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Abstract

In information retrieval systems such as web search engines, one of the technical challenges is
correctly recognizing semantic textual similarity (STS). In recent years, technology has been developed to
calculate high-quality semantic textual similarity, and its use in search engines and other applications is
progressing. However, as research is focused on English, there are few examples of its use in Japanese, and
its use by small and medium-sized enterprises and local governments in Hokkaido is still in the future.
Therefore, in this study, we developed a high-quality semantic similarity model using publicly available
Japanese datasets, aiming to utilize search technology based on Japanese semantic textual similarity.
We also developed a simple search system using this model and evaluated its search performance and
processing speed. As a result, we confirmed that it has higher search performance than other publicly
available semantic similarity models, and has sufficient processing speed on a standard PC.
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