H ® & & 4 1 152-8
(2002, 11. 12)

Support Vector Machine % Hu 7= EEEKTFEEREMN

WIH BEEE, A fiaft
LB S A 2 HM R F RS IE R AR se R
Mo BB FHN R F A EREEREH
h-yamada@jaist.ac.jp, matsu@is.aist-nara.ac.jp

REGTI, BWEE 71T 1) X A Support Vector Machine(SVM) % W\ /- BEEED KIE M EBITEL RET 5. #
TR E A O T XA NCBAT AHE, BRSHEICH AREOE RIS NET -y 2 BET
BUEN D %. Penn Treebank D & ) ML MMEERIL, 20 5 VM HI R LEN L EFMMRELEE T 472
O, Y RFITEEBVBESN D, ZOKR, BALGHTHNRT - s HET L Z L REMICREEE 4 5. KTE
B mBERO L) LEESIINIBICHRIN D720, BRBEYBEEE TLECOAD, ¥ 7T REE %2
L. F70, BEVPBRLTOY ST HEEFETOEN T BRL, B4 RSB TEREOIET -y ¥ ERT A 2
EVHIRTED. 220, BHERTEEL FE T 28 E L KIT RSN Ss s BET LI ENEEL 2 b, RET
B ARFHERAT R, SEEOFREY A THRENICEKEREBET L. FLBROKEBT, B2 FHEE
REET A0 SVM & IV CTEE %17 9. Penn Treebank # EFHAN % FW TIRIFRICEH L SFEERZ2T-
ToAER, R AT 88.4% & VI RE IS,

F— 7 — K AR SCRENT, R TR SR, RIS RAT, YR - bRy v -

Dependency Analysis of English Sentences with Support Vector Machines

YaMaDA Hiroyasu f, MaTsuMoTo Yuji

tJapan Advanced Institute of Science and Technology

tGraduate School of Information Science, Nara Institute Science and Technology

h-yamada@jaist.ac.jp, matsu@is.aist-nara.ac.jp

In this paper, we propose a method for dependency analysis of English sentences using Support Vector Ma-
chines(SVMs). In order to build statistical parser with high accuracy in various domains, we have to prepare
parsed training data annotated by human. However, to annotate sentences in a phrase structure format like
Penn Treebank, the requirement for annotators is to have profound linguistic knowledge about the target lan-
guage. As a result, it is difficult to build large size of training data annotated with phrase structure such as
Penn Treebank. Annotating word-word dependencies in sentences is easier than phrase structures annotation
for many native speakers of the target language. The conciseness of dependencies as sentence structure is useful
for reaching a consensus among annotators. It is is expected that we can make a large amount training data
with less inconsistency. Therefore, it is important to develop the statistical parser which can directly analyze
dependencies of words in a sentence. Our parser deterministically constructs dependency trees using three
typeé of parsing actions, and uses SVMs for estimating the correct parsing action at each parsing step. In our
experiments using Penn Treebank converted into dependency trees, the results show that our parser achieves

dependency accuracy of 83.4% for the Penn Treebank standard data set.
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Input Sentence: ¢j,¢3,---,¢5, - Cn
Initialize:
i=158=c1,02, ,6, " Cn

no_construction = true ;
Start:
while true do begin
if i == |s| then
if no_construction == true then break;
no_construction = true
i=1;
else
x = get_contextual _features(s,i) ;
y = classify(model, x) ;
if y == Left or Right then
s = construction(s,i,y) ;
no_construction = false ;
else if y == Shift then
i=1+1
end;
end;
end;
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