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Abstract:

The development of efficient training algorithms for Neural Networks is a focus in recent years due to their high
computational cost and lengthy training time. This led academics to focus on boosting Neural Network training
through hardware architecture breakthroughs and parallel programming techniques. We reviewed the concepts
and mechanisms of common Neural Network training algorithms, including the Coherent Algorithm. Matrix
multiplication is a significant portion of the work-load during training due to its frequent occurrence. Parallel
matrix multiplication is now possible with many-core GPU technologies, making Neural Network training much
faster than in the past. CUDA is a high-performance parallel programming model that utilises contemporary
GPU computers with multiple cores. In this paper, we suggest tweaking the coherent neural network algorithm
using CUDA parallel and testing on a core GPU machine.Finally, we find that the planned tactics train Coherent
Neural Networks faster than traditional methods, we found that the test sample vectors are linked to the correct
cluster with a probability of over 90% for handwritten digits. The precision was measured using F-measures for
each digit and clothing item category, where the Fashion MNIST dataset's "ankle boot" category has the greatest
F-measure value of 0.97, while the "coat" category has the lowest at 0.4. "8" has the lowest F-measure value at
0.872, while "0" and "3" have the highest at 0.983.
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I.  Introduction

In recent years, Deep Neural Networks (DNN) have gained significant popularity for a variety of
applications, including the recognition of handwriting, the identification of images and objects, the classification
of data, the identification of patterns, and the processing of speech and natural language.

The vectors from the test sample are identified as belonging to the correct cluster with a probability of
over 90% in the case of handwritten numerals for both sequential and parallel learning.

The two categories of human activities are separated by neurone information technology [1].

1. Activities necessitating a solution that is plain, precise, and unequivocal, and that is based on a defined process
and criteria.

2. Activities in which it is feasible to estimate the most critical factors but impossible to assess all reactions.

The initial activity can be resolved using conventional computer programs, as the constrained criterion
set enables the development of a solution method and program to resolve the issue, irrespective of its complexity.
Recognition issues in the second category are frequently "fuzzy," as evidenced by the outputs of neural networks
[2, 3], and they frequently have multiple solutions. Neural networks are employed in computer diagnostics to
facilitate classification. The following stages should be taken to construct the optimal neural network:

1) Selecting the activation function of the hidden layer neurone;
2) Selecting the network topology;

3) Selecting the training methods;

4) Training the network.

Consequently, the automatic identification of precise data. Handwriting recognition enhances human-
computer interaction (HCI). Data classification based on image recognition that is not reliable may result in
significant complications. Data clustering is the solution. Pattern recognition of the structure and vector value of
each collection member is necessary for grouping.
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A GPU-paralleled Kohonen neural network with CUDA is employed in the fashion MNIST datasets. In

the F-measure metric, MNIST's clustering performed optimally with 0 and 3, and it performed poorly with 8. The
"coat" had the lowest F-measure, while the "ankle boot™" had the highest.
Additionally, we investigated the training periods of the core and GPU. The average acceleration coefficient was
determined by CUDA in order to train Kohonen neural networks. The test sample was used to calculate F-
measures for each digit and clustering accuracy. Fashion MNIST is classified as MNIST and contains 10,000
testing samples and 60,000 training samples. Each sample is a greyscale image that belongs to one of ten
categories. Acceleration and clustering accuracy were assessed for both datasets.

Following this introduction, the rest of the article follows the same format. Section 2 provides an
overview of the pertinent connected literature. Section 3 provides a mathematical illustration of the problem
description. The Materials and Methods section details our approach. The findings are detailed in Section 5.
Sections 6 and 7 conclude the article by examining the findings and making recommendations for future
improvements.

Il. Literature Review

A major obstacle to neural network algorithm development is their high processing costs [4]. In [5],
resilient continuous clustering is examined. [6] Shows how to enhance MNIST handwritten digit classification.
Grouping handwritten digits with k- and c-means is common [7-8]. Clustering methods include partition-based,
density-based, grid-based, and hierarchical [9]. Handwritten messages were sorted using the Kohonen neural
network [10]. Grouping with K-means is popular. Various datasets yield 90% accuracy with this strategy.
Subspace clustering works on multidimensional data [11-12]. CUDA technology is increasingly utilised to speed
up neural network training on massive datasets. Because training operations are same, this is the fundamental
reason. Text recognition with neural networks was 15 times faster with CUDA [13]. Based on [14], CUDA
technology enabled MapReduce distributed computing architecture self-organising maps. Kernels are optimised
to use shared memory efficiently and access it well under execution. Tenfold speed gain. In [15], Batch-SOM
clustering and CUDA parallel training sample level processing were applied. Speed increased thirteen-fold. Using
handwritten digits from the MNIST dataset and Fashion MNIST apparel pieces, this paper provides a complete
review of clustering approaches. We clustered using the Kohonen neural network. The suggested approach used
the Euclidean norm to determine the distance between digit images, but other metrics could be used [16-17]. The
number of clusters for each object was varied and did not exceed sixty. CUDA trained the Kohonen network on
central and graphics processors.

I11. Description Of The Issue From A Mathematical Perspective
Consider the issue of each category as a pattern recognition challenge [18]. Let X represents a
collection of item descriptions, and Y denotes a set of class IDs, which may consist of either numerical values or
names. Unidentified target dependence exists, with its values discernible solely for the objects in the final
training sample. The goal is to develop an algorithm capable of classifying (x € X). The basic data parameters
are represented as a matrix:

Xnxp = x|
Here i=1,2,..., n designate the element index; j=1,2,..., p represent the indicator index; xij indicates the
value of the j-th indicator for the i-th element; n indicates the sample size; and p refers to the number of indicators.
Furthermore, there is a vector comprising the values of distinct integral indicators for each item:

Xnx1 = {}’i}

FOX, W)=Y (output)

Whx1 is defined as the vector of synaptic weight coefficients; Y_outputnxl is designated as the vector
of output values. Envision a neural network that performs the transformation F: X—Y, which converts the matrix
X from the feature space of inputs X to the matrix - column Y of the output space Y. The neural network functions
within the state W of the state space W. Additionally, imagine a training sample (Xa,Y o), where a ranges from
1 to h. We will evaluate the overall error “E” generated by the network in state W.

Where Whx1 is defined as the vector of synapse weight coefficients; Y_outputnxl is identified as the
vector of output values. Imagine a neural network that carries out the transformation F: X—Y, which changes the
matrix X from the feature space of inputs X to the matrix - column Y of the output space Y. The neural network
operates in the state W from the state space W. Furthermore, consider a training sample (Xa,Ya), with a taking
values from 1 to p. We will analyze the total error E produced by the network in the state W.

E=E(W)=2o IFCSW =Yl = 3, 3, [Fi(X W) - Y2,

Let us formulate a representation of the function:
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The determination of a set of adaptive weights for the neural network, which is denoted as W*, is of
utmost importance. These weights must guarantee a minimum for a particular quadratic functional, also known as
min E(W)—0. The following is a description of the clustering problem that will be presented after that, for the
purpose of this discussion, let us define m is the dimension of the space that is being input. A random selection is
made from this space to obtain the input vector, which is then labelled as follows:

= Py e ia]
The dimensions of the input space are aligned with the synaptic weight vector of each neuron during the
process. To indicate the synaptic weight of a neuron, we shall use the following notation:

w; = [Wit, Wiy oo Wim] o J = 1,2, o, 1

Where | represents the total count of neurons within the network, to identify the optimal vector w that
corresponds to the input vector X, it is necessary to evaluate the scalar products w]-T x for j=1,2,...,1 and choose
the highest value. This process will establish the position that should serve as the center of the topological
neighborhood for the activated neuron. The criterion for matching, which focuses on maximizing the scalar
product, is mathematically equivalent to minimizing the Euclidean distance between the vectors x and w. By
utilizing the index i(x) to denote a neuron, the fundamental nature of clustering will be illustrated in this
expression:  The value of | indicates the total number of neurons that are contained within the network. For the
purpose of determining the best vector wj that corresponds to the input vector X, it is required to evaluate the scalar
products w]-Tx for j =1, 2,..., | and select the highest value. Through this approach, the position that ought to
function as the center of the topological neighborhood for the activated neuron will be determined. In terms of
mathematics, the criterion for matching, which is centered on the maximization of the scalar product, is similar to
the minimization of the Euclidean distance between the vectors x and w. Using the index i(X) to represent a neuron,
the fundamental principle of clustering will be demonstrated by the use of the following expression:

i(x) = argmin; ||x —w;|,j =12, ..., 1

The training of an artificial neural network must be optimised for graphics processors. Situational
specifics and complexity determine neural network architecture [18]. There are optimal setups for tackling some
problems. Developers use intuition and knowledge to choose neural network architecture. There are fundamental
criteria for setting up a new configuration:

- Network performance improves with more nodes, interconnections, and layers;
- Feedback integration and increased capabilities raise concerns about dynamic stability.

Neurocomputer science has a distinct arena for studying a network's necessary and sufficient properties
to solve a task. The condition greatly affects neural network building, making it difficult to provide extensive and
precise guidance. Essential brain network functions depend on synaptic connections. The developer must
determine the optimal variable weighting coefficients while creating a neural network architecture for a task.

The number of neurones in the input layer should equal the number of signals, according to neural
network theory [18]. Similar to the output layer, the number of neurones should match the output signals. Because
it's ideal, the number of synaptic weights in a neural network with one hidden layer can be estimated using the

formula:
‘I‘L_y ‘Ilp ﬂ
T IOH T =n, <n, <nv + 1) (n, + ny + 1)+ n,
Where the value of ny denotes the required quantity of synaptic weights that are produced by the artificial
neural network; ny and ny represent the dimensions of the input and output signals; and n, represents the number
of elements that are contained inside the training sample. Following this, once we have established ny, we are able

to compute the total number of neurons that are present in the internal layer, also known as the hidden layer:
YL I
n, +n,
Where ny denotes the estimated number of neurons in the hidden inner layer, research [19] shows that
the precision of pattern recognition processes in selected datasets is contingent upon the neuron quantity in the

hidden layer. A relatively small quantity of neurons can attain improved precision.

IVV. Materials And Methods
The technique of clustering organizes a collection of items into small groupings known as clusters. The
objects are grouped in such a way that within each cluster, they have a greater degree of similarity with one another
than they do with entities that belong to other clusters. Consider, for example, two different kinds of data: a
collection of handwritten numerals and a collection of photographs displaying 10 different categories of clothing
items.
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Datasets exploration & algorithm

As is widely recognized in the discipline of machine learning, the MNIST is a collection of handwritten
digits that includes 60,000 training images and 10,000 test images. Each gray scale image in this database is
associated with a label from one of ten different classes, and it is offered in two different formats: as a vector of

pixel values and as a label, each gray scale image measures 28 pixels by 28 pixels respectively. Figure 1 depicts
the dataset that was used for this investigation.
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The MNIST and Fashion MNIST datasets are frequently employed to evaluate various methodologies in
pattern recognition [20, 21], clustering [22], and other algorithmic techniques [23-25]. A diverse array of
algorithms is evaluated on this database. K-nearest neighbor approaches used on MNIST yield an error rate of
5%, whereas multilayer perceptrons, contingent upon their training techniques and layer count, attain an error rate
of approximately 2-5%. Convolutional neural networks (CNN) provide marginally superior performance with an
error rate of under 1%, whereas hierarchical neural networks (HNN) can enhance accuracy further [26].

It is imperative to emphasize the adaptability of neural networks in general, indicating that it is vital to
demonstrate that the suggested algorithm can categorize not only handwritten numbers but also many types of
images. The Fashion MNIST dataset was employed for this purpose.

The Fashion-MNIST dataset contains data with dimensions of 28 by 28 pixels and consists of ten
categories: T-shirt, trouser, pullover, dress, coat, sandal, shirt, sneaker, bag, and ankle boot. The training dataset
comprises 60,000 images, whereas the test dataset consists of 10,000 images.

Kohonen neural network is an unsupervised learning network including a single layer with modifiable

weights. The neural network weights are adjusted to ensure that vectors inside the same cluster activate the
identical output neuron [27].
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Figure 2: lllustrates the architecture of the Kohonen neural network
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The outputs of the neural network, denoted as z;, are calculated using the formula z; = Ziwijx;, , in this
context, xi denotes the input values utilised by the Kohonen neural network. The dimensions of the images in the
MNIST dataset are 28 pixels by 28 pixels.

The Kohonen neural network comprises 790 neurons. The weights wi; are the centres of the clusters and
help train the network. The training procedure for the Kohonen neural network can be encapsulated by the
subsequent algorithm.

Step 1: Standardize the input vectors xp.

Step 2: Randomly select the values of the weights w;; from the training sample vectors. This is significant because,
in cases of non-uniform distribution (where weights are allocated randomly), the weights may be positioned
distant from the input vectors and so fail to participate in the training process, this does not engage in the training.
Step 3: The distances between the input vectors x,, characterized by coordinates x,i and weights wi;, are calculated
using the formula:

L.
Dj= (2173; (5 - Wij)z) ’
The winning vector is determined as the vector wj that has the minimum distance Dj to the input vector xp.
Step 4: The coordinates of the selected winning vector from the previous step are adjusted using the
formula: wi= wi+ 6(xP-wi), where g denotes the learning rate.
Step 5: Steps 3 and 4 are repeated for all vectors xp. The value of 0 is determined using the formula 6 =
a8, where a < 1. If q > e, the process proceeds to step 3, where the weights are modified after evaluating all input
vectors once again.

Compute Unified Device Architecture (CUDA) technology

CUDA memory operations outperform clusters [28]. From the seventh series onwards, NVIDIA graphics
accelerators use CUDA parallel computing architecture with a non-graphical processing software interface. An
individual Kohonen neural network is needed for each digit, making training time-consuming. Parallelisation will
employ CUDA [29].

CUDA-capable GPUs use multi-core CPUs. In these video devices, multiprocessors share thousands of
memory registers, texture, and constant caches. Removing vertex and pixel processing data types and
computational concepts during frame construction is a big benefit of CUDA. Mathematics and physics can be
accelerated by several dozen times on normal computers using CUDA technology [30-31]. On standard CPUs,
CUDA technology enhances mathematical and physical problem performance by orders of magnitude. A neural
network using CUDA, OpenMP, and central processor parallelism increases hardware-software interface and
programming language performance.

The newest software library versions and tips on using graphics processors for general computations are
available on the NVIDIA developer portal. Although the NVIDIA webpage is extensive, research [28][32] gives
direct performance assessments and humerical integration with graphics processors. Applying these strategies is
valid and can boost growth.

V. Results

Clusters of Handwritten Digits

The variation in writing styles for the same digit makes artificial intelligence recognition of handwritten digits
difficult. Using the MNIST database, many digit representations are evident. For example, the digit 1 might be
written straight or slightly slanted. The number of these properties varies greatly by digit. Because of this, each
digit may have different clusters.

The number of clusters needed to segment input images is unknown. Find the right number for each digit.
The following automatic clustering method will be used [33]:
step 1: using the Euclidean metric, we calculate the squares of all vector distances in the training sample. A matrix

is made from the values.
n

@(d,0) = [, 9" = ) ()’
=1

step 2. Determine the greatest value of the matrix created in the preceding step. This element denotes the maximum
distance among all vectors (max d?(x!, xJ)).
step 3. Establish the permissible distance between vectors inside the same cluster as a specified percentage of the
maximum distance among the vectors.
step 4. Select an arbitrary i-th column from the matrix (vector x'). Classify all entries in this column with values
below the permissible threshold as part of the same cluster (with rows designated as j). Omit the i-th column along
with all j-th columns.
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Step 5. If the matrix remains non-empty, return to step 4.

Table 1 shows the optimal number of clusters for the Fashion MNIST dataset, which is the outcome of using
artificial clustering. This number is then applied to each digit.

The categories "Shirt" and especially "Bag" exhibit a restricted number of clusters. This can be ascribed to
the unambiguous nature of the visuals; all images categorized as "Bag" are regarded as fundamental rectangles.

Table 1: The optimal number of clusters for clothes items and digits from the Fashion MNIST and
MNIST datasets respectively.

Fashion MNIST MNIST
Type of clothes item NO. clusters Digital NO. clusters

T-shirt/Top 27 0 38
Trouser 36 1 47
Pullover 30 2 29
Dress 36 3 45
Coat 42 4 27
Sandal 44 5 31
Shirt 11 6 48
Sneaker 47 7 28
Bag 1 8 36
ankle boot 39 9 29

So, after determining the ideal number of clusters for each digit, we then utilise the Kohonen neural
network to construct the clusters themselves. This will be done once we have determined the optimal number of
clusters.

Implementation of the Kohonen neural network
The ideal parameters for training the Kohonen neural network were determined experimentally: a = 0.96, ¢

=0.02, 8 = 0.6. The following are the principal phases of training this network, which require the most time. The
initial step influences the computation of the distance between the weights and the vector derived from the training
sample. We will introduce a function to compute the distance and determine the minimal distance on the processor
(m =39):

__device  void Distance(int vector, float*

x[]1, float* w[], int* clst){

float mn = FLOAT MAX, tmp;
int numb = 0;
for (int 1 = 0; 1 < CLUSTERCOUNT; 1++){
tmp = 0.0;
for (int j = 0; j < N; j++){
float r = w[i][J] - x[vector][]];

tmp += r * r;

}

if (tmp < mn) {
mn = tmp;
numb = i;

}

}
*clst = numb;

}

This section delineates the distance from the vector in the training set x[numOfVector] to each cluster wli].
The total number of clusters, referred to as clustersCount, ranges from 28 to 49 depending on the digit being
trained. The complexity of this function is 0 (number of clusters * N), where N equals 784, as all pixels of the
image are iterated over each cluster. The subsequent step influences the navigation of all vectors and modifies the
weights of the neurons. The second part of the training segment involves transmitting all vectors and adjusting
the weights of the neurons. The procedure for training the Kohonen neural network is sequentially outlined as
follows; all of the vectors that were included in the training sample are put through a pass during the training
section. The variable vectorsCount is used to represent the total number of vectors that are present in the sample,
and the variable distMin is used to specify the cluster number that is linked with the current vector image.
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void DistanceSeq(int clustersCount, int

numOfVector, fleocat* x[], float* w[], int*

clst) {
float minimum = FLOAT
int num = 0;
for (int i = 0;

tmp = 0.0£L;

for (int j = 0;

flecat r =

torl(jl:

tmp += r * r;

}
1

min = tmp;
num = i;
}
}
*clst = num;

MAX, tmp:

i < clustersCount; i++){

J o< M; J++){

w[il [J] - x[numOCfVec-—

if (tmp < minimum) {

Kohonen neural network training algorithm with CUDA technology

As mentioned, the algorithm comprises two lengthy steps. Around 6,000 images with 784 input vector
dimensions and 28 to 49 clusters per digit make up the training dataset. Network training usually takes a few
dozen cycles. The scenario with the parameters in the preceding section requires 84 iterations of training. Further
parallelisation layers include training phase, sample, layer, neurone, and weights. The amount of neurones,
computing nodes, and artificial neural network computational design determine the parallelisation level. This
study uses parallelisation at the training sample level, requiring several input vectors. We will determine the
number of parallelisation blocks, ensuring each block contains 256 threads for input vectors. One vector from the
training sample will be processed by each thread. The algorithm's speed improves by eliminating the loop that

scans every image. Graphics processor distance function calculates vector distance.

This function is implemented as follows:

vold DistanceSeqg(int clustersCount, int

numQOfVector, flcat* x[], fleoat* w[], int*

clst) {

flecat minimum = FLOAT |

int num = 0;

for (int i = 0; i < clustersCount;

tmp = 0.0£;
for {(int j = O
float r = w
torl[j1:
tmp += r * r;

1111031

MAX, tmp;

J < N; J++){

}
if (tmp < minimum) {

min = tmp:;
num = i;
}
}
*clst = num;

Here is the code for the GPU function that training the Kohonen network:

__global  wvold TrainingPar (float*
float* x[], fleocat h){
int thread = blockIdx.x * blockDim.x

threadldx.x;
int distMin;

if (thread < vectorsCount)

do{
Distance (thread,
&distMin) ;
for (int i1 = 0;
wldistMin] [1]
- wldistMin] [i]):
}
__syncthreads();
h *= Rate;
} while (h > minH):
}

patternArr,

i < Ny i++){
+= h * (x[thread][i]

i++) {

- ¥ [numCfVec-—

wll,
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In this context, Rate represents the parameter 6. It is crucial to acknowledge that during the for loop, the
weight w might be simultaneously modified by many threads. However, due to the substantial sample size and
the frequent modifications to the weight, this ‘conflict’ of inputting new values into the array is not significant and
has negligible effect on the ultimate outcome.

The computer utilized for these computations within the Visual Studio 2022 environment possesses the
following specifications:

e  Operating system — Windows 10, 64,
GPU model — NVidia GeForce GTX GeForce RTX 4080,
GDDR 6x size — 8 GB,
CPU model — Intel Core i7-5600HQ 2.60 GHz,
RAM size — 16 GB.
The execution time data for the algorithm associated with each digit allows for the calculation of the
speedup achieved through CUDA technology. The speedup factor is defined as the ratio of the execution time of
the algorithm on the processor compared to that on the graphics processor. The results are presented in Figure 3.
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Figure 3: Training time of Kohonen neural network utilizing GPU and GPU acceleration in clustering.

The results show that Kohonen neural network training improves by 16.9. Similar acceleration is seen
for Fashion MNIST. Use the test sample to verify cluster formation accuracy. We will measure the proportion of
vectors representing MNIST handwritten digits database images in the cluster. The distance from the digit vector
to all digit clusters must be calculated. We consider an image vector to be in the target cluster if it is spatially
close to the digit cluster set. Figure 3 shows the proportions of test sample images in their digit clusters. Whether
CPU and GPU clusters are formed independently is important.

Figure 4. a, b shows how central processing units and graphic processor units identify garments
differently. Thus, sequential and parallel algorithms share characteristics. The illustration shows that CPU and
GPU clusters give nearly comparable results. These results cannot be substituted. To assess Kohonen neural
network grouping accuracy for MNIST data, we calculate the F-measure. We calculate the Fashion MNIST dataset
F-measure (Table 2).

The "coat" class is underrepresented, but the "ankle boot" and "trouser" classes are distinguished.
Kohonen neural network recognition averages 74%. Fashion MNIST performs worse than MNIST in object
recognition. The dataset's less defined cluster centres may cause clustering errors, explaining the difference.

120

0o ¥ om3 oms P omp 9me OB omu 2 Ya
80
60
40
20
0

0 1 2 3 4 5 6 7 8 9

Digits
(@
mGPU mCPU

DOI: 10.9790/0661-2704023646 www.iosrjournals.org 43 | Page



The Coherent Neural Network-Enabled Concurrent Execution Methods On CPU And GPU.......

977
8630 i

850 8183 8386
80 274
6%3 %3 6163
| ‘l V33 |‘ ‘l
" (b) wGPU mCP

Figure 4: The distribution of GPU and CPU utilization in the test sample for clustering is as follows: a)
MNIST dataset; b) Fashion MNIST dataset.

VI. Discussion

Pattern recognition is complicated by different numerical representations. Cluster number or size may
increase significantly. Uniform numerical representation is also difficulty. If the cluster count is low, clusters
representing different digits may overlap [34].

Because most of the test sample's digit images are in the right group, Figure 4 and Table 2 show that the
Kohonen neural network can recognise handwritten digit patterns. Recognition is worst for Digit 8. Kohonen
neural networks identify 1 almost always, with nearly 100% accuracy. Figure 4 histograms show that the CUDA-
implemented technique clusters effectively even with many clusters. Thus, for 0, 1, 3, 6, and 8, the number of
clusters varies between 45 and 50, while the test sample fraction inside each cluster remains steady. The central
processor's clustering accuracy is better for the numbers 4, 5, 7, and 9, whose cluster count approaches 30. Adding
clusters improves GPU clustering. As part of an ensemble or hierarchical neural network, the clusters may
recognise images. This can modify cluster numbers. Hopfield neural networks can store up to 50 objects for
MNIST images [35].

Table 2: F-measure for clusters generated on GPU and CPU using the Fashion MNIST and MNIST

datasets
Digits GPU CPU Clothes items GPU CPU
0 0,98 0,97 T-shirt/Top 0,72 0,74
1 0,93 0,93 Trouser 0,89 0,9
2 0,93 0,93 Pullover 0,64 0,63
3 0,98 0,98 Dress 0,84 0,80
4 0,92 0,93 Coat 0,40 0,33
5 0,93 0,94 Sandal 0,81 0,83
6 0,96 0,96 Shirt 0,66 0,63
7 0,94 0,94 Sneaker 0,83 0,86
8 0,87 0,93 Bag 0,61 0,63
9 0,94 0,91 ankle boot 0,97 0,97

VII.  Conclusions

The Kohonen neural network was used to cluster MNIST handwritten digits and Fashion MNIST apparel
items. For each digit, the ideal cluster count was found. The study showed that test sample photographs are
associated to the right cluster with a relatively high probability for each digit. F-measure digits 0 and 3 were 0.98,
indicating the best clustering results. The F-measure for 8 was 0.87, indicating the worst clustering. At 0.97, "ankle
boot" received the highest Fashion MNIST F-measure rating. On the other hand, the category "coat" had the lowest
value, 0.4, and CUDA technology parallelises Kohonen neural network training on a GPU. Parallelisation is done
at the training sample level. Between datasets, the approach is projected to be 18 times faster. F-metric values for
the two databases analysed range widely, but clustering findings are similar. MNIST's maximum F-measure
difference is 0.02, while Fashion MNIST's is 0.05. The presented method is appropriate for managing large
amounts of data without losing clustering accuracy.

For the future work, we will once again examine the current algorithm to determine whether it can be
utilised in Cryptography, Image Processing, video Frames, Bio-Informatics, and Weather Forecasting to enhance
performance by leveraging the capabilities of contemporary multi-core CPU-based and manycore GPU-based
systems, utilising CUDA and other parallel programming models and paradigms.
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