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Abstract— In the context of future wireless networks, various
emerging applications such as AR/VR/XR, e-Health, live video
streaming, and automated vehicles are expected to have the diverse
and strict quality of service (QoS) requirements. Meeting these
requirements with high reliability, low latency, high security, high
throughput, and high speed, will demand mobile service providers to
offer programmable solutions for delivering services in multiple
ways. Network slicing that can be achieved through the combination
of Network-Functions Virtualization (NFV) and Software-Defined
Networking (SDN) is one such solution for customized service
instances. This paper proposes an artificial intelligence (Al)-based
deep learning method using fully connected neural networks to select
an appropriate network slice for users from a public dataset. The
considered communication slices include enhanced Mobile
Broadband (eMBB), large-scale machine-type communication
(mMTC), and Ultra-Reliable Low Latency Communications
(URLLC). The performance evaluation of the proposed slice
recognition algorithm demonstrates its high accuracy for recognizing
the best slice for a given service.

Keywords— Network slicing, fully connected layer, future
wireless networks, deep learning (DL).

I. INTRODUCTION

Comparing 4G and 5G networks, 5G networks offer
significant improvements in coverage, management, and
accounting capabilities [1], which foster the rapid pace of
innovation in cellular communication technologies and
generate new use cases in the era of the Internet of Things
(IoT), autonomous driving, and augmented, virtual and
extended reality (AR/VR/XR) services. With the increasing
number of end users and connected devices, the volume of
generated data has also been growing tremendously, as
evidenced by the current 8.1 billion mobile subscriptions and
the projected total mobile data traffic of around 288 EB per
month by 2027, according to the most recent Ericsson mobility
report [2]. Consequently, one of the main goals of 6G systems
is to address challenges that were not effectively tackled by 5G,
such as demands for higher data rates, higher capacities, lower
latency, real-time processing, massive device connectivity,
higher reliability, lower cost, improved QoS, and quality of
experience (QoE).

To address the challenges posed by the increasing number
of diverse applications and their strict requirements, recent
efforts have aimed at shifting from traditional "one-size-fits-
all" network designs to more flexible and programmable
architectures. SDN and NFV have emerged as key technologies
that enable the creation of a scalable and flexible network
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platform capable of managing multiple services with varying
performance requirements [3]. In the context of 6G networks, a
network slicing approach has been proposed to achieve this
goal by leveraging SDN and NFV. Network slicing allows the
coexistence of services with different demands in a unified
infrastructure. Also, it opens up new possibilities for vertical
business segments and services for consumers and enterprises.
The adoption of machine learning (ML), Al, feedback-based
automation, and advanced analytics in the telecom industry is
transforming the networks significantly to accommodate the
next generation applications and services. With the vast
amount of data available over 5G, the ability to predict the
network situation proactively and make a decision with
accuracy is vital. To this end, Al will enhance the performance
of the future network by enabling data-driven decision-making,
which will lead to minimize the impact of the traffic explosion.
The objective of this paper is to develop a deep learning model
that can detect and eliminate threats via incoming connections,
even in the event of network failure, by selecting the most
appropriate network slice. Fig.1 represents the idea of
achieving the recognition of an appropriate network slice over
the future network using the SG/LTE data.

The remaining sections of the paper are structured in the
following way. A literature review on the utilization of deep
learning in network slicing allocation is presented in Section II.
The system model and its solution are described in Section III.
The outcomes of the simulations are demonstrated in Section
IV, and finally the paper concludes with Section V.

II. RELATED STUDIES

This section includes various studies that explore the use of
ML techniques for network slicing allocation. Numerous
studies have employed various ML models for network slice
allocation. For example, [5] employed a Convolutional Neural
Network (CNN) model for network slicing prediction, while
[6] utilized both a neural network and a Deep Belief Network
model to make joint decisions for network slicing. Another
study [7] focused on autonomous vehicles and used a
combination of CNN and reinforcement LSTM learning to
estimate user needs. In a study [8], network slicing was
performed using an LSTM model with user data such as
volume and usage time. Finally, a study [9] generated synthetic
data on a realistic environment based on 3GPP standards and
compared the performances of two different ML methods for
network slice assignment based on the data and user
requirements.
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III. SYSTEM MODEL

A. Slice Deployment

The concept of network slicing is a novel and innovative
approach to obtain distinct configurable slices from a physical
network, enabling the network to meet the diverse
requirements of expected services in the 5G and the era of the
6G network. The application of ML algorithms facilitates the
analysis of a large volume of data within a short period,
efficient learning of operations in diverse environments, and
precise prediction of future outcomes. The slice-allocation
mechanism assigns the best slice for a given service type based
on its requirements, such as latency, reliability, availability,
and throughput.

Initially we investigated the number of devices that
communicate over the 5G network, including smartphones, [oT
devices, etc. Various attributes of different devices or users,
such as user device type, duration, packet loss ratio, packet
delay, delay rate, were gathered. Subsequently, the collected
attributes were normalized using Minmax scaler to a scale of 0
to 1 to reduce redundancy in the data.

B. Feature Description

The following are the various features that are utilized for
network slicing in 5G networks.

e User equipment category: It is a collection of
characteristics that identify a type of device and various
parts, characters of a type of device. Examples:
Healthcare, Smartphone, and Smart Transportation.
Duration: It explains how long something endures
from start to finish. Examples: 10 and 80 s.

Packet loss ratio: It refers to the percentage of data
packets transmitted over a network that do not reach
their intended destination due to various factors such as
network congestion, errors, or data corruption.
Examples: 0.01 and 0.000001.

Packet delay: It refers to the time taken for a data
packet to travel from its source to its destination in a
network. Examples: 5 and 21 s.

Connection type: It implies the type of network
connection, either LTE or 5G.

Objective Model

The proposed model represents the development and
training of a fully connected deep learning model using the
Keras API, which is based on the TensorFlow backend. The
model is designed as a sequential neural network consisting of
four layers. Firstly, a Flatten layer is employed to take input
with a shape and to flatten it to a 1D array. Subsequently, two
Dense layers are utilized with 32 and 16 nodes, respectively,
and ReLU activation function. Finally, a Dense layer with 3
nodes, which is equivalent to the number of output classes, is
used. The model is compiled by configuring the Adam
optimizer, Sparse Categorical Cross Entropy loss function, and
accuracy metric. It is then trained on the training data, for 50
epochs with a batch size of 16. A validation split of 0.2 is also
set, which denotes that 20% of the training data will be
utilized for validation purposes.
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Fig. 1. Architecture of the proposed network slicing model using DL

D. Performance Analysis Metrics

The primary aim of the proposed deep learning techniques
for network slicing is to achieve optimal classification
performance. To achieve this, a fully connected deep learning
model is utilized. The formula used to calculate the model
accuracy is as follows:

Accuracy= (TP+TN)/(TP+TN+FP+FN) 1)
where TP, TN, FP, FN define true positives, true
negatives, false positives and false negatives, respectively.

IV. RESULTS AND DISCUSSION

The algorithms we proposed were evaluated through
simulations for testing their ability to recognize network slices
at various split ratios of the dataset. To conduct the
simulations, we utilized a computing system with an Intel®
Core™ i7-8700 CPU @3.20GHz x12 Processor, 16GB RAM,
and NVIDIA GeForce RTX20270 GPU.

The training data contains 19,958 samples, and validation
data consists of 2,218 samples. During the training, the model's
loss and accuracy metrics are calculated and printed for each
epoch. In Fig. 2(a), the blue line represents the training loss,
and the red line represents the validation loss. We can see that
the training loss decreases steadily over time as the network
learns to fit the training data better. In Fig. 2(b), the blue line
represents the training accuracy, and the red line represents the
validation accuracy. We can see that both accuracy metrics
increase over time, with the training accuracy reaching close to
97% and the validation accuracy reaching close to 97%.
Finally, we can say that based on the validation loss and
validation accuracy, the model is not overfitting the data. In
other words, the model's performance on the validation dataset
is not significantly lower than its performance on the training
dataset. So, the model has a relatively high accuracy, with a
maximum of 97.1%, and a low loss value, indicating that the
model is performing well on the dataset.

From Fig. 3, we can see that the model performed very well
in class URLLC and mMTC. However, it struggled with class
eMBB, misclassifying 65 instances as class eMBB.



Training and validation loss Training and validation accuracy

— Training loss
— validation loss

— Training acc
— validation acc

[ 5

Fig. 2.

10 15 20 25 El 0 5 10 15 20 25 0

(a) Proposed DL model loss (b) Proposed DL model accuracy

A confusion matrix is a table used to evaluate the
performance of a classification model on a test dataset.

TABLE 1. CLASSIFICATION REPORT OF TESTING DATA
Predicted class Precision Recall F1-score
¢MBB 1.00 0.92 0.96
mMTC 0.92 1.00 0.96
URLLC 1.00 1.00 1.00
Weighted Avg. 0.97 0.97 0.97

The table presents the evaluation results of the proposed
fully connected deep learning model on a test dataset. Table I is
represented a classification report, generated by the proposed
fully connected deep learning model that has been tested on a
dataset of 2,218 instances. The model has predicted the class
labels of each instance and compared them to the true class
labels in the dataset to calculate several performance metrics,
including precision, recall, and F1-score.

The precision, recall, and Fl-score values of the model
have been evaluated for three classes. The precision value of
1.00 for eMBB and URLLC classes and 0.92 for mMTC class
indicates that the model predicted almost all instances of these
classes accurately. The recall values of 0.92 for eMBB and
1.00 for mMTC and URLLC classes demonstrate the model's
ability to identify almost all instances of these classes correctly.
The F1-score values of 0.96 for eMBB and mMTC and 1.00
for URLLC confirm the model's high overall performance.
Additionally, the model's weighted average Fl-score of 0.97
implies that it has an excellent level of overall performance.
Overall, the proposed fully connected deep learning model has
demonstrated high precision, recall, and Fl-score values,
resulting in a highly accurate classification of instances in the
network slicing recognition dataset.

V. CONCLUSIONS

In this paper, we proposed a fully connected deep learning
technique for efficient network slicing recognition in future
networks. The technique accurately classified network slices
such as "eMBB, mMTC, and URLLC" for each device based
on given attributes. Simulation results demonstrated the
effectiveness of the proposed model. The training and
validation set accuracy were nearly identical, indicating that the
network was not overfitted. Thus, we concluded that the
proposed model was efficient for network slicing in 5G and
future networks, although further improvement is needed to
address more complex problems. Future studies will test the
algorithm on other datasets and tune the algorithm parameters
for better performance.
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Fig. 3. Result of confusion matrix for testing data

Additionally, edge computing could be implemented to
reduce latency further in processing large amounts of data in
the cloud and enable real-time analytics.
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