DAERL A R e) b X BB LA B B4R

BFa Ak R4E
B 3T R8RS E A T A2 B R AT
{gi1s93540, g1s92807, tliang } @cis.nctu.edu.tw

HE

BENMAXRERY —BARTHS G I BUEFXTNHEARBELEMSE -
WXIRHEAEBHAEEZNEE W H L SHIEY] ~ AREE -~ B~ BE - B
AR~ #%E - BEAETRBEEN  BITREHFBKERER  i4]
TAZTHRA ¢ IR 2 B BAR RS o RIFVER T I -F4r:5k &R 3.0 iR+ 8y
ME AR A S R EF P R FME X 0 #7265 BEAEAEIE
#o BITHREE CREFANET C BHREEHAREZEHRZIFY c AERT
BArIE R 100 & -3 F 8 A 1500 F 69 3R 4ALR BT HAEITAE > £ NABEAR
WAy 0 EAERTEER 9% ZEERL 95% i EEERRE % B4 £
Rl egAZ 230 o > B FE TS 86%  ZEER 93% ° R EHEFERL 95% o KA
AR ILERARTH AL > A BN B HFIE Gy MR~ 2 R A
HRETER -

1. #m

BEABABEERTATREZRNEHS  CTUEL—ER - —@E4F
R—BR B THL BA —BEHALHEXBELEE] - BIEE o048
etk > 2R BIERARAM6] - £ BEER T —EZELBHSEBTREREL
WA AARE R B RMA  Blhe P 34E - BR - i - BB P55 - Wolf
Fu Gibson[15] % % 2 UBH A X NEZEREM R LR E BH A LU L LA
BEMGORGER S - AEHNREES HLARIIBEAMEROBZE > A
BERBREFZETOEZEETELS] ) MAKRAER LR RN 403 o
54w Sadao F= Makoto [11]F| A & &%) ~ Rl & ¥ R KA ER 6 FAALER 8 & H| B
BXWEBE &M - Lo > Grosz EA[9] REAFHECHER  HTH—EXEN
WAL  HE2ABEEMRTHAGH I G -

AP XEBEOART  RRXRIREZES S ASTHEEEE RS - #718
BAT AR E xR FRELE MEFTHARNRABAMARLE - B —F @ WM
B[AE BB AR BN - SHEHEREHEE - FREREHBEEA TR
HEERETHAFAZBRERNTFERRETEEZIM MG - aley B
Al R AR 6 FROFFZ MR EMG oAb 37 BR BF2 33
AR~ IR E AR MR o dhO 0 BAEA | NHR[1ME A AR 4 R 8) BEAE AR R
BREMGOEN  KEBE AL ~ R~ B8 - FE - &7 - AR - 54 -

15



Moy~ AR B BE T MG XBRLE PG %%# AR & D AR
4o imﬂﬁkﬂﬂm&ﬁu BEHFBEYRETPXEE PBRGERKE -
HaERROESETEEER —BEFEF > A AKRE %ém%%ﬁ 7 S
Chan HA[7] AALZF XA n#BEGEE MG > L4 ZEBERT 0 RIBBIK S
XAV EREEFAEZMEES -

PXBEOVSB AT RAAEG R > BRERFIT 0 RIFKRE
Marcu[lO]ﬁﬁ#,(ﬂjéﬁ&% BZRRAEBRCARERNIARE X554
FE]Q’J'UP‘J BALERMA I a Rk Re & REBEMAOLE

R~ Ak PR EEIE A R A AR AT o

EREAMARIR
BAVERIE [3] Fo[IS]PTR K 6048 R QB M n AR L RBR A BZRW

REMG - EARRP 0 ROVY R H AL F e85 BB A& > R
o TR ANAEZREEE MW ARE B HIRTEF

& 1 FRE MmN

ER A £ &
B FIRAA | RELEAMFS > LI R E RMG  LRAER
xE R LI

ABMG | ME—REOEE > R UBANSEEESREREY -2 EF
#’u&&$#%iﬁwm%ﬁxﬁﬁ&ﬁ%$#o

M A RUEEBMFED T RATEFNE

i 1 B 15 ft:%*“")%ﬁx“}’ ARG —ERRWLAT— R RYEFREREE—
J& B 15 038 B AL By IR B AR -

HITHG (B RARMERAZ - hBRAHRAER -

RRM%B |[EARERHEALGR ERAAEFHIERRLLER -

MR | AT A BRBR—EELRRE — G R R ERAALRETR
éﬁ%%@‘éiéﬁ X -

AR5 B 13 —hERE—HEEZ -EBE-FFT RR R h B0
a}tﬂﬁ WA 5T RER

Be9Rth | AT—RERHE BB B AERAATERETEENE LM
BF o

3. BE/KEAKY
BREDNGEYD LA PR TEERE 3.0 IR P e 4E A 35 M R AT

Col i%*ﬁ%ﬂﬁaﬁ%‘&%%ﬁﬂi% FEFAANGE - REK LR - F-&
F R B B AR

16




31 G kEKERGE

HAIX THARESE | BB EE L LR R EFE NN AR ER P
BATE SR AFGIE - R AN EH ARG BRRBLEAL BB ERAL
TR T HEINE AT PR B RR AR EA

{Na, Nb, Nc, SHI, T, VA, VC, VCL, VD, V, VH, VJ, Nf}

32 ¥R EHE AR
RSB R FE w035 W fE B 5 B
BRI P REMHIRGL FFZHERME

PRI ER P o AP IR IR 24 1B 4R %39 40 3 4T 15 4) 3 F 0 3E I 2300
e RS SAFEREASLAEZERETHE 1 2E 1283 -

B — @ FARBER 8 St oA RPCBREE AR kEa
RGN R IER A RELIEES 5 3 REPE R A P aTH £ % —
BREAKR AAEERR S EESFHNBERETER -

B2 RERFAL T M EZHEE

BEVTHREAAATAARLE)REALRANCEAN Db aBRR
TE 1 YREFA MBS BN - RV IE R 69 0 A

%(,ﬁi—ﬂl’ X BB EFOHBAME » 1<x<12) 0 Hb®KRFIT AR RAES
X

HEGEAMREBREROHE > BRTERL  RABEEARN 0 52 1
ZM g EALEy T HAMMERE jE(<7<12) AldgkRAER
xR E A RITTHE - ERLFHA D

12 1
D= —=12 (1)
j=1 ]
b ZQREFNHALSjEME > HHEFEE
1

HEE3 L ER Az Ak

HA g kA (T, T) — A B RAEE A R e AR AR E BN 15
BEBEBREN2] AET AL THGE LN TATHEAARES - Lt
CNE €t i

17



fi—f
k. =+
i o 3)

RPEEaT HRAeZEAROREj(ISjSI2)ZHER [ T&4
Ji= Ziﬁjj (4)

RPMEE S UREREE o E AR LT

?=%§f,- ; 0:\/%2,1:(]2_?)2 (5)

i=l

B ER 4 RRE MR

HAIIEA kK EAPEFEAATFHE R NG L3E A 406 420 o) g kHa
82 48 -

33E—KEHERY
PXEBEORHELE  ARLTERER > Flde
#lay 1 - 1 F1B) vz K k(A) » &7 FH(B) -

Heb TRfE | TAER - BIP X RRLAZTEBET » F 4% B ATH %
130> hofplé) 2 Py Tho R | Ful ) 3 P ey TERLA ) HAkAE RS
48] 2 (%o ) FNTE B 0 TRE B EHIZE L HIE -
#4573 : BlAEH A s BAE 0 (BFLR) TR AR B35 1 69 AT ©
F > AEZEEBMAHROBR T ALERTE—QREFAHYRERFEH T
VB o RATAMRBR AR H R £ 800 5) 6) ATHIR A > WE T 309 BB —4 %3 o
3.4 #HBhFBER
FA L% (11 [13]9FAE » XA T o FTOESHB AL
a. % BA BN E e EE o Bl T AKX 0 BB AEEY
EE AR BRBLEEERAKEAR T AREMG -
b. T EAHBFTFENew @A EE  Floo T E—. F= > BB ARE
EERAE BARBREEREAEA T EARAL

c. EREABRNRELSHABRBMR" o BTHRER-ZFERAA

18



I’ﬁg?z_—vt%j
d. EAMEEE R BRGRE B BT OAF B R RHI TS T E7)
R
4. P B AZ L HAT T B
BAVER PR RIS P BT A% BT IREE R FEMAZ T T
Ve EFEEPRRAZ RO T A ZBMEE - AP B FRAT
* 2 EE B MAYRARAZ SR

M £ Pz HATE)1E
BREGEAEY
B 1 AR 4 6) A BAL AT AR R R E b ¥ o
2 MR B B2 B A RE S 6 &6 o
3 FE AT AR BETEEEEMABER -
B ERALY

I [@AFe a2 B — s R R -

2 T E s B AL RO -

3 FI BT R E CEP R 0 BEATIER R E MR

HBI R HRE—REH LY

1 #ATiE 45 Nd & Neu 238 & 2 L B A4 o

AT AR B AR B AT IR L RO -

WATARL ) Z L ¥ R A o

W

WATHHRG TR Z L H R B -

4.1 K FRAMELY

B REE RN ARG EABMREREE M AR At RABRSHHRE
e Z A 0 B LRIV E 5 A R — AR b s ey A S BR A =B R

R T XA 5 5] B B A AT E AR F 3 4 L #

BAEFREIRTEZEEREBEAn > BRREPIEGAL > A
BPTEAEA—BREAN AR R nxd ZLLHERER - 5 4 6) KL
HoRUE—ROFE— DO ABMAZLLE R & S RIIMAL G IR
Jod EEATRHEGEF LY -

U s 2 paumul ¢ http:/ckipsvr.iis.sinica.edu.tw/

19




BEE 2 D MU R B2 B G HE

BAVE B0 2B 5 A REIY > F— B 5HE B4R &0 > RRY %
BAHBRELPIEMED  RER —h ROESHPAR - FEL ARG S
o RERSRAER A BRI o URIARA A B S5 R - RAVIFIR
AT AR

RAN L e Spre o Bl — R B TR RSB L2 A BB RER L
BRI > ARG EERER N E -

hofslo) 4 FEBERE By ka"BA  Tag xR AU
s 2 (O(E)4rR B B &3 0 Bt KRARFERA 1
BRIE &R NH 0 FB)(C)wE R B aBbF -

B3 4 EHE G T RAEH L BHEF ) BB AG69A Fo
& A ET(B) » AR 385 K% FH AT F38(C)
Bl A EHHD)  AFRF (2B E—5(E)  mA
B g —FAF) -

FAL 2 B A0F F > A8 S A S  BUY AR P 0038 B A0 - A
Y R AR R

$af] €] 5 F3BH A B ~ (D)~ (B) ~ (D EMRMERR 1 deiT4¢
e G ER T R o R E R 3 EEEEZECDDE -
EF) > %45 &BRRL 2 BATHREL > HEE R ESHAR —
MR A —ERMGEBREE -

Bl 5 SFHGTFTREG A H B B 69 I ETTH
(B) » g BB (C) » UFEZIRAD) » KEH#
EE) » HFHAFEADL) -
MAL 3 e apted o ARHh s B AREZLBREE MG
WA HRA > SHRAREEZR REE

4l 4 6 P 3EH A B (DA (B) BRMGMAI | T4 ELZ
o spkm TR R S AERMG > (DR (O TH
B S ERMG R RIMBRORR 3 TR G
HEREBRRG AT FBRSHERFRE -

#4 6 BRRFEFECREAN)  EEBITAB)  ARELN]
B (R

FHR3 FIBTR T AN AR 0 BEATER R E WAARE -
EMAXAC U A E—BE G AR BT ARG A R

20



B ABHILH AR U ROHAE—BEEYE RS _MEZL
HIAE -

42 B —B EE LY

FREBE—REERPHRBELEMGT EE2LRELE I IHBHRE A
BB EE=EAMAE - Bk > AR =AEB M

1. #2&Hd
ZHRERGBRELER-FAE AFERA 1 B AGATRE AT —
o Bl A1 -

2. HAMLE
REALROELETy At —BHHRETRE R KA F 3040 b4
HEMMEPIREN > RREH O BFHREZREAERLE > AREA |-
ENEANT AR R ERF 0 RAIR 2B -

3. @M A B

TR EHME A ) MRS a8 %37 0 RIULERT A 15 R 3% AAEEA
fo N RIREAO -

B AtEe T B — R RE ) A RESR R A B8 E 0 RAEES B B
a8y — s K3 L 244 18 0 BB M A(-1,0,0) ~ (-1,0,1) ~ (1,0,0) - ARIE AT 89
B BN ESEmEERAF AIEEEIT QL AGATEE RITFK -
WG R B ASRRFNBR > w8 T AR

BGT P iEBERA) - F Db BB EEENB) -
EnaB)FEBRREE - kE —EE Td ) R TEE 5 —1EL

"RA, FrERM G o Bk RIVEATRAEITE —BERILHREH -
RA4: ZHHBE - 5% F—FRhREARBERALZFEER X

3 0 AR UATF E MR %J'lﬁ}%i HRE
Cbb> Caa> Cab> Cba> D> Da> Dk> P

HRA S B AR EE AR NS HNTURBERE LR ZE
Hﬁyrt Bf o hofs] ) 8 PRAEBR XL &H T & Z:FE/\G?(A)
HEasTHHRGRHE T35 0

#e] 8 ° HNTERBEITERY G BR(A) » HBHE ~ AR ]E
(B) » B] K K45 HN TR (72T B EIRA 7 7

RA6: ZRAIEHXE—REAEB/ERAE — 24 > AL .

21



W0 KRG MR o o4 9 2 kA T RE -

58] 9 - ERAGUIER o [RT B IEZ S 0 B A F A
DFETRBIIF o R TE ) 98B B
R 677 FARE RIRIGREB G EBR - B 4
FEAAFRE R T 2+ EH G I T 1B ) 69 ek
gjio

RAT: ZR B EHZIE—REABBARLELE —n4 RAGRARE
3 RO MEL > o) 10 28R TR o

7187 10 © Bpfe B 69 JE 4555 e ft D EF 15N BB FZF
TWFIEREEGILE  ZFFREFEELTRS -

43 HB BB ABFHE—REFLY

B

LB B LR T OB A AR R FFLL Y £ B 4 @S

BB BT IR R B3 37 7] Fe 2 b $ER
W RTARAE 0 SRR A B AT AR B 3 AR B PR B 4
P B34S R 3 5] Bl 4% -

BERD L ELTREE AR T2 L H R A

AT LB (VA BY ARE B AR 0 PR AR T ©
HEE3 L BT A Z L ER S

FAVER Z AT AR 8 P X 8 AU s B AR (5] #ATER b it 7
B A% 69 3R &) o e A P AR 4] P 093E R A0 AR A9 A UEL © D ERIER
F A9 4d 3000 ¥4 6) sEATRR > B R4 T

& 3 P XARM 8) AR S 1p

Eok AT 47" 8] %5 8) =R IE]
1 e A ECEaEY BRI ARG A B 1.00
2 A Z R % A Z R A £ 1.00
3 AR F LA 1.00
4 AedL By R AL T AR O ERAE AR T 1.00
5 B — Ao B B ekt — 1.00
6 ke B E A AR 1.00
7 H— 2R A H—Eh iR 1.00
8 F—AAXZE PR E 1.00
9 ke R Aotk 0.84
10 PEVAAT B9 AT 45 % ~ LAk PR A BT - w0 0.77

22



B ERBRE > HIE 1~8 BIEFIH & > 9~10 HAREG & o RITETHR T TR
BB R 6 FEFER AL G RAERD BB 6 AAE - Bk KZ&%
AR S 8 > B R F B B 37 o RAVIEAR A B PIAEME 3T A 0.48 5 5B B(E

TP B AR B & 80.45% > E#E % 83.88% o

BEEA L ETHIRAR F 72 IR

BRI BH T ERA REFHRG LR - EhEKEA N ERFMEA > H
HRAZBERRNRE  HEHEL—BROKRERER REZ R ANE
ghgre  —BEA 0 — B -

S AR LR WG EANEE T QAR R EERE
Mita &3y > BHEE (-1,1,0)  EEAN6 Ntetbd > HlsksS £%
o dofp) 8 11 P&y T &% > BpTH(C)~ (D)~ (E)=183E 8 h & At A E 7
B 1% o

)57 11 © IFAR 5 Fb EFE T T R I IRIHA) + A3 RN 8 257542 (B)
JBAREZANF ZETH 5 BE S G AR METHRC) 42
B 5 R R ED)  REMEIEWERITAEEE) 24
ZH(F) -

B AHARET MR EANRE T QRS FRLZ EERE
B B AR B2t (1,1,1) sk ST BB Mokl 12 ke w7
BpeT #5(B) #2(C) ~ (D)~ (E) ~ (F) ZABZERB R A& A RE M4 -

#la 12 - B ALH(A) & X HETRB) + — MEH AT E BT
#(C) » FEFF A ZIR(D) » L HFHHE) » E1F
H % 382 F(F) -
4.4 R HBIERA

BIVERAL R B BB AR BB R B M 2 EERENABE
KA EZ3EE KA ARA] B ARG R4 RE | S BEERE
B 45 2 3 R Ao AR 20 4 R 0] -

k4 EBEEEMAAZARER
s iA 3.5
@ |BASTREEREANRE -

() |BTEgussurtEn-
| AR —RMEL R & -

D#, |BrEEEEMAZIHIE -

23



1 ETREERBRGAELEER -
C# |[BTnaEERhErEYdBKOGEYER -

S# B TRkOEE R BRAEBXERGIES,

Theme |ZTZEBR2BMGTHE—RBEZERK -
Rheme [2A Rheme AZ R3EE 2 E ﬁ%‘ﬂl’éﬁi EBERK -

D8,( Theme: [C1: KA R T &Rk AT A0y EIL LI > J|DL( Theme: [C2: £ 7 A % IR 4% & & 4t
ARG » ]| Rheme:D4,( Theme: [C3:45)4o /N 3) F FHMEIZAAREREAITA ~ ©ER BB R
4 > ]| Rheme: [C4: AR B AEAL R EHE BN ELES - ])

BRI AR XX

AN Z A AR E 0 ko AR

&
//\ﬁ

CLARFER T R d ﬁ

4T Ay oh B2 05 M////// \\\\b

C2: B AFH SR EE 3t 7]
B A BB A T AR ah

C3:fpldm 2> 5) & B 140 3T A AF KT C4: Lk B B R e A2
HEITE D ERETORESES EEBIANETEFE

Bl 2 35k AR T ek &A% 5

5. k&

ok

T 8257

Rk

BAT A TR PEIR - AR -WHER REBEIREXIZNTE
WA E TR & 100 B AR R AR XATRGZ LT K BE O THT
)8y B 1500 F o FHAE A S eAZ 0 R KR S IR EERAE RS ¢

24



5 TRaWARRZH RN

JEAR 2 RIEAR T
EFEAR T a none
sE3RAE b C
K AR d e
a
B ErER P= ——
a+b+c
a
A E &R R= ———
RigmE a+b+d
d+e
A W iR IEFE B FP=
c+e

(6)

(7)

(8)

ERMIGERY > WARCE#EETEE 1% Z@RZ 95% Mk Bk
R % A SRR TEERTED 86%  FEERE 93%  fHRIEERZ

95% -

kO6BREHMENT MM L

SRR | R | MR MG e a4t
o a9l 442 17.20%

! 7 &) 1) 65 8.61%
&N 99 3.85%

: (s 4] I 57 7.55%
3 5 g &N 85 331%
B 4) Fl 18 2.38%

N 521 20.27%

! b 47 B 99 13.11%
< ey &) MY 703 | 27.35%
rﬂ 41 277 | 36.69%

&N 192 7.47%

° aE &) 1) 70 9.27%
- e ph ] 361 14.05%
&) 1) 14 1.85%

_—— 6] M 136 5.29%

i e £ B 155 | 20.53%
&N 31 1.21%

’ o &) Tl 0 0%
Gt 51 2570 100%
o 47 T4 755 100%

25



AR EROTUEY ARBNXFEARS TR AR EARI) - RS H
LN RLEFEGEE > MOMAAFEARAR - MHNGHREEARE N
BEERGRENER ENAZROBHM L RMNCBEDE L XF04ER
RRWAL) N X8 FIER IR LA R RS > 25K 77.43%K 75.63% - 1%
AR BIROBEBRAEINREZEOER THA AR KRG —MEFMER A 7SR
3 Hefl a5 RA 0.58% >~ 0.62% - 4 MEBE PR EERA FHR VAR K
KB —MEFEME R A AR B IR KT KB RA 0.13% ©

6. &

&

R R R

WXREEFE—BEFPXEE BHL LA CFREBE OV BT E
B Az HE R BN ENREE R ARG RA T A&EN
%

. THARZRFARLEF BERELERERAGHRILHREHE URZ
Bt TobhiE R -

2. AN EZENEEAES T A RLEZRFT P L e8p4ds0 R A4
GABRIER o

3. THRITPSMZEBENETRAMR > UFARZZALMBERBEE -

4, THRAKELEARIZRBMSEBOT R > REBLAAIERZROE
B0 BT AR SRR R EATIER 0 B By PR

5% Rk

[1] &bk "PEHEELAGRE GXA) 7 ERARIKH Bkt > 1984 -

2] ®BX%%F > ERESMME” > LR A E4E 0 1988

[3] #2348k ~ B k> "RARERE” > SLEIMREE 0 1989 -

[4] #AALEE > 2R BT IR E > LIBINEHF HRA 0 1994 -

[5] #p<F &, 045, “vYXFRAMEZGERER T tEARBTABERE

#t3t4”, Tainan, Taiwan, 2005 Proceedings of ROCLING XVII pp. 113-124.

[6] Allen,J., Natural Language Understanding, 2nd, Benjamid/Cummings, 1995.

[7] Chan, W. K., Lai, B. Y., Gao, W. J. and T'sou, K., "Mining Discourse Markers
for Chinese Textual Summarization." In Proceedings of the 6th Applied Natural
Language Processing Conf. and the North American Chapter of the Association
for Computational Linguistics. Workshop on Automatic Summarization,Seattle,
Washington, 29 April to 3 May, 2000.

[8] Grosz, B. J. and C: L. Sidner, “Attention, intentions, and the structure of
discourse”, Computational Linguistics, vol. 12, no. 3, pp. 175-204, 1986.

26



[9] Grosz, B. J., A. K. Joshi, and S. Weinstein, “Centering: a framework for
modeling the local coherence of discourse”, Computational Linguistics, vol. 21,
no. 2, pp. 203-225, 1995.

[10] Marcu, D., “The rhetorical parsing of unrestricted texts: A surface-based
approach.”, Computational Linguistics 26: 395-448, 2000.

[11] Sadao K., Makoto N. , “Automatic Detection of Discourse Structure by Checking
Surface Information in Sentences”, COLING , pp.1123-1127, 1994.

[12] Smadja, F., “Retrieving collocations from text: Xtract”, Computational
Linguistics, 19(1): 143-177, 1993.

[13] Tomohide S. and Sadao K., "Automatic Slide Generation Based on Discourse
Structure Analysis", In Proceedings of Second International Joint Conference on
Natural Language Processing (IJCNLP-05), Jeju Island, Korea, pp.754-766,
2005.

[14] Wang, Y. K., Y. S. Chen, and W. L. Hsu, “Empirical study of Mandarin Chinese
discourse analysis: an event-based approach,” to appear in 10th IEEE Int’l Conf.
on Tools with Artificial Intelligence, 1998..

[15] Wolf, F. and Gibson, E.,”Representing discourse coherence: A corpus-based
analysis”, Computational Linguistics, 31(2): 249-287, 2005.

27



RS kS Ay
5®Z R A=

PLETRFETEET AT
ma@iis.smlca.edu.tw churenhuang@gmail.com

B BER YA o @ 7 2 pARF T ARIL h kR B
P R E Lt L AITEARY ¢ AT N - o - BE P ASF F P ATER

i d FIREE B AR E 0 A LRE L300 BEINTE R e o 0 v $50 L4 1 PRI LR b g

gy

(Zero derlvatlon) » T &) ?ﬁv;‘?{@ [ R jI‘}LuA 3;“ I)Ll’ﬁ'Fﬁv AP e 2R F%——% P’E’{‘ F% TUE T AT
z

Haro 3 d WERREA LU TR TLHPLE VERAZ BERT S RN Fpta 4§
URELR P AT AR L BE RPN R BT L Bl kR R A NR e B BB
FWG RGBT AR L KA o REAFRD LS VR G I ﬁgﬁm{m,}mh, 0
AHZEAS - BERUAF SN A RHE? BT LAY o I AR PTF LH R aE R
7 R 0 PR BRI R BREPALTREE Y LT L T RESEF D

F B E PSRN A LR 75 T1L8% B 5 T6.6% > F-Score 5 T4. 1% s 4447
Fenfizt SN HCA end T2 47 0 B IE & L ends @ kR (verbal counterpart) e3E # 3 4E (syntax

category): L eficd] > AV A& Z M LT ARE KRB o G FEFEHDL T APREERDI A F

g d
B30 KRG ARE R A W AR A PR o AR RE Lhk d s ST GRS
e fiEhd R oo e ReanL B AR L2 A A3 F LR OMEER - o

—\

PR r it ey [ EEIE 1992] 0 - BRI AST P S LPORER AN
it S B AR L300 o R 0 - BERPREBRIIPARR T LIRS

P et B

PR B IR S- dhg i o R[] e iedR £ 95-02/98- 04]’%‘]‘*"#& LT o
e ite AR LR A - B R AL FERE > e (1)(2) e 2 IR e
(light verb)ehFF =% > 40(3)(4) « Z . BF NM A L3053 ‘Ltim" S Ao (5)(6) o w
BRAMAE LR B L 4o(T)(8)

(1) 42 (VA) [+nom] & (SHI) # (D) #(VH) «(DE)

(2) +#QOA) [+nom] Fe+(VC) i (Nh) £ % (VC) +a+(Na)
(3) #&t7(VC) # & (VE)[+nom]

(4) aE]) FF (D[ +nom]

(5) #2Na) #(DE) # (D) & i¥(VH) [+nom]

(6) # (Nh) #(P) W#Na) «(DE) 32k (V]) [+nom]

(7 1#%0C) [+nom] ¥ =(Na)

(8) # % (VA) [+nom] = 3% (Na)

29



[E241% 1992]3% &1 %2 L { mRNA K Bkd LRRFHAEEIL LA X5 T 4T
F ek A2 BRI ikt LA S S Bl AE 0 R R A .

PR L T R Y Y f AR AR - ot e 3 AR Y e L A
Mgk o wd 309 2 degp L4 L prak L 452 b ch% 1 (zero-derivation) 4L ®3F - ion >~ -
Nigdh Sk S gl %‘Ké%%&é—f# ’
BRG] TR e R AR A FRT
AR AEEA S TR E A S S BB T AR R £ RE 2 RN R R R L o 4o
[Linetal., 1997]4 15 ¢ zi%d L@ P Bl &2 - Jlagg2 RplIv 5 3117 B
hddior § 3T R AR AR i FREF LS AT o SR DIEE A AR L5 BT o)
WEL LR - ERY Y T RTFRRD 20 T AR EINREMNT S 7 £ Linet

L 4
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al., 1997]*1 2 & che 3 %4 L@t
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ment ~ —ing HF# 3 L4 i T

\u_

SR I O
Mt [Lin et al., 1997] > A%~ T2 8- 440 H¥TE 44 ¢ 288 &k o &40 1 %72
SRk 4 E R BITE- H &I TR A B ] L4 2R AL B e

(tagging) s R 48 » B o A ;fuﬁv%‘l%frii:zﬁ*rs{u ;‘?iﬁﬁ%%éa ek iti d 33;] > o QU BEFRIL S A n
AR N BB HE 0 he N T m " (PCFG) 2 PG R R G AR L
Rre R AL ’?“Wﬁ*ifﬁkﬂ“wﬁ’—maﬂ;'ﬂﬂ%ﬁ@gox@,m;%
2 EJ R AL > I3 DG Lp T *T[})ﬁr'?]oﬁr]ﬁt%‘rpﬁjiﬂﬁ? Vi B R F ¥ EN

11

MG h b EETE R AT T ] B R A Rl 2 b0 AR K i A e I B
WL F R REFTE Y ORE I RE AL E oy Y [EEE
1992]~[Huang et al., 1994 ]% Rk D (8 vt Lo fedk o h kiR (verb counterpart)
FRAFTADM G AT AAT UL IARH TR TS A AR - BRI SR L
FARRFARFZ > B P RS LS B AR s B R o A
PR R A RRIPEA PR AR A PRI LR KR A
S LT

L z[E A A T - B iRie (tagging) SR AT 0 A P BRI AL TP o
Sk R ??F“Bf P AT RS - B L PR (Ao Nv) PR R A ke e s i
e ¥ - BRGEAH R A B éﬁi’ém e &g i iR ze (4o(VO) [+nom]) © F i s e
ST SARE A RO TR ARG F A G PR AR YRR SR SRR ST
% $23 (HMM model) » 2 5 5 7 { i&— *5 FRE DAL R o T2 T E > NPT ARARE
g e RS R el a3 E(Naive Bayes Classifier) » 48 81 ¥ — #87] fi nsi3t 58 903] » & ;‘g

dRREP AT L ARG R RAmY Y o x40 FHRITET TR R o

?)ﬁ’é"‘ ,:‘i "f-_‘?\ —‘3_ F[ JL F2N If’E NS ,P ﬁ': 3—- gL]‘L
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I fEAR B3R Fﬁm%] %]ﬂ S of BT AEARY A A
SR RUEL TR I N Y O < J |

DY - R i (bR i iR ) 00 3 SR e tRe 30 ELE AR SR D i8R B~ AT
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WL R T B IRE o AR R EE R ARG b L A Bk o

{

w2 F2 (Na) h(DE) # (D)
R # 4 (Na) »(DE) # (D)

T

iT(Nv) / 2 (Na) «7(DE) # (D) & i=(VH)[+nom]

e
(ds
Z
v
?»w“
j‘i;
v
>_L
H
a1
3?
S
,s’é;“
EL]
N
=
N
i
ey
_:‘1
F_‘-

e é AP TRE R Py~
Lo AT R e in G o LE LRS- BAERPIE Bl o ks ek
‘%ﬁﬁ»g?%ﬁﬁﬁu?%ﬂéﬁﬂﬂ% mﬁ%oﬂﬁ’%wﬁﬁm“

=
LR R IL ERE S ER L S L S L

Wehf ’fr LT E B AIER L4 HETenA P A z’v’ﬁi&»iﬁ{— F1e m L RR T
e o AR R fe b4 SR B - BRCE Y Y RFIELES ¥ AL R R B
AT T RS - HRP T IR PR EF EIEE V4 g:_migﬁw@

B e i e R R N (Ae(VD[Hnom]) € 4 R ike f 4 @8 (e Ny) 0 %0 kR
FEE R L (e VHD o Tt 20 iR * ae ik ohlg R0 -

ﬁ%»:%ﬁ’i I S-S} 3

31%]5% : &4 (Na) #n(DE) 7 (D) & i¥(VH)[+nom]

g [P ] R 4 95-02/98-04]$P 837 £ 1 A KR A M R TILEE TA
LR S AT RPREERE g e Y SR R el T AL ] - K
EE SRV CES TN SR L LS

3. sy

PRt 1997 xS Wi iRie n T R R [P R ) mpedR £ 95-02/98-04] > & ¥ A
g L4 it pen S N R IRIRA Lo AR R RIS TP F 3P o R AR By AN
I L= R

LB F R AT LS A A HEARFAL LR LT AR T R

LA IR K S R TR T s 2 { eIt TR APy
3
- RDES AEY X R P adRie )t e AR BATM SN BN e TR SN

=
RFIEZGRA T AR T L p 2T A LA L F - BAHAT S pp a0
TERE SRS AL AL B FHA g A B R B b
Uit Bl & o FIt o 12957 R 0 A PRI R P & B ] 0 o pag s
(BigramProbability) s @5 ##l » A9 %A 47t > GEBFEVUREAPFECBRAZHE LS
I FR o RBEAL G R o T 5 A T L

R
5
B
EN
b2
%
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W, the word at position i

v, the verb at position i

t; the tag at position i

v, (t.)[+nom] the nominalized verb and its tag at position i

v, (t,) the non-nominalized verb and its tag at position i
(t;)[+nom] the nominalized-verb’s tag at position i

(t.) the non-nominalized-verb’s tag at position i
v[+nom] anominalized verb

V a non-nominalized verb

c(v,):{w,_,,t,,,w,,,t. } thecontextof

LEaRs 57 4 13
Pt HETAA A L VR - BRI R A B PR e N Y R S ﬁffu{%fﬁ;‘
BF A APRNAFEA FEANERNE T AT AR A B RRFEZEPEORT
Fz i HMML > A @ KR 2 s anicd] >l 5 HMM2 o ViR @i S R R S

Tk A AT (T 5 B flice 9 SRR RE D 28R L T Y 5
- BE- BT

\\\?{y

3. 1.1 Hil-1
FE - BBl T REF AP ERR- BT T HE - REPPLT RS LR R

A E(rE- BEe R v LH AP T Ewipe- e o BT ’ﬁ? UFEE S ERT
ﬁﬁ$Mié?vaﬁﬁ@ﬁa%ﬁwé>’%w¢?u%~ﬁzi%ﬂ@mak BePaR o e
Ny o B1otgedp 2020 0 e pR df iR se enR A R AGPEER 20 - B - TN e 41 g 3l

n
H[P(Wi [t)x Pt [t,)]
i=1
SEES Ll R R LRI S PR R ST E RS R
5P 2] 8 it iaw’ﬂwm%z%ﬁMWﬁ%%?%%?ﬁo—@&ﬁﬁmwm’%aﬁ
0 Bty PR AR DRI AP T S o 2 9PV e RO A & R - BB e

LR VIRGEE S S NP A AT - BEIH P FTE/__L o’.j—rgg,ﬁ;;psﬁgfﬁ;,ﬁgi:

.,\,

fh%]» M e = T S-S 2
ZE UMMt : &4 (Na) «n(DE) # (D) & iT(Nv)
PR BB PR IREE R S 84 (Na) «09(DE) # (D) & £(VH)[+nom]

3 1.2 Hi-2
HE - Bt T ko AP EK - BHITA T2 R HFOREL G A R L

R AR R R A N T Y e BT WM o rR AT Rk R R
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Rk o R “(VC)[Jrnom]" » “(VA)[+nom]” -+ “(VH)[+nom]” ---%
£ 1T LA PERSE T XU B PR SR @ SIS o 1T IR AR iR

G 184 g2 &F

S MMt - &2 (Na) «n(DE) # (D) & i¥(VH)[+nom]

32. LN E
LA HIETE G T LR G - BRRR R TR v TG - o AL SR AL
PRt B R ATRen i e it P‘H*I > - BEEPE(r 50iF) A RE i%ﬁﬂ%&{v}%%@%ﬁs
el T o HET S B R R E - - H S (o EF(VHD AT U A BRI RN
VH) » B 8%4 230G & (F(VD[4nom] » &7 v &4 1 2 Rimeesgizsesg & VD o
iﬁﬁbﬁégﬁﬁ—%?%Jﬁmﬁwﬂﬁ%ﬁiTé{ﬁiiﬁﬁﬁ@%’aiTﬁﬁﬁ
ARG b AR AR R AR s AURE R ADME 0 BT APARIE A LG AR AR R A R S Pl
2T o E 2 R P T TR R ffit (data sparseness) SR AL o Fpt o SRR e e
Bikie e ¢ 40 0t 21410 B RJL 0 4 q*fum AR~ o S B ALEERGEE T AR A S
B2k 2L HFHAY EREFAFE AL AL TR PIE 2 7 AR
Aol T2 o iF L AT S BT X R B e R S RE - B A
AR TR G A BAES > 7 [tnom] & A # Z [+nom] o T B HIP E B AT

a1 B4 ;3 g
i HMM 5 : &4 (Na) «(DE) # (D) & =(VH)
FEs s ES 54 Na) 5(DE) # (D) & F(VH) [+nom]

APRNZEA RHFUPAFEE S RAB PR AR AL F RPN L2 S
Classifier-1> A %A & KR &~ HF2 @3] > 2 5 Classifier-2> &~ #3

ki D FoA HFERagaicd] o iz & Classifier-3 2 *T U@ A3 B FE > 4
&P E'ﬁ“,frf"l FHEED - BEREARDOLFR2 o t‘i;ﬁt TER R RGP AT B L
Pilergr R ERDET VA PRERMEF VAR IR DL G2 BAEES Y R 2

YR 2 W (SR AR 0 4 R HIETE 2 WS o

Bayes decision rule:

Given a verb v, , its tag t; and its context c(v;)

if P(v, (t,)[+nom]|v,,t,,c(v;))>P(v,(t,)|V,,t;,c(v,)) choose v, (t,)[+nom]
elsechoose v, (t;)
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P(v, (t;)[+nom]|v,,t,,c(v,))
- Pt MO, 4 enom
= P(v;,t;,c(v;) |, (t; )[+nom])x P(v; (t;)[+nom])
= P(c(v,) |V, (t,)[+nom]) x P(v, (t,)[+nom])
= log(P(c(v, )|v t, )[+nom]))+ log(P(v, (t,)[+nom]))
=log(PEW,_; .t y, Wi .t 3V, (& )[+nom])) + log(P(v; (¢, )[+nom]))
= log(P(w, , |v «, >[+nom]))+ log(P(t;_, |V, (t;)[+nom])) +
log(P(w;., | v, (t; )[+nom]))+ log(P(t;., | v; (t, )[+nom])) +
Iog(P(v (t,)[+nom]))
= log(aP(w, , |V, (t;)[+nom])+ BP(w, , | (t;)[+nom])+ yP(w,_, | v[+nom]))+
log(aP( o [V (t)[+nom]) + BP(t,_, | (t,)[+nom])+ »P(t; , [v[+nom]))+
(
(
(

log(eP(w,., | v; (t;)[+nom])+ BP(w,., | (t,)[+nom])+ yP(w,, | v[+nom]))+
log(aP(t;,, |v; (t,)[+nom]) + BP(t,,, | (t, )[+nom]) + »P(t,., | v[+nom]))+
log(P(v, (t,)[+nom]))

Classifier-1: «a=0.8,=0,y=0.2

Classifier-2:. a=0,=0.8,y=0.2

Classifier-3: a=0.54=0.3,y=0.2

The calculation (V (t) v t,c(v, )) is similar to P(V (t,)[+nom]| v;,t;,c(v, ))

4. R =%
ORGP A NEAR S ARHR A PP RS E o

41 RHER

RGP G R T RE A T S 0 I h R R - B AR
FHTEALL » F 2 A e RS SR ERIRE LR (K R R R R T AT
PR E S e d)

4ot # (Nh) &£:2(D) L2 (VK) £2 (Na) «»(DE) # (D) & i¥(VH)[+nom]
B ARG ITL RIS 0k mﬁz;] IS frﬁi%] AT

ﬁ%])»:@ w2 LR B4 2 LT

wd sk (N &2 (D) A=K 2 ®Na) #2(DE) 2 (D) & i€ (VH) [ +nom]

W B B D AR % (T 5 GEAL B 2D 8 I F AR X e B4 T e
e o ﬁtmﬁﬁ MBS PRERREMEIN FRZR D R RS —F‘]‘?'P??Lla’f-ﬁ—i]m% oo %
2R EapimF A "B 27 FFEY 73 @B iR “®PWE ATEMAL
PR B (TR LR L e ) BB e TR R B A TR A
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S LT = R CRNREECR T AR SO A S T

%1, TERERESLE

ir (1) # 33 B (VE) t i BN &3 10 2 (Rofv)
5821222 1205208 90951 7. 5%
AT LR AL A Y - S R AL B PR e A%

FPAPEBRPREES A EHFEAR A 2T LAY

22 2 LAT LR

EORTR T

Wi Vi Nvi RofNv
~ & | 939656 203863 5974 2. 9%
4 5% 11061336 212387 14062 6. 6%
AL g | 2330536 486901 47759 9. 8%
FE | 399934 77828 7739 9. 9%
g | 527602 112703 4869 4. 3%
FpE | 562158 111526 10548 9. 5%

‘ﬁi”a‘ifﬁﬁi%*”}i”’ﬁﬂ” FRAFN RS THRTHE > 5%y 7 AP BUREE R

N2 F v EEHELEEAR A IRE T EFEN DL
3. A RFANLF A
W4 Vi Nvi RofNv
% 5 3 | 5193355 1086887 87130 8. 0%
T F 627867 118321 3821 3. 2%

Hd AAE F PR RAPHI A FE S D R A A0 R o L MR o
AR KRB HOFLEIEREZ AL 4 BREFEGTVUERDIRFY A B R RE B ORI D HEA SR

e

AT g B cn 80%E (E I R AL

0 20% % (EREE R .

SRR ¥ i AT

AT R GRS A G PR AL A o AR e AL B T R
Poopw B RRREA G BAVIGER 0 2 R T AR GRS

4.2 =L ¥

BT L e B L 1 e

(precision)™ % = & & ﬁ e F-Score %3

H4 0 B AL AP L

J’_—E'-o

Recall(R)=Nv_Match# / Nv#
Precision(P)= Nv_Match# / Result_Nv#
F-Score(F)=2*R*P/(R+P)
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-
.
3

FINVEE_ %% F o v #3058 Result NviZ =+ %?I deynd L B #c  Nv_Matcht

EIPAR R B dce AR RE LR R R - BB R ER

% 4. 2 A HMM BlES %

HMM-1 HMM-2

R (%) P (%) F (%) R (%) P (%) F (%)
v 8 | 477 62.2 54.0 52.3 66.0 58.3
4 7% | 59.4 66.3 62.7 61.3 67.1 64.1
it ¢ | 69.4 67.3 68.3 71.6 69.4 70.5
4 | 63.4 54.3 58.5 65.8 56.7 60.9
g 594 58.6 59.0 62.5 59.4 60.9
£ 7 | 64.6 67.8 66.2 67.1 69.2 68.2
¥4 1659 65.7 65.8 68.3 67.7 68.0

% 5. % F 2 38 er Classifier B2 & %

Classifier-1 Classifier-2 Classifier-3

R(%) |[P©®) |F(%) |[R®%) |P(%) |F(®) |R (%) |P (%) |F (%)

~ g | 536 75.7 62.8 50.7 73.1 59.9 51.2 79.1 62.1

4 7% | 65.0 76.2 70.2 63.7 75.7 69.2 63.8 79.6 70.9

A€ | 75.9 75.6 75.7 76.3 75.9 76.1 75.7 78.2 76.9

2 1689 62.4 65.5 70.3 60.7 65.1 70.0 64.7 67.3

g 635 68.1 65.7 62.0 66.7 64.3 60.0 69.2 64.3

i | 71.9 2.2 72.1 71.9 73.5 2.7 71.4 4.7 73.0

& 723 74.0 73.1 72.3 73.9 73.1 71.8 76.6 74.1

Bl 1 % FiiEaaHMM 2 2 Classifier il % %

100

B HMM-1
HMM-2
Classifier-1
Classifier-2
& (Classifier-3

F-Score(%)




% 6. % FENAHMM pliE s %

HMM-1 HMM-2

R (%) P (%) F (%) R (%) P (%) F (%)
2 %3 | 638 65.6 64.7 65.9 68.0 66.9
v 63.4 64.1 63.8 65.0 61.9 63.4
FE 63.8 65.6 64.6 65.9 67.8 66.9

4 7. % e 3% 0 Classifier gl %

Classifier-1 Classifier-2 Classifier-3

R(%) |P(%) |F(%) |R (%) |P (%) |F (%) |R (%) | P(%) |F (%)
%% | 695 4.7 72.0 70.1 74.0 72.0 69.3 17.4 73.1
v 65.7 |678 |66.7 |644 |682 |663 |642 |69.7 |66.9
*& 69.4 |745 |719 |700 (739 |719 |69.2 |773 |730

Bl 2. * F#E N HMM 2 2 Classifier il % %

75
HMM-1
S 70 N HMM-2
g 65 Classifier-1
;(i% 60 Classifier-2
B Classifier-3
55
i

4.4. R B3t
FAMHE R RF o & 28F I AL g B F 2 Hpeh L 1t FRF (A8 5 9.8% 9. 9%
% 9.5%) 0 G AfrA S AP T U REFRD L FoRIBEREOH G BHLERNET
AN DL A ANE 0 AREE R RS AL g R R RER R (S B
SRR Rt ARG L AR R o B hen A LR B AR L 1 v (9. 9%)
2 6%) % o & LA HoD] iRl % AT IR R SRS RS B A S R A
WEe L i o ERT AEERG ]G B R EFIERE A QAP EH2.60 B) o G
e %mi)ﬁlp FA G DB R B AR S cn BT AR N AR PR K ALp AR
F Al Bl MG O R R B TR e T o P N L5 I RO R R e T
WA A A ¢ BRI RE STk 1A 3 A 6 R AT APFRFN FF
- BB R R P R RAGER DT G M LR U O] T 3 g
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F LR ETE & o

§ T U F A R S M LB R - R g L
H e 7R B L e S PUE R Bl FRE( R v 2. 9%) T sE AR (4 5 3. 2%)
kel v PSR R > A R A e R FTER A o
4.4 1 HiH-1 vs HIW-2

HMM=1 = HMM=2 v - e %] 53t HMM-1 A & 2 &30 kReid 2080 @ HMM-2 % » 7 &3 R hE
FEFHGEL3 L&) HE - BEar T2 RE O] LBER- BEIAOFTIHE - B
F kR E G R L iR 4 HMM-2 RIALEGK - B R T Y St - SRR R D
P RRFE G RHROLF RN AW FEEPEDRRFE G A - DL R4 o

d 242467 g HM-2 ~ 8 &5 - B E3FHT s - fﬁ;éﬂ‘-iiﬁn‘%(R‘P‘F)?m“
HM-1 kB3 (vE- G?hE 0 P 2 F)oipd 3728 1 HMM-2 ik sz 200 i FEeh e KR
BRI g iR £ B hk oo

g k- (= F’JM?‘}:;%":;‘ Fryrif o [£+41% 1992]2 2 [Huang et al., 1994]4%
Apdi - B B A E B F A F AR L AR AN A LA R T v P E
DI REAR A o d & 4§ %..:a%fr? MORERBRE > AP E- e g R LR AR
FA B P EHAITE S F A AR ER SR Lo AT S s LR T
dEFARE BEROEE c BRI BT 2 (VA § vl EB FEE R L
H S 3F 02 FF (agent) § iR A H B3 3F 0 g B IIRE LRl i*ﬁé’?‘fi%; B -
a7 3E (head word) > 1F 5 i%d L3R enig A4t g o

c:®4 Na) 7=20OA) 2> 7 =A)[+nom] £ 2 (Na)
#4 (Na) ZHOA) > #4(VA)[+nom] £ 2 (Na)

o35 o d %H T2 2 Sl e a3 Fm aFiz 7 ?T??é“fiw RF TR P
Apg - VAR ‘“f}ifipv BT BT T g R VA g RS Ly g AT
e AT 3T o

08 e (VO* 43 benliim v B SR T X0 F 7 64 50 adighd R &
Wi i AR g % o

vl g4 Na) &G0 &#%WNa) X se#F(VCO)[+nom] % 4 (Na)

“FHFOVO) [+nom] H2 (Na)” £3 &7 2 3Fkehe REL VO b W) FRT ¥ ¢ 54— %
Ao APEI - BVCH %é?f.‘zéﬁéé" AT U F ERieRVCAESYF oA FL AT
k3R e AR BT EAME v 0T 2 F 3R VO A R SR L2 B4R A
H 3 wﬁfmii—ﬁ‘ o

Flot o AR U ER L PR T2 (el i CH AT ) S RIREEE
17 fe 8030 (e T w (VA e “@2R(VA)” ) 3 FApeh o it Bt 4 > 5 473 ok iRiFE
FRRE (e CVA e VO & 2 e dr it it 4 o

Rl
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4.4 2 H vs Classifier

d Bl 1fc@ 27 rug 4 Classifier #3352 HMM 23 X #747 o
MM%%%{umBm{$§W§gﬁﬁﬁﬂ’ﬁ%%wwﬁﬁfWmﬁi%gﬁfﬁiéo

e fakghg A @ * ppakiEp o 4 o Classifier PIZ ¥34pF » T enifgh g f 7% * AP AR

FLt T2 d2 b {fApMany- H4 gk @& 11’** EIALE A U NS

BLE U D4 BB SR hp T F B ] hd R % o A A R b R o
ﬁﬁﬁﬁ%ii’iTéﬁ?ﬁﬁ%W L it 2T BRG] A F R Gensi it A f

Priv g £ W Ak enBlgEd e o A P T A i Classifier 031380 5 8 % =+ 4p s

(window size=1)&%@ g {oidsf » A RB7 L 2 # BB H 2 ¥ (window size>=2) ik

REFRH L e o
4.4 3 Classifier-1 vs Classifier-2 vs Classifier-3

d % 54rd 7T+ g Classifier-1 §r Classifier-2 e»c % 4p § #f 02 ©

h P koo Classifier-1 &%t Classifier-2 en& 3R4Fi3 s 1§ Fla g * it T =
Frgeenfiimz T o Classifier-1 1% 7 kiR A P2 B { 4o wemn &> & Classifier-2 4r ¥
F o RIREE RSB RGe R T  o B A A ERCR TR T i R Ar R Gt e A iR F
Fropkag R LT 4.4 ] andis o f'[‘ui;ﬁ» - BRI T YRR - FEEHED
Pl RRFEFANDEF RS > A RFEFEORRFE G R - R L R4
AP E AP RRPE AR TR AL AR R A ST — ek .

FIL AT g o R RGPOE A PR Uk - TR NES 4 R B il KR A
BT OB - RARR s L 2 R g A PR A R LKL AR - BT

Classifier-3 enp¥iz » TF 7|7 B4F LA RE S M2 kG5 gi o

5. &

-%pg

AT ? AP/ A BIM B LR 2R A RITL B L (2 kA A4
FHAPER APLAIT T ARLBENF R AE TS bR HRE B R BEEAR S
o AP RRd L and @ kR (verbal counterpart) i 2 R e B FH G R A ¥ A
o BF R RFAOS Y A PERF LB %%ﬁﬁstQ%{ﬁﬁﬁﬁa%&gé{ﬁ#
SRA O RH SRR A A i BT gy BT R A F TN Bl AT
FEBALIAY Y > T RE NN HFRS - AR A E NP ERIERL Lo
¢ 7 %5 T1.8% > Bras 5 T6.6% F-Score = T4.1% -

6. A kFEF %

FHp b L HEOARF ARG Ao 5 - B e LR - HRYFFL TERTR
(4- window size gde ) & —‘ﬁ ARz ~FLFN (R *FLHEY) o d v pe g
%§m4?ﬂm1@w$wﬁﬁﬁﬂﬁj P EMAE L § oS P RdE R R Lk RPE A
WA (oF RN Liodp A3+ L& 2875 -
Fo e E g IFB‘}“TJ'E 6 2 g L y]%ﬁvnggvﬂ% © U R RIS 0 BATERF S HN > Ao
“1E 2 g7 (Conditional Random Field)#t & “# #E» £ %" (Support Vector
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Abstract

TR, DRI E IR RAR B 2R BB TR — B E EA M 5 R,
RS EFARERER AR, BEEFEE (Lexicon), [FZFAFM (The
saurus). FAZEMEES (WordNet), EZE 517488 (ontologies), B E—EAH]
BE®BS, B, SRk et S s 2MHMTEEH, BT ER
Rz —HFAREEER.

IR, FREAERE L T —TERN B ) B TR, B LS8
REERNSHNEEN S, E—HEEZEH, A RH—EE IS
THIEFE M (Princeton WordNet) E2ERFEFH#E (EurowordNet) 2 bootstrap-
ping 75k, FERTEIEE SRR GINFARERM R BEEC TIF L. &
ERA S RELHIA T, MBS PR EEE —EEE TR,

.Y

S|

il

AT, DAIRBE RRAR B R EEBMWE RS —EE R, HRaHE
REAIRCER, BFEE TR (Lexicon). RIZFFAM (Thesaurus). FZERE
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B (WordNet), ZEHFHAE (ontologies), B —EA AT EHER#E, Hf, 5
s O RET R S 2T, RRLEN M —HEEYE (de facto) &
RERE,

AR AR 2 (synset), UK GAZEEER % (lexical semanticrelation)
A ZE M AU B R AR . thAtEER, MR R EN TN ER AR SR
SRR, EARKE T AR HERIFERER R, R, 176X MREE S R DU B
##d (EurowWordNet) HIERERERRE, B2 —HERFENIRREAGES LE, ¥k
RENGRE. FHEERECESNE, B NEES EHRERT S, (LaRsE
BHABRENAERZ, ZMTABTHESHPH=ERESR (conceptua atoms),
AREAEZENRCRESRN, BEREAREBERRRNRZL, MEEEFEAEES
[EEHE] W TMEH] PEBRREACKGE. BEEFANZERR R, DUNEH
ARSI B, BURK T — 1 B AR T 2R S

ER DL REIE, A SO RN . 55 it B §iE BN E i FR s EE R (R
R EEBEE. FHBFEERE. TR, ZMRE T - BERNEER
R R E R RET, XEZ BN R E R R CTMELE, RE—H IR
A il B AR R BR

rIIIH

2 FEBERGRZBEBAER

TR, Bt H B P E S BT A RE R AR MBS 2. BT ERR
A E, RO BRAGER: FAEEER, B AEERSEERZH

o

Tlo

2.1 {FHEEZER

W HER L EERERMEE RS E, FIAFzEEEEN (lexical-syntactic pat-
terns) B2 [# £ |(cluster) ZRMENGAZEE BRI R, B TG HRAIEE 2 P2 BRI
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ERER: (1). i EER R A AEE, KPP ERZREVEZHRGRL,
B4 is-a, part-of 5.1 (2).FrR EREZE EH (seed instances) K%, i (Pen-
nacchiotti and Pantel 2006) FT#Ef) Espresso 1 &k, AR L 5 i fE 42 H g i
%, BRIETE LARTE, WERHREE- P BE,

22 HHEESLEER

A& fIE 7 1) B0 A5 B E RERERLE (Diab 2004); Il FfR] & & i BERE 952 (bilingual
correspondences)? B3 B LAFAE 2 M8 (B H (R METIEFHE). & CHME
B % 2% (Pianta, et a 2002; Huang et a 2002, 2003, 2005), P45 7 3 {E a5
AHZ MultiWordNet & & HEE T Z BIFEY.

3 EEERETEAGE

BRI 2 SCET 3R, ASGER, BIRDENSBRE TR, R L, BEHR
MSTRABKRE. A, BIREFEZSEEIREZLERE 1 LIE

3.1 FHM#EHZ Modd: Bootstrapping from Multilingual Wor d-

nets

A SCERHRIRER ) BERS (Huang et al. 2002, 2003, 2005) Hy#EFER A, SERTE X
R, CELE SR EAN Y & SRR 15 58 38 28 B AR TR A i B o B R AR I AR St
fE (Huang et a 2003) H, &% 210 SR (lemma) MR/ NS 3Bk
ELFME, ACRIBHEC IR ERE, E— SRS RS RB AR (HE M R FE
B . JREN, AR L, BRI B RTE DT G IMEFr E B R e £ TS E

YhsE NG R FTEE Textual Entailment 2 Bi1%.
2B, FEHBMEIR LA EED], —HEENZALN—ER [RERRL. o, efTeeE

& B E R ST Flsynset PG TR0 AR
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X FEEFAERE, ELFHEET L, BFIGFEEEFINE (Vossen 1998) 7R A B Br

Ro HPHHE TGS,

_ﬁ,_.
AR =o

==
Foo

IR, HTIER. TE. TE. ¥ B B SE S L AR

AR 2 model 7575 i BB R EE:

YR LB MR, TR At—EfFRE (correspondence) EZ 1 {E (collabo-
200 TENRIFEE A < ML IERA (R, R D BRI LIFz
—EHERE, RMAE, EEAEMIEZ R ARG RS L, MIEE
T IEHIFEAHE (top ontology) BiFFZ#EE L (word trandations), [t4;, 7EE
FHUESEEE T b, BMT/RR M T 23KE/81% & (Global WordNet Associa-
tion) ATz XML/Schemat&=t, DU K 2R ERFE FlEHE4 (global word-
net grid) BRELEHE,

rative) 4

H—7FH, It model AITER—{EFHEZ IRERE (rapid prototyping) #E.
JIIEE G AN (R et o iyl
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Figure1 H1 /@R T3E EEAL, MR (Huang et al 2002) Z HEFE AR A, [EHHY
BIEY, I, X FRIRR, TR ABARERZY =T+ X . F3EIK CW1 E CW2
R FAZERERR Y AR EE 1 8 X FUEERSS (functional combination).
REENPITFR, R CW1 E EW1 MK 1 2EERE, BELERAE EW1
B EW2 MREEERR X , A ElEE CW1 B8 CW2 WIBMR. FE, #H
synset ZHi, Al E— SRR HMERENARE R NHEE. BEES).

T, AN RIFR BN, —HEEHEFAC—E R [REMERL ERRER
(B0 LT, S B2 RE) AR, BMMBEE R BEN EeE
HiAIl, FAE—RIF T AP E AR 3 2 35 R A AR B HE AR 1) 3

32 FERZFEER
AERAEEE AN EROET:
o MXFABZPIER. AREN ERE Tl PR S S NMERT
SERK 2 LA SRR % E I (lemma) B IR 4 Bk

o MPZREEE synset ¥1FEE R ERFEIET (Huang et a 2003), L& FHERH
R gE ke B RRH R B IR A R [F B %, B 7 2L WordNet 1.6 2
09,642 E[EFHFE (synset) BEMES FI X HEFE,

o EREEETHER EMRETIE WordNet 1.5-1.6 #ffEsR

33 FB&

o ERH G synset
RS IEAE B B Ay G EIERZ synset #&20G%ET, MR gloss

SHME RIS R (Huang et al 2005),
AR R RNGE B http://own.ling.sinica.edu.tw
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I X Y Bootstrapped Results
1 HYP ANT ANT {CW1, ANTONYM, CW2}
2 HYP HYP HYP {CW1, HYPONOMY, CW2}
3 HYP NSYN HYP {CW1, HYPONYM, CW2}
4 HYP HOL HOL {CW1, HOLONYM, CW2}
5 HYP dlother LSRs undecided ?
6 HPO ANT ANT {CW1, ANTONYM, CW2}
7 HPO HPO HPO {CW1, HYPONYM, CW2}
8 HPO NSYN HPO {CW1, HYPONYM, CW2}
9 HPO MER MER {CW1, MERONYM, CW2}
10 HPO dlother LSRs undecided ?
11 NSYN ANT ANT {CW1, ANTONYM, CW2}
12 NSYN HYP HYP {CW1, HYPERNYM, CW2}
13 NSYN HPO HPO {CW1, HYPONYM, CW2}
14 NSYN NSYN NSYN {CW1, NEAR-SYNONYM, CW2}
15 NSYN MER MER {CW1, MERONYM, CW2}
16 NSYN HOL HOL {CW1, HOLONYM, CW2}
17 HOL ANT ANT {CW1, ANTONYM, CW2}
18 HOL HYP HYP {CW1, HYPONYM, CW2}
19 HOL NSYN HOL {CW1, HOLONY M, CW2}
20 HOL HOL HOL {CW1, HOLONYM, CW2}
21 HOL all other LSRs undecided ?
22 MER ANT ANT {CW1, ANTOMY, CW2}
23 MER HPO HPO {CW1, HYPONYM, CW2}
24 MER NSYN MER {CW1, MERONYM, CW2}
25 MER MER MER {CW1, MERONYM, CW2}
26 MER adl other LSRs undecided ?

Table 1. 55 R B tho i HEE AR A
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matching B /73, it V8 E AR

o (RIEARIRH 2 AR WordNet 5 EuroWordNet %5 B G 5238 = B 1%

4 HERRGRETE

41 EARBIREGR
U BIREFIH L, xmi # X AERRR 44 5

<synset id="00002517-x">
<gloss>TRMEHE A& UFE BT ER.</gloss>
<variants>

<variant sense="01">ftff</variants>

<variant sense="01">¥{H</variant>
</variants>

<ILIRelations>

<relation type="SYN" targetID="00692314-v"/>
<relation type="HYP" targetID="01529684-v"/>
<relation type="HPO" targetID="00692437-v"/>
</ILIRelations>

<internalRelations>

<relation type="HYP" targetID="01529684-v"/>
<relation type="HPO" targetID="00692437-v"/>
</internalRelations>

</synset>

<synset 1id="00002004-x">

<gloss>RIEHN, RARFEHMAORGED, BEETER.</gloss>
<variants>

<variant sense="02">¥f</variant>

</variants>

CHIE R TEARRNGEE AN, BREHIES TEREN 2. fEHERH, B
WHIVET FMESE Quality Control. EFEFEHE TR MEME: (1). TRIH I synsets AIE R
synset offset; (2). HFIH) gloss A1 EIHIE AR ETIEIRE offset; (3). MEMISEERAVEERE, A1 TFIEE
fERT RE AR

— NGRS RFEFRRE AR LS R ST BEEE EH ... D,

— NGRS RFFRRE AR LS R SFERTBEE EH R 2.
— NGRS RFFFRRE AR LS R ST BEE EH k... 4.
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<ILIRelations>

<relation type="SYN" targetID="00138021-a"/>
<relation type="x_similar" targetID="00137150-a"/>
</ILIRelations>

<internalRelations>

<relation type="x_similar" targetID="00137150-a"/>
</internalRelations>

</synset>

<synset 1d="00001749-x">

. BERAYIHHE.</gloss>

<gloss SEFEH
<variants>
<variant sense="05">%</variant>

</variants>

<ILIRelations>

<relation type="SYN" targetID="05587878-n"/>
<relation type="HYP" targetID="05560878-n"/>
<relation type="HPO" targetID="05588413-n"/>
<relation type="HPO" targetID="05588725-n"/>
<relation type="HPO" targetID="05588822-n"/>
<relation type="HPO" targetID="05588960-n"/>
<relation type="HPO" targetID="05589074-n"/>
<relation type="HPO" targetID="05589169-n"/>
<relation type="HPO" targetID="05589301-n"/>
<relation type="HPO" targetID="05589430-n"/>
</ILIRelations>

<internalRelations>

<relation type="HYP" targetID="05560878-n"/>
<relation type="HPO" targetID="05588413-n"/>
<relation type="HPO" targetID="05588725-n"/>
<relation type="HPO" targetID="05588822-n"/>
<relation type="HPO" targetID="05588960-n"/>
<relation type="HPO" targetID="05589074-n"/>
<relation type="HPO" targetID="05589169-n"/>
<relation type="HPO" targetID="05589301-n"/>
<relation type="HPO" targetID="05589430-n"/>
</internalRelations>

</synset>

42 #HE

HERCTE L, BFHRIEE(2002) A 3GARR AR PIE R A, 362 E)
EuroWordNet Befirse o 575 T ERIFRE, BFIRER T —E/E 2 FERH. Fig-
ure 2 R AM BB . FAE=RIFIH A TFERRO

SRERIRER, H RiECEE R B ik 2 B R R
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File
‘ Offset

00001150
00001154-x
00001155-x

00001164-x
00001169-x
00001170-x

00001179-x
00001183-x
00001190-x
00001191-x
00001194-x
00001196-x
00001208-x
00001210
00001214-x
00001215-x
00001218-x
00001221-x
00001223-x
000012 26-x

[

Variants: BT BT,

Total relations: 14

| Gloss: LIs8% ) E -
00001148x |=!

;‘_LSR .‘-lSvnset “.Gloss

aNT

i T \x_entailment 31T,
X | x_entailment 3H,

[HYP 2
{HPO T,

x_also_see #TF,

[y e S

e -
[ERR S R A o
EEFLIEETE -
EEFELEETE -

HCorrect
00003561-x Correct
00003160-x Correct
00005711-x Correct
00007397-x Correct
00007397-x Correct

.Relatians: 3351 (23832) .#
Figure 2: il TEZ BN HE
HM B ARG EREZRLTT
3057
P 1S = 1 =94
recision ratepy, 3952 * 100% = 94%
2673
Precisi = 1 =
recision Tateeyn 5081 * 100% = 89%
correct | incorrect | other | total retrieved with Chinese syn. | total retrieved
BLEEGAME | 3057 124 71 3252 23832
BREEEIME | 2673 210 o8 2981 19711

Table 2: FMEHRE
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43 BB

efR BF, MR EEE—-EHE TSGR, E&EFBEMIREZ 85R
SMRE, MBI RRBE LN 2 /NRERREN, HHlZ FEEEREE
ERIBEFI KR 2 { MPT, x _ similair to, x _ pertainym, x _also _see ... } =
ANT = HYP = HPO = { OTHER RELATIONS } , #fll~ B E e &5
TR T T, Mo, MR A X BB £ B ERE, ORI ERRE (lexi-
cal gaps) (A —E#ESTEF B HEZES AT ANFARKEENAF). BHE
F (denotation differences) (A% #EFELE, (BRI SHI TR EAINE) F5, 10
TR 1 sefRiE L FE R A (R A TERYEE B R, EB B E— Pl seERE

HEBMRRAE, M B R R B EEE R L5 2188 (global) ELEEAY (lo-
cal) FHEMmEEARETF. AXET T HBREREZ FTE, MH AL T

SRR R R R (RS 2 B, (EBLERE |, AT —F SR G
. FFEA A FEZEER (lexica paterns) {EEHHIERE (gloss). FEEIESE IR
FREFREERR, NEENREEBAGEEARETARABEIR (B
HanziNet/Hantology), f##%%s B 81227, K FIEEEEKENS BBFANBEEE
B, A HEMEEEERESE,
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Abstract

In this paper we study the problem of learning context-free grammar from a cor-
pus. We investigate a technique that is based on the notion of minimum description
length of the corpus. A cost as a function of grammar is defined as the sum of the
number of bits required for the representation of a grammar and the number of bits
required for the derivation of the corpus using that grammar. On the Academia Sinica
Balanced Corpus with part-of-speech tags, the overall cost, or description length, re-
duces by as much as 14% compared to the initial cost. In addition to the presentation
of the experimental results, we also include a novel analysis on the costs of two special
context-free grammars, where one derives only the set of strings in the corpus and the
other derives the set of arbitrary strings from the alphabet.

Index Terms: context-free grammar, Chinese language processing, description length,
Academia Sinica Balanced Corpus.

1 Introduction and Overview

In this paper we study the problem of learning context-free grammar (CFG) [1] from a
corpus of part-of-speech tags. The framework of CFG, although not complex enough to
enclose all human languages [2], is an approximation good enough for many purposes.
For a natural language, a “decent” CFG can derive most sentences in the language. Put
differently, with high probability, a sentence can be parsed by a parser based on the CFG.

The main issue with CFG is how to get one. Generally speaking, learning context-
free grammar from sample text is a difficult task. In [3], a context-free grammar which
derives exactly one string is reduced to a simpler grammar generating the same string. This
achieves a lossless data compression. In [4], an algorithm of time complexity O(N?) for
learning stochastic context-free grammar (SCFG) is proposed, where N is the number of
non-terminal symbols. This is a great reduction from the inside-outside algorithm which
requires O(N?).

Context-free grammars can be used in many applications. In [5], an automatic speech
recognition system uses a dynamic programming algorithm for recognizing and parsing
spoken word strings of a context-free grammar in the Chomsky normal form. CFG can
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also be used in software engineering. In [6], the components in a source code that need
to be renovated are recognized and new code segments are generated from context-free
grammars. In addition, since parsing outputs larger and less-ambiguous meaning-bearing
structures in the sentence, for high-level natural language processing tasks such as question
answering [7] and interactive voice response [8] systems, the design and implementation
of CFG can be crucial to their success.

If the goal of learning is to acquire a grammar that derives most sentences in the domain
of interest, then a good one is apparently domain-specific. An all-purpose CFG is not likely
to be the best since it tends to derive a much larger set than is necessary. We thus propose
to learn CFGs from corpus. The basic problem is this: Given a set of sentences, we want
to find a set of derivation rules that can derive the original set of sentences. Note that
there are infinitely many CFGs from which the original set of sentences can be derived. To
discriminate one CFG from another, we will consider the costs they incur in deriving the
original corpus. The cost functions will be defined shortly. Thus, we are proposing to find
the set of rules that can derive the original language with the minimum cost.

This paper is organized as follows. Following this introduction and review, we analyze
two special cases of CFG and the proposed rules in Section 2. The experimental results are
presented in Section 3 followed by discussion and comments. In Section 4, we summarize
our work.

2 Mathematical Analysis

2.1 The Cost Functions

There are two different kinds of costs in the description of a corpus by a CFG. The first
kind is incurred from the representation of the CFG. A rule in a CFG is of the form

A—B. (1)

It consists of a non-terminal symbol A on the left-hand side and a string of symbols 3 on
the right-hand side. The cost of a rule is the number of bits needed to represent the left-hand
side and right-hand side. For (1), this is

Cr = (1+10])log |3, )

where ¥ is the symbol set and |X| is the number of symbols in ..
The second kind is the cost to derive the sentences given the rules. In order to derive a
sentence W, the sequence of rules must be specified in the derivation from S ' to W,

S=a;=---=W, or S=W, (3)

where we have adopted the notation defined in [1]. The sequence of rules always starts
with one of the S-derivation rules?,
S — a. 4)

This step results in a derived string «. If there is no non-terminal symbols in «, we are
done with the derivation. Otherwise, we expand the left-most non-terminal symbol, say X,

I'S is known as the sentence symbol or the start symbol.
>The Z-derivation rules are those with Z as the left-hand side.
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in o by one of its derivation bodies®. The process continues until there is no non-terminal
symbols in the derived string, which will be the sentence 1/ at that point. To illustrate,
suppose we are given the CFG

Ri(S): S—XXC

Ri(X): X — AB

and we want to derive the sentence W = ABABC. For this example, one can verify
that the derivation sequence is Ry(S)R;(X)R;(X), where R;(Z) represents the tth Z-
derivation rule. The cost is

Cp =Y _log|R(s)| =log|R(S)| +log | R(X)| + log | R(X)], (5)
k=1
where m is the number of rules in the derivation sequence, s is the non-terminal symbol for
the kth derivation, and |R(s;)| is the number of rules in the CFG using s, as the left-hand
side.
Combining (2) and (5), the total cost is

p q p q mj
C=Y Cr(i)+ > Cp(j) =Y nilog|S[+ D ) log|R(sy)], (6)
i=1 j=1 i=1

j=1 k=1

where p is the number of rules, ¢ is the number of sentences, n; is the number of symbol
tokens in rule %, and m; is the length of the derivation sequence for sentence j.

2.2 Special-Case Analysis

We will analyze the costs for two special CFGs in this section. The first CFG, which we
call the exhaustive CFG, uses every distinct sentence in the corpus as a direct derivation
body of the start symbol S. The corpus is thus covered trivially. To compute the cost,
we first rearrange the sentences in the lexicographic order and then move the repeated
sentences to the back. The number of symbols for a rule is simply the number of words of
the corresponding sentence n,,, plus 1 (for the start symbol S), and |X| is the vocabulary
size |V| of the corpus plus 1 (again for the start symbol). Thus the rule cost is

Cr =nlog |X| = (n, + 1) log(|V| +1). (7)

In this case, each sentence is derived from S in one step, by specifying the correct one out
of the | R(S)| rules. Thus the derivation cost for a sentence is

Cp = log|R(S)|. ®)
Note that ¢ is generally not equal to | R(.S)| as there may be repeated sentences. Combining

(7) and (8), the total cost for the exhaustive CFG is
|R(S)] [R(S)]

€= > Cali)+ 3 Coli) = Y (nuli) + D log(|V] + 1) + glog |RS)]. ©)

=1

3This is also known as the leftmost derivation.
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The second case, which we call the recursive CFG, uses recursive derivation for .S,
S — AS, (10)

where the non-terminal A can be expanded to be any word in the vocabulary. Combined
with the rule S — ¢, this CFG clearly covers any string of the alphabet, >*, which is a
much larger set than any real corpus.

The rule cost is significantly smaller in recursive CFG than that of the exhaustive CFG.
The only rules are the two instances of S-derivation and the |V| instances of A-derivation,

so the rule cost is
Cr =nlog|X], (11)

where n can be 1,2 or 3 depending on the rule. The derivation cost, however, is much
larger. To derive a sentence W of n,, words, the recursive rule of S and substitution rule
of A have to be applied alternatively for n,, times, followed by a final rule of S — €. Thus
the derivation cost for a sentence is

Cp =ny(1+1log|V]) + 1. (12)
Combining (11) and (12), the total cost for the recursive CFG is
2+|V| q

C = Z n; log |X] + ZCD(j)
i=1 Jj=1

= (4+2[V)log(|V] +2) + > [nu(5)(1 + log [V]) + 1.

j=1

(13)

In Table 1 we list the costs of these cases computed on the Academia Sinica Balanced
Corpus [9] (ASBC). The exhaustive CFG has a large rule cost (28.1 million bits) and a small
derivation cost (4.1 mb). The recursive CFG has an extremely small rule cost (merely 607
bits) and an extremely large derivation cost (88.4 mb). To overall cost is higher for the
recursive CFG (88.4 mb) than the exhaustive CFG (32.2 mb). From this table, one can
see that there is a trade-off between the rule cost and the derivation cost. In addition, the
numbers illustrate the important point that minimizing the rule cost alone will lead to a
CFG that is inappropriate.

The exhaustive CFG is too restricted in the sense that it covers only those sentences
seen in the learning corpus. The recursive CFG is too broad in the sense that it covers all
sentences including the non-sense ones. Our goal is to strike a balance between these two
extremes.

2.3 Proposed Rules

The special cases we analyze above do not have the minimum cost of all possible CFGs
from which the corpus can be derived. To reduce the overall cost, we start with the initial
CFG and then iteratively look for a new CFG rule. The kind of rules we investigate in this
study is of the form

X —=YZ.

The introduction of such a rule to the exhaustive CFG described in Section 2.2 has the
following impacts on the cost:
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e Each occurrence of Y Z is replaced by X, so the total number of symbol tokens in
the .S derivation rules is reduced.

e |X] is incremented by 1.

e The derivation cost may or may not change, depending on whether two or more of
the S-derivation rules become identical.

Since there are two symbols on the right-hand side, the number of candidate rules is |3 x
Y| = |X|%, where ¥ is the current symbol set. To choose one, we compute the bigram
counts of all bigrams and use the bigram with the highest count as the right-hand side of
the new rule, whose left-hand side is a new symbol.

3 Experiments

3.1 Data Preparation

We use the ASBC corpus for our experiments. In this corpus, the part-of-speech tag is
labeled for each word. On the raw text data, we apply the following pre-processing steps:

1. The punctuation of period, question mark and exclamation mark are used to segment
a sentence into multiple sentences.

2. The parenthesis tags are discarded.
3. The part-of-speech tag sequence is extracted for each sentence.

The initial statistics of the data after pre-processing is summarized in Table 2. A total of
229852 sentences are extracted and 203651 of them are distinct. The total number of tokens
is 4.84 millions. Note that in the experiments, the symbols are the part-of-speech tags rather
than the words for our CFG learning algorithm. This approach focuses more directly on
the syntax and alleviates the issue of data sparsity.

3.2 Results

The learning process is an iterative algorithm. We start with the exhaustive CFG introduced
in Section 2.2. In each epoch, we

1. compute the bigram counts for each bigram,

2. make a new rule with the bigram of the largest count as the right-hand side,
3. update the alphabet (symbol set), rules and derivations,

4. update the costs.

The representation cost as a function of the number of learned rules is presented in Figure 1.
There are three curves in the plot, representing the rule cost, the derivation cost and the
total cost. The initial cost is 32.2 million bits, as we show in Section 2.2. As the learning
process progresses, the two kinds of cost behave in different ways: the derivation cost stays
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constant while the rule cost decreases. The derivation cost is invariant for two reasons: 1)
the number of S-derivation rules does not change and 2) there is no ambiguity in expanding
non-S symbols, in our current learning scheme. The rule cost reduces because the decrease
in the number of tokens in the rules outweighs the increase in the size of symbol set. As a
result, the total cost reaches a minimum of 27.7 million bits when the 92nd rule is learned.
The cost reduction is 14.0%. After the 92nd rule, the largest bigram count is not high
enough for the reduction of the number of tokens to outweigh the increase in the alphabet,
so the cost increases. The maximum bigram count is plotted against the epoch (number of
rules learned) in Figure 2. From this figure, one can see that the maximum bigram count
decreases very fast.

The top-20 rules learned from ASBC are listed in Table 3. In this table, we also in-
clude examples of words and sentences from ASBC. In addition, the definition and more
examples of the part-of-speech tags are listed in Table 4. From Table 3, one can see that
the new symbols (M1, ..., M20) here indeed represents larger phrasal structures than the
basic part-of-speech tags. Furthermore, M7 and M9 embed M1, giving evidence for a deep
parsing structure. In Figure 3, two sentences in ASBC parsed based on the learned CFG
(left) and parsed manually (right) are shown. We can see that the verb phrase (VP) structure
of sentence (a) in both parses. For sentence (b), the VP is scattered in two subtrees M40
and M66. The symbol M 66 can be identified as a noun phrase (NP).

4 Summary

The construction of a context-free grammar for a specific domain is a non-trivial task. To
learn a CFG automatically from corpus, we define a cost function as the number of bits
for the representation of CFG and sentence derivation. Our objective is to find a grammar
that covers the learning corpus with the minimum cost. We analyze two extreme cases to
illustrate the framework. The proposed rules are learned from heuristic bigram counting.
The results show that on ASBC corpus, the reduction of cost is 14.0% of the initial cost.

There are other kinds of CFG rules that are not considered in this study, such as the
A — B|C rules. The candidate set of rules should be enlarged for more descriptive power.
Another line of research is to extend the current work to the word level (as opposed to
the part-of-speech level). This should be doable at least in a restricted domain. Finally,
from the data compression and information theory [10], one can design a different cost
function that takes the symbol frequencies into account and achieves further reduction on
the number of bits.
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Table 1: Costs in bits of exhaustive (G1) and recursive (G2) CFGs.

| rule cost | derivation cost | total cost |

Gl
G2

28.1m
607

4. 1m
88.4m

32.2m
88.4m

Table 2: Initial data statistics for ASBC after text pre-processing. |V/| is the vocabulary
size, ¢ is the total number of sentences, |R(S)]| is the total number of distinct sentences,
N, is the total number of tokens in the corpus, and Ny, is the total number of tokens in the

distinct sentences.

Vi

q

[R(S)| | N, Nr

51

229852

203651 | 4838540 | 4729276

Table 3: Top-20 rules learned from the ASBC corpus.

X = Y+Z BIFY) BlF@Z) | Ba

M1 — DE+Na Z 2 MRIAEIFER

M2 — Na+Na NS M 1% BARWHEALE 50~ RE -~ THE ~ - ABRKMAA
M3 — Neu+Nf | HF— xR HEZMEMRELE R —RAXZH

M4 — Na+D 48 3, g JESb—ARIR A B 2R ARE

M5 — D+D J& REA 19 3% B 3 & B By i AR B

M6 — D+VC J& BT BUR R4 & A B A H7 T R

M7 — Na+M1 1 2 EE FéBhghE+ EF L hG MG LARRAEITER
M8 — Na+VC AR i FTHRERRE R TG M A

M9 — VH+M1 | %% 8P| BT A1 | KA BT A

M10 — DE+Nv | Z R JE b —ARR A B R XA R R

MI1l — VH+Na | A% S KA B =B NT AL

M12 — P+Na yed B J£ E A8 AR

M13 — P+Nc¢ # & X HERXR - BAFTHAERBREEO BTN E A
M14 — Nh+D A —Fl Fot A — Rl 47 By i

M15 — Nep+Nf | i& vi SE BN

M16 — VC+Na | 42 # hREBABGEA

M17 — Nc+Na | K% AR FTHRXERRE R TG A

M18 — Dfa+VH | K & B KR K&

M19 — D+VH S % AT T HE A R,

M20 — D+SHI | # & B RABR 4L F B 8 — MG
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Table 4: Selected part-of-speech tags used in the ASBC corpus.

Name ‘ EapEa

BT

A 7 %7 BH —k EE

D 8% Jeo Bo —ik s Foaho R0 RA HE A Ao LA
DE 3 8 Z o M 1%

Dfa &7 (&) FhoME R T BAE ko W A
Na P AB - MR XF A& RA > £% > =

Nc 27 (%) BB RT % B 2% B5 2K > HA
Neu 2+ (HF) — B—rktEH & TR LE

Nep | &+ Bk Mo ks E¥ o A

NE| B CEERE XS T SE SR P AL

Nh &% (Re#) | &M -#Hx AT A KE %5

Nv TEHHARLT | AR B T EKh o B WY %

P N7 A B B Ao Bde o 0 M0 B

SHI | 24 %+ -3

VH | TR Lo 45 Gk T BT A

VvC | 2% G40 £ 80 Ao Ko Ao BB

Cost ( million bits )

35

30

(92,27.711)

total cost

=

|

(92,23.658)

rule cost

15— *
101 B
5 derivation cost 4
0 L L L L L L L L L
[0] 50 100 150 200 250 300 350 400 450

500

number of rules learned

Figure 1: The cost as a function of the number of learned rules.
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Count ( 10000 times )
20

(92,0.4776)
2l l ]

L L T
0 50 100 150 200 250 300

turns of choosing YZs

Figure 2: The maximum bigram count as a function of the number of epochs.

5 § 8 :
\
o W@ vp P ™
@Q /M% B V?Tbh“ Np NP
Md ‘ A ! AP
W N‘c D”fa o rf’é/\b i D6 o la V|J " DET‘ T ta DG Da Wi OE e
RSO BB GO AR WRSIN L ERRG A AR N R
: (b) A (b)

Figure 3: Examples parsed by the learned CFG (left) and parsed manually (right). Here
Cbb is conjunctive and V] is transitive verb.
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Abstract
There are many methods to improve performances of statistical parsers. Among them, resolving structural
ambiguities is a major task. In our approach, the parser produces a set of n-best trees based on a feature-extended
PCFG grammar and then selects the best tree structure based on association strengths of dependency word-pairs.
However, there is no sufficiently large Treebank producing reliable statistical distributions of all word-pairs. This
paper aims to provide a self-learning method to resolve the problems. The word association strengths were
automatically extracted and learned by parsing a giga-word corpus. Although the automatically learned word
associations were not perfect, the built structure evaluation model improved the bracketed f-score from 83.09% to
86.59%. We believe that the above iterative learning processes can improve parsing performances automatically by

learning word-dependence knowledge continuously from web.

1. Introduction

How to solve structural ambiguity is an important task in building a high-performance statistical parser,
particularly for Chinese. Since Chinese is analytic language, words play different grammatical
functions without inflections. A great deal of ambiguous structures will be produced by parsers if no
structure evaluator is applied. There are three main steps in our approach aim to disambiguate the
structures. The first step is to have parser produce n-best structures. Secondly, we extract word-to-word
association from large corpora and build semantic information. The last one is to build a structural
evaluator to find the best tree structure from n-best. Formerly, there were some approaches proposed to
resolve structure ambiguities. For instances,
® to add on lexical dependencies. Collins (1999) solves structural ambiguity by extracting
lexical dependencies from Penn WSJ Treebank and applying dependencies to the statistic
model. Lexical dependency (or Word-to-word association, WA) is one type of semantic
information. It is a current trend to add on semantic related information in traditional
parsers. Some incorporated word-to-word association in their parsing models, such as the
Dependency Parsing in Chen et al. (2004). They take advantage of statistic information of
word dependency in the parsing process to produce dependency structures. However, word
association methods suffer low coverage for lacking very large tree-annotated training

corpora, while checking dependency relation between word pairs.
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® to add on word semantic knowledge. CiLin and HowNet information are used in the
statistic model in the experiment of Xiong et al. (2005). Their results prove to solve
common parsing mistakes efficiently.
® to use re-annotation method in grammar rule. Johnson (1998) thinks that re-annotating
each node with the category of its parent category in Treebank is able to improve parsing
performance. Klein et al. (2003) proposes internal/external/tag-splitting annotation
strategies to obtain better results.
® to build evaluator. Some people re-rank the structure values and find out the best parse
(Collins, 2000; Charniak et al., 2005). At first hand, their parser produces a set of candidate
parses for each sentence. Later, the reranker finds out the best tree through relevance
features. The performance is better that without the reranker.
This paper is going to show a self-learning method to produce imperfect (due to errors produced by
automatic parsing) but unlimited amount of word association data to evaluate the n-best trees produced
by a feature-extended PCFG grammar. The parser with this WA evaluation is considerably superior to
those without evaluation.

The organization of the paper is as follows: Section 2 describes how to generate n-best trees in a
simple way. In Section 3, we account for building word-to-word association and a primitive semantic
class as well. As to the design of evaluating model, our probability model, coordination of rule
probability and word association probability are presented in section 4. In Section 5 we discuss and
explain the experimental data and results. Ambiguities of PoS are to be considered in a practical system.
Section 6 deals with further experiment on automatic tagging with PoS. Finally, we offer concluding

remarks in section 7.

2. Feature extension of PCFG grammars for producing the n-best trees

It is clear that Treebanks (Chen et al., 2003) provide not only instances of phrasal structures and word
dependencies but also their statistical distributions. Recently, probabilistic preferences for grammar
rules and feature dependencies were incorporated to resolve structure-ambiguities and had great
improvements on parsing performances. However, the automatic extracted grammars and
feature-dependence pairs suffer the problem of low coverage. We proposed different approaches to
solve these two different types of low coverage problems. For the low coverage of extracted grammar,
a linguistically-motivated grammar generalization method is proposed in Hsieh et al. (2005). And the
low coverage of word association pairs is resolved by a self-learning method of automatic parsing and
extracting word dependency pairs from very large corpora.

The linguistically-motivated generalized grammars are derived from probabilistic context-free
grammars (PCFG) by right-association binarization and feature embedding (Hsieh et al., 2005). The
binarized grammars have better coverage than the original grammars directly extracted from treebank.
Features are embedded in the lexical and phrasal categories to improve the precision of generalized

grammar. The important features adopted in our grammar are described in the following:
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Head (Head feature):  The PoS of phrasal head will propagate all intermediate nodes within the
constituent.
Example:  S(NP(Head:Nh: 1)|S’ pead:ve(Head: VF: PIf |S” peag:ve(NP(Head:Nb: % P4)]
VP(Head:VVC:#5| NP (Head:Na:=[))))
Linguistic motivations:  To constrain the sub-categorization frame.

Left (Leftmost feature): The PoS of the leftmost constitute will propagate one-level to its
intermediate mother-node only.
Example:  S(NP(Head:Nh: 7 )|S’ peag:ve(Head:VF: [If |S’ np(NP(Head:Nb: % P4 )]
VP(Head:VVC:##| NP(Head:Na:Z1))))
Linguistic motivation:  To constrain linear order of constituents.

Head 0/1 If phrasal head exists in intermediate node, the nodes will be marked with
(Existence of phrasal head): feature 1; otherwise 0.
Example:  S(NP(Head:Nh:[1)|S’.1(Head:VF:[L[|S’.o(NP(Head:Nb: % p4)|VP(Head:VC:
%] NP(Head:Na:51)))))
Linguistic motivation:  To enforce unique phrasal head in each phrase.

There are two functions in applying the embedded features: one is to increase the precision of the
grammar and the other is to produce more candidate parse structures. With features embedded in
phrasal categories, PCFG parsers are forced to produce varieties of different possible structures®. In
order to achieve a better n-best oracle performance (i.e. the ceiling performance achieved by picking
the best structure from n bests), we designed some different feature-embedded grammars and try to find
a grammar with the better n-best oracle performance. For instance, “S(NP(Head:Nh:*7)|Head:VF:[iL]|
NP(Head:Nb: % )| VP(Head:VC:##| NP(Head:Na:Z[)))”. The explanations of feature sets are as

follow.

Rule type-1:
Intermediate node: add on “Left and Head 1/0” features.

Non-intermediate node: if there is only one member in the NP, add on “Head” feature.
Example: S(NP_eagnn(Head:Nh: f9)|S’ yeagve2(Head: VF: LIS np.o(NP-peag:no(Head:Nb: 2
I*)|VP(Head:VC:#i| NP_ye.ana(Head:Na:3R)))))

Rule type-2:
Intermediate node: add on “Left and Head 1/0” features.

Non-intermediate node: add on “Head and Left” features, if there is only one member in the NP, add
on “Head” feature.

Example: Sp-read:ve(NP_eag:nn(Head:Nh: f9)|S” eag:ve-1(Head: VLS’ p.o( NP_eaa:np(Head: Nb: 2
P4)|VP teagve(Head:VC: 3| NP_easna(Head:Na:=R))))

Rule type-3:
Intermediate: add on “Left, and Head 1/0” features.

Top-Level node: add on “Head and Left” features.  (see example of S_yp.read:vr)
Non-intermediate node: if there is only one member in the NP, add on “Head” feature.
Example: S.np-tiead:ve(NP_peagnn(Head:Nh: #9)|S” peag:ve-1(Head: VF: LS’ p.o(NP_eag:nn(Head:Nb: 2
DLI)lvp(HeadVC}ﬁ| NP-Head:Na(Head:Na:Sji)))))

! The parser adopts an Earley's Algorithm. It is a top-down left-to-right algorithm. So, in parts that have the same
non-terminals, we keep only the best structure after pruning, to reduce the load of calculating and thus fasten the
parsing speed. Therefore, if we add different features in the Top-Level rules, we'll get more results.
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Rules and their statistical probabilities are extracted from the transformed structures. The
grammars are derived and trained from Sinica Treebank. Sinica Treebank contains 38,944
tree-structures and 230,979 words. Table 1 shows the number of rule types in each grammar and Table
2 shows their 50-best oracle bracketed f-scores on three sets of testing data. The three sets of testing
data used in our experiments represent "moderate”, "difficult" and "easy" scale of Chinese language
respectively. We adopt PARSEVAL measures to evaluate the bracketed f-score (BF)? as Table 2. A
bracket represents the phrasal scope. The reason we don't use labeled f-score is that we aim to evaluate

the phrasal scope, rather than the effect brought by phrasal category.

Table 1. Numbers of rules for each grammar.

Rule Type
Rule-1 | Rule-2 Rule-3
Rule number 9,899 | 26,797 13,652

Table 2. The 50-best oracle performances from the different grammars.

. Rule Type
Testing Data Sources Hardness
Rule type-1 | Rule type-2 | Rule type-3
Sinica Balanced corpus Moderate 92.97 94.84 96.25
Sinorama Magazine Difficult 90.01 91.65 93.91
Textbook Elementary school |Easy 93.65 95.64 96.81

From the above table, we can observe that the “Rule type-3” outperforms the “Rule type-1" and
“Rule type-2”. We adopt the approach used in Charniak et al. (2005) to analyze the n-best parse. Table
3 shows the bracketed f-score values of different candidate trees. From the result, we observe that the
improvement after n=5 is slight. Thus the number of ambiguous candidates can be dynamically
adjusted according to the complexity of input sentences. For normal sentences, we may consider to take
n=5 in order to minimize the complexity. For long sentences or sentences with auto PoS tagging should

take as large as n=50 to raise the ceiling of the best f-score.

Table 3. Oracle bracketed f-scores as a function of number n of n-best parses.

n
1 2 5 10 25 50
Sinica 91.88 | 94.39 | 95.91 | 96.17 | 96.25 | 96.25
Sinorama 86.69 | 90.44 | 92.87 | 93.47 | 93.86 | 93.91
Textbook 92,241 95.01 | 96.21 | 96.61 | 96.78 | 96.81

Testing Data

2*BP*BR
BP + BR

2 The harmonic mean of bracketed precision (BP) and bracketed recall (BR), i.e. BF =
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For each candidate tree, its syntactic plausibility is obtained by rule probabilities produced by
PCFG parser. Yet, we need semantic related information to help with finding the best tree structure

among candidate trees. In the next section, we will see methods to get semantic related information.

3. Auto-Extracting world knowledge

In our experiments, we use a Gigaword Chinese corpus instead of texts from web to extract word
dependence pairs. The Gigaword corpus contains about 1.12 billion Chinese characters, include 735
million characters from Taiwan's Central News Agency (traditional characters), and 380 million
characters from Xinhua News Agency (simplified characters)s. Word associations are extracted from
the texts of Central News Agency (CNA). First we use Chinese Autotag System (Tsai et. al., 2003),
developed by Academia Sinica, to process the segmentation and PoS tagging of the texts. This system
reaches a performance of 95% segmentation ability and 93% tagging ability. Then we parse each
sentence” in the corpus and assign semantic roles to each constituent. Based on the head word
information, we extract dependence word-pairs between head words and their arguments or modifiers.
There are three types of the word pairs: (a) head word on the left hand side: (H_ W_C, X_W_C); (b)
head word on the right hand side: (X_ W_C, H_ W _C); (c) coordinating structure: (H_ W_C, H_ W _C).
In the word pairs, “H” denotes Head, “W” means word, and “C” refers to PoS tag, “X” refers to any
semantic role other than Head role. Figure 1 is an example of extracted word associations. The
following illustrates how the automatic knowledge extraction works. We input a Chinese sentence to

the parser:

o Fp 3
Ta jiao Li-si jian qiu
He ask L-isi pick ball
""He asked Li-si to pick up the ball.™

Here is the sentence after segmentation and PoS tagging:
FANN) - [AVF)  F[/4Nb) F#VC) FKNa)

The parser analyzes the sentence structure and assigns roles to each phrase. And then word-pair
knowledge of heads and their modifiers are extracted as shown in Figure 1. The processes above are
repeated in new data, no matter in Gigaword or texts from the internet. Finally we obtain a great deal of
knowledge on words and their relations, and the amount of knowledge is on the increase. Meanwhile

the evaluator takes this knowledge is for reference as well.

3http://www.ldc.upenn.edu/Catalog/CatalogEntry.jsp?catalogld=LDC2003T09
“An existing parser is used to produce 1-best tree of a sentence.
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Rolel PoS1
a X Nh
b H VF
c H VF
d H VC

Parsing and role assignment:
S(agent:NP(Head:Nhaa: ## )|Head:VF2:="|goal:NP(Head:Nba: % = )|theme:VVP(Head: VC2: #:| goal:NP(Head:Nab:3})))

4

a

Word association extraction:

A_ b

& I
T_—

Wordl Role2 PoS2 Word2

s H VF v

e X Nb Zr

e X VC P

¥ X Na E5d

Figure 1. A sample for word association extraction.

We have 37,489,408 sentences that are successfully parsed and with word association information.

And the number of extracted word associations is 221,482,591. The extracted word to word

associations that undergo structure analysis and head word assignment are not perfectly correct, but

they are more informative than simply taking words on the left and right hand window.

3.1. Coverage rates of the word associations

Data sparseness is always a problem of statistical evaluation methods. We test our extracted word

association data in five different levels of granularities. Level-1 to Level-5 represents HWC WC,

HW_W, HC_WC, HW_C, and HC_C respectively. We like to see the bi-gram coverage rates for each

level of representation. We divide word association data into ten. Figure 2 shows coverage relationships

between five levels and sizes of word association data for three testing data. The extracted word

association data are divided into ten layers of different sizes for each level.
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Textbook

—e—Level-1 —m—Level-2
—a— Level-3 —<—Level-4
—%— Level-5

3M 6M 9M 12M 17M 21M 26M 30M 33M 37M

size of corpus

Figure 2. Coverage rates vs. size of Corpus: (a) Sinica; (b) Sinorama; (c) Textbook.
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Figure 2 shows that larger data increases the coverage rates, but the coverage of the fine-grained
level word associations, e.g. Level-1 (HWC_WC), is about 70%, which are far from saturation.
Nonetheless the coverage rate can be improved by reading more texts from web. The coarse-grained
level associations, e.g. Level-5 (HC_C), cover the most category bi-gram. But it may not be very useful,
since syntactic associations which are partially embedded in the PCFG are redundant. To achieve a
better evaluation model, we derived new associations between semantic classes. Criteria for semantic

classification are discussed in the following section.
3.2. Incorporating semantic knowledge

In this section, we propose a simple approach to build a semantic-class-based relation for words, and
that will be Level-6 (HS_S). Semantic class information is put into Level-6 in order to get high
coverage and to avoid redundant syntactic associations in other levels. Besides, we hope to smooth the
problem of data sparseness.

The idea is to classify words into their head morpheme. It begins with the transformation of every
input "WORD, POS" in the data. We adopt affix database of high frequency verbs and nouns (Chiu et
al., 2004) to setup noun and verb classes. There are 34,857 corresponding affixes. As to determinative
measures (DM), we refer to the dictionary of measure words, and divide the DMs in the data into
thirteen categories, according to the meanings of measure words. The thirteen categories include
general, event, length, science, approximate measures, weight, square measures, container, capacity,
time, currency value, classification measures, and measures of verbs. Finally we consult parts of speech
analyses (CKIP, 1993) and the transformation rules of Figure 3 to build our semantic class. Take "=~ ,

Nb" for example, its semantic class is "PersonalName” in our classification.

Notation: WORD: user input Word
POS: user input PoS of the word
CLASS: transformation class of the word
Affix(WORD): input WORD to find mapping affix from table
Prefix(WORD): prefix of the WORD
Suffix(WORD): suffix of the WORD
DM(WORD): input Word to find DM category
Input: WORD, POS
Output: CLASS
Initial Step:
CLASS=WORD;
if WORD in affix table then CLASS=affix(WORD);
if POS is verb or adverb then CLASS=POS+prefix(WORD);
if POS is noun then CLASS=POS+suffix(WORD);
Mapping Step:
if POS is non-predicative adjective then CLASS="A'+prefix(WORD); /*e.g. A*/
if POS is preposition then CLASS="P'+suffix(WORD); /*e.g.P*/
if POS is SHI then CLASS="SHI';  /*e.g. €_*/
if POSisV_2then CLASS='V_2'; [*eg. 7 */
if POS is DM or Measure and exist in DM table then CLASS=DM(WORD); /* e.g. DM/Nf */
if POS is conjunction then CLASS=POS+prefix(WORD);  /* e.g. Caa/Cab/Cha/Chb */
if POS is determinative then CLASS=POS;  /* e.g. Nep/Nega/Neqgb/Nes/Neu */
if POS is pronoun then CLASS=WORD; /*e.g. Nh*/
if POS is time noun then CLASS="Time";  /*e.g. Nd */
if POS is Postposition/Place Noun/Localizer then CLASS="Location’;  /* e.g. Ng/Nc/Ncd */
if POS is Proper Noun and is family names then CLASS='PersonalName';  /* e.g. Nb */
if POS is aspectual adverb, CLASS=POS /*e.g. Di */
if POS is pre/post-verbal adverb of degree then CLASS='Df'+suffix(Word) /*e.g. Dfa/Dfb */
if POS is VD/VCL/VL then CLASS=POS+suffix(WORD)

Figure 3. Transformation algorithm.
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We estimate the word association coverage rate as the above mentioned. From the results shown in
Figure 4, the coverage rate of Level-6 is higher than Level-2, and the problem of data sparseness is

indeed moderated.

Level-6 (HS_S)
100.00%

90.00%
80.00%
70.00%

0 L - — — — ] P
60.00% —e— Sinica

,,,,,,,,,,,,,,,,,,,, —a— Sinorama
50.00% —a— Textbook

40.00% : : :
3M 6M 9M 12M 17M 21M 26M 30M 33M 37M

coverage rate (%)

size of corpus

Figure 4. WA coverage rate of Level-6.

Now we have semantic information. How it works with rule probability to find the best structure

among the numerous ambiguous candidates will be discussed in Section 4.

4. Building evaluation model

A sentence structure is evaluated by its syntactic and semantic plausibility. The syntactic plausibility is
modeled by products of phrase rule probabilities of its syntactic tree. The semantic plausibility is
modeled by the word association strengths between head words and their arguments or modifiers. For
an input sentence s, the feature-embedded PCFG parser produces n-best trees of {Y,(S),..., ¥, (S)}.
The evaluating model finds out the best structure according to the rule probability (syntactic) and
corresponding word association probability (semantic). Rule probabilities are marked when n-best trees
are produced. We will estimate word association probabilities in the following formula. In the formula,
“Head” means the Head member word association, as HWC, HC, HW. “Modify” means modify or
argument member, as in WC, W, C. “freq(Head)” means Head word frequency in the corpus and

“freq(Head, Modify)” refers to the co-occurrence frequency of “Head” and “Modify”.

. freq(Head, Modi
P(Modify | Head) = qﬁreq(Head) ) o

Data sparseness is a common problem in dealing with corpus. A minimal value o is used to

1

smooth data sparseness, suchas o = .
total number of WA token

Value(y,(s)) in the formula below means the final evaluation value to each candidate tree.

70



Value(y, (s)) = 2
A*RuleValue(y, (s)) + (1— 2)WAValue(y, (s))

Where RuleValue(y , (s)) is the rule probability of the sentence and WAValue(y ,(S)) is the total
word association value in different level n. RuleValue and WAValue are normalized, i.e.

(i-min)/(max-min). The following shows weighting in different levels and explanation of formula:

WAVaIUE(Y, (5)) = > G “ WA (¥ (5)) ®

level=1

WA (¥n(S)) = [ TP(Modify | Head) @)

all _word _ association _ for _y, (s)

After semantic probability collocating with rule probability, we hope to find the best tree Yy *(S) .
y*(s) =argmaxValue(y,(s)) (5)

where y*(S) has the best bracketed f-score. We calculate relating A and € values from
development sets. The development sets are adopted from trees in training data. In evaluation, we
substitute A and & for every interval of 0.1 from 0 to 1. Then we find out the best results in certain
probability. The experiment results will be shown in the following section. Moreover, we justify

whether the word associations are reasonable.

5. Experimental results

We evaluated the performance of our evaluating model using the standard PARSEVAL metrics. Hsieh
et al. (2005) state that the bracketed f-score of short sentence parsing (the length of a sentence is from 1
to 5 words) is over 90% in their experiment. As a result, the following experiments are on sentences

more than 6 words. The oracle 50-best bracketed f-scores of “Rule type-3" are listed in Table 4.

Table 4. The bracketed f-scores of 1-best and oracle performance of 50-best. (sentence length 2> 6)

Testing data

Top n-best
Sinica | Sinorama | Textbook

1-best | 83.09 77.545 83.195
50-best 90.11 87.445 89.945

To simplify our evaluation model, we try to find the most effective levels of associations first. In
turn, the evaluation model uses only one level of association and rule probabilities to select the best

structure from n candidates. That is,
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WAValue(y,(s)) =WA (Y,.(5)) =
[ ] P(Modify | Head)) ©

all _word _ association _ for _y,(s)

Figure 5 displays the results of testing data. The best results of Level-1 slightly surpass that of
Level-2; results of Level-6 overtake that of Level-3; Level-6 has better performance than Level-5.
Therefore, only three levels (Level-1, Level-4 and Level-6) are chosen to be calculated, for dimension

reduction.

90.00%
S
o 8500% - _
o
?
"_GD: 80.00%
E —e— Sinica
S 7500% (---| —s—Sinorama |-~ ------------~—1
m —a— Textbook
70.00%

Level-1 Level-2 Level-3 Level-4 Level-5 Level-6
WA level

Figure 5. Matching rule with WA value in each level (sentence length = 6).
Finally we use the combination of L1, L4, and L6 associations and rule probabilities to
evaluate plausibility of structures. Results of experiments on the three testing data are shown in

Table 5.

Table 5. The bracketed f-scores of 50-best parses (sentence length = 6)

Testing data

Models
Sinica | Sinorama | Textbook

R,L1,L4,L6| 86.59 82.81 85.97

In Table 5, we see that semantic information is effective in finding correct structure. If we
justify the rationality of WA, about 3.5%~5.2% of the performance is raised. In our
experiments, A =0.7, 6,=0.7, 6,=0.3, and 6,=0.5. In Charniak et al. (2005), the f-score
was improved from 89.7% (without reranking) to 91.02% (with reranking) for English; the
oracle f-score was 96.8% for n-best in their paper. From the result, we see an improvement in
the testing data. With the more data parsed, better word-association values are obtained. This
enhances the parsing performance and reaches our goal of self-learning.
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6. Further Experiments on Sentences with Automatic PoS Tagging

Perfect testing data was used in the above experiments without considering PoS tagging errors.
However, in reality, PoS tagging errors will degenerate parsing performances. The real parsing
performances of accepting input from PoS tagging system are shown in the Table 6(1). In this table,
"Autotag" mean to markup the best PoS on the segmented data. The naive approach to overcome the
PoS tagging errors is to delay some of the ambiguous PoS resolution for words with lower confidence
tagging scores and leave the ambiguous PoS to be resolves at parsing stage. The tagging confidence of

each word is measured by the following value.

_ Pew )
P(c,w) + P(c, w)

Confidence value =
where P(c1,w) and P(c2,w) are probabilities assigned by the tagging model for the best candidate
“c1,w” and the second best candidate “c2,w”.

In Table 6(2), "Autotag with confidence value=1.0" means that if confidence value <= 1.0, we list
all possible PoSs for parser to decide. The experimental results, Table 6(2), show that delaying
ambiguous PoS resolution does not improve parsing performances, since PoS ambiguities increase

structure ambiguities and the PCFG parser is not robust enough to select better syntactic structures.

Table 6. Oracle bracketed f-scores of different autotag for parsing:

(1)Autotag; (2)Autotag with confidence value = 1.0.

Testing data
Top n-best
Sinica Sinorama | Textbook
Q) 1-best 75.31 72.05 79.27
50-best 84.09 83.36 87.54
2) 1-best 73.41 68.34 77.83
50-best 86.45 83.99 88.83

We then apply our evaluation model to select the best structure from 50-best parses. The results
are shown in Table 7. The experiment above takes “Rule type-3” for n-best parses. The bracketed
f-score is raised from the original 73.41% to 79.34%, about 4% of improvement in the Sinica testing
data. Sinorama data is improved from 68.34% to 74.78%. Textbook data is from 77.83% to 82.59%.
All these results are raised up to 2%~4%. We can see that our evaluating model finds better results than
Autotag. In solving the ambiguous POS, our evaluating model produces better tree structures than

Autotag.
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Table 7. The bracketed f-scores in Autotag

with confidence value=1.0 and 50-best parses (sentence length = 6).

Testing data
Models
Sinica | Sinorama | Textbook
R, L1, L4,L6 | 79.34 74.78 82.59

7. Conclusion

Parsers of any language aim to correctly analyze the syntactic structure of a sentence, often with the
help of semantics. This paper shows a self-learning method to produce imperfect (due to errors
produced by automatic parsing) but unlimited amount of word association data to evaluate the n-best
trees produced by a feature-extended PCFG grammar. We prove that although the statistical association
strengths produced by automatic parsing are not perfect, still the extracted data is reliable enough in
measuring plausibility of ambiguous structures. The parser with this WA evaluation is considerably
superior to those without evaluation. We believe that the above iterative learning processes can improve
parsing performances automatically by learning word-dependence knowledge continuously from web.
We also propose an easy method to produce n-best of a sentence. First of all we slightly modify the
parser to produce n-best. Then different feature sets in grammar rules are used to bring forth different
results. There is one feature set that covers more structures than the original 1-best. In our experiments,
we use 50-best to estimate the efficiency of our evaluating model.

On the other hand, we offer a general syntactic and semantic evaluation model. We input n-best
parses to our evaluating model. The evaluating model selects the best parse from this set of parses
using a rule and semantic probability. The system we described, using the standard PARSEVAL
framework, has a bracketed f-score of the selected trees, which is 86.59% higher to the original 1-best.
Furthermore, ambiguous PoS of a word is also parsed and evaluated on n-best. We can see that our
evaluating model finds better results than Autotag.

In the future research, we plan to improve the quality of word-association. Three aspects need to
done: improving the accuracy of PoS tagger; enhancing the parser's ability to solve common mistakes,
such as parsing conjunctive structures; extracting more word associations by reading and parsing text
from web. As to the evaluating model, a properly corresponding semantic classifications from coarse to

fine-grained category are needed in Level-6.
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22 2(left and right context dependent) » & = 12 IPA # # L8 ¥ & 5 & L;‘éﬁ . & (triphone) o y* #F > j&5F

HLa 45 ehh B (data-driven) £ 3t BB AR B 2 W (S 2 MRS o N R S 2 F S A0 8 £ 3 F 2 HMM
w3t

-] e -8 4p i & (acoustic likelihood, ACL) » i 2% = B-5 4p i B 4B o 1t ﬁn AR S A S
EEdLeniv2 [8][9] > f1* %éwwﬁmwmiﬁgﬁrézﬁﬂFmﬁﬂ oo pREFTREIF AR
# 17 (hyperspace analog to language, HAL) [11] > j& 18 ~ #% ch 47 > ffF 4 41 feidt FBI P 3 EEFDIE R
AAzZ FFHE 22 F T RIFANAREL  BFEfrF o R TR 2ApNARELN > £ - BFFT AH
wBEEATOIFENFEATREY AL RMAMG RS It e EE nL(vectorquantlzatl n, VQ)& 2 #
Foap veng & [12] 0 e & FoAL g & (fusion) sl 0 v 10 e P4 g B {oid (2 2 g § R 22§ ok

3.1. %5:}5111‘1)2&#&

HEIPAZFRETZ PIIFIF2BE - TR FFFDOEEBFF 22 HWF F 012
BEROFEEF TR RINBZRF ZHR R EIFFIVRERL TR NER RS F
LEE ViR RPN RE L ARSI AEEGuE S o :}aﬂ* e a‘ﬂx?(forc d alignment)
3k > w2 HMM AR 75 2 aead > I ERRE D 27 NERLAR D - R 7% BHER 7]
ﬁ’ﬁu?’%é%*%i‘i#éﬁ%(insertion)ﬂ}rw “f (deletion) % 48 :-cfFa5 o Sezh2Z R % | B3 %%ﬂﬂ' By kB %’fi
F2pmhk > BFE 2R EE4FIBRE3NFVREFTHFKBI E AN o r ERPEFLBSFTE
PX @) » B¢ X271 B3 27 251 BRFTAEFE S 22 Fofiey ppdpan N TR 27 g
sl 4 log(P(X | @) » 112 = %% W RELA=(@y)w ° »E2- BHFERET AR EL > AP
PE YL TEE .

L3 log(POx 10,)+ S l0a(POX 1)

i1 = "
8y = i 3)

BV I fed AuEE I B AL E KBS AV AES 2 Bl

N
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32 R MLFITRIFAH

AT SERET H G L AR R AT G- A 51 AR (text mining) LA R G- AR R R R (P
TERNOE o BBAPR Y FTERETFEL R L5 2 E AT B Ap i & 4 7 (hyperspace
analog to language, HAL) [11] » A 5 5 &£ Bei7 5 > 4o % & B4 Pa 3 E AW AN PERT > 5a B
AR BE L Al b R o JRd HAL 0% R T LR R B R A ST TS

HETE F AR R LB entkdh o & HAL 2 @9 » @ a2 dpblehz @3 300 7 A1 - B Bk
W H w %S £ (co-articulation) I o F - B BAR AT PR ZE AU AT 3 2
ML R - MR RIG RE PRE - L RIF - B EACTRRIART > SPERN AR R
SN ’“rr BRLRALE R0 ARG - ALl R 2 H A ART P LS B AR Eded o
‘J}i e Sw=l—d+1 e do(M )57 > 3 HALART £ R 2 E 2 B4 -
ERARE KA ¢
EREE .. i Fe1 £ E Fe cee
EMMREERE (
Tt ezttt L EdEL
HEw=/-d+1
#HEW=/-d+1
Rl 3 HALRE £ RE# L2 BHF
b HAL ZRE2HJY 5 FFF s - @8 hi R EF A - 52 5 AR Jfd BERRIR
TRITEERENFFE B AR - B F o ”‘ﬂf’f?ﬂ ke HAL 7 B & - B nxn & /) et
AP domgw g B ez 8 SiF g % B (2 3L Frank (SiLF R, F_RAE RAENG

AE_NG_K, NG_K_sil) & (il Z A0, Z_AOsil)’e%E o+ 5 pl3p HAL 2 B ant3 =% » %
TRLPIRE 5 L=3 o
% 3.HAL Z i

sil F R FRAE R AE NG AE NG K NG K il sil ZAO Z AQ sil

si_F_R

F R_AE 3

R_AE_NG 2

AE_NG_K 1

NG_K_sil 1 2

silZ AO

Z AO sil 1 2 3
FEA b o (% s s E(rawvecton) % 7= F & 22 M Tk B 5 ¥ b > (& 3)ehiF % £ (column vector)
FES RS - R RIS R RS ﬂfrd AR RERAR LR

h =(v,,vk):(<w1, W, .., WN>,<W CWE, L W§>) (% 4)

TR FFELIEI FORE Nz F A0, S s FApMAT I LB a2 £
vlgptsi;%ém;}pr&g% wB V2 et s Wy Fowl A R A R I BRBIAL T ST HAL RPN Stz d R MR

* |—frk4,\ |47 785 11?5' °
EHAL 2 B9 » €2 3-8 2 4 51 21 (normalization) 1% » A6 1 #

FTRBAC AT ER 2
S #ctf xidf (term frequency and inverse document frequency) [13]° £ #7 iz 3+ % B £ 4

B2 e 474

.
£
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Wi=vvixlogcﬁi i 5)
He s wharBv&e By ? $iBaR2 e ChimirEiY > FiIBRALPLER L Fehm
Bl N S 8 BEAFRRE S Bk
33 284 A RECHRI AN A CLTRMEE
EEDS ) EL R FEVNARE IR FIRIFY v e B N AT g B P ahdpinde
B A A BRI MRELA=(q) . TF TR F uz)i«rw;tH_(hk,)NxN e EY REE A
foah fo 2 g chirft > AN m S RApM 2 2@ RHCE 0 EE I F R '&éﬁﬁe?r*’iﬁj?é%r

FEA & - T2 0 S FTHREE DS 2[14] £ "v'f | * 4e ik g & ek jie(sum rule) > % & A AR 02 R 4B
EAAeH o BBE 4 lJJE{'fE”aH (82 Mg 2HMITEEL  £adcT
N
S:aA+(1—a)H:ZZ(axa,,k+(l—a)><hlyk) (¢ 6)
X

|
B o g B- BREFF - [ FREEEANARfD S RO o SR ELAIH B
Hfewr Ry #EFIoF s Lz PR ELDL RS E ?—‘*T' Bk b AR IR ELS = () » — B
TSl f?ll;‘?7'lki'~3%7’1‘3'-—“§%b"iﬁ BREARNARZeE o T EZ Gz ARAIT 5
FAIRE Y o A% Al » £ £ 1 (vector quantlzatlon VQ)m‘& 2[12] > HFE R A4k B
(data-driven) » %R A= 3 2 p#o¥ EHpF AMNAEAAI  EH I FIF XK ow BRI A - BATE
; Hﬂiigz/»\ﬁ'i EIRINPE AR T A = i%;ﬁviiﬁwj o 3%}2 FH AR ELSTRE T e g
RAFH AR S [I5]AEEY A e B A A E S 2o TR A 3 R AT E 5 C(S,S,)

?’_}'}—l{r‘f :
c(s;,s,) 505 z' A5 XS (Y7
1 k
"S' " ”Sk" \/Z| 45 \/Zk 1S'k2
HY v w B4 7P ol RELAFRIIOF 2w ES 27 EREBLAIRIKE & 0 2305
FREFn Lo AT A B A kR (modified k-means, MKM)A:\ T2 [16] 0 & ﬂt%’(ﬁ’i EREAUAE - J1N
ﬁvfx#—'%ﬂliii%?i%z FHEE o PE S AER I B2 25 ”ﬁ&i*p"i?’é% FHH Y JraciE it

(ZAt ZA‘ l)/ZA‘1<¢9 (% 8)

29 AL &5 %ht«kx;_u:\" ’ Y?—J:E:t‘ FyHZELN BHEASKEA =D c(S,5) 0 t=1.t, AT iE
ET RIS ' tmaxa‘pv)ia7 Bk Vi i #e 05 oac PHEE -

4. 3 =R
FROFERFICE R RABAIRZRE  FAOFRIBTRETA R - Fo IR NAR S

AmT TR B ERTAF RS F’“#Eﬁ‘fiilv\%‘r* FiE o l’“ﬁﬁﬂ FREEE oL F oV REF LY R 2

FhAvwm e kg e Ap 2§ R R P s g i o

41 33EEE FHA A

Rihw @ F N5 EE S FESYISGER - L8 vE < (English Across Taiwan, EAT):Z R E » 29 & 7 3

Er s EL A ¢ ks o $[17] - 4£.2004 & 5 0 Banfch 0 1 2005 & 10 rﬁ%dw]z%

cjﬁﬂv’—’x SRR ‘,Fi—i sR A e S A BT M ERSEFHEZEWURE > FIFERTHEATRE o A Bld BE

EAAEFAEAEH B RER RSN BT F R R THFE T A

7"'\

2

F A EAT :F41 & 5 b § A0 F R st

MIC 16khz 16bits 3% AL

EE LEE
LA A LA A
71 $ic 11,977 30,094 25,432 15,540
A #ie 166 406 368 224

$ b 3544 16KHZ P~ 47 & 16bits B~ 4% B3 4% % 3535 FL 4% ] 8KHZz P~ 547 & 16bits 5~ 4% B3 44
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FRERR T hm A 5 BT T (PSTN)E - 2 Fﬁv?:;é(GSM )FE R T FEE RN 2% 18 Dialogic T
i o F > 4718 e 8KHz > 8Bits » Mulaw #& 5% &8~ 4% 2L, 47 47 ;¢ g = 8KHz » 16bits » pcm #& 5% e~k 8 ;
FALED BATRE ELh o BREDR AT RO 3:4 ﬁrr%?i 16KHz > 16bits er#-3 2L 55 o £ s #7
% BL 1Y wavﬁ;} Elﬁ%w’m F e ﬁﬁ@p*ﬁ;w pS F.,)k ZALIR A o
= '“\%3‘”](55‘»‘80 FREM O EREN TR E Qg’:—}ééﬁﬁ B2 FARYES P ER ‘i*bg
\;mﬁ% SREA AT R do(£B)TT o A B B & w‘mr%)@’* PR BRI PN ¢ E 2
REDR (252 6407) FHLMEASE THI0 5 AT o

4 BEATH#Y 53503l 6l

EAT %4 o7 3]
four eight three zero one two nine
for instance
Safe
Silicon Graphics
R.S.R.T.E. K.
FERITVE »Fl o
§sv A - T Bryan #4
The vote at the September meeting was eleven zero

o N o o A W DN P

AE AN FE BT raw Fe5t 0 Fpt A L gt R 17 de-offset 2 silence removal sASE o ¥ P 43d5 2
HRPRL Y P 0 e LS R A R e d IR SRR B0 B U R
T N FRH e bis o e SR LR REEE VR Y E e P 24 2018 ¢ B B
Rl 4 100

-~
4.2. 'ﬁ%ﬁiﬁ" pé P%El?%ﬂ *#—
PUPEEE A LR AT 7§ FRE DDA AR LS S R I L

ZRHFFY AP IPAGFHRELE BN IFFFLME A2 ‘%%f:"'li' N=997 i » 2 3
TRLNE IG5 E A YR F o‘&gx#pﬁxmgrs > }J;%,&ﬁ%» G MBI E 26 MeniE i pE
# kﬁ’z(mel -frequency ceptral coefficient, MFCC) » # ¥ & % 12 Ff enfa & B[R 2 S8 4o+ 12 PR en— S ficA
W EPEH S M2 - iy R0 - Sopes Sl T8 S8 MVA [18] AR 1 B e i csg kit

S EY sil ay S EY sil M say
[ ] [ ]
[ ]

\ m . H
\e .
L] L]
[ ] [ ]
sil. S EY) sil. S EY
- n Ly sii e - | L_ny. B3
B IY L IY_LIY N\ \%L M
sil_ B TY W/ SiLBIY
sil | say H
sil T AA n sil T AA ]
L] L]
L] L]
AA PP sil® AA PP sil®
T AA_PP . top T AA PP . top

BEpL
B4 A% AR S HEE S RS T RADT PR SRR F IR

R B ST R % g3 3 03] (language model) s At B F A 355 4% 5 (equal probability)
= 2 [19] FEHRT ME L ERT 5 FS % T mét\%? -3 (acoustic model) - ¥t % 373 %’%pﬂ*mﬁ T
PHEFR R AR FREBITERNIFAFSELBPIRF T OF L S - B E?i o

—

~
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BB S EE G PR o D S E F 2 % 2 A (grammar tree) [20] o 4o (B 4) 477 o ByEiEAR L o
- A L@t b —a * LéfmeMM%s‘f S st 3k i (state) ki F - B HMM $3) 0 &
- W@k e 77 16 B F #r(mixture) o 2 Ak S gL g;;,,_'«,; s say(sil_S_EY,S_EY sil)~ = %
(sil_ B_IY,B_IY_L,B_L_IY, L_IY_sil)~ top(sn T. AA T AAPAAPsiER e e 2T okt i E2 53 e
g @@’:_3;%,; iE e 7 29104 B Y B2 SEA G B c AR ELIRP J # 5 (silence, sil) 5 A2 2k

ik 55838 #say (SIS EY, S EY_si) # & (Sl B IV, BIY L, IV LIY, LIY sil)" 5 6] » A 2 geiga &
B T RIER T P B A ﬁm%%‘ff‘“’“ C U dp g R hE RS s Eg g dp NG & g3
ERB2 g 85 27 it a0ty S0 %R %W*ﬂﬁ’*ﬁ” i B and 3 A -

43. I* BERF T RZIFHAURAFHR =S F F#3)
FRERV B A gy = A8 A B 236 ~ 45 3 (insertion) ~ F'J“,*Técﬁ'éii—(deletion)u RO s iR
(substitution) - § =% ® § % & F& 5 (accuracy) st B [21] > = 40T

Accuracy:wxloo% ()]

len
He 5 len ;*J* L% s FEBFE R oINS AT RS FFERN G F 0 BN & del
W T R R D PRI g & 0 Y Jf 45 3% o sub A v R FE S PR F}’-m—-—% AR o A

17 REHEE I—T mﬁ%‘w B dc o 1 3 k3% (modified k-means, MKM)A> #pE[16] 0 HR = a2 F
FHAI G R S EERECA  FHREFAA AT E(ACL) ~ F 3 AR A R E (HAL) 2 Tl p & 3o
(FUN)‘:i‘z iz GRS 0=001hfRT > %7 P~ FEEY (2 O)FHLITERAT F
GEHBZ JES A BEE S EFERALRES 0 0T AT

406, P PELHD UPELTHRES S BRE el S (Y A HEEED, 0=001)

Y=8 Y =16 Y =32
Y sARE rmF  fEBE rmF  §ABE
ACL 62.22% 161 63.12% 288 64.37% 531
HAL 62.52% 159 64.23% 286 64.57% 530
FUN 64.44% 119 66.07% 260 64.74% 515

FHI BB NARELLSHFE I BRI AEREE S 2 ACL &Y =8, 16, 2 inT » &4 B|¥ U
#H% 51612882 531 B 535 244 B 2y S A w5 62.22% 0 63.12%% 64.37% - §1* F 3
A2 A% HAL» &Y =8, 16, 32 m'F-,‘E‘f s AT OIER L 1595286 % 530 B 5iE A 0 H
3 B yEam FES A u L 62.52% 0 64.23%% 64 57%01 | % FALFE L 2 FUN> &Y =8, 16, 32 chffin™ »

AwE UEHR S 1595286 2 530 B A A0 B RAERI RS A W G 64.44% 5 66.07%% 64.74% o
16
14 - - _

12 - “ . amom

10 A

Number of clustered tri-phones
[ee)

-, i1

IPA phone model
B 5 I BFppmAE DR, HEE =GRS FHALSFE Y =16
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Flw A ts 2 w45 2 HAL v #54p 2 & > 2 ACL § B el » i o PEiE & B85 40 0B 810 15 2 5%
A 45 FUN 7 124 Boid cigpaion ks o § H B HY =16 /% » %2 “Th 2 3 % (FUN)” 1 B Rtk o 7]
P o HTRIFEELITY =16 FHE 25 EHA > A 14c(B 5T o @A\w;‘mfé’ B IPA T 525
P ofe F2 2@ F B d P BT oo 55 B IPA R K AT }3_ 997 Bz ABA > I F
BLEg e v 8 #5260 B 5 3E S R HCA
44, BBAFZ T RIFNR A 5FES 8

AmT P LHEAY 2 frE Y I FF R IEREY 0 T &P ARFER Y 5 F 031 (monophone) s 2
#o k(2 Die(% 2)3“ Pifse s 2 ap 7o anT R (-) EREEBYE-F5 235 2(MIX);
(z) MIPALZARETE 533 2222 (IPA) > 7525 40(& )97 ¢

F 7. B3R A2 S EMASE RS (NN A FERE A2 B

English Across Taiwan, EAT
Monophone Tree-Search Results

ACCURACY INSERTION DELETION SUBSTITUTION
IPA phone sets (78) 55.35% 13.54% 5.27% 28.92%
Mix phone sets (55) 55.49% 21.94% 4.98% 18.06%

English Across Taiwan, EAT

B EAT Y 0 WY E R Al R A REY S ARG AR ST EY A4
THEFIOB oI LFREET I R TREM FES F(MIX) cE i aEF L 5235% 0 @ 4 % IPA R
B FZxe? B2 25 S 5 5549%- Fut B G FERCE Slcs 3 B IPARRE T K > RS S
Poi b 5 S 4 e é’ﬁﬁﬁﬁ%*iwﬁ% E¥ o RE R A IPA S AR =B AT
%_% (triphone sets) > f1* ZF 2 Rz BB ELEEF % Lé&(HAL phone sets) > f1* B 4p i B &L 3 &
3 % & (ACL phone sets) » 12 2 | * FHlg & = ; ﬁ?ﬁ»%‘;‘ T RIFTAANREELS 72§ % T & (FUN
phone sets) » 4e(# 8)#77 :

08 ZaBF AR FEMEES A LT (BN AyERE 2 B

English Across Taiwan, EAT
Triphone Tree-Search Results

ACCURACY INSERTION DELETION SUBSTITUTION

Triphone sets (997) 68.07% 15.87% 4.43% 11.63%

ACL phone sets (288)  63.12% 19.73% 4.88% 12.32%

HAL phone sets (286)  64.23% 20.67% 4.75% 10.48%

FUN phone sets (260)  66.07% 16.94% 4.41% 12.71%

English Across Taiwan, EAT

RS T v &S anz i & WA (Triphone sets) e 4 25 #43hsc % 7 i 68.07%:0 FE s o 1% H-4 4p
R B E 5 % €& (ACL phone sets) > L F%*J*'ﬂﬁz% F vt 63.12%0 i mr S 0 @ 4}]% FrRTT A
mREEEE S & i (HALphonesets) » @ &2 §Fseionk 7 i 64.23% 0 FE s o 8- H 1 F
(R E Rl o 7;4;’; RZFH fu)i:rﬁ“ﬁ—%i% 4 ¥7 2.4 % % 5 (FUN phone sets) » & % ;1;%%%*:% GV
H#23 66.07%t Fr o B A 3 o Y 28 F 2 a9Esank it B 2 (IPA & MIX) 2 &4 - 2 KZE 3 4

15 (HAL) % % gm%?,;Mfr(ACL)*'x% RERE P I FRGRE ;é.‘p LB IR R (L AT #

EGERR SRR G P AR .

BHE A RER

A RN BEA RS D R 4T ’;‘%F%E%’%? FRE R ERE LEAT P B EEG
AL b e AT IPARE T K2 535 H “7?% ALY R Rzl F FRE e T E N
i w12 %éﬁsﬁ‘f&ﬁ KRR AR (- Nl 2 rufirs 5 & ’ 5 VG e S RS TR
F & o 41* 4 % HMM #:3) 'JB#&%&—%” FoF I EER E EEFARRAEL o I F LA
= 4p uz}i/v\%fr(hyperspace analog to language, HAL) > 3 1§ 2 s s 3 Firg 2 B3 B F 22 F
=33 P;fgu}fi—zf-‘f_oiw s AL ﬁﬂ;b—’v,z , Paﬂi“ri[ﬁfz»?—f ‘;i&;f?’&#pu}]i—zf-‘f_ U rasﬂ‘_é_‘_l“li
Bt B - B2 '%Lé& Erx g i ES R E c RHREP I %%frw‘; J,F'“
i ”1134‘5“—@‘—4\1‘?” Fo TIPS FREF G FESICE o A KT RS -@ kR AR
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Gt B FILENRMETHBZIE—F AR

whbm ' A Rk’
RN H T i R
HEEAT E R S e
69308027@cc.ntnu.edu.tw, ymyeh@ice.ntnu.edu.tw, berlin@csie.ntnu.edu.tw
HE
BEEENRARBTREFE I ARATEEREBATENE LT ERE L
B o ER4vik > 3BF R4 (Speech Robustness)I 7 e B kA AR — HARR A —1H
FFRERGARAAS BECHFS N ERAHARE » T AT R LA R a3
R o f > %3 B %4tk (Histogram Equalization) s 4 b 15 35 423k 2k & T4 M
PREAMRAERY  BmEaRAEEARRG T EZ— - EATARREHSRIESE
fbik > BAFERZREBEA M ST REZSELFM AR sURA A Bk s
4-(Data Fitting) 7 7% £ 1% — i# & # (Inverse Function) » A 2L B Brik 345 R3RE 4) B F
BHBMMELE e BB S UERCHMETHE 0 B2 ek
B AR A ST B EIRAE R R R AR E R ELRM - B A
XT3 AR A 3t B F Ak 2185 R b B A4S BUE A 8 T 39 (Moving Average) Z 4
A R EE JE 45 M =k & (Non-stationary Noise)Ff i& R 89 B F R & Rk 569 % % o gboh »
WE AR A BIE SRS St B AR A A0 A B ER R AR R R AT
®e ?B*fﬁ“%éé%éégiéﬁiﬁﬁﬁﬂjzﬁ% VBRI E T AT AT AR
KEABH - &M A KR A PRI B E A BN EAR W AT
AURORA-2 3E#} %%:&é*%m*itb&afiiﬁéﬁi/\éfﬁ%I FHRACER B — AR EE
PR BT

1. Frim

R4 B 359 (Automatic Speech Recognition ASR)ASH A BT MEARAZTRT T ERE
BRERBET  TEARFOPERER B ZRAEZETRAFATRR T AL TR AR FH
R EBE o % RIGER B R IR BT AR B A T E(Environment Mismatch)gy £ £ » 4543
R PR R 18 B IEAK 0 IRIL P 424 B & €45 7 %R F(Background Noise) ~ sk &% A & &
A By ek E 2 % 1 38 24U (Channel Effect) % o JE B 4o b 0 35 % 3% 2 (Speech Robustness)#; 47 & A LA &
—EAMARAEZNARFRAE EERALZHABGEMNIEAS BT HU LRI AEN L EHEE W
REEILAE > DURE MR B E BRI RIR I AR B T B e B AR 3E & R &
BEHMAEASOBRENE > MR F A APEREGE
BHRET FHE TR BTSSR A - (D (Add1t1ve Noise)Fu(2)38 #

M = & (Convolutional Noise)  fum P& A4k M B Eof > BB E LT H T T 5 LM R
(Linearly Additive) sy Bl 14 Bl BF A i sk it & > o A B AW R 6 B 5 R AR S kB a5
¥ AN RTRTREZ I ARASCH R SR EEARELHBERE  ploEERBBE
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éfd%"gg"g-)ﬂﬁ)u T u“;u‘—g_:%'%)ﬂﬁ
s(r) y(t)=s(t)*h(t)+ nls
v (aann WN\A s 0= )
R
(AR E) (e MR )

— >~ MR T EE
e A SRR E M F R MR SRR N TR TR AR T BB B — Ao
EBERBBMOEZBNRAA T HBR AR T £ M AR REHNEZ I ANRNY
BECAFLHERNMBEL  RBEF EORETHMy AT =R F @[] :

(1) %+ %163 47 (Speech Enhancement)
By AR RIEERIRA G 9 H 0 B RGBT RN —F £ A LA R
#8 Bl (Uncorrelated) » # ¥ 45 & #1255 8 &9 3¢ 3035 4 (Noisy Speech) & # H #£,7% 3% % (Clean
Speech)33E o % R, 44 Hal A $83% 7§ % 74 (Spectral Subtraction, SS)[2] ~ #: /@ J& & 25 (Wiener
Filter, WF)[3] % -

(2) 3&4& 135 ¥ 4544 (Robust Speech Feature)
PEBEHIR PR EBA ) XB BB T MR AN BT ERUSH - FAOR
5 A 4B SR 3 T35 3 & /& (Cepstrum Mean Subtraction, CMS)[4] ~ 48|48 3% i #1,4b 7% (Cepstrum
Mean and Variance Normalization, CMVN)[5]% -

(3) A2 AR 38 F 47 (Acoustic Model Adaptation)
¥t 20 8 4038035 #H(Adaptation Data) 5t 476 35 4 A7 91 6k o o 2 SR 20 o eyt %
o S8 0 4o P34 1 &) & (Mean Vector) 2, £ 4% £ 45 [# (Covariance Matrix) » 21 ¥ 814 &)

AT LA AR AR A TR LR - F ROBIHTA R R FRMEF LR

(Maximum a Posteriori, MAP)[6] ~ #& A48l & 4214 ) % 7% (Maximum Likelihood Linear

Regression, MLLR)[7]% -

WX PRI G R AR EAHE AR MR T AR o B AT BIRME T3 XK (CMS)
Fo 838 3% E HALA(CMVN) ©4% R 2 09 J& Fl B ALAd ik, o 3038 B AR A a9 4 A kR - ol &
SR TS U 1) £ (Moment) R F — M8y £ 1 8 £ BATERAL 2R Y AR T
SRR IR R R AR R ET TR E A NREREI D HNIERME R A 64
BHRAR B3 5 2H TRAREF S AR MBS & RABAAAR R TR EHE T
SHMEEGREFEH o Blo[S]4t B EH SR E =M E £ BT ERCROIHBZ T ML
HEGHIE A BATERL LI BFERTAZHTHARAEDBRREF CITZA FO43TE F1L
7% (Histogram Equalization) & i 735 & ##3[10] -

BB FILER T RE FCERIGEHAARBHZIEZTHASHYG P FE EH 2
gh 0 B4 BB I AR IE R BB AR S0 B A AR B 69 o3t oM A5 0 AR IR R AR b i R 3E R (Test
Speech) &) & # % & & #(Cumulative Density Function, CDF) # & 2 &y 314k 3 Jrv}(Traunlng Speech)
P &3t R 89 22 -1 (Reference Distribution) &) 2 #& 55 & ok 2 > #% &y JLUC Frdd ik B2 » FRAR0R]3R
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WRME

e PR RSN REARK EERHAMARER
B =~ MR EHE T RSN E
FRIREH AN RER TP EMERATHFERCERAR L TRERTERT &30 E F51L
HRIPPRARA RABGT B - ASE[][12]F - RERBSRIBFILEMEEEENES
At % %5 (Vector Quantization) » it J& A 7 -8 X 35 & 958 (Distributed Speech Recognition, DSR)
P X2R2RAAGFBEANMACZ B FRARAGRAERELSILENEH BT ERT
8 XA B B E 1L %k E(Quantization Distortion)# B 28 °

BAKHEFILELFROCKBZORAN N D ENARAFSTURENT  Fllod &k
K 43t B %1tk (Table Look-Up based Histogram Equalization, THEQ)[10]% & 4% & A 89 & 4% & 3
VAR Y TARBTHRTEREGE B RA RTOBMEUR KA LMBHTERD
8% kA LB B i B E R E EHRE RSB ERA A EITERABBRORES
SBEER . X5 £ %3t B % 1674 (Quantile-based Histogram Equalization, QHEQ)[13,14] » & 2
BB RFFEBELRHE REEA D SO LBR T RATERGF 2R E— 4 FlikeE
6 A AT IR EVEAT 0 oA A A A K34 F(Grid Search)si 4 L Bpef B B KA 48 » R B8k
B REE LA E T -

A LB R > A% sUIR H A A $E st A(Data Fitting) sy A K 5 B &A% B & ey 36 J
BhV e 5 BAAGHAS AN IBNER 2 BA G E FILEBEOHERR  FEd
TR 7] L A5 By P 3k e A 0 AR R Fu@A2 F AR B TR R REE D -
RRXBRFH LT B RN BEAEARG B FILE A LGB FIE F=
FRINBRIEB S G E FE AR ] LA 8 Pk A B FE AT R

FRTEY -

45 am

2. XRKE AR

AT BT B ENIEE AR AE  laomR R TR U B TR E A5k SN
B RABMOTE MR EREREBRAUEBRACAREORAEH —FH &
BERFFBE R MBI MR —F H AR ERENERZRRAZ — TR D FE
TR IEREREBT M B =prw P B aMm I e e LA R 358 ey e E M
Xeh 54 BARBRY 5 F BEARME L M B ROME R UAILFETOHREEMX S+
AR GRS AR BE A Y 5 BARE 0 B b # A 4 5 A AF A 42 3 # sk 2 (Log Energy) ~
¥ 3 i5 B JE & B 4 (Mel Filter-Bank) # & B2 & # f 18] 48 3% 1% # (Mel-Frequency Cepstral
Coefficient) - w1 B ¥ T # 248 B4% 4 69 48 1K 7 ik s do ISR L T390 £ 0k BB ERALE B R &
AT RG] 0 T RS GBI N AR TR AT AR B9 JE R R AR R B R IEF A TR o B sk
BEEFAHSEHFREZEI R FAEEIEGABRENER AV RSB EILEARIFFTRE
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A
%
&
N
th -}
) : : >
‘1 ‘.0 Crrain(x) |: X ;;yjr
i?\ % %‘ )g ‘Zagi CTe.sl (X) _______ %‘19;'
%)
1.0 §
v

Bl = %t B FILETEE

AR F k2 —[10][15] > T @ E & 4§ di1E 40 & & X 43t B S5 (THEQ) 8 513 £ 443t
FALH(QHEQ) M L & 32 54 & 7 ik ey M Bh Fo 2 85 -
2.1 &3+ B %4tk (Histogram Equalization, HEQ)
B3t B FALEBERARRE 4 LB F RS R ST 6 @ Pl SR E T B S B St o th
(RABAE S H 5 Mh) & — B » 3 U0 B ATECE A 6935 T 45 80 4 30— 45 A 5148 3% 14 #(Mel- Frequency
Cepstral Coefficients, MFCC)f & » # 3t B 4% T A4E A £ H 3G @ B % 2 @ B [16][17][18]
A Mg A MBI SR 3L A5 B[ 10][19][20] £ © %3t B 1tk & £ B0 A0 T U A A A — 8 84k & #
(Transformation Function) » bk B AEA BIRIE G B T H U EE—LORIT o h o BBk E L
AT EHEINRE ) F R BT HEEE 50 $2 XA R R om0 F[19][20] © 4838 x & B354
BEH e ENE -GS BE A K FEE E & (Probability Density Function,
PDF) pro, (x) » AF B 4 & 3 F(x) TR BB T 9 0 305 X0 x H3 R A DI SBRPTH BRI 0 y > 3
B3 Prrain (V) 8 prog (x) s R(D#9 B

mMAﬂ=pm%ﬂ%%wmm@4@»di;O) "
#g ! (y) 2 F(x) #4 i % # (Inverse Function) > 2 E ik B 14 X o4 B & 4% £ % B % #(Cumulative
Probability Density Function, CDF) #4385 25 & £ BF 4

Crest (x) = foo Ptest (x')dx'
) ()0
.Lm pTest( (y ))Tz' fy o
= E}w Prrain (y')dy'|y:F(x)
= CTrain (y)
b Cp () F0 Cp (V) 251 BAIRE G fodl BB o) R R B RSB > ) B4 RS R
Fx) RAFe0 8 R o Aokt 8 F(x) & AA T 71454

F(x) = CZ_'rlain (CTest ()C)) (3)

;E“‘_ ‘:P CZ_'rlain ?7 CTmin é’]lé@;ii ’ %#ﬁ:@fii{uiﬁﬁ%;ﬁ °
EEHLE BABITHMERA—ARESL  PUALEAFEHESCETRYERE

B}
i
B
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B BEEAECEA B M 4H B (Cumulative Histogram) 2 35451 B 4% 8 B 8 o $NFT A 9 4R3E 4
ToRETRMAENE S esstE —EEAMANE  BRERERELTERTA I ES M
# (Quantiles) » AL £ & [ % LA & M N PR A 458018 &) T 39 B (Mean) L% 2 o £ 89 R &R 5 8
1B b MTAHA R GRS F oth - HRRREG B EH Q25— R ERGAKTH AMH
HitE > LERIESAE > BESESMEG M NG EUEAR AR ILFNEE S E —BITH
B o —EETHA R ENG S XBT B UEAKTRXLELF 0 ERATEE
o plhwinskok (&R 458UE ) B F o & i#4T F1b(Equalization):B 42 B 0 M AT A KA BAR
1R P UL {8 4T & & (Table-Lookup)# ik » 4 T #% & & & X 431 B % 1b/%(Table Look-Up based
Histogram Equalization, THEQ) - {8 2 /£ £ % T 243 5] B4 s #38 - 18 78 8 44 £ 0 BOR T &
Lo BREAEHRERAEM BB LTHMOKREARETN LR ARTEAGRE  LERLER L
i B I
2.2 44 £ %3t B %4k % (Quantile-based Histogram equalization, QHEQ)
W EHAANBeHE &K% B £t s —FJE S (Nonparametric) B & ¢ 4031 B b7k 0 AR A
B EALEER R ABARIFAAE G ) AMAT BT > L8 FERAEMESSE > £[19][20]F
Pl — A8 2 B R oy i £ 3T F ALk 0 HNE RS MG B ey — 4T AR — k8 8 H (x)
AT E AT > B R A T

fﬂﬂ:QK@{é%T+@—a{é%ﬁ @)

Ok Bt — BN EME > FEEOEB T AL —EBFUERTRARNFHUME: afvy HBRKSH
BHX) A EHEBTHARG) RS  EFLEOAAHNE— QB ARTEBRET T4
A5 K 5] 3B &) g0 B 4 AT 443 £ A% JE(Quantile Correction) » SAKAF &1L 69 280 0 SR E L
LA B N 3% £ (Minimum Mean Square Error, MMSE) k47 » ST AF| AR KM F X B —KREH
Mo Foy RFEHHBRAXNS) Kbk atoy -

=4

la.yj=arg 1{nir§[KZl ((0,)-op )zj (5)

Y 5\ k=1

E¥ K Ao £e9E8 5 O AFEMIRE G FE LB £ BHIE 5 OF" AIREBR T4t
HesE s h e d kA L EME -

L E G B EEReaXO)FERKF Loy > BEBEAA XD —@IFREDHR
o — 48 52 1k o B AT Av T35 (Weight Average)» 248 L #4 6935 5 ML S B 43t o th e oo £
F otk AL TR B % TR MY AR JE R R H Ay 0 Tty AR R AT AR o (24t
B-BPE L E G ROV R LPHRGREN SR oy BRLAEHERIHREEE
oA A XM FEM AT ENYT -

R Sk R R

MEEN AR SR B FIL AR A A ERRRTERRAELNIESH X AEH 2ok
REBHER XA B FILERE M ELT B FLE EEAPTEBE FHREXKEND
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B R TR RARESEENRE - A TR ROAALRNE RMREARAEERSGOBMER
FERFEIBOELY Bh )V ENS AR HR LB RO ER  E2 EA 4%t EE/
AR R A R [21] BB SF Rl L T

3.1 $BEXEA 4 E £k (Polynomial-Fit Histogram Equalization, PHEQ)

B R — L E B (u,v;) 0 % B oA — 18 % B 4 R JE % $t(Response Variable) v; 1 A% 5% 4 #
(Explanatory Variable)u; Bl 4 > 1@ % T 4% F 38 §7 4 &I (Regression Model) R & 5 » 44 6) 3533 A
TR RMREALE u, LT > ARy, TR AT o B F @5 AKX Glu;) TR 1% H
(Coefficients) 4 & 7K F] f & % A M RIFGMR X, 0 3B Glu, ) b eg B2 F A, 09 Bk
PEELE 0 — A TAHI A &3 £ F 40 (Minimum Sum of Squares Error) K4% » 35 Z 4 A A u, 2
BIARNEE AKX RAFOTRREY, o B RBRAME Y, (R 2B F SRR EFFEHEHKF
A AR 69 G IR S ey A ik AL 0 bk X T #% 5% /N T 19 % 7k (Least Squares Regression) e
B3x Glu,) 2 M Peeh st %38 K, % 8

Vi

Mz

a,u’ (6)

_ _ 2 M _
—G(ui)—ao +au; +ayu; ++ayu; = i
0

m

o,ays...nayy B % A X 69 15 $(Coefficients) » B PF 4 JE693% £ F & E° & £ &

Ez:%{w-fawﬁqz (7)
i=1 m=0

B3 oA TN A RF 2 F o2 ZAREE B EH B KIAVEH S AXBR SR
%t (Polynomial-Fit Histogram Equalization, PHEQ) - #4334k EHEZ T H MmN T %%
A — 18 5 ARG AT R Y, BRSO R y, $HE6) RAE B Crr (V) 2 AR
S A K()T ZM AT R

G(CTmin (yl )) = ;i = Azd:am (CTrain (yl ))m (8)

m=0
FTHBEFHFLE R ES
N

- z[y,. =S Cunl, >>'"j ©)

i=1 m=0
HP N AIWKREBH PR A THEFame)yBH » Z2E2EREFF SR A A LA GHR
ag.ay,....ay TR R X0V HG > REEBHRM LT ER > BT KiFag.ay,....a, hik e

12
?; =0,Vm=1...M (10)
a

EEEL HEBE) PETHUOEOE %Y =[y,y,,...y, |05 > BEEML L &
BB 36 69 R AR E AL T AR T 715 BRad i f 4%

WEE— ~ Y REM e F XM FIF R ERF TS

FH  HAY PORASMEyY, mT 0 Ta T REMAAH B BT E R RE
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it B ALk A —  mmiEag

10

5 — MWIEE
=
=
g ’ _M’_Q{
(=]
=
-10 . . , .
0 20 40 &0 80 - 100
it EEinE ik ime
o 10 . . |
=
=
=
(=]
g
=
]
=l
=
=
n
[xn)
= -100 2.0 4.0 6,0 8'0 )
Tim
Bl ~ JRAS MR T AT Re B F RERKSTER
S 08 yi
C(yi)z % (an

Rt S, () B—ds RSB0 RSBy, AHF RO THEFIS FOME > N AT HFI A
HEARMB S o RIS TA R XD RFrr A kB EREE S BFHAKQ®)
NF(10)R/F BT HE R E HBUMGE APEME RESHAREHETHHMAETY
AR y, R R AR BB A Oy, ) RSB AT e sk PE R R A3 0 % 38 KB (X))
Bp T i 4T FALH 1F -

o RIS E BBER S OER 0 B A B AR R AT B Sk R o £ SR £t

EEHBMA TSRS RAAET SEE ST R BB BeY S0 X AABR %08 X & B
B E AR AR LR A0SR 4 B R LA B — e A IR E AT ERIIRE S TR &
WS i 0 it ELARHA A0 43t B S ALk AR B A R o
3.2 B A7 LA A 8 T35 (Moving Average, MA)
ARG B FAEHN BB R MR TR E LN FRMERAABL AR BAFEENHRL G
#8145 4 (Non-stationary Noise)#ti% 1%, # 3 % 1 4(Sharp Peak) &, 2 (Valley) - T & i i fs %16 89
B Fb AR R ARG LR E R B w0 R LB A S R ATE
FAEH AT $78 355 SRR TUB AT B 60 B =45 P P B O Mot B ALk R e B3
SRR B B R TH AR RA BRRRBE R BT 0B AMEANE S
AR BT 1 0 SRR B -

BHTUEBEIROMEL > LI — B2 aHA 0 Bl 2204 A B 5 T e AR 3 —
#4524 %) ¥ iE #1b(Feature Normalization)#) 7 ik » % 5435 T 4544 B #8477 3434 % 7 (Mean
Subtraction) o # % #t I # 1t (Variance Normalization) » % % % 41 i & % 1@ # 4 % % 2
(Auto-Regression Moving Average, ARMA) # 45 # 7) 2 AT ERALGI B9 HERERTETH S
T a4 R RS R A A 45 B R A B T3 P 35 A R TR 0 5 25 B
ARE > TAE T 5 A E4222] :

® kA R B 144 % 73 (Non-Casual Moving Average)
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L

. i1 y (1+i)

YiT) o 2L+1
¥, otherwise

ifL<t<T-L, (12)

L] R Bl 14 B $38 §7 £ $ -F 34 (Casual Moving Average)

L

IOyt’
N RIS RIS (13)
=" 7

b2 otherwise

®  ERE Rk B #1854 5 7 ¥ (Non-Casual Auto Regression Moving Average)

z,‘L:1 y (=) + 25:0 V (¢+))

Yi= _2L+1
Y, otherwise

if L<t<T-L, (14)

o R B 14 B 838 53 £% B -T- 34 (Casual Auto Regression Moving Average)

Z, 1yt i) +Zj oy
Vo= 2L+1 LT, (15)
¥, otherwise

Eby, AMAEETRME > ), AR GRBY PR RFMAGZTEHRME  LEAFEY T
78 % 2% (Order of Moving Average ) o
33 E4FILATRFLAHBBAEETR
T LR RS ERATHMES S T RN HERENETHSR LR SRR EER
FIAT R FB O BRE AR AERMATHEAREZN RANSFBAA SR HME£LE
AR AR FHATREG R FLHEREFTHORRRE N EMERRRNETHUATAE
WARAL IR > B TR R i P RBEL—EFHEL > HEX w16 - EHMBERTSE
MEETHEE Y, =), AR TREGHRE  REY, BREGEATRFILLG TR x
WA B4 £ S 3t S F TRAR[19][20) e i A L IR AR R B o ey H] 0 e lEidE
SR b BT — P Es

y,=(-a)xy, +axy, (16)
v BRAMBEE > ) AR EIGOHEUE - a BB 0 BT T AR BRe Tk
P ol UBRFREAPIRERI > TTEARBERSOMBEREAMT  BETFHE" £ R
TF

N

E'= z ((yNwsy(l) yClean(l) )2 ) (17)

i=1

B F Vi) HREHET F i EEAELE G X(16) RIFR MO Y soanr) HFERZ AR E B
B Ted(6)RFayFaE - easg i%%%vﬁﬂﬂ%é%ﬁﬁﬁﬁﬁ¢’%7ﬁﬁ§
B 2R £ Ay B ¥ 694532 (Outlier) A7 % B2 © 18 % 69 #) B P48 & (Threshold) 45 & % 45 B HEFRE & 48

ZHy e
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2| 4 RS B :
BRI IR B

2 - =
! BlskssH FRAC
B4 A B A SR it
157 IR !
l y, % BX 58
J -
it B 1ok Vo AR khmﬂm
v i N - AKX DR
R R 7] 45 1 4E T35 \. G(c(y,))
l j}i CTest (y Test (i) )
e & BlZE - %EXEA %3 E 2Lk AzE

4. B tH

4.1 ?5&’:’1‘%7&%@*" 24

B PATAE A 0E K B Aurora-2 & & 8M E 12 42 £ ) € (Buropean Telecommunications
Standards Institute, EST)PF47[23] > A& % — *—i?/\ﬁ ey R XBFEN - ARG
B ANFE R IR B B o R MR E e —AE R E) M 6 3B o Ao R MR F 48 M35 (Adrport) - AR
(Babble) ~ 5, & (Car) ~ & % & 48 (Exhibition) ~ éE%(Restaurant) ~ 3T 4% (Subway) ~ 4718 (Street) &
K & 3k (Train Station) » B & R [5] 3% L (Signal-to-Noise Ratio, SNR) & & fu A 227 6938 & 32 » %%
bb €,35 20dB ~ 15dB ~ 10dB ~ 5dB ~ 0dB #u-5dB ; aaaBREEHA AT —EEE
-G.712 Fo MIRS ° ARIFRIZRZEA P Ao A\ 238 38 AR Ao s M FE X AEFAR R » Aurora-2 o % =
#A3X 2 48 Set A ~ Set B fv Set C > Set A A 2 B84 54 302 /B 4% 4 (Stationary) 3 31 > Set B A & JF

#% 1 (Nonstationary) 3. > Set C If 7 431 $2 JEAS M 4R350 > B4E A SN RBH R B 09 BB -
Fr B2 H A (Acoustic Models)#y3% & @ BEE FHEA(1~9 & zero fv oh)F s —Ed A2 4
(left-to-right) 75 X, &4 i& 45 % 5 & KX 5 7T % 4 % (Continuous Density Hidden Markov Model,
CDHMM) %+ » 4 @4 16 Ak fE(State) » E BB AKERZFA 3 185 PR 4 » 14 (Gaussian
Mixture Distribution)#% 5= ° % M35 A YA L » — B A (Sllence)a‘?—i A= AR

ARAE AR AT IE &) A IR REFAHFE 0 A — 8 B R BR(Pause) i A L4 XK & - £oR3BA N
FRFZEEYF L EiA A EPHEA R E AR AT H W RAR LS A HTK T A 244
[24] 7 AR -

J£ BT 3% & 32 % @ (Front-End Processing) @ A& 3% X &9 & & & 5 & #% A 4 B 18] 48 3% 15 &

(Mel-Frequency Cepstral Coefficients, MFCCs)1% % 3% 5 45 #x 4 # > B4k 5 4E & & (Frame Length) &
25Z %) » EAE M #E(Frame Shift) 5 10& 4 > B EFTIEG B RA UL T H P @45 1248947
BISAE AR AR — 4ty $ A8 B (Log Energy) > BB @ H 34 m S MR A — £ 2 hH
(Delta Coefficient)fn =% £ & 14 # (Acceleration Coefficient) - it B 45 /742 64 % 38 X & %431 B
FACKAE R A A SRR B £ S AR AR > ERADR R E R B AT -
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k— 5 BXBEOLT B FETFHFHEAETTRER

3 AR
3 5 7 9

FFERIIRE A ¢ AR IIREER 22.39 21.54 21.08 21.30
(Clean-Condition) | 1000 | 2080 | 2146 | 2113 | 2116

""" 100 2268 | 2131 | 2075 | 2055

w1 B4 L 220 | 25 | B4
HEEBINRBEX | ATA INREH 10.80 10.34 10.43 10.54
(Multi-Condition) | 1000 | 1048 | 1032 | 1040 | 1045

""" 100 1073 | 1045 1036 1045

"""" 10 | 1l65 | 106l | 1079 | 1158

41 $BAXABELIEFLEER

A BRRAA R 5 AR S 15 60 RAE L S5 SR AT
VHER L F R R % 38 X % #t(Polynomial Order) 7 52 82 533k fE B B 4 RdofT o L b 4%
TR E A B AT A ISGER SR ERATERT > B P EMAHBEAMER G s aal
(Histogram Bins) £.45 100042 + 100440 1048 » 45— 448 % I 48 9 At A 5 BLM 00 F- 2 B A% X,
FASPE BB B R F) i 3(Orden) 8 % 18 X 4T 2L 815 - k4 Rho & — 7 RN
Z MBI % BT F453% & (Word Error Rate, WER) » & &y Aurora-2 ¥ = % F 5a 8 4 (Sets A, BR&
C) ¥ R [F] 3% Lk (20dB £ 0dB) & 9% 38 45 £ ho 48 34 ™ 4%

B4 &M% 0§ %38 XS4 R4T A (End Behavior)#y 4514 > 12 B3 $ey % 58 K T 46
BIEMERMEE HBE AT AN FTARXAR S BB MHGER  d&k—THEELE
PR S AKX A eSS B HEFARBEASAT  RATHGSRGER > T
EEHME 5K A T B EHS TS HEN M RGBS Overfiy sy 5 Rtk SERMA
IWREHRRESBAGHUT A BERSGEL - dNER T E) % B X BEF LR 1004 48 48 3
B R ARG B B QPR R - BULT 2P A A M % A X250 TR AT $ 8 X
3B S 1h R AI A 1004869 B AT B P St mAT e
42 B F7| LR BESE P ZER
AN RS BT RER > E R R R R P AR B R RSN
B R4 T - BIRE R £ /T R P H RO ZRER RS G Tk HRRI S
BXBAOGITE SR ETH AP RAR S ARBEGE Y B P 884 E A0 > 27K
MAEAT T 8 4F > TR Bp Babik A % A RIS 3t B FALE TR R M pRRe R -

B o4 RA[22] 256940 F) > 42 B JE B R M4 B 993267 4 -7 39 (Non-Casual ARMA) & 4 #
HOPRE R RBNEAER S AKBRS AT E FAM T BRI FHRET
# #) 20%¢4) 48 ¥ #F (Relative Improvement) » $148 615 B3 4R XL 7T F &) S%uyia i - 2
R BB TR REHE A RS  THES S ARARH A TN U - B hag
BAF PR T % -

4.3 %G FIoAT R FLR A TR
S B BB AARIEA(16) © 2B AR F e ho i o RN > PERE R B AT - Fa=1%
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= SAABMEGH B FILELEERRABH FHEZPFHFHEARTRER

= 4% 3% % (Word Error Rate, WER) #3418
0 L2 3 4 15
$27%%  Non-Casual MA 20.75 1 17.75 1 16.83 | 17.26 | 18.15 | 19.66
#3&R | Casual MA 20.75 1 19.23 1 1828 : 17.44  17.12 : 17.28
X Non-Casual ARMA 20.75 1 17.83 | 16.90 16.38 16.99 | 17.34
Casual ARMA 20.75 : 1793 : 16.84 : 19.20 17.44 - 19.20
# 4% | Non-Casual MA 1036 ¢ 9.88 i 9.88 i 10.24 : 10.94 : 11.69
IR Casual MA 10.36 1 10.13 1 9.74 1 9.76 = 9.78 ! 10.12
Py Non-Casual ARMA 1036 : 9.88 : 9.78 : 9.84 . 994 : 10.11
Casual ARMA 1036 | 995 | 9.71 | 10.84 | 9.76 | 10.68
FLFF M B
100 .
90 | il
80 |
= o I e 01
60 H O Alpha 02
;ﬁ o | O Alpha_03
‘M\" B Alpha 04
& 40 O Alpha_05
\%—\_ 30 | | | B Alpha 0.6
O Alpha_0.7
20 i u W Alpha 0.8
10 H B Alpha 09
OAlpha 1
0
Clean 20dB 15dB 10dB 5dB 0dB -5dB
gk te(dB)
AAE BN X
100 .
90 | 8 8 g
O Alpha_0
= 80 i M N B B B Alpha_0.1
)::\r/ 70 | | | | | EAlpha_OQ
N | Alpha_0.3
<o LI R o
1 o
50 i M M M H B Alpha_0.6
T
B O Alpha_0.7
40 i I I 0 I W Alpha 0.8
I | | | | B Alpha_0.9
30 O Alpha 1
20 u L1 L] 11 L] L1l L]
Clean 20dB 15dB 10dB 5dB 0dB -5dB
3k th(dB)

B~ 429 LA S A U AR T TR R TR R
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REZ -~ AHBXAREGSFAXBRSSNTE AR L ERCHE R Z b

FIF4%E WER(%)
Set A Set B Set C 3
LFER MFCC 41.06 41.52 40.03 41.04
ddsX | AFE | 3869 | 4425 | 2876 | 3893
S CMVN | 2773 | 2460 | 2707 | 2637
 MS+VN+ARMAG) | 1838 | 1614 | 2181 | 1817
 tEEQ | 1972 | 1857 | 1924 | 1906
~ QuEQ | 2353 | 2190 | 2236 | 2264
___________ PHEQ | 2098 | 2017 | 2143 | 2075
 PHEQ+MA | 1683 | 1510 | 2002 | 1678
 PHEQ+a+MA | 1619 | 1517 | 1972 | 1649
HEHE MFCC 14.78 16.01 19.33 16.18
s | AFE | 1064 | 1076 | 1285 | 1113
o CMVN | 1270 | 1245 | 145 | 1298
| MS+VN+ARMAG) | 949 | 1037 | 1006 | 995
~ THEQ 1002 & 1041 1034 1024
-~ qQuEQ | 1020 | 1075 | 1076 | 1053
o PHEQ | 9091 | 941 | 1314 | 1036
______ PHEQ+MA | 941 | 953 | 121 | 98
""" PHEQ+a+MA 915 908 115 960

&
4

2t 2kt
A& AE

AIRA °

A
&R

FBHEEXBASRTE FILERFR YRS E BRI Ea=08F AkER $EKX
Ho3t B EALRARAF R 09O R 0 B P T AF Aol E R B IR
St B FAbkT

Batr A S A#E
e @A A EUE R £ LB MR B F AR RGN FERPFEER K
B 3t 38 & A% G F AL AT 69 45 SUE H

B % st 77 7k SRAT @ )N B AT AR 64 B B 5 7] B AR UE S 8734 8 B A 45 6UE P 75 (Smoothing)

B R Rk BRI BER R TH5 0 TRGRIER SMEHE -TI4BAFLZ 4 E A
BRI A 455 B Y A BT A B LA P R 0 AT AR SRR E A K (16) 14T £ 75 AT 82 £ btk 69 45
AT > BEEKXN2)~(15KME B EFHER -

4.4 EAMERACHE F R 2 LB

EH AR AR 0 RS E AR A o) ERACHE BRI RATIR AR EBREREH G
12 2 3T 3% 4% 213 B (Advanced Front-End Processing, AFE) ~ {848 3 £ #,1L75(CMVN) ~ & % X %3+
%175 (THEQ) ~ 4 £ #4431 B %1675 (QHEQ) ~ 3 M58 -F34 8445 A (MS+VN+ARMA) A & A
WX AT 4 69 77 R (PHEQ) ~ #582 3 M9k B R 14 8 1@ 57 # ) (PHEQTMA)#13k A a3k T & 0.6
#Ee 1 My IF B R M4 B 83857 % 8 F 4 (PHEQ+ o tMA) X + & & X 43t B FAbikto oofi £ 43t
FAENERERSH AEHA B[4 T mBELR  TRERL K =7 » RBXAT
Ry %A KBS Gt B FAuk 5 0 B b oyl @ EURE A B R A B B4R B i @ 094% EATs
FRBIARR R ERHE ERALEAR A AR Y 3t B AR 4 B & X 43t B F bk A oA £ S st
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EEHRHMAE

X4 Xy X X Xt14
B ECLLLLY] ] ] | ]
™ o o o o
X4 |m HIBSE T O
n — J—
L EE--m MEBERHEE N
B - -
® 7 Ve = QTZt O
@ X, E — > - -
= (] .
z; -
. |=
1+4 : [~ J= RN |

+ BRI M HERRE T &

EREHBELRRTHE > 2B SO ANFEH A7 L4550 T35 e A (PHEQTMA £
PHEQ+a+MA) » ¥ R R A PR E S o

4.5 &4 A BB R R T 7k

AR A SUE SR AT AR 4 5 2B K #e dh st B FALE LB ] P BB A o 4 SR B Kt 2 5
% 4% P45 1% (Stereo-based Piecewise Linear Compensation, SPLICE)[25]:# 4T & & o 1248 7] M 45 4434
Bk &R AME A B G M 471 48 %) 5 7 (Heteroscedastic Linear Discriminant Analysis, HLDA) [26]4e £
R ARAB L 4Pk 3% (Maximum Likelihood Linear Transformation, MLLT)[27]3t B4 A {245 @ ¥ 3¢
ok Bmby 2% 0 A REARAR Sk @ EE R A BRI AZ T F B BBk 3% i 3 (Discrete
Cosine Transform, DCT)i% 3| & 4 & 4340 @ & 2 4 #2148 B (Partial Decorrection) &3 % » ¥ tm S 21k
HoT 4 #(28] ) BEETHMERTERwE /T HEMESMI BRSO E > RIRA R
Fal Bh 454080 2 Ao b AT 12 &-BRAE B B B AR AR B0 mRAB R AF LR £ 2, (Feature Supervector) » sb#F
B Ez, ShEEHGMEN SRR E R BRI RRE R O BATHR MM IMAL - T
MBERBAE Y,  BEXETLT

y, =0"z (18)

RKEBULBAXBRSLIE FILEBITEREGE > TRERLERWAT T FH —FF0 F =5 A7
T B RF IR R R R A A F B B AR LB R A AR H
P LB R X T o BLERE EALA L 4 F25% MR ik -

BN BAERERARMZ RGN BEESNER > R kA EAALEHAEERYE
FIR 0 EAFR BB Aurora-2693% F > W RRTH A R F I GBE AN ETRAHENELSE
B kA K 0935 & AT AR F R ARk B AT 0 B A ERA Ltk — 18 B R AR
A J2 30 XK ASI12ME & #7460 BB FH 8 5 3t BAA R R RS E n  EE o F[25]:
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DR FHARABR

ElE SRR

A

=]

> ol 1y o -,

_ =0

Tilp(kb’t)

t=0

BT A

3 B BE B B 5k (Stereo Data)

1
1

1

1

| wpm

1 X

. 3

1

_________________________

v

b BA B AR LU 8 0 4
k =argmax i N(v}: 45,2 )
k

‘ | s y
' g Vi =yirg

B\~ R A A 2 SRR MHEIE TR
p(k|yt)(xt _Yt)
= (18)
Zp(kbft)

t=1
EdNAFRAINGERTEBESR > y, HAFERE SR MOINRETHEMEE 0 x, AR ENE
FUNREF RO T kAT BIRABA T F L ABHI O o BRRFE U ) R
BIRETHUEE ) T T EFHLRS

M=

~
Il

ke =argmax e, N(vj; i, 21

(19)

Ve=yi+r;
F— S BARSE y Fo B AR E 5 T B A &k K484 E (Likelihood) &y & 47 o th k> B A & 47
AR R BRI AR T AR 0 B Sb R APT T SR — B H B 5 R R F — A A R b ey

o

5 0 SR BRBP I AR BT R EAT A EF BB R FLARFOH A RS 2
BATHAE - ERERWEAWE =7 Fo EwHAw 0 L+ E ASet CR G4 MINRER R F @B E R
ey BIREH  EREHE RS EFAARE D BUAHEERBA R TRERTEAEE
TRA R BRGRMEARE &S AR XA R G 0 Tk L & SR ERALE R RR -

5. &%

AW X RHA R BB S T RS —H RO AR B R R RARE ) ERFEIRAME
SETHGEMBRERE O B BERBOEA > R AEERGTE FER M LS B F
IREERHERELEMEER ZM XA RE R EL M 0525 B B IR B R 5 ) B4 a5
BT3RS B B I AR R A R A B R RS SRS R F AR b R IR A A B
BERRBGE IR FER - BRERF RO ZARB AR E B MEERCEH R T RET Y
BEAHMBBEAT - I AR XL TR BB B R T AR TES BRERTZ
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~

*®m

o B R AR T R T RER

T3 FaRE WER(%)
SetA | SetB | SetC
#$358 | HLDA-MLLT+CMVN | 2163 | 2137 | 2159
J04MX | HLDA-MLLT+PHEQ-MA | 1598 | 1596 | 1501 |
_______ SPLICEACMVN . 1634 | 1495 | 2118
SPLICE+PHEQ-MA | 1340 | 1341 | 1708
#AH% | HLDA-MLLT+CMVN 9.49 9.51 10.40 9.68
4K | HLDA-MLLT‘PHEQ-MA | 906 | 887 | 855 | 888
©SPLICE+CMVN 1040 1100 | 1380 | 1132
 SPLICE+PHEQ-MA | ¢ 954 | 1088 | 1218 | 1060

RARE A R LB BAE EARALIE R BB S o9k 0 ¥1 HLDA+MLLT #9445 > A S HEINGBE K
TR AR R T4t 8.88%; B 482 SPLICE &4 > 85334988 X T
PR R 14.14% o

6. 5% URR
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B3 TERPFELGFEEPBNCF I RGEIRBL

Disfluency Correction of Spontaneous Speech using Conditional
Random Fields with Variable Length Features

Frpg - fxg' - 2ap!
'Dept. of Computer Science and Information Engineering, National Cheng-Kung University, Tainan, Taiwan
Dept. of Computer Science and Information Engineering, Far East University, Tainan County, Taiwan

&
Ergtr g o2 A g En(disfluency) g 0 A2 B AU F TE B B G EAERE o JIY REES
PieSs P EAS B 2 P2 S8 FHFIRHEMEER D o B¢ BPEHRI Y EE i
BRR o CAET AP A RARM A E BN SN AREC R PR Y VTR LA
Hio o33 A B(chunk) 22 93 = 487 ik fi o 3Bk 4o R * 18535 ¢ 3 #5634 2 (MCDC)
BRI B RIEREN o H P 48 1 3 (editing word)ds 3RS 5 17.3% » 4p4+> DF-gram ~ HMM ~ $ + % 12
3 N-gram 4cf& @ 2 08 & 360 2 2 8% 07 11.7% ~ 8.7% ~ 8%11 3 3.9% o flb T ¢ ¥rELefin™ » 4t

B IR FESE S 6.1% R REN TR BEWH L ST T g or R B E CF S Y 2R RWFFE

ERTEFHEAABAG O F IR A RE R oz s - 3T E kO E S ELE
BEe gt E R AR o P W R PR AT D A B PR R R R0 P F
Bt o A BCELES[1] A v F M ES ¥ § LEF 2D R (ill-formed) 1 £ F R R
(disfluency) » iz % €3¢ & P D PR J ST S FRER 0 LI R F R TP K LE
[2]° @ $peF 3 WP iEin L FEBe e F o4 gRERT KR 75 B HR ¥ Fid > FHE[3] -

SR IR ET RA LT B AeR - AR

Deletable region (delreg) Correction
6D\Edil words

Bl- Soff7 5oPiE i B

SufBA JRHFE 0N ¢ 352 f83] % ¢ €48 (Repetition) ~ 12 I (Repair) fe& & 4(Restart) » # T & 40T o
B S ATHIE R LG D HE AT LA o BT TFH RE

~

3
St

£ TEF LA 0
DR BIGBD o4 AT HEREAIE R D FBE RV LN o ERLGEE BARS
TR BT ERTR AT — 1 e 4 R R 6 e 2 AT R R

ML GRS e 0 ISCI & SRI B RS L ¢ % 553 HAI 2 5 & R34l 3 i
WE R[4y B EANPIEHOE T HARAEHO R * ERE EF A RE T A E

BT AR N 4T R I R SRR R 5 oA (DF-gram) kIR EE DI SR IR R [6]04 2 2
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BoEk R L 2 RSV A T B A SR R[7] o John Bear % 7 vk kiR ok 44 R
I e (7 Rl % 12 1 [8] » Anand Venkataraman & * A I 3T % 2 LR R B %57 JReFER[9]
Matthias Honal 4% v 3 #fif (Noisy Channel)srigL & > 38 % 7 o Ay R D A3 {03 I vt e
& %12 it 2. [10] - Charniak and Johnson & * — 30 M Pz & 58 B K IE R 7 4R " T B[11] -
Nakatani and Hirschberg % %% ~ 3 35811 2 33 7 Hiwd > — XA R dpl£45[12] -
Snover % 4 12 % Joungbum % A {|* 4% & ¥ (Transformation-Based Learning) 7§ ip| 7 7§ 3% iin
[13][14] © P 4 ¢ Furui PI& 4 % v 350355 #82 A 7[15]° BIR S 5 0 ¢ B2 nef g

G A AT[16] 0 S A EA T MY A RN E Y STEE R F[17] R AT R
A2k RIEHSH R Y v 3 2 2R R AL[I8] 2 f B AT FRE R L [19] 0 1T E ko =
PAFL A BAT R RN U FEE AR B IR 255 & A B RCE] 1 R [20] 0

FHE S B R B R RIET ORI A I [21] 0 A 2 RN SRR R E R ) -
I R At 2 B 2 E o

A oordR 2 kAL Tﬁ-&r’f BT

Acoustic CKIP
Model Lexicon

- _Speech_> Speec_h Morphqlqu N IP Position
’ Signal Recognizer (Wordbuilding) Potential
w
IlP
Language Cleaned Up
Feature C'\I/tla:;;p Word Sequence
Extraction .
- A
Testing
Feature T Rich i
- ; —> ranscription
Training ’_' ruci s
Atomic Language
MCDC Feature Feature Eztri?nn;?ifr:
Induction Extraction

_ e S,
g]—- L) ‘/H‘“d}g /H l'} ‘ ,5;?‘-»7\ S ,,‘f.‘_,%g ’ﬁ?

ez HaiAeT

75 7 E e (Speech Recognizer):f]* HTK #3F 4 & 5LiE (73 § y2 7 31§ & %(Syllable
Lattice)o H # 2 i % % 157 B = § & 3] (sub-syllable models) 2 % 11 3 7 2 -3 J(ﬁller models)°
HFEHC 2 (Morphology): #-5 i 3% 3 FH Bor 7 2 3 & L ¥ B3P L ¥ 1 4p ¥ & 4030 % (Word
Lattice) °

#F 7 #EcHFP- A (Language Feature Extraction): 1345 s #c > $30%. ¢ 355 1 O F i -
+ #4cs2 # (Atomic Feature Induction): & # Zi20 s de | B ~enddfic » fE2 5 5 Fak e

£ 87 (Parameter Estimation): ¥t 7 b erd ez Hfp R enfdic® > Bt o Sdic o
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i 7 #7/ (Cleanup Model): 1233375 ~ 7 it cv $7BLIL 2 3952 35 2 H e & 3 e 2 B
BRI o oo

Bt RGBS I B D 2 s APRER Y SR B ISR R U SRR oA
e ELRAR A B PR CRREA IR > 2 4T

PISEE--F L MCDC FFH# P gd F FHOt D] Ao ol 3 HAR] S L AP
A ¢ i rdiodice S P EHF AR T T FAREE- T H T o s B 7 Sl R B £
g’:%r&/F pé‘ﬁg'} *w;“ 2 %ﬁt°

FIFEFEA-E R ARG PR B FE R RN T 8% B SRR EFL D) e
¢ @I RIS PR RGE T AR o R0 BB R AR T i ehd $RERIL B
REP23E S P AP BUTE IS ERCR] 5 Y BTEET R B R SR S R FERE RS

SRR R 2 AR NS (DA 0 - F R XA AR IR A Bk
BER7] Sy A FAEA W M $dc 28R hrhBEXRT » TS F 5 » ﬁk{&

FERRAPT LEMREEIFA 0 A EAPIGRR D IR H R AR EA ] o Bk
do AR H R RE B Pz iF R AES 5 P(SIW) -
S =argmax P(S|X)

S

= argmax[z P(S|W,X)P(W|X)J (D)

S

= arg;nax[z P (S|W)P(W|X)}

3. F TR RFFHL G EIEPR
iE s
iE g5 5 - f8#& v Bl(Undirected Graphical)enficd] » w4k % ki fp B85 — Rl A 7] > #3748
$HB A I 2 et 5 G H s R B R e XA X B
fLz - FEREEE X SRR TR R S AP ETE- B G=SE):- 2+ B S 5}
B2 B B BBYLAEBEE APTRERRESYFAREAINY PR BRE YV FE

B ST BT RS RAGRRT X foe] 3 6 Y (a2 T
EINES R Y s
p(Y, |X,Y, u=Vv,{uyvjeV) (2)

MELA X Ao Yv il B Bhermig 2 2.7 > B PR Rl Yy e 5 o
p(Y, | X, Y, u=neighbor(v),{u,v}e V) 3)

E'J(X,Y) - g ";{ﬁﬁ

Wt ko MG BT AL A 0§ REA A B H 2 R e
Blng e f] 52,4 - B f§ H eh— pp4(First-Order chain ) > 4o Bl#7 » 29 W 2 RpIE S 3
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“

f (st) g®
k(s ST, W );ﬁﬁ‘fﬂ;ﬁ;;{l}ﬁ. Flfe R AP i ]l R R ED Rt R ES S

if g1 = ®_g
f, (S(tl),s(t),w):{l if "/ =sAs" =5

0 otherwise
(%)

(t)

s gk(s W )g;i»kﬁg;ﬁ;ljﬂ R tfoRER R Pk R S B
1 ifsV=sAaWW=w
gk(s(t),W)z{O th . i
otherwise
(6)
Ay oz M RARFER? G kg Z Z R Gl ZTF VR R BB A TR
—fr H ’i;:"& 4T ;\‘ L
z=% exp(z 3 26 sOW )+ S g, (O W )}
W s t k t k
; (7

i TR e ERIE S X § FR RS ARG RERITY 2 e
A2 B FABRRBIEIY R e RS 0 RIR AL - RB IR TR

0
HHPf S F 5 10 RIEF R e L g ine > SRR iRy .
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*LE R
PR IRl T s S R ﬁ7}\4mA]¢7/;FpF‘F§ IR /a\’ﬁ; g
gyj g pEF g % ¥ Bl - & (Pattern Matching) =3 % > » ’f} LRI I 22
13 AR i ipdt Btk ehie 2 F G £ - B ¥ 3F (phrase) ~ & A - B F A~ ¢ F(chunk) > doFle o
SEAPRME B Ao HEH ST Al BEA

Deletable region

@@o@o
OeE00)

Corruct!on

POOOCOO00

Cleanup Sentence

BlE o %fB7 it Einz g0

i E 2 o AP JGER

‘Ir

IS 1 chd BN

AOEVE B AW SR R E S FA R X LR ORA D EABLT - F 0 whd
gg.*#ﬂ;;ﬁ.ii];rsg*ﬁégf—%é”?ﬁiﬂ,?«%i’JTT‘C{?’L?‘?%)‘%:‘”? PV -Fe o REAER
BT BB W T R A A K eI c FA PG ABF L E e H LM oS

HA o Pl B0 2 e edin 7 B3 %) 0 g & SR D AR 1 giig 2 (False Alarm) s 3%
oo

Restart:

OOOB8000E

v SdE A W 2T Sn 2. restart

BAFEEERB R BRI UFEE R MG RN - AT AH 2 S 2
R GERAE o H - B 2 A S IR R RISRE A2 B AT ST
REBR SG AR BA NS PR TR NG o AR BT mﬁﬁ%ﬁ@’ﬁﬁé#

E%}%@,A}wg\;‘;\g;‘dg -V S ,_p_%ﬂ%rla e RS N EREE ] RS R

FREBFER BRI S o hoT BlS AT

B BRIE )W BRI R ER ]S el 5
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P(SIW)=—-exp Z;Zﬁkfk( WSS g (sh) W) ®)

Hoopq ik Bl Bt E
LR R B

Tz AT oA E - ExE TR
FRARPE ¥ - R TR i
/F"J}:'\F

BEERET RS fk(s(pt_l)'s(t)’w Gp R ORER Y = C] Gk i

SmE GRS e @ g (s W ) 2P AR EA Y Rt {oRBIE Pk

HoSi i o

BRGNP RS S ZH AR T AR R AR R R BRI A
oo AP - AT o
0T o A B BRI AT T S AR BB S 7 BT T RLRIEE R 2 L T o B A -
BRI Fe T2 1 N-gram shf £ 572k 2 2 il 12 445 (Template) 7 5% % & 7 o
F g Ap B 35 S B AN S Apriori % B ,z#ng BT B 2 gt BT B D A P e M

s e o AR S 172 S B AT - MR AL A T R BB ke
0. (s0.w) =11 S =S AWKI T 4 5 AWK T 4§ e
e 0 otherwise

&)
FCE R A P AS RV S AR IR A RIS o TG BT chen Bl B R T Lt S 5
J

BIH% 1 & A0 B BLIR] 45 3 i F] 2 T (repain) st /87 GR 97 3F ik € § Bk @ & (Pattern Matching) e
A5 AP BERD S MBEPE S E ) B AT

)_ 1 if S(F)t):SAPFl:PHl/\Pt:PHZ

0 otherwise
(10)

J" ?‘“ EE N Fs BRELFEA - R B3 T A3 IR G o FIi T 2 4%
PR B 12 B o P RAPEY 2 BiRamP e f F RER R 8 4D MR
ﬁ(o EM ff“,f‘:}g;#'}; 37 ﬁﬁ ]L’J' s F‘tg R L‘ 4 1369 %éﬁﬂil}'& :‘EE_"_ . ﬂ{Iﬁ_.ﬁ_;%‘;fi\:‘ RPN .

B kad gAoT

)_ 1 if Sg) =S A Pt71 = PHl*k A Pt — Pt+2+k

(t)
g;(s, W _
3 ( otherwise

(11)
FE AP B P S ke & SERGRIEFHAELIE 2 f*”qu'ﬁLf’}/ﬁ’fﬁti“Jé_iﬁ%f]%;ﬂ;}p%j-
Beavk B B 7 TR SREFEDT o

+ #&#a-%Iﬁ-n =

b3 RE R P GERESE I AP F AR Pl AR K 0 & 2 ¢ B (chunk)
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IR A * g Apr10r1 B 2 [22] 0 dodS DRl BE R ¢ 3

ﬁéé”a‘ﬁiﬁ%%?i’ﬂ‘ﬁ?{@ SEYV -

B s - BeFand oo g S Y ARG B A LSRR R A W o FRenpE g R
né fffsil]é‘?ﬁ’fr?é;i Pk ehd ik o 2 AP P P R ) B (CKIP) AT § 2 ¢ 2 P HE A 4T
[23] > £ #2075 F e i 4 47 2 AP HH R ‘—;—f##
A H e & # A (argument) o 2N P B S F A

e
2R x =[x, X2, o, xm]fed - B3P0 2 B RS A A A y=[ yl,y2, o, yK]F ek

3 PR A R Tl 2!

e %+ B 7|(common subsequence)z * F z=y » B 9 L] l&frﬁ;—] rFERE F- 93 PR ) xm
BRRAEF X, yd BRI FFd- BRI ZEFFZ xXEydd B2 MAZ{HR Xy

e4p fr + B 7 (common subsequence ) » # B ]+ > Bk N frugi.g] rEHE LA IR 34

A7 H 7B 5] x 5 [Nhaa, Ndabd, Nhaa, Nddb, Dbab, VA11,Nca] » — #:37 VC1 fic & # & & 35 = 2

F M B3]y 5 [Nh, VAIL,Nca]> 2 P R ¥ 35 3| H & o 3 B 5 z=y» 3t £_A % 2 %7[Nhaa, Nddb, Dbab,

VA1l Nca]t B 75 - &% o

3073 FTE BRI F PR 2 B HEciu AR E %:@txp BI(ML) - EO K%&ﬁ&—f 2

p(s|W,®):%exp[ZZZlkfk(sg"l),sgt),w)+zzz;zkgk(sg),W)J (14)
t k pg t k p

Ky RFHRPE L KB E R fa)”l&ﬁﬁx’}lrﬁ log- i1 2% B B % - = % ¥k
O = (M Ay ity ) o 30 ELA P S S p(S|W,0) 8 log- it % & G ficeh U 3N

:Zr)(w,s)log p(s|w,0) (13)
W.,s

= p(w.s) Iog[exp[zzz/lkfk( s, w )+Z§k:§p:ukgk(s(pt)'w )]]

W.s

HEFER2 5@ TS

Zﬁ(w,s)lzzzyk f, (s(pt—l) Y ,w) I (s(pt) ,W)}Zp(w)log z (16)

t k pg
218 A log- 12 2R B I R e Sl Ay
oL(0) . SR 1t
o =Zp(W,s)zz fk(sp ,sq,W)

-3 B (sIW0) S D (s sk w) an

FERE2EBEAERFELNFTANE R B 0O 2 - kW2 E 37 710 F] 5 ¥ log-
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AR S HCT A DR KR AHO 0 AL PR khv HEY - 1 F §(iterative))
U IIB (R % log- AR A Bt 2 Sl o FIIIS £ 7 ka2 BB oA A1 IS HE
E ke F ARG R IS HE 2 E 0 GIS/HE 2 5 A#H%n 2> HiRgl jtacd RRGISHE
o A gt L A A & Lafferty & 4 % d1 s B ARDNE R B E fdc o

Lafferty % 4 [24]B 2 FI4150 — B4 B4 hiF & 5E 4858 (CRFs)» 45 BLiRI B 7] W 18 3¢
BER 7] s eniE 25 pW)T [ H ch® s en) N R & 7 o 0 RBIE S W Y anE - B ing to

A ] %A - | x|x| SR M (W) =[ M (sLSIW)] > K 5k fh ik o

M, (s',s|W)=exp[Z:z:/1k fi (stp‘1 =5',5q = s,W)+ZZykgk (stp = s,W) (18)
k pa k p
FHM (W) TR E AT BBR R A]Y E BESRE ot LA P T kR R g

Bk PISIW) 27 5 cmet et £

n+1
P*(S|W):HMt(Stp_l,Sg |W) (19)
t=1
AR GEZ(W) PRI EAIW G M SRR AT T a2 RERF|EE:
n+1
Z(W)=(My(W)M, (W)--M,,; (W)) Smsmp {HM } (20)
start,stop
FOIE AR (8 e S S p(s|W)T & T &
n+1
t-1 .t
l_IMt (sp Sq |W)
P(s|w)="=
( | ) Z(W) (21)
A4 * £ R (iterative)eA5 58 0 F - w & { #7- =X S
ﬁ‘k == j‘k + Aﬂ'k (22)
My = e+ Ay 23)
He & - w & { 3708
E. f
1 p(s[\N,@)[ k]
Ay =<l0g—————— (24)
S Ep(w,s)[fk]
1 E s[\N,@)l:gk]
Ape =1 25)
W,s)[gk]
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EQRONILE 25N S EE - PRERE & § 2 Hs ol b 2IVRTR Y L e

S = max, sz:%:fk(s(pt‘l), ) Zt:zk:zp: ( (t) ) (26)

Eﬁ(W,S) [ fk] ; J]E*'ﬁ(lﬁ'& fk —,t'— ’é)"ﬁﬁ?#\'}'—/} I/T,? _rf’!ﬁp j[{ f_é_'—_:

n+l |

Esw ) fk ]= ZPWSZka(tpl ) @7)

t=1 p,g=1

n+l |

s o) fic J= ZP P(SIW)D. D" fi(shtisq W) (28)

t=1 pg=1

Lafferty % 4 #% ! ¢ ji 4L 3]72 (dynamic programming) ¥ £ 1% P(s|W) ¥ % 7 5 &% M (W)

A5 0 N F 28)F A A

n+l |

s [eJ= LPWIP(IWIY, 3, (s )
t=1 p,g=1
n+1
=D B(W ZZZW—S sa=sW) 29)
W t=1 p,g=1s's

o (S IW)M, (s',S|W) B, (sIW)
Z(w)

X

#e g (W) 2 B (W) 5 w3 (forward)fes {4 (backward)s £ » % &40 :

S|W)= 1 ifs=start 30
ao( )_ 0 otherwise (39)
I

|1 ifs=stop
ﬂn+1(S|W)—{O otherwise (31
Hvfaw B i 5
a; (W) = (W ) M; (W) (32)
'fr‘
Br(W)=My (W) Sia (W) (33)

B et £, AR 00 > Pl g, BF RIS a5

Eﬁ(sw)[gk]:;ﬁ(w)nfizgk(stp:S,W)Xat(s|vzvg\/€t)(s|w) G

t=1 p=1 s
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!
¥
=
|
3

ﬂ?«%%wm“fm# S Y B AP R R R R EE
* o2

LS |[W) eniE » @ 2 BB e F p(s, 5, |W)
PASi-15 St 1 n

4. R=BH
4 PR ® 2 3% HMM Tool Kit (HTK)(http://htk.eng.cam.ac.uk/)» # # % & 7 157 B = § & $3)
iy 3 11 i i 7z 3 (filler) ;i Y o ¥ TCC-300
(http://rocling.iis.sinica.edu.tw/ROCLING/MAT/Tcc_300brief.htm) 1 % MCDC 3# # &

(http://www.aclclp.org.tw/use_mat_c.php#mcdc)FEas 5 4rd - »
# - » TCC-300 2 MCDC ¥ %

Acc. Del. Sub. Ins.
TCC-300 (Top 1) 89.51 0.15 9.55 0.79
TCC-300 (Top 3) 89.76 0.15 9.32 0.77
TCC-300 (Top 5) 90.38 0.15 8.82 0.65
MCDC (Top 1) 52.83 7.79 32.35 16.36
MCDC (Top 3) 53.27 7.75 32.32 16.32
MCDC (Top 5) 53.92 7.75 31.42 16.26

iy MCDC #FHE ¢ > 2 F & B crfkf(tag) ™4 mede-01 ~ mede-02 ~ mede-03 14 2 mede-05 ¢
2 2 L P HEE R > mede-09 ~ mede-10 ~ mede-25 14 2 mede-26 o L RIEEENL o B 23N 8 e
FO o & F A RWEIRLE S %imfSZM%’#ﬁ{ﬁ2@%%$*—@E?ZﬁW%ﬁi
Woho B DHEERE A R RFEIR T AR AR R oI GER G RREFR Y A 2R
W E A AT &g

Lo ALY E G2 EWEAR R L PR

Repair Repetition Restart
P IE R 107 318 94
RIFFE 142 180 246

B AT LR R E B T w B L B E0Y A& 03] (Maximum Entropy) ~ 4 & 3%
TORCAIE R B0R] » Ge s A R AR ORI 2 3 IR E R E T BRI (DF-gram) ok BiE
& & > B2 Rich04[25]¢ e i3 It 37745 225 (edit word error rate) 2 % # %78L4%5 22 % (edit IP error
rate) i7 5 W f e & 5 41t T N F (35)82(36) 7o o

Ny —ewp t NFa—EwD (35)

Errorgyp =
Newp

n n
Error, = M-1P T NFa-ip (36)

Nip

2ZAREF TR ERE A S PSR P AN tri-gram fe & R A & a=0.25
ERFE SN A f’;*fr] TE B P E R B Ak g Zé"g
220 BEFTHINEREFT b A T2 A D RE RS

Human generated transcription Speech-to-text recognition output
(REF) (STT)
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rlM —EWD r-IFA—EWD ErrorEWD nM —EWD nFA—EWD Err-OrEWD
Newn Newn Newn Newn
2-gram+ alignment 0.17 0.12 0.29 0.40 0.32 0.72
2-gram+ alignment 0.09 0.15 0.24 0.36 0.32 0.68
2-gram+ alignment? 0.10 0.21 0.31 0.34 0.54 0.88
3-gram+ alignment 0.16 0.12 0.28 0.31 0.35 0.66
3-gram+ alignment® 0.09 0.12 0.21 0.32 0.32 0.64
3-gram+ alignment? 0.07 0.16 0.23 0.28 0.30 0.58

1 2

. word class based on part of speech (POS) . word class based on the semantic class

Bl- 0 2@ B G0 8 ¢ BTBLIE AT i R RS 0 MOt S R R B ix i
AR R TR I n=3 Lk RIREFG T Y BRIFERIE R < ER o AT
FEROFTAAE S FLSEP > S s A AR o FAP e n=3 LA RfeN PR

E)

Az 3 JE O IR e
0.24 B
—e—Inside
0.22 —=— Qutside
o 02 B
© \\\\k——_+\‘\ﬂ////k—-*
S 0.18
[}
o
S 0.16
= \\
D 0.14
0.1
1 3 5 7 9 11
context size

Bl= o B % FHCAIAR S L e RS
BN GEEEsB AR 2 kT rE2L %% > word & 5 & * 3|3 e0H & o word+chunk
fEiR* T F AP E(chunk)iz®E ~ > BREREAFAH TR DT TE B FH FREHE
APTUFIIFRY FHAR A% BAALZ B BEESF Y G N 2 T T (Repair)t
B Al ua 3 0 AT mj%émﬁﬁiig%g@%i{ﬁﬁyﬁ;ﬁﬁgm%
(Restart) 5 » & % 57 0§ =0 f AR enet § o d REAT F NS PN D2 S R P LY
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e
N
o

O Repetition
0.14 - — B Repair
O Reatart
0.12
o O Total
g 01
5 -
[}
o 0.08
5 -
2 0.06
E
0.04
0.02
0
word word&chunk word&sentence proposed

B~ % 2 A =t2 CRFs 7 Fp 3] %2 7 JRof I A8 i3 & 045 355

\\Va~

B 56 APRIZ S EE e B R f B hY S R I PRES A S AP
2w AR A T LR GES R R D PR Y RED M TR 0

ok
—,‘E':l*"”/z:"

0.35 -
O Miss
0.3 M False alarm
O Total
() 025 [
©
S 02|
)
o
S 0.15 ,_7
=
d o1 -
0.05 r
0
DF-gram HMM ME Mixture CRFs
Method
B4~ F @?J N2 TR TV )
2w o0 AfE RN FHES 2R D S ES
Human generated Speech-to-text recognition
transcription (REF) output (STT)
nM —EWD r’|FA—EWD nM —EWD nFA— EWD
———  ——  FErrorg,, ——— —— Errorg,
nEWD nEWD nEWD nEWD
DF-gram 0.13 0.16 0.29 0.37 0.346 0.71
ME 0.05 0.20 0.25 0.14 0.52 0.66
HMM 0.12 0.14 0.26 0.34 0.35 0.68
3-gram+ alignment 0.09 0.12 0.21 0.32 0.32 0.64
Proposed 0.07 0.10 0.17 0.25 0.35 0.60
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Bl 5l 2 F BfcaBiy 78 ¥9 ¥rgbz 2 & (Recall)#? F % & (Precision) &
oo T O Ak B Y BTRRARIE R g 0 PN TP BTEL T £ A% o

09 r
08 r
0.7
0.6
0.5 —— — All potential IP

0.4 |— — half potential IP

0.3 1 —quarter potential IP

Precision

0.2
01

B S ¥ A RAT F A R E ff%{ﬁ_g%éﬂ PRt A BAA B 2R IR R IR R
2o HESdoflt - 00T o FOUF IR AAF RN F A SR E LR 0 2 2 R v E G aenig

F R o

0.45

@ Miss
0.4 | False alarm
0.35 O Total

0.3 ]

0.25

0.2
0.15

Error rate of edit words

0.1
0.05

DF HMM ME Mixture Proposed
Methods

@—L -’ 3’5;‘%7' /;’L“%}?P’g o égﬂﬁv" Ff‘} e ﬁ"‘@

5. BHEAkair

A2 k- 3 R B SIS AT R B A R e & BB B S i B R

A B B B R B A ﬁ»%éﬁzﬁiﬁm AR A HE 0 ¢ XA E /‘EM% I
Pz Rt Au@sF g FUE T oq BRPIFHS DAL ER T > FIL 1 LRE
PRALPEE A 4y ae ik o e qU® Apriori 3% A 2 Frfcdilic o R S E AR 2 2 2 AR

PEES L 173% 0 AE R e T WAl %:@?;“ BT A HA o W HCA A Negram
de e 2R EFAI E A BE MR 11.7% > 8.7% ~ 8% 11 % 3.9% o ¥ IR AT Ak 2 B
FIHBIRPH S o R inh Y SRS R R 4 T @I e

TR ART R AR B

BAEG R MR D ARG AP L R B2 R U 2 E T R F A K B HE

=y
o
N
<t
~=!
g
=

N
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Bo- e B TS BT F R Y SRR RS o
b

JEAPEL Ppfod & £ & (Contraction) s/7ff 7 38302 F & & Hnia5 % BBt g F v Ee

PHEER R - AL ESP -

10.

11.

12.
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(mismatch)

(Bayesian predictive classification)

(MAP) (MLLR)
(MCELR)
(uncertainty)
(prior density)
(MCE)
(hyperparameter)
1

recognition)
(signal) (feature) (model parameter)

(speech enhancement)

(compensation)
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(pattern



(discriminability)

2.
21
(48]
(feature-based
adaptation) (model-based adaptation)
(maximum a posteriori, MAP)[4]
211
MAP
Triiced muo el MAF adapration

- B T Adapred mavdels
! g 4 "
i - {?_'__..ﬂ-"’"-' _ML_ w}ﬁj - .
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MAP
X L war

g(L [X) g(L)
f(X|L) X

L wap = argmax g(L IX)=argpa>< f(XL)g(L)

g(L) g(L)

(non-informative prior) D

..o = Nt 2 < s? }
U s24Nt?2T 5?2+ Nt?2
N X N(X,s %)
N(r t?)
212
Feeivial mmodels
= Adapred modeds

# Z . \h’u_rr. el

’ iy -

' &‘ME - ”’”’"‘"

4 / T,

08 Rg ) T e ;-,F ;\
% il i ﬁ?

i-i,g T vr%

.—'

NN . ;,_ __
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(maximum likelihood

linear regression, MLLR)[3][15] (regression
class)
L m
d 1 W, i,
riil:'Asrns-'-bs:\/vsxs (3)
X, =[1 m]’ (d+)"1 W, =[A b,]
d’ (d+1)
1 T o1
b(X) = ——————exp\- 1/2\x- W, X} S;{X- W, X, (4)
(zp)d/2|ss|1/2 { ( (s) ) ( (s) )}
X
W :{Wms)}

Wy, =ag e p(X |W,L)

EM (expectation maximization)

[15]
Q(L,L)=4 p(X,q|L)log p(X,q|L) (5)
q
L L
& &g (t) 08 &9, 0
WQ”L—g 8 Lo x] AR & 2 x X T (6)
t r=135r| [} t T=1Ss,,i g
2.2
(minimum classification error, MCE)[13]
(maximum mutual information, MMI)[16]
(Support Vector Machine, SVM) (Large Margin)[9]
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Juang et al.[14]

(misclassification measure) (loss function)

(expected | 0ss)

(likelihood function)

1)
1
e 1 o un
d(x)=-g,(x:L)+ &= & ey, (XL g ™
eM - 15 a
C, (confusing classes)
(competing classes) gi(X;L) X C,
1
€ 1 o V]
ém a e(p{hgj(X;L)}Q C X
TStk u
" norm  d,(X)>0 d,(X)£0
h h M @
h® ¥
d;(X)=- g (X;L)+ max g;(X;L) ®)
C, C, X
2) X
sigmoid function 01
L(GL)=1 (d (X)) ©
sigmoid function [0,1] sigmoid
1
function l.\d )= q 0 g 1 1
@) 1+exp(- o, +0)
d;(X)<0 1 (d,)
d(X)>0  1(d) X
3
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M
o

dx;L)=an(xL)uxic) (10
i=1
1)  indicator function 1 0
L) = EJI(x;L)] (generalized probabilistic
decent, GPD) MCE [13]
L =L~ etUtKw(Xt’L)|L:Lt (1)
23
WX
)
2 3
(randomness) (deterministic)

(Bayesian predictive classification, BPC) [6]
[SI[10][11]

(L. P(L,Gli (o)
L G W W,

P(L,Glj L.jg)=pL i )>xpGl] ¢)

M. ={p (X W), peW) [ (L,G) ~ p(L,Glj ,J o);LT W ,GT W} (12
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POT @ gm)

Y

(X, W)
p(L,Glj L J ) (loss function)l (W, W)

r(d() = Ew x)Ep ol W,d(X))]
= &  JW,d(X) (X [W)BW)dX (13

W Wy XT Wy
p(X W)

PIXIW) =@ p(XIW,L)p(L |j L)dL  P(W)

pW) =@ PWIG p(Glj )dG 01 rde)

d(X) =argmax P(W, X) = argmax P(X |W) P (W) (14)

[1[2]
M. ={p (X IW) L =V, (L), ~ p@.)}

POX W) = @ P(XTW,L =V, (Lo))p@. )dL (15)

Vi, (Lo) Ju

BPC
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(state sequence) (mixture

index) (missing data) p(X W)

(quasi-Bayes predictive classification, QBPC) (Viterbi
Bayesian predictive classification, VBPC) (Bayesian predictive density based
model compensation, BP-M C) BPC

BP-MC BPC
3.
(trade
off)
(7]
[1[2][12] (distribution estimation)

31
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p(L1j W)

P(X W) =log @ (X |L,W)p(L |j ,W)dL (16)
L ={a,, G M Sieriis i =100, Mk =1, K} M a,
K Ciy [ k
My S ' k
BPC (16)

P(X [W) = g p(X |LW)p(L [ ,W)dL

2 . a7)
=a QpP(X,sl|L,W)p(L |j W)dL
s,
My
. _ 1 -1 o Yot )
p(mk “ ik!W)_ —\/5|[ik|d/2 exp 2 {(mk mlk)tlk (mk mk)} (18)
= N(My; Myt )
I i :{mk’t ik} i k my

Si = diag{s iid}
ty = diag{t iid}

ﬂkd(xd) = C\)f (Xa [Gika) P@ig 1] i) AMq

(19
= N(Xd’mikd’giid)
giid =S iid +1 iid
pi(X) = é. :leik f~ik(x)
X =(X,, X000 X1 )
- ) ~ e X ~ u
GOGW,I ;) =lag Bu(X (W) =logp, O ay sw; Ty, ()
e t u (20)

=Ag+ aa logw,; thft(xtd)
t d
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(xj)=L81(x; )
X —alX;
] Ma_ll j
Mid © Mg =Mkd/Oika  tikd © Cika™'%ikg
~ ~ [ AX.:]
My (N+1) =My, (N) - enﬂl(~nJ )
kd Mid =M (N)
(X, d .o & _ 9
%= -gi(d)@- L dpad@-idd, - k& s Mia .
Mhe =L Jikd o
d() Kronecker delta function

Ca(N+) =6,(n) - e,

ﬂt ikd

3.2

. A ,.2 l;lff 5 9
1061 )= g g)a- 1,64, ))ad(s-l)d(l & M Mo g0 L
gﬁ -

(X, )

ikd fika Fika (N)

DBPC(discriminative BPC)

(deterministic)

LRBPC(linear regression based BPC)
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MLLR

Pl

VV=argma< P(X |W,L,IA?)
W

(23)
g(Rlj)
PL(X IW,L) = ¢ p(X [W,R,L)g(R]j )dR (24)
(24) (plug-in)
W = arg max P, (X |W,L) (25)
W
i k
m, = Am, +B. = RX, C (regression class)
R. =[B. Al Xy =[1 mTk]T
R, A A, = diag{a, }
d

My =ag My + b, [15

fi (%) = ¢ F (X, 190, M,, S,) 9@, i o)da,

(26)

f. (X,) HMM i k f (%)

HMM S, =diagls 2,} . (x)
Jog =[ac D]’ 9(¥eq 1 o)
d i w =My, Se.)
d
9(0cq |i o) = 9(8cq, g [ My, S, )
- %|Sqw |-1/2 e(p‘%l-_zlbcd - an)TSc}i, (ch - ”Em)g “

m, :[macd m, ]T o d

é 1] (28)
“ Ban S 0
@ (26)
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Ek(xtd) = (Xtd’ M jka S 3|kd)

4

< 2ae s? 5 0
— cd— rd—
S \jikd _Sbod(él S - +”ﬁd§ - S 2 +S|kd
D by ﬂ
Mg =M, Mg T M,

GOGW, L j )= MﬁWXMHJ|®@%O%SS|$WM

=A;+@ Qlogf,; (%)
t d

)

d(X;L,j o) =- GOGW, L, o) +G(XL i o) sigmoid function
j ®j
j o (n+D=j (- e, Mabils)
T“ ¢ j c=j c(n)
i c o =im,,. S,
T“ cd T T“ cd T“ cd
W, ={i,k} C
BOWLI) g 8 g, 0feme T %ol &
— =- (1, k) G
ﬂn‘l&lod at. ikl'a.WC g Xlkd ;mkd
oW, il L., ) a avt(l’k)e(mkdm tm, - Xtd)
ﬂrngm toiRwW, @ SX|kd g
. 2 y 2
I9(X;W, L) :é é, (G, k)i( .mmjuzj Xtd) i ﬁy”i‘ikdfam
s ay toidwW, g S yikd B Sxikd
\ 2
ﬂg(x i L J ) é é \/t(l k)f( Ikdnl]m )2 _ ﬁyfzbcd
ﬂSbod t iKW, g an(d g S xikd
V,(1,K) to k Ui = [Mg

(29)

(30)

@D

(32)

(33

(34)

(39

(36)

(37)

(38)



Viterbi V,(i,k) Kronecker delta function
DLRBPC(discriminative LRBPC)
4,
41
1000 50 50 10
3 1 8kHZ
16 (CARNAV98)
10
5 5
0 10 50
20 0 30 5
150
250 TOYOTA COROLLA 1.8 2 2 YULON
SENTRA 1.6 8 k Hz 16 bit 3 11
SNR dB
YULON TOYOTA
0 5.63 10.3 7.96
50 -6.53 0.34 -31
90 -10.14 -3.77 -6.96
4.2
(continuous density hidden Markov model, CDHMM)
baseline
4 HMM
7 73
26 12 MFCC 12
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deltaMFCC
4.3

® DBPC

MAP

BPC

Recognition Rate (%)

® DLRBPC

MCELR

10
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1 log energy 1 deltalog energy
DBPC DLRBPC
50 0
50km 90km
39.21% 32.89%
1000
5 15 2
50km 90km
P
//0\\\ ::/ P
N 7::’,/—6———\_\_9—// /2//’ i
R /////r ’,,-F_"//
= s/ e
255l - k
e /// /7"/
2 /
& /
§ 50 // E
/
/ B —MAP
/ —¢&—BPC
asp [ —9—DBPC| -
/
_‘/
s T 15 ‘5 7 S i e 15
Adaptation Utterances Adaptation Utterances
DBPC
BPC
1000
50 0

MLLR



Recognition Rate(%)

E S
T
©
o
5

7 =
g
3
['4

/ —B-—MLLR
/ —&-—MCELR
wfy —a-—DLRBPC J
/
T 2 3 p 5
Adaptation Utterances
DLRBPC
BPMC

203

L} T T -]
T

6k —— |
-~ y, I

e VA

s5h - / /9

" / //
- / V2
__ e
50 /v_//’ / -
/ /Z/
/ _-
// -
45 L Y /2’/ L
/-
/-
/S
wp Y- .
//// —&— MLLR
4 —&—MCELR
»r_ 27 —9-— DLRBPC o
@
T 2 3 4 5
Adaptation Utterances



[1]

(2]

(3]

[4]

[5]

(6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

J-T. Chien, “Linear regression based Bayesian predictive classification for speech recognition,”
IEEE Trans Speech and Audio Processing, vol. 11, pp. 70-79, July 2002.

J-T. Chien and G.-H. Liao “ Transformation-based Bayesian predictive classification using online
prior evolution,” IEEE Trans Speech and Audio Processing, vol. 9, pp. 399-410, May 2001.

M. J. F. Gaes and P. C. Woodland, “Mean and variance adaptation within the MLLR
Framework,” Computer Speech and Language, Vol. 10, pp. 249-264, 1996.

J-L. Gauvain and C-H. Lee, “Maximum a posteriori estimation for multivariate Gaussian
mixture observation of Markov chains’, |EEE Transactions on Speech and Audio Processing, vol.
2,n0. 4, pp. 291-298, April 1994,

Q. Huo and C.-H. Lee, “Robust speech recognition based on adaptive classification and decision
strategies,” Speech Communication, vol. 34, pp. 175-194, 2001.

Q. Huo and Chin-Hui Lee, “A Bayesian predictive classification approach to robust speech
recognition,” |EEE Trans. Speech And Audio Processing, vol.8, no.2, 2000.

Q. Huo and C.-H. Lee, “A study of prior sensitivity for Bayesian predictive classification based
robust speech recognition,” in Proc. Int. Conf. Acoustics, Speech, Signal Processing (ICASSP),
vol. 2, 1998, pp. 741-744.

Q. Huo and C.-H. Lee, “On-line adaptive learning of the continuous density hidden Markov
model based on approximate recursive Bayes estimate,” |EEE Trans. Speech Audio Processing,
vol. 5, pp. 161-172, Mar.1997.

H, Jang, X. Li and C Liu, “Large margin hidden Markov models for speech recognition,” To
appear in |EEE Trans. Audio,Speech and Language Processing, 2006.

H. Jiang and Li Deng, “A robust compensation strategy for extraneous acoustic variations in
spontaneous speech recognition,” IEEE Trans. on Speech and Audio Processing, vol. 10, no. 1,
January 2002.

H. Jiang and Li Deng, “A Bayesian approach to the verification problem: applications to speaker
verification,” |EEE Trans. on Speech and Audio Processing, vol. 9, vo. 8, pp. 874-884, 2001.

H. Jiang, K. Hirose and Q. Huo, “Improving Viterbi Bayesian predictive classification via
sequential Bayesian learning in robust speech Recognition,” Speech Communication, vol. 28, no.
4, pp. 313-326, 1999.

B.-H. Juang, W. Hou and C.-H. Lee, “Minimum classification error rate Methods for Speech
Recognition”, IEEE Trans. Speech and Audio Processing, vol. 5, no. 3, pp. 257-265, May 1997.
B.-H. Juang, and S. Katagiri, “ Discriminative learning for minimum error classification”, |EEE
Trans. Speech and Audio Processing, vol. 40, no. 12, pp. 3043-3054, Dec 1992.

C. J Leggeter and P. C. Woodland, “Maximum likelihood linear regression for speaker
adaptation of continuous density hidden Markov models,” Computer Speech and Language, pp.
171-185, 1995.

Y. Normandin, R. Cardin and R. De Mori, “ High-performance connected digit recognition using
maximum mutual information estimation,” IEEE Transactions on Speech and Audio Processing,
vol. 2, pp. 299-311, 1994.

204



™

BERERRERLL %S FEERE S
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Email: yfliao@ntut.edu.tw

#&
R ¥ o AP N R F Y 3 Ttext-dependent, TD)¥? <~ F % $F ¥ (text-independent, TT)
ERE AR SR S B T B & JUE A 3R 24 17 (latent prosody analysis, LPA)
% % #1R & #-7)(Gaussian mixture model, GMM) = &3 3¢ > A w* ki § & (233 —‘Ff S RS i
A2 i B3 B Ui (pitch contour)sds fi % 14 B3] o ¥ S 4% % BEor fié * ISCSLP-SRE :F 412 ¥
T FHEFTHEYF AL 3&%%’5@?&? T o % §p =3 4 (prosodic information) k #f B4 1§ 4t

& * AP 3 3 Hx(spectral features)2. ;%5 Sy ko T oskdr Ak Buakan o

-~

1. B

FERELIRS OFFAILY SEROAAFLAP 2 - [1] P BRFARE 5T A MR
FHEEY o £ H K 1996 & B 4> > NIST i S i %ﬁé By %‘ﬁ?’%}&?— iz (speaker recognition
evaluation, SRE) k #t #— B & I chR[3ET o [2] > " RGESF F FRABITH LR LT 2 2 R
P LR ﬁ%&mwﬂ@% B e B AR ERE AR RE T B ARE SRR
oA P 0 B 2006 £ B yE0Y 2 v iR RJLR % € R(ISCSLP)Y » { RZE 2 FEES
SREFSERA B]  ELHBEOFLA AR AR - ROTRT > BEY 2 FT TR
7 B (Chinese Corpus Consortium, CCC) [4] #7#% it ch T AL » 7 58 35 F%—'F‘f EE N i A
FHRERERR LF? 7 G OEY o bAeT R TRARIAGFS LR 4 E
LPRP o T B ER Y ‘kmﬁ‘q RE7E L i W R I Jlehf A JRAR o R 18 -5 R
R*AFOTEFEFLLG RNEF LI FERFRUEUERR? TRFAE & FRIN u;t};’;g#r[‘“;:p
L2 FERE AR EM 5T L REHFELE A T RN T E kG A R
AR BRI AH 2 FH % L [5-8] skt o 3 2 4F Hr(prosodic feature) # i

FIREFALE BRI I LFRBHEFELET TROFF A 2 AF 2 FT Yo
Foi s e pE A I%“ﬂ“&*%? APRFE e 1T R AR R EE R
Bk ey > AR L RIIFEF R - Ak (ona)F T > HAF L AR F ARG

e B3R &l ?—%‘?fﬁ%’iﬁ;‘i? R T S ET R e
— AR FAE P i & R E A7 (short term) P M FF A B L WAfeE 5 B ARM T
i W}U% A1 s AR 5 A 3 0% Bic(Mel-frequency cepstral coefficients, MFCCs)&_¥

R0 S s 4 3 veif (vocal tract) e T 5 3 4 HCR] i F 17 5 B 7 (glottic source) s i
Sl H O Rk %E_(long term) BROREDL 2 FF A f/#ﬁ‘%?ﬁ‘é% Loded 32 3B
(intonation) ¥ - ] A& ¥ % MFHAEY 2 i L o AFpER L 0L 2 7 e dEh 2
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PRI E S Y R Y 3 EHAl RSP ERL R AT B E R E e
Fad BN EAF R L B m%a‘v‘ﬁ“pfﬁé"éi%ﬁ EEgo ® £ AR AR A
% discrete hidden Markov model(DHMM) [6] & &7 iz » 7 0 A L3R & LGP ek f2 5%
Lo % i £ ARFE RO ¥ X P4 ‘E?%f—'m?’ﬁ FRR Fl o &5 e A ER A A G ook i e
Pl e B A A PR ARSI 2 RE R T AR L o

AT F P o AP E Lk m s a4 ke * mean subtraction, variance normalization, and
ARMA filtering (MVA) [9] 2 GRALE! FFT RO RFFFRE G ARET A Rk
PSR EAL v FAFTRRT o ZFAH Y ITFH ALk S S 3R P BARARG
& {7 ;£ 40 a maximum a posteriori (MAP)-adapted GMM (MAP-GMM) [10] ~ %1 BENE 2R ET
R SRRV 3TV SRR EE F L LIRS =S LR AL Lt
AR L] 0 2N B ¥ 4 73] (hidden Markov model, HMM))Z % 3 & 2250 £ 2 % #18

-

£ %% N-gram

\

A o @ {82 Ec LA plA A B 21 (test normalization, T-norm) [11] B
Al MIT $h# 9 % 3 #78 B 69 LNKnet [12] #8827 B e s fict i & o
f MVA $HI 3 B Acenbd® 4 & g picd £ 10— 60 10 BT % 5
77 7% > 4 feature warping [13] %2 histogram equalization(HEQ) [14]%"3 o F Ak > L E_MVA
PAFEIREPER T AP RLBATEDRTF] A v FAEFLFFREY O MAP-GMM L
%38 * ¥ F $-3) (universal background model, UBM)4 i 133 & %] ch #1iR & #-3] > i@ & B 37
FHAT EOEFR RS R o o i A A %ﬂf’ifﬁ?b RiZded o m 3p A
B R FLERPEY AR A AR EEF B B H &R BCR D R ARR Y TR
BB ELAITLFRFFOREFS A LR AT ARAENEER S F Y PR
(document retrieval ) 1 3% » 33t N3pER F|enke & 7 a2 2 35 2 5 FF (prosody space) > £ i i
probabilistic latent semantic analysis (PLSA) [15-16] &% B @&k i i {8 k R i —'ﬁ 3R A o
PEFLGFERE TR Y F aniE N A AU TR S ﬁ‘%‘f i3 e
TRAEFRS ST X AL F a0 B A R J} TR BER T F AR UG o R F AT B
Bl e df s P HEF A PR 0 A W Nk RS FRATRA S8k T ?%Aﬁ mﬁ‘%‘f‘i‘?vv‘l
Al @ﬂ:g%iﬁ;#rﬁ/} FoBaERNE T ARAL B IR AR IT oA AERL TG T R
FFERERDR L THERFE G R BRI ARG LEF B ER ENP IR L - 3
R APE S RIS DR R FFLFRENFAAER DT RS
IR ACRIFEREBE O TR L A - A F] o AR * 2 NP A el 31 (modified test
normalization, MT-norm) % 3 £ p $&3% F,(target speaker) -] ek B 0 B P HRE —E- | ;‘E—Jﬁ
(impostor)z. B s i > & m e TS T { 5 A A BREFNTF DR o
d SHE A S R A ALY 2 e L o Y R H 2 BV R eI AR P2
FAFIXEC TR GIFFRAEDT PR ELCREE > 7 AP LB E 5 K R o (multi-layer
perceptrons, MLPs)¥? development sp| 3835 4 & - 2 8628 5 Suen & B 2 3% > Ak L8 vk Bt
et o R SRRk S YRR SRk L P e
AP FERAT S S R ERE A FF TR DA PRI AR R
Poenf e Tt % Z SRR P A EA T e &8 % siE* & ISCSLP2006-SRE

RS RUER R RS-
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i #ﬁ

]»3_ 7»4&{”":#5-4—31!&_
RIERF AR OB T B A A
VAREHE 5 F Y F R DR

2. *FF AT IR ILFHR
Bl- 2 W=7 A Ui 3 A F B 3 B FL S
(frame)'fr%?‘,‘r?i;fﬁ% Bo—AsEH A B FF) LR P g
BRSBTS L
PIE 3P 2k s 50 B L gk }r“iim;& ¥ thi] 42 o

FARREDHLS 2R RS oo R F A LA AR B e 3 R
R R TR BT B AR RS B R S A
MAP-GMM % % s &t 3% #5 e 48 » 117 MAP-GMM 3~ % fy & ch F 925 & § #1
REHAD RFI AN F R RS AT AR AR K Ay BE i RanEd o I RNE
LERIRGERLT i - B R E T RT3 F ki T
BAPRER LR B VHIRGEE A N B 2 Ik AE R A R G A
bl > BRSNS LT FEEHRTAREERAL

i

b

~

OOLRTHFEFLLE R TRAOPF O REALDOE Y DI R BRI § AT
MARAT U R ER L - MRS RN ER T REROp R L H
Fleee L tgR AT O n A AR E AR AN L% g2 29 ¥ 5 DHMM v N-gram = 4 »
FOAGRE R < R A R RIEE A A PR NI A AT 2 N B U R R
TEDT FagpEa g e

BYFEAGFET G VAR (TFFRE S WoBl 2 TT 0 ¢ kTR B
#a B o de R 1 o0 BRI B0 T AR I S DI TRl U T RN T A

%ﬂui“”#?%4ﬂﬁﬁﬁ&¢ﬁﬁ*?ﬂ€ﬁﬁ°—&%i’épﬁﬁﬂm”ﬁ%“ i
SRR T T R | EU S B R R Y T TR R
it REFZED FLIFHRARE SEES D AR S A R A :r’IJ‘:fB‘erA\ f# M sy A
dov 3 B @7 MAP-GMM i = 354 # 2402 - P35 R0l v & B W00 55 i i
Fa e SHTAS TR S5 FFHA AR SH IR UEHE TR -

£
TOAMC e SRR ST R R G U S e
2 *

B ff b S LR SRR AR S N F R AR o i R W R
Fienp 3 EEi o JI7 SRR L liE R ERN ST A R e
kg zfEgla > FLERAET 4 ﬁ:f;li«ﬁ»ﬁ A PR Tl R T L e g
R Ir @%ﬁﬂi%%ﬁlg ks S A

PO AR AP G R B T AR R AR B Al £ BT kRl

M A L R R G TRATRIT 5 G 4~ 4 e BB R AL R L s 7]
AT RS F R R BRI § B (voiced)iF £ Bl E - i g = ihiti(log)
SRR T R R R L T R R S R R e
-

'1;7‘3’53}»%'*}?\:‘3',:‘ oehik % o

n

B %R R
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: PLSA I
|
: Tokenization (gl Bjgram .p| MT-norm
|
|
Prosodic Aecepy
conftours > Reject
MFCCs —p{ MVA
GMMs
Pitch
MFCCs MVA Accept
—» Reject

B fs B0 - B d kAT g A R R E I B R O B G e e £
FPRAlr MVA 3 %300 3 T e WAL Bl R A Pl R A R e
f 12-(convolutional)se 5 - @ 1% i 4 5 GHF G GHH T IS E SV TV PO R T 2 A
PR B B R R Beanid ¥ R A BT 0L & M (additive) 7 B #4 S 2 ek 3 T b
B a3 AR AFERELALROLES 6 [ BB NIRRT G B
7% # 12l (cohort model set)~ #ce-T 3218 &2 R Fo k3 B P HR5F Hf -l e oo 5d B2 T35
BRI R SRR S GRSk SURE N RO SRS 3
Li- o ipfka 22 AT PR IRFFE R LFFLE L Gaka g g Rl T
RESTOPHEELF I AL - 7 SRRTT Y KB L F 4 plR A o & A

TG GRE RS 0 TR R S i

@, M Y

=N

. BAEL
BT I ER LR R LT LR TR PR P A R DB B
B HEERMEIEAERZEE AL APYYRRIERP AN FREE I L oA T
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WEURZ TV AEE R - AERE SRR R LA BMEDT R g AR R
TR DR o

— 4 % %> prosody state N-gram % —"Ff ) [6-8] ¢ SR USRS A 2 Bk AR en
Gk XA BEREHT RS BRI Nogram 3 HEA 0 RIFF < R AR R RREF A ¥ LA
A-iE 2 B eilie 7 NIST2001-SRE Extended Data Task ® > 4 B[ @& * 8 w1 {r2 ¢ 47 A 48 ih

e+ T RERRFE R m AP TR DB AR RSP 2 S 2R g e F i

m
Lo B ARR T RET AP E b 3 FRLFFRE (8] 2 TOAREAR 5
55%1—*%m“ﬁﬁﬂégﬁﬁ’ TS PR R R L R BN A E T -

FAFFEFET L AR Pk @
ﬂﬁﬁiwéﬁﬁméﬁﬁt f1% PLSA $RAH N1- BHARPRETAEE L 7E
FORE AR AR AL T NI R ERE REUFF LTI R L LEE S
il ik i Nogram 3 F 030 L7 fen 2 o B2 DB BB 2 bF F R o
B0 F A R g 8 5F e eDf) U S Tokenization BBk SR R A )0 X BRI
B & 2 4 N-gram 3% M (3 48"L (co-occurrence matrix) » B ehE_f £ & =3F F cOip 217 5 Frit &
FVYHERETAIFFLEaips bk e
Bz P3P Tokenization 4riv p #4h3s 2 €4 3R &R L A 7 o d piece-wise curve fitting £
ARG AR A B I F TR AR B - B Rk
supervector * & 4 £ FI§ & & do i) M i 0 SHILR T T B SR S 0f R A S 4
B* 4§ % g F A ¥ (pitch slope)frE & it £ % i* (lengthening factor)~ 3 B * § & ch¥tdca £
i'fr B B EE(pitch jump) 12 2 & 3§ & 2 ¥ 045 2 £ & (pause duration) o #* ¢ % ng 3
% (context-information ) #+3h £ % 1t @2 88 & Jf $3p P S B iA D 1L s 1F *ﬁd 5B
Wﬁ%ﬂ%ﬁ?ﬂ*iﬁ%%&%&wiéﬁa%ﬁavﬁ;gw Li R ot -
e g R 5 AAH# > %iF Expectation- Maximization(EM)if & % 2 4 endp R ({7 L p B
o 9 - 3% ¢ #THE % e supervector 1 B LA Ge X2 P g S @ E AR A A -
& B3 Bk 6 Nogram 33 4 B GAmi i8> o 200G R BRI L TR 7 B At
ISEIES —ruu?»imibﬁ.g: ?‘hth gram\% S I T S A Gk M > D PR M EE G R
@%%ﬁﬁ%%ﬁmﬁﬁww’wuwmﬁg@PmAﬁm%@ﬁgﬁﬁéfa;g,%@I%

T B fETELT
K

P(d;,w;) = P(d)P(w, |d;) = P(d)D Pw, |z)P(z,|d,) (1)
k=1

#¢ d o~ W o~ Z#0 & & c4 w] E_document ~ keyword ~ latent prosody factors > P(d, ,Wj) sk 4
¢h8_document( d; )& keyword(W, )2 ¥ chit & # 5 » 2 document v keyword ¥4 /& |5p &= 3 ficch
B ke W] 5 2 N-gram termeiefh— R 5 ¥ e N-gram B (446" 3000 %'%E’ At Heehdd e
35 = £ (eigen-prosody vector)"g | & = » & 7| ;%ﬁ FpEBCA TR IR 2 P e Bt BIRRERS
BFAPR ZREEs A4 1 N-gram ;%‘ﬁ 7 iRl 3R EE 3 B i Ap 00 & v 2 (likelihood ratio)

r’r:‘—l‘drg\‘% % T FE o
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Registered Prosodic
Registered Prosodic
Speaker #N —* contours EEEENIEANSE
Smoothed
Speaker-specific
N-gram
Trial Prosodic Likelihood i
utterances Contours Tokenization Rate Test —» Accept or Reject
— e —
N-gram UBM
RN 5= WAL LR BER S SRR W 3

[[037-027-0.77--

H-05 06 || -04[.-.}

Lo fl-o1j 12 )

Sequence of
prosodic
Piece-wise feature vectors
Prosodic I Stylization & Vector Sequence of
contours Feature > Quantization > VaQ indices
Extraction
< 5
va
Codewords
Ble ~ pdfhie 2 @i S Fp R i A7) 5R -
high dimensional
prosody space Latent
prosody
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P(WIZ)
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—_—
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4, %N RREA Bl R

frrt R FVpIEE A Bl L R I E A - FHAp 0P fﬂr;fg WA e ﬁﬂ{. FEA] 22 dudp s
AR PERFH O AT BT RRIEFA LR G2 T R B L AR AT chddc
PR - ek BFFECAE I A EHE B F RIS N ROk B e
SRS NE B EF AR D P AF A B ST 2 RR O EE R e B
wENe B R WA AR bl B AT A £ T R BB A A e B A R

PIEFUR FGE R HE B p%’ﬁﬁiﬁ:’"] £ | log likelihood score @ % > 4o = #7577 » igfe [11] ¥
F* JER GRS NG A R 1B {;ﬁ\z’ log likelihood score e i< % -2 ke HeE 4 Hi
Ao xENTe K B EFAHARTE S RFF AR D %%;%Jﬁfzj;;;m:f%ﬁvpe HiE %
B R N s Ech T o R R TS F PR A et B AR T

S - H
5 = e TH @

)

#¥ S, 5R IR T | A, #73*+ 8 e log likelihood score » g4, 22 0 & & i 4 jp|32 35 L 4p
$0 R B F DA B T o s g B e S L ERIEL R (e e JUD)S P TR
I AR J7ARIE S SRR i—gia\gtrm,\' 29 R R TR L p R ﬂ_

o %%ﬂ%\ﬂt/a\ W ooom ‘,fu o, BT rod-y ié%*"p‘ s 2 BREL UL - kAt
FE o @ B RV RIRE A ek R R Ao - T o

Cohort Selection

Target

Bl ~ o 38 4 103 enis el o
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-

Test
Message
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5. BRLFFRETRES
5.1. ISCSLP2006-SRE # # &
PEAET A FHRE Y F AR RMEFREE R Y 2T TRBE

# e development 7 evaluation 74 » @ gt 3FAL R w7 M A R R Lk % 8kHz P fRag 5 - »
* 16bits ¥ #4f 7 PCM f25¢ o 3 3¢ evaluation i 42 B¢ » H L35 5 &2 b A5 F cipliafk 4
LB E 1k 20
S11 v FRLF FHREL FHL
development 7 41 B~ p 3+ CCC-VPR3C2005 > F#LE & 71 § 44L& 5 =enBuFHE > & 3
A S AE R F AL A KR A B “micl” ~ “micr”® “micu”z B EL KA o H
PERFE LA BEE I IR EPSUA L A TS - BT R g e o

© evaluation R38Rl & § SO1 X S o F - g AR N BNz S EIOY R i
FOERNT A5 By h@Bkad 3 2 11181 B Y TR ER L 524 8- &
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Abstract

Query Expansion was designed to overcome the barren query words issued by user and has been applied in many
commercial products. This treatment tries to expand query words to identify users’ real requirement based on
semantic computation. It may be critical to deal with the problem of information overloading and diminish the
using threshold, however the modern retrieval systems usually lack user modeling and are not adaptive to
individual users, resulting in inherently non-optimal retrieval performance. In this study, we propose the LLSF
method based on each individual search history to automatically generate specific personalized profile matrix. By
which to generate context-based expanded query words. Considering the accuracy of retrieving performance, we
process query words re-weighting algorithm to achieve this goal. Finally, the documents list is ranked by the way
of stressed density distribution modeling. And the experimental result shows that our framework corresponds to
personalization and the performance is very promising.

Keywords: Personalization, Latent Semantic Indexing, Query Expansion, Relevance Feedback, Maximum

Entropy Density Function.

1. Introduction

1.1 Research Background and Motivation

The widespread usage of search engines has grown for many years, The searching technique can be
used to apply in various aspects, either in World Wide Web or in particular Information Retrieval (IR)
database. People can find what they want through it in the world of information overloading. For all of
these reasons, search engine now becomes indispensable in the modern lives.

Traditional search engine presents search result based on keyword matching of users’” query. It is
the simplest method to gather documents associated with specific keywords. However, it’s possible for
users to acquire undesired results due to inadequate acquisition.. One of these problems is most
common users of IR systems type short queries. (Shen et al., 2005) From a single query, however, the
retrieval system can only have very limited clue about the user’s information need.

Mostly, it’s hard for users to realize what actual searching requirement is when proceeding
searching activities, so there are certain of measure to solve the problem about vague queries issued

from users in the past years.
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1.2 Research Objective

In this article, we try to provide users more selective query keywords which are related to original
query not only for the suggestion but also to help users realizing the real requirement in searching
behaviors when users submit too brief query to find out more wanted documents. In addition, we also
decide to deliver the decision making authority to users of which documents seem to be more preferred
by them for achieving user center approach. Otherwise, in order to provide each user with more
personal searching environment and contents, we endeavor to propose several approaches to adapt

search results according to each user’s information need.

2. Related Work

2.1 Review of Refining Short Query

To solve the problem of low retrieval performance caused by inappropriate query terms, automatic
query expansion techniques have been studied for the past 30 years. In a recent study (Jansen et al.,
2000,March 1), the number of query terms used by most end users was no more than 2 when searching
with a Web search engine, which is even less than that of searching online databases. The same study
also pointed out that only 5% of queries were accompanied by any relevance feedback feature.

2.2 Categories of Query Expansion

Query expansion techniques fall into two categories according to the way of implementation. One is to
add new terms to an original query before searching, and the other is to formulate a new query on the
basis of some retrieved documents of the previous search (Qiu, 1995). While the former is usually
called a global or corpus-specific query expansion, the latter is called a local or query-specific query
expansion. Global query expansion rely on thesauri that is a manually-built resource, as though
WordNet-based (Mandala et al., 1999) provides the relation types include coordination, synonyms,
hyponyms and etc for expanding the feature of original query terms.

Local query expansion, which corresponds to feedback retrieval, can acquire relevance
information by either user feedback (Robertson & Sparck Jones, 1976; Rocchio, 1971) or system
feedback. Query expansion using user feedback based on relevance judgment made by users, brought a
significant improvement in retrieval performance (Harman, 1992 June; G. Salton & Buckley, 1990).
Another two theories about local query expansion is Local co-occurrence method (HE et al., 2002;
ZHANG et al., 2002) and Latent Semantic Indexing (LSi_based) (Deerwester et al., 1990)

2.3 Personal Data Construction

There are several way to gather the user’s information for constructing unique data each end user
belongs to. One of these approach is to have users describe their general interests. For example, Google
Personal asks users to build a profile of themselves by selecting categories of interests. Google’s
PageRank algorithm can be described as personal web search techniques augmenting traditional text
matching with a global notion of “importance” based on the linkage structure of the web. This global
notion of importance can be specialized to create personalized views of importance.

User profile data provide information about the users of a Web site. A user profile contains
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demographic information (such as name, age, country, marital status, education, interests, etc.) for each
user of a Web site, as well as information about the users’ interests and preferences. Such information is
acquired through registration forms or questionnaires, or can be inferred by analyzing Web usage logs
(Eirinaki & Vazirgiannis, 2003, February). Personal profiles can also be combined with the method
mentioned above in the context of the Web search to create a personalized version of PageRank for
setting the query-independent priors on Web pages. (Teevan et al., 2005). (Liu et al., 2002) used a

similar technique for mapping user’s queries to categories based on the user’s search history.

3. Interactive IR system

Generally in interactive situation, system collects user’s intention through designed interactive interface.
In principle, every action of the user can potentially provide new evidence to help the system to better
infer the user’s information need. Thus in order to respond optimally, the system should use all the
evidence collected so far about the user. After collection of the user information, how to effectively
select and analyze these data is critical to this kind of system.

To retrieve more user demanded results, we carry out Linear Least Squares Fit (LLSF) algorithm
to generate personal profile by matrix combination in which the personal searching result will be
formed in document-term (DT) matrix, and Singular Value Decomposition (SVD) is used to reduce the
dimensions of the original DT matrix. Moreover combining of document-cluster matrix and
decomposed DT is to produce the final user profile M matrix. This process is also called Latent
Semantic Indexing, which could extract the context-based terms out for expanding personalized query
terms.

Simultaneously, as far as possible to promote the retrieval accuracy, relevance feedback of
probabilistic model is suitable to be involved in. And in the traditional Retrieval method likes TF*IDF
weighting schema, existing problem of mis-weighting could be caused the poor retrieval result. To
overcome this defect, we adopt smoothing function of TF*IDF which could be diminished the
inadequate weighting result. Finally we try to optimize the result representation, the ranking algorithm
is also seen to be critical. For improving the Term Frequency (TF) ranking model, ranking function

considering density distribution is brought into our framework.
3.1 Retrieval Method

After word recognition, each document is represented as a bag of words, but it does not mean that
every word is a meaningful unit. For subsequently retrieval purpose, we need to set every recognized
term a appropriate weight.

Furthermore, when users try to issue single or shorter query for searching, we use traditional
keyword matching method to catch documents indicated by the user as relevant and conduct query
expansion from these first time extraction documents in which we expect to get a list of longer query
words, then we carry out traditional vector space model (VSM) to extract more query-relevant
documents for generating more user demanded queries.

Because of the classical term weight model, TF*IDF scheme, usually has mis-weighting problem.
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For example, a single document that contains the word “ERP” which only appears one time should not
be deemed as relevant to a query containing “ERP” as a longer article that contains 20 occurrences of
the word “ERP”. On the other hand, we ought not to assume that the longer document is 20 times more
relevant. For this reason we prefer a smoothed version of TF and IDF(Croft & Harper, 1979) as listed
below:

A common term frequency (TF) expression is then modified:

_f(K+D)

f+KL 0

where L = the normalized length of document D. If the document is of average length, then L =
1.0. K = a constant, usually set between 1.0 and 2.0. f = specific term occurs in single document. The
TF component is designed to increase in value quite modestly as f arises. For instance, if f ,K and L are
1, then TF = 1.0. If f were 9, then TF = 1.8. We can properly avoid the mis-weighting problem of
conventional TF through this kind of effort. Smoothing inverse document frequency (IDF) prevents

division by zero in the case where a term does not occur in the document collection at all.

N-n,+0.5

IDF, =1lo,
! el n,+0.5

) 2

where N = the size of the collection, 7 = the number of documents containing a given term, t.

3.2 Ranking Result

As noted above, a Boolean search generally returns sets of documents that are unordered, or ordered by
certain criteria unrelated to relevance, such as time or date.

Most Web search engines are based on a different technology that ranks search results based upon
the frequency distribution, term frequency, of query terms in the document collection. To cite an
instance, if a document contains many occurrences of a query term “ERP”, this suggests that the
document might be highly relevant to a query like “There are many software providers have ERP
solutions, and the follow name lists which is one of the ERP providers?”

For this reason, we consider several criteria to consider document ranking score, then we expect
document which is more relevant to user’s demand will be rank in higher place through sorting specific
ranking score. The viewpoint of our criteria separated into four factors between single keyword and
individual document. There respectively are similarity, density, term frequency and title appearance.
3.2.1 Similarity
We retrieve documents in VSM-model by comparing similarity information sim(k,d) among a keyword
k and a document d, then defining a positive threshold value for judging which one passing this value is
seen to be relevant. So the single item gets a higher similarity value that we have confidence which one
is more relevant to issued query keyword.

3.2.2 Maximum Entropy Density Function
By contrast, conventional ranking technology gives score to documents merely considered term

frequency and regardless of the density distribution of specific keyword in subject document. But if
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terms stated to be highly concentrated, it maybe mean that some topic is intensely described
somewhere. So we carry out Maximum Entropy Function used to examine the density distribution of
query keyword k, instead of just term frequency in considering document score. The original equation
as formula (3) below, the value of E(K) becomes higher when p(k) in a average value that means
probability distribution of k is more steady; E(K) has a lower value when p(k) is extremely in high and
low value.

E(K)==2, p(k)log p(k) 3)

So the entropy equation is revised to formula (4) (K. F. Jea & P. Y. Hsu, 2000), for ensuring the
state between E(K) and p(k) is positive in synchronous up and down.

E(K)==)_ p(k)log[1- p(k)] 4)

keK

In physics, the meaning of density is that the degree of object distribution in the unit space.
Accordingly considering the keyword density distribution in unit length of document will be more
closed to reality and achieve the normalization.

After normalization adjustment, entropy equation is represented as follows formula (5):

N

i

&)

where Pi(x) = the occurrence probability of term k in sentence i, Si = the length of sentence i, n =
number of sentences in a document. By this treatment, we can differentiate when document with same
term frequency of query keyword, and then rank them by density distribution consideration.

3.2.3 Term Frequency

Although term frequency (tf) is basis to rank the documents, high occurrence of keywords in a
document indicates that the weight of this document is remarkable significance. Therefore, we also
adopt concept of term frequency to ensure our ranking model. But basic tf weighting method emerges

if (k,.d;)

the problem of mis-weighting, likes mentioned before, so we transfer raw into normalization

axtf

. . Maxtf. . d;
according to maximum frequency of any term 7 in a document /.

3.24 Title Appearance

When author composes particular topic, title often brings out overall theme or subject within article
content. People surf on a search engine or even read news article, using title to decide whether to enter
a website or further read an article they are interested is always an obviously evidence that these titles

engage their concern. In the other words, if the numbers of query keywords k in a document’s title ¢

LGRS

have a higher frequency means that this article is considered to be more relevant by the user.

W, * f(k,ot,)

We formulate an equation of this concept as , Where W:'is a constant we can adjust to

determine the weighted stress of this factor.
3.2.5 Rscore Ranking

To sum up these ranking factors, we merge these variables into single equation as formula (6):
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if(k.d)

Rane =F(hypt)*Lsim(h, )+ B, (K)+ = O

score

]
(6)

L fka.t,)=0
Flk.t)=
W, f k1), flkat) 210

where J®-1)EN. WoeN W,

f k1)

= weighting stress for occurrence of keyword in a title,

sim(k;,d ;)

= occurrence of keyword k in a title t, = similarity value between keywords k

and a document d, E®&) = sum of each keyword’s entropy value in a document d, Fkd;) _ the

frequency of keyword k in a document d, Maxif; _ the maximum frequency of any keyword k in a

document d.
3.3 Query Expansion
3.3.1 Probabilistic Models of Query Expansion

In a probabilistic framework, selecting terms and computing relevance weights are treated as two
different problems. This model is used to compute more accurate weight estimates. Consider the term

incidence contingency table in Table 1.

Table 1. Term Incidence Contingency Table (Jackson & Moulinier, 2002)

Relevant Non-relevant Total
Containing the term r n-r n
Not containing the term R-r (N-n)-(R-r) N-n
Total R N-R N

where N = the number of documents in the collection, R = the number of relevant documents for
this query, n = the number of documents having term t, r = the number of relevant documents
containing the term t. The term weight from the equation which we mentioned above, would then be

modified to take account of the relevance information as follows:

Ld:f(K+1)10 (r+0.5)(N—-n—-R+r+0.5) 7
f+KL (R—r+0.5)(n-r+0.5)

We utilize this re-expressed formula to re-weight the term within the vector space model when the
user explicitly checks the retrieved document seen to be relevant or non-relevant. Subsequently, here
address how terms are selected for expanding activity. In table 2 , we can obviously observe the post
weighted scores are risen when choosing a list of documents relevant to the topic of
“ERP”, "PeopleSoft”, ”SAP” and ”Oracle” and non-relevant to “J.D.Edwards”, “# #77, “#r $8%” and
“Siebel”.

Table 2. Comparison of Re-weight activity

ERP PeopleSoft SAP Oracle J.D.Edwards i AT b Siebel
Initial Weight 2.718 3.365 2.792 2.681 5.953 5.302 4.117 4.013
Re-weight 3.714 5.329 4752 3.253 5.986 4.192 3.390 3.886

This model discussed by Robertson(1990) considers the distribution of scores for relevant and
non-relevant documents. The model leads to an “offer weight”, the larger the offer weight, the better

the candidate, which is used to rank candidate terms.
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OW =r log (r,+0.5)(N-n,—R+1,+0.5) ®)
(R-r,+0.5)(n, —r,+0.5)

This two model proposed by Robertson tightly integrates query expansion using relevance
feedback and probabilistic retrieval.
332 LLSF Models of Query Expansion
At the beginning of the second stage expansion, we prefer to take user profile that not only has benefit
to provide extra information about personal search intention, but also greatly reduce the falsehood of
retrieved result. Furthermore, we adopt algorithm with respect to noise reducing, the Linear Least
Squares Fit (LLSF) method proposed by (Liu et al., 2002), to construct matrix as personal user profile.
In order to have one of the matrixes, we first need to introduce our cluster method with respect to
Single-Pass Clustering and 2-way K-Nearest-Neighbors (KNN) of Topic Detection and Tracking
(TDT).
3.3.2.1 TDT Clustering
1. Detecting New Cluster
A large number of clustering methods were studied in IR research. This section we adopt the TDT
proposed by CMU (Tang et al., 1999). One of the two algorithms is Single-Pass Clustering (SPC) for
clustering task and the other is 2-way K-Nearest-Neighbors (KNN) for automatic classification. Figure

1. demonstrates SPC flow chart.

Pass
New
Cluster

Single
Cluster

N GOTO
2-way KNN

Figure 1. Flow chart of Single-Pass Clustering

Single-pass clustering follow the process as listed below and apply cosine as similarity calculation
function: (1) Above all, taking out the first item in document collection as the first cluster. (2) Then
take out the second item, calculating the similarity between item and clusters have been created. (3) If
there is no similarity passes the threshold, instantaneously letting the incoming item be a new single
cluster. (4) If the similarity passes the threshold we just set before, therefore categorize incoming item
into appropriate candidate cluster. (5) If step 4 is selected, rescoring the centroid vector space of this
cluster. (6) Iterating step 2 to 6, until dealing with entire incoming items.
2. Automatic Classifying
2-way KNN in TDT is used to classify the incoming item into proper classification by computing the
relevance score. Which refers to compare objective cluster and else cluster that both take numbers of k

Nearest-Neighbors. Objective clusters with respect to documents in this clusters which are prepared for
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comparison; else cluster means documents in the clusters which different from objective clusters in the
candidate clusters. Formula (9) explains the calculation of relevance score.

ru rr
Lmz cos(x, y)—VLlZ cos(x, z) (9)

T
relevance _score(x,kp,kn, D) =
‘ kp| €Uy, ‘ kn| 2&Vj,

By picking up the maximum relevance score which specific cluster belongs to, we can estimate this one
is suitable to chosen for incoming item.

3.3.2.2 Algorithm to Learn Profile

1. Singular Value Decomposition

With regard to the meaning of SVD, we discuss it as follows. If there is a high dimension data, it can be
applied SVD for dimension diminishing. In the linear algebra, SVD has a special characteristic to
transform a high dimensional data to lower one. This method is often called matrix decomposition. By
this way, high dimension matrix could be reduce to lower one then even achieve rule and noise
reduction via selection singular value in diagonal matrix. The potential power of SVD is which can
attempt to estimate the hidden structure and discover the most important associative patterns between

words and concepts. Figure 2. demonstrates the process of the SVD:

documents document vectors
D, VeV,

, u

N

word vectors

words

(Kx<) (KxN )

g%

=

(MxN) U(MXK)

A X ~K Vx?

Figure 2. Singular Value Decomposition (SVD)
2. Rank selection

In re-composition process there is a critical point has to be taken notice. The diagonal matrix, we have
to select precise rank k for diminishing the noises effectively. And how many rank k we should decide?
One of these methods is to observe the singular value when they felled down from violent to smooth,
and the previous of the margin value is the best choice. e.g. As the dotted line in the diagram below,

there is a margin value k=9 for rank adoption.

Singular Value Diagram

Number of Feature (k)

Figure 3. Singular Value Variation Diagram
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3.3.2.3 Constructing the User Profile in Matrix Feature

The learning equation mentioned above is concerned with concept of Latent Semantic Analysis (LSA)
or Latent Semantic Indexing (LSI) (Deerwester et al., 1990). LSI is a theory for extracting and
representing the relationship of words in a large corpus of text by using the co-occurrence of words and
a mathematics technique, Singular Value Decomposition (SVD). In addition, there has another
statement declared is LSI which could overcome crucial defect happened in searching process. This
method projects documents and words to a predefined space, finding out the latent relationship between
terms and documents. Even can retrieve the relevant documents when the situation that searching
keywords is not appeared.

Given the m-by-n document-term matrix DT and the m-by-p document-cluster matrix DC, the Linear
Least Squares Fit method computes a p-by-n cluster-term matrix M. In this step, techniques solving the
problem is to employ the concept of Latent Semantic Index (LSI) in which Singular Value

Decomposition (SVD) is the mathematical measure to decompose the input matrix. By this measure,

Uk * zk *VkT Uk

. . . V
DT is decomposed into the product of three matrixes , where and "k are orthogonal

2,

matrices and is a diagonal matrix. After such decomposition, we can straightforward to

— T % % +yyy T
recompose and combine DC matrix for computing particular matrix M, M =DC"*U, *2,"*V, ,

x;

is the inverse of 2, . Figure 6. illustrates the process of learning profile M:

where

Linear Least Squares Fit:

DT =-SVD=> U, *Zk*VkT M (pxl‘l)

M=DC" = *n T

Figure 4. Process of learning profile M

We use matrices to represent the user’s search histories, clusters of documents and user profiles as

following Table 3.
Table 3. Document-Term matrix (DT)

Term | .Net Exchange Outlook Palm PocketPC Palm OS
Doc Server 2003
D1 5.0222 7.1262 3.3484 0 0 0
D2 0 11.7001 8.4147 0 0 0
D3 4.3711 10.4553 6.8124 0 0
D4 0 0 0 1.6325 0 0
D5 0 0 0 4.3454 6.5116 3.3619
D6 0 0 0 4.4678 5.6560 24723

Matrix DT (m*n) is a document-term matrix, m is the number of documents considered relevant by the
user in a user’s search history and n is the number of distinct terms occurring in these documents,
which is established from user’s query and the retrieved relevant documents the user indicates

explicitly. The value of DT(i,j) is determined by the modified TF*IDF scheme.
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Table 4. Document-Cluster matrix (DC)

Cluster | Cluster 1037 Cluster 4194

Doc

D1 1 0
D2 1 0
D3 0 1
D4 0 1
D5 1 0
D6 0 1

Matrix DC (m*q) is the document-cluster matrix, which is established from the relationships
between the clusters and the documents. For each row in matrix DT, there is a corresponding row in the
matrix DC. The columns of DC are the set of related clusters. If a row in DT represents a
query/document, then the corresponding row in the matrix DC represents the set of clusters related to
the query/document. Moreover, if there is an edge between the y-th cluster and the x-th
query/document, then the entry DC(X,y) = 1; otherwise it is 0.

Table 5. Cluster-Term matrix M expresses a user profile

Term | .Net Exchange Outlook Palm PocketPC Palm OS
Cluster Server 2003
Cluster 314 1.3097 3.2141 2.0575 0 0 0
Cluster 184 0 0 0 1.3215 1.5242 0.7774

We have learned a matrix M (p*n) from DT and DC, which is represented as the user personal
profile. In this example, “Cluster 314” and “Cluster 184” are cluster field; “.Net”, “Exchange Server
2003 and “Outlook™...etc are term field.

3.3.24 From Profile to Expansion

Following the upper step, we have constructed personal profile in cluster-term matrix format from
search’s history and latest relevant documents. Terms in the same cluster means that the relation among
them are strongly recognized as Table 5., it can be used for expansion purpose when the one of the

query keyword is appeared in this term list. This activity is described in Figure 5.

7 1N

Profile-

T
Cluster 1 T11,T12,T13 ...«
T

Cluster 2 T21,T22 T23 ..«

T

Cluster SNZ,TB 3.4
-

-
-

Latest
Relevant.
Documents-

Search’s
History.

Documents’o
Cluster-

Figure 5. Concept of Profile Expansion
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4. PNQES: A Personalized Search Engine
4.1 Design

To experiment with the personalized environment, we create the PNQES search engine. This
personalized agent could provide the user a query expansion function which is separated into two
stages. Above all, system will automatically catch and parse the query terms when the user has
submitted completely. After parsing, search component with VSM-based search going to weight each
words in the query according to vector space model (VSM) strategy for retrieving all possible

documents related to the original query.

Document
Collection
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I

| Search
1 Input | Component
1

d

I
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Figure 6. NQES Architecture

Next step, ranking component has considered of several factors which influence the ranking
result with similarity, dense distribution, term frequency and title occurrence. Simultaneously this
ranked result would be stored in personal log file for later analyzed.

For finding potential search’s intention, system will ask the user to respond some feedback,
called “Relevance Feedback”, with judgment whether documents set is relevant or not while showing
the retrieved result on the screen. In the meanwhile, when a user summits this response, Query
Modification component adopted probabilistic model is able to give all terms in all relevant items with
“Offer Weight” and then output some candidate terms in first stage expansion. In the parallel step,
LLSF component combines personal search’s history and pre-clustered corpus applied TDT algorithm
to construct matrix called personal user profile in second stage query expansion.

Lastly, query issued by the user will be expanded to a number of proper personal keywords via

this two stage expansion processes. Figure 6. is illustrated PNQES system architecture.
4.2 Experimental Data Sets

The experiment target where we focus on is enterprise technology reports because most terms
contained in are consisted of proper noun in which the experimental result can seem to be more
accuracy. Moreover we try to collect data from Website, Taiwan.CNET.com, which contains various

documents associated with specific software techniques and hardware information and the reported
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date from January 4, 1999 to April 31, 2006.
This corpus has been separated to two main classes, Enterprise Application and News, and the 9
sub-topic. The volumes distribution of these topics is shown in Table 6.

Table 6. Volumes of Corpus

Sub-Topic Category Numbers of Article
IT techniques EA 1000
Special Topic Report EA 250
Case Study EA 550
Special Column EA 1137
Research Report EA 1511
Enterprise Software News 6660
Enterprise Hardware News 4991
Network/Communication News 2796
3C Product News 3694
Total Volumes 22988

p-s: EA: Enterprise Application

4.3 Word Recognition

Word segmentation is crucial for the research of information retrieval, especially for Chinese
documents. The reason is that there is no word boundary in sentences, which increases the difficulty of
this work. In this research, we extract Words with respect to verbs and nouns in “Eighty Thousand
dictionary” that is published by Institute of Information Science Academia Sinica, then merge them into
another dictionary possessing names of location, Institute and company and gathered by our laboratory.
Moreover, we extract terms from a document by principle that treats the long-term has a higher priority
than others, when this step is over, next we apply the newest version of word segmentation system
developed by Chinese Knowledge Processing Group (CKIP) to pick up the rest terms that Words

database can not capture for ascending the precision of recognition.

5. Evaluation of PNQES

5.1 Evaluation Method
5.1.1 Experimental Subject

Because of our experimental corpus is focused on IT related articles, testers have be expected to hold
the professional IT knowledge of how to realize which article topic is their demand one. For this reason,
we plan to ask 10 users who both are the graduate students and major in the department related to

“Computer Science”.
5.1.2 Evaluation Variable

The evaluation step symbols are described as : (1)Q7TR: Query Term Re-weighting, (2)LLSF: Linear
Least Square Fit Expansion Model, (3)Baseline: We execute raw query expansion without query term
re-weighting and Linear Least Square Fit Expansion Model analysis, then using NAP (Non-interpolated

Average Precision Rate) to evaluate the precision values.
5.1.3 Evaluation Procedure

And then we design an evaluation procedure with regard to retrieval and ranking precision. The brief
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evaluation process has listed in table 7.

Table 7. Brief Evaluation Process

Event Number Evaluation Event

E_01 Precision in baseline event

E_02 Precision in baseline + QTR event

E_03 Average R-precision in TF ranking model
E_04 Average R-precision in Rscore ranking model
E_05 Precision LLSF model based on baseline

5.1.3.1 Description of Evaluation Processes

1. System Initiation:

To actually simulate the real condition, we request tester to input single query to initial the system.
Firstly, system will retrieve the keyword related articles by “Boolean AND search” method, and all
articles which contain this keyword will be retrieved and ranked in TF ranking approach.

2. Query Expansion:

While possibly related items have been retrieved, the testers will be asked to indicate several articles
which they think to be relevant and are explicitly stored into personal log, furthermore the submitted
query will be expand from analyzing these relevant items by probabilities model. The testers at will
select a number of recommended keywords with scattering issues and then add them to original query
list for the following search. The expanded query list will conduct VSM search for retrieval task.

3. Training and Ranking:

In ranking test, we ask tester to interact with our system for 3 time as step 2 for successful training the
query list to robustness, so that the after training list is for doing the baseline task. Further, testers who
evaluate the TF ranking and Rscore ranking also based on this baseline with the evaluation formulation
of ranking function “Average R-precision”.

4. Methods Integration and Profile Recording:

The following retrieval tasks we increase one variable “QTR” to our evaluation activity with the
ranking function Rscore measure. This step has two objectives, one is to evaluate the usability of
variable QTR and the other is to as far as possible make increasing of interaction between tester and
system for establishing personal search’s history completely.

5. Two Expansion Methods Comparison:

When tester searching behavior has been fully caught, we ask testers to evaluate the results expanded
by LLSF model based on baseline to contrast the variation of two models that baseline means rarely
using the probabilities model and the latter means a hybrid expanding activity with two expanding

model.
5.1.4 Retrieval and Ranking Statistics

First, the evaluation functions we referred is TREC_EVAL method developed by Buckley(1991). We
have altered to fit condition of our experiment. Table 8. is the example of one of our scored cards. The

rest cards we have appended to appendix A.
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Table 8. EVAL Scored Card A

User 1
Queryid (Num) 1
Precision for all relevant documents

E_01 0.8333
E_02 0.9286
E_03 0.8846

EVAL Scored Card B
User 1

Queryid (Num) 1
Total number of documents over all queries

Retrieved: 23
Rel_ret: 20
Precision: (in TF ranking)

At 5docs: 0.8000
At 10 docs: 0.8000
At 15 docs: 0.7333
At 20 docs: 0.7500
At 30 docs: 0.6667
Average R-Precision: 0.7500
Precision: (in Rscore ranking)

At 5docs: 1.0000
At 10 docs: 1.0000
At 15 docs: 0.9333
At 20 docs: 0.9000
At 30 docs: 0.6667
Average R-Precision: 0.9000

p.s: Rel_ret: Retrieved Relevant document
In the experiment, we have recorded retrieved result set and relevant items from evaluation
process E_01 to E_05. After recorded, we turn the data to scored card format and draw the bar chart for
observing if each effect variable has been added respectively, the result precision will be changed
significantly. The evaluation method we have adopted the precision for result retrieval and average
R-precision for result ranking. We also have compared whether or not the Rscore Function is

significantly better than Term Frequency (TF) ranking method.
5.2 Experiment Result

1. Result of Each Retrieval Methods:

First of all, we examine the baseline and of combining the QTR as E_01 and E_02 to observe the
variation of precision. The variation of each variable appended is demonstrated in Figure 19. We can
see E_02 significantly outperform the baseline. It is clearly demonstrates that it is worthwhile to

combine the QTR to yield higher retrieval precision.

O Baseline OE_02

100
90 H 1
80 H — -
70 H = i+
60 H L1
50 H H
40 H = -
30 H = -

Precision (%)

Userl User2 User3 User4 UserS User6 User7 User8 User9 Userl0

Figure 7. Precision of different combining methods to 10 users
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2. Result of Two Expansion Models:

Then add UP to evaluate the personalized search as E_05. Another observation from Figure 8. is that
using the UP to revise the expanding terms, this approach gives extraordinary precision value than
rarely using classic probabilities model alone. This tends to imply that the personal profile is

worthwhile to perform personalized search.

O Baseline OE_05

Precision (%)
3
T

Userl User2 User3 User4 UserS User6 User7 UserS‘User9.UsarIO

Figure 8. Results of adding the UP analysis
3. Result of Two Ranking Methods:
Distribution of Average R-Precision value presented in Figure 9., applying Rscore Function obviously
performs a higher average precision than original TF ranking measure. So we firmly trust that
consideration of several factor mentioned in section 3.2 when undertakes ranking task will induce the

performance improvement.
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Figure 9. Average R-Precision with two ranking method
6. Conclusion

In this paper, we propose a mechanism which can be intelligent to learn the user’s search behavior and
provide specific search results for each differentiated end-users. To achieve this purpose, adopting 2
stages query expansion and hybrid density distribution ranking function is our efforts.

Query Expansion activity in first stage we have applied probabilities model which takes that the
expanding and weight re-calculating as different parts, both are based on the relevant documents of
user’s feedback. While in stage 2 expansion, system initiatively combine the personal profile and latest
relevant items indicated by the user and transform with respect to LLSF metrics merging procedure to

extract out more suggested terms of user-driven’s. As the list of documents have been retrieved
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completely, so as to show the most relevant items for the user, ranking method we have considered

several influence factor to give the appearance priority to each items.

Furthermore we utilize evaluation criteria to prove our PNQES is of feasible and effective. And

the result performance has proved this proposed system framework not only could be applied in local

database, but also could be well-performed in web-based searching for personalization enhancement.
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MiniJudge: Softwarefor minimalist experimental syntax
James Myers'

1Graduate Ingtitute of Linguistics, National Chung Cheng University, Minhsiung, Taiwan

Abstract
MiniJudge is free online open-source software to help theoretical syntacticians collect and analyze
native-speaker acceptability judgments in a way that combines the speed and ease of traditional
introspective methods with the power and statistical validity afforded by rigorous experimental design.
This paper shows why MiniJudge is useful, what it feels like to use it, and how it works.

1. Introduction

Linguistics is a science because linguists test hypotheses against empirical data, but this testing is done
in a much more informal way than in aimost any other science. Theoretical syntacticians, for example,
violate protocols standard in the rest of the cognitive sciences by acting simultaneously as experimenter
and subject, and by showing little concern with the issues of experimental design and quantitative
analysis deemed essential in most sciences. Linguists recognize that their informally-collected data are
often inconclusive; controversial native-speaker judgments are commonplace problems in both
research and teaching. From my conversations with syntacticians, | get the sense that they would
appreciate atool for collecting judgments more reliably, yet thistool should be one that permits them to
maintain their traditional focus on theory rather than method.

This is where MiniJudge comes in. MiniJudge (www.ccunix.ccu.edu.tw/~Ingproc/MiniJudge.htm)
is software to help theoretical syntacticians design, run, and analyze linguistic judgment experiments
quickly and painlessly. Because MiniJudge experiments involve testing the minimum number of
speakers and sentences in the shortest amount of time, all while sacrificing the least amount of
statistical power, | call them "minimalist” experiments. In this paper | first argue why a tool like
MiniJudge is necessary. | then walk through a sample MiniJudge experiment on Chinese. Finaly, |
reveal MiniJudge's inner workings, which involve some underused or novel statistical techniques.
Currently the only implementation of MiniJudge is MiniJudgeJS, which iswritten in JavaScript, HTML,

and the statistical language R (www.r-project.org).

2. Balancing speed and reliability in syntactic judgment collection

Though some readers may wonder why we should bother with judgments when we can simply analyze
corpora, judgments and corpus data are actually complementary performance windows into linguistic

competence, with their own strengths and weaknesses (see e.g. Penke & Rosenbach, 2004). The
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guestion is how we can extract the maximum value out of judgmentsin the easiest possible way.

2.1. Experimental syntax

Phillips and Lasnik (2003:61) are entirely right to emphasize that the "[g]athering of native-speaker
judgmentsis a trivially simple kind of experiment, one that makes it possible to obtain large numbers
of highly robust empirical results in a short period of time, from a vast array of languages.” Even
Labov (1996:102), who generally favors corpus data, admits that "[f]or the great majority of sentences
cited by linguists," native-speaker intuitions "are reliable.” Yet as Phillips and Lasnik (2003:61) also
point out, "it is a truism in linguistics, widely acknowledged and taken into account, that acceptability
ratings can vary for many reasons independent of grammaticality.” Unfortunately, in actual practice
linguists don't take the distinction between "acceptability” and "grammaticality" as seriously as they
know they should, and their "trivially simple methods" become merely simple-minded (Schiitze, 1996).

Since the problem of detecting competence in performance is precisely the problem faced by
experimental cognitive scientists every day (e.g., testing vision theories with optical illusions), a
reasonable response to the syntactician's empirical challenges would be to adopt the protocols standard
in the rest of the experimental cognitive sciences: multiple stimuli and subjects (naive ones rather than
the bias-prone experimenters themselves), systematic controls, factorial designs, continuous response
measures, filler items, counterbalancing, and statistical analysis. When judgments are collected with
these more careful protocols, they often revea hitherto unsuspected complexity. Recent examples of
the growing experimental syntax literature include Sorace & Keller (2005) and Featherston (2005);
Cowart (1997) is a user-friendly handbook.

2.2. Minimalist experimental syntax

Full-fledged experimental syntax is complex, forcing the researcher to spend alot of time on work that
is not theoretically very interesting. The complexity of an experiment should actually be proportional to
the subtlety of the effects it is trying to detect. Very clear judgments are detectable with traditional
"trivially simple" methods; very subtle judgments may require full-fledged experimental methods. But
in the vast area in between, a compromise seems appropriate, where methods are powerful enough to
yield satistically valid results, yet are ssimple enough to apply quickly: a minimalist experimental
syntax (see Table 1).

Table 1. Defining characteristics of minimalist experimental syntax

Binary yes/no judgments No counterbalancing of sentence lists
Experimental sentences only (no fillers) Maximum of two binary factors

Very few sentence sets (about 10) Random sentence order

Very few speakers (about 10-20) Order treated as afactor in the statistics

While conducting a minimalist experiment is much simpler than conducting a full-fledged
judgment experiment (an explicit guide is given in Myers 2006), some steps may still be overly
complex and/or intimidating to the novice experimenter, in particular the design of the experimental

sentences and the statistical analysis. The purpose of the MiniJudge software is to automate these steps.
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3. Using MiniJudge

To show how MiniJudge is used, | describe a recent application of it to a morphosyntactic issue in

Chineseg; for another example, see M JInfo.htm#resultshelp, reachable through the MiniJudge homepage.
MiniJudge has also been used to run syntax experiments on English and Taiwan Sign Language, as

well asto run pilots for larger studies and to help teach basic concepts in experimental design.
3.1. Goal of the experiment

He (2004) presents an interesting observation regarding the interaction of compound-internal phrase
structure and affixation of the plural marker men. Part of his paradigm is shown in Table 2, where V =
verb and O = object (based on his (2) & (4), pp. 2-3).

Table 2. The VOmen paradigm of He (2004)

[+men] [-men]
[+VO] [*zhizao yaoyan zhe men zhizao yaoyan zhe
make rumor person PLURAL  |make rumor person
[-VQ] |yaoyan zhizao zhe men yaoyan zhizao zhe
rumor make person PLURAL  |rumor make person

He's analysis is not relevant here; the question is simply whether or not his observation about the
judgment pattern in Table 2 is empirically correct. As a non-native speaker of Chinese, | have no
intuitions myself. When | have informally asked colleagues and students to double-check the
judgments, | have received a mixed response, with some ruling out men or VO entirely, but this misses
the point, since He's claim concerns the ungrammaticality of the VOmen form relative to all the others.
Some speakers shown He's starred and non-starred examples are willing to agree with his judgments,
but it's likely that the star pattern has biased them. It may also be that He's generalization works for the
few examples he cites, but fails in general. My goal, then, was to use MiniJudge to generate more

examplesto test systematically on native speakers.
3.2. TheMiniJudgelSinterface

MiniJudgelS is simply a JavaScript-enabled HTML form. Input and output are handled entirely by text
areas, generated text includes code to run statistical analyses in R. Like the rest of the MiniJudge
family, MiniJudgeJS divides the experimental process into the steps listed in Table 3.

Table 3. The steps used by MiniJudge

|. Design experiment [1. Run experiment I11. Analyze experiment
Choose experimental factors Choose number of speakers Download and install R
Choose set of prototype sentences|Write instructions for speakers  |Enter raw results

Choose number of sentence sets |Print or email survey forms Generate datafile

Segment prototype set (optional) |Save schematic survey file Save datafile

Replace segments (optional) Generate R code

Save master list of test sentences Paste R command code into R
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3.3. Designing the experiment

A MiniJudge experiment begins by choosing the experimental factors. In the case of the VOmen claim,
the paradigm in Table 2 is derived via two binary factors: [+VO] (VO vs. OV) and [+men] (with or
without men suffixation). As noted above, He's observation doesn't relate to each factor separately, but
rather to an interaction: the combination of the factor values [+VO] and [+men] is claimed to result in
lower acceptability, relative to overall judgments for [+V O] and for [+men].

The next step is to enter the prototype set of sentences (a pair if one factor, aquartet if two factors).
Similar to the example sets shown in syntax papers and presentations, the prototype set serves multiple
purposes. Most fundamentally, it helps to make the logic of factorial experimental design intuitive for
novice experimenters. Syntacticians are not always aware of the importance of contrasting sentences
that differ only in theoretically relevant factors, or of the central role played by interactions in many
syntactic claims (for further discussion of the relevance of factors and interactions in syntax
experiments, see MJinfo.htm#factorial and MJinfo.htm#interact).

Another purpose of the prototype set is that it can be used to help generate further sentence sets
that maintain the same factorial contrasts but vary in irrelevant lexical properties. In the case of the
present experiment, the claim made in He (2004) says nothing about the particular verb, object, or head
that is used. Thus the judgment pattern claimed for Table 2 above should aso hold for the sets shown in
Table 4 below, regardless of any additional influences from pragmatics, frequency, suffixlikeness (zhe
vs. the others), or freeness (ren vs. the others); the stars here represent what He might predict (lexical

content for the new sets was chosen with the help of Ko Yu-guang and Zhang Ning).

Table 4. Extending the VOmen paradigm of He (2004)

[+men] [-men]
[+VQ] [*chuanbo bingdu yuan men chuanbo bingdu yuan
spread virus person PLURAL spread virus person
[-VO] |bingdu chuanbo yuan men bingdu chuanbo yuan
virus spread person PLURAL virus spread person
[+VO] [*shgi shipinren men sheji shipinren
design ornaments person PLURAL  |design ornaments person
[-VO] [shipin sheji ren men shipin sheji ren
ornaments design person PLURAL  |ornaments design person

MiniJudge partly automates the process of creating new sentence sets by dividing up the prototype
sentences into the largest repeating segments and replacing them with user-chosen substitutes. The
prototype segments for Table 2 are shown in the first row of Table 5. The user only has to find parallel
substitutes for four segments, rather than having to construct whole new sentences while keeping track
of the factorial design (Table 5 also shows the segments needed to generate the new sets in Table 4).
The segmentation and set generation processes are designed to work equally well in English-like and
Chinese-like orthographies. Of course, since MiniJudge knows no human language, it sometimes

makes strange errors, so users are alowed to correct its output, or even to generate new sets manually.
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Table 5. Prototype segments and new segments for the VOmen experiment

Set 1 (prototype) segments: |zhizao yaoyan zhe men
Set 2 segments: chuanbo  |bingdu yuan men
Set 3 segments: sheji shipin ren men

After the user has corrected and approved the master list of sentences, it can be saved to afile for
use in reports (as | am doing here). In the present experiment, the master list contained 48 sentences
(12 sets of 4 sentences each). This is an unusualy large number of sentences for a MiniJudge

experiment; significant results have been found with experiments with as few as 10 sentences.
3.4. Running the experiment

In order to run a MiniJudge experiment, the user must make three decisions. The first concerns the
maximum number of speakers to test. It is possible to get significant results with as few as 7 speakers,
but in the present experiment, | generated 30 surveys. Asit turned out, only 18 surveys were returned.

The second decision concerns whether surveys will be distributed by printed form or by email. In
MiniJudgelS, printing surveys involves saving the them from a text area and printing them with aword
processor. MiniJudgeJS cannot send email automatically, so emailed surveys must be individually
copied and pasted. In the present experiment, | emailed thirty students, former students, or faculty of
my linguistics department who did not know the purpose of the experiment.

The final decision concerns the instructions, which the user may edit from a default. MiniJudgeJS
requires that judgments be entered as 1 (yes) vs. 0 (no); in the current version, if surveys are to be
collected electronically, these judgments must be typed before each sentence ID number. Chinese
instructions for the VOmen experiment were written with the help of Ko Yu-guang.

Surveys themselves are randomized individually to prevent order confounds, as is standard in
psycholinguistics. The randomization agorithm, taken from Cowart (1997:101), results in every
sentence having an equal chance to appear at any point in the experiment (by randomization of blocks),
while simultaneously distributing sentence types evenly and randomly.

Each survey starts with the instructions, followed by a speaker ID number (e.g., "##02"), and
finally the survey itself, with each sentence numbered in the order seen by the speaker. Because the
speakers' surveys intentionally hide the factorial design, the experimenter must save this information
separately in a schematic survey file. Thisfile is meant to be read only by MiniJudgeJS; as an example,

the first line of the schematic survey file for the present experiment is explained in Table 6.

Table 6. The structure of the schematic survey information file for the VOmen experiment

Fileline 01 20 05 01 -VO -men
Explanation: |spesker ID  |sentencelD |set D order in value of first |value of
number number number survey factor second factor

After completed surveys have been returned, the experimenter pastes them into a text area in any
order (aslong as each survey till containsits ID number), and pastes the schematic survey information

back into another text window. MiniJudgelS extracts judgments from the surveys and creates a datafile
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in which each row represents a single observation, with IDs for speakers, sentences, and sets,
presentation order of sentences, factor values (1 for [+] and -1 for [-]), and judgments. As an example,

the first three lines of the datafile for the VOmen experiment are shown in Table 7.

Table 7. First three lines of data file for the V Omen experiment

Speaker |Sentence [Set Order VO men Judgment
1 20 5 1 -1 -1 1
1 45 12 2 1 1 0

3.5. Analyzing theresults

For novice experimenters, the most intimidating aspect of psycholinguistic research is statistical
analysis. MiniJudge employs quite complex statistical methods that are unfamiliar even to most
psycholinguists, yet hides them behind a user-friendly interface. Data from a MiniJudge experiment are
both categorical and repeated-measures (grouped within speakers). Currently the best available
statistical model for repeated-measures categorical data is generalized linear mixed effect modeling
(GLMM), which can be thought of as an extension of logistic regression (see e.g. Agresti et a., 2000).

GLMM poses serious programming challenges, so MiniJudgeJS passes the job to R, the world's
foremost free statistical package (R Development Core Team, 2005). R is an open-source near clone of
the proprietary program S (Chambers & Hastie, 1993), and like S, is a full-featured programming
language. Its syntax is a mixture of C++ and Matlab, and of course it has a wide variety of built-in
statistical functions, including many user-written packages. The specific R package used by
MiniJudgelS for GLMM is Ime4 (and its prerequisite package Matr ix), authored by Douglas Bates
and Deepayan Sarkar, and maintained by Douglas Bates. R has a simple GUI interface, and by default,
the Windows version nativizes (e.g., in Chinese Windows, menus and basic messages are in Chinese).

However, since R is a command-line program, and its outputs can be unintelligible without
statistical training, MiniJudgeJS handles the interface with it. The user merely enters the name of the
data file, decides whether or not to test for syntactic satiation (explained below in section 3.5.2), and
pastes the code generated by MiniJudgelS into the R window. After the last line has been processed by
R, the code either will generate a warning (that the file was not found or was not formatted correctly),
or if all went well, will display a simple interpretive summary report. A much more detailed technical
report is aso saved automaticaly; this report is explained, step by step for the novice user, in
M JInfo.htmé#resultshelp.

3.5.1 Anull result?

When the data file containing the 18 completed surveys in the VOmen experiment was analyzed using
the R code generated by MiniJudgelS, the summary report in Figure 1 was produced. There are three
parts. a table showing the number of yes judgments for each category, a listing of significant patterns
(if any), and a statement about whether there was any significant confound between items and factors

(discussion of thislast point isreserved for section 4.3.5).
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Number of YES judgments for each category:

[+v1 [-V1 Total V = VO
[+m] 23 74 97 m = men
[-m] 89 163 252
Total 112 237 349

Significance summary (p < .05):

The factor VO had a significant negative effect.
The factor men had a significant negative effect.
Order had a significant negative effect.
There were no other significant effects.

The above results do not take cross-item variability into account because
no confound between items and factors was detected (p > .2).

Figure 1. Default results summary generated by MiniJudgelS for the VOmen experiment

The negative effects of the [VO] and [men] factors mean that items containing VO or men were
judged worse, on average. These patterns are also clear from the table showing the number of yes
judgments (in the total row and total column, respectively). However, as discussed in 3.1, these patterns
are not what the empirical claim of He (2004) is concerned with. What we expected to see was a
significant interaction between [VO] and [men], but this was not found. Instead, inspection of the
technical results file shows that the p value for the interaction was 0.89, clearly non-significant.

However, thisis not a refutation of He's claim, but merely a null result. Indeed, the number of yes
judgments trends in the predicted direction: for VO forms, non-men forms were judged better than men
forms by aratio of almost 4:1 (89/23 = 3.87), about twice as high as the ratio for OV forms (163/74 =
2.20). That is, it was worse to affix men to VO forms than to OV forms, just as He claimed.

One possible cause of a null result is a confound with a nuisance variable. A clue to what this
nuisance variable might be here is the significant negative effect of order, which means that judgments
got worse (i.e., there was a rising probability of judging a form as unacceptable) as the experiment

progressed. This shift in judgments suggests that further analysis may be advisable, as described next.
3.5.2 Syntactic satiation

Though MiniJudge factors out raw order effects in its default analysis, it is possible that order also
interacts with one or more factors. Testing for interactions with continuous variables without a specific
theoretical reason may make it more difficult to interpret main effects (see e.g. Bernhardt & Jung,
1979), but MiniJudge offers the option to test for interactions with order because it helps in the
detection of syntactic satiation. This is the phenomenon (known informally as "linguist's disease") in
which linguistic intuitions are dulled by repeated testing, making it harder to be confident in one's
judgments. Following the logic proposed in Myers (2006), MiniJudge tests for satiation by looking for
negative interactions with order: early on, the [+F] contrast is strong, but later it's weak.

Snyder (2000) argues that satiation could provide a new window into grammar and/or processing,
since different types of syntactic violations differ in whether or not they satiate. Snyder suggests two

possible reasons for such differences. On the one hand, satiation may be caused by processing, not
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grammar, thus providing a diagnostic for performance effects (a position taken by Goodall 2004). On
the other hand, satiability may differ due to differences between the components of competence itself,
thus permitting a new grammatical classification tool (a position taken by Hiramatsu 2000).

Although He (2004) makes no predictions relating to satiation, the unexpected null result noted in
section 3.5.1 suggests that it may be worthwhile trying out a more complex analysis that includes
interactions with order. Running this analysis simply involves telling MiniJudgeJS that we want to test
for satiation (by clicking a checkbox), and then pasting the generated code into R. Doing this with the

VOmen data resulted in the two new linesin Figure 2 being added to the significance summary.

The interaction between VO and men had a significant positive effect.
The interaction of VO * men with Order had a significant negative effect
(satiation).

Figure 2. New lines in results summary when satiation was tested in the VOmen experiment

As hoped, factoring out the interactions with order revealed a significant interaction between the
factors [VO] and [men]. This shows that the ratio difference seen in Figure 1 is indeed statistically
reliable (the detailed report file shows p = 0.02), thus vindicating He's empirical claim. This new
analysis also detected satiation in the VOmen effect; it was this interaction with order that had obscured
evidence for the VOmen effect in the default analysis.

This experiment thus not only provided reliable evidence in favor of the empirical claim made by
He (2004), but it also revealed three additional patterns not reported by He: overall lower acceptability
for VO forms relative to OV forms, overall lower acceptability of men forms, and the satiability of the
VOmen effect. Detecting satiation, and the VOmen effect it obscured, depended crucialy on the use of
careful experimental design and statistical analysis, and would have been impossible using traditional
informal methods. Despite this power, the MiniJudge experiment was designed, run, and analyzed

within amatter of days, rather than the weeks required for full-fledged experimental syntax.

4. Theinner workings

MiniJudgelS, as with all future versions in the MiniJudge family, is free and open source. The
JavaScript and R code can be modified freely by downloading the HTML file and opening it in a text
editor, and both are heavily commented to make them easier to follow. In this section | give overviews

of the programming relating to material generation and statistical analysis.

4.1. Material generation

As described in section 3.3, MiniJudgelS can assist with the generation of additional sentence sets.
This involves two major phases: segmenting the prototype sentences into the largest repeated
substrings, and substituting new segments for old segments in the new sentence sets.

Thefirst step is to determine whether the prototype sentences contain any spaces. If they do, words
are treated as basic units, and capitalization is removed from the initial word and any sentence-final

punctuation mark is also set aside (for adding again later). If there are no spaces (as in Chinese),
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characters are treated as basic units. Next, the boundaries between prototype sentences are demarcated
to indicate that cross-sentence strings can never be segments. The algorithm for determining other
segment boundaries requires the creation of alexicon containing al unique words (or characters) in the
prototype corpus. If the algorithm detects that items from the corpus and from the lexicon match only if
one of the items is lowercase, this item is recapitalized. Versions of the prototype sentences with
"word-based" capitalization islater used when old segments are replaced by new ones.

The most crucia step in the segmentation algorithm is to check each word (or character) in the
lexicon to determine whether or not it has at least two neighbors on the same side in the corpus. For
example, suppose the prototype set consisted of the sentences "A dog loves the cat. The cat loves a
dog." Thelexical item "loves' has two neighbors on the left: "dog" and "cat". Thus a segment boundary
should be inserted to the left of "loves' in the corpus. Similarly, the right neighbor of "loves' is
sometimes "the" and sometimes "a"'; hence "loves" will be treated as a whole segment. By contrast, the
lexical item "cat" aways has the same item to its left (once sentence-initial capitalization is removed):
"the". Similarly, the right neighbor of "the" is always "cat". Thus "the cat" will be treated as a segment,
and the same logic applies to "adog". The prototype segments are thus "adog", "loves', "the cat".

The final phase involves substituting the user-chosen new segments for the prototype segments.
Thisis done using JavaScript's built-in regular expression functions, which only became available with

Netscape 4 and Internet Explorer 4.
4.2. Satistical analysis

The statistical analyses conducted by MiniJudgeJS involve several innovations: the use of GLMM, the
inclusion of order and interactions with order as factors, the use of JavaScript to communicate with R,
the use of R code to extract key values from R's technical output so that a simple report can be
generated, and the use of R code to compare by-subject and by-subject-and-item analyses to decide

whether the latter isreally necessary. In this section | describe each of these innovationsin turn.
4.3.1 GLMM

As explained in section 3.5, generalized linear mixed effect modeling (GLMM) is conceptually akin to
logistic regression, which is a the core of the sociolinguistic variable-rule analyzing program
VARBRUL and its descendants (Mendoza-Denton et a. 2003), but unlike logistic regression, GLMM
regression equations aso include random variables (e.g., the speakers); see Agresti et a. (2000). One
major advantage of a regression-based approach is that no data are thrown away. Moreover, since each
observation is treated as a separate data point, GLMM is usually not affected much by missing data, but
only if they are missing non-systematically (this is why participants in MiniJudge experiments are
requested to judge all sentences, guessing if they're not sure).

Though GLMM is the best statistical model currently available for repeated-measures categorical
data, it does have some limitations. First, R's implementation of GLMM tests significance using z
scores, which are reliable only if the number of observations is greater than 50 or o, but in actual

practice, 50 judgments are trivia to collect (e.g., 5 speakers judging 10 sentences each). Second, like
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regression in general, GLMM assumes that the correlation between the dependent and independent
variablesis not perfect, so it is paradoxically unable to confirm the significance of perfect correlations.
Third, like logistic regression (but unlike ANOVA or ordinary regression), it is impossible to calculate
GLMM coefficients and p vaues perfectly; they can only be estimated. Unfortunately, the best way to
estimate GLMM values is extremely complicated and slow, so R uses "simpler" yet less accurate
estimation methods. Currently, R provides two options for estimating GLMM coefficients: the faster
but less accurate penalized quasi-likelihood approximation, and the slower but more accurate L aplacian
approximation. MiniJudgeJS uses the latter.

The function in the Ime4/Matrix packages used for GLMM is Imer, which can aso handle
linear mixed-effect modeling (i.e., repeated-measures linear regression). The syntax is illustrated in
Figure 3, which shows the commands used to run the final analyses described above in section 3.5.2.
"Factorl" and "Factor2" are variables whose values are set in the R code to represent the actua factors.
The use of categorical datais signaled by setting the distribution family to "binomial". The name of the
loaded datafile is arbitrarily called "minexp" (for minimalist experiment). The first function treats only
subjects as random, while the second function treats both subjects and items as random. The choice to
test for satiation or not is determined by the user; based on this choice, JavaScript generates different
versions of the R code. The choice to run one-factor or two-factor analyses is determined by the R code
itself by counting the number of factorsin the data file. Both analyses in Figure 3 are aways run, and

then compared with another R function described below in 4.3.5.

glmml = Imer (Judgment ~ Factorl * Factor2 * Order + (1]Speaker), data = minexp,

family = "binomial", method = "Laplace')
glmm2 = Imer(Judgment ~ Factorl * Factor2 * Order + (1]Speaker) + (1]Sentence),
data = minexp, family = "binomial', method = "Laplace')

Figure 3. R commands for computing GLMM when testing satiation in a two-factor experiment
4.3.2 Order as afactor

MiniJudgeJS includes order as afactor whether or not the user tests for satiation, to compensate for the
fact that MiniJudge experiments use no counterbalanced lists of sentences across subgroups of speakers.
List counterbalancing is used in full-fledged experimental syntax so that speakers don't use an explicit
comparison strategy when judging sentences from the same set (a comparison strategy may create an
illusory contrast or have other undesirable consequences). However, comparison can only occur when
the second sentence of a matched pair is encountered. If roughly half of the speakers get sentence type
[+F] first and half get [-F] first, then on average, judgments for [+F] vs. [-F] are only partiadly
influenced by a comparison strategy. The comparison strategy (if any) will be realized as an order
effect: early judgments (when comparison is impossible) will be different from later judgments. Thus

factoring out order effectsin the statistics serves roughly the same purpose as counterbalanced lists.
4.3.3 Javacript as an Rinterface

JavaScript is much more powerful than many programmers realize. In fact, a key inspiration for

MiniJudgeJS was the Logistic Regression Calculating Page (http://statpages.org/logistic.html), a
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JavaScript-enabled HTML file written by John C. Pezzullo. Using only basic platform-universal
JavaScript, the page collects data, reformats it, estimates logistic regression coefficients via a highly
efficient maximum likelihood estimation algorithm, and generates chi-square values and p values. Thus
a JavaScript-only version of MiniJudgelS is conceivable, without any need to pass work over to R.
Unfortunately, the necessary statistical programming is quite formidable.

Instead, in MiniJudgeJS the role of JavaScript in the statistical analysisis mainly as a user-friendly
GUI. Since the dtatistics needed for a MiniJudge experiment is highly standardized, very little input is
needed from the user, but the potential to use JavaScript to interface with R in more flexible ways is
there. This would help fix a major limitation with R, whose command-line interface is quite
intimidating for novice users, and whose online help leaves alot to be desired (cf. Fox, 2005).

Of course, using JavaScript as an interface has its limitations, the most notable of which are the
built-in security constraints that prevent JavaScript from being able to read or write to files, or to
communicate directly with other programs. For example, it's impossible to have JavaScript run R in the
background, to save users the bother of copying and pasting in R code. This is why we are currently
exploring other versions of MiniJudge. One that has made some progress is MiniJudgeJava, written by
Chen Tsung-ying in Java using its own platform-independent GUI tools. Interfacing with R is likely to
remain tricky, however, unless we create something like MiniJudgeR, written in R itself, or figure out
how to program GLMM directly in JavaScript.

4.3.4 R code to simplify output

GLMM is a high-powered statistical tool, unlikely to be used by people who don't aready have a
strong background in statistics, and so the outputs generated by R are not understandable without such
a background. Since MiniJudge is intended for statistical novices, extra programming is needed to
translate R output into plain language. For MiniJudgeJS, the most crucial portion of R's output for
GLMM is the matrix containing the regression coefficient estimates and p values, like that shown in
Figure 4 (from the VOmen experiment, without testing for satiation). The trick is to extract the
estimates (the signs of which provide information about the nature of the pattern) and the p values

(which indicate significance) in order to generate a simple summary containing no humbers at all.

Estimate Std. Error z value PrGlzD)
(Intercept) -0.0810381 0.2330613 -0.3477 0.728057
Factorl -0.8090969 0.0886143 -9.1305 < 2.2e-16
Factor2 -0.9741367 0.0891447 -10.9276 < 2.2e-16
Order -0.0192680 0.0059976 -3.2126 0.001315
Factorl:Factor2 0.0119932 0.0877194 0.1367 0.891250

Figure 4. GLMM output generated by Imer for the VOmen experiment without testing for satiation
Unfortunately, the output of the Imer function is alist object, containing only the parameters used

to compute the estimates and p values, not the values themselves. Thus the R code generated by
MiniJudgelS "sinks' Imer's displayed output to an offline file, and then reads this file back in as a
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string (the offline file becomes the permanent record of the detailed analysis). The string is then
searched for the string "(Intercept)" which always appears at the upper left of the value matrix. The
coefficient isthe first value to the right of this, and the p value is the fourth value (skipping "<", if any).

If the p value associated with a factor or interaction is less than 0.05, a summary line is generated
that gives the actual factor name and the sign of the estimate, asin Figures 1 and 2 above. The R code
generates the summary table counting the number of yes judgments for each category (see Figure 1)
directly from the datafile itself.

4.3.5 By-subject and by-item analyses

MiniJudgeJS runs both by-subject and by-subject-and-item analyses, but it reports only the first in the
main summary unless it finds that the more complex analysis is really necessary. This approach differs
from standard psycholinguistic practice, where both by-subject and by-item analyses are always run. A
commonly cited reason for always running a by-item analysisis that it is required to test for generality
across items, just as a by-subject analysis tests for generality across subjects. However, this logic is
based on a misinterpretation of Clark (1973), the paper usually cited as justification.

First, it iswrong to think that by-item analyses check to see if any item behaves atypically (i.e,, is
an outlier). For parametric models like ANOVA, it is quite possible for a single outlier to cause an
illusory significant result, even in a by-item analysis (categorical data analyses like GLMM don't have
this weakness). To test for outliers, there's no substitute for checking the individual by-item results
manually. MiniJudge helps with this by reporting the by-sentence rates of yes judgments in a table
saved as part of the offline analysis file; items with unusually low or high acceptability relative to
others of their type stand out clearly. In the case of the VOmen experiment, this table did not seem to
show any outliers.

The second problem with the standard justification for performing obligatory by-item analyses, as
Raaijmakers et al. (1999) emphasize, is that the advice given in Clark (1973) actually applies only to
experiments without matched items, such as an experiment comparing a random set of sentences with
transitive verbs ("eat" etc) with arandom set of sentences with unrelated intransitive verbs ("sleep” etc).
Such sentences will differ in more than just the crucia factor (transitive vs. intransitive), so even if a
difference in judgmentsis found, it may actually relate to uninteresting confounded properties (e.g., the
lexical frequency of the verbs). However, if lexically matched items are used, as in the VOmen
experiment, there is no such confound, since items within each set differ only in terms of the
experimental factor(s). If items are sufficiently well matched, taking cross-item variation into account
won't make any difference in the analysis (except to make it much more complicated), but if they are
not well matched, ignoring the cross-item variation will result in misleadingly low p values.

Nevertheless, if we only computed models that take cross-item variation into account, we might
lose useful information. After al, a high p value does not necessarily mean that there is no pattern at all,
only that we have failed to detect it. Thus it may be useful to know if a by-speaker anaysis is
significant even if the by-sentence analysis is not. Such an outcome could mean that the significant by-

speaker result is an illusion due to an uninteresting lexical confound, but it could instead mean that if
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we do a better job matching the items in our next experiment, we will be able to demonstrate the
validity of our theoretically interesting factor. Thus MiniJudge runs both types of analyses, and only
chooses the by-subjects-and-items analysis for the main report if a statistically significant confound
between factors and items is detected. The full results of both analyses are saved in an off-line file,
along with the results of the statistical comparison of them.

The R language makes it quite easy to perform this comparison. The model in which only speakers
are treated as random is a special case of the model in which both speakers and sentences are treated as
random. This means the two GLMM models can be compared by a likelihood ratio test using ANOVA
(see Pinheiro & Bates, 2000). As with the output of the Imer function, the output of the Ime4
package's anova function makes it difficult to extract p values, so again the output is "sunk" to the
offline analysisfile to be read back in as a string. Only if the p value is below 0.05 is the more complex
model taken as significantly better. If the p value is above 0.2, MiniJudgeJS assumes that items and
factors are not confounded and reports only the by-subjects-only analysis in the main summary.
Nevertheless, MiniJudgelS, erring on the side of caution, givesawarning if 0.2 > p > 0.05. In any case,
both GLMM analyses are available for inspection in the offline analysis file. Each analysis aso
includes additional information, generated by Imer, that may help determine which oneis really more
reliable, including variance of the random variables and the estimated scale (compared with 1); these
details are explained in MJinfo.htm#resultshelp.

In the case of the VOmen experiment, the comparison of the two models showed that the by-
subjects-only model was sufficient (p = 1). This is unsurprising, given that the materials were almost
perfectly matched, and that the by-items table showed no outliers among the sentence judgments.

The fina problem with the standard justification for automatic by-item analyses is one that even
Raaijmakers et al. (1999) fail to point out. Namely, since repeated-measures regression models make it
possible to take cross-speaker and cross-sentence variation into account at the same time, without
throwing away any data, they are superior to standard models like ANOVA. To learn more about how
advances in statistics have made some psycholinguistic traditions obsol ete, see Baayen (2004).

5. Conclusions

MiniJudge, currently implemented only in the form of MiniJudgelS, is software for theoretical
syntacticians without any experimental training who want to collect and interpret judgments quickly
and reliably. Though MiniJudgelS is limited in some ways, in particular in how it interfaces with R, it
is gtill quite easy to use, as testing by my students has demonstrated. Moreover, it is unique, offering
syntacticians power that they cannot obtain any other way. Behind this power are original programming
and statistical techniques. Finally, MiniJudgelS is an entirely free, open-source program (as will be all
future versions). Anyone interested is invited to try it out, save it for use offline, and contribute to its

further development.
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Model (HMM) [2, 11,23,25] &% > ¥ 2 7 7 @ * P BE Y582 9 < ¥
FoRF VY NED R TR RS o

AR R B T £ 3] (Hidden Markov Model, HMM ) % ji#;4-¢ =
TR enfi RE o BEAR e J R A T R R Y BRSNS VT A A R R U R AL (2,
11,23,25] > e @ * @aieni®)s » RN B v 2 {04 Afgiv > g3 it g8t o
% & PR ch¥tocs (F-measure %) 80% ) » Ft B 7 [2, 11,23] i 2
ETHBBEEYIFE S NP APy P R R R R
BB T A AR aygE 2 ¥ Rt T (specialization) “%E 4
RFAERSE T AR PR AP HITE LG ERSE T AHAL

2B EEA PR PIREARSTRT > A FERBE
R EHE TRRIBE AR REBE, o R A ARg g
BT e AR AL o

WE - R R B ARBIBE AR B E s By R gl
Hi¥row e 2 — T LB 42 ) (maximum matching algorithm ) » % 3§ ¢ ¢
E MRS T XA Y S R ER AR { F TR T ARE Y o % R
ook s P ELen= N AP RIR Y PR ERE P 2 07 (Lexicalized HMM )
LA 0 4 fih—l?-\‘" 95 5 £ B WP (specialized words ) k& fdF @l it > Mgk g5 fa

W kP e i o
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2. IPMFAZ
PRI S FARE R 0 AT A E AT R BT A
b S S R S L Ly S
"FT' ijj‘.&:%’?é?’ﬁi%'fil’paz‘% »M.Li & 4 [9] »+ 2003 2wy @ > Fd- fE2t
£ 7% (unsupervised ) 3"eh= % %ﬁ“é 25 Naive Bayes » 5 % » K fEid-¢ =
R BAIM AR FHREFTVEDN13% S o ¥ - 3 g o fFiE
EAIME VAR EAM AL AT A EPhFE Rl e LA ARG R
RIE L 5 epp 2 T deosiE A 45 (syntactic) ~ 3 4 17 (semantic) U E @
F{$ % 0§ 3 (pragmatic information ) ¥ > 4 &t & FZ ef# o8 el & R 38 1999
# J.H. Zheng % +~ [26] & * L3¢ (rule-based method) #i%/# & &2 e £ 7
B E o FET85% A o @ 2002 & X.Luo £ 4 [12] s g > plE@ *
BT RE D ARJEAEE P 34 T &L ) (word sense disambiguation ) £k
Mo kAR AAM AN LA @ TEIDF £ 5 o & €324
AT TF 22 IDF ch2 360 vyt = 0k fiailo & A1 B R AL 23] 96.58 % i fr
& o
JRAR R R AR Y ER Y - BERAITE RS AT E R
A AT Y R A2 L (Chen) % A 1997 E@4s > B0 = M
SRR SR B AL [3,5, 13] 0 5 3 1997 i § [3] 0 BB ErE
KR R4 TG H - F A2 e dmE e RIRA o g R B R g R R BRI AT eh
H-3Ahgs AT HAo@med & - 2002 #0877 [5] 0 BIE*

LT de k- et gk Kk 2 BRG] B A At A

- FF BEHERP N EEHGEE - Fa 2 5 A o kYRR 1,160 B
Koo > B % E T 89 % HEBEFEL o ¥ b2 2003 £ Ty [13] ¢ o F A

TP A AT AT Y 0 AT Y RO AR DA AR eEie B 5
context free grammar # -1 #) & > I FFe bottom-up merging algorithm % fi# 4+ 3%

A K R o B RO AL o B ki 2 D] 75 % pEB R RES o
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B Rk o B AT 7 0 do Zhang % 4 [24] T 2002 E g 0 B
3 i@ 47 (part-of-speech tagging) 1i%j% > 5 T & ¢ #57 | (roles
tagging ) » % 4 ;}]3 HE AARTOEXNDLS TR oGP il E s s
g A BARFRERD AP R RIS £ B L o FEE L
FRAEPRE TP EF| AT UE LR o

JERGFEL L BAFe WS EBE Y N 2 R agm v 2 ¥ blde
Maximum Entropy (ME) [22] 1 2 Conditional Random Field (CRF) [20] %

A AN E Y R B A S F A 2 AL (character classification) % e

a

WY USRI BB E Ol R E v P w i - F
hebwfs A g A Ky RSB o @ C.L.Goh % A B¢ * Support
Vector Machine (SVM) [6] kjf#i&-? < 4130 chRf 4L 0 3% R A7 1 % & frd v 50
G —E WA FY B BRSO ARIIE AT 0 K4k SVM
SfF Hp I s E et o ¥ othe 6 % B A (Perceptron) [10] 77 2 R
T30 0 T R AT F 7% s Perceptron 7 2 B2 R SVM i > % itk £r i SVM £

- g e S H P R e BI R P R Sk B a & T A B R

FERFY S e n g Vg2 ot o RIER S B Y A H
2 R EJRETIP R AL > 4o M. Asahara % 4 [1] ™ %2 N.Xue % 4 [23] ¢
B o5 bess MESTR 2 % :5a A3 P& 4 7 SVM-CRF[1] 2 % TBL[23]
FEZEH>RFPREN NSRRI T o« ¥ F 57 5 8 * EEN
B % Rk AJR YR AL o 4o HHMM [25] k% » @ 2 % 1 1 R /g 5 7 4
VA Rp 2 B nE TR L BHEA o B REFESER ke m
HMM+SVM [2] ~HMM+TBL [11] %3 £ /&% > Bl * RN 5 7 2 073 i
SEFAF - BHB T AGR* SUM M2 TBL k4 & 4 & g B 2 adrs o
ME PR G TR EE A BT %RY 2 AR R RS T X T R

#ri9eraiy 0 H F-measure sh% % 4 %] 5 804 % 112 814 % o Flt > AP F IR
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AP e SR I ERGNE T A A kA 2 Wl R Y P B S
Fegc T4l f | (specialization) #7738 % 4e 53 "2 5N B ¥ & f03] e¥rieisnar o &

PR APSE T EFRELZNEE R BRI P OT o T
BUBIFEL 0 o > RIS EP R 5 (Lexicalized HMM) s ] i i
AR Y 3 R A

FIL A A RV A LA BIRA 0 B - NG AP L
TMHMM o 4 g 6 B R B ARS8 T A R R
e BT A S A A ahE A ,;gbw MR LCERN B T A A AIT Y 2 ¥ ehD
FEM s % 3 AP fE2 5 Tlexicalized M-HMM | 0 3530~ i85 7 F ih

| (criteria) %47 3% %@ (specialized words ) » & 12 30 3 4 2092 LR 4 50
PR EEH RGP L A Ao ETR RS o
31 E@ipik

£ 3 %42 (Maximum Matching Algorithm, MM ) & & i ¥ » & 3 £ * oh

FREL OV TR S Z o HETR Ry S d o F - A BEF VD AL

PoEE AR § VRGPS K 0 R F AR FIT N s R R R R e
WoRF| O F Y - R o - MRE S ok TR SRS St > B EL

9

ERBLZERVHEH P OAFATALASAT RO 5 - BT 1

H
a

£ 3@ 2 | (Forward Maximum Matching, FMM ) » ¥rd &3 B Egen%h — B

Y

n\\—

5,

|4

F‘E'Q\;”E{irﬁ iE %FF,E:T,LLﬂu ¢§f£_é§,sﬁqu,u$f )’T;:r,'q _E
Pl T ehika B ApE B T - BEREAZPRVIEL T F o EFRLE
( Backward Maximum Matching, BMM )> d &3 ehd {8 - B F ~ B 4o4F 0 853

Iz ﬁ"""‘i‘}'ﬁ?i 4 L’I‘JFF » WL EHT J 'P?’g};’%\‘; r\:w"_v\ %Jﬁ/é‘&’f” T3F “‘E','—-Er )y T
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|

B

7

g o

EIlerF ol

i

BAFER B R RLETRE > R R R AT 2 B A
Foded 17 en5 - Bl T wRkgpm 38 0 RS TR, T ol &
oS TR RR} EFpanp . FP R EAREFE e R RAR
E I S =V R R R S L S S -

1 RFPREZDT R

B e tef@Pigi A
TaL L REE & S S &1

Wk TRpE LA S - Wk T

Fobod s RFRAZENFHLVENEE 2 NG ALY g ]
fe P FEETH S T EZRL A TR F I AT I R PRAER 9
ERRASREASE - ¢ 3 Ao bl TAEERN M, F 8 0 R
LoF Rk (MR IR o A B PRt e W RAZEE » R R
ER R VS E e LY o
3.2. BIES 2 R4

H BEE Y RN kfRY 2 SRR AEPE - LT T 2 SR
B X AR AL A B F AR ) 1*1@;:}:%%\—7- ~ % 37 B 32 (character
classification problem ) » #-# B 3 ;b‘}*a' B ersg sl o B F 8N K s
Fope 3 AgEed NI AR 2 @E Y Ty kAT - BFASHEET
M E R e 4 (beginning ) ~ 3% e B (intermediate ) ~ =3T3 e
E (end) 1% d H - F = %@ (single-character) ¥ w fAsg %] > Fpt v f 5
TBIES A %5R*AL o

WA VP2 FAT UG AN 20 hiEP e b bk 2503 0 F A
TR T A paB s (B) s edd B (1) (E)s 113 8- 3

i@ (S) e #fr2 BIES & 7 #F & f# i chf 400 g UL 5 B F 2 eni FEgf sl -
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BY YT ALY o - LOMGRETEF B Y g G Agne AdER A PlY A
CHERPER A Blde T S AR E RGPS BB 2T 0 I SRS
HE B F AR BIES R4 Bt b3 ¢ 0 3&.—5}1 TBESBESBE | » #l4p %
g we ) (23 A ER P 3 EFAKT s F LR kY 2 3
PR TS T2 SR ER S TRk o

22 FATY | FARLFPEFEE

B | ¢F

HEEE:

E | &7
LoFRE

RSBV ARANT ARG - BEASERES] 0 ¢ 7 ERA REA
7| (state sequence) fev BLZ A LR & 7| (observation sequence ) o "% & & _i&
FERBEREI G T T - BY REBSREPRIE | ERERDE S RET
Do B BN BT AL - BA T XA Sio Ek B REBER
Be= 5 Uk 08 7 A o Hodn e ot B I 4 0 002 R 2 B IS 4
Fod kA e Rk G s I L A Rk ¥ bR T RRRp P
B ELB o B E BRRIPILAS PR AT S -

EHAEF AT I SKNMILAB) #- B A% kin BT £
AP B ELE SRR
B S &35 KB DEE > S={s5,5,...5]) °
B K 795 BB BB & > K={k.kynky) ©
B N &7 837 %5 ik
B M &7HA] 7 0 BLR 5Ll o
B JI=(r) A& FEALaBSeE o 1,=P(q =5) 1<iSN> &7 ter=1

PR R s e S o P D =it o
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B A=[q,] REREEBPITEL 0, =P, =5,1q =5) > 1<i, jSN > %
N
A s, TR s B S > 2% Ra; 20 fr Y a; =1
=1
B B=[b,(k)] BRI EEEL > b (k)=Po,=v, g =5,) 1<j<N {r

ISkSM > 477 Bk fi 5 o5, PF o BLIPI R BL S v enid ’_v,a*&Zb(k) 1-

G~ LR A P 0=0,0,00,(0, % 7 B 1 T BRI P 2 R
0,€K) o B E T A A SP e L& E - B HRIRR B P2 i R
BARFQ=qq,q,(q 7 BFFTHEDRE P % LgeS) # LS
PO'O!) 5B A EpFask B 7 o

BB T A A RERT o F R RN R R M 2
izt R R R EM o TP, =5 1q,.qy0nq, ) = P{q,,, =5, 1q,} > ® SEHS

WEALY S TS PR T T PO O et B T i

P(Q/,0/) = HP(qthtl)P(O lg,) = H q,quIiIBq,(Ot)

t=1 t=1 t=1

M OB B B Bk iR B S Q) 0 B E * Myt (Viterbi) jFE 2 E EFF o
Foebarpl AR o FERGY S T A A A rde A kenS 3 [19] AL r 2t
ER g Y 22 (unsupervised approach) iz > » frfc{/’:&‘\% L I R
B9 g Flm fi 5 DAY o P ens 2 ) E * Baum-Welch i & i3
PGB FT e M iTE KF ?éﬁiﬁi?ﬁi e BN A g EraiF e E (corpus) ¥
Bl ERGCE T AR R T L A R R B by 2 Y R
(supervised approach) "3t [14] » " SGEAZR] B £ % S~ PG 32
(maximum likelihood estimation ) 3+ ¥ J1 #°3] S 8cp] 2 504 > » 7L T#7 250

g v % 4] | (Visible Markov Model, VMM ) & 3% 2 43| | (Language Model )

e

AN ARG A RN IR S RS R E AR
¥ E%}»;h 7R RV o Ay P oA B TEEGNVE T A A Rk

_'rf’]?‘;f;:_‘ F]g o
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34. FREANET A KT

ERGYE Y A A g i (specialization) #£4 0 &% .4 J.D. Kim & 4
1999 & 22 2000 & £ 5 B A~y [7,8] frdk A ke 201831 2001 & F| 2004 &
B » A. Molina & F. Pla % & W%f—‘k FABNPESH T DF ST B aAps
4o de@ kT (part-of-speech tagging ) [17, 18] ~ ¥ & ~ 47 (shallow parsing )
[15] ~ 3@ & i’ st (word sense disambiguation ) [16] % F* {8+ o

P B Ay B 1R RGE T A RO A 0 B R AR AT
TooBE R E et R FHRCRH A T RIS o B & ehiTE
e LB S — B4FE I @ ;Y (specialization function ) » ™4 & 4 H1 ATk i 0 L
HHEARL KT SN RGP

f(0,,q,)=(0,,9,0,)

(00,q,) 1 & 3 BRLRI L2 R Rk 0 AR RSB H A i A
Pood RO R RIGRE R A S > B aERSNE T A )
5 PHEEEEGYE 7 2 #073] ) (Specialized HMM ) © @ od 7 #9775 caLip] @ 5L
ST AR B R 0 A R AR BRI PR 0 o REF T B AR
2 TeaNavERN B 7w 2 #7] ) (Lexicalized HMM ) » pt i 42 3 2 4 i 16 42

- B> 2 AL PR (lexicalization) > p* AR KT 8 F K P

<0i,qi.0i> ifo,e W
<0i,qi> if o, W

f(oi.q,)) ={
HP Wi #FHF (specialized words ) > ¥ § B> F WP aplip| 251 € mgF @
S o q FRFAER § SR R R RE P -
3.5. M-HMM
% BIES A #g R 427 > d 30— B3 AT MM AFDI Y o a H1 THE

SIBIES R4 7 X — B > - Laguihndsif @ F § R FERF S R4 LA

gt AP A HMM HER T > £ @ HRAIES X o d 00 5 L0 EARE 9 £ 37
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FPELEF 5 L BAAT R P A HMM B2 P o Ap § 2048 B R 2 en g
P EE RGP B RN R R A TR R
TR RN ERL <) K E ke b R o

BOEAFN ST 2 403 (HMM) #c & M-HMM chififz » 3 & 280 » £ 300
4 (FMM) £ 5 » £ E 4L (BMM) 2 #7375 % (T #7§ o BIES £4) » & &
ke T3 A A drenppl HEL > @ 4 T3 AFMM-BMM | % = B Fas
La gLl Bl o £ 3¢ t— BT k45 M-HMM 20 00 & R iB AT B
MM AR o RASHRRIBEA S T 4 b R ke
MR AR T o AT B LR S| [ S (BB §-LE- 4
-EB~ &-S-E~42-B-B~R-E-E o izt ¢ 2 3 A2 chB-I-E~-S{EHK I d o

BEGPER S F G KRR T 0 F TR LB A e

# 3 M-HMM i)+

P RE AT RITE A
ko1 N S T R
LR 7 i i BRI A b i
7 -B-B B %-B-S ?
HMM i-1E E &-1-B ?
VIR TR [4-B-B B +-E-E ?
&-S-E E #-B-B ?
4=-B-B B +-E-E ?
-E-E E

3.6. Lexicalized M-HMM

BMAGERNETARABEA R D FE S BB Y - FEE M-HMM 0
AL BR8P RTEORBI PR EGRR 1 4 AP
SRR LG 2 H 0 kP R 5 (Lexicalized) g 1Y i 47 o g PR B enid g

B ALE AT o HE - BRI R P 2 LR s PR
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B AR RATH - BARE TS ow 0 A RAGERE T, ivd B R R
Foo st ARS AP F T ARV P R R R LR B 5L A AT R A @
WA FF AL T F RROBIE~S e By o
A - BT KRR o dek 40 BEEBIPEE T4 -E-B ~T4=-B-B | ¥
Bl plgB g o auBaR 5 Epl P T2-BEB, n% T42-B-B,
AT ek @ﬁhﬁﬁﬁ#s\ "B-#-E-B ;~"B-4=-B-B | 7 o &R #5 4 -E-B,
PR KRR E B RSB NS B Rk - BAd BRI PR T2 -EB,
sk i TB-2 -E-B | 103 B B A A R enplip] 5L (4opipl 455 TA-B-B )

7 ;P;ﬁ\‘g rBJo l}jl.b é_%’?gfj%‘nléﬁ?\#ic’ ’%ﬁg«?;%u?ﬁ;& w3 e

24 PUPEE (2-EB, A2-B-B) e q it A2 FTek

LR 14 5L Bk ek i a7k
¥~ -B-B B B
1 -I-E E E
2 -E-B B B-* -E-B
&-S-E E E
42-B-B B B-4:-B-B
m-E-E E E

PR EAY BRAT - BRI OVERN ST Az BAR Sk

AERE L N N R A E S R R R B R =

W

FACAL O TP R RS R EEFH A S R A - RS
FEF o AP FRFVRT R KA UL ] o

FRGPER 2 N AP LR Y A FEF enE R (criteria) KEB > HP 4o

B SWEF: (the Words with High Frequency)
B b R B B M LR B S B
B SEF: (the Words with Tagging Error Frequency)

PG B RREES QHETSEES) 9w § 2 EUw
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A€ * SWF & Z_SEF R REB R > T &2 - BREE
(threshold ) » * PP iE B & Wi ent ) » AP 300 Shw ¢ 35 11 & i 4730
Sl PP -

4. R %

N HRR IR CAPRY P PTG R R 3 A A PR R
PR £ G STSH o AN - B s 4§ iR I A E A
BoA e o g5 2 2 F kg AP RY G 5 E S LA
BRIMA B P 80% F FUHGER - P R VPUERA ST Y o @ T
120% B]g =200 % SRR AL o MR amTin B VR AR Bar
(Precision )~ . = & (Recall ) ™ 3 F-measure X ZZE %73 2Ta » A W T & 40T

BRI e o

Precision=
BT ehi P i
Recall = A P FEST 1) e
E i
F 2*Precision*Recall
measure=————————

Precision+ Recall

d 32k su s & M-HMM ¥ Lexicalized HMM & 28 4 > T 4 F 5k h
e s Ay d AL KA F s c M-HMM § 3% a3 2 95%— ~2 ~=2 ;@
Lexicalized HMM § et o P 5 F k= B2 e o
41. M-HMM $5% (R%- ~%%=-)

M-HMM 9 ke384 » 3 BB ERN B 7 2 A% 2 L0 pLiz
BRI ELY e r {5 TR B4 2
MR BB A AR E TR P edtA P R AP L AKRFR R LD
T3ani 0 R SRE AR N F K 2 Ui akar it R o

F - BREATE A MR 0 32 AP DIRFTHERIEFT AR g
FooRF REPRALZ AR Y gL o (£ 145,608 B3 0 @ 18 ARIEE
P 2§ MM ATT o & 5 5 M-HMM fRsk & [anteimanig o ¢ F %o

(baseline) ¥i2 2 & v £3P %42 (FMM)~ F » £3# 42 (BMM)> 12 £

a

299



#% AT SRR PR ER A S T 42 (HMM) - % 1 M-HMM 03
ShiE%h PEAPL WREEED e EFELEFA (FMM+HMM) 2 2
RAEF wEWERLET R (BMM+HMM) 550 5 7 2§07 2 #5300

%5 Fm-  M-HMM fa & 1 endasci

FMM | BMM | HMM | FMM+HMM | BMM+HMM | FMM+BMM+HMM
(M-HMM)
Recall 0936 | 0939 | 0.812 0.944 0.947 0.957
Precision | 0.956 | 0.959 | 0.811 0.962 0.965 0.976
F-measure | 0.946 | 0.949 | 0.812 0.953 0.956 0.967

FHRBT O EFSET AEAIR R FAOT AR AP RE R 081
Zeod e r e R RAREE e LR AE 2 {8k SLanETi ss F-measure
7 0.812 « g £ 3] 0.967 > & ¥ ¥ g k4 BF L w KRR AZEF £
BRZEABARTE - FP - FHRBEFED T EFRAETREZ R BZPTR

TR ERE T AR Ao e

P LR ARAEL P RELE TR gL H MHMM 57 5 g -
SRR AP DRGIL  d R T PRTHAL TR RS
PIRTHEE A B SIS TR E S 1 (setl) MEDREE 2 (set2) 0 L
R PR S T RAD  Fd BEVRTARD R BB A3 A R
L BAp b OREET AT R L P AR R RS R Aok 6 47T

% 7 # 5= M-HMM & & 4o chdive s

RS A (Rs%=) HMM
PURT L B (Setl/Set2) 100/0 80/0 60/20 40/40 20/60 0/80
PP ik 145,608 (132,273 | 116,428 | 96,780 | 69,446 0
Set2 ¥ A FriF 0 0| 17,418 | 45,212 | 103,990 All
BIEF AR PR i 0 | 14,415 | 17,323 | 22,524 | 34,573 All
Recall 0.957 0.946 0.946 0.944 0.941 0.812
Precision 0.976 | 0.951 0.949 0.945 0.934 0.811
F-measure 0.967 0.948 0.948 0.945 0.937 0.812
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AR B - BIRA 5 AL GG 100/0 0 4pE TR B - BB Bk o
B kA B kA o £ F 2 80/0 ~ 60/20 ~ 40/40 ~ 20/60 % A B |l %
d RI AT b2 A b KRR BETI o 0 @ B fs - BIRA o A BB
0/80 > % 4 % 23 FPITRF RS 2 2 s o 0 ARRETA Y A eme gt A

FOS P ADRAFEAY RD2AF AL ERFRAZA S L PRALZY T

iR s M-HMM en$7ieise s IR EF R M > R § ' Mg T2 < » AN & A
g TTHA HMM kil 0 R A SRR AL £ i s o T

APt E B = 22 Mask e Bh k@At - BEE o

4.2. Mask 3% (9%=)

d 325k - Fi5iER 0 Jll‘ﬁ el @ T EE j\fjﬁf_{;\?%‘izé ”Lr'ﬁq:;—Lg‘fFJ,i" 2l

~

EURE AR T @ LR E T £ AR D AR o T A 37 Mask eh

i [21]0 &3 BEV AT PDRT 0 A2 B F AP TR AR o

Mask o2& SR BUEALY 4 48§ ALTIA T 0 2 AP R RIRF R L A0

Seg Data > Dict

Bl 1 Mask (K=3) FAA B@2E 2 g3l

a5 5 H{F: 40T

7

RSN

a2k
g
: B8

ﬁ%%WﬁﬁﬁﬁaﬁKﬁﬂa’jf“ﬁmﬁﬁ b P R o F

T

A2 K+l BgEd > doBl 1 477 0 0t Kl BFR T 7 &2 Kl Bl is o 2
A e gra fnms & (Dict=dict] +dict2+dict3) & #7 M-HMM #73 & chpLip] i

B b AR E AR R TR R FE - RIS S R AA -
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g g Dict-dict(i) » k&7 M-HMM #7% & chplip| 2 5L o AigiE42® o
B FA AT §REESE - 3 S RHARERE T A
HMM Foif & g efhdt s ok fn S5 2 R kal pF o Q1T B340 0 L &
- B R TR T LR BB S A 2 T e 4 o Aot F4F K (8 - K+l B
TS = BB Mask e E AL o

B = Lt * Mask & ;2 #Trass M-HMM 9% 5 » B~ Mask K=2 3 K=10 %
Gk w Kl 47 3 W gl ez g @ % Mask i § Sedol 2 4
oo R ERT o F Masken? 27 REERNEV ARAL §F A@

| B i %7322 (F-measure =

\-‘-r\

W EFETT A G TR T Y A K=2 R i

95.25% ) -

95.30
9520 r
95.10

95.00

F-measure (%)

94.90

94.80

B 2 %= :MaskK=l 3 K=10 i % % %
4.3. Lexicalized M-HMM % % (3 %® ~ 1)

F % » F 145 Lexicalized M-HMM 7 SWF 2 SEF & 8 7 fe cg@ 1 it vk
Toor KL R A ] 5 R E Rk B hP R
& (threshold) o o **ig B F &A% k3 ko Dlendr @30 > @ 7 L isnex
GRS o Fl A R B DO UL ) R R R R o AR RN R TR (i 2
FRFAL 80% ) A B A A R4 o (e T 1 ant bk A B (A Bk 2MEFFRNTO% &2
10%): 2 ¢ 70% ehi k(S E3 L@ RELE Fahie)r &30 M-HMM
Bl A 1T 10% B F > BT 3 F T4 (tuning data ) e

d 3T SWE 2 Pl Tt ? VI S BB e e B A i R T0%
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PR B B S e W o @ SEF 2 PR RIES RS ey 2 H AW
Flpt AP L T0% hFokE 2 M-HMM $03) 0 30 8 g BE R Y RURIGE 0 193
BEFREY 3RS P U@ o 519 SWF 2 SEF 2 #4371 > ¥ %
BhA PR T o BT R o P R B R 3 T e
FoHESET > APR* SWF SEF A 67 b e g (b Kug o kB 4pBe
Pt AR R A F B TR T s 3R B h) 2 > @ SWF
BB~ 292 B2 (I IHE K 4 3t 4800 = ) FF > SEF B~ 173 B33 (4 A & 4 3% 25
) e E PR GEE  F L PR b TR R

e m™ " A Fa Rk b R TR B R ed S RERSF TG

96.4

96.2 —=— SEF
] %7 —+— SWF
2 9538
g 95.6
89

95.4
95.2
95

0 50 100 150 200 250 300
# Specialized Words

B3 F5%e a3 kHEWUHP )T > SEF & SWF B 0| &3 B T4 T alrio s
BT PP FERFE 2% 5 SWF 1 2 SEF # 5|2 Lexicalized
M-HMM %73 22 ac »f Bk o3k 2@ * Mask K=2 2. M-HMM #73% 77 % # & SWF
21 SEF #4137 (SWF % B~ 292 37 i % #4390 @ SEF BB~ 173 3 17 % #439)
KAk X v B0 2 EELE (FMM) £ » £ @42 (BMM)- £
®FF AT EEE T A (HMM) & s (772 2 M-HMM chig %
fE > BTN LA R R at W oo Bt W 1S T (TR o F B S R dcdk
8 #1ir o F Bt % Bt Lexicalized M-HMM 7 #% i * SWF & SEF % p] »

R S Tgfs i M-HMM %738 52 sy #&24%F > F-measure ¢ 0.953 #% = 3] 0.960 £7 0.963 >
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m i * SEF #ple2ié * SWF B pipz T » SEF 7 (e 80> » ¥rio sy

» fRF
# 8 F %I ' Lexicalized M-HMM #7303 iy
FMM [BMM (HMM (M-HMM [SWFM-HMM |SEF M-HMM
Recall 0.925 (0928 |0.812 |0.947 0.958 0.963
Precision 0.928 (0930 |0.811 |0.958 0.962 0.964
F-measure [0.926 |0.929 |0.812 |0.953 0.960 0.963

5. B#%
BAEHY P OAPRY BRSNS T A A FR A kS ¢ 2 e

il A S iR LR 2R R RS ST A A U8

!

A2 E PIREAR A P 13 200 B OF BRI AR W S50 Rk R T o
PR PR R (L E AR S R AR RGN B T A A Pl o A d - 1
BV ERBELEATI > R IR FEA L ST AR

ToREEFBRALRZ ARG ATWOIRT > T A e A RS T L )
s¥rsevcse (F-measure: 0.812—>0.967) > @ {3 A 4vz@ e/ ™ > ] * Mask =
GO e L ¥TEo s (F-measure: 0.948—0.953 ) @ % = FEELR * g N g
LS N BeiE B AR g Rk B3 4 > F ks P AL R TR

(F-measure: 0.953—0.963) > # % ¢ # ¢ * SEF R p|chig% ¢ SWF &)

e T NI SO (RSt R B

4 2
oY
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2. MY

R
e

i 1L (data cleansing) £ - & H T AL E G B FES]  BEHEFEI - RE
Foagm g TR E TR [4] 0 2 AE - TR RROTRL > AL FIRE
HAR AT o0 457 S E TRk e B TR A DS o T
W FREEE AR THREAERLL B bt FREFA T BELET
LN RS T BRI RN R G GAOTHR o adp N TREY BFE T - R

A o T4 i (data profiling) f-7 42 4F ¥ (data mining) i fa4p B Bt

R

Lo453 f hfler [3] e Flld i ahE B it & f[;ﬁii,:rif_ﬁ_mg oo B
FPORANGE s R R - TR BEAES 2 EENIREIRIE F P RRE o THHE
BRI A BT AR DG R BT %‘gd 3tz A A E s #

TR GUE N 24T 0 35 dU AR B R g R

Galhardas{rRaman =& + & %|3% 11 3F 5 4p b e AL L 1] [B]> 7 14 iz ik
Bk 4 @& (missing value) ~ #2334 (noisy data) ~ 3L = B s T - REE R
;g PRB TS o e a2 E A B 25 &% 2 (ignore tuple) ~ E AT 2
(unknown) ~ & ¥ (mean) 2 S+ w §Fx (linear regression)® o &%) f SR
FAL S BRI A R LG T % R At ) - Hkeni 4
@0 deunknown ; % 39k £ 05 AR B e b 8 4 S R R

PRI = S i RIE Y SRR B AP A SR OEEREA B o
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0 TR AR 0 B GRS 02 (bin) ~ R0 (clustering) £ o B3 1 % o0
52 B - BT R A B SRILT R dom 87 22220 &2~ 20-40 F -
40-60 & ~ 60 pkrut F 4R o FFE PG A El(partition) ~ P & (hierarchy) ~ % &
(density) & Bk > 2 & F A% TR codp AR K Ao A RE o TRl - KRR A4S
HE (2P PR P SRARIETFLANTRERRR S L o b4
T'motherboard ; » & #4 &= PR FoprpEL T M- R FRET- N4

B oo ¥ b RPN SRR TG R 2P AR Y g o RIB T

BB aEE T AL o Ft o v - 1R (Uuniqueness detection)# #F[6] P 0 Bt p B
D P AR 2 B R SrE- M UHETTR O RS E o SRS B
= Acs A ¢ 45 data type ~ attribute length ~ whether a default value is specified ~
whether null is permitted -~ distinctness ratio ~ min/max data length ratio ¥ order of
distinctness ratio with its relation - A" R F L ¢ B~ Tie- BB ML > L EE

CAS i J i# 9 I ik M L 1 48 0 e ] 5

N

B 8 F 5 v 1 iR

Y

HFEF LB e

AR EHTABI AL B TR R - BT AR S
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1. i % B Ag(missing entities) © FFAUFFB~H R 2 2 A ¢ PR 0 fchi 4T

R A TR EY 4T ZAMBHOELS T
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HEA AT AEEY > - AMBMRE S X NI

4. 7 & xpie e(invalid values) : FFEB-FIFT 12 AP PERD D RO

-

o EAINS F o FrFFERA o D AT P R AR
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Bl R 2 ST P B R TREBSECTREDTHL > 0 -
Bl e & APEE TR 2 S BE Y 2 NE 2 T 478 2
BTHCA] > R ORMCEEAIZ A4 ORI A FAEE R o ipu A5 S R BLERR § BT

[

=

MPPB R DA TRBES A JH FTARPHITZ BT T T

31 F B 4k

=

TAHEFEEY i EE s § AP FRARNRF R o ok i IR F P

TR v PRI - BASAE > £ F - 3 5 B3P

ey
AN

FER A ERBFLFUDTR A PR - BT RS S R 3Rk
UREE S ST SR DR SR TR EE S T Y A

o EFHMOARITOF R A FI > APT R TF ¢ HHO R S 4R

AP ENT R B AREFE O AR AT REFRE - RRFE
TR R > FE T AT ARG FEA KT A et A e A
PR AT A RRILE Y TR o RHROEA L TN TR AR

TEA AN G AP TR BF P K
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1. string cardinality (2 T §#Se) 1 F 8 ¢ chF A B
2. stringprefix (T FA Sy : F Pk BF Ao kAT K AN S8
3. stringsuffix (T HAHS): FR kBT A KkEF K TSFHE-

4. stringentity (4T @A Se) 1 F P T F AR o
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5. stringnumeral (4 T {AS) F P ATE S R A EFAF A ii;'] 4 2% % true or
false -

o

6. stringformat ("™ T @A S) : F B P FATBOTAHA

[o=2

s SF kA2 BF B B & 0 SF={S,,S,,S,,5,,5,,5,} 5 SF ¥

R AR Y E BB E e (vi) 0 SF(V) = (Sc(vi), Sp(vi), Ss(Vi), Se(vi), Sa(vi),
S{vi)) e A R RSB AT 2 H P i b B EEPp A T oA s, o RIE

3B B Arh - S

- F8 «fﬁrﬁx% &)

SF(& A7 #ehy) and k=1

SC Sp Ss Se Sn Sf
5 v Fo| e A Ffr | false | string

32 3 B P kB

dem T 0 NP2 P E e R A2 2 R 38 BB o i
— e AP - B L FEEEE F AR R AP E ST § o F]
P D REmEGT E BAE S F IMA L S HE F L A ok - Bl
PO im’ﬁ*‘ui&%ﬂigﬁﬁiiﬂﬁﬁﬂ’# ﬁf‘u?ﬁ‘éi‘?\? T FEE B o T
AR E o) g2 Pl(majority rule) e 3t - B =P chiE e g & o RN
TR chE - B B - BREACE NPT A > LU H T A kS -
B ¥ P > R S F LR AR AR LR PTRREY > Eh- B
LG BFP Fz BiEE TR > - BrAEESS BT P FHE AT
e s AR K L A B A B O o % - B
B AR E A RAR T BB A e kg Y FRER

SR FousEm B iR K SR
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A APRAKS,, je{l23456}, 8 - &¢ SF ¢ EBFE o FHE
PEBEE v 2 B RBEAE S S () 0 Herd ehE At G PL(S(v)) o g ik
5 S,"(V;) o B MFHE NPT AV kS - By OlE o fF T A

BRI 0 APRDS B L ROT P PR S Rk E
NI A HRD - BELE P WEE T A wET R Lo A T(w) &
- BHBRSE BFAVREIE SRR FFEKE fﬁ‘ui’ﬁ AR W
i S BB 4 1ot Bk A ARB We B AeT (10) i £ 7 A 5 422 0% 22 10%
2 R Wi e 5 1 ’p” Al ig A3 10% 2 20%z2. FF P R g s

520 R ERE R EES S 5 100

* - %é_’? ;\ :‘; fl;; Fﬂlj'ﬁ o bt ‘ﬁ#“% » & - fl;—?: g 5}’3—;{%’/9:@-_ l;ﬁ ﬂ’lIﬁaEﬁ'ﬁ JAAE f@; F“"J Eﬁ}g
73 %B‘rli{ﬁﬁ?&m S (V) AT S (V) rob(Sj(Vi))'T(W) o ¥ = %ﬁ.ﬁs P ?}“
PR AVER ARE - PR EMRERE N ot d D AR R PR

AR RFRFERE o UG N AFHEATER AV A AP, ID(S (V) e3le >

Bl E S, (V) 28 5 1S '(v)= D Py (S;(v) T(w) -

VieG

A 2y LR E e {rF A BREAG DIEP o BT ? 1 L BT
¥ EEhE A Bk & 5{1,2,3,4,56} & p #rikaE ot 5 {1.5%, 11%, 79%,

5%, 3%, 0.5%} o Bk W £l 10 BB F A S NP R dok o AT o
He 3 A Bdes{1,4,5 630F A A3 0% & 10% 2 F o A w2 (L el
#:%ﬁxf_ﬁ_?'&{l’ F s {2FahE At ;;rs{ﬁ 3 10% 2 20% 2. FF > d& k2 (s g
Hele®m 2> F A Bas {3} A FREA 3 T0% & 80% 2 o ddk 2 18 et
BEH 8e B A N EI S Rcd 7 0 BY 3 A Bk {6} A
WEc] o B SRR E Ll RFAF A BERS{IIPE A AP F AR

261} A vt 2 (s g e v 1o R F A B {SheE A B3 A
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BHcs{6,15}hp At 2 sl v E 1o £ kB F A B s {4}E A 0 B
PFABES{6154 At 2 g i 2 £ XA F A BEci {23 F A
Lo %L;J'f?‘: ;‘“iﬁﬁié{6,l,5,4,2}ﬁ”—ﬁ/’} Wz 19 mﬁi&ﬁ'ﬁi' rv» 3o ﬁf» 9 ;‘*‘@;ﬁ;:fg»{?)}

/

A R F A B #A{6,15423}0F At 2 ik ikl 5 10

R RO 2 N S 2
Sc (Vi) I:)rob (Sc (Vi )) Scl(Vi) Sc (Vi) zprob (Sc (Vi )) S(:'(Vi)
VieG
6 0.5% 1 6 0.5 % 1
1 15% 1 1 2% 1
5 3% 1 5 5 % 1
4 5 % 1 4 10 % 2
2 11 % 2 2 21 % 3
3 79 % 8 3 100 % 10

o rit o AP A A BER IS AEOEREE GV LenF B F g Ra
WP B o I ED B ERS o F s Pk e ) LB RET - B
WA HETE e L DR MYy o PR EE S LB AP B A S IKE
EnR KRR HSH AEFE LIPS E AR cF- BRR s aE- B
Beb A0 Cd S HhA R o A T 05e F o Pl Ao ik dcE e | A ”ﬂﬁ}g
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TR 2 48 0 R A
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FER SRS BTN ST o 31 p B2 o A AP BEEY A8

FEYRINBEZTG AR R SRT M ﬁr: PAF R P Pl
A FEARLRI R A B G o A SERCA T PR > E - B E R A
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S F )| Pk
Y = g 3X

Bl- ~ 45350 ’fz—rf#g]

Bop a2 FRL A RO AR Y 0 A A BlER Y BRI B H Y (supervised
machine learning)#t it 0 C45 - A % szt # (statistical learning theory)
¥ ehd 3% % & % (support vector machine) o 2t e p e E % G hp B F Y B
BREF P AR PR B G TR R R g v o R AT e HTen

#

(:m\&

BRI REAR RGP Aok Y BRET P AL T F B R D
g SEE Y BT AL end £ 0 A CAB AR A 3D B ptR )
PEB /U ABETIE P L A (AL R Y HSVM 2 Sl LY W
L% 8 LIBSVM $:h[2]) 0 g SeniB ARy o> 1A Gk i 1 3 B o F]t 0 4p B
SR SRS IR PR AR R BT R R s 0 @

A CAS A5z Lo £ Aﬁﬁwﬁo
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AEFERFOA FEL R LFRE R R IR R 0 S N E AN
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B T g ¢ [7] 0 A AR D RTATE 0 4R ) PR T I AT K 20
0%

ERONEFE A LFPIRBFIOFLAFTEBTH R S BBE

|

B BE CRABRF PP EREOTHRE PR A AL - HFH(F R
1995 & 7] 2004 #£)2 == A 1 RSHRE DL > AP UG &L*‘}'xp:\—,\ ""ﬁp‘}"’t’/?léﬁ
FLendk ko

EREIRA S LA g E Y LR e

EAI I RANLRFTFREIE I EL A FEIHEE LRI T 4T
i ARl R R R E R A

EHMTE L AR RAR G HEY Lo ME AL F A HEY L -
BE Bk e

FRERNFAFELAR AT IEARFEPR YL Y5 @7 5 B A%

Bl= ~ B A FE L 2R b

4.1 352 %

Rk A PHF ARG R 2 R A - B s AN
TGN FRBRER Y L RTREE R TR T AP REn2x2

confusion matrix s i iRl.5 % ez dp ko & = 5 14 true positive rate ~ true negative

rate~false positive rate f= false negative rate = f& € & % = 32 X 2 confusion matrix-

% » ~ 2 X 2 confusion matrix

AUE G A RE G
T REEHR TR
R%3 number of true number of false
FREFH positives (TP) negatives (FN)
Rk i number of false number of true
T positives (FP) negatives (TN)

G BR RS HRLT o A B A D RS BTS2 R L
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Ef’ﬁ\%vﬁ“k‘?gj ?‘I' :

1. True positive rate : TP-rate = TP/(TP+FN) » &4 P 154k & & 27 T fa ihfk & dc
poge

2. True negative rate * TN-rate = TN/(FP+TN) » &.4p 25 4k & & 35 1L Fr ezt
TRAEP - F o

3. False positive rate : FP-rate = FP/(FP+TN) =1 - TN » 45 2 p 545 & 42 4 &
Btk & g SRR AdcP - 5 o

4. False negative rate : FN-rate = FN/(TP+FN) =1 - TP > —Eu,a 2 = e NAR R

ZUP R A G ER AP VL F o

= Ak up Beawiay B S+ v TP-rate ~ TN-rate 2 # - i* FN-rate - FP-rate -

- BEE - AL SRSy TP-rate 2 TN-rate 5 1o #Am > &+ % HeenF BT
T > TP-rate &2 TN-rate ¢ 24 & T M %> 5 A PH - AL REEFAF > A i

TP-rate 3§ 4c ¥ » + [p ¥ € ¢ = TN-rate 7' i< & FP-rate «rdg = o

POORCHT R AL B R I IPLN R B G R R 0 AT R
TR v T3P A e FRASEHA TR D AT P K
Bl g N W RALZBERY ¥ - w TR E PRFTAEFERE, % 2 Vi
PRE PERFTRESERGIR A ZHE- ERZ EEER > URREVRTH D
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Abstract
We present a new method for learning to parse a bilingual sentence using Inversion Transduction Grammar trained
on a parallel corpus and a monolingual treebank. The method produces a parse tree for a bilingual sentence,
showing the shared syntactic structures of individual sentence and the differences of word order within a syntactic
structure. The method involves estimating lexical translation probability based on a word-aligning strategy and
inferring probabilities for CFG rules. At runtime, a bottom-up CYK-styled parser is employed to construct the
most probable bilingual parse tree for any given sentence pair. We also describe an implementation of the
proposed method. The experimental results indicate the proposed model produces word alignments better than
those produced by Giza++, a state-of-the-art word alignment system, in terms of alignment error rate and
F-measure. The bilingual parse trees produced for the parallel corpus can be exploited to extract bilingual phrases

and train a decoder for statistical machine translation.
1. Introduction

1.1. Background

The amount of information available in English on the Internet has grown exponentially for the past
few years. Although a myriad of data are at our disposal, non-native speakers often find it difficult to
wade through all of it since they may not be familiar with the terms or idioms being used in the texts.
To ease the situation, a number of online machine translation (MT) systems such as SYSTRAN
and Google Translate provide translation of source text on demand. Moreover, online dictionaries have

mushroomed to provide access at any time and everywhere for second language learners.
1.2. Motivation

MT systems and bilingual dictionary are designed to provide the services for non-English speakers or
to ease learning difficulties for second language learners. Both require a lexicon which can be derived
from aligning words in a parallel corpus.

Furthermore, second language learners can benefit by learning from example sentences with
translations. By looking at bilingual examples, we acquire knowledge of the usage and meaning of

word in context. With word alignment result of a sentence pair, it is much easier to grab the essential
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concepts of unfamiliar foreign words in a sentence pair.

For instance, consider the English sentence “These factors will continue to play a positive role
after its return” with its segmented Chinese translation “& % 8 % 22 f&#4 K& @4 58
#4% 4§ shown in Figure 1, where the solid dark lines are word alignment results of them and

e, f stand for two sentences in two languages E,F respectively. If we don’t know the usage of

“play” in the sense of “perform,” in this example sentence pair with the help of word alignment, we

would quickly understand such meaning and learn useful expressions like “play ... role” meaning “Z%

& ... YEF” in Chinese.

e.  These factors will continue to play a positive rqle after its return

S AW R R ok A0 e s B s ER

Figure 1. An example sentence pair.

Table 1. The word alignment of the example sentence pair.

I J € fj

1 4 These B Lt
2 5 factors &tk
3 6 will s
4 7 continue B
5 0 to &

6 8 play 2
7 0 a £

8 9 positive FE AR
9 10 role e
10 3 after %
11 1 its &
12 2 return [
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Table 1 shows the word alignment result of above example sentenece pair. In Table 1 we use 0,

and ¢ to denote the corresponding translation does not exist for a particular word, that is, this word in
one language is translated into no words in another and we use e, f, to stand for the words at the

position of i, j insentence e, f respectively.

1.3. Bilingual Parsing

If we look more closely to the example sentence in Figure 1, we would notice that the beginning half
“These factors will continue to play a positive role” is translated into the back of the Chinese sentence
whileas the ending half “after its return” is translated into the beginning. This phenomenon is very
common while translating one language into another. A simple observation is that if one language is
SVO-structured and another SOV-structured, the “VO” part of the first language would constantly be
reversely translated into “OV” of the second because of the reverse ordering of syntactic structures in
“V” and “O” in these languages. We call it inverted word order during translation. More often than
inverted cases, we have straight word order such as when “positive role” is translated into “#&4& 4k
F1”. It would occur more frequently if two languages have identical word orientation for a syntactic
structure, such as adjectives modifying nouns in English and Chinese noun phrases.

In this paper, we propose a new method of learning to recognize straight and inverted phrases in
bilingual parsing by using a parallel corpus and a monolingual treebank. The parallel text will be
exploited to provide lexical translation information and project the syntactic information available in
the source-language treebank onto the target language. This way we can leverage the monolingual
treebank and avoid the difficult problem of inducing a bilingual grammar from scratch. We identify
production rules derived from the treebank based on the part of speech information of the source text.
This information is simultaneously projected to the target language by exploiting the cross-language
lexical information produced by a word-aligning method. The relation of straight or inverted word
orders between the syntax of the two languages at all phrase levels can be captured and modeled during
the process. At runtime, these production rules are used to parse bilingual sentences, simultaneously
determining the syntactic structures and word order relationships of languages involved.

Thus, the proposed model commits to common linguistic labels for words and phrases found in
an English treebank, such as NN (noun), VB (verb), JJ (adjective), NP (noun phrase), VP (verb phrase),
ADJP (adjective phrase), PP (prepositional phrase). Furthermore, we assume straight and inverted
linguistic phenomena, when projected to the target language, should render a reasonable structural
explanation of the target language. We extend ITG productions (Wu 1997) to carry out this process of
projection. Take word-aligned sentences in Figure 1 for example. It is possible to match the part of
speech information of the source language sentence against the right hand sides of the production rules
induced from a tree bank and identify the instances of applying specific rules such as NP — JJ NN ;
JJ — "positive" and NN — "role." Moreover, by exploiting the word alignment information, it is

not difficult to infer that such syntactic structure is also present in the target language with similar rules
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suchas NP — JJ NN ;JJ] — ”##%,” and NN — »4% il .” By combining and tallying such information,
we are likely to derive ITG productions such as NP — [JJ NN ]; JJ — “positive/##%” and NN —
“role/E 1.” Here, the square bracket pair, “[“ and “]” signifies that a straight synchronous nominal
share between English and Mandarin Chinese. Similarly, we would also find out the inverted
prepositional phrases like PP — <IN NP) ; IN — “after/#%> and NP — “its return/ & # &% where
“<“and “>” indicate cross-language inverted structure. See Figure 3 for more details. Additionally, the
occurrence counts of these straight or inverted structures can be tallied and used in estimating the
probabilistic parameters of the ITG model.

Intuitively, with rules like those shown in Figure 2 learned from a parallel corpus and a
monolingual treebank, we should be able to extend a CYK-style parser to derive bilingual parse tree as
shown in Figure 3, where the symbol ™ indicates word order of the subtrees in the target language is
inverted. According to the theory of ITG, the probability of a bilingual parse tree consists of the lexical

translation probability and the probability for the straight or inverted production rules involved.

S — (NP PP)

NP — [ NP VP]
NP — DT NP]
vP —[vp vP]

vP —[10 VP]

vP —[vP NP]
NP —[JJ NN ]
PP — (IN NP)
NP — [ PRP$ NN |

Figure 2. Example grammar rules for the sentence pair.

The rest of the paper is organized as follows. We review the related work in the next section. In
Section 3, we describe the steps for learning synchronous grammar rules in the form of ITG and the
association probabilistic estimation. An implementation of the bottom-up CYK-styled bilingual parser
based on ITG is also described in Section 3. Reports on experiments and discussions are covered in

Section 4 and 5, respectively.
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NP P
/"—‘---”--_--— T T— — -\\'\

NP VP II|\I/ NP
D|T N|P \f Vp after PR|P$ NIN
These factors will \lp’ \\f ® its return

T
3Bt B € continue T|() \ﬁ P Feiy: s B
T
%%ﬁ to VP NAP
|
¢ play DT

£ positive role
mE  {FH

Figure 3. A bilingual parse tree for example sentence pair.
2. Related Works

A statistical translation model (STM) is a mathematical model in which process of human translation
from one language into another is modeled statistically. Model parameters are estimated using a corpus
of translation pairs with or without human supervision. STMs have been used in various researches and
applications including statistical machine translation, word alignment of a sentence-aligned corpus and
the automatic construction of a dictionary, just to name a few. For this point of view, a better STM
cross language for processing is essential and fundamental for those applications.

Brown et al. (1988) first described a STM, or the alignment of sentence and word pairs in
different languages. This and subsequent IBM models are based on noisy channel which converts or
translates a sequence of words in one language into another. IBM model 1 can be trained using EM
algorithm: starting with a uniform distribution among all translation candidate pairs and ending with
convergent probabilities. While IBM model 1 does not utilize position information, the subsequent
IBM models take positions into account when modeling for the translation process. (take an
English-Chinese sentence pair for example, the first English word more likely translates into the first
word in the Chinese sentence)

Another model called Hidden Markov model (HMM) is designed to capture localization effect in
aligning the words in parallel texts. Vogel et al. (1996), motivated by the idea that words are not
distributed arbitrarily over the sentence positions but tend to form clusters, presented a first-order
HMM which makes the alignment probabilities explicitly dependent on the alignment position of the
previous word. Nonetheless, Toutanova et al. (2002) pointed out that word order variations (large

jumps) between languages seem to be a problem.
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Neither IBM models nor HMMs explicitly utilize any linguistic information. However, other
researchers have experimented with incorporation of part of speech (POS) information or
context-specific features into STM. Exploiting POS tags of the two languages, Toutanova et al. (2002)
introduced tag translation probabilities and tag sequences for jump probabilities to improve
HMM-based word alignment models in modeling local word order differences. Cherry and Lin (2003)
made use of dependency trees of a language to model features and constraints that are based on
linguistic intuitions. In contrast, our model which uses POS information and tree structures from a
treebank of a language to derive relation of syntax of two languages based on initial word alignments
takes into consideration positions and linguistic characteristics such as word order and syntactic
structures.

Wang (1998) enhanced the IBM models by introducing phrases, and Och et al. (1999) made use
of templates to capture phrasal sequences in a sentence. While flat structures of languages beyond
words are being used in above researches, often researchers attempted using nested structures. Those
studies can be divided into two approaches according to whether they are linguistically syntax-based or
not. Either ways, both approaches try to model structural differences between two languages.

Wu (1997) described an Inversion Transduction Grammar to model translation. However, only a
lesser version, bracketing transduction grammar (BTG) with three structural labels 4,B,C and a start
symbol S, was experimented to perform bilingual parsing. Nevertheless, BTG accommodates a wide
range of ordering variation between languages and imposes a realistic position distortion penalty. In
other words, a system with structural-like, or hierarchical-like rules that specify the constituents and the
order of the counterparts in both language is good at resolving the word alignment relations within a
sentence pair. However, in their experiments, constituent categories are almost not differentiated, and
thus their influences on ordering preferences of the counterparts are not taken into consideration.
Consequently, very little syntax information is incorporated into the process of bilingual parsing. In
contrast to Wu’s experiment, we use regular context-free grammar rules in our experiments.

More recently, Yamada and Knight (2001) suggested the syntax differences in languages are
really a better way to model translation. In their work, the English sentence goes through a parser to
generate a full parse tree. Subtrees of each node are reordered, function words are inserted and finally
the tree is linearized to produce the target sentence. The parse tree of an English sentence is generated
independently from the target sentence. Although the monolingual parse might be correct, it may be
difficult to project the structures onto the target language. Instead, our model has grammar rules that
specify bilingual syntactic information including constituent labels and word ordering, which enables
us to extend a CYK parser to parse bilingual sentences simultaneously.

Chiang (2005) introduced lexicalized labelless hierarchical bilingual phrase structure to model
translation without any linguistic commitment. Since he does not assign any syntactic category to
hierarchical phrase pairs, the rules he obtain are not generalized into linguistics-motivated constituents
but anchored at certain words. These lexicalized rewrite rules specify the differences in hierarchical

structure of two languages without generalization. Therefore, the size of the grammar tends to be very
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large (2.2M rules). The rules do not represent some general ideas of languages such as word classes
like verb, noun, or adjective, but rather have to do with specific words. In any case, the word classes
like verb, noun, and adjective and the phrase categories like verb phrase (/P), noun phrase (NP) and
adjective phrase (4ADJP) would provide a more general way to reflect the parallel and differences of
languages. Chiang also posed the hypothesis that syntactic phrases are better for machine translation
(MT) and predicted the future trend of MT is to move towards a more syntactically-motivated grammar.
With that in mind, we exploit part-of-speech information and linguistic phrase categories to model the
syntactic relation between two languages, which is designed to have a higher degree of generality,
unlike Chiang’s lexicalized labelless production rules.

In contrast to previous work in STM, the proposed method not only automatically identifies the
hidden structural information of two languages but models variations of ordering counterparts within
them. Moreover, a much-smaller set of flexible context-free grammar rules obtained from a very
large-scale parallel corpus. Syntactic information indicated by those rules is exploited to parse bilingual

sentences.
3. The Model

A promising method for learning to parse a bilingual sentence using Inversion Transduction Grammars
is based on training on a monolingual treebank and a parallel corpus. We project part of speech
information and syntactic structures from a treebank of source language onto target language based on
initial word alignment results of a parallel corpus to obtain and estimate the probabilities for ITG rules.
During the projection process, word order relationships (straight and inverted) of shared syntactic
constructs between two languages are identified and modeled. At runtime, the derived ITG rules drive a
CYK-style parser to construct bilingual parse trees and hopefully lead to better word alignment results

at the leaf nodes.
3.1. Problem Statement

The model is aimed at statistically derived ITG rules with probability and making use of those rules for
bilingual parsing and word alignments. We focus on the process of bilingual parsing which exploits the
syntactic information such as shared syntactic structures and word order relationships in two languages

using a parallel corpus and a monolingual treebank.

Problem Statement: Given a sentence-aligned corpus C ={(r,e,f)| l=srs n} where r is the
record number of the aligned sentence pair (e, f ) and n 1is the total number of sentence pairs in
parallel corpus C, and a grammar G = {lhs — rhs | lhs — rhs is a grammar rule on E side} derived

from a source-language treebank, we extend G into ITG rewrite rules for bilingual parsing.
For the rest of this section, we describe our solution to this problem. First, we elaborate on our
training process for learning synchronous context-free grammar rules in the form of probabilistic

estimation for ITG rules in Section 3.2. Then, we describe the implementation of a bottom-up bilingual
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parsing algorithm based on ITG in Section 3.3.

3.2. Proposed Training Process
I

a sentence-aligned

corpus C
P a treebank

corpus G

on FE -side

word-aligning

strategy

projection

probabilistic
estimation of CFG

rules found are

initial word

alignment result

calculated

\/

Figure 4: Flowchart of the proposed training process.

The training process can be illustrated using the flowchart in Figure 4.

Given a sentence-aligned corpus C = {(r,e, f )| l<r=n,eandf are an aligned sentence pair}
where 7 is the record number of the sentence pair and » is the total number of sentence pairs in C,
a source-language grammar G, we map part of speech information and syntactic structures of source
language onto target language words using word alignment result. During the mapping process, we
exploit occurrence of syntactic structures and the differences of word order of the right-hand-side

constituents to estimate probabilities. The proposed training process is elaborated as follows.
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Table 2. Outline of the training process.

(D) Tag source-language sentences and segment target-language sentences
(Section 3.2.1)
(2) Apply a word-aligning strategy to obtain word alignment result
(Section 3.2.2)
3) Apply the algorithm of projecting linguistic information of source language onto target

language and estimating related probabilities of grammar rules found

(Section 3.2.3)

Table 3. Lemmas and tags for English sentence of sentence pair 193.

position ( 7 ) lemma ( e, ) tag( £, )
1 these DT
2 factor NNS
3 will MD
4 continue VB
5 to 70
6 play VB
7 a DT
8 positive JJ
9 role NN
10 after IN
11 its PRPS
12 return NN

3.2.1 Tagging and Segmenting

In the first stage of the training process, for every sentence-aligned pair (e, f ) in corpus C, we tag

sentence e using a POS tagger and generate e = (e1 .8, e ) with tag sequence (tl N AN ),
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where e stands for the i" word in e with m words and ¢ stands for the POS tag of the word

e. . Further, we segment sentence f  to obtain ( fof e f ), where f] stands for the jth word

in f with n words.
Take sentence pair whose record number is 193 in Figure 1 for instance. Table 3 shows the
lemmatized and tagged result of the English sentence, while Table 4 shows the segmentation result of

the Chinese sentence.

Table 4. Segments for Chinese sentence of sentence pair 193.

position ( j ) segments ( f )
1 e
2 [
3 %
4 =t
5 et
6 e
7 e
8 Eigid
9 T
10 TEM

The POS information of sentence e will then be projected onto the target language based on
word alignments described in next subsection.
3.2.2 Initial Word Alignments
In the second training stage, we obtain a word-aligning set A for corpus C by applying any
existing word-level alignment method.

For notation convenience, we use 8-tuple (r,il,iz, Js jz,L,rhs,reZ) to represent that substring
pair (el_ e f e f ) in sentence pair » has L — rhs as the derivation leading to the bilingual

structure and rel as the cross-language word order relations (straight or inverted) of constituents of
rhs . The right hand side, rhs, can be either a sequence of nonterminals or a single terminating

bilingual word pair and the word order relation, rel, is either S (straight) or I (inverted). Followings
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are some examples using the 8-tuple representation. The tuple (193,1,2,4,5,NP,DT NN ,S) denotes
a straight bilingual noun phrase (these factors,i& ¢ 4%&4) in sentence 193. Similarly, the tuple
(193,10,12, 1,3, PP,IN NP,I) denotes an inverted prepositional phrase (after its return, &% &%
#%). The tuple (193,8,8,9,9,]1,positive/#8#%,S) denotes a terminal bilingual adjective (positive,##&)

which can be obtained from word alignment result.

Table 5. Some alignments after applying a word-aligning strategy.

# of sentence pair i J e f, L
406 10 5 in 1E IN
406 11 8 overseas NSZYN JJ
406 12 18 Chinese o JJ
406 13 10 community & NN

Further take word alignments of the sentence pair specified in Table 5 for example. A would at
least contain entries like (406,10,10,5,5,IN,in/ % ,S), (406,11,11,8,8 JJ,0verseas/ % 41,S),
(406,12,12,18,18,JJ,Chinese/ *F B,S) and (406,13,13,10,10, NN,community/#: & ,S).

3.2.3 Algorithm for Probability Estimation
In the final stage of the training process, we map the part of speech information and tree structures
available in treebank of language E onto language F based on word alignment result.

We exploit following algorithm to identify syntactic structures of £ and model the syntactic
relation between E and F . The resulting ITG grammar will then be used in a bottom-up CYK parser
for parsing bilingual sentences.

The algorithm begins with a set H initialized as word-aligning result A . Then recursively
select two elements from H . If these two tuples have contiguous word sequence on source-language
side and exhibit straight or inverted relation between source and target language during the mapping
process, a new tuple representing these two is added into H . In the end, we exploit the occurrence in
H to estimate following probabilities: P(L — [R1 R, ]), P(L — <Rl R2>) and P(L — t).

In this algorithm, we follow the notation described in section 3.2.1 and use |W| to stand for the
number of entries in set W, count( p;Q) for the frequency of p in set Q and & for the

tolerance of straight/inverted phenomenon within source and target languages.

Algorithm for Probabilistic Estimation
H=A
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If (i, =i, ~1)
Forevery L' — L LEG
If(j,+1s/ <j,+0)
H=HU(rii, jy o L L Z,S)}
If(j,+1sj <j,+0)
H=HU{(r,iI,Z,J_‘],jZ,L',L Z,I)}
If (i, =4, -1)
Forevery L' — L LEG
If(j,+1sj <j,+0)
H=HU{r,Z,iz,]_'l,jZ’L’,ZL,S)}
If(j,+1s/ <j,+0)
H=-HU r,Z,iz,j],J_'z’L”ZL,I)}
For (r,il,iz,jl,jz,L,rhs,rel)EH

If (rhs = t)//t stands for terminating bilingual word pair

Count((*,*y*a*s*sLaRl Rz’s)’H)

P(L—[R R ])=

[H]
P(L—><R]RZ>)=Count((’ s 9 9 sy 29 )a )
H|
Else
f ok ok sk ok .
P(L—>t)= count(( JE R F ,L,t,S),H)
|1
Table 6. Some alignments by applying an aligning strategy on corpus C.
# of sentence pair i J e, S

1 1 1 solemn HEE
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1 2 2 ceremony (E5my NN

1 3 3 mark TGS VBZ

1 4 4 handover (B[ NNS
9 24 6 before Hil IN
9 25 5 midnight TR NN
62 12 5 provisional HEIRS JJ
62 13 6 legislative RVAZS JJ
62 14 7 council NN
249 2 2 will & MD
249 3 3 strive 5 VB

Consider the word alignment results in Table 6 as an example, the algorithm described above will
identity syntactic structures and model syntax relations of languages. The overall projecting process is
as follows.

Initially, for sentence pair 1, we have the following in A .

(1,1,1,1,1,J7,solemn/3¥f §%,S)
(1,2,2,2,2,NN,ceremony/{#={,S)
(1,3,3,3,3,VBZ mark/fE5E,S)
(1,4,4,4,4, NNS handover/[E]§F,S)

Table 7. Examples for the algorithm.

# of sentence pair rule entry
9 PP — IN NN (9,24,25,5,6, PP, IN NN,1)
62 NP — ADJP NN (62,12, 14,5,7, NP, ADJP NN,S)
249 VP — MD VB (249,2,3, 2,3,VP,MD VB,S)

After the first round, we have (1,1,2,1,2,NP,JJ NN,S), (1,3,4,3,4,VP,VBZ NNS,S). After the second
round, we have (1,1,4,1,4,S,NP VP,S) where syntactic label S means simple declarative clause in
linguistic sense.

Table 7 illustrates some derived grammar rules and entries inserted into H from sentence pair 9,

62 and 249.
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3.3. Bottom-up Parsing

We then describe how we implement a bilingual parser which makes use of syntactic structures and
preferences of word order within languages specified by automatically trained ITG rules.

We follow Wu’s (1997) definition of §_ (i ) to denote the probability of the most likely parse
tree with syntactic label i and containing substring pair (em ee,f. [, f) in bilingual

sentence (e, f )

3.3.1 Implementation

Given sentence e=(el,e2,---,em) with tag sequence (ll,tz,-~-,tm), its corresponding translation
sentence f =(f,f.,--,/ ), and a set of probabilities such as P(L —¢), P(L —>[R1 R, ]) and
P(L — <R1 R2>) associated with ITG, we utilize dynamic programming technique to find the most

probable derivation to parse the bilingual sentence (e, f ) . Basically, we try to calculate the value of

8400 @ ) and backtrack by using following three steps, where E is the start symbol.

Step 1: Initial step

5i_|,i,]_1,,(t,-)=P(ti_’e,v/f,) for Isismil=sj=n
O ., (L)=P(L—>ei/fj) for 1sismlsj=snL—1t€EG
O, ..., (t)=P(z —>ei/£) for 1=si=mO0=j=<n
5‘-_1,,;]‘,'(L)=P(L_>e,v/£) for 1si=smO0O=sj=nL—1t€EG
8, . (NN)=P(NN—¢/f) for Osismils<j<n

Step 2: Recurrent step (bottom-up approach)

We proceed similar to Wu’s algorithm. However, we observe that the length of the translation of a
substring of source sentence should be bounded. We use the upper and lower bounds of lengths to
prune search space and speed up computation. Consequently, o ](i),6(>(i ) are calculated as

stuv stuv

below:
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1 t—s
If

ratio v-u

()= max { =[x, (o, ()

kEPK
s=S=t
usUsv

(5-5)(1=5)+(U=u)(v-U)=0
where PJ is the set consisting of possible syntactic labels for substring pair (eul e fo S ) and
PK is the set consisting of possible syntactic labels for substring pair (ehl e, fo o f )
Else

ol (z) = low _ probability

stuv

1 t—s

=
ratio v-u

6,/ ()= mac {P(i—=(jk))x0,, (j)xo,, ()}

s=Sst

If < ratio

usUsv

(5-5)(t=8)+(U=u)(v-U)=0
where PJ is the set consisting of possible syntactic labels for substring pair (eul e f o ) and
PK is the set consisting of possible syntactic labels for substring pair (eMI e, foo S )
Else

sb) (z) = low _ probability

stuv

Step 3: Reconstructing step

We exploit depth-first-traversal to construct the most probable bilingual parse tree for sentence pair

(e.).

3.3.2 Example Parse

Take sentence pair in Figure 1 for example.

At initial step, we would build the leaf nodes of the bilingual parse tree using probability like
P(DT —> these/ & %), P(NNS —> factors/ 4% #), P(NP — factors/4& 1), ---, P(IN — after/ %),
P(PP — after/#%), P(PRP$ — its/ % #), P(NP — its/% %) and etc.

At recurrent step, we find the most likely derivation of nodes using statistics derived so far. Take
nodes in Figure 3 for instance. We will derive (these factors, % &%) as a noun phrase using
NP — [DT NP] , an inverted prepositional phrase (after its return, & # W % 4%) using
PP — <IN NP) , and a straight verb phrase (play a positive role, 5 ¥ # 4% 4 ) using
vP —[vP NP].

After reconstructing step, the most probable bilingual parse tree of the sentence pair is
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constructed. Figure 3 illustrates the tree structures derived for the example bilingual sentences.
4. Experiments

Our model is aimed at capturing shared syntactic structures and preferences in word order between two
languages. The context-free grammar rules obtained in training process identity syntactic structures and
model relations of syntax of languages involved. These rules can be exploited to produce better
word-level alignments and most probable bilingual parse trees since syntactic information is taken into
consideration.

In this section, we first present the details of training our model in Section 4.1. Then, we describe
the evaluation metrics for the performance of the trained model in Section 4.2. The evaluation results

are reported in Section 4.3.
4.1. Training Setting

We used the news portion of Hong Kong Parallel Text (Hong Kong news) distributed by Linguistic
Data Consortium (LDC) as our sentence-aligned corpus C . The corpus consists of 739,919 English
and Chinese sentence pairs. English sentence is considered to be the source while Chinese sentence is
the target. The average sentence length is 24.4 words for English and 21.5 words for Chinese. Table 8
and Table 9 show the statistics of number of sentences in this corpus according to sentence length. For
monolingual treebank corpus G, we made use of PTB section 23 production rules distributed by
Andrew B. Clegg (http://textmining.cryst.bbk.ac.uk/acl05/). There are 2,184 distinct grammar rules.
The statistics of G is shown in Table 10 while Table 11 illustrates some examples of grammar rules

mn G.

Table 8. Statistics on English side.

sentence length number of sentence percentage

0~5 93,354 12.6%
6~10 118,513 16.0%
11~15 70,634 9.5%
16~20 66,431 9.0%
21~25 74,813 10.1%
26~30 71,902 9.7%
31~35 63,816 8.6%

36~ 180,456 24.4%
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Table 9. Statistics on Chinese side.

sentence length number of sentence percentage
0~5 146,957 19.9%
6~10 81,716 11.0%
11~15 72,870 9.8%
16~20 90,286 12.2%
21~25 84,802 11.4%
26~30 74,739 10.1%
31~35 57,347 7.7%
36~ 131,202 17.7%
Table 10. Statistics of monolingual treebank.
# of constituents on
# of distinct grammars percentage
right hand side
1 106 4.85%
2 418 19.13%
3 752 34.43%
4 553 25.32%
5~ 355 16.25%
Table 11. Example grammars in G .
grammar rules
VP — VB NP — DT ADJP NNS
ADJP — RB JJ PP — RB IN NP
VP —TO VP VP — MD ADVP VP
PP — IN NP ADVP — ADVP CC ADVP

NP — DT JJ NN
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As for word alignment, we used bidirectional ranking (BDR) as the word-aligning strategy in

training process, which means in a sentence pair, e and f will be aligned if

Jj = argmax dice (e,_ ., ), i = arg max dice (ep, / ) and dice (e,, ., )> 0, Wwhere sw is the

i-swsqsi+tsw J-swspsj+sw

winow size (set to 7 in the experiment), 6, is the threshold for dice (set to 0.002) and dice (;, I )

is calculated as

2x

link(e, )
‘link(;, )+ ‘link(*, ?)‘

where * is the wildcard symbol and e, f are words in language E,F respectively. Furthermore, in

estimating ITG, we consider only fourgram on English side, that is, entries (r,il,iz, Js jZ,L,det) in
H satisfy the criterion 7, =i, < 3. For the straight case to hold, the two Chinese fragments need to be
contiguous or have a function word in-between while they need to be contiguous for the inverted case
to hold.

Since the pieces have come to together, we follow the steps specified in Table 2 to learn ITG rules.
Table 12 shows some of the grammar rules trained and associated estimations.

Table 12. Examples of grammar rules trained and their probabilities.

L—R R, P(L—=[RR]) | P(L—=(RR)) | cout(L~[RR]) | com(z—(R R))
S — NP VP 0.0107950 0.0009212 145,421 12,409
VP — VP NP 0.0109561 0.0005481 147,591 7,383
PP — IN NP 0.0031136 0.0007793 41,944 10,498
VP — VP VP 0.0035528 0.0003922 47,860 5,283
NP — JJX NNX 0.0108844 0.0006971 146,624 9,391
NP — ADJP NNX 0.0148228 0.0008140 199,681 10,965

In Table 12 we notice that the adjective-noun structure has much more straight cases than
inverted. In other words, adjectives modify nouns in much the same manner in English and Chinese. In
general, the statistics suggests that Chinese, much like English, is SVO with only relatively small
number of exceptional cases.

Another point worth mentioning is that the overwhelming predominance of straight over inverted
is not observed in the rule of PP — IN NP. For this grammar rule, the straight cases like “in
August”, & N\ A1 and the inverted cases such as “before midnight”, “4~#& A~ are about the

same order of magnitude. Consequently, it seems that there is no decisive preference of translation
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orientation for prepositional phrases.
4.2. Evaluation Metrics

We evaluated the trained ITG rules based on the performance of word alignment. We took the leaf
nodes as word-level alignments and evaluate the proposed model in terms of agreement with
human-annotated word alignments.

We used the metrics of alignment error rate (AER) proposed by Och and Ney (2000), in which
the quality of a word alignment result A = {(i,j)}, where i, are positions of the sentence pair

e, f respectively and i, j = 0, is evaluated using

- |anP] |ANS|
precision = , recall =——— and
|A] Is|
AER(S,P;A)=1_W
|A]+]s]

where S (sure) is the set which contains alignments that are not ambiguous and P (possible) is the
set consisting of the alignments that might or might not exist (S c P) . For that the human-annotated
alignments may contain many-to-one and one-to-many relations. Furthermore, whether a word-level

alignmentisin P or S is determined by human experts who perform the annotation work.
4.3. Evaluation Result

For testing, we randomly selected 62 sentence pairs from the corpus of Hong Kong News. For the sake
of time, we only selected sentence pairs in which the length of English and Chinese sentences does not
exceed 15. From Table 8 and Table 9, we know the upper bound of 15 would cover approximately 40%
of sentence pairs in HKN. We manual annotated the word alignment information in these bilingual

sentences. The ratio of |P| and |S| of the test data is 1.2.

4.3.1 Baseline

We chose a freely-distributed word-aligning system, Giza++, as the baseline for evaluation. The
adopted setting to run Giza++ is IBM model 4, the direction is from English to Chinese same as our
model treating English as source language and the alignment units of Chinese are words not characters.
4.3.2 Word-level Evaluation

As preliminary evaluation, we examined whether syntactic consideration would lead to better
word-level alignments. Figure 5 shows some alignments produced by the system and Giza++ and Table

13 displays evaluation results on alignments of the test data produced by both systems.
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no single solution to the problera of waste in Hong Kong

e /Y BB MR THE & B— & BER T B BEY) RIRE TE & B— F5iE R

absolutily, no innocent personwi.l.lb’e pro/secuted ahsolutely , no innocent personw’illbe pro7cuted
ERLEA » %é\ssg\é l ¥ RIE /Y FREA » B SB EXZ E & ﬁéﬁ
fresh water cut inIvlong Kok fresh water cut inIvlong Kok

HA B & K HE TS A & & K #E TE

Figure 5. Alignments produced by our system (left) and Giza++ (right).

Table 13. Alignment results of the test data. Our system vs. Giza++.

Recall Precision AER F-measure
The proposed method 0.55 0.80 0.34 0.65
Giza++ 0.37 0.87 0.48 0.52

Table 13 shows that although the precision is 87% for Giza++, the low recall leads to high
alignment error rate and poor F-measure. However, our system with lower precision increased recall by
48.6%, which achieved a 29.2% alignment error reduction. From this experiment, we showed the
proposed model with ITG rules allows for a wide range of ordering variations with a realistic position
distortion penalty, which attributes to significantly better word alignment results.

Since the proposed model takes lexical and syntactic aspects of languages into consideration, the
proposed method can be used to improve an existing word-aligning system that utilizes few linguistic
information of languages. For that we evaluated the proposed method on top of the alignment results of
Gizat++, a freely-available state-of-the-art word alignment system. In other words, the C and G
corpora are the same as the previous experiment but we adopted Giza++ as the word-aligning method
in the training process.

Figure 6 shows some word alignment results produced by Giza++ with ITG and Giza++. Table

14 shows even better improvement than using the word alignment system along.
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with my budget I want to do three J.mportant things with 1y budget I want to do three iraportant things

?z%%:é:@ffﬁ?ﬁ ﬁ:é%ﬂ_iEII%Eﬁ # L BB E i BEX EI =6 £ BF
Kong mamtams free flow of inforraation Hong Kong maintains free flow of information

??E #EE Lﬂ# A B Zh TE HE RIF HER Ba h

international kite - ﬂymg festival to be staged on Sunday international kite - flying festival to be staged on Sunday

§% ELL Eﬁ{ﬂgﬁ é?ﬁ\" ’J /

Figure 6. Alignments produced by Giza++ with ITG (left) and Giza++ (right).

Table 14. Alignment results of the test data. Giza++ with ITG vs. Giza++.

Recall Precision AER F measure
Giza++ with ITG 0.58 0.87 0.30 0.70
Giza++ 0.37 0.87 0.48 0.52

The use of ITG results in significant improvement for recall and F-measure of Giza++ by 56.8%
and 34.6% leading to substantial alignment error reduction (37.5%) while precision suffers only
slightly (0.1%).

4.3.3 Phrase-level Evaluation

We further evaluated base phrases of the generated bilingual parse trees. We take into consideration the
correctness of syntactic label and phrase alignment of a base phrase. Table 15 is how we rated a base
phrase produced by our method concerning syntactic label and phrase alignment.

Table 15. Points of phrase-level evaluation.

syntactic label phrase alignment point
(¢ (¢ 1.0
o X 0.5
X (¢ 0.5
X X 0.0

The first row in Table 15 means that if human judges assess the constituent label and alignment
of the generated base phrase are both correct, it will be rated as correct (1 point). The second row
means that if the syntactic label is correct but alignment is not quite right, human judges will rate the

base phrase as partially correct (0.5 point). However, if the label is wrongly tagged but the phrase
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alignment is right, it will also be rated as partially correct (0.5 point). In the worse case, the label and
alignment are not quite correct, 0 point is given to that base phrase.
The average score of the base phrases generated by Giza++ with ITG was 0.82, showing that our

method produced satisfactory result in constituent label of base phrases and alignments in phrase level.
5. Conclusion and Future Work

Improvements of the proposed method and future researches have presented themselves along the way.
Currently, we only focus on CFG with two right-hand-side constituents. Nonetheless, in linguistic
sense, it is undesirable to divide the structure of (NP CC NP) into (NP CC) and (NP) or
(NP ) and (CC NP) in that it is an indivisible syntactic-meaningful construct. Therefore, one of our
future goals is to incorporate grammar rules with more constituents on the right hand side, such as
NP — NP CC NP, and their related probabilistic estimations into our model. Moreover, to make the
structures of the bilingual parse trees more complete and rational, we would include a meaningful label
for target-language words translated into no words in the source and grammar rules with the label in the
future. It is also interesting to see how produced bilingual parse trees would influence the performance
of the actual decoding process of machine translation and facilitate bilingual phrase extraction.

In conclusion, we have presented a robust method for learning ITG rules which specify the
syntactic structures and relations of syntax of two languages involved. The proposed method exploits
both lexical and syntax information to derive a structural model of the translation process. At runtime,
a bottom-up CYK-styled implementation parses bilingual sentences simultaneously by exploiting
trained ITG rules. Experiments show that our model consisting of grammar rules with
linguistics-motivated labels and preferences of ordering counterparts in languages produces much more

satisfying word alignment results compared with a state-of-the-art word-aligning system.
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ERRGEA SR aMEFNRITAMSEF
Bam ORI B X
B 3L A% K T AR B LA
e

Peter F. Brown% A 32 1 43t X 89 #% % £913% 4% (Statistical Machine Translation) » B AT#03Fay &
AR HEF Y RN A (Phrase) » #AFNAAH RGBS FCETUEIREHER 2
1 A HAn A3 B3k LB 2| REY 69 50 ™ B AT A ST AR 35 03 e B T AR SRR D ST ¥R AR w1t
BATIRF BB R EH AR PEREN FF @A — L RGFANR G FaIF£1E TN
Fhoiity o wRAZHEGFHFNEF > BEA AT FRTELBIIMMWGARLET YT
P oo BAERMNIL 0 JRAIIZ IR IEE Atk £403E (Fluent Phrase Machine Translation, FPMT ) #4#% %
A KR AR EHG T XEHELFRY © S BAE A B4 & (Corpus)fr 48 #4544 F 4 & (Search
Result) R 4% it An ey 38 & » BB & REET » ROV B YA B3R ek B & FE 213269 F X3
48 > HAAEEIBM Model 484 k4 » TR K eY@ s &h3E & » £ ALTE L 0 P B8F KA
&) 75 R AR T AR FHENE e R AL o

1. #HMH

Brown[2] 42 1993 5 $% i 2. 3% JR i@ 18 7 7k (Noisy-Channel Approach) 4 % ax#% % £91:E(Machine
Translation)#% » RAH MK BEFFOARETHAEA KT KT 5 BAK T A KRS 8E
(Statistical Machine Translation) - 34 % 1& % # S0 4R =A% A R840 04 7 ik » 1258 4 A 2 48 7 75 69 80
EH AR —tE 48 [ 4 B RE— 2438 A A (Word-based) » Bl 3L R & 42 M HEF RAGZFR K g8
BRE A ENBF @ wRA\DERNEMR > N SE ARG FEE AEHPFEATRE
A SEIR[20]) - R AEEES @0 & S EFEAARNFALS HARENEMR - BATAF AL
FERREMAMEEMY TR THROEAUE ML A KRB N T A )32 4 £[3][4][8]
[13][14][16][20][22][23] * 2k Ty > FATEAAAF B 64 P X0 BE AR % o7 ¥ BN 32 39 40 0 122 40 & 3% %,
BB RRRARY AT L T G Z 0 An M FEH A — S REALFE T
WPk Bk — T AMAZRINGFE R FAT UL EBGEIE AT B EER R R A BE e EE
BB R P B ARG TR -

WEEFAF ST E 0 4o KB (Rule-based) 89 #% 5 £03% ~ A7 F 7] (Example-based)
W9 %3F % iAo 43t K (Statistic-based) s B 8% - b > St KM BEEA BT RE A 9 — T %
B AT A AR % HFR[14][11][13]> 3948 & A& (Phrase-based) &4 77 7643 B 098038 50 4 £F Eb 439 4 R 8Y
FiEBERGLF MBIEAIRA RO T ERTRBRIF LM ZEFEL - RIESHR B TR
RARINFHA TS AR BRI E L RIRDHLERREFZRARGIL 8RR T R
— R REIEY 0 B AR TAE R A — 3 £ B34 FHEE A RS AR T RES
B FETUARDEENERT - EABrownT AR BBMF % M efEagis — L2y
BoRBEERETUEL — S RGFLERLY POEEFAR B FLNERAMH S - 2EKM
B RV ER Mo A3 BB RS L L A i A 0 B b SRR E R bR n Kk B EsE
(Fluent Phrase-based Machine Translation, FPMT) » #%03% 4438 48 Bk it — & 6938 394 > BRIB R
IO EBR&E R > HAITRE 695 b8tk 5830 A 7T LAF 2094 ® 820 893 & > H s tkIBM
Model 48 k4% » B ARG L B BT RV FHIEFEE T AR A EEG ARG -

WX E—HREF AR S EEAN TR R B R A XK B E
FOMMARAER  FZFARMAAREOF A FARAERE AR RGBT R FwEHE
BEBERMSY 0 RV F R[N A NIRRT A AR E > Ay E 5 F b Brownig H
IEANEFBROT - FEHRERUARKRART G ©
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k— ~EELE

English Phrase R
Translation Methods asthma guidelines
Manual Translation R G RIE &
Google okt ot JE
(http://www.google.com/language tools?hl=en) Fendah
1BM A
(http://www-306.ibm.com/software/pervasive/tech/demos/translation.shtml) | ™ A
SYSTRAN -
(http://www .systransoft.com/index.html) i
MojoLingo et JE
(http://text.mojolingo.com.tw/) % og 45 § 0 4t

2. AR XRREH

Brown 2] AB 4T THIT XM B8 T 5 AROKBHEPEFAEZHE N &
B ATENEAT R ¥ 3 F A 69 75 - Watanabe[20] % #2145 Brown ey # 55 #0385 85 > {220 % THER 05 ed
B NBAL o 48 A BB R R E R B4 0 4% A3 (Chunk) - MarcufeWong[ 13148 A T 5 &4 %
#7 (Joint Probability Model) R ERAX A& 4% % > 3 B 4F 35 A T A 643 o) &03% © (£1F803%
L & A## o Chiang [3]#A8H B E &R 2 EEFORA] > A ERZ T H EAHRRE
PR BARE R R R IR LA E B E03E 60 B AR o sbME AR £ a9 Pt R[SI[23 140 E M 35 40 A B 4 0 54w Och
[16]3% Yamada [22]% > 2580 T sA2A 4 A ENE B T MAH 4R A& R o FFIAIR AT R & 48 2
ERFAEAERGEM  EFE T TUREIAREARBERMATHY -

DB LG ARO ST AR BMERT OO T ERANRERL » BRAF E R EE3
#7 % (Parser) 2R 4% 43 35 7% 4 3| 47 £t (Parsing Tree) > Bie 3|47 8 & s N M T AR E0F 9 B 1F -
Yamada and Knight [21][22]2c % T —#& 69 83F A KB R F S AMAG T & IER 2147 5 >
RiREH 6) THALRBIIREHE - BILBITE 56T 2 L E M - dkeydiz > BFmEZY
MM EMILZ L T =A &K 0 5 5L EHPEF# % & (Reordering Probability Table) ~ 3 A F & #
£ % (Insertion Probability Table ) #& %13 #% % 4% (Translation Probability Table) & &y A 2|47 #1085
REHIBBITENHS AT EEE RERBLBEF S SFvagPENLnd
3169 =48 & # o DingFoPalmer[6] B A4k 64 > 4 7 U347 35 RIEBEHK 4% - 1142 1 B 5 41k
A %A B (Synchronous Dependency Insertion Grammars ) 2k 7 s F03F © L AR 0 40 H R
RIB ) EREBIPAT —E LR R Bl RIFAAHENSUERRIRE £ BB NEHKEHE - &0
BB E B UERA B A AR AR EEENE LY > LR e kR A AT
AR by Xk LR 67 #9:% B 7% (Grammar Induction Algorithm) » 3bi& Bk i B a9t TR IE ¥ —F832
T AR RBA R BB R A R EEMEE AR c U LM BN A BT &
E3E 0002 FAER T 3ER30H B4 T AR AEF AL -

BPAERBSXREOFT FEZHFRAGEREEE AT mEENLY > RMERFAS
FEF A o Koehn[12] #232] » w RFNBEHBE LSO THERSF > FEHHRRME T HE
Och [16]#k Venugopal [19]4F A 7 F) 84 7 7% RAEAF AT % B ey F B 2R e A St ey ik R
FEREE RTRASHEF AEHBBR > BIRMLBRE D —BH A REFBEFN LM - £
6 ik i AE B A o st X B 80E P BT 0 o RAE A B B RAT BB IR BB BN 0 7T LAY
JoEEE LY 0 B b RAFE R S04 B RIEAF R B EB B T EAFRME 2 EA
B RIMEHER  wRERALT FESWRALHE RasnBERARTEREKRS  RELE
REFORREM - AENPF I @ RMECRERFNEAEALAER AWEFT G LTUREY
BRI AARB R MO ARREE > BARATAREFEER - AT H & > BrownF AR
B KM P(TIS) KA PSIT)P(T) » B BP(T)T A#ARFAZ 2 69 BARE T AT AF A k035
&) > 42 & Foster [7T]42 £ A 83+ FP(TIS)e9%03F H KX > ™ B A£OchfuNey [15]89 BE & REEE » 4o
REBIFT A REILHPTNSFAFE e9EF LR > SRERAPSIDP(DAFARRERS, HEET
oo FFARAIR B s KA BEENEA > LR GPTNS M ey R PEARA
A 355 A R A A & sk (Word Sense Disambiguation) sy B #8 o i Xk €& 69 R R
AL ek B AR A R AR A F A BRI RARSARMRAREFNAEE &
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PIEFEEREERBRTEE S HRE  LRAWAFZELER P wRY > & EH#Brownit
B EFEEA TR RIMEIFEZAIFL T AT T AREREE - Fm A F LR =P
R -

3. AR Ak BEE

3.1 FaBmR

A OEHBRSOAEEET ERAEL B R 2B A B9 8 Bk B &8
RS PRABRIRIEE X4 89 F — F R LB BT X FE 4 LA B ARG o E
R AT K, o HRAVER ¥ 423 X EE A B (Stanford Parser ) [18]RE4FE £ 9354 - HE —
TAE R HRAER — BB MRA] > T B4 BT (Parser Tree) P42 5 o9 43338 304 89
Hw o TUHREINAHS ARG F A > floo 43648 - HEEa o NhEEa -

Dietary fat composition may influence remission in crohn's disease.

(BREBEWT AL 0 & % B 5L [ I W 2 %)

S
A
NP VP
ADJP  composition may VP
dictary fat influence NP PP
Noun Phrase Veéib Phiase" "
R el
x g |
remission 1 7m NP I
1
Noun Phrase 1 !
| crohn's  disease :
— 3 & B A Prepositional Phrase

Ding and Palmer[6]42 % 1% i R F] 33 2 893147 5 RIF2I MR EERE 9348 (2R F X
F@mc BAMRERZ RAFNIE > MAREZ T O3 EE AEHE L £ R > RER 4 F &) UE
A RR IR ) ARG AT A 0 AT AR R AR BAT AT T e A E R 0 SR K 3BIR A -

32 ¥ adasE
3.2.1 PR

FEBFARTY > EARAARIEAXEINMERAT X BLALREFA LT ATHME -
AR AEENSTRY KM EATEARF ARG BERGEA > RIERIFAFAAEMM TR L A8
HEEE - R PoE R XEREFESF > ¥ F A LR LA (Ambiguity) RE > #llw i EF
"bank" » T LAENZE AR RAT LT AEE AR IR A" 0 AT BRI LA R R — B ENE A L EAR Y
H3k A& 3 & H % (Word Sense Disambiguation) Fj#2 » & T MR F & MR > RIER#EE
K352 A (Language Model) » 18 7T BAARIE AT — 18138 Rk sk A8 a9 8903F -

FEBEEEA > BMLBARATE—EERNLAZNAHME > N — P XFAFA TR
RXFEHIBFAARE > 5 HBRAGBFEE > TEHEARNATEME LB =40
"intrastromal orneal ring" e &13% &k ¥ X 8% » 4% "intrastromal" $A & "orneal" & 3444 0 F @ % EAE G &
¥ EREEZA ) AL AAF R ER AR ATHME  BHREERAT XN 4 €L
BAE - R T ERNMEBERARLSE  RETHARAXERAWAR T X ELEIFRREES

' #2937 48 (Verb Phrase) & A% X ¥ 1£ % /& verb, adverb + verb, verb +adverb, stauxiliary + verb
9 FER R, o
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HEBEFER T X T BARIIY X §FAERFHAENE L AAALEEER > R
BHE B RBRANEE - THZ > 3t X ¥ F"composition"f& X4 F 7T LAE A&, LAR"
R o RENFE R AR BATT A REE RS R AR M A T MR g2 E(Lexicon
Selection) sy K28 @ H&AFE A #0933 2 A R AL BN —BE £ R E R EFENENE -

HE=ZTUER ARG "B RO OEFL B AR SR EER ) BILE
3 X ¥ 39 "composition" 8y AT — B X F A "B "EF 0 BB AELE T EFERARL" RS G A
R FFAKRMAABENE TR T, A TURAR S WHFERRERAE - KRBUEHRE
FER > BAVE T UF A X AENE R T XFE A PR T R EE X M eEASE B 0 BT LB ERES
Wy E R E RIS ENE -

intrastromal orneal ring

Phrase Translation _ _ _ _ _+ __________ .
| intrastromal orneal ring 1
1 Reordering in Phrase |
1 orneal intrastromal ring !
__________ ;——————————J
AR
B =~ AamERmE £ RE
dietary fat composition
Phrase Translation
I 1
! dietary fat composition 1
I I
I Translate L1 0 L1 |
| BRE R& Wy o N V) |
: l lexicon selection :
1 BR B RS AR BR B G W 4L AR, |
I 1
1 + I
I PUERB)P(BSBS |BR R)P(A 47| 5 ) > P(BRR)P(BE BH |8 )P(48 RIS BF) |

AR AR BE B R
B= - BER&nEnrxd R BEr8
322 HadnEay

FAPIIR 39 40 69 Kk 35 E0R AL AV SR Brown ik R ey R B B A7 H A2 A R K 2 3 P(T1S) K34 A&
PSIDP(T) > M &AM 2 By P(TI B35 > A A &b ey K&

c’ =argmax P(C | E) (1)

BAVE R 9803 A B L B AR XF B TSI ASHSREARME R0 E
#hoo NSt > AKX T RIS -

C* =argmax Y. P(S| E)P(C|S,E) @
c S

NRQ)F o HAIE G kAR R BRI B (Stanford Parser) MAEAF 3 X FE M > MR
WL A RMEG —AEAEHES UL ERR - BIFAXFAEHE  BETRALZEZHZLEFS
EHENIF 0 BLHMIALHMRETE—ERNARE P XLEERZAENIFHHBEME
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C* =argmax P(S | E)P(C|S,E)

c

=argmax P(S | E)X P(R|S,E)P(C|R,S,E) )
c R

RGP RIPEEREG AR AUBEEER > RGBT A5 R =18 E 23
% 51 BP(SIE) ~ P(R|S,E)SA B P(C| R,S,E) > Fir LA S5 AP H5 4% B 80328 A 9T 5 iR = R340 R AR FE &A1 84
A SR AFAEABANPSIE) s EMPFEAPRIES) AR AEFFHLAUP(CIRS,E) - &
B3 X R AT R A E R AR AR -

WAEEN U —ERAABMARLEFERNRAXER HILRA X EENARaPels
ME - BARIFAIERT X ERAMMBELEAAMEIL - P ainE R L4HE —ERax
REF OBARAAELRCAEPXTEMEPHME > MEETNER AR IR TR AN BE A
DA RRFI AR RAAFEFANME > REAKXQG)H[ATEHRA - RATTUERY
w% o B pb e AR A A

P(C|R,S,E)=P(C|S,E) )

FEEAERABAT > A BORERLPC|S,E) » £ PCR P x4 ER¥#XH S
REXHF AL RMBR > wRERAXDEABIERTXOCR—HRBHEGHE > AL
KAVFI R B4 BB R A 4 4 TER A Y AR AR A B R A e R RS
6 0 W IR PR B S AT SRR AR P 3 B A K (S) ¢

P(C|S,E)= P(C|E)

= P(sc1,8¢2,++,8Cn | S€1,5€2,+,5€m) 5)
= [[P(sc|se)

sceC

seeF

schHERT X8 FCH T XHF W se LEANFE X8 FEE £ 3838 B R34 B33 09 1 3
WL FXE B R A M TRIFANEER T XF A% 2R F0Ee
RAEHEA » T AR 2EER P X -

B4 AR A P(sclse)st B @ Frid sl P X3 @R — 2 AAEE > RARIEEFX G4 H
FHBZOPAE PAAEBEMFNEREF—ERBE P XF A - F:8 R K EFBIIP(sc|se)
AR 5,3
P(se|sc)P(sc)

P(se|sc)= P(so)

(6)

H ¥ P(sc) A A 355 B A 64 38 35 (Bigram) # & R AR & H s e 1A > B A
%ww@%@] SR ) - AR B 8RR 3 S R
X4 M AEE A A T X e 0 ARV RATE N 89 37 3L dse o AR (60) T a9 P(se)
B XA AME > HATHEEEFO P XNAMET > L —H6 > HUAKRMELEAX T H
P(se) ° Fx ik HA 8 B IRAF AR 6 P X FE e 0 A FE N X ERIE g

P(C|S,E)x [] P(se]|sc)P(sc) @)

sceC
seeE

e BA T R Ao AT Plselsc) B8 i ffE 09 b X dasc = B T 45 B R4 36 033 fasety F X3
ascEnE > KAVER RERE LR RTIS - (=) EAEFRE Plse, |s¢;) > H Pt F X3
fsc o 58 P X 0 se, R Ksc A SHEAL Baty LT AT H BRI 6 X 0 R (=) w EHE
W Pallm) » R PR xF@GRE  mEAXFAGRE  aRRAZRET > Px@R
XCHIE B B 3 o ARE b @ e R o ARATT T LA P(selsc) He AR

P(se|sc) = P(ay..a, | DI] P(se, |sc;) (3)

B 2 b 33 4 A g 3 303 e o b3 SR B G 0 T A SE SO e b 3 4 R B R — i —
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BB 0 R R e RE IR P O e R AR AR F 4 0 B AN RAE SRR A
MeyRE o ARIE LM o HAT 63 A BN BT S Fg
P(C|S.E) o TT {Play..a)| DI P(se, | sc)P(sc)} ©)

sceC
secE

AP L 3L 3 48 < intrastromal corneal ring> £ &13F & P X FA<A B R EB>AF > K4 HA
FEE AT
P(se| sc)P(sc)
= P(intrastromal cornealring | & B 38 3B )x P(A B 8 38)
= P(213|3)P(corneal | / }£) x P(intrastromal | # &) x P(ring | 3%)
x P(AB)PGRH | A )< PCGR | X H)

3 X Fcorneal i @I WAF R K — b XEFFEA<ABE> > KX AT IRAAR T T A3 H T3
P(corneal |/ B2)eg #s &4 » 4k Sb3E 3k % 9T 4% | P(intrastromal | %) & P(ring |3%) - B A<A >~ <
AE>R<B>PXFH RARGHINEEGMA ARG P XDaHE AAMAELSFIFHEA
AWM BEAE AR BEAAIREARCH L4k 0 RIE B S B8 (Bigram)# F v A3t B b ¥ X
WEFAA T ENKE -

3.3 Mgt

33.1 PIAERH

LB 2 EEEAAN R TREFPXEFNRE kP XFasRnXFavniEng
B B EFEFZ > AR EHT ARG T AL T XE @0F o 225 T UL T XFHEH A
—E R BT UMEFEFER N T XFE A IR MR c A XEER T XHBET LB G
AN— SN E R EFMEFE ARY AmBLEg—RIERGHRARAIFA AT MAATHAL
G o PRI B EEREE R E S FE LA L3S R a T RS
BR A ATABRIIE Rk SEEARE T —RARt i ERBF R FEAXFATHF
F T LIBF Ao NEER P X AT o AT AR X BT E LR T AN A Kok
RARAEF RGP -

HAVER RAEFN AN E TR BHEZLEUAREBNFZTEREE - ERABNES
BHh@m- d 9 5] F T LA R 3% 303 4 "cardiovascular outcomes data"do 3 35 B3 5 35 £913%
FREAFH P XEmA" ChBERER AR A TUmE R EAENER X TUFME
B FR " FTER ARG R hE T RMEROEH LR CHFTLEREH RSB
ATREES

R o (BB R B MR A L 0 s B R KON IR 0 R BB B PR 2iE
B EBAIVE B AR LS BG M E o A TH RN RMAREARMEERRER - B ReYR
X # 4 "dietary fat composition"#03E g ¥ X F L A" SRR ASHI R Y"  HEAEH RN > RMER
EHRFBEGE T A BbFAEARERERKX B MwE - EREBHELER  RMERL
"ERR" AR BE R Z T B e NP SUFRE" P ey e AR ey " AR T aY BE BT A BE R A
Ny " R B " B AR -

cardiovascular outcomes data dietary fat composition
N 25 = )| é}‘;%ﬂ%%ﬁi/}?\
& B AR B
e e E— Voo,
— Fluency F oy (:] Search
E> 77 @ &) ] % """""" ' Result
[ BB BB AR

INEX R kg

B v ~ 354 N Ao A 3E) & (15 A 3R R ) B &~ 3547 A (1A 488 R R )
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33.2 Bt F ik

T @B RTF AR FEM SIS RHERN AN IR Ak B R AEHES & &K
o4 — M8 E etk F AKX > AR B Rtk & 7T M An 6 R WA T AT An AR P 303
FZ (e, cin) > AR T

Plalc;ci)=2Palc, e, w)xP(wlc;,c) (10)

P(ac;, cii,w)st B3 2 Re; > o T BAAEA T AvElwig % > P(wlcy, )i B RE Z e~ co & T
P N — B M AudElw o d Bl 5 T A X IR 0 Hd T A3 4k 2] cardiovascular & outcomes 7 v A
8 i AR < ey > 2 A% A4 Bp P(5 @ Y | outcomes, cardiovascular) © B %% & % X E132 P X
ol R L A G A S RANEE > B LRI BRASEZSL B — P X
FHECEHE— KX e #Pefe)= 1 Rk a K G

cardiovascular outcomes

| |

3 fn B FEuwy #XR
Bl ~ o 10 Ak B
P(a|c;,c;)=Plalc;,ci,w)x 2 P(wle;,e.) (11)

P(alc;, ¢.)35 7T sA4E B P(wle, ei.)) BA B P(alc, ciw) Rt B - KRB E R PIIEARAEERT E S
NBSHFE R - PWley, e ) A RFTEAEBHNE T AR —kF % F HREEH e 2 M 5 Pdc,
cW) A RFT H Ao Z Ml m Awik o IR E > &3 EP(dlc, ci,w)B 0 BArT A A A 483834 F 5]
#Googlety /B MBI F 3 B RAE3 > B F ik T ¢

count(a,c;,c;_, wy

P(a,c;,¢;q,w) _ N
P(c;,c;1,w) count(c;,c;,, wy
N

P(a|c;,ciq,w) =

(12)

_ count(a,c;,c; 1, w)

count(c;,C;_1, W)

B FNK & Googlety i A 48 B # B » count(a,cici WK FEFFwha Ac; ~ ci F AR s e #R 69 3
& "cwe"(Bptri-gram) T LA F 2 69 48 B ZE 3L > count(c;,ci1,w) Bl Z ¢~ ¢ LA Rw = AB 38 ] B 3144
WEEH > HRMTAFE BB e A RWE AR ey 48 B P H A8 483 B tri-gram A7 46 64 Lu ] o 2L
3t X 3 48 "cardiovascular outcomes data" & 4] F > HiMEFFER G FXFAA " LE &R BH"
FERAARXNNDFE"ChB"UR"ER" "2 b E T hAM o -

Pa| & %, %) = P(Jr @ 44| outcomes, cardiovascular) x P(a | & F,~ fo %, 77 @@ t4)
count("~s . % F & 0 && R
count("vs S )" Ty d o', 4 R

= P(Jr @& ¥ | outcomes, cardiovascaular) x

% Pla| &R, 0o %) 9d AN PIEBMAE » M HAERE" T @ AL S aEF " UR"ER"2
o R "ER"UARER" LT AN " e N M g e P XA A" E T e &
FOEH" bR RATF EIFE AR -

ek 4B IR @ o B BB R e KON TRE] > AP B L AR B 04 4 39 9238 2 R 04 It e 3R AR AR
R PR A R AP P 4 e F 4 R R B RAVERAF 1B S i Ao 3E & o B £ P Ay 3% X3 4 "dietary
fat composition"#13E i ¥ X% A "R RS 0" R AR FER T AR "R "B
Z g Pay" s Bl P X E AR P B RS SR A AR 0 12 R R EH R PR
AR "R IR 2 P 3R AT R S 0 e RAE R BHE 0 A BRI NART R R PR A BRAN A SME
iy FERRE KRB S@ai % -
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BAZERA@EBYFTERAGCTRGAER  REZWBORAZTREREMEE P
(CLCy) FRITT Ao NFRE R o] > (54T F AR B ABIE - B AR ode S8 F X423 % 2
Googledy F 3| % » IR m 44 F 4 £ » K14 1% A Chien[4]#742 & 49 PAT-Tree-based &4 Bl 4235 #AE F ik
BHERFTHRARGFE RETURIFEZLE B A MEHER B EERE > BEE S ey zEE
—#e % 2 Googled F 3| % » E M3 F » BARRMIHT A 408 4 HsEFEZ M > T e LA — 18
Fit o 33 9 °T SAAE 40 AP] BB IE S -

dietary fat composition

QPhrase Translation
BB BE B AR

3
F1
L1 Fluency <:| Search Result
BRE P B9 RS AR

£ 4R R B F R AT &

BAVER T X ST "RR"(c)RB" ISR "(e)F AT & RRIIEA BSEF "RE B
"i#% £ GoogleBR = 44 F 45 £ » SR 4544 F 4 £ 4% FA PAT-Tree based B 4238 IR ik A R 8 5 89 F
XFE o BARA A RA AR BE I E e P X E AR AR B 693 0 Bl "R ()T IR
AEMBE o HREF B "BRAL" "R P F W T AE M A fE E | (x) ke """ A"
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| Number
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FANLELEY  MAEXERKXFGME > P& Rkt BREWEXFMAE LR B
BERARMENERR - AT — 7B MR RIINSE B E 244 > BATBLEURE » #3558~ 4]
48 A BIBM4A4E -

A F AN R (1)

|l-Gram—Precisi0n 2-Gram-Precision | 3-Gram-Precision | 4-Gram-Precision

FPMT || 0.6824 0.4831 0.3530 0.2605
1BM4 || 0.6803 0.4821 0.3595 0.2734
£ FEn I Ris T
| diabetes risk no significant differences
FPMT [ wameam REEMBEEEE
Reference Translation || Pk TR TR BAEBEER

E+ -~ BB RIS E L EZ AN AGILE R LB

|1-Gram—Precision 2-Gram-Precision | 3-Gram-Precision | 4-Gram-Precision

FPMT | 0.6870 0.4916 0.3656 0.2757
IBM4 || 0.6803 0.4821 0.3595 0.2734

4%+ — ~ BLEU & (F4am 3 imgit)

| BLEU
FPMT | 0.3638
IBM4 I 0.3407

B EBOERTER  EMREHBRY > TRIVERA L E LS ELRAFRAR RPN
B o BAT e ARG AT IAE R — e R ZRI R BT AR BER RS € RRIA - an
£ ABLEUI R Ac B €502 & R 9438 > RILBRIE A AT ERIF TR N EEE - KMKE
B EoR P AR M Fh H 1004) 89 %398 4 9398 ) A EE A AR A ALE A E R AT AT IRAS
A FPMT R IBMAFAT & & 6935 48 803% > LR B RIB A 7 A FEMHE S w8 7 5452 980 8 R > ok

364



TERAERER LA EOEERMET RELE > URSAREN - A+ B &R aEnF %
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Abstract
Many grammar checkers in rule-based approach do not handle errors that come
from various usages, for example, the usages of prepositions. To study the
behavior of prepositions, we introduce the language model into a grammar-
checking task. A language model is trained from a large training corpus, which
contains many short phrases. It can be used for detecting and correcting certain
types of grammar errors, where local information is sufficient to make decision.
We conduct several experiments on finding the correct English prepositions. The
experiment results show that the accuracy of open test is 71% and the accuracy of

closed test is 89%. The accuracy is 70% on TOEFL-level tests.

Keywords: Language Model, Grammar Checker, English preposition usage
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1. Introduction

Computer-Aided Language Learning is a fascinating area; however, the computer still lacks
many abilities of a human teacher, for example, the ability of grammar checking. Technically, it
is hard to build a grammar checker that can deal with all types of errors. There are errors caused
beyond the knowledge of syntax. For example, to overcome the misusing of prepositions, a
system requires more semantic knowledge.

There are three major approaches to implement a grammar checker. The first strategy is the
syntax-based checking [Jensen et al., 1993]. In this approach, a sentence is parsed into a tree
structure. A sentence is correct if it can be parsed completely. Another choice is the statistics-
based checking [Attwell, 1987]. In this approach, the system built a list of POS tag sequences
based on a POS-annotated corpus. A sentence with known POS tag sequence is considered as a
correct one. The last one is the rule-based checking [Naber 2003], where a set of rules is built
manually and used to match against a text. Park et al. proposed an online English grammar
checker for students who take English as the second language. This system focuses on a limited
category of frequently occurring grammatical mistakes in essays written by students. The
grammar knowledge is represented in Prolog language. [Park 1997]

We find that most grammar checkers do not deal with the errors of preposition usage. We
suppose that it should be hard to write rules for all of the prepositions. To evaluate this difficulty,
we introduce the language model into the grammar-checking task. Since a language model is
usually trained from a large training corpus, it may contain many short phrases with prepositions.

The Language Model (LM) is one of the popular natural language processing technology for

various applications, like information retrieval, handwriting recognition, speech recognition, and
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machine translation. [Jurafsky and Martin, 2000] [Manning and Schutze, 1999] An LM uses
short history to predict the next word. Word prediction is an essential subtask of speech
recognition, handwriting character recognition, augmentative communication for the disabled,
and spelling error detection. An LM can estimate the probability of a sentence. Therefore, it can
be a way to distinguish good usages from bad ones of English prepositions.

Figure 1 shows a general architecture of an English grammar checker. An ideal system should
consist of both rule-based and language model approaches. Linguistic knowledge of the rule-
based system is acquired from domain experts. Statistical knowledge of the language model is
gathered from training corpus by programs. In this paper, we design several experiments to

assess the ability of the LM on the preposition usage problem.

Sentence Checker

Domain
Knowledge

; Rule Base Language Model
User Interface i (English grammar) (N-gram model)
x Analysis

Input

Knowledge Training
Text .
acquisition
Y I N — -1 APV N F—— -
Learner Domain Expert

1 ! 1

1 ! 1

1 1 1
o E _—| f i Corpus

: 1 3 TN :

1 ! 4 % 1

! i '
R AP e

Figurel. The Architecture of a general English Grammar Checker
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2. Statistical language model

We briefly restate the notation of N-gram language model. In this model, a sentence is viewed as
a sequence of n words. The probability of a sentence in a language, say English, is defined as the
probability of the sequence.

P(w') = P(ws, Wz,..., Wn)
That can be further decomposed by the chain rule of conditional probability under the Markov

assumption.

P(W,") = P(Wi) P(w2| wa)P(ws | W)...P(Wa | w™)
=P(w) [ T._, P(we|wy™)

Since it is not possible to collect all the history, a prefix of size N, as an approximation, is used

to replace each component in the product.

P(wn | W) = P(wn | Wy

Usually, the N is 1, 2, or 3, are named as unigrams: P(wy), bi-grams: P(wy|wn.1), and tri-grams:
P(Wn| Wn1W .2) model, respectively.

Next step is to estimate the n-gram approximation from corpus. The basic way is called
Maximum Likelihood Estimation (MLE), which calculates the relative frequency and is used as

the estimation of probability. For bi-gram:

C (Wn—an)

P(Wnan_l)= C(W )

And, for n-gram
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Cw™* w
P W) = )
n—N+1

where C represents the count of each specified n-grams w in the corpus. MLE works well for
high-frequency n-gram; however, no matter how large the corpus is, there are always some low-
frequency n-grams. The frequency might be very low even zero. Some zeroes are really zeroes,
which means that they represent meaningless word combinations. However, some zeroes are not
really zeroes. They represent low frequency events that simply did not occur in the corpus and
might exist in real world. When using n-gram model, we cannot assign a probability to a
sequence where one of the component n-gram has a value of zero. An alternative solution is to
smooth the probability estimations so that no component in the sequences is given a probability
of zero.

2.1 Smoothing methods

To cope with the problem of unseen data, several smoothing methods are developed [Goodman,
2002]; they can be classified as discounting methods and model combination methods.
Discounting methods adjust the probability estimators, so that zero relative frequency in the
training data does not imply zero relative counts. Model combination methods combine available
models (unigram, bi-gram, tri-gram, etc.) by interpolation and back-off. To our knowledge,
Good-Turing discounting, absolute discounting and Chen-Goodman modified Kneser-Ney
discounting are three of best smoothing methods; therefore, we use them in our experiments.
[Chen and Goodman, 1998]

2.1.1 Good-Turing Discounting (GT)

Good-Turing discounting adjusts the count of n-gram from r to r’, which is base on the

assumption that their distribution is binomial [Good, 1953].
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* N
r =(r+1)N—r+1 r<M

r
where N, is types of n-gram occurring r times, and M is a threshold usually smaller than 5. Note

that for r=0,

where Ny is the number of n-grams that never occurred. The discounted probabilities are thus:

*

r
Por (Wy...W, ) = W

The Good-Turing formula only applies to the situation when r < 5, and need to renormalize to
ensure that everything sums to one.

2.1.2 Absolute Discounting (AD)

In the absolute discounting model, all non-zero frequencies are discounted by a small constant
discount rate b. And all the unseen events gain the frequency uniformly. [Ney et al., 1994]

R J—
N, - By :ﬁer -discount _rate=b- K NNO ,

r=1

Where R is the highest frequency and K is the number of bins that training instances are

divided into:
R
K=>»N,, O<b<1
r=0
So the probability is
%b,o <r<R
pabs (Wl"'Wn) = —
p- K= N ,r=0
N-N,
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2.1.3 Modified Kneser-Ney discounting (mKN)

The Kneser-Ney discounting model is a back-off model based on an extension of absolute
discounting which provides a more accurate estimation of the distribution. Chen and Goodman
proposed a modified Kneser-Ney(mKN) discounting model. Instead of using a single discount
for all nonzero counts as in KN smoothing, the mKN has three different parameters, D;, D, and
D3 that are applied to n-grams with one, two, and three or more counts, respectively. The

formula of mKN discounting is:

i-1 _ C(Wii—nﬂ) B D(C(Wii—nﬂ))

Py (Wi [ Wi5.0) = i +7/(Wiij+1)PmKN (w; |Wiij+2
' > e )
where
0 ifc=
D(c) D,ifc=1
D,ifc=
D,ifc>3
D —1-2_ N Np
' N, +2N, N,
D, —1-3_ N1 Ns
i N, +2N, N,
D.=1-4_ M No
’ N,+2N, N,

and the gamma is a normalization constant such that the probabilities sum to one.
2.2 Entropy and Perplexity
Entropy is widely used to measure information. The entropy of a random variable X ranges over

what are predictable set T (words, letters, or parts-of-speech) can be defined as:

H(X) =~ p(x)log, p(x)

XeT
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Perplexity is a variant of entropy. Generally, the perplexity can be defined as:
2H

Entropy of sequence of words can be defined as:

H (Wl’WZ""’Wn) == z p(vvln) Ing p(\Nln)

W,"eL

Where p(W1") can be replaced by n-gram models.

3. Experiments

To assess the ability of how LM finds the right preposition, we use various sizes of training sets,
and three test sets from three different sources.

3.1 Experiment design

For each original test sentence, we make up some wrong ones, and then calculate the perplexity
of the test sentences. The perplexity is the measurement of how well the LM can predict the
sentence. The sentence with the lowest perplexity is the most possible sentence with respect to
the given LM; we assume that sentence is the correct one.

We conduct the experiments with the SRI Language Modeling Toolkit. [Stolcke, 2002]
[http://imwww.speech.sri.com/projects/srilm/] The first test set comprises 100 sentences that we
select from the training set. This test is regarded as a closed test. The second test set is another
100 sentences that we collect from various English literatures outside the training set. This is an
open test. In the first two experiments, we focus on only three prepositions: in, on, and at. We

fabricate the wrong sentences by replacing the correct preposition with other ones. The third test
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set consists of 100 sentences of TOFEL-level questions. We collect these sentences from TOFEL
reference books; they contain most of the English prepositions.

The training corpus is selected from LDC Gigaword corpora [LDC 2003]. The Gigaword
corpora are very large English newswire text collections. There are four distinct international
sources: Agence France Press English Service (AFE), Associated Press Worldstream English
Service(APW), The New York Times Newswire Service (NYT) and The Xinhua News Agency
English Service (XIE). The total size of the corpora is more than one gigabyte in word counts.

We use the NYT corpus as the training set. The training set sizes in different experiments are
different. For bi-gram model, we select the news of the NYT from January 1999 to June 2002 as
our training corpus. It consists of 351,427,489 words and is about 1.89 GB. We do not perform
any preprocessing and do not remove stop words. For tri-gram model, we select the news of
NYT from January 2001 to June 2002. This corpus consists of 156,896,511 words and the size is
about 856 MB.

Table 1 The sizes of the training sets for Bi-gram model

Training Set # of words MB
nyt200111-200206(8) 69865209 384
nyt200101-200206(18) 156896511 865
nyt199901-200206(42) 351427489 1890

Table 2 The sizes of the training sets for Tri-gram model

Training Set # of words MB
nyt200203(1) 9310195 52

nyt200203-200204(2) 18734690 102
nyt200201-200206(6) 52574963 289
nyt200108-200206(11) 97578257 537
nyt200101-200206(18) 156896511 865
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3.2 Experiment results

3.2.1 Closed tests

In the first experiment, we select 100 sentences from our training corpus as the test set. We
fabricate the wrong sentences by replacing the correct preposition with other prepositions. We
calculate the perplexity of the sentences with LMs and check if the sentence with the lowest
perplexity is the original one. We do not list the values of perplexity, since it is meaningless for
the closed test. In computing perplexities, the model must be constructed without any knowledge
of the test set. The knowledge of the test set will make the perplexity artificially low.

Table 3 and 4 shows the accuracy of the first test set on various LMs. In this task, the test
accuracy of bi-gram is lower than that of tri-gram; even the training size is doubled. The
accuracy for tri-gram converges as the size of training set increasing. In Table 4, we enlarge the
training corpus from 1-month news articles to 18-months news articles for the training set, the

test accuracy does not increase much. The mKN smoothing method gives the best accuracy 89%.

Table 3. The closed test accuracy of bi-gram models on various training sets.

Smoothing method
Training Set GT mKN AD
nyt200111-200206(8) 65% 65% 73%
nyt200101-200206(18)  65% 65%
nyt199901-200206(42)  66%
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Table 4. The closed test accuracy of tri-gram models on various training sets.

Smoothing method

Training Set GT mKN AD
nyt200203(1) 80% 86% 88%
nyt200203-200204(2) 80% 85%
nyt200201-200206(6) 87% 88%
nyt200108-200206(11) 85% 88%
nyt200101-200206(18) 85% 89%

3.2.2 Open tests

In the second experiment, the test set is another 100 sentences that we collect from the following

five English literary works: (download from Project Gutenberg Online Book Catalog

http://www.gutenberg.org/ )

1. Amusements in Mathematics by Henry Ernest Dudeney.

2. Grimm's Fairy Tales by Jacob Grimm and Wilhelm Grimm.

3. The Art of War by Sun-Zi.

4. The Best American Humorous Short Stories.

5. The War of the Worlds by H. G. Wells.
Again, we fabricate the wrong sentences by replacing the correct preposition with other

prepositions. We calculate perplexities of the sentences with LMs of different sizes and check if

the sentence with the lowest perplexity is the original one.

Table 5 and 6 show the accuracy of the second test set. The mKN smoothing method gives the

best accuracy 71%.
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Table 5. The open test accuracy of bi-gram models on various training sets.

Smoothing method
Training Set GT MKN AD
nyt200111-200206(8) 47% 49% 50%
nyt200101-200206(18)  48% 51%
nyt199901-200206(42)  47%

Table 6. The open test accuracy of tri-gram models on various training sets.

Smoothing method
Training Set GT mKN AD
nyt200203(1) 61% 57% 61%
nyt200203-200204(2) 61% 62%
nyt200201-200206(6) 67% 69%
nyt200108-200206(11)  68% 69%
nyt200101-200206(18)  68% 71%

3.2.3 TOEFL-level tests
There is a problem in the setting of the previous two experiments. We do not check if the
fabricated wrong sentences are also legal in the real world. Therefore, we collect 100 TOEFL-
level single-choice questions from pseudo TOEFL tests. Each sentence has a blank for a
preposition. Four candidates are available, but only one is correct. For example:
My sister whispered __ my ear.
(a) in (b) to (c) with (d) on

Then our task is to distinguish which of the following four sentences is correct.

My sister whispered in my ear. (correct)
My sister whispered to my ear. (wrong)
My sister whispered with my ear. (wrong)
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My sister whispered on my ear. (wrong)
We also train our LMs with different sizes of training set. We then use the LMs to calculate the
perplexities of the four sentences. The system regards the sentence with the lowest perplexity as
the correct one. The results in Table 7 show that tri-gram model with mKN smoothing gives the
best result even though the training size is much smaller than the one for the bi-gram model.

Table 7. The TOEFL-level tests accuracy of bi-gram and tri-gram model

Smoothing method
Training Set GT mMKN
Bigram model
nyt199901-200206(42) 53% 54%
Trigram model
nyt200101-200206(18) 69% 70%

3.3 Error Analysis

Table 8 shows a part of the test results that the LM gives wrong answers. The system chooses the
candidate with the lowest perplexity as the answer; however, in these cases, the candidates with
the lowest perplexities are wrong. We manually check these sentences and identify the necessary
keyword. We find that, to give the right answer, the system must refer to some words that are not
close to the blank. Such long-distance features cannot be learned in a short windows size of two
or three; therefore, the tri-gram model cannot give the right answer.

Table 8. Error examples of using the tri-gram model on TOEFL-level tests, where the
logprob is the logarithm of n-gram probability and the perplexity is defined as 107(-

logporb/ # of words in the sentence).
correct LM
No.  |Question choices  |answer logprob| perplexity| answer
1 among -35.5006| 343.367
It is sometimes difficult to make | -33.5936] 250.923 v
pleasant conversation ___ people |for -36.7712| 423.168
you have just met. with v -33.6707| 254.127
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2 of -23.0051)  751.007
to -23.5853| 887.482

I have no knowledge whatever |in -20.978)  419.037
___the sciences. on -23.8697| 963.202

3 of -16.5306|  2023.56
in -16.7524| 2241.21

with -15.1587| 1075.83

I'm bored staying here. for -16.5074| 2002.09

4 at -17.7392|  904.767
in -15.9947| 463.223

on -18.7051| 1310.76

He lives 144 Wall Street.  |by -18.3593| 1147.85

5 to -25.8146 738.4
with -26.2586| 827.221

We danced ___the music of  [in -25.5648| 692.674

Jimmy Dorsey's band. on -26.0885| 791.996

6 in -19.8675|  9408.04
on -21.0123| 15938.9

with -19.4143| 7635.85

Write your composition ink. |by -20.1884| 10906.4

7 with -30.8353|  635.642
of -28.7124| 407.583

In a short while, I'll be free ___ all|{about -32.6347]  926.383

my worries. to -27.3856| 308.745

8 by -16.5065| 228.069
in -13.9978| 99.9273

on -15.4607| 161.688

He stopped the car ___ the park. |to -14.4585| 116.279

9 beneath -15.0318  320.109
under -14.2876| 240.581

beyond -13.86] 204.171

That would be _ my dignity. |above -15.9486| 455.096

10 on -40.8443]  252.701
The fire began ___ the fifth floor in -39.2952) 204.872

of the hotel, but it soon spread to |at -41.4813|  275.47
adjacent floors. of -44.1101| 393.292

11 | The main office of the factory can |in -32.6532|  109.856
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be found ___ Maple Street in New |5t -32.1039/ 101.507| v
York City. on v -33.8979| 131.408
from -34.4493 142.26
L Conifers first appeared on the when 426762 699.972
Earth __ the early Permian or -41.3285| 569.158
period, some 270 million years |and -39.3227) 418.322) v
ago. during v -40.0914| 470.714
13 by -22.3606| 1564.51
on -21.2314| 1079.08 \Y;
She'll be here  about twenty |at -21.4576)  1162.45
minutes. in \Y} -22.4876| 1631.24

4. Conclusions and discussions

In this paper, we report the evaluation of adopting the language model on checking the English
prepositions. In our experiments, we assume that a correct sentence has less perplexity than the
wrong ones. The experiment results show that tri-gram language model can find most of the
correct prepositions. The modified Kneser-Ney smoothing method gives the best accuracy in
three test sets. Experiment results show that the accuracy of open test is 71%, the accuracy of
closed test is 89%, and the accuracy on TOEFL-level test is 70%. This approach has two
advantages, the first one is that it requires only untagged corpus. The second one is that it
requires no domain knowledge. Thus, the approach can cooperate with other approaches in the
future easily.

To improve the accuracy, the system requires more linguistic knowledge. Other feature-based
machine learning approaches, for instance, Maximum Entropy (ME) [Berger et al., 1996],
Conditional Random Fields (CRF) [Lafferty et al., 2001] are also promising. They can

incorporate more long-distance linguistic features that LM cannot. [Rosenfeld, 1997].
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The collection of linguistic features requires more knowledge engineering. In an English
grammar textbook of college-level [Eastwood, 1999], the usages of the prepositions are
addressed by rules and examples, as listed in Table 9 and 10. To cooperate with the rules, a
system requires linguistic resources to recognize the names of different entities such as countries,
regions, towns, and time expressions. Moreover, the system still requires templates of specific
usages. Table 10 gives many common phrases examples of the three prepositions: in-on-at (used
for place only). These “common” phrases might appear in the corpus many times. Since they are
short, they will be in the tri-gram model.

Table 9. Rules of preposition usage [Eastwood, 1999]
Positive and Negative Rules

At | 1. Use in (not at) before the names of countries, regions, cities, and large towns.
2. Use in (not at) with seasons, months, and years.
3. Use on (not at) before dates.
4. Without at before “an hour before’, ‘a week later’, ‘two years afterwards’
5. Do not use at to introduce a time expression with ago.
In on a day or date, not in

N =

in the morning/afternoon/evening’ but ‘the following morning’, ‘the next
afternoon’, ‘the previous evening’, etc.

When talking about how long something lasts or continues, use for, not in.
on/upon doing something, not in

made of wool/wood etc., not in

in is not used in expressions such as ‘the shop is open six days a week.” “He visits
his father three times a year.” ‘Bananas cost fifty pence a pound.” ‘I drove to the
hospital at ninety miles an hour.’

On | 1. Do not use a preposition to begin a time expression with next when the point of
time is being considered in relation to the present: ‘the next morning’, ‘the next
afternoon’.

a good/bad thing about someone/something, not on

3. When talking about a particular afternoon, use on. When speaking generally, use
in.

ook w

o

Table 10. Common phrase for in, on, and at [Eastwood, 1999]
Common phrases (place)
In | In prison/hospital

In the lesson

In a book/newspaper
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In the photo/picture

In the country

In the middle

In the back/front of a car
In a queue/line/row

On | On the platform

On the farm

On the page/map

On the screen

On the island/beach/coast
Drive on the right/left

On the back of an envelope
At | At the station/airport

At home/work/school

At the seaside

At the top/bottom of a hill
At the back of the room
At the end of a corridor
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