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ABSTRACT
Recently, wireless edge networks have realized intelligent operation and management with edge artificial intelligence (AI) techniques (i.e., federated edge learning). However, the trustworthiness and effective incentive mechanisms of federated edge learning (FEL) have not been fully studied. Thus, the current FEL framework will still suffer untrustworthy or low-quality learning parameters from malicious or inactive learners, which undermines the viability and stability of FEL. To address these challenges, the potential social attributes among edge devices and their users can be exploited, while not included in previous works. In this paper, we propose a novel Social Federated Edge Learning framework (SFEL) over wireless networks, which recruits trustworthy social friends as learning partners. First, we build a social graph model to find like-minded friends, comprehensively considering the mutual trust and learning task similarity. Besides, we propose a social effect based incentive mechanism for better personal federated learning behaviors with both complete and incomplete information. Finally, we conduct extensive simulations with the Erdos-Renyi random network, the Facebook network, and the classic MNIST/CIFAR-10 datasets. Simulation results demonstrate our framework could realize trustworthy and efficient federated learning over wireless edge networks, and it is superior to the existing FEL incentive mechanisms that ignore social effects.
        
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Existing multiple access technologies such as orthogonal frequency-division multiple access (OFDMA) and code division multiple access (CDMA) are purely for rate-driven communication and fail to adapt to the actual learning task.
· The key innovation underpinning the learning-driven multiple access is to exploit the insight that the learning task involves computing some aggregating function (e.g., averaging or finding the maximum) of multiple data samples, rather than decoding individual samples as in the existing scheme.
· Based on the traditional approach of communication-computing separation, existing methods of radioresource management (RRM) are designed to maximize the efficiency of spectrum utilization by carefully allocating the scarce radio resources such as power, frequency band and access time. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· In this paper, we consider the problem of learning model parameters from data distributed across multiple edge nodes, without sending raw data to a centralized place.
· In this paper, we address the problem of how to efficiently utilize the limited computation and communication resources at the edge for the optimal learning performance.
· Related studies on distributed optimization that are applicable for machine learning applications also include, where a separate solver is used to solve a local problem.
· The main focus of is the trade-off between communication and optimality, where the complexity of solving the local problem (such as the number of local updates needed) is not studied. 
2.2. PROPOSED SYSTEM 
· This intuition has been captured by a recently proposed technique called over-the-air computation (AirComp). 
· By allowing simultaneous transmission, AirComp can dramatically reduce the multiple access latency by a factor equal to the number of users (i.e., 100 times for 100 users). 
· It provides a promising solution for overcoming the communication latency bottleneck in edge learning. 
· Two multiple access schemes, namely the conventional OFDMA and the proposed AirComp, are compared. They mainly differ in how the available sub-channels are shared.
· This illustrates the proposed design principle and shows its effectiveness in adapting retransmission to data importance.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The performance of the proposed algorithm is evaluated via extensive experiments with real datasets, both on a networked prototype system and in a larger-scale simulated environment.
· The latter have shown very promising performance in recent years, for complex tasks such as image classification. 
· In this paper, we address the problem of how to efficiently utilize the limited computation and communication resources at the edge for the optimal learning performance.
· We evaluate the performance of the proposed control algorithm via extensive experiments using real datasets both on a hardware prototype and in a simulated environment, which confirm that our proposed approach provides near-optimal performance for different data distributions, various machine learning models, and system configurations with different numbers of edge nodes. 
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	            AUTHORS
	     DESCRIPTION

	When edge meets learning: adaptive control for resourceconstrained distributed machine learning
	S. Wang, T. Tuor, T. Salonidis, K. K. Leung, C. Makaya, T. He, and K. Chan, 
	Machine learning models are often built from the collected data, to enable the detection, classification, and prediction of future events.

	Fog and IoT: An overview of research opportunities
	M. Chiang and T. Zhang, 
	This survey paper summarizes the opportunities and challenges of fog, focusing primarily in the networking context of IoT.

	A survey on mobile edge computing: The communication perspective
	Y. Mao, C. You, J. Zhang, K. Huang, and K. B. Letaief, 
	The promised gains of MEC have motivated extensive efforts in both academia and industry on developing the technology.

	Mobile edge computing: A survey on architecture and computation offloading
	P. Mach and Z. Becvar, 
	Technological evolution of mobile user equipment (TIEs), such as smartphones or laptops, goes hand-in-hand with evolution of new mobile applications.



2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.
2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   
2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard
2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard
2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005
CHAPTER 3
  SYSTEM DESIGN AND DEVELOPEMENT
SYSTEM ARCHICTURE
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                                                      CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

















                               CHAPTER 5
CONCLUSION:
    In this paper, we have focused on gradient-descent based federated learning that include local update and global aggregation steps. Each step of local update and global aggregation consumes resources. We have analyzed the convergence bound for federated learning with non-i.i.d. data distributions. Using this theoretical bound, a control algorithm has been proposed to achieve the desirable trade-off between local update and global aggregation in order to minimize the loss function under a resource budget constraint. Extensive experimentation results confirm the effectiveness of our proposed algorithm. Future work can investigate how to make the most efficient use of heterogeneous resources for distributed learning, as well as the theoretical convergence analysis of some form of non-convex loss functions representing deep neural networks. 
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