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 Activation functions (AFs) play a critical role in artificial neural networks, 

allowing for the modeling of complex, non-linear relationships in data. In 

this review paper, we provide an overview of the most commonly used AFs 

in deep learning. In this comparative study, we survey and compare the 

different AFs in deep learning and artificial neural networks. Our aim is to 

provide insights into the strengths and weaknesses of each AF and to provide 

guidance on the appropriate selection of AFs for different types of problems. 

We evaluate the most commonly used AFs, including sigmoid, tanh, 

rectified linear units (ReLUs) and its variants, exponential linear unit (ELU), 

and SoftMax. For each activation category, we discuss its properties, 

mathematical formulation (MF), and the benefits and drawbacks in terms of 

its ability to model complex, non-linear relationships in data. In conclusion, 

this comparative study provides a comprehensive overview of the properties 

and performance of different AFs, and serves as a valuable resource for 

researchers and practitioners in deep learning and artificial neural networks. 
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1. INTRODUCTION  

A single-layer perceptron, also known as a single-layer feedforward neural network, is the simplest 

form of a neural network architecture. It consists of a single layer of artificial neurons, also called 

perceptrons or units, arranged in a linear fashion [1]. Each perceptron takes in a set of input values, applies 

weights to those inputs, and passes the weighted sum through an activation function (AF) to produce an 

output (see Figure 1). 

The AF plays a crucial role in determining the output of each perceptron [2]. It introduces non-

linearity to the model, allowing the perceptron to learn complex patterns and make decisions based on the 

input data. The choice of AF greatly influences the model’s capabilities and performance [3]. 

AFs play a crucial role in neural networks [4], acting as the critical “non-linearity” element that 

introduces complexity and enables the network to learn complicated patterns and make predictions [5]. Over 

the years, researchers have proposed various AFs [3], each with its unique characteristics and applications. In 

this paper, we delve into a comprehensive comparison of different AFs, aiming to classify them into distinct 

categories based on their properties and explore their practical implications in neural network architectures. 
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Figure 1. Taxonomy of deep learning AFs 

 

 

2. BACKGROUND  

The main role of an AF in a neural network is to introduce non-linearity to the network’s 

computations [1]. Without AFs, a neural network would simply perform linear operations, resulting in a 

network that is equivalent to a single-layer perceptron. By applying non-linear AFs, neural networks become 

capable of modeling complex, and non-linear relationships between input and output. 

Logistic sigmoid/tanh unit-based AFs: logistic sigmoid and hyperbolic tangent (tanh) functions are 

among the earliest and most widely used AFs in deep learning. These functions belong to the unit-based 

category and are characterized by their S-shaped curves. The logistic sigmoid function maps the input to a 

range between 0 and 1, while the tanh function maps it to a range between -1 and 1 [6]. These AFs are 

advantageous in binary classification problems, where the output is interpreted as probability. They enable 

the network to model non-linear relationships and provide a smooth (SM) transition between different statess. 

Rectified linear unit (ReLU) based AFs: ReLU is a popular AF that has gained prominence in recent 

years. ReLU activation sets the output to zero for negative inputs (NI) and maintains a linear relationship for 

positive inputs. This characteristic allows ReLU to alleviate the vanishing gradient problem and accelerate 

training in deep neural networks. ReLU based AFs are computationally efficient and have been instrumental 

in the success of deep learning models across various domains [7]. 

Exponential unit based AFs: exponential unit-based AFs, such as exponential linear unit (ELU) and 

scaled exponential linear unit (SELU), have emerged as alternatives to traditional AFs. These functions 

introduce exponential behavior for NI, providing smoothness and enabling faster convergence. ELU and 

SELU have shown improvements in training stability and generalization performance, particularly in deep 

architectures. By incorporating adaptive components, these AFs facilitate more efficient gradient propagation 

and contribute to the model’s robustness [8]. 

Learning/adaptive AFs: learning/adaptive AFs dynamically adjust their parameters based on the 

data, network architecture, or learning process. These AFs adapt to the characteristics of the input data, 

allowing the model to learn more complex representations. Examples of learning/adaptive AFs include spline 

AF [9] and adaptive piecewise linear unit (APL). These functions offer flexibility in capturing non-linear 

patterns and have been shown to enhance the model’s expressive power [10]. 

Diversified AFs: in addition to the aforementioned categories, there exist diversified AFs that do not 

fit into the conventional groups but offer unique characteristics and advantages. These AFs, such as mish 

[11], and gaussian error linear units (GELUs) [12], have gained attention due to their empirical success in 

specific applications. They have demonstrated improved performance in terms of training speed, model 

accuracy, or robustness, and have sparked interest among researchers and practitioners for their potential to 

advance deep learning methodologies (Figure 1) [13]. 
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3. COMPARISON 

Our comparative study will be based on different criteria including the mathematical formulas as 

well as the monotonic behavior of each activation function without neglecting the abbreviation naming. Here 

os the list of the detailed criteria: 

- AF mathematical formulas (MF): we will examine the MF actions in each category to understand how 

they transform the input into an output value. 

- Parametric (PM): PM AFs are those that have additional parameters apart from the input. We will analyze 

if the AFs in each category fall into this category. PM AFs, such as PM rectified linear units (PReLU), 

allow the network to learn the optimal values for these additional parameters during training [14].  

- Monotonic (MN): MN AFs preserve the order of inputs, meaning that if one input is greater than another, their 

outputs will also follow the same order. We will investigate if the AFs in each category exhibit MN behavior. 

Logistic sigmoid, tanh, and ReLU functions are MN, but this criterion may vary for other AFs [15]. 

- SM: SM AFs have continuous and differentiable derivatives. We will assess whether the AFs in each 

category possess this property [16]. 

- Bounded (BN): BN AFs are limited to a specific range of output values. We will determine if the AFs in 

each category are BN [17].  

- Abbreviation (ABB): lastly, we will explore if there are commonly used ABBs for the AFs within each 

category. 

By comparing these AF categories based on the above criteria, we can gain insights into their 

characteristics, strengths, and limitations, enabling us to make informed decisions when selecting the most 

appropriate AF for specific deep learning applications. 

 

3.1.  Logistic sigmoid/tanh unit based AFs 

Table 1 displays when comparing the logistic sigmoid and tanh unit-based AFs based on various 

characteristics including PM, MN, SM, BN, ABB, and NI [18]. 

 

 

Table 1. List of logistic sigmoid/tanh unit based AFs 
Logistic sigmoid/tanh unit based AFs 

AF ABB MF PM MN SM BN 

Sigmoid Sigmoid AF 
𝑓(𝑥) =

1

1 + 𝑒−𝑥
 

X ✓ ✓ ✓ 

       

Tanh Hyperbolic tangent AF [19] 
𝑓(𝑥) =

𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
 

X ✓ ✓ ✓ 

       

sTanh Scaled hyperbolic tangent [20] 𝑓(𝑥)𝐴 × Tanh(B × x) ✓ ✓ ✓ ✓ 
       

ReSech Rectified hyperbolic secant [21] 𝑓(𝑥) = 𝑥 × 𝑆𝑒𝑐ℎ(𝑥) X X ✓ ✓ 
       

sSigmoid Scaled sigmoid [22] 𝑓(𝑥) = (4 × 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) − 2) X ✓ ✓ ✓ 
       

Swish Swish [23] 𝑓(𝑥) = 𝑥 × 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝛽 × 𝑥) ✓ X ✓ X 
       

ESwish ESwish [24] 𝑓(𝑥) = 𝛽 × 𝑥 × 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) ✓ X ✓ X 
       

Hexpo Hexpo [25] 
𝑓(𝑥) = {

−𝑎(𝑒
−𝑥

𝑏⁄ − 1),  𝑥 ≥ 0

𝑐(𝑒
𝑥

𝑑⁄ − 1), 𝑥 < 0
 

X ✓ ✓ ✓ 

       

SiLU Sigmoid weighted linear unit [26] 𝑓(𝑥) = 𝑥 × 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) X X ✓ NI 
       

ISigmoid Improved logistic sigmoid [27] 

𝑓(𝑥) = {

𝛼 × (𝑥 − 𝛼) + 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝛼),  𝑥 ≥ 𝛼
𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑥), −𝛼 < 𝑥 < 𝛼

𝛼 × (𝑥 + 𝛼) + 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝛼),  𝑥 ≤ −𝛼
 

X ✓ ✓ X 

       

LiSHT Linearly scaled hyperbolic tangent [28] 𝑓(𝑥) = 𝑥 × 𝑇𝑎𝑛ℎ(𝑥) X X ✓ X 

       

ELLiott Elliott [29] 
𝑓(𝑥) =

0.5 × 𝑥

1 + |𝑥|
+ 0.5 

X ✓ ✓ ✓ 

       

SRS Soft root sign [30] 𝑓(𝑥) =
𝑥

𝑥
𝛼

+ 𝑒
−𝑥

𝛽⁄
 X ✓ ✓ ✓ 
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3.2.  ReLU based AFs 

Table 2 displays when comparing the ReLU based AFs based on various characteristics including 

PM, MN, SM, BN, ABB, and NI [31]. 
 

 

Table 2. ReLU based AFs 
ReLU based AFs 

AF ABB MF PM MN SM BN 

ReLU ReLU AF [32] 𝑓(𝑥) = max (0, 𝑥) X ✓ X NI 
       

LReLU Leaky ReLU [7] 𝑓(𝑥) = {
𝑥, 𝑥 ≥ 0

0.01 × 𝑥, 𝑥 < 0
 

X ✓ X X 

       

PRelu PM ReLU AF [33] 𝑓(𝑥) = {
𝑎𝑥, 𝑥 < 0

𝑥, 𝑥 ≥ 0
 ✓ ✓ X X 

       

RReLU Randomized ReLU [7] 𝑓(𝑥) = {
𝑥, 𝑥 ≥ 0

𝑅 × 𝑥, 𝑥 < 0
 

X ✓ X X 

       

CReLU Concatenated ReLU [34] 𝑓(𝑥) = |𝑅𝑒𝐿𝑈(𝑥), 𝑅𝑒𝐿𝑈(−𝑥)| X ✓ X NI 
       

PTELU PM tan hyperbolic linear unit [35] 
𝑓(𝑥) = {

𝑥,  𝑥 ≥ 0
𝛼 × 𝑇𝑎𝑛ℎ(𝛽 × 𝑥), 𝑥 < 0

 ✓ ✓ ✓ NI 

       

FReLU Flexible ReLU [36] 𝑓(𝑥) = 𝑅𝑒𝐿𝑈(𝑥) + 𝑏 ✓ ✓ X NI 
       

RTReLU Random translation ReLU [37] 𝑓(𝑥) = {
𝑥 + 𝑎,  𝑥 + 𝛼 > 0

0, 𝑥 + 𝛼 ≤ 0
 

X ✓ X NI 

       

ABReLU Average biased ReLU [38] 
𝑓(𝑥) = {

𝑥 − 𝛽,  𝑥 − 𝛽 ≥ 0
0, 𝑥 − 𝛽 < 0

 
X ✓ X NI 

       

DualReLU Dual ReLU [39] 𝑓(𝑎, 𝑏) = max(0, 𝑎) − 𝑚𝑎𝑥(0, 𝑏) X ✓ X X 
       

PairedReLU Paired ReLU [40] 𝑓(𝑥) = [max(𝑠 × 𝑥 − 𝜃, 0) − 𝑚𝑎𝑥(𝑠𝑝 × 𝑥 − 𝜃𝑝, 0)] ✓ ✓ X X 

 

 

3.3.  Exponential unit based AFs 

Table 3 displays when comparing the exponential unit based AFs based on various characteristics 

including PM, MN, SM, BN, ABB, and NI [41]. 
 

 

Table 3. Exponential unit based AFs 
Exponential unit based AFs 

AF ABB MF  PM MN SM BN 

ELU ELU [8] 
𝑓(𝑥) = {

𝑥,  𝑥 > 0
𝛼 × (𝑒𝑥 − 1), 𝑥 ≤ 0

 ✓ ✓ ✓ NI 

       

SELU Scaled ELU [42] 
𝑓(𝑥) = 𝜆 × {

𝑥,  𝑥 > 0
𝛼 × (𝑒𝑥 − 1), 𝑥 ≤ 0

 ✓ ✓ ✓ NI 

       

PELU PM ELU [33] 
𝑓(𝑥) = 𝜆 × {

𝑎

𝑏
× 𝑥,  𝑥 ≥ 0 

𝛼 × (𝑒
𝑥

𝛼⁄ − 1), 𝑥 < 0
  

✓ ✓ X NI 

       

CELU Continously differentiable ELU [43] 
𝑓(𝑥) = {

𝑥,  𝑥 ≥ 0

𝛼 × (𝑒
𝑥

𝛼⁄ − 1), 𝑥 < 0
  

✓ ✓ X NI 

       

MPELU Multiple PELU [44] 
𝑓(𝑥) = {

𝑥,  𝑥 > 0

𝛼𝑐 × (𝑒𝛽𝑐×𝑥 − 1), 𝑥 ≤ 0
  

✓ ✓ X NI 

       

PREU PM rectified exponential unit [45] 
𝑓(𝑥) = {

𝛼 × 𝑥,  𝑥 > 0

𝛼 × 𝑥 × 𝑒𝛽×𝑥, 𝑥 ≤ 0
 ✓ X ✓ NI 

       

FELU Fast Elu [46] 
𝑓(𝑥) = {

𝑥,  𝑥 > 0

𝛼 × (𝑒
𝑥

ln (2)⁄ − 1), 𝑥 ≤ 0
  

✓ ✓ X NI 

EELU Elastic Elu [47] 
𝑓(𝑥) = {

𝑘 × 𝑥,  𝑥 > 0

𝛼 × (𝑒𝛽×𝑥 − 1), 𝑥 ≤ 0
 

✓ ✓ X NI 

       

PDELU PM deformable ELU [48] 
𝑓(𝑥) = {

𝑥,  𝑥 > 0

𝛼 × (1 + (1 − 𝑡) × 𝑥)
1

1−𝑡⁄ − 1, 𝑥 ≤ 0
  
✓ ✓ ✓ NI 
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3.4.  Learning/adaptive AFs 

Table 4 displays when comparing the learning/adaptive AFs based on various characteristics 

including PM, MN, SM, BN, ABB, and NI [49]. 

 

 

Table 4. Learning/adaptive AFs 
Learning/adaptive AFs 

AF ABB MF PM MN SM BN 

APL APL [50] 𝑓(𝑥) = max (0, 𝑥) + ∑ αs 
𝑠
𝑠=1 × max (0, bs − 𝑥)  ✓ X X X 

       

Swish Swish [23] 𝑓(𝑥) = 𝑥 × 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝛽 × 𝑥) ✓ X ✓ X 

       

ESwish ESwish [24] 𝑓(𝑥) = 𝛽 × 𝑥 × 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) ✓ X ✓ X 

       

AAF Adaptive AF [51] 𝑓(𝑥) = 𝜎(𝜔 × 𝑥) × 𝑃𝑅𝐸𝐿𝑈(𝑥) + (1 − 𝜎(𝜔 × 𝑥)) × 𝑃𝐸𝐿𝑈(𝑥) ✓ ✓ X X 

       

SLAF Self-learnable AF [52] 𝑓(𝑥) = ∑ 𝛼i 
𝑁−1
𝑖=0 × 𝑥i  ✓ X ✓ X 

       

MeLU Mexican ReLU [53] 
𝑓(𝑥) = 𝑃𝑅𝑒𝐿𝑈(𝑥) + ∑ cj 

𝑘

𝑗=1
× max(𝜆𝑗 − |𝑥 − 𝛼𝑗 |, 0)  

✓ X X X 

       

SAF Spline AF [54] 𝑓(𝑥) = ∅(𝑠; 𝑞)  ✓ ✓ ✓ X 

       

BDAA Bi-model derivative adaptive 

activation [55] 
𝑓(𝑥) = 1

2⁄ × (1
1 + 𝑒−𝑥⁄ − 1

1 + 𝑒−𝑥−𝑎⁄ ) ✓ ✓ ✓ ✓ 

       

TAF Trainable AF [56] 𝑓(𝑥) = √(𝑥 − 𝑎)2 + 𝑏2  ✓ X ✓ X 

 

 

3.5.  Diversified activation function 

Table 5 displays when comparing the diversified AF on various characteristics including parametric, 

monotonic, smooth, bounded, abbreviation, and negative inputs. 

 

 

Table 5. Diversified AF 
Diversified AF 

AF ABB MF 

SLU Softplus linear unit [57] 
𝑓(𝑥) = {

𝛼 × 𝑥,  𝑥 ≤ 0
𝛽 × log(𝑒𝑥 + 1) − 𝛿, 𝑥 > 0

  

   
Softplus Softplus activation function [58] 𝑓(𝑥) = ln (1 + 𝑒𝑥) 

   
Softsign Softsign activation function [59] 𝑓(𝑥) =

𝑥

1 + |𝑥|
 

   

RSP Rand softplus [60] 𝑓(𝑥) = (1 − 𝜌) × 𝑚𝑎𝑥(0, 𝑥) + 𝜌 × log (1 + 𝑒𝑥) 

   

Mish Mish activation [11] 𝑓(𝑥) = 𝑥 × 𝑇𝑎𝑛ℎ(𝑆𝑜𝑓𝑡𝑝𝑙𝑢𝑠(𝑥)) 

   
GELU GELU [12] 𝑓(𝑥) = 𝑥 × 𝑃(X≤ 𝑥) 

   
RePU Rectified power unit [61] 

𝑓(𝑥) = {
𝑥𝑠,  𝑥 ≥ 0
0, 𝑥 < 0

 

   

PAU Pad activation unit [62] 
𝑓(𝑥) =

𝑃(𝑥)

𝑄(𝑥)
 

 

 

4. RESULTS AND DISCUSSION 

The logistic sigmoid and hyperbolic tangent functions, falling under the unit-based category, have 

been extensively employed in neural networks. These functions introduce non-linearity and transform the 

output values into a specific range, making them suitable for binary classification tasks and enabling 

probabilistic interpretations. ReLU based AFs have gained significant popularity due to their simplicity and 

ability to address the vanishing gradient problem. These functions set the output to zero for and NI, allowing 

the network to learn sparse representations and facilitating faster training. Exponential unit-based AFs, such 

as ELU and SELU [42], exhibit improved gradient propagation properties and hold the potential to enhance 
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model performance. By introducing exponential behavior for NI, these functions offer smoothness and 

expedited convergence. 

Learning/adaptive AFs dynamically adjust their parameters based on the data, network architecture, 

or learning process. Examples include PReLU [63] and APL [50]. These functions provide adaptability and 

flexibility, enabling the model to learn more intricate representations. Furthermore, we explored diversified 

AFs that do not fit into the conventional categories but offer unique properties and capabilities. 

In conclusion, understanding the different categories of deep learning AFs is crucial for effectively 

designing and training neural network models. Each category offers distinct properties and benefits, and the 

selection of an appropriate AF depends on the specific task, model architecture, and performance 

requirements.  

 

 

5. CONCLUSION 

In conclusion, this paper aimed to provide a comprehensive survey of various categories of AFs 

used in deep learning. Five major categories were explored: logistic sigmoid/tanh unit-based AFs, ReLU 

based AFs, exponential unit-based AFs, learning/adaptive AFs, and diversified AFs. In conclusion, the 

selection of an appropriate AF is crucial in deep learning models, as it greatly influences the model’s 

expressive power, convergence speed, and generalization performance. Researchers and practitioners need to 

understand the characteristics and properties of various AFs to effectively leverage them in deep learning 

applications. The presented survey provides valuable insights into the different categories of AFs, allowing 

practitioners to make informed decisions and advance the field of deep learning. 
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