vation across long-horizon tasks?089

To address this gap, we introduce SWE-EVO,090

a benchmark for autonomous software evolution091

rather than single-issue repair. SWE-EVO lever-092

ages release notes, commit histories, and ver-093

sioned snapshots from mature open-source Python094

projects (e.g., scikit-learn, pydantic) to con-095

struct realistic tasks where agents must interpret096

SRS, plan multi-step modifications, and iteratively097

evolve codebases across versions. In total, SWE-098

EVO comprises 48 evolution tasks across 7 repos-099

itories (Table 1 and Figure 3), each representing100

a multi-change evolution scenario. We describe101

the benchmark construction in Section 3 and report102

experimental results in Section 4.103

Figure 1 illustrates the SWE-EVO task pipeline:104

given release notes and a codebase at a starting105

version, the agent must generate a multi-file patch106

validated by a comprehensive test suite. Software107

evolution (see Figure 6 in Appendix B) requires108

alignment with high-level Software Requirement109

Specifications (SRS), holistic program understand-110

ing, and coordinated multi-step changes. While111

SWE-Bench focuses on isolated issues, real-world112

evolution involves codebase-scale modifications113

across multiple files and subsystems. Figure 2 high-114

lights the differences between SWE-Bench and our 115

benchmark, SWE-EVO. 116

Our evaluation with two agent frameworks (Open- 117

Hands and SWE-agent) and 18 state-of-the-art 118

models reveals a significant capability gap: even 119

the best-performing model (gpt-5.4) resolves 120

only 25% of SWE-EVO tasks compared to 121

72.80% achieved by gpt-5.2 on SWE-Bench Ver- 122

ified. Model performance exhibits intuitive scal- 123

ing, where larger models consistently outperform 124

smaller variants, and the relative ranking aligns 125

with SWE-Bench results, validating SWE-EVO as 126

a meaningful benchmark. Trajectory-level failure 127

analysis shows that stronger models primarily fail 128

on instruction following (misinterpreting nuanced 129

release notes), while weaker models struggle with 130

tool use and syntax errors, indicating that SWE- 131

EVO’s difficulty stems from semantic reasoning 132

rather than interface competence. 133

2 Related Work 134

2.1 Code Generation and SE Benchmarks 135

Code generation evaluation has evolved from 136

function-level tasks (Chen et al., 2021a; Austin 137

et al., 2021; Hendrycks et al., 2021) to repository- 138

level challenges. Early benchmarks like Hu- 139

manEval, MBPP, and APPS focused on single- 140

file, synthetic scenarios and are now largely sat- 141

urated (Zhou et al., 2023), while more recent ef- 142

forts such as CodeMMLU (Nguyen et al., 2025a) 143
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Figure 2: Comparison of SWE-Bench and SWE-EVO. SWE-Bench tasks agents with resolving a single GitHub
issue to produce one patch. SWE-EVO requires agents to interpret release notes and implement comprehensive
changes that resolve multiple PRs, develop new features, and fix multiple bugs to evolve the codebase to a new
version.

and CodeWiki (Hoang et al., 2025) expand to144

code understanding and documentation. SWE-145

bench (Jimenez et al., 2024) marked a shift to-146

ward practical SE evaluation by requiring models147

to generate verifiable patches for real GitHub is-148

sues, with curated subsets (OpenAI, 2024b) and149

extensions spanning multiple languages (Zan et al.,150

2025), multimodal inputs (Yang et al., 2024b), live151

collection (Zhang et al., 2025b; Badertdinov et al.,152

2025), and enterprise-level complexity (Scale AI,153

2025). Despite these advances, all existing bench-154

marks focus on isolated issue resolution rather than155

multi-step software evolution spanning multiple156

commits and long-horizon planning.157

2.2 Software Engineering Agents158

Interactive bug-fixing approaches (Xia and Zhang,159

2023, 2024; Chen et al., 2023; Yuan et al., 2024)160

and autonomous agents like Devin AI (Cognition,161

2024) laid the groundwork for dedicated agent162

scaffolds. SWE-agent (Yang et al., 2024a) high-163

lighted the importance of agent–computer inter-164

faces, OpenHands (Wang et al., 2024d) introduced165

a multi-agent platform evaluated across 15 bench-166

marks, AutoCodeRover (Zhang et al., 2024) com-167

bined LLMs with AST-based search, and Agent-168

less (Xia et al., 2024) demonstrated competitive per-169

formance with a simple localization-repair pipeline.170

Multi-agent architectures have also proven effec-171

tive: AgentCoder (Huang et al., 2023) introduced 172

role specialization, AgileCoder (Nguyen et al., 173

2025b) incorporated agile principles, and Code- 174

Act (Wang et al., 2024c) unified action spaces 175

through executable Python. Recent LLMs have 176

been post-trained on real-world SE data to improve 177

issue resolution (Wei et al., 2025; Luo et al., 2025; 178

DeepSeek AI, 2025; Chen et al., 2025; Kimi Team, 179

2025a; Carbonneaux et al., 2025), complemented 180

by synthetic data efforts (Pham et al., 2025). A 181

parallel line explores self-evolving agents and tool 182

creation (Robeyns et al., 2025; Zhang et al., 2025a; 183

Wang et al., 2025; Cai et al., 2024; Wang et al., 184

2024a; Qian et al., 2024; Wang et al., 2024e; Qiu 185

et al., 2025) (see Appendix C). 186

2.3 Context Engineering for Long-Horizon 187

Agents 188

Context management is a fundamental challenge 189

for long-running agent systems, particularly rele- 190

vant to SWE-EVO where tasks require sustained 191

multi-turn interaction across large codebases. Re- 192

cent surveys (Mei et al., 2025; Hua et al., 2025) 193

organize this field around context retrieval, process- 194

ing, and management, tracing its evolution from 195

prompt engineering through RAG to the current era 196

treating context as a first-class engineering concern. 197

Key techniques include compression (Ge et al., 198

2024), retrieval methods such as Self-RAG (Asai 199
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et al., 2024), RAPTOR (Sarthi et al., 2024), and200

GraphRAG (Gutierrez et al., 2024), and memory ar-201

chitectures like MemGPT (Packer et al., 2023) and202

hierarchical storage (Zhong et al., 2024) that enable203

agents to transcend single-session limitations. At204

the frontier, Meta Context Engineering (Ye et al.,205

2026) treats context assembly as an optimization206

problem, achieving 89.1% on SWE-bench Veri-207

fied versus 70.7% for hand-engineered baselines.208

These advances are directly relevant to SWE-EVO,209

where agents must maintain coherent reasoning210

across specifications spanning thousands of words211

and patches touching dozens of files.212

3 SWE-EVO Dataset213

SWE-EVO is a benchmark constructed from re-214

lease notes and version histories of popular open-215

source repositories, capturing real software evolu-216

tion scenarios where coding agents must interpret217

high-level Software Requirement Specifications218

(SRS), plan and implement multi-step modifica-219

tions across versions, and ensure that the evolved220

system passes validation tests aligned with those221

specifications.222

3.1 Benchmark Construction223

The construction of SWE-EVO consists of three224

major phases: (1) repository selection and data225

scraping, (2) candidate selection and filtering, and226

(3) execution-based filtering. We describe each227

phase in turn.228

Stage I: Repository Selection and Data Scrap-229

ing. To maximize reproducibility and compara-230

bility, we inherit repositories and execution en-231

vironments from SWE-bench and it keeps our232

benchmark “plug-and-play” for existing SWE233

agents. Concretely, we begin by collecting sam-234

ples from SWE-bench (Jimenez et al., 2024) and235

from SWE-gym (Pan et al., 2024) as our seed pool236

of task instances. Both resources already give us:237

a real repository snapshot, an executable environ-238

ment, and a set of tests tied to a human-authored239

change.240

Stage II: Candidate Selection and Filtering. Un-241

like SWE-bench, which frame tasks as resolving a242

single issue, we target evolving a codebase between243

two release versions. We therefore create candidate244

instances by selecting only those samples whose245

base commit corresponds exactly to a version tag246

of the repository (i.e., a release snapshot). For each247

such candidate, we define the problem statement248

as the release-note/SRS delta between that version 249

and its next tagged version; the agent’s job is to im- 250

plement the specified changes across the codebase 251

to satisfy this SRS. 252

Stage III: Execution-Based Filtering. Following 253

SWE-Bench, we validate each candidate by apply- 254

ing the instance’s test patch content and logging 255

test outcomes before and after the remaining patch 256

content is applied. We retain only instances that 257

exhibit at least one FAIL_TO_PASS test (i.e., a test 258

that fails pre-patch and passes post-patch), ensur- 259

ing a measurable behavioral change attributable 260

to the required evolution. We additionally discard 261

candidates that trigger installation or runtime errors 262

under the benchmark environment. The resulting 263

set comprises evolution tasks with verifiable behav- 264

ioral deltas and stable execution characteristics. 265

After these filtering stages, SWE-EVO comprises 266

48 high-quality task instances. Figure 3 reports 267

their distribution across repositories, while Ta- 268

ble 1 summarizes key instance characteristics. 269

Compared to SWE-Bench, SWE-EVO features 270

markedly longer issue descriptions, broader patch 271

scope, and heavier test suites (see Figure 7 in Ap- 272

pendix D), demanding long-horizon reasoning, ex- 273

tensive context understanding, and strong memory 274

capabilities from agents. 275

3.2 Task Formulation 276

Having described how SWE-EVO instances are 277

constructed, we now formalize the task definition 278

and evaluation metrics. 279

Model input. A model is provided with (i) a 280

release-note item that specifies the intended change 281

(bug fix or feature refinement), and (ii) a complete 282

codebase at the pre-release commit. The model 283

must produce edits to the codebase that implement 284

the described change. In practice, we represent a 285

solution as a patch files that specifies which lines 286

to modify across files. For clarity, we refer to the 287

patch generated by the model as the model patch, 288

while the ground-truth patch extracted from the 289

start-version to end-version change inside the in- 290

stance is referred to as the gold patch. 291

Evaluation Metrics. Consistent with the evalu- 292

ation setup of SWE-bench (Jimenez et al., 2024), 293

we use the Resolved Rate (%) as the primary met- 294

ric, representing the proportion of task instances 295

successfully solved by the agent. In addition, we 296

report the Patch Apply Rate (%), which measures 297
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Table 1: Average and maximum numbers characterizing dif-
ferent attributes of a SWE-EVO task instance. Statistics are
micro-averages calculated without grouping by repository.

Mean Max

Issue Text Length (Words) 2390.5 22344

Codebase # Files (non-test) 363 1046
# Lines (non-test) 78K 272K

Gold Patch
# Lines edited 610.5 4113
# Files edited 20.9 105
# Func. edited 51.0 379

Tests # Fail to Pass 81.4 2774
# Total 874.0 8552

conan (2)

dask (8)

dvc (26)

modin (3)
requests (4)pydantic (3)

scikit-learn (2)

Figure 3: Distribution of SWE-EVO tasks
(in parenthesis) across 7 open source GitHub
repositories that each contains the source code
for a popular, widely downloaded PyPI pack-
age.

the percentage of generated patches that are syn-298

tactically valid and can be applied to the codebase299

without errors. Beyond the hard-score Resolved300

Rate (%), we introduce a soft-score, Fix Rate301

(%), to provide a more fine-grained assessment of302

SWE-EVO while remaining consistent with Re-303

solved Rate.304

Resolved Rate. Following SWE-bench, this metric305

focuses on two categories in the test outcomes:306

• FAIL_TO_PASS tests that were initially failing307

(FAILED or ERROR) but pass (PASSED after apply-308

ing the gold patch.309

• PASS_TO_PASS tests pass both before and after310

the gold patch and serve as regression checks to311

ensure unrelated functionality is preserved.312

The Resolved Rate of an instance is equal 1 if313

all tests in both FAIL_TO_PASS and PASS_TO_PASS314

are PASSED; otherwise, it is 0. Hence, this metric315

imposes a strict binary criterion: an instance is316

counted as resolved only if every relevant test suc-317

ceeds.318

Fix Rate: A Soft Metric. While Resolved Rate319

provides a clear pass/fail signal, it may hide mean-320

ingful partial progress, especially when instances321

contain thousands of tests (Table 1, Figure 7). In322

such cases, models may fix many failing tests with-323

out fully resolving the instance. To capture this324

progress, we introduce Fix Rate, a soft metric that325

measures the fraction of FAIL_TO_PASS tests suc-326

cessfully fixed.327

Fix Rate also enforces a regression constraint: if328

any PASS_TO_PASS test fails after applying the329

patch, the instance receives a score of 0. This re-330

wards partial fixes while penalizing regressions.331

Let Fi denote the FAIL_TO_PASS tests and Pi the332

PASS_TO_PASS tests for instance i. The Fix Rate 333

is defined in Equation 1 as: 334

Fix Rate(i) =

{
#{t∈Fi|t passes}

|Fi|
, if all t ∈ Pi pass;

0, otherwise.
(1) 335

The overall Fix Rate (%) is the average across all 336

N instances: 337

Fix Rate = 100× 1

N

N∑
i=1

Fix Rate(i). (2) 338

Fix Rate lies in [0, 1] and is consistent with Re- 339

solved Rate: an instance is resolved when its Fix 340

Rate equals 1. Aggregated across instances, this 341

metric captures partial progress that binary Re- 342

solved Rate cannot reflect, while remaining aligned 343

with it (Table 5). 344

3.3 Features of SWE-EVO 345

SWE-EVO differs from SWE-Bench along sev- 346

eral key dimensions. First, it presents substantially 347

richer supervision: longer specifications, broader 348

patches (more lines, files, and functions edited), 349

and heavier test suites (see Appendix D). Second, 350

unlike SWE-Bench where each task maps to a sin- 351

gle pull request, SWE-EVO instances may aggre- 352

gate multiple PRs, yielding a wide range of diffi- 353

culty levels (see Appendix F). Finally, evaluation 354

is robust: at least one FAIL_TO_PASS test validates 355

each gold patch (81% have two or more), with an 356

additional mean of 793 PASS_TO_PASS regression 357

tests per instance. 358

4 Experiments 359

4.1 Experiment Setup 360

We report the experimental results on SWE-EVO. 361

The following section outlines the experimental 362
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scaffold, evaluation metrics, and configurations to363

ensure reproducibility. Our assessment covers a364

diverse range of models, including frontier propri-365

etary systems and open-weight models.366

Agents and Model Selection. We evaluate SWE-367

EVO using two established coding agent frame-368

works: OpenHands (Wang et al., 2024d) (with369

CodeActAgent, max 100 iterations) and SWE-370

agent (Yang et al., 2024a) (max 100 LLM calls).371

We test 18 state-of-the-art LLMs spanning five372

providers: OpenAI (10 models including GPT-5373

series, o3, GPT-4.1, GPT-4o, and GPT-oss-120b),374

DeepSeek (3 models), Zhipu AI (3 models), Qwen375

(1 model), and Moonshot AI (2 models). The full376

list of models with references is provided in Table 3377

in the Appendix.378

For all reasoning models, we use a medium rea-379

soning effort setting, which balances inference cost380

and accuracy.381

4.2 Performance on SWE-EVO382

In SWE-EVO, each task is defined by an origi-383

nal release-note entry that we use as the problem384

statement. These release notes often reference one385

or more upstream pull requests or GitHub issues386

whose contents are typically only available online.387

However, to prevent models from accessing code388

from future versions or pull requests, we block389

internet access during evaluation. Therefore, we390

evaluate agents under our default setting, release-391

note + PR/issue context, where in addition to the392

raw release note we provide the content of the pull393

requests and issues referenced in that release note.394

For more details on the context format, see Ap-395

pendix J.1, and for concrete examples of full prob-396

lem statements, see Appendix J (Boxes J.2 and J.2).397

We report the performance of both OpenHands and398

SWE-agent scaffolds across all models on SWE-399

EVO under this setting in Table 2. For compari-400

son, we also include each model’s performance on401

SWE-bench Verified.402

A detailed quantitative comparison of task complex-403

ity between SWE-EVO and SWE-Bench (speci-404

fication length, patch scope, and test-suite size)405

is provided in Appendix D (Figure 7). Overall,406

SWE-EVO is substantially more challenging than407

SWE-bench Verified. Even the strongest model408

gpt-5.4 resolves only around 25% of instances409

on SWE-EVO, compared to 72.80% resolved by410

gpt-5.2 on SWE-bench Verified. Beyond this411

difficulty, performance on SWE-EVO exhibits412

Syntax
Error

Gave up
Prematurely

Incorrect
Implementation

Instruction
Following

Stuck in
Loop

Tool-Use

0
4
8
12
16
20

gpt-4.1
gpt-4o
gpt-5
gpt-5-mini
gpt-5-nano
o3

(a) GPT-series models.
Syntax
Error

Gave up
Prematurely

Incorrect
Implementation

Instruction
Following

Stuck in
Loop

Tool-Use

0
4
8
12
16
20

deepseek-r1
glm-4p5
kimi-k2-instruct
qwen3-coder
gpt-oss-120b

(b) Open-source models.

Figure 4: Failure mode distribution for SWE-agent
with several model trajectories of unresolved in-
stances. Each instance is automatically labeled using
gpt-5-mini (OpenAI, 2025a) with categories from Ta-
ble 6.

a clean and intuitive scaling trend: larger mod- 413

els reliably outperform their smaller variants (e.g., 414

gpt-5 > gpt-5-mini > gpt-5-nano or gpt-5.4 415

> gpt-5.2 > gpt-5), and the ranking of pro- 416

prietary models closely mirrors their relative per- 417

formance on SWE-bench Verified. However, we 418

also observe an unusual exception for glm-5 and 419

glm-4p7. While both models achieve very strong 420

results on SWE-agent, even surpassing gpt-5.4, 421

their performance drops sharply on OpenHands, 422

falling below even glm-4p5. This suggests that 423

the gap is more likely due to model-specific scaf- 424

fold sensitivity than benchmark instability. One 425

possible explanation is that these models are more 426

adapted to agent trajectories and prompting styles 427

similar to SWE-agent, but less robust under the 428

CodeActAgent setting used in OpenHands. Under- 429

standing this discrepancy is an interesting direction 430

for future work. Taken together, these results in- 431

dicate that SWE-EVO is a more demanding and 432
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Table 2: Results on SWE-EVO with release note + PR/issue context: Resolved and Apply rates for OpenHands
and SWE-agent. †Results reported on swebench.com (Jimenez et al., 2024). "—" indicates that the result is not
reported on the SWE-bench website.

SWE-EVO SWE-EVO SWE-bench Verified
Model (OpenHands) (SWE-agent) (bash only)

% Resolved % Apply % Resolved % Apply % Resolved †

OpenAI

gpt-5.4 25.00 97.92 25.00 97.92 —
gpt-5.2 18.75 100 22.92 97.92 72.80
gpt-5-08-07 18.75 100 20.83 100 65.00
gpt-5-mini-08-07 10.42 97.92 10.42 100 59.80
gpt-5-nano-08-07 4.17 85.42 4.17 100 34.80
o3-2025-04-16 4.17 93.75 6.25 100 58.40
gpt-4.1-2025-04-14 2.08 87.50 10.42 97.92 39.58
gpt-4o-2024-11-20 6.25 97.92 6.25 100 21.62
gpt-oss-120b 2.08 100 6.25 100 26.00

DeepSeek
deepseek-v3p2 20.83 95.83 23.40 95.83 70.00
deepseek-v3p1 16.67 97.92 10.42 100 —
deepseek-r1-0528 10.42 100 8.33 100 57.60

Zhipu AI glm-5 8.33 97.92 37.50 100 72.80
glm-4p7 4.17 100 39.58 97.92 —
glm-4p5 16.67 97.92 16.67 100 54.20

Qwen qwen3-coder-480b-a35b 14.58 97.92 14.58 97.92 55.40

Moonshot AI
kimi-k2p5 22.92 97.92 25.00 97.92 70.80
kimi-k2-instruct 16.67 100 18.75 100 43.80

more realistic benchmark for evaluating end-to-end433

software-evolution capabilities.434

We also evaluate a more challenging release-note435

only setting, where agents receive no PR/issue con-436

text. As shown in Table 4 (in Appendix E), perfor-437

mance drops modestly but trends remain consistent,438

confirming that SWE-EVO poses substantial chal-439

lenges regardless of specification detail.440

Fine-Grained Analysis with Fix Rate. Beyond441

the binary Resolved Rate, we examine our soft met-442

ric Fix Rate (Section 3.2), which captures partial443

progress on large test suites. As shown in Table 5444

(Appendix G), models indistinguishable under Re-445

solved Rate can differ meaningfully: e.g., under446

OpenHands, both gpt-4.1 and gpt-oss-120b re-447

solve only 2.08% of SWE-EVO, but their Fix448

Rates are 4.65% vs. 2.08%, revealing that gpt-4.1449

repairs more failing tests per instance.450

4.3 Analysis of Agent Behaviour451

Beyond aggregate metrics, we investigate why452

agents fail on SWE-EVO by analyzing their exe-453

cution trajectories. This qualitative analysis reveals454

distinct failure patterns across different model fam-455

ilies.456

4.3.1 Trajectory Failure Modes Analysis 457

We perform an LLM-as-a-judge analysis of failure 458

modes for SWE-agent trajectories on SWE-EVO, 459

following the methodology proposed in prior work 460

on SWE-agent (Yang et al., 2024a). 461

Method. We first run SWE-agent with each 462

model on all SWE-EVO instances and restrict 463

attention to unresolved cases. For every failing 464

trajectory, we extract the last 20 turns, which we 465

found to provide a good balance between capturing 466

the decisive part of the interaction and avoiding un- 467

necessary noise from early exploration. The judge 468

is prompted to first briefly justify its reasoning and 469

then assign exactly one primary failure label from 470

table 6 in Appendix H to the trajectory. This auto- 471

mated labeling allows us to systematically charac- 472

terize how different models fail on SWE-EVO. 473

Categories. The failure taxonomy is summarized 474

in Table 6 in Appendix H. It covers both low-level 475

and high-level error modes. 476

Results. Figure 4 reveals distinct failure pat- 477

terns across model families. For the GPT se- 478

ries, gpt-5 rarely fails due to syntax or tool is- 479

sues; instead, over 60% of failures come from 480
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Figure 5: Difficulty analysis of SWE-EVO instances: (a) instances associated with more pull requests are
significantly harder; (b) stronger models scale turn usage with difficulty, while others show limited adaptivity.

Instruction Following, suggesting difficulty inter-481

preting complex release notes. Smaller variants482

(gpt-5-mini, gpt-5-nano) show increasing Incor-483

rect Implementation, Tool-Use, and Syntax Error484

failures, while older models (o3, gpt-4.1, gpt-4o)485

exhibit more looping and early-termination issues.486

In contrast, open and hybrid models follow differ-487

ent patterns: kimi-k2-instruct, qwen3-coder,488

and gpt-oss-120b fail mainly due to Incorrect489

Implementation, indicating weaker semantic rea-490

soning but stable tool use, whereas deepseek-r1491

often gets stuck in loops or fails in execution,492

and glm-4p5 shows more evenly distributed errors493

across categories.494

4.3.2 Difficulty Analysis495

A key property of SWE-EVO is that the diffi-496

culty of each instance varies widely depending497

on the number of pull requests. We provide a498

full distributional analysis of PR counts across in-499

stances and repositories in Appendix F (Figure 8).500

We group instances by their empirical difficulty:501

for each instance, we count how many times it502

is successfully resolved across all model-scaffold503

combinations, yielding a resolution count r. We504

then group instances into four difficulty groups:505

r = 0, 0 < r ≤ 5, 5 < r ≤ 10 and r > 10,506

containing roughly 64%, 15%, 15%, and 6% of all507

instances respectively.508

Figure 5a shows a clear monotonic trend: easier509

instances tend to be associated with fewer PRs,510

while harder ones correspond to substantially more 511

PRs (average 14.84, 6.71, 3.57, and 1.67 across the 512

four groups). Figure 5b reports the average number 513

of turns taken by each model. Stronger models such 514

as gpt-5 invest more turns on difficult instances 515

and terminate earlier on easier ones. In contrast, 516

o3 consistently runs at a high turn count regardless 517

of difficulty, and deepseek-r1 displays notably 518

fewer turns even on hard instances. 519

5 Conclusion 520

We introduce SWE-EVO, a benchmark for eval- 521

uating coding agents on realistic software evolu- 522

tion rather than isolated bug fixing. SWE-EVO 523

requires interpreting release notes, performing 524

multi-file changes, and preserving functionality un- 525

der comprehensive tests, making it substantially 526

more challenging than SWE-Bench. Experiments 527

with OpenHands and SWE-agent across 18 mod- 528

els reveal a large capability gap: the best model 529

(gpt-5.4) solves only 25% of tasks, compared to 530

72.80% by gpt-5.2 on SWE-Bench Verified. Fail- 531

ure analysis shows that stronger models struggle 532

with instruction following, while weaker ones ex- 533

hibit tool-use and syntax errors. We expect SWE- 534

EVO to complement existing benchmarks with a 535

focus on long-horizon software evolution. 536
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6 Limitations537

Our work has several limitations that suggest di-538

rections for future research. First, SWE-EVO cur-539

rently covers only Python projects; prior work has540

shown that agent performance varies substantially541

across languages (Badertdinov et al., 2025), and542

extending to multilingual settings (Zan et al., 2025)543

would strengthen the generality of our findings.544

Second, we rely on release notes as the sole spec-545

ification format, which does not capture all real-546

world evolution scenarios such as security patches,547

dependency updates, or internal refactors driven by548

design documents rather than user-facing changel-549

ogs. Third, the benchmark comprises 48 curated550

task instances: while this ensures high quality with551

execution-validated behavioral deltas, it limits sta-552

tistical power for fine-grained comparisons (e.g.,553

per-repository or per-difficulty analysis), and scal-554

ing up through automated pipelines (Zhang et al.,555

2025b; Badertdinov et al., 2025) would improve556

robustness. Fourth, like all benchmarks derived557

from public repositories, SWE-EVO is susceptible558

to data contamination; although version-to-version559

transitions are less likely to appear verbatim in560

training data than isolated issue-patch pairs, future561

iterations should explore temporal separation or562

evolving benchmark versions to further mitigate563

this risk. Finally, our Fix Rate metric treats all tests564

equally and does not account for test complexity,565

code quality, or maintainability, leaving room for566

more nuanced evaluation measures.567

References568

Akari Asai, Zeqiu Wu, Yizhong Wang, Avirup Sil, and569
Hannaneh Hajishirzi. 2024. Self-rag: Learning to re-570
trieve, generate, and critique through self-reflection. In-571
ternational Conference on Learning Representations.572

Jacob Austin, Augustus Odena, Maxwell Nye, Maarten573
Bosma, Henryk Michalewski, David Dohan, Ellen Jiang,574
Carrie Cai, Michael Terry, Quoc Le, and 1 others. 2021.575
Program synthesis with large language models. arXiv576
preprint arXiv:2108.07732.577

Ibragim Badertdinov, Alexander Golubev, Maksim578
Nekrashevich, Anton Shevtsov, Simon Karasik, Andrei579
Andriushchenko, Maria Trofimova, Daria Litvintseva,580
and Boris Yangel. 2025. Swe-rebench: An automated581
pipeline for task collection and decontaminated evalu-582
ation of software engineering agents. arXiv preprint583
arXiv:2505.20411.584

Nghi DQ Bui, Hung Le, Yue Wang, Junnan Li,585
Akhilesh Deepak Gotmare, and Steven CH Hoi. 2023.586

Codetf: One-stop transformer library for state-of-the-art 587
code llm. arXiv preprint arXiv:2306.00029. 588

Tianle Cai, Xuezhi Wang, Tengyu Ma, Xinyun Chen, 589
and Denny Zhou. 2024. Large language models as tool 590
makers. In International Conference on Representation 591
Learning. 592

Quentin Carbonneaux, Gal Cohen, Jonas Gehring, Jacob 593
Kahn, Jannik Kossen, Felix Kreuk, Emily McMilin, 594
Michel Meyer, Yuxiang Wei, David Zhang, and 1 others. 595
2025. Cwm: An open-weights llm for research on 596
code generation with world models. arXiv preprint 597
arXiv:2510.02387. 598

Aili Chen, Aonian Li, Bangwei Gong, Binyang Jiang, 599
Bo Fei, Bo Yang, Boji Shan, Changqing Yu, Chao Wang, 600
Cheng Zhu, and 1 others. 2025. Minimax-m1: Scaling 601
test-time compute efficiently with lightning attention. 602
arXiv preprint arXiv:2506.13585. 603

Bei Chen, Fengji Zhang, Anh Nguyen, Daoguang Zan, 604
Zeqi Lin, Jian-Guang Lou, and Weizhu Chen. 2022. 605
Codet: Code generation with generated tests. arXiv 606
preprint arXiv:2207.10397. 607

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, 608
Henrique Ponde De Oliveira Pinto, Jared Kaplan, Harri 609
Edwards, Yuri Burda, Nicholas Joseph, Greg Brockman, 610
and 1 others. 2021a. Evaluating large language models 611
trained on code. arXiv preprint arXiv:2107.03374. 612

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, 613
Henrique Ponde De Oliveira Pinto, Jared Kaplan, Harri 614
Edwards, Yuri Burda, Nicholas Joseph, Greg Brockman, 615
and 1 others. 2021b. Evaluating large language models 616
trained on code. arXiv preprint arXiv:2107.03374. 617

Xinyun Chen, Maxwell Lin, Nathanael Schärli, and 618
Denny Zhou. 2023. Teaching large language models to 619
self-debug. arXiv preprint arXiv:2304.05128. 620

Cognition. 2024. Devin ai. https://cognition.ai/b 621
log/introducing-devin. 622

DeepSeek-AI. 2025. Deepseek-r1-0528 release. http 623
s://api-docs.deepseek.com/news/news250528. 624
Accessed 2026-03-12. 625

DeepSeek AI. 2025. DeepSeek V3.1. https://api-d 626
ocs.deepseek.com/news/news250821. 627

DeepSeek-AI. 2025a. Deepseek-v3.1 release. http 628
s://api-docs.deepseek.com/news/news250821. 629
Accessed 2026-03-12. 630

DeepSeek-AI. 2025b. Deepseek-v3.2: Pushing the fron- 631
tier of open large language models. arXiv preprint 632
arXiv:2512.02556. 633

DORA Research Program. 2025. State of ai-assisted 634
software development: 2025 dora report. https:// 635
cloud.google.com/resources/content/2025-dor 636
a-ai-assisted-software-development-report. 637
DevOps Research and Assessment (DORA). 638

9

https://cognition.ai/blog/introducing-devin
https://cognition.ai/blog/introducing-devin
https://cognition.ai/blog/introducing-devin
https://api-docs.deepseek.com/news/news250528
https://api-docs.deepseek.com/news/news250528
https://api-docs.deepseek.com/news/news250528
https://api-docs.deepseek.com/news/news250821
https://api-docs.deepseek.com/news/news250821
https://api-docs.deepseek.com/news/news250821
https://api-docs.deepseek.com/news/news250821
https://api-docs.deepseek.com/news/news250821
https://api-docs.deepseek.com/news/news250821
https://cloud.google.com/resources/content/2025-dora-ai-assisted-software-development-report
https://cloud.google.com/resources/content/2025-dora-ai-assisted-software-development-report
https://cloud.google.com/resources/content/2025-dora-ai-assisted-software-development-report
https://cloud.google.com/resources/content/2025-dora-ai-assisted-software-development-report
https://cloud.google.com/resources/content/2025-dora-ai-assisted-software-development-report


Angela Fan, Beliz Gokkaya, Mark Harman, Mitya639
Lyubarskiy, Shubho Sengupta, Shin Yoo, and Jie M640
Zhang. 2023. Large language models for software641
engineering: Survey and open problems. In 2023642
IEEE/ACM International Conference on Software Engi-643
neering: Future of Software Engineering (ICSE-FoSE),644
pages 31–53. IEEE.645

Cuiyun Gao, Xing Hu, Shan Gao, Xin Xia, and Zhi Jin.646
2025. The current challenges of software engineering647
in the era of large language models. ACM Transactions648
on Software Engineering and Methodology, 34(5):1–30.649

Tao Ge, Jing Hu, Xun Wang, Si-Qing Chen, and Furu650
Wei. 2024. In-context autoencoder for context compres-651
sion in a large language model. International Confer-652
ence on Learning Representations.653

GLM-4.5 Team. 2025. Glm-4.5: Agentic, reasoning,654
and coding (arc) foundation models. arXiv preprint655
arXiv:2508.06471.656

Bernal Jimenez Gutierrez, Yiheng Shu, Yu Gu, Michi-657
hiro Yasunaga, and Yu Su. 2024. Hipporag: Neurobio-658
logically inspired long-term memory for large language659
models. Advances in Neural Information Processing660
Systems, 37.661

Junda He, Christoph Treude, and David Lo. 2025. Llm-662
based multi-agent systems for software engineering:663
Literature review, vision, and the road ahead. ACM664
Transactions on Software Engineering and Methodol-665
ogy, 34(5):1–30.666

Dan Hendrycks, Steven Basart, Saurav Kadavath, Man-667
tas Mazeika, Akul Arora, Ethan Guo, Collin Burns,668
Samir Puranik, Horace He, Dawn Song, and 1 others.669
2021. Measuring coding challenge competence with670
apps. arXiv preprint arXiv:2105.09938.671

Anh Nguyen Hoang, Minh Le-Anh, Bach Le, and672
Nghi DQ Bui. 2025. Codewiki: Evaluating ai’s abil-673
ity to generate holistic documentation for large-scale674
codebases. arXiv preprint arXiv:2510.24428.675

Qishuo Hua, Lyumanshan Ye, Dayuan Fu, Yang Xiao,676
Xiaojie Cai, Yunze Wu, Jifan Lin, Junfei Wang,677
and Pengfei Liu. 2025. Context engineering 2.0:678
The context of context engineering. arXiv preprint679
arXiv:2510.26493.680

Dong Huang, Jie M Zhang, Michael Luck, Qingwen681
Bu, Yuhao Qing, and Heming Cui. 2023. Agentcoder:682
Multi-agent-based code generation with iterative testing683
and optimisation. arXiv preprint arXiv:2312.13010.684

Kush Jain, Gabriel Synnaeve, and Baptiste Roziere.685
2024. Testgeneval: A real world unit test genera-686
tion and test completion benchmark. arXiv preprint687
arXiv:2410.00752.688

Carlos E Jimenez, John Yang, Alexander Wettig,689
Shunyu Yao, Kexin Pei, Ofir Press, and Karthik690
Narasimhan. 2023. Swe-bench: Can language mod-691
els resolve real-world github issues? arXiv preprint692
arXiv:2310.06770.693

Carlos E. Jimenez, John Yang, Alexander Wettig, 694
Shunyu Yao, Kexin Pei, Ofir Press, and Karthik R. 695
Narasimhan. 2024. Swe-bench: Can language mod- 696
els resolve real-world github issues? In The Twelfth 697
International Conference on Learning Representations, 698
ICLR 2024, Vienna, Austria, May 7-11, 2024. OpenRe- 699
view.net. 700

Uttamjit Kaur and Gagandeep Singh. 2015. A review 701
on software maintenance issues and how to reduce main- 702
tenance efforts. International Journal of Computer Ap- 703
plications, 118(1):6–11. 704

Kimi Team. 2025a. Kimi k2: Open agentic intelligence. 705
arXiv preprint arXiv:2507.20534. 706

Kimi Team. 2025b. Kimi k2: Open agentic intelligence. 707
arXiv preprint arXiv:2507.20534. 708

Kimi Team. 2026. Kimi k2.5: Visual agentic intelli- 709
gence. arXiv preprint arXiv:2602.02276. 710

Yujia Li, David Choi, Junyoung Chung, Nate Kush- 711
man, Julian Schrittwieser, Rémi Leblond, Tom Eccles, 712
James Keeling, Felix Gimeno, Agustin Dal Lago, and 1 713
others. 2022. Competition-level code generation with 714
alphacode. Science, 378(6624):1092–1097. 715

Michael Luo, Naman Jain, Jaskirat Singh, Sijun Tan, 716
Ameen Patel, Qingyang Wu, Alpay Ariyak, Colin Cai, 717
Shang Zhu Tarun Venkat, Ben Athiwaratkun, and 1 718
others. 2025. Deepswe: Training a fully open-sourced, 719
state-of-the-art coding agent by scaling rl. 720

Dung Nguyen Manh, Nam Le Hai, Anh TV Dau, 721
Anh Minh Nguyen, Khanh Nghiem, Jin Guo, and 722
Nghi DQ Bui. 2023. The vault: A comprehensive mul- 723
tilingual dataset for advancing code understanding and 724
generation. arXiv preprint arXiv:2305.06156. 725

Lingrui Mei, Jiayu Yao, Yuyao Ge, Yiwei Wang, Bao- 726
long Bi, Yujun Cai, Jiazhi Liu, Mingyu Li, Zhong-Zhi 727
Li, Duzhen Zhang, and 1 others. 2025. A survey of 728
context engineering for large language models. arXiv 729
preprint arXiv:2507.13334. 730

Dung Manh Nguyen, Thang Chau Phan, Nam Le Hai, 731
Tien-Thong Doan, Nam V Nguyen, Quang Pham, and 732
Nghi DQ Bui. 2025a. Codemmlu: A multi-task bench- 733
mark for assessing code understanding & reasoning ca- 734
pabilities of codellms. In The Thirteenth International 735
Conference on Learning Representations. 736

Minh Huynh Nguyen, Thang Phan Chau, Phong X 737
Nguyen, and Nghi DQ Bui. 2025b. Agilecoder: Dy- 738
namic collaborative agents for software development 739
based on agile methodology. In 2025 IEEE/ACM Sec- 740
ond International Conference on AI Foundation Mod- 741
els and Software Engineering (Forge), pages 156–167. 742
IEEE. 743

OpenAI. 2024a. Hello gpt-4o. https://openai.com 744
/index/hello-gpt-4o/. Accessed 2026-03-12. 745

OpenAI. 2024b. Swe-bench verified. https://openai 746
.com/index/introducing-swe-bench-verified/. 747

10

https://openreview.net/forum?id=VTF8yNQM66
https://openreview.net/forum?id=VTF8yNQM66
https://openreview.net/forum?id=VTF8yNQM66
https://openai.com/index/hello-gpt-4o/
https://openai.com/index/hello-gpt-4o/
https://openai.com/index/hello-gpt-4o/
https://openai.com/index/introducing-swe-bench-verified/
https://openai.com/index/introducing-swe-bench-verified/
https://openai.com/index/introducing-swe-bench-verified/


OpenAI. 2025a. Gpt-5 system card. Technical report,748
OpenAI.749

OpenAI. 2025b. Gpt-5 system card. https://open750
ai.com/index/gpt-5-system-card/. Accessed751
2026-03-12.752

OpenAI. 2025c. gpt-oss-120b & gpt-oss-20b model753
card. https://cdn.openai.com/pdf/419b6906-9da754
6-406c-a19d-1bb078ac7637/oai_gpt-oss_model755
_card.pdf. Accessed 2026-03-12.756

OpenAI. 2025d. Introducing gpt-4.1 in the api. https:757
//openai.com/index/gpt-4-1/. Accessed 2026-03-758
12.759

OpenAI. 2025e. Introducing gpt-5.2. https://open760
ai.com/index/introducing-gpt-5-2/. Accessed761
2026-03-12.762

OpenAI. 2025f. Introducing openai o3 and o4-mini.763
https://openai.com/index/introducing-o3-and764
-o4-mini/. Accessed 2026-03-12.765

OpenAI. 2026. Introducing gpt-5.4. https://open766
ai.com/index/introducing-gpt-5-4/. Accessed767
2026-03-12.768

Charles Packer and 1 others. 2023. Memgpt: To-769
wards llms as operating systems. arXiv preprint770
arXiv:2310.08560.771

Jiayi Pan, Xingyao Wang, Graham Neubig, Navdeep772
Jaitly, Heng Ji, Alane Suhr, and Yizhe Zhang. 2024.773
Training software engineering agents and verifiers with774
swe-gym. Preprint, arXiv:2412.21139.775

Minh VT Pham, Huy N Phan, Hoang N Phan, Cuong Le776
Chi, Tien N Nguyen, and Nghi DQ Bui. 2025. Swe-777
synth: Synthesizing verifiable bug-fix data to enable778
large language models in resolving real-world bugs.779
arXiv preprint arXiv:2504.14757.780

Huy Nhat Phan, Phong X. Nguyen, and Nghi D. Q.781
Bui. 2024. Hyperagent: Generalist software engi-782
neering agents to solve coding tasks at scale. CoRR,783
abs/2409.16299.784

Cheng Qian, Chi Han, Yi R. Fung, Yujia Qin, Zhiyuan785
Liu, and Heng Ji. 2024. Creator: Tool creation for786
disentangling abstract and concrete reasoning of large787
language models. Preprint, arXiv:2305.14318.788

Jiahao Qiu, Xuan Qi, Tongcheng Zhang, Xinzhe Juan,789
Jiacheng Guo, Yifu Lu, Yimin Wang, Zixin Yao, Qi-790
han Ren, Xun Jiang, Xing Zhou, Dongrui Liu, Ling791
Yang, Yue Wu, Kaixuan Huang, Shilong Liu, Hongru792
Wang, and Mengdi Wang. 2025. Alita: Generalist793
agent enabling scalable agentic reasoning with mini-794
mal predefinition and maximal self-evolution. Preprint,795
arXiv:2505.20286.796

Qwen Team. 2025. Qwen3-coder. https://github.c797
om/QwenLM/Qwen3-Coder. Accessed 2026-03-12.798

Maxime Robeyns, Martin Szummer, and Laurence 799
Aitchison. 2025. A self-improving coding agent. arXiv 800
preprint arXiv:2504.15228. 801

Parth Sarthi, Salman Abdullah, Aditi Tuli, Shubh 802
Khanna, Anna Goldie, and Christopher D. Manning. 803
2024. Raptor: Recursive abstractive processing for 804
tree-organized retrieval. International Conference on 805
Learning Representations. 806

Scale AI. 2025. Swe-bench pro: Can ai agents solve 807
long-horizon software engineering tasks? arXiv 808
preprint arXiv:2509.16941. 809

Chamkaur Singh, Neeraj Sharma, and Narender Kumar. 810
2019. Analysis of software maintenance cost affecting 811
factors and estimation models. Int. J. Sci. Technol. Res, 812
8(9):276–281. 813

Hung Quoc To, Minh Huynh Nguyen, and Nghi DQ 814
Bui. 2023. Functional overlap reranking for neural code 815
generation. arXiv preprint arXiv:2311.03366. 816

Guanzhi Wang, Yuqi Xie, Yunfan Jiang, Ajay Man- 817
dlekar, Chaowei Xiao, Yuke Zhu, Linxi Fan, and Anima 818
Anandkumar. 2024a. Voyager: An open-ended embod- 819
ied agent with large language models. Transactions on 820
Machine Learning Research. 821

Wenhan Wang, Chenyuan Yang, Zhijie Wang, Yuheng 822
Huang, Zhaoyang Chu, Da Song, Lingming Zhang, 823
An Ran Chen, and Lei Ma. 2024b. Testeval: Bench- 824
marking large language models for test case generation. 825
arXiv preprint arXiv:2406.04531. 826
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A Evaluated Models 939

We evaluate SWE-EVO on a diverse set of re- 940

cent LLMs from multiple providers, including both 941

closed- and open-weight models. Table 3 lists all 942

evaluated models. 943

B Software Evolution Conceptual Model 944

Software evolution is an iterative cycle where, start- 945

ing from an existing system, engineers identify re- 946

quired changes, analyze their impact, and carry 947

out an evolution process that yields a new system 948

aligned with updated requirements. This cycle re- 949

peats as the new system becomes the starting point 950

for subsequent iterations. SWE-EVO captures this 951

process by tasking agents with evolving codebases 952

between consecutive release versions. 953

12

https://z.ai/blog/glm-4.7


Table 3: Full list of LLMs evaluated on SWE-EVO, grouped by provider.

Provider Model Type Reference

OpenAI

gpt-5.4 Closed-weight (OpenAI, 2026)
gpt-5.2 Closed-weight (OpenAI, 2025e)
gpt-5-08-07 Closed-weight (OpenAI, 2025b)
gpt-5-mini-08-07 Closed-weight (OpenAI, 2025b)
gpt-5-nano-08-07 Closed-weight (OpenAI, 2025b)
o3-2025-04-16 Closed-weight (OpenAI, 2025f)
gpt-4.1-2025-04-14 Closed-weight (OpenAI, 2025d)
gpt-4o-2024-11-20 Closed-weight (OpenAI, 2024a)
gpt-oss-120b Open-weight (OpenAI, 2025c)

DeepSeek
deepseek-v3p2 Open-weight (DeepSeek-AI, 2025b)
deepseek-v3p1 Open-weight (DeepSeek-AI, 2025a)
deepseek-r1-0528 Open-weight (DeepSeek-AI, 2025)

Zhipu AI
glm-5 Open-weight (Z.ai Team, 2026)
glm-4p7 Open-weight (Z.ai, 2025)
glm-4p5 Open-weight (GLM-4.5 Team, 2025)

Qwen qwen3-coder-480b-a35b Open-weight (Qwen Team, 2025; Yang et al., 2025)

Moonshot AI
kimi-k2p5 Open-weight (Kimi Team, 2026)
kimi-k2-instruct Open-weight (Kimi Team, 2025b)

C Self-Evolving Agents and Tool Creation954

Due to the huge design space for software agents,955

building an optimal agent scaffold can be extremely956

challenging and costly. As a result, several self-957

improving and self-evolving software agents have958

emerged recently. The Self-Improving Coding959

Agent (SICA) (Robeyns et al., 2025) introduced960

mechanisms for agents to learn from their own ex-961

periences. Darwin-Gödel Machine (DGM) (Zhang962

et al., 2025a) proposed open-ended evolution of963

self-improving agents through iterative refinement.964

Huxley-Gödel Machine (HGM) (Wang et al., 2025)965

further advanced this paradigm by approximat-966

ing optimal self-improving machines for human-967

level coding. However, such self-improving agents968

typically require costly offline training on known969

benchmarks and may not generalize well across970

different LLMs, benchmarks, and issue types.971

Beyond the software engineering domain, prior972

work has explored using LLMs to create tools for973

general reasoning or embodied tasks. Large Lan-974

guage Models as Tool Makers (LATM) (Cai et al.,975

2024) demonstrated that LLMs can autonomously976

create reusable tools to solve complex tasks more977

efficiently. Voyager (Wang et al., 2024a) intro-978

duced an open-ended embodied agent that contin-979

uously acquires new skills through code genera-980

tion in Minecraft. CREATOR (Qian et al., 2024)981

proposed disentangling abstract and concrete rea-982

soning through tool creation. TroVE (Wang et al., 983

2024e) focused on inducing verifiable and efficient 984

toolboxes for programmatic tasks. Alita (Qiu et al., 985

2025) presented a generalist agent enabling scal- 986

able agentic reasoning with minimal predefinition 987

and maximal self-evolution. While these works 988

demonstrate the potential of self-evolving agents 989

and tool creation, they do not specifically target 990

real-world software engineering problems that re- 991

quire long-horizon evolution across multiple com- 992

mits and versions. 993

D SWE-EVO vs. SWE-Bench 994

Comparison 995

Compared to SWE-Bench, as shown in figure 7, 996

SWE-EVO presents substantially richer supervi- 997

sion and stricter verification signals. The natural- 998

language specification is markedly longer, the gold 999

patches modify more lines, span more files, and 1000

touch more functions, and the associated test suites 1001

include many more originally failing tests along- 1002

side larger total counts. These quantities exhibit a 1003

pronounced long tail, indicating that SWE-EVO 1004

captures broader, multi-edit changes and stronger 1005

regression risk. Overall, SWE-EVO requires 1006

deeper semantic understanding, broader reason- 1007

ing, and stronger generalization across complex 1008

multi-file edits than SWE-Bench, making it a more 1009

challenging and realistic benchmark for evaluating 1010

software capabilities. 1011
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Figure 6: Conceptual model of software evolution, depicting the iterative cycle from an existing system to a new
system through change identification, impact analysis, and the evolution process.
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Figure 7: SWE-EVO is markedly more demanding than SWE-Bench, with longer issue descriptions, broader patch
scope (more lines/files/functions edited), and heavier test suites (FAIL_TO_PASS and total) in both mean and max.
These properties require agents capable of long-context reasoning, coordinated multi-file edits, and regression-safe
fixes.

E Context Comparison Results1012

We further compare performance under release-1013

note only and release-note + PR/issue context set-1014

tings. As shown in Table 4, adding PR/issue con-1015

text generally improves resolved rates across most1016

models, while preserving the overall ranking and1017

relative trends. This suggests that additional con-1018

text provides useful signals.1019

F Pull Request Distribution Analysis1020

Unlike SWE-Bench, where each task instance cor-1021

responds to a single pull request (PR), an instance1022

in SWE-EVO may be associated with multiple1023

pull requests that collectively implement or refine a1024

release-note change. We hypothesize that instances1025

associated with a larger number of pull requests1026

reflect more complex, multi-step development ef- 1027

forts, as each pull request typically represents a 1028

distinct feature enhancement or bug fix. As shown 1029

in Figure 8, the number of pull requests per in- 1030

stance varies widely, indicating that SWE-EVO 1031

spans a broad range of difficulty levels. 1032

G Fix Rate Results 1033

Beyond the binary Resolved Rate, we also exam- 1034

ine our soft metric Fix Rate, which captures par- 1035

tial progress on large test suites (Section 3.2). As 1036

shown in Table 5, models that appear similar under 1037

Resolved Rate can differ meaningfully once partial 1038

improvements are considered. For example, under 1039

OpenHands, both gpt-4.1 and gpt-oss-120b re- 1040

solve only (2.08%) of SWE-EVO, but their Fix 1041
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Table 4: Results on SWE-EVO under two settings: release-note only and release-note + PR/issue context.
Reported metric is Resolved Rate (%) on OpenHands and SWE-agent.

release-note only
release-note

+ PR/issue context

Model OpenHands SWE-agent OpenHands SWE-agent

gpt-5-08-07 14.58 16.67 18.75 20.83
gpt-5-mini-08-07 8.33 10.42 10.42 10.42
o3-2025-04-16 4.17 6.25 4.17 6.25
gpt-4.1-2025-04-14 2.08 8.33 2.08 10.42
gpt-4o-2024-11-20 8.33 4.17 6.25 6.25
gpt-oss-120b 0.00 0.00 2.08 6.25
deepseek-r1-0528 10.42 6.25 10.42 8.33
glm-4p5 6.25 12.50 16.67 16.67
qwen3-coder-480b-a35b 14.58 12.50 14.58 14.58
kimi-k2-instruct 8.33 12.50 16.67 18.75

0 10 20 30 40 50
Number of instances with  y PRs

0
10
20
30
40
50
60
70
80

y 
= 

PR
s (

th
re

sh
ol

d)

median PR = 6.00

(a) Complementary cumulative distribu-
tion of PR counts, showing how many
instances contain at least y linked pull re-
quests.

pydantic conan dask dvc requests modin scikit-learn
0

5

10

15

20

25

30

35

M
ea

n 
PR

s p
er

 in
st

an
ce

(b) Mean PRs per repository, highlighting that certain codebases require substantially
more upstream context to resolve.

Figure 8: Pull Request statistics across SWE-EVO instances.

Rates differ (4.65% vs. 2.08%), indicating that1042

gpt-4.1 consistently fixes more failing tests per1043

instance. More broadly, we observe a consistent1044

gap between Fix Rate and Resolved Rate across1045

all models, suggesting that many trajectories make1046

partial but incomplete progress. This finer granular-1047

ity is especially important on SWE-EVO, where1048

each task involves many tests, and binary outcomes1049

would otherwise obscure systematic differences in1050

model capability.1051

H Failure Mode Descriptions1052

To better understand how coding agents fail on1053

SWE-EVO, we adopt a coarse but interpretable1054

taxonomy of failure modes, inspired by prior anal-1055

ysis of SWE-agent (Yang et al., 2024a) trajecto-1056

ries on SWE-bench Lite. For each unresolved in-1057

stance, we extract the SWE-agent trajectory and 1058

ask a judge model to assign exactly one primary 1059

failure label from a fixed set of categories. 1060

The taxonomy is designed to balance coverage 1061

and reliability: it separates low-level execution 1062

issues (e.g., syntax errors or broken tool calls) 1063

from higher-level semantic problems (e.g., incor- 1064

rect logic or misinterpreted requirements), and in- 1065

cludes behavioural modes such as looping or pre- 1066

maturely giving up. When multiple issues are 1067

present, the judge is instructed to choose the most 1068

fundamental cause that best explains why the in- 1069

stance ultimately remains unresolved. 1070

Syntax Error captures patches that break parsing 1071

or formatting, preventing tests from running. Incor- 1072

rect Implementation denotes patches that touch 1073

the right area of the code but do not correctly imple- 1074
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Table 5: Comparison of Resolved Rate (%) and Fix Rate (%) across models on OpenHands, SWE-Agent, and
their Average.

Model OpenHands SWE-Agent Average

Resolved (%) Fix (%) Resolved (%) Fix (%) Resolved (%) Fix (%)

OpenAI

gpt-5.4 25.00 33.89 25.00 33.98 25.00 33.96
gpt-5.2 18.75 23.43 22.92 30.21 20.84 26.82
gpt-5-08-07 18.75 27.64 20.83 31.46 19.79 29.55
gpt-5-mini-08-07 10.42 17.48 10.42 17.48 10.42 17.48
gpt-5-nano-08-07 4.17 5.99 4.17 5.26 4.17 5.63
o3-2025-04-16 4.17 6.47 4.17 13.72 4.17 10.10
gpt-4.1-2025-04-14 2.08 4.65 10.42 14.79 6.25 9.72
gpt-4o-2024-11-20 6.25 7.77 6.25 10.15 6.25 8.96
gpt-oss-120b 2.08 2.08 6.25 7.88 4.17 4.98

DeepSeek
deepseek-v3p2 20.83 26.89 23.40 31.41 22.12 29.15
deepseek-v3p1 16.67 21.83 10.42 15.51 13.55 18.67
deepseek-r1-0528 10.42 14.31 8.33 9.89 9.38 12.10

Zhipu AI glm-5 8.33 9.67 37.50 44.27 22.92 27.45
glm-4p7 4.17 5.19 39.58 45.87 21.88 25.53
glm-4p5 16.67 23.74 16.67 26.55 16.67 25.15

Qwen qwen3-coder-480b-a35b 14.58 19.56 14.58 23.74 14.58 21.65

Moonshot AI kimi-k2p5 22.92 27.75 25.00 32.91 23.96 30.33
kimi-k2-instruct 16.67 22.42 18.75 24.03 17.71 23.23

ment the required behaviour. Instruction Follow-1075

ing indicates that the agent misinterprets or ignores1076

the release note, effectively solving the wrong task.1077

Tool-Use covers errors in invoking the SWE-agent1078

tools (e.g., failing to run tests, misusing edit/apply1079

commands, or opening the wrong paths). Stuck1080

in Loop reflects trajectories where the agent re-1081

peatedly reads files or reruns tests without making1082

meaningful progress. Gave Up Prematurely cor-1083

responds to agents that stop early or declare failure1084

while viable next steps remain. Finally, Other col-1085

lects rare or ambiguous patterns that do not cleanly1086

fit into the above category. Table 6 summarizes the1087

categories and the criteria used by the judge model1088

when annotating trajectories.1089

I Dataset Fields1090

Table 7 describes the SWE-EVO dataset fields1091

and outlines how they are obtained throughout the1092

curation process.1093

J Problem Statement1094

For each SWE-EVO instance, the problem state-1095

ment is defined by the official release notes text that1096

describes the changes between the start version and1097

the end version of this instance, as published by1098

the project maintainers. This release note is then1099

presented to the agent as the sole natural-language1100

specification of how the codebase should change 1101

between the two versions. 1102

J.1 Pull Request, Issue Context 1103

Release notes frequently refer to specific pull re- 1104

quests or issues (e.g., “see #1234” or “thanks to 1105

PR #5678”). To make these references actionable 1106

for agent, we augment the problem statement with 1107

the context of the linked artifacts. For each ref- 1108

erenced pull request or issue, we fetch its body 1109

from github. These texts are then concatenated 1110

into a compact “PR / Issue Context” block that is 1111

presented to the agent alongside the release note. 1112

We then append these texts directly below the re- 1113

lease note in a structured format, without rewriting 1114

or summarizing them. In general, the final prob- 1115

lem statement presented to the agent has the form: 1116

release-note followed by a sequence of sections 1117

\n### PR xxx:\n or \n### Issue yyy:\n with 1118

their corresponding content for every referenced 1119

pull request and issue. so that the agent sees the 1120

original release note followed by the full text of 1121

any referenced pull requests and issues. 1122

J.2 Example 1123

To make this concrete, we present two 1124

example problem statements (Boxes J.2 1125

and J.2), corresponding to the in- 1126

stances iterative__dvc_0.33.1_0.34.0 1127
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Table 6: Descriptions of failure mode categories.

Category Description

Syntax Error The patch or edits introduced syntax or formatting mistakes (e.g., missing imports,
bad indentation, invalid JSON/YAML) that prevented tests or execution from
succeeding.

Incorrect Implementa-
tion

The agent made a change to a reasonable area but their solution didn’t correctly
address the issue.

Instruction Following The agent misread or deviated from the stated requirements (issue/release note),
implemented something else, or ignored an explicit instruction.

Tool-Use Progress was blocked by incorrect or missing tool usage (e.g., failing to run tests,
bad edit/apply commands, wrong path in open/ls), so the solution could not be
completed.

Stuck in Loop The agent repeated similar actions (reading, scrolling, retrying edits/tests) without
making substantive progress toward a fix.

Gave Up Prematurely The agent stopped or concluded early after encountering difficulty, without
exhausting reasonable next steps.

Other There was some other problem that prevented the agent from resolving this issue.

in the iterative/dvc repository and1128

dask__dask_2023.6.1_2023.7.0 in the1129

dask/dask repository.1130

17



Table 7: Required fields for a typical issue-solving task instance. Fields marked with * are newly added compared
to SWE-bench.

Field Type Description

repo str Git repository identifier for the task instance, e.g., the GitHub owner/name.
base_commit str The commit on which the pull request is based, representing the repository

state before the issue is resolved.
start_version str Git tag or version identifier of the starting release for this task instance.
end_version str Git tag or version identifier of the target release after the change has been

applied.
end_version_commit str Git commit hash corresponding to the end_version tag.
patch str Gold patch proposed by the pull request, in .diff format.
test_patch str Modifications to the test suite proposed by the pull request that are typically

used to check whether the issue has been resolved.
problem_statement str Issue description text, typically describing the bug or requested feature, used

as the task problem statement.
FAIL_TO_PASS List[str] Test cases that are expected to successfully transition from failing to passing

and are used to evaluate the correctness of the patch.
PASS_TO_PASS List[str] Test cases that are already passing prior to applying the gold patch; a correct

patch should not introduce regression failures in these tests.
*image str Instance-level Docker image that provides an execution environment.
*test_cmds List[str] Command(s) used to run the test suite, as identified by the verify agent in

REPOLAUNCH, enabling detailed logging of each test item’s status (e.g., via
pytest -rA).

*log_parser str Type of log parser required for the instance—by default, pytest.
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Problem Statement: iterative__dvc_0.33.1_0.34.0

1) [‘dvc metrics show‘ now nicely formats multiline metrics files like tsv/htsv, csv/hcsv,
json](https://github.com/iterative/dvc/issues/1716); Kudos @mroutis :medal_sports:
2) [‘dvc remote add‘ no longer silently overwrites existing sections](https://github.com/
iterative/dvc/issues/1760);
3) [Use a workaround to bypass SIP protection on osx, when accessing libSys-
tem](https://github.com/iterative/dvc/issues/1515);
4) [Don’t try to create existing container on azure](https://github.com/iterative/dvc/issues/
1811); Kudos @AmitAronovitch :medal_sports:
5) Dvc repository now uses read-only http remote for our images instead of s3;
6) Fix bug in ‘dvc status‘ where an error is raised if cache is not present locally nor on the remote;
7) [Fix progress bar on ‘dvc pull‘]
(https://github.com/iterative/dvc/issues/1807); Kudos @pared :medal_sports:
8) [Automatically detect metrics file type by extension](https://github.com/iterative/dvc/issues/
1553); Kudos @cand126 :medal_sports:

Welcome new contributor @AmitAronovitch ! :tada:

### Issue 1716:
When displaying TSV metrics output the printout is not readable:
../../20181223-TrainSetZero/SanityCheck/Bravo_on_TrainSetZero.metrics:
value_mse deviation_mse data_set
0.421601 0.173461 train
0.67528 0.289545 testing
0.671502 0.297848 validation
I think it would be much easier to read if a newline were added, and the remaining text were
formatted as though it had been passed via column -t:
../../20181223-TrainSetZero/SanityCheck/Bravo_on_TrainSetZero.metrics:
value_mse deviation_mse data_set
0.421601 0.173461 train
0.67528 0.289545 testing
0.671502 0.297848 validation

### Issue 1807:
(3.7.0-dvc) →dvc git:(dvctags) ×dvc pull
Preparing to download data from ’s3://dvc-share/dvc/’
Preparing to collect status from s3://dvc-share/dvc/
[##############################] 100% Collecting information
[##############################] 100% Analysing status.
(1/3): [##############################] 100% dvc_up.bmp
(2/3): [##############################] 100% dvc.ico
(3/3): [##############################] 100% dvc_left.bmp
(4/3): [##############################] 100% Checkout finished!
looks like checkout didn’t reset progress counter

### Issue 1553:
E.g. if we see that output has .json suffix, we could safely assume that it is –type json without
explicitly specifying it.

1131
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### Issue 1760:
The dvc remote add command ignores the existing remote and overwrites it silently.
→dvc –version
0.32.1+7d7ed4
To reproduce
dvc remote add s3 s3://bucket/subdir
dvc remote add s3 s3://bucket/subdir2
Expected behavior
The second command dvc remote add s3 s3://bucket/subdir2 should fail with the Remote
with name "s3" already exists message.
Current behavior
Remote URL is silently overwriten:
> cat .dvc/config
[ ’remote "s3"’ ]
url = s3://bucket/subdir2

### Issue 1811:
Azure SAS connection strings can be used to allow read-only access to specific container, which is
useful in the context of CI pipelines and automation.
However, when using such limited-credentials connection string, dvc pull abends with the error
below.
Some digging reveals that this is because remote/azure.py always tries to create the bucket
(which already exists). If we check for existence before trying to create - this should work...
(will send PR)
[######### ] 30% Collecting information
Client-Request-ID=19129d6a-5393-11e9-80ab-5800e34ea0d9 Retry policy did
not allow for a retry: Server-Timestamp=Sun, 31 Mar 2019 08:58:06
GMT, Server-Request-ID=c72fbeda-501e-0089-3c9f-e78298000000, HTTP status
code=403, Exception=This request is not authorized to perform this
operation. ErrorCode: AuthorizationFailure <?xml version="1.0"
encoding="utf-8"?><Error><Code>AuthorizationFailure</Code><Message>This
request is not authorized to perform this operation.
RequestId:c72fbeda-501e-0089-3c9f-e78298000000
Time:2019-03-31T08:58:06.2059267Z</Message></Error>.
Error: failed to pull data from the cloud - This request is not authorized to perform this operation.
ErrorCode: AuthorizationFailure
<?xml version="1.0" encoding="utf-8"?><Error><Code>AuthorizationFailure
</Code><Message>This request is not authorized to perform this operation.
RequestId:c72fbeda-501e-0089-3c9f-e78298000000
Time:2019-03-31T08:58:06.2059267Z</Message></Error>
Having any troubles? Hit us up at https://dvc.org/support, we are always happy to help!
Please provide information about your setup
DVC version: 0.29.0+220b4b.mod
linux x86_64 py3.6 pip

### Issue 1515:
$ dvc -V
0.23.2+bad2ef.mod
DVC creates hardlinks instead of reflinks in APFS.
File system:
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$ diskutil info / | grep -i system
File System Personality: APFS
See last two lines:
$ dvc add Tags.xml -v
Debug: PRAGMA user_version;
Debug: fetched: [(3,)]
Debug: CREATE TABLE IF NOT EXISTS state (inode INTEGER PRIMARY KEY, mtime TEXT
NOT NULL, size TEXT NOT NULL, md5 TEXT NOT NULL, timestamp TEXT NOT NULL)
Debug: CREATE TABLE IF NOT EXISTS state_info (count INTEGER)
Debug: CREATE TABLE IF NOT EXISTS link_state (path TEXT PRIMARY KEY, inode
INTEGER NOT NULL, mtime TEXT NOT NULL)
Debug: INSERT OR IGNORE INTO state_info (count) SELECT 0 WHERE NOT EXISTS
(SELECT * FROM state_info)
Debug: PRAGMA user_version = 3;
Debug: Skipping copying for ’/Users/dmitry/src/modules-example/tmp/
test/Tags.xml’, since it is not a symlink or a hardlink.
Adding ’Tags.xml’ to ’.gitignore’.
Saving ’Tags.xml’ to cache ’.dvc/cache’.
Debug: Path /Users/dmitry/src/modules-example/tmp/test/Tags.xml inode
12888021464
Debug: SELECT * from state WHERE inode=12888021464
Debug: fetched: []
Debug: INSERT INTO state(inode, mtime, size, md5, timestamp) VALUES
(12888021464, "1547854167848187904", "0", "6d861a1605e60b2f3a977a5a2a4419a2",
"1547854178609126912")
Debug: File ’/Users/dmitry/src/modules-example/tmp/test/.dvc/cache/6d/
861a1605e60b2f3a977a5a2a4419a2’, md5 ’6d861a1605e60b2f3a977a5a2a4419a2’,
actual ’None’
Debug: Cache type ’reflink’ is not supported: reflink is not supported
Debug: Created ’hardlink’: /Users/dmitry/src/modules-example/tmp/
test/.dvc/cache/6d/861a1605e60b2f3a977a5a2a4419a2 →/Users/dmitry/src/
modules-example/tmp/test/Tags.xml
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Problem Statement: dask__dask_2023.6.1_2023.7.0

2023.7.0
Released on July 7, 2023
Enhancements

• Catch exceptions when attempting to load CLI entry points (#10380) Jacob Tomlinson

Bug Fixes

• Fix typo in _clean_ipython_traceback (#10385) Alexander Clausen

• Ensure that df is immutable after from_pandas (#10383) Patrick Hoefler

• Warn consistently for inplace in Series.rename (#10313) Patrick Hoefler

Documentation

• Add clarification about output shape and reshaping in rechunk documentation (#10377) Swayam
Patil

Maintenance

• Simplify astype implementation (#10393) Patrick Hoefler

• Fix test_first_and_last to accommodate deprecated last (#10373) James Bourbeau

• Add level to create_merge_tree (#10391) Patrick Hoefler

• Do not derive from scipy.stats.chisquare docstring (#10382) Doug Davis

### PR 10385:
Regression from (#10354) https://api.github.com/repos/dask/dask/pull/10354 - exception types of
unhandled exceptions in ipython contexts were mangled and always set to type.
To reproduce, run the following in a jupyter notebook cell with dask 2023.6.1:
import dask
raise TypeError("wat")
Then, observe the websocket connection to jupyter; the message with msg_type="error" looks
like this:
(Image Link)
Notice content["ename"] is set to "type".
With dask 2023.6.0, content["ename"] is properly set to "TypeError":
(Image Link)
These values aren’t inconsequential - they end up being serialized into the ipynb file, and cause
hard to debug issues.
(nb: I would prefer if this kind of issue was not something that can be caused by import dask, by
opting in to this functionality by configuration or actively registering the hook functions)

• Tests added / passed

• Passes pre-commit run --all-files

Thanks to (@matbryan52) for the help debugging this.
### PR 10383:

• Tests added / passed
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• Passes pre-commit run --all-files

We had a similar problem in dask-expr

### PR 10393:

• Tests added / passed

• Passes pre-commit run --all-files

### PR 10391:

• Passes pre-commit run --all-files

### PR 10373:
This fixes
FAILED dask/dataframe/tests/test_dataframe.py::test_first_and_last[last] -
FutureWarning: last is deprecated and will be removed in a future version.
Please create a mask and filter using .̀locìnstead
which we’re currently seeing in the upstream build (xref (#10347) (Workflow Run URL)
Python 3.10 Test Summary
dask/dataframe/tests/
test_multi.py::test_concat_categorical[True-False-True]: [XPASS(strict)] fails
on pandas dev:
https://api.github.com/repos/dask/dask/issues/10558
dask/dataframe/tests/
test_multi.py::test_concat_categorical[False-False-True]: [XPASS(strict)]
fails on pandas dev:
https://api.github.com/repos/dask/dask/issues/10558
Note that we were already emitting a FutureWarning for DataFrame.last, so this is a tests-only
PR
cc (@j-bennet) (@phofl)

### PR 10382:

• Closes (#10381) Looks like our docs are running into an error on main. See this build from a
recent PR https://readthedocs.org/projects/dask/builds/21146384/

x Tests added / passed

• Passes pre-commit run --all-files

scipy.stats.chisquare recently started using a doi Sphinx directive that exists in their repo but
it’s not importable. This is breaking dask docs generation. We can just point folks to that docstring
instead of deriving from it.
for reference here is the PR in scipy: (scipy/scipy#17682)

### PR 10377:

Closes (#10361) It is not documented anywhere that dask.array.rechunk expects the output to
have the same shape as the input and does not allow reshaping. The validation step is also quite
hidden. This has led to some confusion (dask/distributed#7897 (comment)), so I think it would
be good to add a remark about this in the documentation.

• Tests added / passed
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• Passes pre-commit run --all-files

### PR 10313:
The previous warning seemed very inconsistent

### PR 10380:

• Closes (#10379) If a package registers an entry point for the CLI but the entrypoint is broken or
not importable the CLI cannot work at all.

This is a little hard to create an MRE for but I seeing this with dask-ctl when updating textual to a
more recent version. The error comes from the following line.
(dask/dask/cli.py)
Line 97 in /dask/dask/commit/85c99bc20abc382774cfb6e5bf5f2db76ac0937885c99bc
command = entry_point.load()
When this line is called third-party code is loaded, so we have no control over what happens. We
could broadly catch exceptions here, print a warning and carry on.

• Tests added / passed

• Passes pre-commit run --all-files
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