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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 a 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. 

Keywords: Skewed, Supervised Machine Learning, Bayesian Decision Theory. 

1. INTRODUCTION 

Ranking is the core component of many important 

information retrieval problems, such as web search, 

recommendation, computational advertising. 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, is very 

expensive and time consuming to label the samples. Active 

learning comes as a paradigm to reduce the labeling effort in 

supervised learning. It has been mostly studied in the 

context of classification tasks. Existing algorithms for 

learning to rank may be categorized into three groups: point 

wise approach, pair wise approach, and list wise approach. 

Compared to active learning for classification, active 

learning for ranking faces some unique challenges. 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 straightforward active 

learning approach, such as query-by-committee (QBC), has 

not been justified for the ranking tasks under regression 

framework. Second, in most supervised learning setting, 
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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 

given a query. We need to consider this data dependence in 

selecting data and tailor active learning algorithms 

according to the underlying learning to rank schemes. Third, 

ranking problems are often associated with very 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 document in training 

data. It is desirable to consider the data skewness when 

selecting data for ranking. Therefore, there is a great need 

for an active learning framework for ranking. In this paper, 

we attempt to address those three important and challenging 

aspects of active learning for ranking. We first propose a 

general active learning framework, expected loss 

optimization (ELO), and apply it to ranking. The key idea of 

the proposed framework is that given a loss function, the 

samples minimizing the expected loss (EL) are the most 

informative ones.  

Under this framework, we derive a novel active 

learning algorithm for ranking, which uses function 

ensemble to select most informative examples that 

minimizes a chosen loss. For the rest of the paper, we use 

web search ranking problem as an example to illustrate the 

ideas and perform evaluation. But the proposed method is 

generic and may be applicable to all ranking applications. In 

the case of web search ranking, we minimize the expected 

discounted cumulative gain (DCG) loss; one of the most 

commonly used loss for web search ranking. This algorithm 

may be easily adapted to other ranking loss such as 

normalized discounted cumulative gain (NDCG) or average 

precision. To address the data dependency issue, the 

proposed algorithm is further extended to a two-stage active 

learning schema to seamlessly integrate query level and 

document level data selection. Finally, we extended the 

proposed algorithms to address the skew grade distribution 

problem. The main contributions of the paper are 

summarized as follows. We propose a general active 

learning framework based on expected loss optimization. 

This framework is applicable to various ranking scenarios 

with a wide spectrum of learners and loss functions. We also 

provides a theoretically justified measure of the 

informativeness. 

 Under the ELO framework, we derive novel 

algorithms to select most informative examples by 

optimizing the expected DCG loss. Those selected 

examples represent the ones that the current 

ranking model is most uncertain about and they 

may lead to a large DCG loss if predicted 

incorrectly. 

 We propose a two stage active learning algorithm 

for ranking, which addresses the sample 

dependence issue by first performing query level 

selection and then document level selection. 

 We further show how to extend ELO framework to 

address the skewed grade distribution problem in 

ranking. Balanced version ELO algorithms are 

derived for both query level active learning and 

two stage active learning. 

1.1 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.  

1.2 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 

straightforward 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 
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independent given a query. We need to consider this data 

dependence in selecting data and tailor active learning 

algorithms according to the underlying learning to rank 

schemes. Third, ranking problems are often associated with 

very skewed data distributions. 

1.2.1 Advantages of proposed system: 

 Identifies important aspects based on the product, 

which increases the efficiency of the reviews. 

 The proposed framework and its components are 

domain-independent 

2. EXPECTED LOSS OPTIMIZATION 

FOR ACTIVE LEARNING 

As explained in the previous section, a natural strategy 

for active learning is based on variance minimization. The 

variance, in the context of regression, stems from the 

uncertainty in the prediction due to the finiteness of the 

training set. Cohn et al. [7] proposes to select the next 

instance to be labeled as the one with the highest variance. 

However, this approach applies only to regression and we 

aim at generalizing it through the Bayesian expected loss.  

In the rest of the section, we first review Bayesian decision 

theory in  and then introduce the expected loss optimization 

principle for active learning. we show that in the cases of 

classification and regression, applying ELO turns out to be 

equivalent to standard active learning method. 

 Bayesian Decision Theory 

 ELO for Regression and Classification 

 ELO for Ranking 

Grade distribution for a randomly selected web search 

data set. 

 

 

 

2.1 DATA SETS 

We use web search data from a commercial search 

engine. The data set consists of a random sample of about 

10,000 queries with about half million web documents. 

Those query-document pairs are labeled using a five-grade 

labeling scheme: {Bad, Fair, Good, Excellent, And Perfect}. 

 

 

 

2.2 DOCUMENT LEVEL ACTIVE 

LEARNING 

We first investigate document level active learning, 

since documents correspond to basic elements to be selected 

in the traditional active learning framework. We compare 

document level ELO-DCG algorithm with random selection 

(denoted by Random-D) and a classical active learning 

approach based on variance reduction (VR) which selects 

document examples with largest variance on the prediction 
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scores. Concretely, VR based approach first random sample 

data to train multiple models. 

DCG comparison of document level ELO-DCG, 

variance reduction based document selection, and random 

document selection with base sets of sizes 2,4, and 8k shows 

that ELO-DCG algorithm outperforms the other two 

document selection methods at various sizes of selected 

examples. 

 

 

 

2.3 QUERY LEVEL ACTIVE LEARNING 

In this section, we show that query level ELO-DCG 

algorithm effectively selects informative queries to improve 

the learning to rank performance. Since traditional active 

learning approaches cannot directly applied to query 

selection in ranking, we compare it with random query 

selection (denoted by Random-Q) used in practice. 

 

DCG comparisons of query level ELO-DCG and 

random query selection with base sets of sizes 2,4, and 8k 

shows that ELO-DCG algorithm outperforms random 

selection at various sizes of selected examples. 

 

 

 

DCG comparisons of two-stage ELO-DCG, two-

stage random selection, and top-K selection with base set 

2,4, and 8k shows that ELO-DCG algorithm performs best. 
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DCG comparisons of two-stage ELO-DCG, query 

level ELO-DCG, and document level ELO-DCG, with base 

sets of sizes 2,4, and 8k shows that two-stage ELO-DCG 

algorithm performs best. 

 

 

 

DCG comparisons of two-stage ELO-DCG and 

balanced two-stage ELO-DCG, with base sets of sizes 2,4, 

and 8k shows that balanced two stage ELO-DCG algorithm 

performs better. 

 

2.4 BALANCED TWO-STAGE ACTIVE 

LEARNING 

In this section, we compare balanced two-stage 

ELO-DCG algorithm (denoted as B-ELO-DCG) with 

normal two-stage ELO-DCG algorithm. 

 

3. CONCLUSION 

We propose a general expected loss optimization 

framework for ranking, which is applicable to active 

learning scenarios for various ranking learners. Under ELO 

framework, we derive novel algorithms, query level ELO-

DCG and document level ELO-DCG, to select most 

informative examples to minimize the expected DCG loss. 

We propose a two stage active learning algorithm to select 

the most effective examples for the most effective queries. 

We further extend the proposed algorithm to deal with the 

typical skew grade distribution problem in learning to rank. 

Extensive experiments on real-world web search data sets 

have demonstrated great potential and effectiveness of the 

proposed framework and algorithms. In future, we will 

investigate how to fuse the query level and document level 

selection steps in order to produce a more robust query 

selection strategy. Besides, we will also evaluate our active 

learning method upon different types of data. 
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