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F i 1EA (Generative Models)
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JrE&#E R (Diffusion Models)

Imagen
by Google

Sprouts in the shape of
text 'Imagen' coming out
of a fairytale book.

DALL-E

by OpenAl

An astronaut riding a
horse in photorealistic
style.

a cute fluffy bunny
grumpily working on her
trip itinerary.
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Reverse autoregressive sequence
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z ~ N(0,1)

Denoising

_H:_

Training data
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Po(xi-1[x) = N(fo(x1,1),0%) e /\ %’}j

AIEHFE
€t ~ N(07 I) xt = \/ (1 — Be)x¢e—1 + \/ Bies
CEIPUR

M= f9(xt7t) Xt—1 "~ N(,U, 02)
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Algorithm 1.2: Training a diffusion model.

1 Input: training data {x®}¥,

2 Output: trained model fy

3 Generate training sequences via diffusion:
4 fori=1,...,Ndo
5
6
7

forr=1,...,T do

=
L e ~N(0,1) | %B'T
X(l) (1- @)X(Z) +\/E€t Xt <— Qi X e \ 1 — (Xt €

8 ar=1—5, a = Hz_l Q,

9 Train denoiser fy to reverse these sequences:
: N T

10 0" =argming > ., > ., [,(fg(x 1), X(l)l))

11 Return: fy-
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HRIT B R =2 (DDPM)
Liimple = Exgmq(xy).e~mN (0.1 1~ (1.7) [€ — fa(t/a_'t X0+ V1 —ay €,t)|]

Xt

Algorithm 1 Training

l1: repeat

2: xp ~ q(xp)

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

4: e~ N(0,I)

5: Take gradient descent step on

Vo ||e — eg(vVarxo + /1 — c‘xte,t)||2

6: until converged

po(xt—1/xt) ! SCPR
C A i 4 D ‘
Denoise : NO.iSG — 997 <>
! predictor
- ~ | N\ y
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R EE R REL (DDPM)

Algorithm 2 Sampling

xt ~ N(0,I)

fort=1T,...,1do

z~ N(0,I)ift > 1,else z= 0

X¢—1 = \/;a—t (xt - \}{_‘%eg(xt,t)) + 04z
end for

return xop
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Noise
predictor
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38R EY vs. VAE

———“[Encoder} —> { Decoder ]—
Diffusion —{ Denoise ]_‘
1 XN '

I aRE vs. BI04 iR

Add noise
XN

PixelRNN/PixelCNN Diffusion
21 | | [ [ [zl

[ [T [ [] Po(x¢—1]%z)

L O O Op Cpy
RN = j

: Xt|xt 1 }. '




F i 1EA (Generative Models)
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i)ﬂiiﬁ?ﬁmg% (Generative Adversarial Netw

B ERXIMEE ST : £ RMEE(G)FIF A MLE(D)

B MR GRYMIA AIERO, AR ERM BRI SHRE, Hid
AERR R BiE; FIRIMEDRAIIBE—1T 2o ReEE, AT odHaA
HEER "B #ELEE R k.

1(real)
D |— 0(fake)
1(real)

<a
G —  Discriminator training

Generator training
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B GANZETREL, RFEBRIAEE e CAF A28 DX AR 48R X
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FlRIRE
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B R RENURR, xESER, FIREDTNBE—ZHRE, PAX
IS XUAtse, GANHIHILEHRAT ISk

minmex [Esvpy.,, 108 Do, (z) + Eavp(z) 108(1 ~ Do, (G, (2))]
g d

B HAE—IAD () RRAIZIFITEIBIRIFIET, FE_HD(6(2)) MR~
XA R EE R FI IR .

> FlRISEDREMRRR AU NN, ERiEmal LR EERBESLHIED
maY.

> ERSECHBRFRERMUZXTAN, tBEEiLE CERRIBIERF A2 76
REESBIEDT .

B BEUXE—PMERRMEZ, RIRZEM AL TD ISR FER
HINME S FRITAMLE, B2IRENashiI =
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Minmax B #r R 2

min max [Exwpdata log Dg,(x) + E,p(2) log(1 — D, (G, (z)))]

6, 064

XERL
m HAHIRIRE (BE LT

04

B USRS (BRETEE)

n;in E .~ p(z) l0g(1 — Do, (G, (2)))

max [EwNPdam log Dy, (z) 4 Bz np() log(1 — Dy, (G, (z)))]

BERESE

| — le1-D(G() ||

4 T T
3|
2+
1 4
_4 \
0.0 0.2 0.4 0.6 0.8 1.0
D(G(=))
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Minmax B #re& 2

min mex [Es-py.,, 108 D, (2) + Banp(c) 08(1 — Do, (Go, (2))
g d

TR
B RUEFIRIEE (BELEF)
i [EwNPdam log Dy, () + Eznp(z) 108(1 — Dy, (G, (z)))]

B RS (BfrREER, HELA)

meax ]Esz(z) log(Da, (Gog (2)))
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GANHIL =
B RBRIZRA TR E MR
B EREREEK

B FIREMEARTBEEFINEERY, EXTHRE, EFGAN
REZSEMESES

GANHIER =
B IARE
B ERZE% (mode collapse) [a)&k
B ROXp(x), p(z|x) BUERFHE




F i 1EA (Generative Models)
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FHE R RE

FHa[OI=E

n

po(y ‘ x) = Hpg(yi ‘ Yiy- -5 Yi-1,L1y- - -

i=1
FHESTEHmEEE (CVAE)
VAE likelihood model po(x) = / po(x | z)p,(z)dz

po(y | x) = /po(y | z,%)p,(z | x)dz

cVAE likelihood model  po(y | x) = / po(y | z,x)p,(z)dz

Target Encoder Decoder
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FHH BURA

yt—l — fa(yw t, X)
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Denoising

llllllllll
1T I

|
IIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIII

[}
[ 11
. - -
o ot ot
- . .
o o . .
8 . . .
8 o N o
o . o
R ot - |
o s . R
8 o . o
o . o 0
o . . o
8 . o o
0 o 5

.
.
.
o

.t
.
.
o
.
.
.
.
.
.
.
o
.

o

T
= | mn EE
A profile photo| [& fo g
of a robin, ms FH
i [T lII

facing left. I T

IIIIIIIIII

.
ot
ot
.
e
s
.
.
.
wst®

x y i Yiu
FHERXTMEE (cGAN)

arg mﬁin mg,x ]Ez,x,y [log d¢(X, 90(X7 Z)) + log(l - d¢ (X, y))]
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& &1¥ (Image-to-image Translation)

II)Q

Labels to Street Scene Labels to Facade BW to Color

input output

Day to Night ___ Edges to Photo
il d o
AT
O
] —{t\
, V4
| )
l'x. { |‘ ;I‘,"’
output input output input output

arg mc%n IIlDa,X IEz,x,y [10g d¢(x7 g@(xa Z)) + log(l o d¢(x7 y)) + |l gﬁ(x) —yl 1}

PatchGAN  dy(x,y) = ——

=]

NE

5
5

(x[i:itk,j:j+k,y[i:i+kj:j+k])

* Isola, Phillip, et al. "Image-to-image translation with conditional adversarial networks”. In CVPR, 2017.
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dg, i X
g6 t ’ i T¢ go
7 R A R T -
X y ~_ X y ~ X y
Ju fup
X Y| |X Y |
i -c‘ycle—ci)glszlstency
Cycle—ci)(l)asssistency ) s\ /." ‘x

arg min max Ey y [ log d};(gg(x)) + log(1 — d};(y)) + 1lx — fy(ge(x)) Il |+

00 b
log dj (fy(y)) +log(1 — dj (x)) + Ily — ga(fy(¥)) I ]

J.Y. Zhu, et al. "Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks”. In ICCV, 2017.



