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Jiaming Zhang, Jitao Sang, et al.: Adversarial Privacy-preserving Filter. ACM Multimedia 2020.
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Jiaming Zhang, Jitao Sang, et al: Robust CAPTCHAs towards Malicious OCR. IEEE Transactions on Multimedia, 2020.
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Yi Zhang, Jitao Sang: Towards Accuracy-Fairness Paradox: Adversarial Example-based Data Augmentation for Visual Debiasing. ACM Multimedia 2020.
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Guanhua Zheng, Jitao Sang, et al. A Generalization Theory based on Independent and Task-Identically Distributed Assumption. Arxiv 2019.
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