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Abstract: A novel approach,joint prediction of multi-workload sequences,was proposed based on tempo-
ral correlation. Firstly,long short-term memory was used to extract the temporal feature among workload
sequences for obtaining the similar workload sequences,while hierarchical clustering algorithm was used
to obtain workload sequences clusters. Then, construct multi-task learning model respectively for each ob-
tained sequence clusters, capture and utilize the shared domain knowledge among multiple workload se-
quences ,so as to achieve joint prediction of multiple workload sequences as well as improve generalization
ability and prediction accuracy of the model. Results of experiment on dataset of Google cluster trace
2011 demonstrates that the temporal feature clustering can effectively extract and utilize the global tempo-
ral feature of workload sequences,reduce the noise of original sequences and get workload sequences clus-
ters with similar characteristics. Proposed method performs better in prediction accuracy than the state-of-

the-art methods.
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