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MobileNet V1 - idea

Depthwise Separable Convolutions

» Depthwise Convolution + Pointwise Convolution
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MobileNet V1 — Depthwise Separable Convolutions

Standard Convolution
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MobileNet V1 — Depthwise Separable Convolutions

Tabie | MebileNet Body Architectse

Type!/Smde  Fuer Shage Inpet Stze
Cony /52 dx3x3x32 XD
Coavdw /el Axdx32dw 118 % 112 % 33
Conv /5] 1% 1 x 32 %64 12 112 x32
Coav dw /52 3% 3 x 6 dw VERIV RS
Conv / 51 1 x [x 6 x 128 56 % 56 x 64
Coav dw /31 U3« 128 dw Ol % 06 x 128
Coav /5] L)% 128 x 128 56 x 56 x 128
Conv dw /52 WA X 128 dw 06 % 06 % 128
Coav /51 IxEx128x256 |2Mx2Wx 1S
Coavadw /sl 3 %3 %256 dw 26 % 38 236
“Coav /31 TIXIX2%x 2% THXBx358
Cony dw /12 3% 3 x 256 dw 28 % 78 x 256
“Coavisi | IxixZEx512 | 1dx idx 26
g CONV AW F4] 1 3 x 3% 512 dw 14 0% 1 x 512
Conv /sl 1x | x 512 x 512 14 x I x 512
Gowdwi2  Wx3xaiZdw | 14X Mx 52
Coav /51 Tixix sz a0 | T xTx52
Coavdw /2 F%3 <1024 dw TxT x4
“Coav /51 Tk Uk 10 2023 | THT X102
Avg Pool /1 Pool 7% 7 Tx 710
BT 1024 1000 ERES I
Softmax / 51 - Classifier 1 x 1% 100




MobileNet V1 — Depthwise Separable Convolutions(GEMM E.%)

Tabie 2
Type
Conv 1 x 1 [ Ga86% | 74.59% -
Comv DW 3 x 3 | 3.06% I 1.06% —
3x3 | 1.19% " 0.02%
[2433%

arameters
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Fully Connected | 0.18%
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MobileNet V1 — Parameter

Width Multiplier
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Result - MobileNet

Table 4. Depthwise Separable vs Full Convolution MobileNet
Model ImageNet  Million Million
Accuracy  Mult-Adds  Parameters
Coov MobsleNet  71.7% 4866 293
MaobileNet 70.6% 369 42
Table 6. MohileNet Width Multiphier Table 7. MobileNet Resalution
Width Mulupliee  ImageNet  Million Million Resolution ImageNet  Million Million
Accumacy  Mub-Adds  Parameters Accuracy  Mult-Adds  Parameters
1.0 MobileNet-224  70.6% 569 42 1.0 MobileNes-224  70.6% 569 42
0.75 MobileNet-224  68.4% 325 26 1.0 MobileNes-192  69.1% 418 42
0.5 MobileNes-224  63.7% 149 13 1.0 MobileNet- 160 67.2% 290 42
0.25 MobileNet-224 50.6% 41 05 1.0 MobileNet-128 644% 156 42




MobileNet V1 - 28X

RelU

R(z)=maox(0. z)
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MobileNet V1 - 28

Output/dim=2 Output/dim=3

Outputidim=15  Output/dim=30
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MobileNet V2 - idea

Linear Bottlenecks
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MobileNet V2 — Bottlenecks
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MobileNet V2 - Linear Bottlenecks

Ll

Separable with linear bottleneck Bottleneck with expansion layer
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MobileNet V2 - Inverted Residuals

Inverted residual block

Residual block

7| & Residual Block2
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Result — MobileNetV2

Input | Opermtor |t| ¢ [n|s
24*x 3 conv2d -| 32 |12
1122 x 32 botleneck | 1| 16 | 1|1
112% x 16 bottleneck | 6| 24 2|2
56% x 24 bottleneck | 6| 32 (3|2
25% x 32 bottleneck | 6| 64 4|2
147 x 64 bottleneck | 6| 96 | 3|1
142 x 96 bottleneck | 6| 160 | 3|2
7% 160 bottleneck | 6| 320 1 |}
7 % 320 conv2d 1x1 | - | 1280 | 1 |1
72 % 1280 | avgpool 7x7 | - | - 1

1 x1x 1280 | conv2d Ix1 | - k -

Input Operator | Output

hoxowxk Ixl conv2d, ReLUS | h x w x (tk)
hoxwxtk  3x3 dwises=y, ReLUG | & x ¥ x (k)
Ax ¥ otk lnear Ixl convd b ¥




Result — MobileNetV2

7

7 ,,v-—\-/\"‘—.“'\ n i
VouT) 7 = /N_',./’__ ZCOPE
” - ™ ”» = N

i e i 4 o

;n oyt o " -

i A i G s |
o 7/ - / —  Shoritat between Dottienecks |
p. 7 S | = Linear bothereck o 7 Shortost betwern expansions |

/' y | Reus In bortieneck ," / o resdusl |
* 1 . T L] s e " " 1 ) = ;7 R L} 5

(a) Impact of non-linearity in (b) Impact of variations in
the bottleneck layer. residual blocks.



Result — MobileNetV2

Network Top 1 = Params MAdds | CPU
MobileNetV1 706 | 42M 575M | 113ms
ShuffleNet (1.5) 715 3.4M 292M -
ShuffleNet (x2) 73.7 5.4M 524M -
NasNet-A 74.0 5.3M 564M | 183ms
MobileNetV2 720  34M  300M | 75ms
MobileNetV2 (1.4) = 74.7 6.9M 585M | 143ms

ImageNet Classification



Result — MobileNetV2

Network mAP | Params MAdd | CPU
SSD300[ ] 232 | 36.IM 35.2B -
SSD512[ ] 26.8 | 36.IM 99.5B -
YOLOvV2[ ] 21.6 | 50.7M  17.5B -

MNet V1 + SSDLite | 222 | 5.IM 1.3B | 270ms

MNet V2 + SSDLite | 22.1 | 4.3M

0.88 | 200ms

Object Dectection



