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Abstract

Network regularization is a valuable approach to en-
hance network generalization. Unlike previous regular-
ization methods that discard or mix regions at the image
level, this paper proposes a regularization method called
Feature Selection and Mixing (FSelectMix) based on at-
tention. First, the FSelectMix method utilizes a dual-atten-
tion mechanism to select informative features crucial for
task reconstruction. It generates adaptive confidence labels
for the re-recognition of these features, enhancing the neu-
ral network’s learning potential. FSelectMix significantly
enhances convolutional neural networks’ robustness and
overall performance by operating at the feature level. Sec-
ond, the proposed method introduces a multi-objective pre-
diction task with a knowledge distillation network and an
adaptive confidence dynamic adjustment strategy to lever-
age the reconstructed feature samples. This dual strategy
not only refines the learning process but also ensures that
the network adapts dynamically to varying levels of feature
confidence, resulting in more reliable and accurate pre-
dictions. Finally, FSelectMix can be seamlessly integrated
with existing data augmentation techniques, further boost-
ing the model’s performance across different levels. We
implemented FSelectMix on the CIFAR10, CIFAR100,
and Tiny-ImageNet datasets, resulting in significant perfor-
mance improvements in all three. The experimental results
validate the effectiveness and demonstrate its potential for
broad application. Codes are available at https://github.
com/ZhugeKongan/FSelectMix.

Keywords: Network regularization, Feature selection,
Attention mechanism

1 Introduction

In recent years, as deep neural networks have contin-
ued to evolve, the complexity and diversity of deep learn-
ing tasks in various fields, such as object recognition [1-
2], semantic segmentation [3], and image captioning [4],
have increased significantly. To tackle these complex tasks,
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wider model width and deeper model depth tend to yield
better performance [5]. However, larger models also mean
more parameters, increasing resource requirements such
as memory usage, parameters, operation counts, reasoning
time, and power consumption [6]. Moreover, larger models
tend to overfit more easily.

Also, depending on the feature extraction method,
features can generally be divided into two categories:
Traditional hand-crafted descriptors that include global
hand-crafted features and locally handcrafted descriptors
and deep-learning-based methods [7]. Even though feature
extraction methods in deep learning encompass a wide
range of architectures and techniques, evolving significant-
ly over time, starting from VGG, Inception, and ResNet to
Transformers, and so on. Therefore, network regularization
is an excellent choice to improve model robustness and
overall performance in these scenarios.

Regularization techniques play a crucial role in im-
proving the generalization ability of deep neural networks,
particularly convolutional neural networks (CNNs). It
is especially important in many internet-based systems;
for example, biometrics typically include fingerprint,
iris, vein, and face recognition. When these existing
models are applied to a real situation, they may show low
accuracy depending on the light reflection and angle of the
face. This is because various environmental factors and
situations have not been applied to commonly used public
face databases [8]. However, regularization techniques
help to prevent overfitting and improve the model’s robust-
ness to noise and unseen data. There are two types of net-
work regularization: image-level data enhancement [9-11]
and feature-level network regularization [12-14]. The for-
mer involves purposeful occlusion, clipping, rotation, and
adding noise to the image during training, with the goal
of simulating possible real-world scenarios through im-
age-level data interference, forcing the network to extract
information from obscure features. Feature-level-based
network regularization acts directly on the intermediate
feature layer and expects all neurons to participate in rep-
resenting the input data, reducing redundancy, and involv-
ing as many neurons as possible in the final prediction.

Moreover, when most convolutional neural networks
are computationally and storage-intensive, and it is difficult
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to deploy on mobile platforms and other micro-devices.
Therefore, it is particularly important to compress and ac-
celerate the network model and reduce the computational
load and storage space of the convolutional neural network
[15]. Regularization techniques based on features are suit-
able for CNN compression networks.

One of the earliest and most widely used regulariza-
tion techniques is dropout [16], which randomly drops
out neurons during training, forcing the network to learn
redundant representations and become less reliant on any
single neuron. This helps to reduce overfitting and improve
the model’s ability to generalize to unseen data. Although
current regularization methods have alleviated the over-
fitting problem, they still have some disadvantages. Im-
age-level-based regularization methods act on the source
image, potentially altering the original information due to
introduced interference [17]. Feature-level-based methods
often have limited applicability, such as Shake-Shake [18]
only being applicable to ResNext and ShakeDrop [14],
requiring extensive hyperparameter tuning when applied to
different models.

Regularization is a fundamental aspect of training
convolutional neural networks. It addresses overfitting, im-
proves generalization, enhances robustness, and facilitates
the deployment of models in real-world applications. By
incorporating these techniques, we can build more reliable,
efficient, and effective CNNSs that perform well across a va-
riety of tasks and environments. However, these traditional
regularization techniques often treat all features equally,
which can be suboptimal for complex tasks where certain
features may be more informative than others. To address
this limitation, attention mechanisms have emerged as a
powerful tool for selectively focusing on the most relevant
features in the input data.

Besides, attention mechanisms have been successfully
applied to various tasks, including machine translation,
image captioning, and natural language processing. By al-
lowing the model to focus on the most informative parts of
the input, attention mechanisms can significantly improve
the model’s performance and interpretability.

In this manuscript, we propose an efficient network
regularization strategy called FSelectMix, which
incorporates an attention mechanism, as shown in
Figure 1. FSelectMix randomly selects features from
two images within the same batch as input, then uses
the attention mechanism to select representative features
that are difficult to learn. Our main contributions can be
summarized as follows:

1) We identified limitations in existing regularization
and data augmentation methods and proposed a novel
approach called FSelectMix. This method selects represen-
tative features from two different images and mixes them
using a dual-attention mechanism. This method improves
the robustness and overall performance of convolutional
neural networks (CNNs) while avoiding some of the issues
of other approaches.

2) We introduced a multi-objective prediction task and
a knowledge distillation network to leverage the recon-
structed feature samples generated by FSelectMix, which
improves the original model’s classification accuracy and

generalization ability. Additionally, we developed an adap-
tive confidence dynamic adjustment strategy to address the
mismatch problem between images and labels.

3) FSelectMix is a versatile and efficient module that
can be incorporated into various models at different train-
ing stages. It maximizes a network’s learning potential and
enhances its ability to handle complex tasks.

4) We demonstrated that FSelectMix, when combined
with existing data augmentation methods, effectively mit-
igates overfitting caused by large models and limited data
samples. Our experiments on CIFAR10, CIFAR100, and
Tiny-ImageNet datasets show that FSelectMix outperforms
previous approaches in terms of classification accuracy.
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Figure 1. The proposed framework involves selecting two
representative feature maps from different images as input
and then mixing them by channels to generate new feature
samples

The remainder of this paper is structured as follows.
Section 2 describes related works. Section 3 presents the
proposed approach, database, the structure of the neural
network models used in this study. Section 4 gives the ex-
perimental results and detailed analysis. Finally, Section
5 concludes the study and discusses the future research
direction in Section 6.

2 Related Works

In the context of CNNs, data aggregation and regular-
ization aim to improve the model’s generalization. While
data aggregation can increase the variety of data the model
sees, regularization ensures that the model does not be-
come too specialized for this data.

Firstly, as a well-known technique for improving
the completeness of training data and the robustness of
models. Data aggregation involves techniques like data
augmentation, where the original dataset is artificially ex-
panded by applying transformations like rotation, scaling,
or cropping to the images. This increases the diversity of
the training data and potentially improves the model’s ro-
bustness. DeVries et al. [9] proposed a Cutout method to
simulate occlusions in training data, enabling the model
to better learn how to use context information to predict
or replace occluded information. Zhang et al. [10] mix
different images, which expands the training dataset and
improves the model’s generalization ability on unknown
samples. Yun et al. [11], DropConnect [20], DropPath [21],
shake-shake regularization [18], and ShakeDrop regular-
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ization [14]. The basic principle behind these methods is
to inject noise into the neural network to avoid overfitting
to the training data, thereby reducing redundancy and al-
lowing as many neurons as possible to participate in the
final prediction. For instance, Dropout sets some neurons
to zero during training, while DropPath sets the entire lay-
er to zero, introducing a lot of non-pixel information that
can affect the accuracy of image classification. However,
some of these methods are only suitable for small models.
For example, Shake-Shake is only suitable for ResNet
[22], DropPath is only suitable for multiple branches, and
ShakeDrop requires a larger number of training sessions.

Secondly, data aggregation provides a more diverse
dataset, which can indirectly benefit regularization by re-
ducing the likelihood of the model overfitting to specific
features or noise in the training data. Regularization in
CNNs is a technique used to prevent overfitting by add-
ing a penalty term to the loss function, which discourages
overly complex models. Common regularization tech-
niques include L1 and L2 regularization (also known as
weight decay), dropout, and batch normalization. Regular-
ization helps CNNs generalize better to new, unseen data
by discouraging the model from relying too heavily on any
single feature or training example.

Thirdly, CNN regularization improves the model’s
generalization and reduces the influence of data aggrega-
tion. However, the data is still huge and can not focus on
the important information. To deal with this problem, as
an effective feature extraction and enhancement method,
the attention mechanism has been widely applied in many
fields of deep learning [23-25]. The attention mechanism
can record the positional relationship between information
and measure the importance of different features based on
the weight of information. Dynamic weight parameters are
established through relevant and irrelevant choices of in-
formation features, and these attention weights are attached
to the source features to strengthen the key information
and weaken the useless information.

Inspired by the above, we aim to use attention to guide
feature recombination in network regularization. We thus
use the efficient SENet [23] to score the importance of
channel feature maps. Different image features are com-
bined and reconstructed based on the attention score to
generate new samples for regularization training. The fea-
ture selection and mixing (FSelectMix) method improves
the model’s robustness and overall performance. We fur-
ther use multi-objective prediction as the auxiliary supervi-
sion task and introduce a knowledge distillation network to
improve the model’s classification performance and gener-
alization ability.

Finally, we propose an adaptive confidence dynamic
adjustment strategy to generate confidence in the mixed
feature samples, significantly alleviating the mismatching
problem between image and label. The FSelectMix is a
convenient and pluggable module that can be deployed
in multiple locations of various models, providing high
efficiency and model universality and allowing for the full
exploration of the network’s learning potential.

3 The Proposed Approach

In this section, we will provide a detailed description
of the proposed feature selection and mixing architecture
called FSelectMix, as well as the self-distillation and
adaptive confidence techniques. The pair of images is first
input to the feature extractor and then passed by the FSe-
lectMix module, followed by a self-distillation module.
The adaptive confidence dynamic adjustment strategy
incorporates more sophisticated uncertainty estimation
techniques to improve the accuracy and reliability of
predictions.
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Figure 2. The main framework of our approach

(A multi-label prediction auxiliary task has been incorpo-
rated after the backbone to produce an adaptive confidence
label (ACL). The proposed FSelectMix is explained in de-
tail below, and it is inserted between the two blocks of the
backbone by default.)

3.1 FSelectMix

As depicted in Figure 2, a collection of feature vectors
F=[F° F', ..., F®], obtained from the middle layer of
the network, serves as the input. Here, F'' e R“""”, and B
corresponds to the batch size. Subsequently, the channel
attention of each feature vector is computed to facilitate
feature combination. Our attention mechanism is inspired
by SENet [24]. However, to emphasize the guiding func-
tion of attention as much as possible, we replaced the 1x1
convolution with a fully connected (FC) layer. As only a
small number of attention layers are needed for guidance,
the resulting mechanism is lightweight. We refer to this
modified mechanism as efficient SENet (ESE), and its
mathematical expression is given by:

Agge = Sigmoid(FGAPWFC) 1)

Where F,, is the global average pooling, and W, is
the fully connected layer after GAP. Then, we sorted each
group of feature vectors according to the attention score
and extracted the corresponding channel feature maps in
order with the stride of 2:

i
selection

= Falrgs‘orl(AESE 2] (2)

The remaining feature maps we choose to fill from an-
other image:
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i — 5/
Fpudding - F;R ¢ ‘R gargsort( Aggg )[::2]} (3)

Where, i, and j, are two groups of feature maps ran-
domly selected in the same batch. Next, under the guid-
ance of attention score, we will purposefully recombine the
selected two groups of channel feature maps to generate
reconstructed feature samples for regularization training:

F, rrl;ix = I:F;‘ielection 3 F ;adding:| ©)

3.2 Self-Distillation
Our approach mixes img-features (F,, y,) and (£, y,)
generates new feature samples (F;, v,;), as follows:

F,, =| selection(F,): padding (Fy )] ®)

yAB:[yA:yB] (6)

We approach it as a multi-objective classification prob-
lem. As depicted in the upper right of Figure 2, we intro-
duced a multi-label classification layer after the backbone

network. The output of this layer is denoted as J,, and is

optimized using binary cross-entropy loss:
LML =LBCE ()A}M’yAB) @)

The original single-label prediction )5 serves as the

standard training and testing output. The proposed FSelect-
Mix is only utilized with a certain probability during train-
ing. Specifically, besides using multi-label classification
as an auxiliary self-supervised task, we also proposed a
knowledge distillation network from multi-label classifica-
tion to single-label classification. To this end, we formulat-
ed a self-distillation loss L, as follows:

Ly, = KL[Soﬁmax(%fMj Softmax(%fs D ®)

where f,, and f; represent the logits of the multi-label
and single-label classifiers, respectively, and T is the
temperature hyper-parameter for the softmax function. The
Kullback-Leibler divergence (KL) is used to measure the
difference between the predicted probability distributions.

Ly, :LKL(.j}M’ j’s) (C))

Where Ly, represents the Kullback—Leibler divergence
loss, J,, and Js represent the prediction of multi-
objective and single-objective layer, respectively.

3.3 Adaptive Confidence

For single-objective prediction, a cross-entropy loss is
used for regular supervised training. However, when train-
ing a re-constructed feature sample (F,;, v,;) generated by
FSelectMix, it contains both class A and class B features.
Therefore, it is necessary to predict the probability of
whether the sample belongs to class A and class B simulta-
neously as follows:

Ly =4, Lo (j}S’yA)-i_ﬂ’BLCE (JA)S’yB) (10)

Where, 1, and A, are respective confidence of class A
and class B in single-objective prediction Jg. In normal
training and testing stages, they are {1,= 1-14 4;[0,1]}.
For the confidence label of the proposed FSelectMix,
different from previous methods based on the number
of features or area proportion, we design an adaptive
confidence generation strategy based on a multi-objective
prediction layer to achieve the secondary distillation of
multi-objective prediction knowledge. Specifically, the
output of multi-objective prediction can be expressed as

.),}M:{Plv P, ...
a secondary knowledge distillation. That is, the prediction

, Py} and we use this prediction to design

probability [P,, P;] € J,, of class A or class B is taken as

the confidence and applied to the loss of Lg,. The adaptive
confidence can be expressed as:

[A0.44] = softmax([PA,PB]) (11)

Substituting the confidence into Ly, get L', . Finally,
the training loss L can be expressed as:

L= L_;L +al,, +ﬁLSD (12)

Where a and g are the hyperparameters of multi-label
prediction and self-distillation loss, respectively. We set a
= £ =0 in the regular training and testing while a = = 0.5
during regularizing training where further improvement
may be feasible using different ratios of losses.

4 Experiments

In this section, we will evaluate the effectiveness and
advantages of the FSelectMix across multiple tasks.

The first performance evaluation for image classifi-
cation is carried out on both CIFAR-10 and CIFAR-100
benchmark [19]. Three widely used CNN models have
been adopted as the backbone, including ResNet [22],
wide-Resnet [26] and PyramidNet [27]. Note that during
training, we compared with some regularization methods
such as Cutmix [11]. Instead of adding the proposed FSe-
lectMix regularization at all stages of training, we add it
with a certain amount of weights at each training epoch.
The default rule for where and when to add FSelectMix
is: For a backbone network with four blocks, such as Res-
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Net50, we deploy FSelectMix in the first three-block lay-
ers with weights of 0.1, 0.2 and 0.1, respectively, and just
one FSelectMix module will be triggered in each training
as shown in Figure 2. For the backbone network with only
three blocks, such as ResNet110, we deploy FSelectMix
in the first two block layers with weights of 0.1 and 0.2,
respectively. Also, FSelectMix can be combined with other
image-level regularization methods, such as Cutmix. The
triggered image-level regularization weight is set to 0.2 by
default and different weights can be set in experiments.

This weighted deployment strategy allows for a nu-
anced integration of the regularization technique, pro-
moting effective learning at different network depths. The
following comparisons demonstrate the effectiveness in
classic image classification tasks.

4.1 Image Classification
4.1.1 CIFAR-10 and CIFAR-100 Classification

Table 1 and Table 2 present a comparison between the
baseline and the proposed FSelectMix on CIFAR-10 and
CIFAR-100 datasets, respectively. There are 45000 train-
ing images, 5000 validation images, and 10000 test images
in both CIFAR10 and CIFAR100 datasets. The overall ex-
perimental design is consistent with baseline methods.

Our proposed FSelectMix outperforms the baseline in
all models. To provide a main reference for comparison,
we also compare FSelectMix with CutMix. Since FSe-
lectMix adapts the feature layer reconstruction through
attention guidance, it can better explore the network’s
learning potential. It is noteworthy that our approach can
be combined with various regularization methods, such
as CutMix. The combination of FSelectMix and CutMix
has achieved the highest Top-1 classification accuracy of
81.54%, 83.40%, and 84.38% on CIFAR-100, respectively.

Table 1. Classification Top-1 accuracies (%) on CIFAR-10

Model #Params Top-1 (%)
ResNet18 11.18M 92.36
ResNetl8+FSelectMix 11.27M 94.70 (+2.34)
Wide-ResNet 40-2 2.25M 93.77
Wide-ResNet 40-2+FSelectMix 2.25M 95.14 (+1.37)
PyramidNet-100 3.90M 94.46
PyramidNet-100+ FSelectMix 3.91M 95.47 (+1.01)

Table 2. Classification Top-1 and Top-5 accuracies (%) on
CIFAR-100

Model #Params Top-1 (%)  Top-5 (%)
ResNet18 11.27M  77.70 93.89
+cutmix 11.27M  80.04 (+2.34)  95.16
+FSelectMix(ours) 11.36M  81.09 (+3.39)  95.60
+FSelectMix+cutmix 11.36M  81.54 (+3.84) 96.27
ResNet50 23.71IM  80.02 95.19
+cutmix 23.71IM  81.70 (+1.68)  96.11
+FSelectMix(ours) 2529M  83.09 (+3.07)  96.72
+FSelectMix+cutmix 2529M  83.40 (+3.38)  96.60
PyramidNet-110 28.5IM  81.02 95.82
+cutmix 28.51M  83.97 (+2.95) 96.71

96.72
97.25

+FSelectMix(ours)
+FSelectMix+cutmix

28.59M  83.25 (+2.23)
28.59M  84.38 (+3.36)

4.1.2 Tiny-ImageNet Classification

We further evaluate our method on Tiny-ImageNet [28]
using ResNetl8, ResNet50 and ResNeXt in Table 3. We
follow the same experimental setup and training strategy
as CIFAR100. The results show that the model with the
Fselectmix regularization strategy is always better than the
baseline and Cutmix. When both FSelectMix and Cutmix
regularization strategies are used for network training, the
network performance is further improved. Top-1 classifica-
tion accuracy is improved by 2.19%, 3.21% and 4.35% in
ResNet18, ResNet50 and ResNeXt, respectively. The re-
sults from these experiments underscore the effectiveness
of FSelectMix in improving the performance and general-
ization of CNN models. By selectively focusing on infor-
mative features and dynamically adjusting regularization
weights, FSelectMix provides a robust and efficient regu-
larization strategy that can be seamlessly integrated with
existing methods. Also, the performance evaluation on
CIFAR-10 and CIFAR-100 demonstrates that FSelectMix
significantly enhances the robustness and accuracy of CNN
models. By deploying FSelectMix with strategic weighting
and combining it with other regularization methods, our
approach offers a powerful solution for improving model
performance in various image classification tasks.

4.2 Ablation Study

In this section, we conduct ablation experiments for
many factors in FSelectMix to measure their contributions
toward our outperforming results. We conducted an abla-
tion study in CIFAR-100 dataset using the same experi-
mental settings in Section 4.1.1.
4.2.1 Comparison Against State-of-the-art Regulariza-

tion Methods

As shown in Table 4, Cutmix achieves the high-
est 80.72% Top-1 classification accuracy in the image
level, and Fselectmix achieves the highest 8§1.09% Top-
1 classification accuracy in the feature level. In particular,
the combination of FSelectMix and CutMix achieves the
highest classification accuracy of 81.54%. Our FSelectMix
combined with Cutout, Mixup, and CutMix is better than
all other regularization methods.

Table 3. Classification Top-1 and Top-5 accuracies (%) on
Tiny-ImageNet

Model #Params Top-1 (%)  Top-5 (%)
ResNet18 11.37M 62.36 83.72
+cutmix 11.37M 62.86 (+0.50) 84.44
+FSelectMix (ours) 11.46M 63.20 (+0.84) 83.94
+FSelectMix-+cutmix 11.46M 64.55 (+2.19) 84.84
ResNet50 23.91M 63.39 84.27
+cutmix 23.91M 65.18 (+1.79) 85.99
+FSelectMix(ours) 25.70M 65.99 (+2.60) 86.38
+FSelectMix-+cutmix 25.70M 66.60 (+3.21) 86.76
ResNeXt50 23.38M 63.00 83.50
+cutmix 23.38M 66.09 (+3.09)  86.42
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86.53
87.05

+FSelectMix(ours)
+FSelectMix+cutmix

25.17M  66.31 (+3.31)
25.17M  67.35 (+4.35)

Table 4. Comparison of state-of-the-art regularization
methods on CIFAR-100

Model Top-1 (%) Top-5 (%)
ResNet18 77.70 93.89
+ESE(Baseline) 78.34 94.59
+Cutout 78.22 94.41
+Mixup 79.63 94.78
+Cutmix 80.72 95.86
+StochDepth 77.85 94.93
+DropBlock 78.12 94.85
+ShakeDrop 78.98 95.00
+Manifold Mixup 79.85 94.56
+FSelectMix(ours) 81.09 95.60
+ShakeDrop+Mixup 78.75 94.52
+ShakeDrop+Cutmix 80.63 95.83
+Manifold Mixup+Cutout 79.98 94.88
+Manifold Mixup+CutMix 80.55 95.34
+FSelectMix+Cutout 80.99 95.64
+FSelectMix+Mixup 81.17 95.55
+FSelectMix+CutMix 81.54 96.27

The comparison against state-of-the-art regulariza-
tion methods, including a dual-attention mechanism,
adaptive confidence labels, weighting at different stages,
and combination with other regularization methods, clearly
shows that FSelectMix offers significant improvements
in accuracy and robustness. By focusing on feature-level
regularization and leveraging a dual-attention mechanism
with adaptive confidence labels, FSelectMix provides
a powerful and dynamic regularization strategy. The
consistent outperformance across different architectures
and datasets solidifies FSelectMix’s position as a highly
effective regularization technique for convolutional neural
networks.

4.2.2 Effectiveness of Adaptive Confidence and Self-Dis-
tillation

We investigate the effect of the combination of different
losses in Table 5, where the adaptive confidence improves
the model by 0.35% and the self-distillation improves it by
0.19%. The overall design of two knowledge distillations
and adaptive confidence improves the network by 0.69%.
The experiment is based on the ResNet50 backbone net-
work on the CIFAR-100 dataset, which proves the effec-
tiveness of FSelectMix. Among them, Rowl1 is the result
of non-regularized training, and the Top-1 classification
accuracy of the standalone feature reconstruction module
is 82.50%; Row2 using standalone multi-label classifica-
tion did not achieve the expected effect; Row3 proves the
role of self-supervised tasks by assisting single-target pre-
diction through multi-target prediction; Row4 proves the
role of adaptive confidence; Row5 shows that the highest
Top-1 classification accuracy of 83.09% is achieved under
the joint action of self-supervision, knowledge distillation,
and adaptive confidence.

Table 5. Results of FSelectMix with different combinations
of losses for ResNet50 on CIFAR-100

L L'y Ly Lgp Top-1 (%)
v 82.50
v 78.32
v v 82.55
v v 82.90
4 v 4 83.09

The use of adaptive confidence labels resulted in a no-
ticeable performance boost. The ability to dynamically ad-
just feature weights based on confidence levels contributed
to better generalization and accuracy.

4.3 Visualization and Interpretation

In order to understand how FSelectMix works, we
obtained some image instances from CIFAR100, and
analyzed attention guiding the feature reconstruction pro-
cess at different scales. Our feature visualization refers
to the method [29]. Figure 3 shows the visualized results
of FSelectMix in different blocks. Column 7 refers to the
confidences of Input A, “insect,” and Input B, “flower.”

The results of adaptive confidence of Block 1 show
that the reconstructed image has a higher probability of
belonging to “flower”. This is because the guidance effect
of low-layer attention is limited, and the features of the
“flower” are more obvious. In the deeper layer, with the in-
crease of the number of channels, the ability to guide atten-
tion becomes stronger, and the feature map of “insect” in
the reconstructed feature map is selected by attention. The
confidence of reconstructed images will be more inclined
to select the categories. Therefore, the category to which
the reconstructed image belongs will become more biased
towards the selected category as the guidance capability of
attention improves. The changes in confidence from Block
2 to Block 3 for the same two images prove this point. The
adaptive confidence is adaptively adjusted as the recon-
structed image changes, achieving the expected effect.

The ablation study highlights the critical contributions
of each component within the FSelectMix framework and
illustrates the visual results. The dual-attention mechanism,
adaptive confidence labels, dynamic weighting strategy,
and combination with other regularization methods like
CutMix all play pivotal roles in enhancing the model’s
performance. By understanding the impact of these factors,
we can better optimize FSelectMix and apply it more ef-
fectively to various CNN architectures and tasks.

5 Conclusion

We comprehensively analyzed some existing data aug-
mentation and regularization methods and identified some
shortcomings. Based on this analysis, we proposed FSe-
lectMix, which effectively leverages the attention mecha-
nism to address these limitations. FSelectMix introduces
a dual-attention mechanism that focuses on selecting the
most informative features crucial for task reconstruction,
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thus enhancing the neural network’s learning potential.
By regularizing and guiding CNNs with FSelectMix, we
can enhance the robustness of the model. In addition, the
reconstructed regularized samples can be used to generate
an adaptive confidence label and facilitate knowledge dis-
tillation, forming part of a multi-objective prediction task.
This dual strategy not only refines the learning process but
also ensures that the network adapts dynamically to vary-
ing levels of feature confidence, leading to more accurate

Highest

Input A Input B

Block 1

Block 2

Block 3

Lowest
attention attention

and reliable predictions. FSelectMix is a pluggable module
that can be easily deployed in various tasks and models.
This adaptability makes it a valuable addition to the toolkit
of machine learning practitioners, as it can be seamlessly
integrated with existing data augmentation techniques and
other regularization methods. Moreover, it can be used in
conjunction with other regularization methods to jointly
exploit the learning potential of neural networks, leading
to compounded benefits in model performance.

Adaptive

Selection Padding FSelectMix Confidence

[0. 4848,
0.5152]

[0. 5238,
0. 4762]

[0. 5393,
0. 4607]

Figure 3. Visualization of FSelectMix results in different blocks

6 Future Work

The effectiveness of the proposed method has been ver-
ified in several scenarios. However, in the next step, sever-
al promising directions exist for expanding and enhancing
the FSelectMix framework. One primary area of focus
will be the application of FSelectMix to larger and more
diverse datasets. While our current experiments on CI-
FAR10, CIFAR100, and Tiny-ImageNet have demonstrat-
ed significant improvements, extending our approach to
datasets like ImageNet could provide a more comprehen-
sive validation of its scalability and robustness. This would
involve addressing the higher complexity and variety of
images in such extensive datasets, which could further test
the limits of our method’s generalization capabilities.

We also aim to explore several key areas to enhance
the FSelectMix framework further. First, we plan to extend
our experiments to more complex and diverse datasets,
such as ImageNet, to validate the scalability and robust-
ness of our method in large-scale scenarios. Second, we in-
tend to investigate the integration of FSelectMix with other
advanced regularization techniques and data augmentation
methods to boost performance further.

Additionally, exploring the application of our approach
in different neural network architectures beyond CNN:ss,
such as transformers and graph neural networks, could re-

veal broader applicability and benefits. We also aim to re-
fine the adaptive confidence dynamic adjustment strategy,
potentially incorporating more sophisticated uncertainty
estimation techniques to improve the accuracy and reli-
ability of predictions. Lastly, conducting ablation studies
to better understand the contribution of each component
within FSelectMix will provide deeper insights and guide
further optimizations.
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