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Convolutional Neural Network Pruning Based on Channel«Similarity Entropy
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[ Abstract] Convolutional Neural Network (CNN) contain alargé number of filters, which occupy significant
memory resources for training and storage. Pruning filters is'an effective method to reduce the scale of networks,
free up memory, and enhance computing speed. A primary isstue with existing filter pruning methods is that they
calculate the weights of filters in isolation, preserying the'filter with the largest weight while often overlooking the
importance of smaller weights in feature extraction.’, To address this, a Filter Entropy Calculation(FEC) method
based on channel similarity is proposed. This methed involves compressing the weight tensor by its mean value, a
process whose rationality is substantiated ‘byathe structural characteristics of the filter. The similarity between
channels is assessed by calculating the\distance of filter channels, and filter entropy is determined based on this
similarity. Filters are then ranked by their entropies, and a specific proportion of filters with lower entropy is
removed. The experimental design uses different pruning ratios for different convolutional layers. Networks such
as VGG-16 and ResNet-34 are pruned using the CIFAR10 and ImageNet standard datasets. Experimental results
indicate that while the original aecuracy is largely preserved, the number of parameters is reduced by approximately
94% and 70% ., respectivelym Additionally, on the Single Shot multibox Detector (SSD) framework, parameters
decreased by 55. 72%, and the mean Average Precision(mAP) improved by 1. 04 percentage points.
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Table 1 Experimental results with VGG-16 pruning/ratios set to 80% on the CIFAR10 dataset

CL_X Filters/4> Acc+ Parameter/10° Parameter v /% FLOPs v /%
CL_13 103 0.008 2+ 13. 17 13.75 13.51
CL_12 103 0.001 8+ 10. 90 28.62 28.57
CL_11 103 0.011 1+ 8. 64 43.42 43. 24
CL_10 103 0. 0028+ 6. 37 58. 28 58. 30
CL_9 103 0. 014 6-+ 4.11 73.08 73.09
CL_8 103 0. 015 5+ 2.78 81.79 81.78
CL_7 52 0.011 1+ 2.12 86.12 86. 10
CL_6 52 0. 007 3— 1. 56 89.78 89. 85
CL_5 52 0.003 4+ 1.22 92.01 92.01
CL_4 26 0. 003 6— 1. 06 93. 06 93.09
CL_3 26 0.039 1— 0. 98 93. 58 93.63
CL_2 13 0. 069 6— 0.93 93.91 93. 90
CL_1 13 0. 042 8— 0.93 93.91 93.94

#& 2 CIFARIO B#EE E VGG-16 HBTLLBIIZE A 80%-70%-60% K KI5 R
Table 2 Experimental results with VGG-16 pruning ratios set to 80%-70%-60% on the CIFAR10 dataset

CL_X Filters/4> Acc Parameter/10° Parameter v /% FLOPsvy /%
CL_4 39 0.017 0— 1. 08 92.93 92.93
CL_3 39 0. 000 6+ 0. 99 93. 52 93. 47
CL_2 26 0. 053 0— 0. 96 93.71 93.71
CL_1 26 0.026 4— 0.95 93.78 93.79

R LI, A B BUZEMER T 80 % 1y U
WAk, SRR WD T 93, 91%, HEHH R T
0.042 8, FLOPs i /0> T 93. 94%., % 2 N &F
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Bl B 60%, 25 R B RMNE S HE WD T
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Table 3 Experimental results with VGG-16 pruning ratios set to 80%-60%-50% on the CIFAR10 dataset

CL X Filters/A4~ Acc+ Parameter/10° Parameter v /% FLOPs v /%
CL_4 52 0.020 0— 1. 10 92. 80 92. 82
CL_3 52 0.001 5— 1. 02 93.32 93.32
CL_2 32 0.042 9— 0.99 93.52 93. 55
CL_1 32 0.028 4— 0. 98 93.58 93.63

F 4 CIFARLO #HEE E VGG-16 R BTLLBIIZ E 5 80%-50%-40% LI 45 R
Table 4 Experimental results with VGG-16 pruning ratios set to 80 %-50%-40% on the CIFAR10 dataset

CL_X Filters//> Acc+ Parameter/10° Parameter y /% FLOPsY /%
CL_4 64 0.007 5— 1. 12 92. 67 92.70
CL 3 64 0. 000 6— 1. 05 93.12 93. 17
CL_2 39 0.010 6— 1.02 93. 32 93. 36
CL_1 39 0.035 4— 1.01 93. 39 93. 44
[FFE, R 3. FAWMARF £ 1 CL_5~CL_13 0.86 |
AIZE R, 23 K CL_4.CL_3 By 87 L0 & 085
60%.50% % CL_2.CL_1 Hy# 5T 1L )i & H 08ty
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Fig.3 Comparison of accuracy under different pruning ratios
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Table 5 Comparison of experimental results on CIFAR10 dataset after VGG-16 pruning

Pruning methods Error/ % Acc+ Parameter/10° Parameter v /% FLOPs Y /%

FEC(80%) 6.92 0. 04— 0.93 93.91 93. 94

FEC(80%-70%-60%) 6. 26 0. 03— 0.95 93.78 93.79

FEC(80%-60%-50%) 6.43 0.03— 0.98 93.58 93. 63

FEC(80%-50%-40%) 6. 85 0. 04— 1.01 93.39 93. 44
L-OBS 7.89 0.85— 1.21 92. 24 —

LWM 6.75 0.13+ 5. 40 64. 00 34,00

Dirichlet 8.63 0.78— 0.73 95. 32 37.58

GAL 7.97 1. 93+ 3.36 77. 60 39. 60

LFC 7.02 0.51— — — 81.93

HRank 6.79 0.02— 1.78 92. 00 76. 50
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3 6 ImageNet HIEE E VGG-16 HBILLHIIZE A 80%-70%-60% K KA 4R
Table 6 Experimental results with VGG-16 pruning ratios set to 80%-70%-60% on the ImageNet dataset

CL_X Filters/4> Acc+ Parameter/10° Parameter v /% FLOPs v /%
CL_8~CIL_13 103 0.021 0— 2. 86 82.23 85. 36
CL_5~CL_7 52 0.016 0— 1. 29 91. 99 93.43

CL_3.CL_4 64 0.114 1— 1.05 93. 48 95.78
CL_1.CL_2 39 0.110 0— 0. 99 93. 85 96. 27

h T BAE FEC 7 76 N [ 2 400ORn &2 4 R 1Y)
BAEE LXF VGG-16 W 45 38 59 L 3% & 1Y — 20,
7 ImageNet ZHE 4 LA/ 98 K B 80 %6-60 %6-50 Y6 il
80 %6-50%6-40 Y0 2L BY LB E AT 5056 . SLER 5 R B
7R Y E T LR E N 80%6-60 %0-50 % i, Ace /b
T 0.133 8, 43K 5 b5l 15 Bk 80 %6-50%6-40 Y6 B
Acc I8/ T 0. 224 1, BV H AP &R 8T RURAR 5 IR IR
80 %-70%-60% & .+ 80%-60%6-50% K . 80%-
5026-40 Vot 22 . W45 SR 5 7E CIFARLO 4 4 Y
SERGRORE— B, MY LB 5 B 80%6-70%-60%
I, VGG-16 [ 28 1k 5 25 SRAR X fe

IR SRR, X TR AR 4 FEC JridkA)
SRELATARNE , B0 AR RSO R B 1 RS T A/
3.2 ResNet # 57
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ResNet 7822 2% , 5% 22 W 25 FHAE T VGG B 1 5%
2B, ResNet-34 SHUE I VGGH16 B§ £, H N 4
WEHE S, LI HIEYE ResNet-34 /1 a0 Hr #E & FH
2 AR R 22 e 4548 . IS4 Epoch X B H
500, 2% 3 YL 0. 000udt I L3S U 5 2% R
5. R O e R AL BT B L T B S8,
FEF R PRI 2 1E U A 30 42 o S 80, U8 4
T B Hlefi] AR B T 4 MR G, R 7
CLX Wil R 80% , % 8 45l CL_30~
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80%4-50%-40%-30%,

%7 CIFARIO #HE%_E ResNet-34 BT LLGIIE B H 80%HIERER
Table 7 Experimental results with ResNet-34 pruning ratios set to 80% on the CIFAR10 dataset

CL X Filters/4~ Acc+ Parameter/10° Parameter v /% FLOPsv /%
CL_35 103 0.163 5+ 17. 54 17. 69 17. 68
CL_33 103 0.177 5+ 13. 77 35.38 35. 36
CL_30 103 0.176 6+ 10. 94 48. 66 48. 62
CL_28 52 0.119 9+ 9.99 53.12 53. 04
CL_26 52 0. 170 6+ 9. 06 57.48 57.46
CL_24 52 0.151 4+ 8.12 61. 89 61. 88
CL_22 52 0. 180 2+ 7.18 66. 31 66. 30
CL_20 52 0.179 3+ 6. 24 70. 72 70.72
CL_17 52 0.179 6+ 5.53 74. 05 74.12
CL_15 26 0.176 9+ 5.29 75.18 75.41
CL_13 26 0. 170 5+ 5. 06 76. 26 76. 24
CL_11 26 0.111 7+ 4. 82 77.38 77.35
CL_8 26 0. 098 0+ 4. 65 78.18 78.18
CL_6 13 0. 157 7+ 4.59 78. 46 78.45
CL_4 13 0.122 7— 4.53 78. 74 78.73
CL_2 13 0.108 4+ 4.47 79.02 79.01
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#& 8 CIFARIO ##EE F ResNet-34 F B LB E 8 80%-70%6-6020-50 %K) LI L5 R
Table 8 Experimental results with ResNet-34 pruning ratios set to 80%-70%-60%-50% on the CIFAR10 dataset

CL_X Filters/4> Acc+ Parameter/10° Parameter v /% FLOPs ¥ /%
Conv_28 77 0. 098 6+ 10.11 52. 56 52.49
Conv_26 77 0.189 3+ 9.29 56. 41 56. 35
Conv_24 77 0.188 6+ 8. 46 60. 30 60. 22
Conv_22 77 0.189 2+ 7.64 64.15 64.09
Conv_20 77 0.188 4+ 6.81 68. 04 67.96
Conv_17 77 0.180 9+ 6.19 70. 95 70. 99
Conv_15 52 0.184 1+ 6.02 71.75 71. 82
Conv_13 52 0.181 3+ 5. 84 72. 60 72. 65
Conv_11 52 0.182 0+ 5. 67 73. 39 73.48
Conv_8 52 0.183 7+ 5.53 74. 05 74. 03
Conv_6 32 0.181 6+ 5. 49 74. 24 74.12
Conv_4 32 0.176 0+ 5. 46 74. 38 74, 42
Conv_2 32 0.177 0+ 5.42 74,57 74. 60

&9 CIFARIO H#EE E ResNet-34 HBTLL 1R B A 80%-60%-50%-40% K K16 25 R
Table 9 Experimental results with ResNet-34 pruning ratios set to 80%-60%-50%-40% on the CIFAR10 dataset

CL_X Filters//> Acc+ Parameter/10° Parameter v /% FLOPs vy /%
Conv_28 103 0.174 1+ 10. 23 51.99 51. 93
Conv_26 103 0.177 1+ 9.63 55. 28 55. 25
Conv_24 103 0.185 8+ 8. 82 58. 61 58. 84
Conv_22 103 0.177 8+ 8.12 61. 90 61. 88
Conv_20 103 0.186 1+ 7.41 65. 23 65.19
Conv_17 103 0.184 6+ 6.88 67.71 67. 68
Conv_15 64 0.179 7+ 6.73 68. 42 68. 51
Conv_13 64 0.172 5+ 6.58 69.12 69. 06
Conv_11 64 051798+ 6. 44 69. 78 69. 89
Conv_8 64 0.185 6+ 6.33 70. 30 70. 44
Conv_6 39 0.171 8+ 6.29 70. 48 70. 50
Conv_4 39 0.180 8+ 6.27 70. 58 70. 64
Conv_2 39 0.175 9+ 6. 24 70. 72 70. 77

R 10 CIFAR10 ##E%E £ ResNet-34 FBTLL 5% B 5 8020-5020-40%-30% K LK 5 R
Table 10 Experimental results with ResNet-34 pruning ratios set to 80%-50%-40%-30% on the CIFAR10 dataset

CL X Filters/4~ Acc+ Parameter/10° Parameter v /% FLOPsvy /%
Conv_28 128 0. 186 6+ 10. 35 51.43 51.38
Conv_26 128 0. 148 2+ 9.76 54. 20 54.14
Conv_24 128 0.175 9+ 9.17 56. 97 56.91
Conv_22 128 0. 165 8+ 8. 58 59. 74 59. 67
Conv_20 128 0. 186 4+ 7.98 62. 55 62.43
Conv_17 128 0.182 1+ 7.55 64. 57 64. 64
Conv_15 77 0.179 0+ 7.43 65.13 65.19
Conv_13 77 0. 191 8+ 7.31 65. 70 65. 75
Conv_11 77 0. 152 8+ 7.19 66. 26 66. 30
Conv_8 77 0.185 3+ 7.10 66. 68 66. 85
Conv_6 45 0.168 7+ 7.08 66.78 66. 89
Conv_4 45 0.184 2+ 7.06 66. 87 66.91
Conv_2 45 0. 184 0+ 7.04 66. 96 67.02
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Table 11 Experimental results with ResNet-34 pruning ratios set to 80%-50%-40%-30% on the ImageNet dataset

CL X Filters//> Acc+ Parameter/10° Parameter ¥ /% FLOPsy /%
CL_30~CL_35 103 0.0610+ 11. 54 45.97% 48. 89
CL_17~CL_28 128 0.2761+ 6. 42 69.93% 70. 78
CL_8~CL_15 77 0. 0840+ 5.56 73.97% 75. 69

CL_2~CL_6 45 0. 1140+ 5.41 74.67% 76. 58

AL AR MER B Z M 4% VGG-16 LU K%
ZELEHE 2% ResNet-34 (1S5 45 A, 45 H 78 52 PRk
TR CNN #57 i, w] DL e P2 U8 I A4 4K
HUCE AN F] Y LI Ik 12 R

R12 BEB[PENEEFLILGIEE
Table 12 The number of filters corresponds to

the pruning ratio %
Filters//> Pruning ratio
1024 70~80
512 70~80
256 50~170
128 40~60
64 30~40

G TR 28 I 2 U8 1 2 A0 Y I B — BRI 4
AT E N 64.128.256.512.1 024 %H . H B frwk
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VOC2007 B8 £ 4 20 AN, 1 DL I 3% bF 1
Aeroplane, Bicycle, Bird, Boat 25285, #] i SSD
ISR 2. 629 X 107, 45 FE H{E (mAP) 2l
76. 030, ¥ R 12 U I AR EIO0 N e /N LU B 64 7
oy, oy & B2 WA Ik 13 pros. Hof,
“Before pruning” 1 After pruning” %) 43 7|k % 57
MG & BRZ Mg N 8E . o FEC JrikiE M
THRUEBRSGEH, T LA SSD i R BT bR FUR

SSD 87 2 Ja S E i/ R 1. 164 X107, EHr
HEFT &I 25 S5 155 mAP K 77. 07% ., BiTES
BAFRIR T 55.72% . mAP #2585 7 1. 04 D43,
UL BRI S B AER KITA R FEC J7iE
BRITTA SO0 246 354798 B g [ s mT DAOR A5 I 45 1
PERE.

R 13 SSD RERIFRIRIKARLHE
Table 13 Number of filters before and after pruning SSD
BN A

CL_X Before pruning After pruning
CL_1 64 45
CL_2 128 77
CL_3 256 128
CL_4 512 154
CL_5 512 154
CL_6L1 256 128
CL_6_2 512 154
o, 75 128 77
CL7.2 256 128
CL/8_1 128 77
CL 8 2 256 128
CL_9_1 128 77
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