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Generative Adversarial Network (GAN)

generativefImodel Ep— N EEXNFZAY, Hi2generative adversarial network, BEAY4EE ZEGAN, BFE
IIX—EREEFHE /B, generative adversarial network, R =#iE gan

EELARSSASHENRN (FRATLAERE_EHE], — P GANBIZIHIE, HE—GANAJzoo

All Kinds O_f GAN ... https://github.com/hindupuravinash/the-gan-zoo

* SeUDA - Semantic-Aware Generative Adversarial Nets for Unsupervised Domain Adap!

GAN Segmentation

* 5G-GAN - Semantic-aware Grad-GAN for Virtual-to-Real Urban Scene Adaption (githul

ACGAN * _SG-GAN - Sparsely Grouped Multi-task Generative Adversarial Networks for Facial Attr
BGAN * SGAN - Texture Synthesis with Spatial Generative Adversarial Networks

* SGAN - Stacked Generative Adversarial Networks (github)
CGAN * SGAN - Steganographic Generative Adversarial Networks
DCGAN * SGAN - SGAN: An Alternative Training of Generative Adversarial Networks

* SGAN - CT Image Enhancement Using Stacked Generative Adversarial Networks and Ti
EBGAN Segmentation Improvement
fGAN * sGAN - Generative Adversarial Training for MRA Image Synthesis Using Multi-Contrast

* SiftingGAN - SiftingGAN: Generating and Sifting Labeled Samples to Improve the Rem
Classification Baseline in vitro
GoGAN , o ,
* SiGAN - SIGAN: Siamese Generative Adversarial Network for Identity-Preserving Face H
* SImGAN - Learning from Simulated and Unsupervised Images through Adversarial Trai

* SisGAN - Semantic Image Synthesis via Adversarial Learning

Mihaela Rosca, Balaji Lakshminaravanan, David Warde-Farley, Shakir Mchamed, “Variational Approaches for Auto-
Encoding Generative Adversarial MNetworks” |, arXiv, 2017

*We use the Greek o prefix for a-GAN, as AEGAN and most other Latin prefixes seem to have been taken
https://deephunt.in/the- gan-zoo-79597dc8c347. 9
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Discriminator It is a neural network
..»’ (that is, a function).
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Step 1: Fix generator G, and update discriminator D

MiatzlAE B TR 154898 —2 2 E{E{RiYgenerator, RtrainfRiddiscriminator

* Initialize generator and discriminator | G D
* In each training iteration:

Step 1: Fix generator G, and update discriminator D
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Steg 1: Fix generator G, and update discriminator D

m sample N %ﬁl*q t’ Update
gy~ R

Database

generated
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randomly
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Discriminator learns to assign high scores to real objects
and low scores to generated objects.
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Step 1: Fix generator G, and update discriminator D
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generated %
objects

Data base

randomly
sampled

Discriminator learns to assign high scores to real objects
and low scores to generated objects.
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B R SCRR LE B ARAT LA SRAVRIRERAE, tE AT LA=5{ FregressionRY[a) R

Step 2: Fix discriminator D, and update generator G
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vector ndate fix

large network
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XEMNKHnetworkiEmE HPE—EMMEHMEREF —KE R

BANEHAIFIBR B EXAInetworklfl], ERIZ— M REERBAN ARttt —4 N 38 BHRE
EEIX A network, LEEH AV S HEYF

EREIE—T H#iIFAESER, JWREFIDiscriminatorfi&B 9, FH IASETFXNME X, networkiIREIL
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REREREIEY

(RIS BRIRARELENNE XN Ehack T, RARII RS H A9 S S AHIT, R E A
fmoutput layer, # neural bias BERE—TF 5 IFAREHFRER T8, FrLADiscriminatoriXizgis
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IREB—Bin A2XA BfRRA )7, A #F, 58 = AR T LUBIX /N B#x Discriminator
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Bix ftRiLlossil/\isidF
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* Initialize generator and discriminator - D
* In each training iteration:
, N
Sample_ some W i3 Update
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D
- il

Learning Generate some
D fake objects:

I J
c W~ o —H
B image -

update fix
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FRLMREZ—BEFdiscriminator,i)||&—f&Fgenerator,il|Zx—BEFdiscriminator, &)l &—4F
generator,GeneratoriRdiscriminator, i &R B EH T4 HEP—MH1 T IIGHBHE B —1 5
EE(E BBREBfFdiscriminatoriRgenerator, ERAT LAS SRk ETF,

Anime Face Generation

T—MEUGE EMehE AR AR R, BRI BE=a), BRRT LMSEIH EEFROTRE TR
AR R 2T 7ERIFHEMAY Source of training data: https://zhuanlan.zhihu.com/p/24767059,
EBCHZEtrain 7 —FGAN, BB GANEAREENRTLAEL, IRTTRIAY

YFBRFIGR 7 FACBR M generatorlg, Update T —ERLASS FfriBgenerator update —EIX AIEE 2,
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