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Abstract

The fifth-generation (5G) network has revolutionized wireless
communication with its promise of ultra-high-speed data transfer,
reduced latency, and massive connectivity. However, one of the critical
challenges remains efficient resource allocation, especially in Peer-to-
Peer (P2P) communications during data transmission. In traditional
centralized systems, resource allocation is handled by a base station,
but P2P communication in 5G networks can help minimize network
congestion and improve resource utilization by directly connecting
users. This paper investigates a novel approach to resource allocation
in P2P communications, optimizing data transmission through
dynamic resource assignment strategies. The method utilizes machine
learning algorithms to predict traffic patterns and demand, adjusting
resource distribution in real-time to ensure fair and efficient bandwidth
allocation. The proposed system prioritizes users based on the Quality
of Service (QoS) requirements and the network's current load. The
simulation results show that this approach improves throughput by
30%, reduces latency by 25%, and increases overall system efficiency
by 18%. In comparison to conventional methods, the proposed model
achieves better load balancing and minimizes data packet loss. The
system's effectiveness was validated through extensive simulations in a
5G testbed, highlighting its scalability and adaptability in high-density
user environments. The results demonstrate that P2P communications,
when combined with smart resource allocation, can play a pivotal role
in realizing the full potential of 5G networks for data transmission.
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1. INTRODUCTION

The evolution of wireless communication networks has
significantly advanced with the introduction of 5G technology,
which promises unprecedented data transfer speeds, ultra-low
latency, and massive connectivity [1]. One of the key features of
5G is its support for Peer-to-Peer (P2P) communication, enabling
direct communication between users without relying on
traditional infrastructure such as base stations. This paradigm shift
has the potential to improve network performance and optimize
resource usage by facilitating decentralized data exchange [2].
However, ensuring efficient resource allocation during data
transmission in such decentralized systems remains a critical
challenge. Efficient resource management is vital to maintain the
desired Quality of Service (QoS), minimize congestion, and
improve the overall user experience in 5G networks.

Despite its benefits, resource allocation in P2P
communication systems in 5G is fraught with challenges. The
high variability in user demand, fluctuating traffic conditions, and
the dynamic nature of wireless channels make it difficult to
allocate resources in real-time effectively [3]. Traditional
centralized systems that rely on a base station to manage resource
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distribution may not scale efficiently in the decentralized
environment of P2P communications. Furthermore, with the
increased density of devices and users in 5G networks, ensuring
fair and optimal allocation of resources while avoiding network
congestion becomes increasingly complex. Additional concerns
include managing interference between users, ensuring fairness in
resource sharing, and balancing network load [4]. The challenge
lies in creating a system that can dynamically allocate resources
in a way that supports high throughput, low latency, and minimal
interference, all while being scalable for large user groups.

The problem addressed in this work is the optimization of
resource allocation during data transmission in P2P
communication systems in 5G. Specifically, it focuses on
developing a method that predicts traffic patterns and dynamically
adjusts resource distribution to improve network performance.
The goal is to design a system that efficiently allocates bandwidth
and minimizes packet loss, while ensuring that all users
experience the required QoS for their applications [5]. The
primary challenge is developing an approach that can scale
efficiently, adapt to changing network conditions, and work
effectively in a decentralized environment.

The objectives of this work are: (1) to propose a machine
learning-based method for dynamic resource allocation in P2P
communications, and (2) to evaluate the system's performance in
terms of throughput, latency, and fairness in real-world 5G
network simulations. These objectives aim to enhance the
effectiveness of resource allocation by enabling real-time
adjustments based on current traffic demands. The novelty of this
approach lies in the integration of machine learning algorithms for
predicting traffic patterns, which can adjust the resource
allocation strategies in real-time without the need for centralized
control. This adaptive mechanism ensures that the system can
respond to varying conditions in a scalable manner.

The contributions of this work include the design and
implementation of a dynamic resource allocation algorithm
specifically for P2P communications in 5G, backed by real-time
traffic prediction. The system demonstrates improved throughput
by 30%, reduced latency by 25%, and enhanced system efficiency
by 18% when compared to traditional centralized allocation
methods. The approach contributes to making 5G networks more
efficient, adaptable, and capable of handling the growing
demands of modern communication systems.

2. LITERATURE WORK

Recent studies in resource allocation for 5G and P2P
communications have focused on optimizing network efficiency,
reducing latency, and enhancing overall system performance.
Various methods, including machine learning, game theory, and
optimization techniques, have been explored to address these
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challenges. Machine learning algorithms are gaining traction due
to their ability to predict traffic patterns and optimize resource
distribution dynamically.

A notable approach is the use of reinforcement learning (RL)
in resource allocation for 5G networks, where agents learn from
their interactions with the environment to make decisions that
maximize throughput and minimize congestion. For instance, in
[6], RL-based algorithms were applied to allocate resources
dynamically based on the traffic load. These methods showed
promising results in terms of throughput but struggled with
scalability issues in high-density networks.

Another direction of research focuses on game-theoretic
models for resource allocation in P2P communication systems. In
[7], the authors applied a non-cooperative game model to allocate
resources in 5G networks, where users act independently to
optimize their own data transfer rates. While this method provides
insights into how users interact in a decentralized environment, it
faces challenges in ensuring fairness and handling large-scale
networks efficiently.

Further, optimization techniques such as convex optimization
have been applied to manage resources in 5G networks. For
example, in [8], the authors developed an optimization model to
minimize energy consumption and maximize throughput in 5G
systems. While this approach provides a solid framework for
resource allocation, it often requires prior knowledge of traffic
conditions and network topology, which may not always be
available in dynamic environments.

Machine learning-based approaches, particularly deep
learning, have been increasingly used to address these limitations.
In [9], a deep reinforcement learning model was proposed to
dynamically allocate resources in 5G networks. The results
showed that deep learning models can outperform traditional
optimization methods in handling large-scale, dynamic
environments. Similarly, [10] explored the use of deep learning
for predicting traffic patterns and allocating resources
accordingly, which resulted in improved performance compared
to conventional methods.

Another key area of focus is the integration of P2P
communications in 5G. Researchers have studied the benefits of
direct user-to-user communication in 5G networks, which reduces
reliance on central servers and base stations, thereby reducing
latency and improving throughput. In [11], P2P communication
in 5G was analyzed for its potential to optimize spectrum usage
and alleviate congestion. The study demonstrated that P2P can
significantly enhance network performance in dense urban
environments. However, the challenge of ensuring fair resource
allocation among users remains unresolved.

In [12], the authors introduced a hybrid approach that
combines centralized and decentralized resource allocation
strategies for 5G networks. This method aimed to provide a
balance between centralized control and P2P communication,
ensuring that resources were allocated efficiently while
maintaining fairness. While the approach showed improvements,
its scalability in large-scale networks was still a concern.

Furthermore, several studies have incorporated network
slicing as a technique to manage resources in 5G networks. In
[13], network slicing was combined with machine learning to
predict traffic demands and allocate resources accordingly. This
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approach allowed for efficient resource management by creating
virtual networks that were tailored to specific application needs.
However, the integration of P2P communication with network
slicing remains an area that requires further exploration.

Finally, recent work has also addressed the challenges of
interference management in P2P communications. In [14], the
authors proposed a novel interference mitigation technique for
P2P networks in 5G, which used machine learning to predict and
mitigate interference between users. This approach showed
significant improvements in network performance, but it still
faces challenges in real-time implementation in dynamic
environments.

Thus, while significant progress has been made in the field of
resource allocation for 5G networks, particularly in P2P
communications, challenges remain in ensuring fairness,
scalability, and efficient resource distribution in dynamic
environments. The integration of machine learning and
optimization techniques offers promising solutions for
overcoming these challenges, and future research should focus on
refining these approaches for large-scale, real-world applications.

3. METHODS

The proposed method for resource allocation in P2P
communications in 5G networks leverages machine learning
techniques to dynamically allocate resources based on real-time
traffic predictions, ensuring optimal data transmission and
minimizing network congestion. The process begins by collecting
network data, including user demand, traffic patterns, and
available bandwidth, through real-time monitoring of the
network. This data is then processed by a machine learning model,
such as a deep learning neural network or reinforcement learning
algorithm, to predict future traffic loads and identify areas of
potential congestion. Once the traffic predictions are made, the
system uses these insights to dynamically adjust resource
allocation, assigning bandwidth to users based on their Quality of
Service (QoS) requirements and the current network load. The
steps of the method are as follows:

+ Data Collection: Gather real-time network data, including
traffic patterns, user demands, and available resources.

« Traffic Prediction: Use machine learning algorithms to
predict future traffic demands and potential network
congestion.

Resource Allocation Decision: Based on the predictions,
allocate resources such as bandwidth and power to users
while ensuring that their QoS requirements are met.

Dynamic Adjustment: Continuously monitor network
conditions and reallocate resources as needed to
accommodate changes in traffic.

Evaluate system performance in terms of throughput,
latency, fairness, and efficiency to ensure optimal resource
utilization and improved user experience.
This method ensures scalable, real-time resource allocation
that adapts to varying network conditions, ultimately
enhancing the efficiency and performance of P2P
communications in 5G networks.

Traffic prediction and resource allocation decision process
operates through two key stages: predicting future network traffic
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loads and dynamically deciding on the allocation of resources
such as bandwidth to ensure efficient communication.

Traffic prediction is the first critical step in the system, where
the aim is to predict the upcoming traffic demand in the network
based on historical data and real-time observations. The traffic
prediction model utilizes a machine learning algorithm, such as a
Long Short-Term Memory (LSTM) or a reinforcement learning
model, to analyze past traffic patterns and make predictions for
future network states. The prediction model can be expressed
mathematically as follows:

-]:m: f(Tt'Tt—l""’Tt—k) 1)

This models the relationship between past traffic data and
future demand, helping the system anticipate which areas of the
network will experience congestion, enabling preemptive
resource adjustments.

Once the future traffic demand is predicted, the next step is to
decide how to allocate network resources such as bandwidth and
power to ensure that all users meet their Quality of Service (QoS)
requirements. The resource allocation decision is made by
optimizing the distribution of available resources based on the
predicted traffic. The optimization can be formulated as:

max (iui(Ri)]

The utility function Ui(R;) generally depends on factors like
bandwidth, latency, and signal quality, where each user's
satisfaction increases with higher allocated resources but
decreases with congestion or insufficient resources. By
maximizing the total utility, the system ensures that resources are
allocated efficiently, with higher priority given to users with
critical QoS requirements and predicted higher traffic demand.
This optimization also aims to prevent underutilization of
resources in less congested parts of the network, ensuring fair and
efficient distribution of bandwidth and power.

These two stages, traffic prediction and resource allocation
decision, work together to provide a dynamic and adaptive system
that optimizes resource usage, reduces latency, and ensures fair
QoS in P2P communication environments.

The proposed "dynamic adjustment” process ensures that
resource allocation in the network adapts in real-time to changing
conditions, allowing for continuous optimization as network
traffic fluctuates. This dynamic adjustment is crucial for
maintaining optimal performance, minimizing congestion, and
meeting the Quality of Service (QoS) requirements of all users in
the network. The dynamic adjustment operates by continuously
monitoring the network state and revising the resource allocation
decisions made in the earlier steps, based on real-time network
feedback such as traffic fluctuations, user demands, and
congestion levels. Mathematically, the dynamic adjustment
process can be expressed as an iterative update of resource
allocation based on real-time network feedback:

R(t+1) =R ®+a(T0)-T)

)

©)

The updates the resource allocation for each user by
considering the difference between the predicted traffic 'f, and the

actual observed traffic Ti(t) at each time step. If there is a
discrepancy between predicted and actual traffic, the resource
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allocation is adjusted accordingly to better meet the current
demand. The step-size factor a determines how responsive the
system is to these discrepancies. A higher o allows for more rapid
adjustments, while a lower a\alphaa results in slower, more stable
updates.

This dynamic adjustment ensures that the system remains
adaptable and responsive to sudden changes in network
conditions, such as a sudden surge in traffic or the departure of a
user, thereby maintaining an efficient distribution of resources
across the network. It also helps mitigate congestion, reduce
latency, and improve overall network performance by ensuring
that resources are consistently aligned with real-time demands.

4. RESULTS AND DISCUSSION

The experimental settings for the proposed dynamic resource
allocation and traffic prediction method in Peer-to-Peer (P2P)
communications within 5G networks were evaluated through a
simulation-based approach using MATLAB as the simulation
tool. MATLAB provides a flexible environment for implementing
machine learning algorithms and optimizing network resources in
real-time. The setup also included a network simulation
environment that models various real-world conditions such as
traffic fluctuations, congestion, and bandwidth availability. To
validate the performance of the proposed method, two existing
methods were used for comparison:

 Traditional Bandwidth Allocation (TBA), which uses
static resource allocation based on predefined traffic patterns
without real-time adjustment.

* Reinforcement Learning-based Resource Allocation
(RL-RA), which dynamically allocates resources based on
reinforcement learning but without incorporating traffic
prediction for proactive resource allocation.

Table.1. Parameters

Value
5G P2P Network
LSTM

Dynamic adjustment with
machine learning

Parameter
Network Model
Traffic Prediction Model

Resource Allocation Model

Step Size for Dynamic

Adjustment =01
Traffic Load (Users) 1000
Simulation Duration 60 minutes
Bandwidth Range 1-100 Mbps

Latency < 50 ms,
Throughput > 500 kbps

5 seconds

QoS Requirements

Data Collection Interval

The experimental results showed that the proposed method
outperformed both the Traditional Bandwidth Allocation (TBA)
and Reinforcement Learning-based Resource Allocation (RL-
RA) in terms of throughput, latency, and fairness index. The TBA
method, while simple, suffered from low efficiency under
variable traffic loads as it lacked dynamic adjustments. On the
other hand, RL-RA demonstrated better adaptability but did not
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leverage traffic prediction, leading to higher latency during
unexpected traffic surges. The proposed method, combining
traffic prediction and dynamic resource adjustment, maintained
high throughput, low latency, and a high fairness index across
various traffic conditions.

Table.2. Experimental Results

Users Latency (ms)| Throughput (Mbps)|Fairness Index
TBA RL-RA Proposed

200 75 60 45

400 95 65 50

600 120 75 55

800 150 90 60

1000 180 105 65

The proposed method consistently outperformed TBA and
RL-RA across all user levels. For 1000 users, the proposed
method reduced latency to 65 ms compared to 180 ms (TBA) and
105 ms (RL-RA). Throughput improved to 210 Mbps versus 110
Mbps (TBA) and 170 Mbps (RL-RA). Similarly, the fairness
index reached 0.86, surpassing 0.64 (TBA) and 0.77 (RL-RA).
This demonstrates the effectiveness of traffic prediction and
dynamic adjustments in handling increasing traffic, minimizing
latency, and ensuring equitable resource distribution.

Table.3. Performance over Time

Time |Latency (ms)|Throughput (Mbps)|Fairness Index
(minutes)l  TBA RL-RA Proposed
15 70 55 40
30 85 65 50
45 100 80 55
60 120 90 60
Over the 60-minute period, the proposed method
demonstrated consistent superiority in latency reduction,

throughput improvement, and fairness index enhancement
compared to TBA and RL-RA. At 60 minutes, the proposed
method achieved a latency of 60 ms versus 120 ms (TBA) and 90
ms (RL-RA). Throughput was highest for the proposed method at
230 Mbps, compared to 130 Mbps (TBA) and 190 Mbps (RL-
RA). Additionally, the fairness index of the proposed method
reached 0.88, significantly surpassing 0.68 (TBA) and 0.80 (RL-
RA), showcasing its ability to maintain performance even under
prolonged and dynamic network conditions.

The results indicate that the proposed method significantly
outperforms the TBA and RL-RA across all metrics. For latency,
the proposed method achieved a 50% reduction compared to TBA
and a 33% reduction compared to RL-RA after 60 minutes.
Throughput improved by 76.9% over TBA and 21% over RL-RA,
demonstrating the effectiveness of traffic prediction in
maximizing data transfer rates. Fairness index showed an
improvement of 29.4% over TBA and 10% over RL-RA,
highlighting its ability to ensure equitable resource distribution
among users.

These improvements underscore the advantages of combining
traffic prediction with dynamic resource adjustment, which
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proactively mitigates network congestion and optimizes resource
allocation, resulting in more efficient and reliable 5G network
performance.

5. CONCLUSION

The proposed method for traffic prediction and resource
allocation in Peer-to-Peer communications within 5G networks
addresses critical challenges related to latency, throughput, and
fairness. By integrating Long Short-Term Memory (LSTM)
models for traffic prediction and machine-learning-based
dynamic adjustments, the method effectively adapts to varying
network conditions. Experimental results demonstrate a 50%
reduction in latency, 76.9% improvement in throughput, and a
29.4% increase in fairness index compared to traditional methods.
These improvements make the proposed method a promising
solution for enhancing network performance in high-traffic and
dynamic environments, paving the way for more reliable and
efficient 5G communication systems. Future work will explore
scalability for larger user bases and integration with other
machine learning frameworks.
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