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GAO Zhi-qgiang, WANG Yu-tao
(Department of Information Engineering, Engineering University of PAP, Xi’an 710086, China)

Abstract: With the arrival of the era of big data sharing, data privacy protection issues will be highlighted. Since its
introduction in 2006, differential privacy technology has been widely researched in data mining and data publishing.
In recent years, Google, Apple and other companies have introduced differential privacy technology into the latest
products, and differential privacy technology has become the focus of academia and industry again. Firstly, the tra-
ditional centralized model of differential privacy was summarized, from the perspective of analysis of data mining
and data released in the differential privacy way. Then the latest local differential privacy regarding data collection
and data analysis based on the local model was described, involving crowdsourcing with random response tech-

nology, BloomFilter, statistical inference techniques. Finally, the main problems and solutions of differential pri-
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vacy technology were summarized.
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