PN
A, =AE, A4
oo shaL

kwang4010@hanyang.ac.kr, sdroh1027@hanyang.ac.kr, kchung@hanyang.ac.kr

Compressing MobileViT using Structured Pruning

Seol, Kwang—-Soo, Roh, Si-Dong, Chung, Ki-Seok
Hanyang University, Seoul, Korea

8 o

MobileViT 2 Transformer ¢} convolution & Z3$5le] feature map ¢ global representation & 8h5sleE Ed 9|

MobileViT & H|<=3F dg}u]E S 7}A Convolution Neural Network Y Transformer HUt} ZE w7 =2 w24 3§

=
Al Zko] ‘—\ﬂﬁ‘r“ dHo] glt}h. B =FS structured pruning 2 AREE] MobileViT ¢ w}Hebn g ~r§ Zola Ay £ 2
Lol wolS AA T A% HIME 9elA CIFAR-10 dolgl Al thdk olnx BF %S =Asigen, 1 A7

Ax}, 0.06%8] A%w Faw dehiE FE 60% Foln, AW S oF 18% Btk

Conv
Input I ( Concat ]—)[ - ]—)[ Output ]
Conv Conv Unfold Transformer Fold Conv
nxn 1x1 (reshape) Block (reshape) 1x1

1% 1. MobileViT block ¢ G2

[3]. Inverted residual Dblock &  depthwise

I.A 2 convolution ¥} pointwise convolution &2 A #t}.
Vision Transformer (ViT)& ztdo] Ao A&¥ = MobileViT block & Vision Transformer (ViT)el
transformer = O]UV] AelE fd Hygs mdolrt convolution & 37}3k block ©¢& ¥ 1 3 #&
[1]. MobileViT & ViT A€ Z9=Z, Transformer ¢} TZZ 7Fxla2 9t} MobileViT block o4 Conv =
convolution & 75%‘0}04 feature map 2| global convolution layer & <¢v]&}al, feature map 2| local
representation & &<538h= Edo|tt [2]. MobileViT 2 representation & d&stE IS sl MobileViT
stetrl g o] 7j4=7F w53k Convolution Neural Network block ¢ Transformer block < ® MobileViT
(CNN) 2253 Transformer 7|% REASHY O ¥& block mttt L W ¥HE W self-attention A4HE F3

QLS Holl A8 &£%7 = dio] Qo)

Structured pruning 2 pruning 7|9
zvzye] 7t AE AASE Ao ofd, B%
AAsE 71¥olt). 7MEAE 5 7=
AS, Aol FolEo] AHAHA A

RS

feature map < global representation & gFdte

< st e st} Unfold & feature map & HAXX 2=
T %H% patch E2 W3sl= Aibeltt. HbHe|, Fold &
-;]Eﬁflijﬁg patch 5% feature map © & H3st= HAxalolt},
oo~ MobileViT block & Unfold, Transformer, Fold 3}3<&
%3] Transformer & convolution 213 A3t}

I r;l o=

oloj ),

B =R AE  structured pruning = A&
MobileViT & Z#stete] &% HAE HAstetdA e
zdlo] mEtugel & Foln A £EE Folv . N : }

R JIHE T 3
Wers  AAFT A% #@rkE el CIFAR-10 Structured pruning & pruning 7S b,
1 ~ \ = J1-0 = =103 E_E\qu 7}'—5‘X]'€ "__Tzé :lli T‘\;_}_-Hi Xﬂﬂ?}ﬂ- 7]——5_x]'é‘
FITE A e el R e S e Tz sz AANA HW ASRA G AEA
gk A4S AASH] 9 £olstr] wiiel GPU SollA
AAAQ JMEo g olofFY, dwkdCl pruning Y

2.2. Structured pruning

2= -
I. == AAE 9o 2 WA pruning & NPT 2L
2.1. MobileViT stEA It Rdol sh&o]l AR EHW, shGE Tdo
MobileViT ¥ Convolution layer, MV2 block, 3l A pruning = FPIct I F pruning ¥ EELS

MobileViT block ©.2 450 gtk MV2 block & Al AT

MobileNetV2 ¢} inverted residual block < ttepbdiith



Filter pruning < structured pruning % 3ty =, 249
o] 7SR E filter @92 AAsE Z1Weltt [4].
Filter pruning < filter Wl 7}F5x59] l1-norm <
712 F2 filter £& AASY. AASE= filter 9
&2 BE layer 7F 22 v &S5 AF&-3htt

-
-

X; Xi+1 Xi+z
¥ 2. Filter pruning < A|

Xi Xit1 Xit2
1% 3. FC layer |41 9] structured pruning | A|

2.3. 7€

MobileViT RE&-e =& [2]& ZFaste] FAS ST
Structured  pruning <& Convolution layer ¢}
Transformer block W¢] Fully Connected layer (FC
layer)oll Z-g3}9tt. Convolution layer o AR&3F
pruning < filter pruning &2 13 2 ¢} 7L HA o7
Fdsd. 298 2 oA x & i WA feature map &
71, wi £ 1 HA layer 9 7FEAE YEdth
gkl wgkAe Zhz o HAel i+ 1 WA layer A
AAR 7FsXES YERAT a9 2 9 o] oY 79
convolution layer 7} o]o1& A& 79, o]d layer oA
AAE filter ¢ w3l AHH= o dHololo o4
channel €% AA gt} oA layer oA U= feature
map ©] filter 7} AAE 715X} convolution S
TP, AAE filter ¢ F9F &2 feature map 9
channel ¢ =7} Zo]Ev}. Convolution G4FS R 3P3}7]
Y= g™ feature map ¥ 7F5A9] channel ¢
A7t Fdajor stz 7R filter Wk obyz}t
channel &= A A% o]of tr},

FC layer & 2% 3 3} 9] structured pruning <
Abgs] 7FSAE column @R AASIY. 29
3914 xi¢t wis 42 idA 48 7S E YERAT
gpgk i a F=aaAe bz o HAel i+ 1 WA layer oA
AAE 7teAE yehdd. o8 71¢ FC layer 7}
olojzx Q& AS-, oA layer o 7lE oA AAH
column o] #F3tE row = F71E A AT

2.4. 48 9 A3 4

Aotsts W H71E YA structured
pruning < 2Z€3F MobileVIiT ¢ olux £F AH5S
ZA3sde. Als AFole AHFE9 latency =
AL Agol AFEE dlo]E Al CIFAR-10 ©]a,
NVIDIA GeForce RTX 3090 1 7= A}-&3}] latency =
=43}, Structured pruning & A& W AL&3
pruning rate & 20% ~ 80%°|t}. Pruning %7 #

-
w; Wit1 |m

2E5 pruning & Mg F AAH B
200 epoch &<t %1 3§a}3ict.

As Ade= % 1 3 2o Structured pruning &
A g3t e¥sks W, =, pruning rate 7} 0% <}
B3 A pruning rate 7} 20%, 40%Q W= AH3}=r})
Y7} 0.41%, 0.04% <S7Fskdth. Pruning rate 7} 60%%

=, 0.09%9 A= AR 17.51%9 latency 7F
v+ AL #9139t Pruning rate = 80%7FA|
o]W latency & 20.73% #HAANZA £ Aoy,
ATt 1% ol A EE 7hast
grvt A golA= °

72}

rlo

ol

d5

e e | s |
0 % 89.69 % | 5.00M | 11.44ms | 0.00 %
20 % 90.10% | 4.01M | 11.02ms | 6.77 %
40 % 89.73 % | 3.03M | 11.00ms | 6.94 %
60 % 89.60 % | 2.06M 9.75 ms 17.51 %
80 % 88.51 % | 1.09M 9.37 ms | 20.73 %

m 2
B =R ME  structured pruning & AR

MobileViT ] #etu|E +&F Folil A8 £L25 Fol=
Weks AlAlEATE CIFAR-10  dlolgAle]  tfate]
At o mdol omx EF AHTS Hrisk Az
pruning rate 7} 40% ©o|std Wl A&7} FFE ST
T3k 60%9] 7tEAE AAE 0.09%<] 4 2
latency & oF 18% #aA1Z & Jdohe ALS AT

ACKNOWLEDGMENT
2 =2 2022 dE AFREHIEARSATY
APoz HHFAVEHMLY AYS wol S
AT (No. 2022-0-00153, H1xw A= EAS o] &3
Al HIESZ#E 7|9k I¥g-& O-RU 712 )

Faed

[1] A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn,
X. Zhai, T. Unterthiner, N. Houlsby. "An image is worth
16x16 words: Transformers for image recognition at
scale". In International Conference on Learning
Representations, 2021.

[2] S. Mehta, M. Rastegari. “Mobilevit: light-weight,
general-purpose, and mobile—friendly vision
transformer”. International Conference on Learning
Representations, 2021.

[3] M. Sandler, A. Howard, M. Zhu, A. Zhmoginov, L. C.
Chen. "Mobilenetv2: Inverted residuals and linear
bottlenecks". In Proceedings of the IEEE conference on
computer vision and pattern recognition, 2018.

[4] H. Li, A. Kadav, I. Durdanovic, H. Samet, and H. P. Graf.
“Pruning filters for efficient convnets”. International
Conference on Learning Representations, 2016.



