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Deep recommendation models incorporating bidirectional
GRU and attention mechanisms
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('School of Electronic and Information Engineering, Anhui Jianzhu University, Hefei 230000, China)

Abstract: Recommender systems are crucial in providing personalized information based on an individual s history. However,
accurately capturing user preferences remains a challenge due to the sparsity of rating data and the heterogeneity of review data. In
this study, we propose a hybrid deep model (HRM-BAM) that incorporates bidirectional GRU ( Gated Recurrent Unit) and
attention mechanisms, aiming to learn both rating features and text features. The model uses two embedding layers to learn rating
features for interactions between users and items, respectively. In addition, two gated recurrent unit (GRU) networks based on the
attention mechanism acquire context—aware representations from user and item reviews. Next, the rating features and review features
are organically combined through feature cascading and convolutional neural network processing, and deeper feature information is
extracted using multilayer convolution and pooling operations. Finally, the user ratings are accurately predicted through the fully
connected layer. The experimental results show that the root mean square error (RMSE) of the model is significantly improved
compared to the baseline method on the three datasets.
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