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Abstract; In recent years,anomaly detection plays an important role in the scenarios of Artificial Intelligence for IT Operations ( AIOps) ,
such as power grid operation and maintenance, fault diagnosis. With the advantages of universality and strong learning ability, deep
learning is widely used in anomaly detection on time series data. However, how to efficiently learn the relationship between a single
anomaly and global information of time series data is still an urgent problem to be solved. The sequential learning model like long short—
term memory (LSTM) is difficult to compute in parallel due to the large number of recursive operations, while long—term dependence
can lead to degradation in model performance. In this paper,we propose a method of anomaly detection for time series data with Trans-
former. The self-attention mechanism is used to parallelly train the data to capture the effective information, and the encoder—decoder
framework is used to transform the time series data into anomaly score in an end—to—end way. This method can not only learn the context
of time series data more completely,but also make full use of the feature matrix to conduct anomaly detection. Experiment shows that a-
nomaly detection method of time series data based on transformer has the best performance compared to the baseline methods in the
datasets of WADI, SWaT ,KDDCUP99 and AIOPSI1S.
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