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Figure 1. MobileNet models can be applied to various recognition tasks for efficient on device intelligence.
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MobileNets: Efficient Convolutional Neural Networks for Mobile Vision
Applications
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Table 1. MobileNet Body Architecture

Table 8. MobileNet Comparison to Popular Models

Type / Stride Filter Shape Input Size
Conv /s2 F% 30332 224 x 224 x 3
Conv dw / sl 3 %8 %32dw 112 x 112 32
Conv /sl 1x1x232x64 112 x 112 x 32
Conv dw / s2 3 x 3 x 64dw 112 x 112 x 64
Conv /sl 1x1x64x128 56 x 56 x 64
Conv dw / sl 3 x3x128dw 56 x 56 x 128
Conv /sl 1x1x128 x 128 56 x 56 x 128
Conv dw / s2 3 x3x128dw 56 x 56 x 128
Conv /sl 1 % L 128 % 256 28 x 28 x 128
Conv dw / sl 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x1x 256 x 256 28 x 28 x 256
Conv dw / s2 3 x 3 x256dw 28 x 28 x 256
Conv /sl 1. % 1x256 % 512 14 x 14 x 256
5 Convdw /sl | 3 x3x512dw 14.x 14 x 512
Conv/ sl 1x1x512%512 1454 14 KL51P
Conv dw / s2 3 % 3 x 512i1dw 14-x 14'% 512
Conv /sl 1>l x 51YkI084 7147 X7 x 512
Conv dw / s2 3 x3x1024 dw 7 x 7x 1024
Conv /sl 1x1x1024 x 1024 | 7 x 7 x 1024
Avg Pool /sl Pool 7 x 7 7T x7x1024
FC /sl 1024 = 1000 1x1x1024
Softmax / sl Classifier 1 x1x 1000

Model ImageNet Million Million
Accuracy Mult-Adds  Parameters Mu Itl | _ Ad d
1.0 MobileNet-224 70.6% 569 4.2 . p yE
GoogleNet 69.8% 1550 6.8 ITEE
VGG 16 71.5% 15300 138
Table 6. MobileNet Width Multiplier
Width Multiplier ImageNet Million Million
Accuracy Mult-Adds  Parameters (04
1.0 MobileNet-224 70.6% 569 4.2
0.75 MobileNet-224 68.4% 325 2.6 . T
0.5 MobileNet-224  63.7% 149 1.3 Width Multiplier
0.25 MobileNet-224 50.6% 41 0.5
Table 7. MobileNet Resolution
Resolution ImageNet Million Million
Accuracy Mult-Adds  Parameters
1.0 MobileNet-224 70.6% 569 4.2 ﬁ
1.0 MobileNet-192 69.1% 418 4.2
1.0 MobileNet-160 67.2% 290 4.2 Resolution Multiplier
1.0 MobileNet-128 64.4% 186 42
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MobileNetV2: Inverted Residuals and Linear Bottlenecks
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(a) Residual block (b) Inverted residual block
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Figure 1: Examples of ReLU transformations of
low-dimensional manifolds embedded in higher-dimensional
spaces. In these examples the initial spiral is embedded into
an n-dimensional space using random matrix 7" followed by
ReLU, and then-projected back to,the 2D space using T~
In examples above n = 2, 3 result in information loss where
certain points of the manifold collapse into each other, while
for n = 15 to 30 the transformation is highly non-convex.
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Table 1: Bottleneck residual block transforming from k
to k&’ channels, with stride s, and expansion factor ¢.
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Classification

Object Detection

Network | Top 1 | Params MAdds | CPU
MobileNetV1 70.6 4.2M 575M | 113ms
ShuffleNet (1.5) 71.5 3.4M 292M -
ShuffleNet (x2) 13,7 5.4M 524M -
NasNet-A 74.0 5.3M 564M | 183ms
MobileNetV2 72.0 3.4M 300M 75ms
MobileNetV2 (1.4) | 74.7 6.9M 585M | 143ms
Network | mAP | Params MAdd | CPU
SSD300[ 34] 232 | 36.IM 35.2B -
SSD512[34] 26.8 | 36.1IM  99.5B -
YOLOv2[35] 21.6 | 50.7M 17.5B -
MNet V1 + SSDLite | 22.2 5.IM 1.3B | 270ms

MNet V2 + SSDLite | 22.1 | 4.3M

0.8B | 200ms




1.github

https://github.com/WZMIAOMIAO/deep-learning-for-image-processing

2.CSDN

https://blog.csdn.net/qq_37541097/article/details/103482003

3.bilibili !
i 2% 72 L WL
https://space.bilibili.com/18161609/channel/index
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