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THÔNG TIN BÀI BÁO TÓM TẮT 

Hàm kích hoạt đóng vai trò quan trọng trong các mạng nơ-ron sâu, giúp nâng cao khả 

năng khái quát hóa và học các quan hệ phi tuyến phức tạp giữa đầu vào và đầu ra. 

Trong số các hàm kích hoạt phổ biến, Rectified Linear Unit (ReLU) và các biến thể 

của nó được sử dụng rộng rãi nhờ khả năng tạo biểu diễn thưa và cải thiện hiệu quả 

huấn luyện. Tuy nhiên, ReLU vẫn tồn tại hạn chế, đặc biệt là hiện tượng nơ-ron chết 

khi các trọng số được khởi tạo ngẫu nhiên. Bài báo này đề xuất một phương pháp kích 

hoạt mới cho mạng nơ-ron sâu. Thay vì đặt các giá trị âm về 0, phương pháp đề xuất 

phân tích phân bố các giá trị dương và âm trong mỗi lớp trước khi áp dụng hàm kích 

hoạt, từ đó làm suy giảm các giá trị có tần suất xuất hiện cao hơn. Các thí nghiệm trên 

các tập dữ liệu công khai như MNIST, CIFAR-10 và CIFAR-100 cho thấy phương 

pháp này giúp quá trình huấn luyện hội tụ ổn định hơn so với ReLU và có tiềm năng 

được sử dụng như một hàm kích hoạt mặc định. 
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helps to boost the generalization for learning more complex mapping functions 

between inputs and outputs. Many activation functions can be used to build a neural 

network model including Rectified Linear Unit and its extended forms. By setting 

negative values to zeros, ReLU can introduce sparsity representation and mimic 

nonlinearity during training. Even though ReLU works well in creating almost Deep 

Neural Network structures, it still faces the problem of dying neurons especially when 

weights are randomly initialized. This paper introduces a novel method to activate 

neurons in a Deep Neural Network layer. Instead of assigning the negative values to 

zero, this paper automatically calculates the distribution of positive and negative 

values in each layer before performing the activation function. According to the 

distribution, the values with a higher distribution are then suppressed. Experimental 

results are performed with a simple Deep Neural Network structure on some public 

datasets such as MNIST, CIFAR10, and CIFAR100 showing that the proposed method 

obtains much more stable convergence results compared to the ReLU. Thus, it can be 

used as the default activation function when training a Deep Neural Network model. 
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1. INTRODUCTION 

Computer vision is a very active area and always a 

frontier of finding new models, and novel applications to 

be applied to other fields such as medical treatment [1-2] 

and rescue [3]. The problems in computer vision can be 

solved by using classical machine learning algorithms 

including Support Vector Machine (SVM) [4], Decision 

Tree [5], Random Forest [6], AdaBoost [7-8], or Neural 

Networks [9]. 

Building models using Neural Networks, two common 

activation functions including Sigmoid [10] and 

Hyperbolic Tangent were used in the early days. The 

Sigmoid function is traditionally a popular activation 

function in the 90th decade of the last century. The inputs 

to the Sigmoid function are transformed into values 

between 0.0 and 1.0. Inputs that are much larger than 1.0 

are transformed to the value of 1.0 and the values that are 

much smaller than 0.0 are mapped to the value of 0.0. The 

shape of the function for all possible inputs is an S-shape 

from zero up through 0.5 to 1.0. The Sigmoid function was 

the default activation function used on Neural Networks for 

a long time. The Hyperbolic Tangent function or Tanh for 

short, is a similarly shaped nonlinear activation function 

that outputs values in the range of -1.0 and 1.0. In the later 

years of the 90th decade, the Tanh function was preferred 

over the Sigmoid function since it was easier to train and 

often had better predictive performance. At that moment, 

researchers all knew that a Neural Network with only a 

single hidden layer is very good at handwriting digit 

number classification. 

A model with much larger parameters can approximate 

a more complex mapping function from inputs to outputs. 

To build a Neural Network model with a huge number of 

parameters, many layers can be stacked over each other. 

Unfortunately, the Neural Network model with more than 

2 hidden layers makes it difficult to learn a new thing since 

its gradient cannot propagate back from the deeper layer to 

the earlier one. Nowadays we all know it as the vanishing 

gradient caused by using Sigmoid or Tanh activation 

function. With that Neural Network limitation, researchers 

from all over the world switched their focus to classical 

machine learning algorithms to solve the problems. Even 

though Neural Networks and back-propagation algorithms 

were very famous and founded much earlier than other 

classical machine learning algorithms, it was rarely utilized 

since their effectiveness could not be seen with the network 

having more than two hidden layers. 

Many workarounds such as different weight 

initialization schemes [31], layer-wise training [32] [35], 

unsupervised pre-training [33-34], and alternative 

activation functions were conducted to overcome the 

problem of vanishing gradient when training the Deep 

Neural Network. Among them, Rectified Linear Unit 

(ReLU) [36] is the most effective activation function for 

training a neural network model. In 2012, a very famous 

work done by Alex Krizhevsky [11] put the neural network 

back on the right track and got a lot of researchers’ attention 

thanks to its excellent classification results on the ImageNet 

photo classification dataset [12]. The network structure was 

very similar to the LeNet [13] which was used since the 

80th decade of the last century. The novelty of Alex 

Krizhevsky’s work was threefold: a large classification 

dataset, a powerful computational device, and a new 

activation function. Instead of using a Sigmoid activation 

function, Alex’s paper utilized a novel activation function, 

named Rectified Linear Unit (ReLU) which is known as an 

important activation function for preventing the vanishing 

gradient in the backpropagation algorithm. Moreover, the 

ReLU retains the network properties, easily takes the 

derivatives, and becomes the default activation function for 

building multiple-layer neural networks. Using the ReLU 

activation function, one can add many hidden layers to the 

neural network without facing the vanishing gradient 

problem. Since then, neural networks have attracted much 

attention again and Deep Learning (DL) has been found 

accordingly. 

Along with the Deep Learning (DL) concept, a lot of new 

models have been discovered to advance the network 

structure in terms of accuracy and processing time such as 

VGG [14], GoogleNet [15], ResNet [16], MobileNet [17] 

[18], DenseNet [19-20], EfficientNet [21], NasNet [22], 

and ConvNeXt [23] etc. Most of these network structures 

obtain state-of-the-art results using the ReLU activation 

function. On the other hand, with the help of new DL 

models, not only the difficult tasks in classification can be 

solved but also the challenging tasks in object detection 

[24-26] and semantic segmentation [27-28] fields can 

obtain better results as well. 

The role of the activation function is to boost the 

generalization between the inputs and outputs of the 

network structure while retaining the simple calculations. 

Although the ReLU activation function has strengths 

compared to the Sigmoid and Tangent activation functions 

in terms of its ability to prevent the appearance of vanishing 

gradient, using ReLU also has certain disadvantages: the 

network model is difficult to converge due to the problem 

of dying neurons [39] and it needs to be specially 

initialized. Some methods including extended forms of 

ReLU [37-38] and different strategies for the weight 

initialization [29-30] are proposed to overcome the 

problem. 

Although the usage of ReLU mitigates the vanishing 

gradient problem, it faces another issue named dying 

neuron which occurs when neurons output negative values. 

Those neurons are in the inactive mode that has no 

contribution to the learning process. To overcome the dying 

neuron problem, some advanced versions of ReLU have 

been introduced such as Leaky ReLU [37], PReLU [38], 

GeLU [40], and ConvReLU [41]. The Leaky ReLU [37] 

introduces a slope for the negative values of neurons. 

Instead of setting negative values to zeros, it assigns small 

values to the negative neuron thus the dying neuron can be 

avoided. However, selecting an effective coefficient of 

slope is another issue and needs to be carefully 

experimented with. On the other hand, the PreLU [38] is a 

combination version of ReLU and Leaky ReLU that makes 

coefficient slope a learnable parameter. The GeLU [40] is 

a relatively recent addition to the family of activation 

functions. It stands out due to its probabilistic foundations 
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and smooth approximation characteristics and gains 

notable popularity in transformer [42] architectures, such 

as those used in models like BERT and GPT. Another 

version of the activation function is ConvReLU [41] which 

introduces a hyperparameter θ. The ConvReLU is always 

the identical function except for the neuron whose input 

values are smaller than θ which are set to be θ. This method 

needs many parameters compared to the ReLU and cannot 

utilize the sparsity representation as in the ReLU. 

This paper proposes a novel activation function named 

the Adaptive Rectified Linear Unit. Instead of setting all 

negative values at each layer to zero (as in ReLU), the 

proposed method first calculates the distribution of 

negative and positive numbers in a layer. According to the 

distribution, the Adaptive Rectified Linear Unit is applied 

to suppress the higher distribution. Using the proposed 

activation function, the positive values can be retained in 

one layer while preserving the negative ones in another. 

That means both positive and negative values are used for 

training a model hence avoiding the dying neuron problem. 

The contribution of this paper is twofold: i) propose a new 

activation that can stabilize the loss function during training 

of a deep neural network; ii) Run and compare the proposed 

activation function with ReLU on some public datasets 

such as MNIST, CIFAR-10, and CIFAR-100 to show the 

effectiveness of the proposed activation function. 

The remainder of the paper is organized as follows: 

Section 2 introduces the proposed Adaptive Rectified 

Linear Unit. Section 3 discusses and shows the 

experimental results on some public datasets and 

intermediate results during training and testing. Finally, 

Section 4 provides the conclusions and future works. 

2. ADAPTIVE RECTIFIED LINEAR UNIT FOR 

DEEP NEURAL NETWORK 

Activation function is a crucial factor in building any 

deep neural network. Choosing the right activation function 

helps the model learn more complex mapping functions, 

converge faster during the training process, and thus obtain 

a higher performance in the inference. Currently, the most 

widespread activation function, used as the default in many 

deep neural network, is the Rectified Linear Unit thanks to 

its simplicity and effectiveness during the training process. 

2.1 Rectified linear unit 

The valuable properties of ReLU activation function 

over Sigmoid and Hyperbolic Tangent are the ability to 

avoid vanishing gradient and to have sparsity neurons 

during training. Generally, the activation function of a layer 

j on a neuron i is denoted as 𝑓𝑗(𝑥𝑖
𝑗
). The output of the layer 

j on a neuron i is given by, 

                         ℎ𝑖
𝑗

= 𝑓𝑗(𝑥𝑖
𝑗
)   (1) 

The ReLU activation function is mathematically given 

by, 

            ℎ𝑖
𝑗

= max(𝑥𝑖
𝑗
, 0) = {𝑥𝑖

𝑗
  𝑖𝑓 𝑥𝑖

𝑗
> 0

0    𝑒𝑙𝑠𝑒
             (2) 

The ReLU activation function outputs the same values as 

the inputs if the input values 𝑥𝑖
𝑗
 are positive, and outputs 

zeros if the values are negative. Using ReLU, all neurons 

with negative values are set to zeros introducing the 

desirable property, sparsity. That means, during the training 

of the model, not all neurons are used to learn the mapping 

function between inputs and outputs thus avoiding the 

overfitting problem. 

Since only a single activation max(...) is applied over all 

hidden layers, 𝑓𝑗 keeps the same for all hidden layers, ℎ𝑗 

with 𝑗 = 1. . 𝑛, where n is the number of hidden layers in 

the deep neural network. When a neuron only receives the 

negative value during training, the output from that neuron 

through the ReLU activation function is zero all the time. It 

is known that the problem of dying neurons occurs when 

neurons are never activated during training. Figure 1 shows 

the graphical illustration of the Rectified Linear Unit. 

 
Figure 1. Graphical illustration of Rectified Linear Unit, 

ReLU. 

2.2 Adaptive rectified linear unit 

Instead of using a single activation function, ReLU, that 

activates positive values in all layers of a deep neural 

network model, this paper proposes an Adaptive Rectified 

Linear Unit (AdaReLU) to activate not only positive values 

but also negative values in layers during training. The 

AdaReLU owns several interesting properties including 

sparsity like the original ReLU, no more hyperparameters 

are needed as the extended versions Leak ReLU, PReLU, 

and ConvReLU. The basic equation of the adaptive 

activation function for the output of a layer is described in 

equation (3). Unlike the ReLU which uses the same 

activation function max(...) over all layers, the AdaReLU 

automatically generates various activations for neurons in 

each layer depending on the distribution of positive and 

negative values. The equation of AdaReLU is defined as, 

       ℎ𝑖
𝑗

= {
min (𝑥𝑖

𝑗
, 0)  𝑖𝑓 |𝐻𝑗|

𝑝𝑜𝑠
> |𝐻𝑗|

𝑛𝑒𝑔

max (𝑥𝑖
𝑗
, 0)                            𝑒𝑙𝑠𝑒

             (3) 

Where ℎ𝑖
𝑗
 denotes the pre-activation output of the i-th 

neuron in the layer j. Let 𝐻𝑗 = {ℎ1
𝑗
,  ℎ2

𝑗
, … , ℎ𝑁

𝑗
} denote the 

set of all neuron outputs in layer j for a given mini-batch, 

where N is the total number of activations in that layer. 

|𝐻𝑗|
𝑝𝑜𝑠

 and |𝐻𝑗|
𝑛𝑒𝑔

 denote the number of positive and 

negative values in layer j, respectively. 
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The min(...) activation function is applied to neurons if, 

in a layer j, the number of positive values is greater than the 

number of negative values. Otherwise, the max(...) 

activation function is being utilized. The reason for setting 

zeros on all neurons in a layer with a bigger distribution is 

to maximize the sparsity for the overfitting problem. Unlike 

the ReLU activation function which retains only positive 

values, the AdaReLU function can retain positive or 

negative values depending on the distribution of layer 

values thus avoiding the problem of dying neurons as using 

the original activation function ReLU. Figure 2 shows the 

graphical illustration of the Adaptive Rectified Linear Unit. 

 
Figure 2. Graphical illustration of Adaptive Rectified Linear 

Unit, AdaReLU. 

In deep neural networks, the distribution of neuron 

activations within a layer often becomes highly 

imbalanced, particularly when using rectified activation 

functions. When one side dominates (e.g., |𝐻𝑗|
𝑝𝑜𝑠𝑠

≫

 |𝐻𝑗|
𝑛𝑒𝑔

), the learning dynamics tend to be driven primarily 

by the majority activation pattern. This imbalance can 

reduce the diversity of learned feature representations and 

may lead to biased gradients during optimization, as the 

majority activation region contributes disproportionately to 

the gradient updates. Consequently, the network may 

overemphasize specific activation patterns, which can 

negatively affect generalization performance. 

AdaReLU addresses this issue by adaptively suppressing 

the activation distribution with higher frequency. By 

reducing the magnitude of the dominant activation group, 

the method encourages a more balanced activation 

distribution within each layer. This mechanism can be 

interpreted as a form of implicit regularization, as it 

prevents the dominance of a single activation pattern and 

promotes more diverse feature representations. As a result, 

the learned representations tend to be more robust, which 

contributes to improved generalization performance. 

3. EXPERIMENTAL RESULTS 

3.1 General setups  

In this experiment, a PC with two GeForce GTX 3080 

graphics cards and 64 GB of RAM running Ubuntu 24.04 

LTS with the 2.10 version of Pytorch is used. For a fair 

comparison with other activation functions including 

ReLU, Leaky ReLU, and PReLU, the same and relatively 

small deep neural network structure is applied with the 

identical weight initialization, and no data augmentation is 

performed. 

The goal of this paper is to show the effectiveness of the 

proposed activation function AdaReLU, no new network 

structure is introduced. Therefore, the VGG-16-like [14] 

and ResNet-18-like [16] architectures are utilized for 

comparison. The mini-batch size is set to 32 at a fixed 

momentum of 0.9. To train a model, the total number of 

epochs is set to 100 and the initial value of the learning rate 

is set to 0.001, which keeps reducing 10% after every 20 

epochs. For the stabilization results, 20 models are 

initialized, trained, and tested. The accuracies presented in 

this paper are the average accuracies taken from 20 models.  

The MNIST is the dataset of handwritten digits. It has a 

training set of 60,000 examples and a test set of 10,000 

examples. The digits have been size-normalized and 

centered in a fixed-size image. The CIFAR-10 dataset 

consists of 60000 32×32 color images in 10 classes, with 

6000 images per class. There are 50000 training images and 

10000 test images. The CIFAR-100 dataset is just like the 

CIFAR-10, except it has 100 classes containing 600 images 

each. There are 500 training images and 100 testing images 

per class. The 100 classes in the CIFAR-100 are grouped 

into 20 superclasses. Each image comes with a "fine" label 

(the class to which it belongs) and a "coarse" label (the 

superclass to which it belongs). The statistical information 

of those datasets is shown in Table 1. 

Table 1. Statistical information of MNIST, CIFAR-10, and 

CIFAR-100 

Dataset # training # testing size # classes 

MNIST 60,000 10,000 28×28 10 

CIFAR-10 50,000 10,000 32×32 10 

CIFAR100 50,000 10,000 32×32 100 

3.2 Results on mnist dataset 

The proposed method is first evaluated on the MNIST 

dataset. For a fair comparison with other activation 

functions, the same setup is applied in the training and 

testing phases as discussed in the general setups section. 

Table 2 shows the accuracy of the models using different 

activation functions. As shown in Table 2, since the 

recognition of handwritten digits in MNIST dataset is 

relatively easy, both VGG-16 and ResNet-18 models 

provide good performances. The activation function ReLU 

is used as a baseline for other activation functions. The 

Leaky ReLU performs slightly better than the ReLU from 

0.04% to 0.08% while the AdaReLU is better than the 

ReLU up from 0.14% to 0.33%. 

Table 2. Accuracy comparison between AdaReLU and other 

activation functions on MNIST dataset 

Network ReLU Leaky ReLU AdaReLU 

VGG-16 94.63% 94.71% 94.77% 

ResNet-18 94.84% 94.88% 95.17% 
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3.3 Results on cifar-10 dataset 

The proposed method is then evaluated on the CIFAR-

10 dataset which is more challenging than the MNIST. The 

procedures performed with the CIFAR-10 dataset are 

identical to the MNIST dataset. Table 3 shows the accuracy 

of the models using different activation functions. As 

shown in Table 3, the Leaky ReLU performs slightly better 

than the ReLU from 0.29% to 1.08% while the AdaReLU 

is better than the ReLU from to 0.82% to 1.28% on 2 

network structures VGG-16 and ResNet-18 

Table 3. Accuracy comparison between AdaReLU and other 

activation functions on CIFAR-10 dataset 

Network ReLU Leaky ReLU AdaReLU 

VGG-16 92.63% 93.71% 93.91% 

ResNet-18 94.75% 95.04% 95.57% 

3.4 Results on cifar-100 dataset 

The proposed method is finally evaluated on the CIFAR-

100 dataset which is the most challenging dataset in this 

paper. The procedures performed with the CIFAR-100 

dataset are identical to the other previous datasets. Table 4 

shows the accuracy of the models using different activation 

functions. As shown in Table 4, the Leaky ReLU performs 

better than the ReLU from 0.66% to 0.87% while the 

AdaReLU is better than the ReLU from 0.87% to 1.10%. 

Table 4. Accuracy comparison between AdaReLU and other 

activation functions on CIFAR-100 dataset 

Network ReLU Leaky ReLU AdaReLU 

VGG-16 75.67% 76.54% 76.77% 

ResNet-18 76.28% 76.94% 77.15% 

3.5 Intermediate results 

Figure 3 shows the intermediate results during training 

and testing of VGG-16 network structure using both ReLU 

(the classical rectified linear unit) and AdaReLU (the 

proposed rectified linear unit). Given the same network 

structure, the proposed rectified linear unit outperforms the 

commonly used rectified linear unit which is a strong 

evidence that the AdaReLU is a good choice to train any 

network for a better performance.  

 
Figure 3. Loss and accuracy comparisons of Adaptive 

Rectified Linear Unit, AdaReLU on CIFAR-10 dataset and VGG-

16 network structure 

4. CONCLUSIONS AND FUTURE WORK 

The activation function plays an important role in almost 

deep neural network structure. By using the AdaReLU, not 

only neurons with positive values but also the ones with 

negative values are activated in the training process. The 

results of several published small datasets prove the 

effectiveness of the proposed activation function over the 

original one. In the future, it will be interesting to train the 

larger and deeper neural network structures with the 

AdaReLU as well as test the performance of the trained 

models on more challenging datasets for different purposes 

such as classification, detection, and segmentation. 
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