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Abstract

Supervised learning models have a high dependence on the amount of data, however, the existing
movie box office dataset is small, which leads to lower prediction accuracy. To address the above
problems, a movie box office prediction model based on a pre-training and fine-tuning strategy is
proposed. Using the correlation between movie ratings and movie box office, pre-training is used
on the movie ratings dataset to make the model acquire a priori knowledge about movies in ad-
vance. At the same time, data enhancement is carried out by using the information of attribute
differences between movies. Finally fine-tuning is applied on the movie box office dataset to real-
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ize the prediction of movie box office. Experimental results show that the proposed method im-
proves the RZ index by 7% and decreases the MSE by 69%.
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Figure 1. Framework of P-EL
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