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Outlines

* Generative Adversarial Networks (GANs)



Recap: Variational Auto Encoder

(VAE)
mac 7 (r. a0) =By logpo(al=)]- (K L lao =) ()
N 2~ qo(z])
99 (z|x) = q¢ (21, zm|x) = | [ 94 (zj|Pa(z;), x) t

Amortization
(sharing parameters)
Example:
(#,1og o) = EncoderNeuralNety(x) B

99 (z|x) = N (z; u, diag(c))



Recap: Mapping t

* VAE learns a mapping that
transforms a simple

ne Distributions

Prior distribution: pe(z)

distribution, q(z), to a
complicate distribution,

Encoder: qq(z|x)

Z-space

1

g(z|x) so that the empirical

A

distribution (in the x-space)

are matched.

Decoder: pe(x|z)

X-space

Dataset: D




Recap: Reparametrization Trick

Lo,p(x) = E, (zx) log pe(x,z) —logge(z|x)|

= Ey () [logpe(x, z> log 44 (z[x)]

Can we improve the estimation of
gradient?

Let’s revisit the change of variables: (reduce the variance)
< /\ > | > /\/\
e ~ p(e) z ~ Po(2

0z
det ( e )

logq(p(z\x) = log p(€) — log



Recap: How to use this technique in a
Graphical Model?

Example: Mixture Model &
7 ~ Dir(a), &\ :
1 L T
@ (,uk,Ek) ~ NIW()\), % -?' .-z-’,
" 7 W
Zn | T 1’1\(} T - SN (?’
: @ Y | 20 { (0, Z) 1) N N (2, 2 )-
(b) GMM
e 7w ~ Dir(a), F ,
(&) (Kt Zk-? ~NIW()), % ( ——.
iid : 4
@ Zn|mT~ T ST .
iid
yn|wn7’7NN(M(wn;’7)a Z(xn77)> E
(d) GMM SVAE

M. Johnson, Composing graphical models with neural networks for structured representations
and fast inference, https://arxiv.org/pdf/1603.06277.pdf



Limitations of VAE

When applied to image data, it results into
blurry images.

For images, it is sensitive to irrelevant
variance, e.g., translations.

Not applicable to discrete latent variables.

Limited flexibility: converting the data
distribution to fixed, single-mode prior
distribution



GAN: GENERATIVE ADVERSARIAL
NETWORK



GANS

Introduced by Goodfellow et al., 2014
Assumes implicit generative model

Asymptotically consistent (unlike
variational methods)

No Markov chains needed

Often regarded as producing the best
samples (but,... no good way to quantify

it)



Generator Network

@P > ~ N(0, 1)

(x) T = G(z;H(G))

* Maps noise variable to the data space

* Must be differentiable but no invertibility is
required



1-D Example

input
distribution
output
distribution
function
computed by .
the network
L/
/é/ :
"!

11
Figure: Roger Grosse



Learning

* Train D to discriminate between training
examples and generated samples

* Train G to fool the discriminator

D 1(Real)
¢ |(discrminatoe~ O\saie)
real image fa - 1(real)

: — Discriminator training
S — (Generator training

fake mage

Figure courtesy: Kim’s slides 5



Minimax Game

___________________________________________

/ Paaa (@) log(D(@)) + p, (@) log(1 — D(a))da

Taking derivative of
alog(y) + blog(1 — y)
pdata(aj)

( ) pd'&ta(x> +pmodel($)




Discriminator Strategy

pdata(x)
Pdata (CC) == Pmodel (ZB)

Dix) =

----------------

R SIS

Wil




Minimax Game

Substituting
o pdata<$)
D(x> - pdata<$) -1 pmodcl(w)
I {o;a[aic?:i""]’: [ """" po(x) ] |
1| S— N [ \HEg~p, |lO :
:___f"i__'__g_{?ata<fv_>_tfzg_<iv_>_: 7 L paaa(®) £ (@)

GANs minimizes the Jensen-Shannon divergence
between two distributions.
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More Stable Version

e DCGAN: Most “deconvs” are batch
normalized

Hh-—gnf

Project and reshape
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DCGANs tfor LSUN Bedrooms
. '""‘.4 g -'l..,-n‘ . Z

——

(Radford et al 2015)



Practical Issues

Strong intra-batch correlation
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Step O

Step 5k

Practical Issues

Mode Collapse

Target

Step 10k Step 15k

(Metz et al 2016)

Step 20k

Step 25k
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Practical Issues




Summary

Does not need a specific likelihood function at the last layer to
train a latent-variable model

Similar move from Exact inference to MCMC to var. inf: Don’t
restrict model to allow easy inference - just let a neural network
clean up after.

Topics of research:
— How to compute P(z|x), like VAE, without compromising the
quality of samples?
— How to make GANs more stable: various divergences, ... ?
— How to handle discrete inputs ?

— How to generalize to idea to GM. Notable works ?
» ‘“Averserial Variational Bayes”, Sebastian Nowozin, Andreas Geiger, 2017

* “Learning in Implicit Generative Models,” Shakir Mohamed, Balaji
Lakshminarayanan, 2016

* “Variational Inference using Implicit Distributions,” Ferenc Huszar, 2017

* ‘“Deep and Hierarchical Implicit Models.” Dustin Tran, Rajesh Ranganath,
David Blei, 2017
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Applications in Vision

Mingming Gong
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Outline

* Semantic Segmentation

* Image-to-Image Translation
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Semantic Segmentation

* Partition an image into semantically meaningful
regions




Pixel-wise Classification

(b) Unary classifiers

25



Gird CRF

(b) Unary classifiers (c) Robust P™ CRF

it



Fully Connected CRF

(b) Unary classifiers (¢c) Robust P™ CRF (d) Fully connected CREF,

MCMC inference. 36 hrs
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Krahenbuhl, Philipp, and Vladle ully cormected with gaussian edge 27
potentials." Advances in neural information processing systems. 2011.



Fully Connected CRF

(b) Unary classifiers (¢c) Robust P™ CRF (d) Fully connected CREF,
MCMC inference. 36 hrs

* Model long-range connections

* Inference is computationally hard




Fully Connected CRF

. Label X = {Xy, ..., Xn}

* Imagel ={I,...,In}

 Gibbs distribution

P(X|I) = %I) exp(— Zcecg ¢C(XC|I))
* Energy function

EX|I) = 2_ceey Pe(*c|D)




Fully Connected CRF

. Label X = {Xy, ..., Xn}

* Imagel ={I,...,In}

 Gibbs distribution

(X|I) — Z(I) exp( Zcecg ¢C(XC|I))
* Energy function

Z"pu xz +Z"/}p QZZ,CUJ
i<j /

Unary Pairwise




Unary potential

B(x) =[3 vu(@)+ Y vp(oi,a;)

1<J

* Unary ¢, (x;)
 Computed independently for each pixel

 Multinomial logistic regression, boosting

(b) Unary classifiers
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Pairwise Potential

E(x) =) tu(z)HD_ vp(wi,z;)

* Pairwise potential

Wy (%, %;) = u(Cxy, %) XX wWEM(f F
* u-label compatibility function

e k—linear combination of Gaussian kernels

1
KO (f, f;) = eXp(_E(fi —fi)Z™(fi = £))
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Detailed model

W, (2, %) = p(o, %) DK o wmEM(F )

* u - label compatibility function

Potts Model: .U(xi;xj) = [x; # xj]

 k— Appearance and local smoothness

2 2 . 2
i B N e nan(l) o _|Pz’. —le N |1 — Ij| (Y _|Pz'. —Pj|
k(f;,£;) = w'\"/ exp ( 202 20% +w'“ exp 20

N y N -~ >y
-

appearance kernel smoothness kernel
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Detailed model

pi —pil* L= L[ 2
k(f;,f;) =wWexp | — I L | +w® exp
’ 262 267

N

A >y

"

appearance kernel

&,

https://www.cs.cmu.edu/~efros/courses/LBMV12/crf _deconstruction.pdf

smoothness kernel
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Message Passing

 Mean field approximation
* Minimize KL divergence D(Q||P),

st.000 = | e

* I|terative update equation

K
Qi(r; =1) = Zi exp {—wm) = > u@1) D w™ D k(8 £)Q; ()
m=1

* l'el j#i

}

0
* Message passing from all X; to all X;
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High-dimensional Filtering

~ -y

Q™ (1) = Fjey K™ (i, £)Q5(1) — Qi) = [Gaom ® Q)] () ~Qi(0).

message passing @Em) (1)

http://vladlen.info/papers/densecrf-slides.pdf 36



High-dimensional Filtering

Q™ (1) = Fjey K™ (i, £)Q5(1) — Qi) = [Gaom ® Q)] () ~Qi(0).

N >y

message passing @gm) (1)

* Downsample Q(1)
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High-dimensional Filtering

Q™ (1) = Fjey K™ (i, £)Q5(1) — Qi) = [Gaom ® Q)] () ~Qi(0).

N -y

message passing @gm) (1)

* Downsample Q(1)

* Blur the sampled signal o v

A —
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High-dimensional Filtering

Q™ (1) = Fjey K™ (i, £)Q5(1) — Qi) = [Gaom ® Q)] () ~Qi(0).

N

message passing @gm) (1)

Downsample Q(I)
Blur the sampled signal

Upsample to reconstruct
™)
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KL -dwvergence

eclea-‘o -
B,=0g=30 —o—
B,=0=50 — =
90-95-70 -
0y=05=50

5 10 15 20

Number of iterations
(a) KL-divergence

Convergence

0 iterations 1 iteration 2 iterations 10 iterations

(b) Distnbutions Q(.X = “bird") (top) and Q( X = “sky”) (bottom)
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MSRC dataset
* 591 images

21 classes

Results: MSRC

Unary Grid CRF FC CRF

grass

—— water

buliding building buildi ng
-

Time | Global | Avg

Unary - 84.0 | 76.6
Grid CRF 1s 84.6 | 77.2
FC CRF || 0.2s 86.0 | 78.3
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Results: PASCAL VOC

fully connected

* PASCAL dataset oo

* 1928 images background
e 21 classes | fully copmected

sheep

Time | Acc

Unary - 27.6

Grid CRF 2.5s | 28.3 , background

FC Potts 0.5s | 290.1

FC label comp || 0.5s | 30.2

42



Convolutional Neural Nets

CRF can refine the results from unary classifiers

Limitation: the unary classifiers trained on
handcrafted features

Solution: Deep convolutional nets for dense feature
extraction
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DeeplLab-CRF

Input Aeroplane
I Dee Coarse Score map
- !Convolugonal & :;'
Neural bl
Network
Y
Final Output Fully Connected CRF Bi-linear Interpolation

44



Fully Convolutional Nets

forward /inference

-

backward /learning
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Atrous Convolution

ORI

Block] Block? Bock3 Block4 Blocks Blocks Block/
16

lmage ciride K| 8 32 84 128 256 256
{a) Going deeper without atrous Comolution.
rate=2 tate-4 rate~8 rmte=16
Blockl Block?2 Block3 Block4 BlockS Blocks Block7
— - E] - E]
Image . = 8 16 16 16 16 16 16

(b) Going deeper with atrous comvolution. Atrous convolution with rafe > | is apphied after block3 when owpur stride = 16,
Figure 3. Cascaded modules without and with atrous convolution.
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Results: Example

Sl

ground truth

DCNN output CRF 1 iteration CRF 2 iteration CRF 10 iteration




Results: PASCAL VOC

e 21 classes
(a) Image (b) G.T. (c) Before CRf (d) After CRF

Method before CRF after CRF

LargeFOV 65.76 69.84
ASPP-S 66.98 69.73
ASPP-L 68.96 71.57

48



Outline

* Semantic Segmentation

* Image-to-Image Translation
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Image-to-Image Translation

Labels %o Street Scene

-“
' ap

BW 0 Color

Nt ouiput noul oout
Day 10 Night

outoul N (e Fie ¥ o oOul




Supervised Learning

mfaire}i/i * Multi-output regression
* |16 =Y

Input Ground truth L1

SN pee— eG sy —_—
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Conditional GAN

%— real

ACcGAN(G, D) Z]Ex,y [log D(:L', y)]-l—
Em,z[log(l o D(:U, G(CE, Z))],

L11(G) =B,y [[ly — G(=, 2)|l1]-

Isola, Phillip, et al. "Image-to-image translation with conditional adversarial

networks." arXiv preprint (2017). =



GAN

Y

B A
~”H|:|—-»fake A[H]l]—real

L gan(G,D) =E; y[log D( ,y)|+
Em,z[log(l o D( ) G(CE, Z))]a
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€T —

Generator (G)

Encoder-decoder

U-Net
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Generator (G)

Convolutional Encoder-Decoder

({tax st

55



Discriminator (D)

conv 5x5 COnV BXS
conv 5x5
conv 5x5
Full
o
e .
\ . J .
\ﬁ_.' 1
16—1_‘16 o 8 x 8 x 256 4x4x512
x x
by
32x32x64
\'J
64x64x3

Radford, Alec, Luke Metz, and Soumith Chintala. "Unsupervised representation learning with deep

convolutional generative adversarial networks." arXiv preprint arXiv:1511.06434 (2015). -



nput
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Edges->Images

Ground truth Output Input Ground truth

T3
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Output
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Labels -> Images

Ground truth

AR
ALUE o
WU
1 u

- .




Day-> Night

Ground truth Output = ‘ Ground truth




Unpaired Data

Paired | Unpaired
i Y

| P(X,Y) | IP(X) P(Y)

~ Infinite solutions!!
[ P(VIX) ]
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Cycle GAN

Discriminator Dy: L;an (G (x),y)
\ e | Real zebras vs. generated zebras

Zhu, Jun-Yan, et al. "Unpaired image-to-image translation using cycle-consistent
adversarial networks." arXiv preprint arXiv:1703.10593 (2017).

http://people.eecs.berkeley.edu/~junyanz/talks/pix2pix_cyclegan.pptx



Cycle GAN

Discriminator Dy: L;an (G (x),y)
\ e | Real zebras vs. generated zebras
Discriminator Dy: L4y (F (), x)

Real horses vs. generated horses




mode collapse!
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Cycle-consistency Loss
Forward cycle loss: ||F(G(x)) — X”

reconstruction J...
error




Cycle-consistency Loss
Forward cycle loss: ||F(G(X)) — X||

bangé cycle loss

reconstruction J...
error




Cycle-consistency Loss

Forward cycle loss: ||F(G(X)) — X|| Backward cycle loss: ||G(F(}’)) - 3’”

G(F(x))
e

reconstruction J...

reconstruction
error
error




Objective
GAN loss:

EGAN(Ga DY) Xa Y) :Eprdata (y) [1Og DY (y)]
+Ew~pdata(a:) [log(l o Dy(G(SU))],

Cycle consistent loss:

Leye (G, F) =Egnpa(a) || F(G(z)) — ||1]
+Ey~paa () IG(F () — yll1]-
Autoencoder
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Failure cases

Input Output Output

.
"‘ ..
E 1S e ’
S/ rTHN » A
y .. .
. -

winter — summer

cat = dog Monet - photo

photo = Ukiyo-¢ photo = Van Gogh iPhone photo = DSLR photo



Coupled GAN

Z : shared latent space
A

M.-Y. Liu and O. Tuzel. Coupled generative adversarial
networks. In NIPS, pages 469-477, 2016. 3, 5




GAN,

GAN,

Layer Sharing

g,(z)

Discnminators

Generators
e - e - e -
weight sharing
e - e - o

g.(2)

e =

- — @ — o

f1(9:2)

O

f 2(92(2))

O
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UNIT

Z : shared latent space

Infer z from x, VAE, ALI

Ming-Yu Liu, Thomas Breuel, Jan Kautz, "Unsupervised
Image-to-Image Translation Networks" NIPS 2017
Spotlight, arXiv:1703.00848 2017




I 1— —| (»T/F
Lo—» > —>T/F
VA j%%?
Es Go D,

Loz, (1, G1) =M\KL(q1(21]21)||py (2))
— XE,, gy (21 21) 108 PG, (21]21)]

Table 1: Interpretation of the roles of the subnetworks in the proposed framework.

Networks {El,Gl} {El,Gz} {Gl,Dl} {El,G1,D1} {Gl,Gz,Dl,Dz}

Roles VAE for X8 Image Translator X; — X5 GAN for &; VAE-GAN [14] CoGAN [17]
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—| (»T/F
— »T/F
D

fll_>2 = Gy(z, ~ q1(211x1))

Table 1: Interpretation of the roles of the subnetworks in the proposed framework.

Networks | {El,G1} {El,Gz} {Gl,Dl} {El,G1,D1} {Gl,Gz,Dl,D2}
Roles | VAE for &; j Image Translator X; — X8 GAN for X; VAE-GAN [14] CoGAN [17]
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D,

Lcan, (E1,G1, D1) = AoEg,~py, [10g D1(Z1)] + AoE;ngs (22]22) [108(1 — D1(G1(22)))]

Table 1: Interpretation of the roles of thqgeeisme
Networks | {E1,G1} {El,Gz}

mp the proposed framework.
{El,Gl,Dl} {Gl,Gz,Dl,D2}

Roles | VAE for &; Image Translator X; — X% VAE-GAN [14] CoGAN [17]
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—T/F

—T/F

Table 1: Interpretation of the roles of the subnetworks in the proposed framework.

Networks | {E1,G1} {El,Gz} {Gl,D1} {El,Gl,D1} {Gl,Gz,D1,D2}

Roles | VAE for &1 Image Translator Xy — X3 GAN for X; JVAE-GAN [14] CoGAN [17]
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—| »T/F

— »T/F

Table 1: Interpretation of the roles of the subnetworks in the proposed framework.

Networks I {El,G1} {El,Gz} {G1,D1} {E1,G1,D1} Gl,Gz,D1,D2}
Roles | VAE for &A; Image Translator X1 — X GAN for A7 VAE-GAN [14] CoGAN [17]
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Results

CSLTg- Husky v Corgi [nput Husky Corgi

Input




Results

Figure 5: Cat species translation results,
' . +Blond Hair +Eveg +Gostee  +Smiling

Figure 6: Attribute-based face translation results.



Application to Domain Adaptation

Reconstructed Source Image

G, 4

GS -7

Source Image Source Image Stylized as Target Target Image

Hoffman, Judy, et al. "CyCADA: Cycle-Consistent Adversarial Domain Adaptation." arXiv
preprint arXiv:1711.03213 (2017). g5



Application to Domain Adaptation

!|\ E - m s .
ﬁ.i [\ Z [\

SR N

'1
Source Image Source Image Stylized as Target Target Image

5

\/

Etask(fSaXS,YS)_ IE(:t: Ys)~(Xs, Ys)z]l[k y]log( ( ()( s)))
k=1

Lsem(Gs—T,Gr-8, X5, X1, fs) = Lux(fs, Gr—s(XT),p(fs, XT))
+ Lok (fs, Gso1(Xs),p(fs, Xs))

o0



Application to Domain Adaptation

Sowurce Prediction )

Target Image

Lsem(Gs—1, G5, Xs, X1, fs) = Lak(fs, Gr—s(X1),p(fs, XT))
e Ltask(fSaGS—)T(XS)ap(fSaXS))

87



Results

(a) GTAS (b) GTA5 — Cityscapes
i - 5

(a) Test Image ) (b) Source Prediction (¢) CyCADA Prediction (d) Ground Truth

(o]e)




