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Many real life applications involve the ranking of objects instead of their classification. For example, in Document Retrieval 
the goal is to rank documents from a collection based on their relevancy to a user’s query. Recently the supervised learning of 
ranking functions has attracted considerable attention from the Machine Learning community and most computational 
models proposed for ranking rely on this paradigm. Labeling large amounts of data may require expensive human resources, 
especially for ranking problems, and they are unrealistic in most applications. In the other hand, the semi-supervised learning 
paradigm which considers the possibility of learning from both the labeled and unlabeled examples has attracted the interest 
of the ML community in the field of classification since 1998.  

In this paper, we propose a semi-supervised learning algorithm for ranking. Existing semi supervised ranking algorithms are 
graph-based transductive techniques which from an observed training dataset, order a specific unlabeled data pool. Our 
motivation here is to develop a novel inductive approach which from a specific observed training data (labeled and 
unlabeled) produces a general ranking rule, which ranks unseen examples with high accurancy. Our algorithm is an iterative 
approach which combines a supervised and a graph-based method. Empirical results on a real-life dataset from the CACM1 
collection have shown the potential of this approach in the context of Document Retrieval.  
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1 INTRODUCTION 

The growing availability of on-line resources requires the conception of generic approaches that are 
able to automatically find relevant entities with respect to a user’s demand. Most of these applications 
involve the ranking of entities instead of their classification. A usual example is the task of Documents 
Retrieval (DR), where the goal is to rank documents from a collection based on their relevancy to a given 
query.  

Recently there has been an increasing interest of the Machine Learning (ML) community for the task 
of ranking [7] in which the goal is to learn an ordering over objects. Progress has been made in formulating 
different forms of the ranking problem. For the simplicity of presentation we will focus in this paper on the 
bipartite ranking framework in which instances are either positive or negative and the aim is to learn a 
scoring function which ranks positive instances above negative ones. This setting encompasses several 
Information Retrieval applications such as the automatic text summarization and has attracted considerable 
attention in machine learning community in both theory [1] and practical studies [11][7]. 

Learning to rank in a supervised setting often requires that an expert examines a large amount of data 
and assigns labels to all instances in the training set. This labeling process is simply unfeasible in many 
cases. In the other hand, it has been shown in the classification framework that learning with both labeled 
and unlabeled data may lead to a more efficient decision rule than learning with labeled examples alone.  

In this paper we propose a semi-supervised learning algorithm for ranking. Up to our knowledge, 
existing semi supervised ranking algorithms are graph-based transductive approaches [6][14][9] which order 
examples from a given unlabeled dataset. Our motivation in the following is to develop a novel inductive 
approach which produces from specific observed training data (labeled and unlabeled), a general ranking rule 
that ranks unseen examples with high accuracy. We have led experiments on the CACM1 collection gathering 
titles and abstracts from the journal Communications of the Association for Computer Machinery. 
Experimental results show encouraging evidence that unlabeled data may be useful for the task of ranking.  

In the remaining of the paper, we first present the supervised bipartite framework and a ranking 
algorithm in section 2. In section 3 we outline our semi-supervised ranking mode and we present the results 
of our evaluation in section 4. Finally, in section 5 we discuss the outcome of this study.  

2 THE BIPARTITE RANKING PROBLEM 

 2.1 Supervised framework 

In the bipartite ranking framework we consider here, the training set S is constituted of a set of 

                                                 
1 http://www.dcs.gla.ac.uk/idom/ir_resources/test_collections/cacm/ 
 



positive instances and a set of negative instances respectively denoted by S1 and S-1. The goal is to learn from 
these instances a real-valued function h which gives higher scores to positive instances than to negative 
ones2.  

The learning of h is formalized in [7] and it consists in minimizing the ranking loss of h which 
corresponds to the probability that a negative instance is ranked higher than a positive one.  

[ ][ ]∑ ∑
∈ ∈− −

<
×

=
1 1

)'()(1),(
11 Sx Sx

r xhxh
SS

hSL    (1) 

Where [ ][ ]pr  is defined to be 1 if the predicate pr holds and 0 otherwise. The optimization of the ranking 
loss (1) is tightly related to the optimization of the Area Under the ROC Curve, may consider [1] for further 
information. More generally, we can optimize the following cost: 

∑ ∑
∈ ∈− −

×
=

1 1

),',(1),(
11 Sx Sx

gg hxxC
SS

hSL  (2) 

Where ),',( hxxCg  is a function, which determines the penalty that h ranks x’ higher than x. It can be equal 

to [ ][ ])'()( xhxh <  or any other function approximating this term. Since our method is based on a supervised 
method, we present in the next section the logistic model for AUC which optimizes a criterion like (2).  
 

2.2 Logistic model for AUC 

 The AUC logistic model [2] is an adaptation of the logistic model proposed for classification. The former 
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classification of pairs constituted by a positive example and a negative example [2][4]. In this case a pair is 
correctly classified if and only if the score of the positive instance is higher than the score of the negative 
one. Since the instance pairs represented by (x,x’) can be represented  by the difference of their 
representative vectors (x-x’), the distributional assumption in the logistic model can be reformulated by: 
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Then the parameters ),...,( 1 dβββ =  are learned by maximizing the corresponding binomial likelihood (3): 
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Instead of optimizing (3), we can optimize the exponential loss defined by (4): 
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Indeed the binomial log-likelihood ( )[ ])(21log xyheE −+−  is usually used as an optimization criterion 

in classification. [8] has shown that optimizing expL  leads to the same parameters than optimizing binL . Since 

the exponential function ( ))'()( xhxhe −−  is an upper bound of the indicator function [ ][ ])'()( xhxh < , the general 
ranking cost (2) encompasses the exponential cost (4). Moreover this latter function is convex and can be 
minimized by standard optimization functions. An interesting property of exponential loss is the possibility 
to compute it in time linear of examples by rewriting (4) as follow: 

   ∑ ∑
∈ ∈

−

− −

==
∑∑

×
=

1 1

11

'

11
exp

1),(
Sx Sx

xx
d

i
ii

d

i
ii

ee
SS

hSL
ββ

 

 

                                                 
2 We assume that an instance x is preferred over an instance x’ iff h gives to x a higher score than to x’ i.e. h(x)>h(x’) . 



3 SEMI-SUPERVISED RANKING  TASK 

 3.1 Notation 

  In the semi supervised ranking setting, we assume, that the training set contains a set of instances 
with label which reflects a preference or relevance judgment and a set of unlabeled instances.  In the bipartite 
ranking case, an example belongs only to one class (positive or negative). The learner is also given a set 

{ }L
iiiL yxS 1, ==  of labeled instances and a set { } UL

LiiU xS +
+== 1  of unlabeled instances, where ℜ⊂∈ Xxi  

are d-dimensional vectors and { }1,1−∈iy   are labels. We denote the set of positive instances included in SL 
by S1 and the set of negative instances included in SL by S-1.   

 3.2 Background 

 They are classically two frameworks in the semi-supervised ranking learning: inductive and 
transductive. In the latter, the aim is to find the ordering of a fixed unlabeled set whereas in the first category 
the aim is to find a general ranking rule using both the labeled and unlabeled examples. Up to our knowledge 
existing semi-supervised methods for the ranking task are graph-based methods which are inherently 
transductive. 

 For example, [14] develop a transductive method based on manifold learning. Such methods are 
known to be efficient in classification. They assume that data are close to a manifold structure, which can be 
revealed by a large amount of unlabeled data. In [14], the special case of learning with only positive and 
unlabeled data has been studied. The proposed algorithm first builds a graph approximating the manifold 
structure of the training data. The vertexes of the graph are labeled and unlabeled data in the training set and 
its edges are weights reflecting a pairwise distance or similarity between examples at each end of the edge. 
The algorithm begins by assigning a score of 1 to positive examples and a score of 0 to the remaining. Scores 
are then propagated to their neighbours through the graph until that a global stable state is reached. At the 
end the scores induce a total order on the unlabeled data.  

 Formally, let ℜ→× XXd :  denote a metric on X and f be a ranking function which assigns to each 
point xi a ranking score fi.  We can view f as a vector f=[f1,…,fn]T where n is the total number of labeled and 
unlabeled examples in the training set. We also define a vector y=[y1,…,yn]T, in which yi=1 if xi is a positive 
example and yi=0 otherwise. The algorithm in [14] is depicted in the following. 

1.  Sort the pairwise distances among points in ascending order. Repeat connecting two points with an 
edge according to their respective similarity until a connection graph is obtained. 
2.  Form the affinity matrix W defined by ( )22),(exp σjiij xxdW −=  if there is not an edge 

between ix  and jx  and let  0=iiW  otherwise. 

3. Symmetrically normalize W by 2/12/1 WDDS −=  in which D is the diagonal matrix with (i,i)-
element equal to the sum of the ith row of W. 
4.  Iterate ytftf )1()()1( α−+=+  until convergence, where α  is a parameter in [0, 1). 
5.  Let *

if  denote the limit of the sequence. Rank each point xi according to its ranking scores *
if  

(largest rank first). 
  
The parameter α  specifies the relative contributions to the ranking scores from neighbours and the initial 
ranking scores. As in [9], the graph is constructed by the K nearest neighbours to ensure enough connections 
for each point while preserving the sparse property of the weighted graph. Since we have experimented on 
CACM collection where they are very few pertinent documents for each query, we do not assign any score to 
negative labeled data. We can use alternative methods proposed in [9] to take into account negative labeled 
examples for balanced collections. 
 

 3.3 A semi supervised model for AUC  

The supervised method such as the logistic model for AUC has the advantages of optimizing directly a 
ranking measure such as AUC and of being able to rank unseen examples, whereas the graph-based method 
exploits efficiently the data structure to rank examples according to their similarity to positive examples. In 
this paper we intend to combine both methods in order to exploit the advantage of each of the both 
techniques. Our approach consists in fact to search a compromise between optimizing the exponential cost 
defined by (4) and while respecting the graph based order on a top ranked unlabeled subset.  

Our algorithm is presented below. It first learns a scoring function by minimizing the exponential cost 



on a labeled training set. Three steps are then iterated until that the algorithm converges or a maximum 
number of iteration is reached. At step 1, unlabeled instances are ranked according to the current scoring 
function and an unlabeled subset is built with the highest scored instances. We denote by n the size of the 
unlabeled subset. At step 2, we compute a cost, which reflects the dissimilarity on this subset between the 
ordering found at the step 1 and the one learnt by the graph-based method. For example, we can use an 

exponential loss function like ( )∑
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example ranked at the position j by the graph-based method) to preserve the convexity of the criterion. 
Nevertheless any dissimilarity measure between two orders could be used. At the next step, we optimize the 
exponential criterion to which we add the cost on the unlabeled subset. 

 
   Algorithm: semi supervised logistic model for AUC 
   Input: S, n  
   Initialisation: Learn a score function by optimizing a supervised cost expL  
   Repeat until convergence or until the maximum iteration is reached: 

1. Generate a subset )(i
UNLS from unlabeled data with the n highest scored instances. 

2. Produce an index function )(iϕ  with the manifold based method. 
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The fixed parameter ]1,0[∈λ  measures the contribution of the unlabeled examples to the criterion. 
    End 

    Output:  ∑
=

=
d

i
ii xxh

1

)( β  

4 EXPERIMENTS AND DISCUSSION 

4.1 Data set 

In this section, we have only compared our algorithm with the supervised algorithm [2] to validate our 
approach and to show that unlabeled data may be useful for the ranking task. We used AUC and average 
precision as evaluation measures which are usually used in the Information Retrieval community. We have 
led experiments on the CACM collection gathering titles and abstracts from the journal Communications of 
the Association for Computer Machinery.  

For each query we have omitted pertinent documents, which do not content any word of query and a 
test set with 50% of the data was created randomly.  We kept also only one positive example since the base 
seems easy to learn and we choose only queries where there are enough positive examples. We have fixed 
parameters λ  at 1, the size of unlabeled subset n  at 10 and the graph is built by 5-nearest-neighbor 
technique. The supervised method was applied on the labeled examples for each experience. The results on 
the CACM collection are summarized in Table 1. Numbers shown here are the AUC and the average 
precision on the test set averaged over five random train/test split. For each query, we present the results of 
both models. 

4.2 Results and discussion 

Empirical results on average precision show that the supervised method outperforms the semi 
supervised method. Indeed our algorithm does not optimize directly this criterion. Moreover even if AUC 
and average precision can be correlated [3], the AUC is more related to negative examples than to positive 
examples. They are indeed very few positive documents for each query.  In fact we could use directly the 
average precision as supervised criterion [8] or use an Lp norm.  In [12] the author shows that using such 
technique leads the algorithm to concentrate harder near the top of the ranked list. The criterion used in [12] 
is moreover close to the AUC. 

For the AUC measure, we obtain a loss on the query 17. In this case the positive document contains 
very few words. We suppose also that this document is far from the remaining examples and could mislead 
the graph-based similarity. Nevertheless the results on the AUC show an improvement for the majority of 
queries and a substantial gain for the half of them. On average, the semi supervised algorithm outperforms 



the supervised algorithm.  
 
 
Table1. For each query identified by an integer, we present the results obtained by the model logistic (column Sup) 
and by our algorithm (column Semi) for AUC and average precision. 
 

7 10 11 14 17 25  
Sup Semi Sup Semi Sup Semi Sup Semi Sup Semi Sup Semi 

AUC 81.4 90.8 80.2 87.9 98 97.9 90.8 93 95.6 90.3 83.2 91.2 
Prec 21.6 18.9 20.1 23.8 31.5 25 32.6 28.8 35 27.4 29.4 12.3 

 
27 29 42 43 58 60  

Sup Semi Sup Semi Sup Semi Sup Semi Sup Semi Sup Semi 
AUC 89.7 95.8 91.4 91.7 72.1 89.6 98.9 98.4 86.2 87.3 98.8 97.7 
Prec 42.9 44.4 11.3 11.6 31.6 36.9 49 38.9 20.2 25.6 57.1 43.5 

 

5 CONCLUSION AND PERSPECTIVE 

The aim contribution of this work is a method for ranking applications which uses both labeled and 
unlabeled data to infer a ranking function. Our method combines a supervised method and a graph-based 
technique. The empirical results show that unlabeled data can be used in order to improve the AUC. For 
future works it will be interesting to perform our method on others collections and to investigate other 
unlabeled data dependent cost functions. Moreover since we have only investigated the bipartite ranking we 
intend to investigate more general ranking cases in a future work. 
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