H[@_ﬁjﬁnr] LEX”*[FIJ%F\[E?WV ﬁﬁ;ﬁl%ﬁ”%%

it
zmgao@ntu.edu.tw

(A i

e/

+ ¥ R RS i FIJ@‘%@ZH?{@@(HOWHH) PG ST

TR M {Vordnet FIRE BRI ffEV T [Fil e YR 11 Ry &IF'EJ@IH%Z | 1%
VR R e 2 2k o R Ry lﬁﬁjf‘ Jﬁt["{?ﬂlﬁﬂ VF JFLjﬂﬁ LFE [ él@f (~ 5 il
AR (Z) MRRBE (=) F*'*fjmil' (P4 #PFF == Fjdlf’ ; I ) A
[Fil i (domain) (=) [ nr,ﬁd—*jf'%r ) AT EJuﬂﬁLingI Hif ?EﬁﬁLEJE [ o

m :ﬂ

\??J B
kL

gl

E‘j—‘é?-k
L
F

S,

%%%?-1 : %ﬁ&?ﬁa’n?ﬁ’;? ARV A (Hownet) . Fu7e  FRACH B E:jﬁlﬁ"] “i HF e
“1§E51 . Wordnet ful*iﬂu—ﬁnifﬁ&fﬂ' FIpB g 24 {FIJ%E%L EE TN TR
Re NS NI

il
AR BBV YR ER e N T IR ﬁ'?,l‘% JEJFT,JI,I o T U, 254 Fillmore

(Flllmore f968)?E%['nﬁﬁLF IS J%ﬂwﬂﬁﬁ:#j‘% u(case theory)a:j‘JF"~4:{LE’}Eajy flE E’Eﬁ: P
375 EﬂjﬁF | Wilks (Wilks 1968)f¢-* A TP CHYE L e B ASE - = 5 ¢ Shank
(Shank 1975)%5J VR R ot A i['%ﬁ‘ ﬁﬁi‘ SRR [BELE ‘ﬂiumﬁi'ﬁﬁﬂ VELEE < |
Sowa %= * (Sowa 1984)E[rf‘$:]5 conceptual graph EILJ’FPT:}"" o = ZF (NS4 B John Sinclair (2
Sinclair 1987) Fiﬁﬂ[ = ,H’Tﬁlb“fﬂfﬁ*‘{m}' —ﬂﬁfﬂiﬁf‘ ﬂﬁ}ﬁ &Fdl" (Collins Cobuild English
Dictionary ) » /* F=F [* Al iﬁ‘&‘%‘&sz—lrwllunl;ﬂi~ ﬁjﬁ .T[:éLF Jﬂf}%*@ » £l %Wz M Ed
HpYERRL Longman Dictionary of Contemporary Enghsh{LDOCE) (%% Boguraev and Briscoe
(eds) 1989) o JuTg=iF {C [ 4 [ [E&[ %‘\?ﬁ* ’ﬁ[ (http://www.natcorp.ox.ac.uk/) & ffI & ﬁiﬁﬁ?ﬁ
(SARA, Xaira) fUstsy Tﬂu ~ EAF F | B RYE #I?[kﬂﬁuﬁ}»* “F«T}'uﬂﬁu E o pJWordnet
& (http://wordnet prlnceton edu/)HEL [(semantlc concordancer)I | Wordnet FaZFIHYE LSS A
@Wwﬂwﬂﬂ’tﬁﬁﬁﬁfmwgii1@wﬂﬁ:w#ﬁﬁﬁﬁp@fﬂﬁma%
FUE H’gu R Z/ME':‘?[TIDM 1?‘7{%‘(argument structure ) 5 & £ <1 ELFY FrameNet » VerbNet .
PopNet - #Eﬁﬁnf[ﬁt?’ﬁ“ﬁ“;l S JEELF P IFDRI W SREHETENE - B9 Church Fifll )=
plF* Rl (mutual information)#[! t-score {7Vl ?Fr[(‘if;% Church and Hanks 1990) Church et al.
(1991) Church et al. (1994) - Hearst (1992)“ 73 LNﬂE{lE’V b5 o Grefefenstette (1994)[‘JE,§F,Ft
T G RV 155 - Jones (2002)3 ﬂra; ﬁﬁv@ .54 - Turney (2006), Girju =~ (2007)

- HT )nﬁ‘i‘fb’ﬁkémﬁ FWFﬁ iifmé[uﬂﬁ ik HURH i[:f? (R S Y ;U%’TE!' V= 2
Bk [ﬁaﬁ[fﬁfﬂﬂi*ﬁ'ﬁ Ber *E%;ﬁﬂﬁ; [ﬁ#wq&&f%g%;ﬁip” Eﬁ_j ﬁj@ﬁi

HIGE A R v - Eél CRLEFIVRYT R T SRk F[mﬁﬁapr
?*?L°$¢wﬁm&# o3 %Uwﬂﬁﬁ%®’ﬁﬂ“$ﬁﬁﬂﬁﬁmﬁm

257



RV £ @Lﬁ:, (S RS A VR R 7
Bk ik il TJ bR ?53%{, i (semantlc web) = ] i (ontology) ﬁ ELFHRE o Tim Berners Lee
(2000)%ﬂ.aﬁjfﬁrﬁgu C@fﬁng o PUSRER uffcﬁjﬂfﬁj o _J——%fuﬁf}ﬂj,;&ﬁjl Wﬁ?ﬁ?ﬁﬁﬁ S RRL
Il e ST AN ﬁj T]F[@;II%;[E[J—E]}{EQFU%L;; g} ﬁlr«!ﬁ»{%—q IEIIEEJi FJE[, o
A PR = 2 * 2 g - SRS I S
1IIE}EJ9 ;’%‘%]’“EJ ILEL*EIU%EWJ o ot J\tf“r%lﬂi?ﬁﬁaﬁ%] FREPR] RO T iR ¢‘§“Wuaﬁ%¢uﬁﬁ
El EEY °
A R RO ST TR R R AR R AR BRERE Bl
RV 7 in? ‘\DEIT‘EPI SO R P R HRAIE IS - IR R
EI*J AR
¢7m IR DF'"‘ [V GRS B R TR L R [ﬂLFTJI,.
ﬁvm L 4153 S FIF[#] Wordnet I'J % i A Hmmlrﬁw’ SEfIHOwne)
T g » 351 ﬁfé;ﬂb«‘ @E“_ri‘g“%wﬂ’ﬁoiwf‘ﬂﬂi SRR B [Jﬂiﬂlfuuf[
LFTM’ (=) H?‘&FYEJI’ (=) ~5f 1« = 'JFFTJI’ (P HFF==te aﬁ}wﬂ. (=) A
i () ffE'fﬂ s (domain) - (=) AHIFIRFI A B () A Eiuf.ﬁti%lﬁjﬂ( L) Jiff E‘”f‘;ﬁ

jfLEJc]

= ELFE}%I FU%F i

0 Y RO ) 58 ,Em B (7 (syntagmatic relation) % % £ 15 [ 7
(paradigmatic relation) ° - ’\EJF,FJ[,TBP}:}E_J#E‘/ EJFTJIf (T EJ?%I ) o [*‘]%%u Nk I**T;P%JITFI
INEA 'T’éﬂfﬁk‘iﬁ&rzﬁfﬁﬁiﬁfﬁﬂ ‘:ﬁf":‘ﬁg'éﬁiﬁfdl,l ~ PR TR R - Crhomskyﬁ J
LJH": Pﬁ'*F”FTJ e ﬂﬁ”%ﬁlniﬁ b EV R B P T :Jﬂ/A “‘JF'LJTEIJ& il
Pustejovsky 2000 EE "[Fja;é[,; Biﬁjﬁ) E‘S‘ABJFTJ[ T E[’?‘frj:al £ [J?“EF:']}I[ EJF,T;‘J

(7 ( ‘@IEJFTJI )’zmmfd ESSE ’%us«ﬂﬁ”?ﬁl, TN AR R ﬁ”Ffle’

Y ||(2001)}{"’ A FTM" 73Ry ELFTJ[,T?[[ L[Mﬂtﬁﬁg. o ﬁﬁ ﬁ (5753 £ THFJ’FJI/I Np:

BRI ~ ST FTJ[ ffﬁfn ‘JD ‘{7‘“‘ F’”% * il - jfi ﬁlil?“*ﬁlfﬁﬁi.m&t

JH#EJ[MIT(B[J IR A ?brl) f_EF‘F' B]T(Eﬁrlﬂ‘ﬁd R ~ AR AT
VIR (B

Koenig (1999);?’4]’;1154 Eﬁf&l’ AT Y e ﬁ'ﬂﬁ#lﬁiw[,, (classificatory) » bl— &If\_?]%
[V 7 (morphological) » YA IFH [ YRR G ERL 5 REIPSER - [y bird {1 birds V[ FET}‘JF”*TE:
YR o Koenig F{JH [l 1o F@F@—Eﬁ r';ﬁ? - (Head- drlven Phrase Structure Grammar, HPSG)fiy
#Wﬁ 41t Type Underspecified Hierarchical Lexicon) &R 5[y Hel%: (idiosyncrasy) == 37 & %
(productivity) °

Chaffin and Herrmann (1988)3% %DHE{LE%H | [ﬂjﬁ'%‘jm J 1[{1‘”?,%'% (network theory ) [
f7v 2 F Si(relation element theory) » 55 2F ijf rfggfﬁjg_qﬁ?x |GLESR gf‘&ﬁum%,ﬁ s T m?{;{'
Birske s 0 S B[R] o f9 PSRTEN S N S A - TRV 9‘5«%%[1 ’xg"*?fﬂﬂ Hﬂitﬂ“
(contrasts) . FH!{l](similars) . Hf|J&/ {3 (class inclusion) | ﬁf‘[?]%[f “(case relation) (“F7 £ bl =
F] f"l%%ffx 13 2 R 5 (part whole) -

alzolari (1988) ! &/ E70 ,|ﬁ”@'§“f TRl Y B [N puRRAr i['.%&?[ &?@E‘I’E‘%F:fz &)

a0 é‘/‘*ﬁ?ﬁﬁnf‘%n DTN TRV RE -s‘%«rjd 7. IS- AFTA [ TmF*%J[,, wAr#(lexical fields) -
iL&f [Fjd[,l o fk %jﬁ”ﬂf 8

frll ffh ‘E—rm Bk ”f'% F%J[q 3 E A BL Melcuk, Zholkvsky, Apresyan = *
Fr el xplanatory Combinatorial Dictionary (ECD) (Melcuk 1988)El [ i1 1§l f[ﬁ‘?ﬂjﬁj‘ﬁ}'@?

258



(Iexical functions) < I'] Magn ﬁl@?ﬂimgﬁ@ (7] >+ purgkllintensifier] © 'TJ1 el CEEL
f@rﬂiﬁ fﬁj}' BeSPEERYil > I Magn(to condemn) = strongly ©
Byrd (1994)}?”[1_ LB. M. R A1 ComLex b?FEIFTP S B EYES HREE
%H't‘ﬁ‘@mf > EIJ%W ﬁ[f AR frJﬂﬂ qrEps JFF ﬁ(argument) 7@[[ LF‘% adopt
qr &] ELJA—; = i_ﬁj[]ﬁu Y glpuj;( “(a child of other parents) » * 5 & [S;EH(selectronal
restrictions) ° ﬁjij[l’f[%ﬂiﬂ S Jﬁfﬂﬂ * (person) ° gﬁfﬁ% A e g e (g
Merriam Webster Dictionary, Longman Dictionary of Contemporary English (LDOCE)fJFHEL jfEI"TV
t1d = Klavans (1994)*1'] = Merriam Webster Dictionary #[-i[iv 5 bfﬂjﬂ—ajg&['?ﬁlﬁwl e A
FTJ —E]lEI Y Biiffi(semantic net) °
JE‘%EAﬁﬁ nr,;«;ﬁi fiﬁﬁgﬁ,lﬁ”%? #’ﬁ‘éj{?f?ﬁ Jackendoff =2 PusteJovsky AR
Jackendoff (1983, 1990)He 1 15 pofis= 1?:7F1§J(conceptual structure) ™ | I | iR Z vﬁlﬁﬁflzﬁ 154 o
Pustejovksy (1995)Hd1 o FalAr %Tu(Generatlve Lexicon) » %‘T JD“[F@?Q{%T ) —Fuﬂ 1?1%
(argument structure) ~ Hi{F ﬁ’tﬁ%%(event structure) ~ B [‘ikﬁﬁ‘“%(quaha structure) K ShIE A
?F%(lexical inheritance structure) e ﬁﬁ ﬁ“\ﬁﬁffﬁé_’& PEVE Y o =2 s 35 o Hi [ E”f“J(event
structure)}{fj’q [F 53 A1 (state) 3 A (process) iy V€ (transition) » R ] 3 ’?Tﬁ B Iifﬁﬁ(quaha
structure);f { el BflE 53 55 formal (R AU ~ constitutive(55 “r"?‘/;ﬁ[["]\ﬁ IfY E;%[ + telic (M
PrIpyzRg) agentlve(j\ﬁ & F )~ FIEAE pAE (lexical inheritance structure) o I&IH type
coercion ~ selective binding ~ co-composition %5%[ uﬁl J?&&ﬁkﬂrﬁi SHAr %‘Tm il E’CEJ%'%J;—T
G ik HuZgs > B ¢ enjoy a book #! enjoy a rneal [l ¥ £ enjoy reading a book % H kL
enjoy eating a meal. Jackendoff 7! Pustejovsky fi J%‘ i E[VF/VFE[ th g T 7 EL LT i
i Ejﬁiﬁﬂg*ﬁs{kr& ISR 4o Ewu[[(2001)ﬂﬂ3%1’L |1 /[[J;l/ o FE N §F4(Dong
and Dong 20 6)F"Tg§%lﬁ ;Dq“ﬁf}( ownet) FEIf! ° I&IF’EJ}P]’ i+ I*SLI:"[?“’: AT ,Hownet
(-ff Pl | FE AR A |%L—J IF:IEF?EJ}/T“TJTT EESE |ELEJ;§HH \ [%L f%T I— ESR 695«_%
NP S J}E‘HQ\ FTH“I > ulz[:{LE Jere :JEH“FTJII ’ ”_‘Li'lg %f}}ﬂﬁ'uﬂmﬂ ﬁ'ﬂﬁ'
{[%&J{g’ ?’gﬂ cpff,p UFHEL o

= B IHE ERRIE fA

B G pRHAr iﬂp%ﬂg[ @fﬁﬂ?{% ’?ugl**”"?g@i’: {1 Wordnet (http://wordnet.princeton.edu/)
EINRIVE TR m@’ﬁmu[m G H IR - il Wordnet [ I HIFHVES > (10 [l
a0 FEPRHEE N SPRHEE o R0 RH FEE *?E'ﬁfd[,n 1% © Euro Wordnet Ll 2 [l 5

I'] Wordnet FLELRES (F50 1 %7 FlAr %‘?ﬁl

WD‘[H‘J JD“‘\%Z" FFBPIAIG ’T_E‘[f[lg'gf% 1" Ontosaurus (http://www.isi.edu/isd/ontosaurus.html)
Y[[F| Wordnet ﬂ“:tEF VRPN ESS > [RIFE b;ﬁ%ﬁp VHEH -

Sumo Searcﬁl Tool (http://sigma.ontologyportal .org:4010/sigma/WordNet.jsp) 55 (i = =! }[—J
Wordnet i sense @l SPEZ[ IEEE Suggested Merged Upper Ontology (SUMO)- (B kL Wordnet
SETES R go J%hﬁ ks [0 buffalo 15 AR SFEZ] SUMO Jbuffalo 7J\—T ' city B >
meat 4] ﬁaﬂ} SUMO ontology % {["f" ') H Z[|7 %F£r LV [l FIJFTJ[ » U SUMO T@Eﬂléﬁ?ﬁ
subclass #[! disjoint ; *i’ftlﬂ YR T SUMO #IfTE |58 911 Buffalo is a subclass of hoofed mammal
Buffalo is disjoint from DomesticAnimal g &S F 1 IRE] [—[%‘EﬁiﬂlﬁT Eri Elfol U1 -
DOLCE == SUMO #i{l] » 4 {L- IFJEF EIfIfiV ontology » ™ Hf== Wordnet NES U

S ﬁLj‘\ &i%%[JF'J Wordnet % [ﬂ* EIJ?[FIf[ 3'?35[ |FYFF % F‘:—J eXR 0SB Lexical

Freenet (http: //WWW cinfn.com/doc/)  xEcRLEE TR £ 1H5 (FTrs f 0 MI USHIATRE [ E‘%;H;E"
’ﬁ:%ﬁi?‘} AvRAY ﬁrj [ ﬂﬂ%ﬂ Wordnet ° 7JD[I : i&[FEjﬁ? * Taipei, Talwan o it ] £ 2]~ WFEI’S I

259



VRSN > W E Taipei £L Taiwan fi— #(75 » [i~ AFELFEBIAY China’s -

TEI_T.J F A ZEHTEE S pY FramNet (http:/framenet.icsi.berkeley.edu/) it 5 fiotgi sk /1 EI )
(B [ pUEs i Edf# frame "“EI}?-EFE]‘:! lﬁu—ﬁﬁaﬁjﬁﬁj H o Fh A (lexical element)uﬂ BUF] e
(semantlc role) F{ 1P ERYEE J:J' i (grammatical function) e

£t “F%ﬁal«muf :£ E‘wH;af[ : H[’JI{E%:;Ei A P [ PO AR xﬁl[ﬁ'—ﬁﬁﬁﬁ
3" Wordnet » SUMO ontology * I }kHI’F}JI%'E iﬂl%’ﬁlﬁﬂ]}lwﬂlifﬁfﬁ[

*@ﬁwq%ﬂﬁﬂﬁwwgywm*w#mmwiﬁJﬁ@%@wimﬂwﬁﬁ@o
SIS L BTSSR 7GRS 53 Wt o3 -
FF@‘LFIJ WETEA = 2}5{[7 HlkL A & B P2 C ] 2 DTEI%JQ!?JE:I?TETF;HJ[":G SRR F‘]EﬂHif[
-%1$%ﬁﬁ%ﬁlEf’rWﬁLﬁfh A s e B IS s B

) ?F[ g [ES«'UF&T‘J'[ =74 (http://140.111.34 46/d1ct/) (2 R IR
foir g -

A PR A RS IR Hownet (http://www .keenage.com) Ikl [HZF
ISR i[l%’gy(‘i‘*ﬂ Dong and Dong (2006) > #15 ﬁf} Hownet © jf O H J%F 'T‘E'g % Rl [[E'WF’,
E”ﬂ%’ﬁl JEREES=Y ST (o 'EFFUﬁ %ﬁfd[,n ° “E@ﬁ}{—j o ;’?yﬁ

D Y Hownet = ”fl EL IF;‘LIE’IGJ% i&ﬁiﬁﬁﬂ/

ZSME— A j{“ﬁf}(HOWHGt) A PR S @&L" EIET*'}[E‘"*‘&L“I' R IR
2 F{[H'] Wordnet iﬂﬂiﬁ' ﬁi” WHI%’E‘I_{»}’&HED ,%LF o KB - ﬁf’iﬂ% (IR [J & e 25 {1
ST R - Hm$;ﬁﬂﬁ%ﬁ%%m%%?ﬂfhwff3%%LEFﬂ flg?
Hownet [I3#fe e FE > G HJFW,T'“JE‘:?E Al 1&|F'Elj %kﬂii/mp Teh| *][EL i) S AR uf[m&
FAE = s Hownet2002 ownet 2000 fi Ja—‘féti HFRIERED ﬁjlﬂﬂiuﬂg@ B IFIJ 153 PV AE -
A "H‘ﬁf[%’fﬁiﬁl ERIED o (R R ﬂﬁﬁ[ ?Eéﬁ‘ﬁmi'j pho HELES PSSR Y T HIE AP

HUAE “%ﬁﬁ [ (A=« 25153 [ < Hownet 2000 % Hownet2002 ORI « 35[
HFROEL A 2 BRI e IO RSEBL e o

{humanl * , #occupation|Z§7£] ,*curel%if‘,, medical )}
{humanl * :HostOf={Occupation|? I'1“'},domain={medicalI}?ﬁ},{doctorl?’,*if,:agent={~}}}

51— {hLEAYAY Hownet pﬁam B HIARISA T AGE » B A ST ‘ﬁ R Y
RLFASRA R > B ﬁ éﬁfr EI¥pY Hownet FﬁLE [“TERE ﬁjv[l* ﬁvﬂsﬁl Hﬁm

it (EE P& agent, experlencer ﬁ‘/ﬁ LLFIJEJI@EJE[ » {HI7 #P5AY Hownet %@P[pﬂﬁl[aiﬂﬁ =
MR [ P w“ﬁit*‘jfw 2R © 5E > PR VR [aarjﬁﬂlﬁl it -
5 Hownet E{"J%ﬁﬁjy E [ :H‘Hu R LB T e e IEJ#U—LQT ﬁﬁ,{, ) IEﬁ[hﬁ”ﬁ‘f’ h%@%lj\
TERTHT > A iﬁ”@’*‘” J '\i “'WIF'EJ*[ “nglﬁ'ﬁﬁl%“f [~ SRS o it ey
%Pﬂ e ‘“:lﬁﬂpffﬁéj;ﬁﬁm# R T - S p[’[a{%ﬁ ot
F'JR] AND g5 gRiﬁ i B 7 :LI:_LW?;«?“EJEE]"

AL ﬁi? AR G > A @R S5 5 Hownet 5574 [0 1 0 % g
- wﬁﬁ%wirwﬂﬂ @“ﬂ“ﬁﬁw—ﬁﬂ%’ﬁ“'@ﬁ$ M %
FH > % S5 IV [HPYRH AL AND F5 OR - A “Ia“ Ll'cw ﬁﬁuﬁrﬁflwﬁ
7" Hownet i_g[@'\yul wf‘ﬁpﬁgﬂﬂjfu g?*@'\d/ ﬁl[ pﬂﬂjf y ARV L S e
10 BP5 « gl S!S *P@%#H@#ﬂW#%%PWﬁ%%WW¢F i(ontology) %k
JEE' ER R f/[[ﬁy‘ HiE ]E‘E“'LandVechlclequéII1H|[4§c;5u T TEEIDRIPOH S - < fre &5

;/%[,5[4 ’WLYTFII

260



SErE AV F'E?JEIUF%;%W%%E} Hownet fYE 7~ A BT i%@lfjﬁi@%aﬁﬁfﬁ@fﬁ
PHE AL o (U0 - EH P kL {LandVehicleld! - @eatliz i Hownet fUHGEASEE - 2
PP E B 6 L  (EDRL @0 1 A [ By P[5 07 <1 Hownet2000 #I
T F[EJFéEIfJ % ¥ |7 Hownet 2002 HI 2 ikE=4{ik 5 2& > {Land Vehiclel1: {eatl'z:location={~} } }
g ko
B 7 Hownet2002 I 1E| = fld4t < 5 doctor, surgeon, doctor » & {fJUz74 A HikL
{humanl| * :HostOf={Occupation?5* } domain={medicallf#} {doctorlf#7;:agent={~}}}  Fl 7"
[ IS AR TR P [T DB TR e R - B AL A
S ARV meta language 8 % U AT R Lo [ N SUFIROE o LRSS > SRR
iF",f f #?ﬂﬁ-lfijig‘rj} k| i?{ﬁ@;ﬁﬂﬁl e Fﬁj%b’ﬁtiﬁl’[ﬁ{?ﬂ“? |- (s {doctoﬂﬁjﬁ} o F§ {FpUAL =
(http://140.112.185.57/~denehs/compare html ) J‘}F[Efﬂﬁ[[ﬁjﬁm%ﬁ Feigs ﬁ?ﬂ#lﬁ[[ﬁjg&
FFRET fﬁJEU?ﬁﬁl EPendhilige o ThpE 7’['@‘@?%’? HENREL o

-+ (doctor) 1t (doctor)[fil ’:E"ﬁf‘\%if i(doctor)H 1 {F
% (doctor)fl. agent
-  (doctor) L 51 [F

& (nurse) fi9E T £L{human| * :HostOf={Occupation! % i } domain={medicall f# } { TakeCarel
ﬁ%ﬁg[:agent={~}},{doctorlFﬁ’F"[:agent={~}}} » Bl }ﬁi??]“ P A ﬁrg [ o

% (docton) AT (nurse)[fil it B (doctor) 51

% (doctor)f:l. agent

1 (nurse)fl- agent
7 +#& - H [l By {humanl WL RS
(physician)  (nurse) * :domain={medicallf}} {medicallf}

~ (patient) fY # 7 EL {(humanl * :domain={medicall & 3} {SufferFrom| &
F.Lt:experiencer={~}},{doctorl?ﬁ’ﬁ:patient={~}}} » BT ﬁ"ﬁi_‘ e e ﬂlvﬁj * Tﬁ@ = o

7 (doctor)ﬂwﬁ * (patient)[Fil Fﬁﬁ(doctor)é &

&4 (doctor)fl- agent

Vﬁ * (patient)f:l. patient
=3 EX | * H [ﬁj %’r : {humanl 4 [ﬁJ ?ﬁ jElLﬁ =
(physician)  (patient) *:domain={medicallj®} } {medicallF®}

& [ (hospital) v 3% 7~ fL  {InstitutePlacel ¥} i+ :domain={medicall B } {doctorl %
iF",:content:{diseaselﬂiﬂﬁj},location:{N}}} ) Ep}y}ﬁgﬁn e ﬂl%ﬁ%ﬁ B
7t (doctor) I (hospital) [ FETW‘\F??F' i(doctor)H 1 {F
i3 4 (doctor)fl. agent
% (hospital )£ location
7 ER e FHIRIRE TR AR H O R R A
(doctor) (hospital) HUEH] {medicallf}

261



11
u

]Il
-1

TSI 0

T+t é{’“f]liylf’ﬂiﬁ_fj[l[ﬂ Tﬂﬁjf"Hh’[ﬁ(Hownet) %‘Mﬂuﬂntﬁggkl ) fFT [a&lﬁ&f;‘&['ﬁz‘% Fl >
*’%UF' | Wordnet ARES G Fv B [ SRRV 1 AR G EL © lﬁ”*%ﬁlﬁ ESANE
[p‘r’li’ﬁ RS > 25 RS 2 5 D“'“”ﬂﬁ?ﬂ Jﬁﬂ*‘ﬂﬁiﬂ% [ o
f*“& " Hownet HIF 1 i - — (RRLESRT > — Wkl £ > Bl o o

7 1 (prescription) {document/¥ 2 :domain={medicallf#} {orderIP” ik :ResultEvent={preparel
i%&ﬁﬁj content={medicinelZ&}7}}, 1nstrument {~}}}

%t (prescribe)  {writel H/ :ContentProduct={documentl ¥ Z  :{orderl
g :ResultEvent={preparel 1 ﬁFJ :content={medicinel & ¥ }} instrument={~}}} domain={medicall
P

}

SR Tt Hownet 9~ IR - g - Hownet @I s e Ph R i
AL » R BEIRL H[I0 agent ERERE - ([} Hownet 71% Jlﬂm“%ﬂ > T Fﬁiﬁ%‘%@
ﬁl[ﬁj’ﬁj &7 U | {medicall#} -

5 PR SOR  3 Hownet HIPE = [ 57 F) = [ RO

g (certain chemicals) {chemicall [~ 2594}
& (kill with poison) {killl7&, :instrument={physicall}/¥T:modifier={poisonousl ¥ | & }}}
#k(medicine) {medlclnelzﬁ’ijd}

ggﬂ B AR 2T HURIFYR] SOFHIEY S & FUSEL Hownet BIF 2 E |5l 36 {medicinel
yj}@@%lﬁ]ﬁq”# %T” I—zgk{medlcmeﬁﬁ“fﬁu}r‘gljfyj FlIEE: F&@lﬂ[ﬁq”ﬂu* =! instrument °

AP (sorrowful) {sorrowful R[Ep }
/[ (pain) {experiencel % :CoEvent={unfortunatel J 31}
)ﬁj | (agony) {unfortunatel {3 }

& iFRLEEUR ] I?ME‘ Fjﬂﬁmﬂﬁ’ ('t Hownet ’Fﬂplfﬂis‘é E= P AVREI - =9 > Hownet J2F|
POTIA AT » P fuhn 5> 110 W (= W iy
FlPEL Hownet Fﬂpis frﬁ [ EPURT o PR AR - [ ﬁﬁl?fj[%,l[iﬁ“

il %Efﬁ NREal [f“ ﬁf F'Jﬁ'&ﬁj‘%j o Hrl' El?}' JF T T Eijh“ THE Uf ESE
qﬁ“éfu _~ Hownet EJF} E‘E}LF’?‘ I'] meta language %= 5 i Hip J%TUF’?L‘ Ell?l‘a‘mﬁu F I > T
F!fg_meta language HY & il ﬁjf;—ra ﬁﬂ,a@fﬁnj = EJB\LF[Jymij\JL FITE IR o ”jﬂ/[l‘ﬁ‘]?‘ H A
AR I 3225 Hownet AV 7 )2 E e AT R LD ] E—IIF ﬁJF%]«

H[H](boss) {humanl * :{employl' ¥ [:agent={~}}}
H[k1(shopkeeper's wife) {humanl * :modifier={femalel? } {employl's "' [:agent={~}}}

H[il(boss) A1 il M proprietress)|fil % "e ¥ | (employ) £ [F
H[i](boss)fl- agent
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H[iH13(proprietress) k. agent

YooY Wt KO B U F ECH B {employl

(boss) (proprietress) {humanl * } H|.agent={~

S (FIF) 1 Hownet BIFIF) * AIb * o » by aeRlfl I e % T~ By -

§1 * (husband) {humanl * :belong={familyl% #=} modifier={malel{} } {spouselfi! ﬁE\'J}}
p} * (man) {humanl * :modifier={malel{}}}

¢ *(wife) {humanl * :belong={familyl%#=} modifier={femalel ¢ }{spouselfi! [']Eﬁ}-}
+ * (women) {humanl * :modifier={femalel? }}

2 . b * (wife) Ho L {humanl! B H fﬁJ%ﬁLﬁf’%\T {familyl
(husband) * :belong={familyl%"#=}} %32} {spouseli [ﬁ}
BN many T R Cumant *) AT B ()

1= ?JEI?‘[']EEIUTE{{L% E[H fﬁJ?ﬁﬁLﬁf’# {familyl%#} {spouselfic! ]ﬁ} o (ERLA = L
[Fil<E | L’ﬁﬁ@ﬁx . > Hownet A[§2 T [AfIS[IUs R A

IPfAL Hownet T3 e PHESIISRH T - [FIZR G P b I Fraion RO « IR
[V » Hownet *432 ¢ v~ SRHG « IO FIEg¢fy Hownet 390 » RyB (N 2
(AR =32 ) P ™ S 7 -

HowNet .7v

I:Fl[[[(buy) {buyII:Fl'J'}

i (betray) {betraylﬁﬁl’? 1
i (sell) {selll&}

Hidr - > Hownet &1 JJE'Jj' ElfJﬁ’l,'ij(’f—FﬁﬁEJ! e Elﬁl}yrﬁ% [*(Event Role Shift) » {F{[!
N Jiﬁpxjfﬁ%ﬁ F'U%%f%fii_ implication » R X > Y — %‘;ﬁ\lﬁ“l(target) Y HiERlaE - R
N 1(target)[IY possessor °

owel "~ (X) [implication] € —2>ownl 1CY);
target OF owel "~ =possessor OF ownl# I5
possession OF owel ~=possession OF ownl%|.

v ?Ui}ﬁﬁxj [EESEEES Fﬁ% [kl consequence » “HEIVAVTEH N KL E] o [ TV[Y agent MRl Z[fY
POSSESSOT.
takelZV &> obtainlf Z[| [consequence];

agent OF takel7V=possessor OF obtain!f Z[|;

possession OF takel®V=possession OF obtainl f Z[].

i

[AIEL > A== 2V 2 on YRE kL hypernym FYRH T > 25 M fEagag i pr I v e i i e e
[l = Rl i A [ |
L ‘Ei%%lﬁf@ o —EF,?JLE@%%[%HID [implication] > [consequence] - [hypernym]?‘j}i%g&‘f[fg%
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ENNN [ﬁJEIfJE%JI';’T: ° [0 owel * (X) [implication] €=>ownlE[(Y) #7- " imply | steall]'s?rjéétakel
2 [hypernym |7 ALV 15 - ikl Hownet ) FHIBHIFRF- 571 -

steall i Jéétakelgv [hypernym];
agent OF steallf |arj—agent OF takelZV;
possession OF steall fE?rJ=p0ssession OF takelZV;
source OF steall[’é?J=source OF takelV.

roblEf&>takel?V [hypernym];
agent OF robl{fj=agent OF takelZV;
possession OF robl{gj=possession OF takelV;
source OF roblgj=source OF takel™V.

earnlffi & >takel®V [hypernym];
agent OF earnlffi=agent OF takel”V;
possession OF earnlffi=possession OF takelZV;
source OF earnlfi=source OF takelZV.

buylf 1< >takel™V [hypernym];
beneficiary OF buylf f=agent OF takel®V;
possession OF buylftf=possession OF takel*V;
source OF buylf f=source OF takelV.

i9 I'F'EJ%IJF '] _ﬁg*ﬁ[?fp i = [V acylic graph (http://en.wikipedia.org/wiki/Directed_acyclic_graph) s %
\a—‘*f [ T o FG 1 HJFIJ Prolog Hﬁl;k SHw il 'EIIEILJ]'F[IF' predicate calculus F[E‘%&IF”I&‘ 2, nét ,
T I,F;;,L%H Jis 1{51@ perl FIJ Prolog 15 (Fandino 2006) > I'] per]l Ad= ‘Em,%[
B perl%@*w [ Prolog A= O [Gfay * [oy e Ard SH IR B 5T Iﬁ?ﬁiﬁ*ﬂ/
1 EJEFJ[:{LFTHT i it 17 R J?ﬁ%ﬁp VER P RE- fY

A= T PR R B ) A R e A o
query: relation( "flow[{F#", "arrive|E[EE", P, R, A).

flov |ln pernym - s consequence arivel
[UTH ¥
v pemm- g wence _ gy

|l ) eli:‘mm--'e|1 <- leavefor] . licati " gobacl] . lication = situated| ) < i g
‘,3«; Iypernyn - %ﬁ% WPEMym s P ication - JEE ication _ Ry consequence arrrve

Lo Ly )El‘ll\"lll- Lt Liypernym S mplicati 111- goback] implication _ = implication causetomor
3 4 - ' 4 P (h -z Q A .
o PN gy PSR gy THPHCTHORT S PRC i > flEs

W > Hownet %Ef'lfgfjF'FJ’F?%F'LJ[FJ%%%PE’?:::"'Tl fFJ%«ELJF [7E 4 i%rfrsﬁ” Pgf o o X FUFTJI',T
FITRLE [ &) o dE g R (7 ¥ 1Y mutual precondition EHAH[157 IV e 1 & FTJ [T F ) e
PARH R S ED *F‘ﬁ[ 7}?3?%1 JFT,J [ Hownet FVHI 13753 whole » part < ;;ij\%&ﬂ °
lﬂ I &qﬂ;pi ﬁ[ﬂ SES HHE&
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Hﬁﬁﬁ(tire) {partljﬁﬂ E3 :whole={part|ﬁ[§ (f :PartPosition={leg/f} whole={LandVehiclelf}}}
15fli (automobile) {LandVehiclelf i}

}%ubﬁﬂij H‘EIIFIJ ‘ﬁ (733 ~][4F4E ';T’F{ 11:1 E‘EFUT’? Hownet F. 7+ i Jq\?ﬁ@;ﬂ

FP[T‘L ] ﬁllg[ ppJ ,5 };K;ji/mﬁ’% Hownet 9 1\ZHArE ;BS{LFUFTM; o Howent FESRHLH =
f/ﬁ”uﬂﬂn kL Iﬂi *’ﬂgﬁﬂw oo /\f IZF0] >~ ARG T IEIEIVRIEN o b
Wordnet HJ7=1[J55 ‘%'Eﬂ« ISl (synset) M3 Fj‘%l”’ ﬁfﬂl?}%l ‘EE'FTJII ’ '*F%J]* >
ﬂ‘]ﬂéj],l Iy[FEJ%'[rF'J V{’ordnet ::QueryData #[| Wordnet::Similarity lﬁ[n il Perl A5 biﬁfr{\@rﬁ'
iy I ﬂJ”JiEQL" U H ﬂi‘:%’?ﬂl@ﬁ] FIFIP IR I Perl A8 - AR H
T[J[n |ﬁ—ﬁj JRIRL A t‘i‘,[ | Z5 B 7, F Rk fT f;JF [ =5k [',T ’ f'lLF 7 'ir— (7 o
ﬁ:? Bl rzmp L%[ o UF‘T%VF TJ f TJ FE‘TJ TA TJ

\

p} * = boy/dick/joe/man/buck/hombre/blighter/menfolk/husband

¥ * = jane/dame/women/judy/donah/wife/womenfolk/frow/hen/tomato/frau/woman/female
% *(woman)is ) * (man)'s antonyms

F} * (man) is ¢ * (woman)'s antonyms

+ *(wife) is §} * (husband)'s antonyms

p} * (husband) is ¥ * (wife)'s antonyms

ﬁj 3%;“‘%3 WEI[IZI I (g U? ‘ﬁ[i? E[IEIJ i ?y%ﬁli? “FIIIEU—R r‘f’—aj

ﬁ{&] I = auto/car/machine/motorcar/motor/autocar/automobile
5 HI =ambulance
nﬁ[(car) is ¥>7% 1 (ambulance)'s hypernyms
5% i (ambulance) is 1< (car)'s hyponyms

‘%l Pedersen Wordnet::Similarity {805 » =5 7" 1 8 2Ry E 2 fIES EAT TR - IRl
Hownet g { & lgﬁ%ﬁjﬂﬁ [ [ﬁﬂﬁ”;ﬁ%mﬁlﬁ’j 1= % fﬂﬁﬁﬁ@ﬁ”ﬂﬂ— 5 ﬁif -9 (R~
[k

3%;&] [ = auto/car/machine/motorcar/motor/autocar/automobile
5 HI =ambulance
WordNet::Similarity

auto#n#1 - ambulance#n#1 : 0.96
auto#in#1 -- motor_vehicle#n#1 -- car#fn#1 -- ambulance#n#1

car#n#1 - ambulance#n#1 : 0.96
car#n#1 -- ambulance#n#1

car#in#2 - ambulancefn#1 : 0.782608695652174
car#n#2 -- wheeled_vehicle#n#1 -- self-propelled_vehicle#n#1 -- motor_vehicle#n#1 -- car#n#l --
ambulance#n#1

car#n#3 - ambulance#n#1 : 0.5
car#n#3 -- compartment#n#2 -- room#n#l -- area#n#4 -- structure#n#l -- artifact#n#l --
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instrumentality#n#3 -- container#n#l -- wheeled_vehicle#n#1 -- self-propelled_vehicle#n#1 --
motor_vehicle#n#1 -- car#n#1 -- ambulance#n#1

! Wordnet -£YVIEfIGES gy SRORIITAING 3551 » BUIRRE A 12 A o
FPEV A EJFTJ [ e

%+ = medic/aesculapius/physician/surgeon/hakeem/medico/doctor/housestaff
» = in-patient/invalid/valetudinarian/patient/inpatient/case
No relationship

1T = staff/personnel
"Wl = = hirer/employer/gaffer
No relationship

Z%ﬂ%”ﬁ“ﬁtﬂ'%w Wordnet¢t’ymj\~§)’r Ei{f@}ﬁsﬁu HURH 7] S RLTY = (1005 ey
PO RSN UL 3 U+ SRR LA 0

ﬁ{&] [ = auto/car/machine/motorcar/motor/autocar/automobile
i+ = wheel

=i (machine) is '/iil “(wheel)'s hypernyms

%ﬁg'(wheel) is ¥HI(machine)'s hyponyms

Ty AR AL T EE R

3-’?{&] [ = auto/car/machine/motorcar/motor/autocar/automobile
3%:-?@;‘[ = tire
No relationship

FHe Wordnet 9J"EJ~ - B 2
il T’Tlaﬁé'[ﬁﬂ?ﬁﬁfﬁ%& HESNEE E_ﬂm =
g | i B R 0 6 R 3
-5 7JOL[§§\ A PIF“[ﬂ =N ES E’a’&’]

B [OTIFEE BB
B R g o

LRSI 7R - 5 PO AT S F T s
FIFE Y VI

ﬁé}-«%ﬁi i N Wﬁwﬂfﬁlmauf.wifa@wmaﬂqﬁ-ﬁ Iﬁwmu.ﬁ
i e Al T L méfﬁw%[oﬁ b= > IR E R L
g F - L o A HrE e ] E’.ﬁﬁ_'\“ E*F'Jﬂi_[ﬂ FATEG o Z/D%\[Iyﬁﬁ?j ’m
G E a:rr PIR R et Jaazfawu o

73 BGEI P A R F'Jn KR, HUFIFSHER D P @ H @i
ik [ 01 @.ﬁ.q;_)gtkm.wjgj_uwgac i
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P PR e (- 48 S (- )

E[W\ (it A AT I?ﬂ (5 &[F’EHE”' Hownet ~ Wordnet ~ 7] Jf?[ ES«'—JF@EV %H*L\DH
i &IQLI'%DLH[E{ R = ﬂf’—‘ o F=U71  (http:/nlp2.csie. org/~denehs/word relation.html) °

i T R SR A P

P ITAISIRIR 57 : TAL5
A PR S 2;«‘ W Not found

fa = I3 “&¥ : Not found.
FHHEE %Urrwﬁv_[; S USE
HI= AU g Not found

=" prr g Not found.

ARG T REAHRIPVER AL HAIPVETE: @ 1@ [ @ — 5 M 4

U A e [ o M T
i ARG 2 o o B L S - -

Hownet
Y VS, R

HowNet 74
}Flji‘(table) {furniturel% = : {putlh?; JE‘F'[':location:{~}}}
#% " (chair) {furniturel3 = : {sitl:[*¥&:location={~}} }

Events
(No Event Match)

Relationship
FT" (table) 4% " (chair) Il %ﬁ {furniturel & =} H [F,Jn%ﬁ %ﬂﬁ (=)

Wordnet
HI=" = desk/table
%~ = chair

No relationship
AN I S e e G

YRR IS PRI
A= AUTHIFEE : Not found
F Py [F[Js%& Not found.
7 jﬁf:hr [E‘“Inﬂ&g;“]mﬁ¢ TRL FGH]
HI g’EIfJ ~ ik : Not found.
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# SVR gk - Not found.
S AL PR AR SR, HIFIPEDS: Q@@ = @R %M [P

P Ao = otk - H B T
FE A [ ok % N %
Hownet
H=" V.S, %!
HowNet #.7v
HT (desk) {furniturel % 5" :{putlivf/:location={~}}}
% £! (furniture) {furniturel% 5’}

-

Events
(No Event Match)

Relationship
HI="(desk) %! (furniture) H fﬁ]g’![‘ {furniturel% ="} H Il

L

AR B ()

—

Wordnet

HI=" = desk/table

% %' = furniture/movable

% ! (furniture) is H7~"(table)'s hypernyms
HI="(table) is 3= (furniture)'s hyponyms

FSIFE T T TRl R AR B 2] T I EREL > (EDRLEPFC PR F RS PRt popH e
B IR R FS E] o B R SRR (R E T AN

il ‘ﬁﬂg[; j“[ﬁ&ffu['l'ﬁ¢ TRLIFAZF
Jﬂjgg{u[ﬂ ey Tg;i;t ,@%&J I YR U
FORAVIIFEE AR
SR ARBRIRR T4 TR A
SIS PR REE &

RV AbE VR,

53 gl sz’jﬂﬁﬂfrﬁl[pﬁu A, H frlﬁlﬂfff[]yj Lﬂfl.#'i.ﬁq‘ﬁﬁtkﬁ.ﬁﬂ%j
T PRI eik &"ﬁq&—ﬁtkﬁowjbj ik« i
R e e T — i 0| -

Hownet

HowNet .7+

7 ji{commit a crime) {dolffcontent= {factI:Ji IF modifier={guiltyl? &} } }

R (put in  prison) {sufferl 3 < :cause={guiltyl F| §i: }.content={detainl 1

(=} . domain={policel¥}}
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Events

(No Event Match)
Relationship
Bk (commit a ¥ R (put in H fﬁ]%ﬂ‘ T FEWJ‘{‘\’FE'[EJFW% H [ﬁJ?ﬂﬁlﬁ &
crime) prison) HOH &N
Wordnet

FURL =
criile/malefaction/misdeed/sin/maleficent/commitment/misdoing/transgress/perpetration/delinquen
cy/guilt/guilty/wrongdoing/trespass

1R =Dbe jailed

No relationship

DA S T2 5 AR S SR (4501 O AT @ 4 @
91> T @S] - [EHRLRYHY R IR 2 1 -
TR 14 SRR B BERE wjmfp IS P PRIV e (R
T PR

)'I\I::F HIIJ

=5 I'F'EJ*U“JTP“‘[’F**ﬂﬁﬁ’fﬁﬂﬁﬁ%% ’ i"' HIGE 0 T PP SRR I':F‘JI'[“%Jﬁ’FI‘ "J
LA IJF”‘#%&FTJV (=) [ 3‘5«%’&4[1 FTJI' =) B ([“')flf:"ﬂ
(20 *E'FF i 4 ﬁ‘fﬂ '7@(d0maln) () AR B (7 ) AR “ﬁﬁﬂtF'HJ(
e (R L

'“@ M EIE e R A HRT R ‘Téﬁﬂﬁ HIGE 22 A PR A [ﬁ«ﬁ}‘&“l o b RS

fﬁ—— Hop D;TV‘ fY 578 Fli/[lf ITJIB?E HJii ﬁﬁ@ PR ’FrameNet VerbNet » PopNet > Sketch
ngine ° T 555 'I:L':ﬂ:[ur[ %[ﬂ:[“jﬂ Jﬂ[l%?[]ﬂl[ Eﬁ }i—]‘%ﬁﬂ{‘ DF[ o Ei:ﬂivé:l;/\l F}%EHVE[ I?lfljﬁj
B HIGH -

B

NSCO1.2411-H.002.080 NSC9E 24| LH.002 061 NSC93 2411- -002 013 %7 S2D H I
el o BRI AR YD S e S R SRR SR
- o

Y

=Y e
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Abstract
In this paper, syllable-based prosody modelings of pitch contour and syllable duration for
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isolated Mandarin words are proposed. In the syllable pitch contour model, three main
affecting factors of tone, syllable position in word, and inter-syllable coarticulation are
considered. These three affecting factors are assumed to be independent and additive.
Similarly, in the syllable duration model, four affecting factors of tone, syllable position in
word, base-syllable, and inter-syllable coarticulation are considered. We also assume that
these affecting factors are independent and additive. A large single female-speaker speech
database containing 107,936 words was used to evaluate the performance of the proposed
methods. After well-training, the decision tree method was used to analyze the 411 affecting
factors of base-syllable and to explore the relationship between inter-syllable pause duration
and the nearby linguistic features. Experimental results showed that all these affecting factors
conformed to our knowledge about Mandarin prosody.

g - I LIRS B

Keywords: Prosody modeling, Pitch contour, Affecting factor, Coarticulation
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Abstract

Voice Onset Time (VOT) is considered as one of the best methods for examining the timing
of voicing in stop consonants and has been applied in the study of many languages. The
present study is designed to examine VOT production for phonetically voiceless stops in
Mandarin and English by native Chinese speakers. Thirty-six Taiwanese Chinese speakers
recruited from National Cheng Kung University participated in this study. The results
indicate the following. 1) Based on the three universal categories proposed by Lisker and
Abramson (1964), for phonetically voiceless stops, Mandarin and English occupy the same
place along the VOT continuum. 2) The mean VOT value for the apical stop /t/ is slightly
lower than the mean value for the labial stop /p/. This does not conform to the general
consensus, which states that the further back the place of articulation the longer the VOT.
Very similar findings were also observed in previous studies. 3) The difference between the
mean VOT values of the English /p/ and /t/ produced by Chinese speakers was subtle, while it
reached significance for native English speakers. This suggests that a first language could be
a crucial factor in L2 production. Future studies might examine variations in L2 production
both for the same persons over time and for different speakers.

Keywords: voice onset time (VOT), voiceless stops, place of articulation

1. Introduction

Voicing contrast in stops has been discussed in phonetics and phonology for the past few
decades. Beginning with Lisker and Abramson (1964), in their well-known cross-language
study, voice onset time (VOT) has been widely used to differentiate stop categories across
languages. Since then, VOT has come to be regarded as one of the best acoustic cues for
discriminating three general stop categories, especially in word-initial position. In contrast

with the considerable number of studies investigating stop voicing contrast in a variety of
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languages, only a few have examined Mandarin word-initial stops, not to mention comparing
VOT patterns in Mandarin and English. Therefore, the purpose of this present study is
threefold. First, it is intended to provide information for a general VOT pattern of Mandarin
word-initial stops. By analyzing VOTs in stop consonants, linguists have concluded that for
most languages, VOT values get longer as the place of articulation moves backward (Lisker
& Abramson, 1964; Cho & Ladefoged, 1999; Goésy, 2001). However, there are some
exceptions, such as Mandarin, which does not follow the general rule (Lisker & Abramson,
1964; Cho & Ladefoged, 1999; Chao, Khattab & Chen, 2006). The second purpose is to
explore the possible effects of this phenomenon. Vowel context is also examined to
determine whether there is a correlation between VOT and subsequent vowels. Moreover,
to date no study has focused on comparing the in-depth differences between Mandarin and
English, except for Chao et al. (2006) who pinpoints the existence of subtle differences
between the two languages. Thus, the third aim is to compare VOT patterns of the two

languages and observe L2 production (i.e. English production) by native Chinese speakers.

2. Literature review

2.1 Voice onset time

Lisker and Abramson (1964) conducted a cross-language investigation of word-initial stops
in 11 languages and define voice onset time as the temporal interval from the release burst of
the stop consonant to the onset of the first formant (F1) frequency that reflects glottal
vibration. Following their study, VOT has been widely used to examine voicing contrast in
stops in many languages (Keating, Linker, and Huffman, 1983; Rochet & Fei, 1991; Cho and
Ladefoged, 1999; Goésy, 2000; Khattab, 2000; Zheng & Li, 2005; Riney, Takagi, Ota, and
Uchida, 2006). In addition to investigating phonetic characteristics of voiced and voiceless
stops in various languages, some researchers have studied VOT with respect to place of
articulation, speaking rate, bilingual language learners, and vowel environment (Kewley-Port,
Pisoni, and Studdert-Kennedy, 1983; Port and Rotunno 1979; Kessinger and Blumstein 1997,
Benki, 2001; Kehoe, Lle6, and Rakow, 2004). Thus, VOT is one of the main acoustic cues
used to measure the timing of voicing in stops.

Although VOT is now used across the world as a linguistic cue, some researchers,
however, challenge its role and importance as a reliable measure for separating phonemic
categories. In their study examining voicing contrast among French-English bilinguals,
Caramazza, Yeni-Komshian, Zurif, and Carbone (1973) argue that voice onset time is
ineffective at differentiating stop categories. Bohn and Flege (1993) also question its
importance to the perception of stop voicing. Docherty (1992) indicates that VOT narrowly
concentrates on word-initial stops. Moreover, Klatt (1975) even suggests five other acoustic
cues that are equally important to voice onset time: that is, low frequency energy in
subsequent vowels, burst loudness, fundamental frequency, pre-voicing, and segmental
duration. Even if VOT does have limitations, it is still regarded as one of the most
important acoustic parameters for distinguishing voicing contrast, especially for word-initial

stops.
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2.2 VOT category

In Lisker and Abramson’s 1964 study, all stops are classified into three groups depending on
the number of stop categories in each language. VOT ranges for the three stop categories
are -125 to -75ms, 0 to +25ms, and +60 to +100ms. Cho and Ladefoged (1999) also provide
VOT ranges for occlusives, particularly in voiceless aspirated and unaspirated stops. Rather
than three categories, they distinguish four: unaspirated, slightly aspirated, aspirated, and
highly aspirated. The approximate mean VOT values for each category are 30 ms, 50 ms,
90 ms, and over 90 ms, respectively. In agreement with Lisker and Abramson’s (1964)
categorization, on the basis of Cho and Ladefoged’s (1999) categorization, stops in Mandarin
and English are found to occupy the same place along the VOT continuum, whereas stops in
the two languages do not belong to the same range along the continuum, especially for
voiceless aspirated occlusives. Chao, Khattab, and Chen’s (2006) findings confirm Cho and
Ladefoge’s classification and reveal that for voiceless aspirated stops, Mandarin falls into the
‘highly aspirated’ region while English belongs to ‘highly aspirated’ category. A
comparison of the different stop categories in Mandarin and English is given in section 2.4,

below.

2.3 Effect on VOT
2.3.1 Place of articulation
Some researchers have reported a significant link between place of articulation and voice
onset time. Cho & Ladefoged (1999) propose some possible relations including 1) the
further back the closure, the longer the VOT; 2) the more extended the contact area, the
longer the VOT; and 3) the faster the movement of the articulator, the shorter the VOT. Of
these three suggested links, the present study focuses on the first in connection with
Mandarin. In addition to this first principle, it may be stated that the velar stop /k/ has the
longest VOT duration and bilabial stop /p/ the shortest, with the alveolar stop /t/ in between
the two (Lisker & Abramson, 1964). Factors used to explain why VOT is longer when
articulation takes place nearer the back of the mouth include aerodynamics, articulatory
movement velocity, and differences in the mass of the articulators (Cho & Ladefoged, 1999).
The size of the supraglottal cavity behind the constricted points should be taken into
consideration when considering the impact of aerodynamics. The cavity behind the velar
stop has a smaller volume than that behind the alveolar and bilabial stops. In other words, the
velar stop is under greater pressure when airflow is released; therefore, it might take longer to
produce a velar stop, and the VOT value for the velar stop might be longer than either the
alveolar or the bilabial stop. As for articulatory movement velocity, Cho and Ladefoged
(1999) claim that the tip of the tongue and the lips move faster than the back of the tongue;
moreover, the tongue tip moves faster than the lower lip. This may explain why in many
languages velar stops have longer VOT than labial and alveolar stops. However,
articulatory movement velocity does not affect alveolar and bilabial stops in this way in all
languages, which implies that other factors are involved. In reference to the extent of

articulatory contact area, Cho and Ladefoged (1999: 211) claim that, “In general, stops with a
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more extended articulatory contact have a longer VOT.” In summary, it is indubitable that
velar stops have longer VOT than the two other stops. However, no final conclusion may be
reached in the case of labial and alveolar stops.

Although there is general agreement that the further back the place of articulation, the
longer the VOT, there are still some exceptions. Lisker and Abramson’s (1964) study
reports that unaspirated stops in Tamil and aspirated stops in Cantonese and Eastern
Armenian do not follow this rule. It is found that the VOT of alveolar /t/ is shorter than
bilabial stop /p/, but the velar stop /k/ still has the longest VOT. Studies by Rochet and Fei
(1991) and Chao et al. (2006) arrive at similar results. Investigating Mandarin Chinese, they
conclude that the VOT duration for /t/ does not confirm the predictions; on the contrary, it is

shorter than the VOT for /p/. The cause of this phenomenon is still unknown.

2.3.2 Vowel context

How vowels influence the VOT of preceding stops is still an open question. Lisker and
Abramson (1967) propose that following vowels have no significant influence on VOTs,
while other researchers apply similar research methods, but more systematically, and find that
VOTs are longer when followed by tense high vowels (Klatt, 1975; Weismer, 1979).
Similar results are obtained in Port’s (1979) study, which analyzes VOT for English
word-initial stops, and in Gosy’s research, which examines Hungarian voiceless plosives.
Rochet & Fei (1991) also reach similar findings with respect to Mandarin stops, claiming that
“the nature of the vowel had a significant effect on the VOT values of the preceding
consonants” (p. 105). In other words, word-initial stops have longer VOT values when
followed by either of the high vowels /i/ or /u/ than when followed by the low vowel /a/.
This accords with the results presented in Chao et al’s (2006) study which examines the
Mandarin Chinese of Taiwanese speakers. By contrast, however, Fant (1973) finds that for
Swedish aspirated stops, VOTs are longer when stops are followed by /a/ than /i/ or /u/.
Although the finer points of the issue are still undecided, a general conclusion that may be

made is that vowel context does have some effects on voice onset time.

2.4 Mandarin and English stops and VOT patterns

In Lisker and Abramson’s (1964) study, VOT measurements occurring before the release
burst are said to have negative values, called ‘voicing lead’, whereas ‘voicing lag’ refers to
measurements occurring after the release burst and are assigned positive values. Following
these definitions, Keating (1984) subdivides the voicing lag dimension into ‘short lag’
(20-35ms) and ‘long lag’ (over 35ms). On the basis of this classification, stops are divided
into three phonetic categories: voiced, voiceless unaspirated, and voiceless aspirated.
Mandarin and English are said to contain two stop categories; detailed descriptions of the

stops in these two languages are elaborated in the following sections.

2.4.1 English stops

Although, as Keating (1984) mentions, English has a great deal of positional variation, in the
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present study only syllable initial stops are discussed. English is known to contrast voiced
and voiceless phonemes in word-initial position, while voiced stops are said to have two
possible phonetic realizations, voiced or voiceless unaspirated (Keating, Linker, & Huffman,
1983; Keating, 1984; Docherty, 1992). Lisker and Abramson (1964) provide two sets of
VOT values for English voiced stops (/b, d, g/), one with a positive short lag, and the other
with a negative voicing lead. They further suggest that only a single type of phonetic
representation is produced by each native speaker. Klatt (1975) measures VOT values for
English stops and reports positive values for both voiced /b, d, g/ and voiceless unaspirated
stops /p, t, k/. Keating (1984) also points out that English voiced stops are sometimes
pronounced with some lead values but mainly with short lag and long lag. Table 1 shows
mean VOTs for English stops, as reported by Lisker and Abramson (1964), Klatt (1975), and
Docherty (1992).
Table 1. Mean VOTs for English stops

Lisker & Abramson, 1964 (AE)| Klatt, 1975 | Docherty, 1992 (BE)
Mean Mean Mean

p’! 58 47 42
1t/ 70 65 64
K/ 80 70 62
/p/ 12

It/ 23

/k/ 30

/b/ | 1/-101 11 15
/d/ 5/-102 17 21
/gl 21/-88 27 27

(AE=American English; BE=British English. All measurements are in milliseconds (ms).
Note: /p’, t’, k’/ represents voiceless aspirated stops, while /p, t, k/ refers to voiceless

unaspirated stops.

2.4.2 Mandarin stops
It is known that all Mandarin stops are phonetically voiceless and that aspiration is the only
distinctive phonetic feature, differentiating two phonemic categories: voiceless unaspirated /p,
t, k/ and voiceless aspirated /p’, t’, k’/. Unlike in English, stops in Mandarin occur only in
word-initial position. Moreover, Mandarin stops fall into short lag versus long lag patterns.
Table 2 juxtaposes mean Mandarin VOTs, as measured by different researchers. As
well as Rochet and Fei’s (1991) study of Mandarin Chinese, Liao (2005) and Chao et al.
(2006) focus on Taiwanese Chinese accents. Two points are of note. First, as the table
shows, VOT values for Mandarin /p’, t’, k’/ are obviously higher than their equivalents in
English. This may imply that for voiceless aspirated stops, especially for the velar /k’/,
Mandarin and English may occupy different areas along the VOT continuum. Secondly, all
values for /t’/ production are close to, but slightly lower than, the values for /p’/. It is
interesting to note the possible effect of not conforming to the general pattern with respect to

place of articulation.

307



Table 2. Mean VOTs in Mandarin

Rochet & Fei, 1991 (MC) Liao, 2005 (TC) Chao et al., 2006 (TC)
Mean Mean Mean
p’/ 99.6 75.4 82
1t/ 98.7 71.4 81
K’/ 110.3 98.8 92
/p/ 17.9 14
It/ 18.6 16
K/ 28 27

(MC=Mandarin Chinese; TC=Taiwanese Chinese accent. = All measurements are in
milliseconds (ms). Note: Rochet & Fei only provide the mean VOT for voiceless aspirated /p’,
t’, k’/.

3. Methodology

3.1 Aims of the experiment

As mentioned above, some studies have examined VOT in Mandarin Chinese, but few have
attempted to compare Mandarin and English VOT patterns, particularly with respect to
voiceless aspirated stops. To the best of our knowledge, so far only Chao et al. (2006) have
compared VOT patterns in these two langauges, and they found that there are indeed subtle
differences in VOT production between Mandarin and English. Therefore, the aim of the

present experiment is to compare Mandarin and English VOT patterns.

3.2 Stimuli
It is known that, in Mandarin, stops occur only in the word-initial position; moreover, all
stops are phonetically voiceless and they are only distinguished by aspiration. The present
experiment examines only voiceless stops in the initial position. Klatt (1975) finds that the
differences in VOT values relate to the environment of the following vowel. Therefore, in
this experiment each of the stops is augmented by three peripheral vowels; that is, two high
vowels, /i/ and /u/, and one low vowel, /a/. The Mandarin word list consists of 16 words
(excluding /k’1/ and /ki/, as no meaningful lexical items for /k’i/ and /ki/ exist in Chinese).
Note that compound words (two or three characters side by side forming a ‘word”) are used
rather than single characters because they are more complete and more sense to the subjects.
Two procedures are used to create an English word list.  First, only voiceless aspirated

b

stops /p’, t’, k’/ in the word-initial position are examined here due to the debatable
implementation of English voiced stops; moreover, a CVCV sequence is used to ensure the
target stop is stressed. Velar /k’/ followed by the high vowel /i/ is not included, as no
corresponding words are found in Mandarin. Secondly, analogous to the Mandarin stimuli,

disyllabic and not monosyllabic words are used to design the English word list.

3.3 Subjects

Thirty-six native speakers of Taiwanese Chinese were recruited from various departments at

National Cheng Kung University in southern Taiwan. Subjects include 21 staff (mean age=

40 years) and fifteen students (mean age= 22 years), aged from 20 to 50 (mean age for all
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subjects= 32 years). All of the subjects were born and raised in Taiwan, have no marked

regional accent, and reported no sophisticated knowledge of linguistics at the time of testing.

3.4 Procedures

Each subject was scheduled to record the word lists in a soundproof booth, using a
high-quality microphone (AKG C1000S) and a professional 2-channel mobile digital recorder
(MicroTrack 24/96). The target words for both languages were randomised in order not to
be predictable. The recording was made when the subjects indicated they were ready. The
subjects were first asked to read each word on the Mandarin and English word lists at a
normal speed and repeat the whole lists twice in a row. All speakers were allowed to ask
questions and practice words with which they were unfamiliar, but they were not informed of
the purpose of the experiment. After the recording, they were asked to fill in a short

questionnaire relating to their linguistic background.

3.5 Measurements and analyses

Wavesurfer software was used to make acoustic measurements of the speech material.
Spectrograms and waveforms are displayed on screen and a manually controlled cursor is
used for durational measurements, as shown in figure 1. VOT values were obtained by
measuring the interval between the beginning of the release burst and the onset of the first
formant visible in the frequency region. Target sounds that were obviously mispronounced
are not included in the final analysis. Mean VOT values, standard deviations (SD), and
graphical representation were made using EXCEL and SPSS. ANOVA tests were used for

all statistical analyses, including the comparison of results and calculation of significance.
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Figure 1: Spectrogram and waveform for the Mandarin word, “ti qiu”
4. Results
Mandarin VOT patterns for voiceless stops are discussed in section 4.1 below. Owing to the
debatable phonetic implementations for English voiced stops, only voiceless aspirated stops
(/p’, t’, k’/) in Mandarin and English are compared. Vowel quality is also taken into

consideration in section 4.1.2, below.
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4.1 Mandarin VOT

4.1.1 VOT means and distribution

The mean VOT values for six Mandarin stops are shown in figure 2, and detailed
measurements including standard deviation (SD) are presented in table 3. Compared with
the data reported by other researchers (Rochet & Fei, 1991; Liao, 2005; Chao et al., 2006),
the VOT means for Mandarin stops presented in this study are relatively low, especially for
the voiceless aspirated /k’/.  Overall, VOT values for velar stops /k’/ and /k/ are significantly
higher than those for bilabial and alveolar stops [F (2, 835) = 15.917, p= .000< .05].
Regarding the relation between place of articulation and VOT value, it is interesting to note
that among voiceless aspirated stops, /t’/ has a higher value than /p’/, which does not conform
to the general rule that VOT values rise as the place of articulation moves further back. The
AONOVA test shows that the difference between /p’/ and /t’/ does not reach significance [F
(1,627) = 1.885, p= .170 > .05]. However, this finding is only relevant to the voiceless
aspirated /p’, t’/, and not to the voiceless unaspirated /p, t/. In addition, as table 3 indicates, ,
contrary to English VOT patterns, the mean VOTs for Chinese bilabial and alveolar stops are
much closer to each other, both for aspirated and unaspirated stops. The two main results of
the present study are in accordance with studies by three other researchers (Rochet & Fei,
1991; Liao, 2005; Chao et al., 2006). The only difference is that for aspirated stops, Liao
(2005) reports /p’/ with a significantly higher value than /t’/ [F (1, 19) = 7.464, p=.013<.05],

while the two other studies showed no significant difference.

Mandarin mean VOT
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Figure 2. Mean VOT values for Mandarin stops

Table 3. General VOT means (ms) and standard deviation (SD) for all Mandarin stops

p’/ It/ K’/ /p/ /t/ /k/
General means (in ms) 77.8 75.5 85.7 13.9 15.3 27.4
Standard deviation (SD) 23.7 18.4 19.4 6.6 5.7 9.6

Figures 3 and 4 show the VOT distribution for all Mandarin stops. Looking first at the

voiceless aspirated stops, it can be seen that VOT ranges for /p’, t’, k/ are centralized around

63-90ms, 65-87ms, and 74-98ms, respectively. The values of standard deviation (SD)

presented in table 3 also imply that /p’/ (SD=23.7 ms) allows more variation than /t/

(SD=18.4 ms) and /k’/ (SD=19.4 ms). As for voiceless unaspirated stops, the VOT ranges

are centered around 10-18ms, 12—-18ms, and 20-33ms, respectively. Unlike voiceless
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aspirated stops, the unaspirated /k/ (SD=9.6 ms) shows more variation than the two other

stops and it may also be seen that the VOT range for /t/ is smaller than those for /p/ and /k/.

140—
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Figure 3. Boxplot for Mandarin voiceless aspirated stops
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Figure 4. Boxplot for Mandarin voiceless unaspirated stops

4.1.2 Vowel context
Although there is an exception (Fant, 1973), it is widely accepted that word-initial stops have

longer VOT values when followed by high vowels than by low vowels (Klatt, 1975; Weismer,
1979; Port, 1979; Rochet & Fei, 1991; Chao et al., 2006). In addition, Chao et al. (2006: 33)
report that “all the stops, except /t/ which does not yield significance, have significantly
longer VOTs when the following vowel is /i/ or /u/ than when it is /a/.” Figures 5 and 6
show VOTs for voiceless stops followed by one of the three vowels, /i, u, a/.  As the figures
indicate, the VOTs for the unaspirated stops /p, t, k/ and the aspirated stops /p’, t’, k’/ are
shorter when followed by the low vowel /a/ than by the high vowels /i/ and /u/.  When doing

t-test, the result also reveals that vowels, high or low, have significant effect on the VOTs for

stops [p<.05].
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Figure 5: VOT for unaspirated stops followed by vowels /1/, /u/, /a/

VOT for aspirated stops followed by vowels /i/, /u/, /a/
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Figure 6: VOT for aspirated stops followed by vowels /i/, /u/, /a/

4.2 Comparing Mandarin and English VOT

As mentioned at the beginning of section 4, only phonetically voiceless aspirated stops are
involved in the comparison of Mandarin and English VOT patterns. Figure 5 presents the
mean VOTs for /p’, t’, k’/ in the two languages. The English mean VOTs are adopted from
Lisker and Abramson’s (1964) influential cross-language study. Visual inspection of the
figure shows that Chinese speakers generally produce higher VOTs for /p’, t’, k’/ than
English speakers. It should be noted that the differences between Mandarin and English
VOTs are not stark but subtle, which raises the question whether L2 learners are aware of the
slight differences between the two languages and are capable of producing them with
authentic L2 production. This issue will be further discussed in section 5, below.

Apart from the differences mentioned above, place of articulation is another point which
is worth noting. It is widely known that the further back the place of articulation, the longer
the VOT, and there seems to be a general consensus on this. However, as figure 7 indicates,
the mean VOTs for English /p’, t’, k’/ follow this rule, whereas Mandarin /p’/ and /t’/ do not.
Moreover, the VOT values for aspirated bilabial and alveolar stops are closer to each other in
Mandarin than in English VOT patterns.
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Figure 7. Mean VOTs for voiceless aspirated stops in Mandarin and English

4.3 English VOT in native Mandarin speakers

In section 4.2, it was mentioned that there are slight differences between VOT productions for
voiceless aspirated stops in Mandarin and English. Since the two languages share similar
VOT patterns with only subtle differences, it is worth investigating how native Chinese
speakers produce English voiceless aspirated /p’, t’, k’/. Chao and Chen (2006) find that
native Chinese speakers often produce English /p’, t’, k’/ with ‘compromise’ values. Thus,
it is interesting to observe the English VOT patterns of the L2 learners (i.e. Chinese learners
of English) in this study.

4.3.1 VOT means and distribution

Figure 8 shows the mean VOT durations for English /p’, t’, k’/ produced by native Chinese
speakers; detailed measurements including SD are presented in table 4. As the figure shows,
the velar /k’/ has a highly significantly longer VOT than the three voiceless aspirated stops [F
(2,831) =106.450, p= .000< .05]. Nevertheless, VOT values for /p’/ and /t’/ still do not
reach significance (p> .05). This result is similar to that found for Mandarin VOT patterns
that differ in place of articulation. As mentioned above, the VOT values for Mandarin /p’,
t’/ do not increase as the place of articulation moves further back. However, Chinese

speakers’ L2 production accords with the general rule.

English mean VOT by Chinese speakers
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Figure 8. English VOT means for voiceless aspirated stops by Chinese speakers
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Table 4. English VOT means (ms) produced by native Chinese speakers;

standard deviation (SD) for voiceless aspirated stops
p’/ It/ K’/
General means (in ms) 68.7 70.2 93.4
Standard deviation (SD) 21.8 19.2 20.5

Figure 9 compares the mean VOTs for English productions by native Chinese speakers,
native Mandarin productions, and native English productions. Looking at the figure, it may
be noted that native Chinese speakers produce intermediate VOT values only for English
aspirated /p’/, by comparison with native speaker productions for either language. One may
also notice that in their production of aspirated velar /k’/, Chinese speakers produce far
higher English VOTs than in their corresponding Chinese production and than the English
mean produced by native speakers. As for /t’/ production, it is interesting to observe that
English mean VOTs for native speakers and Chinese subjects are almost the same (VOT=
70ms for the former; VOT= 70.2ms for the latter). Individual variations among Chinese

native speakers should also be taken into account when forming comparisons.

Mean VOT for /p', t', X'/
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Figure 9. Mean VOTs for voiceless aspirated stops in Mandarin, English produced by

Chinese speakers, and English produced by native speakers

S. Discussion
Three important conclusions may be derived from the present study and will be discussed in
detail below.

With respect to Mandarin VOT patterns, the VOT means obtained for the six Chinese
stops are somewhat lower than the data reported in previous studies (Rochet & Fei, 1991;
Liao, 2005; Chao et al., 2006), as shown in table 5, below. The lowness of these values may
be explained as follows. First, disyllabic words were used in the present study, rather than
the monosyllables which were examined in the study by Rochet & Fei (1991). Using
disyllables creates a more natural context for the subjects and likely obtains more accurate
VOT values. Methodological differences may be another reason for the lower values. A
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third explanation is the number of subjects tested: the experiment for the present study used
more subjects than the previous two studies (Liao, 2005; Chao et al., 2006), which means the
values obtained are probably more reliable.

As for the comparison of English and Mandarin VOT patterns, the results indicate that
for voiceless aspirated stops, both English and Mandarin belong to the long-lag category,
contrary to previous findings. Chao et al. (2006) claim that Mandarin /p’, t’, k’/ fall into the
highly aspirated category and suggest that the aspirated category should not be considered as
a single long continuum. The VOT means reported by Rochet and Fei (1991) also imply
that Mandarin and English occupy different regions of the VOT continuum. Although both
languages share similar stop category, there are still differences between them. Comparing
/p’/ productions first, it can be seen that Chinese speakers produce much longer VOT values
than native English speakers. Among the three voiceless aspirated stops in each language,
only the alveolar /t’/ has a value close to the others. This accords with the results presented
by other researchers who examined Chinese voiceless stops (Rochet & Fei, 1991; Liao, 2005;
Chao et al., 2006). Place of articulation is another factor worth noting. Although the
general rule states that the further back the place of articulation, the longer the VOT, this is
not the case for Mandarin voiceless aspirated stops. The results indicate that the VOT for
the aspirated alveolar stop /t’/ is shorter than that for the aspirated labial stop /p’/, except
when they are followed by the low vowel /a/. The results for stops followed by the low
vowel /a/ are consonant with the results of Chen, Tsay, and Hong’s study (1998). The cause
of this result is complicated and requires further discussion. In addition to Mandarin, Lisker
and Abramson (1964) report that unaspirated stops in Tamil and aspirated stops in Cantonese
and Eastern Armenian do not follow the general rule either. Of these four languages, both
Cantonese and Mandarin are tone languages. Whether tone affects VOT values is still a
controversial question. Some researchers have claimed that there is no significant influence
(Chen et al. 1998; Ran, 2005), whereas in a study by Liu et al. (4rticle in Press) it is found
that “VOT values associated with high-level and high-falling tones were shorter than those
associated with mid-rising and falling-rising tones.” The test stimuli used in the present
study are not in the same tone; therefore, if tones do influence VOT values, it is possible that

some of the results may be explained in this way.

Table 5. Mean VOT values (ms) for Mandarin voiceless stops

Rochet & Fei, 1991 Liao, 2005 Chao et al., 2006 Present study
(monosyllables) | (disyllables) (disyllables) (disyllables)
Mean Mean Mean Mean
/p’/ 99.6 75.4 82 77.8
1/ 98.7 71.4 81 75.5
K’/ 110.3 98.8 92 85.7
Ip/ 17.9 14 13.9
1t/ 18.6 16 15.3
/K/ | 28 27 27.4
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As for vowel context, it is found that the VOTs for stops, both unaspirated and unaspirated,
are longer when followed by the high vowels /i/ and /u/ than by the low vowel /a/. This
supports the findings of many studies (Port, 1979; Goésy, 2001; Rochet & Fei, 1991; Chao et
al., 2006). Although there are some exceptions (Lisker & Abramson, 1967; Fant, 1973),
more and more studies support the view that high/low vowel quality influences the VOT
value of preceding stops. Front/back vowel quality has no significant influence on VOT.
Since the differences between Mandarin and English VOTs are subtle, it is worth
observing the English VOT performance of Chinese speakers. Chao and Chen (2006)

2

propose that native Chinese speakers often produce English /p’, t’, k’/ with ‘compromise’
VOT values. Whether these speakers are able clearly to distinguish the subtle differences
between the two languages, or whether their L2 productions are influenced by their first
language (i.e. Mandarin), is an interesting issue for further discussion. The present findings
reveal that, except for /k’/, Chinese speakers’ L2 productions of /p’/ and /t’/ are either
intermediate or close to English native speakers’ productions. To understand the exception
of /k’/ values, language proficiency could be taken into consideration. Liao (2005) suggests
that proficiency has a certain influence on interlanguage production of stop consonants.
According to Liao (2005), L2 learners with a higher level of proficiency have greater
accuracy than those with a lower level. 21 of the staff members observed in this study are
classified as having a low level of proficiency, which may be one of the reasons for their
striking /k’/ production. It should also be noticed that the mean VOT values of English /p’/
and /t’/ by Chinese speakers are close to each other. Previous studies have examined this
phenomenon and provided various suggestions for factors affecting L2 production. On the
one hand, it is suggested that first language (L1) effect on L2 plays a crucial part in L2
learners’ VOT productions (Thompson, 1991; Flege et al., 1997). On the other hand, Flege
and Hammond (1982) also claim that speakers actually produce intermediate phonetic
categories between their native language and a foreign language. Variations in L2
production both for the same persons over time and for different speakers could be examined

further and taken into consideration in future studies.
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“After enrollment, students are informed of the condition of the university and the
efforts students should make in the future through the freshmen counseling service.”
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%1 WERETI A FROF S
Sl PR EhlE | 6 I FE BF | 2% EFE%
< o =l Wb

A 6 22 0.10% 14 8 63.64% | 36.36%
Caa 2 38 0.16% 37 1 97.37% 2.63%
Cbb 7 231 1.00% 37 194 16.02% | 83.98%
D 64 3454 14.98% 2135 1319 61.81% | 38.19%
Da 7 22 0.10% 21 1 95.45% 4.55%
Dfa 5 202 0.88% 200 2 99.01% 0.99%
Dfb 1 1 0.00% 1 0 100.00% 0.00%
Di 7 1146 4.97% 934 212 81.50% | 18.50%
Dk 2 5 0.02% 5 0 100.00% 0.00%
I 15 693 3.00% 307 386 44.30% | 55.70%
Na 98 648 2.81% 563 85 86.88% | 13.12%
Nb 5 18 0.08% 18 0 100.00% 0.00%
Nc 8 29 0.13% 27 2 93.10% 6.90%
Ned 13 283 1.23% 209 74 73.85% | 26.15%
Nep 6 2227 9.66% 615 1612 27.62% | 72.38%
Nega 2 38 0.16% 32 6 84.21% | 15.79%
Nes 6 128 0.56% 118 10 92.19% 7.81%
Neu 3 127 0.55% 114 13 89.76% | 10.24%
Nf 40 228 0.99% 212 16 92.98% 7.02%
Ng 13 147 0.64% 102 45 69.39% | 30.61%
Nh 8 1668 7.23% 140 1528 8.39% | 91.61%
P 33 1659 7.19% 1136 523 68.48% | 31.53%
T 13 2838 12.30% 1648 1190 58.07% | 41.93%
VA 28 451 1.96% 328 123 72.73% | 27.27%
VAC 1 4 0.02% 3 1 75.00% | 25.00%
VB 9 14 0.06% 14 0 100.00% 0.00%
VC 76 1177 5.10% 1061 116 90.14% 9.86%
VCL 5 174 0.75% 103 71 59.20% | 40.80%
VD 19 170 0.74% 128 42 75.29% | 24.71%
VE 26 1703 7.38% 1370 333 80.45% | 19.55%
VF 5 20 0.09% 11 9 55.00% | 45.00%
VG 9 170 0.74% 103 67 60.59% | 39.41%
VH 66 1940 8.41% 661 1279 34.07% | 65.93%
VHC 2 13 0.06% 13 0] 100.00% 0.00%
VI 3 4 0.02% 4 0 100.00% 0.00%
VAl 19 326 1.41% 206 120 63.19% | 36.81%
VK 11 63 0.27% 55 8 87.30% | 12.70%
VL 5 160 0.69% 140 20 87.50% | 12.50%
V2 1 823 3.57% 433 390 52.61% | 47.39%
nom 1 1 0.00% 1 0 100.00% 0.00%

650 23065 100.00% 13259 9806 5747%  42.51%
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ke | @b wE)
A 6 22 0.10% 14 8| 63.64% 36.36%
Caa 2 38 0.16% 37 1| 97.37% 2.63%
Cbb 7 231 1.00% 37 194 | 16.02% 83.98%
D 64 3454 14.98% 2158 1296 | 62.48% 37.52%
Da 7 22 0.10% 21 1] 95.45% 4.55%
Dfa 5 202 0.88% 200 21 99.01% 0.99%
Dfb 1 1 0.00% 1 0 | 100.00% 0.00%
Di 7 1146 4.97% 934 212 | 81.50% 18.50%
Dk 2 5 0.02% 5 0 | 100.00% 0.00%
I 15 693 3.00% 307 386 | 44.30% 55.70%
Na 98 648 2.81% 570 78 | 87.96% 12.04%
Nb 5 18 0.08% 18 0 | 100.00% 0.00%
Nc 8 29 0.13% 27 2| 93.10% 6.90%
Ncd 13 283 1.23% 209 74 | 73.85% 26.15%
Nep 6 2227 9.66% 642 1585 | 28.83% 71.17%
Neqa 2 38 0.16% 32 6] 84.21% 15.79%
Nes 6 128 0.56% 118 10| 92.19% 7.81%
Neu 3 127 0.55% 114 13| 89.76% 10.24%
Nf 40 228 0.99% 212 16 | 92.98% 7.02%
Ng 13 147 0.64% 102 45| 69.39% 30.61%
Nh 8 1668 7.23% 1549 119 | 92.87% 7.13%
P 33 1659 7.19% 1143 516 | 68.90% 31.10%
T 13 2838 12.30% 1660 1178 | 58.49% 41.51%
VA 28 451 1.96% 347 104 | 76.94% 23.06%
VAC 1 4 0.02% 3 1| 75.00% 25.00%
VB 9 14 0.06% 14 0 | 100.00% 0.00%
VC 76 1177 5.10% 1065 112 | 90.48% 9.52%
VCL 5 174 0.75% 107 67| 61.49% 38.51%
VD 19 170 0.74% 128 42 | 75.29% 24.71%
VE 26 1703 7.38% 1475 228 | 86.61% 13.39%
VF 5 20 0.09% 11 91 55.00% 45.00%
VG 9 170 0.74% 103 67| 60.59% 39.41%
VH 66 1940 8.41% 664 1276 | 34.23% 65.77%
VHC 2 13 0.06% 13 0 | 100.00% 0.00%
VI 3 4 0.02% 4 0 | 100.00% 0.00%
\2) 19 326 1.41% 206 120 | 63.19% 36.81%
VK 11 63 0.27% 55 8| 87.30% 12.70%
VL 5 160 0.69% 140 20 | 87.50% 12.50%
V2 1 823 3.57% 433 390 | 52.61% 47.39%
nom 1 1 0.00% 1 0 ] 100.00% 0.00%
Total 650 23065  100.00% 14879 8186  64.51% 35.49%
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Abstract

Stocks' closing price levels can provide hints about investors' aggregate demands and
aggregate supplies in the stock trading markets. If the level of a stock's closing price is higher
than its previous closing price, it indicates that the aggregate demand is stronger than the
aggregate supply in this trading day. Otherwise, the aggregate demand is weaker than the
aggregate supply. It would be profitable if we can predict the individual stock's closing price
level. For example, in case that one stock's current price is lower than its previous closing
price. We can do the proper strategies(buy or sell) to gain profit if we can predict the stock's
closing price level correctly in advance.

In this paper, we propose and evaluate three models for predicting individual stock's closing
price in the Taiwan stock market. These models include a naive Bayes model, a k-nearest
neighbors model, and a hybrid model. Experimental results show the proposed methods
perform better than the NewsCATS system for the "UP" and "DOWN" categories.
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Keywords: Stock Price Prediction, naive Bayesian models, ANN models, hybrid models.
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Ad
ECI-SVM ECI-ME KSE-ME
macroP 0.00 0.01 0.05 0.00 0.01 0.05 0.00 0.01 0.05
0.00 1.08%  1.09% 1.24% 1.11% 1.12% 1.21%  1.32% 1.32% 1.42%
0.10 1.18% 3.12% 1.28% 2.77% 2.36% 9.05%
0.20 1.34% 8.37% 1.74%  14.80% 4.93%  26.55%
0.30 1.82%  13.18% 3.04%  30.04% 10.09%  36.34%
0.40 3.50%  15.32% 598%  35.96% 17.62%  42.42%
As 0.50 6.87%  16.25% 12.98%  38.62% 22.82%  47.55%
0.60 9.45%  16.81% 2091%  40.42% 30.08%  49.37%
0.70 12.68%  17.20% 23.85%  41.34% 33.96%  50.12%
0.80 14.69%  17.52% 24.95% 41.81% 3531% 51.01%
0.90 16.86%  17.90% 24.38%  42.17% 35.52%  51.96%
1.00 17.64%  17.93% 24.93%  42.40% 36.05%  52.72%

e E [%@Z it £ 1Y Micro-Precision

Ad
ECI-SVM ECI-ME KSE-ME
microP 0.00 0.01 0.05 0.00 0.01 0.05 0.00 0.01 0.05
0.00 1.08% 1.09% 1.23% 1.11% 1.12% 1.18% 1.29% 1.30% 1.40%
0.10 1.18% 2.43% 1.28% 2.26% 1.75% 4.80%
0.20 1.34% 6.34% 1.71% 9.82% 2.84% 18.52%
0.30 1.80% 9.86% 2.84% 23.47% 4.81% 29.10%
0.40 3.29% 11.33% 5.58% 30.47% 6.94% 35.71%
g 0.50 6.21% 12.24% 10.93%  34.10% 11.32%  39.81%
0.60 8.90% 12.87% 18.58%  37.24% 19.35% 40.81%
0.70 11.71% 13.46% 20.91% 38.79% 25.17%  41.34%
0.80 13.27% 13.95% 21.36%  39.32% 26.97%  41.97%
0.90 14.76%  14.26% 20.29%  39.67% 2737%  42.41%
1.00 15.27%  14.33% 20.33%  39.92% 28.13%  43.61%
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ECI-SVM ECI-ME KSE-ME
macroR 0.00 0.01 0.05 0.00 0.01 0.05 0.00 0.01 0.05

0.00 94.66% 94.66% 88.48% 95.80% 96.05% 94.42% 97.43% 97.69% 97.69%

0.05 95.83% 94.31% 95.96%  92.09% 96.99%  94.80%

0.10 95.67%  92.44% 92.98% 85.16% 93.80% 89.98%

0.20 92.41% 86.91% 87.57% 79.65% 89.21% 83.12%

0.30 89.58% 83.66% 84.40% 76.92% 85.06% 81.02%

P 0.40 86.54% 81.54% 81.89% 76.40% 81.68% 78.32%
y 0.50 84.11% 80.12% 79.85%  75.54% 78.66%  76.99%
0.60 80.72% 79.28% 78.20% 74.87% 76.79%  76.46%

0.70 79.37% 78.53% 76.70%  74.35% 75.42% 76.12%

0.80 77.69% 77.89% 76.22%  73.49% 74.08%  76.07%

0.90 77.18%  77.82% 74.67%  72.94% 73.49%  76.00%

1.00 76.56%  77.79% 73.22%  72.83% 73.31% 75.93%
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ECI-SVM ECI-ME KSE-ME
microR 0.00 0.01 0.05 0.00 0.01 0.05 0.00 0.01 0.05

0.00 94.76% 94.79% 87.91% 96.20% 96.44% 94.59% 97.26% 97.40% 97.60%

0.05 96.23% 95.14% 96.85% 94.35% 97.33% 96.27%

0.10 96.37% 93.63% 95.51% 90.00% 95.68%  92.36%

0.20 94.69% 89.69% 91.88% 85.41% 91.92% 86.06%

0.30 92.74% 87.39% 88.69% 82.46% 87.87%  83.59%

J 0.40 90.10% 85.58% 86.47% 82.01% 84.65% 81.02%
g 0.50 88.08% 84.52% 84.96% 80.92% 81.67% 79.86%
0.60 85.17% 83.66% 83.86% 80.40% 79.72%  79.48%

0.70 83.56% 82.91% 82.87% 79.82% 78.07%  79.10%

0.80 81.71% 82.19% 82.53% 79.24% 77.05% 79.07%

0.90 81.06% 82.05% 81.64% 78.66% 76.50%  78.93%

1.00 80.54% 82.01% 79.38%  78.59% 76.26%  78.76%

FA -~ FRZE TR Y Macro-F
A
ECI-SVM ECI-ME KSE-ME
macroF 0.00 0.01 0.05 0.00 0.01 0.05 0.00 0.01 0.05

0.00 2.13% 2.15% 2.44%  2.19%  221% 2.38%  2.60% 2.61% 2.81%

0.10 2.32% 5.92% 2.52% 5.27% 4.60% 16.44%

0.20 2.62% 14.59% 3.39% 23.59% 9.34% 40.24%

0.30 3.54%  21.99% 5.80%  41.84% 18.04%  50.17%

0.40 6.65% 24.85% 11.01%  47.65% 28.99%  55.03%

As 0.50 12.42%  25.99% 21.91%  50.03% 3537%  58.79%
0.60 16.57%  26.66% 32.55% 51.53% 43.23%  60.00%

0.70 21.62%  27.14% 35.89%  52.26% 46.83%  60.44%

0.80 24.34%  27.52% 37.01%  52.48% 47.82%  61.07%

0.90 26.99%  28.00% 36.04%  52.67% 47.89%  61.72%

1.00 27.81%  28.05% 36.36%  52.83% 48.34%  62.23%

A —- -~ EIWF IF” Micro-F;

ECI-SVM ECI-ME KSE-ME
microF 0.00 0.01 0.05 0.00 0.01 0.05 0.00 0.01 0.05
0.00 2.14% 2.16% 243%  2.19%  2.22% 233%  2.54%  2.56% 2.77%
0.10 2.33% 4.74% 2.53% 4.40% 3.44% 9.13%
0.20 2.63%  11.85% 3.35%  17.61% 551%  30.48%
0.30 3.54%  17.72% 5.50%  36.54% 9.13%  43.17%
0.40 6.35%  20.01% 10.48%  44.43% 12.83%  49.57%
As 0.50 11.60%  21.38% 19.37%  47.98% 19.88%  53.13%
0.60 16.11%  22.31% 30.42%  50.90% 31.14%  53.93%
0.70 20.54%  23.16% 33.40%  52.21% 38.07%  54.30%
0.80 22.84%  23.86% 33.93%  52.56% 39.95%  54.83%
0.90 24.97%  24.30% 32.50%  52.74% 40.31% 55.17%
1.00 25.67%  24.40% 32.37%  52.94% 41.10% 56.13%
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Abstract

This paper is to compare two most common features representing a speech word for speech
recognition on the basis of accuracy, computation time, complexity and cost. The two
features to represent a speech word are the linear predict coding cepstra (LPCC) and the
Mel-frequency cepstrum coefficient (MFCC). The MFCC was shown to be more accurate
than the LPCC in speech recognition using the dynamic time warping method. In this paper,
the LPCC gives a recognition rate about 10% higher than the MFCC using the Bayes decision
rule for classification and needs much less computational time to be extracted from speech
signal waveform, i.e., the MFCC needs computational time 5.5 time as much as the LPCC
does. The algorithm to compute a LPCC from a speech signal much simpler than a MFCC,
which has many parameters to be adjusted to smooth the spectrum, performing a processing
that is similar to be adjusted to smooth the spectrum, performing a processing that is similar
to that executed by the human ear, but the LPCC is easily obtained by the least squares
method using a set of recursive formula.

Key words: Bayes decision rule, linear predict coding, Mel-frequency cepstrum coefficient,
signal processing, speech recognition.

1. Introduction

A speech recognition system basically contains extraction of features and classification
of an utterance of an acoustical word. The measurements made on the speech waveform
include energy, zero crossings, extrema count, formants, LPC cepstrum (LPCC) [1-4] and the
Mel frequency cepstrum coefficient (MFCC) [5-8]. The LPC method provides a robust,
reliable and accurate method for estimating the parameters that characterize the linear,
time-varying system which is recently used to approximate the nonlinear, time-varying
system of the speech waveform. The MFCC method uses the bank of filters scaled according
to the Mel scale to smooth the spectrum, performing a processing that is similar to that
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executed by the human ear. The filters with Mel scales spaced linearly at low frequencies
and logarithmically at high frequencies are used to capture phonetically the characteristics of
speech [8]. For recognition, Davis and Mermelstein [5] used the dynamic time warping
algorithm to show that the performance of the MFCC was better than the LPCC.

In this paper, we use a simple technique [9] for speech data compression of the
sequence of MFCC vectors and the sequence of LPCC vectors to obtain a matrix of feature
values respectively. For speech recognition, we simply use a simplified Bayes decision rule
with weighted variance, where each step is a simple calculation and which has the minimum
probability of misclassification. In our study, there are two speech recognition experiments.
In the first experiment, since both LPCC and MFCC are said to be robust and reliable to noise
and estimation errors, our speech experiment is implemented in a noisy environment to test
which feature is better on speech recognition. Pick up 9 female and 10 male students and
each pronounces 10 digits once using a common (not high-quality) microphone. Some
students pronounce mandarin syllables not very clearly, since we have several types of
accents to pronounce the same mandarin syllables. In the second experiment, there are 87
students to pronounce the mandarin syllables in a quiet classroom, which are most commonly
used in usual conversations. Our speech experiment is done like natural talking. Hence our
speech system can be commonly used for all peoples and in all environments. The
recognition rate using LPCC is significantly better than the rate using MFCC and the LPCC
needs much less computational time to be extracted from speech signal waveform.

2. Bayes Decision Rules

Let X =(X,,...,X,) be the input feature vector of a speech data, which belongs to
one of m categories (syllables) c,, i=1,..,m. Consider the decision problem consisting
of determining whether X belongs to ¢,. Let f(x|c;) be the conditional density
function of X given category c¢,. Let 6, be the prior probability of ¢, such that
X" 6. =1, ie., the 6 is the probability for the category c¢, to occur. Let d be a
decision rule. A simple loss function L(c,;,d(x)),i=1,...,m, is used such that the loss
L(c;,d(x)) =1 when d(x)# c, makes a wrong decision and the loss L(c,;,d(x)) =0 when
d(x) =c, makes a right decision. Let 7=(6,,...,0,) and let R(r,d) denote the risk
function (the probability of misclassification) ofd . Let I,i=1,..,m, be m regions

separated by d in the k-dimensional domain of X, i.e., d decides ¢, when X eTI,.
Then

R(r.d) =38, [ L(c,d(x) f (x| )dx

=36, f(x]e)ds @.1)

where I'Y is the complement of I,. Let D be the family of all decision rules which

380



separate m categories. Let the minimum probability of misclassification be denoted by

R(z) =inf R(z,d) 2.2)

A decision rule d, which satisfies (2.2) is called the Bayes decision rule with respect to

the prior distribution 7 and is given in (2.3) [10]. We state the Bayes decision rule in the
following theorem.

Theorem 2.1. [10] The Bayes decision rule with respect to 7 is defined by
d (x)=c, i 0. f(x|c)> ij(x | Cj) (2.3)
forall j#i,ie, I,={x]0,f(x]|c)>0, f(x|c,)} forall j#i.

Note that if 6, =1/m, i=1,..,m, the Bayes decision rule (2.3) become a ML
classifier.

3. Feature Extraction
3.1 Preprocessing Speech Signal

Since our speech recognition experiment is implemented in a noisy environment, the
speech data must contain noise. We propose two simple methods to eliminate noise. One
way is to use the sample variance of a fixed number of sequential samples to detect the real
speech signal, i.e., the samples with small variance does not contain speech signal.
Another way is to compute the sum of the absolute values of difference of two consecutive
samples in a fixed number of sequential speech samples, i.e., the speech data with small
absolute value do not contain real speech signal. In our speech recognition experiment,
the latter provides slightly faster and more accurate speech recognition.

3.2 Mel-Frequency Cepstrum Coefficient (MFCC)

The MFCC is a representation defined as the real cepstrum of a windowed short-time
signal derived from the fast Fourier transform of the speech signal. In the MFCC, a
nonlinear frequency scale is used, which approximates the behavior of the auditory system.
The discrete cosine transform of the real logarithm of the short-time energy spectrum
expressed on this nonlinear frequency scale is called the MFCC. Davis and Mermelstein [5]
showed the MFCC representation to be beneficial for speech recognition. We detail the
MFCC as follows [8]:

381



Let s[n] denote the N samples of a speech waveform. The discrete Fourier
transform (DFT) X[k] of the speech signal is defined by

N-1
X[k]=> s[nle”>™ ™,  0<k<N (3.1
n=0
We define a filterbank with M filters (m =1,..., M), where filter m is a triangular filter

given

H[m,k]=0 if k< flm—1]

Hlm,k]= (k- flm—1D/(fIm]- fIm—1]) if flm-1]<k< fm]

Hlm,k]=(fIm+1]-k)/(fIm+1]- fIm]) if  flm]<k< fIm+1]

H[m,k]=0 if k> fIm+1] (3.2)
which satisfies =¥, H[m,k]=1, k=0,1,..,N—1.

Let f, and f, be the lowest and highest frequencies of the filterbank in /_ and let
F, be the sampling frequency in H_. The boundary points f[m] are uniformly spaced

in the mel-scale:

B(f)—-B(f)

Ml ) 3-3)

fIm]= (%)B-‘ (B(f,)+m

where B(f)=1125In(1+ £/700) and B™'(b) =700(e”'"* —1) . The log-energy is
computed by

N-1
Stml=mn{> | X[k]]* Hlm,k]}, O0<m<M. (3.4)
k=0
The MFCC is then the discrete cosine transform of the M filters outputs:
M-1
c(n) =Y S[m]cos(zm(m —0.5)/ M) 0<n<M (3.5)

m=0

For speech recognition, normally, the number M of filters is from 10 to 20 and the
MFCC produced from the first few filters are the most effective in recognition. In our
experiment, we use M =12

3.3 Linear Predict Coding Cepstrum (LPCC)

The MFCC was proved to be better than the LPC cepstrum for recognition by using
the dynamic time warping (DTW) method [5], but the computational complexity for the
MFCC is much heavier than that of the LPC cepstrum. The LPC coefficients can be
easily obtained by Durbin's recursive procedure [11-13] and their cepstra can be quickly
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found by another recursive equations [11-13] without computing the discrete Fourier
transform (DFT) and the inverse DFT, which are computationally complex and time
consuming.

The LPC method can also provide a robust, reliable and accurate method for
estimating the parameters that characterize the linear and time-varying system [3, 11-13].
The following is a brief discussion of LPC method. It is assumed [13] that the sampled
speech waveform §(n) can be linearly predicted from the past p samples of s(n). Let

S(n) = iaks(n—k) (3.6)

where p is the number of the past samples and let £ be the squared difference between
s(n) and s(n) over N samplesof s(n),i.e.,

E- Z[s(n) _ S 3.7)

The unknown a,, k=1,..., p, are called the LPC coefficients and can be solved by the
least square method. The most efficient method known for obtaining the LPC coefficients
is Durbin's recursive procedure [3, 11-13]. Here in our experiments, p =12, because the
cepstra in the last few elements are almost zeros.

Both LPCC and MFCC are the method to compress or simplify the huge speech data
s(n) of a syllable into a simple data without loss of speech information. The LPCC is
more or less like the sufficient statistics of a random samples in statistics [14]. The LPC
coefficients a,, k=1,..., p, are actually the least squares estimators of the regression

coefficients, 1.e., the minimum variance linear estimators a, of the regression

coefficients [14]. The huge data of a frame are well-represented by the LPC coefficients
unless LPC coefficients are too small, i.e., the estimates a, of the regression coefficients

are not significant as compared with noise. On the other hand, to produce a MFCC, one
has to obtain the DFT of a frame of the huge data and after the Mel filter banks smooth the
spectrum, performs the inverse DFT on the logarithm of the magnitude of filter bank
output. It seems to us that the formula in (3.1)-(3.5) to produce a MFCC are a little
arbitrarily or artificially or experimentally adjusted for human ears. There is no
theoretical theory to support the MFCC to well represent a syllable without loss of
information. Hence in this paper, we create a huge database from common mandarin
sentences to obtain the recognition rates using the LPCC and MFCC respectively.

3.4 Feature Extraction [9]

Our method to extract the feature from LPCC (MFCC) is quite simple. Let
x(k) = (x(k),, ..., x(k) ,), k=1,...,n, be the LPCC (MFCC) vector of size p =12 for the

k-th frame of a speech waveform, where » is the length of the LPCC (MFCC) sequence
and p is the number of LPC coefficients in each frame. Normally, if a speaker does

not intentionally elongate pronunciation, a mandarin syllable has 30-70 vectors of LPCC
(MFCCQ).
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Since an utterance of a syllable is composed of two basic parts: stable part and
feature part. In the feature parts, the vectors have a dramatic change between two
consecutive vectors, representing the unique characteristics of the syllable utterance and in
the stable parts, the vectors stay about the same. Even if the same speaker utters the
same syllable, the duration of stable parts of the sequence of LPCC (MFCC) vectors
changes every time with nonlinear expansion and contraction and hence the duration of the
portion of feature vectors and duration of stable parts are different every time. Therefore,
the duration of stable parts is contracted such that the compressed speech waveform has
about the same length of the sequence of the vectors. Li [9] proposed several simple
compression techniques to contract the stable parts of the sequence of vectors. We state a
simple one with good recognition rate as follows:

Let x(k)=(x(k),,....,x(k),), k=1,...n, be the k-th vector of a LPCC (MFCC)

sequence with n vectors, which represents a mandarin syllable. Let the difference of two
consecutive vectors be denoted by

D(k)=Zp:|x(k)[. —x(k=1),|, k=2,..n (3.8)

In order to accurately identify the syllable utterance, a compression process must first be
performed to remove the stable and flat portion in the sequence of vectors. A LPCC
(MFCC) vector is removed if its absolute difference D(k) from the previous vector

x(k—1) is too small. In this study, a squared difference criterion is also used to

remove the stable and flat portion of the sequence. The criterion is expressed as
follows:

D(k) = Zp:[x(k)i —x(k=1),17, k=2,..n (3.9)

Let x'(k), k=1,...,m(<n), be the new sequence of LPCC (MFCC) vectors after

deletion. We think that the first part (about first 40 vectors) of an utterance of a mandarin
syllable contains main features which can most represent the syllable and the rest of the
sequence contains the "tail" sound, which has a variable length. If a speaker
intentionally elongates pronunciation of a syllable, the speaker only increases the tail part
of the sequence. The length of the feature part stays about the same. As in [9], we
partition the feature part (first 40 vectors of the new sequence) into 8 equal segments and
partition the tail part with variable length into two equal segments. If the length of the
new sequence of vectors representing a syllable is less than 40, we neglect the tail sound
and partition the new sequence into 10 equal segments. The average value of the LPCC
(MFCC) in each segment is used as a feature value. Note that the average values of
samples tend to have a normal distribution. This compression produces 12x10 feature

values for each mandarin syllable.
4. Experimental Results

There are two speech recognitions implemented in our study. One is the digit
recognition in a noisy environment and the other is the speech recognition on the
mandarin monosyllables which are most commonly used in general conversations.
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The following is a flow chart to show the speech recognition on a syllable.

Figure 1. Flowchart of a syllable recognition

In put sample of .| speech .| Receiver | A/D -,
unknown syllable "| waveform - "| Converter
Compute LPCC and MFCC

—»| of unknown syllable —
Pre-Processing delete
noise l
Database containing Compare LPCC and MFCC Syllable
means and variances of of unknown syllable with all identification
LPCC and MFCC of all » known syllables by Bayes rule
known syllables

4.1 The Digit Recognition

The digit recognition is implemented in a noisy environment, a classroom with
windows open, which has noise from students inside classroom and from students and
autos on the street outside classroom. The database of 10 mandarin digits is created by
19 persons (9 female and 10 male students) who pronounce 10 digits (0-9) once. The
speech signal of a mandarin monosyllable is sampled at 10kHz. A Hamming window
with a width of 25.6 ms is applied every 12.8 ms for our study. A 256 point Hamming
window is used to select the data points to be analyzed.

In our experiments, we use this database to produce the LPCC (MFCC) and obtain
a 12x10 matrix for each digit sample. On the average, the time to produce a MFCC
using DFT and formula in Section 3.2 is 5.5 times as much as to produce a LPCC.
Among 19 samples (pronounced by 19 students) of each mandarin digit, pick up one
sample (from one student) for recognition and the rest of 18 samples (from the other 18
students) of the digit is used for training, i.e., the rest of 18 samples of this digit is used to
estimate the parameters which represent the digit. Hence each of 19 students has to be
tested, i.e., there are 19 testing samples for each digit.

Since the average value of samples tends to be normally distributed. In order to
reduce computation for classification, we assume that all elements in the 12x10 matrix of

feature values are stochastically independent. It was proved [15] that using weighted
variance in the Bayes decision rule for each class may increase the recognition rate.
Hence, the conditional normal density given syllable ¢, with weighted variance ¢ can

be represented as
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Fxpenx, )= [H\/_CG } 25 oy @1

where i=1,....m=10, k=12x10 and ¢ is a weighted factor for the variance. Taking

logarithm on both sides of (4.1), the Bayes decision rule (2.3) with equal prior on each
syllable becomes

: RN IV

l(c,)=) In(co,)+=D (-—1), i=1,...,m. (4.2)
I=1 293 coy

The Bayes decision rule (4.2) decides a syllable ¢, with the least /(c;) to which the

feature matrix x =(x,,...,x,) belongs. For the Bayes decision rule, 18 samples of the

syllable ¢, are used for estimating its mean 4, and varianceo, . The weighted factor

¢ is selected from 0.8 to 1.3.

Note that in the Bayes decision rule, a matrix of feature values representing the
testing digit pronounced by one student is compared with 10 matrices of means
representing 10 digits' parameters. The means are computed from the feature values
pronounced by the rest of 18 students. Hence the feature values of the digits
pronounced by the student to be tested are independent of the feature values of the digits
pronounced by the other 18 students and in the training data to produce 10 matrices of
means (each matrix represents one digit's parameters g, , /=1,..,k=12x10), the
feature values of 10 digits between any two persons of the other 18 students are mutually
independent. Therefore, the Bayes rule uses simple normal distributions. Table 4.1
shows that the number of correct digits of 190 testing samples and the recognition rates
are obtained using LPCC and MFCC features with absolute difference and squared
difference criteria.

Table 4.1 Correct digit recognition rates

absolute difference criterion squared difference criterion
LPCC MFCC LPCC MFCC
total testing samples = 190
19 students 181 178 182 179
(95.3%) (93.7%) (95.8%) (94.2%)

total testing samples = 100

10 students 100 96 100 96
(pronounce most
clearly) (100%) (96%) (100%) (96%)

Table 4.1 also shows the misclassified digits pronounced by the 10 students who
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pronounce most clearly and distinctly. Since all mandarin syllables are monosyllables,
the speech wave for each monosyllable is short. If the monosyllables are not pronounced
clearly, it is difficult to recognize by the human ear. Hence, to test the recognition
ability of the Bayes decision rule, which should not be damaged by the ambiguous
pronunciation, we select 10 students (4 female and 6 male) among 19 students, who
pronounce most clearly and distinctly. As in the first speech experiment, 10 digits
pronounced by each student are used for testing and 90 samples (9 samples for each digit)
from the other 9 students are used for training the means and the variances of each digit.
There are 10 testing samples for each digit. From the classification in digits, the LPCC
for speech recognition is lightly better than the MFCC for two criteria (absolute and
squared differences). After compression of a sequence of LPCC and MFCC vectors, the
two compression criteria give about the same recognition rates, but the squared
difference criterion takes less time to compute. The same speech recognition
experiment was implemented in a quiet environment [15] and gave the correct digit
recognition rate 98.6%. For the robustness to the noise, our results show that the LPCC
gives a recognition rate no less than the MFCC. This contradicts to the results obtained
by Davis and Mermelstein [5] in a quiet environment.

4.2 The Speech Recognition

In this speech recognition experiment, 87 students participate in the experiment.
Each pronounces loudly and clearly several sentences of mandarin syllables, which are
commonly used in the usual conversation in our life. We cut these sentences into single
words (syllables). We select the syllables which have at least 9 samples, i.e., each
syllable as a candidate for speech recognition should appear in the sentences at least 9
times. Hence there are 102 different syllables to be classified. The 102 syllables appear
in the sentences from 9 to 45 times. There are totally 1644 samples for 102 syllables to be
tested. This experiment is designed as in the digit recognition in the first experiment.
Each of 1644 samples is tested and the other 1643 samples are used for training, i.e., the
syllables with 9 samples have 8 samples for training and the syllable with 45 samples has
44 samples for training. To compress the speech wave of a syllable into a 12x10 matrix
of feature values, we only use the absolute difference criterion, since in the first
experiment on digit recognition, there are no difference on recognition rates between the
absolute difference and the squared difference criteria. The simplified Bayes decision
rule with m =102 and the weighted factor ¢=1.21in (4.1) and (4.2) is used to classify
102 different mandarin syllables. Table 4.2 shows the results. The table shows that the
LPCC feature has the recognition rate 0.9057 better than the rate 0.8102 obtained by the
MFCC feature. The total time needed to compute the MFCC of 1644 samples based on
the formula in Section 3 is 5.5 times as much as that needed to compute the LPCC of the
same 1644 samples.

Both recognition rates are not high enough, since some syllables having only 8
samples for training have poor rates. Hence we increase the minimum number of samples
for training to 10, i.e., we select the syllables from the sentences, which should have at
least 11 samples (to appear at least 11 times in the sentences) as candidates for speech
recognition. This restriction results in 91 different mandarin syllables with a total 1523
samples to be tested in speech recognition, i.e., each of 1523 samples is used for testing
and the remain of 1522 samples are used to train 91 different syllables. The recognition
rates are increased to 0.9140 for the LPCC and 0.8188 for the MFCC. The recognition
results for 91 syllables are shown in Table 4.2.
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The above recognition rates all show that the LPCC features a little higher than the
MFCC. Hence we make a statistical hypothesis testing in our study. We adopt two
nonparametric methods (McNemar test and Cochran Q-test) [16] to test if the LPCC is
better than the MFCC. The McNemar test is to compare two rates provided by the
LPCC and MFCC individually. We obtain the approximate standard normal z-value
7.4593 for 102 syllables and 7.3899 for 91 syllables. Both are strongly significant at the
level « = 0.0001.

The Cochran Q-test is to compare two features (MFCC and LPCC) if they are
equally effective in classification. We obtain the approximate Chi-square (df =1) Q
value 55.6411 for 102 syllables and 54.6104 for 91 syllables, which are both strongly
significant at the levela =0.0001. Both tests show in Table 4.3. Obviously, the two
nonparametric tests make a decision to favor the LPCC.

Table 4.2 Correct syllable recognition rates pronounced by 87 students

features LPCC MFCC
total samples=1644 for 102 different syllables

correct samples 1489 1332
correct rates 90.57% 81.02%
total samples=1523 for 91 different syllables

correct samples 1392 1247

correct rates 91.40% 81.88%

Tables 4.3 Statistical testing hypotheses

Mc Nemar test :

H,, :two recognition rates are equal

z —value =7.4593 for 102 syllables. =7.3899 for 91syllables
p —values <0.0001 for both 102 syllablesand 91 syllables

decision : reject H, for both tests at the level o =0.0001
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Cochran's O — test :

H, :LPCCand MFCC are equally effectivein classifiction
O —value=55.64 for 102 syllables. =54.61for 91syllables
p —values < 0.0001 for both 102 syllablesand 91 syllables

decision : reject H , for both tests at the level o = 0.0001

Discussions and Conclusion

In this paper, we have used two speech recognition experiments to test if the LPCC
feature has a higher ability in classification of the mandarin monosyllables than the
MFCC. The speech waveform of a mandarin syllable is extracted into a sequence of
LPCC (MFCC) vectors and the sequence of vectors is then compressed into a matrix of
LPCC (MFCC) values, which tend to have a normal distribution. Using the Bayes
decision rule, we have found that in the first digit experiment, the mandarin digit
recognition rate using LPCC feature is no less than the rate using the MFCC feature. In
the second speech recognition experiment, we build a large amount of mandarin syllables,
which are the most commonly used in usual conversations. From the nonparametric
statistical analysis, the LPCC has a significant higher ability in classification than the
MFCC. Furthermore, the LPCC feature needs much less computational time to be

extracted from speech signal waveform than the MFCC.
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Abstract

This paper explores the possibilities of using independent component
analysis (ICA) for features extraction that could be applied to word sense
induction. Two different methods for using the features derived by ICA are
introduced and results evaluated. Our goal in this paper is to observe whether
ICA based feature vectors can be efficiently used for word context encoding
and subsequently for clustering. We show that it is possible, further research
is, however, necessary to ascertain more reliable results.

1 Introduction

Word senses are known to be difficult to discriminate and even though discrete
definitions are usually sufficient for humans, they might pose problems for com-
puter systems. Word sense induction is a task in which we don’t know the word
sense as opposed to more popular word sense disambiguation.

Word sense can be analyzed by observing behaviour of words in text. In other
words, syntagmatic and paradigmatic characteristics of a word give us enough
information to describe all it’s senses, given that all it’s senses appear in the text.

Based on this assumption, many techniques for word sense induction have
been proposed. All are based on word co-occurrence statistics. There are two
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strategies for creating the vectors that encode each word: global encoding strat-
egy, which encodes co-occurrence of word types with other word types and local
encoding strategy which encodes co-occurrence of word tokens with word types.
The global encoding strategy is more popular, because it provides more informa-
tion and does not suffer from data sparseness and most of the research has focused
on sense analysis of words of different forms, i.e. on phenomena like synonymy
etc. However, by encoding word types, we naturally merge all the possible sense
distinctions hidden in word’s context, i.e. context of a token. For more details cf.
(3; 11; 10).

Problem of high dimensionality that would be computationally restricting, us
usually solved by one of several methods: principal component analysis (PCA),
singular value decomposition (SVD) and random projection (RP) and latent se-
mantic analysis, also known as latent semantic indexing is a special application of
dimensionality reduction where both SVD and PCA can be used. See (1; 2) for
overview and critical analysis.

The classical approach to word context analysis is a vector space model, which
uses simple the whole co-occurrence vectors when measuring word similarity.
This approach also suffers from a problem similar to data sparseness, i.e. the sim-
ilarity of words is based on word forms and therefore fails in case where synonym
rather than similar word form is used in the vector encoding (11; 10).

Major problem with the classical simple vector space model approach is the
superficial nature the information provided by mere co-occurrence frequency, which
can only account for seen variables. One of the most popular approaches to word
context analysis, latent semantic analysis (LSA), can improve this limitation, by
creating a latent semantic space using SVD performed on word by document ma-
trix. Frequency of occurrence of each word in a document represents each entry
wj; in the matrix, thus, the whole document serves as a context. Document is,
naturally, some sort of meaningful portion of text. SVD then decomposes the
original matrix into three matrices: word by concept matrix, concept by concept
matrix and concept by document matrix. The results produced by LSA are, how-
ever, difficult to understand for humans (9), i.e. there is no way of explaining their
meaning.

2 ICA

Independent component analysis (ICA) (7) is a statistical method that takes into
account high order statistical dependencies. It can be compared to PCA in the
sense that both are related to factor analysis, but PCA uses only second-order
statistics, assuming Gaussian distribution, while ICA can only be performed on
non-Gaussian data (6). Comparison with SVD is provided by (12) on word context
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analysis task.

ICA is capable of finding emergent linguistic knowledge without predefined
categories as shown in (4; 5) and others.

As a method for feature extraction/dimensionality reduction it provides results
that are approachable by humans reader. Major advantage of ICA is that it looks
for factors that are statistically independent, therefore it is able find important
representation for multivariate data.

ICA can be defined in a matrix form as x = As where s = (51, S, ..., S,)7
represents the independent variables, components, and the original data is repre-
sented by x = (x1, 2, ..., :Jcn)T, which can be decomposed into s x A, where A
1S an X n square mixing-matrix.

Both the mixing-matrix A and independent components s are learning by un-
supervised process from the observed data x. For more rigorous explanation see
(7).

We have used FastICA algorithm as implemented in R language'.

3 Data collection

The context matrix has been constructed from words from Sinica Corpus of a
frequency higher than 150. This restriction yielded 5969 word types. We have
chosen this limited lexicon to lower the complexity of the task.

The whole corpus was stripped from everything but all words whose word
class tag started with N, V, A or D. This means that our data consisted of nouns
(N, including pronouns), verbs (V), adjectives (A) and adverbs (D) 2.

Then we collected co-occurrence statistics for all words from window of 4
preceding and 4 following words, but only if these were within a sentence. We
defined sentence simply as a string of words delimited by ideographic full-stop,
comma, exclamation and question mark ( °, * , ! and ?). In case of context
being shorter than 4 words, the remaining slots were substituted by zero indicating
no data available.

We have normalized the data by taking log of each data point a,; in context
matrix. Since this is a sparse matrix and lot of data points are zero, one has been
added to each data point.

After the extraction of the independent components, we have encoded contexts
of word tokens for each word type selected for analysis using these independent
components. Thus we are able to provide reliable encoding for words, which is
based on global properties. Note that there is no need to pursue orthogonality of
different word types that are sometimes required in the context encoding. The

Thttp://www.stats.ox.ac.uk/ marchini/software.html
ZFor complete list see: http://wordsketch.ling.sinica.edu.tw/gigaword_pos_tags.html

425



similarities between different word types are based on the strength of independent
components for each word type and therefore much better results of similarity
measure can be expected than one would get from binary random encoding as
introduced in (8).

We could experiment with several strategies to context matrix construction:
different word classes in the context and different sizes of feature vectors. Con-
text in our experiments is defined by four words that precede and four words
that follow each keyword. Then we study the feature similarities across different
words. To aid the analysis, a hierarchical clustering is used to determine closeness
of relation among feature vectors of specified dimension. This step is to find most
reliable feature vector dimension for subsequent experiments. As mentioned be-
fore, the features can be traced back and their nature determined, i.e. they can be
labelled.

Due to the time constraints, we have predetermined feature vector size before-
hand. We’ve extracted 100 and 1000 independent components and used them in
two separate experiments.

Having determined the size of feature vectors, we use original word contexts
for each word token and encode the context using these vectors. That means that
each word in the context of particular keyword is replaced by it’s respective feature
vector, a vector of quantified relations to each of the independent components that
has been extracted by ICA from the global co-occurrence matrix.

We than use maximum-linkage hierarchical clustering to find related words
and based on the features present in the vectors we determine their characteristics
that will provide clues to their word senses.

4 Results

We ran two experiments, one with 100 independent components and the second
with 1000 components. For the experiment we have manually selected 9 words,
which we expected to be easier to analyze. We have, however, failed to find in
Chinese word that would allow for such obvious sense distinctions as English
plant,palm, bank etc. Such words are typically used in word sense related task
to test the new algorithms. The failure to find words that would have similarly
clear-cut sense distinctions, might have influenced our initial results. The words
we have selected are (number in bracket indicates the number of senses according
to Chinese Wordnet)*: LLIFH (3), & 1(2), I2#(2), KIR(2), 1ERE(2), BBIE(2), &
A2, BT @), KRA).

3http://cwn.ling.sinica.edu.tw
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4.1 Independent components

When ICA algorithm retrieves the specified number of independent components,
each of them can be labelled by creating a descending list of those words that are
most responsive for each of the components (5; 4). Only the most responsive word
could be assigned to each of the components as a label, but this way we would not
be able to determine characteristics of the components with sufficient clarity. As
we will see, even listing several items from the top of the list of the most respon-
sive words, won’t always provide clear explanation of the nature of the component
in question. This is due to the fact that the independent components are not yet
very well understood, that it is not yet entirely obvious how the components are
created (5).

Bellow are few examples independent components and labels assigned to each
of them. We list up to 20 most responsive words for each component to provide
information for human judgment. These are examples from the 100 independent
components experiment. For future research, perhaps an automatic way of deter-
mining different number of labels required to explain each independent compo-
nent might be proposed using time series analysis, but for that, more research has
to be provided to better understand the nature of independent components in order
to justify such step.

First ten independent components can be seen in 1. As we can see, indepen-
dent components cannot we regarded as synsets as known in WordNet, since they
clearly contain words from multiple classes. We can perhaps call them colloca-
tion sets, colsets. But this term will have to be revised based on the subsequent
research on the nature of independent components.

Table 4.1 shows an example how a particular word type is encoded. The inde-
pendent components in this example are are sorted by the most important features.
We can see how the encoding in Table 4.1 contrasts with Table 4.1, which shows

ten least salient features for word type yuyan 78 5 .

4.2 Sense clustering

We have used maximum-linkage hierarchical algorithm from Pycluster package®
to cluster word token contexts. The use of hierarchical clustering is motivated by
the attempt to provide gradual sense analysis where subsenses could be identified
within partial senses.

Our goal in this paper is to observe whether ICA based feature vectors can
be efficiently used for word context encoding and subsequently for clustering.
Clustering results were evaluated by native speaker with linguistics knowledge,
who labelled all the sentences according to Chinese Wordnet and in this paper,

“http://bonsai.ims.u-tokyo.ac.jp/ mdehoon/software/cluster/software.htm
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Label IC | Responsive words (descending order)

TIME 0 | IRFfE] 4 H /IR K B F K6d IR E i 12 2
WA FFEN B 2% TEAKR

TIME 1| =+ ZF+H+F—Ba0t++ 2R 28 +4
PLE N+ #l 4) RE A4 - o8+ 2 )\ +

FAMILY 2 | W5 BB T mE OB W ACBE Bk T A

N B B BRIR BFEF A OARCOK R B X
A

COMPARATIVE | 3

I8 IE B AT R L UL &R B E
HE AR i E W2 50l B F
1k

POPULATION 4

Rt R 8 A8 N> B E TEA B
R = il B 7R [ =i HE A0 B3
ZA

GAIN

= 57%15}' %E| % HRE BT HE A EHREL
BUEBESEES PN 3% FRE

MULTIMEDIA 6

lll

BEEs Ea‘ﬁ 1 [f ﬁﬁ i H RESE AR R
EEG B E HEREET KRE
i P

%1

WAR

Py ve B JReGE PR BUE SEB] Rt B Rk
Bt Ay BHECRF POTE 1TE) B A B 58 SEEE LU
B3 BIRES HE R

WARNING 8

TR B ANE Fpl it HE B AR PERE A
U BTG R A e D AR REF R W
L

COMPETITION 9

EF IR HE EE) g hE WIEE 17 mE
S HE e BT 5T BRA B HE H
P Sk

=

PRODUCTION 10

PERE Dol 36 maE Bt LI S R EE i
PRI PARE FE T R BT AUER JORE SR BHER N
T R%

ECONOMY 11

ot 85 BA B A F 82 55T AR 28 X
B S Bt iR BB B 6 18

RESEARCH 12

BB SR el 55R AT BUR o A (0
A R 15 BUE T X R B A
IEFE

Table 1: Independent components: 100 IC set, first 10 IC
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Feature strength Responsive words (descending order)
7.55055952072 | F F Eu EEEESEILEEE B3R
O BIFE 1S B By (A & ?)‘(Hﬂ
6.93665552139 | ¥, E?ﬁ“ B FER Bk BUJL R RS A
¥ BE Tx A R B R Bl
@ N )—55 B
6.20834875107 | #(E& HiE B/ B+ #(E 2 ZH RE #
fifi /J\ mEP BT NIR BEREH
B R E
342819428444 | il 15 T b P 7+ o 07 IR RBIE 2 AR
BACHE M K g B L] MHE —E

B REE R K B RS R ER

P 4 B RRE IR I R =

ﬁ*

3.34706568718

e
X% HE

R 0
A—\-\-

b 3

Table 2: Partial example of encoded word 55 & (five most salient features)

Feature strength | Responsive words (descending order)
0.157807931304 | F5E #iE FER NE TN BUS FEBE (110 3
HEBE TR AR ER BF 2% B %
FER3

0.157353967428 | T ff AN[F Bigg £ BE F o EH
BFE R\ e HE B M IS —T 55
e rEE

0.152415782213 | &£ JLA =H tH "H —H A WA —H
+—AE+tHRE/\AZE+—HIK—H
1k +%HH

0.0953392237425 | 1R &% B FHE 88 K HLE 5 4 fU bb Bk
R 15 ANEE 5 e — B AU AT ik
0.0753756538033 | ;&TF [V FE i H HEH) 5 FH HHIEE LT o
iE 200 TEE; e e EE 5 ke B/ L
B BB #

Table 3: Partial example of encoded word 55 & (five least salient features)
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JBH 10T JBFH 1CT000
Cluster \ Sense \ Count Cluster \ Sense \ Count
a 0 5 . 0 1

1 28 1 0
0 0 6
b 1 1 b 1 30

Table 4: Results for word JE#i

FESE [ (7100 FEFE [ (1000
Cluster \ Sense \ Count Cluster \ Sense \ Count
a 0 9 . 0 0

1 1 1 1
0 1 0 9
b 1 8 b 1 9

Table 5: Results for word T ¥

number of sense were also determined this way. Then we have assigned sense
label to each cluster according to most prevalent sense in the cluster.

For example, word fangui JB#7 has two sense in Chinese Wordnet. We cut the
tree produced by hierarchical clustering algorithm into two and our expectation is
that word tokens manually labelled as sense 1 will be in one of the clusters and
word tokens labelled as sense 2 will be in the other. Naturally some incorrect clas-
sifications can be expected as well and therefore we assign sense label according
to the label most frequent in the particular cluster. In case we get both clusters
labelled the same, the sense induction has failed.

In this experiment we have not pursued correct classification of all the words,
therefore we leave the evaluation of those results out.

For reference we include tables with results of several words.

o S o K 10T
Cluster ‘ Sense ‘ Count Cluster | Sense ‘ Count
a 0 22 . 0 1

1 67 1 0
0 1 0 21
b 1 12 b 1 80

Table 6: Results for word & &F
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58 1C'100

U_IELE 101000

Cluster | Sense | Count

Cluster | Sense | Count

0 39 0 32
a 1 21 a 1 39
2 11 2 9
0 7 0 0
b 1 10 b 1 3
2 0 2 0
0 2 0 5
C 1 1 c 1 2
2 0 2 1

Table 7: Results for word & ¥

Word

IC100

IC1000

185
2
1BH
HIR
EX i
BA
&
KR

e}

S oo o~ O~ O

O = O == == OO

Table 8: Overall results
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5 Conclusion

The major advantage of our approach is that it uses global characteristics of words
based on their co-occurrence with other words in the language, which are then
applied to derive local encoding of word context. Thus we retrieve reliable char-
acteristics of word’s behaviour in the language and don’t loose the word sense
information, which allows us to analyze semantic characteristics of similar word
forms.

Our current results are not very satisfying. I can be observed, however, from
Table8 that increased number improves the sense induction considerably. We will
pursue this track in our subsequent research. On the other hand, this result is not
surprising. Considering the nature of independent components, which are rather
symbolic features similar to synonymic sets, synsets, or rather collocation sets,
collsets, it can be expected that much larger number of these components would
be required to encode semantic information.

6 Future work

With manually semantically tagged word tokens we will try to automatically esti-
mate the sufficient number of independent components that would improve preci-
sion of sense clustering.

Another approach we intend to try is to add feature vectors of all the context
words and cluster the resulting vectors. This approach should emphasize more
important features in given contexts.

We will also do more carefull preprocessing and also apply dimensionality
reduction (typically done by PCA) before running ICA as has been done in some
of the previous studies.
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