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standardized description, making it difficult to integrate and analyze effectively. To address this issue, a method for
constructing an artificial intelligence security knowledge graph was proposed. The knowledge graph was used to
integrate the current multi-source heterogeneous data, scientifically represent complex relationships of the data,
mine potential value and form a domain knowledge base. In view of the diversity and correlation of concepts in the
field of artificial intelligence security, a hierarchical structure of artificial intelligence security ontology was
proposed to make the ontology structure more diversified and extensible, provide rule constraints for the process of
knowledge graph construction, and form an artificial intelligence security knowledge base. To effectively utilize
feature information and reduce noise interference, named entity recognition algorithm based on BiLSTM-CRF and
relationship extraction algorithm based on CNN-ATT were adopted for information extraction. The constructed
artificial intelligence security dataset was then used to verify the performance of the algorithm. Based on the
proposed ontology, the multi-level visualization results of the artificial intelligence security knowledge graph were
presented in 3D effect, effectively connecting the multi-source security data information. The experimental results
show that the constructed knowledge graph meets the multi-dimensional evaluation criteria of accuracy, consistency,
completeness, and timeliness, providing knowledge support for artificial intelligence security research. Overall, the
proposed method can help address the complexity and heterogeneity of security data in artificial intelligence and
provide a more standardized, integrated approach to knowledge representation and analysis.
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Figure 1 The framework of artificial intelligence security knowledge graph
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Figure 2 Multi-layer artificial intelligence security ontology
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Figure 3 Named entity recognition process in artificial
intelligence security
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