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Abstract: To addre
era of big data, this

lem of information overload caused by the rapid growth of movie resources in the
oses to design and implement a movie recommendation system by using Spark distribu-
ted computing platform, c@mbined with MongoDB (distributed document storage database) business database, Redis
(remote dictionary service) cache database, Flume (log collection system), Kafka (open source stream processing plat-
form) and Spring open source framework. The system mainly includes data collection module, offline recommendation
module, real-time recommendation module and integrated business module. The offline recommendation module uses
the Alternating Least Squares (ALS) algorithm to train the implicit semantic model for predicting ratings, and the real-
time recommendation module processes users' movie ratings in the visual interface in real time through Spark Stream-
ing. Function and compatibility tests show that the proposed system can quickly and accurately complete movie recom-

mendations based on users’ behavior preferences, with high usability.
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Fig. 5 Offline recommendation algorithm flow
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