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ABSTRACT
We study federated learning (FL) at the wireless edge, where power-limited devices with local datasets collaboratively train a joint model with the help of a remote parameter server (PS). We assume that the devices are connected to the PS through a bandwidth-limited shared wireless channel. At each iteration of FL, a subset of the devices are scheduled to transmit their local model updates to the PS over orthogonal channel resources, while each participating device must compress its model update to accommodate to its link capacity. We design novel scheduling and resource allocation policies that decide on the subset of the devices to transmit at each round, and how the resources should be allocated among the participating devices, not only based on their channel conditions, but also on the significance of their local model updates. We then establish convergence of a wireless FL algorithm with device scheduling, where devices have limited capacity to convey their messages. The results of numerical experiments show that the proposed scheduling policy, based on both the channel conditions and the significance of the local model updates, provides a better long-term performance than scheduling policies based only on either of the two metrics individually. Furthermore, we observe that when the data is independent and identically distributed (i.i.d.) across devices, selecting a single device at each round provides the best performance, while when the data distribution is non-i.i.d., scheduling multiple devices at each round improves the performance. This observation is verified by the convergence result, which shows that the number of scheduled devices should increase for a less diverse and more biased data distribution.





        	







                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· In addition to validating the theoretical convergence, our experiments also showed that the proposed algorithm can boost the convergence speed compared to an existing baseline approach.
· Contrary to most of these works which make use of existing, standard FL algorithms, our work proposes a new one. 
· Nevertheless, these works lack studies on unbalanced and heterogeneous data among UEs. 
· We study how the computation and communication characteristics of UEs can affect their energy consumption, training time, convergence and accuracy level of FL, considering heterogeneous UEs in terms of data size, channel gain and computational and transmission power capabilities. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· In , resource allocation across devices for FL over wireless channels is formulated as an optimization problem aiming to minimize the learning empirical loss function.
· We highlight that, compared to the channel conditions, scheduling based on the significance of the model updates has a greater impact on the performance at the initial iterations when the gradients are more aggressive. 
· Frequency of participation of the devices is introduced as a device scheduling metric in. 
· Also, a device scheduling policy for FL over wireless channels is studied in to minimize the training delay. 
2.2. PROPOSED SYSTEM 
· In , optimization over batch size and wireless resources is proposed to speed up FL. 
· FL over a Gaussian multiple access channel (MAC) with limited bandwidth is studied in , and novel digital and analog approaches are proposed for the transmissions from the devices. 
· We have proposed novel device scheduling algorithms that consider not only the channel conditions of the devices,but also the significance of their local model updates. 
· Numerical results show that the proposed scheduling policy provides a better long-term performance than scheduling policies based only on either of the two metrics individually.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· To the best of our knowledge, this is the first convergence result evaluating the performance of FL as a function of the number of scheduled devices at each round, as well as the number of bits each participating device can transmit, which reduces with the number of participating devices.
· The goal is to identify the set of scheduled devices at each iteration that results in the best performance.
· We compare the performance of different scheduling policies for the IID data distribution scenario. The goal here is to find the value of K resulting in the best performance for each scheduling policy. 
· As can be seen, for all the scheduling policies, unlike in the IID case, scheduling a single device results in instability of the learning performance appearing as fluctuations in their accuracy levels over iterations. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Federated learning: Strategies for improving communication efficiency
	J. Konecny, H. B. McMahan, F. X. Yu, P. Richtarik, A. T. Suresh, and D. Bacon, 
	The proposed methods are evaluated on the application of training a deep neural network to perform image classification. 

	Communication-efficient learning of deep networks from decentralized data
	H. B. McMahan, E. Moore, D. Ramage, S. Hampson, and B. A. y Arcas, 
	We advocate an alternative that leaves the training data distributed on the mobile devices, and learns a shared model by aggregating locally-computed updates. 

	Federated learning: Collaborative machine learning without centralized training data
	B. McMahan and D. Ramage, 
	Traditional machine learning solutions assume the existence of (cloud-based) central entities that are in charge of processing the data.

	Federated multi-task learning
	V. Smith, C.-K. Chiang, M. Sanjabi, and A. S. Talwalkar, 
	Federated learning poses new statistical and systems challenges in training machine learning models over distributed networks of devices.



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:
    We have studied FL under limited power and bandwidth resources considering block fading channels from the devices to the PS. We have considered orthogonal digital transmissions from the devices to the PS, and studied various scheduling algorithms to decide which devices participate in the learning process at each round. There is a natural tradeoff between the number of devices participating and the fraction of resources allocated to each device. With more devices scheduled for transmission, the global model parameters are updated at the PS by utilizing a larger fraction of the training data samples; while, each device provides a less accurate estimate of its local model update due to the limited resources available per device. We have proposed novel device scheduling algorithms that consider not only the channel conditions of the devices, but also the significance of their local model updates. We have also established convergence result for FL over power-and bandwidth-limited wireless networks with device scheduling, which, to the best of our knowledge, provides the first convergence result in the literature for the setting under consideration. Experiments on the MNIST dataset have shown that it is beneficial to schedule devices based on both their channel conditions and the significance of their model updates rather than considering only one of the two metrics. Also, the best number of participating devices for each considered policy depends on the type of data distribution across devices; for an IID scenario, it is better to schedule a single device, whereas for a non-IID scenario, scheduling a moderate number of devices provides the best performance. The observation on the best number of scheduled devices for IID and non-IID data distribution scenarios is corroborated by the convergence result, where the asymmetry in the data distribution, which corresponds to non-IID scenario, is introduced by increasing the variance of the local gradients. 
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