
Datasets, Formalizers, and Provers: A Survey of Formal Mathematical
Reasoning with LLMs

Anonymous ACL submission

Abstract001

Recent advances in large language models002
(LLMs) have significantly expanded the capa-003
bilities of automated mathematical reasoning.004
This survey reviews recent progress in formal005
mathematical reasoning with LLMs from three006
interconnected perspectives: datasets, formal-007
izers, and provers. We provide a comparative008
analysis of key benchmarks from 2022 to 2025,009
highlighting dataset properties and model per-010
formance trends. We argue that future progress011
will require richer and more diverse bench-012
marks, evaluation protocols that emphasize se-013
mantic correctness and robustness, and deeper014
alignment between informal mathematical intu-015
ition and formal symbolic structure.016

1 Introduction017

Recent advances in large language models (LLMs)018

have significantly expanded the capabilities of au-019

tomated mathematical reasoning. These models020

exhibit strong performance in solving problems021

stated in natural language as well as in formal logic022

systems. Much of the early progress has focused023

on informal or semi-formal problem solving, e.g.,024

generating chain-of-thought solutions to word prob-025

lems. However, recent work has shifted toward026

formal mathematical reasoning, where problem027

statements and proofs are expressed in formal lan-028

guages and verified by proof assistants (Yang et al.,029

2024).030

In the informal setting, LLMs process math-031

ematical problems in natural language or La-032

TeX and output free-form solutions. This re-033

search has been accelerated by large-scale bench-034

marks such as GSM8K (Cobbe et al., 2021a) and035

MATH (Hendrycks et al., 2021a). Prompting meth-036

ods including few-shot learning, chain-of-thought037

(CoT) prompting (Wei et al., 2022), zero-shot038

CoT (Kojima et al., 2022), and analogical reason-039

ing (Zhang et al., 2023) have been introduced to040

elicit reasoning behavior. Numerous agent archi- 041

tectures—such as Xolver (Zhou et al., 2022), Tool- 042

former (Schick et al., 2023)—combine these meth- 043

ods with symbolic tools or external verifiers. How- 044

ever, informal outputs are inherently unverifiable, 045

making reliability and correctness difficult to guar- 046

antee. 047

In contrast, the formal setting treats reason- 048

ing as a programmatic activity within formal logic 049

systems such as Lean (de Moura et al., 2015), Is- 050

abelle/HOL (Nipkow et al., 2002), Coq (The Coq 051

Development Team, 1999–), or Metamath (Megill 052

and Wheeler, 2019). Here, correctness is ensured 053

through machine-checked proof construction, and 054

the problem of hallucination is somewhat mitigated. 055

In addition, feedback from prover environments 056

can also act as feedback to the LLM so that it can 057

refine its generation. LLMs in this domain are 058

typically deployed in two primary roles: 059

• Formalizers, which convert informal or semi- 060

formal mathematical statements into formal 061

specifications. Notable systems include 062

Kimina-Autoformalizer (Wang et al., 2025b) 063

and RAutoFormalizer (Liu et al., 2025b). 064

• Provers, which generate or guide formal 065

proofs, often in collaboration with interactive 066

theorem provers (ITPs) or automated theorem 067

provers (ATPs). State-of-the-art examples in- 068

clude DeepSeekProver (Xin et al., 2024; Ren 069

et al., 2025b), KiminaProver (Wang et al., 070

2025b), and GödelProver (Lee et al., 2024). 071

The formal reasoning community has developed 072

several benchmarks to support this research, in- 073

cluding AIME (Analysis and Contributors, 2025), 074

FormalMATH (Yu et al., 2025), Combibench (Liu 075

et al., 2025a), etc. These benchmarks vary in source 076

domain, proof assistant support, and difficulty, en- 077

abling systematic evaluation of formalization accu- 078

racy and prover competence. 079
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A variety of modeling techniques have been080

applied to these tasks. Many systems leverage081

general-purpose LLMs (e.g., GPT-4o, DeepSeek)082

or domain-specific provers and formalizers, via083

prompting, retrieval, and stepwise inference. Be-084

yond supervised learning, reinforcement learning085

(RL) has emerged as a key driver of progress in086

theorem proving. RL-based methods allow LLM087

agents to improve over time by interacting with088

proof environments and receiving feedback on089

tactic effectiveness, proof outcomes, and library090

utility—enabling adaptive search strategies and091

curriculum-style learning (Chen et al., 2024; Wang092

et al., 2024).093

In this survey, we focus exclusively on formal094

mathematical reasoning with LLMs. Our goal is to095

distill and systematize recent progress across three096

axes:097

1. Datasets: We analyze benchmarks and cor-098

pora that support training and evaluation of099

formalization and proof synthesis. In particu-100

lar, we focus on the mathematical diversity in101

the existing datasets.102

2. Formalization Methods: We survey tech-103

niques for translating natural language prob-104

lems into machine-checkable prover-specific105

format.106

3. Provers and Integration Strategies: We cat-107

egorize LLM-driven proof generation meth-108

ods, including tactic synthesis, guided search,109

retrieval-based reasoning, and reinforcement110

learning-enhanced exploration.111

Our contributions are fourfold:112

• We introduce a structured taxonomy of LLM113

applications in formal mathematics, distin-114

guishing between formalization and proof gen-115

eration tasks.116

• We provide a comparative analysis of key117

benchmarks from 2022–2025, highlighting118

dataset properties and model performance119

trends.120

• We synthesize methodological advances in121

autoformalization and LLM-prover integra-122

tion, including prompting strategies, feed-123

back loops, and reinforcement learning frame-124

works.125

• We identify limitations in current sys-126

tems—such as semantic drift, incomplete127

formalizations, and restricted generaliza- 128

tion—and propose directions for scalable and 129

verifiable formal reasoning. 130

2 Datasets Perspective 131

The evolution of large language model (LLM) ap- 132

proaches to mathematical reasoning can be traced 133

through a sequence of datasets that progressively 134

shift from informal arithmetic problem solving to 135

fully formal theorem proving. Along this trajec- 136

tory, dataset design has co-evolved with domain 137

complexity, degrees of formalization, and evalua- 138

tion paradigms—reflecting increasingly ambitious 139

goals for machine reasoning. 140

Natural-language mathematical reasoning. 141

Early benchmarks were designed to elicit step- 142

by-step reasoning expressed in natural language. 143

GSM8K (Cobbe et al., 2021b) comprises ap- 144

proximately 8,500 grade-school word problems 145

requiring two to eight elementary arithmetic oper- 146

ations to produce a single integer answer. While 147

mathematically simple, GSM8K exposed the brit- 148

tleness of early transformer models on multi-step 149

reasoning and played a central role in motivating 150

chain-of-thought prompting. MATH (Hendrycks 151

et al., 2021b) significantly raises the difficulty, 152

containing 12,500 competition-style problems 153

across pre-algebra, algebra, geometry, precalculus, 154

number theory, and counting and probability, 155

each annotated with a step-by-step solution and 156

a difficulty level from 1 to 5. OmniMATH (Gao 157

et al., 2024a) further extends this line by ag- 158

gregating over 4,500 Olympiad-level problems 159

across algebra, geometry, number theory, and 160

combinatorics, curated from multiple languages 161

and sources. By increasing both mathematical 162

difficulty and linguistic diversity, OmniMATH 163

challenges modern LLMs on high-level reasoning 164

while encouraging multilingual and cross-cultural 165

generalization. Although primarily proposed for 166

natural-language reasoning, these datasets have 167

also been reused as sources for formalization and 168

proof-generation studies. 169

Transition to formal theorem proving. 170

MiniF2F (Zheng et al., 2021) marks a deci- 171

sive transition toward formal reasoning. It contains 172

488 problems drawn from AMC, AIME, IMO, and 173

high-school mathematics, formalized in multiple 174

proof assistants including Lean, Metamath, 175

Isabelle, and HOL Light. By shifting evaluation 176
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Datasets (§2)

Informal reasoning (NL) GSM8K (Cobbe et al., 2021b); MATH (Hendrycks
et al., 2021a); OmniMATH (Gao et al., 2024a)

Formal bench-
marks (problems)

MiniF2F (Zheng et al., 2021); FIMO (Liu et al.,
2023); PutnamBench (Tsoukalas et al., 2024)

Formal corpora
(theorems/proofs)

ProofNet (Azerbayev et al., 2023); IsarStep (Li
et al., 2021); LeanWorkbook (Ying et al., 2024)

Autoformalization corpora HEARALD (Gao et al., 2024b); FormalMATH (Yu
et al., 2025); FineLeanCorpus (Peng et al., 2025)

Diagnostics &
“frontier” domains

RFMDataset (Guo et al., 2025a); CombiBench
(Liu et al., 2025a); FATE (Jiang et al., 2025)

Definitions “in the wild” Def_Wiki / Def_ArXiv (Zhang et al., 2025a)
Under/over-

represented coverage
Over: algebra/elem. analysis Under: graph
theory, diagram geometry, abstract structures

Formalizers (§3)

Specialized models
Kimina-Autoformalizer (Wang et al., 2025b); RAut-
oFormalizer (Liu et al., 2025b); StepFun-Formalizer

(Wu et al., 2025); FormaRL (Huang et al., 2025)
Retrieval-grounded

formalization
Dependency/premise retrieval; namespace
grounding; equivalence checks (e.g., BEq)

Agentic pipelines DRIFT (Zhang et al., 2025c); MASA (Zhang et al.,
2025b); tool-in-the-loop refinement (Guo et al., 2025b)

Training signals SFT on NL–Lean pairs; preference optimization
(DPO); RL w/ verifiable reward (compiler + shaping)

Faithfulness controls
Compiler checks; multi-judge semantic checks;
negation tests; library-consistency constraints

Key failure mode Near-miss formalizations: valid syntax, wrong
meaning (quantifiers/definitions/context)

Provers (§4)

Prover models
DeepSeekProver family (Xin et al., 2024; Ren et al., 2025a); Kim-
inaProver (Wang et al., 2025a); Seed-Prover (Chen et al., 2025c,b)

Search strategies Beam/best-first; value/critic-guided pruning (Wu et al.,
2024); BFS scaling (Xin et al., 2025); MCTS variants

Tool integration Lean/ITP feedback loop; retrieval + rerank-
ing; ATP/hammer hybrids; lemma invention

Agentic pipelines Prover Agent (Baba et al., 2025); ProofCompass (Wischermann
et al., 2025); step-wise verification (Zhou and Zhang, 2025)

RL + post-training RL on prover success; dense shaping;
curriculum/self-play; test-time scaling

Bottlenecks
Long-horizon planning; sparse feedback; library
dependence (premise selection errors compound)

Figure 1: Revised taxonomy aligning with the survey’s pipeline view: datasets enable (auto)formalization and
proving; evaluation protocols (semantic fidelity, budgets, and reproducibility) determine whether progress is
comparable and trustworthy.

from textual explanations to proof synthesis and177

formal verification, MiniF2F laid the foundation178

for neural theorem-proving research.179

ProofNet (Azerbayev et al., 2023) expands this180

direction with 3,675 formally verified Lean theo-181

rems paired with human-readable proofs spanning182

undergraduate-level algebra, analysis, topology,183

geometry, number theory, combinatorics, graph184

theory, logic, and category theory. Carefully185

curated to resemble textbook-style mathematics,186

ProofNet exposes substantial performance gaps in187

neural provers: at release, best-performing models188

achieved only ∼2.5–3% pass@1024 on its hardest189

subsets. Its ProofNet-Hard split remains a widely190

used stress test.191

Several datasets push formal reasoning into the192

most challenging domains of competition mathe-193

matics. FIMO (Liu et al., 2023) is a large-scale194

Lean 4 dataset of formalized IMO and national195

Olympiad problems across algebra, plane and 3D196

geometry, number theory, and combinatorics, par-197

ticularly emphasizing invariants and extremal ar- 198

guments. PutnamBench (Tsoukalas et al., 2024) 199

provides formalized problems from the William 200

Lowell Putnam Mathematical Competition, span- 201

ning analysis, algebra (including Galois theory), 202

number theory, combinatorics, and topology. Its 203

difficulty and origin highlight the persistent gap 204

between informal competition statements and fully 205

verified formal proofs. 206

IsarStep (Li et al., 2021) is an early dataset of 207

2,018 Isabelle/Isar-style proofs covering set theory, 208

lattice theory, number theory, algebra, and analysis. 209

By emphasizing high-level, structured proof writ- 210

ing rather than low-level tactic scripts, it bridges 211

natural-language reasoning and automated proof 212

generation. LeanWorkbook (Ying et al., 2024) 213

scales this idea to over 20,000 Lean exercises ex- 214

tracted from undergraduate textbooks across lin- 215

ear algebra, real analysis, abstract algebra, topol- 216

ogy, differential geometry, probability, graph the- 217

ory, number theory, and combinatorics. Its curricu- 218
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lar breadth makes it especially valuable for training219

and evaluating formal systems beyond competition-220

style problems.221

RFMDataset (Guo et al., 2025a) takes a diag-222

nostic perspective, curating 200 problems across223

combinatorics, analysis, number theory, and logic224

to systematically catalogue failure modes of ad-225

vanced LLMs, including hallucinations, logical226

inconsistencies, and invalid proof steps. HEAR-227

ALD (Gao et al., 2024b) pairs natural-language228

annotations with Lean 4 tactics across the full229

spectrum of mathlib domains, supporting autofor-230

malization pipelines and improving prover perfor-231

mance via tactic alignment and human-style com-232

mentary. FormalMATH (Yu et al., 2025) is a233

large-scale Lean 4 benchmark containing 5,560 ver-234

ified statements across college-level mathematics.235

Constructed via a human-in-the-loop autoformal-236

ization pipeline, it demonstrates that even strong237

models achieve only ∼16.5% success under prac-238

tical sampling budgets, underscoring the remain-239

ing gap in formal-proof capability. FineLeanCor-240

pus (Peng et al., 2025) provides nearly 286,000241

verified natural-language statements paired with242

Lean 4 formalizations, constructed via a critic-243

guided human-in-the-loop pipeline. Its scale and244

diversity make it a central resource for autoformal-245

ization research.246

CombiBench (Liu et al., 2025a) focuses exclu-247

sively on combinatorial reasoning, providing 100248

Lean 4 problems from middle-school to IMO and249

university level, along with a fine-grained evalua-250

tion framework that moves beyond binary success251

metrics. ExtremBench (Gao and Han, 2025) is252

a benchmark of 93 extremal optimization prob-253

lems derived from inequality exercises in Chi-254

nese Mathematical Olympiad, designed to evaluate255

LLMs’ ability to find maxima or minima under256

constraints—an aspect of mathematical reasoning257

not captured by standard benchmarks. Def_Wiki258

and Def_ArXiv (Zhang et al., 2025a) shift atten-259

tion from proofs to definitions, extracting formal-260

ization tasks from Wikipedia and arXiv across a261

wide range of mathematical fields. By emphasizing262

ambiguous, context-dependent formalization and263

library grounding, they capture a complementary264

aspect of mathematical reasoning.265

FATE (Formal Algebra Theorem Evalua-266

tion) (Jiang et al., 2025) is a recent formal bench-267

mark series in abstract and commutative algebra268

that spans from undergraduate exercises to PhD-269

level qualifying exam problems in Lean. The FATE270

series includes benchmarks such as FATE-H and 271

FATE-X, which are explicitly designed to test mod- 272

els on advanced algebraic reasoning well beyond 273

contest mathematics and standard library coverage. 274

3 Formalizers Perspective 275

Autoformalization systems, or “formalizers,” rep- 276

resent a critical bridge between informal natural 277

language mathematical discourse and machine- 278

verifiable formal languages such as Lean or Is- 279

abelle. These systems can be broadly categorized 280

into two types: specialized formalization mod- 281

els, which are fine-tuned large language models 282

(LLMs) optimized specifically for direct transla- 283

tion tasks, and formalization agents or pipelines, 284

which leverage modular, multi-component architec- 285

tures often incorporating general-purpose LLMs, 286

retrieval-augmented generation (RAG), theorem 287

prover feedback loops, or multi-agent collabora- 288

tion. 289

3.1 Formalization Models 290

Specialized formalization models perform end-to- 291

end translation from informal mathematical lan- 292

guage to prover-specific formal representations, 293

most commonly Lean 4. These models are typ- 294

ically trained on curated informal–formal pairs and 295

refined using reinforcement learning from verifi- 296

able signals such as compilation success, semantic 297

equivalence checks, or prover feedback. 298

Kimina-Autoformalizer (Wang et al., 2025b) 299

represents a strong competition-focused approach. 300

It is initialized via supervised fine-tuning of 301

Qwen2.5-Coder-7B-Instruct on curated infor- 302

mal–formal pairs drawn from MiniF2F, Putnam- 303

Bench, ProofNet, and Compfiles, deliberately ex- 304

cluding Mathlib-derived data to avoid stylistic 305

mismatch. The model is subsequently improved 306

through expert iteration on challenging Numina- 307

Math 1.5 problems, where candidate formalizations 308

are filtered by Lean 4 compilation and evaluated 309

using a high-capacity LLM judge with unanim- 310

ity voting, supplemented by automated safeguards 311

such as contradiction detection and negation testing. 312

The resulting system achieves approximately 90% 313

one-shot compilation and 66% judged semantic 314

correctness on a human-curated test set, though the 315

authors note that LLM-based evaluation remains 316

imperfect and requires expert oversight. 317

RAutoFormalizer (Liu et al., 2025b) targets 318

two persistent weaknesses in autoformalization: un- 319
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reliable evaluation and lack of library awareness.320

To address the former, it introduces BEq (Bidirec-321

tional Extended Definitional Equivalence), a neuro-322

symbolic metric that assesses semantic equivalence323

between formal statements by grounding compar-324

isons in formal definitions. To address the latter,325

RAutoFormalizer incorporates dependency-aware326

retrieval, constructing formalizations in topological327

order over library dependency graphs. The work328

also introduces Con-NF, a benchmark of 961 infor-329

mal–formal pairs drawn from frontier mathematical330

texts to evaluate out-of-distribution generalization.331

Under BEq@8, RAutoFormalizer substantially out-332

performs prior baselines on both ProofNet and Con-333

NF.334

StepFun-Formalizer (Wu et al., 2025) pro-335

poses a knowledge–reasoning fusion approach,336

motivated by the observation that autoformaliza-337

tion requires both syntactic fluency in the target338

prover language and high-level mathematical rea-339

soning. The authors introduce the ThinkingF340

pipeline, which combines supervised fine-tuning341

on large-scale informal–formal pairs constructed342

from NuminaMath problems with reinforcement343

learning from verifiable rewards using reasoning-344

augmented traces generated by a stronger LLM.345

Built on DeepSeek-R1-Distill-Qwen, the result-346

ing model achieves state-of-the-art performance on347

FormalMath-Lite (BEq@16 ≈ 60%) and Prover-348

Bench (BEq@16 ≈ 38%), but performs poorly on349

CombiBench, highlighting persistent difficulties in350

combinatorial domains.351

FormaRL (Huang et al., 2025) explores data-352

efficient autoformalization via reinforcement learn-353

ing on unlabeled problems. Using rewards de-354

rived from Lean compiler feedback and LLM-355

based semantic consistency, optimized with GRPO,356

FormaRL improves the pass@1 accuracy of357

Qwen2.5-Coder-7B-Instruct from 4.04% to358

26.15% on ProofNet and from 2.4% to 9.6% on up-359

roof using only 859 unlabeled problems. These360

results demonstrate that reinforcement learning361

can substantially enhance autoformalization per-362

formance even in low-data regimes.363

Overall, specialized formalization models364

achieve strong performance on curated benchmarks365

through aggressive fine-tuning and reinforcement366

learning. However, their generalization remains367

limited, particularly on domains requiring deep368

combinatorial reasoning, rich contextual ground-369

ing, or informal conventions that diverge from370

benchmark-style problem statements.371

3.2 Formalization Agents and Pipelines 372

Agentic pipelines decompose the task into iterative 373

stages with tool use, multi-agent collaboration, or 374

symbolic feedback and often claim to achieve su- 375

perior robustness on ambiguous, graduate-level, or 376

“in-the-wild” texts. 377

MASA (Zhang et al., 2025b) is a modular multi- 378

agent framework in which specialized agents han- 379

dle formalization, syntactic critique via Lean, se- 380

mantic critique via an LLM, and subsequent re- 381

finement. These agents interact through critique– 382

refinement loops augmented by library retrieval 383

and denoising, enabling improved semantic faith- 384

fulness without task-specific fine-tuning. 385

DRIFT (Decompose–Retrieve–Illustrate– 386

Formalize) (Zhang et al., 2025c) structures 387

autoformalization as a staged pipeline that 388

decomposes natural-language statements, retrieves 389

relevant premises and illustrative examples, 390

and then generates formalizations conditioned 391

on this context, yielding notable gains on 392

out-of-distribution problems. 393

ReForm (Chen et al., 2025a) introduces a re- 394

flective autoformalization framework based on 395

Prospective Bounded Sequence Optimization, in 396

which candidate continuations are evaluated us- 397

ing learned value estimates derived from prover 398

feedback, helping reduce irreversible errors in long 399

generation sequences. 400

ATLAS (Liu et al., 2025c) focuses on large-scale 401

synthetic data generation, lifting concepts from for- 402

mal libraries and applying teacher–student distilla- 403

tion with iterative expert revision to produce high- 404

quality natural-language–to–Lean pairs that serve 405

as training data for downstream autoformalizers. 406

FormalMATH (Yu et al., 2025) presents a 407

human-in-the-loop autoformalization pipeline and 408

benchmark that targets college-level and early grad- 409

uate mathematics. The dataset contains over 5,500 410

Lean 4–verified statements spanning algebra, anal- 411

ysis, differential equations, probability, number the- 412

ory, combinatorics, graph theory, and linear alge- 413

bra. FormalMATH is constructed via an iterative 414

pipeline in which LLMs generate candidate formal 415

statements from informal problems, semantic con- 416

sistency is checked using multiple LLM judges, 417

and incorrect or trivial formalizations are filtered 418

through negation testing and human review. Unlike 419

competition-centric datasets, FormalMATH empha- 420

sizes curricular diversity and faithful statement- 421

level formalization rather than full proof synthesis, 422
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and serves both as a benchmark for autoformal-423

izers and as training data for downstream prover424

systems.425

Autoformalizer with Tool Feedback (Guo426

et al., 2025b) integrates live Lean compiler feed-427

back and LLM-based semantic judging in an adap-428

tive loop, combining synthetic pretraining with429

preference-based optimization to discourage un-430

productive revisions.431

Geometry-specific pipelines (Murphy et al.,432

2024) incorporate diagrammatic reasoning, sym-433

bolic geometry engines, and SMT-based equiva-434

lence checking to handle implicit geometric con-435

straints that are difficult to capture via text alone.436

The Herald pipeline (Gao et al., 2025)437

constructs large-scale natural-language–annotated438

Lean datasets from Mathlib using retrieval-439

augmented, section-level translation, enabling for-440

malization of graduate-level textbook material.441

PDE-Controller (Soroco et al., 2025) applies442

autoformalization techniques to partial differen-443

tial equations, combining decomposition, domain-444

specific retrieval, and symbolic verification to sup-445

port applications in control and engineering.446

Isa-AutoFormal (Li et al., 2024) adapts447

retrieval-augmented autoformalization to Is-448

abelle/HOL by leveraging premise retrieval from449

Isar libraries and iterative semantic alignment.450

More broadly, retrieval-augmented autofor-451

malization pipelines, such as those developed452

in LeanDojo (Yang et al., 2023) and related453

systems, demonstrate the importance of contextual454

grounding for reliable proof generation.455

In summary, while specialized models currently456

dominate clean in-distribution benchmarks through457

aggressive fine-tuning and RL, agentic pipelines458

demonstrate far superior robustness on graduate-459

level texts and real-world mathematical documents460

where ambiguity, dependencies, and diagrammatic461

reasoning are paramount. Ongoing efforts toward462

unified evaluation frameworks (Mensfelt et al.,463

2025) aim to make future comparisons across these464

paradigms more reliable.465

4 Provers Perspective466

Formal theorem provers using large language mod-467

els generate machine-verified proofs but must han-468

dle long-horizon reasoning, sparse feedback, and469

library-dependent search. Recent work has pro-470

gressed from heuristic and sketch-based methods471

to reinforcement learning and agentic, retrieval-472

augmented pipelines. 473

4.1 Prover Models 474

Early LLM-based provers focused on generating 475

short tactic sequences or high-level proof sketches, 476

often relying on external automation to complete 477

details. Systems such as Draft–Sketch–and– 478

Prove (Jiang et al., 2022) demonstrated that in- 479

formal reasoning steps could guide formal proof 480

construction, but scalability to longer and more 481

complex proofs remained limited. 482

Subsequent work began to incorporate learned 483

search heuristics and reinforcement learning. 484

InternLM2.5-StepProver (Wu et al., 2024) intro- 485

duced a critic model trained from prover feedback 486

to score partial proof states and guide best-first 487

search. This marked a shift toward treating proof 488

search as a learned decision process rather than a 489

purely symbolic exploration. 490

In parallel, systems explored explicit control 491

over search strategies. BFS-Prover (Xin et al., 492

2025) demonstrated that breadth-first exploration 493

could be scaled effectively by combining GPU- 494

accelerated Lean compilation with learned pruning 495

heuristics, enabling exploration of deeper tactic 496

trees while filtering large numbers of invalid candi- 497

dates early. 498

More recent models emphasize large-scale syn- 499

thetic data generation and reinforcement learning 500

tightly coupled with the prover. DeepSeek-Prover- 501

V2 (Ren et al., 2025a) follows this paradigm by 502

training on extensive self-generated Lean 4 proof 503

trajectories and refining its policy through rein- 504

forcement learning from compiler feedback. Rather 505

than explicitly separating formalization and prov- 506

ing, it operates directly in the formal domain and 507

illustrates how large synthetic corpora and learned 508

search policies can support increasingly complex 509

proofs. 510

Kimina-Prover (Wang et al., 2025a) represents 511

a complementary direction that prioritizes align- 512

ment and human-readable proofs. Trained on 513

competition-style mathematics with explicit incen- 514

tives for concise and syntactically clean proofs, it 515

is often used as a base model for interactive or 516

agentic proving scenarios where efficiency and in- 517

terpretability are important. 518

Systems such as Seed-Prover (Chen et al., 519

2025c) push this trajectory further, reportedly com- 520

bining large-capacity models with multi-stage re- 521

inforcement learning, lemma invention, and Lean- 522

guided self-critique, though limited disclosure hin- 523
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ders reproducibility. Seed-Prover 1.5 (Chen et al.,524

2025b) extends this line with large-scale agentic RL525

and efficient test-time scaling, leveraging extensive526

Lean/tool feedback during training and reporting527

strong results on benchmarks including Putnam-528

Bench, CombiBench, and FATE.529

4.2 Prover Pipelines530

Beyond standalone models, an increasing body of531

work focuses on prover pipelines that orchestrate532

multiple components—search, retrieval, critique,533

and verification—around a base prover.534

Some pipeline approaches integrated classical535

automated theorem provers with LLM guidance.536

ProofCompass (Wischermann et al., 2025) com-537

bines LLM-generated high-level proof sketches538

with ATP systems such as Vampire or E, using539

learned premise selection to bridge neural intuition540

and symbolic reasoning.541

Agentic frameworks subsequently emerged to542

address hallucinations and brittle search behavior.543

Prover Agent (Baba et al., 2025) decomposes the544

proving process into interacting roles (e.g., planner,545

tactician, verifier, critic), allowing structured dia-546

logue and critique to refine proofs incrementally547

under continuous Lean verification.548

Several pipelines emphasize tight verification-in-549

the-loop. Step-Wise Formal Verification (Zhou550

and Zhang, 2025) enforces compilation and type-551

checking after every generated tactic, preventing er-552

ror accumulation and reducing wasted exploration553

in long proofs.554

Retrieval-augmented pipelines address the grow-555

ing importance of library grounding. REAL-556

Prover (Shen et al., 2025) and related systems557

integrate dense premise retrieval and reranking558

to supply provers with relevant lemmas at each559

step, improving robustness on library-heavy theo-560

rems. Aria (Wang et al., 2025c) extends this idea561

by maintaining dependency graphs across entire562

proof projects, enabling coherent translation and563

verification of multi-page mathematical texts.564

More recent work explores population-based and565

adversarial strategies. EvolProver (Tian et al.,566

2025) generates families of related theorems via567

symmetry and difficulty transformations to support568

curriculum learning and improve generalization.569

GAR (Wang et al., 2025d) introduces a generative570

adversarial framework in which a discriminator pro-571

vides dense feedback on proof quality, encouraging572

more diverse exploration in sparse-reward settings.573

Finally, several pipelines extend beyond pure574

mathematics. Ax-Prover (Tredici et al., 2025) ap- 575

plies agentic proving techniques to formal quantum 576

physics, while Hilbert (Varambally et al., 2025) 577

focuses on translating human-style informal proofs 578

into formal Lean by hierarchically decomposing 579

intuition into verifiable steps. 580

Overall, the evolution of prover systems reflects 581

a gradual shift from single-pass generation toward 582

tightly integrated, feedback-driven pipelines that 583

combine learned search, retrieval, verification, and 584

agentic control. While recent systems demonstrate 585

impressive capabilities, challenges in long-horizon 586

reasoning, library dependence, and reproducibility 587

remain central to future progress. 588

5 Challenges and Discussion 589

Despite rapid progress, formal mathematical rea- 590

soning with large language models (LLMs) faces 591

persistent challenges across the full pipeline, en- 592

compassing datasets, formalization, and automated 593

proving. Many limitations stem not from individ- 594

ual components, but from their interaction: gaps 595

in dataset coverage lead to fragile formalizations, 596

which in turn impose excessive demands on provers. 597

We analyze these issues from three complementary 598

perspectives. 599

5.1 Dataset Coverage and Mathematical 600

Breadth 601

Although recent benchmarks have grown signifi- 602

cantly in size and ambition, they still cover only 603

a narrow portion of mathematics. Most widely 604

used datasets emphasize algebraic manipulation, 605

elementary number theory, and classical analysis. 606

Benchmarks such as GSM8K (Cobbe et al., 2021b), 607

MATH (Hendrycks et al., 2021a), LeanWork- 608

book (Ying et al., 2024), and FormalMATH (Yu 609

et al., 2025) illustrate this trend: even when multi- 610

ple domains are nominally included, the majority 611

of problems fall into a small set of familiar alge- 612

braic or analytic patterns. 613

The limitations of this coverage become particu- 614

larly clear when considering graph theory. Several 615

datasets claim to include combinatorics or graph- 616

related content, yet closer inspection reveals that 617

this coverage is shallow. For example, querying 618

FormalMATH for graph-theoretic problems yields 619

mostly elementary exercises, such as degree ar- 620

guments or basic connectivity claims. Problems 621

involving flows, matchings, graph minors, spectral 622

methods, or structural decomposition—the core of 623
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modern graph theory—are largely absent. Simi-624

larly, while CombiBench (Liu et al., 2025a) pro-625

vides valuable fine-grained evaluation, it focuses626

on a restricted class of combinatorial tasks and does627

not reflect the breadth or abstraction level found in628

research-level graph theory.629

As a result, models trained on these benchmarks630

risk overfitting to a narrow style of mathemat-631

ics. Strong performance may indicate mastery of632

benchmark-specific patterns rather than genuine633

mathematical generality. Expanding dataset cover-634

age—both in terms of domains and in the depth at635

which they are represented—is therefore essential.636

Without such expansion, it will remain difficult to637

assess whether formal reasoning systems are learn-638

ing transferable mathematical principles or simply639

optimizing for well-worn problem templates.640

5.2 Why Formalization Remains Hard641

Formalizing mathematics is challenging even for642

human experts, and this difficulty is clearly re-643

flected in current autoformalization systems. Infor-644

mal mathematical writing often depends on implicit645

assumptions, shared conventions, and unstated con-646

text, all of which must be recovered and made ex-647

plicit in a rigid formal language. Bridging this gap648

remains one of the hardest steps in the pipeline.649

Most modern systems adopt a similar strategy650

based on iterative feedback. A model proposes a651

candidate formalization, receives syntactic feed-652

back from the proof assistant and semantic feed-653

back from equivalence checks or LLM judges,654

and then revises its output. This pattern under-655

lies many recent approaches, including Kimina-656

Autoformalizer (Wang et al., 2025b), RAutoFor-657

malizer (Liu et al., 2025b), DRIFT (Zhang et al.,658

2025c), MASA (Zhang et al., 2025b), and tool-659

feedback-based pipelines (Guo et al., 2025b).660

Although effective on curated benchmarks, this661

approach has important limitations. Iterative feed-662

back often promotes local repairs rather than gen-663

uine understanding, leading to formal statements664

that compile but fail to capture the intended mathe-665

matics, for instance through misplaced quantifiers666

or inappropriate definitions. Such near-miss for-667

malizations are especially problematic because er-668

rors may surface only during later proof attempts,669

making them hard to diagnose.670

More broadly, many current systems are vari-671

ations on the same feedback-driven theme rather672

than fundamentally new paradigms. Progress be-673

yond syntactic repair loops will likely require richer674

semantic representations, stronger modeling of 675

mathematical intent, and tighter integration be- 676

tween informal reasoning and formal libraries, all 677

of which remain open research challenges. 678

5.3 Proving Beyond Benchmarks 679

On the prover side, recent progress has been strik- 680

ing. Systems such as DeepSeekProver (Xin et al., 681

2024; Ren et al., 2025a), KiminaProver (Wang 682

et al., 2025a), and Seed-Prover (Chen et al., 683

2025c,b) achieve strong results on benchmarks like 684

MiniF2F and ProofNet, showing that LLM-guided 685

proof search can successfully reconstruct many es- 686

tablished proofs. 687

However, these advances are costly. Proof search 688

is still computationally intensive, often requiring 689

large search budgets, repeated prover interaction, 690

and aggressive test-time scaling. More importantly, 691

current systems rely more on extensive search than 692

on genuine mathematical insight, compensating 693

for limited conceptual understanding by exploring 694

large tactic spaces guided by heuristics and dense 695

feedback. 696

This raises a key open question: how well do 697

these methods extend to mathematics that truly re- 698

quires new ideas? Performance on research-level 699

problems, where proofs depend on abstraction, 700

careful lemma selection, or conceptual reformu- 701

lation, remains largely untested. Closing this gap 702

will likely require provers that operate across mul- 703

tiple levels of abstraction, maintain long-range co- 704

herence, and align search more closely with mathe- 705

matical structure rather than surface patterns. 706

6 Conclusion 707

This survey explored formal mathematical reason- 708

ing with large language models from the perspec- 709

tives of datasets, formalizers, and provers. Al- 710

though recent progress driven by large-scale train- 711

ing, reinforcement learning, and tighter integration 712

with proof assistants is impressive, current systems 713

remain specialized rather than general mathemati- 714

cal reasoners. 715

We believe that advancing beyond this point will 716

require broader and deeper benchmarks, more re- 717

liable ways to capture mathematical intent during 718

formalization, and prover architectures that em- 719

phasize abstraction and reasoning over exhaustive 720

search. 721
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Limitations722

This survey focuses on academic work in formal723

mathematical reasoning with LLMs, organized724

around datasets, formalizers, and provers; it omits725

adjacent areas and industrial systems, relies on726

benchmark-driven evaluations, and adopts a taxon-727

omy that involves some subjective design choices.728
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Table 1: Major datasets for LLM-based mathematical reasoning (informal to formal spectrum)

Dataset # Problems / Statements Language / Style Main Domains Key Features

GSM8K 8,500 Natural language Grade-school arithmetic
word problems

First chain-of-thought
benchmark

MATH 12,500 Natural language Pre-algebra, algebra, ge-
ometry, number theory,
counting

Full solutions, difficulty
levels 1–5

OmniMATH 4,617 Natural language Algebra, geometry, num-
ber theory, combina-
torics

Multilingual Olympiad
problems

MiniF2F 488 Lean, Metamath, Is-
abelle

AMC/AIME/IMO +
high-school problems

First multi-prover formal
benchmark

ProofNet 3,675 Lean 3/4 (human-
readable)

Algebra, analysis, topol-
ogy, number theory,
combinatorics, logic

Clean textbook-style
proofs, ProofNet-Hard
subset

FIMO 843 Lean 4 Algebra, geometry, num-
ber theory, combina-
torics

IMO + national
Olympiad problems

PutnamBench 131 Lean 4 Analysis, algebra, num-
ber theory, combina-
torics, topology

Putnam competition
problems formalized in
Lean

IsarStep 2,018 Isabelle/Isar Set theory, lattices, num-
ber theory, analysis

Human-like high-level
proof steps

LeanWorkbook 23,422 Lean 4 Linear algebra, analysis,
topology, etc.

Undergraduate textbook
exercises

RFMDataset 200 Natural language + for-
mal

Combinatorics, analysis,
number theory, logic

Failure-mode diagnostic
dataset

HEARALD 1,200,000+ tactics Lean 4 + NL commen-
tary

All Mathlib domains Massive tactic–comment
alignment corpus

FormalMATH 5,560 Lean 4 College algebra, anal-
ysis, differential equa-
tions, probability, num-
ber theory, graph theory

Human-in-the-loop auto-
formalization

CombiBench 100 Lean 4 Combinatorics (count-
ing, graph, extremal,
Ramsey)

Fine-grained evaluation
with Fine-Eval scoring

ExtremBench 162 Lean 4 Extremal graph / addi-
tive combinatorics, Ram-
sey theory, probabilistic
method

Frontier extremal prob-
lems

Def_Wiki 56 Formal definitions Wikipedia domains
(groups, rings, topology,
measure, etc.)

Real-world ambiguous
definitions

Def_ArXiv 30 Formal definitions arXiv papers (category
theory, functional analy-
sis, etc.)

Research-level context
grounding

FineLeanCorpus 285,957 Lean 4 + NL statements Algebra, analysis, num-
ber theory, combina-
torics, topology, geome-
try

Largest verified autofor-
malization corpus (Criti-
cLean)
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