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Abstract In the current environment of large data, anomaly data is more difficult to obtain than normal data, and is
more important. The purpose of anomaly detection is to detect activity data from normal subjects. Anomaly detection is
widely applied in many fields, such as machine fault detection, data mining and disease detection and intrusion detection.
Based on a large number of anomaly detection methods at present, this paper mainly discussed the existence of anomaly
data, classified the major anomaly detection methods according to this framework, and put forward the advantages and

disadvantages of these methods. Finally, we focused on the large data anomaly detection methods based on the deep
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learning, and introduced different methods and related applications and future research hotpots respectively.
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