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Abstract

Research is a fundamental process driving the001
advancement of human civilization, yet it de-002
mands substantial time and effort from re-003
searchers. In recent years, the rapid develop-004
ment of artificial intelligence (AI) technologies005
has inspired researchers to explore how AI can006
accelerate and enhance research. To monitor007
relevant advancements, this paper presents a008
systematic review of the progress in this do-009
main. Specifically, we organize the relevant010
studies into three main categories: hypoth-011
esis formulation, hypothesis validation, and012
manuscript publication. Hypothesis formu-013
lation involves knowledge synthesis and hy-014
pothesis generation. Hypothesis validation015
includes the verification of scientific claims,016
theorem proving, and experimental valida-017
tion. Manuscript publication encompasses018
manuscript writing and the peer review pro-019
cess. Furthermore, we identify and discuss the020
current challenges faced in these areas, as well021
as potential future directions for research. Fi-022
nally, we also offer a comprehensive overview023
of existing benchmarks and tools across vari-024
ous domains that support the integration of AI025
into the research process. We hope this paper026
serves as an introduction for beginners and fos-027
ters future research.028

1 Introduction029

Research is creative and systematic work aimed at030

expanding knowledge and driving civilization’s de-031

velopment (Eurostat, 2018). Researchers typically032

identify a topic, review relevant literature, synthe-033

size existing knowledge, and formulate hypothesis,034

which are validated through theoretical and experi-035

mental methods. Findings are then documented in036

manuscripts that undergo peer review before pub-037

lication (Benos et al., 2007; Boyko et al., 2023).038

However, this process is resource-intensive, requir-039

ing specialized expertise and posing entry barriers040

for researchers (Blaxter et al., 2010).041

In recent years, artificial intelligence (AI) tech- 042

nologies, represented by large language mod- 043

els (LLMs), have experienced rapid development 044

(Brown et al., 2020; OpenAI, 2023; Dubey et al., 045

2024; Yang et al., 2024a; DeepSeek-AI et al., 2024; 046

Guo et al., 2025). These models exhibit excep- 047

tional capabilities in text understanding, reason- 048

ing, and generation (Schaeffer et al., 2023). In 049

this context, AI is increasingly involving the en- 050

tire research pipeline (Messeri and Crockett, 2024), 051

sparking extensive discussion about its implica- 052

tions for research (Hutson, 2022; Williams et al., 053

2023; Morris, 2023; Fecher et al., 2023). Moreover, 054

following the release of ChatGPT, approximately 055

20% of academic papers and peer-reviewed texts in 056

certain fields have been modified by LLMs (Liang 057

et al., 2024a,b). A study also reveals that 81% 058

of researchers integrate LLMs into their work- 059

flows (Liao et al., 2024). 060

As the application of AI in research attracts in- 061

creasing attention, a significant body of related 062

studies has begun to emerge. To systematically 063

synthesize existing research, we present compre- 064

hensive survey that emulates human researchers by 065

using the research process as an organizing frame- 066

work. Specifically, as depicted in Figure 1, the 067

research process is divided into three key stages: 068

(1) Hypothesis Formulation, involving knowledge 069

synthesis and hypothesis generation; (2) Hypothe- 070

sis Validation, encompassing scientific claim verifi- 071

cation, theorem proving, and experimental valida- 072

tion; (3) Manuscript Publication, which focuses on 073

academic publications and is further divided into 074

manuscript writing and peer-review. 075

Comparing with Existing Surveys Although 076

Luo et al. (2025) reviews the application of AI 077

in research, it predominantly focuses on LLMs 078

while neglecting the knowledge synthesis that pre- 079

cedes hypothesis generation and the theoretical 080

validation of hypothesis. Other surveys concen- 081

trate on more specific areas, such as paper recom- 082
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Figure 1: Overview of AI for research. The framework consists of three stages: hypothesis formulation, hypothesis
validation, and manuscript publication. In the hypothesis formulation stage, knowledge integration leads to the
proposal of an initial hypothesis after a topic is identified. The hypothesis validation stage involves verifying the
hypothesis from three perspectives to ensure its correctness and validity. Finally, the manuscript publication stage
focuses on drafting and publishing the validated hypothesis.

mendation (Beel et al., 2016; Bai et al., 2019;083

Kreutz and Schenkel, 2022), scientific literature084

review (Altmami and Menai, 2022), scientific085

claim verification (Vladika and Matthes, 2023;086

Dmonte et al., 2024), theorem proving (Li et al.,087

2024e), manuscript writing (Li and Ouyang, 2024),088

and peer review (Lin et al., 2023a; Kousha and089

Thelwall, 2024). Additionally, certain surveys090

emphasize the application of AI in scientific do-091

mains (Zheng et al., 2023; Zhang et al., 2024d).092

Contributions Our contributions can be summa-093

rized as follows: (1) We align the relevant fields094

with the research process of human researchers, sys-095

tematically integrating and extending these aspects096

while primarily focusing on the research process097

itself. (2) We introduce a meticulous taxonomy098

(shown in Figure 2). (3) We provide a summary of099

tools that can assist in the research process. (4) We100

formally define AI for research and clearly distin-101

guish it from AI for science in §A.102

Survey Organization We first elaborate Hypoth-103

esis Formulation (§2), followed by Hypothesis Vali-104

dation (§3) and Manuscript Publication (§4). Addi-105

tionally, we present benchmarks (§5), and tools (§6)106

that utilized in research. Finally, we outline chal-107

lenges as well as future directions (§7) and give a 108

further discussion about open questions (§A). 109

2 Hypothesis Formulation 110

This stage centers on the process of hypothesis for- 111

mulation. As illustrated in Figure 3, it commences 112

with developing a comprehensive understanding of 113

the domain, followed by identifying a specific as- 114

pect and generating pertinent hypothesis. This sec- 115

tion is further structured into two key components: 116

Knowledge Synthesis and Hypothesis Generation. 117

2.1 Knowledge Synthesis 118

Knowledge synthesis constitutes the foundational 119

step in the research process. During this phase, re- 120

searchers are required to identify and critically eval- 121

uate existing literature to establish a thorough un- 122

derstanding of the field. This step is pivotal for un- 123

covering new research directions, refining method- 124

ologies, and supporting evidence-based decision- 125

making (Asai et al., 2024). In this section, the 126

process of knowledge synthesis is divided into two 127

modules: Research Paper Recommendation and 128

Systematic Literature Review. 129

2



A
su

rv
ey

of
A

If
or

R
es

ea
rc

h

Hypothesis
Formulation (§2)

Knowledge Synthesize (§2.1)
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E.g., ComLittee (Kang et al., 2023) , PaperWeaver (Lee et al., 2024)

Systematic
Literature Review (§2.1.2)

E.g., AutoSurvey (Wang et al., 2024e) , OpenScholar (Asai et al., 2024)

Hypotheses Generation (§2.2) E.g., SciMON (Wang et al., 2024c) , MOOSE (Yang et al., 2024b) , Dolphin (Yuan et al., 2025)

Hypothesis
Validation (§3)

Scientific
Claim Verification (§3.1)

E.g., FactKG (Kim et al., 2023) , SFAVEL (Bazaga et al., 2024) , ClaimVer (Dammu et al., 2024)

Theorem Proving (§3.2) E.g., Dt-solver (Wang et al., 2023b) , LEGO-Prover (Wang et al., 2024b) , DeepSeek-Prover (Xin et al., 2024)

Experimental
Verification (§3.3)

E.g., SANDBOX (Liu et al., 2023b) , CRISPR-GPT (Huang et al., 2024a) , MLR-Copilot (Li et al., 2024d)

Manuscript
Publication (§4)

Manuscript Writing (§4.1) E.g., Scilit (Gu and Hahnloser, 2023) , UR3WG (Shi et al., 2023) , STEP-BACK (Tang et al., 2024a)

Peer Review (§4.2) E.g., SWIF2T (Chamoun et al., 2024) , GLIMPSE (Darrin et al., 2024) , MetaWriter (Sun et al., 2024)

Figure 2: Taxonomy of Hypothesis Formulation, Hypothesis Validation and Manuscript Publication (This is a
simplified version, full version in Figure 6).

2.1.1 Research Paper Recommendation130

Research Paper Recommendation (RPR) identi-131

fies and recommends novel and seminal articles132

aligned with researchers’ interests. Prior studies133

have shown that recommendation systems outper-134

form keyword-based search engines in terms of135

efficiency and reliability when extracting valuable136

insights from large-scale datasets (Bai et al., 2019).137

Existing methodologies are broadly categorized138

into four paradigms: content-based filtering, col-139

laborative filtering, graph-based approaches, and140

hybrid systems (Beel et al., 2016; Li and Zou, 2019;141

Bai et al., 2019; Shahid et al., 2020). Recent ad-142

vancements propose multi-dimensional classifica-143

tion frameworks based on data source utilization144

(Kreutz and Schenkel, 2022).145

Recent trends in research suggest a decline in146

publication volumes related to RPR (Sharma147

et al., 2023), alongside an increasing focus on user-148

centric optimizations. Existing studies emphasize149

the limitations of traditional paper-centric interac-150

tion models and advocate for more effective uti-151

lization of author relationship graphs (Kang et al.,152

2023). Multi-stage recommendation architectures153

that integrate diverse methodologies have been154

shown to achieve superior performance (Pinedo155

et al., 2024; Stergiopoulos et al., 2024). Visu-156

alization techniques that link recommended pa-157

pers to users’ publication histories via knowledge158

graphs (Kang et al., 2022) and LLMs-powered159

comparative analysis frameworks (Lee et al., 2024)160

represent emerging directions for enhancing inter-161

pretability and contextual relevance.162

2.1.2 Systematic Literature Review163

Systematic Literature Review (SLR) constitutes a164

rigorous and structured methodology for evaluating165

and integrating prior research on a specific topic166

(Webster and Watson, 2002; Zhu et al., 2023; Bo- 167

laños et al., 2024). In contrast to single-document 168

summaries, SLR entails synthesizing information 169

across multiple related scientific documents (Alt- 170

mami and Menai, 2022). SLR can further be di- 171

vided into two stages: outline generation and full- 172

text generation (Shao et al., 2024; Agarwal et al., 173

2024b; Block and Kuckertz, 2024). 174

Outline generation, especially structured out- 175

line generation, is highlighted by recent studies 176

as a pivotal factor in enhancing the quality of sur- 177

veys. Zhu et al. (2023) demonstrated that hier- 178

archical frameworks substantially enhance survey 179

coherence. AutoSurvey (Wang et al., 2024e) ex- 180

tends conventional outline generation by recom- 181

mending both sub-chapter titles and detailed con- 182

tent descriptions, ensuring comprehensive topic 183

coverage. Additionally, multi-level topic gener- 184

ation via clustering methodologies has been pro- 185

posed as an effective strategy for organizing survey 186

structures (Katz et al., 2024). Advanced systems 187

such as STORM (Shao et al., 2024) employ LLM- 188

driven outline drafting combined with multi-agent 189

discussion cycles to iteratively refine the gener- 190

ated outlines. Tree-based hierarchical architectures 191

have gained increasing adoption in this domain. 192

For instance, CHIME (Hsu et al., 2024) optimizes 193

LLM-generated hierarchies through human-AI col- 194

laboration, while HiReview (Hu et al., 2024b) 195

demonstrates the efficacy of multi-layer tree repre- 196

sentations for systematic knowledge organization. 197

Full-text generation follows the outline gener- 198

ation stage. AutoSurvey and (Lai et al., 2024) 199

utilized LLMs with carefully designed prompts to 200

construct comprehensive literature reviews step-by- 201

step. PaperQA2 (Skarlinski et al., 2024) intro- 202

duced an iterative agent-based approach for gen- 203

erating reviews, while STORM employed multi- 204
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Figure 3: This figure illustrates the hypothesis for-
mulation process, consisting of two stages: knowledge
synthesis and hypothesis generation, which together pro-
duce an initial hypothesis related to a specific topic.

agent conversation data for this purpose. LitLLM205

(Agarwal et al., 2024a) and Agarwal et al. (2024b)206

adopted a plan-based search enhancement strategy.207

KGSum (Wang et al., 2022a) integrated knowl-208

edge graph information into paper encoding and209

used a two-stage decoder for summary generation.210

Bio-SIEVE (Robinson et al., 2023) and Susnjak211

et al. (2024) fine-tuned LLMs for automatic review212

generation. OpenScholar (Asai et al., 2024) devel-213

oped a pipeline that trained a new model without214

relying on a dedicated survey-generation model.215

2.2 Hypothesis Generation216

Hypothesis Generation, known as Idea Generation,217

refers to the process of coming up with new con-218

cepts, solutions, or approaches. It is the most im-219

portant step in driving the progress of the entire220

research (Qi et al., 2023).221

Early work focused more on predicting relation-222

ships between concepts, because researchers be-223

lieved that new concepts come from links with old224

concepts (Henry and McInnes, 2017; Krenn et al.,225

2022). As language models became more power-226

ful (Zhao et al., 2023a), researchers are beginning227

to focus on open-ended idea generation (Girotra228

et al., 2023; Si et al., 2024; Kumar et al., 2024).229

Recent advancements in AI-driven hypothesis gen-230

eration highlight diverse approaches to research231

conceptualization. For instance, MOOSE-Chem232

(Yang et al., 2024c) and IdeaSynth (Pu et al., 2024)233

use LLMs to bridge inspiration-to-hypothesis trans-234

formation via interactive frameworks. The remain-235

ing research can primarily be categorized into two236

areas: enhancing input data quality and improving237

the quality of generated hypothesis.238

Input data quality improvement is demon-239

strated by Majumder et al. (2024a); Liu et al. 240

(2024a), who show that LLMs can generate com- 241

prehensive hypothesis from existing academic 242

data. Literature organization strategies have 243

evolved through various methodologies, includ- 244

ing triplet representations (Wang et al., 2024c), 245

chain-based architectures (Li et al., 2024a), 246

and complex database systems (Wang et al., 247

2024d). Knowledge graphs emerge as critical 248

infrastructure (Hogan et al., 2021), enabling se- 249

mantic relationship mapping via subgraph identi- 250

fication (Buehler, 2024; Ghafarollahi and Buehler, 251

2024). Notably, SciMuse (Gu and Krenn, 2024) 252

pioneers researcher-specific hypothesis generation 253

by constructing personalized knowledge graphs. 254

Hypothesis quality improvement has been ad- 255

dressed through feedback and iteration, as pro- 256

posed by HypoGeniC (Zhou et al., 2024) and 257

MOOSE (Yang et al., 2024b). Feedback mecha- 258

nisms include direct responses to hypothesis (Baek 259

et al., 2024), experimental outcome evaluations 260

(Ma et al., 2024; Yuan et al., 2025), and automated 261

peer review comments (Lu et al., 2024). Beyond 262

iterative feedback, collaborative efforts among 263

researchers have also been recognized, leading 264

to multi-agent hypothesis generation approaches 265

(Nigam et al., 2024; Ghafarollahi and Buehler, 266

2024). VIRSCI (Su et al., 2024) further optimized 267

this process by customizing knowledge for each 268

agent. Additionally, the Nova framework (Hu 269

et al., 2024a) was introduced to refine hypothesis 270

by leveraging outputs from other research as input. 271

Knowledge Synthesis and Hypothesis Genera- 272

tion comprise the Hypothesis Formulation phase. 273

Research Paper Recommendation supports knowl- 274

edge acquisition, while Systematic Literature Re- 275

view aids organization within Knowledge Synthe- 276

sis. Recent advances integrate LLMs (de la Torre- 277

López et al., 2023) to enhance knowledge integra- 278

tion (Huang and Tan, 2023; Gupta et al., 2023; 279

Kacena et al., 2024; Tang et al., 2024b). By devel- 280

oping a deep understanding of a domain through 281

Knowledge Synthesis, researchers can identify re- 282

search directions and use hypothesis generation 283

techniques to formulate hypothesis. Additionally, 284

the distinction between scientific discovery and hy- 285

pothesis generation is discussed in §A. 286

3 Hypothesis Validation 287

In scientific research, any proposed hypothesis 288

must undergo rigorous validation to establish its 289
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Figure 4: This figure illustrates the various perspec-
tives for hypothesis validation during the hypothesis
validation stage. A hypothesis is typically divided into
scientific claims and theorems, with SCI-claim verifica-
tion (scientific claim verification) and theorem proving
ensuring theoretical correctness, while experiment vali-
dation assesses practical feasibility.

validity. As illustrated in Figure 4, this section290

explores the application of AI in verifying scien-291

tific hypothesis through three methodological com-292

ponents: Scientific Claim Verification, Theorem293

Proving, and Experiment Validation.294

3.1 Scientific Claim Verification295

Scientific Claim Verification, also referred to as296

Scientific Fact-Checking or Scientific Contradic-297

tion Detection, aims to assess the veracity of claims298

related to scientific knowledge. This process as-299

sists scientists in verifying research hypothesis, dis-300

covering evidence, and advancing scientific work301

(Wadden et al., 2020; Vladika and Matthes, 2023;302

Skarlinski et al., 2024). Research on scientific303

claim verification primarily focuses on three key304

elements: the claim, the evidence, and the validity305

of the claim (Dmonte et al., 2024).306

Claim Studies have highlighted that certain307

claims lack supporting evidence (Wührl et al.,308

2024a), while others have demonstrated the ability309

to perform claim-evidence alignment without an-310

notated data (Bazaga et al., 2024). Additionally,311

methods such as SFAVEL (Bazaga et al., 2024),312

HiSS (Zhang and Gao, 2023), and ProToCo (Zeng313

and Gao, 2023) propose generating multiple claim314

variants to enhance verification.315

Evidence Existing research has explored various316

aspects related to evidence, including evidentiary317

sources (Vladika and Matthes, 2024a), retrieval 318

configurations (Vladika and Matthes, 2024b), 319

strategies for identifying and mitigating flawed evi- 320

dence (Glockner et al., 2022; Wührl et al., 2024b; 321

Glockner et al., 2024a), and approaches for pro- 322

cessing sentence-level (Pan et al., 2023b) versus 323

document-level indicators (Wadden et al., 2022b). 324

Verification In the verification results generation 325

phase, studies propose leveraging LLMs to syn- 326

thesize evidence into comprehensive information 327

(Kao and Yen, 2024; Cao et al., 2024b). FactKG 328

(Kim et al., 2023) and Muharram and Purwarianti 329

(2024) structure evidence into knowledge graphs, 330

enabling claim attribution (Dammu et al., 2024; 331

Wu et al., 2023). Furthermore, Atanasova et al. 332

(2020); Krishna et al. (2022); Pan et al. (2023a); El- 333

difrawi et al. (2024); Zhang et al. (2024b) advocate 334

for generating explanatory annotations alongside 335

experimental outcomes during the verification pro- 336

cess. Meanwhile, Das et al. (2023); Altuncu et al. 337

(2023) emphasize the critical role of domain exper- 338

tise in ensuring accurate verification. 339

3.2 Theorem Proving 340

Theorem proving constitutes a subtask of logical 341

reasoning, aimed at reinforcing the validity of the 342

underlying theory within a hypothesis (Yang et al., 343

2023c; Li et al., 2024e). 344

Following the proposal of GPT-f (Polu and 345

Sutskever, 2020) to utilize generative language 346

models for theorem proving, researchers initially 347

combined search algorithms with language models 348

(Lample et al., 2022; Wang et al., 2023b). How- 349

ever, a limitation in search-based approaches was 350

later identified by Wang et al. (2024a), who high- 351

lighted their tendency to explore insignificant in- 352

termediate conjectures. This led some teams to 353

abandon search algorithms entirely. Subsequently, 354

alternative methods emerged, such as the two-stage 355

framework proposed by Jiang et al. (2023) and Lin 356

et al. (2024), which prioritized informal concep- 357

tual generation before formal proof construction. 358

Thor (Jiang et al., 2022a) introduced theorem li- 359

braries to accelerate proof generation, an approach 360

enhanced by Logo-power (Wang et al., 2024b) 361

through dynamic libraries. Studies like Baldur 362

(First et al., 2023), Mustard (Huang et al., 2024c), 363

and DeepSeek-Prover (Xin et al., 2024) demon- 364

strated improvements via targeted data synthesis 365

and fine-tuning, though COPRA (Thakur et al., 366

2024) questioned their generalizability and pro- 367
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posed an environment-agnostic alternative. Com-368

plementary strategies included theoretical decom-369

position into sub-goals (Zhao et al., 2023b) and370

leveraging LLMs as collaborative assistants in in-371

teractive environments (Song et al., 2024).372

3.3 Experiment Verification373

Experiment verification involves designing and374

conducting experiments based on the hypothesis.375

The empirical validity of the hypothesis is then376

determined through analysis of the experimental377

results (Huang et al., 2024b).378

Experiment verification represents a time-379

consuming component of scientific research. Re-380

cent advancements in LLMs have enhanced their381

ability to plan and reason about experimental tasks382

(Kambhampati et al., 2024), prompting researchers383

to use these models for designing and implement-384

ing experiments (Ruan et al., 2024b). To ensure385

accuracy, studies such as Zhang et al. (2023) and386

Arlt et al. (2024) imposed input/output constraints,387

though this reduced generalizability. To address388

this, Boiko et al. (2023); Bran et al. (2024); Huang389

et al. (2024a) integrated tools to expand model ca-390

pabilities. Full automation was achieved by Ni391

and Buehler (2023); Li et al. (2024a); Lu et al.392

(2024) through prompt-guided multi-agent collab-393

oration. Madaan et al. (2023); Yuan et al. (2025)394

further highlighted that the integration of feedback395

mechanisms demonstrated potential for enhancing396

design quality, while Zhang et al. (2024a); Liu et al.397

(2024c); Ni et al. (2024) employed experimental398

outcomes to refine hyperparameter configurations,399

and Szymanski et al. (2023); Li et al. (2024d);400

Baek et al. (2024) leveraged agent-generated an-401

alytical insights to facilitate iterative hypothesis402

refinement. In contrast, social science research of-403

ten uses LLMs as experimental subjects to simulate404

human participants (Liu et al., 2023b; Manning405

et al., 2024; Mou et al., 2024).406

A hypothesis can be conceptualized as consist-407

ing of two key components: claims and theorems.408

Scientific Claim Verification and Theorem Proving409

offer theoretical validation of hypothesis through410

formal reasoning and logical deduction, whereas411

Experimental Verification provides comprehensive412

practical validation via empirical testing.413

4 Manuscript Publication414

Upon validating a hypothesis as feasible, re-415

searchers generally progress to the publication416

Verified Hypothesis Publication

Verified
Hypothesis

Papers Literature
Review

Generator

Citation Text

Related Work

Manuscripts

Revise

Paper

Reviewers Paper Review

Chair

Meta Review

Manuscript Publication

Figure 5: This figure shows the transformation of a val-
idated hypothesis into a publication, leveraging outputs
from the hypothesis formulation and validation stages.

stage. As depicted in Figure 5, this section cat- 417

egorizes Manuscript Publication into two primary 418

components: Manuscript Writing and Peer Review. 419

4.1 Manuscript Writing 420

Manuscript writing, also referred to as scientific or 421

research writing. At this stage, researchers articu- 422

late the hypothesis they have formulated and the 423

results they have validated in the form of a schol- 424

arly paper. This process is crucial, as it not only 425

disseminates findings but also deepens researchers’ 426

understanding of their work (Colyar, 2009). 427

Citation Text Generation (Sentence Level) A 428

subset of research on AI in scientific writing has fo- 429

cused on citation text generation, which addresses 430

the academic need for referencing prior work while 431

mitigating model inaccuracies (Gao et al., 2023b; 432

Gu and Hahnloser, 2023). For instance, Wang 433

et al. (2022b) developed an automated citation gen- 434

eration system by integrating manuscript content 435

with citation graphs. However, its reliance on rigid 436

template-based architectures led to inflexible cita- 437

tion formats. This limitation motivated subsequent 438

studies to propose incorporating citation intent as a 439

control parameter during text generation, aiming to 440

improve contextual relevance and rhetorical adapt- 441

ability (Yu et al., 2022; Jung et al., 2022; Gu and 442

Hahnloser, 2024). 443

Related Work Generation (Paragraph Level) 444

In contrast to citation text generation, several stud- 445

ies have focused on related work generation in 446

scholarly writing, emphasizing the production of 447

multiple citation texts and the systematic analy- 448

sis of inter-citation relationships (Li and Ouyang, 449

2022, 2024). The ScholaCite framework (Martin- 450

Boyle et al., 2024) leveraged GPT-4 to cluster ci- 451
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tation sources and generate draft literature review452

sections, although it required manually provided453

reference lists. By contrast, the UR3WG system454

(Shi et al., 2023) adopted a retrieval-augmented455

architecture integrated with large language mod-456

els to autonomously acquire relevant references.457

To improve the quality of generated related work458

sections, Yu et al. (2024b) utilized graph neural459

networks (GNNs) to model complex relational dy-460

namics between target manuscripts and cited lit-461

erature, while Nishimura et al. (2024) initiative462

advocated for explicit novelty assertions regarding463

referenced publications.464

Complete Manuscripts Generation (Full-text465

Level) The aforementioned investigations primar-466

ily focused on specific components of scientific467

writing, while a study by Lai et al. (2024) explored468

the progressive generation of complete manuscripts469

via structured workflows. The AI-Scientist sys-470

tem (Lu et al., 2024) further introduced section-471

wise self-reflection mechanisms to enhance com-472

positional coherence. Several studies emphasized473

human-AI collaborative frameworks for improving474

writing efficiency (Lin, 2024; Feng et al., 2024;475

Ifargan et al., 2024), whereas Tang et al. (2024a)476

concentrated on enabling personalized content gen-477

eration in multi-author collaborative environments.478

Following initial manuscript drafting, subsequent479

text revision processes were systematically exam-480

ined (Jourdan et al., 2023). The OREO system481

(Li et al., 2022) utilized attribute classification for482

iterative in-situ editing, while Du et al. (2022);483

Pividori and Greene (2024) incorporated researcher484

feedback loops for progressive text optimization.485

Notably, Chamoun et al. (2024); D’Arcy et al.486

(2024b) proposed replacing manual feedback with487

automated evaluation metrics.488

4.2 Peer Review489

Peer review serves as a critical mechanism for490

improving the quality of academic manuscripts491

through feedback and evaluation, forming the cor-492

nerstone of quality control in scientific research.493

However, the process is hindered by its slow pace,494

high time consumption, and increasing strain due495

to the growing academic workload (Lin et al.,496

2023a; Kousha and Thelwall, 2024; Thelwall and497

Yaghi, 2024). To address these challenges and en-498

hance manuscript quality, researchers have investi-499

gated the application of AI in peer review (Yuan500

et al., 2022; Liu and Shah, 2023; Niu et al., 2023;501

Kuznetsov et al., 2024). Peer review can be catego- 502

rized into two main types: paper review generation 503

and meta-review generation. 504

Paper Review Generation In paper review gen- 505

eration, reviewers provide both scores and evalu- 506

ations for manuscripts. For instance, Setio and 507

Tsuchiya (2022) formulated score prediction as a 508

regression task, Muangkammuen et al. (2022) uti- 509

lized semi-supervised learning, and Couto et al. 510

(2024) treated the task as a classification problem 511

to evaluate the alignment between manuscripts and 512

review criteria. While these approaches focused 513

on label prediction for paper reviews, Yuan and 514

Liu (2022) extended the scope by directly generat- 515

ing reviews through the construction of a concept 516

graph integrated with a citation graph. 517

Subsequently, a pilot study conducted by Robert- 518

son (2023) demonstrated the capability of GPT-4 519

to generate paper reviews. Further investigations, 520

such as those by AI-Scientist (Lu et al., 2024) and 521

Liang et al. (2023), evaluated its performance as a 522

review agent. Additionally, systems like MARG 523

(D’Arcy et al., 2024a) and SWIF2T (Chamoun 524

et al., 2024) employed multi-agent frameworks to 525

generate reviews via internal discussions and task 526

decomposition. In contrast, AgentReview (Jin 527

et al., 2024) and Tan et al. (2024) modeled the 528

review process as a dynamic, multi-turn dialogue. 529

Furthermore, CycleResearcher (Weng et al., 2024) 530

and OpenReviewer (Idahl and Ahmadi, 2024) fine- 531

tuned models for comparative reviews and struc- 532

tured outputs aligned with conference guidelines. 533

Meta-Review Generation In meta-review gen- 534

eration, chairs are tasked with identifying a pa- 535

per’s core contributions, strengths, and weaknesses 536

while synthesizing expert opinions on manuscript 537

quality. Meta-reviews are conceptualized as ab- 538

stractions of comments, discussions, and paper ab- 539

stracts (Li et al., 2023). Santu et al. (2024) investi- 540

gated the use of LLMs for automated meta-review 541

generation, while Zeng et al. (2023) proposed a 542

guided, iterative prompting approach. MetaWriter 543

(Sun et al., 2024) utilized LLMs to extract key 544

reviewer arguments, whereas GLIMPSE (Darrin 545

et al., 2024) and Kumar et al. (2023) focused on 546

reconciling conflicting statements to ensure fair- 547

ness. Additionally, Li et al. (2024b) introduced a 548

three-layer sentiment consolidation framework for 549

meta-review generation, and PeerArg (Sukpanich- 550

nant et al., 2024) integrated LLMs with knowledge 551

representation to address subjectivity and bias via 552
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a multiparty argumentation framework (MPAF).553

During the Manuscript Publication phase, re-554

searchers can leverage AI to systematically com-555

plete manuscript writing by incorporating validated556

hypothesis, related papers, and literature reviews.557

The manuscript is subsequently subjected to peer558

review, involving iterative revisions before culmi-559

nating in its final publication.560

5 Benchmarks561

Given that AI for research spans multiple disci-562

plines, the tasks addressed within each domain563

vary significantly. To facilitate cross-domain ex-564

ploration, we provide a summary of benchmarks565

associated with various areas, including research566

paper recommendation, systematic literature re-567

view, hypothesis generation, scientific claim veri-568

fication, theorem proving, experiment verification,569

manuscript writing, and peer review. An overview570

of these benchmarks is presented in Table 1.571

6 Tools572

To accelerate the research workflow, we have cu-573

rated a collection of tools designed to support var-574

ious stages of the research process, with their ap-575

plicability specified for each stage. To ensure prac-576

tical relevance, our selection criteria emphasize577

tools that are publicly accessible or demonstrate578

significant influence on GitHub. A comprehensive579

overview of these tools is presented in Table 2.580

7 Challenges581

We identify several intriguing and promising av-582

enues for future research.583

7.1 Integration of Diverse Research Tasks584

Many existing studies on AI for research remain585

focused narrowly within their respective domains,586

often neglecting related technologies and poten-587

tially undermining overall outcomes. However, the588

research process is inherently an integrated pipeline589

comprising interdependent stages. Therefore, we590

propose that researchers strive to bridge diverse591

fields, either by combining technologies or harmo-592

nizing workflows. For instance, meta-review gener-593

ation could be integrated with scientific claim verifi-594

cation, experiment verification could be linked with595

hypothesis formulation (Yuan et al., 2025), and re-596

search paper recommendation systems could be597

connected with manuscript writing processes (Gu598

and Hahnloser, 2023). Furthermore, some studies599

have begun to emphasize the development of sys- 600

tems capable of spanning multiple stages of the 601

research process (Jansen et al., 2024; Weng et al., 602

2024; Yu et al., 2024a). 603

7.2 Integration with Reasoning-Oriented 604

Language Models 605

Research is a process that places significant empha- 606

sis on logic and reasoning. Theorem proving serves 607

as a subtask within logical reasoning (Li et al., 608

2024e), while hypothesis generation is widely rec- 609

ognized as the primary form of reasoning employed 610

by scientists when observing the world and propos- 611

ing hypothesis to explain these observations (Yang 612

et al., 2024b). Experiment verification, in turn, de- 613

mands a high degree of planning capability from 614

models (Kambhampati et al., 2024). Recent ad- 615

vancements in reasoning-oriented language mod- 616

els, such as OpenAI-o1 (Jaech et al., 2024) and 617

DeepSeek-R1 (Guo et al., 2025), have substantially 618

enhanced the reasoning abilities of these models. 619

Consequently, we posit that integrating reasoning 620

language models with reasoning tasks is a promis- 621

ing future direction. This prediction was validated 622

by experiments conducted by Schmidgall et al. 623

(2025) using o1-Preview. 624

Furthermore, in Appendix §B, we provide a 625

summary of the challenges in hypothesis formula- 626

tion, validation, and manuscript publication. 627

8 Conclusion 628

This paper provides a systematic survey of existing 629

research on AI for research, offering a comprehen- 630

sive review of the advancements in the field. Within 631

each category, we offer detailed descriptions of the 632

associated subfields. Furthermore, we analyze po- 633

tential future research directions and address the 634

challenges that remain unresolved. To facilitate 635

researchers’ exploration of AI for research and en- 636

hance workflow efficiency, we provide a summary 637

of relevant benchmarks and tools. 638

Furthermore, in the course of investigating vari- 639

ous subfields within AI for research, we observed 640

that this domain remains in its infancy. Research 641

in numerous directions remains at an experimental 642

stage, and substantial progress is necessary before 643

these approaches can be effectively applied in prac- 644

tical scenarios. We hope that this survey serves 645

as an introduction to the field for researchers and 646

contributes to its continued advancement. 647
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Limitation648

This study presents a comprehensive survey of AI649

for research, based on the framework of the re-650

search process conducted by human researchers.651

We have made our best effort, but there may still652

be some limitations.On one hand, due to page lim-653

itations, we can only provide a brief summary of654

each method without exhaustive technical details.655

On the other hand, given the widespread explo-656

ration by researchers across disciplines on applying657

AI to their work, and our focus on articles published658

after 2022, it is possible that some important con-659

tributions may have been overlooked. Additionally,660

to prioritize areas that closely simulate the human661

research process, we excluded certain domains that662

could also be classified under AI for research.663
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A Further Discussion2263

Open Question: What is the difference between2264

AI for science and AI for research? We posit2265

that AI for research constitutes a subset of AI for2266

science. While AI for research primarily focuses2267

on supporting or automating the research process, it2268

is not domain-specific and places greater emphasis2269

on methodological advancements. In contrast, AI2270

for science extends beyond the research process to2271

include result-oriented discovery processes within2272

specific domains, such as materials design, drug2273

discovery, biology, and the solution of partial dif-2274

ferential equations (Zheng et al., 2023; AI4Science2275

and Quantum, 2023; Zhang et al., 2024d).2276

Open Question: What is the difference between2277

hypothesis generation and scientific discovery?2278

Hypothesis generation, which is primarily based2279

on literature-based review (LBD) (Swanson, 1986;2280

Sebastian et al., 2017), emphasizing the process by2281

which researchers generate new concepts, solutions, 2282

or approaches through existing research and their 2283

own reasoning. Scientific discovery encompasses 2284

not only hypothesis generation, but also innova- 2285

tion in fields like molecular optimization and drug 2286

development (Ye et al., 2024; Liu et al., 2024b), 2287

driven by outcome-oriented results. 2288

Open Question: What is the difference be- 2289

tween systematic literature review and related 2290

work generation? Existing research frequently 2291

addresses the systematic literature survey, which 2292

constitutes a component of the knowledge synthesis 2293

process during hypothesis formulation, alongside 2294

the related work generation phase in manuscript 2295

writing (Luo et al., 2025). However, we argue that 2296

these two tasks are distinct in nature. The system- 2297

atic literature survey primarily focuses on summa- 2298

rizing knowledge extracted from diverse scientific 2299

documents, thereby assisting researchers in acquir- 2300

ing an initial understanding of a specific field (Alt- 2301

mami and Menai, 2022). In contrast, related work 2302

generation focuses on the writing process, empha- 2303

sizing selection of pertinent literature and effective 2304

content structuring (Nishimura et al., 2024). 2305

Discussion: The involvement of AI in 2306

manuscript writing The application of 2307

AI in manuscript writing has been accompanied by 2308

significant controversy. As LLMs demonstrated 2309

advanced capabilities, an increasing number of 2310

researchers began adopting these systems for 2311

scholarly composition (Liang et al., 2024b; 2312

Gao et al., 2023a). This trend raised concerns 2313

within the academic community (Salvagno et al., 2314

2023), with scholars explicitly opposing the 2315

attribution of authorship to AI systems (Lee, 2316

2023). Despite these reservations, the substantial 2317

time efficiencies offered by this technology led 2318

researchers to gradually accept AI-assisted writing 2319

practices (Gruda, 2024; Huang and Tan, 2023; 2320

Chen, 2023).This shift ultimately led to formal 2321

guidelines issued by leading academic journals 2322

(Ganjavi et al., 2024; Xu, 2025). 2323

B Challenges 2324

B.1 Hypothesis Formulation 2325

Knowledge Synthesize Existing paper recom- 2326

mendation systems predominantly rely on the meta- 2327

data of existing papers to recommend related ar- 2328

ticles, often lacking specificity. By LLMs, dy- 2329

namic user profiles can be constructed to provide 2330

23
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personalized literature recommendations and en-2331

hance the richness of associated information for2332

recommended articles, ultimately improving the2333

user experience. In the Systematic Literature Re-2334

view phase, outline generation frequently produces2335

repetitive results with insufficient hierarchical struc-2336

ture. Furthermore, the full-text generation process2337

is susceptible to hallucinations, a common issue2338

observed in LLMs (Huang et al., 2023; Bolaños2339

et al., 2024; Susnjak et al., 2024).2340

Hypothesis Generation Pre-trained models that2341

rely on prompts encounter challenges in balancing2342

novelty and feasibility during hypothesis genera-2343

tion. Further optimization is necessary to dynami-2344

cally adjust the relative emphasis on novelty, feasi-2345

bility, and validity in this process (Li et al., 2024c).2346

Moreover, existing research on hypothesis gener-2347

ation frequently employs novelty and feasibility2348

as evaluation metrics; however, these metrics are2349

characterized by significant uncertainty.2350

B.2 Hypothesis Validation2351

Existing approaches to scientific claim verification2352

are largely restricted to specific domains, thereby2353

limiting their practical applicability (Vladika and2354

Matthes, 2023). In the field of theorem proving,2355

challenges arise due to data scarcity and the ab-2356

sence of standardized evaluation benchmarks (Li2357

et al., 2024e). Meanwhile, experiment verification2358

faces significant limitations, as automatically gen-2359

erated experiments often lack methodological rigor,2360

practical feasibility, and alignment with the original2361

research objectives (Lou et al., 2024).2362

B.3 Manuscript Publication2363

Similar to systematic literature surveys, manuscript2364

writing is also adversely affected by hallucination2365

issues (Athaluri et al., 2023; Huang et al., 2023).2366

Even when forced citation generation is employed,2367

incorrect references may still be introduced (Alja-2368

maan et al., 2024). Furthermore, the text generated2369

by models requires meticulous examination by re-2370

searchers to avoid ethical concerns, such as plagia-2371

rism risks (Salvagno et al., 2023). AI-generated2372

manuscript reviews frequently provide vague sug-2373

gestions and are susceptible to biases (Chamoun2374

et al., 2024; Drori and Te’eni, 2024). Additionally,2375

during meta-review generation, models are prone to2376

being misled by erroneous information originating2377

from the manuscript review process.2378
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Task Benchmark Domain Size Input Output Metric

SCHOLAT (Li et al., 2020) Research Paper Recommendation 34,518 - - Recall+Precission+F1-score
ACL selection network (Tao et al., 2020) Research Paper Recommendation 18,718 Topics Related Papers Accuracy
CiteSeer (Kang et al., 2021) Research Paper Recommendation 1,100 Paper Related Papers Correlation Coefficient
SciReviewGen (Kasanishi et al., 2023) Systematic Literature Review 10,000+ Abstracts literature review ROUGE
FacetSum (Meng et al., 2021) Systematic Literature Review 60,024 Source Text+Facet Summary of Facet ROUGE
BigSurvey (Liu et al., 2022) Systematic Literature Review 7,000+ Abstracts Survey Paragraph ROUGE, F1-score

SCHOLARQABENCH (Asai et al., 2024) Systematic Literature Review 2,200 Question Answer with Citations Accuracy, Coverage, Citations
+ Relevance, Usefulness

HiCaD (Zhu et al., 2023) Systematic Literature Review 7,600 Reference Papers Catalogues Catalogue Edit Distance Similarity (CEDS)
+ Catalogue Quality Estimate (CQE)

CLUSTREC-COVID (Katz et al., 2024) Systematic Literature Review 2,284 Titles, Abstracts Topic Clusters per Topic
CHIME (Hsu et al., 2024) Systematic Literature Review 2,174 Topic Hierarchies F1-score
Tian et al. (2024) Systematic Literature Review 700 Subject, Reference Title,Content -

MASSW (Zhang et al., 2024c) Hypothesis Generation 152000 Context of Literature Hypothesis BLEU, ROUGE, BERTScore,
+ Cosine Similarity, BLEURT

IdeaBench (Guo et al., 2024) Hypothesis Generation 2,374 Instruction, Background Information Hypothesis Insight Score, BERTScore, Novelty,
+ LLM Similarity Rating, Feasibility

SCIMON (Wang et al., 2024c) Hypothesis Generation - Background Context Idea ROUGE, BERTScore
+BARTScore, Novelty

Kumar et al. (2024) Hypothesis Generation 100 Paper without Future Work Idea Idea Alignment Score, Idea Distinctness Index
DISCOVERYBENCH (Majumder et al., 2024b) Hypothesis Generation 1,167 Data Discovery Hypothesis Match Score

Hypothesis

LiveIdeaBench (Ruan et al., 2024a) Hypothesis Generation - Scientific Keywords Idea Originality, Feasibility
+ Fluency, Flexibilit

Formulation

MOOSEYang et al. (2024b) Hypothesis Generation 50 Background, Inspiration Hypothesis Validness, Novelty
+ Helpfulness

SciRIFF (Wadden et al., 2024) Scientific Claim Verification 137,000 Evidence, Task prompt Structured Paragraph F1, BLEU
SCIFACT (Wadden et al., 2020) Scientific Claim Verification 1,409 Claim, Evidence Rationale Sentences, Label Precision, Recall, Micro-F1
SCIFACT-OPEN (Wadden et al., 2022a) Scientific Claim Verification 279 Claim, Evidence Rationale Sentences, Label Precision, Recall,Micro-F1

MISSCI (Glockner et al., 2024b) Scientific Claim Verification 435 Claim, Premise, Context Verification
Micro F1-score,P@1,Arg@1

+ METEOR Score,BERTScore
+NLI-A, NLI-S, Matches@1

FEVER (Thorne et al., 2018) Scientific Claim Verification 185,445 Claim, Evidence Label, Necessary Evidence F1-Score,Oracle Accuracy
+ Accuracy,Recall

XClaimCheck (Kao and Yen, 2024) Scientific Claim Verification 16,177 Claim, Evidence Label, Argument Macro-F1, Accuracy

HEALTHVER (Sarrouti et al., 2021) Scientific Claim Verification 14330 Claim, Evidence Label Macro Precision, Macro Recall
+ Macro F1-score, Accuracy

QuanTemp (V et al., 2024) Scientific Claim Verification 15,514 Claim, Evidence Label
Weighted-F1 Score, Macro-F1, BLEU,
+ BERTScore, Cohen’s Kappa Score

+ Human Evaluation
SCITAB (Lu et al., 2023) Scientific Claim Verification 1,225 Claim, Evidence Label Macro-F1
Check-COVID (Wang et al., 2023a) Scientific Claim Verification 1,504 Claim Evidence Accuracy, Precision, Recall, Macro-F1
HealthFC (Vladika et al., 2024) Scientific Claim Verification 750 Claim, Evidence Label Precision, Recall, F1-Macro
FACTKG (Kim et al., 2023) Scientific Claim Verification 108,000 Claim, Evidence Label Accuracy

BEAR-FACT (Wührl et al., 2024a) Scientific Claim Verification 1,448 Claim, Evidence
+Entity/Relation Information Label F1-Score

MINIF2F (Zheng et al., 2022) Theorem Proving 488 Problem, Theorem Proof Pass Rate
FIMO (Liu et al., 2023a) Theorem Proving 149 Problem, Theorem, statements Proof Pass Rate
LeanDojo (Yang et al., 2023a) Theorem Proving 98,734 Problem, Theorem Proof R@k, MRR, Pass Rate
Lean-github (Wu et al., 2024) Theorem Proving 28,597 Problem, Theorem Proof Accuracy, Pass Rate
TRIGO-real (Xiong et al., 2023) Theorem Proving 427 Problem, Theorem Proof Pass Rate, Accuracy, EM@n
TRIGO-web (Xiong et al., 2023) Theorem Proving 453 Problem, Theorem Proof Pass Rate, Accuracy, EM@n
TRIGO-gen (Xiong et al., 2023) Theorem Proving - Problem, Theorem Proof Pass Rate, Accuracy, EM@n
CoqGym (Yang and Deng, 2019) Theorem Proving 71,000 Problem, Theorem Proof Success Rate
MLAgentBench (Huang et al., 2024b) Experiment Validation 13 - - Competence, Efficiency

AAAR-1.0 (Lou et al., 2024) Experiment Validation - Instance, Papers Design, Explanation S-F1, S-Precision, S-Recall
+ S-Match, ROUGE

TASKBENCH (Shen et al., 2024) Experiment Validation 17,331 - - ROUGE, t-F1, v-F1
+Normalized Edit Distance

Spider2-V (Cao et al., 2024a) Experiment Validation 494 Task Experiment Execution Success Rate
CORE-Bench (Siegel et al., 2024) Experiment Validation 270 Task Requirements Experiment Result Accuracy

Hypothesis

SUPER (Bogin et al., 2024) Experiment Validation 801 Task Requirements - Accuracy, Landmark-Based Evaluation

Validation

LAB-Bench (Laurent et al., 2024) Experiment Validation 2400 Multiple-choice Question Answer Accuracy, Precision, Coverage

SciCap+ (Yang et al., 2023b) Manuscript Writing 414,000 Figure, OCR tokens
+ Mention Paragraph Caption BLEU, ROUGE, METEOR

+ CIDEr, SPICE
AAN Corpus (Radev et al., 2013) Manuscript Writing - - - -
SciSummNet (Yasunaga et al., 2019) Manuscript Writing 1,000 Paper,Citation Sentence Summary ROUGE
CiteBench (Funkquist et al., 2023) Manuscript Writing 358,765 Cited Papers, Context Citation Text ROUGE, BERTScore
ALCE (Gao et al., 2023b) Manuscript Writing 3,000 Question Answer with Citations Recall, Precision
GCite (Wang et al., 2022b) Manuscript Writing 2,500 Citing/Cited Paper Citation Text BLEU, ROUGE
ARXIVEDITS (Jiang et al., 2022b) Manuscript Writing 1,000 Sentence Pairs Sentence, Intent Precision,Recall,F1-score

CASIMIR (Jourdan et al., 2024) Manuscript Writing 15,646 Original Sentence Revised Sentence Exact-match (EM),SARI, BLEU,
+ ROUGE-L,Bertscore

ParaRev (Jourdan et al., 2025) Manuscript Writing 48,203 Original Paragraph Revised Paragraph ROUGE-L,SARI
+ BertScore

MReD (Shen et al., 2022) Peer Review 7,089 Reviews Meta-Review ROUGE

ORSUM(Zeng et al., 2024) Peer Review 15,062 Reviews Meta-Review ROUGE-L, BERTScore, FACTCC
+ SummaC, DiscoScore

PeerRead v1 (Kang et al., 2018) Peer Review 107,000 Reviews Accept/Reject Accuracy

NLPeer (Dycke et al., 2023) Peer Review 5,000 Reviews,Paper Review Score, Connection,
+ Review Category

MRSE, F1-macro
+ Precision, Recall

AMPERE (Hua et al., 2019) Peer Review 400 Review Review with Type Precision, Recall, F1-score

MOPRD (Lin et al., 2023b) Peer Review 6,578 Reviews,Paper Editorial Decision, Review,
+ Meta-Review, Author Rebuttal ROUGE, BARTScore

ARIES (D’Arcy et al., 2024b) Peer Review 1,720 Review Comment, Edits Comment-Edit Pairs Precision, Recall, F1-score

ASAP-Review (Yuan et al., 2022) Peer Review - Paper Review

Aspect Coverage, Aspect Recall,
+Semantic Equivalence

+Human: Recommendation Accuracy(RAcc),
+Informativeness(Info),Aspect-level,

+Constructiveness(ACon) and Summary accuracy
ReviewMT (Tan et al., 2024) Peer Review 26,841 Paper Review Dialogue ROUGE,BLEU,METEOR

Manuscript

ReAct (Choudhary et al., 2021) Peer Review 6,250 Review Classification of Review Accuracy

Publication

PEERSUM (Li et al., 2023) Peer Review - Reviews Meta-Review ROUGE,BERTScore,UniEval,ACC

Table 1: An overview of benchmarks on AI for research.
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Tool Research Paper
Recommendation

Systematic
Literature
Review

Hypothesis
Generation

Scientific Claim
Verification

Theorem
Proving

Experiment
Verification

Manuscript
Writing

Peer
Review

Reading
Assistance

GPT Researcher ✓

Concensus ✓ ✓ ✓

Elicit ✓ ✓

Undermind ✓ ✓

Byte-science ✓

OpenScholar ✓ ✓

Explainpaper ✓

Uni-finder ✓

You.com ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

OpenRsearcher ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Sider ✓ ✓ ✓ ✓

SciSpace ✓ ✓ ✓ ✓ ✓

Scholar AI ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Data Analysis & Report
AI

✓ ✓ ✓ ✓ ✓

AskYourPDF ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Writefull ✓ ✓

AI Scientist ✓ ✓ ✓ ✓ ✓

ResearchFlow ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Connected Paper ✓ ✓

PICO Portal ✓

STORM ✓ ✓ ✓

Enago Read ✓ ✓ ✓ ✓ ✓ ✓

SciSpace ✓ ✓ ✓ ✓ ✓ ✓ ✓

Iris.ai ✓ ✓ ✓ ✓

Litmaps ✓

Scite ✓ ✓

Inciteful ✓

Research Rabbit ✓

MirrorThink ✓ ✓ ✓ ✓ ✓

Jenni AI ✓ ✓ ✓

ResearchBuddies ✓ ✓

Silatus

Textero.ai ✓ ✓

Pasa ✓

gpt_academic ✓ ✓ ✓ ✓

Isabelle ✓ ✓

Proverbot9001 ✓

LeanCopilot ✓

llmstep ✓

GenGO ✓

Cool Papers ✓ ✓

Penelope.ai ✓

Semantic Scholar ✓ ✓

HeadlineAnalyzer ✓

Quillbot ✓ ✓ ✓ ✓

Langsmith Editor ✓

Agent Laboratory ✓ ✓ ✓ ✓

Covidence

Aminer ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Iflytek ✓ ✓ ✓ ✓ ✓ ✓ ✓

Scinence42:Dora ✓ ✓

ChatDOC ✓ ✓

Hyperwrite ✓ ✓ ✓

chatgpt_academic ✓

Wordvice.AI ✓

Writesonic ✓

Table 2: Tools for Research Paper Assistance
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https://gptr.dev/
https://consensus.app/search/
https://elicit.com/
https://undermind.ai/home/
https://byte-science.com/
https://openscholar.allen.ai/
https://www.explainpaper.com/
https://uni-finder.dp.tech/question
https://you.com/?chatMode=research
https://github.com/GAIR-NLP/OpenResearcher
https://sider.ai/
https://typeset.io/
https://scholarai.io/
https://chatgpt.com/g/g-2OebMtWeG-data-analysis-report-ai
https://chatgpt.com/g/g-2OebMtWeG-data-analysis-report-ai
https://askyourpdf.com
https://x.writefull.com/
https://sakana.ai/ai-scientist/
https://rflow.ai/
https://www.connectedpapers.com/
https://picoportal.org/
https://storm.genie.stanford.edu/
https://www.read.enago.com/
https://typeset.io/
https://iris.ai/
https://www.litmaps.com/
https://scite.ai/home
https://inciteful.xyz/
https://researchrabbitapp.com/
https://mirrorthink.ai/
https://jenni.ai/
https://researchbuddy.app/
https://silatus.com/
https://textero.ai/
https://pasa-agent.ai/
https://github.com/binary-husky/gpt_academic
https://isabelle.in.tum.de/
https://proverbot9001.ucsd.edu/
https://github.com/lean-dojo/LeanCopilot
https://github.com/wellecks/llmstep
https://gengo.sotaro.io/
https://papers.cool/
https://www.penelope.ai/
https://www.semanticscholar.org/
https://coschedule.com/headline-analyzer
https://quillbot.com/
https://editor.langsmith.co.jp/
https://github.com/SamuelSchmidgall/AgentLaboratory
https://www.covidence.org/
https://www.aminer.cn/
https://sciai.las.ac.cn/
https://pharma.ai/dora
https://chatdoc.com/
https://www.hyperwriteai.com/
https://github.com/ifyz/chatgpt_academic
https://wordvice.ai/
https://writesonic.com/
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Hypothesis
Formulation (§2)

Knowledge Synthe-
size (§2.1)

Research Paper
Recommendation
(§2.1.1)

PaperWeaver (Lee et al., 2024), ArZiGo (Pinedo et al., 2024), ComLittee (Kang et al., 2023), Stergiopoulos
et al. (2024), Kang et al. (2022), Kreutz and Schenkel (2022) , Shahid et al. (2020), Bai et al. (2019), Li
and Zou (2019), Beel et al. (2016)

Systematic
Literature Review
(§2.1.2)

AutoSurvey (Wang et al., 2024e) , OpenScholar (Asai et al., 2024) , HiReview (Hu et al., 2024b), Pa-
perQA2 (Skarlinski et al., 2024), Knowledge Navigator (Katz et al., 2024), CHIME (Hsu et al., 2024),
STORM (Shao et al., 2024), LitLLM (Agarwal et al., 2024a), Bio-SIEVE (Robinson et al., 2023), KGSum
(Wang et al., 2022a), Agarwal et al. (2024b), Lai et al. (2024), Susnjak et al. (2024), Bolaños et al. (2024),
Block and Kuckertz (2024), Zhu et al. (2023) , Altmami and Menai (2022)

Hypotheses Genera-
tion (§2.2)

Other Works
MOOSE-Chem (Yang et al., 2024c), IdeaSynth (Pu et al., 2024), Si et al. (2024), Kumar et al. (2024), Giro-
tra et al. (2023), Qi et al. (2023), Krenn et al. (2022), Henry and McInnes (2017)

Input Data Quality SciPIP (Wang et al., 2024d), COI (Li et al., 2024a), SciAgents (Ghafarollahi and Buehler, 2024), DATAVOY-
AGER (Majumder et al., 2024a), SciMON (Wang et al., 2024c), Buehler (2024), Liu et al. (2024a)

Hypothesis Quality
Dolphin (Yuan et al., 2025), VIRSCI (Su et al., 2024), Nova (Hu et al., 2024a), AI Scientist (Lu et al.,
2024), SGA (Ma et al., 2024), HypoGeniC (Zhou et al., 2024), ResearchAgent (Baek et al., 2024), Ac-
celeron (Nigam et al., 2024), MOOSE (Yang et al., 2024b)

Hypothesis Validation
(§3)

Scientific Claim Veri-
fication (§3.1)

Claim
HiSS (Zhang and Gao, 2023), SFAVEL (Bazaga et al., 2024), ProToCo (Zeng and Gao, 2023), Wührl et al.
(2024a)

Evidence
Glockner et al. (2024a), Vladika and Matthes (2024b), Vladika and Matthes (2024a), Wührl et al. (2024b),
Pan et al. (2023b), Glockner et al. (2022), Wadden et al. (2022b)

Verification
ClaimVer (Dammu et al., 2024), MAGIC (Kao and Yen, 2024), FactKG (Kim et al., 2023), aedFaCT (Altuncu
et al., 2023), PROGRAMFC (?), Zhang et al. (2024b), Muharram and Purwarianti (2024), Eldifrawi et al.
(2024), Cao et al. (2024b), Das et al. (2023), Wu et al. (2023)

Theorem Proving
(§3.2)

DeepSeek-Prover (Xin et al., 2024), Lean-STaR (Lin et al., 2024), Thor (Jiang et al., 2022a), COPRA (Thakur et al., 2024), Logo-
power (Wang et al., 2024b), Baldur (First et al., 2023), Mustard (Huang et al., 2024c), DT-Solver (Wang et al., 2023b), HTPS (Lample
et al., 2022), GPT-f (Polu and Sutskever, 2020), Wang et al. (2024a), Song et al. (2024), Li et al. (2024e), Zhao et al. (2023b), Yang et al.
(2023c), Jiang et al. (2023)

Experimental Verifica-
tion (§3.3)

MatPilot (Ni et al., 2024), CRISPR-GPT (Huang et al., 2024a), AgentHPO (Liu et al., 2024c), AutoML-GPT (Zhang et al., 2023), ML-
Copilot (Zhang et al., 2024a), (Arlt et al., 2024), Kambhampati et al. (2024), Ruan et al. (2024b), Huang et al. (2024b), ?, Bran et al.
(2024), Szymanski et al. (2023), Liu et al. (2023b), Manning et al. (2024), Mou et al. (2024)

Manuscript
Publication (§4)

Manuscript Writing
(§4.1)

Citation Text
Generation

SciLit (Gu and Hahnloser, 2023), DisenCite (Wang et al., 2022b), Gu and Hahnloser (2024), Gao et al.
(2023b), Yu et al. (2022), Jung et al. (2022)

Related Work
Generation

ScholaCite (Martin-Boyle et al., 2024), UR3WG (Shi et al., 2023), Li and Ouyang (2024), Yu et al. (2024b),
Nishimura et al. (2024), Li and Ouyang (2022)

Complete
Manuscripts
Generation

Cocoa (Feng et al., 2024), Step-Back (Tang et al., 2024a), data-to-paper (Ifargan et al., 2024), ARIES (D’Arcy
et al., 2024b), OREO (Li et al., 2022), R3 (Du et al., 2022), Lai et al. (2024), Chamoun et al. (2024), Pividori
and Greene (2024), Jourdan et al. (2023), Lin (2024)

Peer Review (§4.2)

Paper Review
Generation

CycleResearcher (Weng et al., 2024), OpenReviewer (Idahl and Ahmadi, 2024) RelevAI-Reviewer (Couto
et al., 2024), AgentReview (Jin et al., 2024), SWIF2T (Chamoun et al., 2024), MARG (D’Arcy et al., 2024a),
Quality Assist (Setio and Tsuchiya, 2022), KID-Review (Yuan and Liu, 2022) Tan et al. (2024), Liang et al.
(2023), Robertson (2023), Muangkammuen et al. (2022),

Meta-Review
Generation

PeerArg (Sukpanichnant et al., 2024) GLIMPSE (Darrin et al., 2024), MetaWriter (Sun et al., 2024),
CGI2 (Zeng et al., 2023), Li et al. (2024b), Santu et al. (2024), Kumar et al. (2023), Li et al. (2023)

Figure 6: Taxonomy of Hypothesis Formulation, Hypothesis Validation and Manuscript Publication (Full Edition).
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