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1. To learn to add aberrations to the lens surface such that the acquired videos
are distorted to obscure private attributes but still preserve important features.
2. To learn the parameters of an action recognition network to perform HAR on
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Our key idea: instead of ﬁxed/manually deﬁned optics, we'll design optical Trained CNN Backbone Algorithm 1: Our Adversarial Training Algorithm.
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for every epoch do
for every batch of videos VF do
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We define the adversarial attack as a

multilabel binary classification problem:
Attribute identifiable (1) / unidentifiable (0).
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In the trad!tlonal H{A‘R plpellne, comrnerual cameras acquire visual Qetalls .frc.)m jche standard average similarity index measure based Mean Average recognition in terms of J
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framework that learns a lens' phase mask to encode human action features and accuracy degradation. We expect AA) to evaluate the curve (AUC) of the

perform HAR while obscuring privacy-related attributes. denoted by AC  low SSIM values. adversarial models. ROC.




