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Abstract Distributed machine learning deploys many tasks which have large-scale data and computation in multiple ma-
chines. For improving the speed of large-scale calculation and less overhead effectively.its core idea is “divide and con-
quer”. As one of the most important fields of machine learning,distributed machine learning has been widely concerned
by researchers in each field. In view of research significance and practical value of distributed machine learning. this pa-
per gave a summarization of mainstream platforms like Spark, MXNet, Petuum, TensorFlow and PyTorch,and analyzed
their characteristics from different sides. Then, this paper made a deep explain for the implementation of machine
learning algorithm from data parallel and model parallel,and gave a view of distributed computing model from bulk syn-
chronous parallel model,asynchronous parallel model and delayed asynchronous parallel model. Finally, this paper dis-

cussed the future work of distributed machine learning from five aspects:improvement of platform,algorithms optimiza-

tion, communication of networks,scalability of large-scale data algorithms and fault-tolerance.
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