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Efficient Convolutional Neural Network with low Complexity
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Abstract

We propose an efficient convolutional neural network with much lower computational complexity and higher accuracy
based on MobileNet V2 for mobile or edge devices. The proposed network consists of bottleneck layers with larger
expansion factors and adjusted number of channels, and excludes a few layers, and therefore, the computational
complexity is reduced by half. The performance the proposed network is verified by measuring the accuracy and
execution times by CPU and GPU using ImageNet100 dataset. In addition, the execution time on GPU depends on the
CNN architecture.
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Table 1. Network architecture of MobileNet and simplified MobileNet.

E 1. MobileNet2t simplified MobileNete| Tz
Operator/t/c/n/s
MobileNet V2 SM_ V2 SM_V2_2_2(1.5) SM_V2_x2nr
conv2D_3x3/-/32/1/2 conv2D_3x3/-/32/1/2 conv2D_3x3/-/32/1/2 conv2D_3x3/-/32/1/2
bottleneck/1/16/1/1 bottleneck/1/16/1/1 bottleneck/1/16/1/1 bottleneck_1/1/16/1/1
bottleneck/6/24/2/2 bottleneck/4/16/2/2 bottleneck/4/32(24)/2/2 bottleneck_1/4/32/2/2
bottleneck/6/32/3/2 bottleneck/8/32/2/2 bottleneck/8/64(48)/2/2 bottleneck_1/8/64/2/2
bottleneck/6/64/4/2 bottleneck/8/64/2/2 bottleneck/8/64/2/2 bottleneck_1/8/128/2/2
bottleneck/6/96/3/1
bottleneck/6/160/3/2 bottleneck/8/128/1/2 bottleneck/8/128/1/2 bottleneck_1/8/256/1/2
bottleneck/6/320/1/1 bottleneck/8/1024/1/1 bottleneck/8/1024/1/1 bottleneck_1/8/1024/1/1
conv2D_1x1/-/1280/1/1 ReLU6 ReLU6 ReLU6
avgpool 7x7 avgpool 7x7 avgpool 7x7 avgpool 7x7
conv2D_1x1/-/k/1/ conv2D_1x1/-/k/1/ conv2D_1x1/-/k/1/ conv2D_1x1/-/k/1/
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CNN Accuracy C([)ﬁgitgg(]m Parameters [M] GPU1 [ms] GPU2 [ms] CPU [ms]
VGG16 0.71 15618 1384 6.16 4.39 265
Inception v3 0.78 5749 23.8 5.63 3.88 108
ResNet 101 0.76 7623 44.6 7.68 543 148
SENet 0.806 20915 1153 25 18.55 583
DenseNet 121 0.75 2843 7.98 3.94 2.78 70.8
Xception 0.78 8386 229 9.75 7.49 177
MobhileNet v1 0.71 491 3.31 194 1.35 17.3
MobileNet v2 0.72 369 2.35 2.22 1.53 14.6
ShuffleNet v2 0.68 146 2.3 1.81 1.48 7.3
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Table 3. Comparison of MobileNet and SM.
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Table 4. Results of SM optimization.
4. SMe| z|X s}t A}

i

o | o Lo Lt e | [ e [ ] ] 7o
MobileNet V1 78.9 17.3 1.94 491.3M 3.31M SM_V2_0 795 10.2 1.53 155.3M 1.54M
MobileNet V2 80.3 14.6 222 368.5M 2.35M SM_V2.2_2 81.1 134 1.88 231.7TM 1.6M
ShuffleNet V2 76.4 7.3 141 146M 2.3M SM_V2.3_2 80.8 13.1 1.73 231.3M 1.7TM
SM_V2_x2nr 79.2 109 147 | 186.92M 1.64M SM_V2. 2 15 80.9 12.1 1.72 201.9M 1.57M

SM_V2 79.5 10.2 1.53 155.3M 1.54M MobileNet V2 80.3 14.6 2.22 368.5M 2.356M
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