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ABSTRACT
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This thesis presents a comparative study of Kolmogorov-Arnold Networks (KANs) and Multi-
Layer Perceptrons (MLPs), focusing on their architectural principles, learning behavior, and em-
pirical performance. KANs are a recently proposed neural network model based on the Kolmogo-
rov-Arnold representation theorem, which states that any continuous multivariate function can be
decomposed into a composition and summation of univariate functions. Unlike MLPs, which rely
on dense matrix multiplications and fixed activation functions, KANs apply learnable univariate
spline-based transformations along each connection, enabling local and interpretable nonlinear
modeling.

This study evaluates the two models on both synthetic and real-world tasks. A symbolic re-
gression task is used to analyze model behavior in controlled settings, while a sentiment classifi-
cation task using the IMDb dataset serves as a real-world benchmark. Experimental results show
that KANs achieve lower or comparable test error with significantly fewer parameters compared
to MLPs. Additionally, KANs trained with the L-BFGS optimizer exhibit better generalization and
smoother learned functions. However, KANs incur higher training time due to spline evaluations
and second-order optimization, especially in CPU-only environments.

The results demonstrate that KANs offer a promising alternative to traditional MLPs, particu-
larly in applications where interpretability, parameter efficiency, and functional smoothness are
desired. While further development is needed to improve scalability and training efficiency, the
findings support the growing interest in functional and interpretable neural architectures.

Keywords: Kolmogorov-Arnold Representation, Kolmogorov-Arnold Networks, Multi-Layer
Perceptrons, Function Approximation, B-Splines, Sentiment Classification, Neural Network
Architecture, Parameter Efficiency.
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1.INTRODUCTION

In recent years, artificial neural networks have become the foundation of modern ma-
chine learning, demonstrating exceptional performance across a wide range of applica-
tions, including computer vision, natural language processing, and scientific modeling.
Among them, the Multi-Layer Perceptron (MLP) has long served as a fundamental build-
ing block, leveraging stacked layers of linear transformations followed by nonlinear acti-
vations to approximate complex functions. Despite its success, the MLP architecture ex-
hibits several limitations, particularly in terms of interpretability, parameter efficiency, and

robustness in low-data or incremental learning settings.

To address these challenges, this thesis investigates Kolmogorov-Arnold Networks
(KANSs), a recently introduced neural architecture grounded in the Kolmogorov-Arnold
representation theorem. Unlike MLPs, which rely on matrix multiplication and fixed non-
linearities, KANs construct function approximations by composing and summing traina-
ble univariate functions along network edges. These functions are typically implemented
using spline basis functions, allowing the model to learn smooth and interpretable trans-

formations.

This study compares KANs and MLPs across both theoretical and practical dimensions.
We begin by analyzing their respective mathematical foundations and structural charac-
teristics. We then implement both architectures using PyTorch and evaluate them on two
types of tasks: symbolic regression, using a handcrafted continuous function, and text
classification, using the IMDb movie review dataset. We also investigate the behavior of
KANs under continual learning conditions, where their localized parameter updates offer

potential advantages over global architectures like MLPs.

The remainder of this thesis is structured as follows. Section 2 provides theoretical back-
ground on MLPs and the Kolmogorov-Arnold theorem, and introduces the architecture
and training methods of KANSs, including their spline-based representation and potential
for continual learning. Section 3 presents the implementation details of both models, in-
cluding dataset preparation, training setup, and the use of PyKAN. Section 4 summarizes
the results and offers conclusions regarding the performance, interpretability, and effi-
ciency of KANs compared to MLPs. The final section lists all references used throughout

the study.



2.BACKGROUND

Artificial neural networks have become fundamental in machine learning, providing pow-
erful tools for function approximation and pattern recognition. Among them, Multi-Layer
Perceptron (MLP) and Kolmogorov-Arnold Network (KAN) represent two distinct ap-

proaches to learning complex functions.

MLPs rely on interconnected layers of neurons, utilizing activation functions and back-
propagation to refine their predictions. They are widely used for classification, regression,

and other machine learning tasks.

On the other hand, KAN is based on the Kolmogorov-Arnold Representation Theorem,
which states that any multivariate function can be expressed as a composition of univari-

ate functions and summations.

This approach challenges the conventional fully connected structure of MLPs by reduc-
ing reliance on matrix multiplications, offering a different paradigm for function approxi-

mation.

Understanding these two theoretical foundations, learning mechanisms, and computa-
tional efficiency is essential for assessing their advantages and limitations in various ma-

chine learning applications.

2.1 Multi-Layer Perceptron (MLP)

Multi-Layer Perceptron (MLP), a class of artificial neural networks (ANN) consisting of

multiple layers of neurons organized feedforward.

MLP consists of three main components: an input layer that receives the input features
and passes them to the next layer, hidden layers that perform computations using
weighted connections and non-linear activation functions, and an output layer that pro-

duces the final prediction or classification result.

Each neuron in a layer of a MLP is connected to every neuron in the following layer,
making it a fully connected network. These connections are parameterized by weights,
which determine the influence of each input feature on the next layer. Bias terms allow

shifting activation functions to improve flexibility in capturing complex patterns.
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Figure 2.1. Architecture of a MLP showing input, hidden and output layers.

More specifically, each neuron in a MLP computes sum of the weighted inputs and then

applies an activation function to produce a non-linear output, as shown in the figure 2.2.

Activation Output
Function
S

Figure 2.2. A picture of an artificial neuron in a MLP, illustrating weighted inputs,

summation, activation function and output.

Mathematically, for a neuron receiving inputs x4, x5, ..., X, with corresponding weights

Wi, W5, ..., W,. The neuron computes:

n
zZ = ijwj +b
j=1

where b is the bias term. The activation function ¢(z) is then applied to produce the

(2.1)

output.

This function-based transformation enables MLPs to approximate complex relationship
in data, making them powerful universal approximators, as described by the Universal
Approximation Theorem. This theorem states that any continuous function can be ap-

proximated by a MLP containing at least one hidden layer with sufficient neurons. This



means that MLPs do not rely on explicit rule-based programming but instead learn com-

plex mappings through function approximation.

MLPs learn by adjusting their weights through backpropagation, a method that reduces
the difference between predicted and actual results. The training process involves per-
forming a forward pass to compute neuron activations from input to output, calculating
the loss, and then performing a backward pass to compute gradients of the loss function
with respect to the weights using the chain rules. Finally, the weights and biases are

updated using gradient descents, where:

woO=w® _yvL (2.2)

with 7 is the learning rate and VL represents the gradient of the loss function with respect

to the weights.

Common loss functions include Mean Squared Error (MSE) for regression [11]:

N
. (2.3)
L= NZ@" - 902

And Cross-Entropy Loss for classification:

N (2.4)
L=- Z yilogy;
i=1

Optimization techniques, such as Stochastic Gradient Descent (SGD) [2] and the Adam
optimizer [3], are algorithms used to efficiently update network weights during training.
Adam is particularly popular due to its adaptive learning rate capabilities and typically

faster convergence compared to traditional SGD.

Activation functions introduces non-linearity, allowing them to model complex patterns.
Common activation functions are the Sigmoid function, which is suitable for binary clas-
sification

1 (2.5)
1+e7*

o(x) =

And ReLU (Rectified Linear Unit) [1]:
f(x) = max (0, x) (2.6)



2.2 Kolmogorov-Arnold Representation Theorem

Kolmogorov-Arnold Networks (KAN) are inspired by the Kolmogorov-Arnold theorem,
which provides a theoretical basis for approximating multivariate functions. Introduced
by Andrey Kolmogorov and further developed by Vladimir Arnold, demonstrates that any
continuous function of multiple variables can be represented through compositions and

summations of univariate continuous functions [4].

The Kolmogorov-Arnold theorem states that for any continuous function on a bounded

domain f:[0,1]" - R, there exist continuous univariate function ¢,,:[0,1] - R and

®,:R — R such that:

2n+1 n (2,7)
FO) = fGra ) = D Bq( ) bgp(iy)
q=1 p=1

Consider a multivariate continuous function defined as:

y = f(xlf ""xn)

According to the theorem, this multivariate function can be decomposed into a combina-

tion of single-variable functions. Specifically, we first define a set of univariate functions:

B1(00), B2 (2), s G Cin) = ) g ()

q=1

Then, the output of these function is passed through another univariate function (single

composition):

n
£ dalxq)
q=1
To increase the approximation power, multiple compositions of these univariate functions
can be utilized, such as m different compositions and sum them up [5].

>
p=1 q

n

®nq (xq)
1



This approach effectively decomposes complex multidimensional relationships into sim-
pler univariate transformations and combinations. KAN models thus utilize this mathe-
matical insight to construct neural network architectures, focusing on univariate functions

rather than traditional matrix-based neuron computations like in MLPs [6].

2.3 KAN Architecture

The KAN architecture follows the idea of the Kolmogorov-Arnold theorem and turns it
into a simple neural network design. Instead of using traditional neurons that rely on
matrix multiplications followed by activation functions (as in MLPs), KAN consists of lay-

ers where each connection is a learnable univariate function.

In KAN, each input dimension is independently processed through learnable univariate
transformations, often parameterized as splines. These transformations act as the pri-
mary mechanism of learning, allowing the network to capture complex nonlinear behav-
iours. The outputs of these univariate functions are then passed on to the next layer.
Importantly, the transformation does not occur within the nodes, but along the edges of
the network. The nodes are responsible for summing the incoming transformed signals,
which are then passed through the next set of functions. This is in contrast to traditional

MLPs, where both transformation and summation happen inside the neurons.

More generally, the structure of a KAN can be viewed as a composition of layers of

functional transformations:

KAN(x) = (®;,_1 o ®;_5 0 ...0 D)X (2.8)

Where each layer ®,; applies a collection of univariate spline functions to its input vector

components.
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Figure 2.3 KAN model architecture

From an implementation perspective, the use of spline-based functions allows for effi-
cient computation and gradient-based optimization. The model’'s parameters are the con-
trol points of these splines, which are differentiable and updatable through backpropa-

gation.

On the other hand, the structure of MLPs can be expressed as:

MLP(X) = (WL—l oQgo° WL—Z °©0go°..0° W1 °oQgo Wo)X (29)

Where each W, is a weight matrix representing a linear transformation, and ¢ is a fixed

nonlinear activation function.

Multi-Layer Perceptron (MLP) Kolmogorov-Arnold Network (KAN)

nonlinear, fixed

nonlinear, learnable

linear, learnable

Figure 2.4 The figure illustrates the structural comparison between MLPs and
KANS.

2.4 B-Splines in KAN

In KAN, the learnable univariate functions used along the edges of the network are often
implemented using B-splines. A B-spline is a function made by smoothly joining several
low-degree polynomial pieces, connected at specific points called knots. These knots
divide the input range into intervals, within which the function acts like a polynomial.
Across intervals, the transitions remain smooth and continuous. In this framework, each
function ¢,, and ®, is expressed as a weighted sum of B-splines basis function. The
general form for a spline in the context of KANs can be expressed using B-splines as

follows:



spline(x) = Z ¢;B;(x) (2.10)

[

Where B;(x) are the spline basis functions and c; are the trainable coefficients [7].

In B-spline interpolation, a univariate function is represented as a linear combination of
basis functions defined over a sequence of knot points. The final output of a spline func-
tion at a given input value is obtained by evaluating the relevant basis functions and
summing their weighted outputs. The weights, or control point coefficients, are trainable
during training, these coefficients are updated to minimize the loss, while the knot loca-
tions typically remain fixed. This localized interpolation strategy enables smooth, flexible,
and differentiable function learning, which aligns naturally with gradient-based optimiza-

tion.

This can be visually illustrated in Figure 2.5.

Linear B-Splines

0.1 0.1

0.4 1.1
0.8 / r\1—0.2

Figure 2.5 B-splines in a function of KAN model.

The number and the placement of knots determine the flexibility of the spline: more knots
allow the function to capture more complex patterns, while fewer knots result in smoother
curves. Since B-splines are differentiable, they can be optimized using gradient descent,

which allows KAN to learn these functions directly from the data.

2.4.1 Comparison with Traditional Activation Functions

Unlike traditional activation functions such as the ReLU or sigmoid, which have fixed
mathematical forms, B-splines are flexible and fully learnable. A ReLU function (formula

2.6), for example, does not change during training, and is used across all nodes in one



layer. In contrast, a B-spline function in KAN can adapt its shape during training by up-
dating its weights c;. This adaptability gives KAN an advantage in representing complex,
nonlinear relationships without requiring deep architectures or a large number of param-
eters. Furthermore, B-splines provide local control, meaning that changes in one part of
the input domain do not significantly affect other parts of the function. This may improve

the stability and interpretability of the model.

In summary, splines are suitable for modelling low-dimensional functions because of
their capacity for local adaption. In contrast, MLPs are more effective at capturing com-
positional and hierarchical patterns, but they often encounter difficulties when optimizing

univariate functions.

2.5 Training of KAN

Training a KAN involves optimizing the parameters of its univariate functions to minimize
a specific loss function. Unlike traditional neural networks, where weights in matrix mul-
tiplication are updated, KAN learns by adjusting the coefficients of spline basis functions

along each edge of the network.

Each spline-based function in KAN, has a set of trainable coefficients c; that determine
the shape of the transformation. These coefficients are initialized randomly or with
smooth priors and are updated using gradient-based optimization techniques such as
stochastic gradient descent (SGD) or Adam. The model is trained end-to-end via back-
propagation, leveraging the fact that B-splines are differentiable with respect to their co-

efficients.

During a forward pass, the input is transformed by univariate functions along the edges,
aggregated at the nodes through summation, and passed layer by layer through the net-
work. The final output is compared with the ground truth using a suitable loss function,
such as mean squared error for regression [8] or cross entropy for classification [9]. In
the backward pass, gradients of the loss are propagated through each spline function
using the chain rule. This allows the model to adjust the coefficients to reduce the loss
overtime. Although the internal structure differs, this training process is essentially similar
to that of MLPs, which also rely on forward propagation, backpropagation, and gradient-

based optimization.

To better understand how KAN operate in practice, let us consider an example of sym-

bolic regression illustrated in Figure 2.6.
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Figure 2.6 An example of training KAN model.

In this example, KAN is trained to recover the function exp(sin(mx) + y?) from the data.
Initially, KAN is trained with a sparsity constraint [10]. This means that although the full
network is dense, many of the univariate functions along the edges will learn to output
near-zero values. These weak connections can later be pruned. After training, the insig-
nificant connections are pruned from the network. This reduces complexity and focuses
only on the most essential functional paths. At this point, the graph becomes smaller and
easier to interpret. The remaining active functions are then examined and assigned sym-
bolic identities based on their learned shape. In this example, the model first identifies a
function behaving like sin(x), then another function approximate x2, which corresponds
to the y2, and the outermost function is approximating exp(z), capturing the final nonlin-
ear transformation. Once the symbolic structure is locked in, the affine parameters of
each transformation are fine-tuned to match the original data more precisely. After opti-
mizing the parameters, the KAN can now output a symbolic expression that closely

matches the ground truth function.

KAN training tends to converge efficiently, especially in low-data regimes, due to its high
expressiveness with relatively few parameters. Moreover, the local support of B-splines
ensures that updates to the spline coefficients only affect nearby input regions, contrib-
uting to stable training and improved generalization. However, choosing the number of
placement of knots should be carefully consider, as overly flexible splines may lead to

overfitting [12], while too few may underfit the data [13].
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2.6 Continual Learning

Continual learning, also known as lifelong learning, refers to the ability of a model to
sequentially learn multiple tasks without forgetting previous acquired knowledge. This
capability is particularly important in dynamic real-world environments where data arrives
incrementally or evolves over time. A critical challenge in continual learning is cata-
strophic forgetting [14], where neural networks overwrite old information when trained on
new data. KANs potentially mitigate this problem due to their local plasticity, derived from
the local nature of spline. Specifically, since spline have localized support, each training
sample influences only nearby spline coefficients, preserving far-away learned infor-
mation [4]. By contrast, traditional neural networks like MLPs use global activation func-
tions, causing even minor parameter updates to propagate broadly through the network
net disrupts previously learned representations. This fundamental difference highlights
a promising advantage of KANs for continual learning, allowing them to efficiently inte-

grate new knowledge while maintaining the stability of earlier learned information.

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5
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Figure 2.7 Difference in continual learning between a KAN model and a MLP.
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3.IMPLEMENTATION

In this section, we detail the practical implementation of the proposed Kolmogorov-Ar-
nold Network model, comparing it with traditional Multi-Layer Perceptron (MLP) architec-
tures. The implementation process includes data preparation, model architecture design,
training procedures, and evaluation protocols. Using PyTorch [16] as the primary frame-
work, both KAN and MLP models were constructed and trained on benchmark datasets
to assess their respective performances in function approximation tasks. All experiments

conducted under consistent settings to ensure a fair and reliable comparison.

3.1 KAN Implementation (PyKAN)

In this experiment, we focus on evaluating the performance and behaviour of the KAN
model before comparing it with the traditional MLP. To do so, we employ a synthetic

regression task using a two-dimensional function defined as:

f(xg,x1) = exp(xoz + x12)

This function was chosen because it is smooth, continuous, and visually interpretable,
making it well-suited for analysing the convergence behaviour of the model. The KAN
model is configured with a width of [2, 4, 1], which corresponds to two input features, a
single hidden layer with four neurons, and one output (shown in figure 3.1). We also

generate 1000 training samples randomly.

<X 7
VN

Figure 3.1 KAN model with mentioned configuration before training.
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We use cubic splines (k = 3) and set the grid intervals per neuron to 3 (grid = 5). To
further analyze the learning behaviors of the KAN model, we conducted a convergence
experiment by varying the number of training samples and tracking both the training and
test losses. Specifically, we compared two optimization methods: Adam and L-BFGS
[18]. For each dataset size (ranging from 100 to 2000 samples), we trained the KAN
model and evaluated its performance on both training test and a fixed, unseen test set.
The results revealed a clear difference. While Adam optimizer consistently achieved
lower training losses, its test losses were significant higher, especially on smaller da-
tasets. This indicates a tendency to overfit the training data, as Adam is an adaptive first-
order method that minimizes loss without necessarily encouraging smooth or globally
consistent function shapes. In contrast, the L-BFGS optimizer, which approximates sec-
ond-order curvature information, achieved slightly higher training losses but much more
stable and lower test losses across all dataset sizes [19]. These findings show a critical
trade-off between optimization speed and generalization quality, and they reinforce the
suitability of L-BFGS for spline-based models like KAN.

Train/Test Loss vs Training Size (Adam vs LBFGS)

—®- Adam Train Loss
100 &< Adam Test Loss
=~ -M- LBFGS Train Loss
e —8— LBFGS Test Loss

1071 4 e - Sege=ao

1072 4

1077 4

MSE Loss

1074 §

10—5 4

T T
10° 10?
Training Size

Figure 3.2 MSE on the training and test sets for KAN model trained with Adam and
L-BFGS optimizers.

As a result, the structure learned by the KAN model using the L-BFGS optimizer is
smooth and interpretable, as illustrated in the figure, clearly capturing the compositional

of the target function.
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Figure 3.3 The learned structure using L-BFGS is visually smooth and well-aligned
with the target function.

3.2 Dataset and Tasks

For evaluating and comparing the performance of KANs and MLPs, we selected the
IMDb sentiment analysis dataset, a widely used benchmark in the field of natural lan-
guage processing (NLP). The IMDb dataset consists of 50,000 movie reviews labelled
as either positive or negative, evenly divided into training and testing subsets. This da-
taset was chosen because it presents realistic complexity, with varied review lengths and
linguistic features that challenge the models to capture patterns in textual data. Using
this dataset enables a clear comparison of both models’ ability and it is aligning well with
the theoretical and practical aims of this thesis. However, due to computational con-
straints and memory limitations, we reduced the dataset to 20000 training samples and
5000 testing samples (80% training and 20% test data).

3.3 Data Preprocessing

IMDb reviews were first cleaned and tokenized using standard preprocessing pipeline,
including HTML tag and punctuation removal, lowercasing, and splitting into tokens.
Word embeddings were learned using Word2Vec [15] with a vector size of 100, trained
on the tokenized training corpus using a window size of 5 and a minimum frequency
threshold of 2. Each review was represented as the average of its constituent word em-

beddings, resulting a 100-dimensional input vector.

After preprocessing, review vectors were converted to PyTorch tensors, and the corre-

sponding binary sentiment labels (positive or negative) were also encoded to tensors
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and stored as scalar targets. These tensors were then used as input for both the MLP
and KAN models.

3.4 Model Architectures and Implementation

This section outlines the architectural design and implementation of KAN and MLP mod-
els used to evaluate performance on sentiment classification using the IMDb dataset.
For the KAN model, we specifically leveraged PyKAN [17], a specialized Python library
designed to simplify the creation and training of KAN architectures using spline-based
transformations. PyKAN enables straightforward implementation of KAN by handling
spline initialization, function fitting, and gradient based optimization efficiently. The loss
function for both models were mean squared error (MSE). In the architectural notation
used throughout this section, a configuration such as [100, 32 or 5 (for KAN), 1] repre-
sents a model with an input layer of size 100 (leftmost), a hidden layer (middle) with 32
neurons for MLP and for KAN it is the number of spline-based unit, and an output layer

size of 1 (rightmost).

3.4.1 MLP Architecture

The Multi-Layer Perceptron model was implemented using fully connected layers with
ReLU activation functions between hidden layers. To systematically evaluate the effect
of model width and depth, we test four different MLP configurations: [100, 16, 1], [100,
32, 1], [100, 64, 1] and [100, 64, 32, 1]. These configurations were selected to represent
increasing complexity in a controlled manner. The first three are shallow models with
single hidden layer of increasing width (16, 32, and 64 units), allowing analysis of how
widening the network affects performance and parameter usage. The final configuration
adds a second hidden layer, providing insight into whether depth contributes significantly
to performance on this task. Moreover, all MLP models were trained using the Adam

optimizer with a learning rate of 1 x 10~3 for 30 epochs.

3.4.2 KAN Architecture

The Kolmogorov-Arnold Network replaces matrix multiplications with edge-wise spline
transformations. Each connection is modelled as a univariate cubic spline, with fixed knot
positions and trainable control point weights. The input passes through these spline func-
tions individually, and each output unit computes a sum over transformed inputs, con-

sistent with the Kolmogorov-Arnold representation. We evaluated three configurations of
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KAN: [100, 4, 1], [100, 8, 1] and [100, 16, 1]. These configurations match the MLP ex-
periments in structural simplicity and scalability. They were chosen to provide a fair com-
parison of parameter efficiency and performance across different widths. Unlike MLPs,
where increasing width leads to more weight parameters and dense matrix operations,
KAN scales in terms of the number of spline functions. These models used cubic spline
with 5 grid points per input dimension. Training was performed using the L-BFGS opti-

mizer over 30 steps, with a regularization term A = 0.0001 and entropy penalty A¢propy =

0.5 to control function complexity.

3.4.3 Evaluation and Metrics

After training, all models were evaluated on the test set using MSE. The number of train-
able parameters was also recorded. Results were plotted with test MSE against model

size (in log scale).

3.5 Results and Analysis

Figure 3.4 presents a comparison between KANs and MLPs in terms of terms of test
mean squared error and the number of trainable parameters, plotted on logarithmic

scales. Each point on the graph represents a different model configuration.

Test MSE vs Number of Parameters (IMDb - Word2Vec Avg)

100-16-
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Figure 3.4 Comparison of MLPs and KANs on the IMDb dataset.
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The comparison reveals that KAN models consistently achieve lower test MSE than
MLPs, despite using significant fewer trainable parameters. As the MLP architecture is
expanded with additional neurons or hidden layers, its test performance does improve
incrementally, but these improvements are modest and come at the cost of rapidly in-
creasing parameter count. In contrast, KAN models demonstrate a predictable and effi-
cient scaling of performance, maintaining lower error rate across all tested configurations

while preserving a compact model structure.

As the number of hidden units increase, MLP performance improves slightly but plat-
eaus, while KAN performance begins to degrade slightly beyond 16 hidden units. This
may reflect overfitting due to increased spline flexibility or increased sensitivity to regu-
larization. Nevertheless, even the largest MLP ([100, 64, 32, 1]) does not outperform the
mid-size KAN ([100, 8, 1]), reinforcing the idea that KANs can represent complex func-

tions more compactly and with improved generalization.

The difference in parameter efficiency supports the theoretical strength of KANs, which
are designed to approximate functions through localized, trainable univariate splines in-
stead of global matrix-based computations. The test results confirm that KANs are highly
effective at learning compact representations, and they are especially well-suited for

tasks requiring smooth generalization or interpretability.

However, a significant drawback of the KAN architecture lies in its computational cost
during training. While MLPs benefit from the simplicity and speed of sense matrix oper-
ations and first-order optimizer such as Adam, KANs involve more computationally in-
tensive procedures. Each connection in KAN corresponds to a univariate spline transfor-
mation that must be evaluated and updated across a grid of control points, making both
the forward and backward passes more complex. Moreover, the KAN models in this ex-
periment were optimized using the L-BFGS algorithm, a second-order method that ap-
proximates curvature information and is inherently more resource-intensive than first-

order optimizers.

This difference in computational demand becomes especially noticeable in environments
without GPU acceleration. All experiments in this study were conducted on a CPU-only
setup, which further amplifies the disparity in training time between two models. While
the MLPs were able to complete training relatively quickly even across multiple configu-
rations, the KAN models required substantially more time per training step. The combi-
nation of spline evaluation, entropy regularization, and second-order optimization made

KANSs significantly slower to train on CPU hardware.



18

Despite this limitation, the trade-off in training time may be justified in tasks where pa-
rameter efficiency, interpretability, and smooth generalization are prioritized over speed.
The slower training performance of KANs can be understood as the computational price

of learning structured, functional transformations rather than dense matrix operations.
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4. CONCLUSIONS

This thesis presented a comparative study between Kolmogorov-Arnold Networks
(KANSs) and Multi-Layer Perceptrons (MLPs), with the aim of understanding their re-
spective strengths and limitations in terms of function approximation, generalization, in-
terpretability, and parameter efficiency. Grounded in the Kolmogorov-Arnold represen-
tation theorem, KANs provide an alternative neural architecture in which each edge is
associated with a learnable univariate function, typically parameterized using splines.
This design contrasts with the matrix-based structure of MLPs and offers a more inter-

pretable and modular approach to learning complex mappings.

To evaluate both models, we implemented them using PyTorch and conducted experi-
ments on two tasks: symbolic regression and sentiment classification using the IMDb
dataset. In the symbolic regression task, we demonstrated that KAN models, especially
when trained with the L-BFGS optimizer, achieved smoother and more generalizable
approximations of the target function compared to MLPs. In the sentiment classification
task, we compared the models across multiple configurations, examining test error and
parameter count. The results clearly showed that KANs could achieve lower or compa-
rable test error using significantly fewer trainable parameters. This supports the hypoth-
esis that KANs are more parameter-efficient and better suited for learning compact rep-

resentations.

However, our study also highlighted important trade-offs. KANs, while offering strong
generalization and interpretability, incur a substantially higher computational cost dur-
ing training. Their reliance on spline evaluations and second-order optimization makes
them slower to train, particularly in CPU-only environments. In contrast, MLPs train
faster and scale better computationally, making them more practical for time-sensitive

or large-scale tasks.

In summary, this thesis confirms that KANs represent a promising architectural alterna-
tive to traditional MLPs, especially in tasks where interpretability, functional smooth-
ness, and compactness are important. While they are not yet a universal replacement
for MLPs, their mathematical foundation and empirical performance suggest valuable
directions for future research. These include extending KANs to handle high-dimen-
sional structured data, exploring adaptive knot placement, and applying KANs to con-

tinual or symbolic learning settings.
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