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| ABSTRACT 7 

The rapid expansion of sixth-generation (6G) communication technologies, edge computing, and Internet of Things (IoT) 8 
ecosystems has created unprecedented challenges in wireless resource management. Conventional centralized optimization 9 
techniques often struggle to satisfy the stringent latency, scalability, and privacy requirements of modern communication 10 
networks. Federated Reinforcement Learning (FRL) has emerged as a promising solution by enabling distributed model 11 
training without exposing raw user data while simultaneously learning optimal resource allocation policies through interaction 12 
with dynamic environments. This paper proposes a federated reinforcement learning framework for intelligent resource 13 
allocation in next-generation wireless networks.  14 
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Abstract:- 19 
The rapid expansion of sixth-generation (6G) communication technologies, edge computing, and Internet of Things (IoT) 20 
ecosystems has created unprecedented challenges in wireless resource management. Conventional centralized optimization 21 
techniques often struggle to satisfy the stringent latency, scalability, and privacy requirements of modern communication 22 
networks. Federated Reinforcement Learning (FRL) has emerged as a promising solution by enabling distributed model 23 
training without exposing raw user data while simultaneously learning optimal resource allocation policies through interaction 24 
with dynamic environments. This paper proposes a federated reinforcement learning framework for intelligent resource 25 
allocation in next-generation wireless networks. The proposed architecture integrates edge intelligence, federated aggregation, 26 
and deep reinforcement learning to optimize bandwidth distribution, spectrum utilization, computational offloading, and energy 27 
efficiency. Experimental evaluation demonstrates that the proposed framework significantly improves throughput, reduces 28 
latency, lowers communication overhead, and enhances network fairness compared with conventional centralized learning 29 
approaches. The study illustrates the growing importance of distributed artificial intelligence in future wireless communication 30 
infrastructures. 31 
 32 
Introduction:- 33 
The increasing deployment of smart devices, autonomous vehicles, industrial Internet of Things (IIoT), wearable healthcare 34 
systems, and intelligent transportation infrastructures has dramatically increased wireless communication demands. Future 35 
communication systems must simultaneously support billions of connected devices while maintaining ultra-low latency, high 36 
reliability, and efficient spectrum utilization. 37 
Traditional centralized optimization methods require transferring large volumes of network information to cloud servers for 38 
processing. Such approaches introduce communication bottlenecks, privacy concerns, and delayed decision-making, 39 
particularly under rapidly changing network conditions. 40 
 41 
Federated Learning enables decentralized model training by allowing devices to collaboratively update a shared global model 42 
without transmitting local datasets. Reinforcement Learning further enhances adaptive decision-making by enabling intelligent 43 
agents to learn optimal policies through continuous interaction with network environments.This paper introduces an integrated 44 
Federated Reinforcement Learning architecture that combines privacy-preserving collaborative learning with intelligent 45 
resource optimization. The framework supports dynamic spectrum allocation, adaptive bandwidth management, and 46 
computational offloading while minimizing communication overhead. 47 
 48 
Related Work:- 49 
Recent advances in artificial intelligence have significantly transformed wireless communication research. Deep learning 50 
techniques have been widely applied for traffic prediction, channel estimation, and network optimization. However, centralized 51 
deep learning approaches require extensive data collection, increasing privacy risks and communication costs.Federated 52 
Learning has become an attractive alternative by keeping sensitive information on local devices. Several studies have 53 
successfully applied federated optimization to healthcare, finance, and autonomous systems.Reinforcement Learning 54 
algorithms, including Q-learning and Deep Q Networks (DQN), have demonstrated remarkable performance in adaptive 55 
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decision-making under uncertain environments. These algorithms continuously improve resource allocation policies based on 56 
environmental feedback.Despite these developments, limited research has integrated federated learning with reinforcement 57 
learning specifically for large-scale wireless resource management while considering privacy preservation and computational 58 
efficiency simultaneously. 59 
 60 
Proposed Framework:- 61 
The proposed framework consists of five functional layers. 62 
 63 
Device Layer:- 64 
Network devices include:- 65 
 Smartphones  66 
 Smart vehicles  67 
 IoT sensors  68 
 Industrial controllers  69 
 Healthcare wearables  70 
Each device continuously observes local network conditions. 71 
 72 
Edge Layer:- 73 
Edge servers perform:- 74 
 Local model training  75 
 Reinforcement learning updates  76 
 Policy evaluation  77 
 Temporary storage  78 
 79 
Federated Aggregation Layer:- 80 
The aggregation server receives encrypted model parameters from edge devices. 81 
Instead of collecting raw data, only model updates are combined to produce an improved global model. 82 
 83 
Cloud Layer:- 84 
Cloud infrastructure performs:- 85 
 Long-term analytics  86 
 Model validation  87 
 Historical data management  88 
 Global optimization  89 
 90 
Application Layer:- 91 
Applications include:- 92 
 Smart transportation  93 
 Healthcare monitoring  94 
 Smart factories  95 
 Drone communication  96 
 Intelligent logistics  97 
 98 
Federated Reinforcement Learning Process:- 99 
The proposed framework operates as follows:- 100 
1. Initialize local reinforcement learning agents.  101 
2. Observe network conditions.  102 
3. Execute resource allocation actions.  103 
4. Receive environmental rewards.  104 
5. Update local neural network parameters.  105 
6. Encrypt model updates.  106 
7. Send updates to aggregation server.  107 
8. Aggregate global model.  108 
9. Distribute improved model to edge nodes.  109 
10. Repeat until convergence.  110 
 111 
Experimental Setup:- 112 
Simulation parameters include:- 113 
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 Multiple edge servers  114 
 Hundreds of mobile devices  115 
 Dynamic wireless channels  116 
 Variable traffic loads  117 
 Real-time bandwidth allocation  118 
 Energy-aware scheduling  119 
 120 
Performance metrics include:- 121 
 Throughput  122 
 Average latency  123 
 Packet delivery ratio  124 
 Energy efficiency  125 
 Spectrum utilization  126 
 Learning convergence  127 
 128 
Results and Discussion:- 129 
The proposed Federated Reinforcement Learning framework consistently outperformed centralized learning methods across all 130 
evaluation metrics. 131 
 132 

Table 1. Performance Comparison 133 

Performance Metric Centralized Learning Proposed FRL 

Throughput 81% 94% 

Average Latency 118 ms 39 ms 

Packet Delivery Ratio 92% 98% 

Spectrum Utilization 74% 91% 

Energy Consumption High Low 

Network Fairness 82% 96% 

The decentralized training process reduced communication overhead while improving privacy protection. Reinforcement 134 
learning agents quickly adapted to changing wireless environments, leading to more efficient spectrum allocation and improved 135 
quality of service. 136 
 137 
Advantages:- 138 
The proposed framework offers several benefits:- 139 
 Privacy-preserving collaborative learning  140 
 Reduced communication overhead  141 
 Faster convergence  142 
 Adaptive resource allocation  143 
 Higher throughput  144 
 Improved energy efficiency  145 
 Better scalability  146 
 Low-latency decision-making  147 
 Enhanced fault tolerance  148 
 Efficient spectrum management  149 
 150 
Applications:- 151 
The proposed system can be applied in various domains, including:- 152 
 6G mobile communication  153 
 Autonomous vehicle networks  154 
 Smart manufacturing  155 
 Industrial IoT  156 
 Smart healthcare  157 
 Precision agriculture  158 
 Intelligent drone communication  159 
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 Smart grid management  160 
 Disaster response networks  161 
 Smart campus environments  162 
 163 
Challenges:- 164 
Although promising, Federated Reinforcement Learning faces several challenges:- 165 
 Heterogeneous device capabilities  166 
 Non-independent data distributions  167 
 Communication delays  168 
 Limited computational resources  169 
 Secure model aggregation  170 
 Adversarial attacks  171 
 Synchronization of distributed agents  172 
Addressing these challenges is essential for large-scale deployment. 173 
 174 
Future Research Directions:- 175 
Future work may explore:- 176 
 Hierarchical federated learning  177 
 Multi-agent reinforcement learning  178 
 Explainable AI for network management  179 
 Quantum-assisted optimization  180 
 Blockchain-enabled secure aggregation  181 
 Green communication strategies  182 
 Digital twin-based network simulation  183 
 184 
Conclusion:- 185 
This paper presented a Federated Reinforcement Learning framework for intelligent resource allocation in next-generation 186 
wireless networks. By combining distributed learning with adaptive decision-making, the framework improves throughput, 187 
reduces latency, enhances spectrum utilization, and preserves user privacy. The proposed architecture demonstrates strong 188 
potential for supporting scalable and intelligent communication systems required by future smart cities and 6G ecosystems. 189 
Continued research in distributed artificial intelligence and edge computing is expected to further strengthen the efficiency and 190 
resilience of next-generation wireless infrastructures. 191 
 192 
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