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H E BARSENA-—FFTRLANERNES AL MG ERG T, ARG SR P, 4 %60 5 ki@ F 150 B ARAp
ZRE R , BBRMBGRLTTFAR,EAEHEEARGLBHRRZAT, RS EHEREALRE X S HOBREE, AT
x4 By K R AT AL, — BB H W Transformer & A T B 5 £ 45,4254 T % L Transformer 8 5 9| L Fe FF AT R R & &
KA ERRDAAE ZAR TS B R BT A B R IE R Z 06 5348, b, 8 T Transformer £ A &V 65 %
Podo R AL AT R KMARHIE S LR AT TN 6, Bt SRR R A& . A T ) B A AR AR AR He 2 ) 8 B 3R 43 B O R
AR A A BE S, B T —H 2 T Depth-wise & #2 69 # 5 Transformer (Efficient Pyramid Vision Transformer, EPVT) £
A, EPVT BE Tl ERABKG T R ARBAnA B R A 6 B Bz 8, EPVIBA £ 2083 MX4AH. 5
3R B 4m A% 3 (Local Perceptron Module, LPM) | & 4] 42 & &% & 4% 3 (Spatial Information Fusion, SIF) f=“+ & AR a7 4% 40 2 W %
(Convolution Feed-forward Network,CFFN), LPM 453 B F 44 3k B 15 49 By 37 48 % 4 ; SIF A3k A T &k &40 4% B A 3 2 18] 49 &)
HAZE AN RE A Z A G EIE BRI A R LIRS BB IER AR A AR F T B B AR R F R T 69 E LA
B CFEN 3 A THBEEZ LA EBK T, £BE S X KEE ImageNet-1K L, AT AR T A 6§ B 5 HAL 69 A 5%
Transformer 4 £ AR IAF T 82. 6% 95 X B E EV T EBRBAEARMBBEEE LA EF .

K R EF T s B 5 % ;Depth-wise £ ;M58 Transformer; i & /1 L4

RESES TP391

Novel Image Classification Model Based on Depth-wise Convolution Neural Network and
Visual Transformer

ZHANG Feng, HUANG Shixin, HUA Qiang and DONG Chunru
Hebei Key Laboratory of Machine Learning and Computational Intelligence, College of Mathematics and Information Science, Hebei University,

Baoding, Hebei 071002, China

Abstract Deep learning-based image classification models have been successfully applied in various scenarios. The current image
classification models can be categorized into two classes:the CNN-based classifiers and the Transformer-based classifiers. Due to
its limited receptive field,the CNN-based classifiers cannot model the global relation of image,which decreases the classification
accuracy. While the Transformer-based classifiers usually segmente the image into non-overlapping image patches with equal size,
which harms the local information between each pair of adjacent image patches. Additionally.the Transformer-based classification
models often require pre-training on large datasets, resulting in high computational costs. To tackle these problems,an efficient
pyramid vision Transformer(EPVT) based on depth-wise convolution is proposed in this paper to extract both the local and glo-
bal information between adjacent image patches at a low computational cost. The EPVT model consists of three key components:
local perception module(LLP) , spatial information fusion module(SIF) and convolutional feed-forward network module(CFFN).
The LP module is used to capture the local correlation of image patches. SIF module is used to fuse local information between ad-
jacent image patches and improve the feature expression ability of the proposed EPVT by utilizing the long-distance dependence
between different image patches. CFFN module is used to encode the location information and reconstruct tensors between feature

image patches. To validate the proposed EPVT model’s performance,various experiments are conducted on the benchmark data-
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sets,and experimental results show the EPVT achieves 82. 6% classification accuracy on ImageNet-1K , which outperforms most

of the SOTA models with lower computational complexity.
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Horhr . DWConv 7R U AT 43 85 45 BUE B Mlypu T8 Miyu 4
it Depth-wise %5 U5 15 2 B REAE &

X' =Flatten( M) (9)
HrAr, Flatten "% 246 09 ¥ AE 18 09 )5 50 Ak 84, X' %R
AR M | 3 Flatten J5 153 751

Xouput = Xinpu + Linear(X") 10
Horf, Linear RR 2 FEH)Z 3 Xowpu T8 Xipue FI G210 42 7 352 2
X7 A Y T 8RR

4 KBWEHZH

Y UEAR SCE 9 EPVIT R 70 8L i 1 R F A1 3
S 7E ImageNet-1K 1 ImageNet-100 F #4757 T K& M b 8 58
T 0T S T, S 3 4 R E B, B R AE (MR 43 2R B A 4R Tma-
geNet-1K L F BLA /9 7] 45 B AL A9 L 5& Transformer 4328
A,
4.1 EWHREE
4.1.1 HEHFan

AR S0 B B AE AR ok IR T A JT I R LR I 15 B 9
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ImageNet-1K, 7£ 2009 4%, iz E{& 5 4 78 — T 5% vp gl df s
TR R P SR BIE 55 1 BE v BOE 2 . AR ST IR 19 B
PFAEWMT .

1) ImageNet-1K ; 7% 52 56 3% Bt ILSVRC 3% %€ 1 % &Y
ILSVRC-2012 ¥ 55 — D H s 48, A& 128 J7 5K I 257 4
UL Je 5 7 ik ik &

2) ImageNet-100; ImageNet-100 ¥ 4§ % /F & ImageNet-
IK ¥4 A& 10 J7 R IIZREE UL & 2 D7 sk iE 43l . 5 —
B AL 50 IR FE ]

4.1.2 RpEFk

A/NK EPVT £7 5 DLF $2 3 i JL 2 32 0 09 vk I
TR PEAT HOH B AT] 40 )0 2 4 AR 28 IO 46 110 PR 43 SR Y
1l ResNet, EfficientNet, MoblieNetV2; 3 T Transformer
Ay2E B AL, 1 Swin Transformers PVTv2, LocalViT, T2T-
ViT,TNT,CrossViT; 3 F % FLF Transformer iR & A1,
U ViTAE, Conformer, DeiT,

4.1.3 BABLAMEE

ARICHI S 45 2 3 NVIDIA RTX 3090 GPU, Jf- 3
T Pytorch 1. 10. 1 #E42 . f#i F Python3. 8 K52 ¥ EPVT B4,
LB B 4 A B B 4G, B S A R X AR AT 18] BE AT
TR 250 T R AE B RRE BT RUST 4331 56 X 56,28 X 28,
14X 14 L 7X 7, FE55 2 B4 K ih Jm) R0 B0 L 2 H) 4% B i
B I P A BRI A5 P 28 I 4 v S SR T T R 3
19 Depth-wise 5 B, 5 A~ 45 B 1Y S 80 b BE WL W) 46 AL 4K 75 .
e EPVT BRI AR S0 MLP 4 3k I BN 4, BRVE N I
ZLTUI 2 4 1 4 2 2R FH GeLL U 303 o 8040, Ho4x 1) MLP
BRI ReL U™ % i 4L

#1 EPVT RS

Table 1 Parameters of EPVT architecture
Output Size Layer Name EPVT
Tiny Small Large
Overlapping S1=4
Patch Embedding C1=32 C1 =64 C1=64
) in R1=38 R1 =38 R1=38
4 4 Transformer Hi=1 Hi=1 Hi=1
Encoder E| =38 Ei=4 E;=8
B1=2 B1=2 B1=3
Overlapping Sy=2
Patch Embedding Cy =64 Cy=128 (C2=128
, ixﬂ Ry =14 Ry =14 Ry =14
8 8 Transformer Hy;=2 Hy;=2 H;=2
Encoder E; =38 E;=8 E;=38
By=2 By=2 By =4
Overlapping Sz=2
Patch Embedding C3=160 C3=320 (C3=320
5 ixﬂ R3=2 R3=2 R3=2
16 16 Transformer Hs=5 Hs =5 Hs=4
Encoder Es=4 Es=4 E;=4
B3=2 B3=6 B3 =6
Overlapping Sy=2
Patch Embedding Cy=256 Cy=512 Cy4=512
. ixﬂ Ry=1 Ri=1 Ry=1
3232 Transformer Hy=38 Hy=8 Hqi=8
Encoder Ey=4 E;=4 Es=4
By=2 By=2 Bys=3

EPVT BAISH M EA B S 80k 1 g, & iG=1,
2,3,0)F/R EPVT BB i BB, WS FoRe ¢ R B
FEAF R R SRAE R C 2R ¢ A e BEAFRAE 1B A i 38 18 40
H,ZR% i A B H N2 R ERI R ERT i B
B SRA M3 36 E RN TE SR @ A B B A5 X 4%, B i
FEHIXT T AR B, &R ¢ B Bt Transformer i
b 25 119 HE B B

#2 LRSHPOEE

Table 2 Experimental parameter settings
Train Parameter Value
B3 rand-m9-mstd0. 5-incl
Be s 0.4
FE AL B 1.0
A AT A 0.8
BAME 1.0
a5 5] % 0.0005
SR R 300
i fe % EPS 1x107%

1t 2 BETAS (0.9,0.999)

1 e % 30 & 5 % 0.9
k4 % 20
T E 5x10°7
E R 0.05

W2 1 Prs L EPVT #EA 40 & 4 Ao B A9 B ik A
(Overlapping Patch Embedding, OPE) , OPE 19 1 F /& X §is A
FRAE EIHEAT T SRAE  JF 8 L 45 5 7 9 A0 (9 A5 A 1 32 L 05 S
A Transformer 4if& 45 H .

OPE WK A BN 5 o, 18] v % €0 B9 18 i O i
N HRAE P 5 3 0 00 T 0 38 7 X i AR AE AT 3 TR L R
624 0.

:
%

Feature Sequence

K5 EAESNBIRA
Overlapping patch embedding

S Y R I B 0 SRR 2 e, Hop ks EPS
BRINE R 1}X 1075, 1Y FF F AR B 78 W7 LSt oo 0 B A% 3K fE
Mk e e, Phfb#s BETAS HF 35080 1932 17 1 7 BIME X
HTP R 8. B ahW ek BB sh DL K BE ML B /£ i
IR LE X T4 0 i A AR AT AL 2

Fig. 5
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# 3 TImageNet-1K ¥4 45 - EPVT #l SOTA J ik Lb g
Table 3 Comparison of EPVT and SOTA methods on ImageNet-1K dataset

Arch. Model Params FLOPs Input size ’Ix‘nngel/\ylnet
Top-1/%

ResNet-18 11. 7% 105 3.6X109 224 70.3

ResNet-50 25,6108 7.6x107 224 76.7

ResNet-101 44,5x10° 15,2107 224 78.3

£ F CNN #y ResNet-152 60,2105 22.6x10° 224 78.9

KA A EfficientNet-B0 5.3%108 0.8>109 224 77.1

EfficientNet-B4 19.3x 108 8. 4107 224 82.9

MobileNetV1 4.3x106 0.6x107 224 72.3

MobileNetV2(1. 4) 6.9>10°8 0.6x107 224 74.7

DeiT-T 5.7X108 2.6x107 224 72.2

PVTV2-Bo 3.4X108 0.6x109 224 70.5

Local ViT-T2T 4.3x108 2.4x107 224 72.5

T2T-ViT-7 4.3%108 1.2X10° 224 71.7

EPVT-T 3.4X10° 0.6X10° 224 73.0

CrossViT-Ti 6.9>10°8 3.2x107 224 73.4

ViTAE-6M 6.5>10° 2.0x107 224 77.9

) PVTV2-bl 13.1x 105 2.1X109 224 78.7

%E ;r;:‘;g;;mer Local ViT-PVT 13.5% 10 9.6x10° 224 78.2

EPVT-S 14,1108 2.1x107 224 79.6

DeiT-S 22, 1x10° 9.8x107 224 79.9

PVTV2-b2-li 22.6X10° 3.9%107 224 82.1

Conformer-Ti 23.5X10° 5.2X107 224 81.3

Swin-T 29, 0% 106 9.0x10? 224 81.3

TNT-S 23.8X10° 10.4 %107 224 81.4

ViTAE-S 23.6x10° 5.6x107 224 82.0

EPVT-L 22.3%10° 3.8X10° 224 82.6

4.2 MLEXWHER

F 3G T &AL WERLR A EPVT 7E ImageNet-1K I
BItERE R b SRR WA R T, R 3 A A
R YR bR SCIR I B B R Y O 2R
B, 5 PVT v2 fl Swin Transformer %5 4li ¥ % Transformer
HIEG, EPVT A58 £6 45 )% J7 1 B A R KR L%, i EPVT-L
LT 82. 6% AY ImageNet Top-1 #EHA

WA D T 75 1 FLOPs B /b, 5 B AR SO B A4 )1 25
EEMLT WA . 5 VITAE Fl Conformer 55 1 3 3£ F & FL A1
Transformer [ RIAH Lt , A SO TR 75 2 B0H0 10 AH I 09 16 10
LB T AT A Pk B8 R B DL T D i g R IR ANIE B IR B
(Floating-Point Operations Per Second,FLOPs) .
4.3 HEXWERSWN

AR/NFT A TS EPVT block P38 45 Bk 2 Ab X 45 R 1
B8 MR, 7628 TFEUHE 4R TmageNet-100 | 43 5l 4 JH: 47 1 il
SCHy, O T ORIESCE Y A M L K EPVT 45 AN 414 19 8K
P ARG EPVT-T A O S i 452 280, IF: R F AR [ A4 02 4k 5
W B A 34 5 7 3K DA SO S 8O AR R Y 3 A A AR R AT O R E
SC. BOAN AN BT SR 25 R 283 300 4 epoch 1Y i
(VEEIN N

BN [ AL et EPVT A58 M B8 14 5% mi , 3R A1 43 314
T 5 T SRS R NER 6 A,

Sty 1 AMfH LPM A, 3R R [ SIF Al CFEN b i fip
B BB LSRR R R L.

SCHy 2 AUAESEER 1Y LAl B AN SIF Al CFEN B2 B f
FeBR LPM B, DU IE TLPM 5 e 4 {2 ot 45 80 44 g 1) S 0

FHy 3 ANAETIH 1 MR X SIF B i 55  TH
G AT AL LA N T LPM R CFEN £ 38, JF 8 B SIF

S A v 1 55 B A 3, DA SR IR T2 0 SR ASE RS 2 2 1k B 19 5% )

S 4 UAESEE 1 AYFERE X CFEN 5 i 1 45 B4
PEFEAT W R AN T LPM A SIF &, 3% % CFFN 4
£ 9 Depth-wise 35 R B , DI 3IF 3% B B ) 465 700 43 2 4 g
R AT

S 5 RARSCHEH e EPVT

A

=PI

o< =0

PR 3 B, 43 )& LPM, SIF il CFFN,
F 4, w/o DC R FT A 4L & Depth-wise % FLUEL
# ParamZE /R BRI S8, Top-1 B HAL R “% 7, (w/o DC)
FARATE Depth-wise H .Y R &z, N RRm A
Tz, SRR 4 A,

*4

1 Tl 512 96 45 R Xt 3

EREHE 25

Table 4 Comparison of ablation experiment results

SIF CFFN ImageNet-1000
Experiment LPM (w/o (w/o # parameter Top-1
DWConv) DWConv)

LR 1 N N N 3.2X105  89.0(—1.3)

L2 Y Y N 3.2X106  89.8(—0.4)

L3 Y N Y 3.2X105  89.2(—1.0)

LR 4 N Y Y 3.2X108  87.3(—2.9)

LR 5 Y N N 3.2X108 90. 2

4.3.1 B30 R S A e B A M AR 0 R e AT

AR 0T S 8K B2 B 5 0 B R, X R W T R 5 B

STy 1 FISZE 5,24 EPVT-T A di T LPM £ 3 i),
R A AS B ph 90, 2% FRE R 89. 0% . i i 5236 &k M. LPM

I

7

HE 5 iR 2

Hi 32 T 95 Transformer BIPERE . 1 Ah , Xiao Z55 i T fE o
P Z TS B A i B TSR .

4.3

.2

= 45 B B A (w/o DWO) B3 2 5 14 JE 09 % v

SIF 40 & T Ja 38 J8& A1 1 Depth-wise %5 F1 LA K £k 14
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IR EREMNZI AR S, SR P 2 ML 5 ML
SRATRL & B, Y SIF AN 4 Depth-wise 35 FRA B i, # #Y 1
FEREH 90. 20 TR 89.8%, FFET 0.4 MH A, HHRE
WH o SR FH P 2% FRAT 1 50008 A 3040 32, 0 P 2 04 55000 il o kAT
Bl A AT B SR A% Transformer B9 EAS T GE 1. Mk 4b,
WIS 3 ML 6 AT LL & B, SIF B 4 & Depth-wise %
TR e S 458 B K5 BE 14 5% i K F CFFN R A& Depth-wise %
TR H,
4.3.3 BRI B W% (w/o DWC) AL 3 5 52 I A% B 49 % vl

P 3 RISy 5. AT LIS DWC B CFFN A H X
TR S 6 K5 BE (4 5% W LR T LPM B B, 3R T CFFEN, it
Ah B/ DC BBy CFEN 2 {4 i 485 100 iy e 48 o S 45 1 F %
M 3 — 25 L 2 Al T A9, TR PRS2 AR SO CFEN 25 44 Hh 4 &5 B
KA B g, M9 Transformer H A7 B 4 559 % K 1518 X
fFEMHREEREZER . T Transformer 7 H& Jo kP,
T B A B AT O 4 R 2 ) R TR R T L A
2 TAED 2 4538 RE S 3 P — WA,
4.3.4  BARAH R T REA AR 09 ¥ ok
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Fig. 6 EPVT classification accuracy and throughput with different

filter sizes
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