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Abstract

Agents powered by large language models (LLMs) have demonstrated
remarkable progress in solving complex reasoning tasks. However, LLM
agents often falter on long-horizon tasks due to cognitive overload, as their
working memory becomes cluttered with expanding and irrelevant infor-
mation, which dilutes their attention and hinders effective planning and
reasoning. To mitigate this challenge, we introduce COgnitive Resource
Self-ALlocation (CORAL), a novel reasoning paradigm that empowers
agents to proactively optimize their context. Implemented as an agent-
callable working memory management toolset, CORAL allows an agent to
checkpoint its task progress and verified facts, and adaptively initiate a new
problem-solving episode by resetting cluttered context while preserving
only the checkpointed information, enabling it to resume reasoning from a
clean state. We further enhance the agent’s checkpointing capabilities using
a Multi-episode Agentic Reinforced Policy Optimization algorithm. On the
GAIA benchmark, CORAL with an 8B model achieves 42.8% average accu-
racy, with particularly strong gains on the most challenging long-horizon
tasks (Level 2 and Level 3). Crucially, these gains come at a substantially
lower inference cost: CORAL consumes 6–7× fewer input tokens than a
ReAct agent. It also generalizes to multi-hop Knowledge QA benchmarks
and to the considerably harder BrowseComp, where it improves a strong
proprietary agent by 8.0 points.

1 Introduction

LLM-driven agents extend the capabilities of Large Language Models (LLMs) through
the integration of external tools (OpenAI, 2025; Gemini, 2025; Liu et al., 2025; Li et al.,
2025d), substantially outperforming single-turn inference. On long-horizon tasks they
operate a THOUGHT-ACTION-OBSERVATION cycle (Yao et al., 2022), interleaving planning,
environmental interaction, and reasoning (Erdogan et al., 2025; Qiao et al., 2024; Huang
et al., 2024). A critical challenge arises as each cycle populates the context with verbose
environmental feedback and a history of failed attempts (Wu et al., 2025b; Shinn et al.,
2023). This escalating contextual noise progressively degrades the model’s planning and
reasoning faculties (Yang et al., 2025), a phenomenon comparable to the cognitive overload
that impairs human problem-solving when working memory becomes saturated (Baddeley
& Hitch, 1974; Sweller, 1988).

Current paradigms for context optimization seek to prevent this bloat by pruning messages
or distilling salient information, generally activated by rule-based heuristics such as fixed
intervals (Zhou et al., 2025; Yu et al., 2025a) or imminent saturation of the context window
(Wu et al., 2025c), and implemented either by truncating the context directly (Luo et al.,
2025) or by using external models to compress it (Wu et al., 2025c).

Fundamentally, this redundant context is a consequence of the agent’s own imperfect
planning: suboptimal tool use generates irrelevant environmental feedback (Wang et al.,
2025), which clutters the context and further degrades reasoning, creating a vicious cycle.
One line of research breaks this cycle with agentic reinforcement learning (RL) over the tool-
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Figure 1: Comparison of the ReAct and CORAL frameworks; both rows read left to right
as the context grows. Top (ReAct). One context accumulates N ReAct blocks (thought,
action, observation) above the system prompt and user task, and nothing is ever removed.
Bottom (CORAL). The same blocks are interleaved with two agent-callable tools. Memory
Management (MM) writes into the persistent MEMORY panel below the trace, holding task
progress (the plan, each sub-goal pending or completed) and verified facts, so that panel
evolves while the raw trace only grows. Context Optimization (CO), the vertical bar, ends the
current episode: everything to its left is discarded and the next episode restarts from only
the system prompt, the user task, and the current panel. A trajectory is thus a sequence of
episodes (here 0–3).

use policy (Qian et al., 2025; Zhang et al., 2025; Jin et al., 2025), but on long-horizon tasks such
methods struggle with reward sparsity, since relying solely on final outcomes makes credit
assignment to intermediate actions difficult (Feng et al., 2025; Xia et al., 2025). Proactive
context optimization is a powerful orthogonal approach, improving both reasoning quality
and RL training dynamics (Kimi, 2025; Wu et al., 2025c).

We therefore introduce the COgnitive Resource Self-ALlocation (CORAL) framework,
which extends existing agentic architectures with a callable toolset for working memory
management. The agent autonomously invokes a Memory Management tool to checkpoint its
task progress and verified facts, and a Context Optimization tool to reset cluttered context
while preserving only the checkpointed information, so it can resume reasoning from a
clean state. This systematically refocuses the agent’s cognitive resources on its current state
rather than letting them be diluted by obsolete information. We first instill the checkpointing
ability through Supervised Fine-Tuning (SFT).

To further enable the model to discover optimal checkpointing strategies without additional
trajectory data, we introduce a Multi-episode Agentic Reinforced Policy Optimization (Multi-
episode ARPO) algorithm, which refines the agent’s checkpointing policy and improves the
overall agentic RL dynamics.

The key contributions of this work are as follows:
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• We introduce CORAL, a framework that empowers agents to manage their own working
memory through a callable toolset comprising a Memory Management tool and a Context
Optimization tool. By dynamically checkpointing progress and resetting cluttered context,
CORAL enables robust long-horizon planning and reasoning.

• We propose a two-stage training approach: Supervised Fine-Tuning (SFT) to instill core
checkpointing skills, followed by Multi-episode ARPO, a novel RL algorithm that prop-
agates trajectory-level rewards across episode boundaries to optimize checkpointing
strategies.

• On GAIA, a suite of multi-hop Knowledge QA tasks, and the harder BrowseComp
benchmark, CORAL significantly outperforms existing approaches on challenging long-
horizon tasks—while consuming 6–7× fewer input tokens than a ReAct agent, so that
better attention management is a source of accuracy rather than a cost paid for it.

2 Preliminaries

2.1 Problem formulation

We consider a general large language model (LLM)-based agent that, given a problem
specification, interacts with its environment over a sequence of reasoning and action steps.
Following ReAct (Yao et al., 2022), these steps are iterations of Thought-Action-Observation.
Given a system prompt s and a question q ∈ p(Q), the agent πθ at step t generates Thought
rt ∼ πθ(·|ct) and Action at ∼ πθ(·|ct, rt), where ct = (s, q, r1, a1, o1, . . . , rt−1, at−1, ot−1) is
the context at step t; the environment then returns Observation ot. The loop ends when the
agent solves the question or reaches the max steps, so an episode of M steps is eterminated =
(s, q, r1, a1, o1, . . . , rM, aM, oM) if it exhausts its budget, and

ecompleted = (s, q, r1, a1, o1, . . . , rM) (1)

if it finishes, where the final Thought rM contains the answer and the episode stops immedi-
ately.

3 COgnitive Resource Self-ALlocation (CORAL)

Our design is inspired by cognitive psychology’s treatment of problem solving as the
management of finite resources. Kahneman (1973) models attention as a limited-capacity
resource allocated across competing demands and Baddeley & Hitch (1974) characterize
working memory as a small, actively maintained store supporting ongoing reasoning;
cognitive load theory (Sweller, 1988) explains why overloading that store is harmful, as
performance degrades once the material a solver must hold exceeds capacity, even when
no individual step is difficult. The standard human remedy is cognitive offloading (Risko &
Gilbert, 2016): externalizing intermediate state, for instance by writing it down, so internal
capacity is spent on the current sub-problem rather than on retention.

The parallel to LLM agents is direct: the agent’s context serves as its working memory, and
on long-horizon tasks it becomes progressively cluttered with intermediate steps, leading to
cognitive overload. We therefore introduce COgnitive Resource Self-ALlocation (CORAL),
the agentic analogue of cognitive offloading, in which the agent consolidates progress and
refocuses attention by writing checkpoints into an external store and purging the context
those checkpoints summarize.

3.1 Working memory management toolset

We operationalize this through two agent-callable tools. Critically, both are invoked au-
tonomously by the agent from its own judgment of the task state, rather than triggered by
rule-based heuristics or external controllers.

• Memory Management (MM). The agent’s checkpointing mechanism, maintaining two
categories of persistent information in working memory. Task progress captures the high-
level plan and tracks which sub-goals are complete, enabling coherent multi-step planning;
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verified facts stores key information the agent has confirmed while reasoning, such as
intermediate results or discovered entities. The agent can add, modify, or delete entries
in either category, creating checkpoints that survive context resets. In practice it invokes
MM at three characteristic moments: at the start of a task to record a plan, on discovering
critical information to store it as a verified fact, and after completing a sub-task to update
its progress.

• Context Optimization (CO). When the agent judges its context excessively long or
cluttered with obsolete information, it invokes this tool for a hard reset: the conversational
history is cleared and the current working memory is returned as an observation. Formally,
when at = aCO the tool returns the memory state as ot and the next episode’s initial context
is (s, q, ot), so only checkpointed information survives while accumulated tool outputs
and reasoning traces are discarded.

Multi-episode trajectory. The CO reset segments what would otherwise be a single con-
tinuous reasoning process into multiple shorter episodes, each starting from a refreshed
context that retains only essential information. To capture this behavior, we extend the
single-episode formulation to a multi-episode trajectory. We assume that there are N episodes
in total, then the i-th episode (with Mi iterations) can be formulated as:

ei =

 (ci, ri,1, ai,1, oi,1, . . . ,
ri,Mi , ai,Mi , oi,Mi ),

i < N

(ci, ri,1, ai,1, oi,1, . . . , ri,Mi ), i = N
(2)

where ci =

{
(s, q), i = 1
(s, q, oi−1,Mi−1), i > 1 (3)

In the final episode the last thought rN,MN contains the answer and the episode ends
immediately. The initial context ci is (s, q) for the first episode, and for subsequent ones
adds the memory state oi−1,Mi−1 returned by the Context Optimization tool of the previous
episode. A complete trajectory with N episodes is then:

T = (e1, e2, ..., eN) (4)

3.2 CORAL framework

As illustrated in Figure 1, CORAL augments the traditional ReAct framework with the
toolset above. Within an episode the agent interleaves reasoning steps with MM invocations
to incrementally build its checkpoint; when it judges the context sufficiently cluttered it
invokes CO to start a fresh episode carrying only the distilled checkpoint. This checkpoint-
and-reset cycle sustains effective reasoning across arbitrarily long horizons.

3.3 Further enhancement methods

While the CORAL framework can be implemented in a prompting-only fashion, we explore
dedicated training methods to further enhance its capabilities.

Behavior Cloning. To endow the agent with basic function call ability, we apply be-
havior cloning through supervised fine-tuning (SFT) on curated, high-quality trajecto-
ries. From Equation 4 we know that a trajectory consists of multiple context-independent
episodes, therefore, we split the trajectory into episodes, and fine-tune the model using
batches of episodes. We stress that this splits one coherent trajectory rather than stitching
unrelated ones together: every episode ei in T comes from a single model solving a single
question in one uninterrupted run, and ei+1 begins from the memory state that ei itself
wrote (Equation 3). Splitting is necessary precisely because episodes have different initial
contexts—the first starts from (s, q), later ones from (s, q, oi−1,Mi−1)—so presenting them as
one flat conversation would misrepresent what the agent sees at inference time. Appendix C
walks through a complete trajectory and its training instances. For each episode described
in Equation 2 and Equation 3, we compute the loss using the following loss function:

L = − 1

∑
|e|
i=1 I(xi ̸= o)

|e|

∑
i=1

I(xi ̸= o) · log πθ(xi | x<i) (5)
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Figure 2: Multi-episode ARPO. The reward is computed from a trajectory’s final episode
(which contains the answer) and propagated to all preceding ones; episodes from all sam-
pled trajectories are then pooled for group-based advantage estimation, enabling credit
assignment across episode boundaries.

where I(·) is the indicator function. Here I(xi ̸= o) masks out the loss from observation
tokens, ensuring the loss is computed over the agent’s own generated outputs, such as its
reasoning steps (thoughts) and function calls (actions). By doing so, we only supervise the
model on the behaviors it is expected to learn, rather than penalizing it for failing to predict
external information from the environment.

An episode’s position within its trajectory determines which skill it supervises, and this
decomposition is what the multi-episode format buys us. Non-terminal episodes teach
the model to progress while maintaining its working memory and to recognize when a
batch of sub-tasks is complete and the context should be discarded, so the CO call ending
such an episode is a supervised decision about when to reset rather than a rule fired by an
external controller. Later episodes teach resuming from a checkpoint: the model is handed
a compact progress-and-facts state instead of a history and must locate the next sub-task
without redoing completed work. A ReAct agent trained on flat trajectories encounters
neither situation, which is why these skills cannot come from conventional single-episode
agentic SFT.

Multi-episode Agentic Reinforced Policy Optimization. Standard agentic RL methods like
DAPO (Yu et al., 2025b) optimize single-episode trajectories, whereas in CORAL a trajectory
consists of multiple episodes separated by context optimization (Equation 4). We extend
DAPO to multi-episode trajectories by treating each episode as a separate optimization unit
while propagating trajectory-level rewards.

Figure 2 illustrates the idea. Consider sampling G multi-episode trajectories {Ti}G
i=1 for

a question q, where Ti = (e1
i , e2

i , ..., eNi
i ) contains Ni episodes. Since all episodes within a

trajectory contribute to the final outcome, they should share the trajectory-level reward:
we compute Ri from the final episode eNi

i (which contains the answer) and propagate it
backwards,

Rj
i = Ri, ∀j ∈ {1, 2, ..., Ni} (6)

then normalize over all episodes for the same question and pool them for batch optimization.
Letting E = {ej

i | i ∈ [1, G], j ∈ [1, Ni]} denote the set of all episodes, the Multi-episode
ARPO objective is:

JME-ARPO(θ) = Eq∼D,{Ti}G
i=1∼πθold

[
1

∑e∈E |e|
∑

ej
i∈E

|ej
i |

∑
t=1

min
(

ri,j,t(θ)Âj
i , clip

(
ri,j,t(θ), 1− εlow, 1 + εhigh

)
Âj

i

)] (7)

where the probability ratio and advantage are computed as:

ri,j,t(θ) =
πθ(e

j
i,t | cj

i , ej
i,<t)

πθold
(ej

i,t | cj
i , ej

i,<t)
, Âj

i =
Ri −mean(R)

std(R) (8)
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Here cj
i is the initial context of episode ej

i (Equation 3) and ej
i,t its t-th token. The multiset

R = {Ri,j | i ∈ [1, G], j ∈ [1, Ni]} contains the rewards of all episodes for question q,

each inheriting its parent trajectory’s reward, and Âj
i is normalized per question over all

episodes. All episodes within a trajectory therefore share one advantage signal, which is
what enables credit assignment across episode boundaries and lets the model learn effective
checkpointing strategies.

Reward Design. We design a simple reward function that consists of a format reward
R f ormat

i and an answer reward Ranswer
i . The format reward verifies whether the whole

trajectory follows the predefined format and all tool calls in JSON format are valid. The
answer reward uses an LLM as a judge to determine whether the final answer is correct.

Ri = R f ormat
i × Ranswer

i (9)

4 Experiments

4.1 Experimental Settings

Agent Setup. Our agent operates in a ReAct-style loop with two environment tools—Web
Search and Web Browse—alongside the two CORAL tools (MM and CO); Appendix I.2 gives
full specifications.

Baselines. We compare against three paradigms: (1) Direct Inference: GPT-4o (OpenAI,
2024), DeepSeek-R1 (Guo et al., 2025), Claude Sonnet 4 (Anthropic, 2025); (2) Agentic
Inference: R1-Searcher (Song et al., 2025), WebDancer (Wu et al., 2025a), WebThinker (Li et al.,
2025c), Cognitive Kernel-Pro (Fang et al., 2025), WebSailor (Li et al., 2025a), WebShaper (Tao
et al., 2025), OpenAI Deep Research (OpenAI, 2025); (3) ReAct: the classic paradigm using
web search and browse tools. The agentic baselines are themselves trained systems of
comparable complexity—multi-stage RL, SFT with iterative DPO, or SFT with RL—so
Table 1 compares trained agents with different architectures, not a trained CORAL against
untrained alternatives.

CORAL Variants. We evaluate three configurations: Prompting, the framework through
prompting alone; SFT, adding Supervised Fine-Tuning on curated trajectories; and RL,
adding Multi-episode ARPO on top of SFT.

Benchmarks. We evaluate on (1) GAIA (Mialon et al., 2023), using the standard 103-sample
text-only validation subset (39 Level 1, 52 Level 2, 12 Level 3); (2) Knowledge QA, a suite
of multi-hop benchmarks: Natural Questions (Kwiatkowski et al., 2019), HotpotQA (Yang
et al., 2018), 2WikiMultiHopQA (Ho et al., 2020), Musique (Trivedi et al., 2022), and Bam-
boogle (Press et al., 2023); and (3) BrowseComp (Wei et al., 2025), whose questions are built
to be unanswerable without many hops of web exploration and which therefore stresses
context management hardest.

Dataset. We follow WebShaper (Tao et al., 2025) to construct questions of controllable
difficulty. WebShaper is formalization-driven: instead of collecting pages and then asking an
LLM to write questions about them, it represents each task as Knowledge Projections—set-
theoretic constraints over entities and relations—and layer-wise expands a seed question’s
leaf constants into sub-questions, validating each expansion against retrieved evidence.
Reasoning depth thus becomes explicit and controllable (Appendix C.1).

Claude Sonnet 4, equipped with the CORAL toolset, synthesizes 2,932 web agent trajectories
for these questions, of which 1,642 (56%) reach the correct answer under the LLM-as-a-Judge
protocol of Appendix I.4 and 1,290 (44%) do not. We retain both. The incorrect ones are not
curated “near-misses” but ordinary failures of a capable model—valid reasoning derailed
by ambiguous content, a late inference error, or incomplete retrieval—filtered only for
well-formedness. We add 241 mathematical reasoning trajectories from NuminaMath (Li
et al., 2024) and OpenMathReasoning (Moshkov et al., 2025) to strengthen computation
beyond retrieval. The combined 3,173 trajectories expand into 3,682 SFT conversations after
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Model Level 1 Level 2 Level 3 Average

DIRECT INFERENCE

GPT-4o 23.1 15.4 8.3 17.5
DeepSeek-R1 43.6 26.9 8.3 31.1
Claude Sonnet 4 38.5 36.5 8.3 34.0

AGENTIC INFERENCE

7–8B backbones
R1-Searcher-7B 28.2 19.2 8.3 20.4
WebDancer-7B 41.0 30.7 0.0 31.0
WebSailor-7B - - - 37.9
CK-Pro-8B 56.4 42.3 8.3 43.7

≥32B or proprietary backbones
WebDancer-32B 46.1 44.2 8.3 40.7
WebThinker-32B-RL 56.4 50.0 16.7 48.5
WebSailor-72B - - - 55.4
WebShaper-72B - - - 60.1
OpenAI DR 74.3 69.1 47.6 67.4

CORAL (OURS)

ReAct 69.2 61.5 25.0 60.2
+PROMPTING 74.4 65.4 33.3 65.0

ReAct 33.3 11.5 8.3 19.4
+PROMPTING 28.2 19.2 0.0 20.4
+SFT 47.1 43.5 15.6 41.6
+RL 46.2 45.7 19.8 42.8

Table 1: Main results on GAIA (Pass@1, Avg@8). Marking convention: rows are compared
within parameter-size brackets and across all three paradigms, not within paradigm blocks.
The 7–8B bracket holds the four 7–8B agentic systems and the Qwen3-8B CORAL rows;
the other holds everything ≥32B or of undisclosed proprietary size, including all DIRECT
INFERENCE rows and the Claude Sonnet 4 CORAL rows. Per bracket and column we
boldface the best and underline the second best, so each column carries two bold entries
and the best need not lie in the CORAL block.

episode splitting (Appendix C); the RL stage uses web tasks only, and all training questions
are synthesized independently of every test set. Hyperparameters are in Appendix A.

Evaluation Protocol. We sample 8 independent trajectories per question with temperature
0.7 and top-p 0.8. Unless otherwise specified we report Pass@1 (Avg@8), the average
accuracy across the 8 runs. Pass@8, Maj@8, and standard deviations are in Appendix B.

4.2 Overall Performance

Table 1 presents our main results. CORAL improves substantially over existing methods,
particularly on the challenging long-horizon tasks (Level 2 and Level 3) that require extended
reasoning chains. Applied to a powerful proprietary model (Claude Sonnet 4), prompting-
only CORAL reaches an average of 65.0, comparable with OpenAI Deep Research (67.4), so
the approach is effective even on already capable models.

Where the gains lie. Among 8B-scale models, CK-Pro-8B attains the highest overall score
(43.7% vs. our 42.8%), but the decomposition is instructive: its advantage sits entirely on
Level 1 (56.4% vs. 46.2%), while CORAL with RL leads on Level 2 (45.7% vs. 42.3%) and far
exceeds it on Level 3 (19.8% vs. 8.3%). Maintaining a working memory costs overhead on
questions short enough that clutter never became binding, so a single average understates
the method on exactly the regime it targets.
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Method per trajectory GAIA
In. tok. Calls Peak ctx. MM CO

ReAct 1,078K 45.3 30.6K – – 19.4
CORAL Prompting 314K 21.8 14.3K 20.6 4.3 20.4
CORAL SFT 153K 15.9 13.9K 3.9 0.21 41.6
CORAL RL 136K 15.2 12.7K 4.1 0.21 42.8

Table 2: Inference cost and working-memory tool usage on GAIA, over all 824 evaluation
trajectories (103 questions × 8 samples) with Qwen3-8B. Columns report per-trajectory
averages of input tokens, LLM calls, the longest context the model is ever conditioned on
(“peak ctx.”), and MM and CO invocations. CORAL RL uses 87.4% fewer input tokens than
ReAct while being more than twice as accurate.

Impact of Training. On Qwen3-8B the prompting-only CORAL improves only marginally,
because of a mismatch between the sophistication of CORAL’s tools and the limited agentic
capability of the base model, which frequently violates the required format or errs during
tool calling. Behavior cloning mitigates this, lifting the model from 20.4% to 41.6% on only
3,173 trajectories, and Multi-episode ARPO then reaches 42.8%. That 1.2-point headline
gap understates the RL stage twice over: the gain concentrates where it matters (+2.2 on
Level 2, +4.2 on Level 3, against a slight Level 1 regression), and RL stabilizes the agent,
cutting run-to-run standard deviation from 3.5% to 1.9% and raising the worst of eight runs
from 36.9% to 39.8% (Appendix B).

4.3 Inference Efficiency and Tool Usage

Improving accuracy by adding tools invites the question of what it costs, so we instrumented
every GAIA evaluation trajectory. Table 2 shows CORAL is not more expensive than the
ReAct agent it replaces but dramatically cheaper: 136K input tokens per trajectory against
1,078K, over 15.2 LLM calls rather than 45.3. Two mechanisms compound. CO resets bound
how long the context may ever become, holding the peak at 12.7K tokens against 30.6K;
since a ReAct loop re-reads its whole history every turn, its cost grows quadratically in
turns and capping the context attacks the dominant term. Less directly but more powerfully,
an agent that has written down its plan and verified facts stops re-searching what it already
knows, cutting turns threefold.

The tool-usage columns raise a follow-up: if CO is the mechanism, why does the trained
agent invoke it only 0.21 times per trajectory, against the prompting-only agent’s 4.3?
Training teaches the model not to reset more but to checkpoint better, and an agent whose
MM calls capture the right state never accumulates the clutter that would justify a reset—
which is just as well, since a reset also discards the history that lets an agent repair an earlier
mistake (Appendix D).

4.4 Generalization: Knowledge QA and BrowseComp

To evaluate generalizability beyond web-based reasoning, we experiment on a suite of
multi-hop Knowledge QA benchmarks, using the same Qwen3-8B RL checkpoint eval-
uated on GAIA—trained only on synthesized web questions plus math, with no expo-
sure to these datasets—and evaluate all methods under the same open web access set-
ting. As Table 3 shows, CORAL performs strongly throughout, particularly on Musique
(43.2%), improving consistently over contemporaneous works such as Search-o1 (Li et al.,
2025b), R1-Searcher (Song et al., 2025), DeepResearcher (Zheng et al., 2025), and Sim-
pleDeepSearcher (Sun et al., 2025). The checkpointing skill acquired during training is thus
transferable rather than tied to the training distribution.

This suite establishes transfer but weakly tests our specific claim, since its benchmarks
reward retrieval and aggregation more than they punish context clutter. We therefore also
evaluate on BrowseComp (Wei et al., 2025), whose questions cannot be answered without
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Method NQ HotpotQA 2Wiki. Musique Bamboogle

Search-o1 55.1 42.4 37.7 19.7 53.6
R1-Searcher 52.3 53.1 65.8 25.6 65.6
DeepResearcher 61.9 64.3 66.6 29.3 72.8
SimpleDeepSearcher - - 79.8 29.4 76.8

CORAL 71.0 70.4 79.2 43.2 79.2

Table 3: Results on Knowledge QA benchmarks. We report accuracy (%) on multi-hop QA
tasks.

SFT training set #Conv. L1 L2 L3 Avg

Full (web + math) 3,682 47.1 43.5 15.6 41.6
w/o math 3,441 47.1 40.4 14.6 39.9
w/o incorrect 2,030 49.7 37.5 13.5 39.3
random subsample 2,030 42.0 36.8 17.7 36.5

Table 4: Ablations on GAIA (Pass@1, Avg@8), all with Qwen3-8B and SFT only. #Conv.
counts SFT conversations after episode splitting; 3,173 raw trajectories yield 3,682 because
each CO invocation contributes one extra. Each variant is a filtered subset of one pool, not a
fresh sampling run; “random subsample” is a volume-matched control drawn uniformly
from the full pool, which isolates data quality from data volume.

many hops of exploration. Full evaluation being computationally prohibitive, we report
the first 150 questions with Claude Sonnet 4, comparing CORAL against a ReAct agent
with identical search and browse tools so that the only difference is the availability of MM
and CO. CORAL reaches 30.7% against ReAct’s 22.7%: an 8.0-point gain, the largest of
any benchmark we measure, with no training whatsoever. Appendix G traces one such
question, on which ReAct commits to a wrong entity early and can no longer locate that
faulty premise beneath forty-two search results, while CORAL—having checkpointed each
entity as it was verified—recovers.

Prompting-only CORAL across five backbones from 7B to proprietary scale (Appendix F)
shows the benefit tracks capability rather than size: the strongest gain most (QwQ-32B
+5.8, Claude Sonnet 4 +4.8), Qwen3-8B is neutral, and Qwen2.5-7B-Instruct loses 3.9 points
because it cannot reliably emit JSON for four tools instead of two—an obstacle training
removes, with SFT on Qwen2.5-7B reaching 34.4% against its 17.5% ReAct baseline.

4.5 Ablation Study

Table 4 isolates the contribution of each part of our training data. All rows use SFT only, so
differences are attributable to data rather than RL.

Mathematical reasoning data. Removing the 241 math trajectories costs 1.7 points (41.6%
→ 39.9%), concentrated on Level 2 (43.5% → 40.4%), where questions need multi-step
deduction rather than lookup. The math data is entirely out of domain—no browsing,
no tool calls, no memory management—so what transfers is the reasoning itself: realistic
queries often require intermediate computation, which the web trajectories do not teach.

Incorrect trajectories, at matched volume. Comparing “full” against “w/o incorrect”
confounds data quality with volume, since discarding failures also shrinks the set from
3,682 to 2,030 conversations. A volume-matched control—a uniform random subsample
at 2,030—separates the two cleanly. At equal volume correct-only data is better (39.3% vs.
36.5%), so correct trajectories genuinely are higher-quality instances one at a time; yet the
full pool beats correct-only by a further 2.3 points despite the added 1,652 conversations
being predominantly failures. The reconciliation is that behavior cloning on masked agent
outputs supervises the process rather than the conclusion: a trajectory that plans sensibly
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and checkpoints diligently before misidentifying an entity on its last hop still demonstrates
every skill we are installing.

5 Related Work

Reinforcement Learning for LLM Agents. Unlike supervised fine-tuning, which depends
on pre-collected expert data, reinforcement learning (RL) lets agents improve through
interaction, and is therefore central to acting in dynamic, open-ended environments. Early
work applied classical algorithms such as DQN to text-based games Narasimhan et al.
(2015). Recent policy optimization methods include GRPO (Shao et al., 2024), which uses
group-based relative advantage estimation without a separate critic, and DAPO (Yu et al.,
2025b), which improves stability through dynamic sampling and clip-higher strategies; both
perform strongly on embodied tasks (Shridhar et al., 2021), information seeking (Mialon
et al., 2023), and web navigation (Wu et al., 2025a). All of them operate on single-episode
trajectories, which limits their applicability where context resets occur. Our Multi-episode
ARPO extends DAPO to trajectories of multiple episodes by propagating trajectory-level
rewards across episode boundaries, so that checkpointing strategies themselves become
learnable.

Context Engineering in LLM Agents. Managing context is a central challenge for LLM
agents, especially in long-horizon interactions where context windows are limited and
irrelevant history accumulates. One line of work compresses context to stay within token
budgets: Mem1 (Zhou et al., 2025) applies compression after every function call, which
controls length effectively but, on a rigid schedule, can discard useful information and
disrupt high-level planning. CORAL instead lets the agent decide when compression
is beneficial from the task state, so that compression happens when it is worth doing
rather than on a fixed schedule. A second line processes fixed long inputs incrementally;
MemAgent (Yu et al., 2025a), for example, targets a static long document. Agentic long-
horizon settings differ in that context grows dynamically through interaction, and CORAL
addresses that accumulation rather than a fixed input.

6 Conclusion

We address contextual bloat in LLM-driven agents, where accumulated environmental feed-
back and intermediate reasoning degrade long-horizon performance. CORAL equips agents
with a callable toolset for managing their own working memory: a Memory Management
tool that checkpoints task progress and verified facts, and a Context Optimization tool that
resets context while preserving those checkpoints. Supervised Fine-Tuning instills these
skills, and Multi-episode ARPO then propagates trajectory-level rewards across episode
boundaries so the agent can discover effective policies. On GAIA, multi-hop Knowledge QA,
and the harder BrowseComp, CORAL substantially outperforms existing methods while
consuming roughly seven times fewer input tokens than the ReAct agent it replaces—the
more consequential result, we think, since it shows that for long-horizon agents managing
attention well is not a tax paid for accuracy but a source of it. Appendix E discusses the
framework’s limitations and the research directions they open.
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A Training Details

In this section, we provide detailed hyperparameters for both the Supervised Fine-Tuning
(SFT) and Reinforcement Learning (RL) stages.

A.1 Supervised Fine-Tuning

We perform full-parameter fine-tuning on Qwen3-8B using the following hyperparameters:

Table 5: Hyperparameters for Supervised Fine-Tuning.
Hyperparameter Value

Number of epochs 3
Learning rate 1e-5
Per-device batch size 4
Gradient accumulation steps 2
Effective batch size 64
Warmup ratio 0.05
Max sequence length 65,536
Precision bfloat16
Optimizer AdamW (DeepSpeed ZeRO-2)
RoPE scaling YaRN (factor=2.0)

A.2 Reinforcement Learning

We apply Multi-episode ARPO (ME-ARPO) on the SFT checkpoint with the following
hyperparameters:

Table 6: Hyperparameters for Reinforcement Learning.
Hyperparameter Value

Actor learning rate 1e-6
Train batch size 64
Mini-batch size 16
Samples per prompt (n) 8
Clip ratio (low) 0.2
Clip ratio (high) 0.28
Temperature (rollout) 1.0
Top-p (rollout) 1.0
Max turns per trajectory 50
KL regularization None

B Evaluation Metrics and Statistical Analysis

In this section, we provide a detailed description of the evaluation metrics used in our
experiments and report additional statistical analysis including standard deviations for the
GAIA benchmark.

B.1 Evaluation Metrics

Due to the inherent stochasticity in language model generation, we follow common practice
in evaluating language agents by sampling multiple trajectories per question and reporting
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aggregated metrics. Given k independent runs for each question, we define the following
metrics:

Pass@1 (Avg@k) computes the average accuracy across k independent runs:

Pass@1 (Avg@k) =
1
n

n

∑
i=1

(
1
k

k

∑
j=1

I[correcti,j]

)
(10)

where n is the number of questions and I[correcti,j] indicates whether the j-th run for
question i is correct. This metric represents the expected accuracy when deploying the
model in production with a single inference.

Pass@k measures whether at least one of the k runs produces a correct answer:

Pass@k =
1
n

n

∑
i=1

I
[
∃j ∈ [1, k] : correcti,j

]
(11)

This metric reflects the upper bound of model capability given multiple attempts, useful for
assessing the model’s potential when combined with verification mechanisms.

Maj@k (Majority Voting) selects the most frequent answer among k runs as the final predic-
tion:

Maj@k =
1
n

n

∑
i=1

I
[
majority({ai,j}k

j=1) = a∗i
]

(12)

where ai,j is the answer from the j-th run for question i, and a∗i is the ground truth. This
metric leverages the wisdom of crowds to improve robustness.

Best Pass@1 and Worst Pass@1. When conducting multiple independent evaluation sessions
(each with a single run per question), we also report the best and worst pass@1 across
sessions:

Best Pass@1 = max
s∈S

(
1
n

n

∑
i=1

I[correct(s)i ]

)
(13)

Worst Pass@1 = min
s∈S

(
1
n

n

∑
i=1

I[correct(s)i ]

)
(14)

where S denotes the set of evaluation sessions. These metrics characterize the variance in
model performance across different runs, which is particularly important for understanding
deployment reliability.

B.2 Statistical Analysis on GAIA

To provide a comprehensive view of model performance, we report the mean and standard
deviation of Pass@1 across 8 independent runs on the GAIA benchmark in Table 7. The
standard deviation captures the run-to-run variance, which is crucial for understanding the
reliability of the model in practical deployments.

Several observations emerge from this analysis:

• Lower variance with RL: The RL model exhibits notably lower standard deviation on the
overall accuracy (1.9%) compared to the SFT model (3.5%), suggesting that RL training
leads to more consistent performance.

• High variance on Level 3: Both models show substantial variance on Level 3 tasks
(∼9-10%), reflecting the challenging nature of long-horizon reasoning tasks where small
differences in early decisions can lead to divergent outcomes.

• Gap between Pass@8 and Avg@8: The significant gap between Pass@8 and Avg@8 (e.g.,
71.8% vs. 41.6% for SFT) indicates room for improvement through better answer selection
or verification mechanisms.
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Table 7: Detailed performance statistics on GAIA (8 runs). We report Mean± Std for Pass@1,
along with Best Pass@1, Worst Pass@1, Maj@8, and Pass@8.

Model L1 L2 L3 Avg

QWEN3-8B + SFT

Pass@1 (Avg@8) 47.1 ± 4.1 43.5 ± 4.5 15.6 ± 9.4 41.6 ± 3.5
Best Pass@1 53.8 51.9 33.3 47.6
Worst Pass@1 41.0 38.5 8.3 36.9
Maj@8 51.3 50.0 16.7 46.6
Pass@8 74.4 78.9 33.3 71.8

QWEN3-8B + RL

Pass@1 (Avg@8) 46.2 ± 3.9 45.7 ± 3.7 19.8 ± 9.9 42.8 ± 1.9
Best Pass@1 51.3 51.9 33.3 45.6
Worst Pass@1 41.0 42.3 0.0 39.8
Maj@8 48.7 46.2 25.0 44.7
Pass@8 74.4 73.1 33.3 68.9

C Data Preparation Walkthrough

This appendix follows the data pipeline end to end: how questions are synthesized, how a
trajectory is generated, and how it becomes training instances. The point we most want to
establish is negative: at no stage do we stitch together separate reasoning processes. Every
multi-episode trajectory is one model solving one question in one uninterrupted run, and
the multi-episode structure is discovered in that run rather than imposed on it.

C.1 Question synthesis with WebShaper

Because our training questions are synthesized rather than collected, we summarize the
WebShaper pipeline (Tao et al., 2025) for readers unfamiliar with it. The distinguishing
idea is to fix the formal structure of a question before any web content is retrieved, which
inverts the usual order and makes difficulty a controllable parameter instead of an emergent
property of whatever pages happened to be crawled.

Each information-seeking task is represented as a set of Knowledge Projections: set-theoretic
constraints over entities and relations, so that “the company founded in the same year
as event X” is a constraint rather than a string. The pipeline then runs in two stages.
First, seed questions are constructed from random walks over Wikipedia and filtered
by executing agent rollouts, retaining only questions that at least one rollout answers
correctly—this discards questions that are unanswerable or ill-posed rather than merely
hard. Second, an Expander agent performs agentic expansion: it takes a seed question’s
formal representation, retrieves and validates new web information, and layer-wise replaces
leaf constants with sub-questions that identify them indirectly. Expansion increases the
number of hops while explicitly checking two failure modes that plague naively generated
multi-hop data—redundant constraints that add length without adding reasoning, and
shortcuts that let the answer be inferred from a single shallow clue.

The result is a question distribution whose reasoning depth we can dial, which matters for
our purposes because CORAL’s benefits only appear once the horizon is long enough for
context clutter to bind. Questions are generated over public encyclopedic entities and are
independent of every benchmark we evaluate on.

C.2 Stage 1: Trajectory generation

A commercial model (Claude Sonnet 4) receives a synthesized question together with the
CORAL system prompt (Appendix I.1) and all four tools, and runs to completion. It decides
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on its own when to call MM and when to call CO; we do not intervene. A representative
trajectory, abridged, looks as follows.

A generated two-episode trajectory

[Episode 1]

System prompt + Question

-> Think: Plan the research...

-> Action: MM(ADD task_progress: "Step 1: search for X; Step 2: find Y")

-> Observation: Memory updated

-> Think: Let me search...

-> Action: WebSearch("query about X")

-> Observation: Search results...

-> Think: Found X = 42. Let me save this.

-> Action: MM(ADD verified_fact: "X = 42")

-> Observation: Memory updated

-> Think: Context is getting long, and step 1 is done. Let me optimize.

-> Action: CO(reason: "completed step 1, ready for step 2")

-> Observation: [Context reset -- memory state returned]

[Episode 2] <- begins automatically at the CO boundary

System prompt + Question + Memory state written by Episode 1

-> Think: I know X = 42 from my memory. Now I need to find Y...

-> Action: WebSearch("query about Y")

-> ...

-> Think: Final answer is X + Y = 42 + 58 = 100.

-> Answer: 100

Coherence across the boundary is structural rather than something we have to enforce:
Episode 2’s opening context is built from the memory state that Episode 1 wrote immediately
before calling CO, so the agent resumes knowing exactly which sub-tasks are done and
which facts are established. This is also why the system prompt makes synchronizing Task
Progress a mandatory precondition for invoking CO (Appendix I.1); a CO call issued with
a stale memory would indeed produce an incoherent successor episode.

C.3 Stage 2: Episode splitting

For SFT we cut each trajectory at its CO boundaries, and each resulting episode becomes an
independent training conversation:

• Episode 1 → input [System + Question], target [Think, MM, Search, MM, Think, CO]

• Episode 2 → input [System + Question + Memory state], target [Think, Search, ...,
Answer]

The essential detail is that Episode 2’s input is not a truncation of the raw history. It is
the system prompt, the original question, and the memory state returned by the CO tool,
assembled with the context reset template of Appendix I.3—byte for byte what the agent
will be handed at inference time when it invokes CO. Splitting is therefore not a convenience
but a correctness requirement: presenting both episodes as one flat conversation would
train the model on a context it will never see.

This operation is also the sole reason the conversation count exceeds the trajectory count.
Our 3,173 raw trajectories contain 509 CO invocations in total, each of which contributes
one additional conversation, giving the 3,682 SFT conversations reported in Section 4.1 and
Table 4.

At inference time the same boundary logic runs in reverse. When the agent emits a CO
call, the system clears the conversation, rebuilds the context from the system prompt, the
original question, and the current memory state, and continues generation. Training-time
and inference-time episode boundaries are thus produced by one mechanism, which is what
allows a model trained on split episodes to behave correctly on unsplit tasks.
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D Working Memory Behavior and Robustness

D.1 Tool usage by outcome

Table 8 breaks the aggregate tool-usage statistics of Table 2 down by whether the trajectory
ended up correct.

Table 8: MM and CO invocations per trajectory on GAIA, split by outcome. Across all three
configurations, trajectories that fail invoke CO roughly twice as often as trajectories that
succeed.

Configuration Outcome MM / traj. CO / traj.

Prompting-only
Correct 20.11 2.05
Incorrect 20.69 4.80
Overall 20.58 4.29

SFT
Correct 3.37 0.12
Incorrect 4.44 0.29
Overall 3.93 0.21

RL
Correct 3.30 0.12
Incorrect 4.70 0.28
Overall 4.06 0.21

The by-outcome split sharpens the reading we gave in Section 4.3. In every configuration,
failing trajectories reset about twice as often as succeeding ones—0.12 versus 0.28–0.29 after
training, 2.05 versus 4.80 before it. The natural causal story runs from difficulty to resets
rather than the reverse: a trajectory that is going badly wanders, accumulates clutter, and
triggers the conditions the system prompt lists as reset-worthy. Reset frequency is therefore
better read as a symptom of struggle than as a lever to be maximized, which is consistent
with training reducing CO usage by a factor of twenty while raising accuracy by more than
twenty points. MM usage falls by a similar factor and for the same reason: the untrained
model re-writes essentially the same memory entry after nearly every step, whereas the
trained model writes a smaller number of well-chosen checkpoints.

D.2 Sensitivity to memory corruption

Because the agent treats its working memory as authoritative, a natural question is what
happens when that memory is wrong. We probed this by manually corrupting entries in the
memory store at different points in otherwise-successful GAIA trajectories and observing
whether the agent noticed. The study is qualitative—we report the failure modes we
observed rather than a corruption-rate curve—but the boundary it reveals is sharp and
follows directly from what information remains available to the agent.

• Corruption immediately after planning is absorbed silently. When we altered the
task_progress entry right after the agent recorded its initial plan, the agent adopted
the corrupted plan without objection and pursued it to completion. At that point in the
trajectory there is nothing to check the plan against: no evidence has been gathered yet,
so a plausible-looking plan is indistinguishable from the one the agent actually wrote.

• Mid-trajectory corruption is frequently caught. When we altered a verified_fact
several reasoning steps after it had been established, the agent often detected the inconsis-
tency, because the search results and page contents that originally produced the fact were
still present in the conversation. Detection was not reliable, but the agent had the means
to detect it.

• Post-reset corruption is undetectable in principle. When we altered a fact that had
been written before a CO invocation, the agent never recovered. The reset had already
discarded the supporting evidence, so no amount of subsequent reasoning could surface
the contradiction.
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We draw a design conclusion from the middle and last cases. The conversation history is
not merely redundant with the memory store; it functions as a cross-validation channel,
and CO closes that channel permanently for everything the memory currently holds. This
is the concrete reason CORAL is asymmetric between its two tools. MM sharpens the
agent’s focus on key information while leaving the history intact and is therefore cheap
to use liberally, whereas CO trades away the agent’s ability to audit itself and should be
reserved for contexts that have genuinely become unmanageable. The trained models’
behavior—3.9 MM calls against 0.21 CO calls per trajectory—matches this prescription,
which we find reassuring, though we note it was learned from demonstrations rather than
explicitly optimized for. Appendix E discusses provenance-carrying memory as a way to
close the gap.

E Limitations and Future Work

We discuss three limitations of CORAL and the research directions each one opens.

Credit assignment across episodes. Multi-episode ARPO broadcasts the trajectory reward
equally to every episode (Equation 6). This is deliberately the simplest viable scheme, and it
sits in tension with our own motivation: if a trajectory mixes productive groundwork with
failed detours, rewarding both identically discards exactly the distinction the framework
is built around. We adopted it because our aim in adding the SFT and RL stages was to
establish whether dedicated training could improve CORAL on open-weight models at
all—which it does, from 20.4% under prompting to 41.6% after SFT and 42.8% after RL—and
given that focus we did not explore more sophisticated credit assignment designs across
episode boundaries.

The obvious refinement may nonetheless be the wrong one. Discounting earlier episodes is
standard practice in long-horizon RL, where early actions often have diminishing causal
influence on the final outcome. That reasoning does not transfer cleanly to CORAL, be-
cause an episode boundary here is not an arbitrary point in time: it is created by a CO
call, a deliberate and learned decision by the agent to consolidate progress and start fresh.
Earlier episodes are therefore not earlier attempts that may have gone wrong; they are struc-
tured preparatory phases that perform task decomposition, fact discovery, and verification
through MM, and that directly enable the later episodes to succeed. Penalizing them would
discourage precisely the behavior CORAL is trying to install.

The deeper obstacle is that moving beyond equal broadcasting requires a principled way
to assess the quality of an individual episode—whether it contributed verified facts that
later episodes actually used, or whether it explored unproductive directions. Designing
such episode-level quality metrics is a non-trivial research problem in its own right, and
we regard it as an independent question deserving dedicated study rather than a knob to
be swept. Two directions seem most concrete: episode-level reward models trained on
trajectory outcomes, and contribution-weighted schemes based on how heavily an episode’s
checkpointed facts are used downstream. We leave a systematic comparison to future work.

Trust in the memory store. CORAL’s working memory is authoritative by construction:
nothing in the framework lets the agent doubt a checkpointed fact. Appendix D.2 shows this
is a real failure mode with a sharp boundary determined by what evidence remains available.
A fact corrupted while the conversation still contains the search results that produced it
is frequently caught; a fact corrupted after a CO reset never is. The conversation history
therefore functions as a cross-validation channel, and CO closes that channel permanently
for everything the memory currently holds.

This is the strongest argument we know for CORAL’s asymmetry between its two tools—
MM preserves history and is cheap to use liberally, CO trades away the agent’s ability to
audit itself—and the trained models’ behavior matches the prescription. But it is a mitigation,
not a solution. The natural next step is provenance-aware memory: each verified fact carries
a pointer to the evidence that established it, so that after a reset the agent can re-fetch and
re-verify rather than trusting a bare assertion. This also matters in deployment, since a fact
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checkpointed from a low-quality source currently propagates through the remainder of a
trajectory with no record of where it came from.

Evaluation scale. GAIA’s text-only validation split contains 12 Level 3 questions. This is
the standard split used throughout this literature, and we use it for comparability, but it is
small enough that a single question shifts the Level 3 score by 8.3 points; the corresponding
standard deviations we measure are 9–10% (Table 7). Our Level 3 numbers should therefore
be read as directional evidence for a trend, not as precise estimates. We mitigate this in three
ways: averaging 8 independent samples per question rather than reporting a single run,
reporting the full distribution including the worst run, and corroborating on five Knowledge
QA benchmarks and on BrowseComp, all with larger test sets. The pattern that CORAL’s
advantage widens with task difficulty is consistent across all of them, which is the claim we
actually rely on.

Two further scope limits are worth stating plainly. Our BrowseComp evaluation covers the
first 150 questions with a single proprietary backbone, chosen for cost; a full-benchmark
evaluation across backbones would be a stronger test. And while the prompting-only
framework is validated on five backbones (Appendix F), the SFT and RL stages are validated
on Qwen3-8B, with one supporting SFT run on Qwen2.5-7B. Extending the training pipeline
to more model families is the most direct way to strengthen the paper’s central claim.

F CORAL Across Backbones

Table 9 reports the full cross-backbone study summarized in Section 4.4. Every row uses
CORAL as a prompting-time wrapper only, with no SFT and no RL, so the comparison
isolates what the framework contributes to a model that has never been trained to use it.

Backbone Benchmark ReAct + CORAL ∆

Qwen2.5-7B-Instruct GAIA 17.5 13.6 −3.9
Qwen3-8B GAIA 19.4 20.4 +1.0
QwQ-32B GAIA 26.2 32.0 +5.8
Qwen3-32B GAIA 34.0 36.3 +2.3
Claude Sonnet 4 GAIA 60.2 65.0 +4.8

Claude Sonnet 4 BrowseComp† 22.7 30.7 +8.0

Table 9: CORAL used purely as a prompting-time wrapper, with no training of any kind,
across five backbones. The benefit grows with the capability of the backbone and is largest
on the benchmark that stresses long-horizon browsing hardest. †The first 150 BrowseComp
questions; both systems see exactly the same questions and the same web search and browse
tools, and differ only in whether the MM and CO tools are available.

Two caveats on reading this table. First, the GAIA rows for Qwen3-8B and Claude Sonnet 4
are the same numbers as the corresponding rows of Table 1, reproduced here so that the
trend across backbones can be read in one place. Second, the ∆ column understates what
training recovers at the low end: Qwen2.5-7B-Instruct loses 3.9 points under prompting-only
CORAL, but the same backbone reaches 34.4% after SFT on our data, against a 17.5% ReAct
baseline. The prompting-only deficit measures a tool-calling deficiency, not a ceiling on the
framework.

G BrowseComp Case Study

To make concrete what the 8.0-point BrowseComp gap in Table 9 consists of, we trace a
single question on which CORAL succeeds and the ReAct baseline fails, and on which the
difference is directly attributable to Memory Management. Both runs use Claude Sonnet
4 with identical search and browse tools; the only difference is whether MM and CO are
available.
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BrowseComp Question #6

The headquarters for a company widely reported to be founded in the same year as a prominent worker’s
strike related to print media, though it is sometimes reported to have been founded two years prior, moved
back to the downtown area of a city in 2014. A nu metal band, where the band name is an acronym, was
formed in this city. Two years after the formation of this band, a different band with a name inspired by
a mythological character released a song about loving food made with insects which references a product
produced by the aforementioned company. An artist posted a sketch on their blog, 20 years after the
formation of the nu metal band, where they stated they may have been listening to the song about loving
food made with insects when they made the sketch. The artist graduated from school 7 years prior to posting
the sketch. What is the full name of the school from which they graduated for this degree?
Ground truth: Savannah College of Art and Design.

This is a six-hop chain in which every hop consumes the output of the previous one, so
a single misidentification invalidates everything downstream—the structure that makes
context management decisive.

G.1 CORAL: 36 turns, 7 MM checkpoints, correct

CORAL decomposed the chain and committed each link to working memory as soon as
it was verified. Table 10 lists the seven MM calls in the order they were made; each row
corresponds to one hop of the chain.

# MM checkpoint Verified fact recorded

1 Task decomposition Objective and sub-task plan
2 Strike identified Newsboys’ strike of 1899, New York
3 Company identified Bumble Bee Seafoods (founded 1897); moved back to downtown San

Diego in 2014
4 Nu metal band P.O.D. (“Payable on Death”), formed in San Diego, 1992
5 Band and song Mephiskapheles; “Bumble Bee Tuna Song” (1994), which references

Bumble Bee products
6 Artist identified Joanna Davidovich; blog post of 10 June 2012 (= 1992 + 20) mention-

ing the song
7 School confirmed BFA in Animation from SCAD, 2005 (= 2012− 7)

Table 10: The seven Memory Management calls CORAL issued while solving BrowseComp
Question #6, in order. Each fact was checkpointed at the moment it was confirmed, which
let the agent advance to the next hop without carrying forward the search results that had
produced the previous one.

G.2 ReAct: 47 turns, 42 searches, gave up

The baseline committed to a wrong hypothesis on its fifth turn and never recovered:

• Turn 5. Identified the company as Coca-Cola (founded 1892, Atlanta) rather than Bumble
Bee Seafoods, and therefore fixed the city as Atlanta.

• Turns 7–9. Following from Atlanta, identified Sevendust as the nu metal band.
• Turns 10–46. Searched for a mythologically-named band that had released a song about

insect food referencing Coca-Cola—a combination that does not exist—for more than
thirty consecutive turns.

• Turn 47. Gave up, reporting that it had not “been able to definitively identify the specific
band”.

G.3 Why the memory made the difference

It is not that ReAct lacked the information: the correct company was retrievable by exactly
the same searches. What ReAct lacked was any representation of which of its beliefs the
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following thirty turns depended on. The Coca-Cola identification was made once, on turn 5,
and thereafter existed only as one paragraph among forty-two search results; when the third
hop began failing, nothing directed the agent’s attention back to the premise rather than to
the query. CORAL’s MM calls make that dependency structure explicit, so a downstream
dead end prompts re-examination of a short list of checkpointed entities rather than of an
undifferentiated transcript.

Table 11 shows how differently the two agents then behave. CORAL issues fewer than half
as many searches but nearly three times as many page browses: checkpointed intermediate
results let it target specific pages instead of probing with queries. ReAct substitutes search
volume for structure, and most of that volume explores consequences of a premise it never
revisited.

Metric CORAL ReAct

Total turns 36 47
Web searches 17 42
Page browses 11 4
MM checkpoints 7 –

Outcome correct gave up

Table 11: Tool usage on BrowseComp Question #6.

H Comparison of Policy Optimization Objectives

In this section, we provide a detailed comparison of the policy optimization objectives
used in GRPO, DAPO, and our proposed Multi-episode ARPO. The key differences are
highlighted in red.

GRPO (Group Relative Policy Optimization):
JGRPO(θ) = Eq∼D,{oi}G

i=1∼πθold[
1
G

G

∑
i=1

1
|oi|

|oi |

∑
t=1

min
(

ri,t(θ)Âi,t, clip
(

ri,t(θ), 1− ε, 1 + ε
)

Âi,t

)
− βDKL(πθ∥πref)

]
(15)

where

ri,t(θ) =
πθ(oi,t | q, oi,<t)

πθold
(oi,t | q, oi,<t)

, Âi,t =
Ri −mean({Rk}G

k=1)

std({Rk}G
k=1)

(16)

DAPO (Decouple Clip and Dynamic Sampling Policy Optimization):
JDAPO(θ) = Eq∼D,{oi}G

i=1∼πθold[
1

∑G
i=1 |oi|

G

∑
i=1

|oi |

∑
t=1

min
(

ri,t(θ)Âi,t, clip
(

ri,t(θ), 1− εlow, 1 + εhigh

)
Âi,t

)]
s.t. 0 < |{oi | is_equivalent(a, oi)}| < G

(17)

where

ri,t(θ) =
πθ(oi,t | q, oi,<t)

πθold
(oi,t | q, oi,<t)

, Âi,t =
Ri −mean({Rk}G

k=1)

std({Rk}G
k=1)

(18)

Multi-episode ARPO (Ours):
JME-ARPO(θ) = Eq∼D,{Ti}G

i=1∼πθold[
1

∑e∈E |e|
∑

ej
i∈E

|ej
i |

∑
t=1

min
(

ri,j,t(θ)Âj
i , clip

(
ri,j,t(θ), 1− εlow, 1 + εhigh

)
Âj

i

)] (19)
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Algorithm 1 Multi-Episode Agentic Reinforcement Policy Optimization (ME-ARPO)
Require: Initial policy model πθ ; reward function R(·); task prompts with tool environment
D; hyperparameters εlow, εhigh; group size G; number of training steps M; mini-batch
iterations µ

1: for step = 1, . . . , M do
2: Sample a batch Db from D
3: Update the old policy model πθold

← πθ

4: for each question q ∈ Db do
5: Sample G multi-episode trajectories {T (q)

i }
G
i=1 ∼ πθold

(·|q)
6: Compute trajectory-level rewards {R(q)

i }
G
i=1 via R(·)

7: Propagate rewards to episodes: assign R(q)
i to each episode ej

i ∈ T
(q)

i

8: Collect all episode rewards for question q: R(q) = {R(q)
i,j | i ∈ [1, G], j ∈ [1, Ni]}

9: Compute per-question statistics over episodes: R̄(q) = mean(R(q)), σ(q) =

std(R(q))

10: for each episode ej
i in question q do

11: Compute advantage: Âj
i = (R(q)

i,j − R̄(q))/σ(q)

12: end for
13: end for
14: Collect all episodes E = {(ej

i , Âj
i) | q ∈ Db, i ∈ [1, G], j ∈ [1, Ni]}

15: for iteration = 1, . . . , µ do
16: Update policy πθ by maximizing the ME-ARPO objective JME-ARPO(θ) using

episodes in E
17: end for
18: end for
Ensure: Optimized policy πθ

where E = {ej
i | i ∈ [1, G], j ∈ [1, Ni]} denotes the set of all episodes from all trajectories,

and

ri,j,t(θ) =
πθ(e

j
i,t | cj

i , ej
i,<t)

πθold
(ej

i,t | cj
i , ej

i,<t)
, Âj

i =
Ri −mean(R)

std(R) (20)

whereR = {Ri,j | i ∈ [1, G], j ∈ [1, Ni]} is the multiset of episode rewards for question q.

Key Differences:

• GRPO→ DAPO: (1) Removes the KL divergence regularization term; (2) Adopts asym-
metric clipping bounds (εlow, εhigh) instead of symmetric clipping; (3) Changes normaliza-
tion from per-output averaging to global token averaging; (4) Use Dynamic Sampling.

• DAPO → ME-ARPO: (1) Samples multi-episode trajectories {T (q)
i } instead of single-

episode outputs {oi}; (2) Pools all episodes ej
i ∈ E from all trajectories for batch opti-

mization; (3) Propagates trajectory-level rewards to all episodes within each trajectory,
then computes advantage Âj

i using per-question normalization statistics over all episodes,
ensuring all episodes within a trajectory share the same advantage signal; (4) Conditions
the probability ratio on episode-specific context cj

i rather than the original question q.

I Prompt Templates

In this section, we provide the complete prompt templates used in our system, including
the system prompt, tool definitions, the context reset template, and the LLM-as-a-Judge
prompt.
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I.1 System Prompt

The system prompt instructs the agent to operate in an adaptive research loop with struc-
tured working memory management.

System Prompt

You are an advanced AI research assistant. Your mission is to deliver comprehensive, accurate, and

well-structured answers by systematically executing research tasks.

# GUIDING PRINCIPLES

- **Rigor:** Verify information by consulting multiple primary sources.

- **Synthesis:** Intelligently connect new findings with established knowledge to form a coherent

understanding.

- **Adaptability:** Recognize that the initial plan is a hypothesis. Continuously refine it based on

new information. Do not adhere to a flawed plan.

- **Focus:** Prioritize actions and data that directly advance the current task. Discard irrelevant

information.

# OPERATIONAL PROTOCOL: THE ADAPTIVE RESEARCH LOOP

You will operate in a continuous cycle of execution and reflection until the research goal is met.

## 1. Deconstruct & Plan

Briefly analyze the user's request and formulate an initial, high-level plan as a sequence of logical

sub-tasks. Store this plan in your working memory. This initial plan is considered a draft and

is expected to evolve.

## 2. Execute One Sub-Task

Execute the *single, highest-priority* sub-task from your current plan using the available tools.

Focus on completing this one step thoroughly.

### Tool Usage Rules

- Conduct searches step by step: search multiple attributes of single entity separately, process

multiple entities one by one.

- Snippets in search results contain only partial information; browse the full page to ensure you don

't miss relevant content.

- You **MUST** use the browser tool to access all URLs, whether from user input or search results.

- Cross-validate information by accessing multiple URLs from search results.

- Actively explore valuable links to deepen your research.

## 3. Reflect & Adapt

After every tool use or execution step, you **MUST** pause to perform this reflection sequence:

1. **Analyze Outcome:** Review the results of your last action. What new information was gathered?

Was the action successful? Did it yield unexpected results?

2. **Update Progress:** Immediately update your working memory.

- **MANDATORY.** Update your internal task list to reflect what was just completed and what the

immediate next step is. This ensures your progress is never lost.

3. **Evaluate & Adjust Plan:** Compare the new information against your overall plan. Ask yourself:

- Is the current plan still the most effective path?

- Did the recent findings open up a better approach or reveal a flaw in my strategy?

- Should the priority of the remaining sub-tasks be changed?

4. **Adapt:** Based on your evaluation, **modify the plan in your working memory if necessary.**

This may involve re-ordering, adding, or removing sub-tasks.

## 4. Synthesize & Answer

Once you determine that all refined sub-tasks are complete, perform a final review of all `Verified
Facts` units in your working memory. Synthesize this information into a single, comprehensive,

and well-structured final answer.

# WORKING MEMORY PROTOCOL

You will maintain a structured working memory to track the plan, store key findings, and ensure focus.

## Memory Structure

Your working memory consists of two mandatory components:
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1. **Task Progress**: A dynamic, structured overview of the research plan and the current state of

the research.

2. **Verified Facts**: A collection of atomic, confirmed pieces of information. Each fact should be

a concise statement, directly relevant to the research goal, and ideally supported by a source

URL.

## Memory Operations & Rules

You can use the `memory-management-tool` tool to manage your working memory.

* **Always Maintain the Plan:** You **MUST** proactively update the task progress.

* **Store Critical Findings:** When you discover new, crucial information, immediately add it as a

new verified fact. Do not wait.

# CONTEXT MANAGEMENT PROTOCOL

To maintain focus and operational efficiency, you MUST proactively manage the conversational context.

A cluttered context degrades performance. The `context_optimization` tool is your mechanism for

pruning irrelevant history and preserving only essential information.

## Core Principle: State Preservation

Your working memory, specifically the `Task Progress` unit, is your state. The primary goal of

context management is to condense the conversational history *without losing your state*.

## Mandatory Pre-Optimization Action

Before **EVERY** use of the `context-optimization-tool` tool, you **MUST** perform the following

state-saving action:

1. **Synchronize Working Memory:** Ensure your `Task Progress` unit is perfectly up-to-date. It MUST

reflect:

- All sub-tasks that have just been completed.

- The **precise and immediate** next sub-task you intend to execute.

*Rationale: This action guarantees that your critical plan and progress are preserved through the

optimization, allowing for a seamless continuation of your task.*

## Strategic Triggers for Optimization

Invoke the `context-optimization-tool` tool in the following situations:

- **Routine Pruning:** After a batch of 3-5 tool invocations (especially information-gathering

tools like `search` or `browse`). This prevents gradual context bloat.

- **Post-Reflection Milestone:** After completing a major sub-task and performing the "Reflect &

Adapt" step. This is a natural point to clean the slate before starting the next major phase.

- **Error Recovery / Dead End:** If you detect circular reasoning, repeated failed attempts, or

have pursued a dead end, use this sequence:

1. **Reflect** on the failure.

2. **Adapt** the plan to correct the strategy.

3. **Optimize** the context to discard the failed path's history and start fresh on the new,

corrected path.

I.2 Tool Definitions

We equip the agent with four tools. Below we provide the name, description, and parameter
schema for each tool.

Tool 1: web-search-tool

Description: Search web pages using search engine. Use for obtaining latest information or finding

references.

Parameters:

{

"query": {

"type": "array",

"items": {"type": "string"},

"description": "Array of search query strings to execute simultaneously. Each search query should

be in Google search style, using 2-5 keywords."
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}

}

Tool 2: browse-webpage-tool

Description: Intelligently browse and analyze web pages to extract goal-specific information.

This tool:

- Retrieves webpage content from any accessible URLs

- Analyzes content based on your specified goal/purpose

- Extracts relevant text, summaries, and useful links

- Handles multiple URLs simultaneously (up to 5)

Use this tool when you need to:

- Research information from specific websites

- Extract data from online articles or documentation

- Gather insights from multiple web sources

- Find relevant links for further exploration

The tool will return structured information including key findings, summaries, and relevant external

links.

Parameters:

{

"browse_items": {

"type": "array",

"items": {

"url": {"type": "string", "description": "The webpage URL to analyze."},

"goal": {"type": "string", "description": "The specific information or insights you want to

extract from the webpage."}

}

}

}

Tool 3: memory-management-tool

Description: Manage your working memory to maintain task continuity.

This tool allows you to:

- ADD: Store critical knowledge units (task progress, verified facts)

- UPDATE: Specify the existing knowledge unit to update by corresponding `unit_id`
- DELETE: Specify the existing knowledge unit to delete by corresponding `unit_id`

MANDATORY:

The content of `Task Progress` must be a single YAML object with the following keys:

```yaml
objective: "A concise statement of the user's ultimate goal."

tasks:

- description: "A clear, actionable description of the sub-task."

status: "PENDING | COMPLETED | FAILED"

```

Parameters:

{

"operations": [{

"operation": {"type": "string", "enum": ["ADD", "UPDATE", "DELETE"]},

"knowledge_unit": {

"type": {"type": "string", "description": "task_progress | verified_fact"},

"content": {"type": "string", "description": "Concise, actionable description"},

"relevance": {"type": "string", "description": "Why this is important"},

"source": {"type": "array", "description": "Source references"}

},

"unit_id": {"type": "string", "description": "ID for UPDATE/DELETE"},

"rationale": {"type": "string", "description": "Why this operation is necessary"}
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}]

}

Tool 4: context-optimization-tool

Description: Perform the optimization of the conversational context to maintain focus and operational

efficiency.

Parameters:

{

"optimization_reason": {

"type": "string",

"description": "Detailed explanation of why context optimization is needed now"

},

"task_checkpoint": {

"type": "string",

"description": "Detailed description of current task state and what needs to be done next"

}

}

I.3 Context Reset Template

When the agent invokes the context-optimization-tool, the system triggers a context reset.
The agent’s conversation history is cleared and replaced with the following template, which
preserves the agent’s working memory and task state.

Context Reset Template (New Episode Prompt)

Your conversation history has been cleared, but all essential information is preserved in your

working memory below.

<user_task>

{user_query}

</user_task>

<current_working_memory>

{memory_summary}

</current_working_memory>

<task_checkpoint>

{task_checkpoint}

</task_checkpoint>

<next_steps>

1. Review your working memory and task checkpoint to understand current task state

2. Continue execution from where you left off

</next_steps>

Remember: Your working memory contains all the critical information you saved. Trust it and continue

forward without repeating completed work.

I.4 LLM-as-a-Judge Prompt

We use an LLM-as-a-Judge approach to evaluate answer correctness when exact string
matching is insufficient (e.g. open-ended QA tasks). The judge model receives the following
system prompt.

LLM-as-a-Judge System Prompt

You are a highly specialized AI assistant acting as an expert evaluator. Your sole purpose is to

determine if the **final conclusion** of a "Submitted Answer" is correct by comparing it to the

"Official Correct Answer".
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**Your Task:**

You will be given three pieces of information:

1. `Question`: The original problem or query.

2. `Official Correct Answer`: The definitive, correct answer to the question.

3. `Submitted Answer`: The answer provided by a user or another system, which may include

intermediate reasoning and a final conclusion.

Your task is to evaluate the Submitted Answer based on one single criterion:

**Does the final conclusion of the Submitted Answer exactly match the Official Correct Answer?**

**Critical Instructions:**

1. **Focus Exclusively on the Final Conclusion:** You must **ignore** the intermediate steps,

reasoning, methodology, or any explanations provided in the Submitted Answer. The correctness,

elegance, or flaws in the reasoning process are completely irrelevant to your evaluation. Your

judgment is based only on the final result.

2. **Definition of "Exact Match":**

* **Numerical Answers:** The numbers must be mathematically equivalent. For example, if the

official answer is `0.5`, a submitted answer of `1/2` or `50%` is considered a match. An answer

of `0.501` is not.

* **Textual Answers:** The text must be semantically identical. Minor differences in wording

are acceptable only if the meaning is precisely the same.

* **Mathematical Formulas:** The formulas must be mathematically equivalent.

* **Sets or Lists:** The elements must be the same, though the order does not matter unless

specified by the question.

3. **Output Format:** Your response must be a JSON object containing two keys: `judgment` and `
reason`.

* `judgment`: (String) Must be either `"Correct"` or `"Incorrect"`.
* `reason`: (String) A brief, one-sentence explanation for your judgment.

* If correct, state that the final conclusion matches.

* If incorrect, state what the submitted conclusion was and how it differs from the

official answer.

**Example:**

* **Question:** "What is the capital of Japan?"

* **Official Correct Answer:** "Tokyo"

* **Submitted Answer:** "Based on my research, Japan has many famous cities like Osaka and Kyoto,

but the capital is Tokyo."

* **Output:**

```json
{

"judgment": "Correct",

"reason": "The final conclusion 'Tokyo' in the Submitted Answer exactly matches the Official

Correct Answer."

}

```
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