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Abstract: Attention has been widely used in Convolutional Neural Networks (CNNSs), and effectively improves the
performance of CNNs. At the same time, attention is very lightweight, and almost does not need to change the orig-
inal architecture of CNNs. This paper proposes parallel selective kernel (PSK) attention based on HardSoftmax.
Firstly, to solve the problem that Softmax contains exponential operation, which is easy to occur computational
overflow for large positive inputs, this paper proposes computationally safer HardSoftmax to replace Softmax. Then,
different from selective kernel (SK) attention which puts the extraction and transformation of global features after
feature fusion, PSK attention puts it in one branch alone, thus being in parallel connection with multiple branches
with different kernel sizes. Meanwhile, the transformation of global features uses group convolution to further re-
duce the number of parameters and multiply adds (MAdds). Finally, multiple branches with different kernel sizes
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are fused using HardSoftmax attention that is guided by the information in these branches. A wide range of image
classification experiments show that just simply replacing Softmax with HardSoftmax can maintain or improve the
performance of original attention. HardSoftmax also runs faster than Softmax in the experiments of this paper. PSK
attention can match or outperform SK attention with less parameters and MAdds.

Key words: Convolutional Neural Networks (CNNs); HardSoftmax; parallel selective kernel (PSK) attention
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Fig.1 Three classical attentions in CNNSs. gap denotes global average pooling. gconv denotes group convolution
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Fig.3 Parallel Selective Kernel Attention Based on Hard-
Softmax
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Table 1 Hardware and software setups.

L ghELEY —HIERR(R) WEE(TM) i5-8500 CPU
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Python 3.8.3

PyTorch®® 1.6.0
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Table 2 Classification accuracy rate (%) of different models on different datasets.

FMET c10 c100M”  params MAdds
ResNeXt50 (16 x 4d)™*" 94.09 93.10 74.49 6.22 726.63
SENet50 (16 x 4d)! 94.01 93.17 74.18 8.74 731.66
SENet50 (16 x 4d) + HardSigmoid(?* 94.07 92.83 75.20 8.74 731.66
SKNet50 (16 x 4d)! 94.23 93.20 75.02 10.09 941.49
SKNet50 (16 x 4d) + HardSoftmax (74 ) 94.32 93.79 74.94 10.09 941.49
ResNeSt50 (16 x 4d x 2r)? 94.29 93.13 74.56 7.06 803.75
ResNeSt50 (16 x 4d x 2r) + HardSoftmax (75 3) 94.17 93.41 74.62 7.06 803.75
ResNeXt50 (16 x 4d) + PSK (4<3) 94.19 93.52 75.00 8.32 937.93
ResNeXt50 (16 x 4d) +PSK (A30) + bRl x 13:f  94.25 93.71 75.78 10.09 941.47
MobileNetV/3-Small'* 92.93 91.02 70.93 1.16 35.54
MobileNetV3-Small + SE 93.08 90.98 71.53 1.62 36.46
MobileNetV3-Small + SE + HardSigmoid 92.58 90.71 71.15 1.62 36.46
MobileNetV3-Small + SK 92.97 91.98 71.63 2.57 42.97
MobileNetV3-Small + SK + HardSoftmax (74 3() 93.08 92.14 71.48 2.57 42.97
MobileNetV3-Small + Split (r=2) 93.34 91.19 72.09 1.24 40.85
MobileNetV3-Small + Split (r=2) + HardSoftmax (73) 93.49 91.67 71.77 1.24 40.85
MobileNetV3-Small + PSK (74 32) 93.32 91.61 71.66 1.20 40.21
MobileNetV3-Small + PSK (4 30) + #rifE1 x 14 93.10 91.77 71.59 2.57 42.95

2. A VIS

g N BIBERY B RMGCR R YA, FHER DA iE2E
M7 AT R . A SGAE T 5l as, B AGhkE
BUIERs . BENLT-F RIBEHLACT- B . BT A B AR R
FHAZ XJ# (categorical cross entropy) it 2% pR U IR B
SCHR B TR MR 1k . 76 Fashion-MNIST %cfi4E b, B

A AR I ] AdamWUI AT 5 76 CIFAR %8
£ |, Ay B RIER S SGDMM I I 4% . Xt T
TFR4% K MobileNetV3-Small AyRERL, b FK /NN
256; X TH T/ A ResNeXt HUFAL, HEALBE /N
1 32, 7F Fashion-MNIST ##i4E I, Y2514 60,

TEHT 20 RN, WItR% > %58 0.001, 5 kAY 40



AR, RRE 20 MR, S R EOk Y 0.1
¥. 7E CIFAR %#lifE I, JIZkJEWIh 150, 7ERT 80
AN, PRI %0 0.1, Bk 70 N JEH,
TgbR 35 ANJEM, 2x 2] AW FORY 0.1 £, AL
MR T L2 ACE 8, T Bl Zhad F2 B A e o
XTI B RZ e E R ZAGE, B E0OR N
5x 1074,
2.5 HardSoftmax BYSCIELERE O

# 2 B 7O BB AL Fashion-MNIST |
CIFAR-0 F1 CIFAR-00 %Udii4E I iy 2kt %
Params F4 803 >4 7 J7 (million) . MAdds 275 G HoRe15:
FEABOMIE B B, 57 E T (million) . X8
TP L&A R AR IR Bk 2R B9 i e L 25 2R o
F g Params il multiply adds (MAdds) J& R B
torchstat T1&. 1), A R32 x 3214% M RGB K%,
ZNECH 100, ANEEARER) SE 1A R ISRl
Ffl Hard-Sigmoid (1) SE @i =Ty, Mefla &2
TR AN RE— B R TR B T S ) R
Bl SENet50(16 x 4d) FI[SENet50 (16 x 4d) + Hard-
Sigmoid] #9 4r & M B R I A B S R T
NeXt50(16 x 4d). [FE, [MobileNetV3-Small + SE] #I
[MobileNetV3-Small + SE + HardSigmoid] 32,
B, AR Softmax By SK YER S A1 Split 1
=, R HardSoftmax A SK HEi /1A Split
FEI, MENMEEE TS, NaE—2uhitrt
JEE T 48 1) A JEUERR R

2 3 78 T HardSoftmax #1 Softmax A9 Fba s 3 .
3 MR R SK HEE A Split R 14
{5 ] HardSoftmax 1 Softmax (7 YERf 23 3T e 1
sEHREN ffi ] HardSoftmax (933 & 17 K 250G i
TR HENS M EAH ] Softmax HFE J] .
& 3 HardSoftmax T84 T{#i ] Softmax K& .

Table 3 The number of HardSoftmax outperforming or under-
performing Softmax.
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Table 4 Comparison of speed between HardSoftmax and
Softmax. Speed is in second

ES VAL
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Table 5 Ablation experiment, the number of PSK attention
outperforming or underperforming SK attention
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