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1. INTRODUCTION applying multi-grain feature networks [11-13].

Deep learning is widely used in computer vision
tasks, such as image classification [1], object detec-
tion [2-3], and target tracking [4]. New deep-learning
methods and larger-scale neural network models have
emerged to obtain better feature representation [5-6].
However, we prefer lightweight networks with compu-

tational simplicity [7-8] in many application scenarios : ) 8 |

(e.g. mobile and embedded devices) [7-8]. g §—> !i\}
Computer vision tasks require the extraction of . '

features at multiple levels and granularities. As Fig.1: Multi-grained feature extraction of images.

shown in Figure 1, there are different elements in the
image of the bird, from the whole to the local. Con-

volutional neural networks use different depths and 1x1Convolution
widths to obtain features with different-sized percep- _
tual fields [9]. Google Net [10] proposes an Incep- N

<
tion module that fuses elements at different depth Previous P

scales (Figure 2). The upper module of Inception en- layer _é
ters three different convolutional layers and a pooling \
-

layer (3*3) with convolutional kernel sizes of 1*1, 3*3
and 5*5 to extract features at different scales. Fi-

nally, we fused convolutional 1x1 downscaling infor-  Fig.2: Multi-grained convolutional feature extrac-
mation in the multi-granularity parts. Several recent  tion module of Inception.

research advances in computer vision have focused on
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Human vision can effectively spot salient areas in
complex scenes. This ability to actively select essen-
tial features from the vast amount of information is
attention. Introducing attentional mechanisms to the
target task enables network models to focus more on
the main features and ignore irrelevant features [14-
15]. While the attention mechanism enhances the
feature representation of the network, its plug-and-
play nature also dramatically facilitates the model’s
design. Using channel attention or spatial attention
mechanisms can improve the effectiveness of model
training [16-20]. Of the above methods, some focus
only on channel[16-18] or spatial[19], and some com-
bine information from both[20] but ignore the fusion
of different granularity features. Meanwhile, Trans-
former with self-attention has achieved good results
in computer vision [21-22]. Still, it has a high con-
sumption of computational resources, and the perfor-
mance needs to use larger datasets, while the perfor-
mance suffers in the face of small-scale datasets.

Inspired by the above work, we designed a new
multi-granularity attention network model (MGAN)
and explored a multi-channel approach to fusing
multi-granularity spatial attention. The attention
model uses multi-channel pooling to combine spa-
tial awareness at different scales, extracting multi-
granularity features and constructing an end-to-end
neural network training model. Experiments show
that the method is general, and its classification ac-
curacy is significantly improved.

The structure of this paper is as follows: The
first part introduces the research background and
ideas of this paper. Section 2 presents the multi-
granularity feature extraction and attention mecha-
nisms for residual networks. In Section 3, we give
details of the implementation of the network model
MGAN, and in Section 4, we provide an experimen-
tal comparison of multiple attention mechanisms for
residual networks. In Section 5, we give conclusions
and suggestions for further work.

2. RELATE WORK
2.1 Multi-grained Residual Module

As the depth of the convolutional network in-
creases, problems such as overfitting and gradient dis-
appearance often occur. The residual network ResNet
proposed by Kai-Ming He [23] solves this problem
well. Figure 3 shows the basic residual learning unit,
x denotes the input, F(x) indicates the function of
residual mapping, and H(z) = F(z) + z is the out-
put of the residual unit, then the work of the deep
L:

OLoss/(0x;) = OLoss/(OH (0xr)) is the inverse gra-
dient, where dLoss/(0x;) is the gradient descent of
the loss.

Y

1x1 (reduce dimension)

* ReLU
F(x) 3x3 X
* ReLU

1x1 (increase dimension)

F(x)+x

ReLU

Fig.3: The Residual unit of ResNet.

Based on resnet,res2net [24] constructs multiple
levels of residual connections within the residual block

to extract multi-granularity features f;,2 =1,2...,s
(Figure 4).
— Fs —
— X IBHf|
Ll ]
— :'\1/ F3 $ >
Input | ] Output
Xy | 3%3 f
X1 fi
Fig.4: The multi-Grained Residual Module of

Res2Net.

The features f;(i = 1,2,...,s) obtained from the
residuals of multiple branches(s denotes the number
of units of the residual module), The formulated as
follows:

Z; =1
fi=1 Fi(zi) i=2 (2)
Fi(zi+fi) 2<i<s

The Res2Net residual module can extract features
at multiple granularities of the image through multi-
level stepwise convolution, as shown in Figure 5.

2.2 Attention Mechanism

Attention mechanisms can capture more computa-
tional resources for the critical tasks of the network
and reduce attention to other details when compu-
tational power is limited. The attention mechanism
reflects the differentiated attention to different infor-
mation through weights. When selecting the part of
the input information relevant to the task, note that
the importance indicates an index of that informa-
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predict
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Fig.5: Multi-granularity feature extraction of
Res2Net.
tion.[25].

Using z1.x = [#1...2N] to denote N input infor-
mation, z € [1,N] is the attention variable for the
index position of the focal data, i.e., z = I indicates
the ith input message. When using soft attention
[26], «; is the probability of selecting the ith input
message for the current statement: z1.n. To extract
the attention weight (3), then we have:

a; =p(z = i|z1.8) = softmax(S(x;))
 exp(S(a) 3)
> exp(S(a;))

Where S(x;) is the attention-scoring function, we use
it to select the appropriate parameters in the model.

2.3 Feature fusion for multi-channel attention

Multi-channel attention is multi-headed attention
applied to 2D image features [27]. When the model
uses multiple channels of attention, the attention is
a query ¢; € {¢l,...,qk} for multiple single-channel
tasks, i.e., multiple selection processes on the input
information. The multi-channel feature is a weighted
summation of the single-channel components, and k
is the number of channels; We have the following for-
mula equation (4).

Mult Attension(c, g;)

Z] IZ” i (4)

3. MULTI-GRAINED ATTENTION NET-
WORK

3.1 multi-grained attention module

Our proposed multi-granularity attention model
comprises a multi-granularity spatial attention mod-
ule MSA (Figure 6) and a multi-granularity channel
attention MCA (Figure 7). Finally, these two multi-
granular attentional features are fused.

The features extracted from the backbone network
go through the three convolutional branches of the
spatial attention module (MSA) to obtain different
attentions S* € F(K; x K;) (as shown in Figure 6),

where W, and b; denote the weights and bias pa-
rameters of the different branches, and Conv2D de-
notes the two-dimensional convolutional operation,
we have:

S = Conv2D(I,K;) = W}l +b;,i=1,2,3  (5)

Each branch extracts the spatial attention at dif-
ferent granularities by maximum pooling and average
pooling, respectively Si . wag, i=1,2,3. We get
spatial attention weights through Concat operations,
Fs =5}z ® Sk, which @ indicates a Concat pro-
cess.

Spatial Attention K;
cov K;x K;

Sigmoid
Maxpool e

302020
p —> Avgpool —

Fig.6:
kernel-K;.

The Spatial Attention with convolution

Algorithm 1: Multi-Granularity Spatial Attention
Input: Image I and convolution kernel K;
Output: Spatial convolution as Ki-branching attention
Procedure MSA (I, K;)
1. for each convolution K; :

St = Conv2D (I,K;)
S;naz = Spatial_Max_pooling(S*)

S}wg = Spatial_Avg_pooling(S%);

St = Sigmoid(Conv2D(concat(S:

2

3

4

5 S Sio 1)
6. Séat - ScatXI

7 .

8

E

max’ avg
return St,,

. end for

nd Procedure

MCA Module
Channel Attention

7

Input Feature

’ A—
=9,
oy

1x1
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Fig.7: Multi-Channel Attention Module.

The spatial attention function F's is input to the
channel attention unit in the MCA structure. The
maximum pooling and average pooling represent dif-
ferent granularity features of the image. We denote
their weights by Fi,q; and Fy,4, respectively. It then
enters the multilayer perceptron MLP fusion to ob-
tain the channel attention weights Cw in equation

(6).

Cy = Sigmoid(M LP(Fyaz) + MLO(F,y4))  (6)
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Fig.8: Image classification model for multi-granularity attention residual networks.

Where Fq, and Fy,4 share weights in the multilayer
perceptron layer. We generate a set of global features
(Fg € R™*™*L) using a 1 x 1 convolution, then
multiply F with the pooled feature Fq; to get the
multi-grain channel attention features Feopanne;- The
algorithm is as follows:

Algorithm 2: Multi-Grained Channel Attention
Input: Image I and Channel C,,

Output: Channel attention

Procedure MCA (I1,C,,)

1. Femae = Channel_Max_pooling(Cl);

2. Fcqg = Channel_Avg_pooling(Cly);

3. MLP(Femar) = (wl(wO(Femaz))

4. MLP(Fcapg) = (Wl(wO(Feaug))

5. Foy = Sigmoid(MLP(Fcmaz) + MLP(Fcay,))
6. Fg = Convl x 1(1))

7. Fehannet = Feat X FG

8.  Return F.pannel
End Procedure

In Algorithm 3, the features extracted from the
residual units of the backbone network enter differ-
ent convolution branches of the spatial and channel
attention modules. Then, we use the softmax func-
tion to obtain a multi-granularity vector of attention
weights and feed it into the classifier network. The
algorithm is as follows.

Algorithm 3: Multi-granular Attention Model
Input: Image I and Feature of MSA, MCA
Output: Classification probability

Procedure MA (I, F, K;Cy,)

1. S1 MSA(I, K1)

2. 52 = MSA(I, K2)

3. 83 = MSA(I, K3)

4. Cw = MCA(I, Cw)

5. F1 = Cw(S1)

6. F2 = Cw(S2)

7. F3 = Cw(S3)

8. Fcat = concat(F1, F2, F3)

9. Fnew = concat(Fcat, Convl x 1(F))

10. Fpool = Mazx_pooling(Conv2D(Fnew, K))
11. Fc = Full Connection (flatten(Fpool))
12. y = softmax(Fc)

End Procedure

3.2 Multi-Grained Attention Residual Net-
work

The multi-grain attention residual network model
(MGAN) in this paper consists of a residual mod-
ule (ResNet/Res2Net) as the backbone, a multi-grain
spatial attention module (MSA), a multi-grain chan-
nel attention module (MCA), and a classifier.

In this model, the backbone network converts the
input image into underlying features; The atten-
tion algorithm reinforces the multi-granularity spa-
tial weights of the image and combinates the conse-
quences of the multiple channels; Then, it is fused
with the underlying features of the image to ob-
tain the multi-granularity representation of the im-
age; and the classifier converts the high-level features
into probabilities corresponding to each category in
the dataset. The final output is the classification re-
sult. Figure 8 shows this network model’s structure,
four components, and a lightweight attentional resid-
ual network.

Multi-granularity attention mechanisms can en-
hance the feature representation of a network. How-
ever, overlaying attention modules can lead to de-
graded model performance due to the many dot prod-
uct operations required for attention branches. In
contrast, selecting residual networks for the leading
network can reduce the decay of deep network fea-
tures [28]. We use the residual module to extract
features and then augment the critical components of
the network with multi-granularity Attention weights
(as in Figure 9).

Input

attention branch

10

1x1 3x3 3x3

Fig.9: Structure of Multi-Attention Residual mod-
ule.
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Table 1: Parameters of the backbone network ResNet/Res2Net (layers 18, 34, 50, 101).
Layers 18-layer 34-layer 50-layer 101-layer
Convl Tx7(3%x3),64, stride=2
max pool 3x3, stride=2
[3x3, 64 [3x3, 64 11, 64 1x1, 64
Convox 3% 3 64 X 2 3% 3 64 X 3 3x3, 64 x 3 3x3, 64 X 3
i ’ i ) 1x1, 256 1x1, 256
Attention(K;=3) Attention(K;=3) Attention(K,;=3) Attention(K;=3)
(33, 128 ] 33, 128 ] 11, 128 1x1, 128
Comezx | 3xa 1os | X2 | 3.s qox | X4 | 3x3 128 | x4 3x3, 128 | x3
L ’ - L ’ . 1x1, 512 1x1, 512
Attention(K;=5) Attention(K;=5) Attention(K,;=5) Attentlon(Kl—5)
[ 3x3, 256 ] [3x3, 256 ] 1x1, 256 1x1, 256
Convix 3% 3 9256 X 2 3% 3 9256 X 6 3 x3, 256 X 6 3x3, 256 X 23
i ’ | i ) | 1x1, 1024 1x1, 1024
Attention(K;=7) Attention(K;=T7) Attention(K,;=T7) Attention(K;=T7)
33, 512 33, 512 1x1, 512 1x1, 512
Comix | 3 sio | X2 | 3us a1p | X3 | 3x3 512 [x3 | 3x3, 512 | x23
L ’ ] i ) ] 1x1, 2048 1x1, 2048
Average pool, 10/100-d fc, softmax
FLOPs 1.8 x 10° 3.6 x 10° 3.8 x 10° 7.6 x 10°

4. EXPERIMENT

The following experiments evaluate the image clas-
sification performance of our Multi-Granularity At-
tention Network (MGAN) with different backbone
networks and parameters.

4.1 Experimental Parameters and Data Sets

Our experiments used the deep learning framework
PyTorch 1.12 (Python 3.9), an NVIDIA GeForce
RTX3060 graphics card with 12 GB of RAM and
CUDA (version 11.2). We used ResNet and Res2Net
as the backbone networks and set the size of the three
convolutional kernels in the multi-grain spatial atten-
tion module to K;=3, Ko =5, and K3 =7. We set
the batch size to 64, the initial learning rate to 0.01,
mileage nodes divided by ten every 50 training ses-
sions, and weight decay to 0.0001. The network hy-
perparameters are shown in Table 1 below, where 18,
34, 50, and 101 layers are used for the backbone net-
work, respectively.

The convolution size of convl is 7x7 or 3x3, de-
pending on the size of the images in the dataset.

We evaluated our model on the datasets CIFAR-
10, CIFAR-100[29], and Mini-ImageNet[30]. The
dataset CIFAR-10 contains 60,000 32 x 32-pixel
colour images, 50,000 training images and 10,000 test
images, divided into ten categories. (Figure 10), and
the CIFAR-100 dataset contains 100 types of 600 pic-
tures each. CIFAR-100 has 100 classes divided into
20 broad classes, so each image has a coarse and fine
label. The Mini-ImageNet dataset is a small sam-
ple dataset extracted by the Google DeepMind team
based on ImageNet. The dataset contains 60,000
colour images 84 x 84 pixels in size, divided into 100

categories with 600 samples in each category.

Plane "BE‘-. y ’..‘:‘P
= Bl

Car

=
o il maEl WIBA s D
cwrwaluugnar

- -
EMJWhIEEi‘IE

Fig.10: Ezample image of dataset Cifarl10.

The performance evaluation metrics we use include
Top-1 accuracy (%), Top_5 accuracy (%), training
loss, and training time (hours).

We define Accuracy as the probability of correct
classification of the test set as follows:

TP+ TN .

TP+ FP+TN+FN (™)
Top_1 Accuracy is the probability that the maxi-
mum predicted category is the correct category, while
Top_5 Accuracy is the Accuracy of giving the top 5
indicated categories that contain the proper category.

Accuracy =

4.2 Compare the Result with a different at-
tention network

In the first part of the experiments, we compare
the MGAN network with other attention networks,
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such as SENET [31], CBAM [32], and SimAM][33],
on the three different datasets.

ResNet18 is the backbone network, allowing easy
comparison with other commonly used attention net-
works. Figure 11, Figure 12, and Figure 13 show
the Topl-Acuraccy and Top5-Acuraccy classification
performance of the different attention models on the
three datasets, respectively.

Cifarl0 Dataset

ResNet18 SENet CBAM SimAM  MGAN-Res18

Model Performance
i5
[«2] ~ o] (Vo) o
o o o o o

[
o

Topl-Acuraccy M TopS-Acuraccy

Fig.11: Results on the dataset Cifari0.

Cifar100 Dataset
100

o3
]
£ 80
g
o 60
g
|3
o 40
Z
S 20
=
0
ResNet18 SENet CBAM SimAM ~ MGAN-Res18
Topl-Acuraccy M TopS-Acuraccy
Fig.12: Results on the dataset Cifar100.
Min-ImageNet Dataset
100
90
3 80
»
<
5 50
— 40
g 30
g
= 20
10
0

ResNet18 SENet CBAM SimAM ~ MGAN-Res18

Topl-Acuraccy M TopS-Acuraccy

Fig.13: Results on the dataset Mini-ImageNet.

The experimental results in Table 2 show that
our model has higher classification performance
than other attention models on the same backbone,
ResNet18.

In practice, we will use the more powerful back-
bone network Res2Net50[24], fusing the extracted
multi-scale features with a multi-grain attention
mechanism to obtain a richer quality. In the fol-
lowing experiments, we choose several networks with

multi-scale attention [34-35] and compare them on
the dataset Min-imageNet, where our model performs
slightly better when the parameters are similar (as
shown in Table 3 and Figure 14).

Testing Acuraccy(%) and Parameters
100

3
g 90
o
T 80
[-9
3 70
=3
= 60
Top-1Acc Top-5Acc
Res2Net50]24] ECANet|34]
M DMSANe([35] B MGAN-Res2Net
Fig.14:  Performance comparison of the multi-

granularity attention networks.

4.3 Compare the Performance of Different
Backbones

The second part of the experiments compares
the performance of different residual modules with
the multi-grained attention model. We first chose
ResNet18 as the backbone of the multi-granularity
attention mechanism (MGAN-ResNet18) and trained
the dataset Cifar10 with epoch=100. Figure 15 shows
that our MGAN network quickly achieves over 90%
training accuracy at epoch=20 on dataset CIFAR10
and can reach 96.5% accuracy on the test set at
epoch=100. Meanwhile, the value of the loss also
decreases rapidly. In this experiment, we specify the
learning rate at epoch=>50 to one-tenth of the orig-
inal; i.e.;, 0.001; We note that the loss value at this
point drops significantly (see Figure 16).

1.0
< 08+
>
3
£
& 0.6
20
§
= 0.4
g
&
-
f§ 0.2 1 —— tin_Cifarl0
|:n test_Cifar10
—— tain_Cifar100
0.0 1 test_Cifar100
0 20 40 60 80 100
epochs=100

Fig.15: Accuracy of the network MGAN-ResNet18
on Datasets Cifar10.

We then chose ResNet and Res2Net with differ-
ent layers as the backbone network to test our net-
work performance on the CIFAR100 dataset. We set
epoch=100 and select the number of layers x to be
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Table 2: Topl Testing accuracies (%) and Top5 Testing accuracies (% )for the backbone networks: ResNet18
with various attention modules and the proposed MGAN.

Models Params CIFAR10 CIFAR100 Mini-ImageNet
106 Topl(%) Top5(%) Topl(%) Top5(%) Topl(%) Top5(%)
ResNet18[23] 11.69 91.50£0.50 93.5.0£0.50  66.0£0.36  70.05£0.45 62.404+0.30 65.82+0.35
+SE[31] 11.78 92.4240.14  95.20£0.40 68.70+0.21 71.204+0.35 63.594+0.30 68.324+0.40
+CBAM]32] 11.78 92.194+0.11  94.90+£0.45 68.76+0.56 72.16+0.20 64.83+0.30 67.454+0.50
+SimAM(33] 11.69 92.73+0.18  95.50£0.50 69.57+0.40 74.254+0.40 66.31+0.30 71.2540.40
MGAN-ResNet18 11.70 96.504+0.40  99.90+£0.10 76.554+0.50 80.104+0.50 72.264+0.50 78.3040.50
Table 3: Comparing different multi-granularity at-
tention mechanisms on the dataset Mini-ImageNet. %
—O— ResNetX
Models ParaGms Top-1Acc Top-5Acc o Reanex
10 % % 851 < INet10]
R2Net50+MultARZNet101:=Mult
Res2Net50[24] 25.56 77.99 92.87 . o
ECANet[34] 25.56 77.48 93.68 < 807 R2Ne34NultA N50+MultA
DMSANet [35] 26.25 81.54 94.93 2 {50+ MuliA
MGAN-Res2Net  28.6 82.40 94.85 87"
=%}
B 70
A — train_Cifarl0
\ test_Cifarl0 65 1 ResNet18
4 \ —— train_Cifar100
;\3 \ test_Cifar100 60 . . . .
Z 112 1.7 23 25 44 50
-,—:“ 3 \ Parameters(M)
E \ Fig.17: Testing Precision on dataset Cifar100 with
E 21 different Backbone ResNet and Res2Net.
&
Eu
01 y y y y T Training time (ResNet+MultA) for epoch=100
0 20 40 60 80 100 40
epochs=100

Fig.16: Accuracy of the model MGAN-ResNet18 on
Datasets Cifar100.

18,34,50,101; Figure 17 shows the classification accu-
racy of the test set on different Backbone: ResNetx
and Res2Netx; Figure 18 and Figure 19 show the
training time on the three datasets.

Figure 17 shows that the classification accuracy of
the network gradually improves as the number of lay-
ers of the backbone network increases, and of course,
the training time increases. And the overall perfor-
mance of using Res2Net as the backbone network is
more robust than that of ResNet.

4.4 Comparing the performance of spatial at-
tention modules with different parameters
K;

We compared the effects of different spatial atten-
tion parameters on the model. In Table 1, we set
the three convolutional kernel sizes in the spatial at-
tention module to K1 = 3, K2 = 5, and K3 = 7,
respectively, and connect the same channels of atten-
tion. Considering that we used datasets with image
sizes of 32x 32 and 84 x84 pixels, respectively, We use

(Training Time(Hours)
(5] 3
(=]

CIFAR10(hours) CIFAR100 Mini-TmageNet

ResNetl8+MultA M ResNet34+MultA
M ResNet50+MultA M ResNet101+MultA

Fig.18: Training time for different backbone
ResNetz with mult-grained attention model.

Training time (Res2Net+MultA) for epoch=100

30
| l'
0

CIFAR10(hours) CIFAR100

(Training Time(Hours)
~
(=]

Mini-ImageNet
Res2Net18+MultA M Res2Net34+MultA
M Res2Net50+MultA M Res2Net101+MultA

Fig.19: Training time for different backbone
Res2Netx with mult-grained attention model.
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these three small convolutional kernels in our exper-
iments: 3 x 3,5 x 5 and 7 x 7. In contrast, for
datasets with image pixels larger than 224 x 224,
we prefer large convolutional kernels of 11 or more
(e.g. 31 x 31) [36]. We compared the performance of
four combined models with different spatial attention
parameters on three datasets with a backbone using
Res2Net18. The experimental parameters and results
are shown in Figure 20 and Table 4.

Spartial Paras: Topl-Testing Acuraccy (epoch=100)
100

Model performance(%)

CIFARI0 CIFAR100 Mini-ImageNet

Spara_1 ™ S_para2 B S_para3 W S_para4

Fig.20: Comparison Results of different parameters
K;.

Table 4: Performance (%) of various parameters
K; .

CIFAR CIFAR Mini-

Models Spatial paras 10 100 ImageNet
S-paral K1=K2=K3=3 96.9 81.5 75.5
S-para2 K1=K2=K3=5 96.5 79.5 78.2
S-para3 K1=K2=K3=7 96.2 78.5 79.0
S-parad  K1=3,K2=5K3=7 97.5 82.50 79.20

Figure 20 shows that the performance using the
same convolution parameters is slightly lower than
that of the combined model S-Para4 using different
convolutions. In the S-Paral, S-Para2, and S-Para3
models with the same size convolution, the Cifarl0
and Cifar100 datasets are more suitable with convo-
lution kernels of 3*3 and 5*5. In contrast, the Mini-
ImagaNet dataset is better suited to a 7*7 convolu-
tional kernel, mainly due to the size of the images in
the corresponding dataset.

4.5 Comparison of the performance of differ-
ent types of networks

In this part of the experiment, we compared the
testing accuracy of the networks with varying pa-
rameter scales with our model to evaluate the per-
formance (Table 5).

As can be seen from Table 4 and Figure 21, our
multi-granularity attention network has higher clas-
sification accuracy than the other three networks with
the smallest parameter size. MGAN-Res2Net im-
proved over the VGG16 network by 4%, 9%, and 7%
on the three datasets with only one-fifth of its param-
eters.

Table 5: Topl Testing the Accuracy (%) of different
networks with various parameters .

Network o™ CIFAR10 CIFAR100 Iml\:g‘;‘ve .
[ 93.50 72.05 72.40
16[10] +0.06 40,04 +0.04

ResaNet ., 95.50 75.60 74.54
1824] : +0.40 +0.50 +0.50

WideRes 96.11 79.50 75.50

Net [37] : +0.40 +0.50 +0.50
MCGAN- 97.50 82.50 79.20
Res2Net : +0.50 +0.40 +0.50

Topl Testing Acuraccy(%) and Parameters
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Fig.21: Comparison Results of different parameter
networks.

The above experiments showed that combining our
multi-granularity attention mechanism with various
residual networks significantly enhanced classification
performance.

5. CONCLUSIONS

We propose in this paper a multi-granularity at-
tention mechanism as a new approach to improve the
representational power of residual networks, which
can obtain richer high-level features of images and
enhance image classification accuracy. The proposed
multi-granularity attention mechanism lets neural
networks focus on important feature information at
multiple levels in a snap. This approach transforms
the original way neural networks allocate resources
equally to an image to assign weights to different spa-
tial groups of the importance of an image, thus en-
abling faster and more accurate classification of im-
ages.

We conducted extensive experiments on the Multi-
Granularity Attention Network (MGAN) using net-
works with different parameters. We showed signif-
icant improvements in classification performance on
the datasets Cifarl0, Cifar100, and Mini-ImageNet,
thus validating the effectiveness of the multi-
granularity attention model.

In the following work, we will further investigate
the introduction of multi-granularity methods into
self-attentive networks such as Transforms [19], ap-
plying this approach to various fields such as fine-
grained image classification and target detection.
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