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A Recommendation Algorithm Based on Factorization Machines and
Hidden Markov

WANG Xiao-yun',LI Xian’, YUAN Yuan'
(1. School of Management, Hangzhou Dianzi University ,Hangzhou 310018 ,China;
2. School of Computer Science and Technology,Hangzhou Dianzi University , Hangzhou 310018 ,China)

Abstract : Factorization machine is a machine learning method based on matrix decomposition. By introducing context information into
the matrix and constructing the matrix containing context information, it can predict the user rating well. Hidden Markov model is a
statistical model with hidden parameters implied ,using a hidden state can better meet the actual situation. Traditional recommendation al-
gorithms usually do not introduce context information when making recommendations, which usually affects the effect of
recommendation. In view of the fact that the context—aware recommender algorithm can effectively improve the precision, the users can
be recommended more accurately by introducing context information into the recommendation system and adding users’ hidden interest
state. Therefore,we present a method of binding factorization machines and hidden Markov models. The verification results on the public
data set show that the proposed method can effectively improve the recommendation accuracy compared with some traditional
recommendation algorithms,and it also has higher recommendation accuracy when the amount of data increases.
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