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Video popularity prediction model based on attention and neural network
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(1. School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China; 2. Engineering Re-

search Center of Safety Critical Industrial Measurement and Control Technology of Ministry of Education, Hefei 230601, China)

Abstract; In view of the shortcomings of traditional prediction algorithms such as low prediction accu-
racy and difficulty in processing multivariate time series data, a video popularity prediction model u-
sing a combination of bi-directional long short-term memory(BilL.STM) and temporal pattern attention
(TPA) is proposed. BiLLSTM extracts temporal features from the forward and reverse of the video
popularity time series, while TPA extracts temporal patterns from the deeper features of the output
states of BiLLSTM, which is beneficial for video popularity prediction. Experimental results on real
video data show that the proposed TPA-BILLSTM combined model effectively reduces the prediction er-
ror and improves the prediction accuracy compared with classical time series prediction methods.

Key words: popularity prediction; multivariate time series; bi-directional long short-term memory(Bil.-

STM) ; attention mechanism; convolutional neural network(CNN)
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