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Research on channel pruning method based on attention mechanism
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Abstract: On the basis of the existing pruning algorithms appearing the pruning rate is difficult to determine, poor adaptability for
different tasks and architectures and other problems, a channel pruning method based on the attention mechanism is proposed. The
algorithm integrates the self —attention mechanism in transformer and the channel attention mechanism in SENet, and utilizes the
attention weight after its activation as an indicator of the importance of pruning channels, so that the network can effectively focus on
the key information. Then a corresponding threshold is set to differentiate the number of redundant channels in the network. The
proposed algorithm decreases the number of parameters by 12. 57(M) and the number of FLOPs ( floating point operations) by 56%
on CIFAR- 10 for the original VGG - 16 network, which shows superior performance compared to the latest channel pruning
methods, and the number of FLOPs in the network can be significantly reduced to achieve the highest accuracy with the minimum
number of parameters.
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Fig. 2 Improved channel pruning algorithm
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Table 1 Comparison table of the number of channels in each layer
of VGG-16 before and after cropping on the CIFAR-10

dataset
ERZ IR SRR SRR/ %
Convl_1 64 33 48
Convl_2 64 34 46
Conv2_1 128 65 49
Conv2_2 128 61 52
Conv3_1 256 118 53
Conv3_2 256 121 52
Conv3_3 256 139 47
Conv4_1 512 281 45
Conv4_2 512 361 29
Conv4_3 512 369 27
Conv5_1 512 307 40
Conv5_2 512 373 27
Conv5_3 512 410 19
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Table 2  Performance comparison of the proposed method with

other methods on VGG16

Tk Top—1 Accuracy/ % Parameters/ M FLOPs/ M

VGG-16 93.02 14.73 314. 69
SCHR[7] 92.03 2.56 145. 61
SCHR[15] 93.02 3.95 183. 11
SCik[ 16] 92.03 3.38 189.76
Sk 17] 93.11 2.34 154. 19
ART5 92. 94 2.16 137.39
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Fig. 4 ResNet56 pruning rates by layer on the CIFAR-10 datasets
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Table 3  Performance comparison of the proposed method with

other methods on ResNet56

Tk Top—1 Accuracy/ % Parameters/ M FLOPs/ M

ResNet56 93.24 0.85 126.32
SCHR[ 7] 91.94 0.27 35.63
HK[16] 91.55 0.29 50. 11
SCHR[ 18] 93.02 0.73 90. 31
k[ 19] 93.04 0.72 90. 04
ARSI 92.78 0.25 34.24
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Table 4 Comparison table of the number of channels in each layer
of VGG-16 before and after cropping on the CIFAR-100

dataset

LBRZ JFAREER  STAUREES TR/ %
Convl_1 64 41 35
Convl_2 64 63 1.5
Conv2_1 128 120 6.2
Conv2_2 128 124 3.1
Conv3_1 256 198 22
Conv3_2 256 236 7.8
Conv3_3 256 256 0
Conv4_1 512 201 60
Conv4_2 512 239 53
Conv4_3 512 314 38
Conv5_1 512 361 29
Conv5_2 512 402 21
Conv5_3 512 396 22
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Fig. 5 ResNet56 pruning rates by layer on the CIFAR - 100
datasets
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Table 5 Performance comparison of the proposed method with

other methods on VGG16

Tk Top—1 Accuracy/ % FLOPs/ M
VGG-16 73. 64 313.787
SCHR[17] 73.14 238.610
SCHKk[19] 71.32 219. 148
k[ 20] 71.75 178. 860
k[ 21] 73.61 219.330
ES @ik 72.87 163.410
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Table 6 Performance comparison of the proposed method with

other methods on Resnet56

VRS Top-1 Accuracy/ % FLOPs/ M
ResNet56 71.41 172.27
SCHk[22] 68.79 59. 14
SCHk[23] 69. 65 59.52
SCHR[24] 70. 82 61.35
k[ 25] 70. 63 67.47
ARITr 70.79 57.21
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