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Abstract ; Prediction of music popularity trend is carried out by using a model that combines the long short—time memory network of the
cyclic neural network and the attention mechanism. Firstly, the shortcomings of traditional support vector machines and cyclic neural
networks in predicting time series data like not capturing long time series information are analyzed. Secondly, based on the above
analysis , the prediction model of the combination of long short—time memory network and attention mechanism is established. According
to the predicted amount of songs played by artists in the next two months, the data set is analyzed and pre—processed such as relevant
attribute selection and normalization,and the daily amount of songs played in combination and the average amount of songs played in 3
consecutive days are selected as samples at corresponding time points to construct the neural network training set. Finally,the prediction
model experiment based on the combination of long short—time memory network and attention mechanism is designed, which shows that
the proposed prediction model has achieved significant improvement over the traditional machine learning method support vector machine
and long short—term memory network in terms of root mean square error and average absolute error.
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