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Research-on Weight Initialization Method in Deep Learning

XING Tongtong, SUN Rencheng, SHAO Fengjing, SUL Yi
(School of Computer Science and Technology, Qingdao University, Qingdao,;Shandong 266071, China)

[ Abstract] The essence of deep neural network training is the constant adjustment of the initial weight, and the entire
training process is time consuming and requires a large amount of data.Most pretraining networks are essentially trained
weight data. If the weight distribution rules of pretraining networks are identified and untrained networks can be
initialized using these rules, then the network training time can-be reduced.In this study, the probability distribution
analysis of the pre-training model weights of AlexNet and ResNet18,0on the ImageNet dataset is performed; the result
shows that the weight distribution exhibits the characteristics of a-one-sided power law distribution. Subsequently, the
double logarithm fitting method is used to verify that the one-sided distribution of weight obeys the truncated power law
distribution. Combining the distribution law with the regularization idea to prevent overfitting, an initialization method
fora Normalized Symmetric Power Law (NSPL) distribution is proposed. Subsequently, the normal and uniform
distribution methods initialized by He on the AlexNet and ResNet32 networks are compared experimentally on the
CIFAR10 dataset.The experimental results-show that the convergence rate of the NSPL distribution initializing method is
higher than those of the two abovementioned initializing methods, and that ResNet32 achieves higher accuracy.

[ Key words] deep learning ; Convolutional Neural Network( CNN) ; pre-training model; weight initialization ; symmetric
power law distribution
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