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Abstract : Research on adversarial examples in s@ omain is well studied, but related works in frequency domain is
scarce. In this paper, we conduct thorough of adversarial examples in frequency domain and find that adversarial
examples exhibit highly identifiable artifacts in rete cosine transform (DCT) domain. Hence, a frequency domain —based

adversarial example detector, CNN-D is ’ained based on such artifact information, and the results achieve 98% de-
amples on both CIFAR —10 and SVHN datasets. In addition, a general im-

roposed to address the artifacts that exist in the frequency domain for the adversar-

tection accuracy for common adver
proved algorithm, IAA-DCT, is,a
ial examples. In conclusion, er not only provides studies of adversarial examples in frequency domain, but also
improves the disadvantages o dversarial attack algorithm with artifacts in the frequency domain.
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