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Abstract

Generative AI enables scalable production of
educational videos, but current systems largely
focus on producing visually coherent content
rather than supporting learning. As a result,
generated videos often lack explicit pedagog-
ical structure, reliable quality control, and
mechanisms for assessing learner understand-
ing or addressing misconceptions. In this
work, we introduce PIVOT (Pedagogy-guided
Instructional VideO Tutoring), a generative
video tutoring framework for STEM learning
via learning-centered instructional support.1 In-
spired by conventional teaching workflows, our
framework integrates pedagogy into the full
generation pipeline: it first uses instructional
principles to guide storyboard generation, then
produces verified multimodal videos through
code-centric generation and a pedagogical ver-
ification harness, and finally connects videos
with assessment and misconception-aware re-
mediation. Experiments and expert evalua-
tions across four STEM domains show that our
framework produces educational videos with
pedagogically aligned content, clear and engag-
ing presentation, coherent instructional flow,
and perceived effectiveness for learning. These
findings suggest a human-centered perspective
on educational content generation: generative
systems should be evaluated and designed not
only by what they produce, but also by how
they support teaching practices, learner under-
standing, and corrective feedback.

1 Introduction

Preparing instructional materials and recording lec-
tures is a time-consuming task for educators, and
providing adaptive feedback to support multiple
students can be an additional burden (Shi et al.,
2025). The rise of generative AI has opened new
opportunities for creating high-quality educational

*Corresponding authors.
1Code is available at our GitHub repository.

videos that can foster student engagement and fa-
cilitate understanding (Ye et al., 2025; Pal Chowd-
hury et al., 2024; Graesser et al., 2004). Recent
work has explored generating visually coherent ed-
ucational videos from learning goals (Chen et al.;
Ku et al., 2025), demonstrating the feasibility of
translating instructional intents into multimodal
learning materials at scale.

While these systems ensure content fidelity and
visual fluency, they primarily focus on content gen-
eration rather than learning support. Consequently,
several important aspects of educational video de-
sign remain largely unaddressed (Hu et al., 2025;
Zerkouk et al., 2025). First, videos often lack ex-
plicit pedagogical guidance, such as clear learning
objectives, prerequisite activation, and structured
explanations, which can make it difficult for learn-
ers to follow and internalize new knowledge. Sec-
ond, ensuring that visualizations, narration, and
examples are factually correct and cognitively
clear remains challenging, as errors or ambiguous
layouts can impede learning or lead to misconcep-
tions. Third, existing approaches typically do not
incorporate formal assessment of learning out-
comes or mechanisms for corrective feedback,
limiting insight into whether students have grasped
the intended learning goals. Together, these limi-
tations highlight gaps in current generative video
research regarding pedagogical support, content
quality, and learning-centered evaluation.

To address these challenges, we introduce
PIVOT, a three-stage pedagogy-guided generative
video tutoring framework for STEM education that
supports active learning. The first two stages build
upon prior code-centric video generation frame-
works (Chen et al.; Ku et al., 2025; Chen et al.,
2025) and introduce two key improvements. First,
pedagogical guidance is incorporated during the
instructional storyboard generation. The system
structures learning objectives, activates prerequisite
knowledge, and provides step-by-step explanations
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along with visual representation plans and worked
examples. This approach ensures that the instruc-
tional content is aligned with established principles
of instructional design, scaffolding, and multime-
dia learning. (Cohn et al., 2026; Baek et al., 2026;
Mayer, 2005) Second, video quality is enhanced
through a pedagogical verification harness, ensur-
ing that rendered animations are factually correct,
visually clear, and pedagogically aligned, thereby
improving the robustness and interpretability of the
generated instructional videos.

In the final stage, learner assessment is incorpo-
rated to evaluate learning outcomes and address
misconceptions. For each quiz question derived
from the instructional storyboard, the system pro-
vides feedback on all answer options, while in-
correct responses trigger a targeted remediation
video that contrasts the incorrect choice with the
correct reasoning. These contrastive explanations
clarify underlying misconceptions and reinforce
new knowledge, providing tailored guidance that
addresses each learner’s specific errors. By dy-
namically generating instructional content in re-
sponse to learner performance, this stage connects
AI-generated videos with post-video formative as-
sessment. In this way, the framework shifts ed-
ucational video generation from passive content
delivery toward active learning support and learner-
centered instructional interaction.

Extensive evaluation demonstrates that the pro-
posed PIVOT framework can produce educational
videos that effectively support STEM learning, en-
suring both high-quality instructional content and
meaningful learner assessment. Expert evaluation
conducted with experienced high school and uni-
versity instructors confirms that the videos are ped-
agogically sound and facilitate conceptual under-
standing. The contributions of this work can be
summarized as follows:

• We introduce PIVOT, a pedagogy-guided in-
structional video tutoring framework that inte-
grates storyboard-based planning, verified multi-
modal video generation, and assessment-driven
remediation to support STEM learning.

• We validate the framework through experiments
and expert assessments, demonstrating that it
reliably generates videos that support student
comprehension and address misconceptions.

• The framework represents a step toward AI-
supported STEM learning guided by pedagogy,
transforming AI-generated videos from passive

content into interactive, pedagogically informed
learning experiences.

2 Related Work

2.1 Text-to-Video Generation

Recent advances in text-to-video generation mod-
els, such as Sora (Liu et al., 2024), Kling (Team
et al., 2025), and other large-scale generative video
systems (Google DeepMind, 2025; Zheng et al.,
2025; Bar-Tal et al., 2024), have substantially ex-
panded the research scope of AI-assisted education
by enabling automatic synthesis of dynamic visual
content from textual descriptions. These systems
demonstrate strong capabilities in cinematic video
synthesis and multimodal storytelling. However,
applying general-purpose video generation mod-
els to STEM education remains challenging due
to issues in temporal consistency, layout stability,
and accurate rendering of symbolic content such
as formulas, diagrams, and algorithms (Chen et al.,
2024). Such limitations reduce the pedagogical
reliability required for instructional videos.

2.2 Code-centric Educational Video
Generation

Early LLM-based (Large Language Model) educa-
tional applications primarily focused on language-
centric tasks, including question answering, ex-
ercise generation, and conversational tutoring
(Mageira et al., 2022; Grassini, 2023; Lee et al.,
2023; Zhang et al., 2025; Bi et al., 2026; Baek
et al., 2026; Dickey and Bejarano, 2024). With
the rapid development of multimodal generation
capabilities, recent research has gradually shifted
toward richer forms of educational content gener-
ation, including visual explanations, instructional
animations, and educational videos.

2.3 Pedagogical Guidance and Adaptive
Educational Generation

Recent research in Intelligent Tutoring Systems
(ITS) and AI-assisted education has explored var-
ious forms of pedagogical guidance (Pal Chowd-
hury et al., 2024; Borchers and Shou, 2025;
Schmucker et al., 2024; Graesser et al., 2004; Al-
Shaikh et al., 2024; Calo and Maclellan, 2024;
Yang et al., 2025), including adaptive learning,
learner modeling, formative assessment, correc-
tive feedback, and scaffolded instructional sup-
port (Zerkouk et al., 2025; Cohn et al., 2026; Ye
et al., 2025). Prior work has shown that peda-



Stage 1: 
Pedagogy-guided Instructional Planning

Stage 2: 
Teaching & Learner Practice

Stage 3: 
Adaptive Feedback & Remediation

Figure 1: Real-world instructional workflow.

gogically informed tutoring systems can improve
learner engagement and conceptual understanding
through adaptive instruction based on learner per-
formance.

Despite recent advances, existing educational
video generation systems mainly focus on multime-
dia synthesis with limited support for pedagogical
planning, assessment, and misconception-aware
feedback. In contrast, our framework integrates
pedagogical guidance, formative assessment, and
remediation into a unified pipeline, transforming
educational video generation into learner-centered
instructional interaction.

3 PIVOT: Pedagogy-guided Instructional
VideO Tutoring

3.1 System Architecture

Designing effective educational videos demands
careful alignment with pedagogical principles, in-
cluding lesson planning, instructional delivery,
learner practice, and adaptive feedback. In conven-
tional STEM education, instructors typically follow
a structured workflow (as shown in Figure 1): they
first prepare lesson plans that organize instructional
goals, prerequisite knowledge, worked examples,
and assessments. They then present lessons to stu-
dents through demonstrations or lectures. Students
engage in exercises to consolidate understanding,
and instructors provide targeted feedback to ad-
dress misconceptions and reinforce learning.

Inspired by this instructional process, our frame-
work is structured into three stages (shown in
Figure 2). The first stage, Pedagogy-guided In-
structional Planning, emulates lesson prepara-
tion by generating structured storyboards that or-
ganize learning objectives, prerequisite activation,
stepwise explanations, visual representation plans,
worked examples and formative assessment probes.
This stage ensures that educational content is ped-
agogically coherent and scaffolded, providing a
solid foundation for downstream video genera-
tion. The second stage, Video Generation with

Pedagogical Verification Harness, transforms the
storyboard into shot-level animations. Building
upon prior code-centric video generation frame-
works (Chen et al.; Ku et al., 2025), this stage
integrates a multimodal verification harness to im-
prove visual clarity, factual correctness, and cogni-
tive clarity, enhancing the quality and interpretabil-
ity of generated videos. The third stage, Adap-
tive Assessment and Remediation, parallels post-
class student practice and feedback, generating
quizzes and targeted explanatory videos to iden-
tify misunderstandings and reinforcing conceptual
understanding. By integrating pedagogy across the
pipeline, our framework turns educational video
generation from passive content production into
learner-centered support.

3.2 Pedagogy-guided Instructional Planning

To generate high-quality educational videos, we
first integrate pedagogical principles into the cre-
ation of instructional materials. Simply generat-
ing video frames without structured content risks
producing visually coherent but educationally in-
effective material. By constructing a structured in-
structional storyboard, we ensure that content is not
only organized but also pedagogically meaningful,
providing learners with a clear path through com-
plex concepts. This intermediate representation
allows the system to embed instructional scaffold-
ing, manage cognitive load, and prepare content
that is interpretable by downstream video genera-
tion modules, ultimately guiding the learner toward
progressively deeper understanding.

Given a learner-specified topic, the storyboard
includes components grounded in educational the-
ory, each serving a clear pedagogical purpose:
• Learning Objectives: Define the target con-

cepts and expected outcomes, clarifying the
purpose of each lesson and focusing both
the content generation and the learner’s atten-
tion (Bloom, 1956).

• Prerequisite Activation: Recall relevant prior
knowledge to reduce cognitive load and support



PIVOT (Pedagogy-guided Instructional VideO Tutoring)
Stage 1: Pedagogy-guided 

Instructional Planning
Stage 2: Pedagogy-Informed 

Video Generation
Stage 3: Adaptive Assessment 

and Remediation

User Input
Topic /Learning Goal

Instructional Storyboard

3. Step-by-Step Explanation
Break down concepts with 
scaffolding.

4. Visual Representation Plan
Plan visuals, animations, layouts, 
and key cues.

5. Worked Example
Provide solved example to 
illustrate application

6. Assessment Probes
Design questions to check 
understanding

2. Prerequisite Activation
Elicit prior knowledge 
and key concepts.

1. Learning Objectives
Define what students will learn.

1 2

Executable Program Generation 

Video Rendering (Example Frames)

Pedagogical Verification Harness

Layout Consistency

Factual Consistency

```python 
array = [5, 1, 4, 2] 
for i in range(len(array)-1): 
for j in range(len(array)-1-i):
highlight_compare(j, j+1) 
if array[j] > array[j+1]:
swap(array, j, j+1)
animate_array(array) ```

5 1 4 2 1 5 4 2

Swap(5,1)

1 5 4 2
Compare 5 and 1 Swap because 5 > 1 Compare 5 and 4

…

Manim Code

3

Are array layouts and highlights consistent throughout?

Are comparisons and swaps performed correctly?

Cognitive Clarity
Is the array movement and logic easy to follow?

Explain 
Bubble Sort

Quiz Generation

Learner Response
Selected Answer: A. The smallest element

Evaluation & Misconception Detection

Targeted Remediation Generation

Personalized explanation to fix the misunderstanding.

Q: After the first full pass of Bubble Sort, 
which element will be fixed in its final position? 
A. The smallest element 
B. The largest element
C. A middle element 
D. A random element

✅

❌

Incorrect. The learner may think Bubble Sort moves 
the smallest element to the front first.

Pedagogical Feedback Loop
Assessment results inform future instructional 

planning and scaffolded content generation.
Track knowledge state 

and misconceptions.
Adjust explanations, 

examples, visuals, or probes.

Auto-Repair & Refinement

Refine Storyboard Update Learner Model 

Q: Why B is Correct?

Q: Why A is Incorrect？
Bubble Sort does not move the 
smallest element into place first
5 1 4 2 1 4 2 5

The largest element "bubbles" 
to the end after one full pass.

After one full pass, the largest 
element is fixed at the end.

1 4 2 5
fixed

Figure 2: Overview of the PIVOT Framework.

integration of new concepts, preparing learners
to grasp advanced material (Sweller, 1988).

• Concept Explanations: Present ideas progres-
sively through stepwise reasoning, scaffolding
complex concepts and enabling incremental
knowledge acquisition (Wood et al., 1976; Cohn
et al., 2026).

• Visual Representation Plans: Specify dia-
grams, formulas, highlights, and animations ac-
cording to multimedia learning principles, en-
hancing comprehension, retention, and cognitive
clarity (Mayer, 2005).

• Worked Examples: Demonstrate procedural
steps and intermediate reasoning, helping learn-
ers internalize problem-solving strategies and
reinforcing conceptual understanding (Renkl,
2014).

• Diagnostic Assessment Probes: Include for-
mative questions to detect misconceptions early,
guiding adaptive feedback and reinforcing learn-
ing (Black and Wiliam, 1998)
This careful preparation helps bridge educational

theory and AI-generated content, laying a solid
foundation for producing videos that are coherent,
scaffolded, and pedagogically effective. The gen-
erated storyboard further serves as the semantic
backbone for executable Manim2 code generation,

2https://github.com/ManimCommunity/manim

narration synthesis, assessment construction, and
multimodal verification 3.

3.3 Video Generation with Pedagogical
Verification Harness

Building on the storyboard from Stage 1, the sys-
tem transforms structured instructional content into
shot-level executable videos. Each shot contains
pedagogically grounded components, including lo-
cal learning goals, narration, visual descriptions, vi-
sual elements (e.g., formulas, diagrams, highlights),
and duration constraints. Dividing the content into
shot-level units allows precise control over each
instructional segment, facilitates iterative verifica-
tion and repair, and ensures that pedagogical objec-
tives are faithfully represented. By using this in-
termediate representation, the system ensures that
videos preserve instructional structure and scaf-
folded learning.

Pedagogical Verification Harness. To ensure that
generated videos faithfully implement the instruc-
tional storyboard, we employ a multimodal verifi-
cation harness. The harness is designed to detect
potential issues that could compromise educational
fidelity or visual clarity, covering layout, cognitive
clarity and factual consistency. As summarized in
Table 1, each component guides iterative repair,

3Examples of the storyboard are provided in Appendix A.

https://github.com/ManimCommunity/manim


Component Function

Layout Consistency Detects overlap, spacing inconsis-
tency, readability issues, and exces-
sive information density.

Factual Consistency Verifies formulas, symbolic transi-
tions, algorithmic procedures, and in-
structional explanations.

Cognitive Clarity Verifies logical consistency, instruc-
tional progression, and coherence of
explanatory content.

Table 1: Pedagogical verification components.

ensuring that pedagogical intent is preserved while
improving interpretability and robustness.

Verification-guided Rendering and Repair. To
further maintain instructional and visual quality,
the system applies constrained layout prompting
(see Appendix A.4) and automated code repair.
These mechanisms reduce common generation fail-
ures such as overlapping elements, unreadable text,
and inconsistent scene transitions, preserving the
instructional structure of each shot. When verifi-
cation failures are detected, the generated Manim
code is iteratively repaired using low-temperature
prompting conditioned on execution traces and ren-
dering feedback. GPT-5.2 serves as the primary
generation and repair model, while persistent fail-
ures are transferred to Claude Sonnet 4.6 for addi-
tional debugging and executable repair.

After verification, a Text-to-Speech (TTS) mod-
ule generates synchronized narration aligned with
the rendered animations. For remediation videos,
generation is further conditioned on learner re-
sponses (i.e., quiz questions, candidate options,
incorrect answers, and corresponding correct rea-
soning), enabling adaptive, misconception-aware
explanations. By grounding video generation in the
pedagogically structured storyboard and enforcing
multi-level verification, this stage ensures that the
generated videos remain aligned with the intended
instructional objectives.

3.4 Adaptive Assessment and Remediation

To provide learner-centered feedback, address mis-
conceptions, and reinforce conceptual understand-
ing, the framework incorporates an adaptive as-
sessment and remediation module. This module
generates quizzes and targeted follow-up explana-
tions based on the instructional storyboard from
Stage 1, forming a closed feedback loop that aligns
instructional content, learner responses, and peda-

gogical objectives while actively addressing misun-
derstandings.

Pedagogically Grounded Quiz Generation. Quiz
generation leverages the structured storyboard,
summarizing shot-level content including learning
objectives, explanations, key concepts, worked ex-
amples, and visual demonstrations. This design en-
sures that generated questions remain semantically
aligned with the instructional video and intended
learning goals. To encourage conceptual under-
standing rather than memorization, our framework
does not reuse examples, equations, or numerical
values from the generated educational video. By
grounding assessments in the pedagogical structure
of the lesson, the framework ensures alignment
with instructional goals and supports learners in
building robust conceptual knowledge.

Misconception-aware Remediation Generation.
Learner responses provide adaptive pedagogical
signals to guide remediation. When a learner an-
swers incorrectly, the system generates a targeted
explanatory video contrasting the incorrect reason-
ing with the correct solution. The remediation gen-
eration is conditioned on the quiz question, candi-
date options, learner response, and the correct an-
swer, ensuring that feedback addresses specific mis-
conceptions. By integrating learner signals with the
instructional storyboard, the framework produces
remediation that preserves semantic consistency,
instructional fidelity, and pedagogical coherence,
supporting learners in correcting misunderstand-
ings and reinforcing knowledge.

Through adaptive pedagogy-guided generation,
the system connects instructional content, video
synthesis, and learner interaction to support effec-
tive learning.

4 Experiments

For evaluation, we select two representative base-
line systems: TheoremExplainAgent (Ku et al.,
2025), and Code2Video (Chen et al.). These sys-
tems represent state-of-the-art approaches in auto-
matic educational video generation, primarily fo-
cusing on content synthesis without explicit ped-
agogical guidance or learner-adaptive feedback.
To ensure fair comparison, all methods are eval-
uated on the same set of 40 STEM instructional
topics spanning mathematics, physics, chemistry,
and computer science, with 10 knowledge points
selected for each subject (see Appendix B.1).



4.1 Automatic Evaluation

To evaluate generated instructional videos, we
conduct automatic assessment using large Vision-
Language Models (VLMs). Video frames sampled
from the central timeline are independently eval-
uated by Gemini-2.5-Flash (Imran and Almushar-
raf, 2024) under deterministic decoding (T = 0).
Each frame is scored on two dimensions: Layout,
measuring spatial clarity and visual organization,
and Richness, evaluating visual diversity and in-
structional content coverage. These dimensions pri-
marily evaluate visual presentation quality, while
higher-level pedagogical effectiveness is assessed
separately through human evaluation. In Table 2,
final video scores are obtained by averaging frame-
level results across all sampled frames.

Method Layout Richness Overall

TheoremExplainAgent 9.00 4.23 6.62
Code2video 8.18 4.22 6.20
PIVOT 9.10 6.06 7.58

Table 2: Video quality evaluation results (1–10).

In Table 3, we further evaluate instructional
narration quality using GPT-4o (OpenAI et al.,
2024). Narration fields are extracted from gen-
erated scripts and independently scored along two
pedagogically grounded dimensions: Accuracy
and Depth, assessing conceptual correctness and
explanatory quality, and Logical Flow, evaluating
instructional coherence and progression. The fi-
nal transcript score is computed as their arithmetic
mean 4. Overall, our method achieves the best
performance on both video and narration quality
evaluation, demonstrating improved visual organi-
zation, instructional richness, conceptual accuracy,
and logical coherence.

Method Accuracy Logical Overall

TheoremExplainAgent 0.85 0.82 0.84
Code2video 0.78 0.72 0.75
PIVOT 0.87 0.91 0.89

Table 3: Narration quality evaluation results (0–1).

4.2 Ablation Analysis

We further conduct an ablation study to analyze the
contribution of three core verification components
in the proposed framework: Layout Consistency,

4Detailed evaluation prompts are provided in Ap-
pendix B.2.

Factual Consistency, and Cognitive Clarity . As
summarized in Table 4, these modules mainly af-
fect visual organization, conceptual correctness,
and instructional coherence, respectively. We eval-
uate their impact on both visual quality and narra-
tion quality.

Ablation Layout Accuracy Logical

w/o Layout Verification 7.87 – –
w/o Factual Verification – 0.85 –
w/o Cognitive Verification – – 0.89
Full Framework (PIVOT) 9.10 0.87 0.91

Table 4: Ablation study of core verification components
in the proposed framework.

First, removing the Layout Consistency mod-
ule significantly degrades the Layout score from
9.10 to 7.87. This result demonstrates that layout
verification plays an important role in maintain-
ing spatial clarity and visual cleanliness. Without
explicit layout control, generated scenes are more
likely to contain overlapping elements and inconsis-
tent organization, reducing instructional readability.
This module mainly affects visual quality rather
than narration generation.

Second, removing Factual Consistency de-
creases the Accuracy & Depth score from 0.87 to
0.85, indicating that factual verification improves
conceptual correctness and explanatory reliability.
Without this module, generated narrations are more
likely to contain imprecise explanations or incom-
plete reasoning. For example, in chemical equation
balancing, the model may incorrectly describe the
law of conservation of mass as conservation of
atom counts, potentially introducing learner mis-
conceptions.

Third, removing the Cognitive Clarity module
decreases the Logical Flow score from 0.91 to 0.89.
The resulting narrations are more likely to exhibit
abrupt topic transitions, weaker instructional pro-
gression, and less coherent explanation structures.
This finding indicates that explicit logical verifica-
tion improves instructional coherence and helps the
generated videos better follow pedagogically struc-
tured teaching sequences rather than mechanically
listing isolated reasoning steps.

4.3 Human Evaluation

We conducted a questionnaire-based expert evalu-
ation with 32 STEM instructors to assess the edu-
cational quality and perceived learning effects of
the generated videos. The expert panel included
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Figure 3: Expert evaluation results across four STEM domains.

high-school teachers in mathematics, physics, and
chemistry, as well as university instructors in com-
puter science, covering domains where abstract
concepts often require careful explanation and vi-
sual representation (see Appendix B.3). Because
these instructors regularly design lessons, present
complex concepts, and identify student miscon-
ceptions, their judgments provide an appropriate
basis for evaluating whether the generated videos
are pedagogically sound and potentially useful for
learning. The panel consisted of 3 physics teachers,
12 mathematics teachers, 5 chemistry teachers, and
12 computer science instructors.

We compare two instructional paradigms. Based
on the previous automatic evaluation results, The-
oremExplainAgent (Ku et al., 2025) is selected as
the strongest baseline for expert evaluation. In the
baseline setting, participants only watch a single in-
structional video generated by TheoremExplainA-
gent without any subsequent assessment or correc-
tive feedback stage. In contrast, our framework
follows a learner-centered instructional workflow.
Participants first watched a pedagogically struc-
tured instructional video and reviewed a related as-
sessment question. We then presented a plausible
incorrect answer to simulate a learner misconcep-
tion, followed by a remediation video generated
to address that error. Participants (i.e., experts)
evaluated whether the remediation effectively clari-

fied the misconception and supported conceptual
understanding.

To reduce presentation bias, the display order
of the baseline videos and our generated videos is
randomly shuffled during the evaluation process.
In total, 32 teachers and educational experts par-
ticipated in the study. All questionnaire items are
evaluated using a five-point Likert scale ranging
from “Strongly Disagree” to “Strongly Agree.”
The evaluation measures multiple instructional di-
mensions, including clarity, engagement, narration
pace, logical flow, learning efficiency, and over-
all teaching effectiveness. Detailed questionnaire
dimensions are provided in Appendix B.3.

As shown in Figure 3, our framework consis-
tently outperforms the baseline across nearly all
evaluation dimensions. The improvements are par-
ticularly pronounced in Physics and Computer Sci-
ence: Physics shows an average gain of +1.67
points over the baseline across comparable dimen-
sions, while Computer Science improves by +0.76
points. In these domains, learners’ misconceptions
are often tied to intermediate procedural states that
are difficult to resolve through standalone instruc-
tional videos. By incorporating assessment and
targeted remediation, the framework can explicitly
diagnose incorrect reasoning patterns and provide
more effective corrective explanations. In contrast,
improvements in Mathematics and Chemistry are



Code2Video TheoremExplainAgent PIVOT

Figure 4: Qualitative comparison of educational videos generated by different methods.

comparatively smaller because many evaluated top-
ics are more symbolic and rule-driven, where pro-
cedural steps can already be conveyed relatively
well through a single instructional video.

Notably, the largest improvement is observed in
Error Explanation, suggesting that misconception-
aware remediation improves both conceptual under-
standing and potential learning effectiveness by cor-
recting learner misunderstandings. Moreover, our
framework achieves higher Clarity scores, indicat-
ing that pedagogy-guided instructional planning im-
proves the readability, coherence, and interpretabil-
ity of generated educational videos. Furthermore,
96.9% of participating experts reported that the
workflow of “instructional video → assessment
→ targeted remediation” provides a more effective
learning experience than instructional videos alone.

These results demonstrate that integrating peda-
gogical guidance, formative assessment, and adap-
tive remediation can substantially improve learner
engagement and instructional effectiveness, further
supporting our goal of transforming AI-generated
educational videos from passive multimedia con-
tent into active learning support systems.

4.4 Case Study

To provide comparison across different instruc-
tional generation paradigms, Figure 4 presents
representative educational videos generated by
Code2Video, TheoremExplainAgent, and our

framework on mathematics, chemistry, and com-
puter science topics, including the Newton–
Raphson Method, Transition Metals, and Bubble
Sort. Compared with prior methods, our framework
produces more visually organized and pedagogi-
cally structured instructional videos, with clearer
symbolic visualization, more coherent instructional
layouts, and richer multimodal presentation 5.

5 Conclusion

We presented PIVOT, a pedagogy-guided instruc-
tional video tutoring framework that reframes
STEM educational video generation as a learner-
centered workflow. By integrating instructional
planning, pedagogically verified video generation,
and assessment-based remediation, the framework
connects content generation with pedagogical struc-
ture and learner feedback. Our evaluations show
that the framework can generate high-quality edu-
cational videos that are pedagogically aligned and
perceived as effective, while the integrated assess-
ment and remediation process provides meaningful
support for learner understanding and misconcep-
tion correction. More broadly, our findings point to
a human-centered direction for educational content
generation: future systems should be designed not
only to produce high-quality artifacts, but also to

5Additional assessment questions and bilingual case exam-
ples are provided in Appendix C.



support teaching practices, learner understanding,
and corrective feedback.

Limitations

Although the proposed framework demonstrates
promising capabilities in pedagogy-guided educa-
tional video generation and adaptive remediation,
several limitations remain.

First, the current system primarily performs
interaction-level adaptation conditioned on imme-
diate learner responses rather than maintaining a
fully personalized long-term learner model. While
the framework can generate misconception-aware
remediation videos for incorrect answers, it does
not yet explicitly model long-term knowledge trac-
ing, learner memory, curriculum progression, or in-
dividualized difficulty estimation across extended
learning sessions.

Second, the multi-stage storyboard generation,
executable rendering, verification, and remediation
pipeline introduces substantially higher computa-
tional cost than direct multimedia synthesis ap-
proaches. Improving generation efficiency while
preserving pedagogical quality remains an impor-
tant direction for future work.

Ethics and Impact Statement

All participants involved in the human evaluation
study participated voluntarily with informed con-
sent. The evaluation was conducted anonymously,
and no personally identifiable information was col-
lected or disclosed. Participant responses were
used solely for academic research purposes and
were not shared with third parties.

The study was conducted entirely online through
a questionnaire-based platform, and participants
could withdraw at any time without penalty. The
evaluation process did not involve sensitive per-
sonal data, psychological intervention, or any pro-
cedure that could reasonably introduce ethical,
physical, or social risks to participants.

More broadly, our framework is designed to sup-
port educational content creation and learner assis-
tance in STEM education. While the system aims
to improve instructional accessibility and learning
support, generated educational content may still
contain factual inaccuracies or pedagogical limita-
tions. Therefore, human oversight from educators
remains important when deploying such systems
in real educational settings.
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A Appendix

A.1 Instructional Planning Prompt

The prompt in Figure 5 is used to guide the LLM
to generate a pedagogically structured instructional
storyboard before executable Manim code genera-
tion.

A.2 Generated Storyboard Example

For the learner-specified topic “Bubble Sort”, the
instructional planning module generates the corre-
sponding pedagogical storyboard, as illustrated in
Figure 6.

A.3 Shot-level Storyboard Example

As shown in Figure 7 , the high-level instructional
plan is further decomposed into shot-level story-
board units. Each shot contains a local learning
goal, narration, visual specification, expected du-
ration, and visual elements that guide downstream
Manim generation.

A.4 Constrained Layout Prompt

Figure 8 presents the constrained layout prompt
used to improve spatial organization, visual read-
ability, and instructional consistency during exe-
cutable educational video generation.

B Evaluation

B.1 Instructional Topics Used for Video
Generation and Evaluation

The knowledge points in Figure 9 were used for
instructional video generation and evaluation in our
experiments.

B.2 Automatic Evaluation

Figure 11 and Figure 10 present the prompts used
for automatic evaluation of generated instructional
videos and narrations.

B.3 Expert evaluation

The expert evaluation was conducted fully online
using a questionnaire-based assessment platform.
We randomly recruited 32 STEM instructors from
public educational discussion forums and teacher
communities, including high-school teachers in
mathematics, physics, and chemistry, as well as
university instructors in computer science. This re-
cruitment strategy helps improve diversity in teach-
ing backgrounds and reduces potential sampling

bias associated with a single institution or local re-
gion, providing a reasonably representative sample
for the user study.

All participants independently evaluated the gen-
erated instructional videos without interaction with
the authors or other participants. The questionnaire
included multiple pedagogically grounded evalu-
ation dimensions, including instructional clarity,
engagement, narration pace, logical flow, learn-
ing efficiency, and overall teaching effectiveness.
Table 5 summarizes the abbreviations of question-
naire items used in the evaluation. To improve
transparency and reproducibility, screenshots of
the online evaluation interface and questionnaire
examples are provided in Figure 12.

C Qualitative case studies

C.1 Examples of Assessment Questions
As shown in Figure 13, the generated post-
instruction assessment questions for transition met-
als and gradient descent are designed to identify
learners’ potential misconceptions and reasoning
errors.

C.2 Bilingual Case Analysis
The generated workflow includes pedagogically
structured instructional videos together with
assessment-driven remediation videos. The frame-
work supports controllable multimodal instruc-
tional generation, including symbolic visualiza-
tion, high-fidelity diagrams, and dynamic instruc-
tional animations. Moreover, the generated remedi-
ation videos remain aligned with the corresponding
assessment questions and learner misunderstand-
ing patterns, enabling misconception-aware correc-
tive explanations rather than generic answer sum-
maries.

The top row of Figure 14 presents a Chinese
chemistry example on transition metals, while the
bottom row presents an English computer science
example on gradient descent optimization. In par-
ticular, Figure 14(c) demonstrates that our frame-
work can further integrate externally generated vi-
sual assets, where a Nano Banana-generated gra-
dient descent visualization is incorporated into the
executable Manim rendering pipeline to improve
visual interpretability and instructional expressive-
ness. Figure 15 shows additional examples of
Chinese instructional videos generated by PIVOT
framework.



Metric Questionnaire Item

Clarity The explanation content is clear and easy to understand.
Engagement The presentation style is engaging and keeps my attention.
Narration Pace The narration pace is appropriate.
Logical Flow The instructional structure and logical flow are clear.
Error Explanation The error-explanation video clearly explains each answer option.
Learning Efficiency This teaching method improves my learning efficiency.
Teaching Effectiveness This teaching method improves overall teaching effectiveness.

Table 5: Mapping between evaluation metrics and questionnaire items used in the human evaluation study.

Instructional Planning Prompt

Given a learner-specified topic, generate a structured instructional storyboard for an
educational animation video.

The output should not be executable code. Instead, it should describe the instructional design of
the video. The storyboard must organize the topic into pedagogically meaningful components,
including learning objectives, prerequisite activation, concept explanation, visual
representation plan, worked examples, and diagnostic assessment probes.

For each topic, produce a JSON object with the following structure:

{
"title": "...",
"topic": "...",
"difficulty_level": "...",
"learning_objective": "...",
"prerequisite_activation": "...",
"concept_explanations": [
{

"concept": "...",
"explanation_goal": "...",
"scaffolding_strategy": "..."

}
],
"visual_plan": "...",
"worked_example": "...",
"assessment_probe": "...",
"shots": [

{
"shot": 1,
"goal": "...",
"narration": "...",
"visual_description": "...",
"visual_elements": ["...", "..."],
"duration": "..."

}
]

}

Design requirements:
1. Each shot should focus on one local learning goal.
2. The storyboard should progress from prerequisite knowledge to core concepts, then to examples

and assessment.
3. Visual plans should specify formulas, diagrams, highlights, arrows, labels, and animations

where appropriate.
4. Narration should explain why the concept works, not only describe what appears on screen.
5. The assessment probe should target a likely misconception or reasoning error.
6. Output only valid JSON.

Figure 5: Prompt template used for instructional planning.



Generated Storyboard Example

{
"title": "Bubble Sort: Moving the Largest Element Step by Step",
"topic": "Bubble Sort",
"difficulty_level": "Basic",
"learning_objective": "Learners will understand how bubble sort repeatedly compares adjacent

elements, swaps inverted pairs, and places the largest remaining element at the end of the
unsorted region after each pass.",

"prerequisite_activation": "Recall the concepts of arrays, element indices, comparison
operators, loops, and swapping two values.",

"concept_explanations": [
{

"concept": "Adjacent comparison",
"explanation_goal": "Show that bubble sort only compares neighboring elements rather than

searching the whole array at once.",
"scaffolding_strategy": "Begin with one pair of elements, display the comparison condition,

and animate either swap or no-swap."
},
{

"concept": "One full pass",
"explanation_goal": "Explain why the largest value must move to the rightmost unsorted

position after one pass.",
"scaffolding_strategy": "Track the same large element across successive adjacent

comparisons until it reaches the end."
},
{

"concept": "Shrinking unsorted region",
"explanation_goal": "Show how each completed pass reduces the range that still needs to be

sorted.",
"scaffolding_strategy": "Use a locked or greyed-out region to mark elements that no longer

participate in later passes."
}

],
"visual_plan": "Represent the array as a row of numbered rectangles. Use yellow outlines to

highlight the current adjacent pair, red arrows for swaps, green locks for elements that are
fixed, and a grey overlay for the sorted suffix. Display loop variables i and j near the
array to connect the animation with the algorithm.",

"worked_example": "Use the array [5, 1, 4, 2, 8]. Demonstrate the first pass: compare 5 and 1,
swap; compare 5 and 4, swap; compare 5 and 2, swap; compare 5 and 8, no swap. Conclude that
8 is fixed at the end.",

"assessment_probe": "After the first pass of bubble sort on [3, 1, 4, 2], which element is
guaranteed to be in its final position? Explain why."

}

Figure 6: Pedagogical Storyboard of Bubble Sort.



Shot-level Storyboard Example

[
{
"shot": 1,
"goal": "Introduce the intuition of bubble sort.",
"narration": "Bubble sort works by repeatedly comparing two neighboring values. If they are in

the wrong order, we swap them. After enough adjacent swaps, larger values gradually move
toward the right side of the array.",

"visual_description": "Show the title 'Bubble Sort' and an array [5, 1, 4, 2, 8]. A small
moving marker travels from left to right above adjacent pairs, indicating the direction of
comparison.",

"visual_elements": [
"title text",
"array rectangles",
"comparison arrow",
"moving marker",
"rightward direction cue"

],
"duration": "12 seconds"

},
...

{
"shot": 4,
"goal": "Connect the animation to nested loops.",
"narration": "The outer loop counts how many passes have been completed. The inner loop

performs adjacent comparisons only inside the remaining unsorted region.",
"visual_description": "Place pseudocode on the left and the animated array on the right.

Highlight loop variable i in blue and j in orange. Grey out the sorted suffix.",
"visual_elements": [

"pseudocode block",
"i highlight",
"j pointer",
"grey sorted suffix",
"range bracket"

],
"duration": "12 seconds"

},
...
]

Figure 7: Pedagogical Shot-Level Storyboard of Bubble Sort.



Constrained Layout Prompt

You are a Manim animation programming expert and visual designer. Your task is to generate
beautiful and professional Manim animation code based on an educational video storyboard.

[Most Important] Visual Layout Quality Requirements (must be strictly followed):
1. Screen Layout

- Place the title near the top of the screen, around UP * 3.
- Keep the main content centered.
- Place explanatory text near the bottom of the screen, around DOWN * 3.
- Leave sufficient margins on the left and right; do not place elements too close to the edges.

2. Object Spacing
- Maintain sufficient spacing between elements, using buff=0.5 or larger.
- Do not allow formulas, diagrams, labels, or text to overlap.
- Use .arrange() to automatically align and space multiple elements.

3. Font Size Hierarchy
- Main title: font_size=56
- Subtitle: font_size=40
- Body text: font_size=32
- Notes or labels: font_size=24

...
[Key Requirement] Animation Sequencing Control to Prevent Overlap:
- Before introducing new content, first clear the previous content with `FadeOut`.
- Alternatively, use `Transform` or `ReplacementTransform` to replace old content.
- Do not stack multiple unrelated elements on top of each other.
- Very important: Do not use `FadeOut` to clear the screen at the end of a shot.
...
Layout Checklist:
- [ ] Are elements centered or reasonably aligned?
- [ ] Is there sufficient spacing between elements?
- [ ] Is the font size hierarchy clear?
- [ ] Are the colors visually coordinated?
- [ ] Are there any overlapping elements?

Figure 8: Constrained Layout Prompt for Instructional Video Generation.

Knowledge Points

Mathematics
Fermat's Theorem, Newton--Raphson Method, Arithmetic Sequence, Congruent Triangle Theorem,

Eccentricity, Euler's Formula, Geometric Sequence, Heron's Formula, Inverse Function, Laws of
Exponents

Computer Science
Bubble Sort, Deadlock, Huffman Coding, IEEE Floating-Point Representation, ALOHA Protocol,

Properties of Binary Trees, Pigeonhole Principle, Karnaugh Map, Run-Length Encoding,
Signal-to-Noise Ratio

Chemistry
Transition Metals, Chemical Equation Balancing, Combustion Analysis, Crystallization,

Distillation, First Law of Thermodynamics, Law of Conservation of Mass, Noble Gases,
Oxidation-Reduction Reactions, Titration

Physics
Avogadro Constant, Color and Wavelength, Coulomb's Law, Dalton's Law of Partial Pressures,

Universal Gravitation, Kinetic Energy, Newton's First Law of Motion, Newton's Second Law of
Motion, Ohm's Law, Archimedes' Principle

Figure 9: Knowledge Points in Experiment.



Transcript Evaluation Prompt

You are a specialist in evaluating theorem explanation videos, known for giving clear and
objective feedback. You will be given the transcript of a video. Your task is to evaluate and
score the content of the video in several dimensions.

Evaluation Criteria:
1. Accuracy and Depth
• Does the narration explain the theorem accurately?
• Does the video provide intuitive and/or rigorous explanations for why the theorem holds?
2. Logical Flow
• Does the video follow a clear and logical structure?
• Does the video present a coherent buildup of ideas?

Figure 10: Narration Evaluation Prompt.

Visual Layout Evaluation Prompt

Please evaluate the image in terms of Spatial Clarity and Layout quality.
Assign a score from 0 to 10 based on the following dimensions:

Evaluation Dimensions:
1. Visual Cleanliness (40%)

- Is the background clean and free of distracting or cluttered elements?

2. Occlusion and Overlap (30%)
- Do text, diagrams, or graphical elements overlap or block each other?

3. Layout Comfort and Readability (30%)
- Is the layout well organized?
- Is whitespace used appropriately?
- Is the visual flow clear and easy to follow?

...

Figure 11: Visual Evaluation Prompt.

(a) Chinese questionnaire (b) English questionnaire

Figure 12: Online questionnaire interface used in the expert evaluation study (Chinese and English versions).



Which of the following statements about transition metals is incorrect?

A. Transition metals are mainly located in the d-block of the periodic table, corresponding to
Groups 3--12.

B. Transition metals often exhibit multiple oxidation states. For example, manganese can exist in
oxidation states such as +2, +3, +4, +6, and +7.

C. The colors of transition metal compounds are related to electron transitions among partially
filled d orbitals.

D. The valence electrons of transition metals come only from the outermost ns orbital, while the
(n− 1)d orbitals do not participate in chemical reactions.

...
You are minimizing a differentiable loss function and you are currently at a point where the

slope (gradient) is positive. To reduce the loss using gradient descent, which update behavior
is most appropriate, and what would you expect if the learning rate is set far too large?

A. Move in the negative gradient direction; an overly large learning rate can overshoot the
minimum and cause oscillation or divergence.

B. Move in the positive gradient direction; an overly large learning rate will converge faster
without risk.

C. Do not move because a positive gradient indicates you are already at the minimum; an overly
large learning rate has no effect.

D. Move in a random direction to escape local minima; an overly large learning rate mainly slows
progress but remains stable.

Figure 13: Post-instruction assessment questions generated from instructional videos on transition metals and
gradient descent.

(a) Chinese chemistry instructional video (b) Chinese chemistry remediation video

(c) English gradient descent instructional video (d) English gradient descent remediation video

Figure 14: Qualitative case studies generated under bilingual educational settings.



Figure 15: Representative Chinese instructional videos generated by PIVOT framework.
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