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Pruning Method of Convolutional Neural Network Model with Weak Layer Penalty
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(Faculty of Electrical Engineering:and Computer Science ,Ningbo University, Ningbo, Zhejiang 315211, China)

[Abstract] The extensive demand ‘of convolutional neural networks for memory and computation makes it difficult to
deploy them in resource-constrained embedded devices.To minimize the resource consumption of the deep convolutional
neural network model during the inference process, this study introduces a-criterion for judging the importance of the
convolution kernel, based on the geometric median and further proposes-a structured, non-uniform pruning method for
convolutional neural network models with weak layer penalty. First, using the Euclidean distance, the algorithm
calculates the information distance for each layer of the convolution kernel. Then, the data distribution characteristics of
the information distance of each convolutional layer are used-to identify the weak layers, and a normalization function
based on the contribution degree is proposed to eliminate the difference between layers while weakening the redundant
layers.Second, the importance of the convolution kernel is evaluated at the global level, and the global mask technique is
used to achieve dynamic pruning. The experimental results on the CIFAR-10, CIFAR-100, and SVHN datasets
demonstrate that compared with SFP,PEEC, FPGM, and MIL pruning methods, the proposed method prunes the VGG16
single-branch, Resnet multi-branch, and Mobilenet-v1 lightweight network models, effectively reducing the number of
model parameters and Floating Points of Operations(FLOPs) while ensuring that the loss of precision is small.
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Fig.1 Pruning procedure of convolutional neural network model
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Fig.2 Relationship of information distance and standard

deviation of convolution kernel
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Fig.4 Model accuracy of Resnet110 on CIFAR10 dataset
under different FLOPs
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Table 5 Model accuracy under different importance

judgment thresholds %
CIFAR-10 %4 45 CIFAR-100 % ¥ 4
Hom
AAV&.H =S Std, AAVR.H 2 AAng N SS'dm AAvgau/z
Resnet32 92.44+0.3 92.70+0.3 68.19+0.3 69.19+0.3
Resnet56 92.78+0.2 93.15+0.3 68.24+0.2 69.98+0.1
Resnet110 93.35+0.3 93.62+0.3 71.39+0.3 71.67+0.2
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