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g2 VGG[2], GoogleNet[3], ResNet[4], SENet[5]o]|c}.
VGG &= BE Convolution do]ojo]] 3x3 Z7]o] WEHE
Agon), B 2ol AddNE 19 7l Fojojs AL
£ AH23It}. GoogleNet 2 Thgst TE] 37]& A}
£3= Zlo] EXo|y, Vanishing Gradient problem &
s125t7] ¢Isll Auxiliary loss & 3l § loss & Al4tsh=
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Total Accuracy | Accuracy
Model
accuracy(%) | of real(%) | of fake(%)
VGG19_bn 59.31 62.04 56.25
GoogleNet 60.78 65.74 55.21
ResNet152 53.92 50.93 57.29
SENet152 57.84 60.19 55.21
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A9k, SENet34 = 33 X] 9tct. 72]3 ResNet34 9] 7
9O Al oJu]x]e} A oJu]X|o] st A&7} 58.33% =,
7i7ke] ojulx|o] sl HgHo = oAt

=e)

H 2. ResNet18, 34 9} SENet18, 34 2@ &% Zat

Total Accuracy | Accuracy
Layer Model

accuracy(%) | of real(%) | of fake(%)

18 ResNet18 57.84 60.19 55.21

SENet18 54.9 59.26 50.0

34 ResNet34 58.33 58.33 58.33

SENet34 51.96 57.41 45.83
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