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Abstract: Aiming at the problem that Dropout mobility and randomness may cause under-fitting
or over-fitting, a regularization method (MARDrop) is proposed to calculate the attention weight
across channels and mask the region with the largest attention weight. A cross-channel attention
weight extraction mechanism is designed to extract the attention weights of all feature graphs,
and the parts with larger attention weights are selected as feature discrimination units. Then
according to the change of attention weight of the area around the feature discrimination unit, the
area with the largest attention weight is determined and masked, that is, the corresponding area
is set to 0 and the other areas are set to 1. The attention weight region with the value of 1 is

restored to the feature graph to complete the regularization process. Experiments show the strong
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flexibility of MARDrop. Combined with different optimization methods, the -classification
accuracy on CIFAR-10 is 19.55% higher than that of the basic model. MARDrop has strong
generalization ability and can be flexibly used in different models. After being used in VGG16 and
ResNet18 models, the classification error rate on CIFAR-10 is reduced by 10.05% and 9. 96 %
respectively compared with the basic model; the classification error rates of ImageNet-C9 for
MoblieNetV3S and MoblieNetV3L are reduced by 14.67% and 96.90% respectively compared
with the basic model. MARDrop adopts one-dimensional convolution to calculate attention weight
interactively across channels, which can effectively reduce the complexity of extraction.
MARDrop reduces the dependence of the model on a few features by accurately masking the

feature areas bringing out over-fitting, and then increases the accuracy of image classification.
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L, IEN4E,2=10"° (Adam) 9.27X10? 1. 339 100. 00 76. 40
Dropout+ BN(Adam) 9.90X10* 0. 904 99. 66 86.33
DataAugm-+ BN+ Dropout( Adam) 9.06X10 2 0.519 96.78 88. 67
MARDrop(SGD) 5.10X10°? 0.522 98. 27 87. 81
MARDrop+BN(SGD) 2.35X1072 0. 465 96.78 90. 20
MARDrop+BN(ReLU6+SGD) 1.10X 1072 0. 374 99.75 91. 44

TE < 32 IORLECHE S A 2 A SRR
wmr,

4 %5 B

R T DA IE WAy ke i 40 B 4 b B A
SRR SR T AR SO A A Y T AL
P W0 38 AR AR 8 1 B ) B ok B R AE BT O
3 o L 5 B DX A R R /NI B T R A e K
DX 350 F S o 2 XS A 55 O 30 D kg R AIE TR ) I U4k
Tk T E B Z O IR R RO AR SO MAR-
Drop J7 ¥l F AR CNN 232648 %1, 75 CIFAR-10,
CIFAR-100 %d 4 o 47 EAZ 2. 03k 45 i
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(1) o 18 55 LU SRR 5 RO R S g 25 SR R 0
Al LL3E i 98 15 MARDrop A9HE 35 L 5 A1 55 ROl
LA 1O IR B Fe il .

(2)MARDrop 5 A A Drop #Li 1E W4k J7 2 XF
LB 1R R I R K. A LT LA A B B A
TargetDrop, f#i il MARDrop 7F CIFAR-10, CIFAR-
100 1243 e HE 15 R 43 0 FEAIR T 3. 63201, 0300, iE
B 1 3% 05 kAR T [F) 28 07 125 i ATl

(3) DenisNet-SE 4§ 7 Fj 4 %1 28 MARDrop I
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