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In many modern machine learning (ML) models, attention mechanisms (AMs) play a crucial role in processing
data and identifying significant parts of the inputs, whether these are text or images. This selective focus
enables subsequent stages of the model to achieve improved classification performance. Traditionally, AMs are
applied as a preprocessing substructure before a neural network, such as in encoder/decoder architectures. In
this paper, we extend the application of AMs to intermediate stages of data propagation within ML models.
Specifically, we propose a generalized attention mechanism (GAM), which can be integrated before each layer
of a neural network for classification tasks. The proposed GAM allows for at each layer/step of the ML
architecture identification of the most relevant sections of the intermediate results. Our experimental results
demonstrate that incorporating the proposed GAM into various ML models consistently enhances the ac-
curacy of these models. This improvement is achieved with only a marginal increase in the number of
parameters, which does not significantly affect the training time.
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1. Introduction

Deep neural networks are a popular model for most
prediction tasks, such as image classification,'* text
classification,” pattern recognition,®” feature analy-
sis,’ and segmentation,”” etc. Because of its powerful
capabilities in these fields, deep neural networks are
often used in various industrial scenarios, including
medical diagnosis,”? defect detection,'*'* recom-
mendation systems,'” and more.'%'” In supervised
learning, neural networks are trained using datasets,
which allows them to learn and make predictions or
decisions without being explicitly programmed.
Neural networks need to be trained to achieve good
performance. The back propagation (BP) algo-
rithm'® 2 is one of the most broadly used approa-
ches for training deep neural networks. BP algorithm
is a parameter search method based on gradient,
which updates the parameters of the model by the
back-propagated error signal between the real values
and the predicted values. At present, there are many
successful implementations of optimizers based on
BP algorithm?* such as stochastic gradient descent
(SGD)?** adaptive
(Adam).”

In the process of optimizing neural network

and moment estimation

parameters using gradient descent, the parameters
corresponding to different features are updated si-
multaneously. However, some of these updates may
actually harm the performance of the neural net-
work. Recent research has even shown that removing
certain neurons can lead to improved network per-
formance. Furthermore, the success of the Dropout
method highlights the challenge of achieving optimal
results by treating all features equally during train-
ing.?* Therefore, it’s essential to train and utilize
features selectively within neural networks. To ad-
this, (AMs)
employed to identify the most crucial sections of
input data??" and process them accordingly in
subsequent stages. For instance, AMs are used in
natural language processing (NLP) to identify the
most relevant words in a sentence,”® and in image
processing to identify the most important elements
and isolate them from the background.?’

In its traditional implementation, the AM is an
additional layer of a neural network typically posi-
tioned before the convolutional blocks to preprocess
the input of each stage, leaving the task of
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classification to the neural network using the pre-
processed data. While this approach is beneficial,
there is no reason why attention cannot be applied
again before subsequent layers of the neural network.
Intuitively, including an AM in the following layers
may improve the accuracy of the model. For exam-
ple, in image recognition, an AM applied to the
feature maps could bolster the learning of the sub-
sequent layer.

Although conceptually an AM could be placed
before any layer, from an implementation stand-
point, it cannot be directly located before just any
layer. It should be adapted to function with the layer
that follows it. Inspired by this idea, we propose in
this paper
(GAM) that can be positioned before any layer of
any neural network to enhance the performance of
the neural network. The proposed mechanism iden-
tifies at each step the most important sections that
are inputted into the following layer.

The rest of this paper is organized as follows.
Related works on neural networks and AMs are
provided in Sec. 2. The implementation and theory
of GAM are described in Sec. 3. Section 4 presents
experiments and analysis. Finally, Sec. 5
the paper.

a generalized attention mechanism

concludes

2. Related Work

Machine learning (ML) has revolutionized numerous
fields by providing algorithms and statistical models
that enable computers to perform tasks without ex-
plicit instructions, relying instead on patterns and
inference.””*! Building on the foundations of ML,
deep learning (DL) has emerged as a subset that uses
neural networks with many layers to model complex
patterns in large datasets.’>** Many important re-
search works in DL have proposed different neural
network structures.** Among the various archi-
in DL,
(CNNs) have been particularly successful in tasks
involving image and spatial data due to their ability
to capture hierarchical patterns through convolu-
tional layers. More recently, AMs have significantly
advanced the field by allowing models to focus on
relevant parts of the input data dynamically, im-
proving performance in tasks like NLP and image
captioning by providing context-aware processing

tectures convolutional neural networks
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capabilities. In this section, the related works about
AMs will be introduced.

2.1. Attention mechanism: Definition and
notation

The AM is an element of a machine learning model
that focuses on specific parts of the input sequence
when generating each part of the output sequence.
It dynamically computes a weighted sum of the
input elements, where the weights are determined by
a “compatibility” function that measures the rele-
vance of the input elements to the current output
element.

With the purpose of introducing the notation an
laying the basis for the description of our method, we
briefly outline the functioning of AM. Given an input

sequence represented by a matrix X = [x,Xo, ..., X,],

X
)
where each x; € R?is an input vector (whose elements
are referred to as features) and a query vector q € R4,

an AM performs the following three operations.

1. Score Calculation

Compute the scores that represent the similarity
between the query vector q and each input vector x;.
This can be done using various scoring functions,
such as dot product, additive, or scaled dot-product.
For simplicity, let’s use the dot product:

(1)

Here, ¢, is the unnormalized score for the ith input.

e, =q'x; fori=1,2,...,n.

2. Softmax

Normalize the scores using the softmax function to
obtain the attention weights «;:

L _ewle)
‘ 27:1 exp(ej)

The attention weights a; sum to 1 and indicate the
relative importance of each input vector.

fori=1,2,...,n.

(2)

3. Context Vector

Compute the context vector ¢ as a weighted sum of
the input vectors, using the attention weights «;:

c= iaixi. (3)
=1
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This mechanism allows the model to focus on the
most relevant parts of the input sequence, effectively
attending to different parts of the input when gen-
erating each part of the output sequence.

2.2. Attention modules in natural language
processing

AMs have revolutionized NLP by allowing models to
focus on the most relevant parts of a sentence or
document when processing information. An early
work was the RNNsearch approach proposed by
Bahdanau et al. which uses an AM to simultaneously
translate and align on a machine translation task.*’
Luong et al. introduced the use of global and local
attention to enable a finer alignment between source
and target sentences in machine translation tasks.*°
Subsequently, the proposal of the self-AM led to the
widespread use of Transformer based on this tech-
nique in NLP. It allows the model to focus on dif-
ferent positions in a single sequence to capture
dependencies regardless of distance. This feature has
made Transformer more successful on several NLP
tasks.”” BERT is one of the most successful studies of
Transformer, which uses masked language model
targets pre-trained in large corpora and migrated to
specific scenarios.”® Another well-known application
is GPT, which generates coherent and rich text
based on input, and its latest version has achieved
optimal results on a large number of NLP tasks.?’

2.3. Attention modules in computer vision

As AMs have garnered considerable interest across
disciplines, researchers have endeavored to apply
this concept within the realm of computer vision.*’
In recent years, the main classifications of visual
AMs include: channel attention, spatial attention,
self-attention, etc. SENet is the first neural network
that uses channel attention.”’ They proposed
Squeeze-and-Excitation (SE) Block to add an AM
module to the positions that need to be necessary, in
which they modified the method in the traditional
AM to compute a query-like vector using the average
value at the channel level. The formulaic expression
of the SE Block is f(X) = Sigmoid(MLP(GAP(X))),
where MLP is a small network with two layers of
fully connected and ReL.U activation functions, GAP
is global average pooling, and X is an input tensor
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containing multiple channels. CBAM adds spatial
attention to this, thus focusing on important infor-

.42 The formulaic

mation at the same channel leve
expression for spatial attention can be denoted
as f(X) = Sigmoid(conv([MP(X); AP(X)])), where
conv is a convolutional kernel of size 7, MP denotes
the maximum pooling and AP denotes the average
pooling operation. In the following studies, more re-
search has since been conducted based on these two
types of AMs.**** With the successful application of
the self-AM in the image area, Transformer networks
are heavily used for visual tasks such as image clas-
sification.””™*" This approach constructs the query,
key, and value matrices of the self-AM after patch
embedding the image to be categorized. Then, the
self-AM within following layers computes attention
scores based on the similarity between all pairs of
patches in the query, key, and value representations.
Therefore, the network dynamically focuses on the
most relevant parts of the image for the task at hand,
such as distinguishing between categories in image
classification tasks. These attention scores are then
used to create a weighted combination of value
vectors, effectively allowing the model to emphasize
certain features over others. The outputs of the self-
attention layers are then passed through feed-for-
ward neural networks — another component of the
Transformer layer. These networks apply further
transformations to the data, adding nonlinearity and
helping to refine the representation for the final
classification layer.

Among the plethora of studies presenting ma-
chine learning and specifically neural systems
endowed with AMs for computer vision, it is worth
mentioning the medical imaging domain. Some
examples include image classification,’® pattern en-
hancement in neuroimaging,’” EEG for epilepsy de-
tection,” °l and classification.”® It also
worth mentioning the use of the AM in image gen-

prediction,

eration and translation.”

3. Generalized Attention Mechanism

The proposed generalized attention mechanism
(GAM) is a module that modifies the functioning
outlined in Sec. 2 to be applied before any layer of a
neural network. In this module, we use a trainable
parameter to represent the importance of features
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and make the model pay more attention to impor-
tant features during the training process. The GAM
can be used in both linear and convolutional layers
and consists of two parts: a scaling vector s con-
sisting of trainable parameters and a tuning function
t(). The parameters will be updated during the BP
process. For the linear layer, we consider neurons as
features, while in the convolutional layer, we take the
feature maps on each channel as features. The length
of the scaling vector depends on the number of fea-
tures in this layer. The tuning function in GAM is an
activation function and is used to add nonlinearity to
the AM. The value obtained after the scaling vector
is calculated by the tuning function reflects the im-
portance of the features. Therefore, the score calcu-
lation in GAM is given by the following equation:

u~ N(0,1), (4)

where e; is the initial importance score, and it is

€ = t(u)a

calculated by a random vector u. In order to prevent
the effect of the scale of the value domain of ¢(), we
need to scale this importance representation to sat-
isfy that the sum of the importance of all features is
equal to the number of features. Thus, the attention
coefficients can be represented through Softmaz
operations as

fori=1,2,...,n, (5)
where tis Sigmoid as we used in our method, N is the
number of features in the current layer. The general
structure of the module can be abstracted as Fig. 1.
For the linear layer, suppose we are given an input
vector x, and the output o can be represented as

(6)

where x; are the values of input neurons, o; are the

0;, = Q; X T,

elements of a context vector to be used for subse-
quent layers to compute. Then, the following linear
layer can calculate the output vector y with

Numy,

Y = Z FC;; % o5,
=1

(7)

where y; is each element in y, FC is the weight
matrix of the linear layer. Therefore, for the fully
connected neural networks, if the proposed GAM is
added before the layer, a scaling vector is added to
multiply each feature element by element to obtain a
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tuning

)
)
®
(=
®

Fig. 1. An abstract representation of the method in this
paper. z; is different feature and s; is scaling factor for the
corresponding features. The scaling factor vector S is cal-
culated by scaling parameter vector « though tuning
function. o; is scaled feature which is z; times s;.

new feature vector. The calculated features will re-
place the original vector for full connection opera-
tion. The details of calculation are represented in
Fig. 2, and the whole module is named GAM-Linear.

For the convolution operation, commonly used
convolution operations are divided into three cate-
gories based on the dimension of data, which include
one-dimensional (1D) time series data with multi-
channels, 2D images, and 3D space data. Let’s take
the GAM on 2D images as an example. In many
research studies, including this paper, it’s a common
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Fig. 2. GAM-Linear: GAM for a fully connected layer.

practice to consider inputs of the same channel as
belonging to the same feature map.

For the 2D convolutional layer, let’s suppose that
the input we obtain is a tensor X, which has
dimensions C' x W x H, representing its number of
channels, length, and width of the feature maps, re-
spectively. We can represent the context tensor O as

Oi,*‘* =oa; X Xi,*ﬁ*; (8)

where O, , , and X, , , denote the ith feature map of
the input and output tensor, respectively. Then, the
output of the convolutional layer Y can be calcu-
lated as Y, , = conv;%O, where conv; is the jth
convolutional kernel of the current layer, and “x”
represents the convolutional operator. This process is
illustrated in Fig. 3, and the entire module is named
GAM-Conv2D.

The GAM plugins for the other two types of data
dimensions are almost the same as those shown
above, with the exception that Eq. (8) would become
O,, = xX;,and O, ., = a; x X, ., for GAM-
ConvlD and GAM-Conv3D, respectively.

3.1. Attention module embedding and
computational reduction

This module is minimally invasive, only slightly al-
tering the structure and functionality of the neural
network it is embedded in. We can integrate it
without significantly modifying the network, and it
can be completely removed after training without
affecting inference performance. Given the preva-
lence of pre-trained models used for model transfer,**
rebuilding the model with GAM plugins and re-
training the augmented model is inefficient.””
Therefore, this paper proposes directly replacing
basic neural network operations with operations that
include these GAM plugins before each layer of the
network. In previous sections, the GAM plugins are
always placed before the base operations, combining
the two modules to create new operations such as
GAM-Linear and GAM-Conv2D. GAM-Linear has
two components. First, GAM is added to the input
side, with the number of scaling parameters equal to
the number of input neurons. Then, the original
linear layer is extracted and put at the position fol-
lowing the GAM, retaining its weights and
biases. GAM-Conv2D also consists of two parts.
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Fig. 3.

First, a 1 x 1 depth-wise separable convolution layer
is created and added to the input end of the module,
with the number of groups and output channels
equal to the number of feature maps. Second, the
original convolution layer is added to the module,
retaining its parameters and biases.

During the inference process, the model para-
meters have already been determined, so the GAM is
no longer necessary to reduce computation. There-
fore, this paper also proposes a reduction method to
completely eliminate excess computation from this
module without affecting the overall network results.
In the inference process, an element e; in the score
vector only affects the magnitude of the corre-
sponding feature. This influence can be replaced by
scaling the parameters at the corresponding position.
For GAM-Linear, y; is calculated as

n
Yi = E Wi €L
k=1

The parameters for each feature can be directly
scaled to simplify the inference calculation, as shown
in the following equation:

hn €Wy €Wy €, Wip I

Yo €1Wy1 €Wy €, Wop T
y = =

Yn E1Wnp1  E2Wpy2 EnWimn Ty

9)

Here, the middle matrix represents the actual weight
matrix during the inference process.

For GAM-Conv2D, the method to eliminate the
effect of the plugin is the same as in GAM-Linear.
Suppose that the weights of the GAM module in
the GAM-Conv2D layer are Wgay. The weight

2450063-6

GAM-Conv2D: GAM for a 2D convolutional layer.

Weaan, is extracted and multiplied by the corre-
sponding weights in the subsequent basic convo-
lution operations, yielding the actual convolution
parameters.

3.2. Usage of the GAM

In this section, a detailed usage of GAM will be in-
troduced with reference to algorithm given in Fig. 4.
First, the network is initialized. If pre-trained
weights exist, they are loaded. After loading pre-
trained weights, the added GAM needs to be ini-
tialized with the same scores to maintain the effec-
tiveness of pre-trained weights. Parameters in GAM
added to networks without loaded pre-trained
weights are randomly initialized. Subsequently, the
newly constructed network needs to be trained or
fine-tuned. After training, the weights in GAM ob-
tain scores through function ¢ When removing
GAM, this score is multiplied onto the corresponding
weights. Finally, we obtain a final network that is
not affected by GAM.

Input: The original network config Net_con fig, training dataset
Dirain-
Output: The final network Netx*.
1: Initialise the original network Net with Net_config.
if exist pre-trained weights then
Load the pre-trained weights into the Net.
Add GAM modules before the original layers and get Net’.
Initialise the u in the GAM modules with same values.
else
Add GAM modules before the original layers and get Net’.
Initialise the u in the GAM modules with random values.
end if
10: Train/Fine-turn the Net’ with training dataset Dyrain-
11: Multiply the scores onto the corresponding weights.
: Remove the GAM modules and get the final network Netx.

Fig. 4. Pseudocode of applying the GAM in neural net-
works.
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4. Experiments and Analysis
4.1. Datasets and implementation

We conducted experiments on several datasets, se-
lected with consideration for a balance between
sample size and feature dimensionality. We selected
five datasets from the University of California, Irvine
(UCI) Machine Learning Repository: “Wine” *
“Letter Recognition”,” “dorothea”,° “Dry Bean
Dataset”, and “Shill Bidding Dataset”.® These
datasets vary in size, with the smallest containing

approximately 200 samples and the largest contain-

C

ing 20,000 samples. To assess the model’s perfor-
mance on medium-sized datasets, we conducted
experiments on the “MNIST”f and “Fashion
MNIST”® datasets, each comprising 32 x 32 gray-
scale images with 60,000 samples divided into 10
categories. Additionally, we utilized two large data-
sets from the UCI Machine Learning Repository to
evaluate the model’s performance: “Swarm Behavior
Data”" and “Winnipeg Dataset”.! For testing the
model’s performance on convolutional layers, we se-
lected “CIFAR-10" and “CIFAR-100"* datasets,
each comprising 60,000 color images of size 32 x 32.
We used 10,000 images for testing, 10,000 for vali-
dation during training, and the remaining 40,000 for
training the model. “CIFAR-10" consists of 10 cat-
egories, including airplane, automobile, bird, cat,
deer, dog, frog, horse, ship, and truck, while
“CIFAR-100” contains 100 categories, each with 600
images. We split each dataset, reserving 20% for
testing, 20% for validation, and the remainder for
training. In the subsequent experiments, multi-layer
perceptrons (MLPs) were utilized for experiments
and comparisons on datasets excluding CIFAR. For
CIFAR-10 and CIFAR-100, we employed several
common CNN architectures. The runs have all run
for 200 epochs. All models were implemented using

ahttps://archive.ics.uci.edu/ml/datasets/Wine.

bhttps://archive.ics.uci.edu/ml/datasets/Letter+Recognition.

Chttps://archive.ics.uci.edu/ml/datasets/dorothea.

dhttps://archive.ics.uci.edu/ml/datasets/Dry-+Bean+Dataset.
ehttps://archive.ics.uci.edu/ml/datasets/Shill+Bidding+Dataset.

fhttp://yann.lecun.com/exdb/mnist/ .
ghttps://github.com/zalandoresearch /fashion-mnist.

bhttps://archive.ics.uci.edu/ml/datasets/Swarm+Behaviour.

PyTorch and tested on an NVIDIA RTX 2080Ti
GPU.

4.2. Ezxperiments on small datasets

To showcase the effectiveness of GAM in fully con-
nected layers, we constructed a classifier consisting
solely of fully connected layers. When building the
network, we dynamically adjust its architecture
based on the number of features and categories. In
our experiments, MLPs with five hidden layers were
constructed, with the number of nodes in each hid-
den layer set to half the sum of the number of fea-
tures and categories. ReLU was employed as the
activation function, and dropout was not utilized.
The test results for these four datasets are presented
in Table 1. These results are based on 10 indepen-
dent runs. We conducted a t-test on these results
with a confidence level of 0.05. The mean and stan-
dard deviation are displayed in the “Accuracy” col-
umn, with statistically significant results highlighted
with an underline. It can be observed that, with this
setting, the insertion of GAM results in statistically
significant improvements in all cases under study.
We observed that incorporating GAM had minimal
impact on the efficiency of MLPs, particularly for
larger network structures. For datasets with nu-
merous features or classes, this method resulted in an
increase of less than 0.1% in computational over-
head. For the grayscale image datasets “MNIST”
and “Fashion MNIST”, the increase was less than
0.3%. Despite the slight increase in computational
cost, the accuracy of these datasets improved after
incorporating GAM. Notably, our approach led to a
significant 4% improvement in accuracy on the
“Swarm Behavior Data” dataset.

Thttps://archive.ics.uci.edu/ml/datasets/Crop+mapping+using+fused+optical-radar+data+set.

Ihttps://www.cs.toronto.edu/ “kriz/cifar.html.
Khttps://www.cs.toronto.edu/ kriz/cifar.html.
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Table 1.

underlined in the “Accuracy” column.

Experiments on 9 small datasets with five hidden-layer MLP. The statistical significant results are

Dataset Method Accuracy (%) FLOPs Params
Wine Baseline 90.57+4.05 384 427

GAM  97.14+2.21(46.57%) 437(+13.80%) 480(412.41%)
Letter Recognition Baseline 95.67+1.97 2646 2777

GAM 98.11+1.96(+2.45%) 2767(+4.57%) 2898(+4.36%)
MNIST Baseline 98.11+0.22 945654 947649

GAM 98.8140.31(4+0.70%) 948423(+0.29%) 950418(+0.29%)
Fashion MNIST Baseline 89.83+0.36 945654 947649

GAM 91.05+0.25(+1.22%) 948423(+0.29%) 950418(40.29%)
Swarm Behavior Data  Baseline 71.8040.56 8654406 8660413

GAM 75.87+0.87(4+4.06%) 8662811(+0.10%) 8668818(+0.10%)
WinnipegDataset Baseline 99.1940.11 48690 49147

GAM 99.54+0.06(40.34%) 49314(+1.28%) 49771(4+1.27%)
dorothea Baseline 96.50+£1.38 645832 647474

GAM 98.19+0.86(+1.69%) 648127(+0.36%) 649769(40.35%)
DryBeanDataset Baseline 91.77+0.28 737 799

GAM 94.45+0.19(+2.68%) 808(+9.63%) 870(+8.89%)
ShillBiddingDataset Baseline 95.02+0.50 155 182

GAM 97.17+0.24(42.15%) 189(+421.94%) 216(+18.68%)

4.3. Experiments on CIFAR-10 and
CIFAR-100

We selected classical network structures as baselines
and integrated the GAM plugin into these networks.
We considered networks of various sizes and struc-
tures for model selection. For the linear network
structure, we opted for the widely recognized VGG-
Net.”® For network structures with skip-connections,
we chose ResNet®” as the baseline. In addition, we
have conducted experiments on some recent net-
works to illustrate the generalization of GAM, in-
cluding some ViT networks. In the implementation
of these algorithms, we integrated the plugin into
existing models to compare their performance before
and after plugin integration.! To highlight the posi-
tive impact of the GAM plugin on feature control, we
omitted the learning rate schedule during training
and used a relatively large learning rate. Conse-
quently, our final experimental results may slightly
differ from published baselines in other studies. We
selected a maximum learning rate between 0.1 and
0.5, ensuring no invalid parameters were produced
during testing. All comparisons were conducted
using paired learning rates within the same group.

For ViT networks, we modified the original network
with a final layer to apply to CIFAR training and
prediction. In order to keep the performance of ViT
from degrading too much, we scaled the image size of
CIFAR to 64. The accuracy curves on the test
dataset are depicted in Fig. 5, while the experimental
results are presented in Tables 2 and 3.

From the displayed results, we observed that the
GAM plugin effectively adjusts parameter updates
for different features during the training process,
resulting in earlier flattening of the learning curves.
Furthermore, as depicted in Fig. 5, we observed that
the original version of AlexNet exhibits significant
overfitting during training on the CIFAR-100 data-
set, characterized by a notable decline in validation
accuracy midway through training, with difficulty in
returning to an optimal state thereafter. Upon in-
vestigation, we discovered that for this image size,
AlexNet lacks fully-connected layers and does not
include Dropout operations. This observation sug-
gests that our approach has a modest capacity for
mitigating overfitting. Additionally, our method
demonstrates a substantial improvement when
combined with SENet on the CIFAR-100 dataset.
We hypothesize that this enhancement may be

IThe implementation of comparison algorithms can be found at https://github.com/kuangliu/pytorch-cifar, https://github.

com/BIGBALLON/CIFAR-ZOO and timm package.
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attributed to the channel AM being further refined
by GAM, enabling a more pronounced emphasis on
critical features.

It must be remarked that, besides its use for
images, the proposed GAM, following some mod-
ifications and redesign, could be integrated within
the Multi-Head AMs of a transformer or a large
language model. In the case of text analysis/predic-
tion, instead of feature maps, there would be numeric
vectors, and instead of convolution operators, there
would be linear operators.

4.4. Feature visualization analysis

To delve deeper into the impact of GAM on neural
network training, Grad-CAM was employed to
visualize attention regions

on various images.
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We present 27 image sets for comparison in Fig. 6,
obtained from comparative experiments conducted
on ResNet-18 with and without generalized atten-
tion mechanism (GAM) on the CIFAR-10 dataset.
Each set comprises three images: the original image
from the dataset on the left, the attention region of
the baseline model in the middle, and the attention
region of ResNet-18 with GAM incorporated on
CIFAR-10 on the right. Upon observation, it
becomes evident that the baseline model often fo-
cuses on incorrect regions in many images. Addi-
tionally, the baseline model struggles to accurately
identify features corresponding to the target cate-
gory, as indicated by large areas of yellow or red in
certain images. In contrast, the addition of GAM
enhances the neural network’s ability to accurately
localize the recognition target and extract relevant
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Table 2. Experiments on CIFAR-10 with eleven backbone networks (including CNNs and ViTs).
Method Top-1 (%) Top-5 (%) FLOPs Params
Resnet18”" Baseline 89.17 99.64 556.6515M 11.1740M
GAM 89.55(+0.38%) 99.69(+0.05%) 556.6597M(+39.0080K) 11.1749M(+3.8430K)
Resnet50”" Baseline 91.29 99.64 1.3047G 23.5208M
GAM 92.07(+0.78%) 99.80(+0.16%) 1.3047G(+223.3280K) 23.5247M(+22.5310K)
VGG11+BN™ Baseline 82.02 98.68 153.2247M 9.2311M
GAM 84.16(+2.14%) 98.79(+0.96%) 153.2340M(+9.3120K) 9.2334M(+2.2430K)
VGG19+BN™ Baseline 90.14 99.54 399.0461M 20.0405M
GAM 90.71(+0.57%) 99.54(+0.00%) 399.0698M (+23.6480K)  20.0455M(+4.9950K)
SENet18"! Baseline 90.64 99.51 556.7867M 11.3065M
GAM 91.10(+0.46%) 99.69(+0.18%) 556.8282M (+41.5600K) 11.3129M(+6.3950K)
ShuffleNetV2™ Baseline 87.3 99.53 556.7867M 11.3065M
GAM 89.06(+1.76%) 99.62(+0.09%) 556.8282M (+41.5600K)  11.3129M(+6.3950K)
DLA™ Baseline 92.47 99.81 1.0333G 16.2914M
GAM 93.54(+1.07%) 99.81(+0.00%) 1.0334G(+101.9840K) 16.3015M(+10.1470K)
RegNetX (200MF)" Baseline 92.95 99.84 226.5599M 2.3552M
GAM 94.42(+1.47%) 99.88(+0.04%) 226.6706M(+110.6720K) 2.3653M(+10.1550K)
EfficientViT (b0)""  Baseline 82.78 93.37 9.7326M 2.1418M
GAM 85.63(+2.85%) 95.91(+2.54%) 9.9645M(+0.2319M)  2.1589M(+0.0171M)
ConvMixer (768)">  Baseline 89.30 96.81 1.6518CG 20.3489M
GAM 90.22(40.92%) 97.42(+0.61%) 1.6557G(+3.9936M)  20.4472M(+40.0983M)
FastViT (t8)" Baseline 90.23 97.56 43.6760M 3.2427M
GAM 91.55(+1.32%) 98.01(+0.45%) 44.2353M(+-0.5584M) 3.2744M(40.0317M)
Table 3. Experiments on CIFAR-100 with eleven backbone networks (including CNNs and ViTs).
Method Top-1 (%) Top-5 (%) FLOPs Params
AlexNet™* Baseline  42.14 71.80 63.1542M 23.6410M
GAM 46.18(+4.04%) 175.63(+3.83%)  63.1672M(+3.9360K) 23.6511M(+0.0899K)
Resnet50° Baseline  55.68 80.62 1.3049G 23.7053M
GAM 56.09(+0.41%) 79.63(—0.99%) 1.3049G (+223.3280K) 23.7053M(+422.5310K)
VGG114+BN™ Baseline  66.06 88.41 153.2708M 9.2773M
GAM 66.34(4-0.28%)  88.39(—0.02%)  153.2801M(+9.3120K) 9.2795M(+2.2430K)
ShuffleNet V1% Baseline  60.84 86.24 41.0913M 887.5820K
GAM 61.09(40.25%) 87.24(4+1.00%)  41.1663M(+74.9760K)  898.0970K(410.5150K)
ShuffleNetV2™® Baseline  58.70 85.29 11.4232M 352.0420K
GAM 59.28(+0.58%) 86.17(+0.88%)  11.4493M(+26.0800K)  356.1890K(+4.1470K)
DLA™ Bascline  68.1 89.46 1.0334G 16.3376M
GAM 70.6(4+2.50%)  91.09(+1.63%) 1.0335G(+101.9840K) 16.3477M(+10.1470K)
RegNetX (200MF)”  Baseline  71.11 91.94 226.5599M 2.3552M
GAM 73.8(+1.47%)  93.06(4+0.04%) 226.6706M(+110.6720K) 2.3653M(+10.1550K)
SENet18"! Baseline  64.39 88.24 226.5599M 2.3552M
GAM 72.6(+8.21%)  91.93(+3.69%) 226.6706M(+110.6720K) 2.3653M(+10.1550K)
EfficientViT (b0)*"  Baseline  68.98 89.67 9.8478M 2.2571M
GAM 69.51(+0.53%) 90.19(+0.52%)  10.0797M(+0.2319M) 2.2742M(40.0171M)
ConvMixer (768)">  Baseline  73.07 92.25 1.6518G 20.4181M
GAM 73.91(40.84%) 93.88(4+1.63%) 1.6558G(4+3.9936 M) 20.5164M(4-0.0983M)
FastViT (t8)" Baseline  72.07 91.17 43.7460M 3.3120M
GAM 73.40(+1.33%)  92.99(+1.82%)  44.3044M(+0.5584M) 3.3436M(+0.0317M)

2450063-10
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Fig. 6. Feature heatmaps using ResNet-18 on CIFAR-10.
The left of each set is the original picture, the middle are
results with the original model, and the right are results
with our model.

features. In some instances, the network can even
precisely focus on the entire recognition target. For
example, on small objects (such as the 9th in the last
column), the GAM can accurately focus on the region
where the target object is located. For images with
complete forms, such as some bird images shown in the
display, GAM can focus on the entire body of the bird,
but the attention capability of the original model is
relatively poor. For more complex images, such as
images with only partial structures of category objects
(such as the ostrich and the cat in the last two rows),
GAM can focus on the head of the object to more
accurately capture features.

4.5. Ablation study

To demonstrate the advantages of our module com-
pared to others that use AMs, we designed an ablation
experiment. We have added different attention
modules based on ResNet-18 backbone network, in-
cluding SE module, CBAM module, separated at-
tention module, and our proposed GAM module. In
this part of the experiment, we used a learning rate
decay strategy to better fit the model to the dataset.
The results of the experiments in this section on
CIFAR-10 are shown in Table 4. From this table, we

Table 4. The ablation study on the attention modules.

Attention Params
methods Accuracy (%) FLOPs (M) (M)
SE 96.11 557.97 11.26
CBAM 95.16 558.33 11.26
Split-attention 96.02 1107.30 15.04
GAM 96.33 556.66 11.17

can observe that our method has significant advan-
tages compared to other attention-based approaches,
both in terms of performance and resource con-
sumption (FLOPs and parameter count).

In order to further explore the impact of GAM on
computational cost, we conducted additional
experiments on the basic single-layer module. First,
we utilized linear layers and varied the number of
input and output neurons. According to the results
in Table 5, we found that when GAM was used to
process input data, the additional computation was
only related to the number of input neurons. The
proportion of additional computation was also
influenced by the size of weights. In addition, we
conducted similar experiments on the convolutional
layer. Table 6 illustrates that although the addi-
tional computational cost of GAM is influenced by
the hyperparameters of each convolutional layer,
even when the weight size is very small, the pro-
portion of additional computational cost does not
exceed 2%. Combining these two tables, we can
easily conclude that when GAM is applied to neural
networks, the computational cost is not significantly
affected. Especially in large networks, the impact
of GAM on computational cost can be almost
negligible.

Table 5. The increase rate of the FLOPs when intro-
ducing the GAM in one linear layer.

#in #out Baseline GAM T

100 100 10K 10.1K 0.1K (1%)
100 200 20K 20.1K 0.1K (0.5%)
100 300 30K 30.1K 0.1K (0.33%)
200 100 20K 20.2K 02K (1%)
200 200 40K 40.2K 0.2K (0.5%)
200 300 60K 60.2K 0.2K (0.33%)
300 100 30K 30.3K 0.3K (1%)
300 200 60K 60.3K 0.3K (0.5%)
300 300 90K 90.3K 0.3K (0.33%)

2450063-11
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Table 6. The increase rate of the FLOPs when intro-
ducing the GAM in one convolutional layer.

Different sets
of hyperparameters Baseline GAM T

out=10 in=10 0.1764M 0.17896M 1.45%

Sy=16 in=20 0.3528M 0.35792M 1.45%
Sp=3 in=40 0.7056M 0.71584M 1.45%
in=10 out=10 0.1764M 0.17896M 1.45%

0.35536M 0.73%
0.70816M 0.36%
0.03304M 1.98%
0.17896M 1.45%
0.82024M 1.26%

S;=16  out=20  0.3528M
Sy=3  out=40  0.7056M
in=10 S/=8  0.0324M
out=10 ;=16  0.1764M
Sy =3 5/=32  08IM

in=10 Sp=3 0.1764M 0.17896M 1.45%
out=10 Sp=5 0.36M 0.36256M 0.71%
Sy=16 Sp="7 0.49M 0.49256M 0.52%

5. Conclusion

In this paper, we proposed a modified attention
module called GAM, which can adaptively identify
important features or feature maps during the
training process and focus on training the relevant
parameters. Our method demonstrates good results
on various datasets and can accelerate the conver-
gence of the training curve by leveraging this prop-
erty during training. However, when faced with
overfitting, although this method has some preven-
tive effects, its mechanism is difficult to determine.
Therefore, it requires further research on how GAM
can prevent overfitting and how to enhance its
ability to prevent overfitting. In the future, it may be
necessary to introduce some random noise as an
augmentation strategy to improve this performance.
Furthermore, our method has shown outstanding
performance in neural networks with AMs. However,
there are various types of AMs in the existing net-
works, and it is still unclear whether GAM can per-
form well in all types of attention modules. In
particular, in certain specific networks, GAM seems
to achieve greater performance improvements.
Therefore, more detailed research needs to be con-
ducted to ensure that GAM can be more appropri-
ately used in the network. In conclusion, our
proposed GAM module is a promising approach for
aiding the training process in DL. It achieves good
results on various datasets, accelerates the conver-
gence of the training curve, and performs well in
neural networks with AMs. However, further

research is needed to better understand its mecha-
nism and enhance its ability to prevent overfitting.
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