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Abstract
While advancements in Text-to-Video generative AI offer a promis-
ing path toward democratizing content creation, current models are
often optimized for visual fidelity rather than instructional efficacy.
This study introduces PedaCo-Gen, a pedagogically-informed
human-AI collaborative video generating system for authoring
instructional videos based on Mayer’s Cognitive Theory of Multi-
media Learning (CTML). Moving away from traditional "one-shot"
generation, PedaCo-Gen introduces an Intermediate Representation
(IR) phase, enabling educators to interactively review and refine
video blueprints—comprising scripts and visual descriptions—with
an AI reviewer. Our study with 23 education experts demonstrates
that PedaCo-Gen significantly enhances video quality across vari-
ous topics and CTML principles compared to baselines. Participants
perceived the AI-driven guidance not merely as a set of instructions
but as a metacognitive scaffold that augmented their instructional
design expertise, reporting high production efficiency (M=4.26) and
guide validity (M=4.04). These findings highlight the importance
of reclaiming pedagogical agency through principled co-creation,
providing a foundation for future AI authoring tools that harmonize
generative power with human professional expertise.

CCS Concepts
•Human-centered computing→ User studies; • Applied com-
puting→ Interactive learning environments.
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1 Introduction
Educational video content has become a fundamental pillar of mod-
ern learning, yet the manual production of high-quality instruc-
tional materials remains a resource-intensive bottleneck for educa-
tors. While recent advancements in Text-to-Video (T2V) generative
AI [4, 6] offer a promising path toward democratizing content cre-
ation, a critical gap persists: existing models are optimized for visual
fidelity rather than instructional efficacy. Current T2V pipelines
typically operate as one-shot black boxes [1], where a prompt is
directly converted into a final video. While prior work has uti-
lized AI for structural augmentations—such as building tutoring
interfaces [5] or adding interactive layers to videos [2], these sup-
plemental approaches often leave foundational flaws in the core
instructional content unaddressed. Without granular control, edu-
cators cannot guarantee pedagogical alignment, leading to videos
that inadvertently violate established instructional principles and
increase extraneous cognitive load.

To address these challenges, we introduce PedaCo-Gen, a ped-
agogically informed human-AI collaborative system designed to
produce instructionally effective videos. At the core of PedaCo-
Gen is the systematic operationalization of Mayer’s Cognitive
Theory of Multimedia Learning (CTML) [10]. CTML consists
of 12 principles for effective multimedia learning, including the
Coherence Principle that reduces extraneous information and the
Redundancy Principle that eliminates redundant information (see
Appendix A for details). Unlike standard generative pipelines, our
system integrates these principles as structured constraints within
the generative process. By introducing an Intermediate Repre-
sentation (IR) phase—a "video blueprint" consisting of scripts and
visual descriptions—PedaCo-Gen allows educators to review and
refine content before the final, resource-heavy visual synthesis
occurs.

A defining feature of PedaCo-Gen is its expert LLM-based re-
view module, which facilitates a robust human-AI co-creation
loop. Rather than serving as a simple automation tool, the system
acts as a metacognitive scaffold, providing explainable feedback
based on CTML principles. This encourages educators to critically
evaluate the AI’s suggestions and their own instructional designs.
Our findings demonstrate that this "principled friction" does not
hinder productivity; in fact, participants rated the system’s produc-
tion efficiency highly (𝑀 = 4.26), as it reduced the trial-and-error
costs associated with unconstrained generative models.

In this paper, we evaluate PedaCo-Gen through a study with
23 educators. It shows that the system significantly enhances the
pedagogical quality of generated videos, achieving a high consensus
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Figure 1: Overview of the PedaCo-Gen system interface for human-AI collaborative educational video authoring. (a) Learning
Content Input Panel (b) Principles and Constraints Settings Panel (c) Review Instructions Panel (d) Script Review Results Panel
(e) Generated Video Script Panel (f) Generated Video Preview Player (g) Workflow Progress Bar.

on the overall questions. More importantly, the system empowers
educators to act as "pedagogical gatekeepers," reclaiming agency
over the AI-driven creative process. We discuss the implications
of our work for the design of future AI authoring tools, focusing
on the balance between productivity and agency, the necessity for
adaptive content scaling to match learner demographics, and the
transition from "one-shot" generation to transparent, curriculum-
aligned co-creation. Ultimately, this work seeks to foster trust and
professional acceptance of generative AI in education by providing
a cognitively-aware partner that ensures generated content is not
only visually plausible but instructionally sound.

2 Method
2.1 Prototype Design
PedaCo-Gen is a human-AI collaborative authoring system de-
signed to bridge the gap between generative AI capabilities and
pedagogical efficacy. By integrating Mayer’s Cognitive Theory of
Multimedia Learning (CTML) [10] directly into the production
pipeline, the system empowers educators to produce high-quality
educational videos that are both visually engaging and cognitively
optimized. A key feature of PedaCo-Gen is its human-in-the-loop
approach, which provides multiple intervention points through-
out the authoring process. By providing multiple intervention
points—ranging from initial constraint setting to selective feed-
back application—the system mitigates the "black-box" nature of
traditional Text-to-Video models. This human-in-the-loop approach
not only ensures content accuracy and pedagogical validity but
also allows educators to act as the final "pedagogical gatekeepers,"

filtering potential AI hallucinations [8] and tailoring the output to
the specific needs of their learners. As illustrated in Figure 1, the
system architecture is structured around a three-phase iterative
workflow. For implementation details, please refer to Appendix F.

In the Setup Phase, users input learning content (Fig. 1-a) and
set pedagogical constraints (Fig. 1-b) that the AI should followwhen
generating scripts. While CTML constraints are pre-configured
as defaults, users can add their own custom requirements. Click-
ing the Generate Script button produces an initial draft of a
pedagogy-based educational video script generated by the LLM.
The Refinement Phase constitutes the core of the human-AI part-
nership. Users get a CTML-based review instructions, and also can
ask for additional reviews tailored to their context (Fig. 1-c). When
clicking the Request Review button, users receive feedback along
with a proposed revised script (Fig. 1-d). Users can either accept
all feedback by clicking the Apply Feedback button, or directly
edit the script to selectively incorporate specific suggestions. In the
final Output Phase, users can view the finalized video script with
scene-by-scene visual descriptions and narrations (Fig. 1-e). Users
click the Create Video button to generate the video and preview
the result (Fig. 1-f). A workflow progress bar (Fig. 1-g) provides
visual navigation across all stages.

2.2 Study Design
2.2.1 Participants. Twenty-three education professionals partici-
pated (See Appendix C for demographics).

2.2.2 Tasks. Participants performed tasks involving the genera-
tion and refinement of video scripts, followed by the evaluation
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of the resulting videos across three educational topics. The topics
were composed of explanation types requiring different cognitive
processing: galaxy collision (causal), chaos theory (abstract con-
cept), and DNS operation principles (procedural). The experiment
employed a within-subject design where each participant compared
two conditions: (1) Baseline: Video generation from LLM [11] gen-
erated scripts, refined by educators with CTML guidelines provided
as reference, and (2) PedaCo-Gen: Video Generation with scripts
refined through our human-AI collaborative workflow. Each video
was approximately one minute long.

2.2.3 Procedure. This IRB-approved study was conducted via a
self-paced, structured, and web-based questionnaire (approx. 30
min). The procedure consisted of three phases: a pre-study (5 min)
for informed consent, demographics, and CTML orientation; a main
experiment (20 min) involving the generation and interactive re-
finement of scripts, as well as the evaluation of the videos across
three topics and two conditions (13 rating items per video); and
a post-study (5 min) focused on system usability and open-ended
feedback. Participants received a $7 gift card upon completion.

2.2.4 Measures. We collected quantitative and qualitative data
through (1) CTML Evaluation: 13 items (12 CTML principles
+ 1 overall validity) measured on a 5-point Likert scale and (2)
System Evaluation: 5 items (Production Efficiency, Guide Validity,
Intention to Apply in Practice, Overall Satisfaction, and Intention
Reflection) and two open-ended questions for qualitative feedback.
See Appendix B for details.

2.2.5 Analysis. For quantitative analysis, we performed Wilcoxon
signed-rank tests to compare CTML scores between conditions, and
Mann-Whitney U tests for between-group comparisons (e.g. gender,
career stage, AI usage experience) (𝛼 = .05) For qualitative data
analysis, thematic analysis of open-ended responses was conducted
following a six-phase framework: familiarization, coding, theme
identification, review, definition, and reporting [3]. An inductive
coding approach generated 25 initial codes. To enhance coding
consistency, the research team reached consensus through itera-
tive discussions on discrepancies, from which major themes were
derived.

3 Findings
Our evaluation reveals that PedaCo-Gen significantly enhances
both production efficiency and pedagogical quality compared to
baseline. Educators highly valued the system’s iterative workflow
for reducing trial-and-error (𝑀 = 4.26) and the AI-driven peda-
gogical guidance (𝑀 = 4.04). Quantitative assessments showed
significant improvements across all 12 CTML principles (𝑝 < .05),
with these effects remaining consistent across gender and career
stages (𝑝 > .05).

3.1 User Perceptions of System Satisfaction and
Efficiency

Educators showed overall positive perception of the system’s prac-
tical utility (Table 1), as reflected by a high Overall Satisfaction
score (𝑀 = 3.78, 𝑆𝐷 = 1.02). Notably, Production Efficiency
(𝑀 = 4.26, 𝑆𝐷 = 0.90) emerged as the most highly rated attribute.

Table 1: System Usability Evaluation Results. Values repre-
sent𝑀 (𝑆𝐷) on a 5-point Likert scale (𝑁=23).

Production
Efficiency

Guide
Validity

Intention
to Apply

Overall
Satisfaction

Intent
Reflection

𝑀 (𝑆𝐷) 4.26 (0.90) 4.04 (0.62) 3.91 (1.32) 3.78 (1.02) 3.78 (0.83)

Despite the inherent temporal cost of introducing human-in-the-
loop stages, participants reported a significant reduction in the per-
ceived effort required compared to conventional authoring methods.
This suggests that for users, efficiency is not merely a function of
absolute working time but is driven by the reduction of iterative
trial-and-error and increased confidence in the final output. The
Guide Validity (𝑀 = 4.04, 𝑆𝐷 = 0.62) further reinforced this sense
of utility. The remarkably low standard deviation across this metric
indicates a robust consensus among participants that the CTML-
based review process provides actionable and pedagogically sound
feedback. By positioning the AI as a principled "reviewer" rather
than a black-box generator, PedaCo-Gen provided a structured scaf-
fold that participants found highly relevant to their professional
standards. However, the evaluation also revealed areas for further
refinement, particularly regarding Intention to Apply in Practice
(𝑀 = 3.91, 𝑆𝐷 = 1.32) and Intent Reflection (𝑀 = 3.78, 𝑆𝐷 = 0.83).
While there was a general willingness to use AI-generated videos
as supplementary classroom materials, the high variance in applica-
tion intent highlights the influence of specific educational contexts.
For instance, in early childhood education where "hands-on, experi-
ential learning" is the primary modality, the applicability of purely
video-based content may be more constrained (P14). Additionally,
while the iterative revision process facilitated alignment between
the AI output and the educator’s vision, the relatively lower scores
in intent reflection suggest that translating abstract instructional
goals into generative prompts remains a complex interaction chal-
lenge.

3.2 Pedagogical Effectiveness: Video Quality
Assessment Based on CTML Principles

The pedagogical efficacy of PedaCo-Gen was evaluated through a
comparative analysis of Mayer’s 12 CTML principles [10]. Quanti-
tatively, the system demonstrated significant improvements across
all tested educational topics—causal, abstract, and sequential—with
all gains reaching statistical significance (𝑝 < .05). For a detailed
breakdown of performance by topic, please refer to Appendix D.

Across all principles, the average score increased from 3.07
(𝑆𝐷 = 0.81) to 3.86 (𝑆𝐷 = 0.66), representing a mean improvement
of +0.79 points (𝑝 < .01). The most significant gains were observed
in the Pre-training Principle (+0.86) and the Coherence Princi-
ple (+0.84). The high improvement in the Pre-training Principle
(+0.86) indicates that the AI reviewer guided the introduction of
key concepts and terms at the beginning of videos, strengthen-
ing designs that help learners form background knowledge. The
improvement in the Coherence Principle (+0.84) suggests that
decorative elements unrelated to learning were removed, increasing
learning focus.
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On the other hand, while improvements were observed across
all principles, some items showed relatively lower gains. The lower
improvement in the Spatial Contiguity Principle (+0.53) and the
Signaling Principle (+0.51) is related to the limitations of current
Text-to-Video (T2V) models. T2Vmodels still tend to generate typos
when rendering text, resulting in constraints on accurate placement
and emphasis of visual elements and text. These results suggest
that while PedaCo-Gen’s pedagogical review function is effective,
improving the text rendering accuracy of the T2V model itself is
necessary for ultimate quality improvement.

4 Discussion
4.1 AI as a Metacognitive Scaffold: Navigating

the Agency-Productivity Trade-off
PedaCo-Gen functions as an interactive metacognitive scaffold,
prompting educators to use CTML guidelines as a heuristic check-
list rather than passively accepting AI outputs. This "productive
friction" is reflected in the high validity scores (4.0/5.0) and qualita-
tive feedback. For instance, while P23 found "inducing consistent
results [...] was quite challenging," the participant noted that such
iterative refinement is essential for a "robust and effective learning
tool". Furthermore, the human-in-the-loop requirement reinforced
the educator’s role as a "pedagogical gatekeeper." As P05 em-
phasized, the necessity for "separate functions where teachers can
additionally review, edit, and modify" highlights that the system
does not replace human expertise but augments it, ensuring that
the final artifact remains pedagogically sound through deliberate
human oversight.

4.2 Contextual Granularity and Curricular
Alignment

A salient theme was the necessity for adaptive instructional tai-
loring based on the learner’s developmental stage. Participants
(P01, 05, 12, 14, 20) highlighted the critical need for modulating
content difficulty based on the target audience. P12 pointed out
that "video difficulty should vary according to the level of the target
learner," highlighting the critical need for modulating content dif-
ficulty. Similarly, P01, 12, 19 noted the effectiveness for different
grades, agreeing that while the visual depth seems suitable for older
students, younger learners require a higher degree of ease of un-
derstanding through "simplified language and frequent real-world
examples" (P19).

These insights suggest that the Personalization Principlemust
extend beyond conversational tone to encompass dynamic con-
tent scaling and curricular alignment. Future iterations should
allow educators to define target learner demographics to automati-
cally modulate vocabulary, conceptual depth, and visual complexity.
Furthermore, as P12 suggested, "It would be ideal to train the AI
system on the official national curriculum", aligning the system with
formal curricular standards would ensure that AI-generated
scripts move beyond generic explanations to become context-aware,
reliable instructional materials.

4.3 Transparency and the Explainability
Frontier

While PedaCo-Gen aimed to demystify the generation process by in-
troducing an Intermediate Representation (IR) phase—allowing
educators to review and edit scripts before video synthesis—our
findings reveal that a sense of opacity persisted for several partici-
pants. P12 voiced concerns over the provenance of the data, saying
that "While the quality of the video is good, I have no way of knowing
if the prompts are generated based on actual textbook examples or
valid curriculum content." This highlights that for educators, trans-
parency is not just about the process, but about the reliability of
the data driving the generation.

Furthermore, the stochastic nature of generativemodels created a
sense of "unpredictability," which participants perceived as a lack of
transparency in control. P23 observed: "I found it quite challenging
to induce consistent results even when using the script guide." This
difficulty in achieving consistent alignment between user intent
and AI output suggests that the internal transformations within the
AI remain opaque, even when pedagogical scaffolds are provided.

Also, other participant suggested that clarity in the generation
process could enhance utility ("If I could understand the generation
process in more detail, I would be able to utilize it more effectively
across various domains." (P17).) In an educational context, trust is
predicated on the "why"—why a particular scene was generated or
how it connects to formal educational standards. Integrating Ex-
plainable AI (XAI) [7, 9] techniques could bridge this gap. Future
work must move beyond showing just what the AI produced to
explaining how it aligns with pedagogical constraints. By explicitly
visualizing the pedagogical intent (e.g., "This background was sim-
plified to minimize extraneous cognitive load per the Coherence
Principle"), the system could foster a more transparent and credible
partnership with the educator.

5 Limitations and Future Work
Technical limitations also persist, particularly regarding audio
synthesis quality. Participants noted that "some videos had slightly
awkward audio" (P01) and "the voice is too unnatural" (P20). Future
work will focus on integrating high-fidelity, emotionally expressive
Text-to-Speech (TTS) models. As this study focused on the system
workflow, measuring cognitive load and learning outcomes with
actual learners remains for future research. Future studies could
employ independent raters to mitigate potential self-evaluation
bias. Additionally, generalizability is limited due to the focus on
Korean educators and science topics; we plan to extend validation
across diverse domains and cultural contexts. Finally, transitioning
from experimental use to classroom implementation will require
comprehensive training programs that focus on "AI literacy" for
educators, moving from simple prompting to principled co-creation.
As P22 suggested: "I would like to have training workshops focused
on practical classroom applications."

6 Conclusion
This research demonstrates the efficacy of PedaCo-Gen in address-
ing the pedagogical shortcomings of unconstrained Text-to-Video
(T2V) models. Our evaluation with 23 education experts confirms
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that the system achieves statistically significant quality improve-
ments across all educational topics and CTML principles compared
to baseline models. More importantly, PedaCo-Gen functions not
merely as an automation tool but as an interactive metacognitive
scaffold that empowers educators to critically reflect on their in-
structional designs while mitigating the technical burdens of video
production. By facilitating an iterative review of intermediate rep-
resentations, the system enables educators to reclaim their role as
"pedagogical gatekeepers," ensuring that the final output remains
instructionally sound through deliberate human oversight.

Ultimately, PedaCo-Gen signals a paradigm shift from "one-shot"
automated generation toward a model of principled human-AI
co-creation. This work offers a roadmap for the design of future ed-
ucational authoring tools that prioritize human agency and domain
expertise. Future research will focus on enhancing context-aware
adaptation—such as dynamic content scaling based on learner demo-
graphics—and integrating Explainable AI (XAI) to further demystify
the generative process. By fostering a transparent and collabora-
tive partnership between humans and AI, we aim to cultivate a
more reliable and pedagogically grounded ecosystem for digital
instructional content creation.
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Table 2: Mayer’s 12 Principles of Multimedia Learning, categorized by their primary cognitive function. These principles
provide a foundational framework for designing instruction that is congruent with human cognitive architecture.

Principle Guideline (What to do) Cognitive Rationale (Why it works)

I. Principles for Reducing Extraneous Processing

Coherence Exclude extraneous, irrelevant material. Reduce cognitive load by preventing distraction from
non-essential information.

Signaling Highlight essential information. Direct the learner’s limited attention to critical ele-
ments.

Redundancy Avoid presenting identical information simultaneously
in text and narration.

Prevent overload from processing redundant verbal in-
formation in two channels.

Spatial Contiguity Place corresponding words and pictures near each other
on the screen.

Reduce the cognitive effort needed to mentally integrate
related information.

Temporal Contiguity Present corresponding words and pictures at the same
time.

Reduce the cognitive load of holding information in
working memory while waiting for the other part.

II. Principles for Managing Essential Processing

Segmenting Break the lesson into smaller, learner-paced segments. Help manage the complexity of the material by allowing
learners to process one at a time.

Pre-training Introduce key concepts and their names before the les-
son.

Activate relevant prior knowledge and reduce the load
during the main lesson.

Modality Present words as narration rather than on-screen text,
especially for complex visuals.

Distribute cognitive processing across both visual and
auditory channels, avoiding overload in the visual chan-
nel.

III. Principles for Fostering Generative Processing

Multimedia Present information using both words and pictures
rather than words alone.

Encourage learners to build connections between visual
and verbal mental models.

Personalization Use a conversational and informal tone. Promote social engagement, which encourages deeper
cognitive processing.

Voice Use a human voice for narration rather than a machine
voice.

A human voice can better convey social cues so that
learners engage with the material.

Image Use clear, high-quality visuals that are directly relevant
to the content, and avoid extraneous or technically poor
images (e.g., an unnecessary "talking head").

Ensure the learner’s cognitive resources are focused on
understanding the content, rather than being diverted
by processing irrelevant social cues (from an instructor’s
image) or deciphering technically poor visuals.

Appendix
A Cognitive theory of multimedia learning
Table. 2 shows the Mayer’s 12 principles of multimedia learning
from Cognitive Theory of Multimedia Learning (CTML) [10].

B Measures
This appendix presents the questionnaire items used in the user
study. Pre-survey questions (Table 3) collected participants’ de-
mographic information and prior AI experience. As described in
Section 2, CTML-based video quality evaluation items (Table 4)
assessed the generated videos under Baseline and PedaCo-Gen con-
ditions for each of three topics, according to multimedia learning
principles. System usability evaluation items (Table 5) measured par-
ticipants’ perceptions of the PedaCo-Gen system. All questionnaire
items were presented in the participants’ native language (Korean),
and the English translations provided here were generated using
the DeepL translation service.

C Participant Demographics
Initially, a total of 24 participants were recruited for the study. How-
ever, one participant was excluded due to an insincere response
pattern (straight-lining with repeated identical responses). Conse-
quently, data from 23 participants were used in the final analysis
(14 female, 9 male). The mean age of all participants was 31.3 years
(𝑆𝐷 = 8.8), with male participants averaging 34.6 years (𝑆𝐷 = 8.0)
and female participants averaging 29.1 years (𝑆𝐷 = 8.7). Detailed
demographic information is presented in Table 6.

D Results of CTML-based Video Assessment
Table 7 presents the improvement in video quality ratings for each
CTML principle when comparing the Baseline and PedaCo-Gen
conditions. A Wilcoxon signed-rank test was used for statistical
analysis (𝛼 = .05). All 13 evaluation items showed statistically
significant improvements, with the largest gains observed in Overall
Validity (+0.96), Pre-training (+0.86), and Coherence (+0.84). Effect
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Table 3: Pre-survey Questions

Question ID Questions
Q1 What is your current occupation (or major)?
Q2 How much education-related experience do you have (total years of work and study

combined)?
Q3 How often do you use generative AI (ChatGPT, Claude, Sora, etc.)?
Q4 Have you ever used AI-generated materials as supplementary resources in actual

educational settings (classroom, lectures, etc.)?
Q5 Please describe specifically how you created those supplementary materials.
Q6 What is the reason for not creating/using supplementary materials with AI?

Table 4: CTML-based Video Quality Evaluation Items: 12 CTML principles + 1 Overall Validity (13 items × 2 conditions × 3 topics
= 78 items per participant)

Question ID Questions Principles
Q1 Are images/videos appropriately combined to aid understanding of the learning

content, rather than providing text (language) alone?
Multimedia

Q2 Are distracting backgrounds, unnecessary sound effects, and decorative elements
unrelated to the learning content removed to maintain high learning concentration?

Coherence

Q3 Are key words or important visual elements clearly guided through subtitles, arrows,
highlights, etc.?

Signaling

Q4 When complex graphics and text appear on screen simultaneously, does the narration
focus on explaining the graphics rather than simply reading the on-screen text?

Redundancy

Q5 Are explanatory text and related images placed close together to prevent visual
distraction?

Spatial Contiguity

Q6 Are narration (explanations) and corresponding visual materials presented simulta-
neously without time gaps?

Temporal Contiguity

Q7 Is the content divided into appropriate units (steps) that learners can digest, rather
than being presented all at once?

Segmenting

Q8 Before the main explanation, are key terms and concept characteristics defined or
introduced in advance to build background knowledge?

Pre-training

Q9 Is information conveyed through harmonious use of animation and narration, rather
than simply listing text on screen?

Modality

Q10 Does the writing style use friendly, conversational expressions that speak to learners,
rather than overly formal language?

Personalization

Q11 Does the narration voice convey natural intonation and emotion like a human voice,
rather than sounding mechanical?

Voice

Q12 Is the screen quality high enough to allow learners to focus on the learning content
(graphics) itself?

Image

Q13 Was the video content generated by the system overall appropriate and valid from
the perspective of learning content?

Overall Validity

sizes were measured using rank-biserial correlation 𝑟 (small: 𝑟 ≥ .1,
medium: 𝑟 ≥ .3, large: 𝑟 ≥ .5).

Table 8 presents the comparison of CTML Overall Validity scores
by topic. AWilcoxon signed-rank tests were used for statistical anal-
ysis (𝛼 = .05). Statistically significant improvements were observed
across all topics.

The largest improvement (+1.17) in Topic 2 (abstract concept
explanation) suggests that the AI reviewer’s structured feedback
was particularly effective for content dealing with abstract concepts.
This can be interpreted as the importance of visualization and
explanation structure being more pronounced for abstract concepts,
where learners have difficulty forming concrete mental images.

E Subgroup Analysis Results
E.1 Differences by AI Tool Usage Experience
No statistically significant differences were found in system evalu-
ation items based on AI tool usage experience (𝑝 > .05).

However, qualitative responses revealed perceptual differences
according to AI tool usage experience. One participant noted that
“for those who have used AI tools like ChatGPT, Gemini, Gamma, or
Vrew... it seems a bit frustrating or rather cumbersome,” suggesting
that users familiar with AI tools may perceive PedaCo-Gen’s struc-
tured workflow as restrictive. While general-purpose AI tools allow
free-form prompting, PedaCo-Gen requires a step-by-step review
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Table 5: System Usability Evaluation Items

Question ID Questions Type
Q1 Were you satisfied with your overall experience using the PedaCo-Gen system? Overall Satisfaction
Q2 Was the pedagogical review (CTML guide questions 1-12) proposed by the system

appropriate and valid from an education expert’s perspective?
Guide Validity

Q3 Was your educational intent sufficiently reflected in the final video through the
iterative revision (Review & Regenerate) process?

Intent Reflection

Q4 Would using this system significantly reduce the time and effort required to produce
high-quality educational videos compared to conventional methods?

Production Efficiency

Q5 Would you be willing to use videos generated by this AI system as supplementary
materials in actual educational settings (classroom, lectures, etc.)?

Intention to Apply

Q6 If you are not willing to use the AI generation system as supplementary material,
what improvements would make you willing to use it?

Open-ended

Q7 Please freely describe your opinions about the AI generation system used in this
survey.

Open-ended

Table 6: Demographic Information of Study Participants.

ID Gender Age Occupation Experience AI Usage Freq. Prior Classroom AI Use

P01 F 27 Elementary Teacher 3+ years 1-2/week No
P02 F 27 Middle School Teacher 3+ years ≥3/week Yes
P03 F 27 High School Teacher 3+ years ≥3/week Yes
P04 F 23 Education Major 3+ years 1-2/week Yes
P05 F 22 Early Childhood Teacher 3+ years 1-2/week Yes
P06 M 27 Elementary Teacher 3+ years ≥3/week Yes
P07 M 30 High School Teacher 5+ years 1-2/week Yes
P08 F 29 Middle School Teacher 5+ years ≥3/week Yes
P09 F 25 Elementary Teacher 1+ years ≥3/week Yes
P10 M 27 Education Major 5+ years 1-2/week Yes
P11 F 26 High School Teacher 3+ years 1-2/month Yes
P12 F 26 Middle School Teacher 10+ years ≥3/week Yes
P13 F 27 High School Teacher 1+ years ≥3/week Yes
P14 F 57 Early Childhood Teacher 10+ years Rarely No
P15 F 24 Education Major 5+ years ≥3/week Yes
P16 F 40 Early Childhood Teacher 10+ years 1-2/week No
P17 M 55 Education Major 10+ years 1-2/week Yes
P18 M 37 Middle School Teacher 10+ years 1-2/month Yes
P19 F 28 High School Teacher 3+ years ≥3/week Yes
P20 M 33 High School Teacher 5+ years 1-2/week Yes
P21 M 35 Middle School Teacher 5+ years 1-2/week Yes
P22 M 32 High School Teacher 5+ years 1-2/week No
P23 M 35 Middle School Teacher 5+ years ≥3/week Yes

process based on pedagogical principles. Conversely, for users with
less AI tool experience, this guided structure may lower the barrier
to entry.

As P14 noted, this relates to the perceived complexity of the
tool: “Both the AI and the methods for using it are far too difficult; I
even find general computer usage challenging.”

E.2 Differences by Gender and Career
The participant composition was 9 males (39.1%) and 14 females
(60.9%). No statistically significant differences were found between

genders in system evaluation items (𝑝 > .05). Females (𝑀 = 4.00)
showed a higher tendency thanmales (𝑀 = 3.14) in intent reflection,
but this did not reach statistical significance (𝑝 = .053).

No statistically significant differences were found between ca-
reer groups in CTML evaluation scores or system evaluation items
(𝑝 > .05). These results suggest that the PedaCo-Gen system pro-
vides consistent effects across education professionals regardless
of gender and career experience.
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Table 7: Improvement by CTML Principle (Averaged Across All Topics)

Rank CTML Principle Baseline PedaCo-Gen Improvement 𝑝-value Sig. 𝑟 Effect Size

1 Overall Validity 3.07 4.03 +0.96 < .01 * .88 large
2 Pre-training 2.84 3.70 +0.86 < .01 * .78 large
3 Coherence 3.03 3.87 +0.84 < .01 * .96 large
4 Personalization 3.22 3.97 +0.75 < .01 * .82 large
5 Multimedia 3.33 3.99 +0.66 < .01 * .79 large
6 Segmenting 3.51 4.17 +0.66 < .01 * .80 large
7 Voice 3.07 3.70 +0.63 < .01 * .70 large
8 Modality 3.41 4.00 +0.59 < .01 * .71 large
9 Image 3.45 4.04 +0.59 < .01 * .83 large
10 Temporal Contiguity 3.62 4.20 +0.58 < .01 * .61 large
11 Spatial Contiguity 3.14 3.67 +0.53 < .01 * .69 large
12 Signaling 3.00 3.51 +0.51 < .01 * .64 large
13 Redundancy 3.33 3.74 +0.41 .045 * .42 medium

Table 8: Comparison of CTML Overall Validity (Q13) by Topic. Topic 1: causal explanation (galaxy collision), Topic 2: abstract
concept explanation (chaos theory), Topic 3: sequential explanation (DNS operation).

Topic Explanation Type Baseline PedaCo-Gen Improvement 𝑝-value Sig.

Topic 1 Causal 3.26 4.13 +0.87 < .01 *
Topic 2 Abstract concept 2.74 3.91 +1.17 < .01 *
Topic 3 Sequential 3.22 4.04 +0.82 < .01 *

F Implementation Details of PedaCo-Gen
This appendix describes the system implementation and prompt de-
sign of PedaCo-Gen. We first present an overview of the platform’s
core functions and user workflow, followed by the prompts used
to guide the large language model in generating and reviewing
educational video scripts. These prompts are provided as default
settings, and educators can customize them by adding their own
principles, constraints, or output formats to better align with their
specific pedagogical goals.

F.1 System Implementation
Our platform utilizes Gemini [11] 2.5 Flash for script generation
and CTML-based review, while Veo [6] 3.1 handles video synthesis,
performing three core functions. First, the script generation func-
tion creates educational video scripts by applying CTML principles
and constraints to the learning content input by users. Scripts are
structured by scene, with each scene containing visual descrip-
tions and audio narration. The number of scenes is automatically
determined by the LLM based on content, though users can also
configure this manually. Second, the CTML-based review function
assigns the LLM the role of ‘an expert reviewer who meticulously
examines and provides feedback on educational video scripts,’ com-
prehensively evaluating the 12 CTML principles. Feedback is output
as improvement suggestions along with a proposed revised script.
Third, the video synthesis function passes the final script to Veo 3.1
scene by scene, where videos are generated individually and then
combined.

To begin, users input their learning content by copying and
pasting well-structured text knowledge into the platform. During

the script editing process, users can either directly apply the LLM’s
suggestions or manually edit the text input field. Since the review
function outputs structured feedback, users can apply the suggested
revised script entirely with a single “Apply Review” button, or
selectively incorporate changes by manually editing the text field.
The review process can be repeated until the user is satisfied with
the script quality. For video synthesis, the default duration per scene
is configured to 8 seconds to match Veo 3.1’s maximum output
length; users can adjust this setting when using alternative video
generation models.

F.2 Script Generation Stage
Table 9 presents the full prompt provided to the LLM for educational
video script generation.

F.3 Script Review Stage
Table 10 presents the full prompt provided to the LLM for script
review.
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Table 9: Full LLM Prompt for Script Generation.

Full LLM Prompt for Script Generation

[Principles and Constraints for Educational Video Production]

<Principles>
1. Coherence
– Background music should not be used.
– The learning content must be preserved in both the narration and the video.
– The content of the video and the learning content must be directly related.
– The content of the narration and the learning content must be directly related.
2. Modality & Redundancy
– Use images or voice-over narration instead of on-screen text.
– Educational content included in the narration should have minimal corresponding text displayed on the screen.
3. Learner-Friendly
– The narration script should be written in a friendly and gentle conversational style.
– Use a first-person, informal, and conversational tone.
– Use a standard human voice rather than a machine voice.
4. Contiguity
– Write the script so that narration and visuals are synchronized in time and aligned in meaning.
– Place related text and graphics close to each other on the screen.
5. Visuals
– Descriptions of video scenes should be clear.
– Only describe scenes that directly aid in understanding the learning content; exclude decorative or irrelevant visuals.
– Use signaling cues (arrows, highlight colors, bold text, etc.) to direct attention to important information.
– Avoid displaying the speaker’s face continuously; prioritize visuals that explain the content.
6. Learning Flow
– Avoid presenting too much information in a single scene; spread it out over multiple scenes.
– Introduce key terms and concepts early (e.g., in Scene 1-2) before presenting complex content.

<Constraints>
1. Assign a suitable length of narration to a scene.
2. Maximum scene count: Make your own judgment.

[Output Format]

<Scene 1>
Visual Description: ...
Clear Narration: ...

<Scene N>
Visual Description: ...
Clear Narration: ...

[Learning Content]

<Insert the learning content here.>
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Table 10: Full LLM Prompt for Script Review.

Full LLM Prompt for Script Review

You are an expert reviewer who meticulously examines and provides feedback on educational video scripts. Referring to all the instructions
below, review the provided [Video Generation Script] to ensure it accurately reflects the [Learning Content] and complies with all
[Constraints and Principles]. After a detailed review, write a revised script.

[Review Criteria]

<Principles>
1. Coherence
– Background music should not be used.
– The learning content must be preserved in both the narration and the video.
– The content of the video and the learning content must be directly related.
– The content of the narration and the learning content must be directly related.
2. Modality & Redundancy
– Use images or voice-over narration instead of on-screen text.
– Educational content included in the narration should have minimal corresponding text displayed on the screen.
3. Learner-Friendly
– The narration script should be written in a friendly and gentle conversational style.
– Use a first-person, informal, and conversational tone.
– Use a standard human voice rather than a machine voice.
4. Contiguity
– Write the script so that narration and visuals are synchronized in time and aligned in meaning.
– Place related text and graphics close to each other on the screen.
5. Visuals
– Descriptions of video scenes should be clear, specific, and of professional quality.
– Only describe scenes that directly aid in understanding the learning content; exclude decorative or irrelevant visuals.
– Use signaling cues (arrows, highlight colors, bold text, etc.) to direct attention to important information.
– Avoid displaying the speaker’s face continuously; prioritize visuals that explain the content.
6. Learning Flow
– Avoid presenting too much information in a single scene; spread it out over multiple scenes.
– Introduce key terms and concepts early (e.g., in Scene 1-2) before presenting complex content.

<Constraints>
1. Assign only one narration sentence to a single scene.
2. Maximum scene count: Make your own judgment.

[Output Format]

Detailed Review Results:
Suggestions for Improvement: (Point out specific scene numbers where the learning content is inadequately reflected or where
principles are violated, and propose clear revision plans.)
Revised Script: (Output the entire final script reflecting all the suggested improvements.)

[Learning Content]

<Insert the learning content here.>

[Video Generation Script]

<Insert the video generation script here.>
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