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ABSTRACT

Physics problem-solving is a challenging domain for large Al models, requiring
integration of conceptual understanding, mathematical reasoning, and interpreta-
tion of physical diagrams. Existing evaluations fail to capture the full breadth
and complexity of undergraduate physics, whereas this level provides a rigor-
ous yet standardized testbed for pedagogically relevant assessment of multi-step
physical reasoning. To this end, we present PhysUniBench, a large-scale mul-
timodal benchmark designed to evaluate and improve the reasoning capabilities
of multimodal large language models (MLLMs) specifically on undergraduate-
level physics problems. PhysUniBench consists of 3,304 physics questions span-
ning 8 major sub-disciplines of physics, each accompanied by one visual dia-
grams. The benchmark includes both open-ended and multiple-choice questions,
systematically curated and difficulty-rated through an iterative model-in-the-loop
process. The benchmark’s construction involved a rigorous multi-stage process,
including multiple roll-outs, expert-level evaluation, automated filtering of eas-
ily solved problems, and a nuanced difficulty grading system with five levels.
Through extensive experiments, we observe that current state-of-the-art mod-
els encounter substantial challenges in physics reasoning. For example, GPT-
5 achieves only about 53.7% accuracy in the proposed PhysUniBench. These
results highlight that current MLLMs struggle with advanced physics reason-
ing, especially on multi-step problems and those requiring precise diagram in-
terpretation. By providing a broad and rigorous assessment tool, PhysUniBench
aims to drive progress in Al for Science, encouraging the development of mod-
els with stronger physical reasoning, problem-solving skills, and multimodal un-
derstanding. The benchmark and evaluation scripts are available at https:
//anonymous.4open.science/r/PhysUniBenchmark—5784.

1 INTRODUCTION

Physics, as a foundational science, is of paramount importance. The objectives of Al systems extend
beyond mere information processing (Zhou et al., 2025)) but encompass the attainment of complex
reasoning, the resolution of challenging problems, and ultimately the facilitation of scientific dis-
covery (Yang et al.|[2024b; [Liu et al.l 2025). The ability to solve physics problems is a key indicator
of such advanced reasoning capabilities. In recent years, state-of-the-art Large Language Mod-
els (LLMs) have achieved impressive results across a wide range of scientific domains (Xia et al.,
2025b; [Yang et al.| |2024a; |Li et al., [2024b; [Tan et al., [2025; [Xu et al.| 2025a), such as attaining
human-level accuracy on Olympiad-level mathematical problems (MAA| |2024; Rein et al., 2024;
Hendrycks et al., 2021} He et al.,2024). Meanwhile, emerging Multimodal Large Language Models
(MLLMs), such as GPT-40 (Hurst et al.| [2024), Qwen2.5-VL (Bai et al., 2025b), InternVL-3 (Zhu
et al.| [2025), and Claude-3.7-Sonnet (Anthropic| 2025)), integrate visual understanding and reason-
ing capabilities, allowing broader scientific applications (Ye et al.,|2024; Hu et al.,|2024; Xia et al.,
2025a; [Li et al., [2025; [Wang et al} [2025; Zhao et al., [2025). However, their proficiency in physics
domains remains an active area of research and evaluation.

Physics reasoning differs fundamentally from mathematical reasoning or factual question answering,
as it requires the integration of domain knowledge, symbolic manipulation, real-world constraints,
and the application of abstract physical principles to concrete and often visual scenarios. While
MLLMs demonstrate strong performance in mathematics, they continue to struggle with physics
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are given the same electric charge,
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magnitude of the charge on cach
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You are a pulsar astronomer, and you
have been measuring the pulses from a
particular milli - second pulsar for
several hundred days. You find that
they do not arrive at regular intervals -
sometimes they arrive a little early and
sometimes a little late. You assume
that this is because the pulsar is
moving closer to and further from the
Earth. You know that the pulsar
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Crystals like salt are, to a good
approximation, a repeating lattice
of positive and negative ions. The
potential energy of such lattices is
important for figuring out their
stability and cohesion. As a toy
model, imagine eight negative
point charges arranged on the
corners of a cube surrounding a
positive point charge in the center.
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A gas sample undergoes a
reversible isothermal
expansion, The figure gives

Describe Huygens wavelets that
describe the far - field plane wave
diffraction of 1 =633 nm light
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Figure 1: PhysUniBench is the first large-scale multimodal benchmark designed for evaluating
undergraduate-level physics understanding, reasoning, and problem-solving. It includes 3,304 rig-
orously curated questions with accompanying diagrams, spanning eight core sub-disciplines from
authentic university curricula.

reasoning. For example, GPT-4V achieves only 10.74% accuracy on physics questions in Olympiad-
Bench (He et al.| [2024), and the best model (OpenAlL[2024) in UGPhysics (Xu et al.,[2025b) attains
49.8% accuracy. These results indicate that physics problems often require deeper and more inte-
grated forms of reasoning, posing a fosrmidable challenge to current models. Therefore, a bench-
mark that rigorously evaluates these capabilities, particularly in visual and context-rich settings, is
essential for advancing physics model development.

Current physics evaluations mainly focus on K12 (Zhang et al., [2025) or Olympiad-level prob-
lems (He et al.| [2024; [Huang et al.| |2024). Although these benchmarks are valuable for assessing
foundational knowledge and high-level problem-solving capabilities, they do not adequately repre-
sent the depth and diversity of reasoning cultivated in undergraduate physics education. The under-
graduate curriculum plays a pivotal role in developing comprehensive conceptual frameworks and
applied problem-solving abilities essential for training future scientists and engineers. Consequently,
a benchmark at this level is not only crucial for assessing and advancing Al models’ capacity for
complex, curriculum-aligned multimodal physics reasoning, but also ensures alignment with estab-
lished educational assessment practices in physics education (McDermott & Redishl |1999; Heller,
et al., [1992; Redish & Burciagal |2003). UGPhysics (Xu et al., 2025b) represents a notable effort
toward assessing undergraduate-level physics; however, its current iteration is limited to text-based
problems and lacks visual components, overlooking the critical role of diagrammatic reasoning that
is essential in real-world physics problem-solving and applications. In real-world physics problem-
solving, diagrams play a central role in representing spatial relationships, experimental setups, and
conceptual models. The ability to interpret and integrate visual information with textual reasoning
is fundamental to mastering the discipline.

To address these issues, we introduce PhysUniBench, the first large-scale physics benchmark specif-
ically designed for multimodal understanding, reasoning, and problem-solving at the undergraduate
level. PhysUniBench comprises a total of 3,304 carefully curated physics problems, each paired
with an accompanying diagram to support the evaluation of joint visual and textual reasoning ca-
pabilities. All questions are sourced from authentic undergraduate physics curricula, ensuring both
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academic rigor and content relevance. The benchmark spans eight core sub-disciplines of physics,
including optics, electromagnetism, classical mechanics, quantum mechanics, relativity physics,
solid state physics, thermodynamics and molecular, atomic & subatomic physics. To the best of our
knowledge, it is the first undergraduate-level physics benchmark at this scale of diagrammatic rich-
ness, enabling a thorough assessment of multi-modal physics reasoning ability. To facilitate detailed
analysis of model performance, each problem is annotated with a fine-grained difficulty level rang-
ing from 1 to 5, following a rigorous multi-phase curation and calibration process. Both open-ended
(OE) and multiple-choice (MC) question formats are included, allowing comprehensive assessment
of diverse types of reasoning. Additionally, the inclusion of problems in both Chinese and English
supports multilingual evaluation and enhances the benchmark’s linguistic diversity. Benchmark ex-
amples are illustrated in Figure

We conduct extensive evaluations of state-of-the-art MLLMs on PhysUniBench. The results reveal
that these undergraduate-level multimodal physics problems remain highly challenging for current
models. The best-performing model, GPT-5, achieves 53.7% overall accuracy on OE questions.
However, performance drops sharply for most models, often falling below 10% on certain sub-
disciplines and at higher difficulty levels. Significant performance disparities are observed across
sub-domains and difficulty levels, highlighting existing limitations in MLLMs’ ability to integrate
physics knowledge, symbolic reasoning, and visual understanding. Given its scale, diversity, and
rigor, PhysUniBench provides a valuable testbed for advancing future multimodal models with
stronger scientific reasoning capabilities. Our main contributions are summarized as follows:

* We present PhysUniBench, the first large-scale undergraduate-level multimodal physics bench-
mark, consisting of 3,304 human-verified problems with accompanying diagrams.

* A systematically curated dataset spanning 8 core sub-disciplines, with multilingual support and
fine-grained difficulty annotations, is provided to enable detailed physics reasoning evaluation.

» Extensive evaluation of state-of-the-art MLLMs are conducted, revealing significant challenges in
multimodal physics reasoning and providing insights to guide future model development.

2 RELATED WORK

2.1 PHYSICS-SPECIFIC BENCHMARKS

Early physics benchmarks were typically embedded within broader scientific datasets. Particularly,
MMLU-Pro (Wang et all |2024e) targeted college-level knowledge, while ScienceQA (Lu et al.,
2022) combined text and image inputs across diverse scientific subjects. GPQA (Rein et al., [2024)
introduced graduate-level STEM questions designed to challenge retrieval-based methods. More
recently, benchmarks focusing specifically on physics reasoning have emerged (Qiu et al.| [2025; Xu
et al., 2025b; |Dati et al., [2025} Shen et al.| [2025b; [Zhang et al., 2025} |Yu et al., |2025}; | Xiang et al.,
2025). OlympiadBench (He et al., [2024) compiled thousands of bilingual Olympiad-level prob-
lems and HiPho (Yu et al.||2025) similarly collected 360 elite high-school Olympiad problems with
human-aligned grading and medal-based comparison to top student performance. PhysicsArena (Dai
et al.| [2025) introduced a multimodal benchmark covering variable identification, process formu-
lation, and solution derivation. PhyX (Shen et al.| 2025b) and PhysReason (Zhang et al., [2025)
contributed benchmarks focused on realistic scenarios and multi-step reasoning. PHYBench (Qiu
et al.,|2025) curated 500 original problems to mitigate data contamination, and UGPhysics (Xu et al.,
2025b) assembled 5,520 undergraduate-level problems across thirteen subject areas. More recently,
SeePhys (Xiang et al., [2025) developed a vision-focused benchmarks spanning from middle school
to PhD to assess vision-essential physics diagram understanding.

Despite this progress, large-scale multimodal benchmarks for physics remain limited, particu-
larly those with calibrated difficulty, broad sub-disciplinary coverage, and multilingual support
aligned with university curricula. To address these gaps, we introduce PhysUniBench, a large-scale
undergraduate-level multilingual physics benchmark that provides the most comprehensive testbed
to date for evaluating scientific reasoning and multimodal understanding in state-of-the-art models.
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Quantum Mechanics Table 1: Key Statistics of PhysUniBench.
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Average option tokens 184.0
Average answer tokens 441.9

Figure 2: Distribution of PhysUniBench.

2.2 MULTIMODAL LARGE LANGUAGE MODELS

Recent years have witnessed rapid advances in MLLMs that integrate visual and textual information.
Early breakthroughs such as Flamingo (Alayrac et al., 2022) and PaLI (Chen et al.| [2023) demon-
strated that combining pretrained language models with visual encoders enables strong performance
on diverse multimodal tasks. The release of GPT-4 (OpenAl & Achiam,|2024) further mainstreamed
this capability, achieving near human-level results across many academic and professional bench-
marks. Open-source efforts quickly followed, focusing on efficient architectural alignment between
vision and language components. BLIP-2 (Li et al.| 2023)) employed a lightweight query trans-
former to bridge frozen vision and language models, while MiniGPT-4 (Zhu et al., [2024) showed
that minimal adaptation suffices to elicit rich multimodal capabilities. More recently, LLaVA (Liu
et al.| [2024bjja; [Li et al.| 2024a), CogVLM (Wang et al.|, [2024d)), Qwen-VL (Wang et al.| |2024c; Bai
et al., 2023} [2025a), InternVL (Chen et al.| 2024} Zhu et al., 2025), and DeepSeek-VL (Lu et al.,
2024a)) further enhanced visual reasoning and language fluency through improved vision-language
pretraining and hybrid architectures.

These advances reflect a clear trend toward instruction-tuned MLLMs capable of operating across
modalities within a shared semantic space. However, challenges remain in fine-grained scientific
reasoning, particularly in tasks requiring precise integration of visual, mathematical, and concep-
tual understanding (Fu et al., 2023} Ye et al., |2024; |Lu et al., [2024b; Xia et al., 2024ab; |Yue et al.}
2024). Addressing this gap, the PhysUniBench benchmark introduced in this work provides a com-
prehensive testbed for evaluating the reasoning capabilities of state-of-the-art MLLMSs on complex,
multimodal physics problems.

3 PHYSUNIBENCH

3.1 OVERVIEW OF PHYSUNIBENCH

PhysUniBench is a large-scale, multimodal benchmark specifically designed to evaluate the ad-
vanced reasoning capabilities of MLLMs on undergraduate-level physics problems. It aims to fill
a critical gap in current benchmark ecosystems by offering a challenging, diverse, and diagnostic
dataset that reflects the complexity and multimodal nature of real-world scientific problem solving.

Unlike prior benchmarks that focus on text-only math or physics tasks, PhysUniBench emphasizes
multimodal scientific reasoning: all questions are paired with visual diagrams, requiring models to
integrate textual and visual information to arrive at correct answers. This makes PhysUniBench
uniquely suited to test the limits of current MLLMs in performing concept-rich, symbol-heavy, and
context-dependent reasoning. The benchmark comprises a total of 3,304 problems, divided into:

* 2057 open-ended questions (OE format), requiring free-form answers that test the model’s
generation and justification capabilities.
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Table 2: Comparison of Physics-Related Benchmarks. For general benchmarks, we report physics
subset. Image Num: Count of problems with image. Question Type: OE: Open-ended, MC:
Multiple-choice, FB: Fill-in-the-blank, J: Judgement. Language Type: EN: English, ZH: Chinese.
Knowledge Level: K12: Elementary to High School; CEE: College Entrance Examination; COMP:
Competition; COL: College; UG: Undergraduate; G: Graduate; Ph.D: Doctor of Philosophy.

Benchmark Size Image Num Multimodal Difficulty Split Know. Level Question Type Language Type
MMLU (Hendrycks et al./[2020) 629 0 X v K12/UG MC EN
AGIEval (Zhong et al.|[2023) 200 0 X X CEE MC, FB EN
SciBench (Sun et al.|[2024) 64 64 v X COL OE EN
SciEval (Sun et al.|[2024) 1657 0 X v - MC,J,FB EN
GPQA (Rein et al.|[2024) 227 0 X X PhD MC EN
MMMU (Yue et al.|[2024) 983 443 4 X COL MC, OE EN
OlympicArena (Huang et al.[[2024) 944 944 v v COMP MC, OE EN
OlympiadBench (He et al.|[2024) 1958 1958 v X COMP OE EN,ZH
EMMA (Hao et al.[[2025) 156 156 v X CEE MC, OE EN
PHYBench (Qiu et al.[[2025) 500 0 X v K12/UG/COMP OE EN
PhysReason (Zhang et al.|[[2025) 1200 972 v v K12/COMP OE EN
PHYSICSARENA (Dai et al.{[2025) 5103 5103 v v CEE OE EN
PHYX (Shen et al.![2025b) 3000 3000 v X UG/G MC, OE EN
UGPhysics (Xu et al.[[2025b) 5520 0 X v UG MC,OE,J,FB EN,ZH
PHYSICS (Feng et al.|[2025) 1297 289 v X COL OE.MC EN
PhysUniBench (Ours) 3304 3304 v v UG MC, OE EN,ZH

* 1247 multiple-choice questions (MC format), constructed by converting challenging OE
items into multiple-choice format with model-generated distractors.

PhysUniBench spans 8 major subfields of university physics, including: (1) Classical Mechanics;
(2) Electromagnetism; (3) Optics; (4) Molecular, Atomic, and Subatomic Physics; (5) Thermody-
namics; (6) Quantum Mechanics; (7) Solid State Physics; (8) Relativity Physics. The problems in
PhysUniBench are meticulously curated from resources aligned with undergraduate physics curric-
ula to facilitate a broad evaluation of a model’s physics knowledge and reasoning skills. A detailed
breakdown of the benchmark is provided in Figure (3| and Table |1} To ensure a discriminative eval-
uvation, all problems in PhysUniBench are annotated with a difficulty level from 1 to 5, calibrated
based on the performance of a strong baseline MLLM (e.g., Qwen2.5-VL-72B (Bai et al., [2025b))
through a 16-sample roll-out protocol. Problems the model solved trivially were removed to raise
the difficulty floor; the rest are binned by model pass rate: the easiest top 0-20% are labeled 1,
20-40% labeled 2, 40-60% labeled 3, 60-80% labeled 4, and 80—100% labeled 5.

Comparison with Existing Benchmarks. Compared to existing benchmarks (see Table [2)),
PhysUniBench is distinguished by its focus on undergraduate-level physics, a large collection of
multimodal questions across 8 core sub-disciplines, and fine-grained diversity in difficulty, question
format, and language. While UGPhysics (Xu et al., 2025b) focuses on undergraduate-level con-
tent with abundant questions, it lacks multimodal elements essential for evaluating visual-textual
reasoning. Meanwhile, PhysicsArena (Dai et al.l |2025) offers extensive multimodal data but spans
broad difficulty levels and educational stages, resulting in limited undergraduate-level coverage and
reduced effectiveness for targeted evaluation. PhyX (Shen et al.,|2025b)) offers a diverse set of mul-
timodal questions with a focus on undergraduate and graduate levels, but it lacks clearly defined dif-
ficulty stratification and multilingual support. In contrast, our PhysUniBench focuses explicitly on
undergraduate physics, providing 3,304 human-verified multimodal problems, systematically strat-
ified across five difficulty levels, covering eight major sub-disciplines, and supporting both English
and Chinese. These features collectively make it a rigorous and versatile benchmark for advancing
multimodal scientific reasoning in physics.

3.2 BENCHMARK CURATION PROCESS

Data Acquisition. PhysUniBench was constructed from a large-scale dataset of undergraduate-level
physics problems from textbooks, exams, exercises, and competitions, selected to reflect typical un-
dergraduate curricula. The curation prioritized problems requiring conceptual understanding, ap-
plication of physical laws, and multi-step reasoning, while avoiding simple recall or plug-and-chug
tasks. Overall clarity and unambiguous solutions were also key selection criteria. For PDF sources,
we applied MinerU (Wang et al.,2024a)) to parse problems into structured texts and images.
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Figure 3: PhysUniBench is constructed through a rigorous three-stage data curation process de-
signed to ensure high-quality multimodal physics problems. This pipeline systematically curates a
wide range of questions across 8 core physics disciplines.

Data Quality Control. To ensure the clarity and consistency of PhysUniBench, we designed a qual-
ity control process during post-processing. First, all problems were reformulated to ensure they are
phrased explicitly as questions and include sufficient contextual information for standalone interpre-
tation. This step aimed to standardize question format and prevent ambiguity. Second, we removed
redundant or irrelevant elements such as image numbering, cross-references, or formatting artifacts
that do not contribute to problem understanding. These refinements help reduce noise and improve
the readability and focus of each problem, thereby enhancing the overall quality and usability of the
benchmark. Finally, to ensure language consistency, all problems not originally in English or Chi-
nese were carefully translated into one of these two languages. Translations were manually verified
to preserve the original meaning, technical accuracy, and problem structure, ensuring that the bench-
mark remains faithful to its source material while maintaining clarity for multilingual evaluation.

Data Processing. A distinctive feature of PhysUniBench is its multi-phase construction pipeline
(Figure [3), which leverages advanced AI models for answer generation, evaluation, and difficulty
calibration. This iterative approach systematically filters out trivial problems and produces a care-
fully stratified dataset that can more effectively probe the limits of current MLLMs in multimodal
scientific reasoning.

The benchmark construction followed a three-phase process. In Phase 1, each source question was
answered 16 times by Qwen2.5-VL-72B (Bai et al., 2025b), selected for its strong instruction-
following and multimodal reasoning abilities. Answers were evaluated by GPT-4o0 (Hurst et al.,
2024) for semantic or numerical correctness. Questions consistently answered correctly were re-
moved to ensure a higher difficulty baseline, while the remaining answers formed a diverse pool for
further analysis. In Phase 2, unsolved questions were stratified into five difficulty levels based on
model accuracy and verified for correctness, forming the open-ended (OE) set designed to capture
varying reasoning complexity. Phase 3 focused on the hardest questions which are never solved in
Phase 1. They were reformulated into multiple-choice (MC) format using the model’s own incorrect
responses as distractors to reflect typical failure modes. These MC questions were also evaluated
through 16 roll-outs and difficulty-ranked for nuanced evaluation.

Through this multi-phase process, the final benchmark consists of 2,057 open-ended questions and
1,247 multiple-choice questions, each annotated with a difficulty level from 1 to 5 and labeled by
sub-discipline. The distribution is summarized in Table [T A more detailed explanation of the
construction pipeline is provided in Appendix [A]

4 EXPERIMENT

4.1 EVALUATION SETUP

Baselines. We evaluate various types of methods, where the LLMs include: Grok 3 (xAl [2025),
DeepSeek V3 (DeepSeek-Al 2025), and the MLLMs include: GPT-40 (Hurst et al.| [2024), GPT-
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Table 3: Main results on our PhysUniBench evaluated by accuracy (%). Abbreviations: OP =
Optics; MAS = Molecular, Atomic, and Subatomic Physics; ME = Mechanics; SP = Solid State
Physics; TH = Thermodynamics and Statistical Physics; EM = Electromagnetism and Electrody-

namics; RE = Relativity; QM = Quantum Mechanics. The highest and second-highest accuracies
are highlighted in red and blue, respectively.

Models Overall OP MAS ME SP TH EM RE QM
Multi-Choice Questions (MC)
Large Language Models
Grok 3 31.1 39.1 31.1 35.0 23.5 25.0 26.8 15.2 34.0
DeepSeek V3 34.1 39.1 43.2 36.3 294 28.1 30.7 18.2 35.8
Multimodal Large Language Models
GPT-5 63.6 64.7 78.4 62.9 64.7 59.4 59.9 75.8 69.8
GPT-40 33.7 429 39.2 40.1 333 32.8 354 41.2 36.2
GPT-40-mini 27.3 33.8 27.0 28.6 15.7 28.1 25.8 21.2 24.5
GPT-03 43.6 66.2 54.1 43.0 353 31.3 41.1 27.3 30.2
GPT-04-mini 36.7 57.9 55.3 42.1 31.2 24.7 41.2 30.9 35.9
Claude-3.5-Sonnet 36.5 43.2 50.9 41.3 32.1 44.0 35.8 45.5 44.9
Gemini-2.5-Pro 26.5 27.8 29.7 26.6 25.5 25.0 24.7 24.3 35.9
Qwen2.5-VL-72B 334 31.9 329 40.8 23.9 26.9 29.8 38.3 33.9
InternVL-3-38B 33.6 41.3 41.9 37.6 21.6 26.6 29.2 12.1 32.1
Open-Ended Questions (OE)
Large Language Models
Grok 3 229 40.8 25.3 29.2 10.0 2.7 22.5 2.1 0.7
DeepSeek V3 19.6 34.3 25.3 26.2 7.0 34 17.2 2.1 0.0
Multimodal Large Language Models
GPT-5 53.7 44.6 50.0 58.2 49.0 54.1 55.3 48.9 48.2
GPT-40 20.9 30.5 24.1 27.8 5.0 34 20.2 2.1 6.2
GPT-40-mini 15.3 20.0 13.9 21.0 6.1 2.7 16.5 2.1 0.0
GPT-03 24.8 43.2 30.4 30.8 5.0 5.5 25.4 2.1 0.0
GPT-04-mini 26.5 51.2 31.0 38.2 10.0 6.2 28.4 2.1 0.0
Claude-3.5-Sonnet 19.0 37.6 28.5 26.2 8.0 4.8 17.9 2.1 0.0
Gemini-2.5-Pro 25.5 49.3 31.0 35.2 6.0 4.1 23.7 2.1 0.0
Qwen2.5-VL-72B 23.7 38.5 29.1 29.5 9.0 55 21.4 2.1 0.0
InternVL-3-38B 17.7 27.4 17.9 21.0 55 34 19.3 2.1 0.0

40-mini (Hurst et al.| [2024), GPT-03 (OpenAll 2025), GPT-04-mini (OpenAl, [2025), Claude-3.5-
Sonnet (Anthropicl 2024), Qwen2.5-VL-72B (Bai et al.| [2025b)), Gemini-2.5-pro-preview (Team,
2025)), InternVL-3-38B (Zhu et al., [2025).

Evaluation Protocols. We adopt a standardized protocol to ensure consistent and comparable as-
sessment on PhysUniBench. Models are evaluated in a zero-shot setting, receiving both textual
descriptions and associated images as input. For MC questions, evaluation is based on exact match-
ing with the correct answer. For OE questions, models must output their final answer using the
LaTeX \boxed{} format. Answers are verified through symbolic computation with SymPy for
mathematical equivalence and a LLM judge with GPT-4o for reasoning and semantic correctness.

Evaluation Metrics. Model performance is reported in terms of accuracy, including overall ac-
curacy across the entire benchmark, as well as accuracy broken down by physics sub-discipline,
difficulty level, and question type (open-ended versus multiple-choice).

A detailed description of the full evaluation process is provided in Appendix [C]
4.2 MAIN RESULTS

PhysUniBench exposes significant challenges in multimodal physics reasoning while highlight-
ing progress in open-source models. As shown in Table [3| accuracy remains modest across both
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Table 4: Model performance across different difficulty levels and question types by accuracy(%).
The highest and second-highest accuracies are highlighted in red and blue, respectively.

Model Level 1 Level 2 Level 3 Level 4 Level 5
MC OE MC OE MC OE MC OE MC OE
Large Language Models
Grok 3 472 312 332 268 297 248 228 18.7  22.6 12.9
Deepseek V3 484 303 392 238 321 212 276 148 230 7.8
Multimodal Large Language Models

GPT-5 71.6 709 680 586 639 518 556 467 589 404
GPT-40 547 358 412 241 36.1 17.5 31.6 14.1 27.1 10.5
GPT-40-mini 392 278 284 238 237 15.5 21.6 10.3 2338 10.6
GPT-03 512 288 472 280 418 258 38.8 253 39.1 16.1
GPT-04-mini 49.7 375 472 333 405 32.1 36.8  25.1 37.5 18.0
Claude-3.5-Sonnet 549 329 488 27.0 333 19.5 36.5 144 365 8.8
Gemini-2.5-Pro 232 368 21.6 299 237 277 296 231 343 144

Qwen2.5-VL-72B 60.5 370 45.1 314 316 217 16.8 153 12.3 8.8
InternVL-3-38B 492 337 348 216 321 17.0 272 10.7 242 8.0

MC and OE questions, underscoring the inherent difficulty of complex multimodal reasoning in
physics. The newly tested tested GPT-5 achieves the best overall performance, reaching 63.6%
on MC and 53.7% on OE while the second best model achieving only 43.6% and 26.5%, respec-
tively. This highlights PhysUniBench as a crucial benchmark for identifying current limitations and
guiding the development of more capable systems. Notably, while closed-source models such as
GPT-04-mini achieves better overall performance, open-source models such as Qwen2.5-VL-72B
are progressively narrowing the gap in certain sub-disciplines, achieving comparable accuracy on
some MC questions. This trend signals promising progress in open-source scientific reasoning,
though challenges persist, particularly in open-ended questions and advanced physics domains.

Performance across sub-disciplines exhibits significant disparities. Models perform relatively
well in areas like Optics and Molecule Physics, likely due to alignment with pretraining distributions.
In contrast, sub-disciplines such as Relativity, Thermodynamics, and Quantum Mechanics show
notably poor performance where accuracy in Relativity remains below 3% and most models fail
open-ended questions in Quantum Mechanics. These results underscore the need for targeted model
development to handle the advanced concepts and multi-step reasoning required in these domains.

5 DISCUSSION

Explicit reasoning facilitates the multi-modal physics problem solving but gap exists. Unlike
general question answering tasks, physics reasoning requires systematic decomposition of com-
plex problems, alignment of visual and textual information, and the structured application of phys-
ical principles. Our evaluation shows that the reasoning-based model GPT-5 achieves the high-
est performance, consistent with the benefits of explicit reasoning observed in other scientific do-
mains (Bercovich et al., [2025; |[Fallahpour et al., 2025). However, the 24.8 % and 26.5 % accuracies
of GPT-03 and GPT-04-mini on OE reflects only a modest improvement over models without explicit
reasoning capabilities. This underscores the unique challenges of physics reasoning and highlights
the need for further advances in model architectures and training strategies to support structured,
physics-aware reasoning in complex multimodal tasks.

Performance across difficulty levels exhibits a well-distributed accuracy. As problem difficulty
increases shown in Table 4] model accuracy consistently declines, with the most pronounced drop
observed at higher levels. In particular, Levels 4 and 5 pose significant challenges, with most models
achieving only around 10 percent accuracy on OE questions at Level 5. This sharp decline indicates
the rationality of adapting Qwen2.5-VL for difficulty stratification. It highlights the benchmark’s
ability to stress-test current models and reveals their limitations in complex reasoning. The stratified
difficulty levels also enable fine-grained evaluation on specific subsets, facilitating more targeted
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Figure 4: Performance changes for GPT-40 and Gemini-2.5-Pro when replacing image input with
its corresponding caption labelled by GPT-40 beforehands.

analysis of model strengths and weaknesses across varying levels of problem complexity. A detailed
analysis of difficulty levels is provided in Appendix [B]

Multimodal language model reasoning faces bottleneck on physics image understanding. To
analyze the potential causes on poor multi-modal physics reasoning, we replace the image input with
GPT-40 generated captions, thereby isolating the contribution of visual information. We further vary
the caption granularity (short: one sentence; medium: two—three sentences; long: highly detailed
with examples shown in Appendix [H) to test how textual richness affects performance. Surprisingly,
performance improves consistently across nearly all sub-disciplines for both the strong model (GPT-
40) and the weaker (Gemini-2.5-Pro) as shown in Figure [4] This suggests a fundamental limitation
in current MLLMSs’ ability to extract and reason over visual information in physics contexts. Closer
inspection reveals that the benefit of captions is uneven across domains and models, suggesting dif-
ferences in textual reasoning depth. For instance, detailed captions steadily enhance performance on
TH for GPT-4o0, yet yield unstable gains on OP. Conversely, Gemini-2.5-Pro derives disproportion-
ately higher benefits in MAS than GPT-40. Such divergence implies that while additional textual
scaffolding can amplify reasoning, its utility is mediated by both the discipline-specific reasoning
demands and the intrinsic strengths of each model. A possible explanation is that physics diagrams
often convey abstract, symbolic, and spatial relations (e.g., forces, vectors, coordinate frames) that
current visual encoders struggle to interpret accurately. In contrast, GPT-40 captions interpret this
information explicitly in structured language, better suited to the models’ strengths in textual reason-
ing. This observation generalizes beyond the possible reasoning clues embedded by GPT-40 within
captions since single-sentence short captions also enhance better reasoning performance. The per-
formance of LLM-only models such as Grok 3 and Deepseek V3 in Table3|highlights the limitations
of multimodal physics understanding, as these models achieve competitive results despite lacking
access to visual information. These findings underscore the need for integrating physics-informed
visual reasoning alongside textual reasoning to advance multimodal scientific understanding.

Models mainly fail due to calculation errors despite having substantial physics knowledge. To
systematically characterize what are the typical error modes PhysUniBench, we conducted a quali-
tative error analysis on 212 incorrect answers produced by GPT-4o0. With the assistance of graduate-
level physics experts and a lightweight Al labeling tool, we classified errors into four categories
(allowing for dual labeling): calculation errors (61.8%), reasoning logic errors (17.9%), problem-
understanding errors (16.0%), and lack of prior physical knowledge (12.7%). This distribution iden-
tifies numerical and symbolic manipulation as the dominant failure mode. Conversely, the relatively
low share of knowledge-related errors suggests that foundation models have internalized consid-
erable physics knowledge through pretraining but lack effective mechanisms for context-specific
retrieval and applicability. Based on these findings, we hypothesize program-aided (Wang et al.,
2023) and tool-augmented approaches (Wang et al., 2024b) as potential directions for enhancing
physics reasoning and developing next-gen physics enhanced MLLMs.

Comparison between different LLM-as-judges. Because LLM-as-Judge evaluation may intro-
duce model-specific biases that could distort performance comparisons, it is essential to verify that
our scoring remains stable under different evaluators. For open-ended evaluation, we adopt GPT-40
as our primary judge to remain consistent with prior benchmarks (Xu et al.| 2025b). To assess po-
tential judge-specific bias, we conducted a cross-judge sensitivity analysis comparing GPT-40 and
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Figure 5: Four typical error types on open-ended  Qyerall 53.4 61.8

questions of mechanics sub-discipline.

Qwen2.5-VL-72B when evaluating GPT-5 predictions in Table [5] Both judges exhibit the same
monotonic accuracy decline from D1—DS5 and preserve consistent model ranking across difficulty
bins, indicating that our conclusions are not dependent on a single evaluator and that the scoring
protocol is robust. In addition, human spot-checks confirm the alignment of LLM verdicts with
physics-expert assessments, further supporting the validity of our evaluation approach.

Limitations and future work. Despite its comprehensive scope, PhysUniBench has several limita-
tions. First, the use of Qwen2.5-VL-72B and GPT-4o in the data construction process may introduce
subtle model-specific biases. Second, while automated evaluation of OE responses using advanced
LLMs is scalable, it may not fully capture the nuance of expert human judgment. Third, the bench-
mark currently lacks coverage of certain physics topics, such as acoustics, which would be included
to enhance topical completeness. Fourth, difficulty levels are defined across different knowledge
areas; future work would incorporate varying difficulty levels within the same topic to better assess
models’ reasoning depth independent of content familiarity.

6 CONCLUSION

We present PhysUniBench, a large-scale undergraduate-level multimodal physics benchmark de-
signed to rigorously evaluate the physics reasoning capabilities of MLLMs. It comprises 3,304 prob-
lems across 8 core sub-disciplines, integrating visual information and stratified difficulty through a
multi-stage construction process. Our empirical results reveal that current state-of-the-art models
struggle with deep physical reasoning, often relying on superficial cues rather than principled under-
standing. These findings underscore the need for next-generation models with stronger conceptual
and multimodal physics reasoning abilities. PhysUniBench provides a comprehensive and challeng-
ing testbed to support future advancements in Al for science.
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A FURTHER DETAILS ON BENCHMARK CONSTRUCTION

A.1 DATA SOURCING AND INITIAL COLLECTION

The problems in PhysUniBench were sourced from a large-scale dataset of undergraduate-level
physics problems. This initial collection aimed to draw from materials representative of typical
undergraduate physics curricula, covering a wide range of topics and problem styles encountered
by students in their coursework and examinations. The selection criteria emphasized problems that
require conceptual understanding, application of physical laws, and multi-step reasoning, rather than
simple factual recall or plug-and-chug calculations. Clarity of problem statements and the existence
of unambiguous solutions were also key considerations during the initial curation phase.

A.2 BENCHMARK CONSTRUCTION

A distinctive feature of PhysUniBench is its multi-phase construction process, which leverages Al
models for answer generation, evaluation, and difficulty calibration. This iterative approach was
designed to filter out overly simplistic problems and to stratify the remaining ones by difficulty in a
systematic manner.

Phase 1: AI-Powered Answer Generation and Initial Filtering

The first phase involved subjecting all initially collected questions to an extensive answer generation
process. For each question, 16 independent answer roll-outs were conducted using the Qwen2.5-
VL-72B model. This model was selected for its strong instruction-following capabilities and its
proficiency in handling multimodal inputs, given that many problems included diagrams. The gen-
eration of 16 distinct roll-outs served multiple purposes: it allowed for an assessment of solution
consistency, provided an opportunity to explore potentially diverse (yet correct) solution pathways,
and generated a rich pool of answers for subsequent evaluation.

Following generation, each of the 16 answers for every problem was evaluated and matched by
GPT-40. The “matching” process involved determining if the generated answer was semantically
equivalent to a known gold solution or numerically correct within a predefined tolerance. A critical
filtering step was then applied: problems for which the Qwen2.5-VL-72B model correctly answered
in all 16 roll-outs were removed from the benchmark. This decision was based on the premise that
problems consistently solved by a capable multimodal LLM across multiple diverse attempts are
likely to be relatively straightforward for the current generation of advanced models. By filtering
out these “too easy” problems, PhysUniBench inherently establishes a higher difficulty floor, en-
suring that the benchmark is not saturated by trivial questions and is better positioned to test the
boundaries of model capabilities. This focuses the benchmark on material that presents a more sub-
stantial challenge, making it more effective for differentiating among high-performing models and
for tracking meaningful progress in advanced Al reasoning.

Phase 2: Difficulty Stratification for Open-Ended Questions

For the problems that remained after the initial filtering, specifically, those that were not answered
correctly in all 16 roll-outs by the Qwen2.5-VL-72B model, a difficulty level was subsequently
assigned. This assignment was determined based on the accuracy achieved by Qwen2.5-VL-72B
across its 16 roll-outs for each individual problem. Problems were then categorized into five diffi-
culty levels, with Level 1 representing the easiest among the filtered set and Level 5 representing
the most difficult. The mapping from roll-out accuracy to difficulty level was designed to pro-
duce an approximately balanced distribution of problems across the five levels, thereby providing a
fine-grained scale for evaluating model performance. These curated problems form the open-ended
question set within PhysUniBench.

Phase 3: Conversion to Multiple-Choice Format for Consistently Incorrect Problems

A special procedure was implemented for problems that Qwen2.5-VL-72B answered incorrectly in
all 16 of its roll-outs. These problems, representing the most challenging set for the generation
model, were converted into a MC format. The construction of these MC incorporated an innovative
approach to distractor generation: three incorrect options (distractors) were randomly selected from
the 16 incorrect answers produced by Qwen2.5-VL-72B for that specific problem. The correct
answer (gold solution) was then added to form a four-option single-choice question. This method of
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Figure 6: SOTA MLLMs performance on PhysUniBench (open-ended subset) by sub-discipline and
difficulty, highlighting the significant challenges in multimodal physics reasoning.

leveraging a model’s own failure modes to create distractors is intended to produce incorrect options
that are plausible and diagnostically useful, as they reflect common model misconceptions or error
patterns rather than arbitrary or easily identifiable incorrect choices. This enhances the quality of
the MC portion of the benchmark, making it a more effective tool for diagnosing specific model
weaknesses by testing whether a model can distinguish the correct answer from its own typical
mistakes.

These newly formulated MC problems were then subjected to another 16 rounds of roll-outs using
the same Qwen2.5-VL-72B model. Subsequently, they were filtered (if any proved too easy even in
MC format, though this was expected to be rare given their origin) and graded by difficulty on the
same 1-to-5 scale, based on the model’s performance on the MC task.

This process resulted in a benchmark with 2,057 open-ended questions and 1,247 multiple-choice
questions, all graded for difficulty. The distribution is shown in Table [T}

B ADDITIONAL ANALYSIS

B.1 RADAR PERFORMANCE COMPARISON

To further illustrate the multimodal reasoning capabilities of state-of-the-art MLLMs, we visualize
model performance on the open-ended subset of PhysUniBench across two key axes: physics sub-
disciplines (left radar chart) and question difficulty levels (right radar chart), as shown in Figure [6]

Sub-discipline-level Comparison. The left radar chart highlights model accuracy across eight
major subfields of undergraduate physics. A notable trend is that models consistently perform better
on Optics and Classical Mechanics, where problem types often involve more familiar visual ele-
ments and relatively intuitive reasoning steps. For instance, GPT-40, GPT-40-mini, and Gemini-2.5-
Pro demonstrate relatively high accuracy on Optics, suggesting a degree of robustness in handling
diagram-based ray-tracing or lens problems. In contrast, performance sharply drops on domains
such as Thermodynamics, Solid State Physics, and Relativity Physics, with most models achieving
near-random accuracy, highlighting their limited grasp of abstract physical processes or complex
mathematical formulations.

Difficulty-level Comparison. The right radar chart reveals how model performance degrades as
question difficulty increases. At Difficulty Level 1 and Level 2, several models, particularly GPT-5
and Qwen2.5-VL-72B, achieve moderate success, reflecting their ability to solve simpler conceptual
or numerical problems. However, starting from Level 3, a steep decline in accuracy is observed
across nearly all models. The lowest accuracy appears at Difficulty Level 5, where tasks often
require multi-step reasoning, synthesis of visual and symbolic information, and deeper physical
understanding.
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Overall Insights. These radar plots collectively underscore two key challenges: (1) performance
disparities across different physics domains due to varying levels of abstractness and visual com-
plexity, and (2) difficulty sensitivity, where models falter significantly on higher-order reasoning
tasks. The results affirm that while current MLLMs exhibit partial competence in lower-difficulty,
visually grounded physics tasks, they remain far from achieving expert-level reasoning across the
full spectrum of undergraduate physics problems.

B.2 IMPACT OF IMAGE VS. CAPTION INPUTS

Image inputs show inconsistent benefits compared to caption inputs. As summarized in Table[6]
both GPT-40 and Gemini-2.5-Pro generally perform better when provided with caption descriptions
rather than raw images. In particular, for open-ended (OE) questions, replacing images with cap-
tions leads to clear accuracy gains across most physics domains, suggesting that current multimodal
models are not yet adept at extracting and reasoning over complex visual information. For example,
GPT-40’s overall OE accuracy improves from 35.0% (image) to 37.4% (caption) in English, and
Gemini-2.5-Pro shows even more pronounced gains in the Chinese OE setting (20.6% with image
vs. 57.6% with caption). However, the effect is not uniform: in certain domains such as Optics and
Solid State Physics, image inputs occasionally lead to small improvements in specific MC settings.
These mixed results indicate that while visual data can contain valuable cues, current architectures
often fail to reliably integrate them, highlighting a key avenue for future research in multimodal
reasoning systems.

B.3 PERFORMANCE ACROSS DIFFICULTY LEVELS

Higher difficulty levels significantly reduce model accuracy. Table [/| shows that both GPT-40
and Gemini-2.5-Pro achieve strong performance on the easiest problems (Level 1) but exhibit a
sharp accuracy decline as difficulty increases. For instance, GPT-40’s English OE accuracy on cap-
tion data drops from 67.7% at Level 1 to just 24.0% at Level 5, and a similar downward trend is
observed across Chinese OE and MC tasks. This pattern persists when using image data, with par-
ticularly steep declines in Levels 4 and 5, suggesting that higher-order reasoning and abstraction
remain significant challenges for current models. The consistent drop across modalities and lan-
guages underscores the benchmark’s ability to expose reasoning limits beyond surface-level pattern
recognition, providing valuable insight for guiding model improvements aimed at deeper scientific
reasoning.

B.4 CROSS-MODEL PERFORMANCE ANALYSIS ON BILINGUAL TASK SETS

Table 8] presents the performance comparison of various large language models across Chinese and
English physics tasks. Overall, GPT-5 achieves the best performance in both language settings,
attaining an overall accuracy of 44.0% on English tasks and a remarkable 72.6% on Chinese tasks,
significantly outperforming all other models. Notably, all models demonstrate superior performance
on Chinese tasks compared to their English counterparts, which may be attributed to differences in
dataset difficulty distribution or language-specific characteristics of the training corpora.

Regarding subject-specific performance, Optics (OP) and Modern Astrophysics (MAS) exhibit the
most pronounced inter-model variations. GPT-5 achieves 76.9% accuracy on English optics tasks,
substantially exceeding other models. However, most models struggle with advanced physics top-
ics such as Relativity (RE) and Quantum Mechanics (QM) in English tasks, with accuracy rates
approaching or equal to 0%, indicating that these domains impose higher demands on models’ rea-
soning capabilities. In contrast, performance on Chinese tasks shows improvement in these ad-
vanced topics, though considerable room for enhancement remains. Claude-3.5-Sonnet and GPT-03
demonstrate consistent performance on Chinese tasks with overall accuracies of 47.9% and 47.2%
respectively, showcasing strong cross-lingual understanding capabilities.

C EVALUATION PROTOCOLS

To ensure consistent and comparable evaluations of model performance on PhysUniBench, we pro-
pose the following standardized protocol. This will enable an objective assessment of models’
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Table 6: Combined results on caption and image data evaluated by accuracy (%). Abbreviations: OP
= Optics; MAS = Molecular, Atomic and Subatomic Physics; ME = Mechanics; SP = Solid State
Physics; TH = Thermodynamics and Statistical Physics; EM = Electromagnetism and Electrody-
namics; RE = Relativity; QM = Quantum Mechanics.

GPT-40 Gemini-2.5-Pro
Domain EN-MC CN-MC EN-OE CN-OE EN-MC CN-MC EN-OE CN-OE
Long Caption Data

Overall 30.3 35.7 37.4 379 27.0 49.3 40.2 57.6
Oop 15.4 34.2 37.9 29.4 46.2 40.0 31.0 51.6
MAS 100.0 34.7 50.0 31.8 100.0 56.9 25.0 52.0
ME 35.1 39.0 36.1 43.6 24.4 50.2 40.3 65.9
SP 36.4 20.0 25.0 47.7 36.4 40.0 50.0 58.0
TH 333 34.7 50.0 41.0 13.3 46.9 16.7 59.7
EM 25.8 35.6 38.8 34.8 28.0 50.0 422 559
RE 100.0 355 0.0 40.4 0.0 58.1 0.0 57.5
QM 0.0 359 0.0 38.9 0.0 56.6 0.0 525
Image Data
Overall 32.6 40.5 35.0 14.0 23.7 27.8 39.6 20.6
OP 23.1 45.0 34.5 29.9 30.8 275 24.1 533
MAS 100.0 37.5 25.0 24.0 50.0 29.2 25.0 31.2
ME 36.3 423 34.6 21.2 232 28.6 42.1 28.7
Sp 27.3 35.0 25.0 23 45.5 20.0 333 2.3
TH 40.0 30.6 16.7 22 6.7 30.6 25.0 2.2
EM 29.1 41.1 37.1 8.1 23.6 25.7 39.2 12.6
RE 0.0 41.9 0.0 2.1 0.0 25.8 0.0 2.1
QM 0.0 36.2 0.0 6.2 0.0 359 0.0 0.0

Table 7: Combined results by difficulty levels evaluated by accuracy (%). Columns: EN-MC, CN-
MC, EN-OE, CN-OE for GPT-40 and Gemini-2.5-Pro.

GPT-40 Gemini-2.5-Pro
Difficulty EN-MC CN-MC EN-OE CN-OE EN-MC CN-MC EN-OE CN-OE
Long Caption Data

1 57.0 52.6 67.7 67.5 24.1 579 67.7 78.0
2 30.4 40.9 45.2 46.0 24.1 52.1 46.0 63.2
3 30.8 28.7 24.8 374 26.9 46.8 36.8 50.7
4 15.2 31.0 24.6 20.7 27.9 42.7 27.8 47.4
5 18.0 253 24.0 17.8 32.1 47.1 22.4 48.6
Image Data
1 49.4 57.3 67.7 21.7 16.5 26.3 64.6 24.5
2 354 433 38.9 17.5 22.8 21.1 452 232
3 39.7 34.5 24.0 14.7 20.5 25.2 352 24.5
4 19.0 36.8 25.4 9.1 24.1 322 30.2 20.0
5 19.2 30.6 18.4 7.0 34.6 34.1 22.4 10.8

reasoning and problem-solving capabilities, ensuring fairness and reproducibility across different
evaluations.

C.1 EVALUATION SETTING

Models are evaluated in a zero-shot setting by default, where no prior examples are provided to
the models and they must solve problems without contextual cues or demonstrations. For MLLMs
that support few-shot prompting, performance under few-shot settings may also be reported, with a
clear specification of the number of examples used in the report. This allows flexible benchmarking
across different prompting strategies.
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Table 8: Performance comparison across different models on Chinese and English tasks by subject
(%).

Models Overal OP MAS ME SP TH EM RE QM
English
GPT-40 32.6 23.1 1000 363 273 400 29.1 0.0 0.0

Claude-3.5-Sonnet 26.2 30.8 100.0 256 364 467 236 00 0.0
Qwen2.5-VL-72B 28.0 30.8 100.0 29.8 364 20.0 258 0.0 0.0

GPT-40-mini 30.5 23.1 100.0 32.1 273 400 286 0.0 0.0
Gemini-2.5-Pro 23.7 30.8 50.0 232 455 6.7 236 0.0 0.0
GPT-04-mini 384 53.8 100.0 363 545 133 390 1000 0.0
InternVL-3-38B 26.7 46.2 100.0 274 273 333 23.1 50.0 0.0
GPT-03 359 53.8 500 316 364 333 385 50.0 0.0
Grok 3 27.0 30.8 100.0 29.2 364 26.7 23.6 0.0 0.0
DeepSeek V3 25.2 30.8 100.0 274 273 267 220 0.0 0.0
GPT-5 44.0 76.9 100.0 429 455 20.0 434 1000 0.0
Chinese
GPT-40 40.5 450 375 423 350 306 41.1 419 362

Claude-3.5-Sonnet 47.9 45.0 514 528 325 429 475 484 449
Qwen2.5-VL-72B 353 31.7 319 419 200 286 356 387 339

GPT-40-mini 259 350 250 265 125 245 233 226 245
Gemini-2.5-Pro 27.8 275 292 28,6 200 306 257 258 358
GPT-04-mini 442 583 542 450 250 286 431 290 358
InternVL-3-38B 36.7 40.8 403 43.6 200 245 347 97 321
GPT-03 47.2 67.5 542 497 350 306 436 258 302
Grok 3 33.0 40.0 292 383 200 245 297 161 340
DeepSeek V3 38.2 40.0 417 415 300 286 386 194 358
GPT-5 72.6 633 778 746 70.0 714 748 742 698

C.2 INPUT FORMAT

MLLMs are provided with both the problem text and associated images as input. These models are
expected to integrate visual and textual information to solve the problem. For text-only models, only
the textual portion of each problem is provided.

C.3 OuTpPUT EVALUATION

Evaluation criteria differ based on question type. For multiple-choice questions, evaluation is
straightforward: accuracy is determined by exact matching between the model’s selected option
and the correct answer. For open-ended questions, models are required to produce a final answer
enclosed in LaTeX’s \boxed{} format[Feng et al.|(2025). The correctness of the generated answers
is assessed through a combination of symbolic computation and language model-based reasoning.
Specifically, an exact match with the ground truth is first attempted. If the answer is expressed as
a mathematical formula, symbolic computation tools such as SymPy are used to check for mathe-
matical equivalence with the reference solution. If symbolic equivalence cannot be determined, or
if the answer contains natural language components, an advanced language model, such as GPT-4,
is used as a judge to assess the conceptual accuracy of the response. When ambiguous cases arise,
or when critical problems require more nuanced assessment, human evaluation may be employed to
supplement automated judgments.

C.4 MC QUESTION EVALUATION LOGIC

In MC questions, the evaluation of open-ended answers similarly combines symbolic computation
with language understanding. The model’s final answer must appear in \boxed{} format. The eval-
uation process begins by attempting an exact match between the model’s output and the reference
answer. If the answer involves mathematical expressions, SymPy is employed to verify mathemat-
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ical equivalence. When symbolic equivalence cannot be confirmed, conceptual accuracy is judged
by a large language model, ensuring that the semantic meaning of the answer aligns with the correct
solution. In cases where the model’s output is ambiguous or clearly erroneous, human reviewers
provide final validation.

C.5 METRICS

The primary evaluation metric for PhysUniBench is accuracy. Results are reported across multi-
ple dimensions to provide a comprehensive understanding of model performance. Specifically, we
report overall accuracy across the entire benchmark, accuracy by physics sub-discipline as defined
in Table[I] accuracy across five difficulty levels from Level 1 to Level 5, and accuracy by question
type, distinguishing between open-ended and multiple-choice questions. This multi-dimensional
reporting enables fine-grained analysis of model strengths and weaknesses.

C.6 EVALUATION STEPS
The following steps outline the precise evaluation protocol:

e Step 1. Prediction Generation: Initially, the models generate predictions based on the
provided input query, which incorporates problem descriptions and relevant images.

» Step 2. Answer Extraction: Raw model predictions may include reasoning steps, intermedi-
ate explanations, or irrelevant filler. To extract the definitive answer, we employ rule-based
answer extraction strategies tailored to the type of problem. For open-ended questions,
the goal is to extract the final numeric value, formula, or derived result while filtering out
irrelevant text.

e Step 3. Automated Evaluation with LLM Judge: For OE questions, after extracting the
answer, we compare it against the ground truth to determine its correctness. Since OE
questions can have multiple valid answer forms, we use a language model evaluator, such
as GPT-4, as a judge to assess conceptual accuracy. The evaluator is provided with the
extracted answer and the ground truth solution. The evaluator’s task is to determine if
the extracted answer aligns with the expected solution, checking for both correctness and
completeness. Multiple runs of the evaluator ensure robustness: the evaluator’s decision-
making process is tested across multiple attempts to ensure consistent results.

 Step 4. Evaluation for MC: For multiple-choice questions, we first attempt a direct match
between the model’s selected option and the correct answer. If the direct matching fails, the
LLM evaluator as in OE questions will be employed to compare the model’s reasoning and
answer choice against the ground truth. This is done to confirm that the model’s reasoning,
even when misaligned with the correct answer, aligns logically with the correct options.

C.7 HANDLING AMBIGUOUS OR CRITICAL SAMPLES

For particularly difficult, ambiguous, or critical samples, human evaluation is employed to provide
an additional layer of judgment. This is necessary when automated evaluation yields uncertain
results, when multiple valid interpretations exist, or when critical problems must be reviewed to
ensure that model performance is assessed accurately and fairly.

C.8 RESULTS REPORTING

All evaluation results are reported in terms of overall accuracy and broken down by difficulty
level, question type, and sub-discipline. The reporting also includes qualitative insights into
model strengths and weaknesses, highlighting areas where models struggle—such as particular sub-
disciplines of physics or specific problem types—and providing analysis of common failure modes,
including conceptual errors, diagram misinterpretations, and calculation mistakes. Additionally, we
provide simulated baseline results, generated through random answer selection, to serve as a point
of comparison for model performance on the benchmark.
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D PROMPTS USED IN PHYSUNIBENCH

This section presents prompts used in our benchmark including answering prompt for multiple-
choice question (MC) and open-ended (OE) formats as well as prompts for captioning physics dia-
gram in discussion. Each format is designed with consistent instructions to ensure clarity in model
evaluation.

Answering Prompt: Multiple-choice (MC)

Instruction Prompt (MC). You are a helpful assistant. Based on the following question and
options, choose the most appropriate answer. The image is provided separately.

Question: {question}

Options: {options_prompt}

Expected Response: Please respond with only the letter of the correct answer (A, B, C, or
D).

Answering Prompt: Open-ended (OE)

Instruction Prompt (Open-ended). You are a physics expert assistant. Solve the follow-
ing question step-by-step. At the VERY END of your answer, output ONLY the FINAL
ANSWER in this format:

your_final_answer_here

You MUST put the final answer in the \boxed {} environment. Do NOT include multiple
boxes. Do NOT include \boxed{ } anywhere else in your reasoning. The box must appear
on the last line of the response.

Question: {question}
Answer: (model should generate full reasoning followed by one boxed final answer)

Long Captioning Prompt (EN)
You are a physics teaching assistant. Below is an image related to a physics problem. Write
a detailed caption (multiple sentences OK) that:

1. Clearly names and labels all key elements or variables shown (e.g. masses, forces, fields,
angles).

2. Thoroughly describes the physical scenario or phenomenon (e.g. “a block of mass m
sliding down a frictional incline of angle 6,” “electric field lines emanating from a point
charge”).

3. Explains which aspects are critical for solving a related physics question (e.g. “resolve
weight into components parallel and perpendicular to the surface,” “note the separation
distance r for Coulomb’s law”).

4. Provides any context or background needed to understand why the setup matters.

Long Captioning Prompt (CN)

TR AVEEAHH . THE—ESYHEFEERER . 1§ HRE —BiEd
FRRBANCT (AIEHZA)) |, EoK:

1. B A IREE T KR ERNEE (WHE - 9 AESE) -

2. FEAMAYES RIS (I REH m YRR 0 KEEERE N E
T AR MBS ) -

3. PR S N TR R R E R B (0 E 88 AT TR A
BEETHREMNTE” « “ERECERTHIEER ) -
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4. REHEBZAOVMEZROEMERE LT

E EXAMPLE PROBLEMS FROM PHYSUNIBENCH

This section would include 5-8 diverse examples from PhysUniBench, showcasing different sub-
disciplines, difficulty levels, open-ended vs. MC formats, and problems with diagrams. For each,
the problem statement, diagram (if any), and the correct answer/solution would be provided to make
the benchmark tangible for the reader.

Problem 431 Electromagnetism (Open-ended)

Question (431). Two long, straight wires are perpendicular to the plane of the paper and
at a distance 0.3m from each other, as shown in the figure. The wires carry currents of
I; = 1.9A4 and I> = 5.1A in the direction indicated (out of the page). Find the magnitude
and direction of the magnetic field (in ©T") at a point A midway between the wires. You need
to indicate the direction with a positive or a negative value for the magnetic field. Keep in
mind that a vector is positive if directed to the right and negative if directed to the left on the
X - axis and it is positive if directed up and negative if directed down on the y - axis. Your
answer should be a number with two decimal places, do not include the unit.

Ty
6 e
L e

Difficulty: 52.

Correct Answer: Step 1: For first wire

Current in first wire: I; = 1.9 A

Distance from point A: d; = %2 = 0.15m

General formula for the magnetic field of a very long current-carrying conductor at a per-

pendicular distance:

_ Mo 21
4w d
where 2 = 10~7T - m/A, I is the current in the wire, and d is the perpendicular distance
of the point from the wire.
Magnetic field for the first wire:
o 20
B, =221
! 47 d1 (+)
Substituting values:
2-1.9
B;=10""-=———-=2533x10""T
' 0.15
Step 2: For second wire
Current in second wire: I = 5.1 A
Distance from point A: do = 07 =0.15m
Magnetic field for the second wire:
po 21
B, =222 (=
2= g
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Substituting values:

2.5.1
By =10"". 251 e 10-7T

0.15
Step 3: Net magnetic field at point A
By =By + By
=25.33x 1077 + (68 x 1077)
= —42.67x 107"

~—427x107°T

Answer:
The net magnetic field at point A is B4 = 4.27 x 1075T, and it is directed towards the
negative y-axis.

Model Answers (Actually wrong): Problem:
Two long, straight wires are perpendicular to the plane of the paper and are separated by a
distance of 0.3 m. The currents in the wires are:

I, =19A, I, =51A

Both currents are directed out of the page. Let point A be midway between the wires, i.e., at
a distance:
03

r > =0.15m

We are to find the net magnetic field at point A, giving direction as: - Positive if the net field
is upward (along +7) - Negative if the net field is downward (along —%)

Solution:

The magnetic field due to a long straight current-carrying wire at a distance 7 is:

B = Mol
27r

with g = 47 x 1077 T - m/A

Thus: . .
ol 47 x10°7-1.9 2x10°7-1.9
1= onr 27 -0.15 0.15 s
pola  4rx10°7-51 2x1077-5.1
By = — — — 6.80 uT
2= onr 27 -0.15 0.15 H

Now apply the right-hand rule: - For I; (out of the page), magnetic field at point A is directed
downward - For I3 (out of the page), magnetic field at point A is directed upward
So the net field at point A is:

Bpet = By — By = 6.80 — 2.53 =

Since it’s upward (toward +g), the answer is:

(Incorrect. XX )
Problem 1808 Relativity Physics (Multiple-choice)

Question (1808). IEIFTIR, FEAESLACH) B AN 28 B8 A2 B, R0 1E H F AR F T4
B, ERWEHETREENS0GeV .- BHRA S 1010 MF, I BRI EIEELLE
FHEZEN 1.0pm, KEH 2.0mm AIIE)H R . 8 E R R7E S = H il £ 5k
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THRESHSERLE r GHHBE BRIRR . ATEFEEr  1L.oum ', BH

HRZD?

B A

Choices
A. 96T.
B. 1.67 x 10"T.
C. 2.7GeV/cm.
D. 8.6 x 10*T.

Difficulty: 2.
Correct Choice: A.

Solution FE & et, WA FTHRMEKE - F12 . KTEHE KBEMEEDH N

l,To,N,p, )H‘IJ:
eN
IEA R FHAEMERARA, Zsh7 iR, FLUSRIREESR J = 2p8c-
E 1
T nE T @
M A 22 BB % g B
7{3 -dl = pol = poJnry 3)
SNFr>rg, H:
2mrB = pyg - @ - Bc - mre (€))
mrgl
2eN 1 N
ml 7 wl
XTJL:J: r<ro, ﬁ:
2mrB = pg - @ - Be - mr? (6)
mrgl
2eN r
B = o W'ﬁc‘i (7)

BEIERT BREr 2B LHIZE -
Hr=ro=1.0um, H
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47 x 1077 x 1.6 x 10719 x 1010
B= 1.0x3.0x 103~ 96T 8
7 x2x 103 x 10-6 XD ®)

Model Answers (Actually correct): 7 H 5317
SLAC M E & MME s = £ TRIERFRIMAPLEN g = 1.0pm = 1.0 x
107%m~ KEHN £ =2.0mm = 2.0 x 10~3 m A5 BRI . BARTE0N:

N =10 HTFHE =50GeV
BAERO RSN FRES . HEHER r = ro NAWISEE B
‘f%g%ﬁﬁﬂ@ﬁﬁ?i%mﬁ
JoNFEAR] Y

g=N-e=10"-16x1072C=16x10"°C
BT R LGEREE v ~ ¢ = 3.0 x 103 m/s 325, JEidH 5 HR R

¢ 2.0x10-3
A= = S = 667107
R, SRR
1.6 x 10-°
=2 X ~ 2.4 x 102 A

T At 6.67x10-12

BB R ro SRR
SIS R, (IR E B AR v < ro SRS

_ polr
B 27r7‘(2)

B =ro I, BHAERAME:
27ry

RNELIE:
po=4m x 107" T-m/A, I=24x10°A, ro=1.0x10"5m

Ar x 107724 x 102 9.6 x 107°
27-1.0 x10-6 2 x10-6

HTFRFRMERTRES, BMHAER (RaEn  ELEEsn:
Bow=2-48T =[96T]

RARER:

=

Choose A. (Correct. \/ )

Problem 779 Solid State Physics (Open-ended)

Question (779). Using the prism, answer the following questions. Write
overrightarrowEC in terms of @, b, and ¢. Explain. Write CF in terms of a, b, and .
Explain. What type of vectors are EC' and C@ in relation to each other?
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Difficulty: 2.

Correct Answer:  Step 1
Given:

 Prism with edges: @, b, &

Objective:
» Express the vector EC in terms of a, 5, and C.
* Express the vector CE in terms of @, b, and ¢,

* Determine the relationship between the vectors EC and CE.

Explanation:

According to the triangle law of vector addition: when two vectors are represented by two
sides of a triangle in sequence (both in magnitude and direction), the third side represents
the resultant vector.

Step 2 . .
(a) Writing E;C in terms of @, b, and ¢
To express EC, we trace the path from point £ to C using the prism’s edges:
* From F to F': vector @
« From F to G: vector b
* From G to C": vector ¢
Thus, B .
EC=ad+b+¢C
(b) Writing q_E in terms of a@, g, and ¢ .
The vector C'E points from C' to E, which is the opposite direction of EC'. Therefore:
CE=—(@+b+09

(c) Relationship between EC and CE:
The vectors EC' and C'E are opposites:

CE =—-EC

They have the same magnitude but point in opposite directions, which reflects the vector
properties of direction and displacement.

Answer:
(@ EC=d+b+¢
(b) CE=—(@+b+20)
(c) EC and CE are opposite vectors.
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Model Answers (Paritially correct): Given: The prism is defined such that: - Vector

a—= zﬁ (vertical direction), - Vector b= 1@ (horizontal, width direction), - Vector ¢ = E7'
(depth direction).

We are to express R , ﬁ, and describe the relationship between them.
(a) Express E?’ in terms of a, 5, ¢: To go from point E to point C, we can follow the path:

EFE—-A—-B—C

EA—-a@ AB=b, BC=¢

Using vectors:

So:
— -
EC=FEA+AB+BC=-a+b+¢
‘ EC=—-a+b+ 6‘
(Incorrect.)
Explanation: We decomposed the vector ﬁ into smaller segments along the known vectors
b, c.

(b) Express C.E>in terms of @, 5,(':’:
CB=-EC=—(—G+b+d=a—b-¢
CE=d—

(Incorrect.) Explanation: Vector ﬁ is the opposite of ﬁ , so we simply negate all com-
ponents.

(c) What type of vectors are ﬁ and @ with respect to each other? Since:

CE = —EC

S

o

they are:

‘ opposite vectors (same magnitude, opposite direction)

Explanation: Opposite vectors have equal magnitude but point in opposite directions.

(Correct. \/ )

Problem 293 Optics (Multiple-choice)

Question (293). A right triangle made of a material with a refractive index of 1.5 is im-
mersed in air as shown in the figure. If a beam enters from the left at a distance y from
the base, find the distance x at which the refracted beam after the triangle crosses the line
extending from the base of the rectangle. The marked angle is 60°

&

————

)

Choices
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The distance is z = y/3.

The distance is z = 2.4y

The distance is © = y X tan(60°)
The distance is © = %

oSnwp

Difficulty: 1.
Correct Choice: B.

Solution

SOLUTION

The diagram is illustrated below.

In the diagram, a ray of light is incident on the interface between two media forming a
rectangular-like structure. The refractive index of the glass-like medium is p, = 1.5, and
the refractive index of air is p, = 1. The angle of incidence is ¢ = 30°.

STEP 1: APPLYING SNELL’S LAW

Using Snell’s Law:
fbg SING = [1, SInT

Substituting the known values:
1.5-8in30° =1-sinr
Solving for 7:
r=sin"!(1.5 - sin 30°) = sin~*(0.75) ~ 48.6°

Then:
ZBOC =90° — r = 90° — 48.6° = 41.4°

LAOC =i+ ZBOC = 30° +41.4° =71.4°

Explanation: According to Snell’s law, for a specific pair of media and a given light color,
the ratio of the sine of the angle of incidence to the sine of the angle of refraction remains

constant: L
sin ¢ Ua,

sinr g

STEP 2: USING RIGHT-ANGLE TRIANGLE TRIGONOMETRY
From triangle AABO:

4B =tan30° = AB =y - tan 30°
Y
From triangle AACO:

4 =tan71.4° = AC =y - tan 71.4°
Y

Since z = BC' = AC — AB, we get:
x=1y-tan71.4° —y - tan 30° = 2.4y
Explanation: In a right-angled triangle, the tangent of an angle is given by:

opposite

tanf = —;
adjacent
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ANSWER

The distance at which the refracted beam intersects the line extending from the base of the
rectangle is:
T = 2.4y

Choose B.

Model Answers (Actually incorrect):

Given:

A right triangle made of material with refractive index ny = 1.5 is immersed in air (n; = 1).
A light ray enters from the left at a vertical height y from the base. The top angle of the
triangle is marked as 6; = 60°. We are to find the horizontal distance x from the right side
of the triangle to the point where the refracted beam (after exiting) intersects the extension
of the base.

Step 1: Refraction at exit face

When light exits the triangle into air, it bends away from the normal (because it goes from
denser to rarer medium). By Snell’s Law:

V3 33
1.5 5 = 1 1.299
Since sin(f,.) > 1, total internal reflection occurs. Therefore, instead of exiting, the beam
reflects and exits at the bottom horizontal side of the triangle.
But the diagram shows the beam exiting! This implies that the beam is exiting at the top face
and the triangle is a 30-60-90 triangle, and we are supposed to ignore refraction effects (or
the question assumes light continues in same direction as within triangle). So we now treat
this as a geometry/trig problem.
Step 2: Use triangle geometry
From the figure, after traveling along the hypotenuse L, the light exits and travels along a
line making angle 6; = 60° with the horizontal.
We want the horizontal distance x from the exit point to where the ray intersects the exten-
sion of the base line.
We can use trigonometry:

ng sin(6;) = ny sin(f,.) = 1.5sin(60°) = sin(f,.) = sin(6,.)

N — -y _
tan(f;) = = = x = fan(60°)

]|

Y
V3

Final Answer:

D. The distance is x =

Sl

Choose D. (Incorrect. X< )

Problem 25 Thermodynamics (Multiple-choice)

Question (25). Two thin metallic bars, one made of zinc and the other made of iron, whose
lengths at 300 K are respectively 5.00 m and 12.0 m, are such that the zinc bar is over the
iron bar with their left - ends attached to each other with a screw while their other right -
ends remain free, as shown in the figure. The linear expansion coefficients of zinc and iron
are respectively aine = 3.00 X 107°K~! and ajpon = 1.00 x 105K ~1. Neglecting the
thickness of the bars, determine: a) The change in the distance between the ends A and B
when the bars are heated to the temperature of 400 K; b) The distance to point A from a
point C on the zinc bar such that the length from C to A remains constant during the heating
of the bars.

31



Under review as a conference paper at ICLR 2026

Choices

A. The change in distance between A and B is 0.3 cm; the distance from A to Cis 11 m.
B. The change in distance between A and B is 0.003 m; the distance from A to C is 1.25 m.
C. The change in distance between A and B is 0.3 cm; the distance from A to Cis 11 m.
D. The change in distance between A and B is 0.015 m; the distance from A to C is 9 m.

Difficulty: 5.
Correct Choice: C.

Solution (a) Explanation: Since the temperature is being increased, due to the phe-
nomenon of thermal expansion, the length of both the zinc and iron bars will increase. The
increase in length AL of a bar is given by the relation:

AL =aLl(Ty - T;) (1)
where o is the coefficient of linear expansion, L is the original length, and T}, T’ are the
initial and final temperatures, respectively.

For Zinc Bar: Substitute a,ipe = 3 x 1075 K !, L =5m, T; = 300K, Ty = 400K into
equation (1):
AL =3 x107°K™! x 5m x (400K — 300K)
=3x%x107% x5 x 100m
=0.015m

For Iron Bar: Substitute oo = 1 x 1075 K_l, L=12m,T; = 300K, Ty = 400K:

ALipon =1 x 107K x 12m x (400K — 300K)
=1x107% x 12 x 100m
=0.012m

The change in distance between A and B is:
ALAB = Ainnc - ALiron
=0.015m — 0.012m
= 0.003m

=0.3cm

So, the change in distance between A and B is AL p = 0.3 cm.
(b) Let the distance of point C' from the left end be d. Then the remaining length of the zinc
bar is:

BC=5-d

Explanation: To keep the length constant between points A and C, the expansion in both
bars must be equal:

Ainnc,AC = ALiron 2
Expansion in the zinc bar is given by:
ALZinc,AC = Oézinc(5 - d) (Tf - Tz) 3)
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Equating (2) and (3):
Ofzinc(5 - d) (Tf - Tz) == ALiron

Substitute known values:

3x 1075 x (5 —d) x 100 = 0.012
(5—d) x3x107% =0.012

5o 0.012
S 3x10°3
0.012

d=5—-———
g 3x10-3

d=1m

The distance of point A from point C' is:
s=12—-d

s=12m—1m
s=11m
Answer
(a) The change in distance between A and B is AL p = 0.3 cm.
(b) The distance of point A from point C'is s = 11 m.

Choose C.
Model Answers (Actually false):
Given:

¢ Initial temperature: Ty = 300K
* Final temperature: T = 400K
» Temperature change: AT = 100K
* Length of zinc bar: L, = 5.00m
* Length of iron bar: Li,, = 12.0m
* Linear expansion coefficients:
ine = 3.00 X 107° K™, jron = 1.00 x 107 °K ™!
(a) Change in the distance between points A and B:
ALyine = Qine  Lyine - AT = (3.00 x 107°) - 5.00 - 100 = 0.015m
ALiron = Qiron * Liron - AT = (1.00 x 107°) - 12.0 - 100 = 0.012m

Ad = ALjinc — ALigon = 0.015 — 0.012 = 0.003m =

(b) Distance from point A to a point C on the zinc bar such that the length from C to A
remains constant:
Let the distance from the screw to point C be x. Then the segment from C to A consists of:

 Zinc segment: Ljipc ¢ = 5.00 — z
* Iron segment: Li,, = 12.0

For the total expansion of segment CA to be zero:

azinc(5-0 - ZE) + airon(12-0) =0

(3.00 x 107%)(5.0 — ) + (1.00 x 107°)(12.0) =0
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(1.5x107* =3.00 x 107°z) + 1.2 x 107* =0
= 27x107%=3.00 x 10~z
2.7x 107*
¥ T 3.00x 105
=9.0
So point C is 9.0 m from the screw (on the zinc bar), which is beyond the zinc’s total length

of 5.0 m. This implies that point C lies z = 4.0 m from the screw (i.e., within the zinc bar),
and:

Distance from C to A = Lixon + (5.0 — z) = 12.0 + (5.0 — 4.0) =
Final Answers:

* (a) The change in the distance between A and B is ‘ 0.003m (0.3cm) ‘

* (b) The distance from A to C such that CA remains constant is

So none of the options are fully correct, but Option A is partially correct, capturing the
correct change in distance.
Choose A. (Incorrect. XX )

Problem 795 Mechanics (Open-ended)

Question (795). Two objects are moving towards each other with velocities ‘71 and ‘72
on a frictionless surface. They collide completely inelastically and move together after the

collision with a velocity |V3| = 16.8m/s as shown below. If the ratio of the masses is

my /me = 1.38 and the angles are §; = 59° and 0, = 39°, what is the magnitude of ‘71 in
units of m/s? Express your answer using one decimal place.

my m;

Difficulty: 5.

Correct Answer:

SOLUTION

Step 1: Conservation of Momentum

In a completely inelastic collision, momentum is conserved in both the z- and y-directions.
Explanation: The total momentum of a closed system remains constant if no external forces
act on it. z-direction:

m1 Vi cos 01 + maVa cos by = (my + ma)Vs €))

34



Under review as a conference paper at ICLR 2026

y-direction:

mq Vi sinf; = mo Vs sin 6o 2)
Step 2: Relation Between m and mo
Given: m
—1 =1.38=my =1.38m;
ma

This allows all terms to be expressed in terms of mg. Substitute Known Values:
* V3 =16.8m/s

O 91 = 59°

* 0, =39°

o M —1.38
mo

Explanation: Momentum is a measure of an object’s motion and is defined as the product of
its mass and velocity.
Step 3: Solve for V3
From equation (1), rearranged in terms of V5:
7m1V1 COS 91 —1.38 - V1 cos H9°

V = =
2 ™o cos 0o cos 39°

Now substitute into the y-momentum equation:
myVisinf; + moVasinfy = (mq + mo)Va
Substituting m; = 1.38m:
1.38V1 8in59° + V5 8in39° = (1.38 + 1) - 16.8
Substitute for V5:

1.38 - V4 cos 59° - sin 39°
1.38V4 sin 59° — e —238.16.8
cos 39°

Factor out V7:

1.38 - cos 59° - sin 39°

Vi [1.38 - sin59° — €059 - S — 39.984
cos 39°

Approximate:

39.984

V1(1.18 — 0.58) = 39.984 = V; = =66.6m/s

0.6

Explanation: Vectors have both magnitude and direction. In many physics problems involv-
ing angles, breaking vectors into their  and y components using trigonometric functions is
essential.

Answer The final velocity of mass m; is:

Vi =66.6m/s
Model Answers (Incorrect): Given:
« Final velocity after perfectly inelastic collision: |V3| = 16.8 m/s
* Mass ratio: % =1.38
e Angles: #; = 59°, 6, =39°
* After collision, the bodies stick together and move straight down (‘73 is vertical)

Step 1: Use conservation of momentum
Since the final motion is vertical, the total horizontal momentum before the collision must

be zero.
Let V1 and V5 be the speeds of m1 and meo, respectively. The horizontal momentum equa-
tion:

m1Vicosfy = maVocosfy (1)
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The vertical momentum equation:
mqVysinfy + maVasinfy = (mq +ma)Vs  (2)

Step 2: Eliminate V5 using equation (1)

From (1):
5 6
vy = Mo, cosby,
mo  cos by
Substitute into (2):
0
m1V1 sin 01 + mo (7”1 . COS1V1) sin 02 = (m1 + mQ)Vé
mo oS 0a
Simplify:
0
mq Vi |:Sin01 + E Sin92:| = (m1 + mg)‘/3
cos 09

Let r = m—; = 1.38, so m; = 1.38msy. Then my + mo = (1.38 + 1)me = 2.38ma.
Substituting back:

cos H9°
cos 39°

1.38msy V) {sin 59° + sin 390] = 2.38my - 16.8

Cancel ms:
559°
1.38V [sin59° +
cos 39°

sin 390] =2.38-16.8
Compute values:

sin59° &~ 0.8572, c0s59° =~ 0.5150, sin39° ~ 0.6293, co0s39° ~ 0.7771

0.5150
1.384 {0.8572 T .0,6293} _ co.08
0.5150 '
0T 0.6293 ~ 0.4168 = sum in brackets ~ 0.8572 + 0.4168 = 1.2740

30.084 39.984
1.38V; - 1.2740 = 39.084 _ ~ ~[22.7m/s
38V1 - 1.2740 = 39.984 = Vi = 790 5010 ™ 181
Final Answer:
22.7m/s

(Incorrect. XX )

Problem 912 Molecular Atomic & Subatomic Physics (Multiple-choice)

Question (912). Hydrogen atoms feature energy levels as shown below.Which photon en-
ergy will not cause an electron to be excited or ionized in a ground state hydrogen atom?
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o ,,,,,,,,,,,,,,,,,,,,,,,,
-0.85 n=4
1.51 n=3
-3.40 n=2
s
©
~
o
H
w
13.6 n=1

Choices

A. 10.2eV.
B. 12.29¢V.
C. 12.75eV.
D. 15.0eV.

Difficulty: 1.
Correct Choice: B.

Solution

SOLUTION

Step 1: Given Information
Hydrogen atoms have discrete energy levels. The energy difference between the first level
(n = 1) and higher levels is calculated as follows:

E,=FE; — Fy =-34eV — (—13.6eV) = 10.2eV

Explanation: Ionization energy is the energy required to completely remove an electron from
an atom.
Step 2: Additional Energy Transitions

E,=FE;— F; =—-151eV —(—13.6eV) =12.09eV
E.=FE4— FE; =—-0.85eV — (—13.6eV) = 12.75eV
Ionization Energy:

Tonization energy = 0eV — (—13.6eV) = 13.6eV

The given energy of 15 eV is sufficient to ionize a hydrogen atom.
Answer

Correct Option: (b) 12.29 eV Choose B.

Model Answers (Actually correct):

Given: The energy levels for a hydrogen atom are:

E; = —13.6eV
Ey = —3.40eV
E; = —1.51eV
Ey= —0.85eV

A ground state hydrogen atom has its electron initially in n = 1. The electron can be:

» Excited to a higher energy level (e.g., fromn = 1ton = 2,3,4,...) if it absorbs
a photon with energy equal to the energy difference between levels.

* Jonized if it absorbs energy > 13.6eV, which brings it from E; = —13.6eV to
E=0.
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Allowed excitation transitions from n = 1:

Ei_,0=-3.40—(—13.6) = 10.2eV
Ei,3=-1.51—(-13.6) = 12.09eV
Ei,4=-0.85—(—13.6) = 12.75eV
Ionization energy:
Ei 0o =0—(—13.6) = 13.6eV
Now examine the options:
* A.10.2eV: matches 1 — 2
* B. 12.29 eV: not matching any allowed transition
* C.12.75eV: matches 1 — 4
* D. 15.0eV: sufficient for ionization

Correct Answer:

(Correct. \/ )

Problem 3297 Quantum Mechanics (Open-ended)

F L0 B R AU P & B A — 2K Born WERORITE o« SLAGSE R4 T A LA
g = |kFrime — k| (BIREBA/D) NWEBMEGT B HL, WESSHBSEE
& A/NER LYV BT ?

Difficulty: 2.
Correct Choice: C.

Correct Answer: (FEZ|TEKR ¢ FEUNBE T A, FIEISLAT Born FA 4 A EZ 5T
BARET qr < 7 BHE - AT IEZRETIIRGE REG R M, FEHEREZ /M L
PRE . IJHL/ LTS/ MEBINA r TR -

WHENEET, V() ~r" (ZFUXERE, TN THZEFEL) , WE:

f(0) = -2 / i TQV(T)Sm;f’")
plin Yok

. 2m ¢ 2 sin(qr) —(34n)
~ =2 [t @V =g

1 2m ™ sin x
= A {—712/0 dz 2°V () .
PR SEU B AT M, 1S
N

115
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Wi, NEELEN V TR0

V o p(N/2-3)

Model Answers (Correct): fEZ:
E—2% Born LT, FEMEBURNTRIE

f(@) o V(@) = / €TV (r) dOr

A do =~ 2
10~ F@P ~ V()"
A 2E o . .
o~ = V@I ~a" = Vi~
TR BT A, 2 V() ~q°, N
V(r)~rs3.
Hs=N/2, 15

V(r) ~r@O/2-3

BIZENERE (WNK @) &b, FOFE V() BFETH V() <r 33,
(Correct. \/ )

F DIFFICULTY AND SUB-DISCIPLINES EVALUATION

To delineate capability boundaries and identify characteristic failure modes across physics domains,
we report difficulty-stratified results within each sub-discipline; for illustration, figures present ac-
curacy (%) of selected models on Mechanics and Electromagnetism as a function of increasing
difficulty.

This expanded analysis yields two principal findings. First, performance declines consistently with
rising reasoning complexity across all models, corroborating the validity of our difficulty stratifica-
tion. Second, the magnitude of the difficulty-induced drop varies by sub-discipline; it is sharper in
Mechanics than in Electromagnetism, indicating nonuniform gaps in physical reasoning skills.

Table 9: Performance comparison across different models on Mechanics and Electromagnetism
tasks by difficulty levels (%).

Model D1 D2 D3 D4 D5
Mechanics
GPT-5 72.8 59.7 54.4 44.9 294
GPT-40 69.1 37.7 22.8 20.3 21.6
GPT-40-mini 49.4 28.6 28.1 13.0 19.6
Claude-3.5-Sonnet 50.6 36.4 12.3 24.6 15.7
Gemini2.5-Pro 65.4 429 40.4 31.9 19.6
Qwen2.5-VL-72B 70.4 45.5 21.1 18.8 13.7
Electromagnetism
GPT-5 86.5 57.9 45.8 45.7 43.9
GPT-40 78.4 50.0 27.1 304 17.5
GPT-40-mini 62.2 39.5 18.6 15.2 14.0
Claude-3.5-Sonnet 64.9 36.8 25.4 19.6 10.5
Gemini2.5-Pro 67.6 50.0 33.9 26.1 29.8
Qwen2.5-VL-72B 67.6 57.9 32.2 32.6 12.3
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G DATA INTEGRITY COMPARED RELATED BENCHMARKS

We assess potential overlap with existing physics benchmarks via near-duplicate detection based
on question-embedding similarity, using SemHash (van Dongen & Tulkens| [2025) with Potion-
Multilingual-128M as the embedding model. The intersection is minimal: 3 similar entries out of
3,000 for PhysX (Shen et al.l [2025a) and 4 similar entries out of 1,200 for PhysReason (Zhang
et al., 2025) under the 0.9 default similarity threshold. Moreover, UGPhysics (Xu et al.l |2025b) is
text-only and thus misaligned with the multimodal design of our benchmark, so it is not included in
systematic comparison.

H EXAMPLES OF SHORT, MEDIUM, AND LONG CAPTIONS

Electric Field Problem Example

Original Question:

Two point charges are positioned at opposite corners of a rectangle. A charge g; = +1nC is
located at the bottom-left corner, and a charge g = —2nC is located at the top-right corner.
The rectangle has dimensions of 2 cm (horizontal) by 1 cm (vertical). Calculate the electric
field at the top-left corner of the rectangle.

Long Caption:

This figure shows a rectangular arrangement of two point charges and a field evaluation
point. A positive charge g1 = +1nC sits at the bottom-left corner, and a negative charge
q2 = —2nC sits at the top-right corner. The black dot indicates the point at which the
electric field is to be calculated; it lies at the top-left corner of the rectangle.

The geometry is as follows: the vertical separation between ¢; and the dot is 7; = 1 cm, and
the horizontal separation between g2 and the dot is 7o = 2 cm. These distances determine the
magnitudes of the individual electric field contributions through the relation E = k|q|/r?,
where k = 9 x 10N - m?/C?.

Because electric fields from positive charges point away from the source, the field produced
by ¢; at the dot is directed upward. The field produced by the negative charge g, points to-
ward that charge and therefore lies horizontally to the right. Computing the net field requires
vector addition of these perpendicular contributions, making the geometry and charge signs
essential elements of the setup.

Medium Caption:

The image shows a rectangular setup with a +1 nC charge at the bottom left and a —2nC
charge at the top right, with dimensions of 2cm by 1cm. The point of interest is at the
top left corner, where the electric field is calculated using Coulomb’s law by determining the
vector sum of the fields from both charges. This scenario highlights the importance of charge
magnitude, distance, and vector addition in electrostatics.

Short Caption:
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The image shows a rectangular setup with a +1nC charge at the bottom left and a —2nC
charge at the top right, focusing on the electric field at the top left corner.

I THE USE OF LARGE LANGUAGE MODELS

Large language models (LLMs) were used solely as auxiliary tools to assist grammar checking, and
formatting adjustments.
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