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2.2 /a7 REERE (Markov Decision Process, MDPs)

WILEE T LS BENR <V 2 7RERRE (Markov Decision Process, MDPs) 3£ MDPs Th5HZ L %
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WOMEFEL, TRLROBEDORELITEIKFLRNI L THS.
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5.
V(se) « (=) V(st)+a(regr+V (se41))

T It EBHEDR, s, KBAEORE, s41 RKORME, r 3B LBONIEM, o0 <a < 1)
EER, 7(0<y < 1) HREETHB.

Q-learning

Q-learning'") %, BAEDREITEEMIE Q (s, a) ICBRIEDIRIED & B FTRE /IR B D B FOR REIT BH TR
EEBELEERB ST, Q(s,a) 2MILTDFETHS. BELORTHEBICL 2HEEADKYIEL
ZHELTQ(s,0) ¥HETSD. KRXEANWTQ (s,0) ZEHT 5.

Qe — (1-0)Qwa)+a(r+1mQ(.d)

T ZTs3BIEDORIE, o lXBIEDRBIZIIT B178h, s ITROIRAE, o IZTRORIBIZIT BITBIDOEAS,
ABBEDORE s TITA DT NTOITE, riZRENLBOLNIEH;, o (0< o <1)IZ¥FBR, y(0<y< 1)
REERETHS.

Actor-Critic

Actor-Criticl112 %, 1781% 515 Actor & & §¥ffi% 715 Critic #IZHHN TV 5. Actor B TITEI %58
RL, Critic B TTBIOFMEZIT 5. AT OEHNE AT Actor M TITEHESE P (s;,a;), Critic T
WRIETHEE V (s;) 2 EH T 5. (THEEERCREIMEOEHFIT=—x » M TEIT 3 EICiTONS.
Actor-Critic D¥EETNVIIK 6 TH 5.

ITEMRE

P(st,a;) < P(st,ar)+ o TD — Error
TD —Error = ri+9V (8t41) — V (s¢)

R AEET TG
Vist) « (Q-a)V(s:)+a(ren +7V (5¢41))

T T s (BRAE, 7y (IREIDOBONDIHEN, o) 1TBRENTATE), y(0< vy < 1) IIBWERE, a(0<a<1)
B R, P(s,ar) (TR, V (s) IJATHRIOREEME, V (s141) XTBI% ORIETMME, TD -
Error i TDRETHD. THEEEIL WREs, TTH o, DTN TNEZRIRT 5 (FLSED)ERLE
ZBETHSD. TDRE, BREINEEFOITE o 2FHET 2 0IEDLNS. H2ITBICH L TD #E%E
BEDFERLEDITEZRIRT Z2EMEZ D, AOHEROLZOITHZBIRT 2EMLBEDH 5.
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2.4 REERER{LEY

RBRIETY, BEZBE T 2ITHEELE L GRIRT 2720 EMIIREI IRV, 2FL, RERE
BZHATH MDPs DFETHHEE LT, FHHEENE. BBRMLADOREHF L LT, Profit Sharing
BELHMBENATWS., KROF LY Profit Sharing IZOWTHHAZT 5.
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Profit Sharing

Profit Sharingl® 13, #E%B7 & I E TIER LIORIBITEIREMAIE sy, Z—FELTHILT D F
ETHB. kRXEZAVTRETEIEME W (st,a:) TEFT 5.

W(st,at) — W(st,at)+f(t,rT,T)
f(t)rT’T) = ﬂT_t_er

TIT, rIZEE, B0 </ <1)IXBESR, ¢ IIBRERZ, TIIHBARAELLRLATSHS. fIXHALBEK
THY, RETEMEL BRI 5EETHD.
2.5 {TENRIRE

TERERIRELIE, =— V=2 FOITHIRIRB LTI 285 TH5H. Ll L7z Q-learning & Profit Sharing
Wit L AV AITENBIRIENH D, Z 2 TREDOITERRBIRIELBATS.

€ -greedy #iR %

Q-learning NITENRINIE L L T ¢ -greedy BHRIEN LK AVOND. & -greedy BIRIEL L, €(0<e<1)
DHEETT U FAMMATHERIRL, TRUSAD (1 —€) DHERTIE, REOKREBOBV TRARDFHME L F£F
ST EBIRT D HETHS.

L—Lvy FRIRE

Profit Sharing DITENBIRIEL L TL—Ly MERREB LIS AWVWLRS. L—Ly MEIRIEIZL, H25RE
s BT BERIEITEREME W (s, a;) 2 2RIBITHFMEDEFH S, W (s,a) THIVD, BREZRD, TOMHK
RILXVITHEBRIRT D25 ETHS.

P(a;|s) = W(s,a;) /EW (s,0)
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‘4. R B

AEBROBAN, R TRUVERNE SN Profit Sharing #ILEBEFIRL LCTo— Y=y MNoER
L, BEELIREBSEEEET 2 RBREEZHRE L, TV MOH AT RBBMUFBE LB LA
FEOLBERZITY, REBHOFHEERIATS. FERIZL IaL—FTF5. UFTHR Kheperall
DFH, Webots DB, KRR (RRAUE), XRVE, ERRERLEBOMECHATS.

4.1 Kheperall

Kheperall iZ, B{LZEBEOHRICBNTLSAVLNB Ry FThB6I6],
T—Yxr & LTHI 2Ry b Kheperall IZ5W\VTik~3. Kheperall DA E %K 9 1o7 Kheperall
DAAREUATIRT.

o % 70[mm)]

e & & 30[mm)]

o B 80[g]

e CPU £ hr—7 68331 71t v ¥ 24[MHz]

RAMS512[Kbyte]

Flash 2 €Y 512[Kbyte]

DC &—% (% 2~60[cm/sec])2 >
ROMEEE Y LY B—EL L b DER 10 O 6 EFTICEEE
o HRIMRE Y DAEZEEERIL 70[mm]

9  Kheperall 410 Kheprall D& Hrfg

4.2 Webots

Webots i1, #ER Ry MIRESHEE, ENEDLOOBMIES I21—#ThHY, Kheperall D3
Jab—FrTL<KAVDRS. vRy MO BRBIERN, EloRy MR Loma Ry MEHF—BD
KRR, avva—280ER, ATHEERREOMRICE L-HEERY —LTh 3.

43 ERBE (EZRAE)

MEEE L CERBAEEZE S, ERTHVZEREIE, K11 0K > 4 BEELURE S S IEET 53K %% A
wé.%%m%ﬁ%&ﬁﬁvm&<ﬁﬁm&ﬁﬁa&ofwé.%%@#4fmﬁmWMﬁmmme#'
5. 11 0OSOMRIAZ — b, GOHAITT—/L, X OHMAIITEIEED L LTWS. 7, G DA
KREFAD=—I3HY, X OMAICIIRAD—I b5, =—Jxr NIV ASTHAEESITE
d—), BEZROFT-LITEIEED L+ 5.
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4.4 EBRRE

T—Ux v FOREIL, Kheperall DAFER RV HORELER—THDH. =—V = MI 1 EOITEHR
RicHox, MI12ITRT X 5 ICalE, A2 45 ERER, £ 90 ERER, A 45 ERER, A1 90 ERER, %
BOLYIN129%1T5. 1EIOITENCSX 1 AT v eT5H, RI—IhbIT—LETEETEIILZ 1%
Be+5. £, W10 0LTOERE Y REEN LR LIES, AIFICENDHDLL, IATIZLD
RIEWHMAITY. 2DLEx—VcV MIRK 1N OX DA TRAEZROITOITEIEEY LHBTE. F
711D GC OHEATHERERDITI LI -V LU L 1 EZKT L7 5. Profit Sharing D37 X —F§%
EiL, BOHREBTEEMESL 0.1, BERZ 0.95, ##i% 10 &9 5. mFEZEOFFEEIL 10000 [ &
T5. ¥, 1ZFEOLERRT v 7# 20000 TEEREZITH.

M11 EBRMEOBERLRESERFET 52K 12 1REBICET DITBIOESAS

45 EBRHERLER

R13IHASED, M14I1Ch A TELOBREZRT. #Ehi 1 EOEE M- RT v 78, SRl
FBWEEERT. K131%, LR 20000 27 v 72X Z2ERITLALEL, £ DBFAE 10000 2T v LA
TTA—MZEELTWB I ERRLNE. TR LK 14 1%, EBR 20000 27 v 7282 TWAENE
BICROND. E2, VASHYDFEHRT v 7T 2573 THHDIZH L, W ATELOEHRT v 7K
1£7053 THBEZ D, WATHEVDIEIBIATELIVDRVRAT vy PR TI—NVIZBETEBZ L
Bbhhol. LNL, IASOREZEDLOLTRAT vy 7ROKBRLNRN-T2DTEERRENTVD
LIFEVEW. EERLINRI SRR E LT, TEIEE Y OHFIET TIXFEZTICHT 28D 2E®RE L
TR+HTHBILENELLNS.
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5. LIY

Xl Tk, BESELUREASHEET AXRBMEICH L To—V v M BERLRE L BEEREE
HRITETEEOETHRR MR VBN H > 7.

ARXTIE, ==V MZHATEWVWHIRBEERE 5252 L CTHERLUREL BEEREBEZHITE
BOTIIRVWMNEEZE., FLTHEIEESx—Vxzr M TI3REFTHROFMEIZ OV TORIEEITS
728, BESLRENEEEET I XBBBELZMRE LT —Y = MZ Profit Sharing # @A L, 7 A5
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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. In our past research, we observed that the reinforcement
learning agent with distance sensors could not learn on the maze problem having places where are very
similar to the goal point. To overcome this, we add a camera as visual information to the reinforcement
learning agent. To show the effectiveness of visual information, we compare two agents with camera and
no camera on the difficult maze problem. The result shows that the number of steps the agent with
camera reaches the goal is less than that of the agent without camera.



