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There are many interesting recent development
in deep learning...

The most important one, in my opinion, 1s
adversarial training (also called for
enerative Adversarial Networks).

—Yan LeCun (353, &), 2016



#DEEP LEARNIN'G

~ an Goodfellow, Yoshua Bengio,
§ and Aaron Coumlle

FEIE lan Goodfellow, ZRIRES
Byt S L FRFEARI (i€ kM Yoshua
Bengio #1 Aaron Courville B 75§
% Deep Learning Z2&ZY3E o
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Generative Adversarial Networks
lan Goodfellow ZF A (NIPS 2014)

https://arxiv.org/abs/1406.2661




lan Goodfellow AY GAN #{2 (NIPS 2016)
https://youtu.be/AJVyzdOrqdc




https://github.com/hindupuravinash/

the-gan-zoo
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Variational Grid Setting Network
Yu-Neng Chuang, Zi-Yu Huang, and Yen-Lung Tsai
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log(a - b) = log(a) + log(b)
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(a) (b) %k H lan Goodfellow ¥ A GAN
E’JE I:Inﬂﬂy (2014)
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Wasserstein GAN

Martin Arjovsky!, Soumith Chintala?, and Léon Bottou's

LCourant Institute of Mathematical Sciences
2Facebook AI Research

1 Introduction

The problem this paper is concerned with is that of unsupervised learning. Mainly,
what does it mean to learn a probability distribution? The classical answer to this
is to learn a probability density. This is often done by defining a parametric family
of densities (Py)gcre and finding the one that maximized the likelihood on our data:

if we have real data examples {z(¥}™  we would solve the problem

1 — .
— log Pa(2®)
grgggm; og Py(z¥)
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Karras-Aila-Laine-Lehtinen
Progressive Growing of GANs for Improved
Quality, Stability, and Variation

Progressive GAN

Karras 3 NVIDIA BEfx (ICLR 2018)
https://arxiv.org/abs/1710.10196

“Progressive Growing of GANs for Improved Quality, Stability, and Variation”

NVIDIA Bl R B B/BINXE

SV RRTEELR 2B HAB Theano,
Python 2, MEXRBE GPU
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This Word Does Not Exist

Using generative adversarial networks (GAN), we can learn how to
create realistic-looking fake versions of almost anything, as shown by
this collection of sites that have sprung up in the past month. Learn
how it works.

This Person Does Not Exist This Cat Does Not Exist This Rental Does Not Exist

The site that started it all, with the name These purr-fect GAN-made cats will Why bother trying to look for the perfect
that says it all. Created using a style- freshen your feeline-gs and make you home when you can create one instead?
based generative adversarial network wish you could reach through your screen Just find a listing you like, buy some land,
(StyleGAN), this website had the tech and cuddle them. Once in a while the cats build it, and then enjoy the rest of your
community buzzing with excitement and have visual deformities due to life.

intrigue and inspired many more sites. imperfections in the model — beware, they

can cause nightmares.
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Z =X+ W
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https://thispersondoesnotexist.com/

This Person Does Not Exist This Cat Does Not Exist

The site that started it all, with the name These purr-fect GAN-made cats will

that says it all. Created using a style- freshen your feeline-gs and make you
based generative adversarial network wish you could reach through your screen
(StyleGAN), this website had the tech and cuddle them. Once in a while the cats
community buzzing with excitement and have visual deformities due to

intrigue and inspired many more sites. imperfections in the model — beware, they

can cause nightmares.

Created by Phillip Wang. Created by Ryan Hoover.

https://thisxdoesnotexist.com/



= A EEPEIERE Colab Notebook:
https://bit.ly/colab toonify



Pix2Pix

Isola, RIZZFA (CVPR 2017)

outp ut “Image-to-Image Translation with Conditional Adversarial Networks”

Pix2pix HEEEEEMIE o

* 3K H Isola, R1IEEZFEARIFEIAHI (2017)
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Labels to Street Scene

iINnput

Pix2pix BEF B BEER -

“RH Isola, RIEEZFANRIRHX (2017)
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edges2cats

TOOL INPUT OUTPUT
( IlneQ

HEsmE,
A AR AL
£ 312K !

Pix2pix 43_ERR
https://affinelayer.com/pixsrv/

* Christopher Hesse f&kE a3 it



CycleGAN

KIEEZZA (ICCV2017)
https://arxiv.orqg/abs/1703.10593

“Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks”
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FZHABNATERTHEENSE o
https://youtu.be/9reHvktowLY
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Entropy SRR FIOAEE - BARTFITGHA B EBWAK, hik
E A RER B REE; ERE—ES M, HERERE 1, P
entropy B 0 - tHEILE AKE R entropy & TELEL o

H(P) = - ZPi log p,
=1
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H(X) = — E, pllog P(x)]

= — Z P(x)log P(x)

x~P
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BE—ERESH P BE=ERENEEF, RXDINE P = (p,p,. p3)

3
H(X) = — Zpi log(p;)
i=1

= — [p; log(p,) + p, log(p,) + p;log(ps)]
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BEBHEESST P, BERN=EEH (LEMN=FFE/\F), EE9H=2
P = (3,5, ¥3), O = (¥}, ¥, 72), Bl P, O BY cross entropy H(P, Q) %:

3
HP,Q) = — ) ylog($)
=1
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P Y=yl

H(P, Q) = — (y, logy, + y, logy, + y; log y3)

ARIEESEEW [1,0,0] RV one-hot encoding o
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H(P,Q) = —y;logy, = —logy.
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H(P,Q) = —y;logy, = —logy.
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& A14EFE MSE IR?

maaEmEEy = | 1,0,0]
MREZZE: vy =1[0.7,0.19,0.11],¥, = [0.7,0.3,0]

1= B & Cross Entropy

E "‘EE l%\

[0.7,0.19,0.11] 0.14 0.36
REE

0.7,0.3.0] 0.18 0.36
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D, (P||Q) = H(P, Q) — H(P)
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D, (P||Q) = H(P, Q) — H(P)

BB E cross
entropy &)\, KL
AUk




L isER—1f EREFENERRE

maEmzzy = |0.7,0.2,0.1]

MREZZE: vy =[0.75,0.15,0.1],¥, = [0.6,0.3,0.1]

a

1= B Cross Entropy KL Divergence

[0.75,0.15,0.1] 0.81 0.01

[0.6,0.3,0.1] 0.83 0.03
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