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Research Progress of Personalized News Recommendation
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Abstract ; Personalized news recommendation is an important technology to solve the explosion of news information in the online news
recommendation system and help users find interesting news conveniently. In the past research, various news recommendation
technologies emerged one after another,and achieved remarkable results in improving user experience. But news recommendation is still a
challenging problem due to the dynamic and timeliness of online news. Firstly, we develop personalized news recommendation from
traditional methods and deep learning methods, summarize the news modeling and user interest modeling, and analyze their technical
characteristics and shortcomings. Then, we introduce the datasets and evaluation method of personalized news recommendation and
compare the effect of typical news and user interest modeling method. Finally,some research directions in this field are proposed. We
hope that it will be helpful to the research of personalized news recommendation, natural language processing and data mining. Key
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