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Research on Optimization Algorithm of Deep Learning
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Abstract Deep learning is a hot research field in machine learning. Training and optimization algorithm of deep lear-
ning have also been high concern and studied,and has become an important driving force for the development of artificial
intelligence. Based on the basic structure of convolution neural network,the selection of activation function,the setting
of hyperparameters and optimization algorithms in network training were introduced in this paper. The advantages and
disadvantages of each training and optimization algorithm were analyzed and verified by Cifar-10 data set as training
samples. Experimental results show that the appropriate training methods and optimization algorithms can effectively

improve the accuracy and convergence of the network. Finally,the optimal algorithm was applied in the image recogni-
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tion of actual transmission line and achieved good result.
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algorithm
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