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Traditional 3D animation pipelines, like those used by major studios, demand years of specialized training and access to costly
software. These constraints limit participation for educators, students, and independent creators. Thus, in this paper, I present a
simplified five-stage “3+2” animation pipeline that integrates generative AI tools to streamline pre-production and production
workflows and that can be an answer to the problem faced by these non-specialists. The proposed pipeline was evaluated through
a mixed-methods user study combining usability measures, creative output ratings, and qualitative feedback. Results indicate
high perceived usability and accessibility of the workflow. Creative quality outcomes were moderate overall, with stronger
visual quality and enjoyment ratings compared to storytelling clarity and emotional engagement. In summary, the findings of my
research suggest that generative AI can democratize animation production across education, the creative industries, and small
enterprises by lowering technical barriers and supporting accessible creative production, while highlighting areas for further
improvement in narrative and expressive depth.

Keywords: AI, Animation, AI-assisted animation, Human-AI collaboration, Generative design, Storytelling technology,
Education, Accessibility, Usability study.

Introduction

Animation is one of the most powerful ways for people to
communicate ideas—for example, it helps in education, in
science communication, and in marketing1–3. However, an-
imation, especially Computer-Generated (CG) animation, has
traditionally required years of formal training and specialized
software mastery, often structured through multi-year degree
programs (e.g., 2–3 years for a Bachelor’s in CG Anima-
tion) or long apprenticeship-style learning in the industry4.
For students, teachers, or small business owners, this level of
commitment is unrealistic. Despite approachable behind-the-
scenes lessons such as Khan Academy’s Pixar in a Box unit
lessons and other tutorials on the web, a student who might
want to enrich a classroom presentation with an animated se-
quence often lacks the time and expertise, especially when bal-
ancing a heavy academic and extracurricular schedule.

While direct statistics are scarce, related studies show that
teachers frequently report a lack of resources, training, and
time as barriers to using animation in classrooms. In a Mum-
bai study, over 66% of teachers reported insufficient resources,
50% felt undertrained, and a third said that using animation
takes more time than traditional teaching methods5. While
this study illustrates common structural barriers to animation
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adoption in educational settings, the AI-driven pipeline pro-
posed in this research was evaluated with participants based
in San Francisco and therefore reflects the resources, infras-
tructure, and educational context of that environment rather
than those of the Mumbai teachers. Teachers have a simi-
lar challenge when they want to create animations for their
lessons, often to help their students with writing skills, most
specifically in plot structure and character development6. At
the same time, small business owners who envision animated
marketing content cannot afford the costs associated with pro-
fessional studios. Academic studies of SMEs identify, indeed,
high adoption costs and skills gaps as primary obstacles to
adopting digital marketing tools7. As shown in Figure 1, lux-
ury brands such as Hermès can commission artists like Nata
Metlukh (@notofagus) or Angela Kirkwood (@angelakirk-
wood), but smaller companies cannot access such resources.

Personal experience with professional animation software
revealed the high barrier to entry for non-specialists. In
this study, “non-specialists” refers to individuals without
formal training in computer-generated animation or profes-
sional animation software, rather than individuals without
access to educational resources or technology. Institutions
like the Academy of Art University recognized these bar-
riers. Thus, the world’s first fully accredited Master of
Arts in Artificial Intelligence Design, positioning AI as cen-
tral to the future of creative media education was recently
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Fig. 1: Commissioned animation examples from a luxury
brand. Screenshot of an Instagram post featuring the artist
Angela Kirkwood (@angelakirkwood), with a post published
on August 28, 2025, with an “Abracadox” that displays many
eye-catching animated treats in motion. It showcases the
professional artistry and production quality typically reserved
for well-funded marketing campaigns. Sources: https://
www.instagram.com/hermes/ — https://www.
instagram.com/p/DN5vJJLjLzw/

announced (Academy of Art University, https://www.
academyart.edu/ai/). This shows the growing ac-
knowledgment of AI in creative fields to help lower the barri-
ers of time and resources. However, formal degree programs
remain inaccessible to many because of their cost and dura-
tion, and this leaves students, teachers, and small businesses
without practical entry points.

While this research does not aim to replace studios or the
artistry of professional animators, its focus, instead, is on de-
mocratization, i.e., empowering non-specialists to bring their
ideas and stories to life through animation. Recent advance-
ments in artificial intelligence, indeed, have made this goal
more plausible. Generative AI tools, such as Runway, Pika
Labs, and Adobe Firefly, among many others, are becoming
increasingly user-friendly8. They offer new ways to simplify
complex animation workflows. The challenge, however, is
fragmentation. Indeed, while many tools exist, there is no co-
herent process or pipeline that allows non-experts to use them
effectively from start to finish.

To address this gap, my research aims to experiment with
and evaluate a simplified, AI-driven pipeline inspired by
Pixar’s streamlined animation workflow. Also, it helps ex-
plore whether non-specialists can produce CG animation of

comparable quality to that achieved in traditional studio prac-
tices. By doing so, this study contributes not only to computer
graphics and AI research but also to the broader conversation
about creativity, accessibility, and human-AI collaboration.

In this work, I review, in Section 2, related work on (i) eq-
uity and access to creative technologies; (ii) the democrati-
zation of creative fields such as music, photography, and de-
sign through user-friendly tools like GarageBand, Instagram,
and Canva, which serve as precedents for lowering creative
barriers; (iii) human-AI collaboration and workflow design,
analyzing studies on generative tools as “creative partners”;
and (iv) Pixar’s streamlined animation pipeline, analyzing its
structured pre-production and production stages as a model of
efficiency and collaboration that informs my proposed sim-
plified AI-driven workflow. Then, in Section 3, I detail the
methodology I used. It includes the experiment, the partici-
pant recruitment, and the survey. Next, in Section 4, I present
the quantitative and the qualitative findings. And, finally, in
Section 5, I discuss their implications and add concluding re-
marks and outline directions for future research.

Literature Review

Equity and Access

Non-specialists had historically limitation to professional-
quality animation because of cost, training, and time9. In
schools, budgets are limited. Thus, teachers are left without
visual storytelling tools and students can’t experiment either.
For small businesses, outsourcing animation is prohibitively
expensive, making it the domain of larger companies with re-
sources, such as Hermès, which commissions bespoke anima-
tions from well-known artists.

New animation tools with AI offer an opportunity to lower
these barriers10. However, if there is no coherent workflow,
the tools remain fragmented and confusing11. I address this
equity gap by developing and testing a streamlined pipeline
designed explicitly for non-specialists. My objective is not to
replace studios or undermine professional artistry, but I aim
to help more people who would like to express ideas through
animation.

Democratization of Technology

In other creative industries, technology has already reshaped
who gets to participate. GarageBand, for instance, lowered
barriers to music production by allowing anyone with a laptop
to compose and mix songs12. Just like GarageBand made mu-
sic production easy for non-musicians, this research tries to do
the same for animation using AI.

During the plenary session “Education: The Doers and the
Viewers” of the Salzburg Global Seminar “Power in Whose

2 | © The National High School Journal of Science 2026

https://www.instagram.com/hermes/
https://www.instagram.com/hermes/
https://www.instagram.com/p/DN5vJJLjLzw/
https://www.instagram.com/p/DN5vJJLjLzw/
https://www.academyart.edu/ai/
https://www.academyart.edu/ai/


Palm? The Digital Democratization of Photography” in 2013,
panel moderator Nii Obodai, who was developing “a new
school in Ghana, opened the discussion about the role of pho-
tography in education [. . . ]”, mentioning “where traditional
education had failed to address his own needs of expression
and communication, he found photography which ‘taught him
to be a better human being.’ He felt it should be a driving
force in the new educational process to be able to address the
complexities of Africa.”13 Just as photography education low-
ered technical and financial barriers to visual storytelling and
empowered new voices, animation education has the potential
to do the same by transforming complex production processes
into accessible creative tools for non-specialists. Photography
education succeeded to make a once highly technical craft in-
tuitive and accessible. It’s a transformation that AI-driven an-
imation pipelines, as this research tries to show, could now
replicate for motion storytelling and digital creativity.

Instagram turned photography into an accessible form of
self-expression, even for those without professional equip-
ment14. Similarly, user-friendly graphic design platforms
have lowered barriers for non-professionals to create visually
polished content without formal design training.

These examples show that when complex workflows are
simplified and paired with intuitive interfaces, entirely new
communities of creators can emerge. Nevertheless, in ani-
mation, no equivalent really exists yet. So I suggest that this
democratization trend into CG animation can be extended by
building a practical, end-to-end AI pipeline.

Human-AI Collaboration

Recent studies in human-AI collaboration highlight the poten-
tial of AI tools as “creative partners”15. When the user in-
put (geometry, camera paths) and AI models are combined, it
can produce high-quality video with more intuitive control16.
These hybrid approaches help non-experts in achieving results
formerly requiring advanced technical skills.

Besides model performance, the way AI is embedded (e.g.,
communication, control, and tool intuitiveness) strongly af-
fects the user experience and the perceptiveness of owner-
ship17. Thus, research in design workflows has shown that
users treat AI suggestions in tools like Figma AI as semi-
autonomous collaborators. They provide ideation while still
relying on human judgment and inputs for refinement.

In animation, early experiments with AI image-to-video
models have similar patterns. AI, indeed, can handle repeti-
tive or highly technical tasks. This helps humans to focus on
storytelling and creative decisions. The gap, however, is that
most of these studies focus on isolated tools rather than inte-
grated pipelines. So I aim to bring these tools together. This
way, non-specialists can follow a structured process, thereby
turning fragmented experiments into a coherent workflow.

Pixar’s Animation Pipeline

Traditional cel animation required manual drawing and com-
positing18. The rise of CG in the 1990s, marked by Toy Story
(1995), introduced digital workflows that linked modeling,
layout, animation, lighting, and rendering. This way, Pixar be-
came a leader by developing an integrated pipeline that blends
creative exploration with computational efficiency.

Pixar’s current production framework is based on the Uni-
versal Scene Description (USD) system. USD is a system that
keeps all animation files organized and linked together. It’s
very powerful but requires training to use, which is why reg-
ular people can’t use it. This data-driven system unifies pre-
production (story, script, design, modeling, shading) and pro-
duction (layout, animation, simulation, effects, lighting, ren-
dering). This enables seamless collaboration among the de-
partments of the company because it ensures asset consistency
and scalability across teams. At the same time, it helps main-
tain the artistic flexibility that defines the studio’s storytelling
style. But this system requires significant expertise and com-
putational infrastructure. So it’s precisely the accessibility gap
that I want to address through an AI-driven alternative system.

Fig. 2: Pixar’s USD (Universal Scene Description) Pipeline,
illustrating pre-production and production stages. Reprinted
for educational and comparative analysis under fair-use guide-
lines. https://renderman.pixar.com/stories/
pixars-usd-pipeline

Figure 2 serves as the reference architecture for a
professional-grade animation workflow, highlighting the
highly specialized and sequential nature of Pixar’s USD-based
production process. This pipeline will later be used as a com-
parative baseline to evaluate how much technical complexity
can be consolidated within the proposed AI-driven workflow
for non-specialists (see Figure 20).

In pre-production, collaborative story development and sto-
ryboarding guide the emotional and visual direction of each
film. Iterative feedback and visual experimentation reinforce
this shared creative process19–21. Then, during production,
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layout further shapes cinematic clarity and emotional tone.
Tools such as Presto and RenderMan help animators to ap-
ply classical principles (anticipation, appeal, timing, staging,
squash and stretch) to characters and environments in real
time22–30. And simulation tools power the realism seen from
Brave’s hair dynamics to the complex lighting in Coco31,32.

In summary, Pixar’s pipeline shows how technical and hu-
man modularity and collaboration can result in artistic excel-
lence at scale. However, it is so sophisticated that it demands
specialized skills and expensive software. These are barriers
for non-specialists. Thus, in the following section, I propose a
simplified AI-driven workflow built on these insights, to make
computer-generated animation more approachable and inclu-
sive.

(See Appendix A for the complete breakdown of Pixar’s
production stages and referenced figures.)

Methodology

Overall Methodology

I used a mixed methodology. It combines a quantitative exper-
imentation I conducted with a qualitative analysis: I measured
the usability, the efficiency, and the perceived quality across
different animation workflows and I focused on interpreting
the user experiences, their feedback, and the themes linked
with accessibility and creative empowerment. This way, I
could get measurable results such as ratings. I could also get
a deeper knowledge about motivation, perception, and cre-
ative confidence. These are important for understanding the
technology designed for non-specialists. Therefore, my sim-
plified 3+2 generative AI pipeline (i.e., Idea/Story, Charac-
ters/Sets, and Storyboards for the pre-production stage, and
Layout and Animation for the production stage), compared to
traditional industry-standard workflows such as Pixar’s USD-
based system, can hypothetically reduce technical barriers for
non-specialists without compromising creative quality.

The overall strategy is exploratory and comparative. By re-
constructing a 3+2 AI-enhanced pipeline and testing it with
non-specialist users, the potential of generative tools to bridge
the accessibility gap is examined. The human-AI co-creation
process is also explored. It focuses on how individuals with
little to no technical background conceptualize and produce
short animations when aided by generative models. The strat-
egy aligns with prior studies that emphasize democratization
of creative technologies.

Case Study

The case-study experiment is supported by a survey-based
evaluation. For that purpose, a sample of voluntary partici-
pants (students, teachers, and small business owners) assessed

the usability, affordability, and perceived creative potential of
different animation pipelines through an online questionnaire.
Complementary to the survey, I conducted an experimental
test of the AI-driven workflow by producing a 20–30 second
short animation (“Desk Buddies”), documenting the process,
and collecting viewer feedback on storytelling clarity, visual
quality, and emotional appeal. Then, quantitative data were
analyzed using nonparametric tests (e.g., Wilcoxon signed-
rank, Friedman test, Spearman correlation) due to ordinal
Likert-scale data and small group sizes. Lastly, open-ended re-
sponses were examined using Braun and Clarke’s (2006) the-
matic analysis framework to identify recurring patterns and in-
sights related to human-AI collaboration and creative accessi-
bility. Thematic analysis (Braun & Clarke, 2006) is a method
where researchers read all comments, find repeated ideas, and
group them into themes.

Experiment

I designed my research in two phases for combining a techni-
cal experimentation with a human-centered evaluation. Dur-
ing the first phase, I focused on creating and validating a
simplified AI-assisted animation workflow. During the sec-
ond phase, I evaluated its usability and the creative poten-
tial among non-specialist users. I illustrated the overall struc-
ture of my proposed 3+2 AI-driven workflow in Figure 20,
which contrasts the traditional Pixar pipeline. Indeed, the
Pixar’s USD-based process has more than 10 highly special-
ized stages. My new workflow consolidates the sequence into
3 pre-production and 2 production stages, with generative AI
handling many technical operations in the background. My
aim is not to reproduce the Pixar production system but to em-
ulate its logic. This translates it into an accessible format that
enables students, teachers, and small business owners to bring
animated ideas to life.

Phase 1 — Pipeline Design, Tool Selection, and Experi-
mental Validation

In this phase 1, I examined existing generative AI tools
across each stage of the pipeline (idea/story generation, char-
acter and environment design, storyboarding, layout, and ani-
mation) to identify combinations that form a coherent, end-to-
end workflow.

The pre-production phase (Figure 4) comprises three steps:

1. Ideation and Story, where large language models such
as ChatGPT / GPT-4 generate titles, scripts, and struc-
tured prompts,

2. Character and Set Design, where image generation
platforms like Nano Banana produce character sheets,
background art, and assets,
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Fig. 3: Comparison between a traditional 2D hand-drawn an-
imation pipeline (“Pipeline 2”), Pixar's standard animation
pipeline (“Pipeline 1”), and the proposed simpli�ed 3+2 AI-
driven pipeline for non-specialists (“Pipeline 3”).

3. Storyboarding, where visual planning tools such as Shai
Creative convert narrative scripts into camera-ready pan-
els.

Fig. 4: Pre-production pipeline for animation with AI tools for
each stage.

The production phase (Figure 5) focuses on:

1. Layout, with AI tools that manage camera angles, stag-
ing, and shot composition, and

2. Animation, with systems like Kling AI that translate sto-
ryboarded scenes into motion and also automatically per-
form simulation, rendering, and compositing tasks at the
same time.

After multiple trials, I selected four tools: ChatGPT / GPT-
4, Nano Banana, Shai Creative, and Kling AI. These tools
were the most ef�cient combination for non-specialist use,

Fig. 5: Production pipeline that uses AI tools for each stage.

balancing quality, usability, and affordability (see Figure B1
in Appendix B).

Then, I produced a short animation, “Desk Buddies”: a desk
lamp interacting playfully with a toy ball. I did that to evaluate
the effectiveness of my pipeline.

Implementation Details and Reproducibility of the Simpli-
�ed Pipeline

I implemented and tested the simpli�ed animation pipeline in
September 2025. I used tools that were publicly accessible
via their web interfaces: ChatGPT (GPT-5 version) for the
idea/story stage (with narrative generation, prompt engineer-
ing, and image generation as well), Nano Banana for the char-
acters & set stage (character, prop, and environment images),
Shai Creative for the storyboard and layout stage, and, �nally,
Kling AI (versions Video 1.6 and Video Turbo 2.5) for the
animation stage.

Prompt Structure and Template Design

To ensure consistency and reproducibility across steps in the
pipeline, all the generative prompts I wrote followed a struc-
tured template comprising:

• a �xed anchor subject description (characters and key
props),

• a persistent environment speci�cation (desk, wall, light-
ing, plug location),

• cinematic style and mood cues (Pixar-inspired lighting
and composition), and

• minimal camera movement instructions.

For example, I used the following format for the animation
prompts in Kling AI:
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“Pixar-style wide establishing shot of a dark room
with a polished wooden desk against a wall. A large
metallic desk lamp sits on the desk, glowing softly,
with its electrical cord trailing and plugged into the
wall socket. The scene has cinematic warm lighting
with subtle shadows, polished wood texture, and a
slightly dramatic but playful mood. Camera: static
wide shot at eye level with a gentle slow zoom-in
toward the lamp.” (Figure 6)

I needed to decompose long sequences into short shot-sized
prompts to facilitate later stitching: shot 1 was the opening,
shot 2 was when the ball enters, shot 3 was the curiosity ex-
pressed by the lamp, and the last shot was the impulse push.

Fig. 6: Screenshot of the Kling AI web tool used for creating
the animated opening shot of the experimental short animation
“Desk Buddies”.

Reinforcing Visual Consistency

Visual consistency was the main concern in this experiment
and I used the three following mechanisms to reinforce it.
First, character and environment reference sheets generated
in Nano Banana were reused as visual anchors for subsequent
prompts. Second, �xed descriptive phrases (e.g., lamp pro-
portions, color palette, desk layout, lighting style) were main-
tained verbatim across the generations of the assets. Lastly,
I used Kling AI's start-frame/end-frame control. This feature
of Kling AI helps reuse the �nal frame of one animated shot
as the initial frame of the next animated shot. This ultimately
helped reduce continuity artifacts like the characters' displace-
ment across shots.

Generation and Post-Processing of the Animation

I used Kling AI to generate short video segments of 5 or 10
seconds per shot. It was not possible to create longer contin-
uous scenes because it is not supported by the tool. Then, I

exported the individual shots and stitched them using Canva's
editor. I applied short cross-fade transitions (0.1 s) to reduce
minor continuity artifacts. This produced the �nal animated
short, “Desk Buddies”, that I used thereafter for comparative
analysis and user evaluation.

Once I �nished the creation of Desk Buddies, I then com-
pared the work�ow to Pixar's original Luxo Jr. opening scene.
This opening scene, indeed, is a reference in the animation
world. It is known for its simplicity, its clarity, and its emo-
tional storytelling. I could use it as a reference for the narrative
coherence, the lighting, and the character motion. I did not
aim to replicate Luxo Jr. but it was used as a qualitative nar-
rative reference for simplicity of motion, timing, and visual
storytelling structure. The comparison served as an illustra-
tive benchmark rather than a quantitative performance evalu-
ation. Indeed, the two animations share a similar foundation
though: a lamp interacting with a ball. However, they differ
radically in their production work�ows and resource require-
ments. The visual comparison I made outlines corresponding
scenes, timings, and script cues to illustrate how narrative co-
herence and emotional engagement can emerge even from a
production pipeline with AI tools (Figure 7).

Fig. 7: Scene-by-scene comparison between Pixar's Luxo
Jr. (1986) and the AI-generated short Desk Buddies (2025).
Sources: Pixar (1986). Luxo Jr. https://www.
youtube.com/watch?v=w7tFQGSZjUI. Eowyn Gury
(2025). Desk Buddies (experiment). https://youtu.
be/gVnXBPnr5No.

The side-by-side analysis con�rmed that Desk Buddies
lacked the rendering precision of Luxo Jr. but, at the same
time, it showed comparable storytelling clarity and timing.
This illustrates the feasibility of producing a coherent short
animation using the simpli�ed pipeline and motivated the sec-
ond phase of the study focused on user evaluation.
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Exported Artifacts and Replication Materials

Representative prompt templates, character sheets, storyboard
panels, background generations, and animation outputs are
provided in Appendix C. These materials document each
pipeline stage and enable direct replication of the work�ow
without requiring access to proprietary studio software.

Phase 2 — User Study on Human-AI Collaboration
In this phase 2, I evaluated the pipeline's usability and its

creative impact. For that, I sent a survey to students, teach-
ers, and small business owners. Participants �rst completed a
baseline questionnaire. It assessed their familiarity with ani-
mation tools, their con�dence, and their expectations. Then,
they reviewed the work�ow tutorial. They also had the option
to produce a short animation using the provided step-by-step
guide.

I also obtained their perceptions of usability, creativity, and
satisfaction. Participants, indeed, rated the outputs for quality
and clarity. Then, with quantitative analyses (Friedman and
Wilcoxon tests, Spearman correlations), I measured compara-
tive usability and correlations between con�dence and creative
engagement. I used Braun and Clarke's (2006) framework for
the qualitative responses of the participants in order to code
them thematically. I extracted insights into how AI affected
participants' sense of authorship and empowerment.

Now that I established the overall structure and rationale of
the AI-driven pipeline, the next stage of this research focused
on empirical validation through a structured experiment. So,
the following section details the participant selection criteria,
the materials employed, the evaluation metrics, and the data
analysis and statistical methods.

Participant Selection

I recruited participants within my academic and community
networks. This included the Lycée Français de San Francisco,
the Lyćee Animation Club, and the local San Francisco Public
Library Sunset Branch. I reached via emails, WhatsApp mes-
sages, and social media posts. The �nal sample consisted of
43 participants (N = 43) who were all volunteers. They repre-
sented a diverse non-specialist population. It included, indeed,
high school students, teachers, librarians, small business own-
ers, and creative hobbyists.

All participants lacked formal education or professional ex-
perience in CG animation tools. The participant sample con-
sisted of 10 high school students, 1 college student, 7 teachers,
1 school administrator, 3 small business owners, and 19 work-
ing professionals, with 2 participants preferring not to disclose
their role (N = 43). Also, all the participants were over the
age of 13 and provided informed consent before completing
the survey.

During the process, I prioritized diversity in creative experi-
ence over technical expertise. I wanted to ensure that respon-
dents re�ected the intended end users of the proposed pipeline,
i.e., individuals with ideas to express but who have limited
training in professional animation tools. I did not collect per-
sonally identi�able information.

The responses were stored anonymously to keep con�den-
tiality and comply with ethical research guidelines. Because
it was a short low-stakes survey, with optional creative tasks,
the participation posed no foreseeable risk.

Data Collection

I collected data through an online survey distributed via
Google Forms. It was designed to capture both quantitative
and qualitative responses about participants' perceptions of
AI-assisted animation work�ows.

Participation was voluntary, and all survey items were op-
tional to respect informed consent (see Figure D2 in Ap-
pendix D “Supplementary Materials”, that shows the complete
Google Form survey interface that I distributed to participants
for evaluating usability and accessibility). As a result, some
participants skipped individual questions, leading to varying
sample sizes across measures (e.g., n = 40–43 depending on
item). All analyses report the valid response count for each
metric.

In the survey, participants compared a traditional
professional-grade animation work�ow (Tool 1, represented
by software such as Autodesk Maya) with the proposed
AI-assisted work�ow (Tool 2, represented by tools such as
Kling AI within the simpli�ed pipeline). The questionnaire
I sent included Likert-scale items assessing the usability, the
accessibility, and the willingness to adopt AI tools. It also had
open-ended questions that invited participants to share their
motivations, their creative goals, and their perceived barriers
(see Figure 8 and see also Figure D2 in Appendix D for the
full survey layout).

All responses were collected anonymously, which gave 43
valid submissions. Each participant's data included demo-
graphic information (age, role, and prior animation experi-
ence) and reactions to evaluation items on affordability, qual-
ity, usability, and the ef�ciency of various animation work-
�ows.

In the optional sections, I also invited the participants to
comment on the AI-generated short �lm titled Desk Buddies.
This served to re�ect on quality and storytelling.

I exported the responses of the survey as a CSV �le and I
used it for a statistical and a thematic analysis. I analyzed the
quantitative results by using non-parametric tests (Friedman,
Wilcoxon, and Spearman correlations).

This accounted for ordinal data and small sample size.
Open-ended survey responses were exported and analyzed fol-
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Fig. 8: Screenshots of the Google Form used to collect the
survey responses. Screenshots of the online survey display
comparative evaluation items in which participants rated the
usability, accessibility, and perceived dif�culty of two anima-
tion work�ows using 5-point Likert scales. The left panels
show a professional-grade tool (e.g., Maya) used as a base-
line for comparison, and the right panels depict an AI-assisted
tool (e.g., Kling AI) from the proposed simpli�ed pipeline.
Responses to these structured questions provided quantitative
data on user perception.

lowing Braun and Clarke's (2006) six-phase thematic analysis
approach.

Baselines

To assess the effectiveness of my proposed 3+2 AI animation
pipeline, I employed two main baselines.

The �rst baseline I used is the traditional Pixar-style an-
imation work�ow that has multiple specialized stages, such
as story, modeling, rigging, layout, animation, rendering, and
that has advanced professional software such as Maya and
RenderMan. This establishes the standard for professional
quality and for production consistency.

The second baseline I used represents current non-specialist
alternatives, common digital tools, like Canva. These are used
to create simple motion graphics or animated slides. And
this illustrates how non-experts currently express visual sto-
rytelling ideas, despite their limited motion and creative �exi-
bility.

By comparing participants' experiences and outcomes
against both baselines, I situate the AI-driven pipeline be-
tween professional studio practices and everyday creative
tools. Again, my goal is not to replace expert work�ows but
to democratize, thanks to AI, access to high-quality animation
production.

Metrics and Evaluation Criteria

I evaluated the effectiveness of my AI animation pipeline with
three metrics. These metrics are: quality, usability, and ef�-
ciency. I chose these criteria to see the technical performance
of the work�ow as well as the human experience of using it.

Quality

I assessed quality through external evaluations of the �nal an-
imation outputs. The participants rated the short animation
on clarity, storytelling coherence, and visual appeal using a
5-point Likert scale. I used reference clips from a profes-
sional studio production, the Pixar's Luxo Jr. opening, to have
the upper range of the quality spectrum. My aim was not to
achieve identical �delity but to determine whether outputs cre-
ated with AI tools could be perceived as “comparable” in ex-
pressive quality and in narrative clarity.

Usability

I measured usability through participants' self-reported ease
of learning, control, and satisfaction with the pipeline. I
adapted parts of the System Usability Scale (SUS) frame-
work to quantify perceived accessibility. Open-ended ques-
tions helped me explore further the cognitive and the emo-
tional aspects of collaboration with AI. Participants could feel
empowered, limited, or creatively inspired.

Ef�ciency

I evaluated ef�ciency through the self-reported and the ob-
served completion times. I also evaluated ef�ciency as well
as the number of steps required to complete an animation. I
could compare the time spent using the AI pipeline and the
typical durations associated with traditional software such as
Maya.

So, put together, these three metrics—quality, usability, and
ef�ciency—assessed in a balanced way my pipeline's impact
on creative accessibility and quality.

Data Analysis and Statistical Methods

I designed a mixed methodology for my research. Thus, I
conducted both quantitative and qualitative analyses to exam-
ine the participants' experiences and their perceptions of the
AI animation work�ow.

Quantitative Analysis

I analyzed responses to Likert-scale answers for the perceived
usability, for the affordability, and for the quality of the ani-
mation work�ows. I used non-parametric statistical tests due
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to the ordinal nature of the data and the modest sample size
(N = 43).

I used a Friedman test to detect differences between the tra-
ditional animation work�ow, the Pixar pipeline, and my sim-
pli�ed AI pipeline. Then I also used Wilcoxon tests.

Additionally, I calculated Spearman's rank-order correla-
tions. Indeed, I explored relationships between the partici-
pants' con�dence towards the creation of animation, their fa-
miliarity with animation tools, and their willingness to adopt
AI work�ows.

I did all the statistical analyses using Python (NumPy, pan-
das, SciPy, and Matplotlib libraries). Signi�cance was evalu-
ated at p < :05.

Qualitative Analysis

I analyzed open-ended survey responses following Braun and
Clarke's (2006) six-phase thematic analysis approach. I got
approximately 15–20 descriptive codes capturing recurring
ideas like ease of use, creative empowerment, emotional im-
pact, and perceived limitations of AI tools. I reviewed and
grouped these codes into broader conceptual themes based on
semantic similarity and frequency across responses. I re�ned
theme de�nitions through repeated comparison with the raw
data until three coherent thematic categories emerged. As this
was an exploratory single-coder study, inter-rater reliability
was not calculated.

With these two complementary methods, I could get mea-
surable patterns and nuanced perspectives. It provided me
with a well-rounded understanding of how non-specialists en-
gage with AI tools in animation.

Validity and Reliability

I employed multiple strategies to ensure the validity and the
reliability of my �ndings.

I did a triangulation between quantitative data (Likert-scale
ratings) and qualitative (open-ended) data. This way, I could
get complementary dimensions of the participants' experi-
ences. Then I shared the survey with a small number of re-
spondents to con�rm clarity and validate before full deploy-
ment.

I made sure there was reliability by maintaining a consistent
data-collection protocol across all participants. I also docu-
mented the work�ow for transparency and replication. I per-
formed statistical analyses using standardized, peer-reviewed
Python libraries (NumPy, pandas, SciPy, and Matplotlib) to
minimize computational bias and ensure reproducibility.

For the qualitative answers, to ensure consistency in the
qualitative interpretation, I reviewed codes iteratively with in-
put from my research mentor. We agreed on �nal themes
through discussion.

Finally, ethical compliance was veri�ed under the Lumi�ere
program's SRC/IRB oversight process, and all participants
provided informed consent. These safeguards collectively en-
sure that results are both credible and generalizable within the
study's exploratory scope.

Results & Findings

Because survey participation was voluntary and items were
not mandatory, the number of valid responses I could get valid
responses from students, educators, and small business pro-
fessionals varies slightly across questions (n = 40–43). Each
analysis reports its corresponding sample size. The different
categories of participants show diversity regarding the partic-
ipants' familiarity with creative and technical tools in the an-
imation domain, and, especially, how they perceive AI as a
collaborator in the animation work�ows.

Most quantitative results re�ect participant perceptions of
usability and output quality rather than performance during
full creative production tasks.

In this section, I present my �ndings in three stages. First,
thanks to descriptive statistics and visualizations, I summarize
overall trends in usability, affordability, and perceived quality
of the proposed AI work�ow compared with traditional ani-
mation processes. Second, with inferential analyses (Fried-
man, Wilcoxon, and Spearman tests), I identify statistically
signi�cant differences or relationships among responses. Fi-
nally, qualitative themes drawn from open-ended comments
enrich these numerical insights, and this illustrates partici-
pants' experiences and the human dimension of collaboration
with generative AI.

Together, these results address the central research ques-
tion:

How can a generative AI-driven pipeline, modeled
after Pixar's streamlined animation work�ow, sup-
port non-specialists in producing CG animation of
comparable quality to traditional studio practices?

Quantitative Findings

The quantitative analysis summarizes the participants' percep-
tions regarding the usability, the quality, and the overall poten-
tial of the simpli�ed AI animation pipeline compared with the
traditional pipelines. I received forty-three valid survey re-
sponses from students, teachers, and small business owners.
Likert-scale questions (1 = Not at all, 5 = Extremely) cap-
tured perceived visual quality, storytelling clarity, emotional
appeal, enjoyment, usability, and willingness to adopt AI sys-
tems. Non-parametric statistics were used because responses
were ordinal and non-normally distributed.
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Sample. Forty-three respondents completed the survey
(students, educators, and professionals). Unless stated, anal-
yses use all valid responses per item (n varies slightly due to
occasional skips).

Baseline con�dence. Self-rated con�dence with current
animation tools was low: Median = 1 (Interquartile Range
IQR 1–2, n = 41, meaning that most people gave ratings be-
tween 1 and 2 out of 5, with the middle rating being 1 and we
got 41 responses; 1 = Not at all con�dent).

Perceived Quality of the Short Film

The composite score (Figure 9), averaging four items (Visual
quality, Story clarity, Emotional appeal, Overall enjoyment),
showed mid-range evaluations: Median = 3:0 (Interquartile
Range IQR 2.56–3.50, n = 42, meaning most people gave rat-
ings between 2 and 5 out of 5, with the middle rating being
3.0, and we got 42 responses). Individually, Visual quality
and Overall enjoyment were higher (medians � 3–4), while
Story clarity and Emotional appeal were more modest (medi-
ans � 2–3).

While visual inspiration was drawn from Luxo Jr., partici-
pant ratings indicated only moderate storytelling clarity and
low emotional engagement, suggesting that narrative effec-
tiveness remains an area for improvement in AI-generated
work�ows.

Fig. 9: Boxplot showing the Perceived Quality of the Short
Film by 43 participants.

Tool Usability and Adoption (Paired Comparisons)

Participants rated overall usability and accessibility of the
two tools on �ve-point Likert scales (see Figure B2 in Ap-
pendix B). The mean usability (M = 4:1=5) and the accessi-
bility ratings (M = 4:3=5) indicated that both interfaces were

perceived as intuitive and easy to learn. This reinforces the
feasibility of low-barrier AI pipelines for non-specialists.

• In Figure 10, Tool 2 was rated as more user-friendly than
Tool 1 (Median Tool 1 = 1, Tool 2 = 3:5; Wilcoxon W =
14:0, p = 1:7 �10 �7 , n = 42).

• With Figure 11, participants have more Likelihood to try:
Tool 2 again outperformed Tool 1 (Median Tool 1 = 1,
Tool 2 = 3:0; Wilcoxon W = 66:5, p = 6:5 � 10 �5 , n =
42).

These paired effects are signi�cant and consistent. This in-
dicates that a modern, guided interface (Tool 2) meaningfully
improves perceived usability and willingness to adopt.

Fig. 10: User-Friendliness Ratings by Tool (1 = Not user-
friendly, 5 = Very user-friendly).

Fig. 11: Likelihood to try AI tools (1–5).
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Table 1: Median ratings for individual creative quality dimensions
Metric Visual Quality Storytelling clarity Emotional appeal Overall enjoyment
Median 4 3 2 3

Pipeline Dif�culty

Participants sorted three work�ows by perceived dif�culty
(1=Easy, 3=Dif�cult) (Figure 12). Medians indicated
Pipeline 3 = 1 (easiest), Pipeline 1 = 2, and Pipeline 2 = 3
(hardest). To test whether these differences were statistically
meaningful, I used a Friedman test. A Friedman test compares
ratings across multiple work�ows to determine if they differ
reliably. The results showed a very strong difference between
pipelines (c2 = 22:40, p = 1:37 �10 �5 , n = 40): participants
perceived the simpli�ed pipeline (Pipeline 3) as easier than the
traditional options.

Exploratory Associations

Con�dence showed a small, non-signi�cant positive corre-
lation with likelihood to try Tool 1 (Spearman r = 0:27,
p = 0:084, n = 41) and a small, non-signi�cant negative as-
sociation with likelihood to try Tool 2 (r = �0:23, p = 0:141,
n = 41). With the sample size and ordinal scales, these trends
should be interpreted cautiously.

Fig. 12: Boxplot comparison showing the perceived Dif�culty
Across Pipelines (1=Easy – 3=Dif�cult).

Overall, participants reported low baseline con�dence in
traditional tools, but strongly favored the more usable, guided
interface (Tool 2) on both ease of use and willingness to adopt.
The participants perceived the AI pipeline as signi�cantly eas-
ier than traditional work�ows. This con�rms my hypothesis
that a simpli�ed 3+2 pipeline can lower barriers in the do-
main of animation for non-specialists. Participants rated out-

put quality mid-range (the median being approximately 3/5).
This leaves room for iterative improvement in story clarity
and emotional impact, even as usability gains lower the en-
try threshold.

Thus, results show clear trends. The participants rated the
short �lm created with AI tools as moderately to highly effec-
tive in terms of quality and storytelling. They evaluated the
tools as intuitive and engaging. And, �nally, the simpli�ed
AI pipeline is signi�cantly easier to use than traditional work-
�ows. Together, these �ndings provide empirical support that
a simpli�ed AI-driven pipeline can substantially lower techni-
cal barriers for non-specialists while enabling the creation of
coherent animated content with moderate perceived quality.

Qualitative Findings

I analyzed the open-ended responses using thematic analy-
sis following Braun and Clarke's six-phase approach. Then,
I grouped responses into three themes that synthetize the par-
ticipants' experiences and their expectations toward AI anima-
tion pipelines: accessibility and empowerment, creative po-
tential and storytelling, and skepticism and trust in AI output.

Theme 1 — Accessibility and Empowerment

Many participants answered that AI tools could “make anima-
tion �nally possible” for people without professional training.
Teachers noted that simpli�ed pipelines could enable the cre-
ation of “short visuals for lessons”. At the same time, stu-
dents expressed con�dence in their ability to “turn ideas into
small �lms quickly.” This re�ects a strong alignment with the
project's goal of lowering technical barriers to entry.

Theme 2 — Creative Potential and Storytelling

Several participants showed enthusiasm about the fact that AI
can help them get ideas faster. They described AI as “a cre-
ative companion that never gets tired.” They also liked us-
ing text prompts for ideation and visualization. But they also
shared the importance of human input, especially for crafting
the meaning of the story or for the emotional tone. Indeed, as
one participant wrote: “AI helps with images, but the story still
needs a human heart.” However, the study captured participant
perceptions rather than detailed creative behaviors such as it-
erative prompt re�nement, version comparison, or decision-
making during production. These insights suggest that partic-
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ipants perceived AI as a supportive creative tool rather than a
replacement for human storytelling.

One participant stated: “The animation reminded me of the
Pixar intro with the jumping lamp. I was impressed by the
quality but I didn't feel anything in particular.” (Figure 13).
This response highlights visual similarity to Pixar's Luxo Jr.
while also re�ecting limited emotional engagement, reinforc-
ing the quantitative �ndings of moderate storytelling clarity
and low emotional appeal.

Theme 3 — Skepticism and Trust in AI Output

Despite an overall optimism, some participants raised con-
cerns about authenticity and quality. A few questioned
whether “AI-generated characters feel emotionally alive” or
if such work�ows “risk looking generic if everyone uses the
same model.” Other participants mentioned uncertainty about
copyright and ownership. These concerns show the need
for transparent tool use and continued human supervision
throughout the creative process.

Fig. 13: Extract of raw and anonymized survey responses used
for qualitative analysis.

Interpretation

The lexical distribution seen in the word cloud, in Figure 14,
suggests that participants responded positively to the short ani-
mation, emphasizing its creativity, simplicity, and playfulness.

Fig. 14: Word cloud of the participants' reactions to the 20-
second short animation “Desk Buddies”.

Many participants expressed surprise that an AI pipeline could
have such a coherent and polished sequence within a brief run-
time. Recurrent words like fun, smooth, and amazing show
enthusiasm for the concept. Less frequent words, such as ba-
sic, short, or mechanical, indicate some limits in the process.
Thus, this balance of praise and of constructive critique re-
inforces my hypothesis that pipelines with AI tools can help
democratize animation production, but, at the same time, it in-
dicates that it still requires human re�nement to convey emo-
tional depth and narrative sophistication.

Discussion

Interpretation of Findings

Across 43 participants, results indicate that non-specialists
perceive a modern AI tool as substantially more usable and
more adoptable than a traditional-looking tool. They rate the
AI pipeline as signi�cantly easier than conventional work-
�ows. At the same time, they perceived the short �lm's quality
as mid-range. Indeed, the visuals and the overall enjoyment
trended higher, but the story clarity and the emotional impact
could apparently be improved. Thus, this supports that a sim-
pli�ed 3+2 AI pipeline lowers barriers to animation for new
creators without requiring years of training.

Comparison with Related Work

These results align with prior research on democratizing cre-
ative technologies. The gains in usability and the reduction
of the complexity help expand the participation and the use
beyond expert users. Some researchers believe AI could help
with creative ideation, though this has not been deeply studied.
At the same time, the human role remains important for sto-
rytelling intent, framing, and quality control. My �ndings ex-
tend this conversation into CG animation, showing that a care-
fully integrated set of tools (LLM for ideation, image models
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for assets, storyboard assistants, and prompt-to-video anima-
tion) can approximate parts of professional pipelines in a form
that non-specialists can actually use.

Implications for Education and Practice

For classrooms, library programs, and small businesses, a
streamlined AI work�ow offers a practical on-ramp to ani-
mation with short assignments, low setup, minimal licensing
cost, and fast feedback cycles. Educators can emphasize story
structure, visual grammar, and critique. At the same time,
they can of�oad technical overhead to AI. For small teams,
the approach reduces production friction for explainer clips or
micro-ads. Of course, this is provided that brand consistency,
permissions, and ethics are addressed.

Limitations

There are several limitations. A main limitation is about the
participant sample, and, more speci�cally, about the demo-
graphic and infrastructural context of the participant sample.
Participants were recruited primarily from educational and
community environments in San Francisco (California, USA).
There was a French international high school and a public li-
brary setting. These provide relatively strong access to tech-
nology and learning resources. Thus, participants could lack
formal animation training, but they did not represent popu-
lations with limited internet access, constrained hardware, or
under-resourced educational environments. As a result, the
�ndings re�ect usability among non-specialists with access
to modern digital tools rather than fully resource-constrained
persons.

Additionally to that, I recruited participants primarily
through my academic and community networks. This may po-
tentially introduce selection bias. Persons knowing about my
project or personally connected to me may have been more
motivated to participate. Also, they may have been more in-
clined to provide supportive evaluations. So, the sample was
not totally random, and the results should be interpreted with
caution regarding generalizability and potential positivity bias.

Then, the study gathered responses from a diverse sample
(N = 43). The number of participants who completed the full
hands-on animation task was limited, which affected the gen-
eralizability of �ndings. Indeed, only one participant com-
pleted a full animation project. So it serves as a feasibility
demonstration of end-to-end pipeline use rather than a repre-
sentative performance sample. Second, the evaluation relied
on perceived quality and self-reported effort rather than time-
tracked or rubric-based production metrics. The study did not
systematically document real-time human-AI interaction pro-
cesses such as prompt iteration, creative branching, or revi-
sion strategies. Third, and perhaps most critically, the pace of

technological change in AI video generation implies temporal
instability into any evaluation.

During the few weeks separating data collection and anal-
ysis, signi�cant advances occurred across the video-model
landscape. For example, Kling AI released its “2.5 Turbo”
update on September 19, 2025, and claimed top ranking in
arti�cial analysis benchmarks (email notice received 10 Octo-
ber 2025). Google Veo 3.1 launched on 10/14/2025, increased
single-shot outputs to 30–60 seconds, and improved narrative
control. Lastly, as I could read in the a16z newsletter titled
“There is no God Tier video model” (received on 10/22/2025),
the AI �eld that includes tools such as Veo 3, Sora 2, Wan,
Grok, Seedance Pro, and Hedra, is entering an era of “spe-
cialized” rather than “universal” models, and this emphasizes
product-level integration over model supremacy.

These rapid shifts con�rm the challenge to establish stable
baselines for comparative research. In other words, the very
dynamism that makes generative AI attractive to creators also
complicates longitudinal scienti�c study. Thus, as a result,
my �ndings should be interpreted as a snapshot of capabilities
circa October 2025, not as a static benchmark for the �eld.

Ethical and Intellectual Property Considerations

Simpli�ed AI pipelines can lower barriers to animation cre-
ation. But they also raise important ethical and intellectual
property concerns. Indeed, many generative video models are
trained on large-scale datasets that may include copyrighted
content. This creates ongoing debate about data provenance
and fair use. Additionally to that, authorship and ownership
of AI-generated animations remain legally ambiguous across
jurisdictions. It is particularly ambiguous when outputs are
produced through proprietary platforms such as Kling AI. Al-
though this study focuses on usability and creative accessi-
bility rather than legal frameworks, these unresolved issues
represent critical challenges for the responsible adoption of
AI-driven creative tools. Future educational and commercial
deployment of such pipelines should therefore be accompa-
nied by transparent data practices, clearer licensing terms, and
ethical guidelines for non-specialist creators using them.

Future Work

Future research should build on my study by adopting a more
dynamic evaluation model. It should re�ect, indeed, the
rapid pace of technological change in AI. New versions of
AI tools, like the new versions of Kling AI and Veo, emerge
monthly. So, the future studies should incorporate a rolling-
update benchmarking framework, in which the same tasks are
repeated periodically with updated models to assess progress
and stability over time. This approach would help researchers
see improvements in a better way in output quality, usability,
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and ef�ciency.
Beyond the methodological adaptation, there are different

types of future work that can further exploration.
Firstly, fully interactive experiments, in which participants

actively produce animations over multiple sessions, would
provide richer behavioral data. The metrics could be timed
tasks, number of iterations, and expert scoring of consistency,
lighting, and narrative clarity.

Secondly, future works could examine the accessibility
deeper. It could be especially in terms of cost, required hard-
ware, and when there is of�ine or low-bandwidth compatibil-
ity for educational settings.

Thirdly, expanding the participant pool to include a broader
range of educators, creative professionals, and small-business
content creators could reveal patterns of collaboration and cre-
ativity across different expertise levels.

Then, future works should evaluate the proposed simpli-
�ed pipeline in under-resourced educational and community
contexts. They should include rural schools, low-income re-
gions, and environments with limited technological infrastruc-
ture. Such evaluations would clarify whether simpli�ed work-
�ows with AI tools can meaningfully expand access to anima-
tion beyond digitally privileged populations, and they would
identify remaining barriers related to hardware, connectivity,
and cost.

Finally, future work should explore the ethical and
intellectual-property dimensions of creations done with AI im-
plemented in such work�ows. It should be particularly around
authorship, data provenance, and fair use of training content.

Together, these future works would advance both the scien-
ti�c understanding of human-AI collaboration and the practi-
cal usability of AI animation pipelines in education, commu-
nication, and creative entrepreneurship.

Practical Guidelines for Non-Specialist Creators

Based on the outcomes of the user study and of the additional
real-world testing, this section brings practical recommenda-
tions for non-specialists (students, educators, and small busi-
ness owners) who want to create short animations using AI
tools. These guidelines synthesize the experiment steps, tool
combinations. They also include the feedback from a small
business owner who participated in this study and who suc-
cessfully produced an animated short using my simpli�ed 3+2
pipeline. With these, I intend to provide a replicable process
that balances creativity, accessibility, and ef�ciency.

Author-Derived Work�ow Insights from Pipeline Experi-
mentation

The following guidelines and challenges are derived from my
iterative experimentation during pipeline design rather than

from participant survey responses. They are presented as prac-
tical observations to support reproducibility rather than empir-
ical user �ndings.

Participant Insights (Anonymized Excerpts)

“I followed the steps exactly. It was surprisingly
easy once the shots were separated, and it felt em-
powering to see something coherent after less than
an hour.”
— Small Business Owner, October 2025

“Kling AI was impressive for motion continuity. I
didn't expect such �uid light behavior from a text-
based prompt.”

“I can see real marketing use here. Quick product
explainers or social media videos without hiring a
full studio.”

Validation Note

This real-user re�ection complements the formal user-study
data. It also shows the potential beyond academic experi-
mentation. In some way, it reinforces that, while generative
tools can accelerate production, human storytelling and itera-
tive prompting remain essential for narrative quality. So, the
�ndings and guidelines presented above, con�rm that the sim-
pli�ed 3+2 pipeline I proposed is replicable, time-ef�cient,
and adaptable for non-specialists.

Conclusion

My research demonstrates that it set out to explore how a sim-
pli�ed AI animation pipeline, modeled after Pixar's stream-
lined work�ow, can substantially lower the technical and cre-
ative barriers that have traditionally limited animation produc-
tion to professionals. With a mixed-methods approach that
combines experimentation and user feedback, I learned that
non-specialists (students, teachers, and small business owners)
value ease of use, creative empowerment, and rapid feedback
loops more than perfection. What matters most to them is the
ability to tell a story visually without years of training. These
�ndings primarily re�ect perceived accessibility and usability,
with limited empirical evidence from full production work-
�ows.

The key insight that emerges from my work is that accessi-
bility and quality are no longer mutually exclusive. With min-
imal training, participants were able to create visually coher-
ent and narratively engaging results. Thus, this suggests that
AI can serve as a creative partner rather than a replacement
for human storytelling. However, I also discovered that the AI
landscape is evolving faster than any �xed research design can
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Table 2: Practical work�ow guidelines for non-specialist creators using the 3+2 AI pipeline.

Pipeline Stage Tool(s) Purpose Key Tips Common Challenges

Ideation / Story ChatGPT (or
equivalent LLM)

Generate title,
summary, and
4-shot script with
cinematic cues

Keep prompts short and spe-
ci�c; include visual an-
chors (lighting, camera an-
gle, tone).

Overly long prompts can
confuse the model or break
continuity.

Character &
Set Design

Nano Banana /
ChatGPT image
generation

Create consistent
character, prop,
and background
designs

Use clear ratios (head-to-
body), texture, and light de-
tails; reuse identical word-
ing for style consistency.

Inconsistent visual tone be-
tween characters and envi-
ronments.

Storyboard
(optional)

Shai Creative Visualize con-
tinuity between
shots

Label each shot with shot
size, camera level, and
movement. Pacing is impor-
tant.

Jump cuts or missing refer-
ence frames between panels.

Layout / Ani-
mation

Kling AI Animate each
scene with “start
frame” and
“end frame” for
smooth transi-
tions

Reuse last frame of one shot
as the �rst frame of the next;
shorter prompts yield better
results.

Timing drift or camera mis-
match between shots.

Post-
Production

Canva / iMovie Edit, trim, and
export �nal clip
with transitions
and music

Use crossfades and gentle
soundtracks to smooth cuts.

Forgetting to trim AI “ramp-
in” seconds may cause jitter.

fully capture. New model versions are released within weeks
of experimentation. This alters both the technical and creative
possibilities of animation. This is also a central paradox for re-
searchers, that the very tools that democratize creativity also
resist static evaluation.

In education, teachers who introduce AI animation tools in
the classroom, especially when there is a simpli�ed work�ow
to use them, can foster interdisciplinary learning that com-
bines storytelling, art, and computational thinking. Students,
on their side, can focus on ideas, stories, prompts, and team-
work instead of trying to understand the use of different soft-
wares. In business, small teams or for entrepreneurs with lim-
ited budgets can transform their video marketing more easily
with the use of simpli�ed AI work�ows.

Overall, I believe that the process of co-creation with AI
with simpli�ed pipelines, especially for animation, can bring
more empowerment, inclusivity, and creativity.
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Appendix A — Pixar Pipeline

About CG Animation

The history of animation is vast. Only for Cel-Animation, which involves the
drawing of characters and props on transparent sheets (celluloid), it spans
from “handcrafted cel-age animation” from “1920–2010”, to “computer-
assisted cel-age animation” from “1980–present”, and to “the emerging AIGC
Cel Era (2020s onward)”. The conventional Cel-Animation Pipeline is com-
plex, with numerous steps involved.

To contextualize the proposed AI-driven work�ow, it is necessary to under-
stand the structure of traditional animation pipelines. As shown in Figure 3,
conventional pipelines used in professional studios have more than ten distinct
stages. They span from pre-production to production and post-production.
Each step requires specialized software, technical expertise, and coordinated
team work�ows. This makes the process inaccessible to non-specialists.

Fig A1. Traditional animation pipeline adapted from “Generative AI
for Cel-Animation: A Survey” (2025).
https://arxiv.org/pdf/2501.06250

This is why my research focuses only on CG Animation (CG standing for
Computer Graphics, i.e., the creation of animation with computers), which be-
gan in the 1990s, especially with Pixar's Toy Story in 1995. For that same rea-
son, Pixar Animation Studios became a worldwide reference, and my research
focuses on a simpli�ed, Generative AI-driven pipeline for non-specialists,
modeled after Pixar's streamlined animation work�ow.

Major studios such as Pixar rely on highly structured production pipelines
that divide creative and technical work across many specialized stages. As
shown in Figure 4, Pixar's Universal Scene Description (USD) framework
integrates pre-production and production processes. It covers story develop-
ment, modeling, shading, layout, animation, effects, and �nal rendering, into
a uni�ed, data-driven ecosystem. This industrial model ensures consistency
and scalability but also highlights the depth of expertise required. And thus,
it underscores the accessibility gap that my research aims to address through
a simpli�ed AI-assisted work�ow.

Fig A2. Screenshot of Pixar's USD (Universal Scene Description)
Pipeline reprinted for educational and comparative analysis under
fair-use guidelines. https://renderman.pixar.com/
stories/pixars-usd-pipeline

Pixar's Pre-Production Stages

Idea Development

To better understand professional processes, I interviewed Jean-Claude
Kalache, Director of Photography at Pixar, in December 20246, as part of a
session organized with the Lycée Français de San Francisco Animation Club
(Figure A3). During this exchange, Mr. Kalache shared behind-the-scenes
perspectives on how visual storytelling and cinematography decisions emerge
collaboratively at Pixar.

First, the director of Monsters, Inc., Pete Docter, and other directors went
out to lunch. There was a napkin on the table, and Pete Docter started drawing
a robot. The other directors said that the robot would not be a good �t for
the Monsters' movie. Pete Docter, though, during that same lunch, made
up the name Wall-E. The movie Monsters, Inc. was made without the robot.
Nevertheless, another director, Andrew Stanton, came in and said he wanted
to make a �lm about a robot, a love story about this robot falling in love
with cleaning the planet. This is an example of how a story came out: at a
restaurant, in a conversation, and with a drawing on a napkin.

Secondly, Andrew Stanton had a child, then one year old, when he real-
ized, as a father, that he had become overly protective. He channeled that
experience into a movie called “Finding Nemo”.

And lastly, as Pixar's teams �nished Toy Story 2, the director John Lasseter
went on a trip on Route 66 in the USA. As he was driving, he realized the
importance of slowing down in life; you cannot keep running all the time.
The movie Cars was born from that experience.
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Fig A3. Interview with Pixar's Director of Photography,
Jean-Claude Kalache. Screenshot from a recorded conversation
between Jean-Claude Kalache (Pixar Animation Studios) and
Eowyn Gury, conducted in December 2024 with the Lycée Français
de San Francisco Animation Club. The discussion addressed Pixar's
creative process, idea generation, and the role of cinematography
and lighting in storytelling. Source: YouTube “Pixar's Director of
Photography Shares Secrets of Animation with the LFSF Animation
Club — Part 1” https:
//youtu.be/TYvMW95wi34?si=iVOtx0HFIDItMhDx

So, these three examples are related to high-level employees at Pixar (di-
rectors), but Pixar seems to actually empower all its employees' creativity
through a peer-driven culture and ef�cient communication across teams. This
company also embraces novelty and takes risks by accepting uncertainty and
being original17.

Pixar's Story Development & Script Creation

Story development at Pixar remains largely undocumented, beyond interviews
and informal insights from former studio artists. Among the most cited contri-
butions are Emma Coats's “22 Rules of Storytelling,” which distills narrative
wisdom drawn from her experience on Brave and other Pixar productions.
These guidelines, which are actually not strict rules, encapsulate Pixar's fo-
cus on emotional causality and clarity in story arcs (Figure A4).7

There is also an input from Craig Good, an artist who worked on Toy Story,
Finding Nemo, WALL-E, and Brave, and who wrote on Quora in 2014 that
story development is done in-house. The scripts are either created by the
director himself, as with Andrew Stanton, or by outside writers. The process
of writing a good story may take three or four years31.

Art Direction

Pixar's approach to art direction blends storytelling and visual emotion. Di-
rectors often collaborate closely with art directors to de�ne the color, compo-
sition, and mood that carry a �lm's emotional arc. As illustrated in Figure A5,
the development of Turning Red began with personal storytelling sketches by
director Domee Shi, visually interpreted by artist Paprika Cui under art di-
rector Jackie Chang. This early artwork phase shapes the �lm's tone before
storyboarding and character re�nement begin.1

Storyboarding

In the CG era, digital tools such as StudioBinder, Boords, and Canva have
transformed storyboarding into a more accessible and collaborative process.
They offer drag-and-drop interfaces, pre-built templates, and online sharing

Fig A4. Examples from Emma Coats's “22 Rules of Storytelling.”
Screenshots from an Imgur compilation illustrating selected
principles (#4 and #5) originally shared by Pixar story artist Emma
Coats, who worked on Brave. These guidelines highlight Pixar's
emphasis on narrative structure (“Once upon a time. . . ” causality)
and economy of storytelling (“Simplify. Focus. Combine
characters.”). Source: Imgur – “Pixar's 22 Rules of Storytelling”
https://imgur.com/a/
pixars-22-rules-of-storytelling-fPLnM

Fig A5. Screenshots of Pixar's Turning Red art direction and visual
storytelling. https:
//www.jaxcha.com/#/art-director-projects/
https://www.instagram.com/p/CbSsyQzBHEA/?img_
index=1

features (Figure A6). These tools democratize pre-visualization, allowing ed-
ucators, students, small teams, and independent creators to experiment with
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