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Abstract- Semi-supervised clustering is improving clustering 

performance by considering user supervision in the form of pairwise 

constraints. We study the active learning problem of selecting pairwise 

must-link and cannot-link constraints for semi-supervised clustering. 

We apply a general framework that builds on the concept of 

neighborhood, where neighborhoods contain “labeled examples” of 

different clusters according to the pairwise constraints. Our active 

learning method expands the neighborhoods by selecting informative 

points and querying their relationship with the neighborhoods. Under 

this framework, we build on the classic uncertainty-based principle and 

present a novel approach for computing the uncertainty associated with 

each data point.  

 

Index Terms—Active learning, clustering, semi-supervised learning 

 

1. INTRODUCTION 

 
 

                 SEMI-SUPERVISED clustering is improving 
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. If the constraints are selected 
improperly, they may also degrade the clustering 
performance 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, we would like to optimize the selection of 
the constraints for semi-supervised clustering, which is 
the topic of active learning. 

In this paper, we consider active learning of constraints in an 

iterative framework. Specifically, in each iteration we 

determine what is the most important information toward 

improving the current clustering model and form queries 

accordingly. The responses to the queries (i.e., constraints)  

 

are then used to update (and improve) the clustering. This 

process repeats until we reach a satisfactory solution or 

we reach the maximum number of queries allowed. Such an 

iterative framework is widely used in active learning for 

supervised classification and has been generally 

observed to outperform non iterative methods, where the 

whole set of queries is selected in a single batch. 

We focus on a general approach based on the concept of 

neighborhoods, which has been successfully used in a 

number of previous studies on active acquisition of 

constraints. 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 neighbor-

hoods can provide valuable information regarding what 

the underlying clusters look like 

 

2. LITERATURE SURVEY 

 
 An constant active learning framework to select pairwise 

restraint for semi-supervised clustering. 

 It propose a novel method for choosing the most descriptive 

queries. 

 To accomplish query efficiency, i.e., would like to decrease 

the number of queries/questions asked to achieve a great 

clustering work. 
 

3. EXISTING SCENARIO 

 
 Most of the existing research planned the selection of a set of 

initial constraints proceeding to operating semi-supervised 

gathering.  

 The first phase probe incrementally selects points using the 

farthest-first abnegation scheme and queries their accord to 

identify. 

 The second phase build up iteratively spread the 

neighborhoods, where in each emphasis it selects a arbitrary point 

outside any neighborhood. 

 Cluster inquiry itself is not one specific algorithm, but the 

accustomed task to be solved. 
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 The analogous is used to administered effective learning 

where data points are selected constantly based on the present 

classification miniature 

 Method of their always performs semi-administered 

clustering with the current set of restraints to crop a probabilistic 

clustering appointment. 

 Pairwise uncertainty occupies only the relationship among 

the two points in the set.  

 

3.1 DISADVANTAGES 
 

 In existing the cluster result will be in more datas, Constraints 

are not  used. 

 The clustered table lables 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. PROPOSED WORK 

 
 The iterative plan requires copied reclustering of the info 

with an incrementally growing restraint set. 

 To consider an additional semi-supervised clustering 

approach it updates the clustering solution based on the 

neighborhood appointment for the new point. 

 To propose a novel nonparametric way using random forest 

for estimating the possibility. 

 Our approach, instead, focuses on the point-based ambiguity, 

allowing us to select the concern according to the total amount of 

data earned. 

 Well-formed neighborhoods can present valuable data 

regarding what the underlying batch look like. 

 A neighborhood restraints a set of data occurrence that are 

known to belong to the same class linked by must-link constraints 

 Different neighborhoods are associated by cannot-link 

constraints and, thus are known to apply in to different classes. 

 

4.1 ADVANTAGE 

 
 An substitute way to lower the calculation cost is to reduce 

the number of iterations by implement a batch access that selects 

a set of points to query in each. 

 Constraints are used  and addition labels to the machine 

learning data set. 

 In spite of splitting the big tables into class or label wise its 

easy and efficient for  clustering. 

 The not link or must link conditions based on constraints 

presents the accuracy  

 
5. CONCLUSION AND FUTURE WORK 

 
 

In this paper, we study an iterative active learning frame-

work to select pairwise constraints for semi-supervised 

clustering and propose a novel method for selecting the 

most informative queries. 

 Our method takes a neighborhood-based approach, 

and incrementally expands the neighborhoods by posing 

pair-wise queries. We devise an instance-based selection 

criterion that identifies in each iteration the best 

instance 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. 

 We empirically evaluate the proposed method on 

the eight benchmark data sets against a number of 

competing methods. The evaluation results indicate that 

our method achieves consistent and substantial 

improvements over its competitors. 

 There are a number of interesting directions to 

extend our work. The iterative framework requires 

repeated reclustering 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.  

 

REFERENCES 

 
[1] S. Basu, A. Banerjee and R. Mooney, “Active Semi-
 Supervision for Pairwise Constrained Clustering,” 
 Proc. SIAM Int’l Conf. Data Mining, pp. 333-344, 2004. 
[2] S. Basu, I. Davidson, and K. Wagstaff, Constrained 
 Clustering: Advances in Algorithms, Theory, and Applications. 
 Chapman & Hall, 2008. 
[3] M. Bilenko, S. Basu, and R. Mooney, “Integrating 
 Constraints and Metric Learning in Semi-Supervised 
 Clustering,” Proc. Int’l Conf. Machine Learning, pp. 11-18, 
 2004. 
[4]  I. Davidson, K. Wagstaff, and S. Basu, “Measuring 
 Constraint-Set Utility for Partitional Clustering 
 Algorithms,” Proc. 10th European Conf. Principle and 
 Practice of Knowledge Discovery in Databases, pp. 115-126, 
 2006. 
 [5]  D. Greene and P. Cunningham, “Constraint Selection by 
 Committee: An Ensemble Approach to Identifying 
 Informative Constraints for Semi-Supervised 



 Clustering,” Proc. 18th European Conf. Machine Learning, pp. 
 140-151, 2007. 
[6] D. Cohn, Z. Ghahramani, and M. Jordan, “Active 
 Learning with Statistical Models,” J. Artificial Intelligence 
 Research, vol. 4, pp. 129-145, 1996. 
[7] Y. Guo and D. Schuurmans, “Discriminative Batch 
 Mode Active Learning,” Proc. Advances in Neural 
 Information Processing Systems, pp. 593-600, 2008. 
[8] S. Hoi, R. Jin, J. Zhu, and M. Lyu, “Batch Mode Active 
 Learning and Its Application to Medical Image 
 Classification,” Proc. 23rd Int’l Conf. Machine learning, pp. 
 417-424, 2006. 
[9]  S. Hoi, R. Jin, J. Zhu, and M. Lyu, “Semi-Supervised 
 SVM Batch Mode Active Learning for Image 
 Retrieval,” Proc. IEEE Conf. Computer Vision and Pattern 
 Recognition, pp. 1-7, 2008. 
[10] S. Huang, R. Jin, and Z. Zhou, “Active Learning by 
 Querying Informative and Representative Examples,” 
 Proc. Advances in Neural Information Processing Systems, pp. 
 892-900, 2010. 
 
 
 


