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& dx Zo] 430

90 @] olF @& Aot AyH & Gt v
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sle), 4938 93 sVMs E FEAZ T CoNLL-2000
dlolg] Zdtol 23 7MY BF EXE 7AW, B =70
AME BE d]&e] 71 ¥ NP, VP, PP, O & 18] U
Aoz atgtt 0 & AL @9 ¥A X & oA 47
B-X 8 I-X $2% Yol BX &= 94 X9 A3E&
e i, X = 99 X9 AL Jehdd SVMs 7} 9]
AEF EA A" 5 Qoeng 7 gAof tisiA
Z}zte] R H71E sgAACk . AU, svM 9] A ¢
e old B BFHNE g5A7E AR 4 ¥
F(pairwise classification) W22 &A= Fo] A%
o] g4 Forz B =RME FX9 3Ag AP

E 12 ENEFE A8 B =5oM AH2dE BAME
B AAeltt, o AAEL WY FAMZYH V|AH
o7 AAE F v FAFRE Feth

Stamatatos 52 EA Y E3 EX(style markers)S©]
Mz 8 £759 EME EFSAY Foir 49 A
AHauthon) & AF R BHsted AFHHoz AEHE F
AL BT ole 4 F7Q EAvG 58AYU ¥
AR BAZE J&e 3 B 12 BEARFE A8 A
£9 BAF zpalolth, 49 4 el AHLE 7 £H FH
(grammatical phrase)®] Gvit} A5 RolE=xE vehiil,
39 4 AY AAL 4 FAol Arivt AA 2APEAE
vebdich mEld, o Aot BME RE S0 Z

! hitp://lcg-www.uia.ac.be/conl12000/chunking

38

gtgg £ ey, 53] AU o2 Jebd U
FAME Alolol A= BFE A% o $- 222 Aol & 5
Sitt.
Feature Description

SF1 Detected NPs / total detected chunks

SF2 Detected VPs / total detected chunks

SF3 Detected PPs / total detected chunks

SF4 Detected Os / total detected chunks

SF5 Words included in NPs / detected NPs

SF6 Words included in ¥VPs / detected VPs

SF7 Words included in PPs / detected PPs

SF8 Words included in Os / detected Os

B L FAERES S8 AHEE FAER A (feature).
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o] BB Yt BE FFEL s HHE U5
of gt}
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2 & TFeIDF AR 712 8 /49 A AAS
8t} 3112] Support Vector Machine & #&A17 %,
2E g ARfo|t}, ‘Lexical’ & TFeIDF WO E SVM 2
FHEARST R é-‘—}"]*’ ‘Syntactic’.% T EME R 1
% Q"-"] RTEYE "o ¥F ZAjolol Reuters-21578 2
F2 10 7] EF O3, ﬂ@l’ﬁi% AHE-%E F 271 A
’gi% AHg-S BeRT TS FA et £,
T A4 bty 538 Hot ARG A9
o vl FdeAae] axgrst AL ?l?d':} ‘Earn’, ‘Corn’
% ‘Grain’ Em“'ﬂ AT FF FolFHE ¥, Unx] E
o daiA= A Mol K. ‘Acq EY disjA
= 238 e dse Btk olE Reuters-21578 &
2]7} FE2 BA EoklA FFd 71AE0)7] Wi, E
ol et E3 3 EAo) AL vehtA ¢y wield)

Class Accuracy
Syntactic Lexical Both
Earn 91.42% 95.09% 95.30%
Acq 78.21% 93.76% 93.73%
Money-fx 94.75% 96.15% 96.15%
Grain 95.48% 95.48% 95.51%
Crude 94.27% 97.00% 97.00%
Trade 96.45% 97.79% 97.79%
Interest 96.03% 97.18% 97.18%
Ship 97.30% 98.15% 98.15%
Wheat 97.85% 98.91% 98.91%
Com 98.30% 99.12% 99.18%
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718 24 v2 &A1 ¥, 33 A4 AN uie T
o] o & margin & #+ EFHV1Y 3L 2E ygor
F ER7I8 AL dels oiHART AA4E mr
ES AYUEE BHAT ¥ 3 oA Increase S AR
T AERE mRo Fol AFfLolg, PFAHoEF o
ARG AFERES BT 0.63% FolRoH, B3] g
5 A& L 9 YWEE ‘Acg’ EZo) disiA, 7}
A Wol 1.48% FotF Tk ‘Wheat's}t ‘Com’ EXH T2
AgolE oHARY AERE FLdE 9891%
99.12%E ¥ AFTF HASAE BFsln 27139
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2 =8dAE PR FAPRE BF olgsE
AFEMNEF TS AXNGAY diFge SFAZRE
tad T3 RES AMEslY FolA EAME Sy
F, & °]'§'U}°4 FAEFE 3= Support Vector
Machine & BFAAT. 71EL AAHARG o] f3lo] 3
+%t Support Vector Machine # &7 A8 & ), Reuters-
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Class Accuracy Increase
Eamn 96.61% 1.31%
Acq 95.21% 1.48%
Money-fx 97.12% 0.97%
Grain 95.51% 0.00%
Crude 97.67% 0.67%
Trade 98.42% 0.63%
Interest 97.67% 0.49%
Ship 98.58% 0.43%
Wheat 99.15% 0.24%
Com 99.27% 0.09%
Average 97.52% 0.63%
3 AANE P EMER 4%
BES AT ek, AAE PP 2%A Co-

Training{8]°l 38d + UL HRo= 011%813}. Co-
Training < #Hol8o] & HolEE Frl3 oz &3]
s 5 MY M2 O #3eF e HoleE B4
8H= Wyo|th, TREC ¢ filtering £ AIXE dwtzog &
MEF EAE ¢ % dol8ol & dlolE(unlabeled
datayg XAt F Eof, § HolxF EFE A, &
Aol det U € FE2 ¥ HolAE gfo A8
T Utk
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