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ABSTRACT
This paper proposes a communication strategy for decentralized learning in wireless systems that employs adaptive modulation and coding capability. The main objective of this work is to address a critical issue in decentralized learning based on the cooperative stochastic gradient descent (C-SGD) over wireless systems: the relationship between the transmission rate and the network density influences the runtime performance of learning. We first present that a dense network topology does not necessarily benefit the iteration performance of learning than a sparse one. However, it tends to degrade the runtime performance because the dense network topology requires a low-rate transmission. Based on these findings, a communication strategy is proposed in which each node optimizes its transmission rate to minimize communication time during the C-SGD under the constraints of network density. We perform numerical simulations of an image classification task under both independent and identically distributed (i.i.d.) and non-i.i.d. settings. The simulation results reveal that the preferred setting for the network density depends on the channel conditions and the biases in the training samples. Furthermore, numerical simulations of an automatic modulation classification task indicate that the preferred setting is almost the same even if the training task is different.

                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Several key wireless communication setups call for coordination capabilities between otherwise interfering transmitters. 
· Coordination or cooperation can be achieved at the expense of channel state information exchange.
· Intuition has it that such message should convey a combination of channel state information (CGI) and possibly some power control decision-related information, although the optimal form of the message is still elusive. 
· Another question lies in what optimal power control decision should be taken at each node, based on locally available CGI and the exchanged messages. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· This problem has motivated many researchers to investigate machine learning techniques that utilize distributed computing resources, such as multiple graphical processing units in one computer, numerous servers in a data center, or smartphones distributed over a city.
· There is a critical problem that must be considered before realizing decentralized machine learning in wireless systems.
· An outcome from the first step can be easily obtained by solving a simple combinatorial optimization problem. 
· These examples show that the impact of network density on the training loss of the C-SGD increases as the number of iterations K increases.
2.2. PROPOSED SYSTEM 
· We propose a deep learning framework for power control scheme in decentralized networks considering limited message exchange between agents. 
· The performance of the proposed scheme is compared with conventional power control schemes in terms of sum rate. 
· The proposed DNN-based scheme outperforms the centralized WMMSE scheme when it is allowed to exchange information.
· We have proposed the deep learning based continuous power control scheme in a decentralized network where the information sharing between nodes are enabled. 
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· In contrast, low-rate transmissions enable denser network topologies, meaning that the training performance versus the number of iterations can be improved; however, the runtime performance deteriorates because the total communication time increases.
· However, the model-parameter sharing process tends to be a bottleneck in terms of runtime performance because the number of model parameters that must be communicated is often large.
· These factors heavily deteriorate the runtime performance of decentralized machine learning.
· Based on the findings, we propose a novel communication strategy for improving the runtime performance of decentralized learning in wireless systems. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Network-density-controlled decentralized parallel stochastic gradient descent in wireless systems
	K. Sato, Y. Satoh, and D. Sugimura, 
	These factors significantly degrade the runtime performance of D-PSGD. To alleviate such problems, we first analyze the runtime performance of D-PSGD by considering real wireless systems.

	Edge computing: Vision and challenges
	W. Shi, J. Cao, Q. Zhang, Y. Li, and L. Xu, 
	Edge computing has the potential to address the concerns of response time requirement, battery life constraint, bandwidth cost saving, as well as data safety and privacy.

	Learning IoT in edge: Deep learning for the internet of things with edge computing
	H. Li, K. Ota, and M. Dong, 
	Deep learning is a promising approach for extracting accurate information from raw sensor data from IoT devices deployed in complex environments.

	Distributed stochastic subgradient projection algorithms for convex optimization
	S. Ram, A. Nedic, and V. Veeravalli, 
	We consider a distributed multi-agent network system where the goal is to minimize a sum of convex objective functions of the agents subject to a common convex constraint set.



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:
    This study proposed a novel communication strategy for decentralized learning based on C-SGD algorithm in wireless systems employing AMC capability. The proposed method incorporates the network topology density as a hyper-parameter in the decentralized learning framework to improve runtime performance. It was observed that a dense network topology does not necessarily benefit the training performance of decentralized learning compared to a sparse one, whereas the runtime performance in a dense setting is strongly degraded because a low-rate transmission is required. Based on these findings, we proposed a rate-adaptation strategy under the constraints of the network topology. This strategy enables each node of a network to communicate with a high transmission rate depending on the network density, thereby improving the runtime performance of decentralized learning. 
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