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FMSWFormer: Visual Transformer with Frequency Separation and

Adaptive Multi-Scale Window Attention

CAI Daili, XIE Weibo
( College of Computer Science and Technology, Huaqgiao University, Xiamen 361021, China)

Abstract: Vision Transformer’s quadratic patch complexity and weaker local inductive bias, require a
large amount of data, more sophisticated data augmentation strategies, and additional training tricks to sur-
pass efficient convolutional networks. To address these issues, this paper investigates multi-scale feature ex-
traction and image frequency perspectives and introduces FMSWFormer. FMSWFormer employs convolution-
self-attention hybrid modules to establish communication between different frequencies and implements local
attention mechanisms through window partitioning to constrain excessive computational costs. One of the main
contributions of the paper is the incorporation of multi-scale operators into self-attention computation. This
technique is inspired by adaptive-scale perception convolution, and it serves to enhance the adaptive-scale
perception capabilities of multi-head self-attention mechanisms. By doing so, FMSWFormer effectively com-

bines the strong local inductive bias of CNNs with the dynamic long-range dependency modeling abilities of
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transformers. Extensive experiments on various benchmark recognition task datasets demonstrate the effective-
ness of FMSWFormer, which achieves superior performance on multiple datasets without increasing time
costs. Notably, FMSWFormer outperforms SepViT by 4.2% on the CIFAR100 dataset while reducing latency
by 47.8% . Even with 22% fewer parameters than EfficientNetv2, FMSWFormer’s performance still surpas-
ses it by 3.94% .

Keywords: window self-attention; multi-scale feature extraction; deep learning; convolutional neural

networks; image high and low frequency decoupling
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F1 KA CIFARIO FA CIFARI00 #IRE F B E S HMITEERN K/
Tab.1 The precision,parameters magnitude and computational complexity
of various models on the CIFAR10 and CIFAR100 datasets

CIFARIO CIFAR100
A Model Top-1 HEHf ZHa TR Top-1 HETHR SRk R
Precision/% Parameters/M  Computation/M Precision/% Parameters/M  Computation/M

ResNet!"’ 76. 32 3.2 17.68 35.71 3.7 17. 69
MobileNetv3[' 72.36 10.2 23.83 50. 70 10.7 24. 00
ShuffleNetv2!" 69. 33 3.4 24. 83 37.54 3.8 14. 88
EfficientNetv2 '] 84. 46 8.2 82.18 58.31 8.8 82.35
LiTv2'® 77.15 4.3 21. 16 48. 49 6.4 18. 18
pvTv2!! 78.26 8.7 25.98 53.95 8.8 15.79
SepViT!" 85. 89 3.7 62.78 58.05 6.7 62.79
Swin' 80. 21 7 34. 80 50. 15 7.1 37. 84
CageViT!"! 87. 34 14 74.31 61.65 14.0 74.31
RelCol™" 84.29 30 149. 28 58.58 30.0 149. 28
EMO™! 86. 48 10.3 39.09 60. 28 10.3 39.09
SwiftFormer'*! 85. 46 9.4 40. 63 60.37 4 40. 63
FMSWFormer 88. 00 6.9 38.30 62.25 0 38.30

2.3 Mini-ImageNet {#E& MK
N Tt —LBE FMSWFormer BRI IZ ALAE ), 78B4 2% ) Mini-ImageNet 04546 1 HEAT 1 3L
322 JB/R T A BEALE Mini-ImageNet B LK . SEGEAITTHE R,
R2 HHEBFE Mini-ImageNet HIEE FREE . SHMITESH KD
Tab.2 The precision,parameters magnitude and computational complexity of various models
on the Mini-ImageNet datasets

" SHow AR - S¥e TRAITEE

. Top-1 e % = et | Top-1 1ER % = +H

FEA Model . Parameter ~ Computational FEI Model . Parameter ~ Computational

Precision/% i . Precision/ % K R

magntitude/M complexity/M magntitude/M complexity/M
ResNet " 53.30 5.7 216. 61 Swin!? 54.90 7.1 398. 40
MobileNetv3 '] 65. 30 10.7 278. 10 CageViT!"] 65.21 17.6 285. 63

g
ShuffleNetv2!") 68. 03 6.8 189. 16 RelCol ™’ 69. 19 60. 0 1104. 96
EfficientNetv2!'®  62.10 8.3 1010.0 EMO!! 63. 48 15.3 603. 48
LiTv2!° 58. 00 10.4 152.12 SwiftFormer!? 67.29 12.1 447. 30
PVTv2!!! 51.47 8.8 158. 81 FMSWFormer 71.90 6.0 204. 96
SepViT!" 64. 30 6.7 769. 01

MR EF, FMSWFormer 7 Mini-ImageNet X ™5 14 4 545 _EATE AR S M o 60 (R0 RS Ak
R, EREITH, FMSWFormer iK2] T 71. 9% MERfR, M FrA X UBITRL, BB, 5 Efficient-
Netv2 #HH, $2FHT 9.8% ; 5 SepViT M, 427+ 7T 7.6% ; ‘5 Swin Transformers #H1t, #2777 17% ;
5§ CageViT ML, 2T+ T 6.69% ; 5 RelCol #HLL, 5T 2.71% ; 5 EMO fHLL, #2517 8.42%; 5
SwiftFormer #HH,, $EE T 4.61% . XA FMSWFormer #5i8 B RS A07Z fLBE ST, RERETEA R AU G
£ FARFRIRAS RS BE K,

ESE0E i, FMSWFormer R85 6 M 240, 5 EfficientNewv2 fHLL, W/D T 15.9% ; 5 SepViT
A, WD T 5.3% ; 5 CageViT ML, W/ T 66% ; 5 RelCol AL, /0T 90% ; 5 EMO #H i,

http : /xuebaobangong. jmu. edu. ecn/zkb



%6 M AN, %5, FMSWFormer: FeFAR 4> B F B3 N 22 RBEE L Transformer « 575 -

WA T 61% ; 5 SwiftFormer FHL, W4T 50% . X B FMSWFormer 1S 50R FHRCRAR &, BIAIT
T AL RS

TE3HA )7 1, FMSWFormer 2 A5 204.96 M flops, 5 EfficientNew2 fHI, W/ T 79.7% ; 5
SepViT #Lt, W/ T 73.4% ; 5 CageViT #LL, W T 28% ; 5 RelCol #HEL, W/ T 81% ; 5 EMO
L, W T 66% ; 5 SwiftFormer AHI, W/ T 54% . X 1B FMSWFormer £ E 3 &%, fgfg K
R TR IR A 7oK

&2, FMSWFormer 7ER-FpRE BE RIS, SR AT AR L A AR AR g 258D, iR 8] T R EmE
FRIERIMAIPERE , X FTIRUE T FMSWFormer #5578 ()77 A6 7 KOG R IR A5 S PR 24y R 4038 Iy 1k
2.4 HERSCIE

J T B UEABFSTHE ) FMSWFormer HH 45> SE 520 {1 1 BE , AU4RUR 8 | Rl VRS Sl
WA Z RIET S, 1€ CIFAR-10 B BT T — RIVHASCES . 23 B TIHR S g 51

WA 3 LI, 5B ITA BAALIF % 53 EmEm
PHAOTEBE T, FMSWFormer 38 b A 38 19 1 1 Tab.3 Ablation study

JIBLHIREAL, IRE T 80. 59% H IR, TEAE ‘
H A % BUR, WL e g E T AEE S RRE L BRE
8188 . TR Iy 2 AU T L5 I A2 760 o Bl b TR B TR BEHE  Accuracy
Weslh, IR R E AR S e S, ERE I g H Yes A Yes  AiYes  fiYes 88.03%
NI e e, MROR B — LR AR T H Yes A Yes A Yes HNo  87.62%
85.50% o XL AR i M e m] LUK s B8 1Y) 4 HYes A Yes  No % No  85.50%
FUZA A 32 R S A I RE R %, a0 £ Yes  FNo e HNo  81.88%
B FUZ XS RARRIE B AURR T R E R
FRAEAY 4R B G 4% B BoTNet fITH2 H 11
FERY S B e T HEN , BDZE RGBT Bl CNN, 765 218 L Be i Transformer,  JU320KS B PR T,
RENT 87.62% , XFEEIBEH AR A 25 ARCR Z AR 2] T fe Py, i T AR T R
AR ERIAE 1, e, R T2 RIEREZ MR A X, ZHAH 27 588
S sty 22 RUBE Z ] A FRAE DGR B A, I aORS B SUH &5 T 0. 38%

7 No 7+ No 7+ No 7+ No 80. 59%

3 g

ARSCHEH T —FP LT Transformer E‘J%ﬂgﬁf?{ﬁi, RN FMSWFormer, B4 8 =~ B 2 Wi 5P
oy B, B SRS LR AT R R sk 22 HOT TR BB AL SRR, B
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