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Abstract

The Semantic Web, which can be understood by computers and inferred between information and information by
utilizing a large amount of linked data, can efficiently perform knowledge integration by utilizing ontology recently.
However, this ontology is still inaccurate for practical use due to the heterogeneity problem, and even simple entity
matching often fails. To solve this heterogeneity problem, in this paper, we propose an extended Graph Convolutional
Network (GCN) model that utilizes a double graph convolutional network for more sophisticated matching and
combines similarity techniques that can match missing entities at the same time. As a result of the experiment, the

method proposed in this paper shows a performance improvement of about 10% compared to the existing model.
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