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Abstract

Deep Research (DR) systems iteratively plan,
retrieve evidence, and synthesize long-form
reports in response to complex, open-ended
queries. Existing approaches suffer from con-
text overload, role entanglement, and error
propagation over long horizons, while the
most capable DR systems remain locked be-
hind massive proprietary models. We present
DeepDiver-DR (DD-DR), a multi-agent frame-
work that decomposes the DR process into
three specialized roles—planner, information
seeker, and writer—coordinated through a per-
sistent, file-based shared workspace. Each
role is further equipped with fine-grained, DR-
specific tools. To support rigorous evalua-
tion, we introduce RubricWrite-Bench (RW-
Bench), a benchmark of 100 rubric-based writ-
ing queries with a two-phase assessment of
global report quality and point-level rubric ful-
fillment. Experiments show that DD-DR(30B)
establishes a new state of the art among models
at the same parameter scale on the DeepRe-
search Bench, and achieves performance com-
petitive with leading proprietary DR systems
on RW-Bench. Ablations further confirm the
contribution of the architectural components.

1 Introduction

Large language models (LLMs) (OpenAl, 2025b;
Yang et al., 2025; Comanici et al., 2025) have
achieved strong performance on tasks ranging from
mathematical reasoning (Ahn et al., 2024) to code
generation (Jiang et al., 2026), but many real-
world problems demand more than short, one-
off answers. They require the critical synthesis
of factually grounded information into coherent,
self-contained deliverables. The Deep Research
(DR) paradigm (Google, 2025) addresses this need:
given a complex, open-ended query, a DR system
iteratively plans sub-questions, acquires evidence
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from external sources, and synthesizes its findings
into a structured, long-form report.

Prior approaches to DR fall short at progressively
deeper levels. Static Retrieval-Augmented Gen-
eration (RAG) (Lewis et al., 2020) pipelines are
confined to pre-indexed corpora and cannot inter-
act with dynamic sources such as search engines
or live web pages. Single-agent systems (Russell
et al., 1995) address this problem but suffer from
role entanglement—planning, retrieval, and writing
compete for the same context window—Ileading
to error propagation and state drift. Multi-agent
systems (MAS) (Wooldridge, 2009) distribute re-
sponsibilities across roles; however, existing MAS-
based DR frameworks still exhibit critical weak-
nesses: coarse role decompositions that misalign
with the DR pipeline, communication protocols
that forward full conversation histories and trigger
context overload, and generic tooling that lacks
the precision required for evidence-grounded writ-
ing. For example, WebWeaver (Li et al., 2026)—a
popular DR system—employs a dual-agent design
where the planner jointly handles evidence acqui-
sition and outline optimization; however, coupling
retrieval with planning in a single agent constrains
parallel evidence gathering, and the absence of ded-
icated quality-control tools limits the reliability of
the generated report. Moreover, leading DR sys-
tems (OpenAl, 2025a; Google, 2025; Anthropic,
2025a) depend on massive proprietary models, mo-
tivating frameworks that can empower open-source,
smaller-scale LLMs.

We present DeepDiver-DR (DD-DR), a multi-
agent framework that addresses these gaps through
three design choices. First, we decompose the DR
process into three specialized roles—planner, infor-
mation seeker, and writer—whose responsibilities
map directly onto the core stages of planning, evi-
dence acquisition, and report synthesis (Shi et al.,
2025). Second, we replace full context forward-
ing with a shared-workspace mechanism where
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agents exchange only compressed task summaries
and persist intermediate artifacts as files, keeping
per-agent context short and reducing hallucination
risk. Third, we equip each role with DR-specific
tools (structured search, document analyzers, and
section-level drafting/verification modules), inte-
grated via the Model Context Protocol (MCP) (An-
thropic, 2024).

To enable rigorous evaluation, we also introduce
RubricWrite-Bench (RW-Bench), a suite of 100
rubric-based writing queries across 10 domains
together with a two-phase evaluation protocol. Un-
like purely open-ended queries that yield unsta-
ble assessments, each query specifies knowledge-
intensive writing points that ground both rubric-
level scoring and holistic report assessment (Sec-
tion 4.2.3). Experiments on the evaluation bench-
marks show that DD-DR (30B) establishes a new
state of the art (SOTA) among models at the same
parameter scale and achieves performance compet-
itive with leading proprietary DR systems.

In summary, this paper makes the following
contributions: 1) We propose DD-DR, a multi-
agent DR framework featuring role decomposi-
tion, file-based shared-workspace communication,
and role-specific tools that enable open-source
LLMs to tackle long-horizon deep research tasks.
2) We introduce RW-Bench, a rubric-based DR
benchmark and evaluation protocol for assessing
global report quality and coverage of specified writ-
ing points. 3) We conduct comprehensive exper-
iments and ablation studies demonstrating com-
petitive performance and validating the contribu-
tion of the architectural components. Our code
and the RW-Bench are publicly available at https:
//github.com/ZengyanLiu/DD-DR-code/.

2 Preliminaries

2.1 Deep Research (DR) Paradigm

Given an open-ended research query ¢ € O, a DR
system produces a coherent, source-grounded re-
porty € ) by interacting with external information
sources and tools. Rather than generating y in a
single pass, the system operates through an itera-
tive loop of (1) planning or refining sub-questions,
(2) acquiring evidence from heterogeneous sources,
and (3) synthesizing findings into progressively im-
proved reports.

2.2 Problem Formulation: Multi-Agent DR

We formulate Multi-Agent DR as a long-horizon
collaborative process in which N specialized
agents, with policies {mg, } |, jointly produce a
report for a query ¢ € Q. Each agent ¢ maintains a
private history h§?1 and exchanges messages with
other agents. At step ¢, agent ¢ selects an action
from a space A comprising tool actions and com-

munication actions:
af? ~ o (120 st M) )

where s; is the environment state, MEZ) =
{mgk_”) } =4 is the aggregated incoming messages,
and the private history is updated as hgl) = h,EZ_)l U
{agi), ogi)} with observation ogi). After at most T’
steps, the system generates a report:

y=G(sr, (hHY) @)
which should be responsive to g, well-structured,
and grounded in the evidence accumulated in sp.

The design objective is to maximize report quality
under given resource constraints.

3 Methodology

Our framework decomposes the long-horizon DR
process into specialized sub-tasks handled by three
collaborating agents: a planner, one or more in-
formation seekers, and a writer (Figure 1). The
planner orchestrates query decomposition and dis-
patch, information seekers acquire and evaluate
evidence in parallel, and the writer synthesizes cu-
rated materials into a structured report. All agents
follow the ReAct paradigm (Yao et al., 2022) and
coordinate through a persistent file-based shared
workspace.

3.1 Agent Role Design

Planner. The planner is responsible for global rea-
soning, workflow management, and quality control.
It decomposes the research query into a hierarchi-
cal task tree, dynamically dispatches sub-tasks to
downstream agents, and evaluates whether the gath-
ered evidence is sufficient before advancing the
workflow. The planner maintains the authoritative
project state through versioned planning documents
stored in the shared workspace.

Information Seeker. Multiple information seek-
ers can be instantiated concurrently to investigate
different sub-topics. Their scope is strictly lim-
ited to information acquisition: they retrieve web
content, perform multi-dimensional analysis on the
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Figure 1: Overview of the DD-DR workflow. A planner decomposes the query into a hierarchical task tree and
dispatches sub-tasks; multiple information seekers retrieve, assess, and summarize evidence in parallel into a
persistent file-based shared workspace; the writer then generates an outline, drafts sections with the section writer,
and revises via the chapter verifier before merging into the final report.

extracted documents (assessing timeliness, author-
ity, richness, etc.), and condense the raw data into
structured summaries deposited in the workspace.
Writer. The writer operates on the curated materi-
als assembled by the planner and seekers. It gen-
erates a chapter-level outline, maps the evidence
to sections, and drafts the report iteratively. After
each chapter, a verification step checks logical con-
sistency and factual coverage, triggering a rewrite
when the quality falls below the threshold.

3.2 Inter-Agent Communication via Shared
Workspace

Rather than forwarding full conversation histo-
ries or raw retrieved pages, agents communicate
indirectly through a persistent shared workspace
W = {fi, fo,..., fr}. For agent i with cumu-
lative context hg?l at step ¢, the message sent to
agent j is produced by a communication operator
Ci*)j:

m{™ = ¢y (hii)l, Wt) = {task_summary, key_files}

(3)
The task summary is a compressed account of the
execution steps, findings, and unresolved issues,
which keeps the receiving agent’s input concise re-
gardless of how long the sender’s reasoning trace
was. The key files record metadata for every file cre-
ated or updated during the sub-task, including the
file path, content description, and whether the file

constitutes a primary deliverable. Agents store all
intermediate outputs in the workspace and retrieve
specific details on demand through file-oriented
tools, rather than carrying them in context.

This design yields three advantages. First, mes-
sage complexity remains bounded regardless of rea-
soning history length, ensuring scalable commu-
nication. Second, all intermediate artifacts are per-
sistently stored and retrievable, providing durable
state management without maintaining full con-
text windows. Third, independent sub-tasks enable
parallel execution without state interference.

3.3 Tool Ecosystem

All tools are integrated via the MCP, providing a
uniform interface for tool discovery, invocation and
result parsing. We organize them into the following
two groups:

Internal cognitive tools encapsulate thinking
and reflection as explicit tool calls interleaved with
external tool invocations (MiniMax, 2025), helping
agents reason over observations before selecting
the next action.

External capability tools allow agents to inter-
act with external environments and are organized
into three categories:

Web-search tools provide search-engine API ac-
cess, full-text extraction, format conversion, and
multi-dimensional document analysis.
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Algorithm 1 DD-DR End-to-End Workflow

Require: User query g, workspace W, quality threshold 7

Ensure: Final report y
1: Phase 1: Task Planning
Analyze ¢ and generate task tree 7 = {t1, ...
Initialize VW with planning document
Phase 2: Information Acquisition
for each t; € T in parallel do

end for
Phase 3: Iterative Routing
while evidence in WV insufficient do

R A A o

e

: end while
: Phase 4: Document Synthesis

—_ = =
AW O =

. for each chapter ¢ in O do

—_
W

: end for
: Merge chapters into y
: return y

—_ = =
o 3 O

,tn}

Refine 7 and dispatch additional tasks in parallel

: Generate outline O and map evidence to sections

Draft ¢ and verify quality, redraft if below 7

> planner

> seekers

Retrieve, evaluate, and summarize evidence for ¢;, store in VW

> planner
> seekers
> writer
> writer

> writer

File-oriented tools implement the shared-
workspace protocol, supporting file reading, writ-
ing, previewing, and LLM-powered document
querying in the workspace.

Content-creation tools support sectional drafting
through a search-result classifier, section writer,
and chapter verifier that maps evidence to outline
sections, drafts chapters, and triggers revision when
quality is insufficient.

3.4 End-to-End Workflow

The above components are integrated into a four-
phase pipeline (Algorithm 1): 1) Task Planning:
the planner decomposes query ¢ into a hierarchical
task tree and writes a planning document to the
workspace. 2) Parallel Acquisition: information
seekers retrieve and summarize evidence for as-
signed sub-tasks in parallel, returning compressed
summaries and key_files paths to the planner. 3)
Iterative Routing: the planner evaluates evidence
coverage; if gaps remain, it refines the task tree
and dispatches additional seeking rounds. 4) Doc-
ument Synthesis: the writer generates an outline,
allocates evidence to sections, drafts each chapter
with self-verification, and merges validated chap-
ters into the final report y.

4 Training and Evaluation

4.1 Training Data and Fine-tuning
4.1.1 Query Crafting Pipelines

To construct diverse and challenging training
queries, we employ two complementary crafting
pipelines. Internal-Knowledge-Driven Pipeline
provides the model with domain-specific seed
keywords and asks it to propose writing topics
from parametric knowledge, supporting broad con-
ceptual coverage. Retrieval-Driven “Inverted”
Pipeline begins with targeted web searches, syn-
thesizes retrieved evidence into draft topics, and
iteratively refines them as new evidence is incorpo-
rated, yielding externally grounded and contextu-
ally faithful queries.

4.1.2 Cold-start Supervised Fine-tuning

A multi-agent DR framework requires its back-
bone model to follow role-specific instructions,
coordinate with other agents, and reliably invoke
tools—particularly the file-system operations cen-
tral to the shared-workspace protocol. To equip
the backbone with these capabilities, we construct
training queries from multiple domains using the
pipelines described in Section 4.1.1, supplemented
by in-house queries from additional vertical do-
mains. For each query, we execute the full DD-
DR pipeline with Claude-series models (Anthropic,
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Figure 2: Evaluation framework for the generated final report.

2025Db) as the policy backbones, collecting the re-
sulting planner—seeker—writer trajectories. After
careful filtering and post-processing, we curate DD-
DR-2.3k, a cold-start dataset of 2.3k multi-agent
trajectories whose action—observation sequences
teach the model to follow role-specific protocols
and invoke MCP tools reliably.

4.2 Evaluation Benchmark

4.2.1 Limitations of Existing Benchmarks

Existing DR benchmarks, such as the widely used
DeepResearch Bench (Du et al., 2026) and the re-
cent ResearchRubrics benchmark (Sharma et al.,
2026), have catalyzed progress but remain two
limitations. First, many queries are excessively
open-ended; queries such as “Analyze the devel-
opment of ‘God’ in various annotations of Laozi”
provide insufficient scoping boundaries, leading
to divergent reasoning paths and unstable evalu-
ation. Second, evaluator-side specifications are
often not fully exposed in the user query. Deep-
Research Bench scores open-ended queries against
reference reports, while ResearchRubrics provides
101 queries and 2,593 expert-written criteria but
only 13 prompts include explicit rubric-like require-
ments. Thus, most queries remain open-ended
while being scored against pre-specified criteria,
leaving an instruction—evaluation mismatch.

To address these shortcomings, RW-Bench
explicitly provides knowledge-intensive writing
points that guide report construction and directly
ground rubric-based assessment, reducing both
open-ended generation variance and instruction—
evaluation mismatch.

4.2.2 Benchmark Construction and Quality
Assurance

The RW-Bench comprises 100 high-quality writing

queries spanning 10 domains: Al & LLMs (16), CS

& Software Engineering (7), Finance & Investment

(10), Medicine & Healthcare (11), Sports Industry
(8), Consumer Markets & Business (13), Culture,
History & Education (12), Tourism & Urban Mobil-
ity (10), Regional Economics & Industrial Policy
(6), and Ecology & Agricultural Technology (7).
On average, each query contains 591 characters
and 5.58 writing points. Each query consists of
a specific writing topic together with an associ-
ated set of writing points that serve as the basis
for rubric-based evaluation. The writing points are
strictly knowledge-driven, requiring models to re-
trieve and synthesize external evidence rather than
relying on parametric recall. All 100 queries are
constructed through rigorous domain selection, ex-
pert annotation, and anti-hacking filtering (detailed
in Appendix A).

4.2.3 Evaluation Framework

We adopt an LLM-as-a-Judge approach (Zheng
et al.,, 2023) and propose a two-phase eval-
uation framework that combines holistic and
rubric-based evaluation (Figure 2), capturing both
global report quality and fine-grained point cov-
erage. For robustness, both phases use three in-
dependent LLM judges (GPT-5.2, Gemini-3-Pro,
and Gemini-3-Flash) and report their averaged
scores.

Holistic evaluation. Each judge evaluates the
full report across six dimensions: logical coher-
ence, structural integrity, information richness, ar-
gumentative quality, language clarity, and content
diversity. Each dimension is scored from 1 to 10;
their mean yields the holistic score.

Rubric-based evaluation. For each writing
point, we first identify the most relevant report
sections using BM25 (Robertson et al., 1994); the
judge then scores each selected section on a scale
of 1 to 10, assessing two aspects: the degree to
which the section fulfills the requirements speci-
fied by the writing point, and the overall writing
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quality of the section in terms of fluency, logical
coherence, and content diversity.

5 Experiments

5.1 Setup

Benchmark Datasets. We evaluate DD-DR on the
following two benchmarks.

DeepResearch Bench (DR Bench) comprises 100
research queries crafted by domain experts across
22 fields. RACE evaluates report quality by scor-
ing the generated report against a reference along
four dimensions—Comprehensiveness (Comp.), In-
sight/Depth (Depth), Instruction-Following (Inst.),
and Readability (Read.)—which are combined
into an overall weighted score using an LL.M-as-
a-Judge (Gemini-2.5-Pro). FACT assesses web
retrieval effectiveness and reliability via Cita-
tion Accuracy and Average Effective Citations
per Task (Du et al., 2026). Following previous
work (Shao et al., 2025; Anthropic, 2025a), we
only report the RACE score on this bench since the
FACT score is undermined by unreliable source ver-
ification and citation-counting behavior that fails to
assess citation relevance or penalize unsupported
claims.

RW-Bench is our proposed benchmark, evalu-
ated with the two-phase rubric-based and holistic
evaluation described in Section 4.2.3.

Compared Systems. We compare DD-DR
against four leading proprietary DR systems—
OpenAl Deep Research (OpenAl, 2025a), Gemini-
2.5-Pro Deep Research (Google, 2025), Claude
Research (Anthropic, 2025a), and Doubao Deep
Research—as well as two current SOTA open-
source systems at the 30B parameter and 8B param-
eter scale: WebWeaver (Qwen3-30B-A3B-Instruct-
2507) (Li et al., 2026) and DR Tulu-8B (Shao et al.,
2025), for which we report both the SFT and RL
variants.

Implementation Details. DD-DR is instantiated
with three backbone models: Qwen3-4B-Instruct-
2507, Qwen3-8B, and Qwen3-30B-A3B-Instruct-
2507 (Yang et al., 2025); denoted DD-DR(4B), DD-
DR(8B), and DD-DR(30B), respectively. Starting
from the base checkpoints, each variant is fine-
tuned on the DD-DR-2.3k dataset described in Sec-
tion 4.1.2, sharing the same trajectory corpus and
training recipe and differing only in the backbone
capacity.

5.2 Main Results

Results on DR Bench. Table 1 presents the RACE
scores on DR Bench. DD-DR(30B) achieves an
overall score of 47.77, establishing a new SOTA
among open-source models at the same parameter
scale and surpassing WebWeaver(30B) by 1.0. It
also outperforms OpenAl Deep Research (46.45),
Claude Research (45.00), and Doubao Deep Re-
search (44.34), trailing only Gemini-2.5-Pro Deep
Research (49.71). Beyond the overall score, the
per-dimension score reveals a distinctive strength
profile. DD-DR(30B) achieves the second-highest
Comp. and Depth scores, indicating strong evi-
dence gathering by the dedicated seekers. However,
Read. remains its weakest dimension, trailing Web-
Weaver; we attribute this to the high proportion of
structured tool-calling tokens in the SFT training
data (see Appendix B for a detailed per-dimension
discussion). At the 8B scale, DD-DR(8B) scores
43.63 overall, surpassing both DR Tulu-8B(SFT)
(39.00) and DR Tulu-8B(RL) (43.40), especially on
Comp. and Depth, again confirming the effective-
ness of the dedicated seeker. DD-DR(4B) scores
41.63, demonstrating that the framework can pro-
duce reasonable-quality reports even with compact
backbones.

Results on RW-Bench. The queries in RW-
Bench are accompanied by numerous knowledge-
intensive writing points, posing challenges that ex-
ceed the capability of the smaller-scale 4B back-
bone; we therefore report results only for DD-
DR(30B) and DD-DR(8B).

Holistic evaluation. Table 2 reports the holis-
tic evaluation scores. DD-DR(30B) achieves
an average score of 7.49, closely matching the
best proprietary baseline—OpenAl Deep Research
(7.54)—and surpassing Gemini-2.5-Pro Deep Re-
search (7.33) and Doubao Deep Research (7.27).
Dimension-wise, DD-DR(30B) ranks first on Struc-
tural Int. (7.90) and Info. Richness (7.85), confirm-
ing that the sectional writing strategy and seeker-
driven retrieval pipeline produce well-organized,
evidence-rich reports. The main gap lies in Lang.
Clarity, consistent with the readability pattern ob-
served on DR Bench (Appendix B).

Rubric-based evaluation. Table 3 presents the
rubric-based evaluation results. DD-DR(30B)
achieves an average score of 7.02, ranking sec-
ond only to OpenAl Deep Research (7.12). On
the rubric-based score, which measures point-level
fulfillment of writing points, DD-DR(30B) attains
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Overall ‘ Comp. Depth Inst. Read.
OpenAl Deep Research 46.45 46.46 43773 49.39 47.22
Gemini-2.5-Pro Deep Research ~ 49.71 49.51 4945 50.12 50.00
Claude Research 45.00 4534 42779 47.58 44.66
Doubao Deep Research 44.34 4484  40.56 4795 44.69
Tongyi-Deep Research (30B) 45.66 44770 4420 48.82 44.20
WebWeaver (30B) 46.77 45.15 45778 4921 47.34
DR Tulu-8B(SFT) 39.00 36.30 3530 4550 39.50
DR Tulu-8B(RL) 43.40 41770  41.80 48.20 41.30
DD-DR (4B) 41.63 40.74 4159 45.68 32.60
DD-DR (8B) 43.63 43.61 4331 4691 37.52
DD-DR (30B) 47.717 47.61 48771 49.09 42.16

Table 1: RACE scores on DR Bench. Best results are bolded, second-best results are underlined.

Avg. | Logical Structural Info. Arg. Lang. Content

Score Coh. Int. Richness Quality Clarity Div.
OpenAl Deep Research 7.54 7.67 7.68 7.63 7.29 7.46 7.54
Gemini-2.5-Pro Deep Research ~ 7.33 7.63 7.29 7.23 7.25 7.34 7.28
Doubao Deep Research 7.27 7.44 7.49 7.50 7.09 7.25 6.86
DD-DR (30B) 7.49 7.63 7.90 7.85 7.20 6.84 7.50
DD-DR (8B) 6.92 7.11 7.56 7.58 6.87 5.56 6.84

Table 2: Holistic evaluation scores on RW-Bench. Best results are bolded, second-best results are underlined.

7.28, closely trailing OpenAl Deep Research (7.34)
while exceeding all other baselines. The section-
quality score of DD-DR(30B) reaches 6.75, compa-
rable to Doubao Deep Research (6.74) yet slightly
behind the other proprietary baselines. DD-DR(8B)
obtains an average of 6.48, still competitive with
proprietary systems despite its substantially smaller
model scale.

Factuality evaluation. To assess factual relia-
bility, we conduct a claim-level factuality evalua-
tion following VeriScore (Song et al., 2024) and
SAFE (Wei et al., 2024). Specifically, we randomly
sample 30 verifiable claims from each report, gen-
erate three search queries per claim to retrieve
supporting evidence, and prompt an LLM judge
(Gemini-3-Flash) to classify each claim as Sup-
ported, Uncertain, or Refuted. Table 4 shows that
DD-DR(30B) and OpenAl Deep Research have
comparable grounding, with 79%—-81% supported
claims and about 10% refuted. DD-DR(8B)’s lower
supported rate (76.41%) suggests that smaller mod-
els struggle mainly during evidence synthesis rather
than retrieval.

5.3 Ablation Study

To isolate the contribution of individual compo-
nents, we ablate the information seeker agent
and two key MCP tools, document_extract
and chapter_verifier, from DD-DR(30B) on
DR Bench (Table 5).

Information seeker. The No-information-
seeker variant collapses the seeker role into the
planner, requiring a single agent to handle both
task planning and web retrieval. This change
leads to a 0.82 drop in the overall RACE score
(47.77—46.95), with the most pronounced degra-
dation on Comp. (—1.42) and Inst. (—1.53). With-
out a dedicated seeker agent, the planner, now bur-
dened with dual responsibilities, causes the number
of search queries to drop sharply; the resulting evi-
dence gathering thus becomes shallower and less
systematic, leading to narrower topical coverage
and weaker alignment with the original query in-
tent. Interestingly, Read. improves slightly, likely
because the reduced volume of retrieved material
leaves the writer with less heterogeneous content
to integrate, yielding prose that is more uniform in
style and easier to read.

Document Extractor. The document_extract
tool analyzes each retrieved document for source
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Avg. Rubric-based Section-quality

Supported Refuted Uncertain

Score Score Score
OpenAl Deep Research 7.12 7.34 6.90 OpenAl Deep Rescarch  81.87%  7.14%  10.99%
Gemini-2.5-Pro Deep Research ~ 6.96 6.83 7.08
Doubao Deep Research 6.95 7.15 6.74 DD-DR(8B) 76.41% 12.04%  11.55%
DD-DR(8B) 6.48 6.98 5.97
DD-DR(30B) 7.02 7.28 6.75 DD-DR(30B) 7921%  10.56%  10.23%

Table 3: Rubric-based evaluation scores on RW-Bench. Best

Table 4: Factuality evaluation results on RW-

results are bolded, second-best results are underlined. Bench.
Overall ‘ Comp. Depth Inst. Read.
DD-DR (30B) 47.77 47.61 48.71 49.09 42.16
No-information-seeker  46.95 46.19 47.79 4756 44.63
No-chapter-verifier 44.18 44.10 44.66 46.06 38.04
No-document-extract 44.42 4482  44.02 46.93 38.06

Table 5: Ablation study on DR Bench. Each row removes one component from the full DD-DR(30B) system.

authority, task relevance, and information rich-
ness, and deposits compressed summaries into the
shared workspace—forming the foundation of the
inter-agent communication protocol described in
Section 3.2. Without it (No-document-extract),
raw retrieved documents are stored directly in the
workspace, re-introducing the context overload
problem. This ablation causes a severe overall drop
(47.77—44.42), with Depth suffering the largest
decline (—4.69) and Comp. and Read. also degrad-
ing substantially (—2.79 and —4.10, respectively).
The results confirm that structured document ex-
traction is essential not only for evidence curation
but also for maintaining the compact, high-signal
workspace.

Chapter Verifier. The chapter_verifier tool
scores each drafted section and triggers revision
when the score falls below a quality threshold. Re-
moving this quality gate (No-chapter-verifier) leads
to a 3.59-point overall drop (47.77—44.18): all
four RACE dimensions decline, with Read. suf-
fering the steepest fall (—4.12). Without iterative
verification, first-draft sections are accepted uncon-
ditionally, and errors in coverage or coherence that
would otherwise be caught and corrected accumu-
late across sections. The particularly steep drop
in Read. suggests that the verifier plays a dual
role: beyond content checking, its feedback loop
encourages the writer to produce more polished
prose.

No-SFT ablation. We initially attempted to de-
ploy the off-the-shelf backbones directly within the

DD-DR framework without any fine-tuning. How-
ever, the base models lack reliable adherence to
the role-specific protocols and fail to produce MCP
tool calls. In practice, the No-SFT variant was
unable to complete the multi-agent workflow and
therefore could not generate valid research reports.
Therefore, we exclude this configuration from the
ablation table.

6 Related Work

Deep Research Agents. DR agents, both propri-
etary and open-source, have recently attracted sub-
stantial attention. Proprietary systems, including
OpenAl Deep Research (OpenAl, 2025a), Gem-
ini Deep Research (Google, 2025), and Claude
Research (Anthropic, 2025a), achieve strong per-
formance on complex information-seeking and
report-generation tasks, but their closed-source
nature limits reproducibility and academic adop-
tion (Zhang et al., 2025). Open-source DR
agents mainly fall into two categories. Workflow-
based systems orchestrate general-purpose LLMs
through predefined pipelines. GPT Researcher (Re-
searcher, 2025) and LangChain Open Deep Re-
search (LangChain, 2025), for instance, adopt
plan-and-execute workflows with self-reflective
knowledge-gap identification, but their static
pipelines limit adaptability. End-to-end trained
agents instead internalize research capabilities
within the model. Tongyi DeepResearch (Team
et al., 2025), Step-DeepResearch (Hu et al., 2025),
and DeepDiver (Shi et al., 2026) improve training
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for agentic research, yet their single-agent designs
entangle planning, retrieval, and writing within one
context window. Recent multi-agent systems par-
tially address this issue: DeepResearcher (Zheng
et al., 2025) trains a controller—browser dual-agent
system, and WebWeaver (Li et al., 2026) inter-
leaves outline planning with evidence acquisition.
However, role entanglement and raw conversa-
tional history forwarding remain common, caus-
ing context overload over long horizons. DD-DR
addresses these limitations through a three-role de-
composition, a file-based shared workspace, and
role-specific tools. Among concurrent efforts, FS-
Researcher (Zhu et al., 2026) adopts a file-system-
based design similar to ours, but its agents com-
municate only implicitly and indirectly through
the shared storage. DD-DR instead augments the
shared workspace with an explicit communication
protocol, through which agents directly exchange
highly compressed messages, enabling efficient
state synchronization and parallel execution.

Deep Research Evaluation Benchmarks. Re-
cent DR benchmarks cover diverse task settings.
DeepConsult (Consult, 2025) targets business and
consulting tasks. DeepResearch Bench (Du et al.,
2026) comprises 100 PhD-level tasks across 22
domains and evaluates report quality and citation
accuracy. ResearchRubrics (Sharma et al., 2026)
introduces expert-written rubric criteria for fine-
grained DR evaluation, but most of its queries re-
main open-ended and are evaluated against rubrics
that are not explicitly presented as writing require-
ments. ReportBench (Li et al., 2025) derives ques-
tions from expert survey papers and assesses ci-
tation accuracy and factual consistency. DeepRe-
searchGym (Coelho et al., 2025) tests 100 real-
world complex queries with LLM-based judgments
of report quality, while LiveResearchBench (Wang
et al., 2026) focuses on dynamic user-centric tasks.
Despite their contributions, existing DR bench-
marks often rely on overly open-ended queries,
leading to divergent reasoning paths and unstable
evaluation. RW-Bench complements them by pair-
ing each query with explicit knowledge-intensive
writing points and a two-phase evaluation of holis-
tic report quality and point-level fulfillment.

7 Conclusion

We presented DD-DR, a multi-agent deep research
framework, together with RW-Bench, a rubric-
based knowledge-intensive writing benchmark. Ex-

periments show that DD-DR(30B) achieves strong
performance on both DR Bench and RW-Bench.
Ablation studies further verify the contributions
of different core components. We hope DD-DR
and RW-Bench can serve as useful foundations for
future DR research.
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Limitations

Despite its strong empirical performance, DD-DR
has two limitations. First, DD-DR does not include
large-scale reinforcement learning. As a result, the
framework may not fully exploit feedback-driven
optimization for long-horizon planning, tool use,
and evidence-grounded writing. Incorporating RL
over multi-agent trajectories is an important direc-
tion for future work. Second, our evaluation relies
substantially on LLM-as-a-Judge protocols. Al-
though we improve robustness by averaging scores
from multiple judge models, LLM judges may still
introduce biases, inconsistency, or sensitivity to
prompt design. Future work should further com-
bine model-based evaluation with human expert
assessment and more objective factuality metrics.

Potential Risks

As a report-generation agent, DD-DR may pro-
duce outputs that carry risks common to language-
based systems. First, generated reports may con-
tain unsupported claims, or subtle factual errors,
especially when retrieved sources are incomplete,
unreliable, or misinterpreted during synthesis. Sec-
ond, the system may reproduce biases, subjective
framing, or culturally specific assumptions present
in web sources or in the backbone model. Third,
fluent and well-structured reports can create an
impression of authority even when parts of the
content are uncertain, which may mislead users
in high-stakes domains such as medicine, law, fi-
nance, or public policy. Finally, reports may in-
clude inappropriate, sensitive, or harmful content
if the user query or retrieved evidence involves
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unsafe topics. These risks highlight citation check-
ing, human oversight, source transparency, and
domain-specific safety constraints when deploying
DR agents in real-world settings.
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A Benchmark Construction Details

Domain Selection and Filtering. We define a
seed set of domains in which 70% overlap with
typical LLM training distributions and 30% are
out-of-distribution (OOD). For each domain we
generate at least five candidate queries using the
crafting pipelines described in Section 4.1.1, then
apply rigorous manual filtering to retain at most
three per domain.

Expert Annotation. A panel of eight expert
annotators, all holding a master’s degree or higher,
evaluates the candidate queries along three dimen-
sions: clarity and fluency, knowledge intensiveness,
and the accessibility of the required knowledge
from publicly available web sources.

Anti-Hacking Mechanisms. To mitigate data
contamination, we employ two countermeasures.
For queries derived from documents, we ground
them in private sources whose content cannot be
retrieved directly but can be reconstructed by syn-
thesizing multiple public web pages. For queries
derived from web-based information, we require
that each query integrate evidence from at least
three distinct websites, preventing single-source
retrieval shortcuts.

B Per-Dimension Analysis

Search depth and breadth. On DR Bench, DD-
DR(30B) achieves substantial gains over Web-
Weaver(30B) on Comp. (47.61 vs. 45.15) and
Depth (48.71 vs. 45.78); we attribute this im-
provement to the dedicated information seeker
agent, which conducts multi-round, targeted re-
trieval under the guidance of the planner’s struc-
tured outline. Unlike single-agent pipelines that
interleave search and writing, this separation al-
lows the seeker to pursue deeper and broader evi-
dence gathering without being constrained by the
generation context. The same pattern holds at
the 8B scale: DD-DR(8B) outperforms DR Tulu-
8B(RL) on both Comp. (43.61 vs. 41.70) and
Depth (43.31 vs. 41.80), despite using the same
backbone model, confirming that the seeker-driven
architecture rather than model capacity is the pri-
mary driver of evidence coverage. A similar trend
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emerges on RW-Bench, where DD-DR(30B) ob-
tains the highest scores on Info. Richness (7.85)
and Content Div. (7.50), further confirming that the
seeker-driven retrieval pipeline enriches the final
report with diverse and substantive evidence.

Structural quality. DD-DR(30B) scores com-
petitively on Inst. in DR Bench (49.09) and
achieves the best Structural Int. on RW-Bench
(7.90). These results reflect a deliberate design
choice: rather than asking the writer to produce
the entire report in a single run, we equip it with
a section_writer tool that composes the report
one section at a time according to the outline. This
sectional writing strategy sidesteps the well-known
degradation of coherence and instruction adherence
in very long generation contexts, and ensures that
each section receives focused attention for logical
organization and topical alignment.

Readability gap. Despite strong performance
on content and structure dimensions, DD-DR ex-
hibits noticeably lower Read. scores on DR Bench
(42.16 for DD-DR(30B), 37.52 for DD-DR(8B)),
and a similar Lang. Clarity gap on RW-Bench
(6.84 for DD-DR(30B) vs. 7.25-7.46 for propri-
etary baselines). We hypothesize that this deficit
originates from the SFT training stage: the DD-
DR trajectory data contains extensive MCP tool
invocations formatted in the Hermes JSON schema,
and the high proportion of structured, non-natural-
language tokens in the training mix may erode the
base model’s prose fluency. Mitigating this trade-
off—for instance through a post-training stage that
specifically targets language quality, or by reducing
the ratio of tool-calling tokens in the SFT mixture—
is an important direction for future work.

C RW-Bench Writing Queries

RW-Bench contains 100 queries in a mixture of
Chinese and English. We present examples for
each language below.

D Report Writing Case Study

The following case study demonstrates the effec-
tiveness of DD-DR(30B) on long-form report writ-
ing for a representative query from RW-Bench. The
generated report exhibits strong structural clarity
and closely follows the requirements specified in
the writing prompt. A key strength of the output is
its extensive use of factual evidence and descriptive
details retrieved from external sources, enabling a
level of granularity and accuracy that cannot be

achieved by relying solely on the model’s para-
metric knowledge. This example highlights DD-
DR’s strong capabilities in information seeking and
evidence-grounded content generation.
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Example of Writing Query (Chinese)

Writing Topic:
HRE RN S REXE: SN/ B AER AR ML R T B ER SR IA
7 KEramt s, WARRGER U FEA:

Writing Points:

L IR S AL BWEER (RR) 5ERE GHR) KRR, aail
AL RRER LR, IR USSR [R5 55 SCRRIEDE .

2. TZREEMAERRGAT . B, P RUR RS Wk, R & L
AR EREARE R, UBRREREREZEM.

3. WREMELSHUISIAET. SRR RBT: BRRAUR. TS . fER S ERtN
FHBREFKT, BRI R S AR N £ EH .

4. HESH5XARRRAER S A RN DR AT iE e B/ R i i
IR ARERCiZE X S, TR ARG E R B AR .

5. BEFMMESREHE: XTHEt, BARCAERERE. Hao. W& E LA NECR EE R
ZR, HREA RN SRR

\.

Example of Writing Query (English)

Writing Topic:

Please draft a detailed project proposal for an open-source, modular toolkit that supports the
end-to-end creation, training, and assessment of Large-Language-Model-based autonomous
agents across multiple domains. Your proposal should cover no more than the following seven
key elements:

Writing Points:

1. Core architecture blueprint: specify how the toolkit will let developers configure profiling,
memory (structures & operations), planning (with/without feedback), and action modules, ensur-
ing loose coupling and easy extension.

2. Capability-acquisition workflows: outline integrated pipelines for (a) parameter fine-tuning
with human, LLM-generated, or real-world data sets and (b) prompt/mechanism engineering
without fine-tuning.

3. External-tool plug-in ecosystem: describe interfaces for connecting APIs, databases, knowl-
edge bases, and specialist models, plus a cataloguing system that prevents hallucination-driven
misuse.

4. Benchmarking suite design: define tasks drawn from social science, natural science, and
engineering; list quantitative metrics (effectiveness, human similarity, efficiency) and standard
evaluation protocols (simulation, social interaction, multi-task, software testing).

5. Domain-specific configuration language: propose a concise DSL or YAML/JSON schema for
declaring agent roles, goals, environments, and safety constraints.

6. Alignment & safety layer: detail mechanisms for role-appropriate value alignment, hallucina-
tion detection/mitigation, and customizable guardrails for sensitive use cases.

7. Community roadmap & governance: set milestones for releases, contribution guidelines,
testing infrastructure, and plans for long-term sustainability of the toolkit.
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Case Study: Roadmap for Apple-Harvesting Robot Systems

Writing Query:

Please develop a detailed five-year R&D and commercialization roadmap for a next-generation
selective apple-harvesting robot system that can operate reliably in high-density orchards. Your
roadmap must address the following 7 core elements:

1. Target use-case definition and performance goals: Define orchard scenarios (tree architectures,
lighting, weather) and set quantitative KPIs such as pick-rate per hour, fruit-damage threshold,
and payback period.

2. Perception & localization subsystem: Specify sensor suite (e.g., RGB-D, LiDAR, multi-
spectral) and data-fusion algorithms required to achieve robust fruit detection and 3-D pose
estimation under occlusion and variable illumination.

3. Manipulation architecture: Propose manipulator kinematics (single, dual, or multi-arm),
required DOF, actuator choices, and cycle-time targets, including a modular end-effector concept
that accommodates variable fruit size while minimizing bruising.

4. Autonomous navigation & mobility: Outline the mobile platform, positioning strategy (GPS,
vision-based row following, sensor fusion), obstacle avoidance, and orchard fleet-management
considerations.

5. Energy strategy and sustainability: Compare on-board batteries versus hybrid solar-assisted
power, estimate daily energy demand, and design a charging or swap plan that supports continuous
operation.

6. Al-driven planning & control: Describe learning frameworks (e.g., deep reinforcement learning
for grasp sequencing) and edge-compute requirements for real-time perception, path planning,
and adaptive force control.

7. Commercialization, cost model & risk mitigation: Present a staged budget, BOM cost targets,
field-testing milestones, regulatory and safety compliance plan, and mitigation tactics for key
technical and market risks (e.g., adverse weather, component costs, grower adoption).

Generated Report (DD-DR(30B))
#2026-2030 Apple-Harvesting Robot Roadmap: R&D to Commercialization

## **Qverview and Scope**
This document defines high-density orchard harvesting targets and builds a complete robotic
system architecture for selective apple picking. It establishes row geometry and trellis spacing
constraints for systems like...

## **Chapter 1. Target Use-case Definition and Performance Goals**

### **Row Geometry and Planning Envelopes (High-Density Orchards)**

High-density orchard systems, including the Tall Spindle and Slender Axis systems, are predomi-
nant due to their superior profitability and early yield. These systems require precise row spacing
and planting densities to accommodate mechanization while ensuring optimal tree growth and
light interception. For instance, an ideal in-row spacing for high-density apple orchards such as
Tall Spindle or Slender Axis ranges from 3 to 4 feet (approximately 0.9 to 1.2 meters), depending
on orchard density requirements...

### **Brix Targets (12-18) and Ripeness-Selection Rigor**
Apple quality is often measured through soluble solids content (Brix), strongly correlating with
consumer preference for sweetness. Defining ripeness selection thresholds exclusively based on
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visual cues is insufficient for rigorous automation and prevents unnecessary late-picking forces...
## **Chapter 2. Perception & localization subsystem™*

### **Sensors and modalities: RGB-D, LiDAR, IR/UWB; occlusion-aware design**
...Recent RGB-D sensing devices, such as the Intel Realsense D435i, provide integrated
structured-light or depth-from-stereo sensors capable of producing synchronized color images
alongside dense depth maps within a 0.3m to 3m range, with < 2% depth measurement error at
2m absolute distance...

### **SGNSS-denied orchard positioning**

...Point cloud registration sequences maximize canopy overlap across traverses, achieving mean
averagePose errors of approximately 1.173m with standard deviation of 0.498m versus known
ground-truth LiDAR trails in shade-dense environments....

## **Chapter 3. Manipulation architecture and end-effectors**

### **Single vs dual/multi-arm trade-offs (DOF, payload, swivel base)**

Designing the manipulation subsystem for high-density selective apple harvesting robots in
the EU demands careful consideration of the trade-offs between single-arm and multi-arm
configurations, as well as...

#i## **Modular, compliant grippers for apple size variability with low bruising**

For fruits featuring substantial size variability and petal coatings susceptible to bruising, the
advancement of modular, compliant grippers has become an essential focus. The major challenge
lies in balancing adaptability with...
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