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Abstract. Multilayer Perceptrons (MLPs) are extensively used in many
machine learning applications; yet, because of their high dimensionality and
complexity, their training process is still largely opaque. In order to better
understand how MLPs learn and modify their internal representations, this
study focuses on visualizing the evolution of decision boundaries during
training. We gain insights into neural networks' learning dynamics and
convergence behavior by analyzing how the decision regions change as
training progresses. This work also contributes to the broader field of
Explainable Al (XAl) by offering a visual approach to interpreting neural
network decision-making, addressing the common critiqgue of MLPs being
black-box models.
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1. Introduction

Neural networks, particularly Multilayer Perceptrons (MLPs), have become
fundamental components in modern machine learning applications [1]. They
perform exceptionally well in challenging tasks, including decision-making
systems, natural language processing, and picture recognition. However, despite
their effectiveness, MLPs are often perceived as black-box models [2] due to the
difficulty in interpreting their internal decision-making processes. Unlike
traditional machine learning models such as decision trees or linear classifiers,
where decision rules are explicitly defined, MLPs rely on high-dimensional weight
transformations and nonlinear activation functions to learn patterns in data.
Particularly in crucial areas like healthcare, finance, and autonomous systems, this
lack of interpretability raises questions regarding neural network-based systems'
dependability, equity, and trustworthiness.

One way to improve interpretability is through Explainable Al (XAl), a field
dedicated to developing techniques that make machine learning models more
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understandable to humans [3], [4], [5]. Activation visualization, decision boundary
visualization, and feature importance analysis are a few examples of XAl methods
[5]. Among these methods, decision boundary visualization offers a simple means
of seeing how an MLP divides several classes in the input space. Decision
boundaries define the regions where the model assigns specific class labels, and
their evolution during training reveals how the model adjusts its internal parameters
to improve classification accuracy.

This research focuses on visualizing the transformation of decision boundaries
throughout the training process of an MLP. By capturing and analyzing how these
boundaries change over time, we can gain deeper insights into the learning
dynamics of neural networks. Specifically, 1 aim to explore the following
guestions:

e How do decision boundaries evolve as the network learns from data?

o What patterns emerge in decision boundary transformations during
different training phases, such as early learning, convergence, and
potential overfitting?

e How do training parameters, such as learning rate and network
architecture, influence decision boundary formation?

Understanding these aspects is crucial for improving training strategies, diagnosing
issues like overfitting or underfitting, and enhancing model interpretability. By
providing a visual and conceptual framework for analyzing MLP training, this
work contributes to the broader efforts in making neural networks more transparent
and explainable.

2. Background

In this chapter, the MLP model, the Black Box model, and the Explainable Al will
be discussed in detail.

2.1. Multilayer Perceptron (MLP)

A Multi-Layer Perceptron (MLP) is a class of artificial neural networks (ANNS)
that consists of an input layer, one or more hidden layers, and an output layer [6].
Each layer is composed of artificial neurons (or nodes) that process information by
applying weighted sums and activation functions to input data. The input layer is
the first layer of the MLP that receives raw input data. Each neuron in this layer
corresponds to-a feature in the input dataset and passes the values forward without
transformation [1]. The hidden layers are the intermediate layers which perform
complex feature extraction and transformation. Each neuron in a hidden layer
receives input from the previous layer, applies a weighted sum followed by an
activation function, and passes the result to the next layer. The number of hidden
layers and neurons per layer significantly impacts the network’s learning capacity
and performance. The final layer of the MLP is the output layer that produces the
model’s predictions. The number of neurons in this layer depends on the nature of
the problem. A SoftMax or sigmoid activation function is commonly used for
classification tasks, while regression problems typically use a linear activation
function. Figure 1 shows the layers of the MLP Neural Network.

MLPs are widely used for tasks including function approximation, regression, and
classification and are an essential part of deep learning models. The activation
functions in MLPs, such as the sigmoid, ReLU (Rectified Linear Unit), or tanh,
introduce non-linearity [7], enabling the network to learn complex patterns and
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decision boundaries. The choice of activation function can significantly impact
model performance, as different functions influence gradient flow and convergence
speed differently.

Training an MLP involves minimizing a loss function using optimization
algorithms like stochastic gradient descent (SGD) or Adam. The process includes
forward propagation, where inputs pass through the network to produce an output,
and backpropagation, where gradients are computed and used to update weights.
Efficient weight optimization while avoiding overfitting and convergence problems
is a significant difficulty in MLP training. Methods including dropout, batch
normalization, and early stopping are frequently used to improve generalization
and stability.

2.2. Black-Box Model

Neural networks, including MLPs, are often called "black-box" models due to their
complex, non-transparent internal operations [8]. Unlike traditional machine
learning models such as decision trees or linear regression, where the decision-
making process is more interpretable, MLPs rely on numerous hidden layers and
nonlinear transformations that make it difficult to understand how specific inputs
directly contribute to outputs.

Because MLPs rely on high-dimensional feature representations and hierarchical
information abstraction, they are fundamentally black-box. Features are changed in
ways that are difficult for humans to understand as data moves through the levels.
Although this abstraction is useful for capturing complex patterns, it presents
difficulties in situations where the explainability and reliability of the model are
required.

Input

Data Output

Layer1 Layer N

Hidden Layer

" TURING
Figure 1. MLP Neural Network

Because MLPs rely on high-dimensional feature representations and hierarchical
information abstraction, they are fundamentally black-box. Features are changed in
ways that are difficult for humans to understand as data moves through the levels.
Although this abstraction is useful for capturing complex patterns, it presents
difficulties in situations where the explainability and reliability of the model are
required.

The lack of interpretability raises concerns about trust, accountability, and fairness
in Al-driven decision-making, especially in critical applications such as healthcare,
finance, and autonomous systems. For example, in medical diagnostics, an Al
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model’s decision regarding a patient’s condition must be transparent and justifiable
to doctors and patients alike [9].

2.3. Explainable Al (XAl)

Explainable Al (XAl) is a field dedicated to making Al models more interpretable
and understandable to humans. XAl aims to provide insights into how models
make decisions, allowing users to trust and validate their outputs [10]. The growing
complexity of deep learning models, including MLPs, has made explainability a
crucial area of research, particularly in regulated industries and high-stakes
applications.

Explainable Al (XAl) is a field dedicated to making Al models more interpretable
and understandable to humans. XAl aims to provide insights into how models
make decisions, allowing users to trust and validate their outputs [10]. The growing
complexity of deep learning models, including MLPs, has made explainability a
crucial area of research, particularly in regulated industries and high-stakes
applications.

Several techniques have been proposed to enhance the explainability of MLPs.
Feature importance analysis helps identify which input features contribute most
significantly to predictions, allowing domain experts to assess model validity.
Layer-wise relevance propagation (LRP) assigns relevance scores to different
layers and neurons, providing a visual representation of how information flows
through the network [11]. Gradient-based methods, such as saliency maps [12] and
Grad-CAM [13], highlight areas in input data that influence the model’s decisions.

One key approach in XAl is visualizing how an MLP learns and evolves its
decision boundaries during training. By plotting decision regions and tracking their
changes over epochs, researchers can gain valuable insights into how neural
networks generalize patterns from data. Visualizations can help diagnose model
weaknesses, detect biases, and improve network architecture.

In the context of this research, | focus on leveraging visualization techniques to
track the training process of MLPs, aiming to bridge the gap between black-box
models and interpretability. Through these visual representations, | seek to provide
a clearer understanding of how neural networks adapt to data, ultimately
contributing to the broader objectives of XAl.

3. MLP Model

In_this chapter, 1 will describe the steps of the MLP model training and some
activation functions.

3.1. Feedforward

MLP uses feedforward neural network architectures, which learn to map a fixed-
size input (for example, an image) to a fixed-size output (for example, a
probability for each of several categories). To go from one layer to the next, a set
of units computes a weighted sum of their inputs from the previous layer and
passes the result through a non-linear function [14].
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(a) Three-layer feedforward neural network (b) Node of the network
Figure 2. Feedforward in Neural
Network

As shown in Figure 2, each node is connected to all nodes in the next layer, and
each connection has its weight and bias values. Initially, the bias values are zero
and will be changed during the training process, but the weight values cannot be
zero because the neural network will be useless if the weights are zero. The weight
value is to make an input value more or less critical.

The feedforward process starts with feeding the input data, and each input neuron
transmits its value to the neurons in the next layer. Then, each neuron in the hidden
layer computes a weighted sum of its inputs, as in equation (3.1).

20 = 37 wla® + b (3.1)
Where z is the neuron value, | is the layer index, n is the number of the input
values, w is the weight, a is the input value, and b is the bias value.

After that, each neuron applies an activation function on its value and transmits it

to the next layer to ensure non-linearity in the transformation.

a® = f(z®) (3.2)
In the end, the final layer processes the transformed data and produces an output.
For classification tasks, a SoftMax function is typically used to output
probabilities, and for regression tasks, the output is a continuous value without
activation or using a linear activation.

3.2.  Activation Functions

Activation Functions play a crucial role in artificial neural networks by converting
an input signal into an output signal, subsequently serving as input to the next layer
in the hierarchy [15]. Activation functions are essential components in multilayer
perceptrons (MLPs), significantly contributing to the network's ability to learn and
represent complex patterns. By introducing non-linearity into the model, these
functions allow the MLP to approximate intricate relationships between inputs and
outputs effectively. In the absence of activation functions, even a deep network
made up of multiple layers would essentially behave like a single-layer linear
model, severely restricting its capacity to capture complex, non-linear relationships
inherent in real-world data. The choice of activation function can substantially
impact the network's training dynamics and overall effectiveness, making it a
critical consideration in the design of neural architectures [16]. Thus, including
non-linear activation functions is not just advantageous; it is fundamental for
unlocking the full potential of deep learning models in tackling complex tasks
across diverse applications.
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Different activation functions are used to solve different kinds of problems, as each
function is better suited to a specific type of problem. I will describe the most used
functions.

1- Sigmoid Function

It is the most widely used activation function as it is non-linear. The sigmoid
function transforms the values in the range 0 to 1. It can be defined as:

1
1+e™*

f(x) = (3.3

The sigmoid function is continuously differentiable and has a smooth S-shaped
function.

-4 -3 -2 -1 o 1 2 3 a

Figure 3. Sigmoid Function

Also, the sigmoid function is not symmetric about zero, which means that the signs
of all neuron output values will be the same. Scaling the sigmoid function can
improve this issue.

2- Hyperbolic Tangent function (TANH) Function

Tanh function is similar to the sigmoid function but symmetric around the origin.
This results in different signs of outputs from previous layers, which will be fed as
input to the next layer. It can be defined as:

2

fG) = —==-1 (3.4)

1+e~2%
The Tanh function is continuous and differentiable; its values lie in the range -1 to
1. Compared to the sigmoid function, the gradient of the Tanh function is more

steep. Tanh is preferred over the sigmoid function as its gradients are zero-centered
and are not restricted to varying in a specific direction.
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3- Rectified Linear Unit (ReLU)

ReLU is a non-linear activation function that is widely used in neural networks.
The success of ReLU

is based on its superior training performance over other activation functions, such
as the sigmoid and the hyperbolic tangent. It can be defined mathematically as:

f(x) = max (0, x) (3.5)
ReLU is linear (identity) for all positive values and zero for all negative values.
However, the output values range from 0 to infinity. One of the advantages of
using ReLU is its simplicity. It can output a true zero value, allowing the activation

of hidden layers in neural networks to contain one or more true zero values,
increasing the representational sparsity of the network.
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Figure 5. ReLU Function

4. Implementation and Results

4.1. Dataset

In this paper, | use a built-in data set from the Scikit project, an open source named
IRIS data set. It contains four attributes named Sepal-length, Sepal-width, Petal-
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length, and Petal-width, and three classes or species named Sentosa, Versicolor,
and Virginic. Each class has 50 samples. The total samples of iris data set are 150
[17].

iris setosa iris versicolor iris virginica

&5

petal sepal petal sepal petal sepal

Figure 6. Three species of IRIS flower

There are five variables in this data set:

1. Sepal length: (It is used as input data, which is measured by centimeters) The
range of the values is [4.3, 7.9]

2. Sepal width: (It is used as input data, which is measured by centimeters) The
range of the values is [2.0, 4.40]

3. Petal length: (It is used as input data, which is measured by centimeters) The
range of the values is [1.0, 6.9]

4. Petal width: (It is used as input data, which is measured by centimeters) The
range of the values is [0.1, 2.5]

5. Class: (It is used as target data measured by centimeters) The class variable
contains three groups or species named iris Sentosa, iris Versicolor, and iris
Virginic.

4.2. Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a widely used dimensionality reduction
technique that transforms high-dimensional data into a lower-dimensional
representation while retaining as much variance as possible. PCA achieves this by
identifying the principal components—orthogonal directions of maximum variance
in the dataset—and projecting the data onto these components [18]. Using PCA has
a lot of benefits like:

o Dimensionality Reduction: PCA reduces the number of features while
preserving essential information, making it easier to visualize and
analyze data, especially in cases where high-dimensional data is
challenging to interpret.

o Noise Reduction: PCA filters out minor variations and noise by
focusing on the principal components with the highest variance,
improving model robustness.

o Computational Efficiency: Lower-dimensional data requires fewer
computations, which speeds up training and inference in machine
learning models, including MLPs.

The first step in PCA analysis is subtracting the mean values from dataset Z to
properly normalize and assign equal weights to the original dataset during the
analysis phase [19].
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Xi,j = Zi,j - X] (41)

Where X; ; is the standardized dataset, Z; ; is the data variable j in the sample unit i
and X, is the sample mean for the variable j.

The next step is to compute the covariance matrix. The covariance of two variables
measures their correlation. The matrix has all-possible covariance pairs between m
variables, and its diagonal includes all variances. Equation (4.2) represents the
covariance of the standardized dataset X.

Cy= —XXT (4.2)

Then, Compute the eigenvalues A; and eigenvectors v; of C, equation (4.3). The
eigenvectors represent the principal components, and the corresponding
eigenvalues indicate their significance.

Cvi = Aivi (43)

After that, Select the top k eigenvectors (corresponding to the largest eigenvalues)
to form the projection matrix W = vy, v, ... ... Vil
In the end, Project the original data onto the new k-dimensional space.

4.3. Training Visualization

Since the MLP Neural Network is widely used in many applications, the need to
understand the training process and the effects of changing the crucial MLP values
(activation function, number of hidden layers..., etc.) is increased. Also, we should
understand how missing or noisy data in the data set will affect the trained model.
First, | used a custom layer for the first hidden layer. The custom layer offers
several benefits, particularly when we need more control or customization than
standard layers -can provide. Custom layers allow us to implement unique
operations not supported by standard layers, such as adding non-standard
mathematical transformations, implementing custom normalization methods, or
creating specialized activations. We also can define and control trainable weights
and biases explicitly. This is useful when we want non-standard weight
initialization, constraints, or weight sharing across layers.

For the loss function, which is a mathematical function that measures how well a
machine learning model's predictions match the actual target values, | used the
Sparse Categorical Crossentropy function. The Sparse Categorical Crossentropy
loss function is a variant of the categorical crossentropy loss used for classification
problems with multiple classes. It is beneficial when your target labels are integer-
encoded rather than one-hot encoded. Also, it works well with the SoftMax
activation function in the output layer.

I made multiple tests to check the differences if | changed the active function,
deleted data, or added noisy data to the data set.

4.3.1. ReLU Activation Function

In this section, | will describe the results of using the ReLU activation function.
Figure 7 shows the result of the trained model after 10 epochs. We can see that
many of the points are still wrongly classified, and we need more training steps to
get a model with a higher accuracy. The accuracy value of this model was 0.8148,
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and the loss value was high, 0.8036.

Decision Boundary on PCA-Reduced Iris Data
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Figure 7. Trained model after 10 epochs using ReLU

After 50 epochs, the accuracy value got much higher (0.9630), and the loss value
was lower (0.1738). By using some of the data from the data set as a validation set,
the results were not bad; the validation accuracy value was 0.9167, and the
validation loss was 0.2755, which means that the model still needs to be trained
more to check if it will cause an overfitting problem or not. We can see in Figure 8
that the decision boundaries were changed a lot and arranged in a way that
classifies more points correctly.

Decision Boundary on PCA-Reduced Iris Data
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Figure 8. Trained model after 50 epochs using ReLU

I trained the model for more epochs until 100 epochs to check if the accuracy and
loss values would change or not. In the last 10 epochs, the accuracy value reached
0.9815, but at the end of the training, it went back to 0.9630. The loss value
decreased during the training until it reached 0.0716. Figure 9 (a) shows the
decision boundaries when the accuracy equals 0.9722, and (b) shows the decision
boundaries when the accuracy equals 0.9815. We cannot see any difference
between both figures because the change is so small, which we can see with the
help of the training process visualization.



Visualizing the Training Process of MLP 87

From the previous results, we can say that visualizing the decision boundaries
during the training process can help us see how the model improves after multiple
steps. Still, it will not show the small differences between two consecutive epochs.
The results in Table 1 show that the model did not overfit the data, and the decision
boundaries plot shows the same result.

Table 1. Trained model results using ReLU

10 Epochs 50 Epochs 100 Epochs
Accuracy 0.8148 0.9630 0.9630
Loss 0.8036 0.1738 0.0716
Val-accuracy 0.7500 0.9167 1.0000
Val-loss 0.8628 0.2755 0.0832

After that, | did another test to see the effect of deleting some data from the data
set. | randomly deleted 20% of the data set and continued the process like in the
previous test. Figure 10. shows the results of the trained model after 10, 50, and
100 epochs. The model was improving slower than the previous test as we had less
data to use in training.

We can see in Table 2 how the accuracy and loss values were changing during the
training process. The values show that we faced an overfitting problem as the
accuracy at the end of the training was 1, but the validation accuracy was 0.8,
which tells us that the model was overtrained by the training set and will not be
able to detect new data correctly. However, using the visualization function, we
were not able to see and detect the overfitting problem as we see that there are
spaces in the figure which can be evaluated if we tried a new point, but it was not
true in practice. So, the training process visualization is not efficient to detect
overfitting.
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Decision Boundary on PCA-Reduced Iris Data
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(b) Accuracy =0.9815
Figure 9. The difference between the decision boundaries

Table 2. Trained Model results using ReL U after deleting data

10 Epochs 50 Epochs 100 Epochs
Accuracy 0.7791 0.9302 1.0000
Loss 0.8184 0.2375 0.0498
Val-accuracy 0.8000 0.9000 0.8000
Val-loss 0.8574 0.3825 0.2080
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(c) After 100 Epochs

Figure 10. Visualizing the training process using ReLU after deleting data

Also, | wanted to check the effect of adding noisy data to the data set on the
training process. After randomly adding some noisy data, | started to train the MLP
model using the steps mentioned before. The model did not reach the point where
we can say that it is an efficient model to use in this situation, as the highest
accuracy value reached was 0.8682, which is not a good value. By using the
visualizing function, we can see that the model is not efficient as there are a lot of
data points that were classified wrongly, like in Figure 11.
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Figure 11. Noisy data effect on the training process

Table 3. Model results after adding noisy data

10 Epochs 50 Epochs 100 Epochs
Accuracy 0.6899 0.8605 0.8682
Loss 0.8552 0.4935 0.3832
Val-accuracy 0.6000 0.8000 0.8000
Val-loss 0.9513 0.7020 0.5306

4.3.2. Sigmoid Activation Function

As there are many activation functions that we can use during the training process



90 F. Atallah and L. Kovéacs

of MLP, it is important to know the benefits of using each activation function and
check which one is most suitable in this situation. For that, | created a new test by
changing the activation function from ReLU to Sigmoid, checked the results, and
visualized the training process like I did before.

After 10 epochs of training, we can see that the model is not trained well yet as the
accuracy value was 0.6574 and the loss value was 0.9861, and we can see in Figure
12 that the model just found two classes instead of three, and almost half of the
data points were classified wrongly, which is the same result of the accuracy of the
model.

After 100 epochs, the model improved a lot but was still not efficient as it had a big
value for the loss, which equaled 0.2286. In compression between using ReL U and
Sigmoid, ReLU got a higher accuracy value and lower loss value, so we can say
that ReLU was better than Sigmoid for this problem. Also, by checking Figure 13,
we can see the difference between the decision boundaries for the model that used
ReLU (Figure (a)) and the model that used Sigmoid (Figure (b)). We could decide
which one is more accurate as Figure 13 (a) could classify. more data points
correctly and has a bigger area for classification.

Table 4. Trained model results using Sigmoid

10 Epochs 50 Epochs 100 Epochs
Accuracy 0.6574 0.8889 0.9630
Loss 0.9861 0.4034 0.2286
Val-accuracy 0.5000 0.8333 0.9167
Val-loss 1.0502 0.5499 0.3751
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Figure 12. Trained model after 10 epochs using Sigmoid
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Figure 13. Comparison between using ReLU and Sigmoid

5. Conclusion

After doing a lot of tests and checking the efficiency of visualizing the training process, |
came up Wlth multiple points:
Visualizing the training process can help us to understand how the model is
training and how the decision boundaries are changing during the training
process.
2- Visualizing the training process is good for checking if there are noisy data
or outliers in the data set.
3- We can use the visualizing function to check the difference between using
different activation functions and choosing the best one.
4- Visualizing the decision boundaries of the model cannot help to check
overfitting.
5- Itis not efficient to use the visualizing function to see the oscillation in the
model during the training.
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