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Abstract

Recently, studies using knowledge graph embedding and graph convolutional neural networks in Big Data such as
social media are being actively conducted. Until now, however, entity matching studies on large-scale knowledge
graphs have been relatively rarely studied. Although large-scale knowledge graphs still have many issues to be
resolved, one of them is the vocabulary heterogeneous problem using different ontologies. To solve this problem, we
propose a hybrid entity matching method that applies an embedding technique to a graph convolutional neural
network. We evaluated the performance of the proposed method with existing state-of-the-art entity matching methods
using a real DBPISK Dataset. The experimental results showed 10.7% on Hit@l, 5.9% on Hit@10, and slight
performance improvements on Hit@50 and Hit@]100.
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Fig. 10. Experimental results comparing RDGCN and our proposed method
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