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ONLINE DEEP REINFORCEMENT LEARNING FOR COMPUTATION OFFLOADING IN BLOCKCHAIN-EMPOWERED MOBILE EDGE COMPUTING






ABSTRACT
Offloading computation-intensive tasks (e.g., blockchain consensus processes and data processing tasks) to the edge/cloud is a promising solution for blockchain-empowered mobile edge computing.  However, the traditional offloading approaches (e.g., auction-based and game-theory approaches) fail to adjust the policy according to the changing environment and cannot achieve long-term performance. Moreover, the existing deep reinforcement learning-based offloading approaches suffer from the slow convergence caused by high-dimensional action space. In this paper, we propose a new model-free deep reinforcement learning-based online computation offloading approach for blockchain-empowered mobile edge computing in which both mining tasks and data processing tasks are considered. First, we formulate the online offloading problem as a Markov decision process by considering both the blockchain mining tasks and data processing tasks. Then, to maximize longterm offloading performance, we leverage deep reinforcement learning to accommodate highly dynamic environments and address the computational complexity. Furthermore, we introduce an adaptive genetic algorithm into the exploration of deep reinforcement learning to effectively avoid useless exploration and speed up the convergence without reducing performance. Lastly, our experimental results demonstrate that our algorithm can converge quickly and outperform three benchmark policies. 
CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Most of these existing works show how RL has been effectively applied to MEC based networks due to network dynamics.
· Random task generation and arrival exist for a mobile device since independent tasks are possibly sensed, collected, and generated by multiple types of applications stochastically. 
· The existing DRL algorithms in terms of convergence, stability, and robustness, proposed a multiagent DRL-based cooperative computation offloading policy in the NOMA enabled MEC system with the aid of expert strategies, scatter networks, and hierarchical agents.
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· The slow convergence caused by high-dimensional action space remains an urgent and challenging problem.
· In this paper, we study the computation offloading problem for both mining tasks and data processing tasks in multi-hop multi-user blockchain-empowered MEC. 
· In our performance optimization problem, it is important to note that costs such as energy consumption and purchasing VMs should be paid immediately. 
2.2. PROPOSED SYSTEM 
· To minimize the expected long-term cost of task delay and dropping penalty, the optimal offloading decision making strategy was proposed in with the aid of long short-term memory (LSTM), dueling DQN, and double DQN algorithms.
· In, a low-complexity DRL-based task execution time and energy consumption optimization is proposed to avoid frequent offloading decisions and resource allocation recalculations, considering time-varying wireless channels and dynamic edge computational resources.
· A context-aware attention mechanism is proposed for the online weight adjustment of each action value.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The performance of the algorithm is greatly affected by the convergence and accuracy of the deep Q-network (DQN).
· In this way, we can make the most of the evaluating role of critic network in exploration, avoiding useless exploration to a great extent without reducing the performance.
· A resource allocation algorithm based on deep Qlearning is proposed into optimize the performance of computation offloading in MEC. 
· All these algorithms are constrained by the trade-off between efficiency and optimality. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Qos-aware cooperative computation offloading for robot swarms in cloud robotics 
	Z. Hong, H. Huang, S. Guo, W. Chen, and Z. Zheng. 
	In this paper, we propose a quality of service (QoS)-aware cooperative computation-offloading scheme for robot swarms using game theory.  

	Blockchain for secure and efficient data sharing in vehicular edge computing and networks
	J. Kang, R. Yu, X. Huang, M. Wu, S. Maharjan, S. Xie, and Y. Zhang. 
	We exploit consortium blockchain and smart contract technologies to achieve secure data storage and sharing in vehicular edge networks.  

	Mobile-edge computation offloading for ultradense iot networks 
	H. Guo, J. Liu, J. Zhang, W. Sun, and N. Kato. 
	In order to meet the diverse quality-of-service and quality of experience demands from the ever-increasing IoT applications, the ultradense IoT networks face unprecedented challenges. 

	Credit-based payments for fast computing resource trading in edge-assisted internet of things
	Z. Li, Z. Yang, S. Xie, W. Chen, and K. Liu. 
	In our resource-coin loan problem, we propose an iterative double-auction-based algorithm, where a broker is introduced to solve the loan allocation problem and to determine the size of the loan each lender would provide to each borrower.  



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 propose a deep reinforcement learning based online computation offloading approach for blockchain empowered MEC, in which both mining tasks and data processing tasks are considered. To achieve long-term offloading performance, our DRGO algorithm uses model-free deep reinforcement learning to adapt to highly dynamic environments and maximize the long-term reward. In particular, to overcome the slow convergence caused by the high-dimensional action space, the DRGO algorithm takes advantage of the genetic algorithms into deep reinforcement learning during the exploration process, survives the curse of high-dimensional action space, and converges at a acceptable speed. Simulation results have shown that the DRGO algorithm achieves better performance compared with three representative benchmark policies and shows strong robustness under various environments. In future work, we plan to study the exploration mechanism to further improve the efficiency of the exploration, which is the key to solve the convergence problem of deep reinforcement learning.
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