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Image Classification Based on Hybrid Quantum-Classical Long-Short Range Feature Extension
Network

ZHENG Yi,JIA Xinghao,ZHANG Junwen and REN Shuang

School of Computer Science & Technology Engineering, Beijing Jiaotong University, Beijing 100044 , China

Abstract It is difficult to further break through the scale and computing time of classical neural networks, making it difficult to
simultaneously achieve lightweight design and high performance. This has become a bottleneck in solving large-scale image classi-
fication problems in the era of big data. In contrast, hybrid quantum-classical neural networks combine the advantages of quantum
and classical computing.enabling efficient parallel computation and strong generalizability. To address this. this paper proposes
the hybrid quantum-classical long-short range feature extension neural network(HQC-L.SNet) ,a multi-branch architecture com-
posed of multiple hybrid modules. It incorporates a quantum decoupled fully connected attention mechanism built with various
quantum rotation gates and controlled-Z gates to efficiently extract long-range features from a quantum-enhanced feature space.
Simultaneously,a classical convolutional module is employed to capture short-range features,and feature extension is performed
by combining the resulting feature maps. The model achieves classification accuracies of 99. 42% on the ten-class MNIST dataset
and 91.42% on a three-class CIFAR-10 dataset,outperforming corresponding classical and hybrid quantum-classical models. Ad-
ditionally , HQC-LSNet reduces both the parameter count and time complexity compared to purely classical models.

Keywords Quantum machine learning, Image classification, Quantum neural network, Quantum computing, Hybrid quantum-

classical neural network
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Table 3 Comparative experimental results on the MNIST
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Table 5 Experimental results of similar structure models

on the MNIST

#A LM E FLOPs & IR S

B AT 4 A 54570 21.08 0.9860 0.9420

7 %% 153546 24.63 0.9885 0.9293

T R B AR 43114 13.15 0.9857 0.9420
ETERBEE A% 43178 13.15 0.9305 0.6479
D=1 43114 13.15 0.9942  0.9714

D=3 43242 13.15 0.9942  0.9715

D=4 43306 13.15 0.9930  0.9644

Our Model 43178 13.15 0.9942  0.9716

F 6 CIFAR-10 b AH L2544 12 A 92 16 295 5
Table 6 Experimental results of similar structure models

on the CIFAR-10

AL S E FLOPs A E LK ES

BAT A 113955 42. 69 0.8893 0.8341

ER 199923 71.09 0.9102 0.8662

B R e A 89491 59. 62 0.9098 0.8642
ETEREEBAE 89555 59. 62 0.9127 0.8693
D=1 89491 59. 62 0.9073  0.8603

D=3 89619 59. 62 0.9102  0.8647

D=4 89683 59. 62 0.9078  0.8637

Our Model 89555 59. 62 0.9142  0.8718

Xof 2 25 R HEAT 43 M R AN, 7E MNIST 143 284 45 L Ik
CIFAR-10 =43 8 4F: 55 v, A% SO BY7E M e b i 38 30 4 i
T LA by Y AL B W R A T T A 2 A0 R BB R 4 T AR Y
R AT ARE B LE R O R B8R  MINIST 48 2841 45 L R M4 (1
BN CIFAR-10 =43 24 55 L HERE T B, X 7T RE 2
p T AR R i T ) R 0 R L 22 T2 S A S e S A o B R
SEC AT AR I 5E B 4y S A B AR T AN R, 5 A
AT LU th o o 28 RSB A7 B e I A R AN S B B
T R A BT R 5 R A LA B kAR R S R BB 0 3R
IR 2 T A SRR B R D {E A TR £ B i A R ) 2
FE D g 4 BT 5 2 B4 T 9 TR R {E D Y B R AR
WoRE 2 LT B AR SO Se g 8T D Oy 2 iRl

HRIE AURBTETFLALRE 2ERESLH
Oy BOR AT 2 SRR AR PR B B 0 T 40 K T S
Y R4, ik LRy —Ffh 245k, REETF&
BLRRAE Y R A b 3 i S Rk e B DL RO Bh B D SR L
T AR A T TR R AL L B TR A R BT T O 0 A

T 0K BB R B AR AL FE A R B S R RAE R T R
B ik A A TR A AR E R B N T 67 B B IR B B AR AE Y
M B BRI R AR AR B Y R ARE . 78 MNIST A
CIFAR-10 #4825 5256 3R W, B 48 B 80 ml J T fig ke 4%
4325 0] BB I ELAT SR i 1 AR % LS5 RS X 1 £ B A A A
W H AR E & 5 AR MRS 2 F2maK
2508 Lo, I AT LS IPE e 5 AR o b 09 S A L 38 T A B A
G AR 1) 53 25 IR

LPR AR SO R A AF AR — S R R . 1) BRI 5 ki 3
F 4 MR WSRO A R K AR R S 5 e R
2T BE S R85 2050 T TR AR O e 0 e T Oy X AR )
it R 2 S S EL e T A 2 4 R AR KRR I
$E R AR R0R  2) R LG BEAb + NISQ B, & T3k R
25 5 W TR S L BT DL AR MR AR SO R S BRI BT e e s L O
MR S92 b 52 58 155 180 SR SRS R R
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