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In this paper, we propose a parsing method for English sentences with machine learning algorithm called Support Vector
Machines (SVMs). The performance of statistical parsing strongly depends on how to deal with lexical information and
incorporate them into the statistics for parsing. Data sparseness problem arises when using large number of features like
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Input Sentence: s =c¢;,¢2,+,¢i, - Cp
Initialize:

i=1;

no.construction = true ,
Start: '

while true do begin
if i == |s| +1 then _.
if no_construction == true then break;
no_construction = true
i=1;
else
x = get_contertual_features(s,i) ;
y = classify(model,x) ; :
if y == Unary-X or Binary-X-H then
s = construction(s,i,y) ; ’
no_construction = false ;
else if y == Shift then
i=i+1
end;
end;
end; .
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