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Model Pruning Algorithm based on YOLOvV4-Tiny

CAO Yuanjie'”, GAO Yuxiang'”, LIU Haibo'*, WU Meilin'>, TU Yapei'*, XIA Chaoyu’
(1. College of Communication Engineering, Chengdu University of Information Technology, Chengdu 610225, China;2. Meteorological
Information and Signal Processing Key Laboratory of Sichuan Education Institutes, Chengdu 610225, China; 3. Second Institute of Civil Avia-
tion Administration of China, Chengdu 610041, China)

Abstract; Due to the large number of parameters and high complexity of YOLO series algorithms, a pruning method
based on the BN (batch normalization) layer is proposed. The method first adds regularization constraint training to the
scaling coefficient y and translation coefficient 8 of the BN layer, According to the parameters of the BN layer and the
contribution of each channel of the convolutional layer to the network, an appropriate threshold is set for pruning. The
proposed method comppresses the YOLOv4-Tiny model by 11 times with almost no loss of precision, reduces the compu-
tation amount by 72% , and increases the inference speed by 44% and 29% respectively under CPU and GPU proces-
sor. Experimental results show that the pruning method can compress the model, reduce the parameters and reduce the
complexity of the algorithm while maintaining the good performance of the model.

Keywords : deep learning; convolutional neural network ; YOLOv4-Tiny ; YOLOv3-Tiny ;model pruning;sparse training



