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2.2.3 Carlini and Wagner Attack (C&W Attack) [5]
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Clean FGSM JSMA C&W s
Clean 99.33 42.45 63.13 60.34 66.31
FGSM 99.41 99.84 65.66 84.54 87.36
JSMA 99.37 42.64 97.06 77.41 79.12
C&W 99.37 79.16 70.44 99.12 87.02
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99.41 99.77 95.79 91.58 96.64
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Irained " | 99.43  99.86 64.80 99.61 | 90.93
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JSMA+
. 99.43 76.81 96.26 98.18 92.67
C&W
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JSMA+ 99.42 99.83 95.56 98.48 98.32
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