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Abstract: LTR is a common utility need for presenting 
results of search with search engines, recommender 
systems and question-answer kind of applications. LTR 
algorithms generally deal with huge amount of data 
especially documents. Therefore it causes scalability 
problem. This problem is due to the traditional learning 
to rank approach that may recreate model from the 
scratch as and when training data arrives causing much 
overhead to LTR systems. To get rid of this limitation, 
this paper proposes a learning framework with an 
underlying algorithm named Scalable Listwise Online 
Learning Algorithm for Ranking. This algorithm avoids 
unnecessary rebuilding of model and addresses the 
challenge of scalability problem of traditional LTR 
algorithms. Our algorithm is evaluated with benchmark 
LETOR 4.0 datasets using MAP metrics.  
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1. Introduction  
 

Ranking is crucial in information retrieval systems. The 
reason behind this is that ranking provides highly 
relevant documents or query results to end users based 
on the need for information. Ranking algorithms make 
use of criteria in terms of relevance of documents and 
information need. It comes under the purview of 
Information Retrieval (IR) in scientific, engineering and 
other disciplines behind search engines in general, 
recommender systems and question-answer systems. 
Learning to rank algorithms as explored in [5], [12], 
[14], and [15] aim at learning ranking models from 
training data sets. These algorithms make use of machine 
learning approaches for achieving this. A ranking model 
is the model which has knowledge to assign a relevance 
score to a retrieved document based on given query [5]. 
After assigning relevance score to all retrieved 
documents or search results, the ranking model then rank 
the documents based on relevance score. The top ranked 
query results are presented first followed by the rank in 
decreasing order of relevance score. Learn to rank (LTR) 

algorithms mainly focus on building a model for ranking 
from given training data associated with a set of queries 
using an optimal approach and by using IR performance 
measures associated with the  underlying machine 
learning techniques[15].  
 
To overcome these limitations in the existing LTR 
algorithms we proposed a new algorithm known as 
Scalable Listwise Online Learning Algorithm for 
Ranking (SLOLAR). This algorithm avoids unnecessary 
rebuilding of model and addresses the challenge of 
scalability problem of traditional LTR algorithms. Our 
algorithm is evaluated with benchmark LTR datasets. 
The performance of the algorithm is compared with 
other base line ranking algorithms provided by LETOR 
[11] and SOLAR algorithms [15]. Our empirical results 
revealed that the proposed algorithm has comparable 
performance improvement over other algorithms. 
 

2. Related Works 
 

Hinton et al. (2012) [3] explored creation of models with 
improved neural networks. They used an approach to 
reduce training space. In other words, they got rid of 
complex co-adaptations in order to avoid unnecessary 
processing. However, in their system each neuron learns 
in detecting a feature that contributes to good results. 
The notion of random dropouts adapted by them yielded 
in improvements in learning with benchmark tasks. 
Hinton et al. (2013) [2] focused on acoustic modelling 
for search recognition. It was based on deep neural 
networks. They explored different techniques in modern 
speech recognition including Hidden Markov Model. 
The deep neural networks are networks with more 
hidden layers and exhibit new methods of training to 
outperform other models.  
Schaul et al. (2012) [10] focused on minimizing error 
rates in learning algorithms. Towards this end, they 
proposed a method that will automatically adjust 
learning rates in order to alleviate error rates. Zeiler 
(2012) [13] proposed a per-dimension learning rate 
algorithm for having adaptive learning rate in order to 
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reduce error rate and increase efficiency. Hofmannet al. 
(2013) [14] exploited both list wise and pair wise online 
learning methods for ranking as part of IR. Crammer et 
al. (2013) [6] proposed an online learning algorithm 
known as AROW. It was used for binary and multi-class 
related problems that need confidence weighting, large 
margin training and the ability to deal with non-separate 
data. AROW performs adaptive regularization of given 
prediction function for a new instance in the presence of 
noise. Area under ROC Curve (AUC) is the performance 
measure which is widely used. Gao et al. (2013) [7] 
focused on an optimization problem known as one pass 
AUC. It needs training data only once and does not need 
to store entire training dataset. They used regression 
based algorithm in order to have first and second order 
information from the training data. It can handle high-
dimensional data effectively as it makes use of a 
randomized algorithm which uses covariance metrics 
and approximates them.  

Graves (2014)[12] showed the usage of recurrent neural 
networks (RNNs) for generating sequences that are 
complex with long-range underlying structure. It was 
used for handwriting synthesis. Thus it could help them 
to build dynamic models. Graves et al. (2013) [1] also 
used RNNs but it was for speech recognition. Unlike the 
work in Hinton G(2012)[2] where HMM kind of 
techniques are used for deep neural networks, they used 
RNNs for building powerful model of sequential data. 
They investigated more on deep recurrent neural 
networks (DRNNs) that combine the features of RNNs 
and different levels of representation for better 
outcomes. Pascanu and Bengio (2013) [8] evaluated 
natural gradient descent for deep networks for learning 
deep models. Zhao et al. (2002) [16] studied bounded 
online gradient descent algorithms for scalable online 
learning. This method makes use of kernel-based 
approach to achieve it.  

Ibrahim and Landa-Silva (2015) [4] proposed a new 
approach named Term Frequency with Average Term 
Occurrence (TF-ATO) for retrieving information from 
documents. They used a scheme known as Term 
Weighting Scheme (TWS) as a key component in the 
process of information retrieval. This approach is 
compared with traditional TF-IDF approach and found 
that TF-ATO was more effective. Jain et al. (2015) [9] 
explored a family of learning algorithms named as 
Predtron to solve prediction problems in the real world. 
Wang et al. (2015) [15] proposed scalable learning 
mechanisms for ranking. They focused on scalability by 
effectively reducing the need for rebuilding model on the 
arrival of new training instances. Urbano (2015) [18] 
studied metrics for test collection accuracy for 

evaluating reliability of test collection. Many of the LTR 
algorithms found in the literature used LETOR (Learn 
To Rank) datasets. LETOR 4.0 is explored by Qin and 
Liu (2013) [11].  

 
3.  Scalable Listwise Online learning to Rank  

 
Listwise learning approaches consider a set of a 
documents pertaining to a query as training instance and 
learn a ranking model. It also optimizes loss by 
considering ground-truth list and predicted list. We 
present a framework known as Scalable Listwise Online 
Learning Algorithm for Ranking.  
 
3.1. Problem Formulation  

We consider online learning to rank as a problem 
pertaining to document retrieval where list of documents 
related to given query is considered as training set. We 
denote D as document space, Q as a query space and we 
define each instance as (qt

(i), dt
(1), dt

(2), ..., dt
(n)). The 

instance has a query at given point of time and set of 
documents that are part of training instance in that given 
point of time. The qt

(i) ϵ Q indicates that q is the ith query 
in Q at given point of time t.  
We assume the ranking order of set of training 
documents as yt ϵ {1, 2, 3, ..., n}  which indicates that 
document dt

(1) is ranked before dt
(2) and so on. A mapping 

function is considered which is denoted as. It generates a 
feature vector with n dimensions from query and 
associated set of documents. One of the ways to extract a 
feature is. It is based on the frequency of query q that 
occurs in document d. We introduce the ranking model 
as. This way ranking model is learned at given step t. 
Thus the final ranking function is formulated as shown 
in Eq. (1).  
 

     (1)              
 
Therefore, with query space Q and document space D 
and the training set T, the following are the general steps 
followed to have online learning to rank.  
 
1. When a query q1 is given by user, the initial ranking model denoted as 

wt is used to rank testing documents for q1. Then the ranked results are 
sent to user.  

2. User’s feedback is used as ground truth for ranking order of documents 
present in T.  

3. Accordingly the ranking model is updated.  

4. This process is repeated for all queries in order to have online learning 
to rank to make it accurate and dynamic.  
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With the availability of training instances T, the 
objective of online learning is to have a continuous 
process in order to optimize ranking models w1, w2, 
...,wnas far as online processing is carried out. The 
following are the measures used to evaluate the proposed 
learning scheme. They are online cumulative MAP [19] 
and online cumulative NDCG[20].  
 

                  (2) 

 
Where  is known as an indicator function that results 
in 1 when the statement is evaluated to true other wise 0.  
 

= (3)  

            (4) 

 

Where denotes labels while  denotes a set of 
ranks produced by ranking function f. The number of 
related documents is denoted as m. G refers to gain 
while D refers to discounted gain. Online cumulative 
measure NDCG and MAP are redefined as follows.  
 

(5)  

 
With respect to online learning to rank, it is crucial to 
take necessary steps to optimize ranking model wt from 
time to time. This is done when new set of training 
documents for listwise learning (qt

(i), dt
(1), dt

(2), ..., dt
(n)) is 

received. Towards this end, the learning technique 
explored in [2] is used to solve the problem.  
 

(6) 

 
Where C is known as penalty cost parameter while l is 
known as hinge loss. This function is adapted to the 
listwise learning to rank.  
 

(7) 
 
We used likelihood loss in order to have compatibility 
with listwise online learning to rank. The likelihood loss 
function as shown in Eq. (9) is taken from [21].  
 

= (8) 
 

 
 

The probability distribution is according to the Plackett-
Luce model [22]. We proposed an algorithm for scalable 
list wise online learning to rank given documents. The 
algorithm is as shown in Figure 1.  

 
3.2. Algorithm for Scalable Listwise Online LTR 

Algorithm: Scalable Listwise Online Learning to Rank  
 
Inputs: Set of documents D, set of training documents T, and set of 
queries Q 
 
Output: Set of ranking models w1, w2, ..., wn 
 
1: Initialize ranking model w1 to zero 
2: Initialize step t to 1 
3: for i = 1 to Q do 
4:    obtain a query qi and set of documents D for ranking 
5:    applying current ranking model wt to D 
6:    obtain feedback from user  
7:       for j=1 to Ti do 
8:          update wt+1 by using Eq. (8) 
9:          t=t+1 
10:    end for 
11: end for

 
Figure 1: SLOLAR – Scalable Listwise Online Learning 
to Rank 
  
As shown in Figure 1, it is evident that the algorithm 
learns online to rank documents based on user query and 
feedback given. First of all against a query q and 
documents D, a ranking model is created. This model 
gets updated when user gives feedback. The updated 
model will be used in future to have better quality in 
rendering results. The learning is not static here. It is 
online learning to rank as it learns from feedback from 
time to time and updates model to answer future queries 
more accurately. The training set is a collection of 
documents used in listwise learning to ranking fashion.  

 
3.3. LETOR Datasets 

A set of benchmark datasets, for research on learning to 
rank, are made available by Microsoft[11]. From the 
datasets of LETOR, we used supervised ranking related 
benchmark datasets known as MQ2007 and MQ2008 
where MQ stands for Million Query. For each dataset 
data is given for training set, testing set and validation 
set. We also used OHSUMED dataset from LETOR. 
MQ2007 dataset has 1692 queries, 46 features, and 
41.14 average number of documents per query. In the 
same fashion, MQ2008 has 784 queries, 46 features, and 
19.40 average number of documents per query. 
OHSUMED dataset has 106 queries, 45 features and 
152.26 average number of documents per query.  
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3.4. Performance Metrics 

The performance metrics used to evaluate our work in 
this paper are Mean Average Precision (MAP) and 
Normalized Discount Cumulative Gain (NDCG). The 
MAP is an average P@n values for all related 
documents. P@n is computed as follows. 
 

(10) 

 
P@n is used to measure the relevance of top n results in 
the given ranking list. The average precision is for each 
query is computed as follows.  
 

(11) 

 
Where N refers to number of retrieved documents while 
rel(n) is the binary function that tells the relevance of n-
th document. Finally MAP measure is derived by 
averaging the results of AP for all queries associated 
with given dataset.  
 

4. Experimental Results 

The LETOR 4.0 dataset and the performance metrics 
presented in the previous section are used to evaluate the 
performance of our algorithm SLOLAR. The results of 
our algorithm are compared with many other algorithms 
that used same datasets. Our work is close to the works 
described in [17] on online learning.  
 
Table1: Evaluation of MAP for different online learning 
to rank algorithms 
 

ALGORI
THM 

OHSUMED MQ2007 MQ2008 

NDC
G@1 

NDC
G@5 

NDCG
@10 

NDC
G@1 

NDC
G@5 

NDCG
@10 

NDC
G@1 

NDC
G@5 

NDCG
@10 

Prank 
(Pointwis
e) 

 .278 .225 .222 .243 .274 .303 .236 .335 .403 

Prank 
(Pairwise
) 

.445 .395 .390 .277 .301 .329 .283 .382 .440 

Com-P .432 .399 .3934 .364 .382 .4135 .337 .441 .488 

SOLAR-I .506 .447 .433 .376 .397 .427 .349 .458 .502 

SOLAR-
II .535 .463 .446 .389 .409 .438 .359 .468 .510 

Proposed 0.545 0.473 0.4561 0.399 0.419 0.4483 0.369 0.478 0.560 

 

 
 
Figure 2: MAP performance evaluation of online 
learning algorithms with OSHUMED dataset 
 

 
 
Figure 3: MAP performance evaluation of online 
learning algorithms with MQ2007 dataset 
 
From Figure 8 and Figure 9, the online learning 
algorithms are compared to evaluate the MAP 
performance. For OSHUMED and MQ2007 datasets, the 
algorithms showed comparable performance. The 
proposed algorithm performance well for both the 
datasets and SOLAR algorithms do have performance 
improvement with other algorithms. The number of 
samples used in the experiments have their impact on the 
online cumulative map for all the algorithms. The way in 
which SOLAR I and SOLAR II are trained is found in 
[15] and similarly the proposed algorithm is trained. 
Other algorithms are taken from literature as mentioned 
earlier in this section.  
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5. Conclusion and Future Work 

In this paper, we proposed new LTR algorithm known as 
Scalable List wise Online Learning Algorithm for 
Ranking (SLOLAR). This algorithm overcomes the 
issues of conventional LTR algorithms with respect to 
scalability. The conventional LTR algorithms have 
scalability problem as they might create model from 
training data based on the arrival of training data from 
time to time. This causes overhead and does not scale for 
real world applications. The proposed algorithm not only 
considers salient features needed by many applications, 
but also makes it list wise online learning which 
provides more useful results. Our algorithm is evaluated 
with LTR benchmark datasets and the performance is 
compared with conventional LTR algorithms. The 
empirical results revealed that the proposed algorithm is 
scalable and has comparable performance improvement 
over its traditional counterparts. Learning to ranking 
with ties and learning to rank with diverse parameter 
settings such as partial feedback are important directions 
for future work. 
  

6. Acknowledgement 

This research was supported by department of science 
and technology under WOS-A(SR/WOS-A/ET-
1071/2014 (G)). I would like to thank my supervisor Dr 
P Bhaskara Reddy for his support and help through the 
year. Finally I would like to thank our colleagues from 
MLR Institute of Technology who provided insight and 
expertise that greatly assisted the research. 
 

7. References 

[1] Graves A, Mohamed A R, Hinton G, “Speech 
recognition with deep recurrent neural networks”, 
in IEEE, 2013, 6645-6649. 

 
[2] Hinton G, Deng L, Yu D et al., “Deep neural 

networks for acoustic modelling in speech 
reconfiguration”, in IEEE Signal Processing 
Magazine, 2012, 82-97. 

 
[3] Hinton G, Srivastava N, Krizhevsky A et al, 

“Improving neural networks by preventing co-
adaptation of feature detectors”, in Neural and 
Evolutionary Computing,  2013, 1-8. 

 
[4] Ibrahim O S, Silva D L, “Term frequency with 

average term occurrences for textual information 
retrieval”, in Soft Computing, 2015, 1-17. 

 

[5] Lin J Y, Liu C C. “Learning to rank for 
information retrieval using layered multi-
population genetic programming”, in IEEE 
cybernetics com,  2012, 45-49. 

 
[6] Crammer K,  Kulesza A, Dredze M, “Adaptive 

regularization of weight vectors” in Machine 
Learning, 2013, 1-33. 

 
[7] Gao W, Jin R, Zhu S et al., “One-pass AUC 

optimization”, in Proceedings of the 30th 
International Conference on Machine Learning, 
2013. 1-9. 

 
[8] Pascanu R, Bengio Y, “Revisiting natural gradient 

for deep networks”, in eprintarXiv: 1301.3584, 
2013, 1-18. 

 
[9] Jain P, Natarajan N, Tewari A. Predtron, “A 

family of online algorithms for general prediction 
problems”, in  Advances in Neural Information 
Processing Systems, 2015, 1-9. 

 
[10] Tom Schaul, “No more pesky learning rates”, in 

Proceedings of the 30th International Conference 
on Machine Learning, 2012, 1-9. 

 
[11] Qin T, Liu T Y, “Introducing LETOR 4.0 

datasets”, in arXiv: 1306.2597, 2013, 1-6. 
 
[12] Hofmann K, “Fast and reliable online learning to 

rank for information retrieval”, in ACM SIGIR 
Forum, 2013. 140. 

 
[13] Zeiler A D, “Adadelta: an adaptive learning rate 

method”, in eprintarXiv: 1212.5701, 2013. 1-6. 
 
[14] Hofmann K, Whiteson S, Rijke M D, “Balancing 

exploration and exploitation in listwise and 
pairwise online learning to rank for information 
retrieval”, in Information Retrieval, 2013, 1-28. 

 
[15] Wan J W, Zhang Y, Hoi S H, “Solar: scalable 

online learning algorithms for ranking”, in 
Proceedings of the 53rd Annual Meeting of the 
Association for Computational Linguistics, 2015. 
1692-1701. 

 
[16] Zhao P, Wang J, Wu P et al, “fast bounded online 

gradient descent algorithms for scalable kernel-
based online learning”, in Proceedings of the 29th 
International Conference on Machine Learning 
2012, 1-8. 

International Journal of Pure and Applied Mathematics Special Issue

281



 
 
 
 
 

  
 

 
[17] Hoi S H, Wang J, Zhao P, “LIBOL: a library for 

online learning algorithms”, in Journal of Machine 
Learning Research, 2014, 495-499.  

 
[18] Urbano J, “Test collection reliability: a study of 

bias and robustness to statistical assumptions via 
stochastic simulation”, in journal of machine 
learning research, 2015. 1-38. 

 
[19] Yates R B,  Neto B R, “Modern Information 

Retrieval - the concepts and technology behind 
search”, Second edition, Pearson Education Ltd, 
Harlow, England, 2011. 1-10. 

 
[20] Jarvelin K, Kekalainen J, “IR evaluation methods 

for retrieving highly relevant documents”, In 
SIGIR, 2000, 41–48. 

 
[21] Xia F, Liu T Y, Zhang J W et al, “Listwise 

Approach to Learning to Rank -Theory and 
Algorithm”, International Conference on Machine 
Learning, 2008. 1-8. 

 
[22] Marden J I (Ed.).  Analyzing and modeling rank 

data. London: Chapman and Hall, 1995. 
 
 
 

International Journal of Pure and Applied Mathematics Special Issue

282



283



284


