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Five readings, one creative process
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05

Video models
Visual art
Filmmaking
Visual computing

Creative Industries

Wang et al., Video Diffusion Survey, rev. 2026
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What changes when an image moves?

“The ball is in blue fire and turns into a dragon in fire.”

“A man rides on a huge fish, flying from the water into the sky.”

A still image leaves time open.
A video chooses what happens next.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 13
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Our running example

An empty studio.

A painting begins to move.

Someone returns.

Classroom exercise - inspired by the readings
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Video generation models

Wang et al.

Survey of Video Diffusion Models
2025, revised February 2026

Wang et al., Video Diffusion Survey, rev. 2026
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The field at a glance

+ a .
‘¢ Benefits to other domains

’ Representation learning I I Retrieval/Classification l

|

QA/Understanding

I I 3D and 4D generation l

ﬁ Conditions

[ Noise ” Videos ” Audios ]

Applications

[ Personalization ” 3D aware generation I

’Images H 3D H Text ]

I Spatial H Camera Information ]

—| Video generation models }—'[ Consistency H Video inpainting I

[ Long video H Denoising/Deblurring]

[ Super-resolution I | Inter- and extra-polation I

l" —
::§3 Foundations

Paradigms

N

Architectures [ GAN “ EDMs

|

I DDPM ” Flow matching l

|Transformers | [ DDIM | [ Rectified flow |

IText-encoderS ] [ Auto-regressive models l
N —/

Inputs guide a model.

The model produces a sequence.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 1
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Three routes to a video

Text describes a scene.

An image fixes a starting appearance.

A video supplies existing movement.

Wang et al., Video Diffusion Survey, rev. 2026

07



Diffusion in one picture

Training teaches noise removal.
Generation refines a noisy sample.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 2 08



A video has two kinds of time

Frame time: when an event happens.

Denoising time: how a sample improves.

Wang et al., Video Diffusion Survey, rev. 2026
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The generation pipeline

Downsampling * Frozen Lower-dimensional latent space Classifier guidance
g Classifier-free guidance
Diffusion .~
ge==s=ma=aa »
— Encoder —— — |1 DDPM ¢ _, —
..DDIM_
EDM

Train input video Zv Zr

Condition

A cat with tabby and
white fur sits on a

Optical flow

(e.g., Flownet,
Ralflt, etc.)

A prompt guides refinement in a compressed space.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 4
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Text encoder
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Text encoder
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A latent is a compressed representation

FxHxW

The model works with
fewer values than
raw pixels.

Dec Stage |

( 2x Upsample ) |

| | |
i ( EncStage i ( Dec Stage ) i

( 2x Upsample ) i

| | | T |
[ Enc Stage ]:—-[KL RegularizerJ——{ Dec Stage | |
‘ I l | W —— J

i (2x Downsample) —:;> Spatial only

* Decoder

Encoder
Latent:
(f+1) xhxw

(2)

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 7 (detail) 11



Spatial attention and temporal attention

Cs A/
spatial layer

1 1
- - obz + (1 —a))z
spatial layer

Zi+1

z

i+1

P RB-TXC’XH’XW’

!

+1) i+1

| 1 .
-- - e +afﬁ+ L] A (1 —ao
spatial layer

z

Spatial: relationships within a frame.
Temporal: relationships across frames.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 5



A second way to connect frames

Temporal Transformer Encoder

Co—

Temporal + Token
Embedding

J.

Spatial Transformer Spatial Transformer
Encoder Encoder

liu b l[j_j

Positional + Token
Embedding

t

.

Spatial Transformer
Encoder

0o -

Embed to tokens

A frame encoder handles appearance.
A temporal encoder connects the sequence.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 6
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Predicting a sequence In parts

Multimodal Scripts §ill

Choracters

- A mon ina block suit -mifh
slicked-back hair, <Foce [0

- A woman with a feal hlhn.d'd'l‘:!!
and matching neckloce -

Seere Elements: g

- Crowded ewent
- Elegant Lighting

Plat

- Aman . awaman .. are dancing
clogehy at a erowded ewvent,
There i£ a subtle but palpable
senge of connection ar
confrortation between the man
and the weman, Suggested by
their direct goze and presimity
fo each other omidst o crowded
setting

Image Renderer Training

Auto-regressive Prediction

% | = -
Mult-mudal s-crluts ' - i

Multimaodal Seripts
Multimodal Modeling with VLM

Image Iivadia livhaig

Hereder Randa Render

o RgRRER

KeyFrame 3224

I LR e
Image-to-video Gen KeyFrame 3226

Image-to-video Gen

KeyFrame 3225

Inference

e

Decoder

Comproasad

oy

Diaacripiion Embedding

Autoregressive methods build on earlier outputs.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 21



Training data shapes the result

Open-Sora Data Processing Pipeline v1.1

,r_,L aes 4.5
] X
[W_'L
* scene cut I—h aesthetic score 1 optical flow score OCR
N Ll - OCR Results: The serene beauty of a
GidaE video clips optical flow AIYEAR HOUNLE. waterfall cascades into a
[ secluded lush green pool.
Too much texts X The waterfall, with its ...
| high optical
I o .5 flow score
Match Score
refers to .csv/.parquet Detect
th text num_frames height ...... Text Cleaning pan right
pa . 5 = . " Additional Process Camera Motion score < threshold 3
/path/to/video1.mp4 a bird ... 128 256 «—— Video Metainfo Labeling pan left I i
/path/to/video2.mp4 aman... 400 512 Conditioned Filtering zoom in, zoom out, ...... score > threshold
/path/to/imagel.png agirl ... 1 256 Append to Caption
|/path/to/image2.png adragon ... 1 720 The camera is zooming in.

For Training, Analyze, and Share

Selection and captions affect what a model can learn.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 8
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A closer look at data filtering

Pool

Image Data

Video Data

Textual Data

[I 192P] Training

[I 192P] Deduplication

[I 192P] Visual Filter

[I 192P] Fundamental Filter

[V 192P] Training

[V 192] Deduplication

[V 192P] Visual Filter
[V 192P] Fundamental Filter

[V 192P] Motion Filter

[T 192P] Training

[I 480P] Training

[ 480P] Resolution Filter

[V 480P] Training

[V 480P] Visual Filter
[V 480P] Motion Filter

[V 480P] Resolution Filter

[T 480P] Training

[T 480P] Resolution Filter

[I'720P] Training

[I 720P] Resolution Filter

[V 720P] Training

[V 720P] Visual Filter

[V 720P] Motion Filter
[V 720P] Resolution Filter

[T 720P] Training

[T 720P] Resolution Filter

Filtering trades coverage against usable training examples.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 9

[I] SFT Training

[1] Visual Filter

[V SFT] Training

[V] Visual Filter

7‘ [V] Motion Filter

[T SFT] Training

[T] Resolution Filter
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One foundation, several tasks

Text-to-image

g N
Text-to-image +

Personalized
Text-to-video

Text-to-video

J
256 px image training

Generation, personalization, and editing can share a base.

Wang et al., Video Diffusion Survey, rev. 2026

v

Pre-training

\ 4

256 — 768 px videos
Up to 16s 16 FPS

A

Text-to-video
Finetuning

/_

-

Video-to-video
Editing

_4

768 px videos

Up to 16s 16 FPS



A foundation model can adapt to a domain

Pre-trained
WFM

Custom Post-trained
‘ Dataset WFM
H 1

Further training specializes a general model.

Wang et al., Video Diffusion Survey, rev. 2026

ook
Custom Post-trained . l---J
‘ Dataset WEM J l

P e
Custom Post-trained @
Dataset WEM () ()

\__.___/

L

o A ..Q‘
Custom Post-trained v
Dataset WFM Y
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References carry different information

 *'»'B Image
% -§ tokenizer

(@

Diffusion

U-Net Diffusion U-Net attentions
i or DiT
CLIP feature conditioning Control-Net condition Input concatenation Cross-frame attention

High-level (semantic) condition Low-level (fine grained) condition

A reference can suggest meaning, layout, or appearance.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 12 19



Motion and camera control

Pose Sequence frame

Entity a gazelle with a body covered in eleek tan fur, long legs, and Iegant curved horne Location glacier
a man with medium-length straight brown hair, tall and slender, a gray erew-neck t-ghirt, beige trousers

An actor can move while the camera stays still.
A camera can move around a still actor.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 14 20



Motion as a field

New prompt or initial frame

Denoiser +
VAE

Optical flow describes how image locations move.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 3 21



Sound can guide a performance

.ol

j  Diverse & Synchronous Emotion-Aware Fine-Grained
| Facial Dynamic HD Texture Clear Teeth

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 15

Audio can constrain

mouth movement and

timing.
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Editing a region through time

The selected change must persist across frames.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 16
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Sharper detail can change what we see

(a) Zoomed LR (b) BSRGAN (¢) Real-ESRGAN+ (d) FeMaSR () LDM

Plausible texture may differ from the original scene.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 18

24



Before, between, and after

put plate on counter Fred is talking to Barney and turning head. Jumps over a gear and then collects a coin.
&
Video :
+ : B : - Gt
Prediction 3 : —
’ ' o ) .
close draower wilme 1is riding in the car and tolking. Runs from Left te right and jumps over a worm.
‘r— - 1,- - " e -
Video = y - i
Rewind | ’ :
]
take plate off Fred and Wilma are dancing across a room. Jumps down the Ladder and up collects a gem.
Video ;
> =» o i~ A - - a N -

Runs to right. It jumps down the ground. Jumps and moves to Left. keeps walking and drops off the platform.

Control

by Texts Runs te right. It jumps Lending on a face. Jumps down from a Ladder and moves to Left. Jumps over a gear and drops off the platform.

Prediction extends a sequence.
Interpolation fills a gap.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 17
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A subject that stays recognizable

& s 1
Training | Inference
1

Y -l
o - -
.-+ 1 ] Il
’-i a is playi a
% —> A * %4
v - !
General data training

1
1 I r 1
= 1
| t L,
- I
b
Subject-specific data

ldentity needs to survive changes in pose and view.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 19
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Continuity needs more than a good first frame

Simple Cunditiuninf, Inconsistent Appearance & Abrupt Motion

an

Methods

" dog wearing a
Siperhienn oulfit with

red cape ffving Srowgh
‘fﬂ. |‘ fhe sk ™

‘ L%  Qurs

|
Check appearance and movement across the whole shot.

Teddy bear walk- A fast-paced mo-
tng down Sth  torcycle race on
Avenue. a winding frack.

Spatial / Temporal Conditioning, Consistent Appearance & Motion

Layout Guidance Videos: click i.,u play in Adobe Acrobat

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 20 27



Video models can incorporate 3D information

Camera Ray e
¢ ={K,(R,T);} r=(m,d) —ﬁ T ‘

"

|
EE =8 1
EREEAR ) = ||

Multi-View Latent Diffusion Model
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Camera information links an image to a viewpoint.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 22



Video knowledge can guide a scene representation

Video diffusion model

as 3D prior
* Direct supervision
Video diffusion model * SDS loss family
as motion prior S fior ot

reconstruction

Multi-view video
diffusion model 3D/4D scene representations

(NeRF, Gaussian Splatting, Mesh, ...)

A generated sequence can help build a 3D scene.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 24 29



Wonderland connects video and reconstruction

3D Space & Novel Views

........

Feed-forward 3D Reconstruction

o 4
a
! . ' :
! i
| 1
! . J i
1 5 ]
i i
! H
! : i
I L L
! e i
& e
g2 =
T i
v e 3
View 1 View 2

A reconstruction model predicts a scene with new views.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 25
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A moving scene varies in viewpoint and time

“A cat kneading dough”

LA ‘

o
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% y o T i
¢ >
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CHE FE S ad i) \ i
- & R &
A -

. o r‘ A s &
A= D> * 4 ' .

Sparéé dannc cape to 4D Real video to 4D Text-to-video-to-4D

CAT4D models both dimensions.

Wang et al., Video Diffusion Survey, rev. 2026, Fig. 26
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Video-model checkpoint

What fixes appearance?
What controls movement?

What still needs inspection?

Wang et al., Video Diffusion Survey, rev. 2026
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Visual art creation

Wang, Chen, and Wang
Diffusion-Based Visual Art Creation
ACM Computing Surveys, 2025

Wang, Chen & Wang, Visual Art Creation, 2025
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Artistic goals and technical methods

Classification Criteria

Visual Art Dynamic Static ' A ﬁ: Al
4 » Legend A

4D
Textual Art,
Sound Art, ... '\I 3D
Medium
Diffusion-Based Visual
Art Creation
2D i
Art (Our Topic)

understanding, generation,

Education, 12 ¢
Advertisement, ‘\T 1D 1 application

Application
Scenagios Diffusion-Based
| _ ) Models
Generative Deep Learning Model
AIGC  — rpethods -
Models Structure

Rule-Based, CLIP, GAN, CNN,

Parametric Models, ... Autoregressive, ...

The survey studies where these two perspectives meet.

Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 1
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Text becomes a condition for generation

— p CLIP Objective > Image Real
Encoder Image
Text
Encoder -
]
Generated
B Denoising UNet  —» || Decoder Image
]

A text encoder turns words into a model representation.

Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 2 35



Three research perspectives

* Different application scenarios (e.g.,
visualization, storytelling, therapy)
» Different art forms/genres and

: Application/
corresponding features

scenario-oriented

2
38
Psychological
4 sycho og.lca 13 17
perspective
6
3
» Different datasets, data
source and features
* Different data modalities Understanding/
and formats data-based

Creating images is one part of the picture.

Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 3

Technological perspective b

» Different generative tasks (e.g., layout

Generation/ control, style transfer, image editing, ...)

method-focused

64

» Different generative methods (e.g.,
Mask Guidance, Attention Mechanisms,
Adapter Module, ...)

Synergistic perspective b
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The artist’s intention comes first

Media: painting, sculpture, film, digital art, ...

(1) Scenario Genre: Portrait, Landscape, Still Life, History, ...

e » Our Contributions |

‘ Human Al
=

’ ’ Style: Baroque, Impressionism, Modernism, ...
Artistic
requirements
r @
o
'
3D 2D Brush T . Controllable ~ Artistic ~ Aurtistic
scene image stroke @ Mo:l ality ® :[351{ Generation  Stylization  Editing
|
=
Evaluation
metrics
3 ¥
Mask Attention Adapter Method LLM Collaborative Retrieval
Guidance Mechanisms Module @ Metho Enhancement System Augmentation

A feeling becomes a set of visible decisions.

Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 4
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A scenario gives the work a purpose

— Media: painting, sculpture, film, digital art, ...

_ Style: Baroque, Impressionism, Modernism, ...

A portrait, an installation, and a film ask different things.

Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 4 (detail)

- Genre: Portrait, Landscape, Still Life, History, ...
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A modality is the form of the material

3D 2D
scene image

Pixels, brush strokes, and 3D scenes support different edits.

Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 4 (detail)

Brush
stroke
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Four useful creative tasks

Generate content
Control a result
Change a style

Edit selected content

Wang, Chen & Wang, Visual Art Creation, 2025

40



An edit needs a boundary

A mask specifies where a change may occur.

The surrounding image provides context.

Wang, Chen & Wang, Visual Art Creation, 2025
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Style includes structure

Pre-diffusion era Input
Image —
: (Content)
‘ 1
]
I
: Landmarks
|
I L3
! : Details
|
: | & Local
I .
i . Information
|
: Q terms v
]
v
L Result
Post-diffusion era Image

Shape and composition matter alongside color.

Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 8

Template
Image

(Style)

l

Background
& Global

Information

Explicit Parameters

Face template

== — = = = =

K&V terms

A — = ———— = = —

Implicit Representation
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Content and style need separate decisions

Keep the subject recognizable.

Choose which aspects of appearance may change.

Wang, Chen & Wang, Visual Art Creation, 2025
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A technical score answers a nharrow question

Matching a prompt does not establish artistic success.

Wang, Chen & Wang, Visual Art Creation, 2025
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Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 5



The vocabulary of art research also changed

Pre-Diffusion Era

Post-Diffusion Era (2020-)

Word Clowd for Generative Task of All Years
NONvisyalization

gewmgatlon
t Xt ' tone

ender 1nq
s_],mulat ion

Styliza

nteractive phﬂtm eallsuc

Generative Task

Weard Olosad dar Generative Methaod of AN Years

rendering multi VisionTrapsformer
simulatign 5 R

processing stroke DJOIM

Generative Method

Word Cloud for Generative Task of All Years

Editing + o Xt

Synt hes 15e story -.llsual

Stylelma

Styllzatlon s painting

generatlon

Generative Task

ization 22

‘Word Cloud Tor Generative Method of Al Sears

ol I{ o Ttm Cros oo
Mu sion S
“ A ]I.OZJ.CI rul 5\"[2 Gan SBR CNM
.[ \INBert ResWet $ dered pixel
DDM [=] F avelet f TFJ

spe::lflet_i LSNI'M LoRA W
T ik Rt o Atténtion

rendering
InversmnSEQUENCE Transformer

Network - \-'hE P

porm L0 | LIS 1 Ul .fu”f

asthet Attentional computational

Generative Method

“Word Cloud for drtistic Category of I fears
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iyman Chinese
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The survey compares tasks, methods, and artistic concerns.

Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 7
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o
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Application Scenario
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Resolution

Fd]ﬂl |t—"1]llr" : quality
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multimodal thinking ' ASPect

User Requirement
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Human involvement changes across a workflow

o« Creator = Designer = Optimizer --> Consumer

Human Design Human-Al
Al assistance Collaboration

I & I Analyzer = Assistant = Generator --> Creator
L

Choosing, revising, and judging remain creative acts.

Wang, Chen & Wang, Visual Art Creation, 2025, Fig. 9 47



Our studio scene as an artwork

Intention: an uneasy memaotry.

Decision: the painting changes before the room does.

Classroom exercise - inspired by the readings

48



One intention, one intervention

Choose a visual decision.

Explain how an audience might read It.

Classroom exercise - inspired by the readings

49



Art becomes a sequence

The next question is how the choices survive across shots.

Wang, Chen & Wang, Visual Art Creation, 2025
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Film creation

Zhang et al.
Generative Al for Film Creation
CVPR CVEU Workshop, 2025

Zhang et al., Film Creation, CVPR Workshop 2025
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A film combines several kinds of work

Prompts
Generation

Image Depth Map 2.5D Extrusion Visual Effects
Generation For Camera Motion

Images become part of a production workflow.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 7 52



Depth can turn an image into a camera move

Depth Map 2.5D Extrusion
For Camera Motion

Near and far regions move differently as the camera shifts.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 7 (detail)
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Film Hack evidence has a context

2023: 8 films

2024: 67 films

2025: 118 films

Zhang et al., Film Creation, CVPR Workshop 2025
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Creators combined tools

The 2025 sample averaged 3.14 video-generation tools per
film.

Zhang et al., Film Creation, CVPR Workshop 2025
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What filmmakers wanted

Importance exceeded reported performance in each selected task.

6.34 6.62 6.35
i i .471

Character identity Body movement Camera control

O Fr N W &~ O1 OO N

M Importance [ Perceived performance

Artist ratings on a 0—7 scale. n = 100. Selected tasks from Table 5.

Zhang et al., Film Creation, CVPR Workshop 2025

6.24

Local editing
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A visual style can begin with a drawing

A Dream About to Awaken

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 1 57



Overthinking

Visual &
Assets

Animation
Process

Editing
Process

Curated LoRA | Image Visual 3D 3D | Scene
Images Model | Generation | Enhancement | Generation | Refinement Composition
Dataset
|
Image to Video Frame .
Generation Interpolation
Ssilaie AnimateDiff IPAdapter Video Clips
Frames

TouchDesigner StreamDiffusion —

Stop Motion Effect + LUImEn Video Editing Final Work
Voiceover

A deliberately nostalgic visual language

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 2
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Style begins before animation

Visual &
Assets

Curated
Images
Dataset

LoRA _

Model

Image
Generation

Visual

Enhancement

3D
Generation

3D

Overthinking builds assets before it builds movement.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 2 (detail)

Refinement i

Scene
Composition




Timing can carry a style

Animation
Process

Editing
Process

Overthinking also shapes its motion during editing.

Image to Video

L

Frame

Generation Interpolation
Efcered AnimateDiff > IPAdapter Video Clips
Frames
TouchDesigner > StreamDiffusion
Stop Motion Effect + HEImAN >l Video Editing > Final Work
Voiceover

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 2 (detail)
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Clown

Variation becomes part of the character’s expression.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 3 61



A source performance can survive a change of style

Compare the hand gesture across both rows.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 3 (detail) 62



Continuity can be a choice

Would a stable face or a changing face serve this scene?

Zhang et al., Film Creation, CVPR Workshop 2025
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For Pixi

A recurring character needs recognizable features.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 4

64



A character reference is specific

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 4 (detail)

Which features make
this character
recognizable?
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Fish Tank

Generated assets still enter a 3D production process.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 5 66



A generated asset still needs production work

A scene needs usable geometry and consistent placement.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 5 (detail)
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Volumography

A captured scene can support later camera decisions.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 6 68



Fragmented space as an aesthetic

-

whisspening of duisly Sears and Targoilen Storfias

Gaps and distortions can suggest a memory.

Zhang et al., Film Creation, CVPR Workshop 2025, Fig. 6 (detail)
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A short film still needs decisions

What changes?

When does it change?

What should the audience feel?

Classroom exercise - inspired by the readings

70



A shot plan makes the next step concrete

Opening: establish the empty studio.
Change: reveal movement inside the painting.

Ending: show who returns.

Classroom exercise - inspired by the readings

71



Film-making checkpoint

A generated shot becomes useful when it serves the
sequence.

Zhang et al., Film Creation, CVPR Workshop 2025
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04

Visual computing

Po et al.
State of the Art on Diffusion Models
Computer Graphics Forum, 2024

Po et al., Visual Computing, 2024
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The same process across visual media

Forward SDE (data — noise)
x(0) dx = f(x,t)dt + g(t)dw

A learned prior
score function guides plausible
dx = [f(x,t) — ¢* (t)Vx logpi (x)] dt + g(t)dw V|Sua| Outputs

Reverse SDE (noise — data)

Data Forward SDE Prior Reverse SDE Data

dz = f(z,t)dt + g(t)dw —)@— dz = [f(z,t) — g (t)V, logpi(z)] dt + g(t)dw

Po et al., Visual Computing, 2024, Fig. 1



The denoiser uses the prompt at several scales

A : Predicted
Noisy latent / U-Net (with ) \ noise
> >
A Al
ad N v -
o § ot pmeteirme e e e s S R s S| 3 >
o fag
1llo 2llo
- -
A A > > AA A
Pl lz|% 7|3
z -2’. —————————— —’z E'..—_
&|lo ells
o >
[} Al 2l s BIEEE!
(1] a o
v U «
£112]1%
Time step =1ls ||~
embedding Wk o

Prompt embedding

The network combines noisy content with conditioning.

Po et al., Visual Computing, 2024, Fig. 4 (detail)



Temporal layers connect the frame features

B

/ Spatio-Temporal Residual Block \ S patio-Temporal Attention Block

Ul nnntl

| & 2 8 ____| iy L
> >

[] Normalization [ 2D spatial Convolution / [] Normalization [ 2D spatial Attention

[] Activation [_] 1D Temporal Convolution [_] Projection [__] 1D Temporal Attention

An image model gains operations that work across time.

Po et al., Visual Computing, 2024, Fig. 4 (detail) 76



Conditioning adds a control signal

C
R oo :
. | zero convolution
: N
X X i 'r‘l__-l-
] i i I)
[ neural network | " neural network | [ T E
o block L block {locke jﬂJ 1 ainable copy
. ; : E r
1 _ : | zero convolution
@) < : |
¥ T s e
¥e ControlNet
{a) Before (b) After

A sketch or depth map can guide structure.

Po et al., Visual Computing, 2024, Fig. 3
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Inversion and personalization

Inversion starts with an existing resullt.

Personalization adapts to a subject or style.

Po et al., Visual Computing, 2024
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Video editing can preserve movement

Zero-Shot (TokenFlow)

TokenFlow changes appearance across a source sequence.

Po et al., Visual Computing, 2024, Fig. 5 (detail)
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Video generation can follow structure

Large-Scale (VideoComposer)

Depth
condition

Image

!

condition

Generated

VideoComposer uses an image and depth information.

Po et al., Visual Computing, 2024, Fig. 5 (detail)
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A 3D object has many views

Condition Generation

car

“the tallest chair”

Po et al., Visual Computing, 2024

Geometry must agree
when the viewpoint
changes.
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Shape and appearance are different outputs

Extracted mesh

(a) Unconditional 3D Generation

Input Predicted novel views E'. racted mesh

W - WEY

(b) Single-View Reconstruction

Po et al., Visual Computing, 2024

A mesh describes
surfaces.
Appearance
describes how they
look.
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A scene adds spatial relationships

Walk into the kitchen Go through the hallway

A camera moves through a space with persistent structure.

Po et al., Visual Computing, 2024
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Image models can guide 3D creation

"
&

a chimpanzee dressed like Henry WIIT king of England®

Po et al., Visual Computing, 2024, Fig. 7

DreamFusion uses
Image-based
guidance to optimize
a 3D result.
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Editing a scene changes multiple views

“"Miake him bald™

“Twrn fim dero Batwan ™

T hix face feeo g skell” “Tiern him inve g Moadigliand peinting”

InstructNeRF2NeRF edits a reconstructed scene.

Po et al., Visual Computing, 2024, Fig. 8
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The output format changes what we can edit

Pixels support direct image edits.

A scene representation supports new rendered views.

Po et al., Visual Computing, 2024
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Motion can be generated as movement data

Audio can guide a dance before final rendering.

87

isual Computing, 2024, Fig. 9



05

Creative Industries

Anantrasirichai, Zhang, and Bull
Advances In Artificial Intelligence
Artificial Intelligence Review, 2026

Anantrasirichai et al., Creative Industries, 2026
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Creation sits inside a larger workflow

Before generation: intention and references.

After generation: selection, editing, sound, and review.

Anantrasirichai et al., Creative Industries, 2026
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One prompt can produce different images

(a) Prompt: A Japanese manga-style drawing of a boy wearing a school

" uniform and green shorts. He is jumping with his palms open in a field
' surrounded by flowers and butterflies.

(b)
ChatGPT4
+Dall E3 with
- Manual
Initial request selection

A realistic photo
of aroad scene
with two cars.
The car on the
left is white. The
car on the right
is black.

. Follow-up request

Change the
white carto a
red car

LLM-grounded
Diffusion

Models interpret composition and style differently.

Anantrasirichai et al., Creative Industries, 2026, Fig. 3; examples dated 27 Nov 2024 90



A local instruction can affect the whole image

(b)
ChatGPT4
+Dall E3 with
Manual

Initial request selection

A realistic photo
of a road scene
with two cars.

Follow-up request

The caron the Change the
left is white. The white car to a
car on the right red car

is black.

LLM-grounded
Diffusion

Compare the white car with its edited red version.

Anantrasirichai et al., Creative Industries, 2026, Fig. 3 (detail); examples dated 27 Nov 2024
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Performance can come from captured motion

W)
' =+ - - ""“"ci)_ %VASAJ
- A ¢ Singl-a image Audio clip Con'[;r‘:rr;?gnals
— i — "
= ko —ooa
» . A 1 n o ;rJ

DeepMotion

Body movement and facial animation use different inputs.

Anantrasirichai et al., Creative Industries, 2026, Fig. 4 92



Post-production can change the result

Enhancement and editing continue after generation.

Anantrasirichai et al., Creative Industries, 2026, Fig. 5 93



Upscaling adds detail that needs inspection

ing _..’:4

Low resolution: AL |

Compare the
generated texture
with the high-
resolution reference.

Anantrasirichai et al., Creative Industries, 2026, Fig. 5 (detail) 94



Selection makes local editing possible

(a)

Insttucc
Segmeptation

MOTS

a zebra to the
lefl of the lrame

The fourth person
from the left

RES YOS RVOS

Coarse

sharcopio R [
L A

None !
Object
Detection
Language or |SikG
Ann Oﬂili? tennis player in white
REC T ( )
Reference b

Segmentation identifies a region.
Tracking follows it through time.

Anantrasirichai et al., Creative Industries, 2026, Fig. 6 95



Fine boundaries make selection difficult

Thin structures need
careful masks.

Anantrasirichai et al., Creative Industries, 2026, Fig. 6 (detail)
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Spatial capture supports new viewpoints

(a) 5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss
2 (rpz 9:;5}-»["]”_.{3@35) —\\ 5
,r"/:r. 19 Ray 2 Ry 1/. || .—g.t."_
s J 2

Ray 2
\

2
|m-s

Ray Distance

Projection

LA ]
*. —* | Initialization Image

Tile Rasterizer | +——

‘G = r — Operation Flow —p Gradient Flow

Adaptive Density Control

‘\ Differentiable —

SfM Points

NeRFs and Gaussian splats represent scenes differently.

Anantrasirichai et al., Creative Industries, 2026, Fig. 7 97



Quality has several meanings

A sharp image can still fail the scene.

A strange image can serve an artistic intention.

Anantrasirichai et al., Creative Industries, 2026

98



A process others can understand

Record references and major edits.

Explain the decisions behind the result.

Anantrasirichai et al., Creative Industries, 2026

99



Five readings to keep

01  Video models: how a sequence forms

02  Visual art: what the artist controls

03 Film: how shots work together

04  Visual computing: what transfers across media

05 Creative industries: how the work reaches an audience

Anantrasirichai et al., Creative Industries, 2026 100
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