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Probabilistic streaming tensor decomposition recommendation model

with implicit feedback and correlation modeling
ZHAO Jianli, YAO Bin, CHEN Jianjian, L.I Hao
(College of Computer Science and Engineering, Shandong University of Science and Technology, Qingdao 266590, China)

Abstract: These applications generate streaming data based on users’ interactive behavior. In recommender systems,
streaming tensor decomposition models are often employed for analyzing and processing streaming data, and for re-
commending items that users may be interested in. However, existing models often neglect the correlation between
object features and lack effective prior modeling. Besides, most models only use explicit rating data without the use
of implicit feedback information, thus exacerbating the accuracy loss of models. In this paper. we proposed a proba-
bilistic streaming tensor decomposition recommendation model with implicit feedback and relationship modeling
(POSTFR). POSTFR modeled the relationship between objects by adding covariance matrices with Lewandowski-
Kurowicka-Joe(LLK]) priors and incorporated implicit feedback information in the updating processto increase the
weight of frequently occurring objects. In this way, the accuracy of the proposed model was improved. Compared to
other probabilistic streaming models, POSTFR obtained better results in several real datasets.
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