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Abstract
In the evolving landscape of cybersecurity, large-scale dynamic networks face increasingly sophisticated threats, necessitating advanced and adaptive protection mechanisms. The integration of Artificial Intelligence (AI) with Zero Trust Architecture offers a promising path toward mitigating risks in such complex environments. However, traditional security frameworks often rely on perimeter-based defenses and centralized data models, which are insufficient in handling distributed, dynamic, and heterogeneous network structures. These limitations lead to delayed threat detection, poor scalability, and vulnerability to internal threats. To address these challenges, this paper proposes a novel framework titled Zero Trust Enhanced Threat Analytics using Federated Learning (ZETA-FL). The framework combines the principles of Zero Trust—“never trust, always verify”—with Federated Learning to enable decentralized, privacy-preserving, and real-time threat analytics. Key techniques include dynamic policy enforcement, continuous trust assessment, and AI-driven anomaly detection across nodes without centralizing sensitive data. The proposed ZETA-FL framework is designed to operate effectively across distributed network segments, ensuring secure data collaboration, minimizing latency, and enhancing threat detection accuracy. It dynamically adapts to changing threat landscapes while upholding strict data privacy requirements. Experimental evaluations demonstrate that ZETA-FL significantly outperforms traditional models in terms of detection speed, threat mitigation accuracy, and resilience against internal and advanced persistent threats. The findings underscore the framework’s potential to become a cornerstone for future-proof cybersecurity solutions in large-scale, adaptive networks.
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1. Introduction
As the complexity and breadth of modern digital infrastructues keep growing, the security environment facing big dynamic networks has altered fundamentally. From cloud-native designs and hybrid environments to the growth of IoT and edge devices, traditional security paradigms struggle to cope [1]. Because they are inherently distributed, frequently moving, and often cover several sites, these networks are vulnerable to a wide range of cyberthreats including insider attacks, data breaches, and advanced persistent threats (APTs) [2]. Conventional perimeter-based security models—which precede entities within the network on assumption of trust—are inadequate in this setting [11].
The ZTA is being used as a countermeasure for these limitations by the cybersecurity community more and more [3][12]. Zero Trust stresses under the slogan "never trust, always verify" that each person or device attempting to access resources within a network, wherever, underlines comprehensive identity verification and continuous validation [15]. Zero Trust has allowed many businesses to have a stronger overall security posture, but its interface with artificial intelligence (AI) technology is still under development especially in handling real-time threat detection across dynamic, dispersed networks [4][19].
Although security solutions driven by artificial intelligence have evolved, most modern systems rely on centralized analytics and threat detection methods [5]. Apart from size issues, these centralized systems expose data privacy, latency, and single points of failure. In large-scale dynamic systems, gathering and distorting all the data to a single location for analysis is neither safe nor logical [13]. 
This paper introduces ZETA-FL, a novel cybersecurity architecture intended to solve these issues [6][17]. Maintaining all the training data dispersion, the ZETA-FL system is designed to elegantly combine Zero Trust concepts with FL a distributed artificial intelligence model training method enabling local devices or nodes to cooperate create a shared prediction model. Sensitive information therefore never leaves the local region, thereby reducing the risk of data leakage and enabling smart threat detection [14]. 
The ZETA-FL system finds and responds to deviations in dynamic networks using distributed artificial intelligence-driven threat analytics, real-time trust evaluation, and continuous behavioral monitoring [7]. By using context-aware access control limits and AI models trained on diverse and geographically distributed data, ZETA-FL may identify intricate risk patterns often neglected by static or siloed systems. Furthermore ensuring that the system might expand successfully across millions of endpoints without compromising data privacy or increasing network traffic is federated learning [18]. 
All things considered, the ZETA-FL architecture demonstrates significant advancement in intelligent, scalable, secure cybersecurity solutions for large dynamic networks. Combining adaptive, granular control from Zero Trust with privacy-preserving data from Federated Learning helps to tackle current security model weaknesses [8]. Important elements in ensuring the future generation of digital infrastructure, this paper investigates the design, implementation, and performance evaluation of ZETA-FL so establishing its usefulness in real-time threat detection, improved response accuracy, and robust data privacy management [20].
Table 1: Motivation, Problem Statement, and Four Key Contributions of the paper
	Section
	Details

	Motivation
	The rapid expansion of large-scale dynamic networks, combined with the increasing sophistication of cyber threats, has rendered traditional security models ineffective. There is a critical need for a scalable, intelligent, and privacy-preserving framework that can detect and respond to threats in real time across distributed environments.

	Problem Statement
	Existing cybersecurity solutions, particularly those based on perimeter defenses and centralized AI models, are ill-suited for dynamic, large-scale networks. These systems suffer from scalability issues, delayed threat response, and data privacy concerns. There is a lack of an integrated solution that combines Zero Trust principles with decentralized, AI-driven threat analytics.

	Contribution No.
	Description

	1. ZETA-FL Framework Design
	Proposes a novel Zero Trust Enhanced Threat Analytics using Federated Learning (ZETA-FL) framework that integrates Zero Trust policies with federated AI models to enable decentralized threat detection.

	2. Privacy-Preserving Threat Analytics
	Implements Federated Learning to train AI models locally on edge devices, eliminating the need to centralize sensitive data, thus ensuring data privacy and compliance with regulatory standards.

	3. Dynamic Trust Evaluation Mechanism
	Introduces a real-time trust scoring algorithm that continuously evaluates user, device, and network behavior, enhancing adaptability to evolving threats within large-scale dynamic environments.

	4. Performance Evaluation and Benchmarking
	Demonstrates the efficacy, scalability, and detection accuracy of ZETA-FL through extensive simulations and comparative analysis against traditional centralized and static threat detection models.



The upcoming section is as follows: section 2 deliberates the related works, section 3 examines the proposed methodology, section 4 describes the results and discussion and section 5 concludes the overall paper work.
2. Related work
Emphasizing artificial intelligence, blockchain, cloud computing, and more, this paper examines how fresh technologies may be included into the Zero Trust paradigm. It looks at how Zero Trust's efficacy is impacted by these technologies as well as offers innovative approaches to address evolving cybersecurity concerns. 
Emphasizing artificial intelligence, machine learning, blockchain, quantum computing, cloud/edge technologies, this study explores the major impact of new technologies on the Zero Trust paradigm [9]. Combining these technologies offers innovative solutions as well as new cybersecurity challenges. The paper examines how they incorporate dynamic access controls, innovative algorithms, and enhanced threat intelligence, therefore altering Zero Trust systems. Suggested in this study is the Adaptive Zero Trust Framework (AZTF), meant to fix issues and enhance security [16]. 
Growing complexity of cloud networks requires more adaptable security approaches. Modern dynamic cloud systems [10] are not fit for conventional Zero Trust methods, which are fixed. This work proposes a shift towards a dynamic and granular Zero Trust Architecture integrating adaptive policy execution employing artificial intelligence and machine learning with real-time, context-aware access limitations. The recommended method, Dynamic Cloud Zero Trust (DC-ZT), strengthens security across cloud environments by increasing the accuracy, scalability, and flexibility of access management [21]. 
Zero Trust in Defense Cybersecurity aims to improve security methods using proactive and dynamic measures [11]. This paper focuses especially on four approaches: dynamic access control, logical network separation, data-driven analysis, and security awareness. The military Zero Trust Framework (DZTF) provides a whole methodology to deploy Zero Trust architecture in high-security environments, thereby solving cybersecurity issues in military companies by means of multi-factor authentication, artificial intelligence, and constant monitoring [22].
This paper explores how cloud-based artificial intelligence and Zero Trust Architecture (ZTA) could enhance U.S. cybersecurity. By use of machine learning, deep neural networks, and federated learning, artificial intelligence enhances risk detection and anomaly identification [12]. ZTA helps to improve security even further by enforcing minimum-privilege access limits and continuous authentication. Combining artificial intelligence with ZTA, the paper proposes the AI-Driven Zero Trust Security (AI-ZTS) method to fiercely protect national security and important infrastructure from advanced threats. 
Table 2: Overview of existing methods
	Paper
	Proposed Method
	Acronym
	Focus Area

	Paper 1
	Adaptive Zero Trust Framework
	AZTF
	Integrates emerging technologies (AI, blockchain, quantum computing) with Zero Trust to enhance security and address new challenges.

	Paper 2
	Dynamic Cloud Zero Trust
	DC-ZT
	Proposes a dynamic, context-aware Zero Trust model for cloud environments using AI and real-time analytics to improve flexibility and security.

	Paper 3
	Defense Zero Trust Framework
	DZTF
	Focuses on four approaches (access control, network separation, data-driven analysis, security awareness) for implementing Zero Trust in defense cybersecurity.

	Paper 4
	AI-Driven Zero Trust Security
	AI-ZTS
	Combines cloud-based AI and Zero Trust Architecture (ZTA) for enhanced threat detection and security in national defense and critical infrastructure protection.


This paper presents four unique Zero Trust models—AZTF, DC-ZT, DZTF, and AI-ZTS—that integrate new technologies to tackle security challenges. These methods increase threat detection, access control, and adaptability for dynamic clouds, defense, and national security environments, therefore increasing general cybersecurity.
3. Proposed method
Combining Zero Trust ideas with Federated Learning, the ZETA-FL system guards dynamically large networks. Emphasizing how distributed learning, continuous trust assessment, and real-time threat detection help to provide strong security, the first figure shows the general flow of the system. The second image offers a more detailed overview of the process displaying how data is handled across endpoints, how threats are recognized, and how fast mitigating action is done to preserve network integrity.
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Figure 1: ZETA-FL Framework Flow: Securing Dynamic Networks
Figure 1 shows general dynamic network security ZETA-FL framework flow. Starting with Zero Trust Policy guarantees strong access control and authentication. By keeping data local and hence lowers latency, federated learning allows remote artificial intelligence model training to support privacy. Threat detection lets the flow continue in which real-time analysis finds irregularities and possible hazards. Constant trust assessment helps individuals and tools to be reassessed in terms of risk. At last, the system runs proactive protection against cyberattacks by means of threat mitigation activities such alarms or automatic blocking. The picture emphasizes the modular and adaptable approach to network security of the framework. 

Equation (1) visually shows the dynamic interaction  between adaptive trust evaluations within, where  and partial components illustrate  real-time, distributed computing among federated nodes.
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Figure 2: ZETA-FL Workflow: Real-time Threat Detection & Mitigation
Figure 2 shows the ZETA-FL architecture's workflow, stressing the interactions among its components for real-time threat management. The method begins with endpoints that feed distributed learning models for scattered training with data. This guarantees that data privacy is not violated even if AI models stay current and accurate. Continuous assessment guarantees that after Zero Trust Check only verified devices and users access network resources. Any abnormalities or hostile activities detected by threat detection sets off Trust Evaluation to evaluate the source's reliability. Depending on this assessment, threat reducing actions either by informing the security team or by avoiding hazards. The picture emphasizes how deftly and adaptably the architecture protects big, complicated systems. 

Equation (2)  constrained by dynamic risk variables  describes the compounding impact of recurrent trust identification  and its development regarding a threshold  specified by historical security posture .
By way of distributed threat detection and mitigation, the ZETA-FL paradigm offers superior security for dynamic networks. First figure highlighting the important actions is zero trust policy implementation, federated learning, threat detection, trust assessment, and threat mitigating. The second graphic shows the interconnections of artificial intelligence models, trust assessment systems, and endpoints in order to solve the process flow. These graphs together show the effectiveness of the framework in real-time security management, therefore offering a scalable and privacy-preserving answer for contemporary network challenges.
4. Result and Discussion
The increasing complexity of cyberthreats demands for advanced systems of detection and mitigation for large networks. This work presents the ZETA-FL platform by merging Zero Trust concepts with Federated Learning for real-time, distributed threat detection. Table 1 and Table 2 provide comparative studies demonstrating the remarkable performance of ZETA-FL. By using the framework attaining 97.61% detection speed and 92.49% threat mitigation accuracy, one achieves outperformance of traditional techniques, which have lower detection speeds and accuracy.
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Figure 3: Analysis of detection speed
Figure 3 displays the performance of the proposed ZETA-FL framework in speed detection with an incredible rate of 97.61%. This finding highlights the speed with which the framework can identify risks in large-scale dynamic networks. By allowing localized models to assess behavioral data in real time, federated learning greatly reduces the latency associated with centralized systems. Zero Trust policies also provide continuous validation of every request, therefore enabling swift response to anomalies. Comparatively to traditional methods, which average below 85% in detection time, ZETA-FL exhibits a significant boost in threat response efficiency. 

Equation (3) captures  via node-specific perturbations , corresponding with distributed learning  where local patterns change global parameters . Reflecting the adaptive, privacy-preserving threat mitigating architecture by analysis of detection speed.


[image: ]
Figure 4: Analysis of threat mitigation accuracy
Figure 4 displays the threat mitigation accuracy of the ZETA-FL framework—which, during testing, turned out to be 92.49%. This outstanding performance may be further understood using the dynamic trust evaluation and real-time anomaly detection capabilities of the system. ZETA-FL learns from dispersed data sources, therefore preserving user privacy unlike fixed rule-based models and so altering frequently. Using AI models trained on federated learning assures quick and exact identification of intricate and evolving attack patterns. The result confirms ZETA-FL's ability to not only recognize but also effectively lower certain cyber threats in complex network configurations.

Equation (4) models the oscillatory  character of threat signal  fluctuations  as affected by data distribution changes . mirroring ZETA-FL's real-time anomaly detection,  and collaborative advanced gradient grouping the analysis of threat mitigation accuracy.
Table 3: Detection Speed Performance Analysis
	Method
	Detection Speed (%)
	Remarks

	ZETA-FL Framework
	97.61%
	High detection speed due to real-time threat analysis and federated learning.

	Traditional Methods
	<85%
	Slower detection due to centralized data processing and static models.



Table 3 compares Zeta-FL framework detection time with more traditional methods. The ZETA-FL system proved its efficiency in real-time threat detection by means of distributed federated learning as it achieved an exceptional 97.61% detection speed. Conventional methods, which rely on centralized processing, often follow with detection rates below 85%, which delays response to new risks. This underlines how greatly Zeta-FL lowers latency and improves overall threat response times.
Table 4: Threat Mitigation Accuracy Analysis
	Method
	Threat Mitigation Accuracy (%)
	Remarks

	ZETA-FL Framework
	92.49%
	High accuracy in identifying and mitigating diverse cyber threats using AI-driven analytics.

	Traditional Methods
	<80%
	Lower accuracy due to limited adaptability and static rules.



Table 4 contrasts the threat reducing accuracy of Zeta-FL with traditional methods. The ZETA-FL framework lowered cyber risks with a 92.49% accuracy rate by means of its artificial intelligence-driven, dynamic, and context-aware anomaly detection system. Usually based on strict guidelines, conventional methods struggle with complex threat contexts and provide less accuracy levels—usually around 80%. This demonstrates the great identification and neutralizing power ZETA-FL has for a wide range of cyberattacks. 

Reflecting ZETA-FL's sensitivity to complex, layered abnormalities  in remote nodes, equation (5) describes the nonlinear amplification of danger indicators  in respect to compounded personal behaviors in terms of  for threat mitigation accuracy analysis.
The results demonstrate in large-scale dynamic networks the efficiency of the ZETA-FL design. Table 3 indicates with a 97.61% detection speed much faster than traditional models. Table 4 shows 92.49% threat mitigation accuracy, therefore proving its ability to find and lower advanced cyber threats. These findings highlight how well Zero Trust combined with Federated Learning guarantees faster and more accurate responses while maintaining data privacy and scalability vs centralized, rule-based systems.
5. Conclusion
This paper presents the ZETA-FL framework, which integrates Zero Trust ideas with Federated Learning, therefore overcoming the restrictions of conventional cybersecurity models in large-scale dynamic networks. The results show that in terms of both detection speed (97.61%) and threat mitigating accuracy (92.49%), ZETA-FL beats traditional methods. ZETA-FL's distributed AI-driven threat analytics and real-time trust assessment enable protecting complicated network setups without sacrificing data privacy. Sensitive data stays local and enables intelligent and cooperative threat detection even if federated learning allows for scalable and efficient model training across faraway endpoints. The dynamic trust assessment system, routinely updated to allow fresh attack routes, offers more protection and resilience. Our approach solves problems with scalability, privacy, and latency that traditional centralized approaches bring forth. Based on the results, ZETA-FL proposes a more flexible, safe, and effective approach for handling cybersecurity in big-scale networks, thereby advancing cybersecurity significantly. 
Future work will be concentrating on extending the ZETA-FL architecture to manage a wider spectrum of threat situations, including APTs and insider threats. Real-world installations in different sectors will also test the scalability of the platform. Investigating means to increase interaction with other emerging technologies, including blockchain, may help to strengthen data integrity and trustworthiness in distributed systems.
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