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Abstract

Scientific reasoning is a key aspect of human
intelligence, requiring the integration of mul-
timodal inputs, domain expertise, and multi-
step inference across various subjects. Exist-
ing benchmarks for multimodal large language
models (MLLMs) often fail to capture the com-
plexity and traceability of reasoning processes
necessary for rigorous evaluation. To fill
this gap, we introduce SciVQR, a multimodal
benchmark covering 54 subfields in mathe-
matics, physics, chemistry, geography, astron-
omy, and biology. SciVQR includes domain-
specific visuals, such as equations, charts, and
diagrams, and challenges models to combine
visual comprehension with reasoning. The
tasks range from basic factual recall to com-
plex, multi-step inferences, with 46% includ-
ing expert-authored solutions. SciVQR not
only evaluates final answers but also examines
the reasoning process, providing insights into
how models reach their conclusions. Our eval-
uation of leading MLLMs, including both pro-
prietary and open-source models, reveals sig-
nificant limitations in handling complex multi-
modal reasoning tasks, underscoring the need
for improved multi-step reasoning and better
integration of interdisciplinary knowledge in
advancing MLLMs toward true scientific intel-
ligence. The dataset and evaluation code are
publicly available at https://github.com/
CASIA-IVA-Lab/SciVQR.

1 Introduction

The rapid advancement of large-scale models,
particularly multimodal large language models
(MLLMs) (Li et al., 2025; Zhu et al., 2024; Trinh
et al., 2024), has brought us closer to achieving
human-level intelligence, capable of processing
and reasoning across diverse modalities such as
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text and images. Among human cognitive abilities,
scientific reasoning is particularly crucial: analyz-
ing multimodal cues, performing multi-step infer-
ence, integrating domain knowledge, and drawing
systematic conclusions across diverse scientific
fields. Despite advances in natural language under-
standing, current models still struggle with tasks
requiring deep, structured reasoning grounded in
multimodal scientific content. To rigorously as-
sess progress in this direction, it is essential to
benchmark MLLMs on their ability to perform sci-
entific reasoning involving diverse subjects, multi-
modal inputs, and challenging multi-step reason-
ing.

We highlight three principles necessary for such
evaluation:

(1) Disciplinary coverage: Scientific reason-
ing spans far beyond a few canonical subjects like
physics or mathematics. A truly comprehensive
benchmark should cover a broad range of scien-
tific domains, reflecting the diversity of real-world
knowledge.

(2) Difficulty diversity: A well-designed
benchmark should cover a wide spectrum of dif-
ficulty levels, ranging from basic factual or con-
ceptual reasoning to college- and graduate-level,
multi-hop inference. This enables more nuanced
evaluation across different reasoning depths and
helps prevent performance saturation at either end
of the spectrum.

(3) Solution traceability: Evaluating only
the final answer is insufficient for understanding
a model’s reasoning capabilities. Benchmarks
should include key intermediate solution steps to
enable fine-grained analysis of reasoning fidelity
and structure.

While existing benchmarks address parts of this
challenge, none cover all dimensions. For exam-
ple, MMMU (Yue et al., 2024a) spans multiple
subjects but lacks difficulty diversity and reason-
ing traces. ScienceQA (Lu et al., 2022) includes
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solution steps but is limited to K-12 content with
shallow reasoning. OmniMath (Gao et al., 2025)
targets advanced mathematical reasoning but is
narrow in scope and monolingual.

As a result, there remains a clear gap in
benchmarking the emerging scientific capabili-
ties of next-generation MLLMs, which requires
disciplinary breadth, reasoning depth, and cross-
linguistic generalization.

To bridge this gap, we introduce SciVQR, a
comprehensive multimodal benchmark for scien-
tific reasoning in MLLMs. Covering 54 sub-
fields across 6 core scientific domains (mathemat-
ics, physics, chemistry, geography, astronomy, and
biology), SciVQR ensures broad disciplinary rep-
resentation. Figure 1 illustrates sampled questions
from each subject.

The questions are sourced from high school,
college, and graduate-level exams, quizzes, text-
books, and competitions, and span a wide range of
difficulty levels (easy, medium, and hard). Many
require advanced, multi-step reasoning, such as
solving differential equations or interpreting com-
plex molecular structures. Notably, 46% of the
questions are accompanied by detailed, expert-
authored solution traces to support precise reason-
ing evaluation. SciVQR also incorporates diverse
scientific image formats, such as equations, charts,
chemical structures, geological diagrams, and bi-
ological illustrations. It is developed through
a rigorous, multi-stage quality assurance process
involving both human experts and LLM assis-
tance. SciVQR challenges models to integrate
fine-grained visual understanding, deep subject
knowledge, and sophisticated reasoning, thereby
setting a new standard for scientific multimodal
evaluation in MLLMs.

We evaluate a series of open-source and ad-
vanced proprietary MLLMs, including GPT-40
(Hurst et al., 2024) and ol (Jaech et al., 2024), on
SciVQR. Our key findings are summarized as fol-
lows:

* Narrowing gap between proprietary and
open-source models: While there remains a
substantial performance gap between propri-
etary models and open-source models, lead-
ing open-source models like Qwen2.5-VL-72B
(Bai et al., 2025) (61.8%) and the reasoning-
optimized MiMo-VL-7B (Xia et al., 2025)
(69.2%) have started to close the gap, even sur-
passing non-reasoning proprietary models such

as GPT-40 (Hurst et al., 2024) (60.7%).

* Disciplinary performance differences: Mod-
els perform significantly worse in mathemat-
ics and physics due to the greater emphasis
on quantitative analysis and reasoning. In
contrast, subjects like biology and geography,
which rely more on textual understanding and
knowledge, see relatively better performance.

¢ Reasoning optimization leads to better per-
formance: Reasoning-optimized models such
as ol (Jaech et al., 2024) (77.2%), o4-mini
(OpenAl, 2024) (79.3%), and MiMo-VL (Xia
et al., 2025) (69.2%) substantially outperform
non-reasoning models like GPT-4o0 (Hurst
et al., 2024) (60.7%), with marked improve-
ments across all subjects. Notably, mathemat-
ics and physics scores experience the greatest
boost, underscoring the importance of reason-
ing capabilities.

* Reasoning optimization improves reason-
ing traces: Our CoT evaluations reveal that
reasoning-optimized models tend to generate
more faithful, complete, and structured rea-
soning traces. This suggests that optimizing
for step-by-step reasoning, rather than relying
solely on instruction tuning, is crucial for im-
proving scientific inference performance.

Our findings emphasize that achieving true mul-
timodal scientific reasoning requires deeper multi-
step inference and the integration of diverse knowl-
edge across subjects.

2 Related Work

2.1 Multimodal Large Language Models

The development of MLLMs (Liu et al., 2023; Li
et al., 2025, 2023a; Wang et al., 2024b; Bai et al.,
2025; Liu et al., 2025a, 2024b; Wu et al., 2024)
builds on advances in multimodal learning and the
success of LLMs (Achiam et al., 2023; Yang et al.,
2024; Liu et al., 2024a). Early vision-language
frameworks established the foundation for mod-
ern systems, which now combine strong vision en-
coders with LL.Ms to handle diverse visual inputs.
Open-source initiatives and scalable training, in-
cluding visual instruction tuning (Liu et al., 2023)
and synthetic data generation (Zhang et al., 2025;
Maaz et al., 2024), have improved adaptability and
generalization. While closed-source models like
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Figure 1: Sampled SciVQR examples from each subject. To solve the questions, the models need strong multi-

modal reasoning capabilities.

GPT-40 (Hurst et al., 2024) show strong visual rea-
soning, open-source models such as LLaVA (Liu
et al., 2023), MiniGPT-4 (Zhu et al., 2024), and
Qwen2-VL (Wang et al., 2024b) advance progress
by refining architectures, expanding datasets, and
broadening applications.

Reasoning capabilities of MLLMs have evolved
alongside text-based LLMs (Wei et al., 2022; Guo
et al., 2025). Though once criticized as mere to-
ken predictors (Huang and Chang, 2023), LLMs
now demonstrate skill in logic (Xin et al., 2025),
problem-solving (Rein et al., 2024), and code
generation (Hui et al., 2024). This has spurred
multimodal reasoning research, with methods like
Visual-RFT (Liu et al., 2025b), VLM-R1 (Shen
et al., 2025), and Vision-R1 (Huang et al., 2026),
emphasizing perception-reasoning integration for
complex visual tasks.

2.2 Multimodal Reasoning Evaluation

Evaluation of multimodal systems has progressed
from early benchmarks such as VQA (Antol et al.,
2015) and MSCOCO (Lin et al., 2014), which
tested perception and alignment, to more compre-
hensive ones. Recent benchmarks like POPE (Li
et al.,, 2023b), LAMM (Yin et al., 2023), MM-
Bench (Xu et al., 2023), and SEED (Li et al., 2024)

expand coverage to hallucination detection, cross-
modal reasoning, and real-world simulation. They
assess capabilities from low-level recognition to
high-level contextual understanding, reflecting in-
creasing model complexity.

For reasoning-specific evaluation, targeted
benchmarks focus on scientific and mathemati-
cal reasoning. MathVista (Lu et al., 2024) and
OlympiadBench (He et al., 2024) integrate dia-
grams, equations, and domain knowledge. Math-
Verse (Zhang et al., 2024) removes textual redun-
dancy in visual problems to test pure graphical
reasoning. MMMU-Pro (Yue et al., 2024b) fur-
ther introduces filtered protocols, vision-only set-
tings, and adversarial questions to avoid text short-
cuts. These works mark a shift toward inseparable
modality fusion, where visual analysis and itera-
tive reasoning are essential.

Despite these advances, none provide a compre-
hensive evaluation of scientific reasoning. Many
focus on perception or commonsense reasoning,
while domain-specific ones face limitations. Some
target only K-12 content with shallow reason-
ing (e.g., ScienceQA (Lu et al., 2022)), while
others (e.g., EMMA (Hao et al., 2025)) restrict
themselves to mathematics, physics, and chem-
istry, missing broader scientific knowledge. Most
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benchmarks also provide only final answers, with-
out step-by-step solutions needed to assess reason-
ing fidelity.

3 The SciVQR Benchmark

3.1 Overview of SciVQR

We present SciVQR, a carefully curated bench-
mark developed to assess the multimodal scientific
reasoning capabilities of foundation models across
a diverse set of visually grounded scientific tasks.
As shown in Figure 2, SciVQR covers 6 scientific
subjects, including mathematics, physics, chem-
istry, astronomy, geography, and biology, and each
subject contains various specialized subfields. The
questions in our benchmark were manually col-
lected from different academic competitions, col-
lege and graduate-level exam sets, and college
textbooks. We categorize all questions into easy,
medium, and hard levels with reference to their
original source materials.

3.2 Data Curation Process

Data Collection: Our benchmark is built in two
stages. First, we collect competitions, graduate ex-
ams, college exams, and textbooks across multi-
ple subjects, prioritizing resources rich in images
to ensure sufficient visual questions. This yields
15 scientific competitions, 9 college entrance ex-
ams, and 6 college or graduate-level exams and
textbooks from different countries. In the second
stage, we recruit over 20 postgraduates to anno-
tate the questions, following copyright and licens-
ing rules to exclude restricted sources. All anno-
tators receive fair compensation based on the lo-
cal competitive hourly rate. To mitigate data con-
tamination and language priors, we select ques-
tions where visual information is indispensable
rather than auxiliary. Annotators capture screen-
shots of visual questions, then extract text using
the Mathpix OCR API. All images are standard-
ized to PNG format, and since each image natu-
rally aligns with one question, we obtain one-to-
one image-question pairs. This process produces
a diverse pool of S5k questions.

Data Quality Control: To ensure the quality of
the collected data, we use a web-based tool to fil-
ter the annotated questions. In the first stage, we
exclude samples with low-resolution or incorrect
images, and verify the correctness of the textual
content, ensuring that all examples conform to the
required quality standards. In the second stage,

we use lexical overlap and Levenshtein distance
to identify and remove duplicate problems. After
these steps, we obtain the final 3,254 science-VQA
instances for our benchmark. In the third stage,
we categorize the problems of different subjects
into different subfields. We first provide a prede-
fined list of possible subfields to GPT-4V (Ope-
nAl, 2023), prompting the model to assign an ini-
tial subfield category to each question. We then
carefully review and correct these preliminary la-
bels. Subsequently, we assign a difficulty level to
each question, guided by its original source mate-
rial. Across all these stages, we perform iterative
manual verification and consistency checks to en-
sure the reliability of the final annotations.

3.3 Data Analysis

Statistic Number
Total questions 3,254
- Multiple-choice questions 2,545 (78.2%)
- Free-form questions 709 (21.8%)

1490 (45.8%)
2661 (81.8%)

- Questions with an explanation

English questions

Chinese questions 593 (18.2%)
Subjects 6
Subfields 54
Difficulty levels 3
Maximum question length 495
Average question length 77.2
Maximum explanation length 782
Average explanation length 102.4

Table 1: Main statistics in SciVQR.

Key Statistics. Table 1 summarizes the main
statistics of SciVQR. The dataset contains 3,254
questions, balancing complexity and practicality
with both structured and unstructured formats.
Specifically, 78.2% of the questions are multiple-
choice, offering a controlled evaluation setting,
while the remaining 21.8% are free-form, encour-
aging open-ended reasoning and expression. No-
tably, 45.8% of all questions include explanations,
offering insights into reasoning processes that can
support interpretability and educational analysis.
In terms of language distribution, 81.8% of the
questions are in English and 18.2% in Chinese,
enabling multilingual research. Question lengths
can reach up to 495 words with an average of
77.2 words, reflecting the diversity and richness
of the dataset. Explanations average 102.4 words
and can extend up to 782 words, providing both
concise justifications and detailed elaborations de-
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Figure 2: Domain diversity in SciVQR. Each color corresponds to one subject: mathematics, physics, chemistry,
biology, astronomy, geography. Each subject consists of diverse subfields.

pending on context. In addition, the dataset in-
cludes 997 easy, 1,240 medium, and 1,017 hard
questions, ensuring a balanced difficulty distribu-
tion.

Domain Diversity. Each question belongs to
one of six subjects: mathematics, physics, chem-
istry, astronomy, geography, and biology. Within
each subject, questions are categorized into fine-
grained types (e.g., Arithmetic, Logic, Optics,
Cosmology). SciVQR covers 6 subjects and 54
categories. The treemap in Figure 2 visualizes this
distribution, showing that questions span a wide
and diverse range of scientific domains.

3.4 Comparisons with Existing Benchmarks

To advance beyond existing limitations, SciVQR
introduces critical innovations across four dimen-
sions, as shown in Table 2. In disciplinary cov-
erage, we encompass 6 subjects and 54 subfields
across scientific domains, offering broader cover-
age compared to existing benchmarks such as Sci-
enceQA (5 subjects, 41 subfields) and MMMU
(5 subjects, 39 subfields). In difficulty design,
we establish a multi-tiered structure ranging from
high school to graduate-level multi-hop reasoning,
avoiding the saturation of datasets restricted to K-
12 or college levels. In reasoning transparency,
we pioneer stepwise solution annotations that trace
intermediate reasoning steps. This enables fine-
grained evaluation of CoT reasoning across mul-
tiple dimensions (faithfulness, informativeness, re-
dundancy, hallucination, and missing steps), mov-
ing far beyond prevalent answer-only assessments.
In linguistic inclusivity, we support dual-language
(English/Chinese) evaluation to mitigate mono-
lingual bias and enable cross-lingual reasoning

studies, whereas benchmarks like ScienceQA and
MMMU are limited to English only. Together,
these features promote genuine multimodal rea-
soning and set a new standard for comprehensive
scientific evaluation.

4 Experiments

4.1 Experimental Setup

Baselines. We selected representative multi-
modal large language models as baselines for the
SciVQR benchmark, listed below.

Open-source models: These include Qwen2.5-
VL-72B (Bai et al., 2025), LLaVA-OneVision-7B
(Li et al., 2025), LLaVA-NeXT-7B (Liu et al.,
2024c), InternVL3-8B (Zhu et al., 2025), and
MiMo-VL-7B-RL-2508 (Xia et al., 2025), among
others. These models represent the state-of-the-art
in publicly available multimodal LLMs across var-
ious parameter scales and training strategies, of-
fering a broad view of open-source capabilities in
scientific visual question answering.

Proprietary models:  These include GPT-
40 (Hurst et al.,, 2024), ol (Jaech et al.,
2024), o4-mini (OpenAl, 2024), and Gemini-
2.5-Flash (gemini-2.5-flash-preview-04-17) (Anil
et al., 2023). Compared to open-source models,
these proprietary models typically show stronger
cross-modal understanding and reasoning capabil-
ities, reflecting the latest advances in multimodal
reasoning. Models such as ol and o4-mini are
optimized for complex reasoning tasks with tar-
geted training strategies, while Gemini-2.5-Flash
supports both reasoning-enabled and reasoning-
disabled modes. We used the reasoning-enabled
mode in our evaluation.

All models were evaluated under a zero-shot
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Name #Q #1 AvgQ AvgS #Subjects #Subfields Level Lang
ScienceQA(Lu et al., 2022) 21,208 10,332 12.1 47.7 5 41 K-12 en
MathVista(Lu et al., 2024) 6,141 5,487 15.6 - 12 K-12, college en
MATH-V(Wang et al., 2024a) 3,040 3,472 423 - 1 16 K-12, college en
MMMU(Yue et al., 2024a) 11,550 11,264 59.3 108.0 5 39 college en
EMMA (Hao et al., 2025) 2,788 2,599 - - 3 14 K-12, college en
SciVQR (Ours) 3,254 3,254 772 1024 6 54 high school, college, graduate en, zh

Table 2: Statistics for SciVQR and comparisons with existing datasets. #Q: number of questions, #I: number of
images, AvgQ: average question length; AvgS: average solution length. #Subjects: number of scientific subjects.
#Subfields: number of subfields across different scientific subjects.

Models Math Physics Chemistry Biology Geography Astronomy Overall
Open-source Models

LLaVA-NeXT-7B (Liu et al., 2024c¢) 8.0 12.6 14.1 28.9 24.2 29.0 19.5
LLaVA-OneVision-7B (Li et al., 2025) 21.9 21.0 24.6 40.6 49.2 37.5 325
MiniCPM-0-2.6-8B (Yao et al., 2024) 26.8 23.0 22.7 353 38.1 27.0 28.8
Molmo-7B-D-0924 (Deitke et al., 2025) 20.3 19.9 234 38.1 41.8 35.0 29.8
InternVL3-8B-Instruct (Zhu et al., 2025) 36.4 30.9 38.4 50.3 52.9 52.5 43.6
InternVL3-14B-Instruct (Zhu et al., 2025) 36.9 39.2 49.6 57.2 60.7 55.5 49.9
InternVL3-78B-Instruct (Zhu et al., 2025) 47.7 46.7 52.0 60.6 57.0 57.5 53.6
Qwen2.5-VL-7B-Instruct (Bai et al., 2025) 354 324 432 55.8 55.1 48.0 45.0
Qwen2.5-VL-72B-Instruct (Bai et al., 2025)  54.3 51.8 66.6 65.3 70.3 62.5 61.8
Keye-VL-1.5-8B (Yang et al., 2025) 61.1 55.2 53.9 62.2 64.4 61.5 59.7
MiMo-VL-7B-RL-2508 (Xia et al., 2025) 65.5 67.5 74.7 71.1 70.6 66.0 69.2
Proprietary Models

GPT-40 (Hurst et al., 2024) 474 50.3 60.1 72.2 67.8 66.5 60.7
ol (Jaech et al., 2024) 79.2 73.0 79.5 80.6 76.2 74.5 77.2
04-mini (OpenAl, 2024) 84.5 71.7 85.4 80.8 76.5 71.0 79.3
Gemini-2.5-Flash (Anil et al., 2023) 83.2 78.1 87.6 78.6 76.2 72.0 79.3

Table 3: Comparison of model performances across various subjects. The best-performing model in each category

is highlighted in bold.

setting to assess their ability to answer questions
without fine-tuning or few-shot examples.

For prompting, we designed two formats: one
presenting direct questions, and another incorpo-
rating CoT reasoning to study its effect on under-
standing and inference. Results in Table 3 are re-
ported under the CoT setting. In Section 4.3, we
further investigate the impact of CoT prompting
by comparing model performance with and with-
out CoT prompts. The corresponding prompt tem-
plates are provided in Appendix C.

All experiments were conducted on an internal
computing cluster equipped with NVIDIA A800
GPUs.

4.2 Overall Results

Table 3 presents the performance of various mul-
timodal large language models on the SciVQR
benchmark across different scientific subjects.
Comparison between proprietary and open-
source models: Proprietary models markedly sur-
pass open-source models in overall accuracy. GPT-
40, o1, o4-mini, and Gemini-2.5-Flash all achieve

accuracy rates above 60%, with o4-mini and
Gemini-2.5-Flash achieving the highest overall
score of 79.3%. In contrast, among open-source
models, Qwen2.5-VL-72B ranks highest (61.8%).
Although reasoning-oriented models such as Keye-
VL-1.5-8B (59.7%) and MiMo-VL-7B-RL-2508
(69.2%) show clear improvements over previous
open-source baselines, their performance still lags
notably behind proprietary reasoning models, sug-
gesting that closed-source reasoning optimization
remains more advanced. Lightweight models such
as LLaVA-NeXT-7B and LLaVA-OneVision-7B
remain below 40%, indicating their limitations in
complex scientific reasoning.

Importance of reasoning capability: Mod-
els with strong reasoning ability such as ol and
o4-mini achieve the best results across all sub-
jects (77.2% and 79.3%), demonstrating that sci-
entific problem-solving requires not only percep-
tion but also multi-step reasoning. The strong per-
formance of MiMo-VL-7B-RL-2508 among open-
source models further confirms that reasoning op-
timization, rather than scale, is key to fidelity
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Models ‘ CoT ‘ Math Physics Chemistry Astronomy Geography Biology | Overall
X 34.1 32.7 39.9 514 58.8 51.0 44.7
InternVL3-8B-Instruct (Zhu et al., 2025) v 36.4 30.9 384 50.3 52.9 52.5 43.6
+2.3 -1.8 -1.5 -1.1 -5.9 +1.5 -1.1
X 39.2 424 554 62.2 67.5 56.5 53.9
Qwen2.5-VL-72B-Instruct (Bai et al., 2025) v 54.3 51.8 66.6 65.3 70.3 62.5 61.8
+15.1 +9.4 +11.2 +3.1 +2.8 +6.0 +7.9
X 33.9 42.6 52.5 68.9 68.1 61.5 54.6
GPT-40 (Hurst et al., 2024) v 474 50.3 60.1 72.2 67.8 66.5 60.7
+13.5 +7.7 +7.6 +3.3 -0.3 +5.0 +6.1
X 29.9 31.3 42.0 52.5 59.1 45.5 434
Keye-VL-1.5-8B (Yang et al., 2025) v 61.1 55.2 53.9 62.2 64.4 61.5 59.7
+31.2 +24.1 +11.9 +9.7 +5.3 +16.0 +16.3

Table 4: Influence of CoT on model performances across various subjects. For Keye-VL-1.5-8B, “CoT on/off”
corresponds to enabling or disabling its internal reasoning mode.

Models Easy Medium Hard
Open-source Models

LLaVA-OneVision-7B 40.1 25.2 18.8
InternVL3-8B-Instruct 59.3 37.6 22.6
InternVL3-14B-Instruct 65.1 43.0 27.2
InternVL3-78B-Instruct 70.0 50.0 33.5
Qwen2.5-VL-7B-Instruct 51.6 39.8 31.2
Qwen2.5-VL-72B-Instruct ~ 75.1 58.2 42.9
Keye-VL-1.5-8B 73.4 59.1 45.6
MiMo-VL-7B-RL-2508 79.7 69.7 55.4
Proprietary Models

GPT-40 69.4 53.5 44.8
ol 87.0 77.4 67.8
04-mini 89.0 82.0 72.0
Gemini-2.5-Flash 89.4 81.5 71.1

Table 5: Results across questions of different difficulty
levels.

and completeness. The superior performance of
reasoning-oriented models highlights the impor-
tance of explicit reasoning mechanisms in multi-
modal model design for handling complex and ab-
stract scientific tasks.

Performance trends across subjects: Model
performance varies notably across subjects. Math-
ematics and physics remain most challenging, es-
pecially for open-source models, due to intensive
reasoning and computation requirements. By con-
trast, biology and geography rely more on con-
ceptual understanding. Models enhanced for rea-
soning exhibit more consistent performance across
subjects. For example, o4-mini achieves over 70%
accuracy in all subject areas.

Performance across questions of different dif-
ficulty levels: As shown in Table 5, all models
perform best on easy questions and worst on hard
ones, confirming the dataset’s valid difficulty strat-

ification. Open-source models consistently lag be-
hind proprietary ones across all levels, and the
performance gap further increases with question
difficulty. This indicates that while reasoning-
optimized models such as 04-mini and Gemini-
2.5-Flash demonstrate strong robustness, open-
source models still face substantial challenges in
complex multi-step reasoning tasks. Additional
analyses on language balance and resampling sta-
bility are provided in Appendices A and B, respec-
tively.

4.3 Does CoT Help in Answering SciVQR
Questions?

Table 4 compares model performance under two
prompting settings: with and without CoT prompt-
ing.

For most models, CoT prompting leads to clear
improvements. For example, Qwen2.5-VL-72B
gains +7.9% overall, with substantial boosts in
mathematics (+15.1%) and chemistry (+11.2%).
Similarly, GPT-40 benefits from CoT prompt-
ing, showing a +6.1% overall increase, with no-
table gains in mathematics (+13.5%) and physics
(+7.7%). These results indicate that CoT prompt-
ing can substantially assist models in solving
multi-step reasoning and structured scientific prob-
lems.

For the reasoning-specialized Keye-VL-1.5-8B,
disabling its built-in reasoning mode causes a sub-
stantial performance drop (—16.3% overall), es-
pecially in mathematics (—31.2%) and physics
(—24.1%). This degradation reflects the model’s
strong reliance on CoT-style reasoning, as it is pri-
marily trained under such paradigms.

However, CoT prompting does not always bring
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Models

Faithful Informative Redundancy Hallucination Missing Overall

Open-source Models

LLaVA-NeXT-7B (Liu et al., 2024c¢) 2.7 39 5.6 3.1 2.7 3.6
Qwen2.5-VL-7B-Instruct (Bai et al., 2025) 33 4.1 7.2 3.9 34 4.4
Qwen2.5-VL-72B-Instruct (Bai et al., 2025) 4.4 5.2 6.8 5.1 4.6 5.2
Keye-VL-1.5-8B (Yang et al., 2025) 5.5 6.2 43 5.5 5.5 54
MiMo-VL-7B-RL-2508 (Xia et al., 2025) 6.0 6.4 3.6 6.1 6.0 5.6
Proprietary Models

GPT-40 (Hurst et al., 2024) 54 6.1 7.8 6.1 5.6 6.2
ol (Jaech et al., 2024) 6.5 7.0 8.6 7.3 6.6 7.2
o4-mini (OpenAl, 2024) 71 7.5 8.6 7.8 7.3 7.7
Gemini-2.5-Flash (Anil et al., 2023) 6.2 6.7 7.3 6.9 6.4 6.8

Table 6: Results of reasoning quality evaluation.

benefits.  InternVL3-8B shows a slight drop
(—1.1%) after applying CoT, suggesting limita-
tions in following complex instruction formats
or maintaining concise, well-structured responses.
The generation of verbose or off-format responses
may hinder the intended benefits of CoT reason-
ing.

In summary, CoT prompting generally en-
hances reasoning for models with strong instruc-
tion adherence, while exposing weaknesses in
those lacking such capability. These results un-
derscore the importance of robust instruction-
following capabilities as a key factor in determin-
ing the effectiveness of reasoning-oriented prompt-
ing strategies.

4.4 Reasoning Quality Evaluation

To systematically evaluate the quality of model-
generated reasoning, we adopt a structured rubric
assessing five core dimensions of CoT quality:
Faithfulness, Informativeness, Redundancy, Hallu-
cination, and Missing Steps:

¢ Faithfulness: Measures alignment between
the model’s reasoning steps and the ground-
truth solution trace.

* Informativeness: Assesses how much rele-
vant and critical information is preserved in the
model’s reasoning.

* Redundancy: Evaluates whether reasoning
steps are unnecessarily repeated or rephrased
without contributing to the logic.

¢ Hallucination: Detects fabricated or irrelevant
reasoning steps unsupported by the problem
context or solution.

* Missing Steps: Identifies whether essential in-

termediate steps are omitted, affecting the com-
pleteness of reasoning.

Each dimension is rated on a 10-point scale, and
an overall score is computed by averaging the sub-
scores. The rubric aligns with human evaluation
standards, focusing on step-level fidelity and in-
formativeness rather than final-answer correctness.
We employ GPT-40 as an automated judge to com-
pare model-generated CoTs with expert-authored
solutions on a diverse SciVQR subset (see Ap-
pendix C.3 for detailed evaluation prompts).

As shown in Table 6, reasoning-optimized
models such as o4-mini (7.7) and ol (7.2) sub-
stantially outperform instruction-tuned models
like Qwen2.5-VL-72B (5.2) and Qwen2.5-VL-7B
(4.4) across all dimensions. For example, 04-
mini exceeds Qwen2.5-VL-72B by +2.5 overall,
demonstrating stronger faithfulness, completeness,
and groundedness of reasoning. In contrast, scal-
ing Qwen2.5-VL from 7B to 72B yields only a
marginal +0.8 improvement despite a tenfold pa-
rameter increase.

Notably, the reasoning-finetuned open-source
model MiMo-VL-7B-RL-2508 achieves 5.6 over-
all, surpassing both Qwen2.5-VL variants despite
its smaller scale, which highlights that reasoning
optimization, not size, drives better CoT quality.
Nevertheless, a clear gap remains between open-
source and proprietary systems: although MiMo-
VL-7B-RL-2508 attains higher task accuracy than
GPT-40, its reasoning is more verbose and repeti-
tive, lowering conciseness and quality. These find-
ings underline the continued advantage of propri-
etary models in producing coherent, faithful rea-
soning traces.
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5 Conclusion

The introduction of SciVQR represents a sig-
nificant advancement in evaluating the scien-
tific reasoning capabilities of MLLMs. By en-
compassing a broad range of scientific subjects,
domain-specific visuals, and expert-authored so-
lution traces, SciVQR not only assesses final an-
swers but also scrutinizes the reasoning processes
behind them. This unique design provides deeper
insight into how models arrive at their conclusions,
offering a clearer understanding of the structure
and quality of their reasoning.

We contend that strong performance on
SciVQR, particularly in solution traceability,
should be a critical criterion for evaluating the sci-
entific reasoning capabilities of MLLMs. There-
fore, SciVQR will play a pivotal role in advancing
multimodal scientific intelligence, driving models
toward more transparent, structured, and sophisti-
cated reasoning.

Limitations

While SciVQR provides a comprehensive and
challenging framework, it does have limitations,
including potential biases in the manual curation
process and the inherent challenges of capturing
the full complexity of scientific reasoning. More-
over, the reliance on expert-authored solutions
might introduce subjective factors that could affect
the evaluation.

These limitations highlight areas for improve-
ment in future iterations of SciVQR, where ad-
dressing biases and ensuring a more objective and
comprehensive evaluation framework will be es-
sential to enhance its utility and accuracy.
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A Language Distribution Analysis

To assess the potential impact of language dis-
tribution on model evaluation, we conducted a
language-specific performance analysis. Table 7
shows the accuracy of selected models on the En-
glish and Chinese subsets of SciVQR.

Model English (%) Chinese (%)
LLaVA-NeXT-7B 16.4 9.1
MiniCPM-0-2.6-8B 29.3 19.1
InternVL3-14B-Instruct 45.7 40.8
GPT-40 57.9 45.7
Qwen2.5-VL-72B-Instruct 59.6 54.1
ol 79.2 69.1
04-mini 83.0 72.2
Gemini-2.5-Flash 81.5 76.9

Table 7: Accuracy of selected models on English and
Chinese subsets of SciVQR.

The results reveal that most multilingual models
exhibit consistent performance trends across both
languages. For most models, accuracy on English
questions is slightly higher than on Chinese ones.
This pattern may arise from differences in the mod-
els’ multilingual training coverage or optimization,
as many models have stronger English capabilities
due to larger and more diverse English pretraining
corpora.

B Robustness under Subsampling and
Bootstrapping

To test evaluation stability, we conducted subsam-
pling and bootstrapping analysis (100 trials each).
Table 8 shows that standard deviations do not ex-
ceed 1.33%, confirming the robustness of the eval-
uation.

Model Subsample (%) Bootstrap (%)
LLaVA-NeXT-7B 0.78 0.63
MiniCPM-0-2.6-8B 1.10 0.78
InternVL3-14B-Instruct 1.33 0.87
Qwen2.5-VL-72B-Instruct 1.22 0.84
GPT-40 1.24 0.89
ol 1.05 0.73
04-mini 1.03 0.69
Gemini-2.5-Flash 0.95 0.68

Table 8: Standard deviations of model accuracy under
subsampling and bootstrapping. “Subsample” refers to
the standard deviation of model accuracy under sub-
sampling, and “Bootstrap” refers to the standard devia-
tion under bootstrapping.

C Prompt Templates

C.1 Prompt for Response Generation

The prompt for response generation is as follows:

System Prompt used for Response Gen-
eration with CoT

Please solve the problem step by
step and put your answer in one
boxed{}". If it is a multiple
choice question, only one letter
is allowed in the "boxed{}"
{question}

{options}

"

System Prompt used for Response Gen-
eration without CoT

I r
\

Answer the question directly
without explanations or reasoning
and put your answer in one "boxed
{}". If it is a multiple choice
question, only one letter is
allowed in the "boxed{}"
{question}

{options}

\

C.2 Prompt for Evaluating Open Questions

The prompt for open questions evaluation is as fol-
lows:

System Prompt used for Open Questions
Evaluation

You are given a response from a
model and the correct answer. Your
task is to determine if the model
's response is correct. You should
only return 'true' if the
response matches the answer. If
the answer is a floating-point
number greater than 1, when it is
represented in scientific notation
, a difference of up to 0.1 is
allowed. Otherwise, return 'false
Response: {example['response']}
Correct Answer: {example['answer
"1}
Is the response correct? (true/
false)

\. J

C.3 Prompt for Evaluating Reasoning
Quality

The prompt for reasoning quality evaluation is as
follows:
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System Prompt used for Reasoning

System Prompt used for Reasoning

Quality Evaluation (Part 1)

You are a reasoning evaluator
tasked with analyzing the
alignment, clarity, and
completeness of reasoning steps in
generated text. Your role is to
assess the reasoning path between
the ground truth and the LLM-
generated response based on the
criteria below:

**x Faithfulness (1-10) :*x%

Description: Assesses how closely
the LLM's reasoning steps reflect
those in the source (ground truth)

Scoring Guide:
9-10: Reasoning steps almost
entirely mirror the original.
7-8: Most reasoning is aligned
, with only minor deviations.
5-6: Partial alignment, but
several key differences or
omissions.
3-4: Few reasoning elements
match; many are missing or
incorrect.
1-2: Majority of reasoning
does not correspond to the
source.

**x Repetition and Redundancy
(1-10) :*x
Description: Evaluates repeated or
unnecessary reasoning, including
paraphrased points that do not add
substance.
Scoring Guide:
9-10: No or minimal redundant
content.
7-8: Slight repetition that
does not hinder comprehension.
5-6: Noticeable redundancy
without meaningful
contribution.
3-4: Frequent repetition that
disrupts the logical flow.
1-2: Excessive and disruptive
duplication of reasoning steps

**x Informativeness (1-10) :*%
Description: Measures whether the
reasoning includes all essential
details derived from the source.
Scoring Guide:
9-10: Nearly all important
information is captured and
accurately conveyed.
7-8: Most major points are
included; only minor items are
overlooked.
5-6: Some significant pieces
of information are lacking or
underdeveloped.

Quality Evaluation (Part 2)

3-4: Many critical points are

missing.

1-2: Very poor coverage of key
information.

*%x Hallucination (1-10) :*x%*
Description: Identifies reasoning
steps that are fabricated or
unsupported by the source material

Scoring Guide:
9-10: All reasoning is well-
grounded in the original
content.
7-8: One or two minor
hallucinations are present.
5-6: Several steps introduce
irrelevant or false
information.
3-4: Many hallucinated steps,
with partial grounding.
1-2: Reasoning is largely
based on invented content.

*%x Missing Step (1-10) :*%
Description: Checks whether any
necessary components of the
reasoning chain are absent.
Scoring Guide:
9-10: No critical reasoning
steps are missing.
7-8: Only minor omissions that
don't impact the overall
conclusion.
5-6: Several important steps
are left out, affecting the
output's quality.
3-4: Multiple essential steps
are not included.
1-2: Major reasoning gaps make
the logic incomplete.

Consistency and Evaluation
Guidelines:
1. Adhere strictly to the
above scoring scales.
2. Always re-read both the
ground truth and the LLM
response thoroughly before
scoring.
3. Perform a direct comparison
of the reasoning sequences to
assess agreement or deviation

4. Use reference examples, if
provided, to maintain
evaluation consistency.

5. Avoid subjective judgment;
stay within the defined
thresholds.

6. After assigning scores for
each category, compute the
final Overall score as the
average.
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System Prompt used for Reasoning
Quality Evaluation (Part 3)

Qutput must be returned in the
following Python dictionary format
exactly as shown do not add or
modify anything, as this output
feeds directly into a processing
pipeline and any deviation will

cause a system failure:

# Example output: {'Faithfulness':

8.0, 'Informativeness': 8.5, '
Repetition&Redundancy ': 9.0, '
Hallucination': 9.5, 'Missing':
8.5, 'Overall': 8.65}

D Performance on Multiple-Choice and
Direct-Response Questions

To provide a more granular understanding of
model capabilities, we report separate perfor-
mance on multiple-choice (MC) and direct-
response (DR) questions. Results for a represen-
tative subset of models are shown in Table 9.

Overall Trends:

* Higher accuracy for MC than DR. All models
perform better on MC questions, confirming that
open-ended reasoning and generation are inher-
ently more challenging than option selection.

» Larger gaps for mid-scale open-source mod-
els. Models such as Qwen2.5-VL-7B and
InternVL3-8B show substantial performance
drops from MC to DR, indicating weaker robust-
ness in free-form reasoning.

* Smaller gaps for stronger models. Keye-VL-
1.5-8B and GPT-40 exhibit more stable DR per-
formance, suggesting better generalization be-
yond fixed-choice settings.

Model-wise Observations:

* Qwen2.5-VL-72B-Instruct demonstrates no-
table strengths in chemistry and geography,
achieving the highest MC and DR scores among
the listed models in these subjects (e.g., 67.7
MC/61.3 DR in chemistry; 70.0 MC / 71.7 DR

in geography).

» Keye-VL-1.5-8B performs particularly well in
mathematics and physics, showing competitive

or leading results in these areas (e.g., 61.2 MC/
60.3 DR in math; 50.1 MC/ 65.5 DR in physics).

E Reasoning Quality across Difficulty
Levels

Reasoning evaluation is a central focus of our
work. While Section 4.4 reports the overall quanti-
tative evaluation of model-generated CoTs using
our five-dimension rubric (faithfulness, informa-
tiveness, redundancy, hallucination, and missing
steps), we additionally include an expanded evalu-
ation here to examine how reasoning performance
varies with question difficulty. Table 10 reports the
results across Easy, Medium, and Hard questions.
The results demonstrate the following trends:

» Reasoning-optimized models achieve higher
scores across all dimensions, showing better
alignment with expert solution traces.

* Scores decrease progressively from lower- to
higher-difficulty questions, indicating that com-
plex problems lead to less faithful and complete
CoTs.

 This trend supports the reliability of our diffi-
culty annotations and demonstrates that SciVQR
captures meaningful differences in reasoning
complexity.

F Error Analysis

To analyze the limitations of current large-scale
multimodal models, we perform both quantitative
and qualitative error analyses based on empirical
results. In our study, error instances are classified
into categories including Image Perception Error,
Refusal to Answer, and Lack of Knowledge, along-
side an overarching reasoning category. To further
disentangle reasoning bottlenecks, we subdivide
reasoning errors into four fine-grained categories:
Reasoning Inference Error, Reasoning Premise Er-
ror, Reasoning Misused Evidence, and Reasoning
Step-wise Omission.

F.1 Quantitative Error Distribution

We conducted a quantitative error-type analysis to
better understand model failure patterns. Table 11
reports the distribution of error types from 100 ran-
domly sampled incorrect predictions for four rep-
resentative models.
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Math Physics Chem. Biology Geo. Astro. Overall
Model MC DR MC DR MC DR MC DR MC DR MC DR MC DR
InternVL3-8B-Instruct 37.1 329 34.1 246 395 333 525 38.6 542 457 650 233 47.1 33.1
InternVL3-78B-Instruct 485 443 489 425 54.1 427 627 49.1 570 565 714 250 57.1 39.6
Qwen2.5-VL-7B-Instruct 359 329 357 258 445 373 57.8 456 545 587 60.7 183 482 364
Qwen2.5-VL-72B-Instruct 56.5 44.3 55.7 440 67.7 613 677 526 70.0 71.7 77.1 283 658 504
Keye-VL-1.5-8B 61.2 60.3 50.1 655 549 493 640 526 643 652 664 50.0 60.2 54.6
GPT-40 48.0 447 50.8 492 625 493 733 66.7 636 630 814 31.7 64.1 50.8

Table 9: Comparison of Multiple-Choice (MC) and Direct-Response (DR) accuracy across scientific subjects.

Model Diff. Fai. Inf. Red. Hal. Mis. Over.
Qwen2.5-VL Easy 45 53 74 52 47 54
(7B-Inst.) Med. 43 52 73 50 45 53
Hard 40 49 7.1 46 41 49
Keye-VL Easy 62 68 51 63 62 6.1
(1.5-8B) Med. 55 62 42 54 54 54
Hard 5.1 58 39 50 50 50
GPT-40 Easy 59 65 80 67 60 6.6
Med. 54 6.1 78 62 56 62
Hard 50 58 7.7 57 52 59
04-mini Easy 70 74 85 78 71 7.6
Med. 64 7.0 84 72 66 7.1
Hard 60 6.6 82 68 62 67

Table 10: Results of reasoning quality evaluation by
difficulty level. Abbreviations: Diff. (Difficulty),
Fai. (Faithfulness), Inf. (Informativeness), Red. (Re-
dundancy), Hal. (Hallucination), Mis. (Missing),
Over. (Overall). Qwen2.5-VL and Keye-VL refer to
the Qwen2.5-VL-7B-Instruct and Keye-VL-1.5-8B ver-
sions, respectively.

Based on the quantitative results, we identify
three key observations:

* Reasoning errors dominate overall. Across
all evaluated models, reasoning failures remain
the primary source of errors. This indicates
that models frequently struggle to construct com-
plete and coherent reasoning chains even when
visual perception is relatively accurate.

* Standard models show higher premise-level
errors. Models without explicit Long CoT ca-
pabilities (e.g., Qwen2.5-VL and GPT-40) ex-
hibit significantly more Reasoning Premise Er-
rors. Without a structured reasoning process
to re-evaluate initial assumptions, their early
grounding mistakes directly lead to wrong an-
SWers.

* Reasoning models show higher inference-
level errors. Models that produce explicit rea-
soning traces (e.g., MiMo-VL and 04-mini) typi-
cally ground visual premises correctly. However,

Reasoning
Model Inf. Pre. Evi. Omi. Per. Ref. Kno.
Qwen2.5 14 43 6 8 28 1 0
GPT-40 14 37 14 10 23 0 2
MiMo 49 15 4 8 23 0 1
04-mini 29 15 15 24 16 0 1

Table 11: Error-type distribution (counts) from 100
sampled incorrect cases. Categories include Inf. (Rea-
soning Inference), Pre. (Reasoning Premise), Evi.
(Misused Evidence), Omi. (Step-wise Omission), Per.
(Image Perception), Ref. (Refusal), and Kno. (Knowl-
edge). Qwen2.5 and MiMo denote the Qwen2.5-VL-
7B-Instruct and MiMo-VL-7B-RL-2508 models, re-
spectively.

their extended reasoning chains introduce more
opportunities for logical inconsistencies and in-
correct step transitions, making Reasoning Infer-
ence Errors their dominant failure mode.

F.2 Qualitative Error Examples

Following the quantitative breakdown, we provide
concrete qualitative examples to illustrate these
specific limitations. Figures 3 to 7 present typical
failure cases of GPT-40, spanning Reasoning Er-
rors, Image Perception Errors, and Lack of Knowl-
edge.
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Reasoning Error

Question: As shown in the picture, a ball is attached to a ceiling and a wall with massless ropes A
and B. Rope A is at angle  from the vertical direction, and rope $B$ is horizontal. The system is
static. If rope B is cut, what is the ratio of the tension in rope A immediately after it is cut to the
tension in A before it is cut?

Options: (A) 1 (B)cos (C)1/cos (D)cos® (E) cos sin

Ground Truth: (D) cos? GPT-40: To solve this problem, we'll analyze the situation
before and after rope B is cut. Before rope B is cut, for forces in
the horizontal direction, tension in rope B, , is balanced by the
horizontal component of the tension inrope A, sin ,so =
sin . For forces in the vertical direction, the vertical
component of the tension in rope A, cos , balances the
gravitational force on the ball, mg, so cos = mg. After rope
B is cut, with rope B gone, the ball can accelerate horizontally.
However, since the question asks for the immediate tension in
rope A, we look at only the vertical forces at that moment. The
entire tension in rope A must now support the weight of the ball,
so ' =mg. To determine the ratio, initially, from vertical force
balance, cos =mg. After rope Biscut, ' =mg. The ratio
of the tension in rope A immediately after the cut to the tension

in A before the cut is — =

— = c0s . Thus, the ratio is cos
cos

Error Reason: When analyzing the force conditions on the ball after the rope is cut, the model failed

to correctly infer the ball's state of motion in the next moment. Therefore, it did not perform the force
analysis correctly, which led to the final calculation of an incorrect result.

Figure 3: Reasoning error case of GPT-4o.

Perceptual Error 01

Question: A mineral containing only copper and oxygen adopts the cubic unit cell shown below. What is the formula of
this mineral?
Options: (A) Cu,0 (B) CuO (C) Cuz0, (D) CuyOg

GPT-40: To determine the formula of the mineral, we need to count the number of copper (Cu) and oxygen (O) atoms
per unit cell. 1. Oxygen Atoms (White): - Corner Atoms: There are 8 corners in the cube, and each corner is shared by 8

adjacent cubes in a 3D lattice. Therefore, each corner atom contributes 5 of an atom to the unit cell. - Total contribution

from corners: 8 % %: 1 oxygen atom. 2. Copper Atoms (Black): - Face-Centered Atoms: There are 6 face-centered
positions, and each face-centered atom is shared by 2 cubes. Therefore, each face-centered atom contributes % of an atom
to the unit cell. - Total contribution from face-centers: 6 % %= 3 copper atoms. Based on this counting, the unit cell
contains: - 1 oxygen (O) atom. - 3 copper (Cu) atoms. Conclusion: The formula of the mineral, based on the copper-to-
oxygen ratio, is Cuz0. Comparing with the choices: - (A) Cu,0 - (B) CuO - (C) Cuz0, - (D)CusO9 The correct choice
is not listed; however, based on the given options and typical chemical notation, the closest might be CuzO, but it's
incorrect based on our detailed calculation. The closest choice according to typical unit cell counting and empirical
formula conventions would resemble CuzO. But none of them perfectly match the analysis within the context provided.
If forced to choose, CuzO; is typical for a smaller cubic cell if the lattice complexity is increased, so ideal choice is none
of the above or revise the image interpretation. In conclusion based on provided options: - If acknowledging the typical
possible counting errors or interpretations in generalized exams C is selected cautiously with errors or context arguments,
or textbook mistake. More information or contextual clarity, as stated, gives exact match choices like Cuz0.

Ground Truth: Error Reason: The model incorrectly identified the
(A) Cu,O positions of the copper atoms inside the unit cell as face-

® -Cu  centered positions and also miscalculated the number of
O ~ o copper atoms.

Figure 4: Perception error case of GPT-4o.

593



Perceptual Error 02

Question: What is the length of the line segment marked $x$ ?
Options: (A) V2 (B) 2 (C) 2v2 (D) 3 (E) 4
Ground Truth: (D) 3 GPT-40: To solve this problem, we need to count the number of
distinct paths that start at town S, visit each road exactly once,
and end at town Q. The roads form a network that can be
C 1 D 1 - represented as a graph with the towns as vertices and roads as
E edges. Based on the diagram: - The towns are S,P,Q, and R. - The

B . connections are: - S is connected to P and R. - P is connected to Q.
F - R is connected to Q. - P is connected to R. The paths must use

1 1 each of the five roads once, starting at S and ending at Q. We can

A1O G approach this problem by considering all possible orderings of

1 towns while ensuring all roads are used once and starting/ending
H points are fixed. There are two routes from S (either to P or R),

and then the paths continue as follows: 1. Route 1: S—P - After

reaching P, go to R, as the path must eventually reach Q. - Then,
Il from R, you can go to Q. - This path is S>P—R—Q. 2. Route 2:
S—R - After reaching R, go to P, as the path must eventually
reach Q. - Then, from P, you can go to Q. - This path is
S—R—P—Q. So there are exactly two distinct paths that meet
the criteria. Thus, the number of possible routes is 2.

Error Reason: The model incorrectly identified several distinct triangles in the diagram as congruent
triangles. In the subsequent reasoning process, some inferences actually contradicted the identified
information from the diagram, but the model failed to recognize the existence of these contradictions.

Figure 5: Perception error case of GPT-4o.

Lack of Knowledge

Question: What is the standard reduction potential of hydrogen selenate ion to form elemental
selenium under acidic conditions at 298 K ?
Options: (A) 0.88 V(B) 0.94V (C)1.56 V (D) 1.89 V

GPT-40: To find the standard reduction potential of the reaction HSeO, (aq)+7H"(aq)+6e~
—Se(s)+4H,0(1), we can use the given potentials for intermediate reactions and apply the principle
of adding reactions. Step 1: Identify the given reactions and their potentials: 1.

HSeO, (aq)+3H*(aq)+2e~ —H, SeOs(aq)+H,O(l); Ec =1.15V 2. H ,SeO ;(aq)+4H *
(ag)t+4e—Se(s)+3H ,0(1); E> =0.74V Step 2: Add the equations directly: The total reaction involves
the combination of these two steps: - The first half-reaction involves 2 electrons:

HSeO, (aq)+3H*(aq)+2e~ —H,SeO;(aq)+H,0(1) - The second half-reaction involves 4 electrons:
H,SeO5(aq)+4H *(aq)+4e~—Se(s)+3H,0(1) Step 3: Sum the half-reactions: To balance the electrons
in both half-reactions, we add them directly: HSeO, (aq)+7H*(aq)+6e — Se(s)+4H,O(1) Step 4: Find
the overall potential: Since the E° values given are standard reduction potentials, add them directly
because the reactions and their stoichiometry are such that electrons are conserved: E ,,© =E

1° +E;° =1.15V+0.74V=1.89V The standard reduction potential for the given overall reaction is
1.89V , so the correct choice is D.

Halfreactioh g v | Ground Truth: (A) 0.88 V
HESBOS(?(H e 0.7 Error Reason: The model lacks knowledge of
Se(s) + 3 HO()) . . .
= standard reduction potentials and thus failed to
HSeOs(ag)+ 3 H(ag) +2¢~ — 1.15

perform a weighted average during the

H,8¢0x(aq) + H20(D = calculation. Instead, it simply added the
—— % N o .
HSeOq (?q )+ 7 H'(ag) +6e” — A standard electrode potentials of the two
Se(s) + 4 H0() reactions directly, leading to an incorrect result.

Figure 6: Knowledge gap error case of GPT-4o.
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Textual Understanding

Question: As shown in the figure below, two balls of radii R,=2 cmand R, R,, and with
masses m, m, fall from a height h = 1 m. Ignoring friction, assuming that all impacts are
perfectly elastic and that the initial distance between the balls is small, which of the choices below
is closest to the maximum height of ball 2 after one bounce?

Options: (A) Im(B)2m (C)3m (D)4 m (E)9m

m, Ground Truth: (A) 1 m

O GPT-40: To solve this problem, we will consider the collision physics
between two balls and make use of conservation laws for elastic
collisions. Step 1: Initial Velocities Before Collision - Both balls are
dropped from a height h = 1 m. - The potential energy at height converts
to kinetic energy just before impact. Using the equation for free fall: v =
V2 where = 9.81m/s2, the velocity of both balls just before hitting
the ground is: v =v2 x 9.81 x 1 =/19.62 = 4.43m/s. So, v, = v, =
4.43 m/s downward. Step 2: Collision with the Ground - Ball m, hits the
ground first and reverses its velocity because it is elastic. Thus, m, will
have v,' = v, = -4.43 m/s after bouncing upward. Step 3: Collision
Between m; and m, - Since , we treat m, as effectively stationary during
the collision from m,'s viewpoint (after it starts moving upward). - Since
the collisions are perfectly elastic, the relative velocity of approach equals
the relative velocity of separation: v,' - (-v,') = -(v; - (-v,)) Since v, is
very large compared to v, and m, is moving upwards with speed v,, the
equations simplify assuming perfect reversal for the small mass: v,' = -(v,

Error Reason: The
problem asks for the
maximum height
reached by ball 2 after
one bounce, but the
model incorrectly
assumed it was asked to

find the maximum -2v,) = (443 - 2(-4.43)) = 13.29 m/s. Step 4: Calculate Maximum
height reached by ball 1 Height of m; Now, find the height using v;": = Qa0
after one bounce, leading & L ’ g g Vi 2 2x9.81

to an incorrect answer. 9 . Answer: The maximum height ball can reach is closest to: 9.

Figure 7: Textual understanding error case of GPT-4o0.
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G More Examples of the Dataset

- [ Geometry Case ]

Question:
Why is group work often better suited to river channel investigations than an individual

working alone?

Choices:

A. rivers are polluted.

B. One person can carry the refreshments.

C. One person can record while others use the equipment.

D. The measuring equipment is heavy. ety

Answer: C

Solution:

Answer: C one person can record while others use the equipment

Distractors:

A - irrelevant to the question and not a point of distinction between individual and group
B - too non-geographical to be serious answer

D - some geographical truth but there is a better fieldwork reason.

Figure 8: An example question from geography.
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Chemistry Case ]

-
Question:
Which molecular orbitals are occupied in the ground state of 1,3-butadiene?
1 H H
Choices: " \B/g\g/&“
A.Tonly ! M
B. II only 1 H H
C. Both 1 and Tl HWH
D. Neither I nor II H H
[Answer: B
-
Solution:

The molecular orbital diagram for the pi bonds of a conjugated diene can be made by
drawing p orbitals on each carbon atom with different orientations. The lowest energy MO
is made when the diagram has no nodes (all p orbitals have the same orientation), the
second lowest when there is 1 node (there is one plane at which the two p orbitals directly
adjacent to it have opposite orientations), etc. For 1,3butadiene, there are 4 carbon atoms
and thus 4 p-orbitals drawn in each MO. 4 MO configurations exist: one with 0 nodes, one
with 1 node, one with 2 nodes, and one with 3 nodes (be aware that for four p-orbitals,
there can only be 3 "transitions" between p-orbital orientation for adjacent orbitals, thus 3
nodal planes). Each MO, like an atomic orbital, can fit 2 pi bonding electrons. Since there
are 2 pi bonds and thus 4 pi bonding electrons, the two MOs with the least amount of
energy ( 0 nodes and 1 node) are occupied ( 2 and 3 node MOs are empty). Looking at the
answer choices, I has 2 nodes and II has 1 node. Thus, only MO 1I is filled, making B the
correct answer.

Figure 9: An example question from chemistry.
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Biometry Case

-

Question:

The T1-weighted images were obtained from a young man with dyspnea, before (A) and
after (B) administration of paramagnetic contrast agent (gadolinium).

What is the likely diagnosis?

Choices:

A. Cardiac tumor

B. Pulmonary embolism

C. Atrial septal defect

D. Arrhythmogenic right ventricular dysplasia
E. Constrictive pericarditis

~

[Answer: E

( -
Solution:

The images in the figure demonstrate the following abnormal findings:

i. Circumferentially thickened pericardium (dark rim around the heart indicated by
white arrows)

ii. Pericardial contrast uptake (white arrowheads)

iii.  Left pleural effusion (asterisk)

These findings are suggestive of constrictive pericarditis with active inflammation. The
pericardium is considered thickened when it is >4mm [2, 3, 14, 15]. In this case, the
thickness of the pericardium adjacent to the left ventricular wall was 10 mm. The
pericardial contrast uptake suggests increased blood flow consistent with active
inflammation, The right heart size is normal, arguing against intracardiac shunt.
arrhythmogenic right ventricle, or pulmonary embolism. There is no evidence of cardiac
mass.

Figure 10: An example question from biology.
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Astronomy Case

)
—

~

Question:
A new interstellar comet is about to enter the solar system, and Erez is really excited to

calculate some Keplerian elements on its approach and figure out where it‘s going! The
comet, dubbed Scratcher Crab by the astronomical community (for no particular reason),
is approaching the solar system with a velocity of 29.8km/s from the direction of Altair,
which has equatorial coordinates @ = 19"51™,§ = 8°51'. If the comet were to continue
traveling in a straight line with its current velocity, its closest approach to the sun would
be at a distance of lau, and on March 21st, the comet would briefly be in superior
conjunction

For reference, here is a diagram of orbital elements. Note that the longitude of the
ascending node is measured from Aries and the argument of the periapsis is measured
from the ascending node:

What are the inclination of the orbit and the longitude of the ascending node, both
measured with reference to the equatorial plane (not the ecliptic)?

—
Reference
direction

o

[Answer: Orbits are planar

-

Solution:

Orbits are planar. This is a very useful fact, because it allows us to deduce that the orbit
should lie in the same plane as the unique plane that contains both the sun and the
straightline trajectory described in the problem. If on the straight-line trajectory, on March
21st the comet is behind the sun (at Aries, since this is the equinox), this means that there
is a point in time on the straight-line trajectory where the comet has equatorial coordinates
(0,0). Thus, the orbit lies in the unique plane through the origin, Altair, and Aries. First,
this means that the descending node is at Aries, i.e. the longitude of the ascending node is
exactly $1807{\\circ}$. Second, this allows us to deduce the inclination by four-parts on
the spherical triangle with Altair, Aries, and the projection of Aries onto the equatorial

plane
cos90 cos(—a) = sin90(—a)cotd — sin 90 coti
i = cot™1(— cot § sina)
= 9.98°
-

Figure 11: An example question from astronomy.
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Mathematics Case

M
—

Question:

A chessboard is formed from an 8 X 8 grid of alternating black and white
squares, as shown. The side of each small square is 1 cm.

What is the largest possible radius of a circle that can be drawn on the board
in such a way that the circumference is entirely on white squares or corners?

[ Answer: % V10

(SOIution:
To go from one white square to another, it is necessary to pass through a corner.

But it is not possible for a circle to pass through the point where two white squares meet
(such as Y in the diagram alongside) and both the diagonally opposite corners of this point
(X and Z ), since these points form a straight line and not an arc of a circle.

Is it possible for a circle to pass through exactly one of X and Z, for every choice of Y on
the circle? In other words, the circle is alternately "close" to a diagonal and an edge of
white squares.

The diagram alongside shows one such circle, whose centre is as shown. The circle has
diameter V12 + 32, from Pythagoras' theorem. A circle passing through Y and neither X
nor Z, for every point Y on the circle, such as the dashed circle in the diagram alongside,
has a smaller radius.

\Therefore the largest possible radius of the circle is %\/ 10.

Figure 12: An example question from mathematics.
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Physics Case

)

Ann and Betty are good at throwing and catching balls. They can always throw a ball for
the other to catch it with only negligible motion. This time they want to have more fun
and play the game on skateboards as shown. Initially they are both at rest. Ann first
throws the ball to Betty at speed u. After catching the ball, Betty throws the ball back to
Ann at the same speed. After Ann catches the ball, Betty is moving faster than Ann by
how much? Assuming

mass of the ball =m

mass of Ann and the skateboard = mass of Betty and the skateboard = M.

ﬁ)uestion: \

Choices:
Mm+2m?
" M(M+m)
2m?
M &
2m N
C. u
M+m
_ 2m
.m M+m
N
M
[Answer: B ]
\
Solution:
After Ann threw the ball to Betty:
mu = Mv,  where v, is speed of Ann
(M +m)vg =mu  where vy is speed of Betty
After Betty threw the ball back to Ann:
Mvg — mu = (M +m)vg  where vg is new speed of Betty
M + m)vj’”me =mu+ Mv, where vj’”me is new speed of Ann
Solving,
_ 2mu
2mu
v =
A M+m
Hence,
o 1 1 ) m 2m?u
vgp — vy = 2mu(—————) = 2mu =
B ) M(M +m) ~ M(M +m)
- J

Figure 13: An example question from physics.

601




