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Research on Solution of Solving Cold Start Problem in
Recommender Systems

QTAO Yu LI Ling—juan
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Abstract: Recommendation systems apply machine learning techniques to filter and locate information accurately and can predict whether a
user would like a given resource.Traditional collaborative filtering systems have to deal with the cold—start problems as new users and items
are always present which fail to produce the accurate recommendation for users.In this paper we first illustrate the causes and the signifi—
cances of solving the cold—start problems according to the current achievements in research and then summarize the existing algorithms and
compare the performance of them.Finally we try to give the difficulties and future directions of recommender system.It was found that the
most popular way is to have mixed data sources and algorithms to improve the accuracy and efficiency of recommender system at present but
there still have been some difficulty like how to protect personal privacy during getting users’ information or how to establish the perform—
ance evaluation of recommendation systems.
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