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Science - Chemistry

Q: Assume that 2.24 liters of gas fully 
participates in the reaction shown in the 
video under the standard temperature and 
pressure condition, how many grams of 
precipitate are produced approximately?

(A) 10.0 (B) 5.0 (C) 12.0 (D) 15.0 (E) 20.0

Engineering – Computer Science

Q: Assume that the algorithm is 
correctly implemented to fully sort the 
list. What is the total number of 
comparisons performed in the algorithm?

Answer: 14

Healthcare - Basic Medicine

Q: Which virus does the video depict?

(A) Norovirus (B) Measles  virus 
(C) Hemorrhagic fever virus 
(D) Human papillomavirus 
(E) Arboviral encephalitis virus

Humanities & Social Science - Art

Q: Which cinematic shooting technique is 
shown in the video?

Answer: Dolly Zoom
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Loading [MathJax]/extensions/MathMenu.jsFigure 1. Overview of our benchmark. MMVU includes 3,000 expert-annotated examples, covering 27 subjects across four core disci-
plines. It is designed to assess foundation models in expert-level, knowledge-intensive video understanding and reasoning tasks.

Abstract

We introduce MMVU, a comprehensive expert-level, multi-
discipline benchmark for evaluating foundation models
in video understanding. MMVU includes 3,000 expert-
annotated questions spanning 27 subjects across four core
disciplines: Science, Healthcare, Humanities & Social Sci-
ences, and Engineering. Compared to prior benchmarks,
MMVU features three key advancements. First, it chal-
lenges models to apply domain-specific knowledge and per-
form expert-level reasoning to analyze specialized-domain
videos, moving beyond the basic visual perception typically
assessed in current video benchmarks. Second, each exam-
ple is annotated by human experts from scratch. We imple-
ment strict data quality controls to ensure the high qual-
ity of the dataset. Finally, each example is enriched with

expert-annotated reasoning rationals and relevant domain
knowledge, facilitating in-depth analysis. We conduct an
extensive evaluation of 36 frontier multimodal foundation
models on MMVU. The latest System-2-capable models, o1
and Gemini 2.0 Flash Thinking, achieve the highest per-
formance among the tested models. However, they still fall
short of matching human expertise. Through in-depth error
analyses and case studies, we offer actionable insights for
future advancements in expert-level, knowledge-intensive
video understanding for specialized domains.

1. Introduction
Foundation models have demonstrated remarkable capabil-
ities in reasoning across various domains, yet their ability
to handle expert-level knowledge remains a critical area of



Dataset QA Type Data Source College
Level?

Detailed Solution
Rational? Knowledge?

Text

MMLU [60] MC Exam, course, textbook ✓ ✗ ✗
MMLU-Pro [147] MC Datasets → Human & LLM augment ✓ ✗ ✗
C-Eval [65] MC Exam ✓ ✗ ✗
SciEval [132] MC, Open Internet, datasets → LLM rewrite ✓ ✗ ✗
TheoremQA [21] MC, T/F, Open Internet, exam → Human rewrite ✓ ✗ ✓
SciKnowEval [42] MC, T/F, Open Textbooks, database, other datasets → LLM rewrite ✓ ✗ ✓

Text + Image

VisScience [72] MC, Open Internet, exam, textbook ✗ ✗ ✗
EXAMS-V [32] MC Exam ✗ ✗ ✗
ScienceQA [103] MC Internet, course ✗ ✓ ✗
SceMQA [95] MC, Open Internet, exam ✗ ✓ ✗
CharXiv [149] Open arXiv paper → Human annotate ✓ ✗ ✗
MMSci [94] MC Scientific paper → LLM generate ✓ ✗ ✗
OlympicArena [67] MC, T/F, Open Olympic competitions ✓ ✓ ✗
MMMU [161] MC, Open Internet, exam, textbook ✓ 17.6% ✗
CMMMU [164] MC, T/F, Open Internet, exam, textbook ✓ 2.1% ✗
MMMU-Pro [162] MC MMMU → Human & LLM augment ✓ 15.4% ✗

Text + Video

MMWorld [58] MC Human experts (24%) / LLM-gen (76%) 39.5% ✗ ✗

MMVU (ours) MC, Open Human experts annotate from scratch ✓ ✓ ✓

Table 1. Comparison between MMVU and existing multi-discipline benchmarks for evaluating foundation models. In the “QA Type”
column, “MC” denotes Multiple-Choice questions, “Open” denotes Open-ended questions, and “T/F” denotes True-False questions.

evaluation [60, 161]. In recent years, researchers have de-
veloped numerous benchmarks to assess these models’ pro-
ficiency in specialized domains, primarily focusing on text-
based reasoning [42, 60, 132, 147] and image-based con-
texts [94, 104, 161, 162, 164]. However, as capabilities of
foundation models expand across multiple modalities, there
is a significant gap in evaluating expert-level reasoning over
specialized-domain videos. This gap is particularly con-
cerning as video is one of the most information-rich and
naturalistic modalities, and is widely used to convey com-
plex, dynamic information in specialized fields like health-
care, engineering, and scientific research [58]. Unlike static
text or images, expert-level videos often capture temporal
dynamics, procedural knowledge, and complex interactions
that are essential in many specialized domains. For exam-
ple, in science, expert-level and knowledge-intensive rea-
soning might involve analyzing a chemical reaction video
(Figure 1). A model must identify key reaction stages based
on subtle visual cues like color changes or the formation
of precipitates, which requires integrating chemical knowl-
edge in addition to recognizing visual patterns.

To bridge this gap, we introduce MMVU, a comprehen-
sive benchmark measuring Multimodal foundation models
in expert-level, Multi-discipline Video Understanding and
reasoning. MMVU consists of 3,000 expert-annotated QA
examples over 1,529 specialized-domain videos, spanning
27 subjects across four key disciplines: Science, Health-
care, Humanities & Social Sciences, and Engineering. To

ensure both the breadth of domain knowledge and the
depth of reasoning required for MMVU, we implement a
textbook-guided data annotation process. Expert annota-
tors first locate key concepts from textbooks in their fields,
then source relevant videos and create corresponding ques-
tions that require domain knowledge and expert-level rea-
soning to comprehend the videos. Each example also in-
cludes expert-annotated reasoning rationale and relevant
domain knowledge, facilitating fine-grained evaluation of
model performance. Thorough data quality controls are im-
plemented to ensure high quality of MMVU.

We conduct an extensive evaluation on MMVU, cover-
ing 36 frontier multimodal foundation models from 17 or-
ganizations. Notably, the latest o1 model demonstrates the
highest performance among all tested models, approaching
the expertise of human experts. Despite this progress, other
models still fall noticeably short of human-level capabili-
ties. For instance, GPT-4o achieves a score of 66.7%, which
is substantially lower than the benchmark set by human ex-
perts (i.e., 86.8%) in the open-book setting. Our analysis
highlights the effectiveness of CoT reasoning, which gener-
ally enhances model performance compared to directly gen-
erating final answers without intermediate reasoning steps.
To deepen understanding of the current models’ limitations,
we perform an in-depth error analysis of frontier models,
including numerous case studies reviewed by human ex-
perts. These insights provide valuable guidance for future
advancements in the field.
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Figure 2. An overview of the MMVU benchmark construction pipeline.

2. Related Work

Video Understanding Benchmark. Existing video un-
derstanding benchmarks primarily focus on general-
purpose video comprehension tasks, such as action recog-
nition [34, 59, 100, 130], captioning and description [81,
89, 134, 153, 157], grounding [23, 74, 85, 145], tempo-
ral reasoning [17, 29, 70, 75, 91, 101, 129], and long
video understanding [7, 39, 112, 144, 166]. The rise
of video-based foundation models [41, 66, 135, 165] has
driven the development of new benchmarks that include
diverse video comprehension tasks for more comprehen-
sive evaluation [48, 76, 90, 92, 115, 156, 160]. However,
these benchmarks remain predominantly focused on natural
scenes and general-purpose tasks. A significant gap per-
sists in benchmarks targeting expert-level and knowledge-
intensive reasoning over specialized-domain videos, where
both visual perception and domain-specific expertise are re-
quired—especially in critical fields like healthcare, engi-
neering, and science [58].

Multi-discipline Evaluation Benchmark. The rapid de-
velopment of foundation models has significantly enhanced
expert-level reasoning across various disciplines [53, 71,
118, 136, 159]. Early benchmarks focused on domain-
specific tasks for textual domains, establishing a foundation
for assessing the models’ strengths and limitations in ex-
pert reasoning [21, 27, 60, 133, 147, 150, 168, 169]. More
recently, benchmarks have evolved to include multimodal
tasks [94, 104, 149, 161, 162, 164], emphasizing visual per-
ception and advanced reasoning with domain knowledge.
However, these efforts remain largely limited to static im-
ages. Developing a high-quality, multidisciplinary video
benchmark presents greater challenges than those for text
or image-based tasks due to the scarcity of suitable re-
sources (e.g., textbooks or exam questions). This leaves
the critical modality of videos and video-based expert-level
reasoning significantly underexplored. Recent work, MM-
World [58], has made pioneering strides by incorporating
videos across multiple disciplines. However, only a lim-
ited portion of its dataset (39.5%) requires domain-specific
expertise, and 76.4% of the examples are generated by the
GPT-4V model. Moreover, most existing benchmarks pro-

vide only the ground-truth answer, restricting researchers’
ability to conduct a fine-grained evaluation. To address this
limitation, MMVU includes expert-annotated reasoning ra-
tionales and relevant domain knowledge for each example,
enabling a more nuanced assessment of expert-level reason-
ing. Table 1 further distinguishes the difference between
MMVU and existing multi-discipline benchmarks.

3. MMVU Benchmark
We present MMVU, a comprehensive evaluation bench-
mark that focuses on measuring progress on knowledge-
intensive, expert-level reasoning in the video modality.
MMVU has the following key features: (1) Breadth of
Domain Knowledge: We employ a textbook-guided QA
annotation pipeline to ensure the wide coverage of do-
main knowledge within each subject (§3.2). (2) Depth
of Expert-level Reasoning: Each example in MMVU re-
quires models to comprehend specialized-domain video
context, applying expert knowledge and reasoning (§3.2).
(3) True Visual Understanding: Recent studies [20, 162,
167] have shown that visual content is unnecessary for
many examples in current multimodal benchmarks. To al-
leviate this issue, each example in MMVU is carefully val-
idated by human experts to confirm that video comprehen-
sion is required for accurate answering (§3.3). (4) Support
of Fine-grained Evaluation: We provide expert-annotated
solutions and the requisite knowledge for each example
(§3.2), enabling more comprehensive analysis for future re-
search (§4.3). Figure 2 provides an overview of the three
stages involved in constructing MMVU, which is detailed
in the following subsections.

3.1. Preliminary Setup
We first discuss the preliminary setup for data construction.

Subject Selection. To ensure a broad and accurate repre-
sentation of expert-level video understanding across diverse
disciplines, we conduct a user study involving 133 college
and graduate students for subject selection. We ask them
to curate two QA examples requiring expert-level video un-
derstanding in subjects relevant to their field of study, and
provide feedback on their experiences during the curation



Question:
Assume that 2.24 liters of gas fully participates in the reaction shown in the video 
under the standard temperature and pressure condition, how many grams of 
precipitate are produced approximately?

Options: (A) 10.0 ✅ (B) 5.0  (C) 12.0  (D) 15.0  (E) 20.0

Textbook used for annotation: “Chemistry, 2nd Edition (Paul Flowers, Klaus 
Theopold, Richard Langley, William R. Robinson)”

Annotated Relevant Domain Knowledge (Wikipedia page): 
1. Calcium hydroxide: https://en.wikipedia.org/wiki/Calcium_hydroxide

“...When carbon dioxide is passed through limewater, the solution takes on a milky 
appearance due to precipitation of insoluble calcium carbonate: Ca(OH)2(aq) + 
CO2(g) → CaCO3(s) + H2O(l) ...”

2. Carbon dioxide: https://en.wikipedia.org/wiki/Carbon_dioxide 
3. Ideal gas law: https://en.wikipedia.org/wiki/Ideal_gas_law 

Annotated Reasoning Rational:
In the video, a person exhales gas that is continuously introduced into a clear 
solution, gradually forming a white precipitate. This indicates that the 
substances involved in the reaction are CO₂ and limewater. 
The chemical reaction equation is: Ca(OH)₂  + CO₂  → CaCO₃ + H₂ O
At the STP, 2.24 liters of CO₂ corresponds to 0.1 Moles.
From balanced equation, 0.1 moles of CO₂ produce 0.1 moles of CaCO₃.
Given Ca = 40 g/mol, C = 12 g/mol, O = 16 g/mol, the molar mass of CaCO₃ = 40 
+ 12 + 16 * 3 = 100 g/mol. Therefore, the mass of CaCO₃ = 0.1 * 100 = 10g.

Figure 3. A dataset example from MMVU with the discipline of chemistry. Each example in MMVU includes expert annotation of relevant
domain knowledge and step-by-step reasoning rational.

process. Such a user study-guided approach helps us iden-
tify subjects within each discipline that may not be obvious
from a top-down selection process. It also offers insights
into the challenges of designing expert-level video exam-
ples, helping us design and refine the textbook-guided QA
annotation process (detailed in §3.2). The authors manually
analyze the collected examples and select 27 subjects (as
listed in Figure 1) across four disciplines that align best with
our benchmark’s construction desiderata discussed earlier.

Expert Annotator Recruitment and Training. For each
subject, we assign at least two annotators with relevant ex-
pertise. We include 67 expert annotators (detailed biogra-
phies are presented in Appendix A.1), comprising 22 third-
or fourth-year undergraduate students, 36 graduate students,
and nine of the authors. All the annotators also participated
in our initial user study. Each annotator is required to finish
a training session to learn the annotation protocol (detailed
in Appendix A.3) before official annotation.

3.2. Textbook-Guided QA Example Annotation
Constructing a high-quality, expert-level, multi-disciplinary
benchmark for video-based tasks is more challenging than
the ones for text- or image-based, as there is no exist-
ing resources (e.g., textbooks or exam questions) that can
adapted from and each example has to be curated from
scratch. Therefore, it is crucial to establish a structured ap-
proach that ensures the quality and comprehensiveness of
the benchmark. We employ a textbook-guided example an-
notation pipeline designed to capture both the breadth of
knowledge and depth of reasoning. In brief, annotators first
identify key concepts from the textbook and locate relevant
videos that align with these concepts. The textbooks for
each subject (listed in Appendix A.2) are selected by expert
annotators and are recognized as authoritative references in

their respective fields. Annotators then curate QA examples
and detailed solution rationales. We detail the annotation
procedure as follows:

Concept-Driven CC-Licensed Video Collection. Anno-
tators are instructed to first review each chapter of the text-
book to identify key concepts that inherently require dy-
namic visual representation, such as experimental proce-
dures in science or mechanical operations in engineering.
They then search for related videos on YouTube having Cre-
ative Commons (CC) license that effectively illustrate the
selected concept. The CC license enables reusers to dis-
tribute, remix, adapt, and build upon the material in any
medium or format, so long as attribution is given to the
creator. We use YouTube Data API v31 to verify the li-
cense type. Existing video benchmarks typically utilize
YouTube videos, yet do not confine their selections to con-
tent with CC licenses, introducing potential copyright con-
cerns. We recognize that by restricting our selection to CC-
licensed content, we are compelled to forgo coverage of
certain subjects (e.g. sports), where CC-licensed videos is
scarce. To ensure the collected videos effectively challenge
the model’s visual reasoning capabilities, the video should
be vision-intensive, requiring models to focus solely on vi-
sual information for comprehension. To this end, we ensure
that audio tracks are excluded to eliminate potential short-
cuts models might exploit through auditory cues; and the
video should contain minimal on-screen text, as an over-
abundance of text may detract from the core visual under-
standing task. Consequently, videos such as lecture record-
ings, which typically include slides or text-based explana-
tions that simplify the task of answering associated ques-
tions, are excluded.

1https://developers.google.com/youtube/v3

https://developers.google.com/youtube/v3


QA Annotation. After identifying suitable videos, an-
notators are required to create two or three questions, ei-
ther multiple-choice or open-ended. Each question is de-
signed to test the model’s expert-level reasoning by apply-
ing domain-specific knowledge to interpret the video con-
tent and derive a solution. Annotators are also required to
specify the start and end timestamps of the video clip rel-
evant to answering each question. For annotating multi-
choice question, the annotators are required to carefully
craft the four distractor options to reflect common mis-
conceptions or plausible alternatives, ensuring that models
cannot easily eliminate incorrect options without reasoning
over video content. Once the five options are finalized, the
annotation interface randomly shuffles them.

Solution Rationale Annotation. For each annotated
question, annotators must also provide detailed solution for
the correct answers. As shown in Figure 3, the solution
comprises two key components: (1) relevant domain knowl-
edge, which includes a list of domain-specific concepts or
keywords necessary for answering the question, with each
concept linked to its corresponding Wikipedia page. (2)
reasoning rationale, which details the step-by-step reason-
ing process to reach the correct answer. These solution an-
notations are critical for enhancing transparency in the eval-
uation process and facilitating future research focused on
understanding model failure modes.

3.3. Data Quality Control
We next discuss our methods to ensure high data quality.

Time-Based Annotation Compensation. As discussed
earlier, annotating examples for MMVU can be particularly
time-intensive, especially when there is limited availabil-
ity of videos with Creative Commons licenses in the re-
quired subjects. To accommodate this and ensure a high-
quality benchmark, we compensate annotators based on the
time they spend rather than the number of examples com-
pleted, preventing them from rushing through tasks (See
Appendix A.5 for annotation compensation details). On av-
erage, annotating one example takes 20 minutes and 17 sec-
onds, while validation requires 4 minutes and 12 seconds.

Human Expert Validation. To ensure that the final
dataset remains high-quality and meets expert-level stan-
dards without introducing unnecessary biases, each exam-
ple in MMVU undergoes expert review by one of the au-
thors or top-performing annotators to verify the accuracy
of its annotations. Recent studies [20, 129, 162, 167] have
shown that visual content is unnecessary for many exam-
ples in current multimodal benchmarks. To address this
concern, each example in MMVU is carefully validated by

Statistics Value

Total Questions 3,000
Validation Set 1,000
Test Set 2,000

Unique Videos 1,529
Video Length (Seconds, avg/max) 51.4 / 228

Number of Disciplines 4
Number of Subjects 27

Multiple Choice Questions 1,858
Question Length (avg/max) 16.8 / 70
Single Choice Length (avg/max) 7.6 / 42
Number of Choices per Question 5

Open-ended Questions 1,142
Question Length (avg/max) 16.4 / 39
Ground-truth Answer Length (avg/max) 1.5 / 7

Number of Required Knowledge per Question (avg/max) 4.3 / 7
Solution Rationale Length (avg/max) 56.6 / 193

Total Number of Unique Knowledge (i.e., Wikipedia pages) 4,770

Table 2. Key statistics of the MMVU benchmark.

human experts to ensure that video comprehension is re-
quired for accurate answering. If an example is determined
to be answerable solely through the textual components of
the question, a single video frame, or if it contains anno-
tation errors, evaluators first attempt to revise the example.
If revision is not feasible, detailed feedback is provided to
the original annotator, who then revises and submits it for
a second iteration. A total of 523 examples were revised
during the data validation process. Among them, 72 exam-
ples were still found to be misaligned with our design cri-
teria and were excluded from the final benchmark. Overall,
1 − 523

3,000+72 = 83.0% of the initial examples met our de-
sign criteria without requiring revisions, indicating the high
quality of initial annotation.

3.4. MMVU Benchmark Analysis
Data Statistics. Table 2 presents the key statistics of
MMVU. It consists of 3,000 examples, which are randomly
divided into two subsets: validation and test. The valida-
tion set contains 1,000 examples, and is intended for model
development and validation. The test set, comprising the
remaining 2,000 examples, is strictly reserved for standard
evaluation to prevent data contamination [35, 50, 69]. To
further promote fair benchmarking, the test set remains hid-
den. We are developing an online evaluation pipeline on
a public platform, enabling researchers to benchmark their
models and participate in a public leaderboard.

Human Performance. To provide a rough but informa-
tive estimate of human-level performance on MMVU, we
randomly sampled 30 questions per discipline from the
test set, resulting in a total of 120 questions for evalua-



tion. Five participants—three graduate students specializ-
ing in biology, anesthesiology, and East-Asian literature,
along with two of the authors—individually answered these
questions. The evaluation proceeded in three phases: (1)
Closed-book Setting: In the first phase, participants had
3.5 hours to answer questions without access to external re-
sources. The average accuracy across the four participants
was 49.7%. (2) Open-book Setting: In the second phase,
participants were permitted to use external resources (e.g.,
internet and textbooks) to review answers they felt uncer-
tain about. They were not informed of the correctness of
their initial responses, and a 4-hour time limit was set. This
open-book approach led to an increase in average accuracy
to 86.8%. (3) Oracle Setting: Finally, participants were
required to revise each incorrect answer based on ground-
truth domain knowledge and self-sourced online resources.
The average accuracy after this final revision was 95.3%.

4. Experiments

This section discusses experiment setup and key findings.

4.1. Experiment Setup
Evaluated Multimodal Foundation Models. To estab-
lish a comprehensive understanding of the challenges
posed by MMVU and provide reference points for fu-
ture research, we evaluate a broad range of frontier mul-
timodal foundation models that support video or multi-
ple images as input. Specifically, we evaluate 19 series
of open-source models, including InternVL-2 & 2.5 [22,
24], Qwen2-VL [143, 159], LLaVA-NeXT [99], Pix-
tral [111], DeepSeek-VL2 [154], H2OVL Mississippi [49],
Idefics2 [84], Aria [87], LLaVA-NeXT-Video [88], LLaVA-
OneVision [86], Llama-3.2-Vision [37], Phi-3.5-Vision [1],
InternVideo2 & 2.5 [146, 148], VideoChat-Flash [93], and
VideoLLaMA 2 & 2.1 & 3 [25, 163]. We also evalu-
ate eight series of proprietary models, including Ope-
nAI o1 [117] and GPT-4o [118], Gemini-1.5 & 2 and
Gemini-Thinking [53], GLM-4V-Plus [51, 63], Grok-2-
Vision [155], and Claude-3.5 [4]. For open-source models,
we prioritize the vLLM pipeline [83] for model inference;
otherwise, we use the Transformers pipeline [152]. We use
the official API service for proprietary models. For models
without native video support, following VideoMME [48],
we provide visual input using the maximum number of im-
ages that fits within the model’s context window. §B.1 de-
tails the parameter settings and model configurations. We
evaluate the models with both Direct Answer and Chain-
of-Thought prompts (presented in Appendix B.2), which is
adapted from the versions used in MMMU-Pro [162].

Accuracy Evaluation. We use accuracy as the primary
metric to evaluate model performance on MMVU. Fol-

lowing recent benchmarks for foundation model evalua-
tion [58, 104, 149], we employ GPT-4o to assess accuracy.
Specifically, given a question, its ground truth answer, and
the model’s response, GPT-4o is instructed to extract the fi-
nal answer from the model response and determine its cor-
rectness. The evaluation prompts for both multiple-choice
and open-ended questions are presented in Appendix B.3.

4.2. Main Findings
Section 4.1 presents the evaluated models’ CoT perfor-
mance on MMVU, while Figure 4 illustrates a comparison
between the model performance in CoT reasoning and di-
rect answering. Our key findings are as follows:

MMVU presents substantial challenges for current mul-
timodal foundation models. Even the top-performing
model falls well short of human expert performance.
For instance, GPT-4o achieves 66.7% accuracy with CoT
prompting, significantly lower than the 86.8% accuracy
achieved by human experts in an open-book setting. No-
tably, while GPT-4o has narrowed the performance gap
with human experts in text-based expert-level reasoning on
MMLU (88.7% vs 89.8% [60]) and image-based expert-
level reasoning on MMMU (69.1% vs 82.6% [161]), the
gap remains large on MMVU. This disparity underscores
MMVU’s critical role in advancing and evaluating multi-
modal foundation models’ capabilities in video-based ex-
pert reasoning across specialized domains.

Performance of open-sourced models. As for open-
source multimodal foundation models, they still lag be-
hind the proprietary models. However, the Qwen2-VL-72B
and DeepSeek-VL2 models have achieved performance lev-
els that exceed human benchmarks in closed-book settings
and are approaching the performance of leading propri-
etary models. These advancements highlight the significant
progress being made in open-source model development.

CoT reasoning generally improves model performance
compared to directly outputting the answer. However,
the degree of improvement varies across different foun-
dation models. For instance, Claude 3.5 Sonnet demon-
strated a remarkable enhancement, achieving a notable per-
formance gain of 11.0%, as corroborated by the findings in
MMMU-Pro [162]. Conversely, models like GPT-4o ex-
hibited only marginal improvements. These results indicate
that the impact of CoT reasoning is not uniformly beneficial
across all models on MMVU.

System-2 thinking demonstrates effectiveness. Models
capable of System-2 thinking and employing long CoT
demonstrate significant performance advantages. Notably,



Release
Test Set Avg.

Validation
Avg.
TestScience Healthcare Human. &

Social Sci. Engineering

Human Performance

Human Oracle 95.3 93.3 96.0 96.7 95.3
Human Open-book 86.7 84.7 92.7 83.3 86.8
Human Closed-book 54.7 42.7 44.7 56.7 49.7

Proprietary Models

o1 2024-12 76.5 80.1 80.9 71.9 75.5 76.1
Gemini 2.0 Flash Thinking 2024-12 69.3 71.2 73.4 67.3 69.1 69.5
GPT-4o 2024-08 67.2 71.8 72.0 61.6 67.4 66.7
Gemini 2.0 Flash 2024-12 70.8 62.7 71.6 63.0 65.9 66.5
Gemini 1.5 Pro 2024-09 67.2 68.1 67.0 62.8 65.4 65.8
Claude 3.5 Sonnet 2024-10 60.5 64.0 70.9 64.5 65.2 64.1
Grok-2-Vision 2024-12 60.6 72.5 72.0 57.4 62.7 63.4
GPT-4o-mini 2024-07 60.3 60.9 70.6 59.3 61.6 61.5
Gemini 1.5 Flash 2024-09 56.8 57.3 66.3 58.2 58.8 58.8
GLM-4V-Plus 2025-01 52.2 57.3 64.9 55.4 56.2 56.2

Open-sourced Models

Qwen2-VL-72B 2024-09 48.0 53.6 61.7 53.9 53.0 53.2
DeepSeek-VL2 2024-12 50.3 53.4 58.9 48.6 52.1 51.5
InternVL2.5-38B 2024-11 50.3 45.6 52.8 52.8 50.5 50.7
Aria 2024-11 46.8 43.3 61.0 49.9 49.3 49.3
InternVideo2.5-8B 2025-01 47.6 50.0 54.3 44.9 48.3 48.0
Llama-3.2-90B-Vision 2024-09 46.5 43.5 53.9 48.1 47.1 47.6
VideoLLaMA3-7B 2025-01 46.5 47.9 57.4 43.5 45.0 47.2
DeepSeek-VL2-Small 2024-12 47.5 48.7 47.5 45.1 46.9 46.9
VideoChat-Flash-7B 2025-01 43.6 50.8 50.7 41.5 45.1 45.2
Qwen2-VL-7B-Instruct 2024-08 43.6 42.5 43.6 41.2 42.1 42.5
InternVL2.5-8B 2024-11 39.2 36.8 47.2 42.3 41.1 41.0
VideoLLaMA2.1-7B 2024-10 35.3 38.9 45.4 41.6 39.5 39.8
VideoLLaMA3-2B 2025-01 40.0 42.7 47.5 34.6 38.7 39.6
Llama-3.2-11B-Vision 2024-09 40.5 39.4 44.0 35.7 38.9 39.0
Phi-3.5-Vision 2024-08 38.3 29.5 45.4 41.1 38.1 38.7
LLaVA-OneVision-7B 2024-09 34.3 38.6 40.8 38.8 37.9 37.7
Qwen2-VL-2B 2024-08 32.6 40.9 40.4 35.7 36.5 36.5
InternVL2-8B 2024-06 36.7 32.9 36.9 37.2 36.3 36.2
Idefics3-8B 2024-08 37.0 35.5 44.0 31.2 35.3 35.6
VideoLLaMA2-7B 2024-06 32.3 27.7 44.3 35.7 34.4 34.4
DeepSeek-VL2-Tiny 2024-12 34.3 33.4 35.8 30.1 33.0 32.8
Pixtral-12B 2024-09 36.1 24.6 37.9 30.8 32.3 32.2
LLaVA-NeXT-Video-34B 2024-06 31.8 24.6 35.8 30.3 30.5 30.4
InternVideo2-8B 2024-08 29.6 31.1 37.2 26.5 29.9 29.9
H2OVL Mississippi-2B 2024-10 29.1 29.5 29.4 28.0 29.1 28.8
LLaVA-NeXT-Video-7B 2024-06 27.0 31.1 27.3 29.5 28.6 28.7

Table 3. Accuracy of evaluated foundation models on the MMVU validation and test sets using CoT prompts. Model performance is
ranked based on overall results on the test set. ∗: For o1, as the API access for its multimodal version has not been granted, we randomly
sampled 100 examples from the validation set and 200 examples (50 for each core discipline) from the test set.

the o1 and Gemini 2.0 Flash Thinking models achieved
the top two results on MMVU, illustrating that increasing
test-time compute and applying long CoT can significantly
enhance model performance in expert-level video reason-
ing tasks. These results highlight the potential of develop-
ing open-source models designed to facilitate and advance
System-2 thinking capabilities.

4.3. Qualitative Analysis

To gain a deeper understanding of the capabilities and lim-
itations of frontier models on MMVU, we perform com-
prehensive case studies and error analysis by humans. The
inclusion of expert-annotated reasoning rationales and do-
main knowledge for each example in MMVU facilitate a
more effective analysis compared to datasets that provide
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Figure 4. Comparison of model performance between CoT and
direct answering on validation set. Full results are shown in §C.1.

only answers. We focus on four top-performing mod-
els, GPT-4o, Qwen2-VL-72B, Llama-3.2-90B-Vision, and
DeepSeek-VL2, for human evaluation. From the MMVU
validation set, we randomly sample 50 error cases for each
model. These cases are analyzed by the authors using
ground-truth features (i.e. expert-annotated reasoning ratio-
nales and required domain knowledge) as references. We
identify the following six primary errors, with illustrative
examples provided in Appendix C:
Visual Perception Error (18%): The model fails to ac-
curately interpret spatial, temporal, or semantic aspects of
visual information within a video. Additionally, it might
“hallucinate”, detecting objects or events that are not actu-
ally present in the video. Figure 16 is a typical instance
where the model fails to correctly perceive the traversal or-
der of binary tree. Figure 18 shows that the model mistak-
enly identifies the device shell in the video as water, leading
to completely wrong reasoning about the device’s function.
Misuse or Lack Domain Knowledge in Visual Perception
(20%): The model fails to apply the domain-specific exper-
tise required to accurately interpret specialized concepts or
elements within the video. For example, in a medical video,
it may identify objects but fail to recognize their technical
terms or misunderstand their importance within the proce-
dure being demonstrated. Moreover, as shown in Figure 20,
the model correctly perceives the ascending numbers (array
indices), but misuses its pretrained knowledge and misiden-
tifies them as the numbers to be sorted. It leads to the wrong
conclusion that the video demonstrates a sorting algorithm.
This limitation underscores a gap in model’s ability to inte-
grate domain knowledge with visual perception effectively.
Misuse or Lack Domain Knowledge in Reasoning
(27%): The model fails to effectively recall and apply do-
main knowledge during its reasoning processes. For in-

stance, when addressing questions over chemistry videos,
it may fail to correctly apply relevant chemical equations,
leading to errors in computing the reaction mass. A notable
example is Figure 23, where the model misuses the domain
knowledge that bats often live in unsanitary environments
and makes the wrong inference that poor hygiene conditions
are the cause of virus outbreaks. Besides, in Figure 26, the
model lacks the domain knowledge about relevant chemi-
cal equations, so that it cannot correctly answer the ques-
tion. This limitation underscores the model’s inability to
integrate domain knowledge into its reasoning processes ef-
fectively.
Heavy Reliance on Textual Information (20%): The
model predominantly depends on textual information for
problem-solving, especially when addressing multiple-
choice questions, as it evaluates each option individually
without leveraging the actual video content. For instance,
Figure 27 shows the model ignores the video information
about the reason of the disease and overly focuses on the
textual question. Similar limitations have been observed in
other multimodal benchmarks [48, 161]. Future work could
enhance multimodal reasoning by more effectively incorpo-
rating non-textual content into the reasoning process.
Logical Reasoning Error (6%): The model exhibits in-
consistencies between its reasoning process and final an-
swer, leading to self-contradiction. As depicted in Fig-
ure 29, the analysis of one specific option contradicts
with the other reasoning steps, which is a typical self-
contradiction logical error.
Other Error (9%): This includes refusing to answer a
question due to insufficient context or safety concerns, ex-
ceeding the output limit, generating repetitive information,
or making incorrect math computation.

5. Conclusion

We introduce MMVU, a high-quality, multi-disciplinary
benchmark designed to assess the expert-level, knowledge-
intensive reasoning capabilities of multimodal foundation
models on specialized-domain videos. We employ a
textbook-guided example annotation pipeline designed to
capture both the breadth of knowledge and depth of rea-
soning. In our evaluation of 36 frontier multimodal foun-
dation models, we find that while the latest o1 model
achieves the highest performance among all tested mod-
els—approaching human expert-level proficiency—a no-
table performance gap remains between other models and
human experts. Additionally, models employing CoT rea-
soning consistently outperform those that generate final an-
swers directly. Through comprehensive error analysis and
case studies, we identify persistent challenges of MMVU,
offering valuable insights for advancing foundation models’
capabilities to achieve expert-level video understanding.
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A. MMVU Preliminary Setup
A.1. Annotator Biography
The detailed biographies of the annotators involved in MMVU construction are presented in Table 4. All annotators are from
universities ranked in the Top 500 of the 2024 QS Global Rankings2 and are fluent in English.

ID Year Major Assigned Subject(s) Author? Validator?

1 1st year Master Biomedical Engineering Biomedical Engineering ✗ ✗

Computer Science
Electrical Engineering

2 1st year Master Bioinformatics Biomedical Engineering ✗ ✗

3 1st year Master Biological Engineering Biomedical Engineering ✗ ✗

4 2nd year Master Biomedical Engineering Biomedical Engineering ✗ ✗

Electronics and Communication
5 5th year PhD Agricultural and Biosystems Engineering Biomedical Engineering ✗ ✗

6 2nd year Master Architecture Civil Engineering ✗ ✗

7 3rd year PhD Civil Engineering Civil Engineering ✗ ✗

Mechanical Engineering
8 – – – ✓ ✓

9 3rd year Undergraduate Electrical Engineering Computer Science ✗ ✗

Electrical Engineering
10 2nd year Master Electrical Engineering Computer Science ✗ ✗

Electronics and Communication
11 2nd year Master Electrical Engineering Computer Science ✗ ✗

Mechanical Engineering
12 3rd year Undergraduate Software Engineering Computer Science ✗ ✗

13 2nd year Master Computer Science Computer Science ✗ ✗

14 – – – ✓ ✗

Electrical Engineering
15 1st year PhD Electrical Engineering Computer Science ✗ ✗

Electronics and Communication
16 1st year PhD Electrical Engineering Electrical Engineering ✗ ✗

17 – – – ✓ ✓

18 1st year Master Electrical Engineering Electrical Engineering ✗ ✗

Mechanical Engineering
19 1st year PhD Electrical Engineering Electronics and Communication ✗ ✗

20 3rd year PhD Food Science Mechanics ✗ ✗

21 4th year PhD Materials Science Materials Science ✗ ✗

22 4th year Undergraduate Aerospace Engineering Materials Science ✗ ✗

Mechanical Engineering
23 4th year Undergraduate Mechanical Engineering Materials Science ✗ ✓

Mechanical Engineering
24 2nd year PhD Mechanical Engineering Mechanical Engineering ✗ ✗

25 1st year PhD Mechanical Engineering Mechanical Engineering ✗ ✗

26 1st year Master Medicine Basic Medicine ✗ ✗

Clinical Medicine
27 1st year Master Radiology Basic Medicine ✗ ✗

Clinical Medicine
28 1st year Master Dentistry Basic Medicine ✗ ✗

Dentistry
29 1st year PhD Nursing Basic Medicine ✗ ✗

Pharmacy
30 3rd year Undergraduate Epidemiology Basic Medicine ✗ ✗

Preventive Medicine

Table 4. Biographies of 73 annotators and validators involved in MMVU construction (Author biographies are hidden to protect identity
confidentiality). Note that some authors only participated in the data validation stage.

2https://www.topuniversities.com/world-university-rankings
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ID Year Major Assigned Subject(s) Author? Validator?

31 3rd year Undergraduate Medicine Clinical Medicine ✗ ✗

32 – – – ✓ ✓

33 2nd year PhD Medicine Clinical Medicine ✗ ✗

Pharmacy
34 4th year PhD Dentistry Dentistry ✗ ✗

35 3rd year Undergraduate Dentistry Dentistry ✗ ✗

36 4th year PhD Dentistry Dentistry ✗ ✗

37 1st year PhD Public Health Pharmacy ✗ ✗

Preventive Medicine
38 4th year Undergraduate Pharmacy Pharmacy ✗ ✗

39 3rd year PhD East Asian Studies Art ✗ ✗

40 4th year PhD Literature Art ✗ ✗

History
Literature

41 – – – ✓ ✗

History
42 1st year PhD Economics Economics ✗ ✗

43 4th year Undergraduate Accounting Economics ✗ ✗

Law
44 4th year PhD Finance Economics ✗ ✗

45 3rd year PhD Public Administration Law ✗ ✗

Management
46 1st year Master Literature Literature ✗ ✗

47 5th year PhD Linguistics Literature ✗ ✗

48 3rd year Undergraduate Public Administration Management ✗ ✗

49 5th year PhD Astronomy Astronomy ✗ ✗

50 – – – ✓ ✓

51 2nd year Master Astronomy Astronomy ✗ ✗

52 – – – ✓ ✗

Geography
53 3rd year PhD Biology Biology ✗ ✗

54 1st year PhD Biology Biology ✗ ✗

Neurobiology
55 3rd year PhD Marine Biology Biology ✗ ✗

Chemistry
56 – – – ✓ ✗

57 1st year PhD Chemistry Chemistry ✗ ✗

58 3rd year Undergraduate Chemistry Chemistry ✗ ✗

59 1st year PhD Physics Electromagnetism ✗ ✗

60 4th year Undergraduate Physics Electromagnetism ✗ ✗

Thermodynamics
61 4th year PhD Physics Electromagnetism ✗ ✗

62 1st year PhD Physics Electromagnetism ✗ ✗

Mechanics
Thermodynamics

63 1st year Master Physics Thermodynamics ✗ ✗

Electromagnetism
64 3rd year Undergraduate Agricultural and Environmental Sciences Geography ✗ ✗

65 4th year PhD Physics Thermodynamics ✗ ✗

Mechanics
Modern Physics

66 1st year PhD Physics Mechanics ✗ ✗

67 3rd year PhD Physics Mechanics ✗ ✗

68 4th year PhD Physics Modern Physics ✗ ✗

69 3rd year Undergraduate Neurobiology Neurobiology ✗ ✗

70 1st year PhD Neurobiology Neurobiology ✗ ✗

71 – – – ✓ ✓

72 3rd year Undergraduate Biology Neurobiology ✗ ✗

73 1st year Master Biology Neurobiology ✗ ✗

Table 5. Biographies of 73 annotators and validators involved in MMVU construction (Author biographies are hidden to protect identity
confidentiality). Note that some authors only participated in the data validation stage.
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A.2. Textbook for Each Subject
As discussed in Section 3.2, we design a textbook-guided example annotation pipeline to encompass both the breadth of
knowledge and the depth of reasoning. The textbooks used for each subject are detailed in the following tables. They are
selected by expert annotators and are recognized as authoritative references in their respective fields.

Subject Textbook

Astronomy
1. Foundations of Astrophysics [126]
2. Stellar Structure And Evolution [121]

Biology

1. Biology, 2nd Edition [26]
2. Introduction to Agricultural Engineering Technology: A Problem Solving
Approach, 4th Edition [43]
3. Introduction to Environmental Engineering, 5th Edition [33]
4. The Economy of Nature, 7th Edition [125]
5. The Molecular Biology of the Cell, 6th Edition [2]

Chemistry

1. Atkins’ Physical Chemistry, 12th Edition [8]
2. Chemistry, 2nd Edition [44]
3. Chemistry: The Central Science, 15th Edition [14]
4. Organic Chemistry As A Second Language [78]
5. Organic Chemistry, 2nd Edition [28]

Electromagnetism
1. Introduction to Electrodynamics, 4th Edition [56]
2. University Physics Volume 2 (Electromagnetism) [97]

Geography
1. Fundamentals of Geophysics, 2nd Edition [102]
2. Human Geography, 12th Edition [45]
3. Physical Geography: A Landscape Appreciation, 10th Edition [61]

Mechanics 1. University Physics Volume 1 [96]

Modern Physics 1. University Physics Volume 3 [98]

Neurobiology
1. Neuroscience, 6th Edition [122]
2. Principles of Neural Science, 6th Edition [73]
3. Principles of Neurobiology [105]

Thermodynamics
1. An Introduction to Thermal Physics [127]
2. University Physics Volume 2 (Thermodynamics) [97]

Table 6. List of textbooks and corresponding example numbers for the Science discipline.
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Subject Textbook

Biomedical
Engineering

1. Biomaterials Science: An Introduction to Materials in Medicine, 4th Edition
[141]
2. Biomaterials and Biopolymers [36]
3. Fundamentals and Advances in Medical Biotechnology [5]
4. Introduction to Biomedical Engineering, 4th Edition [38]

Civil Engineering
1. Engineering Geology and Construction [11]
2. Principles of Geotechnical Engineering, 9th Edition [31]
3. Structure for Architects: A Case Study in Steel, Wood, and Reinforced
Concrete Design [10]

Computer Science

1. Algorithms, 4th Edition [128]
2. Computer Organization and Design: The Hardware/Software Interface, 6th
Edition [120]
3. Computer Systems: A Programmer’s Perspective, 3rd Edition [16]
4. Deep Learning [52]
5. Digital Image Processing, 4th Edition [123]
6. Introduction to Algorithms, 4th Edition [30]
7. Operating System Concepts, 10th Edition [131]

Electrical
Engineering

1. Electrical Engineering: Principles and Applications, 7th Edition [57]

Electronics
and Communication

1. CMOS Analog Circuit Design, 3rd Edition [3]
2. Introduction to Communication Systems [107]
3. The Art of Electronics, 3rd Edition [64]

Materials Science

1. Composite Materials: Science and Engineering, 3rd Edition [19]
2. Convection in Porous Media, 5th Edition [114]
3. Fiber-Reinforced Composites Materials, Manufacturing, and Design, 3rd
Edition [108]
4. Materials Science and Engineering: An Introduction, 10th Edition [18]

Mechanical
Engineering

1. Industrial Automation: An Engineering Approach
2. Industrial Robotics Control: Mathematical Models, Software Architecture,
and Electronics Design [46]
3. Intelligent Manufacturing System and Intelligent Workshop [142]
4. Machine Tool Practices, 11th Edition [77]
5. Marks’ Standard Handbook for Mechanical Engineers, 12th Edition [9]
6. Modern Control Engineering, 5th Edition [116]

Table 7. List of textbooks and corresponding example numbers for the Engineering discipline.
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Subject Textbook

Basic Medicine
1. Kuby Immunology, 8th Edition [119]
2. Robbins and Cotran Pathologic Basis of Disease, 10th Edition [82]
3. Tissue Barriers in Disease, Injury and Regeneration [54]

Clinical Medicine
1. Cecil Essentials of Medicine, 10th Edition [151]
2. Kumar and Clark’s Clinical Medicine, 10th Edition [40]

Dentistry 1. Pharmacology and Therapeutics for Dentistry, 7th Edition [158]

Pharmacy 1. The Pharmacological Basis of Therapeutics, 13th Edition [15]

Preventive
Medicine

1. Public Health and Preventive Medicine, 15th Edition [110]

Table 8. List of textbooks and corresponding example numbers for the Healthcare discipline.

Subject Textbook

Art
1. Art Through the Ages: A Global History Volume I, 16th Edition [79]
2. Introduction to Film Studies, 5th Edition [113]
3. The Filmmaker’s Handbook: A Comprehensive Guide for the Digital Age,
5th Edition [6]

Economics

1. Intermediate Microeconomics: A Modern Approach, 8th Edition [140]
2. Land Resource Economics and Sustainable Development: Economic Poli-
cies and the Common Good [139]
3. Macroeconomics, 9th Edition [12]
4. Principles of Economics, 3rd Edition [55]
5. Principles of Microeconomics, 9th Edition [109]

History
1. Archaeology: Theories Methods and Practice, 7th Edition [124]
2. World History Volume 1: to 1500 [80]

Law
1. Arbitration Awards: A Practical Approach [138]
2. Contract Law [137]
3. The CISG: A new textbook for students and practitioners [68]

Literature
1. An Introduction to Language, 11th Edition [47]
2. The Cambridge Introduction to the Novel [106]

Management
1. Principles of Management [13]

Table 9. List of textbooks and corresponding example numbers for the Humanities and Social Science discipline.
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A.3. Annotation Guideline and Interface
With the goal of ensure the high quality of data, MMVU adheres to the following four benchmark construction desiderata,
we develop the following annotation interface based on Turkle [62], an open-source clone of Amazon’s Mechanical Turk:

Figure 5. Annotation Interface - Step 1: Video Collection. In this step, annotators are required to input the YouTube video URL and
select the desired question type. The backend system of the interface will automatically verify whether the provided YouTube video is
under a Creative Commons license using the YouTube Data API v3. If the video does not meet this requirement, as shown in the figure, a
warning message will be displayed, and the submission will be blocked. Once a valid example is submitted, the annotation interface will
proceed to Step 2, which is illustrated in the following two figures.
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Figure 6. Annotation Interface - Step 2: Multiple-choice Question Annotation.

Figure 7. Annotation Interface - Step 2: Open-ended Question Annotation.
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A.4. Validation Guideline and Interface
To ensure that the final dataset remains high-quality and meets expert-level standards without introducing unnecessary bias,
each example in MMVU undergoes expert review by one of the authors or top-performing annotators to verify the accuracy
of its annotations, following the annotation guideline detailed in Appendix A.3. The examples of validation interface are
presented as follows:

Figure 8. Validation Interface. Human validators are required to thoroughly review each annotation feature to ensure alignment with
benchmark construction criteria and annotation guidelines. If revisions are not feasible, detailed feedback must be provided to the original
annotator, who will then revise and resubmit the annotation for a second review. Additionally, validators may discard examples deemed to
be of low quality and unlikely to meet the desired criteria through revision.

A.5. Data Annotation and Validation Payment
The annotation and validation process for MMVU spans three months. As outlined in Section 3.2, annotating examples for
MMVU can be particularly time-intensive, especially when there is limited availability of videos with Creative Commons
licenses in the required subjects. To accommodate this and ensure a high-quality dataset, we compensate annotators based on
the time they spend rather than the number of examples completed, preventing them from rushing through tasks. Annotators
are required to record their screens throughout the annotation process, which enables us to verify time reporting accuracy
and maintain productivity standards. This also helps us identify any distractions and precisely track the total time spent
on each task. We offer a base rate of 6 USD per hour for both annotation and validation work, with an additional 2 USD
per completed annotation and 0.40 USD per validated example. On average, annotating a single question for MMVU takes
20 minutes and 17 seconds, while validation requires 4 minutes and 12 seconds. This compensation structure ensures that
annotators earn wages that are competitive with the average payment for teaching assistants at their respective universities.
To reduce pressure and maintain a comfortable pace, we recommended that annotators limit their work to a maximum of 10
QA example annotations or 50 QA example validations per day.
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B. Experiment Setup
B.1. Configuration of Evaluated Models
Table 10 detail the configuration of each evaluated models. We use the default settings from the official implementation of
each model to process vision input. Across all experiments, the temperature is set to 1.0, with a maximum output length of
1024 tokens. However, for Gemini-2-Flash-Thinking, the maximum output length is set as 8192 tokens to accommodate its
long CoT reasoning mechanism. All inferences are reproducible on a workstation equipped with two NVIDIA A100-80G
GPUs.

Organization Model Release Version Support
Video?

Input
Frames

# Inference
Pipeline

Proprietary Models

OpenAI
o1∗ 2024-12 o1-2024-12-17 ✗ 32

APIGPT-4o 2024-8 gpt-4o-2024-08-06 ✗ 32
GPT-4o-mini 2024-7 gpt-4o-mini-2024-07-18 ✗ 32

Google Gemini 2.0 Flash Thinking 2024-12 gemini-2.0-flash-thinking-exp-1219 ✗ 32

APIGemini 2.0 Flash 2024-12 gemini-2.0-flash-exp ✗ 32
Gemini 1.5 Pro 2024-9 gemini-1.5-pro ✓ 32
Gemini 1.5 Flash 2024-9 gemini-1.5-flash ✓ 32

Anthropic Claude-3.5-Sonnet 2024-10 claude-3-5-sonnet-20241022 ✗ 32 API

xAI Grok-2-Vision 2024-12 grok-2-vision-1212 ✗ 32 API

Zhipu AI GLM-4V-Plus 2025-1 glm-4v-plus-0111 ✓ 4 API

Open-source Multimodal Foundation Models

Mistral AI Pixtral-12B 2024-9 Pixtral-12B-2409 ✗ 8 vLLM

Microsoft Phi-3.5-Vision 2024-7 Phi-3.5-vision-instruct ✗ 16 vLLM

Shanghai AI Lab
InternVL2.5-38B 2024-11 InternVL2.5-38B ✗ 4

vLLMInternVL2.5-8B 2024-11 InternVL2.5-8B ✗ 4
InternVL2-8B 2024-6 InternVL2-8B ✗ 4

Alibaba
Qwen2-VL-2B 2024-8 Qwen2-VL-2B-Instruct ✓ 1fps

vLLMQwen2-VL-7B 2024-8 Qwen2-VL-7B-Instruct ✓ 1fps
Qwen2-VL-72B 2024-9 Qwen2-VL-72B-Instruct ✓ 1fps

Meta Llama-3.2-11B-Vision 2024-9 Llama-3.2-11B-Vision-Instruct ✗ 8 vLLMLlama-3.2-90B-Vision 2024-9 Llama-3.2-90B-Vision-Instruct ✗ 8

DAMO VideoLLaMA2-7B 2024-6 VideoLLaMA2-7B ✓ 1fps HF
VideoLLaMA2.1-7B 2024-10 VideoLLaMA2.1-7B-16F ✓ 1fps HF

DeepSeek
DeepSeek-VL2 2024-12 deepseek-vl2 ✗ 2 vLLM
DeepSeek-VL2-Small 2024-12 deepseek-vl2-small ✗ 2 vLLM
DeepSeek-VL2-Tiny 2024-12 deepseek-vl2-tiny ✗ 2 vLLM

Rhymes Aria 2024-11 Aria-Chat ✗ 8 vLLM

Llava Hugging Face

LLaVA-OneVision-7B 2024-9 llava-onevision-qwen2-7b-ov-chat-hf ✓ 1fps vLLM
LLaVA-NeXT-Video-34B 2024-6 LLaVA-NeXT-Video-34B-hf ✗ 8 vLLM
LLaVA-NeXT-Video-7B 2024-6 LLaVA-NeXT-Video-7B-hf ✓ 16 vLLM

HuggingFaceM4 Idefics3-8B 2024-8 Idefics3-8B-Llama3 ✗ 4 vLLM

OpenGVLab InternVideo2-8B 2024-8 InternVideo2-Chat-8B ✓ 1fps HF

H2O H2OVL Mississippi-2B 2024-10 h2ovl-mississippi-2b ✗ 4 vLLM

Table 10. Details of the multimodal foundation models evaluated in MMVU. The “Source” column includes URLs for proprietary models
and Hugging Face model names for open-source models. The “# Input Frames” column, for those models only support multi-image input,
represents the default number of input frames, chosen from 2, 4, 8, 16, 32, based on the maximum value that does not exceed the model’s
context window. “HF” means “Hugging Face”.
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B.2. Chain-of-Thought and Direct Answer Prompts
The following figures illustrates the CoT reasoning and Direct Answer prompts applied in this study for answering multiple-
choice and open-ended questions, respectively.

Question:{question}
A: {option a}
B: {option b}
C: {option c}
D: {option d}
E: {option e}

Visual Information: {processed video}

Answer the given multiple-choice question step by step. Begin by explaining your reasoning process clearly. Conclude by stating the final answer
using the following format: “Therefore, the final answer is: $LETTER” (without quotes), where $LETTER is one of the options. Think step by
step before answering.

Figure 9. CoT reasoning prompt, adopted from MMMU-Pro [162], for answering multiple-choice question.

Question:{question}

Visual Information: {processed video}

Answer the given question step by step. Begin by explaining your reasoning process clearly. Conclude by stating the final answer using the
following format: ’Therefore, the final answer is: “Answer: $ANSWER” (without quotes), where $ANSWER is the final answer of the question.
Think step by step before answering.

Figure 10. CoT reasoning prompt for answering open-ended question.

Question:{question}
A: {option a}
B: {option b}
C: {option c}
D: {option d}
E: {option e}

Visual Information: {processed video}

Do not generate any intermediate reasoning process. Answer directly with the option letter from the given choices.

Figure 11. Direct Answer prompt, adopted from MMMU-Pro [162], for answering multiple-choice question.

Question:{question}

Visual Information: {processed video}

Do not generate any intermediate reasoning process. Directly output the final answer.

Figure 12. Direct Answer prompt for answering open-ended question.
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B.3. Prompts for Accuracy Evaluation

[Instruction]
Evaluate whether the model’s final answer is correct by comparing it to the ground-truth answer provided for the given question.
You should first extract the final answer from the model’s response, and then compare the extracted answer with the ground-truth answer to
determine its accuracy. Output your response in the following structured format:
{

‘extracted answer’: // str value ”A” ”B” ”C” ”D” ”E”, should be a single character
‘correct’: // boolean value, True if the answer is correct, False otherwise

}

[User]
Question:{question}
A: {option a}
B: {option b}
C: {option c}
D: {option d}
E: {option e}

Ground Truth Answer: {ground truth}

Model Response to the Question: {model response}

Figure 13. Evaluation prompt used for assessing the accuracy of multi-choice QA.

[Instruction]
Evaluate whether the model’s final answer is correct by comparing it to the ground-truth answer provided for the given question. You should first
extract the final answer from the model’s response, and then compare the extracted answer with the ground-truth answer to determine its accuracy.
The final answer generated by the model does not need to match the ground-truth answer word-for-word. However, it should only be considered
correct if it demonstrates the exact same technique or concept explicitly and unambiguously equivalent to the ground-truth answer. Output your
response in the following structured format:
{

‘extracted answer’: // str value, the short final answer extracted from the model’s response, do not hallucinate one that is not present in the
response

‘correct’: // boolean value, True if the answer is correct, False otherwise
}

[User]
Question:{question}

Ground Truth Answer: {ground truth}

Model Response to the Question: {model response}

Figure 14. Evaluation prompt used for assessing the accuracy of open-ended QA.
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C. Experiment
C.1. Comparison Between CoT Reasoning and Direct Answering

GPT-4o

Gemini 2.0 Flash

Gemini 1.5 Pro

Claude 3.5 Sonnet

GPT-4o mini

Gemini 1.5 Flash

Qwen2-VL-72B

DeepSeek-VL2

InternVL2.5-38B

Aria

Llama-3.2-90B-Vision

DeepSeek-VL2-Small

Qwen2-VL-7B-Instruct

InternVL2.5-8B

VideoLLaMA2.1-7B

Llama-3.2-11B-Vision

Phi-3.5-Vision

LLaVA-OneVision-7B

Qwen2-VL-2B

InternVL2-8B

Idefics3-8B

VideoLLaMA2-7B

DeepSeek-VL2-Tiny

Pixtral-12B

LLaVA-NeXT-Video-34B

InternVideo2-8B

H2OVL Mississippi-2B

LLaVA-NeXT-Video-7B

0 20 40 60 80

Chain-of-Thought Direct Answer

Figure 15. Comparison of model performance between CoT reasoning and direct answering on the validation set.
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C.2. Error Case Analysis: Visual Perception Error

Question:  What is the algorithm used in the video?

Answer: Depth-First Search (DFS)
Reasoning Rational: In video, the traversal starts from the root node and 
proceeds downward, first exploring the left subtree and then the right subtree, 
which aligns with the characteristics of DFS; thus the algorithm used is DFS.

Visual Perception Error

Llama-3.2-90B-Vision: 
The algorithm used in the video is Breadth-first search (BFS). This conclusion 
can be drawn from the following observations: 1. Traversal Order: The traversal 
starts from the root (node with the value 5) and then moves to its direct children 
(nodes 2 and 8), and so on, level by level. 2. Pattern: BFS typically traverses a 
graph level by level, visiting all nodes at one depth before moving to the next 
deeper level. 3. Coloring of Nodes: The nodes are colored in the order of their 
traversal depth, starting from the top and moving down. (Human Evalutor’s 
Comment: This observation contradicts with the video content, 
where the nodes in video are expanded left to right, top to down.) 
Given these observations, the algorithm used is BFS. Therefore, the final 
answer is: Breadth-first search (BFS).

Error Reason: The model fails to correctly identify the traversal order of the 
binary tree in the video, incorrectly interpreting it as "level by level." Thus it 
produces a wrong answer Breadth-First Search. The model does not accurately 
capture the temporal sequence information in the video.

Question:  Which of the following virus infections does it belong to?
Options: (A) Norovirus  (B) Measles virus (C) Hemorrhagic fever virus ✅
(D) Human papillomavirus (E) Arboviral encephalitis virus

Misuse or Lack Domain Knowledge in Reasoning

Reasoning Rational: 
The video displays a simplified structure of the Ebola virus (ssRNA) and its 
origin (bats), which suggests that the virus is the Ebola Virus Disease (EVD) 
that has had a significant impact on the globe. The Ebola virus is classified 
under regional hemorrhagic fever viruses.

Error Reason: The model misuses the domain knowledge that bats are found 
in some places with poor hygiene to reason that this is a norovirus outbreak 
occurring in an unhygienic location. However, the model should recall in its 
reasoning that "bats are significant sources and transmission vectors for certain 
diseases."

Qwen2-VL-72B: 
Norovirus primarily infects areas with high population density and poor 
sanitation conditions. The worms and bats in the video indicate that the 
environment has poor sanitation conditions (Human Evalutor’s Comment: 
Misuse of domain knowledge in reasoning. The bats represents the 
origin and the mode of transmission of the virus.). So the answer is (A) 
Norovirus.

Figure 16. An error case of Computer Science.
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Question:  Which process is shown in the animation?
Options:
(A) Isothermal compression (B) Adiabatic compression (C) Isobaric compression
(D) Adiabatic expansion (E) Isothermal expansion

Answer: B
Relevant Knowledge (Wikipedia page title): Adiabatic process, Isothermal process, Isobaric process, Ideal gas 
law
Reasoning Rational:
From the video, it can be seen that the gas is thermally isolated and returns to its initial state through compression. This 
physical process is known as adiabatic compression.

Thermodynamics

Llama-3.2-90B-Vision: 
To determine the process shown in the animation, we need to analyze the provided graph and the printed values.

The graph plots pressure (P) against volume (V), and the curve is descending, indicating that the volume is increasing 
while the pressure decreases. This is characteristic of expansion.

Additionally, the absence of a thermostat indicates that no temperature regulation is involved. This suggests the process 
is not isothermal (constant temperature), but rather adiabatic (no heat exchange with the surroundings).

Since the volume is increasing, it is likely that the gas is expanding. (Human Evalutor’s Comment: This 
observation contradicts with the video content, where the gas is being compressed.) Adiabatic expansion 
occurs when a gas expands without gaining or losing heat, and its temperature decreases.

Therefore, the final answer is: D. Adiabatic expansion.

Error Category: Visual perception error
Error Reason: The model wrongly identifies the process of gas compression as the process of gas expansion, which is 
not consistent with the human observation and leads to the wrong final answer.

Figure 17. An error case of Thermodynamics.
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Question:  Which physical variable is changed in the animation?

Answer: Resistance
Relevant Knowledge (Wikipedia page title): Electrical resistance and conductance, Ohm’s law, 
Electromagnetism
Reasoning Rational:
The video shows that by pulling out the knob, the resistance in the circuit can be changed.

Electromagnetism

DeepSeek-VL2:
In the animation, a PSP (Pressure Sensor Package) is shown being compressed by water, and its output increases as the 
depth increases due to the increased pressure and density of the water. (Human Evalutor’s Comment: This 
observation contradicts with the video content, where there is no water.) This indicates that the 
deformation variable is the one that changes in the animation.

Therefore, the final answer is: Deformation

Error Category: Visual Perception Error
Error Reason: The model incorrectly identifies the device shell, which gradually turns blue and transparent in the 
video for inside demonstration, as water. The hallucination misleads the reasoning process and results in a totally 
wrong conclusion.

Figure 18. An error case of Electromagnetism.
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Question:  Which cinematic shooting technique is shown in the video?

Art

Answer: Dolly Zoom
Relevant Knowledge (Wikipedia page title): Dolly zoom, Cinematic techniques
Reasoning Rational:
"Dolly zoom" is a unique cinematographic technique that creates a visual distortion effect by simultaneously adjusting 
the lens while dollying in or out. The video clearly shows the camera zooming in on the object. Therefore, the most 
likely shooting technique demonstrated in the video is the dolly zoom.

Qwen2-VL-72B: 
The video shows the panning technique, where the camera moves horizontally, from left to right gradually, (Human 
Evalutor’s Comment: This observation contradicts with the video content, where the camera zooming 
in on the object, instead of moving horizontally.)  to capture a wide view of the scene.

Therefore, the answer is: panning.

Error Category: Visual Perception Error
Error Reason: The model fails to interpret the dollying-in motion in the video or associate it with a cinematic 
technique. Instead, it thinks the motion of camera is panning from left to right. Therefore, the model fails to effectively 
interpret temporal visual data and it infers a wrong answer.

Figure 19. An error case of Art.
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C.3. Error Case Analysis: Misuse or Lack Domain Knowledge in Visual Perception

Question:  What is the algorithm shown in the video?

Answer: Binary Search
Relevant Knowledge (Wikipedia page title): Binary search, Search algorithm, Computer Science
Reasoning Rational:
The character in the video always locates data from the middle and then discards a part of the data, ultimately finding 
the target value. From the entire process, we can infer that this sequence is an ordered sequence, which aligns with the 
process of Binary Search.

Computer Science

Llama-3.2-90B-Vision: 
To determine what algorithm is shown in the video, let's analyze the steps and their characteristics:
1. The video starts by showing a set of numbers.
2. It then rearranges the numbers in a specific order.

The observed steps suggest that the algorithm is sorting the numbers in ascending order. The algorithm sorts an array 
by repeatedly finding the minimum element from the unsorted part and putting it at the beginning. It involves selecting 
the smallest element and moving it to the correct position, which matches the steps shown in the video.

Based on the analysis, the algorithm shown in the video involves selecting the minimum element and moving it to the 
correct position repeatedly, which is characteristic of the selection sort algorithm. (Human Evalutor’s Comment: 
Misuse of domain knowledge in visual perception. The indices of the array are mistakenly identified as 
the values.)

Therefore, the final answer is: Selection Sort.

Error Category: Misuse or Lack Domain Knowledge in Visual Perception
Error Reason: The model wrongly recognized the numerical sequence in the video as values (when in fact they are the 
indices of the sequence), leading to the incorrect conclusion that the algorithm shown in the video is a sorting 
algorithm.

Figure 20. An error case of Computer Science.
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Question:  What kind of filter is the circuit implemented?

Answer: High-pass filter
Relevant Knowledge (Wikipedia page title): High-pass filter, RC circuit, Electronic filter, Signal processing
Reasoning Rational:
From the video, it can be seen that the circuit processes different frequency components of the signal, filtering out low 
frequencies to produce a new signal. Thus, it is a High-pass filter.

Electrical Engineering

Qwen2-VL-72B: 
To determine the type of filter implemented in the circuit, we need to analyze the components and their configuration.

1. Inductor and Capacitor Configuration:
● The circuit includes an inductor and a capacitor.
● These components are arranged in a series configuration.

2. Circuit Analysis:
● The circuit diagram shows a series configuration of an inductor and a capacitor. (Human Evalutor’s 

Comment: Misuse of domain knowledge in visual perception. The resistor is mistakenly 
identified as an inductor.)

● This configuration is characteristic of a band-pass filter, where the inductor passes high frequencies and the 
capacitor passes low frequencies, but together they allow a specific range of frequencies to pass.

3. Confirmation:
● The given figure and the analysis of the components and their arrangement strongly suggest that this is a 

band-pass filter.
Therefore, the final answer is: Band-pass filter.

Error Category: Misuse or Lack Domain Knowledge in Visual Perception
Error Reason: The model lacks domain knowledge of common circuit component diagrams, leading to the incorrect 
identification of the resistor in the circuit as an inductor. The wrong identification of circuit components results in the 
false reasoning of the fitler type.

Figure 21. An error case of Electrical Engineering.
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Question:  What process is shown in the video?

Answer: Embryo Transfer
Relevant Knowledge (Wikipedia page title): Embryo transfer, In vitro fertilisation, Childbirth, Female 
reproductive system
Reasoning Rational:
The video demonstrates the process of embryo transfer in which an embryo is implanted into a woman's uterus 
following in vitro fertilization. It features specific visuals of the fertilized egg, syringe, and the injection procedure.

Pharmacy

DeepSeek-VL2: 
The video shows a syringe injecting a cell into a tube, leading to the creation of baby DNA and cells multiplying, 
eventually forming a dark blue circular mass with an umbilical cord attached to it. This process is illustrated with 
illustrations of babies inside, suggesting fetal development. (Human Evalutor’s Comment: Misuse of domain 
knowledge in visual perception. The uterus of a woman where the process happens is mistakenly 
identified as the inside of a fetus.) Therefore, the final answer is: Fetal Development Process.

Error Category: Misuse or Lack Domain Knowledge in Visual Perception
Error Reason: The model misuses its domain knowledge of fetal development, wrongly identifying the uterus shown 
in the video as a fetus. Then the model draws the incorrect conclusion that the video demonstrates the fetal 
development process.

Figure 22. An error case of Pharmacy.
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C.4. Error Case Analysis: Misuse or Lack Domain Knowledge in Reasoning

Question:  What is the algorithm used in the video?

Answer: Depth-First Search (DFS)
Reasoning Rational: In video, the traversal starts from the root node and 
proceeds downward, first exploring the left subtree and then the right subtree, 
which aligns with the characteristics of DFS; thus the algorithm used is DFS.

Visual Perception Error

Llama-3.2-90B-Vision: 
The algorithm used in the video is Breadth-first search (BFS). This conclusion 
can be drawn from the following observations: 1. Traversal Order: The traversal 
starts from the root (node with the value 5) and then moves to its direct children 
(nodes 2 and 8), and so on, level by level. 2. Pattern: BFS typically traverses a 
graph level by level, visiting all nodes at one depth before moving to the next 
deeper level. 3. Coloring of Nodes: The nodes are colored in the order of their 
traversal depth, starting from the top and moving down. (Human Evalutor’s 
Comment: This observation contradicts with the video content, 
where the nodes in video are expanded left to right, top to down.) 
Given these observations, the algorithm used is BFS. Therefore, the final 
answer is: Breadth-first search (BFS).

Error Reason: The model fails to correctly identify the traversal order of the 
binary tree in the video, incorrectly interpreting it as "level by level." Thus it 
produces a wrong answer Breadth-First Search. The model does not accurately 
capture the temporal sequence information in the video.

Question:  Which of the following virus infections does it belong to?
Options: (A) Norovirus  (B) Measles virus (C) Hemorrhagic fever virus ✅
(D) Human papillomavirus (E) Arboviral encephalitis virus

Misuse or Lack Domain Knowledge in Reasoning

Reasoning Rational: 
The video displays a simplified structure of the Ebola virus (ssRNA) and its 
origin (bats), which suggests that the virus is the Ebola Virus Disease (EVD) 
that has had a significant impact on the globe. The Ebola virus is classified 
under regional hemorrhagic fever viruses.

Error Reason: The model misuses the domain knowledge that bats are found 
in some places with poor hygiene to reason that this is a norovirus outbreak 
occurring in an unhygienic location. However, the model should recall in its 
reasoning that "bats are significant sources and transmission vectors for certain 
diseases."

Qwen2-VL-72B: 
Norovirus primarily infects areas with high population density and poor 
sanitation conditions. The worms and bats in the video indicate that the 
environment has poor sanitation conditions (Human Evalutor’s Comment: 
Misuse of domain knowledge in reasoning. The bats represents the 
origin and the mode of transmission of the virus.). So the answer is (A) 
Norovirus.

Figure 23. An error case of Basic Medicine.
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Question:  The algorithm demonstrated in the video is which common algorithm?
Options:
(A) Bubble Sort  (B) Merge Sort  (C) Insertion Sort  (D) Selection Sort  (E) Heap Sort

Answer: C
Relevant Knowledge (Wikipedia page title): Insertion sort, Bubble sort, Merge sort, Selection sort, Heapsort
Reasoning Rational:
The video ultimately sorts these blocks in ascending order, thus it is clearly a sorting algorithm. Observing the video 
process, there is no need to scan the sorting process from beginning to end, and there is an obvious insertion action, 
which allows us to eliminate Selection Sort, indicating it is Insertion Sort.

Computer Science

DeepSeek-VL2: 
The given video shows computer bars that increase and decrease according to their size. The algorithm being 
demonstrated is a sorting algorithm, as it reorganizes the bars in order of their size. Among the given options, options 
(B) and (C) are not suitable, as Merge Sort and Insertion Sort are not typically demonstrated through visual bar 
representations. Option (F) is also not suitable, as Heap Sort is not typically demonstrated through visual bar 
representations. (Human Evalutor’s Comment: Biased misuse of pre-trained domain knowledge in 
reasoning. The sorting algorithms can be demonstrated through visual bar representations and the 
form of presentation should not be the main focus.) Although option (D) Selection Sort is a possibility, the 
given algorithm does not repeatedly find the minimum element of the unsorted part and put it at the front, which 
characterizes Selection Sort. Therefore, the given algorithm is most likely a Bubble Sort, as this algorithm uses visual 
bar representations.

Therefore, the final answer is: A. Bubble Sort

Error Category: Misuse or Lack Domain Knowledge in Reasoning
Error Reason: The model considers Insertion Sort not to be the correct answer because it believes that Insertion Sort 
is not typically demonstrated through visual bar representations. This is a typical case of reasoning errors caused by the 
misuse of pretrained domain knowledge.

Figure 24. An error case of Computer Science.
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Question:  What biological process is shown in the video?
Options:
(A) Biodegradation  (B) Community succession  (C) Genetic drift  (D) Migration of organism  (E) Species formation

Answer: E
Relevant Knowledge (Wikipedia page title): Speciation,  Reproductive isolation, Allopatric speciation, Charles 
Darwin, On the Origin of Species
Reasoning Rational:
In the video, the species undergo geographical isolation, which prevents gene flow with other populations. Over time, 
this leads to changes in allele frequencies within the gene pool. When significant differences arise between two 
populations' gene pools causing reproductive isolation, a new species is formed.

Biology

Qwen2-VL-72B:
The video shows a girl floating over a virtual map and selecting various animals. This image is used to demonstrate the 
process of migration of organisms. The girl's selection of animals and their placement on the map suggests the 
migration of organisms to different locations. (Human Evalutor’s Comment: Misuse of domain knowledge in 
reasoning. The movement of organisms is due to the continental drift, not a spontaneous migration.) 
Additionally, the video features a tree, a fish, a koala, a giraffe, and a lion on the edges of the map, which further 
supports the notion of migration. Based on this analysis, the biological process shown in the video is the migration of 
organisms.

Therefore, the final answer is: {D. Migration of organisms}

Error Category: Misuse or Lack Domain Knowledge in Reasoning
Error Reason: The model misuses pretrained knowledge and incorrectly infers that this is a case of spontaneous 
organism migration. In fact, the organism movement and isolation is caused by continental drift.

Figure 25. An error case of Biology.
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Question:  Assume that 2.24 liters of gas fully participates in the reaction shown in the video under the standard 
temperature and pressure condition, how many grams of precipitate are produced approximately?

Options: (A) 10.0  (B) 5.0  (C) 12.0  (D) 15.0  (E) 20.0

Chemistry

Answer: A
Relevant Knowledge (Wikipedia page title): Calcium hydroxide, Carbon dioxide, Ideal gas law
Reasoning Rational:
1. In the video, a person exhales gas that is continuously introduced into a clear solution, gradually forming a white 
precipitate. This indicates that the substances involved in the reaction are CO₂ and limewater. 
2. The chemical reaction equation is: Ca(OH)₂  + CO₂  → CaCO₃ + H₂ O
3. At the STP, 2.24 liters of CO₂ corresponds to 0.1 Moles.
4. From balanced equation, 0.1 moles of CO₂ produce 0.1 moles of CaCO₃.
5. Given Ca = 40 g/mol, C = 12 g/mol, O = 16 g/mol, the molar mass of CaCO₃ = 40 + 12 + 16 * 3 = 100 g/mol. 
Therefore, the mass of CaCO₃ = 0.1 * 100 = 10g.

DeepSeek-VL2: 
To determine the amount of precipitate produced, we need to identify the chemical reaction involved and use the 
stoichiometry of the reaction. However, the video does not provide enough information to directly identify the reaction 
(Human Evalutor’s Comment: Lack of domain knowledge in reasoning. The model fails to recall and apply 
relevant chemical equations.). Assuming the reaction is a typical precipitation reaction involving a gas and a 
solution, we can use the ideal gas law (PV=nRT) to estimate the volume of gas produced under standard temperature 
and pressure (STP).

Given:
- Volume of gas produced = 2.24 liters
- STP conditions: P = 1 atm, T = 273 K, R = 0.0821 L·atm/(mol·K)

First, we calculate the number of moles of gas produced using the ideal gas law:
n = PV/RT = (1 atm * 2.24 L) / (0.0821 (L·atm)/(mol·K) * 273 K) ≈ 0.1 mol

Assuming the reaction produces a precipitate with a known stoichiometry, we can calculate the mass of the precipitate. 
However, without knowing the specific reaction, we cannot accurately determine the mass of the precipitate.

Given the options, we need to make an educated guess based on typical reactions. If we assume the reaction produces a 
precipitate with a molar mass of around 50 g/mol (a common value for many precipitates), we can estimate the mass of 
the precipitate as follows:
Mass of precipitate = n * Molar mass = 0.1 mol * 50 g/mol ≈ 5 g

Therefore, the correct answer is (B) 5.0 g.

Error Category: Misuse or Lack Domain Knowledge in Reasoning
Error Reason: The model fails to recall and apply the correct relevant chemical equations. Instead, it merely makes a 
vague statement and then guesses a possible ratio between the products and reactants, which comes to a wrong 
conclusion at last.

Figure 26. An error case of Chemistry.
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C.5. Error Case Analysis: Heavy Reliance on Textual Information

Question:  When the phenomenon in the video occurs, which of the following options is the most important to adjust?
Options:
(A) Renin-angiotensin system
(B) Hypothalamic-pituitary-thyroid axis
(C) Adrenaline and norepinephrine
(D) Melatonin secretion
(E) Sodium-potassium pump activity

Answer: A
Relevant Knowledge (Wikipedia page title): Renin–angiotensin system, Homeostasis, Assessment of kidney 
function, Osmoregulation
Reasoning Rational:
The issue presented in the video is related to the imbalance of water within the body, causing cells to swell and 
resulting in symptoms such as headaches. Among the options provided, the regulation of water balance is primarily 
managed through the renin-angiotensin system.

Clinical Medicine

Llama-3.2-90B-Vision:
The phenomenon in the video likely refers to the effects of overhydration on the body. To adjust this, the most 
important physiological response would be to regulate the body's sodium level, which is primarily managed by the 
sodium-potassium pump activity. (Human Evalutor’s Comment: The model ignores the video information 
about water balance.) This pump plays a crucial role in maintaining the balance of electrolytes and fluids within the 
body, which is crucial for the proper functioning of cells.

Therefore, the final answer is: {E. Sodium-potassium pump activity}.

Error Category: Heavy Reliance on Textual Information
Error Reason: The model ignores the video information about water excretion in the human body. It relies solely on 
the text and chooses the incorrect option E simply because cellular ion balance is crucial to the body’s internal 
environment, thereby missing the actual disorder of fluid overload mentioned in the video.

Figure 27. An error case of Clinical Medicine.
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Question:  For the company shown in the video, what is one of the methods to handle associated risks?
Options:
(A) diversification  (B) vertical integration  (C) horizontal integration  (D) outsourcing  (E) speculation

Management

Qwen2-VL-72B:
To handle the risk associated with a company, diversification is one of the methods that can be used. Diversification 
involves spreading investments across various sectors or industries to reduce risk. Vertical integration and horizontal 
integration are strategies to gain control over the supply chain or expand market dominance, respectively, but they do 
not directly address risk management (Human Evalutor’s Comment: The model ignores the video information 
about the features of the company.). Inventory management and outsourcing are operational strategies that can 
influence risk, but they are not specifically methods for handling risk. Therefore, the correct answer is Option A. 
Therefore, the final answer is: A. diversification.

Error Category: Heavy Reliance on Textual Information
Error Reason: The model ignores the features of the company demonstrated in the video. Instead, the model jumps to 
the conclusion that (A) diversification is the most appropriate method of risk management, solely based on the question 
and the given options.

Answer: B
Relevant Knowledge (Wikipedia page title): Vertical integration, Horizontal integration, Diversification, Risk 
management, Supply chain management
Reasoning Rational:
According to the content of the video, the company being discussed is a coffee company (the bubbles above the truck 
represent coffee beans) along with its upstream supply chain (costs of raw coffee beans, labor costs, etc.). A common 
practice to mitigate the price risk of upstream products is vertical integration, which involves establishing the coffee 
brand's own coffee plantation.

Figure 28. An error case of Management.

41 Back to Appendix Table of Contents



C.6. Error Case Analysis: Logical Reasoning Error

Question:  What kind of mechanical transformation is not represented in the video?
Options:
(A) It may convert gravitational energy into elastic energy.
(B) It may convert one force to another force.
(C) It may convert one speed to another speed.
(D) It may convert linear motion into rotational motion.
(E) It may convert gravitational energy to kinetic energy.

Answer: D
Relevant Knowledge (Wikipedia page title): Mechanical energy, Kinematics, Mechanical Engineering
Reasoning Rational:
In the video, the rotation of the disk carries the vertical movement of the animal block, and the speed of the block 
changes during the start and stop. The gravity of the mass and the elasticity of the spring transform each other. So the 
choice is D.

Mechanical Engineering

Llama-3.2-90B-Vision: 
To determine which type of mechanical transformation is not represented in the video, we need to consider the actions 
depicted in the video and the various forms of energy and motion transformation mechanisms typically found in 
mechanical systems.

1. Linear Motion into Rotational Motion: The video shows a mechanical linkage where a linear motion is converted 
into rotational motion.
2. Rotational Motion into Linear Motion: The video also shows the reverse process, where rotational motion is 
converted into linear motion, which is visible in the reciprocal motion of the device.
3. Kinetic Energy Transformation: The video shows a transformation of kinetic energy from one part of the mechanism 
to another as parts move and interact.
4. Elastic Energy Transformation: The presence of a spring in the mechanism suggests the conversion of kinetic energy 
into elastic potential energy and vice versa.

Now, let's evaluate the options to see which transformation is not explicitly shown in the video:
Option A: It may convert gravitational energy into elastic energy. - This transformation is not directly shown in the 
video. (Human Evalutor’s Comment: The reasoning here contradicts with the other reasoning.) The video 
focuses on the interactions between mechanical parts and their resulting motions rather than showing the specific 
conversion of gravitational energy into elastic energy.
Option B: It may convert one force to another force. - This is generally true as mechanical systems often convert forces 
between different parts.
Option C: It may convert one speed to another speed. - Mechanical systems often include gears and linkages that 
change speeds.
Option D: It may convert linear motion into rotational motion. - This is explicitly shown in the video.
Option E: It may convert gravitational energy to kinetic energy. - This transformation could be inferred based on the 
interactions of the parts, but it is not the main focus of the video.
After careful analysis, the final answer is: {A}.

Error Category: Logical Reasoning Error
Error Reason: There is self-contradiction in the entire reasoning process. The model believes that kinetic energy can 
be converted into elastic potential energy, and that gravitational potential energy can be converted into kinetic energy. 
According to this logic, gravitational potential energy can also be converted into elastic potential energy, which aligns 
with the statement in option A. However, the model incorrectly assumes that there is no mechanical transformation 
mentioned in option A in the video, resulting in a contradictory reasoning process.

Figure 29. An error case of Mechanical Engineering.
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Question:  What could the brown stuff in the video be?
Options:
(A) peptidyltransferase  (B) RNA polymerase  (C) DNA polymerase  (D) Topoisomerase  (E) Spliceosome complex

Answer: B
Relevant Knowledge (Wikipedia page title): RNA polymerase, Transcription (biology), Peptidyltransferase, 
DNA polymerase, Topoisomerase, Spliceosome
Reasoning Rational:
The video demonstrates the process of DNA unwinding and transcription of RNA under the action of enzymes, 
specifically highlighting the role of RNA polymerase.

Clinical Medicine

DeepSeek-VL2: 
The brown structure in the video likely represents a biological process, as it is associated with DNA, RNA, and various 
molecular structures. The brown stuff could correspond to an enzyme that replicates DNA or RNA, or it could 
represent a complex that splices a strand of RNA. DNA polymerase synthesizes DNA strands. RNA polymerase 
synthesizes RNA from DNA, and peptidyltransferase catalyzes the formation of peptide bonds between two amino 
acids. Topoisomerase adjusts the tension or catenation in DNA by introducing or removing supercoils. Spliceosomes 
are complexes involved in pre-mRNA splicing.

Given the context, it seems most plausible that the brown stuff represents an enzyme involved in the replication of 
RNA (RNA polymerase) or an enzyme involved in cutting and splicing an mRNA strand (spliceosome complex). 
Therefore, we can eliminate options A, B, C, and D based on the actions shown in the video. (Human Evalutor’s 
Comment: Self-contradiction.) The most likely final answer is: E, Spliceosome complex.

Error Category: Logical Reasoning Error
Error Reason: The model thinks that the brown stuff represents a RNA polymerase or a spliceosome complex. But 
when the model comes to the conclusion, it excludes the correct answer spliceosome complex without any further 
reason, which contradicts with its previous logical reasoning.

Figure 30. An error case of Clinical Medicine.
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