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Abstract: This paper starts with the network structure of convolution neural network model, and uses the idea of fea-
ture reuse to design an efficient feature expansion convolution module. The module reduces the number of output channels
of standard convolution module and introduces multi branch structure. Through the cheap operation on each branch, the out-
put feature map of standard convolution operation is transformed and fused to generate a new feature map. The final output
of the module is obtained by merging the feature graphs generated on each branch. The feature expansion convolution mod-
ule uses the idea of feature reuse to reuse the features in the model, which not only reduces the calculation of the model, but
also enriches the hidden information of the feature graph and improves the performance of the model. Finally, the feature ex-
pansion convolution module is used to replace the standard convolution module, and the lightweight VGG16 (Visual Geom-
etry Group 16-Layer) model and residual structure are designed, and good classification results are achieved on CIFAR and
ILSVRC2012 (ImageNet Large Scale Visual Recognition Challenge 2012) datasets.
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=3 2.033 92.5 %5 2B VCGI6AEAIZE CIFARIOH CIFAR100 $4E £ F it
=4 2.053 925 #HR
j=5 2.093 92.5 CIFAR10 | CIFAR100
Models Weights(M) | GMAC . .
j=6 2.173 92.6 (%) (%)
=7 2243 9.6 VGG-16" 14.72 0.316 92.3 72.3
e [36]
=8 2403 92.6 FitNet 2.5 0.382 91.61 64.96
Highway Network 2.3 0.372 92.24 67.76
=9 2.703 92.7
DenseNet121" 15.3 0.143 94.81 80.36
=10 3.003 92.7
ResNet-50 ¥ 25.557 0.086 93.03 77.78
s 3313 2.7 SE-Net"* 47.7 0.259 94.79 80.02
=12 3.613 927 CondenseNet 0.52 0.006 94.48 76.36
=13 3.913 92.7 Ghost-VGG-16 7.387 0.156 93.7 68.80
Ghost-ResNet50 ! 12.36 0.02 92.7 72.6
5.2 FExpand R = FULGUF SCLE
BT f EHIJ $Iiﬂi%i% *E s VGG16-our 2.703 0.189 92.7 73.4
ARSCHETREE B, Bt 175 T RRME I K s as oo 033 -~
e e N W esNetdU-our B R . .
FRA B (1) 52 Bk VGG 16 #5803 H 78 CIFAR10 £ 4% 4
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*6 BREBWVCCI6HEBITE InageNet B E FHIMIRE R  8007:%

Models Top-1 error Top-5 error
VGG-16 71.93 90.67
DenseNet121% 76.39 93.34
ResNet-50 ' 77.15 93.29
Ghost-ResNet 75 923
VGG16-our 75.68 92.6
ResNet50-our 77.16 93.34

BRI 2 2%, 5 IR AR A 25 F RN 2805 Ghost BB pig 1
AL A AR LB BT — 8 B35 . 76 Top-1 F5 R % |, A
SCBEH RO BERL SRR 19 VGG 16 B L 7 3.75%, 45 J5U iR
Y ResNetS0 B 7 AH HC AT 1055 O AL 35 7E Top-5 45 1% %
L AR SCBT RORR R LY R B VG G116 155 R 2 2%, 5 it
1A %) DenseNet 101 5 7Y (1 P4 BB AH [\] . 2% 6 rp i 55 40 5%
BT AR SO BT A PR R ik BB R AT LU S Ghost A5
HAEFHIE S ICRE ) AR R 7RI B I S i
SR Y[R, /D P m AR ) S Sk R . X R I AR A
Hh B RFE T 1 S 2 1) RS ARRAIE A2 1T DA R S A ) 3 2K
PERE .

IR IEEG A5 R L] AR SO R H Y AR IR I K A AR
B P HA S5 1 RFAE S IR ) , BRAS 2k 22 ) S &5
B RIS B 3 A RT3 5 45 ARl 25 Do) 2% 55 75
rHERE .

6 Z5it

AT A R 28 W 25 B 25 4 & SR FRTE 2
HEVAR, BT T RRIE R IR S BB B . R ik B
I FH 48 ok 30 bR v A U B R B 4 R AT 38
f Ghost F& e H1 (1) Jg th 4524 3K I Ghost ##1E , il 2+ Fuse
BEA BRAE DRI Fuse FRAE , ITH = Fh AR5 G /E DA B
MR . 25 AR SCHE Y B REIE R KA R R gk A T T
SEUGEGE X L SIS R W] T A RO L R I, AR S
B TAEMR B — 2 30 R 25 18]« (1) AR AE JE 47 R AR
PRI A B A AR S B gty #
o AT SRR I AR AR B i — PR I
= 0 G R 5 (2) X 19X 45 453 0 1) J22 005 1 g =2 ) K
R TG — TR AEE .
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