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Monte Carlo learning

® Monte Carlo learning2 Episodeg H5F TIHSIALIN XBHC=Z 2 gaintts 7[&E2E 7HL|
gt 242 update®tCY,

® gaint0| FEE|0J0F update?t 7I53t2E episodel| 20| AO{OF BHCY,

® V(S) «V(S)+a(G -V FAZ 7IECE JHK[@s ¢S updatePtLt.

TD learning

® 7D learning2 Episode 1l =5 stepOtCt 7bK[& = ZfS update®tCh [MF2tA Episode?t &Lt
X %2 ME{O|MEZ update?t 7HsSiCt.

® V() «V(E)+aR+yV(s)-V()e FAS J|ESE JHK|E LS updatePtCt.

® TD leaning A E AFE3l= 212[F0= SARSA2E Q-learning0| RUCE.

SARSA

® SARSAE SILEO| Om|AE 0| A #XY state, action, reward, CtS &=A{2Q| state, action(S, A, R, S/,

MK D2{8}0] g valueS update 3h= S o|O|stCt,

® SARSAO|A valued! updateAl, episodel| T HE{C| g valueE update™ M, CHS A Ef action
HR| D2{st=0 O| M, action2 episoded|A EE HASt= action 7|E22 H25H7| 20
SARSAE= on-policy learningO|LCt.

® (Q(S,A) <« QS A+aR+yQ(S,A)—Q(S,A) o Z2 A2 7[F2ZE qvalueE update$HC}.

Q-learning

® Q-learning2 SARSAR} OFEHZEX|Z (S, A, R, S, A)E 12{5}0] Episode?t EHEl= SO 2 step
O|M g valueE update Sh=0 CHE A|EQ| action®l A7} Sl 7HX[&+E X2 UHEEE o}
= actionO| E|=& st&S AIZICE MA| episodeOfA] ZI@El AO| Ot 74X & S X2
HE= AS AFESHY| IE0| off-policy learningO|Ct.

® ((5A) «<Q(54) +a<R +yn}4:;1xQ(S’,A') —Q(S,A)) =Q(S,A4) +a<R +yQ(S',argmax Q(S',A")) —

AI

Q(S,A)) 2 7|F2 2 qvalueE update?trCt.



5. &-greedy exploration

® D= actionO| non-zero &EE action TS THCt
&/m+1—c¢ if a* =argmaxQ(s, a)
m ) - N .
® n(als) = a of HE=E FEMZ HHESY CHE m-1749| actionO|
€/m otherwise
™o 2 SESHA Sirt

6. e-greedy exploration policy iteration

q=(s,7'(s)) = Y _ 7(als)ax(s, a)

qx(s, a)

acA
=¢/m Z gr(s.a)+ (1 —¢) max g=(s, a)
acA
> o/mY aals.2) + (1) 3 T/
ac A ac A ‘
= 3 w(als)ax(s.2) = va(s)
acA

Therefore, from policy improvement theorem v, (s) = v, (s)

7. Monte Carlo policy iteration

® Policy iterationg TIAE [Mf, evaluation BHFOA Q0| &F3| =Y WIIX| evaluation T
ohLt.
8. Monte Carlo Control
® Episode ZSEA[EO| HZ improvement T, Q7t =&5IX| BOtE improvementE Tl TtCt.

9. GLIE(Greedy in the Limit with Infinite Exploration)

m Sample kth episode using 7: {S1,A1, Ro, ..., ST}~ 7
m For each state S; and action A; in the episode,

N(St. At) = N(St.At) +1

Q(St, Ar) — Q(Se, Ar) + —m

N(S:, Ar) (G — Q(Se, Ar))

m Improve policy based on new action-value function

e+ 1/k
7 — e-greedy(Q)

® GLIE Monte-Carlo control %X H&E7tHX|



10. n-step SARSA

m Consider the following n-step returns for n = 1,2, co:

n=1 (Sarsa) qsl) = Ret1 +7Q(St+1)
n=2 qu) = Riy1+ YRe2 + 7 Q(Se42)

n=o00 (MC) q,(:oo) =Rey1+YRe2 + ..+ 1Ry
m Define the n-step Q-return
6\" = Rep1 +YRes2 + -+ 7" Resn +7"Q(Stn)

m n-step Sarsa updates Q(s, a) towards the n-step Q-return

Q(St, Ae) ¢ Q(Se, Ae) + () — Q(Sk, A

e HZ CIZ AFEL O WA 7k &4 ¢S H2{oto] HX q valueE 418 227t A

n-step SARSAE AR&StCt.
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