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Ontology Alignment Method Based on Self-attention

WU Zi-yi, L1 Shao-mei,JIANG Meng-han and ZHANG Jian-peng

National Digital Switching System Engineering & Technological R & D Center,Zhengzhou 450002, China

Abstract With the development of knowledge graph in the field of artificial intelligence, there is an increasing demand to in-
tegrate knowledge graph from different sources to obtain a big knowledge graph with wider coverage. Ontology is the superstruc-
ture that can guide the construction of knowledge graph. To solve the problem of ontology alignment in knowledge graph fusion,
this paper proposes an ontology alignment method based on self-attention model to combine multidimensional similarities. Firstly,
two concepts from two ontologies are multi-dimensional measured by string-based, semantic-based and structure-based similari-
ties. Then, self-attention model is used to combine above similarity calculations to judge whether the two concepts are similar or
not and align them. Experiments on public datasets show that,compared with existing ontology alignment methods,the proposed
method can obtain better alignment results by aggregating multi-dimensional similarity features.

Keywords Knowledge graph fusion,Ontology alignment, Similarity calculation,Self-attention model
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Fig. 2 Fragments describe properties in ontology file
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Fig. 3 Ontology alignment process based on self-attention model
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Fig.4 Loss curves of the proposed method on two datasets
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