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Speeding up Support Vector Machines for Named Entity Recognition

HiDEKI IsozAaKIt and HIDETO KAZAWA

The Support Vector Machine (SVM) is a powerful new machine learning method. However,
it is well known that its classification speed is orders-of-magnitude slower than conventional
systems. First, we show that a Named Entity (NE) recognizer based on SVMs gives better
scores than conventional systems. Named Entity recognition is a task in which proper nouns
and numerical information are extracted from documents and are classified into categories
such as person, organization, and date. It is a key technology of Information Extraction and
Open-Domain Question Answering. Then, we present an algorithm that makes the system
substantially faster by exploiting characters of NE data. This algorithm will be applicable to
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other different tasks in Natural Language Processing.
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Fig.1 An example of named entity recognition.
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Table 1 Features for classification of morphemes.
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Table 2 A binary vector that represents features of a
morpheme.
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Table 3 Difference in scores with parameters C, d.
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Fig.2 Difference in scores with a parameter 3.
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Fig.3 Comparison of the SVM-based method with other
methods.
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Table 4 Details of the scores.
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Fig.4 A classification algorithm based on weights given
by the expansion.
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Fig.5 The number of support vectors versus processing
time.
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Table 5 Reduction of processing time.
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