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BRBICEAZET. (THBRBIEIT— V= FOKROITEHDOREREZ T 5.
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K1 xT—CxyvhéBEOBE E2 x=—xr bR

22 </AaT7REIRE (Markov Decision Process:MDPs)

< /a7 RIEBIZ (Markov Decision Process:MDPs) & iZ, BIEDIREE s(1) B—2ORIOREEs(t — 1) £47
Ba(t—1) COHEFEL, TNLUROBEDREBLITRIKFELLRNWIETHD. 7Y vy FRELFIZET
THELLHATS. 7Y vy FRELIEIRI DL ITEFR (7 R) TRULGALEERHOZLHD. =—Vx
VIMIKITLETERICBEITES LT3, MDPs DHBE, HM4DL I —TVxr PHRBRENVDI TR
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3. RIERBFX
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R BFEIZOVTHEATS.
3.1 RERER

BREREMIREL TN THRRT DL CREMZEXHT. L LZORRE LT MDPs 27- LT
WRTRER bR, R B EREEICBRET R TCERRTALENH O TEERMIIT AL 12 5.
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TD %38 (Temporal Difference Learning) X, BBRMOEEEE L, BERE LA THROKEOITE
fEAE V' (se41) IS & D BIEOITBIMIE V (s,) 2 FEHT 5. UTOEHRE AV CITBMEME V (s,) 2 EFT 5.
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SITLRBREORHE, s HBREDORRE, s FROKE, r BRENOBONIH/E, o« (0<a < 1)
BFEBER, y(0<y<1) TBELETHD.

Q-learning

Q-learning %, BMIEDITEMEME Q (s, ¢) ZBALORED BB FTREICRIEED R RITEEE % B L /- E%
KBRS ERET D FETHD. BREL ORTHRICL ZMEEAOKRY IR L 218 L TITBIEE Q (s,a) 24
EY D, RAZAWCTEIEBME Q 2EH T 5.
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I I Ts FREDKRE, o TRIEOREICKITBITE, o ITROKE, o IEKROKREIZBITSTEOE
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Actor-Critic® ') 1, 1781% F)5 Actor #8 & i %2 515 Critic BIZHDN TS, Actor BWTITE 418
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KREFFME V (s) 2EFT 5. THEEERVCREFBHEOFEF I — V= v FOIFTHTEEITbNS.
Actor-Critic DFEET VIR 6 TH 5.

ITEVEEE

TD = Error=vi+ v V (s141) — V (5,)

P(si,a) &« P{s¢ )+ o« TD — Error
KA EE

Vi(s) & (L =a) V(s) + o (rgr + 9V (se41))

S I Ts R, r HREOOHEON W, o ILBRSNIATE), gamma (0 <y < 1) IBEL, a (0 < a < 1)
HEER, P(s,) JATRHERE, V (s,) ZITRIRIOREFME, V (s,4.) FITEROREFME TD -
Error (X TD RRETHD. ITBEXREIL, KRiEs, THB o, DEFNRFNEZBIRT S (BhsE2)ERE S
ABETHDH. TDRED, BRINIEFOTR o 2FETE0ICEDND. H2ITEICK L TD 83
BEDHERLEDITHZBIRT 2EH@E 28D, ADEERLEOITHEIRT 2EMEBEDS.
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32 REBRA(E

B BETEBITREEL L CERT 2 oRERIIREE ARV, 2L, RERERIZL~TIE
MDPs OBATHEE LT, FEEREVE.

Profit Sharing

Profit Sharing 13, Bl E7- & X IZFNE TICER LICREBITEIN s 0, 2L TRILTHFIETH
5. RREAWTITEIME W 2EH 5.

W (s1,ar) = W (si,a) + [ (&0, T)
f(trp, T)=p8T"1rp

SIT RIS RIS TH Y, » THE, B0 <3< 1) IIEEE, TITHRENELE LICE
ZATHD.
3.3 1TENERE

ITENBIREL Y, =V POTEIBRBLZFIHLTHD. ki L7 Q-learning & Profit Sharing
WKL AVONBITEHRRERHD. I THEZOITEHREREZHATS.

€ -greedy BEiRE
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Profit Sharing TiZ, fTEN@REL LTA— Ly MERESLICAVLND. L—Ly MNEREIR, $5
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4, =® B
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AEAVTREREBEEZ MR L LAEEEEZ BRI TSI L THS. LT Tid Kheperall DFEHA, Webots
DA, EREBHE (ERMWE), ERRE, ERBERLEBROIACHATS.
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4.1 Kheperall

Kheperall iZ, #LFBOHREICBVTLAVDORIa Ry FTHB. 3D

TV hELTHR D 88y b Kheperall IOV T3, Kheperall K 7 (2573 Kheperall OftA%
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Flash A€ Y 512[Kbyte] £ ##M L T 5. Eio, DCE—4 (HE 2~60[cm/sec]) & 2 o, FoEHEE L+
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K7  Kheperall . K&  Kheprall ®¥HirE

4.2  Webots
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43 FERRE (EBRRH)
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BEFET 5. RRTAVERRIE, K9OLS BT THEEICEDN XK A5, Lil, %
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5. &FU
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Reinforcement learning is known to be a framework of the learning control by which an agent adapts
himself to environment through trial and error. The typical reinforcement learning methods are Q-
learning and Profit Sharing. In this paper, we compare the reinforcement learning methods of Q-learning
and Profit Sharing using a micro move robot Kheperall. The experiment for reinforcement learing using
a real robot is impractical. Therefore, the precedent simulation is very important, and we use a simulator
called Webots so that the real robot Kheperall efficiently learns an environment. As a learing problem,
we adopt a maze problem. The comparison results show that Profit Sharing outperforms Q-learing in

term of the learning speed.



