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(Convolution Block Attention Module)
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Figure 3. Examples of attending to the correct object (white indicates the attended regioas, s rlines indicated the corresponding woed)
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« O|HO] A : Hy, J, Shen, L, Sun, G.: Squeeze-and-excitation networks. arXiv preprint arXiv:1709.01507 (2017)

-> Avg Pooling= O| &%} Channel-wise Attention= X| 2SR =

ref : https://hulk89.github.io/neural%20machine%20translation/2017/04/04/attention-mechanism/
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where r is the reduction ratio.

M, (F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F))) @ Element wise summation
W, € RE/™C and Wy € REXC/r,
= 0(W1(Wo(Fgyg)) + W1 (Wo (Fiax))), ) )



CBAM

Spatial Attention 2=

ol Spatial 2E2 “O{C|"7| ZRSHX| FHE. rigxe wetM, = & 74o] K'Y oM 7 )

Spatial Attention Module

conv
layer

MS(F) c RHXW

-

Channel-refined [MaxPool, AvgPool] | Spatial Attention
feature F' s, c rixxw, F5,, € RODW M,

(f7*"([AvgPool(F); MaxPool(F)|))  f7*T filter size 7 Conv

(f?‘x ?([szg'f Fs ). 'y Concatnate



CBAM

Arrangement

M.

Channel
Input Feature Attention

M7
Spatial
Attention
Module
\ y,

F Module ’
) ¥
TES NS

\

Convolutional Block Attention Module

Refined Feature

1
S0

/

o ol OIFA| =Xt (Mc->Ms)2 ERULI? : '850] 71 FOIA.

Mc 2 MsZt 212} “F 91", "O{C| " Of| S Bt2 2 sequential / parrellStAH| Z0t0F ot=E

Seq”t Par 2Lt d50| Z/UACE 22|12 Seq M E Mc 7t HA QA O A

=
o

0|

Zoto
S AN DO



CBAM

Improvement

Architecture [Param.[GFLOPs|Top-1 Error (%)[Top-5 Error (%)
ResNet18 [5] 11.69M| 1.814 29.60 10.55
ResNet18 [5] + SE [28] 11.78M| 1.814 20.41 10.22
ResNet18 [5] + CBAM 11.78M| 1.815 29.27 10.09
ResNet34 [5 21.80M| 3.664 26.69 8.60
ResNet34 [5] + SE [28] 21.96M| 3.664 26.13 8.35
ResNet34 [5] + CBAM 21.96M| 3.665 25.99 8.24
ResNets0 |5 25.56M|  3.8568 24.56 7.50
ResNet50 [5] + SE [28] 28.09M| 3.860 23.14 6.70
ResNet50 [5] + CBAM 28.00M| 3.864 22.66 6.31
ResNet 101 [3] 14.55M| 7570 23.38 6.88
ResNet101 [5] + SE [28] 49.33M| 7.575 22.35 6.19
ResNet101 [5] + CBAM 49.33M| 7.581 21.51 5.69
WideResNet18 [6] (widen—1.5) 25.88M|  3.866 26.85 888
WideResNet18 [6] (widen=1.5) + SE [28]|26.07M| 3.867 26.21 847
WideResNet18 [6] (widen—1.5) + CBAM|26.08M| 3.868 26.10 8.43
WideResNet18 [6] (widen—2.0) 15.62M| 6.696 25.63 820
WideResNet18 [6] (widen—2.0) + SE [28][45.9TM| 6.696 24.93 7.65
WideResNet18 [6] (widen=2.0) + CBAM|[45.97M| 6.697 24.84 7.63
ResNeXth0 [7] (32x4d) 25.03M| 3.768 23.85 6.48
ResNeXt50 [7] (32x4d) + SE [28] 27.56M| 3.771 21.91 6.04
ResNeXt50 [7] (32x4d) + CBAM 27.56M| 3.774 21.92 5.91
ResNeXt101 [7] (32x4d) 11.18M| 7.508 21.54 5.75
ResNeXt101 [7] (32x4d) + SE [28] 48.96M| 7.512 21.17 5.66
ResNeXt101 [7] (32x4d) + CBAM 48.96M| 7.519 21.07 5.59

rors are reported.

* all results are reproduced in the PyTorch framework.

Table 4: Classification results on ImageNet-1K. Single-crop validation er-
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