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Channel attention has been demonstrated to improve performance of convolutional neural networks. Most
existing channel attention methods lower channel dimension for reducing computational complexity. However,
the dimension reduction causes information loss, thus resulting in performance loss. To alleviate the paradox
of complexity and performance trade-off, we propose two novel channel attention methods named Grouping-
Shuffle-Aggregation Channel Attention (GSACA) method and Mixed Encoding Channel Attention (MECA)
method, respectively. Our GSACA method partitions channel variables into several groups and performs the
independent matrix multiplication without the dimension reduction to each group. Our GSACA method enables
interaction between all groups using a "channel shuffle" operator. After these, our GSACA method performs the
independent matrix multiplication each group again and aggregates all channel correlations. Our MECA method
encodes channel information through dual path architectures to benefit from both path topology where one
uses the multilayer perception with dimension reduction to encode channel information and the other uses
channel information encoding method without dimension reduction. Furthermore, a novel pooling operator
named hierarchical pooling is presented and applied to our GSACA and MECA methods. The experimental
results showed that our GSACA method almost consistently outperformed most existing channel attention
methods and that our MECA method consistently outperformed the existing channel attention methods.

1. Introduction performance trade-off, we propose two novel channel attention meth-
ods named Grouping-Shuffle-Aggregation Channel Attention (GSACA)
method and Mixed Encoding Channel Attention (MECA) method, re-

spectively. A novel multilayer perception named Grouping-Shuffle-

With the development of computing hardware, deep convolutional
neural networks (CNNs) have been extensively used and achieved
notable success in a range of visual tasks [1-3]. Given a loss function,
a CNN can adaptively fit any continuous function with any given
accuracy by the gradient descent (or ascent) algorithm. This indicates
that CNNs have the ability to finish many real tasks, because any real
task can be regarded as a type of function calculation.

Recently, various channel attention methods have demonstrated to

Aggregation Multi-Layer Perception (GSAMLP) is presented and ap-
plied to our GSACA method. As described in Algo. 1, our GSAMLP
partitions channel variables into several groups and performs the in-
dependent matrix multiplication without dimension reduction to each
group. Our GSAMLP method enables interaction between all groups

improve performance of CNNs [4-9]. These channel attention meth-
ods are aimed at adaptively recalibrating channel information, thus
augmenting feature representations of the objects of interest. Most ex-
isting channel attention methods lower channel dimension for reducing
computational complexity [4,5,9]. E.g., the Squeeze-and-Excitation (SE)
method reduced channel dimension via setting r > 4 (r denotes the
reduction ratio).

However, the dimension reduction causes information loss, thus re-
sulting in performance loss. To alleviate the paradox of complexity and

using a “channel shuffle” operator. After these, our GSAMLP method
performs independent matrix multiplication without dimension reduc-
tion on each group once more and aggregates all correlations. Using
this way, there is no reduction in channel dimension for each group,
and interdependence between all channel variables is also built.
Consider that using the MLP to encode channel information can ef-
ficiently build channel correlations and that channel grouping without
dimension reduction can efficiently reduce information loss, a novel
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mixed encoding unit is presented and applied to our MECA method.
As described in Algo. 2, our mixed encoding unit encodes channel
information through dual path architectures to benefit from both path
topology where one uses the MLP with dimension reduction to encode
channel information and the other uses channel grouping without
dimension reduction to encode channel information.

Furthermore, a novel pooling operator named hierarchical pooling
is presented and applied to our GSACA and MECA methods. As de-
scribed in Section 3.2, our hierarchical pooling method consists of two
steps. In the first step, our hierarchical pooling uses smooth max pool-
ing to extract information. Smooth max pooling takes into account the
differences between pixels, which increases the response to pixels with
larger differences. Therefore, smooth max pooling can better preserve
the fine details and texture features in the image. In the second step,
our hierarchical pooling uses average pooling to extract information.
In some tasks, average pooling may lead to better performance and
generalization ability. By using a two-step strategy, our hierarchical
pooling method can simultaneously utilize the advantages of both types
of pooling.

The main contributions of this paper are summarized as follows.

(1) We propose the GSAMLP. Our GSAMLP uses jointly channel
grouping, channel shuffle and channel aggregation to encode
channel information. Using this way, our GSAMLP not only can
avoid the channel dimension reduction to reduce information
loss, but also can efficiently build channel correlations.

(2) We propose the mixed encoding unit to encode channel informa-
tion. Our mixed encoding unit benefit from both using the MLP
with dimension reduction to encode channel information and
using channel grouping without dimension reduction to encode
channel information. Using this way, our mixed encoding unit
not only can efficiently build channel correlations, but also can
efficiently reduce information loss.

(3) We propose hierarchical pooling. Our hierarchical pooling first
uses smooth max pooling to extract information and then uses
average pooling to extract information. In this way, our hier-
archical pooling not only can better preserve the fine details
and texture features in the image, but also can have better
generalization ability.

The rest of this paper is organized as follows. Section 2 reviews
related work. Section 3 introduces the proposed GSACA method in
detail. Section 4 introduces the proposed MECA method in detail.
Section 5 shows experimental results. Section 6 shows ablation studies.
Section 7 makes the discussion. Section 8 draws the conclusion.

2. Related work

Different objects are typically represented by different channels in
different feature maps of deep neural networks. Channel attention can
adaptively adjust the weight of each channel, which can be seen as
a process of selecting objects and determining what to focus on. The
concept of channel attention was first proposed via Hu et al. [4], who
presented SENet for this purpose. In this section, we summarize the
representative channel attention works and discuss various channel
attention methods along with their development process.

The core of SENet was the SE block, which collected global informa-
tion, captured channel-wise relationships, and improved representation
ability. SE blocks were consisted of two parts: the squeeze module
and the excitation module. The squeeze module gathered global spatial
information using global average pooling (GAP). The excitation module
built channel-wise relationships and produced an attention vector using
fully-connected layers and nonlinear layers (ReLU [10] and Sigmoid).
Each channel of the input feature was then scaled via multiplying its
corresponding element in the attention vector. Due to its low compu-
tational resource requirements, a SE block could be added after each
residual unit [11]. However, SE blocks have limitations. GAP in the
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squeeze module is too simple to gather complex global information,
and fully-connected layers in the excitation module increase model
complexity. Subsequent works have attempted to improve the outputs
of the squeeze module (e.g., GSoP-Net [5]), reduce model complexity
by means of enhancing the excitation module (e.g., ECANet [7]), or
improve both the squeeze and excitation modules (e.g., SRM [6]).

The ability of GAP is limited to gather global information. To
overcome this limitation, Gao et al. [5] proposed a global second-order
pooling (GSoP) block, which could model high-order statistics while
gathering global information. However, this improvement comes at the
cost of additional computation. Qin et al. [9] demonstrated that GAP
is a discrete cosine transform (DCT) special case, which they employed
to propose a new multi-spectral channel attention method.

To improve both the squeeze and excitation modules, Lee et al. [6]
proposed the lightweight style-based recalibration module (SRM). Its
main innovation was style pooling, which used the mean and standard
deviation of the input features to enhance its ability to gather global
information. Moreover, SRM replaced the original fully-connected layer
with a lightweight channel-wise fully-connected layer to reduce com-
putational demands. Yang et al. [8] proposed the gated channel trans-
formation (GCT) to reduce computational cost and efficiently gather
channel information. GCT first collected global information via com-
puting the 12-norm of each channel and applied a learnable vector a to
scale the feature. Then, it built competition mechanism using channel
normalization. GCT used a Tanh activation to normalize the output
attention vector. Finally, it multiplied the input using the attention
vector and added a residual connection.

To avoid high model complexity, SENet reduces the channel di-
mension. However, this strategy causes channel information loss, thus
leading to a reduction in the quality of results. To address this issue,
Wang et al. [7] proposed the efficient channel attention (ECA) block,
which used a one-dimensional convolution to build the interaction
between channels instead of relying on dimension reduction. The ECA
block only considered the direct interaction between each channel and
its k-nearest neighbors. Luo et al. [12] drew inspiration from ECANet
and further proposed a channel attention guided module (CAG). Its
main improvement was using GAP and global max pooling separately
to aggregate two distinct spatial context information based on an ECA
block.
attention

3. Proposed grouping-shuffle-aggregation channel

method

First, the overview of our GSACA method is given in Section 3.1.
Then, our hierarchical pooling is introduced in Section 3.2. Finally, our
GSAMLP is introduced in Section 3.3.

3.1. Overview of our proposed method

The overview of our GSACA method is shown in Fig. 1. There
are three sub-units in our GSACA method. Squeeze. z = GHP(X).
Excitation. a = 6(GSAMLP(z)). Scale. Y = X ® Reshape(a).

3.2. Hierarchical pooling

In most existing channel attention methods, GAP has been widely-
used to gather multi-dimensional position information into one variable
of the channel vector due to its simple implementation and great
performance [4,7]. Assume that the input is X € ROH*W  Let y € R€
denote the average pooled feature tensor by means of reducing the
H-axis and W -axis of the input, GAP is formulated as Eq. (1),

H W
1
we = GAP(X) = — ; ; X @

Here x, ; ; is the element at (i, /) within the kth feature map. g, is the
mean of all elements within the kth feature map.
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Fig. 1. Overview of our GSACA method. GHP denotes global hierarchical pooling. ©®
denotes broadcast element-wise multiplication. H denotes image height, W denotes
image width, and C denotes the number of image channels.

Yet, GAP takes all the low magnitudes into consideration and the
contrast of the new feature map after pooling is reduced [13]. To allevi-
ate the drawback of GAP, some existing attention methods additionally
used global max pooling (GMP) to gather global position information
and concatenated the average pooled and max pooled features [14-16],
as formulated in Eq. (2). Let that m € R® denotes the max pooled
feature tensor by means of reducing the H-axis and W-axis of the
input, and that g € R®*? denotes concatenation feature by means of
concatenating the average pooled and max pooled features,

1
1y = GAP(X) = —— X

)
m; = GMP(X) = max
i=1,...H j=1

zp = [y, my].
Here m, is the maximum value among all elements within the kth
feature map.

However, the mixed pooling formulated as Eq. (2) has two draw-
backs. One is that max(.) is non-derivable. The other is that the con-
catenation operation additionally spend computational cost. Inspired
by mixed pooling [13], we propose a novel pooling method named
hierarchical pooling method. Our hierarchical pooling benefits from
both average pooling and smooth max pooling. And our hierarchical
pooling is derivable.

Our hierarchical pooling first applies smooth max pooling to the
input tensor X to obtain the output tensor M € REH*W “and then
applies average pooling to tensor M. Overall, our hierarchical pooling
is formulated as Eq. (3),

Xpii
my , . = 7log 2 exp <J> s
(L)ERp,q) ’

1
HKkuo = 77 Z My j-

“ R || G.)ER G

Here x, ; ; is the element at (i, j) within the pooling region R, ;, which
represents a local neighborhood around the position (p, ¢) in the tensor
X. my;; is the element at (i, j) within the pooling region R, which
represents a local neighborhood around the position (4, v) in the tensor
M.y, , is the output of the hierarchical pooling operator related to the

3)

kth feature map. “R(M) denotes the size of the pooling region R, .

7 denotes temperature coefficient and its default value is le—12.
Let / denote the loss value, the back propagation of our hierarchical
pooling is formulated as Eq. (4),

exp (Xkﬁ:l’” )
Ruw| X o ().
(u,v) (.)ERpq) *P T

Here x, ,,, is the element at (m, n) within the pooling region R, .

ol al 1
aXk,m,n 0”k5uﬂu

4
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The global version of our hierarchical pooling is formulated as
Eq. (5). Firstly, global hierarchical pooling (GHP) uses a 3 x 3 smooth
max pooling operation with padding being (1,1) and stride being (3, 3)
to obtain tensor M € ROH*W Here, H = |(H + 2)/3], W =
(W + 2)/3]. Then, GHP applies GAP to obtain channel-level global
information. Using this approach, GHP leverages the advantages of both
smooth max pooling for capturing information and average pooling for
capturing information,

. w
Z exp (xk;,j> g = ﬁ Z ka,i,j~ 5)

(LHERp ) i=1 j=

My pg = 7log

3.3. Grouping-shuffle-aggregation multilayer perception

Most existing channel attention methods used the MLP to encode
channel information [4,9]. To reduce computational complexity, the
channel dimensionality is reduced in the MLP. However, this causes
information loss, thus resulting in performance loss. To overcome the
paradox of complexity and performance trade-off, we propose the
GSAMLP. The overview of our GSAMLP is shown in Fig. 2. The details
of our GSAMLP is described in Algo. 1.

TDLinear |

Fig. 2. Overview of our GSAMLP. TDLinear denotes Time Distributed Linear. G denotes
the number of grouping.

Channel grouping. To avoid dimension reduction while not in-
creasing parameter complexity, our GSAMLP groups channels, allowing
each group of channels to independently perform matrix operations.
Channel grouping techniques have been widely used in state-of-the-
art CNN backbone networks [18-20]. In each layer of the residual
module, the hyperparameter G increases as the number of channels
increases, e.g, G can be set as G = C/w, where w is a fixed constant
and w € {16,32,64, ... }.

Residual gated linear unit. Inspired by Highway Networks [21]
and the Gated Linear Unit (GLU) [22], our GSAMLP adopts the residual
gated linear unit, defined as z = x ® (1 — g) + u © g, which not only
reduces the vanishing gradient problem, but also enables information
to be transmitted across multiple channels.

Channel shuffle. Due to channel grouping, the channel information
within each group does not interact with each other. Therefore, our
GSAMLP uses channel shuffle [17] to promote inter-group interaction,
and then each group performs independent matrix operations again,
allowing each output component to contain contributions from all input
components.

4. Proposed mixed encoding channel attention method

First, the overview of our MECA method is given in Section 4.1.
Then, our mixed encoding unit is introduced in Section 4.2.
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Algo. 1: Details of our GSAMLP

Input: The input vector x € RC, the trainable weights
0, Q, W € ROX(C/GXC/G)  the hyperparameter G,
p=0.2.

Output: The output vector y € R€.

/* Channel grouping and building channel

correlations for each group. */

1 [%],%,...,%g] = x, x; € RE/G;

2 fori < 1to G do

3 u; = 0,x;, u; € RC/G;

4

5

v; = w;x;, v; € RC/G;
end
/* Residual gated linear unit. */
6 g = o(Dropout([v|, vy, ..., vG]), p);
7z=x0(1-g+u0dg
/* Enabling interaction between all groups
using the channel shuffle [17] operator. */
8 ChannelShuffle([z, z,, ..., 25]);
/* Building channel correlations for each group
again. x/
9 fori < 1to G do
0 |y =wz,y €R/G
11 end
/* Aggregation. x/
12 y=1[y;y2 . Y6l

4.1. Overview of our proposed method

The overview of our MECA method is shown in Fig. 3. There
are three sub-units in our MECA method. Squeeze. z = GHP(X).
Excitation. a = MixedEncoding(z). Scale. Y = X © Reshape(a).

c

Cx1x1

Fig. 3. Overview of our MECA method.
4.2. Mixed encoding unit using dual path architectures

The methods to encode channel information can be mainly divided
into four categories. The first is using the MLP to encode channel
information [4,9], the second is using the cross-correlation operator
to encode channel information [7], the third is using the element-
wise multiplication to encode channel information [6,8], and the fourth
is using channel grouping to encode channel information, e.g., our
GSACA. Each method to encode channel information has its own advan-
tage and disadvantage. Since that, the mixed encoding has the ability to
combine their advantages. Therefore, we present mixed encoding unit
to encode channel information.

The overview of our mixed encoding unit is shown in Fig. 4. The
details of our mixed encoding unit is described in Algo. 2. There are two
branches. One branch encodes channel information using a standard
MLP. The other branch encodes channel information through channel
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MLP Cham'lel
grouping
cl lc

| Sigmoid |

\/

| Random average fusion |

!

Fig. 4. Overview of our mixed encoding unit.

grouping. The outputs of the two branches are then aggregated using
random average fusion. Using this way, our mixed encoding unit not
only can efficiently build channel correlations, but also can efficiently
reduce information loss.

Algo. 2: Details of our mixed encoding unit

Input: The input vector x € RC, the trainable weights
W, W, € REXC/N W, e RC/NXC @ g REXC/GXC/G),
the hyperparameters r, G.
Output: The output vector y € RC.
/* Encoding channel information using the MLP.
*/
1 u=ocW;3(W,x)0o(W,x)));
/% Encoding channel information using the
channel grouping. */
[x[, X5, ..., Xg] = x, x; € RE/;
fori < 1to G do
| v =0(0x)), v, e RE/Y;
end
v=[v,v,,...,v5];
/* Random average fusion. */
7 During training time: y = (1 — A)u + Av, where 4 is a random
value being either 0 or 1. During test time: y = (u + v)/2.

U A W N

Settings of hyperparameters. The setting of hyperparameter G is
identical to that in GSAMLP. As the mixed encoding unit involves two
branches, the hyperparameter r can be set to twice the value used in
SE to align with SE’s parameter complexity.

Gated liner unit. For aligning with SE’s parameter complexity,
the hyperparameter r in our mixed encoding unit is set to twice the
value used in SE. To compensate for the performance loss caused by
parameter reduction, our mixed encoding unit uses the GLU, defined as
(W,x) © 6(W x). W,x does not have any activation function applied,
making it less prone to gradient vanishing.

Random average fusion. The inspiration for the random aver-
age fusion comes from the random Dropout and DropConnect [23]
methods. During training with Dropout, a random subset of activation
values in each layer are set to zero. Similarly, with DropConnect, a
random subset of weights within the network are set to zero. Both
of these techniques have been shown to effectively regularize neural
networks. The value of A, which is randomly set to either 0 or 1,
determines whether using the MLP to encode channel information or
using the channel grouping to encode channel information is used.
In other words, the random average fusion stochastically changes the
encoding regulation scheme, which can partially address the issues
encountered with using the MLP to encode channel information and
using the channel grouping to encode channel information.

Comparison between different fusion methods. To explore the
effect of different fusion methods on the performance of our mixed en-
coding unit, we conducted comparison experiments on CIFAR-100 [24]
using EfficientNet-BO [19]. The experimental configurations were the
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Table 1
Comparison experiments between different fusion methods. None means the attention
mechanism used in the original backbone network is removed.

Model Top-1 err. (%) | Top-5 err. (%) |
EfficientNet-BO [19] + none 38.43 13.92
+ Mul. 37.95 13.19
+ Avg. 38.02 13.97
+ Adaptive Avg. 38.46 13.88
+ Random Avg. 36.81 13.12
Table 2
Comparison experiments between each branch.
Model Top-1 err. (%) | Top-5 err. (%) |
EfficientNet-BO [19] + none 38.43 13.92
+ MLP 38.84 13.97
+ channel grouping 38.32 13.92
+ mixed encoding 36.81 13.12
REGNETY-800MF [20] + none 42.06 16.33
+ MLP 41.77 15.47
+ channel grouping 40.82 15.49
+ mixed encoding 41.04 15.41

same as those described in Section 5.1. The results were listed in
Table 1, which indicated that using random average fusion allowed our
mixed encoding unit to achieve optimal performance.

Exploring the complementarity of two branches. To explore the
complementarity of two branches in our mixed encoding unit, we con-
ducted comparison experiments on CIFAR-100 [24] using EfficientNet-
BO [19] and REGNETY-800MF [20]. The experimental configurations
were the same as those described in Section 5.1. The results were listed
in Table 2. On EfficientNet-BO, significant performance boosted when
both branches were used jointly. On REGNETY-800MF, the joint use of
both branches outperformed the only use of MLP and almost matched
the only use of channel grouping. Therefore, the fusion of these two
methods always performed more robustly on different models.

5. Experiments

In this section, we evaluate the proposed methods on large-scale im-
age classification, object detection using CIFAR-100 [24] and PASCAL
VOC [25], respectively. Specifically, we first compare with state-of-
the-art counterparts on CIFAR-100 using EfficientNet [19] and REG-
NET [20]. Then, we verify the effectiveness of our proposed methods
on PASCAL VOC using SSDlite [26] and RetinaNet [27].

The hyperparameter G in our GSACA was set to C/16 for Effi-
cientNet, g for REGNET, C/32 for SSDlite and C/32 for RetinaNet,
respectively. The hyperparameters G and r in our MECA were set to G =
C/16,r = 8 for EfficientNet, G = g,r = 8 for REGNET, G = C/32,r =8
for SSDlite and G = C/32,r = 18 for RetinaNet, respectively.

5.1. Implementation details

To evaluate our proposed methods on CIFAR-100 [24] classification,
we employed two widely used CNNs as backbone models, including
EfficientNet [19] and REGNET [20]. The parameters of networks were
optimized using Lion [28] with layer adaption [29] and mini-batch
size of 128. All models were trained from scratch for 80 epochs. The
initial learning rate was set to 2e—3 for EfficientNet-BO and EfficientNet-
B4, 2¢—3 for REGNETY-800MF and REGNETY-1.6GF, respectively. If
step < 390, the learning rate scaling factor linearly increased from 0
to 1. If 390 < step < 21450, the learning rate scaling factor decayed
inversely with step from 1 to 0.1. If step > 21450, the learning rate
scaling factor remained constant at 0.1.

We further evaluated our methods on PASCAL VOC [25] using
SSDlite [26] and RetinaNet [27]. For training SSDlite, the network was
trained from scratch for 80 epochs using Adam [30] with mini-batch
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size of 128. The initial learning rate was set to 2e—3. If step < 133, the
learning rate scaling factor linearly increased from 0 to 1. If 133 < step <
7315, the learning rate scaling factor decayed inversely with step from 1
to 0.1. If step > 7315, the learning rate scaling factor remained constant
at 0.1. For training RetinaNet, the network was trained from scratch for
40 epochs using Adam with mini-batch size of 64. The initial learning
rate was set to 2e—3. If step < 267, the learning rate scaling factor
linearly increased from 0 to 1. If 267 < step < 7209, the learning rate
scaling factor decayed inversely with step from 1 to 0.1. If step > 7209,
the learning rate scaling factor remained constant at 0.1.

In each convolution layer and fully connected layer, the weight was
initialized with truncated Xavier normal distribution [31,32], the bias
if having was initialized with zeros. In each batch normalization [33]
layer, the y was initialized with ones and the g if having was initialized
with zeros. In each GCT [8] method, a was initialized with ones, y, B
were initialized with zeros. In our GSACA method, W and @ were
initialized with truncated Xavier normal distribution. In our MECA
method, W, W,, W and O were initialized with truncated Xavier
normal distribution.

All of experimental tasks were accomplished on one computer.
Its configurations were as follows: CPU Intel(R) Core(TM) i7-11700K,
GPU Nvidia RTX A5000, RAM 32 GB, Python 3.11.2, PyTorch 2.0.1,
Cudatoolkit 11.8 and Cudnn 8.9.

5.2. Image classification

To evaluate the influence of our methods, we first performed ex-
periments on the CIFAR-100 dataset. This dataset was composed of
colored natural images with 32 x 32 pixels and 100 categories with 600
images each category. For training on CIFAR-100, we used standard
data augmentation of random color space transformation and random
horizontal flip. We reported the top-1 error and top-5 error as the
evaluation metrics.

Integration with modern architectures. SE has become a basic
component of EfficientNet and REGNETY. To study the integration of
different attention methods with modern network architectures, we
chose EfficientNet and REGNETY as benchmark networks, and replaced
the original SE in the network with different attention methods. The re-
sults were reported in Table 3. When using different attention methods
to replace the original SE in EfficientNet-BO, our MECA achieved the
best top-1 error and reduced the top-1 error by 1.43% compared to
SE, and our GSACA achieved the third-best top-1 error and reduced
the top-1 error by 0.48% compared to SE. Our MECA achieved the
second-best top-5 error and reduced the top-5 error by 0.52% compared
to SE, and our GSACA increased the top-5 error by 0.21% compared
to SE. When using different attention methods to replace the original
SE in RegNETY-800MF, our GSACA achieved the best top-1 error and
reduced the top-1 error by 1% compared to SE, and our MECA achieved
the second-best top-1 error and reduced the top-1 error by 0.28%
compared to SE. Our GSACA achieved the best top-5 error and reduced
the top-5 error by 1.06% compared to SE, and our MECA achieved the
third-best top-5 error and reduced the top-5 error by 0.34% compared
to SE. It is worth noting that CAG did not perform dimensionality
reduction, which theoretically can achieve optimal results, but it did
not, possibly due to underfitting during training. Moreover, integrating
CAG into modern network architectures added too much model com-
plexity, which is not appropriate. Additionally, when our GSACA and
MECA methods integrated into REGNETY could achieve better results
than when integrated into EfficientNet. Overall, our methods could
outperform SE while adding less model complexity.

5.3. Object detection

We next conducted experiments on the PASCAL VOC 2007/2012
[25]. This dataset was composed of 20 classes. The PASCAL VOC
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Table 3
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Comparison results between different channel attention methods on CIFAR-100 using different modern architectures. The bold denotes the best
result under the same backbone network. The underline denotes the second best result under the same backbone network.

Model Top-1 err. (%) | Top-5 err. (%) | Param. (M) | FLOPs (G) |

EfficientNet-BO [19] + none 38.43 13.92 3.499 0.119
+ SE [4] 38.24 13.63 4.126 0.120
+ GSoP [5] 39.82 14.14 5.132 0.132
+ SRM [6] 42.39 15.14 3.535 0.119
+ ECA [7] 38.62 14.09 3.499 0.120
+ GCT [8] 37.95 13.71 3.526 0.119
+ FCA [9] 39.22 14.49 4.126 0.120
+ CAG [12] 37.26 12.75 18.542 0.135
+ SFNEA [34] 39.15 14.30 3.499 0.119
+ GSACA (ours) 37.76 13.84 3.929 0.120
+ MECA (ours) 36.81 13.12 4.113 0.120

REGNETY-800MF [20] + none 42.06 16.33 4.880 0.266
+ SE [4] 41.32 15.75 5.720 0.267
+ GSoP [5] 44.01 17.09 7.370 0.292
+ SRM [6] 41.85 16.57 4.898 0.266
+ ECA [7] 42.18 16.43 4.880 0.266
+ GCT [8] 41.90 16.20 4.894 0.266
+ FCA [9] 43.07 16.91 5.720 0.267
+ CAG [12] 41.70 15.15 9.109 0.270
+ SFNEA [34] 46.08 18.58 4.880 0.266
+ GSACA (ours) 40.32 14.69 5.102 0.266
+ MECA (ours) 41.04 15.41 5.584 0.267

2012trainval dataset has 11,530 images containing 27,450 ROI an-
notated objects. We trained all detectors on VOC 2012trainval and
evaluated the results on VOC 2007test for comparison. For training on
PASCAL VOC, we used standard data augmentation of random color
space transformation and random horizontal flip. We reported the met-
rics of COCO API as the evaluation metrics. The results were reported in
Table 4. When using different attention methods to replace the original
SE in the backbone network MobileNetV3-Large for SSDlite, integration
of either SE, GCT, our GSACA or our MECA could improve performance
of object detection by a margin. Meanwhile, our GSACA outperformed
SE by 0.7% in terms of AP, 1.4% in terms of AP@50 and 0.5% in
terms of AP@75 while using less parameter complexity. Our MECA
outperformed SE by 0.4% in terms of AP, 1.1% in terms of AP@50
and 0.1% in terms of AP@75 while using lower parameter complexity.
In particular, our methods achieved more gains for small objects,
which were usually more difficult to be detected. When using different
attention methods to integrate into the backbone network ResNet50 for
RetinaNet50, integration of either SE, GSoP, ECA, CAG, our GSACA or
our MECA could improve performance of object detection by a margin.
Our GSACA achieved the best detection results. Our MECA achieved
similar detection results with GSoP while using less model complexity.
Our GSACA outperformed SE by 0.7% in terms of AP, 1.4% in terms
of AP@50 and 0.4% in terms of AP@75 while using less parameter
complexity. Our MECA outperformed SE by 0.2% in terms of AP and
0.8% in terms of AP@50 while using less parameter complexity.

6. Ablation studies

This section conducted ablation experiments to gain a better under-
standing of the relative importance of components in the our GSACA
or MECA method.

6.1. Different pooling methods

To evaluate the influence of different pooling methods, we per-
formed ablation experiments on CIFAR-100 [24] using EfficientNet-
B0 [19] and REGNETY-800MF [20]. Optimization was performed using
stochastic gradient descent (SGD) [35-37] with momentum 0.9 and
a mini-batch size of 128. All models were trained for 80 epochs from
scratch. The initial learning rate was set to 0.2. If step < 390, the
learning rate scaling factor linearly increased from 0 to 1. If 390 <
step < 21450, the learning rate scaling factor decayed inversely with

step from 1 to 0.01. If step > 21450, the learning rate scaling factor
remained constant at 0.01. The results were reported in Table 5. While
all GAP, GMP and GHP were effective, our GHP consistently achieved
better performance on different models.

6.2. Standard MLP vs. our GSMLP

For fair comparison between our GSAMLP and the standard MLP,
we conducted ablation experiments on CIFAR-100 [24] using ResNet50
[11]. Optimization was performed using Adam [30] a mini-batch size
of 128. All models were trained for 80 epochs from scratch. The initial
learning rate was set to 2e—3. If step < 390, the learning rate scaling
factor linearly increased from 0 to 1. If 390 < step < 21450, the
learning rate scaling factor decayed inversely with step from 1 to 0.1.
If step > 21450, the learning rate scaling factor remained constant
at 0.1. The results were reported in Table 6. Despite that the top-1
error of GSAMLP* was a little higher than that of the standard MLP
when the hyperparameter in GSAMLP* was set to G = C/32 and
the hyperparameter in SE was set to r = 8, the results of the other
three error comparisons showed that GSAMLP* performed better than
the standard MLP while using fewer parameters. For the two different
hyperparameter settings, the top-1 error fluctuation of GSAMLP* was
0.08%, and the top-5 error fluctuation was 0.03%. The top-1 error fluc-
tuation of the standard MLP was 0.77%, and the top-5 error fluctuation
was 0.05%. Therefore, the performance of GSAMLP* is more robust for
hyperparameter settings.

6.3. Standard MLP vs. our mixed encoding unit

For fair comparison between our mixed encoding unit and the stan-
dard MLP, we also conducted ablation experiments on CIFAR-100 [24]
using ResNet50 [11]. The experimental configurations were the same
as those described in Section 6.2. The results were reported in Table 7.
Despite that the top-1 error of MECA* was a little higher than that of
SE when the hyperparameters in MECA* were set to r = 16, G = 32 and
the hyperparameter in SE was set to r = 8, the results of the other three
error comparisons showed that MECA* performed better than SE while
using fewer parameters. For the two different hyperparameter settings,
the top-1 error fluctuation of MECA* was 0.21%, and the top-5 error
fluctuation was 0.16%. The top-1 error fluctuation of SE was 0.77%,
and the top-5 error fluctuation was 0.05%. Therefore, the performance
of MECA* is more robust overall for hyperparameter settings.
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Table 4
Comparison results between different channel attention methods on PASCAL VOC 2007test.

Model AP (%) 1t AP@50 (%) 1 AP@75 (%) 1 Param. (M) | FLOPs (G) |

SSDlite320 [26] + none 14.2 28.4 12.3 1.650 0.463
+ SE [4] 14.6 28.9 13.3 2.466 0.465
+ GSoP [5] 13.3 25.8 12.0 4.109 0.598
+ SRM [6] 13.3 26.6 11.6 1.662 0.463
+ ECA [7] 14.0 28.2 12.1 1.650 0.464
+ GCT [8] 14.2 28.7 12.4 1.659 0.463
+ CAG [12] 13.9 27.5 12.6 4.907 0.467
+ SFNEA [34] 13.8 27.9 11.7 1.650 0.463
+ GSACA (ours) 15.3 30.3 13.8 1.954 0.463
+ MECA (ours) 15.0 30.0 134 2.398 0.463

RetinaNet50 [27] 12.8 25.5 11.5 14.542 25.035
+ SE [4] 14.0 27.6 12.6 15.799 25.046
+ GSoP [5] 14.0 285 12,5 18.016 25.439
+ SRM [6] 11.6 23.9 9.8 14.572 25.035
+ ECA [7] 13.9 27.9 12.3 14.542 25.045
+ GCT [8] 12.1 24.2 10.8 14.564 25.035
+ CAG [12] 13.6 26.9 12,5 24.602 25.055
+ SFNEA [34] 11.6 23.9 10.2 14.542 25.046
+ GSACA (ours) 14.7 29.0 13.0 15.267 25.037
+ MECA (ours) 14.2 28.4 12,5 15.727 25.038

Table 5

Ablation comparison between different pooling methods in the SE unit.
Model Top-1 err. Top-5 err.
EfficientNet-BO [19] + GAP 37.72 12.64
EfficientNet-BO [19] + GMP 38.06 13.20
EfficientNet-BO [19] + GHP 36.61 12.23
REGNETY-800MF [20] + GAP 44.71 17.59
REGNETY-800MF [20] + GMP 43.32 16.63
REGNETY-800MF [20] + GHP 42.89 16.83

Table 6
Ablation comparison between the standard MLP and our GSAMLP. GSACA* denotes
just replacing GHP with GAP in the GSACA.

Model Hyper. Top-1 err. Top-5 err. Params FLOPs
SE [4] r=38 36.19 12.59 7.253 16.327
GSACA* (ours) G=C/32 36.36 12.46 6.720 16.326
SE [4] r=16 36.96 12.64 6.624 16.326
GSACA* (ours) G=C/16 36.15 12.43 6.358 16.326

Table 7
Ablation comparison between SE and our MECA. MECA* denotes just replacing GHP
with GAP in the MECA.

Model /G Top-1 err. Top-5 err. Params FLOPs

SE [4] r=28 36.19 12.59 7.253 16.327

MECA* (ours) r=16, 36.42 12.25 7.180 16.237
G=32

SE [4] r=16 36.96 12.64 6.624 16.326

MECA* (ours) r=32, 36.34 12.41 6.588 16.326
G=16

7. Discussion

From the second paragraph to the fifth paragraph in Section 4.2, we
have analyzed the advantages and disadvantages of different channel
information encoding methods. Based on these analyses, we aim to im-
prove the use of channel grouping to encode channel information along
two different approaches. One approach involves channel shuffling and
sequential stacking channel grouping layers (similar to increasing the
receptive field by means of stacking convolution layers), while the
other approach involves encoding channel information through two
separate branches. Although the solutions are different, their goals are
the same, ie., to reduce information loss while ensuring that each
output component contained the participation of all input components
to better establish channel correlations.

The limitation of our current methods is that hyperparameters G
and r are manually set based on the existing network architectures. In
the future, can the optimal settings in different network architectures
be determined using network automatic search or meta-learning?

8. Conclusion

In this paper, we present a novel multilayer perception named
GSAMLP, a novel unit to encode channel information named mixed
encoding unit, and a novel pooling named hierarchical pooling. We
apply them to channel attention and further propose two novel channel
attention methods named GSACA method and MECA method, respec-
tively. Compared with the existing channel attention methods, our
proposed methods not only can reduce information loss but also can
better establish channel correlations. The experimental results show
that our GSACA method almost consistently outperformed most existing
channel attention methods and that our MECA method consistently
outperformed the existing channel attention methods. Our proposed
GSAMLP and hierarchical pooling can not only be applied in channel
attention but also in network architecture design, and we expect to
see more applications in the future. While SE has become a basic
component in some state-of-the-art convolutional neural networks, our
proposed GSACA and MECA can serve as effective replacements for SE
units in these networks.

Although channel attention has been shown to be successful, it
focuses on what to pay attention to, while spatial attention consid-
ers where to pay attention. Based on this observation, we encourage
considering whether there can be a universal attention framework that
takes advantage of all kinds of attention mechanisms. For example, a
soft selection mechanism (branch attention) can choose among channel
attention and spatial attention according to the specific task under-
taken. Attention mechanisms are inspired by the human visual system
and are a step towards building an interpretable computer vision
system. Typically, attention-based models are understood by rendering
attention maps. However, this can only give an intuitive feel for what is
happening, rather than precise understanding. However, in applications
where security or safety are important, such as medical diagnostics
and automated driving systems, often have stricter requirements. Better
characterizing how methods work, including modes of failure, is needed
in such areas. Developing characterizable and interpretable attention
models can make them more widely applicable.
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Appendix. Proof of logsumexp(.) being the smooth version of max(.)
Assume x = [x|, x5, ..., xy], logsumexp(.) is formulated as Eq. (A.1),

N
logsumexp(x) = log(z exp(x;)). (A.1)

i=1
Assume x,,, = max(x,X,, ..., Xxy), then Eq. (A.2) obviously holds,

N
XP(ar) < D eXp(x;) < N eXP(Xppay ). (A.2)

i=1

Take log(.) to Eq. (A.2), then Eq. (A.3) holds,
Xmax < logsumexp(x) < X, + log(N). (A.3)
Assume 7 > 0, then Eq. (A.4) holds,

Lmax < logsumexp(f) < Ymax + log(N),
T T T (A4)

Xmax < rlogsumexp(%) < Xpax + 71log(N).

Eq. (A.4) shows that logsumexp(.) can be infinitely close to max(.) by
means of reducing the value of z.
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