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Lecture 2. Value Evaluation and Policy Iteration
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1. Optimal value function V,(s) : 0%l state sOlA 2E 7t53t policy=0] 2 value function
T M 2 US XEDCL

V.(s) = max Vz(s)

2. Optimal action-value function q.(s,a) : 0%l state s@t action a®ilA| ZE 7ts3t policy=0ll 2

value function ¢4& & 7t & 42 XYL}
q.(s,a) = max q.(s, @)

3. Markov Decision Process(MDP)2| SilE &= 22 ZE state Of| CH3H XX 2| optimal value 242 F+=

policy m. & H= Al SLSILL

4. V(s)E = CtEA BHE = AE0 - action value function q,(s,a)0ll CHSH A2 2 LIEtH 5= QUC} :

V.(s) = maxq,(s,a) = max{R(s,a) +y E PlV.(s")}
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SI

41, HHXNo=2 BEXIH FOZl state s OA FE = JUE action & & action value function /2
Z|CH2}5H= action a & greedy St &= A2E & = UCL

5.  Finite MDP &}0f A= unique optimal policy, & Z2-£ state 0f Ci$t optimal value function 22 &2
2 e, state i 2FF 2| unknown value function 2=t 2t2H0| CHSE linear equation O EX{s}7|
%

20 matrix inversion 22 O Z direct solution & &8 £ ULt

51. 2Lt OfF B2 Ji4=2| state St action S0 LA = direct solution 2= computation cost 7}
0 37| WE20] Policy Iteration 1t &2 approximation &3S 2-&3tCt
6. Policy Iteration & 37| Qs ®XN QOI2 FOZ policy m O CH®F CHSCO| expected value

function 2f=0| ZR5IC} :

V() =R(s,m(s) +7 ) PEV(S")

6.1. Ol CtZ2| iterative process & &3l Zt state s Off CHt fixed point & &=L} :



Vs (5) = ) n(@l)RE +y ) PLV())

s 1 A flel wEgE #HESd vi- Voo

Vse€
fixed point V,2 T+& = UCE 0[Pt IEZ Policy evaluation 0|2t £ELC}

7. O|F &X F8HZl value function 52 HIESZ Policy improvement & A|&iStC}.
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