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Abstract
Deep Research Agents (DRAs) aim to solve
complex, long-horizon research tasks involv-
ing planning, retrieval, multimodal user-file un-
derstanding, and report generation, yet their
evaluation remains challenging due to unstable
live-web environments and ambiguous task def-
initions. We propose DR3-Eval, a realistic and
reproducible benchmark for evaluating deep
research agents on multimodal, multi-file re-
port generation. DR3-Eval is constructed from
authentic user-provided materials and paired
with a per-task research sandbox corpus that
simulates open-web complexity while remain-
ing repeatable and auditable within a static
evidence space, containing supportive docu-
ments, distractors, and noise. Moreover, we in-
troduce a multi-dimensional evaluation frame-
work measuring Information Recall, Factual
Accuracy, Citation Coverage, Instruction Fol-
lowing, and Depth Quality, and validate its
alignment with human judgments. Experiments
with our developed multi-agent system DR3-
Agent across multiple state-of-the-art language
models demonstrate that DR3-Eval is highly
challenging and reveals persistent bottlenecks
in evidence retrieval, citation coverage, and fac-
tual reliability. The code1 and data2 are publicly
released.

1 Introduction

Recent advances in large language models have
enabled the development of Deep Research Agents
(DRAs), which aim to autonomously perform com-
plex, long-horizon research tasks involving plan-
ning, iterative information retrieval and synthesis of
structured reports (Li et al., 2025; Schmidgall et al.,
2025; Xu and Peng, 2025; OpenAI, 2025a; Google,
2024; Qwen Team, 2025a; ByteDance, 2025). Un-
like traditional question-answering systems, DRAs

*Equal contribution. †Corresponding authors.
1https://github.com/NJU-LINK/DR3-Eval
2https://huggingface.co/datasets/NJU-LINK/

DR3-Eval

must operate under uncertainty, reason over het-
erogeneous and noisy information sources, and in-
tegrate evidence into coherent analytical outputs.
As these capabilities rapidly improve, establish-
ing realistic, reproducible, and reliable evaluation
protocols has become increasingly important.

As summarized in Figure 1, several bench-
marks have been proposed to evaluate deep re-
search agents (Wang et al., 2026a; Han et al., 2026;
Sharma et al., 2026; Patel et al., 2025; Li et al.,
2026; Ruan et al., 2026) . For example, DeepRe-
search Bench (Du et al., 2026) emphasizes open-
ended report generation and long-horizon reason-
ing, but typically relies on live web access, making
results difficult to reproduce and prone to evalua-
tion ambiguity because search rankings, page avail-
ability, and retrieved content can change over time.
DRBench (Abaskohi et al., 2026) combines open-
web retrieval with synthetic enterprise files in self-
hosted applications and explicitly injects relevant
and distractor content, but its companies, personas,
and private data are generated rather than collected
from authentic user requests. More recently, Deep-
ResearchGym (Coelho et al., 2026) introduces a
sandbox-based framework that replaces live web
access with fixed local corpora, but it evaluates
text-only queries over a global web corpus rather
than research requests grounded in user-provided
multimodal files and per-task controlled confound-
ing documents. As a result, there remains a gap
between real-world research complexity—which in-
volves multimodal user-provided materials, noisy
and misleading information, and implicit research
intent—and the environments used to evaluate DRA
performance.

To address these limitations, we introduce DR3-
Eval, a benchmark to reconcile realism, controlla-
bility, and reproducibility for deep research. DR3-
Eval targets report-generation tasks grounded in
real-world needs, constructed from authentic multi-
modal user files that users have encountered in prac-
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Figure 1: Comparison of different benchmarks. Given
text queries, Deep Research Bench executes text
queries via real-time search, and DeepResearchGym
retrieves from a global offline database. DRBench com-
bines synthetic enterprise files in a self-hosted appli-
cation environment with retrieval from dated public
websites and focuses on enterprise domains. In contrast,
DR3-Eval processes queries and files in a controlled
sandbox corpus on diverse domains.

tice. Following the evaluation paradigms of Deep-
ResearchGym and BrowseComp-Plus (Coelho
et al., 2026; Chen et al., 2026), we evaluate agents
against a localized retrieval corpus in a static, con-
trolled sandbox. Each task is paired with a per-case
sandbox corpus that simulates the open web as a
deep-research environment while providing a static
and auditable evidence space. Within this sand-
box, documents are carefully curated to include
evidential sources, confounding documents, and
ambient noise. A key feature of DR3-Eval is its
reverse-construction methodology, which derives
each query from verified documents and provides
each task with a predefined and auditable evidence
path. To support fine-grained assessment, we pro-
pose an evaluation framework that measures Infor-
mation Recall, Factual Accuracy, Citation Cover-
age, Instruction Following, and Depth Quality.

Moreover, to show the utility of DR3-Eval, we
have developed DR3-Agent, a multi-agent research
system adapted to the benchmark’s closed-world
setting, which can also take text user queries and
corresponding user files (including text, image,
video, audio, etc.) as input. Extensive experiments
across state-of-the-art language models reveal that
DR3-Eval is highly challenging and exposes fail-
ure modes that are obscured by existing bench-
marks. Overall, the contributions are as follows:
(1) We propose DR3-Eval, a realistic, reproducible,
and multimodal user-file benchmark for evaluat-

Benchmark Task Domain UF SC MM RS MF RC

GAIA (Mialon et al., 2024) QA General ✓ ✗ ✓ ✓ ✗ ✓

HLE (Center for AI Safety et al., 2026) QA General ✓ ✗ ✓ ✗ ✗ ✗

BrowseComp-Plus (Chen et al., 2026) QA General ✗ ✓ ✗ ✗ ✗ ✗

DocBench (Zou et al., 2025) QA General ✓ ✗ ✓ ✓ ✗ ✓

MMLongBench-Doc (Ma et al., 2024) QA General ✓ ✗ ✓ ✗ ✗ ✓

DRBench (Abaskohi et al., 2026) Report Enterprise ✓ ✓ ✗ ✓ ✓ ✓

Deep Research Bench (Du et al., 2026) Report General ✗ ✗ ✗ ✓ ✗ ✗

Deep Scholar Bench (Patel et al., 2025) Report Academic ✗ ✗ ✗ ✓ ✗ ✓

DEER (Han et al., 2026) Report General ✗ ✗ ✗ ✗ ✗ ✗

LiveResearch Bench (Wang et al., 2026a) Report General ✗ ✗ ✗ ✓ ✗ ✗

DeepResearchGym (Coelho et al., 2026) Report General ✗ ✓ ✗ ✓ ✗ ✗

MMDR-Bench (Huang et al., 2026) Report General ✗ ✗ ✓ ✓ ✗ ✗

DR3-Eval (Ours) Report General ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Comparison of representative bench-
marks. Column abbreviations: UF=User Files,
SC=Sandbox Corpus, MM=Multimodal, RS=Real Sce-
nario, MF=Multiple User Files, and RC=Reverse Con-
struction.

ing deep research agents in the report generation
setting. (2) We introduce a controlled sandbox-
based task construction pipeline that balances real-
world complexity with verifiable evaluation. (3)
We build DR3-Agent and conduct comprehensive
benchmarking of frontier and open-weight models.

2 Related Work

Deep Research Agent. The capabilities of Deep
Research Agents (DRAs) have evolved beyond
the traditional question-answering paradigm to au-
tonomously plan long-horizon workflows, navigate
heterogeneous web sources, and ultimately synthe-
size information into structured reports (OpenAI,
2025a; Google, 2024; Qwen Team, 2025a; Perplex-
ity AI, 2025). Currently, mainstream deep research
systems have demonstrated powerful capabilities
in handling complex research tasks, but they are
mostly available as closed-source commercial prod-
ucts. Open-source work explores iterative research
agents (Li et al., 2025; Qiao et al., 2025), text–chart
interleaved report generation (Yang et al., 2026),
and modular, reproducible agent orchestration (Su
et al., 2026).
Deep Research Benchmark. Early QA bench-
marks targeted general-assistant reasoning and tool
use in GAIA or frontier academic knowledge and
reasoning in HLE (Mialon et al., 2024; Center
for AI Safety et al., 2026), which have recently
evolved into complex information-seeking tasks
in open-web environments. However, striking an
ideal balance between reproducibility and real-
ism remains inherently challenging. Benchmarks
such as DeepResearchEval and DEER evaluate
agents that retrieve external information through
live or built-in web search (Wang et al., 2026b;
Han et al., 2026). Because those retrieved result
sets are not frozen, repeated evaluations do not
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Figure 2: Overview of the DR3-Eval framework. (1) Data construction synthesizes search paths from real-world
multimodal files via a divergent-convergent mechanism, establishing a static sandbox with controlled signal-to-
noise ratios and backward-derived queries. (2) Our DR3-Agent adopts a hierarchical multi-agent architecture
where a perception-enhanced Main Agent coordinates global reasoning while specialized sub-agents execute
iterative sandbox retrieval and file parsing. (3) Evaluation protocol utilizes a multidimensional metric suite to
comprehensively assess performance in both evidence acquisition and analytical report generation.

hold search rankings, page availability, or page con-
tent constant. Conversely, existing sandbox-based
benchmarks (Coelho et al., 2026) ensure stable re-
trieval but do not pair each task with multimodal
user files or explicitly curated confounding docu-
ments. MMDeepResearch-Bench (MMDR-Bench)
evaluates image–text bundles, emphasizing visual-
evidence grounding and consistency among report
content, citations, and visual references (Huang
et al., 2026). DR3-Eval instead targets authentic,
heterogeneous, multi-file user inputs and pairs each
task with a static sandbox and evidence-first reverse
construction (Table 1).

3 DR3-Eval

3.1 Data Construction

The construction process involves five stages; de-
tailed prompts are provided in Appendix A.

Stage 1: Grounding in Real-World Needs. We
recruited human volunteers and asked them to pro-
vide intrinsically relevant material sets. All col-
lected materials then underwent a two-stage saniti-
zation process: an automated script first identified
and redacted personally identifiable information
(PII), followed by manual cross-validation by a
separate group of annotators.

Stage 2: Distilling Search Paths. Inspired
by the Double Diamond’s divergent and conver-
gent modes (Design Council, 2007) and Tree of

Thoughts’ generation and evaluation of diverse can-
didates (Yao et al., 2023), we design a two-stage
process to generate search keywords. We leverage
Gemini-2.5-Pro to perform an open-ended analysis
of the user files, generating an initial set of candi-
date keywords, simulating a wide-ranging “brain-
storming” session in the divergent stage. Subse-
quently, in the convergent stage, the model divides
them into two categories: (1) Signal Keywords,
which collectively point toward the core solution
path; and (2) Noise Keywords, which are themat-
ically related but designed to lead to irrelevant or
misleading information.

Stage 3: Building Research Sandbox. We uti-
lize the keywords to retrieve up to 100 web results
for each keyword via the Google Serper API3. We
categorize all processed documents into three types:
(1) Supportive: high-relevance results from signal
keywords, whose content is manually verified to
provide necessary and sufficient evidence to an-
swer the query; (2) Distractor: also from signal
keywords, but their content is confirmed to be out-
dated, one-sided, or inaccurate; (3) Noise: results
from noise keywords for evaluation environments
with varying signal-to-noise ratios. The distribu-
tion is shown in Figure 3(d). To simulate the “long-
tail effect” in real-world deep research, we con-
struct five sandbox corpus scales, defined by total

3https://serper.dev/
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retrieval-corpus token budgets of 32k, 64k, 128k,
256k, and 512k tokens. All settings include the
supportive web pages. Additionally, the number of
distractor web pages increases proportionally with
the corpus token budget, and the remaining token
quota is filled with noise web pages.

Stage 4: Constructing Query. Inspired by
BrowseComp’s answer-first construction of hard-
to-find QA items (Wei et al., 2025), we adopt a
backward-design principle while grounding each
item in pre-determined evidential documents: we
synthesize the query from those documents to-
gether with the signal keywords. In this way, we
ensure each query requires joint reasoning over the
user files and specific web evidence.

Stage 5: Quality Control. Starting from 280
candidate queries, we enforce a validation proto-
col to ensure their rigor, yielding a final pass rate
of 35.7%. (1) Queries must guide agents toward
signal keywords without verbatim disclosure, ex-
cluding 30 queries. (2) A “leave-one-out” verifi-
cation is employed to ensure that the final answer
is strictly contingent on combining the initial user
files with specific web evidence, filtering out 105
queries. (3) Queries are disqualified if the core
factual claims of the golden insight are directly re-
trievable from public search engines, eliminating
40 queries that can be answered without the user
files. (4) Each query undergoes manual inspection
to eliminate ambiguity and guarantee a singular,
precise interpretation, where five additional queries
are rejected.

3.2 Dataset Statistics

DR3-Eval comprises 100 independent tasks with an
even split between English and Chinese samples. In
Figure 3(a), the tasks cover technology, economy,
and humanities, subdivided into 13 atomic domains
such as computer science, healthcare, and policy.
Regarding input modalities, Figure 3(b) shows that
user files comprise 45.98% documents, 27.68% im-
ages, and 13.84% videos, alongside structured data,
audio, and HTML files, with specific format break-
downs detailed in Appendix B. Figure 3(c) further
plots the file density per task, which averages 2.24
user files and reaches a maximum of 6. The sand-
box corpus introduces substantial external noise,
containing an average of 465.5 web pages per task
under the 512k-token configuration.

4 DR3-Agent

4.1 Framework Construction

DeerFlow 1.x and Tongyi DeepResearch are open-
source deep-research systems, whereas CAMEL
Workforce is a general multi-agent orchestration
module (ByteDance, 2025; DeepResearch Team,
Tongyi Lab, 2025; CAMEL-AI, 2026). Their re-
leased interfaces do not implement DR3-Eval’s per-
task sandbox and multimodal cross-file input con-
tract, motivating a framework that operates directly
on this benchmark setting. Therefore, we develop
DR3-Agent, an LLM-driven system based on the
MiroFlow framework (Su et al., 2026). In Figure 2,
we integrate perception tools into the main agent
to effectively handle multimodal user files such as
audio and video. We also employ two sub-agents
that share the model backbone and return only con-
densed summaries to the main agent. Specifically,
the RAG search sub-agent interacts with the static
sandbox corpus. Unlike conventional RAG, our
RAG sub-agent performs autonomous multi-step
retrieval with iterative query refinement within the
sandbox corpus. This requires the agent to evalu-
ate incomplete or conflicting evidence and revise
its search direction across iterations, making the
search process functionally analogous to heuris-
tic exploration over hyperlink graphs. Meanwhile,
the file reader sub-agent specializes in parsing long-
text user files, utilizing tools to execute fine-grained
queries and retrieve content by page numbers.

4.2 Evaluation Metrics

DR3-Eval reports six metrics, categorized into two
dimensions: Information Seeking, which assesses
the quality of gathered evidence, and Report Gener-
ation, which evaluates the final output. We utilize
Φ (GPT-5.1) as the evaluator, with specific prompts
detailed in Appendices E and F. A report example
using DR3-Agent is shown in Appendix C, with
evaluation details in Appendix D.

4.2.1 Information Seeking
Information Recall (IR) Following the query-
conditioned automatic nugget creation framework
of Pradeep et al. (2025), we employ Gemini-2.5-
Flash to extract insight sets IUF and ISC from user
files and the sandbox corpus, respectively. All ex-
tracted insights are manually verified to ensure ac-
curacy. Following the three-way support labels
used in DeepScholar-Bench (Patel et al., 2025),
we use the evaluator model Φ to assess the re-
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Figure 3: Dataset statistics. (a) Domain coverage spanning Technology, Economy, and Humanities, comprising 13
atomic sub-domains. (b) Distribution of file types. (c) Distribution of user files per task. (d) t-SNE visualization of
the semantic distribution in the Sandbox Corpus.

port R’s coverage of each insight i and encode
fully covered, partially covered, and uncovered as
cov(i, R) ∈ {1, 0.5, 0}, respectively. We compute
the proportion of fully covered insights and multi-
ply it by 100 to obtain the reported score:

IRUF(R, IUF) =
100

|IUF|
∑︂

i∈IUF

⊮[cov(i, R) = 1]

(1)

IRSC(R, ISC) =
100

|ISC|
∑︂

i∈ISC

⊮[cov(i, R) = 1]

(2)

Citation Coverage (CC) Inspired by
DeepScholar-Bench (Patel et al., 2025), we
establish the ground truth set Dreq. Let Dcited
denote the documents explicitly cited in R. The
coverage is defined as:

CC(R,Dreq) = 100× |Dreq ∩ Dcited|
|Dreq|

(3)

4.2.2 Report Generation
Factual Accuracy (FA) We extract the set of all
claim-source pairs C from the generated report R
and employ Φ to evaluate textual claims, while
utilizing Gemini-2.5-Pro to verify claims grounded
in video or audio content. For each pair (c, s) ∈ C,
we define an entailment function V(c, s) that equals
1 if s supports c, and 0 otherwise:

FA(R) = 100× 1

|C|
∑︂

(c,s)∈C
V(c, s) (4)

Instruction Following (IF) Following query-
specific checklist evaluation in LiveResearch-
Bench (Wang et al., 2026a) and the content, ev-
idence, synthesis, and instruction-following crite-
ria in ResearchRubrics (Sharma et al., 2026), we
utilize Φ to generate a checklist L based on the
task query. All generated checklists are manually
verified. We then evaluate whether R satisfies each
requirement l ∈ L, indicated by a binary score
S(l, R) ∈ {1, 0}:

IF(R,L) = 100× 1

|L|
∑︂

l∈L
S(l, R) (5)

Depth Quality (DQ) We employ the model Φ to
evaluate the analytical substance and logical rigor
of R. Conditioned on the query Q and a prede-
fined rubric P , the evaluator returns an integer raw
score from 1 to 10, which we multiply by 10 for
reporting:

DQ(R,Q) = 10× Φ(R,Q | P) (6)

All six metrics, IRUF , IRSC , CC, FA, IF, and
DQ, are therefore reported as scores out of 100.
The overall score (Avg.) is their unweighted arith-
metic mean, assigning equal weight to each metric.

5 Experiments

5.1 Experimental Settings
For DR3-Agent, the maximum interaction turns for
the main agent is set to 10, while the sub-agents
for RAG and file reading are limited to five and
three turns, respectively. We utilize OpenAI’s text-
embedding-3-small for vectorization. For base-
lines, we use DR3-Agent as the outer framework
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and evaluate GPT-4.1 (OpenAI, 2025), Claude Son-
net 4 (Anthropic, 2025), Gemini-2.5-Pro (Google
DeepMind, 2025), Qwen3-235B-A22B (Qwen
Team, 2025), Qwen3-30B-A3B (Qwen Team,
2025), Qwen3-32B (Qwen Team, 2025), GLM-
4.6 (Z.ai, 2025), GLM-4.7 (Z.ai, 2025), and addi-
tional backbone candidates including DeepSeek-
V4-Pro (DeepSeek-AI, 2026), GLM-5.1 (Z.ai,
2026), Gemini-2.5-Flash (Google DeepMind,
2025), Qwen3-8B (Qwen Team, 2025), Qwen3.6-
Max-Preview (Qwen Team, 2026), and GPT-
5.5 (OpenAI, 2026) by replacing only the back-
bone model. For evaluation, we introduce GPT-
5.1 (OpenAI, 2025) as a blind judge with model
identities hidden, and use Gemini-2.5-Pro as an
assistant judge. To improve evaluation consistency,
the temperature for all judge models is set to 0.
Runtime and API cost statistics are provided in
Appendix G.

5.2 Main Results

Table 2 and Figure 4 support the following ob-
servations: (1) DR3-Eval is very challenging.
GPT-5.5 achieves the highest overall performance
across all reported sandbox corpus scales, while
GLM-5.1, Claude Sonnet 4, and DeepSeek-V4-Pro
form the next strongest group. Within the Qwen
family, larger models generally perform better on
these complex tasks. (2) Larger sandbox cor-
pus/retrieval scales lead to lower performance.
As the size of the sandbox corpus grows from 64k
to 512k, a general drop in performance is seen
across most models. We hypothesize that larger
sandbox corpora introduce more noise and irrel-
evant information, which makes it more difficult
to obtain valuable insights through retrieval. (3)
Better instruction following does not indicate
higher factual accuracy. For example, some mod-
els (e.g., Qwen3-235B-A22B and GPT-4.1) achieve
relatively good results in Instruction Following (IF),
but obtain very low factual accuracies. This sug-
gests that these models can produce reports that
appear complete and satisfy the query even when
they have not obtained sufficient information from
the provided materials, resulting in low Factual Ac-
curacy (FA). We further provide a modality-level
breakdown in Appendix H, which compares multi-
modal and text sources and shows that multimodal
inputs generally introduce additional difficulty, es-
pecially for information recall. (4) Performance
varies substantially across domains and models.
GPT-5.5 performs best in the Industry, whereas
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Figure 4: Domain-level performance comparison of the
evaluated backbone models on DR3-Eval.

Figure 5: Analysis on the effect of sandbox corpus.

GLM-5.1 achieves the highest score in Commerce.

5.3 Further Analysis

Comparison between sandbox corpus and real-
world web corpus. We keep the agent architec-
ture, and vary the external information source. In
the real-time web search setting, the sandbox cor-
pus is removed and the agent instead uses real-time
web search to acquire evidence. We conduct ex-
periments on all English tasks using Qwen3-235B-
A22B and Gemini-2.5-Pro to verify whether the
sandbox corpus can approximate information ac-
quisition in real-world web environments. In Ta-
ble 3, the average scores remain close across the
two settings. Citation Coverage decreases, espe-
cially for Qwen3-235B-A22B. The similar average
scores suggest that the sandbox preserves the main
task difficulty while enabling consistent citation
evaluation.
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Models
Information Seeking Report Generation Total Score

IRUF IRSC CC FA IF DQ Avg.

64k 128k 512k 64k 128k 512k 64k 128k 512k 64k 128k 512k 64k 128k 512k 64k 128k 512k 64k 128k 512k

GPT-5.5 73.8 72.5 71.5 55.2 51.2 46.0 66.8 60.4 51.6 82.7 83.2 80.5 95.1 95.2 95.4 80.5 80.3 80.7 75.7 73.8 71.0
GLM-5.1 64.5 65.7 68.3 54.8 53.2 48.8 65.1 58.7 47.2 75.1 71.5 69.8 86.2 84.7 88.2 72.4 72.2 74.6 69.7 67.7 66.2
Claude Sonnet 4 58.8 60.4 60.8 55.3 46.6 41.8 64.7 54.8 48.5 87.0 82.7 82.1 87.4 89.2 88.5 70.7 71.5 72.0 70.7 67.5 65.6
DeepSeek-V4-Pro 69.0 63.0 60.5 58.8 50.1 47.1 63.0 54.2 46.7 78.4 70.0 72.5 90.0 85.5 88.3 76.4 73.9 74.9 72.6 66.1 65.0
GLM-4.7 55.7 55.0 57.1 53.1 47.6 42.1 65.4 55.9 45.3 84.5 82.1 80.3 88.8 89.3 88.1 71.1 71.8 72.1 69.8 66.9 64.1
Qwen3.6-Max-Preview 58.8 58.0 58.3 51.2 48.2 42.9 62.5 57.3 46.3 82.2 77.7 74.0 88.5 87.0 87.0 73.1 72.3 72.7 69.4 66.7 63.5
GLM-4.6 53.4 52.6 50.3 49.5 43.9 39.8 58.2 52.0 44.0 84.0 82.3 82.9 85.6 87.2 86.4 70.1 69.3 70.6 66.8 64.5 62.3
Gemini-2.5-Pro 52.7 53.7 50.4 44.8 42.4 37.6 54.3 49.5 36.6 81.3 80.7 80.0 84.9 84.5 84.5 67.1 68.3 67.4 64.2 63.2 59.4
Gemini-2.5-Flash 50.7 52.7 51.8 42.9 37.0 34.8 48.8 44.8 38.6 86.1 82.3 81.2 78.8 81.0 82.2 66.1 67.7 67.8 62.2 60.9 59.4
GPT-4.1 40.7 42.5 41.3 30.9 29.4 29.2 37.2 35.6 30.0 56.4 54.2 58.8 83.0 83.3 82.7 63.1 63.2 63.4 51.9 51.3 50.9
Qwen3-235B-A22B 37.4 36.0 39.7 35.7 29.8 28.8 40.6 36.6 31.8 52.5 53.6 49.8 78.0 78.6 80.2 62.1 62.8 61.9 51.1 49.6 48.7
Qwen3-32B 33.2 36.6 35.4 26.5 25.3 24.7 34.2 32.3 26.1 49.4 52.2 51.5 73.5 74.2 74.3 58.8 59.9 59.3 45.9 46.7 45.2
Qwen3-8B 27.7 32.9 29.9 27.8 25.1 22.7 36.2 38.2 29.7 57.9 44.3 60.0 69.0 73.6 67.6 56.3 58.1 57.4 45.8 45.4 44.6
Qwen3-30B-A3B 30.9 38.2 34.1 23.2 25.7 23.5 26.6 25.3 21.5 41.9 46.8 45.2 73.2 71.8 74.7 57.6 58.2 58.0 42.2 44.3 42.8

Table 2: Evaluation results on DR3-Agent. The 64k, 128k, and 512k columns denote sandbox corpus token
budgets. The best and second-best performances are highlighted in bold and underlined, respectively. Avg. is the
equal-weight arithmetic mean of the six metrics, computed from unrounded values; displayed values are rounded to
one decimal place. Key: IRUF /IRSC = Information Recall from user files/sandbox corpus; CC = Citation Coverage;
FA = Factual Accuracy; IF = Instruction Following; DQ = Depth Quality.

Qwen3-235B-A22B Gemini-2.5-Pro

Metric Baseline w/ Web Change (∆) Baseline w/ Web Change (∆)

IRSC 33.2 38.5 (+5.3) 40.4 41.9 (+1.5)
IRUF 23.9 20.2 (-3.7) 27.4 25.4 (-2.0)
CC 36.3 28.0 (-8.3) 50.4 49.0 (-1.4)
FA 59.0 60.3 (+1.3) 76.3 75.9 (-0.4)
IF 73.6 79.2 (+5.6) 80.1 84.1 (+4.0)
DQ 63.8 62.0 (-1.8) 67.8 70.4 (+2.6)

Avg. 48.3 48.0 (-0.3) 57.1 57.8 (+0.7)

Table 3: Comparison between sandbox corpus and real-
world web corpus.

Effect of different sizes of sandbox corpus.
We conduct evaluations on five sandbox corpora
(i.e., 32k, 64k, 128k, 256k, and 512k tokens). As
shown in Figure 6, as the size of the sandbox corpus
increases, the overall performance (Avg.), IR, and
CC of all three models show a clear downward
trend. This indicates that the models find it harder
to identify effective answers among the increasing
noise and distracting information. However, the
FA metric is relatively stable compared with the
retrieval-sensitive metrics, suggesting that it is less
affected by sandbox size.

Comparison of different framework archi-
tectures. We compare DR3-Agent with Deer-
Flow (ByteDance, 2025). For a controlled com-
parison on DR3-Eval, we configure both frame-
works with the same backbone model, tools, pa-
rameters, retriever, and Agentic RAG component
while retaining DeerFlow’s native components. In
Figure 7, both frameworks achieve similar IRSC

and CC scores, while DR3-Agent obtains higher
IRUF , IF, DQ, and average scores.

Effect of sandbox corpus. To verify the reason-
ableness of our sandbox corpus design, we system-
atically analyze the impact of different document

Method r ρ Agr.

DR3-Eval (Ours) 0.88 0.83 0.89
Inter-Human 0.93 0.86 0.92

Table 4: LLM-as-judge vs. human evaluation.

components on model performance using the En-
glish subset of the dataset. The experiments are
mainly based on the 128k-sized corpus, except for
the supportive-only setting. In Figure 5, after re-
moving the distractor web pages, the performance
of both models improves markedly. This shows that
our distractor documents effectively increase task
difficulty. Furthermore, the agent’s performance
without supportive documents is close to its perfor-
mance without RAG, suggesting that the remaining
sandbox content offers little exploitable informa-
tion for completing the task. The supportive-only
setting estimates performance when retrieval is re-
stricted to the designated evidence.

Correlation between LLM-as-judge and human
evaluation. We conducted a correlation study on
50 reports randomly sampled across all domains,
which were independently reviewed by four ex-
perts. Consistency was measured using Pearson
and Spearman correlation coefficients (Han et al.,
2026) alongside pairwise agreement (Du et al.,
2026), with details provided in Appendix I. As
shown in Table 4, our automated scoring exhibits
strong agreement with expert evaluations. Further-
more, we evaluated the consistency between our
automated claim extraction for factual accuracy
and human annotations, achieving a precision of
0.924 and a recall of 0.960.
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Figure 6: Effect of sandbox corpus/retrieval scale on performance.

Figure 7: Comparison of framework architectures.

Model OpenAI-Emb Alibaba-Emb BM25

GLM-4.7 56.58 53.61 50.71
GPT-4.1 36.15 35.64 22.60
Gemini-2.5-Pro 49.51 37.16 31.25

Table 5: Effect of different retrievers.

Effect of different judge LLMs. We replace the
text judge GPT-5.1 with Gemini-2.5-Pro and Qwen-
Max, and obtain a mean pairwise Spearman’s ρ
of 0.962 across the model rankings. We also re-
place the multimodal assistant judge Gemini-2.5-
Pro with Qwen3-VL-Plus and Kimi-K2, and obtain
a mean pairwise Spearman’s ρ of 0.933.

Effect of maximum iteration turns in Agentic-
RAG. Because our RAG sub-agent uses Agentic
RAG, we set the maximum iteration turns to one,
three, five, and seven. In Table 7, as the allowed
iteration turns increase, Information Recall (IR)
and Citation Coverage (CC) exhibit a clear upward
trend across models. However, we observe that
once the iteration turns increase to a certain extent,
the model’s performance not only peaks but even
experiences a slight decline.

Effect of different retrievers. To compare
different retrieval strategies, we evaluate Citation
Coverage (CC) for three representative models un-
der the 128k-token sandbox corpus. By default,
we use OpenAI text-embedding-3-small (OpenAI,
2024) and compare its results with Alibaba Cloud

Model
GPT-5.1 Gemini-

2.5-Pro Qwen-Max

Score Score |∆| Score |∆|

GLM-4.7 76.66 81.96 0 83.90 0
Claude Sonnet 4 71.27 80.19 1 78.38 0
Gemini-2.5-Pro 72.95 79.83 1 79.39 0

GPT-4.1 58.37 67.24 0 66.61 0
Qwen3-235B-A22B 58.83 74.05 0 76.29 0

Qwen3-30B-A3B 52.37 62.45 0 66.57 0

Model

Gemini-
2.5-Pro

Qwen3-
VL-Plus Kimi-K2

Score Score |∆| Score |∆|

GLM-4.7 85.06 86.44 1 80.98 0
Claude Sonnet 4 88.46 82.87 1 88.66 0
Gemini-2.5-Pro 84.56 80.67 0 74.79 0

Qwen3-235B-A22B 53.57 55.87 0 52.54 0
Qwen3-30B-A3B 24.73 31.48 0 30.85 0

Table 6: Robustness to judge-model substitutions. |∆|
denotes absolute rank displacement relative to the pri-
mary judge highlighted in light blue.

Qwen3-235B-A22B Gemini-2.5-Pro

Turns IR CC IR CC

1 27.2 14.8 32.4 21.0
3 34.7 27.1 39.6 47.6
5 33.9 27.1 44.6 51.0
7 44.0 32.9 38.1 48.1

Table 7: Effect of maximum iteration turns in Agentic-
RAG.

text-embedding-v2 (Alibaba Cloud, 2025) and
BM25 (Robertson and Zaragoza, 2009). In Ta-
ble 5, text-embedding-3-small achieves the highest
CC for all three models, text-embedding-v2 ranks
second, and BM25 obtains the lowest scores.

Case Study. We conduct an error attribution
analysis on five selected models, based on 100 re-
ports per model, and classify the root causes into
three categories: (1) Retrieval Error, denoting
where the agent fails to locate or omits key in-
formation required to answer the question during
the retrieval stage; (2) Reasoning Error, denot-
ing where the agent, despite obtaining relevant in-
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Figure 8: Error type analysis across LLMs. A report
may contribute more than one error.

formation, makes mistakes in information integra-
tion, logical inference, or detail processing; and (3)
Hallucination Error, denoting where the model’s
generated response is not based on the provided
context but is instead fabricated from its paramet-
ric knowledge. In Figure 8, hallucination remains
the primary cause of failure for most models. In
contrast, the distributions of retrieval and reasoning
errors vary across models.

Evaluation stability and significance. A 10,000-
iteration bootstrap analysis shows no overlap in the
95% confidence intervals between two representa-
tive models selected for the pairwise comparison,
with a Wilcoxon test (p = 0.0046) confirming a sig-
nificant difference in their scores. Furthermore, the
average total score (Avg.) variance across repeated
evaluations is only 0.874, and the Kendall’s τ and
Spearman’s ρ for model rankings under resampling
reach 0.969 and 0.991, respectively. Taking Claude
Sonnet 4, GLM-4.7, and GLM-4.6 as examples,
the standard deviations across three repeated runs
for each model remain exceptionally low at 0.83,
0.85, and 1.33, respectively.

6 Conclusion

We introduce DR3-Eval, a benchmark designed to
address key limitations in the evaluation of deep re-
search agents. By grounding tasks in authentic user
research scenarios, constructing a controlled yet
web-like sandbox corpus, and reducing evaluation
ambiguity through reverse task construction, DR3-
Eval provides a principled testbed for assessing
long-horizon research capabilities. Our experimen-
tal results show that DR3-Eval poses substantial
challenges for state-of-the-art LLMs and reveals
systematic failure modes in evidence retrieval and
grounded report generation.

Limitations

The benchmark does not evaluate long-term main-
tenance issues such as corpus refresh schedules,
version migration, storage costs, or indexing up-
dates. These engineering factors are important for
deployed evaluation platforms, but they are orthog-
onal to the core assessment of agent performance.

The task collection cannot exhaust the full range
of user intents, languages, domains, expertise lev-
els, or document formats encountered in real de-
ployments. Privacy-oriented sanitization and man-
ual curation may also remove ambiguity, noise,
or contextual details that would appear in uncon-
strained user-provided materials.

Automatic evaluation of long-form reports re-
mains imperfect, especially for analytical depth,
nuanced factual support, and instruction satisfac-
tion. Although human checks can reduce obvious
errors, judge-model bias and residual annotation
subjectivity may still affect scores and rankings.

Ethical Considerations

This paper presents DR3-Eval, a benchmark de-
signed to advance the evaluation of Deep Research
Agents. Our work has several broader impacts and
ethical considerations:

Data Privacy and Human Subjects: The
dataset construction involved collecting authen-
tic files from human participants. Participation
was voluntary, contributors were compensated for
their contributions, and consent and compensation
records were stored separately from the benchmark
data. We instructed contributors not to submit un-
necessary personal, proprietary, or sensitive infor-
mation, and implemented a two-stage sanitization
protocol comprising automated redaction and man-
ual cross-validation to remove or mask personally
identifiable information (PII) and sensitive propri-
etary data before inclusion in the benchmark. Ad-
ditional details on volunteer and annotator instruc-
tions are provided in Appendix K.

Societal Implications of Deep Research
Agents: The advancement of autonomous research
agents holds significant potential to increase pro-
ductivity in knowledge-intensive fields. However,
we acknowledge the risks associated with this tech-
nology, such as the potential for generating convinc-
ing hallucinations, over-reliance on unsupported
claims, or the misuse of automated information
gathering for malicious purposes. By introducing
metrics specifically focused on Factual Accuracy
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and Citation Coverage, and by providing a static,
reproducible sandbox environment, our work aims
to steer the field towards developing safer, more
reliable, and verifiable systems, rather than those
that merely optimize for persuasiveness.

Environmental Impact: Furthermore, by uti-
lizing a static sandbox corpus rather than relying
on repetitive live-web crawling for every evalua-
tion run, our framework promotes more computa-
tionally efficient and environmentally sustainable
benchmarking practices.
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A Prompts for Data Construction

This section outlines the prompts used to synthesize
our dataset.

A.1 Search Terms Generation
Prompt for Search Terms Generation

You are a professional research assistant.
Based on the following user files, generate
search terms for web search.
User Files
files_summary
Task Requirements
Generate 10 Search Terms
Based on the content of the user files, gener-
ate 10 English search terms for web search.
These search terms should:

• Be able to retrieve supplementary in-
formation related to the topic of the
user files

• Cover different angles and aspects
(such as background knowledge, case
studies, policies and regulations, tech-
nical details, industry trends, etc.)

• Each search term should be 3-5
words - combining 2-3 related con-
cepts naturally

• Use common, widely-searched
phrases that are likely to return 100+
search results

• Search terms should be able to find
information not in the user files but
helpful for understanding the topic

• All 10 terms must be ORTHOGO-
NAL - they should target completely
different aspects and NOT overlap in
search results

CRITICAL RULES for generating
search terms that return many results:

1. Balance specificity with searchabil-
ity

• If the topic is about a specific
country/region (e.g., Japan tax
policy), include it

• If the topic is general, prefer
broader terms that apply globally

38483

https://arxiv.org/abs/2601.09688
https://arxiv.org/abs/2601.09688
https://arxiv.org/abs/2601.09688
https://arxiv.org/abs/2504.12516
https://arxiv.org/abs/2504.12516
https://arxiv.org/abs/2506.12594
https://arxiv.org/abs/2506.12594
https://arxiv.org/abs/2506.12594
https://doi.org/10.1609/aaai.v40i40.40734
https://doi.org/10.1609/aaai.v40i40.40734
https://doi.org/10.1609/aaai.v40i40.40734
https://doi.org/10.52202/075280-0517
https://doi.org/10.52202/075280-0517
https://huggingface.co/zai-org/GLM-4.6
https://huggingface.co/zai-org/GLM-4.6
https://huggingface.co/zai-org/GLM-4.7
https://huggingface.co/zai-org/GLM-4.7
https://huggingface.co/zai-org/GLM-5.1
https://huggingface.co/zai-org/GLM-5.1
https://doi.org/10.18653/v1/2025.knowledgenlp-1.29
https://doi.org/10.18653/v1/2025.knowledgenlp-1.29


• BAD: “Japan income tax bracket
structure 2024" (too specific +
year)

• GOOD:“Japan income tax re-
form" or “income tax policy re-
form"

2. Use organization names strategically

• Include organization names when
they are central to the topic

• Avoid obscure acronyms that few
people search for

• BAD: “HUD FMR calculation
methodology" (obscure acronym)

• GOOD: “HUD housing afford-
ability" or “federal housing assis-
tance"

3. Prefer common terms over academic
jargon

• Use terms that practitioners and
general public would search

• BAD: “arthrofibrosis prophylaxis
protocols" (too technical)

• GOOD: “joint stiffness preven-
tion therapy"

4. Use common search patterns:

• “[Topic] + [Aspect]": “smart agri-
culture technology"

• “[Topic] + [Method]": “precision
farming data analytics"

• “[Topic] + [Trend]": “renewable
energy market growth"

• “[Topic] + [Impact]": “climate
change economic effects"

• “[Topic] + [Impact]": “climate
change economic effects"

Good Examples (3-5 words, will return
100+ results):

• “smart agriculture technology develop-
ment"

• “precision farming data analytics"

• “vaccine efficacy clinical research"

• “housing affordability policy reform"

• “pension system sustainability analy-
sis"

• “renewable energy investment trends"

• “supply chain risk management"

• “Japan pension reform challenges"
(specific country when relevant)

• “OECD education policy recommenda-
tions" (organization when relevant)

Bad Examples (too specific or obscure):

• “Japan corporate tax rate competitive-
ness analysis 2024" (too long, includes
year)

• “Fair Market Rent determination
methodology HUD" (obscure + too
specific)

• “California DMV licensing procedures
step by step" (too specific)

• “pension actuarial valuation discount
rate assumptions" (too technical)

Language Requirements
Important: All output content
(search_terms, topic_summary) must
be in English.
Output Format
Please output in JSON format:
“‘json
"search_terms": [
"search term 1",
"search term 2",
"search term 3",
"search term 4",
"search term 5",
"search term 6",
"search term 7",
"search term 8",
"search term 9",
"search term 10"
],
"topic_summary": "Brief summary of the
user files topic (1-2 sentences)"
“‘ Only output JSON, no other content.
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A.2 Query Construction

Prompt for Query Generation

Task
Generate a natural user query based on user
files, search results, and keyword info.
Core Goal: The generated query should nat-
urally guide an AI agent to search for "rel-
evant keywords" without directly exposing
them.
User Files
chr(10).join(f’- name’ for name in
user_file_names)
Relevant Keywords (what agent should
search)
relevant_kw_text
Noise Keywords (what agent should NOT
be guided to search)
noise_kw_text
Keyword Classification Reasoning
reasoning
Search Results (len(useful_search) total)
search_text
Query Design Requirements
Core Principles

1. Concise: Query must be SHORT (50-
100 words), like a real user’s brief
question, not verbose

2. Natural: Query should be from user’s
perspective, like a real person would
ask

3. Guiding: Query topic should natu-
rally lead agent to search “relevant key-
words", but don’t over-hint

4. No Exposure: Don’t directly use tech-
nical terms from keywords, use simple
natural expressions

5. Brief File Reference: Query must
briefly mention user files, like “based
on my xxx file" or “see attachment"

6. Cover All Results: Query must be
designed so ALL len(useful_search)
search results are needed for a com-
plete answer, even if each result is only
used a little

7. Use All Files: Query must be designed
so ALL len(user_file_names) user files

are needed for a complete answer, even
if each file is only used a little

Design Approach

1. Analyze the common theme of relevant
keywords

2. Design a SHORT natural query (50-
100 words), don’t over-describe back-
ground

3. Query should:

• Be short and direct, like a casual
question

• Not contain technical jargon or
hint-like words

• Briefly mention user files

Examples If relevant keywords are: -
“Three-distance method spatial layout mod-
ern pocket park design cases" - “Scat-
tered perspective step-by-step scenery ur-
ban micro-renewal"
User file is:
- Suzhou_Garden_Design.pdf
✗BAD Query (too long, over-hinting):
“Based on my Suzhou Garden Design.pdf
showing spatial layout techniques, help me
research how these traditional garden con-
cepts are applied in contemporary urban
small green spaces, please find some recent
practice cases"
✗BAD Query (directly exposes keywords):
“Please analyze the application cases of
three-distance method in modern pocket
parks"
✓GOOD Query (short, natural):
“Based on my Suzhou garden design file,
help me find some similar style applications
in modern small parks"
✓GOOD Query (short, natural):
“With the attached garden diagram, research
how traditional garden techniques are prac-
ticed in urban small green spaces"
Output Format
Output JSON only:

“query": “Complete user query (50-
100 words, short and natural, mentions user
files)",
“file_references": [“User files referenced in

38485



query and their content description"],
“subtasks": [

“id": 1,
“description": “Subtask description",
“target_keywords": [“Relevant keywords
this subtask should guide agent to search"]

],
“design_rationale":“Why this query guides
agent to search relevant keywords",
“avoided_terms": [“Technical terms deliber-
ately avoided in query"],
“natural_expressions": [“Natural expres-
sions used to replace technical terms"]

Note: Output JSON only, no other content.
Query must include clear reference to user
files!

B Detailed breakdown of file types

Figure 9 illustrates the specific file format break-
down for the document and image categories.

C Report Example

We present a representative task and the correspond-
ing report generated by DR3-Agent.

User Files:

• China.jpg - China’s high-speed rail network
map showing extensive coverage and connec-
tivity

• Shinkansen.jpg - Japan’s Shinkansen net-
work map displaying route structure and oper-
ational lines

• China’s high-speed rail.mp4 - Analysis of
China’s high-speed rail development narrative
and technical achievements

Figure 10 displays the visual components of the
user files provided in this case study.

Query: I’ve attached a video about China’s high-
speed rail, along with maps of China’s and Japan’s
networks. It’s impressive how fast and extensive
China’s system has become. Could you summarize
the story behind its rapid development? I’m curious
about its evolution, how its core system compares
to Japan’s Shinkansen, the planning behind its vast

(a) Document formats

(b) Image formats

Figure 9: Breakdown of specific file formats for docu-
ments and images.

network, and what the next big steps in high-speed
rail technology look like globally.

Claude Sonnet 4’s Report

The Remarkable Story of China’s
High-Speed Rail Revolution: From
Zero to Global Leader Executive Sum-

mary
China’s high-speed rail development repre-
sents one of the most extraordinary infras-
tructure transformations in modern history.
In just over three decades, China evolved
from having no high-speed rail capability to
operating the world’s largest network, fun-
damentally reshaping both domestic trans-
portation and global rail technology mar-
kets. This comprehensive analysis exam-
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China.jpg Shinkansen.jpg

China's high-speed rail.mp4

Figure 10: The view of user files.

ines the evolution of China’s high-speed rail
system, compares it with Japan’s pioneering
Shinkansen network, explores the strategic
planning behind China’s vast infrastructure,
and identifies the next generation of rail
technologies that will define the future of
high-speed transportation. The Evolution:

A Three-Decade Journey from Concept
to Global Dominance

• Early Foundations and Strategic
Planning (1990–2007) China’s high-
speed rail journey began with vision-
ary planning in the early 1990s. In
December 1990, the Ministry of Rail-
ways submitted the first proposal to
build a high-speed railway between
Beijing and Shanghai to the National
People’s Congress, marking the first
time high-speed rail was proposed as
an option for intercity transportation
in China [“Transportation Planning
Casebook/China High-Speed”]. This
initial proposal set in motion a care-
fully orchestrated development strat-
egy that would unfold over the follow-
ing decades.

The planning phase was methodical
and comprehensive. In 1995, Pre-
mier Li Peng announced that prepara-
tory work on the Beijing Shanghai
HSR would begin in the 9th Five
Year Plan (1996–2000), demonstrat-
ing the government’s commitment
to long-term infrastructure develop-
ment [“Transportation Planning Case-
book/China High-Speed”]. The State
Council commissioned a feasibility
study for the Beijing-Shanghai line
in December 1994, establishing the
technical and economic foundation
for what would become the back-
bone of China’s high-speed rail net-
work [“Transportation Planning Case-
book/China High-Speed”].

The first operational breakthrough
came in 1998 when the Guangzhou-
Shenzhen line was electrified and, by
introducing Swedish-made X 2000
trains, the service speed increased
to 200 km/h [“Transportation Plan-
ning Casebook/China High-Speed”].
This project served as a crucial test-
ing ground for high-speed rail opera-
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tions in the Chinese context. On Oc-
tober 12, 2003, the Qinshen Railroad
started operation as the first passenger-
only railroad line in China, featuring
the “China Star” electrified locomotive
with a designed speed of 200 km/h and
a top speed of 300 km/h [“Transporta-
tion Planning Casebook/China High-
Speed”].

• Strategic Technology Acquisition
Phase (2004–2008) Rather than at-
tempting to develop high-speed rail
technology entirely from scratch,
China pursued a sophisticated strategy
of technology acquisition and trans-
fer. In June 2004, the Ministry of
Railways accepted bids from Alstom
of France, Bombardier Transportation
of Germany, and Kawasaki of Japan
for 200 high-speed train sets with top
speed of 200 km/h, crucially including
terms of technology transfer [“Trans-
portation Planning Casebook/China
High-Speed”]. This marked the be-
ginning of systematic technology ac-
quisition that would accelerate China’s
development timeline by decades.

The technology transfer relationships
were comprehensive and strategic.
CSR obtained Japanese high-speed
technology starting in 2004 as part of
a deal with Kawasaki, with the CRH2
series being directly derived from the
E2 Series 1000 Shinkansen and nick-
named “Hairtail” [“Hexie (train)”].
From June to September 2005, the
Ministry of Railways purchased train
sets with a top speed of 350 km/h,
demonstrating the rapid escalation
in technical capabilities [“Transporta-
tion Planning Casebook/China High-
Speed”].

A pivotal decision came in 2006 when
the State Council, in its Mid-to-Long
Term Railway Development Plan,
adopted conventional track HSR tech-
nology over maglev, enabling rapid
construction of standard gauge, pas-

senger dedicated HSR lines through-
out China [“Transportation Planning
Casebook/China High-Speed”]. By
April 2007, the high-speed rail sys-
tem had upgraded to more than 423
km of tracks capable of supporting
250 km/h train service and 3,002 km
of tracks capable of supporting 200
km/h as a result of the Speed Up Cam-
paign [“Transportation Planning Case-
book/China High-Speed”].

• The Breakthrough Era (2008–2020)
The transformative moment arrived
on August 1, 2008, when the
Beijing-Tianjin Inter-city Railway was
launched at a top speed of 350 kilo-
meters per hour, marking the begin-
ning of China’s high-speed railway era
[Video: China’s high-speed rail.mp4].
This railway served as China’s first
independently built high-speed rail-
way operating at 350 kilometers per
hour [“On Aug. 1, 2008, the Beijing-
Tianjin Inter-city Ra”]. The video
analysis reveals that this achievement
represented rapid development accom-
plished in just over 10 years, establish-
ing China as a world leader in high-
speed rail technology [Video: China’s
high-speed rail.mp4].

The scale and pace of subsequent ex-
pansion was unprecedented in infras-
tructure history. When China’s Pre-
mier Wen Jiabao boarded the first bul-
let train to open the service of the
new high-speed line between Beijing
and Shanghai on June 30, 2011, he
described the step as a ’new chap-
ter’ in China’s railway history [“When
China’s Premier Wen Jiabao boarded
the fi”]. The 1,318km-long high-
speed line connected China’s two ma-
jor metropolitan hubs in only four
hours and 48 minutes, compared to
about ten hours on the old railway
[“When China’s Premier Wen Jiabao
boarded the fi”].

The passenger adoption was remark-
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able. By the end of 2017, the to-
tal number of passengers who trav-
eled on China’s high-speed trains had
reached 7 billion [“On Aug. 1, 2008,
the Beijing-Tianjin Inter-city Ra”]. By
2020, China’s total operation mileage
of high-speed railway reached 30,000
kilometers, covering 80 percent of its
major cities [“On Aug. 1, 2008, the
Beijing-Tianjin Inter-city Ra”]. The
World Bank described this as “the
biggest rail expansion the world has
ever seen” with China being “the only
country that has ever attempted such
an increase” [“When China’s Premier
Wen Jiabao boarded the fi”].

Comparative Analysis: China’s System
vs. Japan’s Shinkansen
The comparison between China’s high-
speed rail network and Japan’s Shinkansen
reveals dramatic differences in scale, ap-
proach, and strategic objectives. The total
operating mileage of China’s high-speed
railway network exceeds 25,000 kilometers,
accounting for two thirds of the world’s to-
tal [“On Aug.1, 2008, the Beijing-Tianjin
Inter-city Ra”]. The China high-speed rail
network map demonstrates extensive cover-
age that stretches from the Bohai Sea in the
east to the Gobi Desert in the west, from the
central plains to the mountains in the south-
west, and from the snowfields in the north
to the riverside towns in the south [Image:
China.jpg].
The network analysis reveals dense con-
nectivity in eastern and central regions,
with key routes connecting major cities
such as Beijing, Shanghai, Guangzhou, and
Wuhan, forming an integrated system link-
ing provincial capitals and major urban cen-
ters [Image: China.jpg]. The map shows
a well-developed network with multiple in-
tersecting lines and branch routes, demon-
strating extensive coverage and connectivity
as of November 27, 2009, with continued
expansion since then [Image: China.jpg].
In contrast, Japan’s Shinkansen network,
while pioneering and highly efficient, cov-
ers approximately 2,800 km as of March

2025 [Image: Shinkansen.jpg]. The
Japanese network shows a highly focused
approach along Japan’s main urban corri-
dor, connecting major cities like Tokyo, Os-
aka, Nagoya, and Fukuoka through nine
distinct lines: Tokaido, Sanyo, Kyushu,
Tohoku, Joetsu, Hokuriku, Hokkaido,
Akita, and Yamagata Shinkansen [Image:
Shinkansen.jpg]. The coverage pattern is
linear, following Japan’s geographic con-
straints and population distribution, with
most lines concentrated along the Pacific
coast and major population centers [Image:
Shinkansen.jpg]. Strategic Planning Be-

hind China’s Vast Network
China’s network planning represents a
revolution in infrastructure development
methodology, incorporating cutting-edge
technologies and comprehensive strategic
thinking. Modern railway planning involves
strategic oversight of all railway systems
and related infrastructure, including track
alignment, rail capacity, logistics planning,
maintenance scheduling, safety checks, sig-
nalling and communication networks, track
access, landscaping, and vegetation con-
trol [“What is railway planning? A brief
overview”]. This comprehensive approach
requires synchronizing human resources
such as engineers, architects, urban plan-
ners, rail construction managers, transport
officers, railway contractors and crews, as
well as coordinating traffic, passengers, and
pedestrian flow [“What is railway planning?
A brief overview”]. Leaders of the best rail-
way infrastructure worldwide are increas-
ingly turning towards 3D virtual replicas
or digital twins as a planning tool [“What
is railway planning? A brief overview”].
Digital twin railway planning software gen-
erates intelligent, dynamic models of the
rail network, creating a virtual representa-
tion of complex 3D environments, accu-
rately mimicking the appearance and be-
haviour of real-world infrastructure [“What
is railway planning? A brief overview”].
This technological approach addresses tradi-
tional inefficiencies, as an international sur-
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vey by BearingPoint revealed that 81% of
rail infrastructure managers felt traditional
decision-making processes were too time-
consuming, 89% believed these processes
led to unnecessary duplication of effort, and
86% were overwhelmed by paperwork du-
ties [“What is railway planning? A brief
overview”].

Conclusion
China’s high-speed rail development rep-
resents a remarkable transformation that
redefined global transportation infrastruc-
ture within a single generation. The journey
from initial proposals in 1990 to achiev-
ing world leadership status demonstrates
the power of strategic planning, system-
atic technology acquisition, massive invest-
ment, and unwavering political commit-
ment. The evolution followed a clear pat-
tern: early planning and feasibility studies
(1990–2003), strategic technology acqui-
sition through foreign partnerships (2004–
2008), rapid domestic expansion (2008–
2020), and emergence as a global technol-
ogy exporter (2010s–present).
The comparison with Japan’s Shinkansen
reveals two different but successful ap-
proaches to high-speed rail development.
Japan pioneered the technology with care-
ful engineering and operational efficiency,
creating a reliable and profitable system that
serves as a model for precision and safety.
China leveraged this foundation to create an
unprecedented scale of infrastructure that
prioritizes national integration and social
benefits alongside transportation efficiency.
The strategic planning behind China’s vast
network demonstrates sophisticated integra-
tion of digital technologies, comprehensive
infrastructure coordination, and long-term
economic development objectives. The net-
work serves not merely as transportation
infrastructure but as a tool for national in-
tegration, regional development, and inter-
national influence. Looking toward the fu-
ture, the next generation of high-speed rail
technology promises even more dramatic
advances. Maglev technology offers the

potential for speeds exceeding 600 km/h,
while digital integration through IoT, AI,
and cloud computing will revolutionize op-
erational efficiency and passenger experi-
ence. China’s continued investment in ultra-
high speed conventional rail, maglev sys-
tems, and emerging technologies like hy-
perloop positions the country to maintain
its leadership in this critical infrastructure
sector. The global expansion of high-speed
rail technology, driven by Chinese compa-
nies competing with established European
and Japanese manufacturers, suggests that
the next decade will see accelerated adop-
tion worldwide. As the video demonstrates
with China’s CR450 prototype achieving
450 km/h with improved smoothness, the
pursuit of “amazing China speed” continues
to push the boundaries of what is possible
in rail transportation, setting the stage for a
new era of global mobility.

References
Video Sources:

• China’s high-speed rail.mp4 - Analy-
sis of China’s high-speed rail develop-
ment narrative and technical achieve-
ments

Image Sources:

• China.jpg - China’s high-speed rail net-
work map showing extensive coverage
and connectivity

• Shinkansen.jpg - Japan’s Shinkansen
network map displaying route struc-
ture and operational lines

Database Sources:

• Transportation Planning Case-
book/China High-Speed Rail
development timeline and milestones

• Historical development of Beijing-
Tianjin Inter-city Railway and network
expansion

• Technology transfer relationships be-
tween China and international partners
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• Railway planning methodologies and
digital twin technologies

• Maglev technology development and
global implementation

• Global high-speed rail market analysis
and future projections

• Digital railways and IoT integration in
transportation systems

• International expansion projects and
technology export initiatives

D Evaluation Example

This section details the calculation of evaluation
metrics, beginning with the assessment of insight
coverage derived from user files and the sandbox
corpus, followed by the computation of the remain-
ing metrics. Tables 8–12 show the intermediate
results for this evaluation example.

D.1 Information Recall from User Files and
Sandbox Corpus

D.1.1 Information Recall from User Files
Golden insight from user files

1. China’s high-speed rail network is dense, es-
pecially in the east.

2. The map shows the extensive network as of
November 2023.

3. The network includes lines with speeds of 300
km/h or more.

4. Rail lines are color-coded by speed, from <
200 to ≥ 300 km/h.

5. Map of Japan’s Shinkansen lines as of March
2025.

6. Shows operational, planned, and under-
construction routes.

7. A future Linear Chūō Shinkansen (maglev)
line is projected.

8. The network connects major cities like Tokyo,
Osaka, and Hakata.

9. Developed from non-existent to world-class
in just over 10 years.

10. Current trains travel at world-leading speeds
of 300–350 km/h.

11. The new CR450 EMU prototype is the world’s
fastest.

12. CR450 prototype reaches 450 km/h in tests.

Under the strictly covered definition in Equa-
tions 1–2, six of the 12 user-file insights are fully
covered, so IRUF = 100× 6/12 = 50.0.

D.1.2 Information Recall from Sandbox
Corpus

Extracted insight from sandbox corpus:

1. Reducing aerodynamic resistance is crucial
for faster trains.

2. Shinkansen’s strengths are efficiency and pas-
senger comfort.

3. China has an ambitious 2035 high-speed rail
expansion plan.

4. Digital transformation is key to future rail net-
work evolution.

5. Future rail relies on IoT, 5G, and AI technolo-
gies.

6. China plans to extend its HSR network to
Southeast Asia.

Two of the six sandbox-corpus insights are fully
covered, so IRSC = 100× 2/6 = 33.3.

D.2 Citation Coverage
Five of the eight required sources are cited, so
CC = 100× 5/8 = 62.5.

D.3 Factual Accuracy
Seventy of the 72 claim-source pairs are supported,
so FA = 70/72× 100 = 97.2.

D.4 Instruction Following
All 15 checklist requirements are satisfied, yielding
an Instruction Following score of 15/15× 100 =
100.0.

D.5 Depth Quality
Score: 70.0

Justification: The report gives a solid, well-
structured narrative of China’s HSR evolution. It
clearly explains the technology-transfer strategy,
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No. Status Evidence

1 Covered The network analysis reveals dense connectivity in eastern and central regions, with key
routes connecting major cities...

2 Half Covered The map shows a well-developed network ... as of November 27, 2009, with continued
expansion since then [Image: China.jpg].

3 Covered The Beijing-Tianjin Inter-city Railway was launched at a top speed of 350 kilometers per
hour.” “CRH380A reaching up to 380 km/h...

4 Not Covered Not Found

5 Covered Japan’s Shinkansen network ... covers approximately 2,800 km as of March 2025 [Image:
Shinkansen.jpg].

6 Half Covered Japan’s Shinkansen network ... connecting major cities ... through nine distinct lines...

7 Half Covered The experimental Japanese L0 Series maglev set a train speed record of 603 km/h (375 mph)
in 2015...

8 Covered connecting major cities like Tokyo, Osaka, Nagoya, and Fukuoka through nine distinct
lines...

9 Covered
The video analysis reveals that this achievement represented rapid development
accomplished in just over 10 years, establishing China as a world leader in high-speed rail
technology.

10 Half Covered Beijing-Tianjin Inter-city Railway ... top speed of 350 kilometers per hour.” “CRH380A
reaching up to 380 km/h.” “Shinkansen ... up to 320 km/h...

11 Half Covered the CR450 EMU prototype that reaches 450 km/h in testing, representing a significant
advancement in speed capabilities

12 Covered the CR450 EMU prototype that reaches 450 km/h in testing

Table 8: Evaluation of Information Recall from User Files.

compares China’s system to Japan’s on scale, speed,
and philosophy, and touches on planning tools and
future technologies like maglev and digital rail-
ways.

However, much of the “planning” section drifts
into generic global railway-planning and IoT dis-
cussion rather than concrete Chinese institutional
planning choices (e.g., corridor selection, financing
models, governance reforms, safety scandals). Fur-
thermore, the comparison with Shinkansen lacks
deeper critical analysis of safety records, cost over-
runs, demand risk, and long-term economic perfor-
mance.

The future-tech section is descriptive and some-
what market-report-like, with limited critical as-
sessment of feasibility, trade-offs, and timelines.
Consequently, the analysis is adjudged as good but
not yet truly deep or nuanced.

E Prompts for Evaluation

We utilize an LLM-as-a-Judge approach to score
the model’s responses

E.1 Information Recall

Prompt for Evaluation of Information Re-
call

You are an intelligent assistant that labels
atomic insights based on whether they can
be extracted from a given report.
Search Query/Task
self.query or “No specific query provided"
Insights to Label (Total: len(batch))
insights_list
Report/Passage
result_text
TASK: Label each insight as 1.0 (support),
0.5 (Partial Support), or 0.0 (Not Support)
based on whether the insight can be ex-
tracted from the report.
TERNARY SCORING SYSTEM
[SCORE 1.0 - FULLY COVERED]
Definition: The report EXPLICITLY and
COMPLETELY covers the insight’s core
meaning.
Requirements for 1.0 (ALL must be met):

• ✓The core information point is clearly
stated in the report

• ✓No significant details are missing
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No. Status Evidence

1 Not Covered Not Found

2 Half Covered Japan... has established a reliable and profitable system, serving as a paradigm of precision
and safety.

3 Not Covered The medium and long-term railway development plan from 2004 to 2020... plans to invest...”
and so on, only up to the investment planning for 2025.

4 Covered
Digital twins... as planning tools... address the inefficiencies of traditional decision-making...
Digital railways encompass real-time data collection, predictive modeling, automated
decision-making, and more.

5 Covered Leading this evolution are various IoT-related technologies, such as 5G, AI, and cloud
computing... which play a pivotal role in digital logistics and transportation.

6 Half Covered
China’s high-speed rail technology is going global... projects such as the Ankara-Istanbul
high-speed rail, the Jakarta-Bandung high-speed rail, and the Moscow-Kazan high-speed
rail.

Table 9: Evaluation of Information Recall from the Sandbox Corpus.

No. Source Title Status

Web Page Coverage

1 Japan’s Shinkansen: How Does It Stack Up Worldwide? Cited

2 The global rail transportation market was valued at US$ 724,180 million in 2022 and, by
2029, is pro Cited

3 Expected Benefits of Next-generation High-speed Rail Introduction. Missed
4 China’s railway network: rapid development to support domestic mobility Missed

5 A remarkable piece of engineering and efficiency, the Shanghai-Kunming line spans from the
east coas Missed

User File Coverage

6 China.jpg Cited
7 Shinkansen.jpg Cited
8 China’s high-speed rail.mp4 Cited

Table 10: Evaluation of Citation Coverage.

• ✓The meaning is unambiguous and
complete

• ✓A reader would understand the full
insight from the report alone

Examples of 1.0:

• Insight: “In 2023, Shanghai achieved
a waste classification coverage rate of
95%"

Report: “The coverage rate of house-
hold waste classification in Shanghai
in 2023 has reached over 95%" → 1.0
(exact match)

• Insight: “EPNP algorithm for camera
pose estimation"

Report: “Using EPNP algorithm for
camera pose estimation" → 1.0 (same
meaning, different wording)

[SCORE 0.5 - PARTIALLY COVERED]
Definition: The report contains RELATED
content but is INCOMPLETE or VAGUE.
Conditions for 0.5 (any of these):

1. Only part of the core meaning is cov-
ered (missing key details)

2. The topic is mentioned but specifics
are absent

3. Related concept exists but not the exact
point

4. Generalization without the specific in-
sight

5. The connection requires inference (not
explicit)

Examples of 0.5:
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No. Claim to be verified Status

1 In December 1990, the Ministry of Railways submitted the first proposal to build a high-speed railway... ✓

2 In 1995, Premier Li Peng announced that preparatory work on the Beijing Shanghai HSR would begin
in... ✓

3 The State Council commissioned a feasibility study for the Beijing-Shanghai line in December 1994, e... ✓

4 The first operational breakthrough came in 1998 when the Guangzhou-Shenzhen line was electrified
and... ✓

5 On October 12, 2003, the Qinshen Railroad started operation as the first passenger-only railroad line... ✓

6 In June 2004, the Ministry of Railways accepted bids from Alstom of France, Bombardier
Transportation... ✓

7 CSR obtained Japanese high-speed technology starting in 2004 as part of a deal with Kawasaki, with t... ✓

8 From June to September 2005, the Ministry of Railways purchased train sets with a top speed of 350 k... ✓

...

48 Planned investments in 2025 alone total 590 billion yuan (approximately $80.8 billion) to develop an... ✗

49 The expansion of China’s rail network benefits regions in the interior of the country, with provinces... ✗

...

72 As the video demonstrates with China’s CR450 prototype achieving 450 km/h with improved
smoothness,... ✓

Table 11: The Evaluation of Factual Accuracy.

• Insight: “Shanghai’s garbage classifi-
cation coverage rate will reach 95% by
2023"

Report: “Shanghai’s garbage classifi-
cation has achieved significant results"
→ 0.5 (topic covered, but no specific
percentage)

• Insight: “Germany adopts a dual track
recycling system"

Report: “Developed countries have
mature recycling systems" → 0.5
(generalization, no specific coun-
try/system)

• Insight: “AI ethics need to establish
accountability mechanisms"

Report: “The development of AI needs
to consider ethical issues" → 0.5 (re-
lated topic, but no specific mechanism)

[SCORE 0.0 - NOT COVERED]
Definition: The report does NOT contain
the insight’s information.
Conditions for 0.0:

• ✗The topic is completely absent from
the report

• ✗Only unrelated keywords appear

• ✗The information contradicts the in-
sight

• ✗No semantic connection exists

Examples of 0.0:

• Insight: “Singapore’s waste incinera-
tion power generation technology"

Report: (never mentions Singapore)
→ 0.0

• Insight: “The specific content of the
666 training plan"

Report: (never mentions “666" or this
training plan) → 0.0

THREE-STEP JUDGMENT PROCESS
For EACH insight, follow these steps:
STEP 1: Extract Core Meaning

• Identify the KEY information points
(usually 1-3)

• Note any specific details (numbers,
names, dates, methods)

• Example: “Shanghai’s garbage classi-
fication coverage rate will reach 95%
by 2023" → Core: [Shanghai, 2023,
garbage classification, coverage rate,
95%]
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No. Requirement Satisfied

1 Mention China’s high-speed rail rapid development ✓

2 Describe early stages of China’s high-speed rail ✓

3 Describe key phases in China’s network expansion ✓

4 Explain main drivers of China’s rapid rail growth ✓

5 Mention role of national planning in China ✓

6 Describe overall layout of China’s high-speed network ✓

7 Explain planning logic behind China’s network structure ✓

8 Describe core technical system of China’s high-speed rail ✓

9 Describe core technical system of Japan’s Shinkansen ✓

10 Compare technical features of China rail and Shinkansen ✓

11 Compare operational characteristics of China rail and Shinkansen ✓

12 Explain key differences between China rail and Shinkansen ✓

13 Mention future global high-speed rail technology trends ✓

14 Describe next big technological steps in high-speed rail ✓

15 Explain global implications of upcoming high-speed rail advances ✓

Table 12: Evaluation of Instruction Following.

STEP 2: Search Report for Coverage

• Look for exact matches first

• Then look for semantic equivalents

• Note what IS found and what is MISS-
ING

STEP 3: Apply Scoring Rules

• If ALL core points are explicitly cov-
ered → 1.0

• If SOME core points are covered OR
topic is mentioned without specifics →
0.5

• If NO core points are found → 0.0

SEMANTIC EQUIVALENCE GUIDE-
LINES
✓The following are considered SEMANTI-
CALLY EQUIVALENT (score 1.0):
a) Synonym Substitution:

• “Law" ≈ “Regulations" ≈ “Regula-
tions" ≈ “Provisions"

• “Significant results" ≈ “Significant ef-
fects" ≈ “Success achieved"

• “Diversified technology" ≈ “Multiple
technologies" ≈“Rich variety of tech-
nologies"

b) Hypernym/Hyponym:

• “EPNP algorithm" → “PnP algorithm"
(EPNP is a type of PnP) → 0.5 (too
general)

• “Germany, Japan" → “Developed
Countries"/“International Experience"
→ 0.5 (generalization)

• “Gaode Map" → “Navigation Applica-
tion" (if context is clear) → 0.5 (less
specific)

c) Paraphrasing :

• “Establish AI Ethics Review Commit-
tee" ≈ “Establish AI Ethics Committee
for Review" → 1.0

• “Six ethical design details" ≈ “Six ma-
jor ethical issues" → 1.0 (if all 6 are
covered)

d) Information Fusion:

• Insight content is integrated into a
larger discussion

• Core information points are preserved
with different expression

✗The following are NOT semantically
equivalent (score 0.0 or 0.5):
a) Completely Different Topics:

• Insight discusses topic A, report dis-
cusses topic B
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• No semantic overlap whatsoever

b) Keyword Overlap Only:

• Same words appear but with com-
pletely different meanings

• Example: Insight says “Apple com-
pany", report says “apple fruit"

c) Missing Information:

• Core information points from insight
are completely absent in report

• Example: Insight mentions specific
number “666", report never mentions
it

d) Contradictory Information:

• Report information contradicts the in-
sight

• Example: Insight says “successful", re-
port says “failed"

BOUNDARY CASE HANDLING
When uncertain, follow this priority:

1. If > 50% of core meaning is covered
→ 1.0

2. If reasonable semantic connection ex-
ists → 1.0

3. If only weak connection or keyword
overlap → 0.5

4. If no connection at all → 0.0

Principle: Prefer false positives over false
negatives (The goal of recall assessment is
to check if information is missing)
RESPONSE FORMAT
Respond ONLY with valid JSON (no mark-
down, no extra text):
“results": [
“id": 1,
“core_points": [“point1", “point2"],
“found_in_report": “[quote or describe what
was found]",
“missing_points": [“what is missing, if
any"],
“score": 1.0,

“reasoning": “[brief reason in Chinese, <30
words]"
,
“id": 2,
“core_points": [“point1", “point2"],
“found_in_report": “Related content but in-
complete",
“missing_points": [“specific detail X"],
“score": 0.5,
“reasoning": “[brief reason in Chinese, <30
words]"
,
“id": 3,
“core_points": [“point1"],
“found_in_report": “NOT FOUND",
“missing_points": [“all points missing"],
“score": 0.0,
“reasoning": “[brief reason in Chinese, <30
words]"
]
You MUST provide exactly len(batch) re-
sults. Use ONLY scores 1.0, 0.5, or 0.0.

E.2 Factual Accuracy

Prompt for Evaluation of Factual Accuracy

Task
You are a fact-checking expert. Please ver-
ify whether the following statement is rele-
vant and not contradictory to the content
of the source document.
Important principle: Maintain the stabil-
ity of the evaluation, avoid fluctuations,
and adopt a relatively lenient evaluation
standard. Only consider a result as false
if there are obvious errors.
Statements to be verified
claims_text
Validation Criteria
Cases where the determination is sup-
ported: true
As long as any one of the following condi-
tions is met, it is determined to be true:

1. Any part of the statement has relevant
content in the source document

2. A statement is a generalization, sum-
mary, inference, or extension of the
content of the source document

3. The statements use different wording,
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but have similar semantics

4. The statement contains implicit infor-
mation from the source document

5. For images/videos: The content de-
scribed may be visually visible or in-
ferable

6. The statement is a reasonable inter-
pretation of the content of the source
document, even if it is not the only in-
terpretation

7. The source document contains par-
tially supporting content for this state-
ment

Situations where it is determined as sup-
ported:
false (limited to the following situations)
Only when one of the following conditions
is met, it is determined as false:

1. Statements that are directly contradic-
tory to the source document (such as
significant errors in numbers or com-
pletely opposite facts)

2. The source document completely
lacks any relevant content stated

3. The statement cannot be reasonably in-
ferred from the source document

Judgment principles

• Allow substantial generalization and
inference

• Allow wording differences and differ-
ent ways of expression

• Allow partially correct statements (as
long as they are not completely wrong)

• For situations that are ambiguous or
uncertain, they should all be deter-
mined as true

• For multimodal content, subjective
description and reasonable imagina-
tion are allowed

Example

• Source document: “The company’s
revenue increased by 25% in 2023"

– “The company’s revenue has seen
a significant increase" → true
(generalization)

– “The company’s performance is
good" → true (inferred)

– “The company’s revenue in 2023
increased by approximately
25%." → true (approximately)

– “The company’s revenue in-
creased by about 55% in 2023"
→ false (not true)

– “The company’s revenue in 2023
decreased by 25%" → false (di-
rect contradiction)

• Source document: A product image

– “The product’s exterior design is
exquisite" → true (subjective de-
scription)

– “The product adopts a modern de-
sign style" → true (reasonable in-
ference)

Output format (strict JSON)
“results": [“id": 1, “supported": true, “expla-
nation": “Brief explanation"]
Please start the verification:

E.3 Instruction Following

Prompt for Evaluation of Instruction Fol-
lowing

Check if the report satisfies each require-
ment. Output ONLY true/false for each
item.
Requirements (batch_size items)
checklist_list
Report
result_text
Rules

• true: Report clearly addresses this re-
quirement with specific content

• false: Not mentioned, or only
briefly/superficially mentioned

Response Format (JSON only, no expla-
nation needed)
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“results": [“, ".join([f’“id": i+1, “satisfied":
true/false’ for i in range(batch size)])]

E.4 Depth Quality

Prompt for Evaluation of Depth Quality

You are an expert Research Report Evalua-
tor.
You are given:

1. A research report

2. A research question that the report at-
tempts to answer

<research_question>
Question
</research_question>
<Report>
result_text
</Report>
Instructions:
ANALYZE THOROUGHLY: Examine
the report in detail and identify any issues,
even small ones. Look for subtle problems,
minor inconsistencies, areas that could be
improved, or any shortcomings that might
affect the quality.
Evaluate the report according to the Depth
& Quality of Analysis criterion. Provide:

• A score between 1 and 10 (must be an
integer) using the scale defined below.

• A detailed justification (2–3 sen-
tences) in simple plain English ex-
plaining why you gave that score, in-
cluding any specific issues or strengths
you identified.

General Scoring Scale (1-10, integers
only):

• 1 = Completely Unusable: No mean-
ingful content, completely off-topic, or
gibberish

• 2 = Severely Deficient: Major funda-
mental flaws, almost no useful infor-
mation

• 3 = Very Poor: Significant problems
throughout, barely addresses the topic

• 4 = Poor: Multiple major issues, lacks
coherence or depth, many gaps

• 5 = Below Average: Notable weak-
nesses, incomplete coverage, superfi-
cial analysis

• 6 = Adequate: Meets minimum re-
quirements but with clear limitations
and room for improvement

• 7 = Good: Solid work that addresses
the topic well, minor issues present

• 8 = Very Good: High quality with com-
prehensive coverage, few minor issues

• 9 = Excellent: Outstanding work with
deep insights, nearly flawless execu-
tion

• 10 = Perfect: Exceptional, publication-
ready quality with innovative insights

CRITICAL EVALUATION REQUIRE-
MENTS:

1. Use the FULL scoring range: Dis-
tribute scores across 1-10 based on ac-
tual quality differences. Do NOT clus-
ter scores in a narrow range.

2. Differentiate clearly: A mediocre re-
port should score 4-5, a good report
6-7, an excellent report 8-9. Only truly
exceptional work deserves 10.

3. Be discriminating: Look for specific
quality differences between reports.
Better analysis, clearer structure, and
deeper insights should result in higher
scores.

4. Penalize appropriately: Minor issues
= small deductions (0.5-1 point), ma-
jor issues = significant deductions (2-3
points).

5. Reward excellence: If a report demon-
strates exceptional depth, clarity, or in-
sight, give it the high score it deserves.

6. Compare mentally: Consider how
this report compares to the best and
worst possible reports on this topic.
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Evaluation Criterion: Depth & Quality
of Analysis
Evaluate how thoroughly the report ana-
lyzes the research question. BE HARSH:
Look for superficiality, missing details, lack
of evidence, weak reasoning.

• 1-2: Completely superficial, no real
analysis, just lists facts

• 3-4: Very basic analysis, misses most
key factors, no depth at all

• 5: Basic analysis present but very in-
complete, misses many important as-
pects

• 6: Covers main points but analysis is
shallow, lacks nuance and deeper in-
sights

• 7: Adequate analysis with some depth,
but still missing sophistication or criti-
cal thinking

• 8: Good depth with multiple factors ex-
plored, shows some sophisticated rea-
soning (RARE)

• 9: Exceptional depth with nuanced
understanding and insights (VERY
RARE)

• 10: Perfect analysis with groundbreak-
ing insights and comprehensive under-
standing (ALMOST NEVER)

——————
Output format:
<evaluation>
<depth_quality>
<score>
1–10 (integer only, based on the scoring
scale above)
</score>
<justification>
Give a detailed 2–3 sentence justification
for your score in simple plain English, in-
cluding specific issues or strengths.
</justification>
</depth_quality>
</evaluation>

F Prompts for Evaluation Preparation

F.1 Insights Extraction from User Files

Prompt for Insights Extraction from User
Files

Please extract Key Insights relevant to the
query from the following web search re-
sults.
Query Task
query
Important Notes (Web Search Results)
You are processing web search results.
These sources contain key information
needed to answer the query. Please extract
the core information provided by each
source.
Core Principle
Source Specificity: Extract information
that is unique and specific to each web
page, NOT common knowledge or generic
statements.
Extraction Requirements

1. Source Specificity (MOST IMPOR-
TANT):

• ✓Extract specific information
unique to this source, such
as: specific names, dates, data,
events, product names, company
names, project names, method
names, etc.

• ✓Extract unique viewpoints,
conclusions, methods, or find-
ings from this source

• ✗DO NOT extract common
knowledge, such as: “AI can im-
prove efficiency", “data analysis
is important", “user experience
matters"

• ✗DO NOT extract generic de-
scriptions, such as: “this method
works well", “performance im-
proved", “solved the problem"

2. Source Contribution: Extract the
main contribution of each source to
answering the query, such as:

• Methods/techniques/concepts in-
troduced by the source (e.g., “pro-
poses AfME embedding", “uses
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MCMC optimization")
• Core topics or problems dis-

cussed by the source
• Key conclusions or findings of

the source
• Note: No need to extract precise

numbers (e.g., “19.86% improve-
ment"), just extract core concepts
(e.g., “significant PSNR improve-
ment")

3. Relevance: Information is relevant to
the query task

4. Verifiability: Can determine whether
the report mentions this information
(semantic similarity is sufficient, exact
match not required)

5. Atomicity: Each insight must be
atomic, containing only 1-12 words,
expressing a simple fact or concept

Examples of Common Knowledge (DO
NOT Extract)

• “Machine learning requires large
amounts of data" → This is common
knowledge

• “User experience is important" → This
is common knowledge

• “This method improved accuracy" →
Too vague, no specific value or com-
parison

• “Further research is needed" → This is
a generic conclusion

Examples of Source-Specific Content
(SHOULD Extract)

• “Uses ResNet-50 as backbone net-
work" → Specific technical choice

• “Achieves 92.3% accuracy on Ima-
geNet" → Specific data

• “Proposed by John Smith in January
2024" → Specific name and time

• “Employs AfME embedding method"
→ Specific method name

Quantity Control

• Extract 1-2 core insights per source
(web page)

• Ensure each source has corresponding
insights

• Prioritize conceptual information over
precise numbers

• If a source lacks specific information,
extract fewer insights rather than ex-
tracting common knowledge

Language Requirement
Important: Output insights must be in En-
glish.
Output Format
Please output insights in JSON array format,
each insight should include the source title:
“‘json
[
“insight": “Brief source-specific information
point (1-12 words)", “source": “Source Ti-
tle"
]
“‘
Only output the JSON array, no other con-
tent.
content_text

F.2 Insights Extraction from Sandbox Corpus

Prompt for Insights Extraction from Sand-
box Corpus

Please extract Key Insights relevant to the
query from the following web search re-
sults.
Query Task
query
Important Notes (Web Search Results)
You are processing web search results.
These sources contain key information
needed to answer the query. Please extract
the core information provided by each
source.
Core Principle
Source Specificity: Extract information
that is unique and specific to each web
page, NOT common knowledge or generic
statements.
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Extraction Requirements

1. Source Specificity (MOST IMPOR-
TANT):

• ✓Extract specific information
unique to this source, such
as: specific names, dates, data,
events, product names, company
names, project names, method
names, etc.

• ✓Extract unique viewpoints,
conclusions, methods, or find-
ings from this source

• ✗DO NOT extract common
knowledge, such as: “AI can im-
prove efficiency", “data analysis
is important", “user experience
matters"

• ✗DO NOT extract generic de-
scriptions, such as: “this method
works well", “performance im-
proved", “solved the problem"

2. Source Contribution: Extract the
main contribution of each source to
answering the query, such as:

• Methods/techniques/concepts in-
troduced by the source (e.g., “pro-
poses AfME embedding", “uses
MCMC optimization")

• Core topics or problems dis-
cussed by the source

• Key conclusions or findings of
the source

• Note: No need to extract precise
numbers (e.g., “19.86% improve-
ment"), just extract core concepts
(e.g., “significant PSNR improve-
ment")

3. Relevance: Information is relevant to
the query task

4. Verifiability: Can determine whether
the report mentions this information
(semantic similarity is sufficient, exact
match not required)

5. Atomicity: Each insight must be
atomic, containing only 1-12 words,
expressing a simple fact or concept

Examples of Common Knowledge (DO
NOT Extract)

• “Machine learning requires large
amounts of data" → This is common
knowledge

• “User experience is important" → This
is common knowledge

• “This method improved accuracy" →
Too vague, no specific value or com-
parison

• “Further research is needed" → This is
a generic conclusion

Examples of Source-Specific Content
(SHOULD Extract)

• “Uses ResNet-50 as backbone net-
work" → Specific technical choice

• “Achieves 92.3% accuracy on Ima-
geNet" → Specific data

• “Proposed by John Smith in January
2024" → Specific name and time

• “Employs AfME embedding method"
→ Specific method name

Quantity Control

• Extract 1-2 core insights per source
(web page)

• Ensure each source has corresponding
insights

• Prioritize conceptual information over
precise numbers

• If a source lacks specific information,
extract fewer insights rather than ex-
tracting common knowledge

Language Requirement
Important: Output insights must be in En-
glish.
Output Format
Please output insights in JSON array format,
each insight should include the source title:
“‘json
[ “insight": “Brief source-specific informa-
tion point (1-12 words)",
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“source": “Source Title"
]
“‘
Only output the JSON array, no other con-
tent.
content_text

F.3 Checklist Generation

Prompt for Checklist Generation

Extract atomic evaluation requirements
from the following query. Each requirement
must be short, specific, and independently
verifiable.
Query:
query_text
Rules:

1. Atomic Decomposition: Break down
complex requirements into minimal,
independent checkpoints

• Each requirement checks only
one specific point

• Example: “Analyze aspects A, B,
and C" → Split into “Mention A",
“Mention B", “Mention C"

• Example: “Compare X and Y"
→ Split into “Describe X", “De-
scribe Y", “Explain differences"

2. Short and Clear: Each requirement
should be one sentence, no more than
10 words

• Bad: “Based on the uploaded
innovation theory article and e-
commerce comparison chart, ana-
lyze Temu’s business model"

• Good: “Mention innovation the-
ory", “Cite e-commerce data",
“Analyze Temu model"

3. Independently Verifiable: Each re-
quirement can be judged individually
(yes/no)

• Bad: “Deeply analyze multiple di-
mensions of the business model"

• Good: “Mention value proposi-
tion", “Mention revenue sources",
“Mention cost structure"

4. Cover Implicit Requirements: Ex-
tract implicit checkpoints from the
query

• If “compare" is mentioned →
Need “Describe A", “Describe
B", “Explain differences"

• If “determine whether" is men-
tioned → Need “Provide evi-
dence", “Draw conclusion"

• If “refer to article" is mentioned
→ Need “Cite article content"

5. Quantity Target: A query should typ-
ically have 8-15 atomic requirements

• Simple query: 8-10 items
• Medium query: 10-12 items
• Complex query: 12-15 items
• Keep moderate granularity, not

too few or too many

6. Categories:

• content: Mention a specific con-
tent point

• evidence: Cite a material/data
source

• analysis: Perform some analysis
• comparison: Make a comparison
• conclusion: Draw a conclusion

7. Format Requirements:

• Start with verbs: “Mention",
“Cite", “Analyze", “Compare",
“Explain", “Describe"

• Avoid compound sentences, one
thing per item

• Each item no more than 10 words

Output JSON:
“checklist": [
“id": 1, “requirement": “Mention X", “cate-
gory": “content",
“id": 2, “requirement": “Cite Y data", “cate-
gory": “evidence",
“id": 3, “requirement": “Analyze Z fea-
tures", “category": “analysis",
...
]
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G Inference and Evaluation Cost

Table 13 shows that evaluation is faster and more
economical than inference.

Setting Avg. time / task Approx. API cost / task

Inference 300–400 s $0.3–1.0$
Evaluation 90 s $0.10$

Table 13: Approximate runtime and API cost of the full
pipeline.

H Modality Performance Breakdown

Table 14 shows that Claude Sonnet 4 leads FA-M,
FA-T, and IR-T, while GLM-4.7 leads IR-M; text
sources yield stronger Information Recall, while
Factual Accuracy varies across backbones.

Model FA-M FA-T IR-M IR-T

GLM-4.7 72.5 81.1 66.4 68.9
Gemini-2.5-Pro 86.0 83.3 52.5 55.1
Claude Sonnet 4 89.8 86.8 61.7 72.2

Table 14: Modality performance at the 32k sandbox
corpus scale, with all metrics reported as scores out of
100; M and T denote multimodal and text sources.

I Human Evaluation

For human evaluation, we randomly sample 50 gen-
erated reports across domains and models. Each
report is independently reviewed by four expert
annotators using the same five evaluation dimen-
sions as the automatic evaluator: Information Re-
call, Factual Accuracy, Citation Coverage, Instruc-
tion Following, and Depth Quality. Annotators are
provided with the task query, user-provided files,
sandbox evidence, and the generated report, and
are instructed to score only based on the provided
materials and evaluation rubric.

For each report, we average the four annotators’
scores to obtain the human score. We then compare
the automatic score and the averaged human score
using the following metrics:

• Pearson’s correlation coefficient.

r =

∑︁n
i=1(Ai − Ā)(Bi − B̄)√︂∑︁n

i=1(Ai − Ā)2
√︂∑︁n

i=1(Bi − B̄)2

• Spearman’s correlation coefficient.

ρ =
NR

DADB
,

∆X
i = R(Xi)−RX , X ∈ {A,B},

NR =
n∑︂

i=1

∆A
i ∆

B
i , DX =

⌜⃓
⎷⃓

n∑︂

i=1

(∆X
i )2.

• Pairwise agreement.

PAR =
1(︁
n
2

)︁
n−1∑︂

i=1

n∑︂

j=i+1

Iij

Iij =

{︄
1 if (Ai −Aj) · (Bi −Bj) > 0

0 otherwise

where Ai,Bi represent the automated total score
and human total score for a single case, respec-
tively.

Table 15 presents the fine-grained scores of the
first five cases across various dimensions.

J Model Rankings across Different Judge
LLMs

For the text judges in Table 6, the pairwise Spear-
man correlations are 0.943 for GPT-5.1 versus
Gemini-2.5-Pro, 1.000 for GPT-5.1 versus Qwen-
Max, and 0.943 for Gemini-2.5-Pro versus Qwen-
Max, giving a mean of 0.962. For the multimodal
assistant judges, the corresponding correlations are
0.900 for Gemini-2.5-Pro versus Qwen3-VL-Plus,
1.000 for Gemini-2.5-Pro versus Kimi-K2, and
0.900 for Qwen3-VL-Plus versus Kimi-K2, giv-
ing a mean of 0.933.

K Volunteer and Annotator Instructions

This appendix summarizes the instructions given to
volunteers who contributed source materials and to
annotators who processed the collected data. Volun-
teers were recruited through voluntary calls among
undergraduate and graduate student communities
and were informed that their materials would be
anonymized and used to construct research-style
evaluation tasks, that participation was voluntary,
and that they should only submit files for which
they had the right to share research-use copies.
They were asked to provide realistic material sets
that could naturally motivate a deep research re-
quest, such as reports, spreadsheets, images, web
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Case ID LLM-Judge Score Human-Judge Score

IRllm FAllm DQllm IFllm CCllm IRhuman FAhuman DQhuman IFhuman CChuman

001 30.00 46.23 70.00 93.33 66.67 32.50 42.76 72.00 92.42 66.67
002 40.27 50.38 70.00 86.67 66.67 38.68 53.89 68.00 83.25 66.67
003 42.85 52.25 70.00 64.00 16.67 40.78 56.65 66.86 62.38 16.67
004 30.00 43.84 60.00 77.78 50.00 31.50 46.29 58.76 75.94 50.00
005 49.29 60.33 70.00 84.00 71.43 46.73 57.83 73.56 82.37 71.43

Table 15: Comparison of LLM-Judge and Human-Judge scores across the first five cases.

pages, or other documents from non-sensitive do-
mains. They were explicitly instructed not to in-
clude unnecessary personal information, confiden-
tial institutional records, private communications,
financial identifiers, medical records, or other sen-
sitive content. When a potentially useful file con-
tained incidental personal or proprietary informa-
tion, volunteers were asked to either remove it be-
fore submission or flag it for sanitization.

For each submitted material set, volunteers also
provided a short description of the intended re-
search need, the expected user context, and any
files that should be treated as essential evidence.
This information was used only to guide task con-
struction and was not released as participant meta-
data. All participants provided consent for this
anonymized research use and were compensated
for the expected time required to prepare and sub-
mit materials. Consent and compensation records
were stored separately from the benchmark data.

Annotators then screened the submitted materi-
als before benchmark construction. Their instruc-
tions were to verify that each material set supported
a meaningful long-form research task, remove or
mask personally identifiable information, discard
files with unresolved privacy or ownership con-
cerns, and check that the remaining evidence was
sufficient for constructing a verifiable answer path.
Annotators also marked the modality and file type
of each item, identified candidate supportive doc-
uments, and flagged ambiguous, duplicated, cor-
rupted, or low-quality files for exclusion. A second
annotator cross-checked the sanitized materials be-
fore they were used to build the sandbox corpus.

For human evaluation, annotators were asked
to score generated reports using the same five di-
mensions as the automatic evaluator: Information
Recall, Factual Accuracy, Citation Coverage, In-
struction Following, and Depth Quality. They were
instructed to rely only on the provided user files,
sandbox evidence, and task specification, rather

than their own background knowledge. Disagree-
ments or uncertain cases were recorded for adju-
dication, and aggregate agreement statistics are re-
ported in Section I.
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