2001 4E RAPT Ry hFa—hI TN

Tutorial on Bayesian Networks (BN2001)

Tokyo, Japan, July 29, 2001.

N & DFEFRCES < vAR v b OITEVEIREZAK

Behavior Intelligence Formation based on Communication between

Human and Robots

R
HORRF R A TR A B S RIS CREST

Abstract: AEZEMICBWTITEIT A /3—YFraRy hTix, BERENIERH LA Z
Bz 2HITEEL <, BEFEEEITOICL THMLLOHAHRMB LETH D, R TIE,
a—FRaRy b EXFEEITIET, Fon& FEHORG O R ETEHL CEMEMICITEN MEE
ST HIEAOERE BT, b5 3F =k L CRERERMICHHR L 72178 % &
0 YT HHERETIE, BINRBRBROLEC, = —FOREMZIERIXIET 2FN TE /20,
I T, 2—FluaRy NORTRENTHMNFEEREHEFHIRBEERE L TRBAL EHET 5.
a7 RBUC LY, RE&FEH»D THLHRNRBERRENREL 25, ZOBRBRE
DA%, Bayesian Network TRk § 2 FIELZIRET 5. T OWEEE FFOXNFEFEET 7 v
F 74 —2& L TPEXIS LFHIN AL AT AEHFEL, N—YFLaRy hDITEIRRER
U T DERBEEZBE L. BENIZ, (1) xFEcES < BEITERISOEE & = —FE A~
DAL, (2) BERE OIS E Z FMERE L U 2@ 55 X0 AR, 2L OIS HOmHE
HEIRL, BEEYELEY X7, WYEES A7, BHRREROTLTOMBMIREL A7 In L

ZBLT, TOERMAMZHERL.

1 [XC&®IZ

W, NSRS AEREICERL, AfMtala=
=T arETRVENRL, BEAEEYTR—FT5
N=YFruaRy MCEENREEF - TS, 2—FLD
AVET I arEfTROIEENRE LRy MY,
a—FLOXNFEEENAEATHEICL ST, FxkT
VA7 AN—%ERBTERHIFEINS. 20X 57l
BOFD—2>DEFL LT, 22— LOxEHEEEERE L
TERL, RESCRRICESHTEEREISRE 21T
YT7TTu—FRb5. aly "RAERINAEREL b
LNCOTPRTIEFITET, fiffo TR B ETH
FHOADLEILTE R, 20k 5 BB L TxEE
BRBREGHAT AT u—F AR FELRD. 2T,
NR=YFnaRy heDALET I alr AT I
ERERPELOTHD.

EFTEIS, [X=YF ] LWIHIFERTT LI,
2 —FEADEFERESC, =—FEAEOYERMHRE S
BL7-ATE), *EEE1Th ) REWHTHD. T742bb, u

*T 113-8658 FURARSUR KA 7-3-1. FURNKERERT FE@ETY
FRAFFER} tel: 03-5841-6381, e-mail: inamura@ynl.t.u-tokyo.ac.jp,
URL: http://www.ynl.t.u-tokyo.ac.jp/inamura/index-j.html

Ay bR —FEANIH L THESL, XY BERE KL
2T EBRTAENETND. 2—TOFEHRL, ik
REWVWELARLY, =Y F v RIEHREZE S 72D,
LIZS BB Z T CURT AL a— R REEL 1T
W, BRBREEBEL TYVRAT ARERTANERDS.

ZOHDOEHRLLT, uly "R TEITEEDDA
VT FGRANT I F e NES TR, RAOBREE TITE)
LARTERLRWERDD. vRy FOBRREEIL, o
Ay MMER S ARRICT 2 FRTEERN 2L, HD
2 U DRI M30° BRITEIN 2 HD AL EN TE /e
V. BRy FASRBREZE L CHEASH S BREMRE %R
FNC BT AMLERD D.

BT, 22— RboTh, BESEHLCH, T
XL ZOEIITBREL, LIRNCHRER L 7= ik % A A
L CHEE R T8 % EHRTH2LENTH 5.

DX RBEANOERETIE, 2—F L OXIEFERER
PO HBRENZBRBEOHRL, = — TN 2 EEL
HEeEITR 9, "=V FraRy NOTEDDALE T
Tar VAT AERETS. £, WL OLDIEAFNIC
DONWTOERBERZEL CTHIMEEZRIET 5.



2 METRAGBBRRTICED JHEIGH
103393y
2.1 Bayesian Network D& A

DS > TV R v MTEH LWL Bor
THEE, —BHRERTIE (1] TRBRREBRHRSCER v
N OERRIBIZIS T T, MAREITEIZ —Xt—*fis &
HEICHRL TV, TRTIE, BENEBL, #E
L7mETABERTERLRD EETMONLERE L
BEIHECRD. £, ABOZERLZEETH DL
<, NEIBEURI A%ATRO &, TOFE I A% KT
DX ETABERINTLE .

AU, ARREBRICET DRERRE WD XEITE)
OBMRD, BEEMICRBE IR WD EEZOND.
Z OREE BT B 72012, XIEEOK By BEEEHT S
DTIERL, Mt AV THERIICRE T 57 e —F
ZHY, Bayesian Network[2] & FEEN B #EEHET V%
B A4%. Bayesian Network 13D ES R oK EE
REMEREAVTRET IHRET L TH Y, EEICE
BoR v h OHIKES [3)[4], arta—FDTT—
Wi [5], XIFEV AT A[6] 7L, WELISHINTNSF
ETH D 7).

ZDETIVOF|EIZ,

1. 2Ry N AR AL ZT 7Y a B ERI-RER
PO EMAREEHELZ AT, T4 TOE
BREET VOBENFERIZ/RD.

2. Za—IFNRy NREDFELEXTYUVALD
FTDITHEL TWB 7728, SENRREEO/RER
BLLTL, $ERM0OBRE Y RATHA
TOHOENFRETHS.

3. a—¥luRy FOMOBEE, Ry kLEED
BMOBFRERL VL ORBRCHRRATEET, =—
P DIFHROEGIF 2 & % KR L T2ATENET V2 1
THENFRETHD.

4. BEEREBICLERERD L, —HOBERBED
NEETT, RREEHAL CHAIABREDRKETE

BRTEEIT 5 EISHTHE.
EWVWOENICH B.

2.2 BRERREOER

Bayesian Network 13 &2 7 70— T, KK L7
D8/ —RNEfRERLRDF /) —F DRy MU —27 TR
3. &7—RIZEW L O0MENEI VRGN TE

i Reasoni ng
Behavior )s=sesssssssessasnnnes IS
' Resul t

Propagation ;"

1: Bayesian Network (231} % / —RNBOBEfREE
WO

D, HD—ODMENKNLTHETED ) —RNIZxT 3
REERIL, 1TEREBRBAIND. e mEY VA
VERES. READRNIIMER TRBL I, Z0DIc
J—RICIIHEEEENFET . BENCE, K10
XokkmeRy hoEyFHERS, vhy FBARDNEIT
B, AL DERSNTEAR, REE/—FNET5D. &
J — N [0 BRI R H % 8 o 7o Softi A & R TRok
.

MY VRN by,... b, RO, 5/ —F B I
MIST DHEREHE B = {b,...,b,} T 5. D
J—FDLEFICEREL TWEH ) —F0EAE A =
{A1,...,An} L, ZNENOMHEREBOFMEOMEAR
BhRICE - THERINDZEME, a),...,a & LTS
&, Zo0 /—KEOBEFREROITH

CPTpa < P(B|A)

P(by|ay) P(b,|a;)
= : - : (1)
P(by]am) P(b,|a;)
THL, Zh% CPT (Conditional Probability Table:
ST EHERT—T V) LIRS, 20 CPT 37X To
BT/ —FHEICRLCHREIND.

2.3 WEERERICED (EE

ETEELZ CPT FEEINZHDOTIERL, 22—
PRy hOA U ET 7 ar BB T —F @G
LTI, ZOo@EME, BE7=—X, FE7=2—X,
W7 = —X, MegE7T=z—X, WE 7 x=z—X, D520
BRIz yT o 5.

BRI —X HEAMICeRy MIz—F ORI
TITENT 5. TOTEOF TRy ME, &IV RN
WCHEBLED, EOXSRERE—FNTLED, &
DE IR HERE G, RELBETSH. BN
BITEIORAR M AN E L S, EAROTF —
BR—RCERESND.



PEIx—X FHEREHR AZFEO/—F A LHEREK
B %>/ —F B ORICHFET 2EEBM&K (CPT) 2 F
B HI2iE, BMICE DI RBR O RS A AV
5. N 2@8Esni-RBT —¥o%ksL, N; #/—F
A DB RN a; PBRISHhZERE TS, £,
a; B N; BIBHEISh7= 5 B2/ —F B oMY VAL
b BRI S B ¥E n; &35, ZOHKAE, /—F A
& B ORICHET 2ERER CPTg 4 OFRSY pij X

Nis
J J Nj

LR, B —F OERMERIT

Play) = P(A =a;) = 3)

R, bHEUHERLEERRLICHY TS, 20
HEETOY L7 LeTO/ —FEICHL TT 5.

#HRI71—X viRy b BEMCTET 254, BR
WEICMER ) — 8 (—EBEMREEI13ATE  —F) ©
BB AT D FIREMEA FTREL, bod b RE VAR
HEFFOMBIIXIET 2 ERBREEIT). ZOBEVRT
LI D RLHED LWBRIREITH L 91T, fEllE 22 51E
A& INEE L Bayesian Network (2 A4 5.

T, *y b= KT BT — 2 % E
LSS, /—F X OERIX, B/ —Frbogs
EfY LF /7 —Fo0BBEE; ONFOERELZITT,

P(X|E) = aP(Ex|X)P(X|EY) (4)

LRBIND (RECEL B 2BROFE). 22T aldiE
BALRETH S, Fv bV —IBERSERDOEE, X
DE/)—F% U={U,Us,...,. U} L, XDF/)—
K& Y ={V],Ys,...,Y,} LT,

P(X|EY) = ZP(X|U)HP(Ui|EUi/X) (5)

P(Ex|X) = BIL X, P(Ey,|yi) >, Pyl X, z:)
I1; P(zi51Ez.5/v;) (6)

Y75, EEL, B RESMEE. Zi = {za,...,2;]}
B/ —FY, 08/ —FD b, X #BRWE)—F%E
WL, By x it /—F U icBT 5300 55, /—F
X DO EETHERE RO L OREWT 5. 20
2T, P(X[u) 2 CPTyxy iCHIEL T 5.

K (5) &K (6) ITENTNEIRNORFHE L 2oTEY,
F v MU — 7 BERIRCE > THERECESERN B

BREITLTITL 2. Ry MY BEDH D/ —F
TREL B S =546, TOFEHRBPBHI STy
J—RECEHETIFCL-T, BHD ) —FDfER%:
HETLIENTES. ZOFEE, Xy hT—IHL—
TEEERSTWRWVERY, /—ROEIZHFIL 724 —
H—DHEBRTHLEN N> TS, /—F X Ikt
T 5HERP(X|E) X BEL(X) & bEiL&h, /—FiC
B DY RNV ORERIER W7o T RV ERIRS
5. ik —F X OEELIER, {TERESCS
FEHRBE DRTEICEMT 5.

FITERARIEY, HOBREORREBALERIL, X
FU— 7 D—EOFERPFONTIZT TRV D ) —F D
EEELHRmTHIENTE S,

®EE 7x—X +RICFEER fThzeRy b Thi
XA 220D, BIEER D WEAIZIIHEEED
ENREET, BESTATHREEITROELH V155,
ZOXIRIRRETIE, Ry MIBEITEIZIT/RV DD
=P ORRLZITHTOND L ICTEHRETH
5. B DEEBEY BT, ERMICAE
TE 25T 57 e —FTh 5.

ZOX S BELEFEHOREOREL 2RI TIE, &£
LR TEHEELRDLIE, AHEaRy b EOROXIEE
NEETHD. 22T, LICBRHEELR, 22—
OXIEEE HIET B 7= DIFERT 5.

HEEOEIIEL T4 2O HBTEHL L ERE
L, HFLVUZHL T, 22—V iRt aRr v hDIRE
BREICDEND 2 OORMERET D, HER, A8
DRINEFZE SN, TNENCKFEEREE BV IED. =
DORIFEEIGIE [ —F D I ZADiER) TRBEORE]
MERDAER] T2 —FOHTROMER ] O 4 FBENFET
5. BlziX, vaRy NOHERRL - MET RV OREEE
DIEFICEL, 22—V OERB R v b OHEGRFER L&
HSETEIWTIE, vy MIz—FRIRE L7 EHBIL,
ZDIREEMTH. FHET AT T 2 BR
SHENERINTRY, ZhzAVWTARRILERE/RK
THLITRoTND., BB ONWTIIFE 4 ETET
w3,

RET1—X Ry OBV REEEELZHS 2 —
Rzt LT, YU ARAZ D MBEE XSS E 5701,
BER LD =D DBELRET 2LENH 5. Z ORIER
X, =—F L OXFETHZRERE TIZB R Sh
HZRETHY, HBEERDOLNPLDROLND LD TIX
20,

T, WMEOKTFEORREFIAL T, BELZRET



‘ Start ‘

|

‘ a) (bservation Phase ‘

‘b) Lear ni ng Phase ‘

I

‘ c) Reasoni ng Phase ‘

s there
anbi gui ty?

it from
online [ oop?

‘e) I ntrospecti on Phase ‘

2: xtEEDNERT X 5 Bayesian Network DZLDFTHL

51012, #EFROT T —HEMHIN D /37 A—F HEA
T5.
BECREINTZHFEOEIZ, AL EX bNBUR
NEL, ToBRBICeRy "B HGRLIZMEY R e
DOIER BRRETTNOT T —%2E£TIEEL L CHEA
T5. BEDONRT A—2%0L L, TOEHEDOLETH
HEEA tIizBW TRy MRHERRL - — R OEEE:
BEL,(B,6) &L, Z0/—RictLTa—FnLbzi
RE b 15 ZOBE, RO ML

Tt:{Ttly"')T'tn} (7)

Ti; = {05} (i=1....,n) (8

BIuRy T IVE 0ij PRHWCTERL, Rtz
RO T —(E%E, Z OO MVOERRGTDEDE
*HEDFN

e(0) = [[BEL;(B,0) — T,|| 9)

T%ﬁﬁé-:@Ii—ﬁ%ﬂﬁﬁﬁ&bhkéﬁﬁ’
FHLUTEHER = 0%, BEREETT VOHER
7 —1E

1 N
=52 (10)

LT 5. NIIBBET —Z0ETHD. ZOMEP/NS
Fhux, 2—VFoERE R KBRL TV 2 BEREET
NThHDEHWTHIENTES.
COBRBRREETNOHERO T T —HIZ § OBEET
bV, BECIRYHEL/T A— &WW®$T HeFmDOT
T—ENRNETD 0 BERODDFEICRD. 22T, B
m%ﬁﬁhkuﬁétw,ﬁ%®17~ﬁlﬂ)%ﬁé

FELLT, BEHTLTY XA (GA) 2 HAWTEREELT
79,

PDEFLHBHE, ZOVRTAIN2D LS RENEE
IR 722535, Bayesian Network MREEZ FH L T
17<.

3 PEXIS: the Human-Robot In-

teraction System

ATEDEZICESE, uly b &a—FoMoAf 25
7 v ary #1190 OMEY A7 A PEXIS (Probabilistic

EXperience representation based human-robot Interaction

System SFEEHURBRERIUCE S ba—vraRy b A
VBTV ar VAT N) RBFLE [9). PEXIS 3% —
NELTEITSN, BR Y hR2—FEIR 3D L Hizs
FGAT FELTIDVRT MZHRET DR E 2o T
W5,

3.1 PEXIS API

Ry hDY 7 by =T BRRE RS 572012, PEXIS
API #EE L 7=. =0 AP E B ERLKEED HIHE 7
EEITHTEDOOEBOEEGTHY, XFIN L H@ET
o U XY, BRaR OSRBBSHEO Ry Ty
F 74— AIZAINARETH D, FKRD X Hpa~wrF
BEEPSHEIN TS

PEXIS::MakeBayesianNetwork(BN)
Bayesian Network Dz BT 5.
PEXIS TIXRIFHIEE DR v b T —7
R T DHENFRET, BN zID &L
T, ERTLEZRY NI EREETS.
PEXIS::InputEvidence(n, p,r)
J—F nlZBBT — & SN ET — 4
r&ZASIL, FRHCZIUCHRR L 7o MR
VRN p BASITS.
PEXIS::QueryReasoningResult(n)
HHIO / —F nicxL T, sy
RADFFORER, TRDOLMEEEZR
5.
PEXIS::DecisionMaking(n)
/=K n OREEZMALT, BER
EEITH. oDV RNVERICHT 5
B RFRBATIL, TTITR~ &
INTHFEATER P YT SN 5.

PEXIS::StoreDataBase(BN, DB)



Bayesian Network BN iZxtL C, HiE
BONTWAEBHET — % DREET —
Z_X—R DBIZERT 5.

PEXIS::CptRevisionOnline(BN, DB)
F—H~_—R DBIZES\TC, Bayesian
Network BN (Z& £ 5 CPT % W37
T5.

PEXIS:: ThresholdRevisionOffline( BN, D B)
WEDRR DB L7 5 FET D X
512, Bayesian Network BN D4/ —
FOBEE A7 F A THREL, 2—3
R

F9, BREITZ X7 I2E&E 7z Bayesian Network
% MakeBayesianNetwork =~ K CTrR v hMI &
25, RIZ, 2—FoErEeBH T — X In-
putEvidence =< N % H\ T Bayesian Network (Z
FELT — X E L TCAA SN D, 2—FRaRy Ml
THRZITo TV A HIRIE, StoreData-Base & Cp-
tRevisionOnline |Z X » T, ZE2REIHE, uiRv
r2S BEEITEN 21T 9 BE121%, QueryReasoningRe-
sult & DecisionMaking =< F & {f-> CHE{TH)
Hlg 2 REL, XMFEOHEEZITH. T PEXIS APT %
AWz BER 2 IS RBINZ DWW TR EDRE TR 5.

3.2 PEXISOY 7k 7R

PEXIS XX 312 RT L 912, vy b &a—HF DR
BT HAH 72— ATH5. PEXIS ZEHDO
Ay b, BHEO=2—VLORREREY FTREL L TEY,
1Ry b O —F0 5 A SN D EROFBIEICK
FLZ2W, 2—PFREFFICLDAEESCF—R—F, Vs
A2RT 4w 7, GUIREIZL-T, vy MZErdH
L7=Y, BREITROENFARETHDH. PEXIS T KX
SHELTUTD 4OV TV RT AhbERESN, B

WCBEEITVRDN b AEOZEEHZEBHL T\ D

(1) BARSENEYT v AT A

Z 2 CIX BAGED BARS FEIC X U CHESURITZ 17720,
FHBOBWRET LN L, 2—FOEMISET S
EDDOTF—H_R—Z2BBa~w R, HEHEITHIHD
gy REARL, BTV RTFAEETS. 95X
BIn—<vFEERLOAREBEOTFANTHY, FHEH
R, F—R—RAIINLELNTZT XA NEZ 2 THET
+5. HFEHD TQAS[10| Z#_R—RE LT, A7 V=7
MM Lisp ®—->Td % EusLisp[11] EicZ %7 v
AT DR LT,

Robot User
e, [ ) (PEXIS) ()
Mobile Robot| ™ | [ N —F || L Speech
e, " Recognition
| A
- DataBase T
Robot m < User
X O P Gul
Agent Robot 1" 7 bl 2 Joy Stck
% ((<@ H_J Lever
- Natural
\ Utterance Language ser
Robot | | Generator Processing) [®-
Humanoid " |__J ™ IKey?oard
Robot Socket Socket ey

Connection Connection

X 3: PEXIS® Y 7 7 = 7THERR

%72, Bayesian Network @4/ —RIZEID RSN T
WAHMBY AL L BRSEOBEROTERS Z 0T v
AT N TIThIL T\ 5.

(2) T —HFR—RAPT VAT A

ZIZTE, ==Lk y FORTRDINIEXEED
RERCHEL NI HERE RERIIDORERT — & & LT
EHT5. £laRy MBTENEITRDRVWA T T A
BRI, TRA 7 = —X | TR LI, BEINR
BRENETIECL-T, =2—PEANESL-FIEE
WET 5.

(3) FH /[HEmaY 7 v AT A

Bayesian Network (2 X 2§58 % RIcHY$5. ¥F
KR, BuW, 178, BES%EOL  — FRIORERER
2R (2),3) ZWTEEL, CPT & LTHET . #
FERZIX, (@)~ (6) ZHWT, BBRT—Z05 ) —F
DHEBEZRDD. +oHEEDEWMET R ITHEE
I TnwsrRy MCEESH, vdhy b2 HE(TE
BT NIT RSB, F, RROWEEN 255
7E, BEBRENSEL WEEIZE, =2—VFLoxtEEs
WHBEEL MU ERRY MK LU TRETS.

(4) =P A 2T = — 2

PEXIS 2Ff|H$ 22—V DABETHEINS. BF

Rk AT LD A1 & e EiEE#HR%E PEXIS 2D,
PEXIS b DN TE e HFELELBTF AR T2 —F
WERRT D, £, VaA AT v 7L AA— GUI %
EEEOBELELEbE TS, PEXIS & 0BEEIX
Socket & FVWTH Y, #EHUER & MR LAN 72 & & f#
T, =—PIIEFEREINTICaR Y b &xIEEE
TR O ENTE .

4 RGN EEICE DT
&
4.1 EEYERBEIXI~DIGH

£, AREoR v & ORFEESWTITEIRIE 2
BRSOV TRIAT 2. BRATBIOFIREL LT,
BEOARy MBI SEEYERES 2 7 2 RELTZ.

BEERDOE



WIEHHA) R X A7 THY, =a—F NV Fy FEHANT
FETHFE(12], mFEERAVWDFIE (13 2E, &
L DFENRZRENTE. LML, ARBEeRy b2
KEEEIT2 D B L T, TEEEET HEFICONT
IXF EAEHEN RSN TR, 3ERICED  fT8hE
BoFIE LT, 1423550, T8O —7r v A2 HUR
TAHREIZEEE-TNA.

2Ry PRI TV A HEkiTE Y —F S =

{Near, Middle, Far} £178)./,—F B = {Forward, Le ft, Right

D_FBED ) — L& IS, K40 X 57 Bayesian
Network DA THBH. B EtE—FXa<w  FDOvot
Y7, TROBITEREICET 2T E Ko,

ZOWRETIE, vAhy MITOITEN LMD EN TE R
V. ZOTED—BRAOERETIE, =—¥FhaRy Mo
XU TEREIT2 . AEERALZeR Y MK 6 £D
L OBRAEBREO R Yy b ThDH. B L LT0~255
FCOMEE ML ERME & 8K D, K 5DXK 5 7RE
TERET, BEWEREEEL 225 Start 225 Goal £T
FEITTEEEXRAIETH. £z, oAy NI 6
FCRT LI R2—V A ¥ 7 = —ARICER S,
VaART 4y VBES, BFICL AL o CiER
BET AENFREIZ R o TV 5. ARG O ~T
InputEvidence 2= R TITH) / —NIZ A1 & 5.

ARy MIBORT — X & Z T WMo ERET, 208
o P55 —& L iz, StoreDatabase 2~ KT
TRERT — H R—RICEE LD 5. 2L T CPTRevi-
sionOnline =2~ N CTE W/ —F L1TE)/ —F D
W DEMMNEHEEL L TAVTEHT S, TDT
O, vRy MID 2B ITIR -T2, HDBREDIT
BREZITROBNTED LI D. ZOITERREIR
Bayesian Network (2 X 2#5aH 71, $720bH478H) / —
N OREGE (AT, Z3r, A9, FLoZnZh Ok
) CRIAINB.

EATEBOEME HFEEEN R E > TT<HRTEH
T, ®MEOFIERLITRT. ZOERTIE, 1EEOE
TEERIIY a A AT 4y VI X BERETEITR ST
W5, 2[EIHOETHD BEATE SN TN 5D, K
7(1) TIXRTE L HIO —SOITEIORMISENEL, BRIl
LTWBERDNS. 3EIHOETILIRE, EDv—

Behavior Status

Sensor Data

4: [EEY)EEEZ 2 712 H$ % Bayesian Network

Robot 56

Start Point Goal Point

X 5 B8Ry N EOEHEE Y ORE

6: FRBRENOBEIOR Y M a2—P A T 2—R

VBV TH B RITEN BRI TV EN DN D.
FRERR Y M THRRICITEES TR E LD
T3 [15].

4.2 REI7 z—XIZ&BBEAADEE

REEWEREY 27 TIX, BU¥ ) —F OMRERY
S = {Near, Middle, Far} & L C\Wefe®, EfEEDO &
VY EBEBILT B DI o DOBMENKEIZR D, Z DR
EEEANCAEDE TRET D7D THE7 2—X] I
X2EHEITS.

(1) FEEHD R ThLRATEDIZEREEZ 1T 5 HhHE.
(2) 2B EERZRIRL, EVE VY ETHEEL 2V HE
. D FEREOBN A BRENAT o7, BIERH BT
DIRESNTWBERNE, T X5 EEHtoE W% KBk
TAHEITE2S, ThresholdRevisionOffline =
<~V RIZkY, B8D L Hca—YDOEEE ML 24T
a2 BT SENTREL o7z, ZDBRA, BEI£T
D/ —RTHBEOEZRARENO AZ—FL, (1),(2)
FNENDEITE 5 E-32To7#% T, 9L 5%
oY —FOBEREL. FROBUYEEOE Y
THRESERRONTWS., 2O b EEIABES
Z—FLOXFEEFBEL TEHESNTVEIERDND.

5 ICABLEANCEGL -EBEDES

ERECHEEZITI IRy bEBXTHBA, (20O
DO LEDFRNEEIm ST 7L L, SREICL 2MEDLER
BTN DEREW. Bz, BOLARIEMHE - THREEE
T2 988, ALBATH->TH AL > TEHROL RN
EOBARDLS., KETIX, 0L HIRBECRLT
PEXIS ZIGHL, D4R E BGLE EOENT A—
Z DEOBIRE x 752 8L THRRINCER S 56>



# 1: [EEWYEREEZ R 712B81T 5 %t E5E]

BRy b TESFHZRVS, HATFSW
a—Y  (Padf AT 49 7 LA—THT)

oRy b TEEPS LUVERAN, HHFLET
BRy b (EFLD N EEAN, EELET)

a—H% (b rod/E)
Ry b [RYZEFTRONOTTHN? |
Z—H NI

aRy b [45h0ELE]

%Qwﬁﬁﬂﬁgﬁﬁ%%

s instruction |

The highest
certainty factor &

| No instruction

Autonomy Level Difference Case
80~100 [%] Point out the Execute inferred options
Autonomy user’s mistake
Level 4
65~79 [%] Make a suggestion of Execute reasoning results

utonomy the inferred options
Level 3
50~64 [%] Obey user’s inst-
Autonomy ructi while showing
Level 2 the i red options
0~49 [%] [9)
Autonomy instructions operations while showing
Level 1 inferred options
WCEBAT 5.

BfEplE LT, K100 X 57 B¥R AMEITH D
oy b EAWNT, L0 ECHDEEOMENL, =—
PR ELT-EEIY BT 5 THERERRX A7 | TR
VAT LAERALE. TOXRATORDIZ, KIITRT
L) RPREFED/RT A—% & NFIDBENE KRBT DR
DAFIED ) —FEHEL, M1l OXy hU—7 %1
K7z, EERTIIRAD X S RAFEEITVRE L, BE
DEEFEEL TIT<. BARRRRIFEDAERIER LTS
WTIRAEOE S L [16][17 1@ F2FEL L, ZZTiE
BOLATERT/RT A—F OEROERS, BNV T
w35,

22— [HORVYER ST 7o OREE LIS
f, 22—V EHL =EH) Color-Name(CN) / —F
WANIEhD., 2—FRERAL a0 ARTEELE L,
R T A—H % EWT 5 Color-Parameter(CP) / —
IR L THERRZITR DT LY, 2O —¥RHRL
T2 WIRDIR T XT A —4 (Hue & Saturation) Z155.
TR K VEME 2o TV DEROMIEND, = —F7
BRL TV A AREEOEWIEEEIRT 5. 2RHO
FENKNT 5 &, BRI L > THELNERE T
A—=HNCP J—FIZAHEN, =—FREALZRE
LITRBRT — XIS D, ZOT —F_X—RE T
\Z, HREHCP L CN OO CPT 2%84 5.

Fi, EMAOEORBUIFE ST 5720, Mff% Thresh-
oldRevisionOffline =< K CEET 5. EEDON
SLieb0iX, M1l Fiord CP /—FOMETH
%. Hue & Saturation 2> &R S35 2B % 13 HD
BET, {cpo,...,cp12} DTV TIZBEILTWBED,
6=1{61,...,013} Z—FIZXL THESEHHI/RD.

FIHAREEL LT, CN = {Red, Blue, Yellow, Green},

(%]
104

M

80
60 \;y/l
40T,
207 )

Certainty Factors

Scene where the robot ought 7[times]
to go forward %] Number of trials
\
100

@

80
ol ¥

|
40I ;\
20 /

Scene where the robot ought 7[times]

to turn left %]
100

(©)

80 ,\
60 I ‘
o)

Scene where the robot ought 7[times]

to turn right [%]
10

(©)

8o+
6o
a0f
20f

Scene where the robot ought 01 3 5 7[times]
to stop forward . SIOP...

right left

7 RABBRERIC 1T B FE DA

AodrProrNvws

60

"""""""""" Rough Operation

X 8: F7p B EHMEEAT o T — P~ D B
7 —F CP X Hue IZX L THEIZ 12 5%, &\ H4RKEE
"D, WREICABIZADARTEZHEAL TRWEEDIT
TuRy heDAVET I arE2iThRoThbolz.
2 —FREHLUVVEANEE OBOLFTEFERLZEAI
1%, CN J—FIZHLWREY R E Mz 5 E TR
T 5. KI50[EDA 2 E T 7 arEITiRol- B EE S
Ni-BOLRTE YFRT A—ZBOBREX 1212, R
TRT A—2 OREEERE CEL SR ER 13
A

KB40 580, Hue /3T A—X 2O HTED
AN T L T Db CidZel, HOREED
Hue DETH R ADARITRIT 28 HIuE, b
237 Hue DETARBEDL ERLEFETSH. 20D
Enb Y, EACEGLZAORRGFIELEEL TWD
ERERTX D,

I TRAEORBIICEL THRIALEZR, TkEWV ®
(ED) 72, REIRAMBIZOWVWTORIAN AT EH



Distance

Sa Ss Se S7 Ss

X 10: BEBRZRIL T DOHRER

HEAITS, M3 OFRLAD ) —F 2 AW TRERO®
ST D.

6 BEENR

MHESIX, BEioA Y MIxtL T2 BRSFETH
REITR-TH, BREORRISC TITE2 A8 S5
EE AT AERRBEL TS (18], LALARNS, Z0
VAT AF— PR FICERERE B X R TR S
P, X—YyFruaRy hELTOBRTHOLELH-
LTWAEIFE L.

R [19] 1%, EHFREHA L ¥ 72— 205 %1
BL, 2— P LERBEEEEGTIAFT 7 arv R
TALAOEBEMREZRL TS, N—YFraRy MRV
THRBEOENS 2 DD, RROVATF AI=—V
MIz—VFOFOFIZHrHEHImATHY, BENIIT
BTouRy NEBETHE, AU FTF7 v arOE
BERELEDLD. KRVAFAFIT—Vxr MIHYTS
N—yFraRy B EEOCERROFETEIT 57
DICVBERBEREEZLTND.

WIS [4)20) ZEFEuRy b EMEENEE T 4 R
P—r 2Ry FEEHAL TS, Z0aRy b b%EE
RFEEEEF-> TV AR, 22—V EA~DHEISIZD
WL BTV, KRCTlR~72 PEXIS i34
T 4 ABREND, SN—YFARRICERL, —FICHE
BT DD DY AT ATHD EMNEMTBNS.

PERD TREBREFMT 2] AT, 2 Ba—FL
2 —FREIOEER [21], vuR v b EREOBORER [13],

Isthat the target ?
Isthe location target’ s?

Target's
location
Parameter

Isthe color target's?

User's
Designation
of Color.

Isthe size target’ s?

Designation
of Size

User's
Designation
of location

I

8

CP={cp0, cpl, ..., cpl2}

CN={RedBlue,Y ellow,Green} «%
o=
e

11: fAEERRZ 2 7 1ZfEHT % Bayesian Network

£ 3: WRBERL A7 THA S DHRER
Name of nodes Random Variables

CP = {cpo,cp1,---}

CN = {Red, Blue, ...}

LP ={Lpo, Lp1,..

LN = {Near, Middle, Far}
SP = {Sp(), Spl, e }

SN = {Small, Middle, Large}

Color-Parameter
Color-Name
Location-Parameter
Location-Name
Size-Parameter
Size-Name

REERILONEHoT2, NR—=YFraRy s O
AT, vRy b, 2—W, BHEO 3FZFRICH 9
TNAPRKEEIRD. KL TRLIZY AT Al Bayesian
Network O U AARBEZANT, Thvb 3FZHS
ENFRETHY, L=y FrmeRy MI#ELZFE
ThdLEZD.

7T HERERE

FMRC2—F LA FT I alBITRVENRD,
REBREEREL, FEEITRV, MRz EET5, 0
N—=F Ry MIRD b AR e T 572912,
WA RRBR A FBL L, Bayesian Network % ATl
ISR A BT 7 a s EERT HY AT AIOWTIR
Nz, TOVATANIAF—F v b EOYF—ELT
B ERoTNDTD, BEO—FITRL TH—E X
ZITHouRy bR, Ry hU—Z mRy MBI 5iERE
BHEHC S ATEEEE, RESATE 258EITA.
BREEAE L LT, £¥ A7 T Bayesian Network
 BEICHERR T 2 FIEE LT 5L, DlvEHo
AV BT ay TRRRROFEEEIT 5 RO M B
H5. AEORBEICRL TiX, v b U—270HEEE
DRERIEEE L, ERMOMAEBFRENSEDTH
HLEEZ TS, FEEEOBBEICHL TIE, RIS
U CRBRICEARZMIT 2HFIC LY, EELARREEEL
TRWVWRBREZRIL, RIVEFEITORBEIT-T
W3 [15].



* 4 BIRMEORRHE 21T 70 9 AFEH

Z—3 [ZhZzE->7T]

=R NN 2z o, BENEFTTN? )
(FE2MIELens)

Z— MEWET, ROFOETT

=R [ZNiXz o, BEOFREIOFTTTN? ]
(F2MELRBH)

Z— MInz 59

5
[1]

[10]

20 [ N ] Z
I2O0C000000000000000000000000000000000]
S 0 O
0 60 120 180 240 300 360
Hue
% Red Yellow Purple
Orange N Green [] None

12: SN ADARTL RTENT A—5 & OB%

% XXk

Yasuo Kuniyoshi, Masayuki Inaba, and Hirochika In-
oue. Learning by Watching: Extracting Reusable Task
Knowledge from Visual Observation of Human Perfor-
mance. IEEE Transaction on Robotics and Automa-
tion, Vol. 10, No. 6, pp. 799-822, 1994.

Judea Pearl. Probabilistic Reasoning in Intelligent Sys-
tems: Networks of Plausible Inference. Morgan Kauf-
mann, 1988.

Kenneth Basye, Thomas Dean, Jak Kirman, and Moi-
ses Lejter. A Decision-Theoretic Approach to Planning
Perception and Control. IEEE Ezpert, Vol. 7, No. 4,
pp. 58-65, 1992.

H. Asoh, Y. Motomura, I. Hara, S. Akaho,
S. Hayamizu, and T. Matsui. Acquiring a Probabilis-
tic Map with Dialogue-Based Learning. In Proceedings
of ROBOLEARN-96, 1996.

David Heckerman, Abe Mamdani, and Michael P.
Wellman. Real-World Applications of Bayesian Net-
works. Communicaiton of the ACM, Vol. 38, No. 3,
pp- 24-57, March 1995.

Tomoyoshi Akiba and Hozumi Tanaka. A Bayesian
Approach for User Modeling in Dialogue Systems.
Technical report, Dept. of Computer Science, Tokyo
Institute of Technology, 1994.

Eugene Charniak. Bayesian Networks without Tears.
Al Magazine, Vol. Winter, pp. 50-63, 1991.

Stuart J. Russell and Peter Norvig. Artificial Intelli-
gence: A modern Approach. Prentice Hall, 1995.

fhEEth, fRZEmSE, H . PEXIS:HFARRER
WZESLI =Ry b EDOBEEHA L ZTF 7 a
VVRT A BT IEBIERE ¥, Vol. J84-D-1, No. 6,
pp. 867-877, 2001.

F PRERE, JoE3CH, IWELIERA. LISP CHEAFRALES
3 : SEEEM. R ARFEHERE, 1983.

[11]

[12]

[13]

[14]

[15]

[16]

[17]

18]

[19]

[20]

(21]

Saturation

13: Bi5sh7 /—F CP ORfE

Toshihiro Matsui. Multithread Object-Oriented Lan-
guage EusLisp for Parallel and Asynchronous Pro-
gramming in Robotics. In Workshop on Concurrent
Object-based Systems, IEEE 6th Symposium on Paral-
lel and Distributed Processing, October 1994.

Dean A. Pomerleau. Neural network perception for
mobile robot guidance. Kluwer Academic Publishing,
1993.

Minoru Asada, Eiji Uchibe, and Koh Hosoda. Cooper-
ative behavior acquisition for mobile robots in dynam-
ically changing real worlds via vision-based reinforce-
ment learning and development. Artificial Intelligence,
Vol. 110, No. 2, pp. 275-292, Jun 1999.

Tomohiro Shibata, Yoshio Matsumoto, Taichi Kuwa-
hara, Masayuki Inaba, and Hirochika Inoue. Devel-
opment and integration of generic components for a
teachable vision-based mobile robot. IEEE/ASME
Transactions on Mechatronics, Vol. 1, No. 3, pp. 230—
236, 1996.

Tetsunari Inamura, Masayuki Inaba, and Hirochika In-
oue. Acquisition of Probabilistic Behavior Decision
Model based on the Interactive Teaching Method. In
Proceeding of the 9th International Conference on Ad-
vanced Robotics, pp. 523-528, 1999.

Fié B3 th, fazERtse, H HEfe. EAICHEISL 2 iE5s
HBTseRy hOBREBEMFELE-t2—~vr 2Ry
AV B S 7 ary AT b PEXIS OMEZD 3.
5BIaRT 4 7 AL RYT TR, pp. 146-151, 2000.
FaEEh, MMEAN, MERS, . EER ¥ X7 ER
DHFBEICEI 2 —F~DEMMERITEOARK. B
AP RT 4 7 ZAA T b r=7 REES 00, pp.
2A1-76-112, 2000.

w85, B—R, BEM#—. oAy ha<wr FEYH
AT A Acorn-1T & £ DFFAf. A THIBEFRFE, Vol. 9,
No. 6, pp. 882-889, 1994.

RERE. <VFE—EF)N +ba—vrasta—F L
B var-m—y=r MERE EHRER-. B
B3, Vol. 35, No. 1, pp. 65-70, 1996.
M. BEorveRy e bEIN A FEER R v
k OF . bit, Vol. 29, No. 12, pp. 4-11, 1997.

Pattie Maes. Agents that Reduce Work and Informa-
tion Overload. Communications of the ACM, Vol. 37,
No. 7, pp. 3040, 1994.



