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Visualization Comparison of GAN for Reconstructing
De-identified Image Dataset using Attention
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I3 1: Network architecture of Generator and Discriminator
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2.1 Network Training

HAAH N YELAC] 182 Fig. 19} 2. H]AE3} g o]u]z]
= °1E 59 & = YEHA G5 ¥A S5l v Estd

RES BEYsHA g 1 olF 544 LﬂE-‘HﬂE Discriminator
Dol g3 A A o o|r]#] ] 9] o F-E dste = 5h3irt. o]
of| YIE$]A sh55 913t Adversarial loss= 1:} 3} 7Fo] Zo]ZIc}.

Lado = Ey~y[log(D(y))] + Eynyllog(l — D(G()))], (D)

ojrff vl A3t Hlo[H = x, HIAES} 2] ¢f2 AA| oJn|xl=
y= B 1213l gloJgAlo] pairg o F7] W] Ly loss

T A-gsto] ohgoll 8ottt ol i loss+= thaat et
Laist = B yyxxy[|G(z) —yl] 2
webs] HIEQIA S5 913t HF loss= thaat 2ol
L= Ladv + Laist 3)

“)

G*,D* = argmin max L
G D

o] Aol|A] H3he G*9}F D*E S ghEstl olE
Aztststolet.

weight

1
£ 114 5 feature mapS

2.2 Visualization
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3 Experimental Results
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