The 31st Annual Conference of the Japanese Society for Artificial Intelligence, 2017

R 2 W7z b

1J1-3
) TIVHIH

Triple Extraction from Texts using Distributed Representations of Words
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Knowledge graphs have been shown useful to many Al tasks these days.
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Triples of knowledge graphs are

traditionally structured by editors or extracted from semi-structured information, however human resources for
editing are expensive and semi-structured information is not common. On the other hand, most of information

are stored in the form of texts.

Recently, distributed representations of words have become a hot topic because
of their ability that can capture meanings of words from texts.

The models for them need no labels on texts,

but Mikolov showed it can deal well with the word analogy task or the analogy task. This can be considered
one of knowledge extraction task for finding a missing entity of a triple from texts. However accuracy rate is low
if it is straightly applied to relations of Knowledge graphs because the method uses only one triple as positive
example. In this paper, we extend the analogy task to use more positive example and propose quite new method
to extract knowledge from texts. Experiments show that the proposed method achieves considerable improvement

as compared with the baselines.
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