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We introduce iterative inference models for deep latent
variable models, which learn to infer the approximate
posterior by iteratively encoding approximate posterior
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—» Equivalent to initially encode the data or the gradient.
L atent Variable Model Comparing with Standard Inference Models| | Comparing with Conventional Optimization Standard inference models are restricted to a single step.

po(X,2z) = po(X|z)py(2) —log p(x) Perplexity 100° lterative inference models can take multiple steps.
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Standard inference models do not include top-down terms.
They were later proposed in [5]. We provide the first
theoretical justification for top-down inference.

Conventional inference optimization, (e.g. SVI [2]):
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Standard Inference Models, (e.g. VAE [3, 4]):
A= f(x)
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