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Abstract

Agents based on large language models have001
recently shown strong potential on real-world002
software engineering (SWE) tasks that require003
long-horizon interaction with repository-scale004
codebases. However, most existing agents rely005
on append-only context maintenance or pas-006
sively triggered compression heuristics, which007
often lead to context explosion, semantic drift,008
and degraded reasoning in long-running inter-009
actions. We propose CAT, a new context man-010
agement paradigm that elevates context main-011
tenance to a callable tool integrated into the012
decision-making process of agents. CAT for-013
malizes a structured context workspace con-014
sisting of stable task semantics, condensed015
long-term memory, and high-fidelity short-016
term interactions, and enables agents to proac-017
tively compress historical trajectories into ac-018
tionable summaries at appropriate milestones.019
To support context management for SWE-020
agents, we propose a trajectory-level super-021
vision framework, CAT-GENERATOR, based022
on an offline data construction pipeline that023
injects context-management actions into com-024
plete interaction trajectories. Using this frame-025
work, we train a context-aware model, SWE-026
Compressor. Experiments on SWE-Bench-027
Verified demonstrate that SWE-Compressor028
reaches a 57.6% solved rate and significantly029
outperforms ReAct-based agents and static030
compression baselines, while maintaining sta-031
ble and scalable long-horizon reasoning under032
a bounded context budget.033

1 Introduction034

Large language models (LLMs) (Yang et al., 2025a;035

Touvron et al., 2023; Anthropic, 2025; Achiam036

et al., 2023) have achieved remarkable progress037

on tasks such as code generation and bug fix-038

ing (Chen, 2021; Austin et al., 2021; Liu et al.,039

2024b; Chai et al., 2024). As research attention040

increasingly shifts toward real-world software en-041

gineering (SWE) scenarios, maintaining stable and042

LLM

Action
Selection

Context
Management

Environment Observation
Working Memory

 [Last k ReAct Steps] 
(Fine-grained Details)

Bash Tools

Feedback

Fixed Segment
[System Prompt Key User Intent]

(Stable Anchor)

Long-Term Memory 
[Condensed High-Fidelity Summary]

(Evolving Knowledge)

Input Context

Active ReAct Loop with Context Tool Structured Context

data leak in GBDI

due to warm start

(This is about the

nonhistogram-based

version of......

ISSUE

Thought
Cat Generator

Instruction Tuning

Figure 1: Overview of CAT with a structured context
workspace for long-horizon reasoning.

effective reasoning in complex and long-horizon in- 043

teractive tasks has emerged as a primary challenge 044

in agent research. Most SWE tasks (e.g., repository- 045

level issue resolution (Jimenez et al., 2023)) often 046

require LLMs to continuously interpret environ- 047

ment feedback, execute actions, and revise strate- 048

gies over hundreds of interaction rounds, which 049

poses greater demands on context management. 050

Most existing code agents relying on paradigms 051

such as ReAct (Yao et al., 2022), which adopts an 052

append-only context maintenance strategy, where 053

all past interactions are continuously concatenated 054

into the messages. While this method may suf- 055

fice for short-horizon tasks, it often leads to rapid 056

context expansion in long-horizon scenarios, re- 057

sulting in information redundancy, semantic drift, 058

and even reasoning collapse. To mitigate these 059

challenges, prior work (Jiang et al., 2023; Shinn 060

et al., 2023; Wang et al., 2025b; Packer et al., 2023) 061

has explored context compression, summarization, 062

or multi-level memory mechanisms to constrain 063

context size. Nevertheless, previous approaches 064

treat context management as a passively triggered 065

heuristic mechanism, so they lack the flexibility to 066

adapt compression timing and content across dif- 067

ferent task phases, limiting their adaptability and 068

scalability in complex environments. In this paper, 069

we propose a new context management paradigm, 070

CAT. We argue that in long-horizon interactive 071
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tasks, context management should be internalized072

as a model capability rather than enforced through073

external constraints. Motivated by this perspective,074

CAT treats context management as a callable and075

plannable tool, on par with environment-interaction076

tools such as code editing and command execution,077

which integrates context maintenance into the ac-078

tion process as an active and learnable component.079

In Figure 1, CAT organizes the context into080

a structured workspace consisting of stable task-081

semantic anchors, an evolvable long-term memory,082

and a short-term working memory. It further en-083

ables the agent to proactively trigger context fold-084

ing at stage boundaries, compressing redundant his-085

tories into high-fidelity and actionable long-term086

memory representations. Building on this design,087

we introduce a trajectory-level supervision frame-088

work, CAT-GENERATOR, which injects context-089

management behaviors into complete interaction090

trajectories via offline reconstruction. Using CAT-091

GENERATOR, we train a context-aware model,092

SWE-Compressor, allowing it to learn when to093

compress context, how to generate effective sum-094

maries, and how to reuse compressed representa-095

tions during subsequent reasoning.096

Experimental results on SWE-Bench show that097

CAT substantially outperforms ReAct without con-098

text management and baselines with static com-099

pression strategies under the same model scale and100

interaction budget, demonstrating the strong con-101

text scalability in long-horizon interaction settings.102

The contribution of his paper is summarized as:103

• We propose CAT, a new context manage-104

ment paradigm that internalizes context main-105

tenance as a learnable, tool-based capability106

for long-horizon interactive reasoning.107

• We design a structured context workspace108

with proactive context folding, enabling ef-109

fective memory construction and sustained110

reasoning under bounded context budgets.111

• We introduce CAT-GENERATOR, a trajectory-112

level supervision framework for learning113

context-management behaviors, and train a114

context-aware model, SWE-Compressor, that115

effectively compresses and reuses context dur-116

ing extended interactions.117

2 SWE-Compressor118

Unlike prior agents treating context management119

as a passive heuristic or post-processing step, CAT120
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Figure 2: Example of structured context condensation
in CAT during long-horizon tasks.

elevates it to a callable and plannable capability 121

on par with environment-interaction tools, mak- 122

ing context maintenance an active and learnable 123

component of the agent’s decision-making pro- 124

cess. Specifically, we formalize a structured con- 125

text workspace, introduce tool-based context man- 126

agement with segmented compression for ReAct, 127

and present a trajectory-level supervision frame- 128

work (Figure 3) with an offline data pipeline that 129

enables effective context compression and reuse in 130

subsequent reasoning and decision-making. 131

2.1 Structured Context Workspace 132

When performing long-horizon ReAct reasoning in 133

complex environments, agent performance largely 134

depends on how its working context is organized. 135

Motivated by this observation, CAT models context 136

as a controllable and dynamically updated cogni- 137

tive workspace composed of three functional seg- 138

ments, as illustrated in Figure 2. The first is a fixed 139

segment that preserves the system prompt and key 140

user intent. The second is a long-term memory 141

segment that stores a condensed, high-fidelity sum- 142

mary of historical trajectories. The third is a high- 143

fidelity working memory segment that retains the 144

most recent k ReAct interaction steps. This de- 145

sign provides a stable semantic anchor for the task 146

while preserving fine-grained information from re- 147

cent environment feedback, thereby supporting pre- 148

cise contextualized actions. Formally, the working 149

context at step t is represented as 150

C(t) =
(
Q, M(t), I(k)(t)

)
(1) 151

where Q denotes the non-compressible component 152

consisting of the system prompt and key user objec- 153

2



tives, M(t) represents the high-fidelity summary154

of historical trajectories, and I(k)(t) denotes the155

complete records of the most recent k ReAct inter-156

actions. At initialization, C(1) = (Q, ∅, ∅). As rea-157

soning progresses, the agent continuously updates158

recent interactions and long-term summaries, and159

adjusts the content and structure of M(t) through160

the context-management tool when needed. In this161

way, stable goals, condensed knowledge, and fine-162

grained working memory are coordinated within a163

unified framework, mitigating both semantic drift164

and uncontrolled context expansion.165

2.2 Context Management as a First-Class Tool166

The key innovation of CAT is to explicitly model167

context management as a callable tool operation168

and to place it at the same decision level as169

environment-interaction tools such as file editing170

or command execution. Consequently, when gen-171

erating a response at step t, the agent evaluates172

whether to invoke the context-management tool in173

the same manner as it selects other external actions.174

In practice, the agent tends to proactively trigger175

context management when a subtask has been com-176

pleted and requires a stage-wise summary, when177

the trajectory has grown sufficiently large that his-178

torical compression is necessary to maintain oper-179

ational efficiency, or when subsequent reasoning180

benefits more from a concise, structured summary181

than from verbose raw logs. Through this design,182

context management is transformed from a post183

hoc procedure into a self-regulating reasoning step,184

becoming an integral part of the agent’s strategy185

rather than an external constraint.186

2.3 Structured Memory Generation187

For the compressible historical segment, CAT ap-188

plies structured summarization to condense infor-189

mation accumulated during long-horizon reasoning190

into a compact and actionable long-term memory.191

The goal is to reduce context length while pre-192

serving information that remains causally relevant193

for subsequent decisions. The resulting long-term194

memory summarizes key aspects of task progress,195

including intermediate goals, adopted strategies196

and their outcomes, salient environment feedback,197

and persistent constraints that continue to shape fu-198

ture reasoning. After summarization, the agent199

reconstructs its working context by combining200

the fixed task semantics, the condensed long-term201

memory, and the most recent high-fidelity interac-202

tion steps, enabling stable and consistent reasoning203

under a bounded context budget. 204

2.4 Supervised Trajectory Construction 205

Data Generation Pipeline To internalize 206

toolized context management capability in LLM, 207

we propose CAT-GENERATOR, a two-stage 208

retrospective trajectory construction pipeline, 209

as illustrated in Figure 3. CAT-GENERATOR 210

first generates complete base ReAct reasoning 211

trajectories without introducing any context com- 212

pression operations, to maximize the naturalness 213

and completeness of task-solving behaviors. Then, 214

these trajectories are minimally and structurally re- 215

constructed: context management tool invocations 216

are injected at appropriate steps without altering 217

the original sequence of environment interactions, 218

yielding SFT data that are consistent with the 219

reasoning paradigm of CAT. 220

Phase I: Base ReAct Trajectory Generation. 221

Given a task instance, we first deploy a standard Re- 222

Act agent to execute a complete interaction process 223

in a controlled environment, while explicitly dis- 224

abling the context management tool and allowing 225

only environment-related actions (e.g., code edit- 226

ing, command execution, or information retrieval). 227

The resulting raw trajectory is denoted as 228

Tbase = {(Cbase(1), Rbase(1)), . . . , (Cbase(T ), Rbase(T ))} (2) 229

where Rbase(t) follows the standard ReAct re- 230

sponse structure, consisting of Thought and Ac- 231

tion. The objective of this stage is to preserve as 232

much intermediate reasoning, failure patterns, and 233

environment feedback as possible, thereby provid- 234

ing sufficient causal evidence for learning context 235

compression decisions in later stages. 236

Phase II: Trajectory Refactoring by injecting 237

Compression Operation. We perform an offline 238

reconstruction of the base trajectory Tbase to obtain 239

an augmented trajectory Tretro that includes con- 240

text management tool invocations. This stage is 241

to transform context compression from an implicit 242

side effect during generation into an explicitly mod- 243

eled, controllably injected tool operation. 244

(1) Condensor Position Generation. We begin 245

by conducting a structured analysis of the base tra- 246

jectory to identify a set of candidate time steps suit- 247

able for inserting context management tool calls, 248

denoted as A = {a1, . . . , am}. The selection of 249

insertion position jointly considers multiple signals, 250

including: (i) context expansion signals, such as 251
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Figure 3: Overview of the data construction and training pipeline for CAT. The process includes SWE instance
collection, base ReAct trajectory generation, condenser point identification, structured summary generation, tool-
based context injection, and supervised fine-tuning with rejection sampling.

Statistic CAT-Instruct

Trajectory length (steps)
Average 87.4
Median 77.5
Max 500

Context size (tokens)
Avg tokens per step 13,044
Median tokens per step 10,875
Max tokens per step 65,536

Context-mgmt actions / traj
Average 4.22
Median 4.00
Max 26

Compression
Avg tokens before 15,585
Avg tokens after 4,676
Avg ratio (%) 30

Table 1: Statistics of SFT data for CAT-Instruct.

sustained growth in context length or decreasing252

token utilization efficiency; (ii) structural bound-253

ary signals, such as subtask completion, strategy254

switching, or intermediate milestones; and (iii)255

error-correction signals, where new feasible di-256

rections emerge after repeated failures. We treat257

these signals as heuristic triggers rather than fixed258

thresholds, aligning insertion points with natural259

moments for stage-wise summarization in long-260

horizon reasoning and improving the learnability 261

of compression behaviors. 262

(2) Segmented Context Construction and Com- 263

pression Input Preparation. For each candidate 264

insertion position ai, we construct a segmented 265

representation of the context at that step by par- 266

titioning the visible context into a fixed segment 267

Q, a recent high-fidelity working memory segment 268

I(k)(ai), and a compressible historical trajectory 269

segment. The fixed segment and the recent tra- 270

jectory segment are preserved verbatim, while the 271

historical segment is provided as input to model 272

for long-term memory summarization. This pro- 273

cedure enforces the structured context workspace 274

constraints of CAT during the offline stage. 275

(3) Long-Term Memory Block Generation. 276

Based on the segmented context, we invoke a 277

high-capacity language model to generate a struc- 278

tured long-term memory block M(ai). The sum- 279

marizer uses the same backbone as the reasoning 280

model (SWE-Compressor), keeping summarization 281

aligned with the agent’s internal reasoning style. 282

This memory block aims to faithfully summarize 283

critical information from the compressible history, 284
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including completed subtasks, attempted strategies285

and their outcomes, important environment state286

changes, facts that continue to constrain subsequent287

decisions, and key information that remains useful288

for future steps. The generated M(ai) serves as289

the Observation of a context management tool in-290

vocation and is written into the long-term memory291

segment for subsequent reasoning.292

(4) Trajectory Stitching and Minimal-Intrusion293

Compression Injection. Finally, we adopt a294

minimal-intrusion trajectory stitching strategy to in-295

ject context management behaviors into the original296

ReAct trajectory. Specifically, for each insertion297

point ai, we explicitly insert a context manage-298

ment tool invocation at that step as an independent299

Action, whose corresponding Observation is the300

generated long-term memory block M(ai). T =301

{(C(1), R(1)), (C(2), R(2)), . . . , (C(T ), R(T ))} where302

T denotes the total number of steps required to303

complete the task. Each trajectory fully cap-304

tures the process from the initial task specification,305

through multiple rounds of environment interaction306

and stage-wise context compression, to final task307

completion. The advantage of trajectory-level su-308

pervision lies in preserving the temporal continuity309

of context evolution, allowing the model not only310

to observe the immediate summary produced by311

a context-management tool invocation but also to312

learn how that summary influences reasoning and313

decision-making across subsequent steps. More-314

over, it enables the model to learn cross-step strate-315

gic judgments, such as how different invocation316

timings affect downstream efficiency and stability,317

thereby better reflecting the decision structure of318

real long-horizon tasks.319

(5) Rejection Sampling Fine-Tuning. To con-320

struct high-quality trajectory-level SFT data, we ap-321

ply a rejection sampling strategy during data cura-322

tion to filter interaction trajectories using trajectory-323

level and step-level criteria. At the trajectory324

level, samples that fail to complete the task or en-325

ter unrecoverable error states are discarded. At326

the step level, we further remove trajectories ex-327

hibiting unreasonable context-management behav-328

iors, such as excessively frequent tool invocations329

with minimal information gain, severe semantic330

drift, or internal state inconsistencies. The re-331

sulting curated set of trajectories constitutes our332

SFT dataset (CAT-Instruct). Table 1 summarizes333

key statistics of CAT-Instruct, including trajectory334

length, context size, and the frequency and effec-335

tiveness of context-management actions. Using 336

CAT-Instruct for supervised fine-tuning, we obtain 337

SWE-Compressor, which internalizes context man- 338

agement as a learned model capability. 339

3 Experiments 340

Datasets. We evaluate the proposed method on 341

the SWE-Bench-Verified (Hou et al., 2024) subset. 342

SWE-Bench is a benchmark designed to assess the 343

ability of LLMs to solve real-world software engi- 344

neering tasks collected from 12 real-world GitHub 345

repositories. The Verified split is a high-quality 346

subset of SWE-Bench consisting of 500 instances, 347

which are manually curated to provide clearer prob- 348

lem descriptions and more reliable evaluation crite- 349

ria. We report solved rate as the primary evaluation 350

metric, defined as the proportion of instances that 351

are successfully resolved. 352

Training Data Construction. For training, we 353

collect a large number of instances from two open- 354

source datasets, SWE-smith (Yang et al., 2025b) 355

and SWE-ReBench (Badertdinov et al., 2025). We 356

first employ CAT-GENERATOR to automatically 357

generate agent interaction trajectories and apply a 358

rejection sampling strategy to filter high-quality 359

samples. This process yields a curated set of 360

20k supervised fine-tuning instances, referred to 361

as CAT-Instruct, which effectively enhance the 362

model’s context-management capability. In addi- 363

tion, following the data construction protocol of 364

SWE-smith, we collect an additional 20k high- 365

quality supervised fine-tuning instances, denoted 366

as BASE-INSTRUCT, which do not involve context- 367

management skills. These data are used to train 368

baseline models, ensuring fair and comparable eval- 369

uation against the proposed method. 370

Agent Post-training. We adopt Qwen2.5-Coder- 371

32B (Hui et al., 2024) as the base model and per- 372

form post-training on the CAT-Instruct dataset to 373

obtain the final model, SWE-Compressor. The 374

model is trained for up to three epochs using the 375

AdamW (Loshchilov and Hutter, 2017) optimizer 376

with a weight decay of 0.01. We employ a co- 377

sine learning rate schedule with a warm-up ratio 378

of 0.1 and a peak learning rate of 5 × 10−5. Dur- 379

ing inference, we use the OpenHands (Wang et al., 380

2024) framework, where the agent can invoke tools 381

including execute_bash, str_replace_editor, 382

submit, and context. For all experiments, the 383

temperature is fixed to 0.0. The model is trained 384
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Method SWE-Bench Verified

Model Model Size Scaffold Pass@1
ReAct Agent with 100B+ LLM

GPT-5.1 (OpenAI, 2025) µ OpenHands 76.3
GPT-4o (OpenAI, 2023) µ Agentless 38.8
Claude-3.5-Sonnet (Anthropic, 2024) µ OpenHands 53.0
Claude-4.5-Sonnet (Anthropic, 2025) µ OpenHands 77.2
Gemini-2.5-Pro (Google Cloud, 2025) µ OpenHands 59.6
Gemini-3-Pro (Google DeepMind, 2025) µ OpenHands 76.2

ReAct Agent
R2E-Gym-32B (Jain et al., 2025) 32B OpenHands 34.4
SWE-Gym-32B (Pan et al., 2024a) 32B OpenHands 20.6
SWE-agent-LM-32B (Yang et al., 2025b) 32B SWE-agent 40.2
DeepSWE-32B-Preview (Luo et al., 2025) 32B OpenHands 42.2
SWE-Mirror-LM-32B (Wang et al., 2025a) 32B OpenHands 52.2
FrogBoss-32B (Sonwane et al., 2025) 32B OpenHands 54.6
Seed-OSS-36B (Team, 2025) 36B OpenHands 55.2
Llama3-SWE-RL-70B (Wei et al., 2025) 70B OpenHands 41.0
Lingma-SWE-GPT-72B (Ma et al., 2024) 72B SWE-SynInfer 28.8
SWE-Fixer-72B (Xie et al., 2025) 72B SWE-Fixer 32.8
GLM-4.5-Air 12/106B OpenHands 57.6
Qwen3-235B-A22B (Yang et al., 2025a) 22/235B OpenHands 34.4
Qwen3-Coder-480B-A35B (Yang et al., 2025a) 35/480B OpenHands 69.6
DeepSeek-V3.1 (Liu et al., 2024a) 37/671B OpenHands 61.0
DeepSeek-R1-0528 (Guo et al., 2025a) 37/671B OpenHands 45.6

Summary Agent
ReAct Agent 32B OpenHands 49.8
Threshold-Compression Agent 32B OpenHands 53.8

CAT
SWE-Compressor 32B OpenHands 57.6

Table 2: Performance comparison on SWE-Bench Verified (N=500). We report Pass@1 results for different agent
systems under a unified evaluation setting, grouped by model scale and agent framework.

with a context length of 65,536 tokens; for the eval-385

uation reported in Table 2, we allow the agent to386

perform up to 500 interaction rounds.387

Baselines. We compare the proposed method388

with the following baselines: (1) ReAct (Yao et al.,389

2022): This baseline follows the ReAct framework390

and does not employ any explicit context man-391

agement. Once the context window is exhausted,392

the dialogue terminates early. (2) Threshold-393

Compression (OpenHands, 2025): This agent ap-394

plies context compression only when the context395

length exceeds a predefined threshold. Upon trig-396

gering, it follows the same compression scheme397

as CAT: the system prompt and key user intent398

are preserved verbatim, together with the most399

recent k interaction messages, while all remain-400

ing earlier messages are summarized into a com-401

pact representation. For all baselines, we use the402

same base model as SWE-Compressor and use403

the same summarizer backbone for any compres-404

sion operation. SFT is performed on the BASE-405

INSTRUCT dataset, which consists of 20k instances406

without context-management capabilities. Besides,407

we also compare our method with existing closed-408

source and open-source systems, such as GPT-5 409

and DeepSeek-R1. 410

Main Results. Table 2 presents the main experi- 411

mental results, demonstrating the effectiveness of 412

CAT. On the challenging SWE-Bench-Verified 413

benchmark, SWE-Compressor achieves a 57.6% 414

solved rate, reaching state-of-the-art performance 415

under the setting of agent post-training on a 32B 416

model. Under the same fine-tuning data budget, 417

SWE-Compressor significantly outperforms both 418

the ReAct Agent and the Threshold-Compression 419

Agent baselines. Moreover, its performance is com- 420

parable to that of substantially larger models, and in 421

some settings even surpasses them, under the same 422

agent framework. These results indicate that CAT 423

and CAT-GENERATOR are particularly effective 424

for long-horizon interactive software engineering 425

tasks such as those in SWE-Bench. 426

4 Further Analysis 427

Token Usage Analysis To evaluate the context 428

management capability of CAT, we analyze 500 429

interaction trajectories from SWE-Bench. Specifi- 430

cally, we report the number of surviving trajectories 431
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Figure 4: Context token usage and trajectory survival of
CAT over interaction rounds on SWE-Bench-Verified.

at each interaction round (|T (t)|) and the average432

number of context tokens over the same set of tra-433

jectories at that round (A(t)). The average context434

token count A(t) is formally defined as follows:435

A(t) =
1

|T (t)|
∑

j∈T (t)

TokenCount
(
C

(j)
t

)
(3)436

where T (t) denotes the set of surviving trajecto-437

ries whose lengths exceed t interaction rounds, and438

C
(j)
t represents the maintained context of trajectory439

j at round t. In Figure 4, CAT maintains a highly440

compact context. As the interaction progresses,441

the average token count quickly stabilizes after ap-442

proximately 100 rounds and remains below 32k443

tokens, without exhibiting continuous growth over444

time, indicating the effectiveness of CAT in pre-445

venting context explosion. Moreover, the trajectory446

survival curve indicates that, in our experiments,447

more than 40% of tasks remain interactive after448

100 rounds. This observation further suggests that449

CAT equips the model with stable and extensible450

long-horizon interaction capabilities, highlighting451

its strong potential for addressing highly complex452

and long-running software engineering tasks.453

Context Comparison between CAT and ReAct.454

Figure 5 evaluates CAT and ReAct on SWE-Bench455

under identical maximum interaction round bud-456

gets. Two methods exhibit different behaviors457

across varying interaction budgets. Across all com-458

parable interaction budgets, the model equipped459

with CAT consistently outperforms the SFT-based460

ReAct baseline, indicating more efficient utiliza-461

tion of historical information under the same rea-462

soning budget. As the interaction budget in-463

creases, ReAct performance saturates after around464

60 rounds and subsequently degrades, primarily465

due to its append-only context strategy: once the466

context window is filled, additional interactions467

fail to introduce effective information and instead468

hinder further reasoning. In contrast, CAT contin- 469

ues to improve steadily with increasing interaction 470

budgets, maintaining a clear upward trend even at 471

500 rounds, suggesting that CAT can continuously 472

integrate salient information within a bounded con- 473

text budget while compressing redundant history. 474

In Figure 5, the context token usage of CAT re- 475

mains stable at approximately 35k tokens, whereas 476

the ReAct baseline rapidly exhausts the available 477

context window. 478
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Effects of Scaling Number of Turns

Ours
React SFT
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(a) Performance of varying interaction budgets.

(b) Context token usage comparison.

Figure 5: Comparison of scalability and efficiency be-
tween CAT and ReAct on SWE-Bench. (a) CAT exhibits
an upward trend in performance as the interaction bud-
get increases to 500 rounds, whereas ReAct saturates
and degrades after 60 rounds. (b) CAT maintains stable
context usage (35k tokens) via condensation, while Re-
Act rapidly exhausts the context window.

Performance by Task Difficulty. We partition 479

SWE-Bench into difficulty levels based on the orig- 480

inal dataset’s reported human solution time. Specif- 481

ically, instances are categorized as easy (≤15 min- 482

utes, 194 instances), medium (15 minutes–1 hour, 483

261 instances), and hard (≥1 hour, 45 instances). 484

Figure 6 presents agent performance stratified by 485

task difficulty, comparing the scores obtained under 486

different context management strategies, showing 487

that CAT delivers stable and consistent performance 488

improvements across easy, medium, and hard in- 489

stances. The performance gains are substantially 490

larger on the medium and hard subsets than on the 491

easy subset. This observation suggests that when 492

tasks require more complex reasoning processes 493
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Figure 6: Performance classified by task difficulty on
SWE-Bench Verified. CAT outperforms baselines, with
notably larger gains on medium and hard tasks that
demand complex, long-horizon reasoning.

Method Max Steps Tokens Pass (%)

ReAct 150 1.96M 53.2
ReAct 500 2.54M 48.8

Threshold-Compression 150 2.49M 54.2
Threshold-Compression 500 5.18M 53.8

CAT (Base SFT) 150 1.95M 53.0
CAT (Base SFT) 500 5.07M 55.0

CAT 150 1.89M 54.8
CAT 500 2.75M 57.8

Table 3: Performance and token usage under different
maximum interaction steps on SWE-Bench-Verified.

and longer-horizon context maintenance, the train-494

ing signal introduced by CAT-Instruct becomes495

more effective. These findings further highlight496

the advantages of CAT-GENERATOR and CAT in497

addressing difficult tasks.498

Effect of Interaction Budget and Token Effi-499

ciency. Table 3 summarizes the performance and500

token usage of different methods under varying501

maximum interaction budgets. When a larger num-502

ber of interactions is allowed (500 steps), CAT503

achieves the highest pass rate among all methods,504

indicating stronger long-horizon reasoning capabil-505

ity. Under a smaller interaction budget (150 steps),506

CAT both maintains competitive performance and507

uses the fewest tokens across all methods. This fa-508

vorable performance-efficiency trade-off is primar-509

ily attributed to the proposed context management510

mechanism, which prioritizes salient information511

while compressing redundant history, enabling effi-512

cient reasoning within a constrained context budget.513

The comparison between CAT and its Base SFT514

variant isolates the effect of CAT-GENERATOR. Re-515

sults show that SWE-Compressor consistently out-516

performs Base SFT model, especially under larger517

interaction budgets, confirming the importance of518

CAT-GENERATOR.519

5 Related Work 520

Code Agents. As LLMs plateau on standalone 521

code generation, recent work shifts toward agentic 522

systems for real-world software engineering, typi- 523

cally evaluated on SWE-bench and Multi-SWE- 524

bench (Jimenez et al., 2023; Zan et al., 2025). 525

Existing approaches improve performance either 526

by enhancing agent designs with interactive tools 527

and test-time scaling (Wang et al., 2024; Yang 528

et al., 2024; Jain et al., 2025; Lin et al., 2025; 529

Gao et al., 2025), or by strengthening model-level 530

agentic capability through large executable envi- 531

ronments, synthetic supervision, and reinforcement 532

learning (Pan et al., 2024a; Badertdinov et al., 2025; 533

Guo et al., 2025b; Yang et al., 2025b; Wang et al., 534

2025a; Sonwane et al., 2025; Wei et al., 2025; He 535

et al., 2025; Luo et al., 2025). 536

Context Management. To support long-horizon 537

decision making, prior work explores context 538

compression and memory mechanisms, including 539

saliency-based filtering, hierarchical summariza- 540

tion, and multi-level memory architectures (Li, 541

2023; Jiang et al., 2023; Pan et al., 2024b; Ye et al., 542

2025; Sun et al., 2025; Packer et al., 2023; Wang 543

et al., 2023; Hu et al., 2025; Xiao et al., 2024). 544

However, most rely on static compression or fixed 545

memory policies, whereas our Tool Condensor en- 546

ables dynamic, execution-driven context manage- 547

ment that actively preserves decision-critical infor- 548

mation over extended horizons. 549

6 Conclusion 550

In this work, we propose CAT, a context manage- 551

ment paradigm that treats context maintenance as 552

a first-class, toolized capability in long-horizon 553

agents. By integrating context management into 554

the decision process of agent, CAT enables proac- 555

tive and structured condensation of interaction his- 556

tory, overcoming the limitations of append-only 557

contexts and passive compression. We further in- 558

troduce a trajectory-level supervision framework 559

with an offline retrofitting pipeline to inject context- 560

management actions into full interaction trajecto- 561

ries. Experiments on SWE-Bench demonstrate that 562

CAT consistently outperforms ReAct agents and 563

static compression baselines, while maintaining 564

stable context usage and scalability under extended 565

interaction budgets, underscoring the importance of 566

modeling context evolution as an active and learn- 567

able component of agent behavior. 568
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Limitations569

Heuristic supervision for tool invocation. CAT-570

GENERATOR injects context-management actions571

by identifying condenser positions from recon-572

structed trajectories using heuristic signals (e.g.,573

context growth and stage boundaries). As a result,574

the learned invocation behavior may not be globally575

optimal under different interaction styles, reposi-576

tories, or context budgets, and we do not provide577

a principled objective for minimizing tool calls or578

maximizing information gain.579

Summary fidelity and error accumulation.580

CAT relies on LLM-generated long-term memory581

blocks. We do not include an explicit verification582

mechanism to detect hallucinations, omissions, or583

inconsistencies in compressed memories, nor do584

we quantify how summary errors accumulate over585

hundreds of rounds. This can potentially propa-586

gate incorrect beliefs to later steps when the agent587

reuses compressed context.588

Ethical Statement589

Potential Risks. Our work strengthens long-590

horizon SWE agents by improving context man-591

agement, which may increase the effectiveness of592

automated code changes. Potential risks include (i)593

over-reliance on agent outputs in safety- or security-594

critical settings, where erroneous patches or halluci-595

nated long-term memories could cause failures; (ii)596

misuse to generate or scale unwanted code changes;597

and (iii) privacy risks when agents process reposi-598

tory artifacts that may contain personal identifiers.599

We recommend sandboxed execution, human re-600

view, and conservative deployment practices.601
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A Related Work877

Code Agents. As LLMs approach saturation on878

traditional code generation tasks, research has879

shifted toward their agentic capabilities in real-880

world codebases, typically evaluated on SWE-881

bench and Multi-SWE-bench (Jimenez et al., 2023;882

Zan et al., 2025). Existing efforts fall into two883

main directions. The first focuses on agent design.884

OpenHands and SWE-Agent (Wang et al., 2024;885

Yang et al., 2024) equip LLMs with interfaces such886

as editors and shells, enabling iterative file edits887

and command execution. Building on this setup,888

R2E-Gym, SE-Agent, and TraeAgent (Jain et al.,889

2025; Lin et al., 2025; Gao et al., 2025) pursue test-890

time scaling by increasing sampling and decision891

steps to approximate upper-bound performance.892

The second direction seeks to improve model-level893

agentic capability. SWE-Gym, SWE-rebench, and894

SWE-Factory (Pan et al., 2024a; Badertdinov et al.,895

2025; Guo et al., 2025b) build large executable en-896

vironments for agent training, while SWE-Smith,897

SWE-Mirror, and BugPilot (Yang et al., 2025b;898

Wang et al., 2025a; Sonwane et al., 2025) gener-899

ate synthetic tasks and trajectories for supervised900

fine-tuning. Reinforcement learning has also been901

explored: SWE-RL (Wei et al., 2025) uses patch902

similarity as rewards, and SWE-Swiss and Deep-903

SWE (He et al., 2025; Luo et al., 2025) investigate904

execution-based rewards as a promising alternative.905

Context Management. As agent technologies906

become crucial for long-horizon tasks, recent work907

aims to help LLMs sustain stable decision-making908

in complex environments. One line develops ef-909

ficient context compression and memory manage-910

ment: methods like Selective Context, AgentFold,911

Context-folding, and LLMLingua (Li, 2023; Jiang912

et al., 2023; Pan et al., 2024b; Ye et al., 2025; Sun913

et al., 2025) shorten inputs via salient-information914

filtering or hierarchical summaries, while Agent-915

Diet and ACON (Xiao et al., 2025; Kang et al.,916

2025) enhance long-trajectory fidelity through re-917

flection, contrastive learning, or latent-space com-918

pression. Another direction builds multi-level919

memory systems—MemGPT, SCM, HIAGENT,920

and InfLLM (Packer et al., 2023; Wang et al., 2023;921

Hu et al., 2025; Xiao et al., 2024)—coordinating922

short- and long-term memory with retrieval mod-923

ules for consistent extended reasoning. Multi-agent924

studies explore role-aware routing, shared memory,925

and divide-and-conquer frameworks to mitigate926

context explosion (Liu et al., 2025; Tablan et al.,927

2025; Huan et al., 2025). Yet, these approaches 928

rely on static compression, heuristic retrieval, or 929

fixed memory, limiting adaptability and long-term 930

coherence. In contrast, Tool Condensor enables dy- 931

namic, execution-driven context management, flex- 932

ibly removing redundancy while preserving critical 933

information—essential for complex long-horizon 934

tasks. 935

B Discussion 936

This subsection discusses CAT from two comple- 937

mentary perspectives: its generality beyond soft- 938

ware engineering tasks and the underlying mecha- 939

nisms revealed by the further analysis. 940

B.1 Generality beyond SWE tasks 941

Although this work focuses on software engineer- 942

ing scenarios, the core idea of CAT—explicitly 943

modeling context management as a callable tool 944

within the agent’s action space—is not inherently 945

specific to SWE. Instead, it targets a broader class 946

of agentic tasks characterized by long-horizon in- 947

teraction, persistent dependence on historical de- 948

cisions, and continuously growing contexts. Be- 949

yond repository-level code repair, this paradigm 950

naturally extends to tasks such as deep research, 951

complex document analysis, long-term planning, 952

and multi-stage decision making. In these settings, 953

agents must maintain stable representations of key 954

facts, intermediate conclusions, and long-term ob- 955

jectives across many interaction rounds. Similar to 956

SWE, append-only context strategies or passively 957

triggered compression heuristics are prone to se- 958

mantic drift and information overload. By inter- 959

nalizing context management as part of the agent’s 960

decision process, CAT offers a unified and general 961

approach to addressing these challenges. 962

B.2 Interpreting the further analysis results 963

The experiments presented in the Further Analy- 964

sis section are designed to provide complementary 965

insights into why CAT is effective, rather than serv- 966

ing as isolated empirical observations. First, the 967

token usage analysis shows that CAT rapidly sta- 968

bilizes context length within a bounded range and 969

maintains this stability over hundreds of interac- 970

tion rounds, demonstrating its ability to prevent 971

uncontrolled context growth in practice. Second, 972

the comparison with ReAct under identical interac- 973

tion budgets reveals that proactive and structured 974

context folding not only reduces redundancy but 975
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also improves the effective utilization of histori-976

cal information, leading to sustained performance977

gains as interaction horizons increase. Third, the978

difficulty-based analysis indicates that the bene-979

fits of CAT become more pronounced on medium980

and hard tasks, where deeper reasoning chains and981

longer temporal dependencies are required. Finally,982

the joint analysis of interaction budgets and token983

efficiency highlights the role of CAT-GENERATOR984

in teaching the model to balance when to compress985

context and how to preserve decision-critical infor-986

mation.987

Taken together, these analyses support a central988

conclusion: the strength of CAT does not stem989

from compression alone, but from treating context990

evolution as an explicit, learnable decision process.991

This design enables agents to maintain accurate992

task understanding under bounded context budgets,993

providing a principled foundation for stable long-994

horizon reasoning.995

C Checklist996

Personally identifying or offensive content.997

Our data sources (SWE-Bench-Verified and train-998

ing instances from SWE-smith and SWE-ReBench)999

are derived from public GitHub repositories/issues,1000

which may contain usernames, commit metadata,1001

or other identifiers, and may include offensive1002

content in natural-language discussions. In this1003

work, we do not claim a complete, formal audit1004

for PII/offensive content beyond relying on the1005

upstream dataset construction and filtering proto-1006

cols described in the corresponding dataset papers.1007

When releasing any additional artifacts, we recom-1008

mend (and plan) to apply automated scrubbing for1009

common PII patterns (e.g., emails, access tokens)1010

and to avoid redistributing raw issue threads when1011

not necessary.1012

D: Human subjects / annotators. We did not re-1013

cruit or compensate human participants/annotators1014

for this work. We use publicly released bench-1015

marks/datasets; any human curation (e.g., SWE-1016

Bench-Verified) is described in the corresponding1017

dataset papers.1018

Data consent. We do not newly collect data di-1019

rectly from individuals. Our benchmarks and train-1020

ing instances are derived from publicly available1021

software engineering artifacts (e.g., GitHub reposi-1022

tories and issue threads) released as part of SWE-1023

Bench-Verified, SWE-smith, and SWE-ReBench.1024

Accordingly, we do not obtain individual consent 1025

beyond what is implied by the original public post- 1026

ing and the terms of use of the underlying platforms 1027

and datasets. 1028

Ethics review board approval. Because this 1029

work does not involve human-subject experiments 1030

or new data collection from human participants, we 1031

did not seek ethics review board (IRB) approval; 1032

the study is typically considered exempt under stan- 1033

dard IRB criteria for research using publicly avail- 1034

able information. 1035

AI assistants. AI-assisted tools were used solely 1036

to polish language and improve clarity during 1037

manuscript preparation. All technical content, anal- 1038

yses, and conclusions were conceived, verified, and 1039

approved by the authors. 1040
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