DISTSIM - SCALABLE DISTRIBUTED IN-MEMORY SEMANTIC SIMILARITY ESTIMATION FOR RDF KNOWLEDGE GRAPHS

ABSTRACT:
[bookmark: _GoBack]We present DISTSIM a Scalable Distributed in-Memory Semantic Similarity Estimation framework for Knowledge Graphs. DISTSIM provides a multitude of state-of the-art similarity estimators. We have developed the Similarity Estimation Pipeline by combining generic software modules. For large scale RDF data, DISTSIM proposes MinHash with locality sensitivity hashing to achieve better scalability over all-pair similarity estimations. The modules of DISTSIM can be set up using a multitude of (hyper)-parameters allowing to adjust the tradeoff between information taken into account, and processing time. Furthermore, the output of the Similarity Estimation Pipeline is native RDF. DISTSIM is integrated into the SANSA stack, documented in scale-docs, and covered by unit tests. Additionally, the variables and provided methods follow the Apache Spark MLlib name-space conventions. The performance of DISTSIM was tested over a distributed cluster, for the dimensions of data set size and processing power versus processing time, which shows the scalability of DISTSIM w.r.t. increasing data set sizes and processing power. DISTSIM is already in use for solving several RDF data analytics related use cases. Additionally, DISTSIM is available and integrated into the open-source GITHUB project SANSA.


EXISTING SYSTEM:
The complexity of scaling out an application in the cloud (i.e., adding new computing nodes to accommodate the growth of some process) very much depends on the process to be scaled. Often, the task at hand can be easily split into a large series of subtasks to be run independently and concurrently. Such operations are commonly called embarrassingly parallel. Embarrassingly parallel problems can be relatively easily scaled out in the cloud by launching new processes on new commodity machines. There are however many processes that are much more difficult to parallelize, typically because they consist of sequential processes (e.g., processes based on numerical methods such as Newton’s method). Such processes are called inherently sequential as their running time cannot be speed up significantly regardless of the number of processors or machines used. Some problems, finally, are not inherently sequential per se but are difficult to parallelize in practice because of the profusion of inter-process traffic they generate.

DISADVANTAGES:
· Scaling out structured data processing often falls in the third category, It cannot Store large-amounts of RDF data in the cloud.
· There are however many processes that are much more difficult to parallelize, typically because they consist of sequential processes.




PROPOSED SYSTEM:
Various information domains are modeled using knowledge graphs. A popular standardized format to encode knowledge graphs as linked data is RDF. For optimizing available RDF data, we perform algorithms like Entity Resolution, Entity Linking, and Classification. Additionally, methods are needed to gain insights into the data and to find relevant entities for advanced analytics like Recommendation Systems, Clustering, and Anomaly Detection. The commonality in all of these methods is that they rely on computing similarities or distances between entities. RDF data can have arbitrary sizes up to billions of triples and gigabytes of volume1. This large scale data indicates the need for distributed computing because it is cheaper and sometimes more convenient to scale horizontally rather than vertically. Processing large scale data can lead to extensive processing times, especially when the algorithms have non-linear complexity. For some of the non-linear complexity algorithms, there are probabilistic alternatives that reduce the complexity .This reduction in complexity offers a tradeoff between run time and result quality. However, whether a reduction in quality is acceptable depends on the use case. Therefore, it is desired to develop algorithms by providing an appropriate trade-off between processing time and quality of results.
ADVANTAGES:
· Representation of Semantic Similarity Estimation Experiments and their results in native RDF format.
· Integration of DISTSIM into the holistic SANSA stack over a set of generic modules.


SYSTEM SPECIFICATION
HARDWARE REQUIREMENTS:
· Processor		:	Intel Core i3 Processor
· Speed			:   	2.5 GHz
· RAM			:   	2GB(min)
· Hard Disk		:	500MB
· Key Board		:   	Standard Windows Keyboard
· Mouse	        	:    	Two or Three Button Mouse
· Monitor		:    	LCD

SOFTWARE REQUIREMENTS:
· Operating System	  	:	Windows7/10.
· Application Server  	: 	Tomcat6.0/7/8.X.
· Front End			: 	Java , HTML,CSS
· Scripts 		  	:	JavaScript.
· Server side Script	  	:	Java Server Pages.
· IDE		      		:	Net beans 
· Back End			:	MYSQL 5.0/ Heidi SQL 8.1 
· Database Connectivity	:	JDBC
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