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hidden code by providing the one-hot vector to the generative model.
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Figure 5: Samples generated from an adversarial autoencoder trained
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Figure 1: (a) 2-D Gaussian code of AAE (b) mixture of 10 2-D Gaus-
sian code of AAE (c¢) 2-D Gaussian code of VAE (d) mixture of 10 2-D
Gaussian code of VAE (e) AAE manifold.




