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Contrastive Study of Activation Function in Convolutional Neural Network

TIAN Juan, LI Ying-Xiang, LI Tong-Yan
(School of Communication Engineering, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: In recent years, the rapid development of deep learning has led more and more people to engage in related
research work. However, many researchers construct deep neural network models based on standard algorithms or
improved algorithms, but do not understand the algorithm itself and the factors that affect the perfo‘i‘méince of the model,
resulting in more or less blind application in many applications. By studying Ehe deep neura-l*neti?vork, the activation
function of the important influencing factors was studied. First, the activation function'is analyzed to influence the depth
neural network. Then, the development of activation function and t'h'e principle and performance of different activation
functions are analyzed and summarized. Finally, based on the Caffe framework, the CNN is used to classify and identify
MNIST data sets. Five kinds of commonly used activation functions are analyzed and compared comprehensively to
provide a reference for the selection of activation function in the design of deep neural network model.
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R BOERESEAIRET B K EE (Loss)

ERUEL () 1000 2000 3000 4000 5000 6000 7000 8000 9000 10 000
Sigmoid 0.0878851  0.061481  0.0649065 0.044663  0.0406572 0.0379906 0.0386696 0.0369739  0.035584  0.0365851
Tanh 0.0612715  0.0452039 0.0438924  0.0325609 0.0322721 0.0310355 0.0313869 0.0291581 0.0288163 0.0288428
ReLU 0.0584978  0.0414583  0.0353684 0.0307202  0.03102  0.0279192 0.0291126 0.0294737 0.0286014 0.0283891
PReLU 0.0664656  0.046216  0.0477542 0.0314019 0.0302377 0.0276379 0.0290702 0.0285754 0.0282759  0.0270029
ELU 0.0671436  0.045097  0.0402251 0.0331068 0.0349309 0.0298122 0.0337334 0.0336384 0.0319684 0.0318717

2 BIERECSIEARIREOT R AR (Accuracy)

IERIREL (1K) 1000 2000 3000 4000 5000 6000 7000 8000 9000 10 000
Sigmoid 0.9733 0.9814 0.9791 0.9866 0.9872 0.9887 0.9886 0.9886  0.9890 0.9887
Tanh 0.98 0.9853 0.9856 0.9895 0.9897 0.99 0.9895 0.9895 | 10.99 0.9909
ReLU 0.9804 0.9877 0.9887 0.9904 0.9895 0.991 0.9902 0.9902 0.9913 0.9907
PReLU 0.9777 0.9841 0.9831 0.9885 0.989 0.9903 § 0.9904 0.9904 0.9892 0.9916
ELU 0.9769 0.9846 0.9862 0.9887 0.9888 09899 0.989 0.989 0.9893 0.9897
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