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Abstract; Existing attention mechanisms often use fusion or compression to obtain the required
information, but this leads to a large quantity of information lost in the spatial or channel dimen-
sion. In order to solve this problem, the Spatially Partitioned Attention Module (SPAM), a real-
ly effective and lightweight attention module that can help obtain attention without channel fusion
or compression, was proposed in the paper. For the input intermediate feature map, the SPAM
first adaptively used average pooling and maximum pooling features for feature extraction, re-
placed the point feature with the local block feature in space to reduce the amount of calculation
and used the IN layer and depthwise convolution to capture global spatial attention. Meanwhile,

the reconstruction of channel dimension information was directly completed by group convolu-
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tion. Finally, the interpolation operation was used to obtain overall attention and weight the in-

put feature map. Notably, the SPAM can be easily embedded in various mainstream CNN archi-

tectures, and network performance can be significantly improved by increasing a few microparam-

eters and calculations. To demonstrate the effectiveness of the SPAM, numerous experiments

were conducted on the ImageNet-1K, CIFAR-100, and Food-101 datasets, and the network’s re-
gions of interest were visualized using Grad-CAM. On the ImageNet-1K, CIFAR-100, and Food-
101 datasets, the SPAM improved the accuracy of the baseline network by up to about 1. 08%,

2.46%, and 1. 09%, respectively. The results show that the performance of the network embed-

ded with the SPAM components is greatly improved; compared to other commonly used light-

weight attention mechanisms, the SPAM always works better; the SPAM can really induce the

networks to pay more attention to the target object regions and accurately improve the expression

ability of the networks.

Keywords: convolutional neural networks; attention mechanisms; image classification;

feature extraction
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Fig. 1 Schematic of SPAM
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Table 1 Results of SPAM component ablation experiment

I W 2% 24 it / MB TR R H/ 107 a3 JE UL A/ Vo
Baseline 25.56 4.11 75. 984
Baseline+SPAM (k) 25.95 4.25 77.006
Baseline+SPAM(TJC IN J2) 25.95 4.12 76. 886
Baseline-+ SPAMCJC 1 18 # #) 25.71 4.11 74.016
Baseline+SPAM 25.95 4.12 77.062
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Table 2 Experimental results of different pooling methods

) 4% W 45 2 5/ MB TF 18 /100 SRR/ U
FE 2 ) 245 25.56 4.11 75.984
FELR [ 4% + SPAM (i Kb Ak) 25.95 4.12 76. 888
2% W 2% + SPAMCF- #4316 25.95 4,12 76. 686
2k B 4% + SPAMA & LS50 25.95 4,12 76.922
LR W 48 + SPAM 25.95 4,12 77.062
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Table 3 Experimental results of different channel reconstruction methods

¥ £ I 2% 2 F ik / MB TR B/ 10° STRWETR/ N
FL 2k W 2% 25.56 4.11 75. 984
F Ll W 2% + SPAM-SE(r=28) 30. 74 4.18 76. 654
2 W %% + SPAM-SE(r=16) 28.22 4.15 76. 634
2 W %% + SPAM-SE(r=32) 26.97 4.13 76. 624
LM% +SPAM(g=| C/8 ] 25.83 4.12 76. 880
Baseline+SPAM(g=| C/16 25.95 4.12 77.062
Baseline-+ SPAM(g=| C/32 ) 26.19 4.12 76. 894

% 4 ImageNet-1K ##E £ L2 R
Table 4 ImageNet-1K dataset classification results

] % 2% 2 ¥ it / MB R B/ 10° Gy BT R/ %
L2 W 4 25.56 4.11 75. 984
JL 2k ¥ 4% + SE 28. 07 4.12 76. 874
L2k W 4%+ ECA 25.56 4.12 76.678
FLL W 4% + CBAM 28. 07 4.14 76.710
FLE M2+ CA 27.47 4.14 76.734
FLL W 24+ SPAM 25.95 4.12 77.062
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Table 5 CIFAR-100 dataset classification results

TES I 2% 2 K/ MB 7B W EL/ 10 a3 JEUER A/ Vo
ResNet50 23.71 1.31 78.070
ResNet50+ SE 26. 22 1.32 79.400
ResNet50+ECA 23.71 1. 31 79. 250
ResNet50+CBAM 26. 24 1.32 80. 150
ResNet50+ CA 25.62 1.33 79.650
ResNet50+SPAM 24.10 1.32 80. 530

% 6 TFood-101 & EHE S L4 R
Table 6 Food-101 dataset classification results

CES I 2% 2 K i/ MB I R B/ 107 gy JEUET 3/ Vo
ResNet50 23.71 4.13 81.216
ResNet50+ SE 26. 23 4.14 81.921
ResNet50+ECA 23.72 4. 14 81. 826
ResNet50+CBAM 26. 25 4. 14 82.095
ResNet50+CA 25.63 4.16 81. 754
ResNet50+SPAM 24.11 4.14 82. 305

%7 41# M RegNetY # Food-101 #3E £ £ 4 R
Table 7 Food-101 dataset classification results using RegNetY

TES W 2% 2 K it/ MB T R B/ 107 g JEUET A/ Vo
RegNetY-4. 0GF 19.67 4.02 83. 885
RegNetY-ECA 17.18 4.02 84.190
RegNetY-CBAM 17. 90 4.02 83. 347
RegNetY-CA 17.75 4.03 83.901
RegNetY-SPAM 17. 43 4.02 84.602
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