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Total number of papers

Cumulative number of named GAN papers by month

330 More than 500 species
285 In the zoo

2014 2015 2016 2017 2018
Year

(not updated since 2018.09)
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e SeUDA - Semantic-Aware Generative Adversarial Nets for Unsupervised Domain Adap

GAN Segmentation

ACGAN e SG-GAN - Semantic-aware Grad-GAN for Virtual-to-Real Urban Scene Adaption (githu
e SG-GAN - Sparsely Grouped Multi-task Generative Adversarial Networks for Facial Attr

CGAN
DCGAN
EBGAN

fGAN ¢ SiftingGAN - SiftingGAN: Generating and Sifting Labeled Samples to Improve the Rem

GOGAN Classification Baseline in vitro

e SiGAN - SIGAN: Siamese Generative Adversarial Network for Identity-Preserving Face |

e SGAN - Texture Synthesis with Spatial Generative Adversarial Networks

e SGAN - Stacked Generative Adversarial Networks (github)

¢ SGAN - Steganographic Generative Adversarial Networks

® SGAN - SGAN: An Alternative Training of Generative Adversarial Networks

¢ SGAN - CT Image Enhancement Using Stacked Generative Adversarial Networks and T
Segmentation Improvement

® sGAN - Generative Adversarial Training for MRA Image Synthesis Using Multi-Contrast

>< e SimGAN - Learning from Simulated and Unsupervised Images through Adversarial Trai
>< e SisGAN - Semantic Image Synthesis via Adversarial Learning

Mihaela Rosca Balaji Lakshminarayanan David Warde-Farley S h a k i r M ovariatioreldpproaghes for Auté&cncoding
Generative Adversarial NetwoiksrXiv, 2017

*We use the Greek « prefix for a-GAN, as AEGAN and most other Latin prefixes seem to have been taken
https://deephunt.in/the-gan-z00-79597dc8c347.
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Anime Face Generation

Generator

Examples
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Powered byhttp://mattya.github.io/chainerDCGAN/

Basic |dea of GANtis a neural network
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NN), or a function.
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(NN), or a function.

Basic |ldea of G/Nlt is a neural network
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Algorithm

Alnitialize generator and discriminato. G = D
Aln each training iteration:

Step 1 Fix generator G, and update discriminator D

| Databas_(;

Discriminator learns to assign high scores to real objec
and low scores to generated objects.



Algorithm

Alnitialize generator and discriminato

Aln each training iteration:

Step 2 Fix discriminator D, and update generator G

| NN
I Generator
vector u_pdate

Gradient Ascent

hidden layer
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Algorithm

Alnitialize generator and discriminatoi
Aln each training iteration:

Sample some
real objects:

Learning
D

Learning
G




Anime Face Generatlon

100 updates = %%
o il A &k \

Source of training datdnttps://zhuanlan.zhihu.com/p/24767059



Anime Face Generation

1000 updates g g -



Anime Face Generatlon

2000 updates ‘



Anime Face Generatlon







20,000 updates



Anime Face Generatlon

50,000 updates iy ¢



In 2019, withStyleGANK X

v

Source of video:
https://www.gwern.net/Faces
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Progressive G

[Tero Karrasgt al., ICLR, 2018]



The first GAN

[lan J. Goodfellovet al., NIPS, 2014]



[Andrew Brocket al.,arXiy 2018]




Does the generator have the concept
of objects?

Some neurons correspond to specific
objects, for example, tree

[DavidBauy et al

., ICLR 201¢



[DavidBauy et al., ICLR 201



Three Categories of GAN

1. Generation

blue eyes,
red hair,
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Textto-Image

ATraditional supervised approach

ct: adogis running»

NN

¢tSEGY

as close as
possible




[Scott Reed, et al, ICML, 2016]

Conditional GAN
c: train »

G Image x = GQZ)
Normal distributiond » »

X is real image or not

. D ‘ | Generator will IeAarn to )
> - (original) » staldlr 38§y SN GS NBI )

But completely ignore the
Real imageﬁ 1 input conditions.

Generated imagesimage (Q



[Scott Reed, et al, ICML, 2016]

Conditional GAN
c: train »

Normal distributiond »

D X IS realistic or not +
» scalar *'° %4

0 » (better) c and x are matched or not

True textimage pairs: (train , ﬁ 1

(cat, ﬁ ,0 (train, 'mage )0

G » Image x = G¢,2)




Conditional GANDIscriminator

object x—| Network —

Network — Score

condition c— Network — X 1S realistic or not +
- ¢ and x are matched
(almost every paper) or not
object x— Network » X IS realistic or not
\ +
condition c Network — c and x are matche
[AugustusOdenaet al., ICML, 2017] Oor not

[TakeruMiyato, et al., ICLR, 2018]
[Han Zhang, et alarXiv 2017]



The images are generated by
YenHao Chen, R€hunChien

Cond |t|0na| GAN JunChenXie TsungHan Wu.

paired data
&&j blue eyes Collecting anime faces

= 8 red hair and the description of its
o CHll short hair characteristics

red hair,
greeneyes

blue hair,
red eyes




[Phillip Isola, et al., CVPR, 2017

Conditional GANImageto-image

oy

input input output

__ Edges to Photo

ooy
£
/i

Day to Night

output input output input output

Image translation, opix2pix



[Phillip Isola, et al., CVPR, 2017

Conditional GANImageto-image

» NN » Image * > T
E 9€ as close 0 G
possible =S

e.g. L1

Testing:

It is blurry.




[Phillip Isola, et al., CVPR, 2017

Conditional GANImageto Image

D » scalar

Testing:

Input GAN+ L1



Conditional GAN
- Soundto-image

G » Image

[Wan, et al., ICASSP 2019]

Wit C: sound »

"a dog barking sourid

Training Data

Collection WWWW

= T}




The images are generated by Chia

Cond |t|0na| GAN Hung Wan and ShuRo Chuang.

https://wjohn1483.github.io/

- S oun dto _i m ag e audio_to_scene/index.html
AAudioto-image




Conditional GANImageto-label

Multi-label Image Classifi

Input condition

person, sports ball, ‘
baseball bat, baseball glove

Generated output

Generator person 1 1 Discriminator
; frisbee 0.9 X 1
' / " - .. sampling = P
X==| Classifier |=— | )/ =—) " % :
. . egative example:
sports ball 0.5 1
—

y X

—> | Fixed feature extractor : foy; =  m—

N
il Discriminator

Y
O
=
¥



Conditional GANImageto-label

The classifiers can hav<¥VG(316 56.0 33.9 |

different architectures. [+ GAN 60 4 412 |
The classifiers are LInception g 535 |
trained as conditional [ *GAN 63.8 55.8 |
GAN. | Resnet101 62.8 53.1 |
| +GAN 64.0 55.4 |
| Resnet152 63.3 52.1 |

+GAN 63.9 54.1

Att-RNN 62.1 54.7

[Tsai, et al., ICASSP 2019]
RLSD 62.0 46.9



Conditional GANImageto-label

The classifiers can haveVGG16 56.0 33.9
different architectures. | AN 60.4 412
The classifiers are NGO s 23
trained as conditional TGAN 638 | 558 |
GAN. Resnetl01 62.8 53.1
+GAN | 640 | 554

Conditional GAN

outperforms other Resne{l52 63.3 52.1
models designed for ~+GAN 63.9 54.1
multi-label. Att-RNN 62.1 54.7

RLSD 62.0 46.9




[Michael Mathieu, et al., arXiv, 2015]

Conditional GAN
- Video Generation

Generator »

J
Discriminator thinks it is real

Discrimi » Last frame is real
nator or generated

— —




Ground Truth Adversarial NMon-Adversarial

https://github.com/dyelax/Adversarial_Video Generation



https://arxiv.org/abs/1905.08233

More about Video Generation

[EgorZakharov, et alarXiy 2019]



Domain Adversarial Training

ATraining and testing data are in different domains

I feature

The same
distribution

4>I feature

Take digit
classification as example



Domain Adversarial Training

feature extractor (Generator)

m

¢>@c>@c>

Image

blue points

3 . : 7',:. .
L RN
» n‘ g e ’
ETH - 2 . s’ E .?*

red points

Always output
Zero vectors

Domain Classifier Fails

Which domain?

|:> ﬂ |:> @) domain label d

s Discriminator
oo s (Domain classifier)

SOINILD
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Domain Adversarial Training

feature extractor (Generator) _Label predictor
[>® E> @ [> IZ> §[> [> [> Ed% label
= % 7 Which digits?
image ’ I Which domain?

-+

|:> m |:> @) domain label d

Discriminator
(Domain classifier)

Not only cheat the domain L

classifier, but satisfying labe
predictor at the same time

Successfully applied on image classification
[Ganinet al, ICML, 201%4jakanet al. IMLR, 2016 ]

More speechrelated applications in Part Ill.



Three Categories of GAN

1. Generation

2. Conditional Generation
blue eyes,
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Unsupervised
Conditional Generation

Condition »

Object in Domain X

€ m) Generated Object
Object in Domain Y

Transform an object from one domain to another
without paired data

Domain

Uil & ”,r‘ 3 NOt I alrec& o * Q SR S
o ol g e o

Ay OSyi Oty
paintings
Use image style transfer as example here

More Applications in Parts Ill and IV

i,




Unsupervised
Conditional Generation

AApproach 1: Cycil&AN and its variants

AApproach 2: Shared latent space

&-} 00 —;I—; 00

Domain X Encoder of Face Decoder of
domain X Attribute domainyY

W
Domain Y



Domaln X

Cycle GAN

Become similar
Domaln X to domaln Y

Input image
belongs to
domain Y or not

Domain Y



Domaln X

Cycle GAN

Become similar
Domaln X todomaln Y

Not what we want!

ﬂ m) scalar

Input image
belongs to
domain Y or not

ignore iInput

Domain Y



Cycle GAN

Domain Y

. @

ignore input

ﬂ m) scalar

Input image
Simpler generator makes the input and belongs to
output more closely related. domain Y or not

The issue can be avoided by network design.

[Tomer Galanti, et al. ICLR, 2018]



Cycle GAN

Domain Y

. @

<«— pre-trained — SeLess
P Network Input image
as close as belongs to
possible ‘ domain Y or not
T « N

Baseline of DT NanivTaigmanet al., ICLR, 2017]



[Jun-Yan Zhu, et al., ICCV, 2017]

Cycle GAN

as close as possible

Input image
belongs to
domain Y or not

Domain Y



Cycle GAN

as close as possible

scalar: belongs to
domain Y or not

as close as possible




For multiple domains, Disco GAN
consideringstarGAN - -
[YunjeyChoi,arXiy 2017] ;‘li I:'

LDA &-{

[TaeksooKim, et

Dual GAN al., ICML, 2017] ‘(:

Reconstruction error
s llv — Ga(Gr (v, 2" ), 2)|
=

Ga(Gp(v,2'),2)

A T F U Pl UG
- S Y F F
Cycle GAN | F X =i 1 = ~ I
.DX ‘DY yele- 1 istency L...e S\ _—;..\...-- los:
(a) ®) ©

[Jun-Yan Zhu, et al., ICCV, 2017]



Issue of Cycle Consistency

ACycleGANa Master of Steganography

[Casey Chu, et al., NIPS workshop, 2017

The information is hidden.



Unsupervised
Conditional Generation

AApproach 1: Cyci&AN and its variants
i . o
_-‘ P i"‘ 1 [ i »'i:‘-',‘"’,*‘»-" : M

AApproach 2: Shared latent s

a m) OF —}I—} 00
Y,

Domain X  Encoder of @ Face  Decoderof pomainy
domain X Attribute domainyY




Shared latent space

Target

- domainx information

Attribute | 7 a
+domainy information

Domain X Domain Y



Shared latent space
Training

Minimizing reconstruction error

4

Domain X Domain Y



Shared latent space
Training

MIﬂImIZIng reconstruction error Discriminator

of X domain

' 00 » image »’o

image » (O)XV ’

1 Minimizing reconstruction error

Discriminator
of Y domain

1

Because we traintwoaut8 Y O2 RS NAE & SLJ NJ ( S

The images with the same attribute may not project
to the same position in the latent space.



Shared latent space
Training

Minimizing reconstruction error

00O ‘
| OU ’ * OO | R

Domain
Discriminator

Discriminator
of X domain

\ 0

Discriminator
of Y domain

‘O0 andOVU fool the
domain discriminator

=» FromOU0 or'O0

The domain discriminator forces the output©fd and
Ov have the same dlsmbu“on'[GuillaumeLampIe et al., NIPS, 2017]



Shared latent space
Training

Minimizing reconstruction error

Discriminator
of X domain

m) O
Discriminator
of Y domain

Cycle Consistency:

Used iInComboGANashaAnoosheh et al.,arXiy 017]



Shared latent space
Training

To the same

Discriminator
latent space

of X domain

’ 00 » image »’o

image M m image »’O
T \ Discriminator

of Y domain

Semantic Consistency:

Used In DT NanivTaigmanet al., ICLR, 201and
XGANAméIie Royer, et alarXiy 2017]



Shared latent space

Sharing the parameters of encoders and decoders

+HH

Ou

Couple GANingYu Liugt al., NIPS, 2016]
UNI TMing-Yu Liu, et al., NIPS, 2017]



Shared latent space

——

Ou

S

One encoder to extract domain
Independent information

Widely used in Voice Conversior

ald

HHHE

(Part 1)

-

e

X ory

Input an extra indicator
to control the decoder



S E L FI E 2AN I M E https://selfie2anime.com/



https://selfie2anime.com/

Three Categories of GAN

1. Typical GAN

blue eyes,
red hair,

"%l short hair
paired data

3. Unsupervised Conditional GAN

T |
T80

Generator

random vector

a DA NI f
NER KT
text

Generator

domainx domainy

L

Generator

A
A
o B2
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Reference

A Generation

A lan J. Goodfellow, JedougetAbadie, Mehdi Mirza, Bing Xu, DaVithrde
Farley,SherjilOzair Aaron CourvilleYoshuaBengig Generative Adversarial
Nets, NIPS, 2014

A Tero KarrasTimo AilaSamuli Laine]Jaakko LehtinerProgressive Growing
of GANs for Improved Quality, Stability, and Variation, ICLR, 2018

A Andrew BrockJeff DonahueKarenSimonyan Large Scale GAN Training for
High Fidelity Natural Image Synthesisiy 2018

A DavidBau JunYan ZhuHendrikStrobelt BoleiZhou,Joshua B.
TenenbaumWilliam T. FreemarAntonio Torralba, GAN Dissection:
Visualizing and Understanding Generative Adversarial Networks, ICLR 2019



Reference

A Conditional Generation

A Scott Reed, Zeynebkata XinchenYan,LajanugerLogeswaranBernt
SchieleHonglaki_ee, Generative Adversarial Text to Image Synthesis, ICML,
2016

A Phillip Isola, Juivan ZhuTinghuiZhou, Alexei AEfros Imageto-Image
Translation with Conditional Adversarial Networks, CVPR, 2017

A Michael Mathieu, Camill€ouprie YannLeCun Deep multiscale video
prediction beyond mean square erraXiy 2015

A Mehdi Mirza,SimonOsindero Conditional Generative Adversarial Nets,
arxXiy 2014

A TakeruMiyato, Masanori Koyama;GANswith Projection Discriminator,
ICLR, 2018

A Han ZhangTao XuHongshend.i, ShaotingZhang XiaogangVang,Xiaolei
Huang,Dimitris MetaxasStackGAM+: Realistic Image Synthesis with
Stacked Generative Adversarial Netwokssiy 2017

A AugustusOdena ChristopherOlah JonathonShlens Conditional Image
Synthesis With Auxiliary Classifier GANs, ICML, 2017



Reference

A Conditional Generation

A YaroslavGanin Victor Lempitsky Unsupervised Domain Adaptation by
Backpropagation, ICML, 2015

A HanaAjakan Pascal Germairjugo Larochellerancois Laviolettaylario
Marchand, DomaisAdversarial Training of Neural Networks, JMLR, 2016

A ChePing Tsai, HunRYi Lee, Adversarial Learning of Label Dependency: A
Novel Framework for Multlass Classification, submitted to ICASSP 2019

A EgorzakharovAliaksandraéShysheyaEgorBurkov,Victor Lempitsky Few
Shot Adversarial Learning of Realistic Neural Talking Head Mad¢is,
2019

A ChiaHung Wan, Shufo Chuang, HuRrYji Lee, "Towards Audio to Scene
Image Synthesis using Generative Adversarial Network", ICASSP, 2019



Reference

AUnsupervised Conditional Generation

A JunYan ZhuTaesundPark, Phillip Isola, Alexei Bfros Unpaired Imageo-
Image Translation using Cy€l®nsistent Adversarial Networks, ICCV, 2017

A ZiliYi, Hao Zhang, Ping TAtinglun Gong,DualGANUnsupervised Dual
Learning for Imag#o-Image Translation, ICCV, 2017

A Tomer Galantilior Wolf,Sagie BenainT,he Role of Minimal Complexity
Functions in Unsupervised Learning of Semantic Mappings, ICLR, 2018

A YanivTaigmanAdamPolyak Lior Wolf, Unsupervised Cro3omain Image
Generation, ICLR, 2017

A AshaAnooshehEirikurAgustssonRaduTimofte, Luc VarGool ComboGAN
Unrestrained Scalability for Image Domain Transla@goKjy 2017

A Amélie RoyerKonstantinoBousmalisStephan GouwssredBertsch Inbar
Mosser| Forrester ColeKevin Murphy, XGAN: Unsupervised Iméme
Image Translation for Marp-Many MappingsarXiy 2017



Reference

AUnsupervised Conditional Generation

A GuillaumeLample Neil ZeghidourNicolasUsunier Antoine Bordes Ludovic
DenoyerMarc'AurelioRanzato, Fader Networks: Manipulating Images by
Sliding Attributes, NIPS, 2017

A Taeksod<im,MoonsuChaHyunsookim, Jung Kwon LegiwonKim,
Learning to Discover CreB®main Relations with Generative Adversarial
Networks, ICML, 2017

A Ming-Yu LiuOncelTuzeE &/ 2 dzLJt SR DSY SN} 6A @S I R
2016

A Ming-Yu Liu, ThomaBreue| Jan Kautz, Unsupervised Imagedmage
Translation Networks, NIPS, 2017

A YunjeyChoi,Minje Choi,MunyoungKim, JungNoo Ha SunghurKim,
JaegulChoo,StarGANUnified Generative Adversarial Networks for Multi
Domain Imagedo-Image TranslatiorgrXiy 2017



Part Il:A little bit Theory



Outline of Part Il

Basic Theory of GAN

Helpful Tips

How to evaluate GAN

Relation to Reinforcement Learning




Generator ¢1 an image (a high

dimensional vector)

AA generator G is a network. The network defines a
probability distributionv

0

Normal
Distribution

(o)

as close as possible

0 i MEDT )
Divergence between distributions andv
How to compute the divergence?




Discriminator
G GO FEDAO B )

Although we do not know the distributions of andd
we can sample from them.

o I -
Database ‘W‘}L*’ % m& W{,@M; ,§)
4R | W N KA A\ > ,Jr//‘¥ ‘

Sampling from|jm 4 (1

< ST ST T BT
sample fro 2 —~ G — TR IR
normal S e .

Sampling from|}




Discriminator 6 &i rEdad i )

Y : data sampled frond Using the example objective
/- : data sampled fron® function is exactly the same as

training a binary classifier.
*
o *

* * * Discriminator
*
ExampleObjective Function for D .
o("d0) O D [a € @Y Op [c‘x e(pQ ’O((b))]
L (G is fixed)
Training:'o" M1 ‘rm ﬁ(’OFi‘C)‘ The maximum objective value
IS related to JS divergence.

train

[Goodfellow et al., NIPS, 2014]




Discriminator 6 &i rE0ad i )

Y : data sampled frond Training:
4 : data sampled frono O wi ‘I‘QA (Z(’OFi‘C)‘
X
*i\( * * train
*
small divergence hard t‘{) d'iscrimi_rﬁ‘te
Smalll A @(OhQ
2 X *’*(*
** * train

large divergence easy to discriminate



[Goodfellow et al., NIPS, 2014

G ®i FE | A@(00)

O O ‘rQA G(ORQ The maximum opjective value
IS related to JS divergence.

Alnitialize generator and discriminator

Aln each training iteration:

Step 1 Fix generator G, and update discriminator [p

Step 2 Fix discriminator D, and update generator ¢



Can we use other divergence?

Name D¢(P|@Q) Generator f(u)

Total variation 2 [ |p(z) — q(z)|da 2w —1]

Kullback-Leibler [ p(x)log? W dz ulog u

Reverse Kullback-Leibler [ ¢(x)log g{r% dx —logu

Pearson 2 | (qmp f) @)” 4y (u—1)2

2 (p(x)—q(x))* (1—u)?

Neyman y | q(q,) da ) u

Squared Hellinger | (\/p(:r) —aq(x) ) dx (Vu—1)°

Jeffirey [ (p() = a(a)) log (25) da (u—1)logu

2p(x) . 2q(x) . . 14w _ -

Jensen-Shannon 1 [ p(x)log m +q(x) log m dx | —(u+1)log +5* + ulogu

Jensen-Shannon-weighted [ p(z)7log i r()ﬁ;J((f)r)q(J) + (1 — 2)%r(;)r) log wp(x)f((fﬁn)q(r) dr  mulogu — (1 — 7+ 7mu)log(l — m + 7mu)

GAN J p(2)log - + q(2) log w5 dar — log(4) 4 ulogu — (u+ 1) log(u + 1)
Name Conjugate f*(t)
Total variation t

Kullback-Leibler (KL) exp(t—1)

USI”g the d|Vergence Reverse KL 41—1(')g;(—t)

. Pearson y* L2+t
you ||keJ Neyman y> 2 —21—1
Squared Hellinger =
: : Jeffrey Wi(el=*) + % +t—2
[SebastianNowozin, et al., NIPS, 2016] ., cen-Shannon ~ log(2 _(QI‘)@')) )
Jensen-Shannon-weighted (1 — 7)log — 1= ==

GAN —log(1 —(xp( ))



Outline of Part Il

Basic Theory of GAN

Helpful Tips

[ o

How to evaluate GAN

Relation to Reinforcement Learning
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Q: What is the most helpful tip for ﬁ
training GAN? 'a &)

17 WGAN (33.3%)

o Spectral Norm (16.7%)




JS divergence Is not suitable

Aln most cases) and0  are not overlapped.
Al. The nature of data

Bothd  and0 are lowdim
manifold in highdim space.

The overlap can be ignored.
A2. Sampling

Even thoughb  andv
have overlap.

If you do not have enough
al YL Ay3d XX




What is the problem of JS divergence?

0 |«—|0 0 |<«|0 wy U 0
o /Equallybadx B ] B
0¥ b ) 0 D ) yyx 0 B )
a € "QC 0 € "QcC 0

JS divergence is log2 if two distributions do not overlap.

Intuition: If two distributions do not overlap, binary classifier

achieves 100% accuracy
The same max objective value » Same divergence

obtained.




Wassersteln distance

AConsidering one distribution P as a pile of earth,
and another distribution Q as the target

AThe average distance the earth mover has to move
the earth.

C

o
[ C




Wassersteln distance

Smaller Larger
. m

CKSNE INB YlIyeée Ll2aaroftsS ayzg)
aAy 3 GKS aY2@Ay3 LA FYyE GAGK
define the Wasserstein distance.

0

Source of imagehttps://vincentherrmann.github.io/blog/wasserstein/



What is the problem of JS divergence?

l’?)’ ,Q 5 5 ,Q 5 5 5
| |) U <« | U X X U §)
by ) b W ) yyxy 0V
o € Q¢ o € Q¢
& (0 fg ) @ B )y o@
Tt
Better!

—



[Martin Arjovsky et al.,arXiy 2017]

WGAN

Evaluate \Esserstein distancbetween0 and 0

o S —
T AG {0 [O@] O« [O()])

D has to be smooth enoughHow to fulfill this constraint?

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

generated

Keeping the D smooth forces
D(x) becoméband Ho



[LAg {0, [O@] O« [O(W]}

N

AOriginal WGANR Weight Clippinguartin Arjovskyet al.,

arXiy 2017]
Force the parameters w between ¢ afd
After parameter update, if w > ¢, w = c; If wegw =-C

Almproved WGAN Gradient Penaltyshaanculrajan

NIPS, 2017]

v\real 8
. . @
[Kodali, et al.arXiy 2017]
[Wej, et al., ICLR, 2018]

samples

ASpectral NormalizatioB Keep gradient norm
smaller than 1 everywherngiyato, et al., ICLR, 2018]



More Tips

Almproved techniques for training GANS
[Tim Salimans et al., NIPS, 2016]

ATipS N DCGANMec Radford, et al., ICLR 2016]
AGuideline for network architecture design for
Image generation

ATips fromSoumith

A https://github.com/soumith/ganhacks

ATipS frOmBigGANAndrew Brocket al.,arXiy 2018]



https://github.com/soumith/ganhacks

Outline of Part Il

Basic Theory of GAN

Helpful Tips

How to evaluate GAN

Relation to Reinforcement Learning




[Tim Salimans et al., NIPS, 2016]

' w image
InceptIOn Score w class (output of CNN)
class 2
Off-the-shelf ¥
- Image Classifi O (eg) C'aﬁ* L class 3

e.g. Inception net,

Concentrated distribution
VGG, etc.

means higher visual quality
& ->->6<<bsb> 0@ £ @)

0 QQG(@@) |

W ## 0 (0 ) Uniform distribution
X

means higher variety
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Inception Score [TimSalimanset al., NIP016]

0 (ce)a €0  Negative entropy of B(x)

0(Wa ¢ W) Entropy of P(y)



Frechet Inception Distance (FID)

[Martin Heusel, et al., NIPS, 2017]

FID =

Fréchet distance
between the two
Gaussians

red points: latent representation of Inception net for
the read images

blue points: latent representation of Inception net for
the generated images
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Pros and cons of GAN evaluation measu#&Boriji, 2019]



