MAJORITY VOTING AND PAIRING WITH MULTIPLE NOISY LABELING
ABSTRACT
With the crowdsourcing of small tasks becoming easier, it is possible to obtain non-expert/imperfect labels at low cost. With low-cost imperfect labeling, it is straightforward to collect multiple labels for the same data items. This paper proposes strategies of utilizing these multiple labels for supervised learning, based on two basic ideas: majority voting and pairing. We show several interesting results based on our experiments. (i) The strategies based on the majority voting idea work well under the situation where the certainty level is high. (ii) On the contrary, the pairing strategies are more preferable under the situation where the certainty level is low. (iii) Among the majority voting strategies, soft majority voting can reduce the bias and roughness, and perform better than majority voting.  (iv) Pairing can completely avoid the bias by having both sides (potentially correct and incorrect/noisy information) considered. Beta estimation is applied to reduce the impact of the noise in pairing. Our experimental results show that pairing with Beta estimation always performs well under different certainty levels. (v) All strategies investigated are labeling quality agnostic strategies for real-world applications, and some of them perform better than or at least very close to the gnostic strategies.





EXISTING SYSTEM:
In order to build a model to recognize whether two products described on two web pages are the same, one must extract the product information from the pages, formulate features for comparing the two along relevant dimensions, and label product pairs as identical or not; this process involves costly manual intervention at several points. To build a model that recognizes whether an image contains an object of interest, one first needs to take pictures in appropriate contexts, sometimes at substantial cost. We have constructed an unlabeled example, for relatively low cost, we can obtain non-expert opinions on whether two products are the same or whether an image contains a person or a storefront or a building. 

DISADVANTAGES:
· These cheap labels may be noisy due to lack of expertise, dedication, interest, or other factors.
· The existing labels intuitively should play a role in generating the training data from the data points with related multiple noisy labels.





PROPOSED SYSTEM:

Our ability to perform non-expert labeling cheaply and easily is facilitated by online crowdsourcing systems such as vWorker (formerly known as Rent-A-Coder)1 reCAPTCHA2 , and Amazon’s Mechanical Turk,3 which match workers with arbitrary (well-defined) tasks, as well as by creative labeling solutions like the ESP game. These online crowdsourcing systems allow hundreds of human labelers to look at objects (i.e., articles) and label them. Using such marketplaces, it is possible to outsource small parts of the process at very low cost—parts that prior to the introduction of such systems would have incurred much higher (in-house) cost, or would have been avoided altogether.

ADVANTAGES:
· It explores strategies of utilizing these repeated labels in preparing the training data for supervised modeling.
· It is very important to reduce the impact of the noisy information. Comparing to Paired-Freq, which keeps the noise completely, Paired-Beta can reduce the impact of the noisy information.







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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