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ABSTRACT
    Graph node embedding aims at learning a vector representation for all nodes given a graph. It is a central problem in many machine learning tasks (e.g., node classification, recommendation, community detection). The key problem in graph node embedding lies in how to define the dependence to neighbors. Existing approaches specify (either explicitly or implicitly) certain dependencies on neighbors, which may lead to loss of subtle but important structural information within the graph and other dependencies among neighbors. This intrigues us to ask the question: can we design a model to give the adaptive flexibility of dependencies to each node’s neighborhood. In this paper, we propose a novel graph node embedding method (named PINE) via a novel notion of partial permutation invariant set function, to capture any possible dependence. Our method 1) can learn an arbitrary form of the representation function from the neighborhood, without losing any potential dependence structures, and 2) is applicable to both homogeneous and heterogeneous graph embedding, the latter of which is challenged by the diversity of node types. Furthermore, we provide theoretical guarantee for the representation capability of our method for general homogeneous and heterogeneous graphs. Empirical evaluation results on benchmark data sets show that our proposed PINE method outperforms the state-of-the-art approaches on producing node vectors for various learning tasks of both homogeneous and heterogeneous graphs.                          
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Network embedding aims to preserve vertex similarity in an embedding space. 
· Existing approaches usually define the similarity by direct links or common neighborhoods between nodes, i.e. structural equivalence. 
· Regular equivalence is defined in a recursive way that two regularly equivalent vertexes have network neighbors which are also regularly equivalent.
· Most of the existing network embedding methods are developed along the line of preserving observed pair-wise similarity and structural equivalence.
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Both deepwalk  and node2vec are graph embedding methods to solve the node embedding problem. 
· They convert the graph structures into a sequential context format with random walk.
· Although both of PINE and GIN study the neighborhood’s embedding construction strategy, they are formulated in different problem settings. GIN focuses on solving the Isomorphism of graphs and obtaining the MLP formulation of the embedding generation.
· This is a joint optimization problem: both the embedding vectors x v ’s and the embedding functions are jointly optimized. 
2.2. PROPOSED SYSTEM 
· A set of centralities  have been proposed to study how to capture the structural information better. Since each of them only captures one aspect of structural information, a certain centrality cannot well support different networks and applications. 
· In addition, the hand-crafted manner of designing centrality measures makes them less comprehensive to incorporate regular equivalence related information. 
· Struc2vec learns latent representations for the structural identity of nodes. Due to its high computational complexity, we use the combination of all optimizations proposed in the paper for large networks.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· GIN learns the graph embedding by aggregating all the embedding vectors for all nodes in a graph. 
· Therefore, GIN can be utilized to compute the node embedding as well although they emphasize the performance on graph classification empirically.
· We take the five largest groups to evaluate the performance of methods. Users and tags are two types of nodes.
· These heterogeneous graph datasets were introduced in Graph Transformer Networks (GTN) to show the performance on heterogeneous graph node classification performance. For the ACM, it is a citation network. The learning goal is to distinguish the categories of papers which are presented as nodes in the graph. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Graph embedding techniques, applications, and performance: A survey
	P. Goyal and E. Ferrara, 
	Graphs, such as social networks, word co-occurrence networks, and communication networks, occur naturally in various real-world applications.

	A comprehensive survey of graph embedding: Problems, techniques and applications
	H. Cai, V. W. Zheng, and K. C. Chang, 
	In this survey, we conduct a comprehensive review of the literature in graph embedding.

	Node classification in social networks
	S. Bhagat, G. Cormode, and S. Muthukrishnan, 
	Compared with the traditional classification problem, we should not only use the node features, but also consider about the relationship between nodes. 

	The link-prediction problem for social networks
	D. Liben-Nowell and J. Kleinberg, 
	Experiments on large co-authorship networks suggest that information about future interactions can be extracted from network topology alone, and that fairly subtle measures for detecting node proximity can outperform more direct measures



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:
    To summarize the whole paper, we propose PINE, a general graph embedding solution with the novel notion of partial permutation invariant set function, that in principle can capture arbitrary dependence among neighbors and automatically decide the significance of neighbor nodes at different distance for both homogeneous and heterogeneous graphs. We provide a theoretical guarantee for the effectiveness of the whole model. Through extensive experimental evaluation, we show that PINE offers better performance on both homogeneous and heterogeneous graphs, compared to stochastic trajectories based, matrix analytics based and graph neural network based state-of-the-art algorithms. For the future work, Our model can also be extended to more general cases, e.g., involving the rich content information out of graph neighborhood structures. 
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