Latent variable model

marginal likelihood < p(w; (9) — /p(iE, z, 9) dz > |atent variable

e \\ parameter set

intractable integral complete likelihood
Maximum likelihood estimation (MLE): 6 = arg maxg p(x; 0)

VI and IS, and their biases

variational inference (VI) importance sampling (IS)

observed variable
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VIS as the best way of domg IS

In fact, the effectiveness of the IS estimator is p(z|z: 6)
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VIS algorithm

VI variational importance sampling (VIS)
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Experiments
Mixture model: sz 2, 1 p(x|z;0) = Bernoulli(z; logistic(z))
GMM-Bernoulli q(Z\x; 5) = N2 0, 0%
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p(z;0) =N(z;0,I), p(x|z;0)= Bernoulli(x;logistic(decoder(z)))
q(z|lz; ¢) = N (z; p(x), diag o°(x)

VAE on MNIST

p(x), o’ (x) = encoder(x)
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Partially observable GLM

A very hard problem since p(x, z;8) cannot be explicitly factored as p(x|z;0)p(z;0).
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