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SAC + iterative inference

Contributions:

e Discuss variational EM framework containing several recent algorithms.

Soft actor-critic (SAC) [Haarnoja et al., 2018] is a state-of-the-art off-policy
deep RL algorithm. We replace the direct amortized inference procedure in
SAC with an iterative amortized inference procedure [Marino et al., 2018].
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* Propose iterative amortized inference for soft actor-critic (SAC).
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E-Step: infer/approximate the posterior, 7(7|O)

* non-parametric: estimate 7°(7|0) " X
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Variational EM also provides clear directions for improving current methods: more
expressive priors, approximate posteriors, and conditional likelihoods, as well as
3 Main Design Choices better inference and learning procedures.
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e Conditional Likelihood Estimate (Model-Free / Model-Based) amortized methods employed in current parametric (policy-based) algorithms.




