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Abstract Recently, the artificial intelligence deep learning field has been hard to commercialize due
to the high computing power and the price problem of computing resources. In this paper, we
apply a double pruning techniques to evaluate the performance of the in-depth neural network and
various datasets. Double pruning combines basic Network-slimming and Parameter-prunning. Our
proposed technique has the advantage of reducing the parameters that are not important to the
existing learning and improving the speed without compromising the learning accuracy. After
training various datasets, the pruning ratio was increased to reduce the size of the model.We
confirmed that MobileNet-V3 showed the highest performance as a result of NetScore performance
analysis. We confirmed that the performance after pruning was the highest in MobileNet-V3
consisting of depthwise seperable convolution neural networks in the Cifar 10 dataset, and VGGNet
and ResNet in traditional convolutional neural networks also increased significantly.
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Fig. 1. Basic Pruning Principle Structure in Deep Learning
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Table 1. Information about the size of the dataset
to be applied in this paper, and the
number of training and test data

Train Test Label Input Size
Cifar10 50,000 10,000 10 32X 32X3
Cifar100 50,000 10,000 100 32X 32X3
Fer2013 28,709 7,178 7 48 X 48 X1
Fer+ 28,561 7,163 8 64 <64 <1

3.1.1 Cifar(Canadian Institute For Advanced
Research) Dataset

Cifar 10, Cifar 100 < g<5Hlo]Eet HAE Ho]
E7 EYSHA| L, FlojEo] tE TolH = Sk FolE
o] gy Aol FFZ WA =A] Yotk 7] ffste] A
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Fig. 3. Cifar 10 dataset example

3.1.2 FER(Facial Emotion Recognition) Dataset

FER2013(Facial Emotion Recognition 2013)3}
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Fig. 4. Data Distribution of FER2013 Dataset
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Fig. 5. Noisy Data of FER2013 dataset
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MobileNet[6], MobileNet-V2[5], MobileNet-V3[4]
£ 280191, gRtd o AR AF AW 2
L VGGNet19[8], ResNet18[10] Z&S H-L3}9ic}.

3.2.1 VGGNet

VGGNet2E&2 [LSVRC2014°4 232 3x337]
o] P& AATZ ol&sto] AR MEYAR, #+d
o] dot= AT, oA T AEo] HAETH= FHo|
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(Fully Connected Layer)& A9 ¥ E3(Global
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3.2.2 ResNet
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3.2.3 MobileNet-V1
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325 MobileNet V3 Pt ol #H8slH, SGD(Stochastic Gradient

MobileNet-V32@2 < MNasNet[26] 221} Descent)E 28311 UA A&sjA SRt E7} 05 E
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Table 2. Basic performance results for data sets and deep leaming networks to be applied before experiment

Dataset Network Parameter(Million) Top-1 Error Top-5 Error
Cifar10 MobileNet-v1 3.41 9.53 0.30
Cifar10 MobileNet-v2 4.44 9.16 0.33
Cifar10 MobileNet-v3 2.862 23.86 1.61
Cifar10 VGG19 40.06 6.31 0.34
Cifar10 ResNet18 22.165 5.05 0.18
Cifar100 MobileNet-v1 6.5 325 0.10
Cifar100 MobileNet-v2 4.67 31.9 8.92
Cifar100 MobileNet-v3 2.97 57.03 25.71
Cifar100 VGG19 40.11 27.85 10.53
Cifar100 ResNet18 22.21 24.04 7.38
Fer2013 MobileNet-v1 6.41 3156 1.65
Fer2013 MobileNet-v2 4.43 31.43 1.0
Fer2013 MobileNet-v3 2.85 39.96 1.76
Fer2013 VGG19 40.06 29.95 2.35
Fer2013 ResNet18 22.16 28.29 2.33
FerPlus MobileNet-v1 6.41 17.24 0.01
FerPlus MobileNet-v2 4.43 17.63 0.81
FerPlus MobileNet-v3 2.85 21.60 0.75
FerPlus VGG19 40.06 16.36 0.91
FerPlus ResNet18 22.17 16.52 1.08
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Aro] 191t} Fer2013, ResNet18EEo] A5 o]
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Table 3. NetScore and Effciency result in case of parameter pruning step—by-step (80%, 90%, 95%) after training
MobileNet-v1, v2, v3, VGGNet19, ResNet18 models for Cifar10, Cifar100, Fer2013, and Ferplus datasets

Dataset Network Non-Prunning pruned rate: 0.8 pruned rate: 0.9 pruned rate: 0.95 Efficiency
MobileNet-v1 106.86 122.47 128.83 136.45 128%
MobileNet-v2 110.68 126.11 132.07 117.07 119%
Cifar10 MobileNet-v3 134.33 142.65 144.41 145.43 108%
VGGNet19 68.64 84.72 91.48 11.13 133%
ResNet18 84.70 100.37 106.48 111.65 132%
MobileNet-v1 71.65 109.17 113.62 95.66 159%
MobileNet-v2 75.57 113.71 111.48 26.54 150%
Cifar100 MobileNet-v3 100,97 117.49 110.14 120,02 109%
VGGNet19 58.17 73.93 65.17 -41.06 127%
ResNet18 73.55 87.89 92.11 90.53 125%
MobileNet-v1 87.48 103.13 109.27 101.74 125%
MobileNet-v2 91.30 106.67 108.35 78.49 119%
Fer2013 MobileNet-v3 119.41 127.91 129.71 130.87 110%
VGGNet19 48.97 64.72 62.97 24.34 132%
ResNet18 65.61 81.11 86.36 87.80 134%
MobileNet-v1 66.30 105.02 111.36 102.26 168%
MobileNet-v2 69.86 108.55 112.77 92.82 161%
Ferplus MobileNet-v3 127.43 135.94 137.49 134.16 108%
VGGNet19 50.25 66.03 69.67 49.21 139%
ResNet18 66.49 82.03 87.95 92,92 140%
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Table 4. NetScore and Effciency results when channel slimming (30 to 80%) is carried out step by step for the

MobileNet-v1, v2, v3, VGGNet19, and ResNet18 models for the Cifar10, Cifar100, Fer2013, and Ferplus datasets

Non runed runed runed runed runed runed -

Dataset network Prunning rgte: 0.3 rgte: 0.4 rgte: 0.5 rSte: 0.6 rgte: 0.7 rgte: 0.8 Efficiency
MobileNet-v1 106.86 118.13 123.05 90.4 90.59 - - 115%
MobileNet-v2 110.68 11217 117.56 90.85 - - - 106%
Cifar10 MobileNet-v3 134.33 138.91 139.94 76.12 - - - 104%
VGGNet19 68.64 78.51 82.40 93.18 83.43 - - 135%
ResNet18 84.70 91.59 94.21 93.16 109.97 - - 129%
MobileNet-v1 71.65 105.86 11.21 58.59 8.2 - - 155%
MobileNet-v2 75.57 105.46 107.55 68.29 - - - 142%
Cifar100 MobileNet-v3 109.97 114.21 11512 42.62 - - - 104%
VGGNet19 58.17 67.66 69.85 14.55 - - - 120%
ResNet18 73.55 78.18 - - - - - 106%
MobileNet-v1 87.48 97.81 102.54 68.45 61.71 59.07 - 117%
MobileNet-v2 91.30 98.31 100.51 0.6858 - - - 110%
Fer2013 MobileNet-v3 119.41 123.80 124,57 - - - - 104%
VGGNet19 48.97 58.23 61.27 60.36 52 - - 125%
ResNet18 65.61 71.44 73.80 - - - - 112%
MobileNet-v1 66.30 99.98 104.77 82.73 82.35 119.93 117.77 180%
MobileNet-v2 69.86 97.75 99.59 82.23 82.27 - - 142%
Ferplus MobileNet-v3 127.43 130.99 130.99 76.65 - - - 102%
VGGNet19 50.25 60.01 63.49 72.93 50.67 51.06 - 145%
ResNet18 66.49 73.02 75.50 79.39 - - - 119%
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Table 5. NetScore results when channel sliming(S: channel sliming rate) is applied after parameter
pruning(P: parameter pruning rate) of the MobileNet-v1, v2, v3, VGGNet19, and ResNet18
models for the Cifar10, Cifar100, Fer2013, and Ferplus datasets

Dataset Network Non-Prunning Parameter—Prunning Channel-Slimming faéir;?r::;?rj:r:i;%
MobileNet-v1 106.86 136.45(P:0.95) 123.05(P:0.4) 151.09(s:0.6 P:0.8 )

MobileNet-v2 106.86 132.07(P:0.9) 117.56(P:0.4) 137.69(S:0.4, P:0.9)

Cifar10 MobileNet-v3 134.33 145.43(P:0.95) 139.94(P:0.4) 153.96(5:0.4, P:0.95)
VGGNet19 68.64 91.48(P:0.9) 82.40(P:0.4) 96.76(S:0.2, P:0.9)

ResNet18 84.7 111.65(P:0.95) 109.97(P: 0.6) 113.41(5:0.2, P:0.95)

MobileNet-v1 71.65 113.62(P:0.9) 111.21(P:0.4) 118.84(S:0.4, P:0.7)

MobileNet-v2 75.57 111.48(P:0.9) 107.55(P:0.4) 118.64(5:0.6, p:0.7)

Cifar100 MobileNet-v3 109.97 120.02(P:0.95) 115.12(P:0.4) 127.82(S:0.4, P:0.9)
VGGNet19 58.17 73.93(P:0.8) 69.85(P:0.4) 73.94(S:0.2, P:0.8)

ResNet18 73.55 92.11(P:0.9) 78.18(P:0.3) 92.77(S:0.2, P:0.9)

MobileNet-v1 87.48 109.27(P:0.9) 102.54(P:0.4) 118.17(S5:0.6,p:0.7)

MobileNet-v2 91.3 108.35(P:0.9) 100.51(P:0.4) 136.47(5:0.4, P:0.95)

Fer2013 MobileNet-v3 119.41 130.87(P:0.95) 124.57(P:0.4) 136.47(5:0.4, P:0.95)
VGGNet19 48.97 64.72(P:0.8) 61.27(P:0.4) 65.50(S:0.6, P:0.5)

ResNet18 65.61 87.80(P:0.95) 73.80(P:0.4) 81.63(S:0.2, P:0.9)

MobileNet-v1 66.3 111.36(P:0.9) 119.93(P:0.7) 125.58(S:0.6, P:0.7)

MobileNet-v2 69.86 112.77(P:0.9) 99.59(P:0.4) 116.13(S:0.6, P:0.7)

Ferplus MobileNet-v3 12743 137.49(P:0.9) 130.99(P:0.4) 145.57(S:0.4, P:0.9)
VGGNet19 50.25 69.67(P:0.9) 72.93(P:0.5) 71.45(S:0.6, P:0.95)

ResNet18 66.49 92.92(P:0.95) 79.39(P:0.4) 83.25(S:0.4, P:0.6)
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