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Abstract001

The rapid development of automated scientific002
survey generation technology has made it in-003
creasingly important to establish a comprehen-004
sive benchmark to evaluate the quality of gen-005
erated surveys. Nearly all existing evaluation006
benchmarks rely on flawed selection criteria007
such as citation counts and structural coherence008
to select human-written surveys as the ground009
truth survey datasets, and then use surface-level010
metrics such as structural quality and reference011
relevance to evaluate generated surveys. How-012
ever, these benchmarks have two key issues:013
(1) the ground truth survey datasets are unre-014
liable because of a lack academic dimension015
annotations; (2) the evaluation metrics only fo-016
cus on the surface quality of the survey such017
as logical coherence. Both issues lead to ex-018
isting benchmarks cannot assess to evaluate019
their deep "academic value", such as the core020
research objectives and the critical analysis of021
different studies. To address the above prob-022
lems, we propose DeepSurvey-Bench, a novel023
benchmark designed to comprehensively eval-024
uate the academic value of generated surveys.025
Specifically, our benchmark propose a compre-026
hensive academic value evaluation criteria cov-027
ering three dimensions: informational value,028
scholarly communication value, and research029
guidance value. Based on this criteria, we con-030
struct a reliable dataset with academic value031
annotations, and evaluate the deep academic032
value of the generated surveys. Extensive exper-033
imental results demonstrate that our benchmark034
is highly consistent with human performance035
in assessing the academic value of generated036
surveys1.037

1 Introduction038

In recent years, the rapid development of artifi-039

cial intelligence (Huynh-The et al., 2023; Wang040

1The code and datasets of this paper can be ob-
tained from https://anonymous.4open.science/r/
DeepSurvey-Bench-AB42/
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et al., 2023) and the exponential growth of research 041

papers have made it increasingly difficult for re- 042

searchers to efficiently organize vast amounts of 043

information, resulting in greater challenges in writ- 044

ing surveys manually. The rise of large language 045

models (LLMs) (Achiam et al., 2023; Team et al., 046

2024; Liu et al., 2024) provides a new promising 047

avenue to addressing this challenge. By combin- 048

ing their powerful text generation capabilities with 049

retrieval-augmented generation (RAG) technology 050

(Fan et al., 2024; Chang et al., 2025), researchers 051

can automate both literature retrieval and scien- 052

tific survey generation (Wang et al., 2024; Liang 053

et al., 2025; Bao et al., 2025). With the rapid devel- 054

opment of automated scientific survey generation 055

technology, establishing a comprehensive bench- 056

mark to evaluate the quality of generated surveys 057

has become an urgent need. 058

Existing evaluation benchmarks (Yan et al., 059

2025; Su et al., 2025; Shi et al., 2025) have adopted 060

selection criteria such as citation counts and struc- 061

tural coherence to select high-quality human- 062

written surveys from the two open-access reposito- 063

ries arXiv2 and semantic scholar3 as ground truth 064

2https://arxiv.org/
3https://www.semanticscholar.org/
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survey datasets. Then, the automatically gener-065

ated survey is then compared with the ground truth066

surveys, and further evaluated under an LLM-as-a-067

judge paradigm using surface quality metrics such068

as content coverage and reference relevance, as069

illustrated in the left half of Figure 1.070

However, these evaluation benchmarks face two071

problems: (1) their selection criteria are relatively072

one-sided and lack academic dimension annotation,073

leading to unreliable ground truth survey datasets074

that fail to accurately reflect the quality of gen-075

erated surveys; (2) the evaluation metrics solely076

evaluate the surface quality of surveys. Both prob-077

lems prevent these benchmarks from evaluating the078

deep academic value of generated surveys, such as079

core research objectives and critical analysis of the080

relationships between different studies. As a result,081

some generated surveys are often perform well on082

surface quality metrics, but are actually superficial083

in content and offer limited substantive academic084

contribution.085

From the perspective of expert evaluation of the086

quality of a survey, a high-quality survey must pos-087

sess academic value: it should be grounded in a088

comprehensive and carefully selected body of rel-089

evant literature, clearly state the research objec-090

tives or core questions (Torraco, 2005; Denney and091

Tewksbury, 2013), and conduct in-depth compari-092

son, evaluation, and interpretation of key studies in093

the field (Snyder, 2019). It should further offer orig-094

inal critical insights, identify gaps and unresolved095

core issues, and propose new research directions or096

topics based on practical considerations.(Xiao and097

Watson, 2019; Kraus et al., 2022).098

Inspired by the above insights, we propose099

DeepSurvey-Bench, a novel benchmark designed100

to comprehensively evaluate academic value of au-101

tomatically generated scientific surveys, to address102

the two key issues of existing benchmarks. As103

illustrated in the right half of Figure 1. Specifi-104

cally, based on the aforementioned expert insights105

and with the assistance of researchers experienced106

in survey writing, the proposed benchmark estab-107

lishes a comprehensive academic value evaluation108

criteria across three dimensions: information value109

that refers to whether existing research is trans-110

formed into a well-structured, coherent, and well-111

argued knowledge system; scholarly communica-112

tion value that pertains to whether key research can113

be compared, evaluated, and critically analyzed in114

depth; and research guidance value that concerns115

whether it identifies gaps in existing research and116

proposes feasible new directions. Then, we manu- 117

ally annotate and select surveys based on the crite- 118

ria, thereby constructing a reliable and high-quality 119

ground truth survey dataset with academic value 120

annotations. Furthermore, to make the evaluation 121

process more specific and feasible, we decompose 122

the criteria into seven quantifiable academic value 123

evaluation metrics to evaluate the academic value 124

of the generated survey. 125

We conducted a comprehensive evaluation of 126

existing automated survey generation methods on 127

our proposed benchmark. Extensive experimental 128

results demonstrate that our benchmark is aligned 129

with human judgment in assessing the academic 130

value of surveys. 131

In conclusion, our main contributions are as fol- 132

lows: 133

• We propose DeepSurvey-Bench, a novel 134

benchmark for comprehensively evaluating 135

academic value of automatically generated sci- 136

entific survey. 137

• We propose a comprehensive academic value 138

evaluation criteria. Based on this criteria, we 139

construct a high-quality dataset with academic 140

value annotations and further evaluate the aca- 141

demic value of the generated surveys. 142

• The experimental results demonstrate that our 143

benchmark is reliable and highly consistent 144

with human performance in assessing the aca- 145

demic value of generated surveys. 146

2 Related Works 147

2.1 Survey Generation 148

Research on the automatic generation of surveys 149

has been ongoing for more than a decade. Early 150

studies primarily relied on multi-document sum- 151

marization techniques to automatically generate 152

relevant sections within surveys (Chen et al., 2021; 153

Jiang et al., 2019; Erera et al., 2019). In recent 154

years, the emergence of LLMs has created new op- 155

portunities for this field. Many recent studies have 156

proposed end-to-end pipelines that integrate RAG 157

and multi-agent strategies to enable the automated 158

generation of long-form surveys (Wang et al., 2024; 159

Liang et al., 2025; Wen et al., 2025). AutoSurvey 160

(Wang et al., 2024) adopts a two-stage generation 161

strategy: it first retrieves relevant literature to con- 162

struct detailed outlines, and then employs multiple 163

LLMs in parallel to generate individual chapters, 164
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which are subsequently integrated into a coherent165

survey. Similarly, SurveyX (Liang et al., 2025) de-166

composes the survey generation process into prepa-167

ration and generation stages, and incorporates on-168

line reference retrieval along with AttributeTree-169

based preprocessing and a re-polishing process to170

improve generation efficiency. SurveyForge (Yan171

et al., 2025) further enhances outline quality and172

citation accuracy by analyzing the logic of man-173

ually written outlines and integrating them with174

retrieved literature, while leveraging academic nav-175

igation agents to identify high-quality papers. In176

addition, LiRA (Go et al., 2025) employs multiple177

specialized agents for outline construction, sub-178

section writing, editing, and reviewing, thereby179

improving readability and factual accuracy.180

2.2 Evaluation for Survey Generation181

Existing evaluation benchmarks typically use182

human-written surveys as the gold standard and183

then evaluate the quality of generated surveys based184

on the LLM-as-a-judgment paradigm. For exam-185

ple, SurveyBench (Yan et al., 2025) directly adopts186

human-written surveys selected by researchers187

based on their experience knowledge as the gold188

standard, primarily evaluating the performance of189

the generated surveys in terms of outline struc-190

ture, topic coverage, and content relevance. In191

contrast, SurveyScope (Shi et al., 2025) constructs192

its gold standard by combining objective metrics193

such as publication time and citation count with194

researchers’ judgment, and evaluates the content195

quality, organizational logic, and citation accu-196

racy of generated surveys. Furthermore, SurGE197

(Su et al., 2025) selects its gold-standard surveys198

through human annotation by researchers based on199

criteria such as citation count and content coverage,200

and evaluates the generated survey from multiple201

dimensions including citation accuracy, structural202

organization, and content quality. However, these203

evaluation benchmarks lack human annotation for204

the academic dimensions of the surveys, resulting205

in unreliable gold standard datasets. Furthermore,206

the evaluation metrics only assess the surface qual-207

ity and fail to evaluate the deep academic value of208

generated surveys.209

3 Survey Generation Task Definition210

The objective of automated scientific survey gen-211

eration is to produce a survey S, given a topic212

description t and a large academic paper corpus213

R = {r1, r2, ..., rn}. The generated survey is ex- 214

pected to comprehensively introduce, analyze, and 215

synthesize research findings within a given field 216

over a specific period. The generation process 217

generally consists of the following three stages: 218

(i) literature retrieval stage, which first retrieves 219

an initial set of papers related to the topic t and 220

then filters them according to predefined criteria 221

to obtain the most relevant set of reference papers 222

Rs ⊆ R; (ii) Outline generation stage, which pro- 223

duces a well-structured and logically coherent out- 224

line O = {o1, o2, ..., om} based on a given t and a 225

set of relevant references Rs; (iii) survey genera- 226

tion stage, which generates a comprehensive and 227

reliable survey S based on the topic t, outline O, 228

and relevant references Rs, including appropriate 229

in-text citations and a list of references. 230

4 DeepSurvey-Bench 231

To address the issues of unreliable datasets in ex- 232

isting evaluation benchmarks and the inability of 233

current metrics to evaluate the academic value of 234

generated surveys, we propose a reliable and com- 235

prehensive benchmark, named DeepSurvey-Bench. 236

Figure 2 illustrates the datasets construction pro- 237

cess, which consists of the following three steps: 238

Initial Survey Collection (§4.1), Parsing and Filter- 239

ing (§4.2) and Human Annotation (§4.3). 240

4.1 Initial Survey Collection 241

To ensure the timeliness and relevance of the se- 242

lected papers, we first identify surveys published 243

between January 1, 2022, and November 30, 2025, 244

whose titles explicitly contain the terms "survey", 245

"literature review", or "review", thereby focusing 246

on recent research trends and the latest develop- 247

ments in the field. In this process, we adopt differ- 248

entiated citation thresholds based on publication 249

year, which balances the use of citation counts as a 250

reliable metric of academic influence and recogni- 251

tion with the consideration that recently published 252

high-quality papers may not yet have accumulated 253

a large number of citations. Finally, we obtain 254

1,101 papers preliminarily identified as surveys af- 255

ter the initial collection. 256

4.2 Parsing and Filtering 257

Since title-based filtering may still include non- 258

survey papers, inspired by prior work (Bao et al., 259

2025), we prompt an LLM to evaluate the abstracts 260

of the initially collected papers according to pre- 261

defined criteria, further filtering out those that con- 262
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Figure 2: The dataset construction pipeline for our proposed DeepSurvey-Bench.

tained terms such as "survey" or "review" in the title263

but were not actually surveys. Then we parse the264

retained surveys to extract their full texts and com-265

plete metadata, including authors, citation counts266

and publication year, and we further enrich the267

metadata with details about the first author informa-268

tion and the publishing venue. Based on the above269

parsing and filtering process, we retain 433 surveys270

that meet the required the criteria. Appendix A.1271

details the parsing and filtering process.272

4.3 Human Annotation273

After completing the two stages described above,274

we further refine the dataset through human anno-275

tation to ensure its reliability and academic value.276

First, we prompt an LLM to preliminarily extract277

and summarize the academic value of 457 surveys278

from three dimensions: information value, schol-279

arly communication value, and research guidance280

value, providing reference material for subsequent281

human annotation. Prior to the annotation, we in-282

vite two researchers with backgrounds in text gen-283

eration and survey writing to establish a compre-284

hensive academic value evaluation criteria based285

on the evaluation guidelines (Torraco, 2005; Den-286

ney and Tewksbury, 2013; Snyder, 2019; Xiao and287

Watson, 2019; Kraus et al., 2022) for scientific sur-288

veys in top-tier computer science venues. This289

criteria considers three core dimensions: informa-290

tion value, academic communication value, and291

research guidance value. Furthermore, to make292

the evaluation process more specific and feasible,293

the researchers further decompose the criteria into294

seven quantifiable academic value evaluation met- 295

rics (details in §5.2). We additionally invited three 296

computer science graduate students in the filed of 297

long text generation to evaluate the rationality of 298

the academic value evaluation criteria. The results 299

showed that they reached a high degree of consen- 300

sus on the rationality of the dimension design and 301

scoring criteria, which can be used for subsequent 302

human and automated evaluation. Details of the ra- 303

tionality assessment are provided in Appendix A.2. 304

Subsequently, these three graduate students form 305

the annotation team and perform further annotation. 306

During the annotation process, the annotators in- 307

dependently evaluate each survey using a unified 308

scoring rubric (1-5), and label each survey as either 309

"select" or "discard" based on its average score4. A 310

survey is included in the dataset only if all three 311

annotators independently mark it as "select". To as- 312

sess annotation consistency, we compute Cohen’s 313

Kappa coefficient and obtain a value of 0.76, indi- 314

cating substantial inter-annotator agreement. Ul- 315

timately, we construct a dataset comprising 163 316

rigorously validated and academically annotated 317

high-quality scientific surveys. Detailed prompts 318

and scoring rubric are provided in Appendix D.1. 319

4.4 Statistics 320

Our benchmark dataset contains 163 high-quality 321

ground truth surveys, covering 8,715 outline sec- 322

tions and including 5,692,2 directly cited refer- 323

ences, along with corresponding academic value 324

4Label "select" if average score ≥ 4, otherwise "discard".
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Dataset Domains #Survey
Nums

#Average
Citations

#Metadata
Type Nums

Academic value
Annotation

Surface Quality
Evaluation

Academic Value
Evaluation

SurveyScope CS 46 195.87 10 ✗ ✓ ✗
SurveyBench CS 100 220.17 7 ✗ ✓ ✗
SurGE CS 205 275.80 9 ✗ ✓ ✗

DeepSurvey-Bench Mixed 163 235.41 14 ✓ ✓ ✓

Table 1: Comparison with other scientific survey datasets. CS denotes Computer Science, while Mixed indicates
coverage spanning both Computer Science and other disciplines.

annotations for each survey. The dataset format325

is detailed in Appendix A.3. Table 1 compares326

DeepSurvey-Bench with existing survey genera-327

tion datasets. Specifically, our benchmark cov-328

ers four primary disciplines: Computer Science,329

Physics, Astronomy, and Electronics Systems, and330

includes 16 different topics, such as LLMs, Graph331

Representation Learning, Multimodal, and Agents,332

supporting systematic and interdisciplinary evalua-333

tion of automated survey generation methods. The334

distribution of different topics is shown in Figure335

3.336
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Figure 3: Distribution our benchmarks across different
topics. Other disciplines have fewer surveys, so we
categorized them as "Other".

5 Evaluation Metrics337

To comprehensively evaluate the quality of auto-338

matically generated scientific surveys, we not only339

evaluate their surface quality but also their aca-340

demic value. Specifically, Section 5.1 will elabo-341

rate on the evaluation metrics for surface quality,342

while Section 5.2 will focus on the evaluation met-343

rics for academic value.344

5.1 Surface Quality345

Building on the prevailing three-stage process for346

generating surveys (Wang et al., 2024; Liang et al.,347

2025; Yan et al., 2025), we conducted a detailed348

evaluation of the surface quality of the generated349

survey from three perspectives:350

Outline Quality: A detailed and well-structured 351

survey outline lays a solid foundation for gener- 352

ating a high-quality survey. Drawing on previous 353

work (Shao et al., 2024), we introduce a quanti- 354

tative metric, Heading Soft Recall (HSR), to as- 355

sess the semantic similarity between automatically 356

generated outline titles and ground truth outline 357

titles. In addition, we introduce the LLM-as-a- 358

judge paradigm to assess the outline’s Hierarchi- 359

cal Clarity, Logical Coherence, and Guidance 360

for Content Generation from a more macroscopic 361

perspective that mimics human experts. Details 362

of the metrics are provided in Appendix B.1. The 363

prompt and scoring rubric (1-5) is shown in Ap- 364

pendix D.2. 365

Content Quality: We first employ the widely 366

recognized automatic evaluation metrics ROUGE 367

(Lin, 2004) and BLEU (Papineni et al., 2002) from 368

the field of long-text generation to quantify the n- 369

gram overlap between the generated survey and 370

the ground truth survey. In addition, inspired by 371

Autosurvey (Wang et al., 2024), we adopt the LLM- 372

as-a-judge paradigm to comprehensively evaluate 373

the true content quality of the survey across three 374

dimensions: Coverage, Structure, Relevance, and 375

Fluency. The prompt and scoring rubric (1-5) is 376

shown in Appendix D.2. 377

Reference Quality: References are the founda- 378

tion of a scientific survey, and their selection di- 379

rectly determines the content composition of the 380

survey. For the evaluation of reference quality, we 381

adopted the Citation Recall and Citation Preci- 382

sion metrics proposed by ALCE (Gao et al., 2023) 383

and calculate the F1 score. The detailed descrip- 384

tions and calculation methods for metrics are pro- 385

vided in Appendix B.2. 386

5.2 Academic Value 387

A high-quality scientific survey is not only perfect 388

in its surface quality, but more importantly, deliv- 389

ers substantive academic value to researchers. To 390

make the evaluation of the survey’s academic value 391
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Backbones Methods Content Quality

ROUGE-L BLEU Coverage Structure Relevance Language Fluency

GPT-4o
AutoSurvey 14.38 10.07 4.55 3.70 4.10 4.10
SurveyX 13.74 12.37 4.35 3.05 3.95 3.60
SurveyForge 14.75 10.43 4.85 3.95 4.55 4.00

Claude-3-5-haiku
AutoSurvey 12.98 8.36 3.95 3.60 3.90 3.95
SurveyX 14.18 13.09 4.25 3.10 3.95 3.65
SurveyForge 13.25 8.44 4.70 3.95 4.40 4.00

DeepSeek-v3
AutoSurvey 12.19 8.22 5.00 3.80 4.15 4.05
SurveyX 13.62 12.13 4.30 3.20 3.90 3.65
SurveyForge 13.10 8.76 4.85 3.70 4.45 4.00

Table 2: The surface quality evaluation results of the generated survey’s content.

Backbones Methods Outline Quality Reference Quality

HSR Guidance Hierarchical Logical CR CP F1

GPT-4o
AutoSurvey 63.11 4.00 3.90 3.95 46.71 40.78 43.54
SurveyX 65.44 3.65 4.05 4.20 53.44 50.97 52.18
SurveyForge 64.35 4.00 4.00 4.15 43.90 36.97 40.14

Claude-3-5-haiku
AutoSurvey 49.17 3.95 4.00 4.25 55.80 53.24 54.50
SurveyX 66.26 3.70 4.00 4.05 54.36 52.10 53.21
SurveyForge 59.63 4.00 4.00 4.00 66.01 62.83 64.38

DeepSeek-v3
AutoSurvey 75.27 4.05 3.35 3.35 30.95 24.23 27.18
SurveyX 65.95 3.75 4.00 4.10 45.34 43.60 44.45
SurveyForge 63.63 3.95 4.00 4.05 28.34 19.03 22.77

Table 3: The surface quality evaluation results of the generated survey’s outline and reference. CR and CP denotes
Citation Recall and Citation Precision, respectively.

more specific and feasible, we further decompose392

the three dimensions (§4.3) into seven quantifiable393

evaluation metrics. The prompts and scoring rubric394

(1-5) used for these seven academic metrics are all395

in the appendix D.2.396

Information Value: We further decompose infor-397

mational value into three key metrics: Objective398

Clarity, Classification-Evolution Coherence, and399

Dataset & Metric Coverage. The objective clarity400

evaluates the clarity of research objectives in scien-401

tific survey. The classification–evolution coherence402

assesses the clarity of method classification and the403

evolution of technological development in the sur-404

vey. The dataset & metric coverage evaluates the405

coverage of datasets and the rationality of the eval-406

uation metrics in the paper.407

Scholarly Communication Value: We further408

decompose scholarly communication value into409

two key metrics: In-depth Comparison and Crit-410

ical Analysis. The in-depth comparison assess411

whether the survey systematically compares multi-412

ple methods, clearly describing the advantages and413

disadvantages of each method. The critical analysis414

evaluates the critical analysis of different methods415

in the survey, focusing on explaining the underly-416

ing reasons for the differences between methods.417

Research Guidance Value: We further decom- 418

pose research guidance value into two key met- 419

rics: Research Gaps and Future Work. The re- 420

search gaps evaluates whether a survey can sys- 421

tematically organize existing research findings and 422

deeply identify and analyze key unresolved issues 423

and shortcomings in the current research field. The 424

future work evaluates whether a survey can propose 425

forward-looking and innovative future research di- 426

rections based on identified research gaps and prac- 427

tical needs. 428

6 Experiments and Analysis 429

6.1 Baselines 430

We used three different automated survey genera- 431

tion methods to generate surveys in order to com- 432

pare the performance differences of different base- 433

lines for our proposed evaluation metrics. Detailed 434

descriptions of these baselines are provided in Ap- 435

pendix C.1. 436

6.2 Implementation Details 437

We selected the relatively weaker model Claude- 438

3-5-haiku , together with two stronger and com- 439

parable models, GPT-4o and DeepSeek-v3, as the 440

backbone models for survey generation, in order 441
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Backbones Methods Information Scholarly com. Research gui.

OC CEC DMC Avg IC CA Avg RG FW Avg

GPT-4o
AutoSurvey 3.45 3.95 2.85 3.42 3.25 3.55 3.40 4.15 4.00 4.08
SurveyX 3.85 3.25 2.80 3.30 2.70 3.00 2.85 3.70 3.85 3.78
SurveyForge 3.40 3.85 3.05 3.43 3.45 3.90 3.68 3.80 4.00 3.90

Claude-3-5-haiku
AutoSurvey 2.80 3.80 2.50 3.03 2.60 3.15 2.88 3.50 3.75 3.63
SurveyX 3.85 3.00 3.00 3.28 2.65 2.90 2.78 3.70 3.95 3.83
SurveyForge 3.40 3.85 2.80 3.35 2.85 3.50 3.18 3.70 3.95 3.83

DeepSeek-v3
AutoSurvey 3.50 3.80 2.90 3.40 3.10 3.65 3.38 4.10 3.95 4.05
SurveyX 3.80 3.20 2.85 3.28 2.60 3.05 2.83 3.60 3.80 3.70
SurveyForge 3.50 3.69 3.10 3.43 3.35 3.75 3.55 3.85 4.05 3.95

Table 4: The academic value evaluation results of the generated survey (To keep the table concise and readable, we
have standardized the names of the seven metrics to their initial letter abbreviations). Avg denotes the average value.

to effectively test the discriminative power of the442

evaluation metrics across models with different443

capability levels. With respect to survey gener-444

ation configuration, all experiments adopted the445

default settings reported in the original papers for446

each model. For automated evaluation, we selected447

GPT-5.1 as the evaluator5. To improve evaluation448

stability, we perform three evaluation runs with dif-449

ferent random seeds for each survey and use the450

mean score as the final result. Furthermore, to mit-451

igate the impact of internal randomness in LLMs452

on the results (Bouras, 2024), we uniformly set the453

temperature parameter to 0 during the evaluation454

process to achieve deterministic decoding.455

6.3 Experimental Results456

This section presents the evaluation results of the457

three survey-generation baselines under different458

backbone models. Table 2 and Table 3 report the459

surface quality evaluation results of the generated460

surveys, and Table 4 presents the academic value461

evaluation results. Based on these results, we de-462

rive several notable observations:463

Across backbone models with different capabil-464

ity levels, we observe that the three baselines gener-465

ally perform well on surface-quality metrics, with466

only limited variation. For example, all baselines467

achieve ROUGE and BLEU scores within a similar468

range; the highest structure (3.95), logical (4.25),469

CR (66.01), and CP (62.83) scores appear under470

Claude-3.5-Haiku, the highest coverage (5.00) and471

guidance (4.05) score appear under DeepSeek-v3,472

while the highest relevance (4.55), language flu-473

ency (4.10) and hierarchical (4.05) scores are ob-474

tained under GPT-4o. Despite the substantial differ-475

5The correlation between GPT-5.1 and human evaluation
is verified in §6.4

ences in their overall modeling capabilities, these 476

models remain comparable in surface metrics, and 477

in some cases even perform almost identically. In 478

contrast, our academic value metrics reveal more 479

discriminative differences. GPT-4o attains the high- 480

est average scores in all three dimensions: infor- 481

mational value (3.43), scholarly communication 482

value (3.68), and research guidance value (4.08). 483

Although Claude-3.5-Haiku achieves similar per- 484

formance on surface quality metrics, its scores on 485

these academic dimensions are substantially lower, 486

with an average of only 2.78 in scholarly commu- 487

nication value. Compared with the relatively minor 488

differences observed in surface quality, our aca- 489

demic value system can more clearly and more 490

robustly distinguish the differences in the ability 491

of different backbone models to generate surveys 492

with academic quality. 493

Based on the data in Table 4 using GPT-4o as the 494

backbone model, we compare the academic value 495

of the surveys generated by the three baselines. The 496

results show that SurveyX had the lowest average 497

scores in information value, scholarly communi- 498

cation value, and research guidance value. Addi- 499

tionally, AutoSurvey, SurveyX, and SurveyForge 500

score almost all below 4 points in seven academic 501

metrics, while their surface quality scores in terms 502

of outline and content—evaluated using LLMs as 503

the standard—are almost all above 4 points. This 504

indicates that high surface quality in surveys does 505

not necessarily equate to high academic value. Ex- 506

isting automatically generated survey methods of- 507

ten produce surveys with perfect surface content 508

but lack substantial academic contributions, high- 509

lighting the complexity of automatically generating 510

scientific surveys. In addition, the generation time 511

for each baseline and detailed API costs are shown 512

7



in the appendix C.2.513

6.4 Correlation Analysis between514

LLM-as-a-judge and Human Evaluation515

Since the LLM-as-a-judge paradigm may introduce516

a potential preference bias toward AI-generated517

surveys, we randomly sample 20 surveys covering518

diverse research topics, generated by three LLM519

backbones and three different baselines. For each520

survey, three graduate students who had partici-521

pated in the dataset construction process (§4.3)522

were asked to conduct a human evaluation using523

the same scoring rubric as the LLMs evaluation, in524

order to perform a correlation analysis. We have525

demonstrated the internal consistency among hu-526

man annotators in Section 4.3.527

Accordingly, we first computed the mean hu-528

man rating for each metric, and then compute three529

widely-used inter-annotator agreement (IAA) met-530

rics among humans and LLMs: percent agreement531

(Zheng et al., 2023), Spearman correlation (Lu532

et al., 2025) and Cohen’s Kappa (Thakur et al.,533

2025). The results in Table 5 show that the LLM-534

based evaluator exhibits a strong and consistent535

alignment with human expert judgment across all536

three academic value dimensions. Furthermore, we537

constructed a pairwise comparison set in which538

each pair of reviews was generated by different539

baseline systems for the same topic. For each540

pair, human annotators selected the review they541

considered to possess higher academic value. We542

then selected the superior review according to the543

academic-value score from DeepSurvey-Bench and544

compared this selection with those obtained using545

surface-level metrics and randomly selected base-546

line systems. Detailed results are in Appendix C.3,547

demonstrating that our academic value metrics are548

highly consistent with human preferences.549

Dimension PA Spearman ρ Cohen κ

Informational 0.88 0.83 0.79
Scholarly Com. 0.85 0.81 0.76
Research Gui. 0.91 0.86 0.82

Table 5: Correlation results between LLM-as-a-judge
and human evaluation. PA denotes Percent Agreement.

6.5 Weak Academic Value Capabilities550

Analysis551

To further analyze the major weaknesses of auto-552

matically generated surveys in terms of academic553

value, we randomly sample 20 surveys from the bot-554

tom 20% of academic value scores and categorize 555

their deficiency types along the three dimensions 556

of informational value, scholarly communication 557

value, and research guidance value. Meanwhile, we 558

manually verify and conduct attribution analysis 559

on the statistics by referring to the reasoning and 560

evidence provided by the LLM during evaluation. 561

As shown in Figure 4, half of the samples exhibit is- 562

sues concentrated in the scholarly communication 563

dimension, while another portion is focused on the 564

objective metrics in the informational value dimen- 565

sion. This indicates that although most generated 566

surveys perform well in terms of content organi- 567

zation and information presentation, they still fall 568

short in areas such as in-depth comparison, criti- 569

cal analysis, and systematic discourse, highlighting 570

significant room for improvement in the deeper 571

analytical and integrative capabilities of current 572

automated survey generation methods.
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Figure 4: Distribution of deficiencies in academic value
among 20 low-quality surveys.

573

7 Conclusion and Future Work 574

In this paper, We propose DeepSurvey-Bench, a 575

novel benchmark for comprehensively evaluating 576

"academic value" of automatically generated scien- 577

tific survey. DeepSurvey-Bench constructs a more 578

reliable survey dataset with academic value annota- 579

tions based on a comprehensive quality criteria, and 580

it not only evaluates the "surface quality" of gen- 581

erated surveys, but also focuses on assessing their 582

deeper academic value across three dimensions: in- 583

formation value, scholarly communication value, 584

and research guidance value. Extensive experimen- 585

tal results demonstrate the comprehensiveness and 586

reliability of our proposed benchmark, while also 587

highlighting the complexity of the task of auto- 588

matically generating scientific surveys. In future 589

work, we will explore methods for enhancing the 590

academic value of generated surveys in automated 591

survey generation and conduct more fine-grained 592

evaluations of the academic value in survey. 593
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Limitations594

Closed-loop Verification of Our Benchmark A595

key limitation of our benchmark lies in the ab-596

sence of a closed-loop validation process that links597

benchmark-based evaluation to subsequent model598

improvement. Although we have verified the reli-599

ability of the benchmark, including its inter-rater600

agreement and internal consistency, and demon-601

strated its effectiveness in assessing academic602

value through comparison with human-annotated603

reference scores, we have not yet established a604

complete “evaluation–optimization–reassessment”605

pipeline. The future work will address this by de-606

signing academic-value-aware generation strate-607

gies aligned with the benchmark’s diagnostic in-608

sights, then re-evaluating optimized models to val-609

idate the benchmark’s end-to-end guidance capa-610

bility. For example, the proposed academic di-611

mensions and metrics have not yet been applied as612

a reward mechanism in model training, and their613

ability to guide models toward generating higher-614

quality surveys remains to be explored. In future615

work, we plan to fine-tune a lightweight model on616

this benchmark to further examine its effectiveness617

in supporting model optimization. Therefore, in fu-618

ture work, we plan to fine-tune a lightweight model619

based on this benchmark in order to further verify620

its effectiveness in guiding model optimization.621

Cost of LLM-based Evaluation Another ma-622

jor limitation of our benchmark is the high API623

cost of LLM-based review generation. The high624

cost of generating reviews objectively limits the625

scale of the evaluation, thus limiting the number626

of review generation methods, evaluation models,627

and research topics considered. Therefore, our ex-628

periments focused only on three representative re-629

view generation pipelines and three LLM evalua-630

tors, covering 20 topics, without expanding to a631

wider range of model architectures or performance632

levels.633
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A Dataset Construction 796

A.1 Parsing and Filtering 797

In the parsing and filtering stage, we first remove 798

papers that cannot be fully parsed, retaining 468 799

survey papers that are successfully parsed. Then, 800

we use an LLM to evaluate the abstracts of each 801

paper based on the following three criteria: (1) 802

whether the purpose of the review is clearly stated 803

(e.g., using phrases like "survey research" or "pro- 804

vide a review"); (2) whether the focus is on the 805

nature of the survey rather than proposing new 806
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methods or reporting experimental results; and (3)807

whether it discusses trends, challenges, or future808

directions in a specific field. Based on the LLM809

judgment, 433 out of the 468 papers are identified810

as genuine surveys. In parallel, we also extract the811

references cited in these surveys along with their812

associated metadata, which serve as the basis for813

subsequent evaluation of citation quality in gener-814

ated surveys.815

A.2 Human Annotation816

We provide the three graduate students with a com-817

plete academic value evaluation criteria, which in-818

cludes the descriptions of the three academic value819

dimensions (Information Value, Scholarly Com-820

munication Value, and Research Guidance Value),821

as well as a scoring rubric (1-5) for seven specific822

metrics (Objective Clarity, Classification-Evolution823

Coherence, Dataset & Metric Coverage, In-depth824

Comparison, Critical Analysis, Research Gaps, and825

Future Work). Subsequently, they evaluate the aca-826

demic value evaluation criteria at both the dimen-827

sion level and the metric level.828

For each of the three dimensions, the three gradu-829

ate students provide 1-5 ratings from three perspec-830

tives: Coverage, whether the dimension captures831

the core meaning of the corresponding scholarly832

value, Necessity, whether it is necessary to define it833

as an independent dimension, and Clarity, whether834

it is clearly distinguishable from the other dimen-835

sions. The results are shown in Table 6. All three836

dimensions score significantly above 4.0 in terms837

of coverage, necessity, and clarity, indicating that838

our proposed dimensional structure is conceptually839

reasonable and well-defined.840

Dimension Coverage Necessity Clarity

Information 4.6± 0.3 4.1± 0.2 4.5± 0.3
Scholarly 4.4± 0.4 4.6± 0.2 4.3± 0.4
Research 4.7± 0.2 4.3± 0.2 4.3± 0.3

Table 6: Results of the rationality evaluation of the three
academic value dimensions (1–5 Likert scale: 1 = Very
Poor, 5 = Very Good).

For the seven specific scoring criteria, the three841

graduate students scored them from 1 to 5 points842

based on four aspects: Definition Clarity, Operabil-843

ity, Non-redundancy, and Importance. The results844

are shown in Table 7. All metrics achieve scores845

above 4.0 across aspects, suggesting that the met-846

rics are clearly defined, practically applicable, and847

very reasonable.848

Indicator Definition Clarity Operability Non-redundancy Importance

OC 4.4± 0.3 4.6± 0.3 4.7± 0.2 4.1± 0.2
CEC 4.4± 0.4 4.2± 0.5 4.5± 0.4 4.5± 0.3
DMC 4.5± 0.3 4.4± 0.4 4.6± 0.3 4.6± 0.3
IC 4.6± 0.3 4.6± 0.3 4.7± 0.2 4.6± 0.2
CA 4.5± 0.4 4.4± 0.4 4.6± 0.3 4.6± 0.3
RG 4.7± 0.2 4.6± 0.3 4.8± 0.2 4.2± 0.2
FW 4.6± 0.3 4.5± 0.3 4.7± 0.2 4.7± 0.2

Table 7: Results of the rationality evaluation of the seven
scoring rubric (1–5 Likert scale: 1 = Very Poor, 5 = Very
Good).

A.3 Statistics 849

The dataset format is shown in Figure 5, and each 850

field is briefly described in 8. 851

DeepSurvey-Bench Data Format

{
"authors ": [

"string"
],
"literature_review_title ": "string",
"year": "string",
"date": "string",
"category ": "string",
"abstract ": "string",
"structure ": [

{
"section_title ": "string",
"level": "string",
"content ": "string",
"origin_cites_number ": "number"

}
],
"literature_review_id ": "number",
"meta_info ": {

"cite_counts ": "number",
"venue": "string",
"influential_citation_count ": "number",
"Author_info ": {

"Publicationsh ": "number",
"h_index ": "number",
"Citations ": "number",
"Highly Influential Citations ":
"number"

},
"all_cites_title ": [

"string"
]

}
}

Figure 5: The dataset format of DeepSurvey-Bench.

B Evaluate Metrics 852

B.1 Outline Quality 853

HSR evaluates how well the generated outline cov-
ers the specific headings present in the ground truth
outline. Formally, HSR is defined as the soft car-
dinality overlap between the predicted heading set
(HP ) and the ground truth heading set (HGT ):

HSR =
S(HP ∩HGT )

S(HGT )

where S(A) denotes the "soft cardinality" of a head-
ing set A. Intuitively, this metric counts the number
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Metadata Description

authors List of contributing researchers.
literature_review_title The title of the survey
year The publication year of the survey
date The timestamp of publication
category The classification or type of the survey
abstract A brief summary of the survey’s content, aims, and findings
literature_review_id A unique identifier for the survey
cite_counts The total number of citations for the survey
Conference_journal_name The conference or journal where the survey was published
influential_citation_count The number of citations that are considered highly influential
publication The total number of publications by the first author
h_index The h-index of the first author
citations The total number of citations for the first author’s work
all_cites_title The titles of all the references cited in the survey

Table 8: Results of outline quality evaluation on the
FreshWiki dataset.

of semantically unique headings in a set. Specifi-
cally, the contribution of each heading is inversely
proportional to its aggregated similarity with all
other headings in the set:

S(A) =

K∑
i=1

1∑K
j=1 sim(Ai, Aj)

Here, sim(Ai, Aj) is the cosine similarity between
the embeddings of headings Ai and Aj . A standard
set intersection would be too strict for comparing
paraphrased headings. Therefore, we define the
soft intersection cardinality using the inclusion-
exclusion principle:

S(HP∩HGT ) = S(HP )+S(HGT )−S(HP∪HGT )

The complete prompt and scoring rubric (1-5) of854

Hierarchical Clarity, Logical Coherence, and Guid-855

ance for Content Generation is shown in Appendix856

D.2857

B.2 Reference Quality858

We define a set of claims extracted from the review859

as C = {c1, c2, ...}, and use a natural language860

inference (NLI) model h to determine whether861

a claim ci is supported by its references Refi =862

{ri1, ri2, ...} (where rik denotes a cited paper).863

h(ci,Refi) = 1 means that the references can sup-864

port the claim, and h(ci,Refi) = 0 otherwise.865

Citation Recall: Measures whether all statements
in the generated text are fully supported by the cited
passages, which is calculated as:

Recall =
∑|C|

i=1 h(ci,Refi)
|C|

Citation Precision: Identifies irrelevant citations,866

ensuring that the provided citations are pertinent867

and directly support the statements. Before listing868

the formula for precision, a function g is defined 869

as: 870

g(ci, rik) = (h(ci, {rik}) = 1) ∪ (h(ci,Refi \ {rik}) = 0)

(1) 871

Precision =
∑|C|

i=1

∑|Refi|
k=1 h(ci,Refi)∩g(ci,rik)∑|C|

i=1 |Refi|
(2) 872

C Experiment and Analysis 873

C.1 Baselines 874

• AutoSurvey adopts a two-stage generation 875

strategy: it first retrieves relevant literature 876

to construct a detailed outline, then employs 877

multiple LLMs in parallel to generate indi- 878

vidual chapters, and finally integrates these 879

chapters into a coherent survey article. 880

• SurveyForge first generates an outline by ana- 881

lyzing the logical structure of human-written 882

outlines and referring to the retrieved domain- 883

related articles. It then automatically gener- 884

ates and refines the article content using an 885

academic navigation agent that retrieves high- 886

quality papers from memory. 887

• SurveyX decomposes the survey writing pro- 888

cess into two stages: a preparation stage and 889

a generation stage. By incorporating online 890

reference retrieval, a preprocessing method 891

called AttributeTree, and a refinement pro- 892

cedure, SurveyX significantly improves the 893

efficiency of survey writing. 894

C.2 Experimental Results 895

As shown in Figure 6, SurveyX incurs substan- 896

tially higher latency than AutoSurvey and Sur- 897

veyForge, with total runtime being approximately 898

9–10× longer, primarily due to the dominance of 899

the text generation stage. In contrast, AutoSur- 900

vey and SurveyForge exhibit consistently low la- 901

tency, as database retrieval introduces negligible 902

overhead and text generation is only slightly slower 903

than outline formulation. In terms of token cost, 904

text generation constitutes the main expense across 905

all pipelines, while overall cost differences across 906

LLMs align with their pricing tiers (GPT-4o > 907

Claude-3.5-haiku > DeepSeek-v3). Notably, Sur- 908

veyForge achieves the best cost–efficiency. 909
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Figure 6: Statistics of defective chapters and sentences
in four randomly selected articles

C.3 Correlation Analysis between910

LLM-as-a-judge and Human Evaluation911

D Prompts and Scoring Rubric912

D.1 Human Annotation Prompt913

The prompt provided to annotators and the scor-914

ing criteria are shown in Figure 10. Since the di-915

mensions and standards used are consistent with916

Appendix D.2, we only provide one example for917

reference.918

D.2 Quality Evaluation Prompt919
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Human Annotation: The Objective Clarity of Information Value

Role Description:
We provide you with (1) an excerpt containing the academic-value related content extracted from a
real scientific survey, and (2) the full survey paper in PDF form for reference. Based on these two
sources, and strictly following our provided scoring rubric (1–5), please evaluate the academic
value of this survey and assign a final score.

Evaluation Dimensions:
- **Research Objective Clarity**: Evaluate whether the research objective is specific, clear, and
closely aligned with the core issues in the field.
- **Background and Motivation**: Evaluate whether the background and motivation are sufficiently
explained, especially how they support the research objective.
- **Practical Significance and Guidance Value**: Evaluate whether the research objective demon-
strates clear academic value and practical guidance for the field.

Scoring Criteria:
{

- **5 points **: The research objective is clear , specific , and the background and motivation
are clearly explained. The objective has significant academic and practical value. For
example , the objective is closely tied to the core issues of the field , and the review
provides a thorough analysis of the current state and challenges.

- **4 points **: The research objective is clear , but the background or motivation may be
somewhat brief. The objective has noticeable academic or practical value , and it mostly guides
the research direction clearly.

- **3 points **: The research objective is present , but the background and motivation lack
depth. The academic and practical value of the objective is not fully explained , and the
objective is somewhat vague or lacks clear direction.

- **2 points **: The objective is unclear , and the background and motivation are inadequately
explained. The academic value of the objective is not clear , and some parts of the objective
are vague or repetitive.

- **1 point **: The review does not present a clear research objective , lacks background and
motivation , and the research direction is not specified. The objective is almost nonexistent.

}

Output Requirements:
- A final academic-value score (1–5) and a brief justification explaining the key reasons for your
score.

Figure 7: A prompt and score rubric of Human Annotation
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Guidance for Content Generation

Input Standard:
Here is an academic survey outline about the topic [topic]:
–
[content]
–

Evaluation Description:
Criteria Description Guidance for Content Generation: Does the outline effectively guide content
generation, ensuring comprehensive coverage of the topic?

Scoring Criteria:
{

Score 1 Description The outline fails to guide content generation , omitting significant
aspects of the topic or providing insufficient direction.

Score 2 Description The outline provides limited guidance , covering some key areas but lacking
depth or completeness in addressing the topic.

Score 3 Description The outline provides moderate guidance for content generation , addressing
most key areas but leaving some gaps or ambiguities
.
Score 4 Description The outline effectively guides content generation , covering all
significant aspects with clear direction , though minor refinements could enhance
comprehensiveness.

Score 5 Description The outline is exemplary in guiding content generation , thoroughly
addressing all aspects of the topic with clear , detailed direction and no significant gaps.

}

Output Requirements:
Return the score without any other information.

Figure 8: The prompt and score rubric of Guidance metric
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Hierarchical Clarity

Input Standard:
Here is an academic survey outline about the topic [topic]:
–
[content]
–

Evaluation Description:
Criteria Description Hierarchical Clarity: Does the outline clearly define a hierarchy of topics and
subtopics, with a logical, diverse structure that is easy to understand?

Scoring Criteria:
{

Score 1 Description The outline exhibits no discernible hierarchical structure. Topics and
subtopics are jumbled together without logical separation or clear levels , making it nearly
impossible to follow or identify any organization.

Score 2 Description The outline attempts to establish a hierarchy but fails to maintain
logical consistency. Main topics and subtopics are frequently misclassified , and the structure
is overly rigid or disjointed. Subtopics may be missing , misplaced , or redundant , making it
hard to grasp the intent of the structure.

Score 3 Description The outline has a recognizable hierarchical structure but lacks diversity
in organization style. While main topics are somewhat clear , subtopics occasionally overlap ,
are misaligned , or follow a repetitive format. This restricts flexibility and introduces mild
confusion in certain areas.

Score 4 Description The outline displays a clear , logical , and diverse hierarchical structure.
Main topics are distinct , and subtopics are properly nested. While most elements are
well -placed , there may be minor redundancies or opportunities to introduce more diverse
formats for subtopics. Slight adjustments could achieve better precision and variety in style.

Score 5 Description The outline showcases an exceptional , flawless hierarchical structure.
Each main topic is distinct , and subtopics are logically nested with absolute clarity and
stylistic diversity. The outline demonstrates flexibility in structure and organization ,
adapting its style where appropriate for the content and logic. No further refinement is
necessary.

}

Output Requirements:
Return the score without any other information.

Figure 9: The prompt and score rubric of Hierarchical Clarity metric
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Logical Coherence

Input Standard:
Here is an academic survey outline about the topic [topic]:
–
[content]
–

Evaluation Description:
Criteria Description Logical Coherence: Does the outline logically organize topics and subtopics,
ensuring a smooth and natural flow of ideas with clear logical transitions?

Scoring Criteria:
{

Score 1 Description The outline is highly disjointed and incoherent. Topics and subtopics
appear in a random , unordered manner , with no logical flow or sense of progression. Major
conceptual gaps and illogical jumps are present throughout the structure.

Score 2 Description The outline shows some attempt at logical organization , but it contains
frequent inconsistencies , abrupt shifts , or logical missteps. Topics and subtopics are
misaligned or lack proper transitions , making the reader work hard to follow the structure.

Score 3 Description The outline demonstrates a basic level of logical coherence. Most topics
follow a general sequence , but some sections feel forced , with weak or unclear transitions.
There are small jumps in logic , causing slight confusion or loss of flow at certain points.

Score 4 Description The outline exhibits a strong sense of logical flow , with ideas presented
in a mostly smooth and connected manner. Transitions between topics and subtopics are clear ,
but a few minor adjustments could make the flow more seamless or natural. The logic is sound ,
but room for refinement exists.

Score 5 Description The outline achieves exceptional logical coherence. Each topic and
subtopic follows a deliberate , thoughtful progression , with clear , natural , and intuitive
transitions. The reader experiences a seamless flow of ideas , and no adjustments are required
to improve logical consistency or flow.

}

Output Requirements:
Return the score without any other information.

Figure 10: The prompt and score rubric of Logical Coherence metric
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Coverage

Task Description:
"coverage": Here is an academic survey about the topic [topic]:
—
[content]
—
<instruction>
Please evaluate this survey about the topic [topic] based on the criteria above provided below, and
give a score from 1 to 5 according to the score description:
—

Evaluation Description:
Coverage: Coverage assesses the extent to which the survey encapsulates all relevant aspects of
the topic, ensuring comprehensive discussion on both central and peripheral topics.

Scoring Criteria:
{

Score 1 Description: The survey has very limited coverage , only touching on a small portion of
the topic and lacking discussion on key areas.

Score 2 Description: The survey covers some parts of the topic but has noticeable omissions ,
with significant areas either underrepresented or missing.

Score 3 Description: The survey is generally comprehensive in coverage but still misses a few
key points that are not fully discussed.

Score 4 Description: The survey covers most key areas of the topic comprehensively , with only
very minor topics left out.

Score 5 Description: The survey comprehensively covers all key and peripheral topics ,
providing detailed discussions and extensive information.

}

Output Requirements:
Return the score without any other information.

Figure 11: The prompt and score rubric of Coverage metric
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Structure

Task Description:
"structure": Here is an academic survey about the topic [topic]:
—
[content]
—
<instruction>
Please evaluate this survey about the topic [topic] based on the criteria above provided below, and
give a score from 1 to 5 according to the score description:
—

Evaluation Description:
Structure: Structure evaluates the logical organization and coherence of sections and subsections,
ensuring that they are logically connected.

Scoring Criteria:
{

Score 1 Description: The survey lacks logic , with no clear connections between sections ,
making it difficult to understand the overall framework.

Score 2 Description: The survey has weak logical flow with some content arranged in a
disordered or unreasonable manner.

Score 3 Description: The survey has a generally reasonable logical structure , with most
content arranged orderly , though some links and transitions could be improved such as repeated
subsections.

Score 4 Description: The survey has good logical consistency , with content well arranged and
natural transitions , only slightly rigid in a few parts.

Score 5 Description: The survey is tightly structured and logically clear , with all sections
and content arranged most reasonably , and transitions between adajecent sections smooth
without redundancy.

}

Output Requirements:
Return the score without any other information.

Figure 12: The prompt and score rubric of Structure metric
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Relevance

Task Description:
"relevance": Here is an academic survey about the topic [topic]:
—
[content]
—
<instruction>
Please evaluate this survey about the topic [topic] based on the criteria above provided below, and
give a score from 1 to 5 according to the score description:
—

Evaluation Description:
Relevance: Relevance measures how well the content of the survey aligns with the research topic
and maintain a clear focus.

Scoring Criteria:
{
Score 1 Description: The content is outdated or unrelated to the field it purports to review ,
offering no alignment with the topic.

Score 2 Description: The survey is somewhat on topic but with several digressions; the core
subject is evident but not consistently adhered to.

Score 3 Description: The survey is generally on topic , despite a few unrelated details.

Score 4 Description: The survey is mostly on topic and focused; the narrative has a consistent
relevance to the core subject with infrequent digressions.

Score 5 Description: The survey is exceptionally focused and entirely on topic; the article is
tightly centered on the subject , with every piece of information contributing to a comprehensive
understanding of the topic.
}

Output Requirements:
Return the score without any other information.

Figure 13: The prompt and score rubric of Relevance metric
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Language

Task Description:
"language": Here is an academic survey about the topic [topic]:
—
[content]
—
<instruction>
Please evaluate this survey about the topic [topic] based on the criteria above provided below, and
give a score from 1 to 5 according to the score description:
—

Evaluation Description:
Language: Language assesses the academic formality, clarity, and correctness of the writing,
including grammar, terminology, and tone.

Scoring Criteria:
{

Score 1 Description: The language is highly informal , contains frequent grammatical
errors , imprecise terminology , and numerous colloquial expressions. The writing lacks
academic tone and professionalism.

Score 2 Description: The writing style is somewhat informal , with several grammatical
errors or ambiguous expressions. Academic terminology is inconsistently used.

Score 3 Description: The language is mostly formal and generally clear , with only
occasional minor grammatical issues or slightly informal phrasing.

Score 4 Description: The language is clear , formal , and mostly error -free , with only rare
lapses in academic tone or minor imprecisions.

Score 5 Description: The writing is exemplary in academic formality and clarity , using
precise terminology throughout , flawless grammar , and a consistently scholarly tone.

}

Output Requirements:
Return the score without any other information.

Figure 14: The prompt and score rubric of Language metric
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Information Value: Objective Clarity

Role Description:
You are now acting as an **experienced literature review evaluator** with years of academic review
experience. You are proficient in evaluating the clarity of research objectives, the articulation of
background and motivation, and the clarity of research direction in academic papers. You will
evaluate the **Abstract** and **Introduction** sections of the paper in detail.

Evaluation Dimensions:
- **Research Objective Clarity**: Evaluate whether the research objective is specific, clear, and
closely aligned with the core issues in the field. - **Background and Motivation**: Evaluate
whether the background and motivation are sufficiently explained, especially how they support the
research objective.
- **Practical Significance and Guidance Value**: Evaluate whether the research objective demon-
strates clear academic value and practical guidance for the field.

Scoring Criteria:
{

- **5 points **: The research objective is clear , specific , and the background and motivation
are clearly explained. The objective has significant academic and practical value. For
example , the objective is closely tied to the core issues of the field , and the review
provides a thorough analysis of the current state and challenges.

- **4 points **: The research objective is clear , but the background or motivation may be
somewhat brief. The objective has noticeable academic or practical value , and it mostly guides
the research direction clearly.

- **3 points **: The research objective is present , but the background and motivation lack
depth. The academic and practical value of the objective is not fully explained , and the
objective is somewhat vague or lacks clear direction.

- **2 points **: The objective is unclear , and the background and motivation are inadequately
explained. The academic value of the objective is not clear , and some parts of the objective
are vague or repetitive.

- **1 point **: The review does not present a clear research objective , lacks background and
motivation , and the research direction is not specified. The objective is almost nonexistent.

}

Output Requirements:
- Please **first provide the score** for this section (1-5 points).
- **Then provide a detailed explanation** of why you assigned this score, and specifically mention
which parts of the paper (including chapters and sentences) support your scoring.
- Please ensure that the score is entirely consistent with the content, and make a reasonable judgment
based on the actual content of the paper.

Figure 15: The prompt and score rubric of Objective Clarity metric
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Information Value: Classification-Evolution Coherence

Role Description:
You are now acting as a **senior literature review evaluator** with many years of academic
review experience. You are proficient in evaluating the clarity and reasonableness of the method
classification system and the evolution of the technological progression in literature reviews. You
will evaluate the **Method** and/or **Related Work** sections of the paper. If the paper does
not explicitly use headings such as "Method" or "Related Work", focus on the content after the
**Introduction** and before the **Experiments/Evaluation** sections for a detailed evaluation.

Evaluation Dimensions:
- **Method Classification Clarity**: Evaluate whether the method classification is clear and
reasonable and whether it reflects the technological development path in the field.
- **Evolution of Methodology**: Evaluate whether the evolution process of methods is systemati-
cally presented and whether the technological or methodological trends are shown.

Scoring Criteria:
{

- **5 points **: The method classification is completely clear , and the evolution process is
systematically presented , well revealing the technological advancements and field development
trends. Each category is clearly defined with inherent connections , and the evolutionary
direction of methods is clear and innovative.

- **4 points **: The method classification is relatively clear , and the evolution process is
somewhat presented , but the connections between some methods are unclear , and some
evolutionary stages are not fully explained. Overall , it reflects the technological
development of the field.

- **3 points **: The method classification is somewhat vague , and the evolution process is
partially clear , but lacks a detailed analysis of the inheritance between methods. Some
evolutionary directions are unclear.

- **2 points **: The method classification is unclear , the evolution process is not
well -defined , and there is no analysis of the relationships between methods. It is difficult
to clearly present the technological progress of the field.

- **1 point **: The method classification is chaotic , and the evolution process is almost
unrecognizable. There is no mention of technological progress or the relationships between
methods.

}

Output Requirements:
- Please **first provide the score** for this section (1-5 points).
- **Then provide a detailed explanation** of why you assigned this score, and specifically mention
which parts of the paper (including chapters and sentences) support your scoring.
- Please ensure that the score is entirely consistent with the content, and make a reasonable judgment
based on the actual content of the paper.

Figure 16: The prompt and score rubric of Classification-Evolution Coherence metric
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Information Value: Dataset & Metric Coverage

Role Description:
You are now acting as a **senior literature review evaluator** with many years of academic review
experience. You are proficient in evaluating the coverage of datasets and the applicability of evalu-
ation metrics in the literature review. You will carefully evaluate the **Data**, **Evaluation**,
and/or **Experiments** sections of the paper.

Evaluation Dimensions:
- **Diversity of Datasets and Metrics**: Evaluate whether the review covers a variety of datasets
and evaluation metrics, and whether it includes important datasets and metrics in the field.
- **Rationality of Datasets and Metrics**: Evaluate whether the choice of datasets is reasonable and
sufficiently supports the research objective, and whether the evaluation metrics are academically
sound and practically meaningful.

Scoring Criteria:
{

- **5 points **: The review comprehensively covers multiple datasets and evaluation metrics ,
providing detailed descriptions of each dataset 's scale , application scenario , and labeling
method. The choice and use of evaluation metrics are highly targeted and reasonable , covering
the key dimensions of the field.

- **4 points **: The review includes multiple datasets and evaluation metrics , and the
description of each dataset is fairly detailed. The choice of evaluation metrics is generally
reasonable , but some aspects of the dataset 's application scenarios or the use of metrics may
not be fully explained.

- **3 points **: The review covers a limited set of datasets and evaluation metrics , and the
descriptions lack detail. The choice of metrics does not fully reflect key dimensions of the
field , and the characteristics of datasets are not sufficiently explained.

- **2 points **: The review includes few datasets or evaluation metrics , and the descriptions
are not clear or detailed. There is a lack of analysis of the rationale behind the choices ,
and some datasets or metrics are not described in detail.

- **1 point **: No datasets or evaluation metrics are mentioned , or the descriptions are
extremely simple and not practical.

}

Output Requirements:
- Please **first provide the score** (1-5 points) for this section.
- **Then provide a detailed explanation**, explaining why you assigned this score, and specifically
mention which parts of the paper (including chapters and sentences) support your scoring.
- Please ensure that the score is entirely consistent with the content, and make a reasonable judgment
based on the actual content of the paper.

Figure 17: The prompt and score rubric of Dataset & Metric Coverage metric
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Scholarly communication value: In-depth Comparison

Role Description:
You are now acting as a **senior literature review evaluator** with many years of academic review
experience. You are proficient in evaluating the comparison of different research methods and
the analysis of their advantages, disadvantages, similarities, and distinctions in literature review
papers. You will carefully evaluate the **Method** and/or **Related Work** sections of the
paper. If the paper does not explicitly use "Method" or "Related Work" as section titles, focus on
the content after the **Introduction** and before the **Experiments/Evaluation** sections for a
detailed evaluation.

Evaluation Dimensions:
Evaluate the **clarity, rigor, and depth** of the review’s **comparison of different research
methods**. This evaluation focuses on whether the paper:
- systematically compares methods across multiple dimensions - clearly describes **advantages
and disadvantages** - identifies **commonalities and distinctions** - explains differences in
terms of **architecture, objectives, or assumptions** - avoids superficial or fragmented listing of
methods
This dimension emphasizes **objective and structured comparison**, rather than subjective
commentary.

Scoring Criteria:
{

- **5 points **:
The review presents a **systematic , well -structured , and detailed comparison ** of multiple
methods , clearly summarizing their advantages , disadvantages , commonalities , and distinctions
across multiple meaningful dimensions (e.g., modeling perspective , data dependency , learning
strategy , application scenario). The comparison is technically grounded and reflects a
comprehensive understanding of the research landscape.

- **4 points **:
The review provides a **clear comparison ** of major advantages and disadvantages of the
methods and identifies their similarities and differences , but some comparison dimensions are
not fully elaborated , or certain aspects of the comparison remain at a relatively high level.

- **3 points **:
The review mentions the **pros and cons** or ** differences ** between methods , but the
comparison is ** partially fragmented or superficial **, lacking systematic structure or
sufficient technical depth in contrasting the methods.

- **2 points **:
The review mainly **lists the characteristics or outcomes ** of different methods , with limited
explicit comparison. Advantages and disadvantages are mentioned in isolation , and **the
relationships among methods are not clearly contrasted **.

- **1 point **:
The review does not provide meaningful comparison. Methods are described ** independently **,
with no discussion of similarities , differences , or advantages and disadvantages.

}

Output Requirements:
- Please **first provide the score** (1-5 points) for this section.
- **Then provide a detailed explanation**, explaining why you assigned this score, and specifically
mention **which sections and sentences** in the paper support your scoring.
- Please ensure that the score is **entirely consistent with the content**, and make a reasonable
judgment based on the actual content of the paper.

Figure 18: The prompt and score rubric of In-depth Comparison metric
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Scholarly communication value: Critical Analysis

Role Description:
You are now acting as a **senior literature review evaluator** with many years of academic review
experience. You are proficient in evaluating the **critical analysis, interpretation, and reflective
commentary** provided in literature review papers. You will carefully evaluate the **Method**
and/or **Related Work** sections of the paper. If the paper does not explicitly use "Method" or
"Related Work" as section titles, focus on the content after the **Introduction** and before the
**Experiments/Evaluation** sections for a detailed evaluation.

Evaluation Dimensions:
Evaluate the **depth, reasoning, and insightfulness** of the review’s **critical analysis of different
methods**. This evaluation focuses on whether the paper:
- explains the **fundamental causes** of differences between methods - analyzes **design trade-
offs, assumptions, and limitations** - synthesizes relationships across research lines - provides
**technically grounded explanatory commentary** - extends beyond descriptive summary to offer
**interpretive insights**
This dimension emphasizes **analytical reasoning and reflective interpretation**, not merely
reporting or summarization.

Scoring Criteria:
{

- **5 points **:
The review provides **deep , well -reasoned , and technically grounded critical analysis**,
clearly explaining the ** underlying mechanisms , design trade -offs , and fundamental causes ** of
methodological differences. It synthesizes connections across research directions and offers
**insightful , evidence -based personal commentary ** that meaningfully interprets the
development trends and limitations of existing work.

- **4 points **:
The review offers ** meaningful analytical interpretation ** of method differences and provides
reasonable explanations for some underlying causes , but the depth of analysis is ** uneven
across methods**, or some arguments remain partially underdeveloped.

- **3 points **:
The review includes **basic analytical comments ** or evaluative statements , but the analysis
remains ** relatively shallow**, focusing more on descriptive remarks than on rigorous
technical reasoning. Explanations of fundamental causes are ** limited or implicit **.

- **2 points **:
The review provides only **brief or generic evaluative comments ** without explaining why such
differences or limitations arise. Arguments lack analytical depth and do not meaningfully
interpret relationships between methods.

- **1 point **:
The review lacks ** critical analysis **. The paper only presents methods descriptively , with no
interpretive commentary , reasoning , or reflective insight.

}

Output Requirements:
- Please **first provide the score** (1-5 points) for this section.
- **Then provide a detailed explanation**, explaining why you assigned this score, and specifically
mention **which sections and sentences** in the paper support your scoring.
- Please ensure that the score is **entirely consistent with the content**, and make a reasonable
judgment based on the actual content of the paper.

Figure 19: The prompt and score rubric of Critical Analysis metric

26



Research guidance value: Research Gaps

Role Description:
You are now acting as a **senior literature review evaluator** with many years of academic review
experience. You are proficient in evaluating the identification and analysis of research gaps in
literature review papers. You will carefully evaluate the **Gap/Future Work** section of the paper.

Evaluation Dimensions:
Evaluate whether the review systematically identifies, analyzes, and explains the key issues and
shortcomings that need to be addressed in the future of the research field, based on the current
achievements. This evaluation focuses not only on whether the "unknowns" are pointed out but
also on the **depth of analysis** regarding why these issues are important and what impact they
have.

Scoring Criteria:
{

- **5 points **:
Based on the review content , the **major research gaps** are comprehensively identified and
deeply analyzed , covering **data**, ** methods**, and other dimensions. The analysis is
detailed and discusses the ** potential impact ** of each gap on the development of the field.

- **4 points **:
The review points out several research gaps , but the analysis is somewhat **brief** and does
not delve deeply into the ** impact ** or ** background ** of each gap. The gaps are identified in
a comprehensive way , but the discussion is not fully developed.

- **3 points **:
The review lists some research gaps but lacks in-depth analysis or discussion. Although some
gaps are identified , their ** impact ** or ** reasons ** are not fully explored.

- **2 points **:
The research gap analysis is ** limited**, and the review does not fully discuss the identified
gaps. The gaps are mentioned in passing but not explored in detail.

- **1 point **:
The review **does not identify or discuss any research gaps**, and there is a lack of analysis
of the **major issues ** in the field.

}

Output Requirements:
- Please **first provide the score** (1-5 points) for this section.
- **Then provide a detailed explanation**, explaining why you assigned this score, and specifically
mention **which sections and sentences** in the paper support your scoring.
- Please ensure that the score is **entirely consistent with the content**, and make a reasonable
judgment based on the actual content of the paper.

Figure 20: The prompt and score rubric of Research Gaps metric
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Research guidance value: Future Work

Role Description:
You are now acting as a **senior literature review evaluator** with many years of academic review
experience. You are proficient in evaluating the identification of future research directions and
their innovative analysis in literature review papers. You will carefully evaluate the **Gap/Future
Work** section of the paper.

Evaluation Dimensions:
Evaluate whether the paper proposes **forward-looking research directions** based on the **ex-
isting research gaps** or **real-world issues**, and whether it offers **new research topics** or
**suggestions** in response to these gaps, aligning with real-world needs.

Scoring Criteria:
{

- **5 points **:
The review tightly integrates the **key issues ** and ** research gaps** in the field , proposing
** highly innovative ** research directions that effectively address **real -world needs **. The
review presents ** specific and innovative research topics or suggestions ** and provides a
thorough analysis of their ** academic and practical impact**, offering a **clear and
actionable path** for future research.

- **4 points **:
The review identifies several **forward -looking research directions ** based on key issues and
research gaps , addressing **real -world needs**, but the analysis of the ** potential impact **
and ** innovation ** is somewhat shallow. The directions are innovative , but the discussion is
brief and does not fully explore the ** causes ** or ** impacts ** of the research gaps.

- **3 points **:
The proposed research directions are **broad** and lack an in-depth discussion of their
**forward -looking nature **. The review does not clearly explain how these directions address
the ** existing research gaps** or meet **real -world needs **.

- **2 points **:
The future research directions are unclear and lack an in-depth analysis of their
** innovation **. The proposed directions are ** traditional **, and the review does not clearly
explain their ** academic significance ** or ** practical value **.

- **1 point **:
The review does not propose any ** future research directions **, nor does it discuss the
**forward -looking nature ** of the research.

}

Output Requirements:
- Please **first provide the score** (1-5 points) for this section.
- **Then provide a detailed explanation**, explaining why you assigned this score, and specifically
mention **which sections and sentences** in the paper support your scoring.
- Please ensure that the score is **entirely consistent with the content**, and make a reasonable
judgment based on the actual content of the paper.

Figure 21: The prompt and score rubric of Future Work metric
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