Recap.



P iXG I R N N [van der Oord et al. 2016]
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(a) Diagonal BILSTM

state-to-state: column-wise 2x1 convolution

input-to-state: 1x1 convolution

(b) Skewing operation



VQ-VAE and VQ-VAE2

VQ-VAE Encoder and Decoder Training

Original Reconstruction

(a) Overview of the architecture of our hierarchical
VQ-VAE. The encoders and decoders consist of
deep neural networks. The input to the model is a
256 x 256 image that is compressed to quantized
latent maps of size 64 x 64 and 32 x 32 for the
bottom and top levels, respectively. The decoder
reconstructs the image from the two latent maps.

Image Generation

Generation

(b) Multi-stage image generation. The top-level
PixelCNN prior is conditioned on the class label,
the bottom level PixelCNN is conditioned on the
class label as well as the first level code. Thanks
to the feed-forward decoder, the mapping between
latents to pixels is fast. (The example image with
a parrot is generated with this model).



MaskGIT: Masked Generative Image Transformer

t=120 t=200 t=255

Sequential
Decoding

with Autoregressive
Transformers

Scheduled
Parallel

Decoding
with MaskGIT




VAR: Visual Autoregressive Modeling

Three Different Autoregressive
Jre T o R Generative Models




Generative Adversarial
Networks



Overview
» Generative Adversarial Networks (GAN)

» Adversary as a Loss Function

» Wasserstein GAN (W-GAN)



Generative Adversarial
Networks (GAN)



Introduction

« “Generative”
* “Discriminative” was dominant back then

« “Adversarial”

* Generative models w/ discriminative models
* Min-max process

* “Networks”
« SGD + backprop for problem solving



Recap: Latent Variable Models

Represent a distribution by a neural network:

* Z - latent variables
A generator »

* X - observed variables
P,(2) Py(X)




Recap: Variational Autoencoder (VAE)

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

»\ encoder A generator »

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




What’s the implication of a “reconstruction” loss?

« Elements (e.g., pixels) are independently distributed
» Each element follows a simple distribution (Gaussian/Bernoulli/...)

Assumptions are too strict for high-dim variables

Can we measure the distribution difference in another way?



Data translation problems (“structured prediction™)

Semantic segmentation Edge detection

[Xie et al. 2015, ...]
[Long et al. 2015, ...]

Text-to-photo Future frame prediction

“this small bird has a pink
-

breast and crown...”
[Reed et al. 2014, ...] [Mathieu et al. 2016, ...]



Deep learning in 2012

Use a hypothesis space that can model complex structure
(e.g., a CNN, nearest-neighbor)

Learner

Objective

Data — gt EEEEEEEE N %f

= Hypothesis space g
IEEEEEEEEEERDYN

Optimizer




Why deep learning

Deep learning

Performance

Amount of data

How do data science techniques scale with amount of data?
[Slide credit: Andrew Ng]



Performance

Why structured objectives

Deep learning

Older learning algorithms

Amount of data



Performance

Why structured objectives

DL w/ structured objective
(e.g., GANSs, generative models)

DL w/ unstructured objective
(e.g., least-squares regression)

/ Older learning algorithms

Amount of data



[Photo credit: Fredo Durand]

arg min [
‘F

/ _ Objective function
Hypothesis space (loss)



X € RHXWXEi

y € RHXWXK

Semantic Segmentation

Learner

Objective

N
f* =argmin » H(y;,¥:)
fer =

Hypothesis space

Convolutional neural net

Optimizer
Stochastic gradient descent




Data

Sat2Map

Learner
Objective

N
0" = arg;lliﬂ Z( fo(x)i — ’yz‘)g
1=1
Hypothesis space

Convolutional neural net

Optimizer
Stochastic gradient descent




Input Deep net output




Structured prediction

Use an objective that can model structure! (e.g., a graphical model, a GAN, etc)

Learner

® Objective ™

Data - S esnnnas” %f
Hypothesis space

Optimizer




GEnaratvEAYESALIALNG MO R wor

A generator /“

PA(2) Pg(X)

a > network  — L(.Mh , )

pdata(x)




GEnaratvEAYESALIALNG MO R wor

A generator /“

PA(2) Pg(X)

g > discriminator
7

pdata(x)




GEnaratvEAYESALIALNG MO R wor

Fand “fake” data
r generator

PA(2) Pg(X)




GEnQr At EAYEISALIALNG MO R wor

‘ discriminator  — ¢¢ real”
“real” data |

pdata(x)



VAE

s A" 1
A encoder h ? decoder | Apg

pdata

P
GAN
I M -
A generator .
. 20 -

pdata

> discriminator  Ad or b 9




VAE

generation

GAN

generation

VN

P

generator

l f decoder »\pg
P

i~



Adversarial Objective
mci:n max (D, G) = Egnpy,llog D(z)] + Eznp, [log(l — D(G(2)))]

Min-max process
(vs. EM’s max-max process)

G f »pg .
é e

Pdata

> D M or 49




Adversarial Objective: D-step
minax) (D) G) = Eurpun[l0g D(2)] + Bz, l0g(1 = D(G(2)))]

& —_—

-

D-step: fix G, optimize D

'jr »pg ~
A

Pdata

y N G

P;

> D M or A7




Adversarial Objective:g%;jtep
(z)

max £(D) = Egnpy, [l0gD (@) + Esnp, [log(1 —DO(G(2)))]

pushto 1 pushto 0
D-step: fix G, optimize D
* D toclassify real or fake
 Dbinary logistic regression (sigmoid + cross-entropy)

o Py ~
A s J L=
/ A

Pdata

> D M or 49




Adversarial Objective: ggjtep
(z)

mng(D) = Eznpia 108D + Eznp, [log(1 —@D(z))]

pushto 1 pushto 0
D-step: fix G, optimize D
* D toclassify real or fake
 Dbinary logistic regression (sigmoid + cross-entropy)

Py ~

> D M or 49




Adversarial Objective: G-step

mGin max L(D,G) = Eynp,,|log D(z)] + E,np, [log(l — D(G(2)))]

G-step: fix D, optimize G

'jr ? »pg ~
e

Pdata

y N G

P;

> D M or A7




Adversarial Objectlve 9 step

mem_g*ﬁ(B’G) = Er=p 108 H+ Eznp. [log(l — D(G(2)))]

G-step: fix D, optimize G

r»pg"\
A G - > D M or 47

pz A —

Pdata




Adversarial Objectlve G ste

» G-step: fix D, optimize G p“Sh ol
 generate fake data such that D classifies it as “real”

G to“confuse” D
»pg N
A\ G 'r L D M or A9

P;



Adversarial Qpjective: G-step

a “flip” trick: min L(G) = B.p, [log(B(D(G(2)))]

» G-step: fix D, optimize G push to 1
 generate fake data such that D classifies it as “real”
G to “confuse” D
LR
A\ G ~ L D M or A9

P;



Adversarial Qpjective: G-step

a“flip”trick: =m0 L(G) = E;np, [log(FT(D(G(2)))]

pushtol

Early in training: | | /strohg grad
G is poor I
D(G)isnear0  [s|
i —— 1og(1-D(G(x)))
— log(D(G(x)))

oo—" 02 0.4 0.6 0.8 1.0
D(G(x))



Algorithm 1 Minibatch stochastic gradient descent graining of generative adversarial nets. The number of

steps to apply to the discriminator, X, is m;ieﬁmgt 6hus;d k = 1, the least expensive option, in our
experiments.

for number of training iterations d
for I steps do SG

e Sample minibatch of m noise samples {z'V.. ... 2™} from noise prior p,(z).

; Pg
e Sample minibatch of m examples {z''), ..., .1:”’”} from data generating distribution
Pd;na{w]-

¢ Update the discriminator by ascending its stochastic gradient:

w,% Zl [log D (2) +10g (1- D (G (17)))]-

end for
e Sample minibatch of mn noise samples {2, ..., z'"™)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

m

ot (100 (:))).

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.

P;

Pdata

M- -

GAN algorithm annotated

> D M or 49




.
Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k. is a hyperparameter. We used & = 1, the least expensive option, in our a g O r I I I l an n O a e
experiments.

for number of training iterations do
for [ steps do

e Jample minibatch of m noise samples {2V, . ... 2"} from noise prior p,(z).

; Py
e Sample minibatch of m examples {z''), ..., 2™} from data generating distribution
Pd;na{w]-

¢ Update the discriminator by ascending its stochastic gradient:

V:L,% i [lug]_) (:1:“7') + log (1 =02, (G’ AR ))] :

=1

end for
e Sample minibatch of mn noise samples {2, ..., z'"™)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

m

ot (100 (:))).

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-

tum in our experiments.
A/

G > D M or 47

P;

)\

Pdata



Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k. is a hyperparameter. We used & = 1, the least expensive option, in our
experiments.
for number of training iterations do
for [ steps do
e Sample minibatch of m noise samples {z'Y.. ... z!"™} from noise prior p,(z).
#® Sample minibatch of m examples {'"), ..., 2™} from data generating distribution

Paag L
e [Tpdate the discriminator by ascending its stochastic gradient:

w,% Z [lugu -:z:’l_'-) +log (1 < ((; (z“")))] :

=1

end for
e Sample minibatch of mn noise samples {2, ..., z'"™)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

m

ot (100 (:))).

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.

A -

P;

Pg

ata

GAN algorithm annotated

> D M or 49




Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k. is a hyperparameter. We used & = 1, the least expensive option, in our
experiments.

for number of training iterations do

- steps do
e Sample minibatch of m noise samples {z'Y.. ... z!"™} from noise prior p,(z).
Pal
e Sample minibatch of m examples {=''), ..., 2™} from data generating distribution
l’dma{z]~

£Update the discriminator by ascending its stochastic gradient:

m

D'Step V:L,'—:' Z [lugl) (:1:“7') + log (1 -D (G’ (z“")))] :

d for

GAN algorithm annotated

gradient ascend

e Sample minibatch of m noise samples {2z, .... 2™} from noise prior p,(2). (maX| m | Ze)

e Update the generator by descending its stochastic gradient:

m

ot e (10 (0 (=)

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-

tum in our experiments.

P;




Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k. is a hyperparameter. We used & = 1, the least expensive option, in our
experiments.
for number of training iterations do
for [ steps do

e Sample minibatch of m noise samples {2V, . ... 2"} from noise prior p,(z).

; Pg
e Sample minibatch of m examples {z''), ..., 2™} from data generating distribution
Pd;na{w]-

¢ Update the discriminator by ascending its stochastic gradient:

V,;{,% i [lug]_) (:1:“7') + log (1 -D (G’ (z“")))] :

t=1

end for
Sample minibatch of m noise samples {21, ..., z'"™)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient: ——

m

Vnw;:—’ Z]()g (1 - D (G ! 2 ,)) .
=1
end for

The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.

y

P,

Pdata

GAN algorithm annotated

> D M or 49




|
Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k. is a hyperparameter. We used & = 1, the least expensive option, in our a g O r I I I l an n O a e
experiments.

for number of training iterations do
for [ steps do

e Sample minibatch of 1 noise samples Z"’ : ]. v Zl'".’ from noise prior alZ ).
) I 2
e Sample minibatch of m examples :B“) ..... :l)("” from data cncraline distribution
& >
]’dala{m]~

¢ Update the discriminator by ascending its stochastic gradient:

e

V,;‘,i logD (') +log (1-D (G (2 :
g P o) rimlt-le ) gradient descend

(minimize)

end for

ample minibatch of m noise samples {z'", ..., z'"™)} from noise prior p, (2N
B®Update the generator by descending its stochastic gradient:

G-Step v.,,.,% ilog (1-p(c (=)

a parameterized
end for

The gradient-based updates can use any standard gradient-based learning rule. We used momen- IOSS fU n Ctl on

tum in our experiments. /”"’—a\

“to guide this part



|
Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k. is a hyperparameter. We used & = 1, the least expensive option, in our a g O r I I I l an n O a e
experiments.

for number of training iterations do
for [ steps do

e Sample minibatch of m noise samples {z'Y.. ... z!"™} from noise prior p,(z).

e Sample minibatch of m examples {x''), ..., x'™} from data generating distribution

PawalT).

¢ Update the discriminator by ascending its stochastic gradient:

w,% Zl [lugu () +10g (1- D (G (z<)))] . iterating
e o | min-max

e Sample minibatch of mn noise samples {2, ..., z'"™)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

Vo~ Y log (1- 0 (6 (29))).
=1

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-

tum in our experiments.

G > D M or 49

P;

Pdata



Theoretical Results
1. For any given G, the optimal D is:

* L pdata(x)
Dele) = Ddata (Z) + pg(x)

1.0

— p_data (mu=-1, std=1)
—— p_g (mu=1, std=1)
— D




Recap : Discriminative vs. Generative

discriminative generative

p(zly = 0)

p(xly

1)



Theoretical Results

2. With the optimal D¢, the objective function is:
L(D*,G) = 2D ;5(Paaal|py) — 210g 2

where Djs IS Jensen—Shannon divergence



Background: Jensen—Shannon divergence

' p(z)
Djs: “total divergence to the average” D1 (pllg) = / p(z)log ) dzx
1 pP+q 1 p+q
D;s(pllg) £ 5 Px(pl=——) + 5 Dxrlall——)
0.20 1 D (p[|m) «ﬂ\D kL(g]|m)

’ \\\
0.10 - | DJS(pl |q)
0.05 | "

0.00 -

=0.05 1

-0.10 -




Background: Jensen—Shannon divergence

Djs: “total divergence to the average”

A, A Pt 1 p+q

D;s(pllq) = §DKL(p||T> + §DKL(CI||T)

Properties:

« Djgis symmetric;

»  Djysis bounded: [0, log2];
* DyslIs more stable




gl.- h\&%rtﬁ; !)%%Lﬁlis ltlr!et§bjective function is:
L(D*,G) = 2D j5(pdata||pg) — 2log 2

GAN optimizes for Jensen—Shannon divergence.

D> Dys(ab || -40.)

P,




F NGNGB ESUHS ea at p.= pe
L(D*, ) = 2D5stpamalipy) — 2log 2

-

Gx > D*  Dys(ab llab)

re

Pdata

P,



TheQaHcal ResyliRrummary

* o pdata(m)
Dalal = Pdata(T) "‘pg(x)

2. With optimal Dg, GAN optimizes for Jensen—Shannon divergence:

E(D*7 G) i 2l)JS(pdataHpg) — 2log 2

3. Global optimality is achieved at pg= Pyaia

L(D*,G") = —2log?2



TheQaHcal ResyliRrummary

* o pdata(x)
DG(CE) B pdata(fc) +pg($)

2. With optimal Dg, GAN optimizes for Jensen—Shannon divergence:

L(D*,G) = 2D j5(pdata||pg) — 2 log 2
3. Global optimality is achieved at pg= Pyaia

LG D) = [ (pr(e)loB(D" (&) +py(o) log(1 — D*() ) de

= log % /p,(:]:)d.r + log% /pg(a:)dx D*(z) =1/2

= —2log 2‘



Running example: MNIST

2.0

—log D(z) — log(1 — D(G(2))) D loss

loss

—loe D(G(z)) * G loss

_log(1— D(G(2))) * l0SSgae
—log D(_IL’) ¢ IOSSrea|

0.0 I I I | 1 Ll
0 100 200 300 400 500
epochs

*All objectives are negative of their original form Code adapted from: https://github.com/prcastro/pytorch-gan/tree/master



Running example: MNIST . we minw/G

2.0

minw/ D
—log D(x) —log(1 — D(G(zN) e D loss

—log D(G(2)) C/’IBSS)

| | Y
—log(1l — D(G(z ° IOSSfake
o log D(_IL') ® OSSreal

min w/ D

loss

0.0 I I I | 1 Ll
0 100 200 300 400 500
epochs

*All objectives are negative of their original form Code adapted from: https://github.com/prcastro/pytorch-gan/tree/master



Running example: MNIST

2.0

loss

~ 1.39 (2log2) Iideally

[ —log D(z) —log(1 — D(G(2))) D loss

—loe D(G(z)) * G loss

_log(1— D(G(2))) * 10SStake
R\ —log D(_IL’) ¢ IOSSrea|
~ 0.69 (log2) ideally
0.0 - T T T . T
0 100 200 300 400 500
epochs

*All objectives are negative of their original form

Code adapted from: https://github.com/prcastro/pytorch-gan/tree/master



Running example: MNIST

“Mepl ep 20 ep 50 ep 300 ep 500

FEEE 277 MksiZ2 hERO7 [
‘B E R e &lslz7] [51EL 71%l2]1] [7]V]2]3
S RER 2327 [Zeleiz €7]¢] [€l7]9])/
e (v7]zls] Zizislel [z]i2]d] (77174

0 100 200 300 400 500
epochs

*All objectives are negative of their original form Code adapted from: https://github.com/prcastro/pytorch-gan/tree/master



Running example: GAN Lab https://poloclub.github.io/ganlab/

Data Distribution Epoch
GAN Lab ol - V) ° O 001,130

0 Use pretrained modal

MODEL OVERVIEW GRAPH /' LAYERED DISTRIBUTIONS METRICS
O i B Discriminator's Loss
gt N B Generator's Loss
: i 1.0
: ; 08 (A AN
i ! [
' ! 0.6
I i 04
Real @ ! Real : o
| 0
: - 0 1000 2000
/: gl::ﬂmmatov B KL Divergence (by grid)
¥ JS Divergence {by grid)
AT P ) 3
""«.‘ 2 :..', » |
SRS N
Noise r 1 G L
i Samples | loi?rmr
| |
| ‘ o . . - -
: : 0 500 1000 1500
i |
| |
i |
I\ ,' Each dot |s a 20 date sample: real samples; fake samples

Background colors of grid cells represent discriminator's classifications
Samples in green reglons are likely to be real; those in purple regions likely fake

Manifold reprosents generstors transformation results from noise space
Opacity encodes density: darkers purple means more semples in amoller sres

Pink lines from foke samples represent gradients for genecator.
# This sample needn 10 move uppes right 10 decresse generstors loss



Adversary as
a Loss Function



A@Xﬁ re%%m(a%ﬁdg‘i A@Qa%sagl%qgﬁgs function

* |nput to networks Is not necessarily random/noise

* Beyond L2/L1: adversarial loss encourages output to look
“realistic”

« Combined with L2/L1: reconstruction loss largely stabilizes
training



AEIMELSAKY: Asaenl-0SS Function

Z generator x discriminator — real/fake




AGNeESaR @8 Aolk@sunction

X encoder Z generator x> discriminator — real/fake



AN EESARN: @S Aol SSukLINCtIoN
( .

X encoder V4 “decoder” X’ = parameterized loss function
e trained alternately




Example: Super-Resolution GAN

worse PSNR, but

 Detter better visual quality
original bicubic PSNR  SRResNet SRGAN
(21.59dB/0.6423) (23.44dB/0.7777) (20.34dB/0.6562)
= 5 : — —

% . '.. :
: - 8¢
: ¥ & - < g .
-~ - | 3 -
1 ' ’ - - ~
N y -
v : J >
N ; e g % S8 )
y — » 5
r
] o
S

e

Ledig, et al., “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network”, CVPR



Example: Super-Resolution GAN

reconstruction
original reconstruction + adversarial

Ledig, et al., “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network”, CVPR






Fyamnlp NIX?2NI1YX

Input ) Ground truth

Isola, et al., “Image-to-Image Translation with Conditional Adversarial Networks”, CVPR



horse —» zebra

Zhu, et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks”, ICCV



| - - ﬁ

Generator



| - - ﬁ

— H H — real or fake?

Generator Discriminator

G tries to synthesize fake images that fool D

D tries to identify the fakes



_..ﬁ._..ﬁfake(o.g)

—1Innr—real (0.1)

argmax Ex y[|log D(G(x))] + lHog(l— D(y)) |

D



1 — real or fake?

G tries to synthesize fake images that fool D:

ar Iyl log D(G(x)) + log(1—D(y)) |




— H H — real or fake?

G tries to synthesize fake images that fool the best D:

arghminmax] Bxy [ log D(G(x)) + log(1—D(y)) |




- - Loss Function
,, D

~
~
....
......
-----------

G’s perspective: D Is a loss function.

Rather than being hand-designed, it is learned and highly
structured.



1 — real or fake?

argm&nmgx ixy| log D(G(x)) + log(l—D(y)) |




1 — real!

argm&nmgx ixy| log D(G(x)) + log(l—D(y)) |




— H H — real or fake pair ?

argminmax Ey | log D(G(x)) + log(l— D(y)) |

G D




1 —— real or fake pair ?

arg min max
G D




—1I Nl F— fake pair

J | -
&N E. W
‘AR EERREL

‘ .
Ny
......
Ny
Ny,

arg min max “lx,y log Dh G ) + 108; 1 — b(ﬂ, Y)) ]

G D



real pair
- —

0 .............

@’
)
] ma.!X p 4 }y

G D



—1 H H — real or fake pair ?




1. Image synthesis

2. Structured prediction

3. Domain mapping

Domain mapping

[Includes slides from Jun-Yan Zhu, Taesung Park]

[Cartoon: The Computer as a Communication Device, Licklider & Taylor 1968]



Paired data Unpaired data

—— N e




- D

AI:M:M:I— real or fake pair ?

arg ménmgx *‘ZX}_Y[ log D(X, G(X)) + log(l — D(Xj .Y)) ]




real or fake pair ?

arg ménmgx ”’:x,y[ log D(X, G(X)) - log(l — D(Xj Y)) ]

NoO Input-output pairs!



real or fake?

argminmax Ex | log D(G(x)) + log(l— D(y)) |

G D
Usually loss functions check if output matches a target instance

GAN loss checks if output is part of an admissible set



Real!
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Nothing to force output to correspond to input



CycleGAN, or there and back aGAN

S = W,

- g p—

/\
X Y
! ¥
. Dy |*%

[Zhu*, Park™ et al. 2017], [Yi et al. 2017], [Kim et al. 2017]



CycleGAN, or there and back aGAN

e
LS ST

NI E—

<7 Yy
\./

1 |

Dx Dy



Cycle Consistency Loss

reconstruction [ gw
Y
. S\o&

eIrror




Cycle Consistency Loss

F(y)

reconstruction
. —) \,u®*' error
reconstruction [ .= .
-t S\og e=——T—e9

eIrror




Paired translation Unpaired translation

Training data Objective Training data Objective
T P 17
{ ‘ Yi@/ _.“&\ L Yi
:I:Ji . 0: L« oo J k e J ““
regression error X Y cycle-consistency error
Input Result

Input Result

ot v T,

[“pix2pix”, Isola, Zhu, Zhou, Efros, 2017] [“CycleGAN”, Zhu*, Park*, Isola, Ei
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GANS

Gaussian Target distribution




CycleGAN

Horses Zebras




Wasserstein
GAN



W-GAN in Short

« \Wasserstein distance, instead of JS divergence

For engineers:
* remove logarithms
 clip weights

For laymen:
e artcritic, instead of forgery expert

www.reddit.com/r/Machinel earning/comments/5gxoaz/comment/dd7aomb/



http://www.reddit.com/r/MachineLearning/comments/5qxoaz/comment/dd7aomb/

Recap: GAN optimizes for D

L(D*,G) = 2D j5s(paatal|pg) — 210g 2

A -
A

pdata

> D> Dys( b ||-40.)




Problems of D¢

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

D s = 0.337 D s = 0.633 D ;s = 0.693
—i — 1 =
B c=10 | : =02




Problems of D¢

Why it is common pand gdon’t overlap?



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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Problems of D¢

D jg versus /Ay

Djs Is useful only if pand gare close

D -




Problems of D s » Djysis a delta function when pand g

are delta functions
D jg versus /Ay

D s = 0.693

A |

~1.0 0.5 0.0 0.5 1.0



(.7t
0.6
0.5
0.41
0.3
0.2

0.0

PrObIemS Of DJS * Djsis adelta function when pand g
are delta functions

D jg versus /Ay

Can we have a

measure like this?
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D s = 0.693

A

I

i




Wasserstein Distance

“Earth Mover’s Distance”
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Running example: Wasserstein Distance

o
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Pl Pz P.'i Pl Ql Qz Q;s Qi



Running example: Wasserstein Distance

......

pF, By P, Ql Qz Q:.s Q.1



Running example: Wasserstein Distance

2 shovelfuls
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Running example: Wasserstein Distance

2 shovelfuls

:

PP, Py P




Running example: Wasserstein Distance

1 shovelful

“h

PP, Py P




Running example: Wasserstein Distance

W(P,Q)=5x8

]

“h

PP, Py P




Running example: Wasserstein Distance

JPl PZ PE 'Pfi Q 1 Q’)J QB Q-i



Running example: Wasserstein Distance

Pl Pz P:ﬁ P{ Cdfp Cde Ql Qz Q3 Q-i

e cdf: cumulative distribution function



Running example: Wasserstein Distance

P F, Py P @, @ @ €

cdfp Y fedfp(i) — cdfq ()] cdfg

W(P,Q)=5xH8



W@s@s‘i@”b@alrﬁ:@(?g discrete)
l:-norm WP, Q) = Z|cdfp — cdf g (4)]

« 1-Wasserstein Distance (1-d, contlnuous)

1(p, q) / cdf,(z) — cdf,(z)|dz
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Recap: D g

D jg versus /Ay

Djs Is a delta function when pand g
are delta functions

Can we have a
measure like this?

~1.0
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D s = 0.693
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Wasserstein Distance .

when pand gare delta functions:

~1.0 0.5 0.0 0.5

1.0

Wl(p7 Q) = |Np — .qu‘

A




Xq A “moving plan” IS a matrix

The value of the element is the
amount of earth from one
position to another.

Average distance of a plan y:
B(y) = Z ¥ (%0, %) || 60 — 4|
XpXq
Earth Mover’s Distance:
=minB
W(P, Q) =minB ()

moving plan y The best plan
All possible plan I1



WP%@S@%@L%QA&@(H&%W continuous)

Wi(p, q inf E eyl —
1(p,q) = 75& “(z,y) 1 y|]

p,q)

« all joint distributions y(x, y) /\/p\
whose marginals are pand g .

vvvvvvvvv

—————————————




W-GAN optimizes for Wasserstein Distance

Wi(p,q) = inf Eg)es(lz —yl]

vEIl(p,q)
Mo

pdata

P> net Wi( b || M)




W-GAN optimizes for Wasserstein Distance

 Kantorovich-Rubinstein duality:

Wi(p,q) = sup Egop|f(z)] — Eznglf (T
(p,9) @ f(z)] f(z)]

 all 1-Lipschitz
functions




W-GAN optimizes for Wasserstein Distance

 Kantorovich-Rubinstein duality:

Wi(p,q) = sup Epp|f(z)] — Egngl|f(z
(p, q) @ f(z)] f(z)]

 all 1-Lipschitz
functions

K-Lipschitz continuity:
[f(z) = f(y)| < Klz—y|, Va,y

gradient Is bounded:

1@~ fW) V%

c— ~ 7\
- / \
| -/I; y | },/' f \‘. -1.5
ll/ .“1
/ \
/ \




W-GAN optimizes for Wasserstein Distance

« Kantorovich-Rubinstein duality:

W : ]ExN — Egznglf
1(p, q "ﬁLfTﬁK olf Jf ()]

K-Lipschitz continuity:
[f(z) — f(y)| < K|z —yl, Vaz,y



W-GAN optimizes for Wasserstein Distance

* W-GAN’s objective function:
maxX Eznpy, [fur(2)] = Eonp, [fur ()]

weW
»pg ~

Pdata

> f Wi( b || -A)




W-GAN optimizes for Wasserstein Distance

* W-GAN’s objective function:
s B} fu (:c)]/ o] @%

e
@

> f Wi( b || -A)




W-GAN optimizes for Wasserstein Distance

* W-GAN’s objective function:
wl;x’“pdt Lfw(T)] — 4:cfvzog[fw( z)]
welghts are bounded: in practice, clipped [-0.01, 0.01]
»pg -
AA\ _

Pdata

P> iy Wi( b || -40)




Wal AN ¥ReRrigingl GAN

g5 D)5 )
» clip weights  rentove logarithms

* original GAN’s objective function (D-step):

?@Emwpdat@‘l_ Eznp, @@]




W-GAN vs. original GAN . e

 value/merit/quality/...

* W-GAN’s objective function: « direction to improve (gradients)
wew Emdiata@ )| = Eanp, [ fuo (@),

« original GAN’s objective function (D-step):

% Eq vy, 0 D42)] + Eanp, log(1 — D(a))]

“forgery expert”
* real/fake



Algorithm 1 WGAN, our proposed algorithm. All experiments in the paper used =
the default values o« = 0.00005., ¢ = 0.01, m = 64. Neitic = D. W—GA N al g O r I th I I l an n Otated

Require: : o, the learning rate. ¢, the clipping parameter. m, the batch size.
Neritics the number of iterations of the eritic per generator iteration.
Require: : wy, initial critic parameters. @y, initial generator’s parameters.

1: while # has not converged do

2 for t =0, ..., Negitic do

3 Sample {x'")}™, ~ P, a batch from the real data.

1 Sample {27}, ~ p(z) a batch of prior samples. remove |Ogal’lthm8
5: Gu — Vn.' [ylu Zill .f‘rl'(4[7(i)) = ,l,, :“21 fu'(!]f)(s(l)))]

6: W W+ o - R.\ISFW.Q,,.) =

T w + clip(w, —e¢, ¢) . .

. end for ———=— ClIp Weights

9: Sample {z'"}" | ~ p(z) a batch of prior samples.

10: gy — —V(/,]T e fuwl(ge(z)

11: 0 + 0 — a - RMSProp(0, gs)
12: end while

A -

9 < fw Wi b [|-40)

P;

pdata



Wf\l\kl--- m—ram memem =1 7~SA AN

\ |
KDE .

original
GAN

Samples ‘ L Y ,

- /

\ | . \

KDE -

W-GAN

e
Samples %

Epoch 0 Epoch 1 Epoch § Epoch 10 Epoch 20 Epoch 50  Epoch 100




[Martin Arjovsky, et al., arXiv, 2017]

WGAN

Evaluate wasserstein distance between P 4,:, and P

V(G, D) " g
= M {E e [P = Erepg [P()]]

D€ 1-Lipschitz
D has to be smooth enough.

Without the constraint, the
training of D will not converge.

generated

Keeping the D smooth forces
D(x) become « and —oo



WEight C|IDDIng [Martin Arjovsky, et al., arXiv, 2017]
Force the parameters w between c and -c After

WGAN parameter update, if w > ¢, w = C;

Ifw<-c,w=-C
Evaluate wasserstein distance between P4,:, and P

V(G, D) L 8-

= max D(x\1 — D(x
pe X AE Py [P = Expg [P}

D has to be smooth enough.  How to fulfill this
constraint?

Lipschitz Function 1-Lipschitz?

1f(x) = fF ()l < K lxa —x2 ||
Output Input . T B
change change 1-Lipschitz?

K=1 for "1 — Lipschitz" : /\/

Do not change fast \/




1 1

W_GAP!LO\JA t['\lﬁ:f\ll:lﬂf\ll fill\l\ll

0.8 +

Density of real
Density of fake
GAN Discriminator
WGAN Critic

-0.2} NGAN _— Vanishing gradients

- in regular GAN

1 1

=

il -6 -4 -2 0 2
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Improved WGAN (WGAN-GP)

vV (G, D)

= MaX D(x\1 —
DEI—LipSChitZ{Ex~Pdata[ ( )] EX"PG [D(X)]}

A differentiable function is 1-Lipschitz if and only if it has
gradients with norm less than or equal to 1 everywhere.

D € 1- Lipschitz <y ||V,D(x)|| <1 forall x

V (G, D) = MaX{Ey-p g, [DOO]~ Espy [D()]

—AfemaxtO D Eot—
Prefer ||V, D(x)|| <1 for all x ‘
“AEx-p, e, [Mmax(0, 7D = 1)1}

Prefer ||V, D(x)|| < 1 for x sampling from x~Ppenaity



Improved WGAN (WGAN-GP)

V(G. D) = MaX{Ex-pyyy, [D@)]~ Ex-p, [D(0)]
ABxpyar, [Mmax (0, IZDC)I - 1)1}

penalty

Paata Pq

Ppenalty

“Given that enforcing the Lipschitz constraint everywhere Is
Intractable, enforcing it only along these straight lines seems
sufficient and experimentally results in good performance.”

Only give gradient constraint to the region between P ;,:, and Pg
because they influence how P; moves to P44



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.”



Spectrum Norm

Spectral Normalization — Keep
gradient norm smaller than 1
everywhere [Miyato, et al., ICLR, 2018]

1flluip <|[(hr = WE R D) ||Lip - lan||uip « [(BL—1 = W RL_1)|Lip
L+1 L+1

a1 ||Lip - || (Ro = Who)||Lip = H [(hi—1 = W'hi_1)||Lip = H a(WH).
I=1



W-GAN in Short

« \Wasserstein distance, instead of JS divergence

For engineers:

* remove logarithms  \\jasserstein distance
 clip weights
— Lipschitz continuity

For laymen:
* artcritic instead of a forgery expert

— —

—  gradients

www.reddit.com/r/Machinel earning/comments/5gxoaz/comment/dd7aomb/
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Biigh 4 SGANAEBGAN
Egnpaa (D( ’

z) — b) T ]ESBNPQ(D(CE) — a)2

* Energy-based (EB) GAN:
Eznpua D() + Egup,[m — D(z)]*



