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ABSTRACT

Ontologies are created by domain experts, but the same content may be expressed differently by each expert due to
different understandings of domain knowledge. Since the ontology standardization is still lacking, multiple ontologies can
be exist within the same domain, resulting in a phenomenon called the ontology heterogeneity. Therefore, we propose a
novel ontology matching method that combines SCBOW(: Siames Continuois Bag Of Words) and BERT(: Bidirectional
Encoder Representations from Transformers) models to solve the ontology heterogeneity issue. Ontologies are expressed as
a graph and the SimRank algorithm is used to solve the one-to-many problem that can occur in ontology matching
problems. Experimental results showed that our approach improves performance by about 8% over traditional matching
algorithm. Proposed method can enhance and refine the alignment technology used in ontology matching.
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