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Table 1 MNIST Result

Model Clean FGSM PGD
Standards 99.18 15.56 0.08
Madry[2] 99.14 96.1 93.68
ECOCI[4] 99.47 96.8 95.8
Mymethodl | 99.45 95.8 93.59
Mymethod2 | 99.38 96.4 95.22
Table 2 CIFAR-10 Result
Model Clean FGSM PGD
Standards 86.44 10.02 0.01
Madry[2] 87.20 56.10 45.80
ECOCI[4] 87.64 60.80 55.40
Mymethodl | 88.81 61.59 56.60
Mymethod2 | 87.10 62.60 56.73
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