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ABSTRACT

Generative adversarial networks(GANs) have received great attention in the machine learning field for their
capacity to model high-dimensional and complex data distribution implicitly and generate new data samples from
the model distribution. This paper investigates the model training methodology, architecture, and various
applications of generative adversarial networks. Experimental evaluation is also conducted for generating synthetic
image dataset for defense using two types of GANs. The first one is for military image generation utilizing the
deep convolutional generative adversarial networks(DCGAN). The other is for visible-to-infrared image translation
utilizing the cycle-consistent generative adversarial networks(CycleGAN). Each model can yield a great diversity of
high-fidelity synthetic images compared to training ones. This result opens up the possibility of using inexpensive
synthetic images for training neural networks while avoiding the enormous expense of collecting large amounts of

hand-annotated real dataset.

Key Words : Generative Adversarial Networks(th #2217 ), Synthetic Image(3Hd @171 4]), Deep Learning(d#'3),
Machine Learning(™4121d), Dataset(t]©]E]Al)

* Corresponding author, E-mail: hmyang@add.re.kr
Copyright (©) The Korea Institute of Military Science and Technology

A= | D : Discriminator model
L : Loss function
G : Generator model V' : Value function
E' : Expectation
x : Real data
z

: Latent vector
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Fig. 2. Architecture of GAN’s variants
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Fig. 3. Generator model of DCGAN!™

Table 1. Loss functions of GAN'’s variants

Type Loss function
L, = Ellog D(z)] + Ellog(1— D(G(2))]
DCGANY |2 ity oe ()
L = ElD(2)] - EID(G(2))]
WGAN2) = ED(G(2))]
w%clzp(w,[ c])
— S E(D) b1+ H(D(GLE) —a)]
LSGANY h
L= QE’[(D(G(Z)) —c)?]
. L, = Ellog D(z, F(z)] + Ellog(1— D(G(2),2))]
BIGANY 1" piog D(G(2).2)]
L = Lpgam 7>\L1(GQU€)
InfoGAN?) LZQ Lotoam ~MNL(G.Q,,)
Ss- L, Qs Li(infocam — ML(G Q)
InfoGAN®) | 7, = L, focam ~Mlis(GQ,)
L, = Ellog D(z|c)] + Ellog(1— D(G(2))]
SGANY |2 g DG
L, = Ellog D(z|c)] + Ellog(1— D(G(z]¢)))]
COANY 1 _ Hlog DI Gz e))
Ly = Ly gan + ELP(cl2)] + B[P G(2))]
ACGANY | 0 HPelG(2))
L, =D, p(2) +max(0,m—D, .(G(2)))
EBGANI0) | DZ( G) 4+ A~ PT A
D, p(a) = kD, (G(2))
BEGANU) D, (G(z))
km Ky, + A (D o) = Dy p(G(2)))

1) DCGAN: Deep Convolutional Generative Adversarial Networks
2) WGAN: Wasserstein Generative Adversarial Networks
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3) LSGAN: Least Squares Generative Adversarial Networks

4) BiGAN: Bidirectional Generative Adversarial Networks

5) InfoGAN: Information Maximizing Generative Adversarial Networks

6) ss-infoGAN: Semi-supervised Information Maximizing GANs

7) SGAN: Semi-supervised Generative Adversarial Networks

8) CGAN: Conditional Generative Adversarial Networks

9) ACGAN: Axiliary Classifier Generative Adversarial Networks

10) EBGAN: Energy-based Generative Adversarial Networks

11) BEGAN: Boundary Equilibrium Generative Adversarial Networks

12) ILSVRC2012: ImageNet Large Scale Visual Recognition
Challenge 2012



(b) Aircraft carrier

Fig. 4. Training images of DCGAN
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(c) epoch = 199

Fig. 6. Generated aircraft carrier images
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13) CycleGAN: Cycle-Consistent Generative Adversarial Networks
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(b) Infrared domain Y

Fig. 7. Training images of CycleGAN
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