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Japanese Named Entity Extraction Using Support Vector Machine

HIrROYASU YAMADA,t TAKU KuDOt and YUJI MATSUMOTO*

In this paper, we propose a method for Japanese named entity (NE) extraction using Sup-
port Vector Machines (SVM). The generalization performance of SVM does not depend on
the size of dimensions of the feature space, even in a high dimensional feature space, such as
named entity extraction task using lexical entries, part-of-speech tags and character types of
words as the primitive features. Furthermore, SVM can induce an optimal classifier which
considers the combination of features by virtue of polynomial kernel functions. We apply the
method to IREX NE task using CRL Named Entities data. The cross validation result of the
F-value being 83 shows the effectiveness of the method.
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Table 1 The definition of Japanese named entity in IREX

and it’s examples.
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Fig.3 An example of features used in the experiment.
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Table 2 The frequency distribution of named entity in
the CRL data.
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Table 3 The extraction accuracy for each feature set.
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Table 4 A combination of type of chunk tag and parsing direction and the extraction accuracy.
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Table 5 The number of degree of polynomial kernel

function and the extraction accuracy.
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Table 6 Effect of NE extraction using previous NE tag as
features.
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Table 7 The width of beam search and the extraction
accuracy.
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Fig.4 An example of different segmentation between

tokenizer and named entity in Japanese.
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Table 8 Three tokenization methods and the extraction

accuracy.
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Table 9 Comparison with related work.
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Table 10 The accuracy for each data set in 5-fold cross-
validation.
oo 1 2 3 4 5
83.2 | 82.8 833 84.8 816 836
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