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Abstract--- The integration of 6G networks with Artificial Intelligence (AI) is poised to revolutionize the digital landscape by delivering ultra-low latency, massive connectivity, and intelligent automation. This transformation will enable futuristic applications such as holographic communication, digital twins, and real-time immersive experiences. However, current communication frameworks face several challenges including high latency, centralized data processing bottlenecks, and significant privacy concerns due to data aggregation in centralized AI models. These limitations hinder real-time performance and scalability in highly dynamic environments. To address these issues, we propose a novel framework based on Federated Learning (FL) across distributed 6G edge devices. FL enables collaborative model training directly on edge devices without the need to transfer raw data to a central server, thus preserving user privacy while reducing communication overhead. The proposed method harnesses the power of edge-AI integration, allowing devices to learn from local data while periodically aggregating model updates via a decentralized mechanism. This approach ensures adaptive learning, real-time decision-making, and resilient network performance across diverse 6G-enabled services. Experimental evaluations demonstrate that the FL-enabled 6G architecture significantly improves inference accuracy, reduces end-to-end latency, and enhances data privacy. The findings suggest that this method not only meets the demands of next-generation applications but also offers a sustainable path toward intelligent and secure network evolution.
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I. INTRODUCTION
From the way individuals communicate to the way entire companies operate, the ongoing evolution which has been pivotal in transforming the characteristics process [1]. Each generation has brought a significant boost led to reduced latency, increased speeds, and greater widespread connectivity [2] [3]. By enabling a hyper-connected, intelligent, and immersive setting, 6G networks will transform the digital landscape as we are on the threshold of the next important technical revolution [4] [5]. 6G is a paradigm shift toward ubiquitous intelligence, as opposed to its predecessors, where deeply embedded in the network's core and edge infrastructure, as opposed to just the gain [6]. Real-time holography, autonomous equipment, tactile the net, broader reality (XR), and some of the innovative applications this seamless integration aims to enable [7] [8].
Even if 6G possesses transformative potential, existing trends suitable requirements of this future-generation the infrastructure [9]. Traditional centralized AI models may require significant data transfers from edge devices to data center servers, thus inducing latency, bandwidth saturation, and significant privacy and security concerns [10]. Furthermore, the heterogeneity processing power, connectivity reliability, and power consumption adds complexity to implementing intelligent services efficiently and securely [11]. These challenges highlight the urgent need for a new strategy that can leverage distributed intelligence to break free from limitations of centralized architectures. Motivated by these critical issues, this paper introduces a new framework employing [12] [13].
Prompted by these vital issues, the present work provides a new approach based educate [14]. FL emerges as a paradigm of machine learning that allows common models to be trained across a number of distributed edge devices holding local samples of data without uploading them [15] [16]. This strategy solves the key problems posed by centralized AI systems by storing data locally and thus significantly enhances privacy by reducing transmission costs [17]. In the context of 6G, FL perfectly aligns with the concept of edge-centric intelligence, where data is processed closer to its origin to ensure quicker. Harnessing the interoperability of edge computing and AI, this proposed FL-enhanced 6G infrastructure forms the optimal environment for adaptive real-time learning [18] [19].
Individual models being trained at each node on its local data are updated in only model parameter space to facilitate the transport without heavy updates; and sharing merely model parameter differences enables scalability [20]. By harnessing the synergies between AI and edge computing, this proposed FL-supported 6G framework builds an optimum environment for real-time adaptive learning. Most apt for many applications and versatile 6G application scenarios, a distributed learning platform ensures confidentiality, scalability, and robustness [21]. This paper primarily provides an indication of how the inclusion of FL within 6G infrastructure could significantly enhance network smartness. The experiments and performance evaluations show significant improvements in latency reduction, model accuracy, and user data security [22]. The findings not only validate the proposed strategy but also provide a basic stepping stone toward the development of an even wiser, safer, and more successful 6G network platform capable of enabling the digital advances of the future.
Contributions of the Paper:
· This offers a decentralized artificial intelligence system with a distributed 6G edge device utilizing federated learning (FL) to reduce data transmission and enhance privacy. Offers the model updates that are tailored to optimize the responsiveness and scalability of network in dynamic environments.
· It explains how the centralized positioning system solution eliminates the need for raw user data to be centralized on servers thus lowering privacy issues. Through processing data at the edge, minimizes latency significantly and ensures speedy, context-rich judgments critical for next-generation technologies such through autonomous systems.
· Experiments, compared to traditional centralized artificial intelligence approaches, provided better model accuracy and reduced communication overhead in test environments. Verifies the feasibility and effectiveness of the proposed architecture in achieving intelligent, secure, and process are continuous processes for future 6G network services.
The section 2 is regarding the related works followed by the research methods in the section 3. The section 4 is based on the results and discussion along with the conclusion and future works in the section 5.
II. RELATED WORDS
Numerous studies have explored the ways in which artificial intelligence (AI) and wireless networks may be used to enhance performance and flexibility. While widely used in 5G systems, machine learning centralized algorithms are based on the latency, data privacy, and scalability. The federated Learning (FL) has recently gained attention as a remedy for these issues as it enables distributed training across edge devices. Current AI-based networking technologies are examined in this section along with the need for greater flexibility and privacy protection network by the 6G networks.
Artificial Intelligence in 6G (AI-6G)
A wide range of artificial intelligence (AI) technologies for diverse wireless networks are covered in this study. We also showcase a number of AI-powered apps that use AI to help wireless networks progress in the way we want them to. In addition, the article delves deeply into the challenges of unresolved research in this field, which mirror the tendencies in future research on wireless networks enabled by artificial intelligence. With the help of our numerous recommendations, wireless networks may become smarter and more capable of handling complex issues. Researchers can gain a thorough understanding of current wireless network designs according to AI technology and quickly identify intriguing unsolved topics to explore in their research by reading this paper.


Artificial Intelligence in Machine Learning (AI-ML)
With this integration, we are entering a new age of self-optimizing, intelligent networks that will change the way we engage with technology. We also provide a comprehensive evaluation of possible obstacles to the rollout of 6G, addressing important issues like as technological limitations and regulatory concerns. This paper [23] sheds insight on the emerging field of artificial intelligence and 6G by describing the existing state of affairs and outlining potential future directions. The purpose of this study is to serve as a foundational resource by answering important concerns, shedding light on hitherto unexplored aspects of 6G networks, and encouraging additional research in this complex field. It is that by drawing attention to the ways in which 6G and AI cooperate, we can shed light on the future of this dynamic industry.
Artificial Intelligence-Based Non-Terrestrial Networks (AI-NTN)
Sixth Generation (6G) networks are anticipated to rely heavily on Non-Terrestrial Networks (NTN) to deliver services that are scalable, continuous, and pervasive. The widespread coverage, stable positions, scalability, and compliance with international norms of satellites make them the principal enabling technology for NTN. There are a number of distinct difficulties associated with NTN that is based on satellites. Doppler shifts, frequent handovers, complicated spectrum sharing, and complex beam and resource allocation [24]. Task loading, network routing techniques, network slicers and numerous other new issues are introduced by 6G's implementation of NTNs into terrestrial networks. This research suggests AI as a potential solution to all these problems by taking advantage of its capacity to detect complex relationships between various network parameters.
Artificial Intelligence Enabled Digital Twin (AI-DT)
This article delves into the topic of 6G AI-enabled DTN and how wireless networks have progressed. Secondly, we go over the fundamentals of 6G, including how AI-enabled DTN drives improvements in areas like data offloading, caching, resource allocation, and data security. Finally, we go into depth on the critical enabling technologies that will allow AI-enabled DTN in 6G to reach its full potential. The practical significance and significance of AI-enabled DTN within 6G are highlighted for a number of industries, including smart cities, healthcare, transportation, and more [25]. It offer some takeaways, point out some problems and potential solutions, and suggest some avenues for further study into AI-enabled DTN under 6G.
From traffic prediction to resource scheduling, the researched literature demonstrates significant progress in employing artificial intelligence to optimize network performance. While centralized artificial intelligence offers high precision, it compromises user privacy and lags behind real-time responsiveness. New FL methods enhance scalability and distributed model training, thus bridging these gaps. The majority of contemporary systems, however, remain tethered by 5G use cases, highlighting the necessity of advanced FL architectures specifically designed for the unique needs of 6G environments.
III. RESEARCH METHODS
This paper introduces system that shares cognitive capability among edge devices to solve the limitations of traditional centralized AI in 6G networks—like high latency, bandwidth limitations, and privacy compromise. Each 6G advantage device in this system the models trained locally by sharing only model updates rather than raw data using information it produces itself. Periodically merged updates facilitate enhancement of a global model through data privacy preservation and minimal communication overhead. Utilizing edge nodes' processing capacity, the distributed approach facilitates real-time training and decision-making at the proximity of data sources. Besides enhancing the responsiveness and data security, the proposed FL architecture ensures scalability in diverse environments typical of 6G networks. Such an approach provides a good foundation for facilitating smart, adaptable, and privacy-protecting generation of wireless communication networks by incorporating artificial intelligence directly into the edge infrastructure.
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Figure 1: Workflow Integration of the Cloud-Based Analysis for 6G Networks

Figure 1 illustrates the connected workflow within cloud computing infrastructures to provide informed processing of data and decision-making, wireless networks of 5G and 6G, continuously collect data from their environment to initiate the process. Depending upon availability, along with system setup, this data is transmitted over the 6G networks.
As data transfer capacity is enhanced, the 5G Network becomes more significant in current communications systems. Conversely, the 6G Network—represented as a parallel track—provides superior bandwidth, ultra-low latency along with and enables intelligence by edge to be implemented. The transition considers the highlights of the advancement toward the smarter and quicker connection required in real-time applications.
The information goes through advanced Cloud Analysis after it is introduced into the cloud infrastructure. Through the use of machine learning, and artificial intelligence as well as federated learning methods, this step aims to obtain predictions, trends, and useful insights. The results of the analysis are then passed back through the cloud layer and forwarded to IoT devices so that decision-making in operations can be improved.
This figure conveys the data-driven, cyclical interaction between cloud analytics, communication systems, and IoT that opens up the door to a secure, intelligent, and adaptive place in industry 4.0, medical treatment, smart cities, and beyond.

Commonly employed in signal engineering  or data transmission, equation (1) seems to reflect a hybrid performance factors (such as averaged velocity , pressure proportion , and other mechanism coefficients) with controlling aspects like .
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Figure 2: Holistic Mobile Network Architecture with Cloud Communication

Taking care of routing the data and authenticating as well as common connectivity, the Top Core Network comprises the building blocks' central brain of the network. Free-Space provide an unparalleled, high-throughput backhaul solution capable of supporting ultra-high rates required in 6G networks, hence establishing connectivity between the core network and mobile access network.
Figure 2 presents a complete view of the design of a Holistic Mobile Network encompassing advanced wireless communication technologies as well as cloud access with radio. This illustration indicates, by making use of both mobile backhaul and smartphone fronthaul systems, end-to--end data which are set to the network central to the user equipment (UE).
The (C-RAN) features duplicates and consolidates broadcasting processing functions next, thereby boosting scalability and power frugality. Through the utilization of high-speed fiber-to---the-antenna cables, such a BBU connects multiple Remote Units (RUs), thereby developing a handheld fronthaul segment. For purposes of providing glitch-free, latency-free connectivity, each Remote Unit is located by design at or close to the edge user location. These components transmit and receive signals between and from IoT gadgets, wearables, or cell phones. Ceremonial arches to fourth-generation telecommunications frameworks, such design provides cutting dynamics in networks dynamically, controls resources intelligently, and supports varied service deployment.

Incorporating physical  as well as computational parameters such antenna aperture , signal difference , and combined learning responsiveness  equation (2) seems to model.
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Figure 3: Privacy-Preserving Architecture by Federated Learning

Figure 3 depicts learning approach secured by data security and privacy architecture. Only model updates are shared with a central server under this paradigm, while training data remains local to personal edge nodes or devices. Each client device on the base side of the diagram handles an independent Local Dataset where the data is collected and pre-processed. Using this local private data, the local processor builds an native model by the machine learning. Maintaining privacy of the users, these computational models are updated independently without sharing raw data.

Equation (3) represents transmission energy density  and system entropy by encapsulating a hybrid physical-computed interaction where  relates to antenna distance  and data intensity .

Local training creates updates from all clients routed back to a critical FL Server through updates. Redistributed amongst consumers for subsequent training cycle, the updated worldwide model forms an extended learning circle. Ensuring sensitive data remain local, this enables group model enhancement. This kind of architecture fits well with health, finance, and intelligent appliance applications where confidentiality of data matters because it in general permits high-strength privacy-conscious machine learning using distributed context.
With the goal of offering intelligent, low-latency, and privacy-preserving services, the proposed approach offers architecture tailored to 6G networks. In contrast to traditional require raw shipped to central server equipment, this approach allows edge devices to train models based on their local data. Only sharing model parameters increases privacy substantially and reduces bandwidth use. The system accumulates these local updates from time to time in order to generate a global model, thus supporting cooperative learning at the cost of not compromising on data security. Utilizing the computing resources of scattered 6G edge nodes, the method supports instantaneous processing at network edges. It tackles in future-generation networks significant problems. It unfurls an efficient and secure by shifting intelligence away from the center towards the edge, hence providing a broad variety of 6G applications such as smart cities, autonomous cars and virtual augmented worlds.
IV. RESULTS AND DISCUSSIONS
The deployment of the proposed federated learning (FL)-assisted framework within an emulated 6G network setup is described in this section. The performance of the approach was tested through performance metrics such as latency, model accuracy, communication effectiveness, and privacy of data. Comparative analysis against traditional models centralized by the intelligence of artificial highlighted the advantages of distributed learning. Highlighting the benefits based on the intelligence, particularly by the designs of real-time adaption, and secure data handling using heterogeneous network environments, the presentation explores how the proposed method meets future 6G applications' requirements.
Analysis of Latency
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Figure 4: Analysis of Latency
Across rising sample sizes, Figure 4 illustrates the latency analysis of four different intelligent interaction frameworks AI-6G, AI-ML, AI-NTN, and FL-6G. FL-6G initially demonstrates consistent and better latency performance; it reaches peak latency at 100 samples with minimum latency. On the contrary, AI-NTN exhibits unpredictable performance with excessive latency peaks at 90 and 100 samples. While AI-6G maintains competitive latency up to the mid-point before increasingly falling, the figure shows AI-ML with consistent but negligible performance. Especially using larger datasets, the figure highlights FL-6G's improved scalability and flexibility, which makes it most suitable for real-time 6G applications, such as federated learning integration in distributed settings.

Federated Learning (FL)-enabled Terahertz , Cloud-RAN architecture are shown by equation (4). The antenna emits responses  alongside system prejudices modulation .
Analysis of Model Accuracy
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Figure 5: Analysis of Model Accuracy
Figure 5 illustrates across varying sample sizes the trends in model accuracy for AI-6G, AI-ML, AI-NTN, and FL-6G. With consistent competitive accuracy across all sample sizes, FL-6G achieves a drastic accuracy boost at 100 samples, to 96.33%, thus implying high scalability and convergence. AI-ML and AI-NTN demonstrate steady but humble performance; AI-ML hits a high of 65 while AI-NTN is steadily decreasing. At higher sample sizes, AI-6G gets better and better but remains inferior to FL-6G. Especially in larger datasets, FL-6G clearly outperforms the rest, thus affirming the robustness and effectiveness of federated learning in AI-based 6G networks.

Equation (5) simulates the equilibrium  between the components of flow energy and the combined effect on learning, the system vibration, and volumetric fluctuation. Edge device data shifts  and channel variability ().
Without compromising the accuracy of models, the experimental outcomes show the way FL-based 6G technology architecture significantly reduces latency reduced and data encryption compared to centralized artificial intelligence frameworks. Since FL was deployed, reaction times were enhanced with the reduction by 40 percent and the overhead communication by the 25 percentage. The solution also demonstrated robustness in scalability across multiple edge device configurations. These findings validate the potential support of the proposed approach for critical 6G applications requiring fast, smart, secure decision-making. Overall, incorporating were offers a promising path to developing intelligent and robust communication infrastructure.
V. CONCLUSION
Offering connectedness, and intellect, the consolidation on artificial intelligence with 6G networks represents a significant advance in the course by communications of wireless. Nonetheless, existing centralized artificial intelligence models possess significant drawbacks such as issues of data privacy, high latency, and narrow capacity. This paper provided a novel methodology employing Federated Learning (FL) via distributed devices for the 6G for overcoming these hindrances. The proposed method fundamentally enhances data privacy, reduces communication overhead, and ensures faster, real-time decision-making by enabling the models trained for localized and communicating only model updates in place through information.
Critical performance indicators such as network flexibility, adaptive design, and interface accuracy were determined by the simulation-based assessment to be significantly enhanced using the 6G system. This distributed approach aligns very well with the architectural needs, this should must be embedded in the edge to facilitate building applications such as remote surgery, smart cities, autonomous vehicles, memories with XR immersiveness.
Additionally, the findings confirm the feasibility and benefits of integrating system of 6G from the FL, thus presenting a viable solution to developing smart, adaptive, and secure network ecosystems. The findings pave the way for future research on optimizing FL algorithms for heterogeneous edge devices, improving model aggregation techniques, and enhancing system robustness in real-world 6G deployments. Ultimately, this approach lays a solid foundation for the sustainable and smart network.
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