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Prediction algorithm for failed batch jobs in co-located cloud
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Abstract; In order to reduce the risk of failed batch jobs in co-located cloud, the K-means algorithm was used to divide batch jobs into four
categories. On the basis of classification, the TLNM ( two-layer nested classification model) was proposed and the prediction algorithm based on
TLNM was implemented. Experiment results based on Ali Trace 2018 data set show that the ROC( receiver operating characteristic) curve of this
algorithm is significantly better than other commonly used classifiers, and the area under the ROC curve (i.e. AUC) can reach 0.978, indicating
that this algorithm has good classification performance. At the same time, the recall rate can reach 0.951. Through the confusion matrix, it can be

seen that the TLNM algorithm can accurately predict the failed batch jobs.
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Fig. 1  Architecture of Alibaba’s co-located datacenter
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Tab.1 Normal instances versus failed instances
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Fig.9 Impact of each feature on the model output
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