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Abstract

As an important technical means of machine learning,deep learning has a broad application prospect. This ar-

ticle briefly described the development of deep learning.introduced convolutional neural network, restricted boltzmann

machine,auto encoder and its derived series method model,and six kinds of mainstream depth frame such as Caffe, Ten-

sorFlow, Torch. This paper also discussed the application of deep learning in image,speech, video, text and data analy-

sissanalyzed the existing problems and future trends of deep learning.providing a more comprehensive method guidance

and literature index support for beginners.
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