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Abstract Demonstration-based learning has the advantage that a user can easily teach his/her
robot new task knowledge just by demonstrating directly how to perform the task. However, many
previous demonstration-based learning techniques used a kind of attribute-value vector model to
represent their state spaces and policies. Due to the limitation of this model, they suffered from both
low efficiency of the learning process and low reusability of the learned policy. In this paper, we
present a new demonstration-based learning method, in which the relational model is adopted in place
of the attribute-value model. Applying the relational instance-based learning to the training examples
extracted from the records of the user demonstrations, the method derives a relational instance-based
policy which can be easily utilized for other similar tasks in the same domain. A relational policy maps
a context, represented as a pair of (state, goal), to a corresponding action to be executed. In this paper,
we give a detail explanation of our demonstration-based relational policy learning method, and then
analyze the effectiveness of our learning method through some experiments using a robot simulator.

Key words : Demonstration-Based Learning, Relational Model, Instance-Based Policy, Transfer
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1.ME

A2 B0 229 HLH AA 7P ALRAT
2o 9 AgFe A Fuge e oJFA 2R
oA oldF HBFRNAM S7HE v JPALES
aRHoez 723 ok e FA 2 S o
A HAdck 259 22 AY g 93 F3sgold
35 2= 249, AFF 5 LT g ol A7
o gout, o] EFEEL 2 ANES BR 22F A
god AYL I=E a7 thake] £ dlolH
g v]g Z2EAA ATE F Yoot e T EAHPE
7EA 3 Atk old] w3 o] ®-7]4k 8k5H (learning from
demonstration, demonstration-based learning) [1,2]<
H-AE7HR] Ak AR A]) Aldte e 2R
AA AEE FAAAE t23 £ Jvke FE g1l
oloj i3t A7} Eid AAH Yot

25 tRE] HE-7P g5He BEE AR

dEs olAzNH RESE BEIA(policy) ZFE

224-3t ¥l (attribute-value vector) ZdE 7|22 #
AatgoH3l. o)A A3-3 =de el F3sk(state
abstraction) 7)%°] <Fsta, &£A7te] #A(inter-att-
ribute relation)t} A} Z+e] B (inter-example relation)
2 A4 38 4 gloH4a,5]. wet $4-3 Edd 7]
2% -7 e dwtdo s shgAAe asAdT
4 ATe] LA Bk B =R 7|1&Y £4
-zt RdolX #AZ Ed(relational mode)Z 3t
Mzg HE-7uk 2 S-S AQgict o] HPHeA
E AR dEE 8 d(training examples) 2 4o} #
A& 7A)-7]9 85 (relational instance-based lear-
ning) & A&3oeN TY AAFGAM HAe FA
g g FYSAE o)§ e A IS /=P
t}. o] #AF AA)-7]% A H(relational instance-based
policy)2 (), 2¥) 4oz FH=HE= o9 3 33
(context)o] w3l o]ZAd) ulgdle 3t AT
(action)& AARdAFE 4LS I} £ =AM E HE-
71k BAZH A syl i A 279 BlEe]
2R ANEUIHE o & 4Pe T8 o] FEH A
g BE4sEch

2. BZ-V|u BAN BY &

22 A9 Hee 99 @ W AeA dEe A9
2RE BHY + e @ N 5F AAzsue AT
Ak webd W 2 AHINS YEFAL e &
46 BANN A} BEE YHT 5 e A5
2T AQA4E A8A UER AFHNE ¥ 2
B opet W4 AABAL URE 229 A4% F

Task Learning Task Execution
Source Example Policy Based
Tasks || Extraction RIBP Execution

L | Actions
User —| Context <y 3> Context 3
Demos Recognition |_Matching

Context I
=<3, 5> Target Tasks

29 1 BR-sl BAH A e B

Zte] BEANS BAHo T I3 g0, AHA H)
2E adi2 gt $A90n sitds Ay ERE ¢
A% & 9E B2 A5 2R w22 =4

g5 AdsiMe Z9AA Au/AF  F33Kstate/
action abstraction)$} F3 AW3Hpolicy generalization)
7} Ag 3tk

£ =FdAes Y F43E A £4-3 2d
4l #AIAH Ed(relational mode)< ARE3sta, A3
AukztE fJsiA ZiAl- 718 S (instance-based lear-
ning)& &3k 29 1& £ =F9A Adste U=
-7k BAH FA g JAHL 0] BARIL Yok
2] Shgr(task learning) GAlIAME AMER7E 23R4
A 7tzAn 48 93 FHd(source task)d] FEE Al
AEta, o] BERE 2437 A% AFEAA A
NBEE 2RA AlE3ih

28 ng HE #AF Jeirded 7]xzstq At
47} U2 282E 2% action) aFt L FFo] 53}
B 4 (context) cd A, BAA AA-7NE B
£ 9% ¥ d(example)EU<c, a> FES FET
o} olm) 3hte] A% e A AEl(state) sk 233
22 3 3 BH(goal) giol ¥oE FHEH

29} As(task execution) GANAE EAstaalt 3
£t F(target task)e] EF7F FoJAH sy @A oA
£5% T8 o <g, a>ET 49 ¥ T 722 B
A AA-7% S HEstd, A oo g 4
FEZES AYsIT olF AP Uik olx, BAH
A -7k &5 XA &<5(lazy learning)e] HIZEA,
T4 23 v A9y F-53 gsFE A
2 o=tk A, 28 Al(target instance)?l dht
o] A8 A3k c'o] Fold w7iA] syt A9 A
3 c'o] uis] #AIF A (relational distance)7b 713
7W7+8 & A (training instance) <c;, a>% A3},
o] ¥ sjAld wt Ay A& o HeHEe AW F
Z aF AR Seiyoldh wEbA 2 s 4
o) AMgEE BAZF AA-71E QA (Relational In-
stance-Based Policy, RIBP) = : C — A& ths3 &
o] R + Ytk

n = <P, d>,
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o, P& & <c¢, a>59 R, d& IAF A
# % (relational distance metric)®& 24z UERH, n(c)
= arg min_ ., epdlag)elth &, A 7AA-714

Y e FAZH Az Jx do gt Y = FdA
A A8 33 cok BAF At M e gy
28 oF A, o] gE AF ool ST 5 a
E @A A3 4% oA APY FFoz AFPdgFe
Liaalll=

AA-718F FFY FA5S AsiMe FE A3 4y
‘3E3re] Fol(difference) &S Ael(distance)E Zl4¢
& & Qlojof 3tk FF 3w A3 Aye] =¥ &4
- HE Rdz IdHE e T AR A
© k-3#ZA o]% "PH(k-Nearest Neighbors, k-NN)
(617 2ol ©3d] tald &4 73y f2e= A
(Euclidean distance)& A4t €coh AT Fd 4
33 A3 Aol 2% fAAH Fdl(relational model)
2 AM& =g Zd(predicate logic mode)E EHH
T, F A AgE AFAdse e dElA
2 =®dME Garcial7]9] AFolA e 94
g AMHE FA3 M2 A ALEE Age
.ol BAH A AdEE 59 MeEAHpredicate) S
el A(litera) £ UAHargument)Z AH-&5He A
Atololl ¢=A] #A|(ordering relationship)7} &2)38}
5, o8 33l F AU BAH AYE A
o] Aot B =ReM Ak wA-7

AA Azl AdYL oot )

FolZ Eud(domain)ols M2 & K 79 A&
ZHpredicate) B°] EATFTL 7MYEE, T A& B
A A dley, cd® T 4% =gdd 5oz &3
e 5Y NEAEY FLEAM 4 (1) Zo] ¥
F At

WS

2
& o e

oo
ok
e

12

K

k;“’kdk (@,6)
K
Zwk
k=1
o, wie & A&A pol e 715 A (weight) & Y
BliH, dilc, € Z MEa pdE AdEe Ags
Yeidk. Y  AM&RHpredicate)dl M= Az}
(argument)’} O+& =9 e d(iteral)S°] AT
g Aok gAY, FUF MEA user_inel hsiA
user_in{Tom, BedRoom?2), user_in(Smith, Kitchen)
T3 2ol ARt e Y YHAEO EAY
Aok w2 7 &2t ped AR diler, c)E A (2)
s} 2ol Fog = k.

1 N . .
d (e e)= ]—\,;mmpE ey 4k (Bile)p) )

1)

g, )=

oluf, Plc)® =24 ol = e AEA pE
FHste FHEEY IS vehin, N& I§ Pdc)
9 =712 vehdch =3 Pule)Es JF Pulend i W
A EIL JehiH, d'kp' pE Y e o
2 e AZ 9 g8959 ph 8 phAlole AR
Uehdch. A3 pot M 78S Q2K argument) 5 7}
Ak, d'kp'y PWE 2 Q) 2ol FAY 4 Ytk

XS ARRER SERTOR 0] @
=1

oldf, pk()& Y Pyol 1 | UAE vehhz,
8(p'(D, pA(1)

€ 1 AR JAAE Atele] A& vehdth

wek FHE|PE<Q  user_distance(Tom, Contact)$k
user_distance(Smith, Far)7t9] A& A4 o, z4zt
A WA AAEY Tom¥ Smith7tel AHele Tomt
Michaelzte] A2jst vhtA2 FY3icta & & glo
U, T Wx <Ax}EQ Contact®} Farzte]l A& Near
o} Farzbe] AzjRo} o dda 7Hgse Ao eldsl
tt. &, Person ¥l 2% /MAEQY Tom, Smith,
Michael 59 7AE Alolole S5¥E &4 #4
(ordering relationship)7t &84 R+ H, Distance
Fdtel 43 Contact, Near, Far 9] /A& Alo)d=
o] ¢A A7 EXART ZFPEE, o)F e A
g AE ol2d AAE 9] &A BAE nHdlo}
gk ol JHel 7)2Eke | WA QAE Alele] A
A (W), PUDNE A @ Zo] FelY & ek
8", piD) = 0, if p'() = pA(l) oy

= ¢, else if no ordering relationship
between p'(1) and pi(l)
= |Order(p'«(1)) ~ Order(p()), otherwise

ojuf, o= dhte] YA X AF(numeric constant)
£ Yehl1, Order(p(D)E 1 ¥4 xtz A" )
pk)7t BY 89 AAE A% S Sixste &
AE Jepdth

3. 2% Y &9 of

UM AN HE-7 BAE A gL Hest
7] 9% 252 F9Y 4L Microsoft Robotics Deve-
loper Studio(MSRDS)[8]9} 3D &} AlEHIHE o]
43t 29 291 Zo] AU a9 29 2R Y
872 stve] 7HE ZMRRRe2 A, 6719 W, 10719
7 2 HRAE, a8l 2 37 gkl ZEehs 2
3] AHgAS) 3hte] sy 2oz FAHCL

g ZEAA tEXnA e FYEL aY 24 U
B A o] 2 714 U 999 o) A At
54 A6 Ade AHEAE doble ol FAd(navi-
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gational task)E°l2tx 7} gl sty 2R wjA A
E B3 & AMAe} A=wa s, b, o8 sHEA
F ED A} HFE I 5 Y3, #HolA A
FA7E olgste FHY FREEARY AnE AT
g A=F Fhstdc 123, AR 92 Sy 2 49
FHES 79 & JEH FHIAc EAAHA A
5S f8 ARAE T 3]l BXE WAHeR
AL ¥ opel, 2o £ chgat 2e g T
ES 24 W#(voice command) 22 ZEOA A
oz A oA AAURE Al

A = {20 AA(Forward_Long), ¥3+ % (Forward_
Medium), &2 2 (Forward_Short), €% 305 E7]
(Turn_Left), 9% 15% E7)(Left), 28% 30% 7]
(Turn_Right), &% 155 &7}(Right)}

oY gy 2R Y dE AAFS #3932
Mo} T2 A 2o FFAHRE A N5Fo=
MR- Y g 9T FE 58 44
olgf sy ZEL AA doleo] wigh o)iksHdis-
cretization)®} 4J& 22R&H(symbol grounding) 5 ¥
el A3 #4g FP% oy, #@F AEE Ay
Feolg MExEg ol8ste Eg A8l e
o} EXE oo AR Lo X8E & 8 9 MeAE
& ol&3td rleste AoR A
L = {robot in (?R-Room),

room_distance (?R-Room ?RD-Room_Distance),
room_direction (?R-Room ?RI-Room_Direction),
user in (?U-User ?R-Room),

user_distance (?U~User 2UD~User_Distance),

user_direction (?U~User ?UI-User_Direction),

obstacle_distribution (?0I-Obstacle_Direction
?7S-Distribution),

landmark_direction (?L-Landmark_ID
?LI-Landmark_Direction)}

Z+ A£zte] A parameter)ol] HH&EE AR, AN
A, a2ln ZRe] AF £ e, o AYEA
7k dEi= F 34 79 AR OE JHYER BIEH
a9 29 EREL FHY e Tome Foprie #
2L 7tE2A7] Y8, AR st 2ROA dEE A
3 Hole vt APAZES vehdch

4. 48 9 #@I}

HE-718 #A3 A gy ads 28R
sl 38oAM A FFEES ol &F H¥e A
Fot. 489 A WA 2HL B =FM AU dE-
7L JAA FY SR £4-7 BAFH A A
o) g il 97 AP ATl viAE 4TS
FAske Zlola, F WA 232 9H Ade F9 g
¢ #AA AAo] g FAE B YT A&
7Fe@Al A9 HMoldg #she Zojrh. A WA A
HollMe otele) Gy, Gt 2ol ME & 4d X E
742 A3 A(source task) Taskli} Task2 zHzte]
sl M2 & f@AH A A 712 dE-7)
HE gAA A gHyS et A9 4vEY W3
g SAs8t Mtk

G = {user_in(Tom, Bedroom?2), user_distance(Tom,
Contact), user_direction(Tom, Front_Left)}

Gz = {user_in(Tom, Bedroom?2), user_distance(Tom,
Near), user_direction(Tom, Right)}

Z4zhe] Aol dist dixe zP7] tE 4 e 2]
ARl AFste) ERo] =2 wWizpA] o]Fo|H I,
2o 7= dis) A2 5374 HHE HRE £33
th. Taskl® Task2e Zte] APRFE7 BFE o 22
79 44 4 FHEER ojFoid uimA ZFx BRI
AYEol. 1Y 3& bR A5r) Foigel wel I
F AAHP) HFES 2T H¥dnE RoFEh
Agere d A3a ZAQ] BxAlele] @A A
7} 0125 o2 FAW 2de AFHeR 453 3
o8 wasiy

23 3914 Task(OrdRelDist)¥ B =golr kst
&A= #AE A APES AE§ 399 Ay
4358, Task(NOrdRelDist)E Garcia®l g &
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100
80 = —
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2 40 ~*Task1(OrdRelDist)
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20 ~+Task2(OrdRelDist)
=~Task2(NOrdRelDist)
0 T H T T ¥
1 2 3 4 5
4 2
O 3 93 AYEY 43E
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gl 0001 1 ~+~Task1(OrdRelDist)
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38 4 7P 238 S5-4A9 49 848 A=

Aol 783 BAH Al AdHS HET A9 F
4 4FES 474 Jehdth Taskld} Task2 5 Y
E5oA oF 33]9] A=} o]Fo|z AIHEEH 70% o]
Ao Fe AY AFES RAFT, 53] &x-79 &
AR A AMYE L3 Aol 539 HEges
90%7) B TP ATFES HAFTL oRAL E3) 91
€ HE-7% B4 AN G5 w2 sk 584
I 2 35S A 5 Qo

E, 59 Fhol sl «=M-71 BAFH A7 AR
He H8E ZA¢(OrdRelDist)7} A ¢ke AS
(NOrdRelDist)®2t}h o} w27 ¢ 43 o) &4HRQ
£8 19 38 T3 FHAF & Utk

9, 39 4% Tasklol] tig < A5t A8 A
7] =S H2H -2 UL BAH A
2 Yehd Aot} o] ZFAME £M-71% BAF A
2 AMES FHE&F 73-9-(OrdRelDist)7} 28R @&
7Z-(NOrdRelDist) 2t} T #h2A Sh&5-28 Arszie
AAE ARE F7he AL ¢ F ATk olgp e A
FBAHREE 58 $EE M-8 A Ade 3
A ZAnE Qg = ok

F WA AP Taskl®m Task2lA &3 &

100

0
(=3

/‘\./"

uHobox a2
[*2]
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40
“+Task3
20 ~*Taskd
0 T T T T H
1 2 3 4 5

62 g
I8 5 U8 S8 I4EY 438

AF A 71 AP e AGBAUY YUE EX
ZH(target task)?l Task3%} Task4dES CAZ=UT
AL 7FsSA A3t Ktk MR EE FY
Task39} Taskdd] 24 H¥EE thE3 2o

Gs = {user_in(Smith, Bedroom?2),
user_distance(Smith, Contact),
user_direction(Smith, Front_Left)}

G4 = {user_in(Tom, Bedroom2),
user_distance(Tom, Contact),
user_direction(Tom, Front_Right)}

F28 A& Task3& Taskl®} vHlmPE o Folr}
oF & AR Tom ™Al Smith2 wpg 2gie)d,
Taskde Taskl, Task?2 3% ¥I2gS o HF S
el A ATFEE AMgAlete] Alel wheko] wh@ 2}
Yotk

a9 55 93 FA(source task) Taskl} Task29)
A "=z Ax7t UKl det 28 FH<Y(target
task) Task3% Task49] A AF-Eo] o|BA W3}s}
€A 2 Fol& Jepa slth of 339 UM Fdel
HE H2rt AT AAPE F EX A9 Task3,
Task4olA 24 80%, 70%7F ¥+ &< AY AZFES
71E28AeS HoFam gtk oA B3 e B4
A AA-7I AAE] fAE e AYSA= WS
agHoz o]8d F USS & F Utk

5. TET

ARERE HIEERE 2R A e d4de uR
A 71& 97 F9 3h1< Saunderse] A6l
AR A4 dimzRE detstd 3] AA(task
policy)& @71 s AA-71 g shidl k-F
24 o2 ¥(k-Nearest Neighbors, k-NN)& o] &
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ok A gAF e 2dE o]t B dyde
g, o] 7N e 229 44 dolEHE 748 ¥9H
RS o]&3lo FHE BIEFLEN HA o=z o
2 e F¢E 24 e /%] Aok

Chernova®] AT7[0lolAe AMSAL w2} 28 A4
o] E#HaH(uncertainty)g I2iste] ool shAIe
& 2d(Gaussian Mixture Model, GMM)E-& °]&
st} Ae] FH L B3 FEFEATE AL EF
2d ke Y FAL 7 5F9f A FES AN
= TR £ EYEY 298 AYs, A
ool Agsior & shte] 513} A gk(confidence
value)& ZAHETE FFARY BRL AAF3ke] FE3]
EA & e ARAdA o1 d2E 23ey,
N2 FE 5L FEFPd o} 7HARE EF 2
B2 HPHoz NFA 7AEh Chernovadl &Y &
U gE 71w 33 2dg o&HeEH gt
dad B4 BAE o= Az FEY 5 Yo,
Saunders9] A7} PPEZIAE AH HEE A £4
- ¥E 298 oo FH&o AgAe] Ytk
E3 AY FHo I ZEE XFPSHA Yol 5F &
4 493 S48 FAL OS2 58 A ArEEe
o AL gtk ofel] Wi B AFAe g FA
ERE 25 T3 A3 context) T VIRE AL B
dAgozs, 593 A ojFAe vdgt Ay
H2Ez 2 FAL g5 £ U ¥ o FANG
g AYed= sad AL o8 + Qv

Veeraraghavan?] G7{10]914e AlSAl HEZEE
93] v Z¢ A (task policy) & Fdte Ao
ohje}, H4(variable), —rz}-—r‘&(sequence —r?&"ﬁ"
(loop), ZHYR E7)(conditional branch) & X373
2N geo] duistg Y ﬂlQ(generahzed task
plan)2 F3EE AIEE HA{oh olyd Y AYe
HgEe A 4%l o 49 e g A9
Agez FAgoEA, 49-9&4 A¥rl(domain-
specific planner)2% B#t} Veeraraghavand 47
qME Foxols 2R Y A¢S 3] Winnerd
A & T E111L ol&stxn ok B =FdA
Agrg d=-7gt #AH FF SHHS HAMe A
2o 291 9] IS ol LY B I FF
o A¥ =dg a7ehx] Ygeth A Veerarag-
havand] &4 Ag FFPE M 4 539 A~
ZZA(precondition)® EIHeffect)T YEllE 58 &
d(action model)o] 87T

6.4 &
B =RoME Muls 23 anHog AY A

2TES 2 34 A 37 A A 5 30105

AE Zt2Ar] 4 dE2-7iv 848 3 d5¥e
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