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Gradient Sign Method
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2.1 Fast Gradient Sign Method (FGSM)
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2.2 Basic Iterative Method (BIM)
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2.3 Projected Gradient Descent (PGD)
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3.1 Safetynet
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3.2 On detecting adversarial perturbations
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[Z2™] 2] On detecting adversarial perturbations
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