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Adaptive Algorithms for Markov Decision Processes

Masayuki HORIGUCHI*

1. [FLoIC

~b a3 7 RGEBRE, BERE L RN IR EHEY
ERBTHLERERBO—2TH Y, Ok % B
WD lFBellman[4] T 5. “~ /b 7 i 0 ‘@it
WE OF—U— FNI45 HCTRHIIRAENSDTHD.
Bellman(3, 4]<%°Howard[9]iZ k& % % # X% Bk @ i fe
L LTET AL TE DRI Z R D RIS B OWFFE 5
WCHBE 2T, v Va7 RERBIIZOREINDE)
B2 X7 D OREE D> B Bt R R0 e SR B e s i 1, i
mﬁﬁ@k@%%&bf&ﬁméﬂ,ﬂ/tl_ﬁ@b
HHEVEREIEEO WD) S TRIEOWLW (Curse of
Dimensionality)] @ 5iRIZiEHIBE T A THREDORFZE5 B
T 9t (Reinforcement Learning)| &FHINS

R XA F Iy Ta T I R LRI VA

U X L OWFFEATERIT 2 STV A(CE. [1, 5,6, 13, 24]).

AR TIL, RHEFEIEDO FTO~ /L2 7R EEEORMEC
BV THER M RIERI R R T H 57 /L O G I 75 1
OV TRARS ., SR~ L 3 7 RO S TR &
LT :ZC[S 14, 17, 18] LR EF b5, ZZTHOIET

JATER BRI R 72~ L 2 7 RE R (e.g.  [20]) D&
LR Y B Y OWRREIIBR T & 220Kk #’ﬁ%ﬁ%wﬁ%
HCd % 72 HBUR RGPl S AE I R O

FENTIZCE 22V, WU RS TICBNT, 1. %ﬁ&%’a\fnt
=2 D H\ MBI R/ IRIED B R D 54, 2. KRB
B MDD HNNTH 2 A RE A IR RERH & — D 0D f ek W HiChk
N LRD A, 3. IRBEA N~ A/ VE—va V&
EiledbEDma—n X4 FIv 7w s 7 I 71T
K DEERZEFIEORA, IOV TIRK, IRIEZ B LHER
ERNC B 25 WA IR L 72228 & 18 55 B9\ fie il BUR % #i
I LFEBET LY RAEFNLEITRT.

2. #ff
~ b 3 7 P 5E i (Markov  Decision  Processes,
MDPs)id, IROASDHERERIC L > TERSND:

15,4, (gi(a)),r (-5 ) }-

Associate Professor, Institute of Mathematics

S, A X IRAEZE ] (state space) & PR E 22 ] (ac-
tion space) & LARE TIL S, A DEROLEITHIR

IS| = N < 00, |4] = K < o0

ThodIEEWETD. qij(a) FEBRER (decision
maker) 2VREE ¢ CTRIE a LMolz & XROHNTIRE 5
BT BHERE R, £, r(ia) (i € S,a € A)
RHE § CTHIE a o7 L OFIBMEKEERT.
b3 7 RIEBRRITI T D AR 2R LRE I B0
T, ERMFE L ITHEBIEFEABEM Ch D Z & ZRTHIC
LTWDH R, I 2 ClaHEB#E R KR OB (Uncertain
MDPs)IZ2OWTELET 5. K HORMOHESHERITHIIC
kBT A =47 %
Q={q|a=(gij(a):i,j € S,ac A,
2ij(a) 20, gij(a) =1 (i,j € S,a € A)}
jES
LERTD.
5w = (mo, 71, ...) (ZBOK (policy) &£ ¥ . BURD
SEEEE T KT, BI2IE, B n BUTRE i, TRE
an % & DHEZRDN pyp THNITZ OO~ /L2 7 BEEIX
”n(an|in) =Pn
LREND. BT, TNENORIE i THEDRE a;
EMEERICIAOBUORE EFBOREFY, f: S - AT
FG) = a; THAB f L LTEET 5.
™ (f(E)]i) =1 (i € S,n =2 0)

ThY fell LESND. —RICH n MOBFI
mn € P(A|(S x A)™ x S) (n = 0)

P EfERTRSIND.
(history) &3 J R L ¥ %

Hy := Xo, Hp = (X0,20,X1,...,Xn) (n21)
LRT. L X, An ZZNTNE n BiOdREE & RE
ERIMREMTH L. v/ L a7 RERBRICET 25 LW
FFEDEFERT Y POV TR 2 1F[22, 28] L &%
iz,

WIFRFPEEIF]5 (long-run expected average reward)Bd

£z, B n WETORE



Sk
(i, q|m) =

T
- Ex (Zr(Xt,At) | X0 =1, q> (1)

t=0

1
lim inf
Soo T+

EF 5. L, Ex(|Xo = i,q) IZOIHIRER i T
q€EQ DL EDENR 7 1T X HMRME Pr(-| Xo = 1,q)
BT 2MfHEEERT. D &2 Q OMaES LT 5. T
TOBSR m eIl LIEED i€ S,qe D IOV TK(1)%&
AT 2 EELEE B 25, T77bb,

¥(i,q) = sup (i, q|m)
well

% (i B9%k (value function) & L, +_XToREE i € S 12
PVT Y(i,qlm™) = P(i,q) ALY LOBGK 7 € 1 &
g-F%i# (g-optimal ) LK L MY, T_CD g € DK LT
L&, 2o o* & D ICHE L GG
FolE R (adaptively optimal) T % & IS,
FHOBORI {mn}2 o IZPWNT
lim (i, q|mn) = ¥ (i,q) for all g € D
n—>o0

T B ¢-FE ThH D

ThdeE, ZOBRINEITE A L R G B R
%Il (asymptotic sequence of adaptive policies with
nearly optimal properties) & Ff5.

Dl HRBHEEITY] Q 2320515 TERERLD

WISHBR 2T D720 DT LT ZAITHONTELE
T5. RBERTFEOER LWL O OMmBEE ZOHiTE &
HTEL.
o BERFATH: HEBMERITI ¢ = (gij(a)) € QITD
W, fEEOIRKE 4,5 € S MAAEWIZEE W E(communi-
cating) ThH o L &, bbb, 5 {i1 =14,42,...,4 =
j} c S, {a1,az2,...,ai_1} CA2S IS N 20T

Qiyis (a1)Qiniz(a2) - - qiy_yi(@i—1) >0

WEYLDOLE, i b j ~EEARTHDILF Vi —j
LR L q ZBETRATY LS. BIEERTRETHI O 2%
Q* TET.
o BFEFHEM: WEMNEA ECSIZ20 T, qgeQ
WOZMET-T L&, E % q OFEHERE(communi-
cating class) & FE5.

(i) EEORE i,j € E 22T i — j,

(ii) E @FpTTna, 3bb,

Z qij(a) =1 (i € E,a € A(1)).

JEE
2L, A() 1TREE
actions) DEAE KT .
o IEHIBIZERIREITA: HEBMERITH ¢ € Q ITOWVWT, &
DIRIEHAES E G S »MEELT,

1 T OIERATHE 72 IR JE (available

(i) E 1 q OEETHEETH S,

(i) T = S — E iF—> 0%t #oE (absolutely
transient class) ThH 2, Thbb, F¥XTO
mell IZx LT

Pr(Xt € Eforsomet>1|Xo€eT)=1

MY LD L & q ZIEBEIETRE (regularly communi-
cating) 1741 & M5, EMBZERTREITSI ¢ (TS U T E
5 ER()0REMRSE E % E(q) TRT. R e S
W ig € BE(q) &5 k5 REMBEETRATIOHES %
q € Q*(ip) LFET.
o v A/ UE—va & EED § >0 2RO
ELT& &

Qs = {a=(a:;(a)) | ij(a) 26,> _ qij(a) =1

JES
for i,j € S,ac A} (2)

A 7 V=Y a URIFEMIZTITIES LIRS,
o HIBIWHIE: HBIR (1—-7)Di€ SqeQmell
DN T O HITERFI S (expected total (1 — 7)-discount
reward) %

vr (i, qlm) =

oo

Ex (Z(l —)'r(Xe, Ar) | Xo =1, Q) (3)

t=0
LE£TD. £,

vr(i,q) = sup vr(i,q|T)
well

ZEBIR (1 —7) OMEREEELFLEZLICTS. S Lo

TRTCOBBORRERZ B(S) LRT, T/abb,
B(S) ={fIf: 8 — R}

LB<. ¢=(qya) €eQ & 7€ (0,1) i LTIEMF#E

Ur{q} : B(S) — B(S) #% i € S,u € B(S)IZBL T

WD EIERT 5:

Ur{qtu(i) =
max{r ha)+(1—1) Z qij(a)u(j) } (4)

JES
WO I EI 5148 1% (vanishing discount approach)
LLTHMBATOS. (cf. [22, 23]).
R 1.
(1) 1% Ur{q} &
H5b.
(i) #51=% (1 — 1) © BB v-(i,q) IX1EAE
U-{q} O—BRAHRTHD. T8bbH,
vr = Ur{q}vr

(1 —71) ZROMi/NERT

T



(iii) fr 2R(4)OFBO R KL (maximizer) EE L
Ll
vT(i7 q) = Ur (1/7 q‘f"')? 7!13’10 TUr (1/7 q) = ¢(7'7 q)
NS A/RVASH
XU I, BEATEEITS g € Q* (2B 2 fcili H R %
H<. n = (N17)u'27"'nu'N) € P(S) %FHI’\T’ q 2B
THEBIEBHFITI] q7F = (¢ (@) BRO LD ITE
#7154, €S,a€ ADERTRIZONT
q;;"(a) = Ty + (1 = 7)qi; (). (5)
K(B)iE N-WIEFI~2 kv (1,1,. ..
Ne=(1,1,...,1)t ZHNT

1) DEEB~Y -

gt =Tep+(1-7)q
LITHICHRED. P(S) & S LOMESMLET .
EE 1. (Q* Tok#ENR) BIETHEITS ¢ € QF &
ERIC—OBROEET D, 20L&
(i) ¥(@E, @) (:=(q)) ITRE ¢ € S ITRFEL 2. &S
LIZH BB u € B(S) 13k il 7 B 4 1l
729 i€ S IZONT

u(i) =
zneai({r(’i, a) + Z qij (a)u(])} —(q) (6)

JES
(i) EEDO pe P(S) IZHLT T —0LFnLx
P(g™H) — ().

W Qs BT M ABRAERE Y. v 1) U E—
va Y ERUETSTHERMRITH ¢ € Qs 1Tk L TIEA
% U{q} : B(S) — B(S) kD & 5 10E#T 5:

Ufqhu(i) = max{r(i,a)+ 3 _ (4i;(a) = 8)u(i)} (7)
“ jes
orx, U(Q) WMiNEHBTHEZ LIIRDIORSNS.
h(q) € B(S) % U(q) »—EORBE LTS, Ti2bb,
h(q) = U{q}h(q) (q € Qs) (8)
ThHETHEE, REB)THBNT
$*(q) =38 h(a)(H)
JES
g
h(q)(i) = gleajg{r(i, a) =¥ (@) + Y _ aij(a)h(a)(4)}
JES
9)
LRI T o Rl iR E LTRSS 2 &
MORDOEHRESD:
EE 2. (g€ Qs ITPAT 2 HREBUR)
Y™ (q) = ¥(i,q) (i €5)

Thsb. THRbE, ¥(i,q) OETPMRIEICHEE LA,
IHIZ, bL, TRTD € SIZKLT f(z) € A*(ilg)
U f 1 g IEERWERTH D, 7277 L A*(ilq) 1%
IRHE ¢ CTORMEE (optimal action) DHEATH(9)DF
W Omaximizer DIREEETH 5.
3. BLEBERDER

RO FITHN Z RO~ /L a2 7 PEIREE TO®EG
TBOR O GIEIC OV TEHBAL LS. B n HIRE
1€ S TIRE a € A(i) W72 & & DROHDRIED
JES THLHBEERD L HITERT H:

n
Nn(3,jla) = Z Iix,=i,ap=a, X, 1=} (10)
t=0

Nn(ila) = > I{x,—i,a,=a}- (11)
t=0

KL Ip WA D OIS ThS. q(a) ZKO
LOWERT S.

Nn (i, j|a)
gij(a) :=q Nn(ila) ’
0, ZOfth.

Np(ila) >0 0L %,

SOEE @ = (g7 (a)) BAROMBMETINHT S
BEMEEREZRL TS, ¥ = (q?j(a)) € Q HEEIC
U ¢ = (30(a) € Q &

(@) = {q?f )

q%(a’)7

Np(ila) >0 O & x|
ZOf

Lo TERTS. LED 7 € (0,1) T3k L THEBBK
(update function) {0, }5%, IZBT 2D & 9 22K EH A
¥ — A (iterative scheme) & 2 5.

B0 =0, Bpi1="Ur{G"}on (n20) (12)

X(12)0HE2OXITB T 2L ORKIEEKEOO L %
An41 EFRL, FWRE ¢ ICBT 2 RKXEBEETERSNLD
WEBORIX ant1(2) EEREND. Thbb,
Gn+1(2) € argmax{r(s,a)+
a€A(i)
-7 > @ o))} (13)
JE€EEp+1
{bn}22 o & bp = 1 TH D IEDRFEHEFRA LS TH
L ¢:[0,1] — [0,1] 1F
#(bn) = bpy1 (n 2 0) (14)

T RSB RNBE & 9% SEISTRBOR T D
72 DFE T LAY X 4 (learning algorithm)iX#i(12)
DIKRACBIEL an1 LB ¢ MOES.

#7(ali) = P(An = a|Xo0, Ao, ...



LB L&, HRE COBISHBOR 77 13RO & 5 IZYUE
ENB: 4 = Gng1(d) ((€8) LFD L%,
=1 7 (ali
a;i #(77(al?)), 15)
wnya(ali) = ¢(af(ali) (a # as).
BRI 7T = (RD,AT,...) BMBIBOR 7o &5 %,
7T (n = 1) 2R(12) & (15)I0 & » TEKRD 5.

7~r5+1(ai|i)

bn+2 bn+1 bn

M1 ¢ & {bp}nl, OBIR

STV oD EIEAVTERLTHL. ®(12)
I% Federgruen and Schweitzer[7)iC k- CHRE S =9k
TE A8 A % — A (non-stationary value iteration
scheme) D—ODER L EHZHIENTE L. EHIT,
K (12) TOEHMHERIEL 0 (TBI L THRIALBIEK Gt
EROD L, TORRTHLA TV DHER & THH
OO D —WIR S IHER L 72y O fili it % 5 K12
T 5 & 5 R AEKEUK (greedy action) Z3®IRT 5 Z & T
bHoC, A (15)IXBEML ¢ I Lo TROMICH D X B
13 Gpg1 (3) ORBIREI D FERDIGIN S T O PTE DIRIR
SNHMERITWOSND RS ICEHEND. £/, ¢ O
PEEIZOWTRELLS BT % &, IEDRFBEHB A ESI
{bn} TH14) DB AR =3 & 5 2B, EAERE
HACTOEMR y =2 (x 2 0) DFF7DOTFHANCEEK ¢ 23
o THIOE S I y = 2 IS (bast, d(bn)) 7
B Z & LHEMICHRTE 5. RAS)DOFET =Y
R LI FI1FE1 4 (reward-penarty) & 4 7[15] & /EEN 5
(cf. [16, 19, 24]). 7=, Bl aTRE(TH & EHE s ThErT
B354 5 LT ORI Kurano[15] 124 1 % HER e 17
FIH

Q" = {g=(q;;(a)) €Ql

gij(a) >0 for all i,j € S and a € A} (16)
TH 2 b5 ISR e BOR O R OIEIR T dH 0 ARl
Tl BN L EEROGEA GBI —EZ ORROBERAIC L >
Tn5.

3.1 EEAHETTSI

FEAXF—LIZBT D G, 0n, 7 ICHTZERELD
ULRPEZ 155 T2 DR DI EE T 5
f=3E 1. .

(i) bn—>0(n—>oo),Zbg:oo.
(i) 7T i€ S,a €A A LT 75 (ali) > 0.

DL ERD LD RAHEPEOND.

WE 2. gcQ L5, (UF 106 L TUTO (i)-(ii)
2 Pzr(-|Xo =1, ¢)-a.s. THYILD:

(i) §" — g (n— o),

(i) 5 (5) — vr(irq) (n — o),

(i) 77 (A%(lg) | Hos X = ) — 1 (n — o0),
7272 L A% (i]q) 1F(6)D AL OmaximizerDES TH 5.

TQ* = {qTH|u € P(S),q e Q*} LB <. BEHHEY
TERITHN O "TQ* IOV TKRDEENELND:

EFE 3. KE 10H ET A7 1% TQF B L T
BORTHS.

ZIZTHEHFFLLEY BT, 7y — 0 (0 — 00) &
T2 2 LIk D MBI vr, OMERENE & EETS] Tt
DOEFEREICLY, KEAXF—LZHED TN Z L TH
5% BURFIS LT A ROEBOR & 22 513 L A &7
HICBIBOR 25 2 LRSS B[11]:

FE A (UE 1 OB LT, B {7}
Oasn — o0) 1T QF I[ZBT 213 & A LRl 2B B
KITHD.

3.2 IEMREIERAEITSI

WA TEHBEFTRETTS Q* (i) TORGEER DAFIEIC
BILTRHHT 5. E G E(q) 2T BT O LD ARiEH
NEAT J(E) (k=1,2,...) ZEROICERET H:

J(E)={ieBE >

JEE(q)—E
for some a € A(i)}

(tn —

qij (a) >0

k-1
T(B)={ie E- ] 2(E)
1=1

Z gij(a) > 0 for some a € A1)} (k 2 2).
J€Ip-1(E)

F72,
K(E(q)) = {(i,a,7)|pij(a) > 0,
i,j € E(q),a € A(i)}
LiE#L, 20 K(E(q)) BT 2 HBHRITH ¢ DR
DORIMEE § LB, Thbb,

0= min _ p;i(a
(i,a.) €K (E(q)) 7@



LB ZoLE UToOMERREND.
W 3. (£ g € Q*(io) (o € §) & B G F(q) &
KX, HHERKIE) ASHE)SN) T

Je(B) #0 (k=1,2,...,U(E)), Jyp)+1(E) =0

72T H OBPFET 5.

W@ 4. g € Q*(io) (ip € S) &£T+5. EEK 7 =
(o, 71,...) LIEOERDOHFRA I {en}2y 1%, &
n 2 01220\ T 7n(alhn) 2 en (a € A(zn), hn =
(z0,a0,T1,...,%n) € Hp) £T5. ZOLEEEFEDR
A B G E(q) oL T

Pz(Xny1 € E(q) — E for some I(1 <1 < N)|
X € B) 2 (Senen)™.

LN AIVASR

HREE i € S IZDOWNT g € Q*(ig) &—2OBAILL X,
EIEEEZS] {00} £ ZNICE > TED LRLDESERS
{Es,} C E(q) 2D & H1TEHT 5:

Eo = {io}, To := E(q) — Eo,

o1 := min{t|X; € Tp,t > 0},

Es;, = EgU {X01}7T01 = E(q) — Eqy,

EREUTHEHRMIZ L =2,3,..., 1221 T

on :=min{t|X; € Ty, _,,t > on-1},

Eo, = Eo,_, U{X0,},Ts, = E(q) — Eo,

(17)

LEHTDH. 72720 minh) =00 THD.
E C E(q) IzxL T

n(E) = min{n 2 1|E,,, = E(q)}

LB, ZorE, b L AE) < oo % bIZHEBHETS
q \ZBIT %84 — 174l (pattern-matrix) M(q) ZHERk
T2 ERTED(cL [10]). ¥ —2ATFIELE~ /L =
7 @ #H (multi-cahin) 12 351F 2 B A RE iy 46 A 4H & PRSR
T OBV ONITHIRBTH Y, IEMEEATEETH
q € Q*(io) 1K LT

EREND. 2T E(q) OEFM%E n(E(q)) L&RLE
L& E 3 n(E(q))KRIES/MTFIT, T X n(S—E(q)) X
n(E(q)) /MTHI, E & R R+ ~T1TH>T M(q)
WZBWT i — 7 1% (4,)) OB 1THDZ LITHST 5.
EREE AT REAT A DR BE S ILT/IMTH] E ICHIET 51
DOEGERRER L T ORIGT 21> DR HHBEIC R &
o, Lo T, {17NICL-T a(E) <oco &45Z
EWDIIUT A —ATH M(q) ZMET 2 2 LR TX

CIEM B ZEATRETTFNC B 2 IS EOR O T v 3
AT EEAREATHNIC BT S MBICRAE CTE 5.
#HRE 5. HEBMEITS g 2 g € Q* (i) (i0 € S) &7 5.
T ADIUEE 30 eN =00 L4D {e}2, 1T
SVWTHELTD LT 5. Z0oLIERD E G E(g)
2R L CTIRDSR Y 320:
(i) Pz(A(E) < oo|Xo =i0,q) =1,
(ii) £ED k< a(B) IcxtLT
P; (o, < 00| Xo = i0,q) = 1.
LEROHESIZLY, ¢ € Q(i0) 1B L THIHNREE 4o
PHMIE LT, & a({io}) WL io & TeRlEm
e E(q) # RO D2 ENTE, KOEREED.
EBE 5. RE 10L& T, B {772
0 as n — o00) 1% Q*(ip) (BT 21T & A L il 72 ii)n
BRHTH 5.
3.3 Za—0-44F3vs a5y
HRBEEITH ¢ € Qs KBV THELRER {Xn}02,
XD EHBE {0,122, OMEETLTY XnL L
T=a—w-¥AFIvr7nrF 7[5 (Neuro-

G

dynamic programming, Neuro-DP)IZ$5 7} % Rl 755y
% (Temporal Difference method, TD-method) i Fi
WZOWTRHT 5.

fEEDE4 H : B(S) — B(S) B LT, HHK o,
ZUTOHBRATE i€ S IonT

50(3) = 0, B 1.(0) = (1= 5 (0))7n i)+
:yn(l) (Hf)n(z) + Wn(z) + un(i))v (n 2 0) (18)

B2 D, L, An(i) 3RZ n TORAT v 7oA X%
L, HiboTHEXLND {yn(i)} ICX-T
~ N ’Yn(i)v Xn=10Dt%,
(i) = {0, Zolh
LEFEEND. Fo, (Wn()} & {un(d)} & HITKIR
fEieS TOF ¥ 5/ A X(random noise) &K T .
###8 6.(cf. Proposition 4.5 in [5]) L FO5M: (i) -
(V) BRSO ERET S
(i) % i € ST LT E[Wy,(4)|Fn] = 0.
(ii) % A, B> 0 BMFELT
E[Wn(i)? | Fn] £ A+B|jon|*> (R 20,i € S)

A ST,

(iii) H 3—EORER v* € B(S) & FfFofi/h 5%
Thd.

(iv) An(i) 2 0,350 An(8) = 00, 0L An(i)? <
oo (n20,i€8).



(v) i€ S,n 201220 T |up(d)] < 0n(||on]| +1)

Zim 72 IR DMERLEES] {0n} NFIEL, MR
1C {00} 13 0 (2ULHT 5.

ZokE, K(18)D bp (THERLT v* ITPHTD. 7272

L || - || i&sup / /v A (supremum norm) T Y Fp X

{Xe( En), W, En—1), U En—1)} IckoT

R EN DN Do-EERERT.

WA 7. BUOR ™= (mo, 71, ) EMMIIRIE ;€8 &

HEBAERITS g € Qs ITDOWNT

Trn(A*(]‘Q) | X07A07 o 7A7L*17X7L :])
— 1 (n — o0) with Pr(-|Xo = i, q)-prob. 1
HEE, ik Qs B L GHIGHEHEBRCTH 5
q € Qs WHTLHBRT NI XRLEHELT D120
FEHBIEL 0 L TEERBOR T, ZUTOXIIZED S

B0 = 0,0p41(1) = (1 — Fn (1)) Dn (i) +

&n@xT@,An)+%m(Xﬁ+ﬂ**5§:ﬁnM»

res
(nz0) (19)
7o(ali) >0 (a € A,i € 8),

Fe(ali) = {KZL)(—)I’ a# ant1(i) DL E,

1—en(i), a=ant1(i) DL,
(n20) (20)
72120, @nt1 (3) 1ZR(19) 12X - TR B EHT B

U1 (BT BRI Omaximizer DU & >

de+1(1) € argmax{r(i,a)+
acA

> ana
JES
THY K@) TR ¢ TOBRARERRE DB E KT
T IUR &S GEEOE O TFE R R 01C
WONERTDH L X, LTORERPREND.

)int1(5)} (i€ 8) (21)

RE 2.
(i) limt—ooet(i) =0,> 12 get(i) = oo
(ii) T i€ S ITxtLTy(i) 20,
D520 7e(d) = 00,3572 1 (8)? < oo
R 8. IE 20 () D&MEMTZL, ¢ € Qs (6 >0) T
HHETDH, DL X,
(1) j € S,a € AICHLTlimt—oo Nt(jla) = oo
with Pz (-|Xo = 4, q)-prob. 1,
(i) 4,j € S;a€ AT LT qﬁj(a) — qij(a) (t —
00) with Pz (:|Xo = ¢, q)-prob. 1.

EH 6. (E 2054:(), (i)&W= L, ¢ € Qs (6§ > 0)
ThorETH. Z0LE, 0(i) — h(q)(i) (t — o0)
with Pz (-|Xo = 4, q)-prob. 1.

4. ¥EF7ILITYRXL

ZOHITHE, INETITRLEI2DETLOZENZEN

WOV T O AR EHERS 2 BLI L 72 A% & G BOR % 15
LIDDFEET NI AN ELDD.

AIET TR L7z & D ISR REITS QF & IERIBI=E T REMT
B Q*(i0) IZPAT 25/ T ATV AATIFEBIE (1—7%)
WL TV RLE2RITL 7, — 0 (b — o0)
LT CHBERIC Bl & 7 DS ER 7T =
(Fgk, 1%, ...) fmﬁa_kﬁ:f% 5. X2, M3lzziLER
Q* L Q*(ig) DT ATY RLEFT. EbL0EA LI
E LDOFMERNHT- SN D Z &, (14) Z i = T e HR N
IBE% ¢ 2D Z EICEET 5.

Stepl. n =08 L. 7 (0<7<1)Z—2BOH
EEL 09(i) =0 @G €S) LHX 7o €
P(A|S) % 7o(ali) >0 (a € A,i € S) &

WAERIC D L. q?j(a) LRI
B,

Step 2. BUEDHIE X, = i 10 UTIE a; € A(i)

EEE AT DEOROMORE X1 =5

AT L. 2 LT Nui,jla), Na(ila) %
AL
qpy(a) =
Nn (4, jla) .
Nolila) (Nn(ila) >0 O &%),
a9 (a) (Zofho & x),
LB

Step 3. &R i € S IZONT an41(i) &

n+1(i) € argmax{r(i,a)+
acA

1-7) Zq”

LBk D ICEA,
Step 4. @; = ant1(i) (i € S) & &I, KOHO
B AT, () (i€ S) %
T (ali) = o(7] (ali)) (a # éi)

Tl (a;]i) =1 - Z (7

aFa;
L LTHEBE L.
EBIT, Tpy1 = UGV} on 1 E-T 0y %
R L.

Step 5. n &% n+1 & L TStep 2~FEh.

"2 Q* T AFBEFATY XA



Stepl. n=0&¥ L. 7 (0<7<1)E—2ROEH
ER L. Ey={io},To = S — Eo, vo(i)
0 (’L € Eo), Xo = 49 ¥ L. HE
a € A(io) M LT 7f(alXo) > 0 &7
D LD IERICRD K.

Step 2. & Apt1 = ant1 € A(Xn) ZHEK
o (-|Hn) D DB RO ORE X1 =

J EBRL,

En+1 =
EnU{Xn+1}: X'ﬂ+1 eTn 0)&%7
Ent1 = En, Xn€E, DL &

X 4,j € Eptr,a € A(R) IZO0T
Nn(i,7la), Nn(ila) 235 L,

Gi(a) =
N (i,jla) ;
_ Ny, 0oL
NoGia) +1(ila) > &
q?, Z DAth

EHX T, ¢° =(q) 17 € Entr)
Ent1 £ ¢) >0 (i € Bpy1) THH LS
RIEBOWENMI T 5.
Step 3. #HRE i € Eny1 12O0VT ant1(d) &
an+1(1) € argmax{r(i,a)+
a€A(7)
1= > @@in()}
JEEn+1
o i RN N et o
Step 4. a; = an41(3) & FK TR, ﬁ;+1(a‘i) =
Prob.(Apy1 = oa|Hp,An, Xnt1
1) (€ A(i)) ZUTO XS ICHEHE L.
T (ali) = (F7 (i) (o # dq)
Fna1(@li) = 1= > (@ (ali))
aFa;
Bz, Ept1 ET Opgr1 = Ur{qn}{)n l
£oT o, 2EHEL.
Step 5. n & n+ 1 & L TStep 2~&Ei.

y

X3 Q" (io) BT 2¥ET LAY XA

BBz, RE 206 & T, v/ V= a V&R

T4750 Qs BT H TN X LERT.

Stepl. n = 0,590 = 0 &L 7g € P(A|S) %
7o(ali) > 0 (a € Ayi € S) LB LD
IAERIC—2MkD L.

Step 2. Ay, = an ZBUIR 7 [T T— DR,
Xn=1& ap POROHORE X1 =74
FBEE Y. n+1 BT 941 € B(S)
D% RO 2253 RS Ko TR &

HE i€ S ITRLT,

Tng1(8) = (1 = n(9)) In (D) +
’S/n(’t) (T(iv At) + ﬁn(Xn+1)_
5 (D)
Les
7L, AT v SIA R Ay TERNICEZ S
iz {yn (@)} kb
o Jm@), Xp=iolx,
= {0, Z0f
LT 5.
Step 3. &k i€ S Ik LT

Gn+1(i) € argmax{r(i,a)+
acA

> @5(@inr1()}

j€S
RO, BOR pg1 BRO LS IS L
fnt1(ali) =
{;g;@l, a# dnt1(i) DX,
1—en(d), a=ant1(i) DLXE.

2L K() 13RHE ¢ € S TOWREDMEE
T
Step 4. n=n+1 & LT Step 2~Eil.

X4 Qs BT 2HEETALITY XA

5. hYIc

AR T, FHEEMEO T ToO~ /L a 7REBRBBRIZEBT
A3ODF IS T LT Y X AZOWTHE L. RAOHER
MRTHNOET AEEIZNZTNRR D0, WTFbE)
B AT B CORBIRGE &ARIEBLIIC L & HER (explo-
ration) & kA (exploitation) d kL — K47 % 5 &
SATWRN B RO OBIRYHEEZ BFRIT O FE 7T
ALTHY, TOFIELHEHATH . Hin O MR E 5
WZOWTIE[1L, 12, 27| 2 BB &SNz,

i ARMEELDDITHY, FFEEH K, BRFIESE
K, ZHEFEROEK L OLFRFFEONEZ S EIZSHT
THEFE L2 ZZICEHoBEEELET.
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