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8§ ZE X% T Transformer #) Self-Attention A LA 4k & 64 KAE AL Ay . 2 BT R H 42 B T & T Self-Attention A1) o9 B 17 4t 22
AL GFBRFTERMARS . R AT Self-Attention 9 A B 5 £ MAB L L F B A BEEA it F 5 2 A R4 T Self-Atten-
tion® 2B M, XPRET AN .TH EiEE N A Local Neighbor Global Self-Attention(LNG-SA) , i% 4 3 f£ 1%
B MARBEATAHTZELE AEEEFLALFENR L, Bid T H A LNG-SA B3, K+ T —A4#H ML, HF A LNG-
Transformer, WM& EKR R A EANEN , AARFORZ ER, LA A A LESAR > HEZ LB LR, LNGSA Bka 4
MAE4F LNG-Transformer Bff £ FH O S0 HEH R L TRHTHFREZE AMERLERAHG LN L . AMmF LT ZHK
PR FETRS, FBEREAN,LNG Transformer f£ 1% 5 K445 F LA R 4Feg Mgk,

KB B E£; AEE AN £ RE; Transformer

FESES TP301

LNG-Transformer : An Image Classification Network Based on Multi-scale Information Interaction

WANG Wenjie, YANG Yan,JING Lili, WANG Jie and LIU Yan
School of Computing and Artificial Intelligence, Southwest Jiaotong University, Chengdu 611756, China

Engineering Research Center of Sustainable Urban Intelligent Transportation, Ministry of Education,Chengdu 611756, China

Abstract Due to the superior representation capability of the Transformer’s Self-Attention mechanism,several researchers have
developed Self-Attention mechanism-based image processing model and achieved great success. However, the traditional network
for image classification based on Self-Attention cannot take into account global information and computational complexity, which
limits the wide application of Self-Attention. This paper proposes an efficient and scalable attention module,ocal Neighbor Glo-
bal Self-Attention(LNG-SA) ,that may interact with local, neighbor,and global information at any stage. By cascading LNG-SA
module,a brand-new network called LNG-Transformer is created. LNG-Transformer adopts a hierarchical structure that provides
excellent flexibility,and has a computational complexity proportional to image resolution. The features of LNG-SA enable LNG-
Transformer to interact with local information,neighbor information,and global information even in the early stage of high-reso-
lution, resulting in increased efficiency and enhanced learning capacity. Experimental results show that LNG-Transformer per-

forms well at image classification.

Keywords Image classification, Self-Attention, Multiple scales, Transformer
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Z MR A 5 B0 F , LNG-Transformer 9 ¥k 6 i T Swin
Transfor-mer Al ResNet™™ . 7 AE 5 4> 11 55 7 /N 2 8L
A L T » LNG-Transformer B ¥4 6 I B 4% %6 T Vi-
sion Transformer,

AL LAER) EE ST AT

DRI T — A8 50 A %00 58 B 45— LNG-Trans-
former, % M % th 24 ] 1 LNG-SA BI A LL-SA #iHe 4
SR T B, 7E BT B A AT — A B AR T DL ) B 4 R

2) LNG-Transformer [ %% 1] 4 3 fif# 2k T Vison-Trans-
former 7E W 2% LT H#E AT 42 JR) 22 BB 358 4 A 8] A, o6 5ok
MTeBOT R E R DR T B R 4

3) 7 ImageNet-50 #1 ImageNet-100 £ 5 % F 47 T K
B L 25 B R W LNG-Transformer [ 88 T ResNet, Vi-
sion Transformer 1 Swin Transformer,Jf HiFE ¥ T LNG-SA
BRI A B
2 MEXIE
2.1 HHRHBEMLE

CNN 22 H BLJL A 4, B B 3] AlexNet! " 1 26 i B,
CNN A F i 32 B | KB 58 & 19 T 38 W7 LA 13 BLAL 5E 19
F. EHIE BT — KA EE T CNN /9 M 2, i — 2

W T SE R R . VGG il 4 — 1 3 X3 i 4 ]
1% 2 BR i 2 — )2 00 2 8080, 3 BTt BT IR Y ) 4% T 2 o 3
TNSE R ZEF . GoogLeNet™ 7 J2 15 )2 2 [a] ff HI A [6] K/
H36 BV, DL R UK [R] R A R AE . ResNet™!™ fifi i i %5 ik
SF 9 T 2 T 2 SRR T R 22 S L AR ORI 2K R B O 2R
B JEE R AR ) 45 R K 1) . ResNeXt™'" f % ResNet 2 AH I
AL TE IR T = S B8 S ResNet AH 7] (19 1% 10
T EREAF B4R T . DenseNet!™ fif F 5 8t A 1 45 e 5 ML 1
BV E AR % 2 P A 0 )2 A 2 A 52 HCI T A )2 AR D L
SN RIG N4 (124 ST fE 1. SE-Net" 5] A T
AR, BRI T AN, ] — M AE R RN BB —
B\ M. MobileNet™ SR JH IR BE T 43 18 45 1, 76 {3 UE v o
BB AR AT BT L R BE > T T B S B
TEH shit Mk AR R T2 . ShuffleNet™ ) 78 43 41 % 1
B iy 1 E AT 300 T R AL AE 0 TSR A IR R T A
I 14 {5 2. 38 T

AR CNN £ T 5 AL 5 0 B AS T A &5 19 a4, {H
i — LRI MEERM T — D, — 2 H RN
Transformer A58 K %% 2J B8 ) 5 . 2% 108 & 0 0 2008 58 4F 55
FLHCR T R B R B, A Vision Transformer # Swin
Transformer %,

2.2 Transformers it EH MR TIBHAE RS M A

Transformer fi ¥ B F 76 H & i 7 Ab #1448 s
Transformer W48 2K 19 Bert 78 11 FOR[E A 818 5 40 B0
Pk E] SOTA R, X2 A AR 7 b H st E AR A X
RYREL . 52 Transformer 1 Bert A7 & » — 2822 3 8 Trans-
former W F 7E 3T 5 ML AL 5% 4003, 4 4N Vision Transformer f#f
H Transformer #J Encoder 454 , BL 82K BRR 47 8 1 & 45
Qb B, — A~ Token fii A E| Encoder W %%, 75 2% I K & Il %k
BRI N B A T A LS. A Self-Attention™ [ £§
PR 45 #) T 8L Vision Transformer (S5 #E R, E R AF V&
IR EAE e LA 2 ) e, B i A TR o0 FF 28 A 385
Vision Transformer B3+ 5 & 5 8 g0 <, BRI 77 H Tk
N .

B J5 19 Swin Transformer $2 )2 WAL 45 14 F i 3 o1 1
R4 fgt P T Vision Transformer 2 0 K . ME DLl 2k 55 1)
B, JE AR R A B — A RN TR L, R T
PEATAR B ACH, KR B T R 0 S A G o B
BAMXER, EERGSIE BRI L) E LRI EE 5
S5 (1 Transformer 55— M T B AER . (A Oy
T H — 4, Swin Transformer A €% Vision Trans-
former — K¢, 7 — R #0242 85 B, FUREIE o 84 n X 45 R
BELBWAITEOZRMERER¥Y I 2 RER. AT RS
JA R B2 Z 24 1 I, FR AT 3 F Swin Transformer #2171
— AR B W 4% LNG-Transformer, i% F 2% 4 09 & 4> 15 B #B
HWETRBEL AEEFEEMAERELNEZE, 5 Viosn
Trans-former A1 Swin Transformer #f ., LNG-Transformer
ELAG T4 0 0 P R iR A RO LE AT T — A i A AR R L 2
AR RGFER., ERIEEMMWHEEMSHRENEL T,
LNG-Transformer 7£ ImageNet-50 F1 ImageNet-100 {4432



XA L5 LNG-Transformer: 3% T 2 R (5 B 38 B 5 FE 50 25 W 4%

191

£5% /Y top-1 IR B 1E T ResNet, Vision Transformer #l

Swin Transformer %5 M %% ,

3 LNG-Transformer

B EE 4R 4 4 B Be (Stage) s FRAE B 7E B — 4>
Stage PR & HATRFE B A BEFEEMERE B ML, FH
X g A — YR T R AR ZEAR AR SR B 2 L HEAT A R
FIF W BOAS [R) R (AR AE 0D it B . EABRK 2R

3.1 EEgEl EEMIEN T, LNG-Transformer F&{K 3| T Qﬁ i B e AR,
B 1% T LNG-Transformer 4% 28 ¥ (D) & /)N B0 4 AHEH Vsion Transformer /) W IR E &, it A B B
A LNG-T R6].2% 3.4 T XM 4K T VGG M 2 1Y W,
T smger N 0 g2 N T smes (T swged )
: (56x56) ] (28x28) Lo (14x14) i (7%7) 1
| |
I o L o :
— N = Loy g oy g N |
Bz | E - IR INGsa| | | - L1SA | =N
=] = - - - - 2 =t
g E, | g ] Block | § Block | § Block | § ] Block 8_ ™ E’? ] =
£ - IE o =) ! e =
= | = Lo 8 - N [
| [ | | . |
o= S e A _d
==__ o ________ Dt .

Local Self-Attention

Neighbor Self-Attention

|
|
|
|
» »
! @ > a > [} > o
| = o o = = Z| |2 <]
| Sl = — = 3 @ (= e
%ol |& s &) Zal & o
| 3 812 e 7 a = [Z g
= | o 2 2 2 g |2 2
| = = = 2 o =
= = 2 = R E] 2
: = a S =9
|
\

& 1
Fig. 1

o 24 i A RS0 L 98 BT (CH X W X C) 2l 224 X 224 X
3.Stage 1 1, M 4 X4 BB O 6 i A BSR4 i — A~
ANHEAE & (4 % 4 x 3=48), F 38 i kM ik A JZ (Patch Em-
bed) $ H A2 BN 4L B S 96 Y ) &, 45 BB AR 56 X 56 X 96
B B, f5 ) 8 1 LNG-SA B 45 3] Stage 1 895 i, Hp
LNG-SA B 1) 5y AR 1 FRAE R AR & 4254k . Stage 2
oL SEE i L M Bl S R (Patch Merging) fifi ] 2 X 2 R/NKY

B TURE A R R4 R — A (2 % 2 % 96 = 384) i AU 4R 1iF 15
i, 7] B R R A 4 e S B IR Y 1/2, B 182, [l Al 4 —
LNG-SA #5815 2 FRAE B 1 1 B AR 28 X 28X 182, Stage
3RS Stage 2 AHIA] it A9 TEIR R 14 X 14 X384, H52Z
B A Rl B9 2 , Stage 4 H06F LNG-SA #5557 45 i LL-SA 4k,
By AR Ry TX7TX 768, X &=l Stage 4 BB A RRAE B 8 B8Ok
NS BT T RNATELL 587X 7 R T B AT R A B

WIONZ®PPY

Global Self-Attention

|
|
|
|
|
el & |z |
Tol =g ] =] |z I
Zold&llyl T L 18 |
a1z ™l & [ 12
5&320 |
PR B = R B~}
g:ﬁag :
|
]

LNG-Transformer %% {4 4% #)

LNG-Transformer architecture

BiWT, i Pool 2118 4 — B - B, I B AR
EIRYHARAE N 1X 768, B il id Classifier 73382 4T3,
3.2 Local Neighbor Global Self-Attention #& 1k

Self-Attention A LA F & I b #F 47 42 5y 5C 1, O3 2o 4% A~
23 [) R I AR L BE 56 2R 0T AR AE 1E'TZZ°*I'EHJ::E:?5(H‘%’E
AP BEE A R AE A B0 3, B 4 B R AR A K, X
WRRH T Vision Transformer BN . Swin Transformer &

T H B Self-Attention M 8] 4 A~ H A9 Ay B2 AR 15 b i ok T

Z B 7 1Y 1R] B, {8 45 Self-Attention X 5 4 ¥t % &% ¥ 47
b S AR R AT L AH O Ak T B S A R TE B R A R
(=N

B, AT AR R AL 18] BEAT %7 11 4k 38 75 S E R AT
ERfFERM%EN . BT Ry A AT R T — A8
FIEE R I H: LNG-SA, Wi 2 fiR,

4
I/ Local Self-Attention \l ,/ Neighbor Self-Attention \\ ,/ Global Self-Attention \\
| | I I
N N - HH = 11 E = |
| g : I 4 =]
| E B = = R E 2 o e
1= 1) o o, 1S o B = o
I e Bl E| |2 BB 2 = = e
= = =
—Lp I |1 ey L . 1, O T _ y
g N = & bl e 1”3 o i =
= H = = 1 I o
= = =t (=} u = =
B " e 1 IR g &
\ I LT ) ]
\ VI A /
N g N v N -
Pl 2 LNG-SA B it Lty
Fig. 2 Internal structure of LNG-SA

LNG-SA /1 Local Self-Attention, Neighbor Self-Atten-
tion Al Global Self-Attention X 3 /~#54 2H il 3X &8 3 43 #B J&
T AR E R £ 3 [ EE S HLHY (Multi-headed Self-atten-

tion, MSA) AT AT B w3 E B A A EEE A me /i
T DT T L A B AR B R L4 R 4 SRR AE . TE
i 2 MLPY Z [ {fi H§ GELUY 3% ok %k . 76 4~ MSA 3k



192

PRI Vol. 51,No. 2, Feb. 2024

Com puter Science

FEEA MLP ZHi i Ji LayerNorm™ 2 , £ 5 B H 2 )5 fif
FABR 2 HEH . LNG-SA BT 5R 35 B B EE B AL R
5B LL-SA B Lt B Mk R M5 & . & o, il i /52
WACHE B 4 1 — A~ 58 5 R 2%

LNG-SA 55— J& Local Self-Attention J&#B {5 B 1Y%
X, Bl il Window Pationl #4745 fiF &l #2111 %1 43 #
P BEAT R B A5 B % ), fil 1 Window Reversel i J5 % 5
TR B R

£ /& Neighbor Self-Attention 48 J& {5 B %>, ik
T8 R4 )5 R T B 0 0 =20, A6 R0 4 9 1 AR e 4R AR A
3 id Roll Patition™™ ¥ 4E 44 81 1 18] 47 F Jy il 1 sh 8 1k
N oy 2 — B BRE, MR AR RS B R N, A T
Window Reversel fll Roll Reverse!®) 3 FUARE & R+,

% =& Global Self-Attention 2 &g B 2% > . Wifif
A4 R AR R 43 B — AN B PRI — RS B S R R, R AE
Pl b 2 BT SR A JS B 1 RN DR BN AR R T LATE R 4 5 |
BWE H/7 AFHAESFEAT R AL, W0 76 SE4EBE L W /7 A4
EHEAT R A, 83 Window Pationl1''*! #1 Permute Pation %t
Al LSRR DL BRI AN E O R E R 2 R R
% J5 il 3 Permute Reverse Al Window Reverse2™™ i Jf 45 1iF
£ N

B 1R T LNG-SA By AR SE B #E . window_
partition SEILET F X 43, 567 10 9 T 8 0 0 4 5 window _

reverse SEEUE 138 J5, R N — AN 1R 40 tH0AE 45 .
Eik 1 LNG-SA Bibkszaisak

A FRE B BXH X W X COHE iR /N X R X 5 X laE)
B R AE TR BXCH X W X C Ot /N X X5 X Gl i)
window_partition: BX HX WX C = BXNXSX C
window_reverse: BXNXSXC - BXCXHXW
E:N=H/7 = W/7

S=window_H * window_W

target=HXW

# Local Attention

/ * window H=7,window W=7 x/

1. x=window_partition(x,window_H , window_W)
2. x=Local Attention(x)

3. x=window_reverse(x,window_H,window_W, target)

# Neighbor Attention

/ % window_H=7,window W=7 %/
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# Global Attention
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9. x=window_partition(x, window_H, window_W)
10. x=x. permute(0,2,1,3)
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13. x=window_reverse(x»window H.window W.target)

1£ Local Attention ', % 0 X435 . BI AT AE47 ey B 45 8
27 2] f e B R AR LA JE W B R ALE T R

£ Neighbor Attention H, Y5 Local Attention /A [a] f{) &,
HAETERE DA W WS BONE B — RS
TRIEAT 1 1 R0 43 DL KRB AR B 2% T B )R 08 R W) ik R AT
R,

£ Global Attention "', B SR 45k B % I CH/7) X (W /
D ARGy AT R DA BRI D OR/NERE A AS e, SE R AE
AR E R H /T WA ORFE L TETE AR kR W7
B —YCRAEIF HARIE T YR BN H 0 S ZariEE N E H
B RGEARZE B 7X 7, SRJE AT 2 R s B0 i e ¥ s
(N E P2 eI R B GESETHE DN

# 1 LNG-Transformer 45975 &

Structural variables of LNG-Transformer

LNG-S LNG-B

Table 1
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EH ek 1y 3 F Transformer A9 1K R 4544 41 L » LNG-Trans-
former # i T Swin Transformer 1 Vison Transformer, 7F
top-1 ¥F #r 8 #% I, LNG-T, LNG-S #l LNG-B [t Swin T,

Swin-S Ml Swin-B 43§15 H 1. 04%,1. 03% F1 0. 32% , LNG-
T 5 VieBA b E i 8.56% , 5 % B 4 M 4% ResNet-50
FEmith 1.48% . LNG-S 5 ResNet-101 # I, 55 i 1.62%.

TE ImageNet-100 FHE 4 I, 5 U Ie 19 3 T Trans-
former B & % 25 ¥ #8 1L, LNG-Transformer # # T Swin
Transformer il Vison Transformer, £ top-1 ¥F# 48 #5 L,
LNG-T,LNG-S il LNG-B [t Swin-T,Swin-S #l Swin-B 4} I
B 0. 4%,0.08% #1 0. 08% ., LNG-T 5 Vit-B # It & i
6.56% 5 BB Z5 W 4% ResNet-50 M s th 0. 8%, LNG-S
5 ResNet-101 b E H 0.19%.

1 top-5 PEMY 48 #5 I . LNG-Transformer 7£ W > 5 45 4
Y R BT ST M 4 o LNG-B #E ImageNet-50 %
PE4E LI Swin-T #27F T 0.16 %, LNG-T £ ImageNet-100 %
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K 341 T Vison Transformer, Swin Transformer, Res-
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Table 2 Experimental results of parameter scale,computation amount,top-1 accuracy and top-5 accuracy of different networks
Dataset Model Batch Size Params FLOPs top-1 acc. /% top-5 ace. /%
LNG-T 210 28.065X10° 5.044 X109 84. 60 96. 80
Swin-TC16] 256 27.510 X108 4.350% 107 83. 64 97. 00
ResNet-5004] 480 23.610X108 4.110% 107 83.12 96. 56
VIT-BL15) 160 85. 647 X106 16. 848109 76. 04 92. 36
ImageNet-50 LNG-S 150 49,907 X106 8. 960109 84.73 97.16
Swin-SH6] 160 48,785 %106 8.512x 109 83.70 96. 76
ResNet-101L4] 300 42. 603X 108 7.832%107 84,48 97. 40
LNG-B 100 87.660X10° 16. 359X 109 84.82 96.74
Swin-B[16] 110 86. 725105 15.126 10" 84.50 96. 58
LNG-T 210 28.104 X106 5.044 109 84.92 96. 82
Swin-T 256 27.548 X108 4.350% 107 84.52 96. 82
ResNet-50 480 23.713X10° 4.110x 107 84.12 96. 54
VIT-B 160 85. 685X 10° 16. 848109 78.26 93. 84
ImageNet-100 LNG-S 140 19,358 X106 10. 810 109 85. 00 96. 72
Swin-S 160 48. 823X 10° 8.512X10" 84.92 96. 85
ResNet-101 300 42.705X10° 7.832X10° 84,81 97.08
LNG-B 100 87.711 X108 16. 359109 85. 04 96. 74
Swin-B 110 86. 763108 15.126 X109 84.96 96. 88
850
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Fig. 3 Performance comparison of LNG-Trainsformer and other classical vision networks
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1E top-1 $8 45 b 4F Bl @ 2. 26% . 1. 44%,0. 98% ., 7E Image-
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Table 3 Validity verification of LNG-SA
Dataset Model Config Batch Size Params FLOPs top-1 acc. /% top-5 acc. /%

LNG-T [1.1,2.1] 210 28. 065X 106 5.044%10° 84. 60 96. 80

no-Local [1.1.3.1] 256 27.510%10° 4.350x107 82.34 94.78

ImageNet-50 no-Neighbor [1.1,3.1] 256 27.510%X10° 4.350%10° 83.16 96.56
no-Global [1,1.3.,1] 160 27.510X10° 4.350% 10" 83.62 96. 96

LNG-T [1.1,3.1] 210 28.104 X106 5.044%10° 84.92 96. 82

no-Local [1.1.3,1] 256 27.548 X10° 1.350 X 107 82.72 94. 74

ImageNet-100 ) Neighbor ~ [1.1.3.1] 256 27.548X105  4.350X10° 83.87 96. 19
no-Global [1,1,3,1] 256 27.548 %108 4.350%107 84.53 96. 80

T :no-Local 7% 2 445 #8 1% 7 J1 B8 s no-Neighbor 7% 25 44 48 J5 1 3 1 BE M 5 no-Global 2758 2 5 42 JR i D He . S B AR A R 1) 190

S T HT BB Config. DI 924 2§08 B2 05

T UE B LNG-SA #8 He 7E o Alh W 45 b (9 5 201, B
LNG-SA £l A Swin-Transformer F1 ResNet ¥ 45 b ik 47
T 25 B XE L, B0 4 53 il A R Swin-X-LNG il Res-
Net-X-LNG(X £ /8 A [ it 42) . Swin-X-LNG P % /& £
Swin-Transformer [ Stagel %% o i & & i1 A % > LNG-SA
it , ResNet-X-LNG % 2 7F ResNet [ Maxpool J2 5 &
A 34 LNG-SA k., 7 ImageNet-50 1 ImageNet-100
s g b, A R U2 SO 2 B0 B 2k 300 A4S
epoch, JiC 5% top-1 Fl top-5 BYHEHR K,

#4

SCEZE RN 4 T, 2% top-1 #E R, 7€ ImageNet-50
By b, Swin-X-LNG # It Swin-T, Swin-S 1 Swin-B 43 4
7 0.55 %,0.69 %,0.17% ., ResNet-X-LNG . ResNet-50
Al ResNet-101 23 )75 0. 20 % A1 0. 12% . 7F ImageNet-100 %%
4 |, Swin-X-LNG # [t Swin-T, Swin-S #1 Swin-B 43 5] &
0.23%,0.06%,0.03% ., ResNet-X-LNG # It ResNet-50 I
ResNet-101 430585 H 0. 15% 1 0. 13% . 25 R %W, AT
) LNG-SA 55 7E Ho A 1 45 bS5 200, 7T LLRS Bl ) 4% 7E 7
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Table 4 Validity verification of LNG-SA in other networks

Dataset Model Batch Size Params FLOPs top-1 acc. / % top-5 ace. /%
Swin-T 256 27.510%10° 4.350x107 83. 64 97. 00
Swin-T-LNG 230 28. 869108 5.418 %107 84.19 96. 68
Swin-S 160 48. 785108 8.512x107 83.70 96.76
Swin-S-LNG 130 51,497 %106 10. 638> 107 84.39 96. 68
Swin-B 110 86. 725X 105 15. 126 X107 84.50 96. 58
ImageNet-50
Swin-B-LNG 100 89,100 108 17.026 % 107 84.67 97.32
ResNet-50 480 23.610x10° 4.110x 10" 83.12 96. 56
ResNet-50-LNG 450 24. 060X 105 5.566x10" 83.32 96. 67
ResNet-101L4] 300 42. 603X 108 7.832%107 84.48 97. 40
ResNet-101-LNG 280 43,052 105 9.299x107 84. 60 97. 40
Swin-T 256 27.548X10° 4.350%10" 84.52 96. 82
Swin-T-LNG 230 30. 242X 108 6.465>107 84.75 97.11
Swin-S 160 48. 823106 8.512x10° 84.92 96. 85
Swin-S-LNG 130 51. 536105 10. 638 10" 84.98 97.15
ImageNet 100 Swin-B 110 86. 763105 15.126 % 107 84.96 96. 88
Swin-B-LNG 100 91.521 X106 18.883x 107 84.99 97.23
ResNet-50 480 23.713X10° 4,110 10" 84.12 96. 54
ResNet-50-LNG 450 24,163%108 5.567 107 84.27 97. 31
ResNet-101 300 42.705%10° 7.832%10° 84.81 97.08
ResNet-101-LNG 280 43.155X10° 9.299X10" 84.94 97.02
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