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Abstract Aiming at the problems of long inference time and poor effect of the compression model obtained by
the current mainstream pruning methods, an easy-to-use and excellent layer pruning method is proposed. The
original convolution layers in the model are transformed into fusible residual convolutional blocks, and then layer
pruning is realized by sparse training, therefore a layer pruning method with engineering ease is obtained, which
has the advantages of short inference time and good pruning effect. The experimental results show that the
proposed layer pruning method can achieve a very high compression rate with less accuracy loss in image
classification tasks and object detection tasks, and the compression performance is better than the advanced
convolutional kernel pruning methods.

Key words convolutional neural network; layer pruning; fusible residual convolutional block; sparse training;
image classification
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Fig. 1 Framework of layer pruning
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Fig. 2 Residual block of ResNet and three fusible residual convolutional blocks
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Fig. 4 Prune process of fusible residual convolutional blocks
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Table 1 Overview of the datasets used in the article

bk ETillkie 25w ey S BT 25 2544
CIFAR-10 10 50000/10000 VGG-16, ResNet-56, MobileNet
ImageNet 1000 1200000/50000 ResNet-50
Oxford Hand 1 9163/1856 SSD
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Table 2 Effects of various pruning methods applied to VGG-16 on CIFAR10

AT Top-1 #iEHf3/% T EM ZHEM
ENIY5 94.15 314.29 (0.0%) 14.99 (0.0%)
ssst! 93.21 183.69 (41.6%) 3.94 (73.7%)
Zhao %20 93.37 190.56 (39.3%) 3.93 (73.8%)
AR5 (y=0.01) 93.45 138.53 (55.9%) 3.61 (75.9%)
GALPY 92.22 190.05 (39.5%) 3.37 (77.5%)
Chen 2517 92.40 171.90 (45.3%) 1.44 (90.4%)
HRank!*?! 92.53 109.17 (65.3%) 2.65 (82.3%)
AT i(y=0.1) 92.71 84.00 (73.3%) 1.18 (92.1%)

PR 45 PR B B, R T

% 3 CIFAR-10 #{#7% F ResNet-56 128 i i &5 # 5 X IR
Table 3  Effects of various pruning methods applied to ResNet-56 on CIFAR10

BRI Top-1 HEH#I /% T E/M SRR /M
RBTAL 93.69 126.55 (0.0%) 0.85 (0.0%)
L1t 93.49 91.96 (27.3%) 0.73 (14.1%)
AR5 :(y=0.001) 93.75 81.00 (36.0%) 0.61 (28.2%)
Chen %117 92.19 75.7 (40.2%) 0.42 (50.6%)
NISp&! 92.70 56.00 (55.7%) 0.41 (51.8%)
A5 :(y=0.01) 92.72 46.37 (63.4%) 0.35 (58.5%)
GALPY 90.79 51.05 (59.7%) 0.29 (65.9%)
HRank!?! 91.15 33.58 (73.5%) 0.27 (68.2%)
A (7=0.1) 91.59 33.49 (73.5%) 0.26 (68.3%)

% 4 CIFAR-10 ##E & F MobileNet 5 57 F 2 87 # 75 iR FI R
Table 4 Effects of layer pruning method applied to MobileNet on CIFAR10

LiE9iprS Top-1 HER /% /M ZHE/M
N5 92.15 47.18 (0.0%) 3.22 (0.0%)
AR5 (y =0.001) 93.03 29.77 (36.9%) 2.14 (33.5%)
ATy =0.01) 92.28 24.52 (48.0%) 2.11 (34.5%)
ARy =0.1) 90.46 16.23 (65.6%) 1.78 (44.7%)

# 5 ImageNet £{#E & I ResNet-50 # 87 f K I8 iR
Table 5 Effects of various pruning methods applied to ResNet-50 on ImageNet

LI SRS Top-11ER/% Top-51HERfIZ/% T H/B ZHEM
R BIRL 76.15 92.87 4.11 25.56
GAL-12" 71.95 90.94 2.35 21.26
AT (y=0.001) 73.88 91.30 2.17 13.63
Ssst! 74.18 91.91 2.84 18.66
HRank*? 74.98 92.33 2.32 16.21
A ICTT(y=0.01) 75.01 92.35 2.17 13.63
GAL-0.5”" 69.88 89.75 1.86 14.73
AT :(7=0.05) 69.95 90.03 1.62 11.25
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Table 6 Effects of various pruning methods applied
to SSD on Oxford Hand

E 7S mAP/% AR /M ZHE/M
RIIRL 76.55 95.04 23.76
GALPY 74.01 60.05 21.26
sssitl 74.52 58.36 20.10
HRank*! 75.12 4433 12.30
AT (y=0.01) 75.89 37.92 9.48
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Fig. 5 Experiment of sparse factor
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Table 7 Comparison of inference time between layer
pruning and convolutional kernel pruning

B 7 TR /M SRR /M FERT/s
BT R 68.5 42 2.01
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