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Abstract With the concept of knowledge graph proposed by Google in 2012, it has gradually become a research hotspot in the
field of artificial intelligence and played a role in applications such as information retrieval , question answering,and decision analy-
sis. While the knowledge graph shows its potential in various fields,it is easy to find that there is no mature knowledge graph
construction platform currently. Therefore,it is essential to research the knowledge graph construction system to meet the appli-
cation needs of different industries. This paper focuses on the construction of the knowledge graph. Firstly.it introduces the cur-
rent mainstream general knowledge graphs and domain knowledge graphs and describes the differences between the two in the
construction process. Then,it discusses the problems and challenges in the construction of the knowledge graph according to vari-
ous types. To address the above-mentioned issues and challenges, it describes the five-level solution methods and strategies of
knowledge extraction,knowledge representation, knowledge fusion, knowledge reasoning, and knowledge storage in the current
graph construction process. Finally,it discusses the possible directions for future research on the knowledge graph and its applica-
tion.
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