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Abstract

Activation functions are key components of neural networks, as they determine neuron out-
puts based on inputs and weights. Nevertheless, the choice of activation function is often
made without a comprehensive analysis. This thesis investigates the impact of activation
functions on the performance of convolutional neural networks (CNNs) in image classifica-
tion tasks on two datasets, CIFAR-10 and Fashion MNIST. A series of experiments was
designed and conducted, focusing on classification accuracy, convergence speed, generaliza-
tion ability, gradient magnitudes, and resistance to FGSM attacks. The main contribution
of this thesis is the comprehensive analysis of various activation functions, including com-
monly used ones, sinusoidal activations, linear combinations, and the SELU function with
a focus on internal normalization. Additionally, the study introduces effective techniques
like noise injection into the activation functions and stochastic activation function selection
as defense mechanisms against FGSM attacks.

Abstrakt

Aktivaéni funkce jsou klicovymi komponentami neuronovych siti, protoze urcuji vystupy
neuront na zakladé vstupl a vdh. Vybér aktivacnich funkci se nicméné casto provadi bez
komplexni analyzy. Tato bakalarska prace zkouma vliv aktivac¢nich funkci na vykon kon-
voluénich neuronovych siti (CNNs) pri ulohach klasifikace obrazii na dvou datovych sadéch,
CIFAR-10 a Fashion MNIST. Byla navrzena a provedena fada experimenti, zaméfenych
na presnost klasifikace, rychlost konvergence, schopnost generalizace, velikosti gradientii a
odolnost proti ttokim FGSM. Hlavnim pfinosem této prace je komplexni analyza rtznych
aktivacnich funkci, vCetné bézné pouzivanych funkci, sinusovych aktivaci, linearnich kom-
binaci a funkce SELU se zaméfenim na vnitini normalizaci. Déale studie predstavuje t¢inné
techniky, jako je pridani Sumu do aktivac¢nich funkci a stochasticky vybér aktivacni funkce,
jako obranné mechanismy proti ttokiim FGSM.

Keywords

Activation functions, trainable linear combinations of activation functions, stochastic selec-
tion of activation functions, noise injection to ReLU, periodic activation functions, SELU,
trainable activation functions, resistance to FGSM.
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Rozsireny abstrakt

Aktivaéni funkce jsou klicovou soucasti neuronovych siti, protoze urcuji vystupy neuronu na
zakladé vstupi a vah a zavadéji do modelu nelinearitu, ¢imz zasadné ovliviuji proces uceni.
Vybér aktivacnich funkci se nicméné c¢asto provadi bez komplexni analyzy. Tato bakalarska
prace se zaméruje na podrobnou analyzu vlivu raznych aktiva¢nich funkei na vykonnost
konvolué¢nich neuronovych siti (CNN) pii klasifikaci obrazovych dat. Cilem bylo zjistit, jak
rozdilné aktivacni funkce ovliviuji presnost klasifikace, rychlost konvergence, generaliza¢ni
schopnost, velikost gradient a odolnost vici itokim FGSM.

V rédmci feseni bylo navrzeno nékolik experiment na datovych saddch CIFAR-10 a
Fashion MNIST. Testovany byly standardni aktivacni funkce jako sigmoid, tanh, ReLU a
jeji varianty (SELU, SiLU, ELU, GELU, parametrické ReLU), ale také méné bézné pristupy
— sinusova aktivacéni funkce sin(z), linedrni kombinace nékolika aktiva¢nich funkei s tréno-
vatelnymi parametry a dale pristupy zaloZené na stochastickém vybéru aktivacni funkce a
pridéani sumu (Gaussovsky, Poissontuv, rovnomérny) do vystupu aktivacni funkee.

Vysledky experimenti ukazaly, Ze pro jednodussi tlohy jako Fashion MNIST nema volba
aktivacni funkce zasadni vliv na vykon modelu, zatimco u slozitéjsich tloh jako CIFAR-10
je vybér aktivac¢ni funkce klicovy. ReLU a jeho varianty dosahovaly vysoké presnosti, ale
byly nachylnéjsi k pfeuceni. Sigmoidni a tanh funkce se vyznacovaly lepsi generalizaci, ale
pomalejsi konvergenci a problémy s mizejicim gradientem, zejména u CIFAR-10.

Sinusova funkee sin(z) prokazala schopnost efektivni konvergence, avsak model nevyuzi-
val periodi¢nosti funkce naplno, zejmena v pripadé CIFAR-10. Navic pfi pouziti sinusové
funkce se projevily problémy s explodujicimi gradienty, coz vyzadovalo dodate¢nou regulaci.

Linearni kombinace vice aktivac¢nich funkci s trénovatelnymi vahami sice nabidla flexi-
bilitu a teoretickou moznost napodobit kteroukoliv ze zdkladnich funkci, nicméné v praxi
tyto kombinace nedosahly lepsich vysledk nez ReLU.

SELU s interni normalizaci vykazovala lepsi stabilitu nez ReLU v pozdéjsich epochéch,
obzvlast pri pridani Sumu do vstupnich dat.

Zavedeni sumu do ReLU vyrazné zvysilo odolnost sité vici adversaridlnim utoktm typu
FGSM. Podobného efektu bylo dosazeno i ndhodnym vybérem aktivac¢ni funkce.

Tato prace prinasi komplexni prehled o tom, jak rtizné aktivizacni funkce ovliviuji uc¢eni
a ukazuje, ze techniky, jako je pridani sumu do aktiva¢nich funkci a stochasticky vybér
aktiva¢ni funkce, mohou byt efektivni obrannou strategii proti itokiim FGSM. Vysledky
prace poskytuji podnéty pro dalsi vyzkum v oblasti robustnosti neuronovych siti a ndvrhu
novych aktivacnich funkeci.
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Chapter 1

Introduction

Activation functions are essential in neural networks as they determine the output of a
neuron based on its input and weight, and nonlinear functions are particularly important
as they enable the neural network to solve complex nonlinear problems. Moreover, activa-
tion functions significantly affect the network’s ability to converge and generalize from the
training data.

The choice of activation function in single-layer neural networks, as well as for the
output units in deep neural networks, is significantly influenced by the type of distribution
being modeled and the desired outcome of the classification task.

In the context of hidden units of deep neural networks, a wider range of activation
functions becomes relevant. The only essential requirement is that these functions must be
differentiable to enable gradient-based optimization, which leaves a variety of possibilities
for activation function selection depending on the architecture and the problem being solved.

Commonly used activation functions include the logistic sigmoid, hyperbolic tangent
(tanh), Rectified Linear Unit (ReLU), and softmax. Each function has distinct advantages
and disadvantages that impact the learning process, such as susceptibility to the problem of
vanishing gradients in the case of sigmoid and tanh functions, the computational efficiency
of ReLU, or the multiclass classification capabilities of softmax [3].

The choice of activation function is crucial to the performance of neural networks, yet
it is common practice to apply the same activation function across all hidden layers with
insufficient consideration of alternative approaches. While ReLlU is often used by default
due to its computational simplicity and efficiency, this approach may overlook activation
functions that could be better suited for specific problems.

The aim of this bachelor’s thesis is to provide a deeper understanding of how these
variations affect network behavior and performance by experimenting with a range of known
and custom activation functions.

Chapter 2 covers relevant machine learning fundamentals. The proposed experimental
design, including the choice of datasets and evaluation criteria, are introduced in chapter
3, while chapter 4 details the experimental setup and presents and interprets the results
obtained through experiments. Chapter 5 summarizes the obtained findings.



Chapter 2

Methodology

This chapter discusses the theoretical fundamentals of machine learning, from early neural
networks to their modern implementations, and explains their main components.

2.1 Introduction to Neural Networks

Neural networks are models designed to solve complex problems, originally inspired by the
human nervous system. Neurons in the brain communicate through electrical and chemical
signals, forming an interconnected system that processes and transmits information. Artifi-
cial neural networks simplify these biological processes into mathematical models. The first
artificial neural network, introduced by McCulloch and Pitts in 1943, laid the foundation
for computational learning by representing a neuron as a sum of inputs with weights passed
through a nonlinear activation function [30]. Mathematically, this is expressed as:

M
a=> wa, y=fla),
=1

where x; are inputs, w; are weights representing strengths, a is the pre-activation, and
f(+) is the activation function [3]. This fundamental model provided the basis for further
advancements in machine learning to the present day.

2.2 Perceptron

The perceptron is considered the first of three key phases in the history of neural network
development [3]. It was one of the earliest models of artificial neural networks, introduced
and simulated by Frank Rosenblatt in 1957 [34], and later extended in his 1962 book [35].
The perceptron is a single-layer neural network designed for binary classification tasks.

The perceptron is referred to as a single-layer neural network, even though it has multiple
processing layers in its structure. This is because only one layer is learnable from the data,
where each node is connected to the input features through weights. The output is computed
by passing the weighted sum of the inputs plus a bias term through the nonlinear activation
function.



The perceptron is characterized by its use of a nonlinear step activation function [3]:

0 ifa<0,
f(a)_{l if a> 0.

The output is computed as:

y(z) = f(whe(x)),

where ¢(z) is the transformed input vector, w’! represents the transposed weight vector,
and f(-) is the step function.

The perceptron algorithm aims to minimize misclassification by adjusting the weights
during training. The perceptron learning algorithm works by calculating the output for
each input pattern, updating the weights by adding or subtracting the feature vector if the
output is misclassified, and repeating this process until convergence.

The error, or loss, function, based on the total number of misclassified patterns, is
piecewise constant with discontinuities. This characteristic makes methods that rely on
changing weights using the gradient of the loss function ineffective, as the gradient is zero
almost everywhere. An alternative loss function called the perceptron criterion is used to
provide a continuous, linear loss function, allowing for weight updates during training.

The perceptron convergence theorem guarantees that if the data is linearly separable,
the algorithm will eventually find a solution. However, if the data is not linearly separable,
the algorithm will fail to converge. Additionally, the perceptron does not generalize easily
to more than two classes and does not provide probabilistic outputs [2].

Modern uses of perceptrons mainly involve multilayer perceptions (MLP), which is some-
times used to refer to multilayer feedforward networks with fully connected layers. MLP can
perform binary and multiclass classification problems, as well as more complex prediction
problems such as part-of-speech tagging and sequence segmentation in natural language
processing (NLP) [14].

2.3 Backpropagation

The introduction of modern backpropagation represents the second milestone in the evo-
lution of neural networks. The algorithm was initially introduced in several studies during
the 1970s, first applied to neural networks in 1982 [50], and formally described as a com-
ponent of machine learning in 1986 [36]. Backpropagation revolutionized neural networks
by enabling the training of multilayer neural networks with multiple layers of parameters.

The algorithm relies on differential calculus and gradient-based optimization to prop-
agate errors backward through the network, enabling the optimization of parameters in
all layers of the neural network. This process is critical for updating the weights during
training. The main modifications made to earlier versions of neural networks involved re-
placing the step activation function with differentiable activation functions and introducing
differentiable loss functions to enable gradient-based optimization of parameters.

The parameters of each layer are first initialized using a random number generator or a
specific initialization algorithm. A forward pass is then performed to compute the output
and evaluate the loss function, giving rise to the term ,feedforward neural networks“ (FNN).
During the error backpropagation process, errors are propagated from the output layer
to the input layers. This process calculates the gradients for each parameter, which are

10



subsequently used by optimization algorithms, such as stochastic gradient descent (SGD),
to update the parameters iteratively [3].

The introduction of backpropagation was an important milestone as this method made
it possible to train multilayer neural networks.

2.4 Deep Neural Networks

The third key phase of the evolution of neural networks is the current phase of deep neural
networks with many hidden layers [3]. One of the reasons for the deepening of neural
networks was the development of training of neural networks with the use of graphics
processing units (GPUs). The idea, first published in 2004 [31] and studied in the following
years [43] [5], enabled faster and more efficient computations for training deep learning
models. It laid the foundation for developing deeper and more sophisticated architectures.

As the architectures grew in complexity, so did the number of parameters. In the 1980s,
neural networks typically contained only a few hundred or thousands of parameters, but
this number has grown dramatically over time. Modern state-of-the-art models can contain
up to a trillion (10'2) parameters [3].

However, the depth of these networks can cause problems such as the problem of van-
ishing or exploding gradients, which can hamper the training. In addition, the increase
in depth often slows the training process, making optimization more complex. To address
these issues, techniques like residual connections, introduced in 2015 through the ResNet ar-
chitecture [17], have been employed. These connections allow information to bypass certain
layers.

2.5 Convolutional Neural Networks

A convolutional neural network (CNN) is a type of feedforward network that is used mainly
for computer vision tasks.

The first CNN architecture, along with max pooling, which is an important downsam-
pling method used in CNNs, was introduced in 1979 by Fukushma [13]. However, back-
propagation, which is now a standard method in training neural networks, was not used in
the learning algorithm of this pioneering model. Notably, this scientist was also the first
to employ the ReLU activation function for visual feature extraction [12], which has since
become a widely favored activation function in CNNs.

The time delay neural network (TDNN), introduced by Waibel et al. in 1989 [49],
extended the concepts of CNNs to phoneme recognition tasks. Phonemes are the smallest
possible speech sounds of the language. The TDNN utilized backpropagation, which was
not implemented in the learning algorithm of the pioneering CNN.

A significant milestone in CNN development was LeNet, introduced by LeCun et al. in
1989, which was successfully used for handwritten ZIP code recognition [26]. This evolved
into LeNet-5 in 1998, a deeper architecture capable of recognizing digits in 32x32 pixel
images, becoming one of the first practical applications of CNN in banking systems to
process handwritten checks [27].

Wei Zhang made significant contributions to the theoretical foundations of CNNs. In
1990, Zhang et al. introduced a parallel distributed processing model with local space-
invariant interconnections, which means that connections between neurons follow a pattern
that remains unchanged regardless of the location of those neurons, which enables the model
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to classify patterns even if the objects are shifted, deformed or distorted [54]. Furthermore,
Zhang’s research on using CNNs for the detection of cancer in digital mammograms marked
an important application of neural networks in medical imaging [53].

The beginning of the 21st century was marked by the development of training of neural
networks with the (GPUs), which significantly increased the complexity and performance
of CNNss.

This advancement led to the emergence of deep architectures such as the GPU-trained
CNN introduced in 2011, which achieved superhuman performance in visual pattern recog-
nition contests [7]. AlexNet, introduced in 2012, also won the computer vision competition
due to its excellent performance and again demonstrated the power of deeper networks
trained with GPUs [25]. Other important models include architectures such as very deep
Visual Geometry Group (VGG) [39], and GoogleNet, which introduced the inception mod-
ule, which creates parallel branches of convolutional kernels of different sizes to enhance
the feature extraction [46].

To address the challenges of training very deep neural networks, more advanced archi-
tectures were proposed, such as Highway Networks [42] and their well-known variant ResNet
[17], which allow data to skip layers. Highway Networks introduced gating mechanisms that
help regulate the flow of information across many layers, inspired by the recurrent neural
network architecture long short-term memory (LSTM) [19]. These skip connections facili-
tate the effective training of networks with hundreds of layers. This idea was extended by
the concept of dense connectivity, which was introduced by Huang et al. in 2017 with the
DenseNet architecture [21], where each layer is connected to every other layer, promoting
feature reuse and improving learning efficiency.

2.5.1 Architecture of CNNs

The architecture of CNNs generally consists of several key components: an input layer, a
sequence of convolution and pooling layers, fully connected layers, activation functions, and
an output layer. The input layer receives raw data, while the following initial layers, com-
posed of convolution and pooling layers, focus on feature extraction. The fully connected
layers perform classification or regression tasks on the extracted features and produce the
output layer.

Convolution layers use filters or kernels, which are small matrices applied to the input,
to detect features such as edges, textures, or more complex shapes. Each kernel consists of
three dimensions: length, width, and depth. The length and width represent the size of the
kernel, with the most commonly used sizes being 3 x 3 and 5 x 5. The depth corresponds
to the number of channels or the number of feature maps produced at the output of this
layer. As the depth increases, feature extraction can be enhanced, but this also leads to a
rise in computational complexity.

The convolution is performed by moving the kernel over the input image, element-wise
multiplying the kernel and the portion of the image it covers, and then summing the results
to produce a resulting pixel in the output feature map. The size of the output feature map
is influenced by the size, stride, and padding of the kernel. Stride refers to how much the
kernel shifts across the input image after each operation. A padding represents the number
of extra pixels added around the border of the input image to preserve the dimensions after
the convolution.

The activation functions are typically applied to the resulting feature maps to add
nonlinearity to the model.
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Pooling, or down-sampling, layers, which typically follow convolutional layers, serve to
reduce the dimensions of feature maps and decrease the computational complexity of the
model. The pooling layers again have the kernel size that represents the length and width
of the region to be aggregated during the operation, and the stride, which defines the shift
of the kernel after the operation. The most widely used pooling functions are max-pooling,
where the maximum value within the region is selected, and average pooling, which selects
the arithmetic mean of all values in the region.

Fully connected layers reduce the number of neurons after the feature maps have been
processed by convolutional and pooling layers. Each neuron in fully connected layers is
linked to all the neurons in the previous layers, similar to the structure of MLP networks
[55]. They aggregate the learned features into a one-dimensional vector, making it suitable
for the final classification or regression task. Typically, an activation function is applied
after the fully connected layers to add nonlinearity. The selection of the activation function
for the output layer depends on the type of distribution being modeled. The softmax
activation function is typically used for multiclass classification, while the logistic sigmoid
activation function is often applied for binary classification tasks.

2.6 Loss Functions

Loss function, also referred to as a cost or error function, is a quantitative measure of how
well predictions align with the actual data.

For regression problems, where the model predicts continuous values, the loss functions
directly measure the magnitude of residuals, which are the difference between the observed
and predicted values. For such tasks, commonly used loss functions include Mean Bias
Error (MBE), Mean Absolute Error (MAE), and Mean Squared Error (MSE) and others
[6].

In classification tasks, where the goal is to assign inputs to discrete classes, loss functions
measure the difference between the output probabilities and the actual labels. For binary
classification tasks, the Binary Cross-Entropy (BCE) loss is widely used, while for multi-
class classification, the Categorical Cross-Entropy (CCE) loss is one of the most popular
approaches. The CCE loss is mathematically expressed as follows:

1 N C
L=—+ >Ny log(piy),
i=1 j=1
where NV is the number of samples, C'is the number of classes, ; ; is a ground truth, that
equals 1 if sample ¢ belongs to class j, p; ; is the output probability of sample ¢ belonging
to class j [48].

2.7 Optimization Algorithms

Optimization algorithm is an integral part of the neural network training process, as it
allows updating the model parameters in order to minimize the loss function [44].

One important parameter of optimization algorithm is the learning rate, which specifies
the size of a step at which the model parameters are updated during training. Choosing an
appropriate learning rate is crucial, as optimization with a very large value can result in
divergence, while small value can cause slow convergence or convergence to a local minimum
of the loss function [51].
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A common approach is gradient-based optimization, where the parameters are adjusted
based on the gradient of the loss function. The earliest and the most common optimization
method is the gradient descent, where parameters are updated iteratively by moving in the
opposite direction of the gradients.

Stochastic Gradient Descent (SGD) reduces the update time and the computational
complexity of gradient descent by updating the model parameters based on one randomly
selected sample per iteration. Thus, it calculates the estimation of the real gradient instead
of directly calculating the exact gradient.

However, SGD’s random sample selection introduces additional noise, leading to oscil-
lations of gradient direction during training. To solve this problem, a compromise between
the gradient descent and SGD, the mini-batch gradient descent method (MSGD), was pro-
posed. The difference is that the model parameters are updated based on a small batch of
samples, rather than a single sample or the entire dataset.

SGD with momentum is another approach, which can accelerate the convergence by
introducing a variable that preserves the influence of previous update directions on the
next iteration to a certain degree.

Nesterov Accelerated Gradient Descent (NAG) is a momentum-based optimizer that
enhances the previous method by ,looking ahead“ to the future position of parameters
when calculating gradients. This approach incorporates more gradient information, leading
to faster convergence [44].

Adaptive gradient-based methods, such as AdaGrad, Root Mean Square Propagation
(RMSprop), Adam, AdamW, AdaDelta, and AdaMax, dynamically adjust the learning
rates for each parameter based on historical gradient information, often leading to better
performance on complex datasets. Among them, AdaGrad was one of the earliest adaptive
learning rate methods proposed to enhance SGD by adjusting the learning rate based on
the sum of squared gradients from previous iterations.

Building upon this idea, Adaptive Moment Estimation (Adam) combines the benefits of
momentum and adaptive learning rates by maintaining an exponentially decaying average of
the gradients and an exponentially decaying average of the squared gradients [44]. Adam has
become one of the most commonly used optimization algorithms due to its high efficiency.

2.8 Activation Functions in Neural Networks

Activation functions are essential elements of neural networks because they determine the
output of the neuron by applying a mathematical function to its input and weights. Ac-
tivation functions can be divided into two types: linear and nonlinear. Linear activation
functions, however, are rarely used in modern neural networks, as they perform a linear
transformation and do not allow a neural network to approximate complex, nonlinear re-
lationships in the data. A neural network with only linear activation functions in hidden
layers would essentially act as a single-layer network, as successive linear transformations
are equivalent to a single transformation [2]. This limitation is why nonlinear activation
functions such as softmax, ReLU, sigmoid, and tanh are predominantly used in practice.
The activation functions in the output layers are chosen depending on the distribution
that needs to be modeled. For hidden layers, the only important requirement is that the
function needs to be differentiable to allow backpropagation, which allows researchers to
explore how different activation functions influence key neural network parameters such as
convergence speed, classification accuracy, resistance to adversarial attacks, and so on.
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While there is a range of commonly used activation functions that have been extensively
studied and applied in various architectures, researchers continue to explore novel activation
functions to improve network performance.

2.8.1 Logistic Sigmoid Activation Functions

Logistic sigmoid is a nonlinear differentiable activation function that was widely used in
the early stages of neural network development. While its use has diminished in mod-
ern architectures due to its limitations, such as vanishing gradients, it remains relevant
in specific applications. Logistic sigmoid is particularly suitable for binary classification
tasks or probability predictions, as it maps input values to a range of 0 to 1, representing
probabilities.

The function is mathematically defined as:

1
o) ==

The sigmoid function is differentiable, and its derivative is given by:
o' (z) = o(x)(1 — o(x))[45)].

The graph of the logistic sigmoid function is displayed in Figure 2.1, while the graph of
its derivative is shown in Figure 2.2.
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Figure 2.1: Logistic Sigmoid Function Figure 2.2: Derivative of Sigmoid Function

The derivative of the logistic sigmoid function reveals that the gradients are significant
only within the range of approximately -5 to 5. Outside of this range, the gradient values
of the function will be very small and approach zero. As the depth of the neural network
increases, it may encounter the problem of vanishing gradients. This occurs when the
gradients of the early layers diminish significantly during backpropagation due to the chain
rule, causing the training of these layers to slow down or, in extreme cases, to stop entirely.

Another challenge of the sigmoid function is that it is not symmetric around zero. Since
all gradients and outputs in a layer have the same sign, this creates imbalanced gradients
for positive and negative inputs. This can potentially cause slower convergence, particularly
in deeper networks.
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2.8.2 Hyperbolic Tangent Activation Function

Hyperbolic tangent or tanh activation function is closely related to logistic sigmoid function.
In fact, it is a scaled and shifted version of the logistic sigmoid function, which maps input
values to the range from -1 to 1. Notably, every network with the logistic sigmoid activation
functions in its hidden layers has an equivalent network utilizing the hyperbolic tangent
function [2].

The tanh function is mathematically defined as:

et —e T
et +e T’

The tanh function is differentiable, and its derivative is expressed as:

tanh(z) =

tanh’(z) = 1 — tanh?(z).

The hyperbolic tangent function is displayed in Figure 2.3, and its derivative is presented
in Figure 2.4.
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As illustrated in the graph of the derivative, the tanh function also suffers from the
vanishing gradient problem. However, its zero-centered outputs provide an advantage over
the logistic sigmoid function, improving gradient-based optimization in deep networks [45].

2.8.3 Softmax Activation Function

Softmax activation function generalizes the logistic sigmoid function to multiple dimensions,
transforming an input into a probability distribution. This makes it particularly useful in
the output layer of neural networks designed for multiclass classification, where probabilities
indicate the likelihood of each class.

Mathematically, the softmax function o is defined as:
x;

o(x)j= ———, fori=1,...,K,
' Zf:l ers

where = = (z1,72,...,7x) € R is the input vector, and K is the number of classes.
Each value o(z); of the output vector is within the range from 0 to 1, and the sum of all
components is 1, which represents probabilities [16].
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2.8.4 ReLU Activation Function

Rectified Linear Unit, or ReLLU, is one of the most effective and best-performing activation
functions and is widely used in various architectures due to its simplicity and computational
efficiency. Despite its name, ReLU is a differentiable piecewise linear function. It maps
negative inputs to 0, while positive values remain unchanged, which enables ReLLU to have
a derivative everywhere except 0. The derivative at 0 is typically assigned a value of either
0or 1.

Mathematically, the ReLLU function is expressed as:

ReLU(z) = max(0, z).
The derivative of the ReLLU function is expressed as:

0 ifx <0,

ReL.U'(z) = {1 if 2> 0

The ReLLU function is displayed in Figure 2.5, and its derivative is presented in Figure
2.6.
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ReLU activation function has several advantages in comparison with the activation
functions discussed earlier. One important strength is computational efficiency due to
sparse activation, where approximately 50% of neurons are activated.

Additionally, due to its linear property, ReLU does not saturate in either direction and
avoids the vanishing gradient problem that is common in sigmoid-like activation functions.
ReLL.U is unbounded, and it has been reported that neural networks with unbounded activa-
tion functions have the property of universal approximation and are theoretically capable of
approximating any function due to large gradients, which allow efficient feature extraction
[41].

However, large gradients can lead to the ,exploding gradients* problem, which occurs
when gradients during backpropagation become very large and can cause unstable parame-
ter updates and even convergence failure. To address this issue, techniques such as gradient
clipping, proper weight initialization, and normalization layers are often used to ensure that
gradients remain within a certain range.
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Another significant limitation of ReLLU is the ,Dying ReLU* or ,dying neurons“ prob-
lem. This issue arises due to sparse activation, which occurs when the inputs to a neuron
are always negative, causing the neuron to output zero for all inputs. As a result, no gradi-
ent flows through the neuron during backpropagation, and the weights of the neuron stop
updating. This leads to dead neurons that no longer contribute to the learning process. A
solution to this problem is to use leaky ReLU, where a small positive slope is added for
negative inputs, which ensures that neurons do not become completely inactive [45].

2.8.5 Leaky ReLU Activation Function

The leaky ReLU (leaky Rectified Linear Unit) is an altered variant of the ReLU activation
function. By introducing a small positive slope for negative inputs, it enables backpropaga-
tion for negative inputs and thus effectively addresses the problem of ,dying ReLU*. While
it shares many of the advantages of ReLLU, the training process can be more time-consuming
due to additional computations.

The leaky ReLU function is mathematically defined as:

ar ifz<0
Leaky ReLU = -
(Leaky ReLU)(z) {x if x >0,

where « is the slope for the negative part of the input. The derivative of the leaky ReLLU
function is given as:

a ifx <0,

R A

The leaky ReLU is displayed in Figure 2.7, and its derivative is shown in Figure 2.8.
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Figure 2.7: Leaky ReLU Function Figure 2.8: Derivative of leaky ReLU

2.8.6 Parametric ReLU Activation Function

The parametric ReLU (parametric Rectified Linear Unit) is a modification of both ReL.U
and leaky ReLU, where the slope « is a learnable parameter. Unlike fixed values in leaky
ReLU, the slope « is optimized alongside the other network parameters through backprop-
agation, allowing the function to adapt dynamically during training.
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Mathematically, the parametric ReLLU function is defined as:

(Parametric ReLU)(x) = max(ax, z),

where « is a trainable parameter.

2.8.7 ELU Activation Function

ELU, or an Exponential Linear Unit function, is an alternative to ReLU function introduced
in 2016 by Clevert et al. [8]. Unlike ReLU, which outputs zero for negative inputs, ELU
uses an exponential curve for negative values, allowing for a non-zero output that saturates
at —a. This feature helps mitigate the issue of ,,dying neurons“ by ensuring that negative
inputs do not cause a complete loss of information and also shifts the mean activations of
neurons closer to zero compared to ReLLU, where outputs are biased towards large positive
values.

The function is piecewise, with a linear output for positive inputs and an exponential
output for negative inputs, defined as:

ae®—1) ifx <0,
x if z >0,

(ELU)(z) = {

where o > 0 is a hyperparameter that controls this saturation value for negative inputs.
The derivative of the ELU function is given as:

ae® if x <0,

1 if x > 0.

(ELUY'(2) = {

The ELU function is shown in Figure 2.9, and its derivative is displayed in Figure 2.10.
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2.8.8 GELU Activation Function

Gaussian-Error linear Unit, or GELU, is a high-performance activation function introduced
by Hendrycks and Gimpel in 2016 [18]. Unlike ReLU, which multiplies the input by 0
or 1 based on its sign, GELU multiplies the inputs by values, which are probabilistically
determined by the value of the input itself. Specifically, the GELU activation function
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scales the input z by its standard Gaussian cumulative distribution function (CDF) &(x)
as follows:

GELU(z) =2 - d(z) = 2 - % (1 + loss <5§>> ,

where ®(z) is the CDF, and loss(x) is the loss function.
Its derivative is defined as:

GELU'(z) = z - ®'(z) + ®(x).
The GELU is shown in Figure 2.11, while its derivative is shown in Figure 2.12.
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GELU, similar to how dropout works, stochastically deactivates units during training.
A GELU input with a lower value has a higher probability of being ,dropped“ based on
its probability according to a Gaussian distribution. This results in a smoother transition
between activated and deactivated neurons, which can enhance the generalization of the
model. The GELU function has been shown to outperform ReLLU and ELU in various tasks,
such as image classification and speech recognition [18].

2.8.9 SiLU Activation Function

Sigmoid Linear Unit Activation Function, or SiLU, was introduced by Elfwing et al. in
2017 [10]. SiLU function combines linearity with smooth behavior by scaling the input z
by the sigmoid function, which helps avoid sharp transitions near 0. This is mathematically
expressed as:

SiLU(z) =z - o(x),

where o(x) is the sigmoid function, defined as:

The derivative of SiLU is:



where
o (x) =o(z)(1 —o(x)).
This results in:
SiLU'(z) = o(z) + - o(x)(1 — o(x)).

The SiLU function is shown in Figure 2.13, and its derivative is illustrated in Figure
2.14.
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Compared to ReLU, SiLU and GELU activation functions produce non-zero outputs
for small negative inputs, which mitigates the problem of ,dying neurons“. Elfwing et al.
demonstrated that SiLU outperformed traditional activation functions, such as ReLU and
sigmoid, in tasks like stochastic SZ-Tetris and Tetris on small boards [10].

2.8.10 SELU Activation Function

Scaled Exponential Linear Unit, or SELU, is an activation function with self-normalizing
properties, which was introduced in 2017 by Klambauer et al. [23]. SELU is designed to
enable automatic normalization of activations across layers by driving the mean of activa-
tions towards 0 and the standard deviation towards 1. This feature accelerates convergence
during training and help mitigate exploding and vanishing gradient problems. Networks
using SELU often require no additional batch normalization layers.

The function is mathematically defined as:

ae* —1) ifz <0,
x if £ >0,

SELU(z) = A {

where A > 1 and o > 0 are constants chosen to allow self-normalization. Typically,
A = 1.0507 and o = 1.6733 are used, as these values were shown to provide optimal
performance in deep networks.

The derivative of SELU is:

ae® if x <0,

SELU (z) = A ]
1 if x > 0.
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The SELU function is shown in Figure 2.15, and its derivative is illustrated in Figure
2.16.
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Similarly to ELU, SELU also solves the ,dying neuron“ problem by allowing both pos-
itive and negative inputs to propagate through the network.

2.8.11 Significance of Activation Functions in Neural Networks

The choice of activation functions significantly impacts the performance of a neural network.
The activation functions can affect the convergence speed, generalization ability, resistance
to overfitting, classification accuracy, resistance to adversarial attacks, and so on. This
makes research on activation functions both relevant and valuable. In this bachelor’s thesis,
their influence on key neural network parameters is examined.

2.9 Relevant Tools

2.9.1 Python and PyTorch

Python is one of the most commonly used programming languages for machine learning
and data analysis due to its simplicity and large number of relevant libraries. In this work,
the PyTorch framework was employed to build and train all neural network models.

2.9.2 Visualization Tools: TensorBoard and Matplotlib

Two Python libraries were used to visualize the results of the experiments. TensorBoard
was employed as a working tool during the experimental phase, while Matplotlib was used
to create the plots presented in this thesis.

2.9.3 Compute Unified Device Architecture (CUDA)

To speed up the training of the neural networks, all experiments were performed on a Nvidia
RTX A5000 GPU, using CUDA (Computer-Unified Device Architecture). CUDA, devel-
oped by Nvidia, is a software that gives access to the GPU and enables GPU-accelerated
parallel computation [1]. PyTorch’s built-in CUDA support ensures seamless integration
with hardware.
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Chapter 3

Proposed Solution

This chapter presents the chosen datasets, experimental methodology, and the design of
experiments with activation functions.

3.1 Datasets

To conduct experiments on activation functions, two datasets were selected: CIFAR-10 and
Fashion MNIST. The CIFAR-10 dataset was chosen as a more complex benchmark suitable
for testing activation functions in deeper architectures, while the Fashion MNIST dataset
was selected as a simpler benchmark for experiments with shallower neural networks. This
selection allows for a comparative study of how different activation functions affect model
performance depending on network depth and dataset complexity.

3.1.1 CIFAR-10 Dataset

The CIFAR-10 dataset, developed in 2009 by Krizhevsky, is commonly used in research on
deep learning methods for image classification. It consists of 60,000 32 x 32 color images,
organized into 10 classes, with 6,000 images per class. The dataset is divided into training
and test subsets, with 50,000 images in the training subset and 10,000 in the test subset.
Each class represents objects such as airplanes, cars, birds, cats, and so on, making the
dataset moderately challenging due to the relatively small image size and the variation in
object appearances across different classes [24].

3.1.2 Fashion MNIST Dataset

Fashion MNIST was developed in 2017 by Xiao et al. as a more challenging alternative to
the original MNIST dataset [52]. Like MNIST, Fashion MNIST consists of 70,000 grayscale
images of size 28 x 28, organized into 10 classes, with each class containing 7,000 images.
The dataset is divided into a training set of 60,000 images and a test set of 10,000 im-
ages. However, instead of handwritten digits, Fashion MNIST contains images of different
clothing items such as T-shirts, trousers, pullovers, sandals, and so on.
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3.2 Evaluation Factors
In various experiments, the following factors were considered:

e Convergence speed: The rate at which the loss function decreases during model
training.

e Generalization ability and Overfitting resistance: The model’s capacity to
perform effectively on new, unseen data instead of memorizing the training set.

e Classification accuracy: The percentage of correct predictions out of the total
number of predictions.

« Resistance to adversarial attacks: The model’s ability to maintain high perfor-
mance under adversarial conditions.

e Gradient Magnitudes: The mean gradient per epoch, which indicates the strength
of updates to the model’s parameters.

3.3 Implementation of Adversarial Attack

The white-box FGSM (Fast Gradient Sign Method) attack was implemented to generate
targeted perturbations in the correctly predicted input data. This allowed for the evaluation
of how various activation functions behave under adversarial conditions.

Adversarial attacks, introduced by Szegedy et al. in 2014, were designed to mislead the
model into making incorrect predictions by generating intentional perturbations in input
data [47].

The FGSM attack is a technique introduced by Goodfellow et al. in 2015, where per-
turbations are generated using the gradient of the model’s loss function [15]. The FGSM
algorithm involves the following steps: compute the loss function, determine the gradients,
calculate the perturbation based on the gradient, and adjust the pixel values of the input
data [37].

The perturbation 7 is calculated as follows:

n=c¢€- s1gn(VxJ(9733uy))’

where € is the magnitude of noise, typically kept small, 6 represents the parameters of
the model, x represents the input to the model, y refers to the ground truth labels, J(0, z,y)
is the loss function used for the optimization during training.

Using this perturbation n, the adversarial image adv, can be calculated as:

advy =z + € -sign(V,J(0, z,y))[15].

A white-box attack is a type of adversarial attack in which the attacker has full infor-
mation about the model, including its parameters and gradients.

3.4 Design of Experiments with Activation Functions

The primary objective of this research was to analyze the impact of various activation
functions on the performance of neural networks. A series of experiments was designed to
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explore both traditional and novel activation functions. The key experimental settings are

outlined in 3.1:

Experiment

Objective

Common and Advanced Activations

Compare widely used functions like tanh, sig-
moid, ReLU, parametric ReLU, ELU, SELU,
SiLU, GELU.

Sinusoidal Activation

Analyze the impact of sin(x) on training and
assess the use of periodicity.

ReLU-Sigmoid-Tanh-Linear Activation

Analyze linear combination (LC) activation
function with trainable weights ReLU-Sigmoid-
Tanh-Linear.

ReLU-Sigmoid-Tanh-Linear-Sin

Analyze the impact of sin(x) as a part of LC
activation function on training.

ReLU-Tanh Activation

Analyze LC activation function with trainable
weights ReLU-Tanh.

Batch Normalization vs. SELU

Assess the impact of internal normalization ef-
fect on training.

Adding Noise to ReLLU Activation

Test the impact of adding noise to the ReLU
activation on resistance against FGSM attack.

Stochastic Activation Selection

Investigate the effect of randomly selecting the
activation function for each neuron to enhance
resistance to FGSM attack.

Table 3.1: Outline of Experiments

A detailed description of the experimental design is provided in the following chapter.
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Chapter 4

Experiments and Results

4.1 Repeated Experiments and Averaging Results

To ensure reliability of the model evaluations, each experiment was carried out twice using
random seeds 42 and 52. Although this is a relatively small number of repetitions, it was
chosen to save computational power and time, while still reducing the risk of obtaining
biased or inconsistent results due to randomness in training processes such as weight ini-
tialization and data shuffling. The final reported results were obtained by averaging the
outcomes across these independent runs.

4.2 Experiments Setup

This section describes the selection of architectures, training strategies, and hyperparameter
tuning for the upcoming experiments.

4.2.1 Selection of The Neural Network Architectures

The first step of the experimental design involved selecting a neural network architecture
that is well-suited for the CIFAR-10 and Fashion MNIST datasets.

To determine the most suitable architectures, comparative experiments were conducted.
The experiment for CIFAR-10 included two architectures from the study by Hossain et al.
[20], where the CNN models for CIFAR-10 were obtained using two different search methods:
one found through an optimized search algorithm FAWCA (Flexible-greedy Approach), and
the other through brute-force search. To distinguish between them, these architectures are
referred to as Hossain_1 (optimized search) and Hossain_2 (brute-force search).

Additionally, the experiment included five neural network architectures described in the
work by Florea et al. [11], where different models were obtained using five hyperparameter
optimization methods. These architectures vary in the number of convolutional and fully
connected layers, as well as in the number of neurons per layer. For clarity, these models
are referred to as Florea_1 — Florea_ 5.

Finally, the experiment also examined a VGG-like model — an architecture inspired
by the deep networks introduced by Simonyan et al. [39]. Their work demonstrated that
increasing network depth significantly improves learning performance. The training and
validation loss curves of the models are displayed in Figure 4.1.
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Training and Validation Losses for Different Models on CIFAR-10

—— VGG_16 - Training
—-»- VGG_16 - Validation
Florea_1 - Training
Florea_1 - Validation
—8— Florea_2 - Training
—-»- Florea_2 - Validation
—— Florea_3 - Training
=X- Florea_3 - Validation
—8— Florea_4 - Training
—-%- Florea_4 - Validation
Florea_5 - Training
Florea_5 - Validation
—8— Hossain_1 - Training
—»=- Hossain_1 - Validation
—8— Hossain_2 - Training
—»- Hossain_2 - Validation

2.01

1.5

Loss

1.0

5] ~,\ -§¥*§—A§;§‘_§§__¢§ : 26 9% X 3 -),v:-_&;)fz o

AR

0.5 1

A

Epochs
Figure 4.1: Loss Curves for Different Architectures on The CIFAR-10

Models VGG_16, Hossain_1 and Hossain_2 exhibited minimal overfitting to the train-
ing data but had a relatively slow convergence speed. Among the five models proposed by
Florea et al., which demonstrated the best performance, Florea_3 was selected for further
experiments with activation functions due to its balanced performance, having the aver-

age training time per epoch and convergence speed among the five models. Its detailed
architecture is presented in Figure 4.2.
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Figure 4.2: Selected CNN Architecture for CIFAR-10 Dataset

The experiment for the Fashion MNIST dataset included two architectures from the
study by Hossain et al. [20], which were also discovered using the FAWCA (Hossain_3)
and brute-force (Hossain_4) algorithms but specifically for Fashion MNIST.

Additionally, the experiment included two fully connected feedforward models,
FNN_300_100 and FNN_500_150, named according to the number of neurons in their layers.
Furthermore, two custom small CNN architectures, mini_CNN_2 and mini_CNN_3, were
tested. These models are named based on the number of layers they contain. The training
and validation loss trends of these models are shown in Figure 4.3.
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Training and Validation Losses for Different Models on Fashion MNIST
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Figure 4.3: Loss Curves for Different Architectures on The Fashion MNIST

Models Hossain_3 and Hossain_4 demonstrated high resistance to overfitting but ex-
hibited slow convergence. In contrast, mini_CNN_3 demonstrated fast convergence and was
chosen for further experiments. This choice was also made to specifically assess the impact
of activation functions on shallower neural networks, as deeper architectures are already
being tested in the CIFAR-10 experiments. The detailed architecture of mini_CNN_3 is
shown in Figure 4.4.
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Figure 4.4: Selected CNN Architecture for Fashion MNIST Dataset

4.2.2 Selection of Training Strategies

Selecting an effective training configuration is essential to achieving optimal model perfor-
mance. In all experiments, categorical cross-entropy was used as the loss function. The
remaining training parameters for both datasets were determined through exploratory ex-
periments to select the optimal setup for subsequent experiments. This process involved
adjusting optimization algorithms, learning rates, data augmentation levels, and batch sizes.

Selection of Optimization Algorithms and Learning Rates

Different optimization algorithms and learning rates were tested to identify the most suit-
able combinations for further experiments.

The chosen method for determining the optimal learning rate was manual search, despite
its inefficiency and computational expense. This approach involves testing various values
and selecting the one that yields the best results. In practice, there are more sophisticated
methods for selecting the learning rate, such as automated learning rate schedulers that
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provide more efficient solutions. Another advanced method is the cyclical learning rate
technique, which involves exponentially increasing the learning rate after each batch and
tracking its impact on training loss [40].

The optimization algorithms tested included Adam, AdaGrad, RMSprop, AdamW,
Adamax, SGD and NAG. Based on their performance in these experiments, Adam and RM-
Sprop were selected for further analysis with two different learning rates for both datasets.
The loss trends on CIFAR-10 and Fashion MNIST are displayed in Figures 4.5 and 4.6,
respectively.

Training and Validation Losses for Adam and RMSprop on CIFAR-10 Training and Validation Losses for Adam and RMSprop on Fashion MNIST
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Figure 4.5: Optimizer Loss Curves — CIFAR- Figure 4.6: Optimizer Loss Curves — F.
10 MNIST

For further experiments, Adam with a learning rate of 0.00005 was chosen for the
CIFAR-10 dataset, as it demonstrated better training and validation trends in the final
epochs, whereas the effectiveness of a learning rate of 0.0001 slightly diminished toward
the later stages. Adam with a learning rate of 0.0002 was selected for the Fashion MNIST
dataset.

Selection of Data Augmentation Strategy

In this experiments, different levels of data augmentation were tested to investigate their
impact on model performance and resistance to overfitting and to select the appropriate
option for further experiments.

Three levels of augmentation strategies were tested:

e Minor Data Augmentation: This level included random horizontal flipping and
minor rotations (up to 10 degrees).

e Medium Data Augmentation: This level included random horizontal and vertical
flipping, color jittering (brightness, contrast, saturation, hue), and moderate rotations
(up to 25 degrees).

e Intensive Data Augmentation: This level included random horizontal and vertical
flipping, more extensive color jittering (brightness, contrast, saturation, hue), and
large rotations (up to 50 degrees).

The results showed that as the level of data augmentation increased, both the training
and validation accuracies decreased compared to models with lower levels of augmentation.
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However, the models trained with higher augmentation levels exhibited smaller discrep-
ancies between training and validation accuracies, suggesting that the model was able to
generalize better and reduce overfitting. With more epochs, the models with stronger data
augmentation are expected to perform better. This effect is clearly illustrated in Figures
4.7 and 4.8.
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For further experiments, the medium data augmentation strategy was selected for both
datasets because it balances improving generalization and maintaining competitive accu-
racy.

Selection of Batch Sizes

The impact of different batch sizes (25, 50, and 100) on model training dynamics was eval-
uated. While batch size does not significantly affect model performace, the results indicate
that larger batch sizes slightly mitigate overfitting but also slow down the convergence.
This effect is illustrated in Figures 4.9 and 4.10.
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Figure 4.9: Impact of Batch Size on Accu- Figure 4.10: Impact of Batch Size on Accu-
racy — CIFAR-10 racy — Fashion MNIST

For further experiments, the batch size of 50 was images was selected for both datasets.
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4.3 Experiments with Activation Functions

4.3.1 Experiment with Common and Advanced Activation Functions
Motivation and Experimental Design

This experiment involved evaluating the performance of a neural network with the same
activation function across all hidden layers, while the output layer utilized the softmax
activation function. The activation functions tested included tanh, sigmoid, ReLU, para-
metric ReLLU, ELU, SELU, SiLLU, and GELU. The trainable parameter of parametric ReLLU
function was shared across all neurons within each layer.

Results and Analysis

The accuracy and loss curves for each model for both datasets were plotted to analyze
training dynamics and convergence behavior. The accuracies of the models on the CIFAR-
10 dataset are shown in Figure 4.11, while the accuracies on the Fashion MNIST dataset
are presented in Figure 4.12.

Training and Validation Accuracies for Activation Functions on CIFAR-10

—@— RelU - Training
=X~ RelU - Validation
SELU - Training

SELU - Validation
—@— SiLU - Training
=»=- SiLU - Validation
—e— ELU (a=1.0) - Training
=%- ELU (a=1.0) - Validation
—8— GELU (approximate Gaussian CDF) - Training
== GELU (approximate Gaussian CDF) - Validation
PReLU (a=0.25) - Training
PRelU (a=0.25) - Validation
—@— tanh - Training
=»- tanh - Validation
—8— sigmoid - Training
=X~ sigmoid - Validation

0.8+

°
o

Accuracy

o
kS

0.2+

0 10 20 30 40 50
Epochs

Figure 4.11: Accuracies for Activation Functions — CIFAR-10
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Training and Validation Accuracies for Activation Functions on Fashion MNIST
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Figure 4.12: Accuracies for Activation Functions — Fashion MNIST

The impact of activation functions on model performance was more pronounced in the
more complex dataset and the deeper model architecture. In contrast, the simpler dataset
and the shallower model converged quickly, almost independently of the activation func-
tion used. One possible explanation is that due to the shallow architecture, gradients do
not propagate as deeply, which reduces the influence of the activation function. Addition-
ally, with fewer activation layers, their overall effect on learning dynamics becomes less
pronounced. Furthermore, in a simple dataset, the features to be extracted are much sim-
pler, which means that the activation function does not require strong feature extraction
capabilities and plays a less critical role.

The model utilizing the sigmoid activation function in all hidden layers failed to train
effectively on the CIFAR-10 dataset but was able to learn on the Fashion MNIST dataset.
This can be explained by the saturation effect of the sigmoid function, which causes gra-
dients to vanish in deep networks. The problem is stronger when applied to complex
datasets like CIFAR-10, which require bigger gradients and more stable gradient propa-
gation through many layers, increasing the risk of vanishing or exploding gradients. This
explanation is supported by the mean gradients of the sigmoid function, as illustrated in
Figures 4.13 and 4.14
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Among the tested activation functions, tanh and sigmoid demonstrated the slowest con-
vergence rates, and tanh outperformed sigmoid on both datasets. However, these functions
exhibited very low overfitting, suggesting better generalization properties. Their slower
convergence can be explained by the saturation effect, expressed as small or even vanish-
ing gradients in deeper layers. However, tanh had only a slightly decreasing gradient on
CIFAR-10, while on Fashion MNIST the gradient showed increasing trend.

On the other hand, ReLU and activation functions derived from it, such as parametric
ReLU, ELU, SELU, SiLU, and GELU, achieved high performance but showed increased
overfitting to the training data. All these functions exhibited stable gradients across all
epochs, without the vanishing or exploding gradient problem, and the parametric ReLU
gradients had a slightly increasing trend.

Additionally, ReLLU and its variants, including parametric ReLU, ELU, SiLLU, and
GELU, demonstrated strong resistance to FGSM attacks. However, SELU performed signif-
icantly worse, probably due to its internal normalization mechanism that limits the range
of activations. This might have caused the model to be more sensitive to perturbations
caused by the FGSM attack. The accuracies of the models after the FGSM attack on the
CIFAR-10 dataset are shown in Figure 4.15, and on the Fashion-MNIST dataset in Figure
4.16.
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Figure 4.15: Post-FGSM Accuracies for Activation Functions — CIFAR-10

Training and Post-FGSM (epsilon=0.005) Validation Accuracies for Activation Functions on Fashion MNIST
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4.3.2 Experiment with Sinusoidal Activation Function (sin(x))
Motivation and Experimental Design

Periodic functions, such as the sine, are rarely used as activation functions, especially in
the context of CNNs. The primary reason is the oscillatory nature of periodic functions,
which have infinitely many local minima and can complicate convergence by causing the
optimization process to converge to a local minimum.

However, some studies have investigated the potential of sin(x) as an activation func-
tion. In a study by Parascandolo et al., conducted in 2017, it was stated that the sinusoidal
function may allow networks to approximate complex functions and enable faster learning
compared to traditional monotonic functions in some cases, such as time-series predictions
and certain algorithmic tasks. A fully connected model with sin(x) activation in all hidden
layers applied to the MNIST dataset also converged effortlessly. However, the network pre-
dominantly ignored the periodicity of the sine function and instead utilized its nonperiodic
regions, as its performance was similar to that of networks using a truncated sine or the
tanh function. [32].

In another study by Ramachandran et al. in 2017, novel activation functions incorporat-
ing sinusoidal components, rather than pure sinusoids, were discovered through automated
search techniques. The obtained activation functions combined both periodic and non-
periodic elements. These functions were then tested on the CIFAR-10 and CIFAR-100
datasets, and some of them achieved high classification accuracy. These results suggest
that while the pure sine function may present challenges for optimization, the integra-
tion of sinusoidal components with other characteristics can contribute positively to model
performance and enhance complex feature extraction [33].

The purpose of this experiment was to evaluate the behavior of a pure sinusoidal acti-
vation function sin(z) on the CIFAR-10 and the Fashion MNIST datasets and to test to
what extent it utilizes the periodicity of the sine function. Similarly to the method used in
the research discussed earlier [32], the use of periodicity was evaluated through a compar-
ison of the performance of pure sin(x) with alternative functions such as a truncated sine
truncsin(x), which limits the periodic range of the sine function, and the monotonic func-
tion tanh, which is very similar to truncsin(z). The truncsin(x) function is mathematically
defined as:

0, ifr<-35
truncsin(z) = {sin(z), if -5 <z <7
1, ifx >3

The comparison of the functions described above is shown in Figure 4.17.
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Tanh(x), sin(x), and truncsin(x) functions
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Figure 4.17: Tanh(x), sin(x), and truncsin(x) —m/2 to /2 functions

Results and Analysis

The obtained accuracies are presented in Figures 4.18 and 4.19.
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The sine function demonstrated good convergence on both datasets and outperformed
the tanh function. However, for the CIFAR-10 dataset, the performance of the sine function
was very similar to the performance of the truncated version, indicating that the periodicity
of the sine function was not utilized effectively. These findings align with previous research,
which claimed that the sine function in a fully connected model converged on the MNIST
dataset, but did not utilize periodicity [32]. In contrast, on the Fashion MNIST dataset,
the periodic sine function outperformed both its truncated version ([—m/2, 7/2]) and the
tanh function. As a result, the experiment was extended to include another truncated sine
function, this time truncated to one full period, as depicted in Figure 4.20. Mathematically,

it is defined as:

truncsin(z) =

0,

ifx < —m

sin(z), if —r<z<nw

L,

ife>mnw
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Figure 4.20: Tanh(x), sin(x), truncsin(x) —v/2 to 7/2, and truncsin(x) —7 to 7

The sine function again slightly outperformed its one-period truncated counterpart,
indicating that periodicity was utilized. However, the validation accuracy and loss for
all versions of the sine function and its truncated variants eventually saturated, reaching
similar values.

The performance under the FGSM attack was less effective in comparison to the ac-
tivations from the first experiment and the nonperiodic sine activation, as illustrated in
Figures 4.21 and 4.22, respectively. This may be caused by the periodicity of the activation
function, which potentially makes the activations more predictable and, therefore, easier to
manipulate by adversarial perturbations. In contrast, the impact on the Fashion MNIST
dataset was less pronounced, as the perturbations were relatively weak for such a simple
task, allowing all models to converge effectively even after the attack.
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Training and Post-FGSM Validation Losses for Activation Functions on CIFAR-10
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Figure 4.22: Loss Curves for Sine and Truncated Sine Functions — CIFAR-10

The gradients of the sine and truncated sine functions exhibited a strong increasing
trend, as shown in Figures 4.23 and 4.24, which could lead to unstable training and explod-
ing gradients at higher epochs.
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Figure 4.23: Gradient Magnitudes for Sine Figure 4.24: Gradient Magnitudes for Sine
and Truncated Sine — CIFAR-10 and Truncated Sine — Fashion MNIST

To address this issue, the experiment was extended to investigate possible solutions for
restricting the gradient range. Three techniques were implemented and analyzed for their
effectiveness:

e Gradient Clipping: This method limits the gradients to a predefined threshold
after the gradient computation and before the gradient descent step. Three threshold
values were tested.

e Gradient Scaling: The input of the activation function is scaled by a predefined
factor before applying the sine function.

e Sine with Batch Normalization: Batch normalization layers are incorporated
after each convolutional and fully connected layer.

All three methods restricted the gradient effectively (Figures 4.25 and 4.26).
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Gradient Magnitudes for Activation Functions on CIFAR-10 Gradient Magnitudes for Activation Functions on Fashion MNIST
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Figure 4.25: Gradient Magnitudes for Sine Figure 4.26: Gradient Magnitudes for Sine
with Gradient Regulation — CIFAR-10 with Gradient Regulation — Fashion MNIST

The results highlight clear differences in the influence of the gradient regulation tech-
niques on the model’s performance. Gradient scaling proved to be the least effective, un-
derperforming the other two methods on both datasets. This suggests that simply rescaling
the input to the sine activation may disrupt the model’s learning dynamics, making it an
unsuitable approach. Meanwhile, models utilizing gradient clipping with all three tested
threshold values showed performance nearly identical to that of the pure sine activation
without any gradient regulation. In contrast, a model with integrated batch normalization
outperformed both gradient clipping and scaling across both datasets, particularly in the
later training epochs. Stabilization of activations probably slows down learning slightly in
the early epochs, but promotes faster convergence later. These findings are illustrated in
Figures 4.27 and 4.28.
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ent Regulation — CIFAR-10 ent Regulation — Fashion MNIST

4.3.3 Experiment with Linear Combination Activation Functions with
Trainable Parameters ReLU-Sigmoid-Tanh-Linear/-Sin

Motivation and Experimental Design

This experiment involved the implementation of a linear combination (LC) activation func-
tion with trainable parameters. This linear combination of multiple activation functions
can be achieved by assigning trainable weights to each activation function and computing
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a dot product of a vector of weights (initialized as a unit vector at the start of training)
and a vector of individual activation functions, divided by the sum of weights:

acty ()
[wi,...,wy] X :
W x Acts acty ()
D it Wi Dt Wi

Linear combinations of activation functions can potentially improve model performance
by dynamically adjusting the contribution of each individual activation function during
training, making the model more flexible. A linear combination of multiple activation func-
tions ensures that the network can always replicate any of the simple activation functions
by adjusting the corresponding weights. This ensures that it performs at least as well
as single activation functions. Furthermore, the gradients of such combined functions are
easily computable [28].

As demonstrated in the research by Liao, conducted in 2020, CNNs with trainable
linear combination activation functions outperform models with only ReLU on the image
classification task on the CIFAR-10 dataset in small, medium, and large models. The
activation function used in this study was a linear combination of ReLU, logistic sigmoid,
tanh, and linear function:

_a-ReLU(z) + 3 - Sigmoid(x) + v - Tanh(z) +J - x
a+B+y+6
where «, 3, v and ¢ are trainable parameters.
This can be expressed explicitly as:

9

a-max(0,z) + G - 1+171 +’y-€zf:z +d0-x
< < : =1.0, By = 1.0, o = 1.0, & = 1.0[28].
a Bt 10 o Bo Y0 0 28]

y:

In this thesis, the same function was implemented to compare this LC function with
other common activation functions and evaluate the performance of the model. The ReLU-
Sigmoid-Tanh-Linear function is shown in Figure 4.29.

Additionally, the ReLLU-sigmoid-tanh-linear activation function was enhanced with both
a sinusoidal term and its truncated version for comparative analysis, along with an addi-
tional trainable parameter. The idea was to extend the previous experiments and evaluate
the impact of a periodic component in a linear combination activation function on the
model’s performance in an image classification task.

The resulting function with a sine is mathematically defined as:

_a-ReLU(z) + 3 - Sigmoid(x) + v - Tanh(z) 4+ - 2 + € - sin(x)
a+B+y+d+e
where «, 3, v, § and € are trainable parameters.
The explicit form is defined as:

9

a-max(0,z) + - 1+i—w +7- 2212:2 + 6+ €-sin(z)

a+fB+y+dte
o = 1.0, ﬁo = 1.0, Yo = 1.0, (50 = 1.0, €0 = 1.0.

y:

i

The ReLU-Sigmoid-Tanh-Linear-Sin function is displayed in Figure 4.30.
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RelLU-Sigmoid-Tanh-Linear Function

—— RelU-Sigmoid-Tanh-Linear («¢=1.0, B=1.0, y=1.0, 6=1.0)

Figure 4.29: ReL.U-Sigmoid-Tanh-Linear

RelLU-Sigmoid-Tanh-Linear-Sin Function

|
—— RelU-Sigmoid-Tanh-Linear-Sin (a¢=1.0, B=1.0, y=1.0, 6=1.0, €=1.0)

Figure 4.30: ReLLU-Sigmoid-Tanh-Lin-Sin

The trainable weights were initialized to units and remained unrestricted, allowing them
to reach any values. To assess the impact of activation weight sharing on learning dynamics
and generalization ability, three different levels of flexibility were tested:

e Neuron-Wise: Each neuron had its own independent set of learnable activation
weights, offering maximum flexibility in activation adaptation.

o Layer-Wise: Each layer had a set of learnable activation weights, which was shared
across all neurons within the same hidden layer.

e Uniform: A global set of learnable activation weights was applied uniformly across

all neurons in all hidden layers.

Results and Analysis

These obtained accuracies are illustrated in Figures 4.31 and 4.32.
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Figure 4.31: Accuracies for ReLLU-Sigmoid-
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Figure 4.32: Accuracies for ReLLU-Sigmoid-
Tanh-Linear — Fashion MNIST

The results for the Uniform and Layer-Wise configurations were quite similar on CIFAR-
10, showing comparable accuracies, with Uniform slightly outperforming Layer-Wise. Nei-
ther configuration was able to surpass the results achieved with ReLU on the CIFAR-10
dataset, although they exhibited much less overfitting compared to ReLU. In contrast,
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when applied to the Fashion MNIST dataset, both Uniform and Layer-Wise configurations
performed similarly to ReLLU, but again did not outperform it.

On the other hand, the Neuron-Wise configuration showed much slower convergence on
both datasets, but it exhibited minimal overfitting to the training data.

In general, as the flexibility of the approach increased, the model’s resistance to over-
fitting also increased, though at the cost of slower convergence speed. Given these results,
it was decided to increase the number of epochs to 200 for the CIFAR-10 experiments, to
provide the models with more training time. The results are shown in Figure 4.33.
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Figure 4.33: Accuracies for ReLU-Sigmoid-Tanh-Linear — CIFAR-10

The Neuron-Wise and Layer-Wise approaches eventually saturated at accuracy levels
comparable to ReLLU, without surpassing it. The Uniform approach demonstrated minimal
overfitting, even in the later epochs. However, its validation accuracy remained lower than
that of the other configurations.

The Neuron-Wise configuration exhibited a strong trend of increasing gradient magni-
tudes in the later epochs, likely due to the high degree of flexibility in learnable activation
parameters and the unrestricted nature of the linear function, which allowed gradients to
grow without bounds. This effect is illustrated in Figure 4.34. This configuration should
be used with gradient regularization techniques to prevent excessive gradient growth.
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Figure 4.34: Gradient Magnitudes for ReLU-Sigmoid-Tanh-Linear — CIFAR-10

The accuracies obtained from the experiment incorporating sine and truncated sine
terms into the linear combination are shown in Figures 4.35 and 4.36.
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Figure 4.36: Accuracies for ReLLU-Sigmoid-

Tanh-Linear-Sin — Fashion MNIST

The addition of a sine term slightly improved prediction accuracy and convergence speed
on both datasets. As in the previous experiment, the periodicity of the sine function was
not effectively utilized on the CIFAR-10 dataset. However, on Fashion MNIST, the function
with a full sine term outperformed both of its truncated versions.

Consistent with the previous experiment, where sine as an activation function performed
poorly under adversarial attacks, the activation functions incorporating a sine term also
exhibited weaker convergence than those without it. These results are illustrated in Figures

4.37 and 4.38.
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Training and Post-FGSM Validation Accuracies for Linear Combination Activation Functions on CIFAR-10
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Figure 4.37: Post-FGSM Accuracies for ReLU-Sigmoid-Tanh-Linear/-Sin — CIFAR-10
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Figure 4.38: Post-FGSM Accuracies for ReLU-Sigmoid-Tanh-Linear/-Sin — F. MNIST

4.3.4 Experiment with LC Activation Function ReLU-Tanh
Motivation and Experimental Design

Continuing the idea of the previous experiments, another LC activation function ReL.U-
Tanh was tested. This function can combine the efficiency of ReLLU with the lower overfitting
tendency of tanh, potentially balancing generalization and robustness. This function closely
resembles the function from the previous experiment and was among the best-performing
in a study by Manessi and Rozza [29], who also researched the LC activation functions. In
their work, they automatically combined ReLU, tanh, and linear activation functions during
training, comparing the performance of convex (where trainable weights of each activation
function are restricted to be non-negative) and affine (where weights are unrestricted) linear
combinations across several well-known models and datasets, including Fashion MNIST
and CIFAR-10. Their findings demonstrated that LC functions consistently outperformed
individual base functions, with the affine approach often outperforming the convex method
due to its non-monotonic behaviour.
The mathematical formulation is as follows:
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_a-ReLU(z) + 3 - tanh
= oy ,

where « and (8 are trainable parameters.
Explicitly, this is expressed as:

a-max(0,z) + - S5
. ap=1.0,6 = 1.0.
ot h 0 Bo

Figure 4.39 illustrates the ReLLU-tanh activation function.

y:

ReLU-Tanh Function

—— RelLU-Tanh (a=1.0, B=1.0)

Figure 4.39: ReLU-Tanh Function

Results and Analysis
The obtained accuracies are presented in Figures 4.40 and 4.41.
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Figure 4.40: Accuracies for ReLU-Tanh — Figure 4.41: Accuracies for ReLU-Tanh —
CIFAR-10 Fashion MNIST

The ReLU-Tanh activation function demonstrated a slightly lower rate of overfitting

compared to standard ReLU. However, as in the previous experiment, it did not surpass
ReLU in any of the tested configurations on either dataset.
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4.3.5 Experiment with Batch Normalization and Self-Normalizing SELU
Motivation and Experimental Design

The objective of this experiment was to examine the internal normalization properties of
the SELU function discussed earlier and compare it with the effect of batch normalization
incorporated into architectures.

Batch normalization is a method designed to address the challenges caused by the
internal covariate shift, which is the fact that the distribution of inputs to each layer
changes during training due to parameter updates in previous layers. This phenomenon
complicates training and often requires careful initialization and small learning rates. Batch
normalization mitigates these issues by normalizing the inputs to each layer within a mini-
batch, ensuring that their mean is 0 and variance is 1. This normalization step is integrated
into the network architecture. In CNNs, batch normalization is applied to each feature map
to adjust the values across all spatial dimensions and mini-batch samples.

In a 2015 research by loffe and Szegedy, the findings demonstrated that batch normal-
ization enabled faster convergence, allowed for higher learning rates, stabilized gradient
flow, and allowed for the elimination or reduction of dropout and L2 weight regularization
without increasing overfitting [22].

It was of interest to compare the effects of explicit batch normalization with the acti-
vation function SELU, which inherently includes a form of self-normalization.

Results and Analysis

The comparison of accuracy curves of models with and without batch normalization are
presented in Figures 4.42 and 4.43.
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Figure 4.42: Accuracies for SELU — CIFAR- Figure 4.43: Accuracies for SELU - F.
10 MNIST

On the CIFAR-10 dataset, the model utilizing SELU exhibited stable convergence
trends, initially progressing more slowly than ReLU but ultimately reaching a compara-
ble validation performance in later stages. The observed effect was in accordance with the
previous experiment, where applying batch normalization to a model with a sine activation
function produced similar effects. On the Fashion MNIST dataset, however, SELU per-
formed significantly worse. This suggests that in simpler datasets with less complex data
features, activation normalization may be unnecessary or even detrimental.

To further investigate the normalization capabilities of SELU, three types of noise were
added to the images in the training set of a dataset: Gaussian, Poisson, and uniform. This
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experiment aimed to assess whether SELU’s self-normalizing properties could help maintain
stability in the presence of noisy inputs. The obtained loss trends on CIFAR-10 dataset
are shown in Figures 4.44, 4.45, and 4.46, which depict the performance of models in the
presence of Gaussian, Poisson, and uniform noise, respectively.

Training and Validation Losses on Noisy Training Set (Gaussian noise_strength = 0.5) on CIFAR-10 Training and Validation Losses on Noisy Training Set (Poisson noise_strength = 0.5) on CIFAR-10

—— RelU - Training

—e— RelU - Training

2.0 == RelU - Validation 2.0 == RelU - Validation
SELU - Training SELU - Training
SELU - Validation SELU - Validation
18 ~®— ReLU with Batch Normalization - Training 18 —e— ReLU with Batch Normalization - Training
| ~x- RelU with Batch Normalization - Validation == ReLU with Batch Normalization - Validation
x': —e— SELU with Batch Normalization - Training —e— SELU with Batch Normalization - Training

-- SELU with Batch Normalization - Validation 16 == SELU with Batch Normalization - Validation

™ Ko

Epochs Epochs

Figure 4.44: Loss Curves under Gaussian Figure 4.45: Loss Curves under Poisson
Noise — CIFAR-10 Noise — CIFAR-10

Training and Validation Losses on Noisy Training Set (Poisson noise_strength = 0.5) on CIFAR-10

—e— RelU - Training
20 =%- ReLU - Validation

SELU - Training

SELU - Validation

181X —e— ReLU with Batch Normalization - Training
%= ReLU with Batch Normalization - Validation
—e— SELU with Batch Normalization - Training
16 R == SELU with Batch Normalization - Validation

Epochs

Figure 4.46: Loss Curves under Uniform Noise — CIFAR-10

The results demonstrate that the previously observed effect was further enhanced by
adding noise to the images, especially Poisson and uniform, as SELU’s inherent self-
normalizing properties allowed the network to generalize better to unseen data. This re-
sulted in performance comparable to ReLLU with batch normalization. However, applying
batch normalization directly to SELU negatively impacted the model’s performance. This
can be explained by the fact that SELU’s self-normalization by driving the mean of acti-
vations towards 0 and the standard deviation towards 1 could be disrupted by additional
batch normalization.

4.3.6 Experiment with Adding Noise to ReLU for Defense Against Ad-
versarial Attacks
Motivation and Experimental Design

In short preliminary experiments, ReLU demonstrated a relatively strong defense against
adversarial attacks. Based on this observation, the idea was to further enhance this capa-
bility by adding noise to ReL.U.
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A study by Byun et al. performed in 2022 indicates that adding small Gaussian noise
to the input can effectively disrupt gradient estimation in optimization-based black-box
attacks, where attackers estimate the gradient. Even minor Gaussian noise introduces
sufficient randomness, complicating the accurate estimation of gradients [4].

For white-box gradient-based attacks, such as FGSM, research also revealed a positive
effect of adding noise to input data. A 2022 study by Shi et al. examined the effect of adding
Poisson, Gaussian, and uniform noise to images to defend against common adversarial
attacks, including FGSM, on both the MNIST and CIFAR-10 datasets. The results revealed
that the addition of noise effectively defended against all attacks tested across both datasets.
Among the types of noise tested, Poisson noise provided a better defense compared to
Gaussian or uniform noise. Furthermore, while the impact of added noise was less noticeable
on the MNIST dataset, it was more pronounced and beneficial for the CIFAR-10 dataset
[38].

Based on the above, this experiment was designed to test the impact of adding three
types of noise, Gaussian, Poisson, and uniform, to the ReLU activation function, unlike
previous studies that added noise to images, and analyze how they affect resistance to
adversarial attacks. The three types of noise added to ReLLU are shown in Figures 4.47,
4.48, and 4.49.
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Figure 4.47: ReLU with Gaussian Noise Figure 4.48: ReLLU with Poisson Noise

ReLU Function with Different Uniform Noise Strengths
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Figure 4.49: ReLLU with Uniform Noise
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Results and Analysis

Figures 4.50, 4.51, and 4.52 illustrate the loss curves of ReLU with added Gaussian, Poisson,
and uniform noise, respectively, on the CIFAR-10 dataset.
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Figure 4.52: Loss Curves for ReLU with Uniform Noise — CIFAR-10

All three types of noise added to ReLLU improved convergence under the FGSM attack on
the CIFAR-10 dataset. Models using ReLLU with Uniform and Gaussian noise demonstrated
better generalization as noise strength increased, whereas for Poisson noise, lower noise
levels performed slightly better.

For the Fashion MNIST dataset, higher FGSM perturbation strengths were tested,
as the models exhibited stable convergence with any activation function under weaker
perturbations. The accuracies obtained for ReLU with Gaussian noise on the Fashion
MNIST dataset are presented in Figures 4.53, 4.54, and 4.55, corresponding to perturba-
tion strengths of 0.005, 0.01, and 0.02, respectively.
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The accuracy curves for ReLU with Poisson noise on the Fashion MNIST dataset are
shown in Figures 4.56, 4.57, and 4.58, corresponding to perturbation strengths of 0.005,

0.01, and 0.02, respectively.
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The accuracies for ReLLU with uniform noise on the Fashion MNIST are shown in Figures

4.59, 4.60, and 4.61.
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Figure 4.61: Accuracies for ReLU + Uniform Noise, FGSM 0.02 — F. MNIST

As seen from the figures, increasing the perturbation strength led to a growing perfor-
mance gap between ReLLU with all types of noise and standard ReLLU. This indicates that
adding noise to the activation function enhances resistance to the adversarial attack.

Consistent with the CIFAR-10 results, models using ReLLU with uniform and Gaussian
noise demonstrated improved generalization at higher noise strengths, whereas models with
Poisson noise performed best at lower noise strength. Among all noise types, the models
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with Poisson noise achieved the highest performance, with the model at a noise strength of
0.1 performing the best, as shown in Figure 4.62.
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4.3.7 Experiment with Stochastic Activation Selection for Defense Against
Adversarial Attacks

Motivation and Experimental Design

In addition to the previously discussed noise injection to data, several studies suggest that
randomness can improve resistance to adversarial attacks. For instance, in a research by
Dhillon et al. [9], a method was proposed where a random set of activations (more likely
those with smaller magnitudes) is eliminated for each layer during the forward pass, which
resulted in improved robustness against adversarial perturbations.

Building upon this evidence, it was hypothesized that introducing randomness into
the selection of activation functions could also enhance the model’s resistance to FGSM
perturbations. This experiment aimed to investigate the effect of randomly selecting the
activation function for each neuron from a predefined set during each forward pass. To
further increase randomness, the a parameter of the ELU activation function is randomly
chosen from a uniform distribution within the range [0.01,1.0], while the negative slope
parameter of leaky ReLLU is randomly selected from a uniform distribution within the range
[0.001,0.1].

The activation functions considered in this experiment include:

e ReLU

o ELU, with a randomly selected a parameter in the range [0.01,1.0]
e SiLU

e Tanh

« GELU

e SELU

o Leaky ReLU, with a randomly selected negative slope parameter in the range [0.001,0.1]
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Results and Analysis
The accuracy and loss curves obtained on the CIFAR-10 dataset are presented in Figures

4.63 and 4.64.
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The stochastic selection of activation, as expected, led to increased resistance to the
FGSM attack. These results align with existing evidence of the positive effect of various
forms of randomness on improving robustness against adversarial attacks.

For the Fashion MNIST dataset, higher FGSM perturbation strengths were tested,
similarly to the previous experiment. The results are shown in Figures 4.65, 4.66, and 4.67,
corresponding to perturbation strengths of 0.005, 0.01, and 0.02, respectively.
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As in the previous experiment, higher perturbation strengths led to a widening gap be-
tween accuracies of the model utilizing ReLU and the model with stochastic activation. This
confirms that randomness in activation selection enhances robustness against adversarial
perturbations.
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Chapter 5

Conclusion

The main objective of this thesis was to study how various activation functions, both widely
used and custom-designed, influence the performance of neural networks.

The experiments revealed that the performance of activation functions varies signifi-
cantly depending on the complexity of the dataset and the architecture of the model. For
simpler tasks like Fashion MNIST, the choice of activation function had a less pronounced
effect, whereas for more difficult tasks such as CIFAR-10 and deeper architectures, the
choice of activation function became essential.

Activation functions like ReLU and its variants exhibited high performance, but with
increased risk of overfitting. The sigmoid and tanh functions, although slower to converge,
showed promising generalization capabilities. However, the sigmoid function failed to train
effectively on the CIFAR-10 dataset due to the vanishing gradient problem.

Using sinusoidal activation functions resulted in effective convergence, yet periodicity
was not exploited effectively, particularly on the CIFAR-10 dataset. Moreover, using pe-
riodic activations requires the incorporation of gradient regulation techniques, since it has
been observed that sinusoidal activation is prone to the problem of exploding gradients.

None of the trainable linear combination activation functions tested, despite experiments
with various configuration alternatives, reached the performance levels of a single fixed
activation function ReLU.

The SELU with internal normalization performed similarly to ReL U with batch normal-
ization, initially converging slower than the standard ReLU but showing greater stability
than ReLU in later epochs. This effect was enhanced when different types of noise were
added to the images, highlighting the advantages of using normalization in neural networks.

Adding Gaussian, Poisson, and uniform noise to the ReLU activation function improved
its resistance against the FGSM adversarial attack. Among these, Poisson noise provided
the most effective defense. This effect was further amplified as the strength of the pertur-
bation increased.

Incorporating randomness in the selection of activation functions during each forward
pass also exhibited enhanced resistance to the FGSM attack. As with the noise injection
experiment, the effect was further enhanced by increasing the perturbations intensity. These
results further confirm that randomness in activations can be a valuable defense mechanism.

The obtained results form a comprehensive picture of how different activation functions
affect learning and can be further expanded through more in-depth future research.
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Appendix A

Running the Code

The experiments in this project were implemented using Python 3.12.3 and designed to run
on systems with an NVIDIA GPU and the CUDA 11.8 toolkit installed.

Dependencies

The core dependencies required to run the code are:

o PyTorch — for building and training neural networks (GPU version with CUDA
11.8 support)

e Matplotlib — for visualizing results
To install the required packages, the following command should be used:

pip install torch torchvision torchaudio --index-url
https://download.pytorch.org/whl/cull8

pip install matplotlib

Running Experiments

To run the experiment, the following command should be used:
python3.12 experiment_name.py

After execution, the averaged results are automatically saved in a text file named
training results.txt.
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