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ABSTRACT
Knowledge graph (KG) embedding aims to study the embedding representation to retain the inherent structure of KGs. Graph neural networks (GNNs), as an effective graph representation technique, have shown impressive performance in learning graph embedding. However, KGs have an intrinsic property of heterogeneity, which contains various types of entities and relations. How to address complex graph data and aggregate multiple types of semantic information simultaneously is a critical issue. In this article, a novel heterogeneous GNNs framework based on attention mechanism is proposed. Specifically, the neighbor features of an entity are first aggregated under each relation-path. Then the importance of different relation-paths is learned through the relation features. Finally, each relation-path-based features with the learned weight values are aggregated to generate the embedding representation. Thus, the proposed method not only aggregates entity features from different semantic aspects but also allocates appropriate weights to them. This method can capture various types of semantic information and selectively aggregate informative features. The experiment results on three real-world KGs demonstrate superior performance when compared with several state-of-the-art methods.


                           
CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· In this paper, we provide a comprehensive survey on KG-embedding models for link prediction in knowledge graphs. 
· We first provide a theoretical analysis and comparison of existing methods proposed to date for generating KG embedding.
· The solid lines in the left figure are existing relations, and the dotted lines are possible relations. The different colors in the right figure represent various possible relations, which are calculated by the link-prediction task.
· In this paper, we comprehensively survey existing KGE models and categorize them into three groups: translational-distance-based models, semantic-matching-based models and neural-network-based models. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Graph convolution based methods overcome this problem by aggregating the features from the neighboring entities and applying a transformation function to compute the new features. 
· But these graph-based methods give equal weights to each of the neighboring entities, ignoring that the neighbors have different significance in computing new features. 
· This attention mechanism considers edges having the same type, thus it cannot be directly extended to knowledge graphs which have multiple relation types between entities. 
· This disadvantage is overcome by RelAtt as it employs an attention mechanism that helps in learning better representations. RelAtt performs better even when less contextual information is present. 
2.2. PROPOSED SYSTEM 
· In particular, many KGE models fusing external information have been proposed in recent years, in which this information is diversified. 
· However, this model does not better classify and summarize from the perspective of integrated information.We first performed a comprehensive investigation on the KGE models proposed in recent years.
· Semantic information-based models usually use similarity-based functions to define scoring functions for traditional semantic-matching models or introduce additional information to mine more knowledge for recently proposed model.
· The former recently proposed models fuse various additional information to obtain better performance to mine deeper semantic information at the bottoms of graph.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· It can be seen in the case of RGCN, as value of 𝑡ℎ increases from 0.2 to 0.5, the performance of RGCN improves because of the increased amount of context information. 
· At lower values of contextual information (0.2), RGCN performance gets worse as compared to BERT, possibly because RGCN does not differentiate between neighbors.
· We evaluate our proposed approach on three datasets - two widely used public datasets (FB15k-237 and WN18) and one proprietary dataset (Comp). FB15k-237 is obtained from FB15k by removing inverse relations; which is a subset of relational database FreeBase, containing general fact
· The higher values of MRR and Hits@K indicate the better performance of the model.
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Translating embeddings for modeling multi-relational data
	Antoine Bordes, Nicolas Usunier, Alberto Garcia-Duran, Jason Weston, and Oksana Yakhnenko. 2013. 
	Our objective is to propose a canonical model which is easy to train, contains a reduced number of parameters and can scale up to very large databases.

	Learning Structured Embeddings of Knowledge Bases
	Antoine Bordes, Jason Weston, Ronan Collobert, and Yoshua Bengio. 2011. 
	Many Knowledge Bases (KBs) are now readily available and encompass colossal quantities of information thanks to either a long-term funding effort

	KBGAN: Adversarial Learning for Knowledge Graph Embeddings
	Liwei Cai and William Yang Wang. 2018. 
	Because knowledge graph datasets typically only contain positive facts, sampling useful negative training examples is a non-trivial task.

	Convolutional 2D Knowledge Graph Embeddings
	Tim Dettmers, Pasquale Minervini, Pontus Stenetorp, and Sebastian Riedel. 2017. 
	Link prediction for knowledge graphs is the task of predicting missing relationships between entities.



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 work, we proposed a relation-aware masked attention mechanism that leverages the relation and neighborhood information to compute the importance of neighbors. Using this attention, the features are propagated from the neighbors of an entity to update its embedding. We evaluated the proposed model on the link prediction task on three datasets and entity matching task on one dataset which showed that the attention mechanism helps in learning a better representation. This work uses the KG structure and attributes present on the entities, and treats the entities as homogeneous types. This opens up the future direction to exploit the heterogeneity of entities in learning. Another exciting direction is to explore the sampling strategies on KGs such that the computational costs of training on large graphs can be reduced without losing the quality of learned embeddings. 
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