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Abstract: A parallel big data classification method based on adaptive exponential bats and SAE has been
proposed to solve the problem of low efficiency when classifying big data by deep learning. In the parallel
computing framework, AEB algorithm is used to select features in the Map stage. AEB is obtained accord-
ing to the exponential weighted moving average (EWMA ) and adaptive weight strategy. Then the selected
features are used as the input of Reduce for big data classification. In the Reduce stage, the deep stacked
autoencoders trained by AEB algorithm is used for classification, which further improves the classification
accuracy. The experimental results show that the proposed method is superior to other existing methods in
terms of accuracy and TPR performance for different percentage of training data.
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