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Abstract

Crowd sensing, as a new data collection mode, has been widely applied, and people’s demand for
submitting data security is also increasing. In the multi-participant joint construction of graph
models, there are many privacy and security risks. Therefore, this article summarizes and analyz-
es the privacy and security risks faced in the process of constructing knowledge graphs, which is of
great significance for the development and application of knowledge graphs. Firstly, this article
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elaborates on the basic concepts of knowledge graphs and the embedding process of knowledge
graphs in detail; Next, an in-depth analysis will be conducted on the privacy leakage issues en-
countered in the process of knowledge graph modeling, including. Then, the privacy protection
methods in different knowledge graph embedding processes were summarized and summarized.
Finally, the application prospects and important future research directions of knowledge graph
embedding were summarized and prospected.
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Figure 1. Internet of things knowledge graph
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Figure 2. TransE 1 TransH B9#%:0 B REE
2. Schematic diagram of the core ideas of Transk and TransH
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