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Machine Learning

* Learning Process
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* Supervised & Unsupervised
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Machine Learning

* CNN
* Convolutional Neural Network
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Generative Model

* GAN
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Generative Model

* GAN Loss

G D
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Random >
noise
E@' D(x)=1, D(G(z))=0
->
Fake image

Generator [Generator]
D(G(z))=1
1 i . ) log(1-D(G(z))= -INF -> MIN V(D,G)

logt Yy

[Discriminator]

' 7t " D(x)=1, D(G(z))=0

lodD(x) = log(1-D(G(z)) = 0 -> MAX V(D,G)

"
-6 -4 -2 0 2 4 6

Sigmoid Function Log function

Ct=22 GAN 2Ol Loss Functiong AZ4SHACE =410 E0l= G= dd7], D= TE7], z&= M

A
o o
d712] Y= 3iF3t= Random noiseO|CE [MEtA Gz)E dd7[E Sttt noiseO|22 dd &

o[OjX|2t & = A OHX|YHL 2 x= &X O|0[X[E 2|Ojsttt.

0=

Dx)=1 O 2oloj& 7|0 =5 &A= M 10| &t 2Oy 12 &=, 02 ZtRet

22 ¢

ZbSEAE a2 =710 53517 Mol= D(x)=10] E A1 D(G(z)= 00| E Zo|Ct EEHI|=
g
0

HT

Frl2t 2M 2T O 2RE ¢ Me 2493 gacte A0l BRsitt o] I sigmoid2ts
M0 1

functionS AE3HAl ThHerof 2iol

d871G)= D(G2)7t 10 =7|& #otth. 5 HEZ0 dd= onxE A= I #=0|2t
C

x
I
fu
9
@)
N
rir
o
o}
HU
e
nE
Ot
rr
Pt}
mjo
o
rot
il
I
o
r

ojgjX|et 4= olajX|E

O|lAdE =40 CHSHA HSHH MH7[(G)= GAN Loss?t MINO| £|7|& T}
HICH2 T 7|(D)= GAN Loss7t MAXZ) E|7|2 fsiCt,

B
—
-
=
o
1o
o

Qff —Inf7F MINQIG| 00] MAXLIZIZD o2& ZtZICHH, GANS| THEXI= 0 oot E285t
il

3 log functionOf A 02 Z|S#ZL0[7] WZ0|2t

[
i

O|0[X|&&2 &7t E® off O|0[X|&E0| AE8E= AS
(noise vector)0] @Cj2tE /L0 siYst= of2f 0|0[X|
SICt Jd2§AM LossOl E2te EMH2 Expectatlon(7| he 2, o2l d-dE o|OX|
Yoo E AHitg ottt A

o

oy oo Jot
R 1)

r
>
o
o o0
Of
Ral
r2
—
(@]
wv
wv
i
o
els
Ot
-
)
rfot
ko oon

o|ofX|7t off HH JAHS & otLE ddottLt 2kt Ofsfist

|



Generative Model

* GAN Loss
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Anomaly Detection

* Anomaly Detection
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* GANomaly
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Anomaly Detection
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Anomaly Detection

* Test Process
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* Experiments
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Fig. 4. Results for MNIST (a) and CIFAR (b) datasets. Variations due to the use of
3 different random seeds are depicted via error bars. All but GANomaly results in (a)

were obtained from [40).
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