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Keynote Speech

Keynote A
Sentiment and Opinion Centric Analysis of Social Media Content

Invited Speaker : Prof. Bing Liu

Abstract

Social media analysis has become a major research direction in recent years due to
numerous applications and challenging research problems. In this talk, | will present a
sentiment and opinion centric framework for social media content analysis because in most
applications of social media the most important information that one wants to mine are what
people talk about and what their opinions are. These are exactly the tasks of sentiment
analysis. In fact, many social media mining tasks can be seen as post-processing of
sentiment analysis results. Additionally, sentiment information tells us the importance of
topics, events and people because everything that we consider important arouses our
emotions which are expressed in text as opinion and sentiment expressions. In recent
years, sentiment analysis (also called opinion mining) has grown to become a very active
research area in natural language processing and in data mining. The research has in fact
spread outside of computer science to management science and many areas of social
science such as communication and political science due to its importance to business and
society as whole. After all, opinions are central to almost all human activities and are key
influencers of our behaviors. Whenever we need to make a decision, we want to hear others'
opinions. In this talk, apart from discussing the above framework, | will describe some current
research in sentiment analysis and go beyond the current mainstream sentiment analysis
research to discuss some emerging and closely related topics in the crossroad of computer
science and social science.

Biography

Bing Liu is a professor of Computer Science at the University of lllinois at Chicago (UIC). He
received his PhD in Artificial Intelligence (Al) from University of Edinburgh. Before joining
UIC, he was with the National University of Singapore. His current research interests include
sentiment analysis and opinion mining, opinion spam detection, and social media modeling.
He has published extensively in top conferences and journals in these areas, and has given
numerous keynote and invited talks. His work on opinion spam detection has received world-
wide press coverage including a front page article of The New York Times. In 2012, he
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published a booktitled "Sentiment Analysis and Opinion Mining" (Morgan and
Claypool Publishers). Liu's earlier work was in the areas of data mining, Web mining, and
machine learning, where he also published extensively in leading conferences and journals,
and a textbook titled "Web Data Mining: Exploring Hyperlinks, Contents and Usage Data"
(Springer). On professional services, Liu has served as program chairs of KDD, ICDM, CIKM,
WSDM, SDM, and PAKDD, and as areal/track chairs or senior PC members of many data
mining, natural language processing, Web technology and Al conferences.
Additional information about him can be found at <http://www.cs.uic.edu/~liub/>
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Keynote B
Data-intensive Automatic Speech Recognition Based on Machine Learning

Invited Speaker : Prof. Dr. Sadaoki Furui

Abstract

Since speech is highly variable, even if we have a fairly large-scale database, we cannot
avoid the data sparseness problem in constructing automatic speech recognition (ASR)
systems. How to train and adapt statistical models using limited amounts of data is one of
the most important research issues in ASR. This talk summarizes major techniques that
have been proposed to solve the generalization problem in acoustic model training and
adaptation, that is, how to achieve high recognition accuracy for new utterances. One of the
common approaches is controlling the degree of freedom in model training and adaptation.
The techniques can be classified by whether a priori knowledge of speech obtained from a
speech database such as those recorded using many speakers is used or not. Another
approach is maximizing “margins” between training samples and the decision boundaries.
Many of these techniques have also been combined and extended to further improve
performance.

Although many useful techniques have been developed, we still do not have a golden
standard that can be applied to any kind of speech variation and any condition of the speech
data available for training and adaptation. We need to focus on collecting rich and effective
speech databases covering a wide range of variations, active learning for automatically
selecting data for annotation, cheap, fast and good-enough transcription, and efficient
supervised, semi-supervised, or unsupervised training/adaptation, based on advanced
machine learning techniques. We also need to extend current efforts to understand more
about human speech processing and the mechanism of natural speech variation.

Biography

Sadaoki Furui received the B.S., M.S., and Ph.D. degrees from the University of
Tokyo, Japan in 1968, 1970, and 1978, respectively. After joining the Nippon Telegraph
and Telephone Corporation (NTT) Labs in 1970, he has worked on speech analysis,
speech recognition, speaker recognition, speech synthesis, speech perception, and
multimodal human-computer interaction. From 1978 to 1979, he was a visiting researcher
at AT&T Bell Laboratories, Murray Hill, New Jersey. He was a Research Fellow and the
Director of Furui Research Laboratory at NTT Labs. He became a Professor at Tokyo
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Institute of Technology in 1997, and was given the title of Professor Emeritus in 2011. He is
now serving as President of Toyota Technological Institute at Chicago (TTI-C). He
has authored or coauthored over 900 published papers and books including “Digital
Speech Processing, Synthesis and Recognition.” He was elected a Fellow of the IEEE
(1993), the Acoustical Society of America (ASA) (1996), the Institute of Electronics,
Information and Communication Engineers of Japan (IEICE) (2001) and the International
Speech Communication Association (ISCA) (2008). He received the Paper Award and
the Achievement Award from the IEICE (1975, 88, 93, 2003, 2003, 2008), and the
Paper Award from the Acoustical Society of Japan (ASJ) (1985, 87). He received the
Senior Award and Society Award from the IEEE SP Society (1989, 2006), the ISCA Medal
for Scientific Achievement (2009), and the IEEE James L. Flanagan Speech and
Audio Processing Award (2010). He received the NHK (Nippon Hoso Kyokai:
Japan Broadcasting Corporation) Broadcast Cultural Award (2012) and the Okawa Prize
(2013). He alsoreceived the Achievement Award from the Minister of Science and
Technology and the Minister of Education, Japan (1989, 2006), and the Purple Ribbon
Medal from Japanese Emperor (2006)
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KL)[17][18] = kt4h > AREEES 3 /NEE AT R A el 859 M=% S FH BA RS S8 B i
sB) 2 BEE > WAESE 4 /NEHR Y (5F FH AL BRI M B e AR AR A 5 7 (] > (AR
DU RSB AFREEAIEEEASE -

1~ XA EE

Pl o] AEEE S SRR R R B st R AV IR - —feRER » & s 2R (Information
Retrieval, IR) 5 fE & HEH L {F:(Relevant Document) s [EI (R A AT 25 HiHY £ 3(Query)
BE AR K (Information Need)  [EIfEHY » FE{EFEE S ZERT » TR RIS — R i
TR Ry ) > 13X HsE F) (Sentence) 15 {585 & 31l B T (Candidate Information
Unit) 5 2L » $oAFT AT DB AE S i S (- B ATAH R AY 3B A R ATRE 2 T AR
T R T SRR -

BT R E SR DI SR E—5EN) S YRR P(S | D) AT DU AR
e 0] S BRSO D IVE RN - E RS EAKETE P(S | D) IR > $ffE 8 H K e
(Bayes’ Theorem); P(S | D) FEBHRY[5] :
P(D[S)P(S)

P(D)

Horp P(D) 23X D HIZERIHER - L P(D) Ao BB PE AR - S Eis At

P(S|D)= (1



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

H—T7H > P(S) 2Bt S IR » v DU &S TR B K07 A BB S 7 A5k
251 » ARam VT sl A0y SRR Fs—{E39 5 73 i (Uniform Distribution) » Fff LA
P(S) Al &g o 5¢1%& > P(D|S)&sEH] S Fi B AVEE S AU il S0 D 2 MR (BAE
AR > Bl AR AR RS 4 D BilgEA] S Z Rl A AR (% A0SR EE ) S AE RS D Y
HeRE A - (FREEA) S B0 D A R AR Il GE A Age (RS D) » BT A ml g2 22
sa) o BAFT O] DA E— - M (BRSSO R D o e a2 [ 2 s iy W B AN E B S — (5T
A D TR A NIE P B A (BEESS R E% (Bag-of-Word Assumption)) » RIJEE4] S AR D
AN SCEFE LIS 2B (Document Likelihood Measure, DLM) P(D | S) B]#5fi# i S2 {4 D -hE5—
R w B S 2R B PRI R 2 2R -

P(D|S)=[]Pw|S$)""” 2)

weD

AT AR RyrB ) S BT —{EEE A5 (Sentence Model) P(w| S) » w g HERAE S D
{935 + C(w, D) il w HHERAE SO (R D I8 - Horb » FRPTRTRIR A AR DU £
(Maximum Likelihood Estimation, MLE)HY 75 =02 &R 17 5 —(E 2B Ay sE g fE Al -
cw,S)

|S]

FEQ)H > C(w, S) Fored wEsEA) S B RE - |S| AIZRaEa S IAEES - [E15F
BE > HEER) Sl E E R/ VBT SRR RILE S E B E R FT (Data Sparseness)
HIRIRE - 8 e (1558 AR FH S A A LA DU (A MR > N8 T B A e et (5 i —(
sAlTEREA) R ELIEAUME R 34 - A RER Ry R LRIV R IR E B BEGEEN S AL
{F D ISR E R 2 o By T S LAl 82 ARGm {5 H Jelinek-Mercer ¥/ {L(Smoothing)
T iy % v 5 B DAK & S F 5B R SR T B iy & 5 B 2858 = 151 8 (Background  Unigram
Language Model)sRF 55 G5 [35] » # P(D | S) Al E— T RIRAK, -

P(D|S)=[[A-P(w|S)+(1=2)- P(w| B)]""” (4)

weD

e o P(w| B) 538 wtE 2 B BURE 2 BUR B o 2 S -
2~ R H A R =

sB = BRI A SRS R > BR T O R T ERE A A B T RS - 55—
fE 5= AR E R B - 2R (A BB S & E (Kullback-Leibler Divergence Measure, KL) »
AR S g —(ERE A AV E M o E (R H - A A S B & A S
oh o PSR D 1 D N E—{ERER S B o7 B R —(E B R S A AR
AR D S5 (Document Model) » 58aJ R HBESUS SEE AU N - AIfFR
seHJBSZRATAERE o JRBIEEA] S AREE S o TEILREEAERE T PR B EEMEAI AT
[18] :

P(w|S)= 3)

KL(D||S)=Y P(w| D)log 21 2) 5)

we P(w|S)
Hrp > V (Vocabulary)#For—1lE HEE S LA Fl SEAVEER TP VR &« AREmSCAYIRSE
o> SCERERY P(w | D) Ay 7 AR A AIAH[E] (2 065X0(3)) « E TR HE— I (5)
{EMTIG » 0] DASEER & SR e fE S AR BAHPUE AERIMLE) A RiTEE T BRAIER H
S -AAA BB 2 (8 P S BV EE A FE R B (S S AT BE M (Document - Likelihood) H]
=7 ENSHE IS BB P BV EESEHIEIRY » HHEEL T 6]
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~KL(D|$)Z Y P(w| D)log P(w] S)

weV
_~v Cw,D)
wel | D |

log P(w|S)

'S C(w.D)log P(w] S) 6)

wel

=logP(D|S)
rank
= P(D|S)

HH 6 PR B H e - A0 BB B ER - AMESB AR RGE R > SR
SUPE D A Ry — (ECCPR(BERIARY > i S PHEIAE €E 25 el = R S A B B Y
BT > WD R ~ 8 SR AR R I3 4 5 PRI AR D B (E
(DLM) S RE ST 558 A IR HES T2 - e R H e -2 (H U 2 (E(KL) e B 8 A [F 1Y
SRS A (58 FH T FE 1S SE R AT E B BRE -

3 HIRERE RS

SCAFARDUE BE (DLM) S B H v - A (R BBl 2B (KL) B8 ER e s 1 B 2
[EHAR A » EAEBEHUE & HYsE AV E R 225 L MRS AR A3 Mt E B HE
R EEEHEEFTREALZ 4R E B > BRETEE A A S Fdl S iR s &N > DARGE R e
JEAHRH (Non-relevance) & & (1E 145 #1215 #H S HHYIEAHRI RO EIAVER (&R o L0 L
& AEwSCE Jee i F BAREE (Clarity)[ 1] 5 (B ACHH B[ H 52 - AR B B 5 S (a4
TR FEEAL - [FiRF > BAFTISRER AR S A [F R & E(— R8RS B D HY
LR HUS - B SBERUE - o — Raf Ry S HYBAHERE) BT BE E S H A AR 258 HHE

="
PRSEE -

B T E—REREE S D REA) S RS EEESRA T ¢
Clarity(S) = CE(N,, || $)— H(S) (7)

HHCE(N, ||S) Rosh ) S S90S fF D HYIEAH B & &1 N p Z R RT3 B &L & (Cross
Entropy, CE) :

CE(N, || §) == P(W|N ;) log P(w|S) (8)
BAT58 Fo B — T 147 223X D o ][] ey 48 B LE A (5] T RIS &R > 0 2 A e
(Relevance)EiJEAHEE (Non-relevance) & &R » TSI D HHER &R E 28 Ry (Pt
AN L F RN MR > S0 D BYFRMH R & AR AE B2 S N B 58 2202 R
i~ &R E MY L 5 SR AN - NI - R R A e B e A R R R i Y
PRI QNS SR AL AT - 1B EA B R SR AT (AR R A AR (BLCEERE) - & Bk
HNE R ES S » SERHE T A RER S BL L i s A HHERE > H
AT TS b SE et BE Hh OR B S P i T 15 ey 5 BB SR A (22 MR 2 (4) B R ) 2K
ATV — T 1 S D Z IRAH B & BR Np Fr i ERY LR P(wINp) » IS Z
CE(N, || S) BFEfAEE ] S BLHHHESL I D HIFEFHBI &R N p ZREIHAR DU (% > AT
JEARE) S I fEYMEREH(Extrinsic Information) 35581 S PG Z S IHAVIRHRBE &=
Np IR B ELEERCR (TRETEE ) S BB D HYFRAERH &R A g s 2 AT

10
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FERY) » RIFRGE ) S B 0 D BYFFAHRA &R N p AL - S22 - 5B 5] S BLHHEE L
#FEI’HH‘E BRI N p KR A RLEE(E RN (JREISEH] S BN p K Fig8sd e 2=~ 2HY) > H]
ngf) S B E SR IR & N p AR DL -

FEA(NHEE EE T H(S) FKiEh] S Z R GHIERAE 5 (Sentence Entropy, SE)
H(S)=-)_P(w|S)log P(w| ) 9)

H(S) B ltsEn) R B {H g 2 SRt > FILEER) S KB 0 &S ol Fesk
REH)—fEN{EEH(Intrinsic Informatlon) BB RS E H(S) RUNEE > RoRE /7)55
{5 FHAYA [E)5 s 2 (B Sdn Deli i de v - 584) S Fr 2SRV FRE AT s - BB S 2 A
a4 (Specificity) 5 2.2 é.’.?E%’W’E%&V 18 H(S) FURE » Foretn) S Al YR [E5EE
%Z{Iéﬁ-’éﬁzﬁ“ AT AT > H A ERE R IR AR - ol R EE ) sl e e 0
g2 AT 2 N » B4 S Fréll SRV &N T BEBR R - Chisc R BRI © 470 ot o
Hiee ) S HIBHEE Al » Fonei ) S B  D HIFEHRBIE R N p Z AV AC A ELIE
RUK Heb ) S RS HY R s E R AN 5 o a)sEs » Bl EE A A S E RN E AR E
RSO D FEMHREE RN o A6 AT ak e iy 1 B 252 i Ry B H B4y -

PR R A Y B B PR 2 i S ) B S R 2 FRAR R & R N p Y BB DU B AT A B Y
Bl T — P B EE A B AR DU Y B B R A & - R iR S A
MEHR Z AR5

— KL(D || S) + Clarity(S) (10)

JE R B - A R BB EE AV - FOREE AR SRR DU RE R g R S SR

e B E AR - AR Al RERons ’7$1%E~ﬁﬁ%fiﬁ‘ﬁ“é%ﬁﬁifﬁ%ﬁﬁ%@{#ZE

R o G s W i i ) > PSS A] Agkiss tH ER e i S S PR (DU Sl H = R R IR =

%ﬁ/)ﬂzﬁﬁ% > NI B AE AT & o R EER 7T > — Ry S Z A BHTEREREE

Ty Ryt ] S SRS S D HIFRMHRBE & N p Z RS RLE » £ %EEEP?‘Z{F%?‘E
— DU PRET R R H - A A BB ) B SIS R AR R AR & A R

—KL(D| S)-H(S) (11)
—KL(D|| S)+ CE(N, || S) (12)

H A I EAH R & A HAY B S M2 — (B (E ST sm AV aRE33] - AR SLRE 2
Hha - R0 SR RS S A B — R AR ESL 0 D HFRHE &N e
MIEE S R[] » S5—J51a » BN Z b e E g &R s > HEER T
RN 255 (Query) Z EE S FE 174 HEARHIIER[3 1] > A5 S B (o A 2 18
DR GEE) S HEEES T -

4~ (i F BRI A

B%TZE.V:TE%’?E)ﬁﬁﬁﬁ%:ﬁ%ﬁdﬁﬁﬁ%zaﬂn% ARG SCIR g SRR AR AR AT TP
gt o M - LI YR EME R/ DR TR SRR EEEE/TT%’W@EEHEﬁﬁiﬂﬂlﬁﬂﬁﬂﬂw
B oS BRI R R ey Rt S A T R SR R AT E L —
(Z @) -

RS YRR A R R R > HIRMTEE RS 55 S B g A 2 — (Y
@ RUASRERE - TP 2 Ryt AV BRI (Relevance Class) Ry » FEAGR ST > Fff

11
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iy B R R — P A L RAR S 5 P R AV &R RE oK B S AR A R (22 HRE
BARSE-ERE - 2810 FFR LE—sBA S BRI Ry RIEH LIRS © Fylit
HA 2 4 i B B (] i (Pseudo Relevant Feedback, PRF)ZC i SLRARHE A I AEMHBEMY
— LS > WkE IS S SR ARAT (DARE A ] - S AR - AR (F BT E it —aE R
S & EEH)(Query) » AT —{EHHRF K(Information Need) > i AZ|—EE IR %40
o o —EeBIEE ) S MHRAMYBANE S Doy = (D, Dy, TEZ Tl BERANG S (F(Pseudo
Relevant Documents) » FILURERBERETT Ry - #8E  iEMBIe s 4t w S5 R S R 2L
PBEBRI S PRIy L3R 2 Bl > R T R e s B A I S iR [ 14]

Best,8) =2 p cp,, P(w, S| D;)P(D;) (13)
BRIP4 E A — R R R S iy - Se S s ) R 1L HY - 30 HEE A

Y ER et 0L H A R H e i& K e (RIFTaRHsa e ) - PIZZE 8 AR e e o s ot 51
SRR Ry -

2p,epy,, [wes POV D )P(w|D)P(D;)
sz'EDTop Hw"GSP(w”|Djv)P(Djv)

Pam(W|S) = (14)

A 2 Ryl (Relevance Model, RM) - BRI RS R ERRELE 78 i i St i SRy
Bl o A USSR A A 5 R FTall & BB A ~ FTakREERY N - B DU (4 8 F A
RACTHOUEE (A58 AR A > ] S At 2 i 5l ARV SE R P B R - DU HRE
ARG o 28 P IHE— R AR A AR i o A FR AU - e R H - AR (M BB E B BRI AR (2
R Z0(5)) AT 2B MR Rk

KL(D||S)= ¥ P(w|D)log Plw|D)

(15)
wel y-Pw|S)+(A=7)-Prm(w|S)

Hr0<y <1 &y =0 AR IR AL EE A A -
U EEERETRL R T
1 B

A E SCE B GE R EE By 2N 5 3T [E 5B} (Mandarin - Chinese  Broadcast News Corpus,
MATBN) - 2 H e e &R TR AR el = LA R & S ek I By
SCHTRIRER » HERE A Ryt R — {8/ NI Y 2 15 B e P o S e o PR EE R
2001 4 11 H #2002 £ 8 H&E3: 205 A HRE - &7 piall S g3t 185 RiFE) AURHI
AL 20 AREDIER 7y - Haprvaat &R —FoR » 286 205 AEEE SRS
&I ks 7.5 /NEf > MM TV - VIHEIESH#ESENASNE NS - HEHESD
ik as H BhEE AR (I AVEE S WA S 2 e S f4+(Spoken Document, SD) » [R|HEEEE S
B SRR T RS AA 2 S 55— > FRFTRAE 205 RIEES OR8N TEERHY
T EA U PR Sh SR IERE S RE R - FeffIE 2 By SCF 34 (Text Document,
TD) » RIS F SR = BRSO 5] - IR AR N LI i feh e
SCAREAS FE SRHY IEMER A 2R - FE AL EGE B SRS - SR IR ZERRE - FeM AT DA
BIZEEE T PR SR N S I A 2 52 2 - AT S e S R A SREE R RV 5
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F— ~ EhEERt AR

FllEeE= HIELEE
S SLEL] 2001/11/07-2002/01/22 2002/01/23-2002/08/22
A 185 20
AR E ST 129.4 141.2
AL RN E S 326.0 290.3
SRR AE S 20.0 23.3
NP :[:: Hﬂ\,ﬂgt\';—f{
R INEEE R 28.8% 29.8%
(Character Error Rate, CER)
\NZEE Uﬂg':\'if'z{
AR R SRR R 38.0% 3949,
(Word Error Rate, WER)

2001 F(| 2002 Y P35 RS 52 EE R (Central News Agency, CNA) » 37 H DA SRI zE =
R T E2913I1 4R HES /R Ly B iEE S A > FAPI Rt B = A R B RS gk
MR AR « 5550 > ARemsCBEEE 2002 oL@ atthAy 101,268 HII[EIEF AR S0
SR T BRI T R AR 2R AR 6]

2~ FHETTA

HEEZAVRAE AL ZANE  — AT A el - S5— AEEEBEAE » gl B
FMAEN B2 o 47 P e AR AT AT AS - 4 BVEE R 1-5 43 0 R BRI THICEE %%
AL E MRIE 50 E B RZE CL Pk 28 B S WU S aE 1) > 2400 P e A i ) 1-1KF
BILAERE PPk se iy ) F5 15 A (B 3R 2 ) 1Y 22 BE 5 (Recall-Oriented  Understudy  for
Gisting Evaluation, ROUGE)[19] - FH~ EE A RehIEE FERFFE ST - FrLLE I8 E )
2 A B B 1 [ R [ Y BB AL (R SR R 0 A5 T =X ARG SN ER A LA R
57750 - ROUGE J7A@ st H H B 2 4i R B T = 2 RV E & B A7 st (Units) 8 H 5
S % (Reference Summary)& & (EE A7 T4 (EROAILLH] o (HETHVE L O] LIE N-E5H
(N-gram) ~ 5] [7%1(Word Sequences) > %1 © fzAH[E] R 741 2GR R Ef (Word Pairs) o« HHA
TR BEA T =0 A EAREAE R E ENEE » I A EE N AL
A AL o HEE(EAY 4 8 = fF > ROUGE-1(Unigram) ~ ROUGE-2(Bigram) I
ROUGE-L(Longest Common Subsequence)73#{ > ROUGE-1 &4 5 &g iVl E &
ROUGE-2 E5FHh 5 #EEEnY s - ROUGE-L BixfttEFE » Rig (i 25
SRRYRIEME - R » EEaEE T2 DL ROUGE-2 385 T o RS sk S bR
Ry 10% > HoTE 28 R B2 Bl & ) s o B R S (el s EE 1) > 2 DAGA A5 R e T
ELBIRYEETT - FEPR R B RE ) AR A - F5 758 2 FEEE /Ay vh oy [ ] e B it L A I 4 222 2]
LB - B T ORFFEEAJGE R SEEE o EEAR T YR g B i

1~ EERGER
A A AR B U S 7 A S B » N A EE ey 6 5 DU R e B U 22

TR BRIEZIN > ARG SN E B EHER 5 B 05 o (o I A e B (I SR B2 U7 VA e
e o BISCRIAER(SVM)[37] -

1~ B EER

Bt BT EE R H e A (H e At (K L) B S8 T R e B U 22 7R Z sy > &
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R EREEERGS

F-score (%)
ROUGE-1 ROUGE-2 ROUGE-L
LS 22.5 09.8 18.3
™ LEAD 31.0 19.4 27.6
VSM 34.7 22.8 29.0
KL 41.1 29.8 36.1
LS 18.1 04.4 13.8
SD LEAD 25.5 11.7 22.1
VSM 34.2 18.9 28.7
KL 36.4 21.0 30.7

B H i feaf B 2 (Longest Sentence, LS) ~ 158 2 (LEAD)[27] DA K [3] 8 22 [l 52 7
(Vector Space Model, VSM)[36] » —f&Afefi » SCfF b &) gEdll & A B = /Y &G -
RIEE RIS T 5B AR FE IR P A% > (P BEH R AR R S At SR g B 2
T3k o BRIEZAN > WAEREFEEE - SO DR R AR T A ERh 1 - (It
AFBHERR AT (ERE A AL R AR MEAEE R B AR DU L 2% - BEHAT2E
HJRE A AT R B SRR - B R A2 (LS) K B A 2 (LEAD)E & B A £ — 0
o EARPARGERERI S B> IR EMAYERELR A HARIR Y - 5550 > MRz E
SRR A S B R —(E R & - G 6E I EE - SO R(TF-IDF) R G T R — 4 fEHY
REEE(E » SCIREARE Ay IR BRI M A8 HH aRsZ AR DU BB AR M - 5 5 ) o S =i - Al
AT E B R SR EE[36] ©

TR B ERGE R 50 £ TD iyE B+ KL AL LS~ LEAD
K VSM FIEETE BT AAAG4LE [N LS 8 LEAD (@RS ESEE E - Fr
DUE R E S A B AR R S RS > HAE et g AR - AHELZ T KL 2
WE MR REEE T A - IR G2 RN CERGE R Z 28 > SUREAERE LS L
K LEAD ZéfS5288 - KL B VSM B (i R HUsA SR &ER > (B KL E3tHaEs
FRTUEA S PSR R RE R (% > BN URESE B R HRE SR MTEE S EES
TR A HES THARIAY (55T B - MM A AR - 55— )7 i » £ SD HYEER
t o KL [EBEUER LS ~ LEAD Zfg% 575 » B VSM AYGERATR s KL 485 - 3
B R iE THE RN Ry VSM LA Z RIEEZ HRshaRA T & -

SR S L E AR PEeh SRR A B SR AR R - (BRI A
LU - NELRRR TR SR IEE RV - FErhithis TD B2 SD Z Ehgah R - M
H] DU SR 2 Wt s R B R R GG RAT B - tER 574 - SD tE TD TR T
1.9%~8.8%H) ROUGE-2 fiZAE » L Al AIEE 5 Pl s B S RE B A B 2
BV o By 7 RARRE T WEARSE SR AR AEAR AT IR E s HI 5 B (Syllable) /iy B A A
LR AL RS+ S A wllEl (Word: Graph) ~ JEUEEES(Confusion Network) K &1
5 2R T RE IR b (g8 s 2 AR s R AL (T S R A AR A& AR (Prosodic Information)
R kR SR S SRR R B E VR 2

2 EAHEEEE TR

P WMIRETRE AN B E S SR 2 Bl - BEREERNE =R >
FaEHHIHERE S (H(KL+Clarity, Z08(10))2{¢HH Bh Pl B S A e e B4l A KL
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*= - ZEUREEEERER

F-score (%)
ROUGE-1 ROUGE-2 ROUGE-L
KL 41.1 29.8 36.1
™ KL+CE 41.1 29.9 36.2
KL+SE 44.0 32.6 38.6
KL+Clarity 44.7 33.5 39.3
KL 36.4 21.0 30.7
D KL+CE 36.4 21.9 31.2
KL+SE 39.6 25.3 34.7
KL+Clarity 40.3 26.1 354

A DS B R ECR - BN R Bre- A Bk s EEAV ] FornaE e
SR DUE RER g R sBREE B EAR > QA R B ~MERS
Jatr I HoAE IR S PR S 2 R > SR R F1R - Al e B R
M =l H = RS A A B 2 - FMEIRF 34T 17 KL ~ KL+Clarity & A TRt
BRI S A R T A Ry 22.7 ~ 20.3 DLR 17.2 {E5E5L - AT 0 KLA+Clarity i
A S R & PEI R N TRk BBE R F) 2 RIS > G (] KL+Clarity fH¥E5Y
KL FEb®fmir fRanysEa -

AN ARSI A B TP YN R RN — 55 R B R R (KL+SE » 20850
(1)) EURSMEE RN — 5B R B R S R B B R 2 2 A AL (KLACE - 2 025((12))
HEITER - EERSEREEUN KL+SE &tE KL LUK KLACE 4547 BRI T B r &
AR R AT R e U R B AR A & 2R » (AR B ] AR B a AR By e 1 - (i
S T RE 2 I SRR R AT R - 28T - KLA+CE B ERAESE A5 AE TD 5k, SD rf By
KL M7 TR mT RERY R AR R Ry A Sm L (o 5 B e S AR AR Tt
SRR AR ETERY - (NEEAE B IR0 PRI - EIE E > B
R SR I AR B E SR EZ B A A A [F > (BRI e EE R SR s R
BRI BN E R A — B (e R B HEE S ) - A0 /g — R =St
AL EH A AR B A AR R MR A E AT FTERE - SEIT S - L R (E R
TEERE ARG IEME ANt B g SRR R B A B B A
aa R BT LA & (6 AR EE 2 T3 AR ks 3 H B AR MR HRE R R e
IR HEIRE A=Y -

3~ SRR Z o3t

By TEME—5 ~ BRSO KL+ Clarity FURTEAE S » AL ERER IS (Mean
Average Precision, MAP)ZKLEZ KL~LEAD F{1 KL+Clarity FY{E 2 8E /7 - MH# > ROUGE
R R T R R A B El LI s R e S IR RIS (BB Y
DU — R B A R S ) R LA T2 BB A I (E Ba TR
4 o RPTBRTD > B S TS B P S AR RIS S B I
EUHERAAT 3 EIHE A B ERERISE(MAP) ; 535h > i SD ch & B
SRS THE - SO TSR TD (BT 2 3k -

ek KL B LEAD (SIS IERERIGE » A0B—FTR » KL ERHS ST
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1 -
0.9 -
0.8 -
0.7

0.6 -
0.5 -
0.4 -

0.3 =KL
0.2 |
SR ETETISER R TR YIS | TN

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Document ID

MAP

= LEAD

fE— -~ KL 81 LEAD 7 ‘I IERER B LR

oo H—§
08 -
0.7 i ‘ ; :
o6 -—— N IB—B— I

< 05

0.4

03 -

02 Hi—I-
0.1 - I
o 1M,

2

m KL

g ' I I ‘ ‘ I s KL+Clarity
0 L
a4

5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

1 3
Document ID

[ ~ KL BEHRERE > S (E R E LLs

HOPH IEHERIGEEL AN LEAD > MR/ DBEKR S RHF IEMERIE 5L LEAD
WM EAR R SRR 3R Ao SR R DB P R UAE 228 > [NiE LEAD
FEIE 280 ST TG — R AU AR - 2 > MIEE# KL B2 KL+Clarity 2745
IEHERME - HE AR E S KL+Clarity AP IERERIGEAE N R ZEOL
P Eg R KL BRI CR 1516 J 17 @) &5 KL By P IR
{8 FAMTwe R RIS AT RESE R o Aaim S {58 FH o 5 LA S S PR BRI/ Ry FT S i 5
PRAYIEAERE RN HERSE Y » 11748 280 S MY I FAERE & R AT e B ey 5= BR A 5 AR
AT - NS PR R SR AN A THE -

4~ ZERHIARZ TR

(s FHRER SR A BB A R R 7 ST T Y > R — RV & 3 & 2R R (B A 4 HH R e e Mo
S AR SCER SR VE EAE P(S || D) [36] » HH[EIF AR SO S0 f4(3: 101,268
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EARCT » T T IEE FE#H 47 f# (nonnegative matrix factorization, NMF)${ifir 2k
LR R EEEE - RS IR B RS PR A A e ta i - Hr o NMF AR
PO B AR RS R — A A R & > MM AR AR e S TR B
HIBER A 77 o ERDAEER NMF 2 S8BT A [5] 2 FRAE Wi G © Ho— » MR TIER
&5 (orthogonal projection)dy 7 FHUARSCHVEATT = » (R ZR S RIERE 0 - H = »
FATEREU S A8 o3 e iy 05 sEUAR e A0 i #ELLEC VST R © £ Aurora-2 77
EHTFERE YRR E RSN LA AHE N AR ERN S - seASER AR
I B WS > nER S 2E S8% MBI PE R IGE R > M ERJA NMF JEAHE: - #r
D3RR S R MREER R RRRTES ~ S E 2 H AR -
Abstract

This paper proposes a novel scheme that enhance the modulation spectrum of speech features
in noise speech recognition via non-negative matrix factorization (NMF). In the presented
approach, we apply NMF to obtain a set of non-negative basis spectra vectors which derived
from the clean speech to represent the important components for speech recognition. The
difference compared to the conventional NMF-based scheme that leverages iterative search to
update the full-band modulation spectra is two: first, we apply the orthogonal projection to
update the low sub-band modulation spectra. Second, we process the low half-band of the
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modulation spectrum rather than the full-band. The presented new process improves the
computation efficiency without the cost of degarded recognition performance. In the
Aurora-2 database and task, the presented new NMF-based approach can achieve the average
error reduction rate of over 58% relative to the baseline MFCC.

[Gel kA © JESAEME A ~ R - SRS - SRR -

Keywords: nonnegative matrix factorization, modulation spectrum, speech recognition, noise
robustness.

wHe R H:H
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EATAETMEARRT - AHEAFAE N SR B eSS PR RS s 2 R J[RAGHY NMF
E%ﬁ EREE 2R —OFE8T » MEE AP B » IR S AP B AR Y

SERHREE ST MR TT A AME R DA E—2PAVEREE - T I E RV B
N B B PERETES - LR E 2 B EREIE T EE - # T RN RGH
NMF FE#ALL NMFOOFRIR - H oy RaR 1" 8l " 53 B3 T 2R (iteration) B 2 SE AT
(full-band) W {E5E ) AR SCHEH AT B 20 NMF JEMHPESIAHE » 43I DL NMF®D -
NMFG®IoW) g5 NMF®oWEL7% s H (L5 p Bl " low" 43 BIf L T #E2 projection BL{EARTT
low-band Wi{fEzd] ) -
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The basis vectors of ¥ 1, =10
M y y R R R T T T T I I
columnl
columr? H
column3

columnd  H

columng
columns  H
column?
columng H
caolumnd
calumn1d 4

magnitude

Modulation Freguency (Hz)

[ . R W S R AT

(09) IBRIE KA A Z I EER 5

/N AR R PR R B R AR SR R HLGE R Rt DR
(power spectral density, PSD)[E{ AV 12 R {[E 77 AHYRLAE » (£ LEH AR Ff AURORA 2.0[19]
BERHETHY MAH_2706571A SEE1E > il EAFEIERFEEE(SNR)AVHE N (subway) FEH -
{EFHEY NMF 7% > HS8r 3k 10 © @B =/(@)0)(c) ()7 BIREE A=A UL ~ =
BTREA ~ (RIRRMUE RIS AR BRI | $ER BT YIRS 2 e ] -

FRIZVU(E LR B AR T B AT AR > P m] SRR VURRE AR A B 4r R B
PERE - fESm S AR IR UA B A B AR (& B DA 2 [ B A I B AR T sl B R
[0, 25Hz] Z [ » DAL > St B SRR R T TRE BE A UR A E R  2PE R
B fE Z R HIHRERR B T RSB ELES - TSN - AR 3.1(c)(d)H rTR R IS S
BRHFITE T 7AME 25Hz FIVRHIGERE EHE B -
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(a) (b)
The NMF; fullband ¢1 The NMF fullband c1
————— T R« L ! r g : —— . .
= .e.::?\ + - Clean Fm————— - +--Clean
"N ——SNR 104B I ~5 ——SNR 10dB
J "\ ———3NR 0dB I & T
10 A E 1D5
o i
5 o
-
by .
\\
a2 \'k\\ B . s
a 10 \\ o 10
\
AN
AN
™
b
N
\\\ .
107t \\ 4 oF
N N R ¢ L A ' 1 A CL L L L 1 L 1 1 1 1 L 1
01 05 1 2 3 5 10 % &0 M L R T & 9@
Modulation Frequency (Hz) adilstianEraquancy:(Hz)
(c) (d)
The NMFi bt The NMFp lowband 1
S e D . e Slaan [ s, e Clean
T —— SHR 1048 I 3 A —SNRI0E ||
RN — ——SNR OB » ———ESNROdB
5 RN . ¥,
10 E 107k
o fa
w @
& 1p° T
0’ 7L
L . L L L L L L L | L I I L L L L I J
01 05 1 22 3 4 10 25 a0 01 04 1 2 4 10 25 a0
Modulation Frequency (Hz) Modulation Frequency (Hz)

[ = S AESATERRN A EEEEEE Y ol S8 Z DR AFREE E E () AR AR AU
(bR REE OBIATENE (DB

= HEIREEOE

REm L B b FTER A IVEE & B A EION B (S 2 4E 17, (European  Telecommunication
Standard Institute, ETSI)Fi2${THY AURORA 2.0[19]zE &K} E » NS ER TSR
DA T I Sk B — 25 B B 5 > R EAMPrER Y EZ P =CEN R~ 20 TR
15 s  (clean-condition training, multi-condition testing) . B EGZokE 1 > FH D3| S £ 45
R 5B Ry 8440 AJEZiFEEA]  EHAE T G712 BB 2 EENIE - B RlEE T
={EFEEE ¢ Sets A B B WVEEHJF25E T HIRCHERER - Set C RIIEIRFELE IR M FEEHELTE
TEMEFEET - Sets A Bl B 2605 28800 AJ5EE > Sets C Bl 14400 HJEEE « NIRCHERVFERH
TESH A B © 3 $8(subway) ~ NI FERE (babble) ~ 7S Fi(car) ~ 2 EEEH (exhibition) ~ &
[ (restaurant) ~ {5738 (street) ~ {5 (airport) ~ X EEIL(train station)ZE R » I LA [E]FE
FE A&k L (signal-to-noise ratio, SNR)#2% » 4351 & : clean~20 dB~ 15dB~10dB~5dB -
0 dB Ei-5 dB ; [ ENEST Fy G712 B MIRS Fifdi@EREAE » HEZ EEFHE
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(international telecommunication Union, ITU)[20]FFZ T E MK °

e FH DA SR EDRIERAYEE &) Feff e HE A B R AR R R 2 B (mel -frequency
cepstral coefficients, MFCC) » 1 k> 1% - fdn@{dE 77 /AR R R i (baseline feature) - £
i MFCC Vi £ 2 E MR AURORA 2.0[191&RIEFHVELE » 4% MFCC Rz
BET 13 HEHVRFRRF Ei(static features) fff i b o —FF 2= 77 B [ 2= 75 6V Bh REFF =X
(dynamic features) » 3t 39 4ERiEl o {HIG—1RHVE > Raw LR EMERT > B2
TERTS 13 4ERVRFRERELE » PR HrR oV R oK EL 26 HEAVEIREFFE - [N > & T
WP PR RSN B P B - M A S ERER EEH MVN JERRI MFCC
EHE o 2 1% FERCE BT H AT S FEELA NMF (5B E » #8155 5 (A s e -

FEEEEMETY |+ TP R EOE G T W 3 R A BB 2 BB T 8 (hidden Mlarkov
model, HMM) 3147 F /5175 (left-to-right) 217 HMM » R )] T — (IR £ AR
5 PR RATE R FHIRARSR T — (BHATAOIRAR - IRABH BB S 117 55 e T
i < SO SRR AL AR SR A BT R & HPR ERB Gaussian mixtures) -
FIr DA AR TR SR o 3 4 2 5 i = B ] FoAE R (continuous-density hidden Markov model,
CDHMM) - 3k 7 HTK[21 [ ok Lttty HMM » (ERURIEE A ae g b > 37
Hi % I T (context independent){FA IR » A 2 B2 AIEL 5 T 11 {EE (oh, zero,
one, ---, nine)BIEEE ISR A REAY - BEESFHY HMM BB & T 16 {EREE - 1
EHERREH 3 [E SR & eREEH -

VU~ B RO B S

A1 EH DU ER 73 BT AH R ©
(—) EREATITEZ NMF SRS A R B sl SR BT S

FEARET > FAHH R 1R 202 NMF SEEE06R 8 5% © NMFGD (48R 53
i1 NMFGO™) (RS R T P Sy B BRas SO DAST &R - M LD E HIRERET T
FIEH o HEEERARHEE - & TR ELER - VR FE—ER 55
TITERS TE—4H05] ~ NEERGELE ) B T [E—sRRREE ~ REISER] ) 2 PR - ok
[EESH =10 » FEFEE(L2E =5, 10, 15 - BI% NMFO) (RSHF T 81 NMFCY (o
v ST ARV R ERRR = -

fe— ~ RCBRZZEEE - WFTAEEER

1. HREY RSN 2 NMFCOYETE =2 R ERVHEEREREE T - S MVN AR AYRE 2
AR LA - % PERPFIARE 2087 2 NMFCDE » 1F Set A Bl Set B H1y
WEHFER L NMFCOVERZ KRS NMFCOj% » {H1E Set C _E > NMFHOZERIS (S NMF®D
2 BEEERIHE Z mrdk MIEVHEN] - B EE S 3 s & AR HES 5 P AR &k -
BRI R Bk i SIS IR HVRRE - 2P EN ST AR B -

2. bl MO8 NMPCOSR (2 = 40F FINTREREE T2 PEIRGRERLL 77
FIHORRAREL(SNROBISE - > (3 SUAOHERTR L S0 - M TR b M s s
Y% (EHIHREEN NMPOO R SRS (S0 5 S AR R NMPOOA5R1e
PERKEE -

29



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

B ERERARRE R r B AR I YECRIT S - ¢ (HRV=TEEE(S, 10, 15)
ﬁﬁ%ﬂ“ YRR NMF SRR IS 0 384T > U N 1 (EEE 2 P IeR & 2R Ry
SERUR T TR LUE F/ D B HE AR Wb vl (S Wi il NMF SRS AT P i R R -

o~ [ 10 (EEESERREE =108 - JFi4G NMF(, f)Zz*:Ef—'@%ﬁszBZ NMF(i,low);EAE
AEEAIZ T ~ HUS FEEHHEEE(20 dB, 15 dB, 10 dB, 5 dB £ 0 dB) Z Bk (%) 9 LEEL
Set A Set B Set C Avg RR

MVN 73.81 75.02 75.08 74.55 36.76

NMF®Y | 8265 | 83.94 | 81.75 | 8299 | 57.73

NMFG 8280 | 84.08 | 81.89 | 83.13 | 58.08

F [ 10 EREAEEE R =100 - Fis NMFOEBETERH 2 NMFCOELER
[EI4HAN T ~ B S fEsHA#LL(20 dB, 15 dB, 10 dB, 5 dB £ 0 dB) Z HEakR (%) Itk

Clean | 20dB 15dB 10 dB 5dB 0dB -5dB
MVN 99.08 96.58 93.07 84.56 65.24 33.73 13.39

NMEGD | 98.71 96.57 94.48 89.52 78.23 55.11 26.64
NMEGlow)|  98.76 96.74 94.65 89.74 78.61 54.87 25.60

F= ~ (] =R AHRE R EEEVEE =S, 10, 15 > FEE IR (%) 2 LhiEg
r=>5 r=10 r=15
NMFGD| 83.36 82.99 82.87

NMFEGlow)|  83.19 83.13 83.09

( ZOERIEA 52 T NMF SHEEG8R E S A H R B Bl RS T o

FEAERT - IS T R th 2 MR [ER IR 5202 NMF SRR RS kL ¢
NMF®D (AFFFEEHT) B NMF®IY (AR S TSy Bk S ARt 3 - AT
— 81 BB LD ATEE R RERRT T R 28 v B A e & - Ho R 7 5 (R, -
HATe i F IR T o3 BB A AR T R —4H A~ A EIERAEEL | 81T (A —ERAELL -

A EIEHA Z?Li’ﬁﬁ‘*ﬂz? HAEE 2% =10 - HEEE(ES8 =5. 10, 15 B4 NMF®D
(RFURTERT) BL NMF®O™ (SEREERE RO AR - BERFRANZH - B
MR ?ﬂzf?ﬂ@ﬁ?@i—aﬂﬂu PRCIHESER - D

1. FIAEREE TR 2SR DA NMECOELEAER A NMFCOY) > fisaiA R [EHEF
SR A EREEHERNERSR - B MVN FHEEH Y MFCC SR EEN A T o T Ay B
FRIERE

2. /D EHIE SRR ) & (=5) BT AT (H RSB A NMF® OB AR NMF®OVE 5]
TRAFHIPEIE R -
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FIU ~ S5 10 (EE SR & (=10)8F - JR4h NMECDEBUR > NMF®OVETEAR
[EIAZ T ~ HLS fEEfHEEE(20 dB, 15 dB, 10 dB, 5 dB H 0 dB) Z H#aeiR P9 L

Set A Set B Set C Avg RR
MVN 73.81 75.02 75.08 74.55 36.76

NME®D | 82.66 83.82 81.63 82.92 57.56

NME®low)|  82.65 83.97 81.90 83.03 57.84

ST~ (R 10 (BRI R=10)H » [ NMPCOESHHEH Y NMFOOVZEIER
[FI4ER1 T ~ LS FESRAGLL(20 dB, 15 dB, 10 dB, 5 dB B 0 dB) Hiske LR

Clean 20 dB 15dB 10 dB 5dB 0dB -5dB
MVN 99.08 96.58 93.07 84.56 65.24 33.73 13.39

NME®D | 98.73 96.61 94.48 89.53 78.20 54.70 25.92

NME®ow| 9874 | 96.65 | 94.57 | 89.72 | 78.55 | 5472 | 25.07

FON ~ [ AR AL A B B EE (=5, 10, 15)i - FPIgfaR 2 Phik
r=>5 r=10 r=15

NMF®D| 83.33 82.92 83.20
NME®low)| 83.34 83.03 82.97

(=) SHEsafE 5 SR
BE AR TR s B A [RIHY S B REL S0 U705 2 B ERAS AL bR T FeMSepise sy UfE
FEH NMF (S0 0772 - NMFGD - NMFG ™ - NMF® D81 NMFC % 2 41 » {EiE 4
PP IR T W S R 4 - HEQ Bl MVA » A PCA RS g s
¥k B TREREECEGE R, > F 5 NMF JEE PCA AT » B E8H r EE A 10 -

tEAh > B AE—20 0T - 72 NMF JEBL PCA A - BUHEEEANT 2 Al 1/3 (4YAT
170 {EFAREL) By 1/4 (Fi 128 {EFAREL) 2RISR Z B Rl - 558
R ERBENET - AhRT A URRE] N Y288, -

1. MVN EfEpz MFCC R b ml (E-PHHESeRTE 59.75% KiEfE A -2 74.55% [fif HEQ
Fe MVA T 0] 53 IR 22.46% 2 19.00% 48 SRR ARINGE

2.PCA JEfimpa I ST BRI - #REA oy BE R IO - HLER NMF HYSSAE
MPAMELET > BENERS - HFEREFT R PCA AARMA T ARG Z 2
s RN R HIPR > B EE SR RIHHEE S AR R o H R KR EE N E
MO EHY AT REMERR N - AT DUSREMREL - iERHE Z R HE I ERRHA -

3.HEQ B MVA F¥f> MVN JERES T 2 S (EAVHEeR - (AR SCAatam 2 UfE NMF
PRt ST A B AR (Y HEQ £ MVA -
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4. 2 R SO W R B B 3825 NMF (oW il NMFClow) e S B s P S I A s o (A
BT 256 (EEARARE ) - AR SR SR E R AR Y 13 B 14 (G35l Ry
=T AL 170 REER 128 i) HAREAAH BN S Ifh B AR By ST =
HEE B A2 AR (- (R B EAIE SR IRER > PCA TR AL 15 {UER 7Y NMF
Ed PCA JAME » FM T DU HrEE—- S/ D AYSRARED - it e DUBEAT 5 2 B PR 2
SUAE °

5. BRI =REET 774 | NMFGOY - NMF®DE NMF®C OB e NMFCERHES -

EHAFAT NMFCD ~ 50T NMEGOWEL NMF®OW & af {55 -3 BT Y PRI -

6. A S » EAE W T iR Ay MESE P B (IR BB R ) - T RE [
JF46 NMF IS S i s aE < AR R - [EG > eI & AT
PR - FEEAIEXR ”“%/ZEEI’JE&%DF?%E%‘“ AT SR & 2 nhE R P B 2 4551
R T L R D B A [EI (5 NMF JEA SR B RE [EF £

xR~ AEFHEEERES LA SRR B R S R (MR PR (%) PR

. | BB | BER W
Padrs T SetA | SetB | SetC S AR | RR
MFCC — — | 5924156376753 | 59.75 - -
MVN — — | 7381 ] 75.02 | 7508 | 7455 |14.80]36.76
HEQ — — | 7996 | 81.74 | 8045 | 80.77 |21.02]52.22
MVA — — | 781517917 | 79.12 | 78.75 |19.00]47.21
Full =10 | 82.65 | 83.94 | 81.75 | 82.99 [23.24|57.73
T 256 =10 | 82.80 | 84.08 | 81.80 | 83.13 [23.38]58.08
NMF 170 =10 | 8255 | 83.93 | 81.88 | 8297 |23.22]57.68
128 =10 | 8224 | 83.62 | 81.40 | 82.62 [22.87]56.83
Full =10 | 82.66 | 83.82 | 81.63 | 8292 [23.17]|57.56
EIg B 256 =10 | 82.65 | 83.97 | 81.90 | 83.03 [23.28|57.84
NME
170 =10 | 82.66 | 83.90 | 81.84 | 82.99 [23.24|57.74
128 =10 | 8237 | 83.86 | 81.64 | 82.82 [23.07]57.32
Full =10 | 83.10 | 84.13 | 8222 | 83.34 [23.59|58.60
256 =10 | 82.23 | 83.57 | 81.63 | 82.65 [22.90|56.89
PCA
170 =10 | 8241 | 83.66 | 81.71 | 82.77 [23.02]57.20
128 =10 | 8249 | 83.71 | 81.73 | 82.82 [23.07]57.32
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(T0) Btk R 5 BT R (AR B

TE HRE] R IES Bt NME BERITas - TSR SRS
NMF SEIEERRE » R B ER D SHSBIRE ARG
7 NMF 2 SR SR ANMEC) « NMFG - NMFOOZE NMFCo) 3 5 51577 75
R~ FELLLREC AT -
FESHINREE b » SKEGREIRR FET B0 1024 B » [RHOREHRE ARG - B
t3(1) A B N=513 - SEIECSERE W 9T R =10 (2 NME S5 (NME®)
1 NMFO) 2 g L 3% %5 100 BITURBEL % NMFG)-NMFGI - NMFCOE NMFo1
S5 B A e T T AR M T S T E RBIE RS MATLAB A2 P A5
RIRETIRR ) L2 - BTSSR E R T

FAF HRATHM
T gEz= 1 — x100%
TR (1 NMFEi,f)?F«ﬁH%i) 100%

%/ DUREELRY NMF Z 85T SO AR TR

(7)

ok FEEHM(RBFERE2E | 78 MATLAB #1{T | I{TISRIER
WARHERE) Pt (msec) (%)
NMF®) | L(r*+2r)+2Nr 22260 5.52 —
NMF®-D 2Nr 10260 3.30 40.22
NMFGoW) | [ (r242r)+Nr 17130 4.45 19.38
NMF®low) Nr 5130 1.98 64.13

MBS - FMFREA =S 7574 - NMFPD « NMFGOY B NMF®w) 5 £g
VA EREHY AR S FE R . NMFCD SRS FE A E B (B AseAE
H) RgTheiE > Bp > f05UmED L2200 Ry AE S > ERpR s Al el s>
Nr RAVEHEE - o) > HEEEEENIF T EA S KIS - Hd NMFeOW TR
DAY 6AY% ST THER
FEFA > AR H R E R - T LR PURER Y NMF AAE 56 8 o Hr Rl - (B REAM
PR B TEAC A 82 A B4 e AR 3 R Y PCA JEZEUIAERE » R B B 2 It [EIRS A%
BIELHY PCA AUSERESR IS S WA RUR - I EEAER > PCA JRZA0[E NMF —f% » ¥4
(DAVERSERE V SRE—4HEL AR W A =Q) 2 B bR - {HEFE NMF R[E
(EETERS > PCA AGEIRHISRAEIMEN W 2 frmEH o r 20 BIFEEE O 48 PCA ATk
o FRRAEE - HFTE A TR R BERMER VP E 2 8% FLUARE (convariance
matrix) £ r {[ &7 5] & (eigenvector)  Fiis L5 [E 7 5] 5 57 1) ¥} E 25 4188 BRI A 2/ Nk
F 2 Fif 1 {[# &5 {E (eigenvalue) o FEMEIEEBVFERI T > PCA Eb NMF ge40i 2 5/ NS
saeef (MIXQFTTR) 0 (EVBIEERELE » PCA SR KL A S 8 4 IE e
FOREUE RS RS T RE IR A - ILES THERERE L A IEEEN AT -

DATR » Feffiigatamestd A (a PCA E) [FE P EseaEns » FralseEd &l
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WU - H - FAFI AR TT =AY NMECOENCAR sl & EREEAE - AR
7277 2 NMFCOEAE SRS IEA A BAEE B IS ATREAEAE & {E - [hSh » AIRTATIL » PCA At
HARESFTRHU VSRR E A/ N - FEIE - IRPIFETFE Aurora-2 EREE.Z —
AR > R EDT AR B R ASHREGRE TP A GRS I R G EIE—4)
TR BECPEEE C FIRR/ - R/ Ui s EHERAHFREZ
FREESRE H Y NMF 7Aoo RSB RAE  EE N G L A E (2 NMF 527581 PCA
EH/ VIR E SRS EARRERE - Hrp PCA 1S SHEESEAVELRES S NMF
521547 0.0006% » HEASHREGRE R ENA S8 - g5 AMIRYAE (BEIEi o) -
BFATEEIR - HFY BRI AS S S ESEE R LAV E R - NI AT RE S e AE
AR AR - ISR EERTRERER T 23 -

x/\ B A EREREEERER

JivE NMFGD NMF®H) PCA D
IEEEEEE 513 512.53 512.24
EEEgEE 0 0.47 0.7596

BEZREES
0% 0.0009162% 0.0015%
BB/ ° ’ ’

T~ G

A E B E N S R AR UG 2 FREAE 2 AE (NMF) 2 S35 i T
SEOHTAZ GRS - FIRORA B R SR AV REHOR (R EE - et 2 AR AR R
RAFEER - FAPTEREU—ZMERY IR A 52 77 A AR EUE B AR AR 2 R FF 22 ] (the
spanned subspace)HJHTEREAHE R - [ FR a7 2R FZIGEAT Y 75 200K
1SRN EAEE M - [EI - PRMRREE S 3 SR H B s VA R A (RS L S
AR - et T B O EATEREARRE AUIRAR  [F R IeT T S HRE B AR TR -
HIRETHY MATLAB f230 ~ ST IRV SEETEEACE - 12 A FI (R 40.22% 0T
RFfH] > 2R BRI AT 19.38%6 DL ERYIFE] © FrAHYE - FfMT383RAF Aurora-2 B}
HyHERE B > _E AR S RS 2 T A P G B NMF S aE B A
JEZ HESREHENS - 9BEFE LR 4 MVN THERZH & HY MFCC g B HRRR T -

FEARAAYEEE T AT IR s A B A T (B P o S ko P R o s & - B2
H1 NMF #0S EAEAYAR R - FREERSEEE M 25 A (spectral subtraction, SS)BEA IR EIE
ZEFIHNHIFERSGE PR ARR  HEAh - Al — DA LA B e R B (40 T S8
TFREE BT B TR ERE) - (CHAERE M TR A E S EERAER -

B
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FHE  BUES N TEEMER S - Aswm S E—FTR > vl B = (EE B 7 hlE
"R RIS | - T R R B g R R AT | R T RUREREAL | -

A ESTERE B SGSR B EY - AR BEREAZ LAY 556K ForSD (Formosa Speech
Database) [1] Attt » {58 FH Sk =0 v] 454 (Hidden Markov Model, HMM ) ~ #55g l
FHEEE(%% (Mel-frequency Cepstral Coefficients, MFCCs) [2] Fl¥f#gE&= (Log energy)
i Py aE B RO T S AT [ 4 - B BRI BT o7 ]y - B R E25 8 ( Monophone
acoustic model ) ~ &N A5 AH R B = 2L EAF5 R (Biphone acoustic model ) Kz 3 &N
Fe TR = R R AY (Triphone acoustic model ) - Hg+¥HRIEEERIET T H =&
fEetS e dgis (Free syllable decoding ) Y& &% (Syllable accuracy ) fefE4SR T
Al Ry + 27.20% ~ 43.28% ~ 45.93% o Hrp /A AH R = i R BRI B R R
BEFR TR R A A T P e B B -

TR REE By BRI PR RO B - RF I BB i R A I R P B L) || SR Y A A R =
MRS WA EERE TEEE R [3, 4] - sEE R Re RS AR A B
HHETEREY AR SR LA 289 o oK E S TR VEI R R RS < (EAIERT
NS [5] @ RSN P EEE S iy B A &3 R ARG m S o Ry T FEEES
AR GHEEIZ M ERAHE » IIA T = BB & > o hle - EEs BEE(EE
FEFRAE A ~ HETR A S R SRS H N - DURCORBARRERGE R  HEEE A — - 1
PERV o e SRR IR I B B =870 v Al B & ~ PREMEE S 7 & - HEFEES
& B eB kT AN TAREC » MRS FERR IR R PR E R 0 50 A S35 =) &% ( Support
Vector Machine, SVM) Flll&H 73 #H58 » Befe DAsk sy S EHR S & EB R ETT —Theks -
B EEERE By v] FHEER A BaEft o

WARBE TS IEES R S A B BT AR EEBERT o PRA R R S BB

TErEEERL ) TRV SR o ChEERIERERIAT ~ RARE 0 R IR RS
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Fil By 40.22% ~ 41.21% ~ 44.35% -
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AGw SN T —HE B 1R BB T RE T RS R R AR bR T RR S I HE
SR BEAR A8 AL 35 Th BEAR SO R AE A [RIER B8 MR S A1 o DU SCBUT RO

AR ELGE /DI E B 72 /DT IR R A FT 58 ERERIE 80% LU L RIE A3
HFEEE PR AL o Sphinx-4 ZHIA TR MEEN L E » BEEREME ~ BAAML
AN I ZEAE o [R AyiE SR ME A4 (0 A Sphinx-4 AR S FE AR - AT
PR R N B SRR R N A A —EKEE o (] AURORA2 5ERHEF
SRR » 408 0 F HEEEEERUE L Android 25 B BRELAURERLET I E 5 - &5 R BURE
F BAT FE35 L B0EE R 100 FI3HE %R EMEREEAH 80% 1D 2 00%  ZIRIEE
AEE Android B GERIE 25 AIRENE T4 70% RFTEN4T 95% HIIERESR o

R © TENL  ERE R AL ~ I ~ MR SRMEE  Sphinx

Abstract

In this paper, we introduce a system for on-line digit speech recognition services. Besides
the speech recognition service in our system, we also provide adaptation function to improve
the noise-robustness between different environment. In the case of English digit recognition,
our recognition system can achieve over 80% accuracy for a specific speaker by using a
few adaptation data. We use Sphinx-4 as a speech recognition kernel in our system. Because
Sphinx-4 is a system prepared exclusively for researchers, it is a flexible, modular and plug-
gable framework. We provide our experiment results on AURORA2, EAT and Android device
recording. We use AURORA?2 database training models that adapt by EAT and Android device
recording. The experimental results show we can get high accuracy after a few adaptation.

keywords: mobile, speech recognition, personalizable, adapt, noise-robustness, Sphinx

39



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

— ~IRER - B

FERHAEE M B R » SRS PR T TS B H W E E AV A B A0 Google
voice search [|1] ~ Iphone Siri 2] & 4H B & H » WA TEFZ ] DUE PR
BEEIBHE i (A0 PDA ~ BERLFHE ~ SFAFENR) 8 LR M T AR R T B
AR LT - (B2 KB BRI IZ AT HR 1 » AR E R R 2 g S 1E n 4
VEIE SO Rl R 48 B R H IR BE R o (HLAN SR A2 B AR R 12 S ey A\ T (56 P o 5 o
ARFEHNIE LG E » B2 AT EIC TR O 6 P = AR BE47 18 5B A B AR A 20k -
TLEE 8 plbE B 167 1 8 F & A B4 KOR YRGS 18 RO RIE - B2 B a2
BREY AN AT ZEi8 L EE - thREA B [ AR AR B EE LB AR TR E -

BAE R 2 BRI R 2 PR R AT S AR AR AR B b - FEPERRAO RS (R
N BN EE e R B AR T R AR L - R AR g T iU A A R B 418
AR R B SRR B IR TR S An R ke i E B o SRR R 6 3 AT A
Fi AR B LR F SEEARO IR S - R o B RS (6) 2 B i sn R B 43 K
HAAARAES L o 72 (7] FHRE] - NFHAT F #h E i A B B A T DU (30 3 B
MG o

T A i SC LR A 57— 1 BB S e B ARES BT 5T H R R B R A IR E
B MR IRET R0 6 BOH PR A RS B USRS i A AR R Y~ IR~ 3H
B REA A —E R - F PR A RE 45 A& H Bh55 5 P (Automatic Speech Recognition,
ASR) R > B — AR T IERARL -

T~ RECZEME

SphinxTrain

S

\_'tﬁbt

1~ RETEAEIE

BAE H R T A 35 5 PR T 70 K 2 & LR 520 S AT KA A (Hidden Markov
Model, HMM)4Hl 8] [9] » BLS MR A2 (Gaussian Mixture Model, GMM) S
TR VAL - B — RV TR A HTK ~ CMU Sphinx %45 » 7E 485 i
R {E# ] CMU Sphinx Y Sphinx-4 [14] 1E&#% 09T H.
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FAE IR — T F AR BT ~ B 2R R AR R AR B AR ) — e /N AL BRI 2R 47
Pl e g — 6 H N EREECNE TR » RS BT BB T ERREE ) » Rk
AR — 8 BOR B B fRI Ak 25 5V BE A& = 0% » 1076 A 5 i B ] Al 2 e 18 = T SE R85 e
RETELA o

K Z %% L HTTP (HyperText Transfer Protocol) 77 =0 37 =1 = 2888 » — i fa] iR
Uy (server) 1% % A48 % 2 [R] IRF AR ES5 Z2 {8 FH 5 3t (client) » HTTP & AF PR 4 b B FH o 7% B 12
B — A B 170 € > & BT BRAE T REAR 2% 2 B 056 P A8 B ] Al et 2R A HY = i 4608 B 16
o mMHEREHEE FHRE SRS ET A A GERR Fw  B [ 2R T B ER%
ZERE > 5 i B AR] Al i o o156 FH AS ] 0 B PR AR AR Hs ) > (6 38 & 0t (6 I35/ 1T (user
interface) B2 1 5 vy B FH AR 208 - P o PR AR ZURF BBt S im0 DARE SR 7 2Uis 2
IR S > 7] R I A2 2B 55 SR % 135 Fr 75 728 ) ik T 2l sl s B 1 - 52
LA P e As SR Bl e TS [ B 45 F 7 i B FH AR X AT (o I 38 /1D

=~HR

SR

EAT DIGIT
R e

EAT DIGIT
HFEER

AURORA2
HRGER

B

2~ HERE

AE SR E SR — 3L A %] T AURORA2 ~ EAT DIGIT ~ NOISE1 ={EzER}E - & 2 i
BIRR T B EESRRRAE - B— 52 M A AURORA2 RUFERHEFTHIBE £ sl B 0 5
BEREAY > P43 5% F EAT DIGIT & NOISE1 sB R K FH T AR F R ~ ey ~ 68
B o
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(=)~ FREA

RS E U | AURORA?R [[15]] 2 A= J g i 28 4 Al (basehne model) * & {8 & 355
=5k (Enghsh Across Taiwan, EAT) [16] T E 534 (B 7% EAT DIGIT) ;M B 178k 8
E’J NOISE1 #5#Mi A FiEeE fhETT — RIFEI E R

AURORA?2 : R NFEIINE MRS ~ FAMR LY 2RI RE & Pl AR 4 i 1 B R
EAT DIGIT : 1 EAT i a] FIEE R s d b s of i Ee s - aganz= [ -

B
<
S
At
1{:
ar
i

1> BB T RFEFRE A HA

BRENDM | FGEREE AR RS
| B IE | Lo | 3| ks | KA
gsm 212 | 334 | 546 | 386 | 156 | 542 | 1088
pstn 168 | 171 | 439 || 341 | 136 | 477 | 916
miclék | 421 | 697 | 1118 || 794 | 318 | 1112 || 2230

14

NOISE1 : /£ AURORA?2 3Bk} A% NOISE1 AU (corpus) $%5L(HUFE NOISE1 &

*Jr)?ﬁ) » {i F #5 & DHD (HTC Desire HD) % WFS(Wildfire S)#% %! 8KHz 16bits PCM 1%
EETESR  BEERIEAER AR -

2~ NOISEl FERHESHIRE A M A X EHEME W LFE S (dormitory) ~
LERE S B E R E B 55 (fan) ~ N HERFBCFE T8 FEE T8 O 55 SR
& (road) ~ FIIKETF AL E A EE BRI (basketball) ~ I KEHFF 11 B5E L BUEH
%5 (parkingLot) M H LI KR & K F5017b EER= (laboratory) °

(a) #HR BRI (b) £5017b IRIFFR IS EH BLAEE M8
¥ RIS EE% EHRE A Mhl | EHERE
DHD | WES DHD | WFS

clean | dormitory tpyen 1001 X jedeng T 50 50
fan tpyen 50 X mkwu 5 50 50

. road tpyen 50 X tpyen Ui 50 50
OB T pasketball tpyen 50 X yhhuang | 5 50 | 50

parkingLot tpyen 50 X

f5017b | laboratory | Z1ZE[2(b)|| 200 | 200
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(o)~ HEEEE

R E B B A R A R R 2 B A M T B SR R (R B (Mel-scale Frequency Cepstral Coeffi-
cients, MFCC) » W13 3| fior - 768 Eﬁiﬁﬁﬁ S g RS BR T 1Y EAT H micl16k Frfi H
BB 2 2 16000 40 EL 8% Fr i F HY 2 8080 & — 20y - Bum i B R 2 (F & B
TRABAIAGNGR » Fi i A E L (dictionary) 8235 2 (phone) 1A 3% [ > B0 AT
KM — [T 2 — R - B—(EEE 3 FRE - BERECS 8 HEINEE D
{fi (Gaussian mixture distribution) FII%K_t "~ SCHIBA (context dependent) LAY o

3 HEESESE AR 2 B R

28 St REE
alpha TR 2 8 0.97
dither HEh0 1/2-bit FEFE R EREREEE yes
ncep IR REL 13
lowerf TEEER 64
upperf AR 4000
nfft R AR SR A K/ N 512
wlen BEHERE 0.025
input_endian | ¥ A ERHALTTAST > 7E NIST B2 MS Wav 1% = Z 1% big
samprate U 8000
feat Sphinx ZEF& = Is_c_d_dd

77 ¥ AURORA2 HYHZ 3 31l SR 58 KB 2 IR BT Il 4R 55 KL H SphinxTrain 15 £ #2153
SR (clean) M ZERBEEE R (muld) Wi 22T » (£ 1 AURORA2 HYHIEEE KL AT 1521
HIFEE R AR S| B » ZREm DU F 8B (word dependant model) 1F 2y LAY » 4
RS BB A G R R0 A R IE MR B AERAS R - EEh A A EAT
DIGIT &2 NOISE1 #5#Mll— R 5 FE E S - 768 L0300 5 5 b At F 23R8 VL 5
Kiz%# (Maximum A Posteriori, MAP) [17] J71£ 284 T °

(=) ~ AURORA2 B E BRI EAT DIGIT sERHEER S EEE

&y T RSB B AT 2 R I AR AR BELUOR 3Z Bl AR 22 AT SRR RELF SRR R
A A s R B ~ R ASCR B A BR B R - IS ERIE R E SR = IHE 5R © EAT DIGIT —#
H gsm ~ pstn > micl6k =FHExE 73 0 B A gsm EFEREAERIFER! (gsmE) ~ gsm JF
B R B AUEERL (gsmN) ~ pstnE ~ pstnN ~ micl6kE ~ mic16kN » 5 1% 818 75T 15 14 1Y

ﬂ > BCRIEREE L LR R R > G PR o B8 — TR IR REREE & 5 B 3
—¥fﬂﬁl(ﬁﬂnl Bl — PR o SRR L B a ACSRMEEE R X EEE
Bl B —REIREAEE R — 9 AU (E_ test ~ E_adapt ~ NE _test ~ NE_adapt) °

1 ~ EAT DIGIT 358 R B1JE 558 R 5 L

F A ERIT B a 2 N_a BURR B AR AR N AR Sl AR » A0 Bt B Nt /Y
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NF | ER

eight | EY eight, T _eight

five | F_five, AY _five, V_five
four | F_four, OW _four, R_four

nine | N_nine, AY _nine, N_nine_2
oh | OW_oh

one | W_one, AX_one, N_one

seven | S_seven, EH _seven, V_seven, E_seven, N_seven

six | S_six, I_six, K_six, S_six_2
three | TH_three, R_three, II_three
two | T_two, OO_two

zero | Z_zero, II_zero, R_zero, OW _zero

filler

<s>
<sil> | SIL

</s>

5 LR RS ERETEE R AR (Avg. 1 0-20db HYSFHI1E)

CTRE Y YR ZIRBEEERHEA

dBN\JHEE | A | B | C |[Ave.| A | B | C | Avg.
clean 99.5 1 99.5 [ 99.3 || 99.5 || 99.0 | 99.0 | 98.8 | 99.0
20 95.3 | 96.8 | 95.4 || 95.9 | 98.3 | 98.4 | 97.7 || 98.2

15 87.190.2 | 87.1 | 88.3 || 97.6 | 97.5 | 97.0 || 97.4

10 63.6 | 71.3 | 643 || 66.8 || 95.0 | 95.0 | 94.3 | 94.9
24.6 | 31.6 | 26.7 || 27.8 | 84.5 | 84.5 | 84.4 || 84.5

0 2.1 | 48 | 35 || 35 | 47.8 484|505 | 48.6

-5 04 | 1.0 1] 06 | 07 | 82 |11.7]10.7 | 10.1
Avg. 54.5 | 58.9 | 55.4 || 56.5 || 84.6 | 84.8 | 84.8 | 84.7
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6~ 1% EAT /SR RIRERRE — 2 2 sl aE et MR w aE R

ug

R R AIE Rk
Lo B | eeR| | B | mes || Bst
gsmN | 106 | 167 | 273 | 106 | 167 | 273 | 546
gsmE | 193 78 | 271 ||/ 193| 78 | 271 || 542
pstaN | 84 | 135| 219 | 84 | 136| 220 | 439
pstnE | 170 | 68 | 238 || 171 | 68 | 239 | 477
micl6kN | 210 | 348 | 558 || 211|349 | 560 || 1118
micl6kE | 397 | 159 | 556 | 397 | 159 | 556 | 1112

RERRAIER > 13S0 2ERE R B ERE R R 2 B A B R 1] -

P8 SRR B BN e O PR AR B TR R AURE RGHE - PR R R
AERHMENIE SR ARE L © AURORA2 MYBREGE B Al e LB SCR BERE - (R IL g A B v
O E 15 R A PR 2 W] TR EL R » 72 DITERE RaR R R I EGEE R I IR R > A
e i SR AR Bl 23R A RE RN BE IS 2 RAFROSERCR 5 AHBHME A AR 58 ARk
AR i F S AR R R R B O RCR B R 2 -

i 8 B BR AV AE R IR H T & B R AR BARK - R3S BLR A AR OR P R H 22
PR LAZ5E 10% - 1 HLEEERI SRR 0 S s 2 s R E S X B BRI SR E - &
JREE R AR R AR 1R DL PR EL 6 ] 3 BB AR R YRR R R 1

2 ~ EAT DIGIT B3R 8 A) B 7

FEFE R B A BB AR R B ER T - (8 AN TR Y A BRI 22 A& M 5 N 1 A [ ) B
WHUPERR o RSP EAEEN | BAER B EFERI E—f L EFER (5 BAmk
USR5 A B AERERIIN 5 A2 AEaERE » DARRRAE) » A B — PR BIRE RS R (6 A 55 — T
BIRVRERHE AL © B = MR MR BB RCR AV » J MR = RS T A9 SRE R Mk
SeEE A R MR B TR R A ARk AR B -

P B B S R HE S G 3R ) S B I A R Al R R ) L R RS Gl T o~ AR
AR~ B B R 2 i Ak ) B (R R AR B o F I Pt R A RN AE R RE B B B (context
independent) HAE AF AR FHAY 50 BEAL (5 4% 50 1)) HURRRLA] LUE B S ERVRCR - 1
fEF A 50 BE AL AR R B R (R 2 i sk - W R I AR R T IE &ML 50 BAL
HFEEE R SR LAY A BERS2I4YT 60% HUIERESR -

3 ~ EAT DIGIT EREEF#ESCR

FEE BB b A B — TR Rk BRI AR R A3 B S 7 SR A Y A B R A A B B
e B BEERBUE URNF AR I T ROZE R > S RIAE R AR [LO[LFT7R » gsm B2 pstn 7%
B2 35 B RR R R IR T - FEk15HY 8KHz 8Bits Mulaw #& TUHIBUERE, » AR AU
J8khz 16bits PCM #& R IR » 28 7o Ja R I 2: R (8 N FE B R 28 o J A Fh 35 0
%< 16KHz 16bits AV FENT © &5 R BURE LM NIVIRETE IR #IL Ry - AN 6
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F T~ HEE AR B EE AR
L7RC g Ry i
ARG RENGERE R | RO e U BB IE) | gsmE.a | gsmNE.a
gsmE _test 85.6 93.0 92.5
gsmN _test 73.5 86.4 89.5
PIEGEREN\FABERERL | i3 aE R A (38 pstnE_a pstnN_a
pstnE _test 85.2 92.5 92.7
pstnN _test 77.4 90.5 90.5
HEAEERNGRERE R | 2R R A (BESHIE) | micl6kE_a | mic16kN_a
micl6kE t 87.1 91.5 92.7
micl6kN_t 75.5 87.6 91.2
Z IR R
HEAEERE\FEEE R | SRR ) | gsmBE.a | gsmN.a
gsmE_t 85.8 92.2 91.6
gsmN_t 75.1 86.5 88.1
PIEGEREN\FERER | ZEREGE RV () pstnE_a pstnN_a
pstnE_t 84.1 92.3 91.6
pstnN_t 78.1 88.1 88.3
HEAERRE\GERE R | 2RISR I () | micl6kE_a | micl16kN_a
micl6kE t 85.1 92.0 91.6
micl6kN _t 74.4 87.4 89.5

% 8 ~ AURORA2 H7FEERME AL 43 B UL EAT 7RG AF (R E At 7) 8 B F R R

HEEERE | FREEERL | SR@RT ) 1 | 5 | 10 | 25 | 50 | 75 | 100 | &#F
gsmN_t gsmE_a 73.5 | 72.1 | 80.1 | 83.8 | 85.5 | 87.2 | 88.4 | 89.0 | 89.5
gsmE t gsmE _a 85.6 | 836|874 |89.1|89.191.0|91.7]92.6]| 93.0
pstnN _t pstnE_a 774 | 769 | 84.5|86.3 | 87.2 | 90.2 | 90.5 | 90.9 | 90.5
pstnE_t pstnE_a 852 | 84.1 875884909 924919926/ 925

micl6kN_t | micl6kN a | 755 |77.9 | 82.4 | 834 | 85.0| 87.1 | 88.6 | 89.4 | 91.2

micl6kE t | micl6kE.a | 87.1 | 86.4 | 87.3 | 88.6|89.0|91.2 (922|923 | 91.5
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%9~ AURORA2 ZIRBTFERMETL 53 Al LI EAT 7N PR E Y ) BB IE AR

HEEERE | FEEER | PR | 1 5 110 | 25 | 50 | 75 | 100 | &H
gsmN_t gsmN_a 75.1 | 751799 |81.6|84.7 | 857|863 |86.7 | 88.1
gsmE._t gsmE_a 85.8 |84.3|86.8|88.789.2|91.2|91.4|91.8]| 922
pstnN_t pstnN_a 78.1 | 77.6 | 84.0 | 86.4 | 86.0 | 88.7 | 88.1 | 88.5 | 88.3
pstnE_t pstnE_a 84.1 |81.5|87.2|89.3|89.7|90.8|91.5|91.8| 923
micl6kN_t | micl6kN_a | 744 | 759 |79.8 | 81.2| 84.1 | 84.7 | 86.4 | 87.0 | 89.5
micl6kE_t | micl6kE_a | 85.1 | 84.2 | 86.7 | 88.0 | 88.8 | 90.1 | 90.8 | 90.9 | 92.0

R AL HIR B E R B H AR A R N i - R AR RIEE R
TEUL T (8 AR U AE R AR R A Z A A K

7 10 ~ AURORA2 H73FERHERL 7351 (8 ] BAT 7SR IFRE R E PR

FIEREERE\FABEEER | gsmE_a | gsmN_a | pstnE_a | pstnN_a | micl6kE_a | micl6kN_a | Avg.
gsmE_t 93.0 92.5 92.3 914 92.2 91.3 92.1
gsmN_t 86.4 89.5 88.2 87.8 87.1 89.0 88.0
pstnE_t 92.1 92.1 92.5 92.7 92.9 92.7 92.5
pstnN_t 88.3 89.8 90.5 90.5 88.7 91.0 89.8

micl6kE_t 89.5 90.0 90.8 90.8 91.5 92.7 90.9
micl6kN_t 83.9 88.0 86.5 87.7 87.6 91.2 87.5
Avg. 88.9 90.3 90.1 90.2 90.0 91.3 90.1

(M9) ~ AURORA2 B E LR {7 F| NOISE1 3585718 H 5%

A AE BR AR SE TR BIRATHY Android T4 B > 885 T —ERT & AR SO AR
HERE S AR SR PR o 1T — R S E R - B B A
AT RTERE DR R OCP IRE S PR AR AR X M -

1 ~ NOISE1 83505 B 1) 2%

H SEA% NOISE1 HHY clean #& L7 il HE 4 > 20 Bl 2 HIGREE B (BI5006)) M2 3 18 55
B (125016)) » (FRAFEER B L » FHEEAN 1 RE—AFEER - LERA
N [12) Fros

F Android #& & AT Bk B A0 RE R NG TE R I 5B pHE A 2l 2 2 IR B aE RV B 7E R SR 3 )
TE T EEREE RS IAERA R » JHEIERE A P 58 A2 6 R — A R0EE Rk
SRIEAT o TERIEUH R BB I BE R B0 2 B F AN R RE = R LR SR AR R > B4k
FH 2= BRI ER R 49 7E 25 Bl 50 AJRFFRERCRZ Wi 4% o KL % DL AURORA2 [
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7 11 > AURORA2 ZIRIGRERHRAL 7 il i Fi EAT 7SRRI AR5 KRB R PR
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Abstract

Chinese spell check is an important component for many NLP applications, including word
processors, search engines, and automatic essay rating. However, compared to spell checkers
for alphabetical languages (e.g., English or French), Chinese spell checkers are more difficult
to develop, because there are no word boundaries in Chinese writing system, and errors may
be caused by various Chinese input methods. Chinese spell check involves automatically
detecting and correcting typos, roughly corresponding to misspelled words in English. Liu et
al. (2011) show that people tend to unintentionally generate typos that sound similar (e.g., *
EHT [cuo zhe] and #47 [cuo zhe]), or look alike (e.g., *[&E[#E [gu nan] and [R#E [kun
nan]).

The methods for spell check can be broadly classified into two types: rule-based methods
(Ren et al., 2001; Jiang et al., 2012) and statistical methods (Hung & Wu, 2009; Chen, 2010).
Rule-based methods use knowledge resources such as a dictionary to identify a word as a
typo. Statistical methods tend to use a large monolingual corpus to create a language model to
validate the correction hypotheses. Consider the sentence “/[MEfREEZEHY  ” [xin shi hen

zhong yao de] which is correct. However, “/»” and “/&” are likely to be regarded as an error

N

by a rule-based model for the word “/3Z5” with identical pronunciation. In statistical

methods, “/(»” and “/&” are a bigram which has high frequency in a monolingual corpus, so

we may determine that “/[,/&” is not a typo after all. In this paper, we propose a model that
combines rule-based and statistical approaches. Probable errors, proposed by the rule-based
detection module, are verified using statistical machine translation (SMT) model. Our model
treats spell check and correction as a kind of translation, where typos are translated into
correctly spelled words according to the translation probability and the language model
probability.

We describe three modules for solving the problem of Chinese spell check: word
segmentation, error detection, and error correction. The first module segments the input
sentence into word tokens in an attempt to reduce the search space and the probability of false
alarm. The second module detects probable errors in the segmented tokens. Any sequences of
two or more singleton words are considered likely to contain an error. However,
over-segmentation might lead to falsely identified errors. For example, phrases like “#EtH >~
7 [chao shi zhi cai] tend to be over-segmented to “E 1/ 7/ which might lead to false

alarms. So we use additional lexicon items and reduce the chance of generating false alarms.
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In addition, we use n-grams consist of single-character words to distinguish between correct
token sequences and typos: when a sequence of singleton words is not found in the reference
list of dictionary entries plus the web-based character ngrams, we regard the ngram as
containing a typo. For example, “#Ak By 75 2 #5” [sen lin de fang duo jing]: bigrams
such as “fy 75, and “F5 2> and trigrams such as “fy 75 %> and “75 % #% are all
considered as candidates for typos since those ngrams are not found in the reference list.

The third and final module is the error corrector. we use a SMT model to translate the
sentences containing typos into correct ones. Once we generate a list of candidates of typos,
we attempt to correct typos, using a statistical machine translation model to translate typos
into correct word. The translation probability #p is a probability indicating how likely a typo
is translated into a correct word. #p of each correction translation is calculated using the
following formula:

freq(trans)

" if trans in ngrams
Y) otherwise =0

P = lOglo(freq(trans) — freq(candi)

where freq(trans) is the frequency of translation, freq(candi) is the frequency of the candidate,
and vy is the weight of different error types: visual or phonological.

We use a simple, publicly available decoder written in Python which translates
monotonically without reordering the Chinese words and phrases using translation probability
and language models. To train our model, we used several corpora including Sinica Chinese
Balanced Corpus, TWWaC (Taiwan Web as Corpus), a Chinese dictionary (MOE, 1997), and
a confusion set (Liu et al., 2011). The decoder reads a translation model in GIZA++ format,
and a language model in SRILM format. We used the official dataset from SIGHAN 7
Bake-off 2013: Chinese Spell Check to evaluate our systems.

The results produced by the proposed system were evaluated using precision rate, recall
rate and F-score. We evaluated the results of detection as well as correction for many systems
with different language resources and settings. The results show that using Web corpus
achieves higher precision than dictionary or compiled corpus in detection systems. Using
dictionary leads to the highest recall but slightly lower precision. By combining dictionary
and Web corpus, we achieve the best precision, recall, and F-score. By restricting the sound
confusion to identical sounds and the shape confusion to strongly similar shapes, we can
improve precision dramatically. We can further improve the precision and recall, by using
different weights in modeling probability of sound and shape based hypotheses which obtain
precision rate of .95, recall rate of .56, and F-score of .70 in correction. Because typos are
more often related to sound confusion than shape confusion, so giving higher weight to sound
confusion indeed leads to further improvement in both precision and recall. In order to test
whether we can reduce false alarms further, we tested our systems on a dataset with
additional 350 sentences without typos. The best performing system obtain precision rate
of .91, recall rate of .56, and F-score of .69 in correction. The results show that this system is
very robust, maintaining high precision rate in different situations.

Many avenues exist for future research and improvement of our system. For example, new
terms can be automatically discovered and added to the Chinese dictionary to improve both
detection and correction performance. Part of speech tagging can be performed to provide
more information for error detection. Named entities can be recognized in order to avoid false
alarms. Supervised statistical classifier can be used to model translation probability more
accurately. Additionally, an interesting direction to explore is using Web ngrams in addition
to a Chinese dictionary for correcting typos. Yet another direction of research would be to
consider errors related to missing or unnecessary characters.

In summary, we have introduced in this paper, we proposed a novel method for Chinese
spell check. Our approach involves error detection and correction based on the phrasal
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statistical machine translation framework. The error detection module detects errors by
segmenting words and checking word and phrase frequency based on a compiled dictionary
and Web corpora. The phonological or morphological spelling errors found are then corrected
by running a decoder based on statistical machine translation model (SMT). The results show
that the proposed system achieves significantly better accuracy in error detecting and more
satisfactory performance in error correcting than the state-of-the-art systems. The experiment
results show that the method outperforms previous work.
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Many people are learning English as a second or foreign language, and there are estimated
375 million English as a Second Language (ESL) and 750 million English as a Foreign
Language (EFL) learners around the world according to Graddol (2006). Evidently,
automatic grammar checkers are much needed to help learners improve their writing.
However, typical English proofreading tools do not target specifically the most common
errors made by second language learners. The grammar checkers available in popular word
processors have been developed with a focus on native speaker errors such as subject-verb
agreement and pronoun reference. Therefore, these word processors (e.g., Microsoft Word)
often offer little or no help with common errors causing problems for English learners.

Grammatical Error Detection (GED) for language learners has been an area of active
research. GED involves pinpointing some words in a given sentence as grammatically
erroneous and possibly offering correction. Common errors in learners’ writing include
missing, unnecessary, and misuse of articles, prepositions, noun number, and verb form.
Recently, the state-of-the-art research on GED has been surveyed by Leacock et al. (2010).
In our work, we address serial errors in English learners’ writing related to the proposition
and verb form, an aspect that has not been dealt with in most GED research. We also
consider the issues of broadening the training data for better coverage, and coping with

data sparseness when unseen events happen.

Researchers have looked at grammatical errors related to the most common
prepositions (e.g., De Felice and Pulman, 2007; Gamon 2010). In the research area of
detecting verb form errors, methods based on template related to parse tree, maximum
entropy with lexical and POS features have been proposed (e.g., Lee and Seneff, 2006;
Izumi et al. 2003).

The Longman Dictionary of Common Errors, second edition (LDOCE) is the result
of analyzing errors encoded in the Longman Learners’ Corpus. The LDOCE shows that
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grammatical errors in learners’ writing are mostly isolated, but there are certainly a lot of
consecutive errors (e.g., the unnecessary preposition “of” immediately followed by a
wrong verb form “thinking” in “These machines are destroying our ability of thinking [to
think].””). We refer to two or more errors appearing consecutively as serial errors. Previous
work on grammar checkers either focuses on handling one common type of errors
exclusively, or independently. However, if an error is not isolated, it becomes difficult to
correct the error when another related error is in the immediate context. In other words,
when serial errors occur in a sentence, a grammar checker needs to correct the first error in
the presence of the second error (or vise versa), making correction hard to solve. These
errors could be corrected more effectively, if the corrector recognized them as serial errors

and attempt to correct the serial errors at once.

Consider an error sentence “I have difficulty to understand English.” The correct
sentence for this should be “I have difficulty in understanding English.” 1t is hard to
correct these two errors one by one, since the errors are dependent on each other.
Intuitively, by identifying “difficulty to understand” as containing serial errors and
correcting it to “difficulty in understanding,” we can handle this kind of problem more

effectively.

We present a new method for correcting serial grammatical errors in a given sentence
in learners’ writing. In our approach, a statistical machine translation model based on
trigram containing a word followed by preposition and verb, or infinitive in web-scale
ngrams data is generated to attempt to translate the input into a grammatical sentence. The
method involves automatically learning two translation models based on Web-scale
n-gram (Brants and Franz, 2006). The first model translates trigrams containing serial
preposition-verb errors into correct ones. The second model is a back-off model, used in

the case where the trigram is not found in the training data.

Input:  have difficulty to understand English.

Phrase table of translation model: Back-off translation model:
difficulty of understanding ||| difficulty in understanding ||| 1.00 difficulty of VERB+ing ||| difficulty in VERB+ing ||| 0.80
difficulty to understand ||| difficulty in understanding ||| 1.00 difficulty to VERB ||| difficulty in VERB+ing ||| 1.00

difficulty with understanding ||| difficulty in understanding ||| 1.00 difficulty with VERB+ing ||| difficulty in VERB+ing ||| 1.00
difficulty in understand ||| difficulty in understanding ||| 1.00 difficulty in VERB ||| difficulty in VERB+ing ||| 1.00
difficulty for understanding ||| difficulty in understanding || 1.00 difficulty for VERB+ing ||| difficulty in VERB+ing ||| 1.00

difficulty about understanding ||| difficulty in understanding ||| 1.00 difficulty about VERB+ing ||| difficulty in VERB+ing ||| 1.00

Output: [ have difficulty in understanding English.

Figure 1. Example system translates the sentence “I have difficulty to understand English.”
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At run-time, our system will generate multiple possible trigram by changing word’s
preposition and verb form in the original trigram. Example trigrams generated for
“difficulty to understand” are shown in Figure 1. The system will then rank all these

generated sentences and use the highest ranked sentence as suggestion.

To conclude, we have introduced a new method for correcting serial errors in a given
sentence in learners’ writing. In our approach, a statistical machine translation model is
generated to attempt to translate the given sentence into a grammatical sentence. The
method involves automatically learning two translation models based on Web-scale
n-gram. Evaluation on a set of sentences in a learner corpus shows that the proposed
method corrects serial errors reasonably well with a precision of 0.68, recall 0.33 and
F-score 0.45. Our methodology exploits the state of the arts in machine translation to
develop a system that can effectively deal with serial errors or many error types at the

same time.
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Abstract

We propose a method for acquiring plain lexical paraphrase using a Japanese dictionary in
order to achieve lexical simplification for children. The proposed method extracts plain
words that are the most similar to the headword from the dictionary definition. The definition
statements describe the headword using plain words; therefore, paraphrasing by replacing the
headword with the most similar word in the dictionary definition is expected to be an
accurate means of lexical simplification. However, it is difficult to determine which word is
the most appropriate for the paraphrase. The method proposed in this paper measures the
similarity of each word in the definition statements against the headword and selects the one
with the closest semantic match for the paraphrase. This method compares favorably with the
method that acquires the target word from the end of the definition statements.

Keywords: Lexical Simplification, Lexical Paraphrase.

1. Introduction

In the current information age, a various readers have easy access to diverse text data. To
achieve information transmission and gathering effectively, we must address the gap in
readers’ linguistic skills. The gap of linguistic skills results from differences in age, such as
between children and adults, as well as from differences in expert knowledge. In the effort to
bridge this gap, and also to facilitate better communication with foreign language speakers[8]
and people with disabilities, technology can play an important role.

To investigate how technology can be applied toward bridging the gap in readers’
linguistic skills, we simplify the text of newspaper articles containing words that pose
difficulties in communication, especially for elementary school students. Children are still
developing their language skills, and as such, they have smaller vocabularies than adults. In
this paper, we perform text simplification for children by paraphrasing selected newspaper
articles using only words found in Basic Vocabulary to Learn (BVL)®.

BVL is a collection of words selected based on a lexical analysis of elementary school
textbooks. It contains 5,404 words that can help children write expressively. We define words
not included in BVL as Difficult Words (DWs) and those in BVL paraphrased from DW as
Simple Words (SW5s).

Paraphrasing newspaper articles using words that children can understand makes a

great contribution to reading assistance for young students.
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2. Related Works

Although there are some methods [10] proposed for automatically acquiring paraphrasable
expressions from Web pages, the quality of the results are still unsatisfactory. Hence typical
methods use thesauri or dictionaries. Thesaurus is a language resource that contains
semantically classified vocabulary words. Methods that utilize a thesaurus have an advantage
in that they can measure the semantic relatedness between words (i.e., the distance between
meanings). Japanese dictionaries are another language resource that provides the definition of
a given lemma. Methods that utilize a dictionary have an advantage in that they are able to
acquire simplified text. The aim of this study is to simplify the text of newspaper article
through paraphrasing based on the use of a Japanese dictionary.

Fujita et al. [1] and Mino and Tanaka [9] paraphrased the headword of a noun in a
dictionary as the headword of another noun by assessing the similarity of the definitions for
the two. Yet, as also reported by Mino and Tanaka, the target words acquired by this method
are not simpler than the original words. We paraphrase by taking advantage of Japanese
dictionary characteristics, namely that “The definition statements are simpler than the
headwords” [9], because our aim is lexical simplification.

Kaji et al. [3] assumed that the definition statement has an inflectable word as a
nominative if the headword is inflectable, and the nominative is placed at the end of the
definition statement. Then, they proposed a method for paraphrasing inflectable words. Mino
and Tanaka assumed that the last segment of the main sentence in the definition statement
represents the meaning of the headword, and they proposed a method for paraphrasing nouns.
Kajiwara and Yamamoto [4] assumed that the target word is the same part-of-speech as
headword and is placed at the end of the definition statement. They proposed a method for
paraphrasing both nouns and inflectable words.

These describe the selection of target words from the end of the definition statement in
the dictionary. As shown in Figure 1, however, appropriate target words are not always found
at the end of definitions. In Figure 1, the dictionary definition of “KZfs (final stage)” is
“ETERDEZ DL (the last scene of the play).” The end of the definition statement is “t5;
[l (scene).” However, the DW “Kzhs (final stage)” cannot be paraphrased as “Y[f]
(scene).” In this example, paraphrasing with the SW “fz{% (last)” is correct. The original
phrase “AE&E8 D A—F (big match of the final stage)” is paraphrased as “fx{& D A—F
(big match of the last).” Therefore, we propose a better method for identifying target words

from within a definition statement.

definition : [KEE®] ZEOERH%Z O
paraphrase: KEE O DK —F — HEDOK—F

Figure 1: Example of a word that cannot be paraphrased as the end portion of the definition statement
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Multiple target word candidates can be acquired by making use of the entire definition
statement. Therefore, a process is needed for selecting the most appropriate target words. In
the study of the selection of target words, researchers employ various methods such as
assessing semantic similarity based on data from a thesaurus [7] or using the statistical
information from large resources based on the distributional hypothesis [3][6]. Thesauruses
provide hierarchical semantic classifications of words. By measuring the semantic distance
between words in the thesaurus, it is possible to measure the proximity of meaning between
words. Furthermore, according to the distributional hypothesis [2], words with similar
meanings are often used in similar contexts. Based on this hypothesis, Lapata et al. and Keller
et al. reported that the plausibility determination of the expression can be achieved by
utilizing co-occurrence frequency and n-gram. In this paper, in order to maintain as much of
the original meaning as possible in the paraphrase, we select the SW with the highest

similarity to the DW (as determined using a thesaurus).

3. Proposed Method

3.1 Acquisition of the Target Word Candidates

As shown in Figure 2, the target word candidates are selected according to the following

steps.

1. DWs are extracted from the input (i.e., the original sentence). DWs are content words
that do not appear in BVL. A content word is one whose part-of-speech is identified as
either a noun, verb, adjective, or adverb. In Figure 2, the DW “Z#% (professor)” is
included in the original sentence “#i%ILE 9 72 D72 % 5 (What would the professor
have in mind?).”

2. The original DW is located in the Japanese dictionary. Figure 2 shows that Japanese
dictionaries give four different definition statements for “Z{f5Z (professor)”: “Z#z &\
9 AL D N (people with the status of professor),” “Z#% &\ H HIfif (status of
professor),” “FRICH 72 K& 25 Z L& (teaching learning and skill),” and “ K%M
Se4 (university teacher).”

3. The definition statements of headwords are analyzed by the Japanese language
morphological analyzer MeCab®, and words are extracted if they are the same
part-of-speech as the headword. In Figure 2, DW “Z#% (professor)” is a noun.
Therefore, seven nouns are extracted: “Z(#Z (professor),” “Hifif (status),” “ A
(people),” “F 1 (learning),” “#> & (skill),” “ K (university),” and “J 4
(teacher).”

DWs are removed, and only SWs are retained. In Figure 2, “#{#% (professor)” and “Hf/fir

(status)” are DWs. Therefore, five SWs are obtained as target words: “ A (people),” ““F[

(learning),” “4> & (skill),” “KZ¢ (university),” and “J:4 (teacher).”
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Original Sentence | I L 5 7eDi=5 5

/ Search the entries of DW

(#d%) #gl > Hfiio A
Japanese [#d%] &ZL D M
Dictionary | [#dR%] ZRFCHEe EeBA DT L

(%] X200 EE
e
Basic Vocabulary
to Learn

! Same part-of-'speech I

iz i A
SWs FH bX R¥ &4

A
) b&
RE A&

Figure 2: Target word selection by the proposed method

3.2 Selection of the Proper Target Word

In the proposed method, SWs with the highest similarity scores relative to the DW are
selected for the purpose of maintaining as much of the original meaning as possible.

Japanese WordNet" is used to measure the similarity of meaning between words.
WordNet is a language resource that includes a hierarchically described set of synonyms.
Using WordNet allows us to measure the similarity of meaning as a distance between words
belonging to sets of synonyms. If two or more SWs have the highest similarity score, one is

selected at random.

4. Comparative Methods

4.1 Acquisition of the Target Word Candidates

As shown in Figure 3, Kajiwara and Yamamoto’s approach [4] is used as comparative

method for selecting target word candidates. In this method, target word candidates are

selected according to the following steps.

1. DWs are extracted from the input (i.e., the original sentence). In Figure 3, DW “Z#%
(professor)” is included in the original sentence “##%|L & 9 72 D724 5 (What would

the professor have in mind?).”

62



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

2. The original DW is located in the Japanese dictionary. Figure 3 shows that Japanese
dictionaries give four different definition statements for “Z#% (professor)”: “Z#% & \»
9 AL D N (people with the status of professor),” “##% & \» 5 HIfif (status of
professor),” “F[<CH 72 & # 2 % Z & (teaching learning and skill),” and “ K50
Se4 (university teacher).”

3. The definition statements of headwords are analyzed by the Japanese language
morphological analyzer MeCab, and words are extracted from the end of sentences if
they are the same part-of-speech as the headword. In Figure 3, DW “Z$5% (professor)”
is a noun. Therefore, four nouns are extracted: “Hifif. (status),” “ A (people),” “> X
(skill),” and ““t4 (teacher).” Note that “Z#% (professor),” ““=[i] (learning),” and
“XR% (university)” are also nouns; however, according to Kajiwara and Yamamoto
(2013), target words are limited to words from the end of definition statements.

4.  DWs are removed, and only SWs are retained. In Figure 3, “#ifi. (status)” is a DW.
Therefore, three SWs are obtained as target words: “ A (people),” “i> X (skill),” and
“SeAE (teacher).”

In contrast to the method proposed here, Kajiwara and Yamamoto’s method describes the

acquisition of only one target word from the end of the definition statement.

Original Sentence | I L 52 DEH D

/ Search the entries of DW

(=] #dz v 5 i A
Japanese | [#d%] #dz &\ D Hfir
Dictionary | [#d%] FMSeLIS 2 #Hx b L

(#4%)] RFDELE
e
Basic Vocabulary
to Learn

! Same part-of-speech I

AN
b& stk
J

\
HhX Target Words
i 2

Figure 3: Target word selection by the comparative method
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4.2 Selection of the Proper the Target Word

The selection of target words in the proposed method is compared with similar processes in
five other methods. In addition, we compare target word selection by weighted voting, which
uses a combination of these methods. Ma et al. [7] showed that weighted voting is effective in
word sense disambiguation. We apply the method of weighted voting in the selection of
target words in this paper, and compare it with the proposed method.

(1) Selection by frequency of the target words

We consider that if the same SW is obtained from many different definition sentences, then it

is sufficiently reliable as a target word.

score(x) = z freq(x) (1)
X
(2) Selection by co-occurrence frequency
Utilizing the co-occurrence frequencies of content words besides DWs and each SW in the

same sentence, we select the most reliable SW as the target word.
score(x) = z freq(x,z,) (2)
4

(3) Selection by Point-wise Mutual Information

In criterion (2), simply the summation of co-occurrence frequencies is used. For this selection
criterion, in addition to the previous criteria, the Point-wise Mutual Information (PMI)
criterion, which ignores the effect of single-word frequency, is utilized as well. From the
calculation of co-occurrence with PMI shown in equation (3), the co-occurrence frequency

can be accurately measured, even for words with high frequencies.

) freq(x,z,)
score() = ) log oSS <

(4) Selection by tri-gram frequency

To select SWs from the same context as DWs, tri-gram frequency is obtained. For the
sentences with DWs, the frequencies of all tri-grams whose DW is replaced with a SW are
obtained by using the three types of tri-grams, two surrounding words, and the DW. Then, as
shown in equation (4), the score of SW x is represented using the two words before and after

DW vy in the source sentence {W.p...WoW. YW1 W2...Win}.

score(x) = freq(w_,w_,x) + freq(w_1xwy,) + freq(xw,wy;) 4)
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(5) Selection by distributional similarity

To select SWs used in contexts similar to those of DWs, we first create document vectors and
then to calculate the similarity of the document vectors of DW and SW. For the similarity
calculation between vectors, cosine similarity is applied. In equation (5), the similarity of two

document vectors of SW x and DW y is set as the score for SW x.

=l
<

(3)

score(x) =

=l
<

A) Weightless voting by comparative methods

B) Weighted voting by comparative methods

Weighted voting uses the five comparative methods. Weight is an accuracy of paraphrase in
that each method that has been evaluated in advance. The word with the highest score
according to each criterion is selected by the five criteria. Finally, the word with the best total
score is selected.

C) Weightless voting adds the proposed method to (A)

D) Weighted voting adds the proposed method to (B)

Weighted vote by all methods also adds the proposed method to the five comparative

methods.

5. Experiment

5.1 Data

News sentences including one DW in each are paraphrased. DWs are words that appear more
than 50 times in the Mainichi News Paper published in 2000® and are not included in BVL.
The selected newspaper includes 232,038 sentences and 26,709 kinds of DWs. In total, the
sample comprises 221 DWs appearing more than 50 times. Among them, 165 DWs include
one or more of the paraphrasable SWs in the definition statements. After DWs with only
paraphrasable candidate are excluded, the experiment data consist of 152 DWs.

We combined multiple Japanese dictionaries to increase the coverage of the
paraphrasing. We used the following three dictionaries: EDR Japanese word dictionary®, The
Challenge, an elementary school Japanese dictionary'”, and Sanseido Japanese Dictionary™®.

In the comparative method for selection, co-occurrence frequencies of content words
and content word frequency are obtained using the 7-gram from the Web Japanese N-gram®.
Web Japanese N-gram includes the word N(1 to 7)-grams parsed by MeCab. Each N-gram
appears more than 20 times in 20 billion sentences in Web text. The acquisition of
co-occurrence frequency or creating a document vector uses the longest 7-gram data.

Additionally, the word frequency used for calculation of PMI is acquired from 7-gram data to
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match the co-occurrence frequency. Tri-gram frequency is from the tri-gram.

5.2 Procedure

The target words are acquired by each method with 152 DWs. In selection of proper target
word, DWs are split into 52 DWs and 100DWs. First, 52 DWs are used in order to select the
proper target word by the proposed method and five comparative methods. Based on the rate
of correct answers, a proper target word is selected by weighted voting of 100 DWs.

Three subjects that do not include the author and coauthor are evaluated. When two or
more subjects in the three subjects are judged that the SW can be replaced with DW in the
original sentence, the SW is the correct answer. Kappa coefficients of the subjects are 0.617,
0.600, and 0.662, respectively.

5.3 Results

Tables 1 and 2 and Figures 4 and 5 show the accuracies of the paraphrases. For the selection
of the target word, the proposed method using WordNet similarity is the most efficient. At
this point in the analysis, the proposed method has a level of accuracy similar to the

comparative methods.

Table 1: Accuracy of each selection for 52 DWs

) Method of acquisition
Method of selection
Proposed (%) | K&Y2013 (%)

Baseline: Randomness 32.2 41.5
Proposed: WordNet similarity 69.2 65.4
(1) Frequency 40.4 40.4
(2) Co-occurrence 32.7 38.5
(3) Point-wise Mutual Information 30.8 51.9
(4) 3-gram frequency 50.0 53.8
(5) Distributional similarity 40.4 48.1
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Table 2: Accuracy of each combinational selection for 100 DWs

) Method of acquisition
Method of selection
Proposed (%) | K&Y2013 (%)
Baseline: Randomness 30.2 39.2
Proposed: WordNet similarity 60.0 58.0
A) Weightless voting by comparative methods (1)-(5) 45.0 55.0
B) Weighted voting by comparative methods (1)-(5) 44.0 60.0
C) Weightless voting adds the WordNet similarity to (A) 54.0 60.0
D) Weighted voting adds the WordNet similarity to (B) 60.0 62.0

Table 3 shows the percentage of the possible SWs among the acquired target word candidates.
Multiple SWs are acquired for each target word, and in some cases, multiple SWs may be the
correct answer. The number of included paraphrasable target words in Table 3 is the number
of DWs that acquire more than one word that can be the correct answer. The number of
correct answers is slightly better than that produced by the proposed method, which selects

target words from the entire definition statement.

1 | | | | 4 Acquisition by
[Baseline] Randomness K&EZOI
1 | | | | 4 Acquisition by
[Proposed] WordNet-similarity proposed method

(1) Frequency

. | | |
(2) Co-occurrence

(3) Point-wise Mutual Information | |

(4) 3-gram frequency

(5) Distributional similarity

0 10 20 30 40 50 60 70 80 90 100

Figure 4: Accuracy of each target word selection for 52 DWs
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1 | | | 4 Acquisition by
[Baseline] Randomness ‘ ‘ K&Y201¢
T E|Acquisition by
[Proposed] WordNet-similarity proposed|method

A) Weightless voting by comparative
methods (1)'(5) | | | | | |

B) Weighted voting by comparative
methods (1)'(5) | | | | | |
C) Weightless voting adds the WordNet-

D) Weighted voting adds the WordNet-
Slmllarlty to the B) l l l l l

0 10 20 30 40 50 60 70 80 90 100

Figure 5: Accuracy of each combinational selection for 100 DWs

Table 3: Number of paraphrasable target words

o Number of included Percentage of included
Acquisition Method
paraphrasable target words paraphrasable target word (%)
Proposed 153 /221 69.2
K&Y2013 143 /221 64.7

6. Discussion

6.1 Acquisition of the Target Word Candidates

The proposed method is able to acquire more target words than the comparative method,
which includes paraphrasable SWs. Assuming that we can reliably select the target words, the
proposed method can be expected to improve the accuracy of paraphrasing. This shows the
potential as well as effectiveness of the proposed method, which acquires target words from
the entire definition statement.

However, the number of target words including paraphrasable words acquired by the
proposed method differs by only 3.2 points from the number acquired by the comparative
method. This shows that words at the end of definition statements are more effective than
those found elsewhere.

The word that can be used to paraphrase the headword represents the central core of the
meaning in definition statements. In the Japanese dictionary, central core meanings often

appear at the end of the definition.
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6.2 Selection of the Proper Target Word

As shown in Table 1, the selection using WordNet similarity was highly accurate, in contrast
to the proposed method. As shown in Table 2, the selection accuracies by comparative
methods are improved by match-up and vote.

Regarding the acquisition of target word candidates, the accuracy of voting by the five
comparative methods is less than the proposed method, which uses WordNet similarity.
Moreover, by combining the WordNet similarity method and five comparative methods, the
voting method achieves an accuracy rate nearly equal to that of the proposed method, which
uses only WordNet similarity.

The comparative methods, which use the weighted voting method without WordNet
similarity, have an accuracy rate nearly equal to that of the proposed method, which uses only
WordNet similarity. However, when the WordNet similarity method and five comparative
methods were combined, no significant changes were observed in the accuracy rate of the
weighted voting.

If the combined method obtains a nearly equal accuracy, the proposed method is better
than the weighted voting method because of its simplicity. These results show that selecting
the target word based on its similarity of meaning with the original word is a better method

than selection by frequency or context information.

6.3 Output Analysis

There are some successful examples only produced by the proposed method; these are shown
in Table 4. In these cases, the target word is located not at the end of the definition statements.
The proposed method is able to acquire the target word in these cases, although they are few.
On the other hand, as shown in Table 5, the proposed method is the only one to
produce certain unsuccessful examples. There are two major types of such errors: 1) The
target word is selected at random because two or more SWs have the highest similarity of
WordNet with original word, and 2) the non-paraphrasable word’s similarity is higher than
that of the word at the end of the definition statement. For example, in the case of DW “F 4
(play),” the SW “FI|F (use)” has the highest WordNet similarity compared to the words
from the end of the definition statement, but the SW “JJ (power)” is acquired from another
part, not the end of the definition statement, and its similarity is higher than the SW “FI|F
(use).” In this original sentence in Table 5, the DW “FH4: (play)” and SW “JJ (power)” are
non-paraphrasable, but the DW “F4: (play)” and SW “F/|F (use)” are paraphrasable.
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Table 4: Successful examples from the proposed method without combination

B TEE, U LTWA,

Original .. . . .
Vigilance is strict, and the tension is so thick.
AEITEE, VU LT,
Paraphrase

Caution is strict, and the tension is so thick.

[Z5] ZELCHLTHZ L

Definition Statement o . ]
[vigilance] caution and precaution

IV, BRH DR,

Original o .
Although it is a courageous decision
LIV R, BRHDEET,
Paraphrase

Although it is courageous determining
[PRMr] (Tox 0 &L RELIZFN

[decision] what was determined clearly

Definition Statement

. K 0 DR~
Original i
big match of the final stage
BH#OK—F
Paraphrase

big match of the last
[(KEEw] LRogEOYH
[final stage] the last scene of the play

Definition Statement

Table 5: Erroneous examples from the proposed method without combination

EERA ey Al R = Rl O Y

Original . .
a summary of the main points
EVAVCE g oY
Paraphrase .
a summary of the main scores
FREREE LD
Compared method

a summary of the main essentials

WA b B, KB R, M, R, -

Point: essential. score. game. spot. hub. ...

FRE P OFMS HFLETED

I can also play the program during recording.

FRE P OEF S HTE D

I can also power the program during recording.

SRR ORA G FHTE D

I can also use the program during recording.

L EMEHAETS, Dol AHZEE T L DR,
Tl mREZ &,

Play: Use the garbage again.

Definition Statements

Original

Paraphrase

Compared method

Definition Statements

What was gone once again regains power and life. ...
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7. Conclusion

This paper demonstrates that to achieve lexical simplification for elementary school students,
it is effective to paraphrase using definition sentences from multiple Japanese dictionaries
and the lexical restrictions of BVL. Since the proposed method acquires target words from
the full text of the definition, it may be able to select more appropriate target words than
comparative methods, which make use of only the end of the definition statement. However,
if the appropriate target word appears in other places (i.e., other than the end of the
definition), which is the case for a few words in this experiment, the proposed method still
achieves about the same level of the accuracy of paraphrase as does the comparative method.
It is necessary to select a proper target word from among several candidates that have
been acquired. The results of this experiment show that the method of utilizing WordNet

similarity is better than the method utilizing frequency and context information.
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Long Abstract

The fluency and continuity properties are very important in singing voice synthesis. In order to
synthesize smooth and continuous singing voice, the Hidden Markov Model (HMM)-based synthesis
approach is employed to build our Mandarin singing voice synthesis system. The system is designed to
generate Mandarin songs with arbitrary lyrics and melodies in a certain pitch range. We also build a singing
voice database for system training and synthesis, which is designed based on the phonetic converge of
Mandarin speech. In addition, the acoustic feature extraction using STRAIGHT algorithm is employed to
generate satisfactory vocoded singing voices.

The purpose of this paper is to elaborate the construction of Mandarin singing voice synthesis system
by defining the synthesis model and question set for HMM-based singing voice synthesis. In addition, we
implemented two techniques, including pitch-shift pseudo data extension and vibrato post-processing, to
make synthesized singing voice more natural.

The proposed system framework consists of two main phases, the training phase and the synthesis
phase. In the training phase, excitation, spectral and aperiodic factors are extracted from a singing voice
database. The lyrics and notes of songs in the singing voice corpus are considered as contextual information
for generating context-dependent label sequences. Then, the sequences are clustered with context-dependent
question set and then the context-dependent HMMs are trained based on the clustered phone segments. In
the synthesis phase, the input musical score and the lyric are converted into a context-dependent label
sequence. The label sequence, consisting of excitation, spectrum and aperiodic factors, for the given song is
constructed by concatenating the parameters generated from the context-dependent HMMs. Finally, the
generated parameter sequences are synthesized using Mel Log Spectrum Approximation (MLSA) filter to
generate the singing voice.

The approaches used in this study are to improve the model accuracy by defining the question set,
extending the singing voice database through generating pitch-shift pseudo data, and adding the vibrato
singing skill using signal post-processing. The selection of question set is crucial to generate proper
synthesis models. In the baseline system, the most frequently used questions of FO and mel-cepstral
clustering trees are sub-syllables types, position of note and phrase level. Since the recorded singing
database is not large enough to contain each combination of contextual factors. Thus, only essential and
suitable questions are defined compared to the traditional method. Besides, the extended pitch-shift pseudo
data are helpful to cover the missing pitch information of sub-syllables and increase the size of the training
data. Based on the analysis results of the defined pitch range (C4~B4) of the recorded singing corpus,
shifting the frequency of a note too much would change the timbre. Thus, the missing pitch information of
sub-syllables of the recorded corpus is compensated using the nearby notes from other songs, and shifting
the frequency of signal to the corresponding Hertz by a pitch-to-frequency mapping table. The vocal vibrato
is a natural oscillation of musical pitch and the singers generally employ vibrato as an expressive and
musically useful aspect of the performance. So adding vibrato can make synthesized singing voice more
natural and expressive. The frequency and the amplitude can be considered since the two fundamental
parameters affect the singing voice with vibrato effect. The method to create vibrato is to vary the time
delay periodically and use the principle of Doppler Effect. Our system implemented this phenomenon by a
delay line and a low frequency oscillator (LFO) to vary the delay.

For evaluation, the singing voice signals were sampled at a rate of 48 kHz and windowed by a 25ms
Blackman window with a 5ms shift. Then mel-cepstral coefficients were obtained from STRAIGHT-
extracted spectra. The feature vectors consist of spectrum, excitation and aperiodic factor. The spectrum
parameter vectors consist of 49th-order STRAIGHT mel-cepstral coefficients including the zero-th
coefficient, their delta, and delta-delta coefficients. The excitation parameter vectors consist of log FO, its
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delta, and delta-delta. A five-state, left-to-right Hidden Semi-Markov Models (HSMM) was employed in
which the spectral part of the state was modeled by a single diagonal Gaussian output distribution. The
excitation stream was modeled with multi-space probability distributions HSMM (MSD-HSMM), each of
which consists of a Gaussian distribution for “voiced” frames and a discrete distribution for “unvoiced”
frames. We evaluate the nature of synthesized singing voice with the long duration model, and the result
show that the system with long duration model obtained 62% preference higher than 38% for the system
without long duration model. It shows that long duration model can actually improve the nature of phones
with longer duration. Besides, the experimental results show that suitable question set definition can
improve the quality and intelligibility of synthesized singing voice, and pitch-shift pseudo data and vibrato
post-processing can successfully improve the quality and naturalness of the synthesized singing voice.

In conclusion, a corpus-based Mandarin singing voice synthesis system based on HMM framework
was implemented in this paper. We defined the Mandarin synthesis models and the question set for model
clustering and construction. In the context-dependent HMM, linguistic information and musical information
are considered. Music information such as pitch, duration, is included to model the singing characteristics.
Furthermore, we used three methods to refine our system, i.e. question set definition, pitch-shift pseudo data
extension and vibrato post-processing. Experimental results show that our system can synthesize singing
voice successfully and the refinements can actually improve the fluency and continuity of the proposed
Mandarin singing voice synthesis system.
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Abstract

In this study, we propose and implement a concatenation-based singing synthesis system to
synthesize the singing voice with background music. We record three different pitches to build
our corpus for all syllables. The synthesis informations, including velocity, note number, start
time and end time are extracted from the main melody. Runs and riffs information was added
into consideration afterward. We use TD-PSOLA to modify the synthesis units in time domain.
At last, we add back the background music extracted from MIDI to our synthesis song. We
implemented a user interface for users to synthesize songs. This interface can be used to adjust
the synthesis songs, for example, adjust the overall pitches in the song, modify syllables, etc.
Finally, we evaluate the quality, clarity and similarity of the synthesis songs. The results show
that the proposed method achieve better results with simple songs than with fast songs.

keywords: concatenation synthesis, singing synthesis, TD-PSOLA
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AN BT8R § 4R PCA (SR IME Ry Fpp » ELECSHCEIERY CDF By Fe =L -
EETAEREESEA BB - R EUERINT HEQ FSBLEETISEH T - HWHNE

BN HEAE - FPTEST OSBRI S, T 32, 64, 128 %5 = - HEQ FARHEIE R A5 B

o] ? FEREER—(ER ERIBIT > 5% 20 {HEHE - PCA REURELELE Ry 1 48> H PCA &
BIFIEF &R 1,2, -, 200 EECEN MR N=4 > RIS HHY HEQ RAZUT FAT -

*— ~ —{#fEH({EHY HEQ FARHIT-

&t 0 1 2 3 4 5
Fp{ 1(min) 3 8 13 18 20(max)
Fef 0.05 0.15 0.4 0.65 0.9 1
2 - CDF {488

A —(EEHER PCA RERE P=[R, P, -, P L4 - % S ERT BN S B
AIE R > CESTE R Ay B BT SRR e 2 > i DATRAFT o] DAEL H % = B R Y 2R
EHEFTHI Y HEQ F=A% » A& DIARMENHEMN A AE TR HiZ 2 1ER CDF &&= 2
0=[0,05,- 0] » &MEREZ AT -

. . . P—Fn/
(Fpi —Fpi)
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TR | FRAETEARSE o Fpl ~ Fel 53515 HEQ RS AT $44955 j BIIAT PCA (4
U1 ~ CDF {5 » 3 HL R ORI 50 B (955, Fp/ 81 Fp/ ™ 208 -

3 - CDF [zEEi

fEae s —{EEHERy CDF [M&E Q =[0y, 0s, -, O | EH K PCA (REHIE - [fie% &
TERTE R B RIEER » EEYER A S B TSR E A - Bt PABAPT =] DAHL %
FESE AR HEEFEATIIGRHIHY HEQ A% » 2R DIRMEN TR T A AGT R iz S HERY
PCA (RERIE P=[R, P, P ] » SMEREZ LA AT

~ A B (o N
P.=Fp] +(Fp/* —Fpi])'lz(chlq-l—Fl,cj):l’ i=1,2,..,L. (8)
i Y

TR | FRAERE R o Fpl - Fel 4y RIE HEQ FASH AT s / WRIAY PCA {4

{8 - CDF {8 » 3 FLEA R PE MBS S T Q) FIESER Fe/ B2 e/ 2 -

= HIESTEDkEE

FERNSRPE B - BT r TEIe B B A nd | SR S (IR B E s E R F T B~ )
BIETEF By IE BRI - R AEAPR EL - i v (R Fr (UM A & B (OSR R HLH
BIFERSHESE > FMRIEATEEA A DCC [ B X FEE e Y s EakE -

2 Y, Y, o, Yrg— A T EgEEHR Y DCC [m& - #EiRn] DU RS HhE =
“LMR ¥ 78eis3] - 502 LMR Bl F{F CDF FZEAE PCA ROEHA T 52 (E —
HOAR) - By T BRI ATRE S O E - FTDMEIL TS Y, RO e EORRI A
1) » EEEEREEN () F B S EE L PET —EFEE SET Y AV EE SHER DCC [q&
Z, - SRMIHKIEE Z (R > R HURE R Y, B Z, (UCECERRE dist(Y,, Z) - B ian
HE 2 RV EREERE dist(Z,, Z) » DABEGR S AR ARG 2 A A - EBEE WG I - 71
A5 SRR - BEEREREY dist(, )52 BHIAETRERR - 1 T ({8 Dutoit 5 AHY3HSC[16] 5518 5
MEHEBEVEERE - FMTEFENIF R T 55y h—faEg 20 - RIEREFHEE(dynamic spectral)pE
> DOEERR I AAHAT DCC [F) & < [ERARRE S A Y, = ¥, - Yo B & - 7t > 8)
RESEREBERE R RN dist(A Y, AZ) 1 AZ =27, - Zo T AR EHKEEHH) DCC &>
[ PREE AL -

WIS ATy =R - RIVCACRERE - ZRerE R R bt i - SRMadRe 17—k
TRENRERIEIHHBEAARE H R ER VPR - Bt - HH S (EEHA LY DCC M8 Y, - 3%
IR E et 1(7) > 1628 IO(EZER A= K (E55edT Y, (RIEE Y, AEEEER DAY
HEBEN DCC [ » £t K #HUHR R 16 - 8 > < U, FRIERZ] 1 2IEZ] ¢ 7Y
fi/ N R AR - T RCERAERT A ¢ I FrPkEE 20y B AR SRR K TP EYER @ {# - 40
It o Bk SR T R AT
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U(t,i) = mm,Bnp—hﬁ+1»dmdzgng+1xdm4yg-n4,zﬁ-zﬂd}+dm4n,zg, )
0<j<K

Hrh o RHHEEE > BPROERR R CIER 05 Z ForH%] AT i K
[EEHE RIS | (HHE DCC [ - S4h - BIAG16]F 8425 — (85 » & 20 Z/ |
AR R A ) — 2B AR A ER SR A2 (9) P o AR 0 > LA
B UM AT A0 T AR B0 5 20 « FEBE P P T i3 (BT » 3t L
HUWEREICEE » SRR 201 Z) | R E AT R R EE MR Rt
B ST S o B 5 O -

ERERRIZ] Ty - 2E T HYE/ N R AD LI ARG R

A(T)= min [U(T,))] . (10)
0<j<K

BESE > BAFT eI EEEl#(backtrack)pa B - DIFR I E R EERS AL B2 EIG 2] ¢ Frisesey HAR
FHERTT k(1) > LA ¢ B ZIFTERIHYSE k(0)E H R ZHERY DCC A& - SR A
iy DCC [FI& Y, ©

g~ R E R

HPieh T AL B AR Hh SRl MA AT MB RfG5% > s —
AL ZCERILL FA F1FB RyfC5E © sRVULsRE 2 o0 nl B0 ik 2 o= 58 375 AJ(3E 2,926
&= 1) 2 BUEEPATRER - HUBRARERAY 22,050Hz - 15 375 AJHVEERI > Hi 350 AJ#E2k
TEARIZBEVFISRZ H - ifaR T EY 25 AJRICREE TR RS MNER I Z ) AEEFR M &SR 10
fEsEHECH T30 ST AlE(@MA 2 MB ~ (b))MA % FA ~ (OFA 2 MA ~ (OFA £ FB > i3
VORERCE T piE sl E AR > R ERE HEsEE -

(—) ~ FBEERAR IR

B FIHERIE HTK (HMM tool kit)fikhG - & H 5% HI%1 25 (forced alignment) 5K {E H BT
T B ERE RS EREE: - BREHVESRPDRHA > R IEE(E WaveSurfer #1085 - Dl
& HEFEECHVESE G A - AEAEA LR IE - #3% » (RIBR{ER - BAVPFE %
SRACHIESUILE - LA FE & BV BRI SRR EN(E - B —Fo0Rie 57 38> Bl 21 SR EEA
36 JEEREL -

BN S EEEE EHE > L REZAGER(ZCR) » LUE ZCR fREHVEEE (unvoiced)
FHEFUAIAR  FHEE A — AR B AHRH e B k. AMDF BB M5 7A[18] - A MR R
FHERE IR - Z1% » JE—(EEE % AR (voiced) FHE ML HYZ IR EIEE
FEAR - B UR HZaEE B S P E AR » P9 E R AR 2 e AN s ST A AY
He2H - I EEEN R 512 HEEARL23.2ms) » T EALRS AR R 128 {E
BAE(S.8ms) o FEYN » IR — (B EHEAVSREE (R > FFIEEH SemrsdEny DCC fliEtiet
[71PET R 41 4Ry DCC {28 -

FEFNIER LMR SRR 2 fif - FeffI2—E 5[ - BREHERIFTIERE Y FIT3H 5 F R
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E DTW ULHC - PAE RS & & R PV LAY S S HE - X HEE 2 P e Bkt
IEFERYEREACHTIE » Z/M& - IESEFITH BV EAE Y S REEEAK > ] Ry— (7 ~ #RE)
BRI — PP IR S REA] H RS ERY DCC [MEHIEH S - (S, Ry) > i=1,2, -+, N>
Hrp S FoRE i [HACFEEZHER DCC [M& » RFon5 i (ELE DTW FEEIHY H AR HERY
DCC [A1& » Nr FRIib— PRIy S HEREL - F2E - (RIBFTEB AR AAAERE - R AE =
Atk > RIS AR - SREHE AR — PP AR ACREL H AR ZHE By DCC [mIEMH S - Bin]
HFZLNGETE LMR BT ERa HER 4] 2800 & RS2 40E — oy
Tl > Rl - #REEHIHY DCC [mEHEFPA > (S, Ry) > i=1,2, -+, Nr > Hrp 2 {HiH
B S8 R FEVESCE PCA (48505 HR] CDF {480 DI RL CDF Ay R 844
P& S AT LMR i BB e o

%S~ RAEMEHESW TR
S{Sl S, . SN,} R{Rl R, .. RN,} (11)

1, 1, .. 1 1, L, .. 1
P ST S 5 R EEIEII—S TR B 1> DU — (% BB 2 % 9 R 5 (8
HEFERE > I © LMR MU FB (1035 cast squared error) EfAEIE M » L T 41448
PESSCS

M=R-§-(§-§H™" . (12)

PRt%  FMIREET AR M efE LMR S > BIS[YS 1] = M - [X, 1] Hf X RoR—
{EACIREE & EHERY DCC B¢ CDF (&= & - M1 Y Fon&EH LMR Bl A REH & -

(D) ~ HAERS HE G

[ KRR AR A > PCA (REEEHASE PCA SRR (Ea BT8R - S & i —d L
Py MRS A SRR ? YA S BT RN FoR PCA AEIEHR JTBREE A
Y LR E AR EHENF 52 5 B R FE(E PCA 2R 1SE] » 11 “PCA REE A5 BE(E
A E R AR HEEEEIF 52 F By g FE(E PCA o3It s ERE M T FE
BN [F]— & B ACIR ZAE R I AR S HE R AE — - A (E PCA 734 > DICKIGH AR
—HHERITFE

HAFI AR MR F SRR P20y 5 0 2B A £l R E 2 (8
% o FERE > TR EPATERRRARAY 25 ARMEREE EHR Z IMNBIE - & —(EEEE
KOEEHAMSE] DCC [ME 1% » HMuia] EMEE DCC (a8 B fEry HAEZHE DCC [
B 2 TR R% TR - A ARAYEE R R RS AR S - B eI S BB AR IR S
¥ gE A R IR GRS o RSN o SRPITIEE A Ay B 5 E (L (R CDF (A%
AR ) Ty R ARSI E B R - SR 0 IR e A HYEE N Ry 32~ 64~ B2 128
EmERE N - RIHSEAR AR PR e 2 -

e AR P (E AT LUE Y > B Ay PCA (B B S T B 2
PR PCA LRy R E - RIS HAERE AIE 0.5447 2] 0.5414 - 32570 T (EHI 3
FIEY PCA EpisyiaE - o ISR AR 8L H AR HE Z i PCA (REEVAHREM: > AHHL
J8 )N LMR SRS  BESD - BE BT B Z EAVIE EBEVROE - (RIER AR =
SFESE AR > B3Ry 64 B[ EG 128 BRI A ERN -
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R~ BN R A8 2 PR

AR N PCA [ & HH PCA [a] &
(k) 32 EmfE | 64 WM | 128 [EfH] | 32 &R | 64 I&f | 128 W&
MA=> MB 0.5442 0.5438 0.5442 0.5389 0.5389 0.5389
MA=>FA 0.5159 0.5158 0.5156 0.5155 0.5154 0.5154
FA => MA 0.5387 0.5386 0.5384 0.5369 0.5344 0.5344
FA => FB 0.5807 0.5806 0.5805 0.5773 0.5768 0.5768
et 0.5449 0.5447 0.5447 0.5422 0.5414 0.5414

(2) ~ PCA B2 NI

B —HRAEE > MIAPCA (REBEEHA B PCA A" TTHRIE A R bR 2 FEIHEF
LS EE S B A IR a2 ny 5 20 2REEE: PCA (REBESIR I A LA I AR (&
% > BT BB EE R IR Y BT 2 > R0 4.2 SERGIy —4¢ - JRENE P T ek
1% 25 AIARAESNER A - I H 2RSS Y DCC [m) B ey H I EHE DCC mE 2
AR EERE > BT R F RN PI3EE - AN B EF bt sl = MR E
B0 Bl 32~ 64 ~ B 128 {HIER - &BAEERENR - FlHSRINR =FRAEHEii
aAE > HiPhE—MEEENER_AVEE=M -

R~ (FSLA{E PCA (REEEH 7 IR

AR AME PCA (R85 {E PCA {Z8iEH
[ifsEa) 32 &R | 64 EmfE | 128 EEfE] | 32 [&fE] | 64 EfE | 128 E&fHE
MA=> MB 0.5454 0.5450 0.5446 0.5389 0.5389 0.5389
MA=>FA 0.5177 0.5172 0.5171 0.5155 0.5154 0.5154
FA => MA 0.5410 0.5402 0.5399 0.5369 0.5344 0.5344
FA => FB 0.5826 0.5825 0.5823 0.5773 0.5768 0.5768
iy 0.5467 0.5462 0.5460 0.5422 0.5414 0.5414

feR=ZAEE AT UEH » fF PCA (ABISRNRE o] (15 sEFEHRANYE VI9E T
[ > 12 64 BRI E T EFEAVEIL T - P ER = a] it 0.5462 2] 0.5414 > 35570 1
HTEFEZ AT fF PCA (REHEHIE A Y ~ FEHY -

() ~ RS R SRR

H e AR m] P DA o 2 AR AT AR PO YRR - HERRI R AT RS =60 - 1F
BEF MR E = 2 PR AR et H RSPk BEE A ] DARREE H AR PR 22 el b 2
&5 A DARCE e BURAR A ? [ = ARy sE T - TP R AR B AR HERk
B AN JMIHE T SO TR E A MR SR HIREIERERE > w2
FEfE AR T PCA SEHATEIHNM 5E5 F o R W TR Z A H RS ek 2 75
B - ERYEJTIEZL(CDF #HfAE S0 By RS 8 - S mlaefy 64 -

B AT FE AR B S 7 AR ﬂZ?JISL/Zi HefP (s Y RIS RATRR ZZ R BT
2\ H 4.2 By —1 > JRENEE AP TR R R 25 AZRIESMNERHIE - i H A
HISEHY DCC a8 B B HAREZHE DCC o) & Z FHY S (T e - TR A ERY
IRRAE - ZORERRENIR - TS ERIUFT R AR - R A AR
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T H AR e PR B AR 2 I (E T BRI Ry 0.6029 > iEIHRALER =HY 0.5414 JEHI T
§T% 0 B ol H IS ER R AR P E TS R - 0.6121 - fRIZE —(#
BERIRZHBAEFIIE  BR DG Gl AR BHE G H AR e L - gt
HEEE EE S OOV REEZ a8 _ERERIR S ARME IR L E R M BT R s
I - SR AT SR SR H AR e BT A A EE S > S E mE IS g B EE R
HIT(EREMAEESE DCC /&) » I HE CHELEEI AT - ALl > B EH
W DCC [a1 8 Z 5% EE R R P (E - HEE A IIEEE oS ZE PR IR
EEGIRYRH % -

R0~ HEEEEDkE PPt
ARTE

ey TR Ryt
MA=> MB 0.5990 0.6087
MA=>FA 0.5706 0.5791
FA => MA 0.5925 0.6032
FA=>FB 0.6493 0.6574
g 0.6029 0.6121

AT AR —BE L - RIERZ IR A MG 2 A ARE B B BT IR ISR
Y7 R 1AL IR Mt —2t HIR S A R e MR st dh 4R - ¥ &(E H
FEEHE > FAFIHE LMR $BLHEY DCC [H & -~ 48 H S EDERSEIHY DCC 1 « K& H
FEEHERY DCC & - st EH = A AR B dh pall H & A FELEE - SRR T
— {3 5 T A DR R T A — 2t - —(E G20 VYRR o 8 DY SRR R FR/song/
I — (& HARZ RV AR LR > EREERAFR LMR HUYSEHY DCC [HEME
HEERL Bk R - R OEGRAIAR BESEES RN DCC [HEMRFE AR B4
& Thims = REsdeR - BfMn] R i Bl R G & 2,500 Hz & 4,500 Hz ZfH - 51
EEGRAVIIIREERE IR OB SRAVTA IR Ry R 4T fom SR SR Y HARUEE IR > BT LUZE ] DU
Fof T B RS tEPR R AE S A B S e IS - FEREERARERE 5,500 Hz &
11,000 Hz 2 - ZREOEFGLLRB OB ST BIETESR IR - ArLUS AT DU A
JE LMR $HJoFr 8 ARVEHGERE - GEE B TS EPERTE ARV RG] -

FEA % A A AR RS ) & 2 [E]) 0 R A R I ERY AR/ NI A BE S (AR E &
nE VR ERIYIETEAERT AR P ELFER T > AL Godoy FE A[15]ER A DLEE
FELL{E (variance ratio, VR)ZK &M ZEEZ I E - SREILENENAT A

&k
VR:%Z; % llgzla_ilf ’ (13)
Hih C FRSEIVERS > L ForE B > 6F s S IE T T
B k {ESRE AR R O',-k RIS~ B S HESS 50 k 4EPRs ARy S 5y -

AT EIR R U EUR AR - BIWEELAEE A EE( (& PCA) ~ (FEAEHIES

MEPREE 2 DUREAH & > FRFMIBE A T(13) L E Al % B iE B H A SE 2 Ry 8 =L

B > SREGFWERLFTR VR (H - BRAA VR EA[3R - S F HIEEEDREE - A
B VREAA 02 /24 > HEEMABESFIEREZ R - sial# 15 VR EHIETTE] 0.5
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RealFrm

— — Target ConvLMR

80

Magnitude (dB) .

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 11000
Frequency (Hz)

[ElVY ~ 2 Ei/song/—{EZHERY = FRAFRL ELas Hh 4R

PLE - BT i EACE - HAE ek 2 B v DU S s B (S IR T T - B
ETHEAE > T IR B TR VR E NEE—28 > [ VR (B R — 2 S R
e RE FEE S M ERER? TR TINE RS

RI -~ BEHCLE LR

it HEEERLEE H HIEEEDEE
i) DCC+LMR | HEQ+LMR | DCC+LMR | HEQ+LMR
MA=> MB 0.2463 0.1671 0.5893 0.5245
MA=> FA 0.1994 0.1290 0.5182 0.4485
FA=> MA 0.2367 0.1775 0.5814 0.5383
FA = FB 0.2063 0.1375 0.5648 0.5303
iy 0.2222 0.1528 0.5634 0.5104

(1) ~ SBE mE EEFTEH

IR IE AN SREVARIREE ) - 2B 4 4H1FeE s B MRS HE 18 4 HE1E
HIAESEE VD ~ VH ~ WD ~ WH > i HE—#HP EHMEETE > 7hlEHERH MA=>MB
Bl MA=>FA 7 EATCH R EaE S A = A HAYEAE - fERERA_1 B 2 2 RFBRIEE
73 o 8% VD B VH J1iy V R AR F HEESHERKEE - 1 WD B WH f i1y W RIIFRRATE
HAREHERKEE 5 50 > VD 81 WD 1y D RoRE 5 DCC [/ & A fF LMR $k > i
i — 2 RS 0 1 VH B2 WH H1Hy H 7R DCC [a] 22251F PCA %85 &z CDF {4
FEH > 28 F LMR S0 gilE — 2 BRHERAE © & 4 4HERE el N E A T
0% http://guhy.csie.ntust.edu.tw/vcHegLmr/ °

(EFE 4 HEHE - B amP R —IHAVEEN & - 55— IHEEN E e - 2R
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&ERE(VD_1, VH_1)EA(VD_2, VH_2)ig$ ZEAGATE - MR 2 A& sy hlsa i — B EE—
&y - DR SRR S aE ELe A B AR e B R B S5 IREE I E R
# > G et R RE(WD_1, WH_DEBU(WD_2, WH_2)Ry skt » 28tz i 05l
S HERE—ERFy > DEREB SRS mE DA B S R i E B - 1
“IRIEAE SR - 2R EIRERY 12 124 TR E A PEEE S R b5
HI > EFRPTIIIEREE > 2 () Fon A () BB RS B A (L) B B ER
iy > 1 (DO FoA () E SRS mE LA () B BRI Ry —8L - 0 3Fomsy
PR E ~ B EEREE S - £ HIEAE R 1% - IR 2 IZ FraarsT o R
B (SRS IR N FORHY o - R 7 HY —IE PR (B 0.583 B2 0.375) AI#54]1 -
s BN IEE - FoRJEFE T EZFEFEE LMR $it > (e DCC REERE(E LMR
H GRS — L HYRE R onE - AN > S T IHEE IR EEY 5 (0.375) - ELRLEE — IR
PR 53(0.583) E AT E—RL - FonfEfFl HARZ eGSR 2 1% > E5EF(b
BT ARAYSE S anE AU - S ES AR -

TN sE e ETRH--LEE DCC 81 HEQ

DCC vs. HEQ DCC vs. HEQ
(e HAESHEPLEE) (B BEfESHEPLEE)

THR

AVG (STD) 0.583 (0.776) 0.375 (0.824)

P W R AT 4 HETEFRPELUETT 50 IRIEAE 5 - 1555 = HRe N =l
# > I ~ &EERE(VD_L, WD_DEL(VD_2, WD_2)Ri A S fEAEATE - 22 i 7y
RlssE—HERE—EF D DR AR S E ST E b A B S R E S R
FESR VUSRI E S > A2 R SLIREERER(VH_L, WH_DEL(VH_2, WH_2)R{% S fEAG
55 MR R —HERE R DBUR AR SRR E b G 8 E e
A B B - AR = SBUUEIEAE I > 2N IE 12 1824 - thfIRE s
AAEREZ A Z TS > B R AR B 7y SR E R AT AT — B2 AR Y — 1% - 215
CIHEENE R 1% AT PTG HEE O (F R SRS EIAIR CRTRHY PR
73 o MR THY ZIEPEERE Y 0.917 B 1125 agAl - A BN A BIEE e ER a5t
AR S Y E S IR EEAY T - I SRRV LR ST IR % - Py
LUiE RIS B yaa R - IR B AY VR [EHEAH G HEHY -

Rt BEEIEN--TEER ~ T ek =R

TFS ' TFS no vs. TES yes TFS no vs. TES yes
(Target Frame Selection) (DCC+LMR) (HEQ + LMR)

SRRy
AVG (STD) 0.917 (0.584) 1.125 (0.680)

h -~ &5

BTt T &1 2 5 B A R (LMR)SHEE i S B sE 2 85 72 e HE
IMAEEFE K B EEE eSS pa P B > H DR R B S By E - & HPIEE
— 2RI DCC {di5TEd LMR i fifii A B 7% b B (Bl & PCA (R8s CDF
B 2 1% - HEZAGE S AR PR IE € Y 0.5382 [4]88 KRRy 0.5414 > {HIZE
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BTSN EBRAGEREUR > B SR E Y B LS ER I E 5 B bR RIS - BT A E S 1E
FAbpa B AT A AP A% LMR S ATS sl G AR 0 2 FIRE - RS - B ACIREEE AT
HERRE & A £ ROy M EAVREH > BRI REUR BN EEE A LR R ER
EERUFHIIEE - AR S AR PR NE 0.5447 JBU/ NG 0.5414 -

Sy TEBGEREH B R AE - {EE—REHY LMR $id HNM B8 H SRl [H
A HESEE" 2 B > S RGE S R PR R S 0.5382 RSy
0.6029 - {HZFH VR [HAVEMN K LTSN E BRIV REEUR > SR SEZ Ay B E
EHEMTET T > Awm LMR SHEESIOTER 2 B G F AR E T E bR - Ll H
R ESEELIE BT " NSRS Z BRI T AT > IEH VR fH
Kig BRI EHEEEHIGEE © 5351 - B PHRR iR R S S B A iy sE & o e
EREA—EERIEI > B ERE — B EAVRE E S R 3830 - A Z SRR
LLE i - i HAREE B4R AT 2,500 Hz & 4,500 Hz 2 AERHIE - &8s e -
TRTE - b H EEREIE I i Ry e H A Ak 4 © 28I AE 5,000 Hz Z R HIHREE -
A SRS B AR S R B PR HIIETE - (B EERL A& AR R e i H SRR
fughaR - AT G ET R EEEY YRR R -

B
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SCFER RIS E AU 2 IR RER Y LA - ASCRIFEESE ~ 5502 - Seash BAYAERE
s SN 0 AR AT A U B SR BRI - el H SN S BRI AR TER © A
Ptz 5 BV BCRAENTCIR-10HY RITE 5 28 o B il B B B AG b SOy S U A A R
R o P [E] A (R S AR AR BT - (B DAEE SO PRl 5 BB E B/ e [ o Yy e
Y RARENSREGE - BB R AR e b > S PR SRV — Ay SUE - AR A
BRI VR RRRflap s > mTLUE S FL RV EBPR -

Research on text entailment studies the logical relationships between statements. We employed
linguistic information at the lexical, syntactic, and semantic levels to build heuristics and
machine-learning based models for algorithmic judgment of text entailment relationships.
Methods proposed in this paper achieved relatively very good performances in the RITE task for
both traditional and simplified Chinese entailment problems in NTCIR-10. We extended our
work and attempted to automatically answer questions in reading comprehension tests in Chinese
and English used in elementary and middle schools. To make the automatic answering more
feasible, we manually selected statements which were relevant to the test items before we ran the
text entailment component. Experimental results indicated that it was then possible to find the
answers better than 50% of the time for one out of four multiple-choice items.
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ST — EIERAY E A - FLohSrT 2 Textual Entailment(TE)[E—(EAH % &
TSR F SO AR R LU FIR SRR T » IR A (3 B -
B E S A RAEE) - MIFREN S e SR B A BT O T R 5 B A
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AP B SCRBIRT DU Y - R A R A RSO - [FI8 -
SRR PR S Py 6 P B AR 5 B S T L s B g
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A AR 2011 63 11 H - FAEBGEELIAE.0 B - ATIIET3 A -
% TAHFT 2000 43 11 7 » R EHRR S FGIEAAT 0.0 075 -

Recognizing Textual Entailment(RTE)[2]# Recognizing Inference in Text(RITE)[8]I] &
H AR SR P SRR FH RS B - sZ LR 008y Yes 24 No RfdifEsmAYasiR o DA
NHEHGE B > TeEEBIRREL TR RS S H e , B TR EIR
PRELOY TR B EHER A S S5 BN, o ATAEHR AR TR BT EEE,  ERA
M EZRAEENY - NIRRT 280 H B A A R (5 - 10152 Yes HUHESREER -

HAPTE H BT HERm B (5 b0 B R EIRSUENE B I RIEIHIE © S — (D7 7A 2 A5
ERIFCHIHESR AR > 2 AR n] AE & 52 BRSO S AV RF EOE TR T2 A R AR
AR - i Z TR R TSRS - BNt F & Wi =) T Hsl s B S LB > K5
T ARE AHEESHERNENE - WAt - s E SR LU/ 5 22K
Ja A RS ER B ENRA % > ATRa R AT RE AR - NI E S s
BEAFERF ZRAAN LU TR R - 8 S SR IR st R R M Tl LLA RIS
MBI S A BRI E - B DAULIE Ry A Esm Ay (I

B8 AR AEESEEN T R T REHEE DT AT R RNV EE R - T
. /% E A7 6t (Parse Trees) ~ POSes(Parts-Of-Speech) By 5 £ 50 1 58] 5 (X #8 BH % (Word
Dependency) [71i RalllSRERIAVRFEEE S » PR =FE A EIHy 0 BUE B A ISR o i A
3 Rl S 5 ) =A% (Support Vector Machines, SVMSs)[5] ~ JA5E# (Decision Trees)EH 4514k [a]BF
(Linear Regression)[3] - &~ [FPANHY 7y M Es IE G HESm B (R AV &S5 -

FATAIH DALt i ry s A 28 2 i NTCIR-10[10] B F& & SR i B > 12 AR &R
RITE f&j#8 - SCEI RS SO W 53 RIS 55 44 o P Ry BY RS S K i TP S sm e o 1
#E1 Macro-F1 4371 B 67.07%F1 68.09% -

AT A SO SR B 4R Y BT AR AR BRI B =B AR A R U R AR AL
KA S w R S 4o A B B HRE SCRF AN > 0 FY SR DU S 23R B SRV &S SRR 45
s » o LA AR ER SR B AR S AT HIR L - RrEEUREEL - SE NETRTE BT
AN EERGEIR o BT EnHMR i A AR A A A PR R AN A s 2 E R A A
FERS B ARV IER] £ - 55 (BRI 23R B B B BRn &S R K dham > RS LA Re&Eam LU
RAJEE

2  Textual Entailment B 5&:5H]
21  THEHGE

RTE BEMICGE R AR B HEsm A HHR 2 > 1€ 2005 S5#45 - | First Recognition Textual
Entailment(RTE-L)FTEAM#HY S —REEFE - WEHHFCGE A ERIE fEHER VP & - EiEa T
FYHESm R (R I2 M2 BT - IR RTE RSN 13T 2 RE R sE B e am A AH B HE A > &1

%1 Question Answering(QA) - Information Retrieval(IR) ~ multi-document Summarization 5 -
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4 EEERIE SRR TN
41 EEREEE

HAM4E 2B NTCIR B3 » HUS RITE AYE)I14R (Dev. ) B HIEA (Test) S RBAHE » 5Bk Ryt
s R (T #(Binary Classification) « [ = £ 13 —n iy SIVERING - BFEEREH
—(E4mSEECek - WA EREE T —t Bt - 1 label (XFEAVZE tt FVNAZ S REHERR T t TRHY
% > Y FoREIL » N RIS o ZRFEUHS T #1 NTCIR-10 RITE-2 AYFIISRBLHEEERE - F=—
Ryl SR EBLHE R R BT -

T EERIFTRIER B Microsoft Research Paraphrase Corpus(MSR Corpus)[12] » MSR j*
2004 4FHH Quirk ZEAFEHY - sERMESE S 5801 (EFLS A » I HF M a2 2 E
iElE

<pair id="4" label="N">
<t I>ERASERERERNHEERMHEAS </t 1>
<t2>PPERE S BRE WA A F </ t2>
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BI= - TR

T PGSR GG T

AR NTCIR-10 RITE-2 MSR

s R AL

=l Dev. Test Dev. Test
Y 716 479 2753 1147
N 605 402 1323 578

4EF 1321 881 4076 1725

42 R PIREENTESBEE

Fo 1R LR S SHTROR » FME#8 RITE-2 ~ MSR K RTE =14 [F] R SREERHE B e
HECE T 2B SR EEEE LA T G E 28 - S o i AL 2571
SEEAPTEE AR ER AV - R8I 2 BEH S ETH B HERR VSR FTas ey
TR HE A RIEAE HET SO 2B (At - (2 B B d B (BN B iR (R © Fef&Fh
FILAERERE A 2 B s AT NIEEERHE T THER S /Y S T - A EBEN I E RS - AR
i S SRR A RSk RITE-2 BHGRERHE /R - MICGEERIAIEL MSR {ERyUF » HER
Ay B BRah SR n] S M B B AR s [13]

TS| HERE PSSR S EE =R - S ENERES  FItEEEEY]
Y 2640 S BE E B SREE R R > Horh4Rak E ERHEm L P IEE - RA
RIFI IS SREER — MSR Iy S B =45 - FEIREHES | HERERTFAH RS B BB > 1.
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SR BRI Y
S E P ERIA(E

Macro-Fl= ——

FIY - RITE-2 BRSO ISEER S EEE

A E a B y yl 5 Acc

Cl 0.54 0.1 0.27 1.8 0.85 1.9 73.05%
C2 0.56 0.08 0.25 1.0 0.85 1.8 73.13%
C3 0.56 0.08 0.25 1.7 0.85 1.8 73.20%
F A~ MSR 4RI S BEE
Umk E o i y A ) Acc

C13 0.47 0.05 0.13 1.3 0.55 1.2 71.07%
Cl4 0.47 0.05 0.17 1.3 0.55 1.0 71.12%
C15 0.49 0.05 0.14 1.2 0.55 1.0 71.15%
C16 0.49 0.05 0.17 1.2 0.55 1.0 71.17%
C17 0.49 0.05 0.20 1.2 0.55 1.0 71.20%

43 BH&ER

TREE At e 5 SREE R S B - BT HSEEEREYE R - iR AUt A
SRR AR PR IHHESmAE /T -

FPUE PRI SH0E(T RITE-2 ERSONSBRIA AR ST - 3 B0 A%
ST © IR TR HERECR RS TSR T - 3R E Z%
HEREIEE - FIOAIE RITE-2 BRpOMAHR i P STrE bu » (s
ST FRIME RITE-2 BB P AT R ) Sk + TR MDA B RITE-L JIE
FHEFT BB LA ARSI T » BEFMRERT LIS B PR PTR R 33 e s
SHRETHIETE & BAED BRI R R A AR -

73.00%
68.00%
>8.00% c1 c2 c3
W T FE5 Macro-F1|  65.79% 65.73% 65.55%
T A Macro-F1 66.79% 67.46% 67.12%
m fHEHTFHE Accuracy 66.29% 66.29% 65.95%
W #7555 Accuracy 67.76% 68.56% 67.99%

el ~ B I = i (AU AT S 5SS RE LB © RITE-2 g SEhnt

A (& B MM EI A HESm R AL - (] MSR JEOCHIIGREE Y 2 B e BeB il P SR 45
R FELUR B EIRYEE = RIS & o] B REA FIRTER Ay HesmBE (T - [ Ml
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stan 2 A A A R R A Y e SR G TE AR - FRMEZE MSR HIEEERIHE RS
R R LR M ERS s E L HET 28 8 0 C16 2 C17 & R RAVEE]T %1 1.0 AL
AR AIRZ R O P S B (R AU S2 BN K IR BE I T R 3 5 X8 HESmBE (R H e =Y BT 3%
A4 o BREEEA sERAERER

70.00% —
65.00% B ————a —
60.00% —
55.00% —
50.00%
C15 Cil6 C17
B Macro-F1 64.82% 64.67% 64.67%
Accuracy 72.46% 72.23% 72.12%

7~ SEERARF R A SR © MSR IS EETY

QEH 2 A T S BOGE R B R o ] ASE IR MR A el U R AL B R U U B 2
NTCIR-9 ~ NTCIR-10 3#FE Rl HEL - £ SCRER PN SRRV » T B RGE R
RIS 22 ] - RfdtE s RE A0 R R A ek sV TGS - DRI H S GRE R HERR
R (e SRR i USRI AR M R 2 32 Jg 5 25 e = UACHIE 5 E AV HERR R (5 - TCHIE ST
ng RIS FR ~ I By S IR R R e

5 MRESREETA

PEs S EU R I HE SR IR T S AR R A e Preprocesing
PR > [EER A BRI T TR R EE KEMMAL > rimnsxion —  Tasme

P LRI A LARG e 3mSR HYEE A
il ORISR R R & AR MR
=TEAE R R EE BAISR R AL oA
55 a) =% (Support Vector Machines, SVMs) -

Weka J48 j1155£5(J48 Decision Trees)Eil Weka 45 < -
M [E]EF (Linear Regression)[13] » & @A [EI4E R B « HESRELTI 0 2.4 e

Ao SEEs S SRR B (RIS R

Ail—/NERR I T 4C B A A U Esm AR A P EE P e =0 ZRFIst B s S pr U TR E By
W SR SR AR L B R SR EELLY] - ERtEEE - Elets
MEVE ~ Bt iE - AT RE - SEFE - TF%E - NEARESHA -
PRIEZAN » B Ehnaesm AR S aE RS AV - INIEhDAEIATHE 24 ~ POSes &
FRECElEA R (R (R BT R - T RHAIUE MR e fam AU A Y RE

51 BRI

AP a8 S AT a (Stanford  Parser) [O1HUA- &) 1Ay HIATAS - b HLFATEE R (5 P e (11
Mriat oot e ASE AR DS B 2R A HVEE - N AT 2R A REE A avsim R A 4
BRI B paramAvBeE (5 - LA —(E BRI R AR E8E (ROOT) FEHUE T e Bl AL A
TAef > (i A LT AR R () i A AR
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5.2 POSes BjsaEf&Es0

POSes FEECHT S FHHINT2s 1S - FMIRg REhaa e f Tt e E R A - NS %
{5 VBB FRIE - IR R R AR BB A sR S 2 AR {8 &7 1Y
B S B (DU MSOR P 15] - SIS S oy A e B Bhae (o FHAE HESm B (A EHURZETT -

JF/A] @ 1997 FEF& &b P E JFA] + 1997 5 [0
1997 | £ | & | | | & | ROOT 1997 | 4F % | | | | ROOT
& | B | B
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4 0 0| 0 1 0 0 4 0 0 0 1 0 1
T 0 0| 0 1 0 0 A 0 0 0 1 0 1
Bl 0 0| 0 0 0 1 Bl 0 0 0 0 0 1
rhE 0 ) 1 0 0 rhE 0 0 0 1 0 1
ROOT 0 ) 0 0 0 ROOT 0 0 0 0 0 0
Bt~ EE{FRRE AR M &\ ~ &E AR SRR (R > M

5.3  FASEHKHERE (%

S EIAT e AN RERR R AR AR B - 2 2R 5 e 2 PRI ({ORR 8 {#(Stanford Dependencies) -
HATTIRE (R B (5 o B ] B 50 Ry BT BT > RF B 1 o Y 3 2 B (A A5 R — 1873 (71 1] (Directed
Graph) » IALBCERE ZanlE = -

HA TSP — (B RE PR Py ] LU RATEERALA 780 > A EEAmEA AR > FMEE LA R A
T2 EHE R (RAVEE SR & > NI URHARAE R (Adjacency Matrix) B e HE— 20 HiE
B Ban—{ERERE M o a] DA E AR AR SRS B B RTR 2 RS B AT R R D B (L
B M AR T ARG R A R (G P S L A B ST B (MR (5 = TR
BRI BI R HERR (R RE R - AEEAE PR B 2 VAR A S (RERE (% > I HLA A [EREE)
L RE RS R IR - S E S E A ORER (7 o (B (R E R R (TR
VU1 LA B B RAFIT I B EL P BT RE ACRERE (0% > FRIMB B ISIRAIERE » i8] 1 Z fefaa
SRR A IIAVREE » T DA% BUE MOR— R -

6 SRR E AN
6.1 HTheEEREERGT

TN~ PR EEERTER

HPHEIRER AR AR B RS A | = 2
SHUEILRF R+ AR BT A R Rl | 5
PR SERB AASHRS B DM ITHER BRI [ s
SARET] o FEELL SVM - 148 FIGHEBIEREHET | Fo F10
SR - WD eI S S N | £
IR & BLEL YR » S BB A | o
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FURBEEEITRIOSCHEEERITREERE  #t - sormmemsns

(i B TE R A i am B (A H BT 3 BB | Bt E2
Bz o ARG AR - AREm SRS 2 E;‘
sk A ETER RITE-2 BRSEERHE /AR - Es
MHESGEERIAILL MSR 1R B3R - HESE [ E10
HHEY B B & B v 2 I e B N AE 1 E1l E12
[13] - E13 El4

By T IR S T AL S AV SRR, » FPHR R A R L S IR
A RIRHRALS o H LIbSVM B Weka B3R E BTD) B --(E125 53 (10-fold) - 7£ SVM
Ko A8 SELENSYIE T HE(TIEER{GEH(Cross-Validation) - Ho R R A H TR RS -
T 450 3 U FEF 2 o PR SRR B S » BB PHEE B 0.5 HEBHEREA(E -
AR AL S T MR BB A - N U SRRty th s

%

6.2 fHFEEERL

PR TR — My BUE FUAE SRR R Rl S8 - M = BUERVARVE R
= SR R ENR B & - R RIBUNEA FER Ly BUE RUA PG
BRI G - IRPTRE RS SR G & tel =R SRR A B (R B _EAYRY
B o

%/\ ~ RITE-2 Bha UGl S Eel &=

SVM
G Lk R & SR Accuracy
M1 [F1,F2, F3, F4, F5, F6, F8, F9, F12, F14 71.99%
J48
M2 | F1,F2, F3, F5, F7, F8, F12, F13, F15 | 71.78%
SRPEE(ER
M3 | F1,F3,F4,F5F6,F7,F8,F9,F10,F11,F12,F13,F14,F15F16,F17 | 72.98%

#I1 - MSR HIREBRIE A & 18

SVM
AR R &Rt Accuracy
M4 | E1, E6, E9, E12 70.93%
J48
M5 | E1, E6, E8, E10, E12, E14 | 71.82%
SRRl
M6 | E1,E2,E3,E4,E5E6E7,E9EL0ELLEI2,E13E14 | 72.45%
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6.3 HERRET - ERAHSBHERENGER

Fo 1 IR =R S R S e HESm B (B EAVRSCR - TMIREE E—/ NGRS - B
SVM ~ )48 J & [nlm S/ FURMEN Ty B HRRE Rt SVM B J48 T A LU +-F 7y VA
BR{GETAEME(E MG TEE - YRR EEVEATE LGN SEEEINE - SOEFTEER 0.5 HHE
afBE oA > STAS ARG o FRPIRHEE S A E I ISREERIHTRCR - A FEEAY
stk PR FE IE B 3 JEUE BRI THESRBR (RAY 730 -
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Abstract

In this paper, we propose a method to identify the possible readings of Chinese
noun-noun compounds (NNCs).To avoid problems such as vagueness of
interpretation, limited or sporadic coverage, and arbitrariness of semantic relation
classification, we considereda large number ofnoun-noun compounds from our
Prefix-Suffix System and identified their semantic relations with two semantic
networks:  FrameNet  (https://framenet.icsi.berkeley.edu/fndrupal/home)  and
E-HowNet(http://ehownet.iis.sinica.edu.tw/ehownet.php). We found that N1 and N2
are either linked by semantic roles assigned by events (complex relations) or by static
relations  (simple relations) including meronymy, conjunction, and the
host-attribute-value relation. Furthermore, for both types of relations, the possible
readings of the resulting compoundare limited enough for computational
implementation.

Regarding simple relations, conjunctionhas limited productivity; meanwhile, the
two components usually belong to the same semantic type, such as ## 5%
zhong-biao‘clock and watch.’The limited productivity makes it possible for
E-HowNet to include a large proportion of such pairs in its dictionary, while similar
semantic types can be identified through its taxonomy. Likewise, the
host-attribute-value combinationsarealso a type of simple relations which involves
combinations of hosts, attributes, and values in certain orders, such as Value-Host (e.g.
#= tie-zhuo‘iron table/desk’), Host-Attribute (e.g. EE#E che-su‘car speed’), and
Value-Attribute (e.g. j£={ fa-shi‘French-style’). Themeronymic relations are the
third type of simple relations, which are annotated by semantic roles like ‘part of” and
‘whole’ (Part-Whole: e.g. Z£JEEflt shuang-dichuan‘double-bottom’; Whole-Part: e.g.
Hifig che-lun “car tire’)

As for NNCs involving complex relations,the component nouns are the
arguments of an event that bridges them and by which they are assigned semantic
roles. For example, in 5% jiazhang-fei‘parental fee,"N1 and N2 are bridged by
events such as‘buying’ or ‘paying’denoted by verbs like ‘buy’ and ‘pay,’which assign
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N1 and N2 the semantic roles of, respectively, ‘Buyer’ and ‘Money.’Each
component’s semantic role, along with the events that assign these roles, can be
figured out through mappings to, respectively, frame elements (henceforth FEs) and
lexical units (henceforth LUs)in frames that represent the concept a NNC conveys
based on the semantic category of the head, i.e. N2.

Two instances of mappings are as follows; one is for the simple and the other for
the complex type. The former is exemplified by NNCs derived from N2s denoting
‘food,” which correspond to the frame FOOD. We found that most of the N1s of these
NNCs correspond to one of the frame’s FEs, which is ‘Constituent_parts.’Examples
of nouns assuming the FE are underlined: banana with a thick peel(FrameNet’s
original example); EUHIfH cong-you bing‘Chinese spring onion pancake’(example of
mapped Chinese NNC). That such NNCs involve simple relations are supported by
the absence of verbal LUs that evoke them. By contrast, NNCs derived from N2s
denoting ‘money’ sometimes involve complex relations, as shown by the FE ‘Money’
taking part in frameslike‘COMMERCE_SELL’ and ‘COMMERCE_BUY,’which
FrameNet deems as evoked by event-denoting LUs such as ‘sell” and ‘buy’ and
having FEs like ‘Buyer,’*Seller,’and “Goods.’Under the assumption that N1 and N2
are bridged in an event where they are assigned semantic roles, we mapped some of
the money-derived NNCs to these FEs.For example, we mapped = i
shu-kuan‘money for buying books’ and ZZ %7 jiazhang-fei‘parental fee’respectively
to the FE pairs of Goods-Money and Buyer-Money in the frame COMMERCE_BUY,
which is evoked by LUs like ‘buy’ and ‘purchase.’While there are usually various
possible FEs in a frame, such mappings reduce the possible readings to a manageable
range, facilitating computational implementation.

So far, we have applied such mappings to nine productive N2 categories with
moderate success. We think the approach is worth extending to more categories.

Keywords: noun-noun compounds, automatic interpretation, Extended HowNet
(E-HowNet), FrameNet
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BTG R 22 - (B EhaE 2 WA [FHEREE MYREIR A — E AV R - SRS
R AR I T LUK By B = RSHAY[1,2]

1. DU ERABRl R RLnE 2 s @ MERdfir(model-based techniques) : &R {EEISR 2 &
E2f5 Y (acoustic model)yEAY S8 » (A ELAELRY AE oy 778 E L I| SRH A [V ERER -
(eI sk D EREE AN UCHO A SICHY T RE o &% SR A AR (DL 4 14 [9] B2 (maximum
likelihood linear regression, MLLR)[3]~ ‘{7t AU 4E 4% (parallel model combination,
PMC)[4] ~ E:jit a1 & 224 e fa={(vector Taylor series)HUIEAYREIE[5]5 - HAATT A
AR BRI A E R BV E  ([EFTRR RV TR 2 R R
=1 -

2. gBE58{b(speech enhancement) : 58 (LT RENEIRYEE S a15E - (5485 slat A2 5
HYERIE R TR D BB SE » TE MR BT IR SR B T TS HYEE = alsk - 5
DARARFEERAY 22 - BlandE s aAREE B 2%k (spectral subtraction, SS)[6] ~ EH5%+
Z= 72 (signal subspace approach)[7] ~ 44/ 25 (Wiener filtering)[8] ~ B2 F 5
eatd R AYEE S s LR [91 % - & — AV T A E B8t S A B AR ERGET
EESARFRE IR AT & B8RS P A A ARV 2[10] -

3. sfEMEREE R (robust speech feature extraction) : # FHI S EH R EIEIY
AR > PR GBI A UG B R R S R S 8 H e —Tl iy
F AR R EEAR RO NA  (E2 R AR E N SR T B R E RERIR
A DIEYFRFIE[1L-13] + 1 55— L5 AR s A A S A 5 20 B SR
& T AZ B R R AR S TR ATAIER 1[14,15] - AEm Y EZATE am b R A
sR{E MR SR A -

TESR M EE F R EUR AV FE - e oh — {8 B S A 7T SR80 Ryt S R R b
(feature normalization) - 72 {[ESHIHVIA T LR ARREE R EUT YIRS MR R — 20
et R S R EER AR A U2 - o A oa T amny T8 AN GRET
SRAYEE S RHEE £/ (distribution-based feature normalization) » JRB[I4F [El—4EFEHVEE =
FHEUT 511 Rl 2 8 (random variable) iy —4H A (sample) - FIFH 78 toie A 534 FE
BEIGET R BRI A TR M BT R MR « BN R B2 IR b
(moment normalization) {48zt -5 {F Jek 7<% (cepstral mean subtraction, CMS)[12] - {&[48
=t S 44 86 FL B TE H{ By % (cepstral mean and variance normalization, CMVN)[13] ~ =5 P&
SE )7 TE# (B £ (higher order cepstral moment normalization, HOCMN)[16] » DL A L
HEREE IR IR N R B 45T B %A (histogram  equalization, HEQ)[11]5&( 2
FE—HH5E T R & - IR R A EE - PR BARVE Y - EraEiEE s r
RIS A AT DAY — R -

s B AENIFELT-19] 8150 I T St el FbiAre s A ot i B I EAR MR A RERR 18> 111
BIERR EHERA BT eI (BB S LA AR — A SR B Bk - P
S B P S AR IR LA T > T AT DA U4 R o3 BT IEARA B > B RV
HIFH Bl R o7 i % (discrete cosine transform, DCT)>KEUAVEEEFFE - S4EE 2 M EA
RO MR  MEE S 2 a4 e B b RVERE - EHEtE S AT T — S HE
(frame) (I A& ey 7 A AR R ERp g _E BLRT (& A S AE YRR 1 - ST S fEERSL
B AR HRE - AET 2 A ERY T A MRt - 413 A A B (regression) 552 iy B iy 38~ 25
(temporal average, TA)RZfMT5 [ ARITRSCEEN[20,21] > TSGR REZE [H (spatial sk K ke i
BIAR O #EL T IERE > AT HY 5 205 L ASCHRE R (context information)[22,23] -
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FAN  EEARINE — B AR  IRE A TR E AN A g S s e S R
T ot (T R BB S 45 (temporal structure) 2 4 1 - 388243 (modulation
spectrum)[24] £s— A R 4G R (8RB M58 S RHE  FRHEGE RSV EL /1 - AN —REREE S Y
e 2R B2 AVRE S B LR « SR AR LRI ST - (FelEi bt &R
SR M R EAIRES: - TERTEREE RN ERRE L - ARENTERHR 5B S R E0ER
{BHIRT - SEEIRRE IEA Y LR E i T B VA EM LB - EEE S R e ERiTER
AR ERAE DV AR TEARTE - SN E R EOERCaVHstR%e S8R
{B IE# (L% (spectral mean normalization, SMN) Kz 5ff 588 5 2l 1 29 {5 88 SR BUE AL VA
(spectral mean and variance normalization, SMVN)[25] ~ &&FEzL 451 B 25 (B2 (spectral
histogram equalization, SHE)[26] % 7 7A# @ HE— 3T SRIBAVR R - 554 » e —Lit
FERE S SRR R M E S R BV IER L J70% - ISR LA (modulation spectrum
replacement, MSR)[27] ~ ELYJEON, 28 5% st HY I ik 7 51 &5 A8 1E 8 /L% (temporal - structure
normalization, TSN)[28] - DAk IE#A b s {EAH L1 69 58 55 A EE B TE AR B0% (magnitude
ratio equalization, MRE)[26]% - H -/ SHE FrEr FHRUIE 2B/ E Y FF i EAY HEQ JLLL -
{H HEQ & E B R EHVEUE » SHE SHREAV AR LAV A B - PR
A EAERY - R EA &R A #5[29,30] -

AL A S AR HY 5 205 A SIREZ W5 » RS e R AE
S B A B S B P Y T B 22 e — B Rasea T e R R I 4 T A B0k
(ST-PSHE) = #I| & B Y 15 8 (high-pass) ki {K 28 (low-pass) e Rz e B i 3 R ARSRHY AR
Hill > $HEE SR E AN TR B R S A BRI RIS (BRI &
PR ARE S FEIE G B T LA TP AIBR A - S [EIRRE SRR s A AR
& R R AR - B B =R TR B S R R
RUBHYTT A R B BB RRE A IERU B 578 - SR B RIRFARR I A SOt Z B B AR
& B BRHECE - ERBMITRHES RS 2R - M5 = Sdmm PR A AT #E
HIBTFE T 1A ©

= AR ERH IR bRl
(—) BEERIEE

B2 (LA {B(moment normalization) #43fty » 527 38 (E M b — {55 AJ (utterance) 254
FERF BT i VBN 2= - ARV REER B SE B R B2 2 o BIAnEIPEEE-PE E IR R TE
[12](~ 7 CMS) 75 S FE HF i — (8 ARV 55— P& B 7= (first-order moment) » 3t /E S E
A AR D HERR AR R T EDEEE P E B R B E AR EAILS] (T E CMVN) RIS e —
DR IEAR BV SRR R 250 a8 - (A FRE ARy i (variance) T2 15— 2 - <
—REA) E AR S R I R Y R {x [n]} s {x [n VIS (E - o Ry HEE R -
R LA 8 7 7R TEAR BB ARF BT I AT AR Ry

Xems[n] = x[n] —u €Y)
x["f,_ . @)

FH 7S 28 P U A R AR R (cepstrum) | B [ AR B RE S 5% Ry FE A REH (% > CMS BYIERR

(BT DLAROH 25— L f& 7E (stationary) FVZEEUE - M {E 558 & Hrasi IERER A AH & B
AN - 55— 0 CMVN SEEEREEIIERSYE > FE—DHEE T AR IS S

XcmuN [n] =
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104 ¢ T \
clean
SNR=10dB
4 SNR=-5B +eseeeee ]
103

102 |

Magni tude

10! -

10° -

1071 | | | |

Modulation Frequency (Hz)

[E— ~ Aurora-2 zBiHEE tA [FEHIERLLEE 7] MFCC Fif# ¢l 28 SIS 2 57

FFRRTER R T 2B AV DA HE IR (dynamic range) 2. » (AR BB P RF I
Bl - TERREEHERE Y T » AR AR L3R B A2 = I B o R B By
FEAIREII6] -

(=) satEF (LA

GratiEl LA R Gua U IRV EEDE - FIDIERNE - - PEEE G2
[31] © IfifE B Bt & Py sk - a2 R th A I Ea T B S LA A (B R S E S E R
BUEISEHIRE - PSR T ERYARUE[18,32-35] - mi—HifT/r4dry CMS B
CMVN » T ZE A S S EIENIERLTTA - ¥E DLGR M (linean) iy 7 = i (B M A BB H
By 8 - (HE IR RS AR > SuatEFLAR T T B= R AR
fe—dhok o FHEON BN IR BT - et EF LA N HEZEE T IR - R —IES
P (non-linear) A - JREFT A RE S RH BV T o0 M ELRE B S B 2 MEs N B Y STET o7
fi—%2 > M H ARt o A Sobakiak(prior knowledge) - BT A 580 A R
ney i HU PR IR R -

GiatEF(LEEEAMOE - B B ATeE A S RHE Y B RS S ek (cumulative
distribution function, CDF) » $} & & FHGIISREER AT SR a T HH2RAY S5 o346 #E LR a)REnY
B R 2 B || kB R B V4RE T34 S F () F B AlsE AE B R I F 5 {x [n ]}y
R (L —(ERHE S FEE] CDF FYeEFR) » TG () RIRBFTA I et 4t a2
e o et E S B A ER ERIEE SRR RN ¢

Zugglnl = G (F(x[n])) 3)

AT S bk DI 3254 (table lookup) it G () BB S ERE (4 » (HiSkE
AN ER R W FREEE 2Lk T=AE - 1E[33]H » IFHEE A —21E
FHEEEGEITGC () - o DA RET RS B 22 [ERFERLEREHT HEQ ALY
WY CE A R R AR o L7 AT By 2 TR B S 45T 1B % (B 4 (polynomial -fit histogram
equalization, PHEQ) » A& 2 &t EE LA S AL R EE - 20 F PR ¢
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M

Zousqln] = G (FGID) = ) am(FGinD)™ *)

m=0

(=) BHIERas Y IR ERlg

BT BSR4 IRt — el I AL LA T B R 253
5 - FIVAEHERA A (relative spectra, RASTA)[36] (R AEE 5 1 T2 R PTERS
eSO » 3 8 (band-pass filter) » LIRS Bkl EF 4 e 3
ERRARBAIR | ATAE[37]1P » B PRSI 25 (low-pass filter) SRS AT T {1
(smoothing) » LB EGa £ 5 o R B2 S BRI T - (19—
FrY2 > 2 (L)t T AT B (I 8 5 (high-pass filter )BT T2 (impulse response)
PRI i 57— e SAEE » CMS VI PR M MBS AT il ey — A
i -

= - S R PR T
(—) SR R

S—5Bah > H—FR R R EE R EE T Rex [n]} - Hrb n BEHE(frame) V&S|
B ZE SR ey AR T UER R
N—-1
—kn2mi

X[k] = x[nle” N (5)
Horfi = Vo1 BB B - KPR EEERIES | - N B S HEASES - BTS2
FI{X KB Ry {x[n]}Hy AR S - =0(5) vT DA By — B Hi (8 77 ZE 484 (discrete  Fourier
transform, DFT) » S5 580 SR HElE B S R RO 91 BT+ {E A3
AR S R E T - TREEA EE 2 R R 10ms » JRBIE SR E 751 2 B
e By 100Hz » fRIBZSZEHTT 2 B (Nyquist-Shannon sampling theorem)[38] » Ff S AEEE
B =A% Ry 50HZ -

AR ESRE TSR SR B RS R > BIRA IRV LR A AWZE[RE -
R SEPEARAEY 1Hz 3 16Hz R EHARR (7 - Saf 5 ey b A BRI RA > 1o
DL 4Hz [ff Al S iy & sl i R B2 - B A GETESEAVBTFE[40] A &Y [FI s8R © 4Hz
HYEEERAE NIRRVEE R B (S A TREZAYHIAL -

BB e\ B TR - A R EEE S R R R SRy o M i > FLF I
Gt E A — eSS AV - JRRIE SR A AR K B - — i AT PSRRI
72[25,30]38 3 - FEE R Z EERIE BV E5R15 > JRE[JER I EE (signal-to-noise ratio,
SNR)EA A% » 58 SRS TR 55 5 ek a EE 2HY 1Hz 1] 16Hz [l {588 iz FERHT -
M Rz R R - ZRIZGER - B —& Aurora-2 sERHEFTA G
FIFEEE 288 (Mel-frequency cepstral coefficients, MFCC)[41]H" c1 Z VRS FERE - Y
bR TR TSN A ERFE RN AR EFRE - NI ILEER RS AA AeEa) i
BREE 7 SIME » DAZSEIRR RV E - P8 5B A 2= Bl s 2 - 18It ol DA
BizZE]  EER bR RN - BRSNS g E LA E > TR A RZEE
B NEE IS Byl -
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ppem ] PSHE ERbE>
SRl
AR (8) EHERA(10) -------------
—~  PSHE |- ~  PSHE [
2RI — DA — S
| PSHE | psHE |—
AR 9) : : IR (LT ; |
s gaa) L a0d)

B — - ST-PSHE ife i

[

(=) SR 2 AL

s PR IE AR BHYAHRRTS T 5 R (EAZ BIER ST T i i B A SRR R A Ry RS2 TR
B - etsRiEMRE S PR IE A LR ESRRE A AR KB B a DA = (P BB -

1) oot o R FERRE TR R A)RE A Z B S R T R 5 {x [n ] A TRl AR (1 25
B EZRE A A EAEE X [k 1} AR @ L IR S 2 P8 i — RS
F P R A SRR SR AR | X [ 1} RAR LSRRG {2 X [k} -

2) ML : stHRT— P BRATS IRV SR ARRE R (SRR T - H AR iR i
ARG - ORISR T YR > IS BRI SERE (Y (K1} -

3) B ¢ MREBF ARSI (X [K]EE —2P B i B s S ARRE{ Y [K]1}
HELT R B T BE % (inverse discrete Fourier transform, IDFT) » BU&S-38 [F 1& HU3E
FRHER S -

25 F A A B PR A S B M TE AU ST D e (PR T4
BRI TR B S S S8 - £ E BB A P TR
BTE - DT R B B AR LA T2

1. B8 FESELL ] [FHH(E2 (magnitude ratio equalization, MRE)

et [26]5 AR ARRE P BRSNS PR (s RV EE B > fERE R Z BRI T
5 - REEEEEBIREERIR 2B NEYEEHI - driR SRR 2 B B T N
ESRIETT ) AVERE TR SERE IR B S SAR N HESRR (D TR A S HUSR &R > TETT7ARE
ASEAYRCAY > HAEE A PR -

2. s SERL s E S (LA (spectral histogram equalization, SHE)

S /iR AT 4R0sR T B S A B iR BRI AR L VA (A s R
P F R EAE 2 FERI[11] o BERei[26]55 45T B S oA e 7 38 S AR v 1 IR AR
bt > FIF—JE4R AV (non-linear transform) » {15 A RE 2 IRIR AV HIGAEE AR &
BEEE T o BN EZ R SREE N B AHRE S © SF () B AisE A RE S RHEEF 75
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10° T 3 10% ¢ T

F clean E
SNR=10dB 1
SNR=-5¢IB ----veve j

T

clean
SNR=10cB 1
SNR=-5¢B - j

10! == 109 £

Magnitude
3
%
T
Magnitude
=
IS

10!

Q 10 20 30 40 50 4] 10 20 30 40 50
Modulation Frequency (Hz) Modulation Frequency (Hz)

(@) (b)

10! £

109 &

Magni tude
)

H
<
o

1 1

10-3 .

Modulation Frequency (Hz)
(©)
l: TR 2 M B 2 F P (601%2“< PSHE PR IR AR E
o SR (b)T%N PSHE BRI 12 Y22 i m AR < SEEE (O)#E— P& i g

Y ZE R S AR Ry Z S SRR

{x[n]} Z SRR (| X [k ] [JAITR T 41 G()P%ﬁﬁﬁnﬂlgiﬁ BRI SR R R oy
ffii - LRSS M > FE57A P IERBRAVIREE S| Y (K] | EA AR SR | X [k ][R
ks

IY[k]lsue = G~ (FUXIKID) (6)

EBﬁAIttﬁxiﬁﬁFﬁifﬁﬁ%ﬁ’TUf e R (S HIEEE B 0 SR B AR 7 AT S| SR EE R 3

sl o (S A SR A (table-lookup) S0 8 3)|| SREERHHY R S AHEE 73 - TR aCskAH
*ﬁgﬂﬁ‘%ﬂﬁ RE SR M BT HE A s HEFEMEENEA— %ﬁﬂﬂﬁ/\ GERMERK
H(piecewise linear function) s &4T BB /3 fffi » (EHFHEMEEEAY i - AEIRATA EIBED
é@%ﬁﬁ@‘ﬁﬂﬁ%ﬁLﬁiﬁ WIEE ME R REHVEC SR BE ORI I - 1E[29] » FefE2
I A R E S PR 4 5 T E (B A (polynomial-fit spectral histogram equalization, PSHE)
*UFH—{I%IEﬁQEQLﬂG () HeEsyABFEAR) SHE MHATHIHESIERES > (H[ERF
j@mﬁﬂ&?“zf'aﬁﬁ'%?ﬁ—ﬁ; IR K wol AT 2 SHE & Ay it 2Tk PSHE - it
J7ERIPA PR

M
Y [K]lpswe = 6 (FAXTEID) = > an(FAXTKID)" @
m=0
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VU ~ L ZE Flsk — BBk T & s R SR e TR F bk

BT EORSE ES (R BE T EEE R B RS I (IR R
FE[22) » FRIHRH T (0 P E R B 2T, — ISR PR s B - 3
Ty ST-PHEQ - B f & F T 2 VS R 53 RIS AR ) e (AEIRRL) -
5 BIEITER B (A - TR B4 ST R AR S5 - B HUSS, -
Rz Rt AT SOHRER,

FEARESCH RIS S B B P B B (% T T,
22 PRI, — OSSR S R B B S5 - SRR ST-PSHE - Bt S A%
2 Filisi(spatial) » T £k (temporal) » fj PSHE FIl 23l —ZFraltery S T8t & 4
AL B S - ST-PSHE WURERAIEI i - &% » s T IS FIR MBIk s - 32
(P} R — 401 534422 53 (differencing) B 744 (averaging) Y57 5% » 43 BIEEIAE 245 BAE T
SR R ARSI B3 » 40 RS

EARGEST) (GRS
7 ) xq[n] Jifd =1 ] 0 Jifd =1
shpr 1 _ _ slpr1 _
E?; - e = Zxd_l[n]‘ , otherwise (8) a = {Xd < +2xd_1[n]' , otherwise (9)
£ . xgq[n] ,ifn=1 | 0 ,ifn=1
Tl thpp g _ _ _ tlpr 1 _ —
@Zxd [n] = {xalnl JZCd [n—1] otherwise (10) [, "Inl [xd [n] + 92511[” 1] otherwise (11)

Horbg [n] RyiZa B P Bn B AES AEERRE T REIE n = 1d = IREE —(EFIEKL
S EAERE - (RICEHE %™ (]~ 2P Ind g [n] B " [n] FL 0 AR ZE R A~ 22 s
BHH ~ BHEREAH ~ P RIREY IR R R (=L -

MG R4 > (T T2 PSHE 1% » Ho4 s (full-band) 1S S84 .48
R E S EAIRI0T 53 1 » (I B2 I s (S AT R —
[P RICALE S - PIRLAEHEST PSHE DA% - SRR AT BIR A G) Rt QEZE M
E53 B A AR A YR R UL ST L), PSHE TEAR
(L B BB R s 1 » P T a2 s (B s 2

24[n] = 25" [n] + 25" [n] (12)

oo 25P (] B 22 B R (0 4E PSHE TERH /6 458 25'P [n] Il B 22 sk (AR
4% PSHE TE#UEMS 248 o HIRAZh(8) B2t (Q) 3 s He S MBS B BB % - i
A 1 1 B B T 9 I [ s T - (T 5 2 Ik 5> S T4
(B BHAE TR  SEAS E EFT e = (10) R 2 (L) FER I35 43 oy e A A L (A
PSR EIRERE I S 5y BT PSHE 1% » 1| 828 Refl s (st oA 2t 0 i T
TR S AR 4

Z4[n] = £5"P[n] + %3P [n] (13)
b 2P 0] B B S AL (5 48 PSHE TEARALIA . B > 25'P (] Bl Bt A e 153 46
PSHE TEAR {14 54 » S0 I — B E A R4 4E ST-PSHE JEFRIAMEH Y - Hrp > JRa]
DU EB ok SR 7 (2 S-PSHE) ~ B2 RS ek S-S0 7 (R 2 T-PSHE) ~ 5%
SR A 53 A7 R 4 AN ) SR (R B TS-PSHE) » L33y 72 B F e
gt o
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T~ BAEELBERHE R R MR HER (%)

ST
i - HERLE Pi(E
7% 20dB  15dB  10dB  5dB 0dB  -5dB

MFCC 9.71 9244 80.56 5861 30.04 931 339 | 54.19
CMS 9972 98.13 9427 8045 50.64 2381 13.04 | 69.46
CMVN 99.69 9797 9498 8725 67.52 3487 1373 76.52
MVA 99.66 9796 9598 90.27 7646 50.710 22.86 | 82.27
PHEQ 99.65 9852 96.56 91.19 7578 4539 18.14 | 81.49
ST-PHEQ 99.58  98.59 96.99 9226 7895 5036 20.04 | 83.43
PSHE 99.47 9755 9429 86.54 68.54 37.58 16.09 | 76.90
CMVN+PSHE | 99.56 98.38 96.59 9226 80.63 56.24 20693 | 84.82
PHEQ+PSHE | 99.45 9839 96.61 9271 82.05 58.75 28.34 | 85.70

T~ PSHE & Z= [l e IS & SR A B (R HER (%)

ST
g g ANIREL T
% 20dB 15dB 10dB 5dB 0dB  -5dB

S-PSHE 99.39 9729 93.69 85.73 68.77 40.17 1775 71.19
T-PSHE 99.41 9731 93778 8590 68.89 40.18 17.68 | 77.21
TS-PSHE 99.45 97.10 9344 8550 68.65 3996 17.13 | 76.93
ST-PSHE 99.28 9728 9421 86.70 69.48 40.06 17.71 | 77.55

FEFEEHY HEQ 2 SHE o » IS MERR B0 552 27 B 5 (monotonic) Yy &
JRBIE B R AR T R A BUEAY AV N (B2 B E 2 IRV S R (ordering) 24
R ANSEHY - ST-PSHE B 17 FT BRI R 2= ik _EAYABIL G LAST » LR S (B 73 Il (e
(eSS YT Ut m] RE & OB B R A RIS R L B R/ INIEFY » 1 (159 F BRIy B
RES— DR R AEZK - N IL AR/ ORPS Bt SR EN (Y 275 3 il > (i
FZE g ARE i B IE R BB RE S R ECET T4RET > IR UG AR IER LAY EE SRy
e

EREEAYE > RS HRHE IR 575 » BB A st SHE Frigthiay 344
PR ERIEULL - M EAAR TR - FE[25] 9 » SRS (R LR 2 (octave) IV EE B 73 Ry
THEPERT - ESRA BRI o - MBS — (BT HET TR SHE a2 ¢ iE[30]
s SRR LR o By W (AR B I T SHE JBRFE - 17815 AUSER AN by ] 3% > 28 -
FE LTS o AR B2 73 S B AR R E SRR LT R PA_ BRI &7 A [
FAE © IR AS R SO AT 7 SRE R B A A BB Z A R (e {RAHZ ]
2 (EREDIRY 7 B3R > RS ARG SR A & i A B A TR 5 - 5951 - A
T BRI R 2 A PRAGET ZRFE (finite impulse response, FIR)JE a5 » ST AR AR A 7
PSSR > A E R R PURIEARE (numerical stability)sthiEf T E (F -
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= ~ ST-PSHE ELH AR {EVERIATESE & 2 HEKIEHER (%)

ST
—_ - aHERLE i
7% 20dB 15dB 10dB  5dB 0dB  -5dB

CMVN+ST-PSHE 99.45 98.44 96.82 92.8 82.01 58.44 29.39 | 85.70
PHEQ+ST-PSHE 99.41 9828 96.59 9244 82.03 59.13 2932 | 85.69
ST-PHEQ+ST-PSHE|99.37 98.12 96.42 9228 82.16 60.08 30.98 | 85.81

VU ~ ST-PSHE B AFE ERE K&t G YR IE R (%)

=T
e - AHERLE Pl
B5% 20dB 15dB 10dB  5dB 0dB  -5dB
AFE 9974 9880 97.68 9427 8547 6254 3026 | 87.77
AFE+ST-PSHE | 99.70 9882 97.64 9428 8580 63.86 3222 | 83.10

11~ EERELI T
(—) HEREHRIEH

A S B B A AYSEASHEE £y Aurora-2 S SCHAEE TR EE[42] o M EEHEE FHEIOMN EE
{EfE4E < (European Telecommunications Standards Institute, ESTI)A25{T » NA B EH
EERCF A SF BV EH . - FEREA S G.712 K1 MIRS WifEA [ HY M ESUE » K
B~ NEE -~ R - [EE e - BB - N - B OKEEURE R R o DR
18 3% 73 Bl LAEZ % ~ 20dB ~ 15dB ~ 10dB ~ 5dB ~ 0dB ~ -5dB -t fd A [HAYEHIE LR AGE &
b BEEERHE S H A FIRVEISREER - 2 hlH 8,440 mJHVEISREEH) o 1ERZ 564K
(clean-condition training) zE it 1 » A sE A B HZF A SEM Y - MEESGHER
(multi-condition training)s/l|&REERIH - 275 Rt Nef - ABE - VR - [RE TR VU
o HEAEEERH 5dB £ 20dB SMIIEZFRE S - WIAHFIISREER & G.712 MERIE - ANim
S B B — RS PR | SREE R TSR -

FEHIEEE R O - Sk L E B /2 H1-5dB #1] 20dB SMFz a8 - M A 28,028
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275 3Rk
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Abstract

To avoid the confusion of phonetic acoustic models between different languages is one
of the most challenges in multilingual speech recognition. We proposed the method based on
Latent Dirichlet Allocation to avoid the confusion of phonetic acoustic models between
different languages. We split phonetic acoustic models based on tri-phone. And merging the
group that selected by Latent Dirichlet Allocation Detector to solve pronunciation variants
problems between different languages. This paper has three parts. First part is introduced the
Pronunciation Event and Articulatory Features. Second part is about Latent Dirichlet
Allocation and the acoustic model selecting method using Latent Dirichlet Allocation. Latent
Dirichlet Allocation is a Hierarchical math model that proposed by David M. Blei at 2003. It
is often used on documents classification and document generation. The structure of LDA is
also suitable for speech recognition and nature language processing. The final is experiment
result and verification the method we proposed.

Keywords: Multilingual speech recognition, Latent Dirichlet Allocation, Acoustic Model
Splitting, Acoustic Model Merging
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WA SR R — BRI e 2 — A RE e T am
T MEENE 0 A B E RS EAYEE R T EC T AR E A R R R R
[] « AEm SCHR Y —E AL BV am H ARSI KO8 LR (B a5 st s am B R T E T
% e B (PRSI R T REAH R R S ) S LRR B - BEEARE R i TR DL R R
HIME MR (% » 588 T REMERI 8V am B DUHIEr g R A - EhadtE 50 HiE#T
Twitter [y 1000 e CalamiET oM - SERBURAER ST/ A 9 4EMER accuracy &y
84.44% > [E]HE = precision B]%E 88.89% - {E > SVM k7 Naive Bayes 4348,% - B AT &5
s i b {E iR (A AR R R 7 SR e L O [m 7 A B -
Abstract

Opinion analysis has grown to be one of the most active research areas in natural
language processing. If we can classify reviews and messages of blogs correctly, it will help
to analyze product and service competition and to realize the opinion orientations of the
people on public issues. In this paper, we propose an opinion orientation estimation approach
based on target finding and opinion modifying relations in microblog reviews. First, it
collects reviews from microblog and preprocesses the source data. Then, by extracting any
entity or aspect of the entity about which an opinion has been expressed according to opinion
modifying relations, we calculate the overall score of opinion orientation.

In our experiment on the 1000 movie reviews of 50 movies from Twitter, the average
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accuracy of the proposed method is 84.44%, and the highest precision is 88.89%, which is
better than SVM and Naive Bayes. This validates the higher precision from modifying
relation identification for opinion orientation classification.

B - BRI > BRI - RS > EURE - R R

Keywords: opinion analysis, opinion orientation, microblog, sentiment word,

modifying relation

—_— N A:‘A
wH A HH

1B4EEM (emotion detection)r 3 e 172 i S BIRH AV B B 2 = R FE F(EHE -
BRI BB E » TS - AHFUEBEIAMAEEE Twitter
S5 ] TR B 48 sal s T HE ST (tweet) 1545008 » R RSP B S HYsEE MG
Sl LEEON B 5 P DU SO S B 18 S EE R R A S BRI -
H RIS - Ao 15 48 5] s BUE B RA (R 1T DLA) 1 R LR Ay 1B 48 (5 A
(sentence-based emotion detection) FHRH -

ARIHSE T EEFFESCOENEER (% > T2 tweet YA Esm B FEBLE BEE 2
HHV BRI > TRENEERA R ERE HIETEam R N AP S A5 48 - ARIRETam RE DL
JE R B EfiRR % » 208 T REAHRERY S Fam B AL 5 S R =) SR TR A e 4
A CEE 2 B REE & -

— ~ MBI

T SR TE B U AT F AR °] 73 Ryl B0 TR HERR > B e R 2R SR
JEREVBEE NG A [112] - HAMEEEERFEIRS > AR SE R T B RAIEE
(A > EifEm HAR (target) ~ F5EA (opinion word)Ss « 82 FAGRHARES—EE S
P BRI IR G (AT SRR > BEb R REVERAE NG 7A EHER -

(—) ~ w¥am H 5

Kim 1 Hovy[3]&1 ¥ 88 T AR &1 TH S IS Y opinion holders Kz opinion
topics o Bt DABE F P AR By LB AR - BEE ARG (E ST et a)+ - A0
FrameNet /Y frame element Kz #ifi]a)T-2K#ETT Maximum Entropy 3[4k DL 2] 4] 1 HY
opinion holder Kz opinion topic- 1% & 4SS AVHEREE B 64%  55iHH FrameNet th iy frame
J¢ frame element 5R » HEEFREE /AU HF4568 - RIELAEMERI A & -

Popescu F1 Etzioni[4] £f % 55 A9 (5 FH & 55 > £F F PMI (Point-wise Mutual
Information) ZRAEFS-E 1= fE [F] H FRAR AR i = YA K = VB R A (opinion targets) » Bid
ARG EIAL » FefbR TEER PMI DLISL - HEEA AR P Y Esa &/ P A
[E > BT LA PMI A fEAe Sl [E] 28 - 2k e TR am H A -

169



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

Qiu 5 A [S]fs A & & S am BRI [201 42 19 5 Fam Hr ek HH ¥ am H A2 (target) K2 & FLGH]
(opinion word) - E5{#H POS tagging FE:~HVgE % - il E 2% target Fs#45d - opinion
words Fyf 255 o FiZa i Minipar[ 21T 5 FRV4ERS o afa A Bv45HE R E R
SLUFHY EH AR (75 oo MH B 8 M 5 55 ) R SR AR e Bl A+ FR R AT T SEHY H AR -
#1”Canon G3 has a great lens.” » o] 745 EfiENT1%£152] G3 —» subj > lens —» obj > G3
FyEhE"has”HY 55 » lens Fy@fian]"has™ <255 » #5 LRIHY B R lens” » i i a] F-HY45H4ERH
HEIT AR H 1S A1 " lens” B17G3” Ky AH [B] = REAY HAZ - F407iPod is the best mp3
player” » 4 F-4CaEfEIT1% 15 iPod— subj - best {Z&fi player » ffij”best” & EAIHYE R
ar| 0 s A ] EY AE RS B LRIV S SEEI 1SR " player” B2 iPod” By AH[E] 1 RERY HAE -

(=)~ (kA (R

Zhuang 5 A [6]$ 1B s atam i TIE 46 70 - fffI{EF Stanford Parser T.E.[22]
SRFEMT TS P B BRI R - P E RE R EMEE A o KR tweet
B F4EEE R B 25T 2 LR (L SE - 45 (] Stanford Parser ST tweet Sl A BEAETHE
SN BT R B BB (% - RIL AR 07 A E 28 Raa B T/ 2 S ERRA (R0 774 > 2K
sefk tweet AN ER AT A)F-45RE

Qiu ZE A\ [S]iE#E &R 20]F AR HAR 5 8 Saml DL BT AEFERA R - KiEg
Bl - EAHRA Y B AR ARG o 1A 4G HEE EAEACEAN (semantic dependency
grammars) > ] 43 B B BEAfH fc 14 (Direct Dependency, DD) & JEE #:4H it (Indirect
Dependency, IDD)fifd 7 5a454%[23] - FEiHT ekt + - ST e RAEE R 2eEs - I

PHECERRL L ARy ST an CREETE S HERSCER Y H AT R B - DRI A &
T TR /) TSR R & HARER B RHEE Cre B AR Y H AR A s sk
i — Db B REAH R Y H P ROE R - (B LR EAVER B SS R R B A IR 2 £
> NI EE P BT TR AR 7 HINERE N E LA - A~ ZA A 7-4
T S B EfiRE (R AP B A B - REAH R A H AR R R R e - IRE A SCER A ERET A,
ST RE B T REAHRRAY R - FoME 2o 7 aa Rt 2550 Ko Bhaa] » B8N T I Effiai RIEY HIE -
otz HLA A R R aA] e AT BE B ACHT B I B (e T RE M - DRIEEA R S5 R ) T R4S
fErE -

(=) ~ Twitter B H 5387

Go ZF A7) Twitter #{T154E 5747 » F1JFH SVM ~ Naive Bayes 5z Maximum Entropy
Loy BT AME TERRS » AE(E AT n-grams ‘B {ERFEUETT 0 SRS HVEIIGR o A (FI30R KRR
EiRHERE tweet HHVRIERIFTKEFIGGE T IAVEEE(IEMIE) < Pak K Paroubek[8]%
N A 5aISHZ A Naive Bayes Classifier 7pEHE - MM 178E (8 RS T HIRERT
PEMFSEEE -

RIBLL ERVRRSE - RNy Twitter 025 F2ELE4E 0 HVEERIE » FrPUEEREHERE
R BRI E TR SR RCRIEVE R 7 BE A 22 [2] [9][10][11] » FEAEm L » FefM

170


http://dl.acm.org/citation.cfm?id=1183625&CFID=342123780&CFTOKEN=13054380

Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

AN TARSE T AR EE RV (positive ~ negative  neutral) - #1FEAESTETET
s p T HEE (target) Y= RHI=) (opinion orientation) - {5 n-grams ke salHs & /R
BRFHEE B A P M ) T451 B R AW AR B e atam B AEHY
E&fiRE (% » REAXAIE s B R im0 S -

= WA
(=)~ R

SR (weet)HIPIZ TR LA LS - BUELUR SIS EAT3TaR S - A C Tl
SR I Twitter of 5 RS FoT 0 LT3 - TR A9 A EL L (target) 2 2]
AR AT e - TR 1B R ST« A3 = (B S04 O
RIPRED B2 RTISHI (0 - A —Fw -

Tbpic-Spacific
Twesets

|

Preprocess
l i >
Mamed Entity =
Recognition SentiWordNet
Opinion Analysis Module ‘
Topic- Tar L
; get Part of Speech Opinion Score
Specific P Co-Occurrences > Expansion . > IModification ’ Estimation
Resourcas Optnion
4 > Targets
. synonyms  ___J
WordNet Grouping -
Opinion Orientation

Identification

Linguiztic
Rules

B — ~ J5EAEE
WE—FR > B Crawler Y EE B S T RERY tweet (Twitter API[24]) » 1L
AIERE > 0 A)F L BAMEBEERTENAE > RMFH T EHEREE IR
(topic-specific resource)#1T HAE# e (target finding) - DLEESZ Rl - FefMHE 2Bk AHY
B A EFE IMDB (The Internet Movie Database) P U EE B SZHMHRBHIE R ~ 208 ~ JH
B REREE  HEEEE ROTEA T ER] tweet N R G &H 5% T REMER H
R - TR R R BORHETHER (E & -

(=)~ Az
By T EEZIREEE P AVE G (opinion word) K 1 (topic) - AR 1R
HHEARY tweet (5FT &z HAR Z FEH LA THIERY -

171



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

1~ PFviee

£ Twitter o > fEFIB LN EREEPIFHYIEGENE - At & R i B ARt
AEFEmAVELE > B4 “I lovwwvvvvvve this movie.” » ZR[fTSERAVHFF Al RE &G B 5B
BifE (e FIER - IREAERSL(E A Google Spell Check[25] %5211 tweet HEFTHF VIR A >
BRI M s F R e WS UE R FRENA ELElRE -

2 ~ Stemming

FHIA A EEHY AR (W1 movie 1 movies) ~ Fa/PERYER(L (41 good A1 goodness » &)
sAMHFRR (40 see 1 seeing) > HHGEEABUHEINVFHSFAIEARNER = BT %
L) FAVERERR S ABHZE(H ] Porter Stemming algorithm AT AARIE [RAVEREE -
HERE SRR ERERN N B FAGNES M R ESREAtEE
=y -

3~ FHEIEIE

Tweetls: T NAEARSLZ AN > BEE DU %EBERE

> Username: % —{d Tweetfy [0 BEH S - FVARE @ FFoRRINE 70y Twitter
ID » —{EZtEEE 5145 AN - 4l - “@disc the tall man is such a good
movie.” o

>  Links (url): (& e {rtweetp 4y = §H4E - 5]40:“That Blade Runner sequel is still
happening. After seeing Prometheus, | was hoping everyone had forgotten about it.
http://www.deadline.com/hollywood.” -

> Retweet (RT): FtaiEifEnyEE & (RIE Twitter REF—(E A = E1Ttweet - FLETLA
RT—T > DIEBEREREER - VAR © RT @F4A%EmE Twitter 1D: s HERY [
e flan : “RT if you like Titanic, Harry Potter, Twilight, Pitch Perfect, Skyfall, Life of
Pi, Transformers, Les Miserables & etc.. :)” -

DL R0 A s 25 F S T tweet th AR Z AU N - HE 5 HE NS E M2

FE R My AERER - BT AR S SR DAMIER - RS RGNS -

4~ FAMERREE (POS Tagging)
DRI R T 7€ o R & L e B ] o B 6 RS T2 R (4 (AT 5 B B 2 TR e o
SCRHHEAA REHE T HE— DAY B > AP Stanford POS Tagger[26]3E Ta MEATRE -
(=) BERS
REMHHE RO ITE - FE o B=(8F 5 #HHEENE wE & (target

expansion) » = F za|BLET G H A2 {ZEMRH{% (opinion words modification relation) » £7{&515L
HFHYE R T8 (opinion Score estimation) s A 7]+ HY 7 FL{H[=] (opinion orientation

identification) -

172



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

L. w¥am H AR

HEZRF A Twitter fr (< e 1= REL S tweet - {Htweet A 25, 0 BE 6L 2 3 SCE HHRERH -
RERY R smEc ot - f5140:1 went to theater to watch Argo yesterday. Ring Ring Ring! | was so
humiliated when my phone rang out. » il & & EAVFLEFT % - (e 2R R ER
rREEEE AN VR B IEN DA ST Argosa B BB s MU HY RS Kl -

By T BEiE T R L & 7 Twitter 3 T RARVREE - B /o T2 4k B tweet - {5
B ReERTam VB - W H ZER LB AR T REAERR © 1201 “I watched battleship
last night, Rihanna’s acting is amazing.” {574 - fF &z #itbattleshipiz 852 4 E B Y E T
TRANSE - FHILBI RTS8 3 » 385000~ E BEaambattleship » 112575 B AV EFECTFAVRHE -
i & Bfbattleship IE I FF[E Y tweet » (K By BV % F 2B EE — - HEE
(target) Ry Bl - = S AHRARY T30 - Al pE 2 [FIZRan aatam B A5 » A/ NGk 48
HefMHtargety Ik

(1)~ dp A E AapES

TEARME R LLER Al R EEE ~ B ~ GRS AR e B B vE &
A RER Ry B » BUE AV - Pl DA AR s N R Y RRE » R ZERE A
=01 IEEEANE - B Stanford Named Entity Recognizer[27]2k ff(EE A5 %%
ARG » EEE S tweet PRI REHIIRPR BB A RANVERS f45d - (A0 A ~ EH -
e~ HA B HIEE S -

(2)~ H[EHIREE{% (Co-Occurrence)

FM1E Movie Review Data SZ£[30]{5 f PMI (Point-wise Mutual Information) gz ¥ 54
g [E] HHFR % (word collocation) » ZE(TT T fif S & H 0 & wfam B s IRH i 0 2 S Y 44
ar] o P L SCER AT A HY f4nE BB HHFR K (term frequency, tf) FIEEEE =~ "movie” F&
&) R AER 2404 (emotion-words collocation pairs) HEH 2 E » 43 RIETEL PMI score 3fifc
Bl B HEY - FEE R EL PMI 2 &AL K (EE st B IRV AT AR E T BE - &k
TEE B R k L HUE (E 2 & fEFMIAY target -

PMIWLW2) =log, 2ot (1)

i{[[/[;\\ft 1 ﬁﬁ/——l_\" P(Wl)*ﬂ P(WZ)mLXﬁi@§+/;§: wl *D w2 {}?Uﬁfﬁﬂ@%%&ff’z%*}&%{é
SHE 5 T Pwlw2)RZE wil il w2 Ri{EFILE HER (co-occurrence)fyisR - AT LLE T
B E A S0 T £ 5] R A R E bR s -

(3) ~ [FlZE

S A—FEYalERZEFE A DIFRE - fl20 0 Bl”movie” [F FHYH F
A film” ~ ”show” ~ ”flick” ~ ”motion picture” -~ ” moving picture”Z£% - fy 7 e
rREAHREERY target B - T A WordNet 2R H Se A EHY target Y[E T -

173



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

2. sl EERE (%

FEFREI AT RERY R am HAR (target)(k - # N AR EIE A7~ rha¥am iz 28 H AR S EfiR
& o WARERIESEAIHEESS > SRS am HARA RS T8

(1) ~ el Ak

RIT A F BRI AN DL+ R BT Sl BE P i —#E A DAR R SE B4

BE - HisH DR R o) &R -

— (B EAGERSE S M EEZEAVER 7 ¢ E5EE5r (subject group) FIHIEEESSY
(predicate group) - JREI—{E4a)F 0 EEA EEAFIAEEREE - 1R T 28 LUK

TWAEE3] » BT A S A& e i) @ R 25 Bl 5 AR E AR (R [12][13] » K T2

A H AR s B A R - FFIETE DL NMEERFRAN » 25 H s a S DU N AYEEfRA (% - Al

BEA)F T RE & B ARV R - FRAFTRE i a0 = L [ B o 8 E o LB B A R AL

(EIE &) &

1. VB/VBD/ VBG/ VBN/ VBP/ VBZ (Z Rz » &hzd) + T: T & target » 2856 B 1Y
HEE - BARAIEE - BUESHNEIEE - HEERIL - RSB E 2R - RETTT5E
R R w7 =UEE B LA B AR Ry BRI 26 - 140:1 love battleship. -
"love™ &4 FH1HY VB » "battleship” & 8 4 - 2 Fe M0y target - {E L A)F 2
"love”Hy5z 5w » A DARF G B MY EIERL AL R £y " love™ 2 @ R IR i B 485 - A AL A2
¥EE 52" Battleship™ 2 & i IEHIAVEHE -

2. T+VB/VBD/ VBG/ VBN/ VBP/ VBZ (& H.z7 » #z7): T 5 target » Sy T-rhiy 354
T %A 2 EEE A LBl EE T SE TR 2 T 5 AT Ry BGIRAE - 451140 The film bored me
to death. » "film”ZF9HZ]HY target » “bored” &4 T 1Y VB » [ 5" bored”&E
AHIELEE - Pl 2@ B & HHYEHE -

3. T+VB/VBD/VBG/VBN/VBP/VBZ + )] (ZRzH » JE&z): T kK target » 2415
12 - 5I40: This movie is worth seeing. » “movie” & fiHZE1Y target > "is”24H)F
HEY VBZ - "worth”fEa] - fy 3 > [ Fy” worth™ 2@ s IR 15 44Ee » AT DAL )2
AV IEHBTRHE -

4. ) (BRFDPEE) + T IR 223 F target K (& target HY{EEfiE - F40:1t’s
my favorite movie. - {5F-H » "movie” /& target - "favorite” & JJ » ./ E{Zfi target Y2
55 0 ARy favorite 2@ IR F 44 - Bl a2 @i M HY IEmEHE -

DL ERYEHGR % - # R Fi aFHEREERT Y B > I In the first movie Tony

Curtis’s acting is amazing. » (7] 7256 3 fElFE T + VBZ + ) » {HAE target finding B

4 E]"movie” 2 "acting” /Wi {[E target » "is"& VBZ - iEi¥ & =ik Bi{ZEfEE J) "amazing”

BT - L2 "acting” » i {2k FIRVRHEGZ "acting + is + amazing” - 7ELFF &

R Ry Bl A A+ FR AV EEBE M s 2 E A EY 0 8 BT E R M EE{E 4 -

(2) ~ Eb#esy
el | BBl ) SR T SR A T Ly R E TR LRI E E AR INE
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NipasEE BT EIEE L T (R R Y g DU PR s i - il
The picture quality of Camera-x is better than that of Camera-y. £l 7~ FL# /S & AE A0
REE  EEis RAVLER G o FFIRFE RAVEERRA (5o & T 51 ZE[14] [15]:
1. JEEZELEEL (non-equal comparisons) @ ¥4 EiCLECEMERYIESS - #1400 : The VIA chip
is faster than that of AMD. » Il H 2 5 RAYLLE B IR R A - B @ |
prefer VIA to AMD. - @I+t 2REES R o FFIFIH POS tagger sRAEEZECELES
& 0 L R"IR” ~ 7JIS” ~ "RBR” ~ "RBS” » s 4550 ) Bllzal Ay ELseal - il Life
was harder then because neither of us had a job. - {§-F-§1”harder”4% % POS tagger &z
R"IIR” - AT, target BLEEECAVMH S &
» Target +JJR/RBR (EHzH): 7 JJR/RBR E 1L 40 Rl tweet ¥f[11; Target 2 /&
RIEHEHE » %5 JR/RBR Z&H B4R » Al tweet £f i Target 2 & i & HIEHH -

> JR/RBR(E ) + than + Target : 75 JJR / RBR 2 1EHI[E4%EE0 » Rl tweet ¥f[IL
Target 2@ A HHE » %5 JR / RBR Z2&HF4E5 » Al tweet ¥ Target Z&E
IETHEEHE - 5140: Why are books always better than the movie versions? - {511 » %5
movie f target - Aj i E ] better than” Ry A s LLEAK - BN IEEEHE - ELELLEE
BEA (R > ook (& "movie” - At LU A" movie” 2 & i & HiHYRHE

2. HEFEEEEL (equal comparisons) : ELEZHYBH(RAVAZ S BIRST EMHERY » 40 @ The
picture quality of Camera-x is as good as that of Camera-y. » {5112z HH Camera-x HY
MR anE L Camera-y —R4F o AR FSCOETHTE AR EFEZ - 75 tweet N2
HF"as + [FRIAEE + as"HiRAl > IR AR R R B4R 0 AL tweet #fE
target A A RE & (R HIRTE L S 2 » 25 BE R AR A0 R & B 48 5 > RIEE tweet ¥ [i target
HrREEAHHE -

(3)~ HEH

FR#E Tottie[16] » T YA ERESE (negative marker) £ 3847 fy = AJH -
(1) not &€ (not-negation )
(2) no &xE (no-negation )
(3) ARG E (affixal negation )
& ERERCHIEFIR—FTR -
Fx— - BEEE

not-negation no-negation affixal negation
not No (im)perfect
nor (inrespective
none (in)dependent
never (un)able
neither (non)functional
nowhere, nothing, nobody meaning(less)
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i Tottie (Y53 AT LASETR » not ZERI no EEAEA LBRSE AR - TGS E
(affixal negation ) HIJSE A2 MRS - 1E3A4575 EHIHL5E SentiWordNet A8 (E i 1)
WeRl > a0 perfect —» positive »  imperfect —» negative -
not-negation il no-negation HYRRER[17] - SefRIRSLAT/ M 4ARY T AT ENEERRA (5 R E &
B4 F5 24 &7A not-negation B no-negation iy » Ry fZ#EE & HI4E SR - FI40: |
don’t like this movie, the plot is so boring. {570 » {¢H& > Fi/ M 4B8HYFRBIAE” | don’t like
this movie,” 4]y ”like this movie”$% %l VB + Target WY {EHffRH % » BB IR IERIEHEATH)
T HEARERE U A ER - TR B IEmaHERN A TR g E A R -

3. BRET

Tweets {E&CBRTEEIHVEERBI (AR EEVIE= - SR EaHRI G o R Ry Bl 2 [HHY
PEEE T 2 2825 42 578 > 51400: In the first movie Tony Curtis’s acting is amazing. » {5+
tro FRET + VBZ + WY {EH(RE (% acting + is + amazing” » F(T gt EE R target
Z [EHIEERE R T RS AHHIRE SR - —HIl tweet A BEFFAERT A EMR(RHVFFE > FTLARREE
L8 1 B T B4 S B g A H e I tweet BN IEAIE 4G AT S - TR EZ 8w
ALY tweet o G s HAFGE T EEVET R

_ M , t. T
SCOfe(S) Zp*p_,—'ES dl:o‘,‘.:l_l-uf[:' E (2)

AT opef) s FHYE R T Fy#E i target finding Ak F] target HY 54 d(op;ti)
EAEA]T s PR R opy K GHVEEHE » so 2 EEfiF opyHYIF4E HEIA] 7780 HH SentiWordNet
141 - A ZUHY multiplicative inverse 2 &y 1 FIETEEf1T {26 target HYRTREM: - Z5FHEE
Az AT B H AU I 48 70 BUEUI - B4R tweet 1Y BB A T B)F 1548 0 B4R - B %
W 7 8RS tweet SR =J:

»  1Emi(positive): score >0 o
>  &ffi(negative): score < 0 °
> ¥ (objectivity): score =0 -

VU~ BB

(—)~ M E R

PETPkiEEAE 2013 A 2 H 2 3 H By 7 -HEEE s U e HAHRAR T A tweet o [ A5 A A8
EEHB R ETER—K > FrblEhe 5 Rtk —X - W HIH TR 2013/3/20 »
2013/3/25 ~ 2013/3/30 ~ 2013/4/5 J; 2013/4/10 - & H UL EE & K 200 Hif tweets - JHIELE R}
4a3L 1000 HIf tweets » £ A TAEREEERN tweet Y545 TH A(F B EBSIVEES % - H
5 NEEATIRGERE > A =80 IEA ~ & -~ B8 - S22 LA+ SEA-1 > ZFER
0 o Ef&IR=TEBHIEHIIIAE - BRZBBOIHTTEACHE G tweet HYFEEEH [ -
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(=)~ BhsE U 5

FAME TS )T 4 TR Y target expansion FYEFEGEIS 36 B ik LA SR Sc iy T A8
SVM K Naive Bayes 7338 75 A0SR » 43 pll & et B 1E & i K -8 (subjectivity) s amHYy
FEHE=R (precision) ~ &4 (recall) ~ F1 2 #EffE =R (accuracy) B 2K i & 7 /AR -

Hrr baseline FyARf8 Ea am HAZSEE > FrlA target B EEE AT > #EILARELERE
s B A SR AR R -

I RN Vi

Baseline [A] B target & Hi/0 > {15 recall ERaaFMmAS > HEEGE IR AE 5Ha
BB s N e - B e am iy target Bl gE L& A4 K B g Feff{# A Stanford Named
Entity Recognition T E4EksFam HAEEMNEE - 1A NER FifgHY 8RR — - £=
A7 e

2 ~ N A Named Entity Recognition Fiji& iy £ &8 5 am o SRR bhil

FEOE Baseline with Named Entity Improvement (%)
Recognition
Recall 0.38173 0.40315 5.6%
Precision 0.89247 0.90671 1.6%
F score 0.53474 0.55814 4.4%
Accuracy 0.57438 0.59594 3.8%

5,

EfEZA(H A Named Entity Recognition & 14 e 2 AH BRIV ~ i 5514 T M BA 45 o
{Etr S BRI AT N E A XAt g A target > ([HA A FIRBEEZ AR A
£ tweet > FTRURER D HY tweet AEE AR amER » WR AR EHE X B GEae
IR By target HYEEII1E precision ~ recall 5z accuracy & A fE71 -

2= ~ A Named Entity Recognition Fij{% iV 1E & [l 5 Fam 77 SR bR

=R Baseline with Named Entity Improvement (%)
Recognition

Positive Recall 0.402 0.41673 3.7%
Negative Recall 0.39483 0.41837 5.9%
Positive Precision 0.91224 0.92194 1.1%
Negative Precision 0.88563 0.90173 1.8%
Positive F score 0.55807 0.57400 2.9%
Negative F score 0.54616 0.57156 4.7%
Accuracy 0.58813 0.60956 3.6%

MR ZFT o B A B S EORORET i — TR S Y IE T (positive)
% £ Fi(negative) Y3 BE t A A TR -
A1 — R ZFT:  tweet HETR R 45 R BV 4 R — SE AT RAERE b
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NER FERRHUA 4 R B #4 gtk o] BE & P B R target [N LEAE precision S UATHHIAED -
2. SEEHIRE R

Ak~ B =P Fefor nlEREE £ 28 R S &Eam iy R » & K{EH O
F 15 BF - (RIRsPE T target A& & » recall 2 F745 HBHEARY EFF - precision AJREH E%
[ opinion target 34 IN{EASEARBAGE G M ZXAFHE T FFAVEEES - {H accuracy HY
E ARy kK (HrV8 N AR L7 - & K {EH 16 £ 23 Ef > target BIEE 2 AV AHRAE T -
precision {[32AE EIRFFE NREAV#EES > 1M recall WA EF- - Tl F1 score {T57A1EHF
%8 % - accuracy {E R Ry TR R A T B -

Subjectivity

-

P

N
vavvw

o

01 2 3 45 6 7 & 9 1011 12 13 14 15 16 17 18 19 20 21 22 23

=3 ==Y = = T = = T = B = =
o PLPLPLE RPN PnPU P nPio
O R IR LI B LALEN Sy A ~JLA D8 Lo

=+=precision =#=recall F_Score

& — ~ R[5 k B PMI ¥ = 28 5 am 4350y precision ~ recall J7 accuracy 522%

Positive

0.95
0.9 —#=t—y

bgs T
> ‘ﬂﬂ—o—o\

0.75
0.7
0.65

0.55
0.5
0.45
0.4
0.35
0.3

001 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23

=#=precision =#=recall F_Score

B = ~ R[E k{E PMI % 1F A& %8 73 5E5AY precision ~ recall 5 accuracy g22¢

IR ~ R T FFIERZEE] precision 2 NEHY - E 25N target - FLE 1)
T o T AR FE TS - %2 il BE Ay ) - BE 4 A B IR 7 {5 40 " Loving the music in total
recall :-)” » {jlH) 2 EaFam"Total Recall”;SHSE AV ELE « B+ HHHEIE FaE"loving™ &
@fii target "music” - {5 ] > 5140:” Watching Warm Bodies! :D right after i listen to my
5S0S playlist.... | have a problem... Im addicted to 5SOS music...” » ff]aj-HHFE "Warm
Bodies” Kz "music”iZ Wi {[& target » X ERI4H{ZEffER%: — Fy Watching {Z&fi Warm Bodies »
Z A HIER Fy objective - 55— Fy addicted {ZEfi music - Z 4 HET Fy positive - % 45iHE 78
HINAEAETIE tweet Sy positive - ZATTT EEEFEmAL A ST BBV S SE - FrlAE tweet &
Fy"objective” - BEIRNA TR EIE A FHIEEGRA (% - (E target A~ —E BLIFZ B ERZAHRE
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VU ~ A PMI (k=15)gii{&HY F 28 s am o0 SR L

FESHE Baseline k=15 Improvement (%)
Recall 0.38173 0.68176 78.6%
Precision 0.89247 0.85247 -4.4%
F score 0.53474 0.75761 41.7%
Accuracy 0.57438 0.79341 38.1%

R~ A PMI (k=15 AV IES

T3 ) SRR

IEEHRF R Baseline k=15 Improvement (%)
Positive Recall 0.402 0.70449 75.2%
Negative Recall 0.39483 0.67968 72.1%
Positive Precision 0.91224 0.87124 -4.5%
Negative Precision 0.88563 0.84963 -4.1%
Positive F score 0.55807 0.77904 39.6%
Negative F score 0.54616 0.75521 38.3%
Accuracy 0.58813 0.82732 40.7%
3. [

WFEANFR - L EFEE RN target FYELE - fF F R EEESG  EVE RS EE
Friest  [RERIERE iR B & s am B — el A 1R 2 B n] DIFR 2R » (RILTE
tweet HHEETR S S B ER L A RN am M ASERRE (% o

Fos ~ MMAEFEHRIR Y F 28 R bR

FEIE PMI (k=15) | PMI (k= 15) + synonyms | Improvement (%)
F score 0.75761 0.77374 2.1%
Accuracy 0.79341 0.80971 2.0%

WFLFTR > N RHET LB EmE SR N £ S aFam o B RE LA Frie Tt -
SR HE— R > A EE G A R AR AR Fam s - B DL e F %

=
FRERGHE T HIYAE -
F1 -~ FEIFES A& 2 IE & a7 SR EL R

EEER R PMI (k=15) | PM I(k = 15) + synonyms | Improvement (%)
Positive F score 0.77904 0.79307 1.8%
Negative F score 0.75521 0.76201 0.9%

Accuracy 0.82732 0.83929 1.4%

4. PFREEJT AL SVM K Naive Bayes Classifier 2 FLsgzBls &
FARIA n-gram 53R P PEDTRT » BRI S RIS Sm T seIde - B
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HE A AES - FffIEH unigram 1 bigram - HUEIEME n-gram BErEEEEES A
n-gram i E £ A 7 H 1 8 1% (Support Vector Machine, SVM) & H [X 43 %8 25 (Naive
Bayes Classifier)sk /3 ffraa#HAETT HBIEHE 73 H[18] » i fg bhie A 9E I3 /A DL R A48 7 A
i A AR B TR NS HIB 48 Y RER -

25 T B B 22 S5 IR AE target expansion {85 Named Entity Recognizer~PMI (k
= 15) &z Synonyms REF 73 BHIAER - (Rl - 12 fF 7L target expansion (S _Eait 774
BB T 5 B BT 055 » A8 SVM J% Naive Bayes 43 S8R LR -

W/ \FSA1 » TMIHY o3 7AESR{E positive ~ negative Jz subjectivity KRR EIEE(E
> SVM Jz Naive Bayes °

)\~ AT 7451 LibSVM & Naive Bayes Classifier precision FYELER

FRE T4 LibSVM Naive Bayes
Positive Precision 0.88893 0.72810 0.68017
Negative Precision 0.85392 0.69724 0.63694
Subjectivity Precision 0.87269 0.69378 0.63954
RUR AW IT 2 21 5 am B AR SR B3 2 [RIRVEERA (% BT A B AT R AR

A HErELE A - ATEERY B RiR - SO AT A i E nl sE R am Ay HAR » FrlAfE
recall HYRER &S SVM K Naive Bayes » #1FE L ©
1~ B AL LibSVM K Naive Bayes Classifier recall AyEE#ES

FRig T4 LibSVM Naive Bayes
Positive Recall 0.72718 0.88531 0.92423
Negative Recall 0.69796 0.87938 0.77431
Subjectivity Recall 0.71284 0.88157 0.90767

TEFRA1550 - AIRFETTER accuracy (B SVM » 2R By AEIFIIIEHESR - IR E
EmrhHy precision fz accuracy - AMHITRELT S B R R HYFFF € EEMA T - FEEY
s 0 G HAEE— i T E R e R I I - AmaviE@E A -

=+ ~ A5 7AEL LibSVM Kz Naive Bayes Classifier accuracy FYEL#R

FRi 774 LibSVM Naive Bayes
FEE Accuracy 0.82271 0.81673 0.78923
IE&EHERFEm Accuracy 0.84439 0.83439 0.81195

PR i

g SR — (EEL R am H PR s kOB R A B AR (2 (st am N B 2 2L
STEITA - MBS e ERELLRGE ARV EERE (7 - 58408 o 1 REAH R AR am H AR LUHIErE
ERMER - 2R B o AR - R EME— 2P opinion holder EZ opinion
polarity » & E{ERF I EHVE(LRA (R, EBINIEEEIEEVER - ERHE SRS RE S
sl ~ R 5 - E R B E IR SRR - R T REAH R H B M A Ak Y opinion
holder FYAERESE - DL E#REHE S TBE TR R G AR -
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Twitter £35SV EARS - FEZLOPE CEE ~ fRAYJT=E Twitter 3%
ffii - AL A EEENE D BT E SRR R T & REE < f140: “shh identity thief, is it
good movie | gonna bring my Lil g Cuzco to DE movies, Rollin out Tass can’t wait till class
finish lol.” » HIFRARZ 5T R IRBALAY T FERIRIER Y7 PR iE R R EE - LR
EEAMEAEEE - Vam HARSE LS AZ BRI (% - P LG AT AN AERER - HRTHIZ AL
IEFHY tweet BZaPam B RIS - KRS E CBEEREN A A A TR AR ME
BHERYIFEITT - T8 E FE AR « DL EAVEREE & AR e RIS -

S75 3Rk
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KT & #ﬁuﬁﬁ*mﬁml Bt JD”E PREIEES fﬁﬁwulﬂm *E?*fféﬁf
P s \FI F% [IJI-F I:‘FIF LIy ijﬁfﬂ ELE”'I&E"‘?F‘ ﬁ?‘[ ﬁéﬁ‘J
] t'r’ﬁm}luaj%*ﬂ%@M lirif[l*i PR IS o DL (RO R
343 OB P - fmba‘ﬁﬁ@%i‘%i IJ-I»E«?F I FTF”‘?“%JE‘J}%&E*JW/ IR
Il e 22 W*B?W' J/%.W@H 9L T PRESETSSE - 4 jﬁﬁzﬂ* I IGES > o i 5L
IR » 5205 S B SO 7 [F’T”Lfﬁ'*u | TR
L7l gﬁ‘?ﬁﬂﬂﬁq\ o i F P AR [ %ﬁr Hl~ 3 gl AR D
D SR e s ERcEE

Abstract

The demand and the importance of Chinese teaching have increased continuously. In order to
assist the Chinese learners in composing Chinese characters and increase their learning
efficiency, Chinese components teaching method is adopted. The learners can find the clues
to both the pronunciations and the meanings of Chinese characters from Chinese components,
and semantic-phonetic compounds and their phonetic components are exactly proper to be the
object. There are 80.5% semantic-phonetic compounds in the 7000 common Chinese
characters, and most of them are formed with one semantic component and one phonetic
component. For the purpose of emphasizing the clues to the pronunciations of Chinese
characters, multiple-level association rule mining was applied to discover the hierarchical
pronunciation rules of semantic-phonetic compounds. This approach found the key factors
which have the strong connection with the pronunciations of semantic-phonetic compounds.
With the knowledge of Chinese linguistics, we constructed the hierarchical Chinese
pronunciation structure. The hierarchical pronunciation rules are the overview of the
pronunciations of semantic-phonetic compounds and aid both Chinese learning and Chinese
researches. Therefore, they can learn the pronunciations of Chinese characters not only in the
general aspect but the specific aspect. These rules were represented in visualization and the
simple and memorable system was designed to assist both the Chinese literacy teaching and
Chinese researches.

]« VRS B B S VRO R R

Keywords: Chinese Teaching, Semantic-Phonetic Compounds, Phonetic Component,
Multiple-level Association Rule Mining, Association Rule Mining Visualization.
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Abstract

This paper analyzes synonym groups appearing in fixed frames containing Chinese locative
phrases such as [zai noun phrase (yi’zhi) shang/xia/etc. bian/mian/etc.] by using statistical
methods. We collected locative phrases from Sketch Engine using 11 monosyllabic locative
words and 5 locative compound-formation patterns, and we aligned these compounds with
Chinese Synonym Forest [1] before clustering. Different noun phrases were mapped to their
collocating synonym groups to as to enable mutual information comparisons between
different combinations. When analyzing concept combinations, we used point-wise mutual
information to compare two synonym groups, and adopt multivariate mutual information
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(MMI)[2] to examine three groups. The results showed that behaviors of using suffixes and
prefixes to forming locative nouns in different context (combination of 1 or 2 top level
synonym groups), and the statistic results can be used in further analyzing locative nouns in
different fields.

[ IR B T RN e SR
Keywords: Chinese Locative Nouns, Chinese Synonym Forest, PMI, MMI.
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Abstract

Spelling error is broadly classified in two categories namely non word error and real word
error. In this paper a localized real word error detection and correction method is proposed
where the scores of bigrams generated by immediate left and right neighbour of the candidate
word and the trigram of these three words are combined. A single character position error
model is assumed so that if a word W is erroneous then the correct word belongs to the set of
real words S generated by single character edit operation on W. The above combined score is
calculated also on all members of S. These words are ranked in the decreasing order of the
score. By observing the rank and using a rule based approach, the error decision and
correction candidates are simultaneously selected. The approach gives comparable accuracy
with other existing approaches but is computationally attractive. Since only left and right
neighbor are involved, multiple errors in a sentence can also be detected ( if the error occurs
in every alternate words ).

Keywords: Real word error, Local context.

1. Introduction

Word error is a major hindrance to the real world applications of Natural Language
Processing. In textual documents, word-error can be of two types. One is non-word error
which has no meaning and other is real word error which is meaningful but not the intended
word in the context of the sentence. Of these, non-word has been widely studied and
algorithms to detect and suggest correction word for the error have been proposed. These
algorithms are generally termed as spell-checker, which are integrated in various word-
processing software like Microsoft Word', LibreOffice Writer?, Ispell®, Aspell* etc. For error
occurring at two positions of a word, the commercial spell checkers work fairly well. Some
studies on spell checking approaches are found in [1-5], that include English and non-English
language like Bangla.

However, the problem of real-word error is a more complex one. Usually, such error disturbs
the syntax and semantics of the whole sentence, which requires human-being to detect it.
However, an automatic syntactic/semantic analysis of a 'correct' sentence itself is a difficult

1 Microsoft Word is a word processor developed by Microsoft.
2 LibreOffice Writer a free open-source word processor.

3 Ispell is spell-checker for Unix.

4 Aspell is a free spell-checker for GNU software system.
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task and the analysis of an 'erroneous' sentence is almost impossible in most cases. Any
word-error can be represented in terms of insertion, deletion or substitution of one or more
character. If we consider 'space' as one character, the problem can become more complex. For
example, the word 'within' can become 'with' and 'in' if a 'space’ is inserted wrongly after 'h'.
Conversely, 'with' and 'in' can be merged to 'within' if a 'space’ is unintentionally missed. This
can be regarded as 'Split error' or 'Prune-on error'. Exploring further, 'these' can be split into
'the' and 'se'. This is an example of mixed case where the first part is real-word error and the
second part is non word error, making them more difficult to correct. Real-word errors are
also found in dyslexic text written by person having Dyslexia. Moreover, not only human-
beings, these errors can occur due to 'Auto Correction' feature of some word processing
software [6]. Sometimes by man and machine together, when user chooses a wrong word
from list of suggestion against a flagged error by word processing software [7] .

To the best of our knowledge, the problem of real-word error is still at the research and
development stage where instead of going at the full sentence level, anomaly is searched at
the word bigram or trigram level. The first work in this direction was due to Mays et al. [8]
who considered word trigram i.e. Second order Markov process for language modelling. If a
word (W) in the sentence is unintended ( i.e. erroneous) , then the correct word is assumed
to come from the members of confusion set of real word C(W) of W generated by single edit
operation. In this model, the observed word W is assumed to be correct with probability or
degree of belief o. Hence any member of C(W) is equally likely to be a correction candidate
with constant probability (1- o) / n where n is the cardinality of C(W). The member for which
the sentence probability is maximum is the correction word.

In this paper we present a simpler method to deal with the real word errors based on bigram
and trigram model. The method tries to detect an error by noting bigrams and trigram
constituted by immediate left and right neighbour of candidate word and then generate some
suggestions according to ranks/score calculated for the correction set of words. Here we use
BYU" corpus of bigram and trigram corpus while test our method on text from Project
Gutenberg®.

This paper is organized as follows. Section 2 covers overview of related work. In section 3
we present our method. Section 4 highlights evaluation and experimental results.
Concluding remarks are given in section 5.

2. Related Work

Apart from Mays et al. [8], several other methods have been proposed to handle real word
spelling error problem. They are mainly based on either semantic information or machine
learning and statistical method.

Among them, Golding and Schabes [9] introduced a hybrid approach called "Tribayes'
combining Trigram and Bayes' method. Trigram method uses part-of-speech trigrams to
encode the context whereas Bayes' is a feature-based method. They use two types of
features : context word and collocations. Their method worked better than MS-Word on a
predefined confusion set. Later Golding with Roth [10] proposed a Winnow-based method
for real word detection and correction. They modified the previous method [9] by applying a
winnow multiplicative algorithm combining variants of winnow and weighted majority
voting and achieved better accuracy. However , they used a small data set in their experiment.
Word-net was considered as first lexical resources for real word error by Hirst and St-Onge

5 Details of Brigham Young University corpus can be found at http://corpus.byu.edu/.
6 Project Gutenberg is a collection of free electronic books, or ebooks. Details is available at

http://www.gutenberg.org
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[11]. They used a robust database of 1987-89 Wall Street Journal corpus as test data.
Following them [11], Hirst and Budanitsky [6] made a study of the problem on same corpus
of Wall Street Journal. Their method identifies tokens that are semantically unrelated to their
context and was not restricted to checking words from predefined confusion set. They
achieved Recall of 23%-50% and Precision of 18%-25%. In another Word-net based
approach, Peddler [12] showed that semantic association can be useful in detecting real-word
error using some confusion sets especially in case of Dyslexic text [13]. She achieved recall
and precision of correction 40% and 81%, respectively for Dyslexic text. But most of these
approaches consider that writers make spelling error by writing words which are semantically
closer to what they intended to write. But this may not be generally true for Real-word error.
W. O. Hearn et al. [7] analysed the advantages and limitations of Mays' [8] method and
present a new evaluation to compare with Hirst and Budanitsky [6]. They showed that
optimizing over sentences gives better result than the variants of the algorithm which
optimize over fixed length of windows on WJS corpus data.

Statistically based approaches are highly dependent on corpora--its size and correctness.
Results vary with its size and existence of words. Our approach is based on the notion that
words used less frequently are less likely to be an instance of real-word error.

3. Proposed Method

Our proposed algorithm initially chooses a confusion set for each candidate word using
Levenshtein distance [14] equal to one from the dictionary words. Then it calculate the ranks
of the elements of the confusion set. Based on that it detects an error and suggests some
words against the detected error. Both detection and suggestion are computed simultaneously,
which is an advantage of this algorithm.

3.1. Confusion Set by Levenshtein Distance

The confusion set for a test word ( W) is a set of words from the lexicon which can generate
W by single edit operation. As stated, we use Levenshtein Distance, also known as as
minimum edit distance, which is the minimum number of edit operations required to
transform one word into another. An edit operation is either an insertion, deletion or a
substitution of a character in the word. In our proposed model, for simplicity, we consider
single error in the word. The confusion set may be represented as

clwil=\wiwi,...wi, W
where W' is the i-th word in the test sentence and k; is number of elements in the C(W') .

To generate this set we use a list of approximately 110,000 English words’. For convenience
we rename W' as W, and define

W W W W)

3.2. Forming N-gram model

Now we consider the sets of left bigram, right bigram and trigram for each member of
C'(W'). We try to form them by taking left word, right word and both of them ( for

7 http://www-01.sil.org/linguistics/wordlists/english/wordlist/wordsEn.txt
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trigram ). By this, the number of each type of Bigrams as well as Trigrams generated for W'
is k,+1.Thus for W', the following Bigrams and Trigram will be generated.

Left Bigram : WFIW}

. . R |
Right B1gram. w jW.
Trigram : W' wow" !
where 0 < j <k,

Next we count the occurrence of these bigrams and trigrams from the BYU n-gram corpus of
English.

3.3. Estimating N-Gram Probabilities

One of the ways to calculate probability of the sentence in N-gram model is using Markov
chain rule. According to Markov assumption, probability of some future event (next word)
depends only on a limited history of preceding events (previous words). For example in a
bigram language model for a sentence of m words W', W, ..., W™ it can be calculated as

Plwh,w?,... w" =
P(W'b|P(W2 W' P(W?|W?|...P(w™|W™!|P[b|W"]

where b denotes blank.

In our model we do not calculate the sentence probability. We take a weak assumption that
occurrence of any event ( word ) depends on its previous and next events ( words ) only and
independent of other events ( words ) in the sentence. By Maximum Likelihood Estimation
we get the bigram and trigram probabilities as

i—1yu/i
P1(W§-|Wi71): kf‘ount(w Wj) .
Z count(W"*lwi)
r=0
o
Py[wilw™!| = k,_coum(wl W @
Z count(Wi witt
r=0
i i—1 i+1) _ COunt(Wi_IWj.WHl
PS(WJ|W ,W = kl, (3)
> count(wi—lwi witl
r=0

By equation (1) , we calculate P: of each element of confusion set for each word using left
bigram count. The denominator here represents the summation of all bigrams consisting of
the previous word and one word from the confusion set. We get the counts directly from the
BYU corpus. In the same way we compute P> using right bigram count in BYU corpus by
equation (2). We compute it for every elements in respective confusion set so that the
following condition is satisfied :
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ki

> P (wiw =1
r=0

k

SN ALAL S

r=0

=1

For equation 3, we use the trigram count of BYU corpus. The denominator here represents
the summation of all trigram consisting of the previous word, one word from the confusion
set and the next word. We get numerator value as before. We do it for every elements in
confusion set so that it implies :

ki

ZE)PB(WHWI 1,W1+1

-

=1

We combine the probability estimates of equations (1), (2), (3) into a score of evidence that a
Wij may be correct alternative to W'. The score can be obtained by simple addition as
follows. The values obtained from equation (1), (2) and (3) can be combined to get the final
score Score (W;) by adding up. We use both the bigrams and trigram to be less dependent on

a particular bigram or trigram.

Score(w;) = Pl(W;|Wi_1)+P2(W§.|Wi*1

+P[Wilwi Wi (4)

Note that 0 <= Score (W}) <= 3. Later on we noted that simple addition does not lead to best

results. Hence we go for a weighted combinations score.

3.4. Weighted combination score

Higher and lower order n-gram models have different strengths and weaknesses . High-order
n-grams are sensitive to more context, but have sparse counts. On the other hand, low-order
n-grams consider only very limited context, but have robust counts. In order to follow the
principle of Interpolation we put a weighting scheme on score generated by trigram.
Combining them like equation (4) :

Score(W'| = A, P, (W W™ |+2, P, [W W +A, P, (Wi W' W'

(5)
The values of A; 4, and A, can be computed by optimizing the accuracy on the training set.
Let A, + A, + A, =1 . We noted by trial and error that the results on the training set are best if
Ay =2\, =2\, .Then A, = A, =0.25 we get A, = 0.5. Also, W' is limited by

0< Score(Wj.)< =1

3.5. Error detection & choice of suggestions

To confirm a word as a real-word error, we set some rules. At first, we arrange the score for
members of confusion set in a descending order. Also a Stemming® method described later
with an example, is used in our error detection. In addition to the above, we have used the

8 According to Wikipedia, 'In linguistics morphology and information retrieval, Stemming is process for
reducing inflected (or sometimes derived) words to their stem, base or root form-generally a written word
form'".
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apriori belief that the observed test word is not a real word error. In their experiment Mays et
al. obtained optimum value of this belief as 0.99 [8] which is used in our case as well. In
other words, we believe that the test word can be a real word error in 1% cases. This value is
used in normalizing the score in the real-word error detection algorithm described below.

Let W' be a test word in the sentence. If W' has a suffix part it can be stemmed into a root
word say W . But if W' is a root word, it cannot be stemmed. Thus, W' may or may not

exist, depending on the nature of W' . Now, depending on the scores we make the decisions
described in pseudo-code as follows.

Begin
if Score(Wi ) =0
if W exists
if Score (W’S) =0

declare W' as real-word error

else
W' is correct
end if
else
declare W' as real-word error
end if
else
if W' exists
if Score (W;) < 0.01 * Score of Top-ranked element of confusion set
declare W' as real-word error
else
W' is correct
end if
else
W' is correct
end if
end if
End

The above rules are now illustrated by an example. In a stream of text “... new lodger made
his appearance ink my modest bachelor quarters, but I was not ...” , the word 'ink' is actually
a real-word error.

In our approach, the system starts processing one word after another. While processing the
word 'his', we have the confusion set { his, him, this, is, has }. For each of these words we
calculate the score the score and arrange it in decreasing order of magnitude, as shown in
Table 1.

Rank Confusion Word Score
1 his 0.3153
2 him 0.1177
3 this 0.0619
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4 is 0.0044
has 4.9629E-4

Table 1: Confusion set for word “his” with score

Since 'his' is on top of the list, the system infers that it is a correct word.
In case of the word 'appearance', we get the following results and it is also declared as a
correct word.

Rank Confusion Word Score
1 appearance 0.2256
2 appearances 0.0243

Table 2: Confusion set for word “appearance” with scores

Now, for the word 'ink' we get the confusion set { in, sink, ink }

Rank Confusion Word Score
1 in 0.4998
2 sink 1.2672E-4
3 ink 0

Table 3: Confusion set for word “ink” with score

However, there is no count of the bigrams 'appearance ink' and 'ink my' as well as no count of
the trigram 'appearance ink my' in the BYU corpus. So, the score of 'ink' is 0 and hence it is
declared as real-word error. Since 'in' tops the score, the system considers it as the correct
suggestion.

But score zero may not always mean that the word is an error. Sometimes a bigram/trigram
score may be zero because it is absent in the particular corpus. For example, consider the
word 'quarters'. From BYU corpus we get

Count |bachelor quarters| =0
Count |quarters but| = 0
Count |bachelor quarters but| = 0

So we shall get zero score for the word 'quarters' and the system would declare 'quarters' as a
wrdong word. But in reality 'quarters' is a correct word. So, the system will make an error. In
order to reduce such incorrect decisions we do a kind of suffix stripping or stemming. In this
case if we strip the plurality suffix -s, we get 'quarter'. Now, the bigrams and trigram
generated by 'quarter' are not null in the corpus and hence the score is also non-zero, as
shown in Table 4. Thus we include the stemmed word in the confusion set if the score for the
test word is zero.
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Rank Confusion Word Score
1 quarter 0.25
2 quarters 0

Table 4: Confusion set for word “quarter” with score
Some of the frequent elements we consider for stemming are given below :
{d,n, 1,5,y ed, es, ly, ies}

Now we have a word(Wi] decided as real-word error or not along with scores of the
members of its confusion set. If decided as real-word error, we rank the members of the
confusion set in descending order as suggestions for correction.

4. Experimental results and discussion

In order to evaluate our approach we collected test data from Project Gutenberg. We chose
Project Gutenberg because it contains simple text files only, especially with no pictures i.e.
only stream of text. Our data consists of around 100 files ( approximately 25000 words ) with
headings removed.

We simulated real-word error synthetically and subject this erroneous document to our error
detection and correction system. To make such a corrupted document, one in every 20 words
is chosen. Suppose this current word is W. Then W is converted into a set of strings by one
edit operation ( insertion, deletion, substitution) at one character position. If W contains n
characters then n substitutions, n deletions and n+1 additions will create 3n+1 strings. From
all the generated strings we find those which are valid words. One of these valid words is
chosen at random and W is replaced by this word. In this way we introduce 100/20 = 5%
real-word error in the corpus. Here we have considered real-word error generated by single
operation like substitution, deletion or insertion.

While typing people make single position character mistake in between 60%-80% of the
erroneous cases [2]. A small portion of that becomes real-word error. Out of the rest 20%-
40% two or more position mistakes, the chance of getting real-word error is even smaller. So,
single portion mistyping based model can take care of a very high percentage of real-word
errors. We give this qualitative statement because we did not find any robust statistics of the
real-word errors presented in the published literature.

The performance of our approach can be evaluated from three aspects. The first one is to
compute Precision and Recall of real-word error detection. Let n, be the number of total

errors, n, be the be number of total detection and n, be the number of correct detection.
Then,

.. ns
Precision = —
n,

ns
Recall = —
n

While precision gives how precisely the system detects the error, we do not get an estimate
on relative number of errors made by the system. The number of errors made by the system is
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(n, — ny) . However, n, can theoretically be equal to the total number of words in the test
corpus ( say N ). So, we may normalize (n, — n,) with respect to N and represent it in percent

as
(nz_ns)
N

Percent of erroneous detection = * 100 %

Table 5 shows Precision, Recall and percentage of erroneous detection. It is significantly
better than [6] though test database is different.

Detected Real-word Error Erroneous
Precision Recall Detection
71%-79% 81%-88% 1%-2%

Table 5: Evaluation results of Detection by our approach

If words in the sentence are real-word error which have been detected by the system, then the
relative ranks of correct suggestion generated by the system is shown in chart 1.

7%
B Rank 1
8% m Rank 2

85% Rest

Chart 1 : Evaluation results of ranks of suggestions

It is noted that top-ranked suggestion is correct in 85% cases. Also, the correct suggestion lie
in the top two ranks in 85+8 = 93 % cases. This shows that our proposed method can work
very well by substitutions from our ranked list.

5. Conclusion

A simple but effective real-word error detection and correction approach is proposed here
that employs only two bigrams and one trigram around the test word in a sentence. Since it
works in a small neighbourhood around the test word, possibility of detecting and correcting
more than one real-word error exist. The overall performance of the system on a moderate
test set is quite satisfactory and comparable with those of state art correction systems.
Evaluation of this method on global databases like Wall Street Journal corpus is a future
scope of the work. The n-gram database used here is not huge, hence many valid bigrams and
trigrams are not found in it, thus making the system less accurate. We tried to reduce such
error by employing the stemming based method. This system may be further strengthened by
using Word-net, which is our plan for future work. Test of this approach for Indian language
text is another scope of future study.
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BRI REEASEy - K FEEEE EFF - REEFRMTa DISA - RGBT AR Al
B AR (B RATEHET R E LU AR g T RSB Vi 2405
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60 fif - H F {EATLAEEE 0.9993 - [EZN BRI T 102 firer Safa A Mo - NIE
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FTEE FHEYEEL - B HVETRIRE T ERAVE R RE A2 AT USRI R s > B
R TR VTRV EGE - T Mixture 15 ACETTIRERVE SR - NI B3RS
EhRE A S RIS R RV B T RPTR AR ZE E IR ARG R S8
JE Ky 15 AR —(r5EE 2 GMM 524 -

R BARIRGREHVEER L

Mixture Iteration Recall Precision F Measure
5 10 0.9104 0.9078 0.9091
10 10 0.9633 0.9719 0.9676
15 10 0.9883 0.9854 0.9868
20 10 0.9927 0.9927 0.9927
25 10 0.9927 0.9927 0.9927
30 10 0.9956 0.9941 0.9949
35 10 0.9956 0.9971 0.9963
40 10 0.9985 0.9985 0.9985
45 10 0.9985 0.9985 0.9985
50 10 0.9985 0.9985 0.9985
55 10 0.9985 0.9985 0.9985
60 10 1.0000 0.9985 0.9993

(Z)EAREHTE R

ARERTEEH IR EE RS AGTRREEH Z SRS HEEE R H R Z B R
REHVEESBUIE - SHEI R GHEIE R 15 B HERGERNER R « AR
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Mixture Iteration Recall Precision F Measure
15 5 0.9868 0.9796 0.9832
15 10 0.9883 0.9854 0.9868
15 15 0.9868 0.9868 0.9868
15 20 0.9868 0.9810 0.9839
15 25 0.9883 0.9854 0.9868
15 30 0.9883 0.9825 0.9854
15 35 0.9868 0.9912 0.9890
15 40 0.9883 0.9926 0.9904
15 45 0.9897 0.9868 0.9883
15 50 0.9897 0.9839 0.9868

() Raha NBEpkE T HER

Fo 1 R Snh A BOH DU EREE T AT B ie s 2 M A T i iR ey =t
HHYJTA - —HEUEARYE Bhattacharyya BB HAE SRE& RAHATHY N PaBa U SEE
A SRS AR T Aok - BFIRHAEL DR SREE R 15 ~ BRREECE
510 EEEEEIVEE N7 10 B E 50 Bf > F EENEREROF =R - HE=
AILUE  EE st AR SNy - B FETEEZ B o It w] DUSAT - 5 5=EE
H NBEZ AR IS GRS RIS » T8 HgeE 2 ke - (H R St SRR KA
FRIRF At AN - S ey SR Y AR 2 10 A > AIIPL Bhattacharyya FEEE(FR =1
fRaC Ry B-Distance) BEHU 2y HaB & 1Y T A &l 2 0.9038 - (HREAREH I ZREL LABE R A T2
RPEE S EREHTAE Ry » SSHUR T Bhattacharyya EEEERESY IEHERN TR HAT B S 5B 40
ATHEES - ISR B B R R AR S ek 8 HRBR DS M B e - &
BAGESE R - sEMABTRE G HEE 240 PR RS © 558 A B R - Sk
AR AT A BB R AL ED AT R RE BT RIER « R > Bl mr SR ah 2wl S s A By
REEEFTRRAY AT TS - AEER[EREREE 17 LI Bhattacharyya FEEENIFE 5 20E T H R
TR SRR PR E DM -

R DIAEDT AR R SR A A

HRIEEAH B-Distance Random
10 0.9038 0.7310
20 0.9398 0.8854
30 0.9556 0.8866
40 0.9582 0.9137
50 0.9716 0.9258

it © B-Distance RyfEpkBERr S ab e A o HAMER > T PSR &35+ GMM BRIt
Z N A HRUE e RaEEIRA > N B R H e 563 A\ - Random R{E ke &=
s e o SRR > T ARSI T A PkiEE N ArsE e il (e R e Seba s -
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DRIEERE B 2CH TsE et o3 B - R (e LA M AR Rl RS i e ey R A T E B -
BRI SR B BEOE fy 15 ~ MAREEOE R 10> B RsBa a8 e N 7t 10 & 2
50 > Bt REBAI S A\ AE PR Bhattacharyya DEEsCEREE - (AR FRhEH - 34
& UHEEE & AR (RE RS E TR HIET M) A BE R E R IAR R By SRt > sife s
HEEE T ETEE R SRR AT E R - ERGERAORIUFTUR - BRUGRAILUE » £
KR Enn e NBCT - DRI RIRE ARG A A S L LI A s A R 'ERDR
TRV B S e IE MM = S E A BT DB - AR AR R AL BT LA
BRI - AR ERMI LRS- ERRESRER T HEAE RUE S48 E I 5
PERIEUGRT NIMEERR > Z Ry ST TP A DI AT SERYPE R R SR -

R ~ B AR =i A

HiRaa AR (EalEl RS
10 0.9132 0.9038
20 0.9504 0.9398
30 0.9632 0.9556
40 0.9753 0.9582
50 0.9875 0.9716

(FL) M GE S B R H R
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Testing ..

Data Frame Recall Precision F Measure
10 0.8253 0.8567 0.8407
20 0.9134 0.9311 0.9222
30 0.9339 0.9651 0.9493
40 0.9471 0.9743 0.9605
50 0.9633 0.9676 0.9654
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70 0.9677 0.9720 0.9698
80 0.9780 0.9638 0.9708
90 0.9794 0.9709 0.9751
100 0.9765 0.9808 0.9787
150 0.9853 0.9824 0.9839
200 0.9897 0.9839 0.9868
250 0.9868 0.9839 0.9853
300 0.9883 0.9854 0.9868
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Abstract

This paper aims to seek approaches in investigating the relationships within emotion words
under linguistic aspect, rather than figuring out new algorithms or so in processing emotion
detection. It is noted that emotion words could be categorized into two groups:
emotion-inducing words and emotion-describing words, and emotion-inducing words would
be able to trigger emotions expressed via emotion-describing words. Hence, this paper takes
the social network Plurk, the emotion words are from the study on Standard Stimuli and
Normative Responses of Emotions (SSNRE) in Taiwan and the National Taiwan University
Sentiment Dictionary (NTUSD) as corpus, combining with Principle Component Analysis
(PCA) and followed collocation approach, in order to make a preliminary exploration in
observing the interactions between emotion-inducing and emotion-describing words. From
the results, it is found that though the retrieved Plurk posts containing emotion-inducing
words, polarities of the induced emotion-describing words contained within the posts are not
consistent. In addition, the polarities of posts would not only be influenced by emotion words,
but negation words, modal words and certain content words within context.

Keywords: sentiment analysis, emotion word, collocation.

1. Introduction

Sentiment analysis has recently become a prevalent trend in the field of natural language
processing, and has wide applications for industry, policy making, sociology, psychology and
so on. Various approaches have been proposed with impressive experimental or
computational evidence, from document-level analysis to sentence-level or even phrasal-level
analysis [1]. Among most studies, the Sentiment/Emotion-labeled Lexicon is taken as an
indispensible lexical resource for the improvement of emotion classification accuracy.
However, by assuming the static correspondence of word-emotion, most studies have
neglected the fact that emotion words are not fixed with specific valence but are influenced

under diverse contexts.
On account of contextual effects of emotion, [2-4] have firstly introduced a notion inspired

by cognitive linguistics - emotion cause event - that refers to “the explicitly expressed

arguments or events that trigger the presence of the corresponding emotions.” A set of

236



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

linguistic cues is proposed to detect the cause events, resulting a valuable corpus resource for

the task of emotion classification.

Despite that there are some explicit causers that might trigger emotions via context, a recent
large-scaled interdisciplinary emotion research project [5, 6] has focused on the emotion
words and found that they do help capture the emotion perceptions [7], and can thus be
employed in emotion-related processing tasks. As designed in [5, 6] emotion words can be
further grouped into emotion-inducing (154457 5%58)) emotion-describing words (5 4& 54k
zd ). Emotions are mainly divided into two polarities: positive and negative.
Emotion-inducing words encode the underlying repository knowledge to be able to elicit
emotion-describing words. Therefore, in this study, we assume that the emotion-inducing
word can be treated as the pivot in emotion detection of the sentences, and the way the
emotion-inducing word interacts with its collocational context would be the key to a deeper

understanding of emotional processing in texts.

Instead of seeking new approaches and algorithms in emotion detection, this paper aims to
emphasize on seeking other possibilities in context-based emotion detection through
investigating the relationships of emotion polarity between emotion-inducing and collocated
content words. We carry out an exploratory data analysis with the assistances of
programming technique and linguistic resolution on data inspection, in order to make
prediction on the potential underlying linguistic cues within emotions embedded in context.
Since taking web as corpus is convenient for its easy access and availability of voluminous

data, one of the popular social network in Taiwan, Plurk, is considered in our study.

2. Literature Review

2.1 Emotion Classes

Constructing a gold standard emotion classification has long been an unsolved issue among
various research fields, such as philosophy [8, 9] biology [10], linguistics [11, 12],
neuropsychology [13] and computer science [14, 15]. Regardless of the disagreement and not
having consensus on one emotion class, some parts of emotions are widely shared amid
diverse emotion classes proposed by previous studies [16-18], which are happiness, sadness,
fear, and anger. However, since our study is based on the approach of [2], we simply follow
the five emotion classes adopted in the paper, which the emotion classification is firstly

presented by [18] happiness, sadness, fear, anger, and surprise.
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2.2 Emotion Words in Context

In sentiment analysis, the fact that emotion of a word changes based on contexts has been
mostly neglected, which might lead to diverse polarities. Thus, in recent studies, researchers

started to take this issue into consideration while exploring word sentiments.

In addition, since words may contain various senses and further evoke diverse emotions
based on contexts, the need of a list of emotion lexicon would be practical and could be
applied to a number of purposes. [19] introduced the approach of using Mechanical Turk
provided by Amazon's online service of crowdsourcing platform for a large amount of human

annotation on numerous linguistic tasks [20, 21].

To be more specific, emotion lexicon or also known as emotion words that are covered in
sentiment detection and classification (for example, happy, sad, angry and so on) are mostly
emotion-describing words, which are words that directly express and describe emotions. On
the other hand, for words that have the potential to evoke or arouse emotions under context,
are grouped as emotion-inducing words, such as holiday, homework, weekend, Monday and

SO On.

Since emotion-inducing words contain certain underlying implicit linguistic cues to evoke
emotions, many studies work on different approaches to inspect the context-based emotion
words. For example, [22] uses the technique of crowdsourcing and Mechanical Turk method
to help annotate the lexicon that have the possibility to evoke emotions, and evaluate the

results with inter-annotator agreement.

Other studies take the emotion cause event to help figure out the causers of emotions within
context. As mentioned by [23], a cause of an emotion is suggested to be one event. Therefore,
a cause event could be referred to a cause that could immediately trigger an event, as stated
by [4]. [3] expresses in the paper that emotion cause detection is one of cause event detection,
therefore some typical patterns that are used in cause event detection, such as because and
thus, could be applied to emotion cause detection. Additionally, they have included some
manually and automatically generalized linguistic cues to further explore emotion cause

detection.

In this study, the experimental results of Chinese emotion word list in [5] are included, which
obtain the valences (from 1 to 9) of word polarities in both emotion-describing and
emotion-inducing words, in order to investigate whether given an emotion-inducing word
along with context could the sentiment prediction model envision its possible evoked

emotions presented via emotion-describing words.
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3. Methodology

In order to investigate the implicit linguistic cues that might shift the polarities of emotion
words, the analysis by applying Principle Component Analysis (PCA) and collocation of
emotion-inducing words are considered. Through PCA, the distribution and relationships
between emotion-inducing and emotion-describing words could be revealed and presented
visually via the powerful plots in R. In addition, since PCA tends to exhibit the groups of
emotion words that might have strong interactions between emotion-inducing and
emotion-describing words, the approach by inspecting the collocations of emotion-inducing
words would help figure out the linguistic cues that might lead to the interactions in context.
Three materials taken in this study include Plurk corpus, emotion words from the study on
Standard Stimuli and Normative Responses of Emotions (SSNRE) in Taiwan, and National
Taiwan University Sentiment Dictionary (NTUSD, [24]).

3.1 Material

Like Twitter, Plurk is one of most popular social networks and micro-blogging service in
Taiwan. Since Plurk can be easily and freely accessed through Plurk API2.0' and along with
its enriched emoticon information, a total of 43959 posts has been retrieved and used in this

study.

Regarding the emotion words adapted from the project SSNRE, these words are categorized
into two groups: emotion-inducing words and emotion-describing words. While the emotion
of emotion-inducing words is recessive and needs to be triggered by the context, the emotion
of emotion-describing words is dominant and exists in its semantic sense. That is, although
emotion-inducing words have explicit polarities in experimental results, its polarities will be
affected by the context, such as emotion-describing words in the same sentences. Based on
the changeable polarities of emotion-inducing words, the paper treats emotion-inducing
words as the target of observation. In the study of SSNRE, 395 emotion-inducing words and
218 emotion-describing words has been underwent three psychological experiments with a
9-point likert scale, which includes four to six perception parameters. In the 9-point likert
scale, the number 9 refers to the greatest positive emotion; whereas, the number 1 indicated
the most awful negative emotion. That is, emotion words that are more than five points would
belong to positive emotion and those lower than five points would be assigned as negative
emotion. Within the 395 emotion-inducing words, 140 words are with positive emotion and
255 words are with negative emotion; as to the 218 emotion-describing words, there are 58
words tagged as positive emotion and 160 words tagged as negative emotion. Since

emotion-inducing words are to induce and trigger emotions, we assume that if a sentence

L http://www.plurk.com/API
2 http://ckipsvr.iis.sinica.edu.tw/
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contains an emotion-inducing word, the induced emotions will be revealed via

emotion-describing words with the same polarity.

NTUSD is a list of positive and negative emotion-describing words that is constructed by

[24], containing 9,365 positive and 11,230 negative emotion-describing words.

In this paper, emotion-describing words from SSNRE will be combined with NTUSD to
enlarge the emotion-describing word list (which would be called as mixed emotion-describing

word list in this paper).

3.2 Preparation for Processing Principal Component Analysis (PCA)

Reducing dimensions for preserving the most representative variables, PCA is a multivariate
analysis that reveals the internal structure of the data in a way that best explains the variance
in the data with a smaller number of variables. Words distributed based on independent
variables, emotion-inducing words. Since there are many unknown factors that might
influence the interactions between emotion-inducing and emotion-describing words, applying
PCA would be a choice to provide a quick glance of the interaction strength in between, and
helps fast investigation in figuring out sets of emotion words with strong relationships.
(relationships between emotion-inducing words and emotion-describing words) Therefore,

when having large amount of data, PCA would be suitable for a preliminary data exploration.

Through the analysis of PCA, the distribution of relationships between emotion-inducing
words and emotion-describing words would be presented from R plots for further exploration.
For running PCA in R, some variables related to emotion-inducing words and

emotion-describing words need to be prepared which are stated as below.

Every post in retrieved Plurk data containing any one of 395 emotion-inducing words will be
collected into our ad hoc database. After the collection of 20461 posts, the sentences are
word-segmented into 710,908 tokens and tagged by Chinese Knowledge Information
Processing (CKIP) tool®. Then, the sentiment score for each sentence would be calculated by
the mixed emotion-describing word list, which includes 9,423 positive and 11,390 negative
emotion-describing words. The calculation treats each positive emotion-describing word as
one point, and each negative emotion-describing word as a minus one point. The final
sentiment score for each sentence would be the sum of the occurrences of positive and
negative emotion-describing words within each sentence. The final sentiment score for each

sentence could then be grouped into three types of emotion polarities: positive, negative and

2 http://ckipsvr.iis.sinica.edu.tw/
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neutral.

From the PCA results, it is found out due to simple evaluation in calculating the final
sentiment score, although posts that are identified as positive / negative emotion, there are
some posts that might actually possess opposite emotion. Therefore, since the polarity of
emoticons could imply the real emotion of a post [25], the Plurk emoticons are then included
in order to get a more accurate result before processing collocation. As done in previous
study [26], the polarities of Plurk posts are not only automatically classified but also
manually evaluated using emoticons; thus in this paper, only posts that the polarities from

final sentiment score meet with the assessed polarities in [26], would be preserved.

Two types of data are prepared for running PCA: one is the posts with positive
emotion-inducing words, but calculated with negative emotion from final sentiment score;
and the other is the posts with negative emotion-inducing words, but calculated with positive

emotion from final sentiment score.

All the emotion-inducing and emotion-describing words from the prepared dataset are
calculated with ratio of frequency. Additionally, since the distribution of emotion words’
frequency probabilities presents a long tail in plot, which such long tail in statistics would be
hard for processing a significant result, this study only preserves the emotion words that the
probabilities are over the third quantile into PCA.

3.3 The Analysis Approach with Collocation

The results of PCA show sets for emotion-inducing and emotion-describing words with
strong interactions, the reason for an explanation is not revealed which will be discussed in
section 4. However, there might be some linguistic cues that could be observed for expressing
the differences and further identifying the polarity changing of emotion-inducing words via
context. Since the events within posts also possess underlying emotions and might affect
emotion-inducing words in triggering the polarities of emotion-describing words, the
approach by studying frequently collocated events with emotion-inducing words, is applied to
help investigate the implicit polarities of events that might have an influence to the emotions
triggered by emotion-inducing words. According to [27], the purpose of collocation is to
explain the way in which meaning arises from language text. [27] indicates words that occur
physically together have a stronger chance of being mention together and words do not occur

at random in a text.

We propose, via investigating the collocation of emotion-inducing words which is widely

used in corpus analysis, the causes for illustrating the relationships could be unveiled. Using
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the result observed from PCA, the span of emotion-inducing words’ collocation is set to three
(the preceding three words and succeeding three words of the emotion-inducing words) and
calculated into frequency. Only the top three collocation words for each emotion-inducing

word are selected for examining the emotion polarities.

4. Results and Discussion

In this section, the results from PCA listed below would be discussed with illustrative
examples revealed from R plots, and further applied with collocational approach for
exploration. In PCA, two various types of results evaluated from final sentiment score are
discussed via R plots, including posts with positive emotion-inducing words but with an
overall negative sentiment, and posts with negative emotion-inducing words but with an
overall positive sentiment. Additionally, the illustrative examples taken for discussion from
PCA results, would all be circled with dotted lines in the following plots. Furthermore, the
collocations of positive and negative emotion-inducing words would be investigated, in order
to find out linguistic cues to help illustrate the interactions between emotion-inducing and

emotion-describing words.
4.1 Analysis in PCA

Figure 1 presents posts with positive emotion-inducing words but with an overall negative
sentiment via PCA analysis. For the illustrative examples in the plot, two emotion-describing
words ke3 shi4 T]i& ‘however’ and bu4 neng4 “NE: ‘can not’ (in black color) and three
emotion-inducing words yun4 dong4 g} ‘exercise’, shui4 jue4 [EE ‘sleep’ and wan2 Bt
‘play’ (in grey color) imply that there are strong interactions within them. Therefore, it is
roughly observed that emotion-inducing words such as yun4 dong4 *E#f] ‘exercise’, shuid
jued HfEE ‘sleep’ and wan2 It ‘play’, might be affected by the emotion-describing words
ke3 shi4 T];g ‘however’ and bu4 neng4 “INH5 ‘can not’, and lead to an overall negative

emotion in posts.
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Figure 1. Negative Emotion but with Positive Emotion-Inducing Words

Results with negative emotion-inducing words but with an overall positive sentiment are
expressed in Figure 2. There are two groups of illustrative examples in Figure 2.

For the first group (the top circle), there are strong interactions between four
emotion-describing words hen3 duol {2 ‘many’, gan3 jue? [F’& ‘feel’, shi2 jianl B[S
‘time’, and xil wang4 5% ‘hope’ (in black color) and one emotion-inducing word kao3
shi4 &3, ‘test’ (in grey color). Therefore, it could be firstly imply that emotion-inducing
word kao3 shi4 3, ‘test’ might be influenced by emotion-describing words, such as hen3
duol 8% ‘many’, gan3 jue2 /& ‘feel’, shi2 jianl WEfE] ‘time’, and xil wangd 75
‘hope’, and cause polarity shifting from negative to positive in context.

243



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

-6e-04 -2e-04 2e-04 6e-04

o | boca ) | I | I
o o “ <t
L
< 2
S 7 ©
! -
o <
S -3
(Y]
O o o
O = -
v
: =
o o
o o
[ | I
\ —
W
ﬂ'\s ¢ -t
O|_ni\l /’ o.
v - T
[ [ I | I w
I

04 02 00 02 04 06
PC1

Figure 2. Positive Emotion but with Negative Emotion-Inducing Words

For the second group of illustrative examples in Figure 2 (the bottom circle), it is
approximately find that four emotion-describing words yingl gail [fEz% ‘should’, hao3
xiangd 1% ‘seem’, yi3 jingl 4% ‘already’, and hao3 xiang3 {FFE ‘really want to’ (in
black color) and four emotion-inducing words yal li4 BRJ] ‘pressure’, gui3 5 ‘ghost’,
houd hui3 %15 ‘regret’, and mei2 yong4 ;9 F] ‘useless’ (in grey color) might have
stronger interactions in context, in order to change the overall polarity from negative to
positive than the other emotion words.

4.2 Collocations of Emotion-inducing Words

Though our previous assumption in the relationships between emotion-inducing and
emotion-describing words is ‘positive emotion-inducing words would trigger positive
emotion-describing words; and negative emotion-inducing words would trigger negative
emotion-describing words’, the results discovered by PCA are apart from the assumption: [1]
there are some positive emotion-inducing words that might arouse negative
emotion-describing words and cause an overall negative emotion in posts; while, [2] there are
some negative emotion-inducing words that might trigger positive emotion-describing words
and lead to an overall positive emotion in posts.

Since nouns and verbs could be taken as linguistic cues in expressing events, only the top
three frequently collocated nouns or verb within the collocations of emotion-inducing words

(event collocations, for short) are considered in this paper.
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4.2.1 Collocations of Positive Emotion-Inducing Words

The event collocation results of the three positive emotion-inducing words presented in
Figure 1 (yun4 dong4 *E#f) ‘exercise’, shuid jued [E:E ‘sleep’, and wan2 Br ‘play’), are
listed in Table 1.

Therefore, as presented in Table 1, situations that posts containing positive emotion-inducing
words, which might lead to an overall negative emotion are as below: 1) emotion-inducing
word yund4 dong4 &) ‘exercise’ with event collocations such as toul lan3 faifi§ ‘lazy’
and choul jinl ¥i§y ‘cramps’; 2) emotion-inducing word shui4 jued HE& ‘sleep’ with an
event collocation such ashan?2 leng3 3£/ ‘cold’; 3) emotion-inducing word wan2 3. ‘play’
with event collocations such as jia4 ri4 i H ‘holidays’ and ke3 xil 0] ‘unfortunately’. In

above cases, the co-occurrences might shift the emotion polarity into negative ones

Table 1. The Emotion Polarities of Collocation of Positive Emotion-Inducing Words

Positive yund dongd E8j]  shuid jued FEE ‘sleep’ wan2 I ‘play’
emotion-inducing ‘exercise’
words
First Collocation shui4 jue4 shi2 erd dian3 da3 nao4
fgiE “sleep’ +—HE ‘twelve o’clock”  FT[f ‘roughhouse’
Polarity + 0 +
Second toul lan3 han?2 leng3 jia4 ri4
Collocation g ‘lazy’ FE4S ‘cold’ RH ‘holidays’
Polarity — — +
Third choul jinl xia4 ke4 ke3 xil
Collocation S ‘cramps’ TR ‘class dismissed”  A[fE ‘unfortunately’
Polarity — + —

4.2.2 Collocations of Negative Emotion-Inducing Words

The event collocation results of the six negative emotion-inducing words presented in Figure
2 (kao3 shi4 23 ‘test’, chi2 dao4 ¥EZF]] ‘being late’, ke3 lian2 T ‘poor’, yal li4 [BR )]
‘pressure’, gui3 B3 ‘ghost’ and li2 kail #EFd ‘leave’), are listed in Table 2.

Furthermore, as shown in Table 2, posts containing negative emotion-inducing words might

tend to an overall positive emotion in the circumstances as below: 1) emotion-inducing
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word kao3 shi4 %5, ‘test’” with event collocations such as xil wang4 75 ‘hope’, mal
mal P& ‘mom’, and xiao4 lud X% ‘efficiency’; 2) emotion-inducing word chi2 dao4 ¥&
Fl| ‘being late’ with event collocations such as sel chel ZEE ‘traffic jam’, shang4 banl |
Tt ‘work’, and tong2 shi4 |55 ‘colleague’; 3) emotion-inducing word ke3 lian2 B3 ‘poor’
with event collocations such as ba4 ba4 & € ‘dad’ and nan2 ren2 55 A ‘man’; 4)
emotion-inducing word yal li4 R }] ‘pressure’ with event collocations such as jin4 dud #E
f& ‘schedule’; 5) emotion-inducing word gui3 %8 ‘ghost’ with event collocations such as tai2
wanl 57 ‘Taiwan’; 6) emotion-inducing word [i2 kail B ‘leave’ with event collocations
such as ren2 shengl A\‘E ‘life’, kao3 shi4 %555, ‘test” and wan3 anl W% ‘good night’. Due
to the positive emotion polarity of the events, the polarities of posts with negative

emotion-inducing words turn into positive ones

Table 2. The Emotion Polarities of Collocation of Negative Emotion-Inducing Words

Negative kao3 shi4  chi2 dao4 ke3 lian2 yal li4 gui3 li2 kail
emotion- =1 #EF] A % BR 77 R e Bl
inducing ‘test’ ‘being late’ ‘poor’ ‘pressure’ ‘ghost’ ‘leave’
words
First xil wang4 sel chel ba4 ba4 jind dud4  zuo4 meng4 ren2
collocation =t FEH BE HEFE =2 shengl
‘hope’ ‘traffic ‘dad’ ‘Schedule’  ‘dreaming’ N&E
jam’ ‘life’
Polarity + + + + — +
Second mal mal shang4 nan2 ren2 jil yinl tai2 wanl  kao3 shi4
collocation JEGE banl BEA | =0 =
‘mom’ L3t ‘man’ ‘gene’ ‘Taiwan’ ‘test’
‘work’
Polarity + + + — + +
Third xiao4 lu4  tong2 shi4  ya2 tong4  fan2 nao3 chong3  fan2 nao3
collocation e EE= ER] FETE wud JETE
‘efficiency’ ‘colleague’  ‘toothache’ ‘trouble’ FEY) ‘trouble’
‘pets’
Polarity + + — — — +

5. Conclusion

Sentiment/Emotion analysis has been one of the most important fields in NLP and
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computational intelligence. Different machine learning algorithms coupled with different
feature combinations are proposed and have gained great achievement. Nonetheless, it is still
a formidable task due to the permanent-in-context properties and the covert way we process
emotions. In this paper, we argue that a static word list of emotion-labeled information would
not suffice. As a preliminary step, we conduct an exploratory multivariate analysis (PCA)
based on the Plurk corpus, NTUSD and SSNRE, and find out that emotion-describing words
such as some negation words, modal words and certain content words would affect the
polarities of posts, regardless of the emotion-inducing words’ polarities. That is, the polarities
of posts are beyond expectation. Nevertheless, as an exploratory analysis, in the limited
amount of data, the findings need deeper development and further research for more complete

evidence.

The collocation information has been a widely used contextual cue in corpus-based
syntactical-semantic analysis. However, in computational sentiment analysis, the use of
collocation does not focus on investigating the implicit linguistic cues but on its explicit
frequency values. Since this kind of underlying embedded linguistic features has been long
neglected, these would only improve the accuracy of the sentiment detection, but also

leverages a Chinese Emotion Lexicon that will be created in the future.
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Abstract

PTT (Jtti5F%) is one of the largest web forums in Taiwan. In the last few years, its importance has
been growing rapidly because it has been widely mentioned by most of the mainstream media. It is
observed that its influence reflects not only on the society but also on the language novel use in
Taiwan. In this research, a pipeline processing system in Python was developed to collect the data
from PTT, and the n-gram model with proposed linguistic filter are adopted with the attempt to
capture two-character neologisms emerged in PTT. Evaluation task with 25 subjects was conducted
against the system's performance with the calculation of Fleiss’ kappa measure. Linguistic discussion
as well as the comparison with time series analysis of frequency data are provided. It is hoped that the
detection of neologisms in PTT can be improved by observing the features, which may even facilitate
the prediction of the neologisms in the future.

Keywords: PTT, Neologisms, n-gram, Fleiss’ kappa, Time series analysis

1. Introduction

A neologism in general refers to “a newly coined term, word, or phrase, that may be in the
process of entering common use, but has not yet been accepted into mainstream language”
(Levchenko, 2010)". It is closely related to the unknown words or out-of-vocabulary in the field
of Speech and Natural Language Processing, but with the nuance that the latter is often
formally defined by its non-existence in a given vocabulary repository. With the emergence of
voluminous data on the web and fast-developing technologies, never before has our world been
facing with such an overwhelming mass of neologisms. Therefore, the description and

' As cited by wiki at http://en.wikipedia.org/wiki/Neologism#cite_ref-1
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detection of neologism has become an important research topic in the recent years.

In this paper, we aim to begin with a corpus-driven approach in exploring the linguistic
features of Chinese neologisms. We use PTT as our corpus data. As widely known, PTT is
one of the largest web forums in Taiwan that contain users from various backgrounds and
ages. In these years, its importance has been growing rapidly because it has been widely
mentioned by most of the mainstream media in Taiwan. As Magistry (2012) suggested, “PTT
should be seen as an extension of the modern society in Taiwan.” This implies that PTT has
great influence not only on the society but also the novel language use in Taiwan, which
motives this research to exploit PTT as data source.

Section 2 explains the pipeline framework developed for data crawling and pre-processing,
and the lexicon and filter for capturing two-character neologisms in PTT. Section 3
introduces the methodological part, where the rationale of our proposed ‘diachronic n-gram
model’ is introduced and classification results are shown. Section 4 provides the discussion
on the evaluation task as well as explanation from linguistic perspective. A time series
analysis on the extracted diachronic n-gram data is conducted for further investigation.
Section 5 concludes this paper.

2. Corpus Data

2.1.PTT

PTT (?ttﬁ%ﬁ%)z, founded in 1999, is a terminal-based bulletin board system (BBS) based in
Taiwan. It is a non-profit, free and open online community, and it is claimed to be one of the
largest BBS sites in the world. PTT contains over 20,000 discussion boards with more than
1.5 million registered users, and over 10,000 articles are posted every day. The screenshot of
PTT is shown in Figure 1.

gino@717
ilohoo

Figure 1. Screenshot of PTT

The data are collected from 2005 to 2012 from three major boards on PTT, which are
Gossiping (J\F\HR), joke (#trlfk) and StupidClown (5%f)). Figure 2 shows the number of
tokens in the corpus per year, and Table 1 provides some basic meta-information

2 telnet://ptt.cc
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Figure 2. Number of tokens in the corpus per year from 2005 to 2012
Table 1. PTT Corpus

Boards  Gossiping(/\EMik), joke (FEATRE), StupidClown (5£kK)
Years 2005 -2012
Posts 33,450

Authors 17,031

Tokens 14,285,768

Types 7,010

Bigrams 785,494

2.2. Lexicon

In this research, the lexicon was used for filtering out existed words. It is comprised of The
Revised Chinese Dictionary (5 & & 4m B EEF ST A, TRCD)3 and Taiwan Spoken
Mandarin Wordlist (rf 5 Fz %% O35 Bk E 8%, TSMW)*. TRCD was compiled by
Ministry of Education with 139,401 words and expressions, and TSMW was collected by
Academia Sinica with 16,683 entries. Since two-character words are dominant in modern
Chinese, as a first step, only two-character words will be chosen.

Table 2. Lexicon
TRCD TSMW
Entries 159,401 16,683
Two-character word 86,907 10,198
Two-character words in total: 89,118

2.3. Data pre-processing

We have developed a pipeline framework for the corpus-driven analysis. A crawler module

® http://dict.revised.moe.edu.tw/
* http://mme.sinica.edu.tw/resources_c_01.htm
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collects the textual data and meta-information from the PTT; a cleaner module removes the
unnecessary information of the retrieved raw data; an n-gram module creates bigram
candidates and compares them with the lexicon; and finally a linguistic module filters out
some noisy data via encodes heuristic rules®. The resulting bigrams are thus divided into three
basic categories: words, nonwords and potential neologisms. The main steps can be listed as
follows and illustrated in Figure 3:

Step 1. Transforming all the tokens into bigrams

Step 2.  Exploiting the lexicon to exclude existed words from out-of-vocabulary
(O0OV)

Step 3.  Linguistics rules were applied to separate OOV into nonwords and potential
neologisms

PTT Crawler "";_"itt:‘:’ |
Raw Data Time Bigrams
. Clean up
Dictionary <
Linguistic

———— 1
*Q0V = Out of vocabular - Rules

Words

Nonwords

Paotential
Neclogisms

‘H :
(&)
=
& A

Figure 3. Data processing flowchart

3. Methodology

Most previous works on unknown word / OOV extraction exploited complicated
morphological rules and various machine learning techniques (Chen and Ma, 2002). In order
to utilize the contextual information, as much linguistic resource (such as syntax, semantics,
morphology and world knowledge) as possible were explored. It is worth mentioning that
why the (naive) n-gram model is adopted in this study.

3.1. N-gram in Diachronic Contexts

An n-gram is a contiguous sequence of n items from a given sequence of text. In Mandarin
Chinese, the items correspond to individual characters. The n-grams of size 2, viz. bigrams,
will be the major focus in this research. A bigram is a sequence of two adjacent elements in a

> Linguistic rules are used to exclude bigrams with function words or affixes, such as pronouns, particles and
aspects. See Li and Thompson (1989).
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string of tokens. For example, there are five bigrams in <A 77747 which are =&, XK,
KA, AR and 774~ In this paper, we further propose a notion of ‘diachronic n-gram’ by
leveraging diachronic frequency data in PTT, whose advantages can be explicated by the
following points:

First, this model does not have to presume a word segmentator. The reason why prominent
segmentation system such as CKIP® was not used to segmentate words is that language used
on PTT contains too many fragments, novel linguistic forms, jargons and slangs, causing the
low accuracy of the performance. Take the following sentences as an example. Sentence (1)
is a sentence extracted from the data, and sentence (2) is the segmentation result by CKIP.

) NMREFEHEE BT S
() /INRITEEE I A R E & R

As we can see, the result of segmentation is out of satisfactory. Stenetorp (2010) suggested
“[...] an exclusion error is not recoverable and likely to make users unable to observe a
certain neologism we might be forced to tolerate a high degree of noise.” To reduce the risk
of losing any potential neologism, segmentator was not exploited in this research.

Secondly, an n-gram model equipped with diachronic information would arouse echoes in
current theoretical development in linguistics. Frequency effect has been widely recognized
in cognitive linguistics, and recent functional linguistic studies also justify the frequency as a
determinant in lexical diffusion and changes (Bybee, 2007). A usage-based perspective on
language also argues that language as a complex adaptive system is to be viewed as emergent
from the repeated application of underlying process, rather than given a priori or by design
(Hopper, 1987). Instead of rule-based normalization, modeling lexical change with empirical
data support could also bypass the thorny wordhood issue in Chinese. In addition, time series
statistical analysis and other distributional models can bring their contribution in this scenario
too.

3.2. Classification

Based on the considerations and framework mentioned above, the data was categorized into
words, nonwords and potential neologisms, whose frequency data are plotted as in Figure 4.

In Figure 4, x-axis represents different time periods, which starts from 2005 to 2012, and
y-axis represents the frequency of bigrams. Each curves stands for an individual bigram, and
the total number of the bigrams are listed in the upper-left corner of each plot. (For example,

® Chinese Knowledge and Information Processing (CKIP) is a Chinese word segmentation system developed by
Academia Sinica.
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there are 2,836 bigrams in the category words.)

Generally, a first look at the data shows that the overall frequency of words is higher than
nonwords and potential neologisms, and the frequency of potential neologisms is slightly
lower than nonwords.

0500 0500 0500
fiords: 2,836 Nomwords: 2,720 Potential Neologisms: 477
0450 0450 0450
0400 0400 0400
030 * 0350 030
030 030 030
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o
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Time (unit: year) Time (unit: year) Time (unit: year)

Figure 4. Plots of words, nonwords and potential neologisms

4. Evaluation and Discussions

4.1. Human Judgment Experiment

In order to evaluate the classification performance, the results were manually annotated, and
measured with Fleiss’ kappa (1971), a statistical measure of inter-rater reliability. The
equation is shown as the following:

P-P,
1- P,

k (Fleiss'kappa) =

The score of Fleiss” kappa isP — P,, the degree of agreement actually achieved above
chance, divided by 1 — P,, the degree of agreement that is attainable above chance. It can be
interpreted as expressing the extent to which the observed amount of agreement among raters
exceeds what would be expected if all raters made their ratings completely randomly.

In this annotation task, 25 raters (n) were assigned 75 bigrams (N, which were selected from
each category randomly and equally) into three categories (k, i.e., words, nonwords, potential
neologisms) according to the following definitions:
(1) Words: bigrams that are stable or already exist in current language use.
(2) Nonwords: bigrams that are unstable, does not exist, or being used only by a very
small subculture.
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(3) Potential Neologisms: bigrams that have reached a significant audience, but probably
not yet have gained lasting acceptance.

The result shows that the score of Fleiss' kappa is 0.54, which indicates “moderate agreement”
(Landis and Koch, 1977).

4.2. Discussions

In this section, the characteristics of the neologisms and the inconsistency between the
system’s judgment and the rates’ judgment will be discussed.

For the raters’ judgment, a bigram will be recognized as a neologism if more than half of the
raters have the same agreement on it. The results are categorized under Hsu’s (1999)
classification, which are shown in Table 3.

Table 3. Neologism Classification (Hsu, 1999)
Native neologisms | Bl %K% &%
FE FER =

Loan words BT
Dialectal words e HEH =R
Trendy words 1)z

First, as it can be seen, native neologisms are in the majority of neologisms. According to Hsu,
native neologisms appear when there is a lexical gap, and they are born without any effect
from other foreign language. Second, Min Nan provides the major source of dialectal
neologism. This shows that Min Nan has the higher prestige in Taiwanese dialects, which is
also in accordance to Hsu’s proposal. It is interesting that most of the dialectal neologisms
seem to have negative meanings, but more evidence should be provided to support this
observation, which will be included the future research. Third, abbreviation words such as 2
# and FELA forms the major source of native neologisms, which corresponds to Hsu’s
proposal as well. Fourth, /z£ is categorized as a trendy word since it is a play on words.
That is to say, /z7& [a ma4] has the same pronunciation with /777 [a ma4], which is an
existed word in Taiwanese Mandarin.

As mentioned earlier, 25 bigrams were randomly selected from the category potential
neologisms. In the result, it is observed that only parts of them are rated as neologisms, and
some of the bigrams originally selected from words and nonwords are rated as neologisms as
well. Table 4 shows the inconsistency between the system’s judgment and raters’ judgment.
Also, the last column indicates the numbers of bigrams’ occurrences in newspaper®, which is
used to show the relationship between the public news and neologisms.

° Newspapers are comprised of Bt &EHE, RAR, FHAlE and Upaper with 11,230,842 articles,
which are collected by United Daily News. See http://udndata.com/ndapp/Detail.
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According to the number of people with agreement, we can see that dialectal words tend to
have higher newness (the degree of how new a word is), showing that dialectal words play an
important role in the input of neologisms of Taiwanese Mandarin. Second, it is shown that the
higher the newness of a bigram, the less frequent it will appear in the public newspapers,
which reflects that the more stable a bigram is, the more it will be recognized as a formal
word. For example, £ /4 has the lower occurrence than £LA in the public newspapers
because it has the higher newness.

Table 4. Neologisms according to raters’ judgment

Bigrams | System’s Number of Number of
judgment people with occurrence in

agreement newspapers

U5 X 21 127

HH 17 787

S| . 17 37

— Potential

N . 15 6

~ neologisms

g 11 3

EH 11 13214

ISV 10 17847

S 15 6829

=i Words 12 19893

5T 11 4909

(E)zs Nonwords 12 2

From the statistic perspective, time series analysis also shows the similar correspondence
with our prediction. The time series of the frequency data appears is non-seasonal, and can be
probably described by using an additive model. We use Holt Winters exponential smoothing
method to make short term forecast for the 4 words in the three categories. Figure 5 shows
the illustrative plots for [f& (nonword), 25 (potential neologism), =i (word), /N5
(word) with parameter alpha of (0.369, 0.2328, 0.0088, 0.1933) respectively. The predictive
model gives us the forecast for the year 2013 (plotted as a blue line), an 80% prediction
interval for the forecast (plotted as a purple shaded area,), and the 95% prediction interval as
a gray shaded area.
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[ & [nonword]
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Figure 5. The time series of the frequency data

Although the overall frequency of 2% is low, its occurrence is relatively stable. The figure
shows that it has a higher probability of being a neologism. According to this observation, we
suggest that a bigram with low frequency and high stability has a higher chance of being a
neologism.

In terms of the distribution, we can divide words into two patterns. Take //\/Z and &Z#; for
example. The former one has peaks with high frequency during its development, which
implies that it has a higher stability of being a word. The latter one has a significant peak at
the beginning, and then it starts decreasing gradually. In fact, Z# (Taiwan High Speed Rail)
was a popular issue since late 2005 after the construction was formally announced by the
government, but the topic was out of focus year after year. This reflects that public issues
sometimes can dominate the occurrence of a potential neologism, and also implies that the
difficulty of detecting a potential neologisms not only due to its low frequency but also due to
some extralingusitics factors.

5. Conclusion

In this research, we have built a diachronic corpus of PTT from 2005 to 2012., neologisms are
detected by a proposed ‘diachronic n-gram model’ inspired by functional linguistics, and an
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experiment of human judgment was conducted among 25 raters. The score of the inter-rater
agreement measured by Fleiss’ kappa is 0.54, which indicates the moderate agreement. The
characteristics of the neologisms and the inconsistency between the system’s judgment and
the raters’ judgment are then discussed in an attempt to improve the detection of neologisms
in PTT. Comparison with newly released Google book n-gram data will be conducted in the
future study, which would facilitate the prediction and deeper understanding of neologisms.
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Abstract

Cerebral palsy (CP) is a developmental motor disorder and the study of the speech
characteristics and developmental speech patterns may provide valuable information on early
speech development. Vowels appear early in speech development and they are central to the
understanding of the acoustic properties of speech. Therefore, the current study aimed to
examine the differences of vowel formant frequencies among five children with cerebral
palsy in different severity ranging from ages 3 to 7. First and second vowel formants (F1 and
F2) were measured to investigate: 1) the changes of the F1 and F2 values, 2) vowel space,
and 3) the vowel space area in CP children of different ages and severity. The major findings
are: 1) There was no obvious decline in F2 values from 3 to 7 years old, which indicated
delayed speech development; 2) The overlapping ellipses of all vowel spaces illustrated
unstable motor control in all the five children; and 3) The five CP children had centralized
corner vowels and there was no expansion of vowel spaces at different ages. This indicated
their limited motor control.

Keywords: vowel formant frequencies, vowel space, cerebral palsy, Mandarin-speaking
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children

1. Introduction

Cerebral palsy is regarded as the most common cause of severe motor disability in
children who are attributed to non-progressive disturbances that occurred in the developing
infant brain [1]. Estimation from several different developed countries reported that 1.2-3.0
per 1000 children were diagnosed with cerebral palsy [2][3]. Vowels are central to the
understanding of the acoustic properties for speech, and vowels appear early in speech
development. Children achieve high degree of accuracy in producing vowels by the age of
36 months [4]. Therefore, the current study focused on vowel acoustical characteristics in
five CP children of different ages.

2.Methodology

2.1.The participants

Five children with cerebral palsy participated in current study for investigating the
differences of vowel formant in their speech production. General background
information is described as follows.

Table 1. CP participants

Gender Age Severity of CFCS
(in year,; Impairment
month, day)
CP1 Male 2;5,13 Moderate Level Il which distributed that the child is

effective message sender/receiver with
both unfamiliar and familiar
communication partners but in a slow path

CP2 Male 2;9,16 Most Severe  Level IV which indicated that the child
seldom effective message sender/receiver
even with familiar partners

CP3 Male 3;11,6 Moderate Between level IV (Self-Mobility with
Limitations; May Use Powered Mobility)
in between 4™ and 6" birthday.

CP4 Male 4;11,16 Severe Between level 11l and IV

CP5 Male 6;5,14 Severe Between level IV (Self-Mobility with
Limitations; May Use Powered Mobility)
in between 4™ and 6" birthday.

Five participants were observed individually by the Communication Function
Classification System (CFCS) [5] as shown in Table 1. CP2 child, in 33 months, was
diagnosed with hydrocephalus which caused severe brain damage and speech disorder.

2. 2 Data collection and analysis

A 50-minute recording from each child was analyzed, except for CP2. Due to very
limited speech data from CP2, two recordings were used. The recordings were made in a
quiet classroom with no noise disturbance (CP1) and the participant’s home (CP2, CP3, CP4,
and CP5) with quiet environment and fewer disturbances. TASCAM DR-100 recorders with
a SHURE wireless microphone system were used for data collection. The acoustic analysis
was based on the 50-minute recordings which includes picture-naming task, and
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spontaneous conversation between the observer, the child and the mother.

Every word in picture-naming task was transcribed. The first and the second formant
frequencies (F1 and F2) of vowels were measured with time-frequency analysis, TF32
(Milenkovic, 2002) with reference to Linear Prediction Coefficient (LPC) and Fast Fourier
Transformation (FFT). Vowel space was drawn to suggest the stability of vowels uttered by
children with CP of different levels of severity. Furthermore, the corner vowel space areas
were calculated with the vowels (/i, a, u/).

3.Results and discussion

3.1. Vowel formant frequencies

The value of F1 and F2 in vowels /i/, /el, lul, lal, | of and /o/ were analyzed for each
child. The descriptive data for F1 and F2 values of all the 5 children is shown in Table 2. The
values of F1 and F2 did not appear obvious differences in children with different ages.
However, CP2 had very limited data'on the vowel /u/ due to the severe brain damage. He
could not successfully produce single word but limited sounds.

Table 2. Mean and standard deviation (in parentheses) of F1 and F2 values
Vowels h lel lol lal lal lo/
CP F1 F2 F1 F2 F1 F2 F1 F2 F1 F2 F1 F2

CP1  550.5 34845 6665 2713 594 1160 1059 2066 683 1589 817 1387
2:513 (78.9) (375) (216) (704) (118) (281) (258) (414) (174) (366) (178) (237)
CP2 668 2627 779 2048 650 1297 1078 1935 681 1040 907 1422
2:916 (69) (127) (126) (711) (0) (0) (301) (527) (160) (377) (116) (143)
CP3 610 3265 754 2709 676 1259 989 2222 814 2184 813 1594
3:11,6  (103) (309) (101) (451) (108) (533) (160) (272) (129) (555) (58) (238)
CP4 479 3580 731 2888 555 1161 1008 1810 817 1766 666 1294
411,06 (67) (183) (166) (494) (103) (251) (163) (283) (115) (209) (136) (243)
CP5 602 3065 770 2355 648 1252 765 1473 1118 1825 712 1790
6:514 (100) (475) (180) (769) (189) (537) (175) (331) (326) (538) (198) (604)

Table 2 shows the mean and standard deviation of F1 and F2 of the main vowels
produced by each child. Although there was no obvious difference among the severity
groups as comparing the F1 and F2 values, CP4 (severe) tended to have lower F1 value in
vowels /i/ and /o/, and CP2 (most severe) showed lower F2 value in vowels /i/, /e/ and / of.

Table 3. Mean and standard deviation ( in parentheses) of F1 and F2 (sorted by severity)
\owels N/ /el o/ /a/ /3l o/
cP F1 F2 F1 F2 F1 F2 F1 F2 F1 F2 F1 F2
Moderate 559.5 34845 666.5 2713 594 1160 1059 2066 683 1589 817 1387
CP1  (78.9) (375) (216) (704) (118) (281) (258) (414) (174) (366) (178) (237)
Moderate 610 3265 754 2709 676 1259 989 2222 814 2184 813 1594
CP3  (103) (309) (101) (451) (108) (533) (160) (272) (129) (555) (58) (238)

Mean 584 3374 710 2711 635 1209 1024 2144 748 1886 815 1490
Severe 668 2627 779 2048 650 1297 1078 1935 681 1040 907 1422
CP2 (69) (127) (126) (711) (301) (527) (160) (377) (116) (143)

Severe 479 3580 731 2888 555 1161 1008 1810 817 1766 666 1294
CP4 (67) (183) (166) (494) (103) (251) (163) (283) (115) (209) (136) (243)
Severe 602 3065 770 2355 648 1252 765 1473 1118 1825 712 1790
CP5  (100) (475) (180) (769) (189) (537) (175) (331) (326) (538) (198) (604)

Mean 583 3090 760 2430 617 1236 950 1739 872 1543 761 1502

The frequency of occurrence of each vowel is described in Table 3 which indicated that
vowel /i/ and /a/ appeared more frequently than other vowels since the age of 2. Data from
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CP2 (severe) showed the opposite outcome in which vowels /i/ and /a/ appeared only 14%
(6%+8%) and vowels /o/ and /o/ appeared 77% (39%+38%). This may due to the limited
spontaneous speech production that the child produced.

Table 4. The frequency of occurrence of each vowel

I/ Il vl lal lo/ I/
CP1(2;5,13) 25% 7% 16% 24% 14% 14%
CP2 (2;9,16) 6% 8% 1% 8% 39% 38%
CP3(3;11,6) 23% 8% 12% 26% 15% 16%
CP4 (4;11,16) 24% 9% 7% 26% 21% 13%
CP5 (6;5,14) 22% 15% 16% 11% 25% 12%

3.2. Overall vowel space

The vowel space for all vowels is illustrated in the following figures. Figure 1 shows
that the child at 29 months had not yet developed mature vowel production. The ellipses of
vowel space were overlapping and centralized. CP2 had very unstable vowel production in
which the ellipses are large. That is, the range of individual vowel was big. The vowel space
for CP3 showed overlapping ellipses, which also indicated unstable vowel production. Even
in the oldest child (6 years and 5 months of age) in this study, the production of vowels still
appeared to be immature.
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Figure 1. Vowel space of individual vowels

The vowel space above indicated the unstable vowel production by CP children in
different ages. Table 5 displays the range of F1 and F2 values, and the data showed that
CP1 had a very unstable F2 value in vowel /i/. CP2 had the smallest range of F2 in vowel
/ol even though CP2 was the most severe child with brain injury. The descriptive data also
indicated that CP5 (77 months) had very unstable motor ability in which the range of
F2 values of vowel /i/ was very large (from 940Hz to 3446Hz).

Table 5. Range of F1 and F2 values

il lel/ ol fal lo/ o/

CP F1 F2 F1 F2 F1 F2 F1 F2 F1 F2 F1 F2
CP1 Min 423 2281 439 1382 431 867 563 1551 521 1246 472 864
2,513 Max 687 3788 905 3271 740 1375 1412 2715 1244 2240 953 2023
CP2 Min 563 2546 724 1206 650 1297 381 1030 730 1167 469 747
2;9,16 Max 727 2843 1030 2835 1677 2851 1037 1508 959 2325
CP3 Min 437 2583 559 2119 563 1130 740 1767 728 1207 515 909
3;116 Max 788 3832 943 3711 1000 3058 1278 2930 953 2103 1028 2885
CP4 Min 385 3230 384 1288 338 850 649 1423 468 812 597 1423
411,16 Max 611 4008 876 3272 723 1767 1204 2542 946 1638 1030 2409
CP5 Min 335 940 571 890 555 1037 430 1031 477 951 334 642
6;5,14 Max 816 3446 1166 2847 1169 2881 1426 3185 1122 2119 905 2329

3.3. Vowels area

The scatter plots in Figure 2 illustrate the distribution of the three corner vowels (i.e.,
fil, lul and /a/) for each child. The blue dots represent the vowel /a/ and its range is
scattered apart which indicates the instability in producing vowel /a/ for each child in this
study. The lines were drawn to illustrate the changes of vowel space areas in different
ages and severity. Previous studies indicated that children tend to have smaller vowel
space in early age, and later expand a little when the children are older, then become more
centralized. The broader vowel space at early stages corresponds to the increased
variability of vowel formants which might be due to immature motor control [6][7]. After
acquiring more mature motor control for vowel production, the decreased variability of
vowel formants leads to the reduction of F1-F2 space at later stage. However, the current
study did not discover obvious change of vowel space in different ages. In this current
study, CP1 had larger corner vowel space than CP3 due to age difference. CP2, with
severe dysarthria, tended to have very scattered corner vowels distribution due to the
difficulty of motor control.
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The vowel space with three corner vowels produced by the 5 children with different
ages revealed no obvious trend of expansion or concentration of vowel spaces. However,
the results indicated that, first, the major difference among participants appeared on F1
formant values, especially for vowel /i/ and /u/. Second, vowel /a/ appeared to be stable
with no obvious changes by severity and age differences. Table 6 shows the corner vowel
space area for each child. The results indicated that the vowel space tended to be larger in
early ages, and then became smaller in older ages.

Table 6. Corner vowel space area (Hz?)

CP1 CP2 CP3 CP4 CP5
Severity ~ Moderate Severe Moderate Severe Severe
Age 2;5,13 2;9,16 3;11,6 4;11,16 6;5,14

Area 556655 Hz? 278985 Hz? 345718 Hz? 572422 Hz? 439234 Hz?

Previous study of children’s developmental changes in vowel production suggested
that typically-developing children tended to have high F2 values in vowel /i/ at age 1 and
decreased by process of age [8]. The result in current study showed that the F2 value of
vowel /i/ in CP1 (29 months) had reached up to 3000 Hz. However, the F2 values of
vowel /i/ did not decline with the process of age. CP4 appeared to have more than 3000
Hz of F2 values in vowel /i/ at age of 4. The data in the current study indicated unstable
development in vowel production in terms of age difference in respect of F1 and F2
values. The findings are similar to the description in [9] which indicated that the
abnormality in vowel development may provide valuable information in the
understanding of early speech characteristics and speech development in CP.

Lee (2010) indicated that CP children with dysarthria have smaller vowel space
areas than CP without dysarthria and typically-developing children. The five CP children
participated in the current study were grouped as CP with dysarthria but in different
severity (i.e., moderate and severe). However, the results in current study indicated that
CP2 (most severe) had the smallest vowel space areas and CP4 (severe) had the largest
vowel space area. In other words, the results did not show clear relation between the
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severity, F1 and F2 values, vowel space, and vowel space area.

Due to the deficit of speech-motor control, children with cerebral palsy showed
no obvious differences in speech production based on the comparison of vowel formant
values in CP with different severities and ages. Regarding vowel space, all five CP
children had scattered and non-uniform formant values, which reflected that children
with CP had limited ability to coordinate and control tongue movement in vowel
productions.
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Abstract

In the beginning, search engines provide placements next to the original search results
for advertisers on specific keywords. Since users often search for their interests or purchasing
decision, timely presenting proper advertisements to users will encourage them to click on
search ads. With the rapid growth of advertising, there is a bidding mechanism that
advertisers need to bid keywords on their ads. They should carefully compose keywords in
order to enhance the opportunity for their ads to be clicked. Until now, how to efficiently
improve the ad performance to earn more clicks remains a main task.

In this paper, we focus on the scope of smart phone and produce a social intentional
model with advertising based features to forecast future trend on ads’ click-through rate
(CTR). In terms of social intentional model, we analyze Chinese text content of technology
forum to derive social intentional factors which are Hotness, Sentiment, Promotion, and
Event. Our results indicate that with knowing public opinions or occurring events beforehand
can efficiently enhance click prediction. This will be very helpful for advertisers on adjusting

bidding keywords to improve ad performance via social intention.

Keywords: Advertising, Sponsored Search, Click-Through Rate, Social Intention.

1. Introduction

For online search advertising, the well-known search engines such as Bing, Google, and
Yahoo! enable ads to be shown on the top banner or alongside the search results. This
generates most of the revenue for search engines. The most common mechanism is
cost-per-click (CPC), which means the advertiser bid on keywords but only be charged for
each user click on the ad. Both search engines and advertisers look forward to enhancing the
ad’s click-through rate (CTR), which indicates the probability of the number of ad clicks
divided by the number of ad impression. The ad position is on the basis of the ranking score
which is computed by the multiplication of CPC and ad quality score. The ad quality depends
on plenty of factors that cause an ad to be clicked like ad’s keywords, historical CTR, title,

description, display URL, landing page, etc. Moreover, CTR is an important and direct metric
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for measuring advertised performance.

This paper will focus on forecasting ad keyword’s CTR trend, since different bidding
keywords in the same ad have various CTR values. Target on the popular 3C products: smart
phones, we use the public information from technology forum to predict ups and downs of
the next day CTR.

As [1] statistics, the top three most important factors influencing consumer choice of
mobile phones are: innovative features, recommendation and price. We extend these criteria
as following factors: Hotness, Sentiment, Promotion, and Event. All these factors may
affect ad’s future CTR as Figure 1 depicted. For example the releasing news, a kind of events,
may trigger users search on search engine or forum to look for product comments in detail.
Users may click more on ads while the ads containing promotion terms or the promotion

news is releasing.

Good! 12/04 release...

iPhone 5 will
p~ Forum sell on 12/14!
Q
~<
.
CTR upgrade
in the next few days
iPhone 5 Hot ™
... Appearance
Special Offer!! Price ...
Forum

(%
LN 4 o
Figure 1. The impact on CTR from releasing news to people reaction

The purpose of this study is to predict and analyze which factors that affect ad keywords’
CTR in the next day. This work could previously inform advertisers of user intention on
product keywords and assist them to judge whether to change ad strategy or not. It appears
that research has not yet been available concerning the effect on search advertising from
forum opinions. We expect that this work could significantly aid advertisers in advertising

production.
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2. Related Work

Even now, there are still lots of research on improving advertising performance in order
to verify which features could probably affect ad clicks. We will introduce some related
researches that predicted clicks on search advertising; moreover, for the same predicting task
but in different research domain, there exist some studies that use public mood to predict the

stock trend in the stock market.

2.1 Traditional click prediction problem

Regelson and Fain [2] claimed that historical click information provides tangible
examples of user behavior. To predict future click-through rate by term level, for those terms
with low frequent or completely novel terms, they use hierarchical clusters of related terms to
compute. Apart from terms, Richardson et al. [3] suggested that adding features of ads, and
advertisers can accurately predicts the click-through rate for new ads. The collected
information of ads contained landing page, bid terms, title, body, display URL, clicks, and
impressions (views).

User intentions may significantly vary in the same query. Guo et al. [4] develop a
fine-grained user interaction model for inferring searcher receptiveness to advertising. They
modified the Firefox version of the OpenSource LibX toolbar to instrument mouse
movements and other user action events on search result pages. Cheng and Canta-Paz [5]
develop demographic-based and user-specific features that reflect the click behavior of
groups and individuals.

To strengthen the relation between query and ad, Dave and Varma [6] proposed a
similarity method to give prediction. Especially for those rare/new ads, they used cosine
similarity between two queries or two ads. Xiong et al. [7] designed a continuous conditional
random fields (CRF) based model, which considered both features of an ad and its similarity

to the surrounding ads.
2.2 Using social media for prediction

The prediction problem on trend is analogous to click prediction. Bollen et al. [8] first
used six dimensions of mood(tension, depression, anger, vigor, fatigue, confusion) from
Profile of Mood States(POMS), a well-established psychometric instrument to observe the
relation between moods and socio-economic phenomena. After that, Bollen et al. [9]
expanded terms of POMS from Google webpages, named it GPOMS. GPOMS contained six
different mood dimensions: Calm, Alert, Sure, Vital, Kind, and Happy. They used Granger
causality analysis to investigate the hypothesis of public mood states and a Self-Organizing
Fuzzy Neural Network to predict the daily up and down changes of Dow Jones Industrial
Average (DJIA) in the stock market by the OpinionFinder and GPOMS mood time series.
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3. Method

In this section, we present our proposed framework as shown in Figure 2 to address the
problem of predicting ad keyword CTR via adding social phenomena. In brief, given an ad
keyword as an input, our system returns the direction of movement in the next day based on
previous advertising data and social intention effects. First, in advertising-based part, we do
the CTR filtering to be basic information on an ad keyword. Next, before running the main
process, the social intentional factors have been built from historical public behaviors on
technology forum. After that, we crawl the related articles on technology forum in recent time
duration to calculate social intentional scores. Thus, with these two-part values, we can run
the prediction model in the last process. The results are produced from Linear Regression
model and SVM classification model.

- - - - -—"—"-"—"""""""""7"=""1
> Social

Forum Intentional |
Articles Model |

POS Tagging

Four
Extracting
Methods

. Future
_~/ CTR values

Future CTR
—————————————————— —_ N4 Ups and
N — |
— >
Ao — — CTR I 4y
.| Advertising CTR Filtering Values [
| Data — |

L Advertising-based Mode

— —— — — — — — — — — — — — — — — — —

Figure 2. Proposed framework

According to user preference on purchasing, we propose four extracting methods to
produce Hotness, Sentiment, Promotion, and Event that may be sufficient to affect user click
on ads. The data used for methods in this part is Mobile0O1 articles from November 1, 2012 to
January 31, 2013 which contains 21,674 articles. In the following parts, we will introduce
these methods with Mobile01 articles in detail.

- Hotness -

The “Hof” means feverish, to become lively or exciting' that can informal arouse

! http://en.wiktionary.org/wiki/hot
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intense interest, excitement, or controversy’. What we need to do is find out those proper
themes that stimulate public to discuss on technology products. Focusing on smart phone in
our work, we consider the phrases are broadly and frequently mentioned between articles,
such as the phone’s appearance, functionality, price, etc. Inverse Document Frequency (IDF)
is a measure of whether the term is common or rare across all articles as shown in Eq.(1),
where |D| is the number of all articles, and |{d;|d; € D }| is the number of articles
containing the phrase t;. We choose the IDF range from 0 to 4 which contains 379 terms to
be hot candidates.

D]

9 e e o3l "

IDF; =

We randomly pick some terms in IDF of all articles less than 4 and greater than 8 to
check what the terms look like and display it in Table 1. The range of IDF less than 4 closely

meet our expectation.

Table 1. Terms look like when IDF less than 4 and IDF greater than 8

Terms in IDF <4 Terms in IDF > 8§
Thie, e =2, FER R, /8, Ui, EERR, EEEIEE, %k,
KRG, E5%, B, FEE, Wi, &, THEIR, TFFRL, PERDER, MK,
B8 W, o, WoE, &%, - SRS, Wi, BEE, B2,

When a hot article comes up, there must be widely discussed and viewed by a crowd of
people. Thus we gather the articles having top 1 percent high prestige’ in each category and
obtain 222 of them in all articles. Because hot terms are feverish and most talked-about
subjects, we sort these 379 candidate terms by Term Frequency (TF) value in a descending
order from all articles. The TF value is calculated by Eq.(2), where n;; is the number of
term t; appears in article d;, and Y, ny; is total number of terms in article d;. It means
each candidate terms has 21,674 TF ranking value from all articles. Next, we set a threshold
on 222. That is, if top-222 TF article values contain one of hot articles (222 articles), this

candidate term will be chosen as hot term.

n. .
TF(t;;) = Zk:l]kj )

With hotness lexicon lexicony, input an ad keyword and a date, we could calculate the

2 http://www.thefreedictionary.com/hot

3 “Prestige” here is said the number of views to the article.
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hot score from daily articles by Eq.(3), where a; is one of keyword-related articles from the
set Articlesy g4, |Articlesk,d| is the number of keyword-related articles that are crawled in
the date time, and Count(h;, a;) is the count of hot term h; appears in article a;.

ZaieArticlesk‘d ZhjelexiconH Count(hj: a;)

|Articlesk,d|

3)

Scoreyox(d) =

- Sentiment -

In this part, we want to analyze public moods and opinions for a product from articles.
The first step is to build a sentiment lexicon. We utilize NTUSD[10] and HOWNet* to obtain
4140 positive terms and 6608 negative terms with no repeats as our sentiment
lexicon lexicong. Although the number of negative terms is more than positive terms used, it
does not affect the orientation of public opinions.

The sentiment score for an ad keyword with a date is calculated by Eq.(4), where
Score(sj) = +1 if s; is a positive term, otherwise is —1, and Count(s;, a;) is the count of
sentiment term s; appears in article a;.

ZaiEArticlesk,d Zsjelexicons Score (Sj) * Count(sj' ai)

|Articlesk,d|

(4)

ScoreSenti,k (d) =

- Promotion -
Everyone knows that selling products with discount phrases is noteworthy to public. At
first we pick 15 terms that contain promotional meaning to be seed words. They are F5{&
(Special offer), [#{&(Price reduction), {& = (Preferential), 458 (Clearance), 455 (Specials),
tEL%(Lucky bag), fi8%(Lottery), #74[1(Discount), &= (Exclusive), #FFE (Good things),
4% (an auxiliary verb for discount in Chinese), %%¢(Free), i£(Gift), {H (Cheap), and
¥I|Bi(Saving). To build a lexicon on promotion, we expand these terms by analyzing word
co-occurrences in front and rear 5-term collections by Yahoo! top-200 query results in a past
year.
For calculating promotion score, we produce a formula in Eq.(5), where C ount(p s ai)
is the count of promotion term p; appears in article a;.
Lasearticlesiq 2p;elexiconp COUNE (D), ;)

|Articlesk,d |

)

SCOTepromote,k (d) =

4 http://www.keenage.com/html/c index.html

283



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

- Event -

We have observed that news or events may affect ad keyword’s CTR in the next few
days. Thus we propose the number of bursty replies on forum articles to model an event
effect in a numerical manner. By using Eq.(6), where ¢t is the post time of the article a;,
tq is the time duration we set to a half-day, and RC(a;, t,,ts) is the reply counts based on

two former parameters, our event score is produced.

ZaieArticlesk,d RC(CLL’, tair td)
|Articlesk,d|

(6)

ScoreEvent,k (d) =

3.3 Advertising-based model

Usually, advertisers would combine the product name with some terms like: {EHF&
(price), {#E (cheap) to be a bidding keyword. Hence if we wonder to look for the specific
keyword’s data on certain day, all kinds of keyword combination should be taken into for

consideration. Table 2 displays a part of bidding keywords on “iPhone 5.

Table 2. Bidding Keywords on “iPhone 5”

apple iphone 5 16G EE{E, apple iphone 5 IAE, Apple iphone 5 B #H,
Apple iphone 5 {8, apple iphone 5 2§, Apple iphone 5 BAFE,
iphone 5 {E#%, iphone 5 #R#%, ...

Thus, for those keyword-related ads that are crawled in the date time, we define them
as ADy 4 = {ady, ad,, ..., ad,}. For those bidding keywords from the keyword-related ad on
the certain day are presented as Badj = {ky,ky, ..., kn}. CTR(k;) is the click-through rate of
the bidding keyword k; in the ad ad;. With these advertisements and bidding keywords, we

could compute CTR value for the objective keyword on certain day as follows:
ZkiEBad]. CTR (kl)
ZadjEcADk,d |Bad]- | (7)

|ADy 4

CTR(d) =
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4. Experiments

4.1 Dataset and preprocessing
Our dataset of technology forum is from MobileOl.com’ which is an Internet forum

being devoted to discussing a variety of mobile phones, mobile devices, 3C products, etc. We
crawl 4 months data from November 1, 2012 to February 28, 2013 with twelve categories.
The information we extract from forum articles includes 15 available attributes. The ultimate
decision on attributes using are Category, Prestige, Title, Replies, Post Date, and Post
Content.

WIS Internet Inc.® is currently a Yahoo! Taiwan Search Marketing Ambassador. It is
thanks to WIS assist in providing advertising data to us that our research is getting more
credibility. The duration of advertising data is 3 months from December 1, 2012 to February
28, 2013. Since our study is focused on smart phone, the dataset consists of 10 related
advertisers, 2,283 ads and 14,537 ad keywords. The information we use to experiment are
Advertiser ID, Ad ID, Date, Keyword, Ad Group, Ad Campaign, Impressions, Click-Through
Rate, Clicks, and Keyword average Ranking.

Before we do our experiments, we preprocess our dataset in advance. We use CKIP to
split Chinese phrases from content of articles and obtain POS tags. The distribution of the

number of articles and replies in training and testing data are shown in Table 3.

Table 3. Data statistics in training and testing

Item In training In testing
Date Dec.1, 2012~Feb.14, 2013 Feb.15~Feb.28, 2013
# of categories 12 12
# of articles 18,125 2,984
# of replies 187,821 35,353

4.2 Results and discussion

In order to evaluate the performance of our system and to compare with the baseline,
forecasting CTR value and CTR up or down prediction is measured in terms of the Average
Mean Absolute Error (MAPE) and the direction accuracy. Based on the CTR values produced
from advertising model, we add keyword’s daily average position as our baseline to
strengthen the predicting capability.

In Figure 3, we observe that for using previous 4 days data, some of factors predict well

3 http://www.mobile01.com/

6 http://www.wis.com.tw/eng.html
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than baseline but not all of them do. Since each factor has its characteristic which are
demonstrated from daily forum articles. With using more previous data, the increasing
reference data can aid the prediction.

2.5

Il Baseline
% Base+Hot

N Base+Senti

Base+Promote
Base+Event

= Base+4scores

1day 2days 3days 4days 6days 7days

Figure 3. CTR daily prediction with different social intentional factors

For ups and downs prediction, Figure 4 illustrates that for using previous 2 days data,
adding Sentiment information has an outstanding performance. Besides, the overall
conditions for using previous 6 or 7 days data have better prediction. We observe that only
using advertising data may not enough to predict future CTR trend. However, with our social
intentional methods, the prediction will more accurate and each social intentional factors are

more significant in different previous days usage.
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Figure 4. CTR ups and downs prediction with different social intentional factors

5. Conclusion
In this paper, we propose the social intentional methods derived from a popular

technology forum to forecast CTR trend on Chinese search advertising. Differs from
traditional advertisement click or not prediction, our model focuses on the specific ad
keyword and predicts its next day CTR value and direction of movement. In particular, we
construct three corpora and one factor from forum to represent public perspectives on mobile
phones. Based on these corpora, we can find which terms are most discussed by people in
Hotness, or which terms are probably attractive to people in Promotion, etc. Our results
present that social intention will affect an ad keyword’s future CTR soon or delayed a few
days. The reason is that people may discuss or read experiential articles on forum before

searching or purchasing on search engine. With public disposition and market tendency, we
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can precisely indicate which factors influence the specific ad keyword the most in recent days.
This approach is very helpful to advertisers who want to publish a new ad or adjust the
keywords of the ad. Furthermore, our proposed method can not only use in the scope of
mobile phones but also expand to other marketing fields like brand analysis, beauty makeup,
or clothes.
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Abstract

In fact, most people have had the experience that they haven’t made detailed itinerary in
advance before a journey, and as a result they don’t know what place or what kind of activity
is suitable as the next visit location and activity after they engage in an activity in a certain
place. To alleviate such problem, in this paper, we proposed the Consecutive Itinerary
Matching Model to help mobile users find next locations and activities in line with their
leisure needs. This model effectively utilizes time, location, user, and activity as features to
find the most possible “Consecutive Itinerary” and then recommend mobile users next
locations and activities. In this preliminary study, although our approach achieved only about
30% top-1 inclusion rate, however, to our knowledge, this work is novel for the
recommendation of location and activity based on consecutive itinerary discovery from
check-in data.

GRdHE] - HURGHERE o JEEHERE

Keywords: Location Recommendation, Activity Recommendation

1. Introduction

In fact, most people have had the experience that they haven’t made detailed itinerary in
advance before a journey, and as a result they don’t know what place or what kind of activity
is suitable as the next visit location and activity after they engage in an activity in a certain
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place. To alleviate such problem, in this paper, we intend to propose an effective method to
help mobile users find next locations and activities in line with their leisure needs. For
example, after somebodies watches a film in the cinema, we can recommend them to go
bowling next.

In the last few years, when people go places, the common thing for them to do is that
using Facebook to check in to the places and let their friends know exactly where they are
and what they’re doing. Check-in data is a new and useful resource for our work of finding
next locations and activities for mobile users. In addition, many bloggers describe travel
itineraries in their blog articles which are really worth discovering. Thus, to recommend
effective next potential location-activity pair to mobile users, our idea is to utilize these two
kinds of resources, check-in data and travel blogs. In this study, we collect and analyze a
large number of travel itineraries from these two resources, and then use these data to train
the Consecutive Itinerary Matching Model (CIMM). This model uses time, location, activity,
and user information in check-ins and travel blogs as features to find the most possible
consecutive itinerary associated to a user’s current location and activity, and then
recommends him next locations and activities. The example of recommending mobile users
next location and activity based on the consecutive itinerary discovery from check-ins and
travel blogs is shown in Figure 1. We collected a large number of check-ins and travel blogs,
and extracted a little check-in information to make useful consecutive itineraries. A
consecutive itinerary includes arrival time, user gender, user age, current location, current
activity, next location and next activity. Based on the extracted consecutive itineraries, we can
train a CIMM to effectively recommend mobile users next locations and activities associated
with their current locations and activities. To our knowledge, this method may be an
innovative and useful technique.

Where we can go and what

activity we can attend next?

(Male,27) .
Consecutive Itinerary
User.  Usere Cwrent | Cwirent Next Next
o Time-
Gender- Age- Location-  Activitys Locations Activity-
L. | £ 4T, We recommend user :
Top-1- 13:09: Males 29 P4, @, F-
kA | HB-

Top-1. | &3 H3kFF - & 5.5 Be
Little I
Top-2¢ 16:45: Male: | 29+ Fitdks | &k R » Top-2- Little House - B & o
House-

Top-3. & HEERY - L g
£ B & | IEHE '
Top-3+ 16:32. Male- | 27- AR Ee g i e
R &

Figure 1. The example of recommending mobile users next location and activity based on the

consecutive itinerary discovery from check-ins and travel blogs.
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2. Related Work

Location recommendation always is a popular topic. Conventional location
recommendations usually collected user's past GPS path and used data mining techniques to
find user's moving trajectory, and then give the corresponding location recommendations.
Based on multiple users’ GPS trajectories [1], Zheng et al. aimed to mine interesting locations
and classical travel sequences in a given geospatial region. Morzy [2] used the past trajectory
of the object and combines it with movement rules discovered in the moving objects database
for predicting the location. Furthermore, he also proposed a probabilistic model of object
location prediction [3]. Monreale et al. [4] proposed a location predictor WhereNext, which
uses the locations visited by users to build a decision tree, and finds users’ trajectory patterns,
and then uses the trajectory patterns to predict the next location.

Location-based Social Networks (LSNs) have become extremely popular. Recently,
people try to use the location records of LSNs to recommend location. Berjani and Strufe [5]
proposed a recommendation scheme based on regularized matrix factorization (RMF). They
collected locations and users, and mapped them to an n-dimensional space, and then calculate
the inner-product between user and location to recommend location. This study is
characterized by mapped users and locations to the same two-dimensional space. The
difference between our paper and this study is that we also consider the time factor and the
user's personal characteristics.

Ye et al. [6] developed a friend-based collaborative filtering (FCF) approach for location
recommendation based on collaborative ratings of places made by social friends. Moreover,
they proposed a variant of FCF technique, namely Geo-Measured FCF (GM-FCF), based on
some heuristics derived from observed geospatial characteristics. First, they use the distance
between a user and his friends to calculate similarity. Second, according to the score of
location given by a friend and the friend’s similarity, they can calculate the recommend score
between a user and location. Finally, they select top n locations to recommend. Using
friendship to recommend locations is the main idea in this study.

Wei [7] used data mining techniques based on the location information of LSNs to find
user’s trajectory patterns, and then utilized the trajectory patterns to recommend locations.
The advantage of this study is to explore a few useful features of location.

The difference between our work and conventional location recommendation work is
that we not only recommend activities as well as locations. Besides it, mining useful
information like consecutive itinerary from check-in data is a new and important research
direction.

3. Method

3.1 Observation of Consecutive lItinerary

® Check-in Data
As mentioned before, many mobile users usually tend to leave check-in records when
arriving tourist attractions or interesting spots. Therefore, we collected a large number of
different mobile users’ check-in data from Facebook, and then listed a sequence of
check-ins for each user according to their arrival time. As a result, we often can find a
number of interesting itineraries for the user based on his sequential check-ins. The
observation of sequential check-ins inspired us to discover interesting itineraries from
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the large collection of mobile users’ check-in data, and then utilize these interesting
itineraries for recommendation of next location and activity for mobile users. In this
work, we thus simply define any two sequential check-ins of each user as a consecutive
itinerary in advance, and show an example of a consecutive itinerary in Figure 2.

-{N FEE
!__- = 20125F4H7H23:40

ZTERIH R 11— BRI T AEFOE M 13 AT TE 2 F

& SELAI
!__- . 2012F4H8H12:27

ﬂ%}%ﬁ%&%! I — BT HEFNEAM 13 EA fEHETIEEH

Figure 2. A consecutive itinerary of Check-in data
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B & |3 34| wiweet F3 158
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Figure 3. Consecutive itineraries in a travel blog
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® Travel Blogs

To discover more interesting consecutive itineraries for recommendation of next location
and activity for mobile users, we also explore a large number of travel blogs collected from
Pixnet.net. An example is shown in Figure 3. A user shares her journey to “JLf%” in a blog
post which describes four interesting tourist attractions. According to the observation,
actually, we can also find consecutive itineraries from travel blogs.

Based on the preliminary observations of consecutive itineraries on check-in data and
travel blogs, furthermore, we intend to understand how and which features will influence
mobile users to decide their next itineraries. According to our further observations, besides
location distance, time and user’s personal information, such as gender or age, also affect the
user’s decision about his next itinerary. For example, when a user visits “ZZ 1 during
the day, he likely go to “FREf#” next; but when a user visits “Z3ZE1E™ at night, they
likely intend to go to  “{E[E & 3™ next. In this study, we try to use five features in check-ins
and travel blogs to recommend next location and activity to users. These five features include
user's current location, current activity, arrival time, user gender, and user age.

3.2 Consecutive Itinerary Matching Model (CIMM)

In this study, we try to find user’s needs about next location and activity from user’s
current check-in post. In fact, a check-in post only contains four kinds of information,
including “Time”, “Location”, “User”, and “Message” . Basically, the message snippets
include activity terms and context words associated with the check-in locations. Thus, we
utilize a few effective POS tag patterns to extract correct activity terms. The pre-process of
activity term extraction is neglected due to the limitation of paper size. Based on the five
proposed features, we proposed Consecutive Itinerary Matching Model (CIMM). If a user
posts a new check-in C, we try to use the CIMM with the discovered consecutive itineraries
to predict the best user’s needs from the candidate sets of user’s next needs n about location

L, and activity A,,, where n = (L,,A, ), and therefore 1" can be modeled as follows:

n® = argmax,yP(n|C) (1)
The given current check-in data C includes five information C = (L., A., T, UG., UA,),
where L. is current location, A, is current activity, T, isarrival time, UG, is user gender,

and UA, is user age.
The CIMM utilizes the discovered consecutive itineraries to predict the best user’s needs.

A consecutive itinerary is composed of two parts, where pi is a previous itinerary and ni is the

next itinerary. pi contains five features pi = (L, A;, T;,UG;, UA;), where L; is previous
location, 4; is previous activity, T; is arrival time, UG; is user gender, UA; is user age.
ni contains two features ni = (NL;, NA;), where NL; is next location, and N4; is next

activity. We use previous itinerary pi to calculate the similarity between current check-in
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data C and consecutive itinerary I, and the next itinerary mi can be considered as user’s

need n . Therefore, the probability P(n|C) can be derived indirectly as follows:

P(nlC) = Z,cp P(pilC)P(n]C, pi) )
where P(pi|C) is the similarity between current check-in data C and previous itinerary pi.
P(n|C,pi) is the probability of finding user’s location and activity needs 7 if current

check-in data € and previous itinerary pi are given.

To filter out a number of unsuitable candidates of consecutive itinerary I, we set two

thresholds of time difference and location distance, respectively. If the time difference or

location distance between current check-in data € and previous itinerary pi are over the

thresholds, the previous itinerary i cannot be considered as a candidate. For example, if a user
at “3 = 7 (Kenting) give a check-in post, the previous itinerary pi given at “ 5 A (Taipei)

should be useless to the reference of the user’s next need, and then the similarity P(pilC)
between current check-in data C and previous itinerary pi is 0. We designed the itinerary

similarity computation algorithm to calculate P(pilC), which is shown in Figure 4.

Itinerary Similarity Computation Algorithm

Input: current check-in post € and previous itinerary pi
Output: the similarity P(pilC) between C and pi

1~ If (time difference between € and pi > 12 hours) then

2. Ppilc) =0

3. EndlIf
4« Else

5. If (location distance between € and pi > 100 km) then

6. Ppilc)=0
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7+ EndlIf

g. Else

9. P(pilC) =1
10~ End Else

11 ~ End Else

12 « Return P(pi|C)

Figure 4: The illustration of itinerary similarity computation algorithm

In fact, we observed that current check-in post € and previous itinerary pi have the

same features. Therefore, we put these five same features together into a set. Besides, for the
activity feature, we particularly divide the feature into two subfeatures, activity edit-distance
and activity nature. Thus, based on the feature set consisting of six features

F— {Time Dif ference, User Gender, User Age,Location Dist:mce,} )
- Activity Edit — distance, Activity Nature , the log-linear

model can be properly applied to compute the probability P(nlC,pi). Thus,

F PR
exp{zlizlimj_fj[ﬂ,pm:'j;

F P
Eciec; E-“P{ELzli W[y (npi.C))

P(nlcC,pi) = ©)

where |F| is the number of features, @; is a feature weight parameter, and f; (n, pi, C) is

the feature function, which is mapped with the corresponding feature names shown in Table 1
and will be introduced in Section 3.3.

Table 1. The corresponding names of the six feature functions

fj Feature Function

fi sz'mgﬂi_ffwgﬂcg (ﬂ, Tz'r TC}

f2 stwGendw[nf UGEJUGC)

fs stgmgg [ﬂ*r U‘r'lz'r UAC)

fs fLﬂCﬂEfﬂﬂDfSEﬂﬂGs‘ [anz'!LC)

fs féctvfty&‘dftﬂfsmﬂcg [ﬂ*"qz’! ‘4{.‘)

294



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

fo f:d;crz' vityNature [’:‘L, Az'r A C)

3.3 Feature Functions
3.3.1 Time Difference

In fact, some locations are more suitable to visit at the specific period of time. For
example, night markets and bars are more suitable to go at night, but museums and traditional
markets are more suitable to go during the day. If the arrival time of current check-in post €

and previous itinerary pi is closer, then the next visiting locations and activities should be
more similar. Thus, the first feature function we considered is the function of time difference
and is as follows:

td(T;.T¢)

fTingiffgrgﬂcg [nr T;. TC:} =1- W (4)

where td(T; T¢) is the time difference between T; and, T; is the time of previous
itinerary pi, T¢ is the time of current check-in post €, and max;td(T;,T¢) is the

maximum time difference between all previous itineraries and the current check-in post C.

3.3.2 User Gender

Gender difference is always an interesting topic for the research fields of social science
and psychology, and, of course, also affects the location choice of an itinerary for mobile
users. T4z [8] reported that the choice of tourist attractions has a little difference between
different kind of genders. #&Z || [9] also reported that gender is an important factor to
tourist attractions. Therefore, we conclude that if users have the same gender, then they will
have similar interest to visit the same locations. The feature function of gender difference is
given as follows:

1, if UG, = UG,
stwGendw[nr UG;:'! UGC:} = { E .

0, Otherwise (5)
where UG; is the user gender of previous itinerary pi, and UG is the user gender of
current check-in post .

3.3.3 User Age

Age is an important factor for users to choose locations. In general, elders are more
likely to visit natural landscape but young men may choose the amusement park. T-#fEzik [28]
pointed out that the choice of tourist attractions have great difference between different kinds
of ages. Kotler [30] also reported that age is one of important influence factors to the choice
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of tourist attractions. Therefore, we use user age as one of important features for
recommendation of location and activity need The feature function of user age is defined as
follows:

ad(U4;UAg)
Max;ad(UA;UA ) (6)

fUSETAgg[:nr UAE-,UAC) =1—

where ad(UA;,UA.) is the age difference between UA; and UA., UA; is the user age

of previous itinerary pi, UA; is the user age of current check-in post , and

Max;ad(UA;,UA ) is the maximum age difference between all previous itineraries and the

current check-in data .

3.3.4 Location Distance

When people is planning travel itinerary, with the consideration of convenient
transportation, they accustomed to arrange those nearby locations together. If the distance
between two locations is closer, the probability of going to the same location next is higher.
For example, if a user strolls a street in “28 | (Kenting), they will choose Kenting National
Park as next location than Taipei 101. The feature function of location distance is described as
follows:

ld(LyLe)

fLacatiaﬂDistaﬂce (Tl, Lz'r LC) =1- m (7)

where Id(L;L:) is the location distance between L; and L, L; is the location of

previous itinerary pi, L is the location of current check-in post , and Max;ld(L;, L) is

the maximum location distance between all previous itineraries and current check-in post .

3.3.5 Activity Edit-distance

We think the current activity may affect the user’s choice of next activities. For example,
people likely go to eat some foods or drinks after they go shopping. Therefore, we calculated
the edit-distance between two sets of activities. For example, the edit-distance between “F] &2
Bk and  “FTHEER” is 1 and the edit-distance between “FJEEEk” and “FEEL”is 3. The
feature function of activity edit-distance is described as follows:

avg_ed(d; 47
evEditDi mA;, Ac)=1— '
fAczmz,}EdzzDzszancg[ CEE 1] c) Max;avg_ed(4;Ac) (8)

where avg_ed(A; Ac) is the average edit-distance between 4; and Ay, and
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Max;avg_ed(A;, Ac) is the maximum average edit-distance of activities between all

previous itineraries and the current check-in data . In general, users may engage in several
activities at one location. For example, we can go shopping and eat some food at department

stores. A; and A, are activity sets. The function of calculating the average edit-distance of

a set of activities is given as follows:

1

avg_ed (4;, A;) = ™

Xjea, Lrea, EditDistance(j, k) )

where A; is the activity set of previous itinerary pi, A is the activity set of current

check-in post . We calculate the edit-distance between each activity of previous itinerary pi

and activity of the current check-in post , and then we calculate the average value.

3.3.6 Activity Nature

The nature of activity can be divided into two types, i.e., dynamic or static. We think that
a user’s choice of next activities will be similar after engaging in the same type of activity.
For example, a user may be looking for a place to rest after he played basketball or swam.
Playing basketball and swimming both belong to the type of dynamic activity. The feature
function of activity nature is described as follows:

1, if ActNature, = ActNature,

ﬂ!crivz’t}'ﬂ.’amm (ﬂ,,}li,;f—lc:} = { .
0, Otherwise

(10)

where ActNature, is the activity’s nature of the activity X. We identify the nature of an

activity by using the activity nature lexicon which is compiled by ourselves.

4. Experimental Evaluation

4.1 Dataset

We crawled 95220 check-ins from Facebook and 23703 travel blog posts from
Pixnet.net. We also crawled user’s personal information and used Facebook’s location fans
page to collect location’s information, and then used the method mentioned in Section 3.2 to
extract consecutive itineraries. In order to avoid the case of incorrect activities and locations
affecting the system performance, first, we used the Facebook’s location fans page to exclude
most of the incorrect locations. Second, we count the number of each activity, and we identify
those activities which the number is less than 3 as unreliable activity. Then we excluded
unreliable activities from all consecutive itineraries. Finally, in the check-in data, we
collected 1413 users, 6391 locations and extracted 6469 consecutive itineraries. In the travel
blogs, we collected 445 users, 4132 locations, and extracted 5237 consecutive itineraries. A
few statistics of the two data sets are shown in Table 2.
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Table 2.Statistics of the two collected data sets

Data Resource

Facebook

Pixnet

Data Type Check-in data Blog travel article
Total Number 95200 23703
User Number 1413 445
Location Number 6391 4132
Consecutive Itinerary 6469 5237

Number

4.2 Parameter Estimation

To understand the importance of the proposed features, we estimated the weights for
each feature function. And then our CIMM used these weights to rank each recommended
location and activity pair for each testing check-in post.

We use consecutive itineraries which have correct answers as user’s current check-in
data. A consecutive itinerary with a correct answer is identified if the other consecutive
itineraries went to the same location next and attended the same activity with this consecutive
itinerary. It can prevent choosing the consecutive itineraries which have incorrect location or
activity. Totally, 594 consecutive itineraries with correct answers are selected from the
collected check-in data, and then we took 70% of them as training data and the rest 30% as
testing data. We labeled a correct answer for each itinerary if the next location and activity
are the same. Then we selected all consecutive itineraries with correct answers and the same
number of consecutive itineraries with incorrect answers randomly. Finally, 2708 labeled
consecutive itineraries are used to train the weights for each feature function, which are
estimated by using the logarithm of likelihood function, called log-likelihood [11]. The
concept of log-likelihood is the same as maximum-likelihood estimation (MLE). The trained

are used in this study.

We can see that time difference and location distance are more important to determine
next location and activity pair. Furthermore, weights of activity edit-distance and activity
nature are only 0.063 and 0.055, which means these two features have less influence.

4.3 Evaluation of Consecutive Itinerary Matching Model

In this experiment, we use top-n inclusion rate to evaluate the performance of our model
and compare with different feature function combinations as baselines.

® Remove Activity Edit-distance and Activity Nature (Remove AE & AN)

According to the analysis of feature weights above, user’s current activity to next
location and activity has less effect, however, we still want to know how much performance
is reduced or increased while removing activity-related feature functions. Therefore, the first
baseline is to remove the features activity edit-distance and activity nature.
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® Remove User Gender and User Age (Remove UG & UA)

We also want to know whether user's personal information can have more effects on the
performance of our CIMM or not. Therefore, the second baseline is to remove the features
user gender and user age.

® Remove Time Difference and Location Distance (Remove TD & LD)

Finally, we want to know what performance influence when removing the most
important feature functions, time difference and location distance. This case is considered as
the third baseline.

Based on the different kinds of feature combination, we have to recalculate feature
function weights for each baseline. The results of weight recalculation is shown in Table 3,

Table 3. Weights of feature functions for different kinds of feature combinations

Colr:r:)g;crllj;fion "1 "2 "3 . s e
CIMM 0.220 0.076 0.134 0.453 0.063 0.055

Remove AE&AN | 0.245 0.087 0.150 0.518 0 0
Remove UG&UA | 0.275 0 0 0.581 0.076 0.068
Remove_TD&LD 0 0.238 0.412 0 0.186 0.164

0.5

0.45

0.4
0.35

0.3
0.25
0.2
0.15
0.1
0.05

Top-1 Top-3 Top-5

Top-10

ECIMM  ®Remove_AE&AN Remove_UG&UA  ® Remove_TD&LD

Figure 5. Top-n Inclusion Rate of different feature combinations

The experimental results of CIMM and other methods with different kinds of feature
combination are shown in Figure 5. We can see that the top-n inclusion rate of CIMM is
better than those of all other baselines. Obviously, the top-n inclusion rate will decline if we
remove any of feature functions. Removing activity edit-distance, activity nature, user gender
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or user age, caused a little reduction of the top-n inclusion rate, but the top-n inclusion rate
will decline significantly when removing the two features time difference and location
distance. The results imply that these two features are very important for the performance of
CIMM, and each feature has effect to our CIMM.

Table 4. The incorrect example of CIMM

Time | User User Current Current Next Next

Gender | Age Location Activity | Location | Activity

Test | 16:21 Male 27 ey i) w7 S LE 1z
&

Top-1| 13:09 | Male 29 LT 4t E A7 i &Y,

H5RAT ]

Top-2 | 16:45 Male 29 VNG & Little = ffi
House

Top-3 | 16:32 | Male 21 RS EES | om{tE | g
&

To understand the problem of location and activity recommendation by using CIMM, we
made error analysis and show an example of incorrect answer in Table 4. In the example, the
next correct location and activity pair of the testing check-in post at the location “Z -3
is (EFF{CER ™, 1Z), and the top-3 next location and activity pair recommended by CIMM
are as follows:

LY EHRAT, &Y
2.( Little House, EfffithH)

.(EFEILEE M, IZi&) (correct answer)

According to our analysis, the correct answer (& F(GCEK T, IZHE) is ranked at
third place for two reasons. First, the current location of the consecutive itinerary with correct
answer is “7& B LS and the current locations of the first and the second ranks are “Z23
Z4F7 and “FRERtE”. The third ranked location“5E B8 is farther from “Z23£21Ethan

“ZENZEAE (the first rank) or - “FRi i (the second rank), and the location distance is the
most important feature. Second, the current activity is also different between the third ranked
activity “FEJE & and the activity of the test check-in “#ffy iz, Therefore, these reasons
make the correct answer “IZ[H#2&” as the third rank.

)

5. Conclusions

In this paper, we proposed Consecutive Itinerary Matching Model (CIMM) to effectively
recommend mobile users next locations and activities while they check-in to a place. This
model uses six feature functions, including time difference, user gender, user age, location
distance, activity edit-distance, and activity nature to find possible location and activity pair
for a use’s current check-in post based on consecutive itineraries extracted from check-in data
and travel blogs,.
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In our experiment, the top-n inclusion rate of CIMM is better than other different feature

combinations. This result illustrate that each feature has effect to the performance of our
CIMM. In this preliminary study, although our approach achieved only about 30% top-1
inclusion rate, however, to our knowledge, this work is novel for consecutive itinerary
discovery from check-in data.
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