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Abstract

The emergence of sixth-generation (6G) communication networks is
expected to revolutionize wireless systems by enabling ultra-high data
rates, ultra-low latency, and massive connectivity. Efficient resource
management is a critical challenge due to the dynamic and
heterogeneous nature of 6G environments. Traditional optimization
techniques are insufficient to handle the complexity of such networks,
leading to the adoption of artificial intelligence (AI)-driven approaches.
This paper presents a comprehensive review of Al techniques for
efficient resource management in 6G networks, focusing on hybrid
quantum duplet-convolutional neural network (CNN) models. These

Artificial Intelligence, | models integrate quantum computing with classical deep learning to
Resource Management,Hybrid | enhance computational efficiency and optimization capability. The study
Quantum Deep Learning, | analyzes recent literature from 2020 to 2023, covering deep learning,
Convolutional Neural | reinforcement learning, federated learning, and quantum machine
Networks, Reinforcement | learning approaches.
Learning, Network | A comparative analysis highlights the advantages of hybrid quantum-
Optimization CNN models in terms of scalability, adaptability, and performance. The
paper also discusses emerging trends such as Al-native network design,
edge intelligence, and quantum-enhanced optimization. Furthermore,
key challenges including computational complexity, energy
consumption, and quantum hardware limitations are examined. The
findings suggest that hybrid quantum deep learning models are
promising for addressing resource management challenges in future 6G
networks.
Introduction demands of future applications. Consequently,
The rapid proliferation of wireless devices, data- sixth-generation (6G) communication networks
intensive applications, and emerging are being envisioned to provide unprecedented

technologies such as the Internet of Things (1oT),
augmented reality (AR), virtual reality (VR), and
autonomous systems has driven the need for
next-generation communication networks. While
fifth-generation (5G) networks have significantly
improved data rates, latency, and connectivity,
they are insufficient to meet the growing
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capabilities, including terabit-per-second data
rates, ultra-low latency, and intelligent network
automation.

One of the fundamental challenges in 6G
networks is efficient resource management,
which involves optimizing the allocation of
network resources such as spectrum, bandwidth,
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power, and computational capacity. Unlike
previous generations, 6G networks operate in
highly dynamic and heterogeneous
environments  characterized by  diverse
application requirements, fluctuating network
conditions, and massive device connectivity.
These complexities make resource management
a challenging task that requires advanced
optimization techniques.

Traditional resource allocation methods, such as
linear programming, convex optimization, and
heuristic-based algorithms, have been widely
used in earlier communication systems. However,
these methods are limited in their ability to
handle large-scale, nonlinear, and time-varying
problems. They often rely on simplified
assumptions and require precise mathematical
models, which are difficult to obtain in real-world
scenarios. As a result, these approaches are
inadequate for addressing the complexities of 6G
networks.

Artificial intelligence (AI) has emerged as a
powerful tool for addressing these challenges. Al-
driven approaches enable networks to learn from
data, adapt to changing conditions, and make
intelligent decisions in real time. Machine
learning (ML) and deep learning (DL) techniques
have been widely applied to various aspects of
wireless communication, including traffic
prediction, channel estimation, interference
management, and resource allocation.

Among deep learning models, convolutional
neural networks (CNNs) have gained significant
attention due to their ability to extract spatial
features from complex data. CNNs have been
successfully applied to tasks such as spectrum
sensing, network traffic classification, and
channel estimation. Additionally, recurrent
neural networks (RNNs) and long short-term
memory (LSTM) networks are used to capture
temporal dependencies in network data,
enabling more accurate predictions.

Hybrid deep learning models, such as CNN-LSTM
and GAN-based architectures, combine the
strengths of different models to improve
performance. These models are capable of
capturing both spatial and temporal features,
making them suitable for complex network
environments. However, classical deep learning
models face limitations in terms of
computational complexity, energy consumption,
and scalability.

To overcome these limitations, researchers have
explored quantum computing  as a
complementary technology. Quantum computing
leverages principles such as superposition and
entanglement to perform parallel computations,
enabling exponential speedup for certain
problems. In the context of 6G networks,
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quantum computing can be used for
optimization, signal processing, and resource
allocation.

The integration of quantum computing with deep
learning has led to the development of quantum
machine learning (QML). Hybrid quantum-
classical models combine quantum circuits with
classical neural networks, enabling efficient
processing of high-dimensional data. These
models can significantly improve the
performance of resource management systems
by reducing computational complexity and
enhancing optimization capability.

One of the most promising approaches in this
domain is the hybrid quantum duplet-
convolutional neural network model, which
integrates quantum feature extraction with
classical CNN-based learning. This hybrid
architecture enables efficient resource allocation
by leveraging the strengths of both quantum and
classical computing.

In addition to quantum-enhanced models,
reinforcement learning (RL) has been widely
used for dynamic resource management. RL-
based approaches enable agents to learn optimal
policies  through interaction with the
environment, making them suitable for real-time
decision-making in dynamic networks. Deep
reinforcement learning (DRL) extends RL by
incorporating deep neural networks, enabling
the handling of high-dimensional state spaces.
Another important development is federated
learning (FL), which allows distributed training
of machine learning models across multiple
devices without sharing raw data. This approach
enhances data  privacy and  reduces
communication overhead, making it suitable for
edge computing environments in 6G networks.
The concept of network slicing is also central to
6G resource management. Network slicing
enables the creation of multiple virtual networks
on a shared infrastructure, each tailored to
specific application requirements. Efficient
resource allocation for network slicing requires
intelligent algorithms capable of handling
diverse quality-of-service (QoS) requirements.
Energy  efficiency is another  critical
consideration in 6G networks. The increasing
number of connected devices and high data rates
lead to significant energy consumption. Al-driven
optimization techniques can reduce energy usage
by dynamically allocating resources based on
network conditions.

Despite  significant advancements, several
challenges remain, including scalability,
interoperability, and integration of quantum
computing with classical systems. Additionally,
the lack of standardized frameworks and limited
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availability of quantum hardware pose
significant barriers to practical implementation.
This paper aims to provide a comprehensive
review of Al techniques for efficient resource
management in 6G communication networks,
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Literature Review

The rapid evolution of sixth-generation (6G)
communication networks has led to extensive
research on intelligent resource management
using artificial intelligence (AI) techniques. This
section presents a detailed review of recent
studies (2020-2023), focusing on deep learning,
reinforcement learning, federated learning, and
hybrid quantum-based approaches.
1. Deep Learning-Based
Management

Early research in 6G resource management
emphasized the role of deep learning in handling
complex network environments. Chenguang She
et al. (2020) investigated the application of deep
neural networks for ultra-reliable low-latency
communication (URLLC). Their study
demonstrated that deep learning models can
dynamically adapt to varying network
conditions, significantly reducing latency and
improving reliability. The authors highlighted
that traditional optimization methods are
insufficient for real-time decision-making in
highly dynamic environments.

Similarly, Baris Ozpoyraz et al. (2022) conducted
a comprehensive survey of deep learning
techniques in 6G networks. Their work
emphasized the effectiveness of convolutional
neural networks (CNNs) in tasks such as

Resource
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focusing on hybrid quantum duplet-CNN models.
The study analyzes recent literature, identifies
key trends and challenges, and provides insights
into future research directions.
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spectrum sensing, interference mitigation, and
traffic prediction. The study concluded that CNN-
based models outperform traditional machine
learning approaches due to their ability to extract
spatial features from large-scale network data.
In another study, Syed Naveed Syed et al. (2023)
explored deep neural networks for spectrum
sensing in next-generation networks. Their
findings indicated that deep learning models
improve detection accuracy and reduce false
alarm rates, thereby enhancing spectrum
utilization efficiency. However, the study also
pointed out the high computational cost
associated with deep learning models.

2. Reinforcement Learning for Dynamic
Resource Allocation

Reinforcement learning (RL) has emerged as a
powerful approach for dynamic resource
management in 6G networks. Hien Trung Nguyen
et al. (2021) proposed a deep reinforcement
learning (DRL) framework for resource
allocation in vehicular networks. Their model
demonstrated improved quality-of-service (QoS)
and reduced latency by learning optimal
allocation strategies in real time.

Similarly, Hassan Sami et al. (2021) developed a
DRL-based resource provisioning system for
Internet of Everything (IoE) services. The study
showed that DRL can effectively optimize
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resource utilization while maintaining network
stability.

Praveen Bhattacharya et al. (2022) introduced a
Deep-Q learning-based framework for secure
spectrum allocation. Their approach enhanced
both efficiency and security in 6G networks by
incorporating adversarial learning mechanisms.
Additionally, Peng Ding et al. (2022) applied Q-
learning for spectrum sharing, achieving
improved throughput and reduced interference.
Their results highlighted the potential of RL for
decentralized decision-making.

More advanced approaches include multi-agent
reinforcement learning (MARL), as
demonstrated by Xiaohuan Du et al. (2023). Their
study proposed a multi-agent framework for
dynamic resource management, enabling
cooperative decision-making among network
nodes. This approach improved scalability and
adaptability in large-scale networks.
Furthermore, Zhenyu Huang et al. (2023)
explored reinforcement learning for digital twin-
based resource allocation. Their work
demonstrated that integrating digital twin
technology with RL enhances prediction
accuracy and system efficiency.

3. Federated Learning and Edge Intelligence
Federated learning (FL) has gained significant
attention as a privacy-preserving approach for
distributed resource management. Yong Liu et al.
(2020) introduced federated learning for 6G
communication  systems, highlighting its
potential for decentralized model training
without sharing raw data. Their study
emphasized improved data privacy and reduced
communication overhead.

Building on this, Zhengchuan Yang et al. (2022)
analyzed the applications and challenges of
federated learning in 6G networks. The authors
identified key issues such as communication cost,
model heterogeneity, and convergence speed.
More recently, Mohammad Al-Quraan et al
(2023) proposed an edge-native intelligence
framework driven by federated learning. Their
approach enables real-time decision-making at
the network edge, reducing latency and
improving scalability.

4. Hybrid Deep Learning Models

Hybrid deep learning models have been
developed to overcome the Ilimitations of
individual architectures. Cuong Nguyen et al.
(2023) proposed a CNN-LSTM model for channel
estimation in reconfigurable intelligent surface
(RIS)-assisted 6G networks. Their model
effectively captured both spatial and temporal
features, resulting in improved prediction
accuracy.

Similarly, Zhengyu Li et al. (2022) developed a
GAN-LSTM-based framework for wireless

channel prediction. Their study demonstrated
that hybrid models outperform standalone CNN
or RNN models in dynamic environments.

These hybrid approaches highlight the
importance of combining multiple learning
techniques to address the complexity of 6G
networks.

5. Quantum Machine Learning and Hybrid
Quantum-CNN Models

Quantum machine learning (QML) represents a
new frontier in resource management for 6G
networks. Hybrid quantum-classical models
combine quantum computing with classical deep
learning to enhance computational efficiency.
Recent studies indicate that quantum algorithms
can significantly accelerate  optimization
processes by leveraging quantum parallelism.
Hybrid quantum-CNN models utilize quantum
circuits for feature transformation and classical
CNNs for high-level learning.

Although still in the early stages, these models
show significant promise in addressing complex
optimization problems in 6G networks. However,
practical implementation is limited by the
current state of quantum hardware and the lack
of standardized frameworks.

6. Key Observations from Literature

The review of studies from 2020 to 2023 reveals
several important trends:

e Deep learning models provide high
accuracy but require significant
computational resources.

e Reinforcement learning enables
adaptive and dynamic decision-making
but suffers from long training times.

o Federated learning improves privacy
and  scalability = but introduces
communication overhead.

e Hybrid models outperform individual
techniques by  combining their
strengths.

e Quantum machine learning offers
significant potential for solving complex
optimization problems but is limited by
hardware constraints.

7. Research Gap
Despite significant advancements, several
research gaps remain:

1. Lack of practical implementation of
quantum-enhanced models

2. Limited scalability of hybrid Al models in
real-world 6G environments

3. High energy consumption of deep learning
techniques

4. Need for standardized frameworks for Al
integration in 6G

5. Insufficient research on real-time
deployment of hybrid quantum models

8. Summary
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In summary, the literature indicates that Al-
driven approaches are essential for efficient
resource management in 6G networks. Among
various techniques, hybrid quantum duplet-CNN

Comparative Table and Analysis
Comparative Table

models emerge as the most promising solution
due to their ability to combine quantum
optimization capabilities with deep learning
feature extraction.

Study Technique Application Advantage Limitation

She et al. (2020) Deep Learning URLLC Low latency | High complexity

Liu et al. (2020) Federated Distributed ML Privacy Overhead

Learning

Nguyen et al. (2021) DRL Vehicular Adaptive Training time
Networks

Sami et al. (2021) DRL IoE Efficiency Complexity

Bhattacharya et al. | Deep-Q Spectrum Security Slow convergence

(2022)

Ding et al. (2022) Q-learning Spectrum Sharing | Throughput | Limited scalability

Yang et al. (2022) FL 6G Networks Scalability Communication

cost

Ozpoyraz et al. (2022) DL Survey 6G Accuracy Complexity

Huang et al. (2023) RL Digital Twin Optimization | High cost

Duetal. (2023) Multi-agent RL Dynamic Adaptability | Coordination issue
Networks

Analysis

The comparative analysis of artificial intelligence
techniques for efficient resource management in
6G communication networks reveals significant

differences in performance, scalability,
adaptability, computational efficiency, and
practical feasibility. This section critically

evaluates deep learning, reinforcement learning,
federated learning, hybrid architectures, and
quantum-enhanced models based on the
reviewed studies (2020-2023).

1. Performance Efficiency and Accuracy

Deep learning (DL) models, particularly
convolutional  neural networks  (CNNs),
demonstrate high accuracy in resource allocation
and network optimization tasks. Studies such as
She et al. (2020) and Ozpoyraz et al. (2022)
confirm that CNN-based architectures effectively
extract spatial features from network data,
leading to improved spectrum utilization and
interference mitigation.

Hybrid deep learning models, including CNN-
LSTM and GAN-LSTM frameworks (Nguyen et al.,
2023; Li et al, 2022), further enhance
performance by capturing both spatial and
temporal  dependencies. @ These  models
outperform standalone architectures, especially
in dynamic environments where network
conditions fluctuate over time.

Reinforcement learning (RL) approaches, such as
those proposed by Nguyen et al. (2021) and Sami
et al. (2021), provide adaptive decision-making
capabilities. However, while RL models achieve
competitive  performance, their accuracy
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depends heavily on the training process and
reward design.

Quantum-enhanced models, although still
emerging, show theoretical superiority in solving
complex optimization problems due to quantum
parallelism. Hybrid quantum-CNN models can
potentially achieve higher accuracy with reduced
computational overhead.

2. Computational Complexity and Processing
Efficiency

A major limitation of deep learning models is
their high computational complexity. CNN-based
models require significant processing power and
memory, making them challenging to deploy in
real-time 6G environments.

Reinforcement learning models, particularly
deep RL (DRL), introduce additional complexity
due to iterative training processes and
exploration-exploitation trade-offs. Multi-agent
RL systems (Du et al, 2023) further increase
computational demands due to coordination
among agents.

Federated learning reduces centralized
computational burden by distributing training
across multiple nodes. However, it introduces
communication overhead, which can impact
overall efficiency.

Quantum machine learning offers a promising
solution by leveraging quantum superposition
and entanglement to perform parallel
computations. Hybrid quantum-CNN models
reduce computational complexity by offloading
optimization tasks to quantum circuits, resulting
in faster convergence and improved efficiency.

3. Scalability and Network Adaptability
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Scalability is a critical requirement for 6G
networks due to the massive number of
connected devices. Deep learning models face
scalability challenges due to centralized training
and high computational requirements.
Federated learning significantly improves
scalability by enabling distributed model training
across edge devices. Studies by Liu et al. (2020)
and Yang et al. (2022) demonstrate that FL can
handle large-scale networks while preserving
data privacy.

Reinforcement learning models provide
adaptability by continuously learning from the
environment. Multi-agent RL systems enhance
scalability by enabling decentralized decision-
making across network nodes.

Hybrid models, particularly quantum-enhanced
architectures, offer improved scalability by
efficiently handling high-dimensional
optimization problems. However, their scalability
is currently limited by the availability of quantum
hardware.

4. Real-Time Decision-Making Capability
Real-time processing is essential for 6G
applications such as autonomous vehicles and
industrial automation. Deep learning models
provide fast inference once trained but require
significant time for training.

Reinforcement learning excels in real-time
decision-making as it continuously adapts to
changing network conditions. However, training
RL models can be time-consuming and
computationally expensive.

Federated learning  supports  real-time
processing at the edge, reducing latency and
enabling  faster  decision-making. Edge
intelligence  further  enhances real-time
capabilities by processing data closer to the
source.

Hybrid quantum-CNN models offer the potential
for ultra-fast decision-making by leveraging
quantum speedup. These models can process
complex optimization problems in real time,
making them suitable for latency-sensitive
applications.

5. Energy Efficiency and Sustainability

Energy consumption is a major concern in 6G
networks due to the increasing number of
connected devices. Deep learning models
consume significant energy during training and
inference.

Reinforcement learning models also require
substantial energy due to continuous learning
processes. Multi-agent systems further increase
energy consumption.

Federated learning improves energy efficiency by
reducing data transmission and centralized
processing. However, communication overhead
can still impact energy consumption.

Quantum computing has the potential to
significantly reduce energy consumption by
performing computations more efficiently.
Hybrid quantum-CNN models can optimize
resource allocation while minimizing energy
usage, contributing to sustainable 6G networks.
6. Security and Privacy Considerations
Security and privacy are critical in 6G networks
due to the sensitive nature of data. Deep learning
models are vulnerable to adversarial attacks and
data leakage.
Reinforcement learning models can be
manipulated through malicious reward signals,
posing security risks.
Federated learning enhances privacy by keeping
data localized, but it is still susceptible to model
poisoning attacks.
Quantum computing introduces new security
paradigms, including quantum encryption, which
can enhance data security. Hybrid quantum
models can potentially improve both security and
privacy in resource management systems.
7. Practical Implementation Challenges
Despite their advantages, Al-based approaches
face several practical challenges:
e Deep Learning: Requires large datasets
and high computational resources
e Reinforcement Learning: Long training
time and convergence issues
e Federated Learning: Communication
overhead and model heterogeneity
e Quantum Models: Limited hardware
availability and high implementation cost
Hybrid quantum-CNN models, while promising,
are still in the experimental stage and require
further research for real-world deployment.
8. Overall Comparative Insight
The comprehensive comparison of Al techniques
indicates that no single approach can fully
address the challenges of resource management
in 6G networks. However, hybrid approaches
provide a more balanced solution.
Key Findings:
e Deep learning — High accuracy but
computationally expensive
e Reinforcement learning — Adaptive but
slow training
o Federated learning — Scalable and
privacy-preserving but communication-
heavy
e Hybrid DL models - Improved
performance and flexibility
e Quantum ML - High efficiency but limited
by hardware
e Hybrid Quantum Duplet-CNN — Best
overall potential
9. Final Analytical Conclusion
The analysis clearly indicates that hybrid
quantum duplet-convolutional neural network



International Journal on Advanced Computer Theory and Engineering

models represent the most promising approach
for efficient resource management in 6G
networks. These models combine:

¢ Quantum computational speed

e Deep learning feature extraction

e Reinforcement learning adaptability

o Federated learning scalability
This integration enables efficient, scalable, and
intelligent resource management, making hybrid
quantum-CNN models a key enabler for future 6G
communication systems.

Discussion

Efficient resource management is a critical
requirement for achieving the performance goals
of 6G communication networks. The integration
of artificial intelligence techniques has
significantly improved the ability of networks to
adapt to dynamic conditions and optimize
resource allocation. Deep learning models,
particularly CNNs, have demonstrated high
accuracy in extracting features from complex
network data, enabling improved decision-
making.

Reinforcement learning approaches further
enhance adaptability by allowing systems to
learn optimal policies through interaction with
the environment. This makes them particularly
suitable for dynamic and uncertain network
conditions. However, the high computational cost
and long training times associated with RL
models limit their practical deployment.
Federated learning has emerged as a promising
solution for distributed resource management,
enabling collaborative model training without
sharing raw data. This approach enhances data
privacy and reduces the need for centralized
processing. However, communication overhead
remains a challenge.

The integration of quantum computing with Al
represents a significant advancement in resource
management. Hybrid quantum-CNN models
leverage quantum parallelism to solve complex
optimization problems more efficiently than
classical approaches. These models offer
improved scalability, faster convergence, and
enhanced performance.

Despite these advantages, several challenges
remain. The limited availability of quantum
hardware and the lack of standardized
frameworks hinder the practical implementation
of hybrid models. Additionally, energy
consumption and computational complexity
remain critical concerns.

Future research should focus on developing
scalable and energy-efficient models, improving
quantum hardware capabilities, and establishing
standardized frameworks for Al integration in 6G
networks.
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Conclusion

This paper presented a comprehensive review of
artificial intelligence techniques for efficient
resource management in 6G communication
networks, with a focus on hybrid quantum
duplet-convolutional neural network models.
The study highlighted the limitations of
traditional optimization methods and
emphasized the importance of Al-driven
approaches in addressing the complexities of
next-generation networks.

The analysis of literature from 2020 to 2023
revealed that deep learning, reinforcement
learning, and federated learning play significant
roles in improving resource allocation efficiency.
Among these approaches, hybrid quantum deep
learning models emerged as the most promising
solution due to their ability to combine the
strengths of quantum computing and classical
neural networks.

The comparative analysis demonstrated that
hybrid quantum-CNN models provide superior
performance in terms of scalability, efficiency,
and adaptability. However, practical
implementation challenges such as quantum
hardware limitations and integration complexity
must be addressed.

Future research should focus on advancing
hybrid Al models, improving quantum
computing technologies, and exploring new
approaches for resource management. The
integration of edge intelligence, federated
learning, and quantum computing will play a
crucial role in shaping the future of 6G networks.
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