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Can we design provably sample-efficient RL algorithms
for rich observation environments?



Block MDPs

A structured model for rich observation RL



Block MDPs

A structured model for rich observation RL
* Agent only observes rich context (visual signal)



Block MDPs

A structured model for rich observation RL
* Agent only observes rich context (visual signal)
e Environment summarized by small hidden state space (agent location)



Block MDPs

A structured model for rich observation RL
* Agent only observes rich context (visual signal)
e Environment summarized by small hidden state space (agent location)



Block MDPs

A & . .

A structured model for rich observation RL
* Agent only observes rich context (visual signal)
e Environment summarized by small hidden state space (agent location)



Block MDPs

——— & —  For H steps

A structured model for rich observation RL

* Agent only observes rich context (visual signal)

e Environment summarized by small hidden state space (agent location)
e State can be decoded from observation
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* Reduce to a tabular problem

Main Challenge: There is no label (we cannot observe hidden states).
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* State classification
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Assumptions
* Supervised learner expressive enough
* Latent states reachable and identifiable



Algorithm details and experiments
@ Poster #208



