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Advertisement click-through rate predicting based

on gated recurrent unit neural networks
CHEN Qiaohong » DONG Wen, SUN Qi JIA Yubo

(School of Information Science and Technology » Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: In order to improve the putting effect of online advertising, to improve the user experience

of advertising, and to increase the revenue of advertising, an advertisement click-through rate predicting

method based on the gated recurrent unit neural networks is proposed in this paper. This method combines

proper gate unit structure of gated recurrent unit network and time sequence characteristics of advertising

data, and utilizes time-based back propagation algorithm to train the network model. This paper proposes

step size improvement algorithm of gated recurrent unit neural networks so that the training time is less

and the model is more accurate. The experiment shows that compared with logistic regression, random

forest, naive bayes and recurrent neural network models, the method proposed in this paper has more

accurate advertisement click-through rate prediction and contributes to three-side game of advertisers,

media and target audience so as to achieve win-win.

Key words: online advertising; gated recurrent unit; click-through rate; time-based back propagation;

three-side game
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