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Abstract

Machine learning played a more and more important role in the analysis of large data. The main
methods and techniques of machine learning under the background of large data were summa-
rized. Firstly, the basic model and classification of machine learning were introduced. Then, sev-
eral key technologies of machine learning in large data environment were described. And the ar-
ticle showed the popular four kinds of big data machine learning systems, and analyzed their cha-
racteristics. In the end, it pointed out the main research direction and the challenges of the big
data machine learning.
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Figure 1. The basic model of machine learning
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