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Membership inference attack: determines whether a certain Response = member / non-member MP-GAN does not learn sample-specific features of the
sample point was included in the victim model’s train dataset. Top: D(x), Bottom: dist(x, ¥) training dataset, such as glasses and wrinkles.

Problem: Generative adversarial networks (GANs) are GAN: distinguishable responses (MIA accuracy 1)
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