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Application wise publications

Clinical diagnosis

Image Deblurring & Dehazing
Natural language processing
I2T and T2I synthesis

12

Semantic segmentation 10
Fault diagnosis

Animation creation

Intrusion detection

Facial image synthesis
Geoscience & Remote sensing
Video generation

Other applications 15

0 2 4 6 8 10 12 14 16
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GAN[1] -~
GAN framework proposed

.._ooo%
]

VAE-GAN[14] |\
Traditional GAN feature extraction solution

LSGAN [11] ﬂé
Alternative to traditional GAN training
c? §5&58588%
InfoGAN [13]
Traditional GAN feature extraction solution

Staie I

e ' StackGAN [5]

Text to |mage synthesis

2017

P% WGAN[12]

Alternative to traditional GAN training Cycle GAN &Disco GAN & Dual GAN [5.8.9]

eé Unpaired image to image translation
&, StarGAN|10] T

Multi-domain image to image translation 2018
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Condition Generative Adversarial

Network
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CGAN

« CGAN(Conditional Generative Adversarial Nets)
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Text-to-lmage (2/2)
C. car »

Normal distribution z #

G m) Image x = G(c,z)
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| Conditioning | | Stage-l Generator Gy | eaxea ) I Stage-| Discriminator Dy |
| Augmentation (ca) | | for sketch I Cesults |
Text descriptiont Embedding | Hg | | I |
s : | & | ~L, |

This bird is grey with | |
white on its chestand —» — | — | 10, 11
has a very short beak | P F I
| Do [ | 54 x 64 Compression and |
L ENeyy | lelimages) L Spatial Replication _ _

Embedding Embedding i,

—
256 x 256
real images

Ees

T | | Compression and
Conditioning Spatial Replication

> £
Augmentation ‘P%—;%;

12
B4 x b4 8

Staie-l results

256 x 256
results | Stage-ll Discriminator D
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Image-to-image a
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Cycle GAN(1/4)

« Cycle GAN
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Disco GAN & Dual GAN

Disco GAN

[8]

Recons truction error
s llv = Ga(Gp(v,2'), 2)||

Dual GAN Membership N E
score e Gu(Gp(v, 2 ),z/
: ‘A

Reconstruction error .- \1;6 Gal24,2) Memberhip
llu — Gp(Ga ( ) \I A I —
B( ! 6o(Gy(0.2).2) Generator Gg g [ m

v
Domain U (sketch) Domain V (photo) [9 ]
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CelebA label RaFD label Mask vector
o et g 5 gt
(a) Training the discriminator (b) Original-to-target domain (¢) Target-to-original domain (d) Fooling the discriminator

Output image and original domain label

00000

Real image Fake image

B
| o
(1) B (2)

(1), (2) 1@

CelebA label RaFD label | |00 Oiei) .

(1) when training with real images i

2) when training with fake images !
& & G * Input image and target domain label Reconstructed image

) Eiiiﬂ

1

@fiﬂ

=
CelebA label

RaFD label

Training with CelebA
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Intelligent Photo Editing
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SRGAN a2

« SRGAN(Super-Resolution GAN)
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Natural Image Manifold
MSE-based Solution
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SRGAN/2

Generator Network B residual blocks
A
nB4s1  n6ds1  nbds ' 164505 n64s0.5 n3st
| 3 | :
o | (= =
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Discriminator Network

n64s1 n64s2 n128s1 n128s2 n256s1 n256s2 n512s1 n512s2

|
|
|

Leaky ReLU
‘1024)

Leaky.ReLU

Dense (1)

| Dense

|
|

| Leaky RelU |
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Image completiong)

H g
Z -
p ) LA - - -
‘ / 4 | % 12ex128 | Global Discriminator
w g ~
Image + Mask '?'4 :

256x256

'
/o
o

Dilated Conv.
Model Output ®
: Output 128X128 64X64  16x16

Completion Network 22%32 *10ax8 axa

Local Discriminator
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(b) Varying c; on regular GAN (No clear meaning)

c1 on InfoGAN (Digit type)

(a) Varying

3] 4

c3 from —2 to 2 on InfoGAN (Width)

c2 from —2 to 2 on InfoGAN (Rotation) (d) Varying

(c) Varying
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VAE-GANa/)

« VAE-GAN( Variational Auto Encoder Generator )

+ JRYBGAN & - i A MBIV [0 £ R B4R 12 ERY
& BERSBIRBEBREENER

» EIlRBRES - WRTCIFEZNEERESH -

+ VAE-GAN =—FRIgmRBEIEAEIE - EIE VAE-GAN AY
AlREHEEABEAD -
Z~ p(z|x) Decoder’

’ Encoder P(z]|x) ’

MNIST data [14]
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Tips to Implement GAN : Loss Function
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Normal PG (x) ! Pdata(x)
Distribution >
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LSGAN(Mao,2017)

. Least Square GAN (LSGAN)

« RRRBGANENBREELS
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WGAN (Arjovsky,2017)(1/2)

Wasserstein GAN (WGAN): Earth Mover' s Distance
FHRABNEMEEREEZ—EENEEMEWEER
ZE—Eni P, B—ELT  S—EDM Py, EE
T BRI KAV 19 R EE -

OB s/ N\ "RE)FTE]" REXRELIHAEERE -

Pg (x) Paqta(X)

[12] 48
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WGAN /2

« Wasserstein GAN (WGAN): Earth Mover’ s Distance

Pg! i ! L P data !
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GAN CGAN StackGAN CycleGAN StarGAN
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VAE-GAN InfoGAN LSGAN WGAN
FRER |EZ Bl(2 SHER |EZ B2
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Import required packages

[ ]

~ Import

import time

import torch

import torch.mm as nn

import torch. optim as optim

from torch.utils.data import Dataloader

from torchvizion import datasets

from torchvizion. transforms import transforms
import numpy as np

import matplotlib.pyplot a= plt

53
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Load data

Mnist dataset

# Load data
train_set = datasets. MNIST( mni=t/", train=True, dowmload=True, transform=trans=form)
test _set = dataszets. MNIST( mnist/", train=Falsze, dowmload=True, transform=transzform)
train loader = Dataloader (train =et, batch size=batch =ize, shuffle=True)
tezt loader = Dataloader(test set, batch size=hbatch =zize, shuffle=Falze)

label = 5 label = label = 4 label = label =9

SHON-

54
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claz=

dizcriminator (nn. Module) :
_init  [=elf):

def

def

super [dizcriminator, =elf).

zelf.main = nn. Sequential (
nt. Linear (754,  258),
nt. LeakyEeLIT (0, 27,
nt. Linear (256, 25A),
nt. LeakvReLIT (0, 27,
nn. Linear (256, 17,
nn. Sigmoidi)

forwardizelf, input):

return

zelf. main{input)

__init

_ 0
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Generator

Build model
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clazs

generator (nn. Module) :
__init_ (=elf):

def

def

super (generator, =elf).  init

()

zelf.main = nn. Sequential(
nn. Linear (1258, 10243,
nn. RelTT(),
mn. Linear (1024, 10247,
nn. BelTT(),
nn. Linear (1024, TE4),
nr. Tarh ()

forward(zelf, input):

return

zelf. main (input)
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Show image

def show imases(images) :

zgrtn = 1intinp.ceil(np.=qrtiimases. shape[0])))

for index, image 1in enumerate(imases) :
plt. subplot(zqrtn, =grtn, index+1)
plt. imshowi{image. reshape (28, Z8))
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Discriminator loss

[ ] # Diszcriminator Loszz =» BCELos=s
def d lossz functionf{inputs, targets):

return hn. BCELoss() (inputs, tarsets)

Generator loss

def 2z lozz functionf(inputs):

targetz = torch. onesz([inputs. shape[0], 1])

targetz = targets. toldevice)

return nn.BCELosz=() (inputs, tarsets)

58
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parameter settings

Parameter
# Settines
epaochz = 200
lr = 0.0002
batch_=size = £G4
s optimizer = optim. AdamiG.parameter=(), lr=lr, bhetas=(0.5, 0.9595))
d optimizer = optim. Adam(D.parameters(), lr=lr, betas=(0.5, ©0.559))
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Show result

200/200, 108/938] D_loss:
280/2080, 208/038] 5
280/2080, 308/938] D_loss
]
]

. 599
573
. 613
. 662
. 685
.58
. 508
. 612
.56l
. 638

=]
LA

=]
LA

=]
LA

nowmowm W w|mw;mwmowmow|mown

=]
(]

286/268, 406/038
296/268, 506/038
290/288, 6868/938] D_loss
286/268, 708/0938] D _loss
286/268, 806/938] D_loss:
206/268, 906/038] D _loss:
286/268, 938/938] D loss:

=]
LA

=]
LA

=]
LA

=]
LA

=]
LA

2

I

[

L
Lacs e T s o T s O S O O R
[ I o T v B v TR o IO o O oy R o Y e T s
e - B e e e e R e e

=]

[sy}

=

=]
LA

Model saved.
Training Finished.
Cost Time: 13956.188488136368s
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Testing

# Model
3 = torch.load(’ Generator_epoch_200. pth')
G. eval ()

# Generator

noize = (torch.rand(16, 128)-0.5) F 0.5

noize = noize.toldevice)

Glnoise)
(fake image.data.cpul).numpy()+1.0) /2.0
show_images (imgs_numpy)

plt. show()

take image

1mgs_ numps
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Class Assignment & Homework
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Class assignment

o« AEAHBBIRHEAIMNIst BUIESE TR AR
EGAN ( HAERE ) KERBFER

I|m||

5 . AR
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Homework

« FAIE _I\/INIST:”“/JrJri%ﬁD/Q%H)J%QTﬂ tFIGANZZTU
ql| R — Bl GAN = 22

« ERMNTMNESEES

Epochs Learning rate Batch_size
300 0.0002 32

o DlipynbBIVIERBRITESE - 53 IMEFRIGIAS SR
HEE L pngtETL EE -
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Reference

GAN
e [1] https://ithelp.ithome.com.tw/articles/10196257

« [2] Generative adversarial networks: a survey on applications
and challenges

e [3] https://speech.ee.ntu.edu.tw/~tlkagk/courses MLDS18.html

== B | ﬂﬂ INNOVATION
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CGAN

« [4] Generative Adversarial Text to Image Synthesis

e https://blog.csdn.net/qq 24224067 /article/details/104293409

e https://zhuanlan.zhihu.com/p/35983991

« [6] Image-to-Image Translation with Conditional Adversarial
Networks



https://ithelp.ithome.com.tw/articles/10196257
https://speech.ee.ntu.edu.tw/~tlkagk/courses_MLDS18.html
https://blog.csdn.net/qq_24224067/article/details/104293409
https://zhuanlan.zhihu.com/p/35983991
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Reference

Stack GAN
 [5] StackGAN: Text to Photo-realistic Image Synthesis with
Stacked Generative Adversarial Networks

Cycle GAN

 [7] Unpaired Image-to-Image Translation using Cycle-
Consistent Adversarial Networks

e https://zhuanlan.zhihu.com/p/45394148
e https://www.qushiciku.cn/pl/gkTn/zh-tw



https://zhuanlan.zhihu.com/p/45394148
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Reference

Disco GAN & Dual GAN

e [8] Learning to Discover Cross-Domain Relations with
Generative Adversarial Networks

« [9] DualGAN: Unsupervised Dual Learning for Image-to-Image
Translation

e https://zhuanlan.zhihu.com/p/44562727

StarGAN

« [10] StarGAN: Unified Generative Adversarial Networks for
Multi-Domain Image-to-Image Translation


https://zhuanlan.zhihu.com/p/44562727
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LSGAN
e [11] Least Squares Generative Adversarial Networks
e https://zhuanlan.zhihu.com/p/25768099
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WGAN
e [12]Wasserstein GAN

e https://medium.com/@falconives/day-59-wasserstein-gan-wgan-
b3ladb226aea

InfoGAN

« [13] InfoGAN: Interpretable Representation Learning by
Information Maximizing Generative Adversarial Nets

e https://zhuanlan.zhihu.com/p/58261928



https://zhuanlan.zhihu.com/p/25768099
https://medium.com/@falconives/day-59-wasserstein-gan-wgan-b31adb226aea
https://zhuanlan.zhihu.com/p/58261928
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VAEGAN

« [14]Autoencoding beyond pixels using a learned similarity
metric

e https://blog.csdn.net/a312863063/article/details/83576624
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SRGAN

« [15]Photo-Realistic Single Image Super-Resolution Using a
Generative Adversarial Network

Image completion
« [16]Globally and Locally Consistent Image Completion


https://blog.csdn.net/a312863063/article/details/83576624

