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[ Abstract] The existing pruning algorithms for Convolutional Neural Network(CNN) models exhibit a low accuracy in
evaluating the importance of parameters by relying on their own parameter information, which would easily lead to
mispruning and affect the performance of model.To address the problem, an improved pruning method for CNN models
is proposed. By training the model with sparse regularization, a deep convolutional neural network model with sparse
parameters is obtained. Structural pruning is performed by combining the sparsity of the convolution layer and the BN
layer to remove redundant filters. Experimental results on CIFAR-10, CIFAR-100 and SVHN datasets show that the
proposed pruning method can effectively compress the network model scale and reduce the computational complexity.
Especially on the SVHN dataset, the compressed VGG-16 network model reduces the amount of parameters and FLOPs
by 97.3% and 91.2% ,respectively, and the accuracy of image classification only loses 0.57 percentage points.
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Fig.1 Pruning procedure of convolutional neural network model based on sparse regularization
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Table 1 The test results of TopS accuracy on CIFAR-10 dataset

AR DY R /% SR S % FLOPs FLOPs J# 2> 3 /% VT /% WER AR AN EH 53 55
0 1.47x10’ — 3.07x10" — 93.13 —
VGG-16
70 2.31x10° 84.3 1.61x10" 47.6 92.93 -0.20
0 5.93x10° — 8.71x10° — 93.04 —
ResNet-56 B
40 3.56x10° 40.0 3.70x10° 57.5 93.02 -0.02
0 1.15%x10° — 1.67x10" — 93.53 —
ResNet-110
40 6.58%10° 428 7.01x10° 58.0 93.60 +0.07
0 1.07x10° — 2.81x10" — 93.89 —
DenseNet-40
40 6.58%10° 38.5 1.74x10" 38.1 93.55 -0.34
Fz2 FEHIEEE CIFAR-100 L TopS EFREN XL R
Table 2 The test results of TopS accuracy on CIFAR-100 dataset
R B AT /% ZHE SR R% FLOPs FLOPs it /b /% WM/ % MR AR/ H 43R
0 1.48x107 — 3.07x10"° — 71.6 —
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40 4.44x10° 27.9 4.37x10° 49.8 70.7 -0.7
0 1.17x10° — 1.67x10" — 74.6 —
ResNet-110
40 8.27x10° 415 8.12x10° 51.4 74.2 -0.4
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40 7.01x10° 36.8 1.90%x10" 324 73.9 -0.2
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Table 3 The test results of TopS accuracy on SVHN dataset
% YA R /% SR R E% FLOPs FLOPs i /b R /% WERR /% HERRAR /A E 2 a8
0 1.47x107 — 3.07x10" — 95.84 —
VGG-16
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0 1.07x10° — 2.81x10" — 96.12 —
DenseNet-40 40 6.78%10° 36.6 1.82x10" 35.2 96.12 0.00
60 4.74x10° 55.7 1.34x10" 52.3 96.12 0.00
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Fig.2 The influence of different regularization coefficients on model training effect
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