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Mode Collapse

https://arxiv.org/pdf/1701.07875.pdf



Problems of D¢

If pand gdon’t overlap, Djs Is a constant (log2), 1.e., no gradient

ll

D s = 0.693 | ‘DJS = O.W693 Djg = 02693
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Improved WGAN (WGAN-GP)

VG, ) =max{Ex-py, [DO)] = Exp, [D@)]

b “RE,p, . MO TR CO 1)
(”VxD(x)” —1 )2

Largest gradient in
D (x)t this region (=1) D(x) ‘

“Simply penalizing overly large gradients
also works in theory, but experimentally
we found that this approach converged
faster and to better optima.”



[Junbo Zhao, et al., arXiv, 2016]

Energy-based GAN (EBGAN)

 Using an autoencoder as discriminator D
» Using the negative reconstruction error of
auto-encoder to determine the goodness
» Benefit: The auto-encoder can be pre-train
by real images without generator.

Discriminator

- -0.1

| EN =% DE -

Autoencoder 0 for the
best Images



Loss-sensitive GAN (LSGAN)




More GANS
+ BigGAN

* PGGAN

» StyleGAN Series

. VQGAN



Recap: GANS

Gaussian Target distribution




Recap: CycleGAN

Horses Zebras




BigGAN: LARGE SCALE GAN TRAINING FOR HIGH

FIDELITY NATURAL IMAGE SYNTHESIS
» Bag of tricks for GANS

GANSs benefit dramatically from
scaling, and train models with two to
four times as many parameters and
eight times the batch size compared to
prior art.

Batch | Ch. | Param (M) | Shared | Skip-z | Ortho. Itr x10° FID IS

256 64 81.5 SA-GAN Baseline 1000 18.65 52.52
S12 64 81.5 X X X 1000 15.30 58.77(%£1.18)
1024 64 81.5 X X X 1000 14.88 63.03(£1.42)
2048 64 81.5 X X X (2 12.39 76.85(£3.83)
2048 96 173.5 X X X 295(£18) | 9.54(£0.62) | 92.98(+4.27)
2048 96 160.6 v X X 185(£11) 9.18(£0.13) | 94.94(£1.32)
2048 96 158.3 v v X 152(£7) 8.73(40.45) | 98.76(+2.84)
2048 96 158.3 v v v 165(+13) | 8.51(40.32) | 99.31(%2.10)
2048 64 T3 v v v 37L(£7) 10.48(40.10) | 86.90(%0.61)

Rs(W) = BIW'W © (1 =D, https://arxiv.org/pdf/1809.11096



PGGAN: PROGRESSIVE GROWING OF GANS FOR

IMPROVED QUALITY, STABILITY, AND VARIATION
 Multi-scale framework.

Latent Latent Latent
v
ﬁ ﬁ
[ 8x8 ] ! L
L |
z [
: : L ]
: : 1024x1024 |
. B. - B
: ! Reals . !Reals . ;Reals
D i it 1024x1024 |
o i [ ]
o8 rr [ ]
{54 | 8x8 | C ]
Training progresses >

https://arxiv.org/pdf/1710.10196



PGGAN: PROGRESSIVE GROWING OF GANS FOR
IMPROVED QUALITY, STABILITY, AND VARIATION

 Multi-scale framework.

G
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https://arxiv.org/pdf/1710.10196



PGGAN: PROGRESSIVE GROWING OF GANS FOR

IMPROVED QUALITY, STABILITY, AND VARIATION
* CelebA-HQ

https://arxiv.org/pdf/1710.10196



STYLEGAN: A Style-Based Generator Architecture for

Generative Adversarial Networks
« SOTA GAN before tokenizers. .. ’/

| l
1| m
4] 2 < » ¢
1| 89 [ |AdaIN [ i
P’QO I\ '
e | L—c
/v A

Latent z € Z Latent z € Z Noise

Synthesis network ¢
Normalize | Normalize I [ Const 4x4x512 |

Mapping
network f

- ——————— -

lapoous
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v
()
(oY

t

[Fully-connected]

PixelNorm

|  Conv3x3 |

i

AdalN(z, ) = o(y) (" = "““’)) + )

PixelNorm
x4

"

|  Upsample |
I
| Conv3x3 |

[  Upsample |
| Conv3x3 |

PixelNorm

I |

| Conv3x3 |

PixelNorm T ey ;
(a) Distribution of (b) Mapping from (c) Mapping from

features in training set Z 1o features W to features

x8

-

(a) Traditional (b) Style-based generator

https://arxiv.org/pdf/1812.04948



STYLEGAN: A Style-Based GeneratorArchltecture for

Generative Adversarial Networks
» (Good editability.

https: //arX|v org/pdf/1812.04948



STYLEGANvVZ2

* Analyses and minor updates.

| Const 4x4x512 |

I Conv 3x3 I
@
A AdalN
Al 4x4 |
Y

I Upsample |
[ Conv3x3 I

(a) StyleGAN

Style block

Conv 3x3 ]

ws _)I
b

Upsample |

W3 %l

Conv 3x3 |

Conv 3x3 ]

(b) StyleGAN (detailed)

W, —>f

Wy —>

(c) Revised architecture

€

Conv 3x3

I Upsample

|

Conv 3x3

|

€

[Demod >  Conv 3x3 |

b ® B

W3

|
| Mod | | Upsample |

Configuration FFHQ, 10241024 LSUN Car, 512384
) ) - Ty FID | Path length | Precision T Recall 1 FID | Path length | Precision 1 Recall 1
A Buscline StyleGAN [ 4] 440 212.1 0.721 0399 327 1484.5 0.701 0.435
B + Weight demodulation 439 1754 0.702 0425 3.4 862.4 0.685 0488
€+ Lazy regulan zation 4.38 158.0 0.719 0427 283 981.6 0.688 0.493
D + Path length regularization 434 1225 0.715 0418 343 651.2 0.697 0.452
E + No growing. new G & D urch, 3.31 1245 0.705 0.449 i 4712 0.690 0454
F + Large networks (StyleGANZ) x 1450 0.689 0.492 % 4155 0678 0514

Config A with large networks 3.98 199.2 0.716 0.422 - - -

[Dcmodl-)[ Conv 3%3 |

by @ B
W, 1
| Mod |

IDcmod")l Conv 3x3 |

b4

(d) Weight demodulation

https://arxiv.org/pdf/1912.04958



STYLEGANvVZ2

* Analyses and minor updates.

—{ fRGB > 51217512 |
v

—fRGB > 256x256 |

(a) MSG-GAN

[Down]

Wi
— fRGB[> 512512 |
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(b) Input/output skips
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U 512x512
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®

fRGB
e ——
[Down] [1024x1024 |

[Down| [ 512x512 |

{Down| | 256x256 |

(¢) Residual nets

D original D input skips D residual
i FID PPL FID PPL FID PPL
G original 432 265 4.18 235 3.58 269
G output skips 433 169 37 127 3.31 125
G residual 435 203 396 229 3.79 243

D original D input skips D residual
N Cor FID PPL FID PPL FID PPL
G original 375 905 323 758 325 802
G output skips 3.77 544 3.86 316 3.19 471
G residual 393 981 340 667 2.66 645

https://arxiv.org/pdf/1912.04958




STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Aliasing.

i

e A W eSS
————
—




STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Aliasing.




STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Aliasing.

VQ-VAE Encoder and Decoder Training

Level 4
Blurand  &1/16 resolution
subsample .

Level 3
Blur and 1/8 resolution

i
subsample . Level 2
1/4 resolution

Blur and | |
subsample P~
3 1/2Leve|| 1t
Biiopend X resolution
subsample

Level O
Original
image



STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Aliasing.

@

@

®
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https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Aliasing.

<
e Nl :‘
B — |
&7 @ ® ©

® © & ¢

Z

No faithful
discretization

Z/

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Aliasing.

sk 0 (2
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Discretized
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https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Aliasing.

Central

Averaged

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks
 Aliasing.

StyleGAN2 Ours

<— latent interpolation — <— latent interpolation —

; 3‘
: - -
a ‘ - ng@

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

Aliasing.

Impulse response

ok e b~ o e
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(a) Filter design concepts
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(b) Our alias-free StyleGAN3 generator architecture
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https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

* “Coordinate system”

Generated image

Input z;

Internal representations ——

Latent interpolation ——

StyleGAN2

L -
-
’
» L
L3

StylecGAN3-R  StyleGAN3-T

g
.

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

* “Coordinate system”

Input z, | Internal representations —— Generated image

StyleGAN2

StyleGAN3-R  StyleGAN3-T

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

» Excellent interpolation.

StyleGAN2

Random latent walk using directions from StyleCLIP, GANSpace,

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Excellent interpolation.

| \:‘ -

N o ™
StyleGANZS StyleGAN3 (Ours

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Excellent interpolation.

https://arxiv.org/pdf/2106.12423



STYLEGANvV3: Alias-Free Generative Adversarial Networks

 Excellent interpolation.

StyleGAN2

https://arxiv.org/pdf/2106.12423



StyleGAN-XL.: Scaling StyleGAN to Large Diverse Datasets

 Tralning improvements.

—> CLF
¢ € C— e Fourier| ) Conv\,| £,,.1, > L§7it || ToRGB ==
Y | feat. , - [ exsL.ELEL D 2.
= N(O, 1)_> G'm 5,16 %16 @) @)
<224
¥ Fourier| J|Conv | | Lo-Le bl Lo-L1a bl Lemit 1sIToRGB >1Up -{ c—>{EMB
-» feat. ["|1 x 1[7] Lo-Ls | Lo-Lisp{Lis1s=ToR
Colors Gs,32x32 > ViT > g -5 % > Dy-Dr
[] Fixed : ;
[] Learned ' ' G D
Configuration FID| 1IST7
A StyleGAN3 53.57  15.30
B + Projected GAN & small z 2298 57.62
C + Pretrained embeddings 2091 35.79
D + Progressive growing 19.51 35.74
E +VIT&CNNasF; 1243 56.72
F + CLF guidance (StyleGAN-XL) 12.24 86.21

https://arxiv.org/pdf/2202.00273




StyleGAN-XL.: Scaling StyleGAN to Large Diverse Datasets

° Trai 1 | ng | m provements https://sites.google.com/view/stylegan-xI/
= A . - . F & P ‘

https://arxiv.org/pdf/2202.00273


https://sites.google.com/view/stylegan-xl/

From VQ-VAE teMQ-GAN

€01 ...
ConvNet . VO VO
encoder €  encoder / decoder q
hxwxe )
hxwxk

VQ-VAE: L2-
only
—
ConvNet &
decoder
—

Y hx w X c

VQ-GAN: L2 + Adv




real/fake
= == » *“[Codebook Z\ f Transformer II' \ fle|f]r
| o | MR fle]e]f
1 P(s)znip(3i|3<i) el f] el
N-2 : s
N-1
P4
‘\
S CNN
No N Discriminator
~
~

CNN

argmin, cz “‘2 - zi” —s ' Decoder

>

quantization

Esser, et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR 2021



From VQ-VAE to VQ-GAN

VQ-VAE VQ-GAN

~
DALL-E VAE (f8, 8192) VOQGAN (f16, 16384) VOGAN (f16, 1024)

-

QGAN (f16, 16384) R VQGAN (f16, 1024) R
o ’ “ Ed
? 5
Ly ' “ - ‘ ‘!.
S y Y
- MA - I -

-

Esser, et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR 2021



From VQ-VAE to VQ-GAN

Esser, et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR 2021



Discussion
* To be precise: VQ-GAN = VQ-VAE + Adv Loss + Perceptual Loss

 w/oVQ, it’s VAE + Adv Loss + Perceptual Loss

* Both are the de facto tokenizers in image generation

* w/ VQ: e.g., Autoregressive Models
« w/o VQ: e.g., Diffusion Models

« Commercial models (e.g., Stable Diffusion, Sora) use these tokenizers



Discussion
* To be precise: VQ-GAN = VQ-VAE + Adv Loss + Perceptual Loss

« w/oVQ,it’ s VA VAE + Adv Loss + Perceptual Loss
 Both are the de facto tokenizers in image generation
- W/ VQ: e.g., Autoregressive Mode s
 w/o VQ: e.g., Diffusion I\/Iodéis

« Commercial models (e.g table Diffusion, Sora) use these tokenizers

It involves everything!



Text Tokenizers
Veet
Vision Generative Centent



With enough data, deep learning can
solve pretty much anything

Deep Learning

3.

o




Few-shot Learning

This 1s a “dax”’.

F:)
daxes?

a3 | G

c8is|[g

OLGL & O

d_D Which of the below symbols are also
eY

[Lake, Salakhutdinov, Tenenbaum, 2015]



Few-shot Learning

Which of these Is an example of the same
concept as the item in the box?

[Lake, Salakhutdinov, Tenenbaum, 2015]



The point of deep learning Is to enable learning with little data

)epresentations
(encoders)

Deep learning

Models
(decoders)




Fou ndati onm Ode I S [Bommasani et al. 2021]  https:/arxiv.org/pdf/2108.07258.pdf

“If I have seen further it
IS by standing on the

shoulders of Giants”
— Newton

[Blind Orion Searching for the Rising Sun by Nicolas Poussin, 1658]




1. Learn foundation model
encoders and decoders
for each domain

2. Plug them together to

translate between modalities
(may require finetuning)

Image = .‘ —p caption



|_earn foundation models Use/adapt foundations to

solve new problems

ADp

4 IAdaptor
Learner _ t t
Little or no data

t

Tons of data



C L I P [Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdf

\
repper the |1 Text

1. Multi-Modal h i by
Training: Matching == T T | T
Text-lmage_ Neuirpeaee
representations
with Contrastive I
Learning Jmage L1 5>l I || LT LT, [T

> Iy LIN-Tl INT, | InT3

[https://openai.com/blog/clip/]



https://openai.com/blog/clip/

C L I P [Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdf

2. Adaptor: Linear
classifer on top of
Image encodings

Average Score (%)

S
(9]

HaN
o

35

30

[https://openai.com/blog/Li

(o)}
o
1

9
(9
1

w
o
1

1Zero-Shot

*CLIP

BiT-M (ImageNet-21K

Linear Probe CLIP

SIMCLRV.Z

ResNet50

0 1 2

4 8

16

# of labeled training examples per class


https://openai.com/blog/clip/

C L I P [Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdf

(2) Create dataset classifier from label text

A photo of
a {object}

2. Adaptor: Just
ask

(3) Use for zero-shot prediction

=

[https://evjang.com/2021/10/23/generalization.html]

[https://openai.com/blog/clip/]

\

Text

Encoder

,//////////

>

Y Y Y Y
T, T, T3 TN
I]'T| II.TZ Il’T3 II'TN

A photo of
a dog.



https://openai.com/blog/clip/
https://evjang.com/2021/10/23/generalization.html

New capabilities by just asking

€1
5 s Text
A sketch of a banana — Encodar
€9
5 . Text
A photo of a banana — Encoder
i
/l{ Image €3
— Encoder €1 - €3 €2 €3




New capabilities by plugging pretrained models together: CLIP+GAN

INPUT:
Text °1
‘A Monet painting of the Dome” — Encoder
To maximize
thIS ¢“’
v
€1 "éQ
OUTPUT: R
Optimize this
“’ e
A Image 2
Z —> Encoder




New capabilities by plugging pretrained models together: CLIP+GAN

INPUT:
' - - : e
"What is the answer to the ultimate question of life, Text 1
the universe, and everything?” Encoder
To maxjmize
this .’
v
€1 “'ég
OUTPUT: N
Optimize this
" .
A — Image 2
z Encoder

Code: https://colab.research.google.com/drive/1_4PQqzM_0KKytCzWitn-ZPi4cCa5bwK2F?usp=



Learn foundation models

BERT SIMCLR CLIP
AlexNet SImCLR DALL-E
BigGAN StyleGAN VQGAN

t

Learner

t

Tons of data

Use/adapt foundations to
solve new problems

Text-to-image

VQGAN CLIP

t

IAdaptor

t ¢

Little or no data



DA I_ L' E [Ramesh et al. 2021] https://arxiv.org/pdf/2102.12092.pdf https://openai.com/blog/dall-e/

INPUT:
. Ctext
“A wide-eyed cat on the lookout Text
—
for food” Enodef

Image
Encoder




Text-to-1mage translation

INPUT:

“An illustration of a baby
daikon radish in a tutu walking —>
a dog”

Text
Encoder

Ctext

|

OUTPUT:

H |

"




New capabilities by just asking




New capabilities by just

TExT PROMPT  the exact same cat on the top as a sketch on the bottom

AI-GENERATED
IMAGES

AI-GENERATED
IMAGES




rext prompT @ photo of a phone from the ...

two thousands

future

distant future




Text prROMPT @ photo of a computer from the

Seeevassusayauns
R st |

SO,

two thousands




DA L L B E [Ramesh et al. 2021] https://arxiv.org/pdf/2102.12092.pdf https://openai.com/blog/dall-e/

Text proMPT  anillustration of a small green mouse sitting below a large blue elephant

AI-GENERATED
IMAGES

Text proMPT  anillustration of a small green mouse sitting below a large red elephant

AI-GENERATED

IMAGES
|
v : {.. ‘:>
= 4 . // g - _,‘v : j_.fl
{‘r A ‘IAi'_ =- ‘3’6 v , =3

O

~,




DALL-E 2

a painting of water lilies in a new art style no human has ever seen before S

Reportissue




StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery

“Emma Stone™ “Mohawk hairstyle™ " e at” “Lion™ “Gothic church™

https://arxiv.org/pdf/2103.17249



StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery

Lepp("surprised”,)

MC |
| M™ _.'_'% Y StyleGAN

— — o
f -
weW+ " A w 1
L, | Lip
pre- train infer. | input image | latent
proc. time time dependent | space
optimizer - - 08 sec yes W+
mapper - 10— 12h | 75 ms yes W+
global dir. | 4h - 72 ms no S

https://arxiv.org/pdf/2103.17249



StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery

“Beyonce” “A woman “Elsa from
(0.004, 0) without makeup”  Frozen”
(0.008, 0.005) (0.004, 0)

| - A | 4

“A man witha “A blonde man” “Donald Trump”
beard” (0.008, 0.005) (0.0025, 0)

(0.008, 0.005)

https://arxiv.org/pdf/2103.17249



StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery

Sports From Sixties Classic

Big Eyes

Golden Fur
’ J -\‘ ‘ y >

-~ L Bl

Bulldog
Fp

https://arxiv.org/pdf/2103.17249



StyleGAN-T: Unlocking the Power of GANs for
Fast Large-Scale Text-to-Image Synthesis

Residual block Generator block

l Upsample
ModConv B v -
t ModConv
v
GroupNorm Residual
l A4
Residual
ModConv esflua
Residual
Layer ¥
e Residual
ToRGB —>

Modulated convolution (ModConv)

w

Affine Wei‘%h'ti-- Conv3x3
v v
Split > Demod
Bias & noise
v
S Leaky RelLU
- =/
Y

(b) Generator details

Generator Z Text prompt DINO encoder
“Castle, fauvism” J &
Fully-connected ¥ é >Rtmentccop
v CLIP _ 1
Fully-connected text encoder Discriminator
¥ C Tokenize
Concat “ Lt N—~— Db, ——
K_J W N Transformerx3
N> D, —m
guidance
> 8x8block B mm—
v ks Transformerx3
N> 16x16 block S b, —
hal 32"3; block Cimage b Transformerx3
% cLp SN ———
N> 64x64 block image encoder N
N 128x1;8 block T Discriminator head
7 Upsample < ok
N> 256x256 block 0 Convl «2=eduence oftorens
¥ ¥
\> 512x512 block Random BatchNorm Conv 9
64 x64 crop 3 )
j Leaky ReLU BatchNorm
. ¥
Leaky RelLU
Cext
Trainable ﬁ
g Pretrained Affine Conv1
v \ : Fixed-function N (- )¢ J
Generated image N Per-token hinge loss
' Hr_/ '

(a) Generator architecture

(d) Text encoding (c) Discriminator architecture

https://arxiv.org/pdf/2301.09515



StyleGAN-T: Unlocking the Power of GANs for
—ast Large-Scale Text-to-Image Synthesis

"A corgi’s head depicted as an explosion of a nebula.’

Tt ¥

e o p o - 1 ; - ; t"_‘-’v N o LS W
- - - —— - — - T - .
‘Surrealist dream-like oil painting by Salvador Dali of a cat playing checkers’ Fall landscape with a small cottage next to a lake.

https://arxiv.org/pdf/2301.09515



StyleGAN-T: Unlocking the Power of GANs for
Fast Large-Scale Text-to-Image Synthesis

Eante §

A 4k DSLR photo of a cute lion cub floating in a bowl of honey. The Tower of Babel by J.M.W. Turner
https://arxiv.org/pdf/2301.09515




StyleGAN-T: Unlocking the Power of GANs for
Fast Large-Scale Text-to-Image Synthesis

134 3473
OA110A]

“a red cube on “astronaut, child’s “a sign that says
a blue cube™ drawing” deep learning”

Figure 9. Failure cases. StyleGAN-T can struggle to bind at-
tributes to objects, and to produce coherent text.

Zero-shot FID3gx || CLIP score 1

StyleGAN-XL 51.88 5.58
New generator 45.10 6.02
New discriminator 20: 77 9.78
LcLip 20.52 11.72

https://arxiv.org/pdf/2301.09515



GigaGAN: Scaling up GANSs for Text-to-Image Synthesis

P taking only 0.13 seconds to
synthesize a 512px image.
Second, it can synthesize
high-resolution images, for
example, 16-megapixel
Images In 3.66 seconds.

A goloee lusury motorcycle parked at he
Kiag's palace. 35ma /4.5,

R———
N

A partralt of a husan Qrowing colorful flowers froe her halr. Myperrealistic oil palsting. 8 Cute magic al flying saltipos at Light
Intricate detalils. ptcd fantasy concept art, bokeh, wide shy

https://arxiv.org/pdf/2303.05511



GigaGAN: Scaling up GANSs for Text-to-Image Synthesis

Multi-scale output
r 3

Text conditioning tp @
T T

p;

] convolutional
[] Self-attention

v

Sweep through multi-scale input

https://arxiv.org/pdf/2303.05511



GigaGAN: Scaling up GANSs for Text-to-Image Synthesis
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GigaGAN: Scaling up GANSs for Text-to-Image Synthesis
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Discussion
* To be precise: VQ-GAN = VQ-VAE + Adv Loss + Perceptual Loss

« w/oVQ,it’ s VA VAE + Adv Loss + Perceptual Loss
 Both are the de facto tokenizers in image generation
- W/ VQ: e.g., Autoregressive Mode s
 w/o VQ: e.g., Diffusion I\/Iodéis

« Commercial models (e.g table Diffusion, Sora) use these tokenizers

It involves everything!
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Overview
o Diffusion Models

* Energy-based Models and Score Matching



Deep unsupervised learning using nonequilibrium thermodynamics
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Diffusion
Models



Diffusion Models

e add noise to data

* Reverse process
* learn to denoise

* Training objective
 from Hierarchical VAE to L2 loss

* Noise Conditional Network
* represent distributions



... In a nutshell

noise

M 0 H =

Y™ R ™ N ™ R o™ A

Forward process: add noise



... In a nutshell

noise data

R E

Reverse process: denoise
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What IS noise?
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