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Abstract

With the rapid development of deep learning in computer vision, convolutional neural networks
have achieved remarkable results in image classification tasks. However, traditional deep networks
have massive parameters and high computational complexity, making them difficult to deploy on
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resource-constrained mobile devices. This paper proposes a lightweight convolutional neural net-
work architecture based on attention mechanisms, aiming to maintain classification accuracy while
significantly reducing model parameters and computational load. The method effectively improves
feature representation capability by introducing improved channel attention modules and spatial
attention modules. Experimental results show that on CIFAR-10 and ImageNet datasets, compared
to the classic lightweight network MobileNetV2, the proposed model achieves 2.3% and 1.8% im-
provement in classification accuracy respectively while reducing parameters by 35%, and inference
speed is improved by 28%, validating the effectiveness of the method.
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AT SRAE ORISR BE (R AT 52 T KM PRARAR B 52 2% BE AR R T 2%

T R EIR A, HETIRA TR T 2R R A ¥ 77 . MobileNet 225124835 18 12 7T 43 3o ik
JBUKIED T 1HE (2] ShuffleNet 1@l @B RBEERAEIR T T HHEE R, EfficientNet #id B-5 480071
ST T R IREE | TR BEAN A R I o 1K SR BN Rk D TSRS, (RAERFIE R R e 207 TTHFAEA A2 o

R SINHEE RN — P BRI R R, ARSI Gy B H B RHIE(E B, R R R AL
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B EAL LS Bt R T AR R R B 2 S AU . MobileNetV1 1 R T IREE W] 70 BRZ IS, 4%
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PRt E S5 RIREE EFE L E, KR T SHEMT 5 & [2]. MobileNetV2 #—305I N T R M5k 2 45
FARNER IR g 1], P2 TR AR RIERE /7. ShuffleNetV1 i A A ALEE R TR EAE, (EORFFRE
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TEM 28 ZER AL TT 1T, MobileNetV1 EIRFEH TIRE T 7 BERNES, KhriEG 0 IR A
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D_K AEBZAR/N, M HN 405l M NG s TE S, KiERc> T S8 E M1 H & . MobileNetV2 7E
fith B 51N T [ a5k 22 45 # (Inverted Residual Block)Fl2E V£ %2 (Linear Bottleneck), i 5l T4 F B 2 ) 15
THREHTE ZRHEE S, A MRS ROk (5 B 2%, DT 7B B R I RIS

ShuffleNet Z 1M 25 MAHFIE S H 10 A B R IEAT AL . ShuffleNetV1 il id 445 #(Group Convolution)
FEARTHE AR, I 51 NilIE R Bt (Channel Shuffle) B /ERf R ANFRI AL AR A2 He, 72 ORRRHRG B0 A i
BB RER TR R . ShuffleNetV2 T B IR B IEAR(UINAE T 10 A MAC) HHT e i P26 2844,
FEH T DU S RO 2 BT s 8 E B SRR MAC fe/h I 2 BN MAC. AR (G R I AT
[ BT RBREATT B,
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BEANSEE S NBIEER . SRS AR SER =2
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HERR, BT O E B SHE
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Wit; CoAtNet RZE [ mfE M ARMLGS G IR, A IEETEBEAEHIER ARG Z A1)
AT A

3. gt
3.1. BirxgEs

AR SCHRE H R A A 5 7T R 48 R F 2 ABL MobileNetV2 [BAAZAM, (EAE BN B 5N T etk v =
TSR 2% B LR LA 8 4Lk -

(1) FNZ: ARUER 3 < 3 0 ML B AT A TR K

(2) BERER OB, S5 SRR 7 B AR AR L

() rdt: AR AERE R .

3.2. REWFEDERET

EE XA GeiE B AR EH EER TIOR8, AT T —FE i g A = 1B (Lightweight At-
tention Module, LAM). iZ#EHEL$E DL A
3.2.1. BRMREEES

FE 4011 SE BEHLf 42 J5 P 3t A S 4842 Z S IEEVE B T, SHE R A CR s 0E
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1B % J1(Efficient Channel Attention, ECA)f# ] —4k TR B4 iEREZ
ECA(X)=o(ConviD(GAP(X)))© X

Hrr, X NHINFHEE, GAP RonafmFiittl, ConviD N—4Epd%, o A Sigmoid ¥G %, OFR

BIo R AT

322 REZEER
R TR THRHMIER AR BE 1, AL T R 2 S ()i J1(Lightweight Spatial Attention, LSA)FE B
B I VR W] Ay B AR B IR
DWConv(Concat (MaxPool (X) , AvgPool (X)))
Hr, DWConv FoRIRET 73 BETAR, Concat FnFFIEPIEE, MaxPool F1 AvgPool 5337 e KAk Al
P
3.3. BiENHIERE

N T HBEEEGAFRAINIRE G B, AP T B IE R FFERL A (Adaptive Feature Fusion, AFF) 5 #% .
12 SR I 2 TR R B IS B AR RS 2 P MR
F out=ax*F low+f+F high+y*F _fused

Hrr, F_low M F_high 73 WFRRREM S ZRE, F_fused F/mli G HRHE, oy By WA IHIRESH.
3.4. MGG
SEREI M S5 UE 1 i

Table 1. Detailed parameters of the proposed lightweight attention network architecture

1. RENBERIENMBRFES Y

JEATY b R~ ZHEM) BRF S IE E IR (B )
B3 %3 112 x 112 x 32 0.86 21.6
LAM Ht x2 112 x 112 x 16 0.14 12.8
LAM #t x 3 56 x 56 x 24 0.28 18.4
LAM #t x 3 28 x 28 x 32 0.52 142
LAM ¥t x 6 14 x 14 x 64 1.84 22.6
LAM Ht x 3 14 x 14 x 96 1.12 16.8
LAM Bt x 3 7 %7 %160 2.14 12.4
B x 1 7 %7 %320 0.51 1.6
GAP + FC 1000 0.32 0.32
s 7.73 120.72

4. EENRITEHER S
4.1. BIEEFXHRE

AR SCAEPI b e B 3 R E R B B IRIE T P 07V A 2k

(1) CIFAR-10: 3.8 10 NEHI1 60,000 5K 32 x 32 A ENE, HAF 50,000 K JIZRE1E A 10,000 5K
KEE.

(2) TmageNet ILSVRC2012: £ 1000 285112 120 J55k kG 50,000 536 EEIE, EER
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SPoR 224 % 224,
SIS E W T
fififf: NVIDIA GeForce RTX 3080 GPU
HEZL: PyTorch 1.12.0
Ak 2%: SGD, ZhEN 0.9, BETEWHN 4% 107°
Fo)E WIRMEN 0.1, 5 30 4 epoch ZEJLZE 0.1 £
LR KA 128
YZREH: 200

4.2. XTELSELG
RO TR 1R 5 IA PR s 3AT T s, g 2 s

Table 2. Performance comparison of different lightweight network models

% 2. TR BRI AERI M AR

GPESUSHEIK CIFAR-10 #E8i  ImageNet Top-1

T ZH M) () (%) %) HEFLES (7] (ms)
MobileNetV1 42 569 89.4 70.6 12.3
MobileNetV?2 3.4 300 91.2 72.0 8.9
ShuffleNetV1 5.4 524 89.8 67.6 11.6
ShuffleNetV2 23 146 90.6 69.4 72

EfficientNet-BO 5.3 390 92.1 77.1 15.4
FEWT 2.2 120 93.5 73.8 6.4

SIS AT DR, ASCHRE 7R R R S EE A E B BRI F, e AN BE 5 L AR S
TR R AER R . ML MobileNetV2, Z%=k/b T 35%, FLOPs 30T 60%, 1H CIFAR-10 #EHf
T T 2.3%, ImageNet Top-1 HEFIFIET T 1.8%.

4.3. jHR4SELE
N T IR AN ARG R, ASGHEAT T VEARERRSEES, 255 3 R

Table 3. Ablation study results
3. HRLSLIOLER

ST E ZEBEM) CIFAR-10 ¥EHI (%) ImageNetTop-1 (%)
FEAith X £ 1.8 90.2 70.4

+ECA 1.9 91.8 72.1

+LSA 2.0 923 72.6

+AFF 2.1 92.9 73.2
SEREAR R 22 93.5 73.8

THRLSEIR A5 RERW], BRSO R PE RE A ik, o, S OEIEE R I(BECA) R 1 R RE
Tt BRI E JI(LSA)A B IE RN RHL(AFF)iE — i T Rl e BRI

4.4. AL AT
AT TR IR AR B AR R FNLE], AR SCRIR Grad-CAM HARRIHAL T T 3= 1A
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4.5. BRNIREBEWIE

N T BRI P SERITE, ASCAE Android #3 t EEE T UIZREFRIREAL . #H] TensorFlow Lite AE
ZORAT B RACRALAL J5, BERR/N N 8.7 MB,  fE i FHL_E A HERRIN (8]0 24 ms, 5 2 LI BT AR R
[4].
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KK TAED GBI TT R BIRANTT T : AR R 458 BB REAR, H—2 ik
WL EERI T TEs ZATS 2] IRFEM IR TEEAT 70 B B AR JBERSEHARAT S5 BEAF R4 %
XTREE A1 & HEAT E HIALAAL, B PR THERE AR ARt 455 2UT - FAEMKAESE, FIRHK
B IR I 2R B[ 5]
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