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Pigy1 = jlix = 1) = pij(pa(i)).

ooooo{1,2,...,n} 000000 terminal state 0 0 000000000000 ODO0OODOOODOOO
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000 oNG(iy) O state iy 0000000000 N-stage cost-to-go 00 D0000000.
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Definition 2.1 0000 « 0 proper 00000, 0000000000000 nODOQO terminal state O
goooooooooo, ooo

pu = Max P(in # 0lig =4, p) < 1. (2.1)
1=1,...,n
O00o0Q0g proper 00000 smproper D000

Assumption 2.1 (i) 00000000 proper policy0DODOODO.
(i) 0000 émproper policy p 0000, JH(H) 00000000000 ¢0O000ODOO.

000007000000 TJ@G), T,J@),i=1,...,n0000000000000
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sz] (4, (@), ) + J (j))- (2.3)

00 P, 0000 pij(p(:) 0000
T,J = g, + aP,J,

0000000000 p0O0OD0OO0 J*O00000 J*0,0e(0,1)00000000 =10 Assumption
21000000000 7,, 7TOODOOO0O0O0O0O0O0O0O0O0O0O0O0O0O0000 T,-J*=TJ"0000 p*
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(a) Tuk+1:TJkD[|D|:| /,Lk+1€H5DD[|.
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Ag(i ZEW (@A) i (imyim41) [d0 = 1] (i € 5),
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di (i, 3) = (i, 1 (), ) + @Ju(j) = Ju(i) (Temporal Defference)
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00 000000k >k00
N a(l—X N
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(a) 7e(i) > 0, 3o¢Zg (i) = 00, 322077 (i) < o0
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Fo=(re(i), 0 < t, Wy(i), £ <t —1,7(i), £ <t—1,i=1,2,--n)
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Jer1 (i) = (1 = 7e(22)) e (3¢) + 72 (ir) (9(% poe (i) ieg1) + aJt(itH)) (3.2)
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00 (3.4),35) 0000000000000
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Theorem 3.3 200000
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000D00VieSYueU(@E) 0000
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00000 Optimistic TD(0) 000000 0D0O0DOOD0OOOO0OD. 00DDO0DDOODOODODOOOOO
gbooooooobobobooooo.

Stepl. n=0000.J,000000.00004=¢000.
Step2. 0OOOO 4,0 J, 0000,

N
(i) greedy policy(action) p,(i,) = argmaprij(v)(r(in,v) +al,(j))00000.
veU (in) j=1
(ii) greedy action u,(i,) 00000000 4py; := j O simulation 000000

D'(in-‘rl (_.7)
(i) J,(i,)OODOODOODOD.

Tana(i) = {jnu), (i £
" (@) + 0 (s an(in)) + €T (G) = Ta(@)), (i

Step3. nO0n+1000 Step2000.

0 2 Optimistic TD(0) Algorithm with discount factor a.

00 Tablel OOOO MDPOOOOODOOD. DODOOO S =14{1,23},00000000000
00 U(1) = {1,2,3},U(2) = {1,2,3},UB3) = {1,2} 000. py(x) 0000000000, r(i,u) D
immediate reward 0 O O. (Iki et.al.“A structured pattern algorithm for multichain Markov decision

processes”(2007) DO OO0ODOOOD)

state | action gi; (w) reward
i welU@) | j=1 =2 j=3] r(iu)
1 12 1/4  1/4 5
1 2 1/8 1/8  3/4 2
3 3/16  3/4  1/16 | 25
1 14 12 1/4 6
9 2 116 3/16 3/4 | 0.75
3 5/8 1/4  1/8 | 225
1 /2 1/2 0 14
’ 2 1/16  1/16  7/8 13

O 1 A numerical example
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0000000 a=0.999 000, Optimistic TD(0)-0 000000 00O update function J, 000
00000000000 D Figure 8.1 O00OO. stepsize parameter 7v,(¢) 0000000 (i)y,.(i) = 0,
(1)> 0 (i) = 0, (i)Y} 02 72(i)) <o 00000000000, 0000000 v,() =1/,0000
0oo000oo0,000000000bO00O0O0D0000DOO,000 10000000 1/5000,00001
gooboobOoboobo0o 1gpbooob0bOobo0obobOo.Oobooooooooo s0DoDOoDbOon
Jn(1) = 11319.88, J,(2) = 11318.53,J,(3) = 1133233 0000000 0. 0000 OO optimal value O
JE(1) = 11332.6, J7(2) = 11321.2, J5(3) = 11335.2, optimal policy O f*(1) = f*(2) = f*(3) =2000.

11345

11340
=
.2
T 11330
R
[} — * —
£ a0 Jn(1) (J*(1) = 11322.6)
=4 —Jn(2) (J*(2) = 11321.2)
= —J,.(3) (J*(3) = 11335.2)
11310
11300
0 1/6 1/3 1/2 2/3 5/6 1 x(5 x 109)
number of steps
0 3 Numerical example (o = 0.999)
good
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Optimization adn Computation Series, ISBN 1-886529-10-8, 512 pages
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