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More than 500 species 
in the zoo
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Part I:Basic Idea



Generator

άDƛǊƭ ǿƛǘƘ 
ǊŜŘ ƘŀƛǊέ

Generator

πȢσ
πȢρ
ể
πȢω

random vector

Three Categories of GAN
1. Generation

image

2. Conditional Generation

Generator

text
imagepaired data 

blue eyes,
red hair,
short hair

3. Unsupervised Conditional Generation

Photo Vincent van 
DƻƎƘΩǎ ǎǘȅƭŜunpaired data 

x ydomain x domain y



Anime Face Generation

Draw

Generator

Examples



Basic Idea of GAN

Generator

It is a neural network 
(NN), or a function.
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Powered by: http://mattya.github.io/chainer-DCGAN/

Each dimension of input vector 
represents some characteristics.

Longer hair

blue hair Open mouth



Discri-
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scalar
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Basic Idea of GANIt is a neural network 
(NN), or a function.

Larger value means real, 
smaller value means fake.
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ÅInitialize generator and discriminator

ÅIn each training iteration:

DG
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generated 
objects
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randomly 
sampled

Database

Step 1: Fix generator G, and update discriminator D

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

Fix



ÅInitialize generator and discriminator

ÅIn each training iteration:

DG

Algorithm

Step 2: Fix discriminator D, and update generator G

Discri-
minator

NN
Generator

vector

0.13

hidden layer

update fix

Gradient Ascent

large network

DŜƴŜǊŀǘƻǊ ƭŜŀǊƴǎ ǘƻ άŦƻƻƭέ ǘƘŜ ŘƛǎŎǊƛƳƛƴŀǘƻǊ



ÅInitialize generator and discriminator

ÅIn each training iteration:

DG

Learning 
D

Sample some 
real objects:

Generate some 
fake objects:
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Anime Face Generation

100 updates

Source of training data: https://zhuanlan.zhihu.com/p/24767059



Anime Face Generation

1000 updates



Anime Face Generation

2000 updates



Anime Face Generation

5000 updates



Anime Face Generation

10,000 updates



Anime Face Generation

20,000 updates



Anime Face Generation

50,000 updates



In 2019, with StyleGANΧΧ

Source of video:
https://www.gwern.net/Faces
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Progressive GAN
[Tero Karras,et al., ICLR, 2018]



The first GAN
[Ian J. Goodfellow,et al., NIPS, 2014]



¢ƻŘŀȅ ΧΧ
[Andrew Brock,et al., arXiv, 2018]



[David Bau, et al., ICLR 2019]

Does the generator have the concept 
of objects?

Some neurons correspond to specific 
objects, for example, tree



Remove the neurons for tree

[David Bau, et al., ICLR 2019]

Activate the neurons for tree
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Target of 
NNoutput

Text-to-Image

ÅTraditional supervised approach

NN Image

¢ŜȄǘΥ άǘǊŀƛƴέ

a dog is running

a bird is flying

A blurry image!

c1: a dog is running

as close as 
possible



Conditional GAN

D 
(original)

scalarὼ

G
ᾀNormal distribution

x = G(c,z)
c: train

x is real image or not

Image

Real images:

Generated images:

1

0

Generator will learn to 
ƎŜƴŜǊŀǘŜ ǊŜŀƭƛǎǘƛŎ ƛƳŀƎŜǎ ΧΦ

But completely ignore the 
input conditions.

[Scott Reed, et al, ICML, 2016]



Conditional GAN

D 
(better)

scalar
ὧ

ὼ

True text-image pairs:

G
ᾀNormal distribution

x = G(c,z)
c: train

Image

x is realistic or not + 
c and x are matched or not

(train ,              )

(train ,              )(cat ,              )

[Scott Reed, et al, ICML, 2016]

1
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x is realistic or not + 
c and x are matched 
or not

Conditional GAN - Discriminator

[TakeruMiyato, et al., ICLR, 2018] 

[Han Zhang, et al., arXiv, 2017]

[Augustus Odenaet al., ICML, 2017]

condition c

object x

Network
Network

Network

score

Network

Network

(almost every paper)

condition c

object x

c and x are matched 
or not

x is realistic or not

+



Conditional GAN

paired data 

blue eyes
red hair
short hair

Collecting anime faces 
and the description of its 
characteristics

red hair,
greeneyes

blue hair,
red eyes

The images are generated by 
Yen-Hao Chen, Po-Chun Chien, 
Jun-Chen Xie, Tsung-Han Wu.



Conditional GAN - Image-to-image

G
ᾀ

x = G(c,z)
ὧ

[Phillip Isola, et al., CVPR, 2017]

Image translation, or pix2pix



as close as 
possible

Conditional GAN - Image-to-image

ÅTraditional supervised approach

NN Image

It is blurry.

Testing:

input L1

e.g. L1

[Phillip Isola, et al., CVPR, 2017]



Conditional GAN - Image-to-image

Testing:

input L1 GAN

G
ᾀ

Image D scalar

GAN + L1

L1

[Phillip Isola, et al., CVPR, 2017]



Conditional GAN 
- Sound-to-image

Gc: sound Image

"a dog barking sound"

Training Data 
Collection

video

[Wan, et al., ICASSP 2019]



Conditional GAN 
- Sound-to-image
ÅAudio-to-image

https://wjohn1483.github.io/
audio_to_scene/index.html

The images are generated by Chia-
Hung Wan and Shun-Po Chuang.

Louder



Conditional GAN - Image-to-label

Multi-label Image Classifier = Conditional Generator  

Input condition

Generated output



Conditional GAN - Image-to-label
F1 MS-COCO NUS-WIDE

VGG-16 56.0 33.9

+ GAN 60.4 41.2

Inception 62.4 53.5

+GAN 63.8 55.8

Resnet-101 62.8 53.1

+GAN 64.0 55.4

Resnet-152 63.3 52.1

+GAN 63.9 54.1

Att-RNN 62.1 54.7

RLSD 62.0 46.9

The classifiers can have 
different architectures.

The classifiers are 
trained as conditional 
GAN.

[Tsai, et al., ICASSP 2019]



Conditional GAN - Image-to-label
F1 MS-COCO NUS-WIDE

VGG-16 56.0 33.9

+ GAN 60.4 41.2

Inception 62.4 53.5

+GAN 63.8 55.8

Resnet-101 62.8 53.1

+GAN 64.0 55.4

Resnet-152 63.3 52.1

+GAN 63.9 54.1

Att-RNN 62.1 54.7

RLSD 62.0 46.9

The classifiers can have 
different architectures.

The classifiers are 
trained as conditional 
GAN.

Conditional GAN 
outperforms other 
models designed for 
multi-label.



Conditional GAN 
- Video Generation

Generator

Discrimi
nator

Last frame is real 
or generated

Discriminator thinks it is real

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



https://github.com/dyelax/Adversarial_Video_Generation



More about Video Generation

https://arxiv.org/abs/1905.08233

[EgorZakharov, et al., arXiv, 2019]



Domain Adversarial Training

ÅTraining and testing data are in different domains

Training 
data:

Testing 
data:

Generator

Generator

The same 
distribution

feature

feature

Take digit 
classification as example



blue points

red points

Domain Adversarial Training

feature extractor (Generator)

Discriminator
(Domain classifier)

image Which domain?

Always output 
zero vectors

Domain Classifier Fails



Domain Adversarial Training

feature extractor (Generator)

Discriminator
(Domain classifier)

image

Label predictor

Which digits?

Not only cheat the domain 
classifier, but satisfying label 
predictor at the same time

More speech-related applications in Part III.

Successfully applied on image classification 
[Ganinet al, ICML, 2015][Ajakanet al. JMLR, 2016 ]

Which domain?
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Unsupervised 
Conditional Generation 

G
Object in Domain X Object in Domain Y

Transform an object from one domain to another 
without paired data

Domain X Domain Y

photos

Condition Generated Object

±ƛƴŎŜƴǘ Ǿŀƴ DƻƎƘΩǎ 
paintings

Not Paired

More Applications in Parts III and IV

Use image style transfer as example here



Unsupervised 
Conditional Generation 
ÅApproach 1: Cycle-GAN and its variants 

ÅApproach 2: Shared latent space

?Ὃᴼ

Domain X Domain Y

Ὁὔ ὈὉ

Encoder of 
domain X

Decoder of 
domain Y

Domain YDomain X Face
Attribute



?

Cycle GAN 

Ὃᴼ

Domain X

Domain Y

Ὀ

Domain Y

Domain X

scalar

Input image 
belongs to 
domain Y or not

Become similar 
to domain Y



Cycle GAN 

Ὃᴼ

Domain X

Domain Y

Ὀ

Domain Y

Domain X

scalar

Input image 
belongs to 
domain Y or not

Become similar 
to domain Y

Not what we want!

ignore input



Cycle GAN 

Ὃᴼ

Domain X

Domain Y

Ὀ

Domain X

scalar

Input image 
belongs to 
domain Y or not

Become similar 
to domain Y

Not what we want!

ignore input

[Tomer Galanti, et al. ICLR, 2018]

The issue can be avoided by network design.

Simpler generator makes the input and 
output more closely related.



Cycle GAN 

Ὃᴼ

Domain X

Domain Y

Ὀ

Domain X

scalar

Input image 
belongs to 
domain Y or not

Become similar 
to domain Y

Encoder
Network

Encoder
Network

pre-trained

as close as 
possible

Baseline of DTN [Yaniv Taigman, et al., ICLR, 2017] 



Cycle GAN 

Ὃᴼ

Ὀ

Domain Y

scalar

Input image 
belongs to 
domain Y or not

Ὃᴼ

as close as possible

Lack of information 
for reconstruction 

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

Cycle consistency



Cycle GAN 

Ὃᴼ Ὃᴼ

as close as possible

Ὃᴼ Ὃᴼ

as close as possible

ὈὈ
scalar: belongs to 
domain Y or not

scalar: belongs to 
domain X or not



Cycle GAN

Dual GAN

Disco GAN

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

[Zili Yi, et al., ICCV, 2017] 

[TaeksooKim, et 

al., ICML, 2017]

For multiple domains, 
considering starGAN

[YunjeyChoi, arXiv, 2017]



Issue of Cycle Consistency

ÅCycleGAN: a Master of Steganography
[Casey Chu, et al., NIPS workshop, 2017] 

ὋᴼὋᴼ

The information is hidden.



Unsupervised 
Conditional Generation
ÅApproach 1: Cycle-GAN and its variants 

ÅApproach 2: Shared latent space

?Ὃᴼ

Domain X Domain Y

Ὁὔ ὈὉ

Encoder of 
domain X

Decoder of 
domain Y

Domain YDomain X Face
Attribute



Domain X Domain Y

Ὁὔ

Ὁὔ ὈὉ

ὈὉimage

image

image

imageFace
Attribute

Shared latent space

Target
- domain-x information

+ domain-y information



Domain X Domain Y

Ὁὔ

Ὁὔ ὈὉ

ὈὉimage

image

image

image

Minimizing reconstruction error

Shared latent space
Training



Ὁὔ

Ὁὔ ὈὉ

ὈὉimage

image

image

image

Minimizing reconstruction error

Because we train two auto-ŜƴŎƻŘŜǊǎ ǎŜǇŀǊŀǘŜƭȅ Χ

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

Ὀ

Ὀ

Discriminator 
of X domain

Discriminator 
of Y domain

Minimizing reconstruction error

Shared latent space
Training



Ὁὔ

Ὁὔ ὈὉ

ὈὉimage

image

image

image

Minimizing reconstruction error

The domain discriminator forces the output of Ὁὔand 
Ὁὔhave the same distribution.

From Ὁὔor Ὁὔ

Ὀ

Ὀ

Discriminator 
of X domain

Discriminator 
of Y domain

Shared latent space
Training

Domain
Discriminator

Ὁὔand Ὁὔfool the 
domain discriminator

[Guillaume Lample, et al., NIPS, 2017]



Ὁὔ

Ὁὔ ὈὉ

ὈὉimage

image

image

image

Ὀ

Ὀ

Discriminator 
of X domain

Discriminator 
of Y domain

Shared latent space
Training

Cycle Consistency:

Used in ComboGAN[Asha Anoosheh, et al., arXiv, 017]

Minimizing reconstruction error



Ὁὔ

Ὁὔ ὈὉ

ὈὉimage

image

image

image

Ὀ

Ὀ

Discriminator 
of X domain

Discriminator 
of Y domain

Shared latent space
Training

Semantic Consistency:

Used in DTN[Yaniv Taigman, et al., ICLR, 2017]and 
XGAN [Amélie Royer, et al., arXiv, 2017]

To the same 
latent space



Sharing the parameters of encoders and decoders

Shared latent space

Ὁὔ

Ὁὔ

ὈὉ

ὈὉ

Couple GAN[Ming-Yu Liu, et al., NIPS, 2016]

UNIT[Ming -Yu Liu, et al., NIPS, 2017]



Shared latent space

Ὁὔ

Ὁὔ

ὈὉ

ὈὉ

One encoder to extract domain-
independent information 

Input an extra indicator 
to control the decoder 

x or y

Widely used in Voice Conversion 
(Part III)



https://selfie2anime.com/

https://selfie2anime.com/
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Part II:A little bit Theory



Outline of Part II

Basic Theory of GAN

Helpful Tips

How to evaluate GAN

Relation to Reinforcement Learning



Generator 

ÅA generator G is a network. The network defines a 
probability distribution ὖ

generator 
Gᾀ ὼ Ὃᾀ

Normal 
Distribution

ὖ ὼ ὖ ὼ

as close as possible

How to compute the divergence?

Ὃz ὥὶὫÍÉÎὈὭὺὖȟὖ

Divergence between distributions ὖ and ὖ

ὼ: an image (a high-
dimensional vector)



Discriminator
Ὃᶻ ὥὶὫÍÉÎὈὭὺὖȟὖ

Although we do not know the distributions of ὖ and ὖ , 
we can sample from them.

sample

G

ve
cto

r

ve
cto

r

ve
cto

r

ve
cto

r

sample from 
normal

Database

Sampling from ╟╖

Sampling from ╟▀╪◄╪



Discriminator Ὃᶻ ὥὶὫÍÉÎὈὭὺὖȟὖ

Discriminator

: data sampled from ὖ

: data sampled from ὖ

train

ὠὋȟὈ ὉḐ ὰέὫὈὼ ὉḐ ὰέὫρ Ὀὼ

ExampleObjective Function for D

(G is fixed)

Ὀᶻ ὥὶὫÍÁØὠὈȟὋTraining:

Using the example objective 
function is exactly the same as 
training a binary classifier. 

[Goodfellow, et al., NIPS, 2014]

The maximum objective value 
is related to JS divergence.



Discriminator Ὃᶻ ὥὶὫÍÉÎὈὭὺὖȟὖ

Discriminator

: data sampled from ὖ

: data sampled from ὖ

train

hard to discriminatesmall divergence

Discriminator
train

easy to discriminatelarge divergence

Ὀᶻ ὥὶὫÍÁØὠὈȟὋ

Training:

Small ÍÁØὠὈȟὋ



Ὃᶻ ὥὶὫÍÉÎὈὭὺὖȟὖÍÁØὠὋȟὈ

The maximum objective value 
is related to JS divergence.

ÅInitialize generator and discriminator

ÅIn each training iteration:

Step 1: Fix generator G, and update discriminator D

Step 2: Fix discriminator D, and update generator G

Ὀᶻ ὥὶὫÍÁØὠὈȟὋ

[Goodfellow, et al., NIPS, 2014]



Using the divergence 
you like J
[Sebastian Nowozin, et al., NIPS, 2016]

Can we use other divergence?



Outline of Part II

Basic Theory of GAN

Helpful Tips

How to evaluate GAN

Relation to Reinforcement Learning



D!b ƛǎ ŘƛŦŦƛŎǳƭǘ ǘƻ ǘǊŀƛƴ ΧΧ

Å¢ƘŜǊŜ ƛǎ ŀ ǎŀȅƛƴƎ ΧΧ

(I found this joke from Ωǎ facebook.)



¢ƻƻ Ƴŀƴȅ ǘƛǇǎ ΧΧ

ÅL Řƻ ŀ ƭƛǘǘƭŜ ǎǳǊǾŜȅ ŀƳƻƴƎ мн ǎǘǳŘŜƴǘǎ ΧΦΦ

Q: What is the most helpful tip for 
training GAN?

WGAN (33.3%) 

Spectral Norm (16.7%)



JS divergence is not suitable

ÅIn most cases, ὖ and ὖ are not overlapped.

Å1. The nature of data

Å2. Sampling

Both ὖ and ὖ are low-dim 
manifold in high-dim space.  

ὖὖ
The overlap can be ignored.

Even though ὖ and ὖ
have overlap.  

If you do not have enough 
ǎŀƳǇƭƛƴƎ ΧΧ



ὖὖ ὖὖ

ὐὛὖ ȟὖ

ὰέὫς

ὖὖΧΧ

ὐὛὖ ȟὖ

ὰέὫς

ὐὛὖ ȟὖ

π

What is the problem of JS divergence?

ΧΧ

JS divergence is log2 if two distributions do not overlap.

Intuition: If two distributions do not overlap, binary classifier 
achieves 100% accuracy

Equally bad

The same max objective value is 
obtained.

Same divergence



Wasserstein distance

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

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

ὖ ὗ

d

ὡ ὖȟὗ Ὠ



Wasserstein distance

Source of image: https://vincentherrmann.github.io/blog/wasserstein/

ὖ

ὗ

¦ǎƛƴƎ ǘƘŜ άƳƻǾƛƴƎ Ǉƭŀƴέ ǿƛǘƘ ǘƘŜ ǎƳŀƭƭŜǎǘ ŀǾŜǊŀƎŜ ŘƛǎǘŀƴŎŜ ǘƻ 
define the Wasserstein distance.

¢ƘŜǊŜ ŀǊŜ Ƴŀƴȅ ǇƻǎǎƛōƭŜ άƳƻǾƛƴƎ ǇƭŀƴǎέΦ 

Smaller 
distance?

Larger 
distance?



ὖὖ ὖὖ

ὐὛὖ ȟὖ

ὰέὫς

ὖὖΧΧ

ὐὛὖ ȟὖ

ὰέὫς

ὐὛὖ ȟὖ

π

What is the problem of JS divergence?

ὡ ὖ ȟὖ

Ὠ
ὡ ὖ ȟὖ

Ὠ
ὡ ὖ ȟὖ

π

Ὠ Ὠ

ΧΧ

ΧΧ

Better!



WGAN

ÍÁØ
ᶰ

Ὁͯ Ὀὼ Ὁͯ Ὀὼ

Evaluate Wasserstein distance between ὖ and ὖ

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

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

real

Њ

generated

D

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

Keeping the D smooth forces 
D(x) become Њand Њ



ÅOriginal WGAN O Weight Clipping [Martin Arjovsky, et al., 
arXiv, 2017]

ÅImproved WGAN O Gradient Penalty [Ishaan Gulrajani, 
NIPS, 2017]

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

Force the parameters w between c and -c

After parameter update, if w > c, w = c; if w < -c, w = -c

Keep the gradient close to 1

ÍÁØ
ᶰ

Ὁͯ Ὀὼ Ὁͯ Ὀὼ

real

samples

Keep the gradient 
close to 1

[Kodali, et al., arXiv, 2017]
[Wei, et al., ICLR, 2018]



More Tips 

ÅImproved techniques for training GANs

ÅTips in DCGAN [Alec Radford, et al., ICLR 2016]

ÅGuideline for network architecture design for 
image generation 

ÅTips from Soumith
Åhttps://github.com/soumith/ganhacks

ÅTips from BigGAN[Andrew Brock,et al., arXiv, 2018]

[Tim Salimans, et al., NIPS, 2016]

https://github.com/soumith/ganhacks


Outline of Part II

Basic Theory of GAN

Helpful Tips

How to evaluate GAN

Relation to Reinforcement Learning



Inception Score

Off-the-shelf 
Image Classifier

ὼ ὖώȿὼ

Concentrated distribution 
means higher visual quality

CNNὼ ὖώȿὼ

Uniform distribution 
means higher variety

CNNὼ ὖώȿὼ

CNNὼ ὖώȿὼ

Χ

ὖώ
ρ

ὔ
ὖώȿὼ

[Tim Salimans, et al., NIPS, 2016]

ὼ: image

ώ: class (output of CNN)

e.g. Inception net, 
VGG, etc.

class 1

class 2

class 3



Inception Score

ὖώȿὼὰέὫὖώȿὼ

ὖώὰέὫὖώ

Negative entropy of P(y|x)

Entropy of P(y)

Inception Score

ὖώ
ρ

ὔ
ὖώȿὼὖώȿὼ

class 1

class 2

class 3

[Tim Salimans, et al., NIPS2016]



Fréchet Inception Distance (FID)

bluepoints: latent representation of Inception net for 
the generated images

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

FID = 
Fréchet distance 
between the two 
Gaussians

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



¢ƻ ƭŜŀǊƴ ƳƻǊŜ ŀōƻǳǘ ŜǾŀƭǳŀǘƛƻƴ Χ

Pros and cons of GAN evaluation measures

https://arxiv.org/abs/1802.03446

[Ali Borji, 2019]


