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Abstract
Complex information needs in real-world search scenarios demand
deep reasoning and knowledge synthesis across diverse sources,
which traditional retrieval-augmented generation (RAG) pipelines
struggle to address effectively. Current reasoning-based approaches
face a key architectural challenge: they employ a single model to
handle both high-level planning and detailed execution, resulting
in inefficient reasoning and limited scalability. In this paper, we
introduce HiRA, a hierarchical framework that separates strategic
planning from specialized execution. Our approach decomposes
complex search tasks into multiple subtasks, assigns each subtask
to a domain-specific agent equipped with external tools and reason-
ing capabilities, and coordinates the results through a structured
integration mechanism. This separation prevents execution details
from disrupting high-level reasoning while enabling the system
to leverage specialized expertise for different types of information
processing. Experiments on four complex, cross-modal deep search
benchmarks show that HiRA significantly outperforms state-of-the-
art RAG and agent-based systems, highlighting the effectiveness
of decoupled planning and execution for multi-step information
seeking tasks. The code is available at https://github.com/RUC-
NLPIR/HiRA.
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1 Introduction
The information explosion on the Internet has made it increasingly
difficult to find answers to complex queries, leading to the rapid
development of deep search tasks that require understanding com-
plex information needs and synthesizing accurate answers from
multiple sources [19, 44]. However, traditional search engines only
return ranked web pages based on keyword matching, requiring
users to filter and collect information manually.

While large language models (LLMs) equipped with web search
can provide direct answers, they typically utilize direct information
from search results, lacking deep reasoning and comprehensive
analysis capabilities [11, 23]. This has motivated the development
of specialized AI agents for deep search tasks, such as OpenAI
DeepSearch and Grok DeepSearch [12, 25], which aim to bridge the
gap between simple search-enhanced models and deep information
seeking systems.

Conventional approaches typically employ retrieval-augmented
generation (RAG) techniqueswith predefinedworkflows [23, 32, 35],
which incorporate components like query decomposition, docu-
ment summarization, and self-reflection to improve generation
quality. Recently, large reasoning models (LRMs) such as OpenAI-
o1 [29] and DeepSeek-R1 [4] have introduced new opportunities
by integrating web search and browsing capabilities within their
reasoning processes [16, 24, 33]. As shown in Figure 1(b), these
search-augmented reasoning methods can autonomously plan and
acquire external knowledge for complex information retrieval in
an end-to-end manner, significantly improving deep search perfor-
mance.

However, existing approaches suffer from architectural limita-
tions due to their reliance on a single reasoning model to handle
all tasks. Current methods typically work by prompting reasoning
models to generate special tokens [6, 16, 24, 27], which are used to
trigger corresponding tool activations during their thinking pro-
cess. While the broader agent community has explored decoupling
planning from execution [41, 46], applying this paradigm effectively
to deep search remains challenging due to the unique demands of
context management, dynamic tool routing, and multi-step informa-
tion synthesis. Specifically, the single-model approach introduces
two critical deficiencies: (1) Limited capability extensibility: In these
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Figure 1: Comparison of current approaches for deep search
tasks: (a) Direct Reasoning with LRMs, (b) Search-Augmented
Reasoning that enables LRMs to use a search engine during
reasoning, and (c) Hierarchical Reasoning that autonomously
interacts with expert agents and tools in a continuous think-
ing process.

systems, adding new tools often requires re-engineering the token
system itself, including designing new, tool-specific special tokens
(e.g. <|begin_search_query|>, <|begin_code|>) and retraining or ex-
tensively re-prompting the reasoning model to learn their precise
usage and context. This process is brittle and often requires re-
engineering token systems or extensive training to ensure reliable
token generation and tool coordination. (2) Reasoning disruption: As
shown in Figure 1, external execution results are directly injected
into the main reasoning chain, introducing noise that may disturb
core reasoning processes. This disruption weakens the model’s log-
ical thinking and occupies limited context windows with irrelevant
operational details. These limitations stem from the assumption
that one agent is required to handle all aspects of complex rea-
soning tasks. We argue that an effective agent execution should
follow a hierarchical structure, as shown in Figure 1(c): including a
meta-agent for high-level planning, a coordinator for task reason-
ing transfer, and several specialized execution agents for specific
operations. Each execution agent only needs to complete a single
subtask through internal multi-step reasoning and iterative tool us-
age, allowing for deeper analysis without contaminating the overall
planning process.

Based on this insight, we propose a Hierarchical ReAsoning
(HiRA)model, a framework that builds upon the established planning-
execution separation paradigm [46] and optimizes it for deep search
tasks. This architecture consists of three components: a meta rea-
soning planner, an adaptive reasoning coordinator, and a group of
domain-specialized executors. The meta reasoning planner breaks
down complex tasks into subtasks through a reasoning process.
These subtasks are then assigned to specialized agents by the adap-
tive reasoning coordinator. The assignments are based on the task
complexity and required expertise. Each domain-specialized ex-
ecutor leverages specific reasoning models and external tools to
execute the assigned subtask, with reasoning result distillation into
the planner’s process via the coordinator.

Our hierarchical design effectively decouples the strategic plan-
ning from the execution details, allowing for scalable, coherent
reasoning in complex tasks. By integrating specialized expertise
at the execution level and maintaining a coordinated flow across
the hierarchy, HiRA ensures both the flexibility and efficiency nec-
essary for tackling advanced reasoning challenges. We conduct
experiments on four complex, cross-modal, multi-scenario deep
search tasks. The results demonstrate that our framework signifi-
cantly outperforms existing methods across several aspects. Overall,
the key contributions of this work are threefold:

• A Hierarchical Planning and Execution Framework
(HiRA): Building on the established planning-execution sep-
aration paradigm in agent research, we introduce HiRA, a
hierarchical framework that extends this paradigm for deep
search tasks. Our architecture separates high-level strate-
gic planning from specialized execution through a novel
Coordinator layer, preventing execution-level details from
disrupting the core reasoning chain and enabling the flexi-
ble, plug-and-play integration of diverse expert capabilities
without complex re-engineering.

• ACoordinated Communication and Knowledge Fusion
Mechanism: To efficiently achieve reasoning interaction
between different levels, we propose a novel coordination
mechanism to enable efficient, bidirectional communication
in our decoupled framework. It leverages Reasoning Distilla-
tion to refine executor feedback for coherent high-level plan-
ning, and a Dual-Channel Memory to facilitate inter-agent
knowledge fusion and enhance collaborative efficiency.

• Superior Empirical Performance: Experiments across
four complex cross-modal search tasks demonstrate signifi-
cant improvements over traditional RAG and current agent-
based methods, validating the effectiveness of hierarchical
reasoning augmentation for complex information retrieval.

2 Related Work
From Retrieval-Augmented Generation to Deep Search. Retrieval-

Augmented Generation (RAG) combines external knowledge with
LLMs’ parametric knowledge [2, 9, 23]. Early approaches used
single-step retrievalmechanisms [11, 20], while iterative RAGpipelines
later incorporated query decomposition [3, 7, 35, 47], document
refinement [17, 21, 42], and multi-round search [32, 35]. However,
RAG methods rely on predefined workflows that limit adaptive
decision-making for complex queries. Recent work with LRMs in-
tegrate retrieval directly into reasoning processes [16, 18, 24], but
still requires inserting documents into reasoning chains or using
auxiliary models for summarization [27]. These limitations moti-
vate our exploration of hierarchical reasoning augmentation, where
specialized agents serve as cognitive extensions while expanding
additional capabilities.

Planning-Execution Separation andMulti-Agent Systems. The idea
of separating planning from execution has a rich history in both
classical AI planning and recent LLM-based agent research. The
ReAct framework [46] established a foundational paradigm by in-
terleaving reasoning traces with action execution within a single
model, demonstrating the value of combining thought and action.
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Building on this, multi-agent system (MAS) frameworks such as Au-
toGen [41] and MetaGPT [13, 26] explored orchestrating multiple
LLM-based agents with specialized roles. More recently, dedicated
planning-execution separation approaches have emerged [1, 8].
Action-level separation assigns executors to single-step tasks, as in
Plan-Act [10] for HTML manipulation and CoAct [14]. However,
CoAct relies on a “Plan-Act-Replan” paradigm, where local agents
typically execute static plan segments, which struggles in deep
search scenarios where the next strategic step depends on informa-
tion dynamically revealed during execution. Query-level separation
decomposes problems at higher granularity: REMA [5, 36] trains
RL-based planners for mathematical reasoning, while LLMCom-
piler [22] and Query Compiler [47] break down QA tasks into par-
allel execution graphs. These methods often suffer from rigid task
decomposition. Our work builds upon and extends the ReAct and
MAS paradigms by introducing a Dynamic Delegation & Distilla-
tion framework specifically designed for deep search. Unlike ReAct,
which suffers from context pollution as raw tool outputs accumu-
late in its reasoning chain, HiRA isolates execution from planning
through a Coordinator layer that filters and distills execution re-
sults. Unlike prior MAS approaches that focus on general-purpose
agent collaboration, HiRA targets the specific challenges of com-
plex information seeking with domain-specialized executors and
structured reasoning transfer.

3 Methodology
3.1 Problem Formulation
Given a complex question 𝑞 that required information seeking and
a predefined external environment E, our objective is to design a
framework that generates a final solution containing an answer A
and the corresponding reasoning processR. The generation process
can be represented as:

𝑃 (R, 𝑎 | 𝑞, E) =
𝑇R∏
𝑡=1

𝑃 (R𝑡 | R<𝑡 , 𝑞, E<𝑡 ) · 𝑃 (𝑎 | 𝑞,R),

where 𝑇R represents the token generation steps for the reasoning
process, A denotes the final answer, and E<𝑡 = {E(𝑅<𝑠 )}𝑠<𝑡 de-
notes the collection of all environment interaction results prior to
timestep 𝑡 . While existing agentic reasoning approaches typically
use tools directly as the external environment, our work introduces
a higher-level abstraction where the environment E consists of a
collection of expert agents, each capable of reasoning and utilizing
specific tools to accomplish specialized tasks.

3.2 Overview of the HiRA Framework
The HiRA framework is a hierarchical reasoning system that en-
hances deep search effectiveness through the separation of planning
and execution. As shown in Figure 2, the framework consists of
three modules: (1) a meta reasoning planner that decomposes
complex tasks into subtasks through step-by-step reasoning, (2)
an adaptive reasoning coordinator that assigns subtasks to ap-
propriate domain-specialized executors (expert agents) based on
task complexity and capabilities, and (3) a domain-specialized ex-
ecutors that execute subtasks using specialized reasoning models
and external tools. Results obtained by the executors are integrated
back into the planner’s reasoning process through the coordinator.

This hierarchical design decouples strategic planning from execu-
tion details, enabling scalable and coherent reasoning for complex
information seeking tasks.

In our framework, the meta reasoning planner operates at a
high level of abstraction, decomposing the overarching task into
high-level subtasks while deliberately omitting low-level imple-
mentation details. This design prevents the reasoning process from
being biased or disrupted by fine-grained subtask specifics, thus en-
hancing the robustness and generalizability of the generated plans.
A subtask is defined as a comprehensive, self-contained instruction
that includes both the objective and the contextual requirements
for accomplishing a specific component of the overall task. Unlike
simple queries that typically request single pieces of information,
subtasks are composite directives that may involve multiple steps
of reasoning or tool calling , and include detailed requirements for
information processing and result formatting.

3.3 Hierarchical Reasoning Paradigm
3.3.1 Meta Reasoning Planner. The meta reasoning planner serves
as the core module of the framework, responsible for planning, rea-
soning, and answer generation. Unlike conventional tool-augmented
approaches that require models to directly invoke tools with specific
parameters, our meta planner decouples the task into several high-
level subtasks containing strategic instructions for expert agents.
This design enables natural collaboration between meta and expert
agents, ensuring smooth information transfer while eliminating
the noise and overhead associated with direct tool invocation and
execution-level decision making.

To enable dynamic subtask generation, we employ a straight-
forward and unified prompting mechanism where the reasoning
model uses a single, generic set of special tokens for all subtask
dispatches. The overview of the process is shown in Figure 2. In the
reasoning process, the planner will automatically generate special
tokens and place the description and requirements of subtasks in
the middle, which is similar to the process of humans issuing tasks.
As shown in Equation (1), the generated subtask description 𝑠𝑘 is
based on previous task execution results {E(𝑠 𝑗 )} 𝑗<𝑘 and the current
reasoning progress O<𝑡 , naturally enabling reflection, correction,
supplementation, and continuity generation of prior tasks. We im-
pose no explicit constraints on subtask scope, difficulty, size, or
relationships with previous subtasks to preserve overall reasoning
flexibility.

𝑃𝑀 (𝑠𝑘 ) = 𝑃𝑀 (𝑠𝑘 | 𝑞,O<𝑡 , {E(𝑠 𝑗 )} 𝑗<𝑘 ). (1)

Then, the coordinator layer assigns 𝑠𝑘 to corresponding expert
agents for execution. Execution results A𝑘 (𝑠𝑘 ) are wrapped in
special tokens, and then integrated into the model’s reasoning
process for continued generation. Notably, the subtask execution
results incorporated into the reasoning process contain essential
execution procedures and final conclusions, rather than vanilla tool
invocation results that may contain noise and require subsequent
processing.

During the generation process, the model incrementally condi-
tions on the original query 𝑞, the prior decoding history O<𝑡 , and
the set of executed subtask results A 𝑗 (𝑠 𝑗 ) 𝑗≤𝐾 to derive the final
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Figure 2: Overview of the HiRA Framework.

answer 𝑎, formalized as:

𝑃𝑀 (𝑎) = 𝑃𝑀 (𝑎 | 𝑞,O<𝑡 ,A 𝑗 (𝑠 𝑗 ) 𝑗≤𝐾 ), (2)

where 𝐾 denotes the total number of subtasks. This design differs
fundamentally from monolithic models in two ways:

• High-Level Abstraction: Our planner uses a unified token set
for delegating comprehensive, high-level tasks, not invoking
specific, low-level tools. This is an established and effective
prompting strategy that relies on themodel’s ability to follow
strategic instructions.

• Superior Scalability: The framework is highly extensible.
New expert agents can be integrated without any modifi-
cation to the Meta Planner’s tokens or training. The Coor-
dinator assumes the responsibility of routing tasks to new
capabilities. This modular design avoids the need to con-
stantly re-engineer the token system and retrain the model
for each new tool, a critical bottleneck in monolithic archi-
tectures.

3.3.2 Adaptive Reasoning Coordinator. While separating execu-
tion from planning provides clear scalability advantages and re-
duces computational noise, it introduces the risk of information
loss between components. To mitigate this challenge, we design
an adaptive reasoning coordinator that incorporates bidirectional,
task-specific reasoning transfer and a dual-channel memory mech-
anism. This coordinator facilitates seamless reasoning delegation

from the meta agent to expert agents while enabling reasoning
distillation in the reverse direction, thus preserving efficient inter-
agent communication and maintaining the architectural benefits of
separation. The coordinator has three core functions as follows.

(1) Reasoning transfer process. The coordinator is designed
to interpret subtasks provided by the meta planner and identify the
most suitable expert agent for task execution. Given the current sub-
task 𝑠𝑘 and detailed information about all experts 𝐼E = {IA}A∈E ,
the coordinator first analyzes the subtask requirements, then eval-
uates agent capabilities across two key dimensions before making
the optimal selection. Our instruction framework Iselect encom-
passes: (a) Required capabilities: the domain knowledge and tool
utilization abilities necessary for task completion, and (b) Task
complexity: the computational difficulty of the subtask and the
required depth of analysis. For tasks within the same category (e.g.,
information retrieval), target information often resides at varying
depths across data sources. While deploying the most sophisticated
agent can ensure problem resolution, it may introduce unnecessary
computational overhead and analytical redundancy. Therefore, the
coordinator prioritizes selecting the most efficient agent for each
specific task to optimize overall system performance.

Formally, we model this selection process as a classification
problem:

A∗
𝑘
= argmaxA∈E𝑃𝐶 (O

(𝑘 )
dele,A | 𝑠𝑘 ,IE ,Iselect),
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where the coordinator generates selection reasoning O (𝑘 )
dele and iden-

tifies the optimal expert agent A∗
𝑘
through chain-of-thought rea-

soning.
(2) Reasoning distillation process. The coordinator is respon-

sible for understanding and refining the expert agent’s reasoning
process before integrating the results into the meta reasoning plan-
ner’s cognitive flow tomaintain overall reasoning coherence. Unlike
traditional tool-augmented reasoning approaches that primarily
focus on final execution outputs, our framework considers both the
expert agent’s intermediate reasoning steps and the final conclu-
sions. This dual consideration enables the meta planner to compre-
hend the underlying reasoning logic without being encumbered
by low-level execution details, thereby facilitating autonomous
reflection and critical evaluation of execution outcomes.

Specifically, given subtask 𝑠𝑘 and the expert agent’s reasoning
process O (𝑘 )

expert, the distilled reasoning process O (𝑘 )
dist and refined

conclusion R (𝑘 )
dist are generated through:

𝑃𝐶

(
O (𝑘 )
dist ,R

(𝑘 )
dist | 𝑠𝑘 ,O

(𝑘 )
expert

)
= 𝑃𝐶

(
O (𝑘 )
dist | O

(𝑘 )
expert, ·

)
︸                    ︷︷                    ︸

Reasoning Refinement

· 𝑃𝐶
(
R (𝑘 )
dist | O

(𝑘 )
dist ,O

(𝑘 )
expert, ·

)
︸                            ︷︷                            ︸

Conclusion Extraction

.

Subsequently, O (𝑘 )
dist and R (𝑘 )

dist are concatenated and seamlessly inte-
grated as reasoning distillation feedback into the meta reasoning
planner’s ongoing cognitive process.

(3) Dual-channel memory mechanism. To enable effective
information sharing and knowledge transfer among expert agents,
we design a dual-channel memory mechanism tailored specifically
for deep search task scenarios. The comprehensive memory reposi-
toryM encompasses two distinct types of memory: fact memory
M𝑓 and resource memory M𝑟 .

• Fact Memory (M𝑓 ): This module archives factual discoveries
and insights extracted from expert agents’ reasoning processes. To
ensure traceability and verification, each memory entry comprises
a factual assertion paired with its corresponding source attribution
(e.g., URL, file name, or webpage identifier). Furthermore, to main-
tain memory efficiency and reduce redundancy, multiple similar
factual statements originating from identical sources are intelli-
gently aggregated into unified entries.

• Resource Memory (M𝑟 ): This module maintains a repository of
informational resources encountered during expert agent execution
processes. Each entry contains a descriptive summary alongside the
corresponding access path. This design provides subsequent agents
with valuable exploration insights from previous interactions (e.g.,
knowing which URL contains specific data types), thereby pre-
venting redundant exploration steps and enhancing overall system
efficiency.

To strictly control computational latency, we avoid treating mem-
ory updates as an isolated post-processing step. Instead, theMemory
Construction phase is implemented directly within the same instruc-
tion cycle as the reasoning distillation process. As the coordinator
distills the expert’s reasoning O (𝑘 )

expert, it simultaneously identifies
key findings (M𝑓 ) and useful paths (M𝑟 ), systematically updat-
ing the global memory repositoryM in a single pass. During the
Reasoning Transfer phase, the coordinator utilizes M by retrieving

pertinent entries based on semantic relevance between memory
content and the current subtask requirements. These retrievedmem-
ories are then provided as contextual "warm-start" information to
the selected expert agent, closing the knowledge loop.

3.3.3 Domain-Specialized Executors. To cover the diverse capabil-
ities required for deep search tasks, we design three orthogonal
agent capability dimensions, ensuring the system can handle com-
plex and varied deep search scenarios:

• Information acquisition: This dimension is responsible
for acquiring and integrating information from the web.

• Cross-Modal understanding: This dimension handles the
understanding and fusion of multimodal information, ca-
pable of processing data from different modalities such as
images, videos, and audio.

• Computational reasoning: This dimension handles math-
ematical computation, file processing, and other computa-
tional reasoning tasks, capable of transforming abstract prob-
lems into executable code solutions.

Based on these three dimensions, we implement four reasoning
model-driven, specialized agents. For information acquisition,
we design two search agents with different exploration depths: one
based on a simple RAG pipeline that performs single retrieval for
subtasks followed by reasoning, and another based on the Web-
Thinker implementation [27] that can perform deep search and in-
formation acquisition on the internet. The combination of these two
approaches enables flexible solutions for both simple and complex
tasks. For cross-modal understanding, we embed multimodal
models as tools within the reasoning model’s inference process to
achieve dynamic understanding of information in multimodal data.
For computational reasoning, we embed code interpreters into
the reasoning process.

For the aforementioned reasoning-driven agents, their reason-
ing process follows the tool-augmented reasoning execution flow,
capable of dynamically outputting special tokens during reasoning
to trigger corresponding tools. The reasoning process is:

𝑃 (O (𝑘 ) | 𝑠𝑘 ,T ,M𝑘 ) =
𝑇𝑘∑︁
𝑡=1

𝑃 (O (𝑘 )
𝑡 | O (𝑘 )

<𝑡 , {T𝑗 }<𝑡 , ·),

where O (𝑘 ) represents the reasoning process of expert agent for
subtask 𝑠𝑘 , M𝑘 represents the memory related to 𝑠𝑘 , T represents
the tools used in the process (e.g., code interpreter), and {T𝑗 }<𝑡
represents all tool invocation results before time step 𝑡 . Based on this
process, we can embed arbitrary tools into the reasoning model’s
inference process. More details can be found in the appendix.

3.4 Inference Process of HiRA
The inference process of HiRA follows an agentic reasoning ap-
proach. For a given question, the inference process begins with
reasoning by the meta agent. During reasoning, the meta planner
decodes special token pairs, wrapping the subtasks to be executed
between them. The coordinator then processes and distributes the
subtasks to expert agents for execution. After the expert agents
perform reasoning and multiple rounds of tool invocation, subtask
execution results are obtained.
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This reasoning process and results are then processed by the
coordinator through the reasoning distillation process to obtain
refined results, which are integrated into the meta planner’s rea-
soning chain to continue generation. During this process, the meta
planner dynamically adjusts its plan and corresponding subtasks
to be distributed based on execution results, until all information
has been collected and the final answer is provided. The detailed
example can be found in the appendix.

3.5 Theoretical Analysis: An Intuitive
Framework for Decoupling

In this section, we provide an intuitive conceptual framework to
illustrate why decoupling planning and execution is beneficial. We
emphasize that this analysis serves as an intuitive motivation rather
than a formal computational complexity proof; the empirical results
in Section 5 provide the rigorous validation. The reasoning process
of an agent in a deep search task can be conceptualized as a search
for an optimal reasoning path within a vast information space. In
this context, tools are essential instruments for acquiring exter-
nal knowledge to prune this space and refine the path. However,
conventional monolithic agents are constrained by an intrinsic Cog-
nitive Load, which limits their performance on complex, multi-step
tasks.

3.5.1 Cognitive Load in Naive Monolithic Agents. For a monolithic
agent, we define its Cognitive Capacity as 𝐶𝑀 , representing its
finite resources for planning and processing information. At any
reasoning step 𝑡 , the agent’s Cognitive Load, 𝐿𝑡 , is a function of
the entire interaction history E<𝑡 . We can model this load as:

𝐿𝑡 = 𝜏plan︸︷︷︸
Global Planning

+ 𝜏exec (𝑅𝑡 )︸    ︷︷    ︸
Action Execution

+
∑︁
𝑠<𝑡

𝛽 |E(𝑅<𝑠 ) |︸           ︷︷           ︸
Accumulated History Processing

(3)

Here, 𝜏plan is the constant overhead of maintaining a high-level
strategy for question 𝑞. 𝜏exec (𝑅𝑡 ) is the effort required to generate
the current reasoning token 𝑅𝑡 , especially when it involves formu-
lating a complex tool call. The final term represents the cumulative
burden of processing the raw, and often verbose, outputs from all
past environment interactions, E<𝑡 .

In a monolithic agent, this entire load is handled by a single
model. The probability of generating a correct and effective reason-
ing step 𝑅𝑡 is therefore dependent on the agent’s residual cognitive
capacity:

𝑃 (𝑅𝑡 |𝑅<𝑡 , 𝑞, E<𝑡 ) ∝ 𝜎 (𝐶𝑀 − 𝐿𝑡 ) , (4)
where 𝜎 is a monotonically increasing function. As 𝑡 increases,
the size of E<𝑡 grows, causing 𝐿𝑡 to increase, which progressively
consumes the agent’s cognitive capacity, leading to a decay in its
ability to generate high-quality reasoning steps.

3.5.2 HiRA: A Test-Time Enhancement of Reasoning Capacity. The
HiRA framework directly addresses this limitation through its archi-
tectural decoupling of planning and execution, which effectively
functions as a form of test-time capability scaling.

1. Offloading Execution Burden. In our framework, the Meta Rea-
soning Planner is shielded from the low-level details of execution.
Its cognitive load, 𝐿 (𝑡 )planner, is significantly reduced because it does

not process the raw environment outputs. Instead, it operates on a
distilled history E′

<𝑡 :

𝐿
(𝑡 )
planner = 𝜏plan +

∑︁
𝑠<𝑡

𝛽 ′ |D𝑠 |. (5)

Here, D𝑠 is the concise summary produced by the Adaptive Rea-
soning Coordinator’s Reasoning Distillation process. Since the
distilled information |D𝑠 | is much smaller and less noisy than the
raw output |E(𝑅<𝑠 ) |, the cumulative load grows at a much slower
rate (𝛽 ′ ≪ 𝛽). This preserves the planner’s capacity for robust,
long-horizon strategic thinking.

2. Specialized and Stateless Execution. Each Domain-Specialized
Executor is invoked to handle a self-contained subtask. Its cognitive
load, 𝐿executor, is stateless with respect to the global reasoning chain
and does not accumulate over time 𝑡 :

𝐿executor = 𝜏exec (𝑅subtask) + 𝛽 |E(𝑅subtask) |. (6)

Furthermore, because each executor is an agent equipped with spe-
cialized capabilities and employs a highly optimized workflow, its
effective cognitive capacity 𝐶𝐸 can be considered greater than or
equal to that of a generalist agent (𝐶𝐸 >= 𝐶𝑀 ). This results in a
higher success probability for each delegated subtask. In summary,
HiRA’s hierarchical architecture enhances the system’s overall Ef-
fective Reasoning Capacity. By separating the high-level plan-
ning from the details of execution, our framework prevents the
cognitive overload and reasoning attenuation that plague mono-
lithic agents. We note that the above analysis provides an intuitive
characterization of the benefit; exploring rigorous formal guaran-
tees remains an interesting direction for future work.

4 Experimental Settings
4.1 Datasets and Evaluation
To comprehensively evaluate our method on deep search tasks,
we utilize four diverse benchmarks. (1) GAIA [28] is a general-
purpose AI assistant benchmark for multi-step reasoning and re-
trieval; we use all its validation samples, covering text-only, multi-
modal, and file-based scenarios. (2) WebWalkerQA [40] tests web
navigation and information extraction in both English and Chinese.
(3) SimpleQA [39] is a challenging factual dataset requiring in-
depth knowledge acquisition, suitable for evaluating performance
on problems with fewer reasoning steps. (4) Humanity’s Last
Exam (HLE) [31] is a high-difficulty benchmark requiring com-
plex reasoning and external retrieval. To reduce computational costs
while maintaining statistical significance, we sample 500 questions
from the HLE validation set and 200 questions each from Web-
WalkerQA and SimpleQA. To ensure fair evaluation, we adopt the
LLM-as-Judge approach using Qwen2.5-72B-Instruct to assess the
consistency between generated answers and golden answers. The
evaluation instruction follows WebThinker [27].

4.2 Baselines
We compare HiRA with three categories of baselines. To ensure a
fair comparison, all baselines utilize the same backbone model
and identical tool definitions where applicable.
(1) Direct Reasoning: We evaluate models’ native reasoning ca-
pabilities without external tools, including open-source models
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Table 1: Overall performance on various deep search tasks, with accuracy results for each dataset obtained using llm-as-judge.
For 32B models, the best results are indicated in bold, and the second-best results are underlined. Results from larger or
closed-source models are presented in gray for reference.

Method
General AI Assistant WebWalkerQA Humanity’s Last Exam SimpleQA

Level 1 Level 2 Level 3 Avg. Easy Med. Hard Avg. NS CE SF Avg. Acc

Direct Reasoning
Qwen3-32B-no-
thinking

14.3 6.1 10.5 9.5 4.4 2.1 0.8 2.8 7.1 6.0 3.1 6.2 6.5

Qwen3-32B-thinking 26.2 12.1 0 14.9 6.9 1.1 2.9 3.1 14.6 9.8 8.4 12.6 10.5
DeepSeek-R1-32B 21.5 13.6 0.0 14.2 7.5 1.4 4.2 3.8 6.6 5.1 6.5 6.4 5.5
QwQ-32B 30.9 6.5 5.2 18.9 7.5 2.1 4.6 4.3 11.5 7.3 5.2 9.6 6.5

GPT-4o 23.1 15.4 8.3 17.5 6.7 6.0 4.2 5.5 2.7 1.2 3.2 2.6 39.0
DeepSeek-R1-671B 40.5 21.2 5.2 25.2 5.0 11.8 11.3 10.0 8.5 8.1 9.3 8.6 42.4
o1-preview† - - - - 11.9 10.4 7.9 9.9 12.9 8.1 6.6 11.1 42.7

Single-Capability Enhanced
Vanilla RAG 40.5 21.2 5.2 25.2 57.4 44.6 40.0 46.0 10.6 3.7 11.6 9.6 72.5
Search-o1 45.3 25.8 5.3 29.1 70.2 44.6 40.0 49.0 13.0 8.5 12.6 12.2 74.0
WebThinker 50.0 34.9 10.5 36.2 55.3 53.0 50.0 52.5 13.9 9.7 12.6 13.0 78.0
CodeAct 26.2 15.1 0.0 16.5 6.4 4.8 4.3 5.0 9.9 6.1 10.5 9.4 7.5
Multimodal Enhanced 23.8 9.1 0.0 12.6 4.3 0 4.3 4.0 9.3 9.8 8.4 9.2 10.5

Multi-Capability Enhanced
Plan-and-Solve 28.6 18.2 0.0 18.9 44.7 33.7 24.3 33.0 10.2 4.9 7.3 8.8 57.5
ReAct 45.3 28.8 5.2 30.7 46.8 31.3 31.4 35.0 12.7 11.0 20.0 13.8 73.5
HiRA (ours) 61.9 37.9 15.8 42.5 59.6 54.2 51.4 54.5 15.2 11.0 13.7 14.2 81.5

(Qwen3-32B [45], QwQ-32B [34], DeepSeek-R1-32B [4]) and com-
mercial SOTAmodels (GPT-4o [15], DeepSeek-R1 [4], o1-preview [30]).
(2) Single-Capability Enhanced: These methods augment reason-
ing with a specialized tool. We compare against Search-o1 [24] and
WebThinker [27] for search capabilities, CodeAct [38] for code
execution, and a Multimodal Enhanced baseline. Note regarding
WebThinker : To address potential concerns about implementation
transparency, we utilize the official repository for WebThinker
and Search-o1. While WebThinker supports report generation, we
strictly evaluate its QA performance using the same query set,
ensuring a direct comparison.
(3)Multi-CapabilityReasoning:We includePlan-and-Solve [37]
and ReAct [46] as representative agentic workflows. These base-
lines are implemented with the exact same toolset (Search, Code,
Multimodal) as HiRA to isolate the impact of our hierarchical ar-
chitecture.

4.3 Implementation Details
We primarily use QwQ-32B as the base model for both the Meta
Reasoning Planner and Domain-Specialized Executors, and a same-
sized Qwen2.5-Instruct as the Adaptive Reasoning Coordinator. To
demonstrate the generalizability of our framework across model
families, we explicitly include additional experiments using the
Qwen3 family (specifically Qwen3-30B-A3B-Thinking). For all
methods, we enforce a consistent context window of 128k tokens
to eliminate length bias. Inference parameters are set to temperature
0.7, top_p 0.95, and top_k 20.

For tool environments, we ensure that the prompt engineering
for expert agents in our method remains consistent with the base-
lines, avoiding any specific optimizations or few-shot examples that
would bias the results. Our toolset includes: (1) Search: The Bing
Web Search API (US-EN region, top-10 results). (2)Multimodal:
Qwen2.5-Omni-7B [43] invoked dynamically for image/audio un-
derstanding. (3) Code: A secure Python sandbox environment for
computational tasks and file processing.

4.4 Designs of Domain-Specific Agents
We designed four specialized agents to address distinct functional
requirements:

(1) Simple Search Agent: Optimized for efficient information
gathering and fact verification. It operates by generating query
plans, executing searches, and synthesizing answers. (2) Deep
Search Agent: Designed for complex web exploration, enabling
search engine utilization and link interaction. We adopt the Web-
Thinker [27] implementation for this role. (3) Computational
Reasoning Agent: Autonomousy invokes a sandboxed Python
interpreter for code-assisted reasoning and data acquisition (e.g.,
file I/O, web scraping). Following Search-o1 [24], we utilize the
QwQ-32B model to drive the Python environment. (4) Multimodal
Agent: Integrated with multimodal capabilities to process diverse
data formats. We employ Qwen-omni-7B as the embedded tool,
enabling the handling of multimodal inputs directly within the
reasoning chain.
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Table 2: Ablation studies of HiRA, showing results for each
layer. GAIA-B refers to GAIA queries without associated files,
while GAIA-F refers to the subset with files.

Method GAIA-B GAIA-F Web. HLE Simp. Avg.

HiRA 42.5 42.1 54.5 14.2 81.5 44.9

Coordinator Layer
w/o Reasoning Trans. 33.9 36.8 44.5 10.4 76.5 40.4
w/o Memory 37.8 31.6 52.0 11.8 79.0 42.4

Executor Layer
w/o Search 15.7 31.6 4.0 12.4 9.5 14.6
w/o Code 33.9 28.9 51.5 12.8 76.5 40.7
w/o Multimodal 36.2 36.8 55.0 13.6 81.0 44.5

5 Experimental Results
5.1 Main Results
As shown in Table 1, we evaluate our method on the deep search
tasks against several baselines that integrate reasoning with tool us-
age. We have the following observations: (1)Overall performance
superiority: Our method consistently outperforms all baseline
methods. It significantly surpasses direct reasoning models without
tool usage and achieves notable improvements over existing tool-
augmented approaches. Compared to the strongest search agent
baseline WebThinker, our approach demonstrates substantial ad-
vantages on both complex tasks (GAIA and HLE). (2)Hierarchical
reasoning design advantages: Results show that our hierarchical
design achieves better performance when using the same set of
tools. For Plan-and-Solve which relies on a fixed plan executed
sequentially, performs poorly (e.g., 18.9 in GAIA), highlighting
the necessity of dynamic planning during reasoning. While ReAct
enables dynamic planning by integrating multiple tools into the rea-
soning chain, its performance suffers in multi-tool scenarios such
as GAIA due to the overhead of tool selection and noisy intermedi-
ate tool outputs. In contrast, our method outperforms WebThinker
on GAIA, which requires diverse capabilities, while also achiev-
ing superior results on general web search tasks. (3) Robustness
across task complexity: Our framework shows moderate gains
on simpler tasks (e.g., SimpleQA and WebWalkerQA), but exhibits
much larger improvements on more complex tasks, demonstrating
its strength in handling complex reasoning scenarios.

5.2 Ablation Study
We conduct ablation studies to investigate the contribution of each
component within the framework by removing modules from the
Coordinator Layer and the Executor Layer. Results are shown in
Table 2.

In the Coordinator Layer, removing the Reasoning Transfer
mechanism results in a substantial performance decline, partic-
ularly on complex reasoning tasks, with nearly 30% decrease in
performance. In contrast, the Memory mechanism has a more lim-
ited effect, except on file-related tasks (approx. 10% drop), indicating
that the resource component in memory effectively facilitates in-
formation propagation.
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Figure 3: Performance comparison on whether the expert
agent description is provided to the meta planner and maxi-
mum number of sub-tasks limit.

Reasoning & Web browsing Multi-modality File Understanding
Capability

10

20

30

40

50

Sc
or

e
23.3

0.0

28.9
32.0

12.5

31.2

40.8

16.7

36.835.9

8.3

31.6

44.7

33.3

42.1

Direct RAG WebThinker ReAct Ours

Figure 4: Comparison of our method with baselines on three
GAIA subsets, evaluating performance across different di-
mensions of capability.

In the Executor Layer, removing individual expert agents leads
to substantial performance degradation. Among them, removing
the Search Agent causes the most severe drop across all datasets,
highlighting the essential role of information seeking on web. Simi-
larly, removing the Code Agent significantly impacts performance
on multi-functional datasets such as GAIA, showing its importance
for general-purpose tasks. Removing the Multimodal Agent results
in a slight drop on GAIA, where some cases require multimodal
capabilities.

5.3 Generalization and Effectiveness of Meta
Planner

In our framework, the meta-planner receives expert capability infor-
mation for better subtask planning, while also limiting the number
of subtasks to control computational cost. These two factors af-
fect both generalization (supporting more agents) and effectiveness
(achieve higher performance). To evaluate both aspects, we intro-
duce an additional setting where no expert information is provided
to the meta-planner, and we vary the maximum number of allowed
subtasks. Results are shown in Figure 3, leading to two key observa-
tions: (1) Decoupled meta-planner design: Even without expert
information, the meta-planner achieves comparable performance.
This suggests that, within our architecture, the meta-planner and
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Figure 5: Comparison of differentmethods in terms of reason-
ing length (number of output tokens duringmodel inference)
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ronment during inference) in three datasets.

Table 3: Comparison of the operational efficiency of various
methods on GAIA-B, including inference time, number of
environment interactions, and final score.

Method Avg Time (s) Avg Inter. Score

Direct Gen 12.3 0 18.9
RAG 25.7 1.0 25.2
WebThinker 47.3 4.3 36.2
ReAct 31.4 2.2 30.7
HiRA 39.7 3.5 42.5

expert agents are relatively decoupled—the generated subtasks
primarily depend on the task semantics rather than the specific
agents, enabling better scalability to new agents. (2) Subtask scal-
ing trade-off: As the number of subtasks increases, performance
first improves then degrades. This resembles an inference-time
scaling effect: allowing more subtasks enables deeper reasoning
chains, while overly restricting subtasks may prevent sufficient
exploration. However, excessive subtasks may introduce inefficient
plans, eventually hurting performance.

5.4 Capability Analysis
Beyond the main experiments, we further evaluate our system on
additional subsets of GAIA to assess its capabilities beyond web
search (e.g., multimodal understanding, file understanding), which
are also critical for more comprehensive information acquisition. As
shown in Figure 4, our method achieves the best performance across
all capability dimensions, demonstrating its broad applicability.
While baselines like ReAct perform well in purely textual reasoning
and web browsing, our integration of the DeepSearch agent yields
superior results. Moreover, due to our multimodal architecture, we
achieve additional gains in non-textual tasks. It is worth noting that,
although ReAct can invoke multimodal and code tools, its planning
model struggles to coordinate multiple tools simultaneously, often
leading to weak performance (e.g., 8.3 vs. 12.5 in multimodal tasks),
in some cases even underperforming pure search-based approaches.

Table 4: Generalization performance using Qwen3-30B-A3B
as the backbone model.

Method GAIA HLE WebWalker SimpleQA

Plan-and-Solve 21.6 9.4 38.0 64.0
ReAct 29.1 11.6 40.5 77.5
WebThinker 36.2 12.2 50.5 79.0
HiRA (Ours) 39.4 13.6 57.5 82.5
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Figure 6: Time consumption of different stages during the
execution of WebThinker and HiRA. The results represent
the average of five runs.

5.5 Efficiency Analysis
We evaluate HiRA against baselines in terms of inference tokens,
interactions, and time. As shown in Figure 5 and Table 3, HiRA opti-
mizes the cost-performance trade-off. It outperforms the strongest
baseline, WebThinker (42.5 vs. 36.2), while reducing environment
interactions (3.5 vs. 4.3) and inference time (39.7s vs. 47.3s). While
ReAct offers lower latency, its shallow reasoning significantly harms
performance (30.7 vs. 42.5 on GAIA). Conversely, HiRA yields sub-
stantial gains over RAG with only a marginal time increase, effec-
tively balancing latency and depth. A module-wise latency break-
down (Figure 6) reveals that introducing the Coordinator reduces
total latency (∼ 16% speedup vs. WebThinker). This efficiency stems
from two factors. First, information distillation: the Coordinator
filters execution noise into summaries, maintaining a lean context
window to accelerate the Planner’s decoding (28.7s vs. 30.4s). Sec-
ond, hierarchical routing: the Executor phase is significantly faster
(8.2s vs. 16.9s on GAIA) because HiRA dynamically routes simple
tasks to a lightweight RAG agent, reserving heavy Code or Deep
Search agents only for complex sub-tasks.

5.6 Generalization Across Model Families
To verify that HiRA is model-agnostic, we evaluate the framework
using another reasoning model Qwen3-30B-A3B. As shown in Ta-
ble 4, HiRA maintains its performance advantage over ReAct and
WebThinker, confirming the benefits of decoupled planning and
execution across different underlying reasoning models.
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Table 5: Coordinator routing accuracy comparing GAIA and
SimpleQA datasets.

Metric GAIA SimpleQA

Overall Accuracy 75.6% (273/361) 58.8% (77/131)

Breakdown by Case:
Correct Answer 67.4% (95/141) 58.8% (60/102)
Incorrect Answer 80.9% (178/220) 58.6% (17/29)

5.7 Coordinator Accuracy and Bottleneck
To identify the source of errors in HiRA, we employ GPT-4o to
evaluate the Coordinator’s routing accuracy. As shown in Table 5,
the Coordinator achieves a routing accuracy of 75.6% on GAIA
. However, on the relatively simpler SimpleQA dataset, GPT-4o
assign marginally lower accuracy scores. Manual inspection reveals
that this discrepancy primarily stems from the underestimation of
query complexity by both the Coordinator and the GPT-4o judge,
leading to routing assignments to simpler agents. This validates the
rationality of our architecture but suggests the Coordinator requires
further alignment to discern subtle variations in task difficulty.

Notably, routing accuracy is significantly higher for incorrect
responses than for correct ones. This counter-intuitive finding con-
firms the Coordinator’s robustness: failures in HiRA are rarely
due to misrouting. Instead, errors primarily arise from Executor
limitations or synthesis failures by the Meta Planner. Thus, the
main bottleneck lies in the execution capabilities of experts, not
the coordination mechanism.

We acknowledge that the current framework lacks a dedicated
verification mechanism at the Meta Planner level to detect plausi-
ble but incorrect Executor outputs. While the Reasoning Distilla-
tion process provides partial mitigation by enabling the Planner
to review the distilled reasoning logic (not just final answers) and
autonomously reflect on the results, incorporating an explicit ver-
ification step—such as cross-referencing results across multiple
executors or employing a dedicated fact-checking agent—is an im-
portant direction for future work.

6 Conclusion
In this paper, we propose HiRA, a hierarchical reasoning framework
that overcomes limitations of monolithic models in deep search
tasks. Our multi-agent architecture combines a Meta reasoning
planner, Adaptive Reasoning Coordinator, and Domain-Specialized
Executors to enable scalable, modular reasoning through special-
ized cognitive components rather than rigid pipelines. Using dual-
channel memory and coordinated task routing, HiRA supports
coherent knowledge synthesis and dynamic integration of diverse
tool capabilities. Experiments across four complex, multi-modal
deep search tasks show HiRA significantly outperforms conven-
tional RAG systems and existing agent-based methods, highlighting
the effectiveness of our decoupled design.
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