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A denoising autoencoder algorithm for recommendation

based on dual attention mechanism

Wang Qianwen, Zhang Yanhua, Fu Qiongxiao, Li Meng, Li Qing
( Faculty of Information Technology, Beijing University of Technology, Beijing 100124 )
Abstract

In order to solve the problem that the changes in accuracy of the traditional collaborative filtering algorithm due
to the lack of ratings and cold start, a new denoising autoencoder algorithm is proposed for recommendation. In this
algorithm, attention mechanism and auxiliary information are integrated into the denoising autoencoder model to
process the ratings and interactive data. Attention is dynamically allocated to user interaction items to learn user
preferences, and then the weights of hidden layer vector, user preferences, and auxiliary information are learned
again through the attention mechanism to obtain the complete ratings matrix. The algorithm is simulated on the open
data set to observe its performance. The results show that the algorithm uses the auxiliary information effectively and
the accuracy is improved obviously.

Key words: denoising autoencoder, attention mechanism, recommendation algorithm, auxiliary information,

deep learning
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