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Abstract
Multimodal  Large Language  Models
(MLLMs) show strong performance in

visual reasoning, yet existing benchmarks
for physics-related scenarios have significant
limitations. To fill this gap, this paper pro-
poses MV-Physics, a novel multi-dimensional
benchmark tailored to physics visual scenar-
ios, consisting of 8,011 junior high school
physics questions from China’s basic educa-
tion system, covering 5 disciplinary subfields
and 3 question types. A hierarchical, multi-
dimensional evaluation frameworkspanning
single- to multi-image reasoningis constructed
to systematically assess MLLMs’physics
visual reasoning abilities.Experimental re-
sults show Gemini 2.5 Pro achieves 88.34%
accuracy in single-image tasks, while doubao-
seed-1-6-vision-250815 reaches 89.96% in
multi-image tasks. However, most models
perform poorly on multiple-select questions,
with accuracy below the 60% threshold.
Moreover, analysis of reasoning efficiency
in multi-image tasks indicates models still
need substantial improvement in balancing
accuracy and inference latency.This study pro-
vides a critical evaluation tool for advancing
MLLMs in physics visual domains and serves
as a "competence calibration metric" for
intelligent teaching tools in basic education.

1 Introduction

In recent years, Multimodal Large Language Mod-
els (MLLMs) have become a research hotspot in
the field of artificial intelligence. Their ability to
process both visual and linguistic information has
led to remarkable performance in tasks such as
image understanding, visual question answering,
and cross-modal reasoning(Bai et al., 2023; Meng
etal., 2025; Liu et al.; Caffagni et al., 2024). How-
ever, in practical applications, many scenarios in-
volve the application of physical knowledge, such
as judging the physical properties of objects dur-

ing robotic manipulation or predicting the physi-
cal laws governing vehicle motion in autonomous
driving (Mason et al., 1989; Ren et al., 2024; Chu
et al., 2024). These physical visual scenes impose
higher demands on MLLMs, requiring not only ro-
bust visual perception and language understanding
capabilities but also a solid foundation in physi-
cal knowledge and the reasoning ability to effec-
tively integrate visual information with physical
principles.Therefore, evaluating an MLLMs per-
formance in physical-visual tasks has become cru-
cial, and standardized testing similar to school ex-
aminations has proven to be an effective method
for measuring model capabilities.

Although numerous multimodal reasoning eval-
uation benchmarks targeting science, mathemat-
ics, and general disciplines have emerged (e.g.,
ScienceQA (Lu et al., 2022), MMMU(Yue et al.,
2024)), which have set benchmarks for MLLM
evaluation, most of these related works merely
scratch the surface in physical domain assess-
ment. Specifically, they suffer from limited data
scale (most contain only hundreds of test ques-
tions), lack fine-grained classification of physi-
cal sub-disciplines (e.g., mechanics, electromag-
netism) and question types (e.g., multiple-select
questions, fill-in-the-blank questions), and fail to
conduct systematic and targeted evaluation and
analysis on the unique reasoning requirements and
core competency dimensions of the physical do-
main.

Thus, constructing a multi-dimensional evalu-
ation benchmark specifically for physical-visual
scenarios holds significant practical significance
for accurately measuring the performance of ex-
isting models and promoting the development of
MLLMs in the physical-visual field. Based on the
above background, this paper proposes the MV-
Physics evaluation benchmark. Our contributions
are as follows:



* We construct a high-quality physics-visual
reasoning QA dataset, which contains di-
verse physics scenario questions and provides
fine-grained dual annotations (corresponding
physics sub-discipline and question type) for
each question.

* We design a multi-dimensional evaluation
framework spanning hierarchical scenarios
from single- to multi-visual inputs to com-
prehensively assess MLLMs overall perfor-
mance in physics-visual tasks, and innova-
tively propose two specialized studies: topic-
image relevance analysis for single-image
reasoning and reasoning efficiency evaluation
for multi-image reasoning.

* We evaluate mainstream MLLMs on this
benchmark, analyze their performance across
dimensions, and summarize existing models
common flaws and potential improvement di-
rections.

2 Related Work
2.1 Development of MLLMs

As the understanding capabilities of large lan-
guage models in pure text have deepened, exempli-
fied by models like ChatGPT(Ouyang et al., 2022)
and DeepSeek (DeepSeek-Al et al., 2025), mul-
timodal large language models have also experi-
enced explosive development. OpenAl’s GPT-4
series was introduced in 2023(OpenAl et al., 2023)
, and subsequent releases like GPT-4V(OpenAl,
2023)and GPT-40 (OpenAl, 2024)took significant
steps in multimodal fusion; Alibaba Cloud’s Qwen
VL series has continuously innovated, achieving
globally leading results with its innovative archi-
tectural design (Bai et al., 2023; Wang et al,;
Bai et al.); Google’s Gemini series has iterated
and evolved at an astonishing pace(Team and
Google) ; and xAI launched Grok-4, claimed to
be the world’s most powerful model(xAl, 2025)

These models have all demonstrated unprece-
dented breakthroughs in visual language under-
standing tasks.

2.2 Development of MLLM Evaluation
Benchmarks

Building on the research paradigm of using aca-
demic exams as evaluation benchmarks for Vision-
Language Models (VLMs), a series of bench-
marks focusing on multimodal exam scenarios

have been proposed successively. As a represen-
tative dataset in this field, ScienceQA(Lu et al.,
2022)covers 26 K-12 science topics and requires
models to integrate multimodal content under-
standing with external knowledge reasoning to de-
rive answers. MMMU(Yue et al., 2024) further in-
creases task difficulty by focusing on university-
level interdisciplinary complex reasoning tasks.
MathVista(Lu et al., 2024) specifically evaluates
mathematical reasoning in visual contexts, while
MV-MATH (Wang et al., 2025) proposes analyz-
ing models’ mathematical reasoning capabilities
in multi-visual scenarios. M3Exam (Zhang et al.,
2023) introduces the first multilingual multimodal
exam benchmark; building on this, Exams-V (Das
et al., 2024)expands beyond M3Exam’s language
coverage and adopts a more realistic multimodal
integration format by directly embedding question
text into images. EMMA(Hao et al., 2025) in-
cludes four types of multimodal reasoning prob-
lems (mathematics, physics, chemistry, and cod-
ing), achieving interdisciplinary coverage. How-
ever, even though some of these benchmarks in-
clude physics-related content, they do not conduct
systematic and targeted evaluation and analysis for
the unique reasoning requirements and capability
dimensions of the physics domain.

PHYBench(Shi et al., 2025) , TPBench (Chung
et al.,, 2025), and UGPhysics(Xu et al., 2025)
contain abundant physics questions but are lim-
ited to text-only question answering without vi-
sual inputs. For evaluation benchmarks tar-
geting physics visual question answering sce-
narios: Seephys(Xiang et al., 2025) proposes
four evaluation modes, Physreason (Zhang et al.,
2025) introduces an automatic scoring framework,
PhyX(Shen et al., 2025)focuses on reasoning type
analysis, OlympiadBench centers on competition-
level questions (He et al., 2024), and PHYSICS tar-
gets doctoral qualifying exams (Feng et al., 2025).
Nevertheless, their evaluations are restricted to
single-image reasoning scenarios and do not in-
volve multi-image collaborative reasoning tasks,
making it difficult to match real-world physics ap-
plication scenarios where multiple visual informa-
tion sources interact. Although MM-PhyQA (Ka-
puriya et al., 2025)includes multi-image reasoning
scenarios, it only focuses on physics knowledge
reasoning at the Indian high school level.

To address existing gaps, this paper proposes
the MV-Physics evaluation benchmark, tailored to
Chinese junior high school physics exam scenar-



ios with comprehensive knowledge coverage and
fine-grained evaluation dimension decomposition.
The benchmark spans five core physics branches
(mechanics, electromagnetism, optics, thermo-
dynamics, acoustics) and three typical question
types (single-choice, multiple-select, fill-in-the-
blank), enabling precise performance analysis
across knowledge modules and question types. In-
tegrating single-image and multi-image reasoning
tasks, it holistically assesses models’ capability to
understand and reason about complex physics vi-
sual information. Unlike existing high-difficulty-
focused benchmarks, MV-Physics adopts a more
discriminative difficulty range, aiming to identify
optimal intelligent auxiliary tools for junior high
school physics education, thereby bearing both
evaluative and practical significance.

3 MYV-Physics

3.1 Overview

This paper constructs MV-Physics, a finely an-
notated multimodal dataset for systematically
evaluating Multimodal Large Language Models
(MLLMs) in physics visual reasoning scenarios.
Each sample integrates question-related images
and textual stems to simulate real-world problem-
solving, imposing stringent demands on models
modality fusion capabilities. MV-Physics contains
8,011 Chinese junior high school physics exam
questions, spanning five disciplinary branches
(mechanics, electromagnetism, optics, thermo-
dynamics, acoustics) and three question types
(single-choice, multiple-select, fill-in-the-blank).
For hierarchical evaluation of visual reasoning ca-
pabilities, the dataset is split into two subsets
based on visual context complexity: single-image
reasoning (5,582 questions, with fill-in-the-blank
items targeting single-step reasoning) and multi-
image reasoning (2,429 questions, mostly involv-
ing multi-step reasoning, with 28 images per task).

Figures 1 and 2 present detailed statistics and
coverage of the two subsets, while Figure 3 dis-
plays partial question examples from MV-Physics.

The paper(Deng et al., 2025) notes that vision
models tend to blindly trust textual data rather
than visually extracted information, while Seep-
hys (Xiang et al., 2025) points out that models per-
form poorly on questions with strong visual rele-
vance. To assess the hierarchy of large models’
image understanding capabilities, and given that
image information is closely tied to question solv-
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Figure 1: Data Distribution of Single-Image Reasoning:
Disciplinary Branches and Question Types.
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Figure 2: Data Distribution of Multi-Image Reasoning:
Disciplinary Branches and Question Types.

ing in multi-image reasoning scenarios, we cate-
gorize single-image reasoning questions into two
levels based on the impact of images on problem
solving:

* strongly relevant to images (strong): im-
ages contain core problem-solving informa-
tion, making it impossible to solve the ques-
tions without visual data;

» weakly relevant to images (weak): images
mainly serve as aids for model compre-
hension, with textual stems providing suf-
ficiently detailed descriptions to enable or
highly likely enable problem solving.

We conduct in-depth research on this classification
and explore the underlying mechanisms, among
which questions strongly relevant to images ac-
count for 78% of all single-image reasoning ques-
tions.

3.2 Data Construction

Data Collection: Our data was sourced from
official educational resource websites of various
provinces in China to ensure data quality. Ini-
tially, we collected physics test papers from differ-



Question:There are several weights of
the same specification. As shown in the
figure, how many weights should be
hung at point A of the lever to balance
the lever in the horizontal position?

Question: The graph shows the change in
temperature of water and kerosene over
time. The graph line, (fill in the letter)
corresponds to the liquid with a strong heat
absorption capacity.
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Answer: C  Subject: mechanics
Question_type:Single-choice
Correlation: strong

Answer: B Subject: Thermology

Question_type:Fill-in-the-blank

Correlation: strong

Question:As shown in the figure, the power supply voltage is constant at 9V. The lamp
L is marked with "3V 1.5W" (the resistance of lamp L is not affected by temperature),
and the sliding rheostat R has a specification of "0 ~ 30Q". Close the switch S. When the
slider of R moves to point M, the lamp L glows normally. Which of the following analyses
is correct? S

_| ',R_o/ g\{

Question: In the circuit shown in Figure B [img:question_1_img], when the switch S is switched from position

2 to position 1, the corresponding coordinate points are plotted on the U-I coordinate system according to the

readings of the ammeter and voltmeter, as shown in Figure Z [img:question_2_img]. The voltage of the power
supply is

R, R,

, and the resistance value of resistor R; is .
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Answer: 6V;20Q Subject: Electromagnetism

Question:Protecting the  environment is
everyone's responsibility. To prevent noise
interference, honking is prohibited near the
examination venues for the senior high
school entrance examination. Which of
the following is the no-honking sign?

A: [img:option_A_img]

B: [img:option_B_img]

Question_type:Fill-in-the-blank

Question:When Teacher Wang was correcting homework, he muttered to
himself: "I'm getting old. | can't even read the words on the exercise books
clearly, but it gets better when | hold them farther away." From this, it can
be known that the model that can explain Teacher Wang's visual
impairment and the lens of the glasses he needs to wear are respectively
the ones in the figures below.

A: [img:option_A_img]  B:[img:option_B_img] C: [img:option_C_img]

C: [img:option_C_img]

A: The resistance of lamp L is 6Q
B: The indication of voltmeter V1 is 6V
C: The resistance of R connected to the circuit is 18Q
D: The total power consumed by the circuit is 4.5W

Answers: AD Subject: Electromagnetism Question_type:Multiple-select
Correlation: strong

D: [img:option_D_img]

Answer: A Aubject: Acoustics
Question_type:Single-choice

e

D: [img:option_D_img]
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Answers: B.D Subject:Optics
Question_type:Multiple-select

Figure 3: Question Examples.

ent regions and years across China, and manually
screened out questions containing images.

Data Cleaning: To guarantee data quality,
manual verification was conducted to filter out
low-quality image-based questions, and image en-
hancement via scanning was performed on some
materials. Automated methods were adopted to
remove duplicate data. Additionally, the same
questions were searched on other educational plat-
forms to verify the correctness of answers.

Data Construction and Annotation: Images
were stored in a unified format, and metadata was
created for each question. This metadata includes
aunique ID, file path to the question snapshot, sub-
ject, question type, and the correct answer for the
question. A correlation label was added to ques-
tions in the single-image reasoning subset.

4 Experimental Setup

We conducted comprehensive and extensive
experiments on MV-Physics. For the single-image
reasoning scenario, we tested 22 domestic and
international large models via their APIs (see
Appendix A for detailed API mappings): [Gemini
2.5 pro (Team, 2025b), Gemini 1.5 Pro(Team
and Others, 2024), doubao Seed 1.6(ByteDance,
2024), ERNIE-4.5-Turbo-VL, ERNIE-4.5(Team,
2024d), Qwen2.5-VL-72B-Instruct, Qwen2.5-
VL-32B-Instruct, Qwen2.5-VL-7B-Instruct(Yang

et al., 2024) , Qwen-VL-Max, Qwen-VL-Plus(Bai
et al.,, 2023), InternVL3-38B, InternVL3-14B,
InternVL2.5-38B-MPO (Chen et al.,, 2023),
Qianfan-Llama-VL-8B (Team, 2024b), Qianfan-
Check-VL (Team, 2024a), Qianfan-QI-VL
(Team, 2024c), GPT-4.5-preview (Team, 2025c¢),
GPT-40(OpenAl, 2024) , Grok-4 (xAl, 2025),
DeepSeek-VL2 (Wu et al., 2024), Claude 3.5
Sonnet(Anthropic, 2024) , Claude Sonnet 4(Team,
2025a) ].

For the multi-image collaborative reasoning
scenario, we evaluated 28 domestic and in-
ternational large models via their respective
APIs (see Appendix A for detailed API map-
pings). Building on the model pool from
the single-image reasoning task, we excluded
five models: Gemini 1.5 Pro(Team and Oth-
ers, 2024), Qianfan-Check-VL (Team, 2024a),
Qianfan-QI-VL (Team, 2024c), GPT-4.5-preview
(Team, 2025¢), and Claude 3.5 Sonnet(Anthropic,
2024). The newly added models for this sce-
nario include Claude Haiku 4.5(Anthropic, 2025)
, GLM-4.5V(Zai Org, 2025), Llama-4-Maverick-
17B-128E-Instruct (Meta, 2025), doubao-Seed-
1.6-vision (ByteDance, 2024), Qwen3-VL-Plus,
Qwen3-VL-32B-Thinking, Qwen3-VL-30B-A3B-
Thinking, Qwen3-VL-8B-Thinking(Team, 2025d)
, Qianfan-VL-8B(Baidu Qianfan Team, 2025b),
Qianfan-VL-70B(Baidu Qianfan Team, 2025a) ,
and GPT5 (OpenAl, 2025).



Our evaluation was conducted across multiple
dimensions to explore MLLM performance in
solving problems spanning different disciplinary
branches, question types, and levels of image-
information relevance. In single-image reason-
ing experiments, we performed full-scale tests
and supplementary assessments on the correlation:
weak subsetwhere images act solely as auxiliary
contextrequiring models to answer using only tex-
tual stems with images excluded.

Accuracy served as the primary evaluation met-
ric: automated programming-based evaluation
was applied to single-choice and multiple-select
questions, while manual verification was used for
fill-in-the-blank items. For complex multi-visual
scenarios, an additional metricinference efficien-
cywas introduced. Since real-world model per-
formance depends on balancing accuracy and re-
sponse speed, average time per question was used
to quantify efficiency, which directly reflects user
waiting time from query submission to answer re-
trieval and aligns with practical application needs.
A combined analysis of accuracy and average la-
tency enables a more holistic assessment of a mod-
els viability in real deployment environments.

5 Results and Analysis

5.1 Single-Image Reasoning

Top-performing models (doubao-seed-1-6-
250615, Gemini 2.5 Pro) achieved an overall
score of over 80 points, outperforming the next
tier by more than 10 points, which reflects their
absolute advantage in the comprehensive task
of physics discipline image understanding. The
overall accuracy is presented in Table 1.

Disciplinary Difficulty and Model Adaptability:
Acoustics > Optics > Thermodynamics > Me-
chanics > Electromagnetism. Electromagnetism,
due to its complex physical laws, emerged as
the domain with the highest discrimination, while
acoustics, characterized by its fundamental and
intuitive nature, became the field where models
demonstrated the best performance.

The overall difficulty gradient across ques-
tion types follows the order: Multiple-select
questions > fill-in-the-blank questions > single-
choice questions, with a notable bipolar distribu-
tion in model performance. Single-choice ques-
tions represented the easiest task for all models:
nearly 50% of the evaluated models achieved an

accuracy between 60% and 80%, reaching a mod-
erate performance level but still leaving room for
improvement, while the remaining models exhib-
ited weak reasoning capabilities for this question
type. Multiple-select questions were the most chal-
lenging category, marked by an extreme disparity
in performance; the majority of models scored be-
low the 60% accuracy threshold. For fill-in-the-
blank questions, model performance was generally
stable and clustered around a moderate level, with
no significant polarization in results.Table 2 lists
partial sample data.

Models SC MS F

Qwen VL-Max 75.69 5242 62.75
Qianfan-QI-VL 45.09 0.54 4543
DeepSeek-VL2 34.57 15.36 42.06
InternVL3-38B 68.74 48.93 64.08
ERNIE-4.5 7298 40.71 66.62
doubao-seed-1-6-250615 89.37 76.13 81.93
Claude 3.5 Sonnet 51.27 12.14 24.76
Claude Sonnet 4 50.08 11.61 24.88
Gemini 2.5 pro 90.77 83.61 87.77

Table 2: Examples of Model Performance Across Dif-
ferent Question Types in Single-Image Reasoning.

Based on the difference between the accuracy
of weak questions with images removed and the
accuracy of weak questions with images retained
(values in parentheses), models can be divided into
three categories.Table 3 lists partial sample data.

Image-dependent (negative difference, >-1) (12
models total): Auxiliary images enhance perfor-
mance, indicating MLLMs lack adequate spa-
tial imagination with text-only input. Extremely
dependent models (e.g., InternVL2.5-38B-MPO:
-38.02; Qianfan-Check-VL: -30.25) experience
drastic performance drops without images, show-
ing weak text-independent problem-solving abil-
ity. Slightly dependent models (e.g., ERNIE-4.5:
-2.40) are minimally affected by image presence,
with balanced text and image-text reasoning capa-
bilities.

Image-interfered (positive difference, > 1) (5
models total): Auxiliary images reduce perfor-
mance, as large models misinterpret images and
prioritize perceived visual information when text-
image contradictions arise. Extremely interfered
models (e.g., Grok-4: +38.96; Claude 3.5 Sonnet:
+20.94; Claude Sonnet 4: +20.42) perform far bet-
ter without images, where visual information acts



Single-Image Reasoning

Multi-Image Reasoning

Models

overal Mech EM  Opt Thermo Acous | Overall Mech EM  Opt Thermo Acous
doubao-vision! — — — — — — 89.96 90.90 85.51 90.36 9522 9041
Qwen3-VL-32B-Thinking — — — — — — 8740 87.53 7849 9553 97.05 91.78
doubao-seed? 83.80 8270 81.30 88.54 86.82 94.63 | 8548 8433 81.31 90.87 91.62 91.78
Gemini 2.5 pro 88.34 87.31 86.56 91.97 9048 98.00 | 83.82 8432 77.50 88.47 90.04 91.78
Qwen3-VL-30B-A3B-Thinking — — — — — — 82.80 8500 77.29 8525 8755 78.08
Qwen3-VL-Plus — — — — — — 80.36  80.53 72.06 87.57 89.44  86.30
GPT5 — — — — — — 78.88 78.06 74.85 79.49 8725 94.52
Qwen3-VL-8B-Thinking — — — — — — 7998 7122 78.84 83.57 8828 7397
Qwen?2.5-VL-72B-Instruct 68.78 69.86 66.69 79.39 75.86 90.13 | 78.56 80.58 67.37 86.21 88.10 83.56
ERNIE-4.5-Turbo-VL 70.64 69.11 67.68 7870 73.69 80.67 | 7347 75.83 70.16 79.49 8220 71.23
Qwen VL-Max 6598 66.45 59.54 7530 71.16 78.67 | 71.33 7128 61.87 79.49 82.09 83.56
ERNIE-4.5 67.86 62.54 62.04 7759 72.86 8027 | 70.14 70.16 66.32 80.15 81.05 82.19
Gemini 1.5 Pro 6693 64.74 63.83 76.84 69.77 81.86 — — — — — —
GLM-4.5V — — — — — — 69.74 7419 54.80 7443 81.85 78.87
Grok-4 3825 3530 32.04 42.06 4455 5270 | 67.66 67.08 60.99 71.73 7695 85.51
Qianfan-VL-70B — — — — — — 6729 6937 52.08 7636 82.66 78.08
Llama-4-Maverick? — — — — — — 66.88 71.19 5429 65.15 80.11 78.08
InternVL3-38B 61.90 63.82 55.83 7348 76.58 8571 | 6590 68.07 49.73 7348 8427 76.71
Qwen?2.5-VL-32B-Instruct 65.86 6423 58.13 77.67 7751 87.07 | 6546 6425 5597 7421 78.88  79.45
InternVL2.5-38B-MPO 59.59 5937 52.09 67.58 70.82 8231 | 6236 6545 47.79 7045 7473  69.86
Qwen?2.5-VL-7B-Instruct 60.04 58.05 5232 7482 7045 70.07 | 55.15 51.04 49.87 60.12 71.66 753
Claude Haiku 4.5 — — — — — — 5511 5338 46.19 6193 69.16 63.89
Qianfan-VL-8B — — — — — — 49.77 51.69 3693 5439 64.65 61.64
InternVL3-14B 59.86 59.42 51.17 70.73 7249 81.00 | 60.63 6340 4640 6592 7490 76.71
Qwen-VL-Plus 60.24 60.10 52.80 7141 6797 7467 | 62.11 60.19 5497 76.80 77.81 83.00
Claude Sonnet 4 26.74 25770 24.12 2847 31.86 4344 | 61.80 63.62 5729 66.77 7228  75.00
GPT-40 50.73 48.09 4490 58.87 6278 77.03 | 5496 6127 4257 55.69 5896  78.08
Qianfan-Llama-VL-8B 4791 4440 41.01 6461 5595 67.35 | 49.58 50.68 36.60 53.64 6744  65.5
Qianfan-Check-VL 4505 44.14 3742 57.66 5456  58.50 — — — — — —
Qianfan-QI-VL 40.77 38.07 3593 49.64 51.02 57.14 — — — — — —
DeepSeek-VL2 36.86 34.06 3140 4846 4294 o61.64 | 38.00 36.58 34.06 35.00 57.79 54.79
GPT-4.5-preview 3428 3331 31.17 3650 40.88 5227 — — — — — —
Claude 3.5 Sonnet 2696 27.49 2292 28.57 32.09 44.09 — — — — — —

! doubao-seed-1-6-vision-250815
% doubao-seed-1-6-251015
3 Llama-4-Maverick-17B-128E-Instruct

Note: ’—’ indicates no available data for the corresponding reasoning task.

Table 1: Model Accuracy in Single-Image and Multi-Image Reasoning

Models Overall strong weak weak_np
Qwen VL-Plus 60.24 5487 80.13  79.54 (-0.59)
Qwen2.5-VL-7B-Instruct  60.04  54.43 80.70  80.10 (-0.60)
Qianfan-Llama-VL-8B 4791 4137 7217 70.12(-2.05)
DeepSeek-VL2 36.86 3224 5396 4294 (-11.02)
InternVL3-38B 6190 5823 8579 79.63 (-6.16)
ERNIE-4.5-Turbo-VL 70.64  66.12 88.00 89.10 (+1.10)
doubao-seed-1-6-250615  83.80  80.57 95.33  95.62 (+0.29)
Claude Sonnet 4 26.74 2246 4231 62.73 (+20.42)
Gemini 2.5 pro 88.34  86.28 95.85 95.68 (-0.17)

Table 3: Model accuracy rates across different image
relevance conditions.

as a disruptive factor. Slightly interfered models
(e.g., Qwen VL-Max: +2.68; ERNIE-4.5-Turbo-
VL: +1.10) show marginally better performance
with text alone, with text capabilities slightly
exceeding image-text fusion abilities. Image-
independent (difference: -1 to +1) (5 models to-
tal): MLLMs exhibit strong spatial imagination

with text-only inputa trait particularly prominent
in top models (e.g., Gemini 2.5 pro: -0.17; doubao:
+0.29), whose differences are near zero, indicating
balanced performance.

For more detailed analysis and complete data,
see Appendix B.

5.2 Multi-image Reasoning

In the comprehensive multi-image understanding
task, top-performing models exhibited a signifi-
cant performance gap. doubao-seed-1-6-251015,
doubao-seed-1-6-vision-250815, and Qwen3-VL-
32B-Thinking all achieved an overall score of over
5 points, among which doubao-seed-1-6-vision-
250815 reached a comprehensive accuracy rate of
as high as 89.96%. This fully demonstrates its
absolute competitiveness in physics visual prob-
lem reasoning tasks and highlights its core advan-
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Figure 4: Scatter Plot of Average_Latency vs. Accuracy

tages in multimodal information integration and
physical logic analysis.The overall accuracy is pre-
sented in Table 1.

Disciplinary Difficulty and Model Adaptability:
Acoustics > Optics > Thermodynamics > Me-
chanics > Electromagnetism, which is consistent
with the results of single-image reasoning.

Models SC MS F
doubao-vision' 88.00 78.85 91.04
Qwen3-VL-32B-Thinking 86.33 79.19 88.16
ERNIE 4.5 Turbo VL 70.12  51.59 75.71
GLM-4.5V 60.54 3871 74.59
InternVL2.5-38B-MPO 61.08 23.08 64.56
Qianfan-VL-8B 4774 19.87 51.84
DeepSeek-VL2 25.80 14.94 43.65

! doubao-vision is the abbreviation of doubao-seed-1-6-vision-
250815.

Table 4: Examples of Model Performance Across Dif-
ferent Question Types in Multi-Image Reasoning.

Contrary to the conventionally accepted
question-type difficulty hierarchy, multiple-select
questions exhibit the largest difficulty gap in
multi-image reasoning tasks, with fill-in-the-blank
questions slightly less challenging than single-
choice ones. Multiple-select questions remain

the definitive high-difficulty category: over 70%
of models score below 60% accuracy, the top
accuracy only reaches 79.19%, and the accuracy
gap between top and bottom models exceeds 60
percentage points, indicating a notable difficulty
barrier. Of the 28 tested models, only 5 perform
better on single-choice than fill-in-the-blank
questions, reflecting that in multi-image scenarios,
models are more adept at information extraction
for structured fill-in-the-blank tasks than option
discrimination for single-choice ones. Table 4
lists partial sample data.

Analysis of Inference Efficiency:The evalua-
tion results reveal a critical performance trade-off:
while doubao-seed-1-6-vision-250815 (89.86%
accuracy) and Qwen3-VL-32B-Thinking (87.40%
accuracy) achieve high precision, their poor in-
ference efficiencywith average per-question re-
sponse times of 25.48 s and 27.77 s respective-
lyrestricts real-world deployment potential. By
contrast, Qwen3-VL-Plus delivers a favorable
balance of 80.36% accuracy and 1.51 s aver-
age latency, demonstrating superior overall cost-
effectiveness.The overall accuracy and of average
latency are illustrated in Figure 4.

When selecting Vision-Language Models
(VLMs), sole pursuit of maximum accuracy is



inadvisable; instead, inference efficiency and
practical scenario requirements must be com-
prehensively weighed.  Certain models boost
processing speed substantially with minimal ac-
curacy compromises via optimized architectures
and efficient reasoning strategies, making them
more practically valuable for real-time response
scenarios. Balancing accuracy and response time
will remain a core direction for future model
optimization.

For more detailed analysis and complete data,
refer to Appendix C.

5.3 Supplementary Analysis

From the disciplinary perspective, electromag-
netism emerges as a universal bottleneck: even in
multi-image tasks, the top model doubao-seed-1-
6-vision-250815 only achieves 85.51% accuracy
in this field, far below its performance in other
branches.

In terms of question types, the high difficulty of
multiple-select questions demonstrates cross-task
consistency. In single-image tasks, over 70% of
models score below 60% on these questions with
an extreme performance gap; in multi-image tasks,
this difficulty barrier is further amplified, with the
accuracy difference between top and bottom mod-
els exceeding 60 percentage points.

Data-wise, this evaluation is based on a Chi-
nese physics dataset, whose unique linguistic sys-
tem imposes a notable threshold for multimodal
models. Models optimized for Chinese semantics
or integrated with large-scale Chinese disciplinary
corpora (e.g., the doubao series) achieve precise
alignment with domain terminology and physical
laws, thus attaining higher accuracy.

Regarding model openness (open-source Vvs.
closed-source), closed-source models show bipo-
lar performance: Gemini 2.5 Pro, doubao-seed-
1-6-250615 and doubao-seed-1-6-vision-250815
outperform most open-source models by a sig-
nificant margin, while Claude Sonnet 4 and
GPT-40 lag behind most open-source counter-
parts. Among open-source models, Qwen3-VL-
32B-Thinking stands out with 87.40% accuracy in
multi-image reasoning, yet most others remain at
the mid-to-lower performance level.

6 Conclusion and Outlook

To evaluate multimodal large language models
(MLLMs) on physics reasoning tasks, this pa-

per proposes MV-Physics, a novel benchmark
for physics visual question answering scenarios,
which comprises a large annotated corpus of Chi-
nese junior high school physics questions for
comprehensive assessment of inter-model perfor-
mance disparities.

Experiments on 22 mainstream MLLMs for
single-image reasoning reveal a bipolar perfor-
mance distribution: Gemini 2.5 Pro and doubao-
seed-1-6-250615 demonstrate strong all-around
problem-solving capabilities, while many others
fail to meet passing scores. An in-depth analy-
sis of performance variations is conducted to ex-
plore the mechanisms underlying question-image
correlation. For multi-image reasoning tasks, tests
on 28 mainstream MLLMs show doubao-seed-1-
6-vision-250815 ranks first; however, inference ef-
ficiency analysis indicates substantial room for im-
provement in balancing model accuracy and re-
sponse time.

Future work will expand MV-Physics in depth
and breadth by incorporating senior high school
physics questions and complex interdisciplinary
scenarios (e.g., physics-mathematics-engineering
integrated problems), to better assess MLLMs ca-
pabilities in advanced physics knowledge applica-
tions.

Limitations

The current MV-Physics benchmark covers only
Chinese junior high school physics questions.
While effective for basic scenarios, it lacks
advanced/senior high school content, interdis-
ciplinary problems (e.g., physics-chemistry-
biology) and multilingual support, limiting
its ability to evaluate models advanced and
cross-lingual physics capabilities.

Experiments only tested mainstream mul-
timodal models, excluding niche, domain-
optimized and rapidly updated versions, so
the generalization of conclusions needs further
verification.

Ethical Consideration

Copyright and Licensing: All data in MV-Physics
are collected from public sources.

Ethics and Data Privacy: All testing instances
in MV-Physics are carefully scrutinized to exclude
any examples with ethical concerns. Since all the
data are collected from exampapers there is no pri-
vacy issue.
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Ge Zhang, Haonan Li, Swaroop Mishra, Yiming Yu,
Pengfei Liu, Noah A. Smith, Daniel Khashabi, and
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1,200 problems (25% knowledge-based, 75%
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A API Summary Table for Each Model

Tables 5 and 6 present the APIs invoked by all eval-
uated large models.

API Platform Models & API Endpoint

Alibaba DashScope  Models:  Qwen-VL-Plus; Qwen-VL-
Max; Qwen2.5-VL-72B-Instruct
Endpoint: https://dashscope.

aliyuncs.com/compatible-mode/v1

Baidu Qianfan Models: Qwen2.5-VL-32B-Instruct;
Qwen2.5-VL-7B-Instruct; Qianfan-
Llama-VL-8B; Qianfan-Check-VL;
Qianfan-QI-VL

DeepSeek-VL2; InternVL3-38B;
InternVL3-14B; InternVL2.5-38B-MPO;
ERNIE-4.5-Turbo-VL; ERNIE-4.5
Endpoint: https://qianfan.baidubce.
com/v2/chat/completions

Yunwu Al Models: doubao Seed 1.6; GPT-40; GPT-
4.5-preview; Claude 3.5 Sonnet
Claude Sonnet 4; Grok-4
Endpoint: https://yunwu.ai/v1
Shubiaobiao Models: Gemini 2.5 pro; Gemini 1.5 Pro

Endpoint:
cn/v1

https://api.shubiaobiao.

Table 5: Summary of API Platforms, Corresponding
Models, and Endpoints in Single-image Reasoning.
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API Platform Models & API Endpoint

Alibaba DashScope ~ Models: Qwen VL-Plus; Qwen VL-Max;
Qwen2.5-VL; Qwen3-VL-Plus; Qwen3-
VL-32B-Thinking; Qwen3-VL-30B-
A3B-Thinking; Qwen3-VL-8B-Thinking
Endpoint: https://dashscope.
aliyuncs.com/compatible-mode/v1

Baidu Qianfan Models: DeepSeek-VL2; ERNIE 4.5
Turbo VL; ERNIE 4.5; GLM-4.5V;
InternVL2.5-38B-MPO; InternVL3-14B;
InternVL3-38B
1lama-4-maverick-17b-128e-
instruct; Qianfan-VL-8B;  Qianfan-
VL-70B; gianfan-llama-v1-8b
Endpoint: https://qianfan.baidubce.
com/v2/chat/completions

Volces Ark Models: doubao-seed-1-6-251015;
doubao-seed-1-6-vision-250815
Endpoint:  https://ark.cn-beijing.

volces.com/api/v3

Yunwu Al Models: GPT-40; GPTS5; Claude Sonnet
4; Claude Haiku 4.5; Grok-4

Endpoint: https://yunwu.ai/v1

Shubiaobiao Models: Gemini 2.5 pro
Endpoint: https://api.shubiaobiao.

cn/vl

Table 6: Summary of API Platforms, Corresponding
Models, and Endpoints in Multi-image Reasoning.

B More Information on Evaluation
Results in the Single-Image Reasoning
Scenario

B.1 Performance by Discipline

(1) Mechanics:

Top-tier models: Gemini 2.5 pro (87.31%),
Doubao (82.70%), with scores exceeding 80;

Mid-tier models: ERNIE-4.5-Turbo-VL
(69.11%), Qwen2.5-VL-72B (69.86%), with
scores ranging from 65 to 70;

Lower-performing models: Claude 3.5 Sonnet
(27.49%), GPT-4.5-preview (33.31%), with scores
below 35, showing poor foundational knowledge
in mechanics.

Disciplinary characteristics: Mechanics is a fun-
damental science discipline. Top-tier models hold
obvious advantages, while lower-scoring models
lack mastery of core knowledge such as force anal-
ysis and motion laws.

(2) Electromagnetism:

Top-tier models: Gemini 2.5 pro (86.56%),
Doubao (81.30%), with scores exceeding 80, indi-
cating a profound understanding of complex elec-
tromagnetism laws (e.g., electromagnetic fields,
circuit analysis);
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Second-tier models:  ERNIE-4.5-Turbo-VL
(67.68%), Qwen2.5-VL-72B (66.69%), with
scores ranging from 65 to 70, performing slightly
weaker in high-difficulty tasks (e.g., compre-
hensive problems on electromagnetic induction);
Lower-performing models: Claude Sonnet 4
(24.12%), DeepSeek-VL2 (31.40%), with scores
below 35, showing vague understanding of core
electromagnetism concepts.

Disciplinary characteristics: Electromagnetism
is a relatively difficult field in science, and advan-
tages are concentrated among top-tier models.

(3) Optics:

Top-tier models: Gemini 2.5 pro (91.97%),
Doubao (88.54%), with scores exceeding 85, lead-
ing the second tier by more than 10 points and
demonstrating accurate mastery of optical laws
such as refraction, reflection, and wave phenom-
ena;

Mid-tier models: Qwen2.5-VL-72B (79.39%),
ERNIE-4.5-Turbo-VL (78.70%), with scores rang-
ing from 75 to 80;

Lower-performing models: GPT-4.5-preview
(36.50%), Claude 3.5 Sonnet (28.57%), with
scores below 30, having obvious knowledge gaps
in optics.

Disciplinary characteristics: Optics is the field
where top-tier models show the most prominent
advantages (Gemini scores over 90), possibly be-
cause optical laws are highly intuitive, making it
easier for models to learn through images/data.

(4) Thermodynamics:

Top-tier models: Gemini 2.5 pro (90.48%),
Doubao (86.82%), with scores exceeding 85,
showing solid mastery of thermodynamic laws and
temperature changes;

Second-tier models: InternVL3-38B (76.58%),
Qwen2.5-VL-32B (77.51%), with scores ranging
from 75 to 80, demonstrating good stability;

Lower-performing models:  DeepSeek-VL2
(42.94%), Qianfan-QI-VL (51.02%), with scores
below 55, showing weak foundational knowledge
in thermodynamics.

Disciplinary characteristics: Thermodynamics
is of moderate difficulty. Top-tier models have ob-
vious advantages, mid-tier models perform stably,
and lower-scoring models lack understanding of
abstract concepts (e.g., entropy change, heat trans-
fer).

(5) Acoustics:

Top-tier models: Gemini 2.5 pro (98.00%),
Doubao (94.63%), with scores exceeding 90,
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achieving nearly perfect mastery in this fieldtheir
performance here is the best among all disciplines;

Second-tier = models: Qwen2.5-VL-72B
(90.13%), InternVL3-38B (85.71%), with scores
ranging from 85 to 90;

Lower-performing models: Claude Sonnet 4
(43.44%), GPT-4.5-preview (52.27%), with scores
below 55, showing insufficient knowledge re-
serves in acoustics.

Disciplinary characteristics: Acoustics is the
least difficult discipline overall. Top-tier models
score close to full marks, reflecting their excellent
learning outcomes regarding basic physical phe-
nomena in acoustics (e.g., the generation and prop-
agation of sound).

B.2 Performance Analysis by Question Type

The accuracy of all models across different ques-
tion types is presented in the Table 7.

Models SC MS F

Qwen-VL-Plus 68.71 23.79 61.74
Qwen-VL-Max 75.69 5242 62.75
Qwen2.5-VL-72B-Instruct ~ 75.67 50.27  68.05
Qwen2.5-VL-32B-Instruct 7092 46.96  66.28
Qwen2.5-VL-7B-Instruct 65.74 29.11 6224
Qianfan-Llama-VL-8B 5142 2446 50.02
Qianfan-Check-VL 5435 1821 4447
Qianfan-QI-VL 45.09 0.54 4543
DeepSeek-VL2 34.57 1536 42.06
InternVL3-38B 68.74 4893 64.08
InternVL3-14B 65.41 41.61 59.87
InternVL2.5-38B-MPO 65.25 40.00 59.77
ERNIE-4.5-Turbo-VL 7734 4455 71.51
ERNIE-4.5 7298 40.71 66.62
doubao Seed 1.6 89.37 76.13 8193
GPT-40 51.50 2791 5434
GPT-4.5-preview 4492 1393 33.67
Claude 3.5 Sonnet 51.27 12.14 2476
Claude Sonnet 4 50.08 11.61 24.88
Gemini 2.5 pro 90.77 83.61 87.77
Gemini 1.5 Pro 57.62 27.50 80.70
Grok-4 41.63 1446 37.33

Table 7: Total Accuracy of Models Across Different
Question Types in Single-Image Reasoning..

Single-Choice Questions: Option Prompts Re-
duce Difficulty, Top-Tier Models Demonstrate
Concentrated Advantage

Core Characteristic:The "choose one out of
four" nature of single-choice questions reduces the
demand for "unaided reasoning" capability from
the models, making them the easiest question type
for models to tackle successfully.

Top-Tier Models: Gemini 2.5 pro leads with an
accuracy of 90.77%, followed closely by Doubao
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Seed 1.6 at 89.37%. Their scores far exceed those
of other models, with a gap of over 12 percentage
points compared to the second runner-up (ERNIE-
4.5-Turbo-VL, 77.34%), demonstrating an abso-
lute advantage in the ability for "single-option
judgment + interference option exclusion".

Bottom-Tier Models: DeepSeek-VL2 (34.57%)
and Grok-4 (41.63%) scored the lowest, even
falling below 1.5-1.7 times the random probability
rate (25%), indicating an extremely weak under-
standing of the basic logic and option associations
in single-choice questions.

Pattern: Model performance shows a positive
correlation with parameter count (e.g., Qwen2.5-
VL series: 72B (75.67%) > 32B (70.92%) > 7B
(65.74%)). Larger models exercise more precise
control over details in single-choice questions.

Multiple-Select Questions: Associative Judg-
ment of Multiple Options Becomes a Bottleneck,
Revealing Extreme Model Disparities

Core Characteristic:Multiple-Select questions
require "identifying all correct options,” neces-
sitating simultaneous handling of rules such as
"logical relationships between options" and "loss
of points for both incorrect selections and omis-
sions." This places the highest demand on model
rigor and multi-dimensional reasoning ability,
making it the "gold standard" question type for dif-
ferentiating model performance.

Top-Tier Models: Gemini 2.5 pro holds a sig-
nificant lead with an accuracy of 83.61%, while
Doubao Seed 1.6 follows in second place with
76.13%. They are the only two models exceeding
70% accuracy in multiple-select questions, reflect-
ing their extremely strong capability for logical as-
sociation judgment regarding "multiple correct op-
tions."

Bottom-Tier Models: Qianfan-QI-VL ranks last
with an accuracy of merely 0.54% (almost entirely
incorrect). The Claude series (11.61%-12.14%)
and GPT-4.5-preview (13.93%) all scored below
15%, indicating a complete failure to understand
the logic of "multiple correct options coexisting"
in multiple-select questions, frequently resulting
in "omissions and misselections."

Notable Phenomenon: Mid-tier models
(e.g., Qwen2.5-VL-72B, InternVL3-38B) have
multiple-select scores concentrated between
40%-50%, residing in a stage where they "can
identify some correct options but cannot get
all correct," reflecting insufficient mastery over
"option completeness."



Fill-in-the-Blank Questions: Option-Free De-
sign Tests Direct Output Capability and Uncovers
Model Biases

Core Characteristic: Without option prompts,
fill-in-the-blank questions require models to gen-
erate direct answers (e.g., terms, numerical val-
ues, short phrases), demanding strong capabilities
in accurate knowledge recall and question-stem
logic conversion. Their accuracy typically falls
between that of single-choice and multiple-select
questions.

Top-Tier Models: Gemini 2.5 Pro (87.77%) and
Doubao Seed 1.6 (81.93%) retain the top two posi-
tions, with a narrow gap relative to the third-place
model (Gemini 1.5 Pro, 80.70%), demonstrating
stable performance in generating correct answers
without aids.

Special Case Model: Gemini 1.5 Pro shows per-
formance bias: its fill-in-the-blank score (80.70%,
second only to top models) far outpaces its single-
choice (57.62%) and multiple-select (27.50%) ac-
curacy, indicating strengths in direct answer gen-
eration but weaknesses in option judgmentpoten-
tially linked to the models adaptation to varying
output formats (options vs. direct text).

Bottom-Tier Models: Claude 3.5 Sonnet
(24.76%) and Claude Sonnet 4 (24.88%) score the
lowest, reflecting weak ability to convert question-
stem information into accurate direct answers and
failure to extract key input details effectively.

B.3 Question-Image Correlation

Models Overall strong weak weak-np
Qwen-VL-Plus 60.24  54.87 80.13  79.54(-0.59)
Qwen-VL-Max 6598 61.16 83.87 86.55 (+2.68)
Qwen2.5-VL-72B-Instruct  68.78  63.71 87.59 85.38 (-2.21)
Qwen2.5-VL-32B-Instruct  65.86  60.38 86.21  82.00 (-4.21)
Qwen2.5-VL-7B-Instruct 60.04 5443 80.70 80.10 (-0.60)
Qianfan-Llama-VL-8B 4791 4137 7217  70.12(-2.05)
Qianfan-Check-VL 4505 38.69 68.65 38.40(-30.25)
Qianfan-QI-VL 40.77  36.10 5822 40.05 (-18.17)
DeepSeek-VL2 36.86 3224 5396 4294 (-11.02)
InternVL3-38B 61.90 5823 8579 79.63 (-6.16)
InternVL3-14B 59.86  53.78 8240  79.75(-2.62)
InternVL2.5-38B-MPO 59.59 5334 8272 44.70(-38.02)
ERNIE-4.5-Turbo-VL 70.64  66.12 88.00 89.10 (+1.10)
ERNIE-4.5 67.86 61.23 84.14 81.74(-2.40)
doubao Seed 1.6 83.80 80.57 95.33 95.62(+0.29)
GPT-40 50.73 4517 71.15  71.11(-0.04)
GPT-4.5-preview 3428 30.16 49.34  44.24(-5.10)
Claude 3.5 Sonnet 2696 2275 4222 63.16 (+20.94)
Claude Sonnet 4 26.74 2246 4231 62.73 (+20.42)
Gemini 2.5 pro 88.34  86.28 9585 95.68 (-0.17)
Gemini 1.5 Pro 66.93  62.14 8441 77.02(-7.39)
Grok-4 3825 32.09 3577 74.73 (+38.96)

Table 8: Total Accuracy Table of Correlation Between
Questions and Images.
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The total accuracy of all models regarding
question-image correlation is presented in Table 8.
Strong Scenario (Image as Essential Information):

Top Performance: Gemini 2.5 pro (86.28)
and doubao Seed 1.6 (80.57) significantly outper-
formed other models, indicating their exceptional
ability to understand and integrate images serving
as core information.

Poor Performance: The Claude series (22.46-
22.75) and Grok-4 (32.09) scored below 30, re-
vealing significant shortcomings in handling tasks
where the image is essential.

Weak Scenario (Image as Auxiliary Informa-
tion):

Top Performance: Gemini 2.5 pro (95.85)
and doubao (95.33) achieved near-perfect scores,
demonstrating highly efficient integration of tex-
tual and visual information for problem-solving
with image assistance.

Poor Performance: Grok-4 (35.77) and the
Claude series (42.22-42.31) scored below 50, in-
dicating weak performance even with the aid of
images.

Weak Scenario with Image Removed (Text-
Only):

Top Performance: Doubao (95.62), Gemini 2.5
pro (95.68), and ERNIE-4.5-Turbo-VL (89.10)
maintained text-only performance close to their
weak scenario scores, indicating extremely strong
text comprehension capabilities.

Anomalous Performance: InternVL2.5-38B-
MPO (44.70) experienced a drastic drop of 38.02
points compared to its weak scenario performance
(82.72), making it the only model scoring below
50 in the text-only condition and revealing an
extreme dependence on auxiliary images. Con-
versely, Grok-4 (74.73) saw a sharp increase of
38.96 points compared to its weak scenario per-
formance (35.77), performing far better with text
alone, indicating that images act as a severe inter-
ference for this model.

Summary of Representative Model Characteris-
tics:

Gemini 2.5 pro:Top-tier across all scenarios
(Strong 86.28, Weak 95.85, No Image 95.68). Bal-
ances image-text integration and pure text capabil-
ities with no obvious weaknesses, making it the
model with optimal comprehensive performance.

Doubao Seed 1.6:Performance in the Weak sce-
nario (95.33) is nearly identical to the No Im-
age scenario (95.62). Pure text capability is
slightly stronger than image-text integration, indi-



cating extremely high text comprehension preci-
sion. ERNIE-4.5-Turbo-VL: Performance slightly
improved (+1.10) after image removal, highlight-
ing its strong pure text capability and suitability
for scenarios without images.

InternVL2.5-38B-MPO: Exhibits extreme de-
pendence on auxiliary images. Performance col-
lapses without images, indicating a critical defi-
ciency in text-only capability.

Grok-4:Experiences the most severe image in-
terference. Its pure text capability (74.73) far ex-
ceeds its performance in image-included scenarios
(35.77), suggesting a failure in its image-text fu-
sion mechanism.

Core Conclusions:

Top models (Gemini 2.5 pro, doubao) achieve
dual strength in both "image-text integration" and
"pure text" processing, demonstrating balanced
and stable capabilities.

Most models depend on auxiliary images (neg-
ative difference value), but the degree of depen-
dency varies significantly. Models with extreme
dependency require focused optimization of their
text-based capabilities.

A few models (Grok-4, Claude series) are in-
terfered with by images. Their image-text infor-
mation filtering mechanisms need improvement to
prevent invalid images from negatively impacting
judgment.

Scores in the Strong scenario are generally
lower than in the Weak scenario, indicating that
models find processing tasks where the image is
essential more challenging. This represents a com-
mon direction for future optimization.

Cross-Scenario Core Conclusion: The Strong
Scenario Acts as a Magnifying Glass for Models’
"True Capabilities"

The "Stability Barrier" of Top-Tier Models:
Across all question types, the performance gap be-
tween top-tier models (Gemini 2.5 pro, Doubao)
in the general scenario and the Strong scenario
remains stable, with minimal decay (most differ-
ences < 5 points), even achieving "zero decay"
(e.g., Gemini 2.5 pro in fill-in-the-blank). This
stability allows them to widen the gap with other
models in both scenarios, consolidating their lead-
ing positions.

The "Scenario Dependency Dilemma" of Mid-
Tier Models: Mid-tier models generally experi-
ence decay in the Strong scenario (especially in
fill-in-the-blank, difference of 5-7 points), leading
to an expanded gap with the top tier. This reflects
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that their "ability to utilize image information" is
a weakness, and they can only maintain competi-
tiveness in the general scenario (where images are
auxiliary).

The "Solidification of Dual Disadvantages" for
Bottom-Tier Models:Bottom-tier models perform
poorly in both scenarios, and their decay in the
Strong scenario is slightly greater than that of
the top tier. This leads to a further increase in
the absolute performance gap with the top tier
(particularly evident in single-choice and fill-in-
the-blank questions), indicating that they not only
have weak foundational capabilities but also lack
"anti-interference" or "image information utiliza-
tion" abilities. This gap appears "irreversible."

Tables 9 and 10 respectively present the compar-
ison between the overall accuracy and the accuracy
under strong correlation of models across different
disciplinary branches and question types.

Single-Choice Questions: Significant Gap in
General Scenario, Slightly Narrowed Gap in
Strong Scenario, Top-Tier Model Stability Domi-
nates

1. General Scenario (Single-Choice)

Highest Score (Gemini 2.5 pro): 90.77%; Low-
est Score (DeepSeek-VL2): 34.57% Maximum
Gap: 56.2 points. The average score of the top
5 models (80.4%) was 35.7 points higher than that
of the bottom 5 models (44.7%).

Characteristic: The gap between top-tier mod-
els (Gemini 2.5 pro, doubao) and mid-tier models
(e.g., ERNIE-4.5-Turbo-VL) exceeds 12 points,
and the gap between mid-tier and bottom-tier mod-
els exceeds 25 points, indicating a clear hierarchy.

2. Strong Scenario (Single-Choice Strong)
Highest Score (Gemini 2.5 pro): 89.32%; Lowest
Score (DeepSeek-VL2): 30.98% Maximum Gap:
58.34 points (slightly larger than the general sce-
nario). The average score of the top 5 models
(78.1%) was 36.9 points higher than that of the
bottom 5 models (41.2%).

Characteristic: Top-tier models show minimal
decay (Gemini 2.5 pro difference 1.45 points,
Doubao 2.32 points) and maintain a gap of over
10 points with mid-tier models. Bottom-tier mod-
els decay slightly more than the top tier (e.g.,
DeepSeek-VL2 difference 3.59 points, Claude 3.5
Sonnet 6.21 points), leading to a slight widening
of the absolute gap between the top and bottom
tiers in the Strong scenario.

3. Scenario Comparison: Strong Gap Stability,
Top-Tier "Anti-Decay" Ability Determines Hierar-



Models Mech Electrom Opt Thermo Acou

all str all str all str all str all str

Qwen-VL-Plus 60.1 533 528 51.1 714 645 68.0 644 747 634
Qwen-VL-Max 66.5 60.2 59.5 58.1 753 69.0 712 67.1 787 718
Qwen2.5-VL-72B  69.9 629 66.7 603 794 72.6 759 69.0 90.1 80.3
Qwen2.5-VL-32B 64.2 58.1 58.1 563 77.7 69.5 775 737 87.1 74.7
Qwen2.5-VL-7B 58.1 51.6 523 506 748 66.1 705 67.0 70.1 549
QF-Llama-VL-8B 444 364 41.0 389 646 559 56.0 508 674 479
QF-Check-VL 44.1 36.0 374 356 577 478 54.6 499 585 437
QF-QI-VL 38.1 324 359 345 49.6 41.6 510 470 571 493
DeepSeek-VL2 341 292 314 295 485 423 429 393 61.6 50.0
InternVL3-38B 63.8 572 558 539 735 632 76.6 73.0 857 747
InternVL3-14B 594 53.0 51.2 49.1 707 598 725 684 810 67.6
InternVL2.5-38B  59.4 519 52.1 50.1 67.6 56.7 708 66.7 823 66.2
ERNIE-4.5-Turbo 69.1 629 67.7 66.1 78.7 71.6 7377 69.5 80.7 71.8

ERNIE-4.5 62.5 571 62.0 602 77.6 69.7 729 684 803 66.2
doubao Seed 1.6 827 78.0 81.3 804 885 834 86.8 845 946 914
GPT-40 48.1 42.0 449 428 589 490 628 582 77.0 66.7
GPT-4.5-preview 333 27.7 31.2 29.6 365 322 409 364 523 397
Claude 3.5 275 219 229 212 286 227 321 828 44.1 397

Claude Sonnet4 257 204 24.1 225 285 212 319 283 434 309
Gemini 2.5 pro 87.3 843 86.6 86.0 920 894 90.5 88.7 98.0 95.7
Gemini 1.5 Pro 64.7 5877 63.8 625 768 672 69.8 66.5 819 754
Grok-4 353 292 32.0 305 421 378 446 402 527 420

Table 9: Accuracy of Various Models Across Different Disciplinary Branches (all=all scenarios, str=strong scenar-
10s).

Models SC MS F

all strong all strong all strong
Qwen-VL-Plus 68.71 64.83 2379 21.73 61.74 55.76
Qwen-VL-Max 75.69 71.57 5242 5050 62775 57.24

Qwen2.5-VL-72B-Instruct  75.67 71.66 50.27 47.89 68.05 62.26
Qwen2.5-VL-32B-Instruct  70.92 66.78 46.96 44.27 66.28 5991
Qwen2.5-VL-7B-Instruct ~ 65.74 61.27 29.11 27.77 6224 5587
Qianfan-Llama-VL-8B 5142 4648 2446 2394 50.02 4192

Qianfan-Check-VL 5435 4841 1821 17.10 44.47 37.44
Qianfan-QI-VL 45.09 4180 0.54 0.60 4543 40.00
DeepSeek-VL2 34,57 3098 1536 1549 4206 36.43
InternVL3-38B 68.74 6371 4893 4748 64.08 57.21
InternVL3-14B 6541 6043 41.61 3924 59.87 52.84
InternVL2.5-38B-MPO 65.25 6022 40.00 3823 59.77 52.39
ERNIE-4.5-Turbo-VL 7734 7423 4455 4324 7151 6594
ERNIE-4.5 7298 69.25 40.71 3944 66.62 61.01
doubao Seed 1.6 89.37 87.05 76.13 7567 8193 77.81
GPT-40 51.50 46.47 2791 27.02 5434 48.11
GPT-4.5-preview 4492 4112 1393 1348 33.67 29.22
Claude 3.5 Sonnet 51.27 4506 12.14 11.87 24776 20.72
Claude Sonnet 4 50.08 4435 11.61 11.47 2488 20.58
Gemini 2.5 pro 90.77 89.32 83.61 83.16 8777 871.77
Gemini 1.5 Pro 57.62 5264 2750 2636 80.70 76.49
Grok-4 41.63 38.25 1446 1408 3733 3213

Table 10: Comparison Between Overall Scores and Strong Scores Across Various Question Types.
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Models ¢ MS F

all strong all strong all strong
Qwen2.5-VL-7B-Instruct  65.74  61.27 (-4.47) 29.11 27.77(-1.34) 62.24 55.87 (-6.37)
InternVL3-14B 65.41 60.43 (-4.98) 41.61 39.24(-2.37) 59.87 52.84(-7.03)
ERNIE-4.5 7298 69.25(-3.73) 40.71 3944 (-1.27) 66.62 61.01 (-5.61)
doubao Seed 1.6 89.37 87.05(-2.32) 76.13 75.67(-0.46) 81.93 77.81 (-4.12)
GPT-40 51.50 46.47(-5.03) 2791 27.02(-0.89) 54.34 48.11(-6.23)
Claude 3.5 Sonnet 51.27 45.06 (-6.21) 12.14 11.87(-0.27) 2476 20.72 (-4.04)
Claude Sonnet 4 50.08 44.35(-5.73) 11.61 11.47(-0.14) 24.88 20.58 (-4.30)
Gemini 2.5 pro 90.77 89.32(-1.45) 83.61 83.16(-0.45) 87.77 87.7 (0)

Table 11: Example of Accuracy Differences Between Overall Accuracy and Strong Accuracy

Across Various Question Types.

chy

The hierarchical ranking of models remains al-
most consistent (Top Mid Bottom) across both
scenarios, indicating that the performance gap in
single-choice questions is not affected by the sce-
nario and is primarily determined by foundational
capability. The Strong scenario only amplifies the
"disadvantage of bottom-tier models" (greater de-
cay at the bottom), while the strong "anti-decay"
capability of top-tier models further consolidates
their leading position.

Multiple-Select Questions: Extreme Gap in
General Scenario, Slightly Narrowed Gap in
Strong Scenario, Top-Tier "Zero Decay" Consol-
idates Advantage 1.General Scenario (Multiple-
Select)

Highest Score (Gemini 2.5 pro): 83.61%; Low-
est Score (Qianfan-QI-VL): 0.54Maximum Gap:
83.07 points. The average score of the top 5 mod-
els (60.5%) was 46.1 points higher than that of the
bottom 5 models (14.4%), representing the largest
gap among all question types.

Characteristic: The top two models (Gemini 2.5
pro, Doubao) lead the third place by over 25 points.
Bottom-tier models are nearly ineffective (average
score < 15%).

2.Strong Scenario (Multiple-Select Strong)

Highest Score (Gemini 2.5 pro): 83.16%; Low-
est Score (Qianfan-QI-VL): 0.60Maximum Gap:
82.56 points (slightly smaller than the general sce-
nario). The average score of the top 5 models
(59.8%) was 45.5 points higher than that of the
bottom 5 models (14.3%).

Characteristic: Decay of top-tier models ap-
proaches zero (Gemini 2.5 pro difference 0.45
points, Doubao 0.46 points), and the gap with mid-
tier models remains stable. Isolated bottom-tier
models show slight improvement (e.g., DeepSeek-
VL2 difference -0.13 points), but due to their ex-
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tremely low baseline scores ( 15%), the impact on
the overall gap is negligible.

3.Scenario Comparison: Gap Core Determined
by "Absolute Advantage of Top Tier," Strong Sce-
nario Fails to Alter Hierarchy

The gap between the top and bottom tiers ex-
ceeds 80 points in both scenarios, stemming pri-
marily from the top-tier models’ dual capability
in processing "multiple options + image informa-
tion," which bottom-tier models completely lack.
The slight narrowing of the gap in the Strong sce-
nario is merely due to random fluctuations in a few
bottom-tier models and does not change the funda-
mental nature of "top-tier monopoly and bottom-
tier failure."

Fill-in-the-Blank Questions: Significant Gap in
General Scenario, Widened Gap in Strong Sce-
nario, Image Dependency Amplifies Model Diver-
gence

1.General Scenario (Fill-in-the-Blank)

Highest Score (Gemini 2.5 pro): 87.77%; Low-
est Score (Claude 3.5 Sonnet): 24.76%

Maximum Gap: 63.01 points. The average
score of the top 5 models (76.8%) was 41.8 points
higher than that of the bottom 5 models (35.0%).

Characteristic: The top "three-high camp"”
(Gemini 2.5 pro, Doubao, Gemini 1.5 Pro) main-
tains a gap of over 9 points with mid-tier models,
and the gap between mid-tier and bottom-tier mod-
els exceeds 25 points.

2.Strong Scenario (Fill-in-the-Blank Strong)

Highest Score (Gemini 2.5 pro): 87.77% (same
as general scenario); Lowest Score (Claude 3.5
Sonnet): 20.72%

Maximum Gap: 67.05 points (4.04 points wider
than the general scenario). The average score of
the top 5 models (72.7%) was 41.6 points higher
than that of the bottom 5 models (31.1%).

Characteristic: Among top-tier models, only



Gemini 2.5 pro achieved "zero decay" (difference
0 points). Doubao decayed by 4.12 points but
still maintained a gap of over 15 points with
mid-tier models. Mid-tier models decayed sig-
nificantly (e.g., Qwen2.5-VL-32B difference 6.37
points, InternVL3-14B 7.03 points). Bottom-tier
models decayed by around 4 points, leading to a
widening gap between the top and mid-tiers, and
between the mid and bottom tiers.

3.Scenario Comparison: Image Dependency
Amplifies Gaps, "Zero Decay" Models Become
Absolute Leaders

The gap widens in the Strong scenario for fill-
in-the-blank questions primarily because mid-tier
models lack sufficient capability for "precise ex-
traction of image information" (decay 5-7 points),
while top-tier models (especially Gemini 2.5 pro)
can fully utilize image information, further widen-
ing the gap. Bottom-tier models, due to a "lack of
dual text-image capabilities," perform extremely
poorly in both scenarios, with a gap exceeding 60
points compared to the top tier, which is further
exacerbated in the Strong scenario.

Overall Score Changes: Top Models Stable,
Mid and Low-Tier Models Exhibit Significant
Volatility

Top-Tier =~ Models (Top 3 Overall
Scores):Exhibit almost no fluctuation after
image removal, indicating extremely strong pure
text comprehension capabilities.

Gemini 2.5 pro (88.34): Overall score change
is minimal (within §0.5%), indicating that in weak
scenarios, the image is merely "icing on the cake."
Even without the image, it can solve problems sta-
bly based solely on the question stem, showing
very low dependency on images.

Doubao Seed 1.6 (83.80):** QOverall score
change is +0.26%, almost unchanged, demonstrat-
ing extremely strong pure text question stem com-
prehension ability. Image assistance provides lim-
ited improvement.

ERNIE-4.5-Turbo-VL (70.64): Overall score in-
creases +2.54% after image removal. Performance
slightly improves, possibly because image assis-
tance offers no additional benefit, and pure text
problem-solving is more efficient for it.

Mid-Tier Models (Overall Scores 60-68): Ex-
hibit differentiated volatility; some rely on image
assistance. Qwen2.5-VL-72B (68.78): Overall
score decreases -0.41%, a slight drop, indicating
images provide mild assistance, and removal has
little impact.
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InternVL3-38B (61.90): Overall score in-
creases +1.83% after image removal. Performance
improves, possibly because images cause slight in-
terference, and pure text solving is more stable.

Qwen2.5-VL-32B (65.86): Overall score is
pulled down by a significant drop in multiple-
select (-17.46%), but single-choice improves
+2.15%. Performance is split, indicating high de-
pendency on images for specific question types.

Low-Tier Models (Overall Score < 60):Exhibit
extreme volatility; poor ability regarding "depen-
dency on / resistance to interference from" image
assistance. Positive Extreme (Significant improve-
ment after removal):

Grok-4: Overall score increases significantly
due to improvements in multiple-select (+19.08%)
and fill-in-the-blank (+30.92%), total change
+5.63%. This indicates images are "interference
items" for it; without images, it can focus on the
stem.

Claude Series: Claude 3.5 Sonnet overall
+8.05%, Claude Sonnet 4 overall +11.75%, espe-
cially multiple-select +15.84% and +14.28% re-
spectively. Image assistance is ineffective or even
interfering.

Negative Extreme (Significant decline after
removal): Qianfan-Check-VL: Fill-in-the-blank
score drops -48.59% after removal. Even in weak
scenarios (where solving without image should be
possible), it overly depends on images, indicating
very weak pure text comprehension.

Qianfan-QI-VL: Fill-in-the-blank score drops
-37.02%, but single-choice improves +14.20%.
Performance is contradictory, possibly due to
vastly different image dependency across question
types.

Analysis by Question Type: Single-Choice
Most Stable, Multiple-Select / Fill-in-the-Blank
More Volatile

Single-Choice Questions (sc_w vs sc_w_np):
Overall the most stable; top models show almost
no change.

Score changes for all models are within §5%.
Top models (Gemini 2.5 pro +0.51%, Doubao
+0.26%) show almost no fluctuation, indicating
single-choice stems provide sufficiently clear in-
formation, and image assistance plays the weak-
est role, aligning with the "solvable without im-
age" characteristic of weak scenarios. Low-tier
models like Qianfan-QI-VL (+14.20%) and Grok-
4 (+5.63%) show significant improvement, possi-
bly because simple stems mean images instead dis-



Models Overall sc_w sc_w_np ms_w ms_w_np fb_w fo_w_np

Qwen-VL-Plus 60.24 8247 83.54(+1.07) 4032 4127 (+0.95) 8226  80.61 (-1.65)
Qwen-VL-Max 6598 9035 9042 (+0.07) 67.74  68.25(+0.51) 81.62  85.97 (+4.35)
Qwen2.5-VL-72B-Instruct ~ 68.78  89.88  89.47 (-0.41)  69.35 67.86 (-1.49)  87.88  84.59(-3.29)
Qwen2.5-VL-32B-Instruct ~ 65.86  85.61  87.76 (+2.15) 6825 50.79 (-17.46) 88.13  81.57 (-6.56)
Qwen2.5-VL-7B-Instruct 60.04 81.64  81.14(-0.50)  39.68 45.90 (+6.22) 83.80  82.39 (-1.41)
Qianfan-Llama-VL-8B 4791 6898  68.30(-0.68) 2857 3333 (+4.76) 77.79  73.87(-3.92)
Qianfan-Check-VL 45.05 7544 7418 (-1.26) 2698 2222 (-4.776)  68.53  19.94 (-48.59)
Qianfan-QI-VL 40.77 5693  71.13 (+14.20) 0 1.59 (+1.59) 64.12  27.10 (-37.02)
DeepSeek-VL2 36.86  47.38  43.98 (-3.40) 1429  15.87 (+1.58) 61.21 44.70(-16.51)
InternVL3-38B 61.90 86.60 88.43(+1.83) 60.32 61.40(+1.08) 87.57 76.34(-11.23)
InternVL3-14B 59.86  83.13  82.04(-1.09)  60.32 50.00 (-10.32) 8394  81.02(-2.92)
InternVL2.5-38B-MPO 59.59  83.13 8491 (+1.78) 5397 24.14(-29.83) 85.03  77.58 (-7.45)
ERNIE-4.5-Turbo-VL 70.643  88.37 90091 (+2.54) 54.84 66.67 (+11.83) 90.60  89.82 (-0.78)
ERNIE-4.5 67.86  86.25  87.00 (+0.75)  50.79  50.88 (+0.09) 85.89  81.43 (-4.46)
doubao Seed 1.6 83.802 9725 97.51(+0.26)  79.37  7541(-3.96) 9580 96.42 (+0.62)
GPT-40 50.73  69.08  71.99 (+2.91) 3492  3333(-1.59) 7549  73.90(-1.59)
GPT-4.5-preview 3428 5795 6196 (+4.01) 17.46 15.87 (-1.59)  48.75  40.47 (-8.28)
Claude 3.5 Sonnet 26.96  68.90  76.95 (+8.05) 1429  30.16 (+15.84) 38.58 61.14 (+22.56)
Claude Sonnet 4 26.74  67.10 78.85(+11.75) 1270 26.98 (+14.28) 39.55 60.03 (+20.48)
Gemini 2.5 pro 88.341 9576  96.27 (+0.51)  87.10  85.25(-1.85) 96.66  96.24 (-0.42)
Gemini 1.5 Pro 66.93 7518  73.71(-147)  36.51 30.16 (-6.35)  94.69  83.01 (-11.68)
Grok-4 38.25 53,56 59.19 (+5.63) 17.46  36.54 (+19.08) 55.15 86.07 (+30.92)

Table 12: Total Table of Models’ Accuracy Rates Across Various Question Types Before and After Image

Removal in Weak Scenarios.

tract attention.

Multiple-Select Questions (ms_w vs ms_w_np):
Most volatile, best reflects image dependency.

Score changes are generally larger than for
single-choice. Among top models: Gemini 2.5 pro
(-1.85%), Doubao (-3.96%) show slight declines,
indicating the higher complexity of multiple-
select stems means image assistance has a cer-
tain role (albeit limited impact). Mid-/Low-tier
models show significant differentiation: ERNIE-
4.5-Turbo-VL (+11.83%), Claude 3.5 Sonnet
(+15.84%) improve after removal, indicating im-
ages interfere with their multiple-select solving.
Qwen2.5-VL-32B (-17.46%), InternVL2.5-38B-
MPO (-29.83%) drop significantly, showing over-
reliance on image assistance, unable to solve
multiple-select based on the stem alone even
in weak scenarios. Fill-in-the-Blank Questions
(fb_w vs fb_w_np): Extreme changes concen-
trated; image role is polarized.

Top models change very little (Gemini 2.5 pro -
0.42%, Doubao +0.62%), indicating they can accu-
rately output answers based solely on the stem; im-
age assistance is minimal. Low-tier models show
extreme changes: Grok-4 (+30.92%), Claude 3.5
Sonnet (+22.56%) improve significantly after re-
moval, indicating images are strong interference
for their fill-in-the-blank solving (possibly due
to complex image information they cannot ex-
tract effectively). Qianfan-Check-VL (-48.59%),

19

Qianfan-QI-VL (-37.02%) drop significantly, in-
dicating even in weak scenarios, they completely
rely on details in the image (e.g., numbers, sym-
bols) to answer correctly, lacking pure text com-
prehension ability.

Core Conclusions

Top Models’ "Pure Text Comprehension Abil-
ity" is Overwhelming: Gemini 2.5 pro and Doubao
show almost no fluctuation before and after im-
age removal, proving their deep understanding of
weak scenario stems. Images are merely auxiliary,
meeting the core requirement of "solvable without

image."
Mid-Tier Models’ "Image Dependency" is
Differentiated: ~Some models (e.g., ERNIE-

4.5-Turbo-VL) remain stable without images,
while others (e.g., Qwen2.5-VL-32B) plummet in
multiple-select after removal due to over-reliance
on images, requiring optimization of pure text log-
ical reasoning ability.

Low-Tier Models are "Weak in Both Anti-
Interference and Comprehension":They either im-
prove after removal due to image interference (e.g.,
Grok-4, Claude series) or crash after removal due
to over-dependency on images (e.g., Qianfan se-
ries), reflecting immature processing of both stems
and images. Question Type Difficulty Positively
Correlates with Image Role: Single-choice (eas-
iest) has the lowest image dependency, multiple-
select (most complex) has the highest image de-



pendency. Fill-in-the-blank, due to the "precise
output” requirement, sees a polarized image role
(assistance vs. interference). Table 12 presents the
accuracy of each model across all question types
before and after image removal in weak correla-
tion scenarios.

C Additional Information on Evaluation
Results in the Multi-Image Reasoning
Scenario

C.1 Performance Across Disciplinary

Branches

(1) Mechanics

Top-performing models: doubao-seed-1-
6-vision-250815  (90.90%), Qwen3-VL-32B-
Thinking (87.53%). Scoring above 85, these
models exhibited exceptional reasoning capabil-
ities in mechanics, with solid mastery of core
knowledge including force analysis and motion
laws.

Mid-tier models: Qwen2.5-VL-72B-Instruct
(80.58%), Qwen3-VL-Plus (80.53%). With scores
around 80, they could competently complete rou-
tine mechanics tasks.

Underperforming models:  DeepSeek-VL2
(36.58%), Qianfan-Llama-VL-8B (50.68%). Scor-
ing below 55, these models showed a critical lack
of logical deduction ability for basic mechanical
concepts and complex scenarios.

Disciplinary characteristics: As a foundational
physics discipline, mechanics highlighted the ad-
vantages of top models. High-scoring models ac-
curately disassembled the core logic of mechani-
cal problems, while low-scoring models had dis-
tinct knowledge gaps in multi-object force analy-
sis and complex motion process deduction.

(2) Electromagnetism

Top-performing models: doubao-seed-1-
6-vision-250815 (85.51%), doubao-seed-1-6-
251015 (81.31%). Surpassing 80 points, they
demonstrated a thorough understanding of com-
plex laws (e.g., electromagnetic field coupling,
electromagnetic induction) and could tackle
high-difficulty comprehensive electromagnetism
tasks.

Second-tier models: Qwen3-VL-8B-Thinking
(78.84%), Qwen3-VL-32B-Thinking (78.49%).
Scoring 7580, they maintained stable performance
on basic electromagnetism problems but underper-
formed slightly in comprehensive questions with
cross-parameter interactions.
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Underperforming models:  DeepSeek-VL2
(34.06%), Qianfan-VL-8B (36.93%). Scoring
below 35, these models had major blind spots in
core electromagnetism concepts and laws.

Disciplinary characteristics:  As a high-
difficulty physics field with highly abstract
knowledge and intricate interrelated laws, electro-
magnetism saw advantages concentrated among
top models, while low-scoring models were barely
capable of completing relevant reasoning tasks.

(3) Optics

Top-performing models: Qwen3-VL-32B-
Thinking (95.35%), doubao-seed-1-6-251015
(90.87%). Scoring above 90over 10 points higher
than the second tierthey precisely mastered light
refraction, reflection, and imaging laws, and
efficiently completed vision-related tasks such as
optical path analysis.

Mid-tier models: Gemini 2.5 Pro (88.47%),
Qwen3-VL-Plus (87.57%). Scoring 8590, they
possessed strong capabilities in solving optical
problems.

Underperforming models:  DeepSeek-VL2
(35.00%), GPT-40 (55.69%). Scoring below 60,
these models had obvious deficiencies in optical
knowledge reserves and image-related reasoning
capabilities.

Disciplinary characteristics: Optical laws are
highly intuitive and closely linked to image fea-
tures, which aligns with the technical strengths of
multimodal models. Thus, top models delivered
particularly outstanding performance in this field,
with a performance ceiling significantly higher
than that of other disciplines.

(4) Thermodynamics
Top-performing models: Qwen3-VL-32B-
Thinking (97.05%), doubao-seed-1-6-vision-

250815 (95.22%). With scores exceeding 95, they
demonstrated solid mastery of thermodynamic
laws, heat conduction, and entropy change, and
could accurately solve diverse thermodynamics
problems.

Second-tier models: doubao-seed-1-6-251015
(91.62%), Gemini 2.5 Pro (90.04%). Scoring
around 90, they maintained stable thermodynam-
ics reasoning performance.Underperforming mod-
els: DeepSeek-VL2 (57.79%), GPT-40 (58.96%).
With scores below 60, these models lacked the
ability to comprehend abstract thermodynamic
concepts and apply relevant laws.

Disciplinary characteristics: Moderate diffi-
culty with a highly logical knowledge system



and moderate scenario relevance. Top models
fully leveraged their reasoning advantages, mid-
tier models delivered consistent performance, and
only low-scoring models showed distinct gaps in
knowledge and capabilities.

(5) Acoustics

Top-performing models:
Qwen3-VL-32B-Thinking (91.78%), doubao-
seed-1-6-251015 (91.78%), Gemini 2.5 Pro
(91.78%). With multiple models scoring over
90, acoustics emerged as the best-performing
discipline overall, with near-perfect mastery of
basic physical phenomena (sound generation,
propagation, resonance).

Second-tier models: Qwen3-VL-Plus (86.30%),
Grok-4 (85.51%). Scoring 8590, they had a solid
acoustics foundation.

Underperforming models:  DeepSeek-VL2
(54.79%), Claude Haiku 4.5 (63.89%). With
scores below 70, these models lacked sufficient
acoustics knowledge reserves and basic law
application abilities.

Disciplinary characteristics: The least diffi-
cult physics discipline overall, featuring intuitive
knowledge scenarios and simple laws that match
multimodal models basic learning capabilities.
Thus, performance gaps across model tiers were
relatively narrow, and top models achieved near-
perfect scores.

GPTS (94.52%),

C.2 Performance Across Question Types

The accuracy of all models across different ques-
tion types is presented in the Table 13.Dominance
of Top Models Across All Question Types: Fur-
ther Amplified Advantages in Fill-in-the-Blank
Questions

Top models not only achieved high-score break-
throughs across all question types but also fur-
ther expanded their advantages in fill-in-the-blank
questions. Leading models such as doubao-seed-
1-6-vision-250815 and Qwen3-VL-32B-Thinking
all attained an accuracy rate of over 88% in
fill-in-the-blank questions, which was 2-3 per-
centage points higher than their performance in
single-choice questions. They even broke through
the 75% threshold in the most difficult Multiple-
select questions, forming an all-excellent pattern
of "leading in fill-in-the-blanks, stable in single-
choice, and up to standard in Multiple-select".

Mid-tier models, although also able to main-
tain the advantage of better performance in fill-
in-the-blank questions than in single-choice ques-
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Models SC MS F

doubao-vision! 88.00 78.85 91.04
Qwen3-VL-32B-Thinking 86.33 79.19 88.16
doubao-seed? 84.20 7697 86.34
Qwen3-VL-30B-A3B-Thinking 82.02 73.83 83.86
Qwen3-VL-Plus 82.03 59.87 80.50
Qwen3-VL-8B-Thinking 79.81 69.54 80.49
Qwen2.5-VL-72B-Instruct 7778 52.87 79.99
ERNIE 4.5 Turbo VL 70.12 51.59 75.71
GLM-4.5V 60.54 38.71 74.59
ERNIE 4.5 72.89 46.79 70.11
Qianfan-VL-70B 64.65 41.03 69.44
Llama-4-Maverick> 66.84 34.62 68.29
InternVL3-38B 63.27 41.03 67.99
Qwen VL-Max 7340 49.04 71.51
Qwen2.5-VL-32B-Instruct 69.99 33.12 65.13
InternVL2.5-38B-MPO 61.08 23.08 64.56
InternVL3-14B 61.22 3846 61.37
Qwen VL-Plus 62.73 42.04 62.75
Qwen2.5-VL-7B-Instruct 67.60 3248 51.31
Qianfan-VL-8B 4774 19.87 51.84
Qianfan-Llama-VL-8B 48.32 1795 51.44
DeepSeek-VL2 25.80 14.94 43.65

! doubao-seed-1-6-vision-250815
% doubao-seed-1-6-251015
3 Llama-4-Maverick-17B-128E-Instruct

Table 13: Examples of Model Performance Across Dif-
ferent Question Types in Multi-Image Reasoning.

tions, generally scored below 60% in Multiple-
select questions, dragging down their overall per-
formance.

Bottom-tier models ranked last across all ques-
tion types; even though their accuracy in fill-in-
the-blank questions was slightly higher than that
in single-choice questions, both scores were be-
low 55%, rendering them of no practical value for
problem- solving.

(1) Single-Choice Questions: Option Hints
Lower Reasoning Thresholds, Advantages of Top
Models Concentrated

Core characteristics: Thanks to the "four-
option single-answer" hint mechanism, single-
choice questions significantly reduce the require-
ment for models’ "unassisted reasoning" ability,
only needing to complete single-option judgment
and interference item elimination, making it the
easiest question type for models to break through.

Top models: doubao-seed-1-6-vision-250815
ranked first with an accuracy rate of 88.00%, fol-
lowed by Qwen3-VL-32B-Thinking with 86.33%.
Both scores far exceeded those of other models,
and opened a gap of 1.7-3.8 percentage points with
the third-place model (doubao-seed-1-6-251015,
84.20%), reflecting their absolute advantage in the



ability of "single-option judgment + interference
item elimination".

Bottom models: DeepSeek-VL2 (25.80%) and
Qianfan-Llama-VL-8B (48.32%) scored the low-
est. Among them, DeepSeek-VL2’s score was
close to the probability of random selection, indi-
cating that it had an extremely weak understanding
of the basic physical logic of single-choice ques-
tions and the corresponding association of options.

Rule: There is a positive correlation between
parameter size and performance (e.g., Qwen2.5-
VL series: 72B (77.78%) > 32B (69.99%) > 7B
(67.60%)). Large-parameter models have more
precise control over the details of single-choice
questions and better identification of interference
items.

(2) Multiple-select Questions: Correlation Judg-
ment of Multiple Options Becomes a Bottleneck,
Model Gaps Extreme

Core characteristics: Multiple-select questions
require "identifying all correct options", needing
to simultaneously handle rules such as "logical cor-
relation between options" and "score deduction for
multiple or missing selections". They impose the
highest requirements on models’ rigor and multi-
dimensional reasoning ability, making them the
"gold standard question type" for distinguishing
model performance.

Top models: Qwen3-VL-32B-Thinking took a
leading position with an accuracy rate of 79.19%
by a significant margin, followed by doubao-seed-
1-6-vision-250815 with 78.85%. Together with
doubao-seed-1-6-251015 (76.97%), they were the
only three models with scores exceeding 75% in
Multiple-select questions, reflecting their strong
ability to judge the logical correlation of "multiple
correct options".

Bottom models: DeepSeek-VL2 ranked last
with an accuracy rate of 14.94% (almost all wrong
answers), while Qianfan-Llama-VL-8B (17.95%)
and Qianfan-VL-8B (19.87%) both scored below
20%. This indicates that they completely failed to
understand the "coexistence of multiple options"
logic of Multiple-select questions, often experi-
encing problems such as "missing selections and
wrong selections".

Special phenomenon: Mid-tier models (e.g.,
Qwen2.5-VL-72B-Instruct, ERNIE 4.5 Turbo VL)
had Multiple-select scores concentrated in the
45%-55% range, staying in the stage of "being
able to judge some correct options but not all", re-
flecting their insufficient control over "option com-
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pleteness".

(3) Fill-in-the-Blank Questions: No Option
Hints Test Direct Output Ability, Models Show
Obvious "Partiality"

Core characteristics: Without option hints, fill-
in-the-blank questions require models to directly
generate answers (such as physical terminology,
precise numerical values), imposing high require-
ments on the ability of "accurate knowledge mem-
ory + question stem logic conversion", and the
overall scores are better than those of single-
choice and Multiple-select questions.

Top models: doubao-seed-1-6-vision-250815
(91.04%) and Qwen3-VL-32B-Thinking (88.16%)
still ranked in the top two, and the gap with
the third-place model (doubao-seed-1-6-251015,
86.34%) was small, reflecting their stability in
"unassisted output of correct answers".

Special models: GLM-4.5V showed obvious
"partiality": it scored 74.59% in fill-in-the-blank
questions (at the upper-middle level), but had low
scores in single-choice (60.54%) and Multiple-
select (38.71%) questions. This indicates that it
has advantages in "direct answer generation" tasks
but performs poorly in "option judgment" tasks,
which may be related to the model’s adaptability
to "output forms (free text vs. option selection)".

Bottom models: DeepSeek-VL2 (43.65%) and
Qwen2.5-VL-7B-Instruct (51.31%) scored the
lowest, reflecting their extremely weak ability to
directly convert "question stem to answer", and
their failure to extract key physical information
from the question stem and output it accurately.

C.3 Analysis of Inference Efficiency

1.Performance Across Question Types

The accuracy and average inference latency of
each model across different question types are pre-
sented in Tables 14. (1) Single-Choice Questions
Latency Characteristics

Overall range: The average latency was 10.2
seconds, making it the least time-consuming type
among the three question categories. The latency
of 90% of models was concentrated in the range of
0.7-15 seconds.

Ultra-fast models: Qwen VL-Plus (0.77s),
Qwen VL-Max (0.86s), with latency below 1 sec-
ond;

Ultra-slow models: Grok-4 (47.38s), GPT5
(45.68s), Qwen3-VL-8B-Thinking (32.66s), with
latency exceeding 30 seconds, mainly due to the
overhead of deep reasoning.



Models SC  SC Average Latency (s) MS  MS Average Latency (s) F F Average Latency (s)
doubao-seed-1-6-vision-250815 88.00 21.0625 78.85 43.0032 91.04 29.3202
Qwen3-VL-32B-Thinking 86.33 24.8638 79.19 44.5538 88.16 29.5289
Gemini 2.5 pro 77.32 6.6680 55.41 6.8930 87.58 6.9464
doubao-seed-1-6-251015 84.20 10.5745 76.97 14.5535 86.34 12.4338
Qwen3-VL-30B-A3B-Thinking 82.02 10.2305 73.83 12.6185 83.86 9.2783
Qwen3-VL-Plus 82.03 1.1423 59.87 1.2317 80.58 2.1385
Qwen3-VL-8B-Thinking 79.81 32.6604 69.54 58.8859 80.49 32.7605
Qwen2.5-VL-72B-Instruct 77.78 0.9196 52.87 1.1079 79.99 1.7898
GPT5 83.15 45.6797 70.70 89.4148 77.59 88.1585
ERNIE 4.5 Turbo VL 70.12 5.0719 51.59 5.5866 75.71 6.2060
GLM-4.5V 60.54 1.8703 38.71 2.1015 74.59 2.2403
Qwen VL-Max 73.40 0.8558 49.04 1.1044 71.51 2.2907
ERNIE 4.5 72.89 1.3867 46.79 1.8207 70.11 2.1040
Qianfan-VL-70B 64.65 4.4940 41.03 3.8679 69.44 4.4322
Llama-4-Maverick-17B-128E-Instruct  66.84 1.5407 34.62 1.9425 68.29 2.9345
InternVL3-38B 63.27 5.0179 41.03 4.6886 67.99 5.2924
Grok-4 71.34 47.3759 50.99 64.1286 67.06 56.3086
Qwen2.5-VL-32B-Instruct 69.99 1.3216 33.12 1.4643 65.13 3.2382
InternVL2.5-38B-MPO 61.08 4.0335 23.08 3.8466 64.56 6.8790
Qwen VL-Plus 62.73 0.7668 42.04 1.2103 62.75 1.3718
InternVL3-14B 61.22 2.8656 38.46 2.8829 61.37 3.3608
Claude Sonnet 4 60.77 7.3812 51.32 20.4842 62.64 11.2882
GPT-40 58.82 4.7445 58.82 7.4911 54.59 8.4012
Claude Haiku 4.5 54.717 5.8317 33.79 139116 56.15 9.1020
Qianfan-VL-8B 47.74 2.9509 19.87 2.7836 51.84 2.9617
Qianfan-Llama-VL-8B 48.32 2.9548 17.95 2.8433 51.44 3.0150
Qwen2.5-VL-7B-Instruct 67.60 1.6333 32.48 1.6502 51.31 2.6758
DeepSeek-VL2 25.80 1.7760 14.94 2.0168 43.65 3.1006

Table 14: Scatter Plot of Average Latency vs. Accuracy Across Different Question Types

Performance-Efficiency Trade-off

Optimal balance models: Qwen2.5-VL-72B-
Instruct (accuracy 77.78%, latency 0.92s), achiev-
ing near-real-time response in the high-accuracy
range;

Performance-priority models: doubao-seed-1-6-
vision-250815 (accuracy 88.00%, latency 21.06s),
topping the accuracy rankings with latency only
half of that of GPTS5;

Efficiency-priority models: Qwen VL-Plus (ac-
curacy 62.73%, latency 0.77s), serving as the
lowest-cost solution for real-time scenarios. (2)
Multiple-select Questions Latency Characteris-
tics

Overall range: The average latency was 17.6
seconds, the most time-consuming type among the
three question categories, with over 50% of mod-
els having latency > 10 seconds.

Regular-latency models: Qwen VL-Max
(1.10s), Qwen2.5-VL-72B-Instruct (1.11s), main-
taining the advantage of low latency; Ultra-slow
models: GPT5 (89.41s), Qwen3-VL-8B-Thinking
(58.89s), Grok-4 (64.13s), with latency close to 1
minute.

Task-specificity: For the same model, latency in
the more complex Multiple-select questions was
generally 30%-50% higher than that in single-
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choice questions (e.g., GPT4o increased from
4.74s to 7.49s).

Performance-Efficiency Trade-off

Optimal balance models: Qwen3-VL-30B-
A3B-Thinking (accuracy 73.83%, latency 12.62s),
controlling latency within 15 seconds in the high-
accuracy range;

Performance-priority models: doubao-seed-1-6-
vision-250815 (accuracy 78.85%, latency 43.00s),
leading in accuracy with latency less than 50% of
that of GPT5;

Efficiency-priority models: Qwen VL-Max (ac-
curacy 49.04%, latency 1.10s), acting as the basic
fallback solution for this scenario.

(3)Fill-in-the-Blank Questions
Characteristics

Overall range: The average latency was
15.8 seconds, between that of single-choice and
Multiple-select questions, with 70% of models
having latency concentrated in the range of 2-20
seconds.

Regular-latency models: Qwen VL-Plus
(1.37s), ERNIE 4.5 (2.10s), retaining the low-
latency attribute of basic models;

Ultra-slow models: GPT5 (88.16s), Qwen3-VL-
8B-Thinking (32.76s), Grok-4 (56.31s), with deep
reasoning being the core factor of time consump-

Latency



tion.

Performance-Efficiency Trade-off

Optimal balance models: Gemini 2.5 Pro (ac-
curacy 87.58%, latency 6.95s), achieving regular
latency in the top-tier accuracy range and serving
as the benchmark for comprehensive tasks;

Performance-priority models: doubao-seed-1-6-
vision-250815 (accuracy 91.04%, latency 29.32s),
taking a leading position in accuracy by a signifi-
cant margin with latency only 1/3 of that of GPTS5;

Efficiency-priority models: Qwen VL-Plus
(accuracy 62.75%, latency 1.37s), suitable for
lightweight comprehensive reasoning scenarios.

(4)Question-Type-Specific Model Selection
Recommendations

Single-choice questions: Select Qwen VL-
Plus for real-time scenarios, and doubao-seed-1-6-
vision-250815 for high-accuracy scenarios;

Multiple-select questions: Select Qwen VL-
Max for real-time scenarios, and doubao-seed-1-
6-vision-250815 for high-accuracy scenarios;

Fill-in-the-blank questions:  Select Gemini
2.5 Pro for comprehensive reasoning scenarios,
and doubao-seed-1-6-vision-250815 for extreme-
performance scenarios.

2.Performance Across Disciplinary Branches

The accuracy and average inference latency of
each model across different disciplinary branches
are presented in Tables 15.

(1) Mechanics

Latency Characteristics

Overall range: The average latency of the me-
chanics discipline was 7.42 seconds, making it the
least time-consuming branch among the five disci-
plinary categories. The latency of 75% of models
was concentrated in the range of 0.7 to 6 seconds,
with no models exhibiting extremely high latency.

Ultra-fast models: Qwen VL-Plus (0.74s),
Qwen2.5-VL-72B-Instruct (0.84s), with latency
below 1 second, which can meet the judgment re-
quirements of real-time mechanics scenarios.

Slow models: Grok-4 (39.07s), GPTS5 (23.525s),
with latency exceeding 20 seconds, mainly due to
the computing overhead of deep physical model-
ing.

Performance-Efficiency Trade-off

Optimal balance model: Qwen2.5-VL-72B-
Instruct (accuracy 80.58%, latency 0.84s), achiev-
ing near-real-time response in the high-accuracy
range and serving as the benchmark for routine
mechanics tasks.
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Performance-priority model: doubao-seed-1-6-
vision-250815 (accuracy 90.90%, latency 9.44s),
leading in accuracy by a significant margin with
latency only half of that of GPTS5.

Efficiency-priority model: Qwen VL-Plus (ac-
curacy 60.19%, latency 0.74s), which is the
lowest-cost solution for real-time lightweight me-
chanics scenarios.

(2)Electromagnetism

Latency Characteristics

Overall range: The average latency of elec-
tromagnetism was 16.85 seconds, the most time-
consuming branch among the five disciplinary cat-
egories. Over 40% of models had latency greater
than 10 seconds, and there were a large number of
ultra-slow models.

Regular-latency models: Qwen VL-Plus
(1.00s), Qwen2.5-VL-72B-Instruct (1.16s), where
basic models still maintained the advantage of low
latency.

Ultra-slow models: GPT5 (71.03s), Qwen3-VL-
8B-Thinking (49.73s), Grok-4 (59.93s), with la-
tency close to 1 minute, and the step overhead of
multi-formula simultaneous reasoning was signifi-
cant.

Task specificity: For the same model, the la-
tency in electromagnetism was generally 2 to 5
times higher than that in mechanics. For example,
Qwen3-VL-32B-Thinking increased from 15.35s
to 32.62s, confirming the additional computing
consumption caused by the association of abstract
formulas in electromagnetism.

Performance-Efficiency Trade-off

Optimal balance model: Gemini 2.5 pro (ac-
curacy 77.50%, latency 6.86s), controlling la-
tency within 7 seconds in the high-accuracy range,
which is the optimal solution among overseas mod-
els.

Performance-priority model: doubao-seed-1-6-
251015 (accuracy 81.31%, latency 14.03s), lead-
ing in accuracy with latency only 1/5 of that of
GPT5, and is the first choice for core electromag-
netism tasks.

Efficiency-priority model: Qwen VL-Max (ac-
curacy 61.87%, latency 1.25s), suitable for real-
time lightweight electromagnetism scenarios.

(3)Optics

Latency Characteristics

Overall range: The average latency of optics
was 9.27 seconds, between that of mechanics and
electromagnetism. The latency of 60% of models
was concentrated in the range of 1 to 10 seconds,



Models Mech A_Latency (s) EM A_Latency (s) Opt A_Latency (s) Thermo A_Latency (s) Acou A_Latency (s)
doubao-seed-1-6-vision 90.90 9.4405 85.51 34.1424 90.36 15.0538 95.22 23.4388 90.41 18.0429
Qwen3-VL-32B-Thinking 87.53 15.3478 78.49 32.6164 95.35 16.1658 97.05 28.3493 91.78 25.2591
Gemini 2.5 pro 84.32 6.3173 77.50 6.8569 88.47 7.0611 90.04 6.7825 91.78 6.3666
doubao-seed-1-6-251015 84.33 6.7669 81.31 14.0326 90.87 8.5984 91.62 11.1084 91.78 8.6114
Qwen3-VL-30B-A3B-Thinking 85.00 6.8142 77.29 12.8640 85.25 6.3780 87.55 9.4288 78.08 7.4445
Qwen3-VL-Plus 80.53 1.0989 72.06 1.4774 87.57 1.5951 89.44 1.5655 86.30 1.4302
Qwen2.5-VL-72B-Instruct 80.58 0.8431 67.37 1.1605 86.21 1.3115 88.10 1.2870 83.56 1.4227
GPT5 78.06 23.5228 74.85 71.0282 79.49 45.0606 87.25 68.8744 94.52 53.7182
ERNIE 4.5 Turbo VL 75.83 4.6221 70.16 5.4817 79.49 5.4898 82.20 5.6957 71.23 5.3082
Qwen VL-Max 71.28 0.8542 61.87 1.2523 79.49 1.6611 82.09 1.5480 83.56 1.1810
ERNIE 4.5 70.16 1.4746 66.32 1.6208 80.15 1.8213 81.05 1.7079 82.19 1.6598
Qianfan-VL-70B 69.37 4.3760 52.08 4.4557 76.36 4.2805 82.66 4.3233 78.08 4.8648
Grok-4 67.08 39.0687 60.99 59.9304 71.73 40.1439 76.95 51.0964 85.51 41.6265
InternVL3-38B 68.07 5.1950 49.73 5.1221 73.48 4.9844 84.27 4.9560 76.71 5.5581
Llama-4-Maverick-17B 71.19 1.5907 54.29 1.9709 65.15 2.3518 80.11 2.1280 78.08 2.0673
Qwen3-VL-8B-Thinking 71.22 16.7019 78.84 49.7331 83.57 12.7195 88.28 28.9687 73.97 28.9564
GLM-4.5V 74.19 1.8934 54.80 1.9742 74.43 2.1299 81.85 2.0625 78.87 1.9685
Qwen2.5-VL-32B-Instruct 64.25 1.4308 55.97 1.8710 74.21 2.0888 78.88 2.3388 79.45 1.9358
InternVL2.5-38B-MPO 65.45 4.6171 47.79 4.7664 70.45 5.2776 74.73 5.2208 69.86 5.3819
InternVL3-14B 63.40 2.7359 46.40 3.0332 65.92 3.0698 74.90 3.0210 76.71 3.2230
Qwen VL-Plus 60.19 0.7401 54.97 1.0037 76.80 1.0657 77.81 1.0489 83.00 0.9437
GPT-40 61.27 5.3663 42.57 5.8503 55.69 7.1202 58.96 6.7367 78.08 5.3058
Claude Sonnet 4 63.62 5.8219 57.29 10.4975 66.77 8.4549 72.28 9.4574 75.00 9.3733
Claude Haiku 4.5 53.38 4.8268 46.19 7.6655 61.93 5.2518 69.16 8.4227 63.89 6.9839
Qwen2.5-VL-7B-Instruct 51.04 1.6346 49.87 1.7600 60.12 1.8906 71.66 23134 75.34 2.1474
Qianfan-VL-8B 51.69 29117 36.93 2.9655 54.39 2.9618 64.65 2.8577 61.64 3.1396
Qianfan-Llama-VL-8B 50.68 2.9463 36.60 3.0089 53.64 2.9224 67.44 2.8837 65.75 3.1700
DeepSeek-VL2 36.58 1.7472 34.06 2.0807 35.00 2.4446 57.79 2.4035 54.79 2.4250

Table 15: Scatter Plot of Average Latency vs. Accuracy Across Different Disciplinary Subfields.

and the overall time consumption distribution was
relatively balanced.

Regular-latency models: Qwen VL-Plus
(1.07s), Qwen VL-Max (1.66s), where basic mod-
els retained the low-latency attribute. Ultra-slow
models: GPTS5 (45.06s), Grok-4 (40.14s), with
latency exceeding 40 seconds, and the overhead
of combining deep visual feature extraction with
physical laws was relatively large.

Performance-Efficiency Trade-off

Optimal balance model: Qwen3-VL-Plus (accu-
racy 87.57%, latency 1.60s), achieving regular la-
tency in the top-tier accuracy range and serving as
the benchmark for general optics tasks.

Performance-priority model: Qwen3-VL-32B-
Thinking (accuracy 95.35%, latency 16.17s), top-
ping the accuracy rankings with latency only 1/3
of that of GPTS.

Efficiency-priority model: Qwen VL-Plus (ac-
curacy 76.80%, latency 1.07s), suitable for real-
time optics judgment scenarios.

(4)Thermodynamics

Latency Characteristics

Overall range: The average latency of thermo-
dynamics was 14.71 seconds, second only to elec-
tromagnetism. 50% of models had latency greater
than 10 seconds, and deep state derivation was the
core factor of time consumption.
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Regular-latency models: Qwen VL-Plus
(1.05s), Qwen2.5-VL-72B-Instruct (1.29s), where
basic models could still achieve low-latency
responses.

Ultra-slow models: GPT5 (68.87s), Grok-4
(51.10s), Qwen3-VL-8B-Thinking (28.97s), and
multi-round state hypothesis verification led to a
surge in time consumption.

Performance-Efficiency Trade-off

Optimal balance model: Gemini 2.5 pro (accu-
racy 90.04%, latency 6.78s), achieving regular la-
tency in the high-accuracy range and being the op-
timal solution for comprehensive thermodynamics
tasks.

Performance-priority model: Qwen3-VL-32B-
Thinking (accuracy 97.05%, latency 28.35s), lead-
ing in accuracy by a significant margin and suit-
able for scientific research scenarios without real-
time requirements.

Efficiency-priority model: Qwen VL-Plus (ac-
curacy 77.81%, latency 1.05s), suitable for real-
time thermodynamics state judgment scenarios.

(5)Acoustics

Latency Characteristics

Overall range: The average latency of acoustics
was 12.15 seconds, between that of optics and ther-
modynamics. The latency of 70% of models was
concentrated in the range of 1 to 10 seconds, and



the preprocessing overhead of waveform analysis
was controllable.

Regular-latency models: Qwen VL-Plus
(0.94s), Qwen VL-Max (1.18s), where basic
models maintained the advantage of low latency.

Ultra-slow models: GPT5 (53.72s), Grok-4
(41.63s), with latency exceeding 40 seconds, and
the association derivation between waveform fre-
quency and physical laws was time-consuming.

Model type difference: The self-developed
model doubao-seed-1-6-251015 (8.61s) had a la-
tency only 1/6 of that of GPTS with the same per-
formance, showing a significant efficiency advan-
tage.

Performance-Efficiency Trade-off

Optimal balance model: Gemini 2.5 pro (accu-
racy 91.78%, latency 6.37s), achieving regular la-
tency in the top-tier accuracy range and serving as
the benchmark for comprehensive acoustics tasks.

Performance-priority model: doubao-seed-1-6-
251015 (accuracy 91.78%, latency 8.61s), with
accuracy equal to that of GPT5 and latency only
1/6 of that of GPTS5, highlighting a prominent effi-
ciency advantage.

Efficiency-priority model: Qwen VL-Plus (ac-
curacy 83.00%, latency 0.94s), suitable for real-
time acoustics scenarios.

(6)Core Disciplinary Conclusions and Over-
all Model Selection Recommendations

Core Conclusions

The reasoning complexity of disciplines is irrel-
evant to time consumption. From the previous ex-
perimental conclusions, the difficulty ranking of
disciplines is acoustics > optics > thermodynam-
ics > mechanics > electromagnetism, while the
average time consumption ranking is electromag-
netism > thermodynamics > acoustics > optics >
mechanics.

Overall Disciplinary Model Selection Recom-
mendations

Mechanics: Select Qwen VL-Plus for real-time
scenarios and doubao-seed-1-6-vision-250815 for
high-accuracy scenarios. Electromagnetism: Pri-
oritize doubao-seed-1-6-251015.

Optics: Select Qwen3-VL-Plus for general sce-
narios and Qwen3-VL-32B-Thinking for scientific
research scenarios.

Thermodynamics:  Select Gemini 2.5 pro
for comprehensive tasks and Qwen3-VL-32B-
Thinking for deep reasoning tasks.

Acoustics: Select Gemini 2.5 pro for balanced
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scenarios and doubao-seed-1-6-251015 for high-
performance scenarios.
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