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Fig.1 Framework diagram of subject heat of science and technology demand prediction algorithm based on time convolution

network
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Algorithm of Subject Heat of Science and Technology Demand
Prediction Based on Time Convolution Network

CUI Haiyan',LI Yawen®,XU Xin'

(1. Beijing Key Laboratory of Intelligent Telecommunication Software and Multimedia, School of Computer Science, Beijing Uni-
versity of Posts and Telecommunications, Beijing, 100082, China; 2. School of Economics and Management, Beijing University of

Posts and Telecommunications, Beijing, 100082, China)

Abstract: Thanks to the rapid development of deep learning, big data analysis technology is not only widely
used in the field of natural language processing,but also more mature in the field of numerical prediction. In
order to improve the accuracy of subject heat of science and technology demand data prediction, this article
proposes a method of Subject Heat of Science and Technology Demand Prediction Based on Time Convolution
Network (SHDP-TCN). This method integrates the suject characteristics of science and technology demand,
and makes temporal prediction based on TCN and self-attention mechanism. Experimental results show that
on the real science and technology demand data set,the prediction accuracy of this algorithm is better than
that of Auto Regressive Integrated Moving Average (ARIMA), Long Short-Term Memory (LSTM) net-
work, Convolutional Neural Networks (CNN) and TCN algorithms.

Key words: science and technology demand data; TCN network;self-attention mechanism;subject heat of sci-

ence and technology demand prediction;residual block
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