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Research on Estimation of Ads Click Rate Based on

Recurrent Neural Network
CHEN Qiaohong , SUN Chaohong s YU Shimin, JI1A Yubo
(School of Information Science and Technology , Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: In order to improve the estimation accuracy of ads click rate and thus improve the revenue of
online advertising, feature extraction and dimension reduction of advertising data were implemented.
Then, the improved recurrent neural network based on LSTM was used as the ads click rate estimation
model. Meanwhile, stochastic gradient descent and cross entropy were used as optimization algorithm and
objective function separately. Experiments show that compared with logistic regression, BP neural
network and recurrent neural network, the improved recurrent neural network based on LSTM can
effectively improve the estimation accuracy of ads click rate. It not only helps advertising service providers
develop reasonable price strategies, but also helps advertisers advertise reasonably. As a result, the
revenue maximization of each role in the advertising industry chain is realized.

Key words: ads click rate; recurrent neural network; LSTM; stochastic gradient descent; cross

entropy
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