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Adaptive Dynamic Filter Pruning Approach Based on Deep Learning

Chu Jinghui, Li Meng, Lii Wei'

School of Electrical and Information Engineering, Tianjin University, 300072, China

Abstract Model compression can significantly improve the deployment of convolutional neural networks on limited-
resource devices. Filter pruning has gradually drawn attention from academia and industry as a research hotspot. The
essence of filter pruning is the selection and retention of important filters. Existing research has primarily focused on static
and interlayer filter selection, which still has redundancy in the compressed model. We propose an adaptive dynamic filter
pruning approach in this paper wherein an activation weight generation module is introduced to generate the activation
weight of each filter. The importance of filters in global convolutional layers is dynamically evaluated by embedding the
activation weight generation module in various classical networks, and the filters that extract richer information are
adaptively selected to reconstruct the pruned networks. Experiments are performed on CIFAR-10 and AUC datasets using
different convolutional neural networks, among which the proposed method has better performance than several
mainstream pruning methods on CIFAR-10 dataset. The accuracy decreased by 0.3 percentage points when the
computation was compressed by ~70% before and after pruning on the AUC dataset. Experiments on various networks
demonstrate the proposed method’s ability to generalize to different models.
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Fig. 2 Combination of AWGM and basic blocks in various networks
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Table 1 CIFAR-10 dataset
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Table 2 AUC driving behavior dataset

Category Training Test
Drive Safe 2764 922
Drinking 1209 403
Talk Right 917 306
Talk Left 1020 341
Text Right 1480 494
Text Left 975 326
Adjust Radio 915 305
Hair & Makeup 901 301
Reach Behind 869 290
Talk to Passenger 1927 643
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Table 3 Performance comparison between proposed method

and other methods on VGG16

Method Accuracy /% FLOPs /MB Parameters /MB

VGG-161 93. 96 313.73 14.98
Li® 93.40 206. 00 5. 40
HRank'" 93.43 145.61 2.51

Proposed
93.65 135.79 2.11

method(0. 75)

HRank""*’ 92. 34 108.61 2.64

Proposed
93. 14 94.35 1.53

method (0. 85)
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Table 4 Performance comparison between proposed method

and other methods on ResNet-56

Method Accuracy /% FLOPs /MB  Parameters /MB
ResNet-56 93.26 125.49 0.85
He'" 90. 80 62. 00
GAL™ 90. 36 49.99 0.29
HRank'" "’ 90. 72 32.52 0.27
Proposed method 90. 84 29.83 0.18
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Table 5

Performance comparison between proposed method

and other methods on Googl.eNet

Method Accuracy /% FLOPs /MB Parameters /MB
Googl.eNet 95.05 1.52 6.15
GAL™ 93.93 0.94 3.12
Li"" 94.54 1.02 3.51
HRank'"! 94.53 0.69 2.74
Proposed
94. 84 0.62 2.94
method
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Table 6 Performance comparison between proposed method

and other methods on DenseNet-40

Method Accuracy /% FLOPs /MB Parameters /MB
DenseNet-40 94.81 282 1.04
Zhao'™' 93.16 156 0.42
GAL™ 93.53 128. 11 0.45
HRank'*! 93.68 110. 15 0.48
Proposed method 93.1 100 0.28
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Table 7  Experimental results on VGG16, VGG-19, and
ResNet-56

Method Accuracy /% TFLOPs /MB Parameters /MB

VGG-16 95.01 15.41 40. 43
Proposed method 94. 87 4.72 14.18
VGG-19 95.08 19.58 45.74
Proposed method 95.03 4.62 28.10
ResNet-56 93.47 6.2 0.85
Proposed method 93.21 2.36 0. 37
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