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Abstract: This survey explores the integration of machine learning (ML), deep learning (DL),
and reinforcement learning (RL) within wireless communications. It reviews various methods,
algorithms, and applications while addressing the challenges and future research directions in
this field. The paper highlights the necessity of intelligent techniques to enhance the
performance and management of wireless networks, driven by the increasing complexity and
demand for higher efficiency. Key areas of focus include network optimization, resource
management, security, signal recognition, channel coding, traffic prediction, access control,
and energy optimization. The survey also discusses emerging techniques such as federated
learning, transfer learning, and multi-agent reinforcement learning, emphasizing their potential
to revolutionize wireless communication systems.
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1. Introduction

Wireless communications have become a cornerstone of modern society,
supporting an ever-expanding range of applications, from mobile communications and
autonomous systems to the Internet of Things (10T) [1], as illustrated in Figure 1. The
journey of wireless communication began in the late 19th century with the theoretical
prediction of electromagnetic waves by James Clerk Maxwell and their experimental
validation by Heinrich Hertz [2]. The first practical wireless communication system
was developed by Guglielmo Marconi, who successfully transmitted Morse code
signals over long distances [2]. This laid the foundation for subsequent advancements,
including the development of radio, television, and mobile communications. The
evolution of wireless technologies has been marked by significant milestones, such as
the introduction of the first-generation (1G) mobile networks in the 1980s, which used
analog signals, followed by the digital revolution with 2G, 3G, and 4G networks [3].
Each generation brought improvements in data rates, capacity, and reliability,
culminating in the current deployment of 5G networks, which offer unprecedented
speeds and low latency [3]. However, these advancements have also led to a significant
surge in data traffic and the widespread adoption of connected devices [4]. Despite
these advancements, traditional methods of network management and optimization are
proving inadequate for the needs of contemporary wireless networks [5]. Conventional
approaches often struggle with issues such as limited bandwidth, interference, and the
increasing complexity of managing diverse and dynamic network environments [5,6].
These challenges necessitate the adoption of intelligent methods for optimization,
resource allocation, and system adaptability [6].
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The rapid evolution of technologies like 5G and the anticipated advent of 6G
networks have driven unprecedented demands for higher performance, greater
scalability, and enhanced reliability in wireless systems. These demands, coupled with
increasing complexity, have pushed traditional approaches to their limits,
necessitating the adoption of intelligent methods for optimization, resource allocation,
and system adaptability [7]. Artificial intelligence (Al) techniques, particularly
machine learning (ML), deep learning (DL), and reinforcement learning (RL), have
emerged as transformative solutions in this context. ML enables systems to analyze
and learn from vast amounts of data, DL excels at uncovering complex patterns, and
RL facilitates decision-making in dynamic environments. Together, these approaches
empower wireless communication networks to achieve superior performance across a
variety of tasks, including channel estimation, interference management, power
allocation, and mobility prediction. This paper provides a comprehensive survey of
the applications of ML, DL, and RL in wireless communications, detailing their
underlying methodologies and showcasing how they address critical challenges in the
field. Key applications include optimizing network performance, enabling proactive
fault detection, adaptive beamforming, and intelligent spectrum management. Beyond
these, Al-driven techniques are central to advancing emerging paradigms such as
intelligent edge computing, autonomous networks, and proactive resource
orchestration. Additionally, this survey highlights the transformative potential of these
methods in shaping future wireless systems, focusing on their ability to support
dynamic, scalable, and robust networks. It identifies gaps in current research, such as
the need for energy-efficient algorithms, real-time adaptability, and integration with
novel architectures like reconfigurable intelligent surfaces (RI1S). Future directions are
discussed, emphasizing the importance of interdisciplinary approaches and innovative
Al models tailored for next-generation wireless systems [8-12].

By synthesizing the state-of-the-art advancements and mapping future
opportunities, this paper seeks to inspire further exploration and innovation in
applying Al-driven solutions to wireless communications, ultimately paving the way
for smarter and more resilient networks.

Figure 1. Wireless communications as an integral part of modern society
connecting.
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The swift advancement of wireless technologies has resulted in a significant surge
in data traffic and the widespread adoption of connected devices [13,14].
Consequently, conventional methods of network management and optimization are
proving inadequate for the needs of contemporary wireless networks [15,16].
Intelligent techniques, including ML, DL, and RL, present promising solutions by
facilitating adaptive, data-driven strategies for network management [17,18]. These
methods can process large volumes of data, detect patterns, and make real-time
decisions to improve network performance and efficiency [19,20]. Machine learning
includes a wide range of algorithms and models that can be utilized in various facets
of wireless communications, such as network optimization, resource management,
security, and anomaly detection [21-26]. Deep learning, a branch of ML, uses multi-
layered neural networks to capture complex data patterns, making it especially
effective for tasks like signal recognition, channel coding, and traffic prediction [27—
29]. Conversely, reinforcement learning is centered on training agents to make
decisions through trial and error, making it highly appropriate for dynamic and
unpredictable wireless environments [30—35]. Beyond the core techniques, emerging
methods such as federated learning and transfer learning are becoming increasingly
important in wireless communications. Federated learning supports decentralized
model training, maintaining data privacy by keeping data on individual devices [36].
Transfer learning, on the other hand, facilitates knowledge transfer across similar
environments, thereby reducing the data requirements for new deployments [36].
Multi-agent reinforcement learning (MARL) expands RL capabilities by involving
multiple agents that either collaborate or compete within a wireless environment,
enabling advanced applications like network slicing in 5G [37]. This survey aims to
provide a comprehensive overview of these intelligent techniques, their applications
in wireless communications, and the challenges and future research directions in this
rapidly evolving field (see Figure 2). By examining the potential of ML, DL, and RL,
we aim to highlight the transformative impact these technologies can have on the
design and operation of next-generation wireless networks. A comparison of various
Al technologies in wireless communication is presented in Table 1.
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Figure 2. The structure of the survey shows machine learning and its subcategories, in which various algorithms and
models can be applied to different aspects of wireless communications.
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Table 1. A comparison of different Al technologies in wireless communication.

Technology Description Applications Challenges References
ML algorithms, including Support Vector Machines (SVM),
K-Nearest Neighbors (KNN), Decision Trees, and Random
Forests, are employed for various tasks in wireless Network optimization, Necessitates extensive
ML communications. These tasks encompass network resource management, datasets and significant [38-40]
optimization, resource management, and security, leveraging  security. computational power.
the strengths of each algorithm to enhance the performance
and reliability of wireless networks.
DL models such as Convolutional Neural Networks (CNNS), Sianificant
Recurrent Neural Networks (RNNs), Long Short-Term Signal recognition, cogr]n utational demands
DL Memory networks (LSTMs), and Generative Adversarial channel coding, traffic P - [41-43]
- o L and the requirement for
Networks (GANS) are utilized for tasks like signal prediction. -
o - h e extensive datasets.
recognition, channel coding, and traffic prediction.
RL focuses on training agents to make decisions by providing Access control. resource ::&f:g?\?ﬂ?:lggg
rewards for desired actions. Prominent algorithms in this ' .
RL - - management, energy environments and the [44-46]
domain include Q-learning, Deep Q-Networks (DQN), and - - -
L optimization. high computational
Asynchronous Advantage Actor-Critic (A3C).
demands.
Determining user Ensuring the security of
FL FL facilitates decentralized model training, ensuring data location in r?wobile edae data transmission and [47]
privacy by retaining data on individual devices. - 9 the efficiency of model
computing.
updates.
. - Adjusting pre-trained
TL facnltates the transfe( o_f Kngwledge across similar models for new Scarcity of data in new
TL environments, thereby minimizing the data needed for new - . - [47]
environments using environments.
deployments. e
minimal data.
Mglt_l-Agent Reinforcement !_earnlng (MARL) entails Spectrum allocation, Managlng the _
training several agents that either collaborate or compete coordination of multiple
MARL . - . network load - [48]
within a wireless environment to handle tasks such as distribution. securit agents and addressing
spectrum allocation and network load distribution. ’ Y computational demands.
Edge intelligence shifts computation to the network’s edge, Real-tln_’le video Limitations in
Edge h : . L processing, augmented -
. allowing for real-time processing and minimizing latency and - computational power on [49]
Intelligence . - reality (AR), autonomous -
bandwidth requirements. drivi edge devices.
riving.
Table 2. A comparison between our survey and other similar works.
Survey Focus Comparison with Our Survey
Graph Neural Networks for Appll(_:atu_)n _ of GNN_s _for routll?g Oulr s(;J_rvey govers ML,I_DI__, ?jnd RL in vv_|reless C(_)m_munlcatlti,rc/s,
Routing Optimization: optimization in communication networks, including but not limited to routing optimization. e
addressing scalability, real-world acknowledge GNNs as an emerging technique but extend our

Challenges and Opportunities
[50]

Cellular Traffic Prediction with
Machine Learning: A Survey
[51]

Graph-based Deep Learning for
Communication Networks: A
Survey [52]

deployment, explainability, and security
challenges.

Comprehensive analysis of ML models for
cellular traffic prediction, particularly in 5G
networks.

Application of graph-based deep learning
models (e.g., GNNs, GATSs) to various
communication network problems,
including both wired and wireless scenarios.

discussion to various applications such as resource management,
security, and signal recognition.

Our survey considers traffic prediction as one of the key
applications of ML/DL while also covering additional areas such
as channel coding, access control, and energy optimization. We
also discuss RL, federated learning, and transfer learning, which
are not the primary focus of this survey.

While this survey focuses on graph-based models, our survey
provides a broader perspective on ML, DL, and RL techniques in
wireless communications. We include graph-based models but
aim to offer a more comprehensive view of intelligent techniques
and their applications.

Table 1 presents a comparison of different Al technologies in wireless
communication, encompassing Machine Learning (ML), Deep Learning (DL),
Reinforcement Learning (RL), Federated Learning (FL), Transfer Learning (TL),
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Multi-Agent Reinforcement Learning (MARL), and Edge Intelligence. This
comparison highlights the unique features, applications, and advantages of each
technology, providing a comprehensive understanding of their roles in enhancing
wireless communication systems. Table 2 shows a comparison between our survey
and other similar works mentioned in the surveys.

The primary contributions of this paper are as follows:

1) This survey paper examines the integration of machine learning (ML), deep
learning (DL), and reinforcement learning (RL) into wireless communications to
tackle the growing complexity and efficiency demands of modern networks. The
authors review essential algorithms and applications, emphasizing network
optimization, resource management, security, signal recognition, channel coding,
traffic prediction, access control, and energy efficiency. They also highlight
emerging techniques such as federated learning (FL), transfer learning (TL), and
multi-agent reinforcement learning (MARL) for their potential to enhance
wireless communication systems.

2) ML significantly contributes to network optimization and dynamic resource
allocation. DL is utilized for intricate tasks like signal recognition and traffic
prediction. RL, ideal for adaptive environments, is employed to enhance access
control and resource management. Emerging methods such as FL enable
decentralized model training while preserving privacy, and MARL supports
advanced applications like spectrum allocation and network load distribution.

3) The paper addresses the challenges of deploying intelligent methods, such as data
scarcity, computational complexity, and privacy concerns. Proposed solutions
include synthetic data generation, lightweight neural networks, and edge
intelligence to facilitate efficient ML model deployment in wireless systems. The
survey concludes by highlighting the need for further research to develop
efficient algorithms, tackle privacy issues, and enhance real-time adaptation,
paving the way for the next generation of wireless communication applications.
The structure of this paper is as follows: Section 2 discusses machine learning in

wireless communications. Next, Section 3 provides an overview of deep learning in

wireless communications. In Section 4, we explore reinforcement learning in wireless
communications. Section 5 outlines challenges and future research directions. Finally,

Section 6 concludes the paper.

2. Machine learning in wireless communications

Machine learning techniques are extensively utilized in wireless communications
to improve network performance and efficiency. Algorithms like SVM, KNN,
Decision Trees, and Random Forests are commonly employed for tasks such as
network optimization, resource management, and security.

2.1. Network optimization

ML algorithms can optimize network parameters to enhance throughput and
minimize latency. For example, SVMs have been applied to optimize handover
decisions in cellular networks [21].
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2.2. Resource management

ML techniques assist in dynamic resource allocation, ensuring efficient use of
spectrum and power. Random Forests, for instance, have been used to predict traffic
patterns and allocate resources accordingly [22].

2.3. Security

Machine learning algorithms improve security by detecting anomalies and
potential threats. Decision Trees, for instance, have been used to identify and mitigate
security breaches in wireless networks [23]. Physical layer security (PLS) differs from
traditional cryptographic methods that rely on encryption algorithms at higher layers
[24]. The physical characteristics of wireless channels, such as high-frequency
millimeter-wave signals, are well-suited for PLS [25]. Machine learning can enhance
PLS by enabling lightweight and keyless security approaches [26].

2.4. Emerging techniques and hybrid approaches in ML for wireless
communications

Recently, hybrid techniques that combine traditional ML algorithms with
advanced optimization methods, such as genetic algorithms and particle swarm
optimization, have been developed to enhance performance in complex wireless
systems. For example, hybrid models that integrate SVM with genetic algorithms
show promise in optimizing parameters for interference management in heterogeneous
networks. Additionally, combining KNN with deep learning models enables rapid and
accurate localization in dense environments, addressing challenges like multipath
fading and interference. These hybrid approaches provide a means to tackle the
dynamic nature of wireless channels by allowing adaptive and flexible model updates
in real-time [35].

3. Deep learning in wireless communications

Deep learning, a subset of machine learning, utilizes neural networks with
multiple layers to model complex data patterns. Prominent models like CNNs, RNNs,
LSTM networks, and GANs have demonstrated significant potential in wireless
communications.

3.1. Signal recognition

CNNs have been employed for automatic modulation classification, enhancing
the accuracy of signal recognition in noisy environments [27].

3.2. Channel coding

DL models such as RNNs and LSTM networks have been utilized to design and
decode error-correcting codes, thereby improving the reliability of data transmission
[28].
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3.3. Traffic prediction

GANSs have been employed to predict network traffic, facilitating proactive
resource management and alleviating congestion [29].

3.4. Federated learning and transfer learning in wireless communications

FL and TL have recently gained popularity in wireless communication
applications due to their advantages in privacy preservation and computational
efficiency. FL, which supports decentralized model training, is ideal for scenarios
where data privacy is critical, such as user localization in mobile edge computing. FL
enables devices to collaboratively train a shared model while keeping data locally, thus
preserving user privacy and minimizing the risk of data breaches [50]. Conversely, TL
facilitates knowledge transfer across similar environments, allowing models trained
on one network to be applied to other regions with minimal adjustments. This
significantly reduces data requirements for new deployments, making it particularly
beneficial in 10T scenarios where devices are resource-constrained and frequently
move across networks. TL helps adapt pre-trained models to hew environments with
limited data, thereby enhancing the efficiency and effectiveness of wireless
communication systems [50].

4. Reinforcement learning in wireless communications

RL trains agents to make decisions by incentivizing preferred actions. Prominent
algorithms like Q-learning, Deep Q-Networks (DQN), and Asynchronous Advantage
Actor-Critic (A3C) have been utilized in different areas of wireless communications.

4.1. Access control
RL algorithms enhance access control mechanisms, promoting fair and efficient

utilization of the wireless medium. Q-learning, in particular, has been applied to
regulate access in cognitive radio networks [30].

4.2. Resource management

RL techniques allocate resources dynamically according to real-time network
conditions, thereby enhancing overall network performance. DQN has been utilized to
optimize power allocation in wireless networks [31].

4.3. Energy optimization

RL methods reduce energy consumption in wireless sensor networks, thereby
extending the lifespan of battery-powered devices. The A3C algorithm has been
employed to create energy-efficient routing protocols [32].

4.4. Multi-agent reinforcement learning (MARL) in cooperative and
competitive settings
MARL involves training multiple agents that either collaborate or compete within

a wireless environment, enabling advanced applications such as network slicing in 5G.
For instance, MARL can handle spectrum allocation by balancing the competing
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demands of various users and devices. In cooperative scenarios, MARL can optimize
network load distribution, enhancing quality of service (QoS) and reducing latency,
which is particularly advantageous for low-latency applications like autonomous
driving and remote surgery [51]. Furthermore, adversarial MARL scenarios tackle
security issues, where agents learn to detect and counteract malicious attempts to
disrupt network communications [51].

5. Challenges and future research directions

By mid-2024, practical applications of ML, DL, and RL have been implemented
across various fields. Ericsson introduced Radio Access Network (RAN) Intelligence
[49], while DL algorithms have been used to dynamically manage network resources,
thereby improving QoS based on real-time demand patterns. Nokia developed the
Nokia Cognitive Analytics solution to enhance customer satisfaction, applying ML to
300 dimensions, including customer satisfaction and subscriber experience, to
improve prediction accuracy and real-time decision-making [53]. VVodafone utilized
ML to reduce energy consumption through sleep mode management based on user
traffic data [54]. Palo Alto Networks proposed specific DL security solutions to detect
and respond to real-time emerging threats within wireless networks [55]. ZTE’s
prominent product, its 5G base station, combines DL for adaptive modulation and
channel estimation, providing widespread 5G coverage for urban environments [56].
Huawei’s iMaster NCE uses advanced DL technology to optimize wireless network
resources and automatically balance traffic loads based on user demand [57].
Qualcomm, a leader in wireless communications, has focused on ML-enabled
processors, RF sensing, and MIMO-GAN solutions, with notable products including
the neural-augmented Kalman filter [58,59] and neural RF SLAM [60]. Despite these
advancements, applying ML, DL, and RL in wireless communications faces
challenges such as the need for large datasets, computational complexity, and the
highly dynamic nature of wireless environments [61-63]. The ever-changing and
unpredictable characteristics of wireless channels present significant obstacles to real-
time learning and adaptation [33]. Additionally, the computational demands of deep
learning models pose barriers to deployment in resource-constrained environments
like mobile edge computing [34]. Future research should focus on developing more
efficient algorithms, leveraging transfer learning, and exploring federated learning to
address privacy concerns. Transfer learning can reduce the need for large datasets by
transferring knowledge across domains, while federated learning enhances privacy by
training models locally on devices without sharing raw data [33].

5.1. Addressing data scarcity and privacy in ML for wireless networks

Data scarcity poses a significant challenge in training ML models for wireless
communications, especially when labeled datasets are limited or expensive to acquire.
Techniques like data augmentation and GANs have effectively diversified datasets
without sacrificing performance [49]. Privacy concerns, another critical issue, can be
mitigated through FL, which reduces the need for centralized data storage and
minimizes the risk of data breaches by keeping data on individual devices.
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Additionally, implementing robust encryption protocols during model transmission
and updates in federated systems further protects sensitive information [49].

5.2. Computational constraints and edge intelligence

Deploying ML, DL, and RL models in wireless communications often demands
significant computational resources, challenging their feasibility in edge
environments. Edge intelligence, which involves offloading computation to the
network’s edge (e.g., mobile edge computing), offers a promising solution. This
approach enables real-time processing by reducing latency and bandwidth
requirements, crucial for applications like real-time video processing and augmented
reality (AR). Research into lightweight neural network models, such as TinyML, aims
to address these computational constraints while maintaining high accuracy [54]. Edge
intelligence integrates sensing, communication, and computation at the network’s
edge, allowing for efficient data processing closer to the source. This not only reduces
the load on central servers but also enhances the responsiveness of low-latency
applications. For instance, in 6G networks, edge intelligence is expected to support
advanced applications such as autonomous driving and smart cities by providing real-
time data processing and decision-making capabilities [53].

5.3. Dynamic and unpredictable wireless environments

The ever-changing and unpredictable characteristics of wireless channels present
significant obstacles to real-time learning and adaptation [53]. Traditional ML models
often struggle to cope with the dynamic nature of wireless environments, leading to
suboptimal performance. Future research should focus on developing more robust and
adaptive algorithms that can handle the variability and uncertainty inherent in wireless
communications. Techniques such as transfer learning can reduce the need for large
datasets by transferring knowledge across domains, while federated learning enhances
privacy by training models locally on devices without sharing raw data [55].

5.4. Energy efficiency

The computational demands of deep learning models pose barriers to deployment
in resource-constrained environments like mobile edge computing [53]. Future
research should explore energy-efficient algorithms and hardware accelerators to
reduce the power consumption of ML models. This is particularly important for
battery-powered devices and loT applications, where energy efficiency is a critical
concern. Techniques such as model compression, quantization, and pruning can help
reduce the computational complexity and energy consumption of deep learning
models [55].

5.5. Integration with emerging technologies

Integrating ML, DL, and RL with emerging technologies such as reconfigurable
intelligent surfaces (RIS), unmanned aerial vehicles (UAVSs), and non-orthogonal
multiple access (NOMA) presents new opportunities and challenges [55]. These
technologies can enhance the performance and scalability of wireless networks, but
they also introduce additional complexity. Future research should focus on developing
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ML algorithms that can effectively leverage these emerging technologies to optimize
network performance and resource allocation [57].

By addressing these challenges and exploring future research directions, the
potential of ML, DL, and RL in wireless communications can be fully realized, paving
the way for smarter and more resilient networks.

6. Conclusion

This paper has comprehensively examined the applications of ML, DL, and RL
in wireless communications, underscoring their transformative impact. Our analysis
reveals that these Al-driven techniques significantly enhance network optimization,
resource management, security, and signal processing. Specifically, ML-based
dynamic resource allocation and spectrum management improve network efficiency,
while DL models excel in signal recognition, channel coding, and traffic prediction.
RL, particularly MARL, proves instrumental in optimizing spectrum allocation and
network load distribution, enabling critical applications such as 5G network slicing,
autonomous driving, and remote surgery. Moreover, emerging approaches like
federated learning and transfer learning mitigate data privacy and scarcity challenges,
while edge intelligence enhances computational efficiency and real-time processing.
These advancements collectively pave the way for more adaptive, intelligent, and
resilient wireless communication networks. The broader implications of these
technologies extend beyond conventional wireless systems, influencing next-
generation applications such as smart cities, 10T, and autonomous networks. However,
challenges remain, including the need for large datasets, computational complexity,
and the dynamic nature of wireless environments. Future research should prioritize
developing more efficient Al models, leveraging transfer learning to minimize data
requirements, and adopting federated learning to enhance privacy. Additionally,
synthetic data generation and edge intelligence will be pivotal in overcoming data
scarcity and computational limitations. By addressing these challenges, Al-driven
techniques will continue to shape the evolution of wireless networks, ensuring
enhanced efficiency, security, and reliability. The integration of ML, DL, and RL will
not only revolutionize wireless communications but also drive innovation in broader
technological ecosystems, making intelligent and adaptive networks a cornerstone of
future digital infrastructure.

This paper has thoroughly surveyed the applications of ML, DL, and RL in
wireless communications, highlighting their transformative potential. Key findings
include significant enhancements in network optimization, resource management,
security, and signal processing through dynamic resource allocation, efficient
spectrum management, and proactive fault detection. Advanced ML algorithms
improve security by detecting anomalies and mitigating threats, while DL models
excel in signal recognition, channel coding, and traffic prediction. RL, particularly
MARL, shows promise in managing spectrum allocation and optimizing network load
distribution, crucial for applications like 5G network slicing, autonomous driving, and
remote surgery. Emerging techniques such as federated learning and transfer learning
address data privacy and scarcity issues, while edge intelligence enhances
computational efficiency and real-time processing capabilities. These findings

10
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underscore the critical role of Al-driven techniques in addressing the growing
complexity and performance demands of modern wireless networks. The broader
implications for the future of wireless communications include enhanced network
efficiency, increased security and reliability, and support for emerging applications
such as autonomous systems, 0T, and smart cities. Despite these advancements,
challenges remain, including the need for large datasets, computational complexity,
and the dynamic nature of wireless environments. Future research should focus on
developing more efficient algorithms, leveraging transfer learning to reduce data
requirements, and exploring federated learning to address privacy concerns.
Addressing data scarcity through synthetic data generation and enhancing
computational efficiency through edge intelligence are also critical areas for future
exploration. By overcoming these challenges, we can pave the way for more intelligent
and adaptive wireless communication systems that support the next generation of
applications and services. The continued integration of ML, DL, and RL will be
pivotal in shaping the future of wireless communications, driving innovation, and
ensuring the efficient, secure, and reliable operation of networks.
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