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An adversarial example generation method@n class activation map

Ye Qisong, Dai
(School of Cyberspace Security , University of Scie hnology of China, Hefei 230026 , China)

Abstract : The adversarial examples, if their transferabj it@wonger, will be more effective to attack models with un-
known structure. Therefore, a key to design adversari es generation method is to improve the transferability of ad-
versarial examples. However, the existing method gfor ating adversarial examples are highly coupled with the structure
and parameters of the local model, which make Qenerated adversarial examples difficult to attack other models. The
& formation of the example, and it has high similarity in different neural

network models. Based on this observation, theSglass activation map is used to constrain the process of example genera-

class activation map can extract the key feal

tion. Experimental results show that dvefarial examples generated by this method have good transferability.
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