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Abstract: With the conti
no longer meet the demand
algorithm is becoming

algorithm based on th

ansion of the amount of Internet data, traditional recommendation model can
ime recommendation. The deficiency of collaborative filtering recommendation
e obvious. For this reason, this paper proposes to build a model-based recommendation

latform of big data computing framework, in order to better deal with the problem of real-

time recommendation of mdssive data. First of all, the model is constructed through the preset calculation method, and
an improved cosine similarity algorithm is applied to the model, which can not only shorten the time of recommendation
implementation, but also improve the performance of recommendation. Experimental results show that compared with the

traditional collaborative filtering algorithm, the proposed algorithm improves the accuracy and timeliness, and verifies that

the system can better meet the real-time needs of users.
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2 Sparka#HXiTEHEZ(Spark distributed
computing framework)
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3 WFEZRGSHEDIEHERFEE(Recommendation
system and collaborative filtering

recommendation algorithm)
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5 SLISZER 45 Hr(Analysis of experimental results)
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Fig.3 Comparison graph of recall rate before and after
modifying similarity between real—time

recommendation algorithm and ItemCF
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Fig.4 Comparison graph of algorithm execution time
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Fig.5 Partial recommendation results

6 Z5it(Conclusion)
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