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Abstract: The fast-developing 5G and even toward the newer 6G era wireless communication networks require
intelligent, dynamic and efficient spectrum allocation schemes. Existing traditional rule-based and static
solutions do not satisfy the scalability, latency, and energy efficiency demands from dynamic heterogeneous
networks. This study introduces a new paradigm for real-time and energy-efficient spectrum allocation based
on lightweight reinforcement learning models. Existing approaches are limited by either simulation
environments or extensive computational requirements; in contrast, our solution focuses on generalizability
through varied network contexts and low-latency decisions, while being usable in the real world and
continuously updated. It is built to cater to next-gen use cases like ultra-reliable low-latency communication
(URLLC) applications, massive Internet of Things (IoT), and intelligent reflecting surfaces (IRS). We show
the effectiveness of the proposed approach with extensive evaluations under realistic SG/6G settings, where
we achieve gains in spectrum efficiency, convergence stability, and operational energy savings.

1 INTRODUCTION We propose the new spectrum management
technologies based on Artificial intelligence (AI), and

more generically, on reinforcement learning (RL).
RL allows agents to learn the best allocation policy
through interaction with the environment, without
the need for hand programming or labeled data. Yet
the appealing theoretic formulation and recent
progress in RL based approaches still do not lead to
practical successes. Most are either trained in
carefully chosen simulation environments,
generalize poorly to different network conditions, or
incur significant compute overheads that block real-
time deployment on edge devices.

To tackle these challenges, this works aims to
facilitate such exciting missions through these critical

As expected, the exponential growing mobile data
traffic and growing complexity of wireless network
infrastructure in frequencies have turned highly
efficient spectrum management as a main key
challenge in the evolution of 5G and potential 6G
communication system. Given the progressive user
demands and different applications such as ultra-
reliable low latency communications (URLLC) and
massive machine-type communications (mMTC),
conventional spectrum assignment strategies used to
be static, manually-configured and outdated
heuristics are insufficient.
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voids by proposing a smart, lightweight, energy-
efficient, and pluggable generalizable reinforcement
learning framework for heterogeneous 5G and 6G
environments. Our methodology is designed with
real-world dimensionality in mind, facilitating
dynamic spectrum allocation in contexts such as
intelligent  reflecting  surfaces, non-terrestrial
networks, and ultra-mobility. To summarize the
proposed model, it integrates a learned adaptive
reward along with optimized training procedures and
low-complexity inference leading to cloud and edge
level implementations.

This work bridges a gap between Al theoretical
investigation and practical applications in deployed
networks for spectrum management: generating a
robust solution that can deliver in real-time, laying the
foundation for resilient, efficient, and scalable
wireless communication systems of the future.

2 PROBLEM STATEMENT

With the development of wireless communication
systems towards 5G and 6G, spectrum shortage and
intelligent resource allocation have been becoming
serious problems. These advanced generations of
networks are anticipated to deliver unparalleled
levels of connectivity, low latency and ultra-high
reliability across a plethora of application scenarios
from autonomous driving and smart cities to
immersive extended reality and space-air-ground
integrated networks. Nonetheless, the current
spectrum allocation techniques are mostly static,
rule-based, or heuristic driven and are unable to cope
with the requisite complexity and dynamism of
today’s wireless environments.

Although RL (reinforcement learning) based
approaches have been suggested as a more suitable
Al solution for automatically optimizing the spectrum
allocation, existing solutions are not without
limitations. Such methods are typically designed for
specific simulation environments, are not real-time
adaptable, generalize poorly to different network
topologies, and introduce considerable computation
cost, hindering deployment on energy-limited edge
devices. In addition, most of them do not include
significant factors like energy efficiency and complex
features of upcoming 6G technologies (e.g.,
intelligent  reflecting  surfaces  (IRS), thz
communications, etc).

Hence, there is an urgent need for an intelligent
and adaptive framework for spectrum allocation
which is not only lightweight, energy-aware and
generalizable for real time heterogeneous 5G and 6G

Reinforcement Learning Models

environments but also capable of being trained based
on the spectrum policies of the environment, using
reinforcement learning. This gap must be bridged to
ensure reliable, scalable, and sustainable future
wireless communication systems.

3 LITERATURE SURVEY

As the deployment of 5G networks accelerates, and
6G systems are envisioned, spectrum management
faces new challenges, requiring intelligent, dynamic
approaches instead of conventional static allocation.
Given this background, we advocate for the use of
artificial intelligence, and specifically reinforcement
learning (RL), as a leading solution for dynamic
spectrum allocation, because of its ability to learn
optimal policies through interaction with the
environment.

Base research on RL-based spectrum allocation
has been conducted in several studies. Liu et al.
(2021) investigated dynamic spectrum management
in 5G networks through deep reinforcement learning
(DRL), focusing on capable radio resource
management via Al Similarly, Cao et al.
HAMILTON (2022) proposed a multi-agent RL-
based framework for dynamic spectrum access in
vehicular networks, demonstrating that high-mobility
environments require  distributed  intelligence.
Rezazadeh et al. In (2023) the authors enhanced this
approach by designing a deep Q-learning model to
improve spectrum awareness in cognitive radio
networks in the 5G era.

Yet, many of these solutions are still stuck within
the realm of simulated environments before their
deployment in real scenarios. Khadem et al. to
address this issue by designing a scalable DRL based
spectrum allocation model for 6G with a special
emphasis on performance enhancement in dense
heterogeneous networks (2024). Ansarifard et al.
(2023) also recognized this limitation and proposed a
federated learning-based approach to allow joint,
privacy-protecting spectrum optimization in multi-
tier 5G networks through RL. Lei et al. and Nasir and
Guo also adopted DRL for power and channel
allocation, but both used frameworks that still incur
computational overheads and may not be suitable for
real-time scenarios.

Most RL models would struggle to generalize to
different network topologies or environments. Wang
et al. (2023) addressed this issue by developing a
context-aware RL model that adapted in real-time to
the user density and mobility patterns, while AlSobhi
and Aghvami (2019) presented an intelligent resource
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slicing technique based on Q-learning in order to
improve spectrum usage in multi-service 5G
networks. Liu et al. Shimotakahara et al. (2023)
(2019) followed these ideas by proposing the use of
deep RL for load balancing (allocation) and power
control but were still mostly evaluated in simulations
with controlled setups.

Energy efficiency is another underexplored
dimension. Chen et al. A DRL framework to
minimize transmission power has been established
(Khan et al. Khalifa et al. (2019) proposed a novel
RL-based framework for D2D communication that
improved throughput without explicitly optimizing
energy. Qiu et al. (2017) examined some recent
progress. (2019) proposed power-aware and latency-
aware RL based frameworks, but no holistic solutions
focused on both energy and spectrum efficiency for
evolving 6G systems were provided.

Another challenge is the complexity and stability
of the reward design convergency in the RL models.
Mnih et al. (2013) proposed the basic DQN algorithm
that underlies many of the following works, but the
reward function tuning remains highly specific and
can be sensitive to domain parameters. Naparstek and
Cohen (2013) highlighted the need for multi-agent
coordination and presented a distributed RL
architecture for cognitive radio networks. Yang et al.
(2019) and Wang et al. (2018) provides an overview
on dynamic spectrum sharing techniques based on
game-theoretic and deep actor-critic models but does
not address the measurement for learning stability in
ever-changing wireless environments.

Recent productions have started to align more
closely with the needs of reality. Liu et al. designed
an RL model that is compatible with mobile edge
computing for low-latency spectrum management,
closing the gap between theory and deployment in
real settings (2022) Cao et al. (2023), which focused
on the integration of intelligent reflecting surfaces
(IRS) into the RL framework, providing valuable
information about the role of the emerging 6G
technologies in adaptive spectrum control.
Meanwhile, Zhu et al. (2024) and Wang et al. (2024)
conducted advanced collaborative and self-evolving
RL to enhance the system performance of spectrum
sharing and generalization across multi-operator
scenarios.

So far, while pioneering research such as Haykin
(2005) provided an initial theoretical framework for
cognitive radio and adaptive spectrum management,
what is urgently needed today is models that point the
way to deployment; models that are smart, efficient,
generalizable and practical within the context of 5G
and even 6G. This literature indicates significant
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potential for developing practical real-time,
lightweight, energy-aware RL-driven spectrum
allocations systems that not only alleviate existing
bottlenecks  but  also  advance  next-gen
communication frameworks.

4 METHODOLOGY

In this study, a hybridization methodology is used to
combine reinforcement learning (RL) with real-time,
energy-efficient spectrum allocation algorithms
tailored to suit 5G and evolving 6G communications
framework. The approach is centered around an RL
agent that is lightweight and can be integrated into the
edge or centralized controller of the network, based
on the deployment scenario. The RL agent observes
the environment, which includes user mobility,
channel conditions, interference patterns, and quality-
of-service (QoS) requirements, and learns an optimal
spectrum allocation policy through continuous
interaction. Table 1 show the Simulation
Environment Configuration.

Initialize Network

l

Observe Environment State

}

Input to RL Agent
Spectrum allocation based
on learned policy

I

Environment Executes Actiori

}

[ Compute Reward

!
| Endof Episode? |

Yes

Observe next sta

Observe next
state

Figure 1: Workflow of the Reinforcement Learning-Based
Spectrum Allocation Process.
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Table 1: Simulation Environment Configuration.

Parameter Value / Range

5G NR / 6G hybrid

Network Type

Number of Base 5 macro cells, 20 small cells

Stations
User Equipment 100500 users (random
(UE) Count distribution)

Random waypoint /

Mobility Model Vehicular model

Frequency Sub-6 GHz, mmWave,
Bands Terahertz
Bandwidth 100 MHz (SQ), 1 GHz (6G
candidate)
3GPP 38.901 Urban Micro
Channel Model (UMi)

Simulation Time 1000 seconds per scenario
RL Algorithm Deep Q-Network (DQN) +
Used Federated Learning
Reward Weighted: throughput,
Function latency, energy usage

To tackle the computational complexity, the proposed
framework uses a deep-Q-network (DQN) pipeline,
which can run with small amount of resources by
using a compact DQN model with the help of the
pruning techniques and adaptive learning rates. A
reward function is custom designed to balance three
target aspects such as maximizing the spectral
efficiency, minimizing the latency and minimizing
the energy consumption. This function is adaptively
optimized to be generalizable to different scenarios,
such as urban macro cells, dense small cells, and non-
terrestrial networks.

For multi-agent cases, such as that in which the
base stations (BS) or user equipment (UE) is
decentralized, one can go a step further and use a
multi-agent reinforcement learning (MARL) variant.
These agents work together or against each other for
spectrum resources in the system-level setting, and
share a common experience replay and parameters to
speed up convergence. Finally, to facilitate practical
application, the paper also investigates federated
reinforcement learning which cooperatively trains
agents without exchanging raw data to keep user
privacy and reduce communication load.

In addition, the methodology has both simulation
and emulation phases. The RL model is trained and
tested in the simulate phase with a self-designed
network simulator which exhibits realistic 5G/6G
characteristics, such as IRS, THz spectrum blocks and
ultra-dense deployment. During the emulation phase,
the trained model is executed on a virtualized testbed
to validate the model in close-to-reality scenarios
utilizing the containerized network functions and

Reinforcement Learning Models

real traffic flows. Figure 1 show the Workflow of the
Reinforcement Learning-Based Spectrum Allocation
Process.

Finally, comprehensive experiments are provided
to compare our approaches with standard
benchmarks including static fairness allocation,
heuristic-based schemes, and traditional DRL
methods. Performance evaluation is conducted in a
variety of network environments using metrics such
as convergence time, energy efficiency, throughput,
spectrum utilization, and delay. This formalized
multi-step process secures that the obtained spectrum
sharing framework is not only intelligent and
adaptable, but also scalable and realizable in realistic
5G and 6G networks.

5 RESULTS AND DISCUSSION

The proposed RL-based spectrum allocation
framework was tested through multiple simulation
settings which are modeled after real-world 5G and
6G network scenarios. These involved ultra-dense
small-cell deployments, ultra-reliable low-latency
communications (URLLC), and intelligent reflecting
surfaces (IRS), and non-terrestrial network
components. The findings showed that based on
spectral  efficiency, energy consumption and
response time, a significant enhancement was
achieved over traditional allocation methods and the
state-of-the-art baseline deep reinforcement learning
models.

Specifically, the RL model established with a
relatively light weight enabled 12—-18% performance
enhancement in terms of spectrum utilization over
fixed heuristic solutions, with 20-25% average
latency reduction, which is of critical importance for
URLLC services. The custom reward shaping design
enables RL models to adaptively balance throughput
and energy efficiency based on the up-to-date
network status. Therefore, the energy-aware version
of the model yields about 15% energy consumption
reduction while not compromising the allocation
performance, thereby, illustrating its potential for
green and sustainable communication systems. Table
2 show the Performance Comparison of Spectrum
Allocation Techniques.

In addition, the application of federated
reinforcement learning to multi-agent scenarios also
contributed to  distributed nodes reaching
convergence at a faster rate and with less fluctuations
than non-federated nodes, by almost 30%. This
indicates that multiparty learning based on network
components can not only protect the data privacy but
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also improve the learning value. The system’s
generalization ability was verified by deploying the
model from the urban macrocell scenario to the urban
microcell layout. And the model generalizes with
very little loss of performance, thus proving that the
proposed model is robust in various deployment
setups. Figure 2 show the Performance Comparison.

Table 2: Performance Comparison of Spectrum Allocation
Techniques.

Spectrum | Late | Energy | Converg
Method Efficienc | ncy | Usage ence
y (%) (ms) | (J/bit) | Time (s)

Static
Allocation 61.3 254 | 0.0031 N/A
Heuristic-

Based 68.9 18.2 | 0.0028 130
Method
Baseline

DRL
(Vanilla 75.6 12.4 | 0.0021 90
DQN)
Proposed

RL 84.2 9.3 0.0016 62
Approach

0 Spectrum Efficiency Comparison

84.2%
80 75.6%
68.9%

—_ 61.3%

£ 60

B

£ «

201

Static Heuristic Baseline DRL Proposed RL

Figure 2: Performance Comparison.

In the real-world emulation experiments, the
model steadily outperformed traditional deep Q-
network based approaches to adapt to dynamic user
behavior, unanticipated spectrum interference, and
changing conditions of the channel. It attained >90%
successful sub-millisecond spectrum allocation
decision, which is applicable to practical 5G and
potential 6G scenarios. The proposed method is better
able to balance the computational efficiency, learning
performance, real-time adaptiveness than the recent
state-of-the-art methods (detailed in related work).
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Table 3 show the Generalization Results Across
Network Scenarios.

Table 3: Generalization Results Across Network Scenarios.

Trainin Accu Reward Re-
g Test . e

Scenari Scenario racy | Retention | training
o (%) (%) Needed

Urban

Macroc | | Orban 100 100 No
oll Macrocell

Urban Dense Minima

Macroc Small 94.6 91.2 )
ell Cell

Urban Rural

Macroc | Wide | 88.1 gs.s | Moderat
ell Area ¢

Urban UAV-

Macroc | based 6G 81.7 78.9 Yes
ell Topology

Transferability of RL Model Across Scenarios

--
90.0
- 875

- 85.0

100.0

81

Urban

97.5

95.0

Dense Cell

92.5

Rural

UAV

-825

Urban Dense Cell Rural uAav

Figure 3: Transferability of RL Model Across Scenarious.

These findings affirm the hypothesis that
reinforcement learning, when thoughtfully optimized
and customized for communication systems, can
effectively address the evolving challenges of
spectrum allocation in next-generation networks. The
incorporation of energy-efficiency, adaptability, and
federated intelligence creates a powerful synergy that
directly responds to the current limitations
highlighted in existing studies, while paving the way
for future expansion into 6G technologies and
beyond. Figure 3 show the Transferability of rl model
across scenarios.

6 CONCLUSIONS

This research presents a novel, intelligent, and
deployable solution for dynamic spectrum allocation
in 5G and 6G networks, leveraging the adaptive
capabilities of reinforcement learning while
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addressing critical gaps in real-time responsiveness,
energy efficiency, and environmental generalization.
Unlike existing models that are either too
computationally heavy or narrowly scoped to
simulated environments, the proposed framework
integrates a lightweight yet powerful RL architecture
capable of operating under diverse network
conditions, including dense urban deployments,
intelligent reflecting surfaces, and non-terrestrial
links.

The development of a flexible reward function,
combined with a multi-agent and federated learning
approach, has enabled spectrum decisions that are not
only optimal in terms of throughput and latency but
also considerate of energy consumption and resource
constraints. Extensive evaluations confirm that the
model offers significant gains in performance metrics
such as spectral efficiency, decision latency, and
convergence speed, while remaining scalable and
practical for deployment in future communication
infrastructures.

Beyond its immediate applications in 5G
networks, the framework is inherently forward-
compatible with the architectural needs and
operational philosophies of 6G, including support for
Al-native networking, edge intelligence, and
sustainable design principles. In doing so, this work
contributes not just a technological advancement, but
also a strategic foundation for how intelligent systems
can manage increasingly complex and dynamic
wireless ecosystems.

Ultimately, this research demonstrates that with
the right integration of Al and domain-specific
optimization, spectrum allocation can evolve from a
rigid, rule-based process to a self-optimizing,
context-aware systemcapable of empowering the next
generation of ultra-connected, intelligent digital
environments.
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