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What to Be Covered Today...

’.-%@% ,
* Generative Models SR T T

« Diffusion Model ,
* Transfer Learning

* Visual Classification — Domain Adaptation

* Visual Synthesis — Style Transfer

» Representation Disentanglement
e Supervised vs. unsupervised feature disentanglement

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




From VAE to Diffusion Model

GAN: Adversarial
training

VAE: maximize
variational lower bound

Diffusion models:
Gradually add Gaussian
noise and then reverse
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Denoising Diffusion Models

 Emerging as powerful generative models
* Unconditional image synthesis
—% e+ Conditional image synthesis

* OQOutperforms GANs

Diffusion Models Beat GANs on Image Synthesis, Cascaded Diffusion Models for High Fidelity Image
Dhariwai & Nochol, OpenAl, 2021 Generation, Ho et al., Google, 2021

Slide credit: Kreis, Gao, & Vahdat



Denoising Diffusion Models

 Emerging as powerful generative models
* Unconditional image synthesis

* Conditional image synthesis
—7 . Outperforms GANs

DALL-E 2 Imagen
“ i " A group of teddy bears in suit in a corporate office celebrating
*m 9 & teddy baar on a skateboard In times square the birthday of their friend. There is a pizza cake on the desk.

Diffusion Models Beat GANs on Image Synthesis, Cascaded Diffusion Models for High Fidelity Image
Dhariwai & Nochol, OpenAl, 2021 Generation, Ho et al., Google, 2021

Slide credit: Kreis, Gao, & Vahdat



Denoising Diffusion Models:
Learning to generate by denoising

* 2 processes required for training:
* Forward diffusion process — gradually add noise to input

* Reverse diffusion process — learns to generate/restore data by denoising

(typically implemented via a U-net)
——

* Comments about noise scheduling (see next slide)

Forward diffusion process (fixed) 7(1'

Noise

Data

Reverse denoising process (generative)

Ho et al., Denoising Diffusion Probabilistic Models, NeurIPS 2020
Song et al., Score-Based Generative Modeling through Stochastic Differential Equations, ICLR 2021

Slide credit: Kreis, Gao, & Vahdat 6



Denoising Diffusion Models:
Learning to generate by denoising (cont’d) f f‘?—

1).02 ¢
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* Forward diffusion process

* Gradually add noise to the input in T steps
* Recall that x, denotes clean input image, and x; is the final noisy one.

<

¢ Comments on q(x,|x,,)

Forward diffusion process (fixed)

Data Noise
L N N PiN L N
Normal
distribution mean var T
\/ q(x¢[xi—1) = N(x¢; V1 — Bixe-1, Bel) = q(x1:7|%0) = Hq(Xf|Xt-1) (joint)
output 2 ) t=1
variance schedule
(hyperparameter)

Slide credit: Kreis, Gao, & Vahdat



Denoising Diffusion Models:
Learning to generate by denoising (cont’d)

* Forward diffusion process

* Gradually add noise to the input in T steps (cont’d)

e Diffusion kernel

* So what happens to data distribution during this process?

Diffused Data Distributions

Data Noise
q(xt) = /Q(Xtyxt) dx) =
— —
Diffused Joint
data dist. dist.

axg)  alx) alx)  alxs) q(xr)

Slide credit: Kreis, Gao, & Vahdat

/ a(x0) g(xefx0) dxg

e

The diffusion kernel is Gaussian convolution.
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° o - - o (I($t|xt—1)ZN(JFtE\/l—tht—ln@tf)
Denoising Diffusion Models: e =7 — T irr 4V

Learning to generate by denoising (cont’d)w.kﬂ e

— g _1Lp_2 + \/ 1— ¥y 1€
* Forward diffusion process =

* Gradually add noise to the input in T steps
 Diffusion kernel:

Forward diffusion process (fixed)

Data Noise

ar=1-05

Define {fn : 11[(1 s ﬁm = q(x¢|xp) = N(x¢; vVagxg, (1 = apl)) (Diffusion Kernel)

P

s=1 s=1
For sampling: x¢ = v/ar xg+ /(1 —as) €  where € ~N(0,T) :—‘

(3¢ values schedule (i.e., the noise schedule) is designed such that a; — 0 and q(xp|xq) ~ N (x7:0,1))

Slide credit: Kreis, Gao, & Vahdat 9



Denoising Diffusion Models:
Learning to generate by denoising (cont’d)

* Generative learning by denoising
* Diffusion parameters are designed such that: q(x7) =~ N(XT; 0,1))

Diffused Data Distributions

Generation:
Xt Sample xp ~ N (xp;0,1)

% Ilteratively sample X;—1 ~ q(X¢—1|X¢)

- >
—

True Denoising Dist.

a(xelx;) a(xq[x0) a(x,x3) a(x;lxy) (X |x7)

* Unfortunately, Q(Xt—1|Xt) X Q(Xt—l)Q(Xt|Xt—1) is intractable.
We approximate q(xt_l ]Xt)' by Normal distribution by setting small B, in each step

Slide credit: Kreis, Gao, & Vahdat 10



Denoising Diffusion Models:
Learning to generate by denoising (cont’d)

* Reverse diffusion process

-

Learn to denoise in T steps v v
* Let the model 0 predict po(x:_1|x¢) = N (x:_1; po(xs, 1), Yo(xst))

% * And, to conclude the training process first, we need to predict the noise added in image.

Data

A

_ Reverse denoising process (generative) m

Noise

A A A A A A

T
p(XT):N(XT;OI N il o
po(x¢_1]x%¢) = N(x¢_1; g(xt,t)g JL?I) =  po(x0.7) = p( T)tl:Iin( t—1/x)

Trainable network
(U-net, Denoising Autoencoder)

Slide credit: Kreis, Gao, & Vahdat 11



Learning of Diffusion Models

o| log py(x) > variational lower bound

VAE
qylz | x) pex | 2)
— sampl — M, sample A~
— — — Decoder —_
X g | ec g
Diffusion Model fixced
» "-..'-..-—‘-.
forward “encoding”
X i S — Z
' xO — 'xl " e T— Xt ‘
(observation) (latent)

(1] . (]
reverse (tL"'L”R'JEh ng

log py(x) > variational lower bound

Slide credit: Kreis, Gao, & Vahdat 12



Recall: Training VAE —D B oo |

Cn
(x| 2)p(2) 12)p@) (|x)/7‘ |
Z .4 p A
—> logpg(x) = log Pe e lo Po 19 /
_— pe(z | x) Pe (zIx)]q(p (z]|x)
© @ Z|X @ Z|X
= E,[logpg (x|2)| — E, [lo MI] + E, |lo M
p(z) N Po (Z|x)
= E;-qy(zi0)[108 P (x12)] — Dy (9/(21%), p(2)) + Dict (4 (21%), po (21))
Data reconstruction KL divergence ’k KL divergence between \)
between sample ¢ sample distribution 7 o
distribution from the from the encoder and

encoder and the p (15( the posterior of data R(x)
—g(x)

% logpe(x) = EagateiolloBPo (1] - L L (ap(z10), p(z)

)
S,
i.e., variational lower bound on the data likelihood py(x) -

Slide credit: UMich EECS 498-007 13



Learning of Diffusion Models

VAE

g4z | x)

— Wy |
X — T: Z — ecoder
—a?

Diffusion model

o| log py(x) > variational lower bound

. “ . ”
l()l'\'\'.'ll'(l L‘]](‘l)(i ng

Xo — Xy — .-

‘1
erse decodin

Recall that we exploit variational bound for optimizing VAE models

logpe (%) = E;-q, (21 [108 P (x12)] = Dy, (44 (21),p(2))

po(Xo.7)
vs. Byxe) [—108 Po(%0)] < Egx)g(xirixo) {_ 08 }

Q(X1:T|X0)
In Ho et al. NeurlPS’20, it is shown that

N (zi—1; po(ze, t), BI)

L =E, pI\’L(Q(XTlXO)”P(XT)lJr ZPKL(Q(Xr_llXt, Xn)]lpe(xx_ﬂxt)l: 10%29&(?(()]?(1)2
L; t>1 7

Lo
N(It‘fl;ﬂz(ﬂfu l’o)a .ét.f)

(1 — 0y %10
pdl.(l'[_,:l.'[]) = \@( (]5; l), e m i

— It — o fIXEd
1 — oy 1 — oy
= (.’1’3{ a 1 — E)
Ref: https://lilianweng.github.io/posts/2021-07-11-diffusion-models/ V &t \/ — o from slide #9
https://youtu.be/fbLgFriITnGU
https://youtu.be/HoKDTa5jHvg

L
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Learning of Diffusion Models (cont’d)

Not trainable

* Recall that L= E, [_-i— ZPKL(Q(Xt—llxt:x()) I Pﬂ(xt—1|xt)lj-]

v t>1 v v’ o
LT Lf‘.—l Ln

e Still working on it...

* Only care about KL divergence between two Gaussian distributions

q(xt_”xﬂ) = N(aj[fl;/j[(f]ft,:w()):g(l)
g(}[g_|xﬂ] \

q(x¢-1|x¢,x0) = q(x¢|x¢-1,%0)

Pe(x;_l |xt) — ‘/V(xt—l; /’[G(xt, t)a Zﬁ(xts t)) | - B; (1)
/ T y Vo T T=a
learned fixed (actual u)
1 3, .
\@\ \ﬁalww 6 t)) (2)

(predicted u)
37

207y (1 — oy

* Asaresult,

] He — eg(vauxg + V1 — e, t)H‘!]

lm-@F — Exoe [
* For simplicity, we calculate

— - 2

k Lsimple(ﬁ) = Et,xn,e “l‘E - ES(V QXo + v 1 — (L€, t) H }

Slide credit: Kreis, Gao, & Vahdat
and https://youtu.be/HoKDTa5jHvg 15




Learning of Diffusion Models

* Summary
* Training and sample generation j“fe"“bc .
Algorithm 1 Training Algorithm 2 Sampling
;1 repeat xo) 1: x7 ~N(0,1)
- Xo ™~ q\Xo 2: fort=1T,...,1d
3: t~ Uniform({1,...,T}) o e s OO
4 e~N(0,I) 3z~ N(OD
5: Take grad’ient descent step on 4 Xe-1 = \/L—t (xt - %59 (xt,t)) + oz
Vo ||€ — ea(vaixo + /1 — ace t)||2 5: end for
6: until converged 6: return xo
Forward diffusion process (fixed)
Data Noise
X X1 X9 X3 X4 s X7
S S Y ~ A ~ A~ A~ ~___
\ /
~ Reverse denoising process (generative)
Data Noise
N N N N N N 16

Slide credit: Kreis, Gao, & Vahdat



Learning of Diffusion Models

* Summary
* Training and sample generation

E.g., MNIST

Algorithm 1 Training Algorithm 2 Sampling

;1 repeat xo) 1: xp ~ N(0,T)

Sl o 2: fort="T,...,1d

3: t~ Uniform({1,...,T}) 3 0er N(O I), °

4: e~N(0,I) .

5: Take gradient descent step on 4 X1 = \/% (xt - ﬁeﬂ (xt,t)) +oiz

Vo ||e — eov/@xo + v1— acelt)||” 5: end for
6: until converged 6: return x,
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More steps

Slide credit: Kreis, Gao, & Vahdat
https://medium.com/ai-blog-tw/%E9%82%8A%ES%AF%AE6%EA4%BD%ICHEI%E2%8A%ES%ADKBEWET7%BF%92diffusion-model- 17
%E5%BE%IEddpm%E7%9A%84%E7%B0%A1%ES5%8C%I6%E6%A6%82%ES5%BF%B5%E7%90%86%E8%A7%A3-4c565a1c09¢




From Unconditional to Conditional Latent Diffusion Model

- Condition mechanism: using transformer layers

Latent Space ) (Conditioning|
Diffusion Process emanti
Ma
~

&T
ZT
Pixel Space

— T
:ch E o, <—T

denoising step crossattention  switch  skip connection concat - _4

17



6ondmonina‘

From Unconditional to _— Ltr e
. e . SN CE i ﬂ w
Conditional Latent Diffusion Model (cont’d) o ||
d Dl @)lre) (@ images
7 KTV HKTVKV ‘ /
- Condition mechanism: using transformer layers ot ' |
bd v A ‘ ;Tl

dencising step crossattention  switch  skip connection conca

70 is embedding module for conditions, e.g. BERT.

_________________________________________________________________

EEE —_— :
=527 KV i Transformer layers
feature map from '
previous Res T :
block : :
To SIS I S tokens |
i flatten T 9
A cat is sitting near a lake ! .I.I.I’
\ Conditions / 1 A cat is sitting near the lake

18



What to Be Covered Today...

e .
LA ETASS
S- o ;\ ¢ 4 .

* Transfer Learning
* Visual Classification — Domain Adaptation

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




Revisit of CNN for Visual Classification

Deep Learning =’Learning Hierarchical Representations
- MA Ranzatg

@ It's deep if it has more than one stage of non-linear feature
ion

Low-Level Mid-Level| [High-Level Trainable
—_— — —p

Feature Feature Feature Classifier
n |

o Convolutions w/ Pooling: Convs: Poaling: Convs: - -
Locel Divisive . ‘ Linear Object
Normalization filter bank: 20xdxd 100x7x7 20xaxd B00x7x7 Classiliar Categories / Positions

20x7x7 kernels kemels kernels kemels kernels

+ m }at payi)

Fe M, Patiey
Nzsxe3 | /1

S2: 20x123x123

Input Image Normalized Image
1x500x500 1x500x500

s4: 200009 U=k
C1: 20x494x404 C3: 20x117x117

411 at e

LeCun & Ranzato, Deep Learning Tutorial, ICML 2013 21



(Traditional) Machine Learning vs. Transfer Learning

* Machine Learning
* Collecting/annotating data is typically expensive.

e 13

> RIE 2 |} 2\ = g

llllll

Image Credit: A. Karpathy

22



Transfer Learning: What, When, and Why? (cont’d)

* A More Practical Example

E——— 3 e W

_\_;R\M\VY: S \)NC; & W & J.m,,hi: Pf —tﬁ 3{(' (&OWNV\ __a L0 A
2% _-SJ ( donaia L7ﬂs) Z 7<_7 ]

https://techcrunch.com/2017/02/08/udacity-open-sources-its-self-driving-car-simulator-for-anyone-to-use/
https://googleblog.blogspot.tw/2014/04/the-latest-chapter-for-self-driving-car.html 23



Sources

Domain Adaptation
in Transfer Learning

° Wh at's DA? Image: Courtesy to S.J. Pan

* Leveraging info source to target domains, so that the same learning task .
across domains (or particularly in the target domain) can be addressed.

* Typically all the source-domain data are labeled.

* Settings
e Semi-supervised DA: few target-domain data are with labels.

- Unsupervised DA: no label info available in the target-domain.
(shall we address supervised DA?)

* Imbalanced DA: fewer classes of interest in the target domain
* Homogeneous vs. heterogeneous DA

24



Deep Feature is Sufficiently Promising.

e DeCAF

e Leveraging an auxiliary large dataset to train CNN.
* The resulting features exhibit sufficient representation ability.

e Supporting results on Office+Caltech datasets, etc.

(D)

(A) amazon

bike

desk chair

dsir

il i o5

W A ) . N f‘
I -
W) webeom| o] i gy

Feature SURF Decafe

JGSA JGSA JGSA JGSA JGSA JGSA
data Raw SA SDA GFK | TCA | JDA TIM SCA primal linear RBE JDA OTGL primal linear RBE
A—D 35.67 33.76 33.76 40.13 33.76 39.49 45.22 39.49 47.13 45.86 45.22 81.53 85.00 88.54 85.35 84.71
AW 31.19 | 33.22 | 30.85 36.95 36.27 37.97 | 42.03 34.92 | 45.76 49.49 45.08 80.68 83.05 81.02 84.75 80.00
D—A 28.29 39.87 38.73 28.71 31.00 33.09 32.78 31.63 38.00 36.01 38.73 91.96 92.31 91.96 92.28 91.96
D—W 83.73 76.95 76.95 80.34 86.10 89.49 85.42 84.41 91.86 91.86 93.22 99.32 96.29 99.66 98.64 98.64
W—A 31.63 39.25 39.25 | 27.56 | 2891 32.78 | 2996 | 29.96 | 39.87 41.02 40.81 90.71 90.62 90.71 91.44 91.34
W—D 84.71 75.16 75.80 85.35 89.17 89.17 89.17 87.26 90.45 90.45 88.54 100 96.25 100 100 100

Donahue et al., DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition, ICML 2014 25




Recent Deep Learning Methods for DA

* Deep Domain Confusion (DDC)

* Domain-Adversarial Training of Neural Networks (DANN)
* Adversarial Discriminative Domain Adaptation (ADDA)

* Domain Separation Network (DSN)

* Unsupervised Pixel-Level Domain Adaptation with Generative Adversarial
Networks (PixelDA)

* No More Discrimination: Cross City Adaptation of Road Scene Segmenters

DDC v MMD X

DANN v Adversarial X
ADDA X Adversarial X
DSN Partially shared MMD/Adversarial ) 4
PixelDA X Adversarial v

26



Deep Domain Confusion (DDC)] -~ > ) {c
N
eep Domain Confusion ( )7 5 LR

* Deep Domain Confusion: Maximizing for Domain Invariance
* Tzeng et al., arXiv: 1412.3474, 2014

Source
/ \ @

Minimize classification
error

Source

Maximize domain
confusion

Target

27



Deep Domain Confusion (DDC)

C
C
MMD (X3, XT) = 2- 7
classification domain Ta€Xs R
loss loss
’h‘\\‘*\: ©+@® s )
- ﬁ - v’ Minimize classification loss:
. | £ = £o(X,,¥) + AMMD?(Xs, X7)
’te ¢t (“X . fc_adapt fc_adapt
fc7 P PP T PR fc‘7
fc6 R S R T e T fcs
q == | | e
shared
weights

')(-&c&‘t

\ convi /
LA “tx1\

28



Domain Confusion by Domain-Adversarial Training

 Domain-Adversarial Training of Neural Networks (DANN)
* Y. Ganin et al., ICML 2015
* Maximize domain confusion = maximize domain classification loss
* Minimize source-domain data classification loss
* The derived feature f can be viewed as a disentangled & domain-invariant feature.

MLP

bt — e~ >0
|:> |$ ’?-E> E> ﬂ |:> E lass label y

Y
label predictor G,,(-;

domain (lhslhtl Ga(-:64q)
— N\ ( 2)
s B!

=l °
E> I:> @ domain label d ],0 \
S
39f 0L —loss LD
forwardprop  backprop (and produced derivatives) (')()d

dilogd; + (1—d;)log(1—d;)

: \ .
feature extractor G(-;0y)

29



Beyond Domain Confusion

 Domain Separation Network (DSN)
* Bousmalis et al., NIPS 2016
» Separate encoders for domain-invariant and domain-specific features
* Private/common features are disentangled from each other.

(Private Target Encoder E’ ( N

¢ . @ \ /Shared Decoder: D(E.(x) + E,,(x))\
et \

& Shared Encoder F,. (x)

X

N

. q@ ﬂ—- % (- -C=

| - e h; i
. @@ s 6~E->
x° “@"@ 4 — .

CIassnf er G(E.(x

H

gl |

2
¥

Private Source Encoder E,(x’ A 2

D O ==o

X

30



Beyond Domain Confusion

* Domain Separation Network, NIPS 2016
* Example results

imag D(E(Xg)+E (X +

\ / / Reconstruct private feature D(E(x,+#

Sour@main Reconstruct private + shared features
XS

W~ O

0
I
p
3
1

(a) MNIST/{source) (b) I\VH‘N{ST-M (target)

-
Reconstruqt shared feature oply D(E_(x +#

£

Target-domain
image X; 32



Beyond Domain Confusion
* Domain Separation Network, NIPS 2016
* Example results

Source-domain
image X,

~

(a) MNIST (sousce—(b) MNIST-yI (target)

Target-domain
image X;

32



What to Be Covered Today...

e .
LA ETASS
S- o ;\ ¢ 4 .

* Transfer Learning

* Visual Synthesis — Style Transfer

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




Transfer Learning for Image Synthesis

* Cross-Domain Image Translation

Pix2pix: Pairwise cross-domain training data

CycleGAN/DualGAN/DiscoGAN: Unpaired cross-domain training data

UNIT: Learning cross-domain image representation (with unpaired training data)
AdalN: Single-image arbitrary style transfer in real-time

Beyond image translation

34



Pix2pix

* Image-to-image translation with conditional adversarial networks (CVPR’17)
* Can be viewed as image style transfer

INPUT OUTPUT

pIX2pix

process

Sketch Photo

Isola et al. " Image-to-image translation with conditional adversarial networks." CVPR 2017. 35



PIKPIX (et 7 ey

* Goal / Problem Setting

i///;(, “?"3 : |E = T/F Testing Phase

* Image translation across two distinct domains (e.g., sketch v.s. photo)

V. Pairwise training data

* Method: Conditional GAN Training Phase
* Example: Sketch to Photo Input o Genperated

Output: Photo

* Discriminator Input
Input: Concatenation of Input(Sketch) real
& Synthesized/Real(Photo) images

Output: Real or Fake J Il
utpu = I" real

Input

* Generator '*Hﬂﬂ— ‘ i
Input: Sketch == = H[H]“ fake

Isola et al. " Image-to-image translation with conditional adversarial networks." CVPR 2017. 36



Pix2pix

* Learning the model Overall objective function

Training Phase G* = argminmax L ;4n(G,D) + £;1(G)
Input Generated G D

D Conditional GAN loss C
HHH— fake oncatenate Concatenate
) Legan(G,D) = E r[log(1 — DEE(x))] + E .y [log DEOY)]

Fake/(Generated) Real
Real
4 Reconstruction Loss
p | 2 £11(Q) = E 1, [lly — Gl
| f{— rea
Inpc)cut

Isola et al. " Image-to-image translation with conditional adversarial networks." CVPR 2017. 37



* Experiment results

Labels to Street Scene Labels to Facade BW to Color

input out input output
Day to Night Edges to Photo

input output

Demo page: https://affinelayer.com/pixsrv/

Isola et al. " Image-to-image translation with conditional adversarial networks." CVPR 2017. 38



Transfer Learning for Image Synthesis

* Cross-Domain Image Translation

* CycleGAN/DualGAN/DiscoGAN: Unpaired cross-domain training data

39



CycleGAN/DiscoGAN/DualGAN

e CycleGAN

* Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial
Networks -to-image translation with conditional adversarial networks

Paired Unpaired

* Easier to collect training data

* More practical

1-to-1 No
Correspondence Correspondence

Zhu et al. "Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks." CVPR 2017. 40



CycleGAN

Training data

* Goal / Problem Setting
* Image translation across two distinct domains

* Unpaired training data

* ldea
* Autoencoding-like image translation
* Cycle consistency between two domains

Cycle Consistency

Zhu et al. "Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks." CVPR 2017. 41



CycleGAN

¢ MethOd (Example: Photo & Painting)

* Based on 2 GANs
* First GAN (G1, D1): Photo to Painting
e Second GAN (G2, D2): Painting to Photo

Photo Painting
(Generated)

Painting
(Real)

Painting Photo
(Generated)

Zhu et al. "Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks." CVPR 2017. 42



CycleGAN

* Method (example: Photo vs. Painting)

* Cycle Consistency
* Photo consistency
* Painting consistency

Painting Consistency

Zhu et al. "Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks." CVPR 2017. 43



Photo Painting
(Input) (Generated)

CycleGAN

D1
. I
* Learning
. . . x
Overall objective function D
~
* ko . -
Gi, Gy = arg Jun ax Lan(G1,D1) + Loan(Gz,Da) + Ly (G, G) Painting <
First GAN Second GAN (Real
Painting Photo
(Input) (Generated)

e Adversarial Loss
* First GAN (G1, D1):

Lean(Gy,Dy) = E[log(1 — D;(Gy(x)))] + E[log D, (y)]

e Second GAN (G2, D2):
Lcan(Gz,Dz) = Eflog(1 — D (G2(¥)))] + E[log D, (x)]

e4 /|eay ¢

Zhu et al. "Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks." CVPR 2017. 44



Photo Painting Photo

CycleGAN > Gy (x) G, (G, ()

* Learning

Photo Consistency

Overall objective function
Gi, Gz = arg énin max L;ay(Gy,D1) + Lan (G2, Dy) + Lcyc(Gl; Gy)
1

,G2 D1,D3
Cycle Consistency

* Consistency Loss
* Photo and Painting consistency

Leye(G,G2) = E[[165(61 @) — x|l | + [16:(620)) = v, |

Painting Photo Painting

Painting Consistency

Zhu et al. "Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks." CVPR 2017.

G, (Gz (}’))

'h&‘&* -_,_ i

45



CycleGAN

* Example results

Summer Z_ Winter

summer —» winter zebra —» horse

winter —» summer horse —> zebra photo —>Monet

Project Page: https://junyanz.github.io/CycleGAN/

Zhu et al. "Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks." CVPR 2017. 46



Image Translation Using Unpaired Training Data

e CycleGAN, DiscoGAN, and DualGAN

Y » pu ’i(‘] | Reconstruction error
G membership " Discriminator = ‘G~/‘ e 'lu ~Wllal
score Dy @‘ u(v,z)l > p—— v )‘2)’{,
% i’ / ‘15.31 5‘(.“,)7.'7 Membership
/ >

Discriminator
D,

Reconstruction error

1IN
A | | score

Z6u(C, e |-
llu = Gp(@au.2). 2l ﬁém,zw) | Genetator Gy m
-

v
Domain U (sketch) Domain V (photo)

Loowsry

CycleGAN DiscoGAN DualGAN
ICCV’17 ICML’17 ICCV’17

Zhu et al. "Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks." ICCV 2017.
Kim et al. "Learning to Discover Cross-Domain Relations with Generative Adversarial Networks.”, ICML 2017
Yi, Zili, et al. "Dualgan: Unsupervised dual learning for image-to-image translation." ICCV 2017
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Transfer Learning for Image Synthesis

* Cross-Domain Image Translation

* UNIT: Learning cross-domain image representation (with unpaired training data)

48



UNIT

* Unsupervised Image-to-Image Translation Networks (NIPS’17)
* Image translation via learning cross-domain joint representation

Stagel: Encode to the joint space Stage2: Generate cross-domain images
Z': Joint latent space Z: Joint latent space
Z e Zeo
Day Night Night

ONE! G O,

Liu et al., "Unsupervised image-to-image translation networks.”, NIPS 2017 49



UNIT i

. shared latent space

* Goal/Problem Setting

* Image translation
across two distinct domains

* Unpaired training image data

\
* |dea

* Based on two parallel VAE-GAN models

g ouv X1

{',‘f ol

Liu et al., "Unsupervised image-to-image translation networks.”, NIPS 2017 50



UNIT i

. shared latent space

* Goal/Problem Setting

* Image translation
across two distinct domains

e Unpaired training image data

* |dea
* Based on two parallel VAE-GAN models

* Learning of joint representation
across image domains

Liu et al., "Unsupervised image-to-image translation networks.”, NIPS 2017 51



U N IT Z : shared latent space

* Goal/Problem Setting

* |dea

Image translation
across two distinct domains

Unpaired training image data

Based on two parallel VAE-GAN models

Learning of joint representation
across image domains

Generate cross-domain images
from joint representation

Liu et al., "Unsupervised image-to-image translation networks.”, NIPS 2017
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UNIT

* Learning

Overall objective function

G" = arg mGin max Lyag(E1, Gy, Bz, Go) + Lean (Gy, Dy, Gy, D3)

J

y
Variation Autoencoder

Y
Adversarial

Ty

VAE GAN N\
(K Gy ) D,
Nl :I ™ T e "
N _. I _. b Gy(2)~| | |T/F
A
\_ E; G, J D,
_J

53



UNIT

VAE GAN N\
e Learning (K, Gy | D,
Overall objective function T {7 Tao—1 "
G* = arg mGin mSXLVAE(Ep Gy, E2, G2) + Lean (G, D1, G2, D) _ _>Ii _ o o
\ - J N Y / - ‘ - — I S 1 ]
Variation Autoencoder Adversarial zobsl L) ML L G(2)~| | b1/F
Z
Variation Autoencoder Loss \_Ez_ _G; D,

Ly g (E1, Gy, Bz, Gp) = E[||G(E1(x1) ) — x112] + E[KL(q1(2)||p(2))]
E[||G2(E2(x2) ) — x2|l2] + E[KL(q2(2)||p(2))]

Adversarial Loss
Lcan(Gy1, Dy, Gy, D) = E[log(1 — D1(G1(2))] + E[log D, (y1)]
E[log(1 — D;(G,(2))] + E[log D,(y2)]

Generated Real

54



UNIT

* Example results

Sunny = Rainy Real Street-view - Synthetic Street-view

el _1

Github Page: https://github.com/mingyuliutw/UNIT

Liu et al., "Unsupervised image-to-image translation networks.”, NIPS 2017 55



Transfer Learning for Image Synthesis

* Cross-Domain Image Translation

* AdalN: Single-image arbitrary style transfer in real-time

56



AdalN

* We've talked about style transfer methods like Pix2Pix or CycleGAN.

* Arbitrary Style Transfer in Real-time with Adaptive Instance Normalization (ICCV’17)
* Single-image arbitrary style transfer in real-time

57

Huang et al. ” Arbitrary Style Transfer in Real-time with Adaptive Instance Normalization . ” ICCV 2017



- -

T~
AdaIN Content .
input HEEREll | Adei
ETp A=A l‘\/Ster Transfer Network E'c
Style | @?/ A Eiieieieinitiiiiit—
input s I
L
 Adaptive Instance Normalization
x — p(x)
AdaIlN(x,y) = o +
(x,y) (y)< (%) ) n)
e x:contentinput, y: style input
* No learnable affine parameters
e Perform style transfer in the feature space
58

Huang et al. ” Arbitrary Style Transfer in Real-time with Adaptive Instance Normalization . ” ICCV 2017



AdalN

* f:Encoder, g: Decoder

- —

t = AdaIN(f(c), f(s)) m |

LI e e

»

<

(1]

-y

o

=

o

1

=

[1+]

s

o

=
Japooug

SON

Ls
Le=f(g(t) —tll2  Content loss: content consistency
L L
Lo=Y lu(¢i(g(®) —n(@i())ll2 + D _llo(@i(g(t) — o(¢i(s)) |2
=1 =1
Style loss: Gram matrix loss
(@; denotes a layer in VGG — 19 used to compute style loss)
59

Huang et al. “Arbitrary Style Transfer in Real-time with Adaptive Instance Normalization .” ICCV 2017




AdalN

e Qualitative

results

Style Content Ours Chen and Schmidt ~ Ulyanov et al. Gatys et al.
ov

Huang et al. ” Arbitrary Style Transfer in Real-time with Adaptive Instance Normalization . ” ICCV 2017



Transfer Learning for Image Synthesis

* Cross-Domain Image Translation

* Beyond image translation

61



Revisit: CycleGAN

Training data

* Goal / Problem Setting

Unpaired

* Image translation across two distinct domains

* Unpaired training data

* Idea
* Autoencoding-like image translation

* Cycle consistency between two domains
Cycle Consistency

Photo Paintin

Cycle Consistency

Zhu et al. "Unpaired Image-To-Image Translation Using Cycle-Consistent Adversarial Networks." CVPR 2017. 62



)

a

(a) Testing Usage for all models

BicycleGAN

* Toward Multimodal Image-to-Image Translation (NIPS’17)

* Goal / Problem Setting
* Producing diverse images across two distinct domains.
* Pairwise training data

* Idea
e Combine conditional VAE-GAN and conditional Latent Regressor GAN.

Training cVAE-GAN

o
| P )
|," \\. I"

| -

| L1 ~ |/

| |E EG[| B a

| Q@B v | -

| 1 kL

| | NG o

|

|

|

Training Bicycle GAN 63



BicycleGAN - Experiment

Input Ground truth

Zhu et al., Toward Multimodal Image-to-Image Translation, NIPS 2017
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DRIT

* Diverse Image-to-Image Translation via Disentangled Representations
(ECCV’18 oral)

* Goal / Problem Setting

* Producing diverse images across two distinct domains.

* Unpaired training data

* Idea

* Disentangle latent representation into
domain-invariant and domain-specific features

* Generate cross-domain images by swapping
the latent feature from each domain.
* Applied cross-cycle consistency

. Y domain
|:| Loss

. Prior distribution

Content encoder

content
Lagv




Method — Main Framework

Attribute: species
Content: pose (style)

A 0 e Lchq(S) b e e e et e

Loss

LR B )

o5 im0 s o e L({CEq(S) 5 ) s

66
Lee et al., Diverse Image-to-Image Translation via Disentangled Representations, ECCV 2018 (oral)



Method — For Attribute Features

e KL loss:
perform stochastic sampling at test time.
* Latent regression loss:
encourage invertible mapping btw image and latent representations

Ldomain
adv
A
1

67

Lee et al., Diverse Image-to-Image Translation via Disentangled Representations, ECCV 2018 (oral)



Method — Inference phase

[

No1) B

(b) Testing with random attributes (c) Testing with a given attribute

Lee et al., Diverse Image-to-Image Translation via Disentangled Representations, ECCV 2018 (oral)
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Example Results

SummerD
Winter

<

P

Lee et al., Diverse Image-to-Image Translation via Disentangled Representations, ECCV 2018 (oral)
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What to Be Covered Today...

» Representation Disentanglement
e Supervised vs. unsupervised feature disentanglement

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




Beyond Image Style Transfer:
Learning Interpretable Deep Representations

’ » Faceapp — Putting a smile on your face!
* Deep learning for representation disentanglement
* Interpretable deep feature representation

Input
Mr. Takeshi Kaneshiro »

71



Recall: Generative Adversarial Networks (GAN)

e Architecture of GAN

Realworld ——
images

S507

Discriminator > :
X
\Fa—k:/

Generator —— Sample

o

Backprop error to
update discriminator
weights

Latent random variable
. o
[elele)

Goodfellow et al., Generative Adversarial Nets, NIPS, 2014 72



Representation Disentanglement

e Goal

* Interpretable deep feature representation

* Disentangle attribute of interest ¢ from the derived latent representation z

* Possible solutions: VAE, GAN, or mix of them...

L\a\ne\ . sdvilke e
(p'\é‘(‘e—(o\f\

N Interpretable
Factor c

Latent feature z
(uninterpretable)

P ol
w1
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Representation Disentanglement

* Goal
* Interpretable deep feature representation
* Disentangle attribute of interest ¢ from the derived latent representation z

* Supervised setting: from VAE to conditional VAE

Latent space Latent space

74



Representation Disentanglement

 Conditional VAE

e Given training data x and attribute of interest c,
we model the conditional distribution pg (x|c).

Latent space Latent space

impose prior reconstruction
= —K L(q¢(z]x,c)||po(z[2)) + Eq, (z/x,c) l0g po(x|c,z)

d

https://zhuanlan.zhihu.com/p/25518643 75



Representation Disentanglement

 Conditional VAE

sex glasses smile

input recon.

e Example Results

76



Representation Disentanglement

e Conditional GAN
* Interpretable latent factor ¢
* Latent representation z

min max V(D,G) =Eqgmp,.(@)log D(x)] + E.p_(z)[log(1 — D(G(2)))]

-
minmaxV (D, &) = Eppy, (@) [log D(@[y)] + Eop. () [log(1 — D(G(2]y)))]
take c as also input for D

D \ to avoid ignoring cin G
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Representation Disentanglement

* Goal
* Interpretable deep feature representation
* Disentangle attribute of interest ¢ from the derived latent representation z

walt-Tade

\eaW“‘Y

* Unsupervised: InfoGAN —
* Supervised: AC-GAN

(y(real) (G(zc)) (y(real) (G(zc))
1
Super w ed
(C tatent) ((Z tnoise)) Clatent) (¢ tateny)  (Z inoise))
InfoGAN ACGAN
Chen et al. Odena et al.
NIPS’16 ICML 17

Chen et al., InfoGAN: Interpretable representation learning by information maximizing generative adversarial nets., NIPS 2016.
Odena et al., Conditional image synthesis with auxiliary classifier GANs. ICML'17
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AC-GAN

e Supervised Disentanglement

* Learning

real . . .
* Qverall objective function
- J

G* = arg mGin max Lean(G,D) + L5(G,D)
e Adversarial Loss :

Lean (G, D) = Ellog(1 — D(G(z,¢)))] + Ellog D(y)]

real)] (G(z,c))

* Disentanglement loss
Superwsed -
Lcls (G: D) = IE[_ log Dcls (C, |.V)] + [E[_ log Dcls (c|G(x, C))]
| [Iatent)l [C Iatent)] [Z (no.se)) Ny J N J

Y Y
Real data Generated data
w.r.t. its domain label w.r.t. assigned label

Odena et al., Conditional image synthesis with auxiliary classifier GANs. ICML'17
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AC-GAN

* Supervised Disentanglement

ik

(y(real)) (G(zc))

monarch butterfly goldfinch grey whale

N J

/

Superyised

>H_
<

(C'atent)) (C tatent) ((Z (noise))

Different c values

Odena et al., Conditional image synthesis with auxiliary classifier GANs. ICML'17
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InfoGAN

* Unsupervised Disentanglement

* Learning
* Overall objective function

G* = arg mén max Lean (G, D) + L5(G, D)

real

* Adversarial Loss
=7 Lgan(G,D) = Eflog(1 — D(G(z,¢)))] + Ellog D(3)]

i'
2
o
0
>B<a

e
~
I~
s
b
—

( Xreas (data) )

* Disentanglement loss

» Lcls(G; D) = IE[_ 1Og Dcls(ch(x: C))]

(C (Iatent)) (Z (noise)] N )
%

Generated data
w.r.t. assigned label

H

Chen et al., InfoGAN: Interpretable representation learning by information maximizing generative adversarial nets., NIPS 2016.
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InfoGAN

* Unsupervised Disentanglement

e No guarantee in disentangling particular semantics

Different ¢ Different ¢
N

{
§
3
q
~]
n

Rotatio

Angle

Training process

Chen et al., InfoGAN: Interpretable representation learning by information maximizing generative adversarial nets., NIPS 2016.



What We’ve Covered Today...

’.-%@% ,
* Generative Models SR T T

« Diffusion Model ,
* Transfer Learning

* Visual Classification — Domain Adaptation

* Visual Synthesis — Style Transfer

» Representation Disentanglement
e Supervised vs. unsupervised feature disentanglement

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




