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Aggregate a Posteriori Linear Regression for Speech Recognition
®EF EEN AR
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#HE

EARABXTF > B G —F B REFHRM R (aggregate a posteriori) & Fat 2 48 5] X 43 4 @ §7 (linear regression)
WHRERLPCREEE R - AEEF - BN X INRAGZRAA - 7L B BUE A &) X II405 B /T e A
o A5 AT » B4R R 4 M 18 §F (minimum classification error linear regression, MCELR) 2838 % B 7% o #4132 4 & A
RO BARRRAETEMEAFAEN > STREAE— SRR QFERZFANRE M > RITRES R KER]
Z MM AR N AR R Z BN UARE X HBERANELRAEL  c FBREFHMREAET KR
Pl 2 Bfl 38 Bl E 2 A% FR AL AU T 43 3] 230 B 372 34 B A% (close form) ! X A fmik 42 5] R D4k ey S B AE B - A BB F
B4 A TCC300 3B #AT3EFHMAU LR Z IR QFERZFANRESHZ L HMER > fAFBRRRE > AE
RAatERE A EXTRAMMEN  BTHERLER BR3P E 0 A e 2 BB 2t 0 £F
FlRAEEHZ TRERERABMREZFEFTEREGHGHFT A ZE B EH X EFLFAHER -

1 &3

AETPRGENARY > TR EEEHOMARANIREFHZ ARG ENGELRBET T RTH
Fl o BAAAE EPBHARAE - @RERIAE LT RHREERE - o fTH B I RATIFEE TR S
BB A B RAERETRENELEE DA RERERFZ MO ARACEREY > RH 5L EMTNEA -

BERAG S HLAEINRFER R ZEBNETHR - &L BE A 9B 204 E R A & K48 0 5 R
(maximum likelihood estimate, MLE)[19] > fE b4 H ik ¥ - A AN E IR B EMERKE > T RiF4
WAEBIEM T RAEGB IR LH - B THEA LWL R] 0 H ATE R ¥ B A (incomplete data)ay Bl A8 > AT S
#| A EM(Expectation-Maximization);§ £ 3£ [6] #4732 34 i o

PR T AR R AR B LB R ER 25 BB FHANMEAZHSER G REAN R RERGRRFR
#% % (maximum a posteriori, MAP/&RI7E R [8] - B KAERIERIA A S8 8 —BH S TR ENHETZ - FIAR
WAL TNINRENMEFHROBA LB FRRERRZIHFNE > BPTREANLT A2 RELH - ARRFHL
MEIGIRR ZIRAEFT » —BATEERABEA S S FHKE > mERERKER B2 /R AT EE
AR ERBASHEFATREZ S ATUTAH R FAT B MR LB SARF] 0 TR EINRE R BATE &
By 55BN R A -

M T AT R 4 346 8] 3 B 2 4h 0 48 %) X 31| 4R (discriminative training)[3] 81 32 4% T fe 8L A 31| 4R b 0y 5 — B IR 4E
& 8 74 multilayer perceptron(MLP)[17] ~ learning vector quantization(LVQ)[18] » %] if & &) & ]s 7 %8 44 3% (minimum
classification error, MCE)[11] ~ % A 48 Z & fl.(maximum mutual information, MMI)[20] » & F % R ) 89 3L 7k - 427
KINRALCHANR T ERRORE R R THERABAGHEA G AMUEZ S BESMF EHRARLCHEL 2
Flega B o SARAEIA T A8 R A IR > RAGARMIOEF M E £ BARRFGHEN -

Qi Li [15]42 2002 3% i — A% AL 5 /[~ 4% 3% % (generalized minimum error rate, GMER) » & /4 4% %69 /4 & H %% »
T B E F 14 R (aggregate a posteriori, AAP) - 3 45 14 % R i A B2 %) P K 89 3% 9% & (misclassification measure)
B X o EVNRBA S B L FAE R — AR R B R B K R (generalized probabilistic descent, GPD) » i i — £ 4% 4418
ERREECE £ F LIRS SRR E R

FEERBEAAE L 0 &R AER 6 F R A8 ALE 8138 5 (maximum likelihood linear regression, MLLR)34 i
(T4 B RRFRBERAERREY & - EFAARTFRIVEERATHEEAFBOEEEH  BRAEAEIHHE
SFEMRHEERALBETHAE - ANF RBEAEHER D HREAABRRREGERN I g BER2F
AT B AR BB AE S BN KD RZ AE RS - TRBE RSN R KRR A2 R R
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B F 1% M 40 118 7 (aggregate a posteriori linear regression, AAPLR)E Bk o #L R AM € 41 ¥ Uk P Atz LA gt
WHAEZHAFREXNFEOR BRTRAEBMESHOHEABELE L 20 T EFRRFLAFEAM QR
(MAPLR)[21] ~ # J§ %] #7 % KX (sequential) - 8 &) ¥4 B K 4% 1% 18 §7 (quasi-Bayes linear regression, QBLR)[5]#2 % /s 5 %2
4% 3R 4% 38 8% (minimum classification error linear regression, MCELR)[4][9][10] »

AV IR 0933 F B S BRI L A GG YRR A AT B R H R e AR BT AR
AR DAL FRES K Ray 18 A R URBAT LR A E 2 B ARRE XS REFRBRERA
AENXELHEUVLBAR LG F K - LR AARME — R DR ERA AT IR L EHBRAFBIFS
BB ERGFNRENSM > REFGANBMERLEHAZBHERNE - HE AR TRALHETY X
B ERATFERETHR  ALESORA A EF QAR EZ TRHRLER  ERARREFH R 6 H3RA -

2. R XIREGHEEEFHAE

RAABAE 2 BAEREA AR L @A RINRIEAX BT REY 28Tk > EHA EM EHAGREA 23
FFARE S RRAEAMEGHRBRBYEHAAAB ARG HEA G TRRAER oL CEA 6 2 HABRE KR LRI
IE e RADBRERARRRLEN S RERBREAFAGEHNXINRTE  RTINRZFBTHEANS  BERAEZTH
#! (language model) &g 3 4R E[13] ~ 355 PEBAL A D4R ~ AF S IR - A B XINRE BB A L2305 > R T A H
WA ERS > BEERL T R BAIME > AT LR EE AR AT e 2 B A o £[15][16]F - 1
HRW T A —AEEHN XINRT 5 A —RAERNERE - REFRRR A RRARKFAR T AMYBREHKX
FRUE AHEHNXIRGH R - AT 55 N =485 X RER -
2.1 F/hor#asEE(MCE) 3 sk Al

ey CL,Comamse  muXeC » AR S BERZ A T & A K0 HEPHE S K (misclassification

measure) 2

d(x)=P(C, IX)— P(C, Ix) )

Ex#78A C BRBREH Xk BB me 85 C, 00 Thedt - £ 5 M HHB(1242 0 & R RIHES X
d,00= Y —[g,06A) - g, 0 A)] @
iem, My
2 d XA samEa R XgmEnC waamE > ARTHHE RN ED 2K
M, ={i1g,(A)> 0, (A} k& -z R o8 X sta U s C, #1858 78 X A8 UE B AL 5 1 6
A B & A > Bp iR A %8 % (confusing classes) 3k, 3% %8 %] (competing classes)#y 4 4 ©

KFQF > S HFABRMES  CHEMRT LM A RRETH X Mekd - @EZXAE A REH2] 0 &
fe 5 Bk 1% 7% (gradient descent) 72 3 R » B % 4R & T — B4 09 3R PHE A K B

1/n
1
dk(X)=—9k(X;A)+{M Zgj(X;A)”} ©)

_1 i, izk
Ay NA—EES  BEAENOME > TUREXFREBENORFBINHE > 7] D o0 —EAERBEFEIHE
AR
d, () ==0g, (X A) +g;(X; A) @)
33 C A 783 C o M BETH X ER RS - d (X)) >0 kasesm% dX)S0REAE
HERE e ATREE—SRARBBRAEXMY TR > f8BEPE A X AA cost function

L (6 A) =1(d, (X)) 5)
cost function — A% & & &M > #E A(0,1189% X > & % A7 MCE #5 % sigmoid »
1
I(dy) = ©)

1+exp(—yd, +6)
HREBBEEEH X > 47T 2 cost function & & N3 L6y % B
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[(X;A) = ili X A)l(xe C) D

i=1

%1% #) B J& % # % 3% 7 (generalized probabilistic decent, GPD)3# & 7% # 47 & X, & & A F 3 MCE ;%8 o

Ay =A —gU VI(XA) IA:A[ ®)
e AR R BB RBA BB EE L ARAREOFE  BQFE] R B RCRERER » MAK Fay

SRHHBE FHRARNEHBMRE AL - R — S22 AL BARERELRFR[] -
22 ZARR DA RMMI)I4ki%x R

AT RN BEBRERN RARLZEMAZ L BF A 697 XANRAER[1][20] ° RAR ZEF RS T
ANTBREBHAEA TR GBLE > AR —RILRDEERRAM > ERGEFGENLT » RARXZEMAEIR
HHR DS BEERIREEZOEALH[] dNRRRLARE R TRER Mo A 85 69480 - B bbb
BB ETFERERS ATERFEBARXSETABEABREE M X ey E - 814 forward-backward
%7k  #i8 forward probability ¢r; (t) # backward probability 3, (t) #9&5% » #5] C E A METH X A FETH
AT X T N
P(X1C, M) =D ar; () B, (1) ©)

t=1 j=1
EEBHC MR EH X 9 EENA |
P(XIC,)
P(X)
=logP(XIC,)—log P(X) (10)

[, (C,.X)=log

M
=logP(X1C,)—log Y P(XIC)P(C,)
m'=1
#1+ P(X,C.) % &#5 C_ 2 X B85t eyt % Bt A48 40UE (joint likelihood) » s (10X T At B TMEH
# X s an Cwamg 2o AT X BACRA RS S HBRNEE  BieBRas Kol
Ry —78 0 UR KRR EFRARF B 002 S BT AR E R X s3] C A smdwsaii o B 1, (Cp, X) &

B o BLECNRRAE ) RARLE A LRATE R FRARIETR B
A=A, —&VI, (C,.X) (11)
AREARBRE  FHEOE - RPRERERT 0 EMOHRERRRARE TN O LUESLR
1
ilog P(X ICm,A):—i P(XIC,,,A) (12)
oA P(XIC,.A) oA

ABAL B % KX, 7T & forward-backward probability % 5=

PXIC,, A=Y a,®p,®
t=1 j=1

- 13)

- Z{Z_l: ALLY }bj x)B;®

t=1 j=1
E—F 2 UL RBEELER  FHEAR0] -
2.3 — Atk 443% % (GMER)
— AL R 2 b Qi Li 42 2002 S A7HE 0 ST BN — AR RO ESR R e Kb A ik e — B R A M 18
maaraEs  2REEH X Bnas C o o x5 X azi5) C eyk - 217 % £ — loss function
i=m i,m=1L...,M

0
(e, 1C,,) :{ , (14)
1 1#m
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B SEAE RIS — B B8y loss o 30 HEEAE R RIE & loss 0 XA DA R A KRGisk) 0 AR AHBEREH X R
B O ey RRERRAR R B

M
R 1X)=Y1(¢,1C,)P(C, 1X) =1-P(C,, I X) (1)
j=1
P(C, 1 X) k& X Bwsan C ey s % ARxp &AM 4 P(C I X) ZATHAS M RGRE - 4%
£ % /1N 4% 3% % (minimum error rate, MER) » P(C, | X) — & —@m % £ 4169 8 2 2 # /11 R E B
P(C, IX) =P, (C IX) » it £ gimmn s —H— b4 Bifiwerss PCIX)=PAIX) - &
WRF @ ERERS $$1§#§{$(aggregateapoia’ iori, AAP)
PX ., 1 4P

ZZ PO (16)

m=1 n=1

Ko REBE M ey % NADRTH > RESHT, 20 X, _{ant}” P, &85 M ey FAT# % - kol R F
# 4 # % independent, identically distributed (iid) :© B st Xm?n o lm oA E T R T A

P(Xnn 1 4) = HtT; PXpn | Am) = 57 BA R X DR 0T a%aﬁ)staz%

~ 1 M N
J=—> ZZImn 17)
M m=1 n=1 m=1 n=1
£+ 56X sigmoid function °
dy, =log P(X 1 4P, —log > P(X, ., 14))P, (18)

j£m
BHTREEBHRBFRIEARRAGE > £0)XEE —mREL » O<L<1,>%L=1% gixrsks
B P F B RFI R E BN B4 O)RK sigmoid function Yy =1 @=08- I =J - P(X 14,) & GMM
HX o T4 BEkA Bty J R gradient 34 & T35
Nm Tn
Vam ‘] = Zzgm,i (Xm,n,t)vﬁmi log I:)(Xm,n,t I /’Lml)

n=l1 t=I

(19)
Nj T,
LD D> 90X 0V, T0g P(X, o 1 4 ) =0
j#mn=1 t=1
w P( lA_ )
c. . P(x .
Qmi Xomn :lmn 1_lmn - e = (20)
Omnd) Zhnall =) =g mn,tlm
i P(X P
Qj,i(xj,n,t):|j,n(1_|j,n) 06 [ )P @

Zk¢j P(Xj,n,t | /lk)Pk

B T3 2|7 4 8y 3 B A2 (close-form solution) » iZ X (0)E 1) X A 2 BH 3L - F R K PFHEEE > H(19)
K1og P(X oo | An) P 340 S BG4 15 T #7
V., logP(x

Hmi

) Z (an,t_:um,i) (22)

m,nt

H#HERRANNDXS AR THFHEG EHRA

Zn:th:lQmJ (Xm»”»t)xm,n»t - LZj¢mZ::jlthilgi»i (Xj»n»t)xi»”»t

Hmi = : (23)

DY R K ) =LY ST Q) (X )

24 e iFEE SIS
MEBFTHEYAEFM B LT » & E F 4 3 (speaker-independent, SI) 35 F # A & 3 # 48 &
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(speaker-dependent, SD)3E & A - 1 Al B A 0K 2 B HBA > L PFREE > AAATIE R KA B AGEL R @) -
MIBHWILRARIA > L EB AR BERRZIBLTHRASL R LRAE BEHES @B THAY - AH R
BRAEEBIEERASA RN BRI GRD AR B MRS — AL AR EDS o AT FREE
BE-—fmET EABEARETRTOHRAAECUEL WL I ARLAKES 2 Z4(T] -

HTRGRERT > — LIRS —@BELBINEETRY RABD AR TR OB > HULHT AR
# o BAVR — R hARGE L AT L AEER AN EE S BT RER BB SR AT EL AR
BEHA  THRRABEIIRE  RAANALGBIH—RIERS - RHRAALSHAROMA - 5T aRE
ABORR PR U RSB ERA 5B AR BB TR — BB  BE N BT B R B
BB LR MAE MR BD TTAF B B ATA A8 0 A T/FEI R AT e e TR A R 8RR BE LA R AR
WIREER > RAFHRELHERE LR > R RERKHERE LR -

25 g R EHEEFMLLR)

RAMMEZMEHF BRRA - H—HE S HH—BieErW, £ 5HE N/ A AE TG AMERK
FAARBUE S EGERE LA RERN > AABRAEE R EMAHE > PRAFAAEHOREY > &7
AR 1 ) 4R 5] 04 M4 IR AT I - BTG A At EHBER AT > BPHAGBERS

E=Luttyttp] (24)
g2v > Dangar Renguwtuaags
;[ls = Wr(s)gs (25)
Ea o r(S) RamkESmBammal 0 W, o K&@ 583 (regression class) I(S) sy sk - 4 & 5
DXx(D+1) > Al EM ik R4 TUIFEH—BRFHEH G HREEZE— I EF X T
w =GV 7 (26)
Wi Faz] 5 aikE W e Z ey 5] 6 $[14] -

26 RAFHMAFRMEEFMAPLR)

HAURABUEAEZGUERBEREFE L+ 05  AAAEER+5 Lk &m0 SAEBHED
RERFER B ERMEE B TR SRR R ERE BEFAARELNETHN N BEEEIAR
HAE MG FAT 6 AR o B 2B FAT M T A R SE R PR B 2 HCTRE A E > AL HWGR LA
B AXBRERTAEL FAFHARRMEQE TR LR KRBT KM EET BAFey s £21] -

2.7 Ry s RgMEF(MCELR)

Ry BREN X IR T RAER S AT E R RBRD SR —RUE BB FER
REKRFTR  BRAAEREBA TN BAFBRA » EIRTHE DT SRR LB REHHLE B
% MCE J& A A2 0% > 6 A 284 4 & - Chengalvarayan f& 1998 432 i 5% /s - $a 44 5 s M@ 67 (4] »
18 P ARtk o H M KB 1R 3 AR B R R HUR HOR S RE R 23 > KR RBOT B A B R e R R U SR 5
FEEA o MA0]Y > RE—F A S @OFERENBBERETHAE  ERRERAREREIRELFEELRT T
DA RAFe A Ao APIF O EAAMAREAKEFRREEEZTRR RSB RFAERE L
LA — AR AR At B - BB R B R A B R AR B RS AKX ER - TUEB EM
EH R B S Kt ek -

3 REFHMEFGMEFEN A FAEE

BFROND B RERER P > BRE BB FNE N LEAERBRERELATR  £AGETH I
PG AMEIR PR Bk Beyerlin A A B AGES A BT A AR —EFARFGEAL > AR
427 XD RAE A SR PE 4 A e R (2] - B R AT AT N B e — AR BSR R [15][16] 0 MR R FRM R AR LS B
SERFEREFHRBEAAP) > R X TFHE AHEN KR X > EALENIHBET > TRF2E5 X3
REGI A ABENEAER R EZRFRBEE L ARt R E - MAR A AL E R E(learning rate)fo
& 1 R (step size) « ERFBFAMRD » REF—RILRPEBRRERAZRBHBERLE LB E S -
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31 REEH MR G EFAAPLR) S B/ 5 #4432 4 418 7 (M CELR) 2 B 42

FREBFAFEMEAD BIRBH T T RAF 2] b A AR UL BRESE 09T S8 > AT 3 o) — AL ) 43R
ENBETUA Y CHEAREPRARBY 2 8E M P(X ) &RRasamn b Rss Kalkat K
BRAR D BEERPEN XS ARUERXXAFRRELK > TOLELERHERAGR T X0 E 2 LA A
P ARG RRE T AR R AR A A S8 M EUA DR ZARBERER TSI RIZ 694135 -

HAEZETHARFFEHZTEATRY Rk — i 8B3R5 X EABA BN L3 ER] > S5k
W RABABPEES B REMEFAAPLR)A#EE Bk - & T4 AAPLR &9 7 X3t H ikt » B o A
B FA TN T GR A SRR A RN RO REFARELT S

7= iz PXn | Wi s APLGW, )
m=1 n=1 p(xm,n)
EMSR R E ARG R RN 0 AIEEE EM R IR AT RGN AR
NS RER 2 A M RR A A2 MR E R - B R —BERESASH X —{Xl,..., T} cppaaT  Bha
gHgmEnes W= {Wl,..., R} C g R o 8l koA X i o it e e B4
BMETRT0TF

’ @n

gOW 1 X:A) o
B AEATANBLE S E 2B ERAES @ iz BARE T INES B KR d T 248008 SUEATH
Fzmb

POX I W3 A)g(W)

gWIX;A) =
pP(X)
N (29)
— H p(Xt |W;A)g(W)
t=1 P(X,)
ek z QW) kxgitssmme W 2 Eiro bk % - @% #4529 K ¥ $ AL T4
o1 pP(X)
& EM % 8.7k ¥ 2 E-step BF F ﬁ“*T;E;M'FZ?%EiJ\LiK
ROW 1 W) = 1 10g PO W: A>g<W>|X,W
p(X) | o

i 0(q =i X, W;A)log PXuG =! |W;A)g(W)

- p(xt)
£¢’qZ@h%pwqﬁiﬁ%izﬁﬁﬁﬂxz&ﬂﬁm%%ﬁﬁz%%ﬁﬂeVV%%E@EMﬁﬁ%&
oz Mg st W RARRAER EM REBEN—R M SHEAGRHZREBBERLH - &
Y(X)=p(Q =i 1X, Wi A) Bunkrsdtmesre  REHAX FEnE I EkEZRE > BIGHX 2 Hsh

X THELETH A A
RW IW)=E log p(X,q| W;A)g(W)|X,W
p(X) |

Mz

(32)

M T N N
(X,,0, =i W;A)g(W)

> > %x)log e g

i=1 t=1 p(xt)

AE 3L 0 RAVIE P 4e 45 Eo (ViterbD) U0k B R AL M X F - W RMVEARGEWREFFIRBRREA EH KA

TR Z AR 0 B LR G GRE Y (X) A T

7i(X) = . 33)



o ATEUTIREFHRRFLE  RBEATHAREIFRENETCORX - A MR ETRA K EHE
Tl o B R AR AR BN R X R A 2 X, o B ARA 2B R X, 8B 44 L RS R
Bk 2R BT YIS S B B2 L - AT X RATRABBEHAX, AHEEE MEKRE 2% NE
BEHRA - GO TUREN AT A . A
RO I W) = 33 g P M Woin: AV W)
m=1 n=1 P(Xinn)

g W, o) ARG e R R A M BB R SR - — M5 o SIS MR R 38
R 2 HF BA U SRR T S ARBES > won s RE A NRABZE AR LA R — @ RBER
BAT M R A BT RA B M 40 B =T A5 i b3k 2 B 45 4F B 46 2 34846 4B 5 - 5 sb > A2 o2 1 (M)
®on 6 T SRRk ikE e B M SR AR A 2 B 4% -

HAH—FERE SR EEGH Bz dluher W 2R E2E4RET A AQDR  #£QX R3S
KL T4o £ A EMRE R HE TR KRR AT B2 BB R 2 HCETHRN - REFCHRZ
R(W |W) sttprac s al 2 28 F e iintk » MBBHMMRFHNENGEBNE - MAREFRREYT
AP A RBFEEENZFRRE IR NRAESUR PR T RO TBL T > 4 THAF AR o HMF
ZEAN XS HAE 2R B ETHE > B8 BRREL  FRUERAHAAN TR ETEHNEZ BH -
32 REFHAREMEFAAPLR) 4 28]

HETREAAQXBATHE 2 HOGGER > H—RILRDERE - AHRTHONDAXEA-BRZHXA

(34

. 1 M N 1 M N,
J=—>>1d)=—DD I (35)
M m=1 n=1 ' M m=1 n=1 '
dn =10g PXpp | ) PaG(W, () —l0g D p(Xey 1 4 )P G(W, ) (36)

j£m
£ O(W, () Biagsere W, soFarsesad o 1(M) R &8E MeiEs - QW ) &—erik

& i 54 #%A4F elliptically symmetric distribution %, matrix variate normal distribution °
_ D
g(W’(m)) o ‘A‘ % q(z (Wf(m)d _mr(m)d )Zgl(wr(m)d _mr(m)d )T] o
=l
q % —1a [0»°°) @ X W g F9My g 25 RE 3448 B T 3448 R 0) dsimeg wrsalx(D+1), A
—wE D(D+1)XD(D+1) y & s % A 1t 3£ 4 & 4 & (block diagonal covariance matrix) > & — & ¥ &
(D+DX(D+D) @y Z, - & 7 HARERBIER - G RBMARBERG WS H AT A —BREV KT
D (X -W )2
N(xm,n | gm,i ’Em,i ) = %exp —lz ( m.n.d 3 r(m)dé:mJ ) (38)
(ZE)A |Emi|é 2 Omid
W, (o REESRER W, 0% d s1& % - 45 (36)F0 % B B a & W 5 M (38K A(B5) X 4F2] AAPLR &9 B A% & K it
okt daw, oo (d=1,...,D)miemrs
Mo Ny
VWr(m;d J = ZZ I (dm,n)(l - I (dm,n))

m=1 n=1

I _

Cm,i N(Xm,n | ﬂ'm’Wr(m)) Xm,n,d Wr(m)d m,i T
2 m,i

T PXon 1A W) o

m,i,d

-1
+2(Wl'(m)d - mr(m)d )Zr(m)d

_ Z P(Xm,n l/’i’m”Wr(m))g(Wr(m))
meW gy 2, PO 15 Wi )G (W, ;)

m'=m j£m

. Cm',i N(Xm,n Iﬂ’m"Wr(m)) (Xm,n,d _Wr(m)d mi J T

(39)

|3 P A W, )
i=1

= -1
+2(Wr(m)d - mr(m)d )Zr(m)d

0_2 m'i

m.i,d
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SEXBE  BRABRTEW, g OIS

3 S Sy )= () 0 () 1, £,

m=1 n=1 i=l m’|,r

_2ZZ|(dmn)(1 1A )2 (i

m=1 n=1
J M, Np [ 1
a _Z Z Z Z I (dmn)(1 _l (dm,n))a)m’,n,i (Xm,n)Qm‘,i (Xm,n) 2 gm’,igr-'lr—\‘,i
m=1 n=1 meW, i=l m.i,d
m'=m
M¢ N

423,30 3 1 )UK Z

m=1 n=1 meW,
m'#m

c

<

)

z

3

m

M
g

2.1 (A )A=1(dy, ), (Xpo) m"d
O'

m,i,d

3
T

<

o

z

3

2 I(dmn)(1 I(dmn))mr(m)d r(m)d

1n

+22 Z l(dmn)(l l(dmn)) m' nl(Xm,n)Qm’,i (Xm n) and gr:lr—\‘,i

ﬁ

meW i=1 m'i,d
" (40)
+ZZZ Z l(dm n)(l l(dm n)) m',n,i (Xm,n)mr(m)dzr_(m)d
m=1 n=1 meW,
m'=m
B
O (x )= Crni NX 0 T 40 W, 1)) b
e P | Ams W)
.. -(X ) — (Xm,n | Z'm"Wr(m))g(Wr(m)) (42)
Y P 1 4 W)W )
j=m

L@ORwEREMBEW, gL L a—sg(D+DX(D+D)eyree asgamar o wxlx(D+1)
AOXEAW, gL =1 Tiaper W, ogdos

_ -1
W, ma =T -L 43)

FRLASE > TRIFAHQF RN BIRER -
4 RS
41 FTRBHAE LT 28 - BB

RO @ 0 RAVATE A 695 Pentium 4 2.0GHz 1B A BB » 5B 256MB g9 8858 > AWM LA
% % Windows XP Professional ¥ x bk » 3t 14 Microsoft Visual C++ 6.0 75 & 3k B2 P48 T B o 235 S 454 2 3R R34y >
1A HTK ¥ &) HCopy #5 £ U ZBHFH ML B FENBHU S G A 26 4 > A ¥ 845 12 /59 MFCC > 12 F§#)
delta MFCC > 1 F% log energy XA & 1 % delta log energy » B # HCopy 893 4a 8815 F ik LA R REIRAF L 2 S0y 3k B 4%
Fu HTK 89 R b4 A ik > % 5#(22] - ATRATER 998 4 %o & DGR 4 5 E S 3 X 5 T X4 2! (continuous
density hidden Markov model, COHMM) % 22 4% » LA ¥ X Z B33 5k15 A HMM 2 A K 870 > £ BFS e A 318
AR EGR  MEREANMERA SERERET - B RABMIARBFEMEKREA SR G TERSRAL  EEKR
A RAFABEE 3218 -
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4.2 FEREN

ERETRY > BAI5HEA RAEEH AT ER > £ — & TCC300 4 BB A > ANEHHirz 35484
R 5 B AR ARG I EEN > AN ES X PSR B o ST R W ERE R R 6 FRRA -

TCC § RKIBRRIRRAFBETENEAGRALEERE AIRNARE AIXBALELEBHAZENEE
Sk ERERZBORAZEIAAR  BNEALRBRES - AT 6 RBHELRAGFREY  RELB
framzst > FRTEHRAABERIME - & 100 ASEEMAR S RARIREHEEZOSREN  xFEd ¥4t
itz 500 BRAFNBEETBHETER > BEEXFTLAHEF AWMERI4A B BREES 231 F > & 200 A
BIRME  BAMBEXESAAEE - ERHXNETRTY » KMVATRATFMARBREREEREHEGTHE - 5
LIIEIRAESE R A 16kHz » 3EEMIE B E L 16 LT ©

ARG EMHERA G T RAARRANLERELRSE > T Z X ARGMMEEE > sk E B d 2000 5 1
A 11 822000 %2 A 9 8 > 483 120 NeFey 37558 -

43 FERE RIS

B BAER TCC300 344 R EATEL M AL 23T AR DGR BREE 4 14000 4) - A RAAF 2B EHE -
#HAMEA TCC300 F 3 sh R & RINRZFHEATRRRL 900 4 » HBEHRER 67.5% » A — W ROFERAZ AR
0 R BASERL 0 A A =) B o AT AR T R GBAE AR IR 0 BRAVE R BL =) 0B AT TR - A
AR R R B ey EN E 0 o 3 AT R AR B (MLLR) ~ st K FE MK RS M@ EHMAPLR) -~ 5/ 5 5443
HHEFMCELR) S AR X AT R R EFAK B LM EIF(AAPLR)Z B AL - FBXBHEGRMEZ 24 2R
£z 304 MABZBMEREN L 28 BTRAEZTE  FRER W T EAT -

FAFE | FHOH | BN | PR | AR (54E)
Baseline - - 44.9 -
2 2 46.3 2
MLLR 5 2 54.1 3
30 2 56.6 10
2 2 51.5 2
MAPLR 5 2 54.1 3
30 2 56.3 10
2 2 48.2 2
MCELR 5 2 54.1 4
30 2 56.8 13
2 2 51.5 2
AAPLR 5 2 54.6 3
30 2 57.1 11

4% — ~ MLLR, MAPLR, MCELR, AAPLR & 7R ] ¥4 %5 &) $CF 2y & d 3 A nd R th i

BARPIVET B ik ey A B R AR B TR BATIR 4 2 AAPLR L B tb 3Rl 7 kAR 8  Bsmsb 2 % 0 Ad
ok TP R AR X 2R - M MCELR Z b8 TR ALK EEBAA 3.3% 55 B b8k -
T 0 AAPLR 8 R 2B 45 4@k ) > 2R MBS L NE2HERA HMROFLE TR—R
WAF A B2 R 2 SR o AT E A 2 MCELR fE 24amyed il el L - B4b > A ETRRBERMZ > £
T 30 a) sAEEMEE AR AN FABABREZFBE R HRAREEL L FBERIMENHE Loyl -
HAMEAZBHEEICRD EREANBEERAAECE 28 0 B0 ey B%EBA 3 EFAEEH &R
FHHAREY 2R MR N R B2 HMBER > MATREFABHNEA AR R S - A B P TR
¥ HATAHA TCC300 FAalsk il 233 FHA - ERA ARERETD BRI FBLBAETR > mAE B2 REEH
FEMZXANERBESHOEE - LRTRERTY » R H B4 HAB AR R A7 8 N R FBBAE
WPRARGEBHOFBMAE - EREARKMBECHBITHEEZR -

5 &R\|ARIMK

FEARREF > HARE —FEENEIRSRZBRAREE L REFABFELRMRQEAAPLR)BEHEE
FoMBRIBBEEFZRA BB FEEREEE > TRADEFHAARAABTHMNOFEER LM 2 A - L
HERZBBANELSRRFAME TR EE LR HE X kaykit o BT HEFER XDk AHFHMBER
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SRR RIA R S B Z B R MR B MAF B B AR A E SR B s BERE s ST RLERZHHER
THEFRR B HAE - ATRT > RMTUAERAEMABETHEZIT » AR B FAEF I L2 HAET U
AR AN QMG RAEA EZ AR BB EiR -

EARARXY  —RIERDEREFZHENBELA-FRET > ARALHARTRAELEEME > XHER
MEEWHBESMHRAE > TREEHPZEZLEF - Jbsh > KMEEBFAGRARZIESHH - Bit—RAERE
BARFEREWTE - RRBMEKERA A AN R RO R ETEREETUF R @K AB 8 - 5 BT
HATEAFIE o SRR IR B R SRR B AT P S T RUARBE A B MAEZ I 0 L BIRAT RS H IR BRI EH 2 X
MR EBEITAHEG task Al 0 UAERE—BE > BAH4EELARIMERTERTE » BALEE = HF
BB BB ARAEEN QR AR S TANMBTRE -
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Abstract. In this paper, a noise estimator with rapid adaptation in a variable-level noisy
environment is presented. To make noise estimation adapt quickly to highly non-stationary noise
environments, a robust voice activity detector (VAD) is utilized in this paper and it depends on
the variation of the spectral energy not on the amount of that. The noise power spectrum in
subbands are estimated by averaging past spectral power values using a time and frequency
dependent smoothing parameter, which is chosen as a sigmoid function changing with
speech-present probability in subbands. The speech-present probability is determined by
computing the ratio of the noisy speech power spectrum to its local minimum. Noise
measurement, speech enhancement, spectral analysis, signal process.

1 Introduction

An accurate noise estimator used for speech enhancement in adverse environments is one of most essential
parts. Inaccurate noise estimator will result in a perceptually annoying residual noise and speech distortion. In
general, noise estimation is usually done by explicit detection of speech detection. This can be very difficult in
the case of varying background noise. Furthermore, the background noise is assumed to be related stationary
between speech pause. To overcome these problems, the noise spectrum needs to be estimated and updated
continuously with a reliable speech detector. Among those algorithms, a recursive averaging is a commonly and
easily used approach.

Martin [1] proposed a method which is based on minimum statistic (MS). The noise spectrum estimation is
obtained by tracking the minimum of the noisy speech power spectrum over a specific window. To improve the
computational complexity of estimating noise spectrum, Doblinger [2] proposed an efficient method. However,
it fails to differentiate between a rise in noise power and a rise in speech power. Further, Cohen et al. [3]
introduced a MCRA approach to estimate noise power spectrum using a smoothing parameter which is defined
as the speech-present probability in subbands. The speech-present probability in subbands of a given frame can
be determined by the ratio between the noisy speech power spectrum to its local minimum over a period of
0.5-1.5 sec. Finally, the ratio is compared to a specific threshold value to decide updating noise power or not. In
recently, Lin et al. [4] proposed a simple and reliable noise estimation technique. To estimate subband noise
adaptively and continuously, the smoothing parameter is adjusted by a sigmoid function. However, a
variable-level of noise is not considered in this case. We summarize that the drawback of most methods are slow
in adapting to suddenly increase level of noise.

In this paper, a noise estimator with rapid adaptation in a variable level noisy environment is presented. It
depends only on the variation of the spectral energy but not on the amount of that. Based on the VAD, a noise
estimator updates the noise spectrum fast and accurately even in suddenly increases of noise.

This paper is organized as follow. In order to make the estimator is robust against the time-varying level of
noise. The utilized VAD in this algorithm is described in Section II. In Section III, the proposed noise estimation
is presented in detail. In Section IV, the performance of the proposed method will be evaluated. Finally, we will
discuss experimental results in Section V.
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2 Voice Activity Detector

Shen et al. [5] first used an entropy-based parameter for speech detection under adverse conditions. Their
experimental results revealed that the spectral entropy of a speech signal differs from that of a non-speech
signal. The procedure for calculating a spectral entropy parameter is described as follows.
The short-time Fourier Transform (STFT) of a given time frame s(n,/) is given by,

M

x(k,l):Zs(n,l)~exp(—j2kn7z/M), 1<k<M, (D

n=1
where x(k,l) represents the spectral magnitude of the frequency component & in /” frame index, and M
is the total number of frequency components in FFT (M =256 in the proposed system). The spectral energy of
each frame x,__ (k,I) is described as follows.

energy
(k,))= |x(k,1)|2 , 1<k<M)2, ()

Then, the probability associated with each spectral energy component P (m,/) can be estimated by

xen ergy

normalizing:

'xenergy (k b l)
M)2

D Xy (M,1)
m=1

Following normalization, the corresponding spectral entropy H, for a given frame is defined as follows.
M/2

H, =Y P.(k,1)-log[l/ P.(k,])], 4)

The foregoing calculation of the spectral entropy parameter implies that the spectral entropy depends on the
variation of the spectral energy not on the amount of that. Similarly, the spectral entropy parameter is robust
against changing level of noise. Fig. 1 illustrates that the VAD can locate the speech-present regions, even in
high level of background noise.

P(k,1)= , 1<k<M]/2, 3)
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Fig. 1. Speech decision of a mixed signal (including a Factory noise)

3  Proposed Noise Estimator

Fig. 2 presents the flowchart of the proposed noise spectrum estimator. Let assume that noise d(n) and speech
x(n) are uncorrelated. The smoothed power spectrum of noisy signal P(k,/) is obtained by

P(k,l)=nP(k,I-1)+(1 —77)|Y(k,l)|2 , (5)

where |Y (k,l)|2 is an estimate of the short-time power spectrum of y(n), given by y(n)=x(n)+d(n). n is

a smoothing constant.
Since the noisy speech power spectrum in the speech-absent frames is equal to the noise power spectrum, the
estimated noise power spectrum is updated by tracking the speech-absent. To make noise estimation track
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speech-absent quickly in highly non-stationary noise environments, a robust voice activity detector (VAD),
which depends on the variation of the spectral energy not on the amount of that, is utilized in this section.
First, computing the spectral entropy by Egs. (1-4) during speech-present frame, a threshold o is obtained as
following:

o=cxE[H,], 1<I<5, (6)
where ¢ is constant by experiment.
If the spectral entropy value for a given frame is smaller than the threshold o, then the current frame is
regarded as a speech-absent frame. Moreover, the noise estimate is updated according to:

N(k,l)=A-N(k,[)+(1 —/1)-|Y(k,1)|2 , (7)
where A is a constant parameter.
Conversely, then the current frame is regarded as a speech-present frame. An algorithm that is suitable for
estimating the noise spectrum during speech-present frame is used. First, finding the minimum of the noisy
speech spectrum and using the minimum to determine signal-present probability in subbands. The signal-present
probability is used to determine a time and frequency dependent smoothing parameter «(k,/), shown as
following.

Nk, 1) =a(k,l)-N(k,]-1)+(1-a(k,1))- |Y(k,l)|2 . (8)
To speed up the determination of local minimum of noisy speech spectrum, Doblinger’s efficient method is used
here [2], which is not constrained by any window length to update noise spectrum estimate.

If P, (k,[-1)<P(k,l),

then P (k,))=y P, (k,1-1) +1_—;(P(k,l)—ﬂ-P(k,l—1)), ©)

min
=

else P(k,1) = P(k,1),

where P_ (k,[) denote the local minimum of the noisy speech power spectrum and S and y are constants

min

determined experimentally.
Then, the local minimum is taken to determine speech-present probability P, (k,/) in subbands, which is

similar to that proposed in [3], and the ratio is shown as below:

YD
P, (k)="——"—. (10)
l P min (k s Z )
To improve that a smoothing parameter is produced by comparing the ratio with a fixed threshold value [3], the
smoothing parameter is chosen as a sigmoid function changing continuously with speech-present probability in
subbands. The smoothing parameter is modified by
1
a(k,l)=——- - ) (1)
14 ¢ B DT (kD)

where T,(m,l) denotes a adaptive threshold in subbands and is determined during speech-absent frames and
shown as following:
N, (k,1)= E[N(k,i)], ie all speech-absent frames, up to /" frame

mean

|¥ (k. 1) i = E[|Y(k,i)|2], i € all speech-absent frames, up to /* frame, (12)
Y(k,D)|°

T,(k,0)= _(#
Nmean (k9 Z)
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A 4
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VAD using spectral entropy:

IfH, >0

A 4 A
Tracking adaptively thresholds in subbands Finding the minimum of the noisy speech spectrum [1]
NW” (k)= E[N(k,i)], i e all speech-absent frames, up to /" frame If P, (k,1-1)<P(k,])
‘Y(k,l)‘z = E[‘ Y(k,[)‘z], i eall speech-absent frames, up to /” frame Then
mean -
Y] P s1) = 7+ B Ul = 1)+ =2 (P(k, 1) = - PUk, L =1)
T, (k1) == 1-p
Else
B (k1) = Pk, 1)

A 4
- - - - h 4
The noise spectrum estimate is updated as following: Determining speech-presence probability in subbands [2]
N(k,1) :/1~N(k,p—l)+(1—1)~\Y(k,1)\2 \Y(k,l)\z
P,k l)=—"——
P (K,1)

A

Computing a time and frequency dependent smoothing
parameter from a Sigmoid function [4]

a(k,l)=—————77
k,0) 14 o PokD-TekD)

A
(The noise spectrum estimate is updated as following:

\]V(k,l) =a(k,l)- N(k,1 =) +(1—a(k,D)-|Y (k1)

~

2
_J

Fig. 2. The flowchart of the proposed noise spectrum estimator

4 Experimental Results

To evaluate the proposed noise estimator, the noisy speech is mixed with a suddenly increase level of Factory
noise. Compare with Lin’s estimator [4], the results are shown in Fig. 3 and Fig. 4. Fig.3 illustrates the
comparison of the proposed noise estimator between Lin’s one. Fig.3 (a) shows a phrase “May I Help You ?”,
which is pronounced from a man in English. It is observed that a background noise suddenly increase in
22000” sample (or 2.75 sec under 8KHz sampling rate). Then, the noise power spectrum is estimated by Lin’s
noise estimator and a clean speech signal is produced by power spectral subtraction (PSS). The results are
displayed in Fig.3 (b). It is observed that the noise is not removed completely later 22000” sample (or 2.75
sec). Fig.3 (c) shows the estimated noise signal from Lin’s noise estimator. It is found that the suddenly increase

36



level of Factory noise is detected in 22000” sample; however, the amplitude of estimated noise is enough

large to meet idea noise later 22000” sample. Fig.3 (d) shows the clean signal is generated by the proposed
noise estimator and PSS. Compare with Fig.3 (b), the proposed noise can be performed well in suddenly
changing level of noise. In Fig.3 (¢), the estimated noise signal is produced by the proposed method. Fig.4
shows the spectrograms of a noisy speech signal, an enhanced speech signal of Lin’s estimator and that of the
proposed estimator, respectively. Similarly, due to the VAD is robust against a changing level of noise, the
performance of speech enhancement in the proposed method is better than in Lin’s method.

A noisy speech database is generated by applying various segmental SNRs in order to measure the segmental

relative estimation error for various types and levels of noise. The segmental relative estimation error (SegErr) is
defined by
1 M= Z[N(CO, m) - N(a)a m)]2
SegErr = — 2
oE = & > N (,m)

Table I shows the outcomes of the SegErr measured by the proposed estimation method for four noise types
with the SNRs range [-5 to 25dB]. The proposed approach is superior to the other methods.

(17

Noise speech signal "May | Help You?"
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Fig. 3. Waveform of time signal
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Fig. 4. Speech spectrogram (a) noisy speech signal (factory interior noise, suddenly raise in 2.75 sec) (b) speech
enhanced with Lin’s noise estimator (c) speech enhanced with the proposed noise estimator

Table 1. Example table

Car noise Factory noise Babble noise White noise
Input SegSNR [dB] f-- oo e
Proposed MCRA Froposed MCRA Proposed MCRA | Proposed MCRA
-5 0.021 0.132 0.103 0.135 (L 1S 0.153 0.078 0.085
4 0.085 0.129 0.085 0.132 0.101 0.146 0.068 0.084
& 0.081 0115 0.086 0.118 0.098 0.127 0.065 0.081
25 0.075 0.108 0.081 0.111 0.095 0.116 0.061 0.07%

5 Conclusion

In this paper, a fast noise estimator, which is well suitable for suddenly varying level of noise, is presented.
Based on the robust VAD, the speech decision can be determined accurately, and then the proposed algorithm
can select the noise spectrum estimation which is suitable for the current frame. Unlike other method [1,3], the
adaptation of this time and frequency dependent smoothing parameter does not depend on a specific time
window and then updated continuously. Compare with Lin’s estimator, the experimental results illustrate that
the proposed estimator can remove the noise power spectrum by PSS.
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Abstract. The handling of out-of-vocabulary (OOV) words is one of the key points
to a high performance lexical analysis in natural language processing. Among all OOV
words, named entities (NE) are the most productive ones. They generally constitute the
most meaningful parts of sentences (persons, affairs, time, places, and objects). In this
paper, we propose a three-phase “generation, filtering, and recovery” system to address
the NER problem. A set of stochastic models is first used to generate all possible NE
candidates. Then we treat candidate filtering as an ambiguity resolution problem. To
resolve ambiguities, we adopt a maximal-matching-rule-driven lexical analyzer. Last, a
pattern matching method is applied to detect and recover abnormalities in the results of
the previous two phases.

Pure lexical information is exploited in our system. We get a high recall of 96%
with personal names (PER), satisfiable recall of 88%, 89%, and 80% with transliteration
names (TRA), location names (LOC), and organization names (ORG), respectively. The
overall precision and excluding rate is over 90% and 99%.

1. Introduction

Words are generally the basic unit to process natural languages. However, in Chinese, sentences are
composed of string of characters without any delimiters to mark word boundaries. To process Chinese,
sentences must be segmented into word sequences first. Most Chinese language processing systems
rely on lexicons to recognize words in sentences. Because the number of Chinese words is tremendous,
it is impossible to compile all words in a lexicon. Therefore, word segmentation processes often
encounters the problem of out-of-vocabulary (OOV) words.

Among all OOV words, named entities are one of the most important sorts. It is impossible to list them
exhaustively in a lexicon. They are the most productive type of words. Nearly no simple or unified
generation rules for them exist. Besides, they are usually keywords in documents. Named entity
recognition (NER) thus becomes a major task to many natural language applications, such as natural
language understanding, question answering, and information retrieval.

Many researches have addressed the NE recognition problem in Chinese since 1990. Most of them
focused on some specific types as personal names [5][13], location names [9], organization names
[10], and transliteration names [11]. There are also type-independent approaches of NER. However,
most of these approaches need type-dependent data such as role tags. Type-independent approaches
can be roughly divided into two major sorts: over-generating & disambiguating [3][12] and
over-segmenting & generating [4][8].

Generally speaking, there are two main approaches of the above studies, rule-based models and
machine learning methods. Rule-based approaches could effectively exploit human knowledge and can
be tuned conveniently. On the other hand, machine learning approaches, such as maximum entropy or
support vector machine, is more independent from languages and simple to implement. Rule-based
approaches is slightly outperform machine learning ones in MUC-7 tests [2].

In our consideration, rule-based approaches are more reasonable than machine learning ones. Boosting
performances of rule-based approaches is easier than improving machine learning abilities. Therefore,
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rule-based approaches is adopted in this paper, while machine learning methods still could be
incorporate in our system under the present framework in future.

A three-phase “generation, filtering, and recovery” system is proposed to solve NER problem. In the
generation phase, stochastic models are responsible for generating all possible candidates of different
kinds of named entities in input documents. In the filtering phase, we treat the filtering of false
candidates as an ambiguity resolution problem. A maximal-matching-rule-driven lexical analysis is
performed to resolve ambiguities caused by false candidates. In the recovery phase, a rule-driven
pattern matching method is applied to detect and recover abnormalities in the results of the previous
two phases.

2. System Overview

In our system, we try to make use of both the tunability of stochastic models in candidate extraction
and the power of lexical analyzers in disambiguation. To implement this idea, we propose a three-phase
framework: candidate generation, filtering, and recovery, as shown in Figure 2.1:

Statistical
Data

(Three-Phase NE \
Recognition System | Candidate Generator

Input
Document

Lexicon

Candidate Pool

. Sey tatic
AT
k Checker

Phase 3,

Fig. 2.1. An overview of our system

In the first phase, all possible candidates of various kinds of named entities in the input document are
extracted. Notice that this process is inevitably both over-generating and under-generating. Because of
the filtering process, the candidate extracting can be tuned to have a higher recall and to sacrifice
precision a little for a moment.

Statistical approaches are adopted in the candidate generation phase. The reason is that names are given
by people. Therefore, there is no exact answer if a string is a name or not. The only thing can be judged
is how likely the string is to be a name. As for computers, to estimate the likelihood of names is
basically a fuzzy problem. If a character is more likely to appear in a name, it has a better fuzzy value.
The detail of how fuzzy logic and statistic estimation are applied will be discussed later.

The second phase of the system is false candidate filtering. How do we verify which candidates are
true named entities and which ones are false? False candidates are either a common word or composed
of fragments of common words and named entities. The first case has less impact on subsequent
applications. The second case usually results ambiguous segmentations. Verification of these
candidates could be viewed as an ambiguity resolution problem. If we can judge which segmentation is
correct or more proper, we could also verify which candidates are true named entities.

Because of the regularity of lexical choices in modern Chinese, many simple approaches of
segmentation ambiguity resolution have good performances. No matter what simple methods it takes,
heuristic rules or stochastic estimations, if there are no OOV words, most lexical analysis methods
show great precision in ambiguity resolution. That is to say, if we got a high recall in the extraction of
NE candidates, most of the segmentation ambiguities caused by false candidates are supposed to be
resolved by conventional word segmentation methods. We choose a heuristic approach, which is
mainly driven by maximal matching rules, to resolve segmentation ambiguities.

The third phase of the system is recovery. The recovery mechanism is used to revive some obviously
incorrect results of the first two phases. There are two major target types to be recovered:
over-segmentations caused by under-generation and under-segmentations caused by over-generation.
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Through the detection of these anomalies, e.g. a succession of single-character words indicating
over-segmentations, part of un-extracted named entities could be revived.

3. Candidate Generation

The candidate generator is used to extract all possible named entity candidates in input documents.
There are four layers in the candidate generator to handle four sorts of NEs: close-ended NEs, genuine
names, whole named entities, and abbreviations.

Input , Statistical F 3
Lexicon 3 { :
Document Data i Candidate Generator

Loty

[ Close-ended NE Recognition Model
Close-Ended NE Candidates

Name C Model
Genuine Name Candidates
[ Chinese Personal Name ][ Transliteration Name ]

Model Model

Location Name Organization Name
Model Model

q

]

([ whote NE Candi ition Model | I Whole NE Candidates
— - - ! ). | -
C Model C
( —

Fig. 3.1. The overview of the candidate generator

Close-ended named entities comprise time and quantity expressions. Since the extraction of
close-ended NEs is not the focus of this paper, and previous researches [6] have solved this problem
well, a single simplified rule is applied to recognize most of them in our system. The rule is as follows:

[“Z7’] + (Numerals)" + [Qualifier] + [Unit]

This simple rule cannot cover all close-ended NEs, of course. The purpose of this rule is just to prevent
unrecognized close-ended NEs affect the performance of the recognition of open-ended ones.
In general, the structure of whole open-ended NEs except for abbreviations can be represented as:
[prefixes] + genuine name + [suffixes]

For example, “7,1%” is a genuine name and “’F",:[:ﬂj” is a whole named entity with suffix “ﬂJ”
indicating that “7 ;4% is a city. The handling of prefixes is much similar to that of suffixes, and on the
other hand prefixes are much more rarely seen than suffixes. Therefore, for simple implementation,
whole NEs with prefixes would not be recognized in our system.
Suffixes generally indicate the type of named entities. There are many types of named entities with
different suffixes. Many sorts of them rarely appear in the document. It is not worth to build models for
each type of these names. However, suffixes are strong features. It is easier to recognize them, and
chances of error recognition are comparatively low. Therefore, a compromised method is adopted that
only models for four kinds of genuine names are implemented at present in our system. They are
personal names, transliteration names, location names, and organization names. These four kinds of
genuine name candidates would be used to form various types of NEs with corresponding suffixes. For
instance, if a personal name candidate is followed by a publication suffix, they will be recognized as a
whole publication name, like:

“ZAf[1"(personal name) + “FFE” (publication suffix) 2 “ £ A J]IFFE” (publication name)
For the same reason above, all NE suffixes are roughly classified into three categories: ones with
similar corresponding genuine name types to location suffixes, ones with similar corresponding
genuine name types to organization suffixes, and others. The first category covers all location names,
racial names, etc. The second one comprises all organization names except for racial names, facility
names, publication names, etc. The third one includes feat names, culture names, and so on. Among
these three categories, only the first two are addressed by our system. These two categories are called
“location-like NE” and “organization-like NE’. Names belonging to the same category will be
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addressed by the same corresponding model. There are two main advantages following this way. First,
times spent on designing models and collecting data are saved. Second, confidences brought by
suffixes could alleviate the deviation on statistics brought by a compromised approach. The extraction
of genuine names and whole named entities will be detailed later.
Open-ended named entities extracted above are used to find possible abbreviations and some
rule-recognizable aliases in the abbreviation generation model. Four simple rules are adopted to
complete this job:
Rule 1: Take the first characters of genuine name and all suffixes other than typing suffix, and the
last character of typing suffix from NE candldates (e.g. “JII_J\ ﬁ BE” > <l rFJIF?%”)
Rule 2: Surnames of personal name candidates (e.g. “F{ZH#" > «
Rule 3: Given names of personal names (e.g. “[fi 53" 9 “f5 i ”)
Rule 4: Modifier + Surname or any character of E}lven names (e.g. “Fﬁﬂ\t ]” “l [@”, “fi ==,
“fiee ’F.’j”, etc.)
Notice that only abbreviations and aliases with original names appearing in the document could be
addressed by our system.

3.1. Statistic Estimation

The recognition of genuine names is basically a fuzzy decision problem to computers. There is no exact
right or wrong answer for a string to be a name. The only problem is how likely it is. Fuzzy values
represent strings’ likelihood or properness to be a name. Since Chinese is a character-based language,
methods of estimating fuzzy values are generally also character-based. Names are composed of several
characters. There are several ways to transform the member characters’ fuzzy value to the string’s
fuzzy value.

Stochastic language models are usually adopted to estimate the likelihood of a candidate to be a named
entity. The fundamental principle is that the string with a higher probability or frequency to be a name
has a higher fuzzy value or likelihood. There are several ways to estimate the fuzzy value of a string
from the statistic data based on characters. These models include Markov models, bi-gram models,
unigram models, etc.

Each model has its advantages and disadvantages. Generally speaking, more complex the model is,
more precisely it estimate, and more training data it needs. Besides that, the data-sparseness problem is
more likely to happen. Since the amounts of features of different types of named entities are varied,
each type has its own best-fit model. In this paper, to simplify data collecting and training, unigram
models are adopted. Additionally, some supplementary information such as positional feature is
exploited to support statistical models.

Generally there are two major ways to estimate fuzzy values of a single character:

Frequency: freq(typlc)=counts(typ, c)

Probability: prob(typlc)=counts(typ, c)/counts(c)=freq(typlc)/counts(c)
Frequencies stand for differences among naming-characters. They represent popularities of characters
to be used in names of some type. If some character is used in more names, it has a higher frequency. If
frequencies are used as fuzzy values, a higher recall will be obtained with common names.
Probabilities stand for differences among all characters. They represent possibilities of characters to be
used in a name of some type. If some character appears more frequently in names than in common
words, it has a higher probability. If probabilities are used as fuzzy values, a higher precision and a
higher recall will be obtained with rare names. However, it has a lower recall with common names
comparing with using frequencies.
A hybrid statistics is adopted in our system to take advantages of both frequencies and probabilities.
With common naming-characters, frequencies are adopted to get a higher recall with common names.
With rare naming-characters, probabilities are adopted to complement frequencies’ insufficiency with
rare names. The resulting model looks like:

/ (typlc) = Max{ freq(typlc), prob(typlc) }

Data sparseness and reappearances of names make it hard to estimate probabilities. To overcome these
difficulties, we propose to use inverse common frequencies to approximate probabilities:

icf{c)=1/freq(common word\c)+1)=1/(counts(common word, c)+1)

42



Since probabilities are mainly used to estimate the probability of rarely seen events, usually:
counts(common words, c) = counts(~typ, c¢),where counts(typ, c¢) <2

In this case, icf{c) is approximate to prob(c):

prob(c) = counts(typ,c)/(counts(typ,c)+counts(~typ,c)) where counts(typ,c) <2

= I/(counts(~typ,c) + 1) = icf(c)

Further, we assume that counts(common word, c) is in direct proportion to the number of lexicon
entries in which the character ¢ appears. Under these assumptions, we use inverse lexicon counts to
approximate probabilities:

ile(c) = 1/(Num_of _Lex_Entries(c)+1) = icf(c) = prob(typlc)

Because ilc(c) is ranged from O to 1, freg(typlc) also needs to be normalized to O to 1. The distribution
of raw data of freq(typlc) is conformed to Zipf’s Law, that:

P, = 1/n", where P, is the frequency of occurrence of the n™ ranked item and a is close to 1.

Values with often seen characters are too high and the distinctions among low frequency characters are
not wide enough. Therefore, a logarithm function is taken on the raw data to smooth the distribution
curve, and then the result is normalized to 0.1 to 1.

freq*@typlc) = ]\{]()]f;m(log(freq(typ lc))) while freq(typlc) > 1

Notice that the lower bound of freq*(typlc) is set to 0.1, not 0. This is because the meaning of events
that appear once is greatly different from the meaning of unseen events.
The final character likelihood model looks like:

Atyplc) = Max{ freq*(typc), ilc(c) }
Notice that there are two exceptions to this model. With surnames and transliterating characters,
likelihoods of unseen events in training data are assigned to zero. This is because generally surnames
and transliterating characters are not arbitrarily given. Probabilities of most characters to be surnames
or transliterating characters are actually zero. The original model might cause unnecessary
over-generation. To prevent this problem, only surnames and transliterating characters appearing in our
training data are adopted as possible ones.

3.2. Open-ended Named Entity Extraction

Open-ended named entity extraction models would estimate likelihoods of strings to be some type of
named entity from character likelihoods. Unigram models are adopted as the basis of our models. They
could be represented as follows:

L¥typlg «s) =_L(typlg) x ConRe(g) x ConSuf(typ, s)
where g denotes the genuine name and s denotes the suffix part
If 2 *(typlg - s) is over some pre-defined threshold, which is decided by maximizing the f-measure of
the recall of training data and the excluding rate of lexicon entries, g < s would be recognized as a
possible candidate and added into the candidate pool. Each member of the formula is detailed below:
B ConRe(g) estimates the confidence could be brought by reoccurrences of the genuine name, which
is defined as:
ConRe(g)= kRem?curmm?e(g)

2 when the length of the input document is
k= less than 400 characters
1+400/LEN(Document) Elsewhere

B ConSuf{typls) estimates the confidence could be brought by the suffix part. Different types of
suffixes could bring different quantities of confidence. One suffix part might comprise many
different suffixes. The summation of each member’s confidence is computed:

ConSuf(typ, s) = Conf(typ,, s;) + Conf(typ,, s2) + ... + Conf(typ,, s,) + 1 where s = s;5;...5,
Notice that if s is empty, i.e., there are no suffix parts, ConSuf{typ, s) would be 1.

B The definition of " (typlg) is varied from different types of genuine names. As we mentioned

before, there are four types of genuine names that would be dealt by our system: personal names,
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3.3.

location names, organization names, and transliteration names. £’ (typlg) of different types of
names is defined as follows:
@ _(PERIs) =ArgMax {(SURIs1) *2(GIV\s2) } for every substring sl and s2,
where s= sl +s2, “ < ” denotes the string concatenation, and:
when s is constituted

/(SURlcl) of one character
when s is constituted
l) R - 2,
(SURIs) Max{GAvg(/(SURIc1),/(SURIc2)),/(SURIcic2)} of two characters
when s is longer
0
than two characters
/(GIVIc]) when s is constituted
of one character
when s is constituted
(GI = ( (
(GIVls) GAvg(/(GIVIcl), /(GIVIc2)) of two characters
0 when s is longer

than two characters
GAvg( ) returns geometric means.

€ _/TRAls) = HAvg(/(TRAlc)) where s=c;...c, and HAvg( ) returns harmonic means.

/(LOCLIcl) * /(LOCFIc2) when s = clc2
& _(LOCls) ={ /(LOCLIcl) * /(LOCFI|c2)* /(LOCFlc3) when s=clc2c3
0 elsewhere
/(ORGLIcl) * /(ORGFIc2) when s = clc2
¢ _(ORGls) ={ /(ORGLIcl) * /ORGLIc2)* /(ORGFlc3) when s=clc2c3
0 elsewhere

Supplementary Mechanism

Besides the above models, there are three supplementary mechanisms designed to relieve
over-generation problems of stochastic models:

1.

2.

If some candidate is constituted of two multisyllabic words or one multisyllabic word and one
often seen monosyllabic word, this candidate would be removed from the candidate pool.

If the first or the last character of some three-character-long organization name candidate is a
monosyllabic word that often appears adjacent to a name, as “FiE [N~ and “[j }'ﬂl,’ﬁ—‘_’-”, this
candidate will be removed from the candidate pool.

With transliteration names, sometimes a common word might be wrongly attached by a
transliteration candidate. In this situation, maximal-matching-rule-driven lexical analyzer cannot
filter it out properly.

A concept called “team” based on reoccurrences is introduced to solve the attaching problem.
Basically, all substrings of possible transliteration name candidates are also possible candidates.
Hence all transliteration name candidates can be grouped into feams according to their longest
common superstring candidate. For example, a team can be represented as:

Tiwers i = CE ) G RO, B @, T 56, F1H @)
Where all appearance times of candidates are marked up, and superstring “% I ﬁﬁj ” is called
the “leader” of the team.

The following algorithm is then applied:

I.  Subtract leader’s appearance times from each team member

II. If the leader could be split into candidates with non-zero appearance times after subtraction
and multisyllabic common words or frequently used monosyllabic words, discard the leader
and members whose appearance times being subtracted to zero

III. Form new teams comprised of remaining candidates with new leaders

IV. Repeat step I~III, until no candidates could be discarded
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4. Lexical Analysis

The lexical analyzer is responsible for verifying candidates generated by the candidate generator.
Heuristic rules are adopted to filter out false named entity candidates and resolve ambiguities caused by
false candidates. There are six heuristic rules applied in order precedence:

Rule 1: Tri-word maximal matching, which is proposed by Chen & Liu (1992) [1]. The rule follows
below three steps:

1. From the segmenting point, look forward for all possible tri-word combinations.

2. Take the first word of the longest sequence of all, segment this word.

3. Move to the next segmenting point.
For example, with the sentence “I=*% 237, “IR A% would be picked instead of “d=
A7 because “F=ANFH N FU7is longer than “dRN FHA A

Rule 2: Least number of NEs first, which would pick the tri-word sequence with the least number of
named entities among all sequences of the same length.

Rule 3: Most frequently appearing NEs first, which would pick the tri-word sequence with the most
appearing times of component NEs in the input document.

Rule 4: Words of even lengths first, which would choose the sequence with most words of even
lengths. There are several exceptions to this rule. First, personal names, transliteration names,
and numerical expressions are not concerned in this rule. Second, the often seen monosyllabic
words, like “f4”, “rr,«Hy” etc., are viewed as words of even lengths instead. For example,
“g== Py RYIYr” is regarded as totally having two words of even lengths, one is “%%>7” and
another one is “f9”, not “9==". Third, the suffix part of a whole named entity is not
considered into the length of it. For example, “ﬁﬂ E{[Eg?il—iiﬂ” is viewed as a word of even
lengths, not of odd ones.

Rule 5: Often seen monosyllabic words first, which is also proposed by [1], would pick the sequence
with the most often seen monosyllabic words.

Rule 6: Forward precedence, which would choose the tri-word sequence with longer forward words.
For example, with two ambiguous tri-word sequence “YR¥§ &1 5 (1 and “TR #5641 517,
the former would be picked since “YKH5” is longer than “3”.

In order to measure the performance of our lexical analyzer on ambiguity resolution, the test samples of

our system (61 news articles from United Daily News and Central News Agency, which will be further

discussed later) are examined. The following measurements are adopted:
u Ambiguous Tri-Word Sequences: # of all possible tri-word sequences which could not be
discriminated by the prior rules

Resolved: # of tri-word sequences which could be filtered by the corresponding rule

Errors: # of correct words which are wrongly filtered

Applying Rate: Resolved / Ambiguous Tri-Word Sequences

u Accuracy: I — Errors / Resolved

The experimental results are listed in Table 4.1:

Table 4.1. The performance of heuristic rules in ambiguity resolution

Ambiguous

Tri-Word Resolved Errors Applying Rate Accuracy

Sequences
Heuristic Rule 1 81273 78263 265 96.30% 99.66%
Heuristic Rule 2 3010 1935 10 64.29% 99.48%
Heuristic Rule 3 1075 225 5 20.93% 97.78%
Heuristic Rule 4 850 603 20 70.94% 96.68%
Heuristic Rule 5 247 9 1 3.64% 88.89%
Heuristic Rule 6 238 238 49 100.00% 79.41%
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5. Recovery

The recovery mechanism would revive obvious incorrect results of segmentations which are not
suitable to be solved by priority-style rules. These anomalies mainly comprise two situations: over-
segmentations caused by under-generation, and under-segmentations caused by over-generation. The
segmentation checker would find suspect segmentation sequences and try to recover them.

To deal with over-segmentations, sequences of three or more seldom used monosyllabic words in a row
are suspected. These suspects are checked to see if any fragments of them could constitute NE
candidates with £(TYPIs) over a predefined suspect threshold of the corresponding type.

For example, since /(TRA|“ #&#//% ") = 0.43 < 0.51, the candidate threshold of /{TRAls), the string is
usually segmented to “/B& £! " in the first two phases. This suspect sequence will be detected by the
segmentation checker. Because (TRA|“ %&£/ ") is larger than the suspect threshold of /(TRAls),
which is set to 0.2 in our system, ‘B! 4 > is added into the candidate list of transliteration names.
With personal names, there is another special case. Let us consider the personal name “[{i~ H’J”.
1(PERI“/7/§’?7‘</’$]”) = 0.23 < 0.26, the candidate threshold of /{PERIs). However, _/(PERI“/fﬁiJi’),
which equals 0.54, is larger than the candidate threshold. When this situation happens, the personal
name is usually incorrectly segmented into a personal name of two characters and a monosyllabic
word, such as “[fi-]< ’FTj” in this case. To cope with this situation, the following sequence is also
viewed as suspects of over-segmentations:

two-character-long personal name candidate + seldom used monosyllabic word

On the other hand, to deal with under-segmentations, segmentation sequences constituted of interlaced
appearances of transliteration, location, organization names, and seldom used monosyllabic words, are
suspected. These sequences are attempted to be re-segmented into a new sequence containing one more
word than the original sequences. For example, if “Ff|” is incorrectly recognized as a location name,
the phrase “7 ;1™ * #¥[[1” would be wrongly segmented into a suspect sequence “7 ;= * FE[[1”. This
sequence would be detected and re-segmented into the right sequence “_’Pﬂ_“‘ MEE CFl. I the
re-segmenting cannot be performed, the original sequence will be kept.
The procedure of segmentation checker is as follows:

1. Check over-segmented sequences

2. Check under-segmented sequences

3. Repeat step 2, until no new suspect sequences appear

4. Check over-segmented sequences again

6. Evaluation

To measure the performance of our system, a corpus which is balanced and well-tagged according to
our standard is needed. The most popular standard test corpus, MET-2 data, is biased on some special
topics and uses a different tagging standard from ours. Therefore, instead of a standard testing corpus,
we obtain 61 articles from United Daily News and Central News Agency as our test bed. These articles
are segmented and tagged by our system and corrected manually.

These 61 articles are gathered from five different domains. They are politics, society, business, sports,
and entertainment. Because the quantity of politics news and society news is more than others, we
obtain three different sub-topics (lawsuit, government, and election) from politics news and two (crime
and local) from society news.

Table 6.1 draws the experimental results of our system. Standard measurements are estimated:

Recall = (# of Ext. — # of False)/(# of True)
Precision = 1 - (# of False)/(# of Ext.)

Notice that there are two special columns in the table, number of words and excluding rate. Because
appearing frequencies of NEs are varied in different domains and have a great impact on precision,
precision is thus less meaningful. We consider that excluding rate might be a better measurement of
over-generation. Excluding rate is counted from:

Excluding rate = 1 - (# of False)/(# of Words - # of True)

It stands for the percentage of non-NEs being correctly filtered by our system.
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Table 6.1. Experimental results of our system

Topic Articles  True Extracted False Words  Recall Precision Excluding
Politics 1 7 211 224 34 3460 90.05% 84.82%  98.95%
Politics 2 10 465 444 32 4343 88.60% 92.79%  99.17%
Politics 3 7 158 155 18 2750  86.71% 88.39%  99.31%
Society 1 7 321 317 23 3599 91.59%  92.714%  99.30%
Society 2 10 372 378 39 5423 91.13%  89.68%  99.23%
Business 7 295 289 34 3392 86.44% 88.24%  98.90%
Sports 7 272 226 18 3690 76.47%  92.04%  99.47%
Entertainmen 6 196 182 16 2742 84.69% 9121%  99.37%
Total 61 2290 2215 214 29399  87.38%  90.34%  99.21%

Table 6.2 shows the recall of different types of NE. Because we do not focus on automatic
classification, one NE might be recognized by many different models, it’s hard to judge the precision
of each type and only the recalls are listed here.

Table 6.2. Recall of our system with different types of NEs

Topic PER TRA LOC ORG ABB PO L0 00 AO TITLE _ MIS
True 104 2 14 9 6 0 0 2 1 66 5
Politics 1 Detected 102 2 9 5 6 0 0 2 0 61 2
Recall 98.08% 100.00%  64.29%  55.56% 100.00% - - 100.00%  0.00% 92.42%  40.00%)
True 261 0 18 11 9 5 0 148 10 4 0
Politics 2 Detected 250 0 17 S 6 S 0 128 2 2 0
Recall 9579%  0.00% 94.44%  45.45%  66.67% 100.00% - 8649% 20.00%  50.00% -
True 43 0 24 0 2 0 0 42 46 2 0
Politics 3 Detected 43 0 24 0 2 0 0 28 43 0 0
Recall 100.00%  0.00% 100.00%  0.00% 100.00% - - 60.67% 93.48%  0.00% -
True 185 1 115 0 30 2 1 2 0 1 0
Society 1 Detected 180 1 98 0 29 1 1 2 0 0 0
Recall 97.30% 100.00% 8522%  0.00% 96.67%  50.00% 100.00% 100.00% - 0.00% -
True 135 3 137 13 6 2 8 60 5 0 2)
Society 2 Detected 133 2 128 11 6 2 7 43 3 0 2
Recall 98.52%  66.67%  93.43%  84.62% 100.00% 100.00% 87.50%  71.67%  60.00% - 100.00%)
True 72 2 65 131 0 0 9 4 5 1 0
Business Detected 68 2 56 111 0 0 3 4 5 0 0]
Recall 94.44% 100.00%  86.15% 84.73%  0.00% - 33.33% 100.00% 100.00%  0.00% -
True 56 110 23 9 1 4 6 58 3 1 5
Sports Detected 50 99 19 8 1 0 6 20 2 1 4
Recall 890.29% 90.00% 82.61% 88.89% 100.00%  0.00% 100.00% 34.48% 66.67% 100.00%  80.00%
True 126 12 18 4 4 12 1 0 5 12 4
Entertainment  |Detected 118 9 16 2 4 6 1 0 S 7 1
Recall 93.65% __75.00% _ 88.89% _ 50.00% 100.00% __50.00% _100.00% - 100.00%__58.33% _25.00%|
True 982 130 414 177 58 25 25 316 75 87 16
Total Detected 944 115 367 142 54 14 18 227 60 71 9
Recall 96.13%  88.46%  88.65% 80.23%  93.10% _ 56.00% 72.00%  71.84% 80.00% 81.61%  56.25%|

Notice that the first five columns (PER, TRA, LOC, ORG, ABB) only include the focused types of our
system. Column PER comprise only formal Chinese personal names and personal names with
appellations. Other personal names, such as Japanese name “Jf %] 2L 7~ 4] and pseudonym “# =", are
counted in the column PO instead. Monosyllabic place names without suffixes, like “F)” and “’F' |, are
recognized by lexicon matching and counted in the column LO. Government and team names are also
recognized by lexicon. They are viewed as OO. All other location names and organization names are
included in the column LOC and ORG respectively. Column ABB contains only abbreviations with
original reference in the input document, other abbreviations are considered as AO.

7. Conclusions and Future Works

Overall speaking, pure lexical information is employed to recognize named entities in our system. Only
statistical features and internal structures of NE are utilized. Our statistical model and heuristic rules
are simplified for easy implementation. However, our system gets a satisfied performance, and there
are still many rooms for improvement.
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First, statistical models could be refined. More training data could be collected. More elaborate
candidate generating models could be adopted, such as bi-gram models. More internal features could
be exploited, such as positional information of characters. Contextual information, such as word
probability of being adjacent to some type of NEs, could be also added into our model.

Second, heuristic rules could be more completed or substituted by other mechanisms. Shortcomings of
heuristic rules form an upper-bound barrier of performances. More rules could be introduced to cover
the inadequacies of original ones. Other mechanism like statistical approaches could be used to replace
rule-driven methods.

Third, more candidate generating models could be added. Many types of NEs have not been addressed
in our system. We could find that these NEs occupy a great proportion of true negative errors. If these
NEs could be recognized, the recall of our system is supposed to be boosted.

Fourth, more knowledge could be gathered and utilized. The suffix and appellation information used in
our system is handcrafted at present. Bootstrapping or machine learning algorithm might help us
automatically retrieve these kinds of information from the Internet or corpus. Part-of-speech tagging,
syntactic checking and even semantic analysis might also be added into our future system.
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Abstract. Previous research on automatic thesaurus construction most focused on extracting relevant terms
for each term of concern from a small-scale and domain-specific corpus. This study emphasizes on utilizing the
Web as the rich and dynamic corpus source for term association estimation. In addition to extracting relevant
terms, we are interested in finding concept-level information for each term of concern. For a single term, our
ideais that to send it into Web search engines to retrieve its relevant documents and we propose a Greedy-EM-
based document clustering algorithm to cluster them and determine an appropriate number of relevant concepts
for theterm. Then the keywords with the highest weighted log likelihood ratio in each cluster are treated asthe
label(s) of the associated concept cluster for the term of concern. With some initial experiments, the proposed
approach has been shown its potential in finding relevant concepts for unknown terms.

1. INTRODUCTION

It has been well recognized that athesaurus is crucial for representing vocabulary knowledge and helping
users to reformulate queries in information retrieval systems. One of the important functions of athesaurusisto
provide the information of term associations for information retrieval systems. Previous research on automatic
thesaurus construction most focused on extracting relevant terms for each term of concern from a small-scale
and domain-specific corpus. In this study, there are several differences extended from the previous research.
First, this study emphasizes on utilizing the Web as the rich and dynamic corpus source for term association
estimation. Second, the thesaurus to be constructed has no domain limitation and is pursued to be able to benefit
Web information retrieval, e.g. to help users disambiguate their search interests, when users gave poor or short
queries. Third, in addition to extracting relevant terms, in this study we are interested in finding concept-level
information for each term of concern. For example, for aterm “National Taiwan University” given by a user, it
might contain some different but relevant concepts from users point of view, such as “main page of National
Taiwan University”, “entrance examination of NTU”, “the Hospital of NTU”, etc. The purpose of this paper is,
therefore, to develop an efficient approach to deal with the above problem.

In information retrieval researching area, extracting concepts contained in one text aways plays a key
role. However, in traditional way, if the text is too short, it is almost impossible to get enough information to
extract the contained concepts. In this paper, utilizing the abundant corpora on the World Wide Web, we attempt
to find the concepts contained in arbitrary length of topic-specific texts, even only asingle term.  For asingle
term, our ideais that to send it into Web search engines to retrieve its relevant documents, and a Greedy-EM-
based document clustering algorithm is developed to cluster these documents into an appropriate number of
concept clusters, with the similarity of the documents. Then the terms with the highest weighted log likelihood
ratio in each clustered document group are treated as the label(s) of the associated concept cluster for the term
of concern. To cluster the extracted documents into an unknown number of concept mixtures is important,
because it is hard to know an exact number of concepts should be contained in asingle term.

Compared with general text documents, a single term is much shorter and typically do not contain enough
information to extract adequate and reliable features. To assist the relevance judgment between short terms,
additional knowledge sources would be exploited. Our basic ideais to exploit the Web. Adequate contexts of a
single term, e.g., the neighboring sentences of the term, can be extracted from large amounts of Web pages. We
found that it is convenient to implement our idea using the existent search engines. A single term could be
treated as a query with a certain search request. And its contexts are then obtained directly from the highly
ranked search-result snippets, e.g., the titles and descriptions of search-result entries, and the texts surrounding
matched terms.

The proposed approach relies on an efficient document clustering technique. Usualy, in document
clustering techniques [1, 3, 4, 8], each text in atraining set is transformed to a certain vector space, then begin
agglomerated with another one text step by step depending on their cosine similarity [9]. Thus, a proper
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transformation from text to vector space, like TFIDF [9], takes the heavy duty of classification accuracy or
concept extraction result. However, a good transformation, i.e. feature extraction, needs a well-labeled training
data to support; thisis not such an easy task in real world. The idea of this paper is to modify the vector space
transformation as probabilistic framework.

With the extracted training data from the web, the Greedy EM agorithm [5, 7] is applied in this paper to
automatically determine an appropriate number of concepts contained in the given single term through
clustering the training documents. This is important while doing relevant concept extraction; otherwise, the
number of concepts has to be assumed previoudly, it is difficult and impractical in real world. After clustering
the training documents extracted from the Web into a certain number of mixtures, for each mixture, the
representation of this mixture is straightforwardly defined as the term with the highest weighted log likelihood
ratio in this mixture. With some initial experiments, the proposed approach has been shown its potential in
finding relevant concepts for terms of concern.

The remainder of the paper is organized as follows. Section 2 briefly describes the background
assumption, i.e. Naive Bayes, and the modeling based on Naive Bayes. Section 3 describes the overall proposed
approach in this paper, including the main idea of the greedy EM algorithm and its application to decide the
number of concept domains contained in the training data from the web; in addition, generates keywords via
comparing the weighted log likelihood ratio. Section 4 shows the experiments and their result. The summary
and our future work are described in Section 5.

2. NAIVE BAYESASSUMPTION AND DOCUMENT CLASSIFICATION

Before introducing our proposed approach, here introduce a well known way of text representation, i.e.,
Naive Bayes assumption. Naive Bayes assumption is a particular probabilistic generative model for text. First,

introduce some notation about text representation. A document, d., is considered to be an ordered list of

words, {Wd_l,Wd, , Kwy Idl} ,whereW, meansthejthwordsand |d; | meansthe number of wordsin
i, i, i |dj i,

di. Second, every document is assumed generated by a mixture of components{Ck} (relevant concept

clusters), for k=1 to K. Thus, we can characterize the likelihood of document di with a sum of total probability
over al mixture components:

K
p(d; |6) = kZ p(C, |0)p(d; |C,,0) @
=1

Furthermore, for each topic classC, of concern, we can express the probability of adocument as:
p(d, |C,.0) = p(< Wdi;L ) Wdi,z K ’Wdi,ldil >|C,,0)

§ | @
=H p(Wdi’j ICk’H’Wdi,z’Z< i)

-1

pwy  1C. 0w 2< )= p(wy  1C,.0) ®

Based on standard Naive Bayes assumption, the words of a document are generated independently of
context, that is, independently of the other words in the same document given the class model. We further
assume that the probability of aword isindependent of its position within the document. Combine (1) and (2),

|d|

p(d IC,0)=] ] p(wy, ICy.0) @
j=1

Thus, the parameters of an individual class are the collection of word probabilities,

Onic, = p(w, | C,,0). The other parameters are the weight of mixture class, p(C, |8), that is, the prior

probabilities of class, Ck . The set of parametersis 6 :{HWLICk ,Gck} . Aswill be described in next section, the
proposed document clustering is designed fully based on the parameters.
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3. RELEVANT CONCEPTSEXTRACTION

In this section, we describe the overall framework of the proposed approach. Suppose given asingle term,

T, and its relevant concepts are our interest. The first step of the approach is to send T into search engines to
retrieve the relevant documents as the corpus. Note that the retrieved documents are the so-called snippets
defined in [2]. The detailed process of the approach is described below.

3.1 Theproposed Approach

Suppose given asingle term, T; then the process of relevant-concept extractionsis designed as:
Step 1. Send T into search engines to retrieve N snippets as the Web-based corpus, Dr.

Step 2. Apply the Greedy EM algorithm to cluster Dt into K mixtures (clusters), {Ck} kK=1' where K is

dynamically determined.
Step 3. For each Ck, k=1 to K, choose the term (s) with the highest weighted log likelihood ratio as the label ()
of Cx.

3.2 The Greedy EM Algorithm

Because we have no idea about the exact number of concepts strongly associated with each given term,
thus for each term it's straightforward to apply the Greedy EM algorithm to clustering the relevant documents
into an auto-determined number of clusters. The algorithm is a top-down clustering algorithm which is based on
the assumptions of the theoretical evidence developed in [5, 7]. Its basic idea is to suppose that all the relevant
documents belong to one component (concept cluster) at the initial stage, then successively adding one more
component (concept cluster) and redistributing the relevant documents step by step until the maximal likelihood
is approached.

Figure 1 shows the proposed approach and it is summarized in the following.

a) Set K=1 and initialize GCk =1 and 9N|Ck straightforwardly by W, 's frequency, for al W, shown in
Dr.

b) Perform EM steps until convergence, then &' ={0\M c. ,Qck},'f:l

) Caculatethelikelihood, L(6').

d) Allocate one more mixture given initiadl modeling, i.e. 6., ={

0W|CK+1’0CK+1} , described in section

3.2.2.
e) Keep 0' fixed, and use partial EM techniques, described in section 3.2.3, to update 6, ., .

f) Set 9‘*1={9W|Ck,9c }t . Calculate the likelihood, L(6').
k

g Stopif L(6'™) <L(@'"); otherwise, return to c) and set K=K+ 1.

321 Likelihood Function

As described previously, al relevant documents belong to one mixture initialy; then check the likelihood
to seeif it is proper to add a new mixture. Thus, given K mixture components, the likelihood of K+1 is defined

as.
Ly.1(Dr) = Q- a)Ly (Dr) + ag(Dy, 6y ) ©)
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Figure 1. Overall Framework Proposed

with « in (0,1), where 6, ,={ ,a} is the modeling of newly added mixture C, ., and

0"‘4 Cr1
#(D;,6,.,) isthelikelihood in C, . If L, (D;)<L,(D;), then stop the allocation of new mixture;
otherwise, reallocate a new one.

322 Initialize Allocated Mixture
In [7], avector space model, initializing the newly added mixture is to calculate the first derivation with

respect to @ and to assume that the covariance matrix is a constant matrix. However, in our proposed
probability framework, it is much more complicated because of a large amount of word probabilities,

{eV\HCk} VW, . Thus, we take the approximation of « in[6] as & =0.5 forK=1and o =2/(K +1) for

S o , : , _
K> 2. Theinitidizationof {6, - } VW israndomized to satisfy Z{N}leck 1.
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3.23 Update with Partial EM Algorithm

In order to simplify the updating problem, we take advantage of partial EM agorithm for locally search
the maximaof L, ,,(D;). A notable property is that the original modeling for k=1 to K are fixed, only 6, .,
is updated.

Oniicy.,, = PO I G}

1Dy M
1+ > N(w,d,)p(Cy ,,1d,) (6)
n=1

M| D]
IV [+ > N(w,,d)p(Cy.;d,)
s=1n=1 t=1
IDr |
1"'2”:1 p(CK+1 |d,)
(K+D)+|D|
where |V | and |D1| means the number of vocabularies and the number of documents shown in the D;
respectively.
Since only the parameters of the new components are updated, partial EM steps congtitute a simple and
fast method for locally searching for the maxima of L, ,,, without needing to resort to other computationally

demanding nonlinear optimization methods.

Oc, 1= P(Cra) = @)

3.3 Keyword Generation

In the process, the documents in the training data D} will be clustered with their similarity into a set of

clusters and keywords that can represent the concept of each cluster will be extracted. After clustering the
relevant documents into several clusters, the distribution of each cluster in a probabilistic form can be calculated
with the datain the cluster by applying the Greedy EM algorithm already described previously.

Next, we have to discover the hidden semantics inside each document cluster. However, retrieving the
hidden semantics from a set of documentsis abig issue. For convenience, we simply represent the meaning of a
cluster with the word that has the highest weighted log likelihood ratio* among the contained words in this
cluster. With this assumption, the “representative” word could be chosen directly by comparing

P(w | Cx)
for k=1 to K, where P(W; |C,) means the probability of word W, in component C, and P(W; | Cx)

WLR(W, |C,) = p(w, |ck)log(M} ®

means sum of the probabilities of word W in those clusters except C, .

4. EXPERIMENTS

In real world, for an unknown term, its associated concepts are what we are interested in; thus, in this
section, we will show the experiment results obtained in evaluating a set of test terms. Before the larger amount
of experiment, let's preview the experiment of “ATM” to determine the number of retrieved relevant
documents. Google (http://www.google.com) is the main search engine which we utilized in the following
experiment.

4.1 Appropriate Number of Retrieved Relevant Documents

! The sum of this quantity over all wordsis the Kullback-Leibler divergence between the distribution of
wordsin C, and the distribution of wordsin Ck, (Cover and Thomas, 1991).
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We assume that too many retrieved documents will cause noises, but too few won't contain enough
information about this unknown term. Thus, the appropriate number of retrieved relevant documents has to be
decided. “ATM” in dictionary has six hidden semantics, which are “Automated Teller Machine”,
“Asynchronous Transfer Mode”, “Act of Trade Marks’, “Air Traffic Management”, “Atmosphere” and
“Association of Teachers of Mathematics’ respectively. Table 1 shows the bi-gram extracted concepts via
number of retrieved texts.

Table 1: Extracted concept clustersin “ ATM” with respect to different numbers of retrieved

relevant terms
# of training Extracted concept clusters
texts

100 ATM {card, cell, internetworking, standards}, asynchronous transfer

200 ATM {access, information, networking, standards, locations}, credit union,
debit cards, safety tips, teller machine, telescope makers

300 ATM {applications, cards, fees, networking, surcharges, locations},
adaptation layers, credit union, debit cards, token rings, teller machine,

400 ATM {applications, crashes, services, transactions, networking, security},
branch locator, financial ingtitution, personal banking, public transport,
telangiectasia mutated

500 ataxia telangiectasia, ATM {applications, asynchronous, crashes, products,
protocol, resource}

600 ataxia telangiectasia, ATM {applications, crashes, protocol, technology},

atmospheric science, communication technology, electronics engineering,
network interface, public transport, wan switches, rights reserved

700 air traffic, ataxia telangiectasia, ATM {crashes, debit, encryptor, protocol,
surcharge, traffic}, atmospheric science, checking account, communication
technology, e ectronics engineering, network interface, public transport

800 ataxia telangiectasia, ATM {adapters, crime, debit, protocol, surcharge,
usage, cards}, atmospheric sciences, business checking, communication
technology

900 . 24 hours, ataxia telangiectasia, ATM {adapters, connections, crashes,
© |crime, debit, industry, protocol, resources}
(%))

ATM networks, Arizona federal, 24 hour

1000

=
Table 1 shoms a challenge that choosing the term with the highest weighted log likelihood ratio as the
label of one concept cluster can not effectively describe its complete semantics appropriately; in addition, for
example, “Automated Teller Maching” is composed of many aspects, like security, location, cards, and etc.
Thus, concept donﬁn of “Automated Teller Machine” could be figured out while “ATM applications’, “ATM
locations’, “ATM wsurcharges’, and some other aspects associated with “Automated Teller Maching” being
extracted. Similarl§, “Air Traffic Management” could be figured out while “public transport”, “air traffic” being
extracted. o

~

o

extracted
(6)]
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Except the six hidden semantic clusters in ATM, some other concept clusters were also extracted, e.g.
“Amateur Telescope Maker” because of “telescope makers’ extracted and “Ataxia Telangiectasia Mutated”
because of “ataxia teleangiectasia’ extracted. One more interesting thing is that the more retrieved relevant
documents not necessarily direct to the more extracted concept clusters (Figure 1). This phenomenon is caused
from the extra noises extracted from the more relevant documents. The extra noises will not only worsen the
performance of the greedy EM algorithm but also generate improper relevant terms from the clustered groups,
which will not be considered as “good” categories manually. For each test term, considering the time cost and
the marginal gain of extracted concepts, 600 relevant documents were retrieved from Web. Of course 600
relevant documents are not always appropriate for al cases, but for convenience, it was adopted.

4.2 DataDescription

The experiments took the "Computer Science" hierarchy in Yahoo! as the evaluation. There were totally
36 concepts in second level in the "Computer Science” hierarchy (as in Table 2), 177 objects in the third level
and 278 objectsin fourth level, all rooted at the concept "Computer Science'. We divided the objects in third-
level and fourth-level into three groups: full articles, which were the Web pages linked from Y ahool's website
list under the Computer Science hierarchy, short documents, which were the site description offered by Yahoo!,
and text segments, which were the directory names. We randomly chose 30 text segments from the third-level
plus the fourth-level objects. The 30 proper nouns are shown in Table 3.

Table 2: "Computer Science” hierarchy in Yahoo!

algorithms
architecturs
artificial mtelligence
COmpresslon
computational learning theory
computational sciences
computer vision
databases
distributed computing
DN A-based computing
electronic computer aided design
end user programming
finite model theory
formal methods
graphics
handwriting recognition

human computer interaction

knowledge sciences

library and information science
linguistics
logic programming
mobile computing
modeling
networks
neural networks
objective oriented programming
operating systems
quantum computing
real time computing
robotics
security and encryption
software engineering
supercomputing and parallel computing
svmbolic computation
user interface

virtual reality

4.3 Relevant-Concepts Extraction

In Section 3, the Greedy EM agorithm is treated as the unsupervised learning method which clusters

retrieved relevant documents to extract hidden concepts for each test term.

Table 3: 30 terms from 3 level and 4" level in Yahoo!’s CShierarchy

ActiveX IRIX ROADS
CMX ISDN RSA

CORBA Jini Ray Tracing
Darwin IXTA SETL
Ebonics Mach SIP

Eponyms Mesa Trigonometry
Figlet PGP — Pretty Good Privacy VHDL

GNU PPP VMS

Hobo Signs Puns WAIS

Hurd ONX Xinu
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Table 4 shows the extracted bi-gram concept clusters for the 30 randomly chosen CS terms; this means
that only bi-gram terms in the retrieved documents were extracted. The number of hidden concept clusters in

each term was determined automatically by the Greedy EM algorithm.

Table 4: Bi-gram concept clusters for the test termsin Yahoo!’s CS hierarchy

Test Terms Extracted Concept Clusters

ActiveX ActiveX {contral, vs, server}

CMX CMX-RTX RTOS, multi-tasking operating, CMX {3000, 5000}, San Jose, Jose
BLVD

CORBA application development, C++ software, CORBA {2.2, orbs, servers}, distributed
{applications, programming}, IDL compiler, language {IDL, mapping}, object-
oriented programming, request broker

Darwin Charles Darwin, Darwin 6.0.2

Ebonics black English, African Americans, Ebonics X-mas

Eponyms medical phenomena, on-line medical, aortic regurgitation, encyclopediaof
medical, Firkin Judith, esophageal surgery, historical allusions

Figlet art characters, Figlet {Frank, frontend, package, RPM, tool}, assorted fonts

GNU GNU {aspell, coding, compilers, documentation, desktop}, license GPL, public
licenseterms, reference card

Hobo Signs ideogram carved, 45 signs

Hurd Alexander Hurd, Debian developers, Debian Gnu, GNU operating, Hannah
Hurd, Hon Lord

IRIX Sgi IRIX, IRIX reinstall, 2.6.5.7 Sgi, 3D graphics

ISDN digital {access, networks, telephone}, Arca technologies, communication
standards, copper wire, data {applications, communications, services}, external
IDN, integrated services

Jini Jini technology, Jini Ji

IXTA project IXTA, peer peer

Mach Mustang Mach, disc golf

Mesa Mesa Verde, Mesa Quad

PGP encrypt messages, foaf files, keysigning party, PGP {backend, basics, comments,
corp}, ASCII armour

PPP point-to-point protocol, ppp flea.,

Puns French word, Japanese spelling, social sciences, bilingual puns

QNX Microkernel OS, QNX {applications, machine, voyager}, alternative vendor

ROADS {Access, British, Hampton} ROADA, adver se weather

RSA RSA security, RSA lighting

Ray Tracing Computer graphics, Carlo Ray, recursive Ray

SETL set language, ab le

SIP control protocol, {bring, panel, partysip,} SP, SP {architecture, application,
client, standards}, Jonathan Rosenberg

Trigonometry Trigonometric functions, advanced algebra, Benjamin Bannekers, Banneker’s

trigonometry

VHDL Asic design, circuit VHIC, complete VHDL, hardware design, digital logic,
verilog simulation, synthesis tool

VMS computational chemistry, shopping cart, administrator authentication, UNIX
tranglation, CCL VMS, equipment corporation

WAIS area informationserver, laws enacted, public laws, WAIS {client, gateway,
searching, libraries}, presidential documents

Xinu AMD éan, unix clone, software OS, Xinu {kernel, system}, Il internetworking,
master distributor, demand paging

From Table 4, it is encouraging that the proposed approach extracted the main idea for most test CS terms.
Taking "Trigonometry" for example, if we have no idea about “Trigonometry”, then from “function” and
“algebra’ in Table 4, there is not difficult to guess that it may be a kind of mathematical functions and
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developed by Benjamin Bannekers. Again, our proposed approach caught that “Darwin” is not only a British
Naturalist but also the name of graphical software.

Even though the experiment result shows encouraging performance, the result was still bothered by many
duplicated and noisy aspects. For example, “CORBA” means “Common Object Request Broker Architecture’;
however, “C++ software” and “application development” actualy only provide vague or not necessary
information about “CORBA”. This was caused by the “too much effort” of the Greedy EM agorithm, which
clusters the retrieved mixtures into too many groups.

5. CONCLUSIONSAND FUTURE WORK

We have presented a potential approach to finding relevant concepts for terms via utilizing World Wide
Web. This approach obtained an encouraging experimental result in testing Yahoo!'s computer science
hierarchy. However, the work needs more in-depth study. As what we mentioned previously, choosing the word
with the highest weighted log likelihood ratio as the concept of a clustered group after the Greedy EM algorithm
does not provide enough representative. In addition, one concept usualy contains many domains, e.g. “ATM”
contains security, teller machine, transaction cost, and etc. Thus, distinguishing the extracted keywords into a
certain concept still needs human intervention. On the other hand, in order to solve the problem of “too much
effort” of the Greedy EM algorithm, we need to modify it with another convergence criterion.

References

[1] A. Jain, M. Murty, and P. Flynn. Data Clustering: A Review. In ACM Computing Surveys, 31(3),
September 1999.

[2] C.C.Huang, S. L.ChuangandL. F. Chien. LiveClassifier: Creating Hierarchical Text Classifiers through
Web Corpora, WWWV (2004).

[3] E. Rasmussen. Clustering Algorithms. In Information Retrieval Data Structures and Algorithms, William
Frakes and Ricardo Baeza-Y ates, editors, Prentice Hall, 1992.

[4] E.Voorhees. The Cluster Hypothesis Revisited. In Proceedings of SGIR 1985, 95-104.

[5] J. J Verbeek, N. Vlassis and B. J. A. Krose. Efficient Greedy Learning of Gaussian Mixture Models.
Neural Computation, 15 (2), pp.469-485, 2003.

[6] J Q.LiandA. R. Barron. Mixture Density Estimation. In Advances in Neurarl Information processing
Systems 12, The MIT Press, 2000.

[71 N. Vlassis and A. Likas A Greedy Algorithm for Gaussian Mixture Learning. In Neural Processing
Letters (15), pp. 77-87, 2002.

[8] P. Willett. Recent Trends in Hierarchic Document Clustering: A Critical Review. In Information
Processing and Management, 24(5), 577-597, 1988.

[9] T. Joachims. A Probabilistic Analysis of the Rocchio Algorithm with TFIDF for Text Categorization. In
Machine Learning: Proceedings of the Fourteenth International Conference (ICML ’'97), pp. 143-151.

67



LAE RH RS [ S T T T 0RaE = SR i sE wil R L < i T
Visualizing the Terms of Computational Linguistics
with Self-Organizing M aps

FREAES
Sung-Chien Lin

T KA E R A
Department of Information and Communications, ShimHiiversity
scl @c. shu. edu. tw

R Aam sCHORFTRI I E AL R (B (SOM)EA R H RRE = SRR RE AT HE R —HEBIE -

(Pl TR (R T ATERER [ I DU 2B > BRI A B R B R R R LUR, T I B
FeERERIEIEN TR - fEAGR T efMFraTry A (158 R SOME I I Fl £z & 3 Uil
RN L - (2)RFHSOMBZiHE H EIfTRE &R R ARER > QIR HFTAE R T REE
5 S BT T R B R TR R (R - AESOMECITHURERI T - B Jefitam s B Y
B ERARE > e DATRE < T HER B (A R EE - AT —(ElEE R A & - PR
A A R R AR - T SOMAIIBRLL R HrEI SR BB | - EFpa BN EH]
R RRSEERE > FR IR ETRRA ER A (R AR 2R ST S RE A AU RHRR M - RIBE - 3K
(Y R DU e 2 A e BT RGBT AR B (R I R G R HUASEE  ffke

FR RS B SRR T TR B B b il DL R 2 WOHBA B o EE AT ] DARLER ZIAH A8
UTAETEL b TTEE R ETRAHALIE AT LUK B 1 FHIRIBR R - 8 (i R IR SOM
Bt & FE R hrE & A R AL

1w

AR RS BT termS R —HEBI AR  HH RO SRR S iR
2 IR (visualization)- £ s AL AT T L RPAc AE 73k s B
S IR » S HRIC B B ST TG AT ML  FIFRE I BT
B ERREIRA T S RAL] © PRI, » S S s T L AT TR A T R A T S RRA A 0
BESRSE TR AIIRR « 15 73— RIS IS A B S0 R T 2 AR BT T 41
HiFE R R R A P AR S 2 A AT R (knowledge structurdy SR 3Ra » T LU
S LIPS 2 (nierar chical (A = (network Rl » SIS RITIBIGR - ey
FEHLIEFY |- 57 | (thesaurus)E 55 AP 1 T eI B
RS SUAHEARI2) « 05 LRSI - 65— F P AREES i BeE - T LLAFIRS i RE R PR
EAFERTEG 7 PEEERS < SIFAK » P35 WiSeHLL & RRTAARARAT I B T i » 5867 7E % DU A3
(clustering¥efi FSAEAR AR 32 - ISR HCE TR S el » it ELR FTaf A S i
35 (co-occurrencali R F5 el I3, 41 ISR & (AT LL T et RAGOBIFI - 31
LI — S5 e A 2 B Ao SCef - [RBEi e s ] LA  BL (R A
SSRATHSE 2R - AT - [T RS 8 At REBRBEEFT 597,291 - Ftesinis
LR E 2 IR S BT SROBNSEE A RS B S AIRE FH LS T AR A
HEBLA TR -

T H L (information visualization ) sk = HEAY BT AR RN FTAERIGR -
IS0 A PR ALISU AT R 5 SR - 1 RSP P S RSRATAINBIS) - 703825 - A
L 0PRSS BT EORY » AL T PRI R AR I - SRR A B PELLRL BT
B SRR AT RAARL - CASET TS REETHRT LT BRI - TR
fft) E R — (B SCF 2REEBIBIY [ — (718 LA — B » B0 20 PROART I (relevance)
T FRBY B TR D 7 » RIBREIAREAE I O 2 i R 2B 2 A = o
FIE I T L E IR - 2 BB F5 2 ARG - SETTT 1 RORH R - IRl » 752

69



FENEAIE T FRAUHEE B e s T ERNRHEI R (feature vectors)FF DURHEIA & A(EHE
AT [y e e - M R S e Sy SR el 1V P =3 =y el 1 Al oS i IR v i1
B AORIH A AR BEI R BA (R - 5 B0 BURRE B A A T BRAR A HE B ] W AH[6] - A Afa TE A
W7 B RTE BRI R A & R — (R - SR AT SR AR R S A e
Hy—fr8l—51] > 5 2 R AR B R AR AL - B BER] AT Bl - 40
SVD(singular value decomposition)[7]PCA (principal component analysi§)EMDS (multidimensional
scaling) [6, 8 » + 21— HH e A Re R [ S R DA i B - oo B SRR S S AR A A
A RERE R o T A R R R R L S B T O 4

S5 > H AR (Bl (self-organizing maps, SOME/EIE IR ASHEEAE A HY LS 50T ERA
i B AL B B o PR A BB [9] - A R 3R - SOMUE — M LU K B )y (data-driveniy Jf: B B 20227
(unsupervised learningjiz - FHERVRHEA EIERARRER] - SR —HHHR RO ERIETES - 7E5 AR
AR g A OB [ S M o) OB R[10] = AESOMEG T » 5 —EfBLAE — A & - [ &y
e P BRI ) RAUREREAEE] - AERSE 2 RARIIMOERE R - T HYEREMR IRl o R B AR A
DFEIE - WS BB — (AR L - 1 AR s FAR O s - R - AHRIR R B &R Er iy
FIF —EBE AT AYETES [ - T B P S EERE R PR vT DA R ERIRARRARE )N » R
FIRRREE RN - SOMBYEREE LS 1 T LURF et BRI Y BREER (7 - DLE A RRAY AU ZUOR A 1 HER LS [
Hh o i H MDSEME T AR 2 FR B R B E R AR > BAERTEG &R » SREA I e rirs RS A -
TEEFJITH > SOMEHRE i » I - TSR AMEE 2 s BRI TR SOMIE RS IR
-

FEAER AL ZER » A ERUR R REE S S IEEIIBE (R AL, - FII ) SOMEFliaf 2 Fi rAHRRFE R
SEElE I - R > A sCROR e RS © (1) FESOMEFEH EFE &AL T > (2)RFE
SOMEZiTfE I ElfiTaE &SRB R QR R R AT HRE = 22 EE S IE 1 R R R % -

w S EERI EEETAEARAL T B 28 R/ SOMENT » 3 [ml EFH] F SOMELi BRHE 5 BRI AT |
S SRR A SE AT FH SOMEZT - a1 5EE B SEAHBIMEE T TE A AR AL BRAY 5% - WAk
MG T © SRARNRINE I — W eARR B Btk SR BT el EE SETE A AR R B 25
ey -

2 FHERRASE

SOME 77 FEE AR MASHERE [10] - fEERIRY S SRR L [ - FER /3 EiZ - SOMAH T
15 T ERE RS U RE (topology B[RS, - /ESOMH » b —#H St A & RHYETRLATiER > gt
ENBLERY | B R HURE - g —(E ETEL B A O BN B AT B2 > bt — A5 2 A aa iR & 8] (feature
map)- FHE I - FEETEE AR R R - MRS EERIEIVERHE M EHEEAER - R AE
Bz % (HEEIHORTE - STEETRRYR B R - (RO E A] DS M AR E E < FRYRA (R
SOMEL—ff5; T[] & &k 5 (vector quantizationF7/lIFREFE HH B AR A » BERAYFNIRIY > AME I EREE]
Bl Bl A\ EORHEARBE A RFE A R - i SRR e R (8] E (neighborhood N AT
ETEERFRE R - Rt fEREZ RAANMZ 1% > v LAME R R ARy SRR B AH F B2 AT AT
Bh o fifREE BA MRS - i R R AE R SR n SRR R RS TR PO B SOMIYE
BEAYRERE < S8 ok EETRRIREAERY 7 2US A (La)h B B R #E(Euclidean  distancel = (1b)-HHYy
ManhattafiF gt -

d(n, ) = (%, =%)* + (Y = ¥e) )™ (1a)
d(nw’nc) :|XW_XC|+|yW_yC| (1b)

Q) ny R A E B AR R R ESIETES - ESOMPRIIBORIE TR TR
(the winnery ncAIEMER B 53—HEG > (i Yw) BL(Xe, Yo) 73 IS BB Edne, FERJLER i Y AEASE « 7RIS -
el A R e P P BL S (B R R R R A B PRIV ENE SRR AR [ ]
S BTG R R R e )

£ SOMFIIRAY 55— HaFF 2 LARIAR R B 26 B Ak 2l 1 KR | AR s 5 o A S e [ DB i &3
AR - (SRS AR K S A0 B i Aok - O a8 SOMBY AN SR T LUK -
OIS - (258 LREGHIERF - HRE—EEinGi2eny /7 X=X Q7R -

fL(r+D = 1,(0) +h(r.d(n, ), - 1, ()] o

70



AT ()RR CREGAIRR R - BTEENAYRFRIA R - R AE AR AR - h()Z—(HAIRR
R B AR RS Z AR B (nw, no) AT BRI AR SE > R ATREN Ry & LE K IR AR L - 40
A > ERIRKEE S  SE (N, n)@A > h(OFTREIRER] -

SOMARIIBREFZAN T B 5k > AR A EORH AR BlRr (e B AR L s e ARl S Bl R e By
HERE - b g (EENREPE R L (R RAI & - (el AERHR > DHIAHETT 2 KAFIMR - {ESOMIYRE—X
AR - E SR ARER BRI E Bk - FRETRE TR D B R A E R A D -
U - e AP  ARIRETE R )R H R AR IR - SRS B R T ARG R A
& BRI AR A & - SOMIBRIE Rk - (ERIRITREFFER A S B AR e = AT
PRI - R iTRAILR 2B | -

TR SOME iy 2 7 EREHET T s SR Bl BEAL BT TE T - T DUKER B BH A 5 52 ) B s - Bl i
B - AELUC PR PR B SR SOMIFTE » K2R AR —ZE 2L ol —{8 AR [l (index termsiyy
KBS EE R RLL, 12]- (Rt - 5225 (R HIR IS IR S S S0P n] DAL S —ETRE sy
BB I o B TSR R T IFOREEE RS, - WermteEHungF FHWordNetREE FE SRR - 218K
BN S RE A IR B Ry 1A B A RHEE - LI SOMEZifr #f Reutersfr (] 5E# HE4T X 73 JH (text
classificationfyfft5E[13] - Kohoner&: A HIJ: ¥ a5 TSOMIy 5L - S A FHBAREEIUiaas - ]
A —fiE b - FLAER SRR BT R, ST SR SR P A i a5 LB s DR T BRI R
Al EAYRHEE - 7F R BRI SRR BRSO B T TR EA (newsgroupsit EaZ & KH[14] - [t51 - £F
SRR ERIIE R T > RDIERS (R LR R B BAEE IR RS > —fiRny e Bl For SRR
[ERT A BRI ERERAGR - IRIIL > MerkIGE R s 2R A ERERI AR JE B 0 > R DURI IR X AR S
& (hierarchical self-organizing feature mapsjilgh—#H 2@ (UBLEHE - BEEALESE LB el ik
RAPFE R R R o R N e R ] < BRSSO E ey ERE[112] -

1EX1 I SOMEE BEfTEEAISE | - HT RittertilKohonerfffs Sef ffirsf [ 15 FIMass: A\ 58 K H a5
[16]#%EEAIHTE - FEMRERHRIARMELE E » RitterfilkohonerIffirZE 11 HEH (occurrencesy. fiff% 25—l
rEfy BT 2B R (contextsYE RARFE15] - Made AR s A 3R B R I U S 1A B RHR(16] -

£ H AT SOMEA ATHEN T 20 7 ER e SR B A B2 AL AR 5T » BBkt R nT UG HH £ REARRITY 2L
{1 BATE T LA SRR B A BITES - e B 230 - 55 AMRIREA - 8 2erH5E il DIEEIHSOMET
eI 2L BRI AR AT - 2RI - (5E SR IE TP Al rT DA 2 B T A I B Bt SRy
LA L SRS SR T R BT R TR o - AR BRI 5 L DU SR b AR
(recall/precisionf315HE[16] » H Dt AT 210V E gkt R A A ERAFEIBE R - (EEE AR AT
> FEFRBP SR S EAhEE < IR AT - AR R HAR - B TE TR - thERIREGE
FERIESR - e ARl ok -

3 R

TP SEEHE I SOMEEITIK AT TFSE » PRI T HRHHilTaBAE T 2 AR (LRI J A AT
i A R BTSN - LAY - (ESRMBERRET » Ao iR — e SOMBLIT Y FRR IS
o] — it P T RE B A S FS SOMYEF] » Ak 7 MRS SR I 1 - TS St BT
P AR E[12] > ] AERR TSR T T - LU 1 43R LA SOME TR e s B LA I
BRI TR RS T -

31  LISOMEfTHRE R A BRI STk

FER I SOMAET Tl s & AL AR 5T - STl aB A (term extraction) {atd A L
# ~ FREE B RN AT AR IR TS S SRR B TR AL RR(L] - AU
A2 BRI BB R A B S 2L EDR T REARRR RS T AT By T BT5e el (unithoodfd T 3=
REACFRME 4 (termhoodfy Y 7T 2 T[17] - BLOCoe MR FR i RS aE 69 7 R /2 5 56 = At (linguistic
structure)l- 1582 A » A1T5A) (wordsEiaaH (phrases) ffif £ GRIERIIE R L —iEARES RS0 T &R
T REN BLEA - REER A - FEAHTE I DUE R R BlE 7 T-#8ER14 ] (heuristic rulesfGEEERIE
FOR < B CE R A > BT —(EPAT-tree BHTHE[18] > & (EPAT-tredm AT B fEam “CEF
TR WAt R T ERERT A R AR REL ~ 7 ER AR SCE R A P B K ASEYE 2 (standard

71



deviationU5 7 TR L T RIS T EA - Hrh > FHRAMRE TR (03, b)) I LFH
il (stop wordsYNFEAERLAE T Ef R RURREEEN - F kel AREY BT SE BRI E -

Cis =Y ZSlog(22) (38)
1S ~ FS FS
“ _F F
Cus :‘ZF—S°|09(F—S°) (3b)
b S S

i (Ba)fI(@Bb)t > - EB SR HEEF R 5371 LACIsHICs7e R - aflIbHIAF - B STE f sCE R T —(
AIREMIHTHEF AR TET » Fs~ FasfIFa3 A& TS - aSHISonyHHEME RS - B FR AT e e e resg
/NFF o ORI HR R B AT A AR I Y R — - R IR ARSI 7 5 S RER GBI ENTRE = Ay — I B
UG - Wt EEIEREFREE N > A ReRo~ —EE B TiRE - AT s R FHRER
AR TS A~ R ECE RS MG o R MEE R SR B AR - (S EE R A iEE A A HT
TEREMERYEOK - (H{F RIEAEERAE R R & - 40 “part of speech® HEEHHBL R B ~ LS {IFSE
FIEE - /55— T > FRIEFTARR AU ERAE R ~ AR RS e 2RI SR R ila iy 1
RN HRMER B RiRE IR [EMEEA R P i M B A E SR - MR n X
FEHE 2= IR T g B aEAEam s R EE IE T BB @ RRIRE - BIVE WIREAEaF 2 am 2L R
WZR > g Mam s P E SRS © TATRERY PR A KA HE 2o K IR R I lirRi A Lo e s s R %
R o FLESGRAHE TSR - LU =G AR W LERREITEEE O/ & LREAFRMERREE - KL
AR S S M A R RS e T R S S s B SRS -

B B LUl BT R {8l sEas E — (R = 2KFIAHSOM - B T EE 4 & HIISOM »
HRBAMTRE AT EE E BRI A S AT » WIE—2K - EETRERUN £ISOMEF - AHRE g i 1] 7] —&
Bh BT AVETER S > AT R E T A AR R R E O R R I AR R AR E OV BRI NSRRI - AN ZE AT
s RE R B B REAS BB S E i REr R & - A0sX(A) R it By R ) & -

fi =[01,-. 5,0 see s O W I

(4)

EA)F - R EMRE TG BR S BINETRE - R —(EEE R & — AN A & -
TEMTREG IR R > BBkE T o E TRt B S — st t PR R (R B - & ELEiraa G By AR R
JEEIRF > n] DAEEAESE M Al Bl H Al aE s FIRYRERIE T < — B E Bt L[5 A — s CERHES - [H]
et O A LR A8 R s CE Uy > iRt Bt n] gEARRE AR — (R e £ - (& Wi ErsE(E ] gEAERE - 20
Ot B 2 S R HLRAMTRER - B R R RS L M o s R ERE R 2 AR AR - D
BERA T kS bR - B B AR A B R e s W B R ) = A R A A =
AR R ARSI ILE SRR R AT INEZ= IR » FOoRMIETREIAHRITE
R ORI s AR R TT RS - IR miEfTE AR ) -

TERE et B gy LR (R L e iR &Rt R o (E » A LRI E UG
A TREEREFEST . (latent semantic analysis, LSANiT[19]5ET (55 » ({5 tAHRRfTRE AR A1k
(B IR A RRE v DI « HASRE R - B e deadinr. THigsE-s0 (4400 5 (term-document matrix) L4
F—EH I AR AR T FE B AR R Y —1T (row) » HEfsE Fhrg— 51 (column I ER] —ZEgm 2 &R - 18
FEM PRI TEEpYINTE R - HAE R SR EMREAE AP s CE R IR R, - B SRy T HlaB- SR
HETTEF E{E - (singular value decomposition ki f5—HAE Ede/ NYFTliEE A & « LR TRfm =T R
O FrflaEEr R R ATE LR AR EMAT - AT EEER T iEE- s AERE ) AREGRR
N 0 B R BRI LS A i i PR A AR B E R S T E - iy A 2L
HERAOIEE - It — SRR AR T AW E rRiERE  IEAERiEE R B B EaI - KB
AR A R = AT DAVE B SOMEL flirisi A > FTSRI00AS SR EL A T MisE- S0P F a5 FflBny 3t
HRAIREE -

BT » (FE A —E B AT DR A ST T SOMANIRR « AHFSEH pTiR ARy R E 8 =(5)
i

_odd(n,,n)*+]
h(z.d(n,.n))=e ¢ (5)
ERG)T - o —ETHR 2 EUE - BRI S R BRI s  MOT E Th e T e BB & -
[FI2E AR prEeEInY > AT A8  FE Rk Eh () AT e 2L R RRTRE e BRI S TR (T TG B s
Fny TR EEREd(NG, N)ETRE © FEARAFFE R A S B AR ER R S d(ny, nofETE A= » 7E=0(G5)H - mILL
ARG R > Fr s TR 5 UETER((nw, N)fERL/N) - SEISAUSHRRIR AR > A e AR

72



AN T TR SRR RIS - T LS A R g - R R AT R DU I A
e/ o L > AT DAREEAERSE S KGRI 1% - PRI SOME IR -

32 HIBIRAERIFME

F1F SOMEziiTster T & A B ALY H i 28 B 21 LR - eMnIRRI A v DR fR
IR SR e i a8 RWIRBR R » At —2k » A LI SOMEE 2E Y BIE SR AR Je B b B (4% - it 2
PRI EHRRE (t, ) F(ts, ta) > - {EMEEA R R AR ~ T2 ~ fffs > WIRAER B A & LAYREREE
BAREA(fL, f2)>d (fs, fa) < TERGBEFEEATEIAEIER - BT 2 & G ZIETEN, ~ Ny ~ ngfIngs >
AIDAFERN ~ np ~ neFINAEETERIATIE [ HECREAIRHEEA (ng, n2)> d (ns, ng)RETR -

FiTLA > ZELLHETE F SOMUES T AT AL IRy - wT DASeE T — BB AR S = A B - 7E
BN BB > PR r BB F EMEEAE B L RURE s - Bk P e TS R R B AR (R
(correlation coefficients) =& AT E ML SR EAZHE » FAHRRREEL/)N » FoRSOMIAS S A HIAR
FHRBAGRERK » RIFR R SOMRAT ZE 4 M B (R B A 22 [ S AE e iR B vl & AYRRMR » nT DA B 2Rl
FEIEE SR DR BRI R o RS G I IR R -

4 FEREEEER

ARG S AR —JE (1988 VU (2001) ROCLINGH = &1 235 sl &M S Tt HEE 552 E
RERUFRAS - (E SR ~ R 27 SRR T HEEE RIS SR EERIR (R AL -
HETTIREE R - Aew sl 7 R R MR R ER E R 20K - P RAAE 2 AR 2.5 0 Rl 72
TR AR RS0.5 - AR ISR 2298z -

TR P AR Y 22908735 - AL SASET S LEREI R R BA (% - LS ERE R A & -
e R DAIRE R R R TSOMRIIRR > FEARZET > BefMA20< 20 ENEEHET TE B - WIELABR LR,
FIEA2 Mo BRI R - T 2o HEGER250~ 150~ 50f125 » f—{E-NEEofE -
HEFT =GB > ACERAIREO (WI4A) ~ 10 ~ 50 ~ 100200554 MR (REL - B = JGEAER T 55 2007
PRIE TSR AR e =200/ HHBARE R A > HETTILM - EBRAURS SRAT A AR AR S, > 40
FLIEMFTR -

721 DLE AR T Tl E S i B LA B A SR
sk r a=250 a=150 a=50 a=25

0 0.07 0.06 0.07 0.08
10 0.54 0.52 0.44 0.24
50 0.36 0.52 0.44 0.34

100 0.30 0.49 0.42 0.32
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Applying M eaningful Word-Pair |dentifier
to the Chinese Syllable-to-Word Conversion Problem

JiaLin Tsai, Tien-Jien Chiang and Wen-Lian Hsu
Institute of Information Science, Academia Sinica,
Nankang, Taipei, Taiwan, R.O.C.
{tsaijl,tmjiang, hsu}@iis.sinica.edu.tw

Abstract. Syllable-to-word (STW) conversion is a frequently used Chinese input method that is fundamental
to syllable/speech understanding. The two major problems with STW conversion are the segmentation of syllable
input and the ambiguities caused by homonyms. This paper describes a meaningful word-pair (MWP) identifier that
can be used to resolve homonym/segmentation ambiguities and perform STW conversion effectively for Chinese
language texts. It is designed as a support system with Chinese input systems. In this paper, five types of meaning-
ful word-pairs are investigated, namely: noun-verb (NV), noun-noun (NN), verb-verb (VV), adjective-noun (AN)
and adverb-verb (DV). The pre-collected datasets of meaningful word-pairs are based on our previous work
auto-generation of NVEF knowledge in Chinese (AUTO-NVEF) [30, 32], where NVEF stands for noun-verb event
frame.

The main purpose of this study is to illustrate that a hybrid approach of combining statistical language model-
ing (SLM) with contextual information, such as meaningful word-pairs, is effective for improving syllable-to-word
systems and is important for syllable/speech understanding. Our experiments show the following: (1) the MWP
identifier achieves tonal (syllables with four tones) and toneless (syllables without four tones) STW accuracies of
98.69% and 90.7%, respectively, among the identified word-pairs for the test syllables; (2) by STW error anaysis,
we find that the major critical problem of tonal STW systems is the failure of homonym disambiguation (52%),
while that of toneless STW systems is inadequate syllable segmentation (48%); (3) by applying the MWP identifier,
together with the Microsoft input method editor (MSIME 2003) and an optimized bigram model (BiGram), the to-
nal and toneless STW improvements of the two STW systems are 25.25%/21.82% and 12.87%/15.62%, respec-
tively.

Keywords: syllable-to-word, contextual information, top-down identifier, n-gram model.

1. Introduction

More than 100 Chinese input methods have been developed in the past [1, 17, 12, 5, 18, 10, 19, 16, 4, 28, 11, 20Q].
Their underlying approaches can be classified into four types:
(a) Optical character recognition (OCR) based [5],
(b) On-line handwriting based [19],
(c) Speech based [4, 10], and
(d) Keyboard based, such as syllabic-input-to-character [27, 16, 2, 14, 15, 22]; arbitrary codes based [8]; and
structure scheme based [11]. The major goal of these syllable input systems is to achieve high STW accu-
racy, but syllable understanding israrely considered [16].
Currently, the most popular method for Chinese input is syllable based (or phonetic/pinyin based), because Chinese
people are taught to write the corresponding phonetic/pinyin syllable of each Chinese character in primary school.
Basically, each Chinese character corresponds to at least one syllable. Although there are more than 13,000 distinct
Chinese characters (of which 5,400 are commonly used), there are only 1,300 distinct syllables. The homonym
(homophone) problem is, therefore, quite severe when using a Chinese phonetic input method [5]. As per [26], each
Chinese syllable can be mapped from 3 to over 100 Chinese characters, with the average number of characters per
syllable being 17. Therefore, homonym disambiguation is a critical problem that requires the development of an
effective syllable-to-word (STW) conversion system for Chinese. A comparable problem for STW conversion in
English is word-sense disambiguation (WSD).

There are two conventional approaches for STW conversion: the linguistic approach based on syntax parsing,
semantic template matching and contextual information [18, 22, 16, 28, 15]; and the statistical approach based on
the n-gram model where nis usually 2 or 3 [12, 10, 11, 20, 21, 13, 27]. Although the linguistic approach requires
considerable effort in designing effective syntax rules, semantic templates or contextual information, it is more
user-friendly than the statistical approach (i.e. it is easier to understand why such a system makes a mistake) [16].
On the other hand, the statistical language model (SLM) used in the statistical approach requires less effort and has
been widely adopted in commercia systems. However, the power of the statistical approach depends on the training
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corpus [10] and the SLM pays little attention to syllable understanding [16]. Following the work of [12, 18, 10, 28,
11, 15, 13], a better approach to STW conversion is to integrate both linguistic knowledge (such as contextual in-
formation) and statistical approaches (such as an n-gram model). We believe that our research proves the efficacy of
such an integrated approach.

According to previous studies [5, 28, 11, 20, 9], besides homonyms, correct syllable-word segmentation is an-
other crucial problem of STW conversion. Incorrect syllable-word segmentation directly influences the conversion
rate of STW. For example, consider the syllable sequence “yil du4 ji4 yu2 zhongl guo2 de5 niang4 jiu3 ji4 shud”
of the sentence “ (once) (covet) (China) (of) (making-wine) (technique).” According to the
CKIPlexicon [6], the two possible syllable-word segmentations are;

(F) “yil/dudjidlyu2/zhonglguo2/deS/niangdjiu3/jidshud”; and

(B) “yil/dud/jidyu2/zhonglguo2/desS/niangdjiu3/jidshud.”
(We use the forward (F) and the backward (B) longest syllable-word first strategies [3], and “/” to indicate a sylla-
ble-word boundary).

Among the above syllable-word segmentations, there is an ambiguous syllable-word section: /dudjid/yu2/ (K

Y s s s s s s s s s M) and/duddjidyu2 (/4 , . .,
. , }/), respectively. In this casg, if the system has the contextua information that the pairs “
(technique)- (covet)” and “ (once)- (covet)” are, respectively, meaningful noun-verb (NV) and ad-
verb-verb (DV) word-pairs, then the ambiguous syllable-word section can be effectively resolved and the
word-pairs “ (technique)- (covet)” and “ (once)- (covet)” of this syllable sequence can be correctly
identified.
For the above case, if we look at the Sinica corpus [6], the bigram frequencies of “ (covet)- (China)”

and “ (at)- (China)” are 0 and 24, respectively. Therefore, by using a bigram model trained with the Sinica
corpus, the forward syllable-word segmentation would conclude that the following word segmentation / / /,
will beincorrect. In fact, if we use Microsoft Input Method Editor 2003 for Traditional Chinese (atrigram like STW
product), the syllables of the above example will be converted to “ (once) (continue) (to) (China) (of)

(making-wine) (technique).” It is widely recognized that unseen event (* - ") and over-weighting
¢ - ") are two major problems of SLM systems[10, 11]. Practical SLM is either a bigram or a trigram model.
As the above case shows, the meaningful word-pairs (or contextual information) “ (technique)- (covet)”
and “ (once)- (covet)” can be used to overcome both the unseen event and over-weighting problems of
SLM-based STW systems. In [29], we showed that the knowledge of noun-verb event frame (NVEF) sense-pairs
and their corresponding NV EF word-pairs (NVEF knowledge) are useful for effectively resolving word sense am-
biguity with an accuracy of 93.7%. In [28], we showed that a NV EF word-pair identifier with pre-collected NVEF
knowledge can be used to obtain atonal (syllables with four tones) STW accuracy of more than 99% for the NVEF
related portion in Chinese.

The objective of this study is to illustrate the effectivness of meaningful noun-verb (NV), noun-noun (NN),
verb-verb (VV), adjective-noun (AN) and adverb-verb (DV) word-pairs for solving Chinese STW conversion prob-
lems. We conduct STW experiments to show that the tonal and toneless STW accuracies of conventional SLM
models and the commercial input products can be improved by using a meaningful word-pair identifier without a
tuning process. In this paper, we use tonal to indicate the syllables input with four tones, such as “niang4( )
jiud( ) ji4( ) shud( ),” andtonelessto indicate the syllables input without four tones, such as“niang( ) jiu( )
ji( ) shu( ).

The remainder of this paper is arranged as follows. In Section 2, we propose the method for auto-generating
the meaningful word-pairs in Chinese based on [30, 32], and a meaningful word-pair identifier to resolve homo-
nym/segmentation ambiguities of STW conversion in Chinese. The meaningful word-pair identifier is based on
pre-collected datasets of meaningful word-pairs. In Section 3, we present our STW experiment results and analysis.
Finally, in Section 4, we give our conclusions and suggest some future research directions.

2. Development of the M eaningful Word-Pair |dentifier

To develop the meaningful word-pair (MWP) identifier, we selected Hownet [7] as our system’s dictionary because
it provides knowledge of Chinese words, word senses and part-of-speeches (POS). The Hownet dictionary used in
this study contains 58,541 Chinese words, among which there are 33,264 nouns, 16,723 verbs, 8,872 adjectives and
882 adverbs.

In this system’s dictionary, the syllable-word for each word is obtained by using the inverse pho-
neme-to-character system presented in [15], while the word frequencies are computed according to a fixed-size
United Daily News (UDN) 2001 corpus. The latter is a collection of 4,539,624 Chinese sentences extracted from
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articles on the United Daily News Website [25] from January 17, 2001 to December 30, 2001. Table 1 shows the
statistics of the number of articles per article classin this UDN 2001 corpus.

Table 1. The number of articles per article classin the training corpus.

article class
China Local Society Stock Politics Science Travel

# of articles 90 26,843 136 19,699 133 5,870 6,183

article class T e
Consumption Financial World Sport Entertainment Health Arts

# of articles 12498 23,563 7,404 12,404 18,674 5,653 9,989

2.1 Generating the M eaningful Word-Pair

In [32], we propose an AUTO-NVEF system to auto-generate NVEF knowledge from in Chinese. It extracts NVEF
knowledge from Chinese sentences by four major processes. (1) Segmentation checking; (2) Initial Part-of-Speech
(IPOS) seguence generation; (3) NV knowledge generation; and (4) NV EF knowledge auto-confirmation. The de-

tails of the four processes can be found in [32]. Take the Chinese sentence “ (concert)/ (locale)/
(enter)/ (many)/ (audience members)” as an example. For this sentence, AUTO-NVEF will generate two
collections of NVEF knowledge: (locale)- (enter) and (audience members)- (enter). In [32], we

reported that AUTO-NVEF achieved 98.52% accuracy for news and 96.41% for specific text types, which included
research reports, classical literature and modern literature. In addition, it automatically discovered over 400,000
NV EF word-pairsin the UDN 2001 corpus.

Using AUTO-NVEF as the base, we extended the system into a meaningful word-pair (MWP) generation
caled AUTO-MWP. The steps of AUTO-MWP are:

Sep 1. Use AUTO-NVEF to generate NVEF word-pairs for the given Chinese sentence. AUTO-NVEF adopts a
forward=backward maximum matching technique to perform word segmentation and a bigram-like model
to perform POS tagging [32]. If no NVEF word-pairs are generated, go to Step 3.
Sep 2. According to the generated NV EF word-pairs and the word-segmented sentence with POS tagging from Step
1, the auto-generation methods of meaningful NN, VV, AN and DV word-pairs are:
(1) Generation of NN word-pair. When the number of generated NVEF word-pairs is greater than 1, this
sub-process will be triggered. If the nouns of two generated NV EF word-pairs share the same verb, the
two nouns will be designated as a meaningful NN word-pair. Take the generated NV EF word-pairs of

(locale)- (enter) and (audience members)- (enter) for the sentence “ (concert)
(locale) (enter) (many) (audience members)” as examples. The noun (locale) and
the noun (audience members) are designated as a NN word-pair because the two nouns share the

same verb (enter) in this sentence.

(2) Generation of VV word-pair. When the number of generated NVEF word-pairs is greater than 1, this
sub-process will be triggered. If the verbs of two generated NV EF word-pairs share the same noun, the
two verbs will be designated as a meaningful VV word-pair. Take the generated NV EF word-pairs
(the end of year)- (prearrange) and (the end of year)- (complete) for the sentence “
(whole) (construction) (prearrange) (the end of year) (complete)” as examples. The
verb (prearrange) and the verb (complete) are designated as a VV word-pair because the two
verbs share the same noun (the end of year).

(3) Generation of AN word-pair. For each noun of a generated NV EF word-pair, if the word immediately to
its left is an adjective, the noun and the adjective are designated as one AN word-pair. Take the generated
NVEF word-pair (audience members)- (enter) for the word-segmented and POS-tagged sen-

tence “ (N) (N) V) (ADJ) (N)" as an example. Since the word immediately to
the left of (audience members) is an adjective (many), the adjective (many) and the
noun (audience members) are designated asaAN word-pair.

(4) Generation of DV word-pair. For each verb of a generated NVEF word-pair, if the word immediately to
its left is an adverb, the verb and the adverb are designated as one DV word-pair. Take the generated
NVEF word-pair (price)- (maintain) for the word-segmented and POS-tagged sentence “

(N) (ADV) V) (ADJ)" as an example. Since the word immediately to the left of

(maintain) is an adverb (ordinarily), the adverb (ordinarily) and the verb (maintain) are
designated asa DV word-pair.
Step 3. Stop.
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Table 2 shows the number of generated NV, NN, VV, AN and DV word-pairs obtained by applying
AUTO-MWP to the UDN 2001 corpus. The frequencies of all the generated meaningful word-pairs were computed
by the UDN 2001 corpus. Note that the frequency of a meaningful word-pair is the number of sentences that contain
the word-pair with the same word-pair order in the UDN 2001 corpus. Table 3 shows fifteen randomly selected NV,
NN, VV, AN and DV word-pairs and their corresponding frequencies in the generated MWP datasets for the UDN
2001 corpus.

Table 2. The number of generated NV, NN, VV, AN and DV word-pairs obtained by applying AUTO-MWPto the

UDN 2001 corpus.
NV NN \AY AN DV Total
430,698 533,780 220,022 138,055 111,879 1,434,434

Table 3. Fifteen randomly selected examples of meaningful NV, NN, VV, AN and DV word-pairs and their corre-
sponding frequencies from the generated MWP datasets for the UDN 2001 corpus.

NV NN \AY AN DV
- /118 - /183 - /541 - 1206 - /188
- 135 - /103 - /1483 - /103 - /390
- /96 - /107 - 1124 - /129 - /144

2.2 Meaningful Word-Pair |dentifier

We developed a NVEF word-pair identifier [28] for Chinese syllable-to-word (STW) and achieved a tonal STW
accuracy of more than 99% on the NVEF related portion. This NVEF word-pair identifier is based on the tech-
niques of longest syllabic NVEF-word-pair first (LS-NVWF), exclusion-word-list (EWL) checking and
pre-collected NVEF knowledge. By modifying the algorithm of this identifier in [28], we obtain our meaningful
word-pair (MWP) identifier, (Figure 1). In Figure 1, the MWP data is a mixed collection of all auto-generated
meaningful NV, NN, VV, AN and DV word-pairs. As shown in the figure, if the MWP identifier only uses one of
the meaningful NV, NN, VV, AN or DV word-pair datasets, it will naturally become an MNV, MNN, MVV, MAN
or MDV word-pair identifier.

LS-WPF & EWL checking

input syllables | | Meaningful word-pair > MWP-sentence
(MWP) identifier
< MWPdata<> < Hownet <>

Figure 1. A system overview of the meaningful word-pair (MWP) identifier.

The algorithm of the MWP identifier is as follows:

Sep 1. Input tonal (with four tones) or toneless (without four tones) syllables.

Sep 2. Generate all possible word-pairs found in the input syllables. Exclude certain NV word-pairs based on EWL
checking [28]. Appendix A lists al of the exclusion words used in this study. Note that our meaningful
word-pairs include monosyllabic nouns/adjectives/adverbs and monosyllabic verbs, except “  (be)” and “
(has/have)” that are dropped in this Step.

Sep 3. Word-pairs that match a meaningful word-pair in the generated MWP data are used as the initial MWP set
for the input syllables. From the initial MWP set, select a key word-pair and its co-occurring word-pairs to be
the final MWP set. Conflicts are resolved using the longest syllabic word-pair first (LS-WPF) strategy. If
there are two or more word-pairs with the same condition, the system triggers the following processes.

(1) The word-pair with the greatest frequency (the number of sentences that contain the word-pair with the
same word-pair order in the UDN 2001 corpus) is selected as the key word-pair. If there are two or more
word-pairs with the same frequency, one of them is randomly selected as the key word-pair.

(2) Theword-pairs that co-occur with the key word-pair in the UDN 2001 corpus are selected.
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(3) Thekey and co-occurred word-pairs are then combined as the final MWP set for Step 4.
Sep 4. Arrange al word-pairs of the final MWP set into a MWP-sentence as shown in Table 3. If ho word-pairs can
be identified from the input syllables, a null MWP-sentence is produced.

Table 3. Aniillustration of an MWP-sentence for the Chinese syllables “yil ge5 wen2 ming2 de5 shuail wei2 guo4

cheng2( [a] [civilization] [of] [decay] [process]).” (The English words in parentheses
areincluded for explanatory purposes only.)
Process Results Pair freg.
Step.1 yil ge5 wen2 ming2 de5 shuail wei2 guo4 cheng2
( )
Step.2 The meaningful word-pairs found:
(wen2 ming2)- (guo4 cheng2)/NN pair 3
(wen2 ming2)- (shuail wei2)/NV pair 1
Step.3 The key meaningful word-pair:

(wen2 ming2)- (guo4 cheng2)/NN pair
The co-occurred word-pair:
(wen2 ming2)- (shuail wei2)/NV pair

Step.4 MW P-sentence:
yilgeb de5

Table 3 isa step by step example that illustrates the four processes of our MWP identifier for the Chinese syl-
lables “yil geb wen2 ming2 de5 shuail wei2 guod cheng2( [a [civilization] [of] [decay]
[process]).” When we used MSIME 2003 to convert the same syllables, the output was “ (one) (famous)
(of) (decay) (process).” Obviousdly, the over-weighted bigram “ - (wen2 ming2-de5)” causes an STW
error in MISIME 2003, which uses a statistical language model (SLM) with a trigram-like Chinese input product
[24]. If we use the MWP-sentence shown in Step 4 to directly replace the corresponding characters of the MSIME
2003 output in this example, the error converted word “ (famous)”, caused by the over-weighting of MSIME
2003, becomes the correct word “ (civilization).”

3. The STW experiment

To evaluate the STW performance of our MWP identifier, we define the STW accuracy, STW improvement,
identified character ratio (ICR) by the following equations:

STW accuracy =
# of correct characters/ # of total characters. (1)

STW improvement (STW error reduction rate) =
(accuracy of STW system with MWP — accuracy of STW system)) / (1 — accuracy of STW system). 2

Identified character ratio (ICR) =
# of characters of identified MWPs/ # of total charactersin testing sentences. 3

3.1 Closed Test Set and Open Test Set

We use the inverse trandator of the phoneme-to-character system in [15] to convert a test sentence into a syllable
sequence. We then apply our MWP identifier to convert this syllable sequence back to characters and calculate its
STW accuracy and identified character ratio by Equations (1) and (2). All test sentences are composed of a string of
Chinese characters.
In following experiments, the training/testing corpus, closed/open test sets and the collection of MWPs were:
Training corpus. We used the UDN 2001 corpus mentioned in Section 2 as our training corpus. All knowledge of
word frequencies, meaningful word-pairs, MWP frequencies was auto-generated and computed by this corpus.
Testing corpus: The UDN 2002 corpus was selected as our testing corpus. It is a collection of 3,321,504 Chinese
sentences that were extracted from articles on the United Daily News Website [25] from January 1, 2002 to De-
cember 30, 2002.
Closed test set: 10,000 sentences were randomly selected from the UDN 2001 corpus as the closed test set. The
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{minimum, maximum, and mean} of characters per sentence for the closed test set were {4, 37, and 12} .

Open test set: 10,000 sentences were randomly selected from the UDN 2002 corpus as the open test set. At this
point, we checked that the selected open test sentences were not in the closed test set as well. The {minimum,
maximum, and mean} of characters per sentence for the open test set were {4, 43, and 13.7} .

M eaningful word-pair data: By applying our AUTO-MWP on the UDN 2001 corpus, we created 430,698 NV,
533,780 NN, 220,022 V'V, 138,055 AN and 111,879 DV word-pairs as the MWP testing data.

In this study, we conducted the STW experiment in a progressive manner. The results and analysis of the ex-
periment are described in Sub-sections 3.2, 3.3 and 3.4. Appendix B presents two STW results that were obtained
from the experiment.

3.2 STW Experiment for the MWP I dentifier

The purpose of this experiment is to demonstrate the tonal and toneless STW accuracies by using the MWP identi-
fier with the generated meaningful NV, NN, VV, AN, DV and (NV+NN+VV+AN+DV) datasets, respectively. Note
that the symbol (NV+NN+VV+AN+DV) stands for a mixed collection of al auto-generated meaningful NV, NN,
VV, AN and DV word-pairs.

Table 4a. Theresults of the tonal STW experiment for the MWP identifier with NV, NN, VV, AN, DV and
(NV+NN+VV+AN+DV) word-pairs.

Closed Open Average (identified character ratio)
NV 99.08% 98.70% 98.90% (21.69%)
NN 98.54% 98.30% 98.43% (34.56%)
\AY) 98.25% 97.25% 97.81% (14.64%)
AN 97.41% 96.83% 97.14% (10.07%)
DV 98.07% 97.45% 97.80% (9.46%)
(NV+NN+VV+AN+DV) 98.69% 98.20% 98.46% (46.67%)

Table 4b. The results of the toneless STW experiment for the MWP identifier with NV, NN, VV, AN, DV and
(NV+NN+VV+AN+DV) word-pairs.

Closed Open Average (identified character ratio)
NV 91.53% 90.03% 91.01% (24.46%)
NN 91.41% 89.82% 90.92% (27.79%)
\AY% 88.80% 86.96% 87.67% (12.20%)
AN 88.00% 86.04% 86.89% (10.67%)
DV 88.98% 86.51% 88.03% (10.03%)
(NV+NN+VV+AN+DV) 91.33% 89.99% 90.70% (38.63%)

From Tables 4a and 4b, the average tonal and toneless STW accuracies of the MWP identifier with the MWP
(NV+NN+VV+AN+DV) data for the closed and open test sets are 98.46% and 90.70%, respectively. Between the
closed and the open test sets, the differences of the tonal and toneless STW accuracies of the MWP identifier with
the (NV+NN+VV+AN+DV) data are 0.49% and 1.34%, respectively. These results strongly support our belief that
meaningful word-pairs can be used as application independent knowledge to effectively convert Chinese STW on
the MWP-related portion.

3.3 A Commercial IME System and A Bigram Model with MWP I dentifier

We selected Microsoft Input Method Editor 2003 for Traditional Chinese (MSIME 2003) as our experimental
commercial IME system. In addition, a bigram model called BiGram was developed. The BiGram STW systemis a
bigram model using Lidstone's law [23], aswell as forward and backward longest syllable-word first strategies. The
system dictionary of the BiGram is comprised of CKIP Iexicon and those unknown words found automatically in
the UDN 2001 corpus by a Chinese word auto-confirmation (CWAC) system [31]. All the bigram probabilities were
calculated by the UDN 2001 corpus.

MSIME 2003, which uses a statistical trigram-like model [24], is one of the most widely available input
methods. Table 5a compares the results of MSIME 2003, and MSIME 2003 with the MWP identifier on the closed
and open test sentences. Table 5b compares the results of BiGram, and BiGram with the MWP identifier on the
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closed and open test sentences. In this experiment, the STW output of MSIME with the MWP identifier, or BiGram
with the MWP identifier, was collected by directly replacing the identified meaningful word-pairs from the corre-
sponding STW output of MSIME or BiGram. From Table 5a, the tonal STW improvements of MSIME and BiGram
by using the MWP identifier are 25.25% and 12.87%, respectively. Meanwhile, from Table 5b, the toneless STW
improvements of MSIME and BiGram by using the MWP identifier are 21.82% and 15.62%, respectively.

Table 5a. The results of tonal STW experiments for closed and open test sentences, using MSIME, BiGram,
MSIME with MWP identifier and BiGram with MWP identifier.

| dentified-word MSIME 2 BiGram? MSIME + MWP® BiGram + MWP®
MWPportion %.8/% 97.29% S e
Overall 95.05% 96.27% 25.25% 12.87%

#STW accuracies of the words identified by the Microsoft Input Method Editor (M SIME) 2003 and the BiGram
b STW improvements of the words identified by the MSIME 2003 with the MWP identifier and the BiGram with the MWP identifier

Table 5b. The results of toneless STW experiments for closed and open test sentences, using MSIME, BiGram,
MSIME with MWP identifier and BiGram with MWP identifier.

| dentified-word MSIME 2 BiGram? MSIME + MWPP BiGram + MWP®
MWPportion 89.40% 89.23% S e
Overall 86.94% 85.47% 21.82% 15.62%

#STW accuracies of the words identified by the Microsoft Input Method Editor (M SIME) 2003 and the BiGram
b STW improvements of the words identified by the MSIME 2003 with the MWPidentifier and the BiGram with the MWP identifier

To sum up the results and observations of this experiment, we conclude that the MWP identifier can achieve
better MWP-portion STW accuracy than the MSIME 2003 and BiGram STW systems. The results show that the
MWP identifier can help both MSIME 2003 (trigram-like) and BiGram (bigram base) systems to increase their per-
formances to achieve 96.30%/96.75% of tonal STW accuracies and 89.79%/87.74% of toneless STW accuracies,
respectively. Furthermore, the results indicate that the meaningful word-pairs, or contextual information, can be
used to effectively overcome the unseen event and over-weighting problems of SLM models in Chinese STW con-
version.

3.4 Error Analysisof STW Conversion

We examine the Top 300 cases in the tonal and toneless STW conversion from the open testing results of BiGram
with the MWPidentifier and classify them according to the following three major types of error (see Table 6):
(1) Unknown words: For any NLP system, unknown word extraction is one of the most difficult problems
[31]. Sinc proper names are major types of unknown words, we classify the cases of unknown words into
two sub-types and calculate their corresponding percentages, as shown in Table 6.
(2) Inadequate syllable segmentation: When an error is caused by word overlapping, instead of an unknown
word problem, we call it inadequate syllable segmentation.
(3) Homophones: These are the remaining errors.

Table 6. Three major error types of tonal/toneless STW conversion.

Percentage within

Overall Per-

Types Sub-Types this type (%) Examples centage (%)
Unknown Proper names 50/50 171105
word ) )

Other cases 50/50
Tonal cases:
/ /
lsr;ﬂda%? gas[;[:g- Tonel es/s caselﬁ / 35.9/50.8
mentation / ) /
/ /
Tonal cases:
Homophone ToneI/ eSS Cases: / 52.4/38.7
/ /
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From Table 6, we make the following observations:

(1) The percentages of unknown word errors for the tonal and toneless STW systems are similar. Since
the unknown word problem is not specifically a STW problem, it can be easily taken care of through man-
ual editing or semi-automatic learning during input. In practice, therefore, the tonal and toneless STW ac-
curacies could be raised to 98% and 91%, respectively. However, even though unknown words of the first
error type have been incorporated in the system dictionary, they could still face the problems of inadequate
syllable segmentation or failed homophone disambiguation.

(2) The major error types of tonal and toneless STW systems are different. To improve tonal STW sys-
tems, the major targets should be cases of failed homophone disambiguation. For toneless STW systems,
on the other hand, cases of inadequate syllable segmentation should be the focus for improvement.

To sum up the above observations, the bottlenecks of the STW conversion lie in the second and third error
types. To resolve these issues, we believe one possible approach is to extend the size of MWP data to increase the
identified MWP character ratio. This is because our experiment results show that the MWP identifier can achieve
better tonal and toneless STW accuracies than those of BiGram and MSIME 2003 on the MWP-related portion (see
the examples given in Appendix B).

4. Conclusions and Directions for Future Research

In this paper, we have applied a MWP identifier to the Chinese STW conversion problem and obtained a high de-
gree of STW accuracy on the MWP-related portion. All of the MWP data was generated fully automatically by us-
ing AUTO-MWP on the UDN 2001 corpus. The experiments on STW conversion in [28] and on WSD in [29], as
well asthe STW experiments in this study, demonstrate that meaningful word-pairs (i.e. contextual information) are
key linguistic features of NLP/NLU systems.

We are encouraged by the fact that MWP knowledge can achieve tona and toneless STW accuracies of
98.46% and 90.70%, respectively, for the MWP-related portion of the testing syllables. The MWP identifier can be
easily integrated into existing STW conversion systems by identifying meaningful word-pairs in a post-processing
step. Our experiment shows that, by applying the MWP identifier together with MSIME 2003 (a trigram-like model)
and BiGram (an optimized bigram model), the tonal and toneless STW improvements are 25.25%/21.82% and
12.87%/15.62%, respectively.

Currently, our approach is quite basic when more than one MWP occurs in the same sentence (Step 3 in Sec-
tion 2.2). Although there is room for improvement, we believe it would not produce a noticeable effect as far as the
STW accuracy is concerned. However, this issue will become important as we apply the MWP knowledge to pars-
ing or speech understanding.

The MWP-based approach has the potential to provide the following information for a given syllable sequence:
(1) better word segmentation; and (2) MWP-sentence including the information of five types of MWPs. Such in-
formation will be useful for general NLP and NLU systems, especialy for syllable/speech understanding and
full/shallow parsing. According to our computations, the collection of MWP knowledge can cover approximately
50% of the charactersin the UDN 2001 corpus.

We will continue to expand our collection of MWP knowledge to cover more characters in the UDN 2001
corpus. In other directions, we will try to improve our MWP-based STW conversion with other statistical language
models, such as HMM, and extend it to other areas of NLP, especially Chinese shallow parsing and syllable/speech
understanding.
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Appendix A. Exclusion Word List

I. Monosyllabic exclusion words

e
rr
fr

[1. Polysyllabic exclusion words

.

Appendix B. Two tonal and toneless STW results used in this study (The pinyin symbols
and English wordsin parentheses areincluded for explanatory purposesonly)

l.
Tonal STW results for the Chinese tonal syllableinput “yi3 li4 gongl ke4 guanl ka3” of the Chinese sentence

Methods STW results Identified MWP word-pairs

MWP w)- (N)/NV (key MWP);
M- /W

MSIME

MS IME+MWP

BiGram

BiGram+MwP

Toneless STW results for the Chinese toneless syllable input “yi li gong ke guan ka” of the Chinese sentence “

Methods STW results Identified MWP word-pairs

MWP W)- (N)/NV (key MWP);
W)- /W

MSIME

MS IME+MWP

BiGram

BiGram+MwP

1.
Tonal STW results for the Chinese tonal syllable input “you?2 qi2 zai4 cheng2 shou2 gi2 dao4 gu3 bao3 shi2 Iv4 bu4 jial” of the
Chinese sentence * i

Methods STW results Identified MWP

MWP (ADV)- (\)/DV (key MWP);
N)- (\V)/NV

MS IME

MS IME+MWP

BiGram

BiGram+MwP

Toneless STW results for the Chinese toneless syllable input “you qi zai cheng shou gi dao gu bao shi Iv4 bu jid’ of the Chinese

sentence “
Methods STW results Identified MWP
NVEF (ADV)- (\\)/DV (key MWP);
N)- (\V)/NV
MS IME
MS IME+MWP
BiGram
BiGram+MWP
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Do e FHETE F P R TR o B SN s s b iR 3 gk 7; B4 30 JE 2l ;}% T8
L = S SR m“"‘%?” altavista_3 v google 3 5 A# o A3 27 P> e TE AR -
FHFREHY O o TR G S S -

13 h AR MR - 2

PER LOC ORG Total
altavista_1 34.60% 12.98% 51.41% 32.12%
altavista_2 34.60% 12.54% 52.81% 32.50%
altavista_3 43.80% 16.95% 62.58% 39.44%
google_1 47.03% 10.22% 21.37% 22.06%
google_2 48.70% 10.02% 40.42% 29.18%
google_3 55.84% 16.72% 54.65% 37.84%
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soogle 5 61.40% 78.94% 55.15% 70.02%
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google_5_6 61.21% 78.94% 55.15% 70.00%
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Pronominal and Sortal Anaphora Resolution for Biomedical Literature

Yu-Hsiang Lin and Tyne Liang
Department of Computer and Information Science
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Hsinchu, Taiwan
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Abstract. Anaphora resolution is one of essential tasks in message understanding. In this paper
resolution for pronominal and sortal anaphora, which are common in biomedical texts, is
addressed. The resolution was achieved by employing UMLS ontology and SA/AO
(subject-action/action-object) patterns mined from biomedical corpus. On the other hand, sortal
anaphora for unknown words was tackled by using the headword collected from UMLS and the
patterns mined from PubMed. The final set of antecedents finding was decided with a salience
grading mechanism, which was tuned by a genetic algorithm at its best-input feature selection.
Compared to previous approach on the same MEDLINE abstracts, the presented resolution was
promising for its 92% F-Score in pronominal anaphora and 78% F-Score in sortal anaphora.

1 Introduction

Anaphora resolution is one of essential tasks in message understanding as well as knowledge discovering.

For example recognizing biomedical relations among biomedical entities from research literature like
MEDLINE database requires anaphora resolution for those mentioned entities from texts.
There are different types of anaphora to be solved like pronominal, sortal (definite), zero, event, and coreference
anaphora. In biomedical literature, pronominal anaphora and sortal anaphora are the two common anaphora
phenomena. Pronominal anaphora is that mentioned entity is substituted by the pronoun. Sortal (definite)
anaphora occurs in the situation that a noun phrase is referred by its general concept entity. Definite noun
phrases are noun phrases stating with demonstrative articles, such as those, this, both, each and these or starting
with a definite article.

Generally identifying antecedents of an anaphor can be handled by using syntactic, semantic or pragmatic
clues. In past literature, syntax-oriented approaches for general texts can be found in [Hobbs, 76; Lappin and
Leass 94; Kennedy and Boguraev 96] in which syntactic representations like grammatical role of noun phrases
were used.

On the other hand more information other than syntactic information like co-occurring patterns obtained
from the corpus was employed during antecedent finding in [Dagan and Itai, 90]. Information with limited
knowledge and linguistic resources for resolving pronouns were found in [Baldwin, 97]. In [Denber, 98, Mitkov,
02], more knowledge from the outer resource like WordNet was employed in solving anaphora. Similarly
WordNet together with additional heuristic rules were applied for resolving pronominal anaphora in [Liang and
Wu, 04] which animacy information is obtained by analyzing the hierarchical relation of nouns and verbs in the
surrounding context learned from WordNet.

In biomedical literature, it was found that sortal anaphors are prevalent in the texts like MEDLINE
abstracts [Castafio et al., 02]. To deal this type of anaphora, Castafio et al. [02] used UMLS (Unified Medical
Language System) as ontology to tag semantic type for each noun phrase and used some significant verbs in
biomedical domain to extract most frequent semantic types associated to agent (subject) and patient (object) role
of SA/AO-patterns. The result showed SA/AO-pattern could gain increase in both precision (76% to 80%) and
recall (67% to 71%). In [Hahn et al., 02], a center list mechanism was presented to relate each noun to those
nouns appearing in a previous sentence anaphora. Gaizauskas et al. [03] presented a predefined domain rules for
ensuring co-referent between two bio-entities so that implicit relations between two entities could be recognized.

In this paper, the anaphora resolution for biomedical literature is achieved by employing UMLS ontology
and syntactic information. The proposed system identifies both intra-sentential and inter-sentential antecedents
of anaphors. In addition, anaphora resolution for unknown words has concerned in this paper by using headword
mining and patterns mined from PubMed search results. Determining semantic coercion type of pronominal
anaphor is done by SA/AO patterns, which were pre-collected from GENIA 3.02p corpus, a MEDLINE corpus
annotated by Ohta et al. [02]. The final set of antecedents finding is decided with a salience grading mechanism,
which is tuned by a genetic algorithm at its best-input feature selection. Compared to previous approach on the
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same MEDLINE abstracts, the presented resolution is promising for its 92% F-Score in pronominal anaphora
and 78% F-Score in sortal anaphora.

2 The Presented Resolution

Texts
Preprocessor
GENIA i Grammatical Pattern UMLS
i Corpus 3.02p i Extractor i 2003AC
: i ! Metathesaurus i
......... E...---“" Anaphor ReCOganer "-.-.....E---.-.-"'
. ) /A Pronominal Anaphora e rrerarrasnararann A
SA/AQ Pattern Finder Head Word Collector
.................. v R
.......... :.....,__... Sortal Anaphora > rerery “___......!.......__..
et : E :
! SA/AO i ¥ : i Biomedica i
Patterns Antecedent Finder fraseeens " | Headwords
S Number Agreement .
..... Checking :
..................... v :
: Salience Grading nl
PubMed < WordNet
Search Result 2.0

Statistics

Figure 1: Architecture overview.

Figure 1 is the presented overview architecture which contains background processing, including SA/AO
patterns and headword collection, indicated with dotted lines and foreground processing, including preprocessor,
grammatical pattern extractor anaphor recognizer, and antecedent finder, indicated with solid lines.

2.1 SA/AOQO Patterns Collection

In this paper we used co-occurring SA/AQO patterns obtained from GENIA corpus for pronominal
anaphora resolution. Then we tag subjects and objects with UMLS-semantic type tags. Each SA/AO pattern is
scored by the scoring function (Eq. 1). The antecedent candidates are concerned if their scores are greater than a
given threshold.
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The following is a pattern extraction example:

Examplel:

<NFATp> <binds> to two sites within the kappa 3 element
UMLS semantic type of NFATp: Amino Acid, Peptide, or Protein
Extracted pattern: <Amino Acid, Peptide, or Protein> <bind>

2.2 Headword Collection

For unknown words, we need to predict their semantic types of the word. In [Pustejovsky et al., 02], they
use the righthand head rule (the head of a morphologically complex word to be the righthand member of that
word) to extract headwords to be subtype of the semantic type in UMLS. Table 1 is an example for headword
‘receptor’ which changes other noun phrase which were tagged with different semantic into ‘Amino Acid,
Peptide, or Protein’. ‘Adhesion’ is tagged with ‘Acquired Abnormality, Disease or Syndrome’ but ‘adhesion
receptor’ becomes the tag of ‘Amino Acid, Peptide, or Protein’ by addition of ‘receptor’.

Table 1: Example with righthand rule.

Noun Phrase Semantic Type

Adhesion Acquired Abnormality, Disease or Syndrome
adhesion receptor Amino Acid, Peptide, or Protein

Contraction Pathologic Function

Contraction receptor Amino Acid, Peptide, or Protein

Estrogen Steroid, Pharmacologic Substance, Hormone
estrogen receptor Amino Acid, Peptide, or Protein

Dopamine Organic Chemical...

dopamine receptor Amino Acid, Peptide, or Protein

We collected all UMLS concepts and their corresponding synonyms, and then selected headwords for
each semantic type (super-concept). For example, concept ‘interleukin-2’ has synonyms ‘Costimulator’,
‘Co-Simulator’, ‘IL 2’, and ‘interleukine 2’. We collected ‘interleukin’, ‘costimulator’, ‘simulator’, ‘IL’, and
‘interleukine’ as headwords for ‘interleukin-2’. Then, we found semantic types of ‘interlukin-2’ is ‘Amino Acid,
Peptide, or Protein’ and ‘Immunologic Factor’. We assigned synonym headwords of ‘interleukin-2’ into both
semantic types. Eq. 2 was designed to score each headword for each semantic type. The scoring function
smoothes the semantic type size.

Headword scoring function:

Wi, = - X 1 (2)
Max c; tw,
Wi score of word i in semantic type j
AU/ count of word i in semantic type j
Max ¢; : Max count of word k in semantic type j
tw; count of semantic types that word i occurs in

2.3 Preprocessor

After input untagged documents, we go through POS tagging and NP Chunking these preprocessing will
give us more information about the documents.
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2.4 Grammatical Function Extraction

Grammatical function is defined as creating a systematic link between the syntactic relation of arguments
and their encoding in lexical structure. For anaphora resolution, grammatical function is an important feature of
salience grading. We extended rules from Siddharthan [03], from following rules 1~4 to rules 1~6.

Rule 1: Prep NP (Oblique)

Rule 2: Verb NP (Direct object)

Rule 3: Verb [NP]" NP (Indirect object)

Rule 4: NP (Subject) [“,[*Verb] appositive),”’|Prep NP]* Verb

Rule 5: NP1 Conjunction NP2 (Role is same as NP1) Conjunction]

Rule 6: [Conjunction] NP1 ( Role is same as NP2 ) Conjunction NP2

Rule 5 and rule 6 were presented for dealing those anaphors that have plural antecedents. We use syntactic
agreement with first antecedent to find other antecedents. Without rules 5 and 6, ‘anti-CD4 mAb’ in Example 1
will not be found when resolving ‘they’’s antecedents.

Example 1:
“Whereas different anti-CD4 mAb or HIV-1 gpl20 could all trigger activation of the ..., they
differed...”

3 Anaphora Resolution

Anaphor and antecedent recognition are the two main parts of the anaphora resolution system. Anaphor
recognition is to recognize the target anaphora by filtering strategies. Antecedent recognition is to determine
appropriate antecedents with respect to the target anaphor.

3.1 Anaphora Recognition

Noun phrases or prepositional phrases with ‘it’, ‘its’, ‘itself’, ‘they’, ‘them’, ‘themselves’ and ‘their’ are
considered as pronominal anaphor. ‘it’, ‘its’, and ‘itself” are considered as anaphor which has singular number
of antecedent, others are considered as anaphor which has plural number of antecedents. Relative pronouns
‘which’ and ‘that’ are also pronominal anaphors but these anaphors can use a simple rule, point to the nearest
noun phrase or prepositional phrase, to find its antecedent or point to the relative clause behind when paired
with a pleonastic-it.

Noun phrases or prepositional phrases with ‘either’, ‘this’, ‘both’, ‘these’, ‘the’, and ‘each’ are considered
as candidates of sortal anaphors. Noun phrases or prepositional phrases with ‘this’ or ‘the+ singular noun’ are
considered as anaphors which have singular antecedent. Anaphor with plural number of antecedents are shown
in Table 2.

Table 2: Number of Antecedents

Anaphor Antecedents #
Either 2

Both 2

Each Many

They, Their, Them, Themselves | Many

The +No.+ noun No.

Those +No.+ noun No.

these +No.+ noun No.

3.1.1 Pronominal Anaphora Recognition

Pronominal anaphora recognition was done by filtering out pleonastic-it. Following rules are used to
recognize pleonastic-it instances.

Rulel: It be [Adj|Adv| verb]* that
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Example 2:
“It is shown that antibody 19 reacts with this polypeptide either bound to the ribosome or free in solution.”

Rule 2: It be Adj [for NP] to VP
Example 3:

“However, it is possible for antidepressants to exert their effects on the fetus at other times during pregnancy
as well as to infants during lactation.”

Rule 3: It [seems|appears|means|follows] [that]*

Example 4:
“It seems that the presence of HNF1 sites in liver-specific genes was favoured, but that no counter-selection
occurred within the rest of the genome.”

Rule 4: NP [makes|finds|take] it [Adj]* [for NP]* [to VP|Ving]
Example 5:

“Furthermore, the same experimental model makes it possible to image lymphoid progenitors in fetal and
adult hematopoietic tissues.”

3.1.2 Sortal Anaphora Recognition

Sortal anaphora recognition was done by filtering those sortal anaphor, which have no referent
antecedent or which have antecedents but not in the defined biomedical semantic types. Following two rules are
used to filter out those un-target anaphors.

Rule 1: Filter out those noun phrases or prepositional phrases if they are not tagged with the following
UMLS classes.

Amino Acid, Protein, Peptide, Embryonic Structure, Cell Biomedical Active Substance, Organism,
Functional Chemical, Bacterium, Molecular Sequence, Chemical, Nucleoside, Cell Component, Enzyme,
Gene or Genome, Structural Chemical Nucleotide Sequence, Substance, Organic Chemical, Pharmacologic
Substance, Organism Attribute, Nucleic Acid, Nucleotide.

Rule 2: Filter out proper nouns with capitals and numerical features.

3.2 Number Agreement Checking

Number is the quantity that distinguishes between singular (one entity) and plural (numerous entities). It
makes the process of deciding candidates easier since they must be consistent in number. All noun phrases and
pronouns are annotated with number (singular or plural). For a specified pronoun, we can discard those noun
phrases whose numbers differ from the pronoun. With singular antecedent anaphor, plural noun phrases are not
considered as possible candidates.

3.3 Salience Grading

Salience grade for each candidate antecedent is assigned according to Table 3. Each candidate antecedent
is assigned with zero at initial state.

Recency is a feature about distance between an anaphor and candidate antecedents. The closer between an
anaphor and a candidate antecedent, the more chance the anaphor points to this candidate antecedent. For
grammatical role agreement, if we use same entity in the second sentence and in the same role, it is easy for
readers to identify which antecedent that the anaphor points to, so an author might use anaphor instead of full
name of the entity. In addition to role agreement, subjects and objects are important role in sentence, which may
be mentioned many times and writer might use an anaphor to replace a previously mentioned items. Singular
anaphors may only point to one antecedent, while plural anaphors usually points to plural antecedents. For the
feature of semantic type agreement, when we mention entity the second time, it is common for us to use its
hypernym concept. Therefore such feature will receive high weights at salience grading.
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Table 3: Salience grading for candidate antecedents.

Features Score
Recency 0-2

Subject and Object Preference 1
Grammatical Role Agreement 1

Number Agreement 1

Longest Common Subsequence 0-3

Semantic Type Agreement -1 if not or +2
Biomedical Antecedent -2 if not or +2

3.3.1 Antecedent and Anaphor Semantic Type Agreement

For pronominal anaphora, we collected coercion semantic type between verb and headword by GENIA
SA/AO patterns, and we generalized subjects and objects by using UMLS semantic types. For a pronoun, we
tagged the pronoun with coercion semantic types on the basis of SA/AO pattern.

Sortal anaphoras are dealt by checking semantic agreement between anaphor and antecedent. So, all noun
phrases and prepositional phrases will be tagged in advance by following steps.

(1) UMLS type check

(2) The Antecedent contains the headword in the anaphor’s semantic type.

(3) If there is no headword found in antecedent then check {anaphor, antecedent} pair by using PubMed

For {anaphor, antecedent} pair {The nmd mouse mutation, of a second site suppressor allele}, we created
query! :<anaphor: "The nmd mouse mutation”, antecedent: “of a second site suppressor allele”> and query2:
<antecedent: “of a second site suppressor allele”>. Queries are used to query from PubMed website and Eq. 3
was used to score the antecedent for semantic type agreement.

1
Score = 14| 2uery_pages Jrom query 1 1 4 3 3)

Query pages from query 2

3.3.2 Longest Common Subsequence (LCS)

The use of the LCS exploits the fact that the anaphor and its antecedents are morphological variants of each
other (e.g., the anaphor “the grafts” and the antecedent “xenografts™) [Castafio, 02]. We score each anaphor and
candidate antecedent as follows:

If total match between a anaphor and its candidate antecedents
then salience score = salience score + 3

Else if partial match between a anaphor and its candidate antecedents
then salience score = salience score + 2

Else if one antecedent match its anaphor hyponym by WordNet 2.0
then salience score = salience score + 1

3.3.3 Antecedent Selection

We search noun phrases or prepositional phrases in range of two sentences preceding the anaphor. We
count salience grader scores for each noun phrase. Antecedents are selected by using best fit or nearest fit
strategy.

(1) Best Fit: select antecedents with the highest salience score that is greater than threshold

(2) Nearest Fit: Select the nearest antecedents whose salience value is greater than a given threshold, and

find candidate antecedents from the anaphor to the two sentences ahead

We have identified the number of antecedents for its corresponding anaphor. If an anaphor is identified to
have plural antecedents, we will use following steps to choose antecedents.
(1) If the number of antecedents is identified, set the highest number of noun phrases or prepositional
phrases to the anaphor.
(2) If the number of antecedents is unknown, find those noun phrases and prepositional phrases that are
greater than a given threshold and they have the same patterns as the top-score noun phrase or
prepositional phrase.
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3.3.4 Feature Selection

Feature selection for salience grading was implemented with a genetic algorithm which can get the best
features by choosing best parents to produce offspring leave local maximum by mutation.

In the initial state, we chose features (10 chromosomes), and chose crossover feature to produce offspring
randomly. We calculated mutations for each feature in each chromosome, and found about two features to be
mutated in each generation. Max F-Score was used to evaluate each chromosome and top 10 chromosomes were
chosen for next generation. The algorithm terminated if two contiguous generations did not increase the F-score.

3.4 Experiments and Analysis

The test corpus, Medstract, was adopted from (http://www.medstract.org/), containing 32 MEDLINE
abstracts and 83 anaphora pairs (26 pronominal and 57 sortal pairs). For pronominal anaphora, we tagged
another 103 MEDLINE abstracts (103-MEDEDLINSSs) corpus which contains 177 pronominal anaphora pairs.

From the experimental results in Table 4, best fit strategy performed better than the nearest first strategy.
In addition, the features selected by the genetic algorithm indicated that syntactic features affect pronominal
anaphora, and semantic features will impacts on both sortal and pronominal anaphora.

Table 4: System result with best-first and nearest-first algorithm for Medstract.

Best Fit Nearest Fit [Castano et al., 2002]
Sortal Pronominal Sortal Pronominal Sortal | Pronominal
Total
Features 64.08% | 88.46% 50.49%| 73.47%
Genetic F5~F7 All-{F5} F5~F7 All-{F2,F5} F4~F6| F4, F6, F7
Features 78.26% | 92.31% 61.18%| 79.17% 74.4%| 75.23%

F1: Recency, F2: Subject and Object preference, F3: Grammatical role Agreement, F4: Number Agreement,
F5: Longest common subsequence, F6: Semantic type Agreement, F7: Biomedical Antecedent

The impact of each feature was also concerned and verified with the same corpus. Syntactic features
(F1~F4) play insignificant roles in sortal resolution but they are useful for pronominal anaphora resolution.
Sortal anaphora resolution are sensitive to semantic features (F5~F7), semantic type agreement plays an
important role in sortal anaphora resolution. In addition to UMLS, headwords and PubMed search results were
used to determine semantic type agreement between anaphor and antecedents. Table 5 shows F3 increases
F-score in pronominal anaphora but drop F-score in sortal anaphora. Medstract and 103-MEDLINEs results
show semantic type match is important in both sortal and pronominal anaphora. Table 6 shows F-score when
removing headword and PubMed query result. Headword features show improvement in F-score because the
semantic type of new words become precisely. PubMed query results improved little in F-score may because we
only use co-occurrence information was concerned.

Table 5: Impact of each feature in pronominal and sortal.

Medstract 103-MEDLINE |

Sortal Pronominal Pronominall
All 64.08% 88.46% 85.88%
All — Recency (F1) 61.05% 73.08% 79.10%
All - Subject or Object preference (F2) 65.96% 88.00% 84.18%
All - Grammatical Role Match (F3) 72.00% 80.77% 80.79%
All - Number Agreement (F4) 64.65% 81.48% 85.88%
All—LCS (F5) 48.00% 92.31% 86.44%
All — Semantic Type Match (F6) 44.04% 88.46% 77.40%
All - Biomedical Antecedent (F7) 38.26% 59.26% 61.02%
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Table 6: Impact of headword and PubMed.

With Headword Without Headword
With PubMed 78% 59%
Without PubMed 76% 58%

4 Conclusion

In this paper, pronominal and sortal anaphora which are common phenomenal in biomedical texts are
discussed. The pronominal anaphora processing was achieved by syntactic and semantic features, while sortal
anaphora was tackled by semantic features. For new biomedical entities to UMLS, we solve the entities
semantic agreement by using headword mining and patterns mine from PubMed query results. Experiment
results showed the proposed strategies indeed enhance the resolution in terms of higher F-Score.

Acknowledgement
This research is partially supported by MediaTek Research Center, National Chiao Tung University, Taiwan.

5 References

[ 1] Breck Baldwin, “CogNIAC: high precision coreference with limited knowledge and linguistic resources,” In
Proceedings of the ACL'97/EACL'97 workshop on Operational factors in practical, robust anaphora
resolution, 1997, pp. 38-45.

[ 2] José Castaio, Jason Zhang, Hames Pustejovsky, “Anaphora Resoution in Biomedical Literature,” In
International Symposium on Reference Resolution, 2002

[ 3] Ido Dagan and Alon Itai, “Automatic processing of large corpora for the resolution of anaphora references,”
In Proceedings of the 13th International Conference on Computational Linguistics (COLING'90), Vol. 111,
1-3, 1990.

[ 4] Michel Denber, “Automatic resolution of anaphora in English,” Technical report, Eastman Kodak Co. ,
1998.

[ 5] Udo Hahn and Martin Romacker, “Creating Knowledge Repositories from Biomedical Reports:The
MEDSYNDIKATE Text Mining System, “In Pacific Symposium on Biocomputing, 2002

[ 6] J. Hobbs, “Pronoun resolution,” Research Report 76-1, Department of Computer Science, City College, City
University of New York, August 1976

[ 71 R. Gaizauskas, G. Demetriou, P.J. Artymiuk and P. Willett, “Protein Structures and Information Extraction
from Biological Texts: The PASTA System,” In Bioinformatics 2003

[ 8] Christopher Kennedy and Branimir Boguraev, “Anaphora for everyone: Pronominal anaphora resolution
without a parser,” In Proceedings of the 16" International Conference on Computational Linguistics, 1996,
pp.113-118.

[ 9] Shalom Lappin and Herbert Leass, “An Algorithm for Pronominal Anaphora Resolution,” Computational
Linguistics, Volume 20, Part 4, 1994, pp. 535-561.

[10] Tyne Liang and Dian-Song Wu, “Automatic Pronominal Anaphora Resolution in English Texts,” In
Computational Linguistics and Chinese Language Processing Vol.9, No.1, 2004, pp. 21-40

[11] Ruslan Mitkov, “Robust pronoun resolution with limited knowledge, “ In Proceedings of the 18th
International Conference on Computational Linguistics (COLING'98)/ACL'98 Conference Montreal,
Canada. 1998, pp. 869-875.

[12] Ruslan Mitkov, “Anaphora Resolution: The State of the Art,” Working paper (Based on the
COLING'98/ACL'98 tutorial on anaphora resolution), 1999.

[13] Ruslan Mitkov and Catalina Barbu, “Evaluation tool for rule-based anaphora resolution methods,” In
Proeedings of ACL'01, Toulouse, 2001.

[14] Ruslan Mitkov, Richard Evans and Constantin Orasan, “A new fully automatic version of Mitkov's
knowledge-poor pronoun resolution method,” In Proceedings of CICLing- 2000, Mexico City, Mexico.

[15] T. Ohta, Y. Tateisi, J.D. Kim, S.Z. Lee and J. Tsujii. “GENIA corpus: A Semantically Annotated Corpus in
Molecular Biology Domain.” In the Proceedings of the ninth International Conference on Intelligent Systems
for Molecular Biology (ISMB 2001) poster session. pp. 68. 2001.

[16] James Pustejovsky, Anna Rumshisky, José¢ Castafio, ” Rerendering Semantic Ontologies: Automatic
Extensions to UMLS through Corpus Analytics,” LREC 2002 Workshop on Ontologies and Lexical
Knowledge Bases, 2002.

108



[17] J. Pustejovsky, José Castafio, J. Zhang, B. Cochran, M. Kotecki, ” Robust Relational Parsing over
Biomedical Literature: Extracting Inhibit Relations.,” In Pacific Symposium on Biocomputing, 2002

109



‘qu- 1 jkv% }f@“’:}if{ﬁ:ﬁ f"’é_q' 2 ;u/%\z" H’k‘{z g(:

ERE S EJ1Y 73 % PRI

TS B FARE R S SR &
{99124, chaolin}@cs.nccu.edu.tw zmgao@ntu.edu.tw
#e

THRWP AL RSO RN IS FAV BT P Aa N E Y A E R AR B
A EEREY TR R R AR R LB F s TR 2 AT SR ‘%’ﬁ
FE R kA R E LA P AP R U RN R e V- S 0 d R i A 2 R
A ARPALSHFIE S B RFREEERE A PR - BFAMSTOREZ > JI LS
selectional preference *t#t ix mg‘ Moo A PTREE A T e s 0 1002 collocation A A A e E FEGE
B o FHRBEFRETAPDINT AF AL 161,@?%%\6 » BFILE T O AR o

Key Words

RERBLELE S 2h  pHi 22 38 TR ETEY @A FHT - A 2R3 7 &2 - collocations ~
selectional preferences

1 %
T Mol Br & 4 348 (computer-assisted item generation - CAIG) ¥ #& #4Z & (item pools) #1% Feh
EREAR O TE K RAF AR LR FOEAR [26] 1T B R E L a4 o TR A
AR IAT AL AR SRR NERETRE A FY N4 R R 0 4 Fla B0 iR
REREARIE [11] o b > SEFRRETHEE DG S E > NPT IF D FE R e 3 T RIFL
BALhO S ’ﬁ PP AL A RAE e ARh AT ¢ 0 AP T * p 2R3F 2 A2 (natural language
processing) shfi » RS the TR F oo e A4 R i #iR| % # 4L (cloze |tem)
BARGE S AL E3F 57 (7Y Fonend N A L B URRIRF B Y - i A
P AR 5 A# (template-base ) #17 j3 aE = [3] - ;adf ﬁ%ﬁ Fen= MU 5w %; ik H3
[2] - ¥ - 28R 2 g B2 R A4 * G 4 E > 4o LDC <http://www.ldc.upenn.edu/> £ OTA
<http'//ota ahds.ac.uk/>» & p (7 > GRF R E > K P EB 4 jma+ A& A RAE o auﬁ SRS SCAEE - i
3z F%P‘ RFE R A I AR LA > - B A0 LT S aui TR rmk &S
X REB [16] o Flpt o AT 0L FJIH R P IR ir’v’ﬂ FrhE o T ERERE Y e F o PE
W’g‘rmp%r PR A SR RIR AL o RIS SR A S AR M e A 2 apd e P
E e —E" * R BRI E AL o
SBEFTEEC RN fRFT REDEFRESFLRESSF > NI AL FER
(multiple-choice ) 3| ;% crseiBz@ BSR4 o (2 7 HA=L » ™% TS B3Rt | & T34, A4 %
F AL N L BRI R4E - ) Johns [7] ¢ Steven [17] # * concordance ¥¢ collocation =% 4 j§ — 4k
L34l B ¢ # 4 :#4E - Coniam [1] ;ﬁa ol A ?‘Iﬁ’i@c‘ Feeag (word frequency ) & 4 2 T8 A
SEAE o A 2003 £ e iTY > URER L A RBRARBETEGE L E N nfRT o B A
B boenm e FAL L 1R LR WEMIOR [4][18]

=

o3

<k |

Ra o pwmos b T3 S BERF R ’*Wp/f@“’miiﬁwtii? BA AR o bdeo F IR U
FOOMEAE A RBRGBEFLFF Y AFY RS R - PR Y S o R fART O R R ER
* B4z ¥+ (keyword matchmg) 7 E — 4o concordancer P S FERRAPEI -G R e
FoFARFARACTHFERENI TR Pt B A - FRAAPRHEATEIE- BFLRED
PF oo B LR - IR AL B - BiPene 3 FE 5 AR (stem ) AL H e T A GER AL

ve- %% (key) m 2w = l[%m:if??f,w,aﬁ sé'iE (distractor) »

111



1. My sisteris , that is, | am going to be an uncle soon.

(A) supposing (B} assigning
() expecting (D) scheduling
Bl - i &2 S RF R b

LEr-BeoF o APRITEFFERARES - GFEUE -FFERERPEDFEE RS R (item
facility ) 223238 hgEw R (|tem discrimination) » # - 38 & & ch1 i [12] o F > 3 FFHHEHR S 3
BYHPEDRE > FR Y R T PEF S ER RS (14 A B LT R L)
TEpdlendt 4 > AR 1P R FHT (word sense disambiguation ) B 0 EGEALE P PE 7 G :};1 T3
;& ¥ ko3 > T4 * 5t collocation £ selectional preference [10] m#:ﬁtri#“ G EEE P RITR

NSRRI AP DI R RE R L AR DT O AP T RE BRAL IR A - R D
ER Ak B SR

“W*$2*ﬁwéii%?$&*ﬁﬁ’iL%S%ﬂﬁ%ﬂi%ﬁ%%%’%iﬁiﬁﬁgﬁ
% oo ¥ 4GP APEERPEIHTIRY AN NEHSF T A% 5 §4F 7 % collocation &
selectional preference s * £ A A 2 4 FE I R d b o4 AT R M SR A K 6 F o

2 R SuZE ’}#_
e it i S VR e g PEa3
R E X S ’
AR ] P REOS A2HE »| SRR

B2 b L2 fﬁ_]%]

BI2Ep 8 A2 R RA A AR A2 URFRANE S BAL I A B[R IENA B
F ksed o 3B B R (target sentence retriever) < i 5t &Rl ShiEF chE R PR R L IRRAER
FAE £ AT iR R (tagged corpus) @ S A8 A § 161 S + 15 5 RATAA L item
specification) 9/ G > RPIZSodEF ¥ E » FNE Ko Tdp LF F Ao ER & o Bl 3T FALRKE A
G o AP AT FRFERAR L DR R AL TF DR - PHRRREESEHET R
(target-dependent item requirements) £ #1345 T A7 £ EFRRIS P ARATR T ARRT > 2 F ‘ﬁ Vg e—
B RP e Bhla T o %<& x84 (College Entrance Examinations) ¥ - — i iR RAAELATE
FORPEAR AT BT 28 B2 B O[18] 0 A RIKRMIEF T R FER DGR A 2 RIS R o 2
EOERE LR o I fbgiiﬁ'l‘%..‘fﬁnj‘;—‘ﬁ» U A *Fl ¥ &th—’l 5T B R s i E 4 AR kR Y
e Rt L
Cloze Item Generator

Dlease enter the specification for the desired items.

Test word: find
Part of speech; | Werb V

Word sense: icome upon, as if by aceident; meet with V

Humber of ttems: |3

| Submit ]
B3 AR 46

4P~ p o5 (target sentence) 5 » T - B s 2.4 £ 43 ¥:E%E (distractor generator ) +
37442 & - collocation £ selectional preference % %% if 2 & éFiE 3 & 91 o 4o % 245 7| K49
FEER (- TESB) BRG]0 AR ERPEBPEST A ALK B A
2 LR RRATRR o

&
5 ol
W
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3 EREkREFL

IR FR I FE o A A R = B (web crawler ) j&_ Taiwan Journal
<http://taiwanjournal.nat.gov.tw> ~ Taiwan Review <http.//pub||sh.glo.gov.tw/FCR/fcr.htm|> 2 China Post
<http://www.chinapost.com.tw> I $AB~EiTen2 F cipE A P I B ITH R ER B S F 2 L ATE R
R FFROHAFHEFIRIFL oD W ANPAEMEY > L3 163719 B+ o H P ¢ 77 3,077,474
B = (wordtoken) £ 31,732 i :#4] (word type) e

— > HTML #58enieF 2 2 253 AN ARen S ) 5 - AP Z 2GR & T R4~ 188~ F - R
=l - *J}'é,i?ﬁm%fb;' PG R 3 Ry B0 ) A B e —?——ﬁ)\yp Zied % p"m‘)ﬁ,‘ﬁ?llb’i\-s\ i
Blihe 3 o T L B4R kR o AP % Reynar B % ¢ MXTERMINATOR 1 £ 7 % = $7 @3 e 1% o
MXTERMINATOR % 2>+ Brown £ Wall Street Journal % ¥ ¢ amEfl @ 5 < & 97.5%: %7 o7 & fx 5
[15] - A P daF = B o 5 #7300 "Jﬂf' PR RET RER Y ﬂﬁ”“’t @—’)5 * mﬁ%ec °

FERE? R BTN TRB AL URFPEM I AP ¥ Ratnaparkhi 71 MXPOST
ELEREREY e ;\? e MXPOST ﬁ i Pen Treebank 372 & LR [13] 0 filieifiis o A ks
B@ap e B3 @R (lemma) o Bola % 0 % classified @4 VBN > 2 P hic #3049 5
classify ;s & @ A_JJ» EH 3o = classified ¥ ¢t > 2L @& * Lin o MINIPAR [8] thie e+ ¥ ahfg * 35 -
MINIPAR 7: 43 8| arrive at 22 in order to % 7 ¥ A cff #* 3o ¥30 W7 A chlg * 3F 0 3 43 L4y
SRR E R R %

pu}

AR oo @ % MINIPAR i & ehp (> v % B0 50352 347 (partial parse) #st ap o 2% % -2
Be* A4 L RWEA AT o - B oS P anR R BT 3EE L P R%-6 42 MINIPAR #41§ jp) >
FI* M GT AP EREIHT S RGP wa o3P B @E wg F2 il o

fizo 5 owent 83@ (signal word) = i #i 5 %L (signal) -

d RS S F B R AL RS L L0 R
Appams FENAL NG FRBITLEITOLUAPRE TS I HOS
BFHT c H{WEEA T 0 BREF RV DAFE S XFEBAT DRF I
BAT A F WA EMZARL AP X PR B oA 3 0 b Jimmy builds a grand buildmg - ’
build %t grand % 8_{ 30 building <01 5L30 3 $307) 7 308 & B RERE T T A R R
A5G P o

vc:f;éi R uEARY F &P ?;% FENT U SRR R ET F R hT R c AP E R

é& & FE B e & F BRI A xm*ﬁ“z! WordNet <http://www.cogsci.princeton.edu/wn/>
rrJ#rFL B4 E AR B EE S L3~ A% Wl esg ] (class) 2 ket selectional preference 2 collocation
mﬁ.ﬁ;ﬂ* » 24 v i HowNet <http://www.keenage.com\verb> 1 % o

4 H{HEP ST

AR27 P ESFF K AR BB S e F o - BARAR 5 13iE P ¢+ (candidate
target sentence ) e F & F & g#;, im,g 21z o %ﬁ" E3 a.mfj * MXPOST $3# #riie et » AP @
gL A g R B T RER ﬂrl‘?”"" 6 FAEA 4 B (item generator) T & 4T F ks

N+

1_+_
LR EF F o AF (0 R FHT iR B % S22 1 & selectional preference (4 b

4.1 R % ¢ Selectional Preference

f1* selectional preference g B4 14 %5 (T3 RFHT N F PR B A - BFAT o o3P R -
FOnE R o § X T e3¢ B @@ 4] - Selectional preference 2R £ FHT 2 B e 4w ¥ — B
f H b F S P 0§ 230 chair 13T w F Susan interrupted the chair ¥ PF > s Edp - B 4 A X ?Ef%.
e [10][14] - Byt A e gz o+ ¢ 2R B 5 &3 (polysemous word) F 372 BE 0% eig 5L ki) §
WA a S P R A o

2T L g HowNet PR RS LR R genib i 80 SR IREREY & (i
Vo B F s LA WA R ) HE B R i o kit selectional preference h3g B pEF s 12 T
Higw] e 0t S wr e n A (& e HowNet ¥ ) 12 f (wr) 27w n X %
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P

BN GyvaES > ¥ op F o waB BRGNS A (W) AT ow REEEM Gy aES > 2 E G

B eng w] o AV - w &2 roghselectional preference ¢33 & 583 (1) & T
A, (w )= f,(w,7)] f, (W) @)

FEREY MR w B venlFA T o Ahwh R AR (W) E Rl b s Ew vk
TR R X TI(s) ={my, 7y, w3 ERF s FHFR F EFEREY IR wE sk S8y D 7 ell(s)
B R £, (w, ) et dicde ¢ 1/y o % l o 3 B®E 2 qd 3 eat ~ tell & find 2 2 %% HUMAN ~ FOOD

BRI o d £ 1 VA $3 ear HH X P iRFE o P AR Wiy FOOD » & # 3@ tell
R R R
%1 Selectional preference 3% i su3t F AL

ity
v= B R 27w
eat tell find
s HUMAN 0.047 0.487 0.108
K FOOD 0.441 0.005 0.057
42 P HIH
EY frs;*ﬁ“d 4.1 & 4 %R & «ehselectional preference ¥2 3774 WordNet shif B4 > 5447 1% 38 P &
FRATE - ST WAEFRA > ~) ﬁf'*’*‘” T4 REAGEPRSF P HE AR %?’ﬁ‘rmﬁ o ?

qjﬁéiﬁ-;ﬁ % WordNet ¥ 5 5 - @& o #ARFHTFE 2 :ifhgiﬂm’f' PE— A MAE o F 2 0
sy 4 fﬁ;ﬁ% s - B iEE P ’I‘?— %+ They say film makers don't spend enough time developing a
good story % I I RFHTOF R 2 AP A e F ¢ ahd 3P spend (T30 & 787 & WordNet e & T o
spend F # fA3H &
1. (99) spend, pass — (pass (time) in a specific way; “How are you spending your summer vacation?”)
2. (36) spend, expend, drop — (pay out; “I spend all my money in two days.”)

¥ - B3P & 5 pass (time) in a specific way » % = 30 & A_pay out - WordNet $+& B @ & #7 & 7 eh
M e 3 (1) e (headwords) d - B ‘“ﬂilﬁ Kl ’;ELEL+W‘“FFF——§3-VKFF %5 (0) Z@a~E: g
e BT R AGHEY 2 o A2 (SHTE ‘”’*’}‘rm'ﬂz gt o B f R E MR R R R
fﬂﬂf’}\‘.?azdfﬁpﬁgﬁé—ﬁli_,_‘j\_e/;;,[;; %amﬁl—“;‘\:vf"j s vspendmav—l[a; &ﬁ‘)a 1%*%,75;???
pass> @ %= B AT 2 BIREEF © extend & drop o

- BHFEPEST P B spend % FIRERIFTOE e 2 0 E0U spend R WERAHE A oS
Voihg e bR R RS H ﬂ%zmﬁ-sp;ﬁwu TR ABER RO B gy £ 18 4T 3
Foos FRERREY B I RARG RS 5 cha 3 o R e ARG A T i LM AR AT & o
FIHERIAEAPNE - BE AREFNG ﬁ—}f%f—“?mk B » FRA NP AT L T Q)

o

plek > AT ol R PE’F‘?% Hip| B iEE D AT spend et T <% (context) g A2 R >
ipA A Tdp nt T v o & spend 0 BTG @ 7 Bt o & =X 1L 13+ They say film makers don't spend enough
time developing a good story % t] » #8F 1Lt g spend B iEE P &3 ¢ A3 (makers) £2 %3 (time)

s 0 BF & spend t e P AW X P AFEAP R o F spend (1% - BIR &b o ® BE- B spend
BiEFER RO F Y RN T o P - BRARETRF DA F 2R ¥ BRAKERE A -
THERIAAAPEFIFEE LG oINPT E L o 4 T}"*‘*Lf\‘ (RS R BT O W

B M4 w e WordNet shE &7 5 n B3k £ 0={0,,0,,....0, } EMEF winez & - BX
B4 w e & 6, & WordNet @ 5 m; BHEREE R c CLAAP X 3 T o w A& 5 0, chilegs e ) AP
B8N, =y Agee A R MR w R R O, T £ o

%20 " MINIPAR $f- Matm Tl aniziE p e T v A 47 > 7 8 3BT Mg e
B Bk ow o3 TF G w(D)BR550 - 204 k& YT w) ={yir Vor, Wunrt © % TF
WL EREE o Py B ETY wly, pang M 22 DT w) =i Var, Vst &

w2 BAEEN Genl £ o
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fj};rﬁg!ﬁggswﬁv%ﬁ iBFEOH T By RRERA TERE DS LY A+ () R A48T

¥ & i 503 v, o e selectional preference 5 & 0 £ R H TinE o

1 I
m kZ::l Av“ (/11‘,_/ Wer)

FI 30 & 0, 0 (7 e B o T 0, #rh T SR 7 e Boeh T 151 o

1 m u(T)
Q, (0, | wT)=— A, (4 2
t( i |W ) m, Elﬂ(T) Z /(’7-( \J l//k,T) ( )

>

Afprr N3 Q) PEBREPESAF T Y F:,Maé—é?’ w & O LRI ATIET A fie o VLR

selectional preference 555 & A, (4; ;W) E 155~ 8 Q, B K felciE Y E 0 5] L ehfe 2 poo
F X WordNet $3% 5 39 &% 3 ik e > 2 1?“” VRS SRl rm;u] B FEEREOTF 2Z RaREBRAp AR

B4 UGE DRSS P MR R o Al ARG IR RS S s o £ T S AU E
WA IR E 1R 8w PR O D] o AR T A3 BT R R G, bl R R 4
AEQ o drk - BEATF SRS AP XS Q) HOHE B E A BT HB YA K
LS T 4
PE Q0w T) % 3
1 AU REMEER w AT S i ik & W(T,w) 2 W(S,w) » 11 2
£ T(T,w) # T(S,w)

Y(T,w) ={vir ¥or - W ur)rt

V(S w) ={y1s.Wos: W ues)st

O(T,w) ={vir Vor, - Vuryrt

Ve waEEM R

LS w) ={vis.vas, -V us)st

APES TP w8 S Wy, Ty, =y, 0 BR ;& HowNet
vh o BN 0 EE Ty ) ={m a2 ZTiTm, T}%\‘ 70 @ Yy g & HowNet # 7‘5 ng.s
BagS o B E H(‘//k,s)—{”k,s,r”k,s,z’---'”k,s,nm} Foom e Ty, p) N i0E BTS2 ’
o Uy s) ¥R AW Ty T =Ty o B E R e .
MO, T) 4t 1n,p o

M(6;,T)=0;

markallv ; » € I'(T, w) as unmatched;

for(j=0;j < u(T); j++)

for(k =0k < u(S); k++)
if ((v;r unmatched)and (v, » =v; s))

{
mark v ; r as matched;
for(l:O;l<nj’T;Z++)
for(m =0;m < nk'S;m++)
i (7ri=mism) M(;,T) :M(eilT)+]/nj,T
}

3. X3 Q) REMERAFEP ST OREFE AN P e Fﬁgﬁf/ﬂ" A0 Fe 35 % B

enif AT o A I T 350 Hic e
M(,,T) 3)

Q0 | wT)=—L"">
s(0; [wT) ()
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FEPEAF TP B w0, “TE @S i £ 03 (2) 43 E aQ,6, |wT) (&5
?%ﬁﬁﬁbﬁ)$§4%{$:bFM)W|wD(w'%£@mA ) deida B EFE G A B

FE DS BAGEA P AT (4) PiE TP HEE (threshold ) i3E p o3 T ¥ b e Wi} & Hdgi%
%9&&$ﬁﬁéoﬁi’%QﬂMwIﬂH%WJmﬂ&h%E%+’aﬁﬁiﬁ%ﬁ% R
AR g TENE R S DPER B FE P RS F > SHE Y DR L AT R FHT 0iE
oA PR-A61LEFM I HGHEY 3 o ﬁ;’fi?&’ﬁ?%ﬁ’%ﬁﬁm FES ATid & R .

argmaxQ, (6, | w,T)+Q,(0; |w,T) 4)
6,€0;

SRR T FEAPE T FEHY §
RFEFEW OB L FRRF o FRaFRT @ 3
B CHRFAFEEER TR FHEAR - 3 I EERPEAE L -

FoLTRINGFET REZOS FLAF A LTI e FRaF £ - AER > - A
ATEIRE LA A FEA IR FEER - KO FRAFARRF R AN DY 2 iR
PEEREER A FFAEERIFIEL AP T UL g AR AT ErF AR AR
FPRIEGFARR Y 2R E Y PR B Y (G AP ER LG P o FA s FEFER
EAFEFARMY 2 AR DE 2 R LTI o Fp o 2 v 4 F &g 1+ (culture-dependent) ek o T o#-
LG EEEAANY 2 @ROERITLFEEADY R R RFE NG Y B FEFLEY 2R
HEIL o

;ﬂjﬁﬁﬁf;gggﬁ’AW%*?&?%&éﬁé#ﬁﬁﬁ%?ﬁﬁi*ﬂﬂ%b$¥
AL - FERIPEL pad > T p GFEL Y 5 on B 0 m FRAGEIEE L 0 B Y 2
xm@oﬂm&ﬁ@@ﬁd,ﬁ_m—mmm+mm]mﬁﬁﬁggﬁpgﬁwgﬁﬁg@gﬁéﬁﬁ°
APUIA FER AR LR EE R ApIT o #%%%é%%élﬁf%éffz%‘ﬁiﬁﬁ%ﬁﬁﬂ@ # & (fitness) » 1
P FESTER - G REY BiEY P EE e iEir Y B i g s o collocation B A A0 3
E B] e R €& & HowNet ¢ -

BE O3 EEEZ AP HEREY gkt U PR o Y i - PER RS PG
B iﬁ-’;’ e aRE ,n?ﬁ%ﬁu P ETI f@;é L_sf%igies:l?%lé ﬁt‘a‘tm% oo MERIA T 2L

R+ m;?

£ T= {tl’tz’ YR RRRAGROE L (TR SR FR AP ) APRLT Y BT IS B EER
NERF (I) B SRS 75?9*%’]%?’1~jﬁ’3 (I1) #% 3 A B () 11 i 5L
BHE-F (clause) gk o £ T'cT 493 T¥ ‘é‘ﬁga_‘rﬁ%fa T'={t't, ,..t,}’f“fr”*;"iﬁ%é?
3 %% k&5 B £ & P pointwise mutual information > & FH T 35E o Bk C={S,S,,...,Su} 5 F
B9 oarg a3 enk b TI(x) & TI() A ) 5 583§ T« ﬁi@-ymwhﬁé’ﬂwﬂﬁmmm»
REHEY FES, ¢ F - w I TW)ETI(k) he B3 23 B &t ] RRPI(II(E)) » FHEY &
wS, e - x X (y) 2@ H2 355 FE B e

Pr(I(x)) = é{21| S, contains wand IT(w) N T1(x) # ¢}

S,

Pr(T1(z,")) = é{ZH S, contains y and T1(x) NI1(z,") # ¢}

Sy
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“,ft'” o ZERPH((c), II(,) » FHEY 5 &S, FEe 7 we y® II(w) & (k) 52 &~ T(y)
E?H([i)mi&gx',;;Eké‘“rxé;mkt’mjo

Pr(TI(x),I1(z,")) = é{ZH §,, contains w, y where w = y and I1(w) N I1(x) = gand I1(y) N T1(Z,") = 4}

35 § T K HAR P £ R DL RIS (B) 0

-1 Pr(I(x).11(:,) !
S = 2 ey Prni(e ) ©)

F f()enE g3 03 PP AL = 534 FiEE o 50 Eiiancollocation 1 Pl f s Jeo AP
BERNF - BEE R TFHES 03 R FELANNF (B) # 220 £y F P AP B F o &
PRE AR p 1992 & 3] 2003 A B B E 2 FLans kR -

6 ERAMT

6.1 FHRMHT

FERFHT D RFE D RILOF LY A - ARSI R EHH AL [10] 0 2 P B2 R F e
BB %“ﬁﬂmlwlkv’ %WﬁmLﬁig*m%ﬂ%%mﬂfﬁm[Mmﬂeiﬁyﬂﬁ
%%ﬁﬁmaﬁmﬁz’ﬁlmﬁ@SH@BML—#%%”ﬁﬁ%@;iﬂ—ﬁﬁﬁmlm’ﬂﬁi
W™ RRRAPOTHRESE o

* W ERIETL FE

B f 2 FiEE =04 FiEE =07

it 38.0%(19/50) 57.1%(16/28) 68.4%(13/19)

%3 34.0%(17/50) 63.3%(19/30) 71.4%(15/21)

A5 % E 26.7%(8/30) 55.6%(10/18) 60.0%(6/10)

Bl 36.7%(11/30) 52.4%(11/21) 58.3%(7/12)
FHEMAIRGEHRE? EFP160 B3 #HE B I ETH Y - BHARTFRIHT SR M
@& 77 50 B ~50 B L3 ~30 BAE e 30 BRI 0 i 160 BRAER & WordNet &P W

w R *a’sﬁw%wlbp4%@agoawﬁq1@@Mﬁ?¢a¢w%ﬁﬂaWﬁ’
I X EFHTOL RS > DAEFRET A 20

A (baseline) — ff “741 7 i Fi ¥ ’mﬁ“ﬁ*%ﬁﬁﬁ%%?&%i%ﬁé’a—%%%?
Bo¥ L3P & P EMrd WordNet #r3% B enFi o H LA R AP E Y N3 (4) KT FOFEE (A5

£.04 % 07) ##@ 5|l fi 5 °%kﬂw*42$wﬁfm’$ﬁﬁmﬁ$& %gng;m@¢=
2 RGP EFHT (FIABLEGREFHTOT LR LG ) F PEEOER T RPE P ARIHT D
DREF R L AR HE O EY KB OPAEE & P FIRE D R ’wk%waﬁlﬂ_ﬁ(wmmmmw

3

HBE N2 B (4 &3 verification 82 25 % i@ frightened) 3| 19 B (dc$30 have) 2 ¥ — 7% T plig % o
b
2

PEFHAET UAEHFANFRL P oo F > APTEANRFEEFHIOL S 0 AT F TR
H oo

Ay R 7] WordNet 22445 f[%%ﬂ"%ﬂ%i’xﬁiﬁf;nm PR - BEWRIRLF IR SR EBP A M
B2 PERHA G 2THR nhm/,,\ﬁtu. ,T*{Q EROA o A p ;}gtg,; # & WordNet # lt—mx/l] i
AT o A A ARG EE D AT e R B AIREIRG M ane R o SBEAN PP Wit Y A

P RESA  RRF L SRR AL R %v%&i?ﬁﬂmo—%%%%%%ﬁ—
RP R K G - B DS R EFHTOR T A ¥ F L FA PR R LGN
v L £ B WordNet > & (7% Lampidrd & E G & Hav] o o
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~ =3 - '3
6.2 A2 iR
Bl 4 281 B 3 % meniE 2 m@?] Aok RAiRE Fm A4 - BRI P éﬁn#?—“’ﬁ? MR PeE B R
ol AT R
Item Selector
I people who swim al pools 1o be very selfish,
{A) characterize (B) connect {C) claim ([3) find Ans: [

Johnson's examination of the Hakka of Tsuen Wan, on the southwestern side
of the Mew Territories, the inhabitants firmly convinced that thay are
the indigenous people of the area.

(A continues  (B) finds (D)) challenges Ans: B
Huang increasingly that his fans have high expectations of him,
although the upside is that their suppon helps provide the momentum that
keeps him going.

() employs

(A)prevents  (B) controls () Tinds {12} aims Ans: O
=
B4 B 3 AR AT A 2 AL
BIEG PR PR R A 4 B (itemgenerator) & 4 200 iF AL 0 3 7 HCERE F T RIS AE

s H o SNPEEIN U S L3 AR EE R g*m;g&{{s Bul AR b akifice 2% A aguTy
= % [18] 5 A4 1992 & 3| 2003 & S #ex B 0 B ¥ RBohE 2 sk R4 éﬁ?.&p\ ME Fepha ¢
IAFE s ATk et B A B 5 D B0 35% ~ L3 30% ~ 5% 3 20%E7 Bl 14% o FIpt o ik 4R 0Lt i)
FH TTRE 3 623 23 ~ 35 FE N R Y 6 MR s F R UL A A AP oS o art o
B PEARA A PR A A TR R AR EWPE AT AR ET R AR T (4)

TR EPHEE S 0.7 ¥iRegr rﬁﬁé&rt;\?;‘;ﬁ’%ﬁ cF LS T AE I EF L BB 4 2L Y
74 o F L iR mEF iy BT s & Smﬁ,ﬁg“% IR PR IPEIHTOE RS NP Lo
P A kA T o R A4 ] 2 EaE v i‘“’f‘ LT FIDE R &9 R R &
e =M o

L e

Bk S B [18] $w AP ILATEATA G 0t 6] J A 3 200 3 AR RRAL 1 3
g:&;ﬁmﬂp%ﬁ” T‘ B "gﬁ‘}\g‘l}l’éi mvéggkﬁ Ehrlg‘4 Iﬁx{lﬁ“’ 1&"}; 1 'I%KJ—&E&EIE (gﬁgﬁj‘ﬁ/) d A

pé‘iid FREY ERHEE N ke F o AP LD L1 HETREE T rE- hE R A e BER
R - BPies 5P X3P E0mF o L 487 APl Rax ST R E SER
mﬁ,_k%.@ Foo
dONRAFHTOL TAp g & PR A E A 2 Biw B B i E R R MY PE > A
PiniiTh f AR g *:‘?{EH% KRSk E s L oo
%3 #EP oSO EF
B ERanait FAERE B ARe F il
i 77 66.2%
e 62 69.4%
FLiR AL A5 % 3 35 60.0%
S 26 61.5%
W 65.5%
#4  AAHFBEILODL S
AR A Rl e RALEE hEER NI RS
Eisk 64 90.6%
Z 2 57 94.7%
hiR AL 2% 3 46 93.5%
&3 33 84.8%
2 91.5%

118



63 [ 5

Ao BpFA L BN AT SR NFULAE A - B RN RIS T LA B
PREXEY LADREY [4] B i > AP AR & DT ,s SRR IR L LB R P
e R H ORI SRk S RIS SR TR 4 n G PHE AT XA TR L Y 0 2 (8
kAT RBERRS Y AL AR PR AT ER LI ER S RRBEY T HRLET
B g o § RIS B iR S #i%l PR E PRI B A - AR PR o M RISk KA
FATVEERELFR PR DA TEF LATRDIY (S RRRHEF G RS AR ) F2
T E ) € od ¥ 4 03] (student modeling) ® - % AL # sgit TR 4732 EEE S R 2R AL D
A

20AEF BRI SR FRER AP BE T AL R *F (idiom) F:&%{b‘* 5 2% (phrase) R4Een
GE R SR B I mﬁg?] EIN T T ﬂ}& y 2 nrﬂm,,s A/ EEL F RPN R [5] -
BF LA RN o AP LR E S ek uuiﬁﬁiﬁﬁﬁﬁfmgﬁ(ﬁ‘w‘ﬁ‘%%iﬁﬁﬁ
4 iy 4 desg A e k5L [9] e

Item Selector

A high population density and strong purchasing power have the
island’s woeful traffic conditions.
(A) referred to (B) contributed to (C) belonged to (D) appealed 10 Ans: B

Persons infected with the disease will have legal rights safeguarded and no
be at work or in school.

(A taken back (B) resided in (C) dispensed with (1) discriminated agains
Ans: [

The capital adequacy ratio will be set at 8 percent to determine whether the
restructuring fund should  poorly managed banks.
(A tnke over (B) break out (C) give off (D) pass through  Ans: A

e e

78

-%;\7

BAT Y O APRIT P RF T ARSI AAHDS 20 T fi'%if;% Feam A2 URPEE
MR E | ft,éﬁn:%f?‘l%% FoAp g et F oo ;‘gd BB FHT R E 2 4o 2 A2 BT > R R A
AR TR RGP RDER AT AL I AR F L1 1T b RF T ST
LR ﬁtﬁ $o- BRSO A S 0 BANP DS T N HY IR e

EFE o PR AAABRHEOLITI R E-BEE P BF o ZTEFH R K‘Hﬁ";w; a2
FHTZ R R P TR A IFBEEOTA > A LATTIE - B o a AE - 93 BEEARMHTT
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Abstract. With the growth of the World Wide Web (WWW), many people nowadays spend a lot
of time performing various tasks with browsers, most of these tasks repetitive and tedious. Many
applications are created to reorganize and simplify the usage of Web resources, which are called
Web automation applications. This paper proposes an infrastructure to create Web automation
applications, the WIS (Web Integration Solution) system. WIS integrates a diversity of tools and
technologies to provide a software environment for developing Web automation services.
Developers can use this tool to create various Web automation applications. We show the
versatility of WIS by implementing three exemplary services. The first is a metasearcher system
that provides a single search interface for several indexing and abstract databases. The second is a
cataloguing tool to simplify the task of retrieving bibliographic data from the Web; this tool is
also integrated with a book-recommendation system for libraries. The third is a Web site checking
system that periodically checks if some critical Web sites are working correctly, no matter how
complex the check procedure is.

Keywords: User Surrogates; Web Agent; Web Automation

1 Introduction

The World Wide Web (WWW) provides a vast amount of information and plentiful services, and continues to

grow at a staggering rate. Because of its explosive growth, people are spending more and more time on the Web,

performing various tasks, many of these tasks repetitive and tedious. The following is some typical scenarios:

® | daily check several sources, including online news, Usenet newsgroups, and bulletin board systems
(BBS) for some specific topics.

®  Some WWW sites recommend several books to me, but | don't know where the best places to retrieve
them are.

® | want to buy a second-hand notebook that fits some requirements. There are several places where | could
find them and | don't want to miss any good buy.

From the above scenarios, it can be concluded that: (1) many tasks are repetitive; (2) a user may not know
where to start surfing in the Internet; (3) many tasks involve several resources in different sites. What we need
in these scenarios are agents, or Web automation applications, which act as our surrogates to perform these
laborious tasks. A good surrogate should have the following benefits: (1) let nontechnical users be able to
exploit the information available on the Web without being overwhelmed by technical detail; (2) free users from
repetitive browsing tasks; (3) reformat and recombine the information from various Web sites to best fit a user's
task.

There are many applications that use data from the Web, but they are usually developed for specific
purposes. Instead of creating from scratch every time we need a new type of Web automation application, it will
be helpful to have a tool specialized for the creation of such kind of applications. This paper (1) identifies the
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common needs of Web automation applications; (2) creates an infrastructure, which is called WIS, that
integrates these essentials together in a single tool suitable for the creation of a wide range of Web automation
applications; (3) provides technological solutions for the challenges imposed by Web automation tasks; (4)
constructs some applications to show the feasibility of this architecture.

2 Related Work

We define Web automation as user surrogates operating on existing Web resources to simplify users' tasks.
Many applications have been created to act as user surrogates, and we discuss some related works to clarify the
scope of what we mean by Web automation.

Search is a very common task in the Web. A metasearcher is an application that helps users perform search
on multiple search engines. It provides a single interface for the multiple target search engines, and lets the user
search these targets simultaneously with the same query. Many types of metasearchers exist today, with
different capabilities (search ability, results display, and so on) and purposes. The Metacrawler [1] is a
metasearcher that searches general-purpose Web search services such as Lycos and Google. Our previous
works, the Unisearch [7] and VUCS, search different target collections: the first abstract online databases, and
the second online public access catalogs of multiple libraries. Metalib [15] is a library portal that lets institutions
manage hybrid information resources under one umbrella. The resources that may be managed by MetalLib
include library catalogs, reference databases, digital repositories, and subject-based Web gateways.
Metasearchers are not necessarily to work only in the server side; some are created as desktop applications. The
Copernic Agent [2] is an example of such a desktop metasearcher application. As source Web sites tend to
change over time in many aspects, profiles of Web sites need to be updated to keep them accessible. Installed
Copernic Agents keep up to date by downloading these profiles periodically from the Copernic Web site.

Price comparison sites collect data from various online stores and produce a report for the buyer about the
interested good. BestWebBuys [14] covers several kinds of products such as books, music, video, electronics
and bikes, and uses dozens of stores as sources. BestBookDeal [13] focuses only on books, searching and
comparing prices among 61 online bookstores to make sure that the buyer gets the best price. It claims to get
real-time information about books, pricing, shipping cost, shipping time, sales tax and availability, saving the
user from searching every online bookstore.

Many business systems are available for transforming the Web browser from an occasionally informative
accessory into an essential business tool. Business organizations that have previously been unable to agree on
middleware and data interchange standards for direct communication are agreeing on communication through
HTTP and HTML, which needs human intervention (Figure 1). The need of manual operation may become
highly inefficient when a lot of transcription or copy-and-paste operations are part of the daily job. The goal of
the Web Interface Definition Language (WIDL) [6] is to enable automation of interactions with HTML/XML
documents and forms, accepting the Web to be utilized as a universal integration platform without efficiency
problems.

WIDL uses the XML standard to define interfaces and services, mapping existing Web content into program
variables, allowing the resources of the Web to be made available for integration with business systems. It
brings to the Web what is similar in IDL concepts that were implemented in standards such as CORBA for
distributed computing. WIDL describes and automates interactions with services hosted by Web servers on
intranets, extranets and the Internet.

3  The WIS Platform

3.1 Common Needs of Web Automation Applications and Solutions

The main concept of Web automation is to reuse existing Internet services. For example, we can put online
bookstore services, library online services and inter-library loan services together to create a powerful solution
for providing books of any kind; and empowered by Web automation, it will not have only descriptions and
links such as traditional portal sites, but also really cooperating together. Continuing this example, which may
be called a book agent, the user uses the metasearcher capability of the agent to search every potential provider
of the book, no matter the provider is a library or a bookstore. The agent may create two groups of providers
having the wanted book, one of libraries and one of bookstores. If the user selects the group of libraries, the data
is passed to an inter-library loan system to acquire the book. If the bookstore group is selected, the agent may
propose the best buy by comparing the prices and conveniently send the request for the user. As we can see in
the example, entire services are reused, creating an altogether new experience for acquiring a book.
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Fig.1. The need for Web automation

To reuse services, the first issue that needs to be solved is interoperability. Many protocols have been
proposed for interoperation. The increasing interest in the metasearcher area introduces various protocols, such
as Z39.50, OAI, and OpenURL. But there are always services that do not support these protocols, since their
orginal purpose is for interaction with human users, not machines. The result is that the only thing we may be
sure about Web services is that they use well-known Web technologies that a competent Web browser will
surely do its job. The most common is the HTTP protocol and the HTML presentation language. Additional
mechanisms such as cookies, security and scripts make the picture of the common interoperation even more
complicated. But to meet the goal that the ideal Web automation tool needs to be of common purpose, these are
the only things that can be relied.

By choosing to only use common Web technologies, a problem arises: the user interface of Web services
usually changes with the time. For example, many sites have advertisements that by their nature change
frequently. For the human user it is not a big problem because he/she can understand their meaning and skip
them. But it is difficult for a computer to really "understand" the interface of a Web service. Intelligent solutions
are hard to be designed for general purpose. WIDL instead provides a language to describe the position of the
required data with more chance to skip unwanted changes. The WIS infrastructure uses the WIDL solution, with
some modifications.

Parallel processing is a common need of Web automation applications. In a typical metasearcher for
example, when the user submits a query, the query is dispatched to various sources at the same time, so that
every source can do its job in parallel with others. When a source terminates its job, the results are returned and
the agent can do further processing while there may still be sources performing the request.

From the metasearcher example, it seems that only the main process needs to have the privilege of creating
other process. But there may be cases in which a process may need to create sub-processes, and messaging
between any one of the processes is needed. The WIS system supports any arbitrary arrangement of processes
due to its various scopes. Scopes are to be discussed in detail in the next sections.

In a Web automation application, the need to interoperate with various sources at the same time may
consume the resources of a server significantly. In a three-tier architecture, the business-logic tier accomplishes
the Web automation tasks (Figure 2). For example, in our previous work, the VUCS system, the automation
component is implemented as a DCOM object. When a user performs a search, the interface program requests
the Web automation DCOM object, which interoperates with the target resources. To scale up to a large number
of users, computing power can be increased by adding more servers in the business-logic tier; but the network
may eventually become the bottleneck of the system when multiple users are performing Web automation tasks
in the server.

The solution provided by WIS for this problem is to permit Web automation tasks being performed at the
client side, which reduces the load in the business-logic tier. From Figure 3 we can see that WIS replaces the
position of the Web browser. It is especially efficient when users are widely spread in the network because the
Web automation task will mainly spend local network bandwidth, saving the bandwidth of the server. But for
this architecture to work, some issues need to be solved.

By removing the Web automation task from the business-logic tier, a new problem arises. When in the
business logic tier, the Web automation component could easily work with other components and interact with
the data tier. For example, in our book recommendation system, the Web automation’s task involves reading
hyperlinks stored in the database, extracting the metadata from the online bookstores, and writing the new
information back to the database. WIDL is mainly designed to run at the server, integrated with the enterprise
system, and any protocol could be used since it needs the supplement of a traditional programming language.
But with the Web automation task moved to the client side, there needs to be a way to keep the interaction with
the enterprise system. Web service technology plays this role by exporting functionality from the enterprise
system to WIS. Whenever the Web automation needs support from the enterprise system, it acquires interface
information by the WSDL [10] (Web Service Description Language) document and then with the definition,
functions at the server side can be called by using SOAP [9] (Simple Object Access Protocol) messages. Thus
the Web automation task running on WIS can access whatever function it needs from the server, from anywhere
in the network.
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Fig. 3. Three-tier model of WIS

The business logic issue in the WIS architecture is solved, but there is still problem with the interface. In the
traditional three-tier model, modifications to interfaces can be easily done at the presentation tier. When the user
requests a Web automation task from the server, an entire new page is passed back to the browser whenever the
server finishes it. But when entire Web automation tasks are running at the client side, how can WIS create
whole new pages to show the progress or changes, which varies a lot from application to application? A solution
would be to go back to the two-tier model, where clients are designed for specific applications, making the
business logic work tightly with the presentation in the desktop. With this approach, WIS will come with
different tailored interfaces for different applications, and the maintenance nightmare of updating hundreds or
thousands of desktops comes back. Another solution is to use HTML interfaces instead of hard-coded interfaces,
which are downloaded from the server. To refresh the interface, the Web automation process can request the
server to construct a new page for it according to the parameters given and send it back. In this way WIS can
keep its generality and compliance with the three-tier model. Better performance can be achieved by using
DHTML, preventing the need of the round-trip every time the interface needs a refresh. The Web automation
process can notify the user about any change without having to reload entire pages from the server. Any kind of
report can be created by this way.

Many Web automation tasks are repetitive and need to be executed periodically. In the Website checking
application, the check task is performed by intervals determined by the site manager. The solution provided by
WIS comes from DHTML, which provides timed function call.

Data returned from sources needs further processing before presenting them to the user. Users' requests to
the Web automation application need processing before sending to sources. In a metasearcher for example, the
query given by the user is translated to a format that the target resource accepts, which may be different for
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every resource. Results from every resource may have many differences, such as different date formats and lack
or availability of some fields. Reranking will need even further computing. The WIDL, which plays only the
role of an interface definition language, let this work to the complementary programming language. Because we
did not figured out a single tool that can process so many variations in data processing of different automation
applications, WIS uses a common programming language and allows the developer using JavaScript or Java
applets to perform the transformation task.

With the architecture described above, WIS moves the Web automation task from the server to the client,
distributing even more the workload without affecting the convenience of a counterpart browser. WIS
substitutes the browser while still having the advantage of being a common client for the various applications.
There is no need to have a special version of WIS for every application since it is designed with the concern of
supporting any application, keeping the original idea of a common client that simplifies the deployment of new
applications.

3.2  The WIS Infrastructure

A WIS application is composed of several pieces working together to accomplish the Web automation needs,
which are called WIS components. WIS components are located at the server and downloaded to the WIS client
whenever a user starts a Web automation application. Every WIS component is acquired by a URL, so WIS
components does not necessarily need to be in a single server; it can be located in different locations, adding
more management possibilities.

WIS components can be divided in two distinctly different categories: WIS pages and WIS profiles.

WIS pages are similar to Web pages, with the difference that it contains code proprietary to WIS and cannot
be displayed in ordinary Web browsers. Its main function is to provide interface to the user. The first WIS
component that a WIS client gets from the server is the WIS application main page. It provides a starting point
for the Web automation application, which can do initializations such as downloading WIS profiles. WIS pages
can contain HTML, DHTML, JavaScript or Java applets.

WIS profiles are documents written in XML and can contain WIS defined profiles or profiles specifically
defined for a specific Web automation application. Profiles specified by the developer may contain any
information such as the setup parameters for the automation application. WIS proprietary profiles are
understood by WIS and consist of two types: WIS surfing process and WIS extraction definition. The WIS
surfing process (Figure 4) defines the process of interoperation with a resource. The WIS extraction definition
tells WIS how to get desired data from pages returned by sources and uses part of the WIDL definition.

<AutoProcesses StartURL="starting url“>

<ScriptCode>Session context code</ScriptCode>
<ScriptCodeGlobal>Global context code</ScriptCodeGlobal>
<AP>Page context code

<SP>Frame context code</SP>

<SP>Frame context code</SP>
</AP>
<AP>Page scope code</AP>

</AutoProcesses>

Fig. 4. Structure of a WIS Surfing Process

A typical Web automation application works as follows. The user first selects a Web automation application
by giving the URL of the WIS application main page. Once the application is downloaded, the main page
performs initializations, usually downloading the profiles needed. After initialization is finished, the user can
interact with the Web automation application interface. The Web automation application will then create WIS
sessions as many as needed to accomplish the required task. Every WIS session performs interoperation with a
target resource according to the description in the WIS surfing process. A WIS session can also be used to load
other WIS pages from the Web automation application server and display to the user.

The programming language used by WIS is JavaScript. But the stateless nature of Web applications and the
various WIS components creates different regions of code that have different concerns, which are called
programming contexts. There are two programming contexts that originate from the type of the WIS
component: WIS pages context and WIS surfing process context. Like JavaScript in Web pages, the developer
can expect to have anything that an ordinary browser would provide for scripting, and the lifetime of entities
such as functions, variables and objects declared here are only within the page. These two contexts are
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essentially stateless, since every time the page is reloaded or substituted, user defined entities disappear. WIS
provides two more contexts to keep persistent entities. The WIS session context has the lifetime of a WIS
session, which supplements the WIS surfing process. When an entity should persist between pages of a surfing
process, it can be placed at the WIS session context. Code in the WIS surfing process context can access the
persistent entities defined in the WIS session context. Another context available is the WIS global context,
which exists until the Web automation application terminates. The WIS global context is accessible by all other
contexts. Table 1 summarizes the different program contexts.
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Fig. 5. Typical workflow of an application in WIS

Table 1. Summary of programming contexts
Context type Page Surfing process Session Global
Purpose Automation Resource Session persistence  Global persistence
application interaction of entities of entities
Lifetime of entities | Within page Within page Within session Within application
Table 2. Objects in WIS
Property Description
GlobalCO Global context
UniDoc Provide access to WIS profiles
WMultiwB Provide management facilities for a collection of WIS sessions
WAutowB WIS session
WNMessage Log messages from the Web automation application
WBEXxt
Soap

Miscelaneous tools are provided by this object
Support for Web services

WIS profiles are documents written in XML. A single WIS application may consist of many WIS profiles.
For convenience, these WIS profiles can be divided in small pieces for development and management
convenience. WIS profiles can be placed anywhere. Putting them in the client-side can save download time,
especially if there are hundreds of profiles. But frequent updates may be difficult if there are many clients. It is

more convenient to have it stored at the server-side and be accessed every time a Web automation application
needs.

Multiple profiles can be unified to a single document for easy access from the Web automation application.
The UniDoc object does this job. It identifies the <UniDoclInclude> element that is substituted by the demanded
profile defined in the Src attribute. In this manner, profiles are embedded into parent profiles, forming a single
profile for the Web automation application. Parts of the profile then can be obtained by using DOM or XPath.

WIS exposes various functionalities through an API that is called by JavaScript. Table 2 gives a list of
objects provided by WIS.
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3.3 Data Extraction from HTML Pages

WIS adopts WIDL for data elements extraction from HTML pages, but with some enhancements.

When a user wants to find something in a HTML page that has changed, he/she first identifies unchanged
parts, such as titles, which were associated with the wanted data in past versions. Whenever the unchanged part
is found, it is very likely that the desired part of the page is located nearby. The <REGION> element with the
SINGLE attribute tells WIS what probably will not change in the HTML page, and thus can serve as a reference
point.

Obiject references in WIDL uses an object model to provide access to elements and properties of HTML. To
access a child property or element of the parent, the dot operator is used. WIS introduces another operator, the
parent operator (%), which returns the parent of the element. It is useful with the reference element. For example,
in an online bookstore we may find that the element with the text "ISBN" is the most likely to not change, and
the rest of demanded data surrounds it. The following defines it as a reference element:

<REGION NAME="RefEle" SINGLE="Ii['ISBN']" />

The parent operator returns the element <UL> containing the <LI> element with the ISBN, which is also the
parent of other variables. To get other variables such as title and author, we can use the parent operator with the
reference element:

<VARIABLE NAME="Title" REFERENCE="RefEle”li [ Title'].text" />
<VARIABLE NAME="Author" REFERENCE="RefEle”li ['Author.text" />

If the title is in a higher level of the document object hierarchy, the variable definition can be obtained
through a series of parent operators:

<VARIABLE NAME="Title" REFERENCE="RefEle" ext" />

WIDL provides several types of indexing, but only one type can be used at the same time. There are
occasions that a single indexing method is not sufficient to match wanted elements and multiple conditions must
be given to filter out undesired elements. WIS solves this by providing multiple indexing, with every condition
separated with a comma. For example, the following defines a variable that has the class attribute with value
"small" and contains the text "Price":

<VARIABLE NAME="Price" REFERENCE="td[class='small','Price"].text" />

4 WIS Example Applications

4.1  Unisearch 2

The Unisearch [7] is metasearcher system for online databases provided in CONCERT [20]. It performs the
translation of queries and dispatches queries to various sources, but does not combine the returned results. Using
WIS to create Unisearch 2 still accomplishes the requirements of Unisearch plus some improvements.
Exploiting WIS's data extraction capability, Unisearch 2 improves Unisearch by organizing the results and then
returning the organized results to the user.

In WIS, the Unisearch application makes connections from the client side, thus respecting the access policies
and statistic mechanisms of sources. Depending only on HTTP, its creation does not need the cooperation of
source providers. Figure 6--Figure 8 show the Unisearch 2.

4.2  Book Recommendation System for Library

A library has to know which books are really needed by readers before acquiring them into the library's
holdings. Traditionally, a reader obtains metadata about a desired book from a source, such as online
bookstores, and recommends it by passing the information to the librarian through many different ways and
formats, such as emails or slip of papers. No matter which way, errors and losses in the metadata provided
seems to be inevitable, forcing a librarian to check the data. After the check, the librarian needs to type the
metadata into the library automation system (Figure 9).
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With the recommendation system (Figure 11) described in this Section, the metadata is passed directly from
machine to machine, increasing efficiency and convenience (Figure 10). No more manual transcriptions are
needed.
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4.3  Web Site Checking System

Many Web sites need to keep online 24 hours, without any interruption; otherwise business opportunities may
be lost and users unsatisfied with the poor service quality. For simple sites, a connectivity check to the first page
may be sufficient. But nowadays many sites have dynamic pages with complex code behind and a plenty of
functions. A check to the first page is then no more sufficient; the manager of the site may have to go through
many steps until he/she can be sure that everything operates normally. Manipulations such as login test and
search test may be required.

The Web site checking example checks two sites at the moment. One is the Taiwan mirror site of IDS
(http:/lwww.csa.com.tw), which is a mirror site of multiple online abstract databases produced by CSA and
serves Taiwan users. Another is MyLibrary@NCTU (http://mylibrary.e-lib.nctu.edu.tw), which provides
information about various resources in National Chiao Tung University plus personalization services. The test
for the mirror site of IDS is a search procedure, and for MyL.ibrary is database browsing verification and a login
procedure.

The manager first accesses the Web automation application using WIS and defines the interval between the
tests. Whenever a step fails during the test process, a Web service is invoked to report the error to a server that
will save the message to the database and send an E-mail to the responsible system manager. A centralized log
server is beneficial, especially if we want to make the test from different subnets to ensure that there is no
problem when difference in location could affect functions of the site such as user access control.
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Conclusion and Future Work

Based on the common needs of Web automation applications, this paper proposes an infrastructure to create
Web automation applications, without being limited to any specific kinds of applications. A general Web
automation creation solution should consider the follow issues, and Table 3 shows how these design
considerations are supported by WIS.

Interoperability: the core concept of Web automation applications is to reuse existing Web resources.
From the interoperation aspect, Web automation applications can adopt standard interoperation protocols
(such as OAIl and Z39.50), or rely only on the common HTTP protocol. Standard interoperation protocols
are not supported by many Web resources; on the other hand, using the common HTTP protocol gives
access to all Web resources, but problems such as complexity of Web sites and volatility of the interfaces
need to be solved.

Parallel processing: Web automation applications usually need to interact with several Web resources at
the same time.

Server-side or client-side Web automation execution: execution in server side has the advantage of easier
deployment, maintenance and management, but puts limit to performance scalability. Execution in client
side gives the contrary.

Flexible presentation: a flexible interface is necessary so that the tool can fulfill different design needs.
Integration with corporate systems: Web automation applications may need to work with enterprise
servers.

Scheduling: Web automation tasks are usually repetitive and thus may need scheduled execution.
Integrated development environment: modern application creation tools provide integrated debugging,
wizards and others.

Intelligent tools: Web automation applications are to replace human labor, so intelligence is a desirable
characteristic of an agent.

WIS is an initiative to make the creation of Web automation applications easier, but there are still much

more functions to be incorporated into WIS.

An integrated development environment (IDE) is a good target for the next step, which gives the possibility

of massive creation of Web automation applications. The software industry has benefited much from IDEs, and
so can be the field of Web automation applications, pushing us to the era of "service reuse". There are several
issues that can be considered in an IDE for Web automation application creation:
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Integrated debugger for easier troubleshoot of applications.
Authoring tool: editors and GUI tools with drag-and-drop capability.
Wizards: there are some related works [3][5] that emphasizes the creation of Web automation tasks by
learning the surfing steps from the user's interaction with the source. But it is doubtful that the computer
can realize everything that the user has done because the complexities of Web applications, which may
contain scripts with dynamic content that are not so easy to be detected. Thus implementing this facility as
a wizard is a viable solution, which serves as a starting point for the creation phase. The developer can
then make changes to the generated code to fix the incorrect parts.
Web automation applications are related with agents to work in place of human interaction, which in many
cases need some sort of intelligence. For example, intelligent metasearchers should analyze returned results and
organize them by reranking and summarizing. These intelligent features are usually designed for specific
situations, a characteristic that keeps them out of the API set of WIS. Intelligent tools of common purpose for
Web automation applications are a matter of future research.

Table 3. Design considerations and WIS support

Feature Support by WIS
Interoperability Needs HTML and HTTP only; data extraction facility
Parallel processing Multiple session, multiple context
Server-side or client-side Mixes the advantages of both server and client approaches
Flexible presentation HTML interfaces; round-trip free by using DHTML
Integration with corporate systems Uses Web Services
Scheduling Enable
Integrated development environment  None
Intelligent tools None
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%J/EJTFEI ﬁ?@ (duratlon)ﬁllj,“« (e DA FlAg- IVLJFFFu l[[ s (co exist) » kL F%J T Fgﬁf
FEIJ A AR TR AR JE*J?F s A JtrJ"(result) F 8 j ;PJL-{J‘FJ"FI YRR
?/J*Tuﬁwﬁ? F"Zﬁli i $t<pI”JF“fAL '3‘1@ LJL{J\FI:FHHBI[—LFIJW » AIE% Eu"ﬂ ’

19. ] % ERA-x #£7 2

Fﬂa’# éé WA 2 %ﬁuﬁkw A = SRR T, o SR TPz l”rifm

TER A ,u[(goal)j TR ??EPJ - &ﬁkwﬁguf,u;ﬁ%ﬁ*ﬁﬁpﬁm .iwfzuﬁz J'
*I/Fé? u gaﬁwﬂ(duratlon)urﬂl’ » F R H TR éﬂﬁﬁ@guﬁgl. HIF AR *’MF L PR
gﬁg’mj o ;:,E;&,iTmﬁwﬁg—J . ﬂ;ﬁg‘?ﬁ? ,in P R QTF-T#[PEIJJ i ﬁﬁl

2332 Eﬁﬁ‘?ﬁ]?ﬁ%ﬁfjgﬁ?ﬁ]ﬁ’rﬁ
ik TE'“TFFP*&@?F ﬂ‘ﬁ‘HIE‘ﬁ%J JGF”}J‘FEFE” IR IE'T T RERm - B R VI ?“‘F/\'}V‘rl" ’
IR rfrF* IJF[iﬂ}, :Ejt Ly ERENE AP TRt ;’:F[pjkguﬂﬁé 1 n,J;CHIE“xJEJE FEIZH - \gf =N 1) BN SN CR
S ﬁ‘[:éwt] PR L T iL Bo~ow o B 0y SHELRRSE ;%[ , IF;L *[Flfjjﬁﬁu::ﬁl'ﬁ"—éj
7 AT R P fEA# R (change-of- state)TﬂL » (1 (s (causative) i LP%F I
20, ARFE A H )

Eﬁﬁl?ﬁ D |@§h§dﬁ(aspect marker) ° E*Jﬁiﬂi@ﬁ%bﬁ =0 [URURIR o (P T F[J&Eﬁ%igﬂ
IE:[H i F}’f\r{ucli@ o Tt % @(mohoatlve) Jﬁj 7@' >

21, &F 4|
FIPQDETEY "7y o PR R RS ) s TR L S uf,a Uk ELFlT > SRy 657 710 20)
P = THr, o HERY R DfRpEssRa paﬁrﬁ: s (=g ﬁﬂjﬁpfl[g& BRIV Rﬁ/\ﬁgﬁﬁmﬁsu

(semantic restriction) » {91

22. B3 A
93. %B 3 LA |
ﬁ%ﬂf[ﬂaﬂgj 2 THIN ﬁf A F Wi_ I Imegative)IIEER o (TIUN WA  LH s R

SR GRS r*f“?ﬁﬂ P23k Ry Bl f Syl o PSR 1 Eﬁﬁ‘ﬂriﬁjﬁz = ,1? HWE”‘*Jﬂ
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a0 1%@%&[ ST lt E"Fﬁ‘(adverb -verb) ~ ™| AE (verb-verb)
’??‘*Jﬁ? SN ’ﬁ: US'WJ TE'I[H*“‘J;LI .
T:"_iﬁjt] il JEUT‘F’?*ﬁ‘ ANET G R #‘ﬁ‘

2.4 |k
¢é@ﬁ%%ﬁﬁrWWﬁﬁﬁ%i@*ﬂwt
I g ?:’F“ (verb- result) ;L:ﬁ’f uH[ [[l& 2
LA SRS £ R S8 L) < PO 7
TERE M@F*u YRR AT Ia“jt{?fﬁzrﬁl]l MEHE &]#@,’_Eﬁqﬂﬁ(temporal serial construction) > ﬁ ey
55 B PR o
2 e Jﬁﬁgiﬂ(aspecmal verb) FLIE ] iﬁ”ﬁﬁ[ﬂ(phase marker)?ﬁi_%‘ﬁ/\rr[ %E@ﬂﬁ G|
5
L EAGEEG LA
?{S—iﬁ} ] |El Yl Tp (inchoative) > [ENBLRLTE | A4

1?# (dynanmc adverb verb)
J‘F"ﬁlﬁ*ﬁ Y(change-of-state) ﬁJF
PR & »j‘
5 ETR IR E R F B RPN ITF

% ﬁ£ i
24. - f k> AAT
25. F ‘i‘Jﬂr\{' B *p

1p
s
EIRI] f1)(24) Q)11 FTf TR R T

P over) SV EIR R L ]
SRRt 7:_@@ i

AES :
102 fl(nuance) » {519 :
26 ¥\t BTN IA o
27 2 MW chFrits » N4 FIRTH A T3 K
(ER1 {26 ~ QP SR TR PRI > RLE)
(e R T - ﬁwﬁr’ﬁ“m@@mm“%
28. H- e ok LR IERITECAL)
TR 'r“?:’f‘%g’ﬁk?:?u [ﬁl JEVJ%F“EF# [ BTN DR AR E R (R T
F'JDFIEL%&[ o FI T F” U
#»u%a?mi’Jﬂ%wj'ﬁ [§30)
S AL AL R o [

FHeg o rﬂzf[la

29. A-IPHBEBF -

30, H-E BHEBRF
i”f?ﬂ LEE TR

z;[/]g‘js:j ;:p LF;* Fps rpeﬁj,ii

f JFJJFF" AfAE T AR R DT (R R R FHT fﬂ

FERURL ”& - poT
PP R s Y SRR iR I*V?#?Ejjﬁ'ﬂ?]UEI}J?FH?F_};T@L T (EEEIRE E T

1=
|5

TRLV-V
IRET

1 LIJ(29)F”T“
E[“ Fliﬁé 3 J—“lé)r "‘ T :;1_ Fg
- ﬁl T kFE]a g e
PRI R SRR

SR AR

El]:[
Hi {3 EadAE (temporal serial construction)®= * FE fi L (dynamic adverb-verb) » At A<
PpuRE

‘°i7

i

AR R

1?1‘0— T |L||%;&§'J‘[ LE J[ﬂi«: ko
jhﬁ:ﬁ‘ uﬂiil Fﬁ M iSE R
SN R PRIV & R R O
['?F(W JidEIE: *ﬁ% VR F”FTJH"E‘ 7R % F ?Eflﬁlﬁﬁﬁuﬁ 1?F(endocentrlc
T EiAg - =l (exocentric construction)f™ ¥ [E*Jaij
Tﬁ’ ?‘fuﬂﬁtliﬁﬁlnT%ﬁ’Fﬂ Elh?h?*ﬁ‘

’gl’;
A S R 7

s EJLﬂmtﬁﬁ‘ 55 512 KI[CKIP1993]’

S
-t ”*ﬂ” %ﬂﬂ
constructlon) | B Bl 2 "“[J!é’rﬁ AL
i 2 EE ﬂéf;l ‘? ZI;EIW# e A um iR et
%5 VA, VB, VC, VD, VE, VFEVG+ % ; T4, FIVH, VI, V], VK, VL
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3.1 4SRRI

T ﬁ% [ G RO S, G » IS B PR R ety i
HTumJei r) )ﬁ- KA J?EF,E*H?J  HLTEA ﬁﬁifﬁ =t II&E J“ﬁ%l;ﬁ'[ﬂ

) N-Viﬁiﬁfﬁ(instmmentwerb) —(FYE=VC  (Fh = A5 )

@) V-Nﬁ“xéﬂ%(verbﬂubject) —R([) =VA (B R Pt

(3) V- N%?7F'1Ef“‘](verb+locus)9 BE=VA (BT R PitaE)

4) [ﬂrﬁ%ﬁ(manneﬁverb) — (Ej;t)?& =VC  (F{EfrtE)

5) [’F Lﬁﬁ‘ﬁ‘(aspectual +verb) —GEMNVC) (BT # )

6) I’F]L—wiﬁ%(subevenﬂrverb) = (ESFVO)  (FH{EHTERF)

(T) kR (verbtverby > SF=VC (IR

(8) I (verbutverbo)— (BE):E=VD (Eh =S5

) El*ﬁ?]iﬁﬂ‘ﬁ(verb + object change-of-state)— (#H=VC (FI[={1 #t5)

(10 Elﬂ‘ﬁﬁ“tﬂ‘ﬁ(verb + phase complement)—>fiz (#iN=VC (B (=H#F)

I ;';FFU’F;F ﬁbﬁgﬁjﬂ PRIEIEH f[“g:;[%bilﬁ@ E‘H (49 ﬂFIJﬂZ;EI“H%L’F;HﬁFUﬂ
K IF=EUF%-© A (endocentric constructlon)?ﬂf[ﬁlﬁaﬂ ’ ﬁ M F'Jﬂ?]paﬂ&ﬁfz s A R T A
LR A | P
3.2 ZHY- “ﬂ%ﬂ JF; A B
ZHY g e JJFEJ B ‘Fﬁ 2RISR ke R R 2 ﬁiﬁF']E'delf
IR -
3.2.1 f ST EJ[JE[U%%?I%E‘P?%%EE@%% [
LA - At (exocentric construction)fiki & BlER =1 i BRiap | AR P FAtAE S FAAYRE (7 p o3 = 3 g
. 7 il ( JIVHR e [IFoaAR = TJ NSRRI}
() V-Ni#fE(verbtobject) — 7= VA (E{EMEATE 77 @ R Purta)
(2)  V-NA#fg (verb+material)— ﬁlfﬁ—VB (EA(EHTeORG e” eéﬁf%ﬂf?{p‘gﬂ
(3) EKTEHAS (verb + subject change-of-state)—>z/=VH (A [=H A5 pz” %}{J‘F:T e uTD)
@ B EF j (verbrdirectional complement) >t =VB (/LG B — i (ST i aH)
ﬁFgV K Hﬁi%lif“’ﬁﬁg"‘mfpa’f’?i Hp J:JHfF’ﬁﬁT»?:I\JL BN B 1?1‘%‘(endocentnc constructlon)?ﬂtlﬁlﬁ

) AT P SRR M IRLVA (] R - VBRI
bVH (;{kﬁtj b:}ﬂ) = KR

322 (HHIFEEE AR

R R tEE‘lJ R T A R B S A 5T
o AEEFR > B0 b - i e ffrwfpu TN ?fr“ﬁuf_?, HE L
Eﬂuﬁ PRLISETD W@%ﬁi B T T BT SRS l[ﬂmrjt s Gl HTRAIH

IFL“‘Z'IFIEJ%]W_ ﬂﬁ%lﬁlifﬁln %’z}’;l ko *Fﬁp JI:I}}’KE‘"J‘

4 i‘FE Lhttp://turing.iis.sinica.edu.tw/affix/
Nw’ﬂ% iﬂ - 2B - 1?71%(exocentnc construction)F=IV kA £ fi &iﬂ b STFAE AR F T E- ) R
I PA(VC)x_ W (Na) > [l B4 Y “]‘TUE' RS i A

137


http://turing.iis.sinica.edu.tw/affix/

3.3 'J;’{ i

P RS - ,ifgl Jmf PG o RIS 03 ) V-V VR FUR YRRV C758.76% » V-0
A PVRIIVA[T02. 07% > A VAR AURHEIVCi50% > 1 bv R ﬁﬁ{ﬁ IVC{60.64% » 4™ 2 -

-n?‘.ff%
A% VO AV VR

KT

A 0.38%

D 0.38%

VI 0.14% 0.38% 0.68% 0.04%

VL 0.28% 0.25%

VB 0.41% 2.68% 0.80% 7.16%

VK 0.69% 1.71% 0.47%

VG 0.97% 2.51% 5.53%

VF 1.66% 1.71% 0.61%

VD 2.62% 0.38% 3.65% 2.35%

Al 3.59% 1.92% 491% 4.71%

VE 5.24% 4.91% 1.63%

VA 8.69% 62.07% 13.70% 9.76%

VH 16.97% 20.31% 15.41% 6.79%

vC 58.76% 11.49% 50.00% 60.64%

];I[[F%L H rf:JiE[lL uﬂ?@?}[ 'Z@%?F [LJJF i l?‘:ﬁ/ ’ ,\% ! ‘#uﬂtF'H”gj:D G R '?_FKIJFE Alih%ﬁg;ﬂl? ﬁjﬁu ki
o i A B R (productwlty)”"?tfﬁ BV

PRI T e Sl 3t N VAL v N e Y
1??{%?& £ R o N- Vnﬁﬁ i B S '[t (|nstrument+verb) R EGE ﬁéj HAVA Nnﬁﬁ’ﬁlflgm Arog= Rl
(verb+subject) ~ (verb+object) ~ (verb+locus) ; VVEFﬁt:JF; [;ﬁfﬂp 73 PU7I % - (manner+verb) ~ (verb+ parallel
verb) ~ (verb+ serial verb) - #I(verb+result) o Fyf‘haﬂ{ fﬁ[ %—gﬁiﬂ?}’:ﬁﬁ‘if]f F) = HEEEET  AeRE
%ﬁ(endocentrlc construction) ~ 2%~ 34 (exocentric construction)! | & fli [ Ffe= ARV (7 5 P (R TS
IR o3 4G o b 2R il » S0 A A iy B o3 - PRI 5 e T 3 A b A S
Ffﬂl: o LIPS T A

iﬁrﬁ’ EI'[ES"*IF QR e SIS ERE v ﬁf,;’}%ﬁé,-d Sk 20 55 A4 nﬂ;ﬁ;{n T kA
ﬂﬂ?_‘l > FH#llHIBE - NSC 93-0201-29-75-3-6.2.2 ﬁ,qﬁg{sj PR o BB PR AR T A S R ir%}“

SHERF Fi il S g o TN # T http://turing dis.sinica.edu.tw/affix/ °
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FRREAPIE B HRR Y
Grammar Extraction, Generalization and Specialization

SEE o Y MR

¢ _zi.,};:r "”‘)%ﬁi?iﬂ"'ﬂr
{morris, ydc, kchen}@is.sinica.edu.tw

HR. APH BAPCFGHONFAIL » A Fh> ¥ » APR I - A0 22 R0 A 4 5
FEFErCFAEFE LB B 2 2 EPRT - F RR AU’ e 2 ¢
SHHTY R R ARERRERA O BRI RAREERERE L 0 K2 PRIFFNRL T
B REREFRFLFS NG R LB A F o WHREFF 2 D
PR AL 0 de s ¢ o2 34T Ben (e aTay o DM N Bk %;, [FE R BT ST
8L.ASY0H 4 T FE (Y 3572 186.14% o (ML B EF B2 &~ 923 ~ 2 HB)

1 %

B ART D RIE ALY 0 #0F 237 (parsing) - B 1S AR AR o i 2 F‘"‘ ¢ 247 B (parser) )
* JE AR (tregbank) ® 2 ) mprobablllstlc context-free grammar(:2 = #§ #PCFG) » & + 347 £ % *
P e i 2 Ry > F GG % mmv;}%j‘&;{‘}w » 1 * PCFGR 47 % < ¢ ”:-+—Fl3~g § A 4k o IR
FERES 9T 4% Bk H PR 347 (Iexicaized parsing)[6] « p ¥t fLehd 2 o g
BRE S 2a i %Hfr(unlexicalized parsing) ¥ - BATF B s o AR @ P 0 BT Ao G Leh?
R \éﬂ.ﬁéﬁ;}ﬁﬁ(&nica Treebank) ® > 4 B~ i3 APCFG » @ @R BN cnF 2 R EF RF R F 5
(coverage) % ji i e 2 »‘is*s'z(ambiguity) o APl - BEEF RS 2T E S 2 oA
FENARAEZREE S R PREFPITEREE c HEETRY > BRERFEFIFH
G oA g i (generalizatlon)i FrE i (specialization)™ 2 > @I FEEF B T Ao 2 RA] > 4
P 2 24 B e |5 kil o

L—ﬁxfsdr ¥ AP FHIARE- BT TERHR T o R EL A EEFLNLEINTES
Pofididf1 ik AL & PR AT o

11 ¥ AREMEH A

A
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“B

1 I
38,944

7‘;

)
..J!/L‘;
H

BHMTE S ¢ RGP R ] 20004 B sid 4] o P ARk L 20 (9B %) -
2 240,079 - & - B *%ﬁ#ﬁ*’gfs’ﬁ st 7 P R RS FLE
fel Hﬁﬁ{“ FHEEFZEHERAL RO FEFLES ;n & o Chen%[4]# 57 %
’ ﬁ'ﬂ? o244 2579 2 ‘T’Fé HEFEpa e AP 2 @ *ﬁ_;}ﬁ-a » g u] g
» RAp BRI F - B (condtituent) 2 B v A | B % o ﬁfmjar—r :

=B
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g

v
3 bhl

F NS
e b

LN

=
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=
E\.

/ﬂ} o\mk

A
#
E
&

Zek
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21

P Qo

i

35;_12_
,ETTEL

X

% C“’ ¢‘<‘~m\\

44* cmb

fo wd I Tk
Ta jiao Li-si jian qiu.
“He asked Lisi to pick up the ball.”
S(agent:NP(Head:Nhaa: # )|Head:VF2: *“|goal:NP(Head:Nba: # = )|theme:VP(Head: VC2: #|

goal:NP(Head:Nab: 7#)))

Bl & Ew Gk

Flld 7 2 = 9 'éﬁ_;}ﬁp\ 75 om0 e (phrase structure) LR % 3% 2 2 3F L M T o $30
PR E BEWORERFHELAE T RGN FEP T SBR[ PR S o
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12 =g

S BAETRG C(D)REERES G 2 (QREERERE c R AN A E R
oY A A4 chg Ty T}{Kﬁ G Frtea-E: RIFCEE Y cAUIE e ok B RN e e S Sl =R R I R A |
e R el Rt K2R e N E R PR 2 Fk(feature) U] > REZRELHE o d N i
C el rE i il TS LI WG SR R m‘ri” FA o deie £ 8IS )G ooehd i 2 i g
ZANHYFADLE

BiFix AR 2 5 o Charniak[2,3] £ Johnson[8] 3% F 48 I g ? $3r 220 4 (4 PCFG 2
£ B E‘?r'—;\!a"c P33 gL R *{_ﬁ L éﬁ%ﬁv#ﬁﬁﬁ:gm,g TR € T wﬁ—i Zhang% [12] »
#I o APEEE A P RPEFHEENREEEA R Ry § HITE R - Ltk - Kleinge
Mammq%ﬁcmmqﬂﬂﬁ,;ﬂIGhjﬂuwg»iﬂjﬁ%ﬁyo

APy BRI BFRIRERY > R RPERZN RS EFIEES RN B
PCFG» £ R R EFIMTE B5 7R - BB S I AFFEHIRA > £ XA 2PCFG - j&F R
B > P AR Gna Rk o

et 2 ¢ o PR gt A ChenfrHsieh[5]F A 27 3 8% o FZREFH 2w o
A2 A ANPFERAAL D 3285 FHwEP o A G R 0 AP ERET A #—*rfﬂ:»
He uvd wE2 bz 2 PEAHEHINTEST ﬁxﬂg Becig - HUv Fch i kB %S € Ar068dmY
F]? °

2 ARRPEE

BB A ATE § AE R s AT E R R 2 S 0 B4 7 1 B ek MR E AT o 0 E
BN ERII R F S R A 2 ) EREP

6] iR ER
_
Sinica b S FHEH B kIR Al
Treebank

A

Y
BEAEE
Y
BiE
Y Hr &) S5 M s
e SR
o & kM
f BAER PARSEVAL
e
XA . #r

21 SEPB

IRE TR Y REENIR AR BN A PR e Z R TR EF NG ARR o FE R
M P T BT R 2 T PEA, o P T

I 0 FRed » SRR IR 2 B T LR o

I fﬁ?ﬁé#\”"ﬂﬂlﬂ B B 0y AR i
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—

1 Charniak[3]4& ] % 2 £ chszt o 38 » $5 ff a2 )25 2 4% %
C(N ® x')
(N ® x)
k
I = B2R7 % > 121 j2A-Top-Downfiost éh® < 247 R 4L o 4r @ A4S B85 S B 3E o 4o »
SavP-SaNP.. . % o
1 l‘ért AQASHLR] > @ . IRk (recursive) e a) - ERIPT B AE -

|%Ni®xi)

22 ¢ 23 E

PCFGehe iz 247 ¢ » BB 24 % eh i LR Chartiw & /2 - @ Earley’s AlgorithmE_te# < 2477 » &
FraE kg T 5'1”1— BIFEE[7] o T HARIZ S S DT (top-down) ~ FE p] (predictive) & = 1] & (I€ft-
right) » & &+ @ < El.i% » AR5 kg eopredict ~ scang? completeis = i A\%fr‘a‘h T FHREASMTIF &
%ﬂgéio;? G A +v%ﬁ»#*%éi@*ﬁﬁ BHS A  HINT B 4T TRE
PO T8 RIT i R DR 4 e

23 =R H

BF Y KIEG S ﬁip%i(bracket)k? Je e (label )4 3 o 503 ¥ PARSEVAL[7]] - -&r%;}%j‘%ﬁ_
W s Wty g Eshe Sl FREOHRSAF > 2R ety § 4
B oo NIRRT Qo T IR P BT N e

1 F e e LP(Labeled Precision)

Lp= #label correct constituentsin parser'sparse of testing data

#label congtituentsin parser'sparseof testing data

1 @27 v FLR(Labeled Recall)

LR = #label correct constituentsin parser's parseof testing data

#label congtituentsin treebank’s parseof testing data
1 3 e Ze 2k iy ¥ s LF(Labeled F-measure)
_LP*LR*2
LP+LR

I 32354 72 5 BP(Bracketed Precision)

BP= # bracket correct constituentsin parser'sparseof testing data

# bracket constituentsin parser's parse of testing data

1 #:%.7 v % BR(Bracketed Recall)

BR = # bracket correct constituentsin parser's parseof testing data

# bracket constituentsin treebank's parse of testing data
1 =¥t ie ¥ iz BR(Bracketed F-measure)
_ BP*BR*2
BP +BR

¥k NP e B Iﬁkﬁlf*%ﬂx PN Ar R BR R ERP G P ARR o P 4T
RC-Type: ¢ %EI BE S ;l (type coverage of rules)
RC-Token : ¢ ;2 4Lp| & # & —4f & (token coverage of rules)
PA : &3 7 245 ant &

! ﬁs?] *#E D #(Nh) s(VF) Z=(Nb) #(VC) zf(Na) - (COMMACATEGORY)
2 éie,?] 505 T #1.1.]0] S(NP(Head:Nh: # )|Head:VF:*'|NP(Head:Nb: % = )|VP(Head:VC:# [NP(head:Na:3k)))# »
(COMMACATEGORY)
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3 #HFixgm
mmﬁmmmﬁvm;;%m TEEF R AP EAN] o AP KRR H LR ER

RINISRESF AL APFERNB BT UHFEJ B D732 0 RRERR meng  RF R
F?.@_Jﬂ.ﬂ]@—f’f— 7l e o

31 W

L Eéﬁiﬁﬁ?“ RELR- FRERAT AL I RapR) > HoEE- BEAAREY IS

E ez AR o AT b o T LY B Eher 2 LR T} g2 ’Ifﬁ Foom BRI g P HRT
HYT R X %mrrrstﬁ BEAR P AT o dre MFRREST 0 RERZEINTDOF R o HH
it o)+ 4eB39TF 0 TG LR R 0 T RR LR A -

R b3 AR S & agent:NPtime:Dd manner:Dh Head: VA4

‘wiE z‘i’;T(SinicaTr%bankf‘ %) SaNPDdDhVA4

Fo s 8E (4T3 e 3 %) SaNPDDVA

Boe s SaNPDDV

Eey RURIEL

KChmfrHseh[S]mpmﬁﬁg Bk Kf o PRI R g 2 e e i s e 0l - 5P
g PhegiE hES /!*\82%% F1O2% ; e R 2 s e K EF - PRI ISE Y %%132[5'%&@5 4c 31835
E oA P HYRE R RS 2 F T 35 T70%"E 1162% © %'H‘r..":*%ﬁﬁ;,‘ Fem 2 Pk 5
SR AF ARSI B F > AR PR G 22 R R E e B 43 fr
feoc HP omfRe- BEREAPRERI > 2 %El,ﬁsm CFRTRREREESA R > a2 AL B RESF
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“t4%1  Syntactic Category Mapping

Leved2 Level3 Leveld Nc* Nc N v2 V2 V
Ca Caa C Ncd*  Ncd Ncd VA* VA Y,
Cab Cab C Nd* Nd N VA2 VAC V
Cha Cha C Nep Nep Ne vVB* VB Y
Chaa Chbb C Nega Nega Ne vCl VCL V
Chab Chba C Negb Negb Ne vC*  VC \Y
Chha Chbh C Nes Nes Ne vD* VD Y,
Cbhbb Chbh C Neu Neu Ne VE* VE Y,
Cbhca Chbh C Nf* Nf N VF  VF Vv
Cbhcb Chb C Ng Ng Ng VG* VG \Y
D* D D Nh* Nh N VH*  VH Y,
Dab Da D Nvl  Nv N VH16 VHC V
DE DE DE Nv2  Nv N VH22 VHC V
Dfa Dfa D Nv3  Nv N VI* Vi Y,
Dfb Dfb D Nv4  Nv N VI A \Y
Dk Dk D P P P VK* VK Y,
I I I T T T VL* VL Y
Na* Na N V_11 SHI \Y DM DM DM
Nb* Nb N V_12 SHI \Y Di Di D
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A Resolution for Polysemy:
the case of Mandarin verb ZOU ( )

Yaing Hsu Meichun Liu
National Chiao Tung University
yealings@ms38.hinet.net mliu@mail.nctu.edu.tw

Abstract

In this paper, we propose a procedural schema as a model of cognitive processing of word
senses, which can be viewed as a derivational resolution of polysemy. Previous researches,
such as Frame-Based Lexicon by Fillmore [4] and Lexical Semantics by Cruse[2], areall
concerned with word senses, but what is still missing is a holistic resolution of polysemy.
Therefore, in this paper, we focus on the cognitive process from word form to word senses, based
on corpus-based procedural resolution. In this way, we hope to provide an overall discussion
and a computerizable way of solving multiplicity of semantic usages of asingle word form. A
case study of the Mandarin verb ZOU () is presented and used as an illustration.

1 Introduction

Since ‘ two or more semantic elements may be expressed in a single monomorphemic lexical
item’ (Bybee[1]), to understand the meaning of aword in a particular utterance, we need to resort to
* cognitive structures, knowledge of which is presupposed for the concepts encoded by the words’
(Fillmore [4]). According to Fillmore [4], we know word senses are not related to each other directly,
but only by way of their links to common background frames and indications of the participant roles
associated with such frames (i.e., Frame elements). However, when we turn to semantic multiplicity
of asingle word form in Mandarin, such asZOU ( ), the highlighted core elements of frames may not
be enough to help us distinguish the different meanings of the single monomorphemic lexical item.
The problem can be the spelled out as follows:

a) Different senses of asingle lexical item may have similar participant roles in the general
terms and similar patterns of expressing these elements. Therefore, if we only depend on the
information of core frame elements, how could we tell the different senses and in what way we can tell
the non-prototypical senses from the prototypical one? Since the process of sense selection is under
the force of many interacting factors (Bybee [1]), areliable source of cluesis collocational patterns that
reveal lexical aswell as grammatical associations of words. To fully utilize corpus data, we will look at
Colloconstruction (aterm adopted from Stefanowitsch and Gries' idea with some modification), i.e.,
clause-internal, morpho-syntactic patterning characteristic of each sense, to further distinguish
semantic polysemy.

b) With the postulation of Colloconstruction, we may still encounter ambiguous cases where
two different senses may share similar frame elements and similar Colloconstrucions. Thus, next in
our cognitive resolution, we propose * Contextual Dependence’ as another disambiguation factor which
depends on discourse-level patterning across sentences, and we will have adetailed discussion in the
following sections.

2 Cognitive resolution

The resolution model proposed here intends to simulate human cognitive process of detecting
word senses. As Cruse [2] describes, alexical form may well be associated with an unlimited number
of possible senses, but these are not all of equal status(bold is added by us)...every lexical form has
at least onerelatively well-utilized sense. Our resolution is based on Cruse’ s observation and the
assumption made by cognitive linguists that each word has at least one cognitively most salient
meaning, the prototypical sense. First, a single word form within a clause comes into our cognitive
system, and then according to the salient frame-evoked elements, we might easily get one sense from
the word form (as shown by the arrowed line* & in Figure 1 below.). In most cases, readers tend to
start with the predominant sense with the highest frequency count (we will discuss thisin the following
sections). However, some words may have two different senses that share similar participant roles
and surface patterns, and then we need an efficient mechanism to detect the different sense while
probing into the underlining frame. In these cases, we need to go through the next step—identifying
Colloconstruction (as shown in the following) to get more information to help delimit the different
senses. Colloconstruction provides information regarding morpho-syntactic patternswithin a
particular construction which consists of frequently co-occurring lexemes. Still, in some cases,
Colloconstructions are not distinct enough to disambiguate. There might be another sense which
requires similar core elementsin a similar Colloconstruction as the more prototypical sense does.
Then, we haveto go into the next step - finding * Contextual Dependence’ , i.e., discourse-pragmatic
variables commonly associated with a given sense. The resolution formulais schematically
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represented in Figure 1 below. Assuming that the most prototypical and thus more frequently used
senseis easier to detect, the process starts with checking the highlighted frame elements and the high
frequently use for identifying the prototypical sense. As shown in Figure 1, the path with the arrowed
line* a represents this shortest route — frame element checking. The paths with the arrowed lines * b’
and‘ ¢’ represent the additional efforts required for identifying less prototypical senses.

a

C

word h112hl1gtt'1ted collo- Contextual "\ _ f o4
form elemnants construction dependence
genses
i)

b
Fig. 1. Cognitive resolution

3 Thedifferent senses of Mandarin verb ZOU( ):
In this paper, we use the Mandarin verb ZOU( ) to test and illustrate our cognitive resolution.

First, we will distinguish the different senses of the verb by frame conceptions (adopting the frame
definitionsin FrameNet 11 with little modifications), as shown in Table 1.

Table 1. The four main senses of Mandarin verb ZOU( )'*

Sense Frame Frame Elements Frequency
(Total: 200)

Sensel: walk/go Self_motion Area, goal, path, source, | 135 (67.5%)
self-mover, duration

Sense2: move Motion Area, goal, path, source, | 10 (5%)
theme

Sense3: visit Arriving Area, goal, self-mover |9 (4.5%)

Sensed: leave Path_shape Path, path_shape, road, |46 (23%)

self _mover, duration

Aswecan seein Table 1, all the senses are in different frames with some shared core frame
elements. In what way, then, can we identity these different senses by their frame elements?
Besides, how do we distinguish the different senses when they are composed of the same pattern with
the same instantiated frame elements? In order to provide an overall analysis of semantic polysemy,
we propose fluid routes for cognitive resolution.

4  Frame-based sensedistinction

Aswe mentioned above, the predominant sense goes through fewer steps sinceit is cognitively
more accessible. Take the verb ZOU( ) in Chinese as an example. Among the four possible senses,
sense 1 occurs most frequently (as shown in Table 1) and denotes a specific sensory motor action that is
assumed to be cognitively salient and prototypical. Sense 2 can be viewed as extended from sense 1 in
that the human action of moving by walking is broadened to denote the moving of entitiesin general.
While sense 1 and sense 2 are both motional and they share a number of core frame elements, the two
meanings can be easily distinguished in terms of the semantic attributes of participate roles. That is,
sense 1 is associated with human or animate self-mover, and sense 2 is associated with inanimate
moving entitiesor ‘ theme' , as exemplified in the examples (1) and (2) below.

(1) Sense 1

Self-mover [animate] <* < Distance

tal ye3 bu4 zhi dao4 jiudjing4 zou3 le duolyuan3, zhonglyu2 zai 4yilge4 huanglpi4 de
dadshanl xiadmian4, falxian4 le yilge shanldong4

He also not know actually walk LE how far, finally at one-CL desolate DE great mountain under,
find LE one-CL cave
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‘ He also did not know how far he walked actually, and finally under the desolate great mountain,
he found acave.’

(2) Sense 2
Mover [inanimate] <*< Distance

dadyuel 130 fenlzhongl, huo3chel zou3 le yuel 200 gonglli3, wo3men dao4 le tong3yil gian2
donglde2 de di4sanlda4 dulshi4 de2le4l1sildengl

about 130 minutes, train walk LE about 200 kilometers, we come LE unify before east German
DE third big city Deluxe

* About 130 minutes, the train walked about 200 kilometers; we came to the third metropolis,
Deluxe, of ex- east German.’

Figure 2 below is meant to capture the details of the sense derivational process of the word form
ZOU( ), and we will see that sense 1 and sense 2 are distinguished in the first step. Semantic
information of their frame elementsis utilized to process these two senses in cognition.

a

sense 4 J/
e, leave
core frame collo-
elements construction

Contextual
dependence

sense 1 sensel sense3: b
wall move visit

Fig. 2. The cognitive resolution of Mandarin verb ZOU( )

5 Colloconstruction

Colloconstruction refers to a combination of lexical and grammatical collocations. It is used to
identify the specific morpho-syntactic sequences of lexical items. Colloconstruction may help detect
crucial collocational elements and constructional features when the word form is semantically
compatible with the construction. When semantic information of participant rolesisinsufficient, word
senses can only be detected with a careful examination of lexical and grammatical collocations. For
example, sense 1 and sense 3 of ZOU( ) can only be distinguished when colloconstructions are taken

into consideration. Consider the following uses of sense 3:
(3) Self-mover <*< path

min2zhong4 yu4 jian4 nan2ren2 shanlqul de senllin2 shengltai 4xi4, zhi3 xiaol zou3 yiltang4
nan2hui2 gongllu4 ji2ke3

people want see Nan-Ren mountain area DE forest ecosystem, only just walk once south

highway all right

* If people want to take alook around the forest ecosystem of the Nan-Ren mountain area, they
may have avisit of the south highway’

(4-moveld f<*< goal
tai2wanl ben3dao3 de xiao3peng2you3 lai 2 shuol, yao4 kandkan4 kong3long2 biaolben3, zhi3

yao4 zou3 yiltang4 kelbo2guan3 jiu4 ke3yi3 le

Taiwan insular DE kids come say, want see dinosaur specimen, only have to walk once science
museum all right LE

‘ For insular kidsin Taiwan, if they want to see the dinosaur specimen, they may visit of the
science museum all right’

(O Iyself-mover) <goal<*

zai4 xiao3ren2guo2 nei4 zou3d yi1zaol, fang3fu2 zi4ji3 bian4 shi4 tong2hua4 zhongl de judren2
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ge2liedfu2
in Lilliputian inside walk once, like oneself is nursery tale inside DE giant Grief.
* Visiting in Lilliputian, one may imagine themselves asis being the giant Grief in the nursery tale’

In these utterances, the delimiting phrasesyitang ( ) or yizao( ) combined with a
Location are crucial indicators of the‘ visiting’ senseof ZOU( ). In other words, the word form
ZOU( ) and the phrasesyitang ( ) oryizao( ) co-construct a specific sequence commonly
associated with the sense of * visiting’ . Exactly, in what way can Colloconstruction help? The
answer is: when frame-based semantic roles fail to disambiguate. Let’ s consider the following
utterances which contain the uses of sense 1:

(6) Self-mover <*< path

jielzhe shi4 xundlian4 talmen zou3lu4. zou3 xie2pol, zou3 tai2jiel; zou3 ping2lu4, ye3 zou3
budping2 delud
then is train them walk. walk slope, walk step, walk even, also walk not even DE road
‘ Then, train them walk, walk slope, walk step, walk even road, and also walk uneven road’

( Self-mover <*< goal

wo3 dui4 tal xiaodyilxiao4 zou3kail le, yang3tou2 yilkan4, cai2 zhildao4 zou3dao4 yilpai2
songlshu4 xia4

| to her simile walk away. Faced upward alook, just know walk to aline pine tree under
‘| gave a smile to her and walked away. Then, | faced upward taking alook and found that |
had walked under aline of pinetrees.’

B (CNIl-meseérf) < goal < *

wang3 yinglguo2 hualyuan2 de xi1lnan2 bianl zou3, shi4 yilgejiu4 shi4qul
)

toward British garden DE southwest side walk, is an old downtown

* Walk toward the southwest side of the British garden, there is an old downtown

Aswe can see, the examples (6)-(8) above contain uses of sense 1 and the core frame elements
(Self-mover, Area, and Goal) are similar to those of sense 3 (examplesin (3)-(4)). To detect the
differences between these two senses, we need to pay attention to their collocational features. Here,
the colloconstruction [ZOU( ) +yitang ( ) lyizao( )] help to identify the occurrence of
sense 3. Therefore, as we proposed above, Colloconstructions might be the anchor for the
derivational senses. In this case, the adjunct yitang ( ), yizao( ) help to anchor sense 3in a
commonly recognized construction, taking the following NP as a destination (Goal) and then the sense
‘visit’ isderived. This resolution conforms to the perspective of Emergent Grammar, as Firth [5]
contended that usage patterns of lexical forms can best be examined by looking at * the company’ they
keep. However, given the dynamic nature of word usage, collocational associations alone may not be
flexible enough to distinguishsubtle differences of the senses of aword. Therefore, we need to take
another step, looking into contextual dependence to obtain the overall resolution for polysemy.

6 Contextual dependence
Theword form ZOU( ) has another sense —sense 4 ‘ leave’ —as shown in examples (9)-(11).

Initially, we take the first step and test whether sense 4 can be derived only by utilizing information of
core frame elements. Let’ s consider the following utterances:
(9) Sef-mover<* (sense 4: leave)

yu2shi4 dadhuo3er2 bian4 fenltou2 zou3le, dai4zhe man3qiangl de xing4fend
hence a group of people separately walk away LE, bring full De excitement
‘ Hence, the group of people walk away separately filled with excitement.’

( 1 OS@lf-mover<* (sense 4: leave)
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yilbu4 mo2tuolchel, mei2you3 tui3 de gi2shi4, yuan3yang?2le...zou3le...

one-CL motorcycle, no leg DE knight, far wary LE...walk LE

* A motorcycle, carrying a knight without legs, moved far away ... leave ...
(1 1Splf-mover<* (sense 1: walk)

wo3 zai4 man3 jiel shui3bingl han4 junlguanl men zhongljianl zou3zhe, tingl talmen yong4

shou22xi1 de culhuad hudxiangl xiao4nao4zhe, yilzhi2 |ai2dao4 ma3tou2 bianl

I infull street soldiers and military officerses centre walk ZHE, hear them use familiar obscene

|language each other laugh ZHE, make hullabaloo ZHE, until arrive at wharf side.

‘| walk in the street full with the soldiers and the military officerses, hearing them use the

familiar obscene language, laugh to each other, make hullabal oo, and has been arriving at the

wharf.’

Relying solely on core elements, it would be difficult to tell the differences between instances of
sense4 ‘ leave (asinexamples (9), (10)) and theuse of sense 1 ‘ walk’ (asin example (11)), because
they show the same highlighted elements and the same associated constructions. At first glance, in
terms of Colloconsruction, we may find an anchor for sense 4 - theverb-final *  ’, which has quite
distinct distributions with clauses containing either * walk’ or ‘ leave’ , aswe can seein the statisticsin
Table 2:

Table 2. Collocate frequencies for the ZOU LE( ) construction as the meaning of * walk’ and

‘leavel.
Sense " leave ‘walk’
Co-occur with verbal LE () 28/42 (57.14%) 7/53 (13.2%)
without verbal LE( ) 14/42 (42.86%) 46/53 (86.8%)

Although, as shown in Table 2, the possible anchor *  * indeed has a higher frequency of
occurrence in clauses compatible with the sense of ‘ leave’ , we still have to explain how people
distinguish the two senses in the fewer cases where both senses have the same Colloconstruction -
co-occurringwith*  * to form acolloconstruction - [walk + + duration] or [leave + + duration]
('such as examples (12)-(13)). Moreover, how can we deal with utterances with abare® ' and no
other constructional anchors can be found (such as example (14))?

(12) sense 1: walKk

N(/GCmmelVEr) <*< duration

yillu4 genlzongl er2jin4, you3shi2 chadludshang4 liang3bianl doulyou3 jiao3yin4, zhi3dei3

rendyi4 xuan3 yi 1tiao2lud. zou3le hao3bandtianl, shanldong4zhongl chadlu4d budzhil fan2ji3,
al road follow and enter, sometimes branch road above two sides have footprints, only can

choose one road. walk LE good half-day, cave inside branch road not know how much

* All the way we follow the footprints and walk into the caves, sometimes both sides of branch

road all |eft the footprints and we just can choose one road arbitrarily. We walked along time,

we met uncountable branch roads on our way ,’

(13) sense 4: | eave
CNIfself-mover) <*< duration

wo3 fanlshenl zuodle qi3lai2, zhenglleyilzhengl, ginglxing3le xu3duol, wenddao4:
“zou3leduoljiu3?” “ budzhildao4, wo3 xiadwu3 kailshi3 pei2tal, houdlai2 kan4shul kan4 de2
kundle. jiud shui4zhao?2 le, gi3lai2 jiu4 mei2kan4dao4talle

| turn body sit LE up, stun LE one stun, wide awoke LE many, ask: “walk LE how long?’

“don’ t know, | afternoon start accompany him, then read books read DE feel asleep, then sleep
LE, get up then not seehim LE.

‘| turned over and sat to get up, and was being stunned awhile, and when | wide awoke, |
asked:" How long did he leave?' "I don't know, | started to accompany him in the afternoon,
and then read the book and | felt asleep, and then imperceptibly | fall asleep; when | got up, |

did not see him.’

(14) sense 4: | eave
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lin2zhaolliang2 sanlxiadliang3xia4 jiu4 ba3 mian4 chilwan2, jiu4 genl talmen yilwolfengl
zou3le.

lin2zhaolliang2 immediately then BA noodles eat over, then with them an onrushing crowd
peopleleave LE

* Zhao-Liang Lin finished the noodles immediately, and then left with themblindly.’

Comparing examples (12) and (13) above, sense 1 and sense 4 are almost identical in surface

structure as they share the following:

Shar ed core frame elements: path, self _mover, duration

Shared syntactic pattern: (CNI/self-mover) <*< duration

Shared colloconstruction: [* + + duration] (* represents the verb)

To distinguish the two senses, additional information from the larger context is needed. Each
senseis believed to display certain features of Contextual Dependence. Here, Contextual Dependence
refersto both foregrounded and backgrounded factors that are contextually linked with a given sense.
In other words, we derivethe sense‘ leave’ or the sense‘ walk’ from contextually bounded elements
across clause boundaries. We make inferences on the basis of identifiable sense relations. For
example, in example (12), the preceding sequence provides a valuable clue — the mention of jiaoyin
( ) * footprint’ , which helps infer to the sense of * walk’ . A semantic link is established since the
definition of “ walk’ is* the act of traveling by foot’ (from WordNet)>. The clear mention of * footprint’
thus motivates a contextually appropriate reading of ZOU( ). In examples (13) and (14), the sense
of ‘ leaving' is motivated by contextual sequences referring to * appearing/disappearing’ , ‘ seeing/not
seeing’ or * finishing/departure’ . For example, mei kan daotale ( ) * (he) isno longer seen’,
and mian chi wan ( ) * finished eating the noodles' , both are related to the concept of
disappearance. The semantic distance or proximity of contextual variables can be obtained if an
independently motivated hierarchy of semantic categoriesis available. In practice, avaluable
resource would be databases such as SUMO. The contextually salient features can be readily
identified if aclose link in the SUMO hierarchy can be established. In our proposed resolution,
discourselevel factors may be utilized with a clear measure of their semantic relations. According to
Hopper and Thompson [6], * users of alanguage are constantly required to design their utterancesin
accord with their own communicative goals and with their perception of their listeners' needs.” We
also believe that communicative goals will often be realized with semantically coherent sequences.

7  Conclusion

In the previous sections, we present a preliminary model of the cognitive process for detecting
word senses. Given the principle of economy and mechanisms in prototype theory, we assume that
not all the senses of aword have equal weights and require exactly the same procedure for sense
derivation. Therefore, three modules are called upon in a sequence when needed. The first module
focuses on frame-based information regarding participating frame elements and their expressions.
The second module identifies colloconstructions that go beyond the expression of core arguments and
look for detailed lexical aswell as grammatical association patterns. The last module deals with
contextually dependent cues that are semantically or ontologically related to the target word.
In sum, the proposed resol ution schema could be viewed as the cognitive procedure drawn upon when
multiple senses are present in asingle word form, asillustrated with the case of Mandarin verb
ZOU( ). For further research, an automatic procedure may be established that makes use of
frame-based semantic analysis and ontological hierarchy such as Sumo. A comprehensive
investigation of Mandarin lexical semanticsisunder way (Liu [7][8]) and abilingual ontological
wordnet (Sinica BOW) is also available (Huang et al [9]). With useful tools, the cognitive procedure
may offer a workable model to develop a computer system dealing with polysemy resolution. This
model aimsto integrate lexical semantics, corpus-based morphosyntax, and discourse analysis to
provide a procedural and holistic solution. We also hope that this resolution can be applied in languages
besides Mandarin.

Notes

1. Thedatausedin Table1l and Table 2 in this paper is from the Sinica Corpus
(http://www.sinica.edu.tw/SinicaCorpus/). And the numbers are based on the randomly 200
utterances found in the corpus. Thetotal occurrences of ZOU( ) in Sinica Corpusisover 2000.

The examples cited in this paper are also from Sinica Corpus.
2. Thedefinition is adopted from WordNet 2.0
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Abstract. This paper aims to investigate the polysemy and multifunctionality of the expression
“fFRL7 1t has been observed in recent years that “s4+L” has two different meanings and
semantic-pragmatic functions.  The first function is to express speaker’s suggestion or
expectation to the hearers to reach the optimal outcome. It is noted as the deontic optative
meaning by Bybee (Bybee et al. 1994).  As this meaning expresses expectation to the events in a
hypothetical world, the deontic “fs4+%L” also functions as a conditional marker (Traugott 1983).
The other meaning of "4+ £L" is the epistemic meaning. The epistemic meaning of "f&t{+ 1"
performs the indirect speech act to show the speakers' denial or disbelief brought forth by the
interlocutor. The paper is to argue that the epistemic meaning of “f&4+%L” derives from the
deontic meaning. This semantic change is motivated by subjectification of the semantic
implication of deontic meaning, which consists of implicature of “not yet done” and “too good to
be true”. The data for this paper consists of three main sources: on-line corpus (Academia Sinica
Balanced Corpus), Internet (google and yahoo), and conversation data. The three databases
consists of different types of discourse (written and spoken) and different levels of formality.
The observation from the data shows that the process of semantic change of "+ L" follows the
path of semantic change proposed by Traugott and Dasher (2002). The epistemic meaning of "
#17 k" derives from the deontic meaning as the result of subjectification of the semantic
implications (Traugott 1999). The distribution of data also points out that the epistemic ~ “{st+
FL” is informal and requires an interactional context while the deontic “#+fL” appear
much more frequently in formal context and written discourse. At last, according to the data, it
is proposed that the epistemic  “f&t4+ %"  should be established as an epistemic formula. This
formulaic form of “f&4+%L” functions as verbal irony. It serves as an option for politeness
strategy gBrown and Levinson 1987) to soften and counter direct criticism, complaints, and
disbelief.

1 Introduction

It has been observed that the expression “f&{+ 1" has two different meanings and semantic-pragmatic
functions. One function is to show speaker’s expectation or suggestion toward an event or an action. This
function has the deontic meaning of expressing wish and desire. By using this function speakers show their
intended hearers what is necessary to be done or to be possessed to achieve the optimal outcome. This
function is illustrated below:

(1) a BHRLAERIIIRZE IR E[R F pol o - (Academia Sinica Balanced Corpus)

b. fﬂj%@%ﬂglg'jjﬁgﬁ?ﬁﬁgﬁﬁjﬁxj , J‘;fFﬁJ = [ ﬁlﬁﬁ’ﬁ% > (Academia Sinica Balanced Corpus)

It is observed that both examples in (1) are suggestions or expectations for the hearers. In (1a) it is
suggested or expected that for the best outcome of medical treatment it is best to diagnose the problem early.
In (1b) it is suggested that to backpack one better have two or more companions to go with so they can look
after one another during the trip. From the two examples it is readily shown that what is suggested or expected
can be either an action or a property.

| would like to thank Professor Shuanfan Huang and Professor I-wen Su for their opinions on the path of
semantic change and the classification of “f&4+£L”. | am also grateful to Drew Tseng and Sharon Chen, two
diligent students who helped me collect spoken data around the campus. The analysis is never complete
without the data they collect. Last I’d like to thank Alvin Chen, Claire Wu and Weilun Lui for their comments
on the observation and how the data should be approached.
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The second function of “#&t4+£L” is as an epistemic formula. It functions to sarcastically deny or reject a
proposition brought up by the interlocutors (2a) or existent in the situational context (2b). The use of this
function is frequently observed among the young population (college students and high school students).

(2) a A BOERIRGE . BlEg RIS B RS B RERL

b. (on seeing a dog sleeping with it belly up)f#ti+ kL JF;J‘E%‘;E?E

This paper is to argue that the epistemic formula “f&t4+L” derives from its deontic meaning of suggestion
and expectation toward hearer’s obligation. The epistemic meaning emerges from on-line communication not
only due to the rise of subjectivity (Traugott 1999) but also due to the integration of the well-entrenched concept
of “too good to be true”. Moreover, from a pragmatic-cognitive perspective this paper will attempt to examine
that the multifunctionality of the expression “#7+§L” is based on mechanisms such as conditionality and
politeness principle.

The data for this study consist of three different sources. The first source is the data collected from
Academia Sinica Balanced Corpus. As the concordance is unable to recognize “#t{+ fL”, the search is done by
keying in “f&t4+”.  Of all the 498 tokens 64 of them are “f&{+}L”.  The second source is the web search in
google.com. The web search generated more than 6 million results. The first one hundred results are taken
for this study. The third source is the personal notes of daily conversation. The notes contain 42 instances of
“f k", The conversation data consists of mainly conversations between university students. The data
collection and classification is done with the help of two other students in National Taiwan Normal University.
In the later discussion, the data from different sources will be noted. This notation of data is first to recognize
the source of data. Also the recognition of the source would also be able to indicate the interactional nature of
the expression “f{+ (17,

The paper is organized as follows. Section 2 reviews the approaches and mechanisms which are crucial to
the study of semantic change. Section 3 categorizes the expression “f+ 1" into two types: deontic “f&§+kL”
and epistemic “¥s{+}:L”.  Section 4 proposes that the semantic change of “it{+%L” involves not only
subjectification but also semantic implication. Section 5 is the analysis of the distribution of two types of “{&
I+ £L”. Section 6 draws a conclusion to the paper.

2. Overview of Semantic Change

In this section two topics will be covered. First is the unidirectionality of the semantic change of
modality and subjectivity. The second is Hopper’s (1991) approach to semantic change.

2-1 The Unidirectionality of Semantic Change

Traugott and Dasher (2002) stated that semantic change has a lot to do with two aspects of language.
The first is modality, the second is subjectivity.

Modality, according to Kiefer (1994) “consists in the relativization of the validity of sentence meanings of
a possible world.” (p.2515) Modality can generally be separated into two categories: deontic modality and
epistemic modality. Deontic modality concerns mainly about obligation or compulsion. Lyons (1977)
identified the characteristics of deontic modality as concerned with the possibility and necessity of the actions
performed by a morally responsible agent. It describes the state-of-affair that will obtain when the action in
question is performed and it typically proceeds or derives from either outer or inner compulsions.

Another kind of modality presented in Traugott and Dasher (2002) is the advisability. Advisability is the
sense that the action to be performed by the agent is not only normatively wished but also be profitable to the
agent. They discovered that the advisability modality plays an important role in the development of modals in
English and Japanese.

Bybee and her colleagues (1994) examined deontic modality in a more detailed fashion. They divided
deontic modality into two parts: agent-oriented modality and speaker-oriented modality. Agent modality
includes a. Oligation, b. Necessity, c. Ability, d. Desire. The speaker-oriented modality includes a. imperative
b. prohibitive, c. optative, d. hortative, e. admonitive, and f. permissive modality. What should be noted is the
optative modality. Optative modality expresses speaker’s wish and hope toward a hypothetical world. As
will be seen in the later discussion it will be shown that the deontic meaning of “#{+£L” is mainly optative
modality.

Epistemic modality, on the other hand, is largely concerned with speaker’s knowledge and belief.

According to Traugott and Dasher (2002), epistemic expressions are used to express speaker’s
commitment to the truth of the proposition. For example, the sentence “John must be tired.” is a strong
epistemic expression for it reflects the speaker’s belief of John being tire is firm. A weak epistemic reading
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can be exemplified by the sentence “John may be tired.” In this sentence the state of belief of John being tired
is not so high in degree.

Traugott (1989), examined the process of semantic change of English words allow and evidently. She
concluded with the general process of semantic change. It is shown in (i)

(i) main verb > premodal > deontic > weak epistemic > strong epistemic

This general process of semantic change is later confirmed in Traugott and Dasher (2002). The semantic
change of modals must and ought to are examined. They concluded that the process of semantic change is that
epistemic meaning derives from deontic meaning. The process is unidirectional. In other words, the process
can not be reversed.

Another key issue in semantic change is subjectification. According to Lyons (1982), subjectivity refers
to the way in which languages provide expressions of the attitudes and beliefs of a locutionary agent. Traugott
(1989) identifies three tendencies of grammaticalization, in which meanings may change from propositional to
textual or to expressive meanings. The third tendency she identifies is cited below:

Tendency II: “Meanings tend to become increasingly based in the speakers subjective belief state/attitude
toward the proposition.” (1989:p.35)

In Traugott (1999), she defines the process of subjectification as how meaning is increasingly based on the
subjective belief and attitude toward what is being said and what is being said. In other words, subjectivication
is the process in which meanings tend to encode or externalize the speaker’s perspectives and attitudes within
the hypothesized world rather than the real world.

In Traugott and Dasher (2002), it is concluded that as the deontic meaning changes to epistemic meaning, the
subjectivity will rise at the same time. In this way, the process of semantic change can be summarized as in
(ii):

(ii) epistemic meanings derive from deontic meanings, meanwhile the subjectivity becomes higher

It should also be noted that unidirectionality is also true with subjectivity. So in the process subjectivity

only gets higher, not vice versa.

2-2 Hopper’s Approach to Semantic Change

The path of semantic change identified by Traugott and Dasher (2002) is well supported by diachronic
data. What about semantic changes in languages or meanings that are present but not available in written
documents? There are many languages do not have a written forms or documents of their languages. Also
even for languages that have written forms the new meaning may only exist in spoken data. According to
Hopper (1991), synchronic approach to semantic change or grammaticalization is possible based on the
tendency from cross-linguistic observation. He also proposes several principles to deal with
grammaticalzation. One of the principles is the “layering” principle, which states that the new meanings and
the old meanings in the process of semantic change can co-exist. New meanings do not immediately replace
old ones. In this way the cognitive-pragmatic reconstruction of synchronic spoken data is likely to draw some
clues.

3. The Taxonomy of “&+kL”

From the collected data, two main meanings of “f&{+kL” are observed. The two meanings will be
presented and discussed respectively in section 3-1 and 3-2.

3-1 Deontic Meaning:

The first meaning of “f&{+L” observed in the data is the deontic meaning. The deontic meaning is used
to express one’s will.  The function of this meaning is for one to express one’s wish, desire, and suggestion to a
certain issue or proposition. Here the issues or propositions are the desired situations or conditions that the
speakers seek for the profit of theirs or the addressees. The following are some examples:

) a ~H§' FSE e El«ffﬁlﬁ “ o BIFRLIEIEE (google.com)

r«lqufﬁ u sr » HFRLTE FEU [HJ%EFI‘J ! (google.com)
fj B’vﬂg ?f;i,‘f]FEJ’B”}%H M3 Jef5e" (personal notes)
d kf il gk ]4¢ Vs 2 o gl s R RS (personal notes)

e FUFIIDRIFALT Fy o RIS A o~ A T B
(google.com)

f. @G \ﬁj ES FUAIUEING =15 IS e q?ﬁm%ﬁ) (Academia Sinica Balance Corpus)
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9. AFHEAE ’Fﬁﬂﬁﬁ‘*‘ » BEFRLENE — R E ﬁ,ﬁd\ﬁfjﬁﬁf'ﬂu&% (Academia Sinica
Balanced Corpus)

In example (3a), the speaker is looking for a teammate to play tennis. Also he expects the teammate to
be of the opposite sex. This wish is revealed by the linguistic coding of using “#4+£L” before the desired
condition. In (3b) the speaker is looking for stories about the Trojan War. Here he is not only asking for a
story but also expecting the story to be one based on real history. Again his wish is specified by the use of “{&
L7, In these two examples, instead of integrating the desired condition into the main clause, the speakers
choose to separate the desired condition from the main clause and add the expression “f&t4+£L”. In this way
the desired condition is highlighted. In (3c) and (3d), both speakers expect a desired optimal condition (a clear
day, a wealthy husband) for their wish to come true. The use in (3c) and (3d) differ from (3a) and (3b). What
is different is that in (3a) and (3b) “fst4+£1.” is used to directly code the desired entity or condition. However,
in (3c) and (3d), “f4+ £ is used to code the premises for the desired condition to come true. The use of “f&
#£L” in (3c) and (3d) are more like conditional markers. This function of conditional marker will be
discussed latter in 3-1.1.

In examples (3e), (3f), and (3g) the expression “ft{+LL” performs to give suggestion. One of the
deontic meanings listed in Traugott and Dasher (2000) is advisability. Advisability includes the sense that the
action sought of is not only normatively wished but also beneficial to the one to carry it out. Take (3f) for
example. It tells the addressee it is not only necessary to wear conservative clothing when visiting a mosque,
but it would be best or beneficial for visitors to wear long sleeves and long skirts to avoid troubles.

The difference between the function of expressing wish/desire and the function of giving suggestion is the
difference of degree. The expression of wish and desire, according to Bybee et al (1994) is a subcategory of
speaker-oriented deontic modality named optative modality. On the other hand, the function of giving
suggestion is of the agent-oriented modality of obligation and necessaity, in which social or physical need would
compel the agent (in the case the addressee) to perform the predicate actions. When expressing wish and
desire, the hope (subjectivity) that the desired condition to true is usually very strong. This is because the
desired condition is often beneficial to the speaker himself. On the other hand, when giving a suggestion the
hope for the desired condition is not so strong in comparison to wishing. The difference in degree here is due
to the fact that when giving suggestions the desired condition may not be directly profitable to the speakers
themselves but to the addressees. As the speakers are not the ones benefited from the accomplishment of the
desired situation, the motivation and the hope for it to be true will not be high.

There are also instances of deontic “#4+%L” is used for the function of threatening. As the following
example:

4) ﬁﬁ\’ﬁk"ii'[\;{%!ﬁz T SRS 577 (personal notes)

This threatening function can be viewed as a peripheral type of advise/suggestion. It can be interpreted as
that the speaker suggests the addressee to fulfill the premises (in the case, the talking) or something very bad
will happen to him. The same as the instances of suggestion, the cases of threaten function to give advice for
the benefit of the addressee.

3-1.1 Conditionality and Desirability of “fs{+kL”

It has been mentioned in that the deontic meaning of “f&{+%L”, expressing wish and desire, behaves like a
conditional marker. Here are some more examples:

(5)a. b et N EM R > (R RLIE) TS ﬁiiﬁﬂg@gﬁ@ > (Academia Sinica Balanced
Corpus)
b. AEFRE] R < IAAHR 2 B RLIVEDEL (google.com)

Traugott (1983) stated that many lexical sources can become conditional markers. One of the sources is
modality, especially optative modality that expresses wish and desire. Conditionals are about the hypothetical
worlds. It is true that imagined hypothetical worlds are often ones that are wished for by the speakers.  This is
why optative modality can be motivated to be a conditional marker. As we see in example (5a) and (5b), both
of the two instances put forward a desired condition (students being able to vote for university principal,
keeping slim). These conditions are the imagined or hypothesized world wished for by the speakers. For the
imagined or hypothesized world to come true some premises have to be done in the first place. The clauses
with “f&t4+LL” provide the premises for the desired condition to be fulfilled. The conditional marker function
of deontic “#t4+ £ arises as it is to provide the premises for the hypothesized scenarios wished for.

Furthermore, it is noteworthy that when the deontic meaning of “f{+£L” is used, the expected/suggested
premises is not yet fulfilled. The desired outcome is, therefore, far from being accomplished. It can be
viewed as a kind of the “predictive” conditionals, which predicts that if a desired/undesired action is carried out
or a desired/undesired condition is fulfilled, the desired/undesired consequence will take place. Clancy et al
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(1997) observes that in American English, Japanese, and Korean, children less than three years old are given
warnings or advices in the reasoning process cited below:

(iii) It is desirable that p will happen. If “not p” happens, it will lead to undesirable consequences.

Akatsuka and Strauss (2000) also states that speaker’s stance of desirability is how people understands the
various usages of conditional utterances in daily lives. It is through the reasoning process of described in (iii)
that people understand the conditionality in utterances.

In this case of deontic modality of “f&t{+5L” desirability is crucial to the functions the expression
performs. Take (5b) for example, the line of reasoning can be recorded in the format similar to (iii) and it will
look like the one in (6)

(6) It is desirable that p (one being relaxed) will happen. If p happens, it will lead to the desirable
consequence (keeping slim).

Example (4) can also be put in the same line of reasoning as (iii). The outcome is as (7):

(7) It is desirable that p (speaking quickly) will happen. If “not p” happens, it will lead to the
undesirable consequence (being done for).

In this way the inclusion of undesirability is the difference between the pragmatic functions of advising
and threatening. We can see that the use of “ft{+ %L as a conditional marker often involves premises and
outcomes. For example, in (5b) the premise is “to relax™ and the outcome is “keeping slim”. The premises
are always what are required for the desirable outcome. If the outcome is the desirable one, then “s{+%L”
functions to give advise and suggestion. If the outcome is the undesired one, “#4+£L” would function to be a
threat.

3-2 Epistemic Meaning:

As have mentioned, epistemic meaning is largely concerned with the knowledge state or subjective belief.
It is mainly about the speaker’ s evaluation or judgments on the truth of the proposition. The epistemic
meaning of the expression  “ft{+ 51" performs the indirect speech act of rejection or denial to the proposed
proposition. It shows that speakers are not holding the evaluated propositions to be desired, rightful, or true.

The following are some examples:

(8) a A NPHSASTSU [ B IR T i BiR L fgi“f FARHIEYF S E1 L (personal notes)

b. A M@ e B BIFRLT ¢ (personal notes)

c.A ?E??“JFI I'Jsurvive B: i LL \5@%?% = (personal notes)

d. (responding to a previous article) st f+RLE[ 14+ =551 5 r’ﬁviﬁ;; iy (google.com)
e. A:?,W;‘{E [Exiibiain B:ﬂfir’ﬁ\’fi%‘\-’%ﬂglfﬁﬁg WA A FEL (personal notes)

Example (8a) shows that B does not take A’s proposition of her being a person with mixed ethnicity to be
true. At least she does not think that her curly hair is symbolic of a typical hybrid (European-Asian, for
example). That is why after she sounded the denial with “f&4+L” she added another comment. That
comment shows that she opposes the proposition brought up by A. Example (8b) and (8c) are similar ones.
In both examples the denied proposition are repeated after the expression “ft4+£L”. It shows that in this kind
of context it is the proposition brought about by the interlocutors (secret dating; survive the course without
previewing the material) that are denied, not other elements of the previous statement. It is through this kind of
instantiation that the negative reading of “#s4+%L” can be inferred. (8d) shows that the proposition denied can
be not only a single proposition but also a whole article. (8e) is another convincing instance that “ft {3 fL” is
used to deny the truth or validity of a previously proposed idea. Most of the instances of epistemic “fs {3 f:1.”
take the formulaic-like form in the observed daily conversations.

4. The Process of Semantic Change of “&{+kL”

In Traugott (1989, 1990) and Traugott & Dasher (2002) the unidirectionality of semantic change is
proposed. Using examples like allow and evidently, Traugott (1989) discovered the direction of change of
these words. Both these words go through the stages as illustrated in (iiii).

(iiii) deonitc meaning > object epistemic > strong epistemic

Note that not all the stages have to take place for the process to be complete. The general pattern of the
change, as noted by Traugott and Dasher (2002), is that epistemic meaning derives from deontic meaning, not
vice versa. Meanwhile subjectivity increase as the epistemic meaning derives from the deontic meaning.

In the case of “s&{+£L”. It starts out to have a deontic meaning. The deontic “#4+£L” functions as a
conditional marker to give advises or suggestions. These suggestions and advises aim to guide the hearers to
achieve the desired optimum. Also as conditionals the suggestions are given in the hope that the optimum
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would come true in the hypothetical world. It is clear then at the time a speaker uses “f{+ " the required
premises (actions, properties) is not yet available and the desired outcome not yet accomplished. In other
words, there is this implicature that the situation is irrealis. Akatsuka (1985), in the discussion of conditional
and counterfactual reasoning, states that the conceptual domains of realis and irrealis have to do with one’s
epistemic evaluation. These two domains affect speaker’s evaluation of the realizability of an event. In this
way, subjectively one is capable of using this implicature to show that he knows that the event is not true.
Hopper and Traugott (2000) point out that in early stages of grammaticalization the implicatures often become
part of the semantic meaning of a form. In this case “fs4+}L” the implicature of “not yet ture” or “not done” is
clearly the sources of the epistemic use of “f&4+;L” as a means to show disbelief. Meanwhile in the process as
subjectivity of the speaker becomes higher the meaning will move toward the speaker’s strong belief or disbelief
of the event. In this case the semantic implicature is strengthen by the sujectification of meaning in the change
from deontic “fs 1+ fL” to epistemic “f i+ L1

The other source of semantic implication is the well-entrenched concept of “too good to be ture”. In
Traugott (1989), she suggested that the shift from deonitc meaning to epistemic meaning is done through the
conventionalization of the conversational implicature. She stated that this conversational implicature is used in
speaker’s attempt to regulate communication with others. Levinson (2000) provided a more comprehensible
definition of conversational implicature. For Levinson, the conversational implicature is a default inference
“...that captures our intuitions about a preferred or normal interpretation.” (p. 11). Then, what is the
implicature that leads the epistemic meaning to a negative one? It is the cognitive factor that leads to the
negative reading. As Langacker (1987) and Johnson (1987) pointed out, cognitive machenisms are often
involved in the process of semantic change. They both proposed that the integration of familiar information to
make sense of the new experience is a very basic process. Here the integrated concept is a well-entrenched one
“too good to be true”. The expression “#&t{+ f:L” often denotes an optimal condition which is desired by the
speaker. However, everyone knows that the optimum is often hard to reach. For example, it is impossible to
form an optimal rule without exception. Also it would be impossible for everything to go smoothly the way
one expects. If anything can go wrong, it will. ~ This implicature is best illustrated by (9):

(9) ARSI~ €12 PHRI LS S 3 2 RN [RLERLT Y | (Academia
Sinica Balanced Corpus)

Therefore the optimum would often be related to those tasks that are impossible. It becomes predictable
then, that when one proposes something that looks perfect, it is usually impossible. As the implicature
becomes more deeply rooted in one’s subjective belief, the conceptual connection between optimum and
impossible is thus linked and integrated. In this way, when one proposes something that is optimal one is
actually proposing something impossible. When the concept of “too good to be true” in integrated into the
interlocutors, they would automatically connect the optimal meaning with disbelief, especially when the optimal
proposition sounds untrue, undesired, or invalid to the interlocutor (which is the case with the epistemic “st{+
FL”).  Take (10) for example:

(10). A: oL TR LIS f#fi@f |7 B: S+ £L (personal notes)

In (10), the proposition brought up by A, to work on research papers all day long, would sound to B (and
most others) to be very good, but impossible (or even exaggerating). Therefore B would see the optimal
proposition of working on research papers all day long as untrue. With the concept “too good to be true”
integrated to his mind, B would automatically treat the incoming material as not true and assign the negative
meaning of disbelief/denial to the proposition to the expression of “f{+L”.

Overall, we can see that the motivation of “f=24+%L” is mainly semantic implicature. It is implied that
when one uses “& 4+ £L” the suggested qualification is not fulfilled and the desired outcome therefore not
reached. The other semantic implication is that the outcome brought up by “&4+£L” is often too hard to reach
in real life. When these two implicatures are “semanticized” to add new meaning of “f{fL”, the new
meaning of disbelief or denial emerges in order to express speaker’s subjective evaluation.

5. “E&{#EL” as an Epistemic Formula

This part of the paper discusses the property of “&7+£L” as an epistemic formula. It will also be
discussed why among so other possible collocations with “f& {3 it is in “f§+}L” that epistemic emerges. The
third part of the analysis will draw reference to the politeness theory (Brown and Levinson 1987)
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5-1. The Epistemic Formula “&#+{L”

The end point of semantic change or grammaticalization is often that a lexical item becomes
grammaticalized and becomes a discourse marker. Discourse markers, according to Schffrin (1986), are
“sequentially dependent elements which brackets units of talk” (p.31). They have lost their lexical meaning
during the process of grammaticalization. Their functions are primarily discourse-oriented, such as
turn-taking, topic-management, or discourse organizing.

This, however, is not the case with the epistemic “#t4+£L”. It is obvious that thought the meaning is
altered the lexical meaning of epistemic “f=4+£L” still exists. It is more appropriate to call it an epistemic
formula. Both Bolinger (1976) and Fillmore (1967) noted that a large portion of language is memorized,
automatic and rehearsed rather than created, generated, or freely put together. Coulmas (1979) termed these
automatically produced parts of language as “routine formula”. They are lexically and syntactically
unchangeable groups of words. They are situationally-bound utterances to perform pragmatic functions such
as greeting (e.g. good morning) or politeness (e.g. thank you).

Judging from these criteria, the epistemic “f&{+ 1" looks fit as an epistemic formula. First, the lexical
meaning of denial or disbelief is fixed. Second it always occupies the clause-initial position. The situations
in which they are used is when an optimal proposition is brought forth by the interlocutor that is untrue, invalid
or undesired for the evaluation of the speaker.

Of all the 46 tokens of epistemic “f4+%L”, 31 of them are used alone without the repetition of the denied
proposition. Two theories provide convincing explanation for the formation of the formula. First, Givon
(2001) states that reduced expressions are favored when the speaker is biased. The more the speaker is biased
the more reduced the form will be. Here “& {3 L serves as a good example.  As the speakers are biased not
to believe the possibility and probability of the proposition they would choose the minimal form. Second,
Traugott (1995) and Traugott and Dasher (2002) proposes that In on-line communication (in which the instances
of epistemic “#{+ £L” are observed) the speakers invite their interlocutors to make inferences (invited
inference) on their subjective evaluation of the current speech situation. Meanwhile hearers make the most
effort to infer what is meant by the speakers. As long as the invited inference is semanticized it is predictable,
the new meaning can be used for most informativeness with minimal linguistic coding. In the case of “&1+
JL”, once the negative reading is established from the interaction, the denied or rejected propositions no longer
have to be repeated.

5-2 Why “HRL"?

From the previous analyses it is clear that the semantic change of “f4+£L” is the result of the semantic
implication of “fs4+” and subjectification. However, there are many other possible collocations with “st{+”,
The following are examples of the most frequent collocations with “fs4+” from the Academic Sinica Balanced

Corpus:
Table 1. Collocations with “f&4+”

= | Token
FL 63
FJ: 50
j\ Bl 47
5] 29

In Table 1. are the four most frequent collocations with “i&4+” the tokens are the times of their
appearances immediately following “&H” (FstfL, ﬁtzlﬁ:, {7 ol etc.). The ones that do not follow
immediately “ft4+" are excluded for the purpose to see why only “f4+ 1" undergoes semantic change. It is
very likely that the reason lies in the different kinds of components following those words. From the data
collected from the Academia Sinica Balanced Corpus, it is possible to look into the types of components these
words introduce.  First look at the three words “f=", “ 721", and “[iv”.

The collocation of “fﬁi{lﬁi” always introduces a verb phrase (\VVP) as we can see in (11):
(1) a FPIEFh BPfess s 9 S W RS D (MR T L RS S
FEHE# . (Academia Sinica Balanced Corpus)
b. [y = A IREE R ﬁﬁﬁ:ﬁﬁ:? | Hﬁp’mﬁ’ﬁf;@‘[@[ o (Academia Sinica Balanced Corpus)
c. ﬁﬁﬁ:j iﬁf@@# Y > J‘Jffg[’ﬁi F‘[‘?j ey 2 puRs il o (Academia Sinica Balanced
Corpus)
The verb “"J‘:” is a copula verb denoting ability. From the data it is observed that all the instances of “{&

reyy

tzlﬂ‘t” are accompanies with a verb. The meaning of “ﬁtzlﬂu is then the expectation that some action is to be
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taken for the desired optimum. The meaning of the verb FJ: then restricts the kind of proposition that follow
it to only those related to actions i.e. verb phrases.
“ﬁitzlj\%l” shows a similar patter with “;Eﬁii[lﬁt". 46 of the 47 instances takes the construction of “fs
tzlj FI+VP”.  For instance:
(12) a PHNI=T 4 FL PV B T Rl T %F[ﬁg;ﬂ]l » [ AR _FEGS o (Academia Sinica Balanced
Corpus)
- ERELEB TR O s B (“ﬁ‘? S > B RELHA - ) (Academia Sinica
Balanced Corpus)
There is also an instance of “E‘:tzlj %l” in the clause-final position:
(13) ‘EJ N & H@;FHF%UF[L f“JF FIh 2 i %Jr @Hﬂﬁ [J‘J 1 E!(Academia Sinica
Balanced Corpus)
When placed in the clause-final position like the one in (13), the VP that is omitted following “f& 4+ 1~ f1”
can be found in the preceding clause. The components that follow “f##+ 7 fo1” are always VPs in the

Academia Sinica Balanced Corpus.

Now look at the third collocation “f&4+f”.  All the instances in the corpus of “f& 4+~ are followed by
noun phrases (NPs).  As shown in (14):

(14) a. B SEIVREAY S P PR RS *EEF:’FLIF PR tz&«dﬁf - (Academia Sinica

Balanced Corpus)

IR BBy H[JQJ%EJ!““‘& s SRl B RS 4 sp] et 3 o (Academia Sinica
Balanced Corpus)
C. FHAIFIBIFEY- %5t - WEEEELE T - 2%6[vEHE (Academia Sinica Balanced Corpus)

It appears that the three collocations “ﬁﬂlﬁt", R TF;I “f [ are biased in the components that
they introduces. “ﬁitzlﬁt” and “ft 4+ 7~ f1” always introduce VPs.  “f4+ 4" introduces NPs.

On the other hand, “&{+£L” can introduce a wider variety of components.  For instance, it can introduce
a full clause like (15) cited below

(15) QA o€ 5 22 18 1 e b <) B‘Jﬁ' BRGNS BERLY ST Jl’fﬁ?{*ii#ﬁ

ol &Y r,%L(Acacfemla Sinica Balanced Corpus)
Itis also able to introduce VPs like (16a) and (16b).
(16) a. Z% i ki;xﬂﬁﬁﬁ,“”‘ﬁ%ﬂé ) :’Lyg{l;ﬁﬁﬁ'ﬁﬁﬁ?jﬁgﬂﬂgéﬁéﬂ o (Academia Sinica Balanced
Corpus)
b. EIFJ uﬂﬁ%ﬁij i[ gpf& B RLT EL j[’ﬁgﬁfﬁ » R EE 2R (Academia Sinica
Balanced Corpus)
“F{ ] can introduce the desired property as in (17a) and (17b).
17) a — IF A B U?TQE kiﬂ__ﬂ'i = - (Academia Sinica Balanced Corpus)
b. ™ RS JH"“EI*J lJﬁ%ﬂ%kiﬁ Iﬁ“ fi*J(Academia Sinica Balanced Corpus)

Like “ﬁtzi]aﬁ” “ﬁtz+£_” can introduce NPs.

(18) a. BIFRLS B[220 (Academia Sinica Balanced Corpus)

b e PR BERLE T o £ S RRUHREL ) SRS [ 0 TRUMRS - | (Academia
Sinica Balanced Corpus)
C. ﬁm@ PR A Py T ﬁl] (ﬁﬁxﬁi “JIY#1 ) (Academia Sinica Balanced Corpus)

Here it is obvious that “f27+%L”, among other frequent collocations, can introduce more variety of
components. It is in this sense semantically and syntactically more general than other collocations. As
speakers use “f=7+ %L it includes the functions of other collocations. It is why among the many collocations
“f+ kL it chosen to undergo semantic change.

5-3 “&+ L as Verbal lrony.

It has been discussed in 3-2 that the epistemic “st4+£L” functions to perform the indirect speech act.
The form “#&t{+£L” would look like the speaker see the proposition brought up by the interlocutor or in the
situational context to be desirable. The actual meaning is that the proposition is to the speakers as untrue or
undesirable. This function can be viewed as an ironical function. According to Sperper and Wilson (1995),
verbal irony is “invariably the rejecting and the disapproving kind (p.237)”. The speakers of uses verbal irony
to disassociate themselves from the proposition echoed and indicate that they do nit hold the proposition to be
true. Sperper and Wilson put forth that there are three requirements in understanding verbal irony. First is to
recognize the speech as echoeic. Second is to identify the source of echoed opinion. Third is to recognize the
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speaker attitude as rejection and disapproving. We can use these three criteria to examine “f&{+ 1. as verbal
irony. Let’s look at examples (8b) and (8c)

8b. A: pfv%r Sl vlvf*pfv% B: B kLT[ (personal notes)

8c. A: j\:gl A4 I survive B: Ei wgl 4+ 7% (personal notes)

In both examples the rejected proposition is echoed. In (8b) the assumption of the secret dating that is
echoed. In (8c) it is the opinion of being able to survive the course without previewing the material that is
echoed. The propositions in both examples are from the other interlocutors. The propositions from the other
interlocutors in both are rejected by the sentence containing “#&{+fL”.

Besides verbal irony, the epistemic meaning of “#t 7+ fL” has another pragmatic function. It is
recognized by Brown and Levinson (1987) that indirect speech and verbal irony are both strategies of politeness.
Politeness is way to soften or to counter the effect face-threatening acts (FTAs). Indirectness can save face by
allowing speakers to avoid responsibility for the potentially face-damaging interpretation of the utterance. By
using indirect speech the speech act is not directed to the the hearer as the speaker do not really commit to the
utterances. Also by using irony to express criticism, disapproval, and complaint can be thought of as a
softening a threat to the positive face of the hearer. It is also noted that the use of indirectness and irony is
often among intimates or close friends.  “fs4+%L” in this sense, is also able to soften negative feelings. It is
not a direct criticism or rejection such as j E Tfl* or T =", It is also observed that of the tokens
which “f 5L is used as verbal irony 38 of them are used between classmates and friends and the other one is
used between mother and child. These observations shows that “s4+}L” as verbal irony to perform indirect

speech act of denial, rejection or disbelief is a politeness strategy used among close friends or intimate
individuals.

6. The Distribution of “#&t{+£L”

The distribution of the deontic and epistemic “f&t4+%L" in different data collections is shown in Table 2.
Table 2. Distribution of “f&t{+{L”

Academia Sinica google.com Personal Notes
Deontic (%) 63(100%) 93(93%) 3(7.1%)
Epistemic (%) 0 7(7%) 39(92.9%)

Of all the data, the data from Academia Sinica Balanced Corpus consists of mainly written discourse,
which is the most formal set of data. The data from google.com contains a variety of sources and is regarded
as with mixed formality. The personal notes are all face-to-face interaction data among peers (only one of the
token is between mother and son). It is deemed the least formal set of data. From the distribution data it can
be concluded that the epistemic “fst4+}L” takes place mainly in interaction situations. On the other hand, the
deontic meaning of “f&4+%L” enjoys wider distribution in all three sets of data. The distribution is in itself
capable of showing the nature of the different situations. In daily, face-to-face discourse, the exchange of ideas
is often very rapid. As there are exchanges of ideas there would inevitably be confrontations. ~This rapid pace
of discourse and potential of ideational confrontation would promote the use of the short epistemic formula “fs
#£L”.  On the other hand, as there is often not need of seeable change of ideas in written course (ideas often
go unidirectionally from the writer to the reader), no confrontation would take place and therefore not necessay
to use the epistemic formula “ft{+ £, As to the deontic “fs§+ %L, the function of expressing wish, desire or
suggestions are universal no matter what discourse type it would be. Therefore the deontic “f{+£L” enjoys a
wider distribution.

7. Summary and Conclusion

The process of semantic change of the expression “f&t4+%L” confirms the process proposed by Traugott
and Dasher (2002). From the data collected from spoken discourse and written corpus, it is observed that
different layerings of meaning co-exist in contemporary Mandarin Chinese. The epistemic meaning of “f&t{+
FL” the one expressing speaker’s denial and disbelief toward a proposition, derives from it’s deontic meaning,
which is mainly the optative modality of expressing wish and desire. This process is motivated by the
semantic implication of “not yet ture” and “too good to be true”. The process is completed by subjectification
that makes the usage move toward the speaker’s subjective evaluation of the proposition. It is through these
two processes that the negative meaning (denial and disbelief) rather than the positive (strong belief) of the
epistemic “ft+fL” would come about. The distributional data show that the epistemic “&4+£L” is strongly
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interaction-oriented. It mainly takes place in conversations when exchange of propositions and confrontations
are available.

As “f+5L” is to denote a desired condition in the hypothesized world, it can be used as a conditional
marker in its deontic sense. This deontic meaning and conditionality brings the assumption of a hypothetical
world. It is this conditionality that allows speakers to grasp the implicatures that would motivate the semantic
change.

The epistemic “#4+£L” can be used as an epistemic formula. It can be used under the situation in which
a proposition, which is viewed by the speaker as not true or invalid, is proposed to deny and show speaker’s
disbelief. The usage of “f4+%L” in isolation as an epistemic formula is the invited inference. It is through
the invited inference that hearers can understand speaker’s intention of expressing subjective evaluation. As
long as the inference is semanticized and predictable, the meaning of epistemic “#{+ 1" as denial or rejection
is then stable and isolated use is understood by other hearers. As a formula it also is a politeness strategy
owing to its nature of indirect speech act and verbal irony. As an indirect speech act it allows the speaker to
not directly commit to the utterances that aim to criticize or to reject. As verbal irony it softens the strong
negative feeling of direct rejection, criticism, and disbelief.

To sum up, the epistemic meaning of “#&t{+fL” emerges from the deontic use. The conditionality
expressed in the deontic function contains implicature that the desired outcome is not yet achieved and is too
good to be true. As subjectivity rises the epistemic function of expressing speaker’s denial and disbelief takes
place. The use of “ft{+£L” to express subjective evaluation is then stabilized through invited inference. The
epistemic meaning is also used as a formula in situations which requires the expression of disbelief and denial.
The present study confirms the unidirectionality of semantic change and investigates the semantic-pragmatic
properties of such shift in meaning.
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Abstract

Both zai and zhengzai are progressive markers in Mandarin Chinese, and by the principle of
economy, there should be some differences in these two progressive markers. With the Sinica Corpus
on-line tools, a significant difference is found in the collocation of adverbial adjuncts with the use of
zai and zhengzai. This paper discusses three types of adverbials to distinguish these two markers:
modality adverbs, time adverbs, and manner adverbs.  Zhengzai cannot co-occur with [+iterative]
adverbs and adverbs without a specific time reference. It mainly indicates the progression of an
on-going event at a given specific time point. On the other hand, zai not only indicates the on-going
process but can also signal the progression of repeated event as habitual- progressive.

1 Introduction

In Mandarin Chinese, both zai and zhengzai are progressive markers which present an internal
interval of a durative situation, and often have the connotations of activity and temporary
imperfectivity associated with non-statives [3]. But, when talking about imperfective aspect markers
in Mandarin Chinese, most studies just represent zai as a progressive marker ([2], [5], [6], [7], [11],
[17], and [18]), while fewer studies indicate that there are other representations of progressive markers
([3] , [4], and [15]). Although mentioning both zai and zhengzai as progressive markers, previous
studies treat them almost as interchangeable and only focus on the discussion of zai with few detailed
distinction between these two forms. Given that these two markers are morphologically distinct, some
questions will have to be asked: do they encode the same grammatical, semantic and pragmatic
information? Do they occur in completely the same contexts or they have different contextual
constraints? If the two markers are functionally identical, we may wonder why Chinese has two
different and redundant progressive representations. Given the principle of economy in language, our
assumption is that there must be some fine-grained distinctions between zai and zhengzai. In this
paper, we adopt a corpus-based approach, since corpus data provide a wealth of grammatical
associations that may help delimit the key semantic distinctions, as successfully shown in recent studies
on lexical semantics (cf. [9], [13], and [14]). This paper thus aims to explore the semantic distinction
between zai and zhengzai by examining their collocational patterns in discourse.

2 Methodology

Most of our data come from the Sinica Corpus. Since zai has a variety of senses, we only look
at the instances of zai that are compatible with zhengzai as aspectual markers. As a result, there are
2000 utterances with zai and 696 utterances with zhengzai.

With the searching tools and POS tags in Sinica Corpus, we can readily retrieve the frequency
counts of neighboring categories which precede or follow zai and zhengzai for further analysis.

3  Finding and Discussion

The data in Sinica Corpus reveal that the top ten grammatical categories before and after zai and
zhengzai do vary, as shown in Tables la, 1b and 2a, 2b.

Table la. Top-10 Categories before zai
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B2l =5 4 %3 42 = | ﬁ;;f il
Na 303 304 285 338 413 1643 17.31
D 179 161 177 260 748 1525 16.06

’ 220 227 254 213 98 1012 10.66
Nh 83 97 106 177 246 709 7.47
VH 94 92 82 71 38 377 3.97
Nf 61 67 68 98 18 312 3.29
SHI 25 31 38 63 134 291 3.07
VE 75 54 58 59 5 251 2.64
Nc 45 67 47 51 28 238 251

° 50 68 55 38 25 236 2.49

Table 1b. Top-10 Categories after zai

B} il RE T3 ik TS fiat Ll
Na 20 333 270 299 304 1226 12.86
vC 762 91 78 68 9% 1093 11.46

’ 3 389 295 147 153 987 10.35
D 71 35 121 238 239 704 7.38
VA 353 31 37 34 43 498 522
Nh 4 153 103 110 102 472 4.95
VE 282 30 33 47 61 453 4.75
VH 142 57 77 85 90 451 4.73

° 1 121 137 68 47 374 3.92
Nep 3 116 36 44 27 226 2.37

Table 2a. Top-10 Category before zhengzai

BE %5 %4 %3 %2 %1 AR B
Na 107 102 113 124 204 650 19.85

’ 54 62 77 117 70 380 11.61
D 51 43 34 26 59 213 6.51
Nc 25 36 46 42 63 212 6.48
Nh 20 19 23 13 88 163 4.98
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Nd 23 16 26 25 52 142 434

VH 35 40 36 24 2 137 4.18
° 26 32 36 23 18 135 4.12
VC 38 39 26 15 14 132 4.03
Nf 12 25 18 30 13 98 2.99

Table 2b. Top-10 Categories after zhengzai

Bl il RE T3 ik TS fiat L i
Na 14 105 132 169 138 558 17.37
VC 290 56 59 31 30 466 14.51

’ 0 65 73 66 71 275 8.56
VH 81 13 26 30 31 181 5.64
Nc 37 37 25 29 28 156 4.86
VA 57 24 28 17 14 140 4.36
D 24 11 13 45 45 138 4.30

° 0 19 45 33 27 124 3.86
P 47 9 6 12 18 92 2.86
VE 34 10 9 12 23 88 2.74

(Na = common noun; Nc = place word; Nd = temporal word; Nf = measure; Nep = demonstrative
determinative; Nh = pronoun; VA = active intransitive verb; VC = active transitive verb; VE = active
verb with a sentential object; VH = stative intransitive verb; D = adverb; P = preposition; SHI = £/ )

The result shows that although there is no significant distinction in the categories after zai and
zhengzai from figure 1b and 2b, there are indeed differences in the categories before the two markers as
shown in Tables la and 2a. The three categories commonly found after zai and zhengzai are the same
and their percentages are close—no more than five percent. On the other hand, from Tables la and 2a,
we found an interesting difference in the preceding positions. The three higher-frequency categories
preceding the two markers are categorically the same but with different rankings, among which adverbs
show a significant distinction. Adverbs preceding zai is 10 percent more than that of zhengzai. It
may suggest that adverbs could be an important indicator to distinct zai and zhengzai. In the
following, we mainly focus on three types of adverbs to characterize their relations with zai and
zhengzai: modality adverbs, time adverbs, and manner adverbs.

Both zai and zhengzai can occur with modality adverbs such as yiding (- %), keneng (¥ &),

yexu (+ 3¥), haoxiang (4% 1%, and so on.

(1) # ¥ & Gw A
ta keneng zai duobi sheme
he possibly ZAI avoiding something
“He is possibly avoiding something.”
2 ¥ B -7, mr P L
ta xiangle yixia sihu zai zhao taici
she think a while seem ZAI search what to say
“She thought for a while, seemingly to be searching what to say.’

B) we £ T LA K ZTET e

)
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tade shou keneng zhengzai mo heihei de jiyou
his hands may ZHENGZALI group dark and black engine oil
“His hands may be groping in the dark the black engine oil.”

(4) el £ wS LA e
Jishuxing fantan sihu zhengzai yunniang
technical rebound seem ZHENGZAI ferment
“The technical rebound seems to be fermenting.”

However, when the modality adverb contains the feature [+ iterative], indicating a repetition or
recurrence of an event, such as you (* ) and zai (£) [6], the marker zhengzai is not allowed to
co-occur.

(5) Femg? it X B/*D fgmt
zhendema ni you zai/*zhengzai gianren
really you again ZAI/*ZENGZALI decive people

“Really? You are deceiving people again.”

The above example indicates that the event with zhengzai can not be viewed as a repetition or a
recurrence pertaining to a previous reference event. Thus, zhengzai is [-iterative], constrained by
semantic and contextual factors, but zai is free to be used with [+iterative] events.

According to Givon [16], time adverbs can be classified into three sub-groups: temporal adverbs,
frequency adverbs, and aspectuality adverbs. Both zai and zhengzai can co-occur with temporal
adverbs, such as xianzai (3. &), mugian (P ), zuijin (#iT) and the like.

(6) inie Frig 7R OF I ORA u¢ B B LA 87
nimen zhidao nage nanhai xianzai xinzhong zai xiang sheme ma
you know that boy now in mind ZAI think what
“You know now what that boy is thinking in mind.”

(7) Par, ¥ BFF b g HR
mingzhi ta zheshi zai zuo sheme
know perfectly well she at this time ZAI do what

“Knew perfectly well what she is doing at this time”

®) b Lp w1 ¥
xianzai zhengzai shigong zhong
now ZHENGZAI construction under
“Now it is under construction”

9) 715 REE T3 DB
yinwei nashi haizi zhengzai shangxin
because at that time child ZHENGZALI sad

“Because at that time the child is being sad.”

But, there are some limitations of zhengzai. It can only occur with temporal adverbs referring to a
specific time point or a short period of time with a clear reference point as youyitian (3 — * ), xianzai
(3 ), zuijin (31T) and so on. It cannot occur with a durational time adverb without a specified
reference point, such as meitian (% %), shiwunianlai (I & %), yibeizi (- ¥ =), etc.

(10) A § v Rk FX B /FR G % oht BE R

darenmen hui bi xianzai meitian zai/*zhengzai yong deren haiyao dong ma

adults will than now everyday ZAI/*ZENGZAI use people more understand
“Will the adults understand more than those who use everyday?”

(1) & 2 &L B Hh+ o ;ja{ By BRE -EF 0 A /DB EIE P Ao
Ta bushi ge pianzi jiushi ge meiyou ganjue yibeizi dou zai/*zhengzai shuohuang de baichi

he either a liar or a without feeling lifetime all ZAI/*ZENGZAI tell a lie DE idiot
“He is either a liar or an idiot who telling a lie for a lifetime without feeling.”

From this, we know that zhengzai indicates what is on-going at a specific time reference, locating
the event in the time axis and contributing contrastive and attitudinal features to the sentence [3].
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With frequency adverbs such as changchang (¥ % ), zhongshi (%, %) and aspectuality adverbs as luxu
(X)), buduan (% %7), zhengzai are NOT allowed to appear, either, since these frequency adverbs

signal a progressive aspect in the habitual sense, i.e. without a specific time reference [16] or indicate
repetitive-progressive that extends over an unspecified period of time.

(12) frequency adverbs
Aig 4 k¥ B/Fa RE SR
Jjijinhui ye changchang zai/*zhengzai guanggao dachangai
foundation also often ZAI/*ZENGZALI advertise Colon Cancer
“Foundation is also often advertising Colon Cancer.”

(13) aspectuality adverbs
B 2R & Ed Ho g MY AT R

¢R ~¢ &7 BEE 2 BEL UE o

Mugian quanguo ge yundong danxiang xiehui luxu zai/*zhengzai zhaokai

currently national each exercise single-item association continuously ZAI/*ZENGZAI hold

huiyuan dahui jinxing lijianshi ji lishizhang gaixuan

general meeting carry on supervisor and director re-election

“Currently each national association of single-item exercise is continuously holding the
general meeting to carry on the re-election of the supervisor and the director.”

The shorter form zai can co-occur with the above frequency adverbs, since it is compatible with
the feature [+iterative] in that the progressive event can be repetitive. It not only represents simple
progressive as an on-going event but can also signal habitual-progressive with the use of durational
adverbs.

With regard to manner adverbs, both zai and zhengzai may occur with a variety of manner
adverbs. But, there is a significant constraint in terms of the position of the manner adverb.
Zhengzai cannot take a preceding manner adverb as shown in (14), while zai can occur both with
preceding and following manner adverbs as (14) and (15).

(14) 7 EF¥ L/52 B B2
huajia youxiandi zai/*zhengzai xiesheng
painter leisurely and carefree ZAI/*ZENGZAI draw from nature
“The painter is leisurely and carefree drawing from nature”

(15) a. %= AN s
zhengtian dou zai butingde jiao
all day ZAI continuously cry
“(she) is crying continuously all day.”
b. L [ F L p vFERn v R

hear chicken ZHENGZAI peep make noise
“Hears the chicken is peeping and making noise.”

Manner adverbs typically characterize the way or means the event is carried out. Since
zhengzai signals the overlapping of an on-going event with a specific time point, which, when
substantiated, is supposed take up the slot immediately preceding zhengzai. Thus, a manner adverb
cannot take the pre-aspectual position that may be occupied by a time reference. It then ended up only
in the post-aspectual position immediately preceding the verb, a slot that will not block the expression
of reference time. On the other hand, zai is free from a specified time reference and may take a pre- or
post-aspectual manner adverb. But the scope of modification differs with different positions of manner
adjuncts. When a manner adjunct occurs after zai and immediately before the verb, it is event-internal,
modifying the single instance of the predicated event. However, when a manner adjunct occurs
before zai, it is event-external, modifying the relation of the predicated event with some other
constituent.

In sum, zhengzai requires a time reference, indicating the on-going process pertaining to a
specific time point. It is a semantically and pragmatically stronger form to represent progressive event
[8]. It cannot be used to express repetitive-progressive (He is repetitively hitting the ball),
continuous-progressive (He continued hitting the ball) or habitual progressive (He is always hitting the
ball). But zai can occur with [+iterative] and [-iterative] events without a specified time reference.
The distinction between them is that zhengzai only indicates deictic progressive (tensed aspect), while
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zai is compatible with other types of progressives.

4  Conclusion

This paper discusses the distinction between zai and zhengzai with evidence from their
collocational patterns. It is found that the use of adverbial adjuncts with zai and zhengzai represents a
significance difference. Zhengzai is more constrained in semantic and pragmatic specifications. It
cannot co-occur with [+iterative] adverbials indicating repetition of an event or adverbials without a
specific time reference. Zhengzai indicates an on-going progressive event at a specific time, signaling
temporally deictic aspectuality. On the other hand, zai is less restricted in marking all kinds of
progressive perspective.

In Chinese, there are other markers which can also indicate the progressive or imperfective
aspect, such as zheng (1) or zhe (3%). Thus, in further studies, we can compare zai, zhengzai and
other progressive markers to come to a complete picture of the imperfective marking system. In
addition, this paper does not exhaust all types of adverbial collocations. There are other types of
adverbs which do not collocate with zhengzai , such as negative adverbs. It can be reserved for a
follow-up study in the future. Moreover, discourse-level constraints on the use of the two markers
would be another interesting area to look further into.
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<?xml version="1.0" encoding="Big5" ?>
<IDOCTY PE Summary SY STEM "guideline.dtd">
<l--

-—->
<News>
<l--

ID, Title, Body
1. Title

2. Body

>
<ID>chd_eco_19990112_0001</ID>
<Title>
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</Title>

<Body>
<l--
>
</Body>
<Analysis>
<l--
Analysis
proper name
5W1H proper names
>
<ProperName>
<l--
1. ProperName
2.
3. tag tag
4. tag tag
5.
6.
7. tag tag
8. ( )
tag tag
>
<person title=" "> </person>
<person title=" "> </person>
<person title=" "> </person>
<organization abbreviation=""> </organization>
<organization abbreviation=""> </organization>
<organization abbreviation=" "> </organization>
<organization abbreviation=""> </organization>
<organization abbreviation=""> </organization>
<location abbreviation=""> </location>
</ProperName>
<who>
<l--
who ProperName
1.
2.
3. ProperName
4,
->
<name> </name>
</who>
<what>
<l--
what
1
2.
3.
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>
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>

<l--

>

<l--

>

<l--

1

>

<l--

<event> </event>

<event> </event>

<event> </event>

<event> </event>
</what>
<when>

when

<date>1999/01/11</date>
</when>
<where>

where ProperName
ProperName
ProperName

<place> </place>
<place> </place>
<place> </place>
</where>
<why>

why

<reason> </reason>
</why>
<how>

how

<action> </action>
<action> </action>
<action>

</action>
<action>

</action>

</how>

<HumanSummary CharLimit="69" char="67">

CharLimit="69" 69 45
45
char word

</HumanSummary>

<HumanExtractl CharLimit="69" char="63" CharModified="0">
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CharModified=" " CharModified="0"
3. char word
4,
-—->
</HumanExtract1>
<HumanExtract2 CharLimit="69" char="63">
<l--
-—->
</HumanExtract2>
</Analysis>
</News>
DRAM DRAM
DRAM
o 64MDRAM
DRAM
DRAM 64MDRAM
DRAM
64MDRAM
64MDRAM 16MDRAM
64MDRAM
<HumanExtract2 CharLimit="69" char="61">
</HumanExtract2>
1, =0.8304, =0.9420, 65
2, =0.69258, =0.9420, 65
3, =0.7146, =0.8696, 60
64MDRAM
DRAM
4, =0.6918, =0.6957, 48
5, =0.4961, =0.7391, 51
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Abstract. In this paper we propose a method for unsupervised learning of relation between terms
in questions and answer passages by using the Web as corpus. The method involves automatic
acquisition of relevant answer passages from the Web for a set of questions and answers, as well
as alignment of wh-phrases and keywords in questions with phrases in the answer passages. At
run time, wh-phrases and keywords are transformed to a sequence of expanded query terms in
order to bias the underlying search engine to give higher rank to relevant passages. Evaluation on
a set of questions shows that our prototype improves the performance of a question answering
system by increasing the precision rate of top ranking passages returned by the search engine.

1. Introduction

It was noted that people have submitted longer and longer queries to the Web search engines. Recently, users
have started to submit natural language queries instead of a list of keywords. It has encouraged many
researchersto devel op question answering systems which specifically aim at natural language questions, such as
AskJeeves (www.ask.com) and START (www.ai.mit.edu/projects/infolab/).

For typical question answering systems, document/passage retrieval is the most significant subtask. In this
step, the QA system breaks a natural language question into a set of keywords, uses keywords to query a search
engine, and returns documents or messages that are related to the queries for further processing. However, the
keywordsin questions usually are not very effectivein retrieving relevant passages. Consider the question “Who
invented glasses with two foci?” Typically, we will send the keywords “invented glasses two foci” to a search
engine to retrieve documents or passages. Submitting such keywords to AltaVista, we got irrelevant information
about astronomy or physics rather than the inventor “Benjamin Franklin” of bifocal glasses. Intuitively, if we
include the phrase “inventor of’ or “bifocal” in the query sent to the search engine (SE), we arelikely to retrieve
passages with the answer.

We present the system Atlas (A utomatic Transform Learning by Aligning Sentences of question and answer),
which automatically learns the transforms from wh-phrases and keywords to n-grams in relevant passages by
using the Web as corpus. The transformed query should be more likely to retrieve passages that contain the
answer. For instance, consider the natural language question “Who invented the light bulb?” Using the keywords
in the question directly, we end up with the keyword query, “invented light bulb,” for a search engine such as
Google. We observed that such a query has room for improvement in terms of bringing in more instances of the
relevant answer. Our experiment indicates that the proposed method will determine the best transforms for the
wh-phrase “who invented” including “inventor of’, “was invented”, and “invented by”. On the other hand, the
best transforms discovered for the keyword “bulb” include “light bulb” and "electric light.” Intuitively, these
transforms used together will convert the question into an expanded query for Google, “("was invented" ||
"invented by") ("electric light" || "light bulb")” which is more effective in retrieving relevant sentences in the
top ranking summaries returned by the search engine, such as “The light bulb was invented by an illuminated
scientist called Thomas Edison in 1879!". One indicator of effective query is the precision rate at R document
retrieved Pr), the percentage of first R top ranking Web pages (or summaries) which contain the answer.
Another indicator is the mean reciprocal rank (MRR) of the first relevant document (or summary) returned. If
the r-th document (summary) returned is the first one with the answer then the reciprocal rank is 1/r. Our goal in
this study is exploration of methods that will automatically learn the transforms that convert natural language
guestions to queries with high average Pr or MRR.

The rest of the paper is organized as follows. In Section 2, we survey the related work. In Section 3, we
describe our method for unsupervised learning of transforms for question and answer pairs which are
automatically acquired from the Web and how we use the aligned result for effective query expansion in the QA
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system. The experiment and evaluation results are given in Section 4. In the last section, we conclude with
discussion and future work.

2. Reated Work

Extensive work on question answering has been reported in the many literature (Buchholz et al., 2001,
Harabagiu et al., 2001; John et al., 2002; Shen et a., 2003). In this study, we focus on learning the transforms
that can be used to convert questions into effective queriesin order toretrieve relevant passages.

Hovy et al. (2000) utilized hypernyms and synonyms in WordNet to expand queries for increasing recall.
However, blindly expanding aword to its synonyms sometimes causes undesirable effects. Asfor hypernyms, it
is difficult to determine how many hypernyms a word should be expanded. In contrast to this approach, our
method learns query transforms specific to aword or phrase based on real-life questions and answer passages.

In arecent study most closely related to our method, Agichtein et al. (2004) described the Tritus system that
learns transforms of wh-phrases such as “what is* to “refers to” by using FAQ data automatically. Qur method
learns transforms for wh-phrases as well as keywords from the web. Tritus system uses heuristic rules and
thresholds for term and document frequency to learn transforms, while we rely on a mathematical model method
for statistical machine translation. Shen, Lin and Chen (2003) proposed a method that is similar to the Tritus
system for the why question.

Recently, Echihabi and Marcu (2003) presented a noisy channel approach to question answering. Their
method also involves collecting answer passages from the web and aligning words across a question and
relevant answer passages. However, they require full parsing of the sentences and complicated decision of
making a “cut” in the parse tree to determine whether to align word, syntactic, or semantic categories. Our
simple method is also based on alignment but it does not require full parsing and perform alignment at the
surface levels of words and n-grams.

In contrast to previous work on query expansion for question answering, we propose a method that learns
query transforms for all phrasesin anatural |anguage question automatically on the Web.

3. Method for Learning Question to Query Transforms

In this section, we present an unsupervised method for QA which automatically learns transforms from
wh-phrases and keywords to answer n-grams by using the Web as corpus.

3.1 Problem Statement

Given a set of natural language questions Qs and answer terms As, we obtain a collection of passages that
contain the answer A to the question Q via some search engine SE. From the collection of answer passages APs,
our goal is to discover a set of transforms T that can be applied to wh-phrases and keywords in Q in the hope
that the transformed queries are more effective in retrieving passages containing A.

3.2  Procedure for Learning Transforms

This subsection illustrates the procedure for learning transforms T from wh-phrases and unigrams in Q into
bigrams in AP. The reason why we decide to use bigrams in AP is that bigram contains more information than
unigram and is more effective in retrieving relevant passages. On the other hand, we break Qs into unigrams
following the standard approach in IR.
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(1) Automatically collect pairs of Q and AP from the Web for training. (Section 3.2.1)

(2)  Select frequent wh-phrases. (Section 3.2.2)

(3) Apply the alignment technique to the collected material. (Section 3.2.3)

Fig.1. Procedure for learning transforms

321 Coallecting Training Material from the Web

In the first step of the learning process (see Figure 1), we retrieve a set of (Q, A, AP) pairs from the Web for
training purpose where Q stands for a natural language question, and AP is a passage containing keywordsin Q
and the answer term A. The data gathering process is described as follows:

1. Foreach (Q, A) pair in the given collection, we extract keywordsK of Q, say, ki, ko, ..., Kn.

2. Submit (kq, ks, ..., kn, A), asaquery to SE.

3. Download the top M summaries that are returned by SE.

4. Retain only those summaries containing A. See Table 1 for details.

Table 1. An example of converting aquestion (Q) with its answer (A)
to SE query and retrieving answer passages (AP)

(Q A) AP

Bungalow For Rent in |slamabad, Capital Pakistan.
Beautiful Big House For ...

Islamabad is the capital of Pakistan. Current

Wheat isthe capital of Pakistan?
Answer:( 1slamabad)

(k11 k21 LA kna A) t|me,
capital, Pakistan, Islamabad ...the airport which serves Pakistan's capital
' ' Islamabad, ...

3.2.2  Sdecting Frequent Wh-phrases

In the second step, we produce a set of high frequency phrases that characterize different question categories.
We follow the method proposed by Agichtein et al. (2004). The method simply involves computing the
frequency of all n-grams in Qs and filters out those with small counts. We will treat the wh-phrases (QPs) as a
token in the subsequent steps. However, we differ from their approach in that we are not limited to n-grams of
function words. For instance, we derived “in what year”, “who wrote”, etc. More examples of wh-phrases are
listed in Table 2.

Table 2. An example of wh-phrases that are used

Wh-wor ds Wh-phrases QPs
What “whatisthe’, “inwhat year” , “what was’, ...
Who “who wasthe’, “who wrote”,

Which “which country”, “with which”, ...

3.23 Learning Question to Query Transforms
In the third step, we use word alignment techniques originally developed for statistical machine translation to

find out relation between wh-phrases or keywords in Q and n-grams in AP. We use the Competitive Linking
Algorithm proposed by Melamed (1997) to align (Q, AP) pair. We proceed as follows:
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Perform Part of Speech (POS) tagging on both Q and AP in the collection. (See Table 3 and 4)

Replace all instances of A with the tag <ANS> inAP. For example, the answer “Islamabad” in AP for the
question “What is the capital of Pakistan?” is replaced with <ANS>. (See Table 4.) The purpose of
<ANS> isto avoid data sparseness while counting bigramsin the following step.

Segment Q into unigrams or QPs and eliminate unigrams with low counts. We denote the remaining
unigrams asqy, Jz, ---, dn. (See Table 5)

Segment AP into bigrams and eliminate bigrams with small term frequency (tf) or very large document
frequency(df). We denote the remaining bigramsay, a, ..., am. (See Table 6)

For @l i, j, calculate log likelihood ratio (LLR) of g; and &. (See Table 7)

Eliminate candidates with a LLR value lower than 7.88. (See Table 8)

Sort list of (qg;, &) by decreasing LLR value. (See Table 8)

Go down thelist and select apair if it does not conflict with previous selection.

Stop when running out of pairsin thelist.

Produce the list of aligned pairsfor all Qs and APs.

Select top N bigrams, a;, ay, ..., ar, for every wh-phrase or unigram g; in alignment pairs. (See Table 9)

Table 3. Part of Speech of Q

Qword Lemma Position POS
What isthe what be the 1 *
capital capital 2 nn
of of 3 in
Pakistan Pakistan 4 np
? ? 5 .
Table 4. Part of Speech of AP
AP word Lemma Position POS
Most most 1 rbt
of of 2 in
Pakistan Pakistan 3 np
rainfall rainfall 4 nn
is be 5 bez
scarce scarce 6 ii
. . 7 .
|slamabad <ANS> 8 np
, ) 9 ,
the the 10 at
capital capital 11 nn
of of 12 in
Pakistan Pakistan 13 np
since since 14 in
1963 1963 15 cd
, ) 16 ,
and and 17 cC
Rawal pindi Rawal pindi 18 np
, ) 19 ,
are be 20 ber
both both 21 abx
located locate 22 vbn
on on 23 p
the the 24 at
Pothowar Pothowar 25 np
Plain Plain 26 nn
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Table 5. Wh-phrases and unigrams in Q

Question words

Number of occurrence

what isthe 14,571
capital 7,513
of 29,673
Pakistan 135
Table 6. Bigramsin AP
N-gram in AP Number of occurrence
most of 368
of Pakistan Y
Pakistan rainfall 1
rainfall be 4
be scarce 2
scarce. 1
. <ANS> 8574
<ANS>, 16665
,the 10227
the capital 1690
capital of 1669
of Pakistan 7!
Pakistan since 1
since 1963 3
1963, 58
,and 9994
and Rawal pindi 3
Rawalpindi , 5
, be 3718
be both 77
both locate 2
locate on 174
onthe 4868
the Pothowar 2
Pothowar Plain 2

Note: The entriesin the shaded area are eliminated for their low counts

Table 7. Combination of g; and &

gi 3 Number of co-occurrence LLR
what isthe most of 82 754.72
capital most of A 293.2
Of most of 127 1118.59
Pakistan most of 1 127
what isthe of Pakistan 47 614.3
Of of Pakistan 49 580.78
capital of Pakistan 413 602.61
Pakistan of Pakistan 44 990.37
Table 8. Alignment results
di 8 LLR
of , and 27227.9
capital capital of 21194.2
what isthe , is 7443.56
Pakistan of Pakistan 990.37
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Table 9. Examples of transforms selected from alignment results for N=3

Wh-phrase and Keyword in Bigram in AP Alignment counts
Q
what isthe isthe 1,254
what isthe inthe 503
what isthe , the 242
capital capital of 545
capital capital city 241
capital state capital 236
Pakistan Pakistan , 39
Pakistan of Pakistan 21
Pakistan in Pakistan 6

3.3 Runtime Transformation of Questions

At run time, Q is broken into wh-phrases and keywords which are converted to a sequence of query terms
according to transforms based on the alignment results described in Section 3.2 in order to give higher ranks to
passages that contain the answer for specific SE. See Table 10 for example of the conversion process of the
guestion “Who invented light bulb?”

Table 10. An example of transformation from question into query

Question
Who invented light bulb?

Wh-phrase Keywords
Who invented light bulb
Transform wh-phrase and keywor ds
wasinvented electric light electric light
invented by light bulb light bulb

Expanded query
Boolean query: ((was invented) OR(invented by))AND((electric light)OR(light bulb))

Equivaent Google query: (“wasinvented” |“invented by”) (“electric light” || “ light bulb”)

4. Experimentsand Evaluation

4.1 Training Data Set

Our datatraining data set were collected from http://www.quiz-zone.co.uk.We use 3,581 distinct (Q, A) pairs for
automatically retrieving AP from the search engine Google. For each Q, top 100 summaries returned by Google
are downloaded. See Table 11 for details of the training corpus.

Table 11. Thetraining corpus

Training data set Distinct (Q, A) Distinct (Q, AP)
Quiz-Zone 3,581 99,697
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4.2  Alignment Reaults

We choose the top 2 (N=2) bigrams for each QP or keyword in alignment results. Table 12 lists examples of QP
or keyword and its two corresponding transformed bigrams.

Table 12. Parts of alignment results

QP or Keyword in Q Bigram in AP Alignment count
invent beinvent 175
invent invent by 43
who wrote be bear 99
who wrote hewrite 87
capital capital of 545
capital capital city 241

43 Evaluation Results

We used atest set of ten questions which are set aside from the training corpus. Table 13 shows the keyword
gueries and the expanded queries based on the transforms learned from the Web. We evaluated the expanded
query by the mean reciprocal rank (MRR) and the precision rate at ten summaries returned by Google. For
comparison, we also evaluated Google without applying query transforms. During experiment, the ten batches
of returned summaries for the ten questions were evaluated by two human judges. As we can see in Table 14,
using keywords from the natural language questions directly to query Google resulted in an MMR value of 0.48.
However, when using expanded queries provided by the Atlas system, we had an MMR of 0.70, a statistically
significant improvement. The average precision rate was improved slightly from 40% to 47%. The experimental
results show that the Atlas system used in conjunction with the search engine Google outperforms the
underlying search engine itself.

Table 13. Test questions

Q Keyword query for Expanded query for Google
Google (GO) (AT+GOQ)
What isthe capital of Pakistan? | capital Pakistan ("capital +of" || "capital city")

Pakistan

What became the 50th state of | became 50th state America | ("+to become" || "leader +of") "50th
the America? state" "United State”

Who had a hit in 1994 with hit 1994 "Zombie" ("number one" || "hit +in") 1994
"Zombie"? "Zombie"

In which year did Coronation year Coronation Street ("wasfound" ||"was born")

Street begin? begin Coronation Street ("began +in" ||

"began on")

In"The Simpsons', what isthe
name of Ned Flanders wife?

"The Simpsons" name Ned
Flanders wife

"The Simpsons” (“name +is" || "name
+of") Ned Flanders wife

In mythology, who supported
the heavens on his shoulders?

Mythology supported
heavensshoulders

"+in Greek" "+of +his" supported
heavensshoulders

Which Saint's day ison March

Saint day March 1st

"+is+a' Saint "St" March 1st

1st?
What isthe largest city in largest city Switzerland ("largest country” || " second largest™)
Switzerland? Switzerland

Who directed the
Oscar-winning film "The
English Patient"?

directed Oscar-winning
film "The English Patient"

("directed +by" || "+and directed")
Oscar-winning film "The English
Patient"

Which country was once ruled
by Tsars?

country once ruled Tsars

("country +is" || "country +in") "ruled
+by" Tsars
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Table 14. Evaluation results

Perfor mances MRR Precision (%)
AT+GO
(Atlasexpanded query for Google) 0.70 47
GO
(Direct keyword query for Google) 0.48 40

5. Conclusions and Future Work

We show that our method clearly provide means for learning transformation from a natural language question to
aquery by applying statistical word alignment technique. The method involves automatically acquiring relevant
passages from the Web for a set of questions and answers, aligning phases across from questions to answer
passages in order to create phrase transforms that involve wh-words as well as content words. Evaluation on a
set of questions shows that our prototype in conjunction with a search engine outperforms the underlying search
engine used alone.

Many future directions present themselves. For example, the patterns learned from answer passages acquired
on the Web can be extended to include longer and more effective n-grams to further booster the MMR value or
average precision rate. Additionally, an interesting direction to explore is creating phrase transforms that contain
the answer extraction patterns. These answer extraction patterns can be learned for different types of answers.
Y et another direction of research would be to provide confidence factors for ranking the likelihood of many
candidate answers extracted using patterns.

In summary, we have introduced a method for learning query transforms that improves the ability to retrieve
passages with answers using the Web as corpus. The method involves finding query transformations based on
techniques borrowed from training a noisy channel in machine translation study. We have implemented and
thoroughly evaluated the method as gplied to a set of more than 4,000 questions. We have shown that the
method can be used with a search engine as an effective component in a question answering system.
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Using Relevance Feedback in Bayesian Probabilistic Mixture Retrieval M odel
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18 48 0 1,183 & #E X #TF 9,978 %ﬂ%rﬂiﬁﬁif* A PEREABIS BEREEREBEA P ERZNT
FETHEA NBRMAER I EANHEELB LM (AR 26 - MERBT...E8 ) ATHRHFFTR
BEHUZ PN AU AR ZIHMEUEAT Xl > FHBEARAGE X o ZAEAX 1,183 B XH4
S kERBAZEMAN SIS EXHSHARTRTHRMRXE L6340 8 - MERARFAEZENY -
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HTHBEREERAKREZIEL  NAKZEIMAZ 1,183 x4+ » il 102 EH M X2 BaREHE
WA A PFHEREHE ITEAF -

4.2 A EBAEIHAE T ik

Non- Interpolated Average Precision Rate (NAP) LA ¥ — 3 {8 RAFAEI-AE » B X R AEAR T LR ay 3
FR AKX FoTF
N
i

= Rank

NAP =

(26)

BEIRA > A FHROMFFERBMOIMFRLLEE L B4 FWERFENL > R NAP a5
1,23 4

0.854 (\ap - 172747, —0854) °
4

A3 FmER

MATREREEMAGHIE > 2L QE KX % Query Expansion » QTR 4X % Query Term Reweighting » MA /X,
4% Model Adaptation » i ALL X % QE+QTR+MA - AT s At Rk ARG XAMERE - LR AT =8 F K
Z K ERE AR B AT Bay AR & 4 (Baseline) » 345 A NAP v 28] -

AXREBREEEEREKEZLE

AEPERBRAT —ERECHBELNAT 6 £ (N=6) HEth EERGFELE > BRBREIHRD
ZAT 6183 (K=6) > H#HEHGMMLY > MR EENY > HTHERRTALRNGRE—FELZIINEHG - K
432 KA 4 489 NAP A 66.4% > 1 F] B3 E 8575743 B 8 XAHFH & NAP 4o T & A7o7

A AR ENEHEELEZITHERILE

&, QTR MA QE QTR+QE QTR+MA QE+MA ALL

NAP (%) 66.1 72.1 72.2 72.3 71.7 78.3 81.1

AERILBEARNDHEAIRZI AR KERTTUERE T AHNREF I RERESARA - AEAAMEE
*ﬁ*’%‘@ ' i QTR ~ QTR+QE #2 QTR+MA BZATRER AMEXALRAEREAIAS A EAR

AR BB HAALE AR FARORA T ELEE - L4 KMIHE QTR ~ QE 2 MA 5 =47 %
Iﬂéﬁ/\ﬁf A RRIZRABRBRABER > MEMEHE  mEIREERARS - HTR > LB
FERER ML 2 MAP 2 2R » #1704 QTR ~ QE 2 MA =& & X TR L& »

A RAKBFREEAALEA ML & MAP 2 T4 Ribi

F =, ALL (ML) ALL (MAP)
NAP (%) 81.1 82.4

WEERPTUEHRAKRA MAP £ X AIE - Hig R ReYEHR ik -
BAR ARG FZHE

ARER B B3R TR B 2 8 3035 3 o L0 ] AR BF 09 ST B 0 3E B AT U AR AN I 2R ey ML #1 MAP b o
Bl #db 0 BB A A =2 A5 (ALL) 8 R R K -

R AEAETAEHEITRERLE

B H X |ML(K=10, N=6) [IML(K=10, N=10) |ML(K=6, N=10) [MAP(K=6, N=10)
NAP (%) 80.7 81.3 82 83.5

AP KAZHENGHEAE  ERFSHEARENFHRE S NRIEERANEDERSF P oS - HRIRAEY
Ad o R EHE > ERARBETNFAWEERNGHORETRA > IR ARREAROGEIA T MR FHEZ X
3 TUMAREZHEMNLHLN » L& —F W SHKR T -

C. MAP A 2 R E £ H kb b

R &.éﬁﬁc##ﬁ?ﬂ%ﬁ%ﬁ#’ » # 7 Hyper parameter #4745 ° s m— i pEs . LEE O<e<l, #
Mt R R a4 QTR - QF 2 MA &) 54 R4 i T A2 {4 -
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ko~ FRE EBZERERILER

& 0.2 0.5 0.8
NAP (%) 82.44 82.41 82.38

HBETHERTAEL > REGWGHBARERAE EHE2EARDG  FBEL LG TRILERTY - HRE =0.2
BHE -

DisERaikEMNagZbiR

fiE— AR BB TREAGRES AR > B ARN S AT XFHR—FF  IHRENTE
BEGSRR—B UBRARNEEYHE %&g&%z%ﬂgﬁ » Fl# 20 QTR ~ QE #2 MA &4t e9 T & -

B~ ROGPBHZEHRER (NAP (%)) bz

T EEGF) EXEZ4% RBX Ik
12.64 63.4 84.5
20.47 68.7 80.9

HEFIEE BEEWNITHANERZLIRS > AIRERARAATRARI  EARKS#T — L 5451
B MUEEBIEOEREFBEARENENS - FAB > ABEERTERD RERAZRAGTERLD
EMagmRk  EREMTHENY  HEBOHRELTARE S M ERRGME -

E£8EFHRITRER

ANEHRRB M- QHROLER > LT RRA YAHOO FF 45k LIF 2 ETH > F Atk B0
XA BEKET200241 A258E5H21 B#EE\T2002F 11 A 128E®T2003 461411 a4hats
7,800 & 0 3EERH 110 #7 B U 2ARAEME B B389 6 2ARAK > FRFTHA B CKIP P45 & -

AN EBETRERER

F & |[AA%#%|QTR [MA |QE |QTR+QE |[QTR+MA[QE+MA [ALL ALL (MAP)

NAP (%) [85.3 84.0 [89.5 [91.1 [90.4 91.6 92.8 93.7 93.8
KERGERETUEERETRXENEE  BRANATRENAARESL NN T EMAHAERE  $BH

x%zfﬁﬁéﬁi%&yiﬁmﬁ& xi%@%a&%&% AR dh B R T R XM RAR LG ERR

ABXNRAARENERIAEAMERDENLR > EEARMO T ETEREZIREAAERF?

S AERTERI O REASLOHER - XSS FIEAEAR XA EER D FRMALBRSY
x#@&% HNENFAME - ERNGBRARERASGHRRE  BRELCEWES MO D ERE o
B AR A B ML S A BAMMNRELRORF - IR WALE TG KROAKTRFERT
MAP 2 AER BN LR t{E A ML 2EEE S 133% A4 > AT UE—F AN EAFe) XHER o &£
EWFAT @ RMAKETRERINDEAR@ I BEEFET > ShoAEHR Y[R EEHE BT
RABEHFAMANEREG > EFRR)FHREAN BEANOBRERARTHEOR S ARE—EE
MASPLERERFERAPMAITHABAR TS > Wb RFATHEBFERER TN BSOS REE R ,\#ﬁ%?é’a
¥ e

AR AEEMOBRAT > TERARRAZIREFAN T K - KRAAFTXRADES X > REESWABLEZEE
WA RS AR ELAAHRESY > URALEHIFAERENE N  EEATRBRESAKKREHES - 5
S R EMGAIMHRR ERFREIRENEA > RMBATREHTRT &W\:\m%‘#awﬁ it E o #%
RAFAAIFEHGIL ) BT UNAB RSB T REGBHEN  HHERMFUEEL BEELEHO M R
LR AE R ZE M E R B MARAD xmm%ém@%%ﬁ%’&%m&ﬁﬁﬁAbzﬁﬁ —#& M
ToOXMEAUGFREEER LU FEAUML AU MAP 7 X B> A TUA ABYHRE
BRATXHEALE EHNAET L AIRERAKREARGREBLER L T4 FLER -
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Performance Evaluation and Analysis of Mandarin Speech Recognition
over Bluetooth Communication Environments

mALSst e gt 2 A7° %?f—j;ﬁ 2
CIEIEIE A O T A
R SR E A = O - A Sy v’L'rZ

E-mail: thtan@ntut.edu.tw; whm@iis.sinica.edu.tw; wesley@iis.sinica.edu.tw

3

B B E S et 5 (Bluetooth) & IR B T 2o skit o AP A B AT T F EEHER

BBT g% TCC-300 i E 2 HTK $icdl » &7 - % 5|3 + #& B (Speaker Independent) i 4 ¥4 F
oo gt b LZAEAME A2 B AP B R e RS o

SERETRERY RE T LFF FEana > AP TCC-300 FFH RS F PR B0 DR

4 22 4 iR S0 N ZBETHRFRRFIEL  LEPETREF IR B AAMES

LR 2t o R ARG EET 0 R RERERERR R 2T T o RIREEHS 04 82 50 @ ¢ 47

B2 3 &g s uli 55820 5354% « 12 4274% > FEASNEF RN e a T 0 A T B KT A

J % e TCC-300 3% L A 32 (7 49 I ]38 715 2. 69.250% chysadk o ¥ ¢ » ATRE 7 7 e iR ™ » #i & {

£

kS

*W§%1&°%%éW%%%%ﬁﬁﬁﬁﬁﬂ@ﬁﬁé’iﬁ%?ﬁmnéﬂaof—%a,%%
CREARBETRERY REIDRED > S LMY IGEI BE S EY R R Y BB A HGE
CHRZE LR PRERZ A4 5 E s AR - BRERET R ER Y RBE DL T B RIR
FRERIET AR RE A DR ﬁ.’%’ef PR RS SRR o O R
FFRETF A MRS ERERE T RERT I E MRS 2 LAY E 0 22 518% (55.82% -
50.64%) ~ 4 2 2 5.6%(53.54% - 47.94%) ~ 12 % 50 2 & 2 14.22% (42.74% - 28.52%) » 4~ #F 4k b

LIERMET SR BRBEOF Y BB BRAR S AFLREFAFRF R AT R AFES
FRREET L A KRBT U EIRRI MR N AR R RE: BRSO ETRERRET 2
FAIRRH I B R RS ES -

iy f‘m f‘m
—\w

iy

N ﬁ "

EELEDFRE P FF LI IRR MM BE S I R[1-3] XA R AAKER KA EY
blAetE 5 o~ GEE %ﬁiﬁﬁ CERRE i%#:‘;%ﬂ CER THE R B R RD T AP ad
PR

1998 & 5 * > Intel ~ Ericsson ~ Nokia ~ IBM 12 2 Toshiba % <> @ £ F = = & 5 5 p* (Bluetooth Special
Interest Group, Bluetooth SIG) » A&k #1537 — A4 & M F ~ M A B EIEg & M ARE > L FET
W end koo 5 * 2.4 GHz (2.402~2.480 GHz)2 & ¢ 47  » 41 * g#f (Frequency Hopping)#t i1
WARAEF 2 F4E o F5 3 oot @ﬂxéﬁﬂ ¢ < F|Jf AR A4 Fl(Line of Sight, LOS)F\ AR AR L] T
e TrEL SIS Ft o iR L PDAS S48 LA e A . ¥ 4wl ACL
(Asynchronous Connection-Less)2 SCO (Synchronous Connection-Oriented):Z i xéﬁﬁz%&" Fa R
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Bluetooth SIG »+ 2003 & 11 * & ;%47 if Bluetooth 1.2 52 {3 » 14 0 (7 en L1 ikt T 4p 5 7 » 1.2 5%
H e 1 R KR 3R ehi 4 (Adaptive Frequency Hopping, AFH ) /12 2 Extended SCO(eSCO)
Wig eSCO = B apsfipl 2 € i 4 2 5 F 3 v 2 B FUEL B s o 12 A M A SR 2004
£120 13 o

FLeE PR p B AAf- B Rp R » i‘ﬁ”ﬁ R R G BB T k4] 11 S dki
e ROLE > T A A i S e St AR R R SRAEE  FLEAMREF
BIFSPAGRT L ¢ p ERIIEAR o PR B AL TR T 235 5 SRR L < e GSM R L[5,
6] FIIHETHRHE T 2F 5 FEBawm 3 P& & 7 FEE - Bawab & 4 I * 4 4758 F § 745 (Distributed
Speech Recognition, DSR) 7 114 % Y% ACL €3 » 9P sicd @Ji Heg A Mk Ip IR
(Interpolation) % #c & 7425 % [7] - Nour-Eldin % + 4% &% SCO # 4 @q‘ﬁlﬁ,{ﬁ s 34 80211 & T k sz
FAEF v R e F A HFF B P ¥ £ 8 £F% CVSD(Continuous Variable Slope
Deltamodulation, CVSD)f##5 B e & #akszac [8] o F it @ F
R¥PBBRTEAFTE - 2 F F - M AFTALET
%°%¥’&%f?%%1?%%*&ﬁﬁﬁvé% i35
FEIEBRIET ISR BB RV UERET RS BB OE 5 FF ] o

A2 - &AL ET RSP ¥ = &4t TCC-300 3% 4 Evame e Ty isns

7
 HEHET R SR RE S NIRRT SRR R o BT & 2

ﬂlf—k

om0 E AL ET R
FRERTBRTHUTEE G pH T
? L % TR m,< Lo ¥ Y F] i{";%—’él']

5
i
Bz

s\ i
e

Z~Ev

5 A~ A 5 (1 mW ~ 100 mW) ~ c@EE#E(10 m ~ 100 m)g ST U TR R ET e
THFEEGHrFTARE 2T 5%E)) % - B ESRB A F i 5 (Personal Area Network, PAN)

3
R
bW R W

- BETRFIITNRPFREY N BETRE > A BET AR ¥ iz Master & Slave h& 4 o o
W ié;ﬁi;?ll £ e dV U FA BRI G i AR E o RS R RATAUE S enRt A Y
F¥#* >zki * e ISM(Industrial, Scientific, and Medical)#g # ¢ 12.402 ~ 2.480 GHz #f £ > ¥ #-ISM
A7 B 79 BARE M BpE 2 * 0 F BAEEAE R G 1 MHz > prafid & §5 1600 = 0 d ATptag S A R
E'?%‘f qfﬁpg,hﬁ-u»};nl,%g‘_‘fy“;é:ﬁm:giﬂo

F ¥ * SCO i ¥ (Synchronous Connection-Oriented Link) @ #j3% 5§ » SCO i 5 f T 54 % 4 chike ) @
Al fi > # - % SCO X 4% 64 Kbit/s <7 § 1 31> — 22 = SCO i if > Master {r Slave ¥ 2 324 {= SCO
$e 0 (7 B E oL SRS o SCOM B R * 2 4 & 4ok 1477 » # £ HV k712 DV ¢ >
x5 CRC> 272 3rd b hih 47 cdfe 55 3 A5 & i SasBh HVS o

A A s EY¥4te aF Access Code ~ Header 2 2 Payload = B 286> o it ik B4t & AT 07 o 4o
RO Y X i
1 #3te FREFH > pldte p K2 7 Access Code ~ Header 12 2 Payload = 3% i -

2. FH BEFE > Pl E -7 3 Access Code f- Header & i 384 -
3. F# iz} Header p¥ - BI ¥ #| Access Code - )4 ID Packet -

B 25 SCO4té @ 2 HV3 #+# - H Payload Data 4% Whitening 2 {4 Payload ¥ %_5 240 bits » 7

@5 5 5 8 KBytes/sec -

220



# 1.SCO #t# 5t

Type Payload User Payload FEC CRC Time Slot Symmetric
Header (Bytes) Interval Max. Rate(KB/s)
(Bytes)
HV1 NA 10 1/3 No 2 64.0
HV2 NA 20 2/3 No 4 64.0
HV3 NA 30 No No 6 64.0
DV 1D* 10+(0 ~ 9) D* 2/13D* | Yes D* V** 64.0+57.6 D*
Y R A R BAEFTAA R R R4 ES FaANs
LSB 72 bits MSB
Access Code
LSB 72 bits 54 bits MSB
Access Code Header
LSB 72 bits 54 bits 0-2745 bits MSB
Access Code Header Payload
Bl F7 e g0
LSB 72 bits 54 bits 240 bits MSB
Access Code Header Payload
...................................... Whitening
Payload Data
LSB 240 bits MSB

@ 2. HV3 Packet 742 3%
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AT ERY ZEEFFRE S Y FARPEF ST g’ 2 TCC-300 & i b FHE
[91~ ¢ TCC-300 2z Fy9 ik *» BuZREE2 EYyHHERE* RBEFTHEE » A WEP o7 o
31TCC-300 ¢ 7 b 33 FHE

TCC-300 72— b PHEHRE > 2d 2H B L2 F 2 A F =2 8L g 100 xi;%iﬁ
ZEAEE A > s 300 0 MG & ¥ i 332,708 0 B~fRAp S 5 16 KHz > & i f#47 & % 16 bits -
AREEYRE S AP S Y 16 KHz % 5] 8 KHzZ -
B2ETRRRTARBREF THE

Al B 32 4q RSN ETFERY BB 2FN B FT e 23 B %8 (Channel
Coding)z. HV3 3#t& - & k% * CSR ¥ ¥ B % e Casira[10]2. BlueChat 2 ;¢ 2= > Audio Type SCO
WAL GEFF FA  BEH TGP 2 TCC-300 F415d USB a2 FF AE » 23375 b
2R (s L BB AN Lﬁﬂ-’—%%%{rézamﬂzﬁ Bl enEy = 2 B T > 41 USB @zﬁ%]fs%{::&
FHREITHRYEUETFHE -

LR HERF 2P AP gk TCP/IP i 3 55 235 14535 ands 1T o § kB 408k pF o>
BiE =BT ey 7 ;N géﬁ PR BE- BEAHALI BTN é#%ﬂ(:%?i”mmfr% e 3
AR R P AP RIS EN ARG R R SR RSN E T BV R 2L

IWEST G B A AR
Afpa-TCC-300 AL R @&+ N % B 028 ~4 28 2 4 Rkt * i 50 2 ¢ = B FT
ERBFEE o F RS URRF ST {2 B AL-A3 -

Wireless
PC Q 7 PC
. USB port
(Client) gocfet (Server)
BT Device BT Device
TCC-300 (Transmitter) (Receiver) > BT
Database Database
Play Unit Record Unit
Synchronous ||« * [ Synchronous
Program Synchronization Program
Message

M3 22 EFR R RRFS TREL S

ml4
N
o
o

BIETHRBERLFF THE
ANz B AT 2 FTRBHER L e B B A ET RS 0 2 iR L S 38 B (Interpolator) #3E
A2 AR S N BKHzZ % 2 64KHz s F ¢ * @ % i & 53 £ 5 % (Continuous Variable Slope
Deltamodulatlon, CVSD) [11]:2 73 5 i - DR BING > i » }q’f?’—*&% AT F_E HNF TR 54 4
(Gaussian Frequency Shift Keying, GFSK)[12, 13]&2&?0 B G IR 0 AP R 27 % F (Rician Fading)[14]

FRETUEERE o W EY 1 (T30 Eie i  Ft BRR g R & % B % ¢ (Slow Fading)[15] -
LRt SBUEPEEE LT Fﬁﬁi}‘;%;ﬁ&f/ﬁk(Statlc Fading)sn® 58 > 43 2 > - B3e poadrg =
AL DA R Rl o fRAEEE E A R~ 3F T fEAE - " P4k 5 (Down-sampling) ~ 2 2 T gk
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ERRES G TR PTHRALES FRE g

Input Speech

8KHz, 16bits
( —P) Interpolator CvsD Gaussian : Ch |
Encoder ' Filter » Modulation > annel
64KHZT !
Band-Pass
Filter
Reconstructed Speech !
(8KHz, 16bits) | Low-Pass )
’ g . CwvsSD Integrate Limiter-
D (T:;?__r) | Decimator w— o oder [ __‘: [*— and Dump [ |Discriminator

BKHzT

B4 T7 L

T~ RS2

41 AR

A2 P oo F R FHR R 12 FE O S ) ¥ T Bi(Mel-scale Frequency Cepstrum Coefficients,
MFCCs) ~ i £ (Energy) 2 ¢ i* ch— [ {r= Fi it i % #c(Delta and Delta-delta Coefficients) » #75~4% i - #c 2
AR B Tdod 2 A1F o

2. WP Sl AP MR EGK T

=& B (ms) 20
FfEesE R (ms) 10
Filter-Bank F# #« 18
Cepstrum F# #c 12
Picr AR 39
Window Hamming

A2 Ht e Bt N E S AMAE T o HTK[16]408 > 2 i7d 2 % + (Left to Right):s* & s  §
% #-3)(Hidden Markov Model, HMM)Z_ 2" ~ $%3hsag A 782 B3 o A iR % =X § & #-73](Sub-Syllable
Model) % 5 3% % %4 #73) - 2 %2 5 ek i fic(state) 5 2~3 B » 332 03 5 4 Bk > pEb L a2 3t

§J¥?E\‘ﬂ EE—_‘_% = %_S_IX].OO%

.m‘&

AP NG5 F¥as S8 D SR AES S S FRAISF | 28~ 285 £ 3 5 WA e R
AP B ¥ 2 3K Lo TCC-300 & e f 300 =33 f i 4 > A PR @ 240 237 2 21,844 o334t
FHAl o ¥ b 30 i 2 2,480 ¢ FRR TR o U EAPM RER L AP E I ARF

% e SRR S L 69.25% o
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%03 B R A M R R T

ot R Sub-Syllable Model
VRHCA A 240 *
PR A K 30
Tk R 785
TF R ATR £k 9,056
42 EFR R BA ‘.%e.f'% 2 EG RN
AEPAPALETRER YRR ﬁaﬂﬁ;&aﬁméW$ % RIRBEO 2 42w

“J

LR TACUSRDEY S A LY 4 (Line of Sight) » 2 ¢ 0 2  JE# & dortdr
BlA3 #77 o Al R i 2t A I %2 24k > AP R EY ERE T i
H /P'J;é“"—é—-‘%%(r% 4 9F57 o

24 ETREG T RB T 2y
Training Baseline BT=0m | BT=4m | BT=50m
Test
Baseline 69.25% 52.18% 50.55% 46.29%
BT=0m 45.59% 55.82% 54.07% 50.54%
BT=4m 44.46% 54.87% 53.54% 50.35%
BT =50m 22.93% 33.28% 38.71% 42.74%

() AR 455 AE R L E N BRI Y (o cA2R) HyRRF L B2 % A b A RIRH (50
D) FE PR AT R E A T R 0 3 S FER I g TR o
() ¢ 2 4 @FbaTeiEiT 04250 2 ks A u L 56.82% - 53.54% ~ 42.74% > 4 2 < K
A 0 2 8 2 B0 2 R R T RF % TV FIRE sk 5 54.07%% 38.71% 0 4 AT T RIEHE T
55.820% ~ 42.74% sk & 0 R vk FARFEE R (MAe 4 2 € )T RS ) o
(2) BAE A5 IH 142 2 ARl 00450 2 ¢ 5t 2 REocic 4 Bl 5 54.07%:53.54%-38.71%
T a0 2 ¢z 5407T%iRE 4 2 w2 5354%% 50 2 ¢ 2 38.71% 0 gt I % Hod 3T 0 2 <R R
[ 2l 2 a2 B ROl o RS SEiE 0 I SRR OEAT 4 2 % 2 B0 2 % RIEEA
PR 2 BB o e IE 5 202 50 2 % 2 HEAREE 0 4550 & 7 TR s H ks 4B Y 2 4 0 T 0T
R FT N
(m) %300 - 8 F b F3 PHAFERETFER YRR PF S FREF6025%T H 1 02 ¢
45.59% ~ 4 2 % i1 44.46%14 2 50 2 % £122.93% « FI 0 — A E R b 3 copEsA] o B4 it
WET RABRT 00 SRR
5% A0 B sk % 4 390 R 72 (Spectral Subtraction, SS)[17] ~ |47 3 * 328 5} 2 % (Cepstral Mean
Subtraction, CMS)[18]% |47 # T 35 & it %.;* (Cepstral Mean Normalization, CMN) = i i 4 i = ;2
MU PR GO R MIER A T R R ARG Aok 5T o d 0SS - B J e
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‘;‘Eiﬂ';ﬁ;% Foom At 2 pAF B M AT 'ﬂﬁ”ﬁ? TH M SS A LA ek b B k2
Feahdidad %14 b enge 2 o 29~ 2 Baseline(SS+CMN) 1 1 2. #4: % 53.03% ~ 51.91% ~ 32.56%
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4 6. W4 g CVSD F1# 2 3 3 #Ebrna
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Test
Baseline 69.25% 67.9%
&% CVSD 67.65% 68.03%
F 7. E 7R S R
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BT=50m| 22.93% 21.14% 26.22% 28.52% 29.94% 29.88%
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i 4 (Packet Loss)} B - o8 Fit- HF %R T -

(2) it i~ % ¢ 5 CMS~ CMN » 7 sc 7 B H i 2 yigocit -

() 23 HFACFREFF S 3 S50 TR LT ST RER T OrEa S 55.82%(0 2 2 )~53.54%(4
M) LR A274%(50 k) 0l miE LS ARE R EFEAFI T R AnE G Indldn £ &k
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3.1 48 A5 % se(Formosa Phonetic Alphabet)
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Abstract: This paper addresses the design of multimedia presentation of language learning
material for Freshman English writing course at a University in Taiwan. The material is used to
assist teacher’s instruction, and serves as the preliminary step regarding the implementation of
instructional strategies in the language teaching course for digital learning materials. Feedbacks
from students are collected to reflect learners’ preferences over the current status of multimedia
learning. The purpose of this paper is to demonstrate an initial step in achieving the effective
learning by coordinating external and internal stimulus to the learners’ cognitive activities.

1 Introduction

The advance of Information Technology (IT) has varied the ways of learning in recent years. One important
application of information technology is distance learning, which has become a prevalent way of learning.
Research has focused on the comparison of learning performance between traditional learning and digital
learning. However, due to the cost-effectiveness of digital learning and the widely spread of the Internet, it is
foreseen that digital learning will become one of the important method in the future learning activities. In
general, the applications of IT in the field of digita learning can be classified into learning material
development and learning management system. The study focuses on the material development related to the
instructional and learning theory, and it serves as the preliminary discussion related in achieving the effective
learning through well-designed digital learning material.

As the development of IT, many areas of English learning have employed computers as learning tools. In the
area of English writing, the most common use of the computer technology is mediating communication such as
E-mail, chat, or MUDS and MOOS (Sokolik, 2001). By employing the notions of negotiation of meaning
from second language acquisition, the goal of students’ writing is having students engage in real communication
through the Internet. Some researchers found that the computer is a helpful tool; nevertheless, there are till
some other aspects that computers can provide to facilitate students’ writing. The area of how to use the
computer to help learners develop and elaborate their specified cognitive representation for their second
language writing is till under explored. Not knowing how to start writing and what to write are always two
major challenges novice writers face. The use of information technology can help English writing teachers to
produce multimedia materials to facilitate their studentsin their writing processes. The study isintended to use
the computer as a tool to integrate teaching materials through the use of multimedia to motivate students by
presenting second language writing in its more complete communicative context. In addition, with regard of
schema theory, the use of media can help students relate their existing schemata and employ their prior
background knowledge in their writing process.

In the study, theories related the above goal are discussed in the following section of literature review. It
consists of three parts: the first one is the fundamental instruction and learning theories, and language learning
theory. The second one is the design of multiple external representations in facilitating instruction and existing
theories in achieving effective learning. The third one is previous study done by the author related to the
effects of various I Ts upon the development of learning materials and learners’ learning activities. In light of
these reviews, this study focuses on the implementation of instructional strategies in the development of digital
learning materials, and the first step is the integration of classroom curriculum into digitalize and programmed
computer material. The preliminary design philosophies and related program in the implementation are
presented and discussed in the section of material design. Then, the designed material was used in a semester
course, and students’ feedbacks were collected to reflect current status of digital learning material upon college
student’s learning, followed by the conclusion as the end of this paper.

249



2 Literature Review

2.1 Language learning and I nstruction

The theory regarding how people learn the foreign language primarily base on two assumptions. The first one
focuses on the cognitive science, and discusses the mental process of learners with their internal representations
and their structures related to the external language stimuli. The second one originated from the cultural
psychology, which treated the learning process as a social and cultural process. Frawley (1997) proposes
non-conscious, conscious, and meta-conscious processing. The first two processes recognize the learning
process as a cognitive activity, and the third one fulfills the role of human learning as an internal mental process
and external social-cultural interaction. Zahner et a (2000) described the language learning is a deliberate and
controlled activity, not only involves the non-conscious and conscious processes but also situated it the
meta-conscious stage. It invokes learners’ inter-mental process socially and culturally.

The trend of teaching English writing has changed from product-oriented to process oriented. Unlike the
traditional paradigm, which focuses on evaluating students’ writing, the process approach emphasizes on the
writer’s whole writing process (Kroll, 2001). From a process perspective, the composing process is a
recursive, exploratory and generative one (Silva & Matsuda, 2002). The procedure includes stages of
generating ideas, structuring, drafting, reviewing, evaluation, and focusing (White & Arndt, 1991). Therefore,
incorporating writing strategies is an important issue in the classroom of process approach. However, the
process writing approach is time consuming (Harmer, 2001).

2.2 Multiple External Representations

Ainsworth, Bibby and wood (1997) made a study with performance of estimation task, the learning process is
carried out by two different cases. The first one learning material has two External Representation carrying the
same information for children to learn, and the second one simultaneously display two dimensions of
information.  For example, a mathematic variables relationship is to be stated in both equation and picture.
Anisworth’s Multiple External Representation has the functions of complement, constrain, and construct. The
complementary information is needed when a single representation is not sufficient to present all the
information needed. The algebra relationship between mathematic variables is an example. The relationship
can be presented as mathematic equation in text format or graphic image. For a problem solving study,
Tabachneck et a found that, in an algebra problem, each representation was associated different strategies.
Multiple representations stimulate learners to exercise multiple strategies. The weakness of each strategy is
overcome by switching the strategies during the problem solving process.

Moreover. the function of constrain is achieved by using one representation to constrain the interpretation of a
second representation. By doing so, the learner can develop a better understanding of a domain.  One of the
examples is using the inherent properties of a presentation to constrain the ambiguity of another one.  Stenning
and Oberlander (1995) presented a study regarding that the graphical representation in general is more specific
than the narrative one in describing the relative position of two objects. Hence, the narrative representation can
be constrained by the second graphical one.

The third function is construction of deep understanding and thinking. Usually, for an abstract idea or notion,
it is very difficult for learner to build his internal metal entity (or representation) for further construction of
concepts or procedure knowledge. Dienes (1973) proposed that same concept expressed in varying way can
help learner building such mental entities by providing perceptual variability.

Since this study is to implement the instructional strategies with multiple representations in the multimedia
material to activate the deep thinking in the learners, the studies of multiple representations are needed to be
included. One of the mgjor functions in multiple representations is the construction of thinking, and it can be
achieved by the abstraction and extension of the relations between representations in learner’s internal metal
exercise or ingtructor’s direct teaching (Ainsworth , 1999). The challenge then will be the role of multiple
presentations during the learner’s conceptual construction process. Too many external representations will
make the learner passive in forming his own mental presentation and hurdle his further construction of existing
concept with new one. However, too few representations may not make learner form the corresponding entity
or a wrong entity. Contingency theory (Wood & Wood) suggests that the support of presentation should be
based on the learner’s feedback and performance during the learning activities. Scaffolding strategy proposes
correspondingly that the level of support should fade out gradually when the learner can achieve a cognitive
linking of representation. The representation can be removed when the learner can construct his own internal
representation without much external stimulus.
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2.3 Effecst of Information Technologies

The advance of computer network and related information technology makes the Web-based learning as a new
learning style. This new type of learning model is pushing educational scholars to redefine the field of
instructional material design and related theories of learning, especially regarding the mode of presenting
material as well as the interaction between learners and materials. Among the above issues, the varieties of
presentation modes are increased by the advance of related information technologies. The presentation modes
in the study include classroom instructor-lead mode, streaming video mode, and programmed mode.

The challenge of integrating curriculum and implementing instructional strategies into computer multimedia
material primary isthe gap between the instructor and the program expert regarding the knowledge to teach and
technical limitation of authoring tool. The author of this study (Ting, 2004) proposed a model addressing the
relationship model among instructor, programmer, and learning content to reflect this challenge, and also use a
practical case to examine the effects of various information techniques applied in the authoring process, with the
interview results and participating in the material development process, Ting presented several phenomena
observed. For instance, the instructor mentioned that he removed “situation-based” lecture used in the
classroom when he was filmed for the streaming video mode materials. The “situation-based” lecture was a
reinforcement of his teaching based on the learners’ responses during the lecture. Since there were no
responses in the filming process, he got no clues or intentions to give these situation-based talking, especially
giving example(s) for some proposition(s). Therefore, the learners of streaming video mode might not get the
chance to learn various examples of propositions if they needed them. The deletion of the knowledge content
when the instructor cooperated with the programmer in developing programmed mode materials, for example
Authoreware.  Since the content needed to be transferred and interpreted by the programmer, if a concept was
difficult for the programmer to present with the programming tool, it might be removed due to the constraint of
resources.

As to the learners’ feedback to the digital learning material, Ting (2003) found that significant differences are
found due to the different modes of presenting materials. Participants from three different backgrounds
(university students, vocational school students, and enterprise employees) are invited to participate in the study.
The significant differences of learners’ satisfaction toward three learning modes are learning style (presentation
mode) and time arrangement. In the survey of learning style, classroom instructor-leading mode has the best
satisfaction, followed by programmed mode, then streaming video. According to the follow-up interviews
with some participants, their responses were that they had been used to the traditional classroom learning mode,
and had direct eye contact with the teacher even there were no Q/As between them.  The participants in the
other two E-learning modes responded that they were unfamiliar with the learning situation in which the
instructor did not show up. It infers that digital learning has not been popular among these participants. The
second highest satisfaction of learning mode was the programmed one, and the reason was the good interaction
between the material and learners.

2.4 Summary

The primary components in designing the digital learning applications are: learner motivation, learner interface,
content structure and sequencing, navigation and interactivity (Allen, 2003). The goa of digital learning
material for sure is to assist learner to achieve best learning performance through effective instructional
strategies implemented in the learning material. Severa related theories have been reveadled in the above
section, and their concern is to design a best learning environment.  Such environment not only creates the
external stimulus in activating learner motivation into the engagement of learning, but also strengthens the
internal cognitive processes in forming learner’s propositions and procedure knowledge.

This study will base on the above notions to implement related theories into a language learning course,
“Freshman English Writing”. Due to the constraint of available resource, this paper will present a preliminary
result in integrating the multimedia materials which are used separately during the instruction activities.

3 Material Design and Development

Before this study, the writing materials used to assist the teacher’s instruction are textbook and graphics in the
hard-copy format, and video and audio tapes played by video/audio player. In this study, all of the above
materials are digitalized through appropriated equipments and transformed into appropriate formats for the
storage and later manipulation by the computer authoring program.  The integration and sequencing of learning
material is programmed through the Authoring tool: Macromedia Authorware. Authorware is chosen dueto its
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strength in variables setup and logic controls in fulfilling the needs of multiple flow paths for supporting
adaptive learning, and such characteristics are contrast to those in Flash or Director, which is good at rich
multimedia presentation and graphic motion control.

Functions of learners’ interaction with material includes the content browsing and quiz taking, and they are
made through some information technologies to make the material more attractive to students. The program is
described logically to demonstrate how the fundamental sequencing mechanism is implemented. Type of
responses available in Authorware 6.0 are Button, Hot Spot, Hot Object, Target Area, Pull-down Menu,
Conditional, Text Entry, Key-press, Tries Limit, Time Limit, and Event. Integrating the above user responses
with predefined control logic, the implemented material can provide fundamental passively adaptive learning for
individual learner. One of the goals in future study is to include the learner profile into the sequencing and
navigation of learning activities actively and dynamically.

In this study, the material was designed for “Freshman English Writing” course for English-major students at a
university in northern Taiwan.  Because this project was carried out in the second semester of an academic year,
the researchers used the already-used textbook, Developing Composition Skills by Mary K. Ruetten, as a major
source of material development in order not to confuse students’ learning.  The content of three chapters, which
represent three writing genres, digitalized as computer assisted language learning materials. Every genre
includes phases of prewriting activities, readings, writing step explanations, language usage, and writing
assignments. In addition to the revised textbook contents, some extra writing tasks were also inserted. The
goa of these writing tasks is to provide learners more authentic materials as well as more authentic contexts to
write.  For the purpose of illustration, some examples of the chapter related to analyze a process are illustrated
below.

Because the reading in this chapter is about how to do a library searching operation on a computer, the
prewriting activities the researcher designed are asking students to do some library searches at their school
library and list the procedure step by step. The purpose of these activities is to help students relate to their
schemata for their future writing. The activities are shown in Figure 1 and Figure 2.
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Figure 1. Presented learning activities for CALL

Prewriting

Amigd A o et W e ot

=S ETS EDE

Figure 2. Presented |learning activities for CALL
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In order to motivate students’ learning, the model essay for students to analyze the writing styles, the content of
one of the essays are divided into different sections for students’ comprehension check. In addition, the
sentence order of the other model essay was scrambled for students to find the right process of the action.
Furthermore, students can choose to listen to the texts being read by recorded voice.

With regard of writing assignment, the researchers designed a series of activities as prelude to the process
analyzing writing. This was done due to the fact that students always complained about not knowing what to
write. These activities offered students some vocabulary words and ideas for their writing assignment.  In this
case, they needed to write some procedures of traditional Chinese or Taiwanese wedding. One of the activities
was done as an information gap activity. Students read some gapped texts related to the traditional western
wedding and listen to the recorded voice to read the complete version of the text. Then they have to fill in the
gaps by selecting words from the word bank offered on the computer screen.  In this way, they may learn some
vocabulary words related to wedding (see Figure 3). The text was adopted from the Cultural dictionary, and
has been revised. They also can try to find some websites to provide them information about Chinese or
Taiwanese wedding traditions (Figure 4). Moreover, they could click the viewing buttons to view some video
clips of a Taiwanese wedding (Figure 5). When the student learned several marriage related vocabulary and
customs, they were required to write the essay.  The material here is intended to promote students’ interest in
the wedding procedure, and motivate their intentions in using rich and various terminologies in their writing.
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Figure 3. Portal for supplementary CALL material - “wedding”

N - i - i

BRI Y M EEE TR
e

Figure 4. The narration of multimedia learning material
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Figure 5. The video clips of CALL material

As shown in the Figure 5, the buttons are made with the Authorware program to support the function of
seguencing program.

4 Preliminary Survey Result

Subjects
Two classes with 24 and 25 freshman students majoring in English were presented with the experimental
material. . The learning content is Freshman English Writing course presented in the multimedia form

described in the previous section.  Due to the limitation of time and available computers, all learners are seated
asin the computer lab with computer projector during the learning activity. The instructor (author of this study)
used a computer connected to the projector to present the CALL material. All learners were encouraged to ask
guestions as a normal classroom course, and they also had their own textbooks for reference.

I nstrument

Learners’ feedbacks toward the designed learning material were surveyed by a Likert questionnaire as shown in
Appendix 1. The topic is divided into four categories. attractiveness of presentation mode, helpfulness of
presentation media, personal preference toward presentation style, and overall acceptance. There are five
guestions for each category, and each question has 5-point scale. The total questions are 20.

Survey Results

The preliminary summary result of learners’ feedbacks upon the designed CALL material is shown in the Figure
6, and it is obvious that the attractiveness of multimedia presentation gains the best positive feedback from the
students. As to the helpfulness in assisting learning and the style of learning method play fair around the
average role in the overall gauge of learning activities for language learning. The results may be expected to
be further improved by the inclusion of adaptive interaction between learner and material.
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Figure 6. Summary result of learners’ feedback upon the designed CALL material

5 Conclusions

The role of computer has changed from the facilitator of learning into activate learners into deep thinking.
However, misunderstanding regarding the attractiveness of learning material and interactivity of learner with
material is the richness of display and plenty of menu buttons in the user interface. As a matter of fact, the
effectiveness of learning is best achieved through the construction of learner’s internal reflection and thinking
due to the external multimedia stimulus, which should be able to activate learners into the engagement of deep
thinking and constructing their own mental entities and corresponding representations and concepts. This
paper reveals some fundamental theories related to the up-to-date instruction and learning theory, especially
those related to the Computer Assisted Language Learning. In addition to the challenge faced by computer
multimedia material designers, how the learning material should play as an effective one is clarified from the
perspective of multiple external representations.  Followed with studies related with the effect of various ITs
upon the development of learning material, learners’ feedback upon different technologies are also briefed.
Along with the above literature review, this paper addressed the design of multimedia presentation of language
learning material for an English Writing course offered at an University in Taiwan. The material was used to
assist teacher’s instruction, and serve as the preliminary step regarding the implementation of instructional
strategies in the language learning course for digital learning materials. Feedback from students were collected
to reflect learners’ preferences over the current status of multimedia learning

Further study will concentrate on three issues in sequences. The first one is the integration of Authorwaring
program with the instructional strategies. The next step will be the incorporation of dynamic learner profile
into the navigation and sequencing of learning material. The third step is to examine the effect of the above
function’s performance from the perspective of social and cultural interaction between learners and learning
material. It is expected to achieve the effective learning by coordinating external and internal stimulus to the
learners’ cognitive activities through well-designed digital |earning material.
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Abstract. In this paper, we propose a new method for bilingual collocation extraction from a parallel
corpus to provide phrasal translation memory. The method integrates statistical and linguistic
information for effective extraction of collocations. The linguistic information includes parts of speech,
chunks, and clauses. With an implementation of the method, we obtain first an extended list of
collocations from monolingual corpora such as British National Corpus (BNC). Subsequently, we
exploit the list to identify English collocations in Sinorama Parallel Corpus (SPC). Finally, we use
word alignment techniques to retrieve the trandation equivalent of English collocations from the
bilingual corpus, so as to provide phrasal translation memory for machine transation system. Based
on the strength of chunk and clause analyses, we are able to extract alarge number of collocations and
tranglations with much less time and effort than those required by N-gram analysis or full parsing.
Furthermore, we also consider longer collocation pattern such as a preposition involved in VN
collocation. In the future, we plan to extend the method to other types of collocation.

Keyword. Bilingual Collocation Extraction, Collocational Translation Memory, Collocational
Concordancer

1 Introduction

Example-based machine translation (EBMT), a corpus-based MT method, has been recently suggested as an
efficient step toward automatic trandation (Nagao, 1981; Kitano, 1993, Carl, 1999, Andrimanankasian et al., 1999;
Brown, 2000). Under the approach, systems exploited examples similar to input and adjusted the trandations to
obtain the result. Translations are preprocessed and stored in a translation memory which serves as an archive of
existing translation for MT system to reuse. Nowadays, there have been a number of transducers applied to convert
sentences in bilingual corpus into translation patterns, which can be further exploited as a translation memory, such
as Transit!, Deja-Vu?, TransSearch®, TOTALrecall*, and so on.

A problem that most MT system may encounter is the collocational translation if the system intends not to
literally translate the input text. This smaller syntax unit not only facilitates a more native-like trandation, but also
enhances the performance of recent EBMT system. Elastic collocation structure provides more flexibility in handle
trangdlation pattern asin “...not yet to take what he wantsinto consideration...”

1 Transit (http://www.star-group.net/eng/software/sprachtech/transit.html)

2 Deja-Vu (http://www.atril.conv)

3 TransSearch (http://www.tsrali.conv)

4 TOTALrecall(http://candle.cs.nthu.edu.tw/Counter/Counter.asp?funcl D=1)
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2  Extraction of Collocational Translation Memory

Using valuable linguistic information—chunk and clause analyses, we can retrieve Verb-Noun collocations from a
large corpus (i.e. BNC) with good quality and quantity. We further use this collocation type list to identify the
concise collocational instances in a bilingual corpus (i.e. SPC). We also use word-alignment technique to extract the
matching translation of verb and noun respectively, so as to obtain phrasal translation memory. The detailed
approach is described in this section:

2.1 Chunk and Clause Information I ntegrated

CoNLL-2000° shared task considered text chunking as a process that divides a text into syntactically correlated
parts of words. With the benefits of chunk information, we can chunk the sentence into smaller syntactic structure
which facilitates precise collocation extraction. It becomes easier to identify the argument-predicate relationship
between each chunk, and save more time to extract as opposed to full parsing. Take a passage in CoNLL-2000
benchmark for example:

Confidence/B-NP in/B-PP the/B-NP pound/I-NP isB-VP
widely/I-V P expected/I-V P to/I-V P take/l-V P another/B-NP
sharp/I-NP dive/l-NP if/B-SBAR trade/B-NP figures/I-NP for/B-PP
September/B-NP

Note: I-NP for noun phrase words and |-V P for verb phrase words. Most chunk types have two different chunk tags:
B-CHUNK for the first word of the chunk and I-CHUNK for the other words in the same chunk.

The words in the same chunk can be further grouped together (as in Table 1). With chunk information, we can
extract the target VN collocation, “take ... dive” from the text by considering the last word of each adjacent VP and
NP chunks. We built a robust and efficient chunker from the training data of the CoNLL shared task, with over 93%
precision and recal|®.

Table 1: Chunked Sentence

Sentence chunking Features
Confidence NP
in PP
the pound NP
iswidely expected to take VP
another sharp dive NP
if SBAR
trade figures NP
for PP
September NP

5 CoNLL isthe yearly meeting of the SIGNLL, the Special Interest Group on Natural Language Learning of the
Association for Computational Linguistics. The shared task of text chunking in CoNLL-2000 is available at
http://cnts.uia.ac.be/conl12000/.

6 We built the chunker from shared CoNLL-2000 training data and evaluate the result with the test data provided
by CoNLL-2000. The precision and the recall are both 93.7%.
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In some cases, only considering the chunk information is not enough. For example, the sentence “...the attitude
he had towards the country is positive...” may cause problem. With the chunk information, the system extracts out
the type have towards the country as VP + PP + NP, yet this one is erroneous because it cuts across two clauses. To
avoid this case, we further take the clause information into account.

With the training data from CoNLL-2001, we built an efficient clause model based on HMM to identify the
clause relation between words. The language model provides sufficient information to avoid extracting wrong VN
collocation instances. Examples show as follows (additional clause tags will be attached):

(1) ....theattitude (S* he has*S) toward the country

(2) (S| think (St that the people are most concerned with the question of (S when conditions
may becomeripe. *S)9)S)

As aresult, we can avoid the verb from being combined with the irrelevant noun as its collocate (as in (1)) or
extracting the adjacent noun serving as the subject of another clause (asin (2)). When the sentences in the corpus are
preprocessed with the chunk and clause identification, we can consequently assure high accuracy of collocation
extraction.

Log-likelihood ratio : LLR(X;y)

P - p)" e A-p)
p-p)" e pe-p)re

k; :of pairsthat contain x and y simultaneously.
k, : of pairsthat contain x but do not containy.
n, :of pairsthat containy

n,: of pairsthat does not contain y

LLRx y)=-2log,

P = Ki/ my
P2 = Ko/ 1y
p = (Kitko) / (ny+np)

2.2 Extraction of Collocation Types

A huge set of collocation candidates can be obtained from BNC, via the process of integrating chunk and clause
information. We here consider three prevalent Verb-Noun collocation structures in corpus. VP+NP, VP+PP+NP,
and VP+NP+PP. Exploiting Logarithmic Likelihood Ratio (LLR) statistics, we can calculate the strength of
association between each two collocates. The collocational type with threshold higher than 7.88 (confidence level
95%) will serve as one entry in our collocation type list.

2.3  Extraction of Collocation I nstances

We subsequently identify collocation instances in the Sinorama Parallel Corpus (SPC) matching the collocation
types extracted from BNC. Making use of the sequence of chunk types, we again single out the adjacent structures:
VP+NP, VP+PP+NP, or VP+NP+PP. With the help of chunk and clause information, we thus find the valid
instances where the expected collocation types are located, so as to build a collocational concordance. Moreover, the
quantity and quality of BNC aso facilitate the collocation identification in another smaller bilingual corpus with
better statistic measure.
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24  Extracting Collocational Trandation Equivalentsin Bilingual Corpus

When accurate instances are obtained from bilingual corpus, we continue to integrate the statistical word-alignment
techniques (Melamed, 1997) and dictionaries to find the trandation candidates for each of the two collocates. We
first locate the translation of the noun. Subsequently, we locate the verb nearest to the noun trandlation to find the
trangdlation for the verb. We can think of collocation with corresponding translations as a kind of translation memory
(showsin Table 2).

Table 2: Examples of collocational translation memory

English sentence Chinese sentence
If in this time no one shows concern for
them, and directs them to correct
thinking, and teaches them how to
express and release emotions, this
could very easily leave them with a
terrible personality complex they can
never resolve.

Occasionally some kungfu movies may
appeal to foreign audiences, but these
too are exceptions to the rule.

3 Implementation and evaluation

We extracted VN collocations from the BNC which contains about 4 million sentences, and obtained 631,638 VN,
15,394 VPN, and 14,008 VNP collocation types with an implementation of the proposed method. We continued to
identify 26,315VN, 3,457 VPN, and 4,406 VNP collocation instances in SPC and generated dligible trandation
memory viaword-alignment techniques. The implementation result of BNC and SPC showsin the Table 3, 4, and 5.

Table 3:The result of collocation types extracted from BNC
and collocation instances identified in SPC

Type Collocation typesin Collocation instances in
British Nation Corpus (BNC)  Sinorama Parallel Corpus
(SPC)
VN 631,638 26,315
VPN 15,394 3,457
VNP 14,008 4,406

Table 4:Examples of collocation types including a given noun in BNC

Noun VN types VN instances
Language 320 945
Influence 319 880
Threat 222 633
Doubt 199 545
Crime 183 498
Phone 137 460
Cigarette 121 379
Throat 86 246
Living 79 220
Suicide 47 134
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Table 5:Examples of collocation instances extracted from SPC

VN type

Example

Exert influence

That means they would already be exerting their influence by the time the
microwave background was born.

Exercise influence

The Davies brothers, Adrian (who scored 14 points) and Graham (four),
exercised an important creative influence on Cambridge fortunes while their
flankers Holmes and Pool-Jones were full of fire and tenacity in the loose.

Wield influence

Fortunately, George V had worked well with his father and knew the nature
of the current political trends, but he did not wield the same influence
internationally as his esteemed father.

Extend influence

The cab extended its influence into the non-government sector, funding
research by the Cathedral Advisory Commission and the Royal Society for
the Protection of Birds.

Reflect influence

The general standard of farming was good, reflecting the influence of the
sons who had attained either a degree or a diplomain agriculture before
returning home.

Diminish influence

To break up the Union now would diminish our influence for good in the
world, just at the time when it is most needed.

Gain influence

In general, women have not benefited much in the job market from capitalist
industrialization nor have they gained much influence in society outside the
family through political channels.

Counteract influence

To try and counteract the influence of the extremists, the moderate wing of
the party launched a Labour Solidarity Campaign in 1981.

Reduce influence

Whether the curbs on police investigation will reduce police influence on the
outcome of the criminal processis not easy to determine.

Show influence

Ellis and Shepherd ( 1974 ) first drew attention to this but a number of
experiments by Y oung and his colleagues have failed to show any influence
of age of acquisition of words on dichotic listening ( Young and Ellis,
1980 ) or tachistoscopic hemifield asymmetry ( Ellisand Young , 1977 ;
Young and Bion, 1980b ) even when it is the age at which words are first
read rather than heard that is under investigation.

As for each collocation type, we randomly selected 100 test sentences for manual evaluation. A human judge, who
majored in Foreign Languages, assessed the result of the matching translation. The evaluation was done by judging
whether the corresponding collocational transation is valid or not. The three levels of quality were set: satisfactory
tranglation, approximant translation (partial matching), and unacceptable translation. The examples of each level are
shown in Table 6.

Table 6: Three levels of quality of the extracted translation memory

Levgl of English sentences Chinese sentences
quality

satisfactory Thus when Chinpao Shan put out its

translation advertisement last year, looking for new people

to develop itsrelated enter prises, the notice
frankly stated "Southern Taiwanese preferred.

approximant | Ah-ying relatesthat "Teacher Chang" friendly
transglation and easy-going, is aways there to answer her
guestions. She even goesto him for answers
when her friends have legal questions.

unacceptable | Said one observer, "If | can speak bluntly, the
translation mainlanders are robbing graves of their
treasures and smuggling them away, and the
situation is bad. In reality, though, it is Taiwan
that is behind it all committing the crime.
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The evaluation result indicates an average precision rate of 89 % with regard to both satisfactory and approximant
translation memory (showsin Table 7).

Table 7: Experiment result of collocational translation memory from Sinorama parallel Corpus

Type Thenumber Trandation  Translation Precision of Precision of
of selected  Memory Memory (*) Tranglation Trandation
sentences Memory Memory (*)

VN 100 73 90 73 90

VPN 100 66 89 66 89

VNP 100 78 89 78 89

The average precision of translation memory: 72.3%
The average precision of translation memory (*): 89.3%

(*) stands for the numbers of translation memory which includes approximant translation.

4. Discussion and limitation

Collocation, a hallmark of near native speaker, is an important area in trandation yet has long been neglected.
Traditional machine translation tends to trandlate input texts word by word, which easily leads to literal trandation.
Therefore, even with abundant vocabulary from dictionary and grammar rule-based model systems still fail to
generate fluent trandlation into a target language. For example, with the lack of collocational knowledge, machine
translation system may recognize take as “na’ (i.e. take away) and medicine as “yao” (i.e. medicine) in Chinese
respectively. Thus, systems are inclined to literally translate take medicine into “na yao” (i.e. take away the
medicine), and probably result in odd translation or mistranslation. We suggest that machine translation system take
collocational translation memory into consideration for improved translation quality. The notion of collocation is
also consistent with Example-Based Machine Trandation (EBMT).

Due to the limitation of word-alignment technique, our method may incorrectly recognize some matching
trandlation. We need better word-alignment to align trandations more correctly. Moreover, the expansion of
bilingual corpora can also increase the precision of retrieving collocational translation memory. It enables us to
obtain enough counts for each collocate (i.e. verb and noun in VN collocation) in the target language so as to
increase the rdiability with the LLR statistics, which in turn eradicates the anomalous collocational trandation
memory.

5. Application: Collocational Concordance—TANGO

With the collocation types and instances extracted from the corpus, we built an on-line collocational concordance
called TANGO for looking up collocation instances and translations. A user can type in any English words as query
and select the expected part of speech of the accompanying words. For example in Figure 1, after query “influence’
is submitted, the result of possible collocates will be displayed on the return page. The user can even select different
adjacent collocates for further investigation. Moreover, using the technique of bilingual collocation aignment and
sentence alignment, the system will display the target collocation with highlight to show trandation equivalents in
context. Translators or learners, through this web-based interface, can easily acquire the usage of each collocation
with relevant instances. This bilingual collocational concordance is a very useful tool for self-inductive learning
tailored to intermediate or advanced English learners.
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Figure 1 Web-based Collocational Concordance

6. Conclusion

In the field of the machine trandation, the Example-Based Machine Trandation (EBMT) exploits existing
tranglations in the hope of producing better quality in translation. However, the importance of collocational
translation has always been neglected and hard to be dealt with. We propose the collocational translation memory —
to provide a better translation method, intending to solve some problem encountered by literal trandation. With
satisfactory precision rates of collocation and trandation extraction, we hope collocational translation memory will
path ways to more applications in translation and computer assisted language learning.
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Abstract. This study proposes a new two-layer approach for spoken language translation. First,
we develop translated examples and transform them into speech signals. Second, to properly
retrieve a translated example by analyzing speech signals, we expand the translated example into
two layers: an intention layer and an object layer. The intention layer is used to examine intention
similarity between the speech input and the translated example. The object layer is used to
identify the objective components of the examined intention. Experiments were conducted with
the languages of Chinese and English. The results revealed that our proposed approach achieves
about 86% and 76% understandable translation rate for the Chinese-to-English and the
English-to-Chinese translations, respectively.

1 Introduction

With the growing of globalization, people now often meet and do business with those who speak different
languages, on-demand spoken language translation (SLT) has become increasingly important (See JANUS III
[6], Verbmobil [9], EUTRANS [3] and ATR-MATRIX [1]). Currently, there are two main architectures of SLT:
conventional sequential architecture and fully integrated architecture [1]. For the sequential architecture, a
spoken language translation is composed by a speech recognition system followed by a linguistic (or
non-linguistic) text-to-text translation system. In the integrated architecture, acoustic-phonetic models are
integrated into translation models in the similar way as for speech recognition.

Recently, an integrated architecture based on stochastic finite-state transducer (SFST) has been presented in
[3,4]. The SFST approach integrated three models in a single network where the search process takes place. The
three models are Hidden Markov Models for the acoustic part, language models for the source language and
finite state transducers for the transfer between the source and target language. The output of this search process
is the target word sequence associated to the optimal path. Fig. 1 shows an example of the SFST approach.
A denotes the empty string. The source sentence “Una habitacion doble” can be translated to either “a double
room” or “a room with two beds”. The most probable translation is the first one with probability of 0.09.

habitacién / room (0.1) doble / with two beds (1)

una/a (0.5)
la / the (0.5)

habitacion / room (0.3)

habitacién / . (0.6) doble / double room (0.3)

individual / single room (0.7)

Fig. 1. Examples of the stochastic finite-state transducer

However, when the training data of SFST is insufficient, the results obtained by the sequential architecture
are better than the results obtained by the integrated architecture [4]. In addition, word reordering is still a
thorny problem in SFST which is based on statistical-based translation methods [5]. Therefore, we propose
adopting example-based approaches for better integration. Such the adopted approach does not require the
database to be as large as in SFST and can utilize word mappings between source-target language of a chosen
translated example for word reordering [2,8]. In this paper, we further propose a new two-layer approach for the
example-based spoken language translation. First, we develop translated examples and transform them into
speech signals. Second, to properly retrieve a translated example by analyzing speech signals, we expand the
translated example into two layers: an intention layer and an object layer. The intention layer is used to examine
intention similarity between the speech input and the translated example. The object layer is used to identify the
objective components of the examined intention.
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The rest of this paper is organized as follows. Section 2 discusses the proposed two-layer approach. Score
normalization is presented in Section 3. The experimental results are given in Section 4. Concluding remarks are
finally made in Section 5.

2  The Proposed Two-Layer Approach

Referring to Fig. 2, the first step of the proposed two-layer approach is to expand translated examples, which
have intention components and object components. After expanding the translated examples, the second step is
to adapt the two-layer search plan composed of an intention layer and an object layer. At last, measurement
modification is used to modify similarity measurement between the intention layer and the object layer. This
study further discusses translated example expansion, two-layer search plan adaptation, and measurement
modification.

Speech

Input
Translated Translated Example Two-Layer Search Measurement Measured
Examples Expansion Plan Adaptation Modification Scores

Fig. 2. Framework of the proposed two-layer approach

2.1  Translated Example Expansion

The process of translated example expansion is to group similar translated examples and compare their
differences for expanding objects. Table 1 shows an example of fours pairs of grouped translated examples. For
these grouped translated examples, the similar constitutes “Is ... still available for ...” & “... & 7 ... *§”
are defined into an intention sequence translation, which would conduct the meaning of a translation. And the
differences compared with the intention sequence are regarded as expanded objects.

Table 1. Fours pairs of grouped translated examples

Translated examples

Word mappings

Is room service still available?

(Ise*8, roome % %, servicee PR i%, stille

1 — & 5 T3 JRIF B? i#, available— 7 )
Is breakfast available for tomorrow? (Ise>+8, breakfast—>% %, available for—7 ,
2 o X G 5E 82 tomorrow>f X )

Is laundry service still available?

(Ise>v8, roome ik jis, servicee PRi%, stille

3 o & G AE JRAE 87 i#, available 4 )
Is a single room available for tonight?  (Is«<>¢§, ac>— ¥, single—H 4, roome %,
4 o 58 3 - F 4% 82 aualable fore7 , tonighte> £ at)

For example, a new expanded translated example, denoted by ExTrans, derived from the translated examples

in Table 2 is shown below.
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Table 2. An example of expanded translated example

Expanded translated example: ExTrans

The intention sequence translation:
Is (VY still available for (V?) ?
SV B (Vg2

where (V}=(room service, breakfast, laundry service, a single room),
(V3=(tomorrow, tonight),
(VO=(E 5 IRAE, 5 &, ks JRIE, - B E 4 %),

(VhH=(m =, £ at)

Object translations:

(Vhy o (Vh (VB> (V%)
(room,servicey«>( % % ,PEi%) (tomorrow)«>(f % )
(breakfast)«>(% %) (tonightye>{ £ )

(laundry,service)«>(i% jiF, PR 53
(a,single,room)—(—- & ¥ 4 %)

where EXTrans comprises an intention translation, and six object translations. The six object translations are
“room services> % 5 JRF%,” “breakfast<>% & ,” “laundry service<>i%jis PRF%,” “a single room«>— & H 4
%, “tomorrow<>f % ” and “tonight<> £ 85.”.

2.2  Two-Layer Search Plan Adaptation of Expanded Translated Examples

After expanding translated examples, each translated example has two parts: an intention part and an object part.
While measuring the speech signals of i-th translated example v,, the speech signals of v, need to be

redefined two layers V, ={Vv/,V/}, where v/ is an intention layer component of v, and v/ is an object

layer component of v,. Each two-layer searching plan is generated by the translated example and the speech

input and the object layer is used to identify the objective components of the examined intention. In terms of
searching for an optimal path of states through the two-layer search plan, the issue now is to measure the pair
(s,v]) of a fixed number, says Nj, of v/.

VitN-N,) N
v : Object
i Layer
"
Viy
J
----- T T T PR TR T TR T T T T T AT TR T T TP T R T P T T I TTY I PETTT T
V; Vin
' - Intention
VI -
B —_ Layer
’
Viz
’
Vii
S:

Fig. 3. The proposed two-layer search plan
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2.3  Measurement Modification

After adapting the two-layer search plan, another problem is how to measure the similarity of pair (s,v]) while
adjudging the object frames of v for identifying the other object patterns. Referring to Fig 4., given two

similarity measurement scores of pair (s,Vv;) and pair (s,V;), the scores used for comparing the two pairs are

Di'* and D", where Di'* is the similarity measurement of pair (v/, s) and D;* is the similarity

J b
measurement of pair (V} , ).

Fig. 4. Search results of various translated examples

For the modification of similarity measurement between the intention layer and the object layer, there are
two additional types of search paths in this research: 1) paths between v, and v and 2) paths within v/ or

v/ . For the paths between v/ and v/, a search block Z in the object layer, which will be referred to a score

skip level block, contains more than one path connected by node,,, (or node,,)- And Di'* is computed in

the intention layer. (See Fig. 5)

2 (nOdeend’nOdQend)

%—(I,k)
3

rlodeend & 72ttt 3

A Search Block Z
in Object Layer

nOdestart(%’”’””””””’”””’ %3
....................... I T
! i
nOdestart< ! ]
3
]
| Two Search Brsss
. e s 9
Blocks in étut
. $38 ¢
Intention Layer E ss :
nodegg | L H
a L
nOdestart rIOdeend
S:

Between path = =% Within path ———

Fig. 5. Additional types of two-layer search paths
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3 Score Normalization

The intention sequence in the translated example is an important identification part, where the intention
sequence would conduct the meaning of a translation. Therefore, the dissimilarity measurement of the part of
the intention sequence is used to rank all the translated examples. However, the cumulative measured
dissimilarity score is propagated to the length of the intention sequence. In this study, a length-conditioned
weight concept is adopted to compensate this defect. The normalized measured dissimilarity (A(s,vi’)) is

determined as follows:

A(s,v])=0" (1)

—||s|”)||s||‘l The weight O is decided by an interval [1.0, 2.0].

vi

where O is a weight factor, W, ;= q

Experimental analysis shown in Fig. 6 indicates that the interval &, which yields the most accurate retrieval
results, is [1,3 —513+ 5]. Therefore, the O is set to 1.3 in this study.

0.9
08 1

L L — o =
0.7

06 & —~—e
05 r

04 r
03 I —&— Topl (1,050 examples)
02 —l— Top5 (1,050 examples)

01 |
0

Retrieval Accuracy Rate

1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2
Length-Conditioned Weight

Fig. 6. Retrieval accuracy rate comparison with different setting of weight 0

4 Experimental Results

4.1 The Task and the Corpus

This study built a collection of English sentences and their Chinese translations that frequently appear in
phrasebooks for foreign tourists. Because the translations were made on a sentence-by-sentence basis, the
corpus was sentence-aligned after being collated. Table 3 lists a summary of the corpus used in the experiments.
The corpus comprises two parts: a training set of 11,885 translated examples for the training phase, and a test set
of 105 translated examples for the translation phase (the test set differs from the training set).

Table 3. Basic characteristics of the collected translated examples

English |  Chinese
Training: Translated Examples 11,885
Lexicons 80,699 66,915
Vocabulary Size 6,278 5,118
Average number of lexicons 6.79 5.63
Test: Sentences 105
Lexicons 673 | 641
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In order to evaluate the system performance, a collection of 1,050 utterances from the 11,885 examples were
speaker-dependent trained, and 105 additional utterances of each language were collected by using one male
speaker (Spl) for inside testing and by using two bilingual male speakers (Sp2 and Sp3) for outside testing. All
the utterances were sampled at an 8 kHz sampling rate with 16-bit precision on a Pentium® IV 1.8GHz, 1GB
RAM, Windows® XP PC.

4.2  Translation Evaluations

For the spoken language translation system, we found that the recognition performance of 39-dimension MFCCs
and 10-dimension LPCCs was close. Therefore, we adopted 10-dimension LPCCs due to their advantages of
faster operation. Speech feature analysis of recognition was performed using 10 linear prediction coefficient
cepstrums (LPCCs) on a 32ms frame that overlapped every 8ms.

When input speech is being translated, a major sub-problem in speech processing is determining the
presence or absence of a voice component in a given signal, especially the beginnings and endings of voice
segments. Therefore, the energy-based approach, which is a classic one and works well under high SNR
conditions, was applied to eliminate unvoiced components in this research. The measurement results were
divided into four parts: the dissimilarity measurement of linear prediction coefficient cepstrum (LPCC)-based
(baseline), the baseline with unvoiced elimination (+unVE), the baseline with the score normalization (+ScN),
and the combination of unVE and ScN considerations with the baseline (All). A given translated example is
called a match when it contained the same intention as the speech input. The reason for adopting this strategy
was that objects could be confirmed again while a dialogue was being processed, while wrong intentions could
cause endless iterations of dialogue. The experimental results for proper translated example retrieval are shown
in Table 4 and Table 5.

Table 4. Average retrieval accuracy of baseline and the improvement in English-to-Chinese(E2C) Translation

1 2 3 4
Baseline +unVE +ScN All
Example Size Top 1 Top 5 Top 1 Top 5 Top 1 Top 5 Top 1 Top 5
150 0.53 0.66 0.63 0.86 0.66 0.86 0.8 1
250 0.53 0.66 0.63 0.86 0.66 0.86 0.8 1
350 0.53 0.63 0.6 0.83 0.66 0.86 0.76 0.96
450 0.53 0.63 0.6 0.83 0.63 0.83 0.76 0.93
550 0.5 0.6 0.6 0.8 0.6 0.8 0.76 0.93
650 0.5 0.56 0.6 0.76 0.6 0.8 0.76 0.9
750 0.46 0.5 0.56 0.73 0.56 0.76 0.73 0.86
850 0.43 0.5 0.53 0.7 0.53 0.73 0.73 0.83
950 0.43 0.46 0.53 0.7 0.5 0.66 0.7 0.83
1050 0.4 0.43 0.46 0.66 0.46 0.66 0.66 0.8

Table 5. Average retrieval accuracy of baseline and the improvement in Chinese-to-English(C2E) Translation

1 2 3 4
Baseline +unVE +ScN All
Example Size Top 1 Top 5 Top 1 Top 5 Top 1 Top 5 Top 1 Top 5
150 0.46 0.6 0.63 0.8 0.6 0.76 0.76 1
250 0.46 0.6 0.6 0.76 0.6 0.73 0.76 0.96
350 0.46 0.56 0.6 0.76 0.56 0.7 0.73 0.93
450 0.43 0.56 0.56 0.73 0.53 0.66 0.7 0.9
550 0.43 0.53 0.56 0.7 0.53 0.63 0.7 0.86
650 0.43 0.53 0.53 0.7 0.5 0.6 0.66 0.83
750 0.4 0.5 0.53 0.66 0.5 0.6 0.63 0.8
850 0.4 0.5 0.5 0.66 0.46 0.56 0.63 0.8
950 0.4 0.46 0.46 0.63 0.46 0.56 0.6 0.76
1050 0.36 0.43 0.46 0.6 0.43 0.56 0.6 0.7
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Based on the developed translated examples, when the example or vocabulary size increases, more examples
would possibly lead to more feature models and more similarities in speech recognition, thus causing false
recognition results and lower retrieval accuracy. Additionally, multiple speaker dependent results were obtained
using three speakers. The first speaker's feature models were used to perform tests on the other two speakers,
and the results are shown in Table 6. The experimental results show that although the feature models were
trained by Spl, the retrieval accuracy of Sp2 and Sp3 was only reduced by 10 to 15 percent.

Table 6. Average retrieval accuracy in multiple speaker testing

Example Size (Speech features of Sp1)
(Top5) | 150 250 350 450 550 650 750 850 950 1050

Spl E2C 1 1 096 093 093 09 086 083 0.83 0.8

C2E 1 096 093 09 086 083 0.8 0.8 0.76 0.7

All Sp2 E2C 09 08 08 08 076 073 073 07 0.66 0.66
C2E 083 08 08 076 073 073 07 066 063 0.63

Sp3 E2C 083 08 076 076 073 0.7 0.7 0.66 066 0.63

C2E 076 076 073 0.73 0.7 0.66 066 0.63 0.6 0.6

A bilingual evaluator was used to classify the target generation results into three categories [10]: Good,
Understandable, and Bad. A Good generation needed to have no syntactic errors, and its meaning had to be
correctly understood. Understandable generations could have some syntactic errors and variable translation
errors, but the source speech had to be conveyed without misunderstanding. Otherwise, the target generations
were classified as Bad. With this subjective measure, the percentage of Good or Understandable generations for
the Top 5 was 86% for English-to-Chinese (E2C) translation and 76% for Chinese-to-English (C2E) translation.
The percentage of Good generations for the Top 1 was 60% for E2C translation, compared to 56% for C2E
translation. We examined the translated examples in a specific domain and found that 100% translation accuracy
could be achieved. In other words, translation errors occurred only as a result of speech recognition errors, such
as word recognition errors and segmentation errors. Besides, these results also indicate that C2E performed
worse than E2C. This difference may occur because Chinese is tonal, whereas English is not; thus, it is harder
for C2E translation to obtain an appropriate translated example.

5 Conclusions

In this work, we have proposed a new two-layer approach for example-based spoken language translation.
According to the proposed approach, the translated example can be properly retrieved by measuring the speech
signals on the intention layer and the object layer. Experiments using Chinese and English were performed on
Pentium® PCs. The experimental results reveal that our system can achieve an average understandable
translation rate of about 81%. By collecting more speech databases, the system also applies speaker-dependent
or speaker-independent HMM to the proposed two-layer approach for more robust speech translation.
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BRE @D WRQ SSAFL TAD BI@ wE @t B & | G
B EiRS C #Y (plant) ) BEET Expand } {ESUMOEES Only SUMO concept
[ ##r (plant) |
#EWY (vascular plant)
HICHEY ( spermatophyte)
Bl i (flowering plant,angiosperm)
B n I (flower)
EFF=E5 Lexicon of 300 Tang Poerns ¢
&4E (chrysanthermum) - 8 Corchid)
F 4P (woody plant)
H (tree [plant] )
EfF=BE5 Lexicon of 300 Tang Poems :
0 Cwillow) - 5TE (red_sandabwood) - #8 ( phoeni_tree) - #8 (Locust_tree) - B8 ( Chinese_chestnut)
[l #F78k (gymnospermous tree ) =
~
il (Plant)
An Organism having cellulose cell walls, growing by synthesis of Substances, generally distinguished by the presence of chlorophyll, and lacking the power of
locomation. L
Ontology
SUMOJ OBJECTS
Superclass(es)
i
b}
I
YORIRY
L F
i i
t 1 v

[f 2. A WordNeti HBRRE UM 22 [zlf: FIEs o

DI LT B P AU — B R FHER (G httpe/fishdb.sinica.edu. tw/) AR T
5% TEISAIRE k] (metadata ) F15T K% > 70T WordNetd 2155 A7 =+ i rﬁ (o i I ~L 1A
ShIE e s 1554 ngl-?\l %‘E‘Z s F,J%%‘,F\Lﬁﬁ[%i JF%E[SJFJHJ‘;EE.F)J °

3. &Y

iﬂ&ﬁm@*&ﬁﬁ@“%r”“‘ipiy~ R~ R T - G AL RS (R
K IR [IRGHIRIT 2 - e °‘$ﬁWW?FWWWﬁim%’®EﬁFF% s
[ESUMO ~ WordNet! | P ST A R TH ERT F BEPORIA o 3 AR ) i

A B o
H ko S PR SESinica BOWS* WordNet1.7. ik & 1 4 RS LI U s S iy /-

288



3 Sinica BOW 5# lﬁWordNetlJ.l’E}'ﬁFﬁ[

%A[‘rﬁﬁf/ Eﬁ ARG E @RI > WordNet s [FEEAAER T 1 &R 1T~ (ST-EHErE| - El 20045 [He ¥
L ,}%ﬁ%]&uﬁ 52.045% - Sinica BOW%—ﬁH 7454 & w-‘té@ﬂ:ﬂa[i 4= :iiq%#ﬂ[l':@" .V % Sinica BOW";‘”P’#?
WordNety V1§ ACEIIS FORMA - %) PR S LR (L - P L 2 s
Freg H#F“”Hfl @%ﬁﬁ% EJ—{ STPNENEE o

3.1 WordNetl.7.1]] B*['WordNetl.6§«j"f%’ﬁl?’ﬁ'_;’)’%|€[

WordNetl.7. {54 472001 \"ﬂJ > WordNet 1.7. lﬂé‘"'ﬁﬁ FIL6AY 4™ 7 ﬁ'[ ﬁli%? 3y }"Fl'* pr
TR Ig\ﬁtw ~ I o B | (L U A R W[P—jgyg‘,%@ﬂ, 1@#?“11@: LT Uﬁj;l?&ﬂﬂﬂ.
SIRERIES - 17,15 4L ORI L B i SHE » 5141 WoraNedi i e 1
cmﬂﬁ"ﬁﬂﬂjff’% »Hr g aﬂﬂ'ﬁlﬂ\ 173 ﬁ?fl'ﬂﬂﬁ Y (Monosemous ) A1 %45# (Polysemous ) [IVEE
SEPEEFI R
L LOpy L7 VISRl e~ py &Gl s pf I s -

2. Py EH@[’%HI B ERAENE Y R sense_key ([r]];y“"]% FIEOS — FEFIE D) Fllsynset_offset

E'[Jﬁl - j??l/ H}{‘—’J’ JHIF ] 1.6tol.7.1.noun.mono '} % 1.6to1.7.1.verb. mono# - ig KIS ERURH{N
3. LOWAILT. VSRR Pl ) 55 R AT ERY ©5025 - WordNetfI[I'| T [FIAVETSE L0 3 2 1 1.6711.7.1

Ayt VIS 2 ﬁﬁﬂﬁf“éﬂﬁﬁx’mf TR e HHEE (ERE (word ) o "Jlﬁq EEYSHt

LIS 5] 1O f W P R S g

EsH FILJ,??%J[ J1.6tol.7.1.noun. poly I'J &1, 6tol 7.1 Verb poly=- ./ - WordNet7 1% ﬁa:‘J'IAEEJJ?f;ZF' 8]

Flfrﬁﬁ%r %5 © sense keysH i » [fJac;m?] FECEE Cterm ) A1 T/ 1] 0 A IREAST F’"“F['(relatlve tree location )

(TR F'*ﬁ”ﬂ) Fbﬁ‘ﬁ ﬁ:t*sz’i (Glosses ) F‘LJ?E*T Pl [NE ﬂ%lfﬁﬁjﬁfﬁgﬂ ST R0

Z100 » S G TR EEY T ES 715\7’{%‘ , fl | T E 905 1004 List = RIpvR A s « E 1> 96%

19 & Ngxrﬁf 190 - 94%ﬁf ieiE: ﬁ%nérﬁ 1H90°w§1?ﬂ'“'**lﬂ [T

Z 1. WordNetffi 1.6711.7. 5 2555 ¢ 72 pomi sy 55 Ber vk 55 RS

1.6to1.7.1.noun.poly 1.6tol.7.1.verb.poly

Ji§ =T 1.6 [fi] &% 7| 1.7.1 [f] #7087 =T 1.6 [fi] & Fl|1.7.1 [f] &
S8 5 B S8 5 B

100 30,072 22,757 22,757 100 12,690 7,905 7,905

90 4,605 3,130 3,143 90 3,167 1,793 1,796

80 412 291 297 30 321 187 189

70 230 190 187 70 149 121 120

60 145 100 103 60 79 48 50

50 19 16 16 50 41 39 39

40 43 38 38 40 47 41 42

30 48 45 44 30 25 24 23

20 135 120 122 20 120 96 102

10 32 29 0 0 46 41 0

LA 35,741 26,560 26,484 AEA 16,685 10,037 9,969

2. WordNethfLffl 165117, VIS HII%: ¢ 702 Bt Tion vl 53 1 i

ST L6 iBFE L |17 15 o
Baaliiiid
1.6to1.7.1.noun.mono 80,163 49,870 49,946
1.6to1.7.1.verb.mono 5,278 3,933 3,936
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WordNet1.6f5% 116,317 #7502 » F {115,904 fi' EEZ]1.7. 15 WordNet - & WordNetl.6FE [~ 7
FfIU413 € FFHZ fjl 6to1.7.1.noun.polyf| IFLSEPERY 25 F17 = f[ £135,7415% > 71 1.6to1.7.1.noun.mono
FISETEfV TR £F00 80,163 [ -

WordNetl.645F 24,169‘;‘15?6]5%1% » EH121,963 " 51217 1/ WordNet - 2 WordNetl.6 A E [~ Tl
12,2068 I - fi1.6tol.7.1.verb.polyflI@%ﬁf‘%ﬁ@ RSeS| ;:“Eﬁ{ré J16,685“1—;=;« » 7 1.6t01.7.1.verb.mono
RSP TR 25,2781 = (WordNet, 2001)

% 3. WordNethfLffl 165117, 145 ¢ % Bt Teion vl 53 1 i

HEEELT.EFER LORER (L6 AR (1L71HZAFE
PR
1.6to1.7.1.noun 116,317 /115,904 65,946 66,039
1.6to1.7.1.verb 24,169 21,963 12,113 12,065
1.6to1.7.1.nountverb |140,486,137,867 77,987 78,041

3.2 - HETEWordNetf i fyWordNet1.7.17 1. 645 EMEFEL

fi%WordNetFE4ﬂ ORI 1% o £ Qe Sinica BOWSRRI[IUR 7 > #5175 w&Jr%TwordNqu@ o g
EIE NN R E*ﬂaz{i}%ﬁ fVL.EP % Hlézﬁg“‘ﬁ J%}”’Wﬁv”ﬁ HPVECE o < PNLT VIR )
T %‘* "‘“ﬂ:ﬁ‘g'bFl ) é‘]ﬁﬁl " I WordNetl 657 ¢ JEJHI PR VT = |T‘$F“11 ’ E’UIF“lj.lﬁ”ngi@’ﬁyﬂ T T
T bR o ig*ifﬁl“'*ﬁ“lﬁ”lﬁw%%ﬁﬁm A YIS
1. WordNet 1.645f| 15}z [JWordNet L.7.145p4 r?ﬂﬁﬂq TR

T Cr e > 8 P AZPELOT VBRSSP FES N A

\i’ordNet LI ETUWOrdNet L7459 T 255 ) ¥R
(1) T FE]#J EIE:'EJF‘?E*HJ FI i WordNet s Zari 5 e Rl v H 2 RLI S TRIZFR IV - S e s
a’“”:’T A SEPES B F BT REER10057 > FISREL TS 4 F P ER J?{r[Ja‘yﬂ BTN IR PR
"@E' PR GRS -
2 # l%t s B 10009 2538k E'[J[ﬁxF7J$LW0rdNet§ﬂ4ﬂﬁlJa:‘J‘rEﬁL*L » HERLT RS T ??n;'%g[l
V5 — FIRCTETE TP ZS M LAY A pupl R FIEHERLT. l’ﬁifllﬁaﬁii%lﬁ'i Ih%E CEIE
BRI LY RS N T A F \ » PR R B AE T-fif

¢ 4. WordNetHffl £ Pt B[ H2 10009 22551 & 7 4 Sk

CFIET AR LOIEIE| L7 R {5 A s E LA A =

et & 5
1.6to1.7.1.noun.poly.70-20 1,064 3 109 1,064 o
1.6to1.7.1.noun.poly.80 412 0 9 412 OI
1.6to1.7.1.noun.poly.90 4,605 0 53 4,605 ol
1.6t01.7.1.verb.poly.70-20 461 7 61 459 2
1.6to1.7.1.verb.poly.80 321 2 8 319 2
1.6to01.7.1.verb.poly.90 3,167 18 48 3,158 9

3. WordNet 1.7.1¥5: ¥ 57
5 ML AR LT 5 F ey Y b5 £ [Jl 7. 1%¢H"FE'3=]L'EF”{E ISR > E P

18,9695 ¥ 51 » ¥ . ;Lg?« PSR T A6 1 7% H 14713,708 1.7 VSO I T - B5OSFRTH
SPCL64S £ 1l %@TE YR FY 0 S MR Y FY L 6’1”§¢ FES T EE R ? EI A,Ef&%;
AEE ST ke fl ORISR o N T BPRREARI > 15 T EFI RIS & 17T [/5

#ﬁﬂzgj“ i (e FyRHRIT) -
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3.3 Ak R RO

BT PN _F e ELJ?*H’*ﬁ BN LTS A PR T R B l@r%%?—&l 6
AN A TS F'Jfﬂwaﬂ;%J/Hlpﬁeaﬂn » e ) TG tmﬂf;’ %F\}‘Ew%jguq%m{v[;%l TH > P st
- lestf‘J%w CERE T EEHEF AR P R “‘Jﬁ TEE VORI SRR Y R ISR B
A RS L e

RS FLFIEN T R ITWordNet L S SRETERL | 17 ST R

%P‘W%WW%HW%WW%ﬁ%§WW%%§WWM6§ﬂ?
R KR & 2TH LB 7 WN1.7.18¢
1.6to1.7.1.noun.mono 459,94 41.3530% 55,922 80,163
1.6to1.7.1.noun.poly.70-0 500 0.4495% 745 620
1.6to1.7.1.noun.poly.80 298 0.2679% 473 412
1.6to1.7.1.noun.poly.90 3,143 2.8259% 4,636 4,604
1.6to1.7.1.noun.poly.100 22,758 20.4616% 27,131 30,072
1.6to1.7.1.verb.mono 3,904 3.5101% 5,847 5,278
1.6tol.7.1.verb.poly.70-0 368 0.3309% 547 461
1.6t01.7.1.verb.poly.80 190 0.1708% 339 321
1.6t01.7.1.verb.poly.90 1,797 1.6157% 2,688 3,167
1.6tol.7.1.verb.poly.100 7,906 7.1082% 9,036 12,691
L7 V00 &g (13,708 12.3248% 17,258
A 85,619 76.9796% 96,378 137,789
% 6. WordNet1.645Sinica BOW AL 7. 5 F|[H [WordNetfi ff BP[EevR] '] 1w #reram? i & fligERT 3
RV E=Sf
4572 |WordNetl.6 WordNet 1.7.1
PIE!
ESEYG 99,642 111,223
BIEERESEY 99,642 85,619
e EY e 0 25,604
[ﬁj%?cﬂ;% A RSB 149,780 128,873
) (] PO R 1.5032 1.15587
[l 3 50 B PO S 17,401 195,817
5 [ S S Y S 1.7463 1.7606
IS (Y SR R 0.8608 0.6581
Fl B YR 109,982 96,378
IESLERE G e 122,864 140,488

{5 WordNet R O S Y 0 EVRIFEL - 1) 01,7, Y ragtan ¥ s (e 5.7
TR bk SRR 65T > BT #125, 604 SIS ) F F

i

FITE Taﬂ Pty R AR R

3w

I

([ FI RS = B " ol e 7 RSN A RS 2 A SR B P25 P T okl WordNet1L.6411.7.1 45

T SEEPY R TR RS 5 5 o FORLES P L O AL T A 4 pUs Rl £ BT VRS- PP

L F ey E'LJ{F IS & =S PR Fr’ﬁ B [FEEFTE lPﬁi‘%lF eV

2. SRR - 5 FEHEEIOTOR - IATEELEN TS wmﬂﬂéwﬂﬁﬂ  SEATVRIE) 15,942
i‘f{ﬂjﬂﬁ ) |]ﬁ[é]*§qll e VR[V62.2637% > AT L.OY 4 1u33 791*@;;*1% °

3. f%w@wFﬂ~H%“*w{ﬂwv~ﬁ¢?wﬁiwﬁ b il € Ol LRI » $929,645 3T
ifg_l{ﬂ ) méﬁaéﬂl B YRIY37.6699% - MRS 1.645 4 1948, 1215?{Hjﬂﬂ% o
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SIS ERAORER » 12T 17V SRR L FIYAE T AT G R
SIS | 8P AT S SRR e A
ST AIITS BRI ¢ AURRES ~ AR AT C R LT R LGSR L -
T % 2 AL B2 gl ﬂﬁéwﬁ@*Bﬁ*@%%%¢ﬁWﬁ%Wmﬂﬂéﬁﬁaﬂ%§
PR+ 6125 P12 51§40 ) WordNelo e oy L

4 Sinica BOW 5 lﬁWordNetlJ.li@ﬁﬁEﬁJﬂJﬁ:

Sinica BOW[~==WordNetl.7. 15 Ffts RIEFH AR B YRR YT WordNet 1645 offset {1
J/%&[Hlﬁﬁt iﬁu_,ﬁ)f—ﬁ%“ﬁj - Tl 11 j 5t f'}ﬁi (5 =20 A}-’;qﬁ_ﬁ 1S5l b%’;qﬁ_%ﬂ-ﬂjﬁjﬁ °
L 5

%“Fplhw#wwﬁﬁ1~,u’ R S TR 157051 T S
AR #”?W%H@ﬁﬂ“'ﬂ“$%§¢*1<ﬁ i VA ) - %ﬁﬂ
Rt R J?&’I’?‘ H, UL T‘j;zf/}{"gf[[sf,ﬂﬁ/m’rnzjﬂjﬁjfy s PR E s F[j)—')’TEJ%FU
2. A ERETE

5([5"?-?1?§Flli'_[ S B cﬂff[{n’ﬁ¢F I & S TR ] F?fi” LB (Y
FITEEEERD) E"J%TT?’ }%D«t}ﬁ 1O A %ﬁ“‘%ﬁ?ﬁ“l T85> [l T RO TR R F
e R o [FlR ?Ig\ln T LA IR & FrA I B LT 45 4 (L WfJﬂﬂwaPyﬁ* (e [ril 5 & =
ﬁ%ﬂ’%‘&ﬁﬁ %¢wwwiam,¢wawwk I S e
3. A5 EE

&WmmaMWTH%¢WT@W%@WHﬂWw@HﬁM%ﬂ%ﬁi?ﬁ RS (5
sy E3 7 SR [“IF“E, Rt 1aﬂ£'ﬁlj[aﬂ§sf¥§*ﬁ IFilFRy 'iFEy/aﬂf»?J‘F LA Pl &J}wﬂ 1ﬁ
SHET H'?;]‘l ‘F[&f_lﬁé&?gdllﬁljﬁifFi_j | IR o | E| AR RIfY ri#ﬂﬁ FIE@JH&T@[ faz s, 3
1R AR AR R S AT #EJ Sox ’FE'tT’EF' J_’—JﬁuH' %?E;JD 6/ fiucomputer [Hf ‘EH F'%‘éﬁ‘
%w%@ﬁ}Mﬁ”@%ﬂﬂﬂﬂ+$%%¢nﬂwf?ﬁ”‘%ﬁ%”vﬁﬂﬁﬁm‘QWH
p 3 A F@qp ] b“ ﬁ;&: o ERREEE RN g Hs;(_ﬂl

D1l Outolegivul Wosdauel (BOW) E5=5— FIesol=N=581 The Outolony — bivaowerl L

[}‘%‘]' 3. Sinica BOWAS % 5P 1/ fjfﬁ:
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5 ;R [F‘arl?f

Sinica BOW!I"|WordNet£L EL#E 73 B £ Ha Sk E’?Eﬁ?ﬁ@ﬁ?ﬂ,\" = HE T I s ﬁj )
TG IR 5 TSR R A ﬁ*,ﬁ%”%mé&ﬁ CHIFS AR lIRh! |2 Bl puayt - Ben*’ =4 1
o e P A FSUMO ﬁf Tjﬁiﬁ&«ﬂf%ﬂg ™' WordNetl. 6’!}"§Offset""?3]f~1ﬁlﬂ @wﬂff Bl L
I@f'ﬁf‘iﬂ%?lf’ﬁg‘ﬁ'ﬁ@ﬂi Bie D0 SR S’T} fT TR B TR TR~ R A Lf'%wgﬁ]@
J ,‘1 Sl H?}f’Fﬁ‘gz %Fuo
%TPF oGt A WordNetf (H IV L.OASFILT. S HIGAA 2R £ ~ FhafEPE J‘ | K F{H [ ZF E 7 Sinica
BOW{|1WordNet1.6f5[15 & KIF EL » §]2h2% 7 Sinica BOWZ*WordNetl.7. VSivi & - 0 g 5454 % "ﬁq&,
EE R MR R SRR e e e A oy S Reg R A DIFIES I Sk (Sl H I.ﬁfﬂv ;jﬂ‘&ﬁfﬂ[;
O PSSO o 32T R (T2 WordNet2. O £ 2221 1935 4 ISl Aot -
Ffeo BET Wffrs;ﬂ‘%%ﬁ@Eg[ﬁWordNetﬂ PUS0E (R DS £ pUYFY s S AR S - T
TRERIE Fi ] mﬁﬂ EWLE']J A WA H PR SRR A 117,[‘{%#.;3«,@4%5&;%*@,5@
%;‘I ﬁ,tl ’ ]L':E'IJF% F’[pgﬁn %%%Lml%
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(NTCIR-4 Test Collections, 2004)" ~ # < :Z#l & Hu H#Maetal, 2002)% % o &= FAFATH > 270
72 B ?-ﬁft‘l 1Y ‘p/‘zln\’ﬁ'lﬁ CF\H:' ,i/I .__—1: Fﬁ-—z ) #BI’L}'" gfrﬁ_r\_—-kﬁ_ °
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KGFZarahd Rokg o d ATR ~ BFFRNF I L LR WA 1s\m?;\’ﬂ‘#%(NP;nounphrase)<= ™

FrRE e ¢ F e BHR(template) 0 TR A AP ARG AT L A B0 AP E£2004/6/30502 P AT
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(L HA7H3R) P AFAR ] A M- W1 200 477 ...
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TZ RIRTR Ard i % ”f Ageenid 2ot o LG B B ehe R L G o e L
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TreeBank) ¥ BLET| (%% 2= R SH DR 3F R g 4ol 8 (1)~ (52)3 BEF PR P 23F i
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The Construction of a Chinese Named Entity Tagged Corpus. CNEC1.0

Cheng-Wei Shih, Tzong-Han Tsai, Shih-Hung Wu,
Chiu-Chen Hsieh, and Wen-Lian Hsu

Institute of Information Science, Academia Sinica
{dapi , t ht sai , shwu, gl adys, hsu} @i s. si ni ca. edu. tw

Abstract. In order to build an automatic named entity recognition (NER) system for machine
learning, a large tagged corpus is necessary. This paper describes the manual construction of a
Chinese named entity tagged corpus (CNEC 1.0) that can be used to improve NER performance.
In this project, we define five named entity tags. PER (person name), LOC (location name), ORG
(organization name), LAO (location as organization), and OAL (organization as location) for
named entity categories. In addition, we propose a specia tag, DIFF (Difficulty), to annotate
ambiguous cases during corpus construction. A, corpus-annotating procedure, a tagging tool, and
an origina corpus are also introduced. Finaly, we demonstrate a part of our manual-tagged
COrpus.

1 Introduction

Named entity recognition (NER), which includes the identification and classification of certain proper
nouns in a text, is an important task in information extraction. It is useful in many natural language processing
systems for document indexing and managing data with named entities [Tsai et. a 2004]. Since numerous new
proper nouns are generated every day, it is not enough for an IR system to index names from Internet documents
or refer to gazettes. Therefore, NER has become an important method for information processing in recent
years.

Machine learning (ML) is one of the most popular methods in NER, due to its easy maintenance and
portability [Tsai et. a 2004]. Typical machine learning approaches applied in NER include the Hidden Markov
Model (HMM) [Bikel et. al 1997], Support Vector Machine (SVM) [Asahara 2003], and Maximum Entropy
(ME) [Borthwick 1998]. No matter which approach is used, a tagged hamed entity corpus with clear annotating
criteria is needed in the training phase of building an NER system. However, constructing such a corpus is a
labor-intensive task, so few researchers have focused on it. The Automatic Content Extraction program (ACE)
executed by the Linguistic Data Consortium (LDC) [Http://wave.ldc.upenn.edu/] annotates seven common
entities in English, simplified Chinese, and Arabic. Meanwhile, the IREX (Information Retrieval and Extraction
Exercise) [Http://nlp.cs.nyu.edu/irex/] defines 8 kinds of named entities (NE) in Japanese [Sekine and Isahara
2000], and the shared task in CoNLL 2002 and 2003 [Erik 2002] [Erik et. 2002] develops the NER system using
four types of NE in English, German, Dutch, and Spanish. However, as none of these methods focus on
traditional Chinese, there is an urgent need for a traditional Chinese NE corpus and NE annotating standards to
support an automatic Chinese NER system like Mencius [ Tsai et. al 2004].

The categories of named entities defined by Message Understanding Conferences (MUC) are the names of
persons, organizations, locations, temporal expressions and number expressions [Grishman and Sundheim
1996]. Since temporal and number expressions, such as “the past year” and “40 percent”, are generally used as
adjectives to describe other entities, we disregard them and focus on the annotation of person names,
organization names, and location names as NEs. We separate organizations and locations into four
non-overlapping categories to accommodate common Chinese usage. We also propose a temporary tag,
“Difficulty”, to represent named entities that are ambiguous.

The remainder of this paper is organized as follows. Section 2 discusses the main issues of labeling named
entities. Section 3 introduces all the NE categories used in  CNEC1.0. Section 4 describes our annotation
procedure and environment. Finaly, in Section 5, we present our conclusion and the direction of future research.
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2 Named entities annotation issues

The applications of a corpus determine the kinds of entities to be tagged. In our project, the NER system
should support information extraction, question answering, and information retrieval of new documents. The
following three issues should be considered before tagging Chinese named entities.

2.1  Proper nouns

We think named entities should be proper nouns. Therefore, each named entity should denote a unique
object, so words without uniqueness should not be annotated. For example, in the sentence “
/He parked his car in the parking lot.”, we cannot be sure which parking lot he parked in. Therefore, the term
“ /parking lot” will not be labeled

2.2 Inner feature and Outer feature

Generally, a named entity can be determined in three ways: viewing its literal meaning, checking the
context, and semantic understanding as shown in the following example:

“ / Mayor of Taipei City, MaYing-Jeou” D
“ [Taipei Main Station is crowded.” ()]
/I heard that Y uan-Dong has moved out.” 3

Obviously, we can easily determine that the term “ / MaYing-jeou” in Sentence (1) is a person name
according to the position of the title “ / Mayor of Taipei City”. “ [Taipei Main Station” in
sentence (2) can be identified as a location name because of the term “ /Station”. However, sometimes we
cannot identify or judge aword as a proper noun by its literal meaning. For example, in Sentence (3), we do not
know if the term * / Yuan-Dong” represents a person or a company. These kinds of inaccuracies are due to
abbreviations or borrowings. For this reason, two types of feature are used to classify the recognition modes of
named entities the inner feature and the outer feature. In the above examples, sentence (1) is the outer feature
type, while sentence (2) can be classified by its inner features. In our work, we do not limit the types of features
annotators apply during tagging, but if a named entity cannot be identified by both inner and outer features, asin
sentence (3), we ask annotators not to mark it. This eliminates confusing terms and keeps the corpus as clear as
possible

2.3 Maximum and minimum semantic unit matching

Named entities are occasionally nested or appear next to one another in a text. In some cases we can
combine them to form a larger entity because they may describe the same object. Therefore, determining the
boundary of named entities is an important issue. We have found that different named entities have a
corresponding annotation policy, which can be classified as maximum and minimum semantic unit matching.
Minimum semantic unit matching is recommended for named entities such as person names and location names
because these entities singly represent a unique item. For example, the sentence “ /Ban-Qiao City,
Taipei County” is tagged as two place names because “ [Taipei County” and “ /Ban-Qiao City”
both denote specific independent entities. On the other hand, named entities such as organizations should apply
the maximum unit policy. The term *“ /Department of Environmental Protection, Taipei City
Government” cannot be separated into “ [Taipei City” and “ /Department of Environmental
Protection” for retaining the original meaning.

3 Named entity categories
We propose five target named entity categories for annotating the "unique identifiers* of entities, including

organizations, persons and locations, as well as one function tag. These are shown in Table 1 and explained in
the following sub-sections. For practical purposes, we began our experiment with these NE tags.
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Table 1. Tag set of the NE corpus

DIFF Difficult problem

PER Person name

LOC L ocation name

ORG Organization name

LAO L ocation as Organization
OAL Organization as L ocation

3.1 Difficult problem - DIFF

Diff (Difficult problem) is designed to identify problems such as nested, ambiguous, or poorly defined NEs.
It addresses controversial itemsin Chinese named entity identification.

In our opinion, DIFF is essential for identifying ambiguous cases. Named entities that are difficult to
classify are isolated from others for data cleansing to ensure that the content of the corpusis clear. DIFF entities
will become the future expansion direction of our NER processing domain.

3.2 Person name- PER

Traditionally, the structure of Chinese person names follows the principle that the surname (one or two
characters) is placed before the person’s chosen names (one or two characters). In our research, the annotation
of person names follows this principle. But some entities with “person” meaning as Diff tag such as nicknames,
incomplete Chinese person names, foreigners names and pronouns, are marked as Diff. These exceptions are
discussed below.

3.2.1 Nicknames

Nicknames are not only given to people, but are sometimes given to pets or even objects like toys and
vehicles. Because of their uniqueness, we mark nicknames as DIFF within a context, as the following example
shows.

[ <DIFF>] [ <DIFF>]
[xiao-bing<DIFF>] loves his daughter [yang-yang<DIFF>]

3.2.2 Incomplete Chinese person names

Following the full name principle, an incomplete Chinese person name indicates that the surname or chosen
name may be omitted. For instance, “ Shin, Cheng-Wei” is a full person name, but we sometimes only use the
chosen name “ Cheng-Wei” to address the person. Another example of an incomplete person name is a surname
that follows atitle or an appellation such as* (Mr. Lee)". Both of these cases are tagged as DIFF.

[ <DIFF>]

[President Chen<DIFF>] went to Hokaido for sightseeing this morning.

3.23 Foreigners names

Chinese NER has difficulty dealing with foreigners' names because of the following name constructions:
direct trandation, Japanese person names, and Korean person names. First, direct trandation cannot normally
meet the principle of Chinese person names. For example, the Chinese translation of “Mel Gibson” is “

(Mei-er-ji-bo-xun)”, which obviously doesn’'t meet the naming rule. Second, Japanese mostly uses Chinese
characters for person names, but, there isn't a surname or composite first name as in Chinese person names. For
example, in “ (Japanese prime minister)[ ](dunichiro Koizumi)”, Koizumi is his surname
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and Junichiro is his first name. These names don’t match the Chinese person naming principle. Finally, we treat
Korean person names as PER because most of them match the Chinese naming rules, eg. “
/Lee-Ying-Ai”.

As most foreigners’ names may cause confusion in Chinese NER, we use DIFF tag as atemporary solution
in CNEC 1.0 to solve the problem.

[ <DIFF>]
[Mel Gibson<DIFF>] has achieved both fame and wealth by directing the movie “The Passion of the Christ.”

3.24 Pronouns

Some NER researchers claim their systems can handle pronouns as named entities for person names.
However, because of the “uniqueness’ of NEs, pronouns are beyond our scope and we do not annotate them as
NE tags.

3.3 Location names- LOC

Basically, a location name pinpoints a place’s geographical position on an accurate map or in other
reference material. Proper names like “Hyde Park”, “New York Art Theater” or “Berlin Wall” are suitable for
NER, but terms like “a park”, “atheater”, or “awall” are not. So the main purpose in tagging location namesis
to recognize an existent location in geographic.

A location name included in another compound word such as “ " (Spanish seafood rice) is an
issue in NE annotation. In Chinese, aterm’s noun and adjective forms are the same, In this case, “ Spanish” and
“Spain” are trandated as the same Chinese word( ). Therefore, we suggest a syntactic frame: insert  “de

" between a possible location name and the other words closeto (A de( ) B) to solve such cases.
Chinese Word 1:
In English: Spanish seafood rice
[A deB]inChinese | ||l ]
In English: [Seafood Rice] [of] [Spain]

Maximum and minimum semantic unit selection (section 2.3) is regarded as a Chinese segmentation
problem. For example, in the phrase “ (United States) (Texas) (Austin)”, there are no spaces
between the words in written Chinese. Location follows minimum semantic unit matching to tag the example as
[ (United Sate)<LOC>] | (Texas)<LOC>] [ (Austin)<LOC>]. In addition to the basic tagging

rule, several location types have to be labeled

3.3.1 Roads, sections, and addr esses

Address’ location information should be marked from country name, state, city, road (Boulevard, avenue,
street, etc.,) to section. Other information in an address is excluded.

[ <LOC>] 100
[Zhong-Xiao East Road, Section 4<LOC>], No. 100

Sometimes a road section can be described in a city-section or area-section. In this case the road name and
its description should be tagged separately.

[ <LOC>][ <LOC>]
[Xi-Bin Express Way<LOC>] [Jia-Yi<LOC>] Section
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3.3.2 Location abbreviations

L ocation abbreviations are terms composed of two or more place names in asingle entity. The other type of
location abbreviation is multi-name expression containing conjoined modifiers. For instance,  (Taichung)

(Changhua) (Nantou) (area) is a common way to describe the location of three neighboring cities in
Taiwan. We suggest that such cases should be tagged as DIFF.

[ <DIFF>]
[Tao-Chu-Miao<DIFF>] areait has been raining torrentially for a couple of days.

# Tao-Taoyuan; Chu: Hsihchu; Miao: Miaoli

3.3.3 World place names

World place names can be divided into two sets: locations written in a foreign language and trandated
location names (written in Chinese). A trandated name such as “ /New York” can be considered as a

location name in CNEC 1.0. But an original name, like Tokyo, should be tagged as DIFF. The following two
sentences demonstrate the criteria we set.

[ (Missouri State)<L OC>] [ (St. Louis City)<LOC>]
[Missouri<DIFF>] [St. Louis City<DIFF>].
#{St. Louis City<LOC>] in [Missouri State<L. OC>]

3.4 Organization names- ORG

In general, organizations include companies, government bodies, institutes, and other organized groups. We
define an organization as having the ability to execute plans and projects. The tagging of ORG has to apply
maximum semantic unit matching. A typical caseis shown below.

[ (Yulon Motor Sanyi plant)<ORG>]
The maximum semantic unit is used because this entity cannot be separated into  “ (Yulon
Motor)” and *“ (Sanyi plant)”. “Sanyi plant” cannot be tagged as a LOCATION according to the

uniqueness characteristic of an NE. Like location names, some ambiguity may occur in the following cases.

34.1 Organization abbreviations

Organization abbreviation tagging follows the rules for location abbreviations described in Subsection
3.3.2. For example,

[ (Guo-Qin-Xin)<DIFF>] [ (BNHI)<ORG>]
Guo-Qin-Xin councillors went to the Bureau of National Health Insurance this afternoon.
# Guo: Kuomintang; Qin: People First Party; Xin: New Party

3.4.2 Foreign organization names

Asin Section 3.3.3, an origina organization name is regarded as DIFF in CNEC 1.0, but a translated name
istagged as alocation name.

[ <ORG>] [ <ORG>]
The secret of [HP<ORG>] and [Microsoft<ORG>]
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3.4.3 Groups, bands, crowds, and teams

Through the tagging process, we have found that most Chinese people have a problem tagging similar
concepts like groups, bands, crowds and teams as organizations. Hence, we give a definition of an organization
to help annotators determine if a term is an ORG. “An organization has five fundamental parts: a founder,
capital, structure (departments, section, class, etc.,), a hierarchy (chief, director, dean) and employees.”
According to this definition, we do not mark aterm as an organization if it doesn’'t have an organized structure.

35 LAOand OAL

Location as Organization (LAO) and Organization as Location (OAL) are proposed for semantically
meaningful NE in Chinese NEC. In some cases, “location” represents an organization-like role to make
decisions or to perform some duties. Compare the following two examples from the China Times news corpus:

1] <ORG>] [ <OAL>] ”

[Taipei municipa government<ORG>] agreed to the protest in front of the [presidential plaza<LOC>].
2. <ORG>]

[Presidential Office <LAO>] announced “one China, one Taiwan policy”.

The above examples show that the term (presidential plaza / presidential office)” has a double
meaning in Chinese: location and organization. The first term “ " is obvioudy a place name, but, the
second “ " is an organization. This use of the same term to indicate a place name and an organization
name, we call it “borrowing”, is common in Chinese. Sometimes we cannot sure if a location entity is a real
location name or just a borrowing. In order to avoid confusion, we separate the LAO tag and OAL tag in
location and organi zation names.

Differentiating between a borrowing and a true NE depends on an entity’s category., By deciding which
category an entity belongs to in common usage, we can tell whether it is a borrowing, or not. For example, a
country’s name can refer to its geographical position, but it may also be used as an organization name, asin: “

/China warned the United States yesterday to stop selling advanced arms to
Taiwan.” Obvioudly, in this case we can tell the country names are borrowings and should be annotated as LAO
asfollows:

[ <LAO>] [ <LAO>] [ <LAO>]
[China<LAO>] warned the [United States<L AO>] yesterday to stop selling advanced arms to
[Tawan<LAO>]
OAL can beidentified in the same way:
[ <OAL>]

This bus goes by [the Executive Y uan<OAL>]

4 Manual Annotating Process

The most famous corpus in Chinese NER is MET-2 made by MUC [Chinchor, 1998]. However, it only
contains single domain data and is not large enough for building a machine-learning-based NER system [Tsai et.
al 2004]. We, therefore, collected over a million sentences without any annotations from the online United Daily
News (UDN) and China Times for the period December 2002 to December 2003 as raw data. The sentences
extracted from raw data recorded in XML format shown in Figure 1.
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We chose high school students as annotators and gave them basic training before they performed the

<Sentence 1d="id383442" text="F\ETB&iNE">
=TagGEroup type="NameTagqging" /=
zLog type="human-tagqging" duration="0" />

</Sentencex

=Sentence id="id180560" text="th (LI HFE - FEEE"-
=Tag&aroup type="NameTagqging" /=
zLog type="human-taqgqging" duration="0" />

</Sentences

<5entence d="id1122061" texi="EFRHFNEZBERSHEEMTHIES">
<Tagsroup type="NameTagqging" /=
=Log type="human-tagging" duration="0" />

</Sentences

<Sentence d="id103554" text="EEHE I NEEE LN AER">
<TagGroup type="NameTagqging" />
<Log type="human-tagging" duration="0" /=

“<fSentences

Fig. 1. Original corpus

annotations. The training process was:

1.

Each group was given the same sentence set containing 21,000 randomly extracted sentences; 13,208 from
the UDN and 8,892 from the China Times. Table 2 shows the distribution of sentences. Participants were asked
to finish the tagging task with the tagging tool program in two weeks. Figure 3 shows a tagged XML file in
which the annotations are marked. Tagging results were then collected from each group and checked for

All the students attended courses about the project, including an introduction to named entity

recognition, segmentation, and parts-of-speech tagging.
Students took a qualifying test to select participants for the tagging task.

Participants had to acquaint themselves with the annotating criteria we suggest ed and the operation of
the tagging tool program. (Figure 2 shows the interface of the tagging tool.) The participants were then

divided into three groups.

consistency.

[ [rhwi l-T-I- Orwerw | Fulirters |
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y | L
X § | ok
AT I ||
= % | Lar
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3
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Bewei | I
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netmib | aw B [=]
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Fig. 2. Tagging tool
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Table 2. Raw sentences count for each domain

638 1362
226 1019
143 848
883 1662
791 2305
2987 608
318 2303
672 519
868 598
647 1332
719 652

- <Sentence 1d="id558272" text="EApiYE. k"=
<TagGroup type="MameTaqgqging" /=
zLog type="human-tagging" duration="0" />
</Sentencex>
- <Sentence id="id632135" text="ASWEX LFE—FHFiTHEKE" -
- =TagiEroup type="NameTagging'>
<5impleTag (d="id11-1" len="3" pos=="0" names="1" /=
<SimpleTag 1d="id11-2" len="3" pos="12" name="4" />
</TagGroup=
<Log type="human-tagging" duration="0" /=
</Sentences
- <Sentence 1d="idB9601" text="HFERIMHEEHH"-
<TagGroup type="NMameTaqgqing" /=
<Log type="human-tagging" duration="0" /=
</Sentences

Fig. 3. Tagged corpus. The marked area shows the annotations the participants made: “pos’ means the named
entity’ s starting location in the sentence and “len” is the length of the NE. The label “name” indicates what kind

of NE theword is.

5 Conclusion and Future work

In this paper we describe the construction of a tagged corpus for Chinese NER. We define the criteria of
Chinese NE tagging, and design a standard tagging procedure for NE corpus annotation. We also demonstrate
an annotator training procedure and the statistics of the corpus. The resulting corpus, CNEC 1.0, can be used to
improve the performance of Mencius, our Chinese NER system. We do not use some ambiguous entities,
labeled as DIFF, that involve issues such as abbreviations, cross-language loanwords and borrowings for
training the NER model. As these entities need to be re-classified, advanced annotation will be executed in the
next version of CNEC.
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FABHERAREIEOEE > HREPIEFRF SRR E o
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FFehg AR 0 RIS BARR kieH o
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P(X|4)<threshold, — reject 4)
Otherwise  — accept

B, RAAPEPTRRIT A X 05 &4 threshold, & 2t f & A AT TR B o

3. BERTRERIERE B

1?%&&3’3&&:##]
o A R e aw ENEgenpFHE R ‘ufipzﬂ“ FER BN E A L R
[4][12]’5 H =) uea‘ % (Phoneme )~ g+ (Diphone)~ X 4 & (Demi-Syllable) ~ 4 &-(Syllable) ~
* Z_& B «H =~ (Non- UnlformUnlt)iﬂi i‘v’ v »%zr’%e;:ﬁ“'lfa{%’%iﬁ‘;’ LEXHA FRE- B
PoFER > FISERNE S HE AN > e 70 AL hggp o Tt g KA G - Wik
#H ol 0 TRERE AmPE AL & £ ﬂ%@ 3;%’“4— ¥ A :"Iim’ﬂ*—&—a‘ LS Y
Eord Pacne s R B B Gana B o blde
ﬂ B 4 B P g R %
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R HP FF IR PEY Rt o bl Tt %, T HEM a2 FRIEF TS
¥ o e s o "%J&%ﬂ‘-%"ﬁﬂﬁﬁr‘"’&ﬂ’*ﬁ*@ﬁ}i Rk oo Tt ‘\TFH%*’ - ERFOVHH AL BIE
AR g BREE - F- o BRSO R g —E%Ft—k’?ifr@ AR ARy
Wehg A H Ao d Ao FAL%H 3 & (syllable) 2 & =% (word)» £ #-% B e &
FEPREGF L - HEESEE S 4R 3T o

Flp s Ay *ﬂ%{,ﬁmtﬂ. ,;Jg_zibmpbf/}.iu 72?1}‘7%] p;.]xgt%i_p thie &3 N e
ﬁwﬁxmﬁaﬁéo;_,% %?Fm% g\f,g&pﬁp L E Ry BT E o ﬁ%ﬂ@

B d=p -8 Ul A S R e S A EEF R ARG -
Bl ki
A). b- B R R R S 1 (44.3ms)
Toop FEE-HER (65.3ms)
B HF P R RAT AT ARk o PR A BPaE LT e
(B). = : ERER R RIS 3 Ll (39.1ms)

Ao FE FARKARB AL > 542 Y ¥ 5 (28ms)
EBEe|F P T leviszﬂﬁ*ﬁ ,¢a*rﬂ%WFA-¢zkwﬁ“% Wipien B2 277
BI-BBIATHERHE APGE VAP aRE R R o (probabilistic syntactic parser)
B 2 g A - B AR ,m---pti ¢1‘H%TJ i - BRAEE AADI - B oA E- B
PR R AT - AV R PR o B 49T o BRaniEE G T BEIEE L)V H x,ﬁ;x i
FORFEE S2) AR PENGFLEHEIE A ) TREFL S BRE AR IRELA
ER

ﬁ%ﬁ“&%ﬁiﬁ@ﬂﬁi%&A T;F#mﬁ“‘ﬁ
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B HE B BT BE # EE KA v \ o :
g mwm
|
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U 'j*__x; A= ==

BAKE £ BTWES EEBEA _

W3 <A P E AR W40 e ol

32 ¢ e Al

FLOAPTE- BFAITERAILY 2 2 o T2 2 HESFELERSH AT I
FeERE (PCFG, Probabilistic Context Free Grammar ) & $f+¢ = ¢1i {7 3[47[5] o #73} o 5 3¢ &
S 9% %4 (CFG, Context Free Grammar) #72 & % » v/ 5 bk 5355 03 > {7 49
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. %1‘# CFG SRR 0 R RS e B L R AR T T 0 RF LA A
B SN2 B AE 0 B rRRY EAS S T ARl ER N FRAOLERP N FL T
- B G Ak PN B AL - B R AEIIW,  =w,w, W RS E

P(S =W, | Gj ()

—;ﬂ» 4 %’ij%‘ T ?_:_ Fﬁ,’g. LM "3’1‘ %{t > mg‘ %;u*EIJ%\ T HTF 17"'4 m&én{;,_ ° {-;Eﬁﬁ lE' {F‘ Ly
J;a@;émf“mu Ead o FERR AR LAY PRERY B ERE o BRF - R L
A-a .'Jt“*ﬁ.ﬂ'lﬁ?ﬁﬁf%‘ N SE S

P(A>a,16)=[C(A>a,)]/| Y] .C(A>a)] (6)

He s C(.) NE I E ERP N mE T q .'rf””'“r’ﬁ oo E\"”'“r’ﬁ d AFTA A ke
PlBdce AT 7 4% ¢ R B B0t 2k o Tree-Bank < 2 2R 17 2 Ap 4t s 5 5 PCFG ke eh
RASHEA] > $FB3R 0 (¥ 5 AFT Y P eh2 4R o DL_LL 5\ pe %{/\ Chomsky Normal Form » P =1-8_f§ i+ 3
P PCFG ﬁ_ CREE R GE R TR ) Fiat S Bk F B2ERAE A LA B2 «*Iam,..ﬁb
N, >N+ N, &2 - . f*ﬂiﬁ (terminal term) N, »>w, * * —,2!”"1"4]5 ok d o 1

>, P(N 5NN [G)+ Y P(N, > [G) =1 o

PR E Y A RRIG oM 5 AU RN, B A - B PR AW, —w,w,ow, RS B S

P(N{):WlWZ"IWT |GJZZ(P(Ni:Wm,n |Gj (N :>W1m—1NWn+1‘T |ij (8)

7 (8)¢ > p(N_:;W lGj gLz 5 p 3R S (Inside Probability ) » % 4 ch 8 - i 23 =00 N AL

FRAIW, =wew, B E S AP RSEFELT S B (mn|G) #3245 Chomsky Normal Form =%

mn

TR - BEREM AT N A A BRI e s > ke hBE AT 2

* n-1 * *
P(Ni:WmMGJ (mn|G) =ZZ (Ni—>Nij|G)P(Nj:>Wm‘d|GjP(Nk:>WMn|Gj @)
jk d=m

-3 3 P(N, NN, 16),(md[G) A, (d+1nC)

j.k d=m

W, W, W, W, Woa --- W, FrmanM ]F%—dedﬂ Iﬁl{— w ---
5 52 ot 4 4B LEEE S

dN AR R R A RS G o B0 Bk B - +s=ﬁf’ FEENCE D E 53
ST A Pl S HRT A ¢ 0 PE 8 Mk B P (T o T A

£, (mn|G)= P(Ni =W, |Gj: rqax(P(Ni — N;N, |G)XP(NJ =W, , |GJP(NK =W, |ij 10)
m<d<n

- max (p(N - NN |G)/§’j(m,d|G)/}k(d+1,n|G))

d
(87 mp(N =W, NW, |G) » AP AE S oh 288 % (Outside Probability ) » 8 % e 8 d Az 4

T’*%{'N ;}-’i:"];;g‘}lj lm l_Wl'“Wm—ll';E"WnﬂT W W 2 ﬁipﬁ';ljé % N‘N I e ke de o
fﬁﬁ&:}'%\’ﬁé‘aj(m an)°E”§?E"E—.3{»‘,%I§N 'V—"‘b l"'*"i—-%ﬂ ?‘,%IEN:}LH_%- LR P oS IE 5
oo Flpt o MU B SN T AL DRR| B R TR AR S e
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P(NO =W, NW, g |GJ =a;(m,n|G)

Ty

n+l

* (11)
P Ni—>Nij|G)><P(N =W, N, d+lT|G) (NK:WMO,D

d

el
+mzl(P(Ni — NN, [G)x P(Nk :*>Wd,m_1jP(NO:;WLd_leWMH |ij

(

(P(

=

d=1

Ty

P(N, > N;N,|G)e;,(m,d[G) A (n+1d|G))

=

n+l
m

=
T
R

+

P(N, > NN, [G) 4, (d,m-1|G)e (d,n|G))

d

I
-

otk f AP0 2 & KRB F 4 7t gk, —Lﬁ‘, FIp A N (1) H 5

a, (m,n|G): P(N W N WL |Gj

(12)

nmgi(Tq(P(Ni%NijlG) &,(md|G) A, (n+1d|G)),

= rTlEi)(
]

max (P(N, - N,N; |G) 4 (d.m-1]G)&,(d.n|G))
U AT HY A FRE R E AP A AEY G ELAE AT L&A LFA A
A aﬁﬁﬁ‘% T 0 B RATR A S E A LL_EE AL F ALY 0 A A LA R o F|p s AP T
Rl = i ST N AR A W, = w w2 A (B S E ) Wk RS 7]

JLANE A LA i i) P(Nijwm,n'Vij » Yo Bl AT o

*

P N.:>Wm,n,W|GJ=yi(m,n,W|G)

(13)
n- (m,d,w|G d+1,n|G)d(m,d, W
- P(Ni—>Nij|G)le 7, (md.WIG)f, (d + n|~ )o(m.d. W) i
ik i +B;(m,d|G)y, (d+1n,W|G)s(d+1,n,W)
1 if wisasubstring of W, ,
&(m,n,w)= i ' (14)
0, otherwise
ik, d AP R Z R KRB BRSBTS 0 Fl AR TR G
;?i(m,n,W|G):P(Nigxwmvn,leJ
(15)

_max

m<d<n

P(N, > NN, [G)7, (m,d,w|G) 3, (d+1”|G)5( 4, ),
P(N, > NN, |G) 3, (m.d|G)7, (d +

4. % B BREREFEES £
4.1 2k BipEER

b SR PROE AT P aF LS vgjaﬂam%\mvw%p“ww—izﬂi
-é-a‘#&wﬁm1 2o LR UR S v Bt A L AR A Hd TS H AR R E

2
e

4
PRy aesy HHf L E JE o
4.1.1

vk Sibe £ 1

d3ERBaIF oud - 2t pﬁﬁfiz{w v - PR g d DB BARR ~ﬁ§q\ €7 % 1}1— =
#L (sparse data) B 4% o rﬂtL PR fRAERNA X2 RNE A AT o 3 A Ok (R T
AR TRk EY v L ‘H‘(VECtOI’ Space Model ) 77 & o gt e ARG w Rt i o
#irg e g‘%%}?'ﬁ#ﬁ's\ P e oG A- BRER G RxQH? ,‘é.pfﬁf‘ﬁuwf_q) ot' PRt

=
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% 5B PCFG #3IG » =

FAPBE QR AFEHREY O3 il

¢1,1 ¢1,2 ¢1,Q
(DRXQ — ¢21 ¢22 ¢2§,Q (16)
¢R,1 ¢R,2 ¢RQ
FHAE Ak NAFRCERD AN QRIS P RPE R T ALY TRy PR
EAeT
¢,,q=(1—g) (Rule r:N; — NN, ,W,;,W|G) 17)
He > 28 LR % - R# ,&%m{\mw RPIEE O FEE ~‘—\7L+§—m”€ BT UG G
P(Rule r:N; > NN, W, ,W|G)=C(N, > NN, W, / (N, —> NN W, ) (18)
ab,c
Ao LT R E %%%ME%# i wwaﬁaﬁ’émw@ﬂz et v R 3
+ + J»

EET AR EELE I

gl clmommantt) | efronpug) "

¢

log
Q Q
l0gQ &= SC(N > NNGWE) > e (N NN W)

a=1 a=1

A W@=nw® Wl AT FEEY R qBEeaF T AR R A c(Ni —>NJNK,W1(§))EJ'I%T'F 2 %
RN, > NN, R EF q 93 e
412 % % 2 B

d +’\;§i;}%ﬁ-%~f§_%@¢ g AR s oozt #-%i.pé;— 7)\55
31 F = (LSI, Latent Semantic Indexing) » # &+ 1145
BRep R B354 3 L

%’)\ ?——Lmi%g;\\ﬁ%:h/’
.Jra*m%gragnf«. ) 9\”@_1%4’5"% M £

238 d AR EATEISdHB E%“ij AT R TR ;“ﬁtbf#fif“r

TaR o R e B EER ST BT KRR T R EN Y R R 2T kiR
FOARREF AN R EF L 4T A7 0 ALY TR RT 98% % R R
b1 P o
Do = ¢?‘1 ¢2:’2 ¢2:’Q = TrnShan (DQXH)T (20)
Doy Pro2 Pro
where n = min(R,Q)
D = TrSong (Doxd )T whered <n, d = m'”[zﬂi Z’lj>98% @)
i=1 i=1

:—@%*ﬂ fﬁﬁ\ﬁ)*’%; » A U’f']* TRXd:;Ex_é; » B B F v .‘L‘f#ra' Pl ER e TR

R E S BRE SR R oA x @ @ g g :’\'Eﬂ‘wm"f%ﬁ% sy RIAIT ks ax s

iﬁ SARE "'f#—ﬁ["g—}ﬁ\-

(22)

SyntacticCost(x""), y\") =-log| 7, (L T,,q,W| G )x

T W W
TRxd) XX()X(TRxd) XYg)
A2 FEEL LS
ﬁ%*%ﬁmﬁ$’$Fii £RSE LT RERE S PE P T ST A
égﬁﬁ&fﬁ’%fj{‘@ﬁ;bé_ﬂkpi —\?L#Lmrﬁglﬁ’ﬁil—lppﬁ.% R AERT T BF A
_:é_)i ;_T_'ér'lj’il' ¢ %ﬁ—‘;’]?ﬁ/?q, hE P 4 A B R é‘j?_mp%ﬁ;\ s 1 f,sL‘ ¢ Qi‘ﬁ F"F gﬁ%’?ﬁf_ﬁﬂ“% o
421 ¥4 3 R
(=) MHAR

dEREFEABESHE AR AL FF A2 RFE P EFEFLIR -FA R LELH AT
2 4 FELehw 15 2 B2 2% A 256 BLeh FFT (Fast Fourier Transform) # 4% » #& & 2 47 ¥ iy £ o 2% »
Mg R AR A S k B o A4 E B R A o I s fF (Linear Regression) ¢
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GE o ARz BIEER O K- FRiFd R AL EREFABEAE A RE B > P
LRI E e A

k
SD (U Uy.a) = 2 WAL, (1) - Au, (O (23)
(=) 3 %% T
d s B & 2~ 1% Autocorrelation g7 jE > FB-H T35H % ;gd RIS H AT PR
;%ii;i TE-ABAERGDER Bk I E r‘bﬁmméﬂq RO E-RELAER - AR
ABALR2ZE - BiEL B E R o TREZFIPLE
PD(un ' un+1) = WFDCFO(un ' un+1) + eneCene (un ' un+1) (24)

422 Fo AR EREEE
ﬁ%iﬁﬁiiﬁii’ﬁW?U%ﬁFiﬂ%&‘Eﬂﬂv¢<UTﬁﬁ'

FHLER AT EALE AR AP A S HE S EFFF NI R > DI PN a2 s
EINELR L ANFALAELR FLFELER -

CC = WSDSD(un'un+1)+WPDPD(un’un+1) (25)

BHFAER AT FF BRI RGP AU EHEAT  FFE AR BRAFS B
HAhpd ffct i B 2R F T2 LR -

_ W)
C = SyntacticCost(x"",y'") (26)

t\zt

%Pﬁ’”u#ﬁ?‘f@mﬂQﬁﬂl °’l‘q%7§}~s"’3 BLEZREAGDTE  APTFEFINT G 38 F ¢

d,, :argumin(CS (Ug,Ug)+Ce (Ug,y )+ Cy (uy,ug) + Co (Uy, U, )+ + Ce (Uy_y Uy ) +C (U, uy, ) @7)
Rt AP B ERGEE 2 b @ AEEL A AP RT- BL R RRfcR L s SE A
Boloed v d MFFHRANEN I L §ERPEFDZIFES > BT AFRAE S F > Fpt AP
1* Beam Search » T g RLjT > U IFEFER o
43 ¢ 2 F{pEEeIER

P 2 F YRR EGAS > BEEIRF - BRELESHES >R A NT UEFLEL L

cofz o (semantic ambiguity ) > { ¥ 4 ® 2 F ek od Y 2 § - FHE F@aEE oW ¥
B- BHP g mﬁ“,zgpl.gzh;]mgﬂl » L-&p;p"_,. PP EF SN BEOEEBER [
A HenE b e F A > APT UEFIFEIFRIGTER AL - B BEY OREE > L RIE S dofe

Xﬁl'li‘_ﬁ“’?#ﬁ?"ﬁﬁ“ v 35 I AR —“ﬁﬁ’j whin ¥ RE RS e AP AT 4 ag e w iF AT (CART
Classification and Regression Tree) =17 j# ki o SNkt — 2R3 E » ¢ 27 B> 398 > 1
R enap MR AL 0 A1 R4 P Bt RTA  p RIS - BT B s R ptegs
Birid - B A BESR]ALF - BB > BT AT ALY 0 AP R
A =8 A)iLF B4 (Nobreak) @ 3@ @@ F i3 %4 ~ B.)=t %4 (Minor break) : ;;?_@FP’
- B aE s - C.);Jﬁ %48 (Major break) : #@¥&2iP2 B3 - & ig3g o éf— BpRTRE
PG A AP RT R B LT R A L R R *Pﬁ@%o

O: Question Node
[ ]: Break Type
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5.9 %858 31%

5.1 ¢ < & 3p3F eI R

ARG Y o Ad4ke1 4009 2w HY 2§ oF (FUIMER S - F & wFJFéFﬁ o f— P o1 R
é%%ﬂ’*+*sm FAPETEE - FBEEBTR S R doT A o & LT IER . A4
—F, ﬁﬁ V%E‘ v % é’z{@‘?ﬁ“% w2 e~ B > @ 3R IBH cnst oy AU che @ I A3k ApiR F
It FE S _Iij‘FK—' Z 3 80%r2 + o
219 2 ¥ ipRlES
No break Minor break Major break
No break 243 12 6
Minor break 24 156 8
Major break 18 15 65

52 £ 43E3 RENR
TRBE S S RS ATIOAN TR R § B ERL L0 RRAFT Y TR
s BT BEGER DR e B AF T2 EF kR Bk Y 22 02T #B‘ v
R8BI OANELGES FHBR AFT PR L_t;%‘é‘éii‘%{'i » S R AR
i R ApIT e T LR K e AR ’"ﬁ FU b ;ﬂmi)? 13‘14 ll} &7 )
"5 _@3 m'}’ 17 18 %% 11‘:1 _,/\11 S _}i -E _E
'FKJZEHWL?FJ" \L‘s‘» ’Mrllg;:g~ iR o

JARMFERARER %

(- )& #& A% (Naturalness Evaluation Test): & #7 3 3 * T 3557 4 #( Mean Opinion Scores ,
MOS) i* 4 3= 2 R > o0 H = V&8 %“’%Eﬁs?]*mﬂ ’*Esibt’ iR A LR (Excellent)
24+ (Good) & ¥ (Fair)> £ (Poor)- &% (Unsatisfactory) 7 B %% » & 8%5 53 17 % gis
foo RIFA R AREE FIREF 0 TR R I p RRENHAMAE TS o RIFLS &5 L Bl
AMEAEALERAFLAELRMORTYET B3R 20 RERT &R - {05 Al £
SREeoF  ERLEAFEIFTL (85 T2 %‘%@i’ﬁ“%\fl TR R AE G p AR A
B RS- BT RAY RS (A)(B)(C)r hESEFAMRL MLE - (A)
GREAJIPE-FHELLEFE A £ R N(B) AREVRE ;u-p\)i e F b ~ER AR p; ~(C)
GBE R AR ko d 2 2B R TR JIF AT RN 3 0 R FHE A PE > hp R
ﬁm%mi’wﬁ%ﬂwﬁﬁ%m”*’“b$m$ﬂ’Fﬁ@*ﬂﬁ’pﬂ~@4ﬁﬁi’#ﬁ%
FRALR g EN e P 23 ( BFEPRaR AT
(= ) I"'ﬁi)i‘-‘ﬂ‘—fa' (Intelligiblhty Evaluation Test) : &% %P > £ & Z4FEF* 29 %%

Nen? 2o s it 0 AVEERLY > LFEFF Y R TP M R o T %RV 0 B KR
—ﬁ 5 ';Z—t"-rgi_,'fjrr]ﬂ ?“‘L% ) I/%@E’m" ‘\’ﬁ,”" j\ 5 “J‘El '?L:]%,'&F'? _’,’.mﬂﬂ?v 5 “-LEJ ﬁg&é‘, EE_' ° Pg.*f
g0 F g R P (A)S(B) 2 A7 ¢ arf iT2 ki ARRFFHR HNE B LA w AF
HEAL L BOF RLRIFED o F B T;fliﬂ{g;é, 1632 5 & o d 107 rig ) > B2AR=
B A TG A 4 e h& (A) 839% » (B) 89.59% » (C) 96.5% » ft & & & 52 = j2 » i3 fi—
BT RH ;bfi)iw TR o RERET A LRATEMERENZE G Y g

(3) F'- #%:3®% (Emotion Identification Test) : %3’56?‘} | % ARy 2 kR e FF
Ho R e AT BFER L B BRI A URIGE S LR ]’i-?v" v gLk S A e

%\mmﬁiﬁi F % ;-/FJF[ A EBEE F "V—ﬁ'%* CEH . HiFR 0 R A AT L AT DE *?%’E
LI AEH 0 R RIE R L PR M T s 4 3EHR O B0l B LA FRETT
Rk M ﬁ@%%vﬂﬁm%v%%%%vi$%%oéﬁ?uéw,aww@@%&
BFH B PR 2 F G R 0 AR LT ed | ag s B pE A A L RER
B FLEALGREEOR S o ARETE IS SRt 2 vt o S D R R AR AT G B RAR BT IRfER
iR E o FIR R HEET SR R

22 pREFHRES

FP BARR
LN Y ® ©
,p # | 32 35 4.1

P | 27 | 325 | 36
& .,; 301 | 32 | 385
4% | 285 | 315 | 3.7
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23 HHEET 60

-m!?u 'ﬁ“?ﬁfﬂ]
001 AL XF g E NPT A s eI -
002 F] 5 s rﬂﬁ-ﬂ C AR BT RS - A e .
003 L eI A S
004 R TEFE S i MERFIE B PR AR
‘D (A)sr7% B (B)-Fak O Ok O Identified as Happy B Identified as Neutral
100 O Identified as Sad O Identified as Angry
80 — 2 300 p—
S 5]
Z 60 2 20
£ £ 200
é‘] 40 — % 150
£ ~ 100
20 | ‘i 50
0 — é >O = d_
Happy Neutral Sad Angry Happy Neutral Sad Angry
Emotion Emotion in stimulus
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Text-to-Speech system

Wen-Wei Liao and Jia-Lin Shen
Research Center, Delta Electronics, Inc.
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Abstract

The newly-developed prosody module of our text-to-speech (TTS) system is described in the paper.
We present two main works on it’s establishment and improvement. On the basis of potential factors
influencing prosody parameters, inclusive of duration, pitch and intensity, the prosody model is built as
groundwork of this module which is superior to the former rule-based one in generation of natural
prosody. In addition, due to the current model’s flaw in prediction of the pitch contour, we further
employ an technique named “Soft Template Mark-up Language“(STEM-ML) to improve the
smoothness of intonation which has the crucial influence on the naturalness of synthetic speech.

Results of the evaluation indicate that the new prosody model is precise enough to predict reliable
prosody parameters’ values and with the STEM-ML technique, the prosody module can further yield

14.75% reduction in the root mean square (RMS) error of the predicted pitch contour.

1. Introduction

In consideration of severe limitation in the resource afforded by some applications in need of speech
response, we choose to develop one storage-saving TTS system which has functioned successfully
in our spoken dialogue system. Accordingly, the acoustic inventory used in our system is simply
composed of about four hundred base syllable units whose duration and pitch contour will be modified
with the algorithm called Pitch-Synchronous Overlap-Add (PSOLA) [1][12] in the synthesizing phrase.

In order to produce natural-sounding synthetic speech, the generation of prosody plays a key role
and is a difficult issue yet. Outperforming rule-based method [13][14] which was employed in our
system previously, the newly-built statistical model based on sum-of-products approach with key
factors affecting prosody [7][8][9][10][11] can predict more accurate values of prosody parameters.
And in general, the intonation which is characterized by the pitch contour seems more crucial to the
naturalness and intelligibility of synthesized speech in comparison with other prosody elements such as
duration, intensity etc [6]. Nevertheless, the pitch contour generated by our current prosody model is
still short of smoothness. As a result, we further concentrate our work on this problem. Based on the
FO (fundamental frequency) mean value predicted by the current prosody model, an technique named
STEM-ML [2][3][4][5] is adopted to overcome this shortcoming. In the evaluation phrase, we prove
that this technique can help to reduce the difference between the predicted and observed pitch contours,
which means that a more natural intonation is achieved.

The paper is organized as follows. In the chapter 2, we present the prosody modeling in our system,
The chapter 3 reports STEM-ML technique and the result of implementation. The conclusion is
described in the chapter 4.
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2. Prosody modeling

In general, prosody mainly consists of duration, pitch, intensity of the spoken unit which is one
syllable in terms of Mandarin. Besides, the break between units is one of it’s important elements as
well. Therefore, one utterance’s prosody can be regarded as the elaborate composition of these four
perceivable characteristics. And the variation in prosody stem from a lot of factors in different
dimensions which can be observed in the real speech corpus such as the syllable’s position in the
sentence, lexical tone even the speaker’s emotion and so on. Furthermore the complex interactions
between factors further lead to another difficulty in designing the prosody model. As a result, in
addition to inferring the reliable factors influencing the prosody, to model the interactions between

factors intelligently is also a challenge in this work.
2.1 Modeling

2.1.1 Base model and sub-models

The potential factors affect one characteristic simultaneously and have additive, multiplicative or
repulsive interactions . Thus, it’s troublesome to derive their eventual combined effect on the
characteristic. However, for the purpose of assuring that the basically reasonable value for the
characteristic can be preserved, one major factor in possession of dominant influence are elected to
build the base model while the remaining minor factors take charge to constitute sub-models. In other
words, under this framework, the base model provides fundamental value for the characteristic and
sub-models act on this base value (BV for short) through the mechanism modeling their interaction to

obtain the ultimate characteristic value (CV for short).

2.1.2 Ratio of characteristic value to base value (RCB)
In order that this concept of modeling can be put into practice concretely, the training sample for
sub-models, namely the CV of each syllable has to be normalized by it’s corresponding BV beforehand.

Thus, pre-processed CV is computed as follows.

RCB = or (1)
BV
2.1.3 Mechanism
In brief, the ultimate objective of the mechanism devised here is to make combined effect of minor

factors quantized to one RCB value used as the multiplier of the BV. The interactions of minor factors

are modeled by the approach of sum-of-products and the predicted CV is computed as follows.

CV = RCB comb X Bi
SMN i ) ) @
RCB comv = Z Z CijSimqunu
i J

where

Bi is the parameter of the base model for the characteristic i and
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SMN is the numbers of sub-models for the characteristic i and
Si is the parameter of the sub-model i and
Cij is a coefficient associating the sub-model i and sub-model j and

mij and nij represent the stress of sub-model i and sub-model j respectively.

2.1.4 Factors
We infer seven potential factors crucial to the characteristics in prosody.
Those are listed and described briefly as below.
®  Base syllable (BS)
408 identities
®  Lexical tone (LT)
4 lexical tones and one neutral tone
®  Left and right context tones (LRCT)
175 levels: 25(bi-tone) + 125(tri-tone)
®  The syllable’s position in the word and the syllable number of one word
(SInW)
15 levels: 1+2+3+4+5 (longest word length)
®  The word’s position in the phrase (WInP)

4 levels: WordIndex x 4
WinP =
WordNumber OfPhrase

®  Right context break (RCBKk)
4 levels: inter-syllable pause, inter-word pause, comma, period
®  Right context initial (RCIt)
32 identities
Accordingly., four kinds of base models and seven kinds of sub-models will be established in light of

these factors.
2.2 Estimation

2.2.1 Corpus

Recorded by a single female speaker, the speech corpus contains 3657 sentences (70000
syllables;about 7 hours) with moderate intonation and constant speaking rate. In terms of
linguistics ,the properly-designed one has enough coverage to tackle diverse variability of prosody.
Among these sentences, around 3200 ones are used as training data and the rest of them are reversed
for the purpose of evaluation. The syllable boundaries in the waveform are further calibrated manually

after aligned by the automatic speech recognizer.

2.2.2 Objective function

The distortion rate (DR) is defined to measure the precision of predicted value.

DR - ‘u‘ 3)
0

347



where
O is the occurrence’s CV and
P is the predicted CV.

Accordingly, the objective function is defined as average DRs of all occurrences in the training data.
1
O =—Y DR (4)
V&
where N is the number of training samples.

2.2.3 Approach
B Model

Both base models and sub-models have only one parameter. The parameters of base models and
sub-models are calculated as the average of observed occurrences’s CVs and RCBs which correspond

to them in the training corpus respectively.

1 oN (5)
= o i
a oN Z

where
MU is the parameter of the model and
oi is observed occurrence whose value is either RCB or CV depending on whether the model is a
sub-model or base model and
oN is the number of occurrences.
B Coefficients and Stress
Firstly, the initial values of coefficients and stress are calculated by means of linear least square error
and given value 1 respectively. And furthermore beginning with the initial wvalues,
Levenberg-Marquardt algorithm [15][16] with numerical differentiation is employed to find the

optimal values of these parameters with the goal of minimizing the objective function O defined in (4).

2.3 Characteristic model
In this section ,the characteristic models, inclusive of duration, pitch and intensity are discussed in
terms of the related factors and precision. And as for the break characteristic, we straightforwardly give

each type of break an empirical length instead of building the model.

2.3.1 Duration
This characteristic means the time for which one syllable endures in the utterance. Since the
boundaries between syllables are demarcated precisely by hand in our speech corpus, it is
straightforward to calculate the syllable’s duration.
u Factors
Major BS
Minor [. LRCT 2. SInW 3. WInP 4. RCBk 5. RCIt
B Speaking rate

Each syllable’s duration in the corpus needs to be normalized by the utterance’s speaking rate (SR)
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which is estimated as:

SyIN X
SR = —1 D 6)
SyIN Y D ssi

where

D: is duration of one syllable (named Si), Dssi is average duration of base syllable corresponding to

Si in the corpus and SyIN is the number of syllables in one utterance.

2.3.2 Pitch
Pitch here means the one syllable‘s pitch contour which is depicted with FO (fundamental
frequency) computed at a constant frame rate. In our task, this characteristic is discussed in two
separate aspects, namely the pitch contour ‘s FO mean (FM for short) and FO shape. The former can
leave the each syllable’s pitch contour in a proper level and the later considerably concerns it’s
smoothness.
In this chapter, we only concentrate discussion on the FO mean. In the other hand, one technique
named STEM-ML is adopted to deal with FO shape. This work will be reported in next chapter.
B Factors
Major LT
Minor /. BS 2. LRCT 3. SinW 4. WinP 5. RCBk

B FMrate
Each syllable’s FM in the corpus needs to be normalized by the utterance’s FM rate (FMR) which is
estimated as:
SyIN .
- Ly £ @
Sle i F 1onei

where
F i is FM of one syllable, Fro.. is average FM of Tonei in corpus and SyIN is syllable number in one

utterance.

2.3.3 Intensity
This characteristic means one syllable’s volume in one utterance. We measure one syllable’s

intensity with it’s power. The power can be estimated as below.

> xi?

Power = log 10 (— v ) (®)

where

Xi and N are the sample value and number of samples respectively.
B Factors

Major LT
Minor /. BS 2. LRCT 3. SInW 4. WInP 5. RCBk
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B Power rate
Each syllable’s power in the corpus needs to be normalized by the utterance’s power rate (PR) which

is estimated as:

SyIN X

PR = —
Sle i P tonei

where
Pi is power of one syllable (named Si), P 1one: is average power of Tonei in the corpus and SyIN is

syllable number in one utterance.

2.4 Evaluation

The evaluation set consists of 300 stentences, exclusive of the sentence in the training set and the
precision of the characteristic models are evaluated with DR defined in (3). The results are shown in

the Table 1.

Model Precision
Duration 11.35%

Pitch 5.6%
Intensity 1.98%

Table 1. The preciosion of characteristic models.

3. Soft Template Mark-up Language (STEM-ML)

The prosody model developed in the previous chapter establishes the groundwork for the prosody
module of our TTS system. However, since it merely aims at assuring the accuracy of FO mean without
putting emphasis on the FO shape, the predicted pitch contour lacks smoothness. For the sake of this
drawback , we proceed to employ an model devised by Kochanski, G. P. et al. and called STEM-ML
that is abbreviated from “Soft Template Mark-up Language”.

It is a tagging system which computes the pitch contour in light of a set of tags serving to interpret
the variation in the pitch contour more humanly. In order to make the artificial pitch contour closer to
the real one, the mechanism of model has to comply with the constraints actually existing in the human
uttering process. Thus, each tag concretely takes effect by imposing constraints on prediction of the
pitch curve.

As a result, the pitch curve is eventually generated by the model on condition that those constraints
come to a compromise. In fact, such compromise can be considered to be the result of tradeoff between
two events with reversal interaction, namely effort and error. The effort term stands for physiological
energy consumed in the uttering processing and the error one means the communication error rate
caused under the current effort. Obviously, they behave contrary to each other. With more effort, the
uttering can achieve more accurate expression on words while the error results from little effort spent
on uttering. In conclusion, the model can be also thought to predict the pitch curve with the goal of

minimizing the sum of effort and error caused in the uttering process.

3.1 Model
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3.1.1 Soft templates

Soft templates consists of pitch contours of four lexical tones (tonel,tone2,tone3 tone4) and the
neutral tone (graphed in Figure 1).Since the syllable’s tone shape varies considerably due to the
affection from syllables nearby, five templates aren’t apparently equal to express such variability .
However, the adjective, “Soft” significantly implies that their shapes are allowed to change properly
(see Figure 2). Consequently, these templates with the elastic property can form smoother pitch

contour.

2
e

lonel lone2
250 50
2n nn F/
150 150
o &0 Tones o &0
250
200
150
Tunes 8 = Tunie4 180 -
250 250
200 200 :
150 150
n An n an

Fig 1. 5 tone templates. Fig2. A example of how one syllable is
effected by it’s neighbor. Succeeding to Tone3,
the original shape of Tonel template (dot line)
is bended under control of the model and turns
out to be the one (cross line) with tilt in the

front part.

3.1.2 Tags

The tags function as adjustable parameters of the model. Each kind of tag governs the pitch curve’s
variability in one certain dimension. For instance, the tag smooth determines the permissible velocity
of change in pitch values and the priority over one pitch curve’s shape and FO mean is dependent on the
tag syllable-type . Thus, the tags have the critical influence on the generated pitch curve’s look and
should be given proper values so that the one can has good quality. The estimation of tags will be
reported in the section 3.3. 10 kinds of tags in total are used in our work as listed below.

max, min, base, range, add, slope, smooth, pdroop, adroop syllable-type, syllable-strength

Moreover, to account for the more detailed pitch curve’s variation inside one word, the tag
syllable-strength is specially given a distinct value depending on the syllable’s position inside the word.
As the case for the sub-model SInW, this actually leads to 15 kinds of syllable-strength tags

considered in the model.

3.2 Calculation of pitch contour
Based on the templates and tags, the process of calculating the pitch curve mainly includes two
steps.
Stepl
The first step purposes to prepare the plain templates assembling a prototype of the pitch curve.
1. Select the templates according to each syllable’s tone among five basic templates as mentioned

above.
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2. The templates have to be modified to conform to the desired duration and FO mean predicted by the

prosody model.
Step2

In this step, the tags start to be applied in the calculation along with ready templates. The constraints
on generation of the pitch curve are realized by translating the tags to a number of conditional
equations with pitch instants (FO) as unknown variables to be solved. One tag can brings in one
equation or one group of equations. For example, the slope tag which controls the pitch’s increasing or
decreasing rate in the phrase level yields the equation Pt+1 — Pt = S where P and S are the pitch
variable and the slope tag’s value respectively. These joint conditional equations can be written as the
form Ax = b where A is matrix with rows composed of the coefficients in the left-hand side of all
equations and x is a vector containing the unknown variables and the b is a vector with elements
consisting of the right-hand side of all equations .Consequently, the pitch values of the curve are the
solution of the algebraic problem Ax = b.

Furthermore, the calculation proceeds in the order of phrase level and the syllable level. Riding on
the phrase’s pitch curve solved firstly, the syllable’s one is calculated . The process in the phrase level
aims at deciding the trend of the whole resultant pitch curve which is finally obtained in the syllable

level. Step2 is illustrated in Figure 3.

Phrase : A
N P
translation solution p S~
Tags  — Ap=b
Syllable:
translatio

Tags &b Templates &P As=b

A

Figure 3. The procedure for calculating pitch contour which is carried out in the order of the phrase

solution s

and syllable levels .
A real case for the syllable’s pitch curve (dot line) and phrase’s one (dash line) generated by the

model is plotted in Figure 4 .

Fig 4. A example of the pitch contour generated by the model.

3.3 Estimation of tags
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3.3.1 Approach

We estimate the tags by data fitting with the objective to minimize root mean square (RMS) error of
the predicted FO in comparison with the observed FO in the data. The development data set composed
of 300 sentences is designed to cover enough occurrences for each kind of tag and templates. Similarly,
Levenberg-Marquardt algorithm with numerical differentiation is employed in this task. In addition, the
number of pitch samples per syllable in the data is normalized to a constant and the syllable’s

un-voiced position is excluded.

3.3.2 Results

The process of minimization ends in RMS error that is equal to 16.16 (Hz ) One example of fitting

results is shown in Figure5.

%é*iﬁ ?ﬁf@%% T8 Ej‘*ﬁ‘l‘}‘ ?ﬁfélﬁﬁf
Fig5. A example of one utterance‘s simulated pitch curve (dot line) along with the real one (dash line)

in the data-fitting result.

3.4 Evaluation
The evaluation data set is the same to one in the chapter 2 and the prosody model is used as the
baseline of this task. In the baseline, the templates are unvaried in the shape but shifted to have the FO
mean predicted by the prosody model. The accuracy of the pitch contour generated by the model is
measured by the RMS error of predicted FO .The result is shown in the Table 2.
Prosody model (baseline) 19.46 (Hz)
Prosody model + STEM-ML 16.59 (Hz)

Table 2. The RMS FO0 error of the pitch contour generated by the prosody model and prosody model +
STEM-ML.
The result indicates that based on the prosody model, this technique can further reduce 14.75% RMS

error of FO in the predicted pitch contour.

4. Conclusions

In this paper, we successively report two works on the development of the prosody module in our
TTS system, Firstly, the prosody model based on the framework of base models and sub-models and
sum-of-products approach has been proven to have the capability of predicting reliable prosody
parameters’ values. Furthermore, the employment of the STEM-ML technique further bring in the
improvement in the smoothness of the intonation which the prosody model originally lacks

In order to raise the accuracy of the prosody model, the refinement of the mechanism in the

modeling should be necessary . Besides, we consider expanding the types of STEM-ML tags defined in
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our system to generate more natural and lively intonation.
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Abstract. Researches in speech synthesis and speech analysis are underpinned by the databases
they used. The performance of an emotion classifier relies heavily on the qualities of the training
and testing data. A good database can make researches in these fields achieving better results.
Hearing-impaired people are poor in presenting their emotions in speech. We want develop a
computer-assisted speech training system that can help to teach them to present their emotions
similar to normal people. In this paper, we present a way to build a Mandarin emotional database,
including the process of collecting data, arranging data, clips naming rules, and a listening test.
Then we construct a computer-assisted speech training system to help in teaching the
hearing-impaired people presenting their emotion in their speech correctly by analyzing the
emotion in their speech and those in the database using KNN and M-KNN techniques.

Keywords: Emotional speech database, Emotion evaluation, Emotion Radar chart, M-KNN

1. Introduction

The performance of an emotion classifier relies heavily on the quality of emotional speech data and the
similarity of it to real world samples. As mentioned in [1], there are three different categories of emotional
speech: acted speech, elicited speech, and spontaneous speech. In this section we will describe the ways to
obtain these three kinds of speech data.

In acted speech recording, actors are invited to record utterances, where each utterance needs to be spoken
with multiple emotions. The method is adopted by most researches because it can get large amount of data in a
short time and the data is undistorted. For general use, we should invite speakers with different age, gender,
even with different social or educational background if possible. And if we hope the emotion in the data to be
more obvious, we could invite professional actors.

We can also collect the clips that contain utterances with specific emotion in a film. We must avoid the
background noise including music, surrounding noise, and other people’s voice. This method takes quite a lot of
time in viewing the content of films.

In elicited speech recording, the Wizard-of-Oz (WOZ) is used. The WOZ means using a program that
interacts with the speaker and drives him into a specific emotion situation and then records his voice. This
method needs a good program that can induce the participator to say something in our expected emotion state.
So how to design such a program may not be easy.

In spontaneous speech recording, the real-world utterances that express emotions are recorded. Although
data got from this method has the best naturalness, it is the most difficult because we need to follow the speaker.
When he or she is in some emotion state, his voice is recorded immediately. This method will face many
problems. For examples, we must hide our recording device in order to make the speaker without any pressure
to present his real emotion. Furthermore, we also cannot assure the environment is quiet. Generally speaking,
the method is generally infeasible.

2. Mandarin Emotional Speech Database

In our research, five emotions are investigated: anger, happiness, sadness, boredom, and neutral. We invite 18
males and 16 females to simulate five emotions. A prompting text with 20 different sentences is designed. The
length of each sentence is from one word to six words the sentences are meaningful so speakers could easily
simulate them with emotions. During the recordings process, speakers are asked to try their best to simulate each
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emotion. And speakers can simulate one sentence many times until they are satisfied what they simulated.
Finally, we obtained 3,400 emotional speech sentences. After the recording procedure, a listening test is held to
evaluate these recorded sentences.

It is very important to use speech with unambiguous emotional content for further analysis. This can be
guaranteed by a listening test [2], in which listeners evaluate the emotional content of a recorded sentence.
Moreover, we can understand the performance of human in emotion recognition.

We perform the listening test in a three-pass procedure. First, we delete the speech data that is very hard to
identify its emotional content. After this process, 1,178 sentences are remained. Then, the remaining sentences
are evaluated by three speakers. The sentences with the same agreement are remained. After the stage, 839
sentences are remained. Finally, we invite 10 people whom did not have their speech data in the 839 sentences
to take part the final listening test.

The results of the listen test are shown in Fig. 1. We can see the recognition results of the 10 evaluators in
the figure and the confusion matrix in Table 1. The results reveal that people are good in recognizing anger
(89.56%), sadness (82.76%), and neutral state (83.51%), but are less confident for happiness (73.22%), and
boredom (75.16%)

Recognition Accuracy (%)
Evaluator
100%
—— S1
90% ——S2
S3
80% —<— 4
70% —K— S5
—8— S6
60% +—S7
—=— S8
50% —S9
40% —— S10
*Avg
30%
Ang(182) Hap(174) Sad(170) Bor(159) Neu(154)
Emotion Category
Fig. 1. Recognition results of 10 evaluators.
Table 1: Confusion Matrix of Human Performance.
Anger Happiness | Sadness | Boredom | Neutral None of above
Anger 89.56% 4.29% 0.88% 0.77% 3.52% 0.99%
Happiness 6.67% 73.22% 3.28% 2.36% 13.56% 0.92%
Sadness 2.94% 1.00% 82.76% 9.29% 3.29% 0.71%
Boredom 1.26% 0.44% 8.62% 75.16% 13.65% 0.88%
Neutral 1.69% 0.91% 1.56% 12.27% 83.51% 0.06%

Table 1 shows the human performance confusion matrix. The rows and the columns represent simulated
and evaluated categories, respectively. For example, first row says that 89.56% of utterances that were portrayed
as angry were evaluated as angry, 4.29% as happy, 0.88% as sad, 0.77% as bored, 3.25% as neutral, and 0.99%
if none of above. We can see that the most easily recognizable category is anger (89.56%) and the poorest
recognizable category is happiness (73.22%). And we can find that human sometimes are confusing in
differentiating anger from happiness, and boredom from neutral.

356



Table 2 shows the statistics of 10 evaluators for each emotion category. We can see that the variance for
anger and sadness are less than for the other emotions. It means that human are better in understanding how to
recognize anger and sadness than other emotions.

Figure 2 shows the percentage of remained sentences with different lengths for each emotion. We can see
that the shortest sentence (only single word) is least remained in most emotions, especially in neutral. It means
that we should avoid too short sentences when we make the prompting text in the future because emotions are
hard to be recognized by human if the sentence is too short.

Remained Percentage  ANZCT Remained Percentage Happiness
100.00% 100.00%

80.00% = 80.00% [

60.00% [ [ 60.00%

40.00% [ [ 40.00% ]

20.00% 1 20.00% :Ii 1 4‘7

0.00% |_| 0.00% ‘ |_|

6 5 4 3 2 1 6 5 4 3 2 1
Sentence Length Sentence Length

() (b)

Remained Percentage Sadness Remained Percentage Boredom
100.00% 100.00%
80.00% [ 80.00%
60.00% 60.00%
40.00% 40.00% —
0.00% ‘ ‘ 0.00% ‘ ‘ ‘ ‘ ‘
6 5 Sentezhce Ler?gth 2 1 6 5Semerf'ce Lenggth 2 1

(© (d)

Remained Percentage  Neutral

100.00%
80.00%
60.00%

40.00% H H H
20.00% |
0.00% |_| -

6 5 Sentefice Lenéth 2 1

(e)

Fig. 2. Percentages of remained sentences with different lengths
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Table 2: Evaluator’s statistics in each category.

Category Mean S.T.D Median Maximum Minimum
Anger 89.56% | 6.11% 89.29% 98.35% 78.02%
Happiness 73.22% | 13.36% | 74.14% 90.80% 50.57%
Sadness 82.76% | 6.92% 85.00% 90.59% 69.41%
Boredom 75.16% | 10.87% | 76.73% 91.19% 55.97%
Neutral 83.51% 8.37% 84.74% 91.56% 62.34%

For further analysis, we only need the speech data that can be recognized by most human. So we divide
speech data into different dataset by their recognition accuracy. We will refer to these data sets as D80, D90,
D100, which stand for recognition accuracy of at least 80%, 90%, and 100%, respectively, as listed in Table 3.

Table 3: Datasets and their sizes

Data set D80 D90 D100

Size (number of sentences) 570 473 283

3. Emotion Recognition and Emotion Evaluation

3.1 Emotion Recognition

Figure 3 shows the block diagram of our emotion recognition system. We calculate the MFCC as the emotional
feature from each input data [3]. Then, the speech is classified by pattern classification method (K-NN)[4].
K-NN will find the k neighbors nearest to the new sample from the training space based on some suitable
similarity or distance measure methods.

Training Feature
Data — Extraction > Classification &
MFCC . . -
( ) Decision Making > Classified
Results
Testing Feature (K-NN)
Data — ¥ Extraction >
(MFCC)

Fig. 3. Block diagram of emotion recognition

Figure 4 shows the recognition accuracy with different values of K of the K-NN classifier where we
choose 70% and 30% of the speech data for training and testing, respectively. We notice that while the value of
K increased, the recognition accuracy of happiness begins to drop gradually. The higher average recognition
accuracy exist in K=1 and K=3. Therefore, we choose K=1 for the K-NN classifier.
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Table 4 shows the confusion matrix of our recognition system that the value of K is set to one. The rows
and the columns represent original and recognized emotion categories, respectively. For example, first row says
that 39 sentences that belong to angry were recognized as angry, 6 sentences as happy, 1 sentence as sad, and 0
for the rest. And the recognition accuracy of anger is 84.78%. We can see that our system do better in

Fig. 4. Recognition rate of K=1 to 15 using KNN classfier.

recognizing anger and boredom. The mean recognition rate is 74.69%.

Table 4 Confusion matrix of our system

Anger Happiness | Sadness | Boredom | Neutral Recognition rate
Anger 39 6 1 0 0 84.78%
Happiness 7 18 1 0 3 62.07%
Sadness 4 24 4 3 63.16%
Boredom 0 0 0 23 2 92.00%
Neutral 1 2 1 6 25 71.43%

3.2 Emotion Evaluation

We use K-NN to classify input testing data, so we modify the K-NN method to be our evaluator in the emotion
evaluation stage. We called the method “M-KNN”. Figure 5 shows the block diagram of the evaluation system.
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Fig. 5. Block diagram of emotion evaluation

3.3 Emotion Radar Chart

An emotion radar chart is a chart with multi-axes. Each of the axes stands for one category of emotion. In
our system, it just looks like a regular pentagon as shown in Fig. 6. We need to measure the distance of a testing
data to each category to plot its radar chart. Thus a modified version of KNN (M-KNN) is needed.

Neutral Happiness

Fig. 6. Emotion radar chart

The M-KNN is based on the KNN technique. It calculates the K-nearest neighbors’ distances in each class
to the input testing data. We set the value of K to 1 corresponding to the K in emotion recognition. Figure 7
shows the M-1NN method.

After the calculation of M-KNN, we will get five distances from five emotion categories. We take inverse
of each distance, and base on these inverses of distances to plot a radar chart. For example, Table 5 list the
calculation result of an input testing speech with angry emotion. And Fig. 8 shows the radar chart according to
Table 5.
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Fig. 7. M-1NN: The computation of the distance to the nearest neighbor in each class

Table 5. Distance measured by M-KNN

Emotion Anger Happiness | Sadness | Boredom | Neutral

Distance 12.325 19.31 23.14 27.868 22.83

Fig. 8. Emotion radar chart of a speech with anger emotion.
From Fig. 8, we can find that this input data is closed to anger. It means the intensity of anger is greater

than the other emotions. An unambiguous emotion should close to one emotion and far away the other emotions
similar to the one shown in Fig. 9.
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Fig. 9. Emotion radar chart of speech with unambiguous emotion

3.4 System Interface

Figure 10 shows the interface of our system. A user can record his or her voice by pressing the Record button.
The user can hear the speech within the selected range by pressing the Play button. Finally, the user can see the
evaluation result of his or her speech by pressing the Eva button.

) | Dntitled

— Choose Source

" Read aFile

+ Record Now

Select Range

Bar Sad

Fig. 10 System interface

When teaching the hearing-impaired people, teacher could ask him or her to say something with certain
emotion. Hearing-impaired people can easily understand what emotion is presented by the emotion radar chart.
Guiding by the teacher, they can try and improve the naturalness of their emotion expression through the use of
the emotion radar chart.
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4. Conclusions

In this paper, we build a Mandarin emotional speech database for research in this field. We also propose an
emotion recognition and evaluation system. For hearing-impaired people, it could provide an easier way to learn
how to speak more naturally.

We will continue to get more speech data into our database, and improve the recognition accuracy of the
emotion recognition system. We also want to make the emotion evaluation more effectively. Furthermore,
friendlier interface to hearing-impaired people is needed to be designed.
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Abstract. In this paper, a Mandarin speech based emotion classification method is presented. Five
primary human emotions including anger, boredom, happiness, neutral and sadness are
investigated. For speech emotion recognition, we select 16 LPC coefficients, 12 LPCC
components, 16 LFPC components, 16 PLP coefficients, 20 MFCC components and jitter as the
basic features to form the feature vector. Two text-dependent and speaker-independent corpora are
employed. The recognizer presented in this paper is based on three recognition techniques: LDA,
K-NN, and HMMs. Results show that the selected features are robust and effective in the emotion
recognition at the valence degree in both corpora. For the LDA emotion recognition, the highest
accuracy of 79.9% is obtained. For the K-NN emotion recognition, the highest accuracy of 84.2%
is obtained. And for the HMMs emotion recognition, the highest accuracy of 88.7% is achieved.

1 Introduction

Various opinions of emotions proposed by more than 100 scholars are summarized in a classical article [1].
Research on the cognitive component focuses on understanding the environmental and attended situations that
gives rise to emotions; research on the physical components emphasizes the physiological response that
co-occurs with an emotion or rapidly follows it. In short, emotions can be considered as communications to
oneself and others [1]. Emotions consist of behaviors, physiologic changes and subjective experience as evoked
by individual’s thoughts, socio-cultures and so on.

Emotions are traditionally classified into two main categories: primary (basic) and secondary (derived)
emotions [2]. Primary or basic emotions generally could be experienced by all social mammals (e.g. humans,
monkeys, dogs, whales) and have particular manifestations associated with them (e.g. vocal/facial expressions,
behavioral tendencies, and physiological patterns). Secondary or derived emotions are the combination or
derivation from primary emotions.

Emotional dimensionality is a simplified description of basic properties of emotional states. According to
Osgood, Suci and Tannenbaum’s theory [3] and subsequent psychological research [4], the computing of
emotions is conceptualized as three major dimensions of connotative meaning, arousal, valence and power. In
general, the arousal and valence dimensions can be used to distinguish most basic emotions. The emotions
location in arousal-valence space is shown in Fig. 1 [3], which results in a representation that is both simple and
capable of conforming to wide emotional applications.

arousal

valence

Fig. 1. Graphic representation of the arousal-valence theory of emotions
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Table 1. Emotions and speech relations

Anger Happiness Sadness Fear Disgust
Speech Rate | Slightly faster | Faster or slower Slightly slower | Much faster Very much faster
Pitch Very much . . Very much
Average higher Much higher Slightly lower higher Very much lower
Pitch Range | Much wider Much wider Slightly narrower| Much wider Slightly wider
Intensity Higher Higher Lower Normal Lower
V01c.e Breathy, chest | Breathy, blaring tone Resonant Irre.gylar Grumble chest tone
Quality voicing
Pitch Abrupt on Smooth, upward Downward Wide, downward terminal
. - . . Normal .
changes stressed inflections inflections inflects
Articulation Tense Normal Slurring Precise Normal

There are numerous literatures that indicate emotion on the signs within the psychological tradition and
beyond [1-2, 5-13]. The vocal cue is one of the fundamental expressions of emotions [1-2, 5-9, 11, 13]. All
mammals can convey emotions by vocal cues. Humans are especially capable of expressing their feelings by
crying, laughing, shouting and more subtle characteristics from speech. In ordinary conversation, the emotive
cues communicate readily arousal. The communication of valence is believed to be by more subtle cues,
intertwined with the content of the speech.

An important research is accomplished by Murray and Arnott [2], whose result particularizes several notable
acoustic attributes for detecting primary emotions. Table 1 summarizes the vocal effects most commonly
associated with five primary emotions. Classification of emotional states on basis of the prosody and voice
quality requires classifying the connection between acoustic features in speech and the emotions. Specifically,
we need to find suitable features that can be extracted and models it for use in recognition. This also implies the
assumption that voice carries abundant information about emotional states by the speaker.

To estimate a user's emotions by the speech signal, one has to carefully select suitable features. All selected
features have to carry information about the transmitted emotion. However, they also need to fit the chosen
model by means of classification algorithms. A large number of speech emotion recognition methods adapt
prosody and energy related features. For example, Schuller et al. chose 20 pitch and energy related features [14].
A speech corpus consisting of acted and spontaneous emotion utterances in German and English language is
described in detail. Accuracy in the recognition of 7 discrete emotions (anger, disgust, fear, surprise, joy,
neutral, sad) exceeded 77.8%. As a comparison, the similar judgment of human deciders classifying the same
corpus at 81.3% recognition rate was reported. Park et al. used pitch, formant, intensity, speech speed and
energy related features to classify neutral, anger, laugh, and surprise emotions [7]. The recognition rate is about
40% in a 40-sentence corpus. Yacoub et al. extracted 37 fundamental frequency, energy and audible duration
features to recognize sadness, boredom, happiness, and cold anger emotions in a corpus recorded by eight
professional actors [15]. The overall accuracy was only about 50%. But these features successfully separated hot
anger from other basic emotions. However, in this experiment, the accuracy obtained from a 15 emotions
recognition result is only 8.7%. The accuracy is 63% for male voice and 73.7% for female voice. Tato et al.
extracted prosodic features, derived from pitch, loudness, duration, and quality features [19] from a
400-utterance database. The most important results achieved are for the speaker-independent case and three
clusters (high = anger/happy, neutral, low = sad/bored). The recognition rate is close to 80%. However, the
recognition accuracy of five emotions is only 42.6%. Kwon et al. selected pitch, log energy, formant, band
energies, and Mel frequency spectral coefficients (MFCC) as the base features, and added velocity/acceleration
of pitch to form feature streams [12]. The average classification accuracy was 40.8% in a SONY AIBO
database. Nwe et al. proposed the short time log frequency power coefficients (LFPC) accompanying MFCC as
emotion speech features to recognize 6 emotions in a 60-utterance corpus involving 12 speakers [13]. Results
show that the proposed system yields an average accuracy of 78%.

According to the experimental results stated previously, the vocal features related prosody and energy that
were extracted from time domain seem not stable in distinguishing all primary emotions. Furthermore, the
prosodic features between female and male are obviously intrinsic in speech. Simple speech energy feature
calculation method is also unconformable to human auricular perception.

In this paper, we make efforts on searching for an effective and robust set of vocal features from Mandarin
speech to recognize emotional categories rather than modifying the classifiers. The vocal characteristics of
emotions are extracted from a spontaneous Mandarin corpus. In order to surmount the inefficiency of
conventional vocal features in recognizing anger/happiness and boredom/sadness valence emotions, we also
treat arousal and valence correlated characteristics to categorize emotions in the emotional discrete categories.
Several systematic experiments are presented. The characteristic of the extracted features is expected not only
facile, but also discriminative.
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Table 2. Utterances of Corpus I

Emofion ex | Female Male Total
Anger 75 76 151
Boredom 37 46 83
Happiness 56 40 96
Neutral 58 58 116
Sadness 54 58 112
Total 280 278 558

Table 3. Utterances of Corpus II

[Emotion Sex Female Male Total
Anger 36 72 108
Boredom 72 72 144
Happiness 36 36 72
Neutral 36 36 72
Sadness 72 35 107
Total 252 251 503

The rest of this paper is organized as follows. In Section 2, two testing corpora are addressed. In Section 3,
the details of the proposed system are presented. Experiments to assess the performance of the proposed system
are described in Section 4 together with analysis of the results of the experiments. The concluding remarks are
presented in Section 5.

2 The Testing Corpora

An emotional speech database, Corpus I, is specifically designed and set up for speaker-independent emotion
classification studies. The database includes short utterances coveting the five primary emotions, namely anger,
boredom, happiness, neutral, and sadness. Non-professional speakers are selected to avoid exaggerated
expression. Twelve native Mandarin language speakers (7 females and 5 males) are employed to generate 558
utterances as described in Table 2. The recording is done in a quiet environment using a mouthpiece microphone
at 8k Hz sampling rate.

All native speakers are asked to speak each sentence in the chosen five emotions, resulting in 1200
sentences. First, we eliminated the sentences involved excessive nose. Then a subjective assessment of the
emotion speech corpus by human audiences was carried out. The purpose of the subjective classification is to
eliminate the ambiguous emotion utterances. Finally, 558 utterances were selected over 80% human judgment
accuracy rate. In this paper, utterances in Mandarin are used due to an immediate availability of native speakers
of the languages. It is easier for the speakers to express emotions in their native language than in a foreign
language. In order to accomplish the computing time requisition and bandwidth limitation of the practical
recognition application, e.g. the call center system [15], the low sampling rate, 8k Hz, is adopted.

Another corpus, Corpus II, was obtained from [17]. Two professional Mandarin speakers are employed to
generate 503 utterances with five emotions as listed in Table 3. The sampling rate is down-sampled to 8k Hz.

3  Emotion Recognition Method

The proposed emotion recognition method has three stages: feature extraction, feature vector quantization and
classification. Base features and statistics are computed in feature extraction stage. Feature components are
quantized as a feature vector in feature quantization stage. Classification is made by using various classifiers
based on dynamic models or discriminative models.

3.1 The Selected Features
Fig. 2 shows the block diagram of feature extraction. In pre-processing procedure, locating the endpoints of

the input speech signal is done first. The speech signal is high-pass filtered to emphasize the important higher
frequency components. Then the speech frame is partitioned into frames of 256 samples. Each frame is
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overlapped with the adjacent frames by 128 samples. The next step is to apply Hamming window to each
individual frame to minimize the signal discontinuities at the beginning and end of each frame. Each windowed
speech frame is then converted into several types of parametric representation for further analysis and
recognition.

Most effective features in speech processing are found in the frequency domain. The speech signal is more
consistently and easily analyzed spectrally in the frequency domain than in the time domain. And the common
model of speech production corresponds well to separate spectral models for the excitation and the vocal tract.
The hearing mechanism appears to pay much more attention to spectral magnitude than to phase or timing
aspects. For these reasons, the spectral analysis is used primarily to extract relevant features of the speech signal
in this paper.

In base feature extraction procedure, we select 6 features, which are 16 Linear predictive coding (LPC)
coefficients, 12 linear prediction cepstral coefficients (LPCC), 16 log frequency power coefficients (LFPC),
16 perceptual linear prediction (PLP) coefficients, 20 Mel-frequency cepstral coefficients (MFCC) and jitter
extracted form a frame. LPC provides an accurate and economical representation of the envelope of the
short-time power spectrum of speech [18]. For speech emotion recognition, LPCC and MFCC are the popular
choices as features representing the phonetic content of speech [19-20]. LFPC is calculated from a log frequency
filter bank which can be regarded as a model that follows the varying auditory resolving power of the human ear
for various frequencies [13]. The combination of the discrete Fourier transform (DFT) and LPC technique is
PLP [21]. PLP analysis is computationally efficient and permits a compact representation. Perturbations in the
pitch period are called jitter, such perturbations occur naturally during continuous speech.

3.2 Feature Vector Quantization

To further compress the data for presentation to the final stage of the system, vector quantization is performed.
The division into 16 clusters is carried out according to the Linde-Buzo-Gray (LBG) algorithm. The vector fn

is assigned the codeword CZ according to the best match codebook cluster 7, using

* .
Cn = arg mlnlscscd(fn.zc) (1)
For a speech utterance with N frames, the feature vector Y, with 16 parameters is then obtained as
Y, =[c/c,...cy ] (@)

In another simple vector quantization method, we treat the mean feature parameters corresponding to each

frames as a feature vector Y. , - Therefore, another feature vector Y. , with 81 parameters is then obtained.

Input 18 LPC

Signals | Endpoint | | *| Coefficients
_=ignais | ! ;
Detecting : A !
T T Y I Y O O e — ] LEG
Pre- | Coefficients :
emphasis | : 16 LFPC :
[2 N 1

Coefficients i | Gather features

Frame : -
, ' tt
Partitioning | | - 16 PLP : in an utterance
¥ ; Coefficients ;
Hamming | ! : Feature Vector Y2
Windowing | | [ 20 MF_CC - L+ Mean |——
| : Coefficients -
—* Jitter —
Pre-Processing EBase Feature Extractioni Utterance Feature Calculation

Fig. 2. Block diagram of the feature extraction module
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3.3 Classifiers

Three different classifiers, linear discriminate analysis (LDA), k-nearest neighbor (K-NN) decision rule, and
Hidden Markov models (HMMs), are selected to train and test these two testing emotion corpora with the
extracted features from Corpus I. In K-NN decision rule, there are three nearest samples closest to the testing
sample. In HMMs, our experimental studies show that a 4-state discrete ergodic HMM gives the best
performance compared with the left-right structure. The state transition probabilities and the output symbol
probabilities are uniformly initialized.

4  Experimental Results

The selected features in Section 3.1 will be quantified as the LBG feature vector ¥, and the mean feature

vector Y2 . Then the feature vectors will be trained and tested with three different classifiers, which are LDA,

K-NN and HMM:s. All these experimental results are validated by the leave-one-out (LOO) cross-validation
method.

4.1 The Experimental Results Using the Conventional Prosodic Features

In [9], Kwon et al. drawled a two-dimensional plot of 59 features ranked by forward selection and backward
elimination. Features near origin are considered to be more important. By imitating the ranking features method
as [9], the speech features extracted from Corpus I are ranked by forward selection and backward elimination in
Fig. 3. The experimental results of this Mandarin experiment and Kwon’s show that the pitch and energy related
features are the most important components for the emotion speech recognition in both Mandarin and English.
We select the first 15 features proposed by [9] from Corpus I to examine the efficiency and stability of the
conventional emotion speech features. The first 15 features are pitch, log energy, F1, F2, F3, 5 filter bank

energies, 2 MFCCs, delta pitch, acceleration of pitch, and 2 acceleration MFCCs. Then the feature vector Y2

and K-NN are used.

The accuracy rate of confusion matrix using conventional emotion speech features is shown in Table 4. The
overall average accuracy rate of five primary emotions is 53.2%. As most previous surveyed experimental
results and discussion, the pitch and energy related features extracted form the time domain confuse in anger
and happiness valence emotions. The reason is that anger and happiness are close to each other in the pitch and
energy related speech features; hence the classifiers often confuse one for the other. This also applies to
boredom and sadness.
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Fig. 3. Conventional emotional speech features ranking

Table 4. The experimental result of conventional prosodic features

Accuracy (%) | Anger | Boredom | Happiness | Neutral | Sadness
Anger 59.5 1.1 34.4 4.4 2.6
Boredom 0 46.8 1.1 20.4 31.7
Happiness 324 2.5 58.7 4.2 2.2
Neutral 9.4 7.7 8.7 52.1 22.1
Sadness 1.7 29.4 2.4 17.6 48.9

Table 5. The experimental result of anger and happiness recognition

LDA K-NN HMMs
Accuracy (%) Yl Y2 Y1 Yz Yl Y2
Anger 93.1 19341937916 |93.9]| 926
Happiness 87.7191.2 904|928 | 91.2 | 93.5
Average 90.4 1 92.3192.0 922|925 93.0

Table 6. The experimental result of boredom and sadness recognition

LDA K-NN HMMs
Accuracy (%) Y1 Yz Y1 Yz Yl Y2
Boredom 89.5 1 90.5 | 89.7 | 92.1 | 90.5 | 94.3
Sadness 92.2 |1 87.6 | 93.5|904 |93.2|90.9
Average 90.8 1 89.0 | 91.6 | 91.0 | 91.8 | 92.6

4.2 Experimental Results of Valence Emotions Recognition

The prosodic features as pitch and energy related speech features are failed to distinguish the valence emotions.

The selected features in Section 3.1 will be quantified as the LBG feature vector ¥, and the mean feature

vector Y2 . Then the feature vectors will be trained and tested in Corpus I with three different classifiers, which

are LDA, K-NN and HMMs. All the experimental results are validated by the LOO cross-validation method.
According to experimental results shown in Table5 and 6, by applying the set of our selected emotion speech
features, three recognizers are undoubted to separate the anger and happiness which most previous emotion
speech recognizers are always confuse in this emotion cluster. In addition, as shown in Table 5 and 6, the high
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and stable accuracy rate of various recognizers with two feature vector quantization methods provides the
appropriateness to distinguish the emotions at the valence degree.

These pairwise emotions, anger and happiness, are considered to be close to each other at the valence degree
with the similar prosody and amplitude. So do boredom and sadness. Conventional speech emotion recognition
method suffers the infectiveness and instability in emotion recognition, especially involving emotions at the
same valence degree. On the contrary, the proposed selected features solve the problem and obtain high
recognition accuracy. The set of selected features are not only suitable for various classifiers but also effective
for the speech emotion recognition.

4.3 Experimental Results of Corpus I and Corpus II

Table 7 and 8 show the accuracy of five primary emotions classified by various classifiers with two feature
vector quantified methods in Corpus I and II. The different classifiers have different ability and property, and
then we have the different recognition rates in each classifier or quantization method.

According to the experimental results shown in Table 7 and 8, the accuracy overall five primary emotions,
which are anger, boredom, happiness, neutral and sadness, is approximately equivalent with the same classifier.
In addition, the accuracy of two feature quantization methods of LBG and mean is quite close to each other in
the same conditions. This shows that the set of the selected speech features is stable and suitable to recognize
the five primary emotions in various classifiers with different feature quantization methods. By this high
recognition rate of the experimental results in Corpus I and II, the selected features are proofed to be efficient to
directly classify five primary emotions of arousal and valence degree simultaneously rather than only arousal
degree.

Table 7. Experimental result of five emotion classes in Corpus I

A ) | —LDA K-NN | HMMs
ccuracy (7o

n|n | n | N n|y

Anger | 815 | 80.4 | 82.3 | 84.8 | 86.4 | 86.7

Boredom 80.3 | 79.8 | 84.9 | 82.3 | 89.1 | 88.4
Happiness 76.5 | 72.3 | 79.5 | 82.1 | 82.3 | 83.6
Neutral 78.4 | 80.5 | 80.4 | 81.2 | 84.5 | 90.5
Sadness 82.5 | 81.3 191.2 | 89.1 | 924 | 92.3
Average 79.8 | 78.8 | 83.6 | 83.9 | 86.9 | 88.3

Table 8. Experimental result of five emotion classes in Corpus II

A %) LDA K-NN HMMs
ccuracy (7o

vy |[nln|y]y

Anger 82.4 | 76.2 | 83.2|84.5|190.2|91.4

Boredom 78.9 | 80.2 | 81.5 | 80.9 | 84.3 | 86.7
Happiness 81.4|77.8 | 86.4 | 82.5 | 87.5 | 88.1
Neutral 76.5 | 79.8 | 84.1 | 83.2 | 90.3 | 86.0
Sadness 80.3 | 76.5 | 86.0 | 87.5 | 89.5 | 91.5
Average 79.9 | 78.1 | 84.2 | 83.7 | 88.3 | 88.7

Two different corpora are involved to validate the robustness and effectiveness of the selected features that
the conventional speech emotion recognition method is difficult to accomplish. As the relative experimental
results shown in Table 7 and 8, the overall recognition rates of both corpora are similar. The proposed selected
features solve the thorny problem and obtain a high accuracy recognition rate. The set of selected features are
not only suitable for various classifiers but also effective for the recognition outperform in different corpora.

5 Conclusion

In conventional emotion classification of speech signals, the popular features employed are fundamental
frequency, energy contour, duration of silence and voice quality. However, some recognizers employing these
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features confuse in the recognition of the valence emotions. In addition, these features employed in different
corpora reveal the instable recognition results of the same recognizer.

In this paper, we use 16 LPC coefficients, 12 LPCC components, 16 LFPC components, 16 PLP coefficients,
20 MFCC components and jitter as featuers, and LDA, K-NN, HMMs as the classifiers. Presentation of the
selected feature parameters is quantified as a feature vector using LBG and mean methods. The emotions are
classified into five human primary categories. The emotional category labels used are anger, boredom,
happiness, neutral and sadness. Two Mandarin corpora, one consisting of 558 emotional utterances employed 12
native speakers and the other consisting of 503 emotional utterances employed 2 professional speakers, are used
to train and test in the proposed recognition system. Results show that the proposed system yields the best
accuracy of 88.3% for Corpus I and 88.7% for Corpus II to classify five emotions.

According to experimental outcomes, we attain a high accuracy rate to distinguish anger/happy or bored/sad
emotions that have similar prosody and amplitude. The proposed method can solve the difficult of recognizing
the valence emotions using the set of extracted features. Moreover, the recognition accuracy of the experimental
results of Corpus I and II shows that the selected speech features are suitable and effective in different corpora
for the speech emotion recognition.

Further improvements and expansions may be achieved by using one or more of the following suggestions:

A possible approach to extract non-textual information to identify emotional state in speech is to apply
various different and known feature extraction methods. So we may integrate other features into our system to
improve emotion recognition accuracy. Besides, recognizing the emotion translation in real human
communication is an arduous challenge in this field. We will try to find out the point where the emotion
transition occurs
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