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Abstract001

LLM agents have demonstrated remarkable ca-002
pabilities in software development, but their003
performance is hampered by long interaction004
contexts, which incur high API costs and la-005
tency. While various context compression006
approaches such as LongLLMLingua have007
emerged to tackle this challenge, they typically008
rely on fixed metrics such as PPL, ignoring the009
task-specific nature of code understanding. As010
a result, they frequently disrupt syntactic and011
logical structure and fail to retain critical im-012
plementation details. In this paper, we propose013
SWE-Pruner, a self-adaptive context pruning014
framework tailored for coding agents. Draw-015
ing inspiration from how human programmers016
“selectively skim” source code during devel-017
opment and debugging, SWE-Pruner performs018
task-aware adaptive pruning for long contexts.019
Given the current task, the agent formulates020
an explicit goal (e.g., “focus on error han-021
dling”) as a hint to guide the pruning targets.022
A lightweight neural skimmer (0.6B parame-023
ters) is trained to dynamically select relevant024
lines from the surrounding context given the025
goal. Evaluations across four benchmarks and026
multiple models validate SWE-Pruner’s effec-027
tiveness in various scenarios, achieving 23-028
54% token reduction on agent tasks like SWE-029
Bench Verified and up to 14.84× compression030
on single-turn tasks like LongCodeQA with031
minimal performance impact1.032

1 Introduction033

Large Language Models (LLMs) have rapidly pro-034

gressed in software engineering tasks, from sim-035

ple code understanding (Chen et al., 2021; Li036

et al., 2023b; Yang et al., 2025; Hu et al., 2025)037

to interactive agents capable of navigating reposi-038

tories, running tests, and submitting patches end-039

to-end (Chen et al., 2025; Li et al., 2025; Xiao040

1Code and model are available at https://anonymous.
4open.science/r/swe-pruner-7503.
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Figure 1: SWE-Pruner effectiveness on SWE-Bench
Verified with Claude Sonnet 4.5. Our SWE-Pruner
(orange) saves 39.2% in total tokens and 18.3% in agent
rounds for the original Mini SWE Agent (blue).

et al., 2025). Recent coding agents like Claude 041

Code (Anthropic, 2025) and Gemini CLI (Google, 042

2025) have augmented LLMs with sophisticated 043

toolchains including terminals, editors, and file 044

search, enabling multi-step reasoning over com- 045

plex codebases. 046

Despite this progress, a critical bottleneck re- 047

mains: the accumulation of context length within 048

the constrained window of LLMs. Navigating real- 049

world software repositories confronts agents with 050

a massive “Context Wall.” Although long-context 051

models have emerged (Achiam et al., 2023; Team 052

et al., 2024), blindly ingesting large volumes of 053

code incurs prohibitive inference costs (Jiang et al., 054

2023) and introduces severe noise, leading to atten- 055

tion dilution and hallucinations (Liu et al., 2023a; 056

Li et al., 2023a; Wang et al., 2025b). 057

Although context compression techniques of- 058

fer a potential remedy, existing approaches face 059

critical limitations when applied to coding agents. 060
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Prior work on context compression primarily tar-061

gets natural language (Jiang et al., 2023; Li et al.,062

2023c; Jiang et al., 2024; Mu et al., 2023), lead-063

ing to severe trade-offs when applied to code (Shi064

et al., 2025): token pruning methods compromise065

syntactic validity, while abstractive techniques dis-066

card character-level information critical for debug-067

ging (Jiang et al., 2023; Li et al., 2023c). Beyond068

structural concerns, these methods are fundamen-069

tally misaligned with coding agent requirements-070

they operate with static compression ratios and071

task-agnostic criteria (e.g., perplexity), unable to072

dynamically prioritize context based on the evolv-073

ing goals of multi-turn agent interactions (Zhang074

et al., 2024; Yang et al., 2024a).075

To address these limitations, we introduce SWE-076

Pruner, a self-adaptive pruning framework tailored077

for coding agents. Our key insight stems from how078

both programmers and agents navigate large code-079

bases: rather than reading code line by line, they080

employ goal-driven selective attention that pro-081

grammers quickly scan to locate relevant sections082

based on their goals (e.g., “find error handling083

logic”), while agents use tools like grep or file084

search to coarsely retrieve targeted code regions085

including excessive surrounding context. SWE-086

Pruner refines this process by enabling agents to087

articulate explicit natural language goals alongside088

retrieval actions. To capture the dynamic, task-089

specific objectives of agent workflows, we train a090

lightweight 0.6B pruning model on 61K synthetic091

data, enabling adaptive selection conditioned on092

given goals. By operating at line-level granularity,093

our approach preserves syntactic and structural in-094

tegrity while achieving precise compression that095

distills coarse retrieval results into focused, task-096

relevant context.097

We evaluate SWE-Pruner across multi-turn098

agent tasks (SWE-Bench Verified (Jimenez et al.,099

2024) and SWE-QA (Peng et al., 2025)) and100

single-turn long-context understanding tasks101

(Long Code Completion (Guo et al., 2023) and102

Long Code QA (Rando et al., 2025)). Across103

models and benchmarks, SWE-Pruner consis-104

tently delivers substantial efficiency gains with105

minimal performance degradation. Beyond token106

savings (e.g., 39% reduction on SWE-Bench107

Verified with Claude Sonnet 4.5, as illustrated in108

Figure 1), the focused context also improves agent109

decision quality, reducing interaction rounds by110

up to 26% through more decisive reasoning and111

fewer redundant exploratory actions.112

Read

Execute

Edit

76.1%
(4.38M)

12.1%
(0.69M)

11.8%
(0.68M)

Figure 2: Token cost distribution over different tool
calls for Mini-SWE-Agent on SWE-Bench Verified.
Read operations dominate token consumption at 76.1%,
motivating the need for context pruning mechanisms.

In summary, we make the following contribu- 113

tions: 114

• We propose a novel pruning framework for 115

coding agents that performs task-aware, line- 116

level pruning to alleviate the context wall 117

problem. 118

• We design a novel architecture with a 119

lightweight backbone of only 0.6B parame- 120

ters for efficient inference with adaptive, task- 121

dependent pruning. 122

• Evaluations across various benchmarks 123

demonstrate 23–54% token reduction on 124

agent tasks and up to 14.8× compression on 125

single-turn tasks with minimal performance 126

impact. 127

2 Motivation 128

In practice, coding agents spend an excessive 129

amount of their token budget on repeatedly explor- 130

ing the codebase (Majgaonkar et al., 2025; Xiao 131

et al., 2025). To quantify this, we perform a 132

preliminary analysis of the trajectories by a Mini 133

SWE Agent (Yang et al., 2024b). The agent is in- 134

stantiated with Claude Sonnet 4.5 on SWE-Bench 135

Verified. We extract action types from the trajecto- 136

ries and categorize them into three types: 1) read, 137

which denotes file and directory inspection oper- 138

ations such as cat, grep, and head; 2) execute, 139

which means running programs or scripts for test- 140

ing, and 3) edit, representing in-place modifica- 141

tions. We count the total tokens consumed in each 142

agent round. As shown in Figure 2, read-type op- 143

erations consume an overwhelming 76.1% of to- 144

tal tokens, significantly exceeding execute (12.1%) 145

and edit (11.8%) operations combined. This issue 146
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Interaction Workflow

Read File
(grep, cat, …)

SWE-Pruner

Goal Hint
“Focus on the MRO resolution
logic in Inherit Docstrings”

Raw
Context Lightweight Skimmer

Adaptive Selection

Pruned
Context

Pruning Pipeline

class InheritDocstrings(type):
[pruned]
for base in cls.__mro__[1:]:

super_method = getattr(base, key, None)
if super_method is not None:

val.__doc__ = super_method.__doc__
break

498:

537:
538:
539:
540:
541:

Line-Level
Scoring

class JsonCustomEncoder(json.JSONEncoder):
...

class InheritDocstrings(type):
...
def __init__(cls, name, bases, dct):

...
for key, val in dct.items():

if is_public_member(key) and val.__doc__ is None):
for base in cls.__mro__[1:]:

super_method = getattr(base, key, None)
if super_method is not None:

val.__doc__ = super_method.__doc__
break

super().__init__(name, bases, dct)

363:
...
498:
...
528:
...
535:
536:
537:
538:
539:
540:
541:
542:
543:

Goal Hint

Coding Agent

Environment

Raw Context
(Plausible, High Noise)

Pruned Context
(Relevant, Low Noise)

Figure 3: Overview of SWE-Pruner. Left: The Interaction Workflow demonstrates how SWE-Pruner functions as
a middleware between the Coding Agent and the Environment. It intercepts the Raw Context from file operations
and delivers a Pruned Context to the agent. Right: The Pruning Pipeline details the internal mechanism. Based on
a specific goal hint from the coding agent, the neural skimmer processes the raw context through line-level scoring
and adaptive selection to deliver the pruned context.

is further exacerbated in multi-round agent inter-147

actions, where code retrieved in earlier rounds per-148

sists in the context and accumulates as the inter-149

action progresses. Similar patterns are observed150

with other backbone models like GLM-4.6 (Ap-151

pendix A).152

This empirical pattern reveals a critical op-153

portunity for context optimization. When navi-154

gating unfamiliar codebases, agents must exten-155

sively explore through coarse-grained file opera-156

tions that stream entire files or blocks into the con-157

text. While this exploratory strategy is necessary158

for understanding the codebase structure, it causes159

substantial token costs and introduces redundant160

content that accumulates across rounds. Address-161

ing this challenge requires a context pruning mech-162

anism that is context-aware (capable of identify-163

ing relevant information based on the agent’s cur-164

rent goal) and lightweight enough to avoid in-165

troducing additional latency. These observations166

strongly motivate SWE-Pruner, an lightweight167

pruning framework that enables more efficient to-168

ken allocation throughout the problem-solving tra-169

jectory.170

3 Approach171

3.1 Overview172

We introduce SWE-Pruner, a framework that173

prunes long code contexts for agents through task-174

aware, adaptive filtering. As illustrated in Fig-175

ure 3, SWE-Pruner operates as middleware be- 176

tween coding agents and their environment. When 177

an agent issues file-reading commands (e.g., grep, 178

cat), the raw retrieved context—often thousands 179

of lines—is captured and filtered before reaching 180

the agent. To guide this pruning, the agent gen- 181

erates a Goal Hint describing its current informa- 182

tion need (e.g., “Focus on MRO resolution logic”). 183

A lightweight neural skimmer is trained to adap- 184

tively selects relevant lines from the raw context, 185

while preserving code structure. Only this pruned 186

context (relevant and low-noise) is returned to the 187

agent. 188

The framework comprises three core compo- 189

nents as introduced in the following sections, re- 190

spectively. First, the target agent is instructed to 191

provide a goal hint indicating the current informa- 192

tion need (Section 3.2). Next, a lightweight neu- 193

ral skimmer is designed to score context tokens 194

and aggregate relevant lines (Section 3.3). Finally, 195

we integrate the skimmer into real agentic systems 196

with minimal modifications (Section 3.4). 197

3.2 Goal Hint Generation 198

Central to our framework is the Goal Hint—a nat- 199

ural language description of the agent’s current in- 200

formation need. Rather than relying on keyword- 201

based filtering, we instruct the agent to generate 202

goal hints as complete, self-contained questions 203

(e.g., “How is authentication handled?”) that 204
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capture the semantic intent of its current reason-205

ing step (detailed prompt in Appendix J). To en-206

able agents to communicate these goal hints to207

our pruning system, we augment standard file ma-208

nipulation tools (e.g., cat, grep) with an optional209

context_focus_question parameter. When pro-210

vided, this parameter passes the goal hint to211

the skimmer, which then filters large outputs for212

query-relevant content. When omitted, the skim-213

mer is bypassed and full outputs are returned, pre-214

serving backward compatibility. This lightweight215

wrapper design (illustrated below) requires mini-216

mal modifications to existing agent infrastructures,217

enabling seamless integration without disrupting218

established workflows.219 � �220
# Original tool (unchanged)221
def grep(file_path , pattern):222

# ... original grep implementation ...223
return matches224

225
# New tool with pruner226
def grep_with_pruner(file_path , pattern ,227

context_focus_question=None):228
# Call original tool229
raw_output = grep(file_path , pattern)230
if context_focus_question:231

# Prune if hint provided232
return prune(raw_output , context_focus_question)233

return raw_output # Bypass pruner otherwise234 � �235

3.3 Lightweight Neural Skimmer236

Model Architecture. We formulate context237

pruning as a reranking problem: Given the agent238

context C = {x1, x2, ..., xn} where each xi rep-239

resents a token, and a query q representing the240

agent’s current goal, the model computes a rele-241

vance score si for each token through a neural scor-242

ing function:243

si = F(q, xi|C; θ) (1)244

where F represents the scoring function parame-245

terized by θ that evaluates token xi in the context246

of both the query q and the full code context C.247

To enable line-level pruning decisions, we ag-248

gregate token scores to the line level. Let L =249

{l1, ..., lm} denote the set of lines obtained by250

splitting C, and let Tj denote the set of tokens251

in line lj . The line-level relevance score s̄j is252

computed as the average of its constituent token253

scores:254

s̄j =
1

|Tj |
∑
t∈Tj

st (2)255

This averaging operation ensures that lines are256

evaluated based on their overall relevance rather257

than being dominated by a few high-scoring to-258

kens, maintaining the semantic coherence neces-259

sary for code comprehension.260

We adopt the Qwen3-Reranker-0.6B (Zhang 261

et al., 2025) as our backbone due to its efficiency 262

and pre-trained knowledge of code structures. Dur- 263

ing inference, a line lj is retained if its aggregated 264

score s̄j exceeds a predefined threshold τ . The 265

model processes retrieved chunks in parallel to 266

minimize latency. Given its lightweight architec- 267

ture of 0.6B parameters, pruning overhead is neg- 268

ligible compared to the token savings for down- 269

stream agent LLMs. See Algorithm 1 for detailed 270

inference steps. 271

Training Objective. We train the pruning model 272

by minimizing the conditional random field neg- 273

ative log likelihood (CRF-NLL) (Zheng et al., 274

2015). Unlike mere binary cross entropy, CRF ex- 275

plicitly models transition probabilities between re- 276

tain/prune states, enabling the model to learn line- 277

level retention decisions while capturing sequen- 278

tial dependencies. 279

Given the context representation x = 280

x1, . . . ,xn and silver labels y, the pruning 281

head minimizes the following loss function: 282

Lcompress =
1

B

B∑
i=1

LCRF-NLL(xi,yi)

Li
(3) 283

where xi denotes the learned feature representa- 284

tion for each token; Li is the sequence-length nor- 285

malization, which prevents bias toward aggressive 286

pruning in long contexts. We keep the original 287

reranking head in Qwen Reranker (Bai et al., 2023) 288

to preserve document-level relevance scoring ca- 289

pability. The reranking head minimizes Lrerank = 290

MSE(spred, sref) between predicted and reference 291

document-level relevance scores in [0, 1]. The fi- 292

nal objective combines both heads with a balanc- 293

ing weight λ: 294

Ltotal = (1− λ) · Lcompress + λ · Lrerank (4) 295

More details about the architecture, CRF formula- 296

tions, and training configurations are provided in 297

Appendix B. 298

Constructing Training Data. Training the neu- 299

ral skimmer requires data with line-level super- 300

vision that preserves both relevance and code 301

structure. Since such dataset is unavailable, we 302

construct a polyglot training corpus following a 303

teacher-student paradigm. We sample code snip- 304

pets from GitHub2, a curated collection of high- 305

quality repositories, and utilize a teacher LLM 306

2https://huggingface.co/datasets/nick007x/
github-code-2025
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(Qwen3-Coder-30B-A3B-Instruct (Team, 2025))307

to synthesize task-oriented queries that target spe-308

cific functional subsets of each snippet. This pro-309

cess produces training quadruplets (q, C,M, S),310

where M is a binary line-level mask indicating311

which lines to retain and S is a document-level rel-312

evance score.313

To ensure generalization across diverse coding314

scenarios, we design queries based on a taxon-315

omy of nine distinct agentic tasks, such as Code316

Debugging, Feature Addition, and Code Refac-317

toring, covering common information needs in318

real-world agentic workflows. We employ an319

LLM-as-a-Judge filtering mechanism (Wang et al.,320

2025a; He et al., 2025) with Qwen3-Next-80B-321

A3B-Thinking (Team, 2025) to ensure annotation322

quality. This rigorous filtering yields a final train-323

ing corpus of 61,184 high-quality samples with324

verified line-level annotations. Complete details325

on task taxonomy, data statistics, and generation326

configurations are provided in Appendix C.327

3.4 Integration with Agentic Workflows328

The trained skimmer is deployed in real coding329

agents to accomplish specific tasks. Our frame-330

work flexibly adapts to different task scenarios.331

For multi-turn agent tasks (e.g., SWE-Bench),332

agents dynamically generate Goal Hints at each333

round based on their evolving reasoning trace, en-334

abling them to shift focus from high-level naviga-335

tion to detailed debugging as needed. For single-336

turn tasks with inherent queries (e.g., code ques-337

tion answering), the task description serves as the338

initial Goal Hint, though agents can refine it in sub-339

sequent retrieval rounds. This flexibility allows340

agents to seamlessly transition between broad ex-341

ploration (no pruning) and focused investigation342

(with pruning) as their information needs evolve.343

4 Experiments344

4.1 Benchmarks and Agents345

We evaluate SWE-Pruner on four benchmarks346

spanning single-turn and multi-turn scenarios. For347

single-turn tasks, we use Long Code Comple-348

tion (Guo et al., 2023) (500 Python examples with349

5K+ token contexts) and Long Code QA (Rando350

et al., 2025) (question answering on long code con-351

texts up to 1M tokens), evaluating under 4x and352

8x compression constraints. For multi-turn agent353

tasks, we use SWE-Bench Verified (Jimenez354

et al., 2024) (500 real-world GitHub issues re-355

quiring patch generation) and SWE-QA (Peng 356

et al., 2025) (repository-specific question answer- 357

ing across three repositories). Specifically, we in- 358

tegrate SWE-Pruner into Mini SWE Agent (Yang 359

et al., 2024b) for SWE-Bench Verified and Open- 360

Hands (Team, 2024) for SWE-QA, evaluating 361

with Claude Sonnet 4.5 and GLM-4.6 backbone 362

models. Detailed benchmark descriptions, agent 363

configurations, and experimental settings are pro- 364

vided in Appendix D. 365

4.2 Baselines 366

We compare SWE-Pruner against representative 367

methods for compressing code context and en- 368

vironment observations. Full Context and No 369

Context establish upper and lower performance 370

bounds. For compression baselines, we evaluate 371

LLMLingua-2 (Pan et al., 2024) and Selective- 372

Context (Li et al., 2023c) which perform token- 373

level pruning based on perplexity and self- 374

information respectively, RAG which retrieves 375

code chunks via embedding similarity using UniX- 376

Coder (Guo et al., 2022), and LongCodeZip (Shi 377

et al., 2025) which leverages program structure 378

for compression. For multi-turn agent tasks, we 379

additionally compare with LLM Summarize that 380

generates abstractive summaries using the back- 381

bone model. All baselines are configured to match 382

4x and 8x compression constraints under identi- 383

cal experimental settings. We did not compare 384

with agent history compression methods (Ye et al., 385

2025; Kang et al., 2025). While these methods ef- 386

fectively manage long-horizon agent interactions, 387

they tackle a different problem to ours. They aim 388

at compressing agents’ prior interaction trajecto- 389

ries, while our method compresses agents’ obser- 390

vations like repository content, making them in- 391

comparable to our approach. 392

4.3 Metrics 393

We evaluate both task performance and compres- 394

sion efficiency. Task performance is measured 395

through Edit Similarity (ES) and Exact Match 396

(EM) for code completion (Guo et al., 2023), Ac- 397

curacy for question answering (Rando et al., 2025), 398

Resolve Rate on SWE-Bench Verified (Jimenez 399

et al., 2024), and Average LLM-as-a-Judge Score 400

on SWE-QA (Peng et al., 2025). Compression effi- 401

ciency is quantified via Compression Ratio (1/τ = 402

|Coriginal|/|Ccompressed|), absolute Token Consump- 403

tion, interaction Rounds, and API Cost ($). 404
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Agent Rounds Solved Success (%) Tokens (M) Cost ($)

Mini SWE Agent (Claude Sonnet 4.5) 51.0 353/500 70.6 0.911 0.504
+ SWE-Pruner 41.7 351/500 70.2 0.701↓23.1% 0.369↓26.8%

Mini SWE Agent (GLM 4.6) 49.3 277/500 55.4 0.791 0.055
+ SWE-Pruner 36.6 274/500 54.8 0.488↓38.3% 0.035↓36.4%

Table 1: Results on SWE-Bench Verified. SWE-Pruner reduces token consumption by 23–38% while maintaining
comparable success rates.

Method Avg Score Avg Rounds Tokens (K)

Streamlink

Claude Sonnet 4.5 8.36 23.4 611.2
+ SWE-Pruner 8.59 ↑0.23 23.9 557.1↓8.9%

GLM-4.6 8.56 18.2 318.2
+ SWE-Pruner 8.56↑0.00 25.0 145.1↓54.4%

Reflex

Claude Sonnet 4.5 8.68 33.2 1081.6
+ SWE-Pruner 8.85 ↑0.17 32.4 866.8↓19.9%

GLM-4.6 8.37 26.1 142.3
+ SWE-Pruner 8.23↓0.14 36.7 101.2↓28.9%

Conan

Claude Sonnet 4.5 8.70 23.9 654.7
+ SWE-Pruner 8.84 ↑0.14 23.5 520.7↓20.5%

GLM-4.6 8.58 21.4 175.9
+ SWE-Pruner 8.45↓0.13 27.7 116.6↓33.7%

Table 2: Results on SWE-QA across different reposito-
ries. SWE-Pruner achieves 29–54% token reduction on
Streamlink, Reflex, and Conan repositories with mini-
mal impact on task performance.

5 Results405

5.1 Performance on Multi-Turn Tasks406

Evaluation across Diverse Tasks. We integrate407

SWE-Pruner into the Mini SWE Agent (Yang408

et al., 2024b) framework for SWE-Bench409

Verified (Jimenez et al., 2024) and the Open-410

Hands (Team, 2024) framework for SWE-411

QA (Peng et al., 2025), evaluating with different412

backbone models. On SWE-Bench Verified,413

SWE-Pruner achieves substantial token reduc-414

tions of 23–38% across models while maintaining415

nearly identical success rates (less than 1% degra-416

dation). Notably, interaction rounds decrease417

by 18–26%. By filtering redundant information418

while preserving task-relevant code, SWE-Pruner419

enables agents to locate issues more precisely and420

make more decisive decisions, thereby reducing421

repeated exploratory file reads and completing422

tasks earlier. We conduct in-depth case studies in423

Appendix I to illustrate these behavioral differ-424

Table 3: Comparison of context compression strategies
on SWE-Bench. SWE-Pruner achieves highest success
rate with lowest token usage.

Method Rounds Success (%) Tokens (M)

Mini SWE Agent 52.3 62.0 0.972
+ LLMLingua2 42.1 54.0 0.856
+ RAG 40.2 50.0 0.771
+ LLM Summarize 41.3 56.0 0.794
+ LongCodeZip 44.3 54.0 0.889
+ SWE-Pruner 41.1 64.0 0.670

ences, showing how context pruning transforms 425

both failure-to-success scenarios (with 83.3% 426

token reduction) and successful trajectories (with 427

30.2% reduction in peak prompt length). On 428

SWE-QA, similar efficiency gains emerge with 429

29–54% token reduction across repositories. 430

Interestingly, we observe that GLM-4.6 exhibits 431

increased rounds (29–41% more) while Claude 432

Sonnet 4.5 maintains similar round counts with 433

minor variations (within 3%). Through trajectory 434

analysis, we find that after pruning, GLM tends 435

to explore more files before formulating an- 436

swers, suggesting a more conservative reasoning 437

strategy when presented with focused context. 438

Nevertheless, the overall token consumption 439

remains substantially lower, demonstrating that 440

SWE-Pruner maintains efficiency advantages 441

regardless of the agent’s exploration patterns. 442

These model-agnostic efficiency gains directly 443

translate to proportional cost savings. Detailed 444

analysis is provided in Appendix E. 445

Comparison with Alternative Context Manage- 446

ment Strategies. To understand what design 447

choices contribute to SWE-Pruner’s effectiveness, 448

we compare against three categories of baselines: 449

token-level compression (LLMLingua2), coarse- 450

grained retrieval (RAG), and generative summa- 451

rization (LLM Summarize). Due to computational 452

cost considerations, we conduct this comparison 453

on a random subset with 50 samples of SWE- 454

Bench Verified following Xia et al. (2025); Chen 455
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Methods
Long Code Completion Long Code QA

4x constraint 8x constraint 4x constraint 8x constraint

1/τ ES EM 1/τ ES EM 1/τ Acc 1/τ Acc

Full 1.0 64.65 40.5 1.0 64.65 40.5 1.0 54.05 1.0 54.05
No Context ∞ 44.90 13.5 ∞ 44.90 13.5 ∞ 38.39 ∞ 38.39

Selective-Context 3.27 52.48 22.0 7.49 48.67 17.0 3.69 55.36 7.32 51.79
LLMLingua2 3.32 49.47 15.5 7.89 44.74 13.0 3.57 55.36 7.68 51.33
RAG 3.29 58.97 30.5 6.60 55.82 29.0 3.06 58.04 5.87 55.86
LongCodeZip 2.77 57.77 28.0 7.85 56.08 27.5 3.98 52.25 7.39 54.95
SWE-Pruner 5.56 58.63 31.5 10.92 57.58 31.0 13.95 59.46 14.84 58.71

Table 4: Main results on Long Code Completion and Long Code QA tasks. The table compares the performance
and compression ratio (1/τ ) under 4x and 8x constraints. SWE-Pruner demonstrates superior effectiveness in
maintaining high performance while achieving significant context compression.

et al. (2024). As shown in Table 3, our method456

achieves the best success rate (64%), outperform-457

ing the vanilla agent baseline (62%) despite using458

31% fewer tokens. In contrast, LLMLingua2 and459

RAG degrade performance substantially (to 54%460

and 50%), likely because token-level pruning dis-461

rupts code syntax while coarse-grained retrieval462

misses fine-grained implementation details. LLM463

Summarize achieves moderate performance (56%)464

but incurs additional latency. These results val-465

idate our design choice of line-level granularity466

with task-aware filtering, striking an optimal bal-467

ance between compression and information reten-468

tion. The effectiveness of SWE-Pruner is further469

validated by consistent improvements on single-470

turn tasks (Table 4), where we observe similar ad-471

vantages across diverse compression constraints.472

5.2 Performance on Single-Turn Tasks473

While SWE-Pruner is designed for coding agents,474

its query-aware, line-level pruning mechanism475

generalizes to single-turn tasks. We evaluate on476

Long Code Completion and Long Code QA under477

4x and 8x compression constraints with Qwen2.5-478

Coder-7B-Instruct (Hui et al., 2024). These479

benchmarks require direct completion or ques-480

tion answering without iterative exploration. No-481

tably, SWE-Pruner achieves substantially higher482

effective compression ratios than baselines con-483

figured at identical compression targets. We also484

validate with Seed-Coder-8B-Instruct (ByteDance485

Seed et al., 2025), obtaining similar results (see486

Appendix G).487

On Long Code Completion (Table 4), SWE-488

Pruner achieves up to 10.92x effective compres-489

sion under the 8x constraint while maintaining an490

Edit Similarity (ES) score of 57.58 and an Ex-491

act Match (EM) rate of 31.0. As compression 492

constraints tighten, token-level methods (LLMLin- 493

gua2, Selective-Context) experience rapid perfor- 494

mance degradation—Selective-Context drops to 495

48.67 ES under 8x constraint—whereas SWE- 496

Pruner maintains stable performance through line- 497

level granularity that preserves syntactic structure. 498

Under the 4x constraint, SWE-Pruner achieves 499

5.56x compression with 58.63 ES and 31.5 EM, 500

outperforming all baselines. On Long Code QA, 501

the advantages become even more pronounced. 502

SWE-Pruner achieves 14.84x compression under 503

8x constraint with 58.71% accuracy, substantially 504

exceeding other baselines. Under the 4x con- 505

straint, our method achieves 13.95x compression 506

while maintaining 59.46% accuracy, demonstrat- 507

ing that task-aware line-level pruning excels at 508

identifying relevant code segments for question 509

answering. This highlights the synergy between 510

query-aware filtering and line-level granularity, 511

validating that our approach generalizes effec- 512

tively to single-turn code understanding tasks. 513

5.3 Efficiency Impact 514

Beyond token reduction, a critical consideration 515

for practical deployment is the computational over- 516

head introduced by the skimmer itself. As shown 517

in Figure 4, our approach maintains remarkably 518

low and stable first token latency across all se- 519

quence lengths, remaining below 100ms even at 520

8K tokens. In contrast, larger generative models 521

exhibit exponential latency growth, with Qwen3- 522

32B exceeding 1200ms and closed-source models 523

incurring even more overhead. Since our skim- 524

mer employs only a 0.6B encoder, its computa- 525

tional cost is negligible and readily amortized by 526

the reduced decoding cost from context compres- 527
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Figure 4: First token latency comparison across differ-
ent sequence lengths. SWE-Pruner maintains consis-
tently low latency below 100 ms.

sion. This lightweight characteristic validates the528

practical viability of our approach for real-world529

applications. Detailed latency measurements are530

provided in Table 6.531

6 Related Works532

Prompt Compression Prompt compression has533

been extensively studied for both natural lan-534

guage and code. Token-level pruning meth-535

ods such as LLMLingua (Jiang et al., 2023,536

2024), Selective Context (Li et al., 2023c),537

and AttentionRAG (Fang et al., 2025), along538

with embedding/retrieval-based approaches like539

RAG (Lewis et al., 2020), XRAG (Cheng et al.,540

2024), and repo-level retrieval for code comple-541

tion (Zhang et al., 2023), can reduce prompt542

length on single-round tasks but often fail to pre-543

serve syntactic structures essential for code cor-544

rectness (Shi et al., 2025). Code-specific meth-545

ods including DietCode (Zhang et al., 2022), Slim-546

Code (Wang et al., 2024b), and LongCodeZip (Shi547

et al., 2025) address structural concerns but are548

primarily evaluated on single-round proxy tasks549

(e.g., code search, completion) rather than multi-550

round agentic workflows. Moreover, these ap-551

proaches typically apply static, content-only com-552

pression that lacks contextual awareness, lead-553

ing to fixed behaviors such as indiscriminately554

removing comments (Yang et al., 2024a) regard-555

less of task requirements. In contrast, SWE-556

Pruner performs line-level pruning with dynamic,557

query-conditioned thresholding that adapts to the558

agent’s current task stage, enabling context-aware559

compression validated on end-to-end benchmarks560

like SWE-Bench (Jimenez et al., 2024) without561

repository-specific retraining.562

Agent Context Management Modern coding 563

LLMs support context windows of 128k tokens 564

or more (Achiam et al., 2023; Team et al., 2024), 565

yet they remain insufficient for large-scale code- 566

bases and suffer from documented performance 567

degradation on long contexts (Liu et al., 2023a; 568

Laban et al., 2025; Li et al., 2023a). Agentic 569

systems (Yao et al., 2023; Wei et al., 2022) for 570

software engineering (Yang et al., 2024b; Wang 571

et al., 2024a; Xia et al., 2024; Bouzenia et al., 572

2024; Qin et al., 2024; Liu et al., 2024) face criti- 573

cal challenges in managing multi-turn interaction 574

contexts. In NLP domains, trajectory manage- 575

ment approaches employ LLM-based summariza- 576

tion when contexts overflow (Cursor, 2025; An- 577

thropic, 2025), fixed-size truncation (Gao et al., 578

2025), or simple observation masking (Linden- 579

bauer et al., 2025). For long-horizon scenar- 580

ios, recent frameworks such as SUPO (Lu et al., 581

2025) and FoldGRPO (Sun et al., 2025) learn to 582

manage history through reinforcement learning, 583

while others like COMPASS (Wan et al., 2025), 584

ACON (Kang et al., 2025), AgentDiet (Xiao et al., 585

2025), and AgentFold (Ye et al., 2025) introduce 586

hierarchical oversight or proactive folding poli- 587

cies. These methods primarily optimize prior in- 588

teraction histories, whereas SWE-Pruner serves as 589

lightweight middleware at the agent–environment 590

boundary to prune the environment’s observation 591

(i.e., file content); it is thus orthogonal to and can 592

be seamlessly combined with such learned history 593

managers. 594

7 Conclusion 595

Pruning long code context for agents requires 596

both fine-grained, structure-preserving compres- 597

sion and dynamic, task-aware filtering. Our ap- 598

proach, SWE-Pruner, addresses these challenges 599

through lightweight binary classifiers trained on 600

synthetically diversified code-question pairs and 601

an adaptive, query-conditioned thresholding mech- 602

anism. By integrating seamlessly as middleware 603

within agentic workflows, SWE-Pruner reduces to- 604

ken usage by 23–38% on SWE-Bench and 29– 605

54% on SWE-QA, achieves up to 14.84× com- 606

pression on single-turn benchmarks. These results 607

demonstrate that line-level, context-aware pruning 608

effectively addresses context-window constraints 609

across both agentic workflows and general code 610

understanding tasks while reducing costs and im- 611

proving efficiency. 612
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Limitations613

We acknowledge several limitations. First, our614

implementation focuses on Python repositories,615

though our approach does not rely on Python-616

specific features and demonstrates effective gen-617

eralization across different codebases. Compre-618

hensive multilingual support remains future work.619

Second, we mitigate data leakage by selecting re-620

cently collected repositories from SWE-QA that621

postdate our training data, though continuous eval-622

uation on newly released repositories remains im-623

portant. Finally, while our lightweight neural624

skimmer significantly reduces token consumption,625

it introduces marginal latency overhead that could626

be further optimized through distillation or early-627

exit mechanisms.628
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A Empirical Results on GLM Model946

In our main experiments, we demonstrated that947

Claude Sonnet 4.5 dedicates 76.1% of its token948

budget to read operations when solving software949

engineering tasks on SWE-Bench Verified. To ver-950

ify whether this token consumption pattern gen-951

eralizes across different model architectures, we952

extend our analysis to GLM-4.6, an open-source953

large language model with fundamentally differ-954

ent training methodology and architecture. We955

conduct parallel analysis on 178 GLM-4.6 agent956

trajectories using the same experimental setup as957

in Section 3, categorizing token usage into read,958

edit, and execute operations. The results re-959

veal consistent patterns that validate the model-960

agnostic nature of context pruning needs in coding961

agents.962

Read

Execute

Edit

67.5%
(2.89M)

14.0%
(0.60M)

18.5%
(0.79M)

Figure 5: Token cost distribution over different tool
calls for Mini-SWE-Agent with GLM-4.6 on SWE-
Bench Verified. Read operations dominate token con-
sumption at 67.5%, further validating the necessity of
context pruning mechanisms across different backbone
models.

As illustrated in Figure 5, GLM-4.6 exhibits re-963

markably similar token consumption patterns to964

Claude Sonnet 4.5. Read-type operations account965

for 67.5% of total tokens (2.89M), demonstrat-966

ing that the dominance of codebase exploration re-967

mains consistent across different model architec-968

tures. Edit and execute operations consume 18.5%969

(0.79M) and 14.0% (0.60M) respectively, with970

their relative proportions slightly different from971

Claude Sonnet 4.5 but still maintaining read op- 972

erations as the overwhelming majority. This cross- 973

model consistency strongly reinforces our motiva- 974

tion for context pruning: regardless of the underly- 975

ing model architecture, training methodology, or 976

parameter scale, coding agents universally spend 977

the majority of their token budget on codebase ex- 978

ploration rather than reasoning or editing. These 979

findings establish that SWE-Pruner addresses a 980

fundamental inefficiency inherent to the agentic 981

workflow itself, rather than model-specific behav- 982

ior. 983

B Model Architecture and Inference 984

Details 985

B.1 Model Architecture 986

The neural skimmer extends the Qwen3-Reranker- 987

0.6B backbone with two specialized heads: a CRF- 988

based pruning head for line-level filtering and a 989

reranking head for document-level scoring. An 990

overview of the architecture is shown in Figure 6. 991

Multi-Layer Feature Fusion. To capture repre- 992

sentations at different semantic levels, we extract 993

and concatenate hidden states from three interme- 994

diate layers (layers 7, 14, and 28) of the backbone. 995

These fused features are processed through a self- 996

attention block followed by a multi-head attention 997

layer (8 heads, hidden size 256) to refine contex- 998

tual representations. 999

CRF-Based Pruning Head. The pruning head 1000

formulates line-level retention as a structured se- 1001

quence labeling problem using a Conditional Ran- 1002

dom Field. Let x denote the input token sequence 1003

and y the corresponding label sequence in space 1004

Y = {retain, prune}. The CRF negative log- 1005

likelihood is: 1006

LCRF-NLL(x,y) = logZ(x)− score(x,y) (5) 1007

where the score function combines emission and
transition potentials:

score(x,y) = starty1 +
T∑
t=1

emissionst,yt

+
T∑
t=2

transitionsyt,yt−1 + endyT

(6)
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Figure 6: SWE-Pruner Model Architecture. The model consists of a lightweight reranker backbone with multi-
layer feature fusion, followed by dual heads for pruning and reranking. The pruning head employs a CRF layer to
model structured retention decisions, while the reranking head produces document-level relevance scores.

and the partition function normalizes over all pos-1008

sible label sequences:1009

logZ(x) = log
∑
y′∈Y

exp(score(x,y′)) (7)1010

Emissions Et = MLP(ht) ∈ R2 represent lo-1011

cal confidence for each token, while transitions1012

T ∈ R2×2 capture dependencies between adjacent1013

decisions. This structured formulation encourages1014

coherent pruning patterns that respect syntactic1015

boundaries.1016

Reranking Head. The reranking head reuses1017

the original language modeling head from Qwen3-1018

Reranker, producing a scalar relevance score1019

for the entire document via mean squared error1020

against teacher-provided scores.1021

B.2 Inference Strategy1022

During inference, the pruning head computes1023

token-level scores through forward propagation,1024

which are then aggregated to line-level scores via1025

averaging (as detailed in Algorithm 1). The CRF1026

layer applies Viterbi decoding to find the opti-1027

mal label sequence, ensuring structurally coher-1028

ent pruning decisions. Lines are retained if their1029

average token score exceeds the threshold τ =1030

0.5. The reranking head simultaneously produces1031

document-level scores, enabling the system to per-1032

form both granular pruning and coarse-grained rel-1033

evance assessment in a single forward pass.1034

Algorithm 1 summarizes the complete scoring1035

and aggregation pipeline. The algorithm first com-1036

putes token-level relevance scores for all input to-1037

kens (Step 2), then iterates through each line to ag-1038

gregate token scores via averaging (Steps 4-7), and1039

Algorithm 1 Token Scoring and Line-level Aggre-
gation

Require: Input text X = {x1, x2, ..., xn}, token-
level scoring model f(·), threshold τ

Ensure: Set of kept lines Lkept

1: Lkept = ∅
2: Compute token scores S = {s1, s2, ..., sn}

where si = f(xi)
3: for each line li ∈ X do
4: Let Ti be the set of tokens in line li
5: Compute line score s̄i =

1
|Ti|

∑
t∈Ti

st
6: if s̄i > τ then
7: Lkept ← Lkept ∪ {li}
8: end if
9: end for

10: return Lkept

finally applies the threshold-based retention crite- 1040

rion (Step 8) to produce the final set of kept lines. 1041

C Training Dataset for the Neural 1042

Skimmer 1043

Code Source and Preprocessing. We construct 1044

our training dataset from code snippets sampled 1045

from the GitHub Code 2025 dataset3, a meticu- 1046

lously curated collection comprising over 1.5 mil- 1047

lion repositories. This dataset employs a dual- 1048

perspective design that balances proven quality 1049

with emerging innovation: it includes both high- 1050

quality repositories (above 2 stars) representing es- 1051

tablished patterns and practices, as well as newly- 1052

created 2025 repositories capturing contemporary 1053

development trends. The dataset undergoes exten- 1054

3https://huggingface.co/datasets/nick007x/
github-code-2025
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sive preprocessing to remove binary files, build ar-1055

tifacts, configuration noise, and minified code, en-1056

suring that only clean, meaningful source code is1057

retained. This rigorous curation provides us with1058

a diverse, polyglot code corpus spanning multiple1059

programming languages and coding paradigms,1060

which is essential for training a pruning model that1061

generalizes across varied agentic scenarios.1062

Agentic Task Taxonomy. To ensure the skim-1063

mer generalizes across diverse real-world cod-1064

ing scenarios, we design a comprehensive taxon-1065

omy of nine distinct agentic task types that re-1066

flect common information needs in software de-1067

velopment workflows. These tasks encompass1068

both exploratory activities and focused interven-1069

tions. Code Summarization (code-summarize)1070

targets high-level understanding by requesting1071

concise summaries of code functionality for in-1072

tegration or review purposes. Code Refactor-1073

ing (code-refactor) focuses on improving code1074

quality through readability, modularity, or struc-1075

tural enhancements. Relevant Part Identifica-1076

tion (find-relevant-part) and Code Location1077

(code-locate) address navigation needs by ask-1078

ing to identify where specific features, bugs,1079

or logic are implemented. Code Optimization1080

(code-optimize) requests efficiency improve-1081

ments in terms of performance, resource usage,1082

or scalability. Code Explanation (code-explain)1083

seeks understanding of particular algorithms or1084

design choices without requiring full code walk-1085

throughs. Code Debugging (code-debug) tar-1086

gets actionable assistance for resolving specific is-1087

sues, exceptions, or edge cases. Feature Addition1088

(feature-addition) involves extending existing1089

code with new capabilities while maintaining inte-1090

gration with current logic. Finally, Code Comple-1091

tion (code-completion) represents a unique sce-1092

nario where the query itself is a code snippet re-1093

quiring contextual completion, simulating realistic1094

code intelligence workflows. This taxonomy en-1095

sures broad coverage of task diversity while main-1096

taining clear distinctions between query intents.1097

Detailed generation instructions for each task type1098

are provided in Table 5.1099

Data Generation Pipeline. We synthesize1100

queries and line-level labels for 200,000 sampled1101

code snippets from 195,370 files across 5,9451102

repositories. For each code snippet C, we1103

employ Qwen3-Coder-30B-A3B-Instruct (Bai1104

et al., 2023) as the teacher LLM to generate1105

task-oriented queries and corresponding line-level 1106

retention masks. Query generation employs a tem- 1107

perature of 0.7 and top-p sampling with p = 0.9 1108

to balance diversity and coherence. To ensure 1109

representativeness, we randomly sample across 1110

all nine task types, three snippet length levels 1111

(short, medium, long), and three relevance levels 1112

(low, medium, high). Following initial generation, 1113

we apply a rigorous quality control mechanism 1114

using Qwen3-Next-80B-A3B-Thinking as an 1115

LLM-as-a-Judge filter (Wang et al., 2025a; Liu 1116

et al., 2023b; Song et al., 2024; He et al., 2025). 1117

This judge model evaluates the reasoning quality, 1118

annotation consistency, and task alignment of 1119

each sample, retaining approximately 1/6 of 1120

candidates that meet high-quality standards. The 1121

complete generation prompts and judge criteria 1122

are detailed in Appendix J. 1123

Dataset Statistics. Following filtering and qual- 1124

ity enhancement procedures, we obtain 61,184 1125

training samples with verified line-level annota- 1126

tions. The resulting dataset exhibits natural query 1127

length distributions with an average of 39.98 1128

words and a median of 24.00 words per query, 1129

reflecting realistic information needs in agentic 1130

workflows. The average character count per query 1131

is 291.69, with a median of 169.00, indicating a 1132

balanced mix of concise and detailed information 1133

requests. This final corpus provides diverse, high- 1134

quality supervision for training the neural skim- 1135

mer to handle varied agentic coding scenarios. 1136

D Experimental Details 1137

This section provides comprehensive details about 1138

our experimental setup, including hardware con- 1139

figuration, training hyperparameters, benchmark 1140

specifications, agent frameworks, and baseline 1141

configurations. 1142

D.1 Hardware and Training Configuration 1143

Hardware. All model training is conducted on a 1144

server equipped with 8 NVIDIA H100-80G GPUs. 1145

The lightweight neural skimmer (0.6B parameters) 1146

is deployed on a single GPU for inference, intro- 1147

ducing negligible latency overhead compared to 1148

the main agent LLM. 1149

Training Hyperparameters. We fine-tune the 1150

Qwen3-Reranker-0.6B backbone with a global 1151

batch size of 128, obtained from a per-device 1152

batch size of 16 on 8 GPUs with tensor paral- 1153
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Table 5: Agentic Tasks Taxonomy used for Query Synthesis

Task Type Instruction for Query Generation

code-summarize Summarize the main purpose or functionality of the code, but do not explain
every line. Frame your query as a developer seeking a summary for integra-
tion or review.

code-refactor Suggest a refactoring or improvement for the code. Your query should be
practical, such as asking to improve readability, modularity, or performance.

find-relevant-part Ask to locate or identify the part of the code that implements a specific fea-
ture or logic. Your query should be about finding where something is handled
in the code.

code-optimize Request an optimization for the (core logic maybe) code, such as improving
efficiency, reducing resource usage, or enhancing scalability.

code-locate Ask to pinpoint the location of a bug, feature, or important logic within the
code.

code-explain Request an explanation for a particular logic, algorithm, or design choice in
the code, but do not ask for a full code walkthrough.

code-debug Ask for help debugging a specific issue, exception, or edge case in the code.
Your query should be actionable and focused.

feature-addition Request to add a new feature or capability to the code, specifying what
should be added and how it should interact with existing logic.

code-completion This is a special query format. In code completion, the query should be
CODE instead of text, which means you should image yourself as a devel-
oper write other code snippet(query) that can used the code given for com-
pletion. The completion will be the next line for query, but you should keep
it in your mind and never write the completion in query. QUERY like a PUZ-
ZLE.

lelism. We use the AdamW optimizer with a learn-1154

ing rate of 3 × 10−5 and weight decay of 0.01,1155

training for 3 epochs with a dropout rate of 0.4.1156

The CRF-based pruning head fuses hidden states1157

from three intermediate transformer layers (layers1158

7, 14, and 28). Only the last two transformer lay-1159

ers of the backbone are fine-tuned, along with an1160

additional feature fusion module consisting of a1161

self-attention block followed by multi-head atten-1162

tion (8 heads, hidden size 256) and a CRF layer.1163

The weight balancing parameter is set to λ = 0.05.1164

Detailed architecture specifications are provided1165

in Appendix B.1166

Inference Configuration. The pruning thresh-1167

old is set to τ = 0.5, tuned on a held-out vali-1168

dation set. Agent tasks use a maximum of 250 in-1169

teraction rounds. All experiments employ Claude1170

Sonnet 4.5 and GLM-4.6 APIs with temperature 01171

for deterministic generation, averaged over three1172

random seeds where applicable. 1173

D.2 Benchmark and Agent Descriptions 1174

We evaluate SWE-Pruner on both single-turn and 1175

multi-turn benchmarks spanning diverse code in- 1176

telligence tasks. For single-turn evaluation, we 1177

use Long Code Completion (Guo et al., 2023), 1178

which evaluates code completion under long con- 1179

texts, and Long Code QA (Rando et al., 2025), 1180

which tests code comprehension through ques- 1181

tion answering on contexts up to 1 million tokens 1182

drawn from real-world GitHub issues and docu- 1183

mentation across multiple languages and project 1184

domains. For multi-turn agent benchmarks, we 1185

use SWE-Bench Verified (Jimenez et al., 2024), 1186

which contains 500 GitHub issues from 12 Python 1187

repositories where success is measured by auto- 1188

mated test execution in Docker containers and 1189

patches must pass all tests without regressions, 1190
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and SWE-QA (Peng et al., 2025), which evalu-1191

ates repository-specific question answering across1192

three repositories (streamlink, reflex, conan) with1193

answers scored via LLM-as-a-judge across five di-1194

mensions: correctness, completeness, relevance,1195

clarity, and reasoning.1196

For agent frameworks, we integrate SWE-1197

Pruner with two representative systems. Mini1198

SWE Agent (Yang et al., 2024b) is a typical agent1199

framework designed for SWE-Bench that operates1200

with three tool categories: file reading (cat, grep),1201

code editing (sed), and command execution. We1202

integrate SWE-Pruner as middleware intercepting1203

file reading operations to apply task-aware prun-1204

ing. OpenHands (Team, 2024), which we use fol-1205

lowing the SWE-QA original paper, provides com-1206

prehensive tools including repository exploration,1207

version control, and debugging. Our integration1208

with both frameworks demonstrates that SWE-1209

Pruner generalizes across agent architectures as a1210

modular component.1211

D.3 Baseline Configurations1212

All baseline methods are configured to match iden-1213

tical compression constraints (4x and 8x) under1214

the same experimental conditions. For perfor-1215

mance bounds, Full Context provides complete1216

code context as an upper bound, while No Con-1217

text provides only task instructions as a lower1218

bound. For token-level compression baselines,1219

Selective-Context (Li et al., 2023c) computes1220

self-information − logP (xi|instruction) and re-1221

moves low-information tokens, and LLMLingua-1222

2 (Pan et al., 2024) uses a trained token classi-1223

fier (XLM-RoBERTa) to predict binary retention1224

decisions. Both operate at sub-word granularity1225

without code-specific syntactic constraints. For1226

retrieval-based methods, RAG employs function-1227

level chunking with UniXCoder (Guo et al., 2022;1228

Zhang et al., 2023) embeddings, retrieving top-k1229

chunks via cosine similarity. LongCodeZip (Shi1230

et al., 2025) represents code-specific compression1231

that combines AST-based chunking with entropy-1232

guided compression, retaining high-entropy re-1233

gions. Finally, LLM Summarize (for multi-turn1234

agent tasks only) generates abstractive summaries1235

of code files using the backbone model, trading1236

summarization cost for reduced downstream to-1237

kens.1238

E Agent Rounds and Token 1239

Consumption Analysis 1240

Section 4.3 shows the token consumption and in- 1241

teraction rounds for two different backbone mod- 1242

els: Claude Sonnet 4.5 and GLM 4.6. For Claude 1243

Sonnet 4.5, SWE-Pruner reduces average tokens 1244

per instance from 0.911M to 0.701M (23.1% re- 1245

duction), while reducing average rounds from 1246

51.0 to 41.7 (18.2% reduction). The GLM 4.6 1247

model exhibits even more substantial improve- 1248

ments, with token reduction from 0.791M to 1249

0.488M (38.3% reduction) and rounds reduction 1250

from 49.3 to 36.6 (25.7% reduction). 1251

Figure 7 present the complete distribution shifts 1252

for both models, revealing consistent patterns 1253

across prompt and completion tokens. GLM 4.6 1254

exhibits 44.2% and 44.0% reductions respectively, 1255

while Claude Sonnet 4.5 demonstrates 38.7% and 1256

40.8% reductions. This symmetry indicates that 1257

SWE-Pruner not only reduces input context but 1258

also enables more focused agent responses, dis- 1259

tinguishing it from naive retrieval filtering which 1260

would primarily affect prompt tokens. The varia- 1261

tion in pruning effectiveness between models pro- 1262

vides insights into architectural differences: GLM 1263

4.6’s more pronounced gains (34.6% round re- 1264

duction vs. Claude’s 18.3%) suggest greater sus- 1265

ceptibility to context noise, while Claude’s exten- 1266

sive context capabilities maintain reasonable focus 1267

even unpruned. The reduction in agent rounds rep- 1268

resents a qualitative improvementfor GLM 4.6, the 1269

shift from 49.3 to 36.6 rounds translates to faster 1270

task completion and reduced cumulative latency in 1271

production environments where each round incurs 1272

API overhead and rate-limiting delays. 1273

F Detailed Efficiency Analysis 1274

Model Input Length

64 128 512 2048 8192

Qwen3-0.6B 26.18 26.31 32.00 29.64 76.73
Qwen3-4B 64.75 97.24 104.93 99.10 241.97
Qwen3-14B 97.17 78.11 143.65 129.97 529.45
Qwen3-32B 73.99 55.46 84.01 274.22 1188.67
SWE-Pruner 44.70 43.91 42.05 49.05 102.00

Table 6: Average TTFT (ms) for different models and
input lengths. SWE-Pruner maintains consistently low
latency across all sequence lengths.

To complement the efficiency analysis in Sec- 1275

tion 5.3, we provide detailed first token latency 1276
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Figure 7: Comprehensive efficiency analysis on SWE-Bench Verified. SWE-Pruner (orange) achieves sub-
stantial reductions compared to baseline (blue). (a) With Claude Sonnet 4.5: 38.7% in prompt tokens, 40.8% in
completion tokens, 39.2% in total tokens, and 18.3% in agent rounds. (b) With GLM 4.6: 44.2% in prompt tokens,
44.0% in completion tokens, 43.6% in total tokens, and 34.6% in agent rounds.

measurements across different models and input1277

lengths. Table 6 presents a comprehensive compar-1278

ison demonstrating how SWE-Pruner maintains1279

stable and low latency across various sequence1280

lengths compared to larger generative models.1281

The latency analysis reveals critical in-1282

sights for practical agent deployments. At1283

8192 tokens, SWE-Pruner achieves 102.00ms1284

TTFTa 7.5× speedup compared to Qwen3-32B1285

(1188.67ms) and 5.2× compared to Qwen3-14B1286

(529.45ms)while exhibiting sublinear scaling1287

(2.1× increase from 2048 to 8192 tokens vs.1288

Qwen3-32B’s 14.1×). Crucially, in real-world de-1289

ployments with closed-source models like Claude1290

Sonnet 4.5, API latency typically ranges from1291

500ms to several seconds per request, making1292

our pruning overhead (40–50ms) less than 10%1293

of typical roundtrip times. This marginal cost1294

is amortized many times over through 23–54%1295

token reductions (Section 4.3), yielding propor-1296

tional savings in both inference time and API1297

costs. Combined with 18.3–25.7% reductions in1298

interaction rounds across models, the efficiency1299

gains compound throughout multi-turn agent1300

trajectories, delivering substantial end-to-end1301

improvements despite the upfront pruning cost.1302

G Single-Turn Tasks with SeedCoder 1303

To validate the generalizability of our approach 1304

across different model architectures, we con- 1305

duct additional evaluations using Seed-Coder-8B- 1306

Instruct on the Long Code Completion and Long 1307

Code QA benchmarks. Results are presented in 1308

Table 7. 1309

The results with Seed-Coder-8B-Instruct 1310

exhibit similar patterns to those observed with 1311

Qwen2.5-Coder-7B-Instruct. On Long Code Com- 1312

pletion, SWE-Pruner achieves 8.13x compression 1313

under 8x constraint with 56.73 ES and 28.5 EM, 1314

outperforming Selective-Context (7.49x/49.89 1315

ES/17.5 EM) and LongCodeZip (6.53x/54.91 1316

ES/23.0 EM). On Long Code QA, the advantages 1317

are particularly pronounced: under 8x constraint, 1318

our method achieves 14.68x compression with 1319

55.75% accuracy, substantially exceeding all 1320

baselines including RAG (6.65x/53.57%) and 1321

LongCodeZip (7.49x/50.91%). This cross-model 1322

consistency validates that the effectiveness of 1323

task-aware, line-level pruning is not specific to 1324

a particular model architecture but represents a 1325

generalizable approach to context compression 1326

for code understanding tasks. 1327
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Methods
Long Code Completion Long Code QA

4x constraint 8x constraint 4x constraint 8x constraint

1/τ ES EM 1/τ ES EM 1/τ Acc 1/τ Acc

Full 1.0 65.03 40.5 1.0 65.03 40.5 1.0 49.11 1.0 49.11
No Context ∞ 43.85 14.0 ∞ 43.85 14.0 ∞ 37.50 ∞ 37.50

Selective-Context 3.27 53.68 24.5 7.49 49.89 17.5 2.71 51.33 6.69 46.43
LLMLingua2 3.95 48.09 15.0 7.89 45.53 13.5 3.70 43.36 5.46 39.82
RAG 3.32 58.21 31.0 6.78 56.97 28.5 3.44 53.98 6.65 53.57
LongCodeZip 3.96 56.72 25.5 6.53 54.91 23.0 3.29 51.33 7.49 50.91
SWE-Pruner 4.22 57.71 31.0 8.13 56.73 28.5 9.98 56.25 14.68 55.75

Table 7: Results on Long Code Completion and Long Code QA with Seed-Coder-8B-Instruct. SWE-Pruner demon-
strates consistent effectiveness across different model architectures, achieving superior compression while main-
taining competitive task performance.

Table 8: AST Correctness Rate after Compression.
Line-level methods maintain substantially higher syn-
tactic validity compared to token-level approaches.

Method AST Correctness (%)

Baseline (No Compression)
Full Context 98.5
No Context 98.5

Token-Level Compression
LLMLingua2 0.29
Selective Context 12.4
Random Token Pruner 49.6

Line-Level Compression
Function RAG 92.3

+ Random Line Pruner 78.2
+ SWE-Pruner 87.3

Structural Compression
LongCodeZip 89.3

+ SWE-Pruner 76.8

H Syntactic Structure Preservation1328

Analysis1329

Line-level pruning preserves syntactic structure1330

better than token-level compression. Our prun-1331

ing strategy retains semantically relevant lines1332

with minimal syntactic context for code integrity,1333

while token-level methods disrupt AST structure1334

through arbitrary token deletion. We evaluate AST1335

correctness using tree-sitter (Tree-sitter) on Long1336

Code Completion. Table 8 presents results.1337

Token-level methods (LLMLingua2, Selec-1338

tive Context) achieve near-zero AST correctness1339

(0.29%, 12.4%), while line-level approaches main-1340

tain substantially higher validity. Our SWE-1341

Pruner achieves 87.3% AST correctness on Func-1342

tion RAG, outperforming random token pruning1343

(49.6%) and competitive with random line prun- 1344

ing (78.2%). This demonstrates that structure- 1345

aware labeling successfully identifies safe re- 1346

movals while preserving syntactic dependencies. 1347

Note that SWE-Pruner operates as a second-stage 1348

pruner on top of Function RAG’s output, mean- 1349

ing any additional compression inherently intro- 1350

duces some risk of removing syntactically critical 1351

lines. The slight reduction from baseline Func- 1352

tion RAG (92.3%) to our method (87.3%) reflects 1353

this compression-validity trade-off, where the 5% 1354

decrease enables substantially higher compression 1355

ratios while maintaining practical code validity for 1356

downstream tasks. 1357

I Case Study on SWE Bench 1358

To complement the aggregate statistics from SWE- 1359

Bench experiments, we conduct an in-depth case 1360

study comparing agent behaviors under two con- 1361

figurations: a Baseline agent operating with full in- 1362

teraction histories, and a Pruner-augmented agent 1363

that applies context pruning to file observations. 1364

Both agents operate on the same set of software 1365

engineering tasks from SWE-Bench, and we ana- 1366

lyze their trajectories through the lens of tool invo- 1367

cation patterns and token consumption. We select 1368

two representative instances that illustrate distinct 1369

benefits of context pruning: one where pruning 1370

enables task completion by preventing resource 1371

exhaustion, and another where pruning achieves 1372

structural efficiency gains even when both agents 1373

succeed. 1374

I.1 Case 1: High-Impact Scenario 1375

The first case examines task 1376

django__django-10554, which requires fixing a 1377

missing deep copy in the Query.clone() method 1378
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for the combined_queries attribute. As shown in1379

Table 9, the Baseline agent exhausts its resource1380

limits after 164 steps, accumulating over 7 million1381

tokens with a maximum prompt length of 87,7901382

tokens. In contrast, the Pruner-augmented agent1383

completes the task successfully in 56 steps with1384

1.17 million tokens and a peak prompt length1385

of 38,226 tokens. The token reduction reaches1386

83.3% in absolute terms, demonstrating that1387

context pruning can transform resource-bound1388

failures into successful completions.1389

Table 9: Comparison of agent behaviors on
django__django-10554. Baseline exhausts lim-
its while Pruner succeeds with 83.3% token reduction.

Setting Steps Read Search Exec Edit Tokens

Baseline 164 59 39 1 25 7,001,934
Pruner 56 20 10 0 11 1,170,160

Examining the trajectory reveals fundamental1390

differences in exploration strategy. The Baseline1391

agent engages in extensive breadth-first file read-1392

ing, issuing commands such as find . -name1393

"*.py" | grep union followed by repeated seg-1394

mented reads using sed -n ’x,y’ across nu-1395

merous files. This results in accumulation of re-1396

dundant context from tangentially related code.1397

Meanwhile, the Pruner agent directly navigates to1398

the core file django/db/models/sql/query.py,1399

reads it with line numbers (cat -n), and identifies1400

the relevant branch (if self.combinator: ...)1401

for modification. By filtering out irrelevant sec-1402

tions during file reads, the pruner enables the agent1403

to maintain a focused working context, avoiding1404

the context overflow that derails the Baseline.1405

I.2 Case 2: Structural Efficiency Gains1406

The second case analyzes task1407

django__django-11740, which requires adding1408

foreign key dependency tracking to the migration1409

autodetector’s AlterField operation. Unlike the1410

previous case, both agents successfully complete1411

this task, but the Pruner achieves substantial1412

efficiency improvements as shown in Table 10.1413

Although the Pruner agent takes 6 additional steps1414

(48 versus 42), its token consumption is 6.0%1415

lower and its maximum prompt length is reduced1416

by 30.2%. This illustrates that pruning benefits1417

extend beyond preventing failures to improving1418

resource efficiency in successful trajectories.1419

Analysis of the trajectories shows that both1420

agents converge on the same logical solu-1421

Table 10: Comparison on django__django-11740.
Both succeed, but Pruner achieves 30.2% reduction in
peak prompt length.

Setting Steps Read Search Exec Edit Tokens

Baseline 42 12 8 1 18 857,371
Pruner 48 14 8 0 13 806,220

tion, modifying autodetector.py to adjust the 1422

_get_dependencies_for_foreign_key invoca- 1423

tion. However, their reading strategies differ 1424

qualitatively. The Baseline agent performs mul- 1425

tiple segmented reads of the target file and cre- 1426

ates temporary validation scripts (e.g., python 1427

/tmp/test_uuid_to_fk3.py) to verify under- 1428

standing, accumulating historical noise from these 1429

exploratory steps. The Pruner agent reads the com- 1430

plete file with line numbers once, directly edits the 1431

relevant section, and avoids auxiliary validation ar- 1432

tifacts. This behavioral shift reflects a transition 1433

from defensive exploration to confident interven- 1434

tion, enabled by cleaner, more focused context at 1435

each decision point. 1436

Discussion These cases illustrate two distinct 1437

modes of benefit from context pruning. In 1438

the high-impact scenario, pruning prevents catas- 1439

trophic context overflow that leads to task aban- 1440

donment, effectively converting failures into suc- 1441

cesses. In the structural efficiency scenario, prun- 1442

ing does not change task outcomes but signifi- 1443

cantly reduces the computational burden and maxi- 1444

mum context requirements, improving operational 1445

cost-effectiveness. Both patterns support the hy- 1446

pothesis that context pruning serves not merely 1447

as an engineering optimization but as a cogni- 1448

tive strategy that enables more efficient problem- 1449

solving behaviors. By reducing the volume of 1450

irrelevant information presented to the agent at 1451

each step, pruning allows the underlying language 1452

model to allocate more attention to task-critical 1453

signals, thereby improving both decision quality 1454

and resource utilization. 1455

J Prompt Templates 1456

This appendix presents the complete prompt tem- 1457

plates used in our experiments. We provide four 1458

key prompt templates that form the core of our ap- 1459

proach. First, the Silver Label Prompt is used to 1460

generate training data by asking models to answer 1461

queries using provided code context with explicit 1462

line citations. Second, the Mini SWE Agent with 1463
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Pruner Template defines the agent system for solv-1464

ing software engineering tasks, which includes de-1465

tailed instructions on response format, context fo-1466

cus questions, workflow recommendations, and1467

command execution rules. Third, the SWE-QA1468

Bash Tool Descriptions specify how the bash exe-1469

cution tool works within the agent framework, par-1470

ticularly highlighting the usage of context focus1471

questions for filtering large outputs. Finally, the1472

Quality Evaluation Prompt provides the criteria1473

and procedure for assessing the quality of pruned1474

code samples across three dimensions: query qual-1475

ity, deletion relevance, and semantic preservation.1476

20



Silver Label Prompt

You are given:
- a natural-language(or code for code completion task) Query
- a code snippet split into numbered lines (1>, 2>, 3>, ...)

Question: {query}
Code Context:
{code}

Answer the Question, using ONLY information provided in the Code Context. If no useful information
is provided, you MUST output "No answer". If some parts of the Context are used to answer, you
MUST cite ALL the corresponding lines.

Use the symbols [ ] to indicate when a fact comes from a line in the context, e.g [1] for a fact from line 1.
- For multi-line context, use [line1-line2], e.g. [12-25].
- For multi context, use [line1,line2,...], e.g. [1,3,5-7].

You should only answer the given question and should not provide any additional information

HINT:
- For code, context should be wider than `the line just answer the question`, for example, if the question is about a

variable in a class method function, include the function definition, class definition and where it is used.
- When you try to cite something, its better to cite the structure of the code.
e.g. if you want to cite B1 in the code structure below:
```
1> if cond:
2> A1
3> A2
4> else:
5> B1
```
, best citation will be [1,4,5], which keeps the structure of the `if-else` block while removing the unrelated A1, A2.

Now give your answer with citations:
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Mini Swe Agent with pruner template

agent:
system_template: |
You are a helpful assistant that can interact multiple times with a computer shell to solve programming tasks.

## Response Format

Your response must contain exactly ONE bash code block(with optinal context_focus_question shown below) with ONE
command (or commands connected with && or ||).

Include a THOUGHT section before your command where you explain your reasoning process.

<format_example>
THOUGHT: Your reasoning and analysis here. Explain why you want to perform the action.

```bash
your_command_here
```
<context_focus_question>
Optional question to focus on relevant parts of the command output.
</context_focus_question>
</format_example>

## Context Focus Question (Optional)

The `context_focus_question` is an optional field that helps filter large command outputs to show only relevant
information.

**Question requirements:**
- question **MUST be a complete, self-contained question** (not keywords or phrases)
- question should be specific enough to filter effectively
- questions should **NOT** contain file-level info (e.g., filenames, line numbers), as the filter model only

processes direct command output. For such info, use tools like grep/sed and leave the question blank.
- question should be place it immediately after the bash code block (after the closing ```)

### Examples of a good context_focus_question:
- Find where the [some logic] is implemented in the [some class/function]?
- Given [some background], [some problem]?
- Locate the [some logic]?
- How can the code implement [some feature]?
- [some combination of the above, like background + origin problem + current purpose + specific attention area]

### Examples of a bad context_focus_question:
- load_raw function (too vague)
- lines 50-100 of data_loader.py (contains file-level info)
- fix the bug in rwkv6.py (too vague)

Gives some context for the query is better for more effective filtering.
Failure to follow these rules will cause your response to be rejected.

instance_template: |
<pr_description>
Consider the following PR description:
{{task}}
</pr_description>

<instructions>
# Task Instructions

## Overview
You're a software engineer interacting continuously with a computer by submitting commands.
You'll be helping implement necessary changes to meet requirements in the PR description.
Your task is specifically to make changes to non-test files in the current directory in order to fix the issue

described in the PR description in a way that is general and consistent with the codebase.

IMPORTANT: This is an interactive process where you will think and issue ONE command, see its result, then think and
issue your next command.

For each response:
1. Include a THOUGHT section explaining your reasoning and what you're trying to accomplish
2. Provide exactly ONE bash command to execute
3. Give an optional `context_focus_question` to filter the command output(or not give for output no need to be

filtered)

## Important Boundaries
- MODIFY: Regular source code files in /testbed (this is the working directory for all your subsequent commands)
- DO NOT MODIFY: Tests, configuration files (pyproject.toml, setup.cfg, etc.)

## Recommended Workflow
1. Analyze the codebase by finding and reading relevant files to figure out why this issue happenes(with

context_focus_question for large outputs like read a whole file)
**HINT**: since we have pruner enabled, prefer reading files fully instead of using grep/find first
**ATTENTION**: pruned code might miss some details, so its **highly recommend** to use `cat -n` or `nl -ba` command

with context_focus_question, so you can see the line numbers. If you looked the filtered output and need more
context, you can always use `sed` without context_focus_question to read more lines before/after the relevant
lines.
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Mini Swe Agent with pruner template (Part 2)

2. When you have enough information, edit the source code to resolve the issue, you have only one chance, no tests,
no retry, so read widely first(with context_focus_questions) before making changes.

## Command Execution Rules
You are operating in an environment where
1. You write a single command
2. The system executes that command in a subshell
3. You see the result(if you set a context_focus_question, the output will be filtered accordingly)
4. You write your next command

Each response should include:
1. A **THOUGHT** section where you explain your reasoning and plan
2. A single bash code block with your command
3. An optional `context_focus_question` to filter the command output, actually you can put some thoughts directly as

background in it.

Format your responses like this:

<format_example>
THOUGHT: Here I explain my reasoning process, analysis of the current situation,
and what I'm trying to accomplish with the command below.

```bash
your_command_here
```
<context_focus_question>
Your question here.
</context_focus_question>
</format_example>

Commands must be specified in a single bash code block:

```bash
your_command_here
```

**CRITICAL REQUIREMENTS:**
- Your response SHOULD include a THOUGHT section explaining your reasoning
- Your response MUST include EXACTLY ONE bash code block(with optinal context_focus_question)
- This bash block MUST contain EXACTLY ONE command (or a set of commands connected with && or ||)
- If you include zero or multiple bash blocks, or no command at all, YOUR RESPONSE WILL FAIL
- Do NOT try to run multiple independent commands in separate blocks in one response
- Directory or environment variable changes are not persistent. Every action is executed in a new subshell.
- However, you can prefix any action with `MY_ENV_VAR=MY_VALUE cd /path/to/working/dir && ...` or write/load

environment variables from files

Example of a CORRECT response(no context_focus_question because `ls` will not output large content, and we want to
see the full output):

<example_response>
THOUGHT: I need to understand the structure of the repository first. Let me check what files are in the current

directory to get a better understanding of the codebase.

```bash
ls -la
```
</example_response>

Example of an INCORRECT response:
<example_response>
THOUGHT: I need to examine the codebase and then look at a specific file. I'll run multiple commands to do this.

```bash
ls -la
```

Now I'll read the file:

```bash
cat -n file.txt
```
<context_focus_question>
Some question about your purpose for reading the file.
</context_focus_question>

</example_response>

If you need to run multiple commands, either:
1. Combine them in one block using && or ||
```bash
command1 && command2 || echo "Error occurred"
```
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Mini Swe Agent with pruner template (Part 3)

2. Wait for the first command to complete, see its output, then issue the next command in your following response.

## Environment Details
- You have a full Linux shell environment
- Always use non-interactive flags (-y, -f) for commands
- Avoid interactive tools like vi, nano, or any that require user input
- If a command isn't available, you can install it

## Useful Command Examples

### Create a new file:
```bash
cat <<'EOF' > newfile.py
import numpy as np
hello = "world"
print(hello)
EOF
```

### Edit files with sed:
```bash
# Replace all occurrences
sed -i 's/old_string/new_string/g' filename.py

# Replace only first occurrence
sed -i 's/old_string/new_string/' filename.py

# Replace first occurrence on line 1
sed -i '1s/old_string/new_string/' filename.py

# Replace all occurrences in lines 1-10
sed -i '1,10s/old_string/new_string/g' filename.py
```

### View file content:
```bash
# View specific lines with numbers
nl -ba filename.py | sed -n '10,20p'
<context_focus_question>
If you know what line you want to view and the range of `sed` if large, you can also set a question here.
</context_focus_question>
```

### Any other command you want to run
```bash
anything
```

## Submission
When you've completed your work (reading, editing, testing), and cannot make further progress
issue exactly the following command:

```bash
echo COMPLETE_TASK_AND_SUBMIT_FINAL_OUTPUT && git add -A && git diff --cached
```

This command will submit your work.
You cannot continue working (reading, editing, testing) in any way on this task after submitting.
</instructions>

action_observation_template: |
<returncode>{{output.returncode}}</returncode>
{% if output.output | length < 10000 -%}
<output>
{{ output.output -}}
</output>
{%- else -%}
<warning>
The output of your last command was too long.
Please try a different command that produces less output.
If you have not used context_focus_question, use it.
If you have used it but the output is still too long, do not try to change the question, just follow the instructions

below while also use the context_focus_question.
If you're looking at a file you can try use head, tail or sed to view a smaller number of lines selectively.
If you're using grep or find and it produced too much output, you can use a more selective search pattern.
If you really need to see something from the full command's output, you can redirect output to a file and then search

in that file.
</warning>
{%- set elided_chars = output.output | length - 10000 -%}
<output_head>
{{ output.output[:5000] }}
</output_head>
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Mini Swe Agent with pruner template (Part 4)

<elided_chars>
{{ elided_chars }} characters elided
</elided_chars>
<output_tail>
{{ output.output[-5000:] }}
</output_tail>
{%- endif -%}

format_error_template: |
Please always provide EXACTLY ONE action in triple backticks, found {{actions|length}} actions.

Please format your action in triple backticks as shown in <response_example>.

<response_example>
THOUGHT: Here are some thoughts about why you want to perform the action.

```bash
<action>
```
<context_focus_question>
Please provide a question about the context you want to focus on. This part is optional. If you don't need to filter

the output, you can leave it blank or omit it.
</context_focus_question>
</response_example>

If you have completed your assignment, please consult the first message about how to
submit your solution (you will not be able to continue working on this task after that).

Note: A common trigger for this error is you put > 1 bash block(action) in your response.
step_limit: 250
cost_limit: 3.
pruner:
url: http://localhost:8000/prune
timeout: 120
retries: 3
min_chars: 500
chunk_overlap_tokens: 50
threshold: 0.5

environment:
cwd: "/testbed"
timeout: 60
env:
PAGER: cat
MANPAGER: cat
LESS: -R
PIP_PROGRESS_BAR: 'off'
TQDM_DISABLE: '1'

environment_class: docker
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SWE-QA bash tool descriptions

_BASH_DESCRIPTION = """Execute bash commands in the workspace.
* Use this tool to run shell commands, navigate directories, search files, etc.
* Commands are executed in the workspace directory.
* Output is returned as text.
"""

_BASH_DESCRIPTION_PRUNE = (
_BASH_DESCRIPTION
+ """

The meaning of argument `context_focus_question` (Optional):

Use `context_focus_question` to filter large command outputs for relevant information.

**Requirements:**
- Must be a complete, self-contained question (not keywords/phrases)
- Be specific for effective filtering
- Don't include file-level info (filenames, line numbers) - use grep/sed instead

**Good examples:**
- Where is [some logic] implemented in [some class/function]?
- Given [background], what's the [problem]?
- How does the code implement [feature]?

**Bad examples:**
- load_raw function (too vague)
- lines 50-100 of data_loader.py (contains file info)
- fix bug in rwkv6.py (too vague)

**IMPORTANT:** With pruner enabled, prefer `cat -n` or `nl -ba` with context_focus_question to see line numbers. Then
you can use `sed` without filtering for more detailed context since you have line number information.

**IMPORTANT:** If the command output is small and important like `ls`, just leave context_focus_question blank.
"""
)
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Quality Evaluation Prompt

You are a code quality evaluator for a code pruning dataset. Your task is to assess the quality of a query-guided code
deletion sample.

You will be given:
1. **Query**: A code snippet for means making completion below or a natural language question/task
2. **Original Code**: Full code snippet with line numbers
3. **Diff**: Shows which lines were removed (- prefix) and kept (no change or + prefix)

Evaluate THREE dimensions:

## 1. Query Quality
- **Good**: Realistic, specific, actionable developer question related to a partial feature/function
- **Acceptable**: Valid but generic, or slightly unclear but answerable
- **Poor**: Too vague, treats code as the subject ("explain this code")

HINT: just focus on query itself, don't take query-code relevance into consideration in this part.

## 2. Deletion Relevance
- **Appropriate**: Removes truly unrelated code while keeping necessary context
- **Minimal**: Mostly removes whitespace/comments/trivial lines, little semantic pruning
- **Excessive**: Removes too much, including code relevant to the query

HINT: Both query-code high relevance and low relevance are ok, key point is the context preserved correctly. For high
relevance, might more code; For low relevance, might less code.

## 3. Semantic Preservation
- **Preserved**: Remaining code is syntactically valid and semantically coherent (can understand the query-relevant logic

)
- **Partially Preserved**: Minor issues (e.g., unmatched braces, missing imports that don't affect core logic

understanding)
- **Broken**: Code is syntactically invalid or key logic is incomprehensible

## Overall Quality Rating
Based on the above three dimensions, assign:
- **high**: All three dimensions are good/appropriate/preserved, or at most one acceptable/partially_preserved
- **medium**: Two dimensions are good/acceptable/appropriate, one has issues; or all three are acceptable
- **low**: Two or more dimensions are poor/minimal/broken, or query is fundamentally flawed

---

### Input Data:

**Query:**
{query}

**Original Code (with line numbers):**
{code_with_numbers}

**Diff (deletions marked with -):**
```diff
{diff}
```

---

### Your Task:
1. Provide concise reasoning for each dimension (1 sentences per dimension)
2. Assign ratings: query_quality (good/acceptable/poor), deletion_relevance (appropriate/minimal/excessive),

semantic_preservation (preserved/partially_preserved/broken)
3. Determine overall_quality (low/medium/high)

Output JSON format (no code fences, just JSON):
{{
"reasoning": "<Brief analysis covering all three dimensions>",
"query_quality": "<good|acceptable|poor>",
"deletion_relevance": "<appropriate|minimal|excessive>",
"semantic_preservation": "<preserved|partially_preserved|broken>",
"overall_quality": "<low|medium|high>"

}}
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