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Abstract

Artificial Intelligence (Al) is changing how next-generation
communication systems, such as 5G, 6G, and beyond, are
designed and run. Modern networks are facing bigger
challenges like handling more users, managing varying
traffic, using spectrum efficiently, dealing with different
types of devices, and maintaining good service quality.
Traditional fixed designs are not keeping up with these
changes. This paper gives a detailed look at how Al makes
communication systems more flexible in several areas like
network structure, spectrum use, device compatibility,
service delivery, protocol setup, security, and real-time
choices. By using techniques like machine learning, deep
learning, and reinforcement learning, communication
systems can automatically adjust, predict usage, manage
resources on the fly, and react to issues quickly. The paper
covers Al approaches used in Networking defined by
Network Function Virtualization (NFV),
cognitive radio, or intelligent edge computing. It also shares

software’s,

examples where Al has greatly improved performance,
reliability, and efficiency in actual networks. Important
challenges such as privacy, understanding Al decisions,
extra computing needs, and setting standards are discussed.
Finally, the paper suggests future research areas to create
fully autonomous and flexible communication systems. This
review helps researchers and professionals build smarter,
more adaptable, and sustainable networks for the future
digital world. [2,4,5,6,12,16].
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Introduction

Future generation communication systems are evolving
quickly to address the incrementing demand for fast reply
times, huge amount of data transmission rates, good

connectivity, and energy regulation in proceeding
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technologies such as internet of things (IOT), smart cities
and industrial organization. Established rule based and non-
adaptive network management techniques are no more
required in managing the adaptive nature of these systems,
which should execute in environment defined by highly
dynamic traffic, heterogeneous device requirements and
diverse service assumptions. Al has consequently surfaced
as a critical facilitator of intelligent adaptability in
communication systems, supplying the capability to gain
from large scale data, assume traffic nature and make
independent decisions with minimum user interference. In
contrast to conventional fixed solutions, Al automated
methods enable networks to reason consistent to changing
contexts through the application of machine learning,
reinforcement learning and deep learning, which in that way
make them not only self-adapting but also context aware.
The implementation of Al guarantees the flexibility in all
levels of the network via supporting dynamic spectrum,
assignment, and protocol reconfiguration. Due to the
condition of transitioning networks between 5G and 6g and
more, there are numerous drivers that demand this
integration, including low latency and reliability to critical
applications like telesurgery and autonomous driving, the
need to stuttering connectivity to empower millions of IoT
devices, and scale data throughput to activate augmented
reality experiences like sculptural communication and real
time applications to sustain green infrastructure. However,
Al has transformational promise, obstacle barrier like
computational overhead, privacy risk and model issues is an
unresolved challenge to ubiquitous application. These
obstacles suggest the urgency of future studies of Al centric
network structures and lightweight energy adaptive Al
models with resilience in performance management. In
conclusion, the introduction of Al into next generation of
communication systems is not optional but mandatory, as
the flexibility and intelligence are provided by it to meet the
continuously growing modern networks. With increasing
updating in Al algorithms, decentralized learning
frameworks, and Al
infrastructure are composed to become more adaptable and
forming the backbone of the digital society of the future.

automated  communication
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[2,9,10].

Al Models in Communication Systems
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Supervised Learning

To detect unwanted activity, network rush and to decode
signals this type of learning is used. This model helps with
the labeled dataset to train algorithm to predict the result. In
this method the algorithms try to map the input to output by
examining the given example (labelled dataset), let them
allow to make it precise predictions on hidden data. Various
algorithms are included in this type of learning like SVM
(support vector machine), deep learning model and
classification trees etc.

Unsupervised Learning

This type of learning helps with the unlabeled dataset such
as identifying unusual data patterns and grouping data which
is fruitful for looking over the networks and detecting issues

without such labelled data set. It mainly focusses on
detecting the groups or identifying unusual data points
which is based on built in likeness and differences in the
data itself. This model also do self-learning and reducing
the complexity by grouping the likeness data points and
mark the data which is not suited in the general pattern. [19]

Reinforcement Learning (RL)

It is the machine learning method where a user works best
by interacting with the environment. Interacting with the
environment it works best by using the radio spectrum
efficiently, balancing power and selecting the best routes.
After actions the user get response as rewards or penalties.
And using these rewards the agent modifies its strategies,
and aims to maximize its reward. It doesn’t require labelled
dataset instead it learns through trial-and-error method. It
works and follows the steps like initial state, action,
feedback, training, and repeat.

Deep Learning (DL)

This is also the branch of machine learning that tries to
mimicry the human brain process information. It mainly
focusses on using deep with many different layers to
impulsive learn difficult patterns from huge amount of data.
Here each layer contains more features, and allowing the
system to identifying images, recognize speech, and many
more. Deep learning learns directly from raw data and
hence, it minimizing the need of manual feature extraction.
Verities of deep neural networks are like (RNN) Recurrent
neural network and (CNN) convolutional neural network
are used in areas like estimating communication channels,
directing signals, and identifying signal types. [11]
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Al-Enabled Flexibility in Key Network Areas

Flexibility Dimensions in Al- Driven
Communication Svstems
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Spectrum Flexibility

Spectrum flexibility assists in using the radio frequencies
more efficiently and effectively. By facilitating methods like
cognitive radio and dynamic spectrum allocation, Al
encourage systems to determine unutilized frequency bands
and immediately reassign them. This breaks down on
interference, utilized bandwidth nicely, and lets multiple
users join even when there’s a much rush or restricted
bandwidth.

Network Flexibility

Network flexibility means that the model and frame of
communication systems can be changed depending on what
the users needed, the action of the people and the traffic flow.
Al can transiently alter the network and switch between
other networks such as decentralized or centralized (e.g.
cellular, mesh, or ad hoc networks) and edge, fog, or cloud
computing to control resources. This helps the network
retain used effectively even under the various and switching
environments.

Device Flexibility

Flexibility of devices entails the fact that customer devices
can work efficiently with different kinds of wireless
networks, including LTE, Wi-Fi and 5G. The effectiveness
of the use of these devices on power is dependent on their
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usage and network conditions. This is to be used in
constructing sure devices, which remain connected and
continue to operate in the future.

Service Flexibility

Flexibility of the service allows the system to handle a wide
range of services with unique requirements on
characteristics and speed. Al helps to ensure that jam is
managed, ensuring that such important services as
(URLLC) ultra-reliable low-latency communication work
well and that high-speed services are maintained, as well. It
also helps in customization of termination of services by
learning on the choice of the users.

AI/ML Integration Flexibility

Al and machine learning combination permit
communication systems to acquire skill and modify by
renovating their structure from real-time data.

This allows networks make smart alternative, like stabilize
the traffic or doing maintenance before complications
occur, by the help from public. Being able to immediate
modify and support new models keeps the system accurate
and prepared for further requirements. It is supported by
Network slicing and virtualization.

Protocol Flexibility

The flexibility in protocol comes by utilize technologies
like (NFV) Network function Virtualization and
networking defined by software. These let the network
change how it uses different protocols quickly based on
what’s needed. Al helps by choosing the best protocols and
making sure different network types can work together
smoothly.

Challenges and Limitations

1. Data Privacy: In communication network it is
challenging to share our personal or sensitive data like
financial details, OTPs and location etc. challenges are like
misusing our data, unauthorized access, or leaking of
personal information. To ensure privacy it requires strong
end to end encryption of data, de- identification, and strong
security policies.

2. Computational Overhead: Training and using Al
models take up a lot of computer resources. For training and
operation part Al models require substantial computational
resources. It requires heavy CPU power and memory by
processing huge number of datasets, terminating
simulations and real time applications of decision making.
This makes high energy costs limits stationing on resource
constrained devices such as phones and IOT nodes. To
manage this overhead it requires edge computing,
optimized algorithm and effective hardware accelerators to
manage performance and cost efficiency in Al driven
communication system.

3. Model Interpretability: The problem is that it is hard to
comprehend how numerous Al models make their choices
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they do not understand the inner processes i.e. their results
and actions are not clear i.e. not transparent. This
incompleteness leaves it a hard task on the engineers and
decision makers to be confident with the outcome. To
improve that, one can apply such techniques as AI(XAI),
visualizations, and simplified models that can control
efficiency and make sure that users understand the process
of decision making.

4. Legacy Integration: The older communication system
finds it difficult combining it with the new Al models or
tools. The outdated infrastructure can result in a lack of
processing power, the capacity of data handling that is
required to support Al applications. Enhancement of such
systems can be difficult and expensive. Old systems that
have been not designed to accommodate Al are hard to add
Al. The gap is usually addressed by using some new
technologies, hybrid approaches, modern strategies that do
not absolutely replace older technologies.

5. Standardization: The difficulty that many
communication networks are encountering when Al
applications are applied is the inconsistency over regions and
industries. Moreover, this is difficult to enforce the security,
transparency and fairness without the accurate procedures
and standards, here is no universal list of rules or standards
that all and everyone would agree on Al Other vendors
might need other methods and hence compatibility
problems. Activities such as ISO, ITU and IEEE are
supposed to unify rule and publication of such standards is
required to facilitate easy deployment and trust in Al
systems.

Future Research Directions

Al-centric architecture- The next stage of evolution of the
further communication systems must be an Al centric
design, cognition will be integrated into each and each
network layer of it, allowing real time flexibility and
autonomous optimization.

Distributed Intelligence- Lightweight Al implementation
on the edge and federated learning will help in preserving
privacy, low latency and adaptive identification in various
networks.

Power-efficient AI models- The Al models must be energy
efficient and able to control the balance performance and
continuity by improving algorithms, offsetting computation
cost and minimizing energy consumption.

Reliable AI- Future studies need to guarantee that Al
models are transparent, fair and safe so as to instill
confidence in critical communication infrastructures.

Adoption of Emerging Technologies— Combining Al with
RIS, terahertz, and quantum communication have the
potential to discover new characteristics of adaptability and
flexibility in 6G and beyond.
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Conclusion

Al has a significant role in the creation of more intelligent
and adaptable communication system in the future. It is no
longer necessary or expected that communication systems
merely pass data, these systems should now be
characterized by high speeds, real time responsiveness,
enhanced security and effective management of resources.
This intelligence offered by Al is used to satisfy requests
such as qualifying networks to make sense out of data, adapt
to dynamism, and modify decisions without the ongoing
intervention of humans. In current state some challenges
remain in integrating Al in communication systems.
Difficulties like privacy of data, computational expenses,
and complication with existing infrastructure impeding the
large-scale use include issues like data privacy,
computational expenses and complexity. However, these
challenges are gradually being overcome with continued
research and development and the advent of new trends and
technology. As machine learning algorithms and secure
architectures continue to get improved with time, Al related
associations networks will be more resilient and credible. It
is also possible that the convergence of Al and networking
will change communication by making networks more
dependable, more scalable and secure too. Short-term
applications of such smart systems will be able to perform
Dynamically optimization of performance on a case-by-
case basis, detecting frauds or treats as well as appropriate
resource based on user requirements. This will create
quicker, more dependable and more prompt communication
solutions and redefine the connection between individuals
and devices.

References

1] Q. Mao, F. Hu, and Q. Hao, "Deep Learning for
Intelligent Wireless Networks: A Comprehensive Survey,"
IEEE Commun. Surveys Tuts., vol. 20, no. 4, pp. 2595—
2621, 2018.

[2] M. Chen et al., "Al in 6G Communication: Challenges
and Opportunities," IEEE Internet Things J., vol. §, no. 7,
pp. 54165439, 2021.

[3] T. O'Shea and J. Hoydis, "An Introduction to Deep
Learning for the Physical Layer," IEEE Trans. Cognit.
Commun. Netw., vol. 3, no. 4, pp. 563-575, Dec. 2017.

[4] Z. Qin et al.,, "Deep Learning in Physical Layer
Communications," IEEE Wireless Commun., vol. 26, no. 2,
pp- 93-99, 2019.

[5] A. Ghosh et al., "Al-Based Self-Organizing Network in
5G," IEEE Commun. Mag., vol. 56, no. 7, pp. 134-141,
2018.

[6] N. C. Luong et al,
Reinforcement Learning in

"Applications of Deep
Communications and

Page 4


https://ijsrem.com/

i’# ‘.k;g,h
@REME%
e Journal

Rz

Volume: 09 Issue: 10 | Oct - 2025

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.586 ISSN: 2582-3930

Networking," IEEE Commun. Surveys Tuts., vol. 21, no. 4,
pp. 3133-3174, 2019.

[7] X. Wang et al., "Reinforcement Learning for Wireless
Networks: A Review," J. Commun. Netw., vol. 21, no. 5, pp.
446-460, 2019.

[8] Y. Sun, M. Peng, Y. Zhou, Y. Huang, and S. Mao,
"Application of Machine Learning in Wireless Networks:
Key Techniques and Open Issues," IEEE Commun. Surveys
Tuts., vol. 21, no. 4, pp. 3072-3108, 2019.

[9] M. Bennis, M. Debbah, and H. V. Poor, "Ultrareliable
and Low-Latency Wireless Communication: Tail, Risk, and
Scale," Proc. IEEE, vol. 106, no. 10, pp. 1834-1853, Oct.
2018.

[10] K. B. Letaief et al., "The Roadmap to 6G: Al
Empowered Wireless Networks," IEEE Commun. Mag.,
vol. 57, no. 8, pp. 84-90, Aug. 2019.

[11] H. Ye, G. Y. Li, and B. H. Juang, "Power of Deep
Learning for Channel Estimation and Signal Detection in
OFDM Systems," IEEE Wireless Commun. Lett., vol. 7, no.
1, pp. 114117, Feb. 2018.

[12] S. Huang, H. Xie, Y. Wang, and H. Liu, "Edge
Intelligence in 6G: Vision, Enabling Technologies, and
Applications," IEEE Access, vol. 9, pp. 79576-79588, 2021.

[13] T. Jiang et al., "Machine Learning Paradigms for Next-
Generation Wireless Networks," IEEE Wireless Commun.,
vol. 27, no. 1, pp. 98-105, 2020.

[14] S. Park, O. Simeone, and S. Shamai, "Learning How to
Communicate in the Internet of Things: Finite Resources and
Heterogeneity," IEEE Signal Process. Mag., vol. 35, no. 5,
pp. 148-160, Sept. 2018.

[15] Z. Zhou, X. Chen, E. Li, L. Zeng, K. Luo, and J. Zhang,
"Edge Intelligence: Paving the Last Mile of Artificial
Intelligence with Edge Computing," Proc. IEEE, vol. 107,
no. 8, pp. 1738-1762, Aug. 2019.

[16] H. B. Salameh, M. M. Matalgah, and H. Refai,
"Cognitive Radio: A Comprehensive Review," IEEE
Access, vol. 9, pp. 135408-135435, 2021.

F. Khoramnejad and E. Hossain, "Generative Al for the
Optimization of Next-Generation Wireless Networks:
Basics, State-of-the-Art, and Open Challenges," arXiv
preprint arXiv:2405.17454, 2024.

[18] O. Wang, H. He, S. Zhou, Z. Ding, S. Jin, K. B. Letaief,
and G. Y. Li, "Fast Adaptation for Deep Learning-Based

[19] X. Shen, J. Chen, and Q. Ye, "Holistic Network
Virtualization and Pervasive Network Intelligence for 6G,"
arXiv preprint arXiv:2301.00519, 2023.

[20] N. Shlezinger, Y. C. Eldar, and Y. C. Wu, "Adaptive
and Flexible Model-Based Al for Deep Receivers in
Dynamic Channels," Weizmann Institute Technical Report,
2023.

[21] P. Priyadarshi, D. S. Singh, and A. Kumar, "Al-based
Routing Algorithms Improve Energy Efficiency, Latency,
and Data Reliability in Wireless Sensor Networks," Sci.
Rep., vol. 15, no. 1, pp. 1-13, 2025.

[22] F. Aktas, "Al-Enabled Routing in Next Generation
Networks: A Survey," Alexandria Eng. J., vol. 75, pp. 1-
17, 2025.

[23] S. Vasudevan, A. Salem, and K. Samdanis, "Al-Native
Transformation for Next-Generation Telecommunication
Networks," SSRN Electron. J., 2024.

[24] K. Yang, Y. Shi, and Z. Ding, "Towards Wireless-
Native Big Al Models: The Mission and Approach Differ

from Large Language Models," arXiv preprint
arXiv:2412.09041, 2024.

[25]Y. Xu, J. Wang, R. Zhang, C. Zhao, D. Niyato, J. Kang,
Z. Xiong, B. Qian, H. Zhou, S. Mao, A. Jamalipour and X.
Shen, “Decentralization of Generative Al via Mixture of
Experts for Wireless Networks: A Comprehensive Survey,”
arXiv preprint arXiv:2504.19660, 2025.

[26] H. Luo, Y. Yan, Y. Bian, W. Feng, R. Zhang, Y. Liu,
J. Wang, G. Sun, D. Niyato, H. Yu, A. Jamalipour and S.
Mao, “Al Reasoning for Wireless Communications and

Networking: A Survey and Perspectives,” arXiv preprint
arXiv:2509.09193, 2025.

[27] A. Owfi, C. Lin, L. Guo, F. Afghah, J. Ashdown and
K. Turck, “A Meta-learning based Generalizable Indoor
Localization Model using Channel State Information,”
arXiv preprint, 2023.

[28] Z. Liu, X. Wang, C. Feng, X. Sun, W. Zhan and X.
Chen, “Meta-Reinforcement Learning With Mixture of
Experts for Generalizable Multi Access in Heterogeneous
Wireless Networks,” arXiv preprint, 2024.

[29] “A Survey of Artificial Intelligence Enabled Channel
Estimation Methods: Recent Advance, Performance, and

Outlook,” Artificial Intelligence Review, vol. 58, article no.
187, 2025.

[30] A. A. Puspitasari and B. M. Lee, “A Survey on
Reinforcement Learning for Reconfigurable Intelligent

Wireless Communications," arXiv preprint  Surfaces in Wireless Communications,” Sensors, vol. 23,
arXiv:2409.04302, 2024. no. 5, article 2554, 2023.
© 2025, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM52923 | Page 5


https://ijsrem.com/

