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Abstract

Matrix factorization is one of the effective methods to construct recommendation system. Howev-
er, the traditional matrix factorization model still faces the problems of both poor recommenda-
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tion accuracy and low training speed when applied to the case with large-scale sparse data. In or-
der to improve the recommendation accuracy while reducing the time cost, this paper proposes an
NN-based matrix factorization model combining user trust relationships (NN-MF-TR). First, the
latent preference of users is fully mined through the latent trust and trusted relationships be-
tween users, so as to improve the recommendation accuracy. Then, a neural network is introduced
to train the constructed model to reduce the huge time cost caused by multiple iterations. Finally,
four representative comparison models are selected and tested on four real-world data sets. The
results show that the NN-MF-TR model proposed in this paper can greatly reduce the time cost
while ensuring the recommendation accuracy.
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Figure 1. Autoencoder neural network model
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Figure 5. Different values of n on datasets affect the time cost (Seconds)
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