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Abstract

Depth-wise separable convolution 2 ZAFE] AF40] A$He SH5ollA] 7]£9] standard convolutiong CHAISH=E] 723
Stal, gupAol tjoto g AF ek A Q)t[1] MobileNetV2 of|A+= Inverted residual block& A7f3H}. o= depth-wise
separable convolution® 2 9l5}] Al7]= &A1 = channel 719] HlolES 25| 22 featureE TS0 7|5]5 QlojHY
Tjj, o]& depth-wise separable convolution o] point-wise convolutlon( 1x1 convolution)2 AFE3HO 24 25U
blocko|th[1] 8FR]gt 1x1 convolution A 24:0f 2]&A (dependent)?] EX1S 7Hy 911, mjehx] A= YEYIJ} ZIojx|H
ZIo0jAA2 g8/ o] W(efficient) 71 -&(light weight) JEYIE gtelq)] B2 &K bottleneck)2 YO7]1 Ti}, o] =20
A= channel-wise squeeze and excitation block(CSE)S 3] 1x1 convolutiong HEA 02 tjxste ¥HL E5) o]
B2 g2 sl

7oA, Alrde ’\7} Sojut Sod42, 1x1 convolutiono] F&]
2HulE] o] e P2 AR AE ook 4 A T2t
Ix1& AR 4 b=, M2 featured ‘?_}Eoﬂﬂt A2 51U, G
71l 88491 operationg Alop= Z0 2 L ¥ISkS Haict
Cjgst ofoltjols Algs) EH 3, SENet(Squeeze—and

1. Introduction

Depth-wise separable convolution-2 AlexNet[2]o|A %S =9
=l group convolution?] st £22  group size 7} 191 convolution
2 oJojsitt. Depth-wise separable convolution2 3x3 kernelo]
*}o% 3% ARt ol 8 ~ 9 ¥t EoSAIRL, Ao Z E4d0]

o= o= g8l convolutiono]2ty & 2 9jc}. -Excitation Networks)%] squeeze and Qxcitatiqn operation01]/\1
SHA1gF  depth-wise convolution®] 73%, 7]&9] standard 4= ol, channel-wise average poolings 53l 2 pixel Tol|lA]
convolution TH= T2 A 7te] A& wito] Yojubx| oker}. o global informationg @1, 7 pixelo] FQwo] wet

excitation(scale) &3+ channel-wise squeeze and excitation

£ MobileNetV2 oA 1x1 convolutionS ARESHO 24 ZEsjdct.
block(CSE)2 1916199ct(3] wefd] CSE blocke  channels

I Adk 70~75%0] sids= UEY A mhjulE|(parameters)So]
1x1 convolution® 2 2F Q7| E]11, o]= MobileNetV2E 3= T %]
A3HOptimization)sH= G| oA 22 bottlenecko] |1 Ttk o]
=50o]|A channel-wise squeeze and excitation networks[3] oA
ofol]o}2 o], 1x1 convolutionS ThABIHA, SAJo] ©f cost
effective 31A], A 7o) uude] GFE SAHE & e
channel-wise squeeze and excitation block(CSE)S A7jsict.

2. Discussion and Intuition

MobileNetV2E © &&40]|1, O 77 7] Hoid ohegsl
Ads ol & 4 A9tk Layer 25 521 294 & 4 gloH, 7
Layer®] channel 22 HHY £ 2 9lon HRE: plock9)
repetition® A& 2 4 %lj__ MobileNetV29] 3SHAl block?l
Inverted Residual block0ﬂ/\1, 7Fd| bottlenecko] &= H¥oO
expansion TREH|EE A5 & 425 ok o] Q9% activation
function, different stride 52 A|Zsf] HX|GF AEXO=
depth-wise convolution®] £Q4< THA] £4sk= Aldo] EQict

ThetA] depth-wise convolutionS ARRSIHA], T2 HLEO|A] A
Aol Amss PHe Sl

A At MoblleNetVZ 289l o S(70~75%)0] 1x1
convolution® 25 &} 20 73 & 4 Q% §5] 2o Zo|7}

=
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squeeze 7] T=o] channel 20 =% A(independent)o|d,
channel-wise average pooling= =3} depth-wise separableo]| =
22 k= channel 710 FHWSS F+= 982 & 4 W €4

3. Channel-wise Squeeze and Excitation blocks
CSE block 2 Figure 13} Zdo] &A= squeeze(channel wise avg
pooling) — Flatten — FC(fully connected, reduction)— FC(fully
connected, scaling)—Stacking— Excitation(Expanding)©.2 o]&
olA Qlrt.

FC(reduction)ollA] reduction ratio®t capof s@shk= hyper
parameters 7} Z7F=Itt reduction ratio= 7];'7_‘—9] squeeze and
excitation®]| 9= hyper parametero]il, cap< resolutiono] %
AFefollA reduction ratioof|?t QJEs|A TrstA FYEE ‘Q%?-OPL A
S tholre lﬂif hyper parametero]|t}. reduction o] ¢l 73—?—

resolutlonol S o L}Eopﬂ Or0. parameter 0] ABAE|T, capo]
o resolutlonO] = X*!;J} AURA 9= = 4 9k
CSE block2 1x1 convolutlonE 5] Al 4~ @i, Figure

11} Zo] bottleneck L&0jJA depth-wise convolution Fo 2=
1x1 convolutiong THA||5H= O] ARgo] =i} o= AldAMo=z 1x]
convolutiong 2% CSE block 7to 2 TiAghS o, B&o] Aete7t
543] QojR]= 71 &RIsto 24, CSE block 9 AFE3HS W 5-53]
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Figure 1. Difference between Inverted Residual block and CSE
block
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MobileNet\2: Inverted Resicual 3lock

4. Model Architecture
CSE blockdll o] £afi5l=t], o]+= channel®] 40 EHA
Ql m2jolE] 25 ZIX|Sh resolutionofl= vl[sl= njelulg 25 7t
0= Aol 1x1 convolution o]2h= YA, Afld 20 v]sHA]
2, resolutionofl= SHAQ1 mefujg £ ZHe §74J0] Qi)
ThebA] Table 13} Z¢o], AMA O 2 resolutiono] 312, RfE 27}
AL fi= 7]29] 1x1 convolutiong AFESHAL, resolutiono] £0i5

2 Ad 271 5ol T CSE blockS Aok WAIS ARSI
Input Operator t c n|s
322 x 3 bottleneck 1 16 111

322 x 16 bottleneck 6 24 |11
32% x 24 bottleneck 6 32 |2]1
322 x 32 bottleneck with CSE | 2 64 41 2
16% x 64 bottleneck with CSE | 2 96 3|2
8% x 96 bottleneck with CSE | 2 160 3|1
8% x 160 bottleneck with CSE | 2 320 1] 2
4% x 320 depthwise conv2d - | 1280 [ 1]1
4% x 1280 avgpool 4x4 - - 1] -

Table 1. Model Architecture of MobileNetV2 with CSE blocks
for CIFAR-10.

5. Experiments
5.1. CIFAR-10 image classification

Network Params(M) Accuracy (%)
MobileNetV2(baseline) 2.253 91.74
Mix model(3 BTN & 4

CSE). cap 16 0.363 90.03

Table 2. Comparison between baseline model and mix model
on CIFAR-10 image classification.

5.2. CIFAR-100 image classification

Network Params(M) Accuracy (%)
MobileNetV2(baseline) 2.253 70.4
MobileNetV2 optimized 0.541 63.74
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for CIFAR-100
Mix model(3 BTN & 4

CSE), cap 16
Table 3. Comparison between baseline model and mix model
on CIFAR-100 image classification.

Image resolutiono] Ar11(32x32), class’t &2 CIFAR-100 Z+& 74
2 baseline model 9] =2 Y71 oJX]9t, CSE blockS AR
1A %42 modelt B3} W 2 /35 51 glo] oF 12%THE9] uj2t

s 22 4 A

0.478 63.34

5.3. Imagenette image classification

Network Params (M) Accuracy (%)
MobileNetV2(baseline) 2.253 91.56
Mix model(3 BTN & 4

0.444 91.31
CSE), cap 16

* (ImageNette: ImageNet with 10 classes)
Table 4. Comparison between baseline model and mix model
on ImageNette image classification.

5.4 Ablation Study

Network Params(M) Accuracy(%)
MobileNetV2(baseline) 2.253 91.74
MobileNetV2 optimized

for CIFARI10 0.425 90.01
CSE block only, cap 8 0.228 88.13
Mix model(3 BTN & 4

0.363 90.03
CSE), cap 16

Table 5. CIFAR-10 experiment result

Mix model(7]&9] BTN Eatu}, BTNEZHA] 1x1 convolutionS
CSEZ tiAgh 332 AM2)Y] 4% Bes YA %1 CIFARIO
optimized ¥ MobileNetV20]] 8|5} F 15%2] mj2lujHE &Y 4 9]
ok

Network Params (M) Accuracy (%)
MobileNetV2(baseline) 2.253 91.56
CSE block only, cap 8 0.453 85.554
Mix model(3 BTN & 4

444 1.31
CSE), cap 16 0 91.3

Table 6. ImageNette experiment result
CIFAR-10 Z7je} DRIX| 2, Retee 3] 9x] 9 AgRo2 af
2jEE £Y & AT

6. Conclusion

o] =20f|A bottleneck?! 1x1 convolutiong TA|&} 4~ Q1= 7}
W1 885491 CSE block2 A|otalict. 51X|gF o] CSE block2 $HA
1x1 convolution2 A& 4~ Q)= 71L& op7]9|, trade-off= &l
AFESITHH MobileNetV2-2 target dataseto]] Ot o 2|AsE 4~ 9)
ok

CIFAR-10 dataset®] 732, Table 5°] MobileNetV2 optimized
for CIFAR-10 B} ke S 9IX] oiu njejulg 25 15%71F &Y
2 9l9itt. CIFAR-100 dataset®] 73, Table 5°] MobileNetV2
optimized for CIFAR-100 Bt} A&teS Qx| oty mielu|g] 45
12%7FF &9 4 9J9lth. ImageNette dataset®] 732, baseline
MobileNet29] 20% of] sidsote HEYR 7|2 B3t s 2 2
A

a4l 2
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