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Keywords: Abstract — In deep learning models, the inputs to the network are processed using activation
Activation function, functions to generate the output corresponding to these inputs. Deep learning models are of
Neural network, particular importance in analyzing big data with numerous parameters and forecasting and are

useful for image processing, natural language processing, object recognition, and financial
Deep learning

forecasting. Also, in deep learning algorithms, activation functions have been developed by taking
into account features such as performing the learning process in a healthy way, preventing
excessive learning, increasing the accuracy performance, and reducing the computational cost.
In this study, we present an overview of common and current activation functions used in deep
learning algorithms. In the study, fixed and trainable activation functions are introduced. As fixed
activation functions, sigmoid, hyperbolic tangent, ReLU, softplus and swish, and as trainable
activation functions, LReLU, ELU, SELU and RSigELU are introduced.

Subject Classification (2020):

1. Introduction

Deep learning is used to produce solutions to real-world problems, inspired by artificial neural networks
and the human brain. Today, deep learning architectures are actively preferred by researchers in many
areas such as autonomous vehicles, image processing, signal processing, and prediction [1-3]. Deep
learning architectures are consisted of such as the layers convolution, max-pooling, activation, dropout,
normalization, flatten, full connection and softmax [4]. Activation functions have a significant
contribution to the development of activation functions by scientists due to their positive contribution
to learning on deep neural networks [5].

Activation functions are used in deep neural network architectures to decide whether to transfer
information to the next neuron. In deep learning algorithms, activation functions have been developed
by taking into account features such as performing the learning process in a healthy way, preventing
overfitting, increasing the accuracy performance, and reducing the computational cost. Activation
functions enable to work and learn better the deep learning models by revealing the hidden features of
real-world problems. However, if deep learning models are run without choosing activation functions,
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the desired success cannot be achieved with limited learning. Therefore, the deep learning architectures
used cause it to behave like linear regression. For this reason, non-linear activation functions are
preferred in deep neural network architectures. The first is the fixed activation functions, the second is
the trainable activation functions [6]. In deep learning algorithms, back propagation algorithm is used
to update the parameters. At the end of the update process, the derivative value of the functions is
returned. For this reason, the activation functions used in deep learning architectures should have the
ability to receive derivative continuously. Deep learning architectures have started to attract the
attention of users with the use of activation functions. In the literature, deep neural networks were
started to be trained by using ReLU, LReLU, ELU, PReLU, swish and similar activation functions, and
success results were achieved [7-11]. Activation functions in deep learning architectures are expected
to have features such as being derivative, non-linear, reaching the global optimum without being stuck
in the local optimum.

In this study, general research is carried out on the proposed activation functions in the literature.
However, non-linear activation functions used on deep learning architectures are examined. In the
literature, many fixed and trainable activation functions have been proposed, and the number of studies
conducted in this area by years is shown in Figure 1.
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Figure 1. Number of studies conducted in the literature on activation functions [5]
In the literature, with the developing technology is increasing the number of studies on deep learning
algorithms. In deep learning algorithms, features such as the ability to perform the learning process

properly and increase the accuracy performance are important. Therefore, many studies on the
development of the activation function are appear in the literature.

2. Fixed Parameter Activation Functions

Non-linear fixed parameter activation functions has work actively on deep learning architectures
without taking any external parameters. Fixed parameter activation functions used in the literature are
expressed as sigmoid, hyperbolic tangent, ReLU, softplus, swish [7-11].

2.1.Sigmoid Activation Function

In deep learning architectures, back propagation algorithm has prefer in order to realize the learning
process between neurons. The back propagation algorithm are performs the updating process by taking
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derivatives of the parameters in the architectures. Therefore, it is important that in the activation
functions are derivation. In linear activation functions, with the help of back propagation algorithm is
returned a fixed value when the derivative is carried out. Therefore, it cannot perform the learning
process on deep learning architectures. In order to overcome this problem, a non-linear sigmoid
activation function, which can derivative in figure 2, is proposed [12, 13]. In Equations 2.1 and 2.2, the
normal and derivatives of the sigmoid activation function are given.

Sigmoid

Derivative

Figure 2. Sigmoid activation function
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In Equation 2.1, parameter x represents the input data in the sigmoid activation function. In figure 2
shows the normal and derivative forms of the sigmoid activation function. Sigmoid is the most
commonly preferred activation function among non-linear functions. In Figure 2, the termination of the
derivative operation after the interval [-5.5] causes the learning process to stop and reveals the
vanishing gradient problem [14,15]. In addition, back propagation algorithm is used to be the derivative
result small of the sigmoid activation function and to update the parameters in the neural network
structure. Therefore, the weights will not be updated at the desired level and the learning process in
neural networks will be interrupted. Because of this problem, the sigmoid activation function is not as
popularly used as it used to be.

2.2.Hyperbolic Tangent Activation Function

The hyperbolic tangent activation function is a non-linear activation function that and can perform the
derivative operation. The hyperbolic tangent activation function is in structure similar to the sigmoid
activation function. In Figure 3 and Equation 2.3, 2.4, the hyperbolic tangent activation function is seen
its normal and derivative states [16].
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Figure 3. Hyperbolic tangent activation function
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When Figure 3 is examined, the hyperbolic tangent activation function are seen in the sigmoidal curve
and the S-shaped curve. While the sigmoid activation function can produce output between [0,1], the
hyperbolic tangent activation function can produce values between [-1,1]. It is observed that the
learning process continues on negative values due to the hyperbolic tangent activation function value
range. However, it faces the vanishing gradient problem due to the derivative values approaching zero
after [-1,1] values [14].

2.3.ReLU Activation Function

In sigmoid and hyperbolic tangent activation functions, the vanishing gradient problem arises because
it cannot be derivative after a certain threshold value. Therefore, the ReLU activation function has been
developed in order to find a solution to the vanishing gradient problem. The ReLU activation function
is a non-linear activation function that and can perform the derivative operation. Equations 2.5 and 2.6
show the ReLU activation function [7].

RelU
Derivative

Figure 3. ReLU activation function
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df(x) (0, x<0 (2.6)
dx {1, x=0

ReLU is widely used because it overcomes the vanishing gradient problem. However, the ReLU
activation function is faces the problem of negative region. Since negative values are set to zero, the
derivative of the values cannot be taken and the learning process slows down [4, 18]. One of the biggest
advantages of the ReLU activation function is that the computational load is low compared to other
functions and it can be widely used in multi-layered architectures. It is one of the most widely used
activation functions in deep neural networks.

2.4.Swish Activation Function

The swish activation function was developed by Google researchers, similar to the sigmoid activation
function in Equations 2.7 and 2.8 [12]. The Swish activation function does not always have a single and
continuous positive or negative derivative throughout the entire architecture. In addition, instead of
taking only positive derivatives over all points, like the sigmoid function, it has negative derivatives over
certain points. The developers have demonstrated that the swish function outperforms the commonly
used ReLU activation function by testing it on challenging datasets. Figure 4 shows the normal and
derivatized version of the swish activation function.

Swish

Derivative

Figure 4. Swish activation function
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In Equation 2.8, the parameter o represents the sigmoid function. Since the sigmoid function faces the
vanishing gradient problem, the learning process is not at the desired level. Due to this problem, the
sigmoid function has begun to lose its former popularity. In order to regain its former popularity, it
defines the swish function with the help of the multiplication of the current inputs and the sigmoid
activation function, as seen in Equation 2.7. In addition, it is seen that the swish function overcomes the
negative region problem seen in the ReLU function, as in Figure 4 [12]. It is widely used mainly in image
processing studies [19].
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3. Parametric Activation Functions

Among the non-linear functions, the parameterized activation function is the functions that allow us to
work actively on deep learning architectures thanks to the parameter value. Parametric activation
functions used in the literature are expressed as LReLU, ELU, SELU, RSigELU [4, 8- 12].

3.1.LReLU Activation Function

The LReLU activation function was developed to cope with the negative region problem that occurs in
the ReLU activation function [8]. The negative zone problem is that negative values are set to zero during
processing. As a result of this adjustment, the learning process does not occur as a result of the death of
some neurons due to the fact that negative outputs cannot be differentiated. The LReLU activation
function, in other words, is an advanced variant of the ReLU activation function. In order to overcome
the current problem, LReLU sets the activation function like Equations 3.1 and 3.2 instead of setting zero
when the input value x is less than zero as in Equation 2.3. Figure 5 shows the normal and derivatized
state of the LReLU activation function.

LReLl
Derivative

L

Figure 5. LReLU activation function
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By adding a slope parameter «a to Equation 3.1 instead of setting negative values to zero as in Equation
2.3, the LReLU activation function that can overcome the negative region problem has emerged. Thus, it
is observed in the literature that it is widely used in deep learning studies as an alternative to the ReLU
activation function.

3.2.ELU Activation Function

The ELU activation function was developed to cope with the negative region problem arising from the
ReLU activation function and inspired by natural gradients [9]. The ELU activation function is adopts
the positive region like the ReLU activation function, which effectively avoids the vanishing gradient
problem. It is also used like Equations 3.3 and 3.4 as an exponential function in the negative part like
the LReLU activation function. Thanks to the ELU activation function, neuron deaths are prevented
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within the deep learning architecture. Thanks to this feature, it stands out with its faster convergence
and continuous learning feature [19]. Figure 6 shows the normal state and the derivatized state of the
ELU activation function.

ELU
Derivative

Figure 6. ELU activation function
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In summary, the ELU activation function works slower than the ReLU activation function due to the
exponential expression [9]. Time is an important factor when convolutional neural network
architectures are applied on real-time data. Therefore, it is used as an alternative to the ReLU activation
function. ELU activation function gives better performance in classification and training speed for a=0.3
[20].

3.3.SELU Activation Function

The SELU activation function developed by Klambauer et al. and was developed as in Equations 3.5 and
3.6 in order to overcome the slow work in the ELU activation function [21]. In addition, the SELU
activation function can overcome the negative region problem found in the ReLU activation function,
which effectively avoids the vanishing gradient problem. In this way, SELU works actively in both
positive and negative regions. Figure 7 shows the normal and derivatized state of the SELU activation
function.
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Figure 7. SELU activation function
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Equations 3.5 and 3.6 use two constant parameters a and A. The best results with SELU are obtained
witha = ~ 1.6732 and A = ~ 1.0507 values. When the equation is examined, when x > 0 value, ReLU
behaves like an activation function. SELU can perform the learning process robustly due to its self-
normalization feature, analytically zero mean and unit variance convergence, and allows it to be trained
over many layers [22, 23].

3.4.RSigELU Activation Function

It was developed to deal with the problem of the vanishing gradient problem occurring in the sigmoid
and tangent activation functions and the negative region problem occurring in the ReLU activation
function [4]. The proposed activation function has proposed single and double parameter RSigLUS and
RSigELUD activation functions to overcome the existing problems. It is ensured that the proposed
activation function works actively in positive, negative and linear regions. Equations 3.7, 3.8, 3.9 and
3.10 of the activation functions of RSigELUS and RSigELUD are given. Figure 8 shows the behavior of the
RSigELU activation function.
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Figure 8. Behavior of proposed RSigELUS (a) and RSigELUD (b) function
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In Equations 3.7, 3.8, 3.9 and 3.10, ¢ and B represent the defined slope coefficients. While the slope
coefficient of a provides the control of the positive region, the control of the negative region is provided
with B. As a result, the activation functions should have features that allow the network to converge
easily and quickly. In addition, there should be no vanishing gradient problem in the designed activation
functions, the outputs should be symmetrical to zero, it should be applicable after each layer and can be
calculated millions of times in deep neural networks. When the equations were examined, they reported
that the behaviour of the activation function was like ReLU when the parameter a was 0. Also, when a
parameter is 0 and 3 value is 0.2, RSigELUD activation function behaves like ELU activation function [40-
42]. When Equations 3.9 and 3.10 are examined, it is seen that RSigELUS and RSigELUD activation
functions work on both negative and positive regions when derivatives are taken. Other activation
functions defined in the literature are shown in Table 1.
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Table 1. Activation Functions Used in the Literature

84

Activation Name Year State Function Derivative State Function
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Activation functions enable to work and learn better the deep learning models by revealing the hidden
features of real-world problems. However, if deep learning models are run without choosing activation
functions, the desired success cannot be achieved with limited learning. Therefore, the deep learning
architectures used cause it to behave like linear regression. For this reason, non-linear activation
functions are preferred in deep neural network architectures. The first is the fixed activation functions,
the second is the trainable activation functions. Also, activation functions commonly evaluated
according to error value, success rate, and confidence interval profile.

4. Conclusion

Since deep learning architectures work on complex problems, linear activation functions lose their
competence. Because activation functions are the basis for learning the complex and continuous
relationship between the variables and reaching the global optimum. In addition, there should be no
vanishing gradient problem in the designed activation functions, and the outputs should be applicable
after each layer in deep neural networks [35-42]. In this article, we have discussed, focusing on those
that are the most common fixed and trainable activation functions presented in the literature. Non-
linear activation functions are except for the sigmoid and hyperbolic tangent activation functions, the
vanishing gradient problem is overcome and it is seen that deep neural networks are trained
continuously. In the study, we report the best values obtained without paying attention to the different
architectures or experimental setup used for different purposes in the literature.
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