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, BEHERSELIC K > TEA, DHEEEMNET
T 21ED, HBERLEH 2 \Wo e DNN DA N7 — &
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ARBEEZEDOZ EBAJRETH 5. Attack as Defense
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AE £ O KBTI
FGSM BIM BIM CW
(Lo) (L2) (Loo) (L2)
FEATHISE (2] 0.889 0.949 0.905 0.972
FEFE (FGSM) | 0.999 0.996 0.999 1.000

BIEFE

MNIST ;
15 RBEFE (BIM) 0.998 0.996 0.999 1.000
REFHE (DF) 0.993 0.992 0.998 1.000
FEATHISE [2] 0.581 0.616 0.729 0.936

22 Y
CIFAR-10 REFE (FGSM) | 0.992 0.997 1.000 1.000

RELFE (BIM) 0.992 0.997 1.000 1.000
REFE (DF) 0.991 0.995 0.997 0.998

CIFAR-10 IZBWT, CW I X WA XN/ AE &
F#Z LT, FGSM % BIM I X h £ &7z AE D%E
EDORINEMET T 2HANA LNz, ZuTxfL
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LRI K THRINEPIRELSE TR R, T
RTOHEIZH L TEWBIESHREEZ R LT
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AR TR, XN AEICH L THELRR S
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DHEREREEIFELRE L. EREREL»S, 12
RFIRIIERFIE LB L T, 2REKEHEC
Ko THEREINZ AE Z XD LEMICBIETE S Z
LARENT. SR, kb ERBROEFRe, &b
R IEIN T 2 AR FIEORMMEEMEET 5.
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