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Abstract

In this paper, we propose a cascaded chunking method for Japanese depen-
dency structure analysis. Conventional approaches mainly consist of two steps:
First, the dependency matrix is constructed, in which each element represents
the probability of a dependency. Second, an optimal combination of dependen-
cies are determined from the matrix. However, such a method is not always
efficient since it needs to calculate all the probabilities of candidates. Our
proposed model is more simple and efficient, since it parses a sentence deter-
ministically only deciding whether the current segment modifies segment on its
immediate right hand side. In addition, proposed model does not assume the
independence constraint in dependency relation. Experiments using the Kyoto
University Corpus show that the method outperforms previous systems as well

as improves the parsing and training efficiency.
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Fig.1 Example of dependency structure analysis

23 ODOOoOoobooOoOd

goggobo,gguoogbobobbbboboobobbbogooggd
gobod.gggobobogbobo,boboobbbobooooobog,
gooooon.

gogbobbbbuobobboooooboooboooobog, o200
gobob,0uoguogg,ooobobboboobobooobooobaon.
gbouogog,gobooboboooguoobbobob,ooooobon
gbbodbooobobobobooo.bboouoobo,boooboobon
goboddb,dgoboogbobbbouobboobbooobooago
gobodgboobo.boobbobobuogguboooogboo,bood
gobooooobobbbooo,gobbobboboobbobooogao
guobodubouoouoooboouogbobobaboooog.

24 DO0O0OOODOOO

goggooobbuobbdobbuoboouoobboo,obboobb2d
gobbgoooboo,bboooob,obbogob,ogg,gooooan
goog. bobbogoboobobooobobbobbbobob,oooon
gobobboooooobobobooooobboo. bbboooobon



U2 0dbooooogo

Fig.2 Process of training and testing
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Fig.3 Three types of dynamic features
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Table 1 Results of our experiments
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Table 3 Effect of dynamic features
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Table 4 Relationship between accuracy and
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Fig.5 Recursive dynamic features
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