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Time Series Based Killer Task Online Recognition Approach
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Abstract By analyzing failure frequency and failure patterns in Google cluster dataset, this paper fond what are called
as killer tasks that suffer from frequent and continuous failure, Killer task is a big concern of cloud system as it causes
unnecessary resource wasting and significant increase of scheduling overhead. In this paper, an online recognition ap-
proach was proposed to make use of the resource usage time series to recognize killer tasks precisely at the very early
stage of their occurrence so that proactive actions can be taken to avoid rescheduling and resource wasting, The experi-
ment results show that the proposed approach performs a 98. 5% precision in recognizing killer tasks at 3% of failure
duration, with a 96, 75% resource saving for the cloud system averagely.
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