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Figure 1: Overview of Video-MMMU: a) From visual understanding towards knowledge acquisition: Video-
MMMU evaluates LMMs’ ability to acquire knowledge from educational videos through three cognitive stages: 1)
Perception: identify key information; 2) Comprehension: understand the underlying concepts; 3) Adaptation:
adapt the knowledge to novel scenarios. b) From absolute performance towards learning gain: Video-MMMU does
not only measure the final accuracy but also the performance gain: how effectively the model learns from video to
solve an initially unsolvable problem.

Abstract

Humans acquire knowledge through three cog-
nitive stages: perceiving information, compre-
hending knowledge, and adapting knowledge
to solve novel problems. Videos serve as an
effective medium for knowledge acquisition,
facilitating a natural progression through these
learning stages. However, existing video bench-
marks fail to evaluate the knowledge acqui-
sition capabilities of Large Multimodal Mod-
els (LMMs). To address this gap, we intro-
duce Video-MMMU, a multi-modal, multi-
discipline, multi-track benchmark that eval-
uates LMMs’ ability to acquire knowledge
from college-level, educational videos. Video-
MMMU features a collection of 300 videos
and 900 human-annotated questions across
six disciplines, evaluating knowledge acqui-
sition through stage-aligned question-answer
pairs: Perception, Comprehension, and Adapta-
tion. Beyond measuring final accuracy, Video-
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MMMU proposes the performance gain metric
that quantifies an LMM’s learning gain from
video, shifting the focus of evaluation from ab-
solute performance to learning efficiency. Our
evaluation reveals a substantial gap between
human learners and current LMMs, highlight-
ing the need to improve models’ ability to learn
and adapt knowledge from video content.

1 Introduction

Humans acquire knowledge through cognitive
stages as outlined in Bloom’s Taxonomy (Bloom
et al., 1956): perceiving information, comprehend-
ing concepts, and applying knowledge to solve
problems. Video is an ideal medium for knowledge
acquisition, enabling a progression from informa-
tion intake to practical application (Sablić et al.,
2021; Yousef et al., 2014). Consider learning neu-
ral network forward propagation through a video
lecture in Fig. 1. Before watching, learners may be
unable to solve a related exam question. As they
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Figure 2: Sampled Video-MMMU examples across the 6 disciplines and 3 cognitive tracks.

engage with the video, they identify formulas, build
conceptual understanding, and eventually apply the
knowledge to problem-solving. This learning gain
can be quantified as normalized performance gain
(Hake, 1998), which captures the difference in per-
formance before and after watching the video.

For Large Multimodal Models (LMMs) to op-
erate in the wild like humans (Feng et al., 2024),
acquiring knowledge from videos is essential. How-
ever, existing video benchmarks primarily focus on
static, general visual understanding tasks, without
evaluating whether models can acquire knowledge
dynamically from educational videos. To bridge
this gap, we introduce Video-MMMU, a multi-
modal, multi-discipline, multi-track video bench-
mark that evaluates LMMs’ knowledge acquisi-
tion capability from videos. Video-MMMU pro-
vides a fundamentally new perspective on VideoQA
(question answering): 1) Video as an Educational
Medium: Video-MMMU is the first to recognize
videos as educational resources. It comprises 300
college-level videos spanning 30 subjects in 6 dis-
ciplines: Art, Business, Science, Medicine, Hu-

manities, and Engineering. 2) Cognitive Learning
QA Design. Video-MMMU shifts the focus from
general visual understanding to in-context knowl-
edge acquisition. Each video is paired with three
question–answer tasks aligned with human learning
stages: Perception (identifying key information),
Comprehension (understanding underlying princi-
ples), and Adaptation (applying acquired knowl-
edge to a new scenario). 3) From Absolute Perfor-
mance towards Learning Gain: A key innovation
of Video-MMMU is that it evaluates not only a
model’s static task-solving ability (final accuracy),
but also its learning gain: how much the model
improves after watching the video. Specifically,
Video-MMMU measures a model’s performance
on the Adaptation question without video and re-
evaluates it after providing the video from which
a human learner could learn to solve the question.
Following the educational research (Hake, 1998),
we quantify the learning gain as the normalized
performance gain.

Our experiments show the difficulty of Knowl-
edge acquisition from videos, revealing a no-
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table gap between humans and models in learn-
ing gain. While humans achieve substantial im-
provement (Gain = 36.5%) after video, even top-
performing models show smaller gains (Gain =
13.0%). These findings emphasize the need to im-
prove how LMMs acquire and apply knowledge
from video, bringing them closer to human-level
learning capabilities.

2 Related Work

2.1 VideoQA Benchmarks

Existing video benchmarks focus primarily on
general-purpose visual understanding tasks, includ-
ing action recognition (Yu et al., 2019; Patraucean
et al., 2023; Mangalam et al., 2023; Xiao et al.,
2021), temporal reasoning (Liu et al., 2024; Wang
et al., 2025; Wu et al., 2024; Cai et al., 2024).
More recently, benchmarks such as (Fu et al., 2025;
Fang et al., 2024; Zhou et al., 2025; Liu et al.,
2026; Yang et al., 2026) have expanded to multi-
task video understanding and agentic tasks. Ex-
isting benchmarks primarily focus on visual un-
derstanding tasks in general domain videos. In
contrast, Video-MMMU evaluates knowledge rea-
soning from educational videos.

2.2 Knowledge-Driven Benchmarks

As Artificial General Intelligence (AGI) pro-
gresses toward expert-level intelligence (Morris
et al., 2024a), knowledge-driven benchmarks have
emerged to evaluate models’ professional expertise.
MMLU (Hendrycks et al., 2021) and MMLU-Pro
(Wang et al., 2024) evaluate models using textual
exam questions, while MMMU (Yue et al., 2024)
and MMMU-Pro (Yue et al., 2025) expand the
modality to include images. MMWorld (He et al.,
2025), MMVU (Zhao et al., 2025) further intro-
duce video modality into the evaluation. Existing
benchmarks primarily evaluate static final accuracy.
Video-MMMU incorporates dynamic learning gain,
providing a new perspective on knowledge-driven
video QA. Tab. 1 summarizes the key differences
between Video-MMMU and other benchmarks.

3 Video-MMMU Dataset

Video-MMMU evaluates knowledge acquisition
from college-level videos in 6 disciplines. The
distribution across disciplines is shown in Fig. 3a.

Benchmarks Video QA Video Learning
Domain Len. Len. Gain

Video-MME (Fu
et al., 2025)

Open 35.7 1017.9 ✗

MMBench-Video
(Fang et al., 2024)

Open 10.9 165.4 ✗

TempCompass (Liu
et al., 2024)

Open 49.2 11.4 ✗

MVBench (Li et al.,
2024)

Open 27.3 16.0 ✗

MMVU (Zhao
et al., 2025)

Scientific 40.7 51.4 ✗

WorldQA (Zhang
et al., 2024)

Open 38.5 60.0 ✗

Video-MMMU Academic 75.7 506.2 ✓

Table 1: Comparison of video benchmarks.

3.1 Curriculum-Driven Video Curation

Exam-Point-Driven Topic Selection. To ensure
reasoning depth and disciplinary coverage, we
adopt a curriculum-driven curation pipeline. We
extract fine-grained Exam Points from textbooks,
each corresponding to a college-level knowledge
topic. This yields an initial pool of Exam Points,
as detailed in Appendix D.
Educational Video Sourcing. For each Exam
Point, annotators retrieve educational videos from
YouTube. We prioritize lecture-style videos that
provide detailed explanations or step-by-step ex-
ample questions with explicit derivations, rather
than fast-paced “crash course”. This ensures that
each video contains clear visual cues for percep-
tion, detailed explanations for comprehension, and
well-developed examples for adaptation.
Expert-Guided Quality Control. All videos un-
dergo a rigorous quality-control process including
annotator scoring, cross-checking, and final vali-
dation by human experts, as detailed in Appendix
C.1. Videos are evaluated along three dimensions:
visual clarity, technical depth, and alignment with
the Exam Point, with each rated on a 1–3 scale.
Only videos with the highest score are retained.
The total video length exceeds 42.18 hours.
Video Category. Through this curriculum-guided
and expert-validated process, the initial pool is sys-
tematically filtered into 300 high-quality videos.
These videos fall into two categories: Concept-
Introduction Videos, which explain foundational
theory, and Problem-Solving Videos, which demon-
strate step-by-step solution methods.

3.2 QA Taxonomy

We annotate QA pairs in three cognitive stages:
Perception, Comprehension, and Adaptation, each
assessing deeper levels of knowledge acquisition.
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Figure 3: Taxonomy of QA types and video disciplines.

Perception Questions evaluate the ability to ex-
tract information from the video. (1) Optical Char-
acter Recognition (OCR): These questions require
identifying visual details such as charts and hand-
written notes, as illustrated in Fig. 2 (Business). (2)
Automatic Speech Recognition (ASR): These ques-
tions require transcribing spoken content into text,
as shown in Fig. 2 (Art).
Comprehension Questions evaluate the under-
standing of knowledge: 1) Concept Comprehen-
sion (CC): These questions evaluate the concep-
tual understanding with a multiple-answer multiple-
choice format (MAMC), as shown in Fig. 2 (Hu-
manities). 2) Problem-solving Strategy Comprehen-
sion (PSC): For videos with an example question,
we test understanding by presenting the same ques-
tion with modified input values. In Fig. 2 (Science),
the video shows calculation with a 25-degree an-
gle, and our question changes to 30 degrees. One
can follow the same reasoning to demonstrate the
comprehension of method.
Adaptation Questions measure the ability to trans-
fer the knowledge to new scenarios. (1) Case Study
Analysis (CSA): These questions require applying
concepts to realistic scenarios. In Fig. 2 (Medicine),
the video explains a diagnostic concept, while the
QA asks to diagnose a new patient’s radiograph. (2)
Problem-Solving Strategy Adaptation (PSA): These
questions present a novel problem that requires
adapting the method from video. As shown in
Fig. 2 (Engineering), the video analyzes one wave-
form while the question asks a different one. The
distribution of question types is shown in Fig. 3b.

3.3 Annotation and Quality Control

To ensure high-quality annotations, we adopt a
time-controlled annotation protocol to reduce an-
notator fatigue. Annotators are compensated on an
hourly basis ($20/hr) with a strict workload limit

of 10 QAs per day. Each sample requires an aver-
age of 35.2 minutes for annotation and 8.3 minutes
for validation, allowing sufficient time for annota-
tion, and the total annotation time exceeds 217.5
hours. To further ensure annotation quality, we im-
plement a three-stage Rejection–Refinement Loop
to validate all questions. The details are provided
in Appendix C.
Stage 1: Self-Verification. Annotators first conduct
a self-check using a standardized 3-point rubric
covering clarity, technical correctness, and reason-
ing depth. Annotators are required to refine their
drafts to the best of their judgment.
Stage 2: Cross-Review. To reduce individual bias,
each QA is cross-reviewed by a different annota-
tor using the same rubric. Discrepancies or non-
optimal ratings trigger a refinement, and 169/900
QAs are revised until consensus is reached.
Stage 3: Expert Validation. Finally, all QAs are
reviewed by PhD domain experts to verify techni-
cal accuracy and alignment with the Exam Point.
During expert review, 13.7% (123/900) of QAs are
marked for refinement and iteratively revised until
final consensus is reached. This rigorous multi-
stage pipeline ensures reliable annotation quality.

4 Experiments

4.1 Settings

Baselines. We evaluate open-source models includ-
ing LLaVA-OneVision (Li et al., 2025), LLaVA-
Video (Zhang et al., 2025b), Qwen3-VL (Bai et al.,
2025), MAmmoTH-VL (Guo et al., 2025), Llama-
3.2-Vision (Meta, 2024). Proprietary models in-
clude GPT-4o (Hurst et al., 2024), o4-mini (Ope-
nAI, 2025b), GPT-5 (OpenAI, 2025a), Gemini-3.0-
Pro (DeepMind, 2025), Claude-3.5-Sonnet (An-
thropic, 2024). The full evaluation setting is shown
in Appendix A.2. Finally, we establish human base-
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Track Discipline

Model Overall Per. Com. Ada. Art Biz. Sci. Med. Hum. Eng.

Random Choice 14.00 12.00 14.00 16.00 11.11 12.88 12.12 22.48 10.48 13.57
Human (low) 74.44 84.33 78.67 60.33 80.95 78.79 74.24 70.54 84.76 69.91
Human (high) 90.45 91.67 90.67 89.00 85.71 93.94 90.15 93.02 94.29 87.91

Proprietary Models
GPT-4o 59.22 67.67 55.00 55.00 71.43 69.70 50.76 64.34 72.38 50.15
Claude-3.5-Sonnet 67.67 76.67 66.00 60.33 73.02 81.82 61.36 62.79 75.24 63.13
O4-mini 77.78 83.67 77.00 72.67 77.78 84.85 71.97 78.29 83.81 75.22
GPT-5 79.22 85.33 79.00 73.33 73.02 83.33 76.52 82.17 81.90 77.88
Gemini-3.0-Pro 84.22 88.33 84.33 80.00 77.78 90.15 81.82 86.82 92.38 80.53

Open-Source Models
LLaVA-OneVision-7B 33.33 39.67 30.33 30.00 49.21 28.79 34.85 31.78 45.71 28.32
Llama-3.2-11B 34.67 42.67 36.33 25.00 41.27 34.09 28.03 41.09 36.19 33.33
LLaVA-Video-7B 38.22 45.33 35.00 34.33 65.08 36.36 34.85 46.51 45.71 29.79
MAmmoTH-VL-8B 41.89 52.33 40.33 33.00 44.44 38.64 34.09 38.76 48.57 44.84
LLaVA-OneVision-72B 49.33 60.67 44.67 42.67 61.90 49.24 40.15 55.81 60.00 44.84
LLaVA-Video-72B 51.00 61.67 47.67 43.67 69.84 47.73 44.70 59.69 57.14 46.02
Qwen3-VL-30B-A3B 67.33 72.33 73.00 56.67 69.84 76.52 61.36 71.32 70.48 63.13
Qwen3-VL-235B-A22B 74.89 77.67 77.33 69.67 76.19 81.06 71.21 72.09 80.00 73.16

Table 2: Video-MMMU results across tracks (Perception, Comprehension, Adaptation) and disciplines (Art,
Business, Science, Medicine, Humanities, Engineering).

lines by recruiting 60 undergraduate students from
relevant majors. To ensure statistical representa-
tiveness, we maintained a minimum sample size
of 4 participants per discipline. We report two
human baselines: Human (high), representing top-
performing students (GPA top 10% in their major)
as an approximate upper bound, and Human (low),
representing average undergraduate performance
to reflect typical learning outcomes.
Evaluations. We use Gemini-2.5-Flash-Lite (Co-
manici et al., 2025) as the judge to extract the an-
swer from model responses. The extracted answer
is then compared against ground truth using exact
match. We report micro-averaged accuracy. Eval-
uations are conducted using LMMs-Eval (Zhang
et al., 2025a) for consistency and reproducibility.

4.2 Main Results

Performance by Track. As shown in Tab. 2, per-
formance consistently declines from Perception to
Comprehension and Adaptation, reflecting the in-
creasing cognitive difficulty of these stages. The
Perception track focuses on capabilities such as
OCR and temporal localization, where models gen-
erally achieve higher accuracies. Performance de-
clines in Comprehension, which requires connect-
ing visual cues with domain knowledge. Adap-

tation yields the lowest accuracies, as it demands
high-level reasoning to apply video context to novel
scenarios. Proprietary models generally show a
smaller performance drop across these stages com-
pared to open-source models, highlighting superior
reasoning capability and domain knowledge.
Performance by Discipline. Most models demon-
strate relatively higher performance in Humanities
& Social Science and Art & Design, where videos
focus on conceptual presentation. In comparison,
accuracy is lower in Science and Technology &
Engineering that require quantitative reasoning and
fine-grained visuals such as diagrams. This sug-
gests that current models still struggle in domains
that require complex reasoning and visual analysis.

4.3 Performance Gain in Adaptation

Beyond final accuracy, we ask: how much does a
model actually improve from watching the video?
To answer this, we measure the normalized per-
formance gain in the Adaptation track, following
Hake’s gain metric widely used in educational re-
search (Hake, 1998). A simple analogy is that
we let a model take an exam without the video
lecture, and reattempt the exam after watching the
video lecture, and see how it utilizes the knowledge
from the video lecture to benefit its solution. For
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Figure 4: Pre-video and Post-video Analysis: Normalized Performance Gain and Transition Rate in Adaptation.

each model, we first collect its pre-video accuracy
Accpre (answering the Adaptation question with-
out the video) and its post-video accuracy Accpost
(answering the same question after watching the
video). The normalized gain is then defined as:

Gain =
Accpost − Accpre

100%− Accpre
× 100%.

The numerator captures the raw improvement,
while the denominator represents the maximum
possible room for improvement given the model’s
starting point. This normalization is critical be-
cause raw accuracy gain is not comparable across
models with different baselines: improving from
90% to 95% achieves 50% of the remaining gap,
whereas improving from 50% to 55% improves
only 10%. The normalized gain thus quantifies
learning efficiency, the fraction of learnable ques-
tions that a model actually learns from the video.

4.3.1 Human–Model Gap in Learning Gain
Fig. 4a reveals a substantial gap between humans
and models in normalized performance gain after
watching the video. Humans achieve a gain of
36.5%, whereas the best-performing model reaches
only 13.0%. Importantly, this gap cannot be ex-
plained by differences in prior knowledge. Hu-
mans (low) start with a pre-video accuracy that is
comparable to open-source models such as LLaVA-
Video-72B. However, after watching the video,
humans achieve a much higher post-video accu-
racy of 60.33%, matching proprietary models such
as Claude-3.5-Sonnet. Therefore, even with nor-
malization that accounts for different baseline per-
formances, the human advantage arises not from
stronger prior knowledge, but from a superior
ability to transfer video-acquired knowledge to
problem-solving.

4.3.2 Wrong→Right and Right→Wrong
A small net gain does not imply that the model
leaves its answers unchanged. Performance
gain in Adaptation can be decomposed into two
types of answer transition after watching the
video: incorrect answers that become correct
(Wrong→Right) and correct answers that be-
come incorrect (Right→Wrong). Wrong→Right
transitions indicate successful learning, whereas
Right→Wrong transitions reflect video-induced
confusion that overturns previously correct an-
swers. We quantify the effects using two normal-
ized rates. The Wrong→Right rate is defined as:

Wrong→Right Rate =
NWrong→Right

NWrong-before
× 100%,

where NWrong→Right denotes the number of ques-
tions answered incorrectly before but correctly af-
ter the video, and NWrong-before denotes the num-
ber of incorrect questions before the video. The
Right→Wrong rate is defined analogously, using
NRight-before as the denominator. Note that the two
rates are normalized by different denominators,
hence a model with a high Wrong→Right rate is
not guaranteed to have a net positive gain; the two
rates characterize learning and confusion on dif-
ferent baselines and should be interpreted jointly
rather than subtracted directly. As shown in Fig. 4b,
models exhibit moderate Wrong→Right rates, indi-
cating some capacity for adaptation, but they also
exhibit notably higher Right→Wrong rates than
humans, suggesting that video-induced confusion
is a frequent failure mode. In contrast, humans
achieve a higher Wrong→Right rate and a much
lower Right→Wrong rate, reflecting stable learn-
ing with minimal video-induced confusion. This
suggests that improving adaptation performance
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controlled probe, not as a recommended evaluation protocol.

requires not only increasing Wrong→Right transi-
tions, but also reducing Right→Wrong transitions.
Sources of Video-Induced Confusion. To
understand why Right→Wrong transitions oc-
cur, we analyzed the human baseline, where
even top-performing students exhibit a non-zero
Right→Wrong rate. We identify two cognitive
mechanisms. (1) Methodological conflict: A par-
ticipant may correctly answer a question via qual-
itative reasoning before the video, but the video
then introduces a rigorous quantitative derivation.
When adopting this new method, the participant
may make errors that override an initially correct
judgment. For example, a student who correctly
identifies the direction of a force using intuition
may fail when switching to the formal vector de-
composition demonstrated in the video. (2) Infor-
mation distraction: Academic videos often provide
in-depth discussion of edge cases, exceptions, or
related concepts, which can create cognitive over-
load. A participant might then misapply a formula
intended for a special case, or confuse properties
of similar-looking structures. These patterns are
amplified in models: without metacognitive moni-
toring to preserve high-confidence prior answers,
models are more susceptible to both methodologi-
cal conflict and information distraction, explaining
their high Right→Wrong rates.
Metric Validity and Human Alignment. To vali-
date the metric reliability, we conducted a human
verification study with human experts. Experts
analyzed the model responses to verify whether
Wrong→Right transitions represent learning and
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Figure 6: Validation of the performance gain metric.

Right→Wrong represent confusion, as visualized
in Fig. 6. We observe that the metric closely corre-
lates to the human-verified rates, confirming that it
reflects genuine knowledge acquisition.

4.4 Oracle Study: Does Video Understanding
Help Adaptation?

As a preliminary exploration into the role of video
understanding in adaptation, we conducted a small-
scale oracle study on three top-performing models
(Gemini-3.0-Pro, GPT-5, and O4-mini). For each
Adaptation question, we additionally provided the
ground-truth Perception and Comprehension an-
swers as auxiliary context in the prompt, while
keeping the video and the question unchanged. The
intent is to ask: if video understanding errors were
removed, what would happen to adaptation? To
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make the analysis informative rather than driven by
aggregate accuracy shifts, we focus on two subsets
where standard adaptation already exhibits a clear
failure mode. The results are shown in Fig. 5.
Oracle expands recovery on the wrong-before
pool. We start from the wrong-before pool (ques-
tions the model could not answer before video)
and first let the model attempt the standard adapta-
tion setting. The oracle setting then repairs ques-
tions that remained wrong after standard adapta-
tion, yielding additional recovery of +10.2% on
Gemini-3.0-Pro, +17.1% on GPT-5, and +13.6%
on O4-mini, as shown in Fig. 5a. In other words,
for a portion of the questions that the standard adap-
tation setting cannot solve from the video alone,
providing reliable perception and comprehension
cues may help the model arrive at the correct adap-
tation. Nonetheless, a substantial portion of the
wrong-before pool remains unsolved even under
the oracle setting, suggesting that video understand-
ing is not the sole bottleneck.
Oracle mitigates standard adaptation’s regres-
sion. We then examine the questions that the
model answered correctly before watching the
video but got wrong after standard adaptation (the
Right→Wrong subset). Oracle recovers roughly
half or more of these regressions (Fig. 5b), suggest-
ing that a portion of video-induced confusion may
be attributable to incomplete or inaccurate video
understanding rather than reasoning errors.
Caveats and scope. We emphasize that this is
an exploratory subset-level analysis rather than a
definitive claim. The oracle setting deliberately
exposes ground-truth answers from other tracks,
which violates the standard evaluation protocol and
is therefore unsuitable as a general benchmark set-
ting. Moreover, the analysis is restricted to two
subsets and three models. We report it as a con-
trolled probe rather than a strong conclusion: video
understanding appears to be one contributing factor
among several (e.g., reasoning depth and domain
knowledge) that jointly affect adaptation perfor-
mance.

4.5 Analysis by Question Type
Beyond aggregate track-level accuracy, we ana-
lyzed model performance across four question
types in the Comprehension and Adaptation tracks
defined in Sec. 3: Concept Comprehension (CC)
and Problem-solving Comprehension (PSC), and
Case Study Analysis (CSA) and Problem-solving
Adaptation (PSA). We omit the Perception track as

Comprehension Adaptation

Model CC PSC CSA PSA

Gemini-3.0-Pro 84.8 83.7 81.6 78.6
GPT-5 76.6 82.2 73.8 73.0
O4-mini 73.7 81.4 79.4 66.7
Claude-3.5-Sonnet 63.2 69.8 65.2 56.0
GPT-4o 55.0 55.0 68.8 42.8

Qwen3-VL-235B-A22B 74.9 80.6 73.8 66.0
Qwen3-VL-30B-A3B 70.2 76.7 64.5 49.7
LLaVA-Video-72B 59.1 32.6 53.2 35.2
LLaVA-OneVision-72B 57.9 27.1 52.5 34.0
MAmmoTH-8B 46.8 31.8 33.3 32.7
LLaVA-Video-7B 46.8 19.4 41.1 28.3
Llama-3.2-11B 44.4 25.6 28.4 22.0
LLaVA-OneVision-7B 39.8 17.8 36.2 24.5

Table 3: Accuracy (%) by question type for Comprehen-
sion and Adaptation.

ASR is a long-tail task. Tab. 3 reports the results.
Comprehension: procedural comprehension as
a capability threshold. The most discriminative
question type is PSC (Problem-solving Comprehen-
sion), which requires following the step-by-step
method demonstrated in the video. Proprietary
models generally score higher on PSC than CC. In
contrast, open-source models score substantially
higher on CC than PSC regardless of scale. This
suggests that the ability to follow procedural or
methodological demonstrations is a threshold capa-
bility that separates model tiers.
Scaling effects differ across architectures.
Within the Qwen3-VL family, scaling from smaller
to larger variants reverses the CC–PSC relation-
ship: Qwen3-VL-30B-A3B scores 6.5% higher on
PSC than CC, suggesting an emergent procedural
comprehension capability at larger scale. In con-
trast, the LLaVA-OneVision family shows no such
reversal: scaling from 7B (22% gap) to 72B (31%
gap) retains the CC advantage, indicating architec-
ture or training-specific limitations in procedural
or methodological learning.
Conceptual knowledge transfers more reliably
than procedural knowledge. In Adaptation, PSA
is consistently harder than CSA across all mod-
els, but the gap narrows for stronger models (e.g.,
Gemini-3.0-Pro: 3.0%) compared to weaker ones
(e.g., LLaVA-OneVision-7B: 11.6%). Compar-
ing the Comprehension-to-Adaptation drop within
each question type, CC-to-CSA retention rates
range from 85% to 100% for most models, indicat-
ing that conceptual knowledge acquired in Com-
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prehension transfers reliably to Adaptation. In con-
trast, PSC-to-PSA retention rates are much lower
for models, showing that procedural knowledge is
substantially harder to transfer to novel scenarios.

4.6 Error Analysis
We manually analyze adaptation errors of Gemini-
3.0-Pro on the incorrectly answered Adaptation
questions to provide a systematic overview of fail-
ure modes. Fig. 7 summarizes the distribution of
errors. More case studies for each error type are
provided in Appendix 8–12.
Input-level: Visual Extraction Errors (19%).
The model misreads fine-grained visual informa-
tion from the video or the adaptation question, such
as small-font axis labels on a titration curve or nu-
merical values on a circuit diagram (Fig. 11). The
reasoning chain is otherwise correct, but a single
misread input invalidates downstream computation.
Knowledge-level: Method Understanding Er-
rors (18%). The model misunderstands the knowl-
edge presented in the video and selects an inappro-
priate method (Fig. 8). In such cases, the subse-
quent reasoning chain may remain internally con-
sistent, but it starts from a wrong foundation, sug-
gesting that the model does not fully comprehend
which method is suitable for the problem.
Reasoning-level: Reasoning and Adaptation Er-
rors (63%). The majority of errors occur at the
reasoning level, where the model fails during rea-
soning. We identify two sub-categories of reason-
ing errors. (1) Method Adaptation Errors (∼41%).
The model identifies the right method but produces
errors when applying it to the new scenario, such
as arithmetic mistakes in multi-step calculations
or incorrect variable substitution (Fig. 9, 10). (2)
Context Confusion Errors (∼22%). The model con-
flates the video’s worked example with the new
adaptation scenario (Fig. 12). A common pattern is
value leakage, where the model reuses numerical
inputs from the video instead of the values in the
Adaptation question. Another pattern is condition
carryover, where the model applies assumptions
from the video that no longer hold in the Adaptation
question. These patterns suggest that processing
long, multimodal contexts remains challenging for
current models: it is difficult for them to separate in-
structional content (the method or concept to learn)
from instance-specific content (the particular ex-
ample in the video), and locating the correct input
values and relevant details from the video to answer
the adaptation question can be unreliable. This is

Visual Extraction

Method 
UnderstandingMethod Adaptation

41%

Contextual 
Confusion

22%
19%

18%

Figure 7: Distribution of Gemini-3.0-Pro errors.

an important capability for video-based learning:
a model needs to identify what is essential in the
video and what is distracting or less relevant, as
irrelevant content introduces cognitive load that
interferes with correct reasoning.

4.7 Guide for Future Models

Required capabilities for video learning. Ef-
fective video-based learning requires both reliable
video understanding and adaptation reasoning. As
shown in Sec. 4.4 and 4.6, Perception and Compre-
hension are necessary for acquiring correct knowl-
edge, while effective reasoning is also critical.
Future directions. Understanding-wise: Models
should strengthen video perception and comprehen-
sion to reduce error propagation from unreliable
understanding. More training on lecture-style, in-
formation dense videos can be a promising direc-
tion for improvement. Reasoning-wise: Models
should improve adaptation reasoning under video
contexts to increase the Wrong→Right transitions.
Future models should better control how video in-
formation is integrated into reasoning, enabling
more stable knowledge adaptation.

5 Conclusion

Video-MMMU systematically evaluates how large
multimodal models acquire knowledge from in-
structional videos across three stages: Perception,
Comprehension, and Adaptation. Our results reveal
an existing gap between humans and models, not
only in final performance but also in learning effi-
ciency from video. Through quantitative analysis,
we show that effective video-based learning de-
pends on both video understanding and adaptation
reasoning, providing diagnostic insights to guide
future research toward more effective video-based
learning in multimodal models.
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Limitations

Video-MMMU represents an initial effort toward
evaluating knowledge acquisition from college-
level academic videos and introducing the learn-
ing gain as a new perspective. However, Video-
MMMU currently focuses exclusively on college-
level difficulty, leaving other educational stages
and specialized domains (e.g., law) unexplored. In
addition, the video curation and QA annotation are
manual, resulting in substantial expert labor costs
and limited scalability. It is resource-heavy and
difficult to scale up. We acknowledge that this
manual approach restricts the current size of the
benchmark. Additionally, our use of normalized
performance gain follows classic educational re-
search (Hake’s Gain). We recognize that this is one
possible approach and encourage the community
to investigate alternative metrics.

Ethical Considerations

Video-MMMU is developed with a focus on re-
sponsible research use and transparent evaluation.
All questions are manually constructed to assess do-
main knowledge, avoiding any personal, sensitive,
or biased content. Videos are selected to align with
standard academic fair-use practices. The dataset is
under CC-BY-NC-SA-4.0 license and is strictly for
academic research and non-commercial use. The
AI tools are used for grammar checking. For data
protection, all human baseline test-taker data were
collected without personal, offensive or sensitive
content. Participation was anonymous, informed
consent was obtained, and the data are not shared
publicly to protect participant privacy.
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A Dataset Overview

A.1 Overview of Subjects

Discipline Subjects

Art

Art History
Art Theory

Design
Music

Business

Accounting
Economics

Finance
Management

Marketing

Science

Biology
Chemistry
Geography

Math
Physics

Medicine

Basic Medical Science
Clinical Medicine

Diagnostics and Laboratory Medicine
Pharmacy

Public Health

Humanities

History
Literature

Psychology
Sociology

Engineering

Agriculture
Architecture and Engineering

Computer Science
Electronics

Energy and Power
Materials

Mechanical Engineering

Table 4: Subjects grouped under six disciplines.

A.2 Experimental Settings
Evaluation Framework. To ensure reproducibil-
ity and fair comparison, all LMM evaluations
are conducted using the LMMs-Eval frame-
work (Zhang et al., 2025a).

Model Configuration and Sampling. For propri-
etary models (e.g., GPT series (OpenAI, 2025a,b),
Gemini-3.0-Pro (DeepMind, 2025)), we utilize the
Azure APIs. We sample GPT series models at 50
frames, and process full videos for Gemini-3.0-Pro.
When facing API errors, we retry with fallback to
32 frames. For open-source models, we adhere
to the recommended sampling strategies. For the
Qwen-VL series (Bai et al., 2025), the frame sam-
pling is capped at 768 frames. For other models, we
apply uniform sampling with the following frame
counts: 64 frames for LLaVA-Video (Zhang et al.,

2025b); 32 frames for LLaVA-OneVision (Li et al.,
2025) and MAmmoTH-VL (Guo et al., 2025).

Answer Extraction via LLM Judge. We use
Gemini-2.5-Flash-Lite (Comanici et al., 2025) as
the LLM judge to extract the final answer from
each model’s free-form response. The judge is
called with greedy decoding (temperature = 0)
and a maximum output length of 50 tokens. The
extraction prompt varies by question type:
Multiple-choice questions:

You are extracting the final answer from a
model’s response to a multiple choice question.

Question: {question}
Model’s Response: {prediction}

Extract ONLY the option letter (A, B, C, or
D) that the model chose as its final answer.
Output ONLY the single letter, nothing else.
If the model response is ‘No Answer’, API Error
or empty string, return exactly: “No Answer”.

Open-ended questions:

You are extracting the final answer from a
model’s response to an open-ended question.

Question: {question}
Model’s Response: {prediction}

Extract ONLY the final answer from the
response.
Rules:
- Strip currency symbols, units, and commas
from numbers
- Convert number words (e.g., “one”, “two”) to
digits
- For fractions, keep as fraction form
- Output ONLY the raw answer value, nothing
else.

The extracted answer is then compared against
the ground truth using exact match, followed by a
rule-based post-processing step to normalize cur-
rency symbols and units. For model inputs, we
follow a standard protocol that concatenates sam-
pled video frames, the question, and the answer
options into the input. The evaluations are vali-
dated with multiple runs, and we report the average
value.

A.3 Dataset Scale and Comparative
Advantages

We have verified the reliability of results. In this
section, we discuss the scale of Video-MMMU and
highlight three distinct advantages that differentiate
it from existing video benchmarks.
Dataset Scale and Annotation Effort. Video-
MMMU distinguishes itself through its broad dis-
ciplinary coverage and substantial temporal scale.
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Spanning 6 disciplines and 30 subjects, the bench-
mark comprises a total video duration exceeding
42.18 hours. Unlike general video captioning, the
annotation of academic video content demands
high-level domain expertise. Consequently, the
annotation process required over 217.5 hours of
expert labor. We believe this combination of broad
coverage, long-form duration, and rigorous expert
annotation constitutes a sufficiently large and di-
verse data source for evaluating LMMs.
Unique Advantages. Beyond scale, Video-
MMMU offers three critical advantages designed
to push the boundaries of current video LMM re-
search.
Distinct Task Domain. Video-MMMU is the first
benchmark specifically targeting academic video
learning. Unlike existing datasets that focus on
everyday activities or entertainment content, our
benchmark evaluates the model’s ability to process
dense, professional knowledge. This capability
is critical for deploying LMMs in real-world edu-
cational applications, such as intelligent tutoring
systems.
Acquisition-based QA Design. The QAs are struc-
tured into three distinct tracks that mirror human
cognitive learning processes. Furthermore, the sig-
nificantly longer QA length in Video-MMMU re-
flects the higher complexity inherent in academic
evaluation, requiring models to engage in more sus-
tained reasoning rather than simple pattern match-
ing.
Evaluation of Knowledge Acquisition. Video-
MMMU is among the first to explore Learning
Gain from video, quantifying it through perfor-
mance gain metrics (e.g., Net Gain). This approach
highlights that videos serve not merely as visual sig-
nals to be described, but as rich sources of knowl-
edge. This marks a pivotal step from mere video
understanding towards acquiring knowledge from
videos.

B Metric Validity and Human Alignment

B.1 Human Verification Protocols

To rigorously validate the proposed Normalized
Performance Gain metric, we conducted a “Rea-
soning Verification” study with a group of PhD
experts. Unlike simple output scoring, experts ana-
lyzed the Chain-of-Thought (CoT) reasoning traces
to distinguish genuine knowledge acquisition from
statistical noise. Model behaviors were classified
into four categories:

Verified Learning (Genuine): The model cor-
rectly changes from Wrong (Pre) to Right (Post),
and the reasoning explicitly utilizes correct infor-
mation from the video.
Lucky Guess (Spurious): The model shifts to the
correct answer post-video, but the supporting rea-
soning is hallucinated, logically invalid, or merely
matches keywords without genuine comprehension.
Our metric records this as a gain, whereas human
verification rejects it due to lack of grounding.
Verified Confusion (Genuine): The model
changes from Right to Wrong because it was ac-
tively misled by specific video content.
Spurious Refusal / Response Collapse: The
model shifts from a correct answer to a less in-
formative state (e.g., “I cannot answer,” repeti-
tion, or empty output). This regression stems from
over-sensitive alignment or long-context instability,
rather than genuine video-induced confusion.

B.2 Quantitative Results
We sampled responses from four representative
models. Tab. 5 and Tab. 6 present the compari-
son between Automated Metric results and Human-
Verified results. The human-verified rate is calcu-
lated as the average value of the pool of human
experts. The automated metric closely tracks the
human-verified rates at the system level, confirm-
ing that it is a reliable measure aligned with human
judgment.

Model Metric Human Verified
(%) (%)

Gemini-3.0-Pro 27.5 21.7
Qwen3-VL-235B 31.2 25.8
GPT-4o 22.1 18.6
LLaVA-Video-72B 18.8 13.1

Table 5: Learning Assessment (Wrong → Right).
Comparison of Automated Metric vs. Human-Verified
rates.

Model Metric Human Verified
(%) (%)

Gemini-3.0-Pro 4.3 3.0
Qwen3-VL-235B 13.0 11.1
GPT-4o 14.2 11.6
LLaVA-Video-72B 21.0 13.7

Table 6: Confusion Assessment (Right → Wrong).
Comparison of Calculated Metric vs. Human-Verified
rates.
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B.3 Analysis of Discrepancies

Based on Tab. 5 and 6 (visualized in Fig. 6), we
analyze two key patterns regarding the divergence
between automated metrics and human verification:

Learning Alignment (Blue Points). SOTA mod-
els such as Gemini-3.0-Pro exhibit minimal discrep-
ancies between automated and human outcomes,
indicating that their performance gains indeed stem
from genuine, video-grounded reasoning. This sub-
stantial gap confirms that weaker models frequently
rely on spurious lucky guesses, where the model
hits the correct answer via hallucinations or super-
ficial keyword matching rather than actual compre-
hension. Overall, the metric is validated by human
experts and aligns with human preference.

Confusion Alignment (Red Points). The auto-
mated metric accurately reflects genuine video-
induced confusion. Across the evaluated mod-
els, the automated and human-verified rates track
closely, with the largest discrepancies concentrated
on weaker models where spurious refusals and
response-collapse behaviors inflate the automated
R→W count relative to genuine confusion.

C Annotation Pipeline

C.1 Video Curation

We will go through the standardized protocol used
by annotators to curate instructional videos for
Video-MMMU. The guideline specifies (i) how
videos are sourced and filtered, and (ii) how candi-
date videos are evaluated using a concrete, multi-
dimensional scoring rubric. The objective is to en-
sure that all selected videos reliably support knowl-
edge acquisition across the Perception, Compre-
hension, and Adaptation stages.

Annotators curate videos following a curriculum-
driven pipeline. Each candidate video must corre-
spond to a predefined Exam Point in Appendix D
and undergo multi-stage filtering before scoring.

C.1.1 Step 1: Exam-Point Matching
For each Exam Point, annotators retrieve candidate
educational videos based on the following criteria.
1) Each video must be mapped to exactly one Exam
Point.
2) The Exam Point must be explicitly covered
and substantively explained or demonstrated in the
video via definition, derivation, or worked example
questions.

Dimension Score Operational Decision Cri-
teria

Visual Clarity 1 Critical visual content (e.g.,
formulas, subscripts, axes
labels, handwritten text) is
unreadable at ≥720p, even
when the video is paused.

2 Most visual content is read-
able at ≥720p, but some
critical details are briefly
blurred, occluded, or re-
quire guessing.

3 All critical visual content
is consistently readable at
≥720p without ambiguity
or guesswork.

Technical Depth 1 Intuition-only or de-
scriptive explanation; no
equations, derivations, or
explicit problem-solving
steps.

2 Correct but introductory-
level explanation.

3 College-level lecture or tu-
torial with explicit deriva-
tions, equations, or step-by-
step solution procedures.

Exam-Point Align-
ment

1 Video mentions a related
topic but does not explain
or demonstrate the speci-
fied Exam Point.

2 Exam Point is mentioned or
partially illustrated, but not
developed in sufficient de-
tail.

3 Exam Point is explicitly
explained or demonstrated
with sufficient depth.

Retention Rule – Retain the video if and
only if the dimensions re-
ceive a score of 3.

Table 7: Summary of the video curation scoring rubric.

3) Videos that only mention the Exam Point with-
out explanation must be rejected.

C.1.2 Step 2: Educational Video Sourcing

Preferred videos include university instructor-led
tutorials that provide detailed explanations or step-
by-step example questions with derivations.
Discouraged videos include crash courses, high-
level summaries, or entertainment-oriented content
without formal structure.

C.1.3 Video Scoring Rubric

All candidate videos passing the sourcing stage
are evaluated using the three-dimensional rubric
summarized in Tab. 7. Videos are independently
scored along visual clarity, technical depth, and
alignment with the exam point on a 1–3 scale.
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C.1.4 Retention Policy and Quality Control
We enforce a strict Perfection-or-Rejection policy.
1) A video is retained if and only if it receives a
score of 3 on all three rubric dimensions.
2) Any score below 3 in any dimension results in
rejection.

C.2 Initial Annotation Guideline
This guideline specifies how annotators construct
QA pairs for each instructional video. For every
video, annotators must create exactly one QA pair
for each cognitive track: Perception, Comprehen-
sion, and Adaptation.
1) Perception QA. Construct a question that targets
information directly observable from the video, in-
cluding on-screen text, numerical values, symbols,
diagrams, or spoken content (OCR or ASR). The
correct answer must rely only on visual or audi-
tory cues and must not require conceptual reason-
ing. Reject questions that can be answered without
watching the video.
2) Comprehension QA. Construct a question that
tests understanding of concepts or procedures ex-
plicitly explained in the video. The question should
require interpretation or evaluation of the presented
knowledge rather than surface recall. Concept com-
prehension (e.g., MAMC) and problem-solving
strategy comprehension with modified inputs are
both acceptable.
3) Adaptation QA. Construct an exam-style ques-
tion that applies the same concept or problem-
solving strategy taught in the video to a new sce-
nario. Do not reuse the original example, inputs, or
numerical values shown in the video.
Options and Answer. Each multiple-choice ques-
tion may include up to 10 options with exactly one
correct answer. All options should be plausible,
mutually exclusive, and closely related to the tar-
get concept. Clearly mark the correct answer and
ensure it is unambiguous based on the video.

C.2.1 Annotator Compensation and
Workload

All annotations in Video-MMMU were conducted
by graduate or PhD students in the corresponding
academic disciplines. Annotation was performed
on a paid, time-controlled basis with explicit work-
load limits to ensure sustainable working condi-
tions.

Annotators were compensated using a hybrid
scheme that combines a base hourly rate with per-
task bonuses for annotation and validation. Each

Aspect Details
Annotator background Graduate and PhD students in rel-

evant disciplines
Base compensation 20 USD per hour
Per-video bonus +2 USD per completed annotation

(1 video = 3 QAs)
Per-validation bonus +1 USD per validated video (3

QAs)
Avg. annotation time 35 min 10 s per video (3 QAs)
Avg. validation time 8 min 20 s per video
Daily workload cap Max 10 annotations or 20 valida-

tions
Total annotation effort >217.5 total annotation hours

Table 8: Summary of annotator compensation and work-
load.

annotation corresponds to one video paired with
three QA items. Daily workloads were explicitly
capped to reduce fatigue and maintain annotation
quality.

Due to the academic complexity of the dataset
and the requirement for multi-stage quality control,
the construction of Video-MMMU required more
than 217.5 total annotation hours. Detailed annota-
tion protocols and quality-control procedures are
provided in Tab. 8.

C.3 Review and Cross-Review Guideline for
QA Annotation

This section provides the operational guideline
for the three-stage Rejection–Refinement Loop de-
scribed in the main paper: self-verification, inter-
annotator cross-review, and expert validation. Re-
viewers must follow the format and scoring rules
below.

Review Format
Track: [Perception / Comprehension / Adaptation]
Exam Point: [Exam Point Name]
Video: [Video Link]
Question: [Question Text]
Options: [Option List]
Answer: [Correct Option]

Stage 1: Self-Verification (Annotator)
Annotators must self-check each QA before sub-
mission using three rubric dimensions.
1) Clarity (1–3).
3 = question is grammatically correct and unam-
biguous; a reader can understand it on first read.
2 = understandable but requires minor edits (word-
ing, phrasing, or option format).
1 = unclear, ambiguous, or underspecified (e.g.,
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missing condition, unclear referent, vague word-
ing).
2) Technical Correctness (1–3).
3 = correct answer is fully supported by the video;
no factual or conceptual errors.
2 = mostly correct but with minor imprecision (e.g.,
notation mismatch, missing assumption) that may
confuse readers.
1 = incorrect, not supported by the video, or relies
on external knowledge not taught in the video.
3) Reasoning Depth (1–3).
3 = the QA matches the intended cognitive track
and requires the expected level of processing (Per-
ception: extraction; Comprehension: understand-
ing; Adaptation: transfer).
2 = partially matches the intended depth.
1 = violates the track definition (e.g., Perception
requires inference; Adaptation is identical to the
video example).

Stage 2: Inter-Annotator Cross-Review
(Independent Annotator)

A different annotator performs a blind cross-review
using the same rubric and evidence requirement.

Stage 3: Expert Validation (PhD Domain
Experts)

PhD domain experts perform the final validation
focusing on technical rigor and Exam-Point align-
ment.
Expert Checks.
1) Technical validity. Confirm that the correct
answer is technically correct under standard do-
main conventions (notation, definitions, units, and
assumptions) and consistent with the video expla-
nation.
2) Exam-Point alignment. Confirm that the QA
targets the intended Exam Point and that solving
the QA relies on the knowledge unit defined by that
Exam Point.
3) Track alignment. Confirm that the QA
matches the intended track definition (Percep-
tion/Comprehension/Adaptation) and does not leak
information across tracks (e.g., Perception requir-
ing reasoning; Adaptation becoming a copy of the
example).
Expert Decision. Experts may mark a QA as Ac-
cept or Refine. Any QA marked Refine must be
revised and re-validated until consensus is reached.

C.4 Instructions for Video-MMMU Human
Participants

Thank you for participating in the Video-MMMU
evaluation. This task simulates how students learn
by watching educational videos. Please follow the
steps below carefully.

Step 1: Pre-Video Question (Adaptation)
You will first be shown one question without watch-
ing the video.
This question tests your existing knowledge of the
topic.
Please answer it based on what you already know.

Step 2: Watch the Video
Next, you will watch a lecture video related to the
topic.
Watch the entire video attentively, as if you are
attending a real class.
Take mental notes if needed, as this will help with
the next questions.

Step 3: Answer Three Post-Video Questions
You will then answer three questions, each target-
ing a different aspect of learning:
1) Perception Question
Tests your ability to recall specific details directly
shown in the video.
2) Comprehension Question
Tests your understanding of key concepts and ideas
presented in the video.
3) Adaptation Question (Reattempt)
You will see the same question from Step 1.
Answer it again using the information you learned
from the video.

Final Notes
You may refer to your course notes and other per-
sonal study materials. However, you are prohibited
from searching for answers online.
All responses will remain anonymous. We will not
share or distribute your raw answers. Your response
will be used solely to compute aggregate results for
academic research purposes. By proceeding with
this task, you acknowledge that you have read and
agree to the above instructions. Thank you for your
participation.

C.5 Recruitment
Human participants were recruited to establish both
average and upper-bound human performance base-
lines. We first recruited undergraduate students
from relevant universities as part-time participants,
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each drawn from the corresponding disciplines
listed in Appendix A. These participants represent
average human learners. All human participants
are English speakers, ensuring they do not have
a language barrier. They were compensated at an
hourly rate of 20 USD.

We observe that the average human performance
before watching videos does not exceed that of
top-performing models. This indicates that, prior
to video exposure, human participants and models
start from a comparable performance level, mitigat-
ing concerns that the observed human performance
gains are driven by higher prior knowledge rather
than learning from video.

To estimate an upper bound on human perfor-
mance, we additionally recruited top-performing
undergraduate students from each subject area.
These participants serve as a high-competence ref-
erence group. As a result, each QA item is eval-
uated with at least two human samples, covering
both average and top-performing participants.

Discipline Per Group # Groups Total

Art 4 2 8
Business 5 2 10
Medicine 5 2 10
Science 5 2 10
Humanities 4 2 8
Engineering 7 2 14

All 30 2 60

Table 9: Human participant distribution across disci-
plines.

D Exam Points Summary

Art
Art: Elements of Art
Art Theory: Art Historical Period Identification,
Post-Impressionism, Baroque Art, Baroque Period,
Stylistic Characteristics of Baroque Art, Stylistic
Characteristics of Baroque Painting
Design: Principles of Design, Color Schemes, Clas-
sification of Sleeves
Music: Time Signature and Measures, Musical
Interval Identification, Technical Names of Scale
Degrees, Functional Harmony, Types of Seventh
Chords, Inversions of Seventh Chords

Business
Accounting: Cost Behavior Analysis, Statement
of Retained Earnings, Net Present Value (NPV),
Equivalent Units under the Weighted-Average

Method, Analysis of Cash Transactions, Prime
Cost and Conversion Cost, Cost Estimation us-
ing Regression Analysis, Arbitrage Pricing Theory
(APT), Information Ratio, Arbitrage Pricing The-
ory, Break-Even Analysis, Debt→Equity Ratio
Economics: Money Multiplier, Price Ceiling, Na-
tional Saving and Investment Identity, Inflationary
Gap and Long-Run Self-Adjustment, Arc Elasticity
of Demand, GDP Calculation using the Expendi-
ture Approach, Natural Monopoly
Finance: Arbitrage Pricing Theory (APT), Finan-
cial Ratio Analysis, Calculating Additional Funds
Needed (AFN) with Excess Capacity, Internal Rate
of Return (IRR) Calculation, Fisher Effect, Bond
Valuation, Arbitrage Pricing Theory, Discrimina-
tory Auction, Free Cash Flow to Equity (FCFE)
Calculation, Discounted Payback Period
Management: Cash Receipts Budget, Trend Pro-
jection, Joint Cost Allocation using the Net Real-
izable Value (NRV) Method, Belbin’s Team Roles,
Calculating Brokerage Commission
Marketing: Analysis of Variance (ANOVA),
Paired Samples T-Test, Chi-Squared Test of In-
dependence, Degrees of Freedom in One-Way
ANOVA, Conditional Probability for a Uniform
Distribution

Science
Chemistry: Phase Diagram, Markovnikov and
Anti-Markovnikov Rules, Acid-Base Titration
Curves, Molarity Calculation, Polyprotic Acid-
Base Titration, VSEPR Theory, Newman Projec-
tions of Meso Compounds, Identification of Chiral-
ity Centers
Geography: Internal Torque in Torsion, Influ-
ence Lines, Shear Force and Bending Moment
Diagrams, Area Moment of Inertia of Composite
Shapes
Math: Tangent-Secant Theorem, Permutation
Group, Hamiltonian Cycle, Convexity and Concav-
ity of Functions, Dynamic Programming, Related
Rates, Optimization Problems, Breadth-First Span-
ning Tree, Prim’s Algorithm, Projectile Motion
Physics: Kepler’s Laws of Planetary Motion, Defi-
nition of Torque, Thin-Film Interference, Charging
by Induction, Displacement from Velocity-Time
Graphs, Snell’s Law and Refractive Index, Thin
Film Interference, Photoelectric Effect: Kinetic
Energy vs. Frequency, Graphical Analysis of the
Photoelectric, Variation of Strong Nuclear Force
with Nucleon Separation
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Medicine
Basic Medical Science: Neural Mechanisms of
Sound Localization, Osteon (Haversian System),
Histological Identification of Tissues, Differences
between Prokaryotic and Eukaryotic Cells, Central
Vestibular Dysfunction, Histology of Arteries,
Pathophysiology of Asthma, Phases of an Action
Potential, Hydrogen Bonding, Cardiac Muscle
Histology, Innervation of Extraocular Muscles,
Internal capsule and corona radiata
Clinical Medicine: Smith’s fracture, Pelvic X-ray
Interpretation, Ataxia-Telangiectasia, Erythrocyte
Sedimentation Rate (ESR), Cardiomegaly on Chest
Radiograph, Sensory Innervation of the Tongue,
Approach to a Thyroid Nodule
Diagnostics and Laboratory Medicine:
Histopathology of Oligodendroglioma, Grading
and Staging of Cancer, 2021 WHO Classification
of Central Nervous System Tumors, Subependy-
moma, Normal Radiographic Anatomy of the
Canine Thorax, Negri bodies, Risk Factors for
Neonatal Intraventricular
Pharmacy: IUPAC Nomenclature of Halocar-
bons, Classification of Organisms by Carbon
and Energy Source, Classification of Chemical
Reactions, Muscarinic Antagonists for COPD,
Law of Definite Proportions, Acid-Base Titration
Curves, Drug-Receptor Binding Interactions,
Thermal Decomposition of Ammonium Carbonate,
Predicting Products of Electrolysis
Public Health: Chi-squared test, Vaccine Ef-
ficacy Calculation, Sensitivity and Specificity,
Attributable Risk, Measures of Association:
Odds Ratio and Attributable Risk, Odds Ratio
Calculation in Case-Control Studies, Calculation
of Odds

Humanities
History: Historical Source Analysis, The 6 Cs
of Historical Source Analysis, Dynastic Styles of
Hanfu, River Valley Civilizations, Identification of
Historical Architectural Styles, Historical Architec-
tural Styles, Divisions of the Stone Age, Paleolithic
Era, Forms of Government, Core Tenets of World
Religions
Literature: Simile and Metaphor, Freytag’s Pyra-
mid, Elements of Plot, Schools of Literary Criti-
cism, Literary Genres and Subgenres, Poetic De-
vices
Sociology: Cultural Universals, Marxist Theory of

Social Class, Sociological Theories of Social Class,
Sociological Theories of Culture, Sociological Per-
spectives on Culture, Theoretical Views of Trade,
Theories of Global Development, Theoretical Ap-
proaches to Globalisation, Modernization Theory’s
view on urbanization
Psychology: Emotion-Focused Coping, Structure
and Function of Neurons, Schedules of Reinforce-
ment, Mediational Processes of Social Learning
Theory, Types of Reinforcers, Psychological Per-
spectives, Types of Research Methods in Psychol-
ogy

Engineering
Agriculture: Plant Virus Symptoms, Early Blight
vs. Late Blight, Plant Pathogens, Disease Cycle of
Grapevine Downy Mildew
Architecture and Engineering: Stadia Tacheom-
etry: Inclined Sight with Vertical Staff, Analy-
sis of Three-Hinged Trussed Arches, Influence
Lines for Trusses, Flight Planning for Aerial Pho-
tography, Bulk Specific Gravity of Combined
Aggregates, Earthwork Volume Calculation by
Prismoidal Method, Area Calculation by Double
Meridian Distance (DMD) Method, Maximum Dry
Unit Weight and Optimum Moisture Content, Re-
duction to Center, Finite Summation Method for
Beam Deflection, Reservoir Capacity Calculation
using the Prismoidal Formula, Cross-Sectional
Area of Earthworks on Sloping Ground, Three-
Point Resection Problem
Computer Science: Forward Propagation in
Neural Networks, Bias-Variance Tradeoff, Ford-
Fulkerson Algorithm, Minimization of Determinis-
tic Finite Automata (DFA), Leave-One-Out Cross-
Validation for K-Nearest Neighbors, Insertion into
a 2-3 Tree, Deletion from a Leftist Heap, Function
of the Network Layer, DFA Minimization, Maxi-
mum Flow Problem, Prim’s Algorithm, Discovery
and Finishing Times in Depth-First Search, Cost
Function for Linear Regression, Conflict Serializ-
ability, Kruskal’s Algorithm for Minimum Span-
ning Tree, Serializability
Electronics: Step Response of an RC Circuit,
Transient Response of First-Order RC Circuits,
Fourier Series of a Half-Wave Rectifier, Equiva-
lent Impedance, DC Steady-State Analysis of First-
Order RL Circuits, Transistor Saturation Region,
Root Mean Square (RMS) Value of Periodic Wave-
forms, Ramp Response of a First-Order RL Circuit,
BJT Voltage-Divider Bias Circuit Analysis, Output
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Resistance of Common-Collector Amplifier, AC
Voltage Divider, AC Steady-State Analysis, Fourier
Series, Fourier Series of a Sawtooth Waveform,
Mesh Analysis for AC Circuits, Nodal Analysis,
DC Analysis of BJT Fixed-Bias Circuit, Laplace
Transform of Periodic Functions, Signal Represen-
tation using Unit Step Functions
Energy and Power: Heat Pump Coefficient of
Performance (COP), Hydrostatic Forces on Curved
Surfaces, Hydrostatic Force on Submerged Inclined
Surfaces, Absolute and Gage Pressure, First and
Second Law Efficiencies, Differential Manometer,
Adiabatic Process, Manometry, Three-Reservoir
Problem, Stagnation Pressure, Bernoulli’s Equa-
tion, Flow Rate and Average Velocity from Veloc-
ity Profile
Materials: Average Normal Stress in Truss
Members, Average Normal Stress, Transformed
Section Method, Normal Strain, Miller Indices
for Directions, Shear Stress and Strain, Equi-
librium of Frames and Machines, Shear Modu-
lus, Average Normal Stress under Axial Loading,
Ductile→Brittle Transition Temperature, Axial De-
formation, Average Normal Strain
Mechanical Engineering: Selection of the Main
View, Transfer Function of a Two-Degree-of-
Freedom Rotational System, Darcy-Weisbach
Equation and Moody Diagram, Rectilinear Kine-
matics: Acceleration as a Function of Velocity,
Orthographic Projection, Routh-Hurwitz Stability
Criterion, Kinematics of a Particle: Acceleration
as a Function of Velocity, Newton’s Law of Uni-
versal Gravitation, Axial Stiffness of Composite
Bars, Stress Concentrations, Orthographic Projec-
tion from an Isometric View, Orthographic Pro-
jection from Isometric View, Strength of Parallel-
Loaded Fillet Welds, Equivalent Torsional Spring
Constant

E Additional Discussions

E.1 A Metacognitive Perspective on Human’s
High Learning Efficiency.

To interpret why humans exhibit higher learning
efficiency from videos compared to current models,
we draw on Metacognitive Monitoring Theories.
Our analysis offers an exploratory explanation for
why humans outperform current models in video-
based learning, aiming to provide insights that may
inform future model development.
Schema-based knowledge integration limits
Right→Wrong reversals. Cognitive schema the-

ory (Anderson and Pearson, 1984) posits that new
information is not memorized word by word, but
rather integrated into existing mental frameworks,
or schemata. When watching lecture-style videos,
human learners engage in active self-explanation,
interpreting each graphic or worked example in re-
lation to their prior knowledge. They selectively
update their schemata only when inconsistencies
arise. This gradual integration-not-replacement
process enhances performance gain, as the up-
dated schema becomes more complete, while also
minimizing Right→Wrong reversals by preserv-
ing correct prior knowledge. In contrast, current
LMMs lack explicit mechanisms for schema up-
dating. They tend to encode new video content
independently of existing representations, which
can overwrite correct associations and lead to the
high Right→Wrong rates as observed in Tab. 2.
Metacognitive monitoring calibrates when and
how knowledge is revised. According to metacog-
nition theory (Nelson, 1990), humans continually
evaluate the confidence and accuracy of their own
answers while learning. When a silent video in-
troduces unfamiliar material, learners detect low-
confidence regions, allocate extra attention, or men-
tally “rewind” by re-inspecting key frames; con-
versely, they leave high-confidence knowledge un-
touched. This strategic self-regulation yields a
large Wrong→Right gain while simultaneously
shielding high-confidence correct answers from
being reversed. In contrast, most LMMs lack
real-time confidence calibration. They process vi-
sual inputs in a single forward pass without self-
monitoring, allowing new evidence to overwrite
earlier answers indiscriminately, which undermines
net learning gain. Our findings suggest that incor-
porating such metacognitive dynamics could be a
promising direction for future model development.

E.2 Broader Implications: Cognitive
Evaluation from an AGI Perspective

While Video-MMMU is primarily a benchmark
for evaluating multimodal learning from video, its
emphasis on knowledge acquisition and learning
efficiency also connects with broader trends in AGI
research. As general-purpose AI systems move be-
yond static, task-specific capabilities, the ability to
learn, adapt, and evolve from experience is increas-
ingly emphasized in recent AGI roadmaps. Video-
MMMU’s cognitive structure and learning-oriented
evaluation naturally align with several emerging di-
rections in the field.
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Cognitive capability as a foundation of AGI.
"How Far Are We From AGI?" (Feng et al., 2024)
outlines a structured three-layer framework for AGI
development: internal (cognitive mechanisms), in-
terface (modality-level integration), and system (co-
ordination and learning over time). At the internal
level, they highlight perception, reasoning, mem-
ory, and cognition as essential components, each
of which maps closely to our benchmark’s struc-
ture. Video-MMMU explicitly follows the cog-
nitive learning process of human, as outlined in
Bloom’s taxonomy (Bloom et al., 1956): Percep-
tion, Comprehension, and Adaptation tracks, which
collectively assess these core faculties in a stepwise
manner. This supports Video-MMMU’s alignment
for studying cognitive capability in models.
Adaptivity through real-world instructional
video understanding. Additionally, the authors
(Feng et al., 2024) further stress that future AGI
systems must exhibit adaptivity by integrating mul-
timodal input, retaining memory, and generalizing
across contexts. Video-MMMU embodies this prin-
ciple by evaluating a model’s ability to learn from
instructional videos and apply knowledge to novel
exam-style questions. The task design mimics how
humans attend to lectures, monitor comprehension,
and transfer knowledge to problem-solving scenar-
ios, encouraging models to process information
more actively and flexibly, rather than relying on
static memorization.
Learning efficiency as an evaluation to self-
evolution. At the highest level of their AGI
roadmap (Feng et al., 2024), they propose self-
evolution as the defining trait of “Ultimate AGI.”
In this context, Video-MMMU offers a stepping
stone by simulating in-context knowledge acqui-
sition from video, where models must update in-
ternal representations based on observed content.
Our performance gain metric directly measures this
learning efficiency, highlighting how much a model
improves after watching a video. This reflects an
early form of model-driven adaptation and aligns
with AGI’s broader goal of enabling systems to
evolve cognitively from interaction with the world.
Videos serve as the model’s “eyes” and evaluating
how well it learns from them provides insight into
its self-improving potential. Hence Video-MMMU
provides valuable insights for how models can learn
as it operates, and provides a new perspective to
measure such capabilities through a VideoQA set-
ting.
Human-like learning and metacognition. A com-

plementary view is presented in the Levels of AGI
position paper (Morris et al., 2024b), which of-
fers concrete case studies for evaluating AGI ca-
pabilities. Case Study 4 argues that AGI must
solve cognitive tasks similar to those performed
by humans, particularly abstract reasoning and con-
ceptual problem solving. Video-MMMU reflects
this aim by assessing models across three cogni-
tive stages of human learning, making the evalua-
tion setting intuitive and naturally aligned with hu-
man intellectual behavior. Case Study 5, drawing
from Shanahan’s definition, highlights metacog-
nition as a critical attribute of AGI. Our findings
in Video-MMMU show that humans exhibit high
Wrong→Right gains and low Right→Wrong re-
versals, likely due to metacognitive strategies such
as monitoring uncertainty and preserving schema.
These results provide insights into the abilities that
current LMMs lack. This underscores the bench-
mark’s value in exposing gaps between human and
model learning processes.

In summary, Video-MMMU supports several
goals shared by the AGI community, including
the evaluation of cognitive capability, adaptive
learning, and self-improvement. By grounding
these evaluations in real-world, information-dense
videos, the benchmark offers a concrete and cogni-
tively motivated framework for measuring progress
beyond static accuracy. We believe Video-MMMU
contributes meaningfully to the broader effort to
design general-purpose, self-improving AI systems
grounded in human-like learning efficiency.

F Error Case Studies

This section presents detailed case studies of rep-
resentative errors across all three cognitive tracks,
as well as a successful learning example. We first
examine the four categories of Adaptation errors
identified in Sec. 4.6, then present error cases from
the Perception and Comprehension tracks. Finally,
we analyze a Wrong→Right example demonstrat-
ing successful knowledge acquisition.

F.1 Adaptation Track: Method
Understanding Error

Fig. 8 presents a case where the model misunder-
stands the problem-solving method demonstrated
in the video. Although the model correctly per-
ceives the visual content and identifies the relevant
topic, it confuses the specific method with a super-
ficially similar alternative. The resulting error is
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systematic: the model applies a coherent but in-
correct procedure, producing a plausible answer
that differs from the ground truth. This type of
error is particularly challenging to detect because
the model’s reasoning chain appears logical and
well-structured, yet is built on an incorrect method-
ological foundation extracted from the video.

F.2 Adaptation Track: Method Adaptation
Error

Fig. 9 illustrates a case where the model correctly
identifies the method from the video but fails dur-
ing the adaptation process. The model successfully
extracts the general approach and begins applying
it to the new scenario, but introduces errors when
substituting new parameter values or executing in-
termediate computation steps. In this example, the
model’s chain-of-thought shows the correct for-
mula and setup, but a computational mistake in an
intermediate step propagates through the remain-
ing derivation, leading to an incorrect final answer.
This highlights that even when comprehension is
successful, the transfer of procedural knowledge to
novel inputs remains error-prone.

Adaptation Track: Method Adaptation Error.
Fig. 10 provides a side-by-side comparison of a
model and a human learner on the same adaptation
question, before and after watching the same video.
The question asks about valid DFS forests when
discovery/finishing time stamps are modified in a
graph with cycles. Before watching the video, both
the model and the human answer incorrectly—both
rely on surface-level connectivity patterns rather
than DFS principles. After watching the video,
both verbalize the correct principle (“a root node’s
interval must contain its descendants’ intervals”),
suggesting that the core concept was acquired from
the video. However, only the human successfully
adapts this principle to the new graph, identifying
that c’s interval [1/10] contains the intervals of g,
f , h, and d, and arriving at the correct answer. The
model, despite articulating the same principle, fails
to systematically apply interval containment to the
complex graph and instead defaults to local connec-
tivity heuristics, producing an incorrect grouping.
This contrast highlights that articulating a principle
is not equivalent to correctly adapting it under the
structural complexity of a new scenario, and sug-
gests that method adaptation is a distinct capability
from method comprehension.

F.3 Adaptation Track: Visual Extraction
Error

Fig. 11 shows a case where the model misreads fine-
grained visual information from either the video
frames or the adaptation question’s accompanying
image. The model’s reasoning logic is otherwise
sound, but it operates on incorrect input values ex-
tracted from the visual content. Common triggers
include small font sizes in axis labels, overlapping
annotations in diagrams, and ambiguous visual ele-
ments that require precise spatial reasoning. In this
case, the misreading of a single value leads to an
entirely different computation path, demonstrating
how input-level errors can cascade into fundamen-
tally wrong answers despite correct reasoning.

F.4 Adaptation Track: Context Confusion
Error

Fig. 12 demonstrates a context confusion error
where the model conflates specific details from
the video’s worked example with the new adap-
tation scenario. Rather than abstracting the gen-
eral method from the video and applying it with
the new question’s parameters, the model carries
over instance-specific values or conditions from
the video. This value leakage pattern—where the
model substitutes the video example’s numerical
inputs instead of the adaptation question’s values—
suggests that current models have difficulty sepa-
rating the instructional content (the method to be
learned) from the instance-specific content (the par-
ticular example used to demonstrate it) within the
same video context.

F.5 Perception Track Error

Fig. 13 presents a Perception error where the
model fails to accurately extract information di-
rectly presented in the video. Unlike Adaptation
errors, which involve higher-order reasoning, Per-
ception errors reflect fundamental limitations in the
model’s ability to process video content at the in-
formation extraction level. In this case, the model
either misidentifies a visual element, misreads text
rendered in the video frames, or fails to localize the
relevant temporal segment. These errors indicate
that even basic video understanding—the first stage
in the knowledge acquisition pipeline—remains im-
perfect, and errors at this stage can prevent success-
ful comprehension and adaptation downstream.
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F.6 Comprehension Track Error
Fig. 14 shows a Comprehension error where the
model fails to correctly understand the underlying
concept or principle presented in the video. The
model may correctly perceive the visual content
(passing the Perception stage) but draws an incor-
rect conclusion about the knowledge being con-
veyed. In this example, the model misinterprets
the relationship between concepts demonstrated in
the video, leading to an incorrect selection in the
multiple-answer multiple-choice format. This type
of error is especially common in Concept Compre-
hension questions, where the model must synthe-
size information across multiple video segments to
form a coherent understanding.

F.7 Wrong→Right Case Analysis
Fig. 15 presents a positive example where the
model initially answers the Adaptation question
incorrectly without the video (pre-video), but an-
swers correctly after watching the video (post-
video). The model’s pre-video response reveals
reliance on parametric knowledge that is insuffi-
cient or incorrect for this specific problem. After
watching the video, the model’s chain-of-thought
explicitly references the method demonstrated in
the video and correctly applies it to the new adap-
tation scenario, providing evidence of genuine
knowledge acquisition. This case validates that the
Wrong→Right transitions captured by our metric
can reflect authentic learning from video content,
consistent with the human verification results re-
ported in Sec. 4.3.2.
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Figure 8: Method Understanding Error in the Adaptation track. The model misidentifies the problem-solving
method demonstrated in the video, applying a related but incorrect procedure to the adaptation question.

27821



Method Adaptation Error

Question: <image 1>The graph above shows the velocity versus time for an object moving in a straight line. 
At what time after t = 0 does the object again pass through its initial position?

Option:
(A) 1 s (B) Between 1 and 2 s (C) 2s
(D) Between 2 and 3 s (E) 3s (F) Between 3 and 4 s 
(G) 4s (H) Between 4 and 5 s (I) 5 s 
(J) Between 5 and 6 s

Human: 
As shown in the graph, the position should be the point where all the area 
under the curve become zero.  Hence the answer is (B) Between 1 and 2 s.

Comment:
• The video introduces the concept of calculating displacement using the area under a velocity-time graph. The adaptation question asks for the point where 

the object returns to its initial position, which means the net displacement must equal zero. 

• The examples in the video only show examples with curves above zero, while this question involves a scenario with both positive and negative areas. 

• The model demonstrates an understanding of the method by calculating the area under each interval but fails to correctly apply it during reasoning, 
mistakenly concluding that the object cannot return to its initial position. In contrast, the human accurately adapts the knowledge from the video to this 
new scenario, correctly summing up the positive and negative areas to determine that the object returns to its initial position between 1 and 2 seconds, 
showcasing a concise and correct reasoning process.

Model:
To determine when the object passes through its initial position again, we 
need to consider the area under the velocity-time graph, which represents 
the displacement of the object. The object will pass through its initial 
position when the net displacement is zero.

From 0 to 1 second: The object has a negative velocity, so the area is below 
the time axis. Area = 0.5 * base * height = 0.5 * 1 * (-1) = -0.5 m.
From 1 to 2 seconds: The area is a triangle with base 1 second and height 2 
m/s. Area = 0.5 * base * height = 0.5 * 1 * 2 = 1 m.
……..

As all the area is above zero, we cannot derive a position when the net 
displacement is zero. The object does not return to its initial position within 
the 4 seconds shown in the graph. Based on the given options, the closest 
answer would be: J. Between 5 and 6 seconds

Before Video After Video 

Video Lecture --- “Area Under Velocity Time Graphs | Forces & Motion”

<image 1>

Adaptation Question

Model: 
From t = 0  to t = 1 second, the area under the curve is a triangle with a base of 
1 second and a height of -1 m/s. The area (displacement) is -0.5.
From t = 1 to t = 2 seconds, the area under the curve is a triangle with a base of 
1 second and a height of 2 m/s. The area (displacement) is: 1 
From t = 2to t = 3 seconds, the velocity is constant at 2 m/s, and the area under 
the curve is a rectangle with a base of 1 second and a height of 2 m/s. The area 
(displacement) is: 2.
……

The object does not pass through its initial position within the given time 
frame of 4 seconds. However, it is possible that it passes though the initial 
position after 4 seconds. Hence, the closest answer would be  (H) Between 4 
and 5 s. But since the graph does not show this, we cannot definitively 
determine the exact time from the provided graph.

Human: 
As explained in the video, the area under the curve is the displacement of the 
object. Hence, we can find the position where the area under the curve is zero.
From 0 to 1 seconds, the area is -0.5. From 1 to 2 seconds, the area is 1. Hence 
the position is between 1 and 2 seconds.  The answer should be (B) Between 1 
and 2 s.

Figure 9: Method Adaptation Error in the Adaptation track. The model correctly identifies the method but
introduces computational errors when adapting the reasoning steps to the new scenario.
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Method Adaptation Error

Question: In Depth First Search (DFS), discovery/finishing time stamps are x/y, where x is discovery time and y 
is finishing time. If the time stamps of g and h in the graph are changed to 2/7 and 5/6, respectively, which of the 
following traversals are valid depth first forests in <image 1>?

Options:
(A) {a, b, c, d, e} {f, g, h} (B) {a, b, e} {f, g} {c, d} {h}     
(C) {a, b, e, h} {c, d, f, g} (D) {a, b, e} {c, d, h} {f, g}
(E) {a, b, e} {c, d, h} {f, g} (F) {a, b, e} {c, d, f, g, h}
(G) {a, b, e, f, g} {c, d, h}     (H) {a, b, e} {c, g, f, h} {d}
(I) {a, b, c, e} {d, f, g, h}       (J) {a, b, f, e} {c, g, h, d}

Human:
(1) Looking at the timestamps, c (1/10) is visited first, followed by g, f, h.
(2) Node h has a cycle and does not have any outgoing edges, therefore it 

must be the end of the first DFS tree. Then d (8/9) was visited and will 
form a second DFS tree. Then b was discovered followed by e and a.

(3) Hence the answer should be H: {a, b, e} {c, g, f, h} {d}.

Comment:
1. The video introduces basic DFS principles with timestamps, while the adaptation question tests these concepts in a more complex graph with cycles. 
2. Before the video, both Model and Human incorrectly focused on cycles and connectivity patterns. 
3. After learning the video, both started correctly by understanding the core principle: a root node's interval must contain its descendants' intervals. However, 

Model demonstrated a Method Adaptation Error - despite understanding the principle, it failed to correctly adapt it to the complex graph (as shown in 
blue). In contrast, Human successfully applied the method of interval containment in this new scenario (as highlighted in the box). 

4. This reveals the challenges of adapting the method from the video to novel, real-world scenarios. 

Before Video After Video 

Video Lecture 
“Pre and Post visited Times in DFS”

<image 1>

Model: 
(1) Given the new timestamps and analyzing the connectivity and timing 

constraints: h must be in a separate tree from g due to their new 
timestamps and the cycles, c and d form a strongly connected component,
a, b, and e form another connected component, f and g are connected. 

(2) The answer is D: {a, b, e} {c, d, h} {f, g}. This is correct because…

Adaptation Track Question
“Engineering – Computer Science”

Model:
Let me help solve this step by step using what was taught in the video…
(1) First, let's recall the key principles: Vertices in the same DFS tree have 

overlapping intervals. Parent's interval must fully contain child's interval…
(2) Analyzing the graph: - Node a is discovered first in the graph - Nodes a, b, e 

form one tree component - Nodes c, d form another component…
(3) Therefore, the answer is B: {a, b, e} {f, g} {c, d} {h}. 

Human: 
(1) The video helped me understand the principle: the DFS tree's root node's 

interval (discovery/finish timestamps) should contain all its descendants' 
intervals, as the root is discovered first and finished in the end. 

(2) Applying this principle, I could see that c's interval (1/10) contains the 
intervals of nodes g, f, h, and d, making them all part of c's DFS tree. 

(3) Hence the answer is F: {a, b, e} {c, d, f, g, h}.

Figure 10: Method Adaptation Error: Human–Model comparison on a DFS question. Before watching the
video, both the model and the human fail by relying on surface-level connectivity patterns. After watching the video,
both verbalize the correct principle (“a root’s interval must contain its descendants’ intervals”), but only the human
adapts it correctly to the complex graph; the model reverts to local heuristics and produces an incorrect grouping.
This illustrates that articulating a principle does not guarantee correct adaptation under novel structural complexity.
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Visual Extraction Error

Question: If the truss is to be designed for a  uniform live load of 0.32 kip/fit that can be  placed anywhere on the 
span in addition to a  concentrated live load of 24 kips that can be  positioned where it will produce the largest  
force in bar CG, determine the maximum value  of live load force (tension, compression, or both)  created in bar 
CG. <image 1> 
Option:
(A) 9.75kips compression (B) 5.75kips compression (C) 7.75kips compression
(D) 10.25kips compression (E) 6.25kips compression         (F) 8.25kips compression
(G) 11.50kips compression (H) 4.50kips compression (I) 9.00kips compression (J) 7.00kips compression

Human: 
We can first calculate the Total Uniform Load: 28.8 kips
Then we calculate the Reactions Due to Uniform Load:
1. Since the load is uniformly distributed, the reactions at A and F will be 

equal.
2. R_A = R_F = 14.4 kips
To maximize the force in bar CG, place the 24 kip load at point C (mid-span).
We can calculate the Reactions Due to Concentrated Load:
The concentrated load of 24 kips at point C will be equally distributed to 
supports A and F…
The maximum force in bar CG is G. 11.50 kips in compression. 

Comment:
The video explains an example problem about truss analysis and load distribution. The Adaptation track question presented is a similar question to the video 
example, focusing on finding the maximum force in bar CG under specified loading conditions.

For the model:
• Before Video: model correctly perceived CG as a diagonal member, it showed proper initial perception without video. 
• After Video: model adopted correct method from the video, BUT misidentified CG as a vertical member. This perceptual error led to incorrect calculations.

In comparison, human maintained correct perception of CG as diagonal. And before the video, human did not have a correct reasoning. After learning from the 
video, human effectively integrated the video knowledge and arrived at accurate force calculations.

This case reveals an interesting challenge: a visual detail that was correctly perceived in a static image became misinterpreted when presented in the context 
of video content. The complexity of processing the long video context may pose additional challenge to the accurate perception of information. 

Model:
Let me help solve this truss problem step by step.
1) First, let's identify what we're looking for:…
2) Key information: - Span = 90 feet Height = 20 feet - Bar CG is a diagonal 
member
3) Analysis: - For bar CG, the worst case scenario will be when: The uniform 
load covers the entire span. The 24-kip concentrated load is placed at joint C.
4) Calculations: Total uniform load = 0.32 kip/ft × 90 ft = 28.8 kips. Load per 
panel point = 28.8/6 = 4.8 kips. The 24-kip concentrated load at C will create 
the maximum compression 
5) Using method of sections or influence lines, the force in CG can be 
determined. The answer is A: 9.75 kips compression.

Before Video After Video 

Video Lecture – “Photoelectric Effect Graphs”

<image 1>

Adaptation Question

Model: 
Let me help analyze this step by step based on the video content and the 
truss problem shown.
For bar CG in the truss: 
1) We need to consider two types of live loads:
- Uniform live load of 0.32 kip/ft\n   - Concentrated live load of 24 kips
2) Key points to consider:
- Bar CG is a vertical member as shown in the image
- The truss span is 90 feet and the height is 20 feet
3) For maximum force in CG: Need to consider influence lines for the force…
4) Looking at the given options and considering: The method of sections…
Based on the video content and analysis, the maximum compressive force in 
bar CG would be: C: 7.75 kips compression

Human: 
For maximum force in CG:
• Concentrated load should be placed at point C
• Uniform load should be placed from A to F (full span)
• This creates maximum compression in CG
Calculations:
Total uniform load = 0.32 kip/ft × 90 ft = 28.8 kips
Total load = 28.8 kips + 24 kips = 52.8 kips
Due to truss geometry and load position, bar CG will experience compression
Using method of sections and equilibrium equations, max compression in CG 
= 9.75 kips. 
The answer should be A: 9.75 kips compression.

Figure 11: Visual Extraction Error in the Adaptation track. The model misreads fine-grained visual information,
causing downstream reasoning errors despite correct methodology.

27824



Context Confusion Error

Question: <image 1>A student performs the photoelectric effect experiment and obtains the data depicted 
in the accompanying graph of E_{km} (maximum kinetic energy) of photoelectrons v. the frequency of the 
photons. What is the approximate work function of this material?

Option:
(A) 1.5 eV  (B) 2.0 eV    (C) 2.7 eV
(D) 3.5 eV (E) 1.8 eV                         (F) 2.2 eV
(G) 3.0 eV (H) 3.8 eV (I) 2.5 eV (J) 4.0 eV

Human: 
We can derive from the photoelectric effect equation:

𝐸! = ℎ𝑓 − ∅

To calculate the work function ∅, the 𝐸!	must be 𝐸! = 0	. 
Hence, we can calculate ∅ by substituting 𝑓" = 4 ∗ 10#$𝐻𝑧	 and ℎ = 4.14 ∗
10%#&𝑒𝑉 : ∅ ≈ 𝟏. 𝟖	𝒆𝑽

Comment:
The video introduces a similar example related to Photoelectric Effect Graphs, demonstrating that the work function (∅) can be simply calculated by finding 
the y-intercept of the line. This question can be solved without using formulas, as we only need to recognize that the y-intercept provides the answer directly.

Before the video:
• Both humans and model approached the problem by using formulas and substituting values
• This indirect method led to incorrect answers and was not the most efficient approach
After the video:
• The model correctly understood that it should look at the y-intercept of the graph. 
• However, model recalls details from the video example, and assume the input from the video example to be the adaptation question condition.
• Humans, on the other hand, demonstrated concise and accurate reasoning. They correctly identified the y-intercept to find the answer of 1.5.

This is a context confusion error that model relies overly on video details and affect its reasoning.

Model:
The equation governing the photoelectric effect is:

𝐸! = ℎ𝑓 − ∅
where:
• 𝐸!		is the maximum kinetic energy of the photoelectrons,
• ℎ is Planck's constant, ℎ = 4.14 ∗ 10%#&𝑒𝑉 ,
• 𝑓 is the frequency of the photons,
• ∅ is the work function of the material.

The work function ∅ corresponds to the threshold frequency 𝑓"	where the 
kinetic energy 𝐸! = 0.
From the graph: The threshold frequency 𝑓" = 4 ∗ 10#$𝐻𝑧.
The work function is calculated as: ∅ = ℎ ∗ 𝑓"
Substitute 𝑓" ≈ 4 ∗ 10#$𝐻𝑧	 and ℎ = 4.14 ∗ 10%#&𝑒𝑉 : ∅ ≈ 𝟏. 𝟖	𝒆𝑽

Before Video After Video 

Video Lecture – “Photoelectric Effect Graphs”

<image 1>

Adaptation Question

Model: 
To determine the work function ∅ of the material from the graph of 
maximum kinetic energy 𝐸!	of photoelectrons versus the frequency f of the 
photons, we can use the photoelectric equation:

𝐸! = ℎ𝑓 − ∅

This equation represents a straight line 𝑦 = 𝑚𝑥 + 𝑐, where:
• 𝑦 is 𝐸!
• 𝑥 is 𝑓
• 𝑚 is ℎ
• 𝑐 is −∅

From the video, the y-intercept is -2.0 eV. Therefore, the work function ∅ =
− 𝒄 = 𝟐. 𝟎	𝒆𝑽

Human: 
According to the video lecture, we can directly solve this work function ∅ by 
directly find the y-intercept of the line. 

The y-intercept of the line in this graph is approximately -1.5 eV. Hence, the 
work function ∅ = 𝟏. 𝟓	𝒆𝑽.

Figure 12: Context Confusion Error in the Adaptation track. The model reuses instance-specific values from the
video’s worked example instead of the adaptation question’s parameters.
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Error in Perception Track

Question: 
At the beginning of the video, what are the muscles in the lower left corner, upper left corner, and lower right corner, respectively?

Option:
A. Cardiac muscle, Smooth muscle, Skeletal muscle; B. Skeletal muscle, Cardiac muscle, Smooth muscle
C. Skeletal muscle, Smooth muscle, Cardiac muscle; D. Smooth muscle, Cardiac muscle, Skeletal muscle
E. Smooth muscle, Skeletal muscle, Cardiac muscle; F. Smooth muscle, Cardiac muscle, Cardiac muscle
G. Skeletal muscle, Skeletal muscle, Smooth muscle; H. Cardiac muscle, Smooth muscle, Smooth muscle
I. Skeletal muscle, Smooth muscle, Smooth muscle; J. Cardiac muscle, Skeletal muscle, Smooth muscle

Comment:
• This example is an error in the perception track. 

• The user specifically arranged the question to test the model's ability to recognize the positions of the muscles when the sequence is deliberately 
randomized (lower left, upper left, lower right). 

• However, the model interpreted the positions in a habitual reading order (left to right, top to bottom) and provided an incorrect sequence of muscle 
identifications. This highlights a gap in the model's capacity to accurately process and respond to spatial arrangements in visual content. 

• Future development should focus on enhancing the model's spatial perception capabilities to prevent such misjudgements.

Model:
Looking at the initial frame of the video, the arrangement of the muscle types is: B. Skeletal muscle (upper left), Cardiac muscle (lower left), Smooth muscle 
(lower right).

Model response

Video Lecture – “Identifying Muscle | Review and Practice”

Perception Question

Figure 13: Perception Track Error. The model fails to accurately extract information directly presented in the
video content.
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Figure 14: Comprehension Track Error. The model misinterprets the underlying concept demonstrated in the
video, leading to incorrect answers in the multiple-answer format.
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Wrong-to-Right Example

Question:<image 1>A thin film with index of refraction n_1 separates two materials, each of which has an 
index of refraction less than nf. A monochromatic beam of light is incident normally on the film, as shown 
above. If the light has wavelength λ within the film, maximum constructive interference between the 
incident beam and the reflected beam occurs for which of the following film thicknesses?
Option:
(A) 2λ (B) λ (C) λ/2 (D) λ/4 (E) 3λ
(F) 5λ/2 (G) 3λ/2 (H) λ/8 (I) λ/16 (J) 4λ

Comment:
This example illustrates how the model successfully learned from a video lecture on thin film interference to correct its initial misunderstanding of phase 
shifts at boundaries. 

The video demonstrates when phase shifts occur at interfaces between materials with different refractive indices. The adaptation question tests this 
knowledge by asking about the film thickness required for maximum constructive interference.

Before video, the model:
• Incorrectly assumed 180° phase shifts at both boundaries
• Failed to understand that phase shift depends on relative refractive indices
• Reached wrong conclusion that t = λ/2 for constructive interference

After watching the video, the model:
• Correctly identified phase shift only at top boundary (low to high index)
• Applied proper interference conditions to determine t = λ/4 for constructive interference

In conclusion, this case demonstrates successful knowledge acquisition from video. The model corrects its understanding of phase shifts at interfaces and 
thin film interference through learning from the video, and applies the demonstrated principles to solve the adaptation problem correctly.

Model:
Let me help solve this thin film interference problem.
For constructive interference in a thin film:
1) First, we need to consider phase shifts at the boundaries
2) Then, consider the path difference for constructive interference
Key points:
• Light is incident normally (perpendicular to surface)\n- n₁ < nf and n₂ < nf

(both surrounding media have lower refractive index than film)
• We want maximum constructive interference
• Phase shifts: At top boundary: 180° (π) phase shift because n₁ < nf. At 

bottom boundary: 180° (π) phase shift because n₂ < nf. Total phase shift 
from reflections = 360° (2π) = no effective phase shift.

For constructive interference:
• Total path = 2t (down and up through film)
• Condition: 2t = mλ (where m is an integer)
Therefore, t = mλ/2. The smallest non-zero thickness that satisfies this is: t = 
λ/2. Looking at the options, C (λ/2) is the correct answer. 

Before Video After Video 

Video Lecture – “Thin Film Interference Summary”

<image 1>

Adaptation Question

Model:
Let me help you solve this step by step using the concepts shown in the video:
1) From the video, we learned that for thin film interference:
• When there's a phase shift at both or neither boundary: 2t = (m + 1/2)λ for 

constructive interference
• When there's a phase shift at only one boundary: 2t = mλ for constructive 

interference
2)   In this problem:
- The film has higher index of refraction (nf) than both surrounding 

materials. Light is incident normally (vertically)
3)   Key points:
• When light reflects from a medium with higher n, there's a phase shift of 

λ/2
• When light reflects from a medium with lower n, there's no phase shift
4)   Analysis:
Since nf is higher than both surrounding materials. This means one phase 
shift total.
5)   Therefore: 
- We use the formula 2t = (m + 1/2)λ for constructive interference
- For m = 0, this gives us t = λ/4. Therefore, the answer is D: λ/4.

Figure 15: Wrong→Right Example. The model answers incorrectly without the video but correctly after watching
it, with the chain-of-thought explicitly referencing the video-demonstrated method.
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