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Abstract It is difficult to discriminate a request to a system from a chat based on only simple keywords,
because keywords are sometime included in utterances of explaining an usage of a system, or appear by
misrecognition in chats. On another front, it has troubles to use network grammar, bacause it makes
the usage difficult for people unaccustomed to a system due to fixed expressions of system request. In
this paper, we propose a discrimination method based on AdaBoost using linguistic information obtained
from speech recognition. To solve a problem of misrecognition, a confution network is employed. The
confusion network permits deep hypothesises of speech recognition. The experimental results showed
that 95.7% of precision and 89.8% of recall on a task which is recognized with 42.1% of word accuracy.
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ZER, VAT AERREOERKME - SEESEDNRT
LEV, RECLRBFBEHELRVES AT ALEET
v, REOBENEL 3.

IhOOBBIIH L, YATFLAEREENLINER
FFBFEELT, BEEOEBRFAEZRAVILO(1)
2, BEOTENLRFERERAVDI LD (2], 3] BREEH
Tw3. BRFREAVEFER, oRy P EREED
BEEEARN TB Y ERFRRHAEERRE, 1—7F
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EH T, FERBRCL>THLASEHRICHL,
AdaBoost 12 L » T AT AERRELHRT 3 FHEIC
SDNTER3. AdaBoost ZAWVNB Z LTk, F~AAfT
Ea—SRHLEBEND, VAT AERBEZHIITS
TeHDOFEEBLIENTES. Fi, BHRF—V—F
FRIV DERTHOEHLIMEL, FRICEHMEDHD
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BEIC >0 TRRB, £F A7 CiL, 9, ZABEOA
M& AT ARFERHIFEET 2 2 BETS. Thid,
2Ry FERETIRICABICANRVWIEER, h—TF
PRETIRCHERCRARELVIHENLIC, B
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Fig.1 An image of the robot.
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HRTeRy MAZETCELZav NIk 1 0@ -
FolXBEORTHD., 1EL, KPFFFEDDHITIERL
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3. BREF &

A TiE, AdaBoost # BV AT AERYBFEE
IOWTH~RS, £7, AdaBoost iIZDWTHIHL, %
D%, THEBHHERM» S 1-Best TIERVEWVERHEZ AN
AFH & LT, Confusion Network iZ oW TR~<35.
%12 3.3 81T, AdaBoost # iV zBE& & SVM 2 HW
TR OV T - BB 21T 5.

3.1 AdaBoost

AdaBoost I3, WL 2L DOBWANBEEHLELETOL
DOFERBMABEMHET S ensenble learning method
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Table 1 Abilities of the robot.
3 CSP iz X 2 FIREBRF MR
FRFm /K HE~ OB
R O EBEE
T— AL BF bAORE
BEROBY
ZobiikT
I 5~T>T
BHEE->T
DVTHT
K gz@NT

awy K

DVEDTHBH. Schapire b [4] BFRELTWIEEOT
AT Y RBEE2ICFT. B, T, I(true) 251,
I(false) 2B -1 £/25. ¢ 0.5 RBOBREBRL
ROGHT 22 LN cEni, FHBRE O ORKERR
BMEERTED. £, RMOY L IicwT LR
EL/PELTED L LBEBRICHRE I ATV (5], [6]-
—%, ¥ERETHVTA0BE, BEEEEITZ
ERBFEIN TS, ZhiICH L Tit, AdaBoost D%
BEBE~v— YV UEREL LB X, SVM 2T D Soft
Margins DS EZBA L ZFELRREIN T3 [7],[8)-
FHETHE, BRERLROILD, V7 iRs<o
HEBPR-TWEHDEEZILNRD. ZOZEhD, BF
D AdaBoost Tik72<, Soft Margins {§ & ¢ AdaBoost
ERWAZ L E L

AdaBoost F AW F XX PR EEL LT, X
BR[O REBBRENTVS., ZHOLOXMTIE, T
XA MEOHOFFEREEL LT, Decision Stumps
BAVHA TS, Decision Stumps ik, H3HEED
FRICESWTHBETOMMARFETHS. o,
HEEHE bi-gram, 7 A EAFARZERB OO
5. FUMCE, FEFCINERLIELLEHTE X
D7 “HHE RBRL, TOROCELEES. BAIRIC
2, FREE>THRLIAETORBEIZHVT, 7
NAZEDORERDNIE, 7F Ay REH o DREEST
SENSEEBVEL, BEHIZELADORE -2
FRLHFITS.

3.2 Confusion Network

EMR T, FEBHERNLO AT AERYMNE
5. 20, FHERICEIT >2BEE Y SEEL 2
BIENBILAD. EIT, 1-Best DBBMERZAL
DT, LVBRNMREEZAVS. BOMESRETAN
HFHL UTN-Best, V— KIS 7R ENEET DM,
EHRRETIE, HRE= /7 MCEBR T 5 Confusion
Network % fiv:%. Confusion Network ixV— K25 7
EFREELE=LDTHLEELLND. Confusion Network
DREFEZHE 3 ILFT.

Input: n examples Z = {{x1,y1), -, (Xn,¥n)}
Initialize: wi(z;)=1/nforalli=1-.-n
Do fort=1,---,T,
(1) Train a base learner with respect to weighted exam-
ple distribution w: and obtain hypothesis h; : x — {—1,1}
(2) Calculate the training error €; of hs:

€& = Z""(z‘)w~

i=1
(3) Set
€t
1- €t
(4) Update example distribution w;:
we (z:) exp{ae I (he (x:) # wi)}

e (a) = 7y welz) exp{oe I (he(x:) # 3:)}

Output: final hypothesis:

a: = log

T
1
109 = o §azm(x>.

2 AdaBoost D7 AT Y XA
Fig.2 AdaBoost algorithm.

3 Confusion Netowrk OR&H
Fig.3 An example of Confusion Network.
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Fig.4 SVM: Margin maximization.
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4. £ B®

AETHE, BREFEZHVWEV AT AERREOHI)
ERIZOWVWTHRRS., ERIKEHTT22To%k.

(1) 2V—vRgRBILFXR MEAVWEYRT
ABERBFOHB RBHERED EER)

(2) EFBBEREFAVEIRAT LABEREEOHT.
BT, TRNThOERFERIIOVTHRRS.

4.1 P)—ULEBERILTFHFRAMIEDVATA

ERHA

=7, REFEORIMEED LIREL LT, 7 V-2
2 (BERVOEEhTWAY) FEREILTFA M E
AW Y RT AEREEOUFIEREITo /. PREF

£2 Z7V—VRBERBILF¥AMILBVRT LAERYGI
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Table 2 Results of system request discrimination using

clean transcription.

BEE | HRE(|FHE
AdaBoost (uni-gram) | 94.0% | 95.9% | 0.95
SVM 97.9% | 95.9% | 0.97

BUYDBERZ LT %X k% Mecab [10] I E>TH
BFRICHEL, AdaBoost, SVM TENRENREE 21T
fe. 723, SVM IZBWTXEBOHBASE L~ Mk
L, ##e L i, H—FX VBT Gauss Kernel
BV, HBIERIE, a—RRO5ROFREL LY,
one-leave-out I X W 1To 7. ZZ THW-FRMEITHE
uni-gram THh 5. ERERD I L, F EFKLEI -7
r—RER2ICTT. ROMY, SVM DFH AdaBoost
X0 LEVEEERE R L TS, i, SVM T, v
AT LBRODEHLEMZA SN FHMB A L.

4.2 EEBEHHERNSOVATLERHAZ

R, EEREMERIINL, YAT ATREFHBIER
EfTofz. £F, EEREOFHFLERICOVTR~S.

4.2.1 EFPEBEGLER

R—RFADEBETAME, AFBHELEE=—
/%R (C8J: Corpus of Spontaneous Japanese) & =4 —
1] 5%, BHEFEE 200 4 OBBEEHEERHVCTERL
7= FEBOWERMEL HMM Of#E% 3I0RT. Zhbo
£ TEBTFAEERL, &5, MLLR+MAP[12]
L DERTF VRS ET 1. FEEFVERL, 7
AbEy b EEDEBEEE7u—XF, §0RVERE
F—Fv kLl 2L, ELL058 0BT —40
BEIL, TAMEY PER—OLOEBWE. BWIET—
F ORI, /e —XFOBEETHI0 S, -T2 0%
BATHEFTHhoT.

EBETTNE, ERTHW-BETEFEIR-LETX
R b2 BERLE. 2720, TAMEY MIHLA—T
vEB L5, EEBORBE LAV TEEAOREA
EBRETNVEER L.

EERBMIC L OMEERRESLR 4 IR, BEET
NEA—T AL EIIRBEMWNED 30%% TE >
TLEI. JFEMC, BRIZHAWAET— 4 E#BP L,
A—TrThy o —X FREOHRICES Z &35
LT, BBEFNMEIIn—XROFERAVWDZ L E LK.

4.2.2 FEBEERE AV LRT AERHR

BIfic Lo THRLNBEERERICH L, BREFHRICX
BYVATFLAERANEIT -7z, FEETAMIZ Y —>
RBEBI LT ¥ A bORFE L FHRIC one-leave-out I
L YiTof. B, AEHDOER T Confusion Network
{EAVT, 1-Best OREREMSHB %47 o7, Confusion
Network & BV o3& O RITREI TR, FikiX, Ad-
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#®3 FEHMEMEL HMM OfHR
Table 3 Condition of acoustic analysis and HMM specifi-

cation.

$7Y A 16kHz
F BT A—Y MFCC(25 &T)
8| 7L—ak 20ms
S| 7v—sE 10ms
| BEA4T NIVIE

r eV 244 ¥
H | RE&% 32 RE&
M| BF (V) 5RBI A—T
M| FE+BF (CV) TRBEN—T

# 4 FTHERBFEROHBLEARRE.
Table 4 Word accuracy of the speech recognition results.
EgeTN
=7y r7u—-XF
29.8% 42.1%

MR EARREE

#5 THREBERLAVEYAT ABERYGISER
Table 5 Results of system request discrimination using rec-
ognized transcription.
HER
91.8%
93.8%
97.8%

HBR | F
91.8% | 0.92
91.8% { 0.93
91.8% | 0.95

AdaBoost (uni-gram)
AdaBoost (bi-gram}
SVM

aBoost Tl uni-gram, KU bi-gram ZAV 2. SVM T
B7U—raB B LT ¥R NOBAE LR, BE
DHBBEEL2 <2 bLLAEbOEHRE LTHWE.
HEERBICRYT. ¥, FEXRLEP I/ —2%
#51I0FT. s U ToEEERE SVM XEA T
3. Bz, b&EH LIZRAVWHEEF-TWDZ LXbh
5. Thit, XFLEPLBRNETI LD, YRATAE
REFIZROND LI RHUBNRLVIAATYH, £HhiZ
KEREBETTRVWEHEEZBND. FEL, TO
AROVWTH, 4.3 TR LI RRABHFETS.

—75, AdaBoost DH[EE LT, HIEBENRARIIBLN
BrERHITOND. IOLETITBMRENFEBERSE
CFIEET . AT ABERICERETETT 5 R bigram
BEBREALTWBZ ERb2S. ZhiX, YAT A
ERRENHIBERT AT L>THFbAT
WEHEEILND. £, <> R <[s> LDELE
DEBERFET B END, VAT LAERERER, —
BLEXRPok LTHERTWELDLEEZLND.
AdaBoost {ZHBVT, uni-gram 2V 5 &Y b bi-gram
FRAVAEREVEE R L. i, bigram AWV
AL ThEHLEROT I EMNTE TN

[~ - (brgram) —a—svM]
&
35 100%
®
95% At
P —

90%

85%

75%
75% 80% 85% 90% 95% 100%

5 FEBWMEREAVEYRT AERHBISGE
Fig.5 Result of system request discrimination using recog-

nized transcription.

# 6 AdaBoost iICL > TBIREh - RER
Table 6 Selected features by AdaBoost.

Y RF AER R

<e>+I I <s>HEI ) <s>+FR || H— Ih b 5T

KEEVH</s> T+ TH< s> | & 20 RAD TH
THL &V #FT F+T 20 B etc.

PV < /s> ete.

4.2.3 Confusion Network OF|FIC & 2 HBIHERED
wE

A#iTiX, Confusion Network WP ED IR T
LEREFUCHOWVWTRR S, DD, AdaBoost iZ
HLTOARBEEZTI. 7, AT, TFER
BOMBFERE 2o THRNZKEL TV E LT, D0
I T — ¥B) LS boRbofk. Zhix, FKE,
[oNT] EBFELTWB LI A% [DOnZ] 28B-THR
MU DITHBHC R L EFICH D, ZORFEITON
T, Confusion Network Z & L7 fA 3.2 fiTHy Lk
FrE3Thd. 2BBOXICEREBETHSL 0
T BEENTWARIEBbRE. ZOXIRI—RIC
BWT, Confusion Network Z V5 Z & THENHKE
TREMFEEND. 71T, Confusion Network AV
A ORBRETRYT. RPO 1-Best 13, AIfi T F AR
bLEMN- /A THD. Confusion Network AV T
WRRETERBRETHIEILD, HHEENHET
xR LBbhB.

4.2.4 VAT AREREIhCBEOTERIEE

FHE T, THET, YATABERBETCHINED
DHFRZDWTIRRT &, LAL, B, YATLE
REFTCHHLHNLEZET, ST EOMELXREAT
WANE CRETAIVENRHD. FEHTHL, AdaBoost %
FALT, BEOHENE CREBLEBEOERBRIZD
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# 7 Confusion Network {2 & 2HIBHERED K E
Table 7 Improvements of the accuracy using Confusion
Network.

eS| BHE | FE
1-Best 93.8% | 91.8% | 0.93
Confusion Network | 93.8% ; 93.8% | 0.94

#8 KD [V RT7 AERBE+HMUFE] OHBIRER

Table 8 Results of unseen chat discrimination.

SVM (uni-gram)
21.4%

AdaBoost {uni-gram)
100.0%

ElES

WTRHIZHR~< B, #B1Y, one-vs-rest IEEHB UV TIF-
7. Thit, ERTABEL ERLSIOERIRE, BiE
DEZTERT A FRETHS. BHiEOERIL, 5 &
X5 - BEBK - End - R IRIE - BETRE - 2
ik - Tk s METH 5.

EBROZE, VAT LAERUBMERIIHESFLEE,
ERERBEOMBBMATE S Z L2 bhotz. BIE
DENRDIL, BB EIC L BRI RV RNT
EbdhY, BEOMBZRMMREIL 100% ThH o,

4.3 FEITRICHBIOZHR

Bz, BET—FRICEELRVERREREOBRIC
DNTITFoRRICOVWTRRS. ¥, 7V — 2%
ERILTXAPERAVTEIBEERTS. ®IZ, T
AT LERBE+EBFE] LD X RXERELL
MR EWMB ISP OV TR~ BE&IE, Tmo
I fFoTEMn [DNWTEKTHTEDI &) REOXET
5. B—nD7 L —ZXRFEFa— " APIHFEELRN
XBEDHEZRIRLT. AdaBoost & SVM L L3RR %
£ 8 IARY.

T DR, AdaBoost DF A SVM LV b BV ERESR
L7, Zhix, AdaBoost 7% “SBH" IcE SV TR
o579, ERFHICKERHBLEZTIHLELXD
3. SVM i, “X¥E” £ficESTHBIEITIZ L
b, EBRFEESITNb T IR EHBIEh
I WeEEZXLNRD.

5. F & &

AP TiL, AdaBoost AV e AT AERHGIFIE
IZoWTik~7z. AdaBoost X AAVDZ & T, YRT A
~OERRBIFZL ML 2 9B LORET, WHEICH
BT Az EARTRETH > 7. HIBIHERED R T Support
Vector Machines ICRIZR WL OO0, FIERESOMEES
BobotEXLNS. /-, AdaBoost B DKL
LT, BtEé LTRAVWAEBSARICALRDZ EMD
XF—U—F ARy T A v I~DISANBEETHD L
BHITFbNB., 6T, Ted) ToTEI LI LD
T, BMOKERTHEZ LT TRELFT T L

£0, FEa—-R2RK [V RFLAERRBE+ LD ©
EORXERBENRVFEETEH, EL HRHEE L AR
THIENFETH .

SHOBEL LT, KRB — R ERELERT
3L, FRIVDBIER LT B EBBITOLNSG. £
e, SEREFEMEOLOOHBIET 728, FBER
RELALEDETHRZITS FECOVWT LR ET
> LEBBHS.
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