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Review of Knowledge Graph Completion Methods Based on Large
Language Models

BAI Yinsong
(School of Computer Science and Artificial Intelligence, Bohai University, Jinzhou 121013, China)

Abstract: Knowledge graph is an important research direction in the field of artificial intelligence, and one of its core tasks is knowledge
graph completion. This task encompasses triple classification, link prediction, and relation prediction, aiming to fill in missing head entities,
tail entities, or relations. With the rapid development of large language models in the field of natural language processing, research on the inte-
gration of knowledge graph completion with large language models has received increasing attention, and various models that can effectively
handle graph completion tasks have emerged. Firstly, the basic concept of knowledge graph completion is elaborated ; secondly, knowledge
graph completion models integrated with large language models are discussed ; thirdly, common datasets and evaluation methods for knowledge
graph completion models based on large language models are introduced ; finally, the challenges of knowledge graph completion models based
on large language models are summarized, and future development directions in this field are prospected. The research results can provide a
comprehensive reference for the current status of this field for relevant researchers, help subsequent research to further break through the limi-
tations of existing methods, and promote the development and application of knowledge graph completion technology.
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