
Copyright © 2015, American-Eurasian Network for Scientific Information publisher 

 

 

JOURNAL OF APPLIED SCIENCES RESEARCH 

 

ISSN: 1819-544X       EISSN: 1816-157X 

 
JOURNAL home page:   http://www.aensiweb.com/JASR                                                                                 2015 October; 11(19): pages 32-36.   

Published Online 10 November 2015.                                                                                                           Research Article 

 

Corresponding Author: J.Sammanasu Mary, PG Scholar, Department of Computer Science and Engineering, Christian 

College of Engineering and Technology, Dindigul, Tamilnadu-624619 India. 

                                         E-mail: devamaryraj@gmail.com 

A Survey on Active Learning for Regression, Classification and Ranking 
 
1J.Sammanasu Mary and 2Mrs.S.Christina Magneta 

 

1PG Scholar, Department of Computer Science and Engineering, Christian College of Engineering and Technology, Dindigul, Tamilnadu-624619 India. 
2Assistant Professor, Department of Computer Science and Engineering, Christian College of Engineering and Technology, Dindigul, Tamilnadu-624619 India. 
 
Received: 23 September 2015; Accepted: 25 October 2015 

 

© 2015 AENSI PUBLISHER All rights reserved 
 

 

ABSTRACT 

 

The process of labeling training data and obtaining labeled examples for training data is not only time consuming but also very 

expensive. Due to these complications the performance of the ranking model is also affected. To select most informative examples for 

ranking, learning the active learning approaches are needed. Active learning is a radiant case of semi-supervised machine learning in 
which a learning algorithm obtains the desired output at a new data points according to user query. We are presenting some survey and 

review of the current approaches for learning, classification and ranking of training data. Reviews related with learning, classification, 
regression and ranking of training data and problem identification about those papers have been covered. 
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INTRODUCTION 

 

Web mining is the application of data mining 

techniques and it refers to the overall process of 

discovering potentially useful and unknown 

information or knowledge from the Web page 

contents and services. Web content mining is one of 

the classifications of web mining and its content 

includes textual, image, audio, video etc. and 

metadata as well as hyperlinks. The data may be 

unstructured (free text) or structured (data from a 

database) or semi-structured (html).It is also related 

to text mining because much of the web contents are 

texts. In two different points of view web mining is 

differentiated they are Information Retrieval View 

and Database View. It aims to determine and provide 

the related contents to the search query. For selecting 

most informative examples in ranking, learning the 

active learning approaches are needed. Active 

learning is well-motivated in many machine learning 

problems, where it is easy to collect unlabeled 

samples, it is very expensive and time consuming to 

label the samples [1]. 

The concept of active learning or selective 

sampling is to reduce the labelling effort by labelling 

the most informative samples. It is an important 

paradigm to reduce the labeling effort in supervised 

learning. The key idea of an active learning is to 

attain greater exactness with less labeled training 

instances, if it is allowed to choose the data from 

which it learns. In supervised learning, Learning to 

rank represents an important class where its task has 

the goal of automatic construction of ranking 

functions from training data. Learning to rank is 

generally classified into three broad areas, which are 

differing in the form of supervision. (i) Pointwise 

method, which uses set of labeled instances to solve 

a ranking problem as ordinal regression (ii) Pairwise 

method, in which it takes as guidance training data 

that is a set of ordered example pairs indicating the 

ordering for a pair of instances (iii) List wise method 

which is a natural extension of pairwise approach 

except that the training data is an ordered list of 

many instances .Pairwise learning to rank has found 

popularity than pointwise  and listwise approaches, 

as the pairwise training data is easier to collect or can 



33         J.Sammanasu Mary and Mrs.S.Christina Magneta, 2015 /Journal Of Applied Sciences Research 11(19), October, Pages: 32-36 

 

even be generated from side information, such as 

click through data. Ranking is a major part of 

information retrieval problems, such as document 

retrieval, collaborative filtering etc. Because of 

complex ranking troubles; a huge amount of labeled 

training examples requires knowledge of high quality 

ranking functions. The quality of a ranking function 

is mostly interrelated with the amount of labeled data 

used to train the function. 

 

 
 

Fig. 1: A set (ranked) of documents that are relevant to the query 

 

Active Learning To Rank: 

In order to get better performances, active 

learning puts limited human resources on labeling the 

most informative examples among the unlabeled 

ones [13]. This kind of active learning is called as 

selective sampling [10].On the one hand, active 

learning consists in learning a ranking function from 

a training set built during the learning. The quality of 

the ranking function is highly related with the 

amount of partially labelled data which is used to 

train the function. On the other hand, in order to 

build the training set of the model it proposes to the 

user optimal selection strategies. The typical one is 

the query-by-committee (QBC) algorithm [10] which 

consists of two steps. The first consists in building a 

committee which is formed by a set of diverse 

hypotheses trained on currently labelled data. The 

second focus to select the optimal queries by 

measuring their in-formativeness and by calculating 

the disagreement among the committee members on 

their ranking. In the context of DR ranking problem 

in active learning approach, which is in principle 

extensible to any other partly (or totally) ordered 

ranking task has been presented in[11]. The 

invention of their approach lies in relying on 

standard loss minimization for rank learning through 

the use of normalizes ranking loss estimation. Long 

et al [1] proposed a two-stage optimization that 

minimizes the expected DCG loss in which he 

integrated both query and also the document 

selection into active learning to rank. To perform the 

task of the text summarization Truong has proposed 

an active learning method which has been suggested 

within the framework of the ranking of alternatives 

and also proposed several strategies to select 

instances to label.  

 

Learning to Rank in DR: 

In learning to rank, the number of categorized 

examples in the training set strongly affect the 

performance of a ranking model ([2],[4]). However; 

this is generally very expensive in time and in 

resources to obtaining such information relies on 

human experts. Thus, in this case the unlabelled data 

has to be introduced, which helps by reducing the 

version space size, in the training set [11].The main 

focus of learning to rank is to learn ranking functions 

which achieve good ranking objectives on test data. 

Learning to rank [16] can be used in large variety of 

applications in Information Retrieval (IR). While 

considering a set of data compounds of query-

document pairs with known relevance, the learning 

to rank methods learn automatically the best way to 

combine models for optimal results list from these 

data. The ranking function attributes a score to each 

pair query-document by giving a query. Then, the 

documents are ranked in descending order of these 

scores by this function. The relevance of documents 

is represented by the ranking order according to the 

query. This kind of ranking is called as ranking of 

alternatives based on a supervised learning. 

However, a large labeled data is required for training 

in some kind of learning methods. The generation of 

such data is very expensive in time and resources 
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because it relies on human experts. So, unlabeled 

data want to be introduced into the training base. It is 

possible to solve this problem by using semi-

supervised and active learning but with different 

perspectives. Both type of learning used a small set 

of labelled data and a large set of unlabeled data. By 

assembling both of these data, called partially 

labelled data, it can reduce the need for labeled 

examples. There are three groups of learning to rank 

algorithms:  

 Pointwise approach 

 Pairwise approach 

 List wise approach 

 

A.  Pointwise approach: 

In this approach [12] the numerical or ordinal 

score is assumed for each and every query-document 

pair off in the training information. A regression 

problem can approximate the learning-to-rank 

problem by giving a single query-document pair and 

predict its score. For this purpose many existing 

supervised machine learning algorithms can be used. 

The score of a single query-document pair is 

predicted by using ordinal regression and 

classification algorithms, it takes a finite number of 

values. 

 

B.  Pairwise approach: 

In pairwise approach [10] a classification 

problem can approximate the learning to rank. By 

learning binary classifier can retrieve an enhanced in 

a given pair of documents. The main aim of this 

approach is to minimize the average number of 

inversions in ranking. 

 

C.  List wise approach: 

In case of the point wise approach [7] ranking is 

transformed into regression or classification on 

single objects. In the case of pairwise approach 

ranking is transformed into classification on object 

pairs. The main advantage of these approaches is that 

existing theories and algorithms regarding to 

regression or classification can be applied directly, 

but the ranking problem cannot be modelled in a 

straightforward fashion. The drawback of 

aforementioned two approaches can be overcome in 

list wise approach [7] by tackling the ranking 

problem directly. The main proposal is to conduct 

theoretical study of learning to rank algorithms 

through research on the properties of the loss 

functions, including soundness, consistency and 

efficiency. 

 

Properties of Loss Function: 

A.  Consistency: 

Consistency [7] is about; the obtained ranking 

function can be able to converge to the finest one 

through the reduction of the pragmatic surrogate loss, 

when the training sample size set off to infinity. 

 

B.  Soundness: 

Soundness [7] is about the representation of loss 

function in terms of loss in ranking perfectly. For 

example, an incorrect ranking should get hold of a 

larger penalty than an exact ranking, and the 

confidence of the ranking should be reflected based 

on the penalty. When the size of training data is little, 

soundness is much more important, because it can 

directly affect the training results. 

 

 

 

Bayesian Decision Theory: 

Bayesian decision theory [1] is also known as 

decision theory informed by Bayesian probability. 

This statistical system tries to quantify the tradeoff 

between various decisions.In Bayesian terms, the 

variance is calculated by combining over the 

posterior transmission of the model parameters. But 

in practice, computing the posterior distribution may 

be difficult. 

 

A Regression Framework For Learning: 

The main aim of this work [14] is the 

enlargement of a learning construction for preference 

data using regression as the basic element. For 

example [15], when we are using gradient boosting 

for regression, a combination of regression tree 

represents the ranking function. Basically ranking 

and regression are different problems, but regression 

use preference data to solve ranking problems. 

The preference data for training are extracted 

from the following two sources: 

 Absolute relevance judgments arising from 

editorial labelling 

 Relative relevance judgments extracted 

from user click through data. 

 

 A.  Absolute relevance judgments: 

In the case of absolute relevance framework, 

judgments are made according to whether a 

document is relevant or not to user query. Even 

though large quantities of absolute relevance 

judgments are occurred, it can be very costly because 

it is needed to cover a dissimilar set of queries in the 

framework of Web search. An added view of this 

framework is the reliability and variability. 

 

B.  Relative relevance judgements: 

This framework is in the structure of whether a 

document is more appropriate than other documents 

according to user query. The advantage of using 

relative significance judgments are the probable 

boundless supplies of user click through data and the 

timeliness of user click through data for capturing 

user searching behaviours and preferences. The user 

click through data tend to be quite noisy is the main 

drawback of using relative relevance judgements. 

 

Classification: 
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Labelling text data is very time-consuming but 

needed for automatic text classification. Especially, 

when a very huge quantity of data is essential for 

training multi-label text classifiers physical creation 

of multiple labels for each document may tend to 

impractical [8]. To minimize this manual effort, a 

novel multi-label active learning approach is 

introduced, which can reduce the required labelled 

data without sacrificing the classification accuracy. 

This approach acquires the multi-label information, 

and optimizes the expected loss reduction by 

labelling the data. Specifically, the model loss is 

estimated by the size of version space. Active 

learning on text categorization has been well 

researched. According to adopted sample selection 

strategy, they can be grouped into three types:  

 Uncertainty sampling  

 Expected-error reduction 

 Committee- based active learner 

 

A.  Uncertainty sampling: 

The simplest and common strategy is uncertainty 

sampling [8], where the active learning algorithms 

query points for which the label uncertainty is the 

uppermost. The disadvantage of this approach is it 

mixes two types of uncertainties (i.e.) stemming from 

the noise and variance. The noise is intrinsic to the 

learning problem where it doesn’t depend on amount 

of the training set. An active learner should not spend 

much exertion in querying points in noisy areas of 

the input space. On the other hand, the variance is the 

uncertainty in the model parameters ensuing from the 

finiteness of the training set. 

 

B.  Expected-error reduction: 

The approach aims to tag data to lessen the 

predictable fault on the unlabeled data. Generally it 

needs costly computational effort on approximating 

the expected error, since each of the unlabeled data 

wants to be evaluated. 

 

C.  Committee- based active learner: 

It has the related idea with uncertainty sampling 

strategy. The active learner chooses data to be 

labeled that have biggest discrepancy among several 

committee members (classifiers) from the version 

space. The work of query by committee ([9],[13]) is 

the first algorithm of this kind. This algorithm uses 

as queries examples whose expected information 

gain is high, however, rather than constructing the 

examples, it filters the more informative examples 

from the random unlabelled examples. Query-By-

Committee algorithm has been derived in a noise free 

classification setting. In that case, the posterior 

distribution is identical over the version space—the 

space of consistent hypothesis with the labelled 

data—and the QBC algorithm selects points on 

which arbitrary functions in the version space have 

the maximum disagreement. 

 

Ranking: 

Active learning for ranking faces some unique 

challenges. In ranking there is no notion of margin 

classification. Hence, many of the margin-based 

active learning algorithms projected for arrangement 

of tasks that are not readily applicable to ranking. In 

addition, some straightforward active learning 

approach, such as query-by-committee (QBC) [9], 

has not been acceptable for the ranking tasks under 

regression framework. Second, each data sample can 

be treated completely in most supervised learning 

setting self-governing of each other. In learning to 

rank, data models are not self-sufficient, though they 

are conditionally independent given a query. We 

need to consider this data reliance in choosing data 

and tailor active learning algorithms according to the 

underlying learning to rank schemes. Third, ranking 

problems are often associated with much skewed 

data distributions. For example, in the case of 

document retrieval, the number of irrelevant 

documents is of orders of magnitude more than that 

of relevant documents in training data. It is desirable 

to consider the data skewness when selecting data for 

ranking. Therefore, there is a immense requirement 

for an active learning framework for ranking. 

Donmez and Carbonell studied the problem of 

document selection in ranking [5]. The algorithm 

selects the documents, after adding to the training 

set, that are most likely to effect in a large change in 

the model parameters of the ranking function. They 

apply the algorithm to RankSVM [15] and 

RankBoost [8]. Also in the context of RankSVM,  

proposes to append the most ambiguous pairs of 

documents to the training set, that is documents 

whose calculated significance scores are very close 

beneath the current model. In case of dual relevance, 

[2] proposed a greedy algorithm which chooses a 

document that are the most likely to distinguish two 

ranking systems in terms of average precision. 

Moreover, an empirical correlation of document 

selection strategies for learning to rank can be found 

in [2]. Finally, Long et al. [1] proposed a general 

active learning framework for ranking. But, it still 

suffered from the problem of imbalanced grade in 

ranking. 

 

Conclusion: 

The problem of evaluating the effectiveness of 

summarization techniques for the task of document 

categorization is addressed related to learning, 

regression, classification and ranking approaches of 

training data. The aim was to introduce the current 

learning and classification techniques. ALD is 

applied to learn the training data. The main focus is 

given for ranking the most relevant document than 

other documents according to the user input query. 

This method is effective in different classifications. 

The performance of such a model lies in its ability to 

use for training, unlabeled data. A general active 
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learning framework and expected loss optimization 

(ELO) is applied for ranking. 

 

References 

 

1. Long, B., O. Chapelle, Y. Zhang, Y. Chang, Z. 

Zheng and B. Tseng, 2010. ―Active Learning for 

Ranking through Expected Loss Optimization,‖ 

in Proc. 33rd Annu.ACMSIGIR Conf., pp: 267-

274. 

2. Aslam, J.A., E. Kanoulas, V. Pavlu, S. Savev 

and E. Yilmaz, 2009. ―Document selection 

methodologies for efficient and effective 

learning-to-rank,‖ in Proc. 32nd Int. ACM 

SIGIR Conf. Res. Develop. Inform. Retrieval, 

pp: 468-475. 

3. Carterette, B., J. Allan and R. Sitaraman, 2006. 

―Minimal test collections for retrieval 

evaluation,‖ in Proc. 29th Annu. Int. ACM 

SIGIR Conf. Res. Develop. Inform. Retrieval, 

pp: 268-275. 

4. Chapelle, O. and Y. Chang, 2011. ―Yahoo! 

Learning to Rank Challenge Overview‖. Journal 

of Machine Learning Research - Proceedings 

Track, 14: 1-24. 

5. Cossock, D. and T. Zhang, 2006. ―Subset 

ranking using regression,‖ in Proc. 19th Annu. 

Conf. Learn. Theory, pp: 605-619. 

6. Donmez, P. and J.G. Carbonell, 2009. ―Active 

samplings for rank learning via optimizing the 

area under the roc curve‖. ECIR, volume 5478 

of Lecture Notes in Computer Science, 

Springer., pp: 78-89. 

7. FaïzaDammak, ImenGabsi, Hager Kammoun, 

Abdelmajid Ben Hamadou, 2005. ―Active 

Learning to RankMethod for Documents 

Retrieval,‖ MIRACL Multimedia, InfoRmation 

systems and Advanced Computing Laboratory, 

Technology Center of Sfax, Tunis Road Km 10, 

B.P. 242 Sfax 3021. 

8. Freund, Y., R. Iyer, R.E. Schapire and Y. Singer, 

2003. ―An efficientboosting algorithm for 

combining preferences,‖ J. Mach. Learn. Res., 4: 

933-969. 

9. Freund, Y., H.S. Seung, E. Shamir and N. 

Tishby, 1997. ―Selective sampling using the 

query by committee algorithm,‖ Machine 

Learning, 28: 133-168. 

10. Freund, Y., H.S. Seung, E. Shamir and N. 

Tishby, 1997. ―Selective samplingusing the 

query by committee algorithm,‖ Mach. Learn., 

28(2-3): 133-168. 

11. Lewis, D. and W. Gale, 1994. ―Training text 

classifiers by uncertainty sampling,‖ in Proc. 

17th Annu. Int. ACM SIGIR Conf. Res. 

Develop. Inform. Retrieval, pp: 3-12. 

12. Lewis, D.D. and W.A. Gale, 1994. ―A sequential 

algorithm for training text classifiers,‖ in Proc. 

17th Annual Int. ACM SIGIR Conf. Research 

Development Info.Retrieva (SIGIR ’9), pp: 3-12. 

13. Settles, B., 2009.―Active learning literature 

survey,‖ University of Wisconsin– Madison, 

Computer Sciences Technical Report 1648. 

14. Xia, F., T. Liu, J. Wang, W. Zhang and H. Li, 

2008. ―Listwise approach to learning to rank: 

theory and algorithm‖. In ICML ’08, New York, 

NY, USA, ACM, pp: 1192-1199. 

15. Zheng, Z., K. Chen, G. Sun and H. Zha, 2007. 

―A regression framework for learning ranking 

functions using relative relevancejudgments,‖ in 

Proc. 30th Annu. Int. ACM SIGIR Conf. Res. 

Develop. Inform. Retrieval, pp: 287-294. 

16. Zheng, Z., H. Zha, T. Zhang, O. Chapelle, K. 

Chen and G. Sun, 2008. ―A general boosting 

method and its application to learning ranking 

functions for web search,‖ in Proc. Adv. Neural 

Inf. Process. Syst. 20: 1697-1704. 

 

 

 

 

 

 

 

 

 

 

 

 

 


