
DeepSynth-Eval: Objectively Evaluating Information Consolidation in
Deep Survey Writing

Anonymous ACL submission

Abstract001

The evolution of Large Language Models002
(LLMs) towards autonomous agents has cat-003
alyzed progress in Deep Research. While re-004
trieval capabilities are well-benchmarked, the005
post-retrieval synthesis stage—where agents006
must digest massive amounts of context and007
consolidate fragmented evidence into coherent,008
long-form reports—remains under-evaluated009
due to the subjectivity of open-ended writing.010

To bridge this gap, we introduce DeepSynth-011
Eval, a benchmark designed to objectively012
evaluate information consolidation capabili-013
ties. We leverage high-quality survey papers014
as gold standards, reverse-engineering research015
requests and constructing "Oracle Contexts"016
from their bibliographies to isolate synthesis017
from retrieval noise. We propose a fine-grained018
evaluation protocol using General Checklists019
(for factual coverage) and Constraint Check-020
lists (for structural organization), transform-021
ing subjective judgment into verifiable metrics.022
Experiments across 96 tasks reveal that syn-023
thesizing information from hundreds of refer-024
ences remains a significant challenge. Our re-025
sults demonstrate that agentic “plan-then-write”026
workflows significantly outperform single-turn027
generation, effectively reducing hallucinations028
and improving adherence to complex structural029
constraints.030

1 Introduction031

The evolution of Large Language Models (LLMs)032

(DeepSeek-AI et al., 2025) marks a paradigm shift033

from fundamental token completion to sophisti-034

cated task completion via tool augmentation(Yao035

et al., 2023). This transition has notably accel-036

erated progress in Deep Research(OpenAI, 2025;037

Google, 2024; Shao et al., 2024), where agents are038

tasked with not only retrieving information but also039

synthesizing it into comprehensive, survey-style re-040

ports. While Information Retrieval (IR) has robust041

benchmarks such as GAIA(Mialon et al., 2023),042

HLE(Phan et al., 2025) and others(Wei et al., 2025; 043

Wu et al., 2025), the latter stage—Post-Retrieval 044

Synthesis—remains under-evaluated. In this stage, 045

models must digest massive amounts of retrieved 046

contexts, consolidate fragmented evidence, and or- 047

ganize them into a coherent narrative. Evaluating 048

this capability is challenging. Unlike short-form 049

QA tasks like GAIA and HLE where answers can 050

be checked against ground-truth facts, deep survey 051

reports are long, lack a unique reference, and vary 052

widely in content selection, structure, and writing 053

style. Consequently, current practices rely heavily 054

on subjective human judgments or LLM-as-a-judge 055

scores(Zheng et al., 2023), which are costly, un- 056

stable, and prone to reward hacking(Wang et al., 057

2024a). Furthermore, end-to-end evaluations of- 058

ten conflate retrieval noise with synthesis failures, 059

obscuring the model’s true ability to consolidate 060

information. 061

To objectively evaluate this information consol- 062

idation capability, we propose to assess deep syn- 063

thesis performance via survey papers. High-quality 064

survey papers can be viewed as expert-written re- 065

search reports that serve as “gold standards” of syn- 066

thesis. For each survey, we first “reverse-engineer” 067

a corresponding research request and construct the 068

input context from its bibliography. We then manu- 069

ally extract a set of checklists that specify what a 070

good report must cover under this request, includ- 071

ing representative methods, key design choices, im- 072

portant datasets, and other domain-specific points. 073

These checklists transform open-ended report eval- 074

uation into verifying whether the model’s output 075

accurately covers the required items, enabling a 076

more objective measurement of completeness and 077

factual correctness. 078

Beyond factual coverage, a hallmark of deep 079

synthesis is structural organization—for example, 080

consolidating methods into comparative tables or 081

grouping them into meaningful taxonomies. How- 082

ever, such organization is inherently subjective and 083
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Objective Checklist
1. Report CoT-KD build 
SLM with reasoning 
ability by distillation.

2.Report Open-RS 
build SLM with 
reasoning ability by RL. 

3. Clearly state 
intermediate steps / 
reasoning traces

4. Clearly state ToT as 
a tree-like structure

Classify the provided reference 
papers into three approaches to 
efficient reasoning: 1. Shorten Long 
Chain-of-Thought (CoT) 2. Develop 
Small Language Models (SLMs) 
with Reasoning Capabilities 3. 
Enhance Decoding Efficiency
reference papers:  paper1 full 
content, paper2 full content, ...

Please based on the reference 
papers give me a survey on the 
topic of reasoning models. 

(a)

(b) Objective Checklist
1. Report CoT-KD build 
SLM with reasoning 
ability by distillation.

2.Report Open-RS 
build SLM with 
reasoning ability by RL.

3. Clearly state 
intermediate steps / 
reasoning traces

4. Clearly state ToT as 
a tree-like structure

.......Building on CoT, 
r e s e a r c h e r s  h a v e 
p r o p o s e d  v a r i o u s 
ex tens ions .  T ree-o f -
Thought by Yao et al. in 
20 2 3  e x t e n d s  l i n e a r 
reasoning chains to tree 
structures......Knowledge 
disti l lation is a classic 
method for transferring 
large model capabilities 
to small models. CoT-KD 
by Magister et al. in 2022 
p ionee red  r eason i ng 
capability distillation, ...

......
Open-RS by Dang 

and Ngo in 2025 employs 
a  d i s t i l l a t i o n - b a s e d 
approach ...

(c)

Constraint
Checklist

General
Checklist

General Question Constraint Question

Reasoning Models :A Survey

Generated Report Related Sentences
Full Question

Tested LLM Judge Model

Please based on the reference papers give me a survey on the 
topic of reasoning models. 

Classify the provided reference papers into three approaches to efficient reasoning: 1. Shorten 
Long Chain-of-Thought (CoT) 2. Develop Small Language Models (SLMs) with Reasoning 
Capabilities 3. Enhance Decoding Efficiency

Figure 1: An illustration of DeepSynth-Eval. (a) From a reference survey, we derive a general prompt and constraint
questions, and construct corresponding general/constraint checklists for evaluation. (b) The full question (prompt +
constraints + reference papers) is fed to a tested LLM to generate a report. (c) A judge model verifies each checklist
item on the generated report, converting subjective synthesis evaluation into objective item-wise verification.

flexible: there are diverse valid ways to categorize084

works or select attributes for comparison. Conse-085

quently, expecting a model to spontaneously repli-086

cate the exact structure of a reference survey is087

unreasonable. To resolve this ambiguity and make088

organizational abilities objectively comparable, we089

extract a canonical set of structural constraints from090

each survey (e.g., specific taxonomies to adopt or091

attributes to include in a table). By explicitly impos-092

ing these constraints in the synthesis prompt, we093

reduce editorial freedom, which allows us to com-094

pare the organization of content in corresponding095

sections. We refer to these requirements as Con-096

straint Questions and the corresponding checklists097

as Constraint Checklists.098

Building on these ideas, we construct099

DeepSynth-Eval (DSE), a benchmark de-100

signed for the objective evaluation of deep101

synthesis capabilities. DSE comprises 96 queries102

derived from high-quality surveys across diverse103

domains. For each query, the benchmark provides104

the reconstructed research request, a compre-105

hensive Oracle Context (constructed from the106

bibliography), and a set of fine-grained general and107

constraint checklists. Given a model-generated108

report, our pipeline automatically aligns the109

content with checklist items to compute coverage,110

precision, and structural constraint satisfaction111

scores. Compared to directly judging unstructured112

free-form text, this key-point verification reduces113

the knowledge burden on judge models, supports114

fine-grained and discriminative scoring, and115

makes the evaluation more robust and repro-116

ducible—providing a reliable foundation for117

training and improving deep synthesis systems. 118

Our main contributions are: 119

• Objective Checklist Metric. We address 120

the challenge of evaluating long-form gener- 121

ation by introducing a checklist-based met- 122

ric derived from gold-standard surveys. This 123

method decomposes synthesis quality into ver- 124

ifiable factual coverage and structural con- 125

straint adherence, providing a robust standard 126

for measuring deep research capabilities. 127

• DeepSynth-Eval (DSE) Benchmark. We 128

introduce DSE, a benchmark comprising 96 129

tasks equipped with Oracle Contexts. This 130

design isolates post-retrieval synthesis from 131

retrieval noise, ensuring reproducibility and 132

preventing ground-truth leakage. 133

• Evaluation and Open Source. We estab- 134

lish a rigorous baseline by benchmarking end- 135

to-end and agentic workflows. We find that 136

while agentic methods dominate, synthesizing 137

context from over 100 references remains a 138

formidable bottleneck. We open-source the 139

entire framework to accelerate research in this 140

direction. 141

2 Related Work 142

The paradigm of LLMs is shifting from closed- 143

ended tasks—exemplified by benchmarks like 144

MMLU (Hendrycks et al., 2021), GPQA (Rein 145

et al., 2023), and Humanity’s Last Exam (Wang 146

et al., 2024b)—to complex Deep Research. Unlike 147

these static evaluations, Deep Research requires in- 148

tegrating reading, searching, and writing. Existing 149

works fall into three categories. 150
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Long-Context Understanding Serving as the151

cognitive foundation for deep research, Long-152

Context Understanding has garnered significant at-153

tention; however, current evaluations are often con-154

fined to information extraction rather than logical155

restructuring. Existing benchmarks, such as Long-156

Bench (Bai et al., 2024), InfiniteBench (Zhang157

et al., 2024), and L-Eval (An et al., 2023), pri-158

marily assess the model’s capacity for information159

retention within extended context windows. How-160

ever, the task formulations in these benchmarks are161

largely restricted to “Needle-in-a-Haystack” sce-162

narios or local extractive QA. In such settings, mod-163

els can typically succeed by locating and reciting164

specific segments within the context, without the165

necessity for global association or cross-document166

reasoning to synthesize unstructured evidence dis-167

persed across numerous documents.168

Agentic Retrieval and Fact-Finding Transition-169

ing from passive information processing to ac-170

tive information acquisition, Deep Search bench-171

marks (e.g., GAIA (Mialon et al., 2023), BrowseC-172

omp (Wei et al., 2025)) focus on evaluating an173

agent’s ability to utilize tools for solving complex174

problems. However, these evaluations typically175

involve low information throughput, where retriev-176

ing a few key pages suffices. Consequently, they177

fall short of measuring the comprehensive abil-178

ity to screen and synthesize massive information179

into coherent long-form reports. To address scale,180

WideSearch (Wong et al., 2025) targets breadth-181

oriented acquisition. Yet, despite the increased182

throughput, the task remains limited to Structured183

Information Extraction (e.g., compiling tables).184

This primarily tests recall in repetitive tasks, lack-185

ing the depth required for cross-document compar-186

ative analysis and the integration of heterogeneous187

information needed in deep research.188

End-to-End Research System Evaluations189

Deep Research tasks inherently require agents to190

complete the full workflow from open-web search-191

ing to long-form report generation (Search-Read-192

Write). To align with this real-world application193

scenario, recent works have adopted an end-to-end194

evaluation paradigm; however, this setting intro-195

duces confounding variables that are difficult to196

isolate. For instance, PDR-Bench (Liang et al.,197

2025) and DeepResearchBench (Du et al., 2025)198

focus on personalization alignment and LLM-based199

subjective scoring for complex tasks, respectively,200

whereas ReportBench (Li et al., 2025) assesses the201

Search-Read-Write capabilities of end-to-end sys- 202

tems by reverse-engineering arXiv survey papers. 203

Despite these significant explorations in system- 204

level assessment, this open-web evaluation method- 205

ology faces two major methodological challenges. 206

The first challenge is the Coupling of Retrieval 207

and Generation. The dynamic drift of rankings 208

causes context variations over time, precipitating a 209

reproducibility crisis where it is indistinguishable 210

whether gains stem from model enhancements or 211

better retrieval luck. Furthermore, retrieval noise 212

(e.g., ads, broken links) prevents accurate measure- 213

ment of the model’s intrinsic cognitive capability in 214

processing complex information. The second is the 215

Subjectivity of Evaluation. Existing methods pre- 216

dominantly rely on LLMs to assign holistic scores 217

(score-based) to reports, lacking objective verifi- 218

cation of specific factual point coverage and re- 219

maining susceptible to biases inherent in the judge 220

models. 221

3 Benchmark Construction 222

3.1 Design Philosophy 223

We propose to construct a benchmark utilizing high- 224

quality survey papers as reference answers. For- 225

mally, given a written survey report R, we first 226

reverse-engineer a query qg for which the report 227

R serves as the answer; we term this the General 228

Question (qg) (e.g., “Summarize recent advances 229

in reasoning models”). 230

Intuitively, one might evaluate the model’s per- 231

formance by directly comparing the consistency 232

between the generated report R̂ = M(qg) and 233

the original survey R. However, in practice, di- 234

rectly comparing two lengthy, unstructured reports 235

is computationally and metrically challenging. To 236

address this, we further extract a set of checklists 237

from R, where each item corresponds to a specific, 238

verifiable fact. These checklists specify the es- 239

sential content that a comprehensive report should 240

cover under the given question qg, thereby trans- 241

forming the evaluation into a checklist verification 242

task. 243

Survey writing is inherently subjective; differ- 244

ent authors may adopt valid but distinct strategies 245

to organize the same body of literature. For in- 246

stance, benchmarks for Large Language Models 247

(LLMs) could be categorized by the capability do- 248

main (e.g., reading comprehension, math, coding) 249

or by the task format (e.g., multiple-choice ques- 250

tions vs. open-ended generation). Consequently, 251
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Constraint Question q$%#,'
Constraint Group 𝒞$%#,'

Table 1 Constraint Question q$%#,(
Constraint Group 𝒞$%#,(

General Checklist Groups

Theme 1 General Group 𝒞!"#,(

Theme 2 General Group 𝒞!"#,'

H
um

an Expert Cross-Validating

Figure 2: Overview of the DeepSynth-Eval construction
process. Candidates generated by LLMs undergo human
verification and editing to ensure quality.

without constraints, the structural organization of a252

generated report is often incomparable to the refer-253

ence.254

To address this, we extract specific structural re-255

quirements from the reference survey and append256

them as Constraint Questions (qc) to the general257

prompt. For example, we might explicitly require258

the model to classify efficient reasoning methods259

into three specific categories: (1) Shortening Chain-260

of-Thought, (2) Developing Small LLMs with rea-261

soning capabilities, and (3) Enhancing decoding262

efficiency. In this manner, we can objectively track263

whether the system correctly organizes representa-264

tive works into the corresponding classes.265

We term the extracted structural requirements266

as Constraint Questions (qc) and the correspond-267

ing evaluation points as Constraint Checklists.268

Note that these checklists are valid for evaluation269

only when qc is provided. By imposing qc, we270

effectively reduce the editorial freedom of the syn-271

thesis task, rendering the results comparable. Fur-272

thermore, this design allows for a more rigorous273

assessment of the model’s instruction-following274

capabilities within complex writing tasks.275

Overall, given the composite input comprising276

the general question qg and a set of constraint ques-277

tions qc, the model synthesizes a report by pro-278

cessing the reference bibliography of the original279

survey. Finally, an evaluation system verifies the280

generated report R̂ against the comprehensive set281

of checklists C = Cgen ∪Ccon to assess the satisfac-282

tion of each requirement.283

3.2 Automated Construction Pipeline284

The construction of this writing benchmark itself285

could be very labor consuming. In this paper, we286

utilize the LLM to generate candidates and with hu-287

man labor to review and cross validate the dataset.288

To construct the benchmark efficiently while289

maintaining high quality, we employ a multi-stage290

generation pipeline utilizing LLMs.291

General Question Generation (qgen). This step 292

is straightforward. We treat the survey title and 293

abstract as the core intent and employ an LLM 294

to directly reverse-engineer the corresponding re- 295

search request. This produces the general question 296

qgen (e.g., “Provide a comprehensive survey on ...”), 297

which serves as the foundation of the task. 298

General Checklist Generation (Cgen). Directly 299

generating a comprehensive set of fine-grained 300

checklists from a lengthy document is challeng- 301

ing for current models, often resulting in low recall 302

or hallucinations. To mitigate this, we adopt a hier- 303

archical Topic Anchor strategy. First, we prompt 304

the LLM to synthesize several distinct topics based 305

on the survey’s section headers and content (e.g., 306

“Core Algorithms”, “Evaluation Metrics”, “Future 307

Directions”). Then, using these topics as anchors, 308

we invoke the LLM to generate specific check- 309

list items for each topic individually. This divide- 310

and-conquer approach yields K groups of general 311

checklists, denoted as Cgen =
⋃K

k=1 Cgen,k. 312

Constraint Pair Generation (qcon, Ccon). For 313

structural constraints, we employ a Structure An- 314

chor approach to generate coupled pairs of con- 315

straint questions and checklists. 316

1. Anchor Extraction: The model first scans 317

the survey to identify key organizational ele- 318

ments, such as specific taxonomies (classifica- 319

tion schemes) or summary tables. 320

2. Guidance Generation (qc): Based on an ex- 321

tracted anchor (e.g., a table summarizing rea- 322

soning datasets), the model generates a Con- 323

straint Question qc that acts as explicit guid- 324

ance. For instance, if the anchor is a dataset ta- 325

ble, qc might be: “List a table summarizing re- 326

cent reasoning datasets, specifying their data 327

scale, question source, and answer source.” 328

3. Checklist Extraction: Simultaneously, the 329

model extracts the corresponding cell values 330

or classification criteria from the anchor to 331

form a group of Constraint Checklists Ccon. 332

This process yields M groups of constraint 333

checklists, denoted as Ccon =
⋃M

m=1 Ccon,m. 334

3.3 Human Verification 335

In the construction of DeepSynth-Eval, the auto- 336

mated workflow initially yielded 322 candidate 337

tasks. To ensure benchmark reliability, we imple- 338

mented a rigorous two-stage human verification 339

process. The annotation team consisted of six ex- 340

perts specializing in computer science. Through 341

the first round of manual screening and editing, we 342
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retained 129 instances. Subsequently, following a343

second round of expert cross-validation and final344

refinement, we curated a final set of 96 high-quality345

instances to constitute the benchmark.346

During the screening, we identified and dis-347

carded problematic instances characterized by348

common generation issues, such as: (1) Over-349

specification, where constraint questions were so350

detailed that the corresponding checklists became351

trivially inferable; and (2) Contextual Ambiguity,352

particularly in table-based extractions, where vi-353

sual symbols (e.g., ✓ or ×) were extracted without354

sufficient context to permit verification.355

3.4 Task Formalization356

Formally, we define a deep synthesis evaluation357

task in DeepSynth-Eval as a tuple T = (P,D, C),358

where:359

• P denotes the Unified Input Prompt. It is
constructed by concatenating the general ques-
tion qgen with a set of M constraint questions
{q(1)con, . . . , q

(M)
con }. Formally:

P = qgen ⊕ q(1)con ⊕ · · · ⊕ q(M)
con

where ⊕ represents the string concatenation360

operation.361

• D represents the Oracle Context, containing362

the full text of the reference bibliography as-363

sociated with the original survey. This serves364

as the closed-world knowledge boundary for365

the task.366

• C is the Evaluation Standard, composed of367

the union of general checklist groups and con-368

straint checklist groups: C = Cgen ∪ Ccon.369

3.5 Evaluation Metric370

During inference, the model M receives the unified371

prompt P and the context D to synthesize a report372

R̂ = M(P,D). The quality of R̂ is then quantified373

by assessing its satisfaction of the checklist set C.374

Specifically, for each checklist item c ∈ C, we375

employ a judge model to verify its presence in R̂,376

computing a final score based on the satisfaction377

rate.378

Specifically, the judge model evaluates each re-379

quirement and assigns a reward r based on three380

distinct verification states:381

r =


1, if mentioned correctly (Correctness);
0, if not mentioned (Omission);
−1, if mentioned incorrectly (Hallucination).

382

Fault-Tolerant Scoring. Given the open-ended383

nature of survey writing, exhaustive enumeration 384

of every possible detail is often unnecessary; cap- 385

turing the majority of representative works usually 386

suffices for a high-quality report. To reflect this, 387

we introduce a saturation threshold θk for each 388

checklist group k. 389

Let Nk be the total number of items in group 390

k, and Sk be the cumulative reward sum obtained 391

by the generated report (aggregating rewards of 392

1, 0 and −1). The normalized score for group k is 393

calculated as: 394

Scorek = min

(
1,

Sk

θk

)
(1) 395

where θk ≤ Nk. This mechanism implies that once 396

the model satisfies a sufficient number of require- 397

ments (i.e., Sk ≥ θk), it receives a full score for 398

that group. For instance, in a checklist group listing 399

Nk = 10 representative methods, we may set the 400

threshold at θk = 8, meaning that correctly cover- 401

ing 8 out of 10 key methods is considered “good 402

enough” to achieve the maximum score. 403

Aggregated Metrics. To provide a fine-grained 404

analysis of model performance, we report metrics 405

across three dimensions: General Score (Sgen), 406

which measures the coverage of core research con- 407

tent; Constraint Score (Scon), which evaluates 408

adherence to structural instructions; and Overall 409

Score (Sall), which offers a holistic assessment. 410

Formally, let Scoregen,k and wgen,k denote the 411

score and weight of the k-th general group, and 412

similarly for the constraint groups. The metrics are 413

computed as weighted averages: 414

Sgen =

∑K
k=1wgen,k · Scoregen,k∑K

k=1wgen,k

× 100%, (2) 415

Scon =

∑M
m=1wcon,m · Scorecon,m∑M

m=1wcon,m

× 100%,

(3)

416

Sall =

∑K+M
i=1 wi · Scorei∑K+M

i=1 wi

× 100%. (4) 417

Here, Sall aggregates the union of all K general 418

and M constraint groups, where wi corresponds 419

to the weight of the i-th group within this unified 420

collection. 421

3.6 Statistics 422

We present benchmark statistics based on the check- 423

list items and citations of each task. 424

Distribution of Checklist Items per Task: As 425

illustrated in Figure 3, the dataset maintains a high 426
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standard of evaluation granularity: on average,427

each task entails 199.7 checklist items, compris-428

ing 128.2 general items and 71.5 constraint items.429

This dense distribution underscores the complexity430

of the tasks, as models are required to satisfy a431

vast array of atomic facts and constraints to achieve432

a high score, effectively precluding the success433

of generic responses. By transforming the holis-434

tic evaluation of lengthy reports into fine-grained435

checklist matching, we convert an inherently sub-436

jective task into a quantifiable metric, significantly437

enhancing the objectivity of the report assessment.438

Distribution of Total Reference Lengths: Fig-439

ure 4 illustrates the distribution of total reference440

lengths per task, measured in words. Notably, the441

cumulative text length for a significant portion of442

tasks in DeepSynth-Eval exceeds 1 million words.443

This magnitude underscores the rigorous nature444

of the benchmark, placing substantial demands on445

the information processing, long-context retention,446

and summarization capabilities of the evaluated447

models.448
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Figure 3: Distribution of checklist item counts
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Figure 4: Distribution of total citation lengths

4 Experiments and Evaluation449

4.1 Evaluation Settings450

We aim to evaluate the deep synthesis capability451

of models, formalized as R̂ = M(P,D). As ob-452

served in Figure 4, the total length of the reference453

papers D for a significant portion of tasks exceeds454

1 million words. Since the context window of most 455

mainstream LLMs falls below 256k tokens—with 456

only a few extending to 1 million—directly feeding 457

the full context often results in context overflow. 458

Nevertheless, we believe that direct reading of 459

such massive contexts is a challenging task that 460

holds significant value for benchmarking emerging 461

long-context capabilities and memory methasim. 462

Unlike standard reading comprehension, which 463

often relies on retrieving specific “needles in a 464

haystack”(Liu et al., 2024; Hsieh et al., 2024), our 465

report generation task requires high information 466

throughput, making it a more challenging testbed 467

for global context understanding. 468

To evaluate the deep synthesis ability of main- 469

stream models within current constraints, we de- 470

signed two representative scaffolds for report writ- 471

ing. 472

E2E Single-turn workflow. Instead of reading 473

the full text of all reference papers D, we utilize 474

a pre-processing stage to summarize each docu- 475

ment relevant to the writing request. We then as- 476

semble the Oracle Context by concatenating these 477

summaries, each paired with a stable numeric ci- 478

tation ID. Finally, we append a unified instruction 479

P—constructed by merging the general request 480

with the extracted constraint questions—and the 481

model generates the full survey report in a sin- 482

gle pass, without an explicit intermediate planning 483

stage or iterative refinement. 484

Agentic Multi-turn workflow. The Agentic 485

Multi-turn workflow utilizes the same summarized 486

Oracle Context but decomposes generation into 487

coordinated stages—Planning, Iterative Chapter 488

Writing, and Global Polishing—to strengthen or- 489

ganization and grounding. First, the model pro- 490

duces an intellectual skeleton—a high-level plan 491

specifying section taxonomy, comparison axes, and 492

content allocation—which is subsequently parsed 493

into structured sub-tasks for each section. Second, 494

for each sub-task, the model executes a ‘read-then- 495

write’ loop starting with selective deep reading: it 496

identifies critical papers based on task requirements 497

and generates detailed reading notes by consulting 498

their full text within the Oracle corpus, ensuring 499

fine-grained details are captured without context 500

overflow. Subsequently, the model writes each sec- 501

tion conditioned on the skeleton, detailed notes, 502

and previous sections, adhering to rules that encour- 503

age grouped comparisons and tabular consolidation. 504

Finally, the model aggregates and polishes the sec- 505
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Workflow Model Evaluation Metrics(%)

Overall General Constraint Precision

- Reference Survey 96.1 95.5 98.9 99.6

E2E Single-turn

Qwen3-30B-A3B-Thinking-2507 6.3 4.8 11.4 69.5
Qwen3-235B-A22B-Thinking-2507 24.8 24.7 23.3 79.9
DeepSeek-V3.2 23.4 22.2 27.0 79.8
GPT-5.2 28.3 26.4 36.1 85.5

Agentic Multi-turn

Qwen3-30B-A3B-Thinking-2507 17.3 17.7 16.0 90.1
Qwen3-235B-A22B-Thinking-2507 35.5 37.5 27.5 92.9
DeepSeek-V3.2 30.4 31.4 27.0 91.4
GPT-5.2 33.3 34.8 26.2 95.3
GPT-5.2 (59/96 tasks subset) 37.0 39.0 28.4 95.0

Table 1: Main results under our two controlled synthesis workflows on DeepSynth-Eval.
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Figure 5: Checklist requirement status breakdown
across four E2E models.

tions to ensure global coherence. Importantly, the506

key innovation lies in the dynamic, task-driven pa-507

per selection, which significantly improves ground-508

ing compared to single-turn generation.509

Detailed textual descriptions of the implementa-510

tion steps for both workflows are provided in Ap-511

pendix A. In the evaluation, DeepSeek v3.2 is em-512

ployed as the underlying model for checklist evalu-513

ation and summary reading in both workflows.514

4.2 Results Analysis515

Table 1 reports the main results under two con-516

trolled synthesis workflows—E2E single-turn and517

agentic multi-turn—with all models given the same518

Oracle Context. Our goal is to figure out how well519

a model can synthesize the Oracle corpus into a520

structured survey that satisfies both content cover-521

age and formatting constraints. We focus on two522

aspects: (i) model-to-model differences under the523

single-turn baseline, which isolates post-retrieval524

consolidation in a single pass, and (ii) the effect525

of introducing multi-turn planning under the same526

model, which tests whether staged generation im-527

proves synthesis quality.528

Judge Validity. We first validate the judge sys-529

tem using the Reference Survey (Row 1). It530

achieves a 96.1% Overall score, with the minor gap531

(<5%) primarily attributable to textual ambiguity532

and judge error. Notably, the near-perfect Precision533
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Figure 6: Score distribution of E2E versus Agentic
workflows on Qwen3-235B-A22B.
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(99.6%) confirms the judge’s high fidelity, indicat- 534

ing that correct content is almost never erroneously 535

penalized. These results establish a reliable upper 536

bound for our evaluation. 537

Model comparison under the E2E single-turn 538

workflow. Under the E2E single-turn setting, we 539

observe large performance variance across mod- 540

els, revealing substantial differences in their abil- 541

ity to transform the same Oracle Context into a 542

well-structured synthesis. GPT-5.2 achieves the 543

strongest Overall score of 28.3 and leads by a clear 544

margin on Constraint (36.1), while also obtaining 545

the highest Precision (85.5). This pattern suggests 546

that GPT-5.2 is comparatively better at executing 547

explicit structural instructions and grounding men- 548

tioned content within a single pass. We further ex- 549

amine the checklist requirement status breakdown 550

to understand where these gains come from. As 551

shown in Figure 5, GPT-5.2 attains the highest frac- 552
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tion of correctly satisfied requirements and the low-553

est incorrect rate among the E2E models, indicat-554

ing fewer unsupported completions when mapping555

Oracle evidence to checklist items. Qwen3-235B556

and DeepSeek-V3.2 form a middle tier with sim-557

ilar Overall scores (24.8 and 23.4), but without a558

corresponding advantage on Constraint (23.3 and559

27.0), indicating that their main bottleneck lies in560

organizing and covering required content rather561

than in factuality once content is produced. In con-562

trast, Qwen3-30B largely collapses in the single-563

turn regime (Overall 6.3; General 4.8), consistent564

with Figure 5 where most requirements fall into the565

not-mentioned category, highlighting a strong ca-566

pacity dependence for long-context consolidation.567

Workflow effect: agentic multi-turn improves568

synthesis quality. Switching from single-turn569

generation to the agentic multi-turn workflow con-570

sistently improves Overall and General across all571

evaluated models: Qwen3-30B increases from572

6.3→17.3, Qwen3-235B from 24.8→35.5, and573

GPT-5.2 from 28.3→33.3. We note that GPT-5.2574

often fails to rewrite the full text during polish-575

ing, instead referring to the previous draft (Ap-576

pendix D); excluding these invalid responses re-577

veals a higher Overall score of 37.0 (Table 1).578

We then perform a finer-grained distributional579

analysis over tasks to go beyond mean scores. As580

shown in Figure 6, the agentic workflow shifts581

a larger portion of tasks into higher score bins582

than E2E, indicating more consistent improvements583

across tasks rather than gains driven by a small sub-584

set. To further inspect subtle workflow differences,585

we analyze the checklist requirement status com-586

position under the same model. Figure 7 shows587

that the agentic workflow increases the fraction of588

correctly satisfied requirements while reducing in-589

correct ones, suggesting that staging the process590

as plan→reading→write improves grounding and591

reduces unsupported completions. Overall, these592

results suggest that the agentic multi-turn workflow593

is generally beneficial for long-form synthesis: it594

helps models better allocate attention over full ref-595

erence passages, produce more faithful content, and596

consequently achieve higher checklist pass rates in597

aggregate.598

Concluding Remarks. Our analysis highlights599

three key insights. First, intrinsic model capacity600

is foundational, with stronger models consistently601

prevailing under identical workflows. Second, scaf-602

folding design is pivotal; the substantial gains from603

the Agentic workflow demonstrate that how we 604

structure generation is as critical as which model is 605

used. Finally, with SOTA scores still below 40%, 606

synthesizing grounded reports from over 100 docu- 607

ments remains a formidable open challenge. 608

4.3 Case Analysis 609

To complement checklist pass rates, we conduct a 610

qualitative case analysis to identify recurring fail- 611

ure modes and to understand how workflow design 612

affects post-retrieval synthesis behaviors. 613

We analysed the failure modes under the E2E 614

single-turn workflow. Across low-scoring models, 615

a common pattern is under-elaboration: instead 616

of consolidating as many relevant points as possi- 617

ble from the Oracle Context, the model produces 618

a high-level but sparse narrative that omits many 619

checklist items. This behavior disproportionately 620

harms the General score, as required coverage is 621

missed due to insufficient detail and weak synthesis 622

effort. Moreover, under constrained requirements, 623

these models not only omit required organizational 624

elements (e.g., missing categories/attributes) but 625

also more frequently introduce unsupported state- 626

ments when attempting to satisfy constraints, lead- 627

ing to apparent “hallucination”-like outputs (i.e., 628

claims or comparisons not grounded in the pro- 629

vided materials). 630

5 Conclusion 631

We introduce DeepSynth-Eval to address the lack 632

of objective benchmarks for long-form report gen- 633

eration. Instead of relying on subjective holis- 634

tic scoring, we ground our evaluation in atomic, 635

verifiable checklists derived from expert surveys. 636

On average, each evaluation task involves 198.5 637

checklist items, providing a granular lens to quan- 638

tify the quality of open-ended generation. Be- 639

yond the dataset, we establish a foundational eval- 640

uation framework by implementing and testing 641

diverse baselines, ranging from standard end-to- 642

end workflows to sophisticated agentic systems. 643

Experiments demonstrate that even with agentic 644

workflows, state-of-the-art (SOTA) models achieve 645

scores of only around 37%, highlighting the chal- 646

lenging nature of this task and the significant room 647

for improvement. Furthermore, this verifiable 648

checklist mechanism paves the way for designing 649

precise reward signals in long-form generation, of- 650

fering a promising avenue for future reinforcement 651

learning optimization. 652
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Limitations653

Currently, our dataset is predominantly composed654

of computer science surveys, a choice driven655

by data accessibility and annotation feasibility.656

However, the proposed checklist-based evaluation657

methodology is domain-agnostic and holds the po-658

tential to be extended to broader scientific disci-659

plines.660
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A Detailed Workflow Implementation807

In this section, we provide a step-by-step textual de-808

scription of the two synthesis workflows presented809

in Section 4.1, as illustrated in Figure 8.810

A.1 Monolithic E2E Single-turn Workflow811

The E2E workflow (Figure 8a) is designed to test812

the model’s ability to perform long-context consoli-813

dation in a single pass. The process consists of two814

main steps:815

1. Oracle Context Construction: First, we par-816

allelize the processing of all bibliography en-817

tries. Each reference paper di is compressed818

into a dense prose summary si using a ded-819

icated summarization prompt. These sum-820

maries are then concatenated to form the Or-821

acle Context. Crucially, each summary is822

prefixed with a stable numeric citation identi-823

fier (e.g., “[1]”, “[2]”) to allow the model to824

ground its claims explicitly.825

2. One-Shot Generation: We construct a uni-826

fied prompt that combines the reconstructed827

research request, the extracted constraint828

checklists, and the Oracle Context. The model829

is then instructed to generate the full survey830

report in a single inference pass. No inter-831

mediate reasoning steps or external retrieval832

actions are permitted; the model must rely833

entirely on its internal attention mechanism834

to organize and synthesize the provided sum-835

maries.836

A.2 Agentic Multi-turn Workflow837

The Agentic workflow (Figure 8b) decomposes the838

synthesis task to mimic the plan-read-write process839

of a human researcher. It operates in three phases840

to ensure better organization and grounding:841

Phase 1: Global Planning (Intellectual Skele-842

ton). Instead of writing immediately, the model843

acts as an “Architect.” It analyzes the Oracle Con-844

text (containing summaries) to construct an Intel-845

lectual Skeleton. This skeleton is a high-level plan846

that defines the section taxonomy, identifies key847

comparison axes, and allocates specific content to848

each section. This plan is then parsed into a struc-849

tured list of sub-tasks (e.g., JSON objects), where850

each task corresponds to writing one section of the851

report.852

Phase 2: Serial Iterative Writing Loop. The853

workflow executes a loop for each sub-task derived854

from the skeleton. For each section k, the process 855

involves three specialized steps: 856

1. Relevance Selection: The model evaluates 857

the requirements of the current section against 858

the bibliography to identify a subset of critical 859

papers (represented by IDs) that are necessary 860

for drafting this specific part. 861

2. Selective Deep Reading: For the identified 862

critical papers, the agent retrieves their full 863

text (simulated within the Oracle corpus). It 864

then generates detailed reading notes focused 865

specifically on the current section’s topic. 866

This step allows the model to access fine- 867

grained details that might have been lost in 868

the initial summaries, without overflowing the 869

context window with all papers at once. 870

3. Context-Aware Writing: The model writes 871

the section. The generation is conditioned on 872

three inputs: (1) the Intellectual Skeleton (for 873

structure), (2) the Deep Reading Notes (for de- 874

tails), and (3) the Writing History (the draft of 875

previous sections). This ensures the new sec- 876

tion is logically coherent with the preceding 877

text. 878

Phase 3: Final Polish. Once all sections are 879

drafted, they are concatenated. An “Editor” agent 880

performs a final pass to ensure global consistency, 881

unify terminology, and format the document before 882

outputting the final report. 883

B External System Evaluation 884

The controlled workflows in Table 1 isolate post- 885

retrieval synthesis by holding the Oracle Context 886

fixed. However, practical Deep Research deploy- 887

ments are typically end-to-end: systems actively 888

search, browse, and write in a coupled loop. To con- 889

textualize our controlled findings and to understand 890

how checklist-based synthesis evaluation manifests 891

in real deployments, we additionally evaluate rep- 892

resentative professional Deep Research systems 893

and an external agentic pipeline. We emphasize 894

that these results serve as complementary reference 895

points rather than the primary benchmark ranking. 896

Fairness controls. Evaluating external systems 897

introduces two confounds: uncontrolled retrieval 898

may obscure synthesis failures, and the gold sur- 899

vey itself (or derivative pages) may be retrieved, 900

leading to leakage and inflated scores. To mitigate 901

these issues, we provide an explicit allowlist of 902

reference URLs derived from the bibliography and 903
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Figure 8: Schematic overview of the controlled synthesis workflows. (a) E2E Single-turn workflow: A
streamlined pipeline that first summarizes all references into an Oracle Context with stable citation IDs, then
concatenates the request and constraints to generate the full report in a single pass via long-context inference. (b)
Agentic multi-turn workflow: A staged generation process. Phase 1 generates an Intellectual Skeleton to plan
taxonomy and content allocation. Phase 2 executes a loop for each section: the model performs selective deep
reading by identifying critical papers and consulting their full text to generate specific notes, followed by writing
the section conditioned on the skeleton, notes, and previous writing history to ensure grounded organization.

instruct systems to use only these sources for evi-904

dence and citations, thereby preventing the original905

gold survey from being used as a reference. We906

further impose a strict temporal cutoff: only papers907

published before the survey date are allowed, and908

any later materials must be ignored even if surfaced909

by search.910

Systems and evaluation. We evaluate two pro-911

fessional Deep Research systems accessed through912

their official interfaces (Doubao DeepResearch,913

OpenAI DeepResearch) and one external agentic914

pipeline (OpenAI Agentic). We interpret the re-915

sults as contextual comparisons rather than direct,916

full-set rankings against our controlled workflows.917

Results and discussion. Table 2 summarizes the918

external-system performance on the evaluation sub-919

set. Among the tested systems, OpenAI DeepRe-920

search achieves the highest Overall score (28.7)921

and particularly strong constraint-checklist perfor-922

mance (Constr: 41.8), with Doubao DeepResearch923

showing a similar pattern (Overall: 26.4; Constr:924

38.9). In contrast, the external agentic pipeline925

(OpenAI Agentic) attains a comparable Overall926

System Overall General Constr Prec. (%)

Doubao DeepResearch 26.4 23.3 38.9 87.4
OpenAI Agentic 25.6 24.0 28.3 83.3
OpenAI DeepResearch 28.7 25.1 41.8 85.4

Table 2: Performance of external systems on a subset of
DSE tasks. Scores are checklist pass rates (%). Due to
interface and execution constraints, these systems are
evaluated on 39 tasks; results are reported separately
from the main table and should be interpreted as contex-
tual comparisons.

score (25.6) but notably lower Constr (28.3), sug- 927

gesting that generic agentic tool use does not auto- 928

matically translate into stronger constraint-driven 929

organization.We observe that the evaluated end-to- 930

end Deep Research systems do not consistently 931

outperform our controlled workflows, despite hav- 932

ing access to browsing and tool orchestration. 933

Why external Deep Research systems may un- 934

derperform our controlled workflows. In our 935

manual inspection, we observe that once the re- 936

trieval scope is constrained by the URL allowlist 937

and the temporal cutoff, external Deep Research 938

systems do not consistently utilize the full set of 939
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provided references: reports often cite only a subset940

of the allowlisted papers, and some key references941

required by the checklists are never retrieved or942

never appear in the final citations. Correspond-943

ingly, the generated reports exhibit more frequent944

coverage gaps (missing required methods/dataset-945

s/attributes), which directly lowers checklist satis-946

faction.947

We hypothesize that this underperformance is948

driven by two practical factors induced by the fair-949

ness constraints. First, restricted retrieval can be-950

come incomplete: even with an allowlist, the sys-951

tem may fail to open, read, or surface all relevant952

papers (e.g., due to interface limits, ranking/trunca-953

tion, or budgeted browsing), causing evidence cov-954

erage gaps that propagate to the final synthesis. Sec-955

ond, to prevent leakage and ensure protocol com-956

pliance, our prompts impose additional instructions957

(e.g., strict source restrictions and citation rules),958

which may introduce an instruction-following bur-959

den that reduces flexibility and consumes genera-960

tion capacity, leading to more conservative or less961

detailed synthesis.962

Together, these observations highlight a key ad-963

vantage of DSE’s controlled Oracle-Context eval-964

uation: it isolates consolidation and organization965

ability from retrieval completeness and interface-966

induced instruction overhead, enabling a more967

faithful measurement of post-retrieval synthesis.968

C Prompt for Judge Model969

Figure 9 presents the prompt supplied to the judge970

model, which guides the model in assessing the971

quality of the results generated by model under test972

based on given checklists.973

D Case study of GPT 5.2974
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You are an expert evaluator.

=== Task ===
Your task is to assess whether the provided survey content meets the specific requirements listed in
the criteria.

=== Input Data: Survey Content ===
{survey_content}

=== Input Data: Criteria ===
{criteria_text}

=== Evaluation Options ===
For each requirement listed in the Criteria, select exactly one of the following statuses:

• mentioned_correct: The requirement is present and accurate.
• not_mentioned: The requirement is absent.
• mentioned_incorrect: The requirement is present but incorrect or flawed.

=== Instructions ===
1. Analyze Step-by-Step: Read the survey and compare it against each requirement in the criteria
list one by one.
2. Determine Status: Decide the appropriate status string for each requirement.
3. Verify Length: Ensure the final list contains exactly {len(subgroup[“requirements”])} items.
4. Format Output: Output the result as a JSON list of strings.

=== Output Format ===
Only return a standalone JSON code block, with all the results in it.

=== Example format ===

```json
["mentioned_correct", "not_mentioned", "mentioned_incorrect"]
```

Figure 9: Prompt for judge model
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Generated Report

# Retrieval-Augmented Generation: Foundations, Methods, Multimodal Extensions, Systems, and
Evaluation
## 1. Introduction and Formalization
Retrieval-Augmented Generation (RAG) provides a principled way to couple the parametric knowl-
edge stored inside large language models with non-parametric, dynamically updatable external
knowledge through retrieval and context curation. We formalize a generic RAG pipeline as y = G(x,
C(R(x, K))), where x denotes the user query, R is a retriever that selects evidence from a knowledge
base K, C is a context curation function that filters, orders, compresses, or structures the retrieved
content for the generator, and G is the generator that produces the final output conditioned on both
x and curated context. This formulation encompasses common operational regimes, including
open-book and closed-book usage; single-hop and multi-hop question answering; and iterative
procedures in which retrieval and generation interleave or recur. Treating retrieval outputs as
latent variables that are marginalized at decoding time connects RAG to probabilistic formulations
introduced in early hybrid models, while instantiations like Fusion-in-Decoder characterize spe-
cific architectural choices for integrating multiple retrieved passages into sequence-to-sequence
generation [133, 125].
...
To guide readers, we include three artifacts. A taxonomy figure maps methods across the axes
of retrieval type, integration strategy, adaptivity, efficiency, robustness, modality, structure, and
domain, clarifying how designs cluster and where gaps remain [225, 283]. A pipeline schematic
contrasts retrieve-then-generate, generate-then-retrieve, and iterative synergy workflows, highlight-
ing where retriever training, query refinement, and context curation intervene [133, 84, 211]. A
timeline from 2020 to 2024 situates key milestones—dense retrieval and REALM, probabilistic
RAG and Fusion-in-Decoder, black-box and in-context augmentation, few-shot Atlas, and neural
indexing—underscoring the rapid maturation and recent emphasis on adaptivity, risk certification,
and multimodal expansion [165, 198, 133, 125, 77, 37, 205, 98, 20, 80]. Within this scope,
the survey contributes a unified formalization, a structured taxonomy, and a synthesis of design
trade-offs and evaluation constructs, with emphasis on recent advances that define the current
frontier.
## 2. Retrieval Foundations
[Content unchanged from draft Section II.]
## 3. Integration Strategies and Generation Architectures
[Content unchanged from draft Section III.]
## 4. Robustness, Hallucination Mitigation, and Risk
[Content unchanged from draft Section IV.]
## 5. Efficiency, Latency, and System Co-Design
[Content unchanged from draft Section V.]
## 6. Multimodal RAG (Images, Audio, Video)
[Content unchanged from draft Section VI.]
## 7. RAG Meets Diffusion Models and Generative Modeling
Diffusion and score-based generative models provide the backbone on which retrieval-augmented
conditioning can act, offering a spectrum of formulations that trade sampling speed, likelihood,
and controllability. The core DDPM framework establishes forward and reverse Markov chains
with a simplified noise-prediction objective that yields high-fidelity images and interpretable
denoising trajectories [26]. Subsequent refinements improve both training and sampling: learned
reverse-process variances with a hybrid variational objective and cosine noise schedules enable
near-optimal sampling in tens of steps and competitive likelihoods, markedly improving practical
efficiency [5]; the SDE-based unification generalizes DDPMs and denoising score matching...
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