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Abstract
Existing video understanding benchmarks
mainly emphasize general visual recognition
and reasoning, but do not adequately cap-
ture the pedagogical logic embedded in in-
structional videos. To address this gap, we
present PedagogyBench, a multimodal bench-
mark for instructional video understanding
grounded in pedagogical cognition. We intro-
duce a pedagogy-driven segmentation strategy
and a dual-stream semantic injection pipeline
that combines machine pre-annotation with
expert refinement, enabling the construction
of a dataset organized around a cognitive
pyramid with four levels and 20 fine-grained
tasks. We further propose the Cognitive Fi-
delity Score (CFS) to measure the balance of
model performance across pedagogical cog-
nitive dimensions. Experiments on 12 mul-
timodal large language models reveal a clear
generative gap, where models perform rel-
atively well on discriminative tasks but de-
grade on higher-order pedagogical diagnosis,
often relying on parametric memory rather
than grounded visual perception. Project
resources are available at https://github.
com/Shallcom/PedagogyBench.

1 Introduction

In recent years, Multimodal Large Language Mod-
els (MLLMs) have advanced rapidly in cross-
modal perception and reasoning (Chen et al., 2024;
Dai et al., 2023; Qin et al., 2025). Representative
models such as GPT-4o (Team et al., 2024), Gemini
(Team, 2025), and Video-LLaMA (Zhang and Li,
2023) have shown strong performance on image
understanding, video comprehension, and visual
question answering (Li et al., 2025; Pang et al.,
2024). These advances have broadened the appli-
cability of MLLMs to more complex real-world
scenarios (Xi et al., 2025).

*These authors contributed equally to this work.
†Corresponding authors: Jia Zhu and Hao Chen.

Figure 1: PedagogyBench transforms multimodal in-
puts into structured pedagogical knowledge, which then
supports the generation of evaluation tasks. This exam-
ple challenges MLLMs to infer the most appropriate
scaffolding strategy for a chemistry concept, requiring
reasoning beyond surface-level perception.

Instructional videos have become an important
medium for knowledge delivery and skill develop-
ment in digital education. Unlike general videos,
they are organized around pedagogical goals and
structured teaching phases (Mayer, 2020). A class-
room video is not merely a sequence of visual
and auditory signals; it also reflects the teacher’s
instructional design, including topic introduction,
concept explanation, example demonstration, inter-
action, and lesson summary (Merrill, 2002). Under-
standing such videos requires not only multimodal
perception, but also the ability to model pedagogi-
cal organization, teaching intent, and the evolving
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Benchmark Domain Video Source Segmentation Logic #Units #Q&A Len. (s) Format

Video-Bench (Ning
et al., 2026)

General Combined Task-oriented 5,917 17,036 56.0 MC

Video-MME (Fu et al.,
2024)

General Open-domain Multi-level temporal 900 2,700 1,017.9 MC

MVBench (Li et al.,
2024)

General Combined Task-oriented 3,641 4,000 16.0 MC

Video-MMMU (Hu
et al., 2025)

Education Lecture videos Stage-aligned 300 900 506.2 MAMC

InstructionBench (Wei
et al., 2025)

Education Instructional datasets Step-aligned 713 5,000 282.9 MC

PedagogyBench Education Teaching competitions Pedagogy-driven 1,852 11,112 184.2 MC/OE

Table 1: Comparison of PedagogyBench with representative video understanding benchmarks. #Units and #Q&A
denote the numbers of evaluation units and QA pairs; Len. denotes average input length in seconds; MC = multiple
choice; OE = open-ended; MAMC = multiple-answer multiple-choice.

logic of knowledge delivery.
However, existing multimodal benchmarks, such

as MME (Fu et al., 2025), MVBench (Li et al.,
2024), and Video-MME (Fu et al., 2024), primarily
focus on visual recognition, common-sense reason-
ing, and factual question answering in general sce-
narios. These benchmarks usually treat videos as
temporal sequences of events, while underempha-
sizing the bidirectional teaching–learning process
in classroom settings. At the same time, the lack
of a benchmark tailored to educational scenarios
makes it difficult to systematically evaluate whether
MLLMs can capture the deeper pedagogical logic
of instructional videos.

To address this gap, we present PedagogyBench,
a benchmark for multimodal instructional video
understanding in educational settings. Figure 1
shows a representative example from Pedagogy-
Bench. Our main contributions are as follows:

1. A Benchmark Grounded in Instructional
Design: We construct PedagogyBench using
a pedagogy-driven segmentation strategy that
aligns video granularity with teaching logic.
This design evaluates whether a model can
follow pedagogical flow rather than only rec-
ognize isolated events.

2. A Dual-Stream Annotation Pipeline with
Expert Refinement: We develop a dual-
stream semantic injection pipeline that com-
bines machine pre-annotation and expert re-
finement. This process captures the interac-
tions among spoken explanations, blackboard
writing, and visual demonstrations in class-
room videos.

3. A Cognitive Evaluation Framework for In-

structional Video Understanding: We es-
tablish a cognitive framework with four lev-
els spanning 20 fine-grained tasks and intro-
duce the CFS to measure balanced perfor-
mance across dimensions. Experiments on
12 MLLMs reveal a clear generative gap from
option-guided discrimination to higher-order
pedagogical reasoning.

2 Related Work

2.1 MLLMs for Dynamic Visual Reasoning
MLLMs have advanced rapidly in recent years.
Early models like LLaVA (Liu et al., 2023) con-
nected visual encoders with LLMs, validating the
effectiveness of visual instruction tuning. To en-
hance fine-grained perception, approaches such
as LLaVA-NeXT(Zhang et al., 2024), Qwen2.5-
VL(Bai et al., 2025b), and InternVL 2.5 (Chen
et al., 2025b) have advanced general visual under-
standing by integrating dynamic high-resolution
mechanisms and rigorous data filtering. Address-
ing the challenges of video temporality and long
sequences, Video-LLaMA(Zhang and Li, 2023) uti-
lizes Q-Formers to process temporal data, while
mPLUG-Owl3(Ye et al., 2024) optimizes atten-
tion computation via a hyper attention mechanism.
Furthermore, Qwen3-VL(Bai et al., 2025a) and
InternVL 3.0 (Zhu et al., 2025) have overcome
context length limitations, supporting coherent rea-
soning for ultra-long video and multi-image inputs.
GLM-4.1V-Thinking (Team et al., 2025b) has sig-
nificantly enhanced multimodal chain-of-thought
capabilities. While proprietary models such as
GPT-4o (Team et al., 2024) and Gemini 2.5 Pro
(Team, 2025) show stronger long-context perfor-
mance, open-source MLLMs remain prone to hal-
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Figure 2: The data construction pipeline of PedagogyBench. It comprises three stages: (I) Data Curation and
Pedagogy-Driven Segmentation; (II) Dual-Stream Semantic Injection with Rigorous Human Expert Refinement;
and (III) Context-Aware QA Generation synthesizing MCQs and SAQs.

lucinations (Li et al., 2023) and temporal inconsis-
tencies (Yang et al., 2025) in complex scenarios.

2.2 Benchmarks for Video Understanding

Video understanding benchmarks have shifted from
basic perception to complex reasoning. Early
benchmarks like MSVD-QA (Xu et al., 2017)
and MSRVTT-QA (Xu et al., 2016) targeted short
video descriptions, while ActivityNet-QA (Yu et al.,
2019) and TGIF-QA (Jang et al., 2017) introduced
foundational temporal localization. With the rise
of MLLMs, MME (Fu et al., 2025) established
a unified standard for perception and cognition.
MVBench (Li et al., 2024) and Video-MME (Fu
et al., 2024) emphasized fine-grained temporal per-
ception and cross-duration logical reasoning. To ex-
plore deeper cognitive abilities, EgoSchema (Man-
galam et al., 2023) and NExT-QA (Xiao et al.,
2021) focus on causal inference and long-term de-
pendencies. Meanwhile, VQAGuider (Chen et al.,
2025a) and MoReVQA (Min et al., 2024) inves-
tigate modular, step-by-step reasoning. However,
these benchmarks largely evaluate what happens or
why it occurs, neglecting the pedagogical logic and
cognitive scaffolding essential to instruction. This
lack of pedagogically grounded evaluation limits
how accurately current metrics can assess model
capability in educational settings.

2.3 Instructional Video Analysis

Instructional video analysis focuses on equipping
models with procedural knowledge. HowTo100M
(Miech et al., 2019) laid the foundation for weak su-

pervision using large-scale narrated videos, while
COIN (Tang et al., 2019) and CrossTask (Zhukov
et al., 2019) improved fine-grained step recognition
through hierarchical annotations. Subsequently,
StepFormer (Dvornik et al., 2023) improved step
localization accuracy via self-supervised temporal
modeling, and InstructionBench (Wei et al., 2025)
utilized multi-granularity QA to assess step se-
quencing and reasoning. Additionally, EgoProceL
(Bansal et al., 2022) and Ego4D (Grauman et al.,
2022) addressed key state changes and egocentric
perspectives. However, existing works mainly em-
phasize procedural execution rather than pedagogi-
cal metacognition and instructional rationale. Ped-
agogyBench is designed to address this gap.

3 PedagogyBench

PedagogyBench is a benchmark for pedagogical
cognition in instructional videos, covering 10 K–
12 subjects, 1,852 video segments, and 11,112 QA
pairs. Unlike existing benchmarks that mainly em-
phasize general event understanding or procedu-
ral steps, it focuses on the teaching–learning logic
of real classroom instruction. Table 1 compares
PedagogyBench with representative general and
instructional benchmarks.

3.1 Dataset Construction Pipeline

The construction of PedagogyBench follows a
three-stage pipeline, and the overall workflow is
illustrated in Figure 2.
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Figure 3: The left side organizes the evaluation into four cognitive levels, forming a pyramid from easy to very
hard. The right side expands each level into concrete task types, yielding a cognitive matrix that covers perception,
understanding, application, and diagnostic reasoning in instructional videos.

3.1.1 Data Curation and Pedagogy-Driven
Segmentation

Stage I: The raw videos in PedagogyBench come
from teaching skills competitions, rather than on-
line videos or public datasets. Unlike typical
classroom recordings, these videos exhibit signif-
icantly higher quality in both instructional design
and recording conditions. They typically contain
a complete "Introduction–Exposition–Interaction–
Conclusion" structure, together with clear black-
board writing and clean audio, making them suit-
able for benchmark construction. All source videos
are drawn from Chinese K–12 teaching competi-
tions, with classroom speech and on-screen text
primarily in Chinese. The benchmark uses En-
glish QA pairs by design to evaluate cross-lingual
pedagogical reasoning rather than surface-level lan-
guage matching.

We collected 500 raw long videos across 10 sub-
jects. To ensure pedagogical integrity, we retained
only videos lasting 10–15 minutes that included all
four teaching segments, resulting in a curated set
of 463 high-quality videos.

We then performed pedagogy-driven segmenta-
tion based on instructional event boundaries, mov-
ing beyond traditional shot segmentation toward
cognitively meaningful semantic units. Specifi-
cally, we jointly exploited multimodal cues such
as speech rate variations, slide transitions, black-
board layout changes, and interaction signals to
automatically detect instructional event boundaries.
This process divided each video into four distinct
segments: Introduction, Exposition, Interaction,
and Conclusion, yielding 1,852 coherent sub-video
segments (463 × 4) and providing the structured
temporal basis for subsequent annotation.

3.1.2 Dual-Stream Semantic Injection

Stage II converts visually observable yet hard-to-
verbalize classroom details into structured semantic
representations. To this end, we develop a dual-
stream semantic injection mechanism that com-
bines automated extraction with expert refinement.

For the audio stream, we use the speech recog-
nition model FunASR (Gao et al., 2023) to tran-
scribe all sub-videos, capturing teaching explana-
tions, questions, and feedback. Beyond raw tran-
scripts, this process also produces phase-level sum-
maries and pedagogical objectives, which provide
useful temporal cues about instructional pacing.
For the visual stream, we employ a phase-aware
prompting system based on a vision LLM (Zhu
et al., 2025). These prompts guide the model to
adopt observation roles aligned with different ped-
agogical phases. Detailed prompts and annotation
examples are provided in Appendix B.

To improve data quality, especially for STEM
subjects (Physics, Chemistry, Biology, Mathemat-
ics, and Technology), we incorporate scientific no-
tation constraints into the prompts, requiring formu-
las to be transcribed in standardized form. To fur-
ther reduce hallucination, we adopt a “Facts-First,
Narrative-Second” strategy, which first enumer-
ates chronological visual facts and then synthesizes
them into a narrative.

To improve annotation quality, we incorporate a
human-in-the-loop verification process. As shown
in Figure 2, the Human Expert Refinement module
in Stage II involves three doctoral candidates who
revise the machine-generated drafts at the instance
level, including intent tagging, logic repair, and
goal definition. This process improves the faithful-
ness of the annotations to subject knowledge and
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Subject # Seg. MCQs SAQs Tokens (k) Avg. Duration (min) Total Duration

Audio Visual Intro Expo Inter. Concl. (min) Avg. (min)

Biology 180 900 180 154.0 122.1 2.59 4.06 3.32 2.11 543.0 3.02
Chemistry 188 940 188 155.9 151.6 2.51 4.05 3.24 2.41 573.5 3.05
Chinese 196 980 196 172.8 146.0 2.60 3.57 3.79 2.82 626.1 3.19
English 196 980 196 96.5 141.8 2.62 3.95 3.49 2.50 614.9 3.14
Geography 144 720 144 116.4 116.2 2.36 4.00 3.58 2.23 437.8 3.04
History 180 900 180 168.8 141.2 2.39 3.80 3.44 2.45 543.3 3.02
Mathematics 200 1000 200 163.6 142.2 2.52 4.03 3.53 2.19 612.3 3.06
Physics 192 960 192 163.4 133.8 2.50 4.53 3.64 1.92 577.1 3.00
Politics 180 900 180 160.3 138.4 2.43 4.32 3.32 2.20 561.2 3.12
Technology 196 980 196 157.7 152.7 2.70 3.76 3.37 2.48 603.3 3.08

Total / Avg. 1,852 9,260 1,852 1,509.4 1,386.0 2.52 4.01 3.47 2.33 5,692.5 3.07

Table 2: Detailed statistics of PedagogyBench across 10 subjects. The table reports the scale of video segments and
QA pairs, multimodal token counts, and the average duration for each of the four pedagogical phases.

pedagogical intent. Details of the refinement pro-
cedure, together with a before-and-after example,
are provided in Appendix B.3.

3.1.3 Controlled QA Generation Engine
Stage III converts the structured annotations into
evaluation tasks. We developed a controlled QA
generation engine powered by GPT-4o (Team et al.,
2024) to ensure question quality while maintain-
ing comparability and fairness across models. De-
tails of the generation engine are provided in Ap-
pendix C.

For each video segment, the engine generates
five multiple-choice questions (MCQs) and one
short-answer question (SAQ) based on the multi-
modal annotations. We explicitly specify the map-
ping between questions and the cognitive pyramid,
enforcing a difficulty-increasing constraint. This
ensures a balanced distribution of complexity, pro-
gressively advancing from basic factual perception
to higher-order pedagogical diagnosis.

To mitigate shortcut reasoning, we remove text
snippets that may directly reveal answers and ap-
ply post-validation checks for formatting compli-
ance and option completeness. Importantly, all QA
generation is grounded in the expert-refined annota-
tions from Stage II, including teaching goals, visual
facts, and pedagogical summaries, which reduces
hallucinations at the source.

We further perform sampled human validation
on the generated QA pairs. Three PhD students re-
viewed 300 segments (1,800 QA items), of which
only 23 cases required minor revisions, mainly in
option formatting, while no answer keys or factual
content needed correction. For the most challeng-
ing Dim IV tasks, two K–12 in-service teachers
additionally reviewed 60 diagnostic items, confirm-

ing that 57 of them (95%) reflected realistic class-
room challenges. Only QA pairs retained after this
multi-round verification process are included in the
final benchmark.

3.2 The Cognitive Evaluation Framework
To systematically assess the pedagogical cognitive
capabilities of MLLMs, we draw upon Bloom’s
Taxonomy (Anderson, 2001) and the Pedagogical
Content Knowledge (Shulman, 1986) framework
to organize the evaluation tasks into a hierarchical
pyramid of four progressive dimensions, with each
dimension encompassing five specific subtasks, as
detailed in Figure 3 and Appendix C.1.

Dim I: Perception and Remembering. Grounded
in Mayer’s learning theory (Mayer, 2020), this di-
mension evaluates the ability to perceive audio-
visual signals by grounding visual and auditory
details. We design tasks such as blackboard OCR
and speech transcription check to verify whether
the inputs are free from hallucination, thereby es-
tablishing the foundation for subsequent reasoning.

Dim II: Understanding and Interpretation. This
dimension leverages dual-coding theory (Paivio,
1991) to assess multimodal meaning construction.
We design tasks such as multimodal alignment and
pedagogical phase recognition, requiring the model
to determine whether the teacher’s gestures align
with spoken explanations and thereby form a co-
herent understanding of instructional messages.

Dim III: Application and Transfer. This level
simulates the process of learning transfer (Haskell,
2000), assessing the model’s ability to apply in-
ternalized logic to novel contexts. We require the
model to synthesize logically consistent examples
or predict subsequent experimental steps based on
its understanding of the current pedagogical logic.
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Model Subjects Avg CFS
Math Phys Chem Bio Geog Tech Hist Eng Chi Pol

Gemini-2.5 88.38 88.91 85.11 87.29 88.00 77.94 87.36 88.07 87.75 88.12 86.69 83.07 ↑
GPT-5.1 87.95 87.83 87.43 87.99 89.39 75.51 86.36 88.47 87.25 88.82 86.70 82.78 ↓
Qwen3-VL:8B 84.68 85.29 80.14 83.76 88.45 74.09 86.46 84.38 85.66 85.16 83.81 80.03 –
Qwen2.5-VL:7B 83.44 82.39 80.79 81.53 88.11 72.45 85.07 82.91 82.20 81.53 82.04 78.48 –
InternVL3:8B 83.38 84.88 79.40 80.08 86.99 73.50 82.58 84.94 83.93 79.85 81.95 76.80 –
Gemma3:12B 81.13 81.58 76.53 79.03 80.99 71.56 76.66 81.46 81.89 71.25 78.21 72.11 –
MiniCPM-V:8B 75.56 76.11 71.21 69.93 76.82 64.66 76.39 75.77 78.83 73.19 73.85 70.33 ↑
InternVL2.5:8B 80.81 77.41 74.93 76.32 78.65 71.55 74.52 77.74 79.78 76.11 76.78 69.85 ↓
GLM-4.1V-Thinking:9B 75.19 74.87 68.62 67.92 73.70 64.48 73.68 71.69 71.24 70.83 71.22 67.77 ↑
InternVL2:8B 78.94 72.46 69.22 73.47 75.69 69.77 73.47 73.02 74.30 72.57 73.29 65.40 ↑
LLaVA-NeXT:7B 80.00 73.57 71.61 75.21 79.34 72.58 74.72 81.31 80.87 72.01 76.12 64.87 ↓
mPLUG-Owl3:7B 75.75 71.03 67.82 72.09 79.17 70.28 72.50 79.86 81.06 70.07 73.96 60.67 ↓

Table 3: Main Results on PedagogyBench. Reported are accuracy scores (%) across 10 subjects, Average Accuracy
(Avg), and Cognitive Fidelity Score (CFS). Models are ranked by CFS. Bold denotes best performance. Arrows
(↑ / ↓ / –) indicate rank improvement, decline, or stability in CFS relative to Avg.

Dim IV: Analysis and Diagnosis. This dimen-
sion evaluates diagnostic competence (Klug et al.,
2013) and requires models to emulate the metacog-
nitive processes of an expert teacher. We design
tasks such as error diagnosis and teaching strat-
egy analysis, requiring the model to identify the
conceptual roots of student errors or assess the ef-
fectiveness of specific instructional strategies.

3.3 Data Analysis and Statistics

PedagogyBench comprises 1,852 video segments
and 11,112 QA pairs across 10 subjects. A de-
tailed statistical breakdown is provided in Table 2;
additional analyses are included in Appendix A.

In total, the benchmark contains 5,692.5 min-
utes of instructional video. It includes 1,509.4k
audio tokens and 1,386.0k visual tokens, providing
dense multimodal evidence for pedagogical under-
standing. The average segment duration is 3.07
minutes, which is consistent with the pacing of real
classroom instruction.

Temporally, instructional content is concentrated
in the Exposition (4.01 min) and Interaction (3.47
min) phases, while Introduction (2.52 min) and
Conclusion (2.33 min) are relatively concise. This
non-uniform distribution reflects authentic teach-
ing practice and requires models to capture both
core knowledge delivery and its surrounding peda-
gogical context.

PedagogyBench also maintains broad disci-
plinary coverage across both STEM and humanities
subjects, including Mathematics, Physics, Chem-
istry, Biology, Geography, History, Chinese, En-
glish, Politics, and Technology. This relatively bal-

anced subject distribution helps reduce domain bias
and supports the evaluation of cross-disciplinary
generalization.

4 Experiments and Analysis

We conduct a systematic evaluation of 12 MLLMs
on PedagogyBench. Our analysis addresses four
questions: the general proficiency of current mod-
els across pedagogical subjects, the extent to which
PedagogyBench depends on genuine visual ground-
ing rather than language priors, the balance of
model competence across cognitive dimensions,
and the failure modes revealed by this benchmark.

4.1 Experimental Setup

Evaluated Models: To ensure a comprehensive
evaluation, we assess 12 representative MLLMs,
including two proprietary frontier models and
ten open-source models mostly in the 7B–12B
range. Specifically, the evaluated models in-
clude: Gemini-2.5(Team, 2025), GPT-5.1 (OpenAI,
2025), Qwen2.5-VL:7B (Bai et al., 2025b), Qwen3-
VL:8B (Bai et al., 2025a), InternVL2:8B (Wang
et al., 2025), InternVL2.5:8B (Chen et al., 2025b),
InternVL3:8B (Zhu et al., 2025), MiniCPM-V:8B
(Yao et al., 2024), mPLUG-Owl3:7B (Ye et al.,
2024), LLaVA-NeXT:7B (Zhang et al., 2024),
Gemma3:12B (Team et al., 2025a), and GLM-4.1V-
Thinking:9B (Team et al., 2025b). All models are
evaluated in a zero-shot setting to assess their gen-
eralization ability under a unified protocol.

Evaluated Metrics: We evaluate model perfor-
mance using three types of metrics: overall accu-
racy, SAQ accuracy under deterministic matching,
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Figure 4: Performance heatmap across four cognitive
dimensions. Darker colors indicate higher scores.

and inference time. For MCQs, we report standard
accuracy. For SAQs, we do not use an MLLM-
as-a-judge protocol. Although the SAQ format is
open-ended, the task is essentially subject classi-
fication, with answers restricted to 10 predefined
subject categories. We therefore adopt a determin-
istic rule-based matching strategy: a prediction is
counted as correct if the generated text contains the
correct subject name or its common abbreviation.
This design avoids additional judgment bias and
ensures objectivity and reproducibility.

Beyond raw accuracy, we introduce the Cogni-
tive Fidelity Score (CFS) to measure whether a
model exhibits balanced pedagogical competence
across the four cognitive dimensions defined in
Sec. 3.2, namely Dim I (D1), Dim II (D2), Dim
III (D3), and Dim IV (D4). A reliable pedagogical
assistant should not only perform well on average,
but also maintain consistency across dimensions
rather than excel in only a subset while failing in
others. To capture this property, we define CFS
as the geometric mean of the four dimensional
scores penalized by their dispersion. Formally, let
S = [SD1 , SD2 , SD3 , SD4 ] denote the score vector
over the four dimensions; then CFS is defined as:

CFS =

(
4∏

i=1

SDi

) 1
4

−

√√√√1

4

4∑

i=1

(
SDi − S̄

)2 (1)

where S̄ is the arithmetic mean of the dimen-
sional scores. In this way, CFS rewards strong
overall performance while penalizing lopsided cog-
nitive profiles. In addition, we record inference

time as a supplementary efficiency metric and re-
port the detailed comparison in the appendix.

Implementation Details: All experiments were
conducted on a server equipped with 8 NVIDIA
A100 GPUs. To ensure fairness and efficiency, we
uniformly employed BF16 precision for inference,
sampling 16 frames evenly from the video as visual
context input. For decoding, we used the official
default chat template for each model to guarantee
result reproducibility.

MCQ1
(Easy)

MCQ2
(Medium)

MCQ5
(Medium)

MCQ3
(Hard)

MCQ4
(Very.Hard)

SAQ
(Gen.)

40

60

80

Full Model Performance Radar across 6 Tasks

Models
Qwen3-VL:7B
Qwen2.5-VL:7B
Intern3-VL:8B
Gemma3:12B
MiniCPM-V:8B

Models
Intern2.5-VL:8B
Glm-4.1V-Thinking:9B
Intern2-VL:8B
Llava-Next:7B
mPlug-owl3:7B
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plays model accuracy across six tasks arranged by diffi-
culty.

4.2 Overall Performance

We first present the overall results. Table 3 sum-
marizes the main benchmark results, and the full
breakdown is provided in Appendix D. Three ob-
servations emerge:

First, the two proprietary frontier models achieve
the strongest overall performance. GPT-5.1 ob-
tains the highest Average Accuracy (86.70), while
Gemini-2.5 achieves the best CFS (83.07), indi-
cating a stronger balance across cognitive dimen-
sions. Among open-source models, Qwen3-VL:8B
ranks highest in both Avg and CFS, demonstrat-
ing the strongest all-around capability within the
open-source group.

Second, the comparison between Avg and CFS
reveals cognitive-profile differences that conven-
tional accuracy alone cannot capture. MiniCPM-V
improves its ranking under CFS, suggesting that
although its absolute accuracy is lower, its perfor-
mance is more evenly distributed across cognitive
dimensions. In contrast, models such as LLaVA-
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Setting Math Phys Chem Bio Geog Tech Hist Eng Chi Pol Avg CFS

Text-Only (Blind) 69.25 62.50 58.91 68.61 73.78 66.52 68.89 66.64 66.52 70.42 67.20 44.44
Audio-Only 74.19 77.47 73.94 75.97 77.34 63.65 77.29 67.86 75.51 76.94 74.02 64.67
Qwen3-VL:8B (Full) 84.68 85.29 80.14 83.76 88.45 74.09 86.46 84.38 85.66 85.16 83.81 80.03

Table 4: Modality ablation on Qwen3-VL:8B. Removing visual input leads to clear drops in both Avg and CFS,
confirming the importance of visual grounding on PedagogyBench.

Model Math Phys Chem Bio Geog Tech Hist Eng Chi Pol Avg CFS

GPT-5.1 (Chinese QA) 87.00 86.39 86.17 87.16 88.54 77.82 86.47 88.94 86.10 86.46 86.10 82.44
GPT-5.1 (English QA) 87.95 87.83 87.43 87.99 89.39 75.51 86.36 88.47 87.25 88.82 86.70 82.78

Table 5: Comparison of GPT-5.1 under English-QA and Chinese-QA settings on PedagogyBench. The two settings
yield highly similar subject-wise profiles, Avg, and CFS.

NeXT and mPLUG-Owl3 drop noticeably in the
CFS ranking, indicating greater imbalance across
tasks. These shifts confirm that CFS captures
not only overall performance, but also consistency
across pedagogical competencies.

Technology remains the most challenging sub-
ject for nearly all models, especially in the open-
ended SAQ setting. This gap does not indicate
flawed QA design. Rather, because General Tech-
nology is inherently cross-disciplinary and practice-
oriented, models often default to more intuitive
subject labels such as Chemistry or Physics instead
of the standardized curriculum category Technol-
ogy. This pattern further highlights the gap be-
tween option-guided discrimination and precise
open-ended generation.

4.3 Modality Contribution Analysis

To examine whether PedagogyBench can be solved
mainly through language priors, we conduct a
modality ablation on Qwen3-VL:8B under three
settings: Text-Only (Blind), Audio-Only, and Full
(Audio+Visual). As shown in Table 4, removing
visual input causes substantial drops in both Avg
and CFS. In particular, the text-only setting drops
from 83.81 Avg / 80.03 CFS to 67.20 Avg / 44.44
CFS. These results indicate that visual grounding
plays an important role in pedagogical reasoning
on PedagogyBench and that the benchmark is not
reducible to language priors alone.

We further test the effect of the cross-lingual set-
ting by re-evaluating GPT-5.1 on a fully Chinese
version of the QA pairs. The results remain highly
consistent with the original English-QA setting,
suggesting that the main challenge of Pedagogy-
Bench lies in multimodal pedagogical reasoning
rather than superficial language mismatch.

4.4 Cognitive Dimensions Analysis

Figure 4 shows model performance across the four
levels of the cognitive pyramid. A consistent pat-
tern is that Dim II scores are generally higher than
Dim I scores. This suggests that current MLLMs
can often rely on the linguistic priors of their LLM
backbones for interpretation, while still facing bot-
tlenecks in fine-grained visual perception. As a re-
sult, some models can produce plausible reasoning
while remaining weak in grounding their answers
in visual evidence.

We observe two broad capability profiles. Mod-
els such as Qwen3-VL and MiniCPM-V exhibit
relatively balanced scores across dimensions, in-
dicating more stable vision-language integration.
By contrast, models such as LLaVA-NeXT show
larger variance across dimensions, with weaker per-
formance on perception-related tasks. This pattern
suggests a stronger dependence on textual priors
and less reliable visual grounding.

These dimension-level differences help explain
the rank shifts between Avg and CFS. MiniCPM-V
benefits from its more even distribution of perfor-
mance, whereas models with sharper dimension
gaps receive larger CFS penalties. Overall, the
results suggest that robust pedagogical reasoning
depends not only on strong average accuracy, but
also on balanced competence across perception,
interpretation, application, and diagnosis.

4.5 Generative Gap and Failure Mode
Analysis

To examine fine-grained model behavior, Figure 5
visualizes performance across six tasks arranged
by cognitive complexity. A clear generative gap
emerges: models perform relatively well on dis-
criminative tasks, especially MCQs, but deteriorate
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Dimension Mixed (Dim I–Dim IV)

Phase Interaction

Model GLM-4.1V-Thinking:9B

Performance Discriminative (MCQ): 100% Accu-
racy
The model correctly answers all five
MCQs related to pollution transfer and
teaching strategy.

SAQ Question Based on the visual content and teach-
ing context, identify the specific subject
being taught.

Ground Truth Geography

Prediction Chemistry

Analysis Textual Bias Over Visual Evidence.
The model is misled by the keyword
“Pollutant” in the slide title and re-
trieves a chemistry prior, while failing
to ground its answer in the visible black-
board notes and classroom context.

Figure 6: A representative failure case from Pedagogy-
Bench. Despite perfect MCQ performance, GLM-4.1V-
Thinking:9B fails on the open-ended SAQ because lan-
guage cues override visual grounding.

sharply on the open-ended SAQ setting. This sug-
gests that many MLLMs are considerably stronger
at option-guided discrimination than at precise free-
form generation grounded in multimodal evidence.

Performance also declines steadily as tasks move
from factual recall to higher-order reasoning. This
radial retraction supports the difficulty design of
PedagogyBench: as models progress from percep-
tion and interpretation to application and diagnosis,
their performance weakens correspondingly. Only
models with stronger vision-language alignment re-
main relatively robust under higher cognitive load.

We further observe a recurring speech/text inter-
ference effect. In several failure cases, models rely
excessively on salient spoken or textual cues while
underweighting decisive visual evidence, leading to
plausible but incorrect answers driven by language
priors rather than grounded classroom context.

Figure 6 shows a representative example from
the Interaction phase of a Geography lesson. Al-

though GLM-4.1V-Thinking:9B answers all MCQs
correctly, it fails on the SAQ subject-classification
task, predicting “Chemistry” instead of “Geogra-
phy”. The keyword “Pollutant” in the slide title
biases the model toward a chemistry prior, while
the visible blackboard cues and broader classroom
context clearly indicate a human geography lesson.
This case highlights two recurring patterns in Ped-
agogyBench: strong discriminative performance
does not guarantee faithful open-ended generation,
and language cues can override visual grounding
in pedagogical reasoning.

We report additional qualitative case studies in
Appendix E and inference-efficiency comparisons
in Appendix F.

5 Conclusion

We present PedagogyBench, a benchmark for multi-
modal instructional video understanding grounded
in pedagogical cognition. The benchmark com-
bines pedagogy-driven segmentation, dual-stream
semantic injection, and a cognitive evaluation
framework with four levels covering 20 fine-
grained tasks. We also introduce the CFS to mea-
sure the balance of model performance across cog-
nitive dimensions.

Experiments on 12 MLLMs reveal a clear gen-
erative gap: although current models perform rel-
atively well on discriminative tasks, their perfor-
mance drops on open-ended pedagogical reasoning
and diagnosis, where they often rely on linguistic
priors or parametric memory instead of grounded
visual evidence. We hope PedagogyBench will
provide a useful testbed for studying multimodal
pedagogical reasoning and support future work on
educationally grounded MLLMs.

Limitations

While PedagogyBench provides a useful bench-
mark for instructional video understanding, we
note several limitations.

Subject and Cultural Scope: Although the
benchmark covers 10 K–12 subjects, the current
data is primarily drawn from standard Chinese
classroom settings. Since pedagogical practice is
shaped by cultural and curricular contexts, future
versions will incorporate more cross-cultural in-
structional data to improve generalizability.

Interactivity Setting: PedagogyBench currently
focuses on single-turn QA in order to isolate and
measure discrete pedagogical cognitive abilities.
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This static setting provides a necessary starting
point, but it does not yet capture the multi-turn
nature of real instructional scaffolding.

Granularity of Modal Analysis: Our current
evaluation emphasizes multimodal benchmark per-
formance rather than fine-grained modality attri-
bution. Although we include modality ablations,
more systematic analyses of the respective contri-
butions of visual, audio, and textual signals remain
for future work.

Sample Size: High-level pedagogical annotation
requires scarce interdisciplinary expertise and is
therefore costly to scale. While the current bench-
mark is sufficient to reveal major performance
trends and model failure patterns, larger-scale ex-
pansion would further strengthen the robustness of
the conclusions.

Ethical Considerations

The dataset used in this study is derived from
archived videos of a teaching skills competition
held by the authors’ institution. The data collec-
tion process received formal approval from the uni-
versity’s administrative authorities. Because the
videos were recorded in a public competition set-
ting, participants were informed in advance that the
recordings might be used for pedagogical assess-
ment and academic research.

To maximize the protection of personal privacy,
we implemented strict screening and processing
protocols. The selected video segments primar-
ily capture the back or side views of the teachers.
We strictly excluded any segments containing clear
frontal faces. Furthermore, All experts involved in
data annotation signed confidentiality agreements
and received compensation above the local mini-
mum wage standard applicable to their location.

Although this study focuses on evaluation rather
than model training, we acknowledge that the ped-
agogical norms may reflect specific regional styles.
Users should be aware of this potential bias when
using PedagogyBench. We recommend broader
fairness testing before deploying models in educa-
tional scenarios. Finally, AI tools were used only
for language polishing.
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A Subject-Specific Details and Data
Distribution

To ensure a rigorous and fair evaluation of MLLMs
across diverse academic domains, PedagogyBench
includes 1,852 instructional video segments, span-
ning 5,692.5 minutes and 11,112 QA pairs cov-
ering 10 K–12 subjects. We provide a detailed
visualization of the dataset’s characteristics, specif-
ically focusing on subject distribution, temporal
composition, and cognitive dimensions.

A.1 Subject Distribution
Figure 7 illustrates the distribution of video seg-
ments across the 10 subjects: Biology, Chemistry,
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Chinese, English, Geography, History, Mathemat-
ics, Physics, Politics, and Technology.

As shown in Figure 7, PedagogyBench main-
tains a high degree of categorical balance. The
sample size for most subjects is controlled at ap-
proximately 10%, with Mathematics contributing
200 segments, Chinese and English each contribute
196 segments, and even Geography, the subject
with the fewest samples, contains a substantial 144
segments. This balanced distribution helps mitigate
domain bias, prevents the evaluation from skewing
toward high-resource subjects, and better reflects
cross-disciplinary generalization.
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Figure 7: Subject-wise distribution of video segments.
The dataset maintains a balanced composition across 10
core K–12 disciplines to ensure unbiased evaluation.

A.2 Video Duration and Pedagogical Phases

Figure 8 reports the total video duration for each
subject and illustrates the content into four peda-
gogical phases. The statistical results indicate that
the Exposition and Interaction phases occupy the
vast majority of the duration, with shorter dura-
tions for the Introduction and Conclusion phases.
This structure is consistent with the logic of knowl-
edge transmission and interactive learning in real
classrooms, further supporting the realism of the
dataset.

In terms of subject duration, Chinese exhibits
the longest total duration at 10.4 hours, followed
closely by Mathematics and English, both at 10.2
hours. This reflects the central role of these core
subjects in the curriculum and their inherent knowl-
edge richness. In contrast, Geography has a rela-
tively shorter duration, totaling only 7.3 hours.
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N=180
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10.2%
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10.6%
N=196
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N=196

Geo
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Politics
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Dataset Statistics by Subject

Figure 8: Total video duration per subject, segmented
by pedagogical phases. The dominance of Exposition
and Interaction phases reflects the authentic structure of
classroom instruction.
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Dim II: Understanding
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Dim III: Application
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Dim IV: Analysis
(1 Q/Video)

16.7%

Total QA
11,112

Distribution of QA Pairs across Cognitive Dimensions

Figure 9: Distribution of QA pairs across cognitive
dimensions. The structured "2:2:1:1" allocation forms a
Cognitive Pyramid, using a solid perception foundation
to support higher-order analysis.

A.3 Cognitive Dimension Distribution
Figure 9 displays the proportional distribution of
QA pairs across the four cognitive dimensions
(Dim I–Dim IV). To comprehensively assess the
progressive cognitive chain from perception to anal-
ysis, we employed a structured QA allocation strat-
egy during data construction. For each video seg-
ment, six evaluation questions are generated with
a fixed distribution: Dim I and Dim II together
account for four questions (66.7%), forming the
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Figure 10: Visual examples of pedagogical phases across Physics, History, and Mathematics. The frames illustrate
domain-specific visual patterns.

perceptual foundation of the evaluation by verify-
ing whether the model can accurately extract basic
audiovisual facts. Dim III and Dim IV together ac-
count for two questions (33.3%), with one question
assigned to each dimension. These questions assess
the model’s capabilities for application transfer and
diagnostic analysis in complex contexts.

This 2:2:1:1 distribution forms a robust cogni-
tive pyramid structure. Although higher-order rea-
soning questions are fewer in quantity than foun-
dational ones, their computational reasoning cost
is significantly higher. This widened-base design
ensures that a model’s performance on high-level
reasoning is credible only if supported by solid
perception capabilities, thereby mitigating the pos-
sibility of models achieving high scores through
mere guessing.

A.4 Visual Evidence

To provide visual evidence of our pedagogy-driven
segmentation strategy, Figure 10 displays repre-
sentative video frames from three distinct subjects
across the four pedagogical phases. For Physics,
exemplified by "Simple Harmonic Motion," the
frames illustrate the diagrammatic representation
of physical concepts and the process of theoretical
derivation. For History, focusing on the "New Cul-
ture Movement," the visuals display courseware
rich in text and imagery, highlighting the reliance
of humanities subjects on multimodal documen-
tary materials. For Mathematics, centered on the
"Surface Area of Geometric Solids," the scenes
highlight a typical logical teaching environment in

which the Exposition phase is characterized by the
sketching of geometric figures and formula calcu-
lations.

These examples illustrate cross-subject visual
diversity within a unified pedagogical structure,
covering both abstract concepts and documentary
materials.

B Phase-Aware Prompting System

This appendix describes the phase-aware prompt-
ing system used in PedagogyBench, which simu-
lates the observational perspective of human ex-
perts and adapts visual extraction strategies to dif-
ferent pedagogical phases.

B.1 Hierarchical Prompting Strategy
Table 6 presents the base instruction, a common
prefix module for prompts across all pedagogical
phases. This instruction explicitly defines the role
of the vision-language model as a multimodal ped-
agogical analysis expert, enforcing strict protocols
for action-content binding and scientific notation.
In particular, the scientific notation protocol man-
dates that the model convert all mathematical for-
mulas and chemical equations extracted from black-
board or courseware into standard LATEX format.
This design is critical for ensuring the accuracy of
downstream reasoning in STEM subjects.

Below we present phase-specific prompts for
Introduction, Exposition, Interaction, and Conclu-
sion.

Table 7 presents the prompts for the Introduc-
tion phase, where the model acts as a visual foren-
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Base Instruction Prompts (Shared across all phases)
Role: Act as an expert Multimodal Pedagogical Analyst specializing in classroom observation.

Task: Perform a fine-grained visual-temporal analysis of this video segment.

Core Requirement 1 [Action-Content Binding]: You must explicitly link the teacher’s physical actions to
specific visual content. Do not just say ’The teacher pointed at the board’. Instead, specify EXACTLY what is being
indicated (e.g., ’The teacher’s finger traced the trajectory of the sine wave’, ’The teacher circled the variable x in the
equation’).

Core Requirement 2 [Visual Necessity]: Focus on capturing visual details that cannot be inferred from au-
dio alone (e.g., exact formulas written, color coding used, spatial layout of the diagram).

Output Structure: Synthesize a coherent narrative describing the evolution of visual elements (slides, black-
board, gestures) from Beginning to Middle to End. Ensure every described action is grounded to a specific visual object.

Core Requirement 3 [Scientific Notation Protocol]: When describing formulas, chemical equations, or
physical units, you MUST strictly follow standard LaTeX format.
- Math: Use x2 for superscripts, a1 for subscripts. Do not use text descriptions like ’x squared’.
- Chemistry: Use H2O for molecules.
- Physics: Ensure units are separated, e.g., 10 m/s.
Transcription Rule: If the handwriting is messy, infer the correct standard symbol based on context. Do NOT hallucinate
non-existent indices.

Table 6: The foundational System Prompt applied across all pedagogical phases. It enforces strict constraints on
action-grounding and scientific notation formatting.

Introduction Phase: Prompts
[Round 1: Visual Fact Extraction]
Please analyze this video clip and perform visual fact extraction. This is the ’Introduction’ phase of the lesson. Before
summarizing, act as a ’Visual Forensic Expert’ to list the raw facts. Focus on:
1. The Hook Object: What exact object/image initiated the lesson? (Transcribe text or describe the image in detail).
2. The Title Event: What is the exact Title written on the board/screen? Describe the teacher’s action when writ-
ing/showing it (e.g., ’Underlined it twice’).
3. The Objectives: List the bullet points of Learning Goals if visible.
4. Key Gestures: Record any crucial hand movements that linked the teacher to the board content (e.g., ’Pointing to the
date’, ’Holding a beaker’).
Output Requirement: A structured chronological log of visual events, strictly linking teacher actions to board content
changes.

[Round 2: Visual Summary Generation]
Task: Generate the Final Visual Summary (summary_vis)
Based on your observation, synthesize a cohesive paragraph that describes the visual narrative of this ’Introduction’ phase.
This text will be combined with the audio transcript, so DO NOT repeat what is being said. Instead, focus on the VISUAL
context.
Drafting Guidelines:
1. Start with the Scene: Describe the teacher’s initial state and the opening visual stimulus (The Hook).
2. Describe the ’Doing’: Replace generic verbs with specific actions. (e.g., instead of ’He explained’, use ’He held up a
model of a molecule’ or ’He pointed to the equation on the left’).
3. Capture the Transition: Explicitly describe how the visual aid shifted from the ’Hook’ to the ’Main Topic’ (e.g., ’The
slide switched from a photo of a bridge to the title: Forces in Physics’).
4. Grounding References: If the teacher gestured to something, specify it. (e.g., ’While speaking, the teacher circled the
keyword “Velocity” on the board’).
5. Analysis of the teaching process: explain how the introduction link connects the new knowledge to the student’s
existing experience or future learning, and how the knowledge point is introduced.
Output Format: A structured paragraph following the ’Hook -> Bridge -> Topic’ logic.

Table 7: Specific prompts for the Introduction phase, focusing on capturing hook strategies and topic initiation.

sic expert to capture opening stimuli, lesson titles,
teaching objectives, and other cues that mark how
the lesson begins.

Table 8 presents the prompts for the Exposition
phase, where the model acts as a cognitive process

auditor to track the dynamic derivation of knowl-
edge and resolve deictic gestures into specific vi-
sual referents.

Table 9 presents the prompts for the Interaction
phase, where the model acts as a dialogue audi-
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Exposition Phase: Prompts
[Round 1: Visual Fact Extraction]
Phase 2: Exposition - Knowledge Flow Tracking
In this phase, the teacher transforms abstract concepts into concrete knowledge. Act as a ’Cognitive Process Auditor’ to
extract the step-by-step visual evolution. Focus on:
1. The Core Artifact (Static): What is the MAIN visual anchor? (e.g., A geometric diagram? A chemical formula? A
historical map?). Describe its initial state in high detail (labels, colors, structure).
2. The Derivation Process (Dynamic): Track the teacher’s ’Pen-and-Voice’ synchronization.
- Additions: What did the teacher add to the board while speaking? (e.g., ’Drew an auxiliary line connecting A to C’,
’Wrote the coefficient 2’).
- Modifications: Did the teacher erase or modify any part to show change?
- Deictic Gestures: When the teacher says ’this’ or ’here’, what specific part of the diagram is being pointed at?
3. The Highlighting Strategy (Emphasis): Record visual cues used to mark importance. (e.g., ’Boxed the final result’,
’Used red chalk for the variable’, ’Zoomed in on the map’).
Output Requirement: A structured chronological log of visual events, strictly linking teacher actions to board content
changes.

[Round 2: Visual Summary Generation]
Task: Generate the Final Visual Summary (summary_vis)
Synthesize a high-density visual narrative that reconstructs the knowledge delivery process. This text will be fused with
the audio transcript, so it must provide the MISSING visual context.
Drafting Guidelines:
1. Establish the Visual Anchor: Start by describing the primary visual model on the screen/board.
2. Narrate the Evolution: Describe how the concept was built step-by-step. Use dynamic verbs like ’Constructed’,
’Derived’, ’Annotated’. (e.g., ’The teacher constructs a triangle ABC and draws an altitude from A to BC’).
3. Resolve Deixis (Crucial): Resolve all pointing gestures into specific entities. (e.g., Instead of ’He pointed at the graph’,
say ’He traced the rising slope of the curve to illustrate the increasing trend’).
4. Capture Emphasis: Mention how visual highlighting aligned with the conclusion. (e.g., ’He circled the final formula
E=mc² in red’).
5. Cognitive load: Describe how visual information in videos (e.g., PPT, board books, animations) works with these
strategies to reduce cognitive load.
Output Format: A dynamic knowledge point teaching construction paragraph. Describe evolution: capture the process.
’Initially, the bulletin board showed... Then, the teacher...’

Table 8: Specific prompts for the Exposition phase, designed to capture the dynamic visual derivation of knowledge
points.

tor to capture pedagogical scaffolding and visual
feedback during teacher–student exchanges.

Table 10 presents the prompts for the Conclu-
sion phase, where the model acts as a knowledge
consolidator to extract summary artifacts, review
gestures, and visual cues related to homework or
subsequent learning tasks.

B.2 Data Annotation Examples
To intuitively demonstrate the actual output of
a phase-aware prompting system, this section
presents a complete annotation record for the
"Exposition" phase of a high school mathemat-
ics course video on "Exponential Functions." As
shown in the example below, the instructional pro-
cess is decomposed into multiple structured compo-
nents: the Audio Summary distills the core knowl-
edge trajectory of the course; the Visual Facts pre-
cisely document the teacher’s blackboard writing
and screen deictic gestures within different time
slices; and the Visual Narrative reassembles these
fragmented visual facts into a coherent pedagogical
narrative.

This multi-layered, structured data provides a
solid grounding for the subsequent generation of
questions requiring deep reasoning.

[Sample: Math_Exposition]

1. Teaching Goal

Recall and explain the definition and
graph characteristics of exponential func-
tions; describe the pattern of graph
changes for exponential functions with
different bases; plot and analyze the sym-
metry of exponential functions with vari-
ous bases.

2. Audio Summary

This lesson’s content focuses on the definition
of exponential functions, their graph characteris-
tics, and symmetry. It begins with a review of
the previous class, recalling the definition of ex-
ponential functions and the steps for graphing
them. Using concrete examples, students learn
how to plot exponential function graphs by the
point-plotting method and observe the graph fea-
tures and symmetry of exponential functions with
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Interaction Phase: Prompts
[Round 1: Visual Fact Extraction]
Phase 3: Interaction - Teacher-Orchestrated Knowledge Co-construction
In this phase, the teacher probes student understanding and co-constructs knowledge. Your task is to audit the teacher’s
visual strategies for managing this dialogue. Focus on:
1. The Invitation Gesture (Elicitation): How did the teacher visually signal the start of the interaction? (e.g., ’Made a
sweeping gesture to the class’, ’Pointed directly to a student’, ’Tapped on a blank area of the board inviting a solution’).
This is distinct from the content itself.
2. The Visual Focus Point: What specific visual artifact is the subject of the interaction? (e.g., ’The practice problem on
slide 5’, ’The chemical model on the desk’, ’The historical timeline on the board’).
3. Real-time Scaffolding (Teacher’s Action-While-Listening): While a student is responding (even verbally), what did
the teacher do VISUALLY to guide them? (e.g., ’Nodded and smiled to encourage’, ’Simultaneously wrote the student’s
spoken words on the board’, ’Pointed to a relevant formula from the previous section to hint at the answer’).
4. Visual Confirmation & Elaboration (Feedback): How did the teacher visually validate or correct the student’s input?
(e.g., ’Circled the student’s correct answer on the board’, ’Drew a diagram to visually explain the student’s error’, ’Gave
an emphatic thumbs-up’).
Output Requirement: A structured chronological log of visual events, strictly linking teacher actions to board content
changes.

[Round 2: Visual Summary Generation]
Task: Generate the Final Visual Summary (summary_vis)
Synthesize a narrative that describes how the teacher visually facilitated the application and verification of knowledge.
The teacher is the main actor. This text must supply the visual orchestration missing from the audio.
Drafting Guidelines:
1. Describe the Prompt & Invitation: Start by describing the problem on the board and how the teacher gesturally invited
students to participate.
2. Narrate the Teacher’s Facilitation: Detail the teacher’s movements and supportive gestures during the student’s
response. This is the core of the visual narrative. (e.g., ’While the student explained their reasoning, the teacher walked
over to the board and jotted down their key terms...’).
3. Detail the Visual Feedback: Clearly describe the teacher’s final visual action that confirmed or corrected the knowledge.
This is the climax of the interaction. (e.g., ’To validate the answer, the teacher gave a distinct nod and circled the final
number on the screen.’).
4. Connect to the Knowledge: Describe how the teacher’s gestures linked the student’s response back to the core lesson
content. (e.g., ’...he then drew an arrow connecting the student’s correct answer back to the main theorem discussed
earlier.’).
5. Constructing their own understanding: Describe how to help students move from passively receiving knowledge to
actively constructing their own understanding.
Output Format: A dynamic knowledge point teaching interactive construction paragraph. Describe evolution: capture
the process.

Table 9: Specific prompts for the Interaction phase, focusing on visual scaffolding and feedback during teacher-
student dialogue.

different bases (e.g., y = 2x and y = (1/2)x).
The teacher guides students to analyze and dis-
cover that these function graphs are symmetric
with respect to the y-axis. By comparing the
graphs, the importance of understanding function
properties is emphasized, and through questioning
and interaction, students deepen their understand-
ing of the characteristics of exponential functions,
helping them learn how to derive the symmetric
graph from a known function graph.

3. Visual Facts
Visual-Temporal Analysis

• Beginning:

– The teacher writes on the blackboard
with white chalk, forming the title "§4.2
exponential function" (Section 4.2 Expo-
nential Function).

– The screen displays a slide with the title
"introduction to new lessons" (Introduc-

tion to New Lesson) and text explaining
exponential functions, including the defi-
nition y = ax where a > 0 and a ̸= 1.

• Middle:

– The teacher turns to face the class, gestur-
ing towards the screen, which now shows
a blank slide.

– The teacher writes on the blackboard, but
the content is not visible in the frames
provided.

– The screen updates to show a new slide
with a graph of an exponential function,
including axes and a curve.

• End:

– The teacher points to the graph on the
screen, likely explaining its features.
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Conclusion Phase: Prompts
[Round 1: Visual Fact Extraction]
Phase 4: Conclusion - Visual Knowledge Consolidation
This is the final phase of the lesson, where the teacher visually summarizes and closes the session. Your task is to extract
fine-grained visual facts about how key knowledge points are reorganized and highlighted. Focus on:
1. Summary Artifact (Static View): What is the MAIN visual carrier of the summary? (e.g., a bullet list of key points,
a completed mind map, a final version of a formula or diagram, a comparison table). Describe its overall layout and
structure.
2. Key Knowledge Items (Content View): List the main keywords, formulas, or headings that appear in this summary
artifact. Transcribe short phrases or labels if they are clearly visible on the board/screen.
3. Review Gestures (Dynamic View): How does the teacher move to visually review these items? (e.g., ’Pointed to each
bullet point in order’, ’Traced along the arrows in the concept map’, ’Underlined the final conclusion statement’). Link
each gesture to the specific text or region it refers to.
4. Transition to Next Step: Is there any visual element indicating homework, further reading, or next lesson? If a
homework/assignment slide or board section appears, briefly transcribe what is visible (e.g., page numbers, exercise
ranges).
Output Requirement: A structured list of visual facts about the final summary board/slide and the teacher’s gestures over
it.

[Round 2: Visual Summary Generation]
Task: Generate the Final Visual Summary (summary_vis)
Based on the visual facts above, synthesize a cohesive paragraph that describes how the teacher visually wrapped up
the lesson in this ’Conclusion’ phase. This text will be fused with the audio-based summary, so DO NOT repeat verbal
explanations. Focus only on what can be seen.
Drafting Guidelines:
1. Start from the Summary Artifact: Begin by describing the main summary board/slide or diagram that is visible at the
end of the lesson (e.g., ’The class ends with a slide showing three bullet points summarizing...’).
2. Describe the Visual Review of Knowledge Points: Narrate how the teacher moves through this artifact with gestures
(e.g., ’The teacher points to each bullet in sequence, briefly pausing on the final formula...’).
3. Highlight Final Emphasis: Mention any strong emphasis actions that visually mark the core takeaway (e.g., ’He draws
a box around the key concept at the center of the mind map’ or ’He underlines the conclusion line twice with red chalk’).
4. Mention Visual Handover to Homework/Next Task if Present: If a homework or next-step instruction appears
visually, describe how it is presented (e.g., ’The last slide shows the homework: Page 45, problems 3 to 5...’).
Output Format: A structural description of the knowledge map.

Table 10: Specific prompts for the Conclusion phase, capturing the visual synthesis of knowledge maps and final
assignment instructions.

– A student stands up, possibly to answer
a question or participate in the lesson.

Knowledge Flow Tracking

• The Core Artifact (Static):

– The main visual anchor is the graph of
the exponential function displayed on the
screen. It includes:

– X and Y axes labeled.
– A curve representing the exponential

function.
– No specific labels or equations are visible

on the graph itself.

• The Derivation Process (Dynamic):

– Additions: The teacher writes the section
title on the blackboard at the beginning.
The screen transitions from text-based
slides to a graphical representation of the
exponential function.

– Modifications: No visible erasures or
modifications to the blackboard or screen
content during the frames provided.

– Deictic Gestures: The teacher gestures
towards the screen, likely indicating the
graph and its components while explain-
ing. Points to the blackboard title, em-
phasizing the lesson’s focus on exponen-
tial functions.

• The Highlighting Strategy (Emphasis):

– The teacher uses hand gestures to direct
attention to the screen, particularly the
graph.

– The use of the screen to transition from
text to a visual graph emphasizes the con-
ceptual shift from definition to graphical
representation.

Note: This structured visual evolution helps stu-
dents connect the abstract definition of exponen-
tial functions to their graphical interpretation, fa-
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cilitated by the teacher’s deliberate gestures and
screen transitions.

4. Visual Narrative

Initially, the blackboard displayed the title "§4.2
exponential function" alongside a slide introduc-
ing exponential functions with the definition y =
ax where a > 0 and a ̸= 1. The teacher con-
structed the foundational concept by writing the
section title on the blackboard, establishing the
lesson’s focus. As the lecture progressed, the
screen transitioned to a blank slide, prompting
the teacher to annotate verbally, likely elaborating
on the properties of exponential functions. The
teacher then derived the graphical representation
by displaying a slide with an exponential func-
tion graph, featuring labeled axes and a charac-
teristic curve. Throughout, the teacher resolved
deixis by tracing the rising slope of the curve,
illustrating the increasing trend of the function.
To emphasize key points, the teacher gestured
towards the graph, aligning visual cues with ex-
planations to highlight the function’s behavior.
Finally, the teacher engaged a student, reinforcing
the interactive learning process. This strategic use
of visual aids and gestures reduced cognitive load
by linking abstract definitions to concrete graph-
ical interpretations, facilitating a comprehensive
understanding of exponential functions.

B.3 Expert Refinement Procedure and
Before–After Example

To further clarify the rigor of Stage II human ex-
pert refinement, we provide a concrete before-and-
after example here. Building on machine pre-
annotations, three PhD students with relevant sub-
ject expertise refine each segment at the instance
level along three aspects: (1) teaching objective
alignment, (2) key information and terminology
correction, and (3) pedagogical logic and structural
consistency.

More specifically, the experts revise model-
generated descriptions into curriculum-aligned
teaching objectives, correct common ASR errors
and inaccurate visual references, and reorganize the
narrative structure so that the chain among teaching
objectives, visual anchors, blackboard evolution,
and gesture emphasis becomes clearer and more
faithful to real classroom practice. This expert
refinement process is applied to all 1,852 video
segments.

Table 11 shows a representative example from
a Biology lesson on the applications of genetic
engineering in agriculture. Compared with the
machine-generated draft, the expert-refined version
is more specific in instructional goals, more precise
in terminology, and more coherent in pedagogical
structure.

C Controlled QA Generation Engine
Details

This appendix supplements Section 3.1.3 by detail-
ing the implementation and quality-control design
of the QA Generation Engine. It includes three
parts: the cognitive-driven prompt template, the
difficulty ladder mechanism, and a generative case
study from a Physics lesson.

C.1 The Cognitive-Driven Prompt Template

To ensure that the generated assessment questions
exhibit both multimodal dependency and cognitive
coverage, we designed a structured system prompt.
Table 12 presents the complete prompt template
used to drive GPT-4o. The core feature of this tem-
plate is its explicit sub-task mapping mechanism.
We categorize the 20 fine-grained sub-tasks defined
in Section 3.2 of the main text, such as "misconcep-
tion diagnosis" and "blackboard extraction," into
four cognitive dimensions. During generation, the
model is instructed to construct questions based on
these specific sub-task requirements, thereby pre-
venting the generation of generic, non-pedagogical
content. Furthermore, the prompt mandates that
the model perform a lightweight thought process
prior to question generation to plan the logic for
distractor design and difficulty progression.

C.2 Difficulty Ladder

To prevent the generated questions from remain-
ing at a superficial level of visual perception, we
incorporated a mandatory difficulty ladder mecha-
nism into the generation engine. As illustrated in
the difficulty assignment module of Table 12, we
eschewed random question generation in favor of
a deterministic mapping between question indices
and cognitive dimensions.

This design compels the model to follow a cog-
nitive trajectory from foundational fact retrieval to
higher-order pedagogical diagnosis. Specifically,
Q1 and SAQ are fixed to Dimension I, focusing on
fundamental perception and memory, Q2 and Q5
are mapped to Dimension II, assessing the model’s
comprehension capabilities, while Q3 and Q4 are
mandated to target Dimensions III and IV, requir-
ing the model to simulate the reasoning process of
a teacher. This controlled difficulty design ensures
that PedagogyBench evaluates the hierarchical cog-
nitive depth of MLLMs, rather than merely testing
simple pattern recognition abilities.
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Dimension Before Refinement After Expert Refinement

Teaching objectives Describe the application domains of genetic
engineering; analyze the characteristics of
transgenic pest-resistant rice.

Describe the application domains of genetic engi-
neering and their impact on agriculture; analyze
the characteristics of transgenic pest-resistant rice
and its role in agricultural production.

Audio summary Introduce the application domains of genetic
engineering, present the case of transgenic
pest-resistant rice, and use yellow and green
rice to guide students in discussing its practical
effects.

Introduce, in sequence, the four application do-
mains of genetic engineering, then place particular
emphasis on the case of transgenic pest-resistant
rice, and use a contrast between yellow and green
rice to guide students in discussing its practical ef-
fects and significance.

Visual facts / narra-
tive

First display a PPT slide with the title and
plant diagrams as visual anchors, then derive
the concepts on the blackboard, using chalk
circles and underlining to provide in-depth ex-
planations of the content.

First display a PPT slide with the title and plant
diagrams as visual anchors, then derive the key
concepts on the blackboard, and use colored chalk
circles and underlining to emphasize the critical
steps.

Table 11: Before-and-after comparison of machine-generated and expert-refined annotations in Stage II. The
expert-refined version is more specific in teaching objectives, more precise in terminology, and more coherent in
pedagogical structure.

C.3 Generative Case Study

This section provides concrete examples from the
generative outputs of a high school physics les-
son on "Atomic Structure," demonstrating how
PedagogyBench implements a cognitive difficulty
progression from perception to cognition. At the
foundational level, Q1 and the SAQ, correspond-
ing to Dimension I, anchor the assessment in vi-
sual ground truth, ensuring the model accurately
extracts the sequential writing of particles on the
blackboard and classifies the subject matter. For
intermediate complexity, Q2 and Q5 align with
Dimension II, requiring the model to not only inter-
pret the pedagogical intent behind the teacher’s ges-
ture toward the screen but also elucidate the logical
role of specific examples, such as the photoelec-
tric effect, in constructing the overall knowledge
framework.

At the higher-order cognitive level, the gener-
ated questions demonstrate complex pedagogical
reasoning capabilities. Q3 advances to Dimension
III, requiring the model to simulate expert thinking
to plan the optimal next step in instruction based
on the current progression. Finally, Q4 reaches the
pinnacle of Dimension IV, focusing on the deep
diagnosis and correction of a student’s typical mis-
conception regarding the history of neutron dis-
covery. This comprehensive coverage, progressing
from shallow to deep, confirms that the framework
successfully guides the model beyond mere multi-
modal description, enabling the execution of profes-
sional assessment tasks with genuine pedagogical

depth.

[Q1] Dimension I: Perception & Remembering
Task: Blackboard Extraction
Question: What was the first particle the teacher
wrote on the blackboard during the lesson?
Options: A. Electron B. Proton C. Neutron
D. Photon
Answer: A
Explanation: The teacher first introduced the elec-
tron, as evidenced when they wrote it on the board
early in the middle phase of the lesson. This re-
flects the historical order in which particles were
discovered.

[Q2] Dimension II: Understanding & Interpre-
tation
Task: Gesture Analysis
Question: Why did the teacher gesture towards
the screen while adding "electron," "proton," and
"neutron" to the list of particles?
Options:
A. To highlight the particles as the most important
discovery.
B. To emphasize the visual relationship between
the listed particles as part of the particle model of
matter.
C. To direct students to take notes on the screen.
D. To introduce the concept of forces between these
particles.
Answer: B
Explanation: The gesture indicated the impor-
tance of understanding how these particles form
the framework of the particle model, underscoring
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QA Generation Engine: System Prompt Template
[Role & Input]
You must write all questions, options, and explanations in pure English.
You are the Lead Researcher for ’PedagogyBench’, a benchmark that evaluates multimodal large language models on
classroom teaching videos.
Your task: Generate 5 difficult, well-structured MCQs that strictly follow the mapping to 4 cognitive dimensions and that
require using the concrete details of this lesson (audio + visual), not generic teaching knowledge.
Input Context:
- [pedagogical Phase]: {phase}
- [Teaching Goal]: {teaching_goal}
- [Audio Stream Summary]: {audio_summary}
- [Visual Stream Facts]: {visual_facts}
- [Visual Narrative]: {visual_narrative}

[Cognitive Dimensions & 20 Sub-Tasks]
COGNITIVE DIMENSIONS (ADAPTED FROM BLOOM)
- Dimension I – Perception & Remembering: Precise recall of what is shown or said.
Target Sub-tasks: Knowledge Localization, Visual Object Recognition, Transcript Check, Blackboard Extraction, Factual
QA.
- Dimension II – Understanding & Interpretation: Interpreting why the teacher did something.
Target Sub-tasks: Intent Classification, Concept Reasoning, Cross-modal Consistency, Summary Generation, Keyframe
Description.
- Dimension III – Application & Transfer (HARD): Choosing the best next pedagogical action.
Target Sub-tasks: Scaffolding Generation, Similar Problem Gen, Personalized QA, Resource Rec, Step Prediction.
- Dimension IV – Analysis & Diagnosis (VERY HARD): Diagnosing hidden misconceptions.
Target Sub-tasks: Misconception Diagnosis, Strategy Analysis, Difficulty Prediction, Logic Check, Quality Assessment.

[Distractor Design & Difficulty Ladder]
DIFFICULTY ASSIGNMENT:
- Q1 -> Dimension I (easy, factual).
- Q2 -> Dimension II (medium, interpret intent).
- Q3 -> Dimension III (hard, application / next-step choice).
- Q4 -> Dimension IV (very hard, misconception diagnosis).
- Q5 -> Dimension II (medium, concept relation across audio & visual).
DISTRACTOR DESIGN RULES:
- All options must look plausible in the context of this specific lesson.
- For Q3 and Q4: Include at least one distractor that reflects a common misconception and one that is pedagogically
reasonable but sub-optimal.

[Chain-of-Thought Enforcement]
LIGHTWEIGHT THOUGHT:
Inside <thought> write a brief bullet plan (<120 tokens) for how you design Q3 and Q4 to be challenging.
- Identify 2–3 key ideas from the data.
- Q3: Application / next-step choice with one distractor that is too direct.
- Q4: Student misconception with deep vs superficial diagnoses.

Table 12: The core system prompt used in the QA Generation Engine.

the integration of audio and visual elements.

[Q3] Dimension III: Application & Transfer
Task: Pedagogical Planning
Question: After completing the list of particles on
the screen, what would be the most effective next
step to deepen understanding of the material?
Options:
A. Demonstrate how the listed particles form an
atom using a diagram.
B. Move on to explaining the photoelectric effect.
C. Ask students to discuss the differences between
the listed particles.
D. Provide historical dates for when each particle
was discovered.

Answer: A
Explanation: Demonstrating how particles com-
bine to form an atom provides a natural progression.
Options like (B) or (D) shift focus unnecessarily or
jump too far ahead.

[Q4] Dimension IV: Analysis & Diagnosis
Task: Misconception Diagnosis
Question: A student claims that the neutron was
discovered before the proton because it is “more
fundamental.” How should the teacher respond?
Options:
A. Confirm the neutron is fundamental, but shift to
electrons.
B. Highlight the timeline and experimental differ-
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ences (e.g., difficulty detecting neutral charge).
C. Emphasize that fundamental particles are unre-
lated to discovery order.
D. Explain that the neutron’s neutral charge made
it harder to detect.
Answer: B
Explanation: The best response explains the his-
torical timeline and experimental challenges (neu-
tral charge), refocusing learning on the sequence of
discoveries rather than debating "fundamentality."

[Q5] Dimension II: Understanding & Interpre-
tation
Task: Concept Connection
Question: How does the teacher’s use of the pho-
toelectric effect relate to the overall lesson on fun-
damental particles?
Options:
A. It introduces the connection between photons
and electrons.
B. It serves as a side topic about light.
C. It concludes the lesson showing practical uses.
D. It illustrates the experimental methods by which
particle properties are studied.
Answer: D
Explanation: It demonstrates key research meth-
ods in understanding particle behaviors, supporting
the idea that science is an evolving process of build-
ing understanding through experiments.

[SAQ] Dimension I: Perception
Task: Subject Classification
Question: Based on the visual content and teach-
ing context, identify the specific subject being
taught.
Ground Truth: Physics

D Full Experimental Results and Analysis

This appendix provides the complete results for
all 12 evaluated MLLMs on PedagogyBench (Ta-
bles 13–24), including raw scores across 10 sub-
jects, 6 questions, and 4 cognitive dimensions.
Based on these results, we summarize four charac-
teristics of current MLLMs in instructional video
understanding.

D.1 Disparities in Modality Dependency

Comparing dimensional scores across subjects re-
veals clear differences in how models rely on dif-
ferent modalities.

Humanities Leverage Greater Parametric
Prior Knowledge: In subjects like History, mod-

els maintain high higher-order reasoning scores
even when their foundational visual perception
scores are low, e.g., LLaVA-NeXT scores only
49.72. This suggests that in humanities, models
often bypass visual bottlenecks, drawing upon the
robust parametric knowledge embedded in their
LLM foundation to infer answers, demonstrating
an associative problem-solving capability.

Visual Bottleneck in STEM: Conversely, in
subjects like Technology and Physics, perception
and reasoning exhibit strong coupling. For instance,
Qwen2.5’s low perception score in Technology di-
rectly leads to a collapse in its overall reasoning
ability, resulting in a CFS of only 47.83. This
suggests that in scientific domains, precise visual
grounding is a prerequisite for effective reasoning;
a failure of the visual encoder to extract critical
details can lead to hallucinations.

D.2 Reasoning Depth Decay
A longitudinal analysis of score progression from
Visual Fact Retrieval (MCQ1) to Misconception Di-
agnosis (MCQ4) verifies the limitations of current
models in long-chain reasoning.

Most models excel in single-step visual percep-
tion tasks (MCQ1) but experience significant per-
formance degradation in diagnostic tasks (MCQ4)
requiring multi-step inference. Taking MiniCPM-
V as an example, while it achieves a score of 80.5
in Mathematics intent understanding (MCQ2), its
performance drops to 65.5 in Misconception Diag-
nosis (MCQ4). This indicates that as the reasoning
chain lengthens, models are prone to error propa-
gation, making it difficult to maintain the stability
of the logical chain.

D.3 The Gap Between Retrieval and
Contextual Application

The difference in scores between SAQ and MCQ
reveals the gap in the model’s memorization and
application capabilities.

In knowledge-intensive subjects like Mathemat-
ics and Chemistry, models such as Qwen2.5-VL
and MiniCPM-V achieve near-perfect scores on
SAQs, reflecting a strong capacity for knowledge
retrieval and accurate output of specific definitions
or formulas.

However, when required to apply this knowledge
to specific contexts in MCQ4 within the same sub-
ject, scores are notably lower. This phenomenon
of high retrieval but low generalization suggests
that current MLLMs often behave more like static
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Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 74.44 92.78 82.78 85.56 94.44 100.00 88.33 87.22 93.61 82.78 85.56 87.29 83.23

Chemistry 78.19 87.77 80.85 82.98 87.77 99.47 86.17 88.83 87.77 80.85 82.98 85.11 81.74

Chinese 77.55 90.31 86.22 85.20 93.37 97.96 88.44 87.76 91.84 86.22 85.20 87.75 85.19

English 81.63 90.82 86.22 84.18 94.39 96.94 89.03 89.29 92.61 86.22 84.18 88.07 84.83

Geography 70.14 90.28 85.31 91.67 93.75 95.83 87.83 82.99 92.02 85.31 91.67 88.00 83.97

History 76.11 90.56 87.78 87.22 92.78 89.44 87.32 82.78 91.67 87.78 87.22 87.36 84.15

Math 76.00 91.00 89.50 85.50 90.00 100.00 88.67 88.00 90.50 89.50 85.50 88.38 86.47

Physics 81.77 90.62 85.86 86.98 93.75 99.48 89.74 90.63 92.19 85.86 86.98 88.91 86.29

Politics 73.89 90.56 89.44 88.33 95.00 90.00 87.87 81.95 92.78 89.44 88.33 88.12 84.11

Technology 79.08 92.86 87.76 89.29 96.43 1.02 74.41 40.05 94.65 87.76 89.29 77.94 51.80

Average 76.88 90.76 86.17 86.69 93.17 87.01 - 81.95 91.96 86.17 86.69 86.69 83.07

Table 13: Detailed performance breakdown for Gemini-2.5.

Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 76.11 93.33 86.67 83.33 95.00 99.44 88.98 87.78 94.17 86.67 83.33 87.99 83.97

Chemistry 77.66 94.15 82.45 86.17 92.55 97.87 88.48 87.77 93.35 82.45 86.17 87.43 83.43

Chinese 73.98 91.33 88.78 85.20 92.86 91.84 87.33 82.91 92.10 88.78 85.20 87.25 83.68

English 89.18 91.75 89.18 79.38 90.21 99.48 89.86 94.33 90.98 89.18 79.38 88.47 82.72

Geography 82.73 92.09 89.93 87.77 93.53 91.37 89.57 87.05 92.81 89.93 87.77 89.39 87.12

History 82.86 92.57 88.00 83.43 91.43 81.14 86.57 82.00 92.00 88.00 83.43 86.36 82.33

Math 76.56 93.23 90.10 82.29 90.10 98.96 88.54 87.76 91.67 90.10 82.29 87.95 84.33

Physics 84.04 93.09 84.57 82.45 94.68 96.81 89.27 90.43 93.89 84.57 82.45 87.83 83.16

Politics 81.11 90.00 90.56 89.44 90.00 89.44 88.43 85.28 90.00 90.56 89.44 88.82 86.71

Technology 72.96 92.86 86.73 84.69 93.88 1.53 72.11 37.25 93.37 86.73 84.69 75.51 48.77

Average 79.72 92.44 87.70 84.41 92.42 84.79 - 82.26 92.43 87.70 84.41 86.70 82.78

Table 14: Detailed performance breakdown for GPT-5.1.

Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 75.56 84.44 70.00 76.67 80.56 53.89 73.52 64.73 82.50 70.00 76.67 73.47 66.46

Chemistry 74.47 80.32 65.43 73.40 76.06 45.21 69.15 59.84 78.19 65.43 73.40 69.22 61.77

Chinese 75.00 79.08 73.47 73.47 76.53 69.90 74.58 72.45 77.81 73.47 73.47 74.30 72.20

English 78.57 82.65 79.08 73.98 80.10 36.73 71.85 57.65 81.38 79.08 73.98 73.02 63.11

Geography 85.42 83.33 76.39 78.47 82.64 44.44 75.12 64.93 82.99 76.39 78.47 75.69 68.73

History 77.78 80.56 75.00 76.67 82.78 43.33 72.69 60.56 81.67 75.00 76.67 73.47 65.18

Math 70.00 86.50 76.00 72.50 82.50 95.50 80.50 82.75 84.50 76.00 72.50 78.94 73.90

Physics 69.27 82.29 71.88 76.56 83.85 47.40 71.88 58.34 83.07 71.88 76.56 72.46 62.79

Politics 75.00 83.89 79.44 74.44 80.56 33.33 71.11 54.17 82.23 79.44 74.44 72.57 60.66

Technology 72.45 84.69 80.10 76.53 85.20 2.55 66.92 37.50 84.95 80.10 76.53 69.77 47.61

Average 75.35 82.78 74.68 75.27 81.08 47.23 - 61.29 81.93 74.68 75.27 73.29 65.40

Table 15: Detailed performance breakdown for InternVL2:8B.

Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 79.44 91.67 74.44 78.33 80.00 53.89 76.30 66.67 85.84 74.44 78.33 76.32 69.09

Chemistry 71.81 86.70 67.55 76.06 80.85 72.87 75.97 72.34 83.78 67.55 76.06 74.93 68.77

Chinese 80.61 81.12 80.10 78.06 79.08 81.12 80.02 80.87 80.10 80.10 78.06 79.78 78.73

English 86.73 81.63 79.08 73.98 83.16 64.29 78.15 75.51 82.40 79.08 73.98 77.74 74.41

Geography 81.94 84.72 84.72 80.56 84.72 47.22 77.31 64.58 84.72 84.72 80.56 78.65 69.88

History 80.56 80.56 77.78 78.89 85.00 36.67 73.24 58.62 82.78 77.78 78.89 74.52 64.51

Math 73.00 90.00 79.50 77.00 85.00 85.50 81.67 79.25 87.50 79.50 77.00 80.81 76.74

Physics 77.60 86.98 79.69 75.52 84.38 59.90 77.35 68.75 85.68 79.69 75.52 77.41 70.99

Politics 75.56 82.78 85.56 78.33 86.11 36.67 74.17 56.12 84.45 85.56 78.33 76.11 63.20

Technology 75.51 85.71 81.12 82.14 84.18 0.51 68.20 38.01 84.95 81.12 82.14 71.55 48.69

Average 78.28 85.19 78.95 77.89 83.25 53.86 - 66.07 84.22 78.95 77.89 76.78 69.85

Table 16: Detailed performance breakdown for InternVL2.5:8B.

12643



Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 84.40 90.60 80.60 77.20 86.10 63.90 80.47 74.15 88.35 80.60 77.20 80.08 74.61

Chemistry 80.30 87.20 76.10 76.10 82.40 80.90 80.50 80.60 84.80 76.10 76.10 79.40 75.70

Chinese 86.70 89.80 85.20 79.60 90.30 75.00 84.43 80.85 90.05 85.20 79.60 83.93 79.72

English 88.80 91.30 84.70 77.00 88.80 87.20 86.30 88.00 90.05 84.70 77.00 84.94 79.82

Geography 88.90 88.20 90.30 86.80 90.30 74.30 86.47 81.60 89.25 90.30 86.80 86.99 83.56

History 87.80 88.90 84.40 81.70 87.80 63.90 82.42 75.85 88.35 84.40 81.70 82.58 77.90

Math 78.50 90.00 81.50 79.50 87.50 89.00 84.33 83.75 88.75 81.50 79.50 83.38 79.86

Physics 84.40 89.60 86.90 78.10 91.10 83.90 85.67 84.15 90.35 86.90 78.10 84.88 80.27

Politics 82.80 88.90 83.30 78.90 94.40 48.30 79.43 65.55 91.65 83.30 78.90 79.85 69.83

Technology 81.00 88.80 82.10 81.10 90.30 1.50 70.80 41.25 89.55 82.10 81.10 73.50 51.52

Average 84.36 89.33 83.51 79.60 88.90 66.79 - 75.58 89.12 83.51 79.60 81.95 76.80

Table 17: Detailed performance breakdown for InternVL3:8B.

Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 77.22 91.67 76.67 76.11 84.44 93.33 83.24 85.28 88.06 76.67 76.11 81.53 76.13

Chemistry 71.81 86.17 74.47 78.19 83.51 99.47 82.27 85.64 84.84 74.47 78.19 80.79 76.00

Chinese 73.47 86.73 82.65 79.59 87.24 85.71 82.57 79.59 86.99 82.65 79.59 82.20 79.12

English 81.12 86.73 81.63 74.49 86.22 96.94 84.52 89.03 86.48 81.63 74.49 82.91 77.18

Geography 88.89 88.89 85.42 85.42 87.50 97.92 89.01 93.41 88.20 85.42 85.42 88.11 84.79

History 82.22 88.33 83.33 81.11 90.00 91.11 86.02 86.67 89.17 83.33 81.11 85.07 81.93

Math 76.00 88.50 82.50 76.00 86.00 100.00 84.83 88.00 87.25 82.50 76.00 83.44 78.51

Physics 79.17 88.02 76.69 77.08 89.06 95.31 84.22 87.24 88.54 76.69 77.08 82.39 76.68

Politics 76.67 88.33 90.56 79.44 90.56 56.67 80.37 66.67 89.45 90.56 79.44 81.53 71.32

Technology 73.98 89.80 84.69 79.59 87.24 0.00 69.22 36.99 88.52 84.69 79.59 72.45 47.83

Average 78.05 88.32 81.86 78.70 87.18 81.65 - 79.85 87.75 81.86 78.70 82.04 78.48

Table 18: Detailed performance breakdown for Qwen2.5-VL:7B.

Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 71.70 93.30 82.80 76.70 87.20 98.90 85.10 85.30 90.25 82.80 76.70 83.76 78.74

Chemistry 71.30 86.20 73.40 77.70 86.20 95.20 81.67 83.25 86.20 73.40 77.70 80.14 75.04

Chinese 80.10 86.70 85.70 83.20 87.80 92.90 86.07 86.50 87.25 85.70 83.20 85.66 84.13

English 85.20 89.30 86.20 75.50 88.30 88.80 85.55 87.00 88.80 86.20 75.50 84.38 79.00

Geography 83.30 88.90 88.20 85.40 91.00 97.20 89.00 90.25 89.95 88.20 85.40 88.45 86.50

History 83.30 91.10 85.60 83.90 87.20 91.10 87.03 87.20 89.15 85.60 83.90 86.46 84.50

Math 73.90 91.50 87.40 74.40 88.90 99.50 85.93 86.70 90.20 87.40 74.40 84.68 78.37

Physics 80.70 92.20 83.90 76.00 92.20 97.40 87.07 89.05 92.20 83.90 76.00 85.29 78.94

Politics 80.60 90.60 85.00 83.90 90.60 81.70 85.40 81.15 90.60 85.00 83.90 85.16 81.66

Technology 77.00 92.30 86.70 80.60 88.30 0.50 70.90 38.75 90.30 86.70 80.60 74.09 49.63

Average 78.71 90.21 84.49 79.73 88.77 84.32 - 81.52 89.49 84.49 79.73 83.81 80.03

Table 19: Detailed performance breakdown for Qwen3-VL:8B.

Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 67.22 87.78 80.56 77.78 86.11 74.44 78.98 70.83 86.95 80.56 77.78 79.03 73.03

Chemistry 65.96 83.51 73.94 75.53 79.79 84.04 77.13 75.00 81.65 73.94 75.53 76.53 73.46

Chinese 75.00 85.71 80.10 76.02 84.18 97.96 83.16 86.48 84.95 80.10 76.02 81.89 77.66

English 77.55 83.67 85.81 73.47 84.69 87.24 82.07 82.40 84.18 85.81 73.47 81.46 76.55

Geography 81.25 82.64 83.33 82.64 83.33 68.75 80.32 75.00 82.99 83.33 82.64 80.99 77.45

History 73.33 83.33 83.33 81.11 84.44 43.33 74.81 58.33 83.89 83.33 81.11 76.66 65.20

Math 71.50 88.50 80.00 77.00 84.50 90.50 82.00 81.00 86.50 80.00 77.00 81.13 77.62

Physics 73.44 85.94 83.85 76.56 86.98 85.42 82.03 79.43 86.46 83.85 76.56 81.58 77.65

Politics 72.78 76.67 81.67 76.11 84.44 20.56 68.71 46.67 80.56 81.67 76.11 71.25 55.18

Technology 66.33 83.16 88.27 80.61 84.18 1.02 67.26 33.68 83.67 88.27 80.61 71.56 44.88

Average 72.44 84.09 82.09 77.68 84.26 65.33 - 68.88 84.18 82.09 77.68 78.21 72.11

Table 20: Detailed performance breakdown for Gemma3:12B.
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Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 71.67 91.67 76.11 71.67 80.56 37.22 71.48 54.45 86.12 76.11 71.67 72.09 59.67

Chemistry 68.62 84.04 69.15 73.94 80.32 23.40 66.58 46.01 82.18 69.15 73.94 67.82 52.88

Chinese 71.94 82.14 80.61 78.57 82.65 93.37 81.55 82.66 82.40 80.61 78.57 81.06 79.40

English 82.14 85.71 84.18 73.98 85.71 68.98 80.12 75.56 85.71 84.18 73.98 79.86 74.54

Geography 75.00 86.81 90.28 81.25 86.81 41.67 76.97 58.34 86.81 90.28 81.25 79.17 65.62

History 71.11 85.56 83.33 80.00 85.00 11.67 69.45 41.39 85.28 83.33 80.00 72.50 51.59

Math 68.50 85.50 76.00 72.50 88.50 66.50 76.25 67.50 87.00 76.00 72.50 75.75 68.26

Physics 72.40 83.33 79.69 77.08 90.10 8.85 68.58 40.63 86.72 79.69 77.08 71.03 50.30

Politics 72.22 85.56 83.89 73.89 87.22 0.00 67.13 36.11 86.39 83.89 73.89 70.07 46.16

Technology 67.86 88.78 81.63 78.06 85.20 1.02 67.09 34.44 86.99 81.63 78.06 70.28 45.17

Average 72.15 85.91 80.49 76.09 85.21 35.27 - 53.71 85.56 80.49 76.09 73.96 60.67

Table 21: Detailed performance breakdown for mPLUG-Owl3:7B.

Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 71.67 90.56 82.22 76.11 82.78 40.00 73.89 55.84 86.67 82.22 76.11 75.21 62.39

Chemistry 72.87 86.17 70.74 75.00 80.32 42.02 71.19 57.45 83.25 70.74 75.00 71.61 61.64

Chinese 77.04 84.69 81.12 83.67 83.67 71.94 80.36 74.49 84.18 81.12 83.67 80.87 76.91

English 86.22 88.78 84.69 73.98 82.14 76.02 81.97 81.12 85.46 84.69 73.98 81.31 76.64

Geography 76.39 86.11 87.50 83.33 89.58 40.97 77.31 58.68 87.85 87.50 83.33 79.34 66.24

History 75.00 85.56 82.78 82.22 82.78 24.44 72.13 49.72 84.17 82.78 82.22 74.72 58.60

Math 69.00 89.50 78.50 72.50 89.50 90.00 81.50 79.50 89.50 78.50 72.50 80.00 73.67

Physics 73.44 86.46 79.69 77.60 88.02 26.04 71.88 49.74 87.24 79.69 77.60 73.57 57.76

Politics 76.11 87.22 82.22 76.11 87.78 8.33 69.63 42.22 87.50 82.22 76.11 72.01 51.67

Technology 70.92 91.33 83.67 79.59 85.20 6.63 69.56 38.78 88.27 83.67 79.59 72.58 49.34

Average 74.87 87.64 81.31 78.01 85.18 42.64 - 58.75 86.41 81.31 78.01 76.12 64.87

Table 22: Detailed performance breakdown for LLaVA-NeXT:7B.

Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 73.33 78.89 66.11 68.89 76.11 61.11 70.74 67.22 77.50 66.11 68.89 69.93 65.31

Chemistry 65.43 75.00 67.02 66.49 76.06 86.17 72.70 75.80 75.53 67.02 66.49 71.21 66.61

Chinese 76.53 83.16 73.98 77.04 82.14 86.73 79.93 81.63 82.65 73.98 77.04 78.83 75.24

English 77.55 71.43 77.55 66.33 81.63 89.80 77.04 82.66 76.53 77.55 66.33 75.77 69.60

Geography 83.33 79.86 72.92 75.69 87.50 66.67 77.66 75.00 83.68 72.92 75.69 76.82 72.63

History 82.78 74.44 71.11 72.22 80.56 86.67 77.96 84.73 77.50 71.11 72.22 76.39 70.82

Math 74.00 80.50 67.50 65.50 84.50 99.50 78.58 86.75 82.50 67.50 65.50 75.56 65.79

Physics 76.56 77.60 73.96 70.31 81.25 84.90 77.43 80.73 79.43 73.96 70.31 76.11 71.79

Politics 80.00 78.89 74.44 73.89 85.56 44.44 72.87 62.22 82.23 74.44 73.89 73.19 65.69

Technology 74.89 73.98 72.96 69.90 81.63 1.02 62.40 37.96 77.81 72.96 69.90 64.66 46.63

Average 76.44 77.38 71.75 70.63 81.69 70.70 - 73.47 79.54 71.75 70.63 73.85 70.33

Table 23: Detailed performance breakdown for MiniCPM-V:8B.

Subject Q1 Q2 Q3 Q4 Q5 SAQ Avg D-I D-II D-III D-IV Total CFS

Biology 81.71 81.14 70.29 55.43 60.00 69.10 69.61 75.41 70.57 70.29 55.43 67.92 59.98

Chemistry 83.51 77.13 65.96 57.98 62.23 78.19 70.83 80.85 69.68 65.96 57.98 68.62 59.90

Chinese 84.18 71.94 73.98 68.88 66.33 61.73 71.17 72.96 69.14 73.98 68.88 71.24 68.94

English 82.14 77.04 75.00 62.76 65.82 72.96 72.62 77.55 71.43 75.00 62.76 71.69 65.87

Geography 89.58 75.69 74.31 67.36 77.08 63.89 74.65 76.74 76.39 74.31 67.36 73.70 69.82

History 81.67 76.67 71.11 75.00 72.78 66.11 73.89 73.89 74.73 71.11 75.00 73.68 72.13

Math 83.00 77.50 74.50 64.50 71.00 92.00 77.08 87.50 74.25 74.50 64.50 75.19 66.58

Physics 86.46 74.48 67.19 72.40 77.60 81.25 76.56 83.86 76.04 67.19 72.40 74.87 68.56

Politics 86.67 76.67 73.33 64.44 76.11 51.67 71.48 69.17 76.39 73.33 64.44 70.83 66.20

Technology 80.61 76.53 70.41 67.35 77.55 5.61 63.01 43.11 77.04 70.41 67.35 64.48 50.17

Average 83.95 76.48 71.61 65.61 70.65 64.25 - 74.10 73.57 71.61 65.61 71.22 67.77

Table 24: Detailed performance breakdown for GLM-4.1V-Thinking:9B.
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knowledge bases in these cases and still have lim-
ited ability to flexibly apply retrieved knowledge
under specific pedagogical contexts.

Dimension Dim I: Perception & Remembering

Phase Exposition

Model InternVL3:8B

Question What image was shown on the dig-
ital screen at the beginning of the
lesson?

Options A. A microscopic view of a biologi-
cal specimen and a computer moni-
tor.
B. A slide showing a list of biologi-
cal weapon categories.
C. Bacillus anthracis under electron
microscopy.
D. A diagram comparing biological
and conventional weapons.

Ground
Truth

A. A microscopic view of a biologi-
cal specimen and a computer moni-
tor.

Prediction A

Analysis Visual Grounding Success. The
model correctly identifies the spe-
cific tools shown on the screen and
aligns them with the lesson context,
demonstrating precise multimodal
grounding.

Figure 11: A representative success case. InternVL3:8B
correctly grounds the relevant visual content and filters
out plausible distractors.

D.4 Architectural Evolution

Performance trends across the InternVL series (2.0
→ 2.5 → 3.0) provide a useful view of recent ar-
chitectural improvements in MLLMs.

InternVL2 exhibits high variance, typifying a
specialist model with domain biases. The latest

InternVL3 demonstrates significant robustness, not
only raising the average CFS to 76.80 but also
achieving a more uniform score distribution across
subjects. This trend indicates that by incorporat-
ing stronger visual encoders and more refined in-
struction tuning, next-generation models are pro-
gressively overcoming early perceptual bottlenecks,
evolving from domain-specific experts towards gen-
eralist models.

E Additional Case Studies

In this section, we provide additional qualitative
examples from PedagogyBench to complement the
main-text analysis. These cases further illustrate
both the strengths and the limitations of current
MLLMs across different subjects and cognitive
dimensions.

E.1 Good Case: Precise Visual Grounding

Figure 11 presents a successful visual grounding
case from the Biology subject during the Exposi-
tion phase. The model is required to accurately
identify the content displayed on the digital screen
within a complex classroom scene containing black-
board writing and multiple visual elements. In-
ternVL3:8B correctly selects Option A, demon-
strating strong visual grounding and fine-grained
object recognition. This example shows that high-
performing MLLMs can reliably capture pedagogi-
cally relevant visual details in PedagogyBench.

E.2 Failure Case: Multimodal Integration in
Scientific Reasoning

Figure 12 shows a representative failure case in
Dim III from the Exposition phase of a Physics
lesson. The model must identify the critical mea-
surement step for estimating molecule size in the
oil-film experiment. This requires integrating the
blackboard schematic with the teacher’s spoken
explanation. MiniCPM-V:8B incorrectly selects
option A instead of the correct answer B. Despite
the presence of a diagram indicating length on the
blackboard, the model fails to align this visual cue
with the teacher’s explanation of microscopic thick-
ness, confusing the size of an oil droplet with that
of a molecule. This case highlights the difficulty of
transforming perceptual signals into correct scien-
tific reasoning.
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Dimension Dim III: Application & Transfer

Phase Exposition

Model MiniCPM-V:8B

Question After measuring the oil film’s surface
area in the experiment, what should
the students calculate next to esti-
mate the size of a single oleic acid
molecule?

Options A. The diameter of the oil droplet be-
fore spreading
B. The thickness of the oil film created
C. The total number of molecules in
the droplet
D. The mass of the oleic acid used in
the experiment

Ground
Truth

B. The thickness of the oil film cre-
ated

Prediction A

Analysis Multimodal Integration Failure.
The model fails to align the teacher’s
spoken explanation with the black-
board schematic, incorrectly confus-
ing the macroscopic droplet diameter
with the intended film thickness.

Figure 12: A representative failure case in Dim III.
MiniCPM-V:8B fails to identify the critical physical
variable required for the calculation.

F Inference Efficiency Analysis

Although the main text focuses on cognitive per-
formance and failure modes, computational effi-
ciency is also relevant for practical deployment. In
this section, we report the inference latency of the
evaluated open-source models on PedagogyBench
under the same controlled hardware setting. Propri-
etary models are excluded because their latency is
not directly comparable under the same controlled
hardware setting.

100 101 102

Total Inference Time (Hours)

InternVL2.5:8B

mPlug-owl3:7B

InternVL3:8B

InternVL2:8B

Qwen2.5-VL:7B

Llava-Next:7B

MiniCPM-V:8B

Qwen3-VL:7B

Gemma3:12B
Glm-4.1V-

Thinking:9B

3.1h

3.7h

4.4h

4.6h

11.4h

21.1h

24.5h

31.8h

28.4h

246.9h

Inference Cost Comparison

Figure 13: Inference cost comparison across the eval-
uated open-source models under the same controlled
hardware setting.

Figure 13 shows a clear efficiency stratification.
The InternVL family and mPLUG-Owl3 complete
the full benchmark within approximately 3–4 hours,
making them comparatively efficient among open-
source models. In contrast, Qwen3-VL requires
substantially more computation than Qwen2.5-VL,
suggesting that part of its performance gain is ac-
companied by increased inference cost. GLM-4.1V-
Thinking exhibits the highest latency overall, indi-
cating that stronger reasoning-oriented generation
may come with a substantial computational over-
head.

These results suggest that cognitive gains and
deployment efficiency remain in tension. Models
with stronger reasoning capability do not necessar-
ily provide the best trade-off for practical educa-
tional applications, especially in latency-sensitive
scenarios such as real-time tutoring or classroom
assistance.
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