AET1 R eS| A R el B il PR
Likelihood Ratio Based Discriminant Analysis for Large

Vocabulary Continuous Speech Recognition

2 Hung-Shin Lee
[Esz[j, Eﬁﬂr‘ﬂq—l\ BEC }Q_Lﬁ‘ IE % ,»
Department of Computer Science and Informatlon Engineering
National Taiwan Normal University
hungshin@live.com

Bﬁl?ﬂ{ I# Berlin Chen
I S Y
Department of Computer Science and Information Engineering
National Taiwan Normal University
berlin@ntnu.edu.tw

e’

T F AT R ’[J—JJF”[ ik (automatic speech recognition, ASR)F #5715 {75
BRI o S SR B
n%’ﬁgm ?}%lfﬁr ¢Fﬁ>?1’ ST PR ™ R TS *Vﬁ g ) 7 [1_5] Al
(T E=2REEH[| 55 #r(generalized likelihood ratio discriminant analysis, GLRDA) > H Gl
F '] TE'I‘ A P fgifR(likelihood ratio test)f a5 1~ f[ﬁ{?&@ﬁ]’%ﬁ'Lfﬁ B - fi [P o
ETFT > 25 T B0 = JEPRI PV E 2% [ (heteroscedasticity) » A[JHE | RF|]. H A I
Bpl i L 1 P B A > S ST s PR [Fﬁw;{/z;[wr ;gag;.ug v T CplE
= (null hypothesm)”"?}‘é*[L) PUgE 4 FE=E e B 12 *IIJTE} S| pUFsR -
FﬁJ [ > S5 FT R T R RS 5 Ar(linear discrimmant analys1s LDA)gﬂ | Gt
2 AR 55 A r(heteroscedastic linear discriminant analysis, HLDA) i’ PLmd EL=Y 5
HRLED DR A () Pl 3 fr’T(GLRDA)pJﬁx%ﬁqfﬁﬁ o = 5 KR m,hfgu_ﬁﬁ@ﬁﬁg
S > 2 TR '.ﬂﬁdi‘ﬁl i A T R R R B aﬁf mpEH
T‘iHW *?ﬂﬁixﬁl@?ﬁf{ PRSI R o APRERTT | R R E'ﬁ RS sk o

LSRR © G Y R P - SR AT R

N ;ﬁﬁ
B R (F TR VRS, ?Frjff' 1§51 (feature transformation) v | I Jnfﬂl i
P##(automatic speech recognition, ASR)f[1§ } ’ i;[%lp YE L o WRYE MRS TR



AU @ e R™ - JRRUE T n AR Jﬁui%%ﬁ r‘ém & T’&ﬁu% AR R (d <n)
IF[I tH ig?ﬁ J’:[flj &t E‘Y#IZ?FIHUFE. =N ﬁ?ﬁ%ﬁ J{%{H ﬁJT} g5 - Ejf' Ej f'%?ﬁl}zkpjﬁfzr
fOBE ST EL A PR (2] ¢ A ]7'*~1J‘A 2 38 (cla551ﬁer-dependent) = O T BT 5T BT
(classifier-independent) o vt ! A5 55 K58 EIU%‘ETEW{II PP R ] jF“[ ,ﬁ%ﬁ?ﬂ\(minimum
phone error, MPE)[3]=%4& /| 77 @%ﬁ?{(minimum classification error, MCE)[4]f~EEH]= 4
O IR 5 E@‘%ﬁ“ﬁiﬁJ(acousﬁc models)| 12 5 I?E[Jﬁ‘)i‘_ﬁ e Fr A R 5 A
il 6 - TE'?]EP? R ZﬁFla“EEJﬁﬂTﬁi‘Eljiﬁlﬁ”& £ [FIRVRER Y R AR - ]
RS T EER T ARSI RR R IR AT JZ‘TF'%H@EFW%"J‘ PR - T
1&&[_%&}[]71 #r(linear discriminant analy51s LDA)EIHH, ﬁ'ﬁ*[ “HEHIIFE AT B, ST
1y (squared Mahalanobis distance)[S] 5 [} fit s =S 5T Fr(LDA)FVE] 6 [~ > f #TEEE]
1% 55 #r(heteroscedastic linear discriminant analysis, HLDA)[[7 & {*4f!{I] % (maximum
likelihood)VAES ™ » ZFl 20— B[S AEE I 3 @ﬁ[%ﬁf‘ﬁp‘ﬁ”[?ﬁim It R
W[l57 #7(heteroscedastic discriminant analysis, HDA) i ff[[#47% F:{J =) KEHIIp~ 55 'r‘J i JE*F
& FROL ST 4 (PR FTLDA)FLE TR 153 FRHLDAYR) %
FIgEH Y ;Eﬁﬂ\[ % Zre ¥ (maximum mutual information, MMI)# g /| 75 ?}iglﬁﬁ?i(MCE)
AEIYE S plid) | IF“*?E‘E F I[E{ 28] ° =5t > 515 H‘FI JF‘J“{{F ;[*Vq"”?ye.:j‘f,:%ff tk (pairwise
empirical error rate)¥[| * &l ’ﬁfjtﬁﬂﬂﬁsgg&mmm%&lﬂ,r.m HEFE T~ ;,ﬂ’[fk g A1]1e3
(M2 EAE[O-11] -

SERFS IR 2 5 tﬁﬁgpqﬁg o HEIR T 2| ) EER SRR AR N [ E JHRF S
2 /L’*Jﬂ‘jﬁiﬁﬁ Fl JiﬁFIHHN i 4{7 u’ﬁi[’ﬁ\ﬂ £ jf\f[t‘%l{[ J?%%ﬁ?i} o {H ,i‘g[:r_r ¥ H[ )y I
MR LRI R : i f; ROV 2 9 BT B
RGO AT Pk L aass % A T (Y Ur'ﬁfuﬁw%ﬂz
o 'F‘“iﬂ pLI ) Ao L ARROBEPART R fILRLINERY > fRLL [
?EHJT“EIF' ’ﬂﬂﬁiylfﬁ?ﬁfzfi,f\?iﬁiﬁl ’PE'FU[ i ’ﬂm‘ff'ﬁ‘un ﬁL RS PR ‘&clf+

1o RIEIPRL - 5 FHTS I’—fﬂﬁiqll Fr%ﬁtlfpﬁjgi : 'ﬁufnﬂﬁ[ Iﬁnmj’rgﬂj ,;[HEI iy

$F'J7‘-—’43.%3(pa‘[tern recogmtlon)ﬂJFlJ@& O~ TR ) (RSUR R £, JFE(;@HJHH
T

r+¢FA¢ FIv» 25 e = IPW‘LJ%HIF\?E‘T BV HF[J_H R P
S| 57 #7(generalized likelihood ratio discriminant analysis, GLRDA) » £ 7773 #[[* [#fI{] %
[ o i (hkehhood ratio test, LRT)fINEE s — (A& g [poH r'%vr “F'EJ o T [P 2
FIT 2517 [E8 5 = R R ]f(heteroscedastlclty) SJEE R Eﬁ'"/ﬂ Agh gl
GAITR 5 e AR VLR > 5 ) IR W%INF'VJ}I"??F'HI ﬁiﬂ?’? 'jilﬂ' CPlEE
[Eilq%“(null hypothesm))”?}‘é*[L) INE e = =3B (=3 E| 2 55 IL— }I« ﬁw_lvﬁ NiNkza
VARG ) SIS AR ) Eoad tag bl “ﬁﬁ‘%ﬁf EJ%; 'r*J(Gaussmn dlstrlbutlon) e
H @ﬁ‘%ﬁl‘ﬁl’w PRIV U E‘U?[ A { = AT ’f}%ﬂJﬂT’?(GLRDA)H i [50% fk
ﬁva@\uﬁ%munﬁ@* ¢ 01,2 P17 - 145 TS S R - 2 1
ORI 2 P P R L R L aéwf,

T FUEL A BT A



PSR F 1 552 L (statistical hypothesis testing)[iv & [13] A% F““ﬁ*‘fﬁg% E(LRT)
ol FEi It IEIFI FI JHHE ,2% QRSN ['f"jF[J )%’154 o [@]%(null hypothes1s)H0 N F[ﬂl,.i;
517 % (alternative hypothesis)H, [ = P g R SEE! o riYI:F FlT o o e
H, AEJA VA P AW PRV URRE > @Z5 1 PRI I ri?g?ﬁm*ﬁ Bt
AELUAIIR BT S SRR TF b« 0~ HERL - R %ﬂ'ﬂﬂ” l@?;“ VH?}H%\(UHIOH)
[H ﬂ‘lﬁ m] YRRl o

JE',Q%H KR UBEr (parameter space) > [i] @ F<- LT HE H l’?ﬂ«LﬁfUp I Bl
» PRI P L S I@?Hoﬂ‘ﬁj ]E%Hl N 'Eﬂpj 196 £

sup L,

LR = (D

sup Lo

> LA FUEES (sample) e WRIFVAEI T > sup Ls &1 W‘&@{TQ'}’F'EEJJ?EIUE
J\ﬁlﬂl E[[:\A(I)Fldfﬂ’ ﬁ[lllﬁf' F} )ﬁ%—l@iﬁl[rﬁ [—{%f 7}:7”);&7 ﬁ{ﬁll[l%@F}
0 S AR [ 5% (maximum likelihood estimation, MLE)AY™ [Hi 4545 (1 ,iﬁﬁf]
& lﬁnﬁﬁlﬁi?ﬁﬁ— REaSiE e A T ] R A > 25
T }%L]: i (5= "% EhH(confidence measure)_ i (I H 765D E (true) EI”",;L#L%}:%
B2k Q i A AL £ IGREIRaNE: e R ) (a1 E"wﬁ”[ﬁtilﬂ [P SUPL
sup Lo “‘iﬁjlfﬁ BT LR T 1 e o s jE', Ho 713515 B(false) » Pl A AL T
e kg 1 dij Fla 5 HN=> supLC,,}iﬁj’F e Hsup Lo o

(Z) HH=a

wuww@%muﬁ%ﬂ o) f;w R e S RO
F' #d " (phonetic confusions)[14] ﬁ‘/ = IF"[ F ffTi(voice activity detectlon VAD)[15] - T+
ﬁ%?fﬂﬂf“aﬁ Fﬁr'%vﬁqvﬁrwﬂwi&lr’ﬂ*% B ST 1 A O
S (MR B e bk [Ei%iﬁ'fuﬁé FHIpY E AR TS — (WY~ R
M vy P DR e F’T’%"i’ B A R R P D S
> S PRE 11 PO R R

Ho 5 B B
Hy e I B

P S5 MRS RIS R @ € R o SR FEPSERTD SIS ISR Ho -
SR EUAR (T T e 3 [ AR (U] B S]] 03 M (generalized  likelihood ratio
discriminant analysis, GLRDA§E I Eyl?c F{lﬁ‘ [t

Sup Less g2 oz +11 (©)
sup Lypyozyrrin(©)

RPN © (R A e ] [ Jaroa (@) TR 0

=) [fil ™= 1% (Homoscedasticity)

J GLRDA (®) = LRGLRDA (@) = (2)

~ARRE A I D IR A P Rl 1 RS 2 ] (R A e R



Hﬂﬁjﬁgimﬁwﬁ FuB R ] o | FE RS ?E' 5! fﬁ |12 1% (homoscedasticity) » kL5
- K %ﬁt'"‘ ’Fﬁ'fﬂJﬁUﬂ @%'?ﬁﬁﬁ?  J e R KRR GO B - B HRE)
~ W C oA R Hh°m°ﬁ|Hh°m° fi F%Li&

{Hgomo AQETJ_HAQ_ tFTHHCI’ Y, =X pi=pe
thomo _é}’\j‘jf/‘\g—‘ ;%THHC, E' Zi = Z ’ ul‘AT\ 'g*[’:“j],ﬁjl-{f{rﬁ”o

HEo™ (3 T @1&# EJ[?WJ A EI”FE—E K= J?@;} gh ) »J'B"jtﬁ{ﬁ“?
(S - P FNJI I tﬂr <SEH)(1 73 #r(GLRDA)IY {5555 H TR R

F'@‘l‘?fﬁﬂ SR PRy R -

7 R A B ) ) (Gaussian distribution) - s
%“” DA « S HE™ e I 4 )7 S 5
(GLRDA)fUAESI™ T i o
AR ¢ B S R S S A PR AR R P 3 A
(GLRDA)YE R =

sup L wom (O)

Jhomo G) = 3
GLRDA( ) SUP LHllmmo (9) ( )

ST [ 3SEEEH5) FTLDAYY E VR

0’S;0
JLDA(@):w

4
107S,0 | @

1> Spe R™HISy € R™ 55 || K] 'Eﬂﬁ'r fﬁﬁﬁ[‘ﬁl (between-class scatter matrix)= 4
i Jﬁ(ﬂ"ﬁ Fiffi (within-class scatter matrix)[16] °
P ¢ YL B PO G i TS @ il

log J&%5a (©) = sup log Lyjpome (@) —suplog L jrone (@) %)
1] 10g Lypons (©) F110g Lyypens (@) [i' BLxE— H55 fjJF A ERARS A7 E oK) xi' i ﬁ’?’?ﬁ?‘ﬁq?’r}}
VR A

log Lo (@) =log p(xi',n, X, 0)

& n; ~ ~T o=l ~ ~ o long =~ (6)
=g(N,d)—ZE((mi—u) X7 (m; —p)+ trace(X S,-)+log|2|)

log Ly (©) = log p(xV, {1}, Z.©)

SN (Tl s ~ (7
=g(N,d)—Z?((m,-—u,-) Y7 (m; — ;) + trace(Z S,-)+log|2|)

1> g(N,d)=(=Nd/2)log2m) » N Fuf5d Bt R rRIEEr - n SRR G poeyRlgr > C
RUSHRIAR > d BV Y VA e A EIJELJ%“M*' CPyF ) 5 m, IS, 53 T HIRASE © i



P U ST i B S HARBRB SN T~ () AIE PRS0 (57 Hiomg2 FPom
I:%HL % %;IHQEE%I&]EI N erri}ElEF [Ef,l[?:l [ﬂ E =4 ﬁ@giijgﬁ[gﬁjl > 1 I,FEJEH'F;I I'ﬁ[ﬁﬁﬁ‘ifgl\'f .

ﬁin‘ fg fi T@I:%}AH(?OIHO -\ E[fjﬁ —K;FE[ I’” A I,Ffl = 5 ﬁgomo ﬂ:l igomo , _II‘[J}L‘IEJI?C (6)7} HH?:T'T J;‘I:I E
53 > 20 0

— ﬂ ~ ATyl s ~
alogLHémm(@)_a( ;2 ((ml p) X (m; —p)+ trace(X Sl)+log|2|)j

on op
¢ < ~
== m(E7 - 0))=0 (8)
= ~homo __ ﬂﬁl _ IY]
u() - N i —

=i

C . ~
®) a(—z’;((ﬁli BT (i, — ™) + trace(E7'S)) + log | £ |)j

i=i

d10g Ljpom
ox ox
=—Zn,2 +Zn, EH I +Zn,2 (M, —m)E " (M, -m) T = )

i=i i=i i=i

C
= e = | S G 4 [ S 2 (- (@, — )’ | =Sy +85 =8
b (N](ZN( X )] w+S5 =87

E1Sre R™ L = Jﬁﬂﬁrm i (total scatter matrix)[16] < }{—] 0™ = m Al Thomo = Q. & F 0
(6) > ' l@ﬁ%Hhm*ﬁ ViSO

sup log L (@) = max log p(x!', fit™, Z6™™, ©)

Nd (10)
= g(N d)——10g|ST |—T

IR > g e F3g HE™ T RS AT TS Bl @SR ()3
S AE (RS 0 20400 T

C
N ST — i YIS, Y
d10g L, (O) d 22 ((m, W) X (m; —p;)+ trace(X Sl)+10g|2|)j

i=i

wm Ol
= (E7 (@, —fi)))=0 (11)

~homo

:ull —I,fli



C
E i~ _Nhomo | ~homo N—INA -
d10g L, (O) 8( Z ((m, w27 (m, - 1y™) + trace(X7'S) + log | © |)j
ox )
C - C — e o
= —z I’li271 + Zn,‘Z*lSiZ*l = 0 (12)

R = i FTE =Sy £ 247 o [ M0 T R g S )

sup log L (@) = max log p(x1", {fiis™}, Tieme @)
Nd (13)

=g(N, d)__10g|SW |—7

B SN A0FA3) M FEG) 0 B [ﬁﬁj%‘l‘%fﬁi?ﬁ“ FYSAFReATI T P

log J&hbA(O)
Nd N Nd
(g(N d)——|ST |_Tj_(g(N d)——log|SW |_Tj
:ang |Sw [—log|Sr ) :ang |Sw | —log(|Ss |+ Sw |) (14)
_N Swl _N, 1

B == g
2 TSy +ISw] 2 |%% 11
| Sw |

@ A R (=2 (14) FesRkel) o [HET, ?TEVTHEVE" 1 F%Hr c}ff(monotonically increasing)f¥|
e T @ T B S 2R (14119 78,0 /| 078y @ | s+ i » [y i [+ kLIS S
SFHLDAYSE T (34(4)) - -

(p4) g2 14 (Heteroscedasticity)
A S P m%;'r%ﬁm%@%[17] :
{Hé’ﬂ“ - FIICASEFETI N 2 = BRI -

HE B ICASB R ) 2 WSS IR -
IR O R S o %um FRHGLRDAYE et [ s -
log J&ba (@) =suplog L wee (@) —suplog L e (©) (15)

[ 1og Ljeer (@) F[110g Lo (@) T ¥ 75 [[[1E— H/FA- )

10



log LH(']‘e'Er (9) = log p(xlN s p" {21 } 5 ®)

. - . - (16)
— g(N,d) —Z?l((mi — i) 7 (R, — i) + trace(E7'S,) + log |, |)
log Lthe““ (®) = log p(xlN > {"i}’ {Zi}9 ®)

c (17)

= g(N,d) —Z%((ﬁ,. ) Z7 (0, — i) + trace(Z7'S)) + log | £ |)

i=i

ﬁ'}iyj\\‘ fg ?‘i i@l:%';‘]_[(?eter s E[fjﬁ J\ﬁ[][ ]’E[‘m El Ngeter }:I:I Zheter FIJ/E{%E“Q(16)7} HU?\—J‘[‘ }:l:[ ii
(57 > 4 H R0 F A

C
My — )T E7 (s — i y-IQ. 3
dlog L, (O) _ 8( ; 2 ((m, n) X (m; —p)+trace(X; S;) + log| X, |)j

o B ol

_ —in,-(i,-—l(ﬁn,- —)=0 (18)

X -1
Nheter_(znl ; j iniii_l (Zn S_lj in,g,_llﬁ

C

ﬂ ~  ~heter\T yi-l =~ ~heter
dlog Ly (©) ) 8( Z 5 ((ml wo ) X (m; — )+ trace(E;'S, ) + log | Z; |)j

1=l

= ox,
— _%nk (_ il—l (ﬁl, Nheter)(ml Nheter) 2 -1 Nl— § il— il—l ): 0 (19)
— Zl(;elter — (l'ﬁl ~heter)( ; _ﬁ(l)leter) + §1’ — ﬁi + §i

H B = (i, —fi ), — ) o fli fH— HEPURL - VA8 WYYz kH[F‘ EJ g
RFFEEI L o P ) L S &Jz =S, WERAUTIFTE K= A A9
R AIZE (O A (16) o i T R HO S OSSR

sup log L, (@) = max log p(x', ie™, {Z55}, ©)

Cop e o (20)
—g(Nd)—NTd— %log|Bi+Si|

i=1

pd\r@rilﬁér%H““EJﬁﬂrw & (T AR U750 B AL
t e ’ T\"', —Elt'r O ’ | {;FJ
Ipjfss > 24 i

C
i ~ STyl Ers =3
d10g Ly (®) a( 2 > ((m: i)' X (m; — ) + trace(X;'S,) + log | X, \)J

i=i

M O,
:niifl(ﬁli—ﬁi)zo (21)
= ﬁ?jler — ﬁ;li

11



9

og L () _8[—2’;((m,—~1hfter) £ (6 — 1) + trace(E7'S,) + log | £ |)j

= oz,
- —% CESE+E")=0 (22)
= i =§,

}17:“(21)%:“ (22)F[l|ﬁ[afL['ﬁlJ AP AT (5 217y | T IE%F%H P A A S
e -

sup log L (®) = max log p(xi", {1}, (Zheen @)
c _ o ~
= g(N.d) = X2 {( — )’ S7' (@, — )+ race(S/'S,) + log | S,

i=1

(23)
= g(N,d) - Z (d +1og|S, |)
Nd &g ~
=g(N,d)——-=)» —log|S;
=g(N,d) > 25 glSi|
B/ FRQO)EEN Q23 T F(AS) o LI i
log J (l;it?{rDA (9)
Nd C n; ~ ~ C n; ~
N,d)———-> —log|B; +S; N,d)———->» —log|S;
[g( ) > L5 gl Ij[g( )2 ,12g| Ij
. < ~ i~
—23(1og|3, +Si|-log|S; ) = Z; 10g | L(pp) +S7'B; | (24)
i=1 i=1
: n; -1/~ Nheter ~ heter
=—Z‘,Elogllw>+8f (M, — o™ )(m; —fo™)" |
i=1
C n; ~ ~heter\7 @ -1 /o> ~ heter
=3 2 logll+ @, — i) S (@, — i5)
i=1
= 2SR S D fﬁ} [ AT P S]] 5T Pr(GLRDA)FVE MR
C
Gu(0@) = Z% og(l+(®Tm, O uiey” ((DTSi@)’l(@Tmi—G)Tu‘&et“)) (25)
i=1

BGPTSR R (PR O S (25)E0 pU- B S

3G (©) _ _i _ (-S,05.'B, + BO)S!
00 P 1+ trace(S;'B))

(26)

1 B=(m; —pf™)(m; —pi*) > B;=0'BO > S, =0'S,0 -
=) s

12



e P[P E A 53 AT(GLRDAY: T [l ™ it £ ey

@[E H i,[\”@ﬁi[%ﬁlzﬁ[ F 1&[%[ i Iy
gt At | B

N ~
Sr —— log|Sr|

N o~
—?log|SW|

C
n; ~ ~
— —10 B,'+Si
2. log| |

i=1

e SR F (1% E S5 FTGLRDA) % IR foseat B« Lopl-
(A VAR P o= > luiwﬁlﬂ%ﬁﬂﬂm%’?(LDA)ELJ?IJE_I ) FE (CETES e
FLHG™ 22 HYOMe pOAfI ] g B il =) ) » I AR RE R o R B
(HLDA)f¥ F[L_lil S
A RES ¢ B AR ST AT (HLDA) S i Pl (AR (% P i o
(GLRDA)HIELJ Hhomog:r Hheter Egﬁ[[’”&ﬁ Pk fgrﬂ ;Lj—ﬁ:i_j , F‘Iﬁlwﬁl[[ }{%ﬁj””
Pr(GLRDA)RLE! 24 384G 5T Pr(HLD AV F[uil R Sl

S : YST6] > HLDA | =N 1

N C
JHLDA((E))=—Elog|®{n_d)ST®(n_d)| > —log|©iS:0, |+ Nlog|O| (27)

My
i=1 2
PELTE =0 @ £ = PIAFII (full-rank matrix) @ = O =[O, O -] » 7Y (TR FH[18]

107870 |5 @S0, | X|O)-0)STO () |
= log| Q'S0 |=log | 0)S:0, | +log| @{nfd)ST(D(nfd) | (28)
= IOg | @{nfd)STG(nfd) |: log | ®TST® | —IOg | ®§Sr®d |

N10g|®|—%log|®rsr®|
:Nlog|®|—ﬁlog|®|—ﬁlog|ST|—E10g|®| (29)
2 2 2
N
=—710g|Sr|

SR8 0(Q27) 0 B (QO) BRI o 25 PR LI SRS A
(HLDA)fp b~ FE | AR =01

13



Fo7 - MATBN UL SR ] 10 5204 ORI 3 st

Kl (k) s (RCDRLE]) AR AR
in (—5) ing (—L.) | 66,353
an (5) eng (L) 42,550
i (—) sil (7@ ) 31,796
u (R) sil (7@ ) 29,082
sic e (E[UEER) sil (@) 26,134
sic i (—fudE) sil () 25,709
ing (—2) sil  (8) 21,629
gu (&R) sil (@) 19,197
ian (—3) e (—4) 17,212
sic i (—fUZERR) i (—) 17,022

K
1
2
3
4
5
6
7
8
9
10

S N N
Jupa (©) = — Z%log 198,00, |—(—?10g |9:S:0, |j—?log |Sr| (30)

i=1

suplog Lthctcr (0) sup logLH(l;omo (©)
IR TGRS (- N/2)log Sy | o FIIZ GO)VSTRRC A 1) st 47
(GLRDA)j] 1 » H&°“‘°§?Hf‘““Fﬁg%ﬁ?ﬁ*éﬁ%‘?ﬁ'ﬂl@?ﬁ (plFe= ) u
PR i B2 AR50 FT(HLDAYE Bl 3% .V 97500 {40 178 bk i
153 AFH(GLRDAYII 15 B e 22, [ Ho st B2 SRS FR(HLD A2
ﬁfiiﬁ?%ﬁlé“’m"ﬁ%% MR S e SR A PR RS e o s Rt

?{i’ﬁj (L) E= (153 Fr(GLR DA 2 [T oo ek & s gy o [t =q A » e
1 0 5 L gy R R R it E;g@ fHi(robust) -

= RO

P2 S A1 ()7 == 513 PR GLRDAIE - 558 HE™ 7 » 508
- ﬁﬁﬂﬂgjﬁﬁﬁ'mﬁﬂ&"[’T;“I[FIJE?&?QE%Q'Z&’ Bl 1280 DTy~ # (FIE i%'j’_f—i?f[g{@%,glj &
T SR o e P IR T HLDA) £V BV 5 1 MATBN 'SRl (%
DLV 3 S PR B 1 25 U SIS - R o o] B i
HEN] K RIS Ypgke = < BRETRFE T [l BRI [ kRIS R in,
ing) » H iU HEGET 66,353 » A FUR T i ok in A1 ing - Fl10T HIREPES AT =
S ing Al in O SAE e HERLT » |ASRRTSFE ® PUSVEOGE - 2 PR L
7 MRLUA " BT D AT SO i 2125 F1 - € 2R g
e ﬁazfgmuaj%;v YL o B PROSRGAT PU YL SIS L AL PR B
VR > FIH > G TSP SRS 10% BAFCIEYE AT 2075 80%)193k
A A

(ERL » 78,25 I U8 OG- R J1 G B AP S Rl 32 ) i -

14



01 | | | | | | |
0 100 200 300 400 500 800 700 800

[~ ] K2 BYBIpE - RS B etk
<ﬁ@¢Kﬂ0”Mﬁt¥%ﬁiﬁﬁF}>

=~ AR 7 A

IS Co IRV S Bt =i | TSI

BE IR S R IE?P%H BT =ps o P B IEF%H (i 50
m—m—MO%ﬁ&% =5 [P o S 5 2 ﬁPﬁJmEW%w@WFﬁH%W
iE-l{%] 2 (confusable cluster) @ J[I qﬁy[* o I AT ZEEH[JEEM% H%[UI (graph)HlEleg‘
(vertex) » [f] El[;ygﬂg@;{[@gwp SpEr o Furjﬁjl l;ﬁltbﬁxgﬁ' HIfUiE (edge) > Elmﬁirﬁ‘ﬁf«
ok & p R L '#/H%WI/ (graph) [ 17 | FYsglp] = ﬁ%ﬁ[(connected subgraph) « F°] > iﬂFEj fi
}%’ET]?H P"”ﬁ%ﬂTquﬂ UIHTERE f/[lﬂi?yﬁ;ﬂ T ETE (flood fill algorithm)[19] » Fﬁf—‘[\;ﬂ[_ﬂ

wwwﬂﬁﬁrﬁ@wrﬁv&)[WH@F}%wuﬁmummw&@gww
?%] AN F FEU U] A B S5 g1 55 v (confusion information based GLRDA,
CI-GLRDA) : G {Gy} BV E TE‘L%ZFJ'J K E,L)B‘"jf,l\{%’ VAT > ﬁxrquj[u 3E]ET
34?“}&[' I/E%F ;% ’\ EIU*E[ melgrl T -J‘_f IE?H F%’;‘—Li/[l :

15



R B P AP S5 M T R R TR (%)

GLRDA Without MLLT With MLLT
T t5(weighted mean) 62.34 74.88

a1 t5(arithmetric mean) 58.68 74.45

5

{HocI L5 - K JCff:@ﬁ oI ZT g‘fjf?ﬂiﬁkﬂ CE Cre Gy Hlllpe = e
H{' 25— H JC,deJﬁ T3 E WEEAE PO Hﬁ”ﬂ
EE[ s LEVEER 5’ B P AR B G PRV R

?ﬁﬁl[ Pre b AR (AR (- ZH TR R R e VF[JJIN‘TE'ITJ@B““
FEE( 77 Fr(confusion information based GLRDA, CI-GLRDA)| '?Fﬁ#ﬂf :

5

C .
Ga@®)=— Y Zlog(l+(@© m, -0"p") (©75,0)"(O@'m, —0'pn)) (1)

i=1,G,€G
=GO [ [ fpfat e[ A %

aGCI(G)) _ Z ( S@S lBl +B1®)S !
00 e raceS By

(32)

i B, =(m; —p)(m, —p)” > B, =0'B,0® - S, =0"S,0 -

P~ HiRRRE N )

(=) WEREE

F' tix fol (™ TPV ﬂ?ﬁ[t MATBN [ ¥ %ﬁlﬁéﬁg 7H [20] - '] &5 91 ;cl?{guuﬂ
AR 527 J Eﬁ » Kl p[124.5 7] Eﬁ (5,774 HJ Fl J’?& 3467 (% Hjlﬁé PR D
Ié?ﬂ@?‘*ﬁ*‘?g”%wﬂ?ﬂﬂ ' 1 JEﬁ (230 /) ERAREE [EOORR > pIE 15 JEﬂj (292
/) HIFE3E s R (developing set) » =] HE iﬂjﬁz%éw U f/[@i’*ﬂﬁﬁfﬁﬁ [~
pﬂrerlL VEeES e HETHEERY K o

o 7 S A R RS (B (Mel-frequency cepstral coefficients, MFCCs) {7 f

FUF UG Bl s ’*Jjﬁn ’WIF'EJ}{’j’JI[*H'TPJ T EREN— {al RS [ﬁ?‘f =
An Ry o PRHEGR S = F FyfEpes =0 L p A5 E ] (hidden Markov models, HMMs) » 53 f]]
LR R Jﬁ* INITIAL == FINAL 1% » & & Bk s/ 07 A G &/ Y2 ol 5@4}?{

’ﬁ (RN |7FE' TF”E’J"J (right-context- dependent mogel RCD model) » “i_F— [
ﬁf{(Sﬂence)ﬁiﬂ ’ 1F3ii' FIS1 AR SARLET[21] o AR ERASLE] @7 EM BT
(expectation-maximization algorlthm) ’ %’:1@ 10 ﬁ'%’f?iLEl"Jﬁi f“‘?FE[['I‘ R e J?}?ﬁ
F:[%LF'FBEI a1 U s IS R lg‘-u T /812 (word bigram and trigram language
models) » & '] FEf[110p]F ik (Central News Agency CNA)2001 == 2002 =+ Frrifs & =iz
= - Py R (AT I U R SRR - S O F

16



FP PR BRIV U Y R R A R L (%)

LES Without MLLT | With MLLT
A PT(LDA) 71.46 74.33
RS 03 #r(HLDA) 70.28 74.88
B [T Fr(HDA) 71.36 74.53

Bl 42 L (A )7 s A
(Heteroscedastic GLRDA)

EUi L Y (AR P gl
71 #7(CI- GLRDA)

62.34 74.88

63.62 75.26

AR SR SRI Language Modeling Toolkit (SRILM)[22] © ik #58% =% [,TEV(MFCCS)
£ %M?E‘_'El ﬁh‘ ?(baseline)[fi| = F' » X SHPEE J;Fug} (character accuracy) £l 72.23%

(=) gt

i Y AR E IRy BV Tk YIRS Fr(LDA) ~ 12 (R |
JJT’?(HJLDA) BT P (HDA) > 'JLIHFEJF’??EL"FUF[L_H AT B )
7F’:r(GLRDA) fﬂf\_[":“ + 162 7&E(n = 162)f h?r_,“&m ! (super-vector) 3%~ [RERERTE o =
ﬁj’&[r LE5H5 9 ][—'ij’, HE M R 3875 (Mel-frequency ﬁlterbank)”’l’?ﬁ}? [ 18 SR

By E'HJ?}#?F"?&L ERIVBRETYR - 1) | RS R 39 5E(d = 39) >
i E'F”E[inﬁl\lﬁlﬂlf'ﬁ o TR A RE A [ Fulﬁ?lﬁ_k EfEBY P ﬁﬁ‘ﬂiﬂil po S K
fofst o] EFf i FIRLE ] {L«}% “RH AME(HMMSs) 1S (state) EL = > 20aS - PR
Hl‘tfé AR~ R S ;@m#(fomed alignment) - F0y% % & o/l OATE

%iﬂﬁkﬁﬂ 2N r? NIRRT AR - S~ A
B ﬂiﬁ"lﬁﬂ*ﬁ f’%?ﬁ%ﬁ‘ﬂir’ﬁfqv '[ﬁlfﬁﬁfﬂf[ﬁ'ﬁ"'% Elﬁgfr[ (I BT H A AL
LA™ Flﬁ’?’? l&,ruﬁ—gﬁ% ) iﬁ’&WJ(HMMS)’*E‘ﬁUIF‘If#‘\ SR N ES; [Fqﬁ*:i@rilﬁ
Tk i S g A A T AR B (maximum likelihood  linear transtformation,
MLLT)[23{ :

T B '[\fk*l/%’iij['%ﬁlﬂ‘ [r & 2 T B2 T’T(GLRDA)FUFF[ 53 0 PR U (25)
HTo u“e‘“ﬁ”%fmiﬁi%{l‘ [ﬁﬁrwu P 3G ([ PRIV SRR~ AR (18)
TR E AR T f59(weighted mean) » FA- Y[

I ¢
heter _[Zn S j Znisi_lmi (33)
b AL = B PRIFVETES I (arithmetric mean) » #9017

heter - le (34)

‘2“*

S SRR SN FI@I’ET‘E”’" %ﬁj]]w?F’T(GLRDA)HrT [ﬂ ﬁ;@@lﬁlﬁfgm -Iy
A o ISR TS Hltb, et l'ﬁ[ B PSSR > P o ViR
T YRV kA 1) "*3« <H54)[1 53 #7(CI-GLRDA) » iymﬁwgrﬂ IifRpoRE 191

17



E9 P f T TH A RS MLLT S 2f o ol 5 e TF{E (T sk 5
(GLRDA) » 85 [ % « SERLEARASUSEH fotspyo o Lot - 2327 0
— KRR B I S| [ g

%[Jul@%flﬂﬁ%’ﬁﬁ%’z}‘gﬁng \I+J\Dj§\m§§§nﬂ?ﬁ?ﬁ%§“/ﬁfﬁ} o EH1 Bl ik
S>3 AT(HDA) F RIS e 1

Jipa (@) = ZC: n;log| @S0 |+Nlog|O'S;0| (35)
SRl S S A SR T P (LD A E )k T Rk F“‘Jﬂ*“ra“’? o fifi
HIEHAYRL 7 % 90 MLLT Hrwﬁulﬁiw » I RSUEEE] 55 Fr(LDA) £ gﬁ@t{ﬂﬂi 7 rﬁ“
T By RIS (R (MFCCs ) » lg“iﬁ?a i N FHAY nfl?ﬁa‘ﬁﬂi&* B ] 11&[_%%71%
(LDA)E"%L%WJW’*W% I EY T IOy o 9 o 22 s f [24-25] » 0y " MLLT
Fe sl i R J““‘JaE'“br [ftﬁﬁﬂi PPt o4 ﬁL%ﬂfHUm T’T(HLDA)‘P%‘“&
Z RV R (AT RS S]] 55 AT (Heteroscedastic GLRDA) » 7% — F5 Y 8 B&es f
(74.88% ) “J?B <l f’pﬁf (ARG 3 AT (LDA) PRI 2 (s o Hi =5 e
WS R E@W N R R R Y K (K = 100) » #EEs R R
“‘(7157526%% “HJF‘FJ I R SRR AN lfﬁ%ﬁthﬁﬁ[ﬁuw 5L

A 53 RN

SO aiatﬁr;.‘ﬁ'?%fﬁ» L

BV FUE RIFIRTEA AT P ARER(LRT)[O L) ARt ™ o JlH 1 B -

f@j[’“ﬂl)ﬁfﬁl ﬁtﬁ%ﬂﬂ:mqfﬁ B - mg,[r.qpﬁﬂ;tj i it} I @ ’i?ﬁf{ szﬂf pjﬂbgd

T3 B phefe o BRIV ORI 1B RS SRRy e I > 5 PO
EF‘?'??FJH]J?EJ%'E}?%?F, » ff0ET S IR RRAT S U

jﬂl’“ﬁ‘][ @F“}%&H[Jn%(GLRDA)pJ’ﬁ“*J‘ ~ A sf\j\Iylf"jTﬁ :

EURFIELTEAR A 00« S50 H SPR T P i 2 e
EiF ?& o I RIS R R PR

ﬁ‘it‘“

PR

g ’ijI P S Tf i 4 FF & NSC 98-2221-E-003-011-MY3 -~ NSC
96-2628-E-003-015- MY3 NSC 97-2631-S-003-003 Elfﬂﬁﬁﬁ W o [ g

Ly

Y

ﬂg

[1] B. D. Ripley, Pattern Recognition and Neural Networks. New York: Cambridge
University Press, 1996.

[2] X. Wang and K. K. Paliwal, "Feature extraction and dimensionality reduction algorithms
and their applications in vowel recognition," Pattern Recognition, vol. 36, pp.

18



2429-2439, 2003.

[3] D. Povey, et al., "fMPE: discriminatively trained features for speech recogntion," in
Proc. ICASSP, 2005, pp. 961-964.

[4] X.-B.Li, et al., "Dimensionality reduction using MCE-optimized LDA transformation,"
in Proc. ICASSP, 2004, pp. 137-140.

[5] R.A. Fisher, "The statistical utilization of multiple measurements," Annals of Eugenics,
vol. 8, pp. 376-386, 1938.

[6] N.Kumar and A. G. Andreou, "Heteroscedastic discriminant analysis and reduced rank
HMMs for improved speech recognition," Speech Communication, vol. 26, pp. 283-297,
1998.

[7] G. Saon, et al., "Maximum likelihood discriminant feature spaces," in Proc. ICASSP,
2000, pp. 1129-1132.

[8] K. Demuynck, ef al., "Optimal feature sub-space selection based on discriminant
analysis " in Proc. Eurospeech, 1999, pp. 1311-1314.

[9] H.-S. Lee and B. Chen, "Linear discriminant feature extraction using weighted
classification confusion information," in Proc.Interspeech, 2008, pp. 2254-2257.

[10] H.-S. Lee and B. Chen, "Improved linear discriminant analysis considering empirical
pairwise classification error rates," in Proc. ISCSLP, 2008, pp. 149-152.

[11] H.-S. Lee and B. Chen, "Empirical error rate minimization based linear discriminant
analysis," in Proc. ICASSP, 2009.

[12] X. Cui, et al., "Stereo-based stochastic mapping with discriminative training for noise
robust speech recognition," in Proc. ICASSP, 2009, pp. 2933-2936.

[13] W. J. Krzanowski, Principles of Multivariate Analysis: A User's Perspective. New York:
Oxford University Press, 1988.

[14] Y. Liu and P. Fung, "Acoustic and phonetic confusions in accented speech recognition,"
in Proc. Interspeech, 2005, pp. 3033-3036.

[15] J. M. Gorriz, et al., "Generalized LRT-based voice activity detector," IEEE Signal
Processing Letters, vol. 13, pp. 636-639, 2006.

[16] K. Fukunaga, Introduction to Statistical Pattern Recognition, 2nd ed. New York:
Academic Press, 1990.

[17] N. A. Campbell, "Canonical variate analysis with unequal covariance matrices -
generalizations of the usual solution," Mathematical Geology, vol. 16, pp. 109-124,
1984.

[18] M. Sakai, et al., "Linear discriminant analysis using a generalized mean of class
covariances and its application to speech recognition," /IEICE Trans. Information and
Systems, vol. E91-D, pp. 478-487, 2008.

[19] J. D. Foley, et al., Computer Graphics: Principles and Practice in C, 2nd ed.:
Addison-Wesley, 1995.

[20] H.-M. Wang, et al., "MATBN: A mandarin Chinese broadcast news corpus,"
International Journal of Computational Linguistics and Chinese Language Processing,
vol. 10, pp. 219-235, 2005.

[21] B. Chen, et al., "Lightly supervised and data-driven approaches to mandarin broadcast
news transcription," in Proc. ICASSP, 2004, pp. 777-780.

[22] A. Stolcke, SRI Language Modeling Toolkit (Version 1.5.2).

[23] R. A. Gopinth, "Maximum likelihood modeling with Gaussian distributions for
classification," in Proc. ICASSP, 1998, pp. 661-664.

[24]L. Wood, et al., "Improved vocabulary-independent sub-word HMM modelling," in Proc.
ICASSP, 1991, pp. 181-184.

[25] G. Yu, et al., "Discriminant analysis and supervised vector quantization for continuous
speech recognition," in Proc. ICASSP, 1990, pp. 685-688.

19



20



Wavelet Energy-Based Support Vector Machine for Noisy Word
Boundary Detection With Speech Recognition Application

Chia-Feng Juang, Chun-Nan Cheng and Chiu-Chuan Tu

Department of Electrical Engineering
National Chung-Hsing University,
Taichung, 402 Taiwan, R.O.C.

e-mail: cfjuang@dragon.nchu.edu.tw

Abstract

Word boundary detection in variable noise-level environments by support vector
machine (SVM) using Low-band Wavelet Energy (LWE) and Zero Crossing Rate (ZCR)
features is proposed in this paper. The Wavelet Energy is derived based on Wavelet
transformation; it can reduce the affection of noise in a speech signal. With the inclusion of
ZCR, we can robustly and effectively detect word boundary from noise with only two
features. For detector design, a Gaussian-kernel SVM is used. The proposed detection
method is applied to detection word boundaries for an isolated word recognition system in
variable noisy environments. Experiments with different types of noises and various
signal-to-noise ratios are performed. The results show that using the LWE and ZCR
parameters-based SVM, good performance is achieved. Comparison with another robust
detection method has also verified the performance of the proposed method.

Keywords: Speech detection, word boundary detection, support vector machine, wavelet
transform, noisy speech recognition.

1. INTRODUCTION
For speech recognition, the detection of speech affects recognition performance. A

robust word boundary detection method in the presence of variable-label noises is necessary
and is studied in this paper. Depending on the characteristics of speech, a variety of
parameters have been proposed for boundary detection. They include the time energy (the
magnitude in time domain), zero crossing rate (ZCR) [1] and pitch information [2]. These
parameters usually fail to detect word boundary when signal-to-noise ratio (SNR) is low.
Another parameter concerning frequency domain has also been recently proposed. According
to the frequency energy, the time-frequency (TF) parameter [3] which sums the energy in
time domain and the frequency energy was presented. The TF-based algorithm may work
well for fixed-level background noise. However, its detection performance degrades for
background noise of various levels. For this problem, some modified TF parameters are
proposed [4]. In [5], the idea of using Wavelet transform features as speech detection features
was proposed. In this paper, we present a new Low-band Wavelet Energy (LWE) parameter
which separates the speech from noise in the domain of Wavelet transform. Computation of
the WE parameter is easier than the modified TF parameters, and it is shown in the

experiment section that a better detection performance is achieved.
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After the features for detection have been extracted, the next step is to determine
thresholds and decision rules. Many decision methods based on computational intelligence
techniques have been proposed, such as fuzzy neural networks (FNNs) [4] and neural
networks (NNs) [6]. Generalization performance may be poor when FNNs and NNs are
over-trained. To cope with the low generalization ability problem, a new learning method, the
Support Vector Machine (SVM), has been proposed [7, 8]. SVM is a new and useful learning
method whose formulation is based on the principle of structural risk minimization. Instead
of minimizing an objective function based on training, SVM attempts to minimize a bound on
the generalization error. SVM has gained wide acceptance due to its high generalization
abilities for a wide range of applications. For this reason, this paper used a SVM as a
detector.

The rest of the paper is organized as follows. Section II introduces the derivation and
analysis of the WE and ZCR parameters. Section III describes the SVM detector.
Experiments on word boundary detection for noisy speech recognition are studied in Section

IV. Finally, Section V draws conclusions.
2. ROBUST DETECTION PARAMETERS

Wavelet Transform (WT) is a technique for analyzing the time-frequency domain that is
most suited for a non-stationary signal [9]. For short-time analysis and discrete speech signal,
discrete-time WT (DTWT) is used. Let the amplitude of the k th point in the ith frame of a
noisy speech signal be denoted by s(i,k) and the frame length in sample number be

represented by N . The DTWT of the i-th speech frame is as follows,

DTWT(m,n) = \/72s(l Jow(ay"k —nt,) s (1)
a()
where w(-) represents a wavelet basis function, a;' is the scale and 7, is a translation

parameter which is set to a,” in this paper. The commonly used value a,=2 is used in this
paper, resulting in a binary dilation. Thus, Eq (1) can be written as
DTWT(m,n) = Zs(z kw27 (k —n)] (2)
\/7
In this paper, the Harr wavelet is used in Eq. (2), where
. 1
1,0<2 (k—n)SE

pl2"(k—n)]=1-1, %S 27 k—m <1 ©

0, otherwise

Generally, the DTWT is computed at scales g, for, theoretically, all m . The output of

DTWT can be regarded as finding the output of a bank of band-pass filters, where different
values of scales corresponds to different band-pass filters. The outputs of DTWT at different
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Fig. 1. (a) The LWEs of clean speech (b) The LWEs of speech with white noise added at
SNRS.

scales contain different amounts of speech and noise information, and only the crucial scale(s)
that contains maximum word signal information and is robust to noise should be used.
Therefore, energy of the crucial scale is adopted as detection parameter for distinction
between speech and noise in this paper.

To find the crucial scale, some observations on the effect of additive noise are made on
different scales of DTWT. It is found that at the scale of a," =2°, distribution of the STWT
amplitudes matches well with the speech interval.

After computing DTWT for each time frame of a speech signal at the scale a,” =2°,

the next step is to find an energy parameter to stand for the amount of word signal
information at this scale. It is found the speech section corresponds to large DTWT amplitude
values. Thus, summation of the amplitudes over n can be used as a parameter to stand for
the amount of word signal information. It is also found that the amplitudes of noise tend to
become larger when translation index n is larger than O0.8N . Thus, summation is

performed only from n=0to n=0.8N . This novel detection parameter, called low-band
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Fig. 2. Distributions of speech/non-speech frames in the LWE-ZCR plane with noise ranging
from SNR20 to SNRO, where “Xx” and *“ +” denote non-speech and speech, respectively.

wavelet energy (LWE), is computed as follows,

08y 1 N
LWE = 312 sy (2 (k=) @)
n=0 k=1

For illustration, a clean speech and its corresponding WE parameters of each frame are
shown in Fig. 1(a). The speech with white noise and its corresponding WE parameters at
SNRS is shown in Fig. 1(b). This example shows that the WE parameter can robustly
represent the energy of speech signal at different SNRs.

In addition to the WE parameter which is used to measure speech energy, the other
parameter used for speech detection is the Zero Crossing Rate (ZCR). The reason for using the
ZCR is that it is particularly suitable for un-voiced detection due to the high-frequency nature
of the majority of fricatives.

Figure 2 shows distributions of speech/non-speech frames in the LWE-ZCR plane with
noise levels SNR=20, 15, 10, and 5. The results show that the speech frames locate in a

certain region of the two dimensional feature space.

3. SUPPORT VECTOR MACHINE DETECTOR
SVM is based on the statistical learning theory developed by Vapnik [7]. SVM first
maps the input points into a high dimensional feature space and finds a separating hyperplane

that maximizes the margin between two classes in this space. Suppose we are given a set S
of labeled training set, S ={(%,,y,),(X,,y,),":-,(Xy,yy)},where X € R" and y e {+1,—1} .

Considering that the training data is linearly non-separable, the goal of SVM is to find an

optimal hyperplane such that
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Fig. 3. The sequence of speech used for SVM training.

y,(W'x+b)21-&,i=1....N )

where we R",be R, and & >0is a slack variable. For & >1, the data are misclassified.

To find an optimal hyperplane is to solve the following constrained optimization problem:
1 N
Min,, —w'w+C» &
<2 2 ©)
Subjectto y,(W' X, +b) 21—

where C is a user defined positive cost parameter and Zfl is an upper bound on the

number of training errors. After solving Eq. (2), the final hyperplane decision function is
achieved, and
N
f(X) =sign(W' X +b) =sign(Q_ y,o; < X,% >+b) =sign( D y,o; < X,X, > +b) (7)
i=1 ieSV
where ¢; is a Lagrange multiplier and the training samples for which ¢, #0 are support
vectors (SVs). A detailed derivation process can be found in [8].

The above linear SVM can be readily extended to a nonlinear classifier by first using a
nonlinear operator @ to map the input data into a higher dimensional feature space. In this
way, it can solve nonlinear problems. By replacing X in Egs. (1) and (2) with the feature
space ®d(X) and solving the constrained optimization problem, the decision function

f(x)= sign(i v,0, <DP(X),P(X,)>+b)

i=1

—sign(Y 3@ K(,5)+b) ®)

i=1

=sign( ) y,&K(%,%)+b)

€SV
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is achieved, where K(X,X;) =®(X)-P(X;) is called a kernel function. This paper uses a

Gaussian-kernel SVM  with K()?,)?j)=exp(—H7€—)?jH2/7) , where ¥ is the width of a

Gaussian-kernel. The two-dimensional inputs of the Gaussian-kernel SVM detector are ZER
and LWE. For SVM, there is only one output and the desired output is “1” and “—1" if the
input frame is speech and non-speech, respectively. During test, the SVM output indicates
where or not the input frame is speech.
4. EXPERIMENTS

The wave files of speech are recorded by 11.025 kHz sample rate, mono channel and 16-bit
resolution. For SVM training, the training sequence length is 13 seconds and is shown in Fig.
3. It consists of 20 words and is corrupted by white noise whose energy level increases from
the start to SNR=0 and then decreases till the end of the sequence. For testing, the speech
database is built of sequences of transcriptions from the same male speaker, where each
sequence consists of ten isolated Mandarin words “0”, “1”,---, “9”. There are a total of 50
test sequences used for playing the judicial role in performance comparison. The noise added
to the speech sequence is of variable noise level during the sequence. Figure 4(a) shows the
flowchart of training by

(a)
desired output

. L1011 11,
training speech
X DGDD... or .0 1@1 11..

frame (1) | wwwmmmn | flagme () | wwmwmns | frame (k)

X, ¥ ()

feature TsyMm P
extraction W

SR

(b)

test speech

frame (1) | wwmmmns | frame (7) | wwmwmsms | frame (k)

feature SVM
extraction

h 4

L V()

Fig. 4. (a) Flowchart of SVM training. (b) Flowchart of LWE-based SVM for test data.
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Fig. 6. Word boundary results by LWE-based SVM and RTF-based RSONFIN in variable

noise level environment.

LWE-based SVM is shown, and Fig.4 (b) shows test of LWE-based SVM.
The classification rate defined in Eq. (9) is used as training performance index.

o Correctly detected frame number
Classification rate =

€))

total frame number in training sequance

For SVM, the value of C influences the training performance. Fig. 5 shows the
training performance of C in the range [1, 85], where the range is spaced to 17 equal scales.

The cost value C is set to 40 in the following experiments, where there are a total of 1050
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SVs in the trained SVM.

To get a quick view on the test performance, some illustrative examples are
experimented and shown in Fig. 6, where white noise with sharp variation in amplitude is
added to the clean speech. Most word boundaries are correctly detected. For comparison, Fig.
6 also shows the performance of refined time-frequency (RTF) feature —based recurrent
self-organizing neural fuzzy inference network (RTF-based RSONFIN) [4] detection method.
The result shows that RTF-based RSONFIN almost fails to detect most of the words, and the
performance of LWE-based SVM shows much better performance than RTF-based
RSONFIN.

Next, the ten Mandarin digital words in each sequence of transcriptions in the test
database are to be recognized. The words in each sequence are detected by the two methods
respectively. When the number of successive frames being detected as speech is larger than
0.1 second, we regard it as word for recognition, otherwise these frames are discarded. So the
number of words
detected in each sequence of transcription may be larger or smaller than exact ten words.
Considering this phenomenon, we define the following recognition rate

recognition rate = leoo% , (10)
where T is the total number of words in the reference transcriptions, E is the number of words
recognized incorrectly, U is un-detect words of reference transcriptions, and S is surplus
words of reference transcriptions.

For the recognizer, the hierarchical singleton-type recurrent neural fuzzy network
(HSRNFN) [9] that put SNR20 white noise as training data is used. The reason we use
HRNFN is that it achieves high recognition rate and is robust to different types of noise under
different SNR. With HSRNFN recognizer, the recognition results by hand-segment,
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LWE-based SVM, and RTF-based RSONFIN methods under white and factory noise are
shown in Fig. 7. The results show that recognition rate of the LWE-based SVM method is
slightly lower than that of hand segmentation, but is much larger than that of the
RTF-RSONFIN method.
5. CONCLUSIONS

Two research results on robust speech detection in variable noise-level environment
have been presented this paper, one is the robust LWE-based parameters, and the other is
detector design by SVM. Variable noise-level instead of fixed noise-level is added to each
sequence of transcript. Distributions of the LWE-based parameters in the 2-dimensional
feature space for different SNRs have shown that the LWE-based parameters are feasible for
speech detection over variable level noise. The LWE-based SVM can be applied to a speech

recognition system as demonstrated in the experiments.
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Abstract

In this paper, we investigate the noise-robustness of features based on the cepstral time coef-
ficients (CTC). By cepstral time coefficients, we mean the coefficients obtained from applying the
discrete cosine transform to the commonly used mel-frequency cepstral coefficients (MFCC). Fur-
thermore, we apply temporal filters used for computing delta and acceleration dynamic features to the
CTC, resulting in delta and acceleration features in the frequency domain. We experiment with five
different variations of such CTC-based features. The evaluation is done on the Aurora 3 noisy digit
recognition tasks with four different languages. The results show all but one such feature set perfor-
mance gain, the other feature sets actually lead to performance gains. The best feature set achieves an
improvement of 25% over the baseline feature set of MFCC.

Keywords: MFCC, CTC, delta, robust feature

1. Introduction

A front-end of a speech recognition system may consist of several stages for noise-robustness to
achieve good performance. In the early stage of spectral domain, well-known methods such as spectral
subtraction [1] and Wiener filter [2] may be applied. In the middle stage of cepstral domain, the
mel-frequency cepstral coefficients (MFCC) are commonly used as the static feature set. In the post-
processing stage, there may be normalization, temporal information integration, and transformation
modules.

It has been observed that simple normalization approaches, such as the cepstral mean subtraction
(CMS) [3], cepstral variance normalization (CVN) [4], and histogram normalization (HEQ) [5] can
lead to significant performance improvement in recognition accuracy in noisy environment. Appar-
ently such methods are capable of alleviating the mismatch between the clean and noisy data.

In this paper we investigate novel features based on simple transformation methods. Specifically,
we insert a window of static cepstral vectors in a matrix and then apply the discrete cosine transform
(DCT) along the temporal axis. The coefficents after the DCT is called the cepstral time coefficients,
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Figure 1: The block diagram of the proposed feature transformation methods.

and the resultant matrix is called the cepstral time matrix (CTM) [6,7]. After CTM for each frame is
extracted, we further apply normalization and routines for delta and acceleration feature extraction to
the cepstral time coefficients. The transformed features are combined with the static MFCC features
to form the final feature vector.

This paper is organized as follows. Section 2 defines the cepstral time matrix and introduces the
investigated feature transformations. The experimental setup and recognition results are described in
Section 3. In Section 4, we draw conclusions.

2. Feature Transformations

Our feature extraction and transformation process is illustrated in Figure 1. We begin with a review
of the cepstral time matrix, which is followed by the mathematical definition of the proposed additive
transformation methods.

2.1. Cepstral Time Coefficients
We first insert a fixed number of adjacent feature vectors in a matrix
ct, Ci, ... Ci;
cral A R L (1)
Chr Ciy .. Cler
Here K is the feature vector dimension, and f? is the feature vector of frame ¢, C" is the matrix whose
column vectors are the 7' consecutive feature vectors starting from frame ¢.

The cepstral time matrix at frame ¢, D!, is related to C* by the discrete-cosine transform. Each
row of D' is the discrete-cosine transform of the corresponding row of C*. That is,

Dj, = DCT(C}). (2)

Here D! is the i-th row of matrix D.! We call D! the nth cepstral time coefficient (CTC) of channel
¢ at frame ¢t. D is also called cepstral time matrix (CTM). It represents the spectral information of
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cepstral coefficient in an analysis window of frames. !Since our matrix index starts from 1 instead of
0, here the DCT needs to be

T
Di = ZC;T cos ((2T — 12);” — 1)7T> . 3)
T=1

2.2. CTC-Based Features

In this paper, we have 5 different transforms applied to CTC, each leading to a different feature vector.

2.2.1. Method E

The first transform is dividing the first column of D! by the number of frames (7"), while leaving other
columns unchanged. Let E! be the new feature matrix, we have

t _ t
E:l - D:I/T (4)
E, =D, n#l

Note £, has a physical meaning. According to (2), it is the mean of the cepstral coefficients within
an analysis window (while D!, is the sum).

We then compute a novel feature set based on E*. Specifically, we treat the columns in E* as a
temporal sequence and apply the delta and acceleration feature extraction steps. That is,

Ely = Ej5-2E,+ El.
We add the ES) and Eg) to the static MFCCs, resulting in a feature vector of
Ch
&= |E,| . (6)
El,

2.2.2. Method F

An alternative transform is to normalize the feature values in the first column to the range of [—1, 1].
This is achieved by dividing D!, by the maximum magnitude of the first column. Let F* be defined

by

Fl, =D., n#1
where N is the maximum magnitude in the first column, i.e.,
Nt = mgx\DZlL
The remaining operations are similar to Method E. That is,
By =Py P .
Fy =F5-2F;+Fy.

!In general, we will use notation A;. to denote the i-th row vector and A, ;j to denote the j-th column vector, of matrix A.
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We add F:(;) and Egt) to the static MFCCs, resulting in a feature vector of
Fr=|Fyl. 9)

2.2.3. Method G

In Method G, we add the first and second columns of CTM, which represents the zeroth and first
cepstral time coefficients, to the static MFCC vector,

Ch
g = |p| . (10)
Dy,

2.24. Method H
In Method H, we add the second and third columns of CTM, which represent the first and second
cepstral time coefficients, to the static MFCC vector,

ct

H' = |DL | . (11)

2
DYy
2.2.5. Method I

In Method I, we no longer use the MFCC. Instead, we simply use the zeroth, first, and second cepstral
time coefficients,

I'= | D, | . (12)

2.2.6. Method B

For completeness, we describe our baseline features as Method B. Our baseline simply uses the 12
MFCCs (cy, . . ., c12), the log energy, and the delta and delta-delta features. Therefore, the feature
vector has a dimension of 39, which agrees with other methods. Furthermore, our baseline results
agree with the Aurora 3 baseline results [8,9].

3. Experiments

3.1. Experimental Database

We evaluate the proposed CTC-based speech features on the Aurora 3 noisy-digit recognition
tasks [8,9]. Aurora 3 is a multi-lingual speech database, consisting of digit-string utterances in Dan-
ish, German, Finnish and Spanish. It provides a platform for fair comparison between systems of
different front-ends. All the results reported in this paper follow the Aurora 3 evaluation guidelines.
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3.2. Results

We first evaluate the number of vectors to be included in C?, and decide to use 7" = 15. For the static
features we use 12 MFCC features and the log energy, making /' = 13. Therefore, the initial matrix
C' is of size 13 x 15.

Table 1 lists the experimental results on the Aurora 3 database. The entries in the table are the
averaged relative improvements of word error rates over the baseline.

Consistent performance across different methods have been observed in the experiments. Specif-
ically, Method H achieves the best performance, while Method G yields the worst performance, in
all languages. Given that Method G and Method H differ only in the cepstral time coefficients they
include in the final feature vector, it is fair to say that the zeroth cepstral time coefficient is detrimental
to recognition accuracy.

Methods E, Method F, and Method I yield mixed results. In Finnish, Method E outperforms
Method F and Method I. In Spanish and Danish, Method F outperforms Method I and Method E.
Method E and Method F are similar in the sense that the first column (zeroth cepstral time coefficients)
are normalized, and then used in procedures similar to delta and acceleration feature extraction, in
the frequency domain rather than in the time domain. It is not surprising that they have similar
performance level.

Table 1: The overall (averaged over conditions) relative improvements of the word error rates in the
Aurora 3 tasks.

German | Spanish | Finnish Danish‘

-124 16.2 16.5 163
-10.5 224 10.8 16.3
-58.1 -29.0 -429 | -19.2

7.5 26.6 254 232
-10.8 19.8 8.5 13.1

—~ T Qo

The comparison of Method G and H concludes that the zeroth CTC is detrimental of recognition
accuracy. The zeroth CTC corresponds to the first column of CTM. Therefore in Method E and F, we
try schemes of normalizing the first column of CTM. In Method E we divide the first column of CTM
by T, and in Mthod F we normalize the value of first column to the range —1 to 1. The performance
of E and F given in Table 1 are better than the baseline. Lastly, we also try Method I, which uses only
CTCs, and excludes MFCC:s. Its recognition accuracy is also better than the baseline.

Figure 2 plots the temporal sequences of the fifth dimension of the third column (Dimension 31 out
of 39) of the feature vectors of Method B, F, and H of a pair of Danish utterances. The pair consists of
an utterance of Channel O (the cleaner instance) and an utterance of Channel 1 (the noisier instance).
Specifically, using our previously defined notations, Figure 2(B) is the plot of A? f, Figure 2(F) is the
plot of Fgg, and Figure 2(H) is the plot of I, L. It appears that the difference between Channel 0 and
Channel 1 is smaller in the cases of (F) and (H) than in the case of (B). Therefore the mismatchedness
is reduced.

Table 2 lists the experimental results of Method H on the Aurora 3 database, given as per-
cent word error rate (WER) results. These results include the four Aurora 3.0 languages (Finnish,
Spanish, German, and Danish) and the Well-Matched(WM), Medium-Matched(MM), and Highly-
Mismatched(HM) training/testing cases.
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Table 2: Our most recent Aurora 3.0 results using the method H, given as percent word error rate
(WER) results. These results include the four Aurora 3.0 languages (Finnish, Spanish, German, and
Danish) and the Well-Matched(WM), Medium-Matched(MM), and Highly-Mismatched(HM) train-

ing/testing cases.

Aurora3 Reference Word Error Rate
German | Spanish | Finnish | Danish
WM 94 13.1 95 204
MM 219 26.3 275 50.6
HM 25.7 57.8 69.6 66.8
Aurora3 Word Error Rate, Method H
German | Spanish | Finnish | Danish
Well 9.1 9.7 70 15.4
Mid 19.8 18.4 21.3 39.0
High 21.7 454 50.2 524
Aurora3 Relative Percentage Improvement
German | Spanish | Finnish | Danish | Avg.
Well 4.4 26.0 26.2 2451 203
Mid 53 299 22.7 2291 202
High 15.5 23.0 279 215 220
overall 7.5 26.6 254 232 | 20.7

4. Conclusion and Future Work

In this paper, we use five difference feature sets based on the cepstral time coefficients. Method
E and F, which first normalize the first column and then apply the delta and delta-delta operations on
the first 3 columns of CTM, lead to performance gains over the baseline. Method G and H, which
combine different sets of columns of CTM with the raw MFCC vector, lead to mixed results. Method
I, which uses all cepstral time coefficients, leads to improvement. Overall, the combination of raw
MFCC and the second and the third columns of CTM yields the best results among all experimented
feature sets.
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Abstract

In this paper, we propose a novel scheme in performing feature statistics normalization
techniques for robust speech recognition. In the proposed approach, the processed
temporal-domain feature sequence is first converted into the modulation spectral domain. The
magnitude part of the modulation spectrum is decomposed into non-uniform sub-band
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segments, and then each sub-band segment is individually processed by the well-known
normalization methods, like mean normalization (MN), mean and variance normalization
(MVN) and histogram equalization (HEQ). Finally, we reconstruct the feature stream with all
the modified sub-band magnitude spectral segments and the original phase spectrum using
the inverse DFT. With this process, the components that correspond to more important
modulation spectral bands in the feature sequence can be processed separately. For the
Aurora-2 clean-condition training task, the new proposed sub-band spectral MN, MVN and
HEQ provide relative error rate reductions of 18.66% and 23.58% over the conventional
temporal MVN and HEQ, respectively.
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@% ;gnﬁ I/;f‘“m[:rjﬂjg ;[?jfgg‘f‘xgﬁ STINREI N ) =

{z™n);1<n< N}, 1<m<M, =(2-1)
Ep M 8- n.ﬁ[iﬂjféﬁﬂ BIF R il N A BRI 5 i PR AR o 2 [l BT
J{z™ in }HL#J] N TIH{E™ ) Fe » FHITH WETI R I{E™ ) AFEPS
RURR BTy - R15E %Iﬁilfﬁ LRSS E  PIREEEA] o v syt > B R

INE /MF'EJ s FF—'J "m)" FTHE ¢
2. HH B {zin;1<n <N }HN Eﬁa%? (f 2 #8455 (discrete Fourier transform, DFT)

e R (X 4]} - i
e Zx[meﬂzxk - UEhs % =(2-2)

[ty };_J%)riqwr;ii?}(framerate)t F, Mz H[ 7t ST b (X (K]} posgisk i

0’%] C RS X (k] EE— HEEE o 25 M0 A2 (polar form)FeA X [K] Y[ 2

X[k]= Alk] e’ (2-3)
SRS X [R)O%0% 5 5 > O[KLRL X (KPR 55 53 457 S5 PSR 55 [
{ALRI) ogbiges [yt 1 {0 K]} T -

3. ;L{ﬁj’ F— Jfrﬁ(\lf%@%rfﬂﬂ Jgﬁi@ 7Y 53 {A[k];o <k< {%H I'} 7 %™*J(non-uniform) [3’;[:[;{/?]
(octave)[iu 2 » <IHIRY L [HFTRE > 5 [RHFIRE AOEaTRIgIs 70 (2-4) . -

[T

fl
2 2 .
22 F ol 7 (2-4)
‘2L 1[ - 2L 1 ] lf 622,3,...,_[/.

FILES 0 14 R (S5 BT e 2 (ROES » 25 (SRS
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1+ A - ORI BRI DIORIRS - £ 5 TR B - T {A[K]) 1=
SRR E > T4, (K]} 05T L IR - SRR SR
a#wm/mmﬁ’[%@% P PRIV 1 SRV B 2 OMTES e (R
%’ﬁF%@EﬂWﬁP[ﬁ%@%’*'ﬂhﬁ*w%%ﬁwéwmﬂ
4‘%W%ﬁg— a&%@lfTWﬁﬂ%ﬁ@p@ T { A, [} (oSt T4 4 - 25 P =
T4 (= HE T ISl {1k (MN) ~ = ISl o4 [~ 1k (MVNYZ T 5
[~ (HEQ) » SR B 211 {4, [k ]} 7 o RERPUSTE » 1 SR TH1 [ (MN) T 11
FHEI TN A (2-5)% A

121@ [kl] =4, [ki] el U (2-5)
HE g FUHT (single) o STHIFRIVEHIRIES S0 > g, 52 WD G ol 55

IR I i
=T erlgﬁjtﬁ?@f%'gl\TLiﬂ re ii(MVN) = [F‘ﬂjﬁg‘rﬂj:hl —L (2- 6)?‘&“1 :

~ k » .
Aé [k ] = : [ O] Iuéﬁ ’ Jé,a + /’Lé,a E:L (2-6)
ls
e, B ]Elﬂ' —F[FIJ;I/ j}ﬂjﬁﬁggﬁ@- JFaF‘fE[U:F fé;ﬁg[ ' 0y, ET'LEFF ;:ﬁﬂﬁjjx ;}ﬂ,ﬁ}ggﬁ@ﬁ%

H?

AURRYEE >, , 55 = HIES E‘%Flﬂﬁ?%ﬁ?&ﬁﬁi@ﬁ%ﬁ@j il o, Fﬁ@;ﬁﬁﬂ?'ﬁ;—ﬁﬂ 53
%%%@%yw@ B

ATk (HEQ) T IR BT 0] | 2 -1 # A
Al = £ (R, <Af %)) 2(2-7)
HHIE,, o B & ﬁ?*ﬁﬁggﬁ@%’lwﬁ N X o £ IR o 53 S

PSSR ] - ~
s.&@Eﬁérwﬁ%W%~ﬂﬁﬁﬁﬁﬁww@@»%{@wﬂ%ﬂﬁﬁﬁvwﬁmgﬁﬁa

st gz g Ao < k<[ S| pensaaton

FHIHY L ) - B { A LRI I8 Q-3 R AT 5553 {0 k] > F RS
b%‘r Fa - 3 Ef5i (inverse discrete Fourier transform, IDFT)H %{lfjﬁ i) o P #4(2-8)

:%j:( Je")e N 0<n<N-L #(2-8)
PSR BT SIS A B R S S T B VR 1 A JA[k]= A [N k]*f*

O[k]= 0[N — k] » [XI=25 FTir 14 1 5 2-8) e gt ] £ 0 {A[K]} 2
%lmsz\f—mf@;f@o

TR 2 P F IS S S ﬁﬂfﬂ AV ?ﬁ—ijf;‘«”"ll':ﬁﬂfﬁgmfﬂ CAGTRL =1 §
F RS (5 Oﬁﬁfﬁ%[ Ihfi(H%Q)F' ST fﬁ«%ﬁ’ ez Jfﬁﬁ“‘i”ﬁ[ﬁ PEISTF 1p JI%@@E
F,nﬁﬁ%'flhﬁ(SHE) NN mrﬁﬂz i h L =5 PP 1 (2-5) ~ F4(2-6) ~ FU(2-7)
E'JLJEFJ SRR 5] H]J i E1EE T 5T E@ﬁﬁéﬁ?j 5l -4 {* 3% (sub-band spectral
mean normalization, SB- SMN) 73 I gﬁf@*ﬂf i 5 ffrs=ag e Je -2 [~ 1 (sub-band
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spectral mean and variance normalization, SB-SMVN)Z 7] 4 £ ?@ﬂf wt;fq%\ SRS
(sub-band spectral histogram equalization, SB-SHE) - |fi| < F{5] Hl e p 4‘#? f[” (full-band)

;l; EiHE FE05 2 Z5{PIFN) FB-SHE oA o 1) B EHShgissT Sppe =) [~ P pugy i

=i

Pl)w%ﬁgu SB-SMN =2 SB-SMVN [ 52 1 & > Al Elflﬁﬁ‘ﬂf o & VIR

LN o (PR E R > FF,ap@Nﬁﬁa’lzgnpw%fﬁr NI TR [?W/é'ﬁf‘ﬁﬁ » SR
FIEZEL 0

é)l‘ 7t SB-SMN = SB-SMVN 3 [1 » ] [FI4FFS 7 | f FIAVE ST Sl | ARl B

[fily > & SB-SHE fl1> 7[R (02 7 [l EJE‘@’%‘*} o3 AR SRR SRy [
TR T fﬂ*EF&ﬂJ-»FE%‘*f@F@ I

3) mﬂﬁ—“mﬂfﬁﬁﬁ%‘%?@@ = iﬁﬁgpﬁi@fﬁ ST R A A

BIRIPAR 12410 g “‘”’7 f T PR RESETRE BT J‘FES@M" DN %IF&E VREET R

T (AR R AT A K] ,F@(j’—HIH PE E= T Y «{ET%A B SRR AR PV

i P IS0~ A == o) =) EJWF"EI* BRI SREH— = iRy Bl

RS N R > e = (e ) Bl ViR ﬁéi@%& ’ JEH}E FFVIR Y [y

S SRR I PR P OB - lféf T
PIEEpa R Jiuﬂ][ﬂfgﬂ > R S R ]Hfﬁ[]i‘ﬁ% %z lﬂi’['ﬁ'ﬁ‘/‘lfﬁ‘ IL ="
po - o st s b s < [N

’ g o(L+1)

A I T i‘?@ﬁ”gﬂ@ﬂ ER % 1B R puEYR &L= D - @ﬁ =5 1 2 L
N > 2SR > AT F N =60 0 & 2RSS AR [0 N =30 - [
LR 4 R FE - R A [ ﬁ“ﬁggﬁ@ﬂ =~bo E‘H4 SRR RIEE 1IN
ﬁfﬂﬂﬁ]’ TR -
=) i E@%‘T@iﬁ s R A=A LS g Jﬁ‘]‘Frm :

mﬂ%ﬂ’ &IFEJ}Ifﬁdi%'ffr?Eﬂle~%‘E‘;Jﬂﬁgéﬁ%ﬂf O (R B sk
7’}?% L (power spectral density, PSD)J& [ 2 fi J}V?%J > [l Ef FIE Lf‘ﬁﬂigfﬁlpﬁﬁ“?g\l 5
BT FiHr i3 ’7JJ/1§7 f%YEﬂjF 142748k (temporal domain) V[ f“’}iflf“?' f?ﬁ]ﬁ%j Feafify
[“3(CMN) Hfﬂfﬂj P Yot [~ 18 (CMVN) ~ a5 [ (™15 (HEQ) 73 Il =
g o 25 {9 H] | AURORA 2 EFRIEI[9]H] MIP_28826Z4A & @Wg 1 P FIFVEL(SNR)
[y~ B (babble)FE7H - wa[*f'rifﬂ RERUNL-E RS f%’éﬁ*gV ﬁ@*‘*ﬁﬁﬂa‘@ RSN
= Fh— YT S (MN) [ER RS- “'ﬁlﬂﬁri"ﬁ fi—!((the first cepstral
coefficient, ¢;)3-3[|Frif 1 73k E@L < &,‘a‘ﬂ 'iﬂ%ﬁ[_ fITs 1%‘!%‘(21)‘9[?]5@%‘ FEHPUT T
FEARES I?IEPM:: Gy ljﬁﬁc + PR «\E'F” PSD “LF o [1[RI(b)F[17TH] CMN 3% AIF 38 E] MN
?i(temporal CMN) > fi ?ﬁu%(ﬂkﬁwéi;ﬁf » TSR E RS MN YRl E[[qﬁl(c)ﬁ%l(f)ﬁﬂglﬁﬁ’
= IREIRAL) = 2 2 4 @5 HIE (GTR] SB-SMN@), SB-SMN(p)%* SB-SMNy A »
RSN OR e o5 SR [ 1 PSD AL L R 50 21 fIRI(D7E SB-SMN)
Bl PSD U di A e | o EIIIFL‘?FEF‘EJJ’F‘J?F'TFQF%‘@%T%j S fift T4 0k SR [P

S

ﬁuﬁ&p U PSD “f | PEEHRVRED -

B i L

geeey
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—Cclean =—=clean
== SNR 10dB == SNR 10dB
== SNR 0dB

(b) Temporal-CMN Hz

(a) unprocessed c1

10°

—clean =—clean
== SNR 10dB == SNR 10dB
= SNR 0dB = SNR 0dB

2 - 2 ;I
107 [=% 107 4=,
A Y
10’ 10"
- -
10° | ot - 1 10° ¢
10" : : : 10"
0 10 20 30 40 5019 0o 10 20 30 40 50
Hz
(c) FB-SMN
10°
=clean
== SNR 10dB
— SNR 0dB
10° | ®
10’
10° L
10-1 I I il 1
o 10 20 30 40 50

(e) SB-SMNg3, Hz (f) SB-SMN( Hz
= ISR R (T R G L R LR B H S A
[l (@) FUl; L B BT () 5] MN 2 —CMN > ()$ilai .V & i MN i —FB-SMN>
(d)%ﬁf{fjj/ 73 ﬂ}ﬁﬁg‘ MN 3?—SB'SMN(2) ’ (e)ﬂ/ﬁi—@‘;fﬁd/ 7}7/%@ MN E"i—SB-SMN@) ’ (f)ﬂ/fl
B 1 53 HIFE MN #—SB-SMNg,

BRI K T SR BT [ (MVN) (58 5Y- SEEIR Bithe
first cepstral coefficient, ¢,)5-3[[Frif 1/ ﬁj}t%ﬁ%ﬁé;’@ [l e o [ = FIT> F5p [I(b)=5 (32 -
R[S CMVN 33 > A8 %] MVN 1% (temporal CMVN) » AR fYEEI(b)) CMN [fy
2, (S PSD S BRI o Bk AT AR SRR R RLE R - [y
FEHEIR IS MVN 11 PRI [BIOSEER - KT MN B sl > #5 (F 2 esz
RIS = 2 5] 4 R (GHN) SB-SMVN(), SB-SMVNG SB-SMVN 3. » + 48
BT OB A7 T RE ) » PSD K T (S H [ J(DRE SB-SMVN
Rl o ST PSD A AUl (ISR o pT P T ) AT SR T S e
BT [~ ST (SRS 1 PSD 3% RIS - IR  p 1

pati ot
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g,;\r,& 7 JPHEEE T MVN 3 7 [ % PSD 8 gz S MN 3k > [0 4 35 - e
W;ﬂfﬁtﬂ;ﬁ I/jsc* o J§’anp °

10° . - 10
==clean =—clean
== SNR 10dB == SNR 10dB
== SNR 0dB = SNR 0dB

10 20 30 40 50
(a) un-processed c; Hz (b) Temporal-CMVN Hz
10° : 10°
=—clean =——clean
== SNR 10dB == SNR 10dB
= SNR 0dB

(c) FB-SMVN Hz (d) SB-SMVN,, Hz
10° - 10° -
==clean ==clean
== SNR 10dB == SNR 10dB
=— SNR 0dB = SNR 0dB
10% by~ 3 107 ) E
. AL
. A
10"} it 4 10"t Q...
SRS | 3
O\ T\ -
10° CNNC A 4 10%¢ I N ~
Qg ey IR '~,.\._¢" R " '.'. e
. . A -
107 10 20 30 40 50196 10 20 30 40 50
(e) SB-SMVN, Hz (f) SB-SMVN, Hz

[ T S IR T [ (0 T RS R R e B S
RIS+ (@)RUF L) B9 (D) MVN £ CMVN OF LR 'ff*?’“ MVN
1 —FB-SMVN - (d)#ilsi & 55 47 MVN }#—SB-SMVNy, » (e) s ]/ m;gfr-@ MVN
E—SB-SMVN) » (DFFIE] V555 MVN £—SB-SMVN,,

fohix o q%ﬂ'_: B ‘ﬁ“r’/ﬂ_l/%ﬁ’ﬁ%q%\'?w‘?i (HEQ) & [#*57— ?élﬂﬁriﬁ/ﬁ Ex(the first cepstral
coefficient, ¢1)3-%[|5+H I/ p}a;g LT 7 U S %pggﬁl P iR
I RS 55 ) HEQ ¥ F‘ﬂ%ﬁfﬂﬁ (& PSD fu-fHr HEE FITA) [~ $5 iy MN
R [T SRR B R MVN 3 (X ?lﬁi_ﬁﬁj@:ﬁq ﬁw-—‘g’@ﬁjp J!F—“fd/pnﬂ s =9

F5 P P = R A R T R (- (c)gu FB-SMN, [f= (c)fiV FB-SMVN Z[fl =
(c)FB- SHE) [ #22 FB-SHE #{/$#* FB-SMN = FB-SMVN i JF » (EHSHTE 10 PSD
o HIE PIRERE 0 [T kLG FB-SMN 2 FB-SMVN #fIS5f| UF 368 ] (S48 J3 19 PSD .
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dr o PG BV RR{STRY FB-SHE pO LIS o SRy 775 fﬁﬁﬁﬁ:@g;paﬁ
FE153 1FS SHE(SB-SHE)IA 1> PFIREE 14 P17 FB-SHE 7 1 [ PSD A fIoFspe e i
5 ETif ()2 (DAL > HTT V] MIN 2 MVIN BBl 025 (PRI £ i v
A3 E 2 2] 4 IR (3R] SB-HEQq), SB- HEQ 3% SB- HEQ @ » ™ K7 B 1
W Fer S SR ) - PSD AR H i (o B[R0S SB-HEQq%iE! i » B
PSD [y B profi (RIS o pH PRI 755 %@ﬁ@%%qﬁ% (1SR LTS I
[SPFEFATE Ay Y PSD K8y - ™ = PR - 25 DR R PRI g R
SRR S PREIREE PSS -

10° | 10° I
Nk —clean
-- SNR 10dB
— SNR 0dB -=-SNR 10dB

—SNR 0dB |

==clean =—clean
== SNR 10dB == SNR 10dB
== SNR 0dB

(c)FB-SHE Hz
10° 10°
=——=clean ==clean
== SNR 10dB == SNR 10dB
= SNR 0dB = SNR 0dB

(e) SB-SHE; Hz (f) SB-SHE 4 Hz
= ;ﬁ?{-ﬂal%‘“f“‘i} [ERFE T [RIFVE ?ﬁf{ N ’FU‘JF"[ L H ) H ﬁ%@%%gllﬁ%l :
(a)’_ﬁlﬁfi 1 H = (b)IF i8] HEQ }*—Temporal HEQ - (c)#filsi&| 1/ é\iﬁﬁ“‘ HEQ
1k —FB-HEQ - (d)#issi #] 1 5 #F¢ HEQ 1% —SB-HEQq) » (e)#iisi#] 1V 55 i HEQ
#—SB-HEQg) » (HHIsE[ 1 57 #iF HEQ 3% —SB-HEQqu)

= YRR T [ R TR
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—) E—ﬁ[jﬁl Ayl

"¢ i R RS f’[ TR R Y Fuf RREESRE ﬁ (European Telecommunication
Standard Institute, ETSI)F’?gErfEJ Aurora-2 f% sﬁ*[’% [9] » RL— =] A T A FUERERY
SR Y E‘(ﬂ"ﬂ"ﬁ& ; :f FHSCBIRY & 16 Bt ny > i 1R VR T [l PRt T RS -
Py gg o M EBSE  ETEE BB R %‘ﬁi LIS DI R R AR
(signal-to-noise ratio, SNR) 1 * &34 > Ji][5h : clean ~20dB ~15dB~10dB~5dB -~ 0dB
.5 dB 5 FUpEFEST HIEL G712 = MIRS - HEL B R & [f: Tﬁ’“ % [ (International
Telecommunication Union, ITU)[IO]’:'I’?‘F:IT A (AR v
=) E;ﬁ[jF"qut] fﬁ#gg@%%uﬁ}gﬂ,@ﬂ

iﬁﬁj’ Vﬁ[ﬁfa{ %%ﬁ&ﬁ’l R s Pt g ITH/IF E(MFCC) » [ffop FH
- BE;‘&E{ =R F‘¢E[DF[?'[%@{KEV%‘_L7J 7 %ﬁﬂ o

ik 8 kHz

ij'[ =~ (frame size) 25 ms, 200 %!,‘

FiAET F2(frame shift) 10 ms, 80 R

S R 5 1-0.972""

il ffi“fji/j?“ (window) Y P i (Hamming window)

(B ﬁ?z‘i%!@m) 256 Eﬁ‘

VEL BYAT (filter bank) HEER T = ¢ TR ER AT 0 H 23 [lW = F RO
MFCC 13 7#(cl~c12, log-energy) + AMFCC
13 7+ AAMFCC 13 5 > H 39 5é&

do R R R

Z5 TRLE) Bk 20 B A LR (hidden Markov model, HMM)[11] {&£7 i 25 481 2|
(acoustic models)fVE[Z' - & fA 11 {5 1515 (zero, one, two, ..., nine ™ oh)!'| ¥
(silence)friﬂ = (e ﬁ'ﬁj T fA 16[[4}[{? ) H;{{Fﬁ: A 20[ﬁﬁ —;;.% i iE'Lf[
() R B

ﬁ@—ﬁﬂwﬂﬁﬁﬁﬁﬁﬁﬁ T R A RS R
f?ﬁa' = {3k (absolute error rate reduct1on AR)E‘?%‘EI%%?' %%k 1 (relative error rate
reduction 1 RR1)7'} Il R RS R R (baseline) F5fi ™ o Firf [pner el
SIS ﬁ‘?f?ﬁ?fidf T = 2 (relative error rate reduction 2, RR) » & 177 ;I,I‘F“EEE
AT = */EFQHNP [ EATE s A HE T G
(3-2) ~ F(3-3)F

AR (%) = (MR - ERERMPEE) < 100% =(3-1)

’ﬁj [p| & (feature vector)

SR _ ERERIEE
RE, (%) = [ 100% - ERERHREE

5% WE - DIAREPHE
R%%%{ REEIHE - SIEBANE

] x 100% =(3-2)

b x 100% #(3-3
100% — 2BREHEE ] ‘ (3-3)
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Pl B 2SR T ET *%‘*Eﬁﬁr"

Lo S PIRFRR Y 78 50 R SRR L) [ AREE L4 ke ’FF (il
PEEFFEF] » FERR, [Ogpseg L P LFUEJ 19.00%f1 52 {Biéf‘ij« |1 SB-SHE
I [OPE 35U = SB-SMN 1 SB-SMVN ¥ P f6» [i' 1RSI 51301 > SB-SMN
1% SB-SMVN 3 | I8~ s fo— W = WEIE (41 i SB-SHE ¥ fj= [l S
PRV (B (SRR > (U SB-SHE B ¥ i (B VAR -

2. [ H[,cwjgg[yj(l 16Hz) |  % 1 I IR 55 ) » 00 S35 P I
ikl “&IJ ?nﬁﬂh‘ﬁﬁ?[ o EFR D T ﬁ%“ﬁ%ﬁﬁm RGN
FHA [?ﬁ?ﬁ%ﬁ’;‘f” = 7853 B PR U ) iﬂD“H[aH}EI%&E I T R
& ﬁ‘tﬁ”“%@ FEE F MEF& “ﬂﬁﬂi“ﬂﬁ‘r .NWT F(RR2)%  SB-SMNg
7 8.31% » SB-SMVNfi¥ 32. 64% » SB-SHE @1 7.56% -

Method Set A Set B Set C |average| AR RR; RR,
Baseline 71.98 | 67.79 78.28 | 71.56 — — —
FB-SMN 77.43 76.26 | 78.05 | 77.08 5.52 19.41 —

SB-SMN2) 77.87 77.26 78.36 77.72 6.16 21.66 2.79
SB-SMN 3 78.21 76.37 80.82 77.99 6.43 22.61 3.97
SB-SMN4) 79.12 77.26 82.20 78.99 7.43 26.13 8.31
FB-SMVN 79.03 81.19 78.29 79.75 8.19 28.80 —
SB-SMVN2) 80.06 81.97 79.28 80.67 9.11 32.03 4.54
SB-SMVN 3 80.84 82.59 80.89 81.55 9.99 35.13 8.89
SB-SMVN4) 85.94 87.06 85.79 86.36 14.80 52.04 32.64
FB-SHE 89.71 90.03 88.27 89.55 17.99 63.26 —
SB-SHE ) 89.76 90.09 88.40 89.62 18.06 63.50 0.67
SB-SHE3) 90.13 90.47 88.68 89.98 18.42 64.77 411
SB-SHE4) 90.59 90.69 89.13 90.34 18.78 66.03 7.56
3 RO T [ R Ot [ TR

(1) RSG5 [* 80 1 IR B9 3 BORAT

a1 UG MRCC HBAE [ B D [ 7
vl ) m”&‘“i'“ £ rl’Fjﬂﬁ"Iﬁ I R A
SRR B L4 [k VR -

PRSI 1591 T4 [ B B 4 . 4R

éfis-gw;r}% . [
(1) = 1 ARG IS T P [Efiﬁw'#ﬁfém;uiﬁ, i -
T [P > Ser By Ejiﬁ?ﬁ!vﬁ[ [ﬁﬂqﬁ@%‘r o S| [Fi * SB- SMN(4)ﬁFF CMN fiy
Pl 88.02% » [ CMN FUPR#S 81.66%5 SB- SMN(L 4)F' Ut 78.99% - 17
ﬁ‘ﬁ PHEETRVESE o M7 SB-SMN@)i 7 CMN I?E?B“ L WA P BT
ui_:f“éif"ﬁj Ry RS +:i]}imiiﬁ ¢ i“y}gﬁ?”%%uﬂ fiod I/ 7J~*7FF§55F4@5‘€ SR
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) o A PR [ -
(»f@i*%pwuéhﬁﬁhfﬁ%ff@”@w%p,ﬁffﬁﬂﬂmﬁ%ﬁw&u,WSMN
A [ﬂ qufﬁf%@r}tﬁ f“iif 53 HPH TR o F5 ] fed B (BEF o 1 [ 1 SB-SMN ()7 i CMN
Y RR, £ 30.02% > SB- SMN(4)11§FF[ CMVN f9 RR; £ 15.95% > SB- SMN(4)1“ELFF[ MVA fi
RR; ! t‘" 12.70% > SB-SMNuyifi {1 HEQ YRR, £ 4.98% °

(3) SB-SMN(-4)77 |2 CMVN ~ MVA ¥ HEQ 5 & » [li75# 2873 %] 90.00% ; [
AT TR SRR Rt T T | “‘Eﬁ(SB-S )iﬁl CMVN - MVA ~ HEQ > J[Jf*
A ST RUPUI -

Method Set A | Set B | Set C |average] AR RR; RR,;
Baseline 71.98 | 67.79 | 78.28 | 71.56 — - —
CMN 80.69 | 83.41 | 80.09 | 81.66 - - -
FB-SMN 82.34 | 84.06 | 81.61 | 82.88 | 1.22 | 6.65 -
SB-SMN») 80.89 | 82.22 | 80.24 | 81.29 | -0.37 | -2.02 | -9.29
CMN SB-SMN;3) 83.67 | 84.63 | 82.69 | 83.86 | 2.20 | 12.00 | 5.72
SB-SMN4) 88.09 | 88.64 | 86.63 | 88.02 | 6.36 | 34.68 | 30.02
CMVN 83.55 | 83.75 | 81.57 | 83.23 — — —
FB-SMN 87.81 | 88.18 | 86.27 | 87.65 | 4.42 | 26.36 -
N SB-SMN2) 89.08 | 89.39 | 87.39 | 88.87 | 5.64 | 33.63 | 9.88
SB-SMN3) 89.63 | 89.97 | 88.37 | 89.51 | 6.28 | 37.45 | 15.06
SB-SMN4) 89.86 | 90.09 | 88.20 | 89.62 | 6.39 | 38.10 | 15.95
MVA 86.69 | 86.89 | 84.98 | 86.43 - - -
FB-SMN 88.89 | 89.19 | 87.54 | 88.74 | 2.31 | 17.02 -
T SB-SMN») 89.87 | 90.17 | 88.77 | 89.77 | 3.34 | 24.61 | 9.15
SB-SMN3) 90.08 | 90.51 | 88.94 | 90.02 | 3.59 | 26.46 | 11.37
SB-SMN-4, | 90.36 | 90.59 | 88.94 | 90.17 | 3.74 | 27.56 | 12.70
HEQ 86.90 | 87.73 | 87.56 | 87.36 — — —
FB-SMN 89.10 | 89.70 | 89.20 | 89.36 | 2.00 | 15.82 -
HEQ SB-SMN -, | 89.20 | 89.81 | 89.30 | 89.46 | 2.10 | 16.61 | 0.94
SB-SMN -3, | 89.15 | 89.89 | 89.35 | 89.48 | 2.12 | 16.77 | 1.13
SB-SMN-4 | 89.54 | 90.28 | 89.82 | 89.89 | 2.53 | 20.02 | 4.98

= SMIN P IR B (LD B

2. %‘@ﬂﬂ[ PR [ IR B 1 R
%ﬁ' FTFF” -
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Abstract
Data acquisition is a major concern in text classification. The excessive human efforts
required by conventional methods to build up quality training collection might not always be
available to research workers. In this paper, we look into possibilities to automatically collect
training data by sampling the Web with a set of given class names. The basic idea is to
populate appropriate keywords and submit them as queries to search engines for acquiring
training data. Two methods are presented in this study: One method is based on sampling the
common concepts among the classes, and the other based on sampling the discriminative
concepts for each class. A series of experiments were carried out independently on two
different datasets, and the result shows that the proposed methods significantly improve
classifier performance even without using manually labeled training data. Our strategy for
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retrieving Web samples, we find that, is substantially helpful in conventional document
classification in terms of accuracy and efficiency.

Keywords: Unsupervised classification, text classification, Web mining

1. Introduction

Document classification has been extensively studied in the fields of data mining and
machine learning. Conventionally, document classification is a supervised learning task [1, 2]
in which adequately labeled documents should be given so that various classification models,
i.e., classifiers, can be learned accordingly. However, such requirement for supervised text
classification has its limitations in practice. First, the cost to manually label sufficient amount
of training documents can be high. Secondly, the quality of labor works is suspicious,
especially when one is unfamiliar with the topics of given classes. Thirdly, in certain
applications, such as email spam filtering, prototypes for documents considered as spam
might change over time, and the need to access the dynamic training corpora
specifically-tailored for this kind of application emerges. Automatic methods for data
acquisition, therefore, can be very important in real-world classification work and require
further exploration.

Previous works on automatic acquisition of training sets can be divided in two types. One of
which focused on augmenting a small number of labeled training documents with a large pool
of unlabeled documents. The key idea from these works is to train an initial classifier to label
the unlabeled documents and uses the newly-labeled data to retrain the classifier iteratively.
Although classifying unlabeled data is efficient, human effort is still involved in the
beginning of the training process.

The other type of work focused on collecting training data from the Web. As more data is
being put on the Web every day, there is a great potential to exploit the Web and devise
algorithms that automatically fetch effective training data for diverse topics. A major
challenge for Web-based methods is the way to locate quality training data by sending
effective queries, e.g., class names, to search engines. This type of works can be found in [3,
4, 5, 6], which present an approach that assumes the search results initially returned from a
class name are relevant to the class. Then the search results are treated as auto-labeled and
additional associated terms with the class names are extracted from the labeled data. By
sending the class names together with the associated terms, appropriate training documents
can be retrieved automatically. Although generating queries is more convenient than
manually collecting training data, the quality of the initial search results may not always be
good especially when the given classes have multiple concepts. For example, the concepts of
class “Apple” include company and fruit. Such a problem can be observed widely in various
applications.

The goal of this paper is, given a set of concept classes, to automatically acquire training
corpus based merely on the names of the given classes. Similar to our previous attempts, we
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employ a technique to produce keywords by expanding the concepts encompassed in the
class names, query the search engines, and use the returned snippets as training instances in
the subsequent classification tasks. Two issues may arise with this technique. First, the given
class names are usually very short and ambiguous, making search results less relevant to the
classes. Secondly, the expanded keywords generated from different classes may be very close
to each other so that the corresponding search-result snippets have little discrimination power
to distinguish one class from the others.

We present two concept expansion methods to deal with these problems, respectively. The
first method, expansion by common concepts, aims at alleviating the problem of ambiguous
class names. The method utilizes the relations among the classes to discover their common
concepts. For example, “company” could be one of the common concepts of classes “Apple”
and “Microsoft”. Combined with the common concepts, relevant training documents to the
given classes can be retrieved. The second method, expansion by discriminative concepts,
aims at finding discriminative concepts among the given classes. For example, “iPod” could
be one of the unique concepts of class “Apple”. Combined with the discriminative concepts,
effective training documents that distinguish one class from another can be retrieved.

Our methods are tested under two different experimental setups, the CS papers and Web
pages classification tasks. The proposed methods are effective in retrieving quality training
data by querying search engines. Moreover, the result shows that the obtained Web training
data and manually labeled training data are complementary. Our methods can significantly
improve classification accuracy when only a few manually labeled training data is available.
Contribution of our work can be addressed as follows. We propose an automatic way to
sample the Web and collect the training data with good quality. Apart from the previous work,
our methods are fully automatic, reliable, and robust, and achieve an 81% accuracy in text
classification tasks. With a little help from a small number of labeled data added into the
scene, the classification accuracy can be as high up to 90%. Several experiment results are
also revealed to help investigation and realization of automatic Web sampling methods, in
which the difficulties encountered are presented in detail.

The sections are organized as follows. In Sections 2 and 3, we present our basic idea and the
two methodologies, respectively. The experiments are introduced in Section 4. In Section 5,
we discuss the related work of this paper. Finally, in Section 6, we give out discussions and
conclusions.

2. The Basic Idea

Suppose that we are given a set of classes C=(Cy, s ..., cp), where ¢; is the name of the i-th
class. We plan to generate keywords based on classes C, form a few queries and send them
off to search engines so as to collect training instances. Our methods presented in this paper
are independent of classification models; that is, any model can be incorporated with our
methods.
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To carefully examine the possibility of querying search engines for acquiring training data,
we did an evaluation with different search engines, search-result types (snippet or document),
and the number of search results. 5 CS-related classes were taken into account, including
“Architecture”, “IR”, “Network”, “Programming”, and “Theory”. Each class name ¢; was
sent to 3 search engines, including Google', Yahoo!?, and Live Search’. Top 100 snippets
were extracted as training data. We also gathered the research papers from the corresponding
conferences to the 5 classes as the testing documents. Table 1 shows the performance of
different search engines. Querying by the class names can achieve classification accuracy at a
range from 0.35 to 0.56. More specifically, the three search engines perform well in
“Programming” and “Theory” but poorly in the others on average. This arises from the fact
that irrelevant documents may be located for those classes with ambiguous names. The way
to query by the class names is not reliable due to the ambiguity of the class names (the first
challenge). For example, the word “architecture” is widely used in CS, art and construction.
From the results, we select Google as our backend search engine in this paper.

We further explore if the classification performance can be improved by downloading Web
pages for training. The result is shown in Table 2. It reveals that Web pages might introduce
more noises than snippets do, while the snippets summarize Web pages and capture the
concepts of classes C by their context. Moreover, to download Web pages is time-consuming.
Our methods, therefore, only retrieve snippets as the training source.

Table 1. Accuracy of different search engines for classification of CS papers.

Engine Architecture |IR Network |Programming |Theory Avg.
Google 0.075 0.382 0.899 0.723 0.762 0.568
Yahoo! 0.112 0.022 0.094 0.863 0.665 0.351
Live Search |0.269 0.006 0.083 0.784 0.815 0.391

Intuitively, collecting more snippets or documents might enhance the performance. Table 3
shows the results of changing training data sizes from 100 to 900. It could be found that
classification accuracy does not increase obviously when the numbers of snippets and
documents reach 200 and 300, respectively. This is because much relevant information can
be retrieved in top ranked search results returned by the search engine. Noises are
unavoidably included from longer lists. Hence, simply fetching a large amount of snippets or
documents from a single search result cannot achieve satisfactory performance. Even if we
expand the queries, i.e., the class names, using pseudo-relevance feedback (PRF) [7, 8, 9], the
improvement is still minor since the generated expanded keywords cannot effectively
discriminate different classes (our second challenge). The performance comparison between
our methods and PRF will be given in Section 4.2.

' The Google search engine: http://www.google.com/search
* The Yahoo! search engine: http://search.yahoo.com/search
3 The MSN Live search engine: http:/search.live.com/
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To collect good training corpora and help classifiers learn more quickly (querying search
engines is costly), two methods are proposed in this paper. The first method, expansion by
common concepts, aims at alleviating the ambiguity problem. Generally, a short class name
easily conveys multiple meanings. For example, class “Apple” may be a fruit or company
name. We find that class ¢; is context-aware if its context C - {¢j} provides relevant
information to €. For example, if “Apple” and “Microsoft” are put together, “Apple” would
be a company. If we are given “apple” and “banana”, “apple” could refer to a fruit. Our first
method, which will be described in Section 3.1, is trying to discover such common concepts
among classes C, i.e., “company” and “fruit”, from the Web, and use them as constraints to

expand our original queries C.

Table 2. Accuracy of different training types in CS papers classification.

Source Architecture |IR Network |Programming [Theory Avg.
Snippet 0.075 0.382 0.899 0.723 0.762 0.568
Documents |0.272 0.049 0.689 0.505 0.783 0.459

Table 3. Average accuracy of different training sizes in CS papers classification.
# of docs |100 200 300 400 500 600 700 800 900
Snippets  [0.568 ]0.601 [0.603 |0.601 [0.608 ]0.603 |0.604 [0.604 |0.604
Documents|0.460 0.463 [0.507 |0.500 ]0.503 |0.504 ]0.507 |0.507 ]0.508

Common concepts can help us collect more relevant documents to each class but cannot
discriminate one class from the others. The latter becomes important because classification is
inherently to distinguish different classes. Our second method is focused on the finding of
discriminative concepts among classes C. Consider previous example. “PowerPoint” and
“iPod” are possible discriminative concepts because ‘“PowerPoint” is only relevant to
“Microsoft” while “iPod” is only about “Apple”. Different from PRF, our second method,
expansion by discriminative concepts, which will be described in Section 3.2, aims at
acquiring Web training data not only relevant to each class but also effectively distinguishing
one class from another.

3. The Proposed Methods
In this section, we will describe the two training data acquiring methods, sampling the Web
by common concepts expansion and discriminative concepts expansion, respectively.

3.1 Expansion by Common Concepts

The goal of our first method is to collect training data via sampling the Web by discovering
the common concepts between given classes C. Expanding class names C by their common
concepts is helpful in obtaining more suitable training data from search engines. An intuitive
way to discover the concepts is to find common concepts from well-known topic hierarchies
on the Web such as Open Directory Project’ (DMOZ), which is one of the largest and
comprehensive human-edited directories. To obtain common concepts, we first search

* DMOZ Open Directory Project: http://www.dmoz.org/
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DMOZ by each class name ¢; and get a set of the nodes relevant to ¢; in the DMOZ directory.
Suppose the set of the nodes is N(¢;). The least common ancestors (LCA) of all of the nodes
N(c;) (i=1...n) are viewed as the common concepts of €. The LCAs are the shared ancestors
of N(c;) (i=1...n) located farthest from the roots of the DMOZ directory. For example, by
searching class ‘“Architecture”, we get the path “Arts: Architecture” and “Computers:
Emulators: Intel x86 Architecture”. When search the class “Programming”, we find it has the
same common concept of “Computers” (from “Computers: Programming”) with
“Architecture”. Thus the concept “Computers” would be the common concepts between the
two classes “Architecture” and “Programming”.

Although Open Directory Project covers diverse topics and is very precise, sometimes we
might get few or even no common concepts among (. The problem is serious for those
classes not so popular such as names of person or organizations. For example, if we query the
class “Cornell”, we only get 5 paths for the class, which contains few candidates of concepts
to select and expand. To deal with this problem, we extract terms co-occurring with each
class ¢;in Web pages, cluster the terms, and treat the representative term for each class as one
of the common concepts. More specifically, all of the classes {¢1, €5 ... , Ci}€ C are
combined into one query “Cs + €2 + ... + C;’, and then submitted to a search engine. After
stemming and removing stopwords, we extract 20 high-frequency terms as candidates for
common concepts from top 100 snippets returned from the search engine. To group these
candidates, we send them separately to the search engine and generate corresponding feature
vectors based on their top 100 snippets. Uni- and bi-grams are adopted as feature terms and
TF-IDF is used to calculate feature weights. Next, a graph G = (I, E) is constructed, where V
€ I/ represents one candidate term, and €€ £ is the cosine similarity between two feature
vectors. Finally, we perform the star clustering algorithm [10] to choose the star centers,
which are the common concepts among C.

In this paper, we adopt both of LCAs from DMOZ and co-occurring terms from Web pages
as our common concepts among C. After common concepts generated, we can either use it to
sample the Web and acquire good training data, or utilize them while discriminative concepts
are generating.

3.2 Expansion by Discriminative Concepts

A discriminative concept is a concept that can help distinguish one certain concept class of
interest (say, €) from all the classes (¢'7#¢). Such a concept contributes more relevance to one
specific class than to the others. Unlike common concepts, which are shared by all the
concept classes in C, any discriminative concept has a specific concept class to contribute
relevance to, called the /108t Let f. be the feature vector of concept class ¢. Let the similarity
between any two concepts X and ) be denoted aso x, = €0S(f, f,). An ideal discriminative
concept A for concept ¢ must satisfy all the following constraints:

1. Concept A should exhibit high similarity to its host ¢.
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2. The similarity between A and ¢ should be significantly greater than that between & and any
one of the other concept classes.

These constraints loosely define the criteria that we can use to discover discriminative
concepts, and they also rule out the possibility that a concept & has two or more hosts. Based
on the second constraint, a plausible decision criteria for discriminative concept is given
below. Let k. denote the set of all discriminative concepts hosted by concept class ¢. We
have:

O¢k
kek & —2

>0 forallc' + ¢

’

O¢ k

In the criteria, the right-hand side equation needs to be satisfied for all other concept classes
¢% in other words, we have a multiple-constraint-satisfaction problem. For every
concept-class pair (€, ¢'), the ratio O ;4 /0 ;4 describes the degree of deviation in similarities
exhibited by A toward both classes. When the value is greater than 1, we say that ¢ is more
likely to be the host; when it lies between 0 and 1, we say that ¢'is more likely. The
parameter® determines the tightness of the decision boundary. Since we expect higher
similarity between A and ¢ than that between & and other ¢, it would normally be defined as
a value greater than 1.

Generally, fixed boundary value is easier to train and suitable for general cases, while we also
find that this type of setup can cause problems in extreme cases. Suppose we have two
classes €7 and €2 which are relevant topics or extraordinarily similar to each other (in terms of
the similarity between their feature vectors). The number of discriminative concepts for either
7 or €z may drastically decrease because, for most A's, deviation in similarities toward both
classes becomes even more subtle and harder to detect by using a simple constant® . An
obvious solution to this problem, we find, is to adopt a function in place of the constant6 |,
that assigns high threshold value for general cases and low threshold value for the
aforementioned extreme cases. In real practice, we use a very simple form of decision criteria
to identify discriminative concepts:

O¢k
kekes—

>3§(1—-o..)forallc’ #c

O¢' k '
whered is the discrimination coefficient. With the new criteria, a number of 5 to 40
discriminative concepts (for each class) can still be discovered even when any two concept
classes exhibit high class-to-class similarity to each other.

The next step is to apply this technique to each concept class in C so as to populate new
training instances from the Web. Let SA; be the set of search-result snippets obtained by
sending concept € as a query to the search engine. Assume that the training set for concept
class ¢ before and after the expansion is denoted as [, and D', respectively. Given k., we
can form a set of new queries by concatenating ¢ with each A€x,,, send them off to the
search engine, and obtain a new set of training instances, i.e., { SRcusek, [/ kek.}. In
formalism, we have:
D,c = Dc UkEKC SRcUk
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This procedure can be repeated several times for each class so that the total number of
discovered training instances can reach our expectation. However, certain changes on
definitions and notations required by the adaptation needs to be clarified in advance. First, we
can no longer expect that the feature vector for a concept class ¢ remains the same throughout
multiple iterations. In each iteration, when new training instances added to the collection,
feature vectors for ¢ actually changes. Next, the set of discriminative concepts k. discovered
in each iteration would vary, as similarity measure suffers from the change as well. Certain
modification in definitions should be taken care of so as to seamlessly fit the aforementioned
criteria into the framework, while treating notations for a concept and for a concept class
differently might clutter up the framework. For simplicity, no explicit treatment will be done
to the equations in the following text. Readers should take caution that, when
class-to-concept or class-to-class similarity computation is considered in discussions, the
feature vector referred to a concept class is in fact derived from its current training set (rather
than SA;). On the other hand, we will use k. 7 in place of plain k. in the rest of the work.

Assume that the algorithm repeats ftimes. The initial training data for concept class ¢ is
denoted as Dc(o), and in each iteration /€[1,t], a new training set for ¢ is produced and
represented by D.". Consider a simple framework as follows. For all ¢ C, we have:
D, = SR,
D =D, U SReur 1> 0
where DC(’) and x, ™ is the set of training instances and the set of discovered discriminative
concepts, respectively, for concept class ¢ at iteration /. Eventually, the algorithm stops after
the £th iteration. The content of 0, will serve as the final training data for all concept class
C.

Since practically it is infeasible to populate the entire set of k., several heuristics are
involved in creation of the set: 1) We look for terms with high discrimination power
(specifically, unigram and bigrams) in the context of D using commonly-used
information-theoretic measures, such as information gain and inverse document-frequency.
These candidates are then examined with the decision criteria and disqualified ones are
discarded immediately; 2) candidates that survived the test are ranked accordingly by the
score function, which is a simple rewrite of the criteria that indicates the average degree of
deviation for the candidate &:

1 Ock
=~ —3(1—o,,
|C| - lz I:Gcfk ( GC,C )]
c'#c !

The summands will not cancel out since the score is calculated for the candidates satisfying

the criteria. Generally, testing all the candidate terms may result in an extremely inefficient
procedure. In practice, we set up a strict threshold on the information gain and idf in light of
reducing the number of candidates. We test only the top /77 concepts selected by the filter in
the end. The value m is set to be 15 throughout the work.
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4. Experiments
We evaluate our performance in CS papers and Web pages classification.

4.1 Experimental Setup

We conduct experiments on two datasets. First is a set of papers from several CS-related
conferences, and there are five classes used for training, including “Architecture”, “IR”,
“Network”, “Programming”, and “Theory”, as shown in Table 4. For the paper dataset, there
are about 500 papers in each class. Another dataset is the Web pages collected from four
universities, and can be downloaded from the WebKB project’. The classes for these
universities include “Cornell”, “Texas”, “Washington”, and “Wisconsin”. As the original
dataset for Web pages is imbalanced, we randomly choose 827 Web pages (i.e. the minimum
size of original data among the 4 classes) for classification. Please note that the two datasets
are our testing data since the training data are fully collected from the Web. Moreover, the
two datasets are quite different in document length and quality. The papers are often longer,
well written, and with much useful information about the CS-related classes, while the Web
pages might cover more noises and shorter contents.

Our first method of expansion by common concepts is denoted as CM; the second method of
expansion by discriminative concepts is denoted as DM; CM+DM is the combination of both
methods, where CM is applied first so that search results could be more relevant, and then
DM is used to extract discriminative concepts from the relevant search results. With the
common concepts extracted from CM, we can use these concepts plus the class name as a
whole query and perform DM to iteratively collect the discriminative concepts.

Table 4. The information about the dataset of CS papers for classification.

Class # papers | From Conferences

Architecture | 490 SIGARCH(04-08), DAC(00-07)

IR 484 SIGIR(02-07), CIKM(02-07)

Network 446 SIGCOMM(02-08), IPSN(04-07), MOBICOM(03-07),
MOBIHOC(00-07), IMC(01-07)

Programming | 505 POPL(02-08), PLDI(00-07), ICFP(02-07), OOPSLA(00-07)

Theory 471 SODA(01-08), STOC(00-07)

To compare our performance with the state-of-the-art Web-based method, LiveClassifier [3],
denoted as LC, has been implemented, where the concepts hierarchy are referred from
DMOZ. For the CS-related classes, these concepts are “computers”, “reference”, “business”,
“software”, and “science”; and for the classes of four universities, the concepts are “society”,
“people”, “university”, “school”, “education”, “sports”, “United States”. The thresholds ©

and tused in DM are set to 0.85 and 7 in both dataset, respectively. We use the Rainbow tool®

and the VSM (Vector Space Model) classification model for all the experiments.

> The WebKB project: http:/www.cs.cmu.edu/~WebKB/
% The Rainbow tool: http://www.cs.cmu.edu/~mccallum/bow/rainbow/
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4.2 Text Classification

Table 5 compares the classification accuracy between different methods. For each class, the
baseline method is to use only the class name as query, submit to the search engine, and
collect snippets as training data. The method from query expansion (QE) is to use
pseudo-relevance feedback (PRF) for each class, where the terms with high TF-IDF values in
the snippets are selected as expansion terms which used for acquiring training data. LC is the
method implemented based on LiveClassifier [3]. With the concept hierarchy of each class,
all the concepts are used to combine with the class name as a query, then submit to the search
engine and collect the snippets as training data.

From Table 5, we find that merely sending class names as queries cannot retrieve quality
training data. It only achieves the accuracy at 0.57 on average. Even if we expand the class
names with PRF (the method of QE), the accuracy cannot be improved by QE in this case.
This is because PRF is a general solution to the keyword mismatching problem and thus
would not be well applied to our classification problem. LC manually labels some concepts
of the class names, e.g., the concept of “Architecture” is about computer architecture, so that
more relevant training data to original classes can be fetched. LC gets higher accuracy at
about 0.71. But such concepts labeled by people are often few. Our CM method can discover
more useful common concepts, as shown in Table 6, where keywords “computers”,
“conference”, and “proceeding” are all helpful in searching relevant data for each class when
combined with original class name. CM, on the other hand, might introduce noisy keywords
often co-occurring with the class names such as keyword “web”. Due to the assistance of
more common concepts, we collect more quality training data by CM. The accuracy for CM
comes to 0.76, which is much better than LC and QE.

In addition, we observe that the performance for class “Network™ is originally high in
baseline method. To realize what makes the result, we check the process for getting training
data in advance. Except for the accurate semantic for the term “Network”, we discover that
the snippets from search engine are suitable and with good quality for the class “Network”.
This is related to the characteristic of the Web. To our experience, the documents ranked from
search engines might be mostly relevant to the fields about computer or network.

The results of Web pages classifications, as shown in Table 7, are similar to previous
experimental results except the average accuracy obtained here is lower in general due to the
noisy Web pages that are unreliable for testing. Moreover, sometimes the concepts derived
from the Web are not effective in classification (even they are correct). For example, from the
Web, DM learns two discriminative concepts of “ut” and “milwaukee” for classes “Texas”
and “Wisconsin”, respectively. But their impacts on classifying our testing data are futile.
Although there are some noises in the Web page dataset and the concepts found are correct
but less useful, CM+DM does an improvement while training by the snippets from these
concepts, and surpasses the performance of LiveClassifier (LC). By our methods, the quality
training data are fetched and the classifier learns better, thus become more robust for text
classification.
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Table 5. Accuracy of classification in CS papers.

Baseline: Class Names, QE: Query Expansion, LC:LiveClassifier,

CM: Common concept method, and DM: Discriminative concept method.

Method Architecture | IR Network | Programming | Theory Avg.
Baseline 0.76 0.38 0.90 0.72 0.76 0.57
QE 0.03 0.01 0.98 0.71 0.66 0.48
LC 0.88 0.42 0.82 0.54 0.89 0.71
CM 0.80 0.77 0.89 0.56 0.76 0.76
DM 0.04 0.00 0.83 0.66 0.98 0.50
CM+DM |0.76 0.86 0.91 0.71 0.82 0.81
Table 6. Extracted common concepts and discriminative concepts of CS classes.
Method | Architecture ‘ IR ‘ Network ‘ Programming ‘ Theory
CM By DMOZ: computers By Star Algorithm: conference, proceeding, web
DM architecture, infrared, usa, health, | tutorial, java, | graph,
architectural, satellite, action, example, mathematical,
architects, arts, | visible, image, | sports, food, | using, problems,
history, weather, monitor, oriented, literary studies,
contemporary, | thermal, global download, political,
design cameras linux number,
CM+DM | isca, energy, investor, development | ferment, Number,
oriented, infrafed, , wireless, oriented, university,
adaptive, retrieval, ecir, | shows, programmers, | critical, math,
aidede, ecaade, | trec, sigir, ie server, first, | final, siggraph, | computational,
architectural email ,mail | graphics, theoretical,
animation complexity

Table 7. Accuracy of classification in Web pages.
Baseline: Class Names, QE: Query Expansion, LC:LiveClassifier,
CM: Common concept method, and DM: Discriminative concept method.

Method Cornell Texas Washington | Wisconsin Avg.
Baseline 0.85 0.47 0.68 0.20 0.55
QE 0.87 0.40 0.71 0.41 0.60
LC 0.99 0.14 0.58 0.14 0.46
CM 0.99 0.30 0.72 0.33 0.59
DM 0.47 0.75 0.53 0.66 0.60
CM+DM 0.98 0.43 0.77 0.37 0.64

4.3 Combination of Web Training Data for Text Classification
In this experiment, we want to realize how our methods help conventional supervised text
classification. We further conduct an experiment to compare the performance between labeled
data plus training data from the Web and the labeled data only.
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Both datasets are divided into training and testing data. We combine the training data
collected from the Web and sample a % of the training data as a new training corpus. For
comparison, we also train a classifier with just those a % of the labeled data only. The a
value varies from 1 to 100. a =100 means to use all the labeled data from original divided
training set, thus become a supervised learning. 5-fold cross validation is used to evaluate the
classification accuracy.

Figure 1 and 2 show the two experimental results, respectively. We find that the Web corpus
improves the classifier’s accuracy more than 6% when a is small for both datasets. In other
words, when the labeled data is insufficient or even with no quality, sampling training data
from the Web could substantially complements the manually-labeled data. The performance
of both classifiers increases when more labeled data are included. However, when more and
more manually-labeled data is given, the improvement by the Web becomes less obvious or
even slightly worse. This is because once we add more data from the Web, we also introduce
the noises such that the accuracy glows slowly when the quality documents are enough. In CS
papers classification, the performance reaches as higher as all training data used when 50%
labeled data is added. For Web pages classification, we have the same performance as
supervised learning when only use 20% labeled data. The performance even exceeds the
result from supervised learning when 40% labeled data is joined. It explains more quality
data from the Web is helpful in classification. This result also shows that using all the labeled
data is not always as good as expected because some of the labeled data are not in good

quality.
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Fig. 1. Accuracy of training data from the Web plus %  Fig. 2. Accuracy of training data from the Web plus %
labeled data for CS papers classification. labeled data for Web pages classification.

This experiment shows us that the training data from the Web does help to improve the text
classification. Moreover, we could use a very few number of labeled data, plus the Web
corpus our methods collect, to train a desirable classifier. The Web helps the classifiers to
learn the unseen concepts which do not exist due to the insufficiency or the unreliable quality
of labeled data. It also tells us that the suitable training data might change by time, thus the
original labeled data performs worse in new classification tasks. From the result, we believe
that our methods can benefit the task of text classification, and other advanced applications.
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5. Related Work

Text classification has been extensively studied for a long time in many research fields.
Conventionally, supervised learning is usually applied in text classification [1, 2]. Our work
focuses on the problem of how to adequately acquire and label documents automatically for
classification models.

For the problem of automatic acquiring training data, previous studies discuss in two
directions. One is focused on augmenting a small number of labeled training documents with
a large pool of unlabeled documents [11, 12, 13, 14, 15, 16, 17, 18]. Such work trains an
initial classifier to label the unlabeled documents and uses the newly-labeled data to retrain
the classifier iteratively. [11] proposed by Nigam et al. use the EM clustering algorithm and
the naive Bayes classifier to learn from labeled and unlabeled documents simultaneously. [12,
13] proposed by Yu et al. efficiently computes an accurate classification boundary of a class
from positive and unlabeled data. In [15], Li et al. use positive and unlabeled data to train a
classifier and solve the lack of labeled negative documents problem. Fung et al. in [17] study
the problem of building a text classifier using positive examples and unlabeled example while
the unlabeled examples are mixed with both positive and negative examples. [14] proposed
by Nigam et al. starts from a small number of labeled data and employs a bootstrapping
method to label the rest data, and then retrain the classifier. In [18], Shen et al. propose a
method to use the n-multigram model to help the automatic text classification task. This
model could automatically discover the latent semantic sequences contained in the document
set of each category. Yu et al. in [16] present a framework, called positive example based
learning (PEBL), for Web page classification which eliminates the need for manually
collecting negative training examples in preprocessing. Although classifying unlabeled data
is efficient, human effort is still involved in the beginning of the training process. In this
paper, we propose an acquiring process of training data from the Web, which is fully
automatic. The method trains a classifier well for document classification without labeled
data, which is the mainly different part from the previous work. Moreover, our experiments
show that the Web can help the conventional text classification. The training data acquired
from the Web expand the coverage of classifier, which substantially enhance the performance
while there is a lack of labeled data, or the quality of labeled data is not well enough.

Another direction is focused on gathering training data by the Web [3, 4, 5, 6]. In [3], Huang
et al. propose a system, called “LiveClassifier”, which combines relevant class names as
queries based on a user-defined topic hierarchy so that more relevant documents to the
classes could be found from the Web. [4, 5, 6] proposed by Hung et al. presents an approach
that assumes the search results initially returned from a class name are relevant to the class.
These search results are treated as auto-labeled and additional associated terms with the class
names are extracted from the labeled data. Although the previous works are similar to our
methods, all of them are human-intervened. In this paper, we propose a method which
automatically finds the associated concepts for the related classes and train a desirable
classifier. The main contribution is that our method utilizes the relationship of classes and
samples the Web in an automatic way for key concepts of each class, thus further find the
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quality training data from the Web. Without labeled data and associated terms given by
human, our methods perform well and classify documents accurately for the text
classification problem.

6. Discussions and Conclusions

In this paper, we propose two methods to automatically sample the Web and find quality
training data for text classification. We first examine the effects of different search engines,
retrieved data types, and sizes of retrieved data. Moreover, from the subset of documents and
the method by associated terms, we know that sampling the Web for concepts of classes and
fetching training data can substantially improve the performance of classification. It might be
hard to distinguish the classes with the ambiguity and close relationship without labeled data.
By the discovering of common concepts and discriminative concepts, the ambiguity of class
names is eliminated and more relevant concepts are utilized for sampling suitable and quality
training data from the Web. Several experiments conducted in this work show that our
methods are useful and robust for classifying documents and Web pages. Furthermore, our
experiments show that the training data sampled from the Web helps the conventional
supervised classification, which need quality and labeled data. The result demonstrates that
the quality of labeled data might not always desirable due to the lack of useful key concepts,
and we can provide proper training data from the Web to further improve the results of text
classification. In additions, two dataset with different characteristics are used for our
experiments and the analysis from different dataset is carefully conducted in this paper.
Compared to previous works, the advantage of our methods is the fully automatic processes
during the concepts expansion and the training data collecting. Our methods are independent
of classification models, thus existing models can be incorporated with the proposed
methods.

However, our work has some limitations. The classes we choose are related to each other. In
other words, the performance would be better while the classes are in the same level in the
hierarchy of topic classes. With the relationships between the classes, our methods can
perform the context-aware technique among the classes to acquire more relevant documents,
making the classifiers robust. To go a step further, there are more challenges to choose the
quality documents in the training corpus sampled from the Web. We can also sample good
training documents while a pool of unlabeled data is provided. We believe that these
challenges are worth studied and would be the research directions in our future work.
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Abstract

It is difficult for users to formulate appropriate queries for search. In this paper, we propose
an approach to query term selection by measuring the effectiveness of a query term in IR
systems based on its linguistic and statistical properties in document collections. Two query
formulation algorithms are presented for improving IR performance. Experiments on
NTCIR-4 and NTCIR-5 ad-hoc IR tasks demonstrate that the algorithms can significantly
improve the retrieval performance by 9.2% averagely, compared to the performance of the
original queries given in the benchmarks. Experiments also show that our method can be
applied to query expansion and works satisfactorily in selection of good expansion terms.

Keywords: Query Formulation, Query Term Selection, Query Expansion.

1. Introduction

Users are often supposed to give effective queries so that the return of an information
retrieval (IR) system is anticipated to cater to their information needs. One major challenge
they face is what terms should be generated when formulating the queries. The general
assumption of previous work [14] is that nouns or noun phrases are more informative than
other parts of speech (POS), and longer queries could provide more information about the
underlying information need. However, are the query terms that the users believe to be
well-performing really effective in IR?

Consider the following description of the information need of a user, which is an example
description query in NTCIR-4: Find articles containing the reasons for NBA Star Michael
Jordan's retirement and what effect it had on the Chicago Bulls. Removing stop words is a
common way to form a query such as “contain, reason, NBA Star, Michael Jordan, retirement,
effect, had, Chicago Bulls”, which scores a mean average precision (MAP) of 0.1914. It
appears obviously that terms contain and had carry relatively less information about the topic.
Thus, we take merely nouns into account and generate another query, “reason, NBA Star,
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Michael Jordan, retirement, effect, Chicago Bulls”, which achieves a better MAP of 0.2095.
When carefully analyzing these terms, one could find that the meaning of Michael Jordan is
more precise than that of NBA Star, and hence we improve MAP by 14% by removing NBA
Star. Yet interestingly, the performance of removing Michael Jordan is not as worse as we
think it would be. This might be resulted from that Michael Jordan is a famous NBA Star in
Chicago Bulls. However, what if other terms such as reason and effect are excluded? There is
no explicit clue to help users determine what terms are effective in an IR system, especially
when they lack experience of searching documents in a specific domain. Without
comprehensively understanding the document collection to be retrieved, it is difficult for
users to generate appropriate queries. As the effectiveness of a term in IR depends on not
only how much information it carries in a query (subjectivity from users) but also what
documents there are in a collection (objectivity from corpora), it is, therefore, important to
measure the effectiveness of query terms in an automatic way. Such measurement is useful in
selection of effective and ineffective query terms, which can benefit many IR applications
such as query formulation and query expansion.

Conventional methods of retrieval models, query reformulation and expansion [13] attempt
to learn a weight for each query term, which in some sense corresponds to the importance of
the query term. Unfortunately, such methods could not explain what properties make a query
term effective for search. Our work resembles some previous works with the aim of selecting
effective terms. [1,3] focus on discovering key concepts from noun phrases in verbose
queries with different weightings. Our work focuses on how to formulate appropriate queries
by selecting effective terms or dropping ineffective ones. No weight assignments are needed
and thus conventional retrieval models could be easily incorporated. [4] uses a supervised
learning method for selecting good expansion terms from a number of candidate terms
generated by pseudo-relevance feedback technique. However, we differ in that, (1) [4] selects
specific features so as to emphasize more on the relation between original query and
expansion terms without consideration of linguistic features, and (2) our approach does not
introduce extra terms for query formulation. Similarly, [10] attempts to predict which words
in query should be deleted based on query logs. Moreover, a number of works
[2,5,6,7,9,15,16,18,19,20] pay attention to predict the quality or difficulty of queries, and
[11,12] try to find optimal sub-queries by using maximum spanning tree with mutual
information as the weight of each edge. However, their focus is to evaluate performance of a
whole query whereas we consider units at the level of terms.

Given a set of possible query terms that a user may use to search documents relevant to a
topic, the goal of this paper is to formulate appropriate queries by selecting effective terms
from the set. Since exhaustively examining all candidate subsets is not feasible in a large
scale, we reduce the problem to a simplified one that iteratively selects effective query terms
from the set. We are interested in realizing (1) what characteristic of a query term makes it
effective or ineffective in search, and (2) whether or not the effective query terms (if we are
able to predict) can improve IR performance. We propose an approach to automatically
measure the effectiveness of query terms in IR, wherein a regression model learned from
training data is applied to conduct the prediction of term effectiveness of testing data. Based
on the measurement, two algorithms are presented, which formulate queries by selecting
effective terms and dropping ineffective terms from the given set, respectively.

The merit of our approach is that we consider various aspects that may influence retrieval
performance, including linguistic properties of a query term and statistical relationships
between terms in a document collection such as co-occurrence and context dependency. Their
impacts on IR have been carefully examined. Moreover, we have conducted extensive
experiments on NTCIR-4 and NTCIR-5 ad-hoc IR tasks to evaluate the performance of the
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proposed approach. Based on term effectiveness prediction and two query formulation
algorithms, our method significantly improve MAP by 9.2% on average, compared to the
performance of the original queries given in the benchmarks.

In the rest of this paper, we describe the proposed approach to term selection and query
formulation in Section 2. The experimental results of retrieval performance are presented in
Sections 3. Finally, in Section 4, we give our discussion and conclusions.

2. Term Selection Approach for Query Formulation
2.1 Observation

When a user desires to retrieve information from document repositories to know more about a
topic, many possible terms may come into the mind to form various queries. We call such set
of the possible terms query term space 1={t;, ..., t,}. A query typically consists of a subset of
T. Each query term ;€ T is expected to convey some information about the user information
need. It is, therefore, reasonable to assume that each query term will have different degree of
effectiveness in retrieving relevant documents. To explore the impact of one query term on
retrieval performance, we start the discussion with a degeneration process, which is defined
as a mapping function taking the set of terms 7 as input and producing set {T—{},

T—{t3},...,T-{ty}} as output. Mathematically, the mapping function is defined as:
DeGen(Ty= {T — {x}/x€ T}.

By applying the degeneration process to the given /7 terms in 7, we can construct a set of 77
queries AGQ = {Aq7, AQs,..., AG;,..., AQ, }, where AQ; = {t;, ..., -1, bisy, ..., I/ stands for a
query by removing £ from original terms 7.

Suppose query term space 7 well summaries the description of the user information need.
Intuitively, we believe that the removal of a term (especially an important one) from 7 may
result in a loss of information harming retrieval effectiveness. To realize how much such
information loss may influence IR performance, we conduct an experiment on NTCIR-4
description queries. For each query, we construct its query term space 7 by dropping stop
words. 7 is treated as a hypothetical user information need. The remaining terms in the
description queries are individually, one at a time, selected to be removed to obtain Ag. Three

formulas are used to measure the impact of the removing terms and defined as:

Guin (1)= min (pI(AG:) - PI(T))pI(T)
s (1)= max (pi(AGi) - pi(1))/o1(1)

9-sT)= 153 (NG - pATYPAT)

where pfX) is a performance measurement for query X, ¢g(7) computes the ratio of
performance variation, which measures the maximum, minimum and average performance

gain due to the removal of one of the terms from 7, and | 7] is the number of query terms in 7.
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We use Okapi as the retrieval model and mean average precision (MAP) as our performance
measurement for P X) in this experiment.

The experimental results are shown in Figure 1. When we remove one term from each of
the 50 topics {7}, in average, 46 topics have negative influence, i.e., Javy( 7) <0. This means
that deleting one term from 7 mostly leads to a negative impact on MAP, compared to
original 7. On the other hand, gma( 7)>0 shows that at least the removal of one term
positively improves MAP. By removing such terms we can obtain better performance. The
phenomenon appears in 35 out of 50 topics, which is statistically suggestive that there exists
noisy terms in most of user-constructed queries. In short, removing different terms from each
topic 7 causes MAP variation in different levels. Some query terms are highly
information-bearing, while others might hurt MAP. It is worth mentioned that we conduct the
same experiment with the Indri and TFIDF retrieval models using the Lemur toolkit [21]. The
results are quite consistent over different models. This characteristic makes it possible for the

effectiveness of a query term on IR to be learned and applied to query formulation.
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Fig. 1. MAP gain by removing terms from original NTCIR-4 description queries.
2.2 Problem Specification

When a user desires to retrieve information from document repositories to know more about a
topic, many possible terms may come into her mind to form various queries. We call such set
of the possible terms query term space T={t1, ..., tn}. A query typically consists of a subset
of 7. Each query term f/€ T is expected to convey some information about the user’s
information need. It is, therefore, reasonable to assume that each query term will have
different degree of effectiveness in documents retrieval. Suppose @ denotes all subsets of 7,
that is, @=Power Set(T) and |Q=2". The problem is to choose the best subset Ag* among all
candidates @ such that the performance gain between the retrieval performance of T and Ag

(Ag € @) is maximized:
Aq™ = argmaxyeeo{(pf(T) — pf(Aq))/pf(T)}. M)

where pf(x) denotes a function measuring retrieval performance with x as the query. The
higher the score pf(x) is, the better the retrieval performance can be achieved.

An intuitive way to solve the problem is to exhaustively examine all candidate subset
members in @ and design a method to decide which the best Ag* is. However, since an
exhaustive search is not appropriate for applications in a large scale, we reduce the problem
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to a simplified one that chooses the most effective query term #/ (#/€7) such that the
performance gain between 7 and 7-{#/} is maximized:

t; = argmaxyer{(pf(T) — pf(T —{t:}))/pf(T)}. @

Once the best #/ * is selected, Ag* could be approximated by iteratively selecting effective
terms from 7. Similarly, the simplified problem could be to choose the most ineffective terms
from 7 such that the performance gain is minimized. Then Ag* will be approximated by
iteratively removing ineffective or noisy terms from 7.

Our goals are: (1) to find a function 7 7 —A, which ranks {7, ..., t} based on their
effectiveness in performance gain (MAP is used for the performance measurement in this
paper), where the effective terms are selected as candidate query terms, and (2) to formulate a
query from the candidates selected by function 7.

2.3 Effective Term Selection

To rank term #/in a given query term space 7/ based on function 7, we use a regression model
to compute 7 directly, which predicts a real value from some observed features of ti. The
regression function 77 7 —R is generated by learning from each #/ with the examples in form
of <ft), (pf(T) —pf(T —{t;}))/pf (T)> for all queries in the training corpus, where #/) is
the feature vector of £/, which will be described in Section 2.5.

The regression model we adopt is Support Vector Regression (SVR), which is a regression
analysis technique based on SVM [17]. The aim of SVR is to find the most appropriate
hyperplane W which is able to predict the distribution of data points accurately. Thus, 7 can be
interpreted as a function that seeks the least dissimilarity between ground truth y; =
(pf(T) — pf(T — {t;}))/pf(T) and predicted value /(f), and r is required to be in the form of
w f(f)+b. Finding function r is therefore equivalent to solving the convex optimization
problem:

_ 1. ()
Mityp b6 3 WIE+ € Giat6ia)

subject to:

Vit € T Vi — (W f(ti)+b) = £+ fi,l “4)

Vii §1,§,20 (wilt)tb) — yi = €+ &5 )

where C determines the tradeoff between the flatness of 7 and the amount up to which
deviations larger than ¢ are tolerated, € is the maximum acceptable difference between the

predicted and actual values we wish to maintain, and §;; and ¢&;, are slack variables that

cope with otherwise infeasible constraints of the optimization problem. We use the SVR
implementation of LIBSVM [8] to solve the optimization problem.

Ranking terms in query term space /={fy, ..., 1} according to their effectiveness is then
equivalent to applying regression function to each f; hence, we are able to sort terms f;€ T
into an ordering sequence of effectiveness or ineffectiveness by ().

2.4 Generation and Reduction
Algorithms Generation and Reduction, as shown in Fig. 2, formulate queries by greedily
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selecting effective terms or dropping ineffective terms from space 7 based on function /.

When formulating a query from query term space 7, the Generation algorithm computes a
measure of effectiveness A(#) for each term #; € 7, includes the most effective term £ * and
repeats the process until A terms are chosen (where £ is a empirical value given by users).
Note that 7 is changed during the selection process, and thus statistical features should be
re-estimated according to new 7. The selection of the best candidate term ensures that the
current selected term £; *is the most informative one among those that are not selected yet.

Compared to generation, the Reduction algorithm always selects the most ineffective term
from current 7 in each iteration. Since users may introduce noisy terms in query term space 7,
Reduction aims to remove such ineffective terms and will repeat the process until | 7]-A terms
are chosen.

Algorithm Generation Algorithm Reduction

Input: 7={t;1...,t5} (query term space) Input: 7={t;t...,t5} (query term space)
k (# of terms to be selected) k (# of terms to be selected)
Ag—{} Ag={tt....t, }

fori=11o0 4do fori=1to n-kdo

t; < argmax;er{ r(t)} t; < argming er{ r(t)}

Age Ag U {t;} Age Ag —{t;}
T T —{t'} T T —{t/}

end end

OutputAg OutputAgq

Fig. 2. The Generation Algorithm and the Reduction Algorithm

2.5 Features Used for Term Selection

Linguistic and statistical features provide important clues for selection of good query terms
from viewpoints of users and collections, and we use them to train function /.

Linguistic Features: Terms with certain linguistic properties are often viewed
semantics-bearing and informative for search. Linguistic features of query terms are mainly
inclusive of parts of speech (POS) and named entities (NE). In our experiment, the POS
features comprise noun, verb, adjective, and adverb, the NE features include person names,
locations, organizations, and time, and other linguistic features contain acronym, size (i.e.,
number of words in a term) and phrase, all of which have shown their importance in many IR
applications. The values of these linguistic features are binary except the size feature. POS
and NE are labeled manually for high quality of training data, and can be tagged
automatically for purpose of efficiency alternatively.

Statistical Features: Statistical features of term /; refer to the statistical information about
the term in a document collection. This information could be about the term itself such as
term frequency (TF) and inverse document frequency (IDF), or the relationship between the
term and other terms in space 7. We present two methods for estimating such term
relationship. The first method depends on co-occurrences of terms f; and 4 (f€ T, t;# 1)) and
co-occurrences of terms £ and 7-{f} in the document collection. The former is called
term-term co-occur feature while the latter is called term-topic co-occur feature. The second
method extracts so-called context vectors as features from the search results of #, £, and
T-{t;}, respectively. The term-term context featuré computes the similarity between the
context vectors of # and & while the ferm-topic context feature computes the similarity
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between context vectors of f;and 7-{f;}.
Term-term & term-topic co-occur features: The features are used to measure whether query

term /itself could be replaced with another term # (or remaining terms 7-{f}) in 7 and how
much the intension is. The term without substitutes is supposed to be important in 7.
Point-wise mutual information (PMI), Chi-square statistics (X?), and log-likelihood ratio
(LLR) are used to measure co-occurrences between f; and Z, which is either £ or 7-{f;} in this
paper. Suppose that N/ is the number of documents in the collection, 4 is the number of
documents containing both fjand Z, denoted as a = #d(#,Z). Similarly, we denote b = #d(#;,~2)
¢=#d(~1,Z) and d=#d(~t,~Z) i.e., Z=N-a-b-c.

PMI is a measure of how much term /; tells us about Z.

PMI(t;, Z) = log[p(t;, Z)/p(t:)p(2)] ~ log[a x N/(a + b)(a + 0] (6)

X compares the observed frequencies with frequencies expected for independence.

x2(t,Z) = [Nx (axd—bxc)?]/[(@a+b)@@+c)(b+d)(c+d)] )

LLR is a statistical test for making a decision between two hypotheses of dependency or
independency based on the value of this ratio.
axN b x N
e Tewas R e S | CE D)
c XN dxN
telog N+ o T T Dm + a) ®

—2log LLR(t;,Z) =

We make use of average, minimum, and maximum metrics to diagnose term-term co-occur
features over all possible pairs of (#;#), for any ¢ # ¢;:

1 ©)
fa)fzg (t) = mZth €T,t;#t; X(t,t),

(10)

— X — ;
fni(ax(tz) - maxvtjET,ti:thX(tl" t]) & fmln (tl) - mlnvtjET,ti?ﬁth(tl" t])

where Xis PMI, LLR or X*. Moreover, given T={ty, ..., t;} as a training query term space, we
sort all terms /; according to their fa)ég (t), X (), or £X (t;), and their rankings varied
from 1 to nare treated the additional features.

The term-topic co-occur féatures are nearly identical to the ferm-term co-occur features
with an exception that fgrm-fopic co-occur features are used in measuring the relationship
between £ and query topic 7-{t;}. The co-occur features can be quickly computed from the
indices of IR systems with caches.

Term-term & term-topic context features: The co-occurrence features are reliable for
estimating the relationship between high-frequency query terms. Unfortunately, term / is
probably not co-occurring with 7-{f;} in the document collection at all. The context features
are hence helpful for low-frequency query terms that share common contexts in search results.
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More specifically, we generate the context vectors from the search results of f and f; (or
T-{1}), respectively. The context vector is composed of a list of pairs <document ID,
relevance score>, which can be obtained from the search results returned by IR systems. The
relationship between f; and # (or 7-{f;}) is captured by the cosine similarity between their
context vectors. Note that to extract the context features, we are required to retrieve
documents. The retrieval performance may affect the quality of the context features and the
process is time-consuming.

3. Experiments

3.1 Experiment Settings
Table 1. Adopted dataset after data clean. Number of each setting is shown in each row for
NTCIR-4 and NTCIR-5

NTCIR-4 | NTCIR-5
<desc> <desc>
#(query topics) 58 47
#(distinct terms) 865 623
#(terms/query) 14.9 13.2

Table 2. Number of training instances. (x : y) shows the number of positive and negative

MAP gain instances are x and y, respectively

Indri TFIDF Okapi
Original 674(156:518) | 702(222:480) 687(224:463
Upsample | 1036(518:51 | 960(480:480) 926(463:463
Train 828(414:414) | 768(384:384) 740(370:370
Test 208(104:104) | 192(96:96) 186 (93:93)

We conduct extensive experiments on NTCIR-4 and NTCIR-5 English-English ad-hoc IR
tasks. Table 1 shows the statistics of the data collections. We evaluate our methods with
description queries, whose average length is 14.9 query terms. Both queries and documents
are stemmed with the Porter stemmer and stop words are removed. The remaining query
terms for each query topic form a query term space /. Three retrieval models, the vector
space model (TFIDF), the language model (Indri) and the probabilistic model (Okapi), are
constructed using Lemur Toolkit [21], for examining the robustness of our methods across
different frameworks. MAP is used as evaluation metric for top 1000 documents retrieved.
To ensure the quality of the training dataset, we remove the poorly-performing queries whose
average precision is below 0.02. As different retrieval models have different MAP on the
same queries, there are different numbers of training and test instances in different models.
We up-sample the positive instances by repeating them up to the same number as the
negative ones. Table 2 summarizes the settings for training instances.

3.2 Performance of Regression Function

We use 5-fold cross validation for training and testing our regression function 7. To avoid
inside test due to up-sampling, we ensure that all the instances in the training set are different
from those of the test set. The R? statistics (R*€[0, 1]) is used to evaluate the prediction
accuracy of our regression function /.
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_ iy — 91’)2 (11)
Y =92

where A? explains the variation between true label y,=(pf(T) — pf(T — {t;)))/pf(T) and

RZ

fit value §,=wAf)+b for each testing query term € 7, as explained in Section 2.2. ¥ is the

mean of the ground truth.
Table 3. A of regression model 7 with multiple combinations of training features. L:

linguistic features; C1: co-occurrence features; C2: context features

Performance of|One Group of Features| Two Groups of Features Three Four (3+1) All

Regression
Model r

L Cl C2 L&Cl1 L&C2 Cl1&C2| L&C1 &C2| m-C1 m-SCS

Indri | 0.120 0.145 0.106 | 0.752 0.469 0.285 0975 ]0.976 0.975 |0.976
TFIDF | 0.265 0.525 0.767 | 0.809 0.857 0.896 0.932 | 0.932 0.932 |0.932
Okapi | 0.217 0.499 0.715| 0.780 0.791 0.910 0.925 |0.926 0.925 |0.926

Avg. 10201 0390 0.529 | 0.781 0.706 0.697 0.944 | 0.945 0.944 | 0.945

HZ

Table 3 shows the A values of different combinations of features over different retrieval
models, where two other features are taken into account for comparison. Content load (C/)
[14] gives unequal importance to words with different POS. Our modified content load (m-Cl)
sets weight of a noun as 1 and the weights of adjectives, verbs, and participles as 0.147 for IR.
Our m-SCS extends the simplified clarity score (SCS) [9] as a feature by calculating the

relative entropy between query terms and collection language models (unigram distributions).

It can be seen that our function 7 is quite independent of retrieval models. The performance
of the statistical features is better than that of the linguistic features because the statistical
features reflect the statistical relationship between query terms in the document collections.
Combining both outperforms each one, which reveals both features are complementary. The
improvement by m-Cl and m-SCS is not clear due to their similarity to the other features.
Combining all features achieves the best R value 0.945 in average, which guarantees us a

large portion of explainable variation in Jand hence our regression model 7 is reliable.

3.3 Correlation between Feature and MAP

Yet another interesting aspect of this study is to find out a set of key features that play
important roles in document retrieval, that is, the set of features that explain most of the
variance of function /. This task can usually be done in ways fully-addressed in regression
diagnostics and subset selection, each with varying degrees of complexity. One common
method is to apply correlation analysis over the response and each predictor, and look for

highly-correlated predictor-response pairs.

Three standard correlation coefficients are involved, including Pearson's product-moment
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correlation coefficient, Kendall's tau, and Spearman's rho. The results are given in Fig. 3,
where x-coordinate denotes features and y-coordinate denotes the value of correlation
coefficient. From Fig. 3, two context features, “cosine” and “cosineinc”, are found to be
positively- and highly-correlated ( 0 >0.5) with MAP, under Pearson's coefficient. The
correlation between the term-term context feature (cosine) and MAP even climbs up to 0.8.
For any query term, high context feature value indicates high deviation in the result set
caused by removal of the term from the query topic. The findings suggest that the drastic
changes incurred in document ranking by removal of a term can be a good predictor. The
tradeoff is the high cost in feature computation because a retrieval processing is required.
The co-occurrence features such as PMI, LLR, and * also behave obviously correlated to
MAP. The minimum value of LLR correlates more strongly to MAP than the maximum one

does, which means that the independence between query terms is a useful feature.
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Fig. 3. Three correlation values between features and MAP on Okapi retrieval model

In the linguistic side, we find that two features “size” and “phrase” show positive,
medium-degree correlation (0.3< 0 <0.5) with MAP. Intuitively, a longer term might naturally
be more useful as a query term than a shorter one is; this may not always be the case, but
generally it is believed a shorter term is less informative due to the ambiguity it encompasses.
The same rationale also applies to “phrase”, because terms of noun phrases usually refer to a
real-world event, such as “911 attack” and “4th of July”, which might turn out to be the key
of the topic. We also notice that some features, such as “noun” and “verb”, pose positive
influence to MAP than others do, which shows high concordance to a common thought in
NLP that nouns and verbs are more informative than other type of words. To our surprises,
NE features such as “person”, “geo”, “org” and “time” do not show as high concordance as
the others. This might be resulted from that the training data is not sufficient enough. Features
“idf” and “m-SCS” whose correlation is highly notable have positive impacts. It supports that

the statistical features have higher correlation values than the linguistics ones.

3.4 Evaluation on Information Retrieval

In this section, we devise experiments for testing the proposed query formulation algorithms.
The benchmark collections are NTCIR-4 and NTCIR-5. The experiments can be divided into
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two parts: the first part is a 5-fold cross-validation on NTCIR-4 dataset, and in the second
part we train the models on NTCIR-4 and test them on NTCIR-5. As both parts differ only in
assignment of the training/test data, we will stick with the details for the first half

(cross-validation) in the following text.

The result is given in Table 4. Evaluation results on NTCIR-4 and NTCIR-5 are presented
in the upper- and lower-half of the table, respectively. We offer two baseline methods in the
experiments: “BL1” puts together all the query terms into one query string, while “BL2” only
consider nouns as query terms since nouns are claimed to be more informative in several
previous works. Besides, the upper bound UB is presented in the benchmark: for each topic,
we permute all sub queries and discover the sub-query with the highest MAP. As term
selection can also be treated as a classification problem, we use the same features of our
regression function 7 to train two SVM classifiers, Gen-C and Red-C. Gen-C selects terms
classified as “effective” while Red-C removes terms classified as “ineffective”. Gen-R and
Red-R denote our Generation and Reduction algorithms, respectively. The retrieval results
are presented in terms of MAP. Gain ratios in MAP with respect to the two baseline methods
are given in average results. We use two-tailed Adistribution in the significance test for each
method (against the BL1) by viewing AP values obtained in all query session as data points,
with p<0.01 marked ** and p<0.05 marked *.

Table 4. MAP of baseline and multiple proposed methods on NTCIR-4 <desc> regression
model. (+x, +y) shows the improvement percentage of MAP corresponding to BL1 and BL2.
TFIDF and Okapi models have PRF involved, Indri model does not. Best MAP of each

retrieval model is marked bold for both collections.

Settings | Metho Indri TFIDF Okapi Avg.

NTCIR- | UB 0.2233 0.3052 0.3234 0.2839

4 BL1 0.1742 0.2660 0.2718 0.2373

<desc> | BL2 0.1773 0.2622 0.2603 0.2332

Queries Gen-C 0.1949 0.2823 0.2946 0.2572(+8.38%,+10.2)
Gen-R 0.1954 0.2861 0.2875 0.2563(+8.00%,1+9.90)
Red-C 0.1911* 0.2755 0.2854 0.2506(+5.60%,+7.46)
Red-R 0.1974 0.2773 0.2797 0.2514(+5.94%,+7.80)

NTCIR- | UB 0.1883 0.2245 0.2420 0.2182

5 BL1 0.1523 0.1988 0.1997 0.1836

<desc> | BL2 0.1543 0.2035 0.1969 0.1849

Queries Gen-C 0.1699 0.2117* 0.2213 0.2009(+9.42%,+8.65)
Gen-R 0.1712 0.2221 0.2232 0.2055(+11.9%,+11.1)
Red-C 0.1645 0.2194 0.2084 0.1974(+7.51%,+6.76)
Red-R 0.1749 0.2034 0.2160 0.1981(+7.89%,+7.13)

From Table 4, the MAP difference between two baseline methods is small. This might be

because some nouns are still noisy for IR. The four generation and reduction methods
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significantly outperform the baseline methods. We improve the baseline methods by 5.60% to
11.9% in the cross-validation runs and on NTCIR-5 data. This result shows the robustness
and reliability of the proposed algorithms. Furthermore, all the methods show significant
improvements when applied to certain retrieval models, such as Indri and TFIDF;
performance gain with Okapi model is less significant on NTCIR-5 data, especially when
reduction algorithm is called for. The regression methods generally achieve better MAP than
the classification methods. This is because the regression methods always select the most
informative terms or drop the most ineffective terms among those that are not selected yet.
The encouraging evaluation results show that, despite the additional costs on iterative
processing, the performance of the proposed algorithms is effective across different
benchmark collections, and based on a query term space 7, the algorithms are capable of

suggesting better ways to form a query.

[4] proposed a method for selecting Good Expansion Terms (GET) based on an SVM
classifier. Our approach is also applicable to selection of query expansion terms. Given the
same set of candidate expansion terms which are generated by conventional approaches such
as TF and IDF, GET-C runs the Gen-C method whereas GET-R runs the Gen-R on the
expansion set (with the NTCIR-4 5-fold cross validation regression model). Table 5 shows
the MAP results of the two methods and the baseline method (BL), which adds all expansion
terms to original queries. From Table 5, GET-R outperforms GET-C under different retrieval
models and data sets, and both methods improve MAP by 1.76% to 3.44% compared to the
baseline. Moreover, though extra terms are introduced for query formulation, we can see that
certain MAP results in Table 4 still outperform those in Table 5 (marked /falic). 1t is therefore
inferred that, it is still important to filter out noisy terms in original query even though good
expansion terms are selected. Finally, note that we use the NTCIR-4 5-fold cross validation
regression model, which is trained to fit the target performance gain in NTCIR-4 dataset,
rather than instances in the query expansion terms set. However, results in Table 5 show that
this model works satisfactorily in selection of good expansion terms, which ensures that our
approach is robust in different environments and applications such as query expansion.

Table 5. MAP of query expansion based on GET-C and GET-R model. (%) shows the

improvement percentage of MAP to BL. Significance test is tested against the baseline

results.
Settings Method Indri TFIDF Okapi Avg.
NTCIR-4 | BL 0.2470 0.2642 0.2632 0.2581
<desc> | GET-C 0.2472** 0.2810** 0.2728** 0.2670
GET-R 0.2610** 0.2860** 0.2899** 0.2789
NTCIR-5 | BL 0.1795 0.1891 0.1913 0.1866
<desc> | GET-C 0.1868 0.1904 0.1927 0.1899
GET-R 0.1880* 0.1918* 0.1945* 0.1914
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We further investigate the impact of various ranking schemes based on our proposed
algorithms. The ranking scheme in the Generation algorithm (or the Reduction algorithm)
refers to an internal ranking mechanism that decides which term shall be included in (or
discarded away). Three types of ranking schemes are tested based on our regression function /.
“max-order” always returns the term that is most likely to contribute relevance to a query
topic, “min-order” returns the term that is most likely to bring in noise, and “random-order”
returns a randomly-chosen term. Figure 4 shows the MAP curve for each scheme by
connecting the dots at (1, MAP(I)), cee (0, MAP(“)), where MAPY is the MAP obtained at
iteration /. It tells that the performance curves in the generation process share an interesting
tendency: the curves keep going up in first few iterations, while after the maximum (locally
to each method) is reached, they begin to go down rapidly. The findings might informally
establish the validity of our assumption that a longer query topic might encompass more
noise terms. The same “up-and-down” pattern does not look so obvious in the reduction
process; however, if we take the derivative of the curve at each iteration / (i.e., the
performance gain/loss ratio), we might find it resembles the pattern we have discovered. We
may also find that, in the generation process, different ranking schemes come with varying
degrees of MAP gains. The ranking scheme “max-order” constantly provides the largest
performance boost, as opposed to the other two schemes. In the reduction process,
“max-order” also offers the most drastically performance drop than the other two schemes do.
Generally, in the generation process, the best MAP value for each setting might take place

somewhere between iteration n/2 to 2n/3, given 71is the size of the query topic.
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Fig. 4. MAP curves based on regression model for description queries of NTCIR-4 on Indri,
TFIDF, and Okapi models, each with three selection order. X coordinate is # of query terms;
Y coordinate is MAP.

4. Discussions and Conclusions

In this paper, we propose an approach to measure and predict the impact of query terms,
based on the discovery of linguistic, co-occurrence, and contextual features, which are
analyzed by their correlation with MAP. Experimental results show that our query

formulation approach significantly improves retrieval performance.

The proposed method is robust and the experimental results are consistent on different
retrieval models and document collections. In addition, an important aspect of this paper is
that we are able to capture certain characteristics of query terms that are highly effective for
IR. Aside from intuitive ideas that informative terms are often lengthy and tagged nouns as
their POS category, we have found that the statistical features are more likely to decide the
effectiveness of query terms than linguistics ones do. We also observe that context features
are mostly correlated to MAP and thus are most powerful for term difficulty prediction.
However, such post-retrieval features require much higher cost than the pre-retrieval features,

in terms of time and space.

The proposed approach actually selects local optimal query term during each iteration of
generation or reduction. The reason for this greedy algorithm is that it is inappropriate to
exhaustively enumerate all sub-queries for online applications such as search engines. Further,
it is challenging to automatically determine the value of parameter k in our algorithms, which
is selected to optimize the MAP of each query topic. Also, when applying our approach to

web applications, we need web corpus to calculate the statistical features for training models.
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A Study on Identification of Opinion Holders

EER HfaiE BRGA
EARYAES Y= AN
{cylee, Iwku} @nlg.csie.ntu.edu.tw , hhchen @csie.ntu.edu.tw

i
o R F RS B A A R REE S SRt L N BRERR > AR R RS
T LR B AR FAEC WS o > (5 = LR S g B o B
A FAERCAE R PE ISR B o Ao Y 5 E A AE NTCIR7 MOAT g < ik
HISIREEE] F I 0.734 > S PRIV SR A 2B T e (£ > i B E
AT FERAMIIRGE o B E WA B ERER-PARCE ST/ > AL > Al
FeHE L RE R A RS A 57

Abstract

The identification of opinion holders aims to extract entities that express opinions in opinion
sentences. In this paper, the task of opinion holder identification is divided into two subtasks:
the identification of author’s opinions and the labeling of opinion holders. Support vector
machine is adopted to identify author’s opinions, and conditional random field model (CRF)
is utilized to label opinion holders. The proposed method achieves an F-score 0.734 in
NTCIR7 MOAT task at traditional Chinese side. The proposed method achieves the best
performance among participants who adopted machine learning methods, and also this
performance was close to the best performance in this task. In addition, the ambiguous
markings of opinion holders are analyzed, and the best way to utilize the training instances
with ambiguous markings is proposed.

g S AR SRR RIERERE - SR

Keywords: opinion holders identification, opinion mining, CRF, SVM.

i

o AR M 8 R BN » AT E A AR 5, - [ Web2.0 Yl
L - ARG B EROR R ~ SR BRI EORE > (37 PR S s P P AR R BIR » (H Al
KEFRAHLAT #EHETHER - S HLPEE) (opinion mining) AYEAr A LLE BH{H FH# H B3
Mrac sy L - Kim FT Hovy[1] 78 2004 AF$2 4R FL A 56 2 BB (opinion
polarity)~ & FH5R (opinion strength)~ = FLEFA 4 (opinion holder) K Z & EH A (opinion
target) PUfE %2R o = R RGLEIEE RS R ~ azsiEm o B R i R
FERIMGY - FRlt R R N SRR B R R iat ey R e H A - DA
e 1 Eaf - pEARE R R IR ~ R RS - BREEE R AR - T
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AR TRRER o B R o i & LA — sk Wi AR R A > BT E ]
fifs & AP BRG] - (AP AR B A g LGP AR E R R A b Gl
A 2 RAEEARERGIA) 1T AR RURRHERRAVEL R - B 2 YRR S R s
%

Pis) 1 R IR SR THRER
Bt 2 1A MR A = TR RR

FEE RPN SR ERER BT Y 1 VIR N\ e R e i e B, ~ A A
REARAE IR LE R 8 P T T R W e N\ ik e iy R S RS AL BR VR 1)
B R R A TR R A > B TR S e A
et M MEE R WS T e BB H R A - B AR B ] UEH]
R RESRA T - Pt g S YR & R A P E » AR S R A
FRRRE Pl I L P S FEE A ) P 25 2 U RE Bl [ B T B

TR B R B =R PR, © AR ~ SIS RE S BRI RO RL - EARE
AT I & LU (Anaphor) B9 JE 20 L AE 20 A) > 3 $i5 W 210 i 16 #5617 5
(Antecedent) -~ BUANEIR) 3 thiy TE€ES; | REFRIWE] 55k ) B Tt e

Biltg 3 -

PRI AR > SR B h IS aR S B 1 DU A A I e i s v i - e

ARt S o ARG ZERAE R L BB ES RE  FH  — JLLN AR

+Z H R R - A e AR P e T
B AR A BRESRE (nested structure) - DIFIA] 3 B > sCEEAEFRS [l T BEHETR
BN TSRS WA SR T HE ) RS SR EE SR T E
al o PlETE LR F R — e R ey - et e AR R — (i SRR -
SRR LR SRR AT FRERHRS » ARFE HEAERCE L  RRIERCE WTREERE R A
MIERFFEEBRENER - DG 3 B4 (AR EEEERFEER TERS
T E ANHEIRE ) o SR E AR E AR EHE T T 1, o A
WENKE » BERFFEES TEGE#ES A AHE/HE ) - (HEATRIVESE > HEgeE
g T3E T /5T R WREREESEE o IR AL SRR A - R R
HTREM AR BB A IR EE - W] A RO i R e B AL R B
R — Rk -

— ~ FHRHITE

Pang #1 Lee[2] H<HHEE R mtskrp B SO - R RS A RO S il D AGHEE
A TR Y 7 ik = R m o R DA (heuristic rule) s RLARELLIRE AR 1S
FERERIRE -

(—) ~ DURSEs R I R By 5 1%

DU U RS HERE R i > Yohei 5 A [31 Sl f 4l Fr afi SRR (UiE > B SR
[ R R A R SCGRER DR B B PRE AR - B ]
REMYEL A EHG - MU SRR ERFFAE - 5 2R R B S B H SCHRER - Xu
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FT Wong[4] $FEHIY TS e IR IFI FR P AT PO AR I AR A - (o
FIRRIHIBASRN ot ~ B ~ T (prefix) ~ FR (suffix) BUZRGMEIHE TR > Xu
1 Wong #9750 HIRTH SO R B osmE i &Y > /£ NTCIRT Zaf i AT
FPICHHAVEHE PSR > F (A2 0.825 -

(2) ~ DR S R By 5 ik

DIt S P By 5 ik - P2 MFEBIIR M i A% (maximum entropy) ~ SZHZ (]
e HEE Y (support vector machine algorithm) EfSCEEHESASAT (conditional random
field model) <573 MHanfFLILIAE -

Kim F1 Hovy[5] DA RBGEFERTEIRRIY 2 AR R 7 B L aam H A - At
et e FLGA (opinion words) HHYES TREE AR (semantic role labeling) > PRk
REE R R R HARRRE S A, -

(SR ) s LR e B > Kim 22 A[6] (7] Jolia AT &0 R sl E
F o~ HRIEEIEIE A RIS WGP = - FE0 ) G5 B GE R R UiE (syntactic
features) - Fitd o n B - TR THERYE A Kim S8 AR J550E H Al aL
SRR E PR SSRE R R JEHIAE NTCIR7 258 W Araf L L H DGR
F {EAEE] 0.346 - Wu S5 A[8] HIREAHFAZELEMERFEE > &2 L2-norm MR
Sc vt o DUELE A T HE AR R b s R R R T

(o PR B s B gt e ey > Breck B Choi <2 A[9] [10] (EfHR%E ~ FRiE ~ &
i (dictionary-based) FAK{r[H % (dependency relation) RififiE 32t bRl S I AR
O FTRERYE R » tHIP.Z 1 > Meng N1 Wang[11] (i FIGAZE Gl R il
5" (operator) FFEE > Ifi] Liu A1 Zhao[12] RIS FHFAITE 5 & A BRER(ILIE (position)
KR 2L (contextual) FFEE > it {bRFFE BB B S A AT RERE HURF A -

=~ BRAFEEYRRGE

A FERE & SR B T B SR B R A AT RC I 8 2 22 A - Ao fe
YA U RTE R B ~ fRE e IR - SRR EIEROE Y ~ Ry
KSR G R e TRty -

(—) ~ SRR A AR AR R HE

AR R AL G ~ FTEATRC « B B i S P e - AT BBl 2 RE13]
T A bR PERRRCRAR » 155 1 e S HEREMY BT BLE LR A AR H A2 R > X
M ST RTINS AT HLEEA » BRI N4 SRR > AT
DABATE TSR Sl PEARRC R AR - A B H sk 2R FE B e sl 4 e
ANFIERIETRE - PelMHERA ARG I RRE R I IIA HACH R # R IR
T A RS = - SR R RE IERERT AN T a e )~ T R RIEORRE T 8
Ky FHANA -

B TR - WREEH - AR SLE I R A (350 - AR
LA PR IS S A ~ MO0 AR R
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()~ TEEE A

PR R LR H B 2 s W) < R H e O R s B - A e E %ﬁ#
SR TR 5 — G 2R (binary classification problem) » {fi F S 5 [f A A R B » &
{F_ LA R ELaiE e Chang #1 Lin[14] BH#$HY LIBSVM -

R MEEE RS R

e FHEEARE R
fHasI AAEERA T
o e s fHasWe AaFERA "M
Sl e Y
fNumWe A T ERAY
fHasPronoun ArFRARAE
S o=y | fTHasManPronoun AR EA N
FATERHRE A fNumPronoun A A5
fNumManPronoun NG Ehs AN e 2T
fHasPer AAJHRAE NG
fHaslLoc RaJHRA MG
fHasOrg A RAT AR
fHasNa AAA A E 45
fHasNb AEREER
L s fHasNc NGRS fﬂiﬁ:@?ﬁ]
fNumLoc A S A4 EA
fNumOrg A SeEAH A% 4
fNumPer ENOEEEs I E PN ZE
fNumNa AR S ERS m 45
fNumNb A Sl lH B $4
fNumNc A 2l 5 $4
fHasExclamation AR - pla: T e
fHasQuestion AAERARE > Bl T E T
FEBLTFR AR | fHasColon AAERAERE il T 8T
fHasLeftQuotation | AFJAEWA Lolaf - flan: T, [
fHasRightQuotation | AFJEEA T HE - Flan: T, 5, 8 "] |
fNumChar AT 2+
SAJRHBCE | fNumWord A 2l
fNumSubsen A 1)
= FFHB A | fOperator A A AR
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K B A AR R

R R T i
s HBA A | fWord A
fPOS AR
FAEAHEEFA | fIsPronoun el e
flsNoun A e EFa
flsPer Al EANF
BAEHE | flsLoc GRS
fIsOrg AFAEAN AR
g e fAfterParen AeeAE Y ]%L‘?Z?‘ﬁﬁﬁﬂ BT ﬁ DE
] fBeforeColon A SR B S B - i o BT
fNearSenStart AeesEnn g
. .=mr | fSenLen AFRFTAE ) R YRR B
AT fWordOrder A EA] PR
fWordPerc AGAAEA] T ER Y E S EL
e fNearVerb [ 4] EPE%?’?%EZIK?EIE@ @J?E{
R fNearVerbPOS [ 41) EF‘H%?%\LEZF?EIH/‘] Hhgalaa
fDistNearVerb [ 4] P AR B Bl A Y e R
fHasOpKW [l 4] AR A 2R g
fHasPosKW [Al AP R R
fHasNegKW [P A Efn e R
fHasNeuKW (Al 4] AR A L A
fNearOpKW [E] )P i S AR 2R B
fNearPosKW [ ) e S AN T 1 e L]
fNearNegKW [ ) e ST AT 1 AL
5 AR fNearNeuKW [ 4] EF'H'%?QEZ'K@E@ YA #
fNearOpKWPOS | [Alf1] - SET AR it Bl 7 arl 1
fNearPosKWPOS | [F] ] i S s Al T 1 e LAl s 1
fNearNegKWPOS | [F] 1) -H s SEd ARG Efn iy aa e
fNearNeuKWPOS | [A4) i S A i Hh o7 e R ] ) T
fDistOpKW (i) 1) FR AT B 2t B g R e R e
fDistPosKW (7)) AR 2 L T L Gl B R
fDistNegKW (7l 1] HR AT 1] A S L AR SR A
fDistNeuKW (i) HR ARG ) H 7 R S A i

TR R AR e S ] 0 F el ~ Rl

HAehe ~ BERRRTIR ~ SOl e
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T FAHBHE RS > SRS R B RHEE > oGt ~ =it
ik~ e AR B RS AR Th S AT B R U R A e B S f R -

LRI AR AR 2 e A S AE SRR S E B - 8 AR R 5 2%
LS (operator) - S T A/ HE AT S U AR TR E AR BR S 5 - 3R
LGRS 7 AR R T AR Sl S Ehae] o B = TR TR e TR 5F o
TSP TS FH A (W TR AT S -

(=)~ ERFEEER

B EEEC H S R R R EIAES A TR e AR E R
B oo BT - B SRR RL (Decision Tree Algorithm) figift » B E L{Ji ]
HYE LGS & Mierswa 58 A[15] BfZ&HY RapidMiner 111y CHAID JesffalisE Hys: -
CHAID K5k (CHI Square Test) YIRS (Pruned Decision Tree) o A
et R SR S RO R LS 7Y L& (sequential labeling problem) - {47/
Lafferty <5 A[16] $&HHH MG FE R s s s B C H . R =& Pt s il EUE B
FIRESEHEE & Kudo[17] BrZ%) CRF++ -

SR H AR B R AYRF U BT o R = B w] o el s ~ Gl ~ HAA S ARG AT ot
SCRIRHLAR ~ B OE TR A CTED ] - R A WA A RO AT A (I AR
fiE» Frfiii& s R AHRE ARG E AT S AR AR s R R U s AR
JehEtiy

AT SCRHIBR A AR I g R AR A O ARl e A B i B e A O B A - 3
FAHBHE AR EAE 5 A T B PR 5 - FOhBs s ~ IR A ~ B A
B H AT b R B R T R ) R ZS 1R e S A5 - A [ T A

R o 5 o R R RS AR AT - A AN TR TR S
MR R A s TP R RIS A TORIERE ) Wi~ T alRE ) 5 e

NTCIR7 Za8 53 W Araf i HAYAIRERHE N - Feff5 A Blum T Mitchell[18] £
f#h [A] JIl Bk (co-training) ¢ &t 35 S AE < 177 [A) Al kU 44~ B B U B A B2 U5 ik
(semi-supervised learning method) > BERGTHFRRCEORHAPERC AR, — LRI RIBRL - AN
Fepki®E CRF THHNE OMEREHE R > DO R AL B SRR RELERET R
KUHE ©

() ~ RiERRH

PRI e P 5 R R B R AR IR R B S B A% E R AR WA (00 - & R A
LR HIASTH R AN S B R 000 HEREHEHH G 2R IR
SRR RCAT R AA IR LA - A ZE ] MR AR S WA % R E
s (H) ~ B ()~ thii @O~ AERERFAHRET S) MIEERFFEHE
(0) - [KNt CRF 45 HITSO FARIEERIEY IR AL -

CHAID e ERIAS RS YES Bl NO 4 - RFEAGAE A WA Ayl
73 0 WER CHAID JpJHARAEARRSR TR NO KRS - RAE ik E REFHT RIS
BEAFEHE o AR MY B R E Semail S R
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USRS 3Lt 7 B IRy S
B - TEDEE (No) #i8#E (Na) SLAfE (Nb) | iBFH AR RN RS BT

RN 2 R TR AR T REERE SRR AR
pian =" BLAfE (N) ~ (PAUSECATEGORY)f#dE (N) Hil (Caa) /INEEL= (N) |

IR T BLA T ~ FTARIEEL NRTRE =

MY CRF Jpfane AR AR BAGH SRR & AHA IR et 2SO miHy
H PR - FRERETRIELER M 1 R et iks] T PRoRnE Sl Atz - AR
CRF JpJgsr ERURS IR TRy O MRS - R e R F R G AR

MBI A TR R DR R A » Ja R Sh AR rTRE S ROk A Se B R b
R NIRRT gERe 2R R E TR EHE - ARMIEEA e B H
HEAE S IR A SRR BLSE Ry B BRI > FT DAASCRAI SR AR B AT RCAS AR
AT H i > SRR e e B Gl s v R AR A AR AH AT DUET Al Y
R - BlR) 4 R EAEREEEREN 6] FAR A SRR T &5 o
FEIRN BB ARG S B RS (B i T 8RS HE ) - EiEkery B
PEBRETE - AR DU Al SRy B e B R o B A4 B

Bis) 4 - ElJesm NSRS FEAftia Rl et — 4
T TIAE © AR5 (16) — ARIGFE(16) SERAMIFITERMERT
— FRIGFEAR(D) BPRAFERT — ASRGFEEQ) FPRAFFH
(1) ~ GHEEE R E R A B AR

TR R AR e A R PR L B AR R R B AR R
ERFAAIREG AL RER G BRI B - A
e fR ARG SR S O Ol — ~ =S RS oS A B B A RElE] -

ek & B9 V% & RN
FUEEER HEER rEE RS gL
o ~a
ERBE AR HAHR ERHALER EREALER
X E
/ B > s 2=
ik SR ERAR mEREEREAN  REdKgkR BRTERLR
« ¢ e s o
/M% / / BAEED / HEES HELS HEES
K& xXFhE K& K& X FHeE
i — ~ ARSI A B ~ 5EEAHEEIE B

RO A b TMIHMEEE S AR DRI E R b R S P
B E WA SO HE S W R A A S MR A AIIALIE - RGO RN B
o TG TER R AR EE SR (R E R RSP LS A
> RS - FREEE R A AR KR SRR - AR A E
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REEIREGD I RN ERFAELES - (PR R B LR E
R RO AR E RG] AT AR e A B e e R
AR At R R PTRE R R A -

EEATE R (R R - B ARC © RE P ARG H AR - 2
LT DR R e Do O AR AT

i

Y - EEREE

NRR 5]

il

/

AR MR E R I RRE R > AT R AR R R A AR
KOS SR BRI BB RSAL

(—) ~ NTCIR 7 Z&E & AR ELE E A

AREEHHREES NTCIR 7 ZEE Rt H i B a0 EERE - NTCIR
(NII Test Collection for IR Systems) & H AN 2 &AM S2 T (National Institute of
Informatics > NII) Pl R BIRSTRELERE B AR = REI MRl — - ZrEE
FAPTFFEEXEH  (Multilingual Opinion Analysis Task, MOAT) & Hf—{@EFFELIEH >
Seki £ A [19] ¥ IEFFIEEE AN AE -

LAt S AR H PR ~ H 3~ B TP T sCHURERHE > SRR et
FHBR A ~ SRR~ TR ~ AR ~ R AR A LR FERRORERD » SRR
PRECELHIGUAE - NTCIR7 FIBREEEIAT 3 (16 5 ~ 1,509 {6524 ~ 944 i3 L AJ > NTCIR7
RS 14 (80 - 4,665 {[H5C5) ~ 2,174 e A > S5 {TE DI R R RALET T
RS o INES NTCIR7 ikt - AHERHIRIBGEERINA NTCIR6 & R
g FLLE H (Opinion Analysis Pilot Task) &5 s HIEALE - NTCIR6 & b A alaat
IEHHE NTCIR 7 ZafE WAt HIRT S > SRR R A ~ S A~ &
U~ R HRUERC o NTCIR6 HIEALRAURS 29 {5 ~ 9,240 {#=05) ~ 5,453
SR AY > BATHI IR - B R R A B LR AR RO TR MRy B st -

—_ B AT
E==g AN,
()~ BRElHR

€ NTCIR 7 Zafiet WA R LLHE H AR REE P RRC i Bg y ~ IR a A ~ B
B A R TR VL R SR LA > B Ku NI Chen[20] [r/#8 B 15 A S W el B
(NTUSD) -~ ANhH5EEaE 255 WGl S FT Y RF R R -

AMFEE AN ~ 1G-S — X A B Rrl L B AR 5
NI~ TR ~ TR R~ BT AR S AN R TR ~ 2K
bR L ~ S AR RS VRS 3  sE L B A T SR I E T 2
e

(=)~ 1B E R E R

AREERH RS W SRR R RS R G - AR IR
NTCIR7 It fe NTCIR6 HIEALE » MIFGEEELE NTCIRT MRS RRAE A -
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NTCIR7 HIFALE PR R A PIE 3 R s S R A BT R ) > et i A A R B2 —
(EERC AR I AR R R e A YRR A BRI = ERCE T A WAL B
IARCTE P Y S RCTI

AREEPE IS AR E RN SRS g e N EEE R M
FEHER (Precision) ~ A0 (Recall) ~ F{H (F-score) X IFHER (Accuracy) ZKFFfhi 5
FARHE « A FTRE L B BLES S 2 A E B RS BRI TE 2 » Bilanpie) 5 /Y
A —HSERRERRNEEE T2 RSl E A SRR A
T -

B s
) - EEE G OPHRZ aUREE - MR LR E TS
A NS AR TR AL B IRARAE B S ] IR R

BATEAREC TSI DN LA AT - 8l = 2 iRk h EE LB R S e - M3
NTCIR7 HJGERHES > G MRl AR R FE R R AR B R IR S Y
TRLISLER MY 15% > B AT AR AR RC S ER R A AILEST (19%) AHEAN R

NTCIR 7 NTCIR 6

=~ GERHH R L L

/£ NTCIRG6 HyFERHEHT » N IUZERA) > FTER SO E s bk > FEria
ERHA A AR - NTCIR6 [ R AR TR B AR i LA s P AR R
FPAATRL > AERARE - AL RFA ARG - FTLMEARAN NTCIR6 [5fF}
e P AR R B B S o Al SR L

B E s R L A EFIRGERNY F B 73.24% » LRl 35 a0 ) & Rl AkEE
BHA F s 7 8.04% - i NTCIR 6 Jjj NTCIR 7 kR F HE 79.98% > titt
B o —EEIREE RS = > FTDAARE B NTCIR 6 Jiii NTCIR 7 FISREEH =
FAERSEIREERS -

K HRCBERE R EE S AR RE s

BUE FEhfeR [=IEIES F fiff IEHESR

L ER R L 69.68% 93.85% 79.98% 83.49%
IR | 64.87% 95.94% 77.40% 80.31%
AHIAFIBRGEERE | 50.52% 91.53% 65.10% 77.28%
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AE B RO A = R RO YRR R S M F S A~ RS RC S R R S
IFEER ~ RIERCEEARERAIAGIRRGEE L - & =R EE — Rk o e
IS RE R T AR E R s 2

PR UEDT: » TSR R ERERE © F (855 79.98% » HASHEBIHEEE
FIREE  F B 77.40% » SEERAE S RO IELSSUORER P f#5S 65.10% -
PEAS R AL T AT i AL SRR A - S TR S
(s AR -

(W) ~ ERFEEECER

AREEH PR E R FREG > DMRE R A R A - A
B FHEIBGEREE NTCIR7 FlSRES  HIELRERHE NTCIRT7 RS- ks a AL
ELETRR R WA - ANEER S R F RS S S R S AR E 4 PR EAE
H - S - set FfiE (set F-score) 2K AARXNGE  NTCIRT a7 =0 Jeaf i
FHE2 B R IE MRS S A8 M2 BRI E e R R S 248
BrAf e E LA B AR B A R O SN BRI E LA E 0 IS HE
o FalE ~ F EEIEHERE A » KB A REHER « FnlR -~ F il > i
F set FEACFFEXLHE > set F {HAYEEAT ¢

seriy < R IEREBHEEE SR 1 E b
L_ .
R HEPRA T A

)]

B LU A SRR - R PR o MR R e B CHAID > R Iz
ff R PP I RL R R PR B IR CRF - CHAID i FI i PR S 02
YES fl NO 1344 - CRF (ISR FEEAEREE M raaE ) &
REFAERTEE O JIEERRAAEMEGT (0) o RVUBHRAE AN R
TFEE R AR SmER s 2 -

R ~ B AR R H R e s

SRR | TERER | S5 | set F {1

. CHAID 564 605 48.16%
Heft CRF 817 351 69.89%
A e
CRF+CHAID 825 344 70.57%

iz CHAID 981 967 50.31%
A CRF 1317 631 67.57%
CRF+CHAID 1322 627 67.83%

s = AR - CRF 1% set F fiif% 69.89% » [& CHAID 55 21.73% > SUGE
IHRZ > RS AR rT DS AL RS S - S5 3R CHAID il
RS EAE CREF Ay— R P F g sty > Hom] DU/ INIEEE T R AERLGE » SR R]
RERIES CRF i MV E R B EREOEERIR S - iy H ARG B R 43mE >
AJRERIES AR CRF B GRasHyxiaett iR CHAID RS 5 i B HIGE BRI R hE

110



B -
SRR L AU » AHFERBEEICIEAAER set F {i 67.83% - ERIaA
S EEBIT » 7 13% (254 4)) FEIERERRAVEE SRR B Walataiil - (R
L2 BB G BTIERE S FETRE » U R I At SRy 1 - 0 BRIy /5
i FRPUR E HE R BRI 2 A R RHEMT - I B BT M 6
A

SR (R R SRR 25 2 TG - AT 29.19% -
2 AL

R AR EERER - A I B R #— 1)
5 BN ¢ A FRRREE - BT LT~ AL - I - R R RS R B
AR R 2 A LU0 18.1% -
3 HOR B E AR A4

AR A5 A EREE A 2 BT - (LA R AT 1 A7, 1A
PIRRE A EE AR RIS - LU ERCHTRI 8.3% -
4. LT AU L 6

TR 5 0 A T e PRTNTE 253 A S 27 -
i1 * Bk - B KR - EERASEREL LA 7.5% -
S M LU A

R AR A EREAR - A A3 - B14T © K
O~ MBI EYRS TSR R 5.5% -
6. FLA BT 52 4
IEHEA R A AR L B IELELA BRI RIS R 5 88 - 1A © JES
S BB BRI - BERRRERARDH - LA LGRS A 4.7% -
L5 BT SR - TRIMERLL ST AU SRR - AT
R RS R THENORI » P LIRS IR SR A Ry /5
i o GEURBRIPAREL o () IO EURSAERAS R ATS P T EIRAER set F
fi 70.57%  $EH 6 HFIELL BEREIIUR e BT + TRIPHOHL L BRI Fy e
MEYCE IR » G EEBRC IR » DA RS L P A B R EL AP
TR setF i 72.03% » KUASHETT 1 146% -

(1) ~ BERFEEYREERE TR

AE A H BEBER I FIRER G RIS S R A B S REr s 2 TR e 1
FR TR A BESRGHIRN B RABUREE AN ARG R G ORISR HURAE

B AT RO B By set F (S 73.40% - LLIEHS A & 1 2.48% > TikA
S S A R At ] DA SR DIRE R - A SRR A S R e R P (R
FE L mRE LA R 2 SR AR B R A B - BRSO B
F]DGE R R ERUHE

111



RIL~ KRR R B ey

R RIS | IERES | $ERRIY | set F

i ik A 829 340 | 70.92%
B hA] Hilig B 858 310 | 73.40%
ik Tk A 1338 | 611 | 68.65%
A il B 1372 | 576 | 70.40%

(75) ~ B3 NTCIR 7 2R (LR

BATRARKSSHESL NTCIR7 Z23EB{NLAYIRELLTE: > NTCIRT HYFRl /520 Fs fiRE -
— IR AR N A R A HERE WA AR T B G =0 55
—HER[FFAG NTCIR7 FEEFPATAIYERA -

RABURATRAMEL NTCIR 7 2FEBALAAGELLEL - NTCIR7 & RAHA HHEAGT LA
HAZ2ERM U S E RSO ~ JUURER « SEISERH R S AR - S sCR
ER RSB 5k ~ AURUR SR R FE gAY ~ BEFS MURHS B PSR r et ~ &
PR PR AehE R

B ATy > DURMEE MRS R APl AR EREERS F H 73.40% -
FUEH SRR IRAE © F {5 82.30% » LEASRH T 8.90% » {HARAAYZAGE
P RS 2B B s T 15.09% DAL o DU B R A Bp i » AR il
e SR B SIAE A AT R 5.16% LM e b A B vl et WL ATl > w DA
HIASRAIRELHA R AR > BRI HEREAS S WA E R AR AR
R ER TR S AR E > alEs rISe g R A -

TN EARE AR RSE —BL NTCIR 7 28 B(H LK
e TR DURBAEE R R DA R

sm) mEes | AEse | P | mEes | @ms | R
i | BuspsrkE | 757 | 82.30% | 82.30% | 82.30% | 19.88% | 49.52% | 28.38%
1% JEHORE: 880 | 57.84% | 57.84% | 57.84% | 13.03% | 40.53% | 19.72%
B sEsER | 1213 ] 5491% | 54.91% | 54.91% | 8.22% | 52.95% | 14.23%
2 S PN 1169 | 48.16% | 48.16% | 48.16% | 8.14% | 44.90% | 13.78%
W ms | 1169 | 73.40% | 73.40% | 73.40% | 12.38% | 68.31% | 20.97%
v | @b | 1134 | 82.54% | 82.54% | 82.54% | 29.92% | 43.05% | 35.31%
sz | dbsoem | 1364 | 58.72% | 58.72% | 58.72% | 20.51% | 36.84% | 26.35%
B semEEEE | 2070 | 56.47% | 56.47% | 56.47% | 16.78% | 40.02% | 23.65%
H, HEARE 1948 | 50.31% | 50.31% | 50.31% | 14.43% | 53.73% | 22.75%
W) kxs | 1948] 70.40% | 70.40% | 70.40% | 19.80% | 63.11% | 30.15%

112




11~ B R R

AR RLA R 17 PR MR K LR H T 1 FL (IR B
I E R -

AR LR H M R LR H3 F ( EE FBE LR Fh
RAEHS53 » AETF Ll AHEHE SRR - SR A, - B S,
BHLFSERE » SCERLAEE SR AR R R - T PR LB
- {ER PP IIOT » AIRRL ISR - PERIRIZEA - FLA BT -
PBLTTIE A  SCRIRUAEEF - BRSO B ST A R - 6B TEL
B R RORESC T AR IR » RS LA A
DI » MRS R AN LR R LR R R -

AR 2SR FLRP AR » ARIEAE NTCIRT %R FAMITALLIA 5
TSGR T AR F RS 0.734 IO4GHE - RRFRMREE T e LR - th
G BT AR LIS = I RTRCREIREENY J7 LD ISR MR AT - 1
U BUSRARES  (ELRFTE {25 54 T LA T Bt AL R R 51 15 -
AT ST Al b LI U I » St R EEF 750 » At
G MR B LU BT B R S R A S s
ST -

BT AR R LR SRR UL R LIRS U £ > S5

AL 8 AN AT RS ~ RS B R o R LR RA
DA A A

275 5k

[1] S. M. Kim and E. Hovy. “Determining the sentiment of opinions.” Proceedings of the
COLING conference, pp.1367-1374 , 2004

[2] B. Pang and L. Lee. “Opinion mining and sentiment analysis” Foundations and Trends in
Information Retrieval, Vol. 2, pp. 1-135, 2008S. M. Kim and E. Hovy. “Determining the
sentiment of opinions.” Proceedings of the COLING conference, pp.1367-1374 , 2004

[3] Y. Seki, N. Kando and M. Aono. “Multilingual opinion holder identification using author
and authority viewpoints.” Journal of Information Processing and Management, pp.
189-199, 2009 [co-training]

[4] R. Xu and K. F. Wong. “Coarse-Fine opinion mining — WIA in NTCIR-7 MOAT task.”
Proceedings of the Seventh NTCIR Workshop, pp. 307-313, 2008

[5] S. M. Kim and E. Hovy. “Extracting opinions, opinion holders, and topics expressed in
online news media text.” Proceedings of the Workshop on Sentiment and Subjectivity in
Text at the joint COLING-ACL conference, pp. 1-8, 2006

[6] Y. Kim, Y. Jung and S. H. Myaeng. “Identifying opinion holders in opinion text from
online newspapers.” International Conference on Granular Computing, pp. 699-702,
2007

113



[7] Y. Kim, S. Kim and S. H. Myaeng. “Extracting topic-related opinions and their targets in
NTCIR-7.” Proceedings of the Seventh NTCIR Workshop, pp. 247-254, 2008

[8] Y. C. Wu, L. W. Yang, J. Y. Shen, L. Y. Chen and S. T. Wu. “Tornado in multilingual
opinion analysis: a transductive learning approach for Chinese sentimental polarity
recognition.” Proceedings of the Seventh NTCIR Workshop, pp. 301-306, 2008

[9] E. Breck and Y. Choi and C. Cardie. “Identifying expressions of opinion in context.”
Proceedings of the 20th International Joint Conference on Artificial Intelligence, pp.
2683-2688, 2007

[10] Y. Choi, C. Cardie, E. Riloff and S. Patwardhan. “Identifying sources of opinions with
conditional random fields and extraction patterns.” Proceedings of EMNLP conference,
pp- 355-362, 2005

[11] X. Meng and H. Wang. “Detecting opinionated sentences by extracting context
information.” Proceedings of the Seventh NTCIR Workshop, pp. 268-271, 2008

[12] K. Liu and J. Zhao. “NLPR at Multilingual Opinion Analysis Task in NTCIR7.”
Proceedings of the Seventh NTCIR Workshop, pp. 226-231, 2008

[13] #EKEE, “Fie 2 AR SO T FEpe. o s Bl PR RC Rt se” BIOZ G
R B AE 5w 2L, 2008

[14] C. C. Chang and C. J. Lin. “LIBSVM: a library for support vector machines”, 2001

[15] I. Mierswa, M. Wurst, R. Klinkenberg, M. Scholz and T. Euler. “YALE: rapid
prototyping for complex data mining tasks” In Proceedings of the 12th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, pp. 935-940, 2006

[16] J. Lafferty, A. McCallum, F. Pereira. “Conditional random fields: probabilistic models
for segmenting and labeling sequence data” In Proceedings of International Conference
on Machine Learning, pp. 282-289, 2001

[17] T. Kudo, “CRF++: yet another CRF toolkit.” http://crfpp.sourceforge.net/ , 2003

[18] A. Blum and T. Mitchell. “Combining labeled and unlabeled data with co-training.”
Conference on Computational Learning Theory, pp. 92-100, 1998

[19] Y. Seki, D. K. Evans, L. W. Ku, L. Sun, H. H. Chen and N. Kando. ”Overview of
multilingual opinion analysis task at NTCIR-7.” Proceedings of the Seventh NTCIR
Workshop, pp.185-203, 2008

[20] L. W. Ku and H. H. Chen. “Mining opinions from the web: beyond relevance retrieval.”
Journal of American Society for Information Science and Technology, pp. 1838-1850,
2007

114



@‘#ﬂ%jﬁ [Eff TV IS ﬂlgﬁ:ﬁm e

Tonal effects on V01ce onset time: Stops 1n Mandarin and Hakka

[ Hﬁ Jui-Feng Peng
[T Li-mei Chen
M [*Z* Yi-Yun Lin

B B B Y S ()
Department of Foreign Languages & Literature

National Cheng Kung University
leemay(@mail.ncku.edu.tw

Abstract

This study examines the influence of lexical tone upon voice onset time (VOT)
in Mandarin and Hakka. Examination of VOT values for Mandarin and Hakka
word-initial stops /p, t, k, p", t", k" followed by three vowels /i, u, a/ in different
lexical tones revealed that lexical tone has a significant influence on the VOTs. The
result is important because it suggests that future studies should take its influence into
account when studying VOT values for stops in tonal languages. In Mandarin, stops’
VOTs, ordering from the longest to the shortest, are in Tone 2, Tone 3, Tone 1, and
Tone 4: this sequence is the same as Liu, Ng, Wan, Wang, and Zhang’s (2008) [1]
results. However, later it was found that the sequence results from the existence of
non-words. Because in order to produce non-words correctly, participants tended to
pronounce them at a lower speed, especially those in Tone 2. Therefore, we further
examined the data without non-words, in which no clear sequence had been found.
For Hakka, Post hoc tests (Scheffe) show that aspirated stops in Tones 4 and 8 have
significantly shorter VOT values than they have in other tones.

Keywords: Voice onset time, Mandarin tones, Hakka stops, Mandarin stops

1. Introduction

The aim of this paper is to explore whether lexical tones influence the VOT
values for word-initial stops. This issue is important because VOT is considered as a
reliable phonetic feature to differentiate consonant stops ([2], [3], [4], [5], [6], [7]) and
recently it has been used to study the language production of patients with language
deficits or disorders ([8], [9]). Among the languages being investigated, some are tone
languages, i.e. Mandarin, Cantonese, and Taiwanese. In a tonal language, the duration
of each lexical tone is slightly different. Consequently, it is possible that lexical tone
will affect stop’s voice onset time. However, few studies have taken this factor into
consideration while studying tone languages. It is hoped that with data from Mandarin
and Hakka, we can establish the groundwork for future studies related to VOTs in
tonal languages. If lexical tone does have an influence on the VOT, it should be taken
into account when creating stimulus words in future studies for tonal languages,
thereby rendering studies more valid and reliable.

1.1 Voice onset time
Lisker and Abramson (1964) [2] have defined voice onset time (VOT) as the
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temporal interval from the release of an initial stop to the onset of glottal pulsing for a
following vowel. It has been considered as a reliable phonetic cue to categorizing the
stop consonants, i.e. voiced vs. voiceless or unaspirated vs. aspirated, in various
languages ([2], [3], [4], [5], [6], [7], [10]). Additionally, by comparing VOT values for
stops produced by native and non-native speakers for specific languages, researchers
have provided some suggestions for language learning and teaching ([6], [11], [12]).
Moreover, recently researchers have studied aphasia, apraxia and stuttering patients’
production deficits by observing their VOT values for stops ([8], [9]).

1.2 Factors affecting voice onset time

When investigating stops, researchers found that the VOT values for stops varied
in relation to the place of articulation. Cho and Ladefoged (1999) [4], sorted out
researchers’ findings, have claimed that the further back the closure, the longer the
VOT ([2], [4], [6], [13]). That is velar stops have the longest VOT values, alveolar
stops the intermediate values, and bilabial stops have the shortest values. However,
there are some exceptions. Alveolar stops in Tamil, Cantonese, Eastern Armenian,
Hungarian, Japanese, and Mandarin, have shorter VOTs than bilabial stops ([2], [3],
(51, [7], [12], [14]).

Liu et al. (2008) [1] speculated that the VOT durations may be affected by tone,
because different tones have different fundamental frequencies and pitch levels,
which are determined mainly by the tension of the vibrating structure. In order to
achieve different levels of tension, different amounts of time might be needed.
Consequently, the VOT values may vary when they are in different lexical tone. Only
a few studies have tried to examine whether lexical tone influences VOT values. For
example, Liu et al. (2008) [1] studied the effect of tonal changes on VOTs between
normal laryngeal and superior esophageal speakers of Mandarin Chinese, and
reported that for normal laryngeal speakers there are significant differences of VOT
values caused by lexical tones. In addition, stops in Tone 4 have significantly shorter
mean VOT values than stops in Tones 2 and 3. The study by Liu et al. [1] is a
pioneering piece of work in this field, but more evidence is still needed. Therefore, by
carrying out a systematic study with respect to the influence of lexical tone for stop’s
VOT using two tonal languages, i.e. Mandarin and Hakka, we try to verify previous
findings in order to provide references for future linguistic studies on tonal languages.

1.3 The features of Mandarin and Hakka

Mandarin Chinese and Hakka are tonal languages, in which a word’s meaning
can be changed by the tone in which it is pronounced. Chao (1967) [15] suggested a
numerical notation for lexical tones: dividing a speaker’s pitch range into four equal
intervals by five points: 1 low, 2 half-low, 3 middle, 4 half-high, and 5 high. The
numerical notation indicates how the pitches of a lexical tone change. For example,
the numerical notation for Tone 2 in Mandarin is 35, which represents that the pitch
will go from middle to high. Table 1 reveals the numerical notation for each lexical
tone in Mandarin and Hakka. In Mandarin, there are four contrasting lexical tones,
Tone 1 (high—level), Tone 2 (mid-rising), Tone 3 (falling-rising), and Tone 4
(high-falling). Sixian Hakka has six contrasted lexical tones, Tone 1 (24), Tone 2 (31),
Tone3 (55), Tone 4 (32), Tone 5 (11), and Tone 8§ (55). The pitch values for Tone 3
and Tone 7 are the same, therefore Tone 7 has been omitted. Although there are
regional differences for Hakka, Sixian Hakka was chosen as it is the most widely used
Hakka dialect in Taiwan.
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Table 1. The numerical notations for lexical tones in Mandarin [15] and Hakka [16].

Lexical Tone 1 2 3 4 5 7 8
Numerical Mandarin 55 35 214 51
notation Hakka 24 31 55 32 11 (55) 55

Note: Those which are underlined represent pitches that are short and rapid.

Mandarin Chinese and Hakka have their specific tone sandhi rules and one
example from each language is listed below. In Mandarin, Tone 3, which has the
longest duration among the four lexical tones, will become Tone 2 while it is followed
by another Tone 3 [17]. The tone sandhi rule for Sixian Hakka is as follows: Tone 1
will become Tone 5, when it precedes Tone 1, Tone 3, or Tone 8 [18]. Therefore, tone
sandhi rules are taken into consideration when making stimulus words, and the
combinations that might cause tonal change will be avoided.

Mandarin

Tone 3 —Tone 2 / { Tone 3 }

Sixian Hakka

Tone 1—Tone 5/ { Tone 1, Tone 3, Tone 8 }
2. Methodology

Mandarin and Hakka word-initial stops, unaspirated /p, t, k/ and aspirated /p", t",
k", in combination with three vowels /i, u, a/ were studied. Except for participants
and stimulus words, the methodology employed for both languages was the same.

2.1 Participants

Mandarin and Hakka participants were different. For Mandarin, there were
fifteen male and fifteen female native speakers recruited from college students and
staff from an elementary school in Tainan City. All the participants grew up in
Taiwan, with no hearing and speech defects. Their ages ranged from 23 to 33 years
(mean = 27.2 years). As for the Hakka, there were twenty-one participants, eleven
men and ten women, from Miaoli, Pingtung, and Taoyuan County. Their average age
was fifty-one, the oldest being eighty, and the youngest thirty-six. As it was not easy
to find fluent Hakka speakers their age range was quite wide.

2.2 Stimuli and procedure

The speech stimuli in both language were combination of six stops /p, t, k, p", t",
k" and three vowels /i, u, a/, i.e., 18 combinations. They were /pi/, /pu/, /pa/, /ti/, /tu/,
ftal, /ki/, /ku/, /ka/, /p"i/, Ip"u/, p"as, M/, M/, Aal, KM/, K™/, and /k"a/. For
Mandarin there were four contrasting lexical tones, thus 72 monosyllabic words were
created in total. Among them, 18 combinations do not exist in Mandarin. As for
Hakka, there were six contrasting lexical tones in Sixian Hakka, hence there were 108
monosyllabic words obtained. Among these stimulus words, 12 words do not actually
exist in Hakka. Chen et al. (2007) [14] has claimed that disyllabic words can create a
more natural-like context for participants. Therefore, in order to make speakers
produce the words more naturally, all the stimulus words were followed by another
word and would become meaningful disyllables. For example, Mandarin word, /pi/,
was followed by another word, /p"uo/ to become the existing disyllable, /pi p"uo/
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(force). Some stimulus words in Hakka were tri-syllabic, due to the fact that no
meaningful disyllables were found.

The stimulus words were arranged randomly, and the participants were asked to
read it out loud at a normal speed. After finishing, the participants were asked to read
out the words for the second time. Therefore, two groups of data were gathered for
each participant. All the speech was recorded by a 24 bit WAV recorder, connected
with a AKG head-worn cardioid condenser vocal microphone positioned of
approximately 10~15 cm from the participant’s mouth in a quiet room.

2.3 Data Measurement and analysis

After recording, data were edited into individual files and analyzed using the
Praat software. VOT, measured in milliseconds (ms), was obtained by measuring the
temporal interval between the beginning of the release burst and the onset of the
following vowel as shown in Figure 1. The values of both the waveform and
spectrogram were recorded, but the VOTs were determined primarily through
waveform analysis; the values in the spectrogram were provided as references. If the
values in waveform differed from the values in the spectrogram by more than five
milliseconds, the data were re-measured to verify accuracy.
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Figure 1. The spectrogram and waveform for the Mandarin word /pu iau/ ‘don’t want’.
The values in the circle are the starting and endpoints of the VOT in the

spectrogram.

When analyzing the data, the VOT values for the mispronounced words were
excluded, and the data for Hakka /pi/ in Tone 8 were not analyzed because of wrong
word-choosing. ANOVA test was used to examine whether or not there is a significant
influence on stop’s voice onset time. In addition, the differences between the
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examined targets were analyzed by Post Hoc tests (Scheffe). The measurements of
stops’ VOT values were made by the same investigator. Furthermore, randomly
selected 10% of each recording were re-measured by another investigator to verify the
reliability of the results. Therefore, 7 Mandarin words and 11 Hakka words for each
recording were re-measured. The inter-rater reliability was then examined by
Pearson’s product-moment correlations.

3. Results

Pearson’s product-moment correlations indicated high inter-rater agreement for
both the Mandarin and Hakka data (Mandarin: » = .995, p<.001; Hakka: » = .978,
p<.001). This indicates that the measurements were reliable throughout. It was found
that the mean VOTs for Mandarin stops get longer due to the existence of non-words.
Therefore, the data excluding non-words was further examined to verify the results.
For Hakka, there is no clear difference because most of the non-words were
pronounced incorrectly. Therefore, most of the values of Hakka non-words are not
included in the analysis.

3.1 Lexical tone and VOT in Mandarin

Mandarin stops’ mean VOT values and standard deviations in each lexical tone
are shown in Table 2. ANOVA test reveals that lexical tones have significant
influences on the VOTs for stops (F(3,1040)=2.681, p<.05 for unaspirated stops;
F(3,1040)=8.934, p <.001 for aspirated stops). When examining the data with
non-words, it is shown that for both unaspirated and aspirated, stops in Tone 2 have
the longest mean VOTs and stops in Tone 4 have the shortest mean VOTs. Stops’ VOT
values ordering from the longest to the shortest are in Tone 2, Tone 3, Tone 1, and
Tone4. Post hoc tests revealed that aspirated stops in Tone 4 have significantly shorter
mean VOTs than stops in Tone 2 and Tone 3 (p<.05).

Table 2. Mandarin stops’ mean VOT values in individual lexical tones. All
measurements are in milliseconds (ms).

With non-words Without non-words

unaspirated stops

aspirated stops

unaspirated stops

aspirated stops

mean  SD mean SD mean SD mean SD
Tone 1 20.20 (11.90) 92.72 (25.53) 17.71  (9.95) 88.69 (20.4)
Tone 2 21.10 (12.68) 101.02 (30.21) 13.99 (6.03) 89.47 (23.31)
Tone 3 20.89 (13.35) 97.03 (27.75) 17.00 (10.98) 92.30 (23.49)
Tone 4 18.42 (9.94) 89.4 (25.72) 16.32  (9.07) 85.62 (24.18)

The results were verified by examining the data without non-words. In Figures 2
and 3, it is noted that the values for the data without non-words are shorter than the
values for the data with non-words. It additionally shows that unaspirated stops in
Tone 1 have the longest mean VOT values and unaspirated stops in Tone 2 have the
shortest. Aspirated stops in Tone 3 have the longest mean VOTs, while those in Tone 4
have the shortest. ANOVA tests still indicate that lexical tone has significant
influences on the VOT values for stops (£(3,692)=4.800, p<.01 for unaspirated stops;
F(3,779)=2.953, p<.05 for aspirated stops). Furthermore, Post Hoc tests show that
unaspirated stops in Tone 2 have significantly shorter mean VOTs than stops in Tone
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1 and Tone 3 (p<.05), and aspirated stops in Tone 4 have significantly shorter mean
VOTs than stops in Tone 3 (p<.05).
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Figure 2. The mean VOTs for Mandarin unaspirated stops in individual lexical tones.
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Figure 3. The mean VOTs for Mandarin aspirated stops in individual lexical tones.

3.2 Lexical tone and VOT in Hakka

The mean VOT values and standard deviations for Hakka stops in each lexical
tone are shown in Table 3. ANOVA tests show that lexical tones have a significant
influence on stop’s VOTs (F£(5,943)=3.521, p<.01 for unaspirated stops;
F(5,900)=37.365, p<.001 for aspirated stops). In Figures 4 and 5, it is shown that
unaspirated and aspirated stops in Tone 1 and Tone 5 have longer mean VOTs than
stops in other tones. And the shortest mean VOTs for both unaspirated and aspirated
stops are in Tone 8. Post hoc tests revealed that aspirated stops in Tone 4 and Tone 8
have significantly shorter mean VOTs than in Tone 1, Tone 2, Tone 3, and Tone 5
(p<.001).
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Table 3. Hakka stops’ mean VOT values in individual lexical tones. All measurements
are in milliseconds (ms).

Unaspirated stops Aspirated stops

mean (SD) mean (SD)
Tone 1 20 (11.56) 86.83 (25.8)
Tone 2 16.94 () 84.67 (26.56)
Tone 3 18.88 (11.02) 81.32 (23.73)
Tone 4 17.19 (9.44) 62.93 (18.36)
Tone 5 19.4 (11.43) 90.08 (27.08)
Tone 8 16.11 (7.98) 61.53 (20.36)

The Mean VOTs for Hakka Unaspirated Stops in Individual Tones
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Figure 4. The mean VOTs for Hakka unaspirated stops in individual lexical tones.

The Mean VOTs for Aspirated Stops in Individual Tones

100

80

60

40 F

20 F
0

Tone 1 Tone 2 Tone 3 Tone 4 Tone 5 Tone 8

VOT (1ms)

Lexical Tone

Figure 5. The mean VOTs for Hakka aspirated stops in individual lexical tones.
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4. Discussion and Conclusion

In the current study, ANOVA tests reveal that lexical tone has a significant
influence on the VOT values for Mandarin and Hakka stops. In Mandarin, the VOTs
for both unaspirated and aspirated stops in Tone 2 have the longest mean VOT values,
and in Tone 4 have the shortest mean VOT values. Stops” VOTs, ordering from the
longest to the shortest, are in Tone 2, Tone 3, Tone 1, and Tone 4. This sequence is the
same as Liu et al.’s (2008) [1] results. But it is worth noting that in both studies, some
of the stimulus words are non-words. Later, it was found that the sequence results
from the existence of non-words because in order to produce non-words correctly,
participants tended to pronounce them at a lower speed, especially those in Tone 2.
Therefore, we examined the data without non-words, in which no clear sequence had
been found. In general, ANOVA tests revealed that lexical tones have significant
influences on stops’ VOTs. Moreover, Post hoc tests show that unaspirated stops in
Tone 2 have significantly shorter mean VOTs than in Tones 1 and 3; while aspirated
stops in Tone 4 have significantly shorter mean VOTs than in Tone 3. As for Hakka
stops, the existence of non-words does not have a significant impact. Post hoc tests
show that aspirated stops in Tones 4 and 8 have significantly shorter VOT values than
stops in other tones. Hakka words in Tones 4 and 8 have similar phonetic
characteristics, which are short, rapid and ended by a stop. This may explain why
Hakka stops in Tones 4 and 8 are shorter than stops in other tones. The results in this
study indicate that lexical tone has significant influence. Therefore, it is suggested that
future studies should take the effects of lexical tone into consideration in creating the
stimulus words of tonal languages when analyzing the VOT values for stops, in order
to reduce the risk of introducing experimental errors. However, in what way tone will
affect the VOT values for stops, further studies are needed.
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Abstract

A two-stage latent prosody model-language model (LPM-LM)-based approach is proposed to
identify two Mandarin accent types spoken by native speakers in Mainland China and Taiwan.
The frontend LPM tokenizes and jointly models the affections of speaker, tone and prosody
state of an utterance. The backend LM takes the decoded prosody state sequences and builds
n-grams to model the prosodic differences of the two accent types. Experimental results on a
mixed TRSC and MAT database showed that fusion of the proposed LPM-LM with a
SDC/GMM+PPR-LM+UPR-LM baseline system could further reduced the average accent
identification error rate from 20.7% to 16.2%. Therefore, the proposed LPM-LM method is a
promising approach.

Keywords: Accent recognition, latent prosody model, Mandarin, Taiwan

1. Introduction

Over the past decades, many approaches have been proposed to deal with language
identification (LID) tasks. They tried to capture the specific characteristics of different
languages. These characteristics roughly fall into three categories: the phonetic repertoire, the
phonotactics, and the prosody. The mainstream system (as shown in NIST language
recognition evaluation (LRE) 2007) [1] is usually based on the fusion of multiple acoustic
and phonotactic systems.

Although LID is extensively studied, less works have been done on accent identification
(AID), especially for native speakers, such as American and Indian English, Mainland China
and Taiwan Mandarin, Hindi and Urdu Hindustani and Caribbean and non-Caribbean Spanish.
Comparing with LID task, AID of native speakers is more challenging because, (1) some
linguistic knowledge, such as syllable structure, may be of little use since native speakers
seldom make such mistakes; (2) difference among those speakers is relatively smaller than
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that among foreign (non-native) speakers. In other words, the capacities of the popular
acoustic and phonotactic approaches may be limited in this case.

Many approaches have been proposed to model the prosodic differences between
languages, dialects or accents [2], recently. Most of them are based on direct modeling of
surface prosodic features, i.e., the raw prosodic features. For example, frame-level pitch flux
features and GMMs were proposed in [3]; segmental-level pitch features were extracted using
Legendre polynomials and modeled by ergodic Markov model in [4]; and
supra-segment-level prosodic features were captured by n-gram in [5].
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Tokenization F“t""’ Prosody | sequence |~ yzrwan |
1 Front-end State \ i LM1
Labeler S ~_
/ ™ : N——— |\
Taiwan China |\ |
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Labeler . ~— —
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Figure 1. The block diagram of the proposed LPM-LM-based
Mandarin accent identification system.

Supra-segment
level

Segment
level

Prosodic Prosodic Prosodic Prosodic
Trajectory Trajectory Trajectory Trajectory
PDF PDF PDF PDF

Figure 2. The block diagram of the proposed LPM framework
(speaker factor is omitted to simply this figure).

However, surface prosodic features are often affected by many other non-prosodic latent
factors, such as channel, speaker, phonetic context, and so on. Therefore, it is necessary to
apply some feature normalization methods [6] to alleviate the unwanted affections. To absorb
those unwanted affections, in this study a two-stage latent prosody model-language model
(LPM-LM)-based approach as shown in Fig. 1 and 2 is proposed. The aim is to discriminate
two Mandarin accent types spoken by native speakers in Mainland China and Taiwan.
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In this approach, the frontend LPM [7] tokenizes (with the help of automatic speech
recognizers (ASRs)) an input utterance into smaller prosodic units (sub-syllable in our case)
and artificially introduces latent prosody states to represent the prosodic status of each token
in an utterance. It then jointly models the affections of speaker, tone and prosody state on
surface prosodic features in order to decode more precise prosody state sequences of the
utterance. The backend LM then takes the decoded prosody state sequences and builds an
n-gram to model the supra-segmental prosodic charactistics of each accent type.

In more detail, LPM as shown in Fig. 2 (1) introduces a two-level hierarchical structure
of speech prosody [8] with prosodic states and state transition probabilities and (2) describes
the joint affections of latent factors in a state by a variable-parameter probability density
function whose parameters varies as a function of those latent factor-dependent parameters.
The purpose is to explain the variant due to speaker, phonetic context and, especially, tone
factors.

It is worth noting that (1) the proposed LPM-LM framework is similar to the popular
parallel phone recognizer (PPR)-LM approach. However, the phone recognizers are replaced
by automatic prosodic state tokenizers/labelers and, especially, (2) the LPM module could be
trained in an unsupervised way to avoid any human annotation efforts.

This paper is organized as follows. Section 2 reviews the LPM framework. Section 3
discusses the application of LPM-LM on Mandarin AID. Section 4 reports the experimental
results on a Mainland China and Taiwan Mandarin corpus. Some conclusions are given in the
last section.

2. Latent Prosody Model of Speech Prosody

Based on the proposed LPM framework shown in Fig. 2, an input training utterance is first
tokenized into a sequence of smaller prosodic units (sub-syllable in this case) including
voiced and unvoiced segments. For each token, a segment-level prosodic feature vector x,
is extracted (coefficients of log-pitch and log-energy trajectories and the duration of the
segment). Here, the coefficients of trajectories are computed using Legendre polynomial
function from the raw log-pitch and log-energy contours. The speech prosody of an input

utterance is thus represented by a sequence of segment-level prosodic feature vectors, i.e.,
X={x,,n=1,...,N} .

To well explain the variant of the observed prosodic feature vector sequence X of the
utterance, several latent factors are introduced including speaker s, tone T={t,n=1..,N} (or

major/minor stress in toneless language) and prosody state sequence Q={g,,n=l,...,N}

(phonetic context is ignored in this study). The probability of X is defined as follows:

p(X)=>" p(X|s,T.Q)p(s.T.Q) (1)

s.QT
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Assume that each observed x, is dependent only on local prosodic state ¢, and tone
t, (and the speaker s), the first term in the right hand side of Eq. (1) is approximated as

follows:

p(X|S,T,Q)=Hp(X,, |S’tn 7qn) (2)

n=l1
Assume that speaker, prosodic state and tone sequences are all independent variables
and the probabilities of speaker s and tone sequence T are uniform distributions, the last

term in the right hand side of Eq. (1) is approximated as follows:

psT.Q)= p(a)[ [ r(4,14,) 3)

Finally, the distribution of the surface prosodic feature vector x, is modeled by the

following linearly additive [9] formulation:

X, =y, T +p, 1, (4)
where y, are prosodic feature vectors representing the normalized prosodic contours of
the n-th syllable in an utterance; p , p, and p, are the contributions of speaker s,

prosody state ¢, and tone ¢ , respectively. The normalized pitch contour y, 1is
approximated using a zero mean Gaussian distribution N(y,;0,X) (where X is diagonal

matrix), or equivalently the observed prosodic feature vector x, is modeled by
p(xn|s,tn,qn):N(xn;us+ut” +uqn,):) (5)

By this way, the likelihood function of an utterance given an LPM A is expressed by

L(lei)=l£[p(xn|satn ,qn)p(ql)lﬁ[p(anqﬂ) (6)

n=l1 n=2
Moreover, the optimal prosody state sequence Q of an utterance could be
automatically labeled using a Viterbi search algorithm (with or without tone tags given)

which maximize the likelihood function L(X), i.e.,

Q=argmgxl0g{]_[p(xn 1s.2,.6,)-P(a)] 1 ~(4, Iq,,l)} (7)

n=l1 n=2

3. LPM-based Mandarin Accent Identification

Mandarin spoken in Taiwan exhibits several major prosody differences from the Mandarin
spoken in Mainland China [10]. Especially, people from Taiwan usually speak slower with a
lower voice, and they sound soft and gentle; while Mainlanders have more ups and downs in

their intonation, and their voices are higher and faster. These characteristics are likely
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attributable, at least in part, to influence from the Southern Fujianese dialect widely spoken

throughout Taiwan.

Since there are prosodic differences between Mainlander’s and Taiwanese Mandarin, a
LPM-based accent identification approach is built to identify these two Mandarin accent
types. In the following subsections, the tokenization front-end and the speaker normalization

parts of the proposed LPM-based approach and its training procedure are described in detail.

3.1. Tokenization front-end

The operation of the tokenization front-end is shown in Fig. 3. It firstly extracts the raw
prosodic contours (log-pitch and log-energy) of an input utterance. The pitch and energy
contours are then segmented by an ASR engine. The output is a sequence of voiced and

unvoiced segments.
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Figure 3. A typical segmentation results of the tokenization front-end

(from top to bottom panel: spectrum, syllable and sub-syllable

segmentations, log-pitch and log-energy contours).

For each voiced segment, six dimensional prosodic features are extracted including
coefficients of 3-order Legendre polynomial function for approximating the log-pitch contour,
the log-energy mean and duration of the segment. On the other hand, for each unvoiced

segment, only its log-energy mean and duration are utilized.
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3.2. LPM training algorithm

To estimate the parameters of the LPM, an unsupervised sequential optimization procedure
based on the maximum likelihood criterion is adopted. The training procedure sequentially
decodes latent prosody state sequences using Eq. (7) and updates the affecting factors (i.e.,

tone and prosody state) to optimize the likelihood function in Eq. (6).

In more detail, the sequential optimization training procedure executes the following
steps until a convergence has been reached. It is worth noting that each step updates a subset
of LPM parameters.

Step 0:  Initialization
Derive the initial affecting factors p, and p, of tones by averaging all prosodic feature

vector x  of a speaker or the whole training data, respectively.

«  Cluster and label the prosody state of each segment by vector quantization (VQ) using

the residue prosodic feature vector x'=x —p —p, and derive the initial prosody state

affecting factors p, .

Derive the initial covariance matrix X.
Derive the initial prosody state transition probabilities using the statistics of labeled
prosody states.
Step 1:  Re-Label
Re-label the prosody state sequence of all utterance using Eq. (7).
Step 2:  Re-Estimate

Update the affecting factors p, of speakers, p, of tones or p, of prosody states with all

other parameters fixed.

Update the covariance matrix £ and the prosody state transition probabilities.
Step 3:  Iteration

Repeat step 1 to 2 until the likelihood function Eq. (6) is converged.
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4. Experimental Results

4.1. Corpus

To evaluate the proposed LPM approach, two telephone speech corpora were mixed together,
one is Mandarin across Taiwan (MAT) [11] released by Association for Computational
Linguistics and Chinese Language Processing (ACLCLP), Taiwan, and the other is
500-people telephone reading speech corpus (TRSC) [12] released by Chinese Corpus
Consortium (CCC), China. There are about 4500 (MAT-2000+MAT-2500) Taiwanese and 500
Mainlander speakers in MAT and TRSC, respectively. The mixed corpus is randomly divided
into a training, a development and a test set. The detail of speaker and utterance information

is listed in Table. 1. The evaluation is executed utterance by utterance and the average length

of an utterance is about 5 seconds.

Table 1. Detail information of the MAT ad TRSC corpora

including number of speakers and utterances.

Training Development Test
spk utt spk utt spk utt
MAT 3936 67633 3742 20192 238 2009
TRSC 409 43340 120 12594 20 2042

4.2. LPM training results

For all following LPM experiments, the number of prosody states was empirically set to 11 (8

for voiced, 3 for unvoiced states) and there are 5 different tones in Mandarin.
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Figure 4. The learning curves of the LPMs training on MAT and TRSC

training sets (left: MAT, right: TRSC), respectively.
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First of the all, the learning curves of the LPMs were examined. Fig. 4 shows the
likelihood functions on the MAT and TRSC training sets, respectively, along with the number
of training iterations. It could be found from the figure that LPMs converged quickly,
especially for the TRSC set.
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Figure 5. The learned tone affecting patterns on MAT and TRSC corpora

(top 5 panels: MAT, bottom 5 panels: TRSC), respectively.
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After LPM training was converged, the learned 5 tone affecting patterns of Taiwanese
and Mainlanders’ Mandarin, respectively, were drawn in Fig. 5. It is found that the major tone
differences between Taiwan and Mainland China is the pattern of tone 3 and 5. This is
consistent with common linguistic knowledge [10].

These results suggest that LPMs could automatically learn the accent-specific
characteristics of Taiwanese and Mainlanders’ Mandarin. We therefore expect that
LPM-LM-based approach could be successfully used to discriminate these two Mandarin

accents.

4.3. Acoustic and Phonotactic baselines

To set up a reference baseline, two popular phonotactic and one acoustic approaches were
first tested including (1) PPR-LM, (2) universal phone recognizer (UPR)-LM and (3) shifted
delta cepstral (SDC)/Gaussian mixture model (GMM).

For PPR-LM and UPR-LM, 39-dimensional mel-frequency cesptrum coefficient (MFCC)
feature vectors were utilized to train the front-end phone recognizers. There are in total 50
phonemes in Mandarin for PPR-LM. But for UPR-LM, the number of phonemes is extended
to 63 to reflect the major pronunciation differences (retroflex and nasal-endings sounds)
between Mainlander’s and Taiwanese Mandarin. All MFCCs were pre-processed by cepstral
normalization (CN) to partially compensate the channel and database mismatch. Beside,
tri-gram LM backbends were adopted for both PPR-LM and UPR-LM. Moreover, the
parameters of SDC were empirically set to 7-3-3-7 and the number of mixtures in GMMs was
512.

Table 2. Experimental results of the individual acoustic, phonotactic

and prosodic approaches and their fusion on a mixed TRSC

and MAT database.
Approach Error (%) System Fusion Error (%)
(1): PPR-LM 24.88 5): (H+Q) 21.84
(2): UPR-LM 23.79 6): (H)+@3) 22.53
(3): SDC-GMM 29.11 7: (H)+H2)+3) 20.68
(4): LPM-LM 31.34 ®): (MH+t4) 16.18
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Table 2 shows the performances of the individual systems and their fusion results. The
fusion was done using a softmax-output multi-layer perceptual (MLP) and trained with the
development sets. From Table 2, it is found that (1) PPRLM and UPRLM worked better than
SDC/GMM and (2) the best performance, 20.68% error rate, was achieved by the fusion of
the PPR-LM, UPR-LM and SDC/GMM systems.

4.4. Prosodic approach

The proposed LPM-LM approach was then evaluated. In training phase, the correct tone tags
were given but in testing phase MLP-based tone recognizers are adopted to provide estimated

tone tags online [7].

Table 2 shows the performances of the proposed LPM-LM and the fusion of LPM-LM
with the acoustic and phonotactic baseline. The fusion was also done using the same
softmax-output MLP and trained with the development sets. Different from acoustic feature,
the prosodic feature extracts another characteristic (example: tone). From Table 2, it is found
that LPM-LM worked compatible with the SDC/GMM but is worse than the acoustic and
phonotactic baseline. It was caused by just using prosodic feature rather than strong acoustic
feature. However, the fusion of LPM-LM and the acoustic and phonotactic baseline could
further reduce the error rate from 20.68% to 16.18%. This result may suggest the

complementary of those methods.

5. Conclusions

In this paper, a LPM-LM-based approach is proposed to identify two Mandarin accent types
spoken by native speakers in Mainland China and Taiwan. Experimental results on a mixed
TRSC and MAT database showed that fusion of the proposed LPM-LM and a
SDC/GMM+PPR-LM+UPR-LM baseline system could further reduced the average accent
identification error rate from 20.7% to 16.2%. Therefore, the proposed LPM method is a

promising approach.
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Abstract

This paper presents a sample-based phone boundary detection algorithm which can
improve the accuracy of phone boundary labeling in speech signal. In the conventional phone
labeling method adopted the frame-based approach, some acoustic features, like MFCCs, are
used. And, the statistical approaches are employed to find the phone boundary based on these
frame-based features. The HMM-based forced alignment method is most frequently used
method. The main drawback of the frame-based approach lies in incapability of modeling
rapid changes in speech signal; moreover, the time resolution of this approach is too coarse
for some applications. To overcome this problem, a sample-wise phone boundary detection
framework is proposed in this study. First, some sample-wise acoustic features are proposed
which can properly model the variation of speech signal. The simple-based spectral KL
distance is first employed for boundary candidates pre-selection in order to reduce the
complexity of sample-based methods. Then, a supervised neural network is trained for phone
boundary detection. Finally, the effectiveness of the proposed framework has been validated
on automatic labeling of TCC-300 speech corpus.
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1.1 She can neither sing well nor dance beautifully. 4.3 The minister addressed her congregation solemnly.
1.2 She can neither dance beautifully nor sing well. 5.1 I have never seen such good students.
2.1 They are sometimes late for work. 5.2 Such good students I have never seen.
2.2 Sometimes they are late for work. 5.3 Never have I seen such good students.
2.3 They are late for work sometimes. 6.1 One of my favorite hobbies is reading.
2.4 They sometimes are late for work. 6.2 Reading is one of my favorite hobbies.
3.1 Only I saw the cake yesterday. 7.1 He goes to the library every Sunday.
3.2 T only saw the cake yesterday. 7.2 Every Sunday he goes to the library.
3.3 I saw only the cake yesterday. 8.1 The hotel is next to a movie theater.
3.4 Tsaw the cake only yesterday 8.2 A movie theater is next to the hotel.
4.1 Solemnly the minister addressed her congregation. 9.1 I can agree in neither case.
4.2 The minister solemnly addressed her congregation. 9.2 In neither case can I agree
Frfec
1.1 Fashion goes hand in hand with compassion for life. 4.2 Neither I nor he wants to attend the meeting.
1.2 Compassion for life goes hand in hand with fashion. 5.1 He finally passed the exam because he studied hard.
2.1 Girls are born with more sensitive hearing than boys. 5.2 Because he studied hard he finally passed the exam.
2.2 Boys are born with more sensitive hearing than girls. 6.1 Here is some good food for you to try.
2.3 Born with more sensitive hearing than boys are girls. 6.2 Here some good food is for you to try.
24 Born with more sensitive hearing than girls are boys. 6.3  Here some good food for you to try is.
3.1 Boys and girls should be educated in different ways. 7.1 A brown and white dog is at your doorsteps.
3.2 Girls and boys should be educated in different ways. 7.2 A white and brown dog is at your doorsteps.
3.3 Indifferent ways should boys and girls be educated. 7.3 At your doorsteps is a brown and white dog

4.1 Neither he nor I want to attend the meeting.
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Abstract

The BLEU scores and translation fluency for the current state-of-the-art SMT systems based
on IBM models are still too low for publication purposes. The major issue is that
stochastically generated sentences hypotheses, produced through a stack decoding process,
may not strictly follow the natural target language grammar, since the decoding process is
directed by a highly simplified translation model and n-gram language model, and a large
number of noisy phrase pairs may introduce significant search errors. This paper proposes a
statistical post-editing (SPE) model, based on a special monolingual SMT paradigm, to
“translate” disfluent sentences into fluent sentences. However, instead of conducting a stack
decoding process, the sentence hypotheses are searched from fluent target sentences in a large
target language corpus or on the Web to ensure fluency. Phrase-based local editing, if
necessary, is then applied to correct weakest phrase alignments between the disfluent and
searched hypotheses using fluent target language phrases; such phrases are segmented from a
large target language corpus with a global optimization criterion to maximize the likelihood
of the training sentences, instead of using noisy phrases combined from bilingually word-
aligned pairs. With such search-based decoding, the absolute BLEU scores are much higher
than automatic post editing systems that conduct a classical SMT decoding process. We are
also able to fully correct a significant number of disfluent sentences into completely fluent
versions. The BLEU scores are significantly improved. The evaluation shows that on average
46% of translation errors can be fully recovered, and the BLEU score can be improved by
about 26%.

Keywords: Translation Fluency, Fluency-Based Decoding, Search-Based Decoding,
Statistical Machine Translation, Automatic Post-Editing

1 Introduction and Motivation

1.1 Fluency Problems with Statistical Machine Translations

Translation fluency of Machine Translation systems is a serious issue in the current SMT
research works. With the research efforts for the past tens of years, the performances are still
far from satisfactory. In translating English to Chinese, for instance, the BLEU scores [16]
range only between 0.21 and 0.29 [22, 5, 17], depending on test sets and numbers of
reference translations. Such translation quality is extremely disfluent for human readers. We
therefore propose a statistical post-editing (SPE) model, based on a special monolingual SMT
framework, for improving the fluency and adequacy of translated sentences.
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The classical IBM SMT models [1, 2] formulate the translation problem of a source
sentence F as finding the best translation E* from some stack decoded hypotheses, E, such
that:

E*= argmaxPr(E | F)
E

= argmax Pr(F | E)x Pr(E) (1

Etarget sentence and Pr(F | E):Translation Model (TM)

where {
Fsource sentence Pr(E):Language Model (LM)

The argmax operation implies to generate candidate target sentences E of F so that the
E

SMT model can score each one, based on the TM and LM scores and select the best
candidate. The process of candidate generation is known as the decoding process. The
conventional decoding process is significantly affected by the TM and LM scores; only those
candidates that satisfy the underlying criteria of the TM and LM will receive high scores.
Unfortunately, to make the SMT computationally feasible, the TM and LM are highly
simplified. Therefore, the candidates are not really generated based on target language
grammar, but based on the model constraints. For instance, the classical SMT model does not
prefer word re-ordering with long distance movement. Such candidates are then not generated
regardless of the possibility that the target grammar might prefer them.

1.2 LM and Decoding

There are three directions to improve the translation fluency with the classical SMT model,
Equation (1). Firstly, we can improve the Translation Model (TM) to fit the source-target
transfer process. Secondly, we can improve the Language Model (LM) to respect the target
language grammar. Finally, we could try to generate better and much more fluent candidates
in the decoding process so that the TM and LM can select the real best one from fluent
candidates, rather than from junk sentences.

The research communities normally focus on the TM and LM components by assuming
that there are good ways to generate good candidates for scoring. Actually, most attention is
paid to the Translation Model (TM); LM and decoding were not gaining the same weight. In
particular, people tend to think that the candidate generation process guided by the highly
simplified TM and LM will eventually generate good candidates.

Unfortunately, to make the computation feasible, the classical SMT models have very
low expressive power in the Translation Model (TM) and Language Model (LM) components.
It formulates the TM in terms of the fertility probability, lexical translation probability and
distortion probability [1, 2]. A word-based 3-gram model is usually used as the language
model (LM). Longer n-grams are used at higher training cost and severe data sparseness.

In fact, the candidates of the target sentence, which are hidden in the arg max operator,
E

are generated as a stochastic process in most SMT today. Starting from a particular state, the
next word is predicted based on a local n-gram window within a distance allowed by the
distortion criterion; the possible paths are exploited using stack decoding, beam search or
other searching algorithms. The candidates generated in this way thus may be only
“piecewise” consistent with the target language grammar, but may not be really globally
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grammatical or fluent. This means that the TM and LM are not scoring a complete sentence
but some segments pasted by the n-gram LM. It is then not likely to be fluent all the time.

This decoding process therefore sometimes falls into the “garbage-in and garbage-out”
situation. No matter how well-formulated the TM and LM may be, if the stochastically
generated candidates do not include the correct and fluent translation, the system will
eventually deliver a garbage output, that is, a disfluent sentence, as the best one. This kind of
error is known as searching error. Because the TM and LM have limited expressive power to
describe the real criteria that carry the generation process, the decoding process might only
generate noisy sentence segments and thus disfluent sentences for scoring. This could lead to
bad performance in terms of BLEU score or human judgments.

Phrase-based SMT had partially resolved the expressive power issue of TM and LM by
using longer word sequences. However, the acquisition of “phrases” has its own problems. In
particular, most phrase-based SMT acquires the phrase pairs by conducting bilingual word
alignment first. Adjacent words are then connected in some heuristic ways [12, 13, 14, 15],
which do not have direct link with the source or target grammar, to form the “phrases”. The
phrases generated in this way normally do not satisfy any global optimization criteria related
to the target grammar, such as maximizing the likelihood of the target language sentences.
The quality of such phrases is therefore greatly affected by the word alignment accuracy; and,
the phrases for the target language side may not really respect the target grammar. Under
such circumstances, a huge number of noisy “phrases” will be introduced and significantly
enlarge the searching space. The stochastically generated phrase sequences thus may not
correspond to good candidate sentences either.

To summarize, the application of word-for-word or phrase-to-phrase translation (with
“noisy” phrases) plus a little bit local word/phrase re-ordering in classical SMT might not
generate fluent target sentences that respect the target grammar. In particular, many target
specific lexical items and morphemes cannot be generated through this kind of models. If
they do, they may be generated in very special ways. This could be a significant reason why
the SMT models do not work well after the long period of research.

The implication is that we might have to examine the arg max operation, that is, the
E

decoding or searching process, in the classical SMT models more carefully. We should try
decoding method that respect target grammar more, instead of following the criteria set forth
by the TM and LM of the SMT model, which encode highly simplified version of the target
grammar. Only with a decoding process that respect the target grammar, will the system
generate fluent candidates at the first place before submitting the candidates to the TM and
LM for scoring.

Furthermore, a phrase-based language model, instead of word-based n-gram model for
the target side may improve the fluency of machine translation further since more context
words can be consulted, if the “phrases” are not noisy. To avoid a huge number of noisy
source-dependent phrases that might be harmful for fluency and searching, such phrases may
better be trained from a target corpus, instead of being acquired from bilingually word-
aligned chunks.
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1.3 Statistical Post-Editing Model Based on Monolingual SMT

Instead of developing new models for the TM and LM, an alternative to improve the
translation fluency is to cascade an Automatic Post-Editing (APE) module to the translation
output of an MT/SMT system. While the classical SMT models may not be suitable for
directly generating fluent translation, due to the limited expressive power of the TM and LM
and search errors of the decoding process, an SMT or its variant may be sufficient for re-
ranking hypotheses in the automatic post editing purposes, if appropriate hypotheses
generation mechanism is available. Actually, we can regard a post-editing process as a
translation process from disfluent sentence to fluent sentence. This is particularly true if the
disfluency is limited to local editing operations like insertion of target specific morphemes,
deletion of source-specific function words, and lexical substitution from many possible
lexical choices. These kinds of errors are often seen in MT/SMT systems. Inspired by the
above ideas, this paper propose a statistical post-editing (SPE) model based on a monolingual
SMT paradigm for improving the translation fluency of an MT system, instead of improving
the TM directly.

In this SPE model, the searching or decoding is a fluency-based search. We search fluent
translations, based on the lexical hints of the disfluent sentence, from a large target text
corpus or from the Web. Therefore, all candidates will be fluent ones. The best hypotheses re-
ranked best by the SPE model will then serve as the post-edited version of the disfluent
sentence. Sometimes, a searched sentence may not have a high translation score to justify
itself as an appropriate translation. For instance, the target sentence pattern may be correct
but different lexical choices have been made. In this case, automatic local editing is applied
to the weakest alignments to incrementally patch the target sentence pattern with right target
lexical items. By combining the grammatical (and fluent) sentence pattern of the searched
sentence and the right lexical items from the disfluent sentence, the disfluent translation could
be repaired to a fluent one incrementally. This may include some local insertion, deletion and
lexical substitution operations over phrase pairs that are unlikely to be translation of each
other.

To really improve the fluency incrementally, the local editing process is applied in a
manner that will monotonically increase the likelihood of the incrementally repaired sentence.
To respect the target grammar further, the repair is phrase-based. In other words, phrase-
based n-gram language model (n=1) is used in the translation score so that the likelihood of
the repaired target sentence is incrementally increased during the local editing process.

In parallel with the development of our work, a few APE systems were also proposed [7,
20, 21, 8] with good results. Publicly available SMT systems (like Portage PBMT, Moses,
etc.) are used directly as the post-editing module. They are trained using human post-edited
target sentences with their un-edited MT outputs to learn the translation knowledge between
disfluent (‘source’) and fluent (‘target’) sentences [20]. Alternatively, they may be trained
using standard parallel corpora (Europarl, News Commentary, Job Bank, Hansard, etc.)
where the disfluent sentences are generated using a rule-based MT (like SYSTRAN) or other
SMT [21].

Therefore, these works require substantial human post-editing costs to train the SMT. Or
they need a sizable parallel corpus for training, which may not be available to many language
pairs. In addition, it requires an RBMT or SMT pre-trained for translating the source corpus,
which may not be available to many language pairs. Most importantly, these frameworks use
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the same decoding process as well as the TM and LM of the original SMT to generate their
post-editing hypotheses. Therefore, the previously discussed performance issues that apply to
classical SMT will also apply to such APE modules. The cascade of an SMT as an APE
module might imply the use of a system with low BLEU performance to correct the outputs
with low BLEU scores. The improvement could thus be substantially limited. This may be
seen from the fact that the contribution of the APE becomes negligible as the training data is
increased [21].

In contrast, we discard the stochastic decoding process, which might generate disfluent
hypotheses, but search a large corpus for highly similar sentences to the disfluent sentence,
and thus will have raw hypotheses with high BLEU scores. Additional local editing will
further improve the fluency. Furthermore, our proposal can generate interesting error patterns
automatically using the target language corpus alone. Therefore, the APE module can be
constructed without a real MT system (although it would be better to have one in order to
correct the specific errors of a specific system.). The following sections will discuss the
formulation in more details.

2 Problem Formulation for SPE

In our work, we propose to adopt a Statistical Post-Editing (SPE) Model to translate disfluent
sentences into fluent versions. Such a system can be regarded as a “disfluent-to-fluent” SMT.
As will be seen later, it can be trained with a Monolingual SMT Model. Given a disfluent
sentence E’ translated form a source sentence F, the automatic post-editing problem can be
formulated as finding the most fluent sentence E* from some candidate sentences E such that:

E*= argmaxPr(E | E')

: @)

= argmax Pr(E'| E)Pr(E)
E

As usual, we will refer Pr(E’|E) as the translation model (TM), and Pr(E) as the language
model (LM) of the SPE model. We thus encountered the same SMT problems to formulate
the TM, LM and the decoding (or searching) process.

2.1 Order-Preserved Translation Model

The automatic post-editing problem is intuitively easier than SMT since we can assumes that
the disfluency is due to some local editing errors, such as mis-insertion or mis-deletion of
function words, and wrong lexical choices. Under this assumption, we can formulate the TM
as:

Pr(E'|E)
=Y Pr(EA|E)

A
~maxPr(E,4[E) (3)
~Pr(E'\ 4, |E)
= 1 Pr(£IE,)

£,=4(£",)
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In Eqn. (3), phrase-aligned phrase pairs are represented by E’p and Ep for the disfluent
and fluent versions, respectively. We assume that the most likely alignment A, among all
generic alignment pattern A, between E’ and E is an “order-preserved” or “sequential”
alignment between their constituents. We further assume that this most likely alignment has
much higher probability than other alignments such that we don’t have to sum over all
generic alignment patterns. In the post-editing context, this assumption may be reasonable if
the disfluency results from simple local editing operations. In particular, if we are using
phrase-based alignment, the word order within the phrases can be ignored. The order
preservation assumption will be even more reasonable. We therefore assume that the TM is
the product of the probabilities of sequentially aligned target phrase pairs. The phrase
segmentation model for dividing E or E’ into phrases will be further detailed later when
discussing the target phrase-based LM. Given the segmented phrases, the best sequential
alignment can easily be found using a standard dynamic programming algorithm for finding
the “shortest path”.

The TM for the SPE model is special in that the training corpus can be easily acquired
from a large monolingual corpus with fluent target sentences. Generating a disfluent version
of the fluent monolingual corpus automatically based on some error model of the translation
process will make this possible. One can then easily acquire the model parameters for
translating disfluent sentences into fluent ones through a similar training process for a
standard SMT. In comparison with standard SMT training, which requires a parallel bilingual
corpus, the monolingual corpus is much easier to acquire.

2.2 Target Phrase-Based Language Model

To respect the fluency of the target language in the decoding process, the language model
score Pr(E) should be evaluated based on long target language phrases, Ep, instead of target
words. The “phrases” should also be defined independent of source-language in order not to
introduce a huge number of noisy phrases as PBSMT normally did. The proposed LM for the
current SPE, which is responsible for selecting fluent target segments, is therefore a phrase-
based unigram model, instead of the widely used word-based n-gram model. In other words,

we have
Pr(E)=[]Pr(£p).

EpeE

To avoid source-language dependency, we also decided not to define target phrases in
terms of chunks of bilingually aligned words. Instead, the best target phrases are directly
trained from the monolingual target corpus by optimizing the phrase-based unigram model.
In other words, the best phrase sequence p° for an n-word sentence w/', will be the sequence,

among all possible phrase segmentation, p;", such that:

p = argmaxPr(pl’” |W1n)= argmaxHPr(pi)-

P P

Fortunately, extracting monolingual phrases using the phrase-based uni-gram model can
be done easily. The training method is just like the word based uni-gram word segmentation
model [4], which was frequently used in Chinese word segmentation tasks. Unsupervised
training is easy for this. Upon convergence, a set of well-formed phrases can be acquired.
(This set of phrases will be called a phrase example base, PEB. Phrases in the PEB will be
used later in the Local Editing Algorithm for post-editing.)
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Since a phrase trained in this way can be longer than a 3-gram pattern, the modeling
error could be reduced to some extend. Furthermore, the number of such phrases will be
much smaller than those randomly combined phrases acquired from word-aligned word
chunks. As a result, the estimation error due to data sparseness will be significantly reduced
too. Unlike the rare parallel bilingual training corpus, the amount of such target language
corpora is extremely large. Therefore, fluent phrases can be extracted easily. With phrases as
the basic lexical unit, SPE model will reduces to

E*=argmax [] Pr(Ep'|Ep)Pr(Ep) (4).
E Ep=As(Ep")

Since a phrase can cover more than 3 words, the selected phrases might be more fluent
than word trigrams. Such phrases will fit target grammar better and therefore will prefer more
fluent target sentences in general.

2.3 Search-Based Decoding for Fluency

One key issue that causes disfluency is the decoding process used in classical SMT. Most
decoding process regard target sentence generation as a stochastic process, and only local
context of finite length window is consulted while decoding. Therefore, the target sentences
generated in this way are usually not fluent. Our work proposes to search fluent translation
candidates from a huge target sentence base or from web documents, instead of using
traditional decoding methods to generate the translation candidates. Since the large corpus
and the Web documents are produced by native speakers, the target sentences thus searched
are most likely fluent with high BLEU scores.

Our current work simply used a heuristic matching score to extract a set of candidate
sentences for a disfluent sentence. The candidates are then re-ranked using the translation
score defined by the SPE model. The best candidate will be regarded as the post-edited
version of the disfluent sentence if the translation score is higher than a threshold. Otherwise,
it will be locally edited to incrementally increase its translation score. The matching score is
simply the number of identical word tokens in two sentences, which is normalized by the
average length of the two sentences. In other words, it is the percentage of word matches
between two sentences.

We searched the candidate translations from the Academia Sinica Word Segmentation
Corpus, ASWSC-2001 [6], as well as Chinese webpages indexed by Google. (We assume
that the target language is Chinese.) Different query strings will result in different returned
pages. Totally, we have tried 4 models for searching:

(1) Model C: search the corpus (only) for Top-N hypotheses (N=20). (The length difference
must not be greater than two words.)

(2) Model C+W: search the corpus and the web for additional N hypotheses by submitting
the complete disfluent target sentence as-is to Google.

(3) Model C+W+P: including partial matches against substrings of the disfluent target
sentence, where 1~L-1 words in the disfluent sentence are successively deleted and then
submitted as query strings to the search engine. (L: number of words in disfluent sentence)

(4) Model C+W+Q: adjacent words in the deleted disfluent sentence are quoted as a single
query token before submission so that the search engine will match more exactly.

Even with such a heuristic search, a substantial number of fluent sentences similar to the
disfluent sentences can be found for re-ranking and local editing.
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2.4 Local Editing

If exact translation is found during searching, the searching process itself is exactly a perfect
translation process. If highly similar sentences are found, simple lexical substitution or
automatic post-editing [9, 11] might patch the searched fluent sentences into correct
translations. Some previous works for automatic post editing have been restricted to special
function words, such as the English article ‘the/a’ [9, 10], the Japanese case markers and
Chinese classifier or particle ‘de’ [18]. The automatic post-editing model here is intended to
resolve general editing errors that are frequently made by a machine translation system.

Briefly, the best sentence E ' in the searched candidates will be output as the
translation of the disfluent translation E’ if the translation score associated with the SPE
model is higher than a threshold. (The set of candidate translation sentences is called its
example base, thus the subscript ‘eb’.) Otherwise, the automatic local editing algorithm will
find the weakest phrase alignments and fix them one-by-one to maximize the translation
score.

An alignment phrase pair <Ep’, Ep> is said to be “weak” if its local alignment score
Pr(Ep’|Ep) x Pr(Ep) is small and thus contributes little to the global translation score for the
sentence pair <E’, E>. When the weakest pair, (Ep’- | Ep-) with the lowest local alignment
score is identified, we should try to replace Ep-, the “most questionable phrase” in the fluent
(yet incorrect) example sentence E, with some candidates that would make the patched
example sentence more likely to be the translation of E’.

There are some reasons why the alignment (Ep’- | Ep-) is the weakest. First of all, Ep-
might not be the right phrase, and should be replaced by Ep’- to make the fluent sentence E
also the correct translation of E’. Second, Ep’- might not be the correct translation of some
source phrase. In this case, the most likely translation(s) of Ep’-, called Ep+, should be used
to replace Ep-. Third, Ep- is a more appropriate phrase than Ep+. In this case, it should be
retained and next weakest alignment pair be repaired.

As a result, potential candidates for replacing Ep- will include Ep’-, Ep+ and Ep- itself.
The best substitution will be the phrase that maximizes Pr(Ep’|Ep) x Pr(Ep). Actually, many
phrases in the PEB can be a more fluent version of Ep’-. Currently, the 20 best matches will
play the role of Ep+ during local editing. And the local editing algorithm will successively
edit weaker alignments until the (monotonically increasing) translation score is above some
threshold. The algorithm is outlined as follows.
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Local Editing Algorithm

Input: E’ and E
Step 1 : Find the weakest alignment entry in E’ from the <E’, E ., > alignment.
Ep'—=argminPr (Ep "l Ep) Pr(Ep)
Ep'eE'

Step 2 : Identify Ep — that is the phrase in E . aligned with Ep'—.
Ep—= align(Ep'—)
Step 3 : Find the fluent phrase Ep + of Ep'— from PEB.
Ep+ = PEB(Ep'-)
Step 4 : Select the best substitution among Ep’-, Ep+ and Ep- which maximize the
translation score:
E = argmax Pr(E'| E)Pr(E)

P Eﬂ\,e{Ep'—,Ep-#,Ep—}
Step 5 : Cut Ep— from E" and paste Eps to E e .
E'w = E o —(Ep—)+(Eps)
(Repeat until the translation score Pr(E’|E)xPr(E) reaches some threshold.)

Constrained Decoding

Note that, local editing is applied only to a local region of the example sentence based
on the disfluent sentence. Intuitively, those sentences searched from a text corpus or from the
Web corpus will be much more fluent than stochastically combined sentences from the SMT
decoding module. Even if local editing is required, the repair will be quite local. The search
space for repairing will be significantly constrained by words in the most likely example
sentence. Such a searching and local editing combination can thus be regarded as a
constrained decoding. The searching error can thus be reduced significantly in comparison
with the large search space of the decoding process of a typical SMT.

2.5 Generating Faulty Sentences

The TM parameters can actually be trained from an E'-to-E monolingual Machine Translation
System, where E' can be derived by applying to E some commonly found editing operations
in the SMT translation process. The operations might include the insertion of target specific
lexicon, deletion of source specific lexicon, local reordering of words and substitution of
lexical items.

In the current work, we apply three kinds of editing operations to the fluent sentences in
a monolingual corpus to simulate frequently found errors in an MT system. The fluent and its
disfluent versions are then phrase segmented so that the sentences are represented by phrase
tokens (instead of word tokens). Such fluent-disfluent (E-E’) target sentence pairs are then
trained using the GIZA++ alignment tools [12, 13, 14, 15]. Upon convergence, the translation
model between the sentences to be post-edited and their correct translation can readily be
acquired.
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The three editing operations include:

(1) Insertion: The insertion errors will occur when an MT system translates a source
word into a target word while it should not be translated. For instance, the English infinitive
“t0o” need not be translated into any Chinese word most of the time. But the bilingual
dictionary may indicate the possibility to translate it into “ 3 > (chu). We therefore
automatically insert the Chinese words to simulate such an error.

(2) Deletion: The deletion error occurs when a target specific word is not generated in
the translation. For instance, the Chinese classifiers have no correspondence in the English
language. We therefore delete the following classifiers from fluent Chinese sentences to
create instances with deletion errors: ‘i, &7, “f&>, i < AR,

(3) Substitution: When a translation system chooses a wrong lexical item, a typical
substitution error will occur. To simulate the substitution errors, Chinese words in the fluent
sentences are lookup against an English-Chinese dictionary. Chinese words that are also the
translation of the English word are then substituted to simulate the substitution error. For
instance, ‘FﬁJ%Ef > is a Chinese translation for the English word ‘problem’. But ‘problem’ also
has other translations, like ‘ }/f’ and ‘%%, These words are therefore used to simulate the
substitution errors. In our simulation, the top-30 most frequently used Chinese words are
adopted to simulate the substitution errors.

With disfluent sentences created from fluent sentences with the above frequently
encountered translation errors, an automatic statistical post-editing model can readily be
trained using state-of-the-art alignment tools.

3 Experiments

To see the performance of the current SMT-based SPE model, about 300,000 word
segmented Chinese sentences from the Academia Sinica [6] was used as our target sentence
corpus. The corpus has about 2,450,000 word tokens, and the vocabulary size is about 83,000
word types. 10% of the sentences are used as the test set and 90% are used for training. The 3
types of errors are applied to the testing sentences independently. For each error type, 100
sentences are randomly selected for evaluating automatic post editing.

The performance is evaluated in terms of two criteria. The first criterion is the number
(percentage) of fully corrected disfluent sentences from the test set. By fully corrected, we
mean that the sentence corrected by the statistical post editing (SPE) system is completely the
same as its original fluent version. Table 1 indicates the performance in terms of the error
correction capability.

e e Searching Models
C C+W | C+W+P | C+W+Q
Substitution 21 23 32 34
Deletion 28 39 46 62
Insertion 40 43 47 47
Average 30 35 42 48
Table 1. Number of fully corrected sentences with
different searching models (N=100)
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Note that, even with the very simple minded searching method, the SPE was able to
correct, on average, about 48% of the faulty sentences to their fluent version if the search
space is sufficiently large (with the C+W+Q searching model). The performance increases
with the search space. And the performance is increased at most by 62%, 121% and 17.5 %,
respectively for the substitution, deletion and insertion errors when the Web corpus is
included to the search space. Obviously, the substitution is the hardest to resolve while
insertion error seems to be easier to resolve.

The second evaluation criterion is the improvement in the BLUE score with respect to
the un-corrected test sentence. Table 2 shows the BLEU scores for the various searching
models. The first column labeled as E’(ts) lists the BLEU scores for the test sentences that
has not been post-edited. By searching for fluent translation and applying local editing, the
BLEU scores are improved with increasing search space. The best performance is to increase
the BLEU scores by 15%, 38% and 26% respectively for the three types of errors. On average,
the improvement is about 26%, which is substantial. On the other hand, the absolute changes
are 9.4, 22.8 and 16.9 points in BLEU score, respectively.

BLEU Scores
E’(ts) C C+W [C+W+P|C+W+Q
Substitution | 0.637 | 0.656 | 0.676 | 0.737 | 0.731
Deletion | 0.598 | 0.686 | 0.750 | 0.781 0.826
Insertion | 0.646 | 0.762 | 0.780 | 0.810 | 0.815

Error Types

Table 2. BLEU Scores for Various Searching Models

Note that, with search-based decoding, the absolute BLEU scores are much higher than
automatic post editing systems that simply cascade a classical SMT module to the output of
an MT/SMT [20, 21, 8]. Although the experiment settings are not the same and thus cannot
be compared directly, the results to have higher absolute BLEU scores can be expected since
searched sentences are almost always fluent, whether they are post-edited or not.

Obviously, with the same training corpus, the search space and the searching method
play important roles in improving the performance. The inclusion of the web corpus does
improve the performance significantly. It was reported in [19] that well formulated query
strings can effectively improve searching accuracy. Therefore, by using better searching
strategy, part of the translation problems for fluent translation might be resolved as a
searching and automatic post-editing problems. Currently, a statistical searching model
specific for the fluency-based decoding is being developed.

4 Concluding Remarks

In this paper, we propose not to generate sentence hypotheses for APE systems by using
conventional SMT decoding process, since such a decoding process tends to lead to an open-
ended search space. It is not easy to generate fluent sentence hypotheses under such
circumstances due to the large search error. We propose to search sentence hypotheses, from
a large target text corpus or from the web, based on the words in the disfluent translations,
since the potential candidates will mostly be fluent. A statistical post-editing model is also
proposed to re-rank the searched sentences, and a local editing algorithm is proposed to
automatically recover the translation errors when the searched sentence is not a good
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translation. With the SPE, the local editing algorithm tries to maximize the translation score
for each local editing. It therefore improves the translation fluency incrementally. Since the
TM can be trained from an automatically generated fluent-disfluent parallel corpus, training
such a system is easy. The evaluation shows that, on average, 46% of translation errors can
be fully recovered, and the BLEU score can be improved by about 26%. The absolute BLEU
is also high with the search-based decoding process in comparison with conventional
decoding process.
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Abstract

In this paper, we introduce an automatic method for classifying a given question using broad
semantic categories in an existing lexical database (i.e., WordNet) as the class tagset. For this,
we also constructed a large scale entity supersense database that contains over 1.5 million
entities to the 25 WordNet lexicographer’s files (supersenses) from titles of Wikipedia entry.
To show the usefulness of our work, we implement a simple redundancy-based system that
takes the advantage of the large scale semantic database to perform question classification
and named entity classification for open domain question answering. Experimental results
show that the proposed method outperform the baseline of not using question classification.

pAfEE - HENRERE - M@ B R ERE B EETR
Keywords: question answering, question classification, semantic category, WordNet,

Wikipedia.

1. Introduction

Question classification is considered crucial to the question answering task due to its ability
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to eliminating answer candidates irrelevant to the question. For example, answers to person-
questions (e.g., Who wrote Hamlet?) should always be a person (e.g., William Shakespeare).
Common classification strategies includes semantic categorization and surface patterns
identification. In order to fully benefit from question classification techniques, answer
candidates should be classified the same way as questions.

Surface patterns identification methods classifies questions to sets of word-based
patterns. Answers are then extracted from retrieved documents using these patterns. Without
the help of external knowledge, surface pattern methods suffer from limited ability to exclude
answers that are in irrelevant semantic classes, especially when using smaller or
heterogeneous corpora.

An other common approach uses external knowledge to classify questions to semantic
types. In some previous QA systems that deploy question classification, named entity
recognition (NER) techniques are used for selecting answers from classified candidates.
State-of-the-art NER systems produce near human performances. Good results are often
achieved by handcrafted complex grammar models or large amount of hand annotated
training data.

However, most high performance NER systems deal with a specific domain, focus on
homogeneous corpora, and support a small set of NE types. For example, in the Message
Understanding Conference 7 (MUC-7) NER task, the domain is “Airplane crashes, and
Rocket/Missile Launches” using news reports as the corpus. There are only three NE classes
containing seven sub classes: ORG, PERSON, LOCATION, DATE, TIME, MONEY,
PERCENT. Notice that in the seven subclasses, only three of them are NEs of physical
objects, others are number based entities. This is apparently insufficient for candidates
filtering for general question answering. Owing to the need of wider range NE types, some of
the later proposed NE classes construct of up to 200 sub classes, but NER systems targeting
these types of fine-grained NE classes may not be precise enough to achieve high
performance.

The amount of supported classification types greatly influences the performance of QA
systems. A coarse-grained classification achieving higher precision, may still be weak in
excluding improper answers from further consideration. A fine-grained classification may
seem a good approach, but the cost of high-precision classification may be too high to
produce actual gain in QA systems.

Moreover, in open domain QA, answers are not necessarily NEs nor can they be
captured by using simple surface patterns. Using a small set of NE types to classify questions
has its limits. We randomly analyzed 100 question/answer pairs from the Quiz-zone Web site
(http://www.quiz-zone.co.uk/), only 70% of them are NEs. This shows being able to classify
common nouns is still very important in developing QA systems.

In order to support more general question anwering, where the answer can be NEs and
common nouns, we took the approach of using finer-grained semantic categories in an
existing lexical database (i.e., WordNet). WordNet is a large scale, hand-crafted lexical
ontology database widely used in solving natural language processing related tasks. It
provides taxonomy of word senses and relations of 155,327 basic vocabularies that can be
used as an semantic taxonomy for entity classification. However, in the later sections of this
paper, we will show that WordNet leave room for improvement in question classification and
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answer validation, and more entities, especially NEs, are needed to achieve reasonable
coverage for answer candidates filtering.

With this in mind, we turn to Wikipedia, an online encyclopedia compiled by millions
of volunteers all around the world, consisting articles of all kinds. It has become one of the
largest reference tool ever. It is only natural that many researchers have used Wikipedia to
help perform the QA task.

Using WordNet semantic categories and rich information from Wikipedia, we propose
an minimally supervised question classification method targeting at the 25 WordNet
lexicographer’s files for question classification. Experimental results show promising
precision and recall rates. The method involve extending WordNet coverage and producing
the training data automatically from question/answer pairs, and training a maximum entropy
model to perform for classification.

The rest of the paper is organized as follows. In the next section, we review related
work in question classification and question answering. In Section 3 we explain in detail the
proposed method. Then, in Section 4 we report experimental results and conclude in Section
5.

2. Related Work

Text Retrieval Conference (TREC) has been one of the major active research conferences in
the field of question answering. The early tasks in the question answering track in TREC
focuses on finding documents that contain the answer to the input question. No further
extraction of exact answers from the retrieved documents is required.

In an effort to foster more advanced research, the TREC 2005 QA Task focuses on
systems capable of returning exact answers rather than just the documents containing
answers. Three types of questions are given, including FACTOID, LIST, and OTHER. For
every set of questions a target text is also given as the context of the set of questions. LIST
questions require multiple answers for the topic, while FACTOID questions required only one
correct answer. Therefore, many consider LIST questions are easier.

More recent TREC QA Tasks focuses on complex, interactive question answering
systems (ciQA). In ciQA Tasks, fixed-format template questions are given (e.g. What
evidence is there for transport of [drugs] from [Mexico] to [the U.S.]?). Complex questions
are answerable with several sentences or clauses. (e.g. United States arrested 167 people -
including 26 Mexican bankers) The design of an interactive query interface is also a part of
this task. In this paper, we focus on the issue of classifying questions in order to effectively
identify potential answers to FACTOID and LIST questions.

More specifically, we focus on the first part of question answering task, namely
identifying the semantic classes of the question (and answer) that can be used to formulate an
effective query for document retrieval and to extract answers in the retrieved documents. The
body of QA research most closely related to our work focuses on the framework of
representing types of questions and automatic determination of question types from the given
question. Ravichandran and Hovy [2002] proposed a question classification method that does
not rely on external semantic knowledge, but rather classifies a question to different sets of
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surface patterns, e.g. ENTITY was born in ANSWER, which requires ENTITY as an anchor
phrase from the given question and impose no constraint on the semantic type of ANSWER. In
contrast, we use a sizable set of question and answer pairs to learn how to classify a given
question into a small number of types from the broad semantic types in the existing lexical
knowledge base of WordNet.

In a study more closely related to our work, Ciaramita and Johnson [2003] used
WordNet for tagging out-of-vocabulary term with supersense for question answering and
other tasks. They discovered it is necessary to augment WordNet by employing complex
inferences involving world knowledge. We propose a similar method WikiSense'that uses
Wikipedia titles to automatically create a database and extend WordNet by adding new
Wikipedia titles tagged with supersenses. Our method, which we will describe in the next
section, uses a different machine learning strategy and contextual setting, under the same
representational framework

Once the classes of the given questions have been determined, typical QA systems
attempt to formulate and expand the query for each type of question or on a question by
question basis. Kwok et al. [2001] proposed a method that matches the given question
heuristically against a semi-automatic constructed set of question types in order to transform
the question to effectively queries, and then extract potential answers from retrieved
documents. Agichtein, Lawrence, and Gravano [2004] used question phrases (e.g., “what is
a” in the question “What is a hard disk?”) to represent the question types and learn query
expansion rules for each question type. Prager et al. [2002] describe an automatic method for
identifying semantic type of expected answers. In general, query expansion is effective in
bringing more relevant document to the top-ranked list. However, the contribution to the
overall question answering task might be marginal only. In contrast to the previous work, we
do not use question types to expand queries, but rather use question types to filter and re-rank
potential answers, which may contribute more directly to the performance of question
answering.

Indeed, effective explicit question classification is crucial for pinpointing and ranking
answers in the final stage of answer extraction. Ravichandran and Hovy [2002] proposed a
method for learning untyped, anchored surface patterns in order to extract and rank answers
for a given question type. However, as they pointed out, without external semantic
information, surface classification suffers from extracting answer of improper class. Example
shows a where-is question (e.g. Where is Rocky Mountains?) may be classified to the pattern
“ENTITY in ANSWER” ("Rocky Mountains in ANSWER”), but with the retrieved text “...took
photos of Rocky Mountains in the background when visiting...”, the system may mistakenly
identifies “background” as the answer. Intuitively, by imposing a semantic type of
LOCATION on answers, we can filter out such noise (background belongs to the type of
COGNITION according to WordNet). In contrast, we do not rely on anchor phrases to extract
answers but rather use question types and redundancy to filter potential answers.

Another effective approach to extract and rank answers is based on redundancy. Brill,
Lin, Banko, Dumais and Ng [2001] proposed a method that uses redundancy in two ways.
First, relevant relation patterns (linguistic formulations) are identified in the retrieved
documents, redundancies are counted. Second, answer redundancy is used to extract relevant

1 The data of WikiSense will be made available to the public in the near future
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answers. Distance between answer candidates and query terms are also considered in the
proposed method through re-weighting. In our QA system, we use a similar approach of
answer redundancy as our base line.

In contrast to the previous research in question classification for QA systems, we
present a system that automatically learns to assign multiple types to a given questions, with
the goal of maximizing the probability of extracting answers to the given question. We exploit
the inherent regularity of questions and more or less unambiguous answer in the training data

and use semantic information in WordNet augmented with rich named entities from
Wikipedia.

3. Proposed Methods

In this section, we describe the proposed method for supersense tagging of Wikipedia article
titles, minimally supervised question classification, and a simple redundancy based QA
system for evaluation.

3.1 Problem Statement and Datasets

We focus on deploying question classification to develop an open domain, general-purpose
QA system. Wikipedia titles, Wikipedia categories and YAGO are used in the process of
generating WikiSense. For question classification, the 25 lexicographer's files in WordNet
(supersenses) are used as the targeting class tagset. Both WordNet and WikiSense are used to
generate the training data for classifying questions.

At run time, we continue to use both WikiSense and WordNet for answer candidates
filtering. Either the Web is used as the corpus, and Google is used as the information retrieval

engine.

person cognition time event feeling
communication possession attribute quantity shape
artifact location object motive plant

act substance process animal relation
food state phenomenon body group

Table 1. The 25 lexicographer's files in WordNet, or supersenses.
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1) Generate Large Semantic Category from Wikipedia titles (WikiSense)

(Section 3.2.1)

2) Training of Question Classifier using WikiSense and WordNet

(Section 3.2.2)

3) Redundancy QA System with Question Classification

(Section 3.3)

Fig 1. Out line of the proposed method for QA system construction

3.2 Training Stage

The training stage of the proposed QA system consists of two main steps: generation of large
scale, semantic category using Wikipedia (WikiSense) and training of fine-grained question
classifier using WikiSense and WordNet. Figure 1 shows the steps of our training process and
QA system.

3.2.1 Automatic Generation of Large Scale Semantic Category from Wikipedia

In the first stage of the training process (Step (1) in Figure 1), we generate a large scale, finer-
grained supersense semantic database from Wikipedia. Wikipedia currently consists of over
2,900,000 articles. Every article in Wikipedia is hand tagged by volunteers with up to a few
dozens of categories. There are 363,614 different categories in Wikipedia, some used in many
articles, while many are used in only a handful of articles. These categories are a mixed bag
of subject areas, attributes, hypernyms, and editorial notes. In order to utilize the information
provided in Wikipedia categories, Suchanek, Kasneci, and Weikum [2007] developed YAGO
as an ontology with links from Wikipedia categories to WordNet senses, thereby resolving the
ambiguities that exist in category terms (e.g., Capitals in Asia is related to capital city, while
Venture Capital is related to fund).

Although YAGO only covered 50% (182,945) of the Wikipedia categories, these
categories covers of substantial part of Wikipedia articles. By using this characteristic in
combination with YAGO, we use voting to heuristically determines which of the 25 WordNet
lexicographer files the titles belongs to. Figure 2 shows the algorithm for categorizing
Wikipedia titles using its Wikipedia categories and YAGO.
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procedure WikiSense (Wikipedia, YAGO, WordNet)
Declare Tags as list
Declare Results as Iist
for each Article in Wikipedia:
Title := title of Article
(1) Initialize Vote as an empty dictionary
for each Category in Article:
(2) if Category is supported by YAGO:
(3a) WordNetSense = YAGO (Category)
Append WordNetSense to Tags
(3b) WordNetSuperSense = WordNet (WordNetSense)
(4) Vote [WordNetSuperSense] ++
Class := superSense with most votes in Vote
(5) append <Title, Class, Tags> to Results
(6) return Results

Fig 2. Generation of WikiSense using Wikipedia titles/categories and YAGO

For every articles in Wikipedia, we use a dictionary to keep track of which supersense
has the highest votes (Step (1)). In Step (2), all the category in the article are checked if they
are supported by YAGO. Supported categories are than transformed to WordNet senses
through YAGO in Step (3a). The transformed senses are than transformed again by WordNet
to its corresponding supersense in Step Step (3b), and the supersense is voted once (Step (4)).
Once all categories has been checked, title and its supersense with the highest votes is
recorded, we also recored all the transformed WordNet senses for future uses (Step (5)). After
all the articles in Wikipedia are processed, all the recorded results are returned in Step (6). In

the entire process, WordNet is only used to transform a word sense to its supersense (lexical
file).

We show the classification process and results of three example titles in Wikipedia in
Table 2. None of these titles are in the WordNet vocabulary.

Wiki Title Zenith Electronics

Categories | Consumer_electronics_brands, Electronics_companies_of the United States,
Companies_based in_Lake County Illinois, Amateur radio_companies,
Companies_established in 1918, Goods_manufactured in the United States

Senses company#l (3), electronics_company#1 (1), good#1 (1), 1:trade_name#1 (1)

Supersense | noun.group (4), noun.attribute (1), noun.communication (1)

Wiki Title Paul Jorion

Categories | Consciousness_researchers and_theorists, Artificial intelligence researchers,
Belgian_writers, Belgian_sociologists, Belgian_academics

Senses research_worker#1 (2), writer#1 (1), sociologist#1 (1), academician#3 (1)

Supersense | noun.person (5)
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Wiki Title Hsinchu

Categories | Cities in Taiwan

Senses city#1 (1)

Supersense | noun.location (1)

Table 2. Example of Wikipedia titles classification for generating WikiSense

3.2.2 Minimally Supervised Question Classification

In the second and final stage in the training process (Step (2) in Figure 1), we use WordNet
and the previously introduced WikiSense to automatically create training data. Figure 3
shows the training algorithm for constructing question classification method. We use the
Maximum Entropy Model to construct a single classifier with multiple outcomes (Step (1)).
The input of this stage includes a semantic database to determine the outcomes and a set of
question/answer pairs. For each question/answer pairs, we first determine whether the answer
is listed in the input semantic database, unsupported question/answer pairs are neglected
(Step (2)). In Step (3), a listed answer is transform into its supersense using semantic database
as outcome(Step (3a)), features are extracted from question (Step (3b)). Finally, extracted
features and transformed outcome is used as an event to train the classifier in Step (4). After
all the listed question/answer pairs has been processed, the trained classifier is returned.

procedure QC Train (SemanticCategory, QASet)
(1) Declare Classifier as Maximum Entropy Model

for each <Q, A> in QASet:

(2) if A is not supported by SemanticCategory:
continue

(3a) Outcome := SemanticCategory (A)

(3b) Features := ExtractFeatures (Q)

(4) Classifier.AddEvent (Features, Outcome)

Classifier.Train ()
(5) return Classifier

Fig 3. Minimally Supervised training method of question classifier.

Most of the concepts in WordNet are basic vocabularies. Only few name entities can be
found in WordNet, whereas Wikipedia contains a large amount of NEs. For instance NEs like
“Charles Dickens” (writer) is in both WikiSense and WordNet vocabulary, while “Elton
John” (singer), “Brothers in Arms” (song) or “Ben Nevis” (mountain) can only be found in
WikiSense. However, WordNet, being handcrafted, still have much higher accuracy on basic
words and phrases. Therefore we use both WikiSense and WordNet to cover common nouns
as well as NEs.

There are three main features used in the training stage: (1) the supersense of NEs
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found in the given question (2) the question phrase of the given question (3) any words in the
given question.

Question Named Entity Class QuestionPhras
e
In kilometres, how long is the Suez Canal? noun.artifact how-long
The action in the film "A View To A Kill" features which bridge? | noun.communication which-bridge
Which famous authour was matried to Anne Hathaway? noun.person which-author

Table 3. Example questions and features

At runtime, classification outcomes with probability higher than a threshold are
retrieved. The value of the thresholds are set to a number of multiples uniform-distribution
probability. In Section 4, we show experimental results of the proposed methods performed at
different threshold.

3.3 Redundancy Based Question Answering System

We use Google as our document retrieval engine to search the entire Web. Only the snippets
of the top 64 retrieval results are used. After retrieving snippet passages, we take advantage of
the large amount of retrieved text to extract candidate and rely on redundancy to produce the
answer. Previous work shows that answer redundancy is an effective technique for the QA
task (Brill et al. [2001]).

Once answer candidates are extracted and redundancy counted, candidates are re-
ranked based on question classification results. We retain and make use of several predicted
question types (with probability higher than a threshold), in other words, the given question
may be classified to multiple classes. This is reasonable due to the characteristic of our class
tagset. Consider the question “Where were Prince Charles and Princess Diana married?”. It
may be answered with either name of a city (London), or name of a church (St Paul's
Cathedral), therefore the question type could be either LOCATION or ARTIFACT. After the
passages are retrieved, answer candidates are extracted and classified using WordNet and
WikiSense. Finally, we re-rank the 20 most frequent candidates by order the candidates in
descending order of question type probability, and then by frequency counts. Finally, we
produce the top n candidates as ouput.

4. Experimental Results Evaluation

In this section r, we describe experimental settings and evaluation results. In Section 4.1, we
describe in detail the experimental settings and evaluation matrices. Then evaluation results
and analysis of WikiSense and question classification are discussed in Section 4.2 and Section
4.3. Finally, we report the performance of the classifier on a simple redundancy based QA
system and evaluate its effectiveness in Section 4.4.
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4.1 Experimental Setting and Evaluation Matrices

In the first experiment, we explain and analysis the result and coverage of WikiSense, which
is then used in the second experiment to classify questions in addition to WordNet.

We collected 5,676 question/answer pairs as the training data from the Quiz-zone Web
site (http://www.quiz-zone.co.uk/), an online quiz service with popular culture and general
knowledge questions designed to be answered by human. To evaluate our method, one tenth
of the question/answer pairs is separated from the training data as the evaluation data. Correct
classes of the questions are labeled by human judges in order to evaluate the performance of
question classification.

We then used the proposed minimally supervised training method to generate two
question classifiers based on different database setting. In the first experiment, we only used
WordNet to generate data to train the first classifier (baseline), and then compared the
classifier with the second classier trained on both WordNet and WikiSense. The purpose is to
show the amount of improvement contributed by WikiSense, if any. Since WordNet is
constructed by human, we consider it to have higher precision. Therefore, WordNet is used
when conflicting arises between WikiSense and WordNet. The results of both classifier are
presented and compared in term of recall and precision rates.

4.2 WikiSense

An implementation of the proposed method classifies about 55% of all titles in Wikipedia,
resulting a large scale, finer-grained, supersense semantic category containing 1,581,865
entities.

Unclassified titles are usually caused by articles with little or no categories so their
semantic type can not be accurately determined. However, the result does not imply the
classification method has low coverage. Unlike most offline encyclopedias, Wikipedia is an
ongoing collaborative work. Thousands of new and unfinished articles are created by
volunteers or robots daily. The Wikipedia editorial principle state that every Wikipedia article
should belong to at least one category, therefore uncategorized titles usually belongs to
articles still in the early stage of development (called “stubs” in the Wikipedia community).

4.3 Question Classification

In this section, we report the evaluation results on using the trained classifier to classify
questions. Figure 4 shows the results of the two classifiers in terms of recall and retrieval size
at different level of threshold (in multiples of 0.04, the average probability). At same recall
performance, the lower retrieval size results in higher precision. As Figure 5 shows, higher
precision is achieved with higher threshold, trading off recall. Notice that the recall of both
classifiers gradually decreases when threshold increases from one to five times of uniform
probability. Above threshold 5, recall of both classifiers decreases rapidly. Considering recall
being crucial to question classification task in order to prevent early elimination of the correct
answer candidates, we focus our analysis on thresholds lower than 5. We can see that the
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precision increases for both classifiers as threshold increases. The combined classifier was
able to achieve slightly higher recall and higher precision of 9% at threshold of 2 times of

uniform probability.

8.9 T T T T T T .
“HordNet Precision” —+—
. "HordNet Recall’ —¢—
TEe=g—a-__ ’Hiki+HordNet Precision” —#—
s 8. P ,
S Hiki+HordNet Recall” —&—
Te—% T E—8
8.8 - B T = = = SR -
e A_B B""ﬂ_
< B
—
8.7 -
—w—HF—H
= P -
A 0.6 K et |
] e
B A
o K -
c ,r "
[ ¥ A~
~ . ;
= p 4
] K <
o 8,5 W - a
@ H A
#* ol
#
0.4 [ ¥ # _
/ ,//
fﬁ A
;¥
0.3 b~ i
9.2 I L I 1 1 |
1 2 3 4 5 6 7 8

Threshold

Fig 5. Performance in terms of precision and recall at different threshold.

4.4 Question Answering

In this experiment, we first run our QA system with out any question classification as our
baseline. We then run the same system on the same evaluation dataset using two different
question classifier, one trained by WordNet and the other trained on WordNet plus WikiSense.

Threshold Top 1 MRR Threshold Top 1 MRR
Baseline 34% 0.451 Baseline 34% 0.451
0 | se% | oas | | 10 | as% | o049

1.5 40% 0.482 1.5 43% 0.503

2.0 42% 0.501 2.0 44% 0.509

2.25 42% 0.503 2.25 43% 0.512

25 35% 0.457 25 35% 0.457

(a) WordNet (b) WikiSense + WordNet

Table 4. Top 1 precision and MRR result of deploying the 2 classifiers
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Table 4 lists Top 1 precision and MRR of our baseline system and the system with the
two classifiers at varying thresholds. As we can see, by including question classification, both
systems performed better than baseline. With the enhancement of WikiSense, results in Table
4(b) achieve significantly higher MRR and top 1 precision comparing to system with a
classifier trained on WordNet only (see Table 4(a)). The best performance of both MRR and
top 1 precision was achieved by the system with both WikiSense and WordNet. At threshold
of 2.25, the MRR was higher than the baseline by 0.061, and top 1 precision is higher by 9%.

5. Conclusions

Many future research directions present themselves. For example expanding the coverage of
WikiSense using other characteristics of Wikipedia, such as internal link structure, article
contents, information boxes and Wikipedia templates, minimally supervised training for
automatically supersense tagging on Wikipedia title, and a more complex QA system that take
full advantage of finer-grained classification.

In summary, we have introduced a method of minimally supervised training for fine-
grained question classification using an automatically generated supersense category
(WikiSense) and WordNet. The method involves supersense tagging of answers to generate
training data, and using Maximum Entropy model to build question classifiers. We have
implemented and evaluated the proposed methods using a simple redundancy based QA
system. The results show the method substantially outperforms the baseline of now using
question classification.
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Abstract

This paper presents a dialogue act detection approach using sentence structures and
partial pattern trees to generate candidate sentences (CSs). A syntactic parser is utilized to
convert the CSs to sentence grammar rules (SRs). To avoid the confusion between dialogue
intentions, the K-means algorithm is adopted to cluster the sentence structures of the same
dialogue intention based on the SRs. Finally, the relationship between these SRs and the
intentions is modeled by a latent dialogue act matrix. Moreover, for the application to a travel
information dialogue system, optimal dialogue strategies are trained using the partially
observable Markov decision process (POMDP) for robust dialogue management. In
evaluation, compared to the semantic slot-based method which achieves 48.1% dialogue act
detection accuracy, the proposed approach can achieve 81.9% accuracy, with 33.3%
improvement.
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3.8 ¥ I 7 SSHIRILE] (Latent DA Model, LDAM)
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Abstract
The environ mental mismatch caused by additiv e noise and/or channel distortion often
degrades th e perform ance of as peech reco gnition sys tem seriously . V arious ro bustness
techniques have been proposed to reduce this mismatch, and one category of them aim s to
normalize the statistics of speech features in both training and testing conditions. In general,
these statistics norm alization methods deal with the sp eech feature sequ ences in a f ull-band
manner, which som ewhat ignores the fact th at dif ferent m odulation frequency com ponents
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have unequal importance for speech recognition.

With the above observations, in this paper we propose that the speech feature streams
be processed in a sub-band ma nner. The processed temporal-domain feature sequence is
first decomposed into non-uniform sub-bands us ing discrete wavelet transform (DWT), and
then each sub-band stream is individuall y processed by the well-known normalization
methods, like m ean and variance norm alization (MVN) and histogram equalization (HEQ) .
Finally, we reconstruct the feature stream  w ith all th e modified sub-band streams using
inverse D WT. W ith this process, the com  ponents that correspond to m  ore important
modulation spectral bands in the feature sequ  ence can be processed separately . For the
Aurora-2 clean-condition training task, the new proposed su b-band MVN and HEQ provide
relative error rate reductions of 20.32% a nd 16.39% over the conventional MVN a nd HEQ,
respectively. These results re  veal that the proposed m  ethods significantly enhance the
robustness of speech features in noise-corrupted environments.

F%%ﬁ @%VJ JHET nf[?{ VR g{;l[@ﬁ%f[?ﬁﬁ&%@?

keywords: speech recognition, discrete wavelet transform, robust speech features
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5k I[#FJ PRO R PR EE E(impulse response) fEI '?lé %ﬂé(convolutlon)p NS ?%J Y= (3-3)
=

T, nl={"_" | - #(3-3)
Z hk[an—m]a:[m], k=1L
Elih,, [2"“ ] *h, [ m’}a‘u’z R EFE R, | (T2 by n) [ (RIVE) ,ﬁljﬁjﬁm@'gﬁy
ﬁﬁjé'& E@{‘“(detall)[ TEE ﬁ PRI B J/F?Ll'p[%gt ,\_[Ij(apprOleatlon) (o

*'E[iLE[[FH‘E %‘iﬂb%fﬂjgf/‘@TUmt[Fﬁ /“$ ’—Hﬂ%?’t Eﬁ%ﬁ,
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ETEl o P ERETER {’#g L—-1)[p JP‘%V i%ﬁi%(dlscrete wavelet transform, DWT) %
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FEEIEL[0,F, /2] > NI ﬂﬁ[[ﬁ*n 5 iﬁ' S EVIIERE AR Tl U N S \(4 2):

'1

[ozjl(p/zﬂ if (=1
(-2 -1 (4'2)
= -(F. /2), 2Ll(F/Q)l if €=231L

“+ DWT A H[ > I “ij:k?i}{»/ 71/1;72” I*A/IEE['I LS, [n I[—{ dejfcé ,&Iﬁ\ﬁtﬁ 71,1;
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z,[n]= X0+ (4-3)

257



a[n]

R G AL T e

ﬁ’j 1&‘ ’}L‘Ii‘[)FKFE F[ij}ﬂjﬁg‘i” FTTJ{Q;( } ( l:[J

I/__z

YR ET{zm
uﬂfﬂ’“%ﬁﬁrrﬁﬁ RNl T O

: low- pass analysis filter

BT SRS (PR R

@.down -sampler : normalization process @:

}o

R R
(L—1)H #,.%JT 1L ﬂ,ﬁ%(mverse discrete wavelet transform, IDWT) » 1@[

e

B3 2
P

G A2)| : low-pass synthesis filter
up-sampler P v

H,(2)| : high-pass analysis filter : high-pass synthesis filter
0 ml [n]-’i:l e

1) |(12) 12|12 @ G—(1) 19
@ F7T B T, [n]@% n @ == G(2) .
912 i ””f@ T O (G, ()] B

<———| level 3 }——><——| level 2 I———)
DWT IDWT
decomposition feature statistics reconstruction
normalization (MVN, HEQ)
kA O T [ s A

B0 .QEJE]‘?F%H[ ) E 5 ﬁﬁﬁlﬁljﬁﬂﬂiﬂ'ﬁrﬁ% Lluﬁjgg;ﬂjggt s %{L
(full-band)fl fﬂj BT -4 [ MVN“'? HEQ - 2% {57 {I*#8. £ FB-MVN = FB-HEQ >

[ U= (4-3)== (4-4) [l 1 53 #71 (sub-band) 5 *Fl Fuﬁj

e s Sl e =N 6 | B2 [Ee

SB-MVN #1 SB-HEQ - ﬁiq?t#ﬁuﬁpw = WIRRET R 25 IR o3 st )

ESIINRE VT AT

L. [GERY = *? T”f MVN(FB MVN)IEf 1 2 #fﬁ Rl 55 R Bl 07 R

ifl re t"'? 0= [Ea:\jr‘jf/\ SB-MVN [ P
ISR (4 T
935 Bl - ﬁ[[r ij# > SB- HEQ gL

P@%?ﬁﬁﬁﬁw

CRT B (S ) Ewﬁ
QP}M]EH;—E} Fljyjifi”qfﬁfgrjp[“ (-
(non stationary noise) i 5 i
PR 3BT RGED. — [RlH
guﬁ/‘ DW[IJ

Sl

[+ SB- MVNE“" SB-HEQ 1> JI' {Z A EH R ]

M

F[

° ]Ei ’

T /IH (B4

Il I F‘fﬁf‘éﬁ S |
W /IJ W[Elh“rtﬁl %o [afplE J@I ﬁﬂﬂfﬁ
EER I TR Fllmﬂfi”“ﬂfﬁf%ﬁ JIEPE= T Rl

E}é&ﬁ % [:"d

yrp e

R
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2 PSD [ » H RIS (] R0, 6.25 Hz] ~ [6.25 Hz, 12.5 Hz] ~ [12.5 Hz, 25 Hz] %
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Abstract
Cepstral statistics normalization techniques have been shown to be very successful at
improving the noise robustness of speech features. In this paper, we propose a hybrid-based
scheme to achieve a more accurate estimate of the statistical information of features in these
techniques. By properly integrating codebook and utterance/segment knowledge, the
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resulting hybrid-based normalization methods significantly outperform conventional
utterance-based, segment-based and codebook-based ones in recognition accuracy.

For the Aurora-2 clean-condition training task, the proposed hybrid
codebook/segment-based histogram equalization (CS-HEQ) achieves an average recognition
accuracy of 90.66%, which is better than utterance-based HEQ (87.62%), segment-based
HEQ (85.92%) and codebook-based HEQ (85.29%). Furthermore, the high-performance
CS-HEQ can be implemented with a short delay and can thus be applied in real-time online
systems. A similar performance promotion can be also found in the methods of hybrid-based
cepstral mean subtraction (CMS), cepstral mean and variance normalization (CMVN),
cepstral gain normalization (CGN) and higher-order cepstral moment normalization
(HOCMN).

SRR © G I BGOSR By

Keywords: speech recognition, codebook, feature statistics estimate, robust speech features
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