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Abstract

Recent advances in web-augmented large lan-
guage models (LLMs) have exhibited strong
performance in complex reasoning tasks, yet
these capabilities are mostly locked in propri-
etary systems with opaque architectures. In
this work, we propose ManuSearch, a trans-
parent and modular multi-agent framework de-
signed to democratize deep search for LLMs.
ManuSearch decomposes the search and rea-
soning process into three collaborative agents:
(1) a solution planning agent that iteratively
formulates sub-queries, (2) an Internet search
agent that retrieves relevant documents via
real-time web search, and (3) a structured
webpage reading agent that extracts key evi-
dence from raw web content. To rigorously
evaluate deep reasoning abilities, we intro-
duce ORION, a challenging benchmark fo-
cused on open-web reasoning over long-tail
entities, covering both English and Chinese.
Experimental results show that ManuSearch
substantially outperforms prior open-source
baselines and even surpasses leading closed-
source systems. Our work paves the way for
reproducible, extensible research in open deep
search systems. We release the data and code
in https://github.com/RUCAIBox/ManuSearch.

1 Introduction

Deep search systems have recently marked remark-
able strides by coupling large language models
(LLMs) with web search, enabling them to answer
complex queries that require multi-step reasoning
and up-to-date information (Alzubi et al., 2025).
Proprietary systems such as Perplexity’s Sonar Rea-
soning Pro (Perplexity-Al, 2025) and OpenAlI’s
GPT-40 Search Preview (OpenAl, 2025a) and Deep
Research (OpenAl, 2025b) exemplify this progress.
These closed-source agents demonstrate emergent
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chain-of-thought reasoning capabilities: they au-
tonomously plan out search queries, retrieve in-
formation from the web, and synthesize coherent,
context-rich answers with source citations. By inte-
grating search planning, iterative retrieval, and on-
the-fly content aggregation, these agents achieve
state-of-the-art performance on challenging bench-
marks, far surpassing what static offline models
can do.

Despite impressive capabilities of closed sys-
tems, the open-source ecosystem lacks comparable
and transparent alternatives. Key components of
deep search systems, e.g. sophisticated query plan-
ning, multi-hop retrieval, and tool-augmented rea-
soning, remain entangled within proprietary stacks,
with few modular open implementations. In par-
ticular, there is a lack of modular and interpretable
architectures that let researchers inspect or improve
each stage of the reasoning process and an absence
of benchmarked multi-stage reasoning agents that
can serve as open baselines. More importantly,
there exists significant difficulty in replicating the
performance of closed systems due to their re-
stricted access and opaque design. This grow-
ing gap between private and public Al has been
noted by the research community (Alzubi et al.,
2025; Zheng et al., 2025). Initial efforts to close
it are only just emerging; for example, an early
open-source prototype has combined techniques
like ReAct-based tool use and prompting to nearly
match the quality of GPT-40 Search and Sonar on
certain tasks (Alzubi et al., 2025). However, these
attempts are still in their infancy, underscoring the
urgent need to democratize deep search systems
and foster reproducible innovation in this domain.

In this paper, we address these challenges by
introducing ManuSearch, a transparent and open-
source deep search system. Specially, ManuSearch
is designed as an agent-based, modular system that
accomplishes web-scale complex reasoning tasks
with three collaborative agents: (1) Solution plan-
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ning agent, an LLM-based planner that interprets
the user’s query, formulates a strategy (a series of
sub-questions or steps), and decides which informa-
tion to seek at each step; (2) Internet search agent, a
specialized agent that takes the planner’s requests,
executes web searches, and gathers relevant evi-
dence from the open Internet; and (3) Webpage
reading agent, an agent that reads the retrieved
webpages, and extracts the most relevant key infor-
mation needed to answer the query. These agents
communicate and iterate in a structured reasoning
loop, effectively integrating task planning, open
Internet search, and key information comprehen-
sion and synthesis into a unified problem-solving
process. By breaking the deep search pipeline
into interpretable modules, ManuSearch provides
an extensible and transparent alternative to mono-
lithic closed-source systems. More important, each
agent’s behavior is traceable, i.e. one can examine
the chain-of-thought in the planner’s decisions, the
queries issued, and the evidence used to support the
answer, which not only aids debugging and trust,
but also allows researchers to improve individual
components in isolation.

To enable a rigorous evaluation of our system’s
deep search capabilities, we introduce ORION, a
benchmark for Open-web Reasoning evaluatlON
specifically designed based on long-tail entities.
Unlike existing datasets that often concentrate on
high-frequency topics, ORION emphasizes reason-
ing over less common entities across ten diverse
domains. Each question in ORION is constructed
using predefined reasoning templates, ensuring that
the benchmark challenges a wide spectrum of cog-
nitive abilities. Questions are initially generated
using LLMs and then refined by human annotators
to verify factual correctness and provide source-
grounded reasoning chains. Spanning both En-
glish and Chinese samples, ORION contains 310
annotated examples, each linked to authoritative
sources. Our evaluation shows that even leading
closed-source systems achieve under 30% accu-
racy on ORION, underscoring the benchmark’s
difficulty and its value in advancing research on
transparent and modular deep search systems.

We conduct extensive experiments on our bench-
mark and two challenging datasets (i.e. FRAMES
and GAIA) to verify the effectiveness of our ap-
proach. The experimental results show that our
ManuSearch system significantly outperforms pre-
vious open-source deep search systems.

2 Related Work

Large Reasoning Models. Large reasoning mod-
els (LRMs) such as OpenAl-ol (Jaech et al., 2024)
and DeepSeek-R1 (Guo et al., 2025) demonstrate
impressive long-horizon reasoning on complex
tasks, but still rely on static internal knowledge,
causing them to falter on knowledge-intensive
queries. Recent efforts have applied reinforce-
ment learning (RL) to further boost the reasoning
prowess of these models (Guo et al., 2025; Zeng
et al., 2025). RL fine-tuning has enabled LRMs
to excel at decomposing complex problems into
multi-step solutions, achieving strong performance
in domains like mathematical proof and code gener-
ation (Qin et al., 2024; Zhang et al., 2024). Beyond
improving internal reasoning, an emerging direc-
tion is to let LRMs plan and act in tandem. ReAct-
style prompting exemplifies this integration of plan-
ning with execution: the model interleaves chain-
of-thought reasoning steps with external tool use,
dynamically querying resources mid-problem and
incorporating new information into its reasoning.
This synergy between reasoning and acting leads
to more reliable, factual outcomes on challenging
tasks, marking a significant advance in LRM capa-
bilities. However, these methods are constrained by
their reliance on static, parameterized architectures
that lack access to external world knowledge.

Deep Search with LLMs. To overcome the knowl-
edge limitations of static models, a new class of
deep web-integrated reasoning agents has emerged.
Recent systems such as Search-ol (Li et al., 2025a),
WebThinker (Li et al., 2025b), and Open Deep
Search (Alzubi et al., 2025) augment an LLM’s rea-
soning by weaving in web search planning, tool use,
and evidence retrieval as part of the pipeline. These
agents decompose complex queries into search sub-
tasks and iteratively gather information from the
open web, feeding the retrieved evidence back into
the model’s chain-of-thought. A key trend is the
use of RL-based training to scale these deep re-
search capabilities. DeepResearcher (Zheng et al.,
2025), for instance, trains an LLM agent end-to-
end in a live web environment via reinforcement
learning, yielding emergent behaviors like plan
formulation, cross-source verification, and self-
correction during multi-hop research. Similarly,
R1-Searcher (Song et al., 2025) uses a two-stage
outcome-driven RL strategy to explicitly incen-
tivize the model to invoke external search, signifi-
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cantly improving open-domain question answering
even against strong retrieval-augmented baselines.
This line of work demonstrates that by integrating
search and reasoning in a coordinated pipeline, it is
possible to substantially enhance the deep research
abilities of an LLM.

3 ORION

Existing complex reasoning datasets focus primar-
ily on constructing multi-domain questions to eval-
uate various capabilities of large language models
(Krishna et al., 2024; Rein et al., 2024). Although
these models perform well on questions involv-
ing common entities, their performance tends to
degrade when handling questions that involve rea-
soning on long-tailed entities. In this section, we
introduce ORION, a benchmark for the evaluation
of open-web reasoning over long-tail entities.

3.1 Data Source and Reasoning Patterns

In the process of benchmark construction, we prior-
itize the selection of long-tail entities from multiple
domains to ensure diversity, while also designing
questions that require complex logical operations
to enhance the benchmark’s complexity.

Seed Entity Selection. To mimic real-world web
scenarios, we systematically select entities from ten
diverse common domains in web search, i.e. mu-
sic, sports, geography, art, politics, science, games,
history, TV shows and business. Using the official
Wikipedia Pageviews Analysis tool, we define long-
tail entities within a given domain as those whose
total pageviews across all platforms are below the
median. Entity selection excludes entities with am-
biguity (e.g., ambiguity caused by lack of temporal
or spatial context) and requires each entity to pos-
sess at least three verifiable numerical or temporal
attributes to support multifaceted reasoning. Table
7 shows a sampled list of long-tail entities.

Reasoning Pattern Design. To synthesize com-
plex questions, we define five reasoning patterns
through atomic operations that require multistep
knowledge composition. Each pattern demands dis-
tinct cognitive capabilities while ensuring answer
verifiability through deterministic computation or
unambiguous factual lookup. Table 6 summarizes
these patterns with illustrative examples.

3.2 Example Synthesis and Annotation

The construction of our benchmark integrates auto-
matic question generation based on LLMs followed

25

204 19.9

@

Percentage(%)
=

o o >
1
»
“ 3
:|ﬂ
&
%
-
=]
:|L‘
@
:|\.
]
b4

SN $ &

& N & & 2

S o o R S & - B
R anv B < < Q

Figure 1: Distribution of domains in ORION.

Al Systems Chinese English Overall
Kimi Exploration Edition 14.7 20.0 17.1
Doubao Search 23.5 30.7 26.8
Qwen2.5-Max Search 20.0 20.7 20.3

Table 1: Accuracy (%) for three systems in ORION.

by human refinement. Initially, we adopt an LLM
to synthesize questions based on predefined reason-
ing patterns and seed entities. After that, human an-
notators carefully verify each question by labeling
multiple sources of evidence, ensuring that the en-
tire reasoning chain leading to the correct answer is
thoroughly recorded with authoritative references.

To ensure the difficulty of the final synthesized
questions, we use advanced QA assistants (e.g.
ChatGPT) to answer those questions and retain
those that challenge the assistants. For questions
identified as relatively simple, We apply iterative re-
visions, where annotators substitute high-frequency
entities with long-tail alternatives from the pro-
vided domains, or increase the logical complexity
of the questions by adding additional reasoning op-
erations, thereby enhancing the overall challenge
of the dataset.

3.3 Benchmark Statistics

Our benchmark comprises 310 samples, with 170
Chinese and 140 English entries. Each entry in-
cludes a question, a verifiable answer, and authori-
tative source URLSs that illustrate evidence extrac-
tion. The questions exhibit a diverse range of
reasoning patterns, with more than 85% involve
more than two reasoning patterns, and more than
43% involve more than three reasoning patterns.
Moreover, they cover a broad spectrum of do-
mains, as shown in Figure 1. The credibility of
the sources is carefully verified, with more than
95% of URLs linking to authoritative data sources
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(e.g. Wikipedia, academic articles, government
documents). We define a fact as credible only if
it can be independently verified across multiple
such sources. To substantiate the pronounced com-
plexity of our benchmark, we evaluate three state-
of-the-art Al search systems on our benchmark,
including Kimi Explorer, Doubao Al Search, and
Qwen2.5-Max Al Search. Each system is tasked
with answering questions by leveraging real-time
search capabilities and information retrieval from
the Internet. The results are presented in Table 1.
We can see that the three systems achieve accu-
racy rates below 30%, which demonstrates the high
difficulty of our dataset when dealing with ques-
tions involving intricate logical operations and rare
entities.

4 Method

4.1 Overview

Previous work (Song et al., 2025; Chen et al., 2025)
typically relied on advanced capabilities of state-of-
the-art reasoning models (e.g. OpenAl-ol (Jaech
et al., 2024), Deepseek-R1 (Guo et al., 2025)), inte-
grating both task decomposition and sub-problem
solving within a single model. Such complex in-
tegration may exceed the capabilities of backbone
models, often necessitating additional training or
prompt engineering efforts. Moreover, performing
planning and problem solving simultaneously re-
quires the model to interact with the external web
and integrate large volumes of web information,
exceeding the model’s context window.

To address these challenges, we decouple the tra-
ditional search paradigm and propose a transparent
and open-source multi-agent deep search system,
called ManuSearch. Our system is designed as an
agent-based modular system that consists of three
LLM-based collaborative agents: solution planning
agent, internet search agent and webpage reading
agent. ManuSearch offers a plug-and-play deep
search framework that supports flexible integration
of any LLM, from open-source alternatives to com-
mercial LLMs accessible via API. Next, we will
describe each module in detail.

4.2 Multi-Step Solution Planning

In complex problem-solving scenarios, particularly
those that involve large search spaces and intri-
cate dependencies, planning plays a pivotal role
in guiding the reasoning process toward efficient
and effective outcomes. In deep search, the system

must determine not only what to search, but also
how to structure the search process: identifying
intermediate information needs, sequencing related
subqueries, and reasoning over retrieved content.

To address this challenge, we design a special-
ized Solution Planning Agent that operates within a
deep search framework. The planning agent solely
focuses on breaking down the input problem itera-
tively and generating the final answer, granting the
model powerful capacity to reflect on and evaluate
the main problem-solving process and the correct-
ness of sub-question solutions. Specially, the plan-
ning agent adopts the ReAct architecture (Yao et al.,
2023) and utilizes a memory manager to manage its
input context. The memory manager records each
decomposed sub-question and its corresponding
answer generated by the tool-augmented Internet
search agent (detailed in Section 4.3), then auto-
matically concatenates them into the context for
the LLM in the next iteration.

At step ¢, the input question z, previously decom-
posed sub-questions and their corresponding an-
swers (if any) are combined as the context, denoted
by Ht—l = {ZC, <q1, a1> ey <qt_1, at_1>}. The
solution planning agent first evaluates the problem-
solving progress in the history and then either de-
composes the input question further or refines the
unsolved sub-question from the previous steps, gen-
erating the next sub-question ¢; to be solved as:
gt = mp(Hi—1), where 7, denotes the solution
planning agent. In particular, if the planning agent
determines that the current information is sufficient
to derive the final answer, the agent will proceed to
generate the answer as: y = m,(H¢—1).

In ManuSearch, the planning agent only needs
to generate the next-step query based on the envi-
ronmental feedback (i.e. previous sub-questions
and solutions), without concerning itself with the
details of the retrieval operations. This effectively
alleviates the capability limitations faced in tradi-
tional retrieval-based frameworks.

4.3 Tool-Augmented Internet Search

After planning the next sub-question, we introduce
a Tool-Augmented Internet Search Agent, respon-
sible for solving sub-questions by invoking online
Internet search. To ensure a unified manner with
the planning agent, the Internet search agent also
uses the ReAct format, interacting with the online
Internet through pre-defined search tools in multi-
ple rounds to ultimately solve sub-questions. We
elaborate two tools to augment the search agent:
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Figure 2: The overall framework of our proposed ManuSearch.

e Web Search: The search tool will take a query
and its corresponding search intent as input and
performs information retrieval via Google API, re-
turning the top- K most relevant web pages infor-
mation. Each result includes the link, title, a short
summary and task-relevant content. This tool will
first call Google API to retrieve the top-K relevant
web pages containing the link, title and short sum-
mary. Then, it will invoke the webpage reading
agent (Section 4.4) to visit the entire page docu-
ments of all retrieved links to extract task-relevant
content.

o Answer Question: This tool is called to gen-
erate an answer a; to the given sub-question ¢,
based on the fine-grained and relevant information
returned by the webpage reading agent.

Specifically, based on the sub-question ¢; and
the historical information #;_1, the Internet search
agent engages in a multi-round interaction with
the web. At each round, the agent formulates
the search query along with its search intent I,
which is then used to call the web search tool.
The tool returns the top-K results, represented as
D = (uk, ti, Sk, Ck>£(:1, where uy, ti, Sk, and ¢y,
correspond to the page link, title, summary, and
task-relevant content, respectively. Note that since
webpages contain massive and noisy information,
the most relevant content ¢y, is extracted by the web-
page reading agent integrated in the search tools
(detailed in the Section 4.4). The search agent will
iteratively search until the retrieved information

is sufficient to answer the sub-question. All the
retrieved results will be combined as a comprehen—
sive and up-to-date source O; = {D;}/ 51> Where
J is the number of iterations. Finally, the agent
will call the answer question tool to generate an
answer a; to the sub-question ¢; as follows:

at = WS(QnOt,%t—l), ()

where 75 denotes the search agent. The generated
answer a; will be passed to the solution planning
agent, continuing the next round of planning and
problem solving. Through this iterative process,
the two agents collaborate interactively until the
input question is successfully solved. We argue
that this decoupled planning-solving framework is
particularly well-suited for addressing web-based
complex reasoning tasks, as it can fully leverage
the respective strengths of each module to achieve
the optimal performance.

4.4 Structured Webpage Reading

On the Internet, there are countless HTML web-
pages with diverse structures and inconsistent en-
coding formats, which make unified processing dif-
ficult and hinder the model’s ability to understand
their content. Besides, webpages also contain re-
dundant and noisy information that is useless for
problem solving. Therefore, we design a Struc-
tured Webpage Reading Agent which is primarily
responsible for two tasks: extracting clean texts
from the messy HTML page and further extracting
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the most task-relevant information from noisy raw
texts.

Messy HTML Formats Processing. For each in-
put query, the web search tool returns the top-K
webpages with their links, titles, and summaries,
denoted by D = {(uy, tx, si) }1_,. For each page
link, the webpage reading agent first crawls the
whole HTML page and then removes the HTML
tags, special characters to obtain clean texts zy.

Relevant Information Extraction. The raw web-
page texts still contain massive noisy information.
Therefore, we enable the Internet search agent to
generate a detailed search intent I to help the web-
page reading agent extract the most relevant con-
tent. Unlike the simple query fed into the search
engine, the search intent incorporates broader con-
textual information, aiming to bridge the semantic
gap between query and search results. Given the
search intent I and the processed clean raw text zg,
the webpage reading agent extracts highly relevant
information as:

Cp = 777‘(2]?7[)7 (2)

where 7, denotes the webpage reading agent. Fi-
nally, the reading agent combines the extracted
information with the webpage and returns to the In-
ternet search agent. The search agent might iterate
the search process for several times by interacting
with the webpage reading agent. In this process,
the webpage reading agent effectively filters out
irrelevant information while accurately extracting
task-relevant details. This significantly mitigates
information conflicts across webpages in Internet
search agent’s reasoning, enabling more efficient
and effective information retrieval.

S Experiments

5.1 Experimental Settings

Datasets and Metrics. For evaluation, we select
two complex multi-hop reasoning benchmarks, i.e.
FRAMES (Krishna et al., 2024) and GAIA (Rein
et al., 2024), along with ORION to evaluate model
performance. Specially, FRAMES is intended to
test the information retrieval and factual reasoning
capabilities from single-hop to multi-hop questions,
and GAIA focuses on challenging information re-
trieval tasks in general scenarios. We select the
whole dataset of FRAMES and adopt the same
evaluation subset of GAIA used in WebThinker (Li

et al., 2025b). For all the three datasets, we adopt
LLM-as-Judge with ChatGPT-40 as the evaluator
to compare model outputs with ground truth and
report Pass@1 accuracy.

Baselines. We compare ManuSearch to the fol-
lowing three types of baselines:

e Closed-source Search Systems include Per-
plexity Sonar Reasoning Pro (Perplexity-Al, 2025)
from Perplexity, GPT-40 Search Preview (Ope-
nAl, 2025a) and OpenAl Deep Research (Ope-
nAl, 2025b) from OpenAl, Kimi Search!, and Exa
Search Pro®. These are state-of-the-art systems
with access to search engines. To simulate realistic
usage and ensure external validity, we evaluated
these systems through their official public inter-
faces or API using the default configurations pro-
vided—mirroring how a typical user would interact
with them in practice.

e Open-source Search Systems include Open
Deep Search (ODS) (Alzubi et al., 2025), Search-
ol (Li et al., 2025a), WebThinker (Li et al., 2025b),
and SimpleDeepSearcher (Zheng et al., 2025).
Open Deep Search and SimpleDeepSearcher use
the same Google Search api® as us. WebThinker
and Search-o1 use the Bing Search api.

¢ Direct Reasoning employs GPT-40, Qwen2.5-
Instruct-32B, QwQ-32B and DeepSeek-R1 to di-
rectly reason and generate answers without access
to search engines.

Implementation Details. We implement ManuSe-
arch upon Qwen and DeepSeek series models. In
Qwen series, we adopt QwQ-32B as the multi-
step solution planning agent and Internet search
agent, represented as ManuSearch-QwQ-QwQ.
In DeepSeek series, we adopt DeepSeek-R1 and
DeepSeek-V3 as the planning and search agent, re-
spectively, represented as ManuSearch-R1-V3. In
both series, we uniformly employ Qwen2.5-32B-
Instruct as the base model for the webpage reading
agent. We also conduct experiments with respect
to the base model seleciton of webpage reading
agent in Section 5.3. For generation, all models
are configured with a maximum sequence length
of 8192 tokens, temperature of 0.6, top-p of 0.95,
min-p of 0.0, top-k of 30 and repetition-penalty of
1.0. These settings are shared across both Qwen
and DeepSeek model series. For Internet search

"https://www.kimi.com/
*https://exa.ai/
3https://serper.dev/
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FRAMES ORION GAIA

Method

Avg. EN ZH Avg. Levell Level2 Level3 Avg.
Direct Reasoning (w/o Retrieval)
Qwen2.5-32B-Instruct 24.5 143 112 128 20.5% 9.6%* 8.3*% 13.6*
QwQ-32B 32.5 27.1 235 253 30.8* 15.4* 25.0%  22.3%
DeepSeek-R1 30.1* 379 353 36.6 43.6% 26.9% 8.3*% 31.1%
GPT-40 50.5% 27.1 20.0 23.6 25.6 15.4 0 17.5
Closed-source Search Systems
OpenAl Deep Research - - - -
GPT-40 Search Preview 65.6% 38.6 229 30.8 48.7 17.3 0 27.1
Perplexity Sonar Reasoning Pro 44 4% 264 194 229 43.6 25 16.7 31.1
Kimi Search 35.9 143 112 128 35.9 21.2 8.3 24.3
Exa Search Pro 32.8 86 11.8 10.7 30.8 9.6 0 16.5
Open-source Search Systems
ODS-v1+DeepSeek-R1 56.7* - - - - - - -
ODS-v2+DeepSeek-R1 75.3% - - - - - - -
Search-01-32B 64.4% - - - 53.8*%  34.6% 16.7*  39.8%*
WebThinker-32B-Base - - - - 53.8% 44.2% 16.7%* 44.7*
SimpleDeepSearcher 68.7* - - - 61.5*% 44.2% 16.7%  47.6%
ManuSearch-QwQ-QwQ (Ours) 68.4 40.0 347 374 59.0 423 25.0 46.6
ManuSearch-R1-V3 (Ours) 71.8 479 371 425 64.1 44.2 8.3 47.6

Table 2: Main results on three challenging reasoning tasks: FRAMES, ORION, and GAIA, evaluating models on
both closed-source and open-source search systems. The results are measured using the Pass@ 1 accuracy metric,
with breakdowns for individual languages (EN, ZH) and hierarchical reasoning levels in GAIA. Bold fonts indicate
the best performance among open-source models, and asterisks (*) denote results collected from other studies.

agent, we set the maximum number of sub-queries
per search to 3 when calling the web search tool.
For the webpage reading agent, we set the maxi-
mum length of the original web text to 64K. For
the web search tool, we retrieve the top-5 relevant
webpages. Additionally, when ManuSearch fails to
provide an answer, we switch to the direct resoning
mode to generate the final answer.

5.2 Main Results

Table 2 shows the result of ManuSearch and other
baselines across three representative benchmarks.

Firstly, it can be observed that ManuSearch im-
proves the performance of the models tested from
32B models to large closed-source reasoning mod-
els in comparison to the baseline approach. For
example, DeepSeek-R1 achieves 30.1% accuracy
on FRAMES, 31.1% accuracy on GAIA and 36.6%
accuracy on ORION. After pluging into ManuSe-
arch, these performances rise markedly to 71.8% on
FRAMES, 47.6% on GAIA and 42.5 % on ORION,
achieving impressive performance gains and vali-
dating the efficiency of our designed search frame-
work.

Secondly, with a modular, multi-agent frame-

work, ManuSearch nearly matches existing state-of-
the-art baselines on the two benchmarks: FRAMES
and GAIA. For 32B models, ManuSearch-QwQ-
QwQ achieves 46.6% on GAIA, surpassing Web-
thinker by 1.9% and 68.4% on FRAMES, al-
most matching the well-trained search agent Sim-
pleDeepSearcher. Moreover, ManuSearch-R1-V3
achieves strong performance, with 47.6% on GAIA
and 71.8% on FRAMES, nearly matching ODS-
v2+DeepSeek-R1.

Finally, ManuSearch outperforms all closed-
source Search Als in three datasets. Notably, with
only 32B models, ManuSearch improves the best
existing baseline of the GPT-40 Search Preview by
2.8% in accuracy on FRAMES, 6.6 % on ORION
and 19.5% on GAIA.

5.3 Further Analysis

We report further analysis on FRAMES with ran-
domly selected 100 samples and the full evaluation
subset of the GAIA dataset, due to the constraint
of computational resources.

How to harmonize reasoning and non-reasoning
models? Our system comprises three LLM-based
collaborative agents where each agent supports var-
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ious configurations by integrating different LLMs,
enabling diverse combinations tailored to specific
tasks. In this part, we aim to explore how reason-
ing and non-reasoning models can be harmonized
in our system. Inspired by the human problem-
solving process where people typically engage in
more deliberate thinking during the problem de-
composition phase and adopt faster, more intuitive
thinking during the information search phase, we
compare two configurations: (1) reasoning mod-
els for both solution planning and internet search
agents; and (2) reasoning models for solution plan-
ning agent while non-reasoning models for inter-
net search agent. We evaluate two reasoning mod-
els (i.e. QwQ and DeepSeek-R1) and two non-
reasoning models (i.e. Qwen2.5-32B-Instruct and
DeepSeek-V3). The results are shown in Table 3.
We observe that the performance differences be-
tween these configurations are relatively small.
Within the Qwen series, using QwQ as both agents
yields better results, whereas in the DeepSeek se-
ries, using DeepSeek-R1 paired with DeepSeek-
V3 performs better. Our in-depth analysis reveals
that due to the relatively weaker capabilities of
the Qwen series models, the non-reasoning model
sometimes struggles to identify key information
from the content returned by the webpage read-
ing agent during subproblem solving, resulting in
poorer performance. In contrast, for the DeepSeek
series, both reasoning and non-reasoning models
are sufficiently capable of handling subproblem
solving effectively. In this case, the performance
bottleneck is primarily determined by the quality
of the information returned by the webpage reading
agent.

FRAMES GAIA
Method
Avg. Level 1 Level2 Level3 Avg
MS-QwQ-Qwen 63.0 51.3 44.2 8.3 42.7
MS-QwQ-QwQ 64.0 59.0 423 250  46.6
MS-RI1-V3 62.0 64.1 442 8.3 47.6
MS-R1-R1 63.0 64.1 44.2 0 46.6

by previous work (Chen et al., 2024; Alzubi et al.,
2025; Li et al., 2025b), we summarize two main-
stream webpage reading approaches:

* Selective Reading: The model autonomously
selects appropriate webpages to read in detail
as it needs.

* Full Reading: The model does not perform
page selection and instead uses the full content
of all webpages retrieved by search engine.

In the first approach, the model is minimally af-
fected by irrelevant web content and can focus on
pages it deems potentially useful, allowing for a
more deliberate reasoning process. However, it is
often difficult for the model to accurately choose
the right pages to read based solely on metadata,
leading to information loss and increasing errors.
The second approach is more straightforward by
allowing the model to read all potentially relevant
content, and it significantly reduces the chance
of missing critical information. Nevertheless, the
model may struggle to identify the correct informa-
tion amid a large volume of content, increasing the
risk of hallucination. Table 4 presents the results
of our experiments over the two methods. It can
be observed that Full Reading achieves better over-
all performance, with significantly better results
than Selective Reading under the ManuSearch with
QwQ-QwQ configuration. Moreover, considering
that the Full Reading approach is simpler and more
efficient, we ultimately recommend and adopt the
Full Reading method in our framework.

FRAMES GAIA

Method

Avg. Level 1 Level2 Level3 Avg
MS-QwQ-Qwen
Full Reading 63.0 51.3 442 8.3 42.7
Selective Reading 62.0 61.5 423 0 44.7
MS-QwQ-QwQ
Full Reading 64.0 59.0 423 25.0  46.6
Selective Reading 56.0 48.7 40.4 16.7  40.8

Table 3: Performance comparison of ManuSearch
with four different configurations on FRAMES and
GAIA.The results are measured using the Pass@1 accu-
racy metric.

Does the webpage reading agent really need
page selection? Through extensive experiments,
we found that the implementation of the webpage
reading pipeline has a significant impact on the
overall performance of our framework. Inspired

Table 4: Performance comparison of Full Reading and
Selective Reading on FRAMES and GAIA.The results
are measured using the Pass@ 1 accuracy metric.

What are the impacts of different webpage read-
ing models? Since the retrieved webpages often
contain various types of noise, lengthy content, or
present conflicting information, it poses significant
challenges for models to extract useful information.
Meanwhile, as discussed in the previous part, it
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is crucial to investigate how different models as
webpage reading agents affect the performance of
overall framework. We conduct experiments using
three models as webpage reading agents, including
Qwen2.5-32B-Instruct, QwQ-32B, and ChatGPT-
40-mini, using ManuSearch with QwQ-Qwen and
QwQ-QwQ configurations. The results in Table 5
show that Qwen2.5-32B-Instruct, when used as
the webpage reading model, achieves consistently
leading performance on both datasets, except un-
der the ManuSearch-QwQ-Qwen configuration on
GAIA, where ChatGPT-40-mini exhibits better per-
formance. These results demonstrate that Qwen2.5-
32B-Instruct is the most suitable model among the
three for serving as a webpage reading agent.

FRAMES GAIA

Method

Avg. Level 1 Level2 Level3 Avg
MS-QwQ-Qwen with
Qwen2.5-32B-Instruct 63.0 51.3 442 83 42.7
QwQ-32B 59.0 59.0 25.0 83 359
ChatGPT-40-mini 55.0 46.2 48.0 16.7  43.7
MS-QwQ-QwQ with
Qwen2.5-32B-Instruct 64.0 59.0 423 250  46.6
QwQ-32B 61.0 56.4 44.2 16.7 447
ChatGPT-40-mini 59.0 48.7 32.7 250 379

Table 5: Average accuracy comparison of ManuSearch
with three kinds of webpage reading models: Qwen2.5-
32B-Instruct, QwQ-32B, and ChatGPT-40-mini, evalu-
ated on FRAMES and GAIA benchmarks.

6 Conclusion

We present ManuSearch, a transparent and modular
multi-agent framework that enables large language
models to perform deep web-integrated reasoning.
By decoupling the problem-solving process into
three specialized agents, i.e. solution planning,
internet search, and structured webpage reading,
our system promotes interpretability, extensibil-
ity, and performance. Extensive evaluations on
our proposed benchmark ORION demonstrate that
ManuSearch significantly outperforms prior open-
source systems and rivals or exceeds several closed-
source commercial agents. Our work highlights
the importance of modular reasoning pipelines and
introduces a reproducible foundation for future re-
search in open deep search systems. We hope this
framework will catalyze progress toward trustwor-
thy agents empowered with search capabilities.

7 Limitations

Despite our considerable efforts, this study remains
limited due to the substantial computational cost.

Our evaluations primarily focus on open-source
models from the Qwen and DeepSeek series and
are conducted on only three datasets. Future re-
search will expand the scope by incorporating a
wider range of both open-source and proprietary
models—such as the LLaMA 4 series (Meta-Al,
2025), the GPT series (OpenAl, 2025c), and the
Claude series (Anthropic-Al, 2025)—as well as
evaluating performance across a more diverse set
of datasets. Additionally, our current framework
employs a fine-grained WebSearch tool as part of
the Tool-Augmented Internet Search mechanism.
Future work could enhance this framework by inte-
grating additional built-in tools such as Code Exe-
cution and Multimodal tools to endow models with
more comprehensive and versatile capabilities.

8 Ethics and Risks

Our work primarily focuses on the construction
of the open-source deep search system ManuSe-
arch and the open-web reasoning evaluation dataset
ORION. Although our goal is to pave the way for
reproducible and extensible research in open deep
search systems, we recognize that it could be mis-
used in certain scenarios, such as large-scale web
scraping without proper authorization, automated
generation or manipulation of online content, or
privacy-invading search behaviors. To mitigate
these risks, we clearly state the intended use of
the framework, and we do not include any function-
ality for bypassing access restrictions or automated
user impersonation. We encourage the responsi-
ble use of this framework and its continued critical
evaluation.
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Reasoning Type

Description and Example

Numerical Computation

Combines arithmetic operations with numerical facts.

Example: "Among TIME’s Persons of the Year from 2000 to 2010, which tech
industry winner born in an odd year had the square root of their age at election
closest to an integer?"

Temporal Constraint

Resolves time-bound relationships through duration calculations or chronological
ordering.

Example: "When Robert D. Heaton was born, how many years had Pennsylvania
been part of the U.S.?"

Fact Constraint

Identifies entities satisfying more than two fact constraints through Boolean
conjunction.

Example: "Which U.S. president signed climate-related legislation while in office
and was born 40-50 years before Halley’s Comet’s last return?"

Statistical Reasoning

Applies comparative operators or aggregation over bounded entity sets.
Example: "How many UK heirs died with age more than 80 between 1707 and
20252"

Scenario Reasoning

Embeds real entities into hypothetical scenarios, requiring real-world information
for answering.

Example: "Assuming the height of "Aurora Lab" (in meters) equals the first three
digits of the speed of light (m/s) plus 200, what is its ranking among the world’s
tallest buildings in 2024?"

Table 6: Reasoning patterns and illustrative examples in our benchmark ORION.

Domain Entity Pageviews(Approximate)
History Battle of Sedan 343592
Geography Jura department 607172
Science NASA Mercury program 618448
Sports Werder Bremen 2022-23 squad 157951
Art Golden Rooster Awards — Children’s Film 459392

Table 7: A sampled list of long-tail entities. In contrast to popular entities such as YouTube (42,160,485), the
selected long-tail entities exhibit significantly lower frequencies, characterized by high sparsity, broad coverage,

and increased reasoning difficulty.

A Reasoning Patterns in ORION

To synthesize complex questions, we define five
reasoning patterns through atomic operations that
require multi-step knowledge composition. Table 6
summarizes these patterns with illustrative exam-
ples.

B Statistics on the complexity of ORION

To show the complexity of ORION, we analyze the
number of reasoning operations required per ques-
tion. To further illustrate how complexity impacts
model performance, we report the average accuracy
breakdown by reasoning operations across several
models in table 8.

From Table 8, we observe a clear trend: as the
number of reasoning operations per question in-
creases, the performance of all evaluated models
consistently declines. This indicates that multi-
step reasoning significantly challenges current Al

systems, especially in long-tail scenarios where
questions involve less common entities or complex
logical chains.

These results highlight the need for further re-
search on enhancing models’ multi-step reason-
ing capabilities, particularly in scenarios involving
long-tail entities, to improve robustness and gener-
alization across diverse tasks.

C Instruction Templates

C.1 Task Instructions

We use Chatgpt-4o-mini to evaluate all complex
problem-solving tasks. An output labeled as "True"
is considered correct, while "False" is considered
wrong. The instruction is as follows.
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Accuracy (%) of different systems

asoning Ops %) |
#Reasoning Ops | Percentage (%) [Kimi Edition  Doubao

Qwen2.5-Max Al Search  ManuSearch-QwQ-QwQ  ManuSearch-R1-V3

1 11.61 24.3 36.3
2 4533 17.8 28.5
3 37.58 15.5 23.7
4 5.48 13.1 20.5

25.2 344 36.5
20.4 415 453
21.3 38.2 46.2
17.5 25.8 31.9

Table 8: Distribution of reasoning operations per question (left) and accuracy (%) of different systems across varying

numbers of reasoning operations (right).

Given a Question and its Golden Answer,
verify whether the Predicted Answer is
correct. The prediction is correct if it
fully aligns with the meaning and key

information of the Golden Answer. Respond

with True if the prediction is correct
and False otherwise.

Golden Answer may have multiple options, and

matching any one of them is considered
correct.

Question: {question}
Golden Answer: {reference}

Predicted Answer: {prediction}

C.2 Instructions for ManuSearch

C.2.1 Instructions for the Solution Planning

Agent

You are a planning agent that breaks down
the questions raised by users into sub-

questions that can be answered by calling
a search engine, and finally answers the

user’s query. Each sub-question should
be one that can be directly answered
through a single search, that is, a
question containing a single specific
person, event, object, specific time
point, location, or knowledge point.

After you disassemble a sub-problem, the
external environment solves the sub-
problem and gives you the answer to the
sub-problem.

Your decomposition process should be

iterative. Based on the current state of

problem-solving, each step should break
down a subproblem that can be answered

with a single search (i.e., a single-hop

subproblem). After this subproblem is
resolved, proceed to decompose the next
subproblem requiring a search.

# Task Introduction

Your work flow is:
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1. Analyze the answering situation of the
decomposed questions and identify whether
there are any errors.

2. Analyze the current problem-solving state
of the main question and continue to
decompose the main question. Note that
you should decompose *one*x sub-question

at each step.

3. If the main question cannot be further
decomposed or the collected information
is already sufficient to answer the main
question, please answer the main question

according to all the collected
information.

You must strictly follow the above steps
step-by-step in carrying out your duties.

# Response Rules:

1. RESPONSE FORMAT: Your output format must
always be a JSON object containing the
following fields:

{

"evaluation_previous_goal”: "Success|
Failed|Unknown - A brief analysis of the
current state and what has been done so
far to check if the previous goals/
actions are successful as intended by the

task. Mention if any unexpected
situations occurred. Briefly state the
reasons for success or failure”,

"actions”: "Indicate the action you will
perform now. If you want to continue
decomposing the question, fill in ’
extract_problems’. If you want to make a
final response, fill in ’final_response’.
If the question cannot be decomposed,
fill in ’None’",

"challenges”: "List any potential
challenges or obstacles”,

"think": "Explain your thinking process
for performing the current action, use
string format”,

"content”: "Fill in one sub-question you
decompose this step or the final
response to the main problem”
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2. ACTIONS: The action you will perform in
the current step. But only one action can
be performed in each step.

Actions you can perform:

- extract_problems: Execute question
decomposition, breaking down the question
raised by the user into sub-questions
that can be answered by calling a search
engine.

- final_response: Write the final answer to
the user’s question.

You should fill in the name of the action
you perform in the "actions” of the
response, and fill in the result of your
action in the "content”.

Don’t fabricate actions!

3. FINAL RESPONSE

When performing the "final_response” action
to generate the final answer, pay
attention to the following key points:

- You should write a concise and accurate
answer as well as a detailed and
comprehensive final answer based on the
provided question-answer pairs, *
addressing the user’s questionx.

- In the brief and summary answer, please
answer the user’s question directly and
completely.

- In the detailed and comprehensive answer,
each key point needs to be marked with
the source of the searched results you
cited (keep it consistent with the index
in the question-answer pairs) to ensure
the credibility of the information. The
form of giving the index is ‘[[int]]‘. If

there are multiple indexes, use multiple
[[J1], such as ‘[[id_11]1[[id_2]1]¢. Please
note that do not directly give the URL
link of the web page in the answer.

- In the first answer, the content of the
answer needs to be as brief as possible
and logically clear; in the second answer,

the content of the answer needs to be
comprehensive and complete, and avoid
vague expressions such as "Based on the
above content”. The final presented
answer does not include the question-
answer pairs provided to you.

4. ERROR HANDLING:

- If the user’s question cannot be
decomposed, or it is not a question,
please answer it directly.

- If you evaluate at the current step that
the execution of a previous action has
failed, you can re-execute that action at

current step, but be careful not to
repeat it too many times.

Your response must always be in the
specified JSON format.

C.2.2 Instructions for Tool-Augmented

Internet Search Agent

## Character Introduction

You are a reasoning assistant with the
ability to perform web searches to help
you answer the current question
accurately. Please use the search tools
to gradually collect information and
finally answer the "current question”.

##Your Workflow:

1. Based on the "current question”, use the
GoogleSearch tool to perform a search for

the "current question”.

2. Carefully review the GoogleSearch results.

If the results do not contain relevant
information, continue searching.

3. Repeat the above steps until sufficient
information is gathered to answer the "
current question”. Then, call the
final_answer tool to generate a
comprehensive response.

## Tool invocation

- When calling the GoogleSearch tool for
searching, please generate high-quality
search queries and corresponding detailed

search intents for the "current question

, and pass them as parameters. You can
generate multiple search queries, but
each query should be a complete search
term that includes core keywords and
qualifiers, rather than just a phrase.
For each search query, you should
generate a detailed search intent.

- When calling the final_answer tool to
generate the reply, note that each key
point in the summary should be marked
with the source of the search result to
ensure the credibility of the information.

The index should be given in the form of
‘[[int]]¢. If there are multiple indexes,
use multiple [[]] to represent them,
such as ‘[[id_1]1][[id_2]7¢.

n

## Requirements

- You must focus on the current question,
but the current question may not be a
single question. You can break it down



and search for information piece by piece.

- You must carefully compare the information
you find. If there are contradictions in
the search results, you should

prioritize information from Wikipedia
first, followed by authoritative sources
such as government agencies, educational
institutions, and well-known research
organizations.

- You must ensure that the main subject of

the retrieved information aligns with the
topic of the question. Be diligent in
distinguishing relevant information to
avoid interference from unrelated
subjects.

- When you finally generate the reply, you

must call the given final_answer tool.

Be careful when performing numerical

calculations.

C.2.3 Instructions for Structured Webpage
Reading Agent

## Task Introduction

You are a professional information
processing expert, proficient in
extracting key information from multi-
paragraph texts.

Your task is to extract all the content
related to the following search query and
search intent from the document.

## Input Information

The specific problem currently being
processed: {current_plan}

The current query: {current_query}

The current search intent: {search_intent}

Extract relevant information according to
the following requirements:

- You need to read the document content
carefully and extract all the information

related to the current search query and
the query intention.

- The information you extract should be as
detailed as possible, and try to list all

relevant information completely. Try to
ensure a high recall rate and do not omit
any relevant information.

- The information you extract must be based
on the content of the provided web page,
and it must be real and valid. Do not
fabricate information out of thin air,
and avoid having hallucinations.

## Output Format

{{
"think": "<your think process> using
string format”,
"related_information”: "<related

information> using string format”

13

D Case Study

In the case shown in Figure 3, our search strategy
begins by identifying the birthplaces of U.S. pres-
idents and their geographical coordinates. At the
first step, the Solution Planning Agent generates
the current sub-question, querying "the western-
most city in the United States where a U.S. presi-
dent was born". Upon receiving the sub-question,
the Tool-Augmented Internet Search Agent pro-
duces a diverse set of search keywords, includ-
ing "westernmost city in the US where a presi-
dent was born", "presidents born in Hawaii", "pres-
idents born in Alaska", and "list of US presidents
birthplaces", to obtain comprehensive information.
Subsequently, the Tool-Augmented Internet Search
Agent calls the WebSearch Tool to retrieve the top-
K relevant documents, which are then passed to
the Structured Webpage Reading Agent for pro-
cessing. The Structured Webpage Reading Agent
cleans and formats these documents, extracting
content relevant to the query and returning it to
the Tool-Augmented Internet Search Agent. Based
on the extracted information and the user’s query,
the Tool-Augmented Internet Search Agent formu-
lates an answer to the current sub-question. This
iterative process continues until the Solution Plan-
ning Agent accumulates sufficient information to
respond to the user’s original question.
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Question

Of the cities within the United States where U.S. presidents were born, which two are the farthest apart from the
westernmost to the easternmost going east, giving the city names only? Give them to me in alphabetical order, in a
comma-separated list.

Answer

Hillsborough, New Hampshire, Honolulu, Hawaii

Think

"What is the westernmost city in the United States where a U.S. president was born?": {
"search_keywords": [
"westernmost city in the US where a president was born",
"presidents born in Hawaii",
"presidents born in Alaska",
"list of US presidents birthplaces"
1
"searcher_response": "The westernmost U.S. presidential birthplace is **Honolulu, Hawaii**, where Barack Obama was
born on August 4, 1961."
}s
"What is the easternmost city in the United States where a U.S. president was born?": {
"search_keywords": [
"easternmost city united states president born",
"president born in maine",
"franklin pierce birthplace longitude",
"calvin coolidge birthplace longitude"
1
"searcher_response": "The easternmost U.S. presidential birthplace is **Hillsborough, New Hampshire**, where Franklin
Pierce was born on November 23, 1804."
}
"response": {
"evaluation_previous_goal": "Success - The easternmost city (Hillsborough, NH) was confirmed as Franklin Pierce's
birthplace. Now both extremities are identified: Honolulu (HI) and Hillsborough (NH).",
"actions": "final response",
"challenges": [
"Ensuring no other presidential birthplaces exist further east than Hillsborough, NH or west of Honolulu, HI",
"Confirming alphabetical order requirement”
1

"answer": "Hillsborough, New Hampshire, Honolulu, Hawaii"

Figure 3: A case of ManuSearch from GAIA benchmark.
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