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Hypothesis
/_\/—X = Table 2.1: Algorithm for query probability
¥ Evidence Hypothesis
- FE — function Query-Probability(X) returns a probability distribution over the values of X
/—&—/ >—\\ inputs: ndom variable r D) —ROmELEN*
3 - Calcula X, null
( Evidence )  ( Evidence ) ik
et 'S function Calculat X. V) returns 7 —
K Figure 2.9: Connection between Hypothesis and Evidence in Bayesian Network Repre- if Evidence?(X') then return observed point distribution for X
{ sentations else {
4 caleulate Ay (X) = Caleulate-A(X. V
| U « Parents|.X [
g IR 97) R EIIEHENT VS, S0 S (4 725512 Bayesian Network #185f & 11 if U is empty _Sn
B R then return aly (X)P(X) |
| TOUBRAOHEZ, FTHKMEZHEIHVLEVLFEMIHFET2REMREHRI Lo E else {
| NTWEH5THB. ZHNSOHMNS AMOLEMATHRES, BR2NMMES S for each U, in U
3 = oy o o L : 2 calculate and store 7x (U;) = Calenlate-A(Uz, X)
Bayesian Network TEBLAETH% &% 2 54TV [Heckerman 95b). return Ay (X)CPTix [T, mx(L3) '
/— RRAH L THEZH/BRENLER/ — REZOEROBRD SERENZEM }
s }
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iz, Input-Evidence
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Bizshit8s function Calculate-A(X. V) returns Ay (X )
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Y « Children[X] - V
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IR

TORLAMERD. BR/ —FiCHT MR ETRIBE Table 2.1 O 5471 then return a uniform distribution
) ZAEROTHEZEROREATERDS. 07T XAOR > FHERIC T~ else

At
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o ERMER (causal inference) : FEHS

20/ —Ka
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WREERLENS Ry |

for each Y, in Y do |
calculate A(y;) = Caleulate-A(Y;. nul
Z, « Parents[Y]] - X
for each Z,, in Z
calculate 7y (Z,) = Cs

|
return 3[[; ¥, Myi)CPTy x+2 [1; 7 z;
}
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Table 2.2: Algor

hm for experience accumulation

AL-Nety BN ]

we-DataBase DB

global variables: Ba
global variables: Ex

ian Network *

function Experience-Accumulation

local variables:

nsor-Input
local variables ition-Result
local variables: User-Designation
local variables: Evidence-Dat €1,
* Bayesian Netw

while conversation do {
to-BN-Data(s)
€3 + Translate-to-BN-Data(r
ez + Translate-to-BN-Data(u
Store-to-DataBase( DB, DataSet(ey, . ¢3
Revision-Bayesian-Network( BN, DB )
if Conversation-Done then exit
}
}

€1 + Transle

BEELTROLMMANIEKIL, BROMEZAVLIEFTHS. ThbL, BROBMFT—y0H |
THDRB by AWM SNBSS N, B, T —FELT e MMM ERH N, 7>
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Table 2.3

ables: Bayesiar

global vari I
global variables: Experience-DataBase DB

function Behavior-Decision
local variables: Sensor-Input s
local variables: CF-for-Behaviors CF
local variables: Evidence-Data €
local variables: Behavior b

* BiTER

Revision-Bayesian-Network( BN, DB

€ + Translate-to-BN-Data(s)

Input-Evidence-into-Bayesian-Network( BN, Node(Sensor), e)

for each Behavior b in Node(behavior) do {

CF[b] + Exec-Reasoning(BN, Node(Behavior)) {

if MAX[CF] > Threshold do {
Execute-Behavior(MAX([CF])

b

exit

-5.5 Bayesian Network B\ =B REOERK

BOBETI,
THTEORY, BABRREZ2EKTEEVOFREIZDONT
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TILEOBMENRL

Table 2.4: Algorithm for

global variables: User's-Instruction  inst
. HHLBROERMHAREHAOEHNES

function Utterance-Generation(

D)1 XBREITHLTO

local variables: Sensor-Input

e local variables: CF-for-TaskAchieve CF
ey local variables: Strategy St
4 CF « Calculate-CF-for-TaskAchieve(inst, s)
i GF> Threshold do {
Execute-Task-Using-Strategy (inst
- exit
} ABDBRICETINEERTE 585N b
else do {
for each st in St do | FRETBICB-T, MATREFEEEETI-VOMBRRE FHETE, & !

CF « Calculate-CF-for-TaskAchieve(inst U st, s) {
if CF > Threshold do {
Generate-Utterance( "How about doing”™ +st+ "

DEOI—FADEREE]D LTS, L A7 ANEFEFEVE 2300,

"y RAT2UBOLI—FMSRENNT T 0By V7 ADEETHEL. &0 S WHF

S CONE,SHEETIFEMEAN. MELAL0E, 1A

} FEEML, TOVATLACNATOHAREORETHS. i
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Figure 3.28: Transformation from disparity to distance
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Figure 3.30: Experiment in a real corridor environment




~FEIW - MERBROBRACEI HRTHOES

3.6 EFEOELY

e robot ought to go forward 04
[trials]

% e
‘OC‘ W | R WEHPIL, COBRERERY AT ETH 50 % BEDDE
g e 1
CHRALTZZRE ODE Y WHRE 2 DO HHELEOE—F OMOER
LOTHSD. Ea—V /1 ROLSZBKOABEERS, SHOLHIH
7 Wit & , COBBEOEGETY 22
{ N Rk 2/ 2 % ERoOTWD., MEFEOR N 17— 2 M A
A case where the robot ought to turn right | & i 24 ) BLhoTna. MEDR Y| 7 it
Io]mu“wm\“ e @ EoNTiE, NBFRABATETHD LA TS
807

80 |
40

A case where the robot ought to stop
Far M

Figure 3.31: Result for real mobile robot environment

Near




EIF . HEEROBRCET<ARGTHORS

F44E

MEFEEROBRICED < A—YA DGk




ShBHTZ Shardan;
THFE{TR- R

B 2 L

LIV OHINE % 818

- OrbIziThT
CHB LT TREYNBITHITERN,. 2
BB BT

2t

KR 98] A7EH X

DITHETFINOSZEETHUENH D, FRFICRAEOETINE2BET 50
—AT, iffF, HENECMHRFEEFENS 7 So—F [hih 98
UaEHTVD, ZORRFETCHI-FETN O RT LAOERL & 2 EFMRE L THSR
- )

EEWEL, BENT7IVTYXLEES

HEEZHE L CRETORE
COFERI—VET
FORBEIE L B & AT f 7 C
ABARARIZEHET

4 —4F
TRELTRITI2 \\D
11— = L diug

i

VAT

FHETHS

K 98

2—HFIZAR O




" FAT . HEEBORRCET<I-—FAOBDBIE -

BHORy FOBEYERS R ICHETEBAANOERD

REHTHOBE TR
HAHBOHNT
COKIBITHERD f
FOMESELNTE &85 TTHZ DRy
T . LiL, ETRBALALIIZ, LHXREFHOUGERNI—FEAITES
TREHWE, HHI-FICLr2TRORY FORSTHAE2OBRLZEZRALICRLH
by, H51 2EoTR, AAOERLR2RIFRET
BL2MELH5.
CCT, EIHLTRMEOMBREL—FITL> TEBLATENBERINSY, 2hET
. EEERELAREOBBORLS 1—FIzahikT oWz TE AL ML 25 01,
FEMt >4 2 REM{L L T Bayesian Network IZANT 512, S0k 5 BREBILRIRZRS 0
M EVSETHS. ZOMBEEMRTIBICH, 2—Feofy D1 27 ay
ERTHPNTES.
IS5 01— AOEGMEI
EORBETREZERIZY D 30, 2
. RANZEEE 25 THRIOM, ".“Jﬁm?ﬂ’ﬁrﬂ‘~{l{'@f’x‘fﬂ-,i
5, #k¥Ho . CORE % DI=HIZ

SRR, ITHEWAT 00

2 BBOKy NORENERS X2 51T SEANOBS

AMTEHES DT LB
) FOTHBBO2- D OREEM
CEBETHATIFIERIGLT S

EOHT-IHMBEOBER, oL vESSh-REEALTERGAOE
5 = BRI RS RTILEND )] RBITL->THRED OO
FOBROEHICE > THRY L HARS bbb, ZThizdohLoig
A—5Tiziz<, CPT OMREFE HM Bic ST E ¢S
A—5THB.

BEREZFRONALRTHORIZ, AMASE5EAShERTHE, FOBRMZoHy b

RUETHOMHBETHREETNOLI—RIBBELTHETS. H50% ¢ I2H
WTORy bAHER L ATHOMMEES BEL(B) EL, 0O AN - #&ntifE s

ETH. TNSERY PLELTRY, CORACBTTHREETNOLS %,
DDRY BIIVDH RS 03 O #E Rl O

e = ||BEL(B) — Ty|| (4.1)

% [fR& 99a). ZOTI—fiEBRATRONESBECH L TEEEN- 260

DERERS RBELTL

FOXMBENE TR OREZE Wa, FoOkd, RESHHEREZRED
= fr#hd ETNERBTEENTES
NEOFEN% Figure 4.1 §

422 HBOIS—@OEHEORE

T, BELHTRATS g0t *F X TH Near,Far @
ZOMB T bIXTH/ T 7 B#E ABC




E4¥ - NEEROBRICE T - FAORBIL

Human-~ Robot Robot~ Humar| Construction of
Question Question state space

Storing to database |
as experience

!
Figure 4.1: Abstract of behavior acquisition with state space construction

PSS, Ml T Tl E OM%% Figure 4.2 (27T,
79 ORI —MAR/ME 0.8T L35 TWA. &5 72 Mtz %2
T A Y, T E RMALTWS, T5—flissflie
e oL ) TA&EL 29 BLUT Fh#lGic,
REFTE 4= %% % Figure 4.3 (27T

T — A&
B % @ L Tu S8

130 OF AH OB D |
BEImEyicwEL,

-7, T

GA ZRUWVcREZMO BE{

ALIZHEA Tz, #S 7—HlORRERIIFRIZKEV DD
M f-te — &R

THd
2. EM{ESN/BBRT— 95 Bayesian Network OHRM2RD 3
gRr—y

1.2

BYOKY FOBEMEES R (CHT SBANORS

|
|
79 130

Figure 4.2: Relation between distance threshold and error value

Figure 4.3: Running result for each threshold value
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Table 6.4
function Generate
local variables: double CF|\

Ncond
Visual-Parameter cond

C'F « Calculate-Target-CF (cond
if( Check-Localization(C'F)=True ) then {
Speak-to-user(" i3V, FOMEKEMD £
exit
}
target « MaxNo(CF)
for( Neond=0: NcondiMAXNODE; Ncond++,Ncondécond ) {
for each s in Node(n) {
CF « Calculate-Target-CF (cond N s)
if( Check-Localization(C' F)=True ) then goto :success

}

fail
Speak-to-user( " E0& 5 kiR H 0 LA
exit

isuccess
Speak-to-user

exit
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Figure 6.9: An example scene 2
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6.3 BRMEBHOLHOREEM

Table 6.5: Visual feature parameters on scene 1

i A
B 91
L 1.00

Table 6.7: Visual feature parameters on scene

g [ X mm |y : = @

A 68 ! p 2759

B 195 106 i 5579

C 75 148 B 6607

Table 6.8: Certainty factor of target B for each visual feature expression

1.00 7.30
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1.00 1.00

Table 6.10: Certainty factor of target A (using two visual fe:
& ()

BT (W)

[ ma (< 50

| EHOLR (%)

& A
& B

1.00 | 1.12 | 1.00 | 1.63

E M AR
Table 6.11 (3¢

R S

6.3 BHEBMOLDBOREER

Table 6.11: Certainty factor of target (

&0F)

BeTE (L)
M (KEW)
fit (%)

| %% B
& C 85

L 1.00 I(u? 1.17 | 1.00 | 1.00

1.12 | 1.00 | 1.69
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Figure 6.10: A situation where a target is hard to be localized
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Figure 6.12: Degree of freedom of the H4
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Figure 6.13: Pointing behavior based on uniqueness criterion

Table 6.13: Example of interaction
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Figure 6.14: Experiment situation for pointing behavior
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Table 6.17: Certainty factor

14 62

1.00 | 1.00 | 1.53

:779! A
& B
x4 C
Table 6.15 O X 52, TFhFRLPLSVLD. SORTIMN? ) EVWS D08 ES X&® D
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Table 6.16: Certainty factor of target B

1.00 | 1.00 | 2.23

Figure 6.15: Pointing behavior for target identification
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Figure 6.19: Utterance generation process based on uniqueness criterion
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T Sent
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Table 7.1: Example of BNF representation

- Declarative ace Terminal-Symbol (&)

- Interrogative-Sentence Termina ol (REMIS0)
Sentence

- Adjective NP
+ Noun

+ NP Particle
+ Dem. NP

Noun * hako | tsukue

Dem. %5k 3 -, Table 7.1 @ BNF @#® ) — )L~

Adjective + akai | aoi | ookii | tiisai

2R EiED 2

Z O BNF iz X a458METIE, NP(£84:Noun Phrase) % Adjective(F%&
SMUEBHRN> TUSENAHRT, hs OMBIUEBT—y X—RIZBR ’m
2T Lo T, ANWEhEXMITH->T—H #H%E5 5
MEBOBE, HEM
IABTHORBRTH S, HABOBEIIHER

o=, FRR

Figure 7.4: syntactics analysis step 2
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Figure 7.6: syntactics analysis step 4

Figure 7.5: syntactics analysis step 3
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Aoy MEY kind ICESCEEROMEN
AR\ EILCTF ARSI D

DA ARG D ADERANDHRL 29 THD mALLEED
BEXEITAL AR TS, /405 syntactics-tree 7 7 A3 MME R T 2721 TL
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IZER AR
A0y NEX treeseq i3, E

ZHVWTT210T

meaning

japanese |
Z @ treeseq

<))
X

Table 7.2

definition of tree class for parsing

(defclass syntactics-tree
:super syntactics
(kind

CHa.

:slots i BHOUGEEROME

treeseq yntactics-tree 1 2 A% >R (Ftree) DY AL
meaning
japanese ; RET 2R OB ARER

User Interface
ViaVoice
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F427-2a RE

S

%};

FET2A0y PR treeseq IZIAAZH
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(sono demonstrat

past-verb ‘ita
(mita past-verb ‘mita

(imasita

past-verb

'imasita

(itte order-verb (order-verb

(totte

order-

verb (order-verb

(todokete order-verb (order-verb
(kikasete order-verb (order-verb
(mite order-verb (order-verb

(desu aux-verb

(nani what
(ikutu howma
(itu  when
(dare who

(ga particle
particle
particle
particle
particle

(ka  whgend
(kana whgend

(inoue

ny

‘desu

'nani
rikutu
ity
'dare

‘ga
‘no
*ni
'ha

ka
*ka

proper-noun (proper-noun ‘inoue perso:

‘take)
*bring)
*play-dengon)
*look)

oper-noun (proper-noun 'inaba

proper-noun
proper-noun
proper-noun
proper n
proper-noun

time-noun

roper-noun
(proper-noun
proper-noun
(proper-noun
proper-noun

(time-noun '((identit

noun  (time-poun '((1- o «
(time-noun '( 8
(time-noun *(

special-word
spacial-vord

(yes-vord
(no-word)

tanaka

suzuki

conference
construction
rest-room

NP RE 5

ATREM B

| KM

BREEROER

FTHBLAIL

n)

adjective

adjective

adjective
number-adjective

verh

where

howmany

Table 7.5 X5
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Table 7.6: Defini

ibution (quote ,attr
interpret-code

attribution ,attribution

Table 7.7: Definition of adjective class

(defclass adjective-class
:super hinshi
:slots
(attribution-list

interpret-code)

HEEOEE

E Gl MWy A D Bl 4>,
Table 7.8 DL 5 2 HBEERET D

ok, HoOE#E 5

NERBTHED

Z DM proper-noun {2 Table 7.9 ¢

A ARERTHI—F)

P

ES

ICEREN,

5h3

pexis-

pexis-

7.3 BERHFSORE

Definition mantic

Table 7.8

Table 7.9: Definition of semantic grammar function for proper nour

1 proper-noun (n;

nce noun-cla

:init
:name (quote

(quote

YATLO¥MERT I - FE, GFEERTI FATEBENS. Table 7.10 (2

507 ADERETT

Table 7.10: Definition of noun class

(defclass noun-class
:super hinshi
:slots
(object-list

-evaluation)

201

name name)

Jname)

,is-a))))




BTE . EEWMEIAMOELOSSBEORS
CEBE L BRI EI— FORE

iz Figure 7.10 ¢
ERRT A FOBRLE

(parent-semantic-factor (child-semantic-factor
@child-semantic-factor
child-semantic-factor

child-semantic-factor)

evaluation-list)
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exec-function
Table
:func ‘verb

:args ‘subject

sentence)
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ation-ad
phrase n
(iru imasu)))

g 'location-adverb-phrase)
meaning 'time-phrase)
(meaning ‘subject))))

MRESN, =3 -5 HABO A 2R (X112 " Subject %

¥ - 280 o2 - ¥, Noun OFEKM
e i e ¢ gative-sentence ( (location-adverb-phrase nil)
8(particle ha
(time-phrase nil
(who nil)
:class object (particle ga)
(verb (iru imasu))
:name ’box (whgend nil))
(cast-reasoning-command
‘person

: " e ( yidinze
EVDHEDA S AS > Adjective T RBEMEIREE B (instance evidence-list :init

make-instance

;e-list
(1ist (instance evidence :init
node-name 'room
make-instance symbol-data
(send
(meaning 'location-adverb-phrase)
:interpret-symbol))
(instance evidence :init
e 5 node-name 'time
symbol-data
Wtk DK 2 RET 2B adjective 1T AN TH (send (meaning ’time-phrase)
. interpret-symbol)))

iclass adjective

%

*hd. e, T & Mk E TH

y BT fFans

-phrase ni
le (ga ha no wo o))

(noun-phrase

(noun-phrase ( (adjectiv
(no

(meanin

(meanin,




ETE - BEEMBLODAELOBENERORSE —

7.4 HEBCEIHFLLEEOES

Chapman
Chapman 91] 1250 T
BAORBIZI OV TRBRShTL 2L
WMTRUA, MR T THAE
HIS L i) S ER TN, X
BERBL, RLTI—FITERL ETHROMmY

BO—MERABTEHNTES

RHAOHLVWHBEZBEL, ZOBRPRELELAMNT L

I TEADENTES,
1. WSTRRAT D BYRE T DA A MR ORI
2. EHMHTOBRETO, MBOBaOKE

IR A O i & OXHEAH T

T41 TA4o7— a3 BELTRAVERNEBORE

fEEREh TS

HBCEI<H LV HBORS

VIZKHEMIENR

IBM #:® ViaVoice
OB ON

T, i BEZYDHT ERWBREFRIZT
OWMERHBERR LSBT INNAHEL SRS, JHUITKD, FEMITMEIIE
&2 %,

Yoy MIBLWTHEEEAS, BRNLERORBLRVBDT S
O—FOLIITRADM, IMIFETLREE, T2T—2 a3 OFBINIED
ORy FOFHETLIRBLZHROITHNIE S0, FT1r/7—2a BRENHETS, &
WS 770—FTdhb.

Wiz, UTOMEMKOBRE

RSN W, BB TTORRERBRTHLENSD. £7, TOMELES
DEKE, WHEEOBEROMBIE L TRERL, EUGEOMNICHERTIRM. TLTR
T, ZOMMY YRV EMBEREDNA > T 1 27 HHEERTIBRMTHD

OBz D VTHRBIL THF<

FRAHBICHT ZBRCEERDIH

RHBEOBRBIHET L ok LEE RO
ZHHT 2L ENHD. 20 35 BRI ONRE D 2 & 1T WAt
TE3.

% T, T#fEL
L, BRXEERIIERTEHE

Pronoun | UNKNOWN | Noun | Particle | Verb

ZZT UNKNOWN @8

KNOWN O#4 7100 18 % &0k
AL TR T 50 &

b5, UNKNOWN oz,




TR : EEMELTREELOBRANEORS

Noun, Pronoun

particle | order-ver

BEIIT, | DEDIIHBHEER ST
SIRAMIZ adjective HTFRD, o &S Bk BRETHLBNHESHD
HEROMBRONEY )V T X L% Table 7.12 | ¥

BSHEL BT, REBOMESEET - A—2
ET— Y R—ZCEMEN S, BEOSERE LT, RABO> R EHBHRO
5 DMHE BB T HLENS SN ENT DOV TIRRBTIRRS

Table 7.12: Algorithm for distinction of semantic grammar factor

global variables: Sentence TA-FORELEXR ©

function Distinction-of-Semantic-Grammar-Factor()

{
local variables: Integer » T REROAME
local variables: Words word, * HEEORY *
local variables: Semantic-Grammar-Factor sgf *EROEER

word| | = Add-Partition-using-Dictation(s)
p = Detect-Unknown-Word(word] ])
for each Semantic-Grammar-Factor s¢f in Grammar-DataBase do {
word|p] « sgf
if (Parsing(word| |) == True) then return sgf
}
exit
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Table 7.13: Example conversation when user instructs with unknown word
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Table 8.1: Definition of PEXIS (

Table 8.2: Attribution list for PEXIS

[ mtts | mAEROB | e
IS-A | person

room
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Table 8.3: Example of knowledge storage

#pexis-object998

is-a
from
to
#pexis-obj
is-a
name
#pexis-obj
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baggage
#pexis-object1004
#pexis-object1007
person
hoshino

004
person

inamura

Table 8.4: Example of it
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