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The object of this study is neural networks used for
categorizing objects in images. The task addressed in
the work is to identify options for building a multilayer
perceptron architecture that apply the Kolmogorov-
Arnold layer and are characterized by the best ratio of
classification quality and computational effort.

The paper proposes a modification to the multi-
layer perceptron (MLP) by replacing the first hidden
layer with a Kolmogorov-Arnold layer. This allowed
the use of the approximating properties of neurons
and learning activation functions simultaneously.
A feature of the designed MLP-KAN neural network,
unlike the classical KAN network, is the use of only
one activation function for each of the input elements.
The training of activation functions is carried out on
the basis of invariant radial basis functions, which
are composed using learning weight coefficients. Such
construction of the MLP-KAN neural network archi-
tecture allowed the use of typical libraries and opti-
mizers for its training. In this case, unlike known ana-
logs, there is no slowdown in the learning speed.

Experimental studies on the handwritten digit
dataset (MNIST) have shown that MLP-KAN could
provide higher classification quality with less com-
putational effort. In particular, to obtain classifica-
tion quality comparable to MLP, with the appropriate
parameter setting, MLP-KAN requires 3.63 times less
computational effort than MLP. This makes it pos-
sible to significantly improve the efficiency of image
object classification devices built on microprocessors
operating under an autonomous mode as part of ro-
botic systems
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Kolmogorov-Arnold network, weight coefficients, radial
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1. Introduction

The multilayer perceptron (MLP) is the basic building
block for almost all neural networks. It has been proven to
be a universal approximator [1], which is the theoretical jus-
tification for its use in a wide range of problems. However,
in practical tasks there are always limitations on the amount
of computing resources and the bit depth used. Therefore,
a large number of neural network architectures have been
developed with a much better ratio of performance quality
to the required amount of computation. But at the output of
such neural networks, there is usually always an MLP, which
forms the resulting signal.

In [2], an alternative architecture (Komogorov-Arnold
KAN networks) was proposed, which is also a universal ap-
proximator [3]. Naturally, the quality of approximation of any
function and the required amount of computation depend
on the type of this function and the approximation method
used. MLP uses multi-input adders with trainable weight co-
efficients at the input and a nonlinear function at the output,
called neurons. The nonlinear output function (activation
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function) is the same for all neurons in a layer in MLP. All
activation functions in MLP do not change during training. In
KAN, trainable nonlinear functions are used at the adder in-
puts instead of trainable weights, and there are no activation
functions at the adder outputs.

In [2], the higher efficiency of using KAN, compared to
MLP, was demonstrated for a number of problems. Examples
of such problems are, for example, approximation of Bessel
functions and solving partial differential equations. How-
ever, these problems are characterized by specific functions
to be approximated. For them, the approximation used in
KAN is more efficient. In [4], it was shown that using KAN
in reinforcement learning problems allows one to obtain
training quality comparable to using MLP, with significant-
ly less computation. The study reported in [5] showed that
for a wide range of machine learning problems, using MLP
compared to KAN allows one to obtain better results with less
computation. The exception is the symbolic representation of
formulas. At the same time, simultaneous integration of MLP
and KAN in the transformer architecture [6] allows one to
obtain high results not only in the approximation of complex




functions but also in image classification. Therefore, the de-
velopment and study of a modified MLP architecture using
KAN seems relevant. This could make it possible to combine
the approximation capabilities of both architectures.

2. Literature review and problem statement

The use of dynamically adjustable activation functions in
KAN makes it possible to demonstrate higher performance
than MLP in problems where such signal approximation is
more efficient. In [7], a modification of KAN for time series
prediction is proposed. The two-layer structure of the neural
network uses splines to analyze temporal patterns between suc-
cessive data samples. It is shown that such an architecture can
have a smaller number of trainable functions compared to the
number of weight coefficients in MLP. For time series predic-
tion, two architecture variants are proposed in [7]: T-KAN and
MT-KAN. The first is designed to detect concept drift in time
series. For this purpose, symbolic regression is used, which
determines nonlinear relationships between past and current
forecasts. This situation is typical for dynamically changing
environments. The second architecture is designed to improve
the accuracy of current forecasting of multidimensional time
series. However, training such neural networks takes signifi-
cantly more time. In this regard, in [7] it is recommended to
use pure MLP for problems where time dependences change
dynamically and fast adjustment to input signal parameters is
required. In [8] a modification to the recurrent neural network
is proposed by replacing the MLP at the output with KAN in
the task of forecasting solar radiation and outdoor temperature.
Experimental studies on real data have shown an improvement
in the quality of forecasting with a smaller amount of calcula-
tions. However, the efficiency of using KAN in this problem is
explained by the fact that for this type of signals, spline approx-
imation is more effective than approximation in MLP.

In[9], a hybrid architecture for hyperspectral image
classification is proposed by analogy with [10]. Unlike [10],
which uses convolutional neural networks and image trans-
formers, [9] proposes to sequentially use three-dimensional,
two-dimensional, and one-dimensional KAN layers. That
made it possible to obtain comparable classification charac-
teristics with less computation. However, this architecture is
specifically aimed at categorizing hyperspectral images and is
redundant for simpler datasets. In [11], the KANDIff archi-
tecture is proposed to improve the quality of hyperspectral
images, which uses a KAN and a diffusion neural network
together. In it, a KAN is used at the input to merge hyper-
spectral and multispectral images, which makes it possible to
eliminate differences in modal information. However, the im-
age generated by the diffusion model contains residual noise.
To suppress this noise and enhance the fusion effect, a spe-
cial MergeCNN module is used, which provides a smoother
and more accurate result. Experimental studies on publicly
available datasets have shown improved image quality when
solving problems of landing site search and resource explora-
tion in the field of deep space exploration. However, such an
architecture is not designed for categorizing objects in images
and is redundant for it.

Using MLP in global satellite positioning systems of the
visible range [12] makes it possible to increase the accuracy
of positioning of moving objects. However, in the infra-
red range, images have significantly worse characteristics.
To solve this problem, it was proposed in [13] to use a KAN

layer at the output of the YOLOV.10 program. In addition, an
additional neural network Swin Transformer is used in the
system architecture, the main task of which is to extract global
features from infrared images of small and medium-sized
ships. Trainable activation functions in the KAN layer and
the shifted window mechanism implemented in Swin Trans-
former together led to an increase in the ability of the model
to focus on global features. Experimental studies have shown
a significant increase in the accuracy of ship positioning at
sea with less computation. However, this architectural solu-
tion is implemented specifically for the YOLOv.10 program
and cannot be extended to the general case of the task of
categorizing objects in images.

In [14], a modification to the convolutional network was
proposed by completely replacing the MLP at the output with
a three-layer KAN in the problem of intrusion detection in
Internet of Things (IoT) systems. As a result, the modified
convolutional network on test datasets showed higher per-
formance with less computation compared to conventional
convolutional networks, recurrent neural networks, and an
autoencoder. Improvement was achieved for both binary and
multi-classification tasks in terms of accuracy, confidence,
and recall. However, the KAN in such an architecture re-
ceived specific input signals and the effectiveness of replacing
MLP with KAN in the general case is unclear. In [15], KAN
layers were integrated directly into the convolutional neural
network architecture, and the output was a traditional MLP.
Experimental studies on the Fashion MNIST dataset showed
1.3 % worse results compared to a conventional convolutional
network with less computation. However, it is not clear from
the paper whether it is possible to obtain higher results using
a modified neural network. In [16], a convolutional neural
network was modified by introducing new layers Bottleneck
Convolutional Kolmogorov-Arnold and Self KAGNtention.
The first type of layers involves using a special design of an
encoder, functional experts, and a decoder in parallel with the
convolutional layers. The second type of layers uses a block
similar to the KAN layer in parallel with the convolutional
layers and consisting of an orthogonal basis decomposition,
weighting with adjustable coefficients and an adder. This
layer is a certain equivalent of the self-attention mechanism.
This construction of the neural network makes it possible,
with some types of architecture configuration, to slightly in-
crease the quality of object classification in images, compared
to a conventional convolutional neural network. However,
this was achieved at the expense of a very large increase in
the volume of calculations from several times to tens of times.
It should be noted that, in addition to a significant increase
in the volume of calculations, such an architectural solution
is intended for modifying only convolutional networks and
cannot be used to modify MLPs.

The MLP-Mixer neural network shows high results in
categorizing objects in images. Its architecture is based on the
repeated use of MLP in processing the matrix derivative of the
original image by rows and columns. In [17], a modification
to this architecture using KAN layers was proposed. Despite
the fact that the results obtained were somewhat better than
those of MLP-Mixer, they were significantly lower than those
of RES-Net-18.

In [18], a modification of the U-Net network was pro-
posed, which consists of using a combination of KAN layers
and convolutional layers at the output of the encoding part
and at the input of the decoding part of the U-Net network.
Using this network to process synthetic aperture radar data



in a flood monitoring task makes it possible to better capture
complex nonlinear relationships and global features with less
computation. However, such a combination of KAN layers
and convolutional layers is specially designed for the U-Net
architecture and cannot be directly transferred to other neural
network architectures.

Thus, a large number of neural network modifications
using KAN layers have been devised at present. However, all
of them involve either a complete replacement of MLP with
KAN, or the integration of KAN into a complex architecture.
Moreover, a significant improvement in performance is ob-
served mainly only in applications with specific input signals.
Therefore, the issue of combining the approximating proper-
ties of MLP and KAN in the problems of categorizing objects
in images requires further research.

It should be noted that when using KAN in any architec-
ture, the technique of implementing the trained activation
functions is of great importance. In a fundamental work [2],
splines were used. However, in practical implementation, it is
convenient to use a number of functions for approximation
that are most suitable for this. In [19], 18 types of different
polynomials were studied using the example of the task of
recognizing handwritten letters from the MNIST data set.
Polynomials created on the basis of various principles were
specially considered, in particular, orthogonal polynomials,
hypergeometric polynomials, combinatorial polynomials. For
the used MNIST data set, the best results were obtained
using Gottlieb polynomials. It is noted that for other data
sets, a similar study should be carried out to obtain the best
results. Replacing MLP with KAN showed the performance
of all options but the classification quality was significantly
lower than the best known results for MNIST. It should be
noted that the MNIST dataset is general and has no specific
features, so it is advisable to use universal functions for KAN
to categorize objects from it. In [20], it is shown that radial
basis functions (RBFs) have universal approximation char-
acteristics and are one of the best replacement options for
splines. In the paper, a new class of neural networks with
radial basis functions in which smoothing factors are reduced
by shifts is considered. With some restrictions on the activa-
tion function, these networks are able to approximate any
continuous multidimensional function on any compact sub-
set of d-dimensional Euclidean space. For a finite number of
radial functions used, conditions are obtained that guarantee
a given accuracy. This is best suited for use in a KAN layer for
constructing trainable activation functions. However, in [20],
the construction of KAN layers was not considered.

In [21], the problem of approximation of functions using
neural networks using radial basis functions was solved.
However, high results were achieved due to an additional
clustering algorithm used to determine the best choice for the
centers and width of the radial basis functions. In the work,
approximation with shifted radial basis functions was also
used. However, control over the centers of basis functions is
a rather complex computational task and cannot be solved by
typical optimizers used in training neural networks. If we add
control over the width of the basis functions, then such an
architecture falls into the category of theoretical and cannot
find wide application in practice. In [22], an improved version
of neural networks with radial basis functions is proposed,
but the improvement was achieved due to additional process-
ing of input signals with exponential functions. The radial
basis functions themselves were not configured in this ar-
chitecture and the approximation of the activation functions

in the form of a KAN layer was not performed. In [23], neural
networks with radial basis functions were used in the prob-
lem of pattern recognition. Experimental studies showed an
improvement in the quality of recognition when the actual
noise distribution differs from the Gaussian one. However, the
improvement in performance was obtained not by learning
the activation functions but by using a surrogate likelihood
function. Some analog of the KAN architecture using radial
basis functions is proposed in [24]. However, the main focus
of this architecture is on removing and adding nodes in the
hidden layer, rather than learning the activation functions.
The contribution of each node to the output signal is deter-
mined using the normalization concept. In addition, a simple
algorithm for controlling the width of the basis functions is
proposed in the work. And the recursive least squares meth-
od is used to find the connecting weights. The results of the
experimental study of the proposed architecture showed high
quality approximation of nonlinear functions and forecasting
the behavior of dynamic systems. However, such architecture
does not seem promising for a wide range of practical tasks
since there was no full tuning of activation functions, only
adding and removing nodes in hidden layers depending on
their contribution to the resulting characteristics. The most
complete training of activation functions is implemented
in [25]. The input signals from the output of the first stage of
the ensemble classifier are transformed by radial basis func-
tions. Then they are weighted by the trained weighting coeffi-
cients and summed up. Thus, the output values of the trained
activation functions are obtained at the output of the adders.
These values are fed to the output fully connected layer.
It should be noted that the possibility of combining activation
functions was not investigated in the work. In addition, the
integration of two different approximation methods was not
fully used since only a simple fully connected layer of 10 neu-
rons was used. The KAN layer using radial basis functions
is implemented there in the second stage of the ensemble
classifier with stacking. Specific signals from the first stage are
fed to the second stage. What results such an architecture will
provide for general-type input signals is not investigated there.

All this allows us to state that it is advisable to design and
investigate the architecture of a neural network that combines
the approximating properties of MLP and KAN with input sig-
nals of a general type. The task to categorize objects in images
from the MNIST set can be used as signals of this type.

3. The aim and objectives of the study

The aim of our work is to identify the effectiveness of
combining MLP and KAN in the task to recognize objects in
images from the MNIST dataset. This will make it possible
to find in practice the options for the parameters of the com-
bined neural network (MLP-KAN) that provide improved
classification quality with less computation, compared to
pure MLP.

To achieve the goal, the following tasks were set:

-to design the architecture of the MLP-KAN neural
network;

- to study the dependence of classification quality on the
number of Gaussian RBFs used to approximate one activation
function;

- to investigate the dependence of classification quality
and the amount of computation on the parameters of combin-
ing activation functions.



4. The study materials and methods

The object of our research is object classifiers on images
from the MNIST dataset. The subject of research is the com-
bined neural network MLP-KAN.

The main hypothesis of the study assumes that the
joint use of two different approximation mechanisms could
improve the resulting ratio of classification quality and the
amount of classifier computations. The research was conduct-
ed on a general dataset. It is assumed that similar results could
be obtained on other general datasets.

The dataset for research is MNIST [26] contains black
and white images of handwritten digits, 28 x 28 pixels in
size, 60,000 images for training and 10,000 for testing. The
images belong to c¢=10 classes. Examples of images are
shown in Fig. 1.

Fig. 1. Examples of images of digits from the MNIST dataset

The MLP with the following parameters was adopted as
the basic multilayer perceptron:

1. Input vector, dimensionally — 784.

2. First hidden layer: 64 neurons, Relu activation function.

3. Second hidden layer: 64 neurons, Relu activation function.

4. Output layer: 10 neurons, softmax activation function.

The image of the basic MLP is shown in Fig. 2.

Output layer -
10 neurons

Second hidden
layer - 64 neurons

First hidden
layer - 64 neurons

Input vector

T84pixels OOOOOO000000000000000

Fig. 2. Schematic of basic MLP

During training, the initial values were set as "glorot_uni-
form", the Adam optimizer. The training duration was 20 epochs.
The best achieved classification quality was 0.9782. The num-
ber of trainable weight coefficients was 55050.

The programs for conducting the study were written in Py-
thon using the Keras library and are available on GitHub [27].
Training was performed on training data for 20 epochs. The
classification quality was assessed on a set of testing images
and the maximum value was recorded. The classification
quality was defined as the ratio of the number of correctly
recognized objects in the images to the total number of test
images (10000).

5. Results of investigating the effectiveness
of combining MLP and KAN

5. 1. Design of the MLP-KAN neural network archi-
tecture

In its pure form, the KAN architecture layer [2] assumes
that each of the q input signals is transformed using q train-
able activation functions. As a result, g transformation results
are obtained, which are fed to q adders. The outputs of the
adders are the outputs of the KAN layer.

To combine the approximating properties of MLP and
KAN in the MLP architecture shown in Fig. 1, the first hidden
layer was replaced with a KAN layer.

Considering the universal approximating properties of
RBF [20] and the ease of their implementation in the form
of a pre-calculated table of values, they were used as a ba-
sis for trainable activation functions. Based on the results
reported in [20], the basis set of functions is formed by
shifting their centers.

Gaussian RBFs take the following form

ou(x0)= e—((xk s +ixd) /(2587 ))’ W

wherei=0,..., (m - 1) is the function number, m is the total num-
ber of RBFs used; x; is the k-th pixel of the input signal, for the
MNIST set k=0...784; Xuin is the minimum value of the input
signal pixels, for the MNIST set it is 0; d = (Xmax — Xmin)/(m - 1)
is the distance between the centers of adjacent RBFs; Xy is
the maximum value of the input signal, for the MNIST set it
is 255, and after the typical normalization of the input signals
it is 1; 8 = (Xmax — Xmin)/8.45 is the coefficient that specifies
the RBF width.

The first operation in implementing the KAN layer is to
calculate the m values for each pixel of the input signal x; for
the corresponding functions ¢;.

To implement an ideal KAN layer, for each pixel of the
input image from MNIST it is necessary to form 784 trainable
activation functions, each of which takes the form

m-1

Fe(xi) =2 o1 (k) * Wi @)

i=0

where Fy is the activation function for the k-th pixel of the
input signal; x; is the k-th pixel of the input signal; wy; is the
i-th trainable weight coefficient for forming the activation
function for the k-th pixel of the input signal.

The wy; weight coefficients can be operated in the same
way as the MLP weight coefficients. This allows the entire
MLP-KAN architecture to be trained uniformly using the
Keras library.

However, implementing as many activation functions as
are required for an ideal KAN layer (784*g for MNIST, where g is
the number of nodes in the next layer) seems redundant. In
order to ensure a small resulting amount of computation, only
one activation function is calculated for each pixel.

Thus, for the MNIST set, where the number of pixels in
the image is 784, after the transformation operation using the
RBF functions, 784 - m values are obtained.

A typical form of the ¢; functions for m = 6 is shown in Fig. 3.

To take into account the mutual influence of the values
at the outputs of the activation functions, we shall adjust the
weighting coefficients not for each activation function sepa-
rately, but for 2, 4, 8, etc. activation functions at once. In this



case, the output of the Dence layer, which forms a combined
activation function for pixels with numbers from nl to n2,
takes the following form

m-1

2 bi (xnl ) Wy +
it
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i=!
m-1

+ 2.0 (an ) “Whoi
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An example of the architecture of a KAN layer with
a combination of two activation functions using 6 RBF func-
tions and one neuron in the Dence layer is shown in Fig. 4.
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Fig. 3. Typical form of functions ¢;for m=6

X, q)o(xo)
I
B
s
3
. +
g
[ 'vc—é E °
. :2 (X 75,)
Frgr
X783 :
( P5(Xr53)

Fig. 4. Example of KAN layer with pooling
of two activation functions

The input of the layer receives 784 pixels of the input
image X, ..., X7g3. Then they are normalized and transformed
by RBF functions. This gives 784 -6 values, which are mul-
tiplied by the weight coefficients w and added in the corre-
sponding adders. The set of weight coefficients combined
with the adder is a Dence layer, which does not use an
activation function. Fig. 3 shows the combination of 2 activa-
tion functions. For this purpose, 392 Dence layers are used,
each of which contains 1 neuron and has 12 inputs with the

corresponding trainable weights. 382 output signals of the
KAN layer are then fed to the second hidden layer of the MLP
and from it to the output layer.

The proposed architecture of the KAN layer makes it
possible to combine an arbitrary number of activation func-
tions and have not only 1 neuron but also more in the Dence
layers. The number of RBF functions can be varied for better
classification quality of the corresponding types of input sig-
nals. Finding RBF values from input signals does not require
performing arithmetic operations, and in many practical
situations there is no need to normalize input signals. It is
enough to first calculate and save tables of values, and then
simply find the necessary values from the table. For example,
for the MNIST set, pixel values are specified by 8 binary bits.
Therefore, to find one RBF function, it is enough to have
a table with 256 values in memory. If 6 RBF functions are
used to approximate, then it is necessary to have 6 tables in
memory, each with 256 values. Similarly, if this leads to an
improvement in the quality of processing input signals, RBF
functions can be easily replaced with any other type of basis
functions while maintaining the principle of implementation
in the form of tables.

5. 2. Investigating the dependence of classification
quality on the number of Gaussian RBFs in MLP-KAN
for the MNIST dataset

Considering that the number of possible combinations
of parameters of the MLP-KAN neural network is large, the
study was conducted for three different variants. The results
are given in Tables 1-3. The following notations were used:
k, is the coefficient of combining activation functions in the
KAN layer, k, is the number of neurons in the Dence KAN
layer, k. is the number of neurons in the hidden layer of the
MLP-KAN network (the 2nd hidden layer of MLP, which
remained in the MLP-KAN structure), kgpr is the number of
RBF functions used.

Table 1

Classification quality and the number of trained weighting
coefficients when k,=2, k,=2, k.= 64

krpr Quality of classification Number of trained weights
3 0.9712 55594
4 0.9741 57162
5 0.9739 58730
6 0.9749 60298
7 0.9764 61866
8 0.9750 63434

Table 2

Classification quality and the number of trained weighting
coefficients when k,=4, k,=1, k.= 64

krpr Quality of classification Number of trained weights
3 0.9758 15610
4 0.9767 16394
5 0.9753 17178
6 0.9774 17962
7 0.9756 18746
8 0.9752 19530




Table 3

Classification quality and the number of trained weighting
coefficients when k,=8, k,=1, k.= 64

krar Quality of classification Number of trained weights
2 0.9729 8554
3 0.9750 9338
4 0.9755 10122
5 0.9751 10906
6 0.9741 11960
7 0.9737 12474

As can be seen from Tables 1-3, in the first variant the
best classification quality was obtained with the number of
RBFs used kgpr=7, in the second variant — with kggr=6, in
the third variant — with kzpr = 4. Therefore, for a better under-
standing of the dependences in the next chapter all calcula-
tions were performed for kggr= 6.

5. 3. Investigating the dependence of classification
quality on the activation function pooling parameter in
MLP-KAN for the MNIST dataset

The results of investigating the classification quality and
the volume of calculations on the activation function pooling
parameters are given in Table 4. The following notations are
used in Table 4: the pooling coefficient — k,, the number of
neurons k, in the Dence KAN layers (1 or 2) and the number
of neurons k. in the hidden layer (64 or 96). All results were
obtained with the number of RBF functions used kgpr= 6.
In addition, Table 4 gives ratios of the number of trainable MLP
coefficients (55050) and for MLP-KAN k,,, as well as ratio of
the classification quality of MLP-KAN and MLP (0.9782) kg..

Table 4

Results of investigating classification quality and
computation volume

ko | n | ke tra?rircliﬂ\)):;izflts o clgsl;?flilé}alt(i)(fn Kae

2 1 64 30506 1.8 0,9763 0.9981
2 1 96 43402 1.27 0.9784 1.0002
2 2 64 60298 0.91 0.9749 0.9966
2 2 96 87738 0.64 0.9776 0.9994
4 1 64 17962 3.06 0.9774 0.9992
4 1 96 24586 2.24 0.9793 1.0011
4 2 64 35210 1.56 0.9769 0.9987
4 2 96 48106 1.14 0.9805 1.0024
8 1 64 11690 4.7 0.9741 0.9958
8 1 96 15178 3.63 0.9782 1.0000
8 2 64 22666 243 0.9780 0.9998
8 2 96 29290 1.88 0.9782 1.0000
16 1 64 8554 6.44 0.9728 0.9945
16 1 96 10474 5.26 0.9744 0.9961
16 2 64 16394 3.36 0.9752 0.9969
16 2 96 19882 2.77 0.9786 1.0004

Table 4 shows that with the same classification quality of
0.9782 as MLP, MLP-KAN may have 3.63 times less compu-
tation volume. In addition, a higher classification quality of
0.24% can be achieved with 14% less computation volume.

The best ratio of the number of trained coefficients and clas-
sification quality was obtained with the activation function
pooling coefficient k, = 8. Increasing the number of neurons
in the Dence KAN layer with small k, led to a deterioration
in the classification quality, and with large k, to an increase.
Increasing the number of neurons in the hidden layer always
led to an increase in the classification quality.

For comparison of the learning rate, Fig.5 shows the
learning curves for MLP and MLP-KAN.

— Testing Accuracy
0.86 — Training Accuracy

0.0 5.0 10.0
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Fig. 5. Learning curves: a — for MLP; b — for MLP-KAN

15.0 Epochs

The vertical axis in Fig. 5 shows the classification accura-
cy (Accuracy), and the horizontal axis shows the number of
training epochs (Epochs). Training was performed using the
training data (Training Accuracy). Using the testing data, only
the calculation of the result was performed with the weight
coefficients achieved at that time. It is evident from Fig. 5 that
the training speeds of MLP and MLP-KAN are almost identical.
The maximum classification accuracy for MLP (Fig. 5, a) is
0.9782, for MLP-KAN (Fig. 5, b) - 0.9805.

6. Discussion of results based on investigating the ratio
of classification quality and the volume of calculations
of MLP-KAN

The proposed architecture of the KAN layer implemen-
tation differs from known ones by its significant flexibility.
Firstly, the use of RBF (formula (1) and Fig. 3) is a universal
but not limiting option. Instead of RBF, any other basis can be
used if it is more suitable for the characteristics of the practi-
cal problem being solved. Secondly, the number of combined
activation functions (formula (3) and Fig. 4) can be selected to
obtain the best ratio of classification quality and the volume of
calculations for a specific application. Thirdly, the implemen-
tation of the trained activation functions in the form of for-
mulas (2) and (3) allows them to be easily implemented using



traditional software libraries used to implement subsequent
layers. Such a construction of the MLP-KAN architecture
makes it possible to easily identify the most effective options
for constructing the architecture when solving practical tasks.

The study of the efficiency of using different numbers of
functions when approximating activation functions (Tables 1-3)
revealed a complex nature of the dependence of classification
quality on the number of functions for different parameters of
the KAN layer. For the MNIST data set and using RBF as the
average value to facilitate the interpretability of subsequent
experiments, kggr=6 was adopted. However, any practical
application of MLP-KAN should include additional research
to identify the best number of basis functions.

The results of our experimental studies (Table 4) show
that by replacing the first hidden layer in MLP with a KAN
layer, with an appropriate choice of parameters, it is possible
to obtain a higher classification quality with a significantly
smaller amount of computations. In particular, with the same
classification quality of 0.9782, the amount of computations
for MLP-KAN was 3.63 times less than that of MLP. With
a higher classification quality of MLP-KAN (0.9786), the gain
in computations was 2.77 times. In addition, it should be noted
that the proposed modification of MLP-KAN is trained at
the same speed as MLP (Fig. 5), in contrast to the slowdown
reported in [7]. The results obtained are explained by the fact
that the MLP-KAN neural network uses two types of approxi-
mation simultaneously — using weight coefficients in neurons
and using trainable activation functions. It should be noted
that the results were obtained on a general data set (MNIST),
which allows us to hope that similar results could be obtained
on other general data sets. An additional advantage of the
proposed architecture of the MLP-KAN neural network is that
it can be implemented using the widely used Keras library, in
contrast to the special library proposed in [2].

A special feature of the MLP-KAN architecture is the use
of joint processing of a small number of activation functions.
The best results were achieved with joint processing of 8 acti-
vation functions. At the same time, the classical implementa-
tion of KAN proposed in [2] assumes joint processing in the
nodes of the next layer of its activation functions from each
node of the current layer. Such an MLP-KAN architecture,
with an appropriate choice of parameters, provides a signifi-
cantly smaller amount of calculations, compared to MLP,
while maintaining the classification quality.

Thus, the proposed MLP-KAN architecture successfully
solves the problem of joint use of the approximating properties
of MLP and KAN for a general data set of MNIST. In this paper,
we used the approximation of activation functions by radial basis
functions. However, within the framework of the proposed archi-
tecture, any other approximating functions can be used if they
better approximate the existing data set. There is no need to cal-
culate these functions at each iteration. It is sufficient to initially
calculate the tables of these functions with a sufficient number of
samples and then simply select values from these tables.

The limitation of the proposed architecture is that it is
based on MLP. MLP is used in various applications both in-

dependently and as an output element of almost all complex
neural networks. However, there are known architectures that
are more efficient than MLP, and it is of interest to develop the
proposed approach to these architectures.

The disadvantage of the proposed architecture is a small
increase in the quality of classification. Overcoming it is pri-
marily associated with the use of more efficient architectures
than MLP as base ones. The main difficulties in this direction
are associated with the design of efficient architectures that si-
multaneously provide high quality of classification and a small
amount of calculations.

7. Conclusions

1. The MLP-KAN neural network architecture has been
designed, combining the approximating properties of MLP
and KAN. The architecture is meant for the tasks to categorize
objects in general-type images similar to MNIST.

2. Our study of the dependence of classification quality
on the number of radial basis functions used showed that
the best number depends on parameters of the entire neural
network. The average best value for the MNIST data set is 6.

3. The results of experimental studies have demonstrated
that with the same classification quality as MLP, MLP-KAN
requires 3.63 times less computation when setting the appro-
priate parameters. MLP-KAN can provide higher classifica-
tion quality than MLP but the gain in computation volume
is reduced.
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