Recap.



Conditional generation

* Let (X,y) denote (image,caption) pairs
* Training a conditional generative model involves learning p(x | y)

* Train score model for the image x conditional on caption y

B (x,9)~Paata(x.y) B 0,0 Benso 1) €6 (%, 1Y) — €l|3




Classifier-Guided Diffusion

To explicit incorporate class information into the diffusion process, trained a classifier © fs(¥|xt,1)
on noisy image the use gradients to guide diffusion sampling process toward the condition

Vx, logq(x¢,y) = Vx, logg(x:) + Vx, log g(y|x:)

1
~ —————€o(x¢,t) + Vx, log fs(y|x:)
1-— (8 47
1
:_—e X T l—antlo X
& o(x¢,t) — v/ t gf¢ Y| t))

A new classifier-guided predictoré, would take the form as following,

ét’)(xt:t) — eﬂ(mtat) -V 1= &tVXf log fd)(ylxt)

To control the strength of the classifier guidance, we can add a weight w to the delta part,

€g(x¢,t) = €g(zs,t) — /1 — @ wVy, log fis(ylx:)



Classifier-Free Guidance

* Train both a conditional and an unconditional score model (by randomly
dropping the caption during training)

e Combine the two models as follows

(1+w)Vx, logp(y[x:) + Vx, log p(x:) = (1 4 w)(Vy, log p(x:|y) — Vx, log p(x:)) + Vi, log p(x;)

= (1 4+ w)Vy, log p(xt|y) — wVy, log p(x:)

* w Is the classifier-guidance strength



Stable Diffusion

https://arxiv.org/abs/2112.10752
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SDXL.: Improving Latent Diffusion Models for
High-Resolution Image Synthesis

oise : e : iner ecoder
1 1 1 1
1 1 1 ]
128 128 128 1024
X X 2 — X — X
128 128 128 1024
B [ ' rl '
Prompt

https://arxiv.org/pdf/2307.01952






ControlNet: Adding Conditional Control to Text-to-
Image Diffusion Models

| § 1
W

R p T WA Aot .
RS T A DA x

“masterpiece of fairy tale, giant deer, golden antlers™ ..., quaint city Galic”

Input Canny edge

Input human pose Default “chef in kitchen” “Lincoln statue”

https://arxiv.org/abs/2302.05543



DiT: Scalable Diffusion Models with Transformers

/
/
/
Noise % //
32x32x4 32x32x4 /
4 B /
Linear and Reshape ,/
[ /
Layer Norm /
| /
N x [ DiT Block ]
T T \
Patchify Embed '\
| \
| \
Noised Timestep ¢ \
Latent J \
32x32x4 Label y \

Latent Diffusion Transformer

———
az
Scale -~
1
Pointwise
Feedforward
1
Scale, Shift Jzbe |
1
Layer Norm
ay
Scale ]
[
Muiti-Head
Self-Attention
|
Scale, Shift M
1
Layer Norm MLP
—] |
\ Input Tokens Conditioning j

DiT Block with adalLN-Zero

https://arxiv.org/pdf/2212.09748




CLIPisgood but. ..

It cannot tell these apart!

(a) some plants (b) a lightbulb surrounding some plants

surrounding a
lightbulb

Thrush et al. “Winoground: Probing vision and language models for visio-linguistic compositionality”. CVPR 2022. https://arxiv.org/pdf/2204.03162.pdf



https://arxiv.org/pdf/2204.03162.pdf

CLIPisgood but. ..

It cannot handle spatial relation ships well
« It cannot handle negations well

« It cannot handle counts well

* Thelength limitis 77 tokens

» Sometimes ignores some details



CLIP is not a very good text encoder!

* \What we want:

 Can capture semantics well )4

Can encode long sentences 3¢

 (Can attend to details )(

- Can differentiate between different spatial relationships described in text 3¢



Attempt : Add another text encoder on top of
CLIP for better language understanding

["translate English to German: That is good."

"“cola sentence: The
course is jumping well."

"Das ist gut."]

"not acceptable”]

“six people hospitalized after
a storm in attala county."

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi..”

[ Caption )

—

( cupGn4 ) cCLP-L/14 | T5XXL )
] f

Raffel et al. “Exploring the Limits of Transfer Learning witha Unified Text-to-Text Transformer”. JMLR 2020. https://arxiv.org/pdf/1910.10683

Esser et al. “Scaling Rectified Flow Transformers for High-Resolution Image Synthesis”. https://arxiv.org/pdf/2403.03206



https://arxiv.org/pdf/1910.10683
https://arxiv.org/pdf/2403.03206

Attempt : Why not just use an LLM/VLM/MLLM

and videos here. Picture 1 is an image from a blog

IR R TR 000 IR TRIR IR seeeveccceee NIRRT HANEEEEN

Qwen3 LM Dense/MoE Decoder

IlEEEEE - EE{]-[]H---HBHE-ENE--HEHEEN DD

I d videos h - je————————>| |
mages and videos here. | 11427 tokens I‘msﬂ TI25.1GI00NE " "SS5ty ol Sch oo, ek husanls 2 g Yy - - o ,o‘h
: ! visian fll
_ I:l :_‘u;::o':::-m e Picture 1 Picture 2 Picture 3 Video 1 | C IR Y |
: |
= e
Vision Encoder W7 5 g
_ opoooo
A | Owenik Think Decper, Aut Faster ] Native Resolution 'npu' ¢ HGMD%.’D;;] ) :
: |
I LLM Block 1 J |
. B '_ pT——
= S — DeepStack
Qwenx3 _— NN/
o Rrrare B = .
00000 Picture 2 '
e = — e
— C e =g P |
m s o re Width: 1440 5
- B 7 . - Picture 3
Height] 0 r— -_— %
L RIS e i Q 3.VL a7
1 ~ Y, weno- Video 1
= Width: 1248 i =
Picture 1

Qwen Team. “Qwen3-VL Technical Report”. hitps:/arxiv.org/pdf/2511.21631


https://arxiv.org/pdf/2511.21631

How to Input text Into an Image generative model?

1. Somehow encode text into some feature vectors

2. Somehow squish the encoded text features into the diffusion model ?



Attempt 1: Cross Attention

/

E5k:

G D]

gixel Spac9

~

Latent Space

[

ot

4

Diffusion Process

]

)

Denoising U-Net €p

6onditionina

emanti

I Ma; ’
Text

Repres
entation

KV

denoising step crossattention

Rombach et al. “High-Resolution Image Synthesis with Latent Diffusion Models”. CVPR 2022. https://arxiv.org/pdf/2112.10752

€A

switch  skip connection concat



https://arxiv.org/pdf/2112.10752

Attempt 2: Double Stream Multimodal-DiT

Caption
CLP-GE ) CLPLnd [ TSXXL )
| J /
i ‘* e 77 + TJZ.tokcns ; / Noised Latent
rAN= === i R
I ] 1096 L Patching
é " channel | Linear
/ ) - ) | ————
/ ; S : Positional | /"
¢ MII:P ' Linoas ) [ Embedding ]’\ i)
77 N \
f ] { ) ¢+ ‘r
\_+ s \Z O .\z)
( MLP ) S
{ MM-DiT-Block 1 )
[ Smusoxdal Em.odmg ) ) | |
{ MM-DiT-Block 2 )
Timestep
—( MM-DiT-Block d )
{ Modulation )
( Linear )
( Unpatching

l Output )

(a) Overview of all components.

O

&

!

®©

Esser et al. “Scaling Rectified Flow Transformers for High-Resolution Image Synthesis”. https:/arxiv.ora/pdf/2403.03206
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) Mod: 6@ e | ( Mod: 4, -e+e, [~
( MLP ) MLP )
—1. ,_,I l\:/r
—-( ) ('A\
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(b) One MM-DiT block



https://arxiv.org/pdf/2403.03206

Attempt 2: Double stream ->merged stream MM-DIT

Flux.1 Kontext
N/2 Double Stream Blocks | N Fused DIT Block

Replace the word "KONTEXT" TEXT

with "BEER" — ENCODERS ’ Text Stream

Visual Stream

Noised Latent (IVAE
o= z — ... (image
—L Positional Embeddings: Combined Stream Decoder)
VAE [T=0, h, w]
(Image
Encoder)
Encoded Input Image

Positional Embeddings:
[T=1,h,w]

Black Forest Labs. “FLUX.1 Kontext: Flow Matching for In-Context Image Generation and Editing in Latent Space”. https://arxiv.org/pdf/2506.15742



https://arxiv.org/pdf/2506.15742

Attempt 3: Single stream MM-DIT

© Concatenation O Addition [ Zero-init Gae  |=o—-
I
I , RMS N
ﬁ ..................................................................... | ; \x‘\ [ T —— J
 # Single-Stream FFN Block ; [ FecdFowod |
: ! T
.................................. 1=t ey o =0, Yormevers # § vt $ TRl \V e Ve o4 T
$555273 t """""""""" T -------------------- -T ---------------- 1 ------------ : [ RMSNom |
. # Single-Stream Attention Block ' e
‘m.. o MM - o .. ; o WM. s K # Single-Stream FFN Block
N e e e e jomeae ¢ e Y / % \
1
i [ RMSNorm |
oo T
[ Multi-head Self-Attention ]
sy |
kitten | i
askciped ooty t=10, 1] ( s ] § E )
heartwarming
cone, | #ZImage | | L o 32 Key ) e )
(e ——— g [ Scale J“O" o
Repose the cat on 1
the striped sofa: [ RMS Norm ]
muake it lic down t=[0,1]
with its bead
w\LAA/J""‘““ : # Z-Image-Edit v Single-Stream Attention Blocy

Z-Image Team, Alibaba Group. “Z-Image: An Efficient Image Generation Foundation Model with Single-Stream Diffusion Transformer”. https://arxiv.org/pdf/2511.22699



https://arxiv.org/pdf/2511.22699

Attempt 3.5 “Native multimodal model”

........

cute || cat . ||I<BOI> |l . E:' Lj" What|| color|| is its || nose|| 2
I S S A S A I S
Transformer
rrt 1Tttt
A cute cat . <BOI> ' - E ﬁ <EOI> What color is its nose

Figure 1: A high-level illustration of Transfusion. A single transformer perceives, processes, and
produces data of every modality. Discrete (text) tokens are processed autoregressively and trained on
the next token prediction objective. Continuous (image) vectors are processed together in parallel
and trained on the diffusion objective. Marker BOI and EOI tokens separate the modalities.

Zhou et al. “Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model”. https:/arxiv.org/pdf/2408.11039



https://arxiv.org/pdf/2408.11039

Attempt 3.5: “Native multimodal model”

Image Understanding Language Modeling Image Generation
Response Response
Gen. Decoder
Text De-Tokenizer Text De-Tokenizer
Velocity
- —_— (diffusion prediction)
(next-token prediction) (next-token prediction)

Decoder-Only Transformer (Hunyuan-A13B)

Gen. Encoder Und. Encoder Text Tokenizer Text Tokenizer Text Tokenizer Gen. Encoder

Und. Prompt Prompt Gen. Prompt

Tencent Hunyuan Foundation Model Team. “HunyuanImage 3.0 Technical Report”. https://arxiv.org/pdf/2408.11039



https://arxiv.org/pdf/2408.11039

Guess on how Nano Banana & GPT-40 Image work

Next token prediction Flow matching
l A
l \ 1
Reasoning
* T
| |
<think> The user asked to generate a cute cat ... <\think> D { } { J[ J D
{ Transformer
Prompt: “Generate acute cat ...” Noisy

latent



Guess on how Nano Banana & GPT-4o0 Image work
1

{ MM-DiT |
' Y
Condition -
Reasoni - ‘
l easo”'lng Noisy latent
<think> The user asked to generate a cute cat ... <\think> D D D
{ Multimodal LLM }

T

Prompt: “Generate a cute cat ... "



/ The design space of text-to-image generation \
/ Training \ / Model \ / Text Encoding \

e Training paradigm « Latent Space « Text Encoder
 DDPM *  VQ-VAE/VQGAN « CLIP
* Flow matching * Advanced VAE e CLIP+T5
e Model architecture * LLM/VLM/MLLM
e  U-Net « Text Conditioning
 DIT * CrossAttention

S I\ PARN A




The design space of text-to-image generation

G

Training paradigm

Flow matching

Training

N

/

=

.

Model
Latent Space

. @VAE/VQGAN
Advanced VAE

Model architecture

DIT

-

N

/

~

/ Text Encoding \

 Text Encoder
e CLIP+T5
LLM/VLM/MLLM

 Text Conditioning

. (ossAttentioD

Native MM

This 1s Stable Diffusion 1 & 2!



~

The design space of text-to-image generation

/ Training

Training paradigm
DDPM

N

. @v matchinD

/

=

/ Model

Latent Space

. VOQ-VAE/VQGAN
. @anced VAD

Model architecture
U-Net

- /

N\

/ Text Encoding

Text Encoder

e CLIP

e LLM/VLM/MLLM
Text Conditioning

Cross Attention

N

Natlve MM J

This 1s Stable Diffusion 3 & Flux 1!



Training

 Training paradigm
« DDPM

~

* (Flow matching

/

=

The design space of text-to-image generation

e

Model

« Latent Space

\_

«  VQ-VAE/VQGAN

~\

e { Advanced VAE

 Model architecture

e U-Net

/

/ Text Encoding \

 Text Encoder
e CLIP
e CLIP+T5

- VLMD

 Cross Attention

\ * Native MM

« Text Conditioning

This is Flux 2, Z-Image, Qwen-Image, etc!



The design space of text-to-image generation

’

Training

 Training paradigm

« DDPM

~

* (Flow matching

/

-

e

Model

« Latent Space

\

«  VQ-VAE/VQGAN

~\

e { Advanced VAE

 Model architecture

e U-Net

/

/ Text Encoding \
« Text Encoder

* CLIP
* CLIP+T5

- VLMD

« Text Conditioning

e Cross Attention

\ MM-I"T /

This Is Transfusion, Hunyuan 3.0, etc!



Training

 Training paradigm
« DDPM

~

* (Flow matching

/

=

The design space of text-to-image generation

e

Model

« Latent Space

\_

«  VQ-VAE/VQGAN

~\

e { Advanced VAE

 Model architecture

e U-Net

/

/ Text Encoding \

 Text Encoder
e CLIP
e CLIP+T5

- VLMD

e Cross Attention

« Text Conditioning
G

(Probably also Nano Banana & GPT-40 Image)



Personalization

&
Editing



Subject-Driven Controllable Generatioin

Zero-Shot Subject-driven Generation Few-Step Finetuned Subject-driven Generation

backpack
i swg ti . —_—
in a bucket o eating ramen with golden surface at the grand canyon
Controlled Subject-driven Generation Subject-driven Editing via Cross-attention Control
AT IRTA!
l'dtqg.

Input Image m B A
(RIRIRIRYA Tm

source image

depth map on cupboard cross-attention map ed;ﬂ:'f, :"tpllti fli bird in the
pace, oil painting

BLIP-Diffusion: Pre-trained Subject Representation
for Controllable Text-to-Image Generation and Editinag



DreamBooth: Fine Tuning Text-to-Image Diffusion Models
for Subject-Driven Generation

Subject-Driven

_— i

Input images i the Acropolis i a doghouse  an a bucket settang a hotrcut

https://arxiv.org/pdf/2208.12242



DreamBooth: Fine Tuning Text-to-Image Diffusion Models
for Subject-Driven Generation

Input images

Reconstruction Loss

w/o prior-preservation loss

Input images (~3-5) Weights

"A dog’ 4 "A dog”

Class-Specific Prior Preservation Loss https://arxiv. org/pdf/2208_ 12242




Imagic: Text-Based Real Image Editing with Diffusion Models

Input Image Edited Image Input Image Edited Image Input Image Edited Image
: - s

“p person giving “A goat jumping
the thumbs up” over a cat”

Target Text:

‘ 4 s IR -_“QNL.“J." ) WA /
Target Text “A sitting dog” “Two klssmg 4 children’s drawing
Darrobs” of a waterfall”



Imagic: Text-Based Real Image Editing with Diffusion Models

(A) Text Embedding Optimization (B) Model Fine-Tuning
_ _ _ _Reconstructiontoss .  __ F Reconstructionloss =
% Pre-Trained 2 ; Pre-Trained
2 > Diffusion Model 7 Copt—> Diffusion Model
u (C) Interpolation & Generation

Target Emb €igt Optimized Emb €opt

€opt
: E_ =R m Q .
Bi—- 0oL il L >|  FineTuned
e o (] interpolate 3| Diffusion Process

"A bird spreading wings." /—\

etgt eopf




Not that 1dea11y




ComFusion: Personalized Subject Generation in Multiple
Specific Scenes From Single Image

Instance Fidelity X L&j lf‘ ‘kj ‘&
Scene Fidelity ‘ , € ‘ l | € ‘ l

‘ lnput Image 2
Input Text: A dog in the rain (a). Low Personality

Instance Fidelity
Scene Fidelity

Instance Fidelity
Scene Fidelity X

(b) Low Dlversny (c). Ours

https://arxiv.org/abs/2402.11849



ComFusion: Personalized Subject Generation in Multiple
Scenes From Single Image

Instance Image  DreamBooth TI CD XTI ELITE Break-A-Scene

Specific

A vase in
the basket

A vase in
the sky

A dog on

the stage

A dog in

the river

https://arxiv.org/abs/2402.11849



DomainGallery: Few-shot Domain-driven Image
Generation by Attribute-centric Finetuning

5
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DomainGallery: Few-shot Domain-driven Image
Generation by Attribute-centric Finetuning

subject dataset CUFS sketches Van Gogh houses watercolor dogs

¥ %

a[V/][W]dOg a[VJ[W]dOg

l LIHKY Ty

“a [W] vase” “a [V,] [W] vase” “a [VZI.[W] lvse “a [V] [W] vase”

—




SDEdit: Guided Image Synthesis with Diffusion

https://www.reddit.com/r/StableDiffusion/comments/wyg04v/using_img2img_to_upgrade_my_sons_artwork/ Concurrent

work with SDEdit: ILVR [Choi et al., 2021]
See more recent works: prompt-to-prompt, Imagic, pix2pix-zero, Edict, Plug & Play,

Instruct-pix2pix, ControlNet, etc. [Meng etal.. ICLR 2022]


http://www.reddit.com/r/StableDiffusion/comments/wyq04v/using_img2img_to_upgrade_my_sons_artwork/

SDEdit: Guided Image Synthesis with Diffusion

Input User Drawing

Used in Stable Diffusion Image-to-Image (“img2img’) [Meng etal.,, ICLR 2022]



SDEdit: Guided Image Synthesis with Diffusion

Text prompt: “Afantasy landscape, trending on artstation”

Used in Stable Diffusion Image-to-Image (“img2img’) [Meng etal.,, ICLR 2022]



SDEdit: Guided Image Synthesis with Diffusion

Perturb with SDE Reverse SDE

p— \
. L'\a,—yj . %ke
« o K

Image

<Y

[Meng etal.,, ICLR 2022]



SDEdit: Guided Image Synthesis with Diffusion

More faithful More realistic

Less realistic Less faithful

S o SDEdit =
Faithful A

( ) Realistic

[Meng etal.,, ICLR 2022]



SDEdit: Guided Image Synthesis with Diffusion

Original Image User Input SDEdit Output

F

[Meng etal.,, ICLR 2022]



Video-to-video translation
with SDEdit and Sora

original generated video rewrite the video in a pixel art style



Video-to-video translation
with SDEdit and Sora

original generated video change the video to a medieval theme



Creating paired images

Generating two images with similar prompts:

Photo of a cat riding a bicycle Photo of a cat riding a car

The images are quite different.

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control” Ad apted from A. Holyﬁski



Creating paired images
What we’d like Instead:

’ -

o -
Me.”

car

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control” Ad apted from A. Holyﬁski



What’s hanpenina inside the network?

A furry bear watches a bird w
e

furry . waltches

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control” Slide source: A. H()lyflski



Attention visualization

Empirical observation: cross-attention between text and
Image often conveys style, content, and structure.

Pixel features Pixel Queries Tokens Keys Y.g@&@[ Tokens Values Output
(from Prompt) (from Prompt)
—> | | —» X 1 ] —
8 |
¢ () Q K M; 4 ¢ (2)

> Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



Attention visualization

“a furry bear
watches a bird”

watches a bird”

>3 Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



Attention visualization

i N i

8 N

“a furry bear
watches a bird”

watches

> Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



Change text prompt, resample using same random seed.

“lemon cake.”

« B
" ) -
4y
et
M

“lego cake.” “beet cake.” “pepperoni cake 5

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



aps?
¥

What if we also frﬁeeze the attention m

3

“lemon cake.”

“beet cake.” “pepperoni cake.”
Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



Freeze the attention map for “apples”
or “basket” during generation.

“A basket full of apples.”

apples —> oranges apples —> chocolates  apples —> Kittens

Source image apples —> cookies basket —> bowl basket —> box basket —> nest

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



“A photo of a butterfly on a flower.”

flower —> computer  flower —> mirror

Source image flower —> bread butterfly —> bird butterfly —> snail butterfly — drone

This Is a neat trick. Can we train a model that captures these abilities?

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



Prompt-to-Prompt

“Photo of a cat riding on a bicycle.”

& T

cat —>

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



Bootstrapping to instruction-based imaage editing

“Replace the fruits with cake”

“Swap sunflowers with roses” “Add fireworks to the sky”

4
B AT
- Sahis
3

“Turn it into a still from a western” “Make his jacket out of leather”

7/

1) 2 A T TR
" , ‘




Generating training data for instruction-based editing

(a) Generate text edits:
Instruction: “have her ride a dragon”

Input Caption: “photograph of a girl riding a horse” -+ GPT-3 -
put Caption: photographof o g g Edited Caption: “photograph of a girl riding a dragon”

(b) Generate paired images:

Input Caption: ‘photograph of a girlriding a horse” Stable Diffusion
Edited Caption: “photograph of a gir riding a dragon” ~+ PrOmMpt2Prompt

(c) Generated training examples:

“convert to brick” “Color the cars pink” ‘Make it lit by fireworks”

‘have her ride a dragon”

e i

o
7

43 Source: [Brooks et al., “InstructPix2Pix”, 2023]



Memorized Style Stable

Diffusion

Greg RutkowsKi

A painting of a boat on the water in the style of
*image taken from https://rutkowski.artstation.com Greg Rutkowski



Memorized Style

*image taken from ChatGPT 40



Impossible Triangles

GAN:tr/:icrl‘\if:;sarial x || Xt m‘gz:;'m IE Gege(rza)tor x' /I; ngh "‘\‘
Generative - Quality |\ Denoising
Adversarial - \\ g .o1es //  Diffusion
/ thworks/:/ \ P ki “. Models
VAE: maximize x | .| Encoder z Decoder ’ B '

X
variational lower bound %(3'3‘) ; pol(x|z)

Inverse
Flow-.based models: x Flow - Z =1 — o
Invertible transform of f(x) _ [ (2z)
distributions
Diffusion models: % 5% 8
Gradually add Gaussian e S | ey | e PR PR . Variational Autoencoders,
noise and then reverse Normalizing Flows

Improving Diffusion Models as an Alternative To GAN, Part 1 | NVIDIA Technical Blog



https://developer.nvidia.com/blog/improving-diffusion-models-as-an-alternative-to-gans-part-1/

Dittusion Models’ Benefit

GAN

Distributional loss
+ Clearer images
- Mode collapse, limited diversity

Point-wise loss

Diffusion + Maintain diversity
Models - Blur images (+ Multi-step)
J EELLY | . | |
EEEE ﬂ . - Diffusion models- cian b-e trained on Iz-alrge datasets with
= 8 ; 5 billion image-text pairs !
o o) TR o, + High quality and diversity, w/ speedup (ODE, LDM,...)
0 EE TR R SE v e B rombeen g sl s 2022 An unified model!



https://arxiv.org/abs/2112.10752

Dittusion Models’ Benefit

SD: “A photo of Musk”  Caption: “A man in a black shirt”  SD: “A painting of Picasso” Caption: ~“a painting of a man
with a mustache”

+ Mode coverage

+ Generate 1mages for different concepts (instances, persons, styles...)



Are Diffusion Models All You Need?

https://www.midjourney.com/showcase

+ Amazing fidelity

- Cherry picking

Prompt: pouring water from a teapot into a
cup; Models: Stable Diffusion Series.



Are Diffusion Models All You Need?

+ High quality, w/ speedup (Flow-Matching, CM)

- Controlability



Are Diffusion Models All You Need?

+ Amazing fidelity

https://openai.com/sora
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Frequency

Are Diffusion Models All You Need?

Testing Subset
Training Suhsﬂ' Xos lv'."" el
| DMs | GANs [ Others

Long-Tailed Distribution
DMs

& .n ~ . .. GANs
= =—— = - Others
EITTIT L

79.3/93.5/84.5
91.4/97.2/94.6
99.6/99.9/99-9

99.7/99.9/99.9| 86.4/95.9/80.8
77.1/83.2/74.3 |98.1/99.0/99.6
76.4/77.2/70.1 | 82.5/96.0/91.2

It 1s quite easy to detect Diffusion Models’ generated

: - V. E ool K - - .
Mx=Bef FEE images. (But not that good to generalize to GANS)
— - re ‘73 .
[ _.;‘ "o‘ﬂ "'" | &3 ] '.3 5K s - u [arXiv:2402.11843] WildFake: A Large-scale Challenging Dataset for Al-Generated Images Detection
— el = N o ®
] ¥ = [arXiv:2405.19707] DeMamba: Al-Generated Video Detection on Million-Scale GenVideo Benchmark

- Rare / dynamic samples
- Specific samples

Long Tail

( I

Items



Are Diffusion Models All You Need?
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But Techs Evolve!

OpenAl «2 @OpenAl-3 H 26 H
4o BBER B, BESXFFIATE ChatGPT #] Sora F[EEfHA Plus, Pro.
Team ] Free BFP#EH .

Q 755 1 2,749 Q 25/ 1 4397 O &

*image taken from ChatGPT 40



Memorized Style

*image taken from ChatGPT 40



Memorized Instances

*Iimage taken from ChatGPT 40



Flow Matching
+ Autoregres H

Flow Matching f : high-quali;y mages
o AUtOreg reSSSive | V() autoreércssivcr
| ¥

Memorized Instances

high-quality images :
g drawbacks ‘;"‘ AG (35‘-57:1%"5'“"@5’

1:‘-,
v |, < _— - —
NN G A RN S
L/\ e U(X;) autoregressive d 3 { \
| . - v Fo-

= 9 e Determined
AGI drawbacks—>| AGI capabilities| SyStemS CumUIate

i l B " < errors, use God does
¢ == - 'y,\.» \ L

1 " e & \’ ," .
stochastic ones. not play dice
\ e

uj ol
L %
ol

B
()
o -

.;:.“;J
ngyh
B r

*Iimage taken from ChatGPT 40



But not Enough!
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But not Enough! T &
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Image created




Privacy



Machine Learning Pipeline

Training
Images



Challenges

* Data opt-out and compensation are standard
practices for content creation platforms.

[ D]
EAA




Challenges

* Data opt-out and compensation are standard
practices for content creation platforms.




Challenges

e Difficult for Generative models, as

Consumers see generated data rather than training data,
Training data are now entangled in the model weights.




Data Comes from People!

&

,
ki

Contributors Training images Model

So researchers & founders are excited, but...




Generative models use training data of
artists, photographers, and creators

*without Consent
without Compensation



Ongoing Legal Battles

ARTIFICIAL INTELLIGENCE / TECH / LAm

Getty Images sues Al art generator
Stable Diffusion in the US for copyright
infringement

/ Getty Images has filed a case
against Stability Al, alleging that
the company copied 12 million
images to train its Al model
‘without permission ... or
compensation.’

By JAMES VINCENT

An tilustration from Getty Isages  [omsutt. shosing ow originel photogroph ond o v '
eintiar 1soge [cosplefe wilh GoeCly [eapes wotermark ) genarated by Stoble
Diffuaton | tty 1

Getty Images has filed a lawsuit In the US against Stability Al creators
of open-source Al art generator Stable Diffusion, escalating its legal
battle against the firm.

ARTIFICIAL INTELLIGEmCE TECK / CREATORS

Al art tools Stable Diffusion and
Midjourney targeted with copyright
lawsuit

/ The suit claims generative Al art
tools violate copyright law by
scraping artists’ work from the
web without their consent.

By JAMES VINCENT

2 AMES [

» i

A collage of Al Qenorated imades Creoted ueing Stable Diffusien, I

A trio of artists have launched a lawsuit agalnst Stability Al and
Midjourney, creators of Al art generators Stable Diffusion and
Midjourney, and artist portfolio plstform DeviantArt. which recently
created its own Al art generator, DreamUp.

Source: The Verge
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Ongoing Legal Battles

" REUTERS’ World v Busisss v Masets v Legalv  Bronkingviews «  Techmslogy v Investigations  Sperts

Copyright Technology Intedlectual Property Litigation Data Privacy

Al-created images lose U.S. copyrights in
test for new technology

By Blake Brittain

REUTERS/Andrew Kelly

Feb 22 (Reuters) - Images In a graphic novel that were created using the artificiat
intelligence system Midjourney should not have been granted copyright protection,

the U.S. Copyright Office said In a letter seen by Reuters

I'm not so sure. As we've seen, a key assumption for a "non-expressive use” defense is that Stable Diffusion
only learns uncopyrightable facts—not creative expression—from its training images. That's mostly true. But
it's not entirely true. And the exceptions could greatly complicate Stability Al's legal defense.

Stable Diffusion’s copying problem

Here's one of the most awkward examples for Stability Al:

Training Set Generated Image

Caption: Living in the light Prompt:
with Ann Graham Lotz Ann Graham Lotz

Enlarge

https://arstechnica.co



Hollywood Strikes against Al

-. " B y 14 . Y { \';' T — -
'h" : I IR 12 188 \) " " PR . ST
=g 4 d | I8 By op AT R
418 A' e—e Iy‘: d l. “i : A\ - L W ‘ = X
SAG-AFTRA A s - P e St T P R

. |'| " ‘ 2- | : 1
In Hollywood writers’ battle against Al, humans win (for If artificial intelligence uses your work, it should pay you
now). By JAKE COYLE, AP News By Joseph Gordon-Levitt, The Washington Post

Source: AP news



Digital Artists are Pushing Back
& oo - roion

@ loisvb | already posted some
instagram stories about this
yesterday, but | got a lot of requests
to make a post out of it so that it can
be more easily shared. So here we

go!

| wholeheartedly support the
ongoing protest against Al art. Why?
Because my artwork is included in
the datasets used to train these
image generators without my
consent. | get zero compensation for
the use of my art, even though these
image generators cost money to
use, and are a commercial product,

Musicians are not being treated the
same way. Stability has a music
generator that only uses royalty free
music in their dataset. Their words:

L P RN Afiininnm madala ara meana
Qv W
387,806 like

DECEMBER 15, 2027

NOTO Al GENERATED IMAGES

Log in to like or comment

@loisvb’s Instagram Post

[https://hyperallergic.com/806026/digital-artists-are-pushing-back-against-ai]



https://hyperallergic.com/806026/digital-artists-are-pushing-back-against-ai

Digital Artists are Pushing Back

BECAUSE MY ARTWORK IS INCLUDED IN
THE DATASETS USED TO TRAIN THESE
IMAGE GENERATORS WITHOUT MY
CONSENT. | GECZERO COMPENSATIONFOR
THE USE OF MY ART. THESE
IMAGE GENERATORS COST MONEY TO USE.
AND ARE A COMMERCIAL PRODUCT

| AND ARE A COMMERCTALC PRODUCT. [ e

387,806 likes

@loisvb’s Instagram Post



https://hyperallergic.com/806026/digital-artists-are-pushing-back-against-ai

Copyright Issues

* Copyrighted images.
«Company IPs / logos.
* Artist styles of living artists.

Greg Rutkowski



Memorized Instances

Grumpy Cat Awarded $710,000 In
Copyright Infringement Suit

EU GDPR: Right to erasure (right to be forgotten)

Concept Ablation:  remove copyrighted training data!




How to Preserve Privacy?



Prevent Disasters from Source

Fr—sKE ARG SEEA
Q 7
Rig, FILEEAEERIES.

BIEEKE A ERA T AR EAIGIE, AiRsErT=RIn]
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Rigik, TAXEREIEe AYEAIEHENELE. BLIRAEREFTER AR NE G
et !




Solution I: Remove + Retraining

WHAT':, { & fV!JU'nE comve DOWN

"' GRumPY

- @,
‘L‘, "

http://grumpy-cat-meme.com/

THERE ARE MANY KINDS OF - = GET OUT 0’ 0““ cnsrlli'

GF BREADS IN THE WORLD :
t‘ "w"«(‘

1LOVE 100 WSI THEWAY YOU ARE \'ﬂﬁ J"h

..‘ L\ KRISTENTSTEWARTIIMERESSIONS| -
e i 1 AN . 1

Time-consuming and Computationally-expensive

https://haveibeentrained.com/?search_text=grumpy%:20cat



Solution Il: Maximize LosS

Y

Hisaey

Grumpy cat
Images

Photo of a grumpy cat 1

Training image

L2

c.f. Bourtoule et al., Machine Unlearning. 2019
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4 .

Photo of a grumpy cat Photo of a british shorthair cat
removed

Target concept Nearby concept



Distribution Matching

Overwrite with

“Photo of a grumpy cat”  —> G — || asuper-class

Concept Ablation [Kumari et al., ICCV 2023]



Distribution Matching

Concept Ablation [Kumari et al., ICCV 2023]



Distribution Matching

Concept Ablation [Kumari et al., ICCV 2023]



Distribution Matching

arg min D2 (pa(x(o...1)|€) [P (%(0...7)|€7))

o \ \
\ N
(p: pretrained model (p : fine-tuned model

Concept Ablation [Kumari et al., ICCV 2023]



Concept Ablation Objective Function

»X(0..1)lc?))

(p: pretrained model (D : fine-tuned model

a \ \
= E [Diclpo(xi—ilxs.c Hpq) X 1\Xh

le Cat Grumpy
Cat

| X; ~ po(xil c)
KL Divergence between two Normal distribution

Dicc(po(x(p. 1)lc)

Can be simplified to 12 distance between mean of two distribution

Concept Ablation [Kumari et al., ICCV 2023]



Concept Ablation Objective Function

pretrained model’s prediction fine-tuned model’s prediction
given cat caption given grumpy cat caption

\ \

L =By, ||®(x, ¢, t) — O(xp, ¢, 1))

Concept Ablation [Kumari et al., ICCV 2023]



Concept Ablation Objective Function

. Memory intensive in practice. So, we
pretrained model _ .
\ use stop-grad with the existing model.

L =By, ||®(x, ¢, t) — d(xs, ¢, 1))

Concept Ablation [Kumari et al., ICCV 2023]



Concept Ablation Objective Function

L = Ex,||®(x¢, ¢, t).58()—(xs, ¢*, 1]

N

Xt ~ pop(Xt|c)

Time consuming. Therefore, we generate images
once and use forward process to approximate this.

Concept Ablation [Kumari et al., ICCV 2023]



Concept Ablation Objective Function

L = Ex,| ‘Ci)<Xt7 C, t)-SgO_Ci)(Xt? c”, ]|

N/

Xt = \/Oy4X + \/1 — Q€

Concept Ablation [Kumari et al., ICCV 2023]



Final Method

Photo of a grumpy cat

Generated cat
iImages

Noise | ‘ ‘
Photo of a cat




Ablated

removed ' | Nearby preserved

e~ ¥ ) &

Photo of a grumpy cat Photo of a british shorthair cat
Target concept Nearby concept




Copyrighted characters



Ablating Van Gogh’s Style




Ablating Van Gogh’s Style




Ablating Greg Rutkowski’s Style




Ablating Greg Rutkowski’s Style




Ablating Memorized Images




Ablating Memorized Images




Ablating Composition “Kids with Guns”

Kids with Guns Kids Guns
f.. : uffg'f
Stable S5 e
Diffusion K/Q?-( ol T

&

Ablated
Stable
Diffusion




