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Abstract

Large Language Model (LLM) agents strug-
gle with ultra-long-horizon tasks requiring hun-
dreds or thousands of interaction steps. Tra-
ditional context management approaches face
a fundamental dilemma: preserving complete
histories rapidly exhausts context windows and
forces crude truncation, while aggressive sum-
marization discards critical information prema-
turely. We propose Predictive Adaptive Con-
text Extraction (PACE), a novel framework
that reconceptualizes context management as
a Next Step Prediction problem. Inspired by
neural attention, PACE dynamically constructs
context by adjusting historical memory granu-
larity based on its predicted relevance for the
next action. Comprehensive evaluation across
diverse benchmarks and models demonstrates
that PACE consistently improves task success
rates, with larger gains on complex tasks and
robust cross-lingual performance. Crucially,
PACE enables agents to sustain effective rea-
soning for 4,897 interaction steps in ultra-long-
horizon scenarios, achieving a 66.2× improve-
ment over the full-context ReAct baseline and
5.1× over advanced folding baselines. This
fundamentally advances the capability of LLM-
based agents in previously intractable long-
horizon scenarios.

1 Introduction

The deployment of Large Language Models
(LLMs) as autonomous agents has revolutionized
how AI systems tackle complex, multi-step tasks
across diverse domains (Wei et al., 2022; Yao et al.,
2022; Schick et al., 2023; Chowdhery et al., 2023;
Wu et al., 2023; Xi et al., 2023). These agent sys-
tems demonstrate remarkable capabilities in reason-
ing, tool use, and decision-making by maintaining
context across extended interactions (Shinn et al.,
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2023; Sun et al., 2025; Ye et al., 2025; Li et al.,
2023; Xie et al., 2023; Yang et al., 2025).

However, as task complexity and interaction
length increase, a fundamental challenge emerges:
the effective management of growing conversa-
tional context within the constraints of finite con-
text windows. This limitation becomes increas-
ingly severe in long-horizon tasks that may span
hundreds or even thousands of interaction steps,
where even models with extended context windows
struggle to maintain decision quality as the his-
tory accumulates (Gajjar et al., 2025; Zhang et al.,
2024b). Traditional approaches to context man-
agement in agent systems face significant limita-
tions. ReAct-style methods (Yao et al., 2022; Bel-
cak et al., 2025), by preserving complete interac-
tion histories, introduce high levels of redundancy
that quickly exhaust the context window, forcing a
crude truncation of older, potentially vital informa-
tion. Step-wise summarization approaches (Jiang
et al., 2023; Xiao et al., 2023) compress history
at each step but often discard relevant informa-
tion prematurely (Chhikara et al., 2025). While
recent methods such as AgentFold have introduced
specialized folding mechanisms, their utility is of-
ten tied to fine-tuning the agent to generate ex-
plicit ‘fold‘ instructions. This approach intertwines
the primary task-solving process with a secondary,
learned meta-cognitive skill of memory manage-
ment, which can limit the model’s applicability and
general-purpose reasoning capabilities (Li et al.,
2025b). This dependency, alongside existing con-
text management issues, becomes particularly prob-
lematic in ultra-long-horizon scenarios (Mei et al.,
2025). In such cases, agents may lose track of
critical information from earlier steps, fail to syn-
thesize insights across distant interactions, or be-
come overwhelmed by irrelevant details that dilute
decision-making quality (Liu et al., 2024). Criti-
cally, this context management problem represents
a fundamental bottleneck in scaling agent capabil-
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Figure 1: An overview of our PACE framework.

ities, as even with modern long-context models,
the quadratic attention complexity and information
density challenges limit practical deployment.

To address this critical challenge, we reconcep-
tualize context management by drawing an analogy
to the attention mechanisms in neural architectures
(Vaswani et al., 2017). Inspired by how Trans-
former models dynamically weight input tokens
to predict the next token, our framework reformu-
lates historical context selection as a Next Step
Prediction problem. We conceptualize historical in-
teraction chunks as elements in an external memory
store and compute relevance scores for each chunk
with respect to the next-step decision (Besta et al.,
2024; Chan et al., 2023). Unlike static summariza-
tion or fixed-window approaches, our method dy-
namically modulates the granularity of historical in-
formation—ranging from full detail to mere place-
holders—based on its predicted utility for the up-
coming action. This paradigm shift enables agents
to construct context windows that are both compact
and maximally informative, adapting fluidly as task
requirements evolve. Crucially, this is achieved
by implementing an adaptive pressure mechanism,
which automatically adjusts compression intensity
as the interaction history grows, thereby enabling
the agent to maintain effective reasoning capabili-
ties across extended horizons. Motivated by these
considerations, we propose Predictive Adaptive
Context Extraction (PACE), a novel framework for
dynamic context management in LLM-based agent
systems. PACE operationalizes the Next Step Pre-
diction paradigm through a lightweight, vectorized

attention scorer that predicts the relevance of each
historical interaction chunk. This score, in turn,
guides the dynamic extraction and assembly of a
hierarchically structured context that balances de-
tail preservation with computational efficiency. By
leveraging multi-granularity representations of his-
tory and pressure-adaptive thresholds, PACE con-
structs contexts that are simultaneously concise and
comprehensively informative, enabling effective
scaling to thousands of interaction steps.

The contributions of this work are summarized
as follows:

• We introduce PACE, a novel framework that
reframes context management as a Next Step
Prediction problem, dynamically construct-
ing context through vectorized attention and
pressure-adaptive compression based on pre-
dicted relevance for the immediate next ac-
tion.

• We demonstrate comprehensive improve-
ments across six diverse benchmarks and four
models of varying scales, including state-of-
the-art web agents. PACE achieves larger
gains on complex tasks compared to simpler
ones, while maintaining robust performance
across languages and domains.

• We significantly extend agent operational
longevity, achieving 4,897 interaction steps
in ultra-long-horizon scenarios, representing a
66.2× improvement over the full-context Re-
Act baseline and 5.1× over advanced folding
baselines.
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2 Related Work

2.1 Web Agent Systems

LLM-based web agents represent a powerful
paradigm for automating complex web interactions,
spanning tasks from information retrieval to au-
tonomous navigation (Hu et al., 2025b). Recent
advancements have focused on enhancing agent
autonomy and adaptability. This includes lever-
aging self-supervised reinforcement learning for
dynamic web environments (Qi et al., 2025), de-
veloping co-evolving world models for iterative
self-improvement (Fang et al., 2025), and special-
izing agents for high-stakes domains (Liu et al.,
2025a).

Despite advancing core reasoning and tool-use
capabilities, the efficacy of these agents in long-
horizon scenarios is fundamentally constrained by
the need for robust context management. Our work,
Predictive Adaptive Context Extraction (PACE),
directly addresses this foundational bottleneck by
providing a dynamic mechanism to sustain agent
performance across extended interactions.

2.2 Context Management in LLM Agents

Effective context management is pivotal for LLM
agents, as decision quality degrades with increas-
ing interaction history. While traditional fixed-
window truncation is inadequate for ultra-long-
horizon tasks (Xu et al., 2024), recent work has
formalized context engineering as a critical disci-
pline (Mei et al., 2025), categorized memory ar-
chitectures (Zhang et al., 2025b), and developed
benchmarks like MemBench (Tan et al., 2025). Ad-
ditional approaches include long-context alignment
(Bai et al., 2024), training-time data sculpting (Lu
et al., 2024), and multi-agent collaboration (Zhang
et al., 2024a).

Innovative compression mechanisms have
emerged, including AgentFold (Ye et al., 2025),
Context-Folding (Sun et al., 2025), hierarchical
memory management (Hu et al., 2025a), attention
biasing (Zhu et al., 2025; Kang et al., 2025), and
treating memory as action (Zhang et al., 2025a; Liu
et al., 2025b). These methods dynamically consoli-
date past interactions through procedural rules or
learned policies. PACE distinguishes itself through
a predictive attention mechanism that scores each
historical chunk’s relevance for the immediate next
step, combined with pressure-adaptive compres-
sion that fluidly adjusts granularity. This enables
efficient scaling to ultra-long-horizon tasks where

policy-based methods may falter.

3 Methodology

In this section, we present the Predictive Adap-
tive Context Extraction framework for dynamic
context management in long-horizon agent tasks,
as shown in Figure 1. We formalize the problem
setup, detail our system architecture with multi-
granularity memory representation, explain the pre-
dictive attention mechanism with pressure-adaptive
compression, and describe the implementation de-
tails.

3.1 Problem Formulation

Consider an agent executing a complex task requir-
ing T interaction steps. At each step t, the agent
observes state ot and selects action at. The com-
plete interaction history is:

Ht = {(a1, o1), (a2, o2), . . . , (at−1, ot−1)} (1)

Traditional agents condition actions on the full his-
tory, i.e., at = π(ot,Ht), but this becomes compu-
tationally prohibitive as t grows. Moreover, pre-
serving complete history introduces information
overload that can degrade decision quality, partic-
ularly as distant interactions dilute attention from
critical recent context.

The goal is to construct a compressed context Ct
fromHt that satisfies |Ct| ≪ |Ht| while enhancing
decision quality by filtering noise and emphasizing
relevant information:

Performance(π(ot, Ct)) ≥ Performance(π(ot,Ht))
(2)

PACE addresses this as a predictive attention prob-
lem, predicting which historical chunks are most
relevant for the next action at and dynamically ad-
justing their granularity to construct contexts that
are both compact and more informative than unfil-
tered complete history.

3.2 System Architecture and
Multi-Granularity Memory

PACE’s architecture comprises five coordinated
components. The Main Agent is the core decision-
maker, receiving the dynamically constructed con-
text Ct to generate actions using a state-of-the-art
LLM. The External Memory Store (M) main-
tains the complete interaction history: Mt =
{Chunk1, . . . ,Chunkt−1}. The Representation
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Generator utilizes a LLM (e.g., Gemini 2.5 Flash-
Lite) to asynchronously produce multi-level sum-
maries for each chunk, avoiding blockage of the
main agent loop. The Attention Scorer employs
a locally-hosted dense retrieval model (e.g., BGE-
M3) to predict chunk relevance via semantic sim-
ilarity. Finally, the Context Builder synthesizes
relevance scores with adaptive compression poli-
cies to assemble Ct within token budget constraints.

Each interaction chunk maintains four represen-
tations at different granularity levels:

Chunki = {idi, typei, ti, R(i)
full, R

(i)
detailed,

R
(i)
brief, R

(i)
ph , ki}

(3)

where ki is the pre-computed key embedding.
The representations range from complete content
(Rfull), a comprehensive summary (Rdetailed), a con-
cise 1-2 sentence summary (Rbrief), to a minimal
placeholder (Rph). These multiple granularity lev-
els enable flexible compression adapting to varying
relevance scores.

3.3 Predictive Attention with Adaptive
Compression

PACE’s core innovation treats historical context
selection as a next-step prediction problem. Let N
denote the number of recent chunks preserved in
full detail (we set N = 2). Given the user’s query
Q and the most recent N chunks, we construct their
concatenation Rt = Q ⊕⊕t−1

j=t−N R
(j)
full. We en-

code both the query and historical chunks using an
embedding model, which produces dense vectors:

qt = Enc(Truncate(Rt, Lmax))

ki = Enc(Truncate(R(i)
full, Lmax))

(4)

where Lmax is the encoder’s maximum input
length, and ki is the key embedding for each histor-
ical chunk Chunki where i ≤ t−N −1. This sym-
metric truncation strategy ensures both queries and
keys fully utilize the encoder’s capacity while main-
taining balanced semantic representation. Key em-
beddings are computed once at chunk creation time
and cached, enabling efficient retrieval even before
detailed summaries are generated asynchronously.
The summaries (Rdetailed, Rbrief) are used solely for
multi-granularity presentation in the final context.

Let M = t−N−1 denote the number of chunks
requiring scoring. Raw similarity scores are com-
puted via cosine similarity: si = cos(qt,ki). We
then apply softmax with low temperature τ = 0.3

to sharpen the distribution, accentuating relevant
chunks while suppressing irrelevant ones:

wi =
exp(si/τ)∑M
j=1 exp(sj/τ)

(5)

To enable adaptive thresholding, we compute rel-
ative weights: w̃i = M · wi. A relative weight
w̃i > 1 indicates above-average relevance. With
low temperature τ , the softmax becomes highly
peaked, concentrating weight on top-ranked chunks
while driving most w̃i values well below 1, natu-
rally facilitating intensified compression.

Pressure-Adaptive Thresholds. A key PACE
feature is adapting compression intensity based on
interaction state. We define "compression pressure"
Pt ∈ [0, 1] reflecting both task progression and
context budget utilization:

Pt = max

(
t

Tmax
,
|Ct−1|
Bmax

)
(6)

where Tmax is the expected maximum task length,
Bmax is the token budget (set to 128K), and |Ct−1|
denotes the previous context’s token count. In prac-
tice, Tmax is set to the 95th percentile of observed
task lengths in each benchmark’s validation set,
providing a robust estimate without requiring pre-
cise horizon knowledge. We initialize |C0| as the
system prompt plus query length, ensuring well-
defined initial conditions and avoiding circular de-
pendency.

Base thresholds (α0, β0, γ0) = (0.4, 0.8, 1.5)
are adjusted dynamically: αt = α0 · (1 + λPt),
and similarly for βt and γt, where λ = 0.5 controls
adaptation rate. As pressure Pt increases, thresh-
olds rise proportionally, making it progressively
harder for chunks to qualify for detailed represen-
tations. This pushes more chunks toward brief
summaries or placeholders, intensifying compres-
sion automatically as context accumulates. The
adjusted relative weight w̃i determines the repre-
sentation level:

Select(Chunki) =





R
(i)
full if w̃i > γt

R
(i)
detailed if βt < w̃i ≤ γt

R
(i)
brief if αt < w̃i ≤ βt

R
(i)
ph if w̃i ≤ αt

(7)
The final context is assembled as:

Ct = Sys⊕Q⊕
(

M⊕

i=1

Seli

)
⊕




t−1⊕

j=t−N

R
(j)
full




(8)
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where Sys denotes the system prompt and Seli =
Select(Chunki).

3.4 Implementation Details

Glimpse Mechanism. To mitigate potential scorer
errors, PACE includes a glimpse tool allowing
the agent to explicitly request full details of any
over-compressed chunk. The agent can invoke
glimpse(i)→ R

(i)
full when encountering insufficient

information. To maintain bounded context growth,
we limit glimpse requests to at most 3 per step, with
retrieved content included in the next step’s token
budget. This provides a crucial fallback mechanism
while preserving efficiency.

Embedding and Summary Generation. We
deploy BGE-M3 locally for vectorized attention
computation, with key embeddings computed once
at chunk creation and cached, enabling O(M) dot-
product operations. BGE-M3 is a multilingual
dense retrieval model that natively supports both
English and Chinese, enabling cross-lingual ro-
bustness without additional fine-tuning. Summary
generation runs in background threads; if unavail-
able when needed, the system falls back to either
Rfull or Rph based on budget constraints. The asyn-
chronous architecture ensures that the main agent
loop is never blocked waiting for summary gen-
eration, maintaining system responsiveness even
under heavy load.

Computational Complexity. At each step t,
PACE performs O(M) dot-product operations for
attention scoring, where M = t − N − 1 is the
number of historical chunks. The softmax computa-
tion and threshold-based selection are also O(M).
Context assembly involves simple concatenation
operations. The overall per-step complexity is lin-
ear in the history length, making PACE highly scal-
able compared to quadratic attention mechanisms
in transformers.

The complete workflow is summarized in Algo-
rithm 1.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate PACE on six diverse
benchmarks: BrowseComp (Wei et al., 2025)
and its Chinese variant BrowseComp-ZH (Zhou
et al., 2025) for compositional web browsing tasks;
WideSearch (Wong et al., 2025) for broad-scope
web exploration; GAIA (Mialon et al., 2023) for
general AI assistant tasks requiring real-world

Algorithm 1 Predictive Adaptive Context Extrac-
tion (Single Step)

Require: Memory Mt−1, observation ot, query
Q, recent count N

Ensure: Action at, updated memoryMt

1: qt ← Enc(Q⊕R
(t−N :t−1)
full )

2: M ← t−N − 1
3: Retrieve cached {ki}Mi=1 fromMt−1

4: si ← cos(qt,ki) for all i ∈ {1, . . . ,M}
5: wi ← softmax(si/τ)
6: w̃i ←M · wi

7: Pt ← max(t/Tmax, |Ct−1|/Bmax)
8: (αt, βt, γt)← AdaptThresh(Pt)
9: R∗

i ← Select(Chunki, w̃i, αt, βt, γt) for all i
10: Ct ← Assemble(Q, {R∗

i }, R
(t−N :t−1)
full )

11: at ← π(ot, Ct) {Agent may use glimpse tool}
12: ot+1 ← Env(at)
13: Create Chunkt with kt = Enc(Trunc(R(t)

full))
14: Enqueue async summary generation for

Chunkt
15: Mt ←Mt−1 ∪ {Chunkt}
16: return at,Mt

reasoning; xbench-DeepResearch (Chen et al.,
2025) for deep research capabilities; and WebWalk-
erQA (Wu et al., 2025) for web navigation ques-
tion answering. These benchmarks span varying
interaction lengths and task complexities, making
them ideal for evaluating long-horizon context man-
agement. Detailed evaluation protocols for each
benchmark are provided in Appendix E.

Models. We evaluate four LLMs across different
scales. At the medium scale (30-32B parameters),
we select WebSailor-32B (Li et al., 2025a), an open-
source agentic model specialized in complex web
navigation, and tongyi-deepresearch-30B (Team
et al., 2025), the current sota open-source model on
web agent tasks with particular strengths in deep
research and agent reasoning. For large-scale mod-
els, we select DeepSeek-V3.1-671B (DeepSeek-AI
et al., 2025) and Claude-4-Sonnet (Team, 2025),
which represent leading large-scale LLMs. Deploy-
ment details are described in Appendix A.

Baselines. We compare against three context
management strategies: (1) ReAct Agent (Yao
et al., 2022), which preserves complete interac-
tion histories; (2) Summary Agent (Wu et al.,
2026), which generates cumulative summaries at
each step; and (3) Folding Agent (Ye et al., 2025;
Sun et al., 2025), which employs adaptive folding
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Method BrowseComp BrowseComp-ZH WideSearch GAIA xbench-DR WebWalkerQA

WebSailor-32B
ReAct Agent 7.3 20.7 43.2 46.7 58.0 52.3
Summary Agent 10.5 25.5 47.6 53.5 63.0 57.8
Folding Agent 11.3 26.8 49.5 55.1 65.0 60.2
PACE (Ours) 13.2 29.3 52.8 59.1 68.0 63.5

DeepSeek-V3.1-671B
ReAct Agent 25.8 44.3 54.8 58.3 66.0 56.4
Summary Agent 30.0 49.2 59.3 63.0 71.0 61.2
Folding Agent 31.6 50.9 61.2 65.4 73.0 62.8
PACE (Ours) 35.1 54.8 65.7 69.3 74.0 66.5

tongyi-deepresearch-30B
ReAct Agent 38.2 41.6 52.7 64.6 69.0 66.8
Summary Agent 43.4 46.7 57.8 70.1 75.0 72.2
Folding Agent 44.8 47.2 60.1 72.4 77.0 74.6
PACE (Ours) 47.6 51.2 64.2 74.0 81.0 78.1

Claude-4-Sonnet
ReAct Agent 11.4 27.2 58.4 65.2 62.0 57.9
Summary Agent 12.2 29.1 62.0 68.5 65.0 61.7
Folding Agent 14.5 28.3 64.0 70.1 69.0 60.9
PACE (Ours) 17.8 32.6 67.0 76.4 72.0 65.8

Table 1: Performance comparison of context management methods across six benchmarks. xbench-DR denotes
xbench-DeepResearch. The best scores are bolded.

mechanisms for selective compression. To ensure
fair comparison, all methods use the same summa-
rization model (Gemini 2.5 Flash-Lite) and token
budgets across experiments.

4.2 Main Results

Table 1 summarizes our findings, which highlight
three key advantages of the PACE framework.

PACE Redefines the State-of-the-Art in Con-
text Management. PACE decisively outperforms
the full spectrum of baselines, from naive full-
history methods to sophisticated folding agents.
This superiority is exemplified on the challenging
xbench-DeepResearch benchmark, where tongyi-
deepresearch-30B equipped with PACE achieves an
81.0% success rate—a significant +4.0 percentage
point gain over the strong Folding Agent baseline.
This establishes our predictive attention mechanism
as a more effective and generalizable solution.

PACE Unlocks the Latent Potential of Power-
ful LLMs. The framework creates a powerful syn-
ergy with capable models by removing the context
bottleneck that often throttles their performance.
This is starkly illustrated with Claude-4-Sonnet on
the GAIA benchmark, where its success rate leaps
to 76.4%—a remarkable +6.3 percentage point in-
crease over the Folding Agent. This demonstrates

that PACE enables models to operate closer to their
true reasoning potential.

PACE Demonstrates Exceptional Cross-
Lingual and Cross-Domain Robustness. The
framework’s generalizability is confirmed by its
consistent high performance across diverse set-
tings. It delivers comparable gains on both English
(BrowseComp) and Chinese (BrowseComp-ZH)
benchmarks and proves effective across the full
spectrum of tested domains, from web navigation
to deep research. This establishes PACE as a fun-
damental architectural improvement rather than a
narrow, domain-specific solution.

4.3 Ablation Study

To understand the contribution of individual com-
ponents within PACE, we conduct ablation experi-
ments on tongyi-deepresearch-30B by selectively
removing key mechanisms: (1) multi-granularity
representations, retaining only full content and
placeholders; (2) pressure-adaptive thresholds, us-
ing fixed values throughout execution; (3) low-
temperature softmax, reverting to standard tem-
perature τ = 1.0; and (4) the glimpse mechanism,
disabling on-demand detail retrieval.

As shown in Table 2, removing multi-granularity
representations causes the most severe performance
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Configuration BrowseComp BrowseComp-ZH WideSearch GAIA

PACE (Full) 47.6 51.2 64.2 74.0
w/o Multi-gran. 42.3 45.5 55.9 68.5
w/o Pressure 43.9 46.4 58.4 70.9
w/o Softmax 43.1 46.0 56.7 69.3
w/o Glimpse 44.2 47.5 59.3 71.7

ReAct Agent 38.2 41.6 52.7 64.6
Summary Agent 43.4 46.7 57.8 70.1
Folding Agent 44.8 47.2 60.1 72.4

Table 2: Ablation study showing the contribution of
each PACE component. ReAct Agent, Summary Agent,
and Folding Agent baselines are included for reference.

degradation (5.3–8.3% across datasets), falling be-
low both Folding Agent and Summary Agent base-
lines and approaching the performance level of Re-
Act Agent. This confirms that flexible detail levels
are the cornerstone of PACE’s effectiveness. Re-
moving the low-temperature softmax also results
in substantial degradation (4.7–7.5%), falling be-
low both Summary Agent and Folding Agent on
most benchmarks, which demonstrates that sharp-
ening the attention distribution is critical for accu-
rately identifying relevant historical chunks. The
pressure-adaptive mechanism yields moderate per-
formance drops, with the ablated variant perform-
ing comparably to Summary Agent but below Fold-
ing Agent. Notably, w/o Pressure falls below
Summary Agent on BrowseComp-ZH (46.4% vs
46.7%), suggesting that adaptive compression be-
comes particularly important for certain task char-
acteristics. The glimpse mechanism provides the
smallest but consistent contribution (2.3–4.9%),
with the ablated variant still outperforming Sum-
mary Agent but falling short of Folding Agent on
most benchmarks. The full PACE system consis-
tently outperforms all ablated variants and all base-
lines, demonstrating that these components work
synergistically to achieve optimal performance that
surpasses even the sophisticated Folding Agent ap-
proach.

4.4 Context Growth Analysis
To quantify PACE’s efficiency in managing context
accumulation, we analyze token usage dynamics
across interaction steps on GAIA Level 3 tasks,
which frequently require extended execution hori-
zons. Figure 2 compares the context growth pat-
terns of ReAct, Summary Agent, and PACE under
a 128K token budget.

ReAct exhibits near-linear growth as it preserves
complete interaction history, rapidly exhausting the
128K budget and forcing termination at step 39.
Summary Agent mitigates this through cumulative

Figure 2: Context token usage over interaction steps on
GAIA Level 3 tasks (128K budget).

summarization, extending viable execution to step
131—a 3.4× improvement over ReAct. However,
its compression strategy remains fundamentally
linear, inevitably reaching the budget ceiling.

In contrast, PACE demonstrates fundamentally
different dynamics. During the first 20 steps, con-
text grows approximately linearly, reaching 27.1K
tokens. Beyond this point, the pressure-adaptive
mechanism effectively bounds growth, with con-
text size exhibiting fluctuations while maintaining
a gradual upward trend as the system dynamically
balances information retention against budget con-
straints.

Notably, PACE’s context usage at step 200
(45.1K) remains comparable to step 20 (27.1K),
representing only a 1.7× increase despite a 10×
growth in interaction length. At step 39 (ReAct’s
termination point), PACE uses 28.5K tokens com-
pared to ReAct’s 128K—a 78% reduction. At step
131 (Summary Agent’s termination point), PACE
maintains 48.0K tokens versus Summary Agent’s
128K—a 63% reduction. This bounded growth di-
rectly enables the performance gains observed in
Table 1: while baselines reach their context lim-
its and are forced to perform crude truncation that
permanently discards information from distant in-
teractions, leading to degraded performance, PACE
sustains effective reasoning across the full task hori-
zon, translating context efficiency into higher task
completion rates.

4.5 Performance vs. Task Complexity

To assess robustness under increasing task diffi-
culty, we analyze GAIA’s three-level difficulty hi-
erarchy and compare success rates across meth-
ods. Level 1 tasks are simple problems requiring
minimal reasoning and tool use, Level 2 tasks de-
mand moderate multi-step reasoning with increased
complexity, and Level 3 tasks involve highly com-
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Model Method Level 1 Level 2 Level 3

tongyi-deepresearch-30B

ReAct Agent 83.3 57.6 42.1
Summary Agent 85.7 65.2 47.4
Folding Agent 85.7 68.2 52.6
PACE (Ours) 88.1 68.2 57.9

Claude-4-Sonnet

ReAct Agent 83.3 59.1 42.1
Summary Agent 83.3 63.6 47.4
Folding Agent 85.7 63.6 52.6
PACE (Ours) 88.1 71.2 63.2

Table 3: Success Rate (%) across GAIA difficulty levels.
PACE’s advantage grows substantially with task com-
plexity.

plex long-horizon problems requiring sophisticated
planning and multi-tool coordination.

As shown in Table 3, all methods perform com-
parably on simpler Level 1 tasks where context
management is less critical, with differences within
5 percentage points. However, the performance
gap widens dramatically with increasing complex-
ity. On Level 2 tasks, PACE with Claude-4-
Sonnet achieves 71.2%, a +12.1 point gain over
ReAct (59.1%) and +7.6 points over Folding Agent
(63.6%). The most striking results emerge on chal-
lenging Level 3 tasks: PACE enables Claude-4-
Sonnet to reach 63.2%, representing a +21.1 point
improvement over ReAct (42.1%) and +10.6 points
over Folding Agent (52.6%). This escalating ad-
vantage reflects PACE’s core strength: as task hori-
zons extend, traditional approaches suffer from ei-
ther context overflow (ReAct) or information loss
(Summary and Folding), while PACE’s pressure-
adaptive mechanism dynamically balances detail
preservation with compression efficiency.

4.6 Ultra-Long Horizon Stress Test

To rigorously probe the scaling limits of our frame-
work under realistic constraints, we designed an
ultra-long-horizon stress test. Standard bench-
marks do not naturally generate thousands of inter-
action steps, so we constructed a single “meta-task”
by concatenating all questions from GAIA’s Level
2 and Level 3 test sets. The agent, powered by
Gemini 2.5 Pro, was instructed to solve every ques-
tion sequentially within one continuous session.
We configured the agent with a 256K token context
window, defining failure as the point where this
limit was exceeded. This design forces the agent
to manage a vast and complex history spanning
dozens of distinct sub-tasks.

The results, depicted in Figure 3, reveal a stark
divergence in operational longevity. The standard
ReAct agent reached its context limit in a mere 74

Figure 3: Operational longevity comparison in the ultra-
long-horizon stress test (256K context budget).

steps, overwhelmed by the history of just a few sub-
tasks. The Summary Agent extended this to 233
steps but lost track of the overall task structure due
to non-selective compression. The more advanced
Folding Agent fared significantly better, reaching
954 steps before its context became unmanageable.

In stark contrast, PACE with its standard adap-
tive pressure (λ = 0.5) sustained operation for
2,776 steps—a 2.9× improvement in operational
longevity over the Folding Agent and a remark-
able 37.5× improvement over the full-context Re-
Act baseline. Even more remarkably, by increas-
ing the adaptation rate for aggressive compression
(λ = 1.0), PACE extended its operational horizon
to 4,897 steps, achieving a 5.1× improvement over
Folding Agent and an exceptional 66.2× improve-
ment over ReAct. This result powerfully demon-
strates that PACE’s predictive, pressure-adaptive
mechanism is critical for navigating ultra-long-
horizon tasks, enabling agents to maintain coher-
ent reasoning over thousands of interaction steps
within a finite, albeit large, context window.

5 Conclusion

We presented PACE, a framework that addresses
context management in long-horizon agent tasks
by reframing it as a Next Step Prediction problem.
PACE dynamically constructs compact, informa-
tive contexts using lightweight attention scoring
and pressure-adaptive compression. Extensive eval-
uations demonstrate substantial performance gains
across diverse domains and model scales, while
extending operational longevity to 4,897 steps—a
66.2× improvement over the full-context ReAct
baseline. This work fundamentally extends the ca-
pability of LLM-based agents in ultra-long-horizon
scenarios that were previously intractable.
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Limitations

While PACE demonstrates strong performance, sev-
eral limitations warrant consideration. First, our
attention scorer relies on semantic similarity as
a proxy for relevance, which may not fully cap-
ture task-specific dependencies or causal relation-
ships between historical steps. Second, the multi-
granularity representations are generated by a fixed
summarization model; learning task-adaptive com-
pression strategies could further improve informa-
tion retention.

Ethical considerations

Our research focuses on improving context man-
agement for LLM-based agents and does not in-
volve the collection of personal data or human
subjects. All experiments were conducted us-
ing publicly available benchmarks (BrowseComp,
BrowseComp-ZH, WideSearch, GAIA, xbench-
DeepResearch, and WebWalkerQA) in accordance
with their respective licenses and intended usage
guidelines. Artifacts restricting modification or
commercial use were excluded to comply with in-
tellectual property rights. We explicitly defined
the intended use for the artifacts we created and
verified compatibility with original access condi-
tions. The agent systems evaluated interact only
with public web content and do not access private
or sensitive information.
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Appendix

A Computational Environment

All open-source LLMs (WebSailor-32B and tongyi-
deepresearch-30B) were deployed on a cluster fea-
turing 4 NVIDIA A100 GPUs (80GB), utilizing the
VLLM framework (Kwon, 2025) for efficient infer-
ence. DeepSeek-V3.1-671B and Claude-4-Sonnet
were accessed through their official APIs provided
by DeepSeek AI and Anthropic, respectively.

B Latency Analysis

To evaluate the computational efficiency of PACE,
we analyzed per-step latency across 1,000 trajec-
tories sampled from the BrowseComp benchmark.
Table 4 reports the average time required to pro-
cess each interaction step, measured from receiving
the environment observation to generating the next
action.

Method Avg. Latency (s/step)

ReAct Agent 47.63
Summary Agent 56.71
PACE (Ours) 48.08

Table 4: Per-step latency comparison on BrowseComp.

The ReAct Agent serves as the baseline with
47.63 seconds per step. The Summary Agent incurs
substantial additional overhead (56.71 seconds per
step, a 19.1% increase) due to synchronous summa-
rization at each step, where the agent must wait for
the summary model to process the complete history
before proceeding.

PACE achieves competitive efficiency at 48.08
seconds per step—only 0.9% slower than ReAct
while providing significantly better context man-
agement. Although PACE introduces a minimal
overhead for (1) encoding the current query and
recent context into a query vector using BGE-M3,
and (2) performing t − 1 cached dot-product op-
erations to compute relevance scores, this cost is
negligible compared to the main agent inference
time. Crucially, PACE’s asynchronous architec-
ture ensures that summary generation for histori-
cal chunks occurs in background threads and does
not block the main agent loop. This design al-
lows PACE to maintain near-baseline latency while
constructing dynamically optimized contexts, in
stark contrast to Summary Agent’s synchronous
approach which adds nearly 10 seconds per step.

The modest 0.45-second overhead represents an
excellent trade-off given PACE’s substantial perfor-
mance gains reported in Table 1.

C Hyperparameter Analysis

PACE introduces four key hyperparameters that
govern the adaptive context extraction process: the
base thresholds α0, β0, and γ0 that determine rep-
resentation granularity levels, and the adaptation
rate λ that controls how aggressively compression
intensifies under pressure. In this section, we sys-
tematically analyze the impact of these hyperpa-
rameters on performance across all six benchmarks
to validate our default settings and provide insights
into the framework’s robustness.

C.1 Base Threshold Analysis

The base thresholds (α0, β0, γ0) define the bound-
aries for selecting representation levels when com-
pression pressure is zero. Recall from Section 3
that these thresholds are applied to the relative at-
tention weights w̃i = M · wi to determine whether
each historical chunk receives full detail (w̃i > γ0),
detailed summary (β0 < w̃i ≤ γ0), brief summary
(α0 < w̃i ≤ β0), or placeholder (w̃i ≤ α0).

We conduct a grid search over threshold con-
figurations while fixing λ = 0.5 and evaluate
performance on tongyi-deepresearch-30B. Table 5
presents results for representative configurations
that maintain the ordering α0 < β0 < γ0.

Several observations emerge from this analy-
sis. First, the default configuration (0.4, 0.8, 1.5)
achieves the best or near-best performance across
all benchmarks, validating its selection. Second,
thresholds that are too conservative (low values
like 0.3, 0.6, 1.2) fail to compress sufficiently, lead-
ing to context overflow in longer tasks. Con-
versely, overly aggressive thresholds (high val-
ues like 0.6, 1.0, 1.9) discard too much informa-
tion prematurely, particularly hurting performance
on complex benchmarks like GAIA and xbench-
DeepResearch where detailed historical context
is crucial. Third, the relative spacing between
thresholds matters: configurations that compress
the range (e.g., 0.4, 0.7, 1.5) perform worse than
those with balanced separation, suggesting that
maintaining distinct granularity levels is important
for flexible compression.

The performance degradation from suboptimal
thresholds is moderate (typically 2-4 percentage
points), indicating reasonable robustness. However,
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α0 β0 γ0 BrowseComp BrowseComp-ZH WideSearch GAIA xbench-DR WebWalkerQA

0.3 0.6 1.2 42.1 45.8 58.3 70.1 77.0 73.2
0.3 0.7 1.3 44.9 48.1 61.5 72.4 78.0 75.0
0.4 0.8 1.5 47.6 51.2 64.2 74.0 81.0 78.1
0.5 0.9 1.7 45.3 48.6 61.8 72.4 79.0 75.4
0.6 1.0 1.9 43.5 46.3 59.1 70.9 77.0 73.8

0.4 0.7 1.5 44.2 47.5 60.2 71.7 77.0 74.5
0.4 0.9 1.5 45.8 48.9 62.1 72.4 79.0 75.9
0.4 0.8 1.3 44.6 47.8 60.8 71.7 78.0 74.8
0.4 0.8 1.7 46.1 49.3 62.4 73.2 79.0 76.2

Table 5: Performance across benchmarks for different base threshold configurations using tongyi-deepresearch-30B
with λ = 0.5. The default configuration (α0, β0, γ0) = (0.4, 0.8, 1.5) is highlighted in bold.

the consistent advantage of (0.4, 0.8, 1.5) across
diverse benchmarks demonstrates that this config-
uration achieves an effective balance between ag-
gressive early compression and preserving critical
details.

C.2 Adaptation Rate Analysis
The adaptation rate λ controls how rapidly thresh-
olds increase with compression pressure Pt, where
adjusted thresholds follow αt = α0 · (1 + λPt).
Higher λ values lead to more aggressive compres-
sion as tasks progress or context budgets fill, while
lower values maintain more consistent compression
throughout execution.

Table 6 presents performance across differ-
ent λ values using the default base thresholds
(0.4, 0.8, 1.5) on tongyi-deepresearch-30B.

The results reveal a clear inverted-U relationship
between λ and performance. When λ = 0 (no adap-
tation), performance degrades significantly across
all benchmarks, particularly on longer-horizon
tasks like GAIA and xbench-DeepResearch. This
confirms that static thresholds are insufficient—as
context accumulates, fixed compression leads to ei-
ther premature information loss or context overflow.
The optimal range appears to be λ ∈ [0.3, 0.7],
with λ = 0.5 achieving the best overall perfor-
mance.

Excessively high adaptation rates (λ ≥ 1.0) hurt
performance by compressing too aggressively in
later task stages. This is particularly evident on
complex benchmarks: GAIA performance drops
from 74.0% at λ = 0.5 to 71.7% at λ = 1.0. This
suggests that even under high pressure, maintain-
ing some level of detailed historical information
remains important for effective reasoning.

Interestingly, the sensitivity to λ varies across
benchmarks. Simpler tasks like BrowseComp show

relatively stable performance across λ ∈ [0.3, 0.7]
(variation within 2.1 percentage points), while com-
plex multi-step tasks like xbench-DeepResearch ex-
hibit larger variation (2.0 percentage points), indi-
cating that adaptive pressure management becomes
increasingly critical as task complexity grows.

C.3 Cross-Model Validation

To validate that our hyperparameter choices gen-
eralize across different model architectures and
scales, we evaluate the default configuration
(α0, β0, γ0, λ) = (0.4, 0.8, 1.5, 0.5) against alter-
native settings on all four models used in our
main experiments. Table 7 compares the de-
fault configuration with two representative alterna-
tives: conservative thresholds with low adaptation
(0.3, 0.6, 1.2, 0.3) and aggressive thresholds with
high adaptation (0.5, 0.9, 1.7, 0.7).

The default configuration consistently outper-
forms both alternatives across all four models and
all six benchmarks. This consistency demonstrates
that our hyperparameter choices are not tuned to a
specific model architecture but rather capture fun-
damental properties of the context management
problem.

Notably, the relative performance gap between
configurations remains fairly consistent across
models. For instance, the advantage of the de-
fault over conservative settings on GAIA ranges
from 4.3 to 6.3 percentage points across models,
suggesting that the hyperparameters’ effectiveness
scales with model capability. The smaller per-
formance differences on simpler benchmarks like
BrowseComp (2.4-3.6 points) versus complex ones
like xbench-DeepResearch (2.0-5.2 points) further
reinforce that adaptive pressure management be-
comes more critical as task difficulty increases.
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λ BrowseComp BrowseComp-ZH WideSearch GAIA xbench-DR WebWalkerQA

0.0 42.8 46.1 58.9 70.9 76.0 73.5
0.3 45.5 49.0 62.1 72.4 79.0 76.1
0.5 47.6 51.2 64.2 74.0 81.0 78.1
0.7 46.2 49.5 62.6 73.2 79.0 76.6
1.0 44.3 47.6 60.5 71.7 78.0 74.8

Table 6: Performance across benchmarks for different adaptation rates λ using tongyi-deepresearch-30B with base
thresholds (0.4, 0.8, 1.5). The default λ = 0.5 is highlighted in bold.

Model Config BrowseComp BrowseComp-ZH WideSearch GAIA xbench-DR WebWalkerQA

WebSailor-32B
Conservative 10.8 26.5 49.2 53.5 65.0 59.5
Default 13.2 29.3 52.8 59.1 68.0 63.5
Aggressive 11.5 27.2 50.1 55.1 66.0 60.8

DeepSeek-V3.1-671B
Conservative 31.2 50.5 61.8 63.0 71.0 62.1
Default 35.1 54.8 65.7 69.3 74.0 66.5
Aggressive 32.5 51.8 63.1 65.4 72.0 63.6

tongyi-deepresearch-30B
Conservative 44.2 47.6 59.5 70.9 78.0 74.3
Default 47.6 51.2 64.2 74.0 81.0 78.1
Aggressive 45.1 48.5 60.8 72.4 79.0 75.2

Claude-4-Sonnet
Conservative 14.2 29.8 63.5 70.1 69.0 62.1
Default 17.8 32.6 67.0 76.4 72.0 65.8
Aggressive 15.3 30.5 64.8 72.4 70.0 63.2

Table 7: Performance comparison across models and hyperparameter configurations. Conservative:
(0.3, 0.6, 1.2, 0.3); Default: (0.4, 0.8, 1.5, 0.5); Aggressive: (0.5, 0.9, 1.7, 0.7).

C.4 Summary

Our comprehensive hyperparameter analysis leads
to the following conclusions: (1) PACE demon-
strates reasonable robustness to hyperparame-
ter choices, with performance degrading grad-
ually rather than catastrophically when deviat-
ing from optimal settings, with typical perfor-
mance drops of 2-5 percentage points for mod-
erate deviations. (2) The default configuration
(α0, β0, γ0, λ) = (0.4, 0.8, 1.5, 0.5) consistently
performs best across diverse benchmarks, mod-
els, and task complexities, validating our design
choices. (3) The pressure-adaptive mechanism
(λ > 0) is essential for strong performance, partic-
ularly on long-horizon tasks, with static thresholds
(λ = 0) resulting in 2-5 percentage point drops on
complex benchmarks. (4) While the default config-
uration works well generally, practitioners working
on extremely long-horizon scenarios (>2000 steps)
may benefit from slightly higher λ (e.g., 0.7-1.0)
to prevent context overflow. (5) The optimal hyper-
parameters generalize well across different model
architectures and scales, from 30B to 671B parame-
ters, suggesting that the framework’s effectiveness
is rooted in algorithmic design rather than model-
specific tuning.

D Tool Descriptions

The agent systems evaluated in this work have ac-
cess to six primary tools for interacting with exter-
nal environments and information sources. These
tools enable the agents to perform web search, ex-
tract targeted information from web pages, execute
computational tasks, retrieve academic literature,
and process multimodal files. Our tool configura-
tion generally follows the setup of Tongyi DeepRe-
search (Team et al., 2025), while several implemen-
tation details, APIs, and tool behaviors are mod-
ified for our system, and additional task-specific
adaptations are introduced where necessary.

Search. This tool provides web search capabili-
ties powered by Google’s search engine. It accepts
one or more search queries as input and executes
them concurrently. For each query, the tool re-
turns the top-10 search results, where each result
contains a title, a brief descriptive snippet, and the
corresponding URL. The tool automatically detects
the language of input queries and adjusts the search
region accordingly (e.g., Chinese queries trigger
searches within the China region).

Visit. The Visit tool enables goal-directed in-
formation extraction from web pages. It takes as
input a set of URLs, each paired with a specific
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information-seeking objective. The tool first re-
trieves the full content of each web page and con-
verts it to Markdown format using the You.com
Contents API. Subsequently, a summary model pro-
cesses the content to extract only the information
relevant to the specified objective for that page. The
output is structured into three components: a ra-
tionale explaining the extraction strategy, evidence
snippets supporting the extracted information, and
a concise summary addressing the goal.

PythonInterpreter. This tool executes Python
code within a secure sandboxed environment (Sand-
boxFusion). The input is a string containing Python
code, which must be enclosed within <code> tags.
The tool runs the provided code with a 50-second
timeout and captures the standard output. Sup-
ported libraries include NumPy, Pandas, and Mat-
plotlib, enabling data manipulation, numerical com-
putation, and visualization. The tool implements
automatic retry logic with up to 8 attempts across
multiple endpoints to ensure robustness.

GoogleScholar. The GoogleScholar tool re-
trieves academic publications through the Google
Scholar search engine via the Serper.dev API. It ac-
cepts a list of search queries and returns scholarly
literature for each query. Results include article
titles, publication years, journal or conference in-
formation, citation counts, and PDF links when
available. This tool is particularly useful for tasks
requiring authoritative references or literature re-
views.

ParseFile. This tool processes multimodal files
from local storage or URLs, supporting formats
including PDF, DOCX, PPTX, TXT, CSV, XLSX,
MP4, and MP3. For text-based documents, the
tool uses Alibaba Cloud’s Dashscope document
intelligence service to extract plain text content.
For audio and video files, it performs automatic
transcription to convert speech into text. Once all
inputs are converted to a unified textual represen-
tation, a summary model analyzes the content to
generate answers to user-specified questions. The
tool implements automatic content compression
when the extracted text exceeds length limits.

Glimpse. The Glimpse tool enables on-demand
retrieval of full details from historical interaction
chunks that have been compressed in the current
context. It accepts one or more chunk identifiers
as input, with a maximum of 3 chunks per invo-
cation to maintain bounded context growth. For
each requested chunk, the tool retrieves the com-
plete original content including the full observation

and action from that interaction step, bypassing
any summarization or compression that may have
been applied. The retrieved content is returned in
its original format and is automatically incorpo-
rated into the context for the next reasoning step.
This tool serves as a fallback mechanism when the
agent encounters insufficient information in com-
pressed summaries, allowing it to access detailed
historical information without maintaining all past
interactions in full fidelity throughout the entire
task execution.

All tools are integrated into the agent’s action
space and can be invoked through structured func-
tion calls during task execution. Tool selection
and parameter specification are determined by the
agent’s reasoning process at each interaction step.

E Evaluation Details

We employ benchmark-specific evaluation proto-
cols to ensure consistency with prior work and en-
able fair comparison across methods. Each bench-
mark uses tailored metrics and judging procedures
as detailed below.

BrowseComp. Following the original evalu-
ation protocol (Wei et al., 2025), we measure
task success rate by comparing agent-generated
answers against ground-truth targets. We deploy
GPT-4o-2024-08-06 as the automatic judge to as-
sess whether the agent’s final answer correctly
addresses the compositional web browsing query.
The judging prompt is adapted from the original
benchmark specification, which evaluates semantic
equivalence between the agent’s answer and the ref-
erence answer. Each task is evaluated as a binary
outcome (success/failure), and the overall success
rate is computed as the percentage of successfully
completed tasks.

BrowseComp-ZH. This benchmark evaluates
web browsing capabilities in Chinese using a sim-
ilar protocol to BrowseComp (Zhou et al., 2025).
We employ GPT-4o-2024-08-06 as the judge with
prompts adapted for Chinese language evaluation.
The judge verifies correctness through semantic
matching with ground truth, accounting for accept-
able variations in phrasing. Success rate is calcu-
lated as the percentage of correctly answered tasks.

WideSearch. This benchmark evaluates broad-
scope web exploration using Item-F1 as the primary
reported metric (Wong et al., 2025). For each query,
the agent must retrieve a comprehensive set of rele-
vant items (e.g., entities, facts, or documents). We
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employ GPT-5 as the judge for semantic match-
ing between retrieved items and reference items.
The Item-F1 score measures the harmonic mean of
precision and recall between the retrieved item set
and the reference item set. Specifically, precision
quantifies the fraction of retrieved items that are
relevant, while recall measures the fraction of ref-
erence items successfully retrieved. We report the
macro-averaged Item-F1 across all test queries.

GAIA. We evaluate GAIA by comparing the
agent’s final answer against gold-standard annota-
tions. Rather than using the benchmark’s canonical
exact-match style scorer, we employ GPT-4o-2024-
08-06 as the judging model to assess whether the
agent’s response semantically matches the ground
truth, accounting for acceptable variations in phras-
ing while ensuring factual correctness. Success
rate is calculated as the proportion of tasks where
the agent’s answer is deemed correct by the judge.

xbench-DeepResearch. This benchmark as-
sesses deep research capabilities through complex
multi-step information synthesis tasks (Chen et al.,
2025). We utilize GPT-5 as the automatic evaluator.
The judging process evaluates both the correctness
and completeness of the agent’s research report
against reference solutions. The evaluation prompt
follows the benchmark specification used in our
implementation, which instructs the judge to assess
whether key findings are accurately identified and
properly supported by evidence. We report success
rate as the percentage of tasks receiving a "correct"
judgment.

WebWalkerQA. This benchmark evaluates web
navigation and question-answering capabilities
through realistic browsing scenarios (Wu et al.,
2025). We employ GPT-4o-2024-08-06 as the judg-
ing model. The judge compares the agent’s ex-
tracted answer against the ground-truth answer, de-
termining whether the response correctly addresses
the question based on information from the target
web page. The evaluation prompt follows the origi-
nal benchmark specification to ensure reproducibil-
ity. We report answer accuracy as the percentage
of correctly answered tasks.

Evaluation Consistency. All judge-based evalu-
ations use deterministic decoding to ensure repro-
ducibility. For benchmarks employing LLM judges,
we standardize on GPT-4o-2024-08-06 for most
tasks and GPT-5 for complex evaluations requir-
ing nuanced semantic understanding (WideSearch
semantic matching, xbench-DeepResearch open-
ended assessment). This standardization ensures

consistent evaluation quality across benchmarks
while preserving the integrity of each benchmark’s
evaluation philosophy.

Multiple Runs and Aggregation. All reported
results, except for xbench-DeepResearch, represent
averages over 3 independent runs with different
random seeds to account for stochastic variation
in agent behavior and tool execution. For each
run, we compute the benchmark-specific metric
(success rate or Item-F1), and the final reported
score is the mean across the three runs. For xbench-
DeepResearch, we report results from a single run.
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