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Dong Y P, LiaoF Z,Pang TY, et al.

Boosting adversarial attacks with
momentum. In: Proceedings of the
IEEEConference on Computer
Vision and Pattern Recognition
(CVPR), Salt Lake City, 2018.
9185-9193
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Figure 1. We show two adversarial examples generated by the pro-
posed momentum iterative fast gradient sign method (MI-FGSM)
for the Inception v3 [ 227 ] model. Left column: the original images.
Middle column: the adversarial noises by applying MI-FGSM for
10 iterations. Right column: the generated adversarial images.
We also show the predicted labels and probabilities of these im-
ages given by the Inception v3.



WEFEPSMEMRSSTE

Real Images

Adversarial Images

(a) Neuron 147: Bird (b) Neuron 20: Train (c) Neuron 102: Goat (d) Neuron 38: Dog

Figure 2. The real and adversarial images with highest activations for neurons in VGG-16 pool5 layer. The neurons have explicit semantic
meanings in real images, which do not appear in adversarial images. The adversarial images in red boxes have the target classes the same
as the meanings of the neurons (e.g., the model misclassifies the adversarial images in (a) as birds). The highlighted regions are found by
discrepancy map [53]. More visualization results of AlexNet and ResNet-18 can be found in Appendix.

Dong Y P, Su H, Zhu J, et al. Towards interpretable deep neural networks by leveraging
adversarial examples.In: Proceedings of the IJCAIl workshop on AISC, Sydney, 2019. 1-6
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Figure 1: An illustration of Triple-GAN (best view in color). The utilities of ), C' and (G are colored
in blue, green and yellow respectively, with “R” denoting rejection, “A” denoting acceptance and
“CE” denoting the cross entropy loss for supervised learning. “A”s and “R”s are the adversarial losses
and “CE”s are unbiased regularizations that ensure the consistency between p,, p. and p, which are
the distributions defined by the generator, classifier and true data generating process, respectively.

Li C, Xu K, Zhu J, et al. Triple generative adversarial
nets. In: Proceedings of the Advances in Neural
InformationProcessing Systems (NeurlPS), Long Beach,
2017.4088-4098
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networks. In: Proceedings ofthe International Conference on Learning Representations
(ICLR), New Orleans, 2019. 1-12
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Figure 10 Triple-space integration model
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