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Validation of Effective Active Learning Method in Semantic Learning of Context-dependent
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Since the intelligent systems require a huge dataset of motion and label to recognize the meaning (label) of the
body motion, we consider active learning in which the systems ask the label to users. We aim to realize an effective
learning and question management method by considering the context in motion performance. In this paper, we
use VR avatars that perform motions in different contexts, and define the context by tools and places used in the
motion performance. Active learning was performed by combining each method concerning three points of context
selection method, selection of Open/Close question, and label estimation method. We showed that the combination
of margin sampling as context selection, naive Bayes as label estimation method, and performing open question at
the beginning of the question and close question at latter term, is most efficient.

L L&HIC

U &2 BB AREETHIHBMEIZEL > TRIRNPRRZHBEMN
H5. WzIE, FvFrTT7 I 2N TRBLZTS Bk
e (K1 (a) &, WETHOEEZHNTHD 2175 HKE)
fE (B 1 (b)) &, ZOEEEFEZTZ2RNE R BTV EH,
B BRBERER S TWS. VAT ADAD S EEED » %
BHIL TZ D& 5 72 XRKAFD B REMEDE TR 2 XA 5 Z
CIFEEL W, L L= T ARBEEEBESHICBNTINDLS
MEREEE X T A ZENTESL., TNIE, ADRZDE 5%
SIREEORERE T T 2581, TOHREELITTRL,
FNDTFONT VDL > TWBEE, 70 EKBIEITT
ONT-RIRO S REELR ED, XIRIEHREEZERBL TS 16T
h5. BEEELTTE, Z0L5 I IREHREZELRITIN
WEEROHEE DR RIGE XL\, £ > T, HEEESIE T
FyoaoRy MZH, XRIERZZE L T EREED IR % #E
ETEHIEeNROONS.

TRy N ASURMKAT O B REIED ZEk % R 5 hHike L
T, AL XIR ECOEKREEEZEONEDS Y RTIay
EHELUTEHTIL LWV ZeDBEIT6NE. FIRIE, ek
W& ETADPGAREEZITS GRIZBIL, ANZZOREE%Z =
RNTITRUATEITD Z &%, BHILZWHAREIEE AT
mU, EBICEHEKEIEEZT>TES D 22 REDNREITFOND.
UL, By MHPFEBRICER L ZGRTOI VYR I77ay
DATIE, BRY NAHEEFESE CIERT 272012 B8k
G2 S HRCHBEL, FOREDEHEEZTY Z 2L L.
TRy MIEHIL 72\ % BRI IR LT A Y R T2
vavETIBERDHL. UL, HMEINDETRTOYGH %
FRUTHEY 2175 Z 23RN TR, £, Y ERIN
FERTHEHEE, TRTOBHEMERL CTIRRT S Z 2 3B
BT, XoT, BRy MIFEHD O ITHRE RN
HZ2BIRUCTIRRTIRNETHS.

SRR R A BRI TP ARk U CHEEIAED
T 515 [Settles 09]. BEEIFE T, FHT—Yz Vv MZ
PR RA R R 2 BEBIRIEIR U T, #UR#E (oracle) 12

1.

HURESE: O ER, ERZIREVISTT, T 101-8430 REHT
RHEHX—Y & 2-1-2, sakato@nii.ac.jp

(b) 890 D HiKEE

1 FE5DLWVEAEKEEDH

EfEZ7 NV EZRNDZ LT, PALBIZFZNDS LD BRIERNR
FEHEAATWD. (EROREEFETIE, oracle I LT, X
RKBATH L0, EOVTAET 20 Y, BhHEUEMZ
T>TWi=. UL, oracle MATH->7725EE T, A
B DBIRIE 2 FeR T 56 Z L IZ AT o TRERALE ST
UEWHIRIH TRV, £oT, YATAXEMARE, #ilx
W, TZHUIMATT N 7] £\ open question 225, [ 2L A
TIN? ] 7 ED closed question (2, FEEDEHIZ)HE U TE
ATWRETHS. Cakmak & [Cakmak 12] IFEM KD
EWZE B ADRZITLHROENEMRIELZ. LAL, oD
METIXE R EMARIIE->TED XD IZFEHT 2 00Ek-



2G1-04

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

#1: 5 —H
k=) TR
Wi, %, EE, SREE, BRE)
SLEMW s oLoupss
S:[Sl,St,Sm]ES 2]
s €L s DAk
st €T s DIEE
Sm € M s O HRENE
weWw FAREIES ~N)v
Ns w Oracle % s ZfgRENize &z, B

HBIE S A~ w %% 2 7 [
s = [sl,st,sm] 613‘367‘6 Ns,w

N‘Slvstysmvw

Ns Ng.w D w BT 5 H1
P(w|s) ST w BHINT SR
ws SITR U THERE X3 BIAEIE S X)L
Ws,; SIZBVWTHIGT DR i FHHITH
W EHEE TN D BARENE S NV
Ws,1 {w|P(w|s) = max,, P(w|s)}
H(W|s) SIZBIT2WOERHIEZ oY —
wg s ITXd B IEMT X)L
0 B[ 5 SN D 72 & D RE

TV, ZRUTH U TARIIETIE, $iRNmEE e, #EHO
DDA VRT I aviIBIIAIANDOM S EERT 5.
UEbzSEZTARTIE, HHT2EE, BEMTDNE
Fr SR & AL D1, VR BBz W CH USRI S & — >
T U TR B XNRCTENEST 2 T NX—Z2 VRS T LD
BEEI P 2175 AikzMatd 5. EEOBIZHW 5 SURDER
Ji%k, Open/Close question DEFFEHE, T X)OUHEE FIED 3
MIZDOWT, ThETho fiikzllatbE e El 2170,
FEAERDOIEEROZAL 2GS 5.

2. [ERERTE

REFEOMKN ZX 2 1TRY. AT, FHT—Yzv
N DRGNS T 2 HREME T NV DFERN A% FET 5 R
A2 %415, ARTIEGHEE LA, EBE, FEEED 3 D2D)E
MO TRIET S, KEEOEIZENETNK 3, 4, 5,
20DV TNLERT.

FEHI -V v MIGHEERGRICE SV TRRT 25500
s BBINT 5. X512, BIRUZGHEIZE T 5 BK8EZ X)L
DRI P(W|s) 12D\, HAKEZ®ERT L. ZL
T, %l s % oracle (ZHR U CTEM AR IZE D WIZER %217
5. Oracle iR EnzGmH e BRI L TRIET 5. 23
I—Yx v MIF S NG E-SEEIE T VOl E AW TY;
IR IGT 2 BAREIE S NV ORI %2 BT 5. FHT—
Vv MILEOFIEE —~EDORIEITI L FEHEKT T 5.

AHTHWSE S IEE 1IZRT.

2.1 Oracle DE%E

ARFEFRTIE, oracle FIRINAZGHIZH L THIGT 2 H
EENEZ V% HEIIZBE T2V 7 b7 o TIC &k o THEEL
7. Yes/no question D¢, oracle [XEfET ®H 5 HKHEZ
)V & ZHR S NI HEREIHE T NV DT B854 yes, A
BDEHEIE no L& X 5. Oracle DEIFIE, RABHFE (VR)
B CIRRINGH 2 ZFEVBCED . BGEEIFEORRIE
HOPUOE—VarvFr IFy TlRLZLDE TN —IZ

— Learning agent f
: Scene s
* (Presenting all candidates)
Scene Scene s Question * W,,? (yes/no question)

selection generation

!'(W& Question policy

| Question policy

P(wls) P(Wls) selection
[E—
+ Correct motion label wy
Learner < - res/no Oracle

2: REETIEOHENE

* 2: FEERTHS HREET v

HREIEZ L
B
gl
R
#10
12
LIRS
Z DAt

HEXEAZ LIZLoTITo 7.

3. ERIXMH

3.1 IGEIRTAR
AR TIZIROGHERN SR D LUK %175 72. Random selec-
tion BASN DL HIERSTHKIE, [Settles 09] Z5F 1T L 7.

e Random Selection: $RTOBGHDHF NS T > & LT 5E
T 5.
1
S~ — 1
B (1)

e Entropy-based: 9 R TDHH D H 5 Z DBGMHIZI IS
TDHERIET VDT Y b ¥ — DK DY % R
5.

s arglsnax H(W|s) (2)

e Margin Sampling: X TDHMHED D 5 Z DM IZ X
IS BHERD IR ® MO REET L ZHRBEICEH NS
PRENVE T ~OV DIER D ZE DS B/ ND 510 % IR 5.

S arg;nin{P(ﬁ)s,ﬂs) — P(ws,2]s)} (3)

e Least Confident: 3 XT DG D F1H 5 F DIGHEIZ A IS
T BHERD —F @D BAREE T )V DRER DS /N 51
ZBRIRT 5.

8 < argmin max P(w|s) (4)
S w

3.2 BHBEINIVHE
ARG TIRIRD BRI T ~OVHEE Tk 2 i U 7z



2G1-04

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

(a) W (b) v 7Y

(d) F—neyx—

3: FERTH S i

B 4: FEERTHR

(@)

(b)

(©

SEH (GE

EEARLEED)

5. EERTH D SREIE. (a) 4T 2 BEFE L TLEAIZIRS.
(d) MiF%& 2RIk 5.

FATTHRS. (c) MF% L FICHES.

o Freq.: s NS 2 EREIE T X)L ORER 3R DOHEEIZ
S IZD\WTD oracle DRIZEDA%Z WS, R (5) TIXO0
CEBBREEM T, IRAL-Y Y7 2{T>TWA.

S w +1 (5)

ws = argmax Ns + W]

e Bayes: s IZXtd 2 BAREIE T NIV DTER DA OHEE T
FA =T R ZEHND
HP Sz|w)

K272 F ws WEBGET 2 L &1, RAiAT w Ofn
55 VR NERT 5.
3.3 ERARER

AR TIXIR DR 5 HEINT L% i U 7=,

o All: MEIT N TOMME 7455 HREIES NV 2R LT
EffZ )% aRnb. Oracle P w 2E25%, Nsw %
R () DESICEHT .

]Vs,w <‘_']V.S,w +‘1

(6)

ws = argmax P(w

(7)

Time

(b) HFEAFFHET

e Yes/no: ERS NG s IZBWTA (8) 2= 355
IZ s 1 1239 % yes/no question 2475, iz X7\
BT R T L 722 HKEET NV 2R U TIE#R S
~N)VE &K%, Yes/no question 2179 B, Ns,ug
2R (9) OXDITEHT D, TRCOMME &5 HKE)
TEZ RV EIER U CIERE S NV SR 2561 all &ff &
U EIICHEFTS.

P(ir]s) —

Nsgw+1
Nsﬂu — i
Ngw—1

P(12)2|S) >0 (8)

if the oracle answered yes, )

if the oracle answered no.

AfETlE, X Q) I2BlF2 01502 & L7,

SRERIGR

5T & OBMEBUTT 2 IEERD 60 ilkiT DO
BEK 6 1TRT, EER ace. 1, R (10) D& STk,

ZP(U’S = wg)
S

4.

acc. (10)



2G1-04

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

Accuracy

0 50 100 150 200 250 300 350 400 450 500
The number of questions
—random-freq.-all —random-freq.-yesno ---random-Bayes-all - - -random-Bayes-yesno
(a) Random Selection
1.2
>
@
3
3
S
<
0
0 50 100 150 200 250 300 350 400 450 500
The number of questions
—margin-freq.-all margin-freq.-yesno «--- margin-Bayes-all ---margin-Bayes-yesno

(c) Margin Sampling

I B e
\\_'_v Ao A Ve T TR Py

Accuracy

100 150 200 250 300

The number of questions

350 400 450 500

— entropy-freq.-all — entropy-freq.-yesno ---entropy-Bayes-all - - -entropy-Bayes-yesno

(b) Entropy-based

Accuracy

0 50 100 150 200 250 300 350 400 450 500
The number of questions
—|. conf.-freq.-all I. conf.-freq.-yesno ---I. conf.-Bayes-all ---I. conf.-Bayes-yesno

(d) Least Confident

6: BFTIEIT L OEMGEDBEWNI LD EEROHRE

200
180
160
140
120
100
80
60
40
20 "{.I rl
0
PO G S I R
& & F & & & S E &
& Q{\ & P %8\9' %o’\ & 095" Q;o"?' (\\-\ \,\&
\e“bo\‘bob"&\obo s ze“o e\\"é & & & éeo @e‘@&@« N \<,°'

7: acc. > 0.8 ZiEKT B £ TOHEMFEL

A (10) IZBWT, Plws = ws) DEIZA (11) D L ST
H7z.

1 e
P(ws = w§) = W 1l (ws € Ws.1), (11)
0 (otherwise).

712 acc. > 0.8 Z#EAK T 2 £ TOEMEEZRT. &5
DHH, BELL T D EMEBEOIMER IR D7\ WEETER L 72
DL, BHEIRGHE margin sampling, 7 ~IUHEE FIE naive
Bayes, &M HHEIRTFIL yes/no DRMDHETH 72, F
7z, acc. > 0.8 Z T 5 £ TOEMMEEIL, least confident
DA DG EIR G R % BRA L7256, TERDHHEED freq. 5
0% E & b E Bayes ZED finid o7z, LnrL, &
R IEERIL, freq. MO HPEL Ro 7z, BEEER AR
least confident Z#¢H L7254 1%, acc. > 0.8 ZEKT 5 &

FTERrotz.

5. &bHYIC

ARTIE, HHT2EE, BIEIMTDN 5 & SR & ALE
D), VREEZHWTHUSAREE SR =8 L THRER S
WRCENEST 2T N X —ZHWRDB S TV OREEIYE 2175 /5
WAt U7z, BRI OB 2 RO ER T, Open/Close
question DOFEFELHE F XOVHEEFIED 3 HUZDWT, Fh
TNDFIEELMAGDE R FE 21T, FEHEROEER
DZAGE ML 72, FEHEBROKER, RO Gk LT
margin sampling % >, EFMOFIHIZ open, HHIIE close
question %17\, naive Bayes &\ 72 T ~OVHERE /i iE%E4T S
MAGOEPREIRNTHLZ L 2R U

A

AFzEl% JST CREST (275~ b &S JPMJCRI15E3) @
YmAEZI-EDTHS.

S Xk

[Settles 09] Settles, B.: “Active learning literature survey”,
Computer Science Technical Report, no. 1648, (2009).

[Cakmak 12] Cakmak, M., Thomaz, A.L.. “Designing
Robot Learners that Ask Good Questions”, In Proc.
2012 7th ACM/IEEE International Conference on
Human-Robot Interaction (HRI), pp. 17-24, (2012).



