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Deep collaborative recommendation model based on attention mechanism

YANG Xi, HE Yueshun, WANG Tonghan
(School of Information Engineering, East China University of Technology, Nanchang 330013, China)

[ Abstract] The matrix decomposition algorithm in collaborative filtering is widely used in the recommendation system, but it is

difficult to make full use of the information in the user and item description documents, causing the problem of explicit data

sparseness. Due to the powerful feature learning ability of the attention mechanism and deep neural network, this paper proposes a

deep collaborative recommendation model based on the attention mechanism, which combines the rows and columns of the scoring

matrix with the description information in the user and item documents as input to ease the problem of data sparsity. The attention

mechanism is helpful for the neural network layer to better extract the nonlinear characteristics of input vectors. Experiments on the

public dataset show that the algorithm proposed in this paper improves the accuracy of scoring prediction.
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Fig. 1 Schematic diagram of attention mechanism
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Tab. 2 Results comparison of different algorithms on Movielens

datasets
Movielens 100K Movielens 1M

Rk
RMSE MAE RMSE MAE
SVD++ 0.920 0.722 0.862 0.673
I-AutoRec 0.905 0.712 0.841 0.699
mSDA-MF 0.919 0.741 0.852 0.672
NCF 0.897 0.721 0.861 0.673
A-DCRM 0.884 0.694 0.840 0.661
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