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Shuffle Attention

Introduction

Experiments

Classification on ImageNet-1k

Table 2: Comparisons of different attention methods on ImageNet-1k in terms of
network parameters (Param.), GFLOPs, and Top-1/Top-5 accuracy (in \%).

* Attention Mechanism * Spatial Attention .

1. Correctly incorporating attention mechanisms into convolution blocks can » Using Group Norm (GN) over Zx2 to obtain spatial-wise statistics, i.e.,

significantly improve the performance of CNNs.

ikaz = GN(LE;;;Q)

2. There are mainly two types of attention mechanisms most commonly used (3) Attention Methods |  Backbones Param. GFLOPs | Top-lacc(%) | Top-5 Acc(%)
. .. . . , » Adopting F. to enhance the representation of Zy2. The final output of spatial ResNet [17] 25.557M 4.122 76.384 92.908
in computer vision: channel attention and spatial attention. N , SENet [23] 13.088M 4.130 77462 93.696
* * U attention is obtained by CBAM (10] 28.090M 4.139 77.626 93.660
3. Integrated spatial attention and channel attention into one module can zh, = o(Waika + by) - Tpo (4) SEEK T3] ResNet-50 | < oonr T g g
achieve Si niﬁcant im rOVement. : - ECA-Net [11] 25.55"M 4.127 77.480 93.680

e g p | | | Where W5 and by are parameters used to scale and shift 2x2. SA-Net (Ours) SermEnat 1158 77724+ 1.34) | 93798 (+ 0.89)
4. Existing works suffered from either converging difficulty or heavy ResNet [17] A4 SAONT ——— —— 93.906
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computation burdens. E X periments CBAM [10] ——— 49.330M 7.879 78.354 94.064
SGE-Net [12] 44.553M 7.858 78.798 94.368
_ ECA-Net [11] 44.549M 7.858 78.650 94.340

Shuffle Attention SA-Net (Ours) 44.551M 7.854 78.960 (1 0.76) 94.492 (1 0.59)

e Overall Architecture
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Figure 1: SA module divides the input feature map into groups, and uses Shuffle Unit to WA Ry e t W RS P W T T +SA (Ours) 63.17M | 35210 | 41.6(122) | 63.0 | 455 | 249 | 455 | 4.2
integate the Channe] attention and Spatia] attention into one b]ock for each g0up. Aﬁer (b) validate the effectiveness of channel shuffle in the SA-Net50 (with shuffle) at SA_5_3 ResNet-50 37.74M 239.32 35.6 55.5 38.3 20.0 39.6 46.8
C . C . +SE 40.25M | 239.43 36.0 56.7 | 383 | 20.5 | 39.7 | 47.7
that, all sub-features are aggregated and a “channel shuffle” operator 1s utilized to enable Figure 2: Validation on the effectiveness of SA. +SAOurs) | o | 3774M | 23960 | 37.5(119) | 585 | 397 | 213 | 412 | 459
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* Object Detection on MS COCO

* Feature Grouping

> For a given feature map x € R*%, SA first divides x into g groups along * Instance Segmentation on MS COCO.
the channel dimension, i.e., z = |z1,- - , x4, in which each sub-featurezy

gradually captures a specific semantic response in the training process.

Table 4: Instance segmentation results of various state-of-the-arts attention modules
using Mask R-CNN on COCO val2017.
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» Then, we generate the corresponding importance coefficient for each sub- g.‘l N Pl |
. . L NLAAN vl Methods | AP50:95 |AP50|AP75|APg|AP,, |APy,
feature through an attention module. Specifically, at the beginning of each e sl —— e o o
. . . . o, e esiNet- . . . . . .
attention unit, the input of Zxr1s split into two branches along the channels : - +SE 354 | 5741378 171386 | 51.8
dimension. LSGE | 349|369 | 370|191 384 473
. . . + . . . . . .
» one branch is adopted to produce a channel attention map by exploiting the + SA (Ours)|36.1(1 1.9)| 58.7 | 38.2 |19.4| 39.4 | 49.0
inter-relationship of channels, while the other branch 1s used to generate a T o Net Tk validat y T ho GradCAM ResNet-10L | 359 1577 | 384 1192 | 39.7 1 49.7
spatial attention map by utilizing the inter-spatial relationship of features, so lgure 5: Sample visualization on ImagelNet-1x vaiidation split generated by Gra ' +SE 36.8 | 593 |39.2 |17.2| 403 | 53.6
that th del q “what” and “where” i - oful All target layer selected 1s “layer4.2”. + ECA 374|599 |39.8 [18.1]41.1 |54.1
at the model can focus on “what” and “where” 1s meaningful. + SGE 369 | 593 | 394 1200 408 |50.1
+SA (Ours) [38.0(1 2.1) | 60.0 | 40.3 [20.8 | 41.2 [51.7

e Ablation Studies

Table 1: Ablation studies of SA-Net50 on ImageNet-1k dataset with four
options (1.e., eliminating Group Norm, eliminating Channel Shuffle,
eliminating F(-) and utilizing Conv-1x1 to replace F,(-).

e Channel Attention

> Using GAP to generate channel-wise statistics as s € R%29%1%1 by shrinking
xi1 through spatial dimension, 1.e.,

Conclusion

s = Fop(T1) = hi Z?=1 Z?;l (2, J) - : : :
w (1) Methods GFLOPs Top-1 Acc (%) Top-5 Acc (%) v' We introduce SA module for deep CNNs, which groups channel dimensions
» Creating a compact feature to enable guidance for adaptive selection, 1.e., origin 4125 77 794 93798 into multiple sub-features, and ‘then uti%izes a Shuffle Unit to integrate the
z = o(Fu(s)) -z = o(Wis + b1) - o w/o_gn 4.125 77 372 93 804 complgmentary cfhannel and spatial attention module for each sub-feature.
(2) w/o_shuffle  4.125 77 508 93758 v Extensive experimental results on ImageNet-1k and MS COCO demonstrate
Where Wy and b, are parameters used to scale and shift s. w/lo_F.(-) 4.125 77 608 93.886 that the proposed SA has lower model complexity than the state-of-the-art
1 x1Conv 4.140 77.684 93.840 attention approaches while achieving outstanding performance.
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