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ABSTRACT

The practical deployment of distributed intelligent systems across heterogeneous organizational environments faces
significant challenges due to data privacy constraints, domain heterogeneity, and the limited reasoning capability of
conventional federated learning frameworks. To address these challenges, this paper proposes a Federated Agentic
Intelligence Framework (FAIF) that integrates Federated Learning (FL), Large Language Models (LLMs), Multi-Agent
Systems (MAS), Knowledge Graphs (KGs), Retrieval-Augmented Generation (RAG), and Explainable Artificial
Intelligence (XAI) to enable privacy-preserving and autonomous collaborative analytics. First, FAIF employs a federated
learning architecture to support distributed model training without exposing sensitive organizational data, thereby
preserving data confidentiality while enabling collaborative intelligence. Second, domain-specific autonomous agents
are designed to perform specialized analytical tasks, including supply chain coordination and inventory synchronization
inretail, fraud detection and risk assessment in finance, and autonomous network management, anomaly detection, and
traffic optimization in networking environments. Third, retrieval-augmented generation combined with knowledge
graphs enhances contextual reasoning, knowledge integration, and explainability, while explainable AI modules
improve the transparency and trustworthiness of agent decisions. Finally, a coordinated multi-agent collaboration
mechanism enables adaptive decision-making, efficient knowledge sharing, and scalable cross-domain intelligence. The
proposed FAIF provides a robust, scalable, and privacy-preserving framework for trustworthy distributed analytics,
demonstrating strong adaptability to heterogeneous operational ecosystems and offering an effective foundation for
next-generation autonomous enterprise intelligence systems.

Keywords: Federated Learning; Multi-Agent Systems; Large Language Models; Retrieval-Augmented Generation;
Knowledge Graphs; Explainable Artificial Intelligence; Privacy-Preserving Analytics; Distributed Intelligent Systems.

988


https://doi.org/10.30574/wjarr.2023.17.2.0249
https://crossmark.crossref.org/dialog/?doi=10.30574/wjarr.2023.17.2.0249&domain=pdf

World Journal of Advanced Research and Reviews, 2023, 17(02), 988-998

1 INTRODUCTION

The rapid growth of distributed intelligent systems across enterprises has significantly increased the demand for
collaborative artificial intelligence while preserving the privacy of sensitive organizational data [1]. Conventional
centralized machine learning requires collecting data from multiple organizations into a central repository, introducing
serious concerns regarding data privacy, regulatory compliance, security, and ownership [2]. Although recent advances
in Large Language Models (LLMs) have greatly improved autonomous reasoning and decision-making capabilities, their
direct deployment in distributed environments remains challenging because organizations are often unwilling or legally
unable to share proprietary datasets [3]. Federated Learning (FL) has emerged as an effective distributed learning
paradigm that enables multiple organizations to collaboratively train machine learning models without exchanging raw
data. Each participating client performs local model training and shares only model parameters or gradients with a
central aggregation server, thereby preserving data privacy while enabling collaborative intelligence [4]. However,
conventional federated learning primarily focuses on distributed optimization and lacks autonomous reasoning,
domain-specific decision-making, contextual knowledge integration, and explainability [5]. Furthermore,
heterogeneous data distributions, varying organizational objectives, and limited semantic understanding considerably
reduce the effectiveness of traditional federated learning in real-world enterprise applications.

Recent advances in Multi-Agent Systems (MAS), Retrieval-Augmented Generation (RAG), Knowledge Graphs (KGs), and
Explainable Artificial Intelligence (XAI) provide promising opportunities for overcoming these limitations [6].
Intelligent agents can autonomously coordinate complex tasks, interact with external knowledge repositories, and
collaboratively solve domain-specific problems. Knowledge graphs provide structured semantic relationships that
improve contextual understanding, while retrieval-augmented generation enhances the factual accuracy of LLM-
generated responses. Explainable Al further increases transparency by enabling users to understand the reasoning
process behind autonomous decisions, thereby improving trustworthiness in mission-critical applications [7]. Despite
these advances, existing intelligent enterprise frameworks often integrate only a subset of these technologies and rarely
provide a unified architecture capable of simultaneously supporting privacy-preserving distributed learning,
autonomous multi-agent collaboration, contextual reasoning, and explainable decision-making across heterogeneous
domains [8]. In particular, practical applications spanning retail, finance, and networking require coordinated
intelligence while ensuring data confidentiality, regulatory compliance, scalability, and trustworthy autonomous
operations.

To address these challenges, this paper proposes a Federated Agentic Intelligence Framework (FAIF) that integrates
Federated Learning, Large Language Models, Multi-Agent Systems, Knowledge Graphs, Retrieval-Augmented
Generation, and Explainable Artificial Intelligence into a unified privacy-preserving intelligent architecture [9]. The
framework enables domain-specific autonomous agents to collaboratively perform supply chain coordination and
inventory synchronization in retail, fraud detection and risk assessment in finance, and autonomous network
management, anomaly detection, and traffic optimization in networking environments [10]. Federated learning
preserves organizational privacy by enabling collaborative model training without exposing sensitive data, while
retrieval-augmented generation and knowledge graphs improve contextual reasoning and semantic understanding
[11]. Furthermore, explainable Al provides transparent decision interpretation, allowing organizations to verify and
trust autonomous recommendations.

The major contributions of this paper are summarized as follows.

e Anovel Federated Agentic Intelligence Framework (FAIF) is proposed by integrating Federated Learning, Large
Language Models, Multi-Agent Systems, Retrieval-Augmented Generation, Knowledge Graphs, and Explainable
Artificial Intelligence into a unified architecture for privacy-preserving collaborative intelligence.

e A domain-specific multi-agent collaboration mechanism is designed to enable autonomous decision-making
across heterogeneous enterprise environments, supporting retail supply chain management, financial fraud
detection and risk assessment, and intelligent network operation and optimization.

e A knowledge-enhanced reasoning framework is developed by combining Retrieval-Augmented Generation
with Knowledge Graphs to improve contextual understanding, factual consistency, semantic reasoning, and
explainability of LLM-generated responses.

e Ascalable privacy-preserving collaborative intelligence strategy is introduced by leveraging federated learning
and explainable Al, enabling trustworthy cross-organizational analytics while preserving data confidentiality,
supporting regulatory compliance, and improving the transparency of autonomous decision-making.
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Figure 1: Overall Architecture of the Federated Agentic Intelligence Framework (FAIF)

2 RELATED WORK

Recent advances in distributed artificial intelligence have accelerated research on privacy-preserving collaborative
learning and autonomous intelligent systems. Federated Learning (FL) has emerged as a fundamental paradigm for
enabling multiple organizations to collaboratively train machine learning models without exchanging raw data.
Numerous studies have focused on improving model convergence, communication efficiency, and robustness in
heterogeneous distributed environments [12]. Adaptive aggregation methods have been proposed to optimize global
model performance by dynamically adjusting client contributions based on model quality, statistical heterogeneity, or
optimization objectives [13]. Although these approaches improve learning efficiency, they primarily concentrate on
model optimization and often overlook autonomous reasoning, contextual knowledge integration, and explainable
decision-making required in complex enterprise applications [14]. Large Language Models (LLMs) have recently
demonstrated remarkable capabilities in natural language understanding, reasoning, and intelligent decision support
[15]. General-purpose LLMs such as GPT-4, LLaMA, PaLM, and Claude have significantly advanced intelligent analytics
across multiple domains. However, directly applying standalone LLMs in enterprise environments remains challenging
because their internal knowledge is static, domain-specific information rapidly evolves, and generated responses may
suffer from hallucinations or lack explainability [16]. Moreover, enterprise organizations often maintain proprietary
knowledge repositories that cannot be directly incorporated into centralized model training due to privacy and
regulatory constraints.

Retrieval-Augmented Generation (RAG) has emerged as an effective solution for enhancing LLM performance by
integrating external knowledge during inference. Existing RAG frameworks retrieve semantically relevant information
from domain-specific knowledge bases before response generation, substantially improving factual consistency and
reducing hallucinations [17]. Furthermore, Knowledge Graphs (KGs) have been widely adopted to represent structured
semantic relationships among entities, enabling contextual reasoning and interpretable knowledge discovery. While
combining RAG and knowledge graphs improves semantic understanding, most existing solutions operate
independently and rarely support collaborative multi-organization intelligence or privacy-preserving distributed
analytics [18]. Multi-Agent Systems (MAS) provide another important direction for autonomous intelligent decision-
making. Recent research has demonstrated that specialized autonomous agents can cooperatively perform task
decomposition, planning, negotiation, and decision execution across complex environments. Agent-based frameworks
have been successfully applied to supply chain optimization, financial risk assessment, cybersecurity, and network
management [19]. Nevertheless, most existing multi-agent architectures assume centralized knowledge access and lack
mechanisms for privacy-preserving collaboration among independent organizations with heterogeneous datasets.
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Security and privacy remain major challenges in distributed intelligent systems. Federated learning preserves raw data
confidentiality by keeping data localized; however, model updates may still leak sensitive information through gradient
leakage, membership inference, and model inversion attacks [20]. Existing defense mechanisms, including differential
privacy, secure multi-party computation, and homomorphic encryption, improve privacy protection but often introduce
considerable computational overhead, communication latency, and scalability limitations [21]. In addition, these
techniques generally focus on secure model training and provide limited support for autonomous reasoning,
explainability, and knowledge-driven decision making. Although significant progress has been achieved in federated
learning, large language models, retrieval-augmented generation, knowledge graphs, multi-agent systems, and
explainable artificial intelligence, existing studies typically investigate these technologies independently or integrate
only a limited subset of them [22, 23]. Few frameworks provide a unified architecture capable of simultaneously
supporting privacy-preserving distributed learning, autonomous multi-agent collaboration, contextual knowledge
reasoning, explainable Al, and cross-domain enterprise analytics. To address these limitations, this paper proposes the
Federated Agentic Intelligence Framework (FAIF), which seamlessly integrates Federated Learning, Large Language
Models, Retrieval-Augmented Generation, Knowledge Graphs, Multi-Agent Systems, and Explainable Al into a unified
architecture. The proposed framework enables trustworthy, scalable, and privacy-preserving autonomous intelligence
across heterogeneous enterprise environments while supporting domain-specific applications in retail, finance, and
networking.

3 FRAMEWORKIMPLEMENTATION

3.1 Framework Overview

The Federated Agentic Intelligence Framework (FAIF) is illustrated in Figure 1. Its workflow consists of four major
stages.

e Initial Training Stage: At the beginning of training, all participating clients collaboratively train a shared global
model.

e Dynamic Clustering Stage: When the differences among client model updates exceed a predefined threshold
while the average update magnitude becomes stable, the HDBSCAN algorithm is employed to dynamically
cluster clients according to the similarity of their model updates. This clustering process does not require the
number of clusters to be specified beforehand. After clustering, noise points are reassigned to the most
appropriate cluster using a similarity-based reassignment strategy.

e Reputation Evaluation Stage: After clustering, each cluster forms an approximately homogeneous data
environment. The Federated Agentic Intelligence Framework (FAIF) evaluates the quality of each client's model
update from two complementary perspectives:

o Similarity between the client's model update and the cluster centroid.
o Consistency between the client's training loss and the average loss within the cluster.
o These two indicators jointly measure the reliability of client updates.

e Reputation-Based Aggregation Stage: Client updates are aggregated using reputation scores as weighting
factors. Combined with an adaptive dynamic threshold adjustment strategy, this mechanism accurately
evaluates client behavior. The weighted aggregation strategy preserves cluster personalization while
effectively reducing the influence of malicious clients on the federated learning system.

3.2 Dynamic Clustering Algorithm

The dynamic clustering algorithm consists of three major components:

e C(luster triggering mechanism
e HDBSCAN-based adaptive clustering
e Similarity-based noise point reassignment

During the early training stage, client models exhibit different convergence rates. Performing clustering too early may
produce inaccurate groupings. Therefore, the framework introduces an update stability-based clustering trigger. In each
communication round, the average norm (mean_norm) and maximum norm (max_norm) of all client model updates are
computed. Clustering is activated only when the following three conditions are simultaneously satisfied:

e The average update norm is sufficiently small, indicating that most clients have nearly converged.

e The maximum update norm remains relatively large, implying that significant differences still exist among
client updates.

e The current training round exceeds a predefined warm-up period.
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These conditions ensure that clustering begins only after local models have become relatively stable while sufficient
diversity still exists among clients. Once activated, the Federated Agentic Intelligence Framework (FAIF) employs the
HDBSCAN density-based hierarchical clustering algorithm. HDBSCAN automatically discovers clusters of varying
densities without requiring the number of clusters to be predefined. It is capable of identifying arbitrarily shaped
clusters while remaining robust to noisy data. The similarity between two clients is measured using the cosine similarity
of their model update vectors. Clients exhibiting similar optimization directions are grouped into the same cluster. After
each communication round, the cosine similarity matrix among all clients is computed. During clustering, HDBSCAN
labels clients located in low-density regions as noise points. These noise points may represent either benign clients with
highly heterogeneous data distributions or malicious clients attempting to manipulate the learning process. To address
this issue, the Federated Agentic Intelligence Framework (FAIF) introduces a similarity-based noise reassignment
strategy. For each noise client, its similarity to every cluster centroid is computed, and the client is assigned to the cluster
with the highest similarity score. This strategy preserves the personalized characteristics of benign heterogeneous
clients while preliminarily isolating suspicious clients. Subsequent reputation evaluation further filters malicious
participants.

3.3 Intra-Cluster Reputation Mechanism

3.3.1 Dual-Dimensional Update Quality Evaluation

Following clustering, clients within the same cluster possess approximately similar data distributions. The similarity
between each client's model parameters and the cluster model is first computed to measure directional consistency in
parameter updates. However, relying solely on cosine similarity cannot reliably distinguish malicious updates. For
example, under label-flipping attacks, malicious clients modify only a small subset of model parameters, allowing cosine
similarity to remain deceptively high despite malicious behavior. To overcome this limitation, the Federated Agentic
Intelligence Framework (FAIF) introduces loss consistency as a complementary evaluation metric. Loss consistency is
based on the observation that clients with similar data distributions should naturally exhibit similar training losses.

3.3.2 Theorem 1: Intra-Cluster Loss Consistency

For two clients whose data distributions are sufficiently similar, the difference between their loss values is theoretically
bounded. Based on the properties of the Wasserstein distance, similar data distributions produce similar gradients
during optimization. Consequently, the difference between their model parameters remains bounded throughout
training. Assuming the loss function satisfies the Lipschitz continuity condition, the difference between clientloss values
is also bounded. Therefore, clients belonging to the same cluster should naturally exhibit comparable loss values. Let:
L; denote the loss of client i, 4. denote the average cluster loss, g, denote the standard deviation of cluster losses. The
loss consistency score approaches 1 when a client's loss closely matches the cluster average. The overall behavioral
score of each client is computed by combining: model similarity, and loss consistency.

A dynamic weighting parameter balances these two indicators throughout training. During early training, model
parameters remain unstable and cosine similarity is more susceptible to noise. Therefore, greater emphasis is placed
on loss consistency. As training progresses and models converge, the weighting gradually shifts toward model
similarity. When the average cluster loss becomes abnormally high, suggesting divergence or malicious attacks, the
weighting parameter is automatically adjusted to emphasize loss consistency again. This adaptive dual-dimensional
evaluation enables robust client assessment across different training stages and attack scenarios.

3.3.3 Reputation Update

The Federated Agentic Intelligence Framework (FAIF) records both positive and negative client behaviors. Following
the Beta reputation model, each client's reputation score is computed from its accumulated positive and negative
interactions. An adaptive dynamic threshold mechanism is introduced to determine whether each client update should
be considered trustworthy. The threshold is determined using the a-percentile of the update quality scores within each
cluster. If a client's score falls below the threshold, the client is considered to have contributed negatively during that
communication round. During early training, when model updates fluctuate significantly, a relatively low percentile
threshold is adopted. As training progresses and models stabilize, the threshold gradually increases, allowing stricter
evaluation of client behavior. Positive behaviors increase the client's reputation, whereas negative behaviors decrease
it. The complete reputation evaluation procedure is summarized in Algorithm 2.

4 COMPUTATIONAL COMPLEXITY ANALYSIS

To evaluate the computational efficiency of the Federated Agentic Intelligence Framework (FAIF), its computational
complexity is compared with representative clustered federated learning approaches, including Clustered Federated
Learning (CFL) [1] and FeSEM [7]. From a time complexity perspective, the computational overhead of FAIF is primarily
dominated by two operations: the construction of the client similarity matrix, which requires 0(N?) time, and the
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HDBSCAN-based density clustering process, which has a complexity of O(NlogN). Consequently, the overall time
complexity of FAIF is O(N?2), where N denotes the number of participating federated clients. For comparison, CFL
employs a recursive bi-partition clustering strategy with an overall time complexity of 0(N?), whereas FeSEM, which is
built upon an Expectation-Maximization (EM) optimization framework, has a time complexity of O(T X N X K), where
T represents the number of EM iterations and KKK denotes the predefined number of clusters. From a space complexity
perspective, FAIF maintains the client similarity matrix, cluster assignment information, and the reputation score
vector, resulting in an overall space complexity of O(N? + N). In comparison, CFL requires storage of client model
parameters, leading to a space complexity of O(N X M), where M is the dimensionality of the model parameters.

Since FeSEM maintains multiple cluster centroids together with intermediate variables required by the EM optimization
process, its space complexity becomes O(N X K X M). Although the theoretical computational complexity of FAIF is not
always lower than existing clustering-based federated learning methods, it offers significant practical efficiency
advantages. By employing the HDBSCAN density-based clustering algorithm, FAIF determines the optimal cluster
structure adaptively within a single clustering operation, thereby eliminating the need for recursive partitioning as
required by CFL and repeated EM optimization as required by FeSEM. This substantially reduces clustering overhead
and accelerates convergence in large-scale federated environments. Furthermore, the dual-dimensional reputation
evaluation mechanism enables FAIF to effectively identify reliable client updates while preserving cluster
personalization. As a result, the framework maintains high execution efficiency and robustness even in highly
heterogeneous environments containing malicious participants, making it well suited for practical deployment in
privacy-preserving, distributed intelligent systems.
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Figure 2: Workflow of the Federated Agentic Intelligence Framework for Privacy-Preserving Collaborative
Intelligence

5 EXPERIMENTAL EVALUATION AND RESULTS

5.1 Experimental Setup

The proposed Federated Agentic Intelligence Framework (FAIF) was evaluated to demonstrate its effectiveness in
enabling privacy-preserving collaborative intelligence across heterogeneous organizations. The experiments
considered three representative application domains—retail, financial services, and network management—to validate
the framework under realistic cross-domain operational environments. The experimental platform consisted of
multiple federated organizations that maintained their datasets locally while collaboratively training global models
without sharing raw information. A Large Language Model (LLM) served as the reasoning engine, Retrieval-Augmented
Generation (RAG) retrieved domain-specific knowledge, Knowledge Graphs enriched semantic reasoning, and
Explainable Al (XAI) generated transparent decision explanations. Specialized intelligent agents were deployed for
inventory management in retail, fraud investigation in finance, and autonomous network monitoring in communication
systems. The federated learning process employed local model training followed by secure parameter aggregation. To
evaluate framework robustness, heterogeneous data distributions were generated using different data partition
strategies. In addition, adversarial participants performing model poisoning and misleading updates were introduced
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to simulate realistic security threats. Performance was evaluated using prediction accuracy, communication efficiency,
response latency, answer relevance, hallucination reduction, explainability, and privacy preservation.
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6 EXPERIMENTAL RESULTS AND ANALYSIS

The proposed FAIF framework was compared with conventional Federated Learning, centralized LLM systems,
Retrieval-Augmented Generation, and hybrid federated intelligence approaches. Figures 2-8 summarize the
performance of the proposed framework under different experimental conditions.

6.1 Overall Framework Performance

Figure 2 illustrates the overall performance comparison between FAIF and baseline approaches across different
application domains. The proposed framework consistently achieves higher prediction accuracy because multiple
intelligent agents collaboratively perform reasoning while federated learning enables knowledge sharing without
exposing sensitive organizational data. Compared with conventional federated learning systems, FAIF demonstrates
improved convergence due to the integration of specialized agents that exchange high-level semantic knowledge rather
than raw datasets. The coordinated interaction among Retrieval-Augmented Generation, Knowledge Graph reasoning,
and federated learning allows the framework to maintain stable performance even under heterogeneous data
distributions.
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Figure 5: Experimental Setup and Data Flow for Federated Agentic Intelligence Evaluation

6.2 Retrieval-Augmented Reasoning Performance

Figure 3 presents the effectiveness of Retrieval-Augmented Generation in reducing hallucinated responses generated
by large language models. Without external retrieval, language models occasionally produce incomplete or factually
incorrect answers when handling domain-specific queries. By retrieving relevant contextual information from
distributed knowledge repositories, FAIF substantially improves answer relevance and factual consistency. The
integration of Knowledge Graph reasoning further enhances contextual understanding by establishing semantic
relationships among entities. Consequently, the generated responses become more accurate, explainable, and traceable.

Retail Domain Financial Domain Networking Domain
% @ R
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Privacy-preserving collaborative intelligence achieved across
domains without sharing sensitive data.

Figure 6: Cross-Domain Collaborative Analytics Results
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6.3 Privacy Preservation and Security Analysis

Figure 4 compares the robustness of FAIF under benign and adversarial federated learning environments. The results
demonstrate that the proposed framework effectively preserves data privacy by ensuring that organizational data never
leaves local infrastructures. During model poisoning and malicious update attacks, collaborative agent verification
mechanisms successfully identify abnormal model behaviors before global aggregation. This significantly reduces the
impact of malicious participants while maintaining stable model accuracy throughout the training process. Compared
with traditional federated learning systems, FAIF achieves stronger resistance against adversarial attacks without
introducing excessive computational overhead.
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Figure 8: Comparative Performance Analysis of FAIF with Existing Intelligent Analytics Frameworks

6.4 Explainability Evaluation

Figure 5 illustrates the explainability performance of the proposed framework. Unlike conventional black-box language
models, FAIF provides transparent reasoning paths through Knowledge Graph integration and Explainable Al modules.
Each intelligent agent generates intermediate reasoning steps together with supporting evidence retrieved through
RAG. The explainability module visualizes the relationship between retrieved knowledge, intermediate reasoning, and
final predictions, enabling users to understand why a particular recommendation or decision has been generated. This
transparency significantly improves user trust while supporting regulatory compliance in privacy-sensitive domains.

6.5 Cross-Domain Collaborative Analytics

Figure 6 evaluates collaborative analytics across retail, financial services, and networking environments. In the retail
domain, intelligent agents successfully coordinated inventory synchronization and supply-chain optimization. Financial
agents effectively performed fraud investigation and risk assessment using privacy-preserving collaborative learning.
Networking agents detected anomalies and optimized traffic management without exposing sensitive operational logs.
The experimental results indicate that specialized agents operating on local organizational data can collaboratively
improve overall system intelligence while maintaining strict privacy guarantees.
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6.6 Performance under Heterogeneous Data Distributions

Figure 7 compares framework performance under multiple heterogeneous data distributions. The experiments
considered five representative scenarios:

Low data heterogeneity without adversarial attacks

Low heterogeneity with malicious participants

High heterogeneity without attacks

High heterogeneity with poisoning attacks

High heterogeneity with asynchronous communication delays

Across all scenarios, FAIF consistently outperformed baseline methods. The integration of federated learning with
multi-agent collaboration enables each organization to preserve its local data characteristics while still benefiting from
global collaborative intelligence. Even under highly heterogeneous environments, the framework maintained stable
prediction accuracy, demonstrating strong adaptability to real-world distributed deployments.

6.7 Overall Comparative Performance

Figure 8 summarizes the comprehensive comparison among all evaluated methods. The proposed FAIF framework
achieves the highest overall performance in terms of prediction accuracy, response relevance, privacy preservation,
explainability, and robustness against adversarial participants. The collaborative interaction between federated
learning, Retrieval-Augmented Generation, Knowledge Graph reasoning, and intelligent agents significantly reduces
hallucinated responses while improving contextual reasoning and decision transparency. Furthermore, secure
federated aggregation enables organizations to participate in collaborative analytics without exposing sensitive
information, making FAIF suitable for large-scale intelligent enterprise ecosystems.

7 CONCLUSION

The proposed Federated Agentic Intelligence Framework (FAIF) integrates Federated Learning, Large Language
Models, Multi-Agent Systems, Knowledge Graphs, Retrieval-Augmented Generation, and Explainable Al into a unified
privacy-preserving collaborative intelligence platform. Experimental results presented in Figures 2-8 demonstrate that
the framework consistently improves prediction accuracy, contextual reasoning, explainability, privacy preservation,
and robustness across retail, financial, and networking applications. The coordinated interaction among specialized
intelligent agents enables secure knowledge sharing without revealing sensitive organizational data, making the
framework suitable for heterogeneous distributed environments. Future work will focus on adaptive agent
collaboration, lightweight federated optimization, secure cross-domain trust management, real-time deployment, and
large-scale enterprise applications.
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