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[R5 H: https://www.renom.jp/ja/notebooks/tutorial /generative-model /VAE /notebook.html
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Figure 3: Comparison of AEVB to the wake-sleep algorithm and Monte Carlo EM, in terms of the
estimated marginal likelihood, for a different number of training points. Monte Carlo EM is not an
on-line algorithm, and (unlike AEVB and the wake-sleep method) can’t be applied efficiently for
the full MNIST dataset.
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(b) Learned MNIST manifold
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Figure: 6: MNIST
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