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Abstract. The rapid advancement of wireless communication technologies has brought about a transformative era of con-
nectivity. With the evolution towards the sixth generation (6G) networks, the integration of Internet of Things (1oT) and Artifi-
cial Intelligence (Al) is set to redefine industries by enhancing efficiency, reducing latency, and fostering innovative applica-
tions. 10T, a critical enabler of smart environments, requires robust communication systems to support the massive number of
interconnected devices. However, current 5G networks face challenges in addressing the exponential data demands, energy
efficiency, and real-time responsiveness needed for 0T ecosystems.
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1. Introduction

1.1. Importance of the Problem

The role of Al and Machine Learning (ML) in enabling
6G for 10T cannot be overstated. Al facilitates the automa-
tion of complex tasks, enhances decision-making processes,
and improves network adaptability. These capabilities are
essential for achieving the ultra-reliable, low-latency, and
energy-efficient communications that 6G-enabled 10T sys-
tems demand. As the integration of Al, ML, and loT pro-
gresses, addressing issues such as scalability, resource allo-
cation, and security becomes imperative.
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Figure 1. Timeline of wireless networks evolution from 4G to
6G

1.2. Overview of Solutions

Existing research has explored numerous avenues for
leveraging Al and ML in 6G-enabled IoT systems. These
include optimizing resource allocation, enhancing spectral
efficiency, and enabling intelligent edge computing. Studies
have demonstrated the potential of Al algorithms, such as
deep reinforcement learning and neural networks, to manage
the dynamic and heterogeneous environments of 10T net-
works effectively. However, significant gaps remain in ad-
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dressing the interoperability challenges, ensuring data priva-
cy, and developing scalable architectures that accommodate
the diverse requirements of 10T applications.

1.3. Research Questions and Contribution

This article aims to address the following key research
questions:

1. How can Al and ML algorithms enhance the perfor-
mance and scalability of 6G-enabled I0T systems?

2. What innovative techniques can be employed to opti-
mize resource allocation in large-scale 10T deployments?

3. How can security and privacy concerns be mitigated in
Al-driven 6G 10T ecosystems?

To address these questions, this paper proposes a novel
Al-driven framework tailored for 6G-enabled loT systems.
The primary contributions of this work are:

1. Development of adaptive ML models for real- time
network optimization and decision-making.

2. Introduction of a secure and scalable architecture lev-
eraging federated learning techniques.

3. Evaluation of the proposed framework through simula-
tions and performance metrics.

2. Materials and methods

The integration of Al and ML in the development of 6G-
enabled 10T systems has garnered significant attention in
recent years. Existing literature highlights various approach-
es to optimizing network performance, enhancing security,
and addressing scalability challenges. This section provides
an overview of key contributions and identifies research gaps
that this paper aims to address.

2.1. Al-Driven Network Optimization

Several studies have proposed leveraging Al techniques
to optimize the performance of 6G networks for 10T applica-
tions. For instance, deep reinforcement learning has been
employed to manage resource allocation dynamically, reduc-
ing latency and improving energy efficiency. Neural net-

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/),
which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.


https://ce.journal.satbayev.university/
http://creativecommons.org/licenses/by/4.0/
mailto:a-razaque@onu.edu
https://ce.journal.satbayev.university/index.php/journal/article/view/1305

D. Pan et al. (2025). Computing & Engineering, 3(1), 24-28

work-based predictive models have also been utilized to
anticipate network congestion and adaptively allocate band-
width. However, these approaches often face limitations in
terms of computational complexity and scalability when
applied to large-scale 10T deployments.

2.2. Security and Privacy in Al-Enabled 10T

Security and privacy remain critical concerns in Al- driv-
en loT ecosystems. Blockchain technology has been explored
as a potential solution to ensure secure data exchange and
prevent unauthorized access. Additionally, federated learning
has gained traction as a means to address privacy concerns
by enabling decentralized model training without sharing raw
data. Despite these advancements, achieving a balance be-
tween security, privacy, and computational efficiency re-
mains a challenge.

2.3. Scalability and Interoperability

The heterogeneity of 10T devices and the diverse re-
quirements of applications pose significant challenges for
scalability and interoperability. Existing frameworks often
struggle to accommodate the varying communication proto-
cols and data formats used across devices. Research efforts
have focused on developing standardized architectures and
adaptive algorithms to address these issues. However, further
work is needed to ensure seamless integration and efficient
management of large-scale 10T networks.

By building on these existing contributions, this paper
seeks to develop a comprehensive framework that addresses
the identified gaps and advances the state-of-the-art in 6G-
enabled loT systems.

2.4. Proposed Methodology

The proposed methodology outlines an Al-driven frame-
work for optimizing 6G-enabled loT systems. This section
describes the key components of the framework, including
adaptive machine learning models, federated learning architec-
tures, and the integration of advanced security mechanisms.

2.5. Adaptive Machine Learning Models

To manage the dynamic and heterogeneous environments
of 10T networks, this framework employs adaptive ML mod-
els capable of real-time decision-making. These models are
designed to:

* Predict network traffic patterns using recurrent neural
networks (RNNs) and long short-term memory (LSTM)
architectures.
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Figure 2. Visualization of RNN and LSTM architecture for
time-series prediction in 10T systems
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» Optimize resource allocation through reinforcement
learning techniques.

Optimization of Network Parameters Using Reinforce-
ment Learning

Q(s,a) = Q(s,a) +a[r +y maxQ(s',a’) — Q(s, a)]
a

* Q(s, a) - is the Q-value for state and action

* Q(s, a) - is the learning rate.

* - is the reward received.

« - is the discount factor.

* ma X,Q(s’, a’) - is the maximum Q-value for the next
state

« Enhance energy efficiency by dynamically adjusting
network parameters based on predictive analytics.

The ML models are trained on historical and real- time
data collected from 10T devices, enabling them to adapt to
changing network conditions and user demands. The use of
transfer learning further improves the efficiency of the train-
ing process by leveraging pre-trained models.

2.6. Federated Learning for Scalability and Privacy

Federated learning is integrated into the framework to
address scalability and privacy concerns. This decentralized
approach allows 0T devices to collaboratively train models
without sharing raw data, thereby preserving user privacy.
Key features of the federated learning architecture include:

+ A hierarchical structure with edge devices performing
local training and aggregating updates at centralized servers.
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Figure 3. Diagram of federated learning architecture with 10T
devices and centralized model aggregation

« Secure aggregation protocols to ensure data confidenti-
ality during the model update process.

1

g i
W =5 2 W
N2
This equation represents the federated averaging process,
where:

* W, is the global model at iteration
* N is the number of participating devices.
« W is the local model update from device

. Mechanisms to handle non-iid (hon-independent
and identically distributed) data across IoT devices.
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The federated learning approach enhances the scalability
of the framework by reducing the communication overhead
and enabling efficient model training across diverse loT
devices.

2.7. Security Mechanisms

To mitigate security risks in 6G-enabled 0T systems, the
framework incorporates advanced security mechanisms,
including:

« Blockchain-based solutions for secure data exchange
and transaction validation.

h = H(m)

This equation represents the cryptographic hash function,
where:
« is the output hash.
« is the input data or transaction.
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Figure 4. An overview of blockchain architecture

» Anomaly detection systems powered by unsupervised
ML algorithms to identify potential threats in real-time.

+ Encryption protocols to safeguard communication be-
tween 10T devices and network infrastructure.

The combination of these security measures ensures the in-
tegrity and confidentiality of data in the proposed framework.

2.8. Framework Implementation

The proposed framework is implemented using a simula-
tion environment that replicates the characteristics of 6G-
enabled loT systems. Key parameters include:

+ Network topology with heterogeneous 10T devices and
6G base stations.

« Traffic patterns and workload distributions representa-
tive of real-world scenarios.

« Performance metrics such as latency, energy consump-
tion, and throughput.

The simulation results will be presented in the subsequent
section, showcasing the effectiveness of the framework in
optimizing network performance and addressing security
concerns.

3. Results and discussion

This section presents the experimental results obtained
from the implementation of the proposed Al-driven frame-
work for 6G-enabled loT systems. The results are analyzed
to demonstrate the effectiveness of the framework in opti-
mizing network performance, enhancing scalability, and
addressing security concerns.

3.1. Performance Metrics
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The evaluation of the framework focuses on the follow-
ing key performance metrics:

+ Latency: The time taken for data packets to travel from
10T devices to the 6G base stations and back.

» Energy Consumption: The power usage of 10T devices
and network infrastructure during data transmission and
processing.

» Throughput: The volume of data successfully transmit-
ted over the network within a given time frame.

« Accuracy of Predictions: The effectiveness of ML
models in predicting network traffic and resource allocation
requirements.

3.2. Results Analysis

The simulation results show that the proposed framework
achieves:

1. A 30% reduction in latency compared to traditional
10T systems without Al integration.

L = Tresponse ~ Trequest

This formula calculates latency as the difference between
the time the response is received Tresponse and the time the

request is sent Trequest

Figure 5. Latency Over Time

2. A 20% improvement in energy efficiency, attributed
to the adaptive ML models
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Figure 6. Traditional 10T, Al-Driven and Proposed Frame-
work latency

3. A 15% increase in throughput, facilitated by effi-
cient resource allocation techniques.
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Figure 7. Energy Consumption

The discussion section evaluates the implications of the
results and explores the broader impact of the proposed
framework on 6G-enabled 10T systems.

3.3. Interpretation of Results

The results demonstrate significant improvements in net-
work performance, energy efficiency, and security through
the integration of Al-driven techniques. The 30% reduction
in latency highlights the potential of adaptive ML models to
optimize real-time decision-making processes. Similarly, the
20% improvement in energy efficiency underscores the
framework’s ability to dynamically manage resources and
reduce power consumption. The 15% increase in throughput
validates the effectiveness of the proposed resource alloca-
tion techniques in managing high-traffic environments.

3.4. Broader Implications

The proposed framework offers a scalable and secure so-
lution for the deployment of 6G-enabled 10T systems. By
addressing key challenges such as privacy, scalability, and
interoperability, this framework paves the way for the wide-
spread adoption of 10T applications in industries such as
healthcare, smart cities, and autonomous vehicles. Moreover,
the integration of federated learning techniques ensures that
user privacy is preserved while enabling collaborative model
training across diverse devices.

3.5. Limitations and Future Work

Despite its promising results, the framework has certain
limitations. The reliance on simulation environments may
not fully capture the complexities of real-world 10T deploy-
ments. Future research should focus on implementing the
framework in real-world scenarios to validate its effective-
ness further. Additionally, exploring advanced Al techniques
such as generative adversarial networks (GANSs) for anomaly
detection and improving the robustness of federated learning
architectures can enhance the framework’s capabilities.

4, Conclusions

This paper has presented a novel Al-driven framework
designed to enhance the performance, scalability, and securi-
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ty of 6G-enabled loT systems. Through the integration of
adaptive machine learning models, federated learning archi-
tectures, and advanced security mechanisms, the proposed
framework addresses critical challenges in 10T deployments.
The results obtained from the simulation demonstrate signifi-
cant improvements in key performance metrics, including
latency, energy efficiency, and throughput.

The contributions of this work are threefold:

1. The development of adaptive ML models for real-time
decision-making and resource optimization.

2. The implementation of a secure federated learning ar-
chitecture to preserve user privacy while enabling scalable
model training.

3. The incorporation of advanced security mechanisms to
safeguard data integrity and confidentiality.

While the framework has shown promising results in
simulation environments, future research should aim to vali-
date its effectiveness in real-world scenarios. Furthermore,
the exploration of advanced Al techniques and optimization
strategies can further enhance the framework’s capabilities.

In conclusion, the proposed framework serves as a step-
ping stone for advancing the state-of-the-art in 6G-enabled 10T
systems, paving the way for innovative applications and fos-
tering the widespread adoption of 10T in various industries.
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6G xenisepingeri 10T yurin kacanabl HHTEJVIEKT JK9HE MAIIMHAJIBIK
OKBITY

I. IMan, A. Pazak’, A. MatkapumoBa
Satbayev University, Awvwamei, Kazaxcman
*Koppecnonoenyus ywin agmop: a-razaque@onu.edu

Angarna. CeIMCBI3 OaiiJIaHBIC TEXHOJOTHSIIAPBIHEIH KapKBIHABI JaMybl kahaHIbIK OalIaHBICTHIH JKaHA MOYipiH OacTaibl.
Anteramsl OyerH (6G) xeminepine kemry yaepici 3arrap maTepHeTi (IoT) men JKacammer maTemnexTini (Al) OipikTipyai
Ke3menni, Oyn opTypii cajajmapiarbl THIMIUTIKTI apTTBIpyFa, KiTipicTi a3zaiTyra j>KOHE HHHOBALMSUIBIK KOJIaHOaIapabl
eHri3yre MYMKiHZIK Oepermi. AKBUIABI OpTa YINiH HeTisri Kypan Oomnbin caHanaThH 10T KypBUIFBUIAPBIHBIH KO MeJIIepae
OaliJTaHBICEIH KaMTaMachl3 €Ty VIIiH CeHIMJI oHe JKOFaphl oHIMII OaifmaHbIc KyHenepi KaxeT. Amaina kazipri 5SG sxeminepi
JIepeKTep KOJIEMiHIH KYPT eCyi, SHepIusi THIMALIIT )KOHEe HAKThl YaKbIT PeXKUMIHJE jKayar Oepy KaKeTTUIIri CHAKThI OipkaTap
HIeKTeyepre tam 00sbIn oThIp, Oyt [0T 3K0KyieCiHIH TONBIKKAHIbI JAMYBIH TEKCHI.

Hezizzi cozoep: scacanovl unmennexkm, 6G, 3ammap unmepnemi, mawunanvix oxvimy, RNN, LSTM.

HckyccTBeHHBIN MHTEJJIEKT U MAaIIMHHOE o0yueHue s [oT B ceTsix

6G
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AnHoTauus. CTpeMUTENbHOE Pa3BUTHE TEXHOJOTUH OECIPOBOJHON CBA3M O3HAMEHOBAJIO COOOW HOBYIO SIOXY TI00ab-
HOM cBsi3HOCTHU. [lepexon k ceTsm mectoro nokojienus (6G) npexycmarpuBaeT uHterpanuio Marepuera semeit (IoT) u uckyc-
CTBEHHOTO MHTEJICKTa (Al), YTO MO3BOJMT MEPEOCMBICIIUTE JCSITEIBHOCTh PA3IMYHBIX OTpAciicii 3a CUET MOBBIICHUS dPPeK-
TUBHOCTH, CHYDKEHUS 33/IEpKEK M BHEAPEHUST MHHOBAIMOHHBIX TpuiiokeHui. [0T, Kak KIII0OUeBOil SIEMEHT YMHBIX Cpejl, Tpe-
OyeT HaJEKHBIX U BBICOKOTPOU3BOAUTEIHHBIX KOMMYHHUKAIIMOHHBIX CUCTEM JUIsI TIOAIEPKKH OTPOMHOTO YHCIa TOJKIIOYEH-
HBIX yCcTpoHcTB. OnHaKo cymiecTByromue ceT 5SG CTAIKUBAIOTCA C PSIOM OTPAaHUYEHHH, CBSI3aHHBIX C POCTOM OOBEMOB TIe-
penaBacMbIX JaHHBIX, JHEPreTHIecKOr 3(h(HEeKTUBHOCTHIO W HEOOXOAMMOCTHIO OOECIICYCHHUSI OTKIMKA B PEKUME PeabHOTO
BpPEMEHM, UTO 3aTPYIHIET MOJHOLUEHHOEe pa3BuTue loT-3kocucrem.

Knroueevie cnoea: uckyccmeennviil unmennekm, 6G, Unmepuem sewetl, mawunnoe ooyuenue, RNN, LSTM.
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