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Japanese Dependency Analysis Using Cascaded Chunking

TAakU Kupot and YuJI MATSUMOTOf

In this paper, we propose a cascaded chunking method for Japanese dependency 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 dependencies 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 deterministically
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 re-
lation. 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.
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Fig.2 Process of training and testing.
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Fig.3 Three types of dynamic features.
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Table 1 List of static features.
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Table 2 Results of our experiments.
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Table 3 Results using large amount of training data.
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Table 4 Effect of dynamic features.

0ooo 00000000000
oooo ooooooo 0000

A 89.01% (—0.28%) | 46.64% (—0.89%)

B 89.19% (—0.10%) | 46.64% (—0.89%)

¢] 89.01% (—0.28%) | 46.97% (—0.56%)

AB 88.96% (—0.33%) | 46.32% (—1.21%)

AC 88.74% (—0.55%) | 46.56% (—0.97%)

BC 88.75% (—0.54%) | 45.92% (—1.61%)

ABC 88.71% (—0.58%) | 45.19% (—2.34%)
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Table 5 Relationship between accuracy and

threshold of frequencies.

oooo ooooooooooo
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1 89.29% (40.00%) | 47.83% (+0.00%)
2 88.68% (—0.61%) | 46.31% (—1.52%)
4 87.78% (—1.51%) | 44.54% (—3.29%)
6 87.63% (—1.66%) | 44.78% (—3.05%)
8 87.36% (—1.93%) | 42.46% (—5.37%)
10 87.28% (—2.01%) | 42.22% (—5.61%)
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Fig.4 Relationship between accuracy and
size of training data.
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Fig.5 Risks of learning with exceptional examples.

000000000000000000000000
0000000000000000000000000
000000000000000000000000
00000000000 00000
0000000000 0000000000000
000000000000000000000000
0000000000000 00000000000
0000000000000 D000000D00O000
000000000000 00D0000O00oo0oon
00000000 500000000000000 —
000000000 200000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000 00000000000
000000000000 000000000000
0000000000000 00000000000
00000000000 0000000000000
00000000000 0000000000000n
000000000000000000000000
000000000000000000000000
00000000000000000000000
000000000000000000000000
0000000000 30000000000000
000000000000 000000000000
0000000000000000000000000
00000000000 0O0DO0OO0Dnoonoono
000000000000 0000D00000000
0o00'®oooD000D00O0mMmOO0nno
0000000000000 ooOoo0ooo0ao
0000000000 30000000000
000000000 MO000000000000
000000000000000000000000
000000000000000000000000
00000000000 0000000000000
000000000000 000DOooooooon
00000000000 20000000000000
000000000000 000000000000

goooooooo

June 2002

000000000000000000000000
000000000000000000000000
000000000000 00000000000n
000000000000000000000000
00000000000 00000D00000000
oooog
0000000D0000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000000
4.5.2 0000000
00000000000000000000000
000000000000000000000000
000000 0oOooooooo?22ooo®ooo
000000000000000000MEOOOD
O00000OOMEDDOOOOODODOODOOOOD
00000000000 D000D000000000n
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000 1% 0000000
087.93%M000000000000000000
000000000 MEOOOOODOOOOOOO
01000000000000
000000000 00000000000000
00000000000 000D0000000000
000000 OBoosting!” 00000000000
000000000Boostingd SVMOOOOOOO
000000000000000000000000
0000000000000000°0000000
000000000000000000000000
0000000 0000® 000000000000
0000000000000000000000000
00 SVMUOOKernel 00000000000 DOO
00000000000 00000D00000000
000000000 DO00D00O0SVMOOOOOO
00000000000 DO00000D0O00OOnD
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000

Y Boostingd SVMOOOOO0O0O0OO0OOOOOOOOOOO



Vol. 43 No. 6

goooooboboo

Akl 1.

06 0O0O0OO0DOOO
Fig.6 Recursive dynamic features.
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