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Implicit Feedback Recommendation Model Combining Node2vec and Deep Neural Networks

HE Jin-lin LIU Xue-jun XU Xin-yan MAO Yu-jia

(School of Computer Science and Technology,Nanjing Tech University, Nanjing 211816 ,China)

Abstract It is extremely practical and challenging to implement personalized recommendation based on large-scale im-
plicit feedback information. In order to solve the problem of data sparseness and then achieve effective recommendation
combining various side information, this paper proposed an implicit feedback recommendation model combining node2vec
and deep neural networks. This model utilizes a deep neural network framework with embedded meta-data ( Meta-
DNND ,and maps the users and items vectors in a low-dimensional manner. Wherein, the second-order random walk of
node2vec is used to learn neighbor nodes in the network with embedded meta-data so that adjacent nodes have similar
node representations. Besides. data sparsity is alleviated via improving the smoothness among neighboring users and
items. Finally,deep neural network is used for further learning user preferences for items, thus providing recommenda-
tion for users. In addition, the popularity parameter is introduced to perform non-average sampling of unknown items
and an implicit feedback negative sampling strategy is optimized. Experimental results on the typical Gowalla and Mo-
viellens-1M data sets demonstrate the prediction performance and recommendation quality of the proposed model com-
pared with state-of-the-art recommendation algorithms.

Keywords Node2vec, Recommender system, Neural networks,Deep learning, Implicit feedback, Meta-data
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Table 2 Comprehensive performance of HR@10 with neural model

on different hidden layers

h F=o0 F=1 F=2 F=3 F=4
4 0.535 0.712 0.741 0.758 0.769
8 0.537 0.735 0.764 0.779 0.788
16 0.536 0.743 0.782 0.791 0.796
32 0.537 0.746 0.789 0.795 0. 801
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