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A Real-time Collaborative Filtering Recommendation Algorithm
Based on Spark
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Abstract; Focused on some drawbacks of traditional collaborative filtering algorithms based on model of batch learning, such as updating
slowly for new users or items,highly retraining cost and expanding difficultly ,and handling noise data need to be improved, especially,
being more and more difficult for knowledge mining with growing data and the requirement of real—time, the online collaborative filtering
algorithm of confidence weighted is improved. In order to solve these problems, a new algorithm named SCWOCF ( Soft Confidence
Weighted Online Collaborative Filtering) was proposed. In this algorithm, the adaptive soft margin was added and the second order online
optimization methodology was used to solve online collaborative filtering problems. Finally, several experiments with four real — world
datasets was conducted compared with some similar algorithms on the Spark stream processing recommendation framework. The results
show that the new algorithm can timely handle dynamic change of users and items, promoting the real-time and accuracy of recommenda-
tion, reducing cost of computation, increasing robustness to noise data.
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