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Abstract001

Multimodal Large Language Models (MLLMs)002
have demonstrated strong abilities in solving di-003
verse visual and textual reasoning tasks. How-004
ever, their development in the physics do-005
main is significantly hindered by the lack of006
a comprehensive benchmark. To fill this gap,007
we introduce OmniPhys, a large-scale bench-008
mark for multimodal physics understanding009
and reasoning, covering middle school through010
university-level problems. OmniPhys consists011
of 13,146 questions and 17,567 images, ac-012
companied by detailed annotations that support013
fine-grained analysis of reasoning processes014
and knowledge usage. Beyond conventional015
evaluation, OmniPhys is a benchmark that sys-016
tematically evaluates multimodal outputs in017
physics domain, including models’ ability to018
generate structured physics diagrams, which019
constitute a fundamental component of authen-020
tic physics problem solving. Extensive evalua-021
tions reveal critical gaps in the capabilities of022
current MLLMs, especially in complex reason-023
ing and visual generation. To address this, we024
release OmniPhys to serve as a foundational025
resource for advancing multimodal intelligence026
in physics and scientific domains. Codes027
and data are available at https://anonymous.028
4open.science/r/Omni-Phys-main-34A9/.029

1 Introduction030

The rapid evolution of Large Language Models031

(LLMs) (Jaech et al., 2024; OpenAI, 2023; Gheo-032

rghe Comanici et al., 2025; Grattafiori et al., 2024;033

Liu et al., 2024) and Multimodal Large Language034

Models (MLLMs) (Radford et al., 2021; Alayrac035

et al., 2022; Li et al., 2023a) has revolutionized lan-036

guage understanding and visual reasoning across037

general-purpose tasks. However, applying these038

models to specialized scientific domains, such039

as mathematical problem-solving(Lu et al., 2023;040

Yang et al., 2024b), physics problem-solving(Ding041

et al., 2023; Jaiswal et al., 2024) and diagram inter-042

pretation (Masry et al., 2022; Methani et al., 2020),043

remains challenging. Physics, in particular, stands 044

out as a prototypical multimodal arena, demand- 045

ing the rigorous integration of textual descriptions, 046

visual diagrams, and symbolic logic to achieve ac- 047

curate reasoning. 048

Physics underpins all branches of the natural 049

sciences(Feynman, 1967; Smith, 2007). While spe- 050

cific datasets have emerged to benchmark physical 051

reasoning (Ding et al., 2023; Anand et al., 2024; Xu 052

et al., 2025; Luo et al., 2025), existing works rarely 053

satisfy three critical criteria simultaneously: (1) 054

Cross-stage knowledge fusion, spanning the full 055

spectrum from middle school to university levels; 056

(2) Multimodal input comprehension, requiring 057

the interpretation of complex textual and visual 058

cues; and (3) Multimodal output generation, as- 059

sessing the model’s ability to actively synthesize 060

diagrams rather than merely selecting options. The 061

absence of such a unified benchmark hinders a sys- 062

tematic evaluation of current models’ capabilities. 063

To address these challenges, we present Omni- 064

Phys, a unified Chinese benchmark designed to as- 065

sess physics mastery from secondary education to 066

university levels. As shown in Figure 1, the dataset 067

features a rigorous combination of textual, visual, 068

and symbolic inputs, covering five major physical 069

disciplines including mechanics, electromagnetism, 070

and optics. To guarantee difficulty and pedagogi- 071

cal validity, all questions are meticulously curated 072

from contemporary examination papers and author- 073

itative textbooks, undergoing a strict multi-stage 074

filtering process. Distinctively, OmniPhys intro- 075

duces a pioneering subset for multimodal output 076

tasks, specifically designed to assess the capabili- 077

ties of MLLMs in physics diagram understanding 078

and editing. To establish a benchmark baseline, 079

we conducted comprehensive evaluations on Om- 080

niPhys. Our empirical results reveal that despite 081

recent advancements, significant challenges per- 082

sist for both proprietary and open-source MLLMs. 083

Models across both categories demonstrate substan- 084
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MMi-PhysBench

Level: University
Type: Open-ended Problem-Solving
Q: Two infinite parallel wires carry equal and opposite currents. A coplanar metal rod �� of length � lies 
perpendicular to the wires and moves parallel to them at velocity � (as shown). Find the induced EMF and 
determine which end has the higher potential.

A: From Ampere's Law：ε =  2�
2�+� �0��

2�
( 1
�−�

− 1
�
)�� = �0��

2�
�� 2(�+�)

2�+�
The EMF is directed from C to D; therefore, the potential at D is higher.

Input modalities: Text, Image

Output modality: Text Level: Middle School
Type: Graph construction

Q: The figure shows an opera performer in front of a plane mirror. 

Input Image Output Image
A: According to the law of plane mirror imaging, the image is 
symmetrical to the object. Draw the reflection of arc �� across the 
mirror to represent its image. Light from point � reflects off the 

mirror into the actor's eyes.
Input modalities: Text, Image
Output modality: Image

Draw the image of the curved segment �� of the headpiece in the mirror, 
and draw the light path by which the performer sees point �.

Level: Middle School
Type: Fill-in-the-blank 

Q: The figure shows the time on Xiaoming's 
digital clock. If viewed in a plane mirror behind 
him, the time is ________. A: 21:51

Input modalities: Text, Image
Output modality: Text

Q: Xiaoming wants to determine which cup in Figure 1 

Level: High School
Type: Experimental question 

cools hot water faster. He poured equal masses of hot water into 
both cups and started timing. Figure 2 shows the resulting temperature 
vs. time graph.

Figure 1 Figure 2

From Figure 2, it can be 
inferred that the hot water in 
cup ________ (choose "甲" or "
乙") will cool to 40℃ first.
The water in cup ________ 
(choose "甲" or "乙") released 
more heat between 0 and 10 ���. The reason is __________________.  
A: 乙，乙，Since both are water with equal mass, and ∆�1 < ∆�2 
during 0~10 ���, the formula � = ��∆� shows that �1 < �2. 
Thus, the water in cup 乙 released more heat.

Input modalities: Text, Image Output modality: Text

Q:A ball is projected horizontally with initial speed �0 from 
point � on a long incline of angle �. It lands at point � after 
time �, where its velocity makes an angle � with the horizontal. 
Neglecting air resistance, which graphs correctly show the 
relationship between � or ��� � and �0?

Level: High School
Type: Multiple-choice question

A: D. The tangent of the angle 
between the velocity and the 
horizontal is ��� � =  2����. 

This is a constant value, independent of time and initial velocity. 
Input modalities: Text, Image

Output modality: Text

Figure 1: Overview of the OmniPhys Dataset. The benchmark encompasses five major physics disciplines,
illustrated by representative samples: Mechanics, Electromagnetism, Optics, Thermodynamics, and Acoustics.

tial room for improvement in handling multimodal085

physics reasoning across diverse educational stages.086

Our main contributions are summarized as follows:087

Holistic Benchmark. We present OmniPhys,088

an authentic dataset covering middle school to uni-089

versity physics to evaluate cross-stage reasoning090

transfer.091

Generative Subset. We design a novel subset092

for multimodal output tasks, assessing the models’093

capability to synthesize and edit physics diagrams.094

Comprehensive Evaluation. Extensive experi-095

ments with SOTA MLLMs reveal persistent chal-096

lenges in conceptual mastery, positioning Omni-097

Phys as a rigorous baseline for future research.098

2 Related Works099

2.1 Multimodal Large Language Models100

Building on the reasoning prowess of LLMs (Zhao101

et al., 2025; OpenAI, 2023) and the alignment102

strategies of foundational vision-language mod-103

els (Radford et al., 2021; Wang et al., 2022), recent104

MLLMs have achieved significant breakthroughs105

by synergizing visual encoders with LLM back-106

bones. Representative works, such as BLIP-2 (Li107

et al., 2023b), Flamingo (Alayrac et al., 2022), and108

LLaVA (Liu et al., 2023), demonstrate that instruc-109

tion tuning effectively transfers LLM reasoning110

capabilities to multimodal scenarios. The field111

has further evolved towards supporting arbitrary112

interleaved inputs and outputs, exemplified by uni-113

fied models like GPT-4V (Wu et al., 2024) and114

Gemini (Gheorghe Comanici et al., 2025). Despite 115

these advancements, MLLMs remain susceptible 116

to hallucinations (Bai et al., 2024) and often fal- 117

ter in tasks requiring precise numerical calculation 118

or multi-step logical deduction (Yan et al., 2025). 119

These persistent limitations underscore the neces- 120

sity for challenging benchmarks to probe deep mul- 121

timodal reasoning. 122

2.2 Benchmark for Physics Reasoning 123

As research on physical reasoning continues to 124

advance, the field calls for comprehensive bench- 125

marks to facilitate systematic evaluation. 126

Table 1 summarizes representative physical rea- 127

soning datasets. Early research primarily focused 128

on text-only modalities (Ding et al., 2023; Jaiswal 129

et al., 2024; Xu et al., 2025; Zheng et al., 2025) or 130

general K-12 benchmarks with limited physics sub- 131

sets (Hendrycks et al., 2020; Li et al., 2024; Zhong 132

et al., 2024; Huang et al., 2023; Zhang et al., 2023). 133

While recent works have introduced image inputs 134

(He et al., 2024; Huang et al., 2024; Li et al., 2025a; 135

Zhou et al., 2025), they still suffer from incomplete 136

educational coverage and a lack of multimodal out- 137

puts (Guo et al., 2025). To bridge these gaps, we 138

introduce OmniPhys, a unified multimodal bench- 139

mark designed to rigorously evaluate capabilities 140

in both physics understanding and generation. 141

3 The OmniPhys Benchmark 142

We introduce OmniPhys, a comprehensive mul- 143

timodal physics benchmark spanning junior high 144

2



Dataset Size(Physics) Lang. Education Stage Image Modality

PS MS HS Uni Input Output

Text-Only Benchmarks
PhysQA (Ding et al., 2023) 1,008 EN ✗ ✓ ✗ ✗ ✗ ✗
C-Eval (Huang et al., 2023) 601 ZH ✗ ✓ ✓ ✓ ✗ ✗
MMLU (Hendrycks et al., 2020) 548 EN ✗ ✗ ✓ ✓ ✗ ✗
GAOKAO (Zhang et al., 2023) 111 ZH ✗ ✗ ✓ ✗ ✗ ✗
AGIEval (Zhong et al., 2024) 200 EN ✗ ✗ ✓ ✗ ✗ ✗
UGPhysics (Xu et al., 2025) 11,040 ZH/EN ✗ ✗ ✗ ✓ ✗ ✗
PHYSICS (Zheng et al., 2025) 16,568 ZH/EN ✗ ✗ ✓ ✓ ✗ ✗

Multimodal Input Benchmarks
TheoremQA (Chen et al., 2023) 131 EN ✗ ✗ ✗ ✓ ✓ ✗
Multi-Physics (Luo et al., 2025) 1,412 ZH ✗ ✗ ✓ ✗ ✓ ✗
OlympiadBench (He et al., 2024) 2,334 ZH/EN ✗ ✗ ✓ ✓ ✓ ✗
MM-PhyQA (Anand et al., 2024) 4,500 EN ✗ ✗ ✓ ✗ ✓ ✗
PhysicsArena (Dai et al., 2025) 5,103 EN ✗ ✗ ✓ ✗ ✓ ✗
MM-Eureka (Meng et al., 2025) 500 EN ✗ ✗ ✓ ✗ ✓ ✗
PhysReason (Zhang et al., 2025) 1,200 EN ✗ ✗ ✗ ✓ ✓ ✗
See-Phys (Xiang et al., 2025) 2,000 EN ✓ ✓ ✓ ✓ ✓ ✗
K12Vista (Li et al., 2025a) 6,600 EN ✓ ✓ ✓ ✗ ✓ ✗
MDK12-Bench (Zhou et al., 2025) 8,542 EN ✓ ✓ ✓ ✗ ✓ ✗

OmniPhys (Ours) 13,146 ZH ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Comparison with Existing Physics Datasets. Our OmniPhys distinguishes itself by supporting multimodal
outputs and covering the full spectrum of educational stages. (Lang.: Language, PS: Primary School, MS: Middle
School, HS: High School, Uni: University)

Category Count

Physics Domains
Mechanics 6,410
Electromagnetism 4,865
Optics 852
Thermodynamics 586
Acoustics 425

Educational Stages
Junior High School 4,324
Senior High School 8,317
University 505

Task Types
Objective (e.g., MCQ) 9,327
Open-Ended (e.g., Calculation) 3,558
Multimodal Generation 261

Total Questions 13,146
Total Images 17,567

Table 2: Statistics of OmniPhys. The benchmark fea-
tures a hierarchical distribution of difficulty spanning
three educational stages.

to university curricula. It challenges MLLMs to145

synergize diagrams, formulas, and text for rigorous,146

visually grounded reasoning.147

3.1 Data Sources and Distribution148

OmniPhys is meticulously constructed from a149

diverse array of authoritative educational re-150

sources, ranging from standard textbooks to151

teacher-curated exercise collections, spanning the152

full spectrum from middle school to university lev- 153

els. We employ a multi-stage processing pipeline 154

that leverages state-of-the-art OCR tools, specif- 155

ically MinerU (Niu et al., 2025) and DeepSeek- 156

OCR (Wei et al., 2025), to analyze original PDFs. 157

The processed data is organized into a structured 158

JSONL format, where each instance is comprehen- 159

sively annotated with problem texts, diagrams, an- 160

swers, and step-by-step reasoning chains. 161

Table 2 details the data distribution. The data 162

composition is strategically aligned with real-world 163

physics curricula. Reflecting educational standards, 164

Mechanics and Electromagnetism dominate the dis- 165

tribution. Structurally, OmniPhys adopts a diffi- 166

culty pyramid, which spans from a Junior and Se- 167

nior foundation to a University-level challenging 168

set. This hierarchical design allows us to probe the 169

upper bounds of model reasoning in complex sce- 170

narios, going beyond average-case performance. 171

3.2 Data Preprocessing and Quality Filtering 172

To ensure the correctness, clarity, and reliability 173

of OmniPhys, we implement a multi-stage data 174

preprocessing and filtering pipeline. 175

Completeness Screening. Each sample is 176

strictly required to adhere to a valid JSON schema 177

and contain all mandatory fields, including the 178

problem statement, reference answer, and detailed 179

3



solution. Furthermore, we prune samples exhibit-180

ing insufficient textual length, effectively filtering181

out incomplete or low-quality content.182

Semantic Deduplication. We employ an183

embedding-based deduplication strategy using the184

bge-small-zh-v1.5 encoder (Xiao et al., 2023).185

We compute dense vector representations for all186

problem texts and identify duplicates based on a187

cosine similarity threshold of 0.95. This rigorous188

process eliminated 12.1% of redundant instances189

to yield the final valid dataset.190

Visual Dependency Filtering. To ensure Omni-191

Phys targets genuine multimodal reasoning, we cat-192

egorize instances into three levels. Level 1 (Text-193

Solvable) problems contain only decorative images194

where all necessary information is fully specified195

in the text. Level 2 (Text-Descriptive) problems196

include images that convey information, but the197

textual description completely duplicates the visual198

content. Level 3 (Image-Essential) problems re-199

quire direct interpretation of the image, as critical200

quantities or relationships are only available in the201

diagram. To ensure robust classification, we em-202

ploy a diverse judge panel consisting of DeepSeek-203

V3(Liu et al., 2024), Qwen2.5(Team, 2025c), and204

GPT-3.5(Ye et al., 2023). Only samples classified205

as Level 3 by all three judges are admitted into the206

final dataset. The detailed prompting strategy is207

provided in Appendix A.1.208

Difficulty Screening. We implement a model-209

based difficulty screening. We employ two rep-210

resentative lightweight MLLMs: Qwen2.5-VL-211

3B(Team, 2025b) and MiniCPM-V-2.6(Yao et al.,212

2024). We adopt an adversarial filtering criterion:213

any problem correctly solved by both models is214

deemed insufficiently challenging and is subse-215

quently discarded. The process is parallelized us-216

ing the vLLM framework on 2 NVIDIA RTX 4090217

GPUs. This step refines the dataset distribution, re-218

moving easy problems to better reflect meaningful219

cross-stage physics mastery.220

Data Leakage Prevention. We specifically se-221

lecting materials from frontline educators and phys-222

ically digitized examinations that are effectively223

insulated from public indexing. To empirically ver-224

ify this isolation, we adopt a search-based filtering225

protocol. We eliminate samples where GPT-4 (Ope-226

nAI, 2025a) retrieves the exact solution via web227

browsing or exhibits inconsistent responses when228

the search function is toggled. Finally, manual ver-229

ification is conducted on the remaining subset to230

guarantee a valid zero-shot evaluation.231

Meanwhile, we manually checked our collected 232

materials to ensure that they do not contain per- 233

sonally identifying information, references to real 234

individuals, or offensive or sensitive content. 235

4 Experiments 236

4.1 Experimental Setup 237

We evaluate a diverse suite of state-of-the-art 238

MLLMs on OmniPhys, spanning both proprietary 239

and open-source categories. The models included 240

in the evaluation are detailed below. 241

Proprietary Models. We prioritize recently re- 242

leased models to benchmark the upper bounds 243

of current capabilities. Our evaluation cov- 244

ers a broad spectrum of high-performance sys- 245

tems, including GPT-5.2(OpenAI, 2025c), GPT- 246

5.1(OpenAI, 2025b), GPT-4o(OpenAI, 2025a), 247

and o4-mini(OpenAI, 2025d), alongside competi- 248

tive counterparts such as Gemini-3-pro(Deepmind, 249

2025), Gemini-2.5-Flash(Gheorghe Comanici 250

et al., 2025), Claude-4.5-sonnet(Anthropic, 2025), 251

Grok-4(Xai, 2025), Doubao-Seed-1.6(Seed, 2025), 252

GLM-4.6v(AI, 2025), and Qwen3-VL-Plus(Bai 253

et al., 2025). All proprietary models are accessed 254

via their official APIs. 255

Open-source Models. We assess the full spec- 256

trum of the Qwen2.5-VL(Team, 2025b) series (3B, 257

7B, 32B, 72B) and its successor Qwen3-VL(Bai 258

et al., 2025) (2B, 8B, 32B, 235B), alongside 259

InternVL-3.5(Wang et al., 2025) at 2B, 14B, and 260

38B scales. To further ensure architectural diver- 261

sity, we incorporate representative models such as 262

Kimi-VL-A3B(Team et al., 2025), DeepSeek-VL- 263

7B(Lu et al., 2024), LLaVA-OneVision-1.5-8B(An 264

et al., 2025), and Phi-4-Multimodal(Abdin et al., 265

2024). The Qwen3-VL-235B-a22b is accessed via 266

its official API, while all other open-source models 267

are evaluated locally using 8 NVIDIA RTX 4090 268

and 2 NVIDIA RTX PRO 6000 GPUs, under iden- 269

tical inference settings. 270

4.2 Dual-Track Reasoning Evaluation 271

To achieve a granular assessment of multimodal 272

reasoning capabilities, we propose the Dual-Track 273

Reasoning Evaluation (DTRE) framework. We 274

categorize problems into two distinct streams: 275

Objective Tasks with deterministic outputs (e.g., 276

multiple-choice, fill-in-the-blank) and Open-Ended 277

Tasks requiring step-by-step derivation (e.g., calcu- 278

lation, experimental design). 279

To quantify model performance, we formalize 280
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Model Acoustics Optics Mechanics Thermodynamics Electricity Overall
S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3 Pobj Popen

Proprietary / Closed-source MLLMs

GPT-5.2 67.48 81.65 67.78 65.15 79.73 64.42 66.33 79.67 72.30 69.89 82.13 73.84 60.15 77.05 66.34 64.15 78.85 69.42 39.36 29.45
GPT-5.1 58.68 72.24 55.40 52.77 66.09 49.32 52.30 67.91 54.47 59.87 73.50 52.04 45.48 64.07 50.95 50.25 66.68 52.59 23.53 12.87
GPT-4o 46.21 64.07 47.36 41.15 55.99 35.03 39.41 54.01 40.33 49.02 60.46 46.76 36.63 52.24 38.28 39.04 53.93 39.50 12.28 4.61
o4-mini 62.39 68.86 58.46 59.19 67.79 49.08 64.85 72.01 60.01 70.76 77.39 63.86 59.55 67.78 52.63 62.75 70.36 56.48 39.34 21.50
Claude-4.5-Sonnet 59.56 72.98 66.46 56.50 72.72 57.27 54.24 71.73 62.99 56.07 69.90 64.02 45.44 65.11 59.14 51.31 69.30 61.11 28.42 24.42
Gemini-3-Pro 77.89 80.00 78.92 79.83 82.01 69.81 83.63 85.30 80.63 86.51 88.43 81.47 78.86 80.84 73.71 81.66 83.49 77.15 69.82 49.30
Gemini-2.5-Flash 67.57 81.86 77.00 68.24 81.81 64.54 69.50 84.33 74.49 78.07 87.42 75.19 64.56 80.98 70.33 67.93 83.01 72.20 46.31 35.89
Grok-4 48.30 65.13 59.33 50.45 67.70 50.55 47.91 66.14 51.76 56.13 70.63 54.89 42.64 62.82 48.60 46.53 65.21 50.60 18.96 13.80
Doubao-Seed-1.6 79.80 84.60 81.66 74.75 81.04 59.34 82.64 86.51 72.03 82.35 87.21 75.05 75.21 81.75 68.95 79.35 84.41 70.16 61.42 32.80
GLM-4.6v 70.85 79.05 73.42 69.24 78.67 62.24 75.05 82.59 70.98 76.30 83.15 71.81 68.16 77.48 66.10 72.13 80.44 68.49 52.12 33.14
Qwen3-VL-Plus 68.71 83.98 74.66 67.71 80.10 52.86 70.98 83.01 68.32 75.71 84.05 67.86 65.55 79.02 65.90 68.96 81.42 66.34 45.58 29.60

Open-source MLLMs

Qwen2.5-VL-3B 29.97 28.59 16.83 23.65 21.62 5.84 24.06 18.63 10.04 29.71 26.56 12.71 21.57 16.16 9.92 23.45 18.42 9.88 0.96 0.11
Qwen2.5-VL-7B 46.50 40.30 26.42 40.44 41.56 14.96 39.72 39.00 20.94 44.44 46.55 22.24 36.92 37.29 19.45 39.05 38.89 20.03 6.74 1.21
Qwen2.5-VL-32B 56.32 68.27 60.37 53.13 65.41 37.29 56.54 68.18 56.13 63.63 72.71 53.05 48.79 62.34 49.31 53.79 66.05 51.99 25.42 14.08
Qwen2.5-VL-72B 60.98 69.80 60.42 58.11 66.42 35.20 61.16 67.91 48.41 70.04 74.20 51.03 55.30 63.98 45.18 59.19 66.67 46.41 26.40 9.61
Qwen3-VL-2B 39.36 52.22 29.08 37.55 50.22 20.84 31.70 48.45 26.78 41.00 55.26 25.26 29.97 46.60 25.59 32.00 48.25 25.84 6.82 2.61
Qwen3-VL-8B 54.88 69.63 46.58 52.79 67.33 31.26 51.83 67.92 43.40 60.34 71.91 46.41 46.77 65.25 42.39 50.43 67.08 42.35 22.90 7.93
Qwen3-VL-32B 66.03 77.92 70.00 63.97 75.81 48.42 64.68 78.03 64.20 72.70 80.76 64.25 57.17 73.60 60.21 62.25 76.36 61.57 36.08 22.57
Qwen3-VL-235B-a22b 74.57 84.87 69.96 68.45 79.64 54.37 70.72 83.19 69.13 75.02 85.03 69.99 66.12 79.53 66.30 69.15 81.72 67.05 47.16 29.01
Kimi-VL-A3B 41.39 45.54 26.75 37.20 43.55 16.03 35.28 39.47 21.88 43.19 48.39 23.41 32.13 38.75 21.09 34.70 39.97 21.28 5.61 0.79
InternVL3.5-2B 30.82 42.24 28.61 31.79 41.00 12.92 25.98 35.47 18.73 34.12 43.84 18.29 23.75 34.55 17.88 25.99 35.98 18.04 3.06 0.53
InternVL3.5-14B 50.40 55.46 46.34 47.59 54.47 22.79 40.95 52.77 32.88 52.51 59.89 36.11 36.23 49.27 30.20 40.31 51.96 31.36 12.75 3.68
InternVL3.5-38B 51.02 63.30 39.46 47.61 60.75 28.65 41.91 57.22 38.09 57.15 65.45 39.23 37.29 53.33 35.67 41.41 56.49 36.54 13.32 4.10
Deepseek-VL-7B 24.09 13.66 11.92 23.47 15.23 7.56 22.25 12.35 6.25 24.54 17.35 9.72 22.89 13.48 7.92 22.69 13.19 7.21 1.06 0.14
LLaVA-OneVision-1.5-8B 38.26 48.45 30.38 38.50 44.77 21.81 36.23 39.14 27.42 41.92 43.40 29.94 33.43 40.77 26.01 35.65 40.45 26.61 7.26 2.53
Phi-4-Multimodal 17.24 18.50 12.91 19.76 16.83 5.31 18.71 14.24 5.23 21.43 20.67 5.72 20.23 15.18 6.20 19.44 15.10 5.70 0.53 0.14

Table 3: Main Results on OmniPhys. Metrics: S1 (Answer Accuracy), S2/S3 (Process Quality for Objective/Open-
ended tasks), and Pobj , Popen (Strict Mastery Rates). Formatting: In each section (Closed-source MLLMs/Open-
source MLLMs), the best score is bolded and the second best is underlined. The global best across all models is
highlighted in blue.

two complementary metrics: Result Score (Sres)281

and Process Score (Sproc).282

Result Score (Sres) Designed for Objective283

Tasks, this metric quantifies the accuracy of the284

final answer. We denote the ground truth set as Agt285

and the predicted answer set as Apred. To ensure286

robustness against formatting variations, we apply287

a standard normalization function ϕ(·).288

For single-choice questions and single-slot fill-289

in-the-blank tasks, the scoring is binary:290

Sres = I(ϕ(Apred) = ϕ(Agt)) (1)291

where I(·) is the indicator function.292

For multi-select questions and multi-slot tasks,293

we adopt a strict partial credit mechanism to294

penalize random guessing. A score is awarded295

if and only if the predicted set is a subset of the296

ground truth (i.e., no incorrect options are selected).297

The score is calculated as:298

Sres =

{ |ϕ(Apred)|
|ϕ(Agt)| if ϕ(Apred) ⊆ ϕ(Agt)

0 otherwise
(2)299

Process Score (Sproc) To quantitatively assess300

the quality of the Chain-of-Thought (CoT) in Open-301

Ended Tasks, we define a metric based on the302

completeness of the logical derivation. Let the303

ground truth reasoning path be decomposed into 304

a set of M key reasoning steps, denoted as K = 305

{k1, k2, ..., kM}. We verify whether each key step 306

ki is explicitly or implicitly present and correctly 307

applied in the model’s reasoning path Rpred. The 308

process score is calculated as the recall rate of these 309

key steps: 310

Sproc =
1

M

M∑
i=1

δ(ki,Rpred) (3) 311

where δ(ki,Rpred) ∈ {0, 1} indicates whether 312

the i-th key step is successfully recovered in the 313

model’s generation. 314

We implement the LLM-as-a-Judge frame- 315

work(Li et al., 2025b). The final value is de- 316

rived from the arithmetic mean of scores inde- 317

pendently assigned by DeepSeek-V3.2(DeepSeek- 318

AI, 2025b) and GPT-4(OpenAI, 2023). Detailed 319

prompts for both inference and evaluation are pro- 320

vided in Appendix A.2 and Appendix A.3. 321

To quantify strict mastery, we define Pobj as the 322

rate of instances achieving perfect alignment in 323

both result and reasoning (i.e., S1 = S2 = 1.0), 324

and Popen as the rate of flawless derivation in open- 325

ended tasks (i.e., S3 = 1.0). 326
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Figure 2: Performance Degradation Across Educational Stages. We report the pass rates (%) of 12 representative
MLLMs across Junior High, Senior High, and University levels. Both closed-source (Left) and open-source (Right)
models exhibit a consistent downward trend, validating the hierarchical difficulty design of OmniPhys.

4.3 Main Results Analysis327

The main evaluation results on OmniPhys are pre-328

sented in Table 3 and Figure 2. We summarize the329

key observations as follows:330

Dominance of Proprietary Models. Propri-331

etary systems maintain a clear performance advan-332

tage over open-source counterparts. Gemini-3-Pro333

establishes a new state-of-the-art, closely trailed334

by Doubao-Seed-1.6. Notably, these two models335

significantly outperform the flagship GPT-5.2 by336

over 15%, marking a divergence in the top-tier land-337

scape. However, even the leading models struggle338

to achieve saturation, with strict mastery rates(Pobj)339

remaining below 70%. This performance gap un-340

derscores the substantial difficulty of OmniPhys,341

indicating that the benchmark effectively evaluates342

genuine reasoning capabilities rather than mere rote343

memorization.344

Scaling Laws and Generational Gains in345

Open-Source Models. The open-source landscape346

demonstrates strict adherence to scaling laws while347

highlighting significant generational leaps. The348

Qwen3-VL family scales monotonically, culminat-349

ing in the 235B model which validates the scal-350

ing hypothesis and notably surpasses the propri-351

etary flagship GPT-5.2. Furthermore, architectural352

superiority proves pivotal: Qwen3-VL-32B sig-353

nificantly outperforms its predecessor and even354

eclipses the substantially larger Qwen2.5-VL-72B.355

These findings confirm that algorithmic efficiency356

is as decisive as raw parameter scale, positioning 357

OmniPhys as a critical testbed for scrutinizing the 358

efficacy of scaling strategies and architectural inno- 359

vations within the open-source community. 360

Validating Difficulty Hierarchy. Figure 2 re- 361

veals a universal inverse correlation between model 362

performance and educational stages. Across all 363

evaluated models, accuracy peaks at the Junior 364

High level and degrades monotonically through 365

Senior High, reaching its nadir at the University 366

level. This consistent performance drop empiri- 367

cally validates the quality and hierarchical design 368

of OmniPhys, confirming that the benchmark effec- 369

tively captures the escalating cognitive complexity 370

and reasoning depth required by advanced physics 371

curricula. 372

4.4 Research on Multimodal Outputs 373

Current benchmarks predominantly focus on text- 374

based tasks, overlooking the critical capacity to 375

visualize and construct physical scenarios. Since 376

drawing diagrams is a fundamental demonstration 377

of understanding, we extend our evaluation to mul- 378

timodal generation, a domain rarely explored in 379

existing physics benchmarks. 380

To operationalize this, we define the Physics Di- 381

agram Editing task. Unlike standard retrieval, this 382

requires the model to transform a multimodal input 383

(Iin, T ) into a target state (Iout) governed by strict 384

physical laws. Our pilot experiments reveal a criti- 385
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Model Evaluation Scores

Human Eval. Model Eval.

Nano Banana 0.23 0.67
Doubao-Seedream-4.0 0.18 0.59
Gemini-3-pro-Image 0.29 0.73
GPT-Image-1 0.27 0.75
Qwen-Image-Edit-Plus 0.10 0.51

Table 4: Performance comparison in multimodal output
settings.

A ray of light emitted from point source � propagates along the path shown. 
Draw another ray from � to determine its image point, labeled as �.

Nano Banana Doubao-Seedream-4.0

Gemini-3-pro-Image

Gpt-
Image-1

Question Image Standard Answer

Figure 3: A case study of multimodal outputs in Omni-
Phys dataset.

cal divergence: while current models exhibit high386

visual fidelity in general editing, they frequently387

violate physical constraints—failing to maintain388

vector directionality during coordinate transforma-389

tions or preserve the topological integrity of rigid390

bodies. This gap underscores the necessity of our391

generative evaluation, exposing blind spots in phys-392

ical reasoning that text-only metrics fail to capture.393

To rigorously assess generation quality, we em-394

ployed a dual-track strategy: (1) Human Evalua-395

tion, where three physics graduate students graded396

physical correctness, and (2) Automated Evalua-397

tion, utilizing GPT-5.1 to score instruction adher-398

ence on a discrete {0, 0.5, 1} scale. Detailed anno-399

tation protocols and the specific judging prompts400

are provided in Appendix A.4 and Appendix B.401

As shown in Table 4, the model evaluator ex-402

hibits excessive optimism, consistently inflating403

scores (0.51-0.75) compared to human judgment404

(0.10-0.29). This significant divergence indicates405

that the current MLLM-as-a-judge paradigm lacks406

the robustness required for rigorous physical verifi-407

cation. It suggests that relying solely on automated408

Model Full Set Test-Mini Drop

Doubao-seed-1.6 76.81 22.45 -70.8%
Gemini-3-pro 80.41 34.66 -56.9%
GLM-4.6v 71.12 19.90 -72.0%
GPT-5.2 65.60 21.82 -66.7%
Qwen3-vl-plus 68.24 18.76 -72.5%

Average 72.44 23.52 -67.8%

Table 5: Comparison of Average Scores (scaled to 0-
100) on the full dataset versus the Test-Mini set. The
significant score decline (avg. -67.8%) confirms the
elevated difficulty of the subset, validating its distinct
research value as a rigorous probe for robust physical
reasoning.

judges is currently insufficient; specifically, the 409

accurate discrimination of visual quality in multi- 410

modal outputs remains heavily dependent on hu- 411

man evaluators. Conversely, the low human rat- 412

ings attest to the high difficulty and quality of our 413

dataset, offering substantial headroom for future 414

research and model development. 415

Figure 3 presents a case study revealing that de- 416

spite high visual fidelity, model-generated outputs 417

frequently deviate from strict physical correctness. 418

Specifically, Nano banana and Doubao-seedream- 419

4.0 fail to correctly grasp the concept of a con- 420

vex lens focus, while Gemini-3-pro-Image and gpt- 421

Image-1 introduce erroneous, redundant line seg- 422

ments. These discrepancies highlight a significant 423

capability gap in both multimodal understanding 424

and precise generation, indicating substantial room 425

for improvement toward human-level rigor. 426

5 Ablation Study 427

To enable efficient yet rigorous experimentation, 428

we constructed a Test-Mini set (10% of samples) us- 429

ing an adversarial hardness-based strategy. Instead 430

of random sampling, we prioritized instances with 431

high empirical failure rates (75%) and reasoning 432

complexity (25%) based on the consensus of five 433

SOTA models. This adversarial selection dramati- 434

cally amplified the challenge: the average model 435

score plummeted from 72.44 (full set) to 23.52 436

(mini set) as shown in Table 5, while the all-model 437

failure rate surged from 1.6% to 15.5%. This sig- 438

nificant score decline ensures high discriminative 439

power for our ablation studies. Implementation 440

details are provided in Appendix C. 441

We evaluate a diverse suite of models, including 442

deep reasoning architectures such as DeepSeek- 443

R1-Distill-Qwen-7B(DeepSeek-AI, 2025a) and 444
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Multimodal Large Language Models (MLLMs) Large Language Models (LLMs)

Model Text+Img Text+Caption Text-only Model Text+Caption Text-only

Pobj Popen Pobj Popen Pobj Popen Pobj Popen Pobj Popen

GPT-5.2 2.78 3.02 4.95 1.08 5.82 0.86 Deepseek-V3.2 5.58 1.08 5.70 1.73
GPT-5.1 2.55 1.08 4.00 0.86 2.55 1.08 GPT-3.5-Turbo 1.94 0.63 1.45 0.22
o4-mini 7.23 1.96 6.55 0.86 6.79 1.73 Qwen2.5-32B 3.64 0.02 3.24 0.22
Gemini-3-Pro 25.82 9.50 16.12 4.10 15.88 6.26 Qwen2.5-7B 1.82 0.05 0.97 0.05
Gemini-2.5-Flash 11.88 2.16 8.12 1.73 5.70 1.30 Qwen2.5-Math-7B 1.21 0.22 1.04 0.02
GPT-4o 3.45 0.26 2.55 0.05 1.33 0.05 InternLM-Chat-20B 1.09 0.05 1.09 0.00
Qwen3-VL-Plus 3.03 0.43 5.58 0.22 7.03 1.30 InternLM-Math-20B 1.29 0.12 0.48 0.00
GLM-4.6v 4.00 0.43 6.42 0.43 8.12 1.08 DeepSeek-R1-Distill-Qwen-7B 2.91 0.12 4.00 0.05
Claude-4.5-Sonnet 3.03 0.65 2.18 1.30 3.88 0.86 P1-30B-A3B 10.67 1.73 9.82 2.59

Avg. 7.09 2.17 6.27 1.18 6.34 1.61 Avg. 3.35 0.45 3.09 0.54

Table 6: Ablation study results comparing MLLMs (left) and LLMs (right). The columns are arranged by decreasing
modal information: from Text+Image to Text-only. We report Objective (Pobj) and Open-ended (Popen) Accuracy.

P1-30B-A3B(Team, 2025a), as well as variants445

fine-tuned on mathematics like InternLM-Math-446

20B(Cai et al., 2024) and Qwen2.5-Math-7B(Yang447

et al., 2024a) or physics like P1-30B-A3B(Team,448

2025a). These models are assessed across three set-449

tings to quantify visual dependency: Text+Img,450

which utilizes the original multimodal input;451

Text+Caption, where diagrams are replaced by452

textual descriptions; and Text-only, which requires453

the model to perform blind inference based solely454

on the question text.455

As shown in Table 6, the adversarial Test-Mini456

set imposes a significantly higher difficulty than457

the main benchmark, serving as a rigorous probe458

for deep reasoning capabilities. On average, the459

Text+Img setting yields the highest performance,460

with MLLMs consistently outperforming LLMs,461

validating the indispensable role of visual con-462

straints in physics problems. However, we also463

observe a counter-intuitive phenomenon where cer-464

tain models perform better in the Text-only setting.465

This suggests that for specific architectures, visual466

inputs or captions may be misinterpreted as distrac-467

tor noise rather than helpful context, highlighting468

persistent challenges in cross-modal alignment that469

require further investigation.470

6 Conclusion471

In this paper, we present OmniPhys, a compre-472

hensive and high-quality multimodal benchmark473

designed to rigorously evaluate physics reason-474

ing across educational stages from junior high to475

university. By employing the Dual-Track Rea-476

soning Evaluation (DTRE) protocol, we move be-477

yond surface-level answer matching to assess the478

fidelity of the complete reasoning process. Our479

extensive experiments reveal that OmniPhys poses 480

a significant challenge to current state-of-the-art 481

models, highlighting substantial headroom for im- 482

provement. Furthermore, we pioneer the evaluation 483

of multimodal generation through the Physics Dia- 484

gram Editing task and validate the critical necessity 485

of visual data through in-depth ablation studies. 486

Collectively, these contributions establish Omni- 487

Phys as a robust foundation for advancing the next 488

generation of physically grounded AI. 489

7 Limitations 490

Our current work presents a foundational step with 491

identifying limitations that guide future research. A 492

primary limitation is the geographic bias of our cur- 493

rent data sources, which are predominantly sourced 494

from Chinese educational materials. To enhance 495

global representativeness, future iterations will in- 496

corporate diverse international curricula, such as A- 497

Level, IPhO and so on. In addition, further investi- 498

gation into robust methods for multimodal outputs, 499

especially for diagram-oriented tasks, is a direction 500

for out future work. Regarding evaluation, method- 501

ologies for evaluating multimodal physical outputs 502

remain underexplored. A key challenge is the ten- 503

dency of MLLM-based judges to overestimate the 504

quality of generated content, often overlooking sub- 505

tle physical inconsistencies. To address this, we 506

aim to establish a robust and effective evaluation 507

framework specifically tailored for multimodal set- 508

tings. Currently, failure analysis is limited in depth; 509

we therefore plan to conduct a rigorous error attri- 510

bution study to distinguish whether failures stem 511

from visual perception or logical reasoning, pro- 512

viding more granular insights into MLLM mecha- 513

nisms in physics reasoning. 514
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A Prompt Usage859

A.1 Visual Dependency Annotation860

Prompt for Visual Dependency Annotation

You are an analyst of multimodal physics
problem datasets. You are given access only
to the problem text, without seeing the ac-
companying image. Based on the textual
description, infer the importance of the im-
age for solving the problem.
Image importance levels are defined as fol-
lows:
Level 1 (Text-Only Solvable): The image
is purely decorative or illustrative. All in-
formation required to solve the problem is
fully described in the text, and the image is
not necessary.
Level 2 (Text-Descriptive): The image con-
tains information, but the text fully restates
or describes all visual content. The image
serves only as an aid for understanding and
is not strictly required for reasoning.
Level 3 (Image-Essential): The text refers
to the image (e.g., "as shown in the figure"),
and critical information such as numerical
values, geometric relationships, or measure-
ment readings is available only in the image.
The image is essential for solving the prob-
lem.
Please output only a single integer (1, 2, or

861

3) corresponding to the image importance
level.
Problem text: {problem_text}

862

A.2 Model Inference Prompt 863

Prompt for Model Inference

I will present you with a physics problem.
Please read and solve it. Adhere strictly to
the following output format:
”’ Reasoning Process: [Solve step-by-step
logically. Limit each step to no more than
30 words, focusing only on core deductions
without redundant explanations.]
Answer: [Output your final answer. Do not
add extra content.] ”’
[Input Image]
{problem_text}

864

A.3 Automated Evaluation Prompts 865

We employ a dynamic prompting strategy based 866

on the question type. The evaluator (LLM-as-a- 867

Judge) receives specific instructions for objective 868

and open-ended tasks respectively. 869

Prompt for Objective Tasks (Dual-Track
Evaluation)

You are a rigorous grader. Please conduct a
dual-track evaluation for this objective task:
assess both the correctness of the final result
and the validity of the reasoning process.
[Question Data] [Question]: {question}
[Standard Answer]: {std_answer} [Expla-
nation]: {std_explanation}
[Student Response] {model_answer}
[Evaluation Tasks] Please complete the fol-
lowing two parts and merge them into a
JSON output:
1. Process Analysis (process_eval): - De-
compose the standard solution into m key
steps. - Count how many steps (n) the stu-
dent correctly completed. - Process Score
= n/m. - If the student provides the cor-
rect answer without reasoning steps, treat
it as a "reasoning shortcut" (assign score

870
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based on context, typically penalized or full
if trivial).
2. Result Analysis (result_eval): - Ignore
the process and strictly check if the final
answer matches the standard. - For Single
Choice / True-False: 1.0 for match, 0.0 for
mismatch. - For Multi-Select / Fill-in-the-
Blank: Score = (Count of Correct Slots)
/ (Total Required Slots). - Ignore format
variations (e.g., "A" vs. "A.").
[Output Requirement]
Output ONLY in JSON format without
Markdown tags: { "process_eval": { "rea-
son": "Brief analysis (Total m steps, Correct
n steps)", "total_steps": m, "correct_steps":
n, "process_score": 0.0 to 1.0 }, "re-
sult_eval": { "reason": "Brief justification
for the result", "score": 0.0 to 1.0 } }

871

Prompt for Open-Ended Tasks (Process-
Only Evaluation)

You are an expert physics evaluator. Your
task is to assess the student’s reasoning
logic step-by-step.
[Question Data]
[Question]: {question} [Standard An-
swer]: {std_answer} [Explanation]:
{std_explanation}
[Student Response]
{model_answer}
[Scoring Criteria] 1. Decompose the com-
plete resolution process into m Key Rea-
soning Steps. 2. Determine how many of
these steps (n) are correctly included in the
student’s response. 3. The final Process
Score is n/m.
[Output Requirement]
Output ONLY in JSON format without
Markdown tags: { "reason": "Step-by-step
analysis of the derivation", "total_steps": m
(integer), "correct_steps": n (integer), "pro-
cess_score": Calculated result of n/m (0.0
to 1.0) }

872

A.4 Automated Evaluation Prompts for 873

Multimodal Generation 874

We utilize a Vision-Language Model (e.g., GPT-5.1 875

or GPT-4o) as the evaluator to assess the quality 876

of generated physics diagrams. The judge receives 877

the problem text, the context image (if available), 878

and the generated diagram, then assigns a discrete 879

score based on physical fidelity. 880

Prompt for Diagram Editing Evaluation

You are a professional and rigorous physics
instructor. Your task is to grade physics dia-
grams drawn by students based on specific
problem requirements.
[Input Data]
1. Problem Description: Describes the
physical scenario or process to be drawn. 2.
Context Image (Optional): Provides back-
ground information (if any). 3. Student
Answer Image: The diagram generated by
the student.
[Evaluation Task]
Based on physical principles, comprehen-
sively evaluate whether the student’s im-
age accurately and completely fulfills the
problem requirements. The diagrams may
involve mechanics analysis, motion trajec-
tories, optical paths, circuit connections, or
electromagnetic field distributions.
[Scoring Criteria]

• 1.0 (Fully Correct): The image per-
fectly reflects the problem require-
ments. All key physical elements (e.g.,
vector directions, points of application,
trajectory shapes, light paths, circuit
connections, physical labels) are accu-
rate and adhere to physical laws.

• 0.5 (Partially Correct): The image
captures the core physical concept but
contains defects in details. Examples:
Main structure is correct but minor
labels are missing; key vectors are
roughly correct in direction but devi-
ate significantly in angle or proportion;
general trend is correct but local errors
exist; or unnecessary misleading lines

881
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are included.

• 0.0 (Incorrect): The image contains
fundamental physical errors or omits
the most critical information, failing to
reflect the problem requirements. Ex-
amples: Depicting the wrong physical
phenomenon; missing core elements
required by the stem; or generating
an image completely irrelevant to the
problem.

[Output Requirement] Please output
strictly in JSON format (no Markdown
tags): { "reasoning": "Concise justification
pointing out specific merits or demerits",
"score": 1.0 or 0.5 or 0.0 }
[Input Sequence] [Problem Description]:
{question_text}
[Context Image]: (Input Image Here)
[Student Answer Image]: (Generated Image
Here)

882

B Annotation Interface Details883

To ensure the quality and consistency of our eval-884

uation, we utilized the Label Studio platform for885

manual annotation. Figure 4 illustrates the annota-886

tion interface used by human evaluators to assess887

the model’s multimodal outputs.888

The interface was carefully designed to present889

all relevant information required for reliable judg-890

ment within a single view. Specifically, it simulta-891

neously displays (1) the original problem statement,892

(2) the original input image, (3) the ground-truth893

reference image provided by the dataset, and (4)894

the image generated by the evaluated model. This895

design allows annotators to directly compare the896

model output with the reference solution in the con-897

text of the original task, thereby making the scoring898

process both efficient and less prone to omission or899

misinterpretation.900

For each sample, annotators were asked to assign901

a quality score based on the correctness, complete-902

ness, and visual faithfulness of the generated image903

with respect to the reference answer. Since all rel-904

evant inputs and outputs are visible in a unified905

interface, the evaluation process is straightforward906

to operate and reduces unnecessary cognitive load907

on the annotators.908

The annotation was conducted by three gradu- 909

ate students specializing in physics, all of whom 910

had prior experience with problem solving and di- 911

agram interpretation in the target domain. To im- 912

prove reliability, each sample was independently 913

annotated by all three evaluators, and the final hu- 914

man evaluation score reported in our experiments 915

is computed as the average of the three scores. This 916

aggregation strategy helps mitigate individual bias 917

and increases the robustness of the evaluation re- 918

sults. The annotators were compensated with stan- 919

dard research assistant stipends in accordance with 920

institutional guidelines. 921

C Test-Mini Construction and Ablation 922

Details 923

In this section, we provide a detailed elaboration 924

on the construction process of the Test-Mini set and 925

the specific settings used for the ablation study. 926

C.1 Hardness-Based Selection Methodology 927

To ensure the Test-Mini set effectively probes 928

the upper limits of multimodal reasoning, we im- 929

plemented a multi-dimensional hardness scoring 930

mechanism. For each candidate question xi in the 931

full dataset (Without multimodal outputs, N = 932

12, 885), we computed a hardness score H(xi) 933

based on two factors: empirical model failure and 934

reasoning complexity. 935

Metric Full Set Test-Mini

Sample Size 12,885 1,288
Avg. Reasoning Length (chars) 563 979
Visual Necessity Score 8.98 8.99
All-Model Failure Rate 1.6% 15.5%
Avg. Model Accuracy 72.44% 23.52%

Table 7: Comparison of key statistics between the full
dataset and the selected Test-Mini subset. The subset
demonstrates significantly higher complexity and lower
model solvability.

The score is defined as: 936

H(xi) = w1 · F(xi) + w2 · C(xi) (4) 937

where: 938

• F(xi) represents the Empirical Failure 939

Rate. It is calculated as F(xi) = 1 − 940
1

|M |
∑

m∈M S(m,xi), where M is the set of 941

five baseline models and S(m,xi) ∈ [0, 1] is 942

the normalized score of model m on question 943

xi. 944
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Figure 4: Screenshot of the Label Studio interface for human evaluation of multimodal outputs.

• C(xi) represents the Reasoning Complexity,945

quantified by the percentile rank of the char-946

acter length of the ground truth explanation947

(Chain-of-Thought).948

• We set the weights to w1 = 0.75 and w2 =949

0.25, prioritizing empirical difficulty while950

accounting for logical depth.951

The baseline models set M includes five state-952

of-the-art closed-source models: Doubao-seed-1.6,953

Gemini-3-pro-preview, GLM-4.6v, GPT-5.2, and954

Qwen3-vl-plus. We selected the top 10% of sam-955

ples ranked by H(xi) to form the Test-Mini set.956

C.2 Statistics and Performance Gap957

The selection process resulted in a subset with sig-958

nificantly higher difficulty. As shown in Table959

7, the Test-Mini set exhibits a sharp increase in960

the "All-Model Failure Rate" (questions where no961

model answered correctly) from 1.6% to 15.5%,962

and a substantial increase in the average reasoning963

chain length.964

Table 5 details the performance drop for each965

baseline model. The consistent degradation across966

all models (ranging from 56.9% to 72.5%) confirms967

that the difficulty of the Test-Mini set is not biased968

towards a specific architecture but stems from the969

inherent complexity of the physics problems.970

D AI Assistant Usage Disclosure971

We used AI assistants (Gemini/ChatGPT) to as-972

sist with writing script code for data processing973

and for polishing the language of the manuscript974

to improve readability. All scientific claims, ex- 975

perimental designs, and final text were manually 976

verified and revised by the authors. 977
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