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WFZERCR-OMEEE (Z30) : In decision process with uncertainty, the optimal solutions are
constructed by using dynamic programming (DP) algorithms. In order to solve practical
problems involving very large state space, we need to decrease the amount of computation
necessary for learning algorithm since DP algorithm cannot be applied directly. Based
on using the data of state—action process, the value function is estimated by learning
algorithm. We consider temporal difference method of Neuro Dynamic Programming (Neuro—DP)
and Bayesian interval estimation in Markov decision processes with unknown transition
law. We derive algorithms of constructing optimal solution theoretically. We also treat
numerical examples to show the validity of algorithms and improve corresponding
algorithms.

AATIRAERA
(AL 2 1)
RIS S & gt

20074 | 1,200,000 0|1, 200, 000
2 0 0 8B4 600, 000 180, 000 780, 000
200 9FE 600, 000 180, 000 780, 000

FEE

FIE
% &t 2,400,000 360, 000 |2, 760, 000

WFZE5r 8« G e
P O F - fE 5 - B e (SRR - SLRTECR)
F—U—F:wa 7RGERiE, FHEECE, BISBOR, R, < a 7RG



1. WFZEBAE S WD 5
BERREREORENET LO—DOTH
%~ b3 7 P E AR (MDP) 12 38\ T i iR %
L7 XA AE LT Howard OBRNIE
EEPIN R, S DITHKREEHN LI K 2 Wi
BATK S LT IEBUR KB LN £ < MR &
NTW5, LMLZens, ZRHDOFEICHS
WX, Wb B IRITEOBN DK o FEE D
TEE L, REEEDME 2 D IO TEHEAE NS
FEIZHI R L CEABIROMEZ M 2 &
DRFETHDL Z ENMBNTWD, 7, &
AR O P fiEE & L T Value Iteration
Method (VIM) 23505 CTW 5, LarL, PINR
VIM TR N —o D U2 HNICB W
TERINDZENMFLALT, LHE~Y/LD
738 (multi—chain) TO VIM OHFFEITARME

RORER L DY, ET VKT 2 EHE,

FRlZ, REERI COHBOHTIC L > THET
DTS PRI D,
FHeFELBREZS0EERERE TOK
HET L L THRBENNRMOEA ZH
W, FOET IR D RIEER & E < R
T3 Y X LOHIRES L B 7 T T
EOWFEENBELOMETH D,

2. WO HM
BEREGEREICB W CEABBEORMBET
HHEREE SN HEEET VKT D
Neuro-DP(=m=z—w « XA FI v 7 - Tl s
2 )OO FREMEIC OV T, BT L AR
T BT A= OEAIT b R KIS TE
LHiEMENE S D i T L T XA BB

HIERBWET D,
HARIZIE, D 3 DO Z LI HFE
D 5,

(1) REEERORI T O~V 7RE
BRI DR G

(2) Neuro-DPIZ L 22 7 LY X ADOEHE
DAL

(3) BEREZERIUTL 7 L 2V R LD EFRH
RIE~DIGH

3. WrED kL

() =/ a 7R ERBIZEBT 5 FE O
72 L L C.Neuro-DP |Z k& % RE[E] 24 RO UT{Ed
EIZOWT PIMRR VIM OB TATZE D RIR &
FeHg: U 7228 S UR 03 & SRR =@, et
FOHERNC H S < LB B ERE DI K7z
EHET LT Y XLAORFHEIZHOWTED
B e e T %,

(2) communicating class Z ¥ o4 & L HEHIE
HHAEFF DL AT OWT, R ZEDTE,
Q-learning., Actor—Critic Method 72 & ®
WAz FE SV i b= o AT REM: &
BETD,

@) T NIV XLDOFHET v 7 T AMERKIC X
Do ¥a—HFTIal—g r&2FET
L, 7v3 U X LFITIZ X DB D
HEENGHT ATV, T ) XA EIZEY
#Te,

(4) (HFRHTCIERIE BT IBNE DS D OFT
PR T LY R AORRSOE IR E
IR BT 2 FE R O AT DWW T
e d %,

(5) B BB T B FH PG O 5E &
LT, AfEF7RIL T TORA RIS
S L TFIEICOWT, F O
Moed 5,

4. WFIERR
(D) BRRAE DR FES & Fr o HERR LRI RN D~
b3 7 REBFRIZIBVN T, Rz A
(Temporal Difference Method) | X 5 i
PRI S BUOR DAFAE & T 3T X AD
WL EAT o7, BARMICIE, HERBIEROE
BHEIZDWT,
QT X TOWRREFRICE W 1 HiE] THERE T
X DIEDEREFF L6
Q@IRBES D, HLHIESIET TR
D 2 SOIREERI N B WVICEEFETH
Y (communicating class). ZiLLIFbD
FHEE A ORI T~ TEER R e
(transient class) THHHE
IZOWNWTELE LT, OTI, H#RBEHIOHE
BB X B I BHEE 2 A, R 2250
2 X DIESTIREDOEY & L TELE
greedy policy % & A L CulifisBUR O
AR LN LTz, QDA TIL, ST
TR TN D~ /b a 7B OHER IR
HE SN D REES O ELZE T T L
Y X NEMEA L, BI5 RIS RE bR E D>
b DU & greedy policyZ BU D %#
TAITY XKL, B 72wl SBOR A5
RTEBZEEHALMNILE, F2, =0
FETNLIY) XAOHEY I 2 b— g
HATWV, TATY XEAOFMEEZ ST
L7,
AT I L0 Rge/efE®me o
2 SO REEIET T /L T O3 T e i BUR
DR GTIERCFE TN T XL L%
DEIEEZBH LN LT,

(2) RFEFME T ToO~ /L2 7 REBRIC BT
LB & LT, A AHEEE Wi
AL FIEOREITI Y LA T,

FATHFEClL, HER RO EDERED>
DAERL S LD FERHEEE IS X B R L E k&



WG ER0NA RO EFRIZ IS  FHidy
HOFHNHANSEN TS, Fi-pFikEe

LC. FHFak e L COXMBHIENS A
REEZ L A HERER O X HHEE 2 0 A
NIHERET L (KERA XL a 7RE
WFE) AMERL L7, FAAE & LT, RER
AT WK CRBL S L7z E 2 E AT
BHZ LT, HERBIERISCAERIEL (Value
Function) & A& MEHT TIXFEEAE D PAIX
ELTEHTAZENTE D, £/2. FHE
HIFR DFRIRRVE FIC DWW T, SR & 44
FTLHL 2D E LTRE LRWEAT
HET VO] - FRMT R FAEETH Y |
FATMZEDO D LV L ERR b D L 70>
T2EE R D,

X5, ZOFT a7 REREIC
BT, REHER OB DHEE Sz X
IHERS it T 51 D sdfoe PSP A . i B
BOW KM/ EOME 2B\, £z, B
IR 72 BB SRR L 0 = Do ZHEETIE
WZDWTHIR Lz, #ERBIERIA X MR X
N5 ERRETT NV CTOERICEY 558
Hinz, 5% IDICELRT L0 OHEER
RED—D Lot

F 7o IRERE 22 50 i AE SO 1 i B L B
T 5 2 E TOMFERREIZDONT, O ED
DFw L & L TRAEMICIY &7,

(3) /L a 7 REBERIZEB T D RAMOHERIE
R DOHETE T HEIZ DV T, IRRED BRI D>
LN T—Z %y MTESW X
RS ZHEEE R FNT, HEBHERITHI DX
MEREZEL-ODFHEFIEDELEZ LT
-7z,

HEE SN D HERBMERITANX, 2 Eho
A NEHXE & LTRSS, T— X B
BTG L@k ZHE RO E LT
FEoSTons, =a— 7700k
Rezse— R BT L0 | 2 ORUER LR
EEAHETALITY X AER L, £-.
REEER—FZEKIC L > TEINDIEK
FRRAXOME L GBI BT 5 )
K E OFRIE & OBMRIZONTHH 52
L7, ZNDHOFEETIZL T, Bl
SIELEEDOT—2y Max LT
HEBHERITI 2R IITHED Z ENHKD,
Zhud, EEEREA~OIEHIC oW THEET
LEEOF R PEEH LI L &
=25,

Fo. FRXEOHEEFEE LT, G
XIZ &S KERIFIEZHOVTHS
REIT-o7-, BRI, FHAEXHEIC
KB =t AN ERD, HEEEITST

T HERB R SRATH O F % X RBLIZ DWW T
KO ERELIOTRE REEN—XH
Bk - CTEHTEDLZ LR LT,

ZNHIE, HEBHERITHI N X E TR S
N5~/ a7 RIEBFEIZBN T, IRREELH]
MO FERXEEHET D2BRFEE %17 -
TV 72 7 I 78 O FIEICHBRT
b0 EEZLND,

5. E7pFEIGm L
(WFFEFRA . WHIE5 8 M O 24 |2
(=)

CMERsRmSC) - (B 9 1)

O FEH—., MOEZ, ZHIES, B
1B, “RHEFEED T TO~ /L a 7R ER
FRIZ RS2 KRS A AT R
PRARATAIRZE AT e e 8k 1636 [RHESEME & &
BIREOPR |, BHME, 2009, 18

@ BF RO EZ M EEE Y
AFTIv T rI I TERNET 7
CA4ARNY T T AR T (Fuzzy
Metric Clustering Based on Dynamic
Programming) ", JUHB R FELBRARATAIFZE I
AUk 1630 [FENNVEMEDELBR & 15 « IF
IEME & gt ). AR, 2009, 77--88

@ FEEHFR, HOEZ, BFIEE, Z2H
F® . “A pattern—matrix learning
algorithm for adaptive MDPs: The
regularly communicating case” . B
R FEREHTITFC AT 708k 1589 [ fife 5
PRIRBUC I D BB E OB LIS

T 2008, 110-119

@ fexK Fo, O EZ, WE OEE, K
Rl ZHEE NS L 2 IR B A B, 0
R AR TR LTl T bk 1589 [1fife
KRBT T D B BRE O BHim &G
Fl. #FEME, 2008, 120-129

® WO FZ. “~vLa 7 RERfRicksiT b

WO 7 L 2 U X A (Adaptive
Algorithms  for  Markov  Decision

Processes)”, #at i, 4 IKF T340
ZERTAT ., 2008, 22—29

® T. Iki, M. Horiguchi, M. Kurano, “A
structured pattern matrix algorithm
for multichain Markov  decision
processes” , Mathematical Methods of
Operations Research, ##Hif, Vol. 66,
2007, 545-555



@ T. Iki, M. Horiguchi, M. Yasuda, M.
Kurano, “A learning algorithm for
communicating Markov decision
processes with unknown transition
matrices” , Bulletin of Information
and Cybernetics, #mefl, Vol.39, 2007
11-24

T. Iki, M. Horiguchi, M. Yasuda, M.
Kurano, “Temporal Difference-Based
Adaptive Policies in Neuro Dynamic
Programming” , In: 4th International
conference on Proceedings of Modeling
Decisions for Artificial Intelligence
(MDAT) 2007 (CD-ROM Proceedings),
Viceng Torra, Yasuo Narukawa, Yuji
Yoshida (Eds.), ##&iA, 2007, 112-122

© HWOIEZ, WEFER, ZHIEE, “viu
a7 PERRICB T A IEIC L 558 T
b ) X A2 D W T (A learning
algorithm of TD method for Markov
decision processes)” , RERKFEFAR
W e ek geek 1559 Mm@ b REIC BT
LRERETNVORERMEIGH] , B,
2007, 3449

(Fa¥E] Greff)

@O JHIEZ., “Uncertain Markov decision
processes and Bayesian intervals”, H
AFF2 0 1 OFEFESTEEFHF

&, 201 043H26H, BEESHRK

=

%

@ FEH:WOIEZ, KRS . ZHIE
B . “On bounds for Bayes estimate
intervals in uncertain MDPs”., HA%%
F2200 9FEKFRESFE. 20
0949H27H, KBKK*%E

@ FEH:WOIEZ, KRS . FEE
—RF, ZHIEE, WEEX, 7 Bayesian
approach to uncertain MDPs with
intervals of prior measures” . HZA

B2 2 0 0 9FEELSFAHEAORA,

20094E3H27H, HREK%E

@ FEH:WOIEZ, KRS . =T
—RR, JEREFIESE, LHIEE, 7 Adaptive
algorithm for MDPs using pattern
matrix learning method” . H AP
2 0 0 8 HIHFR A DRI RS
B, 20084 9H27H, HRT¥
RF

® FEH:WOEZ, KRS . FEE
—RR, EEFIERE, ZHIEE.” Adaptive
Markov decision processes based on
temporal difference method” . HZA&RH
¥4 2 00 THEEKFRE SRS
¥R, 200749H 240, ik
RF

® FFRH:BOEZ, LEGEE - (E
—BR. REOHERBIER] 2 FFo~ L2 7k
FEBRIZBIT 2T AT Y XAZON
T’ BARCESE 1 1 7 BN S 4.
2007410AH1 30, B

(& fth)
R BR— U
http://www. math. kanagawa—u. ac. jp/ hor
iguchi

6. AR

(D) WA

i IEZ (HORIGUCHI MASAYUKI)
PZSIRE « T80 - HE#O
MeE®&=S: 90366401

(2) WFge sz
()
WREE S
(3) ELIEMF I
C )
W E %



