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Rich (nonlinear) function approximation + RL can work well w/ enough samples



Can we design provably efficient algorithms for
Rich Function Approx + RL ?
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Block MDP




Block MDP

Decoder: foranys € &,z =w™*(s).
Latent Transition: z' ~ T*(- |z, a)

Emission: s’ ~o0*(-|2)
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4. Run Least-square VI with qgh, D, UD,, r+b



Oracle Efficient Algorithms
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Efficient DeepRL Implementation
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D30 PPO+RND IS not enough (1.e., linear RL
O —e— LSVI-UCB+RFF theory fails here..)

2. Implicit Rep learning via
deep RL ( ) is not enough
(i.e., deep rl fails here..)

3. Heuristic deep exploration

approach ( ) fails..
0 612 25 50 100

Horizon



References

. BRIEE paper: https:/arxiv.org/pdf/2202.00063.pdf
. BRIEE code: code: https:/github.com/yudasong/briee



https://arxiv.org/pdf/2202.00063.pdf
https://github.com/yudasong/briee
https://github.com/yudasong/briee

