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Abstract

Although progress and rapid development of the Internet also brought a lot of network data flow,
the following is the comprehensive storage of data, data comprehensive calculation and data
analysis and many other problems. With the complexity and diversification of various business
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systems, the requirements for the effectiveness of data analysis have become increasingly high. In
the past, most offline analysis commonly used is no longer applicable to today’s production needs.
Now the data recommendation system is requested to have a higher demand in real time. As a
popular recommendation algorithm at present, the recommendation algorithm based on matrix
decomposition is obviously superior to other algorithms in terms of accuracy and accuracy of
prediction. However, the traditional matrix decomposition method has the problems of slow
computation speed and insufficient computation resources when dealing with large-scale data. As a
popular streaming data processing framework, Flink big data framework has obvious advantages in
iterative computation and streaming data processing. In this paper, matrix decomposition method is
combined with Flink processing. On the basis of the original matrix decomposition recommendation
algorithm, an optimization model of matrix decomposition algorithm based on Flink is proposed
to solve the bottleneck of matrix decomposition in the big data environment.
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Figure 2. Comparison of training time of matrix decomposition model in different iteration times
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