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Outline
• Brief introduction to deep generative models

• AE (Autoencoder)

• VAE (Variational Autoencoder)

• GAN (Generative Adversarial Networks)

• AAE (Adversarial Autoencoder)

• VAE/GAN
• ADA (Adversarial Domain Adaption)

• Reformulation
• Graphical model representation
• Connection to Wake-sleep Algorithm
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GAN vs VAE
• GAN

• Generator aim to fool the discriminator
• Discriminator aim to distinguish generated data from real data
• output images are sharper
• higher diversity, lower stability

• VAE
• Objective: reconstruct real data
• using pixel-to-pixel loss
• output images are more blurred
• lower diversity, higher stability

GAN

VAE

A. B. L. Larsen, S. K. Sønderby, and O. Winther. Autoencoding beyond pixels using a learned similarity metric. arXiv preprint arXiv:1512.09300, 2015.
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= �𝟏𝟏, 𝑖𝑖𝑖𝑖 𝑥𝑥 𝑖𝑖𝑖𝑖 𝑠𝑠𝑠𝑠𝑑𝑑𝑟𝑟
𝟎𝟎, 𝑖𝑖𝑖𝑖 𝑥𝑥 𝑖𝑖𝑖𝑖 𝑖𝑖𝑑𝑑𝑓𝑓𝑠𝑠

perfect discriminator

VAE
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Wake-sleep Algorithm
• 𝒉𝒉 - general latent variables
• 𝝀𝝀 - general parameters
• 𝜽𝜽 - generator parameters

• In wake phase, update 𝜽𝜽 by fitting 𝒑𝒑𝜽𝜽 𝒙𝒙|𝒉𝒉 to 𝒙𝒙 and 𝒉𝒉 inferred by 𝒒𝒒𝝀𝝀 𝒉𝒉|𝒙𝒙 .
• In sleep phase, update 𝝀𝝀 based on generated samples.

• VAE: 𝒉𝒉 → 𝒛𝒛, 𝝀𝝀 → 𝜼𝜼
• GAN: 𝒉𝒉 → 𝒚𝒚, 𝝀𝝀 → 𝝓𝝓

Wake: max
𝜽𝜽

𝔼𝔼𝒒𝒒𝝀𝝀 𝒉𝒉|𝒙𝒙 𝒑𝒑𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅 𝒙𝒙 log𝑝𝑝𝜃𝜃 𝑥𝑥 ℎ
Sleep: max

𝜆𝜆
𝔼𝔼𝒑𝒑𝜽𝜽 𝒙𝒙|𝒉𝒉 𝒑𝒑 𝒉𝒉 log 𝑞𝑞𝜆𝜆 ℎ 𝑥𝑥
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