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Automatic Extraction of Multilingual Hypernym-Hyponym Relation
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Abstract: In natural language processing, hypernym-hyponym relations are the core of the body of knowledge (BOK) and is
useful for many downstream tasks. An example of this is technical trend analysis and examination of patents. However, it is very
costly to manually maintain these relationships between terms. In this paper, we extract hypernym-hyponym relations from patent
text data written in Japanese, English, and Chinese, and automatically construct a multilingual thesaurus. The proposed method
consisting of the following two steps. Firstly, we use GAN (Generative Adversarial Network) to identify the terms in a hypernym-
hyponym relation. Secondly, ConvE and GraphSAGE are combined to predict links on the graph of hypernym-hyponym relations
constructed in the previous step, predict missing edges that should be in a hypernym-hyponym relationship. Experiments conducted
to demonstrate the effectiveness of the proposed method, it was found that our method outperforms previous methods in both the
identification of hypernym-hyponym relations using GAN and link prediction using a combination of ConvE and GraphSAGE.
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