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F i 1EA (Generative Models)
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Direct
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F i 1EA (Generative Models)
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PixeIRNNFAPixelCNN
B 2 p(x)
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Likelihood of Probability of the i-th
image X pixel value given all
previous pixels
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A. van den Oord, N. Kalchbrenner and K. Kavukcuoglu. “Pixel Recurrent Neural Networks”. In ICML, 2016.
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Y25 (Auto-Encoder)

B #5325 (Auto-Encoder)

As close as possible

x |— |Encoder|———» z |—>|Decoder|—>

&)

low dimension

4_———

= Embedding, feature, code

= Used as feature for downstream tasks

= Cannot generate new sample
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Diederik P. Kingma, and Max Welling. “Auto-Encoding Variational Bayes”. In arXiv:1312.6114, 2013.
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T EHémhgzs (VAE)

VAEFISETE SRR (GMM)

Finite mixture of Gaussians Infinite mixture of Gaussians (VAE)

Parameters: {wi,m,zi}f:l Parameters: 0
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