Recap.



STYLEGAN: A Style-Based Generator Architecture for

Generative Adversarial Networks
« SOTA GAN before tokenizers. .. ’/
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https://arxiv.org/pdf/1812.04948



STYLEGANvV3: Alias-Free Generative Adversarial Networks

» Excellent interpolation.

StyleGAN2

Random latent walk using directions from StyleCLIP, GANSpace,

https://arxiv.org/pdf/2106.12423
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Esser, et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR 2021



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/]
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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:
' - - : 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=



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




StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery

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

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
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(b) Generator details
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(a) Generator architecture

(d) Text encoding (c) Discriminator architecture

https://arxiv.org/pdf/2301.09515



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

Pretrained Learned
text encoder text encoder
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https://arxiv.org/pdf/2303.05511







Overview
o Diffusion Models

* Energy-based Models and Score Matching



Deep unsupervised learning using nonequilibrium thermodynamics

Authors Jascha Sohl-Dickstein, Eric A Weiss, Niru Maheswaranathan, Surya Ganguli
Publication date 2015/3/12

Journal International Conference on Machine Learning

Total citations Cited by 5630
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largely ignored boom




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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\A/Alagigdganus(gll%en dise & sampling z ~ j\/' (z | zo, 0

o O O

pdata(x) pdata ) | O U
convolutlon
(of pdf)



V\/Alaﬁﬁdéa”us%'a en"c))ise = z~N(z | zg,0)

sampling

pdata(x) pdata(m) . N(.’E I 0, U)



V\/Alaﬁﬁdéa”us%'a en"c))ise = z~N(z | zg,0)

sampling

pdata(x) pdata(m) . N(.’E I 0, U)



y\/AIaQ'llﬁgiganus%li%en’gise = z~N(z | zo,0)

sampling

pdata(x) pdata(m) . N(.’E I 0, U)



V\/Alagikglganus%lla en?)ise & z~N(z | zg,0)

sampling

pdata(x) pdata(w) *N(ZE | 0, 0)



What IS noise?
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: = A /z‘
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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



Forward Process

@

A\/
Tt =+v1—Bxs 1 + \/__é___t_fia e ~ N(0,1)

coefficients:
variance preserving




Forward Process

@

o S g
T = /1 —5@%—1 + \/—ﬁf_@e, e ~ N(0,I)
t: “schedule”,

key to Diffusion Models’ success



Forward Process
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A\_/
Tt =_\/_1—5t33t—1 +, e ~N(0,I)

mean of X; std of x;




Forward Process

@

s W

q(a:t 33t—1)
= N (z; _\/1 = Btwt—la@

mean of X var of x;




Forward Process

@

L Ty

q(xt th—l)

= N(z¢ | V1 — Bezxs_1, 5@

Identity matrix
 sampling is I.1.d.
 dim =dim of data
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Forward Process

A ™ K ™ N
\ J
Y
 sampling without simulation q(zt | zo)
X from Xg in closed form = N(z¢ | Vaszo, (1 — a)I)
coefficients

givenby g @ =1-05



Forward Process: Noise Schedule

schedule of

1.0:4

0.8 -
schedule of «

\ 0.6 -
@

0.4

D29

noisiest

0.0 A

. / I | | 1 I ( 1
gy 0.2 0.4 0.6 0.8 1.0
cleanest diffusion step (t/T)




Forward Process

@) )

N ™

C](It ’ 3315—1)

tl; dr:
* pre-defined conditional distributions

e Gaussian w/ controllable mean/std
* divide and conquer



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



Reverse Process

po(Ti—1 | T¢)

& —¢

CI(CL‘t | SL’t—l)



Reverse Process

parameterized

by a network reverse the
@(l't—l | z¢) time steps

@ — ¢

q(ft | th_:) * known

* but not our target




Reverse Process

o(Te—1 | ¢)
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#éﬂrﬁiz:li

Q(fEt—l |$t)

 our target
e but unknown



Why are the reverse conditionals unknown?

&

_—

a—— I

« known (Gaussian)




Why are the reverse conditionals unknown?

Ad(Xeq | X = 7)
= = e unknown
(depends on data
’ | | distribution)



Reverse Process




Reverse Process
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Reverse Process

Q(It—1 | Tt, 17())

« known
e (Gaussian
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Reverse Process
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Reverse Process
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Reverse Process
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Reverse Process
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Reverse Process
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(tl; dr:
Reve I'SE P F'OCESS  outcome of the dependency graph

* some linear combinations
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Reverse Process

wt 1|fl7t)
@~

(I(Ir 1 \ Tt , 1()

tl; dr: a known Gaussian

we want to learn it by p,

we can represent pyby a Gaussian
minimize KL divergence
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Eq(xapxo) [logP (xolx1 )] =KL (q(xr|xo)IIP (x1))

Eq(xt|xo)[KL(CI(xt—l|xts X0 )”P (xt—llxt ))]

How to _ /\\ Tunable
fixed

minimize KL »
divergence? -
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Recall that the KL Divergence between two Gaussian distributions is:
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Eq(xapxo) [logP (xolx1 )] =KL (q(xr|xo)IIP (x1))
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D of two Gaussians is like L2 loss:
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Dy of two Gaussians is like L2 loss:
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Reverse Process
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learn preset
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Dy of two Gaussians is like L2 loss:
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Reverse Process
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Dy of two Gaussians is like L2 loss:
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Reverse Process
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Dy of two Gaussians is like L2 loss:
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D of two Gaussians is like L2 loss:
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Reverse Process

(DKL of two Gaussians is like L2 loss:
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Eq(xalxo) [LogP (xolx1 )] =KL (g Cxrl|xo)IIP (xr))

T
_z E q(xlxo) [KL(q(xe=1[%e, 0 IIP (xe-1xe )]

= ? er A1 Prxo + A (1 — Tp_1)x;

1"'&{:




N 5t—1ﬁ+ Var (1 — a@e_q)x;

7 <
= / <> 1—a,




i 1= @
-> 7 < \/a_t 4t \/1_&t

o
To predict
Sample x;
Algorithm 2 Sampling
Xt = 4/ C_ltxO‘*'\/l — Citf
) XT N(O, I)
=_. . I= 2 Wt =205 100
xt_\/l_atg_ At Xo 3: z~N(0,I)ift > 1,elsez=0
11 l—o
xt . \/1 . a—tg 4 Xt—1 _L—E (Xt — \/—-1_=C_:'€0(Xt,t))]+ Otz
= X 5: end for
At 6: return x,




tl; dr

* some dependency graphs
« some linear combinations
* Dke

L2 loss of noise



Recap.



... 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



What IS noise?
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: = A /z‘
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Forward Process

A ™ K ™ N
\ J
Y
 sampling without simulation q(zt | zo)
X from Xg in closed form = N(z¢ | Vaszo, (1 — a)I)
coefficients

givenby g @ =1-05



Reverse Process
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 our target
e but unknown
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(tl; dr:
Reve I'SE P F'OCESS  outcome of the dependency graph

* some linear combinations
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ﬁt(fl?t,-’to = ~Zg + VI - )Wt @: Bt

l—at 1—C¥t 1—&15
mean var
1 ( i o \ a
Tt —

B \/I—Oét

/&




i 1= @
-> 7 < \/a_t 4t \/1_&t

o
To predict
Sample x;
Algorithm 2 Sampling
Xt = 4/ C_ltxO‘*'\/l — Citf
) XT N(O, I)
=_. . I= 2 Wt =205 100
xt_\/l_atg_ At Xo 3: z~N(0,I)ift > 1,elsez=0
11 l—o
xt . \/1 . a—tg 4 Xt—1 _L—E (Xt — \/—-1_=C_:'€0(Xt,t))]+ Otz
= X 5: end for
At 6: return x,




DUfTHRIanModels

e add noise to data

* Reverse process
* learn to denoise

* Training objective
 from Hierarchical VAE to L2 loss

* Noise Conditional Network
* represent a distribution



Tralnlng Objectlve

00— —®

M ot ® B o ®™ B odt® Ny o™ N oo™

Lvis = Lr+Lr_1+...+ L
Lr = Dw(alzr | o) || poler))
Li1 = Dk (C](l’t—l | ilf'tgil?o) || pé(mt—l | Cl?t))

Lo = —logpe(zo |z1)



Training Objective

D @@ - —@

M ot ® B o ®™ B odt® Ny o™ N oo™

e variational lower bound

 like ELBO
£@ = Lr+Lp_1+..+ Ly
Lr = Dw(alzr | o) || poler))
Li1 = DKL(Q(iL't—l | Zlftgl’o) || PO(QJt—l | ZBt))

Lo = —logpe(zo |z1)



Training Objective — toVAE

(L T T T

e variational lower bound

* like ELBO
Lgip) == Lr+Lr—1+ ...+ Lo
- Z
Lr = D (%@5 < ¢ )
Ik x| 9(=z | Zo) || po(2z) it’s ELBO if one step
L= Dig [ ¢ &—+FrrFo1Poter=T :Ct)/ —




VAE

——T '
~ X
—
=

| _pdata

Tt

- P,

encoder

decoder *pg

DM/Flow

=@ - —®

pA‘AAAA

'\

pdata




Training Objective

D @@ - —@

M ot ® B o ®™ B odt® Ny o™ N oo™

Lvip = Lr+Lr_i+...+Lg
no parameter, unlike VAE’s g,

(L) = Du (Q(SUT | 7o) || pa(wT)g
aussian

constant —

Lt

DKL(C](ZITt—1 \ T, T0) || pe(wt—l | ﬂft))

Lo = —logps(xo | z1)



Training Objective

D @@ - —@

M ot ® B o ®™ B odt® Ny o™ N oo™

Lvis = Lr+Lr_1+...+ L
Lr = Dw(alzr | o) || poler))
L4 = DxkL (Q(l't—l | Zlftgl’o) || PO(QJt—l | ZBt))

reconstruction loss fe
like VAE

—log pg(xo | z1)



Training Objective

D @@ - —@

M ot ® B o ®™ B odt® Ny o™ N oo™

Lvis = Lr+Lr_1+...+ L
Lr = Dw(alzr | o) || poler))
.2 loss on
noise Liq ) = D (q(l't—l | -flftJfO) || Pé(mt—l | mt))

Lo = —logpe(zo |z1)



Tralnlng Objectlve

~O—0— . —®

£ = Eag,t.c|wille = colas, DI



Training Objective

D @@ - —@

M ot ® B o ®™ B odt® Ny o™ N oo™

L =By e [wille — eo(ws, D)]?]

OoVver pdata \/

over[1, T]



Training Objective

D @O - —@

M ot ® B o ®™ B odt® Ny o™ N oo™

L = 4::co,t,e'@‘€ — 69(xt7 t)Hz]

set as 1 (critical)

Objective IS FID

L, learned diagonal 32 —
L, fixed isotropic X 7.67x0.13 13.51 «e—
|€ — €s||® (Lsimpie) 9.46+0.11 3.17 <




Training Objective

D @@ - —@

M ot ® B o ®™ B odt® Ny o™ N oo™

L=Eg s, [fthe —(€g (xt,@Hz]

conditioned on
noise level
(critical)



Diffusion Models

e add noise to data

* Reverse process
* learn to denoise

* Training objective
 from Hierarchical VAE to L2
loss

* Noise Conditional Network
* represent a distribution



NB'é@slcc)%%@gu;hgcg%kols\ég%‘é@tﬂﬁon Into many simpler ones.

* \We need the same # networks to fit all of them.
* \We can combine all into one “powerful” network.

* This network i1s conditioned on noise level t.

* Noise Conditional Network . things made work



NoQ\,?o re&g&gmnnnl Network

* network Input: X,
* network output: « and ¢ of a distribution

* parametrize u by: €g(x¢,t)

N

noisy Image: noise level:
« condition  condition
* network input * network input



Noise Conditional Network
69(£Et,t)

Unet, VIT, ...
(behaves like Denoising
AE)

Py
network \
Input also

network
Input

output:
same size



Diffiisinn alnnrithm annaotated:

6: until converged . return xo

Algorithm 1 Training Algorithm 2 Sampling
l: repeat oo s I _
2: Xg ~ q(xo) 7. fojliz‘ _N;O, ) .o estimated u
% %~ Tmifoemigl,. .., T) 3 z~N(0 D lft > Lelsez=0/
4: €~ N(0,I) Xq
5: Take gradient descent stepon /7 4: X1 = Xt — méo D (5,2
Vo HG—G()(@XO—F\/I —@t)HQ g: end for

sampling from
estimated distribution



Noise Conditional Network

4 )

Noise

999 | Predicter

U J

Denoise




Noise Conditional Network

truth

—_— 97777 e




Diffiisinn alnnrithm annaotated:

Algorithm 1 Training Algorithm 2 Sampling

l: repeat

2 Xn v Q(XQ)

3: t~ Uniform({1,...,7T})

4: €~ N(0,I) o,
p vy

l: X7 ~ N(O, I)
2
3
L o 1
Take gradient descent step on B K-l = e (xt T Vi-aq Gg(xt’t)) T
S
6

cfort=1T,...,1do
z~N(0,I)ift > 1,elsez=0

Vo || — eo(v/@xo + VI — aze, t)||° . end for

6: until converged : return xo

tl; dr: noising and denoising
« Turns out to be extremely simple
* Being “simple and effective” moves the needle



Example: Unconditional Generation on CIFAR-10

‘DO'Q‘V‘(K‘(‘(V\“Y%%

e
UL DL el el sl vl el ol el ol 0
 HEEEEENYS SOOI
. IIIIIIIIUEHIIHHHHIIIQO
damEne s»BANFRERITrerEryrrer e
R TR TS S S e
0 0 s e o o o o i e K e
Bl eesesbheliccccs s s s e s
o o o oo s s s s e

[Ho et al, 2020]



Example: shared intermediate latents

[Ho et al, 2020]



Rg\g’(ﬁl%Gaussian noise & sampling x ~ N(:c \ L0, U)




Problems




Recap: Variational Autoencoder (VAE)

Autoencoding distributions:
“Encoding” data distribution pyy, into latent distribution p,

A\ encoder A generator “

pdata(x) pz(z) pg(x)




AT s

e add noise to data

Reverse process
e |earn to denoise

Training objective
 from Hierarchical VAE to L2 loss

Noise Conditional Network
* represent distributions



