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Abstract: Task termination statuses prediction is one of the key technologies to realize resource
scheduling optimization in large-scale cloud platform. In this paper, using the Google Cloud Platform'’s
computing scheduling system Borg as the object, aiming at the problem that various termination statuses
of tasks are extremely unbalanced and overlapping, a Self-Paced -Gradient Boost Decision Tree
(SP-GBDT) is proposed to predict task termination statuses. Fine-grained multi-classification prediction
of task termination state is carried out to improve the accuracy of predicting a few classes of task states.
First, the termination state is divided into several two-class combinations, and the best two-class
combination with low class overlap is selected by Support Vector Data Description model (SVDD). Then,
the optimal combination of the two classes is under-sampled for the custom step of the extended
sampling scale. Finally, a gradient lifting decision tree model is constructed to classify the under-sampled
data. Verification on the operation monitoring log data set of the Google cloud platform, the experimental

results show that the SP-GBDT model can reduce the imbalance ratio of the dataset and the degree of
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class overlap through the study of the interpretability of the prediction process and results. Compared

with the commonly used multi-classification prediction methods such as decision trees and random

forests, the F1-score of the proposed algorithm increased by 30.39% and 18.26%, respectively.

Key words: termination statuses; unbalanced multi-classification; class-overlap; under-sampling;

interpretability
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