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conference on computer vision 2017 (pp. 2223-2232).



GAN Overview

Karras T, Laine S, Aittala M, Hellsten J, Lehtinen J, Aila T. Analyzing and improving the image quality of stylegan. InProceedings of the IEEE/CVF conference on
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GAN Overview
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Training Process

Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used k& = 1, the least expensive option, in our
experiments.
for number of training iterations do
for k steps do

e Sample minibatch of m noise samples {z(%), ..., 2(™} from noise prior D, (2)-
e Sample minibatch of m examples {z(*),..., (™)} from data generating distribution
pdala(m)-

e Update the discriminator by ascending its stochastic gradient:

m

VoL 3 [iog 0 () +10g (1 - D (6 (=)))].

end for
e Sample minibatch of m noise samples {z(1), ..., z(™)} from noise prior py(z).
e Update the generator by descending its stochastic gradient:

Vo, 318 (1- 2 (6 (=),

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.




GAN Objective Functions

GAN Type Key Take-Away
GAN The original (JSD divergence)
WGAN EM distance objective

Improved WGAN ' No weight clipping on WGAN

LSGAN L2 loss objective

RWGAN Relaxed WGAN framework

McGAN Mean/covariance minimization objective
GMMN Maximum mean discrepancy objective
MMD GAN Adversarial kernel to GMMN

Cramer GAN Cramer distance

Fisher GAN Chi-square objective

EBGAN Autoencoder instead of discriminator
BEGAN WGAN and EBGAN merged objectives
MAGAN Dynamic margin on hinge loss from EBGAN

GAN Obijective Functions: GANs and Their Variations
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Case Study: S5iyleGAN
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Case Study: SiyuyleGAN

Y N
Yl
=F = TS o
AN N iy
- e T
- = &
- \

——

oy e P
75 A .‘ﬁ} i Rees

Karras T, Laine S, Aila T. A style-based generator architecture for generative adversarial networks. InProceedings of the IEEE/CVF conference on computer
vision and pattern recognition 2019 (pp. 4401-4410).



Case Study: S5iyleGAN

StyleGAN 2 fixed subtle defects generated by StyleGAN.



