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Reinforcement learning is based on DP

Markov process
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mP = m... Balance equation
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Markov Reward Process

-Markov chain with reward process
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A Markov Reward Process is a tuple (S.P.R.~)

m S is a finite set of states
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m P is a state transition probability matrix,
pss’ = P[St+1 - S, | St — S]
m R is a reward function, Rs = E [Ri+1 | S¢ = 5]

m 7 is a discount factor, v € [0, 1]
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Markov Decision Process
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State, Transition probability, Reward, Discount

factor

State, Action Transition probability, Reward,
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Policy
Given stateO| Al O™ actions F& =&
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A policy T is a distribution over actions given states

m(als) = P[4, =a | S; =5s]

Value Function
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State value function

The state value function V,(s) of an MDP is the expected return starting from state s, and then

following policy m

Vi (S) = Ex[G¢|S; = s]

State sO|A{ action aE 3t11 O|F 0= policy nE [HEMC| expected return

State-Action value function

The action-value function g.(s,a) is the expected return starting from state s, taking action a, and

then following policy Tt

qn(s,a) = Ex[G¢|S; =s, A, =a]
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Bellman Expectation Equation
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Bellman Expectation Equation for V™
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Bellman Expectation Equation for Q™
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