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ABSTRACT

Large language models (LLMs) have demonstrated remarkable capabilities in
complex agent reasoning tasks when equipped with external tools. However, cur-
rent frameworks predominantly rely on sequential processing, leading to ineffi-
cient execution particularly for tasks requiring extensive tool interaction. This
paper introduces FLASH-SEARCHER, a novel parallel agent reasoning framework
that fundamentally reimagines the execution paradigm from sequential chains to
directed acyclic graphs (DAGs). FLASH-SEARCHER decomposes complex tasks
into subtasks with explicit dependencies, enabling concurrent execution of in-
dependent reasoning paths while maintaining logical constraints. Through dy-
namic workflow optimization, our framework continuously refines the execu-
tion graph based on intermediate results, effectively integrating summary mod-
ule. Comprehensive evaluations across multiple benchmarks demonstrate that
FLASH-SEARCHER consistently outperforms existing approaches. Specifically,
it achieves 67.7% accuracy on BrowseComp and 83% on xbench-DeepSearch,
while reducing agent execution steps by up to 35% compared to current frame-
works. Furthermore, when distilling this parallel reasoning pipeline into single
models, we observe substantial performance gains across diverse backbone archi-
tectures, underscoring the generalizability of our methodology. Our work thus
represents a significant advance in agent architecture design, offering a more scal-
able and efficient paradigm for complex reasoning tasks.

1 INTRODUCTION

Recent advances in tool-augmented agents and multi-agent systems (MAS) (Dorri et al., 2018;
Canese et al., 2021; Zhou et al., 2023c; 2024; Zhu et al., 2025a;b; Qiu et al., 2025; Roucher
et al., 2025; Tang et al., 2025; Team, 2025) have demonstrated remarkable capabilities in com-
plex problem-solving tasks, showcasing how collaborative agent frameworks can effectively address
challenges requiring diverse reasoning abilities and tool manipulation. These systems leverage spe-
cialized agents with distinct roles, enabling sophisticated planning, reasoning, and tool utilization
to solve tasks that would be challenging for single-agent approaches. Concurrently, research efforts
have focused on Tool-Integrated Reasoning (TIR) (Jin et al., 2025a; Li et al., 2025c;d; Wu et al.,
2025a; Sun et al., 2025; Zhang et al., 2025a; Zheng et al., 2025; Xue et al., 2025) approaches, which
aim to incorporate the capabilities of tool execution or multi-agent systems into a single model
through specialized training methodologies.

Despite their impressive performance, both MAS and TIR approaches face significant limitations
when addressing general complex tasks. Multi-agent systems suffer from inefficient tool utiliza-
tion, excessively long reasoning chains, and prolonged execution times due to sequential process-
ing and redundant communication, while TIR methods encounter reasoning efficiency bottlenecks
with chains frequently exceeding context window limitations. These challenges intensify in com-
plex scenarios requiring deep research capabilities, where MAS and TIR methodologies incorpo-
rate additional verification mechanisms (reflection, self-critique, iterative refinement) to enhance
reliability—at the cost of substantially increased computational overhead. When solving complex
tasks, current agent frameworks typically require more than 20 interaction steps (Wang et al., 2025;
Roucher et al., 2025; Hu et al., 2025), with execution times stretching to hours. This creates a sharp
tension between solution quality and computational efficiency, severely limiting practical viability
in user-responsive applications. When confronted with complex tasks inducing unavoidable latency,
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Figure 1: Overview of FLASH-SEARCHER: Framework and Key Components.

do users deem the better performance necessary enough to justify tolerating or paying for these
delays?

To address these critical challenges, we introduce FLASH-SEARCHER, a novel parallel agent rea-
soning framework that fundamentally reimagines how agents collaborate to solve complex tasks.
Building upon recent empirical advances in reasoning models, our approach leverages these mod-
els’ enhanced capabilities in simultaneously managing multiple cognitive threads. As illustrated
in Figure 1, unlike traditional approaches that adhere to strict sequential processing, FLASH-
SEARCHER decomposes the original task into multiple parallel execution paths, orchestrated via
carefully designed agent workflows. This parallelization allows multiple reasoning paths to progress
simultaneously while intelligently managing tool calls across different execution branches. The
FLASH-SEARCHER framework redefines the efficiency-effectiveness frontier in complex task solv-
ing through key innovations: 1) adaptive decomposition and parallelization of tasks into concurrent
subtasks with dynamic strategy adjustment, 2) dependency-aware reasoning graph management to
model information dependencies and 3) optimize critical paths/information flow, and proactive in-
formation retrieval with knowledge sharing to anticipate downstream needs and reduce redundant
interaction steps.

Our extensive evaluations demonstrate that FLASH-SEARCHER achieves state-of-the-art perfor-
mance across multiple challenging benchmarks. our FLASH-SEARCHER (with GPT-5mini) reduces
the average agent execution steps by 35% (11.2 → 7.4 steps) and shortens the overall execution
time by ~65% compared to OAgents. Despite this dramatic efficiency improvement, FLASH-
SEARCHER (with GPT-5) achieves an impressive average performance of 82.5% on GAIA bench-
mark. Furthermore, on more challenging benchmarks such as xbench, HLE and BrowseComp,
FLASH-SEARCHER achieves performance metrics of 83.0, 44.0 and 67.7 respectively, surpassing
current state-of-the-art methods. Furthermore, to validate the generalizability of our approach, we
constructed FLASH-SEARCHER execution trajectories based on collected web agent data and con-
ducted post-training on the Qwen-2.5 family of open-source models. This lightweight adaptation
achieves 68.0 performance on the xbench-DeepSearch benchmark, a 29.3 improvement over Web-
Dancer, verifying the effective transfer of the parallel agent paradigm to open-source models with
minimal additional training.

In summary, our contributions are as follows:

• We present a novel parallel agent reasoning framework that substantially reduces execution steps
while achieving SOTA performance across various benchmarks.

• High-quality parallel reasoning trajectories, systematically curated and constructed for model
post-training, significantly boost performance on complex evaluation tasks.

• Experimental results demonstrate the effectiveness of lightweight post-training in propagating
parallel agent strategies to open-source models - achieving comparable results to multi-agent
systems.
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• We fully open-source pipeline and datasets of FLASH-SEARCHER to catalyze research on search
agents and models.

2 RELATED WORK

2.1 MULTI-AGENT SYSTEM.

Recent research has highlighted the effectiveness of multi-agent systems in addressing complex
real-world challenges through collaborative agent frameworks. These systems typically employ
multiple specialized agents with distinct roles, thereby supporting advanced planning, multi-turn
reasoning, tool utilization, and environment interaction (Zhou et al., 2023c; 2024; Jin et al., 2025b;
Zhu et al., 2025a;b; Mai et al., 2025; Hu et al., 2024; Tang et al., 2025; Shi et al., 2025; Tang
et al., 2025; Zhou et al., 2023b). Early multi-agent systems such as CAMEL (Li et al., 2023)
showed that dialog between agents can elicit stepwise reasoning through role-playing. Subsequent
frameworks, including MetaGPT (Hong et al., 2024) and ChatDev (Qian et al., 2023), formalized
this approach by implementing structured execution pipelines with dedicated roles such as man-
ager, designer, and coder. Other approaches, like Magnetic-One (Fourney et al., 2024) and Smo-
lagents (Roucher et al., 2025), incorporate a central planner that dynamically delegates subtasks to
specialized tool-based agents. AgentVerse (Chen et al., 2023) refines collaborative reasoning via
a recruitment–decision–execution–evaluation cycle, enhancing reflection and coordination. Work-
force (Hu et al., 2025) decouples planning, coordination, and execution into modular agents, en-
abling efficient domain transfer through plug-and-play workers. Alita (Qiu et al., 2025) proposes
autonomous tool exploration via iterative trial-and-error, expanding capabilities by transforming
multi-attempt tasks into single-attempt ones. However, beyond performance, the latency in these
complex multi-agent frameworks remains understudied.

2.2 EFFICIENT FRAMEWORK.

To address the efficiency bottlenecks inherent in existing agent frameworks, Tool-Integrated Reason-
ing (TIR) has recently emerged as a prominent research direction. Early efforts primarily adopted
prompt-based strategies—such as Search-o1 (Li et al., 2025c)—which employ static templates to
instantiate fixed Thought–Action–Observation loops, thereby enabling rudimentary tool-augmented
reasoning. More recent work has pivoted toward post-training paradigms (Jin et al., 2025a; Li et al.,
2025d; Wu et al., 2025a; Li et al., 2025a; Tao et al., 2025; Sun et al., 2025; Xue et al., 2025; Li
et al., 2025b; Nguyen et al., 2025), where agents are refined via task-specific fine-tuning to enhance
performance. Despite their empirical gains, these approaches typically enforce narrowly scoped exe-
cution workflows, which severely limit their adaptability and scalability in open-domain, real-world
environments. These challenges have motivated a broader effort to improve the efficiency and scala-
bility of reasoning-enabled agents. Recent advances have focused on two key directions: optimizing
agent pipelines and parallelizing search processes. Efficient Agents (Wang et al., 2025) conducts
a comprehensive analysis of core agent modules (workflow design, tool invocation, and memory
architecture) to systematically balance performance and cost. Similarly, ParallelSearch (Zhao et al.,
2025) trains models to detect parallelizable query structures, decomposing complex queries into in-
dependent sub-queries for retrieval tasks, resulting in significant performance gains in search-based
tasks. However, existing systems remain constrained by isolated reasoning-execution loops or and
the prolonged cycles introduced by multi-step verification, highlighting the need for more efficient
approaches to agent.

3 METHOD

3.1 PRELIMINARIES

Tool-Augmented Agents. Tool-augmented agents enhance the capabilities of LLMs by seamlessly
integrating external tools to perform actions such as information retrieval, mathematical computa-
tion, and code execution. This paradigm mitigates the inherent limitations of parametric knowledge
through a structured tool-calling pipeline. Formally, the agent–environment interaction is modeled
as a Markov decision process, wherein each tool invocation induces a state transition driven by
environmental feedback. At timestep t, the agent selects a tool-calling action at ∈ A—where A

3
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Figure 2: The pipeline of FLASH-SEARCHER.

denotes the action space comprising available tools—based on the current state st, and receives an
observation ot ∼ P(· | st, at) from the tool environment. The state transition function is defined as:

st+1 = g (st, at, ot) , (1)

where g : S ×A×O → S represents a state update function incorporating task, action history, and
structured tool outputs into the new state representation st+1 ∈ S.

Multi-Agent Systems. Consider a set of agents indexed by I, where each agent is denoted as
ai for i ∈ I. Each agent maintains a local state sit and possesses specialized capabilities. The
global system state at time t is defined as St = {s1t , s2t , . . . , snt , ct}, which aggregates all local states
along with a shared context ct. Agents coordinate through inter-agent communication protocols to
optimize a common objective function U(St). The evolution of the global state follows:

St+1 = f
(
{ait}i∈I , St, Ot

)
, (2)

where ait ∈ A denotes the action executed by agent i at timestep t, Ot = {oit}i∈I represents the
collection of observations from all agents, and f integrates individual actions, the current global
state, and observations to produce the next global state.

Existing approaches often adopt sequential execution with reflection and verification, prolonging
task completion. Complex tasks may require 40+ interactions, introducing substantial latency. This
sequential dependency creates a fundamental quality–efficiency trade-off, hindering real-world de-
ployment.

3.2 FLASH-SEARCHER: PARALLEL AGENT REASONING FRAMEWORK

To overcome the inherent inefficiencies of sequential execution in conventional agent frameworks,
we introduce FLASH-SEARCHER, a novel parallel reasoning framework that reformulates complex
task solving as structured concurrency. Our approach transcodes the traditional linear workflow into
a dynamic directed acyclic graph (DAG) plan, achieving substantial efficiency gains while preserv-
ing execution coherence. The full pipeline of FLASH-SEARCHER is illustrated in Figure 2.

DAG-based Plan Construction. Given a composite task T , FLASH-SEARCHER employs a de-
composition function D that identifies constituent subtasks and their interdependencies, yielding a
DAG-based plan:

D(T ) = Gplan = (V,E), (3)
where V = {t1, t2, . . . , tn} denotes subtasks and E ⊆ V × V captures prerequisite relations. Each
directed edge (ti, tj) ∈ E encodes that ti must precede tj .

Parallel Inferential Execution & Tool Orchestration. At execution step t, FLASH-SEARCHER
selects candidate subtasks from the pending set Pt ⊆ V :

E(Gt,Pt) = {vi ∈ Pt | φ(vi, Gt, st) = 1}, (4)

where φ(·) is a readiness predicate. Unlike strict topological scheduling, φ permits aggressive
parallelization: a subtask vi may be scheduled if either (i) all its prerequisites are complete, or
(ii) partial execution can provide auxiliary signals for dependency verification. Thus, φ formalizes
cross-validation as a hybrid criterion, blending dependency satisfaction and heuristic consistency

4
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checks. During execution, multiple subtasks E(Gt,Pt) are processed in parallel via tool or agent
invocations. The system integrates observations into the reasoning state:

st+1 = {
(
st, {a(k)t }mk=1, {o

(k)
t }mk=1

)
, (5)

where a
(k)
t and o

(k)
t denote the action and observation of the k-th parallel execution, and { inte-

grates the results via structured aggregation and performs state transitions based on the aggregated
information.

Adaptive Progress Tracking & Summarization. To reflect execution progress, FLASH-
SEARCHER periodically updates the DAG-based plan every ∆ steps:

Gt+∆
plan = R

(
Gt

plan, Ct,Pt, st
)
, (6)

where Ct is the set of completed subtasks. The refinement rule R eliminates resolved nodes, reval-
idates unresolved dependencies based on cross-validation outcomes, and dynamically inserts new
decomposition nodes if needed. The interval ∆ can be flexibly specified: a smaller ∆ increases the
frequency of plan updates, ensuring faster task adaptation and responsiveness; a larger ∆ suppresses
excessive optimization, reducing computational overhead in complex or stable tasks.

By integrating DAG-based decomposition, controlled aggressive parallelization, and periodic DAG
optimization, FLASH-SEARCHER mitigates the sequential bottleneck of existing reasoning archi-
tectures. The framework strikes a balance between theoretical soundness and practical efficiency,
ensuring reproducibility and scalability in complex real-world tasks. The full FLASH-SEARCHER
pipeline is formally presented in Algorithm 1.

Algorithm 1 FLASH-SEARCHER Framework

Require: Composite task T
1: Gplan ← D(T )
2: Initialize s0, P0 ← V , C0 ← ∅
3: t← 0
4: while Pt ̸= ∅ do
5: Et ← {v ∈ Pt | φ(v,Gt, st) = 1}
6: Execute subtasks in Et in parallel
7: Collect results {o(k)t } and update st+1 = {(st, {a(k)t }, {o

(k)
t })

8: Ct+1 ← Ct ∪ completed subtasks
9: Pt+1 ← Pt \ Ct+1

10: if t mod ∆ = 0 then
11: Gt+1 ← R(Gt, Ct+1,Pt+1, st+1)
12: end if
13: t← t+ 1
14: end while
15: return Final state sT

4 EXPERIMENT

4.1 FLASH-SEARCHER FRAMEWORK

4.1.1 SETUP

Benchmarks. We evaluate FLASH-SEARCHER on four challenging benchmarks for information
retrieval and reasoning:

• GAIA (Mialon et al., 2023): A comprehensive benchmark for evaluating complex task-solving
capabilities. For this benchmark, we mainly use the text-only validation set (103 tasks), which
requires deep information retrieval and complex reasoning. Notably, the full validation set is
solely used in Figure 3 for fair comparison; all other evaluations are based on the text-only
validation subset.

5
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Figure 3: Performance comparison of agent frameworks on BrowseComp, xbench-DeepSearch,
GAIA and HLE benchmarks. All results are reported using Pass@1 metric.

• BrowseComp (Wei et al., 2025): Large-scale benchmark comprising 1,266 tasks designed to
test internet-scale information retrieval with hard-to-find information needs and sophisticated
browsing strategies.

• xbench-DeepSearch (Xbench-Team, 2025): Professional benchmark with 100 tasks simulating
real-world search scenarios, emphasizing multi-round refinement and cross-source information
integration.

• HLE (Phan et al., 2025): A frontier benchmark covering over a hundred subjects, designed to
address the limited difficulty of existing benchmarks. We follow the setting in AFM (Li et al.,
2025b) and use HLE-500 for evaluations.

Framework Configuration. FLASH-SEARCHER employs a minimalist yet powerful tool configura-
tion optimized for parallel execution. Our framework integrates two core components: a Search Tool
implemented with the Serper API (Serper, 2025) for retrieving structured search results, and a Crawl
Tool leveraging the Jina Reader (Jina, 2025) for content extraction. The crawl tool incorporates au-
tomatic summarization using the same backbone language model, ensuring consistent information
representation while significantly reducing cognitive load. This streamlined design enables efficient
parallel tool orchestration across reasoning branches while maintaining trajectory simplicity and
operational coherence. More details can be found in Appendix D.

Metrics. We employ the LLM-as-Judge paradigm (Zheng et al., 2023; Wu et al., 2025a) for auto-
mated evaluation, utilizing GPT-4.1-mini as the judge model. Each agent output of different bench-
marks receives a binary correctness assessment from the judge model. For final performance report-
ing, we default to presenting Pass@1 results: this metric quantifies the proportion of tasks where
the agent generates a correct output on the first attempt. Specifically, the Pass@1 score for each
individual benchmark is calculated based on its binary assessment results, and these per-benchmark
Pass@1 scores are ultimately aggregated to report the overall performance. The standardized prompt
for judgment is detailed in Appendix I.1.

4.1.2 MAIN RESULTS
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Figure 4: Performance of FLASH-
SEARCHER with different backbones.

We present a comprehensive evaluation of FLASH-
SEARCHER against state-of-the-art closed-source and
open-source agent frameworks across four challenging
benchmarks: BrowseComp, xbench-DeepSearch, GAIA,
and HLE. As illustrated in Figure 3, our method achieves
highly competitive performance, matching or exceeding
existing approaches while demonstrating superior effi-
ciency and scalability. These results underscore the ef-
fectiveness of our DAG-based architecture in handling di-
verse task complexities.

In Figure 4, our FLASH-SEARCHER when integrated with
GPT-5 achieves a competitive performance of 67.7%
on the BrowseComp benchmark. This result not only
demonstrates a substantial advantage over state-of-the-art
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open-source frameworks (e.g., BrowseMaster (Pang et al., 2025), which attains 30.0%) but also
approaches the performance of the leading closed-source solution, specifically the OpenAI Chat-
GPT agent (68.9%). Even with less powerful backbone models such as GPT-5-mini, our frame-
work achieves 35.3%, demonstrating the effectiveness of our parallel reasoning approach regard-
less of the underlying model. For xbench-DeepSearch, FLASH-SEARCHER also shows remarkable
performance, with our GPT-5 variant achieving 83%, surpassing both BrowseMaster (66%) and
Metaso DeepResearch (64%). This substantial improvement highlights the particular strength of
our approach in deep research scenarios that demand extensive information gathering and com-
plex reasoning. Besides, On the GAIA benchmark, FLASH-SEARCHER with lightweight, resource-
efficient GPT-5-mini backbone achieves 80.6%, exceeding even strong closed-source systems like
Alita (75.2%) and Manus (73.3%). Additionally, our method demonstrates exceptional capability
on the HLE benchmark, achieving a state-of-the-art 44.0% with GPT-5, substantially outperforming
all other frameworks.

These results demonstrate that our FLASH-SEARCHER, a parallel reasoning framework, effectively
addresses the multifaceted challenges inherent to information retrieval tasks. The consistent perfor-
mance of FLASH-SEARCHER across diverse backbone models spanning different architectures and
capability levels further validates the robustness of our approach.

4.2 FLASH-SEARCHER LEARNING

4.2.1 SETUP

Dataset. To train our parallel reasoning agent, we construct a high-quality dataset derived from
multiple sources including WebWalker (Wu et al., 2025b), ASearcher (Gao et al., 2025), Web-
Shaper (Tao et al., 2025), and CoA (Li et al., 2025b). Our final dataset consists of 3354 effective
DAG-based reasoning trajectories. Each trajectory incorporates periodic DAG workflow reviews
and is formatted as a multi-turn dialogue, enabling effective context window extrapolation and long-
range dependency modeling. This format specifically enhances the model’s ability to manage com-
plex reasoning graphs while maintaining coherent conversation flow. More details can be found
in Appendix G.1

Training Configurations. We maintain consistent evaluation metrics and benchmarks with the
framework experiments in Section 4.1.1. All training is implemented using the Llama-Factory
framework (Zheng et al., 2024). We employ supervised fine-tuning to develop robust parallel rea-
soning capabilities. Specifically, for all trained models, the maximum dialogue length is set to
131,072 tokens, the learning rate is set to 10−5, and training is conducted for four epochs. The full
training parameters and detailed data formatting specifications are comprehensively documented
in Appendix G.2.

4.2.2 AGENT MODEL RESULTS

To validate the effectiveness of our parallel reasoning approach beyond framework implementa-
tion, we distilled FLASH-SEARCHER’s parallel reasoning capabilities into standalone agent models
through lightweight supervised fine-tuning. Table 1 presents a comprehensive comparison of these
agent models against existing state-of-the-art methods across four challenging benchmarks.

Our experimental analysis demonstrates that lightweight supervised fine-tuning effectively facili-
tates the transfer of FLASH-SEARCHER’s parallel reasoning capabilities to standalone agent models,
consistently achieving state-of-the-art (SOTA) performance across diverse benchmarks and model
backbone scales. Specifically, on the Qwen-2.5-32B backbone, FLASH-SEARCHER establishes a
new performance ceiling. It outperforms the strongest prior method by 3.3% on BrowseComp,
5.0% on xBench-DeepSearch, and 2.0% on GAIA. Despite forgoing code interpreter tools, FLASH-
SEARCHER achieves state-of-the-art performance at 19.4% on HLE, surpassing tool-augmented
baselines and affirming the general effectiveness of FLASH-SEARCHER in handling general com-
plex tasks. This result underscores FLASH-SEARCHER’s inherent reasoning robustness, as it delivers
strong performance without relying on extensive tools.

Scaling FLASH-SEARCHER to 72B yields consistent and meaningful performance gains across all
benchmarks, demonstrating that our parallel reasoning framework scales gracefully with model ca-
pacity. Notably, the most substantial improvements occur on complex, multi-step reasoning tasks
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Table 1: Performance comparison of agent models on BrowseComp, xbench-DeepSearch, and
GAIA benchmarks. All results are reported using Pass@1 metric. Gray-font values correspond
to results reported in the associated reports.

Method Backbone BrowseComp xbench-DeepSearch GAIA HLE

Cognitive Kernel-Pro Qwen-3-8B - - 43.7 -

WebDancer

QwQ-32B

3.8 39.0 50.5 7.2
WebThinker-RL 2.8 24.0 48.5 -
SimpleDeepSearcher - - 50.5 -
WebShaper - - 53.3 12.2
SFR-DR - - 52.4 17.1

WebDancer

Qwen-2.5-32B

2.5 38.7 40.7 -
SimpleDeepSearcher - - 40.8 -
WebShaper - - 52.4 -
WebSailor 10.5 53.3 53.2 10.8
AFM-RL 11.1 58.0 55.3 18.0
FLASH-SEARCHER 14.4 63.0 57.3 19.4

WebSailor
Qwen-2.5-72B

12.0 55.0 55.4 -
WebShaper - - 60.1 -
FLASH-SEARCHER 18.9 68.0 61.2 20.2

such as BrowseComp and xbench-DeepSearch, with 5% gains, suggesting that increased parame-
ter scale enhances the model’s ability to coordinate and refine reasoning steps. Even on HLE, the
performance affirms that FLASH-SEARCHER internalizes structured reasoning without relying on
external tools. This behavior confirms that our lightweight fine-tuning paradigm not only trans-
fers reasoning capabilities effectively but also unlocks deeper potential as backbone capacity grows,
making it suited for scalable, general-purpose agent deployment.

Notably, these results are achieved through lightweight supervised fine-tuning without RL or tool
reliance. This confirms that parallel reasoning is a learnable and scalable inductive bias, efficiently
transferred via minimal supervision. FLASH-SEARCHER thus emerges as a simple, robust, and
parameter-efficient solution for real-world agents.

5 EFFICIENCY ANALYSIS

We present a comprehensive efficiency analysis of FLASH-SEARCHER using the GPT-5-mini back-
bone, evaluating its execution efficiency and framework improvements compared to existing agent
systems. The distribution plot in Figure 5a demonstrates BrowseComp benchmark requiring the
highest number of both metrics. This reflects the varying complexity demands across different
benchmark types. Figure 5b reveals FLASH-SEARCHER’s operational efficiency through tool calls
per execution step. The tight interquartile range, particularly evident in the GAIA benchmark, in-
dicates consistent and predictable tool utilization patterns. This evidence directly supports FLASH-
SEARCHER’s core claim: its DAG-based architecture optimizes tool utilization efficiency while
cutting extraneous execution steps. Specifically, the architecture’s built-in parallel tool invocation
enables concurrent execution of complementary tools, eliminating sequential bottlenecks that cause
redundant steps in linear pipelines.

To fairly evaluate the execution efficiency of FLASH-SEARCHER, we compare FLASH-SEARCHER
against OAgents (Zhu et al., 2025a) and OWL-Roleplaying (Hu et al., 2025) with their original
configurations (Details in Appendix H). The experimental results are presented in Figure 6, which
demonstrates significant efficiency improvements of our approach across four benchmarks.

As shown in Figure 6a, FLASH-SEARCHER outperforms OAgents on all four benchmarks, achiev-
ing higher task success rates and efficiency gains—with this advantage growing more pronounced
as task complexity increases (BrowseComp > xbench-DeepSearch > HLE > GAIA). This validates
FLASH-SEARCHER’s adaptability to complex scenarios, laying the foundation for subsequent effi-
ciency analysis. Figure 6b further demonstrates that FLASH-SEARCHER (with GPT-5-mini back-
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Figure 5: Efficiency analysis of FLASH-SEARCHER on four benchmarks: (a) shows the correlation
between tool calls and steps; (b) characterizes the distribution of tool calls per step.

bone) reduces agent steps by 35% versus OAgents and 30% versus OWL-Roleplaying on GAIA
benchmark, enabled by its parallel reasoning architecture. This efficiency gain stems from the
DAG-based workflow’s ability to execute concurrent reasoning paths, which effectively mitigates
the sequential bottleneck of traditional methods. Figure 5 illustrates the distribution of tool calls and
steps for FLASH-SEARCHER: despite fewer total steps, our approach maintains higher per-step tool
utilization efficiency (average 3.00 tool calls per step, compared to 0.83 for OAgents and 0.85 for
OWL-Roleplaying), confirming more productive and effective reasoning iterations.
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Figure 6: Efficiency comparison of agent frameworks on four benchmarks.

The core innovation lies in our DAG-based parallel execution mechanism, which directly addresses
the fundamental limitation of redundant tool invocation cycles in sequential reasoning approaches.
By coordinating information needs across parallel branches, we eliminate duplicate searches while
maintaining reasoning diversity. As in Figure 6a, our framework simultaneously enhances both
efficiency and performance, effectively resolving the longstanding efficiency-effectiveness trade-off
in agent systems.

Although agent execution duration is inherently influenced by external factors such as API rate
limits, FLASH-SEARCHER consistently achieves a 35% reduction in execution steps under compa-
rable environmental conditions. This reduction directly translates into lower end-to-end latency and
improved throughput, offering a significant efficiency advantage. Such gains are especially criti-
cal in latency-sensitive applications and high-throughput deployment settings, where conventional
sequential agent architectures encounter substantial scalability and responsiveness bottlenecks.

6 CONCLUSION

In this work, we introduce FLASH-SEARCHER, a novel parallel agent reasoning framework that
overcomes the sequential bottlenecks of conventional tool-augmented agents through structured
concurrency. By reformulating task solving as dynamic scheduling over DAGs, FLASH-SEARCHER
enables fine-grained parallel execution while rigorously preserving logical coherence and correct-
ness. Extensive experiments across BrowseComp, xbench-DeepResearch, GAIA, and HLE demon-
strate that FLASH-SEARCHER achieves state-of-the-art performance, attaining a score of 67.7% on
BrowseComp, alongside substantial gains in computational efficiency through reduced latency and
improved resource utilization. Our results, further corroborated by distilled agent variants, establish
parallel reasoning as a foundational paradigm for building efficient, scalable, and robust AI systems
capable of mastering complex real-world tasks.
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7 ETHICS STATEMENT

Our research focuses on the development of agent frameworks and model architectures for web-
based autonomous agents, aiming to create more effective systems that can assist users in completing
complex tasks. We conduct rigorous evaluation on controlled benchmarks and ensure transparency
in our experimental procedures. This work does not involve any risks related to ethics issues and is
intended to advance research in web agent systems.

8 REPRODUCIBILITY STATEMENT

We have made significant efforts to ensure the reproducibility of FLASH-SEARCHER:

• Training Dataset: The complete FLASH-SEARCHER training dataset will be made publicly
available upon publication. Detailed information about data collection, annotation guidelines,
and quality control measures are provided in Appendix G.1.

• Code: We provide a comprehensive codebase including implementations of our framework,
data generation procedures, and evaluation metrics in the supplementary materials.

• Experimental Configuration: We provide detailed experimental specifications, hyperparame-
ter configurations, and procedural details are documented in Appendix D.

• Limitations: We note that exact reproduction of results for FLASH-SEARCHER frameworks and
models may be challenging due to potential API changes or Inference uncertainty.

By providing these resources, we aim to facilitate reproduction of our results and encourage further
research.
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