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Abstract

Large language models are increasingly de-
ployed as research agents for deep search and
long-horizon information seeking, yet their per-
formance often degrades as interaction histo-
ries grow. This degradation, known as context
rot, reflects a failure to maintain coherent and
task-relevant internal states over extended rea-
soning horizons. Existing approaches primarily
manage context through raw accumulation or
passive summarization, treating it as a static
artifact and allowing early errors or misplaced
emphasis to persist. Motivated by this perspec-
tive, we propose ARC, an active and reflection-
driven framework that formulates context man-
agement as the online maintenance of a dy-
namically revisable internal reasoning state dur-
ing execution. ARC operationalizes this view
through incremental context construction to-
gether with selectively triggered reflection, al-
lowing agents to reorganize their working con-
text when misalignment or degradation is de-
tected. Experiments on five challenging long-
horizon information-seeking benchmarks show
that ARC consistently outperforms raw history
accumulation and passive summarization base-
lines, achieving up to an 11% absolute improve-
ment on BrowseComp-ZH with Qwen2.5-32B-
Instruct.!

1 Introduction

Deep search? and long-horizon information seek-
ing are becoming increasingly important as large
language models (LLMs) are applied to real-world
research, analysis, and decision-making tasks, mo-
tivating the development of deep research sys-
tems (OpenAl, 2025). Unlike single-turn question
answering, these tasks require agents to explore

'Code is available at https://github.com/Qihoo360/
ARC-Context.

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

unfamiliar information spaces over many steps, re-
peatedly issue search queries, integrate heteroge-
neous evidence, and sustain coherent reasoning
across extended interaction horizons (Chen et al.,
2017; Yang et al., 2018; Das et al., 2019; Wei et al.,
2025a; Mialon et al., 2023).

Despite strong reasoning and information-
seeking capabilities, LLM performance often de-
grades in long-horizon settings. As interaction his-
tories grow, models struggle to maintain coherent
and task-relevant internal states, a phenomenon
known as context rot (Hong et al., 2025). Prior
work attributes this degradation to challenges in
sequential modeling, including long-term credit
assignment, representational bottlenecks, and atten-
tion dilution in long contexts (Ferret et al., 2019;
Zhou et al., 2025b; Tishby et al., 2000). These
issues are especially pronounced in information-
seeking tasks, where agents must integrate hetero-
geneous evidence across many steps while preserv-
ing critical intermediate inferences and decisions.
Although modern LLMs support increasingly large
context windows (OpenAl, 2025b; Meta, 2025), ef-
fectively leveraging such capacity for stable multi-
step reasoning remains difficult, underscoring the
need for principled context engineering.

Most existing approaches to long-horizon infor-
mation seeking adopt one of two context manage-
ment strategies. The first directly appends raw in-
teraction histories—including reasoning, actions,
and observations—into the working context (Yao
et al., 2023), leading to rapid context growth and
attention dilution. The second relies on passive
compression, periodically summarizing past inter-
actions to control context length (Wu et al., 2025b).
While effective for budget control, such approaches
primarily treat context as a storage artifact rather
than an execution-time reasoning state. As a result,
early errors, outdated assumptions, or misplaced
emphasis can persist once written, since context
is mainly managed to satisfy length constraints
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rather than revised in light of downstream reason-
ing outcomes. More fundamentally, the challenge
of long-horizon information seeking lies not only
in deciding what to retain, but also in ensuring that
the maintained context can evolve as the agent’s
understanding changes.
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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.

Rather than viewing context as an append-only
record or a passively compressed summary, we
argue that it should be treated as a dynamic inter-
nal state that can be continuously monitored and
actively managed. Motivated by this perspective,
we introduce ARC, an active and reflection-driven
context management framework that explicitly sep-
arates action execution from context management.
ARC enables agents to incrementally construct a
compact working context and to selectively revise it
when misalignment is detected, thereby supporting
continual realignment over long interaction hori-
zons (Figure 1).

Building on this perspective, we make the follow-
ing contributions:

* We identify the gap between passive context
compression and active context management
in long-horizon information-seeking agents.

* We propose ARC, a reflection-driven frame-
work that treats context as a dynamically man-
aged internal state.

* We introduce a dual-component architecture
with a dedicated Context Manager for online
context construction and revision.

* We show across five benchmarks that active
context management consistently improves

over raw history accumulation and passive
summarization baselines.

2 Related Work

2.1 Context Management via Accumulation
and Summarization

To handle long interaction histories within limited
context windows, prior work has developed a range
of methods for organizing, compressing, and re-
trieving contextual information.

Foundational systems draw inspiration from op-
erating systems; for instance, MemGPT (Packer
et al., 2024) implements an OS-like paging mecha-
nism to manage hierarchical storage based on rele-
vance. MemoryBank (Zhong et al., 2023) models
memory decay via the Ebbinghaus curve, while
MemO (Chhikara et al., 2025) and A-MEM (Xu
et al., 2025) utilize dynamic graphs or triplets.
These structures enable querying complex entity
relationships beyond simple semantic similarity,
improving retrieval coherence. Parallel research
focuses on optimizing context density. Memory-
R1 (Yan et al., 2025) employs reinforcement learn-
ing for CRUD-style memory operations to explic-
itly update information. Similarly, ReSum (Wu
et al., 2025b) and AgentFold (Ye et al., 2025)
frame context compression as an optimization
problem, utilizing gradient-based or folding tech-
niques to distill extensive histories into compact
representations within bounded budgets. Recently,
MemEvolve (Zhang et al., 2025a) moved beyond
fixed designs by introducing a meta-evolutionary
framework. Using a dual-loop mechanism, it dy-
namically optimizes the memory architecture itself,
automatically restructuring encoding, storage, and
retrieval modules.

These works collectively improve how contextual
information is stored, compressed, or retrieved over
long horizons. Our focus is complementary but dis-
tinct: rather than optimizing context primarily as
a storage object, ARC studies how the execution-
time working context itself can be actively main-
tained and revised during reasoning.

2.2 Reflection and Self-Correction in Agent
Systems

Reflection mechanisms have become a standard
paradigm for enhancing agent reliability. A promi-
nent line of work focuses on short-term, action-
level correction. Systems like Reflexion (Shinn
et al., 2023) and Self-Refine (Madaan et al., 2023)
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use iterative verbal critiques to guide subsequent at-
tempts in a “trial-and-error” loop. To ground these
critiques, frameworks like CRITIC (Gou et al.,
2024) augment the process with external verifi-
cation tools, ensuring self-correction is based on
executable evidence.

Another stream applies reflection to accumulate
long-term wisdom. ReasoningBank (Ouyang et al.,
2025) synthesizes successful trajectories into gen-
eralized reasoning patterns for future retrieval.
ACE (Zhang et al., 2025b) employs multi-agent
debate to evolve persistent “playbooks,” while Evo-
Memory (Wei et al., 2025b) updates structured
memory stores based on task outcomes to refine
high-level policies.

Existing work has therefore studied reflection
mainly at the level of action correction or longer-
term policy improvement. By contrast, ARC ap-
plies reflection to the execution-time working con-
text itself, using it to detect misalignment and re-
vise the maintained internal state that supports sub-
sequent reasoning.

Taken together, prior work has studied context com-
pression, memory organization, and reflection from
several complementary perspectives. ARC is most
closely related to these directions, but differs in
its central focus: rather than treating context as a
passive artifact to compress or reflection as a mech-
anism to refine actions, ARC formulates context
management as the active maintenance of a revis-
able execution-time internal state.

3 Methodology

We propose Active and Reflection-Driven Con-
text Management (ARC), a framework for im-
proving long-horizon agent performance through
continuous memory construction and reflection-
driven context revision.

ARC adopts a dual-component architecture that
explicitly separates action execution from con-
text management. ARC operates at the level of
execution-time internal state rather than action gen-
eration, and uses a learnable Context Manager
(CM) for context management.

ARC is motivated by the observation that failures
in long-horizon tasks often arise from how context
is maintained over time. Accordingly, ARC models
it as a revisable execution-time internal state rather
than an append-only record or fixed summary.
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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.

3.1 Overview

ARC decomposes agent behavior into explicit in-
ternal representations and cleanly separates action
execution from context management. At each turn,
the agent maintains three core internal components:

* ChecKlist: an inspectable and mutable con-
trol structure that tracks the agent’s current
objectives and execution progress.

* Interaction Memory (IM): a dynamically
managed internal memory that compactly
summarizes task-relevant information from
past interactions.

* Previous Interaction: the complete interac-
tion from the preceding turn, including the
agent’s internal reasoning, executed action,
and resulting observation.

Action execution and context management are de-
coupled. The actor generates reasoning and actions
conditioned on the current interaction memory,
checklist, and most recent raw interaction, while
the Context Manager updates the maintained con-
text through incremental summarization and, when
needed, reflection-driven revision. Reflection oper-
ates on internal state only: ARC applies reflection
to the maintained working context itself rather than
using it as a mechanism for action-level correction
or response refinement.

3.2 Active and Reflection-driven Context
Management

ARC treats interaction memory as a dynamically
managed execution-time state that is incrementally
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updated and, when necessary, reorganized to re-
main aligned with the agent’s evolving understand-
ing of the task.

As illustrated in Figure 2, context management in
ARC proceeds at every turn through two tightly
coupled processes: incremental summarization and
reflection-driven reorganization.

3.2.1 Active Interaction Memory
Construction

Long-horizon tasks require agents to integrate infor-
mation across many interaction steps while avoid-
ing unbounded growth of raw interaction history.
To this end, ARC employs an active, always-on, in-
cremental interaction memory construction mecha-
nism based on evidence-preserving summarization.
At each turn ¢, after the interaction from the previ-
ous turn becomes available, the Context Manager
updates the interaction memory according to

My = Summarize(Q, Ly—1, My—1,I;—1), (1)

where () denotes the task query, L; i is the
checklist state from the previous turn, M;_; rep-
resents the interaction memory summarizing all
interactions prior to turn t — 1, and [;_; =
(r¢—1,at—1,04—1) is the complete interaction from
turn ¢ — 1, consisting of the agent’s internal reason-
ing state, executed action, and resulting observa-
tion.

During normal execution, this update is strictly
incremental. The Context Manager incorporates
only the most recent interaction and does not revise
previously stored memory content. The summa-
rization operator removes redundant or verbose in-
formation while preserving task-relevant evidence
and factual fidelity, without introducing new as-
sumptions or speculative inferences. As a result,
the interaction memory maintains a compact yet
semantically faithful representation of the agent’s
past experience.

Importantly, the interaction from the most recent
turn is not immediately compressed at the time
of action selection. Instead, it is retained in raw
form and provided directly to the actor at the subse-
quent turn, ensuring access to fine-grained details
before being absorbed into the interaction memory
through summarization. This design helps avoid
premature abstraction of newly acquired evidence
and preserves short-range reasoning fidelity while
still maintaining a compact long-range memory
state.

3.2.2 Reflection-Based Reorganization

While incremental summarization controls memory
growth and preserves semantic coverage, it does
not guarantee alignment with the agent’s evolving
beliefs, goals, or evidence. Early incorrect assump-
tions, outdated information, or misplaced emphasis
may therefore persist even under faithful summa-
rization.

To address this limitation, ARC incorporates an
active and reflection-driven reorganization mech-
anism that can be invoked at any turn. Reflection
triggering is integrated into the summarization pro-
cess: during each incremental update, the Context
Manager performs a lightweight self-assessment of
the current interaction memory, checklist state, and
most recent interaction to detect signals that the
maintained context may no longer be well aligned
with the task. Such signals include stalled progress,
unresolved inconsistencies across retrieved evi-
dence, repeated validation of the same hypothesis
without resolving key missing cues, and ineffective
repetition in search or browsing behavior. Based
on this assessment, the Context Manager decides
whether standard incremental summarization re-
mains sufficient or whether reflection is required.
When triggered, the Context Manager performs a
joint internal state update:

(MtaLt) — R(Q7Lt—17Mt7It—l)7 (2)

where R(-) denotes a reflection operator that re-
vises both the interaction memory and the checklist
conditioned on the task query, prior control state,
current memory, and the most recent interaction.
In contrast to incremental summarization, reflec-
tion enables non-local modifications of the inter-
action memory. Concretely, the Context Manager
may remove stale or weakly supported hypotheses,
merge duplicated evidence, down-weight mislead-
ing cues, promote newly supported subgoals, or
rewrite portions of memory to restore consistency
and task relevance. The checklist is revised as part
of the same process, updating control-level infor-
mation such as completed objectives, priorities, or
refined subgoals so that the control state remains
aligned with the revised memory.

Crucially, reflection functions purely as an internal
state transformation. It does not prescribe actions,
generate external outputs, or modify the actor’s
policy. By coupling always-on incremental summa-
rization with selectively triggered reflection, ARC
actively maintains a coherent and task-aligned in-
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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.

teraction memory throughout long-horizon execu-
tion. Its role is to repair and realign the maintained
working context on which subsequent reasoning
depends, rather than to directly correct the next
action.

This formulation is further illustrated by the qualita-
tive case study in Appendix D, where reflection re-
opens the candidate space after the agent becomes
overly anchored to an incorrect hypothesis.

3.3 Agent Execution Loop

As shown in Figure 3, ARC operates in an iterative
loop with decoupled action execution and context
management. At each turn ¢, the actor generates an
internal reasoning state and an action according to

(T‘t,(lt) ~ 7Tactor(c‘za Ltfla Mtfla Itfl)a (3)

where () is the task query, and L;_1, M;_1, and
I;_ ;1 denote the checklist, interaction memory, and
previous interaction maintained by ARC, respec-
tively.

The environment executes a; and returns a new ob-
servation o;, while the Context Manager updates
the maintained context by incrementally summa-
rizing I;_1 and, when needed, applying reflection-
driven revision. The loop terminates once a con-
fident final answer is reached or the interaction
budget is exhausted.

3.4 Training the Context Manager

ARC treats context management as a learnable
component within a dual-component agent archi-
tecture. Accordingly, the Context Manager (CM) is
trained to actively maintain and revise interaction
memory through incremental summarization and
reflection-driven reorganization, independently of
action generation.

We train the CM using supervised fine-tuning (SFT)
on trajectories collected from information-seeking
and search-based tasks. Each training example
consists of an interaction /; paired with target inter-
action memory and checklist states (M}, L) that
reflect effective context management behavior. We
construct these training trajectories using strong
language models followed by filtering, retaining
only examples with coherent summarization and
valid reflection behavior. The resulting dataset en-
ables the CM to internalize active context manage-
ment in a single forward pass, replacing fragile
prompt-based procedures with robust learned be-
havior.

In our implementation, all training data is con-
structed from public long-horizon benchmarks and
collected agent trajectories, and the CM is trained
with standard supervised fine-tuning rather than
a specialized optimization procedure. Additional
details on data collection and training settings are
provided in Appendix A.

4 Experiments

4.1 Experiment Setup

Datasets We evaluate our approach on five bench-
marks that require iterative information-seeking
with multi-step reasoning: HotpotQA (Yang et al.,
2018), GAIA (Mialon et al., 2023), xBench-
DeepSearch (Chen et al., 2025), BrowseComp (Wei
et al., 2025a), and BrowseComp-ZH (Zhou et al.,
2025a). For HotpotQA, we randomly sample
512 questions and evaluate agents under an ac-
tive search-and-browse setting rather than oracle
retrieval. For GAIA, we use the text-only sub-
set. For BrowseComp, we adopt subsets from
BrowseComp-LongContext, while executing all
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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
ReAct 52.3 72.3 16.0 289 20.6 36.0 0.7 1.7 4.7 11.0
Qwen2.5-7B-Instruct ReSum 548 744 14.7 302  21.0 420 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
ReAct 65.5 78.5 28.5 409 333 51.0 1.0 2.7 7.1 14.5
Qwen2.5-32B-Instruct ReSum 68.6  81.0 27.3 422 363 550 1.2 3.0 74 16.6
ARC 71.3 80.5 349 50.6 40.7 64.0 3.0 5.8 18.0 33.2
ReAct 58.3 73.4 26.5 446 326 500 0.8 2.0 8.5 15.9
Qwen3-14B ReSum 59.0 744 313 494 320  56.0 0.7 14 10.0 18.7
ARC 74.6 82.8 41.0 56.6 46.0 66.0 4.0 6.8 17.9 322
ReAct 58.6 734 297 482 337 520 1.6 3.0 11.1 20.7
Qwen3-32B ReSum 60.7  76.0 273 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
ReAct 79.6 88.5 63.7 78.3 63.7 77.0 16.8 315 37.7 56.4
DeepSeek-v3.2 ReSum 80.7 85.7 67.1 795 663 82.0 222 356 457 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.

tasks under an information-seeking agent setting
with iterative search and page inspection. All other
benchmarks are evaluated on their full test sets.

Baselines We compare our method against two
representative baselines for context management in
information-seeking agents:

* ReAct (Yao et al., 2023) directly concatenates
the full raw interaction history at each step,
including internal reasoning, actions, and ob-
servations, without any explicit context com-
pression or revision.

* ReSum (Wu et al., 2025b) performs passive,
static summarization to control context length.
When the interaction history approaches the
maximum context budget, past interactions
are compressed into a single summary.

All baselines share the same actor model, tool in-
terface, and search mechanism. They differ only
in how past interactions are represented and main-
tained. We choose these baselines because they
represent the two most direct and widely adopted
formulations for long-horizon agent execution: raw
history accumulation and passive summarization.
Our goal is to isolate whether active, revisable con-
text management yields benefits beyond these stan-
dard formulations under matched execution set-
tings.

Additional baseline details and variants are pro-
vided in Appendix B.

Models We evaluate our approach using mul-
tiple actor models, including Qwen2.5-7B-
Instruct, Qwen2.5-32B-Instruct (Qwen Team,
2024), Qwen3-14B, Qwen3-32B (Qwen Team,
2025), and DeepSeek-v3.2 (DeepSeek-Al, 2025).
The selected actor models span different model
families and capacity scales, providing a diverse
testbed for evaluating the robustness of ARC. Un-
less otherwise specified, all ablation studies and
analysis experiments use Qwen2.5-32B-Instruct as
the actor model.

Unless otherwise specified, the main experiments
use GPT-OSS-120B (OpenAl, 2025a) as a strong
off-the-shelf Context Manager. This follows the
dual-component design of ARC, helping ensure
that performance differences primarily arise from
the proposed context-management strategy rather
than disparities in model capacity. Separately, the
trained ARC-CM in Table 3 is a specialized Con-
text Manager initialized from Qwen3-14B and eval-
uated only in the dedicated CM-comparison exper-
iment.

4.2 Main Results

Table 1 summarizes the performance of different ac-
tor models under ReAct, ReSum, and ARC. Across
five long-horizon information-seeking benchmarks,
ARC consistently improves over both baselines,
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with the margin widening on more search-intensive
and long-horizon settings such as GAIA, xBench-
DeepSearch, BrowseComp, and BrowseComp-ZH.
Two patterns stand out. First, the advantage of
ARC amplifies on harder, long-horizon tasks, re-
vealing a key insight: the harder the task, the
more context must be managed, not merely com-
pressed. As interaction histories become longer
and more error-prone, passive summarization strug-
gles to maintain alignment, while active context
management enables agents to continually correct
and refocus their internal reasoning state. Second,
ARC benefits both small and large actors: it sub-
stantially lifts weaker actors (e.g., Qwen2.5-7B-
Instruct, Qwen3-14B) while still improving strong
ones (e.g., Qwen3-32B, DeepSeek-v3.2), imply-
ing that context management is complementary to
model scaling rather than a substitute.

Overall, the results support the view that long-
horizon failures are often driven by context degra-
dation, especially in settings such as BrowseComp
and BrowseComp-ZH, where sustained evidence
integration under long and noisy trajectories makes
gradual context drift a central challenge.

4.3 Ablation Studies

We perform ablation studies within the ARC frame-
work to isolate the contributions of the active in-
cremental memory construction, checklist-based
control, and reflection-driven memory revision.
Summary maintains the interaction memory using
incremental online summarization only, without a
checklist or any reflection.

Summary+Checklist adds a checklist as an ex-
plicit control state, while the interaction memory
is still updated only through incremental summa-
rization. No reflection is applied, so neither the
checklist nor the interaction memory is revised
once initialized.

Reflection+Checklist retains the checklist and trig-
gers reflection when execution stalls, but restricts
reflection to checklist revision only, explicitly dis-
abling any modification to the interaction memory.
ARC (Full) combines incremental interaction
memory construction with triggered reflection that
jointly revises both the interaction memory and the
checklist, enabling explicit repair and reorganiza-
tion of past context.

All variants share the same actor model (Qwen2.5-
32B-Instruct). Performance differences therefore
isolate the impact of reflection-driven interaction
memory revision beyond incremental summariza-

tion and checklist-based control alone.

Method GAIA xBench-DS BrowseComp-ZH
Summary 32.1 38.4 14.4
Summary+Checklist  33.0 37.6 15.0
Reflection+Checklist  26.2 343 6.9

ARC (Full) 34.9 40.7 18.0

Table 2: Ablation study of ARC components on GAIA,
xBench-DeepSearch, and BrowseComp-ZH. Summary
uses incremental memory construction only and does
not maintain a checklist. Summary+Checklist adds a
checklist but applies no reflection-based revision. Re-
flection+Checklist enables reflection on the checklist
without memory repair. ARC (Full) jointly revises both
memory and checklist.

The ablation results in Table 2 clarify the roles of
different components in ARC.

Incremental summarization already provides a
clear benefit by stabilizing context length and pre-
serving task-relevant evidence. Adding a checklist
without reflection yields only limited gains, while
allowing reflection to revise the checklist alone
remains insufficient, indicating that control adjust-
ment without memory repair cannot fully address
long-horizon context drift.

The strongest improvements arise when reflection
operates over a compact and actively managed in-
teraction memory. ARC (Full) consistently outper-
forms all ablations, especially on more challenging
benchmarks, suggesting that reflection is most ef-
fective when applied to a distilled context rather
than raw or passively accumulated history.

These results suggest that the checklist is most ef-
fective when coupled with explicit memory repair,
rather than used as an isolated planning artifact, and
that robust long-horizon reasoning requires com-
bining incremental summarization with reflection-
driven revision of the maintained context.

4.4 Effect of Different Context Managers

ARC decouples context management from action
execution, allowing the Context Manager (CM) to
be instantiated by different models. To examine the
impact of CM choice, we fix the Actor and execu-
tion loop, and vary only the model responsible for
interaction memory construction and reflection.

Results in Table 3 show that CM choice consis-
tently affects performance, especially on long-
horizon benchmarks such as GAIA and xBench-
DeepSearch. While stronger general-purpose mod-
els yield better results, a trained ARC-CM based
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on Qwen3-14B outperforms substantially larger un-
trained models such as GPT-OSS-120B across all
benchmarks. This result indicates that ARC is not
merely an emergent property of large models, but
a capability that can be explicitly learned through
supervision.

Importantly, the trained CM achieves stronger per-
formance while operating at significantly lower
model capacity, reducing summarization and reflec-
tion costs during execution. These findings suggest
that active context management is not merely an
emergent property of larger models, but a capability
that can be explicitly learned, enabling more reli-
able long-horizon behavior without increasing the
Actor’s own model size. This also makes ARC at-
tractive from a systems perspective: improvements
in context management need not rely on scaling the
actor itself, but can instead be realized through a
specialized and more efficient auxiliary module.

Context Manager HotpotQA GAIA xBench-DS

Qwen3-32B 72.1 35.1 39.0
GPT-OSS-120B 74.6 349 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.

4.5 Management Frequency: Why Per-Turn
Active Context Management

To analyze the role of active context management
frequency, we vary when summarization and re-
flection checks are performed within ARC while
keeping the Actor, Context Manager, tools, and
context budget fixed. Specifically, we compare
(i) step-by-step management that performs sum-
marization and reflection checks at every turn, (ii)
delayed management that updates context every 3
or 5 turns, and (iii) budget-triggered management
that activates only when the context length exceeds
a predefined token threshold (8k, 16k, or 32k). All
settings are evaluated under the same interaction
limits to isolate the effect of context management
frequency.

Table 4 shows that step-by-step context manage-
ment consistently outperforms delayed and budget-
triggered strategies. A key advantage of per-turn

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.

management is that each update preserves com-
plete semantic information from the most recent
interaction, before any abstraction or omission ac-
cumulates across multiple steps.

In contrast, delayed summarization must compress
several interactions at once, increasing the risk that
intermediate reasoning, failed attempts, or subtle
evidence is lost or conflated. Budget-triggered
strategies are similarly reactive: by the time com-
pression is applied, misleading assumptions or un-
productive patterns may already have shaped sub-
sequent decisions.

These results indicate that context management
in long-horizon information seeking is not merely
about reducing length, but about maintaining a se-
mantically faithful and task-aligned internal rea-
soning state. By incrementally summarizing each
interaction with full semantic coverage and per-
forming lightweight reflection checks at every turn,
ARC prevents early deviations from compound-
ing and enables timely correction. This motivates
our design choice of always-on, per-turn context
management.

4.6 Efficiency and Overhead

ARC introduces additional computation because
context management is handled by an explicit Con-
text Manager (CM), adding one extra forward
pass per step. However, this overhead should
be considered together with the efficiency gains
brought by active context maintenance. In particu-
lar, the CM operates on compact structured mem-
ory rather than raw trajectories, so context growth
remains bounded instead of expanding nearly lin-
early with interaction length. Moreover, ARC’s
dual-component design enables partial execution
overlap between action generation and context man-
agement, which substantially mitigates the added
wall-clock cost in practice. As illustrated in Fig-
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Figure 4: Illustration of sequential and overlapped ex-
ecution in ARC. In the sequential setting, actor exe-
cution, tool processing, and context management are
serialized within each step. In the overlapped setting,
actor inference at step t+1 runs in parallel with con-
text management of step ¢, so the effective step time is
approximately max (factor + tiool, tom) rather than their
sum.

ure 4, actor inference at step t+1 can run in parallel
with context management of step ¢, so the effective
step time is governed by the longer branch rather
than by fully serializing both computations.

To quantify this effect, we profile runtime on
100 randomly sampled BrowseComp instances un-
der identical inference settings. All methods use
Qwen3-32B as the actor, and ARC uses a trained
14B CM.

Table 5 reports the effective per-step runtime under
different execution modes. Under a fully sequential
implementation, ARC incurs a substantially larger
step time than ReAct because actor execution, CM
summarization, and tool processing are serialized.
In contrast, under overlapped execution, the effec-
tive step time is reduced from 20.476s to 10.971s,
corresponding to an approximately 46% reduction.
This shows that a substantial portion of CM cost
can be hidden through execution overlap.

Method Step Time (s)  Relative Cost
ReAct (raw) 9.457 1.00x
ARC (sequential) 20.476 2.17x
ARC (overlapped) 10.971 1.16x

Table 5: Runtime overhead under identical inference
settings. For ARC, we report both a fully sequential
implementation and an overlapped implementation that
partially parallelizes actor inference and context man-
agement.

Beyond runtime, ARC also improves efficiency in
how computation is utilized. By operating on com-
pact structured memory rather than raw trajectories,

ARC slows context growth relative to raw-history
accumulation and makes better use of additional
interaction steps by revising maintained context
instead of repeatedly exploring unproductive direc-
tions.

These complementary gains suggest that ARC does
not simply add computation on top of standard
agent execution, but reallocates computation to-
ward maintaining a compact, semantically faithful,
and task-aligned working context. Additional anal-
yses of token efficiency and interaction efficiency
are provided in Appendix C.

5 Conclusion

In this work, we study context management as
a central challenge in long-horizon information-
seeking agents. We argue that failures in deep
search often arise not only from reasoning limi-
tations, but also from how interaction history is
maintained and reused over time.

We propose ARC, an active and reflection-driven
framework that treats context as a revisable
execution-time internal state rather than a static
summary or append-only record. By combin-
ing always-on incremental memory construction
with selectively triggered reflection, ARC enables
agents to monitor, revise, and realign context dur-
ing execution. This process is decoupled from ac-
tion generation and implemented by a dedicated,
learnable Context Manager.

Across multiple long-horizon benchmarks, ARC
consistently improves over raw history accumula-
tion and passive summarization baselines. Further
experiments show that effective context manage-
ment is a learnable capability: a trained Context
Manager can outperform much larger untrained
models, while the efficiency analysis shows that
ARC improves context utilization and moderates
practical overhead through its decoupled design.
Taken together, our results suggest that context
management should be viewed as an active, first-
class component in agent design. By moving
beyond passive compression toward active and
reflection-driven state maintenance, ARC offers
a principled approach to supporting long-horizon
reasoning in information-seeking agents. More
broadly, improving agent performance over long
horizons may depend as much on how internal con-
text is maintained as on the raw reasoning strength
of the underlying model.
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Limitations

Despite its effectiveness, ARC has several limita-
tions.

First, ARC introduces an explicit context-
management component, which adds computa-
tional and system overhead relative to single-model
agent designs. Although this overhead can be par-
tially mitigated through execution overlap and com-
pact memory construction, active context monitor-
ing and revision still introduce extra cost that may
be undesirable in latency- or resource-constrained
settings.

Second, our evaluation focuses on long-horizon
information-seeking and search-based tasks. While
these settings capture a broad and practically im-
portant class of agent behaviors, the applicability
of reflection-driven context management to other
agentic scenarios remains to be explored.

Third, training the Context Manager relies on cu-
rated trajectories that exhibit desirable summariza-
tion and reflection behaviors. Although supervised
fine-tuning enables ARC to internalize effective
context-management strategies, constructing or fil-
tering such trajectories at scale may be costly and
may limit transfer to domains where high-quality
supervision is scarce. Exploring more data-efficient
or self-supervised training paradigms is an impor-
tant direction for future work.

We leave these directions for future research.
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Zhang, and Jun Xu. 2025b. Length-induced em-
bedding collapse in plm-based models. Preprint, A.l1 Training Objective

Xiv:2410.24200.
AR We treat the Context Manager (CM) as a learnable

module dedicated to active context management,
encompassing both incremental summarization and
reflection-driven context reorganization. The CM
is trained via supervised fine-tuning (SFT) to pre-
dict updated internal states—specifically, the inter-
action memory and checklist—conditioned on the
task query, the previous internal context state, and
the most recent interaction.

Formally, given a query ¢, a prior context state
Cy—1, and the latest interaction I; = (ry,as, 04),
the CM learns to produce an updated context state
C¢ = (memory,, checklist;). This formulation al-
lows the CM to internalize both routine summariza-
tion and reflection-driven repair behaviors within a
single forward pass, without direct access to future
actions or environment feedback. Importantly, the
CM is trained independently of action generation,
enabling context construction and revision to be
learned as a standalone capability rather than an
emergent byproduct of policy optimization.

A.2 Data Construction

Training data is constructed from agent trajecto-
ries collected across a diverse set of long-horizon,
information-seeking benchmarks, including 2Wiki-
MultiHopQA (Ho et al., 2020), Bamboogle (Press
et al., 2023), WebWalkerQA (Wu et al., 2025a),
MuSiQue (Trivedi et al., 2022), and the training
split of HotpotQA (Yang et al., 2018).

For each benchmark, we deploy agents in an iter-
ative search-and-reasoning setting to collect full
execution trajectories. Each trajectory consists of a
sequence of interactions I; = (7, at, 0;), together
with the corresponding interaction memory and
checklist states generated during execution. These
intermediate context states serve as supervision tar-
gets for training the CM to update internal context
representations step by step.

To ensure data quality, we filter out trajectories with
malformed context updates, invalid checklist transi-
tions, or unrecoverable execution failures. Only tra-
jectories exhibiting coherent incremental summa-
rization and valid reflection behavior are retained.
The resulting dataset provides dense supervision
for learning context construction, maintenance, and
repair in long-horizon information-seeking scenar-
ios. All trajectories are generated using an agent
with strong context management capabilities, ensur-
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ing coherent context updates and reliable reflection
behavior for supervision.

A.3 Training Setup

We initialize the Context Manager from Qwen3-
14B and fine-tune all model parameters using full-
parameter supervised fine-tuning. Training is con-
ducted on two nodes with a total of 16 NVIDIA
H100 GPUs. The specific training parameters are
shown in Table 6.

Setting Value

Max sequence length 16,000
Per-device batch size 2
Gradient accumulation 2

Learning rate 5x107°

LR scheduler Cosine with 10% warmup
Precision bfloat16

Parallelism Sequence parallelism (size = 2)

Memory optimization ~ DeepSpeed ZeRO-3

Table 6: Training configuration for the Context Man-
ager.

B Main Experiment Evaluation Settings

This appendix describes the evaluation settings
used in the main experiments.

All agents are evaluated in an information-seeking
environment equipped with two tools: search and
visit. The search tool is used to issue search
queries and retrieve candidate webpages, while the
visit tool allows the agent to inspect the content
of selected pages. Agents may invoke these tools
iteratively throughout execution.

To ensure a consistent and fair comparison across
methods, all agents operate under the same re-
source constraints. Specifically, the maximum
context window is limited to 32k tokens, and the
maximum number of interaction turns is capped
at 80 per episode. An episode terminates early if
the agent produces a confident final answer before
reaching the turn limit. When the maximum num-
ber of interaction turns is reached or the context
window limit is exceeded, the agent is forced to pro-
duce a final answer by consolidating the available
information.

All baselines and ARC variants share the same
tool interface, context budget, and termination cri-
teria. Differences in performance therefore reflect
variations in context management strategies rather
than disparities in tool access or computational re-
sources.

C Analysis
C.1 Interaction Efficiency

We analyze interaction efficiency by examining
how task accuracy evolves as the maximum num-
ber of allowed interaction steps increases. For each
method (ReAct, ReSum, and ARC), we progres-
sively relax the interaction step limit and measure
the corresponding task success rate.

28

N N
£ )

Accuracy
N
N

20 1
—8— ReAct
181 ReSum
- —&— ARC
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5 10 15 20 25 30 35 40
Max Turn

Figure 5: 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 5 plots task accuracy as a function of the
maximum allowed interaction turns. As the inter-
action budget increases, all methods benefit from
additional exploration, but their improvement pat-
terns differ substantially.

ReAct exhibits steady but limited gains, indicating
that simply accumulating raw interaction history
does not effectively translate additional steps into
better decisions. ReSum improves more rapidly
at early stages, but its performance plateaus as
static summaries begin to absorb unproductive ex-
ploration and early errors.

In contrast, ARC consistently achieves higher accu-
racy across all interaction budgets and continues to
improve as more turns are allowed. This suggests
that ARC is more effective at converting additional
interaction steps into useful progress. By actively
revising its interaction memory through reflection,
ARC prevents repeated exploration of unproductive
paths and redirects search more efficiently. As a re-
sult, ARC reaches stronger performance with fewer
wasted interactions, demonstrating superior interac-
tion efficiency in long-horizon information-seeking
settings.
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C.2 Token Efficiency

We analyze token efficiency by tracking how con-
text token usage grows as interaction length in-
creases. All results are reported using the average
interaction length observed on the BrowseComp
benchmark, which reflects realistic long-horizon
information-seeking trajectories.

60000 -

—e— Raw Interaction History
ARC

50000 -

Context Tokens
N w »
=) o )
1) o o
=) o o
) ) )

10000 -

123456 7 8 91011121314151617181920
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Figure 6: 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 6 compares ARC with a baseline that ap-
pends the raw interaction history at each turn. As
interaction length increases, raw history concatena-
tion exhibits near-linear growth in context tokens,
quickly exhausting the available context budget.
In contrast, ARC maintains a compact interaction
memory whose token usage grows slowly and sta-
bilizes over time.

This gap arises because ARC incrementally sum-
marizes interactions and actively reorganizes its
internal memory, preventing redundant or uninfor-
mative content from accumulating. By contrast,
raw history concatenation preserves all intermedi-
ate reasoning, actions, and observations, including
failed attempts and repeated patterns, leading to
rapid context inflation.

These results demonstrate that ARC not only im-
proves reasoning robustness, but also substantially
reduces cumulative context usage. By actively man-
aging context as a dynamic internal state rather than
an append-only history, ARC enables long-horizon
interaction under fixed context budgets, making it
more practical for real-world information-seeking
settings.

Taken together, the interaction and token efficiency
analyses reveal a consistent pattern: effective long-

horizon reasoning depends not only on how much
interaction budget or context is available, but also
on how actively the internal state is managed. ARC
achieves stronger performance with fewer redun-
dant interactions and substantially lower context
usage by continuously summarizing and revising
its maintained context.

D Case Study

To qualitatively illustrate how ARC manages long-
horizon context, we present a representative case
study in which reflection repairs an overly anchored
search trajectory.

In the provided case, the model becomes trapped
in a local search loop centered on "Susunu! Denpa
Shonen". This failure arises because the check-
list prematurely elevates the cue “an Asian man
being exploited for three months” to a dominant
constraint, causing subsequent reasoning steps to
focus on validating a single candidate rather than
reassessing alternative explanations.

During reflection, the checklist is treated as an
editable execution-time state rather than a fixed
plan. Revision is triggered when the agent detects
confirmation-driven behavior, such as repeatedly
searching for evidence that reinforces the same hy-
pothesis without resolving key inconsistencies.

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

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
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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 Shonen’ (also known as *The
Denpa Shonen’ 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 Shonen’ 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]
[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 Shonen 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-
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
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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 Shonen 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 Shonen 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-
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.
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