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Classifying Pros and Cons of Utterances Using their Dependency Structures
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Conversations and discussions can be easily and efficiently referred in the form of their summaries. Since their
discourse has rather complex structure, simply extracting important utterances would not yield useful summaries.
Therefore, we think it is inevitable to take into account the relationship between utterances and the distinction
of utterances whether they are an opinion or not in utterance extraction. In this work, we present a method to
judge whether a meeting utterance is pros or cons of the previous utterance. Although Support Vector Machines
with bag-of-words and/or N-gram features are commonly used in text classification task, we transform utterances
into tree structures such as dependency trees and use syntactic patterns for learning, since it is difficult to obtain
enough information from short meeting utterances for the classification.
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4: ICSI meeting recorder dialog act (MRDA) corpus

13377,134.16,Btr002-c6_0133770_0134160,A,
133.77+133.87+i1133.87+134.02+don’t|134.02+134. 16+know, s |no,
Btr002-c6,fe069,s"no,,,,,
133.79,135.12,Btr002-c7_0133790_0135120,4,
133.79+134.05+maybe | 134.05+134.4+very|134.4+134.66+very|134.66+135.12+soft
,s"ba,Btr002-c7,fe008,s"ba,,,,,

135.12,137,Btr002-c7_0135120_0137000,4,
135.12+135.41+maybe|135.41+135.58+with|135.7+135.86+the|
135.96+136.5+microphone|136.5+137+noise
,s”cs,Btr002-c7,fe008,s\symbol{50E}cs

FHICUT 0% S ThniE NEXT, M Th L PREV 2
NZFND IRV %EDF, PREVIZIZZD T T AT L%
BB E LTIMA S, 7 927 VI3 FIREREIC (2 IEF
F—¥ % EEROSERICIZZ D0 EREZ V5.
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EBEDT-» D7 —% & LT,ICSI Meeting Corpus[8] DFH Z
I L7 %2 b %&AE. ICSI Meeting Corpus (i FERDE
EHILTXAMEEHET =Y 2G50 a— AT, 2SI L
THEHIRR & M TR, 5 1D, 3RO FFGHIARZ L& T
Rz e FsahiNG, BN S 7 it F6EE8, IWERT, Ky b
ARy P37 IN TS, a2 — S AHDFE ORIZIN 4
2L TRV, B 713, a0 RN 244 AFED s 7
ELTHIGICN L TG LZbDT, ¥ 7Dl L LT, Accept
% Reject, TopicChange 2 £E23H 5. ZDH L, By 7L L
TER RN E R 28 72 ED, ZNENDERY 7 H3Mt
FoNTWERBICER - RO 7207 Bl L AL
724 7%, Acknowledge-answer(”bk”),Accept(”aa”),Accept-
part(”aap”),Maybe("am”) D 42, K& Bz L7z¥ 7,
Reject(”ar”),Reject-part(arp”) D22 Th %. ZDEFET
FEEICHNL T 72 M 7T, 42 112027 55 1,17255 F 5 1<
1192 S ITKND & 75 I e,
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A=A PL—Z VI T=F ET AL T—=2129:1 DA
THHEL, FL—=v T8 THEH, TAN T =Y HhDOFHESZD
BRH 502NN E T 2ERE T 7. I ROD R —
AF7A4 v ELTE, BT F A MoBIcHWS LS SVM
DEAEFEA~DIEHRE £ LT Yamcha 2 # H W Tz T- 7.

N-gram K%z H W7 REFIE L RX—2Z 74 D Yamcha T
I, "Hi R SRS ORI L G L BNEEE AN A
VHEWEIZoWT, B - KO - 2 oftho 3T O EERE
fTo7. RO ZIIRZHOLTETE HiEZEURS ORI
T & el & BIRYZME - N A ) T2 ¢, ahafE Rz
bR Hite % SO F s OREM L BIFEEH @S S ) E
Pz DWW T H T EERE T 2.

N-gram R ERDZIIARTIEZNZNELEZMAEGD
¥, Yamcha TR ZELHE ORI L RKED 3 EHDOR
BOE & dhdalox & BIfELE, B0 NS4 FYFEERFEEE LT
v, xR iTo 7.
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T UL DFEBHER AR 1 ISR T, FEBROFI % 7~
TEDF L ZDF T o7

N-gram RZRIR L 72356805 T L7 FENE <, N—
ATA4 v EHIELTF i270.034 1 E L7, Y ZIIARZH

*x2 http://www.chasen.org/ taku/software/yamcha/

RLUZZGEDZDRICF EREL, R—AF7 4 % 0.032 I |k
L7, %70V ZEICF %R Z L BRI Z vz
R Y2 ARYS, KA Tld N-gram KR b E FAEZR L 7.
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N-gram R, R D ZIF K E b2, REEZZEE L2V R—2
T4 V& END, KFFORSOSFICEL T, Mt EET
AR R TENTE .

W2 L8 L TEEMTbNT W BHIE LT, N-gram 1%
2 A 7 FEBR TR,

(RB(VVN(trained))

(PP (we)(MD(will)(VV)))

R EOEARZRMEL LTHEEIETw 5. ZHUE RB trained
2 ,we will VV D X 9 % HEE & WEOflAaGhe 285K T
W3 ENH ZET, BT = PERINTDE I %2R
T. RO ZFARTOHETI,

((not)anyway)

BEDRDZ T RHEMLE LTFEERRE TV 3. (RO RITE2¥E
T2 HC, MR Lo XCEANTOMBELEIL T TH 2 DHEE
EICBERH IR, ZDHFEDO AT ZFH L, HEO-DDHE
HELTHHATE 3.

—Ji,N-gram R &R DRI ARZ KT 2 &, R DZIFA
N-gram £ D P HETE 5. Ziuk, HFEREDS { #EC
FENTDMEE L ) IR L THESURIT 2 TR D Z AR Z -
7ol DI, RN ZIIAREE LR TOREIMR AT d & v 9 [
BEMEDSE . 72, BRI RIS LTREAZINA S 2 LT, i
RS EEDS DS B HEHIC e o 7208, 2R D Z T RDOKEE DR
L LB ROZIARTIERAZEZRY T L LEREOBR
B3RS E L CERICANSONT WA O, 222> Tilidil % AdL
ZHTHEONRE R 2 AROMWAEHE, FHOWT L%
TLEoDTRRVWhEEZONS.

6. X&&H

AT, RIELOENZ R T2 F2HEL L, EED
B L KR DREE T 7.

BHREOZ L VFOHES 2T 2201, HEH»P S T
REMEFARZEEL, ZDORENHT 2 FILZREL, FBIC
XD Z0EHEEMHRL 7.

A8 TlE, N-gram K &R D ZIFARZNZ UK L TG
EHED A 7)) Flk, BINFEED 3 D OYRIRE N2 A 1T
V, E SR ZIFARICH LTzl o N4 F ) #E0E L B
MDA EIMZT-EBEZ2{TH- 7.

FERTlE,Yamcha & BACT 2K L, #ED b OWEE L
BLAAREGE LTl) 2 & o AFEOFEIZ LD
HSOR8 — U I N TV 2 H BACT B W T HHEEM
SNTOKHHNA F ) EWIETH 2HZMERL 7. BN
FMEMATHIBRORKS & 2 0a0MEEREZ L COEEZTVL,
AEEEDT TR DFMEZ WD  EWEATH 2 HEMRL
7o, PHMlEEOMER, 3EOFH S A 7128 WT F fH0.621 %
B, AFEZHOROEAITHANT0.034 R4 ¥ o EARE
SN, ATEOEIMEE R T 2 HITE .

SEOFE
HLFEEVPMoPOEBERPLHEEZ R L TWIEA, 23S
FEOSUR & EBIRICEHN 2 DI TId 4, BFFEFOMOFEEIC
ML TCOREORIATH 2 A[REMEIER ICE . 2D XL I 1T,

JoN /DD
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1 FEREER SRV LD F il

R—=RA74 Y (SVM) | N-gram K | fROZIFAK | {RHZIIAK (ML)

Bk 0.587 0.588 0.562 0.591

Zo5) 0.587 0.653 0.580 0.636

T 0.587 0.621 0.571 0.619
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