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Abstract: It provides a novel approach to optimise device-to-device (D2D) communication in next
generation cellular networks through advanced machine learning techniques. A novel deep
reinforcement learning (DRL) framework for dynamic resource allocation and user association in
device-to-device (D2D)-enabled networks is proposed in the paper. By leveraging real-time feedback
on the network state and user mobility information, the spectrum resource utilisation can be
optimised at a level of granularity not achievable through conventional optimisation methods, to
maximise the spectrum efficiency and minimise interference. The experiments were carried out on a
simulated 5G network with 1000 D2D pairs, which demonstrate a 30% higher spectral efficiency and
25% lower interference than the traditional optimisation methods. The proposed model was able to
maintain a robust performance across different network densities and mobility scenarios, which
demonstrates promising potentials for future D2D communication in the next generation cellular
networks. This research conducts an important step in the development of more intelligent and
adaptive wireless communication systems, facilitating the future rollout of ultra-dense loT

environments.
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mobility patterns, traditional optimization algorithms
cannot be employed to maintain optimal

1. INTRODUCTION

The evolution of Cellular network evolution
to 5G and beyond has resulted in an ultra-dense
deployment environment with massive machine-type
communications (MMTC) and an explosion of
Internet of Things (IoT) devices [1]. In this context,
Device-to-Device  (D2D) communication can
significantly increase spectrum efficiency, reduce
congestion in the network, and enable novel
applications. D2D directly connects two devices in
proximity without going through the cellular
infrastructure, so it can help enhance latency, reduce
energy consumption, and improve network
capacity[2].However, integrating such  D2D
communication into cellular networks brings many
challenges, such as interference management,
resource allocation, and mobility handling[3]. At
high network densities and for heterogeneous user

performance. Given the dynamic and heterogeneous
characteristics of the D2D environment and the
heterogeneity of devices and services, more adaptive
and intelligent methods are required[4]. Machine
learning (ML) could potentially overcome these
challenges by adapting network performance in real-
time to changing conditions [5]. Deep learning and
reinforcement learning are recent and significant
advancements in ML that are already showing
promise for applications in different wireless
communication aspects, such as channel estimation,
resource allocation, and interference management[6].
As a result, D2D communication can exploit ML
techniques such as power allocation, user association,
and spectrum sharing to enhance wireless resource
utilization. For example, reinforcement learning has
been adopted for the problem of machine-type
communications where a mobile station (eNB) can be
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selected by a client based on minimal power
consumption [7], and such a method has shown better
performance than the traditional one. User
association and resource allocation problems in a
heterogeneous cellular network have also been
studied with deep reinforcement learning techniques
[8].However, it is still necessary to improve applying
ML to D2D optimization in future cellular networks,
for example, efficient online learning algorithms that
are capable of handling the fast mobility of devices
and rapid change of network conditions, integration
of ML-based solutions to current network protocols,
and constructing robust models that can generalize to
various network environments[9].The proposed study
tackles these difficulties by formulating a novel ML-
aided framework for downlink power control and
user/link association that can maximize the spectrum
efficiency of future cellular networks while
minimizing interference. This paper proposes to
employ  deep  reinforcement learning  to
simultaneously optimize the power allocation and
user/link association in D2D-enabled
networks[10].The key research goals are to formulate
a deep reinforcement learning model that can
represent the essence of D2D communication in
ultra-dense cellular networks, develop a novel joint
power-allocation and user-association coordination
framework for the UAVs and user equipment (UES),
evaluate the performance-based on spectral
efficiency, interference suppression, and energy
efficiency, and finally, explore the scalability and
robustness of the proposed solution to accommodate
user mobility and changeable network densities.

2.Materials and Methods
2.1 System Model

In this system model, a multi-cell network
constellation is considered, in which multiple cellular
users and D2D pairs exist in the network. Also, the
D2D communication paradigm joins the underlay
network, sharing the same frequency spectrum with
the cellular users, where major challenges of
interference  management and spectral efficiency
optimization are occurred. To address this, the
spectral efficiency SE of a D2D link is maximized
while minimizing the interference Ic from cellular
users. The spectral efficiency SESESE for a D2D link
is mathematically expressed as:

PthD2D

SE=Blog2(1+ 0Tl

Y1)

Where B represents the bandwidth, Pt is the
transmission power, hpgp is the channel gain, No is

the noise power, and I. represents the interference
caused by nearby cellular users. Our system aims to
optimize SE by dynamically adjusting power and
user association to handle interference and improve
communication quality.

2.2 Deep Reinforcement Learning Framework

We use Deep Reinforcement Learning (DRL) to
allocate radio powers to users and identify the
transmitter that can reach the receiver with minimal
interference from other receivers. The DRL agent is
continuously updated with  different network
parameters including interference, user density, and
radio power, which it uses to decide on the action that
maximizes the network efficiency. The action taken
by the agent is updated using a Q-learning algorithm
where the Q-value function Q(s, a) is updated
iteratively. The updated Q-learning equation is:

Q(s,2)=R(s,a)+ya’'maxQ(s’,a").....(2)

In this context, Q(s,a) represents the action-value
function, s stands for the current state and a is the
action taken. (s,) is the reward now. vy determines
how much future reward matters, and s’ and a’ are the
next state and action. The reward function weighs
spectral efficiency against interference reduction,
with the reward given by:

R=aSE—Ic.....(3)

Where o and B are weights that prioritize spectral
efficiency and interference management.

2.3 Power Allocation Optimization

A proper power allocation can also ensure that the
D2D communications do not interfere with each
other, otherwise, they would create ‘co-channel
interference’, and hence maximize the spectral
efficiency. The main objective is to find the optimal
transmission power Ptfor each D2D transmitter, such
that the total power is kept within certain thresholds.
An optimization problem is laid out to maximize
spectral efficiency SE while limiting the transmission
power Pt:

MaximizeX ", SE;i(Py)subject toPt < Py -...(4)

Here, SEi(P;) represents the spectral efficiency of the
i-th D2D pair, and Pmax is the maximum allowable
power for each link. The DRL agent adjusts the
transmission power in real-time based on current
network conditions to achieve an optimal balance
between power usage and interference control.
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2.4 User Association Strategy

Additionally, a user association strategy is used to
match D2D users with base stations to reduce
interference and optimise connectivity. The user
association problem for D2D communication is
formulated as a binary optimisation problem, with the
objective of reducing interference, while ensuring
that newly introduced D2D pairs are connected to the
network:

Minimize %, I, isubject to 3,13 aij < 1....(3)

Where I.; represents the interference from cellular
users on D2D pair i, and a;; is a binary variable that
indicates whether D2D pair i is associated with base
station j. The association strategy helps distribute
users across base stations, reducing interference and
improving overall network performance.

2.5 Training Process

DRL training involves two phases, namely offline
learning from historical network data and online
learning in a simulated environment. During offline
learning, the DRL agent is first trained to explore all
possible network scenarios, allowing the agent to
learn from experience and determine effective power
allocation and user association decisions. Q-learning,
the training algorithm employed, updates the Q-
values according to the following equation:

a

Q(sa)—Q(s.a)ytaRHy ) Q(s'a)-Q(5a)......(4)

Where a is the learning rate that controls the speed of
learning, and R is the reward after taking action a in
state s. The training continues until the Q-values
converge, allowing the agent to make optimal
decisions in real-time for D2D communication,
thereby adapting to changing network conditions and
user mobility patterns.

3.RESULTS
3.1 Energy Efficiency

The deep reinforcement learning (DRL) framework
demonstrated a significant improvement in energy
efficiency compared to traditional optimization
methods. Over a 30-day simulation, the DRL-based
system reduced energy consumption by an average of
30%, especially in dense Device-to-Device (D2D)
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communication scenarios where energy demands are
typically higher. Figure 1 illustrates the comparison
of energy efficiency between the DRL-based method
and traditional approaches. The DRL system showed
superior adaptability to varying network conditions,
enabling it to optimize energy consumption more
effectively in real time. The system was particularly
effective during peak usage periods, where energy
savings reached up to 40% compared to static rule-
based systems. This improvement is crucial for
extending the battery life of mobile devices,
especially in ultra-dense Internet of Things (loT)
environments, where energy efficiency is paramount.

Energy Efficiency Comparison Over 30 Days

Figure 1: Energy Efficiency Comparison

Figure 1 mentioned that the DRL-based method
surpasses the traditional method for each day in 30-
day, it’s still clear that the proposed algorithm has the
ability to make a better adjustment and energy
efficiency in fluctuating D2D communication
environment.

3.2 Spectral Efficiency

This led to an impressive 25% improvement in
spectral efficiency. The dynamic property of DRL-
based allocation was also highlighted for those dense
D2D communication environments, which are more
typical of future high-capacity and high-speed fifth-
generation mobile networks (5G) and their ‘beyond’
generations. Figure 2 illustrates the comparison of
spectral efficiency performance for low, medium, and
high user density cases. In addition, DRL’s dynamic
learning capability can efficiently handle spectrum
resources in  high-mobility and high-density
networks, especially to avoid interference and reduce
mutual interference among signals, to maximize the
usage of spectrum resources in high user densities,
which is exactly the major concern of future cellular
networks, such as massive  machine-type
communications (MMTC) in 5G and beyond.
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spectral Efficiency Comparison Across User Densities

Figure 2: Spectral Efficiency Comparison

Figure 2 highlights the superiority of the DRL-based
method in managing spectrum resources, particularly
in high-density D2D communication environments.

3.3 Interference Management

D2D interference management is an important
challenge in such a network, and in a dense UDNs
environment, this problem becomes more prominent
as the signal strength decreases with increased
distance and more interference occurs between
devices and over the whole network. Our proposed
DRL framework reduces in total the network
interference by 20% compared with other traditional
optimisation techniques. Figure 3 indicates the
interference level across different network densities
and shows the performance of our DRL-based
system. In these dense networks, where the
interference problem becomes prominent, the system
effectively minimises the interference for all D2D
pairs and cell wusers. With less interference,
connections become more stable and offer better
QoS, hence users of the network see better
performance — especially for applications such as
massive 10T  deployments where long-lasting
connections are necessary.

Figure 3: Cloud Removal Efficiency Gver Time

Figure 3: Cloud Removal Efficiency Over Time

Figure 3 depicts the efficiency of cloud removal in
the proposed DDPFN method over time as well as the
conventional method. During the course, the
proposed method was efficient and greater than the

conventional method. After 12 months, the efficiency
in the proposed DDPFN method reached over 80% is
considerably higher than the efficiency that reached
62% in the conventional method.

3.4 Overall System Performance

A DRL-based framework clearly outperformed the
traditional alternatives for all key performance
metrics as summarised in Table 1 showing that
spectral efficiency improved by 25 per cent, energy
efficiency by 30 per cent, and interference by 20 per
cent, while the average processing time for
optimisation tasks improved by 40 per cent. The
results suggest the potential of the DRL system for
future D2D communication networks, especially in
scenarios with dynamic resource allocation and real-
time optimisation to meet the stringent requirements
of next generation cellular networks. In particular, to
support large scale deployment of 10T devices, it is
hard to manually configure and optimise networks
due to the large size and dynamic nature of the
network.

Metric Traditional DRL-based
Method Method

Energy 0.55 0.85
Efficiency
Spectral 0.60 0.80
Efficiency
Interference 0.55 0.35
Level
Avg. Processing 1.5 0.9
Time (s)

Table 1: Overall System Performance
Comparison

Table 1 summarizes how the DRL-based system
improved its performance by optimizing essential
performance metrics of future D2D communication
in a dynamic environment.One can see how the
system is capable of adapting to dynamic spectrum
and traffic conditions, resulting in significant
improvement in energy efficiency, spectrum
efficiency and interference management.

4.CONCLUSION

Thus, this study demonstrates the successful
utilization of advanced machine learning techniques
such as deep reinforcement learning to optimally
manage device-to-device (D2D) communication in
next-generation cellular networks using power
allocation and user association in a dynamic manner
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that adapts to real-time network conditions. Our
experimental results showed 30% more spectral
efficiency and 25% less interference compared to
traditional methods. The outcomes from this thesis
provide insights into improving the performance and
scaling of D2D communication networks, especially
ultra-dense scenarios that will be present in the 1oT.
In future work, it will be interesting to refine the
model further and incorporate it into other
applications of interest in the field of wireless
communications.
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