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Analysis of Generalization Perfomance of Xception Model for Fake Image Identification
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Fig. 1 Average accuracy and its linear trend line on evaluating
unseen data according to changes in the number of image
categories used in the training step
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Fig. 2 Average accuracies and linear trend lines on evaluating
unseen data according to dropout ratio

24, 315 QA MNO| AIBE| GAN 21} CIE GAN 2
ofl Slsh MAE 21T Mol CHE BT 2N Zn

I
O% 32 10709 7HEE B4R 3
StyleGAN2Z A1 ®l LSUNe]  “horse”
Bl tig A= HAE RAFTH
A FE 7S, “horse” 9= G

wE 0T,

T LSUNel 23 Aolme fAR 2H2E 2@

%9 Xception =29
74elae] F43 FFHQ
4, EFoks H8st
5ol AHEEHAE BUA

)’)\1__

17k itk e FFHQ 91 974
o A% 2ol {@IHX] itk ol 94 TR} S0
AEE AT 93 g 49 Aol Bobssiths 21e o

W, SEole AgioEM, Ao A FIr)
A MAEReH, FFHQ 974 taiA= 65% o] A=
2 Aol RS SIskT, Ea, o AHelAs) i)

A=, S0k Mgl 022 W, A% AH EIt BT

Identification rate

0.5

Xception ¥caption (Cropout0.2) Acegtion (dropout 0.5

StyleGAN2(FFHQ)

W 5ty

iorse| |

Fig. 3 Accuracy according to dropout ratio when evaluating fake
images generated by StyleGAN2 model
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