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net50" " 25 28 AR AL, 5 1 7E ResNet50 %5 16 R 1) 4
ANJZ IR (Stage) 338 U A7 AF & 14 25 0] ROSE S I AH B Hh 3
DIV AR 2 FE L S X 2 ROBERRAE A 32 B, 4R, PVT
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In this example, H and W represent the initial height and width of the input image of the model respectively, while C; is the

number of channels of layer i vand & and w represent the height and width of the feature map of the current layer (layer i) ,respec-

tively. r is the sub-sampling rate.
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In this example, H and W represent the initial height and width of the input image of the model respectively,while C; is the
number of channels of layer i.0,x,53 and a represent the loss weight of a single prediction head.
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In this example, H and W represent the initial height and width of the input image of the model respectively,while C; is the
number of channels of layer i ,and h and w represent the height and width of the feature map of the current layer (layer i), re-
spectively. r is the sub-sampling rate. Q is Query, K represents Key,V represents Value.
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Fig.3 Structure diagram of encoder integrating spatial and multi-scale channel features
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HbMSFEN BIHUR 51 AT SR BS54, 7k b 2 2% 1 4
fE s 5 o 4 K 41 AMRHAE 18 7~ 4 45 0 DF 42, 15 i
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A Xs € RTTE

Wiy X e RV
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X =Conv(l X1,Xg4);

(XX, =split( X, ,dim)
V1o i k3

for(G=1 to k)

X, =GELUMWConv((2i —1) X (2: — 1),
X5 /AT AR B B R IR B ] ) 15 45 11
X =concat(X,X,;);

end for

X =Conv(l X1,X:);
T3 AR A FRAEAR B

X' =X"4+Xg;
J32 38 38 FRAE Bl

return X';

}

/AR P X
/ /i AR AR P X

/ /4% 8 18

/)8 BB RE

WA LESRRIEDN

2.3 REHFER SRS (CFFD)
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PATERGAT T AR REE AN [ 25 [8) o 2 1Y Jmy 384 2.
KT T4 X LA L LA B4 1) A3 R, AR SC
P& —FhHr iy CFED, & 2(b) 7R , CFFD F % i
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UpconvO) N [ REEEEL,
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MStage[ i ], @)
v; =Softmax(MStage,,[i]) . (2)
2.3.2 3M-#mEMmi

TR A AL AR e A oy KRR A
MStage ¥ B 1 AR, e 4 AR Bon s
R AT S5 5 . A SR 28 SR oR BT B A B
B ESAESR p FIBUNAE S v, Z A8k, Bk
BN T4 R

loss[(p,y,»)Z*Ep-log (y;) » (3)
i=1

loss =a +loss, +f «loss, + u <loss; +0 «loss, .

(D)

Horb o AR EE, loss, fCEE i 4 MStage il
W3k IS s @ JBpe A O S BAAS T Sk A9 451 2K AL
TESZE o (B A0 YJBEE K 0. 25, MRAE 4 AT
LA RBHR loss, AL RE NS o)) 45 Mo R L R 40 22 1
T A0 FOUI -4y e 2 T D0 ARE 38, DT A 260 it 2 T A AR
PERE . CFFD B i Oh 48RS I F B .
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%/\X e R HXWXC

iy - U A Ry
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for i=1 to n:

MStage )%

/ /4 A GE S X
/ /4 44 004

J/PEA AR 1 8 4 A

Xs=GSA(X); //GSA(X) FHiufr4
Ja) e 1 B T R
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end for
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fori=n to 1.
stage M) loss
MStage,.,[ i ]=MStage,..[ i +1]+
MStagel:];  //FHIERLGS
MStage,,[i ]= Upconv(MStage,.,[i ]
/] b RAEERAE
v; = Softmax (MStage,, [ ] ;
i J2 TR AR %

lossl»(p,yi)Z*_ép e log(y,)s //3R
12 loss

/R

end for

loss=a * loss, +8 * loss, T p * loss; +0 * loss, ;
// Z B R AR AL

return LA LR v ;

}
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3.1 HEE

N T B AIE AR SCHR B MSVIT B9 A a% v Fniz 4k
PR T 4 AR o3 R8s 4R L kAT 555, 23 028 Tma-
geNet-1k f 1 > F 4 (Small_ImageNet) , Cifar 100,
T DR A0 I B A s 5 CAPTOS 2019) B 4% £
££ (Mushroom 66) , 3% 4 /04 £ 1 B 8t & 1
F 7
K1 AT HEEHEGEEER

Table 1 Image data information for four datasets

i Ve eh 6 iE H 2 50 K
D Training Verified Number
ataset . :
quantity quantity of classes
Small_ImageNet 80 000 20 000 1 000
Cifar 100 50 000 10 000 100
APTOS 2019 8 000 2 000 5
Mushroom 66 12 757 3190 66

Small_ImageNet & Kaggle(www. kaggle. com)
=T EE S . i DeepMind F BA A £, FH T
SRR IR AZ BRSO T i AR PUNATSE . B4 1 000
AL A 100 5K A, 33t 10 DTk E R, W
FHEEBR %], 68 T Small_TImageNet 1 g 525 ¥4
B REE T /ANEEAR 2% ) (Few-shot learning)
WF5E . J0 s 5 L B 9T N A AT DATE A R I B
I8 F PR E MG UEA A (4 PERE .

Cifar 100 5 K& 53 26 die i T B R 2 —
F 6 Tk, EEAE 100 D, BAKHE
600 skAR A, Hrp 20 M@K B SR KR

X ALE 5 AT, M T Cifar 10 5048 4, Cifar
100 Hd 4 0 Hpk i 8 B 400RE R 20 24T 55

APTOS 2019 /2 Kaggle |82 JF50HE 4, &
1 BP9 Aravind BB} B B Ui £E 19 05 DR 975 P01 58 9
AR AR B, BT IR B 5 9 1 A 00 9F 5%, 2% B o 4 3
A5 A A BN 2 000 KA

Mushroom 66 &7 A1 BA7E %l A 5t 48 5 i
FIE A I R AT B 4 i B AR 3L A 15 947 Tk IR L 3k
A 66 2K H], Mushroom 66 %85 & B9 B 4% 5K 4y
REARG R TMEGER R TSR R R E 555 5%
B 4 5t
3.2 EHmIEEMBSIEE

S:¥ 3155 K Ubuntu 18. 04. 6 LTS & 4. CPU
9 Intel Core i19-10980XE CPU @ 3. 00GHz, & ¥
GPU & NVIDIA GeForce RTX4080, i /£ 16 GB,
LY LT PyTorch VR B 22 S HESL, R 584 Py-
Torch 1.10. 1,Cuda 11. 8, Python 3. 8, #5 &Il 2 %
8 200 4~ epochs, YIZRHLIR K /N 64, W1 1G24 2T RN
0. 001, weight_decay i 0.000 1, b #3fH FH Adam,
3.3 SLIguER

T ARAIE S50 45 BB A F M L i A R R A
YIACE , BB R A G — N 224 X 224, T 4 LAY
RIS HO S R — 3, SC5 T %Xt Small_Ima-
geNet , APTOS 2019 il Mushroom 66 3 #HE £ X
IR + WAESE =8 = 2 By L B k47 BE AL RI 4%, X —
FeBil RS 2% 7 Y ET SR A s i . W
Cifar 100 46 42 , W2 38 76 5 J7 19 53 5 L 4, B I 25
£+ BUESE =5 ¢ 1,3k SR AR R 1 B0 4R 1 A v S BT
. HWRGH T AR S5 0 AT A B L A S 56 v A
BB T REALECR 7, L3 5 X Eb S 56 A4 T 5 RN R
Lo
3.4 XfLEXIE

TEAHR) 52 30 PR B8 T o A SCHE Y 1) MSVIT Y
T = O 1 PR 53 288 B R 78 R Al ] 091 AL 1) i 42
AT RN LB AR X . X AR TS RepMLP-
Net-TM  Hornet-T,., "™ . FasterNet-T"" | TransX-
Net- T Agent - PVT - T | RepVGG - A0™"
MPViT-T™ [ PVT v2-B0™ | MobileViT - XS #l
EdgeViT-XXS™ &, S0 8 i 40 & 25Ut (Params) |
77 AR (FLOPs) , Top-1 #E#fi % Fl Top-5 #Ef
ROGERENER 2 B 5 AP IRLEE £ R 45 518
Hh ) B e E B )



T ARE,2024 5,31 %, 5 5 #] Guangxi Sciences,2024,Vol.31 No.5

£ 2 HKIEBLE Small_ImageNet HIFBEPHLRER

Table 2 Experimental results of each model on the Small_ImageNet dataset

15875 SR /M FEHER/G Top-1 #EMI R/ % Top-5 iM%/ %

Model Params/M FLOPs/G Top-1 accuracy/ % Top-5 accuracy/ %
RepMLPNet-TH (2022) 31.39 1.09 84. 85 95. 25
Hornet-T,,., "1 (2022) 22.41 3.99 84.67 95.03
FasterNet-T-"(2023) 14. 98 1.91 61.32 84.23
TransXNet-TH*1 (2023) 12.83 1.77 83.18 94.73
Agent-PVT-TH) (2023) 11.57 1.93 83.78 94. 80
RepVGG-A0M (2021) 9.11 1.52 86. 61 96. 31
MpViT-TH (2022) 5. 84 1.83 86. 14 96. 31
PVT v2-BoM (2022) 3. 44 0.53 72.46 89.92
Mobile ViT-XSH (2021) 2.32 0.72 79. 60 93. 62
EdgeViT-XXS™(2022) 4,07 0. 54 85. 31 95. 50
MSViT (ours) 1.95 0.81 87.58 96.33

K3 HHEETE Cifar 100 HIBEPHIHRLER

Table 3 Experimental results of each model on the Cifar 100 dataset

iR ZHE /M TR R/G Top-1 #E##%/ % Top-5 HEHH/ %

Model Params/M FLOPs/G Top-1 accuracy/ % Top-5 accuracy/ %
RepMLPNet-TH (2022) 31.39 1.09 45.51 73.84
Hornet-T,.., 11 (2022) 22.41 3.99 47.24 71.54
FasterNet-T 71 (2023) 14.98 1.91 58.04 83. 64
TransXNet-TH* (2023) 12.83 1.77 64.08 84,54
Agent-PVT-TH" (2023) 11. 57 1.93 60.12 83. 89
RepVGG-A0P (2021) 9.11 1.52 68. 88 88.47
MpViT-T (2022) 5.84 1.83 68.15 89.78
PVT v2-Bo™ (2022) 3. 44 0.53 66. 36 86. 82
MobileViT-XS"% (2021) 2.32 0.72 68. 82 90. 81
EdgeViT-XXS™ (2022) 1.07 0.54 70. 88 90.19
MSViT (ours) 4,95 0. 81 73.18 90. 96

R4 FHEEE APTOS 2019 HIEERWLRER
Table 4 Experimental results of each model on the APTOS 2019 dataset

LAY SRR /M IF R/ G Top-1 #E#H/ % Top-5 W H/ %

Model Params/M FLOPs/G Top-1 accuracy/ % Top-5 accuracy/ %
RepMLPNet-TH (2022) 31.39 1.09 79. 40 99. 60
Hornet-T,., "1 (2022) 22.41 3.99 71. 30 99. 90
FasterNet-TH71(2023) 14. 98 1.91 67. 65 99. 90
TransXNet-TH*1 (2023) 12.83 1.77 74.95 99. 95

Agent-PVT-TH (2023) 11.57 1.93 73.45 100. 00
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Continued table

15875 SR /M FEHER/G Top-1 #EMI R/ % Top-5 #EHI R/ %

Model Params/M FLOPs/G Top-1 accuracy/ % Top-5 accuracy/ %
RepVGG-A0T (2021) 9.11 1.52 83. 00 99. 90
MpViT-T (2022) 5. 84 1.83 76.05 99. 80
PVT v2-Bot (2022) 3. 44 0.53 62. 20 100. 00
MobileViT-XS"% (2021) 2.32 0.72 62. 30 100. 00
EdgeViT-XXS™ (2022) 4.07 0.54 72.85 100. 00
MSViT (ours) 1.95 0.81 83.90 99. 90

£S5 HHEBFE Mushroom 66 HIFEE PP LRER

Table 5 Experimental results of each model on the Mushroom 66 dataset

15575 SR /M FEHER/G Top-1 #EHI R/ % Top-5 #EMI R/ %

Model Params/M FLOPs/G Top-1 accuracy/ % Top-5 accuracy/ %
RepMLPNet-T!H (2022) 31.39 1.09 78. 20 93.93
Hornet-T,.., "1 (2022) 22.41 3.99 68. 50 92. 86
FasterNet-T-"(2023) 14. 98 1.91 60. 20 86. 03
TransXNet-TH*1 (2023) 12.83 1.77 78.77 93.68
Agent-PVT-TH) (2023) 11.57 1.93 73.91 92.73
RepVGG-A0M (2021) 9.11 1.52 81. 36 95. 38
MpViT-TH (2022) 5. 84 1.83 82.62 95. 26
PVT v2-BoM (2022) 3. 44 0.53 72.01 91.72
MobileViT-XS"22 (2021) 2.32 0.72 82.50 95. 86
EdgeViT-XXS™ (2022) 4,07 0. 54 78.33 94.18
MSViT (ours) 4.95 0.81 83.20 95.89
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%X 6 7E Small_ImageNet #{#55% FHHR LR ER

Table 6 Results of ablation experiments on the Small_ImageNet dataset

il MSFFN CFFD SR /M IR R/G Top-1 #E##%/ % Top-5 HEHH/ %
Model Params/M FLOPs/G Top-1 accuracy/ % Top-5 accuracy/ %
EdgeViT-XXS™! X X 4.07 0. 54 85. 31 95. 50
MSViT-1 N X 4. 17 0.56 86.69 96. 20
MSViT-2 X N/ 4.81 0.76 86.51 96. 32
MSViT (ours) N N 4. 95 0.81 87.58 96. 41
F7 7TECifar 100 BIBE LR HMERER
Table 7 Results of ablation experiments on the Cifar 100 dataset
A2 MSFFN CFFD SR /M AR /G Top-1 #E##/ % Top-5 #EM %/ %
Model Params/M FLOPs/G Top-1 accuracy/ % Top-5 accuracy/ %
EdgeViT-XXS"! X X 4.07 0.54 70. 88 90. 19
MSViT-1 N X 4. 17 0.56 72.19 90. 24
MSViT-2 X N 4. 81 0.76 71.39 89. 54
MSViT (ours) N N 4. 95 0.81 73.18 90. 96
#8 TEAPTOS 2019 HEE FHEBMXKER
Table 8 Results of ablation experiments on the APTOS 2019 dataset
A7 MSFFN CFFD SR /M TR /G Top-1 #E# %/ % Top-5 #EMI %/ %
Model N B Params/M FLOPs/G Top-1 accuracy/ % Top-5 accuracy/ %
EdgeViT-XXS™ X X 4.07 0.54 72.85 100. 00
MSViT-1 N X 4.17 0.56 79.10 99. 90
MSViT-2 X N/ 4,81 0.76 78. 60 99. 80
MSViT (ours) N N 4. 95 0.81 83.90 99. 90
%X 9 7E Mushroom 66 #{iE&E FH)ER LI LR
Table 9 Results of ablation experiments on the Mushroom 66 dataset
B MSFEN  CFFD LAt/ M VARG Topl MEBNR/ Topss HEWIR/ %
Model - Params/M FLOPs/G Top-1 accuracy/ % Top-5 accuracy/ %
EdgeViT-XXS"! X X 4.07 0.54 78.33 94.18
MSViT-1 N X 4.17 0.56 81. 81 95. 01
MSViT-2 X N 4. 81 0.76 80.73 95.32
MSViT (ours) N N 4.95 0.81 83.20 95.89
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Fig. 6 Line graphs of MSViT ablation experiments on different datasets
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MSViT: A Lightweight Image Classification Hybrid Model In-
tegrating Multi-Scale Features

QIN Xiao'?,PENG Lei',LIAO Huixian’, YUAN Chang'an'" " ,ZHAO Jianbo' ,DENG Chao',
QIAN Quanmei' , LU Hongfei' , GONG Yuanxu'

(1. Guangxi Key Laboratory of Human-Computer Interaction and Intelligent Decision Making, Nanning Normal University, Nan-
ning, Guangxi,530100,China;2. Guangxi Regional Collaborative Innovation Center for Multi-Source Data Integration and Intelli-
gent Processing . Guilin, Guangxi. 541004, Chinaj; 3. College of Digital Technology, Guangdong Vocational College of Finance and
Trade,Qingyuan, Guangdong,511510,China;4. Guangxi Academy of Sciences,Nanning, Guangxi,530007,China)

Abstract: Aiming at the limitations of existing Vison Transformer (ViT) models in local feature capture and
multi-scale feature fusion,a new lightweight image classification hybrid model integrating multi-scale features
(Multi-Scale Vision Transformer, MSViT) is proposed. Firstly,a Multi-Scale Feed Forward Network (MS-
FFN) module is designed to capture channel features in the encoder,which can effectively extract spatial and
multi-scale channel features. Secondly,a new Cascade Feature Fusion Decoder (CFFD) is designed. By inte-
gration of the Feature Pyramid Network (FPN) and the multi-stage feature fusion decoder, the interaction
and fusion ability of the model for different scale features are significantly improved. Finally,a multi-order
loss function is introduced to optimize the performance of different scale features in image classification
tasks. To validate the effectiveness of the MSViT model,a large number of experiments are conducted on 4
datasets [a subset of ImageNet-1k (Small ImageNet),Cifar 100, APTOS 2019, and Mushroom 66 ]. The ex-
perimental results on Small ImageNet show that MSViT achieves the Top-1 accuracy of 87.58% , which is
2. 27% higher than that of EdgeViTs-XXS. The experimental results demonstrate the effectiveness of MSViT
in image classification tasks.
Key words:image classification; multi-scale feature fusion; multi-order loss function; Feature Pyramid Net-
work (FPN) ; Transformer
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