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Collaborative filtering recommendation algorithm based on deep learning
LIU Hang, LI Xizuo

(College of Computer Science and Engineering, Dalian Minzu University, Dalian 116000, Liaoning, China)

[ Abstract] The advantages of deep learning in feature extraction is utilized in mining hidden information embedded in user and
item information. The data sparsity and cold start problems in traditional collaborative filtering algorithms is alleviated by using the
extracted feature information in score predictions and considering the user’s interest drift situation and item popularity situation to
increase the user time offset and project time offset, so that the algorithm can run in real time. Finally, a comparison experiment
with various algorithms is carried out, and the feasibility and effectiveness of the algorithm are evaluated by calculating the RMSE.
The experimental results show that the collaborative filtering recommendation algorithm based on deep learning is feasible and
effective, and can alleviate the data sparsity and cold start problems in the traditional collaborative filtering algorithm with real—time

performance , which improves the recommendation accuracy, and has a good recommendation effect.
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Fig. 1 Structure chart of collaborative filtering recommendation algorithm based on deep learning
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Fig. 3 Project data processing changes
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Fig. 4 Structure chart of convolution network text processing
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Fig. 5 Model training loss curve
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Tab. 1 Several recommended algorithm models
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Tab. 2 RMSE calculation results of each model
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Fig. 6 RMSE value comparison of each model
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Tab. 4 RMSE calculation results of each model
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Fig. 7 RMSE value comparison of each model
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