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Vision Transformer Based on Reconfigurable Gaussian Self-attention

ZHAOQ Liang"® ZHOU Ji-Kai'

Abstract In the current vision Transformer’s local self-attention, the existing strategy cannot establish the inform-
ation flow between all windows, resulting in the lack of context modeling ability. To solve this problem, this paper
proposes a new local self-attention mechanism shuffled and Gaussian window-multi-head self-attention (SGW-MSA)
based on the strategy of Gaussian weight recombination (GWR), which combines three different local self-attention
forces, and reconstructs the feature map through GWR strategy, and extracts image features from the reconstruc-
ted feature map. The interaction of all windows is established to capture richer context information. This paper
designs the overall architecture of SGWin Transformer based on SGW-MSA. The experimental results show that
the accuracy of this algorithm in the mini-imagenet image classification dataset is 5.1% higher than that in the Swin
Transformer, the accuracy in the CIFAR10 image classification experiment is 5.2% higher than that in the Swin
Transformer, and the mAP using the Mask R-CNN and Cascade R-CNN object detection frameworks on the MS
COCO dataset are 5.5% and 5.1% higher than that in the Swin Transformer, respectively. Compared with other
models based on local self-attention, it has stronger competitiveness in the case of similar parameters.
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Fig.2 Local self-attention combination
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(a) Overall architecture of SGWin Transformer
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(c) SGW-MSA local self-attention mechanism
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Fig.3  Overall architecture of SGWin Transformer
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Fig.4 SGW-MSA local self-attention diagram
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RS e R B, WK 6(a) Frox. tHH AR 1)
HGW-MSA I ¥ REAE Bl 4% 5 V) 43 B 58 70 oA b
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Fig.5 GW-MSA local self-attention diagram
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Weight(z) = exp <— (x ;;””)2 2;) (9)

K o BUE N 1.5, 0 T80 bR PA co 200 1 124
BN NMLIEET 0. A 7R AR AL AL
LAt 7T R BRTBAE — 2, AR 1 B I BE AL
ke A-Expg PV AR R — DI TR RER 51 DL
X L PRI A L REAT BE LI, f5 J Re i A 2 itk o 3 Bk
A2 5] 2 RS O 32 AT HEZ 145 2137 1) F AL S 1Y
AL . BRI 1 R 2 Ak T SR B PP A1 R
gl R ide = [1, 2, -+, n], HH n = h/W, 8 w/Wy; Ft
fith 7C 2R B WAL AR Y W= (W, W, -,
W), Hn = h/Wy, 8w/ Wy, BHME T idrgey 7T
PhraX (10) 33, Horb n 32055 3 1 AL il B A
. A-ExpJ R i BUE AL AR R 2. e 1
HFAL TR RA R SIRHAE AT S E GWR
SR ) L 25

idTyew = A-Expd (idx, W, n) (10)

1.3.2 SGW-MSA #yit&E 378
R ANFSFIEE N X e RPY%¢ SGW-MSA
BB N RHIE IR X (R IE EY1r K 3 ANy, o
—ANEB O AL EHE N Xg € RMVOXE 55 —ANER )y
AR TN Xy € RPWXS 88 = AN B2 ARk 1
N Xy € RP%5. %F Xg {# F Shuffled W-MSA
TEHFAE B A FH 25 (RN BR R A S O, JRTERT A
M DN SR B R . 5 Xy A X 43 )
YN IE AR 15 1Y) GWR. SIS SRR BRI E 47 B4, FF7E
L ERE ] E A W-MSA 5353 8 vEE 7).
AR R R,
T TE X 1380 %5 8] B8 SRARRFAE SR 2 A
HAMFERS (W, W) FIE
Xs = [Xé‘v ng, aXév} (11)

Hrp XL eRP™Xs e [1,2,---, N], & HE%
N=h-w/(Wy-Wy,). RJGHEH GWR X Xy
A X AT EA, B EHEM Xy M Xy 75582 A
HAEMFERS (W), W,,)

Xy = [Xy, X¢, - XY (12)

b xi, e RV Wexs ) xi e RV Wers e 1, 2,
o N], BOREEN=h - w/(W, -W,). Bh-w
ANBERE W, - W, BEBRIS, T DO HREAE B 1 47 45 78
HARE R b - w 7T AR W, - W, TR
BN H NI SR S EE R ). R
HREEERE N, AH 3 N EEREZ o, (k, bv
5% Q (Qurey), K (Key), V (Value), 5%
R
Vi = MSA (Lo (X5), tx (X5), v (X5)) (14

Yy = MSA (lg (X)), b (X)), v (X)) (15)
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Heieltl,2,---, N|, MSA £/~ Multi-head self-
attention™. fx 5K FrA 1Y R E0 B EE 54
AL ] EEAT & I 208 BRI

K2 GWR SRS A J5UAT 1R 7 AL P AR 38 T 110 2k

Tl e R I Fe k47 7 =2, Py DLAR 20K vy M Yy

AR5 S G O FE Atk o0 2K B (PP REAT IE R PSP

oy R B B R TSR A R A BT A, 15
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ANEIEIE EHEAT 5 IF
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X455 B RS R RV IR AE L, JR R i
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2R HiEE 71 (Global self-attention) Hi1 5 & 4%
B tn =t (21) FroR:
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1.4 SGWin Transformer block
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— MLP(LN 1+1 Al 9 Transformer block |:H2 = 6] X 2
(LN@H)) + 4 (26) o
Hodr 2 =1 HF— Patch embed B{3# Patch mer- Py — 2
ging 8(# SGWin Transformer block f%it, 2! Fl Patch merging Cs = 384
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H bR I 5cde 45 KITTIFY, PASCAL VOCE, MS
COCO™ LT 75280, S5HMSHEMUE A
RFVERIRE T 530 EH VB /1 H) Transformer HFR Y
HEAT TP, FEIE Y Rl SE IS A BT ISR T AR SCHR
(1) Ja3 350 F v 2 L) SGW-MSA BB (145 241k

2.1 AHEXEEKIE S
I B S S AT AT B R, o

HREHESE I AIRE ). B 8 BR T AL 3
28870 Swin Transformer [ STEIXTLL, 5B5—1T 2
JFHE, % 47/ Swin Transformer HI# N HE, =
1772 SGWin Transformer FJ#J1E. (a). (b). (c)
BIEIX LA PLE H SGWin Transformer b Swin
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Swin
Transformer *

&

SGWin

Transformer 4

K8 ANHEE Swin Transformer 37 EI%TEE

Fig.8 Comparison between the algorithm in this paper and the thermal diagram of Swin Transformer

Transformer # /7 7 i 1) B A Y6 H 5 410 (d) 41
FIXF el PLE H SGWin Transformer b Swin
Transformer 7€ o7 58 #Eff H/)N B ARl 5 77 5058,
FrbL SGWin Transformer H i Swin Trans-
former FLyE M) H br @ A7 58 INHERG, IGIE T A SCHE
H SGW-MSA J& & H ¥ = 3L 1A 2. ok
4t SGWin Transformer X /)N H ARA I AP BE A
—ERTt.

2.2 HERSCIG AT

N T BAIE SGW-MSA FEH 1A %0, & 5erE MS
COCO #¥a4E kAT 7 iH fh s I8 4 #r. SCoefd H
mmdetection™ HFRAEM ZE PL & Mask R-CNN!
H b AEZE ) B 32 1 48 B #:4 Swin Transfor-
mer, SR 5K UK A Sk SRS NN E] Swin
Transformer W HEAT S5, A8 AL 2% K X S 808
UK Adam WM AL EE T 244, 12k Epoch
12, WIS %y 1x107, #£%5 8 Epoch A5 11
Epoch &5 H B 73 52208k 10 7%, PR e bR H B bx
Tor i~ 354G FE APY LA S S5 oy P S50 K BE AP™.
2.2.1 GWR REEBSEERSIIE 57

GWR, Sl I8 i 18 26 A R 2R 1 2t o s B E 2
FAEEDRAESTIER /N T diy, (di ) BERT dly (diay)
R &R, X TRl R 5 W, IR E
SHE B E A G R R R R a4 1
PEREIE BRI, N T 38 uE Wy, (W, /N TR &
B M) W EEIUE, ASCAEENE RN T < 7
MGG, Wy, PAEM 1 B 6 BUEZT X T sLe, 18
AME TN SRR G O T, Seiegs R ank 2 fios.

M 2 HR] LA H 2 B T 2 B B W, A
13 6 B FRES, 72 1 3] 4 X 8] RS FE 28
&S, TR 4 B 6 XA KRBT B, 1

2 FERRITER BT LT RS L

Table 2 Comparison of ablation experiments of
basic element block width
Wy AP® (%) AP™ (%)
1 34.2 31.9
2 34.9 32.5
3 35.8 33.2
4 36.3 33.7
5 35.5 324
6 34.7 32.0

BN 4 BB RS BE IR 31 7 S, IR 3 T R r )

ROR, BT CAASCI GWR SRl iR S Atk oo R e i) 96

e N 4.

2.2.2  #Y\[E VGW-MSA 5i#m HGW-MSA B3
RHSEIE AT

TERAE GW-MSA J& 6 H & S A&
1] VGW-MSA Al 7] HGW-MSA A 4
AR VG I 2 53 Swin Transformer ] SW-MSA
B4 )y Shuffled W-MSA. Shuffled W-MSA+VGW-
MSA. Shuffled W-MSA+VGW-MSA+HGW-
MSA, IZ 50 IE R MBI R, ZEANEH T
SR, 2ot g Rk 3 .

M 3 HR AT LU AR SRV S R A5 Y Swin
Transformer /£ H SW-MSA F#& B iE&E 180 B br
RS IUFN 2451 53 E R~ 2585 40 51 30.8% FH 29.5%;
¥ SW-MSA ##:Jy Shuffled W-MSA J& #5455
T 2.8% F 2.1%; ¥ SW-MSA & #:24 Shuffled
W-MSA 540 A m e 1 HVER /) VGW-MSA 1)
GEL TR RERE Y WIARTE T 1.3% F1 1.1%; ¥ SW-MSA
By SGW-MSA (Shuffled W-MSA+VGW-
MSA+HGW-MSA) JEH§ 5 AT+ 7 1.4%
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%3 SGW-MSA s 5 4128 ML EPE SR DR, Oy H AR AR ) 1 5
Table 3 SGW-MSA ablation experimental results 2 | E/‘JE% /% I FE T $# 1 538 E /{%’L jﬂ‘ﬂl
i Jrik AP (%) AP™ (%) #il, SGW-MSA it A& 3 FhE = L 875
A SW-MSA (baseline) 30.8 29.5 X, BAEHEMRFH LT G ERIEE
B Shuffled W-MSA 33.6 (+2.8) 31.6 (+2.1) - a
C B+VGW-MSA 349 (+1.3) 327 (+L.1) 2.3 BERSEER
D C+HGW-MSA 36.3 (+1-4) 33.7 (+1.0) 2.3.1 CIFAR].O 1%%%;‘;3&

1.0%. 3X S8 91 Rl S50 1) Hd idF— P IR T A SCHE
(1) SGW-MSA J&j# H 3 = LI A 2k
223 Z=MEITBIENFHEERMEHEME
59h

N T E M AR B SGW-MSA B & 3 FiH
VERE JINLEI A, & H ImageNet #1459
AP 3 MRS B R LRI e R IR B
NEUEKH 224 x 224 BRI, B—A> stage HF
AE TP R SE 43 51N 56 % 56, 28 x 28, 14 x 14, 7 X 7,
BREE J5 1 stage PTRLAK ) #4778 75 049G FE
R RCR B, H2 5 B R 5 — 1 stage FFAEE]
(VRSEN T 7 55T 830 B VR = IHLH] B 2 R,
IEE () =N B8 BE R AR AR HEE
7. BRISEIEEUER 3 /> stage )5 —> SGWin Tran-
sformer block 1 SGW-MSA K] 3 ™ HF & S 1) #
JTEEAT AT RAKT B fil A O R S E W E 9 Frs.

Shuffled W-MSA

VGW-MSA HGW-MSA

SGW-MSA

Ko RradRreEl

Fig.9 Schematic diagram of fusion effect

B9 JBIR T 83 i = SN g e 5 R T
DL BB — Pl 2 77 1) 338 4 #06 BT AN [F]. Sh-
uffled W-MSA 5 57 [ 72 FE 2 16 ERE, X BkER
23 H AR A1 5 2 B BE R EL R s, VG W-
MSA # 57 P 5h EAT PR B 0 & 1, X H AR
TS 52 2 A HC R LR U, HGW-MSA & 715

CIFAR10 #4545 60 000 5K JL~F4 32 1)
KB, 708 10 A, DA 6 000 5K
K. 53 I ZREE 50 000 7k, MA4E 10 000 5K. A
SCAENGREE EVNZRAE AL, I R It A2 0l HS )
Topl #EME (HF4 5 — 12015 SR gs FRAHRF 1)
AL ). RSB, KA PyTorch iR % > 4E
ZUA Timm BRI K, AR T XS A
BUR ) AdamW 2 52 5] 28R H 4R 5%0R K (1) 7
3, WILAMIZE )R E N1 x 1073, S/NFESIFR A 1x
10~%, warmup 22> %N 1 x 1074, warmup Epoch
WEN 3, MEFWE N2 <1075, 3hE R 0.9, HE
58K F BE LR BT A BN . 2R a5 80N
130 Epoch, 7£ 120 /> Epoch 2 J& £ e fik 2 > %
4R L1I1ZR 10 Epoch. 45155 bR HCR FHFRE I A8 X543
KRk, AT H PN EL T, I
B 57 — 5K RTX2070 1) GPU Eiilgk, JEatd
BRHAEL L PIECE. A CIFARLO #¥E5EH1
EURZEN, FrCAEE I HRAN S BN 35 44
B B (P IEE 20 C; 4 B B [32, 64, 128, 256]; 4 ANy
Bt Transformer block i) Head #(& H; 7771 &N
2, 4, 8, 16]; SGWin Transformer [3EAtl 76 Z B[
WEW, BN 1. K4 RR TS50 R AE
CIFARI0 ¥4 By g5 . vl LUE WA ST
it H) SGWin Transformer 7&Z 5 &AH 2 115
SRR B RAR T A B AR H AR TR
HEE JJH Transformer #7. Topl #ERHIZFE L H
Al i o3t A Pale Transformer $e7+ 0.41%, #HEL T
F 28 H vk Swin Transformer, SGWin Trans-
former 7£ZHEAH [R5 OL T, AUAGE TS B4 SW-
MSA 4y SGW-MSA it ®| 1 5.2% K5I, Rk
TARSCBETHH SGW-MSA I 2.

2.3.2 mini-imagenet ##EEE FHILIG

AR EAE mini-imagenet 23R 4L 3T T SLEG.
mini-imagenet 2 60 000 5k EIME, 750
100 ™27, 55K FHE I 58 & b KL 3908 500 4
BER, MBI EIERLE 6 000 7K. ¥ 50 000
5k R AE AUINZRSE, 10 000 3k R AE A IRIELE, I
SRR E AR S 2.3.1 1) CIFARL0 %
P, AR REMEES R ERAR 1
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4 CIFARI0 Hiilsf LIy Topl Ko H %5  mini-imagenet $Hi4E E 1 Topl KEEHLL
Table 4 Topl accuracy comparison on Table 5 Topl accuracy comparison on
CIFARI10 dataset mini-imagenet dataset
Bk Topl HERIZ (%) Parameter (MB) ik Topl HEHIR (%) Parameter (MB)

Swin Transformer 85.44 7.1 Swin Transformer 67.51 28
CSWin Transformer 90.20 7.0 CSWin Transformer 71.68 23
CrossFormer 88.64 7.0 CrossFormer 70.43 28
GG Transformer 87.75 7.1 GG Transformer 69.85 28
Shuffle Transformer 89.32 7.1 Shuffle Transformer 71.26 28
Pale Transformer 90.23 7.0 Pale Transformer 71.96 23
SGWin Transformer 90.64 7.1 SGWin Transformer 72.63 28

HIFC &, YIZ5EH) Epoch #CN 100. SGWin Transformer
MEMTRRTEE W, KE N4 K5 RR TS5
X EE AR A E mini-imagenet B34 I 1) 9206 45
RN 5 s R DUE A SCRIE A L T2 4
Swin Transformer &+ T 5.1%), I8 L & Se 3E K
Pale Transformer £ 7 0.67%. iFF 7 SGW-MSA
A .

2.4 BRI SLIE
2.4.1 MS COCO #iE&E FRYSEINER

A AE A mmdetection LA Mask R-CNN
H PR IIHESE ) Wt 3= 2 B 6o BT 3 B AR
FI3E T /iR E H HE = /I8 Transformer F278, 3
SRS R 73T TR G, R AdamW 448 5
WA, IR 36 Epoch, & EHI4A %~
N1 x 1074, 7£58 27 Epoch 1 33 Epoch 5 W 2 J5
3 EEIR 10 F5. BT A AR AL 35 A F il 1| 2R A5 2.
SIS R 6 s, Hd Params (M) AAFRBIA
NS4, FLOPs (G) BB R RE. 1]
DLE A HE A SGWin Transforemr #2143
1 45.1% K] mAP, AHELT H AT i Pale Trans-
former BIAYHE Tt 1.8%, I HIESHEALHE O
T2 57 Swin Transformer 27+ T 5.5%. 1t
4k, SGWin Transformer {E 32143 %] Ft BA —&

I T, bbfe et Pale Transformer #2717 1.3%,
bb L2 &k Swin Transformer $2H 1 4.2%, I
UE AR SCHEH 1 SGW-MSA A R, oM H
mmdetection JF PL & Cascade R-CNNM B f5 A8l
HEZE, BRI 5 8 140 S 56 e B a0 7] IR 1) Mask R-
CNN, % E N 11 Epoch, HIHH5 S FA 1x
10—, 7£%5 8 Epochfl 11 Epoch 45 J& 43 7 % I
10 5. SEIR S5 R INR THR. AR SGWin
Transformer 57215 %] 42.9% (AP?) Fl 37.8% (AP™),
FHLEEL T Pale Transformer BRI 43 FIRF T 1.4% F1
1.7%, 3+ HAEZHEALHIE O T L EE L H% Swin
Transformer 73 A3e Tt T 5.1% F1 4.4%. UEBH T SGW-
MSA A 2.

NT EEWHLE R SGWin Transformer HH
Bk, AR SCIEEL MS COCO WA iy G 3t 47 Ha il
T 4 SR BEAT AT AL, Al 10 fs. BA Cascade R-
CNN N HFrEEIHESL ) 7 5% Swin Transformer
PL A SGWin Transformer {E 43T W45 24T R
MEH R LLE H, SGWin Transformer # Lb T3 2k
AR TEZM/NER (WE 10(a) FORA
A2 aniEl 10(b) HOARII4RE) FLESS H AR (K 10(c)
s FIARTEME, B 10(d) Wi H I N). EB T SGW-
MSA feigiE 3 HHE 2 1 F N E B RPE sy B
FRA/N B bR BRI 2R

%6 Ll Mask R-CNN 24 FARGHIUHEZEAE MS COCO #rfindle I (K 550 45 1
Table 6  Experimental results on MS COCO dataset based on Mask R-CNN
Backbone Params (M) FLOPs (G) AP® (%) AP, (%) APY (%) AP™ (%) AP (%) AP (%)
Swin 48 264 39.6 61.3 43.2 36.6 58.2 39.3
CSWin 42 279 42.6 63.3 46.9 39.0 60.5 42.0
Cross 50 301 41.3 62.7 45.3 38.2 59.7 41.2
GG 48 265 40.0 61.4 43.9 36.7 58.2 39.0
Shuffle 48 268 42.7 63.6 47.1 39.1 60.9 42.2
Focal 49 291 40.7 62.4 44.8 37.8 59.6 40.8
Pale 41 306 43.3 64.1 47.9 39.5 61.2 42.8
SGWin 48 265 45.1 66.0 49.9 40.8 63.5 44.2




1986 H 3 1k =2 Eitd 49 %
2.4.2 TFEEMERENBESE ERSSIEER MSHEMYIER T, AR F SGWin Trans-

ASCIEAE KITTIT B4 A PASCAL VOC %
Pt kAT T XTSRS, {8 PyTorch ¥ % 2 HE
BEPL K& YOLOvS!™ B Frf il 4244, R H SGDM 4
th2s, F )R RARZIB KT, WIMH¥ R E
BN 0.01, B/NFEIE N1 x 1075, warmup 222 %R
A 0.1, warmup 2% 21 %4 0.1, warmup Epoch 4 3,
BRI 5 x 1074, &R 0.937, Hd 3 55 % A
Mosaic™, /K F-EHEL F A e, 76 3 5k RTX3090
(1) GPU EIZiiia S HCRAR 1 P E. R
BB B ZR R0, BT B BRI AN F Pl 2045
B, /£ PASCAL VOC ##54E F1I1%k 100 Epoch,
7E KITTI 54 L iIl% 300 Epoch, iI% Batch
size BN 64, LIS R UL 8 Fion. 7 UG HAEK

former fUFE KITTT #4541 PASCAL VOC ¢
5 4R (1K 2 LU B 6 1E 1Y) Pale Transformer 43 5l #2
F 7 0.3 F1 0.6, HLEEZLH I Swin Transformer 43
BERTE T 1.9 F1 4.5, FERTNIEEJ71H, SGWin Trans-
former [1] FPS 123 1 56, i ! £ 561t Pale Trans-
former 5% 16%, fHL T 225 Swin Trans-
former $&F+ 1 12%. FrAA ST SGWin Trans-
former 7518 AR B _E#BAL T HAh Transformer,
ARV RE AT

3 Zip

ASCEFNTIUA 23T =R B iR = ALY Tra-
nsformer F B AN GE S BT A & 10 2 (815 2 it 1)

# 7 LL Cascade R-CNN Jy HAREHNAESAE MS COCO #idindk brsiie gy i
Table 7  Experimental results on MS COCO dataset based on Cascade R-CNN
Backbone Params(M) FLOPs(G) AP® (%) AP, (%) AP (%) AP™ (%) AP (%) AP (%)
Swin 86 754 47.8 55.5 40.9 33.4 52.8 35.8
CSWin 80 757 40.7 57.1 44.5 35.5 55.0 38.3
Cross 88 770 39.5 56.9 43.0 34.7 53.7 37.2
GG 86 756 38.1 55.4 41.5 33.2 51.9 35.1
Shuffle 86 758 40.7 57.0 44.4 35.8 55.1 38.0
Focal 87 770 38.6 55.6 42.2 34.5 53.7 39.0
Pale 79 770 41.5 57.8 45.3 36.1 55.2 39.0
SGWin 86 756 42.9 60.9 46.3 37.8 57.2 40.5
Swin

Transformer|

(b)

K 10

MS COCO Haill 5 R T HiAL

Fig.10 MS COCO test results or visualization
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%8 KITTI A1 PASCAL VOC $#ia gk [(¥ 556 45
Table 8 Experimental results on KITTI and
PASCAL VOC dataset

Backbone KITTI mAP@0.5:0.95 VOC mAP@(.5 Params (M) FPS

Swin 57.3 59.6 14.4 50
CSWin 58.7 64.1 14.2 48
Cross 58.1 62.8 13.8 20
Shuffle 58.7 64.6 14.4 53
GG 57.8 62.4 14.4 46
Pale 58.9 64.5 14.2 48
SGWin 59.2 65.1 14.4 56

i@, $2 T —Fh SGW-MSA Jaiiflt FVE R I AR SG-
Win Transformer B4, /£ SGW-MSA H1454 3 Fh
ANTE B SR8 B R JILI R L, A R S
W HZ ERE S . SLins RS HE M
HEAMEOR, AR M E R LA 5T
Jai il BVER J1H) Transformer #8 8 HAA LA UE
BT AR SCHEH I SGW-MSA JE R s i BE L& 1 5%
W N2 T B 2 R RS BB e 8 R4 BE 2 ()
Ik EIE SUE B 9T HBRA SRR B R SRR 7).
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