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Semi-supervised Preference Learning Algorithm
ZHAO Min', LIU Jinglei'

ABSTRACT To improve low robustness and reconstruction accuracy of recommendation system, a
semi-supervised preference learning algorithm is proposed to obtain potential preferences via preference
learning and implement recommendations. The [, , norm is utilized as the regularization of the
optimization objective function to eliminate the noises and outliers. The graph Laplacian regularization is
employed to integrate the side information of Ul matrix to realize multi-image fusion and improve
recommendation precision. The experiments on Movielens 10M and Netflix datasets indicate that the

proposed algorithm produces high precision, speed and robustness.
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