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Abstract001

Theorem proving in fields such as geometry002
often relies on visual reasoning with combined003
text and diagrams. While Multimodal Large004
Language Models (MLLMs) have shown po-005
tential in mathematics, their application in mul-006
timodal automated theorem proving remains a007
largely unexplored area. In this paper, we in-008
troduce the Multimodal Automated Theorem009
Proving benchmark (MATP-BENCH), a novel010
multi-modal, multi-level, and multi-language011
benchmark designed to evaluate MLLMs in this012
role as multimodal automated theorem provers.013
MATP-BENCH consists of 1,056 multimodal014
theorems drawn from high school, university,015
and competition-level mathematics. All these016
multimodal problems are accompanied by for-017
malizations in Lean 4, Coq and Isabelle, mak-018
ing the benchmark compatible with a wide019
range of theorem-proving frameworks. Ground-020
ing our analysis in a Structural Causal Model,021
we identify the distinct challenge of MATP:022
it requires not only direct mapping of explicit023
inputs for theorem formalization but, more crit-024
ically, latent causal planning to discover un-025
observed auxiliary constructions. Our evalua-026
tion reveals that while advanced MLLMs show027
promise in formalization, they struggle signifi-028
cantly with synthesizing these latent auxiliary029
constructions, often generating ineffective aux-030
iliary steps or ignoring visual constraints.1031

1 Introduction032

Recent advancements in Large Language Models033

(LLMs) have significantly driven automated theo-034

rem proving (ATP) (Zheng et al., 2021; Yang et al.,035

2023b; Azerbayev et al., 2023a; Wang et al., 2024c;036

Xin et al., 2024; Wang et al., 2025c; Lin et al.,037

2025; Wang et al., 2025a), where LLMs are trained038

to generate formal proofs that are verified for log-039

ical soundness by proof assistants such as Lean 4040

(Moura and Ullrich, 2021), Isabelle (Wenzel et al.,041

1Our code will be released publicly.

2008), and Coq (Chlipala, 2013). However, exist- 042

ing studies remain largely confined to text-based 043

inputs (Zheng et al., 2021; Azerbayev et al., 2023a; 044

Tsoukalas et al., 2024; Yu et al., 2025), leaving 045

the potential of multimodal theorem proving un- 046

explored. This limitation is particularly acute in 047

domains such as geometry, where visual elements 048

such as diagrams are often indispensable for un- 049

derstanding and reasoning, and purely textual de- 050

scriptions are frequently insufficient. While recent 051

works touch upon this area, they do not fill the spe- 052

cific gap of autonomous multimodal proving. For 053

instance, LeanEuclid (Murphy et al., 2024) focuses 054

on auto-formalization, translating human-written 055

proofs into Lean 4, rather than autonomous gen- 056

eration. Similarly, AlphaGeometry (Trinh et al., 057

2024) solves Olympiad geometry problems with 058

symbolic text inputs, and its solutions are not veri- 059

fiable in proof assistants such as Lean 4. 060

To this end, we present the Multimodal 061

Automated Theorem Proving benchmark (MATP- 062

BENCH), a multimodal, multilevel, and multilan- 063

guage benchmark for multimodal automated the- 064

orem proving (MATP). Our benchmark consists 065

of 1,056 multimodal theorems drawn from high 066

school, university, and competition-level mathemat- 067

ics. Each theorem is accompanied by formal theo- 068

rems in Lean 4 (Moura and Ullrich, 2021), Isabelle 069

(Wenzel et al., 2008), and Coq (Chlipala, 2013), 070

making the benchmark compatible with a wide 071

range of theorem-proving frameworks. As shown 072

in Figure 1, each data sample in MATP-BENCH 073

consists of an image, a natural language theorem 074

statement, and formal theorem statements in three 075

different languages. Compared to traditional ATP, 076

MATP requires the integration of reasoning across 077

both language and visual modalities. This is par- 078

ticularly crucial in geometry-related mathematical 079

problems, which often rely on mathematical struc- 080

tures conveyed through images, such as topologi- 081

cal relations, that are typically difficult to express 082
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Geo_Midpoint. In the given figure, lines PA, PB, 

and EF are tangent to circle O at points A, B, and C, 

respectively. Prove that D is the midpoint of EF.

Mathd_algebra_141. For real numbers 𝑎, 𝑏, if 𝑎 ∙ 𝑏 =

180, and 2 𝑎 + 𝑏 = 54. Prove that: 𝑎2 + 𝑏2 = 369

theorem Mathd_algebra_141

(a b : ℝ)

(h₁ : (a * b)=180)

(h₂ : 2 * (a + b)=54) :

(a^2 + b^2) = 369 :=

sorry

variables {P : Type*} [EuclideanPlane P] 

variable (O P A B C D E F L : P) 

variable (Ω : Circle P)

-- (From statement)

(h_center : Ω.center = O) 

(h_PA_tangent : (Line.mk P A) IsTangentAt Ω A) 

(h_PB_tangent : (Line.mk P B) IsTangentAt Ω B)

(h_EF_tangent : (Line.mk E F) IsTangentAt Ω C)

-- (From diagram) Point P is outside the circle

(h_P_outside : Ω.radius < dist O P) 

-- (From diagram) Point E is on line PA and point F is on line PB.

(h_E_on_PA : E LiesOn (Line.mk P A)) 

(h_F_on_PB : F LiesOn (Line.mk P B)) …  

theorem Geo_Midpoint:  

D = midpoint E F := sorry 

Human proof with 

auxiliary lines

Lean 4

Lean 4

Natural language theorem statement Formal theorem statement

Coq

Isabelle

Natural language statement with image Formal theorem statement in multi-language 

P O

B
F

C
D L

E

A

P O

B
F

C
D L

E

A
M

N

Figure 1: In traditional ATP, such as the miniF2F benchmark (top), theorem formalization relies solely on text
statements, whereas our MATP task setting (bottom) requires model to also extract critical premises not explicitly
expressed in the text by analyzing accompanying diagrams (see From diagram on the right), as inspired by human
cognition. Purple indicates premises derived from the original statement, and we provide formalized versions of all
multimodal theorems in Lean4, Coq, and Isabelle. The sorry keyword denotes omitted proofs.

precisely in natural language. For humans, the083

reasoning process in such tasks involves not only084

drawing intuitive insights from visual representa-085

tions but also constructing auxiliary diagrams and086

identifying implicit structural relations. We use087

MATP-BENCH to evaluate various MLLMs. Our088

findings indicate that even current state-of-the-art089

models can only solve a limited number of prob-090

lems, particularly when generating proofs in the091

Lean 4 language, where they perform poorly even092

for problems of only high school difficulty.093

To investigate the root causes of these failures,094

we ground our analysis in a Structural Causal095

Model (Peters et al., 2017), a graphical framework096

commonly used to describe the causal mechanisms097

within a system (Pearl, 2009). We distinguish that098

while formalization relies on the observational099

mapping of explicit inputs, theorem proving re-100

quires latent causal planning to discover unob-101

served auxiliary constructions. Our case studies102

further identify specific failure modes: (1) Visual-103

Symbolic Misalignment: despite correct textual104

extraction, models frequently ignore critical visual105

constraints, leading to missing premises; (2) In-106

effective Auxiliary Constructions: models often107

introduce valid but irrelevant auxiliary lines that108

fail to advance the causal path of the proof. In109

summary, our contributions are as follows:110

• We introduce MATP-BENCH, which contains 111

1,056 multimodal theorems drawn from high 112

school, university, and competition-level mathe- 113

matics. Each problem is accompanied by formal- 114

izations in Lean 4, Coq and Isabelle. 115

• We conduct extensive experiments on MATP- 116

BENCH with various advanced multimodal lan- 117

guage models of varying sizes. The results show 118

that even current state-of-the-art models can only 119

solve a limited number of problems. 120

• We formulate a Structural Causal Model to cap- 121

ture the fundamental difference between formal- 122

ization and proving. Our analysis identifies latent 123

causal planning as the primary bottleneck. We 124

further categorize failure modes, such as visual- 125

symbolic misalignment and ineffective auxiliary 126

lines, offering insights for future improvements. 127

2 Related Work 128

Multimodal Math Benchmarks. Various bench- 129

marks have been created to assess the mathematical 130

reasoning capabilities of LLMs (Amini et al., 2019; 131

Cobbe et al., 2021; Mishra et al., 2022; Frieder 132

et al., 2023; Hendrycks et al., 2020, 2021; Zhang 133

et al., 2024), with a growing number of specialized 134

evaluations for MLLMs (Lu et al., 2021; Masry 135

et al., 2022; Lu et al., 2023; Wang et al., 2024b). 136

GeoQA+ (Cao and Xiao, 2022), UniGeo (Chen 137
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Benchmark Size Verifiable Theorem
Proving

Theorem
formaliza-

tion

Multi-
modal

Multi-
level Lean Isabelle Coq

miniF2F (Zheng et al., 2021) 488 ✓ ✓ ✓ ✓ ✓
ProofNet (Azerbayev et al., 2023a) 371 ✓ ✓ ✓
Fimo (Liu et al., 2023a) 149 ✓ ✓ ✓
Geometry3K-test (Lu et al., 2021) 601 ✓ ✓
LeanEuclid (Murphy et al., 2024) 173 ✓ ✓ ✓ ✓ ✓
PutnamBench (Tsoukalas et al., 2024) 640 ✓ ✓ ✓ ✓ ✓
AlphaGeometry-test (Trinh et al., 2024) 30 ✓ ✓ ✓
ProverBench (Ren et al., 2025) 325 ✓ ✓ ✓
GeoTrust-test (Fu et al., 2025) 240 ✓ ✓ ✓

MATP-BENCH (ours) 1,056 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Comparison of existing related benchmarks. MATP-BENCH is a multimodal, multilevel, and multilan-
guage benchmark designed to evaluate MLLMs as automated theorem provers.

et al., 2022), GEOS (Seo et al., 2015), and Geome-138

try3K (Lu et al., 2021) provide standardized bench-139

marks focused on plane geometry problem-solving.140

MATHVISTA (Lu et al., 2023) includes 6,141 ex-141

amples to assess mathematical and visual reason-142

ing across diverse tasks. MATH-Vision (Wang143

et al., 2024b) consists of 3,040 carefully selected144

problems with visual contexts, drawn from 19 real-145

world math competitions and spanning 12 grade146

levels. MV-MATH (Wang et al., 2025b) is a mul-147

timodal benchmark featuring 2,009 multi-image148

questions, categorized into three question types.149

However, the exploration of ATP in multimodal150

settings remains limited. To address this gap, we151

propose MATP-BENCH, a benchmark that evalu-152

ates the ability of MLLMs to integrate visual per-153

ception, mathematical reasoning, and symbolic ma-154

nipulation to construct rigorous formal proofs.155

Automated Theorem Proving. Automated the-156

orem proving (ATP) has been a long-standing157

challenge in symbolic reasoning (Robinson and158

Voronkov, 2001; Bibel, 2013; Zheng et al., 2021;159

Liu et al., 2023a), with substantial progress made in160

developing automated theorem provers (Polu and161

Sutskever, 2020; Polu et al., 2022; Lample et al.,162

2022; Thakur et al., 2023; Azerbayev et al., 2023b;163

Jiang et al., 2022; Wang et al., 2024a, 2025d). In164

recent years, multiple benchmarks (Jiang et al.,165

2021; Ying et al., 2024; Lin et al., 2025; Yu et al.,166

2025) have been proposed for formal mathematical167

proof. MINIF2F (Zheng et al., 2021) features a168

diverse collection of 488 problems, each formal-169

ized in mainstream languages such as Lean 3 and170

Isabelle. ProofNet (Azerbayev et al., 2023a) com-171

prises 371 parallel formal and natural language172

theorem statements with proofs. PutnamBench173

(Tsoukalas et al., 2024) is a multilanguage bench-174

mark for theorem provers, featuring 1,692 formal- 175

izations of 640 Putnam Competition problems. We 176

push the boundaries of formal verification by ad- 177

vancing multimodal automated theorem proving. 178

The comparison between related benchmarks and 179

MATP-BENCH is shown in Table 1. 180

3 Problem Formulation 181

Automated Theorem Proving (ATP). In the 182

ATP task (Zheng et al., 2021; Azerbayev et al., 183

2023a; Tsoukalas et al., 2024; Liu et al., 2023a), 184

the system takes a formalized theorem statement 185

(FT ) as input, as shown in the upper part of Figure 186

1. The goal is to generate a formal proof (FP ): 187

ProverATP (FT ) → FP (1) 188

Then the formal proof of the theorem is checked 189

for correctness by proof assistants such as Lean 4. 190

Multimodal Automated Theorem Proving 191

(MATP). In the MATP task, the input to the 192

MATP system is a pair (MI,NT ), where: 193

• MI is the multimodal input; 194

• NT is the natural language statement. 195

As shown in the bottom part of Figure 1, the nat- 196

ural language statement NT and the information 197

from the multimodal input MI are complementary, 198

forming a complete theorem. Hence, the model 199

must first generate the complete formal theorem 200

FT , and then construct a valid formal proof FP . 201

The entire MATP task can be summarized as: 202

ProverMATP (MI,NT ) → (FT, FP ) (2) 203

Then the formal theorem FT and the formal proof 204

FP are verified by proof assistants. 205
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Category Count Percentage

Level
High School 472 44.7%
College 468 44.3%
Competition 116 11.0%

Type
Plane Geometry 937 88.7%
3D Geometry 73 6.9%
Analytic Geometry 46 4.4%

Topic

Segment Relationships 355 33.6%
Angle Relationships 282 26.7%
Area Relationships 222 21.0%
Circles and Tangents 86 8.1%
Parallel and Perpendicular Lines 38 3.6%
Similarity and Proportionality 25 2.4%
Cyclic Quads & Common Points 20 1.9%
Other 28 2.7%

Table 2: Statistics summary of MATP-BENCH. Counts
and percentages are provided for each category.

4 MATP-BENCH206

MATP-BENCH is a novel benchmark designed to207

evaluate MLLMs as automated theorem provers.208

We detail the benchmark construction as follows.209

(1) Multimodal Context and Multilanguage The-210

orem. As shown in Figure 1, unlike traditional211

text-only datasets, MATP-BENCH introduces mul-212

timodal context to jointly evaluate models on vi-213

sual understanding, mathematical reasoning, and214

symbolic manipulation. Our benchmark provides215

formalizations in Lean 4, Isabelle, and Coq, estab-216

lishing MATP-BENCH as the first multimodal ATP217

benchmark to cover all three languages. Our bench-218

mark presents the following challenges: (i) Visual219

Understanding: Accurately extracting key informa-220

tion from theorem-related images, akin to human221

perception, to construct formal theorem statements;222

(ii) Mathematical Reasoning: Employing rigorous223

mathematical reasoning to derive complete proofs224

based on the provided natural language descrip-225

tions and images; (iii) Neural-Symbol Proof Gen-226

eration: Demonstrating proficiency in these formal227

languages to strictly translate the mathematical rea-228

soning process into verifiable formal proofs.229

(2) Hierarchy and Diversity. Existing widely used230

benchmarks such as ProofNet (Azerbayev et al.,231

2023a) mainly focus on basic undergraduate math-232

ematical problems, and FIMO (Liu et al., 2023a) is233

limited to high school mathematics, while Putnam-234

Bench (Tsoukalas et al., 2024) targets advanced235

mathematical reasoning at the undergraduate level.236

In contrast, as shown in Table 2, MATP-BENCH237

spans high school, university, and competition lev-238

els, with examples provided in Appendix A. Specif-239

ically, the high school and university problems240

are collected from publicly available multimodal241

math problem datasets (Lu et al., 2023; Wang et al.,242

2024b, 2025b; Lu et al., 2021), while the competi- 243

tion problems are sourced from open mathematical 244

competitions at the high school and university lev- 245

els in China. We also manually annotate the formal 246

statements of each problem in three formal lan- 247

guages, to enable a thorough examination of mod- 248

els’ reasoning capabilities across different levels 249

of complexity and mathematics problems. Further- 250

more, the multimodal theorems in MATP-BENCH 251

are primarily centered around the domains of ge- 252

ometry, such as analytic geometry, plane geome- 253

try, and 3D geometry. These theorems challenge 254

models to perform complex cross-modal reasoning 255

and multi-step logical deduction, aiming to system- 256

atically evaluate the depth of reasoning of models 257

in structured mathematical tasks. 258

(3) Task Formulation. As mentioned in Section 259

3, we aim to achieve end-to-end multimodal au- 260

tomated theorem proving (Task 1). To ensure the 261

generated formal theorem aligns with the original 262

problem, we separately establish multimodal theo- 263

rem formalization (Task 2) for verification, follow- 264

ing LeanEuclid (Murphy et al., 2024). Thus, we 265

divide the task into two progressively sub-tasks: 266

• Task 1: Multimodal Automated Theorem 267

Proving: This task aims to achieve end-to-end 268

multimodal automated theorem proving similar 269

to human provers, i.e. ProverTask1(MI,NT ) → 270

(FT, FP ). For example, as shown in Figure 1. 271

The expected output comprises a formal theorem 272

and valid proof. This is significantly challenging 273

as the model must first accurately formalize the 274

theorem, then construct a valid proof. 275

• Task 2: Multimodal Theorem Formalization: 276

To prevent the model from generating formal the- 277

orems that do not align with original problems, 278

the model is required to formalize original natural 279

language problems into a precise theorem T , for- 280

mally denoted as ProverTask2(MI,NT ) → FT . 281

This task evaluates model capability to correctly 282

understand and formalize information from both 283

text and visual modalities. 284

(4) Formalization Effort and Challenges. Our 285

formalization team consists of two doctoral stu- 286

dents and several undergraduate students with back- 287

grounds in advanced mathematics, computer sci- 288

ence, and prior experience with formal proof assis- 289

tants. The problems cover multiple question types 290

that we manually formalized case by case. Specifi- 291

cally: (i) Multiple-choice questions: by extracting 292

key information from the image and incorporat- 293

ing the correct answer, the problem is transformed 294
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Task 1 Lean4 Coq Isabelle
H. U. C. Avg H. U. C. Avg H. U. C. Avg

Human∗ 100 100 100 100 100 100 100 100 100 100 100 100

pa
ss

@
10

o1 7.63 4.70 3.45 5.26 28.37 11.73 5.45 19.43 11.23 7.48 0.86 6.83
Claude-3.7 7.20 3.85 1.72 5.11 22.47 12.39 4.31 16.92 8.90 5.34 1.72 5.90
Gemini-2.0 8.47 2.14 0.86 4.82 14.76 4.27 1.72 8.71 7.84 3.63 0.00 4.11
Gemini-3.0 12.50 6.15 4.02 7.56 26.17 17.51 13.80 19.12 14.20 10.50 4.72 9.81
GPT-4.1 9.32 2.99 2.45 4.92 28.25 6.62 9.48 16.64 10.48 4.49 2.59 6.39
Llama3.2V 3.58 1.92 0.00 2.46 6.96 4.91 0.17 7.37 3.60 3.21 0.00 2.45
Qwen2.5VL 2.12 1.50 0.00 1.61 7.59 5.34 0.86 3.59 4.03 2.78 0.00 2.27
Qwen3VL 6.85 4.20 2.45 4.50 18.50 12.10 9.90 13.50 7.85 5.50 2.25 5.20

pa
ss

@
5

o1 4.03 2.78 1.72 2.84 18.78 6.84 8.62 11.43 7.84 4.70 0.86 4.47
Claude-3.7 5.51 1.50 0.00 3.12 8.65 3.85 0.86 5.67 4.45 2.14 0.00 2.20
Gemini-2.0 3.39 1.71 0.86 2.27 16.24 8.12 1.72 11.08 5.30 3.42 1.72 3.48
Gemini-3.0 7.80 4.20 2.55 4.85 19.50 12.80 8.47 13.59 9.65 7.20 1.72 6.17
GPT-4.1 5.08 3.38 0.86 3.11 20.89 4.27 1.72 8.96 6.62 3.82 2.59 4.35
Llama3.2V 2.54 1.72 0.00 1.61 4.43 3.21 0.00 3.40 1.91 2.35 0.00 1.42
Qwen2.5VL 1.48 0.86 0.00 1.04 3.58 2.56 0.00 2.65 2.54 1.92 0.00 1.49
Qwen3VL 4.50 2.80 1.20 2.83 12.50 8.50 5.50 8.83 5.10 3.60 1.20 3.30

pa
ss

@
1

o1 2.75 1.50 0.00 1.89 10.13 4.91 5.42 6.82 4.24 3.28 0.00 2.51
Claude-3.7 3.18 0.43 0.00 1.61 3.59 1.28 0.86 2.27 2.97 0.85 0.00 1.27
Gemini-2.0 2.54 0.85 0.86 1.52 6.54 3.63 0.00 4.54 3.60 2.14 1.72 1.91
Gemini-3.0 4.95 1.72 1.50 2.72 12.80 8.50 6.15 9.14 6.20 4.89 0.00 3.67
GPT-4.1 3.39 2.85 0.00 2.56 6.96 2.56 7.62 5.71 4.87 2.14 0.86 2.62
Llama3.2V 1.48 0.64 0.00 0.95 3.16 1.44 0.00 2.08 0.85 1.28 0.00 0.71
Qwen2.5VL 0.85 0.43 0.00 0.57 1.48 1.07 0.00 1.13 1.27 1.07 0.00 0.78
Qwen3VL 2.85 1.65 0.60 1.70 7.20 4.50 3.10 4.93 3.15 2.40 0.50 2.02

Table 3: Experimental results of Multimodal Automated Theorem Proving (Task 1), which requires model to
generate both formalized theorem and proof. ∗Human performance represents expert evaluation on a random subset
stratified by difficulty level. We adopt pass@n (n=1,5,10) as the evaluation metric here. H. U. C. represents high
school, university, and competition-level, respectively.

into a concrete theorem; (ii) Fill-in-the-blank ques-295

tions: the correct answer is directly inserted into296

the problem statement, and the theorem is formal-297

ized by integrating visual information; (iii) Open-298

ended questions: interrogative forms are converted299

into declarative statements based on the given an-300

swer, combined with image cues to construct a301

complete formal theorem. Our data construction302

process proceeds in three stages: (i) Formaliza-303

tion: On average, fully formalizing a high school,304

university, and competition problem takes approx-305

imately 25, 30, and 18 minutes respectively (in306

one language). This variation arises because high307

school and university problems are often concise308

with rich visual information requiring preprocess-309

ing, whereas competition problems are more de-310

tailed and easier to formalize; (ii) Peer Review:311

Each formalization undergoes a strict review by at312

least one other team member to ensure accuracy;313

and (iii) Expert Verification: To verify solvabil-314

ity and establish a human baseline, we randomly315

sampled 60 problems (20 per difficulty level), on316

which expert annotators achieved a 100% success317

rate (Task 1) through meticulous manual proof con-318

struction, confirming the rigorousness and correct- 319

ness of our benchmark. Unlike text-only formaliza- 320

tion, a central challenge here is the incompleteness 321

of natural language descriptions, where essential 322

assumptions are often implicit in the diagrams. 323

Consequently, the formalization process requires 324

identifying and extracting indispensable visual in- 325

formation (e.g., geometric structures) to reconstruct 326

rigorous, self-contained formal statements. 327

(5) Preventing Modality and Data Leakage. To 328

mitigate modality leakage, MATP-BENCH pro- 329

vides raw natural language NT and diagrams as in- 330

put rather than formal statements, compelling mod- 331

els to perform genuine multimodal reasoning. To 332

strictly rule out data leakage from pre-training cor- 333

pora (e.g., Mathlib4, AFP, and Coq Stdlib), we im- 334

plement a comprehensive decontamination check. 335

Specifically, we match all 1,056 formal theorem 336

statements against these libraries using N-gram 337

matching. As detailed in Appendix E, we find 0.0% 338

overlap for long sequences (N = 30), confirming 339

that our theorems are novel. This conclusion is 340

further supported by empirical results: even the 341

strongest models achieve less than 10% Pass@5 342
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Task 2 Lean4 Coq Isabelle
H. U. C. Avg H. U. C. Avg H. U. C. Avg

Human† 100 100 100 100 100 100 100 100 100 100 100 100

pa
ss

@
10

o1 53.12 61.28 63.32 59.24 42.65 45.64 63.37 50.50 51.88 63.50 63.08 60.14
Claude-3.7 55.07 60.42 61.64 59.04 39.07 51.22 65.20 51.83 49.78 62.22 58.28 56.21
Gemini-2.0 44.02 56.11 59.40 51.05 27.15 30.00 54.17 31.76 35.79 54.86 42.59 44.97
Gemini-3.0 60.50 68.45 63.41 64.13 48.20 50.80 62.53 53.84 56.40 60.15 61.92 59.49
GPT-4.1 47.58 58.19 65.27 57.01 37.03 43.89 68.35 49.76 48.10 65.73 44.27 52.56
Llama3.2V 15.50 21.81 28.58 19.72 11.79 16.39 31.38 15.97 17.42 23.89 19.61 20.52
Qwen2.5VL 26.84 33.33 38.66 31.46 16.73 20.14 38.66 20.64 21.94 31.81 25.63 26.66
Qwen3VL 48.50 56.20 58.80 54.50 32.40 38.50 55.20 42.03 40.50 55.80 45.20 47.17

pa
ss

@
5

o1 49.64 56.14 60.52 55.76 38.95 42.83 63.58 48.45 43.16 59.62 57.72 52.39
Claude-3.7 47.58 56.89 58.84 53.82 31.40 46.89 60.52 39.91 42.37 60.83 54.91 50.91
Gemini-2.0 39.36 52.36 55.47 46.88 23.45 25.83 53.23 27.77 30.44 48.61 37.54 39.26
Gemini-3.0 52.83 59.21 56.50 56.18 40.56 43.20 56.41 50.05 42.60 52.50 52.40 50.50
GPT-4.1 42.92 55.00 52.11 49.27 31.27 40.69 65.04 39.14 45.52 57.36 38.10 45.46
Llama3.2V 13.58 21.27 25.90 20.29 9.87 14.31 30.26 14.07 15.63 21.67 16.81 18.43
Qwen2.5VL 24.70 30.83 36.42 28.38 13.54 17.22 35.86 18.06 19.34 29.03 21.45 23.96
Qwen3VL 44.20 52.50 50.40 49.03 28.60 34.20 52.50 38.43 36.80 51.20 39.50 42.50

pa
ss

@
1

o1 33.05 45.61 43.15 40.24 27.66 35.49 57.26 40.13 23.68 51.19 30.26 35.04
Claude-3.7 30.72 47.82 39.78 38.21 18.92 25.28 47.63 24.88 26.31 49.86 31.70 35.96
Gemini-2.0 24.14 35.14 36.98 30.41 18.10 12.92 34.18 17.57 15.77 27.36 21.85 21.56
Gemini-3.0 40.50 49.63 42.80 44.31 26.80 32.50 52.41 37.23 25.20 46.43 40.22 37.38
GPT-4.1 26.19 37.22 33.06 31.82 16.46 28.61 58.72 26.36 16.73 43.23 37.34 35.80
Llama3.2V 10.68 13.80 19.05 11.67 8.68 5.36 12.61 8.35 8.78 13.47 8.95 10.87
Qwen2.5VL 13.71 20.56 24.66 17.94 11.38 8.89 21.85 11.43 10.97 18.19 12.89 14.38
Qwen3VL 28.50 38.60 32.40 33.17 15.50 22.40 45.20 27.70 18.20 35.50 25.60 26.43

Table 4: Experimental results of Multimodal Theorem Formalization (Task 2), which only requires model to
generate formalized theorem. †Human performance serves as the expert-annotated ground truth for this task. We
use GPT-4o as the judge and adopt pass@n (n=1,5,10) as the evaluation metric.

accuracy on Task 1. This significant performance343

gap contradicts the hypothesis of memorization-344

based retrieval, verifying that models must rely on345

genuine multimodal reasoning.346

5 Experiments347

5.1 Experimental settings348

Methods: We conduct extensive experiments on349

a wide variety of advanced multimodal LLMs.350

Specifically, the proprietary models include351

o1, GPT-4.1, Claude-3.7-Sonnet-Thinking352

(Claude-3.7), Gemini-2.0-Flash-Thinking353

(Gemini-2.0), and Gemini-3-Flash-Preview354

(Gemini-3.0) ; while the open-source models in-355

clude Qwen2.5-VL-Instruct-70B (Qwen2.5VL)356

(Team, 2025), Qwen3-VL-235B-Instruct357

(Qwen3VL) (Bai et al., 2025), and358

Llama3.2-Vision-Instruct-11B (Llama3.2V)359

(Liu et al., 2023b).360

Metrics: We adopt pass@n (n = 1, 5, 10) as the361

primary metric for both tasks. For Task 1, we362

evaluate success based on formal verification by363

the proof assistant. For Task 2, leveraging the364

strong discriminative capability of LLMs (Chen365

et al., 2024; Gu et al., 2025), we employ GPT-4o366

as a judge to assess semantic consistency against 367

our ground truth. Details of the prompts and eval- 368

uation settings are provided in Appendix H. To 369

validate the judge’s reliability, we conduct a meta- 370

evaluation on a stratified sample of 300 instances, 371

where the judge achieves 93.3% agreement with 372

human expert annotations (Cohen’s κ = 0.88). See 373

Appendix D for judge reliability analysis. 374

5.2 Main results 375

Lean 4. In the Lean 4 experiments, Gemini-3.0 376

achieves the highest overall success rate of 12.50% 377

on high school problems at pass@10. We ob- 378

serve a consistent performance decline across all 379

models as difficulty increases, with competition 380

problems proving particularly challenging and fre- 381

quently causing models such as Llama3.2V and 382

Qwen2.5VL to score zero. This highlights a signif- 383

icant capability gap, as the top-performing Gemini- 384

3.0 achieves an average pass@10 score of 7.56%, 385

which is more than three times the 1.61% average 386

of Qwen2.5VL. Additionally, Gemini-3.0 demon- 387

strates strong capabilities by securing the best result 388

on competition problems at pass@1. 389

Coq. In the Coq experiments, o1 achieves 28.37% 390

on high school problems (pass@10), marking the 391
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V

L

TVisual Image

Natural Language

L =“lines PA, PB, and EF are tangent to circle …”

T =“(h_PA_tangent : (Line.mk 

P A) IsTangentAt Ω A) ”

T 𝑆𝑖−1 Z 𝑆𝑖

Latent Precondition / Auxiliary

Z =“(h_Construct_MN : Perpendicular O L M N)”

V

(a) Task 2: Formalization (b) Task 1: Theorem Proving 

Current 

Proof State

Derived Proof Step

𝑺𝒊 =“(h_OA_PM : 

Perpendicular O A P M)”

variable (O P A B C D E F L : P) …

(h_PA_tangent : (Line.mk P A) IsTangentAt Ω A) 

(h_PB_tangent : (Line.mk P B) IsTangentAt Ω B)

(h_EF_tangent : (Line.mk E F) IsTangentAt Ω C)

(h_P_outside : Ω.radius < dist O P) …

In the given figure, lines PA, PB, and … Prove that D 

is the midpoint of EF. (See Figure 1)

P O

B
F

C
D L

E

A
M

theorem Geo_Midpoint:  

…

-- Auxiliary Line: Construct MN such that OL ⊥ MN

(h_Construct_MN : Perpendicular O L M N)

-- Derivation: Tangent properties imply OA ⊥ PM 

and OB ⊥ PN

(h_OA_PM : Perpendicular O A P M) 

(h_OB_PN : Perpendicular O B P N) …

(Human proof with auxiliary lines)
N

(c) An example of multimodal theorem formalization and proving with latent auxiliary line construction.

Formal Theorem

Figure 2: Structural Causal Analysis. (a) Task 2: Observational Mapping of explicit inputs. (b) Task 1: Latent
Causal Planning, requiring the discovery of unobserved auxiliary constructions (Z). (c) An illustrative example
showing the formalization process and the necessity of latent auxiliary line construction to complete the proof.

highest score recorded in Task 1. We attribute this392

partially to Coq’s powerful built-in decision proce-393

dures like lra. However, success rates drop steeply394

on harder tasks; for instance, Llama3.2V scores395

zero on competition problems. While o1 holds the396

top average score of 19.43%, more than five times397

that of Qwen2.5VL (3.59%), it faces strong compe-398

tition from Gemini-3.0, which actually outperforms399

o1 on university and competition level problems.400

Isabelle. Isabelle proves to be a significant chal-401

lenge for all models, with generally lower success402

rates. The maximum score is 14.20%, achieved by403

Gemini-3.0 on high school problems at pass@10.404

While o1 and GPT-4.1 constitute the top tier, a clear405

downward trend is visible as difficulty increases,406

becoming most pronounced on competition-level407

problems where most models score zero. The per-408

formance gap remains substantial at pass@10, as409

Gemini-3.0’s 9.81% average score roughly triples410

that of Qwen2.5VL (2.27%). More analysis is pro-411

vided in Appendix B and C.412

5.3 Main Bottleneck in Multimodal413

Automated Theorem Proving414

To rigorously explain the performance disparity415

between Task 1 and Task 2, we ground our analysis416

in a Structural Causal Model (SCM) (Peters et al.,417

2017), as illustrated in Figure 2. We formalize the418

cognitive mechanisms distinguishing the two tasks:419

• Task 2 (Formalization) is modeled as an Ob-420

servational Mapping problem. Since all geo-421

metric entities required for the theorem state-422

ment T are explicitly visible in the visual input423

V and language L, the objective is to estimate424

T̂ = argmaxT P (T | V,L). As shown in Figure 425

2(a), this relies on semantic grounding, a capa- 426

bility where MLLMs excel by matching visual 427

patterns to formal syntax. 428

• Task 1 (Proving), in contrast, involves Latent 429

Causal Planning. Valid proof steps often depend 430

on geometric preconditions that are not explic- 431

itly stated. These preconditions manifest as la- 432

tent auxiliary constructions (Z), which mediate 433

the causal path. Theoretically, the model must 434

marginalize over this latent space: 435

P (Si | Si−1) =
∑
Z

P (Si | Si−1, Z)︸ ︷︷ ︸
Reasoning

·P (Z | Si−1, T, V )︸ ︷︷ ︸
Planning

(3) 436

where Si−1 is the current proof state. 437

Empirical Validation Our experimental results 438

confirm this structural divergence. (1) Success 439

in Observational Mapping: In Task 2, models 440

achieve relatively high accuracy (e.g., GPT-4.1 441

reaches 56.40% on competition-level formaliza- 442

tion in Table 4), confirming that they function as 443

effective "translators" when the causal variables are 444

fully observed. (2) Failure in Latent Planning: In 445

Task 1, performance drops drastically (e.g., GPT- 446

4.1 falls to 9.32% on high school problems in Table 447

3). This gap indicates a deficit in the planning 448

term P (Z | Si−1, T, V ). As shown in Figure 3 (a), 449

model fails to discover the necessary latent variable 450

Z and generates invalid proof steps. 451

Necessity of Visual Information. We conduct a 452

“Text-Only” ablation on Task 2 using GPT-4.1. As 453

shown in Table 5, removing visual input causes a 454

drastic accuracy drop from 44.6% to 4.5%. This 455
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P O

B
F

C
D L

E

A

M

theorem Geo_Midpoint_Fail …

-- [Attempt] Model constructs auxiliary

let M := midpoint O A 

-- [Invalid Step] Derives a useless property

have h_PM_len : dist P M ^ 2 = (2 * dist P O 

^ 2 + 2 * dist P A ^ 2 - dist O A ^ 2) / 4 := by 

O

A

F

B

M

N

C

E

D

H theorem Geo_Orthocenter_Fail …

(h_circum : IsCircumcenter O A B C) -- [Text Success]

-- [Visual Failure] Model ignores right-angle markers at E and F 

-- [Missing] (h_perp_BE : Perpendicular (Line B E) (Line A C)) 

-- [Missing] (h_perp_CF : Perpendicular (Line C F) (Line A B))

: Perpendicular (Line O H) (Line M N) := by

Given△ABC with circumcenter O. Lines ED and FD intersect AB 

and AC at M and N, respectively. Prove that OH ⊥ MN.

In the given figure, lines PA, PB, and … Prove 

that D is the midpoint of EF. (See Figure 1)

(a) Ineffective Auxiliary (b) Missing Premise

Figure 3: Representative failure traces. (a) Ineffective Auxiliary: The model generates a geometrically valid but
irrelevant auxiliary construction (orange), failing to advance the proof. (b) Missing Premise: While correctly
extracting premises from the text (purple), the model ignores visual right-angle markers.

Proportion of Multimodal Theorems Requiring Auxiliary Construction

High School University Competition

Claude 3.7 Attempt Rate

GPT 4.1 Attempt Rate

Claude 3.7 Success Rate (Given Attempt)

GPT 4.1 Success Rate (Given Attempt)
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Figure 4: Auxiliary construction analysis by question
difficulty level and model, evaluated using Pass@10.

confirms that visual context is indispensable for456

extracting geometric conditions, proving the task457

cannot be solved via text shortcuts alone.458

Setting Lean 4 Isabelle Coq Overall Avg

Multimodal 49.2% 45.4% 39.1% 44.6%
Text-Only 4.8% 5.6% 2.9% 4.5%
∆ (↓) -44.4% -39.8% -36.2% -40.1%

Table 5: Performance comparison (Pass@5) on Task 2
under Multimodal (standard) vs. Text-Only settings.

5.4 Analysis of Auxiliary Constructions459

To evaluate the model’s capability in generating460

auxiliary constructions, we operationalize auxiliary461

use with a deterministic rule-based method: we462

define an Attempt as detecting a new geometric463

variable declaration (e.g., via let) absent in the464

premises, and Effective Use as the explicit refer-465

ence of this variable in a subsequent verified proof466

step. We manually verify a random subset of 100 in-467

stances, finding 97% alignment between this algo-468

rithmic detection and expert judgment, confirming469

that our algorithm accurately identifies genuine ge-470

ometric construction attempts (e.g., creating points,471

lines) while ignoring trivial variable reassignments.472

Figure 4 shows that the need for auxiliary con-473

structions rises significantly with difficulty. While 474

top models such as Claude-3.7 and GPT-4.1 show 475

a rising "Attempt Rate", their "Effective Success 476

Rate" remains disproportionately low. This gap 477

indicates that while models superficially mimic 478

auxiliary constructions, they fail to generate cor- 479

rect or meaningful instances required for the proof. 480

Recent research suggests that visual prompts (Sht- 481

edritski et al., 2023; Yang et al., 2023a; Hu et al., 482

2024; Wang et al., 2025e) or interactive sketching 483

tools (Hu et al., 2024) offer a promising direction. 484

5.5 Failure Case Study 485

Figure 8 categorizes error types, revealing that 486

Claude and GPT-4.1 share a profile dominated by 487

invalid proof steps, missing preconditions, and un- 488

derutilized multimodal information ( 72% of total 489

errors). This highlights challenges in complex rea- 490

soning and implicit visual constraint extraction. In 491

contrast, open-source models like Qwen2.5VL suf- 492

fer more from fundamental formalization issues 493

such as incorrect imports. Ultimately, all models 494

struggle with visual-symbolic alignment and main- 495

taining coherent reasoning. Figure 3 illustrates 496

representative failure traces from GPT-4.1: Case 497

(a) demonstrates an ineffective auxiliary construc- 498

tion where the model introduces a geometrically 499

valid but irrelevant line that fails to advance the 500

proof. Case (b) illustrates a missing premise er- 501

ror where visual right-angle markers are ignored 502

despite correct textual extraction. 503

6 Conclusion 504

In this paper, we introduce MATP-BENCH, a mul- 505

timodal, multilevel, and multilanguage benchmark 506

comprising 1,056 theorems from high school to 507

competition levels, each formalized in Lean 4, 508

Coq, and Isabelle. Experiments with mainstream 509

MLLMs reveal significant performance gaps, high- 510

lighting current limitations and identifying the con- 511

struction of correct proofs as the primary bottleneck 512

in multimodal automated theorem proving. 513
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Limitations514

This paper evaluates the capabilities of various515

mainstream Multimodal Large Language Models516

(MLLMs) in multimodal automated theorem prov-517

ing. We select three different formal languages518

(Lean 4, Coq, and Isabelle) for testing, and com-519

pare the performance (primarily using pass@10520

as the metric) of general MLLMs, including o1,521

Claude-3.7, Gemini-2.0, GPT-4.1, Qwen2.5-VL,522

and Llama3.2-Vision, on problems of varying dif-523

ficulty levels. Although this study provides an ex-524

ploration into the application of MLLMs in the do-525

main of formal proof, it also has several limitations.526

First, the testing of MLLMs in this paper primarily527

involves one-shot generation of formal theorems528

and proofs, and does not explore multi-step or in-529

teractive proof generation capabilities. Secondly,530

the analysis of the model is primarily based on its531

final results, without delving into its internal mech-532

anisms or the specific impact of different reasoning533

steps on performance. Future work could consider534

employing more comprehensive datasets, explor-535

ing richer evaluation scenarios such as multi-step536

and interactive proof generation, and conducting a537

more in-depth mechanistic analysis of the models’538

proof generation process.539

Ethical Considerations540

All natural language mathematical problems in541

our dataset are sourced exclusively from pub-542

licly available resources. The high school and543

college-level problems originate from existing544

open-access multimodal mathematics datasets,545

while the competition-level problems are collected546

from publicly available Chinese high school and547

university mathematics competitions. We manually548

formalized all problems and conducted rigorous549

human verification. This process ensures the for-550

mal proofs are novel and have never been exposed551

to existing models, preventing data leakage and552

enabling a fair evaluation of reasoning capabilities.553

Licenses Our dataset is distributed under a Cre-554

ative Commons (CC) license, providing free ac-555

cess to the academic community. All use of our556

resources must comply with the terms of the re-557

spective licenses and be for research purposes.558
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Figure 5: An example of a high school level mathematics
problem, requiring the calculation of a triangle’s area within a
configuration of two adjacent squares (ABGH and BCDF) of
differing side lengths.

Figure 6: An example of a university level mathematics
problem, requiring the determination that the number of non-
repeating paths from the top to bottom vertex of a regular
icosahedron, under downward or horizontal movement con-
straints, is 810.

B Multimodal Automated Theorem834

Proving835

Table 3 presents the experimental results for Task 1,836

evaluating multimodal automated theorem proving837

using pass@5 and pass@1 metrics, respectively,838

across Lean 4, Coq, and Isabelle formal languages839

and three difficulty levels. Comparing the two840

tables, it is evident that providing models with841

more attempts (pass@5 vs pass@1) generally leads842

to higher success rates across all models, formal843

languages, and difficulty levels, highlighting the844

benefit of multiple decoding attempts in this task.845

Analyzing the pass@5 results in Table 5, among846

the individual models, GPT-4.1 consistently ranks847

among the top performers under pass@5, showing848

notable strength in handling higher difficulty levels.849

Gemini-2.0, Qwen2.5-VL, and Llama3.2 generally850

achieve lower pass rates across most tasks and dif-851

ficulty levels under pass@5.852

The pass@1 results in Table 6, which assesses 853

the model’s ability to generate a correct proof on 854

the very first attempt, are considerably lower across 855

the board. The relative ranking of models shifts for 856

some languages under this stricter metric. GPT-4.1 857

still demonstrates relative strength at the competi- 858

tion level even at pass@1 in Coq and Isabelle, sug- 859

gesting some capability for direct high-difficulty 860

solutions. The performance difference between 861

pass@5 and pass@1 highlights that while all mod- 862

els benefit from retries, some models, appear to 863

leverage multiple attempts more effectively to find 864

a successful proof compared to their initial attempt 865

performance, whereas others, such as o1 in Coq 866

and Isabelle, are relatively stronger at generating a 867

correct proof on the first try. 868

C Multimodal Theorem Formalization 869

Table 4 presents the experimental results for Multi- 870

modal Theorem Formalization (Task 2), which eval- 871

uates models on generating formalized theorems 872

using pass@5 and pass@1 metrics across Lean 4, 873

Coq, and Isabelle. As expected, pass@5 scores 874

consistently exceed pass@1 scores, indicating that 875

multiple attempts improve formalization accuracy. 876

However, compared to full proof generation (Task 877

1), the relative increase from pass@1 to pass@5 878

appears less dramatic for Task 2, suggesting that 879

models capable of formalizing a theorem often do 880

so successfully on earlier attempts. Overall, for 881

theorem formalization, models achieve consider- 882

ably higher pass rates than for proof generation, 883

highlighting that generating the correct theorem 884

statement is a less challenging task than generating 885

the complete proof. 886

Analyzing the results, o1 demonstrates particular 887

strength in first-attempt formalization (pass@1), 888

frequently leading in Coq and Isabelle. Models 889

such as Claude-3.7 and GPT-4.1 show competitive 890

performance in specific languages or difficulty tiers, 891

while others generally trail. These results indicate 892

that while current models are significantly better at 893

theorem formalization than full proof generation, 894

their ability to accurately formalize theorems still 895

varies depending on the specific formal language 896

and problem complexity, with o1 showing notable 897

capabilities in this task. 898

D Judge Reliability Analysis 899

To ensure the fairness and accuracy of using GPT- 900

4o as an automated judge for Task 2, and to address 901
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Figure 7: Performance of different MLLMs (Gemini-2.0-flash-thinking, GPT4.1, and Qwen2.5-VL-Instruct-70B) on multimodal
theorem automated proving (Task 1) and theorem formalization (Task 2), across varying difficulty levels.

Invalid proof steps Missing assumptions Missing multimodal information

Formalization-natural language mismatch Incorrect definitions Hallucinated constructs

Others

Claude-3.7-Sonnet-Thinking OpenAI-GPT4.1 Qwen2.5-VL-Instruct-70B

Figure 8: We perform an error analysis on the results of a reasoning model (Claude-3.7-Sonnet-Thinking) and two non-reasoning
models (GPT4.1 and Qwen2.5-VL-Instruct-70B), all three being competitive on MATP tasks (Lean 4), with the figure illustrating
the seven most frequent error types.

concerns regarding the reliability of the LLM-as-902

a-judge metric, we conducted a rigorous human903

verification process. We randomly sampled 300904

instances, stratified evenly across Lean 4, Coq, and905

Isabelle (100 instances each). Human experts inde-906

pendently annotated these instances, and we com-907

pared their judgments (Correct/Incorrect) with the908

decisions made by the GPT-4o judge.909

Table 6 presents the detailed agreement metrics.910

We report both Cohen’s κ and Accuracy to demon-911

strate alignment, along with a breakdown of error912

types (False Positive and False Negative Rates) to913

quantify reliability. The overall Cohen’s κ of 0.88914

indicates “almost perfect” agreement according to915

standard interpretation scales. GPT-4o demon-916

strates a high alignment with human experts.917

Our detailed error analysis reveals distinct error918

modes:919

• False Positives (Main Source of Error):920

The judge is slightly biased towards leniency921

(4.3% overall). A typical failure mode in- 922

volves overlooking missing non-degeneracy 923

assumptions. For example, GPT-4o might ac- 924

cept a formalization that omits a condition 925

such as x ̸= 0 for a denominator, which tech- 926

nically invalidates the theorem but is often 927

implicit in natural language. 928

• False Negatives (Rarer): False negatives 929

(2.4% overall) typically involve complex syn- 930

tactic variations, such as using correct but 931

less common library definitions that the model 932

fails to recognize as semantically equivalent 933

to the reference. 934

Given that the judge’s accuracy consistently ex- 935

ceeds 90% and the error rates are balanced (with 936

a slight bias towards leniency), we conclude that 937

GPT-4o is a reliable proxy for evaluating Task-2. 938

To ensure robustness, we explicitly interpret our 939

Task-2 leaderboards with a ±5% uncertainty band. 940
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Figure 9: We present the performance of different MLLMs (Gemini-2.0-flash-thinking, OpenAI-GPT4.1, and Qwen2.5-VL-
Instruct-70B) on multimodal automated theorem proving task across varying difficulty levels, evaluated using Pass@1, Pass@5,
and Pass@10 metrics.

Importantly, the performance gaps between the top-941

performing models (e.g., Claude-3.7/GPT-4.1) and942

smaller models in our main results significantly943

exceed this noise margin, ensuring that our core944

findings and model rankings remain valid.945

E Data Decontamination Analysis946

To ensure the novelty of our benchmark, we per-947

form an N-gram overlap analysis between MATP-948

BENCH and the standard libraries of Lean 4 (Math-949

lib4), Isabelle (AFP), and Coq (Stdlib). We tok-950

enize the formal statements and check for overlap-951

ping sequences of length N = 10, 20, and 30.952

Table 7 presents the results. While we ob-953

serve minor accidental overlaps for short common954

phrases (N = 10, e.g., variable declarations or955

imports), the overlap drops to 0.0% for longer se-956

quences (N = 30). This confirms that the complete957

mathematical propositions in our benchmark are958

unique and not present in the open-source reposito-959

ries used for model training.960

F Performance Comparison Across 961

Formal Languages 962

Figure 9 illustrates the performance of Claude 3.7, 963

GPT 4.1, and Qwen 2.5 on multimodal theorem 964

proving tasks across Lean 4, Coq, and Isabelle, 965

evaluated by Pass@1, Pass@5, and Pass@10 met- 966

rics across varying difficulty levels. The results con- 967

sistently demonstrate that model performance sig- 968

nificantly decreases with increasing task difficulty 969

and improves with a greater number of allowed 970

attempts, with Pass@10 achieving the highest pass 971

rates. Among the evaluated models, GPT 4.1 gen- 972

erally exhibits the strongest performance across 973

most formal languages and difficulty levels, partic- 974

ularly excelling in challenging scenarios. Claude 975

3.7 typically ranks as the second-best performer, 976

while Qwen 2.5 consistently shows the lowest pass 977

rates. Performance also varies by formal language, 978

with models often achieving higher success rates 979

in Coq compared to Lean 4 and Isabelle. The sub- 980

stantial difference between Pass@1 and Pass@10 981

highlights the models’ ability to find correct proofs 982

with multiple tries, although overall performance 983
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Category Cohen’s κ Accuracy False Positive Rate False Negative Rate
(Over-lenient) (Over-strict)

Overall 0.88 93.3% 4.3% 2.4%

Lean 4 0.91 95.0% 3.0% 2.0%
Coq 0.89 94.0% 3.5% 2.5%
Isabelle 0.84 91.0% 6.3% 2.7%

Table 6: Detailed Judge Reliability Statistics (N=300). Comparison between GPT-4o Judge and Human-Majority
Labels. The high Cohen’s κ (> 0.8) confirms strong agreement. The error analysis breaks down discrepancies
into False Positives (judge incorrectly accepts invalid formalization) and False Negatives (judge rejects valid
formalization).

Language N=10 N=20 N=30

Lean 4 2.4% 0.1% 0.0%
Isabelle 1.8% 0.0% 0.0%
Coq 2.1% 0.1% 0.0%

Table 7: N-gram overlap rates between MATP-BENCH
and public formal libraries. N represents the number
of consecutive tokens matched. The 0.0% overlap at
N = 30 verifies that no full statements are leaked.

remains low on complex competition-level prob-984

lems for all evaluated models.985

G Stability Analysis and Ablation Studies986

To investigate the sensitivity of our results to hyper-987

parameter settings and prompt strategies, we con-988

duct an ablation study using GPT-4.1 on the Lean989

4. We establish a baseline using our default setting990

(Few-shot, Temperature T = 0.5) and compared it991

against a high-temperature setting (T = 0.9) and a992

Zero-shot prompt variant.993

Table 8 summarizes the performance across994

pass@1, pass@5, and pass@10 metrics. As ob-995

served in Table 8, our default configuration (T =996

0.5) consistently achieves the best performance.997

• Temperature Sensitivity: Increasing the tem-998

perature to T = 0.9 causes a performance999

degradation (e.g., Task 2 Pass@1 drops from1000

24.14% to 19.50%). While higher tempera-1001

tures theoretically encourage diversity, in for-1002

mal reasoning, they often induce syntactic hal-1003

lucinations or invalid logical leaps that fail1004

rigorous verification. T = 0.5 proves to be1005

the optimal sweet spot, balancing exploration1006

with adherence to formal rules.1007

• Impact of Few-shot Learning: The removal1008

of in-context examples (Zero-shot) results in1009

a catastrophic performance drop (e.g., Task 1 1010

Pass@10 falls to 1.10%). This underscores 1011

that MLLMs rely heavily on few-shot demon- 1012

strations to grasp the strict syntax, import con- 1013

ventions, and structural requirements of Lean 1014

4 formalization. 1015

H Prompts 1016

Figures 10 and 11 outline the prompts for multi- 1017

modal automated theorem proving task, which aims 1018

to achieve end-to-end multimodal automated theo- 1019

rem proving similar to human provers, by directly 1020

generating a formalized theorem and its proof from 1021

multimodal informal input. Figure 12 presents the 1022

prompt for multimodal theorem formalization task. 1023

The prover receives the multimodal question, and 1024

is required to formalize it into a precise theorem. 1025

I AI Usage 1026

This paper introduces MATP-BENCH, a bench- 1027

mark for evaluating MLLMs in automated theo- 1028

rem proving, featuring multimodal theorems from 1029

high school, university, and competition levels. For 1030

the preparation of this manuscript, we utilized AI- 1031

powered tools exclusively for writing assistance, 1032

such as grammar correction and phrasing refine- 1033

ment, to enhance the overall clarity of the paper. 1034
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Task Setting Temp (T ) Pass@1 Pass@5 Pass@10

Task 1
Few-shot (Default) 0.5 2.08% 3.40% 5.71%
Few-shot 0.9 1.65% 2.95% 4.82%
Zero-shot 0.5 0.42% 0.85% 1.10%

Task 2
Few-shot (Default) 0.5 24.14% 42.92% 47.58%
Few-shot 0.9 19.50% 38.20% 43.10%
Zero-shot 0.5 8.60% 15.30% 18.25%

Table 8: Stability Analysis on GPT-4.1 (Lean 4). We compare our default setting (Few-shot, T = 0.5) against a
high-temperature setting (T = 0.9) and a Zero-shot variant. The results indicate that T = 0.5 yields the optimal
balance for reasoning accuracy. Increasing temperature to 0.9 degrades performance due to hallucinations, while
removing few-shot examples (Zero-shot) leads to significant failure in adhering to formal syntax.

Figure 10: Prompt for multimodal automated theorem proving task (part1).
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Figure 11: Prompt for multimodal automated theorem proving task (part2).
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Figure 12: Prompt for multimodal theorem formalization task.
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You are a Coq expert. Compare the *statements* of two formal theorems. Determine 

if they are logically equivalent by:

1. Checking if they express the *same mathematical proposition*.

2. Ignoring: syntax variations and trivial reordering.

Return *exactly*:

- 'CORRECT' if the theorems are semantically equivalent.

- 'INCORRECT' if they define different propositions.

Reference Coq code:

{reference_coq_code}

Generated Coq code:

{generated_coq_code}

Your judgment (CORRECT/INCORRECT):

Prompt for LLM-as-Judge

Figure 13: Prompt for LLM-as-Judge.
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