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Figure 1 Schematic diagram of sensitivity based pruning algorithm
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Table 1 Experimental results of VGG-16 model on

CIFAR-10 with different algorithms

g PP SR it () FLOPS AR
GAL 93.96 92.03 1.93 39.0
VarP 93.96 93.18 0.78 39.1
SSS 93.96 93.02 0.94 41.6
A3 93.70 93.69 0.01 429
GAL 93.96 90.73 3.23 452
HRank 93.96 93.43 0.53 53.5
AL 93.70 93.17 0.53 54.1
HRank 93.96 92.34 1.62 65.3
AL 93.70 92.24 1.46 65.8
A3 93.70 91.99 1.71 70.1

ResNet34B Ay sEgG 45 e Lo fifR . 5
GM 7 SFP''5" | DMC >/, NPPM ' 257 B
Lo, ASSCHE AT DL 2 AR 28 TS R4S, ]
X R 28 PE BRI SE A e /N o o1, AR SCRT LA b
48.9%HFLOPsIH RIS, AEAURSEEMERE KR FR0.23%.
S HABBTAR AL, AN ST EResNet34 BT AL
THZFLOPs, [RIERIERE T Ff /b,

# 2 AREEEITResNet34#&E fEImageNet L HISLIG 75 R
Table 2 Experimental results of ResNet34 model on

ImageNet with different algorithms

L et (o) O T
GM 73.92 72.63 1.29 41.1
SFP 73.93 71.84 2.09 41.1
DMC 72.57 72.26 0.31 434
NPPM 73.30 73.01 0.29 44.0
ES'S 72.83 72.60 0.23 489
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Table 3 Ablation experiment

REFEE KK (%) S80E% (%) FLOPs 45 (%)
BB 1.91 48.20 47.32
ES'S 0.00 50.65 475
FEAILI T 235 55.79 58.63
ES'S 0.82 59.31 59.96
FfAI LI 4.65 68.44 71.64
ES'S 2.12 74.35 72.23
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Channel Pruning of Convolutional Neural Network based on
Sensitivity

Yang Chenbin
Jiangsu Police Institute, Nanjing

Abstract: Convolutional neural networks (CNNs) have a large number of redundant parameters from the
convolutional layer to the fully connected layer. Model pruning is an optimization technique used to reduce the
memory consumption and floating-point operations (FLOPs) of deep convolutional neural network models.
By removing “unimportant” weights from the model, it reduces the number of parameters and computation,
while ensuring that the accuracy of the model is not affected as much as possible, achieving the best balance
between parameter quantity and model performance. However, for the case of higher pruning rate, current
channel pruning methods often use the norm the channel as the criterion of pruning, and lack the corresponding
theoretical support. It is difficult to achieve the ideal pruning effect, which will lead to a significant decline in the
accuracy of the compressed model. To solve this problem, this paper proposes a new channel pruning method
based on sensitivity measurement, which uses second-order sensitivity as a criterion to measure the importance
of channels. Through theoretical derivation, the traditional sensitivity calculation is extended from weight to
channel, and it is proved that the sensitivity of the entire channel can be quantified by the sum of the weight’s
sensitivity in the channel, and then the insensitive channel can be deleted to complete the channel pruning.
Experiments on a variety of different CNNs architectures show that our paper can significantly improve the
pruning rate while losing a small amount of accuracy. For example, with a slight loss of accuracy, FLOPs on
the CIFAR-10 dataset were reduced by more than 60%. Additionally, on the ImageNet dataset, ResNet34-based
pruning reduces FLOPs by 52.1% while losing only 0.23% accuracy.

Key words: Convolutional neural networks; Channel pruning; Sensitivity
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