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Abstract001

Large language models are increasingly de-002
ployed as research agents for deep search and003
long-horizon information seeking, yet their per-004
formance often degrades as interaction histories005
grow. This degradation, known as context rot,006
reflects a failure to maintain coherent and task-007
relevant internal states over extended reasoning008
horizons. Existing approaches primarily man-009
age context through raw accumulation or pas-010
sive summarization, treating it as a static arti-011
fact and allowing early errors or misplaced em-012
phasis to persist. Motivated by this perspective,013
we propose ARC, which is the first framework014
to systematically formulate context manage-015
ment as an active, reflection-driven process that016
treats context as a dynamic internal reasoning017
state during execution. ARC operationalizes018
this view through reflection-driven monitoring019
and revision, allowing agents to actively reorga-020
nize their working context when misalignment021
or degradation is detected. Experiments on022
challenging long-horizon information-seeking023
benchmarks show that ARC consistently out-024
performs passive context compression meth-025
ods, achieving up to an 11% absolute improve-026
ment in accuracy on BrowseComp-ZH with027
Qwen2.5-32B-Instruct. Our code is available028
at: https://anonymous.4open.science/r/ARC-029
Context-2F17.030

1 Introduction031

Deep search1 and long-horizon information seek-032

ing are increasingly important as large language033

models (LLMs) are applied to real-world research,034

analysis, and decision-making tasks, motivating035

the development of deep research systems (Ope-036

nAI, 2025). Unlike single-turn question answering,037

these tasks require agents to explore unfamiliar in-038

formation spaces over many steps, repeatedly issue039

1Deep search is a class of long-horizon information-
seeking tasks that require iterative exploration, multi-step
reasoning, and evidence integration over extended interaction
trajectories.

search queries, integrate heterogeneous evidence, 040

and sustain coherent reasoning across extended in- 041

teraction horizons (Chen et al., 2017; Yang et al., 042

2018; Das et al., 2019; Wei et al., 2025a; Mialon 043

et al., 2023). 044

Despite strong reasoning and information- 045

seeking capabilities, LLM performance often de- 046

grades in long-horizon settings. As interaction his- 047

tories grow, models struggle to maintain coherent 048

and task-relevant internal states, a phenomenon 049

known as context rot (Hong et al., 2025). Prior 050

work attributes this degradation to challenges in 051

sequential modeling, including long-term credit 052

assignment, representational bottlenecks, and atten- 053

tion dilution in long contexts (Ferret et al., 2019; 054

Zhou et al., 2025b; Tishby et al., 2000). These 055

issues are especially pronounced in information- 056

seeking tasks, where agents must integrate hetero- 057

geneous evidence across many steps while preserv- 058

ing critical intermediate decisions. Although mod- 059

ern LLMs support increasingly large context win- 060

dows (OpenAI, 2025b; Meta, 2025), effectively 061

leveraging such capacity for stable multi-step rea- 062

soning remains difficult, underscoring the need for 063

principled context engineering. 064

Most existing approaches to long-horizon infor- 065

mation seeking adopt one of two context manage- 066

ment strategies. The first directly appends raw in- 067

teraction histories—including reasoning, actions, 068

and observations—into the working context (Yao 069

et al., 2023), leading to rapid context growth and 070

attention dilution. The second relies on passive 071

compression, periodically summarizing past inter- 072

actions to control context length (Wu et al., 2025b). 073

While effective at managing budget constraints, 074

this approach treats context as a static storage arti- 075

fact rather than an actively maintained reasoning 076

state. Once compressed, early errors, outdated as- 077

sumptions, or misaligned emphasis are difficult to 078

correct, as prior summaries are rarely revisited. To- 079

gether, both strategies share a common limitation: 080
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context is primarily managed to satisfy length con-081

straints. Information, once written—either verba-082

tim or summarized—is seldom reassessed in light083

of downstream reasoning outcomes. This suggests084

that the challenge of long-horizon information seek-085

ing lies not only in deciding what to retain, but in086

enabling context to evolve as the agent’s under-087

standing changes.088

Rather than viewing context as an append-only089

record or a passively compressed summary, we090

argue that it should be treated as a dynamic inter-091

nal state that can be continuously monitored and092

actively managed. Motivated by this perspective,093

we introduce ARC, an active and reflection-driven094

context management framework that explicitly sep-095

arates action execution from context management,096

enabling agents to incrementally construct, revise,097

and realign their internal context over long interac-098

tion horizons (Figure 1).099

ARC introduces a new perspective on context100

management for long-horizon information seek-101

ing. By modeling context as a dynamically evolv-102

ing internal state that is continuously summarized,103

monitored, and revised through reflection, ARC104

enables agents to actively repair degraded context105

and realign their internal state as new evidence is106

acquired.107

Building on this perspective, we make the fol-108

lowing contributions:109

• We identify a fundamental gap between pas-110

sive context compression and active con-111

text management in long-horizon information-112

seeking agents, showing that context manage-113

ment is not merely about fitting history into a114

limited window, but about continuously main-115

taining a task-aligned internal reasoning state.116

• We propose ARC, an active and reflection-117

driven framework that treats context as a dy-118

namically managed internal state, enabling119

continuous revision and realignment during120

reasoning.121

• We introduce a dual-component agent ar-122

chitecture with a dedicated Context Man-123

ager, decoupled from action execution and124

responsible for online context construction125

and reflection-driven revision.126

Action & Reasoning 
generation

Summary 
& Reflection

Actor

Interaction

Update Context

Context Manager

raw interaction

working context

Figure 1: High-level illustration of active and reflection-
driven context management in ARC. At each turn, the
Context Manager actively updates the working context,
enabling the actor to adapt its reasoning as understand-
ing evolves across turns.

2 Related Work 127

2.1 Context Management via Accumulation 128

and Summarization 129

To handle long interaction histories within lim- 130

ited context windows, researchers have developed 131

strategies to organize and compress information 132

effectively. 133

Foundational systems draw inspiration from op- 134

erating systems; for instance, MemGPT (Packer 135

et al., 2024) implements an OS-like paging mecha- 136

nism to manage hierarchical storage based on rele- 137

vance. MemoryBank (Zhong et al., 2023) models 138

memory decay via the Ebbinghaus curve, while 139

Mem0 (Chhikara et al., 2025) and A-MEM (Xu 140

et al., 2025) utilize dynamic graphs or triplets. 141

These structures enable querying complex entity 142

relationships beyond simple semantic similarity, 143

improving retrieval coherence. Parallel research 144

focuses on optimizing context density. Memory- 145

R1 (Yan et al., 2025) employs reinforcement learn- 146

ing for CRUD-style memory operations to explic- 147

itly update information. Similarly, ReSum (Wu 148

et al., 2025b) and AgentFold (Ye et al., 2025) 149

treat context compression as an optimization prob- 150

lem, utilizing gradient-based or folding techniques 151

to distill extensive histories into compact rep- 152

resentations within bounded budgets. Recently, 153

MemEvolve (Zhang et al., 2025a) moved beyond 154

fixed designs by introducing a meta-evolutionary 155

framework. Using a dual-loop mechanism, it dy- 156

namically optimizes the memory architecture itself, 157

automatically restructuring encoding, storage, and 158

2



retrieval modules.159

These works collectively establish a robust foun-160

dation for storage efficiency and long-term archi-161

tectural adaptation. In this work, we explore a com-162

plementary direction: focusing on the real-time163

revision of the working context during the reason-164

ing process itself.165

2.2 Reflection and Self-Correction in Agent166

Systems167

Reflection mechanisms have become a standard168

paradigm for enhancing agent reliability. A promi-169

nent line of work focuses on short-term, action-170

level correction. Systems like Reflexion (Shinn171

et al., 2023) and Self-Refine (Madaan et al., 2023)172

use iterative verbal critiques to guide subsequent at-173

tempts in a “trial-and-error” loop. To ground these174

critiques, frameworks like CRITIC (Gou et al.,175

2024) augment the process with external verifi-176

cation tools, ensuring self-correction is based on177

executable evidence.178

Another stream applies reflection to accumu-179

late long-term wisdom. ReasoningBank (Ouyang180

et al., 2025) synthesizes successful trajectories into181

generalized reasoning patterns for future retrieval.182

ACE (Zhang et al., 2025b) employs multi-agent183

debate to evolve persistent “playbooks,” while Evo-184

Memory (Wei et al., 2025b) updates structured185

memory stores based on task outcomes to refine186

high-level policies.187

Existing literature has thus extensively covered188

immediate action refinement and cross-task policy189

evolution. Our work aims to bridge these levels190

by investigating how reflection can be applied to191

maintain and reorganize the execution-time context192

to support ongoing reasoning.193

3 Methodology194

We propose Active and Reflection-Driven Con-195

text Management (ARC), a framework for im-196

proving long-horizon agent performance through197

continuous interaction-memory construction and198

reflection-driven internal state management. ARC199

adopts a dual-component architecture that explic-200

itly separates action execution from context man-201

agement. It operates at the level of execution-time202

internal state rather than action generation. We re-203

fer to the learnable model responsible for context204

management as the Context Manager (CM).205

ARC is motivated by the observation that fail-206

ures in long-horizon tasks often arise from how207

interaction history is summarized, organized, and 208

maintained over time, rather than from insufficient 209

reasoning capability. Instead of treating context as 210

an append-only record or a fixed summary, ARC 211

models it as a dynamic internal memory state that 212

is continuously constructed, monitored, and reor- 213

ganized to support decision making throughout ex- 214

ecution. 215

3.1 Overview 216

ARC decomposes agent behavior into explicit in- 217

ternal representations and cleanly separates action 218

execution from context management. At each turn, 219

the agent maintains three core internal components: 220

• Checklist: an inspectable and mutable con- 221

trol structure that tracks the agent’s current 222

objectives and execution progress. 223

• Interaction Memory (IM): a dynamically 224

managed internal memory that compactly 225

summarizes task-relevant information from 226

past interactions. 227

• Previous Interaction: the complete interac- 228

tion from the preceding turn, including the 229

agent’s internal reasoning, executed action, 230

and resulting observation. 231

Action execution and context management are 232

decoupled. During execution, the actor generates 233

an internal reasoning state and an action condi- 234

tioned on the current interaction memory, checklist, 235

and the most recent raw interaction. In parallel, a 236

dedicated Context Manager incrementally updates 237

the interaction memory through online summariza- 238

tion. When execution degrades or inconsistencies 239

are detected, the CM enters a reflection phase that 240

jointly reorganizes the interaction memory and re- 241

vises the checklist. Crucially, reflection operates 242

solely on internal representations and does not di- 243

rectly generate actions. 244

3.2 Active and Reflection-driven Context 245

Management 246

ARC treats interaction memory as a dynamically 247

managed execution-time internal state. Rather than 248

serving as a static summary or passive record of 249

past interactions, the interaction memory is contin- 250

uously updated and, when necessary, actively reor- 251

ganized to remain aligned with the agent’s evolving 252

understanding of the task. 253

As illustrated in Figure 2, context management 254

in ARC proceeds at every turn through two tightly 255
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Figure 2: Overview of the Context Manager in ARC.
The upper panel illustrates standard summarization,
which compresses accumulated interactions into a com-
pact interaction memory. The lower panel shows
reflection-driven context revision, where the Context
Manager actively reorganizes the checklist and interac-
tion memory to correct errors or misalignment, produc-
ing an updated execution-time context.

coupled processes: incremental summarization and256

reflection-driven reorganization.257

3.2.1 Active Interaction Memory258

Construction259

Long-horizon tasks require agents to integrate infor-260

mation across many interaction steps while avoid-261

ing unbounded growth of raw interaction history.262

To this end, ARC employs an active, always-on, in-263

cremental interaction memory construction mecha-264

nism based on evidence-preserving summarization.265

At each turn t, after the interaction from the pre-266

vious turn becomes available, the Context Manager267

updates the interaction memory according to268

Mt = Summarize(Q,Lt−1,Mt−1, It−1), (1)269

where Q denotes the task query, Lt−1 is the270

checklist state from the previous turn, Mt−1 rep-271

resents the interaction memory summarizing all272

interactions prior to turn t − 1, and It−1 =273

(rt−1, at−1, ot−1) is the complete interaction from274

turn t− 1, consisting of the agent’s internal reason-275

ing state, executed action, and resulting observa-276

tion.277

This update is strictly incremental. During nor-278

mal execution, the Context Manager incorporates279

information only from the most recent interaction280

and does not revise, reorder, or remove previously281

stored memory content. The summarization op-282

erator removes redundant or verbose information283

while preserving task-relevant evidence and fac-284

tual fidelity, without introducing new assumptions285

or speculative inferences. As a result, the interac-286

tion memory maintains a compact yet semantically287

faithful representation of the agent’s past experi- 288

ence. 289

Importantly, the interaction from the most recent 290

turn is not immediately compressed at the time 291

of action selection. Instead, it is retained in raw 292

form and provided directly to the actor at the subse- 293

quent turn, ensuring access to fine-grained details 294

before being absorbed into the interaction memory 295

through summarization. 296

3.2.2 Reflection-Based Reorganization 297

While incremental summarization controls memory 298

growth and preserves semantic coverage, it does 299

not guarantee alignment with the agent’s evolving 300

beliefs, goals, or evidence. Early incorrect assump- 301

tions, outdated information, or misplaced emphasis 302

may therefore persist even under faithful summa- 303

rization. 304

To address this limitation, ARC incorporates an 305

active and reflection-driven reorganization mech- 306

anism that can be invoked at any turn. Reflection 307

triggering is integrated into the summarization pro- 308

cess: during each incremental update, the Context 309

Manager performs a lightweight self-assessment of 310

the current interaction memory to detect signals of 311

degradation, such as stalled progress, unresolved 312

inconsistencies, or ineffective repetition. Based 313

on this assessment, the Context Manager decides 314

whether reflection is required. 315

When triggered, the Context Manager performs 316

a joint internal state update: 317

(Mt, Lt)← R(Q,Lt−1,Mt, It−1), (2) 318

where R(·) denotes a reflection operator that re- 319

vises both the interaction memory and the checklist 320

conditioned on the task query, prior control state, 321

current memory, and the most recent interaction. 322

In contrast to incremental summarization, reflec- 323

tion enables non-local modifications of the inter- 324

action memory. The Context Manager may selec- 325

tively rewrite or merge memory elements to cor- 326

rect errors, remove outdated assumptions, or re- 327

emphasize task-relevant information. The checklist 328

is revised as part of the same process, updating 329

control-level information such as completed objec- 330

tives, priorities, or refined subgoals. 331

Crucially, reflection functions purely as an in- 332

ternal state transformation. It does not prescribe 333

actions, generate external outputs, or modify the 334

actor’s policy. By coupling always-on incremen- 335

tal summarization with selectively triggered re- 336

flection, ARC actively maintains a coherent and 337
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task-aligned interaction memory throughout long-338

horizon execution.339

3.3 Agent Execution Loop340

As shown in Figure 3, ARC operates in an iterative341

loop with decoupled action execution and context342

management. At each turn t, the actor generates an343

internal reasoning state and an action according to344

(rt, at) ∼ πactor
(
Q, Lt−1, Mt−1, It−1

)
, (3)345

where Q denotes the task query, Lt−1 is the current346

checklist state, Mt−1 is the interaction memory347

summarizing all interactions prior to turn t, and348

It−1 is the complete interaction from the previous349

turn retained in raw form.350

The environment executes at and returns a new351

observation ot. In parallel, the Context Manager352

incrementally summarizes It−1 to update the inter-353

action memory. If reflection is triggered, the Con-354

text Manager further reorganizes the interaction355

memory and revises the checklist, without generat-356

ing actions. The loop terminates once a confident357

answer is reached.358

3.4 Training the Context Manager359

ARC treats context management as a learnable360

component within a dual-component agent archi-361

tecture. Accordingly, the Context Manager (CM) is362

trained to actively maintain and revise interaction363

memory through incremental summarization and364

reflection-driven reorganization, independently of365

action generation.366

We train the CM using supervised fine-tuning367

(SFT) on trajectories collected from information-368

seeking and search-based tasks. Each training ex-369

ample consists of an interaction It paired with370

target interaction memory and checklist states371

(M∗
t , L

∗
t ) that reflect effective context management372

behavior. Because such trajectories require coordi-373

nated execution and reflection, we construct a data374

collection pipeline that leverages strong language375

models to generate candidate trajectories, followed376

by filtering to retain only those exhibiting coherent377

summarization and valid reflection behavior.378

The resulting dataset enables the CM to internal-379

ize active context management strategies in a single380

forward pass, replacing fragile prompt-based pro-381

cedures with robust learned behavior. Additional382

details on data collection, and training settings are383

provided in Appendix A.384

4 Experiments 385

4.1 Experiment Setup 386

Datasets We evaluate our approach on five bench- 387

marks that require iterative information-seeking 388

with multi-step reasoning: HotpotQA (Yang et al., 389

2018), GAIA (Mialon et al., 2023), xBench- 390

DeepSearch (Chen et al., 2025), BrowseComp (Wei 391

et al., 2025a), and BrowseComp-ZH (Zhou et al., 392

2025a). For HotpotQA, we randomly sample 393

512 questions and evaluate agents under an ac- 394

tive search-and-browse setting rather than oracle 395

retrieval. For GAIA, we use the text-only sub- 396

set. For BrowseComp, we adopt subsets from 397

BrowseComp-LongContext, while executing all 398

tasks under an information-seeking agent setting 399

with iterative search and page inspection. All other 400

benchmarks are evaluated on their full test sets. 401

Baselines We compare our method against two 402

representative baselines for context management in 403

information-seeking agents: 404

• ReAct (Yao et al., 2023)directly concatenates 405

the full raw interaction history at each step, 406

including internal reasoning, actions, and ob- 407

servations, without any explicit context com- 408

pression or revision. 409

• ReSum (Wu et al., 2025b) performs passive, 410

static summarization to control context length. 411

When the interaction history approaches the 412

maximum context budget, past interactions 413

are compressed into a single summary. 414

All baselines share the same actor model, tool in- 415

terface and search mechanism. The only difference 416

lies in how past interactions are represented and 417

maintained in the agent’s internal state. Additional 418

baseline variants and implementation details are 419

deferred to the Appendix B. 420

Models We evaluate our approach using multi- 421

ple actor models, including Qwen2.5-7B-Instruct, 422

Qwen2.5-32B-Instruct (Team, 2024), Qwen3- 423

14B, Qwen3-32B (Team, 2025), and DeepSeek- 424

v3.2 (DeepSeek-AI, 2025). The selected actor 425

models span different model families and capacity 426

scales, providing a diverse testbed for evaluating 427

the robustness of ARC. Unless otherwise specified, 428

all ablation studies and analysis experiments use 429

Qwen2.5-32B-Instruct as the actor model. 430

Across all settings, the same Context Manager 431

is instantiated using GPT-OSS-120B (OpenAI, 432
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Actor
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Figure 3: The execution loop of ARC. At each turn, the actor generates reasoning and actions conditioned on the
current context, producing an interaction consisting of thoughts, actions, and observations. The Context Manager
(CM) then integrates the query, checklist, interaction memory, and the most recent interaction to update the context
via active context management, which is passed to the next turn until a final answer is produced.

2025a). This design follows the dual-component433

architecture of ARC, decoupling action generation434

from context management and ensuring that per-435

formance differences primarily arise from the pro-436

posed context management strategy rather than dis-437

parities in underlying model capacity.438

4.2 Main Results439

Table 1 presents the performance comparison440

of various actor models under different frame-441

works. Across five long-horizon information-442

seeking benchmarks, ARC improves over both Re-443

Act and ReSum for every actor where results are444

reported, and the gains are most pronounced on the445

hardest search-heavy settings (GAIA, xBench-DS,446

BrowseComp, BrowseComp-ZH).447

Two patterns stand out. First, the advantage448

of ARC amplifies on harder, long-horizon tasks,449

revealing a key insight: the harder the task, the450

more context must be managed, not merely com-451

pressed. As interaction histories become longer452

and more error-prone, passive summarization strug-453

gles to maintain alignment, while active context454

management enables agents to continually correct455

and refocus their internal reasoning state. Second,456

ARC benefits both small and large actors: it sub-457

stantially lifts weaker actors (e.g., Qwen2.5-7B-458

Instruct, Qwen3-14B) while still improving strong459

ones (e.g., Qwen3-32B, DeepSeek-v3.2), imply-460

ing that context management is complementary to461

model scaling rather than a substitute.462

Overall, the results support the view that long-463

horizon failures are often driven by context degra-464

dation, and that reflection-driven reorganization465

helps prevent error accumulation and unproductive466

loops in multi-step search.467

4.3 Ablation Studies 468

We perform ablation studies within the ARC frame- 469

work to isolate the contributions of the active in- 470

cremental memory construction, checklist-based 471

control, and reflection-driven memory revision. 472

Summary maintains the interaction memory us- 473

ing incremental online summarization only. No 474

reflection is applied, and neither the memory nor 475

the checklist is revised after initialization. 476

Summary + Checklist allows reflection to up- 477

date the checklist as a control signal, while the in- 478

teraction memory remains purely incremental and 479

is never revised. 480

Reflection + Checklist-Only triggers reflection 481

when execution stalls and permits checklist revi- 482

sion, but explicitly disables any modification to the 483

interaction memory, isolating the effect of control 484

adjustment without memory repair. 485

ARC (Full) combines incremental interaction 486

memory construction with triggered reflection that 487

jointly revises both the interaction memory and the 488

checklist, enabling explicit repair and reorganiza- 489

tion of past context. 490

All variants share the same actor model 491

(Qwen2.5-32B-Instruct). Performance differences 492

therefore isolate the impact of reflection-driven 493

interaction memory revision beyond incremental 494

summarization and checklist-based control alone. 495

The ablation results in Table 2 clarify the roles 496

of different components in ARC. 497

Incremental summarization provides a clear 498

and intuitive benefit by stabilizing context length 499

and preserving task-relevant evidence. How- 500

ever, checklist-based reflection alone yields only 501

marginal or inconsistent gains, indicating that con- 502

trol signals without memory revision are insuffi- 503
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Models Framework HotpotQA GAIA xBench-DS BrowseComp BrowseComp-ZH

Pass@1 Pass@3 Pass@1 Pass@3 Pass@1 Pass@3 Pass@1 Pass@3 Pass@1 Pass@3

Qwen2.5-7B-Instruct
ReAct 52.3 72.3 16.0 28.9 20.6 36.0 0.7 1.7 4.7 11.0
ReSum 54.8 74.4 14.7 30.2 21.0 42.0 1.0 2.0 4.8 10.7
ARC 66.7 75.9 24.6 38.0 34.3 57.0 2.0 3.2 13.1 25.3

Qwen2.5-32B-Instruct
ReAct 65.5 78.5 28.5 40.9 33.3 51.0 1.0 2.7 7.1 14.5
ReSum 68.6 81.0 27.3 42.2 36.3 55.0 1.2 3.0 7.4 16.6
ARC 71.3 80.5 34.9 50.6 40.7 64.0 3.0 5.8 18.0 33.2

Qwen3-14B
ReAct 58.3 73.4 26.5 44.6 32.6 50.0 0.8 2.0 8.5 15.9
ReSum 59.0 74.4 31.3 49.4 32.0 56.0 0.7 1.4 10.0 18.7
ARC 74.6 82.8 41.0 56.6 46.0 66.0 4.0 6.8 17.9 32.2

Qwen3-32B
ReAct 58.6 73.4 29.7 48.2 33.7 52.0 1.6 3.0 11.1 20.7
ReSum 60.7 76.0 27.3 49.0 30.0 48.0 2.0 4.1 10.7 21.5
ARC 74.0 81.8 44.6 57.8 44.7 68.0 4.4 8.2 19.7 32.8

DeepSeek-v3.2
ReAct 79.6 88.5 63.7 78.3 63.7 77.0 16.8 31.5 37.7 56.4
ReSum 80.7 85.7 67.1 79.5 66.3 82.0 22.2 35.6 45.7 60.5
ARC 79.8 88.1 69.1 81.0 69.7 82.0 26.6 39.7 51.7 63.8

Table 1: Main results on long-horizon information-seeking benchmarks (Pass@1 / Pass@3). ReAct appends
raw interaction history, ReSum applies static/periodic summarization, and ARC performs always-on incremental
summarization with triggered reflection-driven reorganization of interaction memory and checklist.

Method GAIA xBench-DS BrowseComp-ZH

Summary 32.1 38.4 14.4
Summary+Checklist 33.0 37.6 15.0
Reflection+Checklist 26.2 34.3 6.9

ARC (Full) 34.9 40.7 18.0

Table 2: Ablation study of different context management
strategies within the ARC framework on GAIA, xBench-
DeepSearch and BrowseComp-ZH.

cient.504

The strongest improvements arise when reflec-505

tion operates over a compact and actively managed506

interaction memory. ARC (Full) consistently out-507

performs all ablations, especially on more challeng-508

ing benchmarks, suggesting that reflection is most509

effective when applied to a distilled context rather510

than raw or passively accumulated history. These511

results support the view that the checklist is most512

valuable as part of a jointly revisable internal state,513

rather than as an isolated planning artifact, and that514

effective long-horizon reasoning requires combin-515

ing compression with explicit memory repair.516

4.4 Effect of Different Context Managers517

ARC decouples context management from action518

execution, allowing the Context Manager (CM) to519

be instantiated by different models. To examine the520

impact of CM choice, we fix the Actor and execu-521

tion loop, and vary only the model responsible for522

interaction memory construction and reflection. 523

Results in Table 3 show that CM choice con- 524

sistently affects performance, especially on long- 525

horizon benchmarks such as GAIA and xBench-DS. 526

While stronger general-purpose models yield better 527

results, a trained ARC-CM based on Qwen3-14B 528

outperforms substantially larger untrained models 529

such as GPT-OSS-120B across all benchmarks. 530

This result indicates that ARC is not merely an 531

emergent property of large models, but a capability 532

that can be explicitly learned through supervision. 533

Importantly, the trained CM achieves stronger 534

performance while operating at significantly lower 535

model capacity, reducing summarization and reflec- 536

tion costs during execution. These findings suggest 537

that actively learned context management can raise 538

the effective reasoning ceiling of the Actor, en- 539

abling more reliable long-horizon behavior without 540

increasing the Actor’s own model size. 541

4.5 Management Frequency: Why Per-Turn 542

Active Context Management 543

To analyze the role of active context management 544

frequency, we vary when summarization and re- 545

flection checks are performed within ARC while 546

keeping the Actor, Context Manager, tools, and 547

context budget fixed. Specifically, we compare 548

(i) step-by-step management that performs sum- 549

marization and reflection checks at every turn, (ii) 550

delayed management that updates context every 3 551

7



Context Manager HotpotQA GAIA xBench-DS

Qwen3-32B 72.1 35.1 39.0
GPT-OSS-120B 74.6 34.9 40.7
DeepSeek-v3.2 75.4 48.4 52.0

ARC-CM 76.1 42.6 46.3

Table 3: Effect of different Context Managers (CMs) in
ARC. The Actor and execution pipeline are fixed, while
only the CM is varied. A trained ARC-CM based on
Qwen3-14B outperforms larger untrained models (e.g.,
GPT-OSS-120B), indicating that ARC is a learnable
capability rather than a byproduct of model scale.

or 5 turns, and (iii) budget-triggered management552

that activates only when the context length exceeds553

a predefined token threshold (8k, 16k, or 32k). All554

settings are evaluated under the same interaction555

limits to isolate the effect of context management556

frequency.557

Strategy Setting Accuracy (%)

Step-by-step Every turn 31.2

Delayed Every 3 turns 26.5
Delayed Every 5 turns 24.5

Budget-triggered 8k tokens 27.1
Budget-triggered 16k tokens 24.4
Budget-triggered 32k tokens 24.6

Table 4: Accuracy is reported as the average perfor-
mance over GAIA, xBench-DeepSearch, and BrowseC-
omp. Per-turn summarization and reflection checks
outperform delayed and budget-triggered strategies.

Table 4 shows that step-by-step context manage-558

ment consistently outperforms delayed and budget-559

triggered strategies. A key advantage of per-turn560

management is that each update preserves com-561

plete semantic information from the most recent562

interaction, before any abstraction or omission ac-563

cumulates across multiple steps.564

In contrast, delayed summarization must com-565

press several interactions at once, increasing the566

risk that intermediate reasoning, failed attempts,567

or subtle evidence is lost or conflated. Budget-568

triggered strategies are similarly reactive: by the569

time compression is applied, misleading assump-570

tions or unproductive patterns may already have571

shaped subsequent decisions.572

These results indicate that context management573

in long-horizon information seeking is not merely574

about reducing length, but about maintaining a se-575

mantically faithful and task-aligned internal rea-576

soning state. By incrementally summarizing each577

interaction with full semantic coverage and per- 578

forming lightweight reflection checks at every turn, 579

ARC prevents early deviations from compound- 580

ing and enables timely correction. This motivates 581

our design choice of always-on, per-turn context 582

management. 583

5 Conclusion 584

In this work, we study context management as 585

a central challenge in long-horizon information- 586

seeking agents. We argue that failures in deep 587

search often stem not from insufficient reasoning 588

capability, but from how interaction history is com- 589

pressed, organized, and reused over time. 590

We propose ARC, an active and reflection- 591

driven context management framework that treats 592

context as a dynamically managed internal state 593

rather than a static summary or an append-only 594

record. ARC introduces an always-on, incremental 595

interaction memory together with selectively trig- 596

gered reflection, enabling agents to actively moni- 597

tor, revise, and realign their internal reasoning state 598

during execution. Importantly, context manage- 599

ment in ARC is decoupled from action generation 600

and implemented by a dedicated, learnable Con- 601

text Manager, making it reusable across different 602

actors and tasks. 603

Across multiple long-horizon benchmarks, ARC 604

consistently improves robustness and reliability 605

compared to raw history concatenation and pas- 606

sive summarization baselines. Further experiments 607

show that effective context management is a learn- 608

able capability: a trained Context Manager can 609

outperform much larger untrained models, while 610

reducing summarization cost and raising the effec- 611

tive reasoning ceiling of the actor. 612

Taken together, our results suggest that con- 613

text management should be viewed as an active, 614

first-class component in agent design. By mov- 615

ing beyond passive compression toward active and 616

reflection-driven state management, ARC offers 617

a principled and scalable approach to support- 618

ing long-horizon reasoning in information-seeking 619

agents. 620

Additional analyses on interaction efficiency and 621

token efficiency are provided in Appendix C. Ap- 622

pendix D presents qualitative case studies that 623

demonstrate how ARC corrects erroneous assump- 624

tions and reorganizes its interaction memory in 625

practice. 626
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Limitations627

Despite its effectiveness, ARC has several limita-628

tions.629

First, ARC introduces an explicit context man-630

agement component, which inevitably incurs ad-631

ditional computational and system overhead com-632

pared to single-model agent designs. Although the633

Context Manager is decoupled from action execu-634

tion and can be implemented efficiently, active con-635

text monitoring and revision introduce extra cost636

that may be undesirable in latency- or resource-637

constrained settings.638

Second, our evaluation focuses on long-horizon639

information-seeking and search-based tasks. While640

these settings capture a broad and practically im-641

portant class of agent behaviors, the applicability642

of reflection-driven context management to other643

agentic scenarios remains to be explored.644

Third, training the Context Manager relies on cu-645

rated trajectories that exhibit desirable summariza-646

tion and reflection behaviors. Although supervised647

fine-tuning enables ARC to internalize effective648

context management strategies, the dependence on649

annotated or filtered data may limit scalability. Ex-650

ploring more data-efficient or self-supervised train-651

ing paradigms is an important direction for future652

work.653

We leave these directions for future research.654

References655

Danqi Chen, Adam Fisch, Jason Weston, and Antoine656
Bordes. 2017. Reading Wikipedia to answer open-657
domain questions. In Proceedings of the 55th Annual658
Meeting of the Association for Computational Lin-659
guistics (Volume 1: Long Papers), pages 1870–1879,660
Vancouver, Canada. Association for Computational661
Linguistics.662

Kaiyuan Chen, Yixin Ren, Yang Liu, Xiaobo Hu, Hao-663
tong Tian, Tianbao Xie, Fangfu Liu, Haoye Zhang,664
Hongzhang Liu, Yuan Gong, Chen Sun, Han Hou,665
Hui Yang, James Pan, Jianan Lou, Jiayi Mao, Jizheng666
Liu, Jinpeng Li, Kangyi Liu, and 14 others. 2025.667
xbench: Tracking agents productivity scaling with668
profession-aligned real-world evaluations. Preprint,669
arXiv:2506.13651.670

Prateek Chhikara, Dev Khant, Saket Aryan, Taranjeet671
Singh, and Deshraj Yadav. 2025. Mem0: Building672
production-ready ai agents with scalable long-term673
memory. Preprint, arXiv:2504.19413.674

Rajarshi Das, Shehzaad Dhuliawala, Manzil Zaheer,675
and Andrew McCallum. 2019. Multi-step retriever-676
reader interaction for scalable open-domain question677

answering. In International Conference on Learning 678
Representations. 679

DeepSeek-AI. 2025. Deepseek-v3.2: Pushing the fron- 680
tier of open large language models. 681

Johan Ferret, Raphaël Marinier, Matthieu Geist, and 682
Olivier Pietquin. 2019. Self-attentional credit assign- 683
ment for transfer in reinforcement learning. arXiv 684
preprint arXiv:1907.08027. 685

Zhibin Gou, Zhihong Shao, Yeyun Gong, Yelong 686
Shen, Yujiu Yang, Nan Duan, and Weizhu Chen. 687
2024. Critic: Large language models can self- 688
correct with tool-interactive critiquing. Preprint, 689
arXiv:2305.11738. 690

Xanh Ho, Anh-Khoa Duong Nguyen, Saku Sugawara, 691
and Akiko Aizawa. 2020. Constructing a multi- 692
hop QA dataset for comprehensive evaluation of 693
reasoning steps. In Proceedings of the 28th Inter- 694
national Conference on Computational Linguistics, 695
pages 6609–6625, Barcelona, Spain (Online). Inter- 696
national Committee on Computational Linguistics. 697

Kelly Hong, Anton Troynikov, and Jeff Huber. 2025. 698
Context rot: How increasing input tokens impacts 699
llm performance. Technical report, Chroma. 700

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler 701
Hallinan, Luyu Gao, Sarah Wiegreffe, Uri Alon, 702
Nouha Dziri, Shrimai Prabhumoye, Yiming Yang, 703
Shashank Gupta, Bodhisattwa Prasad Majumder, 704
Katherine Hermann, Sean Welleck, Amir Yazdan- 705
bakhsh, and Peter Clark. 2023. Self-refine: It- 706
erative refinement with self-feedback. Preprint, 707
arXiv:2303.17651. 708

Meta. 2025. The llama 4 herd: Llama 4 709
scout and maverick with unprecedented con- 710
text length. https://ai.meta.com/blog/ 711
llama-4-multimodal-intelligence/. 712

Grégoire Mialon, Clémentine Fourrier, Craig Swift, 713
Thomas Wolf, Yann LeCun, and Thomas Scialom. 714
2023. Gaia: a benchmark for general ai assistants. 715
Preprint, arXiv:2311.12983. 716

OpenAI. 2025. Deep research: Sys- 717
tem card. https://cdn.openai.com/ 718
deep-research-system-card.pdf. System 719
card. 720

OpenAI. 2025a. gpt-oss-120b and gpt-oss-20b model 721
card. Preprint, arXiv:2508.10925. 722

OpenAI. 2025b. Introducing gpt-4.1 in the api. https: 723
//openai.com/index/gpt-4-1/. 724

Siru Ouyang, Jun Yan, I-Hung Hsu, Yanfei Chen, 725
Ke Jiang, Zifeng Wang, Rujun Han, Long T. Le, 726
Samira Daruki, Xiangru Tang, Vishy Tirumalashetty, 727
George Lee, Mahsan Rofouei, Hangfei Lin, Jiawei 728
Han, Chen-Yu Lee, and Tomas Pfister. 2025. Reason- 729
ingbank: Scaling agent self-evolving with reasoning 730
memory. Preprint, arXiv:2509.25140. 731

9

https://doi.org/10.18653/v1/P17-1171
https://doi.org/10.18653/v1/P17-1171
https://doi.org/10.18653/v1/P17-1171
https://arxiv.org/abs/2506.13651
https://arxiv.org/abs/2506.13651
https://arxiv.org/abs/2506.13651
https://arxiv.org/abs/2504.19413
https://arxiv.org/abs/2504.19413
https://arxiv.org/abs/2504.19413
https://arxiv.org/abs/2504.19413
https://arxiv.org/abs/2504.19413
https://openreview.net/forum?id=HkfPSh05K7
https://openreview.net/forum?id=HkfPSh05K7
https://openreview.net/forum?id=HkfPSh05K7
https://openreview.net/forum?id=HkfPSh05K7
https://openreview.net/forum?id=HkfPSh05K7
https://arxiv.org/abs/2305.11738
https://arxiv.org/abs/2305.11738
https://arxiv.org/abs/2305.11738
https://www.aclweb.org/anthology/2020.coling-main.580
https://www.aclweb.org/anthology/2020.coling-main.580
https://www.aclweb.org/anthology/2020.coling-main.580
https://www.aclweb.org/anthology/2020.coling-main.580
https://www.aclweb.org/anthology/2020.coling-main.580
https://research.trychroma.com/context-rot
https://research.trychroma.com/context-rot
https://research.trychroma.com/context-rot
https://arxiv.org/abs/2303.17651
https://arxiv.org/abs/2303.17651
https://arxiv.org/abs/2303.17651
https://ai.meta.com/blog/llama-4-multimodal-intelligence/
https://ai.meta.com/blog/llama-4-multimodal-intelligence/
https://ai.meta.com/blog/llama-4-multimodal-intelligence/
https://arxiv.org/abs/2311.12983
https://cdn.openai.com/deep-research-system-card.pdf
https://cdn.openai.com/deep-research-system-card.pdf
https://cdn.openai.com/deep-research-system-card.pdf
https://arxiv.org/abs/2508.10925
https://arxiv.org/abs/2508.10925
https://arxiv.org/abs/2508.10925
https://openai.com/index/gpt-4-1/
https://openai.com/index/gpt-4-1/
https://openai.com/index/gpt-4-1/
https://arxiv.org/abs/2509.25140
https://arxiv.org/abs/2509.25140
https://arxiv.org/abs/2509.25140
https://arxiv.org/abs/2509.25140
https://arxiv.org/abs/2509.25140


Charles Packer, Sarah Wooders, Kevin Lin, Vivian Fang,732
Shishir G. Patil, Ion Stoica, and Joseph E. Gonzalez.733
2024. Memgpt: Towards llms as operating systems.734
Preprint, arXiv:2310.08560.735

Ofir Press, Muru Zhang, Sewon Min, Ludwig Schmidt,736
Noah A. Smith, and Mike Lewis. 2023. Measuring737
and narrowing the compositionality gap in language738
models. Preprint, arXiv:2210.03350.739

Noah Shinn, Federico Cassano, Edward Berman, Ash-740
win Gopinath, Karthik Narasimhan, and Shunyu Yao.741
2023. Reflexion: Language agents with verbal rein-742
forcement learning. Preprint, arXiv:2303.11366.743

Qwen Team. 2024. Qwen2.5: A party of foundation744
models.745

Qwen Team. 2025. Qwen3 technical report. Preprint,746
arXiv:2505.09388.747

Naftali Tishby, Fernando C. Pereira, and William Bialek.748
2000. The information bottleneck method. Preprint,749
arXiv:physics/0004057.750

Harsh Trivedi, Niranjan Balasubramanian, Tushar Khot,751
and Ashish Sabharwal. 2022. MuSiQue: Multi-752
hop questions via single-hop question composition.753
Transactions of the Association for Computational754
Linguistics.755

Jason Wei, Zhiqing Sun, Spencer Papay, Scott McK-756
inney, Jeffrey Han, Isa Fulford, Hyung Won Chung,757
Alex Tachard Passos, William Fedus, and Amelia758
Glaese. 2025a. Browsecomp: A simple yet chal-759
lenging benchmark for browsing agents. Preprint,760
arXiv:2504.12516.761

Tianxin Wei, Noveen Sachdeva, Benjamin Coleman,762
Zhankui He, Yuanchen Bei, Xuying Ning, Mengting763
Ai, Yunzhe Li, Jingrui He, Ed H. Chi, Chi Wang,764
Shuo Chen, Fernando Pereira, Wang-Cheng Kang,765
and Derek Zhiyuan Cheng. 2025b. Evo-memory:766
Benchmarking llm agent test-time learning with self-767
evolving memory. Preprint, arXiv:2511.20857.768

Jialong Wu, Wenbiao Yin, Yong Jiang, Zhenglin Wang,769
Zekun Xi, Runnan Fang, Linhai Zhang, Yulan He,770
Deyu Zhou, Pengjun Xie, and Fei Huang. 2025a.771
WebWalker: Benchmarking LLMs in web traversal.772
In Proceedings of the 63rd Annual Meeting of the773
Association for Computational Linguistics (Volume 1:774
Long Papers), pages 10290–10305, Vienna, Austria.775
Association for Computational Linguistics.776

Xixi Wu, Kuan Li, Yida Zhao, Liwen Zhang, Litu777
Ou, Huifeng Yin, Zhongwang Zhang, Xinmiao Yu,778
Dingchu Zhang, Yong Jiang, Pengjun Xie, Fei Huang,779
Minhao Cheng, Shuai Wang, Hong Cheng, and780
Jingren Zhou. 2025b. Resum: Unlocking long-781
horizon search intelligence via context summariza-782
tion. Preprint, arXiv:2509.13313.783

Wujiang Xu, Zujie Liang, Kai Mei, Hang Gao, Juntao784
Tan, and Yongfeng Zhang. 2025. A-mem: Agentic785
memory for llm agents. Preprint, arXiv:2502.12110.786

Sikuan Yan, Xiufeng Yang, Zuchao Huang, Ercong 787
Nie, Zifeng Ding, Zonggen Li, Xiaowen Ma, Kris- 788
tian Kersting, Jeff Z. Pan, Hinrich Schütze, Volker 789
Tresp, and Yunpu Ma. 2025. Memory-r1: Enhanc- 790
ing large language model agents to manage and uti- 791
lize memories via reinforcement learning. Preprint, 792
arXiv:2508.19828. 793

Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Ben- 794
gio, William W. Cohen, Ruslan Salakhutdinov, and 795
Christopher D. Manning. 2018. HotpotQA: A dataset 796
for diverse, explainable multi-hop question answer- 797
ing. In Conference on Empirical Methods in Natural 798
Language Processing (EMNLP). 799

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak 800
Shafran, Karthik Narasimhan, and Yuan Cao. 2023. 801
React: Synergizing reasoning and acting in language 802
models. In International Conference on Learning 803
Representations (ICLR). 804

Rui Ye, Zhongwang Zhang, Kuan Li, Huifeng Yin, 805
Zhengwei Tao, Yida Zhao, Liangcai Su, Liwen 806
Zhang, Zile Qiao, Xinyu Wang, Pengjun Xie, Fei 807
Huang, Siheng Chen, Jingren Zhou, and Yong 808
Jiang. 2025. Agentfold: Long-horizon web agents 809
with proactive context management. Preprint, 810
arXiv:2510.24699. 811

Guibin Zhang, Haotian Ren, Chong Zhan, Zhenhong 812
Zhou, Junhao Wang, He Zhu, Wangchunshu Zhou, 813
and Shuicheng Yan. 2025a. Memevolve: Meta- 814
evolution of agent memory systems. Preprint, 815
arXiv:2512.18746. 816

Qizheng Zhang, Changran Hu, Shubhangi Upasani, 817
Boyuan Ma, Fenglu Hong, Vamsidhar Kamanuru, 818
Jay Rainton, Chen Wu, Mengmeng Ji, Hanchen Li, 819
Urmish Thakker, James Zou, and Kunle Olukotun. 820
2025b. Agentic context engineering: Evolving con- 821
texts for self-improving language models. Preprint, 822
arXiv:2510.04618. 823

Wanjun Zhong, Lianghong Guo, Qiqi Gao, He Ye, and 824
Yanlin Wang. 2023. Memorybank: Enhancing large 825
language models with long-term memory. Preprint, 826
arXiv:2305.10250. 827

Peilin Zhou, Bruce Leon, Xiang Ying, Can Zhang, Yifan 828
Shao, Qichen Ye, Dading Chong, Zhiling Jin, Chenx- 829
uan Xie, Meng Cao, Yuxin Gu, Sixin Hong, Jing 830
Ren, Jian Chen, Chao Liu, and Yining Hua. 2025a. 831
Browsecomp-zh: Benchmarking web browsing abil- 832
ity of large language models in chinese. Preprint, 833
arXiv:2504.19314. 834

Yuqi Zhou, Sunhao Dai, Zhanshuo Cao, Xiao Zhang, 835
and Jun Xu. 2025b. Length-induced embed- 836
ding collapse in plm-based models. Preprint, 837
arXiv:2410.24200. 838

10

https://arxiv.org/abs/2310.08560
https://arxiv.org/abs/2210.03350
https://arxiv.org/abs/2210.03350
https://arxiv.org/abs/2210.03350
https://arxiv.org/abs/2210.03350
https://arxiv.org/abs/2210.03350
https://arxiv.org/abs/2303.11366
https://arxiv.org/abs/2303.11366
https://arxiv.org/abs/2303.11366
https://qwenlm.github.io/blog/qwen2.5/
https://qwenlm.github.io/blog/qwen2.5/
https://qwenlm.github.io/blog/qwen2.5/
https://arxiv.org/abs/2505.09388
https://arxiv.org/abs/physics/0004057
https://arxiv.org/abs/2504.12516
https://arxiv.org/abs/2504.12516
https://arxiv.org/abs/2504.12516
https://arxiv.org/abs/2511.20857
https://arxiv.org/abs/2511.20857
https://arxiv.org/abs/2511.20857
https://arxiv.org/abs/2511.20857
https://arxiv.org/abs/2511.20857
https://doi.org/10.18653/v1/2025.acl-long.508
https://arxiv.org/abs/2509.13313
https://arxiv.org/abs/2509.13313
https://arxiv.org/abs/2509.13313
https://arxiv.org/abs/2509.13313
https://arxiv.org/abs/2509.13313
https://arxiv.org/abs/2502.12110
https://arxiv.org/abs/2502.12110
https://arxiv.org/abs/2502.12110
https://arxiv.org/abs/2508.19828
https://arxiv.org/abs/2508.19828
https://arxiv.org/abs/2508.19828
https://arxiv.org/abs/2508.19828
https://arxiv.org/abs/2508.19828
https://arxiv.org/abs/2510.24699
https://arxiv.org/abs/2510.24699
https://arxiv.org/abs/2510.24699
https://arxiv.org/abs/2512.18746
https://arxiv.org/abs/2512.18746
https://arxiv.org/abs/2512.18746
https://arxiv.org/abs/2510.04618
https://arxiv.org/abs/2510.04618
https://arxiv.org/abs/2510.04618
https://arxiv.org/abs/2305.10250
https://arxiv.org/abs/2305.10250
https://arxiv.org/abs/2305.10250
https://arxiv.org/abs/2504.19314
https://arxiv.org/abs/2504.19314
https://arxiv.org/abs/2504.19314
https://arxiv.org/abs/2410.24200
https://arxiv.org/abs/2410.24200
https://arxiv.org/abs/2410.24200


A Training Details839

A.1 Training Objective840

We treat the Context Manager (CM) as a learnable841

module dedicated to active context management,842

encompassing both incremental summarization and843

reflection-driven context reorganization. The CM844

is trained via supervised fine-tuning (SFT) to pre-845

dict updated internal states—specifically, the inter-846

action memory and checklist—conditioned on the847

task query, the previous internal context state, and848

the most recent interaction.849

Formally, given a query q, a prior context state850

Ct−1, and the latest interaction It = (rt, at, ot),851

the CM learns to produce an updated context state852

Ct = (memoryt, checklistt). This formulation al-853

lows the CM to internalize both routine summariza-854

tion and reflection-driven repair behaviors within a855

single forward pass, without direct access to future856

actions or environment feedback. Importantly, the857

CM is trained independently of action generation,858

enabling context construction and revision to be859

learned as a standalone capability rather than an860

emergent byproduct of policy optimization.861

A.2 Data Construction862

Training data is constructed from agent trajecto-863

ries collected across a diverse set of long-horizon,864

information-seeking benchmarks, including 2Wiki-865

MultiHopQA (Ho et al., 2020), Bamboogle (Press866

et al., 2023), WebWalkerQA (Wu et al., 2025a),867

MuSiQue (Trivedi et al., 2022), and the training868

split of HotpotQA (Yang et al., 2018).869

For each benchmark, we deploy agents in an it-870

erative search-and-reasoning setting to collect full871

execution trajectories. Each trajectory consists of a872

sequence of interactions It = (rt, at, ot), together873

with the corresponding interaction memory and874

checklist states generated during execution. These875

intermediate context states serve as supervision tar-876

gets for training the CM to update internal context877

representations step by step.878

To ensure data quality, we filter out trajectories879

with malformed context updates, invalid check-880

list transitions, or unrecoverable execution failures.881

Only trajectories exhibiting coherent incremental882

summarization and valid reflection behavior are883

retained. The resulting dataset provides dense su-884

pervision for learning context construction, main-885

tenance, and repair in long-horizon information-886

seeking scenarios. All trajectories are generated887

using an agent with strong context management888

capabilities, ensuring coherent context updates and 889

reliable reflection behavior for supervision. 890

A.3 Training Setup 891

We initialize the Context Manager from Qwen3- 892

14B and fine-tune all model parameters using full- 893

parameter supervised fine-tuning. Training is con- 894

ducted on two nodes with a total of 16 NVIDIA 895

H100 GPUs. The specific training parameters are 896

shown in Table 5 897

Setting Value

Max sequence length 16,000
Per-device batch size 2
Gradient accumulation 2
Learning rate 5× 10−6

LR scheduler Cosine with 10% warmup
Precision bfloat16
Parallelism Sequence parallelism (size = 2)
Memory optimization DeepSpeed ZeRO-3

Table 5: Training configuration for the Context Man-
ager.

B Main Experiment Evaluation Settings 898

This appendix describes the evaluation settings 899

used in the main experiments. 900

All agents are evaluated in an information- 901

seeking environment equipped with two tools: 902

search and visit. The search tool is used to issue 903

search queries and retrieve candidate webpages, 904

while the visit tool allows the agent to inspect the 905

content of selected pages. Agents may invoke these 906

tools iteratively throughout execution. 907

To ensure a consistent and fair comparison 908

across methods, all agents operate under the same 909

resource constraints. Specifically, the maximum 910

context window is limited to 32k tokens, and the 911

maximum number of interaction turns is capped 912

at 80 per episode. An episode terminates early if 913

the agent produces a confident final answer before 914

reaching the turn limit. When the maximum num- 915

ber of interaction turns is reached or the context 916

window limit is exceeded, the agent is forced to pro- 917

duce a final answer by consolidating the available 918

information. 919

All baselines and ARC variants share the same 920

tool interface, context budget, and termination cri- 921

teria. Differences in performance therefore reflect 922

variations in context management strategies rather 923

than disparities in tool access or computational re- 924

sources. 925
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C Analysis926

C.1 Interaction Efficiency927

We analyze interaction efficiency by examining928

how task accuracy evolves as the maximum num-929

ber of allowed interaction steps increases. For each930

method (ReAct, ReSum, and ARC), we progres-931

sively relax the interaction step limit and measure932

the corresponding task success rate.933

5 10 15 20 25 30 35 40
Max Turn

16

18

20

22

24

26

28

Ac
cu

ra
cy

ReAct
ReSum
ARC

Figure 4: Interaction efficiency under varying maximum
interaction turns. Accuracy denotes the average perfor-
mance on xBench-DeepSearch and BrowseComp-ZH,
reflecting how effectively each method utilizes addi-
tional interaction budget.

Figure 4 plots task accuracy as a function of934

the maximum allowed interaction turns. As the935

interaction budget increases, all methods benefit936

from additional exploration, but their improvement937

patterns differ substantially.938

ReAct exhibits steady but limited gains, indi-939

cating that simply accumulating raw interaction940

history does not effectively translate additional941

steps into better decisions. ReSum improves more942

rapidly at early stages, but its performance plateaus943

as static summaries begin to absorb unproductive944

exploration and early errors.945

In contrast, ARC consistently achieves higher ac-946

curacy across all interaction budgets and continues947

to improve as more turns are allowed. This suggests948

that ARC is more effective at converting additional949

interaction steps into useful progress. By actively950

revising its interaction memory through reflection,951

ARC prevents repeated exploration of unproductive952

paths and redirects search more efficiently. As a re-953

sult, ARC reaches stronger performance with fewer954

wasted interactions, demonstrating superior interac-955

tion efficiency in long-horizon information-seeking956

settings.957

C.2 Token Efficiency 958

We analyze token efficiency by tracking how con- 959

text token usage grows as interaction length in- 960

creases. All results are reported using the average 961

interaction length observed on the BrowseComp 962

benchmark, which reflects realistic long-horizon 963

information-seeking trajectories. 964
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Figure 5: Token efficiency on BrowseComp. Context
token usage is averaged over trajectories as interaction
length increases. ARC maintains a compact interaction
memory, while raw interaction history grows nearly
linearly.

Figure 5 compares ARC with a baseline that 965

appends the raw interaction history at each turn. 966

As interaction length increases, raw history con- 967

catenation exhibits near-linear growth in context 968

tokens, quickly exhausting the available context 969

budget. In contrast, ARC maintains a compact in- 970

teraction memory whose token usage grows slowly 971

and stabilizes over time. 972

This gap arises because ARC incrementally sum- 973

marizes interactions and actively reorganizes its 974

internal memory, preventing redundant or uninfor- 975

mative content from accumulating. By contrast, 976

raw history concatenation preserves all intermedi- 977

ate reasoning, actions, and observations, including 978

failed attempts and repeated patterns, leading to 979

rapid context inflation. 980

These results demonstrate that ARC not only im- 981

proves reasoning robustness, but also substantially 982

reduces cumulative context usage. By actively man- 983

aging context as a dynamic internal state rather than 984

an append-only history, ARC enables long-horizon 985

interaction under fixed context budgets, making it 986

more practical for real-world information-seeking 987

settings. 988

Taken together, the interaction and token effi- 989

ciency analyses reveal a consistent pattern: effec- 990
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tive long-horizon reasoning depends not on ac-991

cumulating more interactions or context, but on992

how actively the internal state is managed. ARC993

achieves higher task performance with fewer redun-994

dant interactions and substantially lower context995

usage by continuously summarizing and revising its996

interaction memory. By preventing unproductive997

exploration and eliminating irrelevant or outdated998

information early, ARC converts each interaction999

into more meaningful progress while maintaining1000

a compact and semantically faithful context. These1001

results further support our view that context man-1002

agement should be treated as an active, first-class1003

component of agent design, rather than a passive1004

byproduct of history accumulation.1005

D Case Study1006

To qualitatively analyze how ARC manages long-1007

horizon context, we present a representative case1008

study.1009

In the provided case, the model becomes trapped1010

in a local search loop centered on "Susunu! Denpa1011

Shōnen". This failure arises because the check-1012

list prematurely elevates the cue “an Asian man1013

being exploited for three months” to a dominant1014

constraint, causing subsequent reasoning steps to1015

focus on validating a single candidate rather than1016

reassessing alternative explanations.1017

During reflection, the checklist is treated as an1018

editable execution-time state rather than a fixed1019

plan. Revision is triggered when the agent detects1020

confirmation-driven behavior, such as repeatedly1021

searching for evidence that reinforces the same1022

hypothesis without resolving key inconsistencies.1023

Query. I am looking for a TV show aired some-
time between 1990 and 2019. I can’t remem-
ber many details. But I do remember these
events happening in this order: - One of the
characters is standing near the bathroom and
also near another character with the same first
name. - Someone exploits an Asian man for
three months. - Someone notes that the vend-
ing machines are full of meats. What is the
name of this TV show?
Labeled Answer: Community

[Turn 1]
[Checklist]
1. Identify unique plot points

1024

2. Search for shows with exploitation plot
3. Cross-reference with vending machine
detail
4. Confirm character name coincidence

Reasoning: The clues are quite specific but
require finding a match across multiple plot
points. First, I need to start by searching for
TV shows that involve the exploitation of an
Asian man for three months, as this seems the
most unique and searchable detail.
Action: Search

[Turn 2]
[Checklist]
...
[Last Interaction]
...
Reasoning: The previous search focused on
exploitation plots, but the results were not spe-
cific enough. The mention of an Asian man
exploited for three months in a TV show might
refer to the infamous Japanese reality show
’Susunu! Denpa Shōnen’ (also known as ’The
Denpa Shōnen’ or ’The Truman Show-like’ ex-
periment), where Nasubi was exploited. How-
ever, the task requires a show aired between
1990 and 2019, and the plot points include a
character standing near a bathroom with an-
other character of the same name and vending
machines full of meats. I need to verify if
’Susunu! Denpa Shōnen’ matches all details,
especially the vending machine and character
name coincidence, which are key to narrowing
this down.
Action: Search

[Turn 3]
[Checklist]
...
[Interaction Memory]
[Turn 1] In the first turn, the assistant aimed to
identify a TV show by focusing on the unique
detail of an Asian man being exploited for
three months. A search was conducted to find
matching plot points, prioritizing specificity
for better results.

[Last Interaction]
...

1025
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[Turn 4]
[Checklist]
...
[Interaction Memory]
[Turn 1][Turn 2]
[Last Interaction]
...

[Turn 5]
[Checklist]
...
[Interaction Memory]
[Turn 1][Turn 2][Turn 3]
[Last Interaction]
...

[Turn 6]
[Checklist]
...
[Interaction Memory]
[Turn 1][Turn 2][Turn 3][Turn 4]
[Last Interaction]
...

[Turn 7]
[Checklist]
...
[Interaction Memory]
[Turn 1][Turn 2][Turn 3][Turn 4]
[Turn 5] Turn 5 aimed to confirm if Susunu!
Denpa Shōnen includes the vending machine
meats detail by combining the show’s name
with that specific element in a search. The
action targeted this unique feature to verify
alignment with all described plot points. The
strategy remained focused on precise narrative
cross-checking for conclusive identification.
[Last Interaction]
...

[Turn 8]
[Reflection]
The previous reasoning appears to be overly
anchored to a single hypothesis centered on
reality TV, driven primarily by the cue describ-
ing the exploitation of an Asian man. While
salient, this cue may be noisy or conflated with
external memories, and repeated searches have
focused on validating the same candidate with-
out resolving inconsistencies in other plot ele-

1026

ments.
To progress, it is necessary to re-evaluate the
relative reliability of the remaining cues, par-
ticularly the vending machine filled with meat
and the bathroom scene involving same-name
characters, which are more characteristic of
scripted comedic settings. I should broaden
the search space beyond reality shows and ex-
plore ensemble sitcoms that better align with
these narrative and stylistic features.
[Checklist](new)
1. Reopen the candidate space beyond real-
ity TV to include scripted ensemble sitcoms
consistent with absurd visual gags.
2. Anchor retrieval on the most identifiable
visual cue (the vending machine filled with
meat) and require explicit evidence.
3. Verify the bathroom and same-name cues,
and assess whether the exploitation cue could
reflect a misremembered subplot or joke.
4. If repeated searches fail to verify key cues,
discard the current anchor candidate and restart
with revised cue weights.
[Interaction Memory])(new)
[Turn 1-5] The agent has repeatedly focused
on Susunu! Denpa Shōnen as the main candi-
date and conducted multiple searches to cross-
check different clues, including the exploita-
tion detail, the vending machine scene, and the
bathroom-related interaction. However, none
of these searches produced clear or consistent
evidence that directly supports this candidate.
After several rounds of verification without
concrete matches, it becomes unlikely that
Susunu! Denpa Shōnen is the correct answer.
[Turn 6]
[Last Interaction]
...

......

[Turn 31]
[Checklist]
...
[Interaction Memory]
...
[Last Interaction]
...
Reasoning: After aligning the clues with spe-
cific scenes and characters, the evidence con-

1027
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verges within a single show. The detail that
the vending machines are filled with meat di-
rectly corresponds to a scene in Community,
where Abed Nadir explicitly notices and points
out the abnormal contents of the vending ma-
chine while speaking with Jeff Winger, match-
ing the show’s characteristic use of concrete,
absurd visual gags. The description of a same-
name interaction occurring near a bathroom
is also consistent with Community’s frequent
use of campus public spaces and dialogue-
driven name-based humor. Finally, the clue
describing the exploitation of an Asian man
over a period of time aligns at the character
level with Ben Chang, whose role in the series
repeatedly involves being used and manipu-
lated by the school system and other charac-
ters. These character- and scene-level corre-
spondences can all be satisfied within the same
narrative context, leading to a consistent iden-
tification of the show as Community.
Answer: Community.

1028
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