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ABSTRACT
Learning node representations in a network has a wide range of applications. Most of the existing work focuses on improving the performance of the learned node representations by designing advanced network embedding models. In contrast to these work, this article aims to provide some understanding of the rationale behind the existing network embedding models, e.g., why a given embedding algorithm outputs the specific node representations and how the resulting node representations relate to the structure of the input network. In particular, we propose to discern the edge influence for two widely-studied classes of network embedding models, i.e., skip-gram based models and graph neural networks. We provide algorithms to effectively and efficiently quantify the edge influence on node representations, and further identify high-influential edges by exploiting the linkage between edge influence and network structure. Experimental evaluations are conducted on real datasets showing that: 1) in terms of quantifying edge influence, the proposed method is significantly faster (up to 2,000x) than straightforward methods with little quality loss, and 2) in terms of identifying high-influential edges, the identified edges by the proposed method have a significant impact in the context of downstream prediction task and adversarial attacking.

                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· A simply extended method on LINE for new vertices through updating the embedding of the new vertex and keeping the embeddings of existing vertices. 
· It is an extension for the Skip-gram based network embedding methods, which can keep the optimality of the objective in the Skip-gram based methods in theory.
· With the evolvement of networks, the representations of vertices become stale and need to be updated to keep freshness.
· The other is the time complexity of training increases linearly with the number of vertices in networks. 
· Actually, a network may not change much during a short time in dynamic situations, thus the embedding spaces should not change too much, and retraining is not necessary as well. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· We choose these competitors as they address the same problem setting as our methods, i.e., embedding general networks with only the original network topology as input. 
· The fifth extension considers the node embedding problem in heterogeneous networks which contain nodes/edges of different types. 
· For example, metapath2vec and HIN2Vec define the context network with metapaths over the heterogeneous networks, and apply skip-gram model and logistic classifier to learn the embeddings, respectively.
· We start with a basic pairwise formulation, and then augments it with a pointwise objective function. 
2.2. PROPOSED SYSTEM 
· In this paper, we propose an efficient and stable embedding framework for dynamic networks. It is an extension of the network embedding methods based on skip-gram in a dynamic setting.
· A selection mechanism is proposed to choose the original vertices affected greatly and update the representations of them.
· Due to the changes of dynamic network at each time step is small comparing with the network size, we hope to learn new vertices and only update the representations of a part of vertices to improve the efficiency. 
· Therefore, we firstly propose a decomposable objective equivalent to the Skip-gram objective, which can learn the representation of each vertex separately.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· Network embedding, which aims to automatically learn the node representations/embeddings in networks, has been attracting much research interest, largely due to its strong empirical performance in many network analysis tasks including node classification, node clustering , and link prediction.
· In practice, we found that these two choices have similar performance in many cases, and computing 𝜎 can be significantly accelerated. 
· However, as we will show in the experiment section, for both PaWine and LiWine, we often only need to use the original network as the context matrix to achieve a superior performance over the existing methods. 
· This opens the door to a whole family of network embedding methods, with enhanced empirical performance for the downstream mining tasks while still enjoying scalable computation. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Supervised random walks: predicting and recommending links in social networks
	Lars Backstrom and Jure Leskovec. 2011. 
	We achieve this by using these attributes to guide a random walk on the graph.

	A comprehensive survey of graph embedding: problems, techniques and applications
	Hongyun Cai, Vincent W Zheng, and Kevin Chang. 2018.
	Graph is an important data representation which appears in a wide diversity of real-world scenarios.

	Grarep: Learning graph representations with global structural information
	Shaosheng Cao, Wei Lu, and Qiongkai Xu. 2015. 
	In this paper, we present {GraRep}, a novel model for learning vertex representations of weighted graphs. 

	Deep neural networks for learning graph representations
	Shaosheng Cao, Wei Lu, and Qiongkai Xu. 2016. 
	This motivates the advent of graph representation which maps the graph into a low-dimension vector space, keeping original graph structure and supporting graph inference.



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 divide existing network embedding methods into two stages of context construction and objective design, and propose the ranking-oriented design principle for network embedding. We further instantiate two new network embedding algorithms, including a pairwise network embedding method PaWine which optimizes the relative weights of edge pairs in conjunction with a pointwise objective function, and a listwise method LiWine which optimizes the relative weights of edge lists. Both proposed methods have a linear time complexity with respect to the size of the context network. Comprehensive experimental evaluations demonstrate the effectiveness of the proposed approaches. Future work includes generalizing the ranking-oriented network embedding to (1) other types of embedding methods (e.g., graph convolution networks) and (2) other types of networks (e.g., attributed networks, heterogeneous information networks, knowledge graphs). 
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