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Abstract

Parallel thinking broadens exploration and com-
plements deep information-seeking (IS) agents,
but in this setting it is hindered by redundant
from-scratch rollouts and context-limited an-
swer generation that cannot reliably integrate
long-horizon trajectories. To address these is-
sues, we propose PARALLELMUSE, a two-
stage inference-only paradigm designed for
deep IS agents. The first stage, Functionality-
Specified Partial Rollout, partitions generated
sequences into functional regions and performs
uncertainty-guided path reuse and branching
to enhance exploration efficiency. The sec-
ond stage, Compressed Reasoning Aggrega-
tion, exploits reasoning redundancy to loss-
lessly compress information relevant to answer
derivation and synthesize a coherent final an-
swer. Experiments across multiple open-source
agents and benchmarks demonstrate up to 62%
performance improvement with a 10-30% re-
duction in exploratory token consumption.

1 Introduction

Deep information-seeking (IS) agents' (OpenAl,
2025a; Team, 2025a,b) uncover hard-to-access in-
formation by iterating between environmental® in-
teraction and internal deliberation, progressively
deepening reasoning during a single execution to
solve complex problems (Wu et al., 2025a; Li et al.,
2025¢; Tao et al., 2025), extending LL.Ms beyond
static training data to reason over real-world knowl-
edge. In this setting, parallel thinking provides
a natural form of test-time scaling: increasing
the number of parallel exploration paths broad-
ens search while preserving reasoning depth along
each path, improving performance without updat-
ing model parameters. Consistent with the two-

'The agents discussed in this work are function-calling
agents that adhere to the ReAct (Yao et al., 2023) paradigm,
operating through an interleaved think — tool call loop.

The term “environment” specifically refers to the web or
information sources with which the IS agent interacts.

stage view of parallel thinking (Li et al., 2025a)
(exploratory sampling and answer generation), we
adapt it to deep IS agents in PARALLELMUSE and
characterize the two stages under agentic interac-
tion and propose stage-wise optimizations.

First, in the exploratory sampling stage, conven-
tional rollout strategies in parallel thinking typi-
cally restart from scratch at each iteration, resam-
pling the entire exploration space (Fu et al., 2025;
Zeng et al., 2025). During certain reasoning phases,
however, exploration diversity is inherently low,
making repeated rollouts inefficient. Prior work
introduces partial rollout methods that estimate ex-
ploration potential via uncertainty and selectively
branch where uncertainty is high (Hou et al., 2025;
Dong et al., 2025; Li et al., 2025¢), but these ap-
proaches assume functional homogeneity across
tokens, implying that all tokens contribute equally
to exploration and exhibit similar uncertainty.

This assumption holds in purely reasoning-
oriented tasks such as mathematics or coding
but fails in agentic IS settings, where the model
must generate both reasoning and tool-call ac-
tions. These behaviors naturally form distinct func-
tional regions with different uncertainty patterns.
Motivated by this observation, we propose the
Functionality-Specified Partial Rollout method as
the first stage of the PARALLELMUSE framework.
The method segments the generated sequence into
functional regions, estimates uncertainty indepen-
dently within each, and selectively expands roll-
outs for reasoning steps with higher exploration
potential. This enables behavior-level estimation
of exploration potential, allowing targeted explo-
ration across different functional behaviors, and
improving overall efficiency in agentic tasks.

Second, in the answer generation stage, parallel
thinking must distill one output from multiple can-
didates via answer selection (Wang et al., 2022; Fu
et al., 2025) or answer aggregation (Jiang et al.,
2023; Liang et al., 2024; Zhang et al., 2025b). In




complex agentic tasks, correct outcomes can be
sparse in a vast sampling space, and continual in-
corporation of external, non—-model-generated in-
formation shifts the output distribution and under-
mines confidence calibration (Jang et al., 2024), so
majority voting (Wang et al., 2022) and confidence-
based selection (Fu et al., 2025) often fail. Aggrega-
tion then trades off between ignoring intermediate
reasoning (final-answer only) and exceeding con-
text limits (full-trace), while aggregating only the
last steps (Qiao et al., 2025) shortens sequences at
the cost of discarding earlier planning and decom-
position cues crucial for coherence judgments.

To address this challenge, we view IS as dis-
covering key entities and constructing connections
among them (Li et al., 2025c¢; Tao et al., 2025).
Pilot observations suggest that only a small subset
of explored entities ultimately contributes to the an-
swer, indicating substantial redundancy and strong
potential for lossless compression of trajectories.
Accordingly, we propose Compressed Reasoning
Aggregation as the second stage of PARALLEL-
MUSE: it condenses each candidate trajectory into
a concise, answer-relevant report, then aggregates
these reports to produce the final output. This en-
ables joint consideration of multiple trajectories
while reducing reliance on majority-based selec-
tion, yielding more reliable answer generation.

Our PARALLELMUSE is evaluated on four open-
source deep IS agents, across four challenging
benchmarks that jointly assess deep search and
reasoning abilities. Extensive experiments show
that PARALLELMUSE achieves up to 62% im-
provement while requiring only 70-90% of the ex-
ploratory token cost of conventional parallel think-
ing. Beyond the empirical gains, our analysis pro-
vides key insights into the mechanisms of deep IS
agents, offering guidance for future research.

2 Pilot Observation

We begin with a preliminary analysis of the char-
acteristics of deep IS agents and tasks, providing
insights from two perspectives: (i) exploratory sam-
pling and (ii) the resulting trajectories.

2.1 Distinct Uncertainty Patterns Across
Functional Reasoning Steps

In deep IS tasks, agents must not only reason over
internal knowledge but also explore unknown in-
formation through tool use and environmental in-
teraction. While pure reasoning models use to-

kens exclusively for internal reasoning, deep IS
agents additionally allocate tokens for tool invo-
cation to retrieve external information, reflecting
distinct functional roles in token utilization.

Formally, each step consists of a reasoning seg-
ment, a tool invocation, and its tool response. We
denote the set of tokens generated by the model at
stept as Ty = {z¢1, %12, ..., Tt,m }» With x; ; denot-
ing the i-th token. The set is partitioned into two
subsets: 7", representing reasoning tokens, and
T,¢, representing exploration tokens. This partition
holds for each step, implying 7,” U 7, = T;. By
extension, aggregating these sets across the entire
trajectory yields global sets (7,7",7°¢). In con-
trast, a pure reasoning task would have an empty
exploration set, 7¢ = (), satisfying 7 = 7.

Furthermore, we observe that the uncertainty
associated with tokens in the 7" and 7 subsets ex-
hibits distinct temporal dynamics during the agen-
tic interaction-reasoning process. To quantitatively
capture this behavior, we use the perplexity (PPL)
of each reasoning step, which is defined as the av-
erage PPL of tokens within step ¢, as a proxy for
the deep IS agent’s self-uncertainty.
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where x;; € 7;f and f € {r,e} represents the
functional region, which is partitioned into a rea-
soning region r and an exploration region e.

We analyze PPL(r, t) and PPL(e, t) across steps
to characterize the distinct uncertainty dynamics
of reasoning and exploration within the agentic
reasoning-interaction process. As shown in Fig-
ure 1, across multiple deep IS models, we examine
the distribution of the top-4 uncertainty steps ob-
served during task execution. The results reveal a
consistent pattern: exploration uncertainty reaches
its highest levels at the earliest stages, when no
external information has yet been gathered, while
reasoning uncertainty peaks slightly later as the
agent begins integrating retrieved information into
its internal reasoning process.

Specifically, exploration uncertainty is highest at
the beginning of a task, when the agent has not yet
acquired external information and must explore the
environment with minimal prior knowledge. Rea-
soning uncertainty peaks slightly later in the early
stage, as the agent starts to integrate newly retrieved
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Figure 1: KDE-smoothed distribution of steps with top-4 uncertainty on the BrowseComp subset (truncated to
earlier steps as later ones are typically more certain). DeepSeek-V3.1-T denotes DeepSeek-V3.1-Terminus, and

Tongyi-DR denotes Tongyi-DeepResearch-30B-A3B.

information into its reasoning process. As execu-
tion continues, both types of uncertainty gradually
decrease as knowledge accumulates and reasoning
becomes more grounded, leading to increasingly
confident decisions and actions.

This observation further informs the design of
the Functionality-Specified Partial Rollout in PAR-
ALLELMUSE, which enhances agentic parallel
thinking by enabling more efficient exploration.

2.2 From Exploration Redundancy to
Losslessly Compressible Trajectory

Following recent studies (Li et al., 2025¢; Tao et al.,
2025; Li et al., 2025b), deep IS tasks can be for-
mulated as a process of entity discovery and rela-
tion construction. Formally, given an initial query
or objective ¢, the agent incrementally builds a
set of discovered entities V = {vy,v2,...,uN}
through iterative interactions with external infor-
mation sources. At each step ¢, the agent performs
exploration to retrieve candidate entities V; and rea-
soning to determine their relevance and relational
connections. The evolving information state of the
agent can thus be expressed as:

gt — (Vt)Rt)a (2)

where V, denotes the set of effective entities rel-
evant for answer derivation, and R; C V; x V;
represents the relations among them. The task ob-
jective is to iteratively refine the graph G, until it
captures the entities and relations necessary for
deriving the final answer. Upon termination, the
resulting graph Genal 2 Zanswer €ncodes all informa-
tion essential for answer derivation and serves as
the core representation of the reasoning trajectory.

Based on this formulation of deep IS tasks, we
estimate trajectory redundancy by the proportion
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Figure 2: Average entity count per task and per model,
where entities are extracted by GPT-4.1 based on the
complete reasoning trajectory and ground-truth answer.

of effective entities, namely those that directly or
indirectly contribute to answer derivation, among
all entities discovered during execution. Formally,
let Vioral denote the set of all entities explored by
the agent, and let Vet € Vioral denote the subset
that is useful for deriving the final answer. We
define the redundancy ratio I'red as:

| Vett|
| Vtotal ’

A higher I'\eq indicates greater redundancy in the
trajectory, corresponding to a stronger potential for
lossless compression. Here, lossless compression
refers to eliminating redundant entities and reason-
ing steps while preserving all information required
for complete answer derivation, namely the recon-
struction of Ggna. Accordingly, I'eq serves as an
approximate indicator of lossless compressibility.
Accordingly, we compute the reasoning trajec-
tory redundancy of several mainstream deep IS
agents during real task execution. As illustrated in
Figure 2, all models exhibit consistently high re-
dundancy, indicating that the reasoning trajectories
in deep IS tasks are highly losslessly compress-
ible. This observation supports the design of the
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Figure 3: Workflow of PARALLELMUSE, including (Left) the Functionality-Specified Partial Rollout, where the
Get Branch shows the selection of top-k steps based on (exploration) tool-call uncertainty (just as an example of
branching criterion), and (Right) the Compressed Reasoning Aggregation.

Compressed Reasoning Aggregation method in
PARALLELMUSE, which aims to integrate as much
effective reasoning information as possible into fi-
nal aggregation with minimal information loss.

3 ParallelMuse

The proposed PARALLELMUSE is a two-stage
agentic parallel thinking paradigm comprising two
complementary components: (i) Functionality-
Specified Partial Rollout and (ii) Compressed Rea-
soning Aggregation. As shown in Figure 3

3.1 Functionality-Specified Partial Rollout

Functionality-Specified Branching Step Identi-
fication. Agent models inherently partition gen-
erated tokens into functional regions, typically rea-
soning and exploration, signaled by special tokens
such as <think> and <tool_call>. We leverage
these markers to identify distinct functional seg-
ments within the generation process. To enable
more targeted partial rollout, it is essential to iden-
tify reasoning steps with higher exploration poten-
tial. We measure this potential through the model’s
generation uncertainty at each step, as higher un-
certainty indicates greater diversity in possible con-
tinuations and thus a broader exploration space.
Accordingly, we compute the step-level perplexity
(PPL) within each functional region, as defined in
Eq. (1), to quantify the generation uncertainty.
This process is conducted in an offline manner to
ensure optimal branch selection. As shown in Fig-

ure 3 (Left), we first generate M initial trajectories
from scratch, compute step-level PPL for reason-
ing and exploration regions along these trajectories
for each step, and select the top-k steps with the
highest uncertainty in the chosen functional region
f € {r, e} (defined in Eq. (1)) as branching points
for subsequent partial rollouts. It is noted that M,
k, and f are tunable hyper-parameters.

Asynchronous Partial Rollout. From the se-
lected high-uncertainty steps, N — M additional
partial rollouts are launched asynchronously to ex-
pand exploration, where N is the overall sampling
budget. Each branch reuses the preceding context
rather than regenerating it from scratch, continuing
from cached hidden states in the key—value (KV)
cache (Li et al., 2024; Wu et al., 2025b). This reuse
eliminates redundant forward passes, yielding sub-
stantial savings in both token and compute cost.
We implement an asynchronous rollout engine
for parallelization while preserving each branch’s
causal decoding consistency, enabling multiple
branches to expand concurrently. The acceleration
comes from two sources: (i) prefix reuse via KV
caching and (ii) asynchronous parallelization. Let
branch j reuse a prefix of token length p; and gener-
ate a suffix of token length s;. With cold decoding
(no KV reuse), the cost is C;"ld = Ceold * (Pj + 55);
with KV reuse, the cost is C;.‘O‘ = c- sj. Here,
¢ > 0 denotes the per-token compute cost under
cached decoding (with KV reuse), and ccolq > ¢
denotes the per-token cost when regenerating from



scratch (without KV reuse).
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Asynchronous scheduling parallelizes hot decoding
across P active branches. If a € [0, 1] denotes the
parallelizable ratio, the throughput gain obeys the
Amdahl-type bound (Amdahl, 1967):

1

ParaFactor(P) < ———.
araFactor( )_(1—a)+a/P

6))

Combining Eq. (4) and Eq. (5) yields the theoreti-
cal overall speedup: Speedup,,,; S ReuseFactor x
ParaFactor(P). In practice with KV caching (c ~
Ceold), high parallelizability (o ~ 1), and P within
hardware concurrency, this simplifies to

D
Speeduptotal ~ <1 + %J 8]> P. (6)
j°J

This design jointly exploits deterministic prefix
reuse and asynchronous parallelization to achieve
near-linear speedup in exploration efficiency with
relatively lower token cost.

3.2 Compressed Reasoning Aggregation

Structured Report-Style Compression. Build-
ing on the analysis in Section 2.2, we observe that
reasoning trajectories produced during exploratory
sampling in deep IS tasks are highly redundant and
thus largely compressible. To incorporate rich inter-
mediate reasoning signals into answer aggregation
while avoiding context overflow and excessive com-
putation, we compress each exploratory reasoning
trajectory prior to aggregation.

As illustrated in Figure 3 (Right), each trajectory
is distilled into a structured report that preserves
information essential for answer derivation. Specif-
ically, the report records: (i) solution planning,
describing the decomposition of the problem into
subproblems and their execution order; (ii) solution
methods, detailing the tools used, and intermediate
results; and (iii) final reasoning, explaining how
subproblem solutions are integrated to obtain the
final answer. Redundant tool responses and unpro-
ductive reasoning steps are discarded. This com-
pression effectively reconstructs the agent’s inter-
nal information-state graph G (Eq. (2)), capturing
all information relevant to answer derivation.

Reasoning-Guided Answer Aggregation. After
compression, we jointly aggregate the N reports
within a single context window, enabling holistic
evaluation of the compressed reasoning trajecto-
ries rather than relying solely on final answers or
partial traces. This supports more reliable answer
selection based on reasoning coherence. During
aggregation, we explicitly discourage majority bias
and prohibit trivial enumeration of answers. Each
report already contains sufficient tool-calling prove-
nance for answer derivation. Accordingly, the ag-
gregation stage performs no additional tool invoca-
tion and reasons solely over the /V reports, yielding
an effective yet computationally efficient process.

4 Experiments

4.1 Setup

Benchmarks. We evaluate PARALLELMUSE on
four challenging deep IS benchmarks: BrowseC-
omp (Wei et al., 2025), BrowseComp-zh (Zhou
et al., 2025), GAIA (Mialon et al., 2023), and Hu-
manity’s Last Exam (HLE) (Phan et al., 2025).
Together, these benchmarks cover complemen-
tary aspects of deep IS, with BrowseComp and
BrowseComp-zh emphasizing deep search, HLE
focusing on reasoning, and GAIA balancing both.
For efficient text-only evaluation, we use sam-
pled subsets from large-scale datasets: 200 ran-
domly selected tasks from BrowseComp, 157
search-focused text-only tasks from HLE, and 103
text-only tasks from GAIA (Li et al., 2025d), while
using the full 289-task set for BrowseComp-zh.

Agent Models. We select four open-source mod-
els with diverse parameter scales and advanced
tool-use capabilities for deep IS tasks: GPT-OSS-
20B (OpenAl, 2025b), GPT-OSS-120B, DeepSeek-
V3.1-Terminus (DeepSeek-V3.1-T, 671B) (Liu
et al., 2024), and Tongyi-DeepResearch-30B-A3B
(Tongyi-DR) (Team, 2025b). All models are in-
voked under the official function-calling protocol.
Defaultly, we use the same agent model to perform
both stages of the PARALLELMUSE.

Baselines. In addition to the standard inference
baseline without parallel thinking (No Scaling),
we compare PARALLELMUSE with several rep-
resentative parallel thinking baselines: (i) Self-
Consistency (Majority Vote) (Wang et al., 2022),
which selects the most frequent answer across
multiple trajectories; (ii) Max #Tool Call (Zeng
et al., 2025), which selects the answer from the
trajectory with the largest number of tool calls;



Model / Framework | Method | BrowseComp | BrowseComp-zh | GAIA | HLE
Closed-Source Deep Information-Seeking Agents
Claude-4-Sonnet No Scaling 122 29.1 68.3 20.3*
OpenAl-03 No Scaling 49.7 58.1 70.5 26.6}
Kimi Researcher No Scaling - - - 26.9}
OpenAl DeepResearch | No Scaling 51.5% 429 67.4 26.6}
Open-Source Deep Information-Seeking Agents
No Scaling 30.9 28.6 63.4 24.2
Majority Vote 44.0 38.8 69.9 242
Max #Tool Call 17.0 19.0 58.3 26.1
GPT-0OSS-20B Weighted Vote 41.0 37.0 68.9 31.2
Answer Aggr. 38.0 36.0 61.2 26.8
Reasoning Aggr. 24.5 18.0 61.2 274
PARALLELMUSE 49.0 44.3 72.8 32.5
No Scaling 34.9133.8¢ 36.0 74.3 36.3
Majority Vote 48.5 46.7 71.7 433
Max #Tool Call 17.5 26.3 68.9 36.9
GPT-OSS-120B Weighted Vote 48.0 45.7 82.5 45.2
Answer Aggr. 46.5 46.7 76.7 37.6
Reasoning Aggr. 27.5 24.6 72.8 39.5
PARALLELMUSE 56.5 54.3 854 45.9
No Scaling 23.2 36.1 61.0 | 25.0121.7*
Majority Vote 30.0 45.0 70.9 26.1
Max #Tool Call 17.5 28.0 57.3 274
DeepSeek-V3.1-T Weighted Vote 29.5 45.0 70.9 28.0
Answer Aggr. 31.5 40.1 70.9 33.1
Reasoning Aggr. 30.5 329 72.8 29.3
PARALLELMUSE 39.0 50.2 74.8 37.6
No Scaling 51.0143.4F 453 73.6 | 38.5132.9¢
Majority Vote 60.0 56.8 77.7 40.1
Max #Tool Call 41.0 36.3 75.7 38.2
Tongyi-DR Weighted Vote 62.0 53.6 78.6 42.7
Answer Aggr. 62.5 543 78.6 459
Reasoning Aggr. 61.5 55.0 77.7 45.2
PARALLELMUSE 65.0 571 79.6 52.2

Table 1: Overall performance. Scores marked with } represent full-benchmark results, whereas unmarked scores
correspond to our benchmark settings. Evaluation details can be found in Appendix A.1.

(iii) DeepConf (Weighted Vote) (Fu et al., 2025),
which weights candidate answers by the model’s
self-estimated confidence; (iv) Generative Self-
Aggregation (Answer Aggr) (Li et al., 2025f),
which aggregates only final answers; and (v) Recur-
sive Self-Aggregation (Reasoning Aggr.) (Venka-
traman et al., 2025), which aggregates sampled
sub-trajectories from each trajectory.

4.2 Overall Performance

We report results of closed-source deep IS agents
and compare them with open-source agents aug-
mented with PARALLELMUSE and representative
parallel thinking baselines. As shown in Table 1,
PARALLELMUSE consistently delivers the largest

performance gains across all agent models and
benchmarks. When applied to Tongyi-DR, it
achieves performance comparable to or even ex-
ceeding that of most closed-source agents.

We further observe that Weighted Vote, which
relies on self-estimated confidence, underperforms
Majority Vote for all models except Tongyi-DR.
This is attributable to confidence miscalibration in
agentic settings: repeated incorporation of external,
non-parametric content (e.g., tool responses) shifts
the model’s internal distributions, degrading confi-
dence reliability (Jang et al., 2024; Chhikara, 2025).
Exceptions include the HLE benchmark, which in-
volves limited external interaction, and Tongyi-DR,
whose continual pre-training improves calibration



Agent Model | Functional Region | BrowseComp | BrowseComp-zh | GAIA | HLE
| From Scratch: No Region | 34.9 | 36.0 | 742 | 363

GPT-0OSS-120B Partial: Reasoning 37.9 43.1 76.1 36.3
Partial: Exploration 39.9 41.6 77.9 37.5

Partial: Mixed 38.1 429 76.7 37.1

| From Scratch: No Region | 232 | 36.1 | 610 | 25.0

DeepSeek-V3.1-T | Partial: Reasoning 26.5 39.8 60.2 26.4
Partial: Exploration 23.8 37.9 60.6 25.3

Partial: Mixed 234 38.1 60.3 251

Table 2: Performance comparison between full from-scratch rollouts and partial rollouts guided by functional-region
uncertainty. Detailed configurations are listed in Appendix A.1.

over tool responses (Su et al., 2025). In contrast,
PARALLELMUSE avoids confidence-based selec-
tion and aggregates near-lossless agentic reasoning
signals, leading to consistent and substantial im-
provements across all baselines.

4.3 Analysis of Partial Rollout over Distinct
Functional Regions

To analyze the impact of functional-region—aware
branching in partial rollout, Table 2 reports the aver-
age pass rate over 8 rollouts. From Scratch denotes
full rollouts without context reuse. For PARAL-
LELMUSE, we compare three strategies: branching
based on uncertainty from the Reasoning region,
the Exploration region, and a Mixed strategy that
draws branching steps evenly from both.

The results show that the effectiveness of region-
specific branching varies across models, reflect-
ing differences in their behaviors. For instance,
GPT-0OSS-120B benefits less from reasoning-based
branching due to its strong adaptive reasoning,
whereas DeepSeek-V3.1-T shows greater gains
from reasoning uncertainty, as its function calling
occurs outside the thinking mode. These findings
inform our design choices in PARALLELMUSE.

Across most settings, partial rollout consistently
outperforms full rollout by enabling more tar-
geted exploration. In deep IS tasks, uncertainty-
guided branching allocates sampling budget to
high-uncertainty steps, analogous to Monte-Carlo
Tree Search (MCTS) (Browne et al., 2012), thereby
avoiding local optima and improving efficiency.

4.4 Performance Gains from Compressed
Reasoning Aggregation

In this section, we isolate the effectiveness of
our second-stage answer aggregation method. As
shown in Figure 4, even without exploration gains
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Figure 4: Performance gains from different answer gen-
eration methods, with sampling fixed to 8 from-scratch
rollouts to isolate sampling (exploration) effects.
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from first-stage partial rollout, Compressed Reason-
ing Aggregation alone delivers the largest perfor-
mance improvement. The method performs near-
lossless compression of each agentic reasoning tra-
jectory, enabling efficient integration of rich rea-
soning information without additional tool calls.
By fully exploiting the sampled information dur-
ing aggregation, it improves solution quality while
maintaining high efficiency.

4.5 Efficiency Gains through Context Reuse
and Trajectory Compression

We conduct a detailed analysis of the efficiency
gains achieved by our proposed PARALLELMUSE
on the BrowseComp benchmark, which primarily
arise from two complementary sources:

Token Reduction via Context Reuse. As shown
in Figure 5 (Left), our method (Partial Rollout)
achieves up to 28% token savings by effectively
reusing context instead of regenerating it (Rollout
from Scratch). The efficiency gain increases with
sampling scale, indicating better scalability.
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Figure 5: Efficiency gains using PARALLELMUSE. (i) (Left) Token reduction through context reuse in our partial
rollout method. We use token consumption per trajectory under from-scratch rollouts as the baseline. Green bars
denote token cost with partial rollout (numbers indicate the baseline ratio), and blue bars indicate tokens saved. (ii)
(Right) Comparison of context token usage before and after trajectory compression.

Context Efficiency via Trajectory Compression.

As shown in Figure 5 (Right), compressing the
agent trajectory reduces context token usage by
up to 99% relative to the full trajectory, achiev-
ing an almost complete compression. This enables
multi-trajectory reasoning aggregation within con-
text limits and improves processing efficiency.

In summary, PARALLELMUSE is not a conven-
tional test-time scaling strategy that trades effi-
ciency for performance. Instead, it scales com-
putation selectively, allocating additional tokens to
high-utility regions while eliminating most redun-
dant and avoidable computation.

5 Related Work

5.1 Deep Information-Seeking Agents

Deep information-seeking (IS) agents are au-
tonomous systems that interact with external infor-
mation environments, primarily the web, through
multi-step exploration and reasoning to solve com-
plex knowledge-intensive tasks. Progress in this
area has been driven by both proprietary and open-
source efforts. Proprietary systems demonstrate
strong deep exploration and reasoning capabili-
ties (OpenAl, 2025a; Team, 2025a; Al, 2025; Deep-
Mind, 2025), though their architectures and train-
ing pipelines remain opaque. In parallel, open-
source initiatives have advanced transparent and
reproducible IS agent design (Zhang et al., 2025a;
Wau et al., 2025c¢,a; Li et al., 2025¢; Tao et al., 2025;
Liu et al., 2025; Lu et al., 2025; Team, 2025b),
enabling steady community-driven progress.

In this work, we further explore the unique char-
acteristics of deep IS agents and propose PARAL-
LELMUSE to exploit these properties more effec-
tively, enhancing both capability and efficiency.

5.2 Parallel Thinking for Test-Time Scaling

Parallel thinking (Wang et al., 2025) is a test-time
scaling strategy that improves reasoning by gen-
erating multiple trajectories to capture diverse be-
haviors and jointly selecting a final answer. Con-
ceptually, parallel thinking follows a two-stage
paradigm (Li et al., 2025a): exploratory sampling
and answer generation. The first stage explores
diverse reasoning paths through independent sam-
pling (Wei et al., 2022; Zeng et al., 2025), partial
rollouts with shared context (Al, 2025), or struc-
tured rollouts (Qi et al., 2025), with independent
and partial rollouts generally more effective in large
agentic search spaces. The second stage synthe-
sizes results through answer selection (Wang et al.,
2022; Fu et al., 2025), which is efficient but often
biased, or answer aggregation (Jiang et al., 2023;
Liang et al., 2024), which is more stable but faces
challenges in identifying which intermediate rea-
soning is most critical to the final answer.

Most existing parallel thinking methods inherit
the assumptions of pure reasoning tasks. Build-
ing on an analysis of agentic reasoning in deep
IS settings, we propose PARALLELMUSE, which
leverages these properties to more effectively un-
lock the potential of deep IS agents.

6 Conclusion

This work studies the limitations of parallel think-
ing in deep IS agents and introduces PARALLEL-
MUSE, a two-stage paradigm that improves explo-
ration efficiency and reasoning aggregation. By
leveraging the characteristics of deep IS tasks,
PARALLELMUSE delivers substantial performance
gains across multiple agents while significantly re-
ducing exploratory token consumption.



Limitations and Future Work

In this work, we focus primarily on QA—oriented
deep IS tasks, where the toolset is limited to Search
and Visit. While this configuration is sufficient for
deep IS tasks, more general agentic tasks often in-
volve a broader range of tools (Fang et al., 2025),
leading to substantially larger exploration spaces.
Designing effective parallel thinking strategies un-
der such complex tool configurations to extend ap-
plicability to general agentic settings remains an
open direction for future research.
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A Appendix

A.1 Implementation Details: Evaluation
Metrics and Hyper-Parameters.

All evaluations are performed under the LLM-as-a-
Judge paradigm (Gu et al., 2024), using the official
evaluation prompts and judging models specified
by each benchmark’s released configuration. For
the No Scaling method, we report the average pass
rate over /N independent rollouts, while for parallel
thinking methods, which yield a single final answer
from N rollouts, we report the pass rate of that final
output. For our proposed PARALLELMUSE, the de-
fault hyper-parameter settings are listed in Table 3.
To ensure fair comparison and reproducibility, all
agent—specific hyper-parameters are aligned with
their official optimal configurations for tool usage.

Hyper-Parameters ‘ Values
Sampling Budget N 8
#Initial Rollout M 1
Branching PPL Top-K 2
#Branching Times per Step 1" 3

Table 3: Default settings of PARALLELMUSE.

A.2 Implementation Details: Tools

We adopt the standard tool configuration commonly
used in deep IS agents (Wu et al., 2025a; Li et al.,
2025c¢; Tao et al., 2025; Li et al., 2025b; Qiao et al.,
2025), which includes two core tools for interacting
with the web environment and retrieving external
information:

* Search: Performs batched Google queries and

returns the top-10 ranked results for each.

* Visit: Fetches webpages from multiple URLs
and extracts goal-relevant information.

A.3 Analysis of Partial Rollout
Hyperparameter Configuration

Setting | BrowseComp  #Tokens
Rollout from Scratch | 34.9 56372
Partial (K =1, T =7) 41.3 40511
Partial (K = 2,T = 3) 39.9 41196
Partial (K =3, T = 2) 40.2 40605

Table 4: Exploratory performance and token consump-
tion per rollout under different partial rollout hyper-
parameter configurations.
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We further examined the hyperparameter set-
tings used for partial rollout. As shown in Table 4,
with the definitions of K and T provided in Table 3,
we evaluated the method using GPT-OSS-120B as
the agent model, selecting the tool call segment best
suited to the model as the functional region for com-
puting partial rollout branches. The results show
that varying the hyperparameters of partial roll-
out has only marginal effects on both performance
and token consumption, which supports the robust-
ness of our proposed approach. Notably, across all
hyperparameter configurations, partial rollout con-
sistently delivers substantially better performance
than rollout from scratch while requiring signifi-
cantly fewer tokens, providing strong evidence for
the effectiveness of the proposed strategy.

A.4 Impact of Model Capability on
Compressed Reasoning Aggregation

Rollout Model | Aggregation Model | BrowseComp
GPT-0OSS-20B 49.0
GPT-0OSS-20B | GPT-OSS-120B 1 50.5
GPT-5 11 55.5
. Tongyi-DR 65.0
Tongyi-DR ‘ GPT5 ‘ 66.0

Table 5: Performance gains from using stronger models
for Compressed Reasoning Aggregation. Rollout con-
figuration detailed in Table 3.

In the proposed PARALLELMUSE, the compres-
sion process in Compressed Reasoning Aggrega-
tion can be viewed as extracting and reconstruct-
ing the agent’s internal information state graph G
(defined in (2)) from the full agentic reasoning tra-
jectory. This graph, described by the compressed
report, encapsulates all information necessary for
answer derivation. Hence, the quality of compres-
sion depends on the fidelity of this extraction and
reconstruction, which directly affects subsequent
aggregation performance.

To examine whether a stronger model can per-
form higher-quality compression and yield better
aggregation, we evaluate the setting where the Com-
pressed Reasoning Aggregation stage is executed
by models stronger than those used for the first-
stage partial rollout. As shown in Table 5, when the
first-stage sampling is conducted with GPT-OSS-
20B, replacing it with a stronger GPT-OSS-120B
for the aggregation leads to a clear performance im-
provement. Further substitution with GPT-5 brings
continuous gains, and a similar trend is observed



on the Tongyi-DR model, confirming that the com-
pressed report effectively represents the agent’s
internal information state graph and that higher-
quality graph reconstruction enhances overall per-
formance. This result also suggests a practical
insight for multi-agent design (Han et al., 2024;
Li et al., 2024): combining models of different
strengths can balance efficiency and performance.
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