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Active Learning with Pseudo Negative Examples
for Word Sense Disambiguation in Web Mining

YASUHIRO TAKAYAMA,! MAKOTO IMAMURA, !
NosuHIRO KAJ1,2 Masasar Toyopaf?
and MASARU KITSUREGAWA 2

This paper studies a word sense disambiguation (WSD) to extract high ac-
curacy dataset from a full text Web search result which contains polysemous
words for web mining applications. The motivation of this study is the difficulty
in the creation of the negative examples for learning, which include unexpected
word senses especially in Web. In this paper, we present a method of active
learning starting with only positive examples for WSD in order to facilitate the
creation of the negative examples. The key feature is to learn with “pseudo
negative” examples which have reliable confidence score as negative for the un-
labeled examples during the active learning process. We show experimentally
in the several Web data only with positive examples that our proposed method

achieves close enough WSD accuracy to the method with the manually prepared
negative examples.
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Fig.2 Generation of pseudo negative examples.
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Table 2 Selected examples of data for evaluation.
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Fig.3 Average active learning process.
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Fig.4 Average accuracy of pseudo negative examples.
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Fig.5 Active learning process for each datasets.
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