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Evaluation

Distillation: performance of i
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WAE-MDPs distill policies up to 10 times faster than VAE-MDPs

Distillation of RL Policies with Formal
Guarantees via Variational Abstraction of
Markov Decision Processes.

Florent Delgrange, Ann Nowe, Guillermo A.

® [aster Pérez (2022). AAAI 2022.

® Better performance
® [earning guarantees
® Similar or even better model quality 6
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