g M 8

TPE AE mEe AMgRle] 27F olsfdln 1
Eo| Ale B4& AXelok 8, 23e| Primitive
Behaviorg ol 83l %8 saso gt =pe
g AR 98] Low-level Sénsor Data® o}
Y&} High Level Symbolic Data®l 2& tls¢]
Data7} Bosith od& 59, 4% XY SLAM,
32 EA QT 22 APe AT ZEA d4H
¢l High level Perceptual 2Fdelth. =3k A} 3
o 5 5443 IdFE ] 98k Navigation,
obstacle-avoidance, o] &2]7] 52 2%°] &
%1% Primitive: behavior®] thfdt 232 A #
ot 71Ee] 2R A|2HA e 9ok 2L AREe] &
ddoz FEEI 2REe Auvel Lug ey
Data +%& 7Hg7] W&o IRAESL AAESAY
set717E vl FEAT. wEtA st el The
3t 25 Knowledge AA7} &7-E ).

Web Ontology Language(OWL)E <QIZF ZF
] Alojo) Z-59t 8-S 913 Concept & A3t}
QIEjYlollA] OWLS: 7|¥te & 3= Upper Ontology
9} Inference Toolo] th3dt A7} Bo] o]Rolx|m
ATHB.,7.12). ol2Ft LE2AE <zte] AAL FF
. e 2R Uzke] 2o gaf wHsoll ¢l
r $42l Ontology®E Knowledge® FR31717F
Bt} IS 3o 2 AAASYHA EAY Context
2 A F ot 2RELe 2 AL qhe] AlAQ)
ZH2h} Encoder, Sonar SensorZ ©]gdle] Ex|
Y ContextE #eatdol st |23 IR 32
A Beo| t2n. Ayt Al 28 QIzke] o
TARES olaigte =z QIzta 435 248 & 4 3l
ojof st g QlI7ke] 2|2 w3k thE = glojo} Fit},

mebd 2 Zolde 25e] Knowledge Framework

ool

i

* Fy89
= gyl
#2437
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X&) HA

Fguieta A7 - MLB* - olakE
dFerled BAY - HEL

& Agksl=d] o] Knowledge Framework:s 28 3
9] Ontology®}t 217 4] Ontologyd Z2#3
ojt}, E ZoA 4JfsH= Ontology: Ontology<
718 B39 TR 348 V1B it RS
gt Ontology® 752X 22e] 37 )3t Know-
ledget E4Ae|al FA oz IEE & =2 A}
Inference tools &0l 4181 A wl &l 245
$23Q) Datadll iz AE 2& 4 A =t

2. 2EEX|2 2EEX| EH

2.1 Web Ontology Language(OWL)

Ontology= <17t AFE7} FH3hk= Concept<]
Zgolth, Web Ontology Language® Fact, Know-
ledge, FunctionsZ ©o}-2E& EF ConceptE W
U o]&& Entity, Relation, Function, Axiom,
Instanced] %oz 4=o] ik, OntologyE Al
&= 2 7 olfEZE Knowledged] &, Know-
ledge®] AAHE, 283 Logic Inference T°] Ytk
(12). Al o] x)21g F3shr] 93 A= A+
2 o] 3 ¥ Upper ontology(6)9F EA3H
Fde] #A2E& F¥3= Domain Ontology 2 AHESH
o223 AFEZE e iAo} 3RS sl B 2
< Semanticsell ™3 Concepte] EF eSS 7H &
UEE THI). Tl=°], Ontologys o83l %
Computing Entitiese High-level, Conceptual Infor-
matione Low-level, Raw DataZ®E F&3py ¥
FHoz gogAy 5 Wil Inconsistent3t
Data(11)J& AARHRE 59 t3 Logic Inference
Mechanism< °©]-8& 4 Slof. 53] OWLS DL%
FLo|2k= Inference Engined 7]wteg sit}(7].

2.2 First Order Logic(FOL)

Ontology®] Concept®} Relatione thdata Hx)
& P2 Modeling®=loloF sh=t] OWL-E F&eo] Al



gtAolt}, 24 Domaincllx] 23o] Bx3d Ruled
A& = II=Z Representation Mechanisme] 2
2318 WetA Hidden KnowledgeE 27] 913t 28
gHnference Toole] B&3jtt. Corchost Perez (1)
+ 822l Ontology Language ¥olol|A Expres-
siveness® Inference Language Engine@ Web”|
1t Ontology Language Atel®] TradeoffE 23}
ReH, 25 B FRIFLE F28o] g
€ TradeoffZ} vtz ket = ookt 28E L 7}
A FEANE B2 o] Koz sk FE o
+°] ot

FOL7I¥t LanguageZ= KIF(2)Y Ontolingua
(3], Prolog (4) %°] 9t} FOLZIW Language®
< Expressiveness® Syntax®] 722< A|gto]
on, FOL Concept'} Relation, AxiomsE %
3 FF & 4 vk 2 dAfoir: Numerical
Expression®|Y} Dynamic Variable$e] Z&<& 3}
7] 9% Robot Ontology® FOLE AM&E}. FOL
< =2Xo] Backward Chainingo|\} Forward
Chaining "'H< ©]-€%g w Hidden KnowledgeE
2= Inference Mechanisme AHE: & 4 JE= o
o} a3y Classification®] Inference Algorithm
oJu} Probabilistic ReasoningollA] @ 7}#] o]#-&o]
Act. kA 25 Ontologydlls FOLR o}t 7}
ZQl Inference "WHol Foditl E AFAME o
HE2 Data mining #°k] Association W82 A
|3t

2.3 Human-centered ontology

71&9] Ontologyy IEEE Standard Upper
Ontology Working Group(SUO W@) (6] A2l=
‘Ontology® AFZ} Hls=glt}. 22y o Higieh A%
Al e AFETE 219 ContentsE X 2)dh=
A& 7FssH @t gle U3 fA18IEE. Ontology
© R AHAFEF Ao o2 Bel AXEkxm
Symbol3t ® Objectell W3 ConceptE 3 & &
UES o} .

wade] Symbold AA| AHES AA3sH= Symbol
Grounding Process© SIZHIAl oM A ~e)$
B2 shelt) dE EW, 7k o EFHe T
ol Ml gle vy SN e3ke olgdld Al
A7 £& F Yok asid 2Ro] 18} e 94 =
de FA(16)8] Ase Be o] Fasit
3] Object Matchings 371 siA theo
Local FeatureE AM83EAV{14), Artificial Neural Net-

work® T53 ¢gug]Fo] Shapeolvt Color, 32
Texture 59 RH Data® &3t WHS o 43
o O8]l3 2EE Primitive BehaviorZ o]£3kd

Foizl JdFE F3ict dE Bof A7k Al &
7 g ol gsle] WHwe S8E 44 Az, ¥S
FAx, WA B2 21 402 Solo: Whde 28
< WA & EAY, e AAY, £ 2n
Eotew T AYE oz dolt}

2.4 Robot-centered ontology

Ontologyt 239 KnowledgeE F-83HA  AA}
3ol 3lojA] ot} 2Ho] FH L QARA|sH=
Ae Az a7lF thar] g2y, B dAFodes
252l A Behavior® 422 3 Ontology s
A kgtc} :

252 Al AXE olgsld BAE U483,
#73E Modelingdt Fo7 zle] d@e] £Xd
ek AZS A9, Actuator?t MotorE o] &3l
A4S Pt T8 FAS AUYsAY, ADE A
A %1 vg] ZEagiE FEES Ay AME
olg3ld Y-S FPsle FRolHH15]. B3] ol
AM FEe B8 FE2Q FHoIg(11). Mua
BEES 7 g3e] ®ell 43317] 8l Context-
awareness’} B 831H9,12,13). Contexts =3
Al Eute % A9 Mechanisme A&7 3 4
ao] M E AT Contexte] 84S o] &3]
el Context E&olY F1E HA b 3 FE
gl & Context Model®] Zg3}c},

2 dFde 289 VFez A3 AAE 93
A g g A5 Ay WgEn 4% e 93
Primitive behaviorg 7|Rte 2 2Xe] P5-& M9
SIAY Fdle A FE 22X 349 OntologyE
Begitt, avjm 2R A7) FEEe-S A ¢l
e W2 AL sl sk Q7 $49
Ontology® £73H}. wabd 2% 3419] Ontology
= 4z 49 Ontologyst 11L3HA Q2= o]
o gt}

3. Robot Knowledge

Robot knowledgeZ=% context and mission %
o] IAHAHR] FHA AAE B3l EUglel UF
& raw data %9 o2k o} processing g3t
o] BAE A% AR T2 AR HYE 4T IA
Ag2E THIY. AR 7S Axe] A 19
A8 2718 A, ol ARES A YA



data processing algorithmol] wa} tlekst xglo
AAREE ARSI Ak 53] AA ARE oA
U EgASE 58] Bt aelA, AR Mg
GEAQ WS F2 AT add Xl JEe
symbolic 3}il logiclE F¥H 1 =8 ©t}t 2
2 Z429] facts®llAl hidden knowledgeE 2HA

i, o8 Tl Hn #HE #ES 7L F IA

H3, A7 oe}t oA sensing T B8-S FA
Hr},

Table 1& ZRdA AAH== Aol /et 2442t
o] B F7) o A Hue =7 2 A4 2o
AE JERdTE £3] high level information ¢
spatial context®} temporal context® AXE B3}
o Y9d BE ASE A3 Eok

# 1 Example of Robot Knowledge

B 57 EENER] S
(ms) (byte) e Al
ZHE 2 : 6407480*2 |,
o 7
7} 2k 66 =614,400 Al S :}uﬂa]-
ae3) o
A 50 - 12*34=408 Sonar
Odometer 10 43 Encoder
[e] *
SIFT 250 jf’%% 128 1 g oprig
Harris 2+200"292 -
corner 100 :9-}:58400 = 4 O]D]X]
Object | 1400 4] byte SIFT
recognition
Spatial . ol b
Context 1000 TH byte CaUE
T 1 7 o o) =
ColE | aA | byt | A9BSR

3.1 Synchronized and event-driven Short Term
Memory(STM)

ZA7te] JR ol nAQYHoR SeHn FEW
AHE Jd7Ho® AMEHE Long Term Memory
(LTM)el A=A =3, Short Term Memory
(STM)= AllA HHS} 2E task T4 HdH A
3 ddske o, A2 o 28 oy A%
A% Data cache @ 22X A AMEEE 28] 9
Ak, A HE Fol IA] AAEE IR ALEH
o} #Ygle] o] WAsks STM dataEd +EEA
2 X¥E= symbolic data® F43HE]o] LTMel A
AE 3, STMS %7t 42 S35l AAQSEZAN A
g m=2e] JolA MZE sensor FEE WolEo]
I, AR AHY dugEe FEE 5 A 3tk STM
< Y B P22 AAFe] g &gl HIst
o A2 JH Aol fol3itt

56 2006. 10. BE#A3)A] A24d A10%

Zzve] AMeld FE AY Frlo wet dE EE
< HHzhg A7 B714] w4 BRE Qe of
E AMgshs A9 RER 22 A7 TR Ao
2M 7Y AR A7 5718 ARE AEE £ =
= T3

At R Friskd AE AR ol A U=
5% event® T3 F2E2A, 5 event dHol
LA A9l met M2 AR A4S 93 data
processing module & &% AlZlth. 53] event
driven "WalollA] E$HASE Q12 FHoZ o] YA
U, 8o Wd PJEES FEFC=A consistent da-
ta @27} 7Fs319 robot®l sensor data ¢ state
data® A4 #Agsict AA] ALg dE 28] 94X
AR, Aol W, camerad 99X, F5H G4 on
Z], Zt 44 olmxo] Wit SIFT descriptor <+
Harris corners AR-E A743t3 YW time index

o E}EP 5718t "ot
3.2 Context

g FEE dEA 2SR contextual in-
formation ©]t}. AFHRE @AE3] object recog-
nitione| ot} AIHEE ZE sensorE FdHA
raw data ¥Eog2 2RI 3 QA7 Alo]Y] A5z}
£ ¥4 Qv uEEHE AN, AL A entity
= <¥Etn, 2" entity=3te] spatial-temporal
relationS %3l high level context® 58 4+
ATt A EE ZRo] IS 3 HH-I dFE
sYsta, ™A raw data® sensing et AR
G2 7IAA I A& o] =UE ske AdselH
AP FAE HollA BE oo AS 4 F

r
0!

o

= =
I, U #E e AERES FEE] @R AR
< T2 AAFluAl gl olF HEE gl 7 Fol

slo] Ho w23 FasiA Q14 & 4 A drt
AL A 7] A5 1 o w5t GEH
Zo2E 3] o Hr} Be YHE AL £ T
Context B E 3 time indexE E3lo] $713 @
. 12]3, temporal context® high level con-
text®] 2= on demand Y 5% eventAlel] A4

ot
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4. Ontology-based Multi-layered Robot
Knowledge Framework(OMRKF)
2L 2 gAo] 7led 2O X4 AAE sl
2 AT e 282X 7]He] HE] gojo] 2R
A2 ZYUY=E (Ontology-based Multi-layered



Robot Knowledge Framework: OMRKF)E 7%
stnAt gt

OMRKFE Robot Knowledge Framework®
A% 2Ho] BAE A= AL B, FH S
wda) sAY 9] $AE AYstn Activityel A
g7 Context Situation?] 9IXE FIYI=E It
Ontologys KnowledgeZ &-#3tAY &748t=s 3t
2 #AZ KnowledgeE FE3H Knowledge]
Hierarchys KnowledgeZ €A T8 & & I=H
i

FrameworkE 4 Level®] Knowledge® =T
the3} 2t} Perception Level, Modeling Level,
Context Level, FX2FC 2 Activity Levelolth. 1
21 7} Level2 3709 Knowledge Layer® 7€

OMRKF Manager l
Handler

Activity
Handler

Perception
Handler
Robot Centered
Context Manager

t}. Layerys 23 #Ztl. Low-knowledge Layer,
Middle-knowledge Layer 8]3 High-knowledge
Layerclth. Z} Knowledge Layer= Meta Ontology
Layer, Ontology Layer, Ontology Instance Layer
o] 37FA Ontology Layerg Z<=th. 12]i Frame-
worke Axiom¥ Rule® Z&dl, Axiome 22
Knowledge LayerclAle] Concept] Relation<
B2, Rule 7} knowledged Associationolt}
Knowledgertole] Linkage® Yehdch 13 12
OMRKFS] F2zoict,

41 4 Levels of Knowledge

28] FxaE 2Ho| Al AXRE T &7
sl Q14 A#FAES uigroz Ao wigh el
F=3la, A" AQS FyPstn, oAl ARl F
874 Q2sALY, ZXo] Deliberativedt Consi-
deration®] glo] ¥AlH o FFe Mesie] TR
t} ol FxE 2% 2 79 71231 Module®
7% =d 282} Perception, Modeling, Planning,
a8)3 Actionelth. Z@ln 23e] gulEA P
olals AL, &S walEy stAU 2le skgalr] ¢
3 159 P AYsAY T2 T A A%
FHx 2o P s 5o ER e ©
=7 98 A8 dxe 3otk

OMRKFE 4 Level® KnowledgeE 7=t Per-
ception level, Modeling Level, Activity Level

tlo o

rE

High level
Context

Temporal
Context

Servige

=
TS
N

Task

Behavior

Visual
feature

Numerical
Descriptor

2! 2 Robot-centered ontology and rule Robot-centered ontology has 4 level of knowledge: Perception,
Model, Context and Activity. Each level of knowledge have 3 knowledge layer: high level layer, middie
level layer and low level layer. And each knowledge layer have 3 ontology layer; meta ontology layer,
ontology layer and ontology instance layer. And there are axioms and rules.
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" Visual
Concept

hasSubClass

hasSubClass

ormal-
size

HSI Color
: Space :
{ hasSubClass haSSgpElashasSubClass

Wue( average major
color color
38V haeva

has_algorithm(hue, rgb_extractor).
has_algorithm(texture,

gray_level extractor).
has_alogrithm{geometry,
canny_edge_detector).

range(hue, red, 1.0, 1,35).
range(texture, vivid, 0.25, 0, 4).
range(geometry, ellipse, 4.5, 5,5).

%% I: instance, VC: visual concept, VV:
visual concept value, AL: algorithm, DV:
descritor value. %$%has_vc_value(l, VC, VV)
:— descriptor(I, AL, DV), has_algorithm(VC,
AL), range(VC, VV, LOW, HIGH), DV>LOW,
DV<HIGH.

%% I: instance, SI: sift id, SV: gift value,
SN: sift number %%

has_sift_value(l, SI, SV) :— descriptor(I,
sift_detector, SI, SN), sift_value(SN, SV).

sift_value(SN, certain) :— SN>7,!.

sift_value(SN, certain) :~ SN>4, SN<8!.

sift_value(SN, certain) :— SN>2, SN<5!.
sift_value(SN, certain) :— SN<3,!.

(a) visual concept ontology

(b) visual concept fact and rule

18 3 Perception level ontology

21 Context LevelZ2 4®Tt 121 Concept®
o] Relation® Knowledge® Associationdl ©g
Rules® Axiom©] &3t}

a3y 2 2% Z4l9l Ontology?t Rule: 2% $4
°] Ontologye. 4 Level® KnowledgeZE 7FAt}.
Perception, Model, Context, Activityeltl. 2t
Level®] Knowledger High-level, Middle-level,
Low-level®] 3719] LayerE 7Kt} z8]lm 2
Knowledge Layer= Meta ontology, Ontology,
Ontology Instance®] 37F2¢] Ontology LayerE
7RG, wiRgte @  Axiom¥} Ruleol E&A|git
Axiome 7+ layertiolld FolElz, ©4& Layerilo]
Y 2 Level?tl 732 Rules® 39| 3t}

4.1.1 KBoards - Perception

Perception level®] Knowledge® 370¢] Percep-
tion Level; P1, Po, P32 7FAth P12 259] AlA
oA e AN dHolHE XE3Fsh= Numerical
Descriptor Layerolt}l. Pox AlA HolHE )3t

Data Feature Layerc|tl Py 259 4 345 -

QA8 A% Data Processing®  Symbol2
Anchoring® &9 Visual Concept Layerelth.
282 Vision, Encoder, Sonar$t 22 AMESL ©
Atz glth. 4 AAMEL SIFT(14)Y4 DFTE2
Hue#t# 22 Data Processing Algorithms E3l
x2)% Numerical Valuett Raw Sensor®t Z& 3
9] Numerical Descriptorg 7Ft}.

58 2006. 10. FEAE3A] A2448 A10%

a% 3.(a)= Size, Texture, Shape, Colors=
7FA1= Visual Concept Layer2 Ontology Layer
9 JdAlE yvehdtt a8 3.(b)= Prologel 93
Visual Concept Rule, Fact &2 Instance® &3
g,

4.1.2 KBoards - Model

Knowledge2] Model Level= M;, M, M32] 3714
2 79T M2 Object®! Partt Object®] Visual
Feature®! Color, Shape, 5% X%3hk= Object
Feature LayerZ YEl=tl, Perception Level<]
Visual Concept Layer®} Anchoringdtil o Mo,
Object®] ©|23} 7]%5& &3 9l Object Layerolth.
olx|ete 2 Mse Space Layer 24 ©|312 Grid Map©]
1}  Feature-based Map, Topological Map,
Semantic Map 53 22 t}g 30| 7158 World
Model®] ¥%E Yepdc} 232 Object Perception
< 7k 2 Model & &34

a8 4(a)e Table®l Color$t Shape 533
Table leg, Table Board® X38H= Object Layer
2] Ontology Layer?] oAle|c}t. Object Feature<]
Instance’t EA&E ¢ + Job. I8 4b)=
Table® Object Conceptel] ™E AxiomeS epbd
o} mpxjgto 2 % 4(c)= Object®t Object Match
£ 98] $EE 7= Object Layer®] Rule°|t}.

4.1.3 KBoards - Context

Knowledge®| Context Level 3NE FolA|=




hasValue

RefriShape

Refti . hagEw
Function

PutThing
On

hasValue

(a) object ontology

%first.

has_gemetry(table, hexahedron).
has_width(table, W_ref) :- W_ref>500, W_ref<2500.
has_height(table, H_ref) :- H_ref>500, H_ref<1000.
has_function(table, put_thing_on).
has_part{table, leg).

has_part(table, board).

hasRelation(table, chair)

%second.

match_height(I,T) :- has_height(I,IH), has_height(TIH).

match_width(I,T) :- has_width(I,IH), has_width(T,IH).

match_geometry(I,T) :- has_geometry(I,IH), has_geometry(T,IH), I W=T.
match_color(I,T) - has_color(L,IH), has_color(T,IH), I W=T.
match_pheriperal(I,T) - has_pheriperal(I,IH), has_pheriperal(T,IH), I W=T.

candidate_1(I, T) :- match_height(I,T), match_width(I,T},
match_geometry(I,T), match_color{I,T), match_pheriperal(I,T), I W=T.

candidate_2(I, T) :- match_height(I,T), match_width(I,T), (
match _geometry(1.T) : match_color(l,T) ), match_pheriperal(I,T), I W=T.

candidate_3(I, T) :- match_height(I,T), match width(I,T),
match_pheriperal(I,T), I W=T. %third.

candidate_4(I, T) :- match_height(I,T), match_width(LT), (
match_geometry(I,T) : match_color(I.T) ), I W=T. %third.
candidate 5(I. T) - match_height(I,T}), match_width(I,T}, I W=T. %last.

(b) object ontology axioms

(c) object rules

13 4 Model level ontology

o Z¥z; Cy, Co, Cselth. Ci2 Over, Under, Left,
Right5# 22 Spatial Concept® ©2 Spatial
Context Layerolt}, Co= Now, Just Before,
After, Morning, Yesterday®} %2 Temporal
‘ConceptE 7F2 Temporal Context Layere]th,
2]al CsE High-level Context Layer@# w3
A4 Q12]e] opd osfle] FAHAY ofdzl= A
Fi= General Situation®] ContextZ 3 gith

High Level
Context

Temporal Context Spatial C ¢t Model ontology

SS &N

oloWiarn
o

& 5 Context level ontology

¥ 5% ZZF 3709] Knowledge Layer® 7FA
Context Level Ontology®t Model level®]
Relevant Object Ontology®] <lAlelt}. zE]a 374
9] Knowledge Layer+ High-level Context, Tem~
poral Context, Spatial Context® FAHo] v},

agla 22 #lgsle 370l Ontology Layer:s

Meta-ontology, Ontology, Ontology Instance
Layere]t}. '

4.1.4 KBoards - Activity

Knowledge® 3709] Activity Level2 T4 5 &H]
A2k Ay, Ao, Aselth A 2| 7R gl B
# Behavior Layerelth, %2 Basis Functione
dE 9, ¢ 107HAL, A= 107442, 5F
A AL, ARE HoAe, T oA, F
oxQ T3 AL AEE T3}t Arye Behaviord
2 23] W& task Layere|th AstE Navigation,

o

ol

Ontology Instance

Ontology Schema

Cold
Medicine
060626,

Goto
Kitchen

Recognize
c

& 6 Activity level ontology

Localization, Object Recognition, Manipulation
53 22 Short Term Sequence® °©]Fo|A it

4% )3

]

A% 2E A4 AA 59



© A4 AL ARl o8 AHIA B3 2 Long
Term GoalZol 3t Service LayerE vehdch

I8 62 3719 Knowledge Layerg 7F Ontology
¢} Ontology Instance®| Activity Levelel Tt o
Alolt}. Knowledge Layer= Behavior, Task, Ser-
vice®] 37Fxle|t}. 28]x ZHZke] Ontology Layer 3
7H& Meta-ontology, Ontology, Ontology Instance
LayerZ X33t}

5. X4 F8 A o Xl oA

Inference Method= Backward Chaining®} For-
ward Chaining® 5 7FX7} itk A WA, Forward
Chaining2 %771 KnowledgeZ Zol 7] £3l]
ARE 7¥F5% Data®}d Inference Rule2 73t Al2}s}
= elt). 5 WA Backward Chaining< Query
Z 7|He R 3 AoZ JdE Bo] AY A} AMulx
7% 22L& ERE 73 Backwardid oz ##
Datat} Sub-goal®] £ Wopd Z2<& sk Wy
ojt},

OMRKF+= Knowledge®] Z2 LevelrlelolA
2% 37 $18 Forward Chainingg ARR3} %
29| 71298k Forward Chaining< WeRITH
29] AIZF 2006080917309 =de] oA Vision
Sensortt Object Matching Algorithmo 2 /& 1
< QA8 FPwt olfi= FEAEQA Aol dofyk
Avt S wiEolth v g fFolx] @gon,
2R oA ARt FAYo] g, 2Eo] A"1E
oEtl= 2 71X Ruleg ©l83ld Forward
Chaining'f 22 2g1& ol A AL & § lo
o o]H wWAow Forward Chaining Rule
Hidden KnowledgeS &o} @ 4 gt}

a2]3, OMRKFE Y& Level® KnowledgeAlol

=5

A Inference® 7] sl Backward Chaining® »

He AR 3 204 M2 e Re] FELZ
Backward Chaininge F33hk= Zolth £ 29| Al
ZF 2006080917102 Beefl®} Winele] 2119l
31, o9l 3F-2 Dinner Servicelel™, =1 43+
9] Context®= Main Dish27F A|FE Alztelgke
Evidencecltt. Context®} 22 Symbolic Informa-
tion®] AP, Inference Engine Model3tel
we AR #AEE A 55S FH3k Percep-
tion Module2 FHHE EAY EE-Z 0|83l 2ol

1=

2E EAE 383K €32 Matchings 3 & 4
b=

OMRKF+ 4 Level® Knowledge® 7AW Know-
60 2006. 10. ARFHE3A] A24A A10%

ledge®] Z Level® Low-knowledge Layer°llA]
High-knowledge Layer2%€ F&3l7] 3 A4l
gte] Rules 7ttt a8l OMRKF= Knowledge
o] 7} LevelE 7] Association Rule2 7}2It}H(5).

Data Mining®°kllA, Association Rule Mining
2 Data ItemE Alold|A Interesting Association
o]t} Correlation Relationship2 #oPdth. Rule
Support® Confidence®= Rule Interestingnessol]
& F 7K Measure©lt}.

I 2 Inference of Robot Knowledge framework

Time Perceptiovn Model Activity Context
200608 | Image00, Saladl, Dinner | (Appetizerl)
091700 SIFTO1, Tablel servicel

Encoder(0
200608 | ImagelO, Beefl, (Dinner (Main
091710 SIFT10, Winel, service?2) dish1)
Encoder10 Tablel
200608 | Image20, . Beefl, Dinner Main_dish2
091720 | Color20, (Winel), service2
Sonar20 Tablel
200608 | Image20, Teal, (Dinner (Dessert1)
091730 | SIFT20, Cookiel, service3)
EKEF30 (Tablel)
200608 | Image30, Teal, Dinner (Dessert2)
091740 SIFT30, Tablel service3 )
Encoder30 )
200608 | Imaged0, Tablel (Clear (End of
091750 | SIFT40, Tablel) dinner1)
Sonar40
200608 | Image50, | Vitamin C1, | Medicine | (Medicinel)
091760 | SIFT50, (Glassl), servicel
Sonarb0 Tablel
200608 | Image60, (Cold Medicine | (Medicine2)
091770 | 'SIFT60, | Medicinel), | service2
Encoder60 Glassl

() are inferred by OMRKF. The inferences in the same level of
knowledge are made on forward chaining method, on the other
hands, the inference among the different levels of knowledge are
made on backward chaining when it is queried.

support(A=B) = P(AUB) (1)
confidence(A=B) = P(B|A). (2)

Support(A-)B) Rule®lA Supports ASt B7} &
F AYa 3= Data Setd] Hl&S =tk A-)B
Rule2 Confidence® A®Y ollgl BE Zt1 Sl&
ZE Data setoll tigt H]&°] Confidenced 73-$-°]
t}. ¢o]A2 Conditional Probability P(BlA)S} 2
t}. 22]aL Single-dimensional Association Rule
2} Multilevel Association Rule2] Minings 93 5
7KK ¥hHol it} Single-dimensional Association
Rule® 22 Data Field¢tolxe]l Ruleg! wHad]

- Multilevel Association Rule Data Field®] t}&

Leveld Item= X330},



2 d79 dAtolM, OMRKFE 32| Measure
2 confidence®} Multilevel Association Rule*H-<
At OMRKFE QueryE 7MHEe 2 Knowledge
£ FE3I (KQuery). KQuery= KBoarde #%
Ao 24, KBoarde Knowledge? EE Level®
ADA Ak F 32 KBoards® KQuery9 <ot}
w2 OMRKFE F013 Level® #HH Knowledge
9] FEH Level®} &7 Knowledge2] Hl level2
gt a8l OMRKEFE 4709] Knowledge Level
Atolof A Multilevel Association Rules ©|&3k=
dl, 4789 Knowledge Level Perception, Model,
Context 31 Activity %% Abstraction®] tH2
Level®] Knowledge Level & ¥§3l= Rule® 74
o it

(scenario 1), #olzxl €9 AlF7t

[
Al 2AL Holgl= high level 43 ZAHE 3
E3l3l(scenario 2), A& A3 activityE A9

ORKF Perception Object ‘Context Task ‘World Ontalogy & Rabat-Centered
Handler Handler Handler Handler Handler Modeler Re Coutext Manager
Query or
iy J

Search object

Obiegt Localion

Request high Eve\ service

o] | (Senice resur
—

8 8 Sequence Diagram

e IS BoF+= sequence diagramelth, @l
3, 298 9« AAF Ho AlvE]elixe] s HEo
273 oAl ot

Robot camera

Context

TAL 152 8 Al 20 ZAI 22471 A&LICH
(SIFTE S5l A& U FAI1 214)
(ZAl2e 01 Mas S8t F8)
TAl 152 8T HAI 2101 AEI0130} YsLICH
( Color, texture2 B2 AGI0|3 214))
TA 1582 8T BA 2Ol &2 #ol UsLICH
( Color, size 8 S8 AH0|13 14))

TA162 81 Mo 22 SYLICH
(NS AEE 01 M7 £F A8 F8)
AHOITS XF EAlE =8 ZHISHASLIG
(OIR™ MAL MBS 0188 28)

~
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AP (%]
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L L

2 9 Example of object recognition and Context awareness

a8z, 3¥ 108 AAF A Aluel e o
activity® F83% 23E Ho Fo AEES Q43
1, 717 HAl 5= FE3I, At A 23
AHE QR|El], TRl 23t taske tasks) T
H EAEZ FHslA "ot

8 7 (SWRL-FORYARD-CHAINING)

Execute |http://wwu.owl-ontologies.con/unnamed.owl#Rule-17|: (RELATED |http://wuw.oul-o!
ntolegies.con/unnamed.owlstRiceBowl_1] |http://uww.owl-ontologies.con/unnamed.owltGlassofWater 1] |
http://www.owl-ontelogies.con/unnared.oulttbeside|) Execute |http://wwd.ovl-ontelogies?
.com/unnamed.oul#Rule-servingl9(: (RELATED {http://www.oul-ontologies.con/unnamed.oul8Table_?
1] |http://www.oul-ontologies.con/unnaned.owl#RiceBowl_1| |http://wwe.oul-ontologies.con/unnared.o?
wlfiput|) Execute [http://wim.owl-ontologies.com/unnamed.oultRule-seruing28| (Rt
ELATED |http://www.oul-ontologies.com/unnaned.owlkTable 1] [http://www.owl-ontologies.con/unnamed.?
owl#Saucer_1| |http://wew.ovl-ontologies.con/unnamed.owlliput]) Execute |http://wuw.owl-on?
tologies.con/unnaned.oul #Rule-serving310| : (RELATED [http://wuw.oul-entologies.com/unnaned.ow?
1#Saucer_1| |http://wuv.owl-ontologies.con/unnared.owl#dish_1| |http://www.oul-ontologies.con/unnat
med .owl#put|)
[ > ORAY

Next Action: \\

\ Put(Saucer 1, Dish_1)
T

8 10 Example of inference Activity
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B A= 47019] Knowledge Level® 1271€]
Knowledge Layerg 7}z Ontology-based Multi-
layered Robot Knowledge FrameworkE A|SHstR
t}. 4702] Knowledge Level Perception, Model,
Context, ActivityZ °©]Fox 31 Z+ Knowledge
Level2 High-level, Middle-level, Low-level®] 3
7F Layer® olFolA glrt. §483], Low-level Know-
ledges 2% AAMY Actuator, Motor 53 A&
em 7+ Knowledge Layere
Layer, Ontology Layer, Ontology Instance Layer
IR E FAE de wE OMRKFE= % 3670
9] KBoards® 7K Forward Chaining™
Backward ChainingS 93l Axiome]| &ajstx, ot
£ Level®] KnowledgeAlol9] Associations ¢13led

Meta-ontology

I
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