ACTIVE LEARNING FOR RANKING THROUGH
EXPECTED LOSS OPTIMIZATION
ABSTRACT:
Learning to rank arises in many data mining applications, ranging from web search engine, online advertising to recommendation system. In learning to rank, the performance of a ranking model is strongly affected by the number of labeled examples in the training set on the other hand, obtaining labeled examples for training data is very expensive and time-consuming. This presents a great need for the active learning approaches to select most informative examples for ranking learning; however, in the literature there is still very limited work to address active learning for ranking. In this paper, we propose a general active learning framework, expected loss optimization (ELO), for ranking. The ELO framework is applicable to a wide range of ranking functions. Under this framework, we derive a novel algorithm, expected discounted cumulative gain (DCG) loss optimization (ELO-DCG), to select most informative examples. Then, we investigate both query and document level active learning for raking and propose two-stage ELO-DCG algorithm which incorporate both query and document selection into active learning. Furthermore, we show that it is flexible for the algorithm to deal with the skewed grade distribution problem with the modification of the loss function. Extensive experiments on real-world web search data sets have demonstrated great potential and effectiveness of the proposed framework and algorithms.




EXISTING SYSTEM:
Learning to rank represents an important class of supervised machine learning tasks with the goal of automatically constructing ranking functions from training data. As many other supervised machine learning problems, the quality of a ranking function is highly correlated with the amount of labeled data used to train the function.  Due to the complexity of many ranking problems, a large amount of labeled training examples is usually required to learn a high quality ranking function. However, in most applications, while it is easy to collect unlabeled samples, it is very expensive and time-consuming to label the samples. 

DISADVANTAGE OF EXISTING SYSTEM:
· Less attention is paid to the privilege control and the identity privacy.
· Collusion attack.













PROPOSED SYSTEM:
First, there is no notion of classification margin in ranking. Hence, many of the margin-based active learning algorithms proposed for classification tasks are not readily applicable to ranking. Furthermore, even some straight forward active learning approach, such as query-by-committee, has not been justified for the ranking tasks under regression framework.   Second, in most supervised learning setting, each data sample can be treated completely independent of each other. In learning to rank, data examples are not independent, though they are conditionally independent 

ADVANTAGE:
· Flexible.
· On-Demand.
· Low-Cost usage of computing resources.









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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