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Abstract In recent years,using deep learning technology and user-trusted information to improve the recommendation system
has become one of the hot topics in the academia,but it is still one of the important challenges to build a model for the recommen-
dation system which combines the two. This paper proposes a hybrid model that expands the deep self-decoder and Top-4 seman-
tic social network information by constructing a joint optimization function. The model would collect implicit semantic information
based on the network representation learning method and perform experiments with multiple real social network datasets to eva-
luate the performance of the AE-NRL model ( Autoencoder-Network Representation Learning Model) by various methods. The
results show that the model proposed in this paper has better performance than the matrix decomposition method in more sparse
and larger data sets. Compared with explicit trust links,the implicit and reliable social network information can better identify the
trust degree between users. In the network representation learning technology, deep learning models (SDNE and DNGR) are

more effective in the AE-NRL model.

Keywords Autoencoder, Network represents learning, Social networks, Information recommendation, User trust information
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