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Abstract

How to present effective information to users in a timely manner according to their different needs
is an important research direction in recommendation systems. Among them, recommendation
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systems based on deep learning not only solve information redundancy but also improve personal-
ized recommendation performance, which has attracted widespread attention. Due to the fact that
a single recommendation algorithm often cannot ideally meet the needs of customers, this article
introduces a combination recommendation algorithm based on deep learning, which optimizes con-
tent-based recommendation algorithm (CB), matrix factorization recommendation algorithm (MF),
and Wide&Deep model recommendation algorithm. The optimization methods include ridge re-
gression, adding implicit feedback information, and Bayesian optimization, and the combination
recommendation algorithm is composed of a transformational combination. The experimental re-
sults show that the recommendation effect of the combined algorithm on Movielens dataset is better
than that of the single model, and the evaluation indicators are basically improved compared with
that of the single model, which can achieve accurate content delivery.
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Figure 1. Basic workflow of the collaborative filtering recommendation algorithm
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Figure 2. Basic principles of content-based recommendation algorithms
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Figure 3. Basic workflow of content-based recommendation algorithm
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Figure 5. Workflow of the proposed transformer-based combination method
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Figure 6. User grouping results
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Figure 7. Basic workflow of the Wide&Deep recommendation algorithm
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Figure 10. RMSE value for latent dimensions
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Figure 11. RMSE value for regularization parameters
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Figure 13. Trend of training and testing loss
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Table 1. Calculated value of evaluation index

= 1. THMEERTEE

Model RMSE MAE Precision_10 Recall_10 NDCG_10
Content-Based 0.9061 0.7004 0.6776 0.4429 0.7448
SVD++ 0.8786 0.6737 0.7553 0.4867 0.7807
Wide&Deep 0.9525 0.7334 0.7262 0.4730 0.7636
Combined Model 0.6864 0.5087 0.7794 0.3808 0.7947
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