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Abstract ; In the click—through rate (CTR) prediction task in the era of big data,the input data is not only large in quantity but also has a
high feature dimension, which is prone to information interference or loss during feature selection. Different interaction modes during
feature interaction will also affect the prediction performance. To solve this problem,a prediction model based on feature weighting and
automatic interaction is proposed, which is used to learn the original feature weights and interact automatically. Firstly,we introduce an
ECANet module and propose a feature—weighting method without dimensionality reduction, which uses one—dimensional convolution of &
adjacent features to learn feature weights. Then, multi —head self —attention network and deep neural network ( DNN) are used to
automatically learn explicit and implicit feature interactions. Finally, the two are combined to predict, solving the defects of a single
model. On the one hand, it can select the importance of input features. On the other hand, it can automatically learn arbitrary low— and
high—order feature interactions in both explicit and implicit ways. And experimental results on four real data sets have proved that the

prediction model is more accurate than the previous model.
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