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Abstract

Current language resource tools provide only limited help for ESL/EFL writing. This
research proposes a language information retrieval approach to acquire referential sentences
from corpus under various levels of users’ language cognition. The approach includes a set of
expression elements, such as exact words, prefix, suffix, part-of-speech, wildcard, and
subsequence. Sentence retrieval involves both exact match and partial match with user query.
Finally, the set of retrieved sentences are evaluated and ranked by multiple sequence
alignment for relevance to user expression needs.
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S;. This posed a particular problem for an agent.

(P (e = R R A i ]

IS FR R R R M R T R KJE‘F'EJEE%ILF‘}H (5 5% SAW(Sentence Assistance for
ertmg)ﬁ J%EF'J—F{ﬁ EGE T F AR Uk JFZ B IR EILJ§L¢ RTE 2 ]
A2 I 53 G = R T SE= A T E > TV mﬁl [RIFRORT 5 38 PREVRLE
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PRA| MSA VIR S SR e p ] /==y Gk PO 2 IJE”FE'FTJ*E@
F AT [%IZm AT RS 1 SAW SO IR S B

R Emeds [

BE R

i
%ﬂ
A
=
=
1%
\\?'{r
B

[ﬁl: SAW B8 A
B0 ™ | H AL HR2%h not only -~ but also [T » fiy 2 Z A9 4445 not only but
also » B AT o j IESNIIE [H?IF]' E| = fﬁﬁ'?g BT STHIES S We must also

make sure that future generatlons not only read, but also have a real enthu51asm for visiting
bookshops and libraries. S, : This was not only humiliating but also very awkward for

Baldwin. S;: This is not only easier, but also more fun. ‘F“'[j J I'EIF ' H l?ﬁf’rﬁé’ﬂ"iji‘\i
R AIFOAS 4 v”HIF[Jj—IL PSR 7}«[’%{[[* = not only ﬂi but also % ‘F
wammw’pn#% i ﬁmw §7F4W¢?TTW4FH[ JFE PP
BV, Sy s < T ﬁﬁ F ﬂmwwﬁ%’mw”ﬂ%ﬁiﬁ
Wi,ﬁ& 550 &Wﬂ@%ﬁt& Sy~ SR 1

<~:\

£ Applet W@ * Color_Main class ; : & bl 2 il L s J
Applet —

- | M E WA [native P [ o |[ 2= || *-= |

Corpus ‘BMC ALL ‘ ‘ MaxResult ‘5uw ‘ ‘ Sample ‘ammm ‘ ‘ [JAaTPOS WIBMIRL LRESF W maike|  Comus BNC ALL ;‘ MaxResull ‘5ﬂij| Sampelinahe B __‘: | CRmPoS v S ERET ] TRk
WAL Exact Prefiz Sumiati FOSP.10,0) Subsequence(’) WA Erect renEuT ) POSELNDM0) Subsequence(’)

Output Time= 0 ms [=

Output Times= 0 ms
[Total Time= 4375 mg

[Total Time= 7516 ms

5t P rem_suti num? st

etermined(676) deferredt2?) determination(1 2) deferrence(2) determinet?) determinations(1) determinin POS num1 (Criginal Retrieval POS)

({783 to{40) on(2) in(t) byt with(1) aic1)
4 1 I DN [=
B Et o

131 Practises delerined by Spesialization 1.Jackiin goes nalive at Dalmahoy
2.Transferrin concentrations were deterrnined by enzyme immunoassay. 2.Both are heers native ta Munich.
3 Protein contentwas delermined by Lowny's method 3.0, nélive ofMALVERN HILLS ¢. 1801
4inflation Is delermmined by money supply orowih 4.tis not nzlive to my disposition
570 be delermined by Education and Fundraising 5. nalive of Tralee, Mairead is single
B.Sex cetermination by low stringency PCR LS-PCR B.A passionate and mysterious ELF, nafive to France.
7 They were not delerred by air action. 7.The pie 15 121z 10 both Cheshire and Lancashire,
8 Butthatwill be determined by the marketplace 8.4 malignantwater-sprite, nzlive o the north of England

8ltis almost always defermined by commercial considerations. 9.An awesome GHOUL, native to the voodoo island of Haiti
10.nterleukin-2 IL-2 was determined by a radioimmunoassay Medgenix 104 nalive of Kerry, Padraic is married with three children

Applet DEE - Applet DEE-

Esﬂ[: SAW =3k 55 HII'] deter% by (%) native P(F[)E Jﬁ‘[ A

B Y M SAW Sy /1 ke S8 SR g‘ PN IERF 5T H]IEE deter% by -~ native P

responsible # ~ either * or » “#-J[|I'] prefix ~ POS ~ wildcard ~ subsequence = %3 71 2k F-
L Jﬁ AR [5 WIFERE o EL 1 deter% by ~ native P ~ responsible #1205 TS5
?EU » either * or El[Jaﬁ%"TVJSH il ﬂﬁ;&ju » H SN 5T mjplqﬁl“'ﬁ?uﬂ]lpu@$1 o fjR H
R R R TR B SIHT R ks BRLRE
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”ﬂ U JIE{/[I&EQP Fira. '] =" £ = Y concordance > FAAHH S 1 10 '[HNTJL[J * f ™

Hﬁ}%%ﬁﬁﬁ$ﬁhiwﬁSNW+ﬂ%ﬁﬁiﬁ$ﬁ%wﬁﬁa§*mMHMW%
by [ ﬁ%?ﬁ»ﬂé&%\[ 7 [JHI » ffi7'] determined by fi JEI\TE"EJ 676 &' > {fli*'] deterred by fi JE(EE"E
27 {lat > f ™) determmatlon by H JEWEFE 12 {la > ffi™'] deterrence by [l JE(E"E 2 & iR
determine by Vg El F 12 [EREEU determining by [UBrElE |1 i == iﬁﬁ\ﬁ%?ﬁ%*
ﬁjfﬂ%ﬂﬂ\f|lﬁlpl ﬁE“*— HA#UMT?/%'&?F\‘E J}‘Flr”

Jai gl | - 4 Applet #@E : Color_Main class

i Applet
2 [responsivle® \‘W}‘ -8 ‘1 -7 | LY ‘E‘"‘E""' ‘

Copus BN ALL [ Mot om0 || sampe [espsbie s |+ CHEROS BRAMEBNT s | | s BCAL |v‘MaxResult ‘ﬂmu || sampie fetmer or |+ | Cwfros mamIsILEME CRslH
AN et e SuT) POSPINDNO) Subserence(’) el AR et e Su G RSSO O) uiCarel) s citon cat)

Refrieval Corpus Time(30L)= 8000 ms
MSA Time= 2906 ms

Stastic Time= 282 ms

Sk (Output Time= 0 ms

[Total Time= 11218 ms

loutput Time= 0 ms 5
Total Tirme= 11076 s [

HaH: hongoarc numt |
’rm(zaaa) 10(104) and(45) in{19) are(15) Government(15) if(13) people(1 2y person(11) atitude(d) as (G was|

il Tl ]

wR wa

1.5he either barked or shouted,
2 He either knows or not
3.Choose either mid or low ;

1.Am lresponsible forthat?
25 he responsible 2101 money?
3The agency responsinle s GOK
4.0r are responsible for it

5.lam regpansihle Secutity.
B2 ate responsihle o1 legislation

4.means either savedvalues top.calibMeas or savedvalues bim calibMeas.
5.They either over-react or under-eact

B.cancellation by either client or hotel;

7.5hows are either benched or unbenched,

8.You either love or hate itl

9.Mills were either demolished or converted.

10.Cuts in either wages or staff.

7you're iesponsible (o those?
8.l was responsiale ior mine,

9.¥ou are rezponsible or a field

10:Wha is respongible for calculating them?

Applet EEE - Applet EEEH

[P = SAW 2355 |||} responsible # (=) either * or ( F[)FI Jﬁ A

P4~ R

7[:*'4&%35“,1/ BNC(British National Corpus)z [*I’E’l ' /n [7l° TS KT quf FIRE
5 TOE[E RS P z%hpm\g 50 Qﬁiﬂl < PR B .H\;thl N e
1974 1 94 HE A 350f ﬁﬁj il e T‘[*]?—‘IH'E THY POS A58 - HEFF 62 ot - %
il (BoR] BNC iy 62 {11 POS 5] JITEPTERL 6 {[# POS UK o

O

IR @'—rfl SAW 75k 5Pk ESL/EFL =ik Hmy 35 ZH LS~ o et | WY
I EAB %5 (ﬁrﬁgﬁﬁ%ﬁﬁlﬁ)ﬂf ﬁ‘([?ﬂ” HE %Eﬁlﬁl) TR TS P
PRI V%'E/[F' R ?% REMULESR TR IJFJH\?’ﬁj*) EES
ES /EFL (e R[S FIZIJHb-rEII‘E_F[JP‘[E& p[ﬁ"%ﬁfﬁqﬂgzﬁ il pjg*, = =
SAW EEUfRIEN DB U M PERI S

HFF 16 > % TOFEL pu ,\ajr 11 ﬁF a\F:ij,?Lff?V 45 [E‘ A F 12 [J’I’Jn\ﬂﬁ (&

i mbequrce 1155 O - FURIE B o e
Fr]E'ﬂ—J Sk lﬁ, é{‘ﬂ:ﬂ“lS ]HTE (A& 0 I SAW 55k [ |FuaE 7 Z (exact ~ prefix
POS -~ wil carcq) PRI [l R fﬂﬂ%@ﬁ”]%ﬁ”ﬂ I rﬁ IFH ﬂﬁ‘:}sﬁ%‘rﬁ“ HEs P
8 95 1 o s 5 12 e I
F,ﬁ?DE Sﬁ{néaﬁﬁpuﬁﬂ SA na"ﬁF mﬂ [gﬁ g xﬁﬁmrm Fp J’?‘/ o

IS PR A= fol F IR 0™ PR PVBIRT i SAW b Hmi iU [aiany 5« S5 2

'_.El
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Gy R ol BN v o SN B0 AN A
B FUU DA RIBRORA R RO REAT SAW SRR EIURIE ([17] SAW k)
-V RSHRBRAS A B < L HIOLITE STRE B 7 SAW kR
fiH] SAW 5 I%QEIU‘?EHE?H%FV fl o

b A B fwu*ESAW ARSI AR BB RV (2R 16] - R S
’F [g‘l ﬁ)fﬁ P—‘ Lv[[
L %mﬁﬂﬁ‘¢m%mwﬁgﬁ%%?ﬂ#%ﬁ+WWﬁ;ﬁﬁg“@”%&g

2 %%@-tﬁ'ﬁ%ﬁwl[@“a% #@@i@ﬂﬁm@hmrﬂﬂwﬁ@o
FPAE ﬂ‘”ﬁﬁx@#%4% ﬁ%@@guéw [l ﬁ&ﬁi@ FIER I (R
LTS o HERL R P R o SRR PO BRLE T
[Hu*gij quﬁg

3. Y[ﬁ;]ﬁL@ DB AR YR [FIIEIF' Jerd o ﬁﬁL JE\JEIF' +TE[$Z’FE‘T{I§J 'LE[LJ%EH:’I EN
ﬁmﬁ%ﬁﬂﬁﬁﬁﬁ”WSIﬁ{wﬁE@ﬂl Eﬂﬁfiﬁﬁa1ﬁﬁxfbﬂ 73% E
[{ﬂ R VR L g{ ]?‘[Fu’ F PR AR T IE[I 2l
EJ[F[I’_E*#J VJV(Q

S @iﬁﬂ%q@“ HiEH JE‘I RUIERE > AR PSR IV PSR A R |
Wﬁ*“Wﬁ“ - PRSI Wj®%*H¢ LEYCE o ol
1 Eﬁtﬁ LSRR SN ’—‘]}j(number of relevant retrieved / number of retrieved) » %
ﬁ‘j&i_g 1&@*’%@2{&':] IIE[J/H: I]E"_‘f' (prec1810n) % 4‘_‘;}‘ o

5. lﬂ [ S U I S ﬂﬁdﬁ%ﬁ{i (S et N E R | i G K e NI = ol

[ A B g w —J HeELeY o 7] fIJ’?*ﬂtE vF Iﬁ|ﬁ"§’l =R E ) TIPS TR 2
15/»:;« mﬂw Fpuj.ﬁf,\l ' SR o

( YHrERH
1L R 194 B g

i T N Vg o ol TN i S T e
I *ﬁﬁ@%@%j[ﬁﬁgﬁﬁ%%@ﬁwﬁ%wﬁwﬂ$ﬂlowwMﬁif
EFfJ “”Ei/E JH'ETF[ 8 {1 % ffs e G | A By oA ;FT WHEMEA > O FRE | exact ~ prefix
POS - wildcard =7 #3E 7 705 T [ g Jﬁ, n:al[#lff ]”ﬁ"—?&&?j’ﬂ?ﬁf FJ‘:E@T WF%%IE%@?U
ﬁqnmgﬁﬁ%’ﬁ,W?wwnfﬁhlﬂ; :
AR N 4 ARV A RN (Dexact ﬁﬂﬁﬁrgﬁ [ {5 S T > J1 specialize in e
@)prefix Aﬁﬁﬁwwﬂﬁiij 11 RO (5 i prfix 3R
spec1ahze in E3f }[ﬁj’ % s% in 7‘7‘[[ specialize i% [ Huﬂ Jﬁl EF - F)2v Nﬁ?ﬁmﬁ
€ FPrBR e e 1 o *:‘]j ° (3)POS : ﬁﬁ’ﬁﬂlﬁ?ﬁ?ﬁ g HP [} POS ZE 7
ENRRIUN spec1ahze in i J ’}l?]’ﬁ £V in Al spec1ahze P Ry f’ ﬁ“ﬁﬁﬁi A [il
BEpY > VR T [ ﬁ, [ [ FitH A ol o Jr:jl"] |8 o (4)wildcard : }{fj’ﬁx |[4“9'\TF =g
Epf— &) wildcard ii%_ﬁ g‘ RN spemahze in ’}H’JJ By #in A1 spemahze # HYR

%ff[ FIJ@[ yE fj(/[ﬂ;ﬁj [ﬂﬁl (5 [ i A e N T {_jﬁf/\l
IR SAW A7 5 R 10 T A+ SRR 10 (T fo i iR T H =0 - [
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SRR 10 [t g S thH Y ﬁgﬁ?@kgﬂ\ » BT SAW AR ATHLH pJa@E@ T
%gﬁe@§f04wﬁmwwma@w@ﬁw# IR 15 100% 51 - profix
B EFRE=10 [ SR (% i POS FEf 5 pjposg*ﬁeu AFF R Wlldcard

PR EUEE - TR natlve to M & e iﬁﬂfﬁ%\‘ﬁtifﬁ' ML Jpreﬁx %éﬁ Hfﬂj
f’@{fiﬁﬁﬁ AIEF i POS VD w11dcard ﬁ[i o

IR L PR AR
R R t‘rﬁ (Feiesioh nf.@ A
p Ji’ = [l & HIS P prefix g‘[:aﬁjf |§I Jg\, S = [ FUpT ] a proportion of
"‘7’J A jproportlon of ~ a p% of ~ aproportlon 0% = %Elj IFi EJE[ it > IFﬁEHJ‘
ﬂ’ﬁli_qw F== E\[ (9 [ B A i A T Jf:’[j 58 o [fJﬁi,ElJ’ r J a proportion of %3] »
POS g‘ V'S E] O proportion of ~ a N of ~ a proportlon P = FE T [Flp Jﬁ‘[ [0 5 0
wildcardﬁqﬁj:‘ﬁ ! #proportlon of ~ a# of ~ a proportion # = fﬁ_j IFil EILQ‘[ HEF
”dﬁf B RRRLIV = P I*F”T@ﬁﬁsﬁ%ﬁm AR AN F;“J“" Pl e = 1
F” preﬁx POS -~ wildcard g‘ s Fl" p Jﬁ‘[ SFE [J“l[ﬁ . [F“*‘Eﬁ -1t i’jwf*{)“[?ﬁfﬁ‘
A Bk R BT

SAW Recommendation(first 10 sentences)
| M Exact_Match B AVG_Prefix DAVG_POS M AVG_Wildcard
100
80
X
= 60
2
S 40
=
20
0
specialize in responsible for familiarity with relevance to deal with
SAW Recommendation(first 10 sentences)
B Exact Match B AVG_Prefix 0 AVG_POS B AVG_Wildcard
100
80
S
= 60
2
S 40
=
20
0 —
essential to native to composed of determined by guard against

A AR A

WIRTEIHIT i ISIE 1100 G % - SAW SRS 1] 1 )
RIS & O 18 ﬁﬁﬁﬂ%’&ﬂwéﬁit w@%
SRR Wt+ﬁﬁ%<j%Tﬂﬁﬂﬂ”” REBHHIT - prfi i %
EILJE‘yT'Yé e POS 3 ==t s POS 3‘ “5 f\%ifﬁ'ﬁ" Wlldcard 3 s HZ > BESL prefix &

HE R ﬁiﬁﬂl'ﬁf#ﬂ%{ﬂ Jﬁ‘, R > i wildcard #5E igmiﬁull Tt E,H»Ezé .
2. WE ,1@%1?%[1 ARy NF:I fi

FEEETV 12 ([ F[JF’JH\H% » &7 ¢ enable * to ; derive * from ; expose * to ; not only * but
also ; would rather * than ; distinguish * from ; divide * from ; expand * into ; provide * with ;
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the same * as ; either * or ; so * that > I'] | | subsequence FERFUGFHA [/WE»FU-_;&}
0 WA 12 fURHRTT L fu SRR IR < SR B enable -
to F[ j}—ﬁ EF[I ) ZU‘%L[ | enable * and ﬂl enable * but ﬂ J?Z[ 753 ﬁﬁ t’g\[ ]'%[ZF%L%%—%E?? at '—FI J
ﬁﬁn’i DONES {ﬁ‘i]‘ @ﬁfﬂ‘ll_—ﬁﬁﬁmj‘”ﬁf{ﬁ”ﬁ’?fi@" =12 [ HJH' ) {“ds - Iﬁf:[]%'F”
F%J%;r f75r > [AF-£% to, from, to, but, than, from, from, with, into, as, or, so ° ¢E"E§Hﬁ 7]
SEEAYZSEET ] and A but v & PiEI‘JFiE St 1B 19 pULL not only * but also [[ [y
but > [*&l’zbutiﬁjﬁ%“ e ﬁ’%}[—] but ZV [ % or ’S Iﬁ JJ% (I Jg‘ K

ﬂ\;%y[[%Iﬂ B o i o Jﬂﬁﬁﬁ[ TN SAW RIS %ﬂ?%g;{gﬂ A NEAINE S
Ef\aﬁéi'jj(j L 100%)0 n+???“ﬁ/, ﬁg {EILJEJJ{I“UPI i aét%fﬁdpﬁ'Jn\ét#F%%J
fEIle“fé%JEm,EJFW j [ [pIRy 35 ) Ji/p enable * to 7 = J,rjﬁ;%_g gjtap ) Fj;ftl[ [E/LH togjﬁ
% and butﬂf’ pl ARRIHI LSS L - AR > S cther * or
F{I'so * that =’ HJHIFIJE?%E—J el ufflg_gq 7 91 AMERUAT rﬂﬁ{ 57 PRSI s
i @ww {77 2178 7L« (L > fhi fﬁmﬁw% FHEHP RS A
] Iﬁﬂﬂl* %"ﬂ AN T [Ei J/if[ %’F* (false query)s’ ¥ T %wﬁ%%(vague
query)fY A 5 aﬂl[ Hfgﬁ;i p’[ 5’3 RS T E- LoD -

SAW Recommendation(first 10 sentences)

‘ B Subsequence M Partial Errors ‘

100

80
X

= 60

g 40
=

20

0

enable * to derive * from expose * to not only * but  would rather * distinguish *
also than from

SAW Recommendation(first 10 sentences)

B Subsequence B Partial_Errors ‘

100
80
< 60
§ 40
20
0

divide * from  expand * into  provide * with  the same * as either * or so * that
&aﬁ[* : subsequence [ partial errors ﬁ} E LN ﬁﬁ ) F:’I ["‘:f[
N =% ¢
FHIEJ W i%f@ I:n [F,‘[

\jl

E[F"%E 19 JERNE (16 JEHE 3 HFE) - SAW £ ﬁw IR e R SR AT A
C .ﬂ?‘uf[lﬁiﬁ'Fﬁﬂ f/ o R 3?!1%5?%?‘3% o EI FENFRe o By ER B

o gﬁuwaﬂ rww%#ﬁ%%ﬁ AV ~|ﬁ. SAW = aﬂ vvzﬁﬂﬂﬁm’w%m”ﬁﬂ A
’1& o FERIE O T RIS ¢ BV ATH 193 ﬁgaﬁ:*%ic'ﬁﬁf =N l?%ﬁ%nﬂpi,m_ A b
fl[ﬁﬁiﬁ” 19#*& iR ‘TF‘ YEL*E'F{”TJHJ BT A ’F?Jr,[ﬂﬁiﬁ” 19 SFIEYE » (EHE-
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HpYEE [ [—Jﬁl@gmé‘eﬁﬁﬁﬁj o 7] D"‘I—THFZEUEEE—LL_EET i,f JHJ J?E /mlrgﬁ[ BV 19 3¢
j@,wwj@&’$ﬁﬁwﬁq[@?%ﬂfuﬁw %?ﬁﬁ$”9$ e - il
AF]EIUEH]L%\MEW, 125 b pJ .; [7&];%{#\554 ﬁ,%@y@ﬂ F HE117] P Ef‘fpjliyiglﬁ:{ﬁ
e G ﬁﬁjr SEEI R lxithl\d/%ﬁgi IR \f_ £ M‘*ﬁ 11000 H14
;%l"EJ 044%515’:{[’%" ;tﬂi"y{ﬁ” ] ZOOOEE—J J46 10%} Jl?i[l@ |7 i}%ﬁaNanon fi~
Wu[m] 711000 H NI G %ﬂp VA EL T4% > %L;T 712000 HHF RIS
£, 81% }Z&P =l ’ﬁ"’ﬁﬁf ARG T B3 2000 F1 ) fu '% A 1A
Sy 3&%#n*»ﬁﬁ47;ﬁ%

FfJ*"‘[plL{?meglzt» 125 {55 » E 1 WUF}F
F,J 1 A2 %/JE[H?{ 3 FI5'4 IR I S f[ 3 4) - ARE ’LF
F5 113 [JJ RN EN e (SR Fﬁ]é‘ 86 (7 1El T [E{F' +1 ‘*‘E’Flﬁ” 44 57 ~
IEI R il xﬁfuﬂ FIJF'LJ 20 55 ~ RIS R 2 BT 2 mﬁLﬂ ORIt
R ﬁaww$ﬂ27mo

&?@@”ﬁ%FW&w*ﬁW*&wm“ﬁﬁﬁ%f44m&$t SPHILE (A7
AR 2P S RN ~ 20 PRI jﬁﬂrtﬁ, Ff ypjie%ﬁj HJ@ 24 H‘if/‘ﬁﬁ £,
62.48%) ~ 22 {7 EL{fI™ | % jﬂﬁﬁj ﬁf'pueﬁfﬁf w@r[n, R Jf:i[ 58 R 34. 69%) *l
HIEHF:#EE:;"[ £ 16%_ ) _JE‘E_J1E 0.625 73 > 3%‘11]7J £ 10 55 PJE[I ARl IEH ]EIF' 43 ‘%E{F(
[roTE Hfé'ﬂf% 0P bl B R ) B 442 2 7 ,4@%&;}'
£ 1.95 5 |fyip™ ﬁ [@Ewﬁ%{ﬁ P E TR 6.69 5T 0 ARSI 223 5 PRI
x%pﬁ;}%\f[‘ﬂgj 227 35 e ITFI@F”"*EFIW eI E Y80 5.97 55 ,ifﬂ«%ﬁ £, 185 ,

"“IE[FI = aeEvFlﬁUjjg\TE 155 73 0 e SAW —[——Iﬁﬁ:f,H '558%[74?;{ —L@@Fwﬁj[ﬁ: I—F[J
a@Efd?ﬂ”jJ Pﬁn EJ’FE‘F%J }ﬁ o3 A R R e

A R FAEY IS AR AT

12 (5
JB‘f*fE

c[J}‘ gl [w p)ﬁeg‘gl‘pﬁ(ypﬁfg

+>‘

FR N BERBER | BLARMALRE
H iF 5304 #1(0~10) 4.42 6.69 5.97
TR A8 A #(0~10) 4.2 5.83
HE AT B R (1~4) 2.78 2.70
iR de g B (1~4) 2.80
54 £ & (1~3) 2.09
% & & (1~5) 2.76
RN sl s A JlEqE'?FaE & IS R E S AR J‘f‘*(SIgmﬁcance level)?’ﬁﬁF'FJ SAW
AR E - G ol BT B -5 s CJF@?‘ ARG
i J:iﬁln%f’?[ P e IE Null Hypothesis (Ho) 5 SAW ﬁi 3 JF‘yi‘F(j

15475 B0t 4.42) 5 Alternative Hypothesis (Hl)1E SAW = E | Ry 35 (T BT B AT 4.42) > 7
Rl 5% o SR R IR 20 PiARA o R IEAE Ho [k T RELE
442+(1 65%1.95/(20)") =5. 14 wﬁf.&“m@p G ST, 6.69 » AR ST 5.14 0 AT

P B Ho o 2 SY6RTH 10 ™ SAW S Ssph Sf RL E | 132 5 o (el
ﬁwiﬁnﬁwﬁvﬁ#ﬁﬁ @x%mwmzzWﬁi’ﬁmwnmn
4.42+(1.65%1.95/(22)"%)=5.10 > [fi @F' SAW S ERST RS 5.97 0 K 5.97 SR 5
Br5.10 > FEHE SR E T SAW Rk SO I’J’ZHL 7 I S o
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PISEN  HI5 %) PR B R el e o ol i
UL o P;_ 86 mFH‘HI ) T 44 i IE‘HW“‘ (B =R s 2y *;Jj,u,fsﬁ :
42 {55 K AR f [ Jmmifﬁﬁlﬂ F | L;EFA R o B E’EE ﬁﬁfﬁf&ﬁ,ﬁﬁ'ﬁ# 50% -
F'J::"'j 25% ~ [ 25%(w & Eﬁ%{uk Y EE) EE::'% I inﬂ]yj 10 57 ERfEIYE o ik '*—%EH ’

=N "ﬁa«%pﬂ HITEEL 4.20 o ffﬁ 3:': 2.56 ; ﬁ"‘ =] ”:’ﬁ‘xf%pﬂ = Fhpaaa!
5 83 s fEIVEZ £ 2 46 7@( SR FlL Ja‘? 1.63 77 - [fil g;fﬁ?%?;ﬁ’ﬁﬁflLJ@%‘l‘ij}T’?
T o ) R e o3 %w?ﬂ iy %awﬁmurf%t W - BT 5%
NEE R STEEEL 4.97 0 [N 5.83 AHT4.97 » H[]E SEEE YT SAW 2R SO H B
FARERLT | L ohb 35710 o

T’%%@iﬁlfﬁl“ B E—ﬁnﬁf\_—‘ {H 1% (usefulness) Fﬁ S 5THr 1~4 55 ERIEIE S STEE
ﬁﬁjl*% (EHJI:E{@ i F'J( ﬁ :T N B T (R E»F [ 44 []JFf S H
%Elﬁlﬁ'jr NIk ”Eﬁﬁ RIS 1 8T 278 17 '%Hfl 5 g iof S 1953

270 » [ BRI S 2800%2?5‘|7 =R AR R 7 2.7~2.8 V]
£ SIHEN SAW SR U et - ooty | PRI T

ST SRR T uzoooJ » BNC GBI 19 f7] fufioRd i di iﬁgw wumﬂ
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Abstract

In studies of automatic text processing, it is popular to apply the probabilistic topic model to
infer word correlation through latent topic variables. Probabilistic latent semantic analysis
(PLSA) is corresponding to such model that each word in a document is seen as a sample
from a mixture model where mixture components are modeled by multinomial distribution.
Although PLSA model deals with the issue of multiple topics, each topic model is quite
simple and the word burstiness phenomenon is not taken into account. In this study, we
present a new Bayesian topic mixture model (BTMM) to overcome the burstiness problem
inherent in multinomial distribution. Accordingly, we use the Dirichlet distribution for
representation of topic information beyond document level. Conceptually, the documents in
the same class are generated by the associated multinomial distribution. In the experiments on
TREC text corpus, we show the results of average precision and model perplexity to
demonstrate the superiority of using proposed BTMM method.
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Keywords: Bayesian model, Graphical model, PLSA, Dirichlet Prior, Information Retrieval
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Parameters y #{1 ¢ 4§ 2T 1 YYRVE(f - Variational 57 i E361%

q0.z17,8)=q0.n)] a(z14.) (11)

EPFSEFASE] > [ IJAZE Variational Distribution #1 True Posterior . [#]fi) KL Divergence
BAHEIPO, z|d, a, f) poTl]

(r'.¢") = argfglginD(q(@,Z 7.9 | P(0,z]d,a, B)) (12)

*ifgl’rfﬁ[ 5 #{] 7] variational EM » {fli H SRAT ] 48t (S pil [ (lower bound)fst [ » FLA™
VTS ) PO, 2| d) fio— PR3 e RFTR - A IR TR (A -
E-step 1> {17178 ) 53 T > S48 (3 (HSZ) @Ry, o) R (il

4, = Bexp{Ellog(®) | 71} (13)

}/:a+z¢n (14)

& M-step #! - fifl 6% | REPBLET S REERAA 1R o ] PRGRS 10 SRR 2freeBipog
H I3 f/[[_'\

BEDD bW, (15)

it J‘ifgl'( af'l };E;p&_‘} Newton-Raphson fFLJFT 1~ H[27] - Girolamin #{! Kaban [13]?52?@%4([’
Dirichlet 77 Iﬁjﬁl[ﬁjﬁ > PLSA ﬁlﬁ']%ﬁ]f}:ﬂ*ﬁ LDA EI'U— [[af’.ﬁj ]

4 ~ Theme Topic Mixture Model

YL LDARET (T #’L YFJQ 3k B 2] T-ie(Exact Solution) &' Ff ETHIFEE,
S 8 R R g : Kener%pBenglo[zs];% — ﬁrﬁfﬁﬁ?” pAREIFARLE] - L K
Theme Topic Mixture Model (TTMM) © 7+ TTMM’FF:I » AT ELJ?@E‘?‘?" £ £ Theme > T [ﬂ
HLDA » TTMMEH topicflUifd 7 f B B (51 F] F & %r £ ([SLE (discrete finite set) ¥ {4
ﬁf@g@} IE E[LJ[’E[FI [/Dqﬁl?‘ R [[—'—a[q;i JF[J@J&-[@E]\TH@ l“JFd |:| }T;FJ@E” —ﬁijE] J%IZ ,

F Bledgrtitheme s [ he{l,...,J %= » | Ktopic’ I'fze {l,...,K} % - H 2o, ¢
ﬂ[ B HlF = themeﬂlif-l | M @ F{’?”JTEJ 5 P(h = j) ~ t0p101|;| i—_themeﬁuiﬁl fi Hd
P(z|h=j)I'| 5 5 ﬁw’fﬁ—J* = PSSR il P(w] 2) -

26



pi tau beta

\ 4 \4 A\ 4
M

[ﬁ[zr ~ TTMM =- ﬁlq‘aﬂ?'

Y [T RS theme A ElfJifiF’—‘, » FA

| |
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X

<
~
—
©))
~

P(d) = ZP(h = j)P(d|h=j)= ZP(h = j)H{ZP(w |2)P(z| h =)

Ero P(d|h=j)§kﬁ~5’\ﬁ7t’— W= h=j » Bt syt find,w
T izt > 2 n(d,w)=n(d) - [BEYE D ELNEFY [FIUE A 0 A5

8D OGN )R

n(d,w)
LTTMMZlog{zzﬁhj)H[ZP(wz)P(zhj)J } (17)
d j W z

Y[l PLSA — 450> B2 fh 2 oF a1 EMOH R fjl B9 SR 8 f 5 [ - 7 E-step 1
ﬁf’&%‘@ﬁlf@ ey o R it ]F‘[ﬁ > PPN B

n(d,w)
P(h= J')H[ZP(WI z)P(z|h= j)}

PR, (18)
2 Ph=pI] {Z P(w|2)P(z|h= j)}

P(h=j|d)=

P(z|h=)Pw|z)
ZP(Z' |h=)P(w]z")

P(z|wh=j)= (19)

Tt M-step h o EUSEFRIAR ] SO ffRLIED R [ B BE@E[‘?EUFWE&%ZI@ U TR AERIE I
fﬁ[](normalization constraint) % ™ A [ o BUE|ZERY g[%[’ﬁ SN S
Y. P(h=jld) > Ph=j|d)
d

P, h=j)=<=2 = 20

Trwvm € J) Zzp(h:j,|d) N (20)
%ﬁ@f’%fﬁfﬁﬂﬁjﬂZP(h:j’M):l '

A S P(h= j | d)Y n(d w)P(z | w.h = j)

Py (z1h=))= < (21)

2. n(d)P(h=j|d)

d
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[Fil=E! %ﬁ FHHﬁEUZP(z |wh=j)=1>F'H

Zzn(d w)P(h=jld)P(z|w,h = j)

ﬁTTMM 22
(vlz)= ZZZ (d.w)P(h=j|d)P(z| W,k = )) (22

= B L AT
) H

Madsen et al. [25]HZ£ U%fﬁfﬁ*’]ﬂﬁ f{ LAV A o [ELRLEPHEED [k~ U R LA
PV FREE T SR KA - FIT JiYFi FYUETRe (counts distribution) L 4
=1 f EE TR A Y puEt RS 'r* o %5 ﬁ”iﬂ/ﬂiﬁla [~ ’D1r1chlet 73 'r'J G HW‘L’L'WZ ‘1T
R 6][12][25] - 4 ¥ rﬁalw 1S LA ) © (R | PLSA T2 Dirichlet 53
pu= F;UF&T—J ffi ™| Dirichlet #81 BH* 2 — {fdl= EE_FUI |i{r7J 'r'J ’ E MR — e
T JETE % U (RO R E - SR

beta

@@

i+ BTMM = i

% BTMM ! > T@F%w & D ﬁuﬁﬂ/ FECN BT Y [FR fideld,,....d,} > 3y
T‘Elﬁr}ﬁ?ﬂ_M ]’[E*S"?ﬁ]ﬁ’%%%‘}p’lfjéf’—‘, G we{w,,..ow, R o gﬂﬁﬁéﬁ“ﬂ‘ J o
Pz ez, z) F o B F d AT w IR E”’“f LA B Rz P
Bk & Fuﬁ'f'yxg( P ELRLAS = P LT 1 g R S PR T s *ﬁgﬁ R
f/,FIJJ 'rfJ¢ ' I'] - Dirichlet priori 2253 TVEEJ" Rz BHE] - pIt > T FRLE K |[ﬁif?[5
< F[E[Fl | N IWPLFIEWJ 255 W 1\%1 ) 2p(2|d):1 0 ?ﬁg@ﬁg » BREpE T

g F‘ {6, B, P(z|d)} T3 > ;i#ﬁiFﬁlF_}%Hl » [fi*'] Dirichlet 73 "'r'fjii"_" K 27F153 '“rfj‘[/ >
PSR S g 1) wﬁi’ﬁ’ﬂff 7%—@& FE%F&IF‘, > PR3 7%@:}*ﬁ¢ffv
B o B e AR E KN+ K [ (N S A far S
'r‘J F[ " ;%iﬁ 30 r
P(w|z,f) = [ Pw| $)P(p| B.2)d¢ (23)
T (-1 RS (A, w) 50 SR 1)
P(d,w| B)=P(d)Y P(z| d)P(w| z, B)
Z (24)
= P()Y P(z| )| POw| )P(@| p.2)d¢
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AR Iﬁﬂ?‘&*} 73 T o E T URL > 35 AR RO 2 RN TS
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A - ﬁ;f%a&p’ PO }[n, B - B [20]1 AR T 55 1
(posterior distribution) ¥ {54 H{1= g - Z/[I[r J’3’?{14] £+ ffi7] Gibbs sampling < fif;Ff
B2y e SR PPV 4E > Gibbs sampling ﬁ%ﬂi BAHIL Sl Dpy R
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by P BB « SR VR R R S R e
I'] &1 Gibbs sampling F = El {435 ﬂﬂfﬁ]ﬁ fuH] e KL 842 P(z | w,) » Gibbs sampler ffi*']
7& SIERF P(z |2, w,) ¥’ Markov chain » 7 75 (I3 [ FT5724(25) FRARELTY 1
IRy

Pz|w,)= (25)

’_”H[

P(z,w,)

P(z|lz_;,w,)=
[ Paw,)dz
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Hl 2, %Az {z) o R EROT S w, 9 o S RS R -
BTMM 11 5 /373 71 53 s
P(z,w|d,p)=P(w|z,f)P(z|d) (27)
ST RV [ Sk SRS LR 5V PO 2, B) T A AT RO AR
F Y 2T P (28)
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(29)
)+ WP 53 ) Pz | d) 1T RS T R
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ﬁBTMM (zld,z_ ;)= Lt (30)
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11 () 27 55 w T [ d RO B > SR [175(29) - (30
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—i,z + VIBZ Z nt(lf—)\l
=
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S A TR B 2O ) WA 2 R 4RI
BT w B T ), T Y R R 2 R R R T,
ﬁﬁ‘f%‘ﬁ*'@%ﬁf PR F TR o pFA- Dirichlet priori » T A AR S 2 jﬁ[ﬁﬂ"
AT FIFS  #-21] B e [R5 05T HE e 2, PR U 521 1 2 K V)
TERL A A3 Markov. chain)fv ¥/ epT i = SR S (0 eI g s
Moz 'ﬁ']f@}ﬁﬁw?'%m* °
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o A F A 25 é]‘%i"fh“ R AT A MR o 12 gy TR
R i UG B =l o R ?\33'?‘{ POZRIEEY (AR RYAUSE Bl o SRS YT,
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PLSA P(w|z) P(z|d) P(d,w)
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BTMM w~ Mult($,) ¢, ~ Dir(P) P(z]d) P(d,w)

B L (FERE N BT WG] 8 Mo R R A Y
PG+ K ¥52 E(Topic) [l J £ theme Gf 1) WSS WD C o SHORLEIAY A
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({5 7 LDA i % L2 )0 B> 201 & TTMM [y W) 1) < [0 i (53
3l FH(theme) LTS — & k=g < N> [l TTMM pys2 gyt pf A= P4 PLSA 2Bl
KN + KM - ¥ BTMM f5UE[F 1> S Fbhlas = /2 v 27000 rr« GEE F o [P R )
f EJ“FE‘ RE 27F155 'r' » [i'I') & Dirichlet priori 225 S amf%pﬁ R z ﬁg [J El sEirpl
FEPLSA b s |l 33KN+K|[4

"

Fo S [ R
PLSA LDA TTMM BTMM
Parameters | O(KN+KM) O(K+KM) O(J+JK+KM) O(KN+K)

4 HER
(- ) BB TR

Y pUEiRR - 25 M H ] TREC A& pus & » 55 J[[E} Associated Press newswire
(AP) 88 {1 Wall Street Journal (WSJ) 89 » ¥ AUAREFeYF » I = Fras o Z5{Afl 2 []
=i jg\[u F'H £% Topics 101-150 » = ]E",Itfv ffd = R Jffﬁ%g(tltle)?[lﬁ?‘ﬁ(descnptlon)ﬁ[JJ
(B fy 50 fIJ’ =i |:BJFIJHﬁ JFL:fj'i 14.48 il o [F¢7 uqﬂlﬁ'} stop word #[I stemming
mmﬁﬁumwﬁW%%ﬁwéuwﬁﬁ%wwﬁ (R 4
1 o R HERT1 = BIRL&HE) Language Model (LM) ~ PLSA ~ LDA ® % ¥ A tlii BTMM
g tﬁ”ﬁ?‘“@%\ﬂf Yty ol et 16 o Bk ] By I [*ﬁfn ' Y- ETI

[l["ﬁ?q%ﬂ e P sy o T ; Precision-Recall curve #{/ mAP [‘Ptr'r_T [FFIFIJ/‘*E
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.= ~ TREC ¥ & sz ey

Collection Description Size | #Doc. | Vocabulary Size
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WSJ89 Wall Street Journal (1989), Disk2 36.5 | 12,380 17,732
AP88 Associate Press (1988), Disk1 237 | 79,908 8,783
(Z) ~ B

T R b B
Frebs PR RIS R B TREC & ¥ [Fhlsk HESFOfor=dit - i /i~ %
7 TfiEE]L Precision-Recall llii6l> 53 ] WST89 {1 AP88 fyzdiiN - PJ%LDUHE mAP fij
LRI FTORE - FEE BB (1 BASALROY R  §
ﬁﬂEW“W°MW“%HW*HMwWWﬁwTM%NW%J
ERYRPIDN R =k F 137?‘ L R & [ AR YT EJL PISk - @ P
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R FORS

Y PARGE (AU ERRA R o T WST8O ELETRR R o S [T KL AT o =
I PRl B R R VR SRR R 0 7,931 BR i o B = o0 ﬁﬁ ekl

ROV PFERRIR £ 0 88 4,449 BV o FHDERERS N IO T RS o IR T

BTMM £ LM #1 PLSA 512 € ({105
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F 0 PRV [ perplexity 1 Pk

LM PLSA LDA BTMM
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Abstract

This paper describes our Korean-Chinese cross-language information retrieval system. Our
system uses a bi-lingual dictionary to perform query translation. We expand our bilingual
dictionary by extracting words and their translations from the Wikipedia site, an online en-
cyclopedia. To resolve the problem of translating Western people’s names into Chinese, we
propose a transliteration mapping method. We translate queries form Korean query to Chinese
by using a co-occurrence method. When evaluating on the NTCIR-6 test set, the performance
of our system achieves a mean average precision (MAP) of 0.1392 (relax score) for title query
type and 0.1274 (relax score) for description query type.
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Mutual Information 2R o FHEH NTCIR-6 2 test set HIFRF M T 5 EE SR AH
R > BAF IR REE 3 #E1T A 5 2 Mean average precision (MAP) Z #5585 0.1392 ; fif
BRI ETEHRZ MAP 5 0.1274

Keywords: Korean-Chinese cross-language information retrieval, query translation
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1 Instroduction

The contents of whole Internet are growing explosively due to the improvement of the com-
puter and web technology. Besides English, the web pages written in other languages also
increase tremendously. In order to get the useful information from the Internet, many advanced
modern search engines are developed, like Googlel, Yahoo?, AltaVista®, and so on. However,
for the users that do not have any knowledge about other languages, it is impossible to get the
information in other languages by current single-language web search engines.

Therefore, the research of cross language information retrieval (CLIR) is rising quickly.
Cross language information retrieval systems allow the users to input the key words in their
own languages and then the systems will retrieve the relevant documents written in the other
language that the users want to search based on the queries the users inputted.

'http://www.google.com
’http://www.yahoo.com
3http://www.altavista.com
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There are many different approaches of CLIR. The first is the translation methods. There are
two kinds of approaches usually adopted: translation approach and statistical approach. The
translation approach uses the bilingual dictionaries, ontology, or thesaurus to translate either
queries or documents. The statistical approach uses pre-constructed bilingual corpora to extract
the cross-lingual associations without any language translation methods [1-3]. The translation
approach is restricted with the coverage and the precision of the dictionaries. The statistical
approach can extract bilingual lexicons automatically; however, it bases on a well-constructed
and large-scaled bilingual corpus which requires a lot of human effort.

In translation approach, there are two different targets to do the translation. One is doc-
ument translation; the other is query translation. The document translation approach is to
translate all the documents in the collection from the target language to the source language the
users use. Then, while the users give the query, the system will do a monolingual information
retrieval. The query translation translates the query in the source language that user inputted
into the target language and then retrieval the documents which is written in the target language.
The document translation approach is possible if there exists a high quality machine transla-
tion system. [4,5] However, the document translation approach is not very practical when the
documents are not stable or can be updated frequently, like the web text retrieval.

In this paper, we propose a Korean-Chinese cross-language information retrieval system.
We adopt the query-translation approach because it is effective. Moreover, the translation
method, which is dictionary-based, does not involve a great deal of work. In CLIR, the most
serious problem is that unknown words cannot be translated correctly. To resolve the problem,
we utilize Wikipedia, an online encyclopedia, to expand our dictionary to make higher cover-
age of vocabulary. Another difficult issue involves translating Western people’s names written
in Korean into Chinese. As a solution, we propose a transliteration mapping method to deal
with the problem.

The remainder of the paper is organized as follows. In Section 2, we give an overview of
our system and describe its implementation, including the translation and indexing methods
adopted. In Section 3, we detail the evaluation results of our CLIR system based on the topics
and the document collections provided by NTCIR CLIR task, and discuss the effectiveness of
our method, as well as some problems that have to be solved. Finally, in Section 4, we present
our conclusions and indicate the direction of our future work.

2 System Description

Figure 1 shows the architecture of our CLIR system. It is comprised of four stages. First, a
Korean query is chunked into several key terms, which are then translated into Chinese by three
dictionaries. In the third stage, we disambiguate the translated terms and transform them into a
Lucene query. Finally, the query is sent to the Lucene IR engine and the answer is retrieved.

2.1 Query Processing

Unlike English, Korean written texts do not have word delimiters. Spaces in Korean sentences
separate eojeols, which are composed of a noun and a postposition, or a verb stem and a verb
ending. Therefore, Korean text has to be segmented. There are two types of queries that the
users might make. One is composed of several key words; the other is an natural language
sentence. Therefore, we use two different segmentation methods to deal with these two query
types separately.

Due to the characteristics of the Korean language, the keyword-typed queries written in
Korean are comprised mainly of nouns. We use spaces to split the title into several eojeols, and
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Figure 1: System Architecture of Our CLIR System

then remove the postpositions at the end of the eojeols according to our predefined rules.

For the natural language sentence of a Korean query, we use the KLT Term Extractor,
developed by Kookmin University in Korea. KLT term extractor will do the word segmentation
to extract vital key words which are useful for information retrieval and remove stop words.

2.2 Query Translation

2.2.1 Bilingual Dictionary Translation

Due to copyright restrictions, we use the free online Korean-Chinese dictionary provided by the
Daum Korean web site>. We send the key terms obtained in the query processing stage to the
online dictionary. However, as a general bilingual dictionary is not suitable for proper nouns,
we use Wikipedia®, an online encyclopedia, to expand our dictionary. In Wikipedia, an item
might contain inter-language links to the same item in Wikipedia written in other languages.
Therefore, we send a Korean term to Korean Wikipedia. If it contains an inter-language link to
Chinese Wikipedia, we can find the corresponding Chinese word. This method is very efficient
because it yields accurate Chinese translations of Korean words.

The Daum Korean-Chinese dictionary is written in simplified Chinese, as are many pages
in Chinese Wikipedia. We use a simple mapping table to convert simplified Chinese characters
to traditional Chinese characters.

If some terms cannot be found in the Daum dictionary or Wikipedia, we apply the maximal
matching algorithm to split a long term into several shorter terms. Then, the shorter terms are
sent to the Daum dictionary and Wikipedia to search for Chinese translations.

“http://nlp.kookmin.ac.kr/HAM/kor/index.html
Shttp://cndic.daum.net
Shttp://www.wikipedia.org
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2.2.2 Person Name Translation

The person names may often appear in the query. Although Wikipedia contains many fa-
mous people’s names around the world, some people’s names are still excluded. Therefore,
it is necessary to deal with this person name translation problem. Unlike Korean-English or
Korean-Japanese CLIR, transliteration methods are not appropriate for Korean-Chinese CLIR
because so many Chinese characters have the same pronunciation in Korean. Besides, to trans-
late Japanese personal names, Korean uses the Hangul alphabet to pronounce the names of
Japanese people; however, Chinese uses original Chinese characters with Mandarin pronunci-
ation, instead of Japanese pronunciation of Chinese characters. Thus, transliteration methods
are not useful in this context. To solve the problem, we use Naver People Search’, a database
containing the basic profiles of famous people, including their original names. We can submit
person names in Korean to Naver people search and get their original names. If the original
name is composed of Chinese characters, it is clearly Chinese, Japanese, or Korean; therefore,
we can send it to next stage directly, i.e., the disambiguation stage. If, however, the original
name is in English, we use the English name translation table provided by Taiwan’s Central
News Agency (CNA)? to translate it into Chinese and the proceed to the next stage.

2.3 Term Disambiguation

In the past, the Korean language adopted many Chinese words. More than half of its vocabulary
comprises Chinese words. Now, however, Koreans use Hangul, an alphabet writing system,
instead of Chinese characters, which is an ideograph writing system. As a result, many different
Chinese loanwords have the same pronunciation when written in the Hangul alphabet. For
example, the four different Chinese loanwords with different meanings: “¥48” (ideal), “LA £~
(above), “E %" (unusual), and “FE4R” (indisposition) are written in the same way as the Hangul
word “©] 4 because their pronunciation is the same in Korean. This creates a very serious
ambiguity problem when Korean is translated into Chinese. Therefore, choosing the correct
translation term among translation candidates is important.

For each term in a given query (), there may be several possible translation candidates. To
select the best translation term among all the candidates, we must not only consider the original
query term ¢t but also consider all the other terms in () and their translation candidates. We
denote the j-th translation candidate for the ¢-th term ¢t; in ) as tc;;. We adopt the mutual
information score (MI score) [6] to evaluate the co-relation between the tc;; and all translation
candidates of all the other terms in (). The MI score of tc;; given () is calculated as follows:

IRl Z(gtz) Pr(tci;, tesy)
MI score(tc;;|Q) = Z Z Pr(

S o P (tci; Pr(tcxy)

where Z(qt,) is the number of translation candidates of the z-th query term qt,; Pr(tc;;,tcy,)
is the probability that ¢c;; and tc,, co-occur in the same sentence; and Pr(tc;;) is the proba-
bility of Zc;;. The values of the probabilities are obtained from Chinese Information Retrieval
Benchmark (CIRB) Chinese corpus which is provided by NTCIR CLIR task [7]. The higher the
translation candidate’s MI score is, the higher weight is assigned to it in the retrieval module.

"http://people.naver.com
8nttp://client.cna.com.tw/name/
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2.4 Chinese Document Indexing

The Chinese documents we use is CIRB 4.0 documents which is provided by NTCIR. The
CIRB 4.0 documents are pre-processed to remove noise and then segmented by CKIP AutoTag
[8] to obtain words and part-of-speech (POS). We use Lucene’, an open source information
retrieval engine, to index Chinese documents. Our index is based on Chinese characters.

2.5 Lucene Queries

After processing a Korean query into several terms and translating it into Chinese, we transform
the Chinese terms into a Lucene Query. Different Chinese terms are separated by a space, which
means an “OR” operator in the Lucene format. If a term has different translation candidates,
the weight of the candidate with highest mutual information score will be increased by 1 by the
boost operator. The other candidates are boosted by a weight that is the reciprocal of the total
number of candidates. The boost operation affects the ranking of the documents the Lucene
returns. The default boost value of each terms is 1, and we decrease the weight of the candidates
with lower mutual information score to make them not affect the ranking so much.

3 Evaluation and Analysis

In order to evaluate our CLIR system, we use the topics and the document collections which is
provided by NTCIR-6 CLIR task [7]. The topics contains 50 Korean queries composed of four
parts: title, description, narration, and keywords. We use these topics as the queries that users
inputted in our system.

The main metric to evaluate the performance of information retrieval is Mean Average
Precision (MAP) [9]. Average precision is based on the whole list of documents returned
by the system and emphasizes returning more relevant documents earlier. The Mean Aver-
age Precision is the mean value of the average precisions computed for each query. Besides,
R-precision [10] is also a good metric which is the precision among the front of R relevant
documents.

There are two kinds of relevance judgments: Rigid and Relax. A document is rigid relevant
if it is highly relevant; a document is relax relevant if it is highly relevant or partial relevant.
Our evaluation is based on the 50 topics which is selected by NTCIR-6 CLIR task to compute
among all 140 topics they provided.

In order to evaluate the effectiveness of our CLIR system, we build a monolingual Chinese
IR system for comparison. NTCIR-6 CLIR test set also contains the Chinese topics which
meanings are the same as Korean ones. We use these Chinese topics as queries and apply CKIP
AutoTag to do Chinese word segmentation and remove Chinese stop words. Then, we use
Lucene search engine we use in our CLIR system to retrieve related Chinese documents.

We do the four different runs:

e KC-title-run: a run using a Korean title field to retrieve Chinese documents.

e KC-description-run: a run using a Korean description field to retrieve Chinese docu-
ments.

e CC-title-run: a monolingual Chinese run using Chinese title field to retrieve Chinese
documents.

http://lucene.apache.org/
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Table 1: Evaluation Results

Run Rigid Relax
MAP R-precision | MAP  R-precision
KC-title-run 0.1118 0.1420 0.1392 0.1781
KC-description-run | 0.1022 0.1311 0.1274 0.1760
CC-title-run 0.1501 0.1961 0.2141 0.2747
CC-description-run | 0.1567 0.2111 0.2157 0.2788

e CC-description-run: a monolingual Chinese run using Chinese description field to re-
trieve Chinese documents.

Table 1 shows the performance of our Korean-Chinese CLIR system and the monolingual
Chinese IR system. The performance of Korean-Chinese CLIR is not as good as that of Chinese
monolingual IR. We have investigated why it is difficult to retrieve high precision answers to
some queries.

3.1 Problems of Bilingual Dictionaries

We use a general bilingual dictionary and Wikipedia to translate most of the words in 50 topics
provided by NTCIR-6 CLIR task. Although we have used Wikipedia to expand our dictionary,
there are some problems that cause translations to fail. The first problem is that there are still
some unknown words. For example, the word “#8l ©F” (embryo) is not listed in the dictionaries.
The other problem is that the dictionaries do not always have the proper translation candidates
of the words and terms in queries. For instance, the word “Z}F %" (monitor) is not translated
correctly because the dictionary lacks the correct translation and provides another translation

== e LLisy

instead, i.e., “fH " (deep blue). Also, the word “ %} (cancer) in one topic is translated as ‘7=
(rock), “F&” (nunnery), and “[f” (female), but no correct translation, i.e., “J&” (cancer).

3.2 Different Phraseology Used in Taiwan and China

The Daum Korean-Chinese dictionary that we use was written people studying Mainland Chi-
nese, i.e., Pinyin. However, the CIRB 4.0 document collection contains Taiwanese newspapers.
Taiwanese people use traditional Chinese characters, whereas Mainland Chinese people use
simplified characters. Besides the difference in characters, the vocabulary and grammar used
in Taiwan and China are slightly different. The differences between Taiwanese Chinese and
Mainland Chinese can make IR difficult.

The following are some examples of the difficulties we face. The term “3t 3= (mobile
phone) is translated into Mainland Chinese word as “T% ¥ 55" (the phone that can move);
however, the correct word used in Taiwan is “FF#£” (the machine held in the hand). The word
“H A A} (gene) is translated to “5&fE T (the factor of heredity) , not to correct word “Z[&”
(the Mandarin transliteration of the English word “gene”) used in Taiwan. The word “<1 €] 41
(internet) in some topics is translated to “A.H##fd” (the net connecting to each other) , but the
correct word used in Taiwan is “HEFERIEL (cyber network).

3.3 The Limitations of Maximal Matching Algorithm

If a term is not defined in our dictionaries, we split it into several shorter terms by the maximal
matching algorithm discussed in Section 2.2.1. In some cases, however, the algorithm do not
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segment a term correctly. For example, for the term “¥] 3 = &”(contactless), the correct
segmentation is W] (not)- 3 < (contact)- 3 (type). However, it is segmented as H] -=-3 so
that the wrong word, “¥] 5”(convalescing), is retrieved.

3.4 Different Expressions Used in Korean and Chinese

In some topics, different expressions used in Korean and Chinese may cause translation prob-
lems. In one of the topic, the word “10TH” refers to people aged between 10 and 19. Similarly,
“20t}” means people aged from 20 to 29. Therefore, the corresponding translation of the word
“10t)” in this topic is “FF A4 (teenager). However, our system translates the numbers and
the Hangul characters separately so that the final translation is “10{{” (ten generations). This
is a semantic problem that our system has difficulty coping with.

Another problem relates to abbreviations used in Chinese. For instance, in another topic,
“9f =<l =5 A} (foreign worker) is translated into “4}BJ A\ 4% T.” (foreign worker) by our
system. However, in Taiwanese newspapers, the abbreviation “4$45” , which is composed of
the first characters of the two words : “4}B{ A\ (foreigner) and “#5 1. (worker), is used more
frequently. Our translation in one of the topic for the phrases “ X}%5 HFol|” is “ ¥ #%EE”
(anti-nuclear), but the abbreviation “X#%” is frequently used.

4 Conclusions and Future Works

We have described our Korean-Chinese CLIR system. It is based on a query-translation ap-
proach and uses a general Korean-Chinese dictionary and Wikipedia to translate words and
terms. To obtain person names, we use the Naver people search website and the CNA translit-
eration table to translate the names.

We have evaluated the performance of our Korean-Chinese CLIR system with the Korean
topics and the Chinese document collection which is provided by NTCIR-6 CLIR task. Our
translation method is effective, but there are still some cases where the precision is low. We
believe the problems are due to the limitations of the dictionaries, the different phraseology
used in Taiwan and China, and the expressions used in Chinese and Korean.

In our future work, we will apply a Chinese thesaurus to overcome the problem of different
Chinese phraseology and use more bilingual dictionaries to reduce the number of unknown
words. We will also incorporate a query expansion method into our CLIR system to improve
its precision.
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Abstract
In this paper, we propose several compensation approaches to alleviate the effect of additive

noise on speech features for speech recognition. These approaches are simple yet efficient noise
reduction techniques that use online constructed pseudo stereo codebooks to evaluate the statistics in
both clean and noisy environments. The process yields transforms for noise-corrupted speech features
to make them closer to their clean counterparts. We apply these compensation approaches on various
well- known speech features, including mel-frequency cepstral coefficients (MFCC), autocorrelation
mel-frequency cepstral coefficients (AMFCC), linear prediction cepstral coefficients (LPCC) and
perceptual linear prediction cepstral coefficients (PLPCC). Experimental results conducted on the
Aurora-2 database show that the proposed approaches provide all types of the features with a
significant performance gain when compared to the baseline results and those obtained by using the
conventional utterance-based cepstral mean and variance normalization (CMVN).
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Keywords: automatic speech recognition ~ pseudo stereo codebooks ~ cepstral statistics compensation,
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TSR [ (S-CMVN)IU RIS » A1 Ul ih AR 4 % BIPR B 7,
UCMW@?S@WN?ﬁ?ﬁﬁﬂﬁﬁﬁﬂﬁﬁAwﬁ%} $amﬁug P!
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Set A subway babble car exhibition | average | baseline
MFCC 72.91 69.71 68.71 69.22 70.14 61.99
AMFCC 68.60 72.02 68.94 65.58 68.78 65.52
LPCC 72.25 71.32 71.50 70.18 71.31 51.26
PLPCC 75.24 74.34 73.72 74.60 74.48 57.38

Set B | restaurant street airport | train station | average | baseline
MFCC 71.60 72.16 71.00 68.28 70.76 55.78
AMFCC 72.89 71.23 73.35 70.23 71.93 59.43
LPCC 73.44 72.82 74.68 70.69 72.91 49.58
PLPCC 76.48 75.79 77.01 73.23 75.63 54.51

FPH T B I IR T R b PR REE (%)

Set A subway babble car exhibition |average | U-CMVN
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LPCC 76.08 76.63 76.87 73.84 75.86 72.91
PLPCC 77.69 77.48 78.21 7513 7713 75.63
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%*fﬁ%ﬁﬁ%%%ﬁ jwﬁkﬁq&mﬁﬁ@w%? %ﬁ“::ﬁfwi HELA] P o

2. ,+4\ﬁmgu|sfswm RS A Syl J%&IE}?BF% " S-CMVN = U-CMVN > IHPJ
%J%ﬁymwﬁw'ﬂ“»Eﬁﬁﬂﬁ@%@wﬁﬁ®Wﬂ%WWE%Wﬁ%W%%ﬁ
IR s -

3. HEARE S PEVRY B G| 0 B DR B B o dr BRI > SRR PR N
AT A~ TS A1 T B B BB e TR S PR - g e
H¥E MFCC > = FEFR RO ke 5 0 6k BRI N 155 512 7 256 g Pt 178
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4~ AT EUFART IS P It | 7 USSR R - o
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2~ RTINS (CSOD RIS (%) - 31 [l N A B e

Set A subway babble car exhibition | average | S-CMVN
MFCC (N=512) 78.71 75.84 80.54 77.40 78.12 73.53
AMFCC (N=512) 79.11 74.26 82.80 75.91 78.02 72.66
MS-LPCC (N=1024) 75.81 72.31 82.38 74.62 76.28 24.60
AC-LPCC (N=1024) 74.94 75.71 81.19 74.54 76.60
MS-PLPCC (N=128) 77.79 76.14 81.25 78.71 78.47 e
AC-PLPCC (N=32) 78.64 76.57 78.55 77.70 77.87
SetB restaurant | street airport | train station | average | S-CMVN
MFCC (N=512) 75.08 77.82 77.15 77.77 76.95 74.45
AMFCC (N=512) 73.15 79.36 77.28 79.10 77.22 74.71
MS-LPCC (N=1024) 73.57 76.55 78.48 79.16 76.93 25,86
AC-LPCC (N=1024) 76.35 75.95 80.24 79.61 78.04
MS-PLPCC (N=128) 77.24 77.47 80.40 79.55 78.66 -
AC-PLPCC (N=32) 76.76 77.06 79.90 78.07 77.95

FA R [ (LLS)V PR (%) » 1N A o i

Set A subway babble car exhibition | average | S-CMVN
MFCC (N=512) 78.92 76.09 80.01 76.57 77.90 73.53
AMFCC (N=512) 76.97 75.06 80.35 73.46 76.46 72.66
MS-LPCC (N=1024) 72.85 75.23 79.79 71.18 74.77
AC-LPCC (N=1024) 71.70 77.48 | 78.22 70.91 74.58 74.60
MS-PLPCC (N=64) 79.74 77.70 81.37 79.22 79.51 LT
AC-PLPCC (N=64) 76.63 77.15 76.02 75.93 76.43
Set B restaurant | street airport | ftrain station | average | S-CMVN
MFCC (N=512) 78.89 78.19 77.72 77.62 77.35 74.45
AMFCC (N=512) 74.45 77.55 77.29 76.95 76.56 74.71
MS-LPCC (N=1024) 75.29 74.91 79.42 77.97 76.90
AC-LPCC (N=1024) 77.82 74.32 80.66 78.12 77.73 75.86
MS-PLPCC (N=64) 78.71 78.91 81.17 80.44 79.81 e
AC-PLPCC (N=64) 77.79 75.56 79.40 76.69 77.36
SR T”* A

YtTui" NS T R SSREAR E T B F@fﬁ?ﬁ B HeR| R T IR FF'”ﬁEﬁF [
(CSC) ~ S f| 1 [ (LLSYE SR - F b [piBi (QUS) » (W) 15 Doeisy i e
i 198 BB (R BOMFCC) Elﬁlﬁwm T FHAMFCC) -S4 R R LPCC)
CECEE Eur;ﬂ:?. g (PLPCC) - Iwr'%ﬁi RS R LR "'ﬁ BRI
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Set A subway babble car exhibition | average | S-CMVN
MFCC (N=256) 77.71 76.44 82.60 77.38 78.53 73.53
AMFCC (N=512) 72.61 76.94 81.08 71.02 75.41 72.66
MS-LPCC (N=1024) 69.82 74.99 80.80 71.04 74.16 74,60
AC-LPCC (N=1024) 67.35 75.45 77.81 69.54 72.54*
MS-PLPCC (N=64) 76.83 76.74 82.80 77.94 78.58 e
AC-PLPCC (N=512) 71.48 73.05 74.29 72.48 72.82*
SetB restaurant street airport train station | average | S-CMVN
MFCC (N=256) 73.88 77.19 77.70 79.18 76.99 74.45
AMFCC(N=512) 74.47 75.50 78.95 78.72 76.91 74.71
MS-LPCC (N=1024) 74.75 72.06 79.65 78.55 76.25 AT
AC-LPCC (N=1024) 75.28 70.17 78.92 76.97 75.34*
MS-PLPCC (N=64) 76.53 76.60 81.22 81.19 78.89 27413
AC-PLPCC (N=512) 72.61 70.62 76.19 74.24 73.41*
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R DR E IS ESIRI Y O [ 2 PSS R A R
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2 _ {0;;:;” (02) ade}:i (02 )} +D, gmd (O-qmd + lqumd) ﬂZ
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z
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9;’;2<02>=i WZ ezqygma)max(o,—y;‘”’*)oz(rf (26)
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{— 1+2e(q,u) if uand q are same phone }

A(g) =max . .
—1+e(q,u) if uandq aredifferentphones

u

(28)

H 1 e(q.u) K57 ok g TEATI 0 % w FOF A IR U S JOR8) - R g
ey bl R BI BRI — 14 2e(q.u) > > VERIFHEIT 1+ e(q,u) > ftis A(g) 2V
S FUMOL RSk Y g DT L
A1 RS BTRUA  k T o - lﬁmﬂ My IR F) PR IR i T
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“l N ﬁ J '“ij’l =X Ia:lii”;‘ /c[SI}_
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2. EUQ’ Ve FE} ?]E‘\ff\_l i =k ELHT 5 (Phone-by-Phone) ¥« it 5 5 » 914 (28)F=- » =
El i [;El AR -1 E+1 o g By AR e i R o J[ﬁjF", FFE%(Phone Arc) > &
S TR A E 1 PSSR R T RO EE AR - B e 5
13'5“1”?3 1T SR -
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Functlon Ft'[":TFA)mE\T7~ V]J“ R FF"[ =k ’Fi%} #}“@\7{13
fj o(q,ult
TimeFrameA ccuracy(q) = ZS"— (29)
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5(q5u(t))_{_p ’l'fq;tu(l‘),o<p<1} ( )
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ek « i 2 AR %ﬁﬁpr E}(ﬁAwfwﬁ7P w@%‘ﬁﬁ%Wﬂ30®%
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TimeFrameAcc(W,) = ZT imeFrameAccuracy(q) (€29)
qew;

}H (31)TV R (28) tl[ =ﬁ:1z Al s Eﬂjf jﬁ?ﬁf?‘, =) ’p’fg’ﬁ*(Maximum Time
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4
Foa(A) = Z Z pW, | O, imeFrameAcc(W;)
z=l W;eW, .
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Z O, |W)HP (W,
:Z Z P1(0: WP ( ')TimeFrameAcc(Wi)
=1 €W, juice p(Oz)

PIt s By EI?’L j?**‘ﬁ'%ﬁjﬁﬂié IR I;g_“ﬁrg&“’:x’ﬂ’*wflf[ I [rjt IR E 1 ] -
YhFﬁii/ =1 S Blf¥Ee(Sigmoid Function) s 4 Eﬂj il jﬁ?ﬁfj{] = FE} e L(29))E{Lj
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H SO PIER[IZ(30) > a = 1 S BT SR 2 a;firfuswrygmu@ B
E'[J}iffﬂSF'J*y]g}wﬁ 7% o F’fk(33)ﬁj[ﬁ+@?§§[§“ 1 Z[+1 Vf - i ,iﬂﬁl Fli— HERER
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PR, Rt £ FLRE (A e R E IV 3 o Ry AR v ek £5 0 Z[llog, N > EHIN
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B IPRL = e FEZE 0 AT 1 ;rsr‘& (P < L PR32 2V (Hard
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(7 SR PR = FL Y i\ﬁF'JF”Tfﬁl HIposE | [~ (Diagonal) V HABE S « [f] f, tn v
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Abstract

The performance of a speech recognition system is often degraded due to the mismatch
between the environments of development and application. One of the major sources that
give rises to this mismatch is additive noise. The approaches for handling the problem of
additive noise can be divided into three classes: speech enhancement, robust speech feature
extraction, and compensation of speech models. In this thesis, we are focused on the second
class, robust speech feature extraction.

The approaches of speech robust feature extraction are often together with the voice
activity detection in order to estimate the noise characteristics. A voice activity detector (VAD)
is used to discriminate the speech and noise-only portions within an utterance. This thesis
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primarily investigates the effectiveness of various features for the VAD. These features
include low-frequency spectral magnitude (LFSM), full-band spectral magnitude
(FBSM), cumulative quantized spectrum (CQS) and high-pass log-energy (HPLE).
The resulting VAD offers the noise information to two noise-robustness techniques,
spectral subtraction (SS) and silence log-energy normalization (SLEN), in order to
reduce the influence of additive noise in speech recognition.

The recognition experiments are conducted on Aurora-2 database. Experimental results
show that the proposed VAD is capable of providing accurate noise information, with which
the following processes, SS and SLEN, significantly improve the speech recognition
performance in various noise-corrupted environments. As a result, we confirm that an
appropriate selection of features for VAD implicitly improves the noise robustness of a
speech recognition system.

Keywords : voice activity detection, spectral magnitude, spectral subtraction, speech

recognition
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fife!
] F 255 (Word Sense Disambiguation, WSD)RLF 1 IRGH = B F I E el fiv— ZBL £ 7 F'J
Naive Bayes [I*/ 7] Z%Ela%(clasmﬁer) ZH|F SRRV T ﬁ@%ﬁﬂbﬂ E ?*[fl)rl ) ﬁ (AT
Ed[ bgﬁ%’ﬁj B o El’ﬁj = I'] Le and Shimazu (2004)5 1~ Forwar Sequent1al
election Algorithm < i Z[[fs [ i fi]—ij AT £ 25 17) Senseval-2 f[ 1 English lexical sample
W;grf;\ ;ﬂ[ KIS I;H HE61.2%} JL—FE} = Senseval-2 2 FH HT— £ FiElE [ 64.2

Eﬁﬁ% 12 306 + 5T 4 SIS I R IR AR 0,59 -

RE SRR ¢ A S PE#(word sense disambiguation) ﬁf‘ i (collocation) » FH 3k (A% B 7
(dependency relations) > sketch engine > Stanford parser » Hownet > Naive Bayes » Forward
Sequential Selection Algorithm

= R R A T TRIPVRURL > 519 bank EpERLS o gL > T2 - FHE
ﬂﬁ—%puﬁlpﬁﬁiﬁl AT *J?—ﬁ%* [t 7] v 5~ l[ﬁ'aﬁ%@rpeﬁwﬁm IOl e Fﬂ
AR R TR R ’FI“E} fﬂﬁ‘?lﬂ JF' RTNEE S BN [RIIEREIES E‘Lé bhiF
g “%%'Wmﬂﬂw>ﬂm%mwwm4bwkﬁfﬂ@wﬁm%*’w% ?@ﬁ-
Erml o PR YR R 16 EJJD:V”’ o F§ [FEJF’?IF[I FIpURRE Rl Senseval-2 English lexical
sample > £L7F 2001 = Frgg 7 I }"I\*[HIC[JF% 1773 |["T [ F[JE VRIS » ﬂ[fh4J R é’ﬁ?ﬁ] .
Wﬁﬁ’ (ETFl— flt F AR T il [Hi 3 rﬁﬂiﬂ‘iﬁ[fﬂ [y S HF PRI RE 58 U
i8]

Senseval-2 [0 | B HEE uFﬂHfL[ ] XML puB[ZE @ o I - 207 Dfl’HF' iy -

<instance id="art.40001" docsrc="bnc_ACN_245">

<answer instance="art.40001" senseid="art%1:06:00::"/>

<context>

Their multiscreen projections of slides and film loops have featured in orbital parties, at the
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Astoria and Heaven, in Rifat Ozbek's 1988/89 fashion shows, and at Energy's recent
Docklands all-dayer.

From their residency at the Fridge during the first summer of love, Halo used slide and film
projectors to throw up a collage of op-art patterns, film loops of dancers like E-Boy and
Wumni, and unique fractals derived from video feedback.

&bquo;We're not aware of creating a visual identify for the house scene, because we're right
in there.

We see a dancer at a rave, film him later that week, and project him at the next rave.&equo;
Ben Lewis Halo can be contacted on 071 738 3248.

<head>Art</head>you can dance to from the creative group called Halo

</context>

</instance>
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object_of 50.1 pp* 50.9
Subject 50.2 possessor 50.1
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140




object_of 51.9 pp* 51.9
Subject 51.9 possessor 51.9
subject_of 51.9 possessed 51.9
comp_of 51.9 Modifier 52.0
Comp 51.9 Part 51.9
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Abstract

We introduce a new method for automatically disambiguation of word translations by using
dependency relationships. In our approach, we learn the relationships between translations and
dependency relationships from a parallel corpus. The method consists of a training stage and a runtime
stage. During the training stage, the system automatically learns a translation decision list based on
source sentences and its dependency relationships. At runtime, for each content word in the given
sentence, we give a most appropriate Chinese translation relevant to the context of the given sentence
according to the decision list. We also describe the implementation of the proposed method using
bilingual Hong Kong news and Hong Kong Hansard corpus. In the experiment, we use five different
ways to translate content words in the test data and evaluate the results based an automatic BLEU-like
evaluation methodology. Experimental results indicate that dependency relations can obviously help us

to disambiguate word translations and some kinds of dependency are more effective than others.

il - WREER ARTHB IR - TR R 17"‘"3%%[’7

Keyword: translation selection, statistical machine translation, parallel corpus, decision list,
dependency.

1. Introduction

English is the major language in today’s world; for this reason, the latest knowledge and information is mostly
written in English. People who want to get new information have to be good at reading English. Although

non-native speakers of English can consult a dictionary to understand the meanings of a word, it is still difficult
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to find the suitable translation of m-context meanings of the words in the specific sentence. Hence, there are
more and more machine translation systems on the web to help people overcome the language barrier. For

example, BABEL FISH(http://babelfish.yahoo.com/translate_txt) and Google Translate (http://google.com/tra

nslate_t) are two representative machine translation services on the web.

The traditional machine translation systems mostly translate by word or phrase. However, such a word
(phrase)-based approach may lead to problems for not considering the structure of the sentence. Consider the
word “motion” in the given sentence. When the sentence containing it was submitted to BABEL FISH (Figure 1)
for translation, the incorrect answer “%£7” is returned. To improve the kind of limitation seen in BABEL
FISH, many researchers consider cross-language phrasal information in statistical machine translation (SMT).
At present, some machine translation systems (e.g., Google Translate) have been developed based on the idea to
improve performance. However, we submit whole sentence containing “motion” and “passed” to Google
Translate (Figure 2), we still cannot get the suitable translation like ‘ﬁf/ﬁ’ of the word “passed”, especially
when “motion” and “passed” are for apart. Sometimes, words are not translated at all. To obtain the proper
translation of the words in a sentence, a promising approach is to consider the syntactic information of the

sentence, and to use them for improving the performance of word translation disambiguation (WTD).

YAHOO! BABEL FIsH  Sianln

New User? Sign Up

TFE"Education fEE-literacy” {KEBEIRTEE

[ Search the web with this tesxt |

Translate again - { Enter up to 150 words )

| move that thenn "Education on media
literacy” as set out on the Agenda be [passed

Figure 1. Submitting text containing “motion” and “passed”
to BABEL FISH for translation in Chinese

We present a new method that automatically determines the translation of given words in the sentence by
considering dependency relationships between the words in a sentence. Dependency information includes
structure information and dependency can be established between two words that are far apart in the sentence.
For example, consider the following sentence “I move that the motion on "Education on media literacy” as set
out on the Agenda be passed.”, “motion” and “passed” has a dependency of subject-complement. Intuitively, by
conditioning probability of translations of “motion” and “passed” on the dependency pair, nsubjpass (passed-20,
motion-5), we can find the correct translation of the words for the context.

The rest of the paper is organized as follows. We review the related work in the next section. Then we

present our method in details for automatically training a word translation disambiguation system (Section 3).
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Afterward we compare the quality of results between the proposed model and other models (Section 4). Finally,

we discuss the results, make conclusion, and close with future work.

GO ( Jg[e | TextandWeb | Search Results

Translate

Translate Text

Original text:

I move that the [MoTIOn Jon "Education on media literacy™ as set out on the
Zgenda be |passed]

English to Chinese (Traditional) BETA ~ || Translate

Automatically translated text:

Figure 2. Submitting text containing “motion” and
“passed’ to Google Translate for translation in Chinese

2. Related Work

Word translation disambiguation has been an important problem in natural language processing. This problem is
related to the WSD tasks and is one of the difficult issues in machine translation. In our work, we focus on
finding the translations of each content word in the given sentence. The contexts would be English and the target
words will be their translations in a second language (e.g., consider the word “motion” can be translated as ““/~
FI7 or /E?g%‘” depending on the sentential content).

Dagan, Itai, and Ulrike (1994) presented an approach for resolving lexical ambiguities in one language
using a statistical data on lexical relationship in another language. Yarowsky (1994) showed that decision list
(Rivest, 1987) is a good way to model the relation between the words and their translations. We also use the
decision list in our approach for estimating translation probability of the word. Yarowsky (1995) exploited two
powerful properties that one sense per collocation and one sense per discourse for WSD. He also presented a
bootstrapping approach for word sense disambiguation. We also exploit one sense per dependency relationship
in our approach.

Pedersen (2000) presented a corpus-based approach to word sense disambiguation that builds an ensemble
of Naive Bayesian classifiers, each of which is based on lexical features that represent co-occurring words in
varying sized windows of context. Koehn and Knight (2000) present a novel approach to the WTD problem that
can be trained using only unrelated monolingual corpora and a lexicon to estimate word translation probabilities
using the EM algorithm. Zhou, Ding, and Huang (2001) also proposed an approach to training the translation

model by using unrelated monolingual corpora. They parsed a Chinese corpus and an English corpus with
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dependency parsers, and two dependency triple databases are generated. Then, the similarity between a Chinese
word and an English word can be estimated using the two monolingual dependency triple databases with the
help of a simple Chinese-English dictionary. Their translation model overcomes the long distance dependence
problem to some extent. Their model can be used translate Chinese collocations into English. In our approach,
we only parse the English sentences in a parallel corpus with a dependency parser and try to translate English in
to Chinese.

Li and Li (2002, 2004) considered bilingual bootstrapping as an extension of Yarowsky’s approach. When
the task is word translation disambiguation between two languages, they used the asymmetric relationship
between the ambiguous words in the two languages to significantly increase the performance of bootstrapping.
They have developed a method for implementing this bootstrapping approach that combines the use of naive
Bayes and the EM algorithm. Ng, Wang, and Chan (2003) considered WSD when manually sense-tagged data is
not available for supervised learning. They evaluated an approach to automatically acquire sense-tagged training
data from English-Chinese parallel corpora. Pham, Ng, and Lee (2005) have investigated the use of unlabeled
training data for WSD, in the framework of semi-supervised learning. Empirical results show that unlabeled data
can bring significant improvement in WSD accuracy. We used a bilingual corpus but we do not require sense
annotation of the data, because we rely on word alignment tool to annotate translation information of the words
in the source sentences.

In a study more closely related to our work, Carpuat and Wu (2005) purposed a state-of-the-art Chinese
word sense disambiguation model to choose translation candidates for a typical IBM statistical MT system.
However, they did not obtain significantly better translation quality than using statistical machine translation
system alone. But Cabezas and Resnik (2005) purposed using target language vocabulary directly as “sense,”
leading to small improvement in translation performance over a state of the art phrase-based statistical MT
system. In previous work, human judgment is required for evaluation of sample word tasks of WSD or WTD. In

our research, our goal is to study all-word task of WTD and we propose an automatic evaluation methodology.

3. Word Translation Disambiguation Via Dependencies

Finding the appropriate translation of content words in a given sentence is important for machine translation as
well as computer assisted language learning. State of the art phrase-based statistical MT systems do a good job
if the word providing the “hint” is nearby. Unfortunately, a phrase-based MT system may fail to use of the word
that is in a distant from the word we want to translate. To translate the words of the sentence, a promising

alternative approach is to find the likely translation of each word through statistical analysis of its dependencies.
3.1 Problem Statement

We focus on a subtask of MT system; that is we focus on finding the appropriate translation of content words
via dependencies. These dependencies provide recursive syntax structure information of the words in the
sentence. We collect these dependencies and the relevant translations in a parallel corpus and find out the
relationship between them. The goal is to find the proper translation of content words in the given sentence.

Formal statement of the problem is as follows.
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Problem Statement: We are given an English sentence S (e.g., “A very big apple on the table was eaten by
him.”) that we want to translate. Our goal is to give each content word, w;, w,,..., wy, in S a most appropriate
Chinese translation relevant to the context of S. For this, we derive dependencies (e.g., advmod (big-3, very-2),
amod(apple-4, big-3), nsubjpass(eaten-9, apple-4), etc.), di, ..., d, in S, then use the dependencies of the word w
(i.e., dependency relationship (w, w’) or dependency relationship(w’, w)) to find the most appropriate translation
for w,

In the rest of this section, we describe our solution to this problem. First, we define a dependency-based
translation model for word translation disambiguation (Section 3.2). This training strategy relies on a set of
dependency relationships derived from a dependency relationships collection. In this section, we also describe
the other two strategies that we use when no dependency information is available. Finally, we show how our

method handles a given sentence at run time by using a decision list (Section 3.3).
3.2 Training the Dependency-Based Translation Model

We take advantage of a word-aligned parallel corpus as training data to establish a decision list for word
translations based on dependency relationships. For each word in a sentence, we obtain the translation and
dependency relationships using word alignment tool (e.g., Giza++) and a general purpose parser (e.g., Stanford
parser). With that information, we compute the word translation probability for all dependency relationships

based on logarithmic likelihood ratio (LogL):
P(t|w,.d,w,)

Logl =Lo —
e o e T, dowy)
count(t,w,,d,w,))
count(w,,d,w,) count(t,w,,d,w,)
— Log( ) = Log(———
count(t,w,,d,w,) count(t,w,,d,w,)

count(w,,d,w,)

(1) Parse the source language using a dependency parser (Section 3.2.1)

(2) Use an alignment tool to align words in a parallel corpus (Section 3.2.2)
(3) Compute the decision list for translation and dependency (Section 3.2.3)
(4) Compute the probability of a translation for each word (Section 3.2.4)

Figure 3. Outline of the process used to train in our method
3.2.1 Parse the source language using a dependency parser

In the first stage of the training process (Step (1) in Figure 3), we use the English part of an English-Chinese
parallel corpus as the input data. First, we utilize a tagger to tokenize the sentences, give each word in the source
sentences a part of speech (POS) tag, and obtain dependency relationships from the source sentences via a

dependency parser. We use an English sentence as an example to show the process. (Figure 4).
3.2.2 Use an alignment tool to align words in a parallel corpus

In the second stage of the training process (Step (2) in Figure 3), we use a word alignment tool to align words in

a parallel corpus. First, we lemmatize the tokens obtained from the first stage. Words that are tagged proper
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noun are not lemmatized. Then, target language sentences are segmented using a word segmentation tool.
Finally, each pair of source and target sentence is word-aligned using an existing word alignment model to

produce word alignment information. Figure 5 shows an example of the process.

E: I move that the motion under the Interpretation and General Clauses

Ordinance as set out in the Agenda be passed.

tokenizing, POS tagging, dependency parsing
v

E: I/PRP move/VBP that/IN the/DT motion/NN under/IN the/DT

Interpretation/NNP and/CC General/NNP Clauses/NNP Ordinance/NNP as/IN

set/VBN out/RP in/IN the/DT Agenda/NNP be/VB passed/VBN ./.

/nsubj (move-2, I-1) complm(passed-20, that-3) \
det(motion-5, the-4) nsubjpass(passed-20, motion-5)
prep(motion-5, under-6) det(Interpretation-8, the-7)

pobj(under-6, Interpretation-8) cc(Interpretation-8, and-9)
nn(Ordinance-12, General-10) nn(Ordinance-12, Clauses-11)

conj(Interpretation-8, Ordinance-12) mark(set-14, as-13)

kdep(motion-S, set-14) prt(set-14, out-15) j

Figure 4. An example to show the result of the tagger and dependency parser
3.2.3 Compute the decision list for each translation and dependency

After deriving the translations and dependencies, we are in a position to train a classifier for WTD. We use the
dependency relationship to condition the translation probability, and then we compute a score for each
translation conditioned on one of the relevant dependency relationships. There are many different approaches to
do this for various pattern recognition problems. We choose the decision list for simplicity and efficiency
considerations. The algorithm we used is similar to the approach proposed in Yarowsky (1994) for WSD. For

each possible translation of a given word, we compute the logarithmic likelihood ratio (LogL)

count(t,w,,d,w,)

Logl = Lo -
& g(count(t,w[,d,wd)

where ¢ is the translation of the word w, with dependency d with another word wy and count (¢, w, d, wy) is the
number of instance of word w; aligned with the translation ¢ under of dependency relationship d (w;, wy) d, and
count (£, wy, d, wy) is the number of instance of word w; aligned with the other translations ¢ under the same
relationship. !

Sample output is shown in Table 1. The LogL in Table 1 are computed by count (¢, wy, d, wq) and count (Z ,

! Here d (wy, wq) and d (wy, wy) are treated as different dependency relationships.
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wy, d, wg). In the experiment described in Chapter4, we smooth count (¢, w, d, wy) and count (Z , Wy, d, wq) by
held out data.

E: I move that the motion under the Interpretation and General Clauses

Ordinance as set out in the Agenda be passed.

Lemmatize

— =

E: I move that the motion under the Interpretation and General Clauses

Ordinance as set out in the Agenda be pass.
Fr SSEURLEEYR OB SRR S SR PR
HIEW A

Segment Words

= =

E: I move that the motion under the Interpretation and General
Clauses Ordinance as set out in the Agenda be pass.

P55 @R RS RUK (R S R )
N - CEERE P O OEL WO B P

Align Words
S

Result: NULL ({3471719}) 7§ ({1}) g ({2)) @1@
({20h) B e C D BE {8 & (19 il ({10
1) fZH 12 ) () #HEVEH P ) -1 () &
FESH WD PR A = @) H A1) 8 (114
K15 DA 16} FH (18 '] ({1 - ({21}

J

Figure 5. An example to show the data handling after word alignment
Table 1. Calculating LOGL with N = count (¢, wy, d, wq), N'= count (f , Wi, d,wq), F #t

dep Wq Wi t LogL N N’
nsubjpass pass motion EEY 1.608 294 58.8798
nsubjpass pass motion I, -1.975 43 309.8798
nsubjpass pass motion

3.2.4 Parse the source language using a dependency parser

In the last stage of the training process (Step (4) in Figure 3), we compute two types of word translation
probability: P (¢ | w) and P (¢ | w, p). For unseen dependency relationships, we use P (¢ | w, p) to predict
translation and for unseen word/POS combination, we use P (¢ | w) to predict translation for all POS’s.

The word translation probability is calculated based on sentences where the source and target words are aligned.
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We compute the word translation probability for all word aligned with a translation by the ratio of two counts:

P(t|w) = count(w,t)
- count(w)

where count (w, t) is the number of instance of word w aligned with some translation, and count (w) is the

number of w instances.

Table 2. An example to calculate Table 3 Examples of P (t | w, p) for
P (t| w) for “plant” the noun “plant”

w t Count w t Count
plant ﬁi ?‘T—@T 342 plant W%‘"ﬁr 341
plant fpt 258 plant it 245
plant A 167 plant i3 ?LT*’EJ’T 132
plant plant

P (1% ey iplant)=342/2172, P(ffif[plant)=258/2172 () Eriiplant, Noun)=341/1852

We can then condition the translation probability using the POS information obtained from the first stage. Table

3 shows an example for the word “plant” that is tagged noun.

count(w,t,
Pt w, p) = LML D)
count(w, p)

where count (w, t, p) is the number of instances of word w with the POS p aligned with some translation, and

count (w, p) is the number of w with the POS p instances.
3.3 Word Translation Disambiguation at Runtime

After the decision list and context-independent translation probabilities are obtained in the training process, we
can then use them to disambiguate translations for the words in a sentence containing the words. The process of

word translation disambiguation at runtime is shown in Figure 6.

Step 1: Parse the input sentence by a dependency parser
Step 2: Select the highest score translation by using dependencies

Step 3: Use P (¢ | w, p) to predict translation for unseen dependency relationship

Step 4: Use P (¢ | w) to predict translation for unseen word/pos combination

Figure 6. Outline of the process at run time
In Step 1 we exploit a parser to obtain word tokens, POS tags, and dependency relationships of given
sentence, and then we lemmatize all tokens except for words that are tagged as “NNP”. In Step 2 we determine
the translation of words by using the most reliable piece of evidence. Figure 6 shows the process at runtime by
using the sentence “In accordance with the Rules of Procedure, the motion and the amendment will be debated
together in a joint debate.” as an example. In some situation, there is no dependency relationships information
available to help us translate the word. In Step 3 we use POS information to find the translation of the word for

unseen dependency relationship. In Step 4 we take the highest frequency translation to be the translation of the
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word. If the word is not in our training data, we cannot translate the word.

[ E: In accordance with the Rules of Procedure, the motion and the amendment will be debated together in a joint debate. ]

(Step 1) tokenize, lemmatize, tag POS, parse

v

/E: in accordance with the Rules of Procedure, the motion and the amendment will be debate together in a\
joint debate.

In/IN accordance/NN with/IN the/DT Rules/NNPS of/IN Procedure/NNP ./, the/DT motion/NN and/CC
the/DT amendment/NN will/MD be/VB debated/VBN together/RB in/IN a/DT joint/JJ debate/NN ./.

prep(debated-16, In-1)
det(Rules-5, the-4)
pobj(of-6, Procedure-7)
cc(motion-10, and-11)
aux(debated-16, will-14)
prep(debated-16, in-18)
pobj(in-18, debate-21)

pobj(In-1, accordance-2)
pobj(with-3, Rules-5)
det(motion-10, the-9)
det(amendment-13, the-12)
auxpass(debated-16, be-15)
det(debate-21, a-19)

prep(accordance-2, with-3)
prep(Rules-5, of-6)
nsubjpass(debated-16, motion-10)
conj(motion-10, amendment-13)
advmod(debated-16, together-17)
amod(debate-21, joint-20)

/

(Step 2) translate content words (e.g., “motion”) based on dependencies

e N S

dep W Wy t LogL
conj motion amendment | ms % 1.556 |
conj motion amendment | FVE -1.660
conj motion amendment | {E1-% -6.986
conj motion amendment

nsubjpass debate motion EEd 2.793
nsubjpass debate motion e -3.475
nsubjpass debate motion ﬁau -5.235
nsubjpass debate motion

(Step 2) Determine translation according to LogL

v

[ motion: FH% ]

Figure 7 An example of Step 1 and Step 2
4 Experiments and Evaluation

This approach was designed to disambiguate the translation of the words in the given sentence, by using the
statistical properties of the dependency relationships with word to translation. In this section, we first describe
the details of the experiments for the evaluation (Section 4.1). Then, we introduce the test data and automatic

evaluation methodology and results. (Section 4.2)
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4.1 Experimental Setting

In this section we will describe the implementation and experiments of the method described in section 3. For
training the proposed model, we used a collection of approximately 740,000 sentence pairs from Hong Kong
News English-Chinese Corpus (HKNC1997~2003) and approximately 1,375,000 sentence pairs obtained from
Hong Kong Hansard English-Chinese Corpus (HKLC1985~2003).

First, to preprocess the training data, we used Stanford Parser (Version 1.5.1) to implement tokenizing,
POS tagging, and dependency parsing. We filtered out the English sentences with word length longer than forty
or have some unusual letters. After filtering, we were left with approximately 630,000 sentence pairs from
HKNC and approximately 1060,000 sentence pairs from HKLC. Then we use an in-house word lemmatization
tool to lemmatize each word in the English sentences. We also segment each Chinese sentence using a word
segmentation tool developed by CKIP in Academia Sinica. Finally, we use the Giza++v2 toolkit made available

at (www.fjoch.com/GIZA++.html) to obtain word alignment information for the training data. In our experiment,

we only use the direction of Chinese to English for word alignment information part. After filtering some errors
that occurred in the word alignment process, we were left with about 556,000 sentence pairs from HKNC and
about 983,000 sentence pairs from HKLC for training, and we reserved 3,500 sentence pairs obtained from
HKNC and 9,500 sentence pairs obtained from HKLC for testing.

Second, we grouped POS’s used in the Stanford Parser into nine groups. Table 4 shows the grouping of

parts of speech. The grouping was done to reduce sparseness.

Table 4. The nine POS groups

Pos Group Original tags Notes
Light Verb have, do, know, think, get, go, say, see, come, 15 high-frequency verbs
make, take, look, give, find, use (Svartvil and Ekedahl 1995)
\% VB, VBD, VBG, VBN, VBP, VBZ, ask verb but not light verb
N FW, NN, NNS, PDT noun
NNP NNP, NNPS proper noun
C CD quantifier
$ $ $, no., rule, section, ...
J JI,JIR,JIS, a adjective
R RB, RBR, RBS, RP adverb
F the other tag function word

Third, after calculating count (¢, w,, d, wq) and count (Z , Wy, d, wg) described in section 3.2.3, we
smoothed the counts for the unseen translations for w; and wy that have dependency relationship d using held out
estimator that is purposed by Jelinek and Mercer(1985). We split training data into two parts that have equal
number of sentence pairs. One was used as training data and the other was used as held out data, and then we

changed the role of two parts and did held out estimation again. Table 5 shows the final modified number N.

Table 6 shows the results of smoothing. Every count (Z_‘ , Wy, d, wyg) had to add the counts for unseen translations.

154



Table 5. The average of two held out estimators

Count C Obs. counts Set 1 | Obs. counts Set 2 | Smoothing counts
0 0.87995 0.87965 0.87980
1 0.25552 0.25562 0.25557
2 1.08762 1.08368 1.08565
8 7.14678 7.13740 7.14209
9 8.20037 8.15285 8.17661
Table 6. An example of smoothing
dep wd wt t Logl. | N | smoothingN| N’ smoothing N’
nsubjpass | pass | motion EEd 1.608 | 294 294 58 58.8798
nsubjpass | pass | motion ek -1.975 | 43 43 309 309.8798
nsubjpass | pass | motion B3] -5.100 3 2.1331 349 349.8798
nsubjpass | pass | motion | HFEL | -5.778 2 1.08565 350 350.8798
nsubjpass | pass | motion | FIK -7.228 1 0.25557 351 351. 8798
nsubjpass | pass | motion
Table 7. The properties of test data
property HKNC HKLC
sentences 1,500 3,800
all words 31,569 84,290

content words

16,980 (53.79%)

42,343 (50.23%)

LV

585 (1.85%)

2,142 (2.54%)

be

858 (2.72%)

2,798 (3.32%)

F(Function words)

13,146 (41.64%)

37,007 (43.90%)

4.2 Evaluation and Discussion

In this section, we describe our test data and evaluation methodology (4.2.1). We then show the evaluation result

of our experiment and give some discussions (4.2.2).

4.2.1 Test Data and Evaluation Methodology

We randomly choose 1,500 sentences out of 3,500 sentence pairs from HKNC and 3,800 sentences out of 9,500
sentence pairs from HKLC for testing. Then we translate the content words in the given sentences of test data.
We did not consider the translation of the words that POS tagged in the group F and LV, also not did we consider
the translation of the verb “be”. Table 7 shows the properties of our test data.

The traditional WSD evaluation methodology relies on human judgment. In our experiment, we do not

focus on the sense of the words, but rather the translation of the content words in the given sentences. Since it is
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infeasible for human to evaluate such a large set of data, we developed a BLEU-like automatic evaluation
methodology. We evaluate one sentence at a time. First, we combine all translations of content words that in the
given sentence. Identical an overlapping translations of two neighboring word are combined and redundancy are
removed. For example, see Figure 8 for more details.

EPD/E % and Transport/{E_f?ﬁ?J%'f,' Department/% will also/- step/"{@ﬁi up/"J[@Fi their

programmes/gf £l to educate/?"fﬁ vehicle/ﬁ | = owners/ﬁlji and mechanics/jfiﬂﬂ to exercise/

a

=l their responsibility/—Fﬁ [~ to maintain/z%(% vehicles/H1§§ properly/’Z ;?, .

Combining translations

| Combiping trandlations
R > RSB SHASLEY > RS > R >
SRUBSOTERE R P > BB PR > RS PSR > R
BESE R RS > RSS2 > B
A SR > > BRSSPI R T A

I
T‘/T:‘,

Figure 8. An example to show how to combine the translations of the sentence

Second, we calculated unigram precision rate based on the aligned Chinese sentence as the reference
translation. Figure 9 shows an example of the process. Third, we filtered the highest ten percentage and lowest
ten percentage sentences for data balance, and then we average the score of middle eighty percentage sentence

to be the result.

Result after combine:ﬁﬂéi%ﬁﬁﬂa’?]‘%‘ W"{@E}%%}U?fﬁ‘ﬁ EEET T ?] [FAESHIHE %‘,

Answer: ﬁﬁ@%?f['ﬁﬁ%qﬁ‘}[ﬁﬁﬂgﬁi}fl’[’ii‘ ol EI = A Hﬂgfl B (A IRE S H I -

the number of the Chinese characters matching the reference 19

Score = =

number of the Chinese characters produced 27

Figure 9. An example to show how to calculate the score of the sentence

4.2.2 The Results of WTD of Different Methods

We used five different methods to disambiguate word translations. Table 8 shows the results of WTD. Baseline
is the result of using only P (¢ | w) to estimate the translation of the content words, while baseline with POS is
the result of using both P (# | w, p) and P (¢ | w), dependency method (all) is the result of using the process
described in 3.3, window size 1 is the result of using a window based co-occurrence ( the word to the right or
left of the word in question) instead of dependency, and dependency method (some) is the result of using the
process described in 3.3 leaving out five kinds of dependency relationships, including determiner, negative,

possessive, coordinating conjunction, preposition.
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Table 8. Results of WTD in different methods

Method HKNC HKLC HKNC+HKLC
Baseline 0.582 0.564 0.569
baseline + POS 0.589 0.569 0.575
window size 1 0.698 0.643 0.659
dependency method (all) 0.714 0.686 0.694
dependency method (some) 0.716 0.685 0.694

The results in Figure 10 indicate that the dependency method obviously outperforms baseline with POS
and also outperforms window based co-occurrence approach. We also found that using POS can only improve

slightly and ignoring some kinds of dependency relationships does not affect the results too much.

0.75
a7 O baseline
07 (@ e 0AQ40 FA4
. M baseline+POS
0.65 ]
L window size
0.6 A
0582 - [ dependency
0.569 "
method(all)
0.55 B dependency
method(some)
0.5
HKNC HKLC HKNCH+HKLC

Figure 10. Results of WTD in different methods
However, we did not evaluate the performance of translations based on dependency. As shown in Table 9
that over ninety percent of the cases, words are translated via dependency.

Table 9. The percentage of the word translations when we used dependency method (some)

type HKNC HKLC
all content words 16,980 42,343
dependency method 15,698 (92.45%) 38,587 (91.13%)
baseline +POS 1,199 (7.06%) 3,610 (8.53%)
baseline 12 (0.67%) 34 (0.08%)
no answer 71 (0.42%) 112 (0.26%)

As shown in Figure 11, in different number of sentences, the results of HKNC are better than the results of
HKLC. We believe this is a result of the different character of the corpora and not the different number of
sentences in the two corpora.

Because of data sparseness, we may not calculate a suitable score for translations of the words with
dependency relationships. If we use lager training set, we may improve the performance. Some word
translation errors may be caused by word alignment errors. In addition, there also have some problems

caused by incorrect segmentation. For example, “/&%7# is segmented into “/Z%%?” and “ Z”, but in our
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module we only consider the one to one case, therefore the word “smoker” will be translate to “/#%? and

not /R,
0.75
0.736
0714
\/'\k——-lﬂﬂll
07 Towms 0ges 0707 0693 0.699 O
\ 0.658 0.687 08 ’
0.65 L
optr 06 —~— HKLC
B HRNC
0.6
0.55
0.5
0 2000 4000 6000 8000 10000
number of sentences
Figure 11. Results of WTD in different corpora
Table 10 an example to explain majority voting methodology
Dep wt wd t LogL
advmod plant at LEg 2.502
Advmod plant at e -3.131
Dep wt wd t LogL
Amod plant chemical ey 1.290
Amod plant chemical - [ -3.568
Amod plant chemical e -3.568

5 Future Work and Conclusion

In summary, we have introduced a method for word translation disambiguation, which improves the ability to
disambiguate the translations of the content words in the given sentence using a dependency-based translation
model trained as a parallel corpus. We have implemented and evaluated the method using a bilingual
English-Chinese corpus. We have shown that the method outperforms the baseline. In addition, we also found
some kinds of dependency are more effective than others. Moreover, we have purposed an automatic BLEU-like
evaluation methodology for WTD. The results of word translation disambiguation can assist user in reading
English, and also can be used as additional input information for an MT system to improve the performance.
Many future directions present themselves. First, it would be interesting to extend the method to translate
all words in the sentence including function words. Second, we can give different weight to different type of
dependency since we believe different type of dependency relationships have different level of effectiveness.
Third, we are currently using the dependency relationships with the highest score, but we can also consider all
dependency relationships of the word in the given sentence. Table 10 shows an example that “plant” that has
two dependency relationships with “af” and “chemical”. In the way we described in our approach, we will

choose “E/7%” as the answer. If we combine scores of two dependency relationships to calculate a new score for

158



each translation, we may choose “#* as our answer which seems to be more suitable.
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Abstract

In order to train machines to ‘understand’ natural language, we proposed a universal concept
representational mechanism called E-HowNet to encode lexical semantics. In this paper, we
take interrogative constructions as examples, i.e. concepts or sentences for asking questions
or making inquiries, to demonstrate the mechanisms of semantic representation and
composition under the framework of E-HowNet. We classify the interrogative words into five
types according to their semantic distinctions, and represent each type with fine-grained
features and operators. The process of semantic composition and the difficulties of the
representation, such as word sense disambiguation, will be addressed. Finally, we’ll show
how machine discriminates two synonymous sentences with different syntactic structures and

surface strings to prove that machine understanding is achievable.

Keywords: semantic representation, interrogatives, E-HowNet

1. Introduction

To understand natural language by machines, lexical semantic representation and
composition are the most important techniques. In this paper, we will take the interrogatives
as examples to demonstrate the mechanism of lexical semantic representation and
composition in E-HowNet (Chen et.al., 2004). E-HowNet uses the word sense definition
mechanism of HowNet (Dong, 1988) and the vocabulary of WordNet (Fellbaum,1998)

. 1 . . . . .
synsets to describe concepts. Its goal is to achieve near canonical semantic representation,

! The advantage of using WordNet synsets is that each synset has unique sense and sense similarity between two
synsets can be measured through WordNet ontology. But there is disadvantage of WordNet-like ontologies, for
example, each concept class in WordNet has limited linking to other concepts. The major links are hyponymy
relations which limit inheritance and inference capability to the classes on the taxonomy. So we adopt similar
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that is, two sentences with different surface forms or in different languages may achieve
similar E-HowNet representations. Take sentences (1) and (2) as examples:

(1 fyﬁig\[ ff1fE1 2 Is it OK for me to take pictures?

(2) 5 7' 1At 2 Can I take photos?

Although the syntactic structure and surface strings of (1), (2) are very different, by using
lexical sense definitions in E-HowNet, we hope machine can ‘understand’ that they are
synonymous sentences.

Analysis of interrogative constructions is of great interest to linguists, as well as to
computer scientists, for example, those who engaged in QA techniques. Interrogative
constructions have played a central role in the development of modern syntactic theory.
Ginzburg & A.Sag (2000) have pointed that interrogative has been at the heart of work in
generative grammar, also in government and binding (GB) and head-driven phrase structure
(HPSG). Nonetheless, to date most syntactic work has taken place quite separately from
semantic and pragmatic work on interrogatives. Taking questions in Mandarin Chinese as
example, Shao (1996) has summed up the current study of interrogatives and listed the main
research themes as follows: the types of question, interrogative particles, querying focus and
its answer, degree of doubt and special interrogative sentences pattern etc.. Most of the above
themes are purely grammatical analysis. To build a frame-based entity-relation knowledge
representation model, we find interrogative construction a good and challenging example, for
it is feature-structured, free formed, and demanding for story comprehension. In other words,
it combines problems of syntax, semantics and pragmatics. Our approach is to find a
framework to represent interrogatives, therefore, semantic distinction of interrogatives is our
focus.

In E-HowNet, we made distinctions between content sense and relational sense and

mechanism in HowNet to define word sense, which represents concepts in more accurate way by not restricting
the definition vocabulary to a closed set of primitives only, i.e., any well-defined concepts can be used to define
a new concept. The detail discussions can be seen at (Chen et al., 2005).
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represent senses of content words and senses of function words in different ways. For
instance, we represent phrase ‘bathe with cold water’ as (3)

(3) bathe with cold water

bathe def: {clean|ff{151: patient= {body|E'J/JF‘§} 1)

with def: instrument={}

cold water def: {water|~<: temperature={cold

composition: {clean|{fi5l: patient={body|~ Jf‘ﬁé}},
instrument={water|~J<:

G

temperature= {cold\‘{ﬁ 133

In this case, content words ‘bathe’ and ‘cold water’ are represented differently from function
word ‘with’, for the latter plays the role of linking concepts. In much the same way,
interrogative words have more relational sense than content sense, so they are defined by
semantic role to denote relational sense and the operator ‘.Ques.’ to mark the querying focus
that is the object or its discrimination features which speakers want to know.

In the following section, we’ll briefly describe the previous work for interrogatives. Then,
we introduce our analysis of type classifications for interrogatives and their representation in
E-HowNet. Next, we present the composition of interrogative sentences and the difficulties

encountered. We conclude the paper by discussing our results and future works.

2. Background

Questions in Chinese studies traditionally attributed to mood category of syntactics.> Most of
linguists consider there are four grammatical devices that explicitly mark an utterance as an
interrogative. °First is question which can be answered by ‘yes’ or ‘no’, called factual
question, true and false interrogative or yes/no interrogative. Second is question which

includes Wh-words such as ‘who’, ‘what’ or ‘when’ and so forth, called Wh-word

2 Ma (1989 ) wrote the first grammar book for Mandarin Chinese. He classified interrogative words into mood
category. Later, Li (1930) and Lv (1942) have carried forward his viewpoint and influenced on modern research
of questions deeply.

3 Such as Lv (1942), Li & Thompson (1997), Tang (1983), Lu (1984), Shao (1996),etc..
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interrogative, or information seeking interrogative. Third is question which mentions two or
more possible alternative answers, called disjunctive interrogative or either/or interrogative.
Fourth is question which is composed of a statement followed by an A4 not A form, such as
dui bu dui ‘right not right’, xing bu xing ‘Ok not Ok’ etc., called 4 not A interrogative or tag
interrogative.* From different analytical perspective, these four question devices may have
different hierarchy. For example, Lv (1942) framed them as (4) while Lu (1984) structured
them as (5):
(4) interrogative — Wh-word interrogative
— true/false interrogative — 4 not A interrogative
— disjunctive interrogative
(5) interrogative - true/false interrogative
— non true/false interrogative — Wh-word interrogative
— disjunctive interrogative
— A not A interrogative
Generally speaking, true and false interrogative and Wh-word interrogative are regarded

as basic types.

3. Semantic Representation

3.1 Our classification of interrogatives

As we focus on knowledge representation, we are more concerned about semantic
discriminations for different interrogative sentences. Therefore, we take a sense-based
approach to create a hierarchical classification which is guided by a layered semantic
hierarchy of answer types, and eventually classifies interrogative sentences into fine-grained

classes, shown as (6):

* Tag interrogative is formed by adding a short 4 not 4 question form of certain verbs as a tag to a statement. In
this paper, we regard it as a general 4 not 4 question device due to the same semantic performance.
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(6) interrogative —(A) true/false interrogative
— (B) Wh-interrogative —(a) asking factual information
— (b) asking relationship
— (c¢) asking opinion
— (d) option choosing
According to different querying focus, we separate (A) true/false interrogative from (B)
Wh-interrogative. Take sentences (7), (8) as examples:
() OB ©
Do you like this game?
(8) RS L PSS s 2
Who knows where I can find this game?
Sentence (7) belongs to the former question device because the entire statement is a querying
focus. Dissimilarly, sentence (8) indicates two querying focuses by using different
interrogatives ‘who’ and ‘where’. In other words, the true/false interrogative asks truth value
of the whole sentence. And the Wh-interrogative is used to ask information. By analyzing the
querying focus, the latter can be further divided into four types: (B-a) asking factual
information, such as time, location, quantity and so forth; (B-b) asking relationship, such as
kinship; (B-c) asking opinion or attitude, such as possibility, capacity, volition etc.; and the
last, (B-d) asking to choose an option. Sentence (8) refers to the type (B-a). For each of the
remaining types, we give an example as follows:
(9) BpRLIF e -
What is the relationship between you and her?
(10) (4T L I pzfihie 2
Can he eat hot peppers?
(1) 3 A AR bR L et 2

Rice washing water is acidic or alkaline?
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Here, two distinctions have to be made. First, sentence (9) refers to type (B-b), but why need
we separate it from type (B-a) when they both use ‘what’ to make questions? In sentence (9),
the question word {1 ﬁ what’ ask for relationship but not the type of a frame element or the
value of a semantic role.” Chen et. al. (2004) proposed a complex relation description, i.e. a
representation denotes the relation between head and semantic role specifically. In general,
E-HowNet semantic representation model presumes the relations variables is the head, for

example, ‘white cloud’ will be define as (12):

(12) white cloud
def: {cloud|Z= color(~)={white|f 1} }

In the definition, ‘~’ indicates the head ‘cloud’, and normally be omitted in the expression.
Conversely, word indicates complex relation always has another relation variable apart from

the head, so the variable needs to be marked clearly. For example, we express ‘mother in law’

as (13):

(13) mother in law
def: {human| * =mother(spouse(x:human| * ))}

According to the representation model, when our querying focus is complex relation, we put
question mark before the relation role, such as mother, spouse, parents etc. to make the
interrogative definition. It makes the difference between interrogative type (B-a) and (B-b).
See more examples in section 4.
Second, some may argue that there is no distinction between type (A) and (B-b).

Comparing sentence (7) and (10), we find they both have a yes/no answer.
(7) 0 T B s 2

Do you like this game?
(10) (7 i piuge 2

Can he eat hot peppers?

But, further considering sentence (14):

> The disambiguation of * [} Tﬁ[ what’, see section 4.1.1.
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(14) Fopz P 2
Does he eat hot peppers?
We can still find the slight difference between a yes/no question and an information seeking
question. However, modal words like ‘can’, ‘shall’, ‘will’ bring richer meaning then general
verbs. They are not used to ask truth value but ask opinion or attitude. In Mandarin Chinese,
‘B TR T can not can® and ‘¥ T ¥ like not like’ are both with a 4 not A form, in
syntactical considerations, they are often assigned to the same type. But from the semantic

point of view, we decide they belong to both types.°

3.2 Knowledge Representation for Interrogatives
According to the classification above, we represent each type of interrogative as follows:
(15) true/false interrogative def: truth={.Ques.}

Wh-word interrogatives

asking factual information  def: role={.Ques.}

asking relationship def:. Ques.RelationRole()
asking opinion def: ModalityRole={.Ques.}
option choosing def: role={.Option.{{x}.or.{y}}}

We use two operators, .Ques. and .Option., to denote querying focus or optional items. The

real examples are shown in the following table 1.

% Shao (1996) has classified 4 not A form into five classes according to 4’s part of speech, shown as follows: (1)
4is a copula. e.g. fLT kL ‘be not be’ (2) 4 is a modal word e.g. 1+ -4+ ‘ok not ok’ (3) 4 is an auxiliary e.g.
FI T “willing not willing’ (4) 4 is a verb e.g. ’[%jﬁ\ ‘[ﬁ ‘understand not understand’  (5) 4 is an adjective e.g.
F T3 ‘beautiful not beautiful’. From the semantic perspective, we merge (1),(4),(5) and (2),(3) to re-divide

these five categories into two categories, i.e. modal 4 not 4 interrogatives and other 4 not 4 interrogatives.
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Table 1. The Type Classification and Semantic Representation of Interrogatives

Question devices Examples
true/false interrogatives P‘Emaiﬂg} SENRERL T RS T AL A not A
def: truth={.Ques.};
Wh-word interrogatives: ﬁ‘é def: participant={animate:.Ques.};
asking factual information e %’,{@ def: time={.Ques.};
1 def: participant={inanimate:.Ques.};
(1) def: formal={.Ques.};
ELILF L] def: reason={.Ques.};
PRI GT  def: location={.Ques.};
1wy def: quantifier={.Ques.};
i def: manner={.Ques.};
& e def: means={.Ques.};
% def: degree={.Ques.};
%2 def: quantity={.Ques.}
asking relationship
asking opinion P TR T def: allowance={.Ques.};
(N def: willingness={.Ques.};
FJ:T\ A= def: capacity ={.Ques. };
IAEE def: possibility ={.Ques. }
choosing options Akl EY def: role={.Option.{{x}.or.{y}}}

The interrogatives above are gathered from Li & Thompson’s analysis, and integrated by

checking over 1000 question titles manually in Baidu knows (http://zhidao.baidu.com/).

4. Semantic Composition

The previous discussion is about logical representation of events. To establish a formal
system to handle the task requiring language understanding, we also need to address the issue
of semantic composition. Through segmentation and parsing process, we get coarse-grained

arguments and the head of the sentence. Take sentence (16) as an example:
(16) EPRIN{ i~ ?
Why is the data missing?

7 In this paper, our focus is semantic representation, so we don’t discuss the interrogative words “[[a’; ‘[*/ba’ or
‘Pdni’. Because it depends on the tone to decide they are interrogative words or not.
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The segmentation and parsing result of (16) is:

Theme[NP: 7| data]+ reason[Dj:[X " why]+Head[ VI3 lose]
Then, we try to map surface syntax onto semantic structure for establishing truly integrated
semantic relations. In example (16), we get the head ‘lose’ from segmentation and parsing
process, and base on E-HowNet, the arguments of event ‘lose’ are ‘possessor’ and
‘possession’, we thus know the ‘data’ here is the possession of ‘lose’. Therefore, the
composition is as follows:

def: {lose[ L 7. :possession={information|;" .|} ,reason={.Ques.} }
The other types of interrogative words also can be combined into different sentences, shown
as follows:

true/false interrogative
(17) fay i 2
Is he sick?
def: {sick|yﬁzexperiencer= {he|f*} truth={.Ques.}}
(18) “hL FTRERE 2
Have you lied before?

def: {lie|Fi it agent={listener|Z ¥ } time={pastifi 7. }, truth={.Ques.} }
f A

Wh-word interrogative:

asking factual information
(19) 1 R BB

How to wash away ink stains on cloth?

def: {wash[x I patient={ink| &l -J*:place={clothes| '3 } } ,means={.Ques.} }
(20) PhEpir+ o

Which tables are broken?

def: {OutOfOrder|f#:theme={table| {1~ :quantifier={.Ques.} } }

asking relationship
(21) FBRLIOF e - 2

What is the relationship between you and her?
def: {he|[*s=.Ques.kinship(listener|Z#)}

asking opinion
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(22) Qﬂ%ﬁﬂmiﬁ‘? ?

Is it possible a ghost town?

def: {be|f:relevant= {this|i§} ,content={ghost town| 5%}, possibility ={.Ques. } }
(23) P T 2

Is it ok for you to drive?

def: {drive|[ff| H1:experiencer={listener|Z& ¥ } ,willingness ={.Ques. } }

choosing options
(24) PRI = 2

Does he live here or there?

def: {live f1},location={.Option. { {here|i§ hd }.or. {there[2[id }}}}
(25) P98 e SRERLA A MR

[=:agent={he

Does he kneel on the ground or stand there to beg ChangShan?
def: {beg| :* :agent={be| {9 }, target={ChangShan| 3= = }, means={.Option.{{stand|

fflﬁ} .or. {kneel ¥} }}}

4.1 Disambiguation

To achieve the goal of automatic composition, we have to face the challenge of sense
ambiguities. In Chinese, ‘{1 she me’, &/ ze me’ and * % duo’ are most frequently used
interrogatives with ambiguous senses. Their sense disambiguation rules and representations

are discussed below:

411 (e

‘['-f’;fE what’ plays the grammatical functions of adjective and pronoun. For each

function, there are two senses. Accordingly, we generalize four rules to disambiguate the

word sense of ‘{1 ’ﬁ{h’, and the details are shown in the table 2:
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Table 2. Disambiguous Rules of ‘{1 ’&’

Rules of disambiguation E.g. & E-HowNet representation
adjective 1: (1N role={.Ques.}
[ ﬁ ‘what’ +semantic role: &) ’ﬁiEf [t “what time’ time={.Ques.}
ask the value of the semantic role | {f ’ﬁ[]?f% ‘what price’ price/cost={.Ques.}

[t ﬁf’ﬂ#[‘ ‘what place’ location={.Ques.}
(T/ESI “what situation’  condition={.Ques.}
(/i1 “what color’ color={.Ques.}

adjective 2: [N participant={entity:formal={.Ques.}}
[t/ ‘what +entity (nominalized | [t/fic*  ‘what person’

verbs are included ): participant={human| * : formal={.Ques.}}

ask the type/restriction of a frame | (1 Tjﬁ;nﬁ I ‘what car’

element/ participant role participant= {car|$5:uﬁ I:formal={.Ques.}}

& W@ (= ‘what change’
participant={change|#& [ ~:formal={.Ques.} }

&) WT [ﬁj ‘what difference’
participant={difference| ] [fil:formal={.Ques. } }

pronoun 1: \Y% H’& {event:participant={.Ques.}}
use as an interrogative pronoun: | iz [t/ ‘eat what’  {eat|fz: patient={.Ques.} }
function as NP w1 “talk what {speak|3!:content={.Ques.} }
pronoun 2: vV { ’gﬂf s ‘ﬁ!f \% {event:participant={x}}
use as an indefinite pronouns: or{event:participant={entity: quantity={all}}}

function as NP, the played role is | £ ’ﬁ?ﬁ]ﬁ’ I'l “Its OK to get anything’

either coindexed or univarsal | {hold|£* :patient={entity: quantity={all}}}
quantified. & &“ I ‘Be afraid of nothing”
{.not.fear| [ l:cause={entity: quantity={all} } }

4.1.2 'E’@ﬁ

‘,E’_p"!fhow/how come’ plays the role of adverb. It asks the value of an adverbial type of
semantic role including mean/method (How) and reason (Why). Two meanings ‘how’ and
‘why’ can roughly be discriminated by the telicity of matrix verbs. That is, ‘/E’E‘E’in a

sentence with telic verb or verb phrase refers to event that have endpoints means ‘why’.

Contrarily, ‘,E’ﬁﬁ’ in an atelic sentence means ‘how’. Take sentence (26), (27) as an example:
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(26) E et
def: {come|:means={.Ques.} }
(27) Bl
def: {come| 7} :reason={.Ques.} }
In short, we conclude the disambiguation rule as follows:
(28) E'f(How)+event]-telic]
& (Why)+event[+telic]
413 %
‘% how’ also plays the role of adverb. It’s usually followed by an attribute value, such as ‘ﬁ?‘
sweet’, ‘P smart’, ‘5w far’, ‘ big’ and so forth. It can be used to express the feelings of
exclamation or doubt. We can not simply distinguish these two senses by the context, but
need to rely on the tone. For this reason, we will deal only with the senses of doubt.
Incidentally, it is always possible to turn a declarative statement into a question by using a
slightly rising intonation pattern. For the same reason, we do not deal with such sentences
and few interrogative words such as ‘[T a’; ‘[°l ba”; ‘P'd ni’ as well.
‘% how’ with interrogative sense can be represent as below:
(29) “%attribute value def: {attribute value: degree={.Ques.}}
The real examples are:
(30) %ﬁ‘” ‘how sweet’ def:{sweet|ﬁ?‘ :degree={.Ques.}} = def: sweetness={.Ques.}

2P ‘how smart’ def: {smart|2E[¥]:degree={.Ques.} }

def: smartness={.Ques.}

%3k ‘how far’ def: {far|int:degree={.Ques.} } def: distance={.Ques.}

% ‘how big’ def: {big|™:degree={.Ques.}} = def: size={.Ques.}

5. Conclusion and Future Works
To achieve near canonical semantic representation, we study the semantic representation and

composition of interrogatives. According to the semantic classification of interrogative, we
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represent interrogatives in a hierarchy as follows:
true/false interrogative def: truth={.Ques.}
Wh-word interrogative

asking factual information  def: role={.Ques.}

asking relationship def:. Ques.RelationRole()
asking opinion def: ModalityRole={.Ques.}
choosing options def: role={.option.{{x}.or.{y}}}

We have cited two examples (1),(2) earlier to illustrate what is the ‘understanding’ of
machine towards natural language. After the discussion above, let’s see the result of this
work:

(1) :’“S’F'J“:F\[ I lﬁﬁ ? Is it OK for me to take pictures?

Representation:

B3 def: {speaker]%ﬁﬁzﬁﬂ }
Fj:_ﬁ\[ def:allowance={.Ques.}

£l def: {TakePicture[ff &}

Composition:

def: {TakePicture|{}H&:agent={ speaker|§3ﬁ5—§?§ }, allowance={.Ques.}}

(2) Z5F 7' I At 2 Can T take photos?

Representation:

=5 def: {speaker|$ﬁﬁ_ﬁ:§1}
(R, def:allowance={.Ques.}
FriAt! def: {TakePicture[Jf 1443

Composition:

def: {TakePicture|{} f#k:agent= {speaker|§il?ﬂ%§ }, allowance={.Ques.} }

Although the syntax surface of (1),(2) is different, we find the result of composition is the
same. It means through the analysis of E-HowNet model, machine can judge the similarity of

sentences, 1.e. machine understand the sentences. However, this is only an example with
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simple sentence structure. For future researches, we will implement a parsing system
incorporated with E-HowNet model to demonstrate semantic composition process for more
complex sentences. To achieve this goal, apart from sense disambiguation, discordance
between synthetic structure and semantic relations is another critical problem. Take sentence
(31) as an example:

(1) =EFEE T FLESF T IS 2 Isn’t it hard for Long-distance travel?

Its parsing result is:

Theme[VP:(manner[A: < ¥ long distance]+Head[VA4: Bf = travel])[+negation[Dc: T
not]+epistemics[Dbaa:f L. be]+degree[Dfa: (5L very]+Head[VH16: & hard]+particle[ Td:[5 ma]

Let’s see the E-HowNet definition of (31) first:

def:{hard| = | :theme={travel| ¥ = :distance={far] & }} degree={very|
=L} truth={.Ques.} }

Comparing the semantic representation with syntactic structure, we find rhetorical
interrogative * RIS Isn'’t it * is segmented into three words in syntax analysis, but in
semantic point of view, they are integrated into one word and represented as ‘truth={.Ques.}’.
There are still many types of discordance between synthetic structure and semantic relations
need to be studied. That is, we have to find out the mapping rules and match coarse-grained
syntactic arguments to fine-grained semantic relations in the future. These rules should be
able to use both on declarative sentences and interrogative sentences, because most of
interrogative sentences are transformed from declarative sentences. Additionally, this study is
also useful to question-answering system for it not only represents the sense of question, but
also marks the focused information to be answered. As for the application on QA

technologies, it’ll be our future task as well.
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Abstract

Question answering systems provide an elegant way for people to access an
underlying knowledge base. Humans are not only interested in factual questions but
also interested in opinions. This paper deals with question analysis and answer
passage retrieval in opinion QA systems. For question analysis, six opinion question
types are defined. A two-layered framework utilizing two question type classifiers is
proposed. Algorithms for these two classifiers are described. The performance
achieves 87.8% in general question classification and 92.5% in opinion question
classification. The question focus is detected to form a query for the information
retrieval system and the question polarity is detected to retain relevant sentences
which have the same polarity as the question. For answer passage retrieval, three
components are introduced. Relevant sentences retrieved are further identified
whether the focus (Focus Detection) is in a scope of opinion (Opinion Scope
Identification) or not, and if yes, whether the polarity of the scope matches with the
polarity of the question (Polarity Detection). The best model achieves an F-measure
of 40.59% using partial match at the level of meaningful unit. With relevance issues
removed, the F-measure of the best model boosts up to 84.96%.

1 Introduction

Most of the state-of-the-art Question Answering (QA) systems serve the needs of answering
factual questions such as “When was James Dean born?” and “Who won the Nobel Peace
Prize in 1991?”. In addition to facts, people would also like to know about others’ opinions,
thoughts, and feelings toward some specific topics, groups, and events. Opinion questions
(e.g. “How do Americans consider the US-Iraq war?” and “What are the public’s opinions on
human cloning?”) revealing answers about people’s opinions have long as well as complex
answers which tend to scatter across different documents. Traditional QA approaches are not
effective enough to retrieve answers for opinion questions as they have been for factual
questions (Stoyanov et al., 2005). Hence, an opinion QA system is essential and urgent.

Most of the research on QA systems has been developed for factual questions, and the
association of subjective information with question answering has not yet been much studied.
As for subjective information, Wiebe (2000) proposed a method to identify strong clues of
subjectivity on adjectives. Riloff et al. (2003) presented a subjectivity classifier using lists of
subjective nouns learned by bootstrapping algorithms. Riloff and Wiebe (2003) proposed a
bootstrapping process to learn linguistically rich extraction patterns for subjective expressions.
Kim and Hovy (2004) presented a system to determine word sentiments and combined
sentiments within a sentence. Pang, Lee, and Vaithyanathan (2002) classified documents not
by the topic, but by the overall sentiment, and then determined the polarity of a review.
Wiebe et al. (2002) proposed a method for opinion summarization. Wilson et al. (2005)
presented a phrase-level sentiment analysis to automatically identify the contextual polarity.
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Ku et al. (2006) proposed a method to automatically mine and organize opinions from
heterogeneous information sources.

Some research has gone from opinion analysis in texts toward that in QA systems. Cardie
et al. (2003) took advantage of opinion summarization to support Multi-Perspective Question
Answering (MPQA) system which aims to extract opinion-oriented information of a question.
Yu and Hatzivassiloglou (2003) separated opinions from facts, at both the document and
sentence levels. They intended to cluster opinion sentences from the same perspective
together and summarize them as answers to opinion questions. Kim and Hovy (2005)
identified opinion holders, which are frequently asked in opinion questions.

This paper deals with two major problems in opinion QA systems: question analysis and
answer passage retrieval. Several issues, including how to separate opinion questions from
factual ones, how to define question types for opinion questions, how to correctly classify
opinion questions into corresponding types, how to present answers for different types of
opinion questions, and how to retrieve answer passages for opinion questions, are discussed.
Note that the unit of a passage is a sentence in this paper, though a passage can sometimes
refer to more sentences, such as a paragraph.

2 An Opinion QA Framework

Figure 1 is a framework of the opinion QA system. The question is initially submitted into a
part of speech tagger (POS Tagger), and then the question is analyzed in three aspects: the
question focus, the question polarity, and the opinion question type. The former two
attributes are further applied in answer passage retrieval. The question focus is the query for
an information retrieval (IR) system to retrieve relevant sentences. The question polarity is
utilized to screen out relevant sentences with different polarities to the question. With answer
passages retrieved, answer extraction extracts text spans as answers according to the opinion
question types, and outputs answers to the user.

/ Input: QuestionQ /

POS Tagger

Two-Layered
Classification|

*—‘—*

Focus Polarity
Extraction Detection

QFocus L IO Polarity

Answer Passages Retrieval

Opinion Q Type

/ Output Answer 4 /

Figure 1. An Opinion QA System Framework.
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3 Experimental Corpus Preparation

The experimental corpus comes from four sources, i.e. TREC!, NTCIR?, the Internet Polls,
and OPQ. TREC and NTCIR are two of three major information retrieval evaluation forums
in the world. Their evaluation tracks are in natural language processing and information
retrieval domains such as large-scale information retrieval, question answering, genomics,
cross language processing, and many new hot research topics. We collect 500 factual
questions from the main task of QA Track in TREC-11. These English questions are
translated into Chinese for experiments. A total of 1,577 factual questions are obtained from
the developing question set of the CLQA task in NTCIR-5. Questions from public opinion
polls in three public media websites, Chinatimes, Era, and TVBS, are crawled. OPQ is
developed for this research, and it contains both factual and opinion questions. To construct
the question corpus OPQ, annotators are given titles and descriptions of six opinion topics
selected from NTCIR-2 and NTCIR-3. Annotators freely ask any three factual questions and
seven opinion questions for each topic. Duplicated questions are dropped and a total of 1,011
questions are collected. Within these 1,011 questions in OPQ, 304 are factual questions and
the other 707 are opinion questions.

Overall, we collect 2,443 factual questions and 1,289 opinion questions from four different
sources. A total of 3,732 questions are gathered for our experiments, as shown in Table 1.

o
type Factual | Opinion| Total
Corpus
TREC 500 0 500
NTCIR 1,577 0 1,577
Polls 62 582 644
OPQ 304 707 1,011
Total 2,443 1,289] 3,732

Table 1. Statistics of Experimental Questions.

There are some challenging issues in extracting answers automatically by opinion QA
systems. We categorize these challenges (indexed by numbers and enclosed by parentheses
as follows) in question analysis into on holders, on opinions and on concepts.

On holders, (1) to automatically identify named entities expressing opinions is imperative.
(2) Grouping opinion holders is another issue. Answers to the question, “How do Americans
feel about the affair of the U.S. president Clinton?”, consist of opinions from any American.
To answer questions like “What kind of people support the abolishment of the Joint College
Entrance Examination?”, QA systems have to find people having opinions toward the
examination and (3) classify them into correct category, such as students, teachers, scholars,
parents, and so forth.

On opinions, (4) knowing whether questions themselves contain subjective information
and deciding their opinion polarities is necessary. The question “Who disagrees with the idea
of surrogate mothers?” points out a negative attitude and the answer to this question is
expected to be a list of persons or organizations that have negative opinions toward the idea
of surrogate mothers. Another issue is (5) whether the comparison and the summarization of
positive and negative opinions are required. In the question “Is using the civil ID card more
advantageous or disadvantageous?”, opinions expressing advantages and disadvantages have

1 http://trec.nist.gov/
2 http://research.nii.ac.jp/ntcir/index-en.html
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to be contrasted and scored to represent answers as “More advantageous” or “More
disadvantageous” with evidence listed to users.

On concepts, it is essential (6) to understand the concepts of opinions and perform the
expansion on concepts to extract correct answers. In the question “Is civil ID card secure?” it
is vital to know the definition and expansion of being secure. Keeping public’s privacy,
ensuring system’s security, and protecting fingerprints’ obtainment are possible security
points. For (7) the concept of targets, the idea is the same as the concept of opinions except
that it is about targets. For instance, the question “What do Taiwanese think about the
substitute program of Joint College Entrance Examination?” necessitates the comprehension
of what the substitute program is or the alias of this program, and then the system can seek
for text spans which hold opinions towards it.

Among the 707 opinion questions from OPQ corpus, answers of 160 opinion questions are
found in the NTCIR corpus. These 160 opinion questions are analyzed based on the above
seven challenges. Table 2 lists the number of questions (#Q) with respect to the number of
challenges (#C).

#C|1 1 [ 2 [ 3 | 4| 5] 6| 7 |Total
#0119 1471391301312 0 | 160

Table 2. Challenge of Opinion Questions.

A total of 60 questions are selected for further annotation based on their challenges.
Sentences are annotated as whether they are opinions (Opinion), whether they are relevant to
the topic (Rel2T), whether they are relevant to the question (Re/2Q), and whether they contain
answers (AnswerQ). If sentences are annotated as relevant to the question, annotators further
annotate the text spans which contribute answers to the question (CorrectMU).

4 Two-layered Question Classification

A two-layered classification, i.e. with Q-Classifier and OPQ-Classifier, is proposed. Q-
Classifier separates opinion questions from factual ones, and OPQ-Classifier tells types of
opinion questions.

4.1 Types of Opinion Questions

According to opinion questions themselves and their corresponding answers, we define six
opinion question types as follows.

(1) Holder (HD)
Definition: Asking who the expresser of the specific opinion is.
Example: Who supports the civil ID card?
Answer: Entities and the corresponding evidence.

(2) Target (TG)
Definition: Asking whom the holder’s attitude is toward.
Example: Who does the public think should be responsible for the airplane crash?
Answer: Entities and the corresponding evidence.

(3) Attitude (AT)
Definition: Asking what the attitude of a holder to a specific target is.
Example: How do people feel about the affair of the U.S. President Clinton?
Answer: Question-related opinions, separated into support, neutral, and non-support
categories.
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(4) Reason (RS)
Definition: Asking the reasons of an explicit or an implicit holder’s attitude to a specific
target.
Example: Why do people think better not to have the college entrance exam?
Answer: Reasons for taking the stand specified.

(5) Majority (MJ)
Definition: Asking which option, listed or not listed, is the majority.
Example: If the government tries to carry out the usage of the civil ID card, will its reputation
get better or worse?
Answer: The majority of support, neutral and non-support evidence.

(6) Yes/No (YN)
Definition: Asking whether their statements are correct.
Example: Is the airplane crash caused by management problems?
Answer: The stronger opinion, i.e. yes or no.

4.2 Q-Classifier

Q-Classifier distinguishes opinion questions from factual questions. We use See5 (Quinlan,
2000) to train Q-Classifier. Seven features are employed. The feature pretype (PTY) denotes
types in factual QA systems such as SELECTION, YESNO, METHOD, REASON, PERSON,
LOCATION, PERSONDEF, DATE, QUANTITY, DEFINITION, OBJECT, and MISC and
extracted by a conventional QA system (reference removed for blind review). For example,
the value of pretype in “Who is Tom Cruise married to?”” is PERSON.

The other six features are operator (OPR), positive (POS), negative (NEQG), totalow
(TOW), totalscore (TSR), and maxscore (MSR). A public available sentiment dictionary (Ku
et al., 2006), which contains 2,655 positive opinion keywords, 7,767 negative opinion
keywords, and 150 opinion operators, is used to tell if there are any positive (negative)
opinion keywords and operators in questions. Each opinion keyword has a score expressing
the degree of tendency. The feature operator (OPR) includes words of actions for expressing
opinions. For example, say, think, and believe can be hints for extracting opinions. A total
of 151 operators are manually collected. The feature totalow (TOW) is the total number of
opinion operators, positive opinion keywords, and negative opinion keywords in a question.
The feature fotalscore (TSR) is the overall opinion score of the whole question, while the
feature maxscore (MSR) is the absolute maximum opinion score of opinion keywords in a
question.

Section 3 mentions that 2,443 factual questions and 1,289 opinion questions from four
different sources are collected. To keep the quantities of factual and opinion questions
balanced, 1,289 factual questions are randomly selected from 2,443 questions and a total of
2,578 questions are employed. We adopt See5 to generate the decision tree based on
different combinations of features.

With a 10-fold cross-validation, See5 outputs the resulting decision trees for each 10 folds,
and a summary with the mean of error rates produced by these 10 folds. Table 3 shows
experimental results. Only with feature x shows the error rate of using one single feature,
while with all but feature x shows the error rate of using all features except the specified
feature.
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feature x PTY | OPR | POS |NEG

only with feature x | 19.6 | 38.534.9 |35.3
with all but feature x | 16.3 | 12.7 | 13.7 | 12.2
feature x TOW| TSR [MSR|ALL

only with feature x |[21.926.629.6 |12.2
with all but feature x | 14.8 | 12.4 | 12.8

Table 3. Error Rates of Q-Classifier.

The features pretype (PTY) and totalow (TOW) perform best in reducing errors when used
alone. They also cannot be ignored since the error rate increases more when they are
excluded. The feature totalow shows that if a question contains more opinion keywords, it is
more possible to be an opinion question. After all features are considered together, the best
performance is 87.8%.

4.3 OPQ-Classifier

OPQ-Classifier categorizes opinion questions into the corresponding opinion question types.
We first examine if there is any specific patterns in the question. If yes, then the rule for the
pattern is applied. Otherwise, a scoring function is applied.

The heuristic rules are listed as follows.

(1) The pattern “A-not-A”: Yes/No

(2) End with question words: Yes/No
3) “Who” + opinion operator: Holder
(4) “Who” + passive tense: Target

(5)  pretype (PTY) is Reason: Reason
(6)  pretype (PTY) is Selection: Majority

A scoring function deals with those questions which cannot be classified by the above
patterns. Unigrams, bigrams and trigrams in training questions are selected as feature
candidates. These feature candidates are separated into two types. A topic dependent feature
is only meaningful in questions of some topics, while general features may appear in
questions of all kinds of topics. If a feature is topic dependent (e.g. human cloning and
Clinton), it is dropped from the feature set. Only general features (e.g. is or is not, whether,
and reason) are kept. Finally a set of features is obtained from the training questions. Then
the discriminate power of these features is calculated as follows.

First, the observation probability of a feature i in the question type j is defined in Formula

(1).

.~ NumQ(i, j)
})o(l"])_ Nqu(]) (1)

where i is the index of the feature, j is the index of the question type, and NumQ represents
the number of questions. The observation probability shows how often a feature is observed
in each type. It is then normalized by Formula (2).

)
PHA) @

NF, (i, )) =
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Every feature has six normalized observation probabilities corresponding to the six types.
With these probabilities, the score ScoreQ of a question can be calculated by Formula (3).

SeoreQ(j)= 3 NP, (i, ()

where 7 is the total number of features in question Q, and ScoreQ(j) represents the score of
question Q as type j. Since there are six possible opinion question types, the six ScoreQ
represent how possible the question Q belongs to each type. These six scores form the
feature vector of the question Q for classification.

Training instances are used to find the centroid of each type. The Pearson correlation is
adopted as the distance measure. The distances between the testing opinion questions and the
six centroids are calculated to assign the opinion questions to the closest type.

Opinion question type
Number 5D TG [ AT [ RS | MJ [ YN
HD |27 0 | O 1 010
2| TG | 0 | 5§ | 0] 0] 0O
S| AT | 0] 0|68 0010
.“g RS 1 0 | 4|17/ 010
S/ M O]JO0O]O]O][8]O0
Ol YN | 3 3 11515 5 |385
Total | 31 | 8 | 87 | 23 | 13 | 385

Table 4. Confusion Matrix (Number).

o, Opinion question type
HD | TG | AT | RS | MJ | YN
HD |87.1/0.0|0.0|44|0.00.0
TG ]0.0 [62.5] 0.0 0.0 0.0 0.0
AT |0.0)0.0/78.2|0.0 0.0 0.0
RS 1320046739/ 0.0 0.0
MJ 100]0.0[0.0]0.0]61.50.0
YN | 9.7 |37.5]/17.2]21.7|38.5] 100
Total | 100 | 100 | 100 | 100 | 100 | 100

Classified as

Table 5. Confusion Matrix (Percentage).

We use the OPQ corpus in Section 3 for the evaluation of the OPQ-Classifier. The opinion
types of these opinion questions are manually given. Among the 707 opinion questions,
answers of 160 opinion questions are found in the NTCIR corpus. They are used as the
training data for an intensive analysis of both questions and answers. The rest 547 opinion
questions are used as the testing data. The confusion matrix of the OPQ-Classifier is shown
in Table 4 and 5. The average accuracy is 92.5%. There are fewer questions of target (TQG)
and majority (MJ) types, 8 and 13 in testing collection respectively. The unsatisfactory results
of these two types may due to the lack of training questions.
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5 Answer Passage Retrieval

Figure 2 shows the framework of answer passage retrieval in an opinion QA system. The
question focus supplied by the question analysis serves as the input to an Okapi IR system to
retrieve relevant sentences from the knowledge base. Relevant sentences are further detected
to identify whether the focus (Focus Detection) is in a scope of opinion text spans (Opinion
Scope Identification) or not, and if yes, whether the polarity of the scope matches with the
polarity of the question (Polarity Detection). The details are discussed in the following
sections.

Input: @ Focus /

r

IR System POS Tagger

}

Relevant
Sentences

-

Detecting Focus IL.I"‘F"[‘}'.IHS = Linking
= Opinion Scope Elements
No Opinion
oward Focus?, Opinion
Extraction
System
Action -
Sced Detecting |
- Polarity
Vocabulary
Discarding No Same -
oo Input: (I Polarity
Sentence Polarity? L put: € -

Yes

Output: Answer Passages of O

Figure 2. Answer Passage Retrieval.

5.1 Question Focus Extraction

The first stage of answer passage retrieval is to input the question focus as a query into an IR
system to retrieve relevant sentences from the knowledge base. These retrieved sentences
may contain answers for a question. A set of content words in one question is used to
represent its focus. The following steps extract a set of content words as the question focus
and formulate a query.

184



(1) Remove question marks.

(2) Remove question words.

3) Remove opinion operators.

(4)  Remove negation words.

%) Name the remaining terms as focus.

(6) Use the Boolean OR operator to form a query.

Since question marks and question words are common in every question, they do not
contribute to the retrieval of relevant sentences, and therefore are removed. Opinion
operators and negation words are removed as well since they represent the question polarity
instead of the question focus. Once we have the question focus, we use the Boolean OR
operator rather than the AND operator to form a query. This is because we prefer the IR
system to return sentences that have any relevancy to the question.

5.2  Question Polarity Detection

The polarity of the question is useful in opinion QA systems to filter out query-relevant
sentences which have different polarities from the question. If the question polarity is
positive, the sentences providing answers ought to be positive, and vice versa. The polarity
detection algorithm is shown as follows.

(1) Determine the polarity of the opinion operator. 1 is for positive, 0 is for neutral,
and -1 is for negative.

2) Negate the operator polarity if there is any negation word anterior to the operator.

3) Determine the polarity of the question focus. 1 is for positive, 0 is for neutral, and -
1 is for negative.

4) If one of the operator polarity and question focus is 0 (neutral), output the sign of
the other; else output the sign of the product of the polarities of the opinion operator
and the question focus.

We regard the polarity of the question focus together with the polarity of the opinion
operator because the opinion operator primarily shows the opinion tendency of the question
and different polarities of the question focus can affect the polarity of the entire question. A

bh 3

positive opinion operator stands for a supportive attitude such as “agree”, “approve”, and
“support”. A neutral opinion operator stands for a neutral attitude such as “state”, “mention”,
and “indicate”. A negative opinion operator stands for a not-supportive attitude such as
“doubt”, “disapprove”, and “protest”. In the question “Who approves the Joint College
Entrance Examination?”, “approve” is a positive operator, and “the Joint College Entrance
Examination” is a neutral question focus. The overall polarity of this question is positive, so
the opinion QA system needs to retrieve sentences that contain a positive polarity to “the
Joint College Entrance Examination.” In contrast, in the question “Who agrees the
abolishment of the Joint College Entrance Examination?”, the question focus ‘“the
abolishment of the Joint College Entrance Examination” becomes negative because of “the
abolishment”. Even though the operator is positive, opinion QA systems still have to look for
sentences that contain negative opinions toward “the Joint College Entrance Examination.”

5.3 Opinion Scope Identification

In Chinese, a sentence ending with a full stop may be composed of several sentence
fragments sf separated by commas or semicolons as follows: ”sf; > sf2 > sf3 > ... > sfa o .
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This paper (reference removed for blind review) shows that about 75% of Chinese sentences
contain more than two sentence fragments.

An opinion scope denotes a range expressing attitudes in a sentence. It may be a complete
sentence, a sentence fragment, or a meaningful unit (MU) based on different criteria. It is
very common that many concepts are expressed within one sentence in Chinese documents.
Therefore to identify the complete concept, which is denoted as a meaningful unit, in
sentences is necessary for the processing of relevant opinions. As mentioned, a Chinese
sentence is composed of several sentence fragments, and one or more of them can form a
meaningful unit, which expresses a complete concept. This paper (reference removed)

employed linking elements (Li and Thompson, 1981) such as “because”, “when”, etc. to

compose MUs from a sentence. In S (in Chinese), “ %] (thus) is a linking element which

links sf, sf3, and sfs together, and sf; is a subordinate clause of the operator “# 7+ ” (indicate)

in sfi. Therefore, sfi, sf2, sf3, and sf4 form a MU in this case.

S sfii & 7 # 4 57 (indicate:operator) »
shi:E FRAICF 2 HIIAA A
sf3: F] ¢t (thus:linking element) >
Sy iAW iEAR Y SRR R BB o
sfs: Gi4ep jxfr%%%f FRNERHE -

5.4 Focus Detection

The IR system takes a sentence as a retrieval unit and reports those sentences that are
probably relevant to a given query. The focus detection aims to know which sentence
fragments are useful to extract answer passages. Three criteria of focus detection, namely
exact match, partial match, and lenient, are considered. In an extreme case (i.e. /enient), all
the fragments in a retrieved sentence are regarded as relevant to the question focus. In
another extreme case (i.e. exact match), only the fragment containing the complete question
focus is regarded as relevant. In other words, exact match filters out the irrelevant fragments
from the retrieved sentences. Partial match is weaker than exact match and is stronger than
the lenient criterion. Those fragments which contain a part of the question focus are regarded
as relevant.

There are three criteria for focus detection and opinion scope identification, respectively,
thus a total of 9 combinations are considered. For example, a combination of exact match
and meaningful units means there is at least one focus in meaningful units. Similarly, a
combination of partial match and sentence fragments indicates that there is at least one
partial focus in sentence fragments.

5.5 Polarity Detection

Given a combination of the above strategies, we have a set of opinion scopes relevant to the
specific focus. Polarity detection tries to identify the scopes which have the same polarities
as the question. How to determine the opinion polarity is an important issue. Two
approaches are adopted. The opinion word approach employs a sentiment dictionary to
detect if some words in this dictionary appear in a scope. The score of an opinion scope is
the sum of the scores of these words.

People sometimes imply their feelings or beliefs toward a particular target or event by
actions. For example, people may not say “Objection!” to disagree an event, but they may try
to abolish or terminate it as possible as they could. On the other hand, people may not say
“I’'m loving it!” to show their delight to an event, but they may try to fight for it or legalize it.
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In both circumstances, what people take in action expresses their opinions. Action words are
those which indicate a person’s willing of doing or not doing some behaviors. For example,
carry out, seek, and follow are words showing willingness to do something, and we name
these words as do’s; substitute, stop, and boycott are words showing unwillingness to do
something, and we name these words as don’ts. In the action word approach, we detect
opinions in scopes with the help of a seed vocabulary of do’s and don’ts, together with a
sentiment dictionary.

5.6 Experiments on Answer Passage Retrieval

The F-measure metric is used for evaluation for the answer passage retrieval. To answer an
opinion question, all answer passages have to be retrieved for opinion polarity judgment.
Therefore, the conventional evaluation metric that uses the precision and recall at a certain
rank, e.g. top 10, may not be suitable for this task. Since all answer passages, sentence
fragments and meaningful units which provide correct answers are already annotated in the
testing bed, the F-measure metric can be applied without questions. Tables 6 and 7 show the
F-measures of answer passage retrieval using the opinion word approach and the action word
approach, respectively. In these two approaches, adopting meaningful units as opinion
scopes is better than adopting sentences and sentence fragments. Considering both opinion
and action words are better than opinion words only. The best F-measure 40.59% is achieved
when meaningful units and partial match are used.

Opinion Scope — sentence | meaningful
- sentence .
Focus Detection | fragment unit
Exact Match 32.09% | 36.06% 36.25%
Partial Match 27.32% | 27.46% 33.09%
Lenient 19.91% | 19.95% 25.05%

Table 6. F-Measure of Opinion Word Approach.

Opinion Scope — sentence | meaningful
: sentence .
Focus Detection | fragment unit
Exact Match 28.75% | 30.20% 36.36%
Partial Match 32.83% | 35.09% 40.59%
Lenient 27.15% | 29.19% 32.87%

Table 7. F-Measure of Action Word Approach.

5.7 Experiments on Relevance Effects

The previous experiments were done on sentences reported by the Okapi IR system. These
retrieved sentences are not all relevant to the questions. This section will discuss how the
relevance affects answer passage retrieval. Recall that the experimental corpus is annotated
with Rel2T (relevant or irrelevant to the topic), Re/2Q (relevant or irrelevant to the question),
CorrectMU (text spans containing answers to the question).

Assume meaningful units are taken as the opinion scope. Tables 8 and 9 show how
relevance influences the performance of answer passage retrieval using the opinion word and
action word approaches, respectively.
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Rel Degree _) Rel2T | Rel2Q | CorrectMU
Focus Detection |

Exact Match 36.69% | 36.73% | 50.43%
Partial Match 34.79% | 47.15% | 70.15%
Lenient 28.03% | 48.35% | 80.73%

Table 8. Relevance Effects on Answer Passage Retrieval Using Opinion Word

Approach.

Rel Degree _) Rel2T | Rel2Q | CorrectMU

Focus Detection |

Exact Match 36.88% | 36.92% | 48.99%

Partial Match 41.90% | 50.37% 72.84%

Lenient 37.04% | 53.06% | 84.96%

Table 9. Relevance Effects on Answer Passage Retrieval Using Action Word

Approach.

Rel2T shows the performance of using answer passages relevant to the six topics, that is,
the original relevant documents from NTCIR CLIR task. Re/2Q shows the performance of
using answer passages relevant to the questions, while CorrectMU shows the performance of
using correct opinion fragments, which are relevant to the question focus, to decide opinion
polarities. Rel2T is similar to the relevant sentence retrieval, which was shown to be tough in
TREC novelty track (Soboroff and Harman, 2003). From Rel2T to Rel2Q and CorrectMU,
the best strategy for matching the question focus switches from partial match to lenient. This
is reasonable, since the contents of Rel2Q and CorrectMU are already relevant to the question
focus. In Rel2Q, doing focus detection doesn’t benefit or harm a lot (50.37% vs. 53.06%). It
shows that the question focus will appear exactly or partially in the relevant sentences.
However, focus detection lowers the performance in CorrectMU (72.84% vs. 84.96%). It
tells that the question focus and the correct meaningful units may appear in different positions
within the sentence. For example, the first meaningful unit talks about the question focus,
while the third meaningful unit really answers the question but omits the question focus since
it is mentioned earlier. From Rel2T to Rel2(Q, the F-measure does not increase as much as
that from Rel2Q to CorrectMU. This result shows that finding the correct fragments of
passages to judge the opinion polarity is very crucial to answer passage retrieval. The F-
measure of CorrectMU shows the performance of judging opinion polarities without the
relevant issue. Using either the opinion word approach or the action word approach achieves
an F-measure greater than 80%. As a whole, including action words is better than using
opinion words only.

6 Conclusion

This paper proposes some important techniques for opinion question answering. For question
classification, a two-layered framework including two classifiers is proposed. General
questions are divided into factual and opinion questions, and then opinion questions
themselves are classified into one of the six opinion question types defined in this paper.
With both factual and opinion features for a decision tree model, the classifier achieves a
precision rate of 87.8% for general question classification. With heuristic rules and the
Pearson correlation coefficient as the distance measurement, the classifier achieves a
precision rate of 92.5% for opinion question classification.
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For opinion answer passage retrieval, we concern not only the relevance but also the
sentiment. Considering both opinion words and action words is better than considering
opinion words only. Taking meaningful units as the opinion scope is better than taking
sentences. Under the action word approach, the best model achieves an F-measure of 40.59%
using partial match at the level of meaningful unit. With relevance issues removed, the F-
measure of the best model boosts up to 84.96%. Understanding the meaning of the question
focus is important for the relevance detection, but some foci are quite challenging in the
experiments. Query expansion and concept ontology will be explored in the future.
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Abstract

We take the four following steps to extract collocations made of combinations of 2, 3, 4
words and/or part of speech, respectively. First, we use “Smadja’s Xtract” to extract the
co-occurrence combinations of words and/or part of speech of varying distance by
computing means and variances. Second, we evaluate the significances of collocation
candidates by 2 metrics: mutual information and t-test value. At last, we compare the head
words of tagged word sense corpus made by Academic Sinica with the collocation candidates.
If in the same distance, the head words of collocation candidates match the ones made by
Academic Sinica, we say they are collocations. In addition, we apply the collocation
information produced from this research to word sense disambiguation. It reaches application
rate of 20.07% and precision rate of 90.83%.

ISR ¢ 11 ST AT NN o ORI R AE 0 TR A

Keywords: Chinese collocation, mutual information, natural language processing, statistical
method, t-test, word sense disambiguation.
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Language Identification on Code-Switching Speech
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J?L‘[Iﬁlo[ "R}QN gram [#. 74 Bhn it wpug Ao FI[EfﬁW e ST
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(RIS RV » 25 U9 Nogram FF 805 P2V N<2 >
iV 5L bi-gram > '] Syllable 31 &1 o Z5 [T | 75 Bi-gram £5=p Jn—ﬁ#] ) Iii'
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J ,[mj?lﬂ@\rqg—f (95 A) i ¢Iﬁ§%%‘ IOF 1 (104324 o Epl1 BTEY
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—_m_ﬁLll

= ﬁﬁf:[ “H”
B ?Qu:f[hj‘ é%:ﬂlﬁ‘éﬂﬁiﬂ D:ﬁ*[ﬁ'jﬁjl&ﬂ FJHZ]~ syllable sequence ° }Hlﬁlﬁ

HAIFE '_’EE[ l5]1 ﬁ%g?ﬁ[ '— ’ lﬁ ffif Syllable sequen067 S A
TR E'ﬂ—iz[ > A syllable’%" TR TF‘ AR % o F R p?;frf—ﬁzﬁlpj
Ly Jﬁ“rf%?“ﬂ i I R e 2 e
R R IR 2 SRS PR I B T AT
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l
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B A A

I R — | o 14 T
Result
Laguage Category

=~ T

Fﬁbjﬁﬁ - FwMJﬁ W@Eiﬁﬁﬁﬁﬁﬂum%iﬁﬁﬂﬁﬁiﬁ
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If TR

(M) lliacia (T) Il chii dong si (M) I o
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= Zll5% %F?%ﬁﬁﬁuﬁ*[;@%\fﬁ 7y e ﬁ%ﬁﬁu{ ('Substitution ) : [ FE :;kpjuﬂr]

E]I[F[ ’L”HHVILF%\I H Juf[ i Lﬁ ﬁlﬂ‘
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SR NN
MMMMMTT TMMM

MM MM TTTTMT M
2 RIF AR EG 1 )

I f:FJIUiF:L[“If‘E‘rT [ﬁ EILJEIJ'(]?!:[ w0 2R T}ﬁﬁﬁﬁﬁ[“ EILJ[?x fﬁ(@%}ffﬁf‘é—]\alﬁl‘f& fIpu Tk
fHfiEf (Precision Rate ) : fi;ﬁ?' *]JH[J’?%JEJHM[?F—'Jwg.qﬁl;\ﬁll - ’fg%ﬁflﬁgﬁfﬁ?[’ﬁﬁjx o

N A2, AN R b st ) - o U 2B 2 WO
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. N,
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L
%J[[ﬂ@ﬁ (Recall Rate ) © 71— iFIIE BLAHIE s = tﬂfﬁ’éﬁ ? Pf@ﬂ;wﬁ_ ’ﬁ“e‘ér
FRAE RSB o T R T ’ﬁi B E | PR = R T I SR I
Ne g7

Dl FA“;;t FHif J”F‘F et EPEEIHIt A Er+Substitution ;EEr+Deletion FEE)
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c

[ SN RS Sy
[H[} Sr‘“& M5 E: 'J F- Measure fit = |}f, o F-Measure fL{#! Fl}lp J;{r?ﬁ“e}f[l I o [fef
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| 18 1 1
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2 recision -recall
> F -measure = ] —= 1 P —
——t —— precision + recall
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7+ F-Measure [|1 - %‘E'f il ﬁijﬁiﬁ’p’%} *D”[[ﬂ‘} TR Y et 2 R - 7 xﬂﬁiﬁﬁ
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F ] JuHF[*E“%‘ImW’j[ﬁ[Ef b LQPE}

I'} Syllable I H= ;ﬁF B
U AT ST A
P R F P R F

LIAM+Free Syllable 72.63% | 68.55% | 70.53% | 58.67% | 93.75% | 72.17%

LDAM-+Free Syllable 699% | 65.7% | 67.6% | 69.11% | 86.82% | 76.96%

LIAM+Syllable Bi-gram | 72.73% | 68.71% | 70.66% | 82.26% | 76.26% | 79.14%

LDAM+Syllable Bi-gram | 78.1% | 68.51% | 73.02% | 82.35% | 79.0% | 80.67%

Y FITIRAE [@%lﬁf’*j [ pU g - 'irﬁsﬁ‘f?f USSR
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H‘Eﬂ[_'f‘ ] DHFIEJ]:FE[ Eﬁ*@ﬂz‘;ﬂr[ﬁ[ Ff i
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[z S AP £ 7 ﬂfﬁwm[ﬁﬁﬂl W?%anﬂﬂgéﬁ%ﬂWﬁﬁi@
g ?'ﬁré%:%@ﬁwﬂ I P TR 7 B TS S
I R RS 1 % R

precision =

gﬁﬁrgamﬁﬁﬁ#ﬁ il ek kﬁ%*ﬂ%ﬁﬁﬁlﬁm@%ﬁm%%
A o [ ”&iﬁ%‘*@ﬁ TRl PN R0 I S PR BT - o)
BV = - SHE R MTM » 30 F ) = Z8 ISR ARad i ) PEsgiad 1S TTM -
1y AP £ MTT Y - | ;ﬁﬂff‘ﬂ%fﬁf'*ﬁ“ EFFT R PR
= IHF RS - AR IR SO AT - s 7% 215
H@gﬁfg@tw#ﬁ,%—ﬁ§%%ﬂw%?i@t0%ﬂ»Hﬁ;ﬁ?%%
PRI AR 15 055 7 » I f{[ [i' 53 LBV PP N A B FE RS I -

- FAH{ f&ﬁﬁj{@? JQ’F
e 1 M N U |
PR N2 T : T: M
E?f] FE(s) 0 0.555 0.565 15.0

[ﬁL’—‘ ~ ij@?ﬁj [T:h _‘LJ Eﬁ %ﬁﬁ[ﬁﬂ

-

Ea N v L oAl O e

I’} Syllable It %F[%Fﬁ
R R B R B
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LIAM+Free Syllable 753% | 68.68% | 71.84% | 60.2% | 52.78% | 56.25%

LDAM-+Free Syllable 771% | 68.87% | 72.75% | 68.8% | 58.05% | 62.97%

LIAM+Syllable Bi-gram | 84.1% | 70.76% | 76.8% 79% | 60.57% | 68.57%

LDAM-+Syllable Bi-gram | 84.6% | 71.76% | 773% | 79.1% | 61.67% | 69.31%
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Kl 7H PR E }{‘“'ﬁ %EJ\ [*' P‘&[F’ﬁﬁ{%‘éﬁﬁ?f wﬂﬁ Y word = syllable ]
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7ﬁ§$4ﬂhﬁﬁﬁ
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ﬁ[i‘“ i FAR I RS word == syllable I £ b1 -gram 57} = ALY Jg”ﬁaﬁﬂ ok B sk
Fthﬁ I syllable Bi-gram & = ] By UIHU WOrcg = syllable ﬁif | Bi-gram D—ﬁflﬁ
f{J Fll =Y H'Jﬁ[[fljf”iﬂ ’ T*'—"ulqrﬁj VR

§ 7 L A;:Iﬁ [glﬁlH[ ij’ ’T'TBl gram FIJ r ﬁLF'JE HIJFI HE 73 74 8% HE
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peal £ o B Pl e e Bgram filie oy
RECE R J?’I A Bi-gram ”Hflﬁr‘m '?%F[?ﬁg'? '+L—FE} FHRE o~ AR
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?‘\‘P“[ ~ [J%F:[ Tr4 IE‘[‘EH B Lgpp_:j\

} Syllable I} - %F;IHIFQ
HERFRYY | Smpstpe
P R F P R F

LDAM-+Syllable Bi-gram | 78.1% | 68.5% | 73.0% | 82.4% | 79.0% | 80.7%
LDAM+Word&Syl Bi-gram | 86.4% | 63.3% | 73.0% | 88.4% | 78.9% | 83.4%

HTs J‘}?ﬁ?F[EﬂTF Eﬁ“g'kﬁ'#lﬁher r‘T‘IJ']i“éga:
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The Role of Sound Change in the Speech Recognition System:
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Abstract
Over the past decade, computational linguists have been striving to design a speech
recognition system that is able to identify standard speeches and to accommodate sound
variables caused by different individual accents. Furthermore, some speech recognition
programs have been able to learn and identify distinctive sound frequencies due to the user’s
age and gender. Nevertheless, regular sound alterations that occur in different varieties of a
language have never been seriously considered in the design of the speech recognition system.
Accordingly, this study proposes to incorporate the socio-phonological information about
regular sound modifications to enhance the performance of Automatic Speech Recognition.
To illustrate this point, this study investigates and analyzes the acoustic variation of the
syllable-final nasal shift from the velar to the dental, which has been discovered to be one of
the distinctive sound features that makes the variety of Mandarin spoken in Taiwan differ
from that spoken in China. Following the phonetic analysis, this study discusses the effect
of the nasal merger on the development of phonology-dependent speech technologies. It
concludes by proposing a preliminary resolution to the identification of syllable-final nasals

for the design of Automatic Speech Recognition.
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Key words: Mandarin phonetics, sound change, nasal, speech recognition system
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1. Introduction
My motivation to explore the nasal merger of Mandarin spoken in Taiwan originates from

an incident in my life. My brother’s first baby was born on August 31%, 1999. He gave his
son a name called Geng-ren /kon.zen/' (# i=, meaning “to cultivate benevolence”).
Interestingly, I found, as a native speaker of Mandarin in Taiwan, that I would easily
mispronounce his name as Gen-ren [kon.Zan] (§¥ £ , meaning “to follow people™), rather than

its standard pronunciation. Since the name was subject to mispronunciation and
misunderstanding, I suggested to my brother that he should change the name; hence, he later
selected another name Jia-he (3Jr, meaning “harmony in the family”). Because of this
interesting incident, I came to realize that many native speakers of Mandarin in Taiwan seem
to merge the syllable-final velar nasal /y/ with the dental nasal /n/, hence neutralizing such
minimal pairs as geng /kon/ (#, “to cultivate”) and gen /kon/ (#2, “to follow”). To explore
this possible sound change, I later conducted a speech production experiment, which is

discussed in the subsequent section.

2. Speech Production Experiment
To investigate the possible nasal merger observed above, I addressed three research

questions:

1) Is the syllable-final nasal modification a free variation or a conditioned alteration?
2) Does it occur in Mandarin spoken in Taiwan, China, or both?

3) Is it an ongoing or complete sound change?

To address these questions, I invited 30 native Mandarin speakers to participate in the speech
production experiment, including 11 males and 19 females, who were students of the
University of Hawaii at Manoa. Fifteen of them were from Taiwan, and another fifteen
were from China. They were all young adults with the average age of 27, the eldest subject
being 36 years old and the youngest one being 21.

For this experiment, I designed a questionnaire to understand the subjects’ basic
sociolinguistic backgrounds. In addition, I also created sixty easy and interesting riddles to
elicit spontaneous speech data. The answers to the riddles included the test words needed
for this study--that is, words which end with three types of rhymes: —ing, -eng, and —ang.
Three samples of the riddles are displayed below:

' The character geng (#) is phonemically transcribed as [gon] in Gué-tdi Shuangyi Cididn

[Mandarin-Taiwanese Dictionary], edited by Xing-chu Yang (1992).
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Table 1. some examples of the riddles used for speech data collection

Riddle Answer Pinyin
B gk B AR VA
. . . . . ) Ying-huo-chong

(What kind of insect lights in the evening?) (Firefly)
ﬁ_;@@jﬁalﬁ; B JH R sre

(What kind of building stands on the coast and . Déng-ta

] . (Lighthouse)

guides boats in and out of a harbor?)

> dbdT A AR EEEd o 35 g5
. Bang-qiu

( “Home run” is a term of what sports?) (Baseball)

The test words were randomly mixed with 10 irrelevant words in order to avoid the subject’s
awareness of what words were being examined. I interviewed each participant at a time and
tape-recorded each interview. The subject was first asked to answer the questionnaire which
included questions concerning his or her basic sociolinguistic background. Next, the
interview proceeded with a riddle game, which was carried out in a relaxed atmosphere to
collect data from the subject’s virtually spontaneous utterances. The informant was told to
give the answer to every riddle as soon as possible. If having no idea about the answer, the
informant would be given clues to say the test word. Furthermore, if the response was
perceived to be not loud enough for sound analyses, the informant would also be asked to say
the answer once more and aloud. The recorded data were later analyzed on the computer

using Praat, a sound-editing program. The findings are presented in the ensuing section.

3. Findings

Regarding the first research question as to whether the final nasal shift from the velar to
the dental (/n/>/n/) occurs without syllabic constraints or appears only in certain
environments, the results show that the nasal merger is not a free variation, but a conditioned

sound change, which can be formulated by the following phonological rule:

(1) Nasal Fronting:
/m/=2>[n]/{i, o} .

For example, the word 5 jing (/tgin/, “pass”) is regularly pronounced by the Taiwanese
respondents as £ jin (/tgin/, “gold”) according to Rule 1. Furthermore, this change in the
rhyme also causes lexical neutralization. For instance, the word jing-yu (&% 4., whale) is
recurrently pronounced by the Taiwanese respondents as jin-yu ( & 4 , goldfish).
Consequently, this nasal merger leads to lexical neutralization, creating homophones sharing

the nasal endings with different meanings.
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Notably, the nasal merger in Mandarin spoken in Taiwan is not only conditioned by the
preceding vowel (Rule 1) but is also blocked by the bilabial onset, which is regularized by the

following rule:

(2) Vowel Labialization:
/on/=>[on]/[labial]

To my knowledge, such discovery has not been specifically analyzed in any previous studies.
For instance, the sound meng (/mon/) is pronounced as mong (/mon/), rather than men (/mon/)
according to Rule 2, the vowel labialization rule. Obviously, this sound modification
displays articulatory assimilation because the vowel is labialized due to the influence of the
initial bilabial consonant /m/. This sound change, however, might not merely occur because
of sound assimilation, but it might also exist to constrain the creation of homophones; for
example, if the word meng (/man/, % , dream) is changed according to the nasal fronting rule,
it would become neutralized with another word men (/mon/, F*, depressed), thus resulting in
homophones. By contrast, if the word meng is changed according to the vowel labialization
rule, it would be pronounced as mong (/mon/), which does not appear in Mandarin
vocabulary. Therefore, the vowel labialization rule does not simply occur for ease of
articulation but may also fill the vocabulary gap while avoiding creating homophones.

In addition, the results demonstrate that the syllable-final nasal shift described above
occurs mainly in Mandarin spoken in Taiwan, instead of China. Specifically, when the
preceding vowel is /i/, the final nasal merger occurs 96 percent of the time in the native
speakers of Mandarin from Taiwan (MT). By contrast, the final nasal alteration takes place
only 38 percent of the time in the native speakers of Mandarin from China (MC). Moreover,
when the preceding vowel is /o/, the nasal shift occurs 95 percent of the time in MT, while
only 3 percent of the time in MC. Nevertheless, the nasal merger never occurs when the
preceding vowel is /a/. The occurrence percentage of the nasal merger in Mandarin is

displayed as follows:
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<~ QzmomcomRA ™

Mm]_ /[-labial][3] /[a] “ENVIRONMENT
Figure 1 Occurrence percentage of the syllable-final nasal merger in three environments®

As Figure 1 displays, the syllable-final velar nasal /i/ in MT merges nearly completely with
the dental nasal /n/ when preceded by /i/ or /o/. By comparison, MC in general does not
undergo the nasal shift.

Taken together, all of the Taiwanese respondents underwent the nasal fronting (Rule 1).
More than 95 percent of the time they displayed the nasal shift when the final nasal was
preceded by the vowel either /i/ or /a/. By comparison, Tse’s 1992 survey suggests that
73% of his Taiwanese informants could not distinguish the syllable-final nasal minimal pairs.
Accordingly, the final velar nasal merger with the dental has evolved into a nearly complete
status in MT.

However, the final nasal modification described above only appears sporadically in MC.
Specifically, Rule 1 occurs only 20 percent of the time in the Chinese responses.
Comparatively speaking, Rule 1 occurs more than 95 percent of the time in the Taiwanese
responses, making MT differ significantly from MC (P<0.05). While some of the Chinese
informants from southern China also consistently undergo the nasal shift , the findings do not
allow this study to conclude that the final nasal modification occurs regularly in southern
China. First, although three of the speakers from southern China recurrently displayed the
nasal merger, a couple of them were able to pronounce the test words according to the
standard pronunciations without changing the final velar nasal into the dental one.
Additionally, the number of the speakers from southern China was very few; only five
informants participated in this study. Accordingly, the nasal shift from the velar to the

dental seems to present an ongoing phonological process of confusion and interchange in

? The percentage of the nasal merger is obtained by excluding the pronunciations that follow Rule 2.
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southern China. To confirm whether the nasal merger is common in southern China, an
empirical and quantitative study is needed in the future.

In summary, the results demonstrate that the nasal shift (Rule 1) is nearly complete in
MT, leaving very few lexical “residues,” which are usually high frequency words, such as
sheng (2, life) and ging (i, clear), instead of shen (¥, body) and gin (3, kin), respectively.
Theoretically speaking, this nasal shift is consistent with Zee’s prediction of the nasal shift
from —ng to —n in Chinese dialects (1985) and is opposed to M. Chen’s theory of
unidirectionality of the nasal shift from —n to —ng (1972, 1973, 1975). However, the

syllable-final velar nasal remains unchanged when preceded by the non-palatal low vowel /a/.

4. Phonetic Analyses

The perceived transcriptions of the nasal shift in question are also supported by acoustic
analyses. First, the spectrogram of the word jing-yu (#7 4., whale) pronounced by the
Taiwanese Mandarin speaker shows that the phonological change is a syllable-final nasal

shift, rather than a nasal deletion with the preceding vowel nasalized, as shown below:

File Edit Query View Select Spectrum Pich Intensity Formant Pulss
0023908 0.090743 _[0.160051

0.4345)

| " h‘im N *j[! ‘
1 1) P ' ‘“ (il MW ba77 00
| _,.,mummmunmwulumll

0.000000 Visible pan 0.626147 seconds 0.025147|

Total duration 0.625147 seconds

Figure 2. Spectrogram of the test word jing-yu (i 4., whale)

pronounced by the Taiwanese informant

The darker parts of the sound reflect the spectrograms of the vowels, while the whiter parts
signal those of the consonants (Ladefoged, 2003). In addition, the sound analysis via Pratt
(a computer program for sound analyses) demonstrates that the syllable-final nasal still
remains as shown in the middle whiter part of Figure 2.

The speculation that the sound alteration in question is a nasal deletion with the

preceding vowel nasalized can also be cleared by comparing the spectrograms of the two
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sounds ji-yu and ji-yu, as shown below.

File Edit Query View Select Spectum Pitch Intensty Formant Pulss
0.095627 0.270331 (3.580 / 3) [o.374088

0.1624

-0.0818) ’
5000 Hy | ' o U WA MM TR 17T [7]100 d8

: T | i
-,H‘.I Wil (MY -.|-rla|||1'.
U

. ﬁ

.'Wmuummmim ll A

4; UL A R R LA s AR R

0.279331 0.326002
0.000000 Visible part0 701050 seconds 0.701050
'rot:l duration 0701050 seconds

Figure 3. Spectrogram of the sound ji-yu

File Edit Query View Select Spectrum Pich Intensity Forment Pulses
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B
T I ‘
Ll LRt

“0.1135|
5000 Hz|

100 4B

186.08 Hzp --

0.000000 Wisible part 0.760116 seconds 0760116
Total duration 0.788118 seconds

Figure 4. Spectrogram of the sound ji-yu

At a glance, none of Figures 3 and 4 look similar to Figure 2. Figure 3 (the spectrogram of
the sound ji-yu ) does not display any whiter part between the vowels /i/ and /y/, but only
parallel lines equally black present before the vowel /y/. By contrast, Figure 2 exhibits a
whiter part between the two vowels /i/ and /y/. Therefore, the nasal does not disappear but
remains.

Furthermore, Figure 4 (the spectrogram of the sound ji-yu) also looks distinct from
Figure 2. Because the spectrogram of the word jing-yu (#% 4., whale) pronounced by the
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Taiwanese informant neither look similar to the spectrogram of the sound ji-yu, nor does it
look similar to that of ji-yu, the sound modification in question should not be the nasal
deletion.

Nonetheless, the spectrogram of the word jin-yu (£ 4., goldfish) pronounced by the
same Taiwanese informant looks similar to Figure 2, although their durations and intensities

are slightly different, as presented below:

File Edit Query View Select Spectrum Pitch Intensity Formant Pulses Help

0090823 0408177 |0.185000

0.4735|

oo/ TR

5000 Hzl T|100 98
|

|£ !:;g.l.i:i.iﬁm|||mu.q;g

“Mﬂiimlllllll

[72.72 dB (pE)

21072 z) JJ RS
0.080823 0.1“17?
0.000000 Visible part 0.747574 seconds 0737574
Total duration 0.747574 seconds

Figure 5. Spectrogram of the test word jin-yu ( £ 4., goldfish)

pronounced by the same Taiwanese informant

The spectrogram similarity between Figures 2 and 5 indicates that the Taiwanese Mandarin
speaker does not distinguish the minimal pairs jing-yu (#% 4., whale) and jin-yu (£ 4.,
goldfish), but pronounces them the same, changing the final velar nasal into the dental.
Furthermore, this acoustic analysis is also supported by the discovery from my interview with
the Taiwanese informant after the riddle game.

By comparison, the spectrogram of the word jing-yu (i 4., whale) pronounced by the
Chinese informant is distinct from the spectrogram of the same word pronounced by the

Taiwanese informant, as shown below:
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Figure 6. Spectrogram of the test word jing-yu (#x 4., whale)

pronounced by the Chinese informant

Apparently, Figure 2 does not look similar to Figure 6; accordingly, it is safe to infer that the
final velar nasal does not retain in MT, but must shift into another, either the bilabial or the
dental.

Finally, the comparison between Figure 2 and the spectrogram of the bilabial nasal
demonstrates that the nasal does not shift to the bilabial because the two spectrograms are

distinct from each other, as shown in Figure 7:

Sound jim = |12
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{ B 1 || T |L|uI'||n.|]b dmw

At

[B:8.23 dB (uE)

124,88 Hzt-

0.000000 Visible part 0.894308 seconds 0894308
Total duration 0604308 seconds

Figure 7. Spectrogram of the sound jim-yu
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The spectrogram comparison between Figures 2 and 7 eventually assures us that the
syllable-final velar nasal does not switch to the bilabial but the dental.

To summarize, the spectrograms presented above indicate that the syllable-final nasal
changes from the velar to the dental when the preceding vowel is /i/ or /e/, instead of

vanishing with the preceding vowel nasalized.

5. Implications for Automatic Speech Recognition

As phonetically presented above, the syllable-final velar nasal shift to the dental
regularly occurs in the variety of Mandarin spoken in Taiwan. While this nasal merger in
phonologically independent words might not influence computer intelligibility, it might
interfere with the computer word-identification process of the syllable-final nasal minimal
pairs. For instance, because of the nasal shift, Taiwanese Mandarin speakers tend to say the
word gao-xing as gao-xin, changing the velar nasal into the dental one. This sound
alteration might not mislead the speech recognition system to misidentify gao-xing (% %) as
gao-xin (B %) because no such word as gao-xin (% 13 ) exists in Mandarin. Nonetheless,
this nasal shift has resulted in considerable homophones, neutralizing many minimal pairs,
such as jing-yu (#% 4., whale) and jin-yu (4 4., goldfish), and sheng-gao (* %) and
shen-gao (¥ % ). Consequently, when a Taiwanese Mandarin speaker says jing-yu (#7 4.,
whale) as jin-yu (£ #., goldfish), the system might misidentify the intended word as jin-yu
(£ 4., goldfish) rather than jing-yu (#% 4., whale), hence retrieving the wrong word. To
resolve word-identification problems like this, a possible approach might be to train the user
to produce the standard pronunciations of the minimal pairs differing only in nasal endings.
Specifically, the user might be trained to articulate the minimal pairs as the standard
pronunciations so that the recognition system is able to retrieve the right words.

Such sound training, however, is neither easy nor realistic. While the speech
recognition program may provide the standard pronunciations of the syllable-final nasal
minimal pairs for the user to imitate and articulate, there is evidence that most people tend to
mishear new sounds and mispronounce them according to their habitual articulation (Ohala,
1992, 2001). Furthermore, some recent research has demonstrated that Taiwanese Mandarin
speakers tend to preserve their distinctive and unique sound features as their Taiwanese
identities, instead of following the standard pronunciations associated with China (Hsu, 2005).
Accordingly, a viable resolution might program the automatic speech recognition to

distinguish syllable-final nasal minimal pairs, as represented in Table 2.
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Table 2. Example of the minimal pairs that differ in the syllable-final nasals

following the vowels /i/ or /o/

-ing/-in -eng/-en
qing-xin/qin-xin cheng-jio/chen-jio
LG ki 5

ying-qi/yin-qi sheng-éao/shen-gao
EHMEF A B/EF
jing-ying/jin-yin seng-qing/shen-qin
SE/£8 i A
xing-xiang/xin-xiang zheng-zhi/zhen-zhi
B %/RT% Bieldie
jing-yu/jin-yu zheng-feng/zheng-fong
[ N FTh /R

Table 2, however, is not a complete list. Further research is needed to include as many
minimal pairs of the syllable-final nasals as possible in the corpus of the speech recognition
system.

Most crucially, research into the context where minimal pairs differing in nasal endings
is needed to enhance the performance of word identification. For example, when the user
says the word ying-qi (% # ) as yin-qi (£ § ), the speech recognition system might retrieve
both of the words for the user to choose. Nonetheless, if we would like to advance
automatic speech recognition, we need to investigate the discourse where each of the words
occurs. For instance, the word ying-qi (% # ) often collocate with such words as huan-fa
(%) and lin-ran (% £%), while the word yin-qi (¥4 % ) does not. Furthermore, the word
ying-qi (% # ) often occurs when the discourse includes words like zhen-pai (& %),
hao-shuang (% %), and guang-ming (£ ). Therefore, future research into the discourse
where syllable-final nasal minimal pairs occur will facilitate the speech recognition system to
retrieve the intended words.

To conclude, this study has analyzed the phonetic attributes of the syllable-final nasal
shift from the velar to the dental that occurs nearly completely in Mandarin spoken in Taiwan.
To accommodate this nasal shift, a computational linguist needs to include as many minimal
pairs ending with the nasal rhymes as possible in the corpus of the speech recognition system.
In addition, to improve the efficiency of the word identification, this study has also proposed
to investigate the discourse where each of the minimal pairs appears. In short, future
research into the syllable-final nasal minimal pairs and the context of their usages is needed

to enhance the identification accuracy of the speech recognition system.
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