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A Basic RL Model: Markov Decision Process

e States: S; Actions: A +0.8
* Reward: r(s,a) €[0,1]

 State transition: P(s'|s, a)

* Policy: 7: S — A
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« Optimal policy & value: ™ v*

* ¢-optimal policy m: v* — v™ <€



Curse of Dimensionality

 Optimal sample complexity: ©[(1 —~)73|S||A|
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Too many states for How to optimally reduce dimensions?

most cases ... -
Exploiting structures!



Parametric Q-Learning On Feature-Based MDP

* Transition is decomposable P(s'|s.a) = > éx(s.a) vu(s)
ke[K]
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Parametric Q-Learning On Feature-Based MDP

* Transition is decomposable P(s'ls;a) = ) ¢x(s.a) ¢u(s)
ke[K]
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Parametric Q-Learning On Feature-Based MDP
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A Simple Regression Based Algorithm

* Generative Model: we are able to samples from any (s,a)

Represent Q-function with parameter w € RX:
Qw =71(s,a) +yp(s,a)'w
W (s) = max Qy (s, a)
acA
Ty (s) = argmaxgesQuw (s, a)

* Learn w with modified Q-learning

Sample complexity (K: feature dimension):
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Sample Optimality?
P(-|sy,a4)
e Anchor condition:

Sample complexity:

P( |55, Cl5)
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