1. A8

B AE
o=

g col

£H St (chunking)2 2
Dgoz WAES Ut

OE S0, U8 NI2s 2dHEXL

i
jo
o
0

_le
ror
A
o
e

IG back-off HEISIQ & E |8t

E‘*-S—I‘Jﬁlf’—fm HEED is,'ﬂf
@
Korean and English Text Chunking Using IG Back-off Smoothing and
Probabilistic Model

Eunji Yi® Geunbae Lee
Dept. of Computer Science & Engineering, Pohang University of Science & Technology

2 o
WS XULA0IHI BOIA BEO SIBHE JIEH M2l HHZM SR8 AKE X
B0 UCH BHRO) SRAS0| HE JIZE ARSS A Il YHOILE I & JEE 018
2 2001 GRL0YCL 8 ESUANE SH I8 BNl @ %og &4 22)|Y 29g 0
S8 913 HYS AL &8 Il 2U H2ASHDX St T 000 Ciet 2 X
N S0IE N8 JISolic SNE TSR DYE 0l SRS HE JIE RE2A o
g8 4 UL T8 NE 2 SHE HZ6| A W22 Y & MK MBs= 16
=13

back-off HEtE HAME AAHN HEolt 2 =22 ZES HEE S5 Al2A&E 0
ot B=R012 SOI0N CHol AEs 20 HwR B2 72 YIUE &S3ASHT 2
ot 2E2 90.0%, 90.0%2 FEZE BALL

st SRstZ ol transformation-based
MESIH A FEES 0188

fr Jd
|0
HU
o X
HU

¥

o

g

o

O
fr 4a

learning

SH Dl U2 o2 BAEID 59 32
H &8 RHs FIR6L 0I5 A0 016t
A0IC Skutdt Brants= [4]0A HIBHE 200(9

o A2 Ml Ot2io 20| Ot=ZUAM =0t BE £ S X OIAN HMM HENS B grAlS Motst
otCt. AUCH £t [5]101 M = memory-based learning method 2

0l &2 031 20| U5 & £ ULk o|=st ':|‘°'12|- 2HOI Mot El A Ch. Ratnaparkhi= [6]

o[NP &2 Al 0t2l2 Z0I1[NP OHEUIAM][VP = OlA B BIOUAMS SRASE G maximum
CHoh [vp BE Kot entropy S OI St= S MAIGHRICH

Abney= [1]0IA Oledst BIAE CHRI3 WINES AgT2 =300l et D&EsS Sl 830 ©
NEEH CAHY ® SHAZ OIg6tE A0 R ?ISHE I8t Yo AUEE HAIGHACH7). 201
= ASE HAIGHULE Ol HAE &30 Bt A2 ASL[7]0] MAIS AREZ JHIOCZ s
=2 ¢ HAE ZHZ 8 JIXE MS3s0 AR SARE HRASt REES UHEN UG
SAM 20 =1 =T +F2 28 2H S0l O £ S 3OIRACHS]. 12iLt 012 22 #& DIt g
HAHE LS ’”Se* & UAEE HFI MR0ICH HE #32 2= O AN 2o Her skl o

BAE RS9 JRE HRES2 I 7E DI gt Ololet aiE HOUS Fxe S40 EHE 20 &
B 2toi S JIB o2 Lis £ UL = DEZ 02 HHZ2 stl=s o282 NG #7

FE JIg 22 ST HAE II5E R84 Z D\ S 0|8 AlAES /é‘ZOI NS Al
Bl REO0EIL O 2 ek #2SD M olg6t HoA ol2e FEN I HRUE B2 0d
= 2A0ICE Kupiec2 [2]01M HAIE O 2 & 0 Ol= &Y3sl 2 Mt X240 =0
9|

- 118 —

transformation-based learning[3] 0} 20l JI A& &S

SAP NI RE AEH transducerE Ol 25} 0ld8t 2M A2 Ramshaw®t Marcus)t HIAISt
ALt Ramshaw® Marcuse= [3)0IA ENZE ZEXI0

=



of RES XES 4Yols Y2 SYE

M2 ggeE sdl ks 3

—1> 0H1

c ==& QCH 2efLt  transformation-based
learning® 22 2E 70 HoH greedy searchE &t
Jl M20 &8 52 “ellsE 28 e
Ct.

-

2 =20Md= S ot YN =S RXEC
SN J1gt gge A3 DI Sl Blo) Maistl
X 8t SO0 Lt XIAl0l AUELZ M HI
LSt 78 @ 28 4l ‘EA'OM{E s 2
S ABE B2 AIAE0 e 2 B3 20l 0

=2 o

IO Xl aceg & 4 QUlis ZEE K,
Hel &= ¢l UAOMAMET  transformation-based
learning0fl BI8H AUECZ WEC=E 23T It
Ch.

=2 MM FAH2 USH ZCh oM 280A
= HA AlAE EHoH HAY5lD AAEHH HEBE
HE DY Y HES 20 CHaHA ZFEHCH 3
Me AH AlAEE 0188610 =202 Fog &

2lst &!%‘; +8igh AUE HOUCH AL R 4%

2 HMAIStCH

2. SIS AIAES

21. g 24
2 =20AM A8ot= gREE FI8 2E 22
2 Zhou?} [9101 A MIAISH 88018 REE J22

2 8t JHE AL
2| 3H(chunking) WHE FOUHE token sequence
G =g,8,..8, 0 ol JIE HFE C28 tag
sequence 1" =tt,..1,
== 5

o w JE A CHRI3  tag  sequence=
logP(T"|G!) & HU3 A= S98 ug

sequence® F Y& £ UL
log P(T" | GI') = log P(T™) + log — G *G1)._
PIMP(G)

2 MUA F HM termE tag sequence 1, W F

& token sequence G, 2t2 & Z T = (mutual
information)0ICH. T}" Wt GJ' 2ol &4&FH2ot G It
2t C9(3) tag £, S ASFE QS M g A
2O IEEM, & OA 26l 7" 0 G 22l 45
HED} 2t ¢2I3 tag 1, 0l CHAH SE0l2tD IS
Sl oS termS CHS I 2101 BEE £ UALCH
P, Gl z _P@,Gl)
gP(T YP(G]) I P(f YP(G])

g 2F¥st= A2Z FYshh

- 119 —

MI(T?,GY)=> MI(t,G)
i=1
210 LIBS & Al0) (Y3,
2 P,,G))
log P(T;" | G') = log P(T") + > log—1—12_
L ‘ Z P(t,)P(G})

=log P(T") - Y log P(t,)+ D _log P(t; | G})
i=1 i=1
A2 termEES X ES| MuHEst 20]

o4 OrXIS
Ct.

2.2. Term Estimation

2o A

Old UM g sd 4&H
log P(T" |G) =g AHaatl st =2t =
OE Harg AKX 24HEES 80

I 0l A9 H I term2 back-off bigram
model2 OIE56IH 2tcsl g = AT F HM
terme 2 SRS tag? HEQ logats ®F% OE
20182 AAl =80 2E > AL

OHX1Y term® :IAI’ WHOR M Zhou[9]= HIZ
ool BAL B, & fIXIS A BHOE JIE XE
2 =& XML ZAIY HL oEIX FII
HozZ REN EBADE= gag oA
2 =R0Ae XY termE 517 {18 BE
HIZ 22 EAEHD ¥ O #, & -‘:r’l)(l—l EM H
2 oFo & U JIXl BHEE 2F 0S8R
Zhou[9]2] &l 1.} Hlﬂo} =Ekels %—?—O{IUF ol
HEE NEZ deisis 200 oLzt 2 FR0
HHHE A= é‘_‘ 6!‘01 0ig8tlh= XHOIJH ULCH

0l 32 OIS term2 CHE1 201 HE =+

QULCH

> log P(t,|G}) =Y log P(t, | 8.8,
i=l i=1

l_JHU

= Zlog P@t, | pywiapiw,)
P

22¢
b B |

oL p,,w, e iHM PAXIS SAEHD, i
W 2AXIS HEE LIEHHCE

Zhou= [9]0IA O13IE XX Z=0 WA
OF THEIOI EEAIZE A0l Cioh 22 A=
A &9 EREE F0/J| RoiMdetn YA
oleig 2H EIOiIE OfE ZE 20 Ol X&E
ol ZeAJl= A2 A B2 85 2SIUE 0

28 AR N8 2F 2KM(data sparseness problem)E

ORIAIZ = ATE B T8 M8 2t 2 =
ULH =2 E-E—O{IHE Itz & =M S0
X0 012 2=o6H) IGHH OSHA &35ts
R 2 LEs gas 01SSHALCH

=¥



2.3. BES (Smoothing)

2X19 FAJIJF &5 3
X ¢S X (data sparseness
problem) % AL oldst 2HE cHZEdt
ol fich et HES HYHE d=8ols AT SR
GtLCt.
Hetslllle A & X 2 20l UCH &t
Add-OneOlLt Good-Turing 2t 20l count
E re-estimateSlE HAO|D, CHE diLl= Katz’
Back-off smoothingdt 282 Back-off type2| &S0
Ct.

2 =20ldEs JI2H 22 Back-off type2 EHE
gl ¥ sS ISR C Chen B Goodman2 [10]0H
A Back-off D189 HEZ A0 count
re-estimation A2 Ct LSS LRULCL

Ol2l = Collins@ BrooksJt [11]0 A 0I5
KA 2HAl Ol back-off HEHSH LAI0|CE.

L=

A

If f(x,...

ple| x,x)=

x,)>0:

flc,x,0x,)
f(x,x,)
Hseif f(X,.cs X, )+ o+ f(*,%5.0,
ple| 0 x,)

_fle X x, )+ + f(0* x50,

SO x, ) 0+ (R X,
Eleif ...

xn)>0:

x,)

x,)

ple|x e x) ==

Bseif f(X,% )+t f(5
plc| x,n x,)
_ fle,x ¥,

flx %,
el g BUA X)= =& COEHWA Xt

2l o} llHE XDP L}E}LF‘“ Sl OICH (v) HEAlE BE
WE, = wild card2 M RUCH

,%,)>0:

N+ .+ fe ¥, x,)
.+ (. %)

2014 912 Bete &

Zavrelll Daelemanse

[12]
401 RE NEEE2 =28 FT2 ER6HH =20
= Z0M SHE 222 £ USe zotd ol
g ZHOUAM fQ HEs L2L2EES  Naive
smoothing0|2t 1) S%ICH
HANOZ= U MNES0 st 59 =

QREE NHACHD BI1 KL Zavrelldl Daelemans
= (121014 Ol248t ZHE sHZa sl 2 K&

g9 ERTE HIlol)| fI8t L2 information

— 120 —

gaing OI&st= AE2 HgstE [E o
information gain(IG)E2 CtE Dt 2101 H 25t RAULCH
H(C)- ZVEV/ PMxH(C|v)
w =
/ si(f)

H(C)=-) . P(c)log, P(c)

si(f) ==, P()log, P(v)

£ ww Cce BF lojze BE, v [ 5
S9 Fars UEUN, HOE 8% Aozl we

ZU0ICH 2tE ASS & Hold ZEuAMe &
O piEz ﬁl&a’ £ QUCh si(p= BAE |8 ¢
(normalizing factor)0| Ct.

Zavrel} Daclemanse= 92 22 AI0f 2la Ha
&l 2t X+E 2| information gain(IG) a2 i K& 2
ZQ&et ¥, naive back-off €NEISHAS
sequence = & EREJN 52 XNEO WXes A
2 HAAIZACE Collins®t Brookse [11J0IAH A& A
O©F back-off sequence® FF=0O, 1 Bi=
Zavrelt DaclemansJdt 912 &0 2dl 23
sequence 2t E°'5“El

Il

Mt
0:
o rr g

S & AN

2 HI0AME f0 €38 HZ2el o
A A= #4916 back-off HESE
M2 #8290 s 285 860

0
O

o gy

k=13

=1y
|

=

E

3.

2
o

SUs ANAHOR 2A2 YOI S0 O
DRSS HEBIACH T 0l RE0 U Hlﬁ’a
BEo &0l LIBS 201Dl Ssh &1 B0

| |'0||

Ol2&d GolES Z—DIE 2 X0IoE eles XAol
AL Hds it 2 A0 O &8 &

CoNLL-2000 shared task[13]0l CiSt A5 HIF &3
2 HMAIE Perl script2 0I23HACH.

31 S0 o493

g0 oefse @8 OOolel= CoNLL-2000
shared task[13]0 A HMAIE 22 0I26HACH

8t& U =2X| = PENN TreeBank2 WSJ section 15
Ol A 18DFI|—J 4N section2F, & 211,727 ¢
2 0I120A ULCH

1

http://lcg—www.uia.ac.be/conll2000/chunking/con

leval.txt

ZCo-NLL 20000IM RAIE &8 LS BHS

GIOlE,

I & ¢ A¥ E, OOH &#8 &2

http://lcg-www.uia.ac.be/conll2000/chunking/ 0l

HIAIEI0f QUCH



HIL0| 0|2 & OIOIE = PENN TreeBank2 WSJ
section 2022 £ 4737702 U2 FHHE U
Ct.

CoNLL-20002| &+& 2L 2X19 Eot diols ol Al
NE ZEA BIES 2F Brill Tagger[14]18 S0 o
ME 20010 Ols gaRoZ LEXNN 27 U
Dol O XA B X AAEE S
B SIS E SEE O F0E SZ0 ok SA
EfD{Jt EHI2 SH5HH 28 5 b= 38 2
orgt HOILH

2 =20AHAT AF 45 Ot ZOotg ol
of M Z=0{H A= Brill TaggerS Z DO E AL EH
JE Ht2 0|20 U X0 sl EM EH
HE 012380 18 EZ5HX 24D FOHE BN
EIOE HIZ OI2F A2 AXM s A" THH

Hf

ol 452 HiWsI| ISHAlE Brill Taggerd] 2FE
102 o1¥et D AEats BO| SO0 YAHUI
mH20ich

ct2)s} Bl = CoNLL-20002) CIOIE O RIAIE
AEg met 1148 e 1S OISdULE

Ct22 OHAY term& estimationdt?l fofl 018
E‘ L‘ll JER RHEL0f CHol Naive back-off 2428 H
E 50 SEE 488 Z200ICH O Cloi
E10l| SEGHA YU UCP BIT1Y 2R s HIL
Ol ZTEAISIKI QUL

=213} .

tag precision recall P
ADJP 67.8% 63.0% 65.3
ADVP 76.7% 70.6% 73.5
CONIJP 38.9% 77.8% 51.9
INT} 12.5% 50.0% 20.0
LST 0.0% 0.0% 0.0
NP 90.0% 92.0% 91.0
PP 94.7% 94.6% 94.7
PRT 71.2% 79.3% 75.0
SBAR 79.6% 74.6% 71.0
VP 89.1% 90.3% 89.7
All 89.5% 90.4% 90.0
ZW & LSTY AL, It diolg Uiol & 58

S0 SRS %M, CoNLL-20000l MES Al
HE NS0 2R UASt WIE FUSIAC

IG back-off HEHS LAlZ2 MZ5}J) A6H0! OLX
9 term 242 FHO 018 Ul X HEL
information gain® & ZIE p,w., pLw, o
THaH 2424 0.22, 0.15, 0.41, 02101 ACH. Ol _JﬁH ot
& Q8 ANEZ 8 AKX M EH:la Elie]
back-off sequenceE HOIRUCHL ISR %‘ E=n)
OICH

In

- 121 -

ool 3

= t-:gg} precision recall Faa
ADJP 67.1% 62.8% 64.9
ADVP 76.5% 71.0% 73.6
CONJP 38.9% 77.8% 51.9
INTJ 12.50% 50.0% 20.0
LST 0.00% 0.0% 0.0
NP 89.93% 92.0% 90.9
PP 94.8% 94.6% 94.7
PRT 71.2% 79.3% 75.0
SBAR 79.6% 74.2% 76.8
VP 88.9% 90.3% 89.6
All 89.5% 90.4% 90.0

Jlg RRZ 0|88t Zhou[9]2 HSF precision,
recall, F-valueJt 2+2} 89.6%, 89.6%, 89.60| A& 1t
BIRsY S50 4 NS &g 5+ UL

Naive back-off HEZE 0188 2%
back-off HEHSIE OI88t Zi= HY XH0IJH &
HoZ UESC olXe Wl MHEY IG & XFOD}
é*EH’-‘iQé H)| MR MASCH £§ o Hxl

o EAM EHOE BX 2= backoff sequence2l &
8ta 2RI AJDF HIR™ I 20 He L}El'

1G

LEKl UQUS 0122, 48 sequenceE M2 A
=200 850 2 IS 01& > U/US A0I2E

CtS S CoNLL-20002 A2 50 AIABISES AE

Z10[Ct.

System precision recall Fga
ZD]J[15] 94.29% 94.01% 94.13
KM1{16] 93.89% 93.92% 93.91
KMO[17] 93.45% 93.51% 93.48
Hal[18] 93.13% 93.51% 93.32
TKS[19] 94.04% 91.00% 92.50

Hal[18]1} TKS[19]2} AL £ 0|42 AA"9
AUE 10 votingdte HWHE 0Z5ALHL

KMI1[16]2 KMO[17]E &HEt A2Z IIZHQ=EE
Z2 N2Hoz 2 3 UCH ZDI[15]2 3R JI=
ANA2"12 I &5 Jlgg 0188 2AS 01250
FINHOZ oE 2XE U6l SN AR
2101CH

201 MAIE AMARES 22 =& It OOl
E10l Tl S BUTES HAE As40 ACH 010
HIgH 2 =20 MAE A48 2UES REYSE 0
U EE P oY A2EE JEHE olgs A
OICt. 2t Zhoue IINAM FIHE2Z RXE Sl

o
chE

IlJ]



QEE LHG= HAS TUSAH HEE 2T
HAIBED U=, 2 25% I 85 gas B
Ch
3.2. St=20 ¢S

st=0{2 SR SHOH CHet aE2
http://bi.snu.ac.ke/~sbpark/Step2000/0l SHEI0 A=

I =R==1]

STEP 2000 dataset®} L2222 0I128tACH A Ol
OIE = 321,328 HOIZ OIRU&A 22, 0l & &
S5 243,334 EEHAS &5 LBIUZ 0|52 U
Xl = 46,337 SEiA= EIH0l OIESHALL 012
2 UM 9o =is Aol o188 A g5 2
As BII 0OIRE GI0lESl 2217t Hixs &
Ot SIS 2 XEE 2A0ICH MBI 0|8 AMAHE
g0 LSX0 sk &8 &S
Cte & 20l= 9o S8l o188 241 2& 35|
SastCh

g Bl OE 2SX0 L U=
NP, VP, ADVPS| U} JIXIE Ol88tAULCt

22 A2 termE estimationdt)! 2ol 0l
S Ul JFK AFEOl CHBH Naive back-off 24192 B

B3l S BH0l DRSE ~BE 2000
&2 8 .

tag precision recall Fgy
P 83.0% 96.1% 89.1
NP 88.2% 89.5% 88.8
VP 87.6% 93.8% 90.6
ADVP 97.1% 96.7% 96.9
All 88.4% 91.7% 90.0

IG back-off HEHS} 2AlS HE5H)] fIGHH Ot
o term 222 FFHO0 OIS U XN XEQ
information gain& & J= p,,,w,pLw, ol
CHBH 2+2F 0.26, 0.13, 0.33, 0.1701CL O3 OIE
M2l ©9IsE +8s Z2u0IC0H

ajgg} precision recall Fg,
IP 82.8% 96.1% 89.0
NP 88.0% 89.5% 88.8
VP 87.5% 93.8% 90.6
ADVP 97.1% 96.7% 96.9
All 88.3% 91.7% 89.9

S oo ER SRS BN M2 OI22Z2 ¢
O A8 20 FES| Huwdtlle o

recision, recall, F-valueS 2US M O

BE ROCIT MY & UL

STt E T A&

2_1
H
<
W
[P
=

-122 —

b
iy
i

1
Al
2

gl

K> 00 I o

oy 0
e
Do x
» i
o Jx Wi

2HE siZst0 [AdH ti2el I SSol

Gback-off HEHS BAE 0180tH 45

m o
-

WO x U2 Im
o @ > 4 10 M g

cone
& 0
O [oh

o Lo

=
o
kJ
i 10
4
30
im}

[11. Steven Abney, ‘“Parsing by Chunks”, Kluwer
Academic Publishers, 1991.

{2]. 1. Kupiec, “An algorithm for finding noun phrase
correspondences in bilingual corpora”, ACL 93, pp 17-22,
1993.

[31. L. A. Ramshaw and M. P. Marcus,
“Transformation-based Learning”, In Proceedings of 3rd
ACL Workshop on Very Large Corpora at ACL °95, 1995.
[4]. W. Skut and T. Brants, “Chunk Tagger: statistical
recognition of noun phrases”, ESSLLI-1998 Workshop on
Automated Acquisition of Syntax and Parsing, 1998.

(51. J. Veenstra, “Memory-based text chunking”, In
Workshop on machine learning in human language
technology at ACAI '99, 1999.

[7]. AEE, “AXH HUEHS P24, M 1
3 82 € =0 IE Hal = UEl, pp
242-248, 1999.

(8]. 20IY, 2AIX, 0158, “«AZHL AAESY
off Jigrdt =20 2247, M 278 FEHEE
2 st=liz =2¢&, pp. 327-329, 2000.

[9]. GuoDong Zhou, Jian Su and TongGuan Tey, “Hybrid
Text Chunking”, In Proceedings of CoNLL-2000 and
LLL-2000, pp. 163-165, 2000.

[10]. Stanley F. Chen and Joshua Goodman, “An
Empirical Study of Smoothing Techniques for Language
Modeling”, In Proc. of the 34th Annual Meeting of the
ACL, 1996.

[11]. M. Collins and J. Brooks, “Prepositional Phrase
Attachment through a Backed-Off Model”, In
Proceedings of the Third Workshop on very Large
Corpora, 1995.

[12]). Jakub Zavrel and Walter Daelemans,
“Memory-Based Learning: Using Similarity for
Smoothing”, In Proc. of the 35th Annual Meeting of the



ACL, 1994.

[13]. Erik F. Tjong Kim Sang and Sabine Buchholz,
“Introduction to the CoNLL-2000 Shared Task:
Chunking”, In Proceedings of CoNLL-2000 and
LLL-2000, Lisbon, Portugal, 2000.

[14]. Eric Brill, “A corpus-based approach to language
learning”, Ph.D thesis, Univ. of Penn., 1993.

[15]. Tong Zhang, Fred Damerau and David Johnson,
“Text Chunking using Regularized Winnow”, In:
Proceedings of ACL-2001, Toulouse, France, 2001.

{16]. Taku Kudoh and Yuji Matsumoto, “Chunking with
Support Vector Machines”, In: Proceedings of NAACL
2001, 2001.

[17]. Taku Kudoh and Yuji Matsumoto, “Use of Support
Vector Learning for Chunk Identification”, In:
Proceedings of CoNLL-2000 and LLL-2000, 2000.

[18]. Hans van Halteren, “Chunking with WPDV
Models”, In: Proceedings of CoNLL-2000 and LLL-2000,
2000.

[19}. Erik F. Tjong Kim Sang, “Text Chunking by System
Combination”, In: Proceedings of CoNLL-2000 and
LLL-2000, 2000.

- 123 -



