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Abstract: Semi-supervised clustering process is adopted for the 

improvement of the clustering performance, by considering the 

supervision of user in the form of pairwise constraints. This paper 

studies about the active learning problem of selecting pairwise cannot-

link and must-link constraints for semi-supervised clustering. The 

expansion of the neighborhoods is done by the active learning method, 

by selecting and querying the relationship of the informative points 

with the neighborhoods. Under this framework, the classic uncertainty-

based principle is built and a novel approach to evaluate the 

uncertainty related with each data point is presented. Furthermore, a 

selection criterion is introduced for the effective management of the 

amount of uncertainty of each data point with the expected number of 

queries required to resolve this uncertainty. So, that the selection of the 

queries that have the highest information rate is allowed. Evaluation of 

the proposed method on various benchmark data sets is performed. The 

experimental results demonstrate the consistent and substantial 

improvements of the proposed technique, with respect to the 

conventional state-of-the-art techniques. 

 

Index Terms – Huang’s Method, Min-Max Approach, Normalized 

Point Based Uncertainty (NPU) Clustering, Random Method 

Clustering, Semi-Supervised Clustering 

 

1. INTRODUCTION 

 
Data mining refers to extracting or “mining” knowledge from 

large amounts of data stored either in data warehouses or other 

information repositories like database. Data mining has mostly 

acquired an important area for research. The reason for this 

present interest in the data mining area arises from its 

applicability to a wide variety of problems arises, including not 

only databases containing consumer and transaction information 

but also advanced databases on multimedia, storage,  spatial and 

temporal information. 

           Semi-supervised clustering is adopted for the improvement 

of the clustering performance with the help of user-provided side 

information. One of the most studied types of side information is 

pairwise constraints, which include must-link and cannot-link 

constraints specifying that two points must or must not belong to 

the same cluster. A number of previous studies have 

demonstrated that, in general, such constraints can lead to 

improved clustering performance [1], [2], [3]. However, if the 

constraints are selected improperly, they may also degrade the 

clustering performance [4], [5]. Moreover, obtaining pairwise 

constraints typically requires a user to manually inspect the data 

points in question, which can be time consuming and costly. For 

example, for document clustering, obtaining a must-link or 

cannot-link constraint requires a user to potentially scan through 

the documents in question and determine their relationship, which 

is feasible but costly in time. For those reasons, the selection of 

the constraints for semi-supervised clustering is optimized. 

           While active learning has been extensively studied in 

supervised learning [6], [7], [8], [9], [10], [11], the research 

related to the active learning of constraints is relatively limited 

[1], [5], [12], [13], [14]. Most of the existing work on this topic 

has focused on selecting an initial set of constraints prior to 

performing semi-supervised clustering [1], [5], [13], [14]. In this 

paper, active learning of constraints in an iterative framework is 

considered. Specifically, in each iteration the most important 

information is determined for the improvement of the current 

clustering model, to form queries accordingly. The responses to 

the queries (i.e., constraints) are then used to update (and 

improve) the clustering. This process repeats until a satisfactory 

solution is obtained or the maximum number of allowed queries 

is obtained. Such an iterative framework is widely used in active 

learning for supervised classification [7], [8], [9], [10] and has 

been generally observed to outperform non-iterative methods, 

where the whole set of queries is selected from a single batch. 

Focus on the general approach based on the concept of 

neighborhoods, which has been successfully used in a number of 

previous studies on active acquisition of constraints [1], [12], [13] 

is performed. A neighborhood contains a set of data points that 

are known to belong to the same cluster according to the 

constraints and different neighborhoods are known to belong to 

different clusters. Simply put, neighborhoods can be viewed as 

containing the “labeled examples” of different clusters. Well-

formed neighborhoods can provide valuable information 

regarding what the underlying clusters look like. Analogous to 

supervised active learning, an active learner of constraints will 

then seek to select the most informative data point to include in 

the neighborhoods. Once a point is selected, the selected point is 

queried against the existing neighborhoods to determine to which 

neighborhood it belongs. 

 Specifically, our approach builds on the classic 

uncertainty-based principle. Here, the uncertainty is defined in 

terms of the probability of the point belonging to different known 

neighborhoods and propose a novel non-parametric approach 

using random forest [15] to estimate the probabilities. Different 

from supervised learning where each point only requires one 

query to obtain its label, in semi-supervised clustering [1], [5], 

[13], [14], posing of the pairwise queries is performed and 

multiple queries are required typically to determine the 



               PISSN:2347-4408 
  EISSN:2347-4734 

2| Page                                               October 2014, Volume - 1, Issue - 2 

 

neighborhood of a selected point. In general, points with higher 

uncertainty will require a larger number of queries. This suggests 

that there is a tradeoff between the amount of information 

acquired by querying about a point, and the expected number of 

queries for acquiring this information. Balancing of this tradeoff 

is proposed with the normalization of the uncertainty amount of 

each data point with the expected number of queries required to 

resolve this uncertainty, and queries having the highest rate of 

information are selected. 

The rest of the paper is systematized as follows. Section 

2 briefly overview the literature survey. Section 3 describes about 

the related work. Section 4 explains the proposed methodology. 

Section 5 shows the experimental results. Section 6 summarizes 

the conclusion and Section 7 describes about the Future 

enhancement. 

 

2. LITERATURE SURVEY 

 
 The novel scheme exploits both semi-kernel leaning and 

batch mode active learning for the relevance feedback in the 

content based image retrieval (CBIR). Particularly, learning of a 

kernel function from the combination of labeled and unlabeled 

examples is performed. Then the kernel can be used for the 

effective identification of the informative and diverse examples 

for the active learning through the min-max framework [13]. 

Through the empirical study with the relevance feedback of the 

CBIR, the significant effectiveness of the proposed scheme 

compared to other state-of-the-art approaches is realized.  

           Learning with the user interaction seems to be crucial in 

the computer vision and pattern recognition applications. The 

users interact with the CBIR system, for the improvement of the 

retrieval quality. In such interactive procedure known as 

relevance feedback, the CBIR system tries to understand the 

information needs of the user, by learning from the feedback 

examples determined by the users. Therefore, in order to achieve 

the desirable results, the traditional relevance feedback techniques 

have to repeated many times, due to the challenge of the semantic 

gap. In order for the reduction of the number of the labeled 

examples required by the feedback, the main key issue is the 

identification of the most informative unlabeled examples, for the 

efficient improvement in the retrieval performance.            

           A unified learning framework is presented for 

incorporating both labeled and unlabeled data for the 

improvement of the retrieval accuracy and a new batch mode 

active learning algorithm is developed, based on the min-max 

framework [13].  The advantages of the proposed solution 

compared to the other state-of-the-art methods is shown by the 

empirical results with relevance feedback of CBIR. 

 

3. RELATED WORK 

  
 In the existing system, clustering is the technique of 

grouping a set of objects, such that the objects in the same group 

called as clusters are more similar to each other.  More relevant to 

our work is an active learning framework presented by Huang and 

Lam [12] for the task of document clustering. Specifically, this 

framework takes an iterative approach that is similar to ours. In 

each iteration, their method performs semi-supervised clustering 

[1], [5], [13], [14] with the current set of constraints to produce a 

probabilistic clustering assignment.It then computes, for each pair 

of documents, the probability of them belonging to the same 

cluster and measures the associated uncertainty. To make a 

selection, it focuses on all unconstrained pairs that has exactly 

one document already “assigned to” one of the existing 

neighborhoods by the current constraint set, and among them 

identifies the most uncertain pair to the query. If a “must-link” 

answer is returned, it stops and moves onto the next iteration. 

Otherwise, it will query the unassigned point against the existing 

neighborhoods until a “must-link” is returned. 

Finally, another line of work that uses active learning to 

facilitate clustering [17], [18] is mentioned, where the goal is to 

cluster a set of objects by actively querying the distances between 

one or more pairs of points. This is different from the focus of 

this paper, where only pairwise must-link and cannot-link 

constraints are requested, and do not require the user to provide 

specific distance values. 

           In the existing system, Constraints and Table labels are not 

used. In previous Must link, cannot link constraints are not used 

and algorithms are not used its be a major drawback. An 

abnormal clustering result will lead to meaningless models and 

poor variety of queries. 

 

4. METHODOLOGY 

 
 This paper describes about the methodology to 

effectively choose pairwise queries to produce an 

accurate clustering assignment. Through the active 

learning, the number of queries is reduced to  achieve a 

good clustering performance. This is viewed as an 

iterative process, such that the decision for selecting 

queries should depend on what has been learned 

from all the previously formulated queries. The 

proposed methodology is described in this section. 

 

4.1 NEIGHBORHOOD-BASED FRAMEWORK 
 

Definition: A neighborhood contains a set of data instances 

that are known to belong to the same class (i.e., connected by 

must-link constraints). Furthermore, different neighborhoods 

are connected by cannot-link constraints and, thus, are known 

thus, are known to belong to different classes. 

 

Given a set of constraints denoted by K, a set of m 

neighborhoods H= {        } is identified, such that 

m<K and K is the total number of classes. Each data 

instance is denoted as y and the label as “LB”.One way to 

interpret the neighborhoods is to view them as the “labeled 

examples” of the underlying classes because instances belonging 

to different neighborhoods are guaranteed to have different class 

labels [11], and instances of the same neighborhood must belong 
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to the same class. A key advantage of using the neighborhood 

concepts is that by leveraging the knowledge of the 

neighborhoods, a large number of constraints is acquired via a 

small number of queries. In particular, if the neighborhood of an 

instance x is identified, then its pairwise relationship with all 

other points that are currently confirmed to belong to any of the 

existing neighborhoods can be inferred. This naturally motivates 

us to consider an active learning strategy that incrementally 

expands the neighborhoods by selecting the most informative data 

point and querying it against the known neighborhoods. This 

strategy is summarized in the Algorithm.1 

Algorithm 1. The Neighborhood-based Framework. 

Input: A set of data points M; the total number of 

classes K; the maximum number of pairwise queries P . 

Output: a clustering of S into K clusters. 

1: Initializations: K= 0; H1=  {x}, where x is a 

random point   in M; H=  H1; m= 1; t= 0; 

2: repeat 

3:    Semi-supervised-Clustering (M, K); 

4: y
*
= MostInformative (M,  , H ); 

5: for each Hi H in decreasing order of p(y
* Hi) do 

6: Query y
*
 against any data point yi Hi;  

7: s++; 

8: Update K  based on returned answer; 

9: if (y
*
,yi,LB) then Hi=  Hi   {y

*
}; break;  

10: end for 

11: if no must-link is achieved 

12: then m++; Hl=  {y
*
}; H = H   Hl; 

13: until s  > P 

14: return Semi-supervised-clustering (M, K) 

Briefly, the algorithms begins by initializing the 

neighborhoods by selecting a random point to be 

the initial neighborhood (line 1). In each iteration, 

given the current set of constraints K, it performs semi-

supervised clustering on M to produce a clustering 

solution (line 3). A selection criterion is then applied to 

select the “most informative” data point y
* 

based on the 

current set of neighborhoods and the clustering solution 

(line 4). The selected point y
* 

is then queried against 

each existing neighborhood Ni to identify where y
* 

belongs, during which the constraint set K is updated 

(lines 5-12). In line 5, we go through the 

neighborhoods in decreasing order based on 

p(y
* Hi), i  *     + i.e., the probability of y

* 

belonging to each neighborhood, which is assumed to 

be known. This query order will allow us to determine 

the neighborhood of y
* 

with the smallest number of 

queries. This process is repeated until the maximum 

number of queries allowed (line 13) is reached. 

 

4.2 UNCERTAINTY MEASUREMENT 

 
 In uncertainty-based sampling for supervised 

learning, an active learner queries the instance about 

which the label uncertainty is maximized. Numerous 

studies have investigated different approaches for 

measuring uncertainty given probabilistic predictions 

of the class labels [11]. In our context, one can take a 

similar approach and measure the uncertainty of 

each data instance belonging to different clusters. 

Instead, the probability of each instance belonging to each 

neighborhood is estimated using a similarity-based approach. 

This learning-based approach allows us to transfer the 

knowledge that has learned from the constraints to the 

similarity measures. 

Random forest [15] is an ensemble learning algorithm 

that learns a collection of decision trees. Each decision 

tree is trained using a randomly bootstrapped sample of 

the training set and the test for each node of the tree is 

selected from a random subset of the features. Given the 

learned random forest classifier, the similarity between 

a pair of instances is  computed by sending them down 

the decision trees in the random forest and count the 

number of times they reach the same leaf, normalized 

by the total number of trees. This will result in a 

value between 0 and 1, with 0 for no similarity 

and 1 for maximum similarity. Note that random 

forest has previously been successfully applied to 

estimating similarities between unsupervised objects 

[20]. In that work, a random forest classifier is built to 

distinguish the observed data from synthetically 

generated data, whereas our work builds the 

random forest classifier to distinguish the different 

clusters. Because the clusters are identified by 

applying constraint-based clustering to the data 

using the constraint set K , thus the resulting 

proximities can be also viewed as a supervised 

similarity measure learned indirectly using the 

constraint set K . 

 

Estimation of neighborhood probability 

 

Let S denotes the similarity matrix generated by 

previous steps, let S(y i,yj) denotes the similarity 

between instance yi and instance yj. For any 

unconstrained data point y, i t  is  assumed that its 

Probability of belonging to a neighborhood Hi to be 

proportional to the average2 similarity between y and 

the instances in Hi. More formally, the probability of 

an instance y  belonging to neighborhood Hi is 

estimated,  

 (    )  

 

|  |
∑  (    )     

∑
 

|  |
 
   ∑  (    )     

      (1)  

 

where |  | indicates the number of instances in 

neighborhood H i, and m  is the total number of 

existing neighborhoods. Note that in the early stages of 

our algorithm, when all neighborhoods are small, it is 
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possible for an unconstrained data point y  to have 

zero average similarity with every neighborhood. In 

such cases, equal probabilities are assigned to all 

neighborhoods for y . This will essentially treat 

instance x as highly uncertain, making it a good 

candidate to be selected by our algorithm. This behavior 

is reasonable because it will encourage the discovery 

of more neighborhoods in early stages. 

Finally, the uncertainty of an instance is measured by the 

entropy of its neighborhood membership, which is 

denoted as  ( | ) 
 ( | )   ∑  (    )

 
        (    )     (2) 

Where m is the total number of existing neighborhoods. 

 

4.3 BASELINE METHODS 

 

 To demonstrate the effectiveness of the proposed 

method, its performance is compared to a set of 

competing methods, including a random policy, the Min-

Max approach introduced by Mallapragada et al. [13], 

and a variant of Huang’s method [12] to make it 

applicable to non-document data types.  These baseline 

methods are briefly explained below. 

Random method Clustering: In this technique a simple random 

sample of the groups is selected. This policy selects 

random pairwise queries that are not included in or 

implied by the current set of constraints.Then, the 

required information is collected from a simple random sample of 

the elements within each selected group. In this method, some 

data points are used for clustering data from the existing dataset. 

User enters their random data points to cluster from the dataset. It 

is not a neighborhood-based approach, and is a 

commonly used baseline for active learning studies. 

  

Min-Max Approach: Min-Max is a neighborhood-

based approach that works in two phases. The first 

phase builds disjoint neighborhoods using farthest-first 

traversal. The second phase incrementally expands 

the neighborhoods by selecting a point to query 

using a distance-based Min-Max criterion [13]. 

 

Huang’s method: The language-model-based method 

by Huang and Lam is only applicable to document 

clustering because it assumes a specific language 

model for each cluster. This model is used to 

estimate the probability of each document belonging 

to different clusters. In our experiments, to apply the 

underlying active learning method to general-type 

data, the language is replaced with a discriminating 

approach for estimating the probabilities. In 

particular, a random forest classifier i s  t r a i n e d  using 

the cluster labels as classes. Then estimation of 

probability of each data point y  belonging to 

different clusters using the out-of-bag probabilistic 

prediction for y  is performed. All decision trees in 

the random forest that were trained without using 

the data point y  a r e  c o n s i d e r e d  and used to estimate 

the probability of y  belonging to different clusters. 

  

 

 

 

Fig.1 shows the system architecture of the proposed methodology
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5. SIMULATION RESULTS 
 

 This section presents the experimental results of the proposed 

methodology. The simulation results describe the performance of 

the random method clustering, Min-Max method clustering, 

Huang method clustering and NPU method clustering.  

Fig.2 shows the process of loading dataset and obtaining data 

from the tables. Initially, the data set is loaded and the data is 

obtained from the tables. 

 

 

 
Fig.2 Loading of dataset and obtaining the data from tables. 

 

 

 
Fig.3 Random Method Clustering process 
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Fig.3 shows the random method clustering process. The random 

data points are entered initially. Clustering of data is performed 

based on the random data points. The F-measure is calculated 

using the formula, 

2*Precision*Recall

Precision Recall
F measure 


 

F-measure is defined as the harmonic mean of precision and 

recall. The F-measure of the random method clustering process is 

0.96. 

Fig.4 shows the Min-Max Method Clustering Process. The 

minimum and maximum criterion for the clustering process are 

determined. The F-measure of the Min-Max Method Clustering is 

found to be 0.94. 

 

 

 
Fig.4 Min-Max Method Clustering Process 
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Fig.5 Huang Method Clustering process 

 

Fig.5 shows the Huang method clustering. Clustering of data 

from the tables is performed using the Mustlink conditions. The 

Normalized value of this method is found to be 0.667.  

Fig.6 shows the NPU based Clustering process. Here, clustering 

is performed based on the data points such as cholesterol points 

and FBC points. The F-measure of this method is computed as 

0.06. 

Fig.7 shows the graph illustrating the comparison between the F-

measure of the Random method Clustering, Min-Max method 

Clustering, Huang method Clustering and NPU method 

Clustering. 

 

 

 
Fig.6 NPU based Clustering process 
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Fig.7 Graph showing the comparison between the F-measure of the Random method Clustering, Min-Max method Clustering, Huang 

method Clustering and NPU method Clustering 
 

6. CONCLUSION 
 

 In this paper, an iterative active learning 

framework is studied to select pairwise constraints for semi-

supervised clustering and proposed a novel method for selecting 

the most informative queries. Our method takes a neighborhood-

based approach, and incrementally expands the neighborhoods by 

posing pairwise queries. An instance-based selection criterion that 

identifies the best instance in each iteration is devised to include 

into the existing neighborhoods. The selection criterion trades-off 

two factors, the information content of the instance, which is 

measured by the uncertainty about which neighborhood the 

instance belongs to and the cost of acquiring this information, 

which is measured by the expected number of queries required to 

determine its neighborhood. Empirically evaluation of the 

proposed method on the eight benchmark data sets against a 

number of competing methods is performed. The evaluation 

results indicate that our method achieves consistent and 

substantial improvements over its competitors. 

 

7. FUTURE ENHANCEMENT 
 

 The iterative framework requires repeated re-

clustering of the data with an incrementally growing constraint 

set. This can be computationally demanding for large data sets. 

To address this problem, it would be interesting to consider an 

incremental semi-supervised clustering method that updates the 

existing clustering solution based on the neighborhood 

assignment for the new point. An alternative way to lower the 

computational cost is to reduce the number of iterations by 

applying a batch approach that selects a set of points to query in 

each iteration. A naive batch active learning approach would be 

to select the top k points that have the highest normalized 

uncertainty to query their neighborhoods. However, such a 

strategy will typically select highly redundant points. Designing a 

successful batch method requires carefully trading off the value 

(normalized uncertainty) of the selected points and the diversity 

among them. 
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