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AR T — M 3 NS 5771007 BN A
WML, b, 2 M5 E WSy
T, FEA GBI TSRS B A
5w ENEES ST, RS R ER R
Ao TEHETRHELE R R R o f b, W25
T G S 5 5 B R BRE £ 1 LA R R TE
a1, PRV T R 85 75 ARG P4 (1 W) 46 P 55 A P14 A
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%3 RE A AR S B B AT BARiREL ERy 2 R R
MNIST CIFAR-10 ImageNet-100
SR AR AR R
Topl Top3 Topl Top3 Topl Top3
VFL-FGSM 92.13% 99.26% 48.22% 84.91% 49.60% 69.93%
VFL-IFGSM 85.42% 98.72% 41.25% 82.86% 40.42% 67.46%
VFL-MIFGSM 80.32% 91.51% 43.04% 89.45% 37.51% 53.42%
VFL-LBFGS 82.29% 95.86% 45.89% 82.54% 49.65% 63.73%
VFL-IMSA 87.00% 97.72% 57.65% 89.65% 37.93% 51.98%
VFL-C&W 41.24% 55.45% 20.45% 76.37% 19.14% 40.62%
VFL-GASG 31.24% 92.89% 43.00% 75.21% 22.36% 47.41%
SR 72t 97.27% 99.78% 79.91% 95.36% 65.09% 75.74%
F4 NEFH A AR S B B ATt B AR AN S AR 3T L
MNIST CIFAR-10 ImageNet-100
SR AR AR BT
AR HEABR L B A iFERERs HiASBIRI 2 BRI B iFERER/s HERBUH 3 i C
VFL-FGSM 19.64 92.13% 94.25% 12.36 48.22% 61.34% 197.92 49.60% 56.34%
VFL-IFGSM 56.23 85.42% 91.83% 41.25 41.25% 59.84% 471.50 40.42% 55.41%
VFL-MIFGSM 57.75 80.32% 86.26% 51.89 43.04% 67.63% 563.23 37.51% 49.92%
VFL-LBFGS 935.92 82.29% 89.24% 269.93 45.89% 60.93%  2669.86 49.65% 52.53%
VFL-JSMA 1771.82 87.00% 91.52% 1524.34 57.65 % 68.42% 6404.60 37.93% 51.69%
VFL-C&W 9360.65 41.24% 59.25% 8248.43 20.45% 51.14%  33849.15 19.14% 42.82%
VFL-GASG 5.51 31.24% 5221% 9.99 43.00% 58.57% 167.89 22.36% 38.84%
=5 AEINGHEAR B HI B R
MNIST CIFAR-10 ImageNet-100
IR LU
Topl Top3 Topl Top3 Topl Top3
5% 33.16% 92.13% 42.90% 74.39% 23.87% 48.27%
10% 30.90% 92.94% 41.79% 73.39% 24.92% 47.48%
20% 30.73% 92.50% 43.51% 76.01% 25.83% 49.45%
40% 31.24% 92.86% 43.48% 76.65% 23.65% 48.18%
80% 30.96% 92.88% 42.14% 75.05% 22.83% 48.32%
100% 31.24% 92.89% 43.00% 75.21% 22.36% 47.41%
Wz 2.43% 0.81% 1.72% 3.26% 3.47% 2.04%
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