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ABSTRACT 
Semi-supervised clustering aims to introduce prior knowledge in the decision process of a clustering algorithm. In this paper, we 
propose a novel semi-supervised clustering algorithm based on the information-maximization principle. The proposed method is 
an extension of a previous unsupervised information-maximization clustering algorithm based on squared-loss mutual 
information to effectively incorporate must-links and cannot-links [2]. The proposed method is computationally efficient because 
the clustering solution can be obtained analytically via Eigen decomposition. Furthermore, the proposed method allows systematic 
optimization of tuning parameters such as the kernel width, given the degree of belief in the must-links and cannot-links. The 
usefulness of the proposed method is demonstrated through experiments [5]. Semi-supervised clustering employs a small amount 
of labelled data to aid unsupervised learning. Previous work in the area has utilized supervised data in one of two approaches: 1) 
constraint-based methods that guide the clustering algorithm towards a better grouping of the data, and 2) distance-function 
learning methods that adapt the underlying similarity metric used by the clustering algorithm. This paper provides new methods 
for the two approaches as well as presents a new semi-supervised clustering algorithm that integrates both of these techniques in 
a uniform, principled framework [7]. Experimental results demonstrate that the unified approach produces better clusters than 
both individual approaches as well as previously proposed semi supervised clustering algorithms. We present new unsupervised 
and semi-supervised training algorithms for multi-class support vector machines based on semi definite programming [9]. 
Although support vector machines (SVMs) have been a dominant machine learning technique for the past decade, they have 
generally been applied to supervised learning problems. Developing unsupervised extensions to SVMs has in fact proved to be 
difficult. In this paper, we present a principled approach to unsupervised SVM training by formulating convex relaxations of the 
natural training criterion: find a labelling that would yield an optimal SVM classifier on the resulting training data [3]. The problem 
is hard, but semi definite relaxations can approximate this objective surprisingly well. While previous work has concentrated on 
the two-class case, we present a general, multi-class formulation that can be applied to a wider range of natural data sets. The 
resulting training procedures are computationally intensive, but produce high quality generalization results [10]. The improved K-
means algorithm implemented for data clustering, as the algorithm clustering object is a low dimensional data, and prior 
knowledge increased, clustering in time efficiency can be guaranteed, and also can solve the deviation problem of clustering [1]. 
The experiment results show that, with hard c-means semi supervised algorithm clustering performance improvement was 
superior to the other two semi-supervised clustering algorithms [2]. 

 

KEYWORDS: Data Mining, Clustering, Semi Supervised Clustering, SVM Classifier, Support Vector Machine, K-Means, Pair 

wise Constraints.  
 

INTRODUCTION 

 

The objective of clustering is to classify unlabelled data into disjoint groups based on their similarity, and 

clustering has been extensively studied in statistics and machine learning. K-means is a classic algorithm that 

clusters data so that the sum of within-cluster scatters is minimized [5]. However, its usefulness is rather limited 

in practice because k-means only produces linearly separated clusters. These non-linear clustering techniques 

are capable of handling highly complex real world data. However, they lack objective model selection 
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strategies, i.e., tuning parameters included in kernel functions or similarity measures need to be manually 

determined in an unsupervised manner [7]. Information-maximization clustering can address the issue of model 

selection, which learns a probabilistic classifier so that some information measure between feature vectors and 

cluster assignments is maximized in an unsupervised manner [9]. In the information-maximization approach, 

tuning parameters included in kernel functions or similarity measures can be systematically determined based on 

the information maximization principle [1]. Among the information-maximization clustering methods, the 

algorithm based on squared-loss mutual information (SMI) was demonstrated to be promising, because it gives 

the clustering solution analytically via Eigen decomposition [2].  

In practical situations, additional side information regarding clustering solutions is often provided, typically 

in the form of must-links and cannot-links: A set of sample pairs which should belong to the same cluster and a 

set of sample pairs which should belong to different clusters, respectively [3]. Such semi-supervised clustering 

(which is also known as clustering with side information) has been shown to be useful in practice. Spectral 

learning is a semi-supervised extension of spectral clustering that enhances the similarity with side information 

so that sample pairs tied with must-links have higher similarity and sample pairs tied with cannot-links have 

lower similarity [6]. On the other hand, constrained spectral clustering incorporates the must-links and cannot 

links as constraints in the optimization problem. However, in the same way as unsupervised clustering, the 

above semi-supervised clustering methods suffer from lack of objective model selection strategies and thus 

tuning parameters included in similarity measures need to be determined manually [9]. 

Existing methods for semi-supervised clustering fall into two general approaches we call constraint-based 

and metric-based. In constraint-based approaches, the clustering algorithm itself is modified so that user-

provided labels or pairwise constraints are used to guide the algorithm towards a more appropriate data 

partitioning [10]. This is done by modifying the clustering objective function so that it includes satisfaction of 

constraints. Previous semi-supervised clustering algorithms exclude unlabelled data from the metric training 

step, as well as separate metric learning from the clustering process [11]. Also, existing metric-based methods 

use a single distance metric for all clusters, forcing them to have similar shapes. We propose a new semi-

supervised clustering algorithm derived from K-Means, MPCK-MEANS that incorporates both metric learning 

and the use of pairwise constraints in a principled manner. MPCK-MEANS performs distance-metric training 

with each clustering iteration, utilizing both unlabelled data and pairwise constraints [12]. The algorithm is able 

to learn individual metrics for each cluster, which permits clusters of different shapes. MPCKMEANS also 

allows violation of constraints if it leads to a more cohesive clustering, whereas earlier constraint-based methods 

forced satisfaction of all constraints, leaving them vulnerable to noisy supervision [13].  

There has been significant recent interest in semi supervised clustering, where the goal is to improve the 

performance of unsupervised clustering algorithms with limited amounts of supervision in the form of labels or 

pairwise constraints on the data points [2]. In this paper, we present a probabilistic model for semi supervised 

clustering with pairwise relations and compare the performance of several inference methods for cluster 

assignment in the context of an EM-based algorithm. Clustering is the task of grouping data into clusters, or 

groups of similar objects [4]. Traditional unsupervised clustering algorithms only rely on information intrinsic 

to the data. In contrast, in semi-supervised clustering [2, 1, and 2] the user can provide background knowledge 

to guide the algorithm towards better clustering’s [6]. Often, such background knowledge is given in the form of 

pairwise constraints, stating whether elements should be in the same cluster (must-link) or not (cannot-link). 

Semi-supervised extensions have been developed for most of the traditional clustering algorithms [8]. 

By ablating the metric-based and constraint-based components of our unified method, we present 

experimental results comparing and combining the two approaches on multiple datasets. The two methods for 

semi-supervision individually improve clustering accuracy, and our unified approach integrates their strengths 

[9]. Finally, we demonstrate that the semi-supervised metric learning in our approach outperforms previously 

proposed methods that learn metrics prior to clustering, and that learning multiple cluster specific metrics can 

lead to better results [10]. 

These three semi-supervised clustering algorithms have several common problems: first, cluster deviation, 

using pairwise constraints in must-link and cannot-link study, sample points around a cluster centre move now 

and then in order to obtain the best position, the distance of sample points in the algorithm iterations is changing 

[11]. Note, must-link does not guarantee that all the corresponding constraint sample point is divided into one 

class and also cannot-link constraint cannot guarantee that it can be classified into different categories, there 

exist certain errors; Second, supervisory information is usually non-active ways of obtaining in semi-supervised 

clustering, the collection of all possible supervisory information is obviously not feasible by traversing, 

therefore only under limited conditions can obtain some valuable information [12]. Because of pairwise 

constraints semi supervised clustering algorithm limitations, it is often too small that information embodied in 

the constraint set, and then influence the overall effect of clustering [1]. In addition, the sample space is high 

dimensional samples, and the spacing between sample points has smaller difference, the algorithm processing 

ability is also poor. So how to minimize the cost reduction is a research focus [2]. 
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We show how SVM can be extended to the semi-supervised case and how mixed integer programming can 

be used practically to solve the resulting problem [3]. We compare support vector machines constructed by 

structural risk minimization and overall risk minimization computationally on ten problems. Our computational 

results support past theoretical results that improved generalization can be obtained by incorporating working 

set information during training when there is a deviation between the working set and training set sample 

distributions [4]. In three of ten real-world problems the semi-supervised approach, SVM, achieved a significant 

increase in generalization. In no case did SVM ever obtain a significant decrease in generalization [5]. We 

conclude with a discussion of more general SVM algorithms [6]. 

 

Related Work: 

At present, semi-supervised clustering algorithm can be divided into three categories: The first category is 

based on the constraint of semi supervised clustering algorithm, derived from the pairwise constraints proposed 

by Wagstaff et al: must-link and cannot-link [1]. These algorithms are determined in dependence on the above 

two kinds of constraints, results of the two constraint are the opposite. Among them, must-link provided that 

two data samples in the space belong to the must-link constraint, then the two divisions as a class; on the 

contrary, cannot-link provided that two data samples in the space belong to the cannot-link constraint, the two 

data are divided into different classes [6]. The second category is based on the distance of the semi-supervised 

clustering algorithm and using trained adaptive distance metric to evaluate, through movement of the sample 

produced different distances, which constructed the restriction conditions to meet clustering [2]. In addition, two 

kinds of algorithm can also be combined to implement clustering [3], it is the so called third category.  

These three semi-supervised clustering algorithms have several common problems: first, cluster deviation, 

using pairwise constraints in must-link and cannot-link study, sample points around a cluster canter move now 

and then in order to obtain the best position, the distance of sample points in the algorithm iterations is changing 

[6]. Note, must-link does not guarantee that all the corresponding constraint sample point is divided into one 

class and also cannot-link constraint cannot guarantee that it can be classified into different categories, there 

exist certain errors; Second, supervisory information is usually non-active ways of obtaining in semi-supervised 

clustering, the collection of all possible supervisory information is obviously not feasible by traversing, 

therefore only under limited conditions can obtain some valuable information [8]. Because of pairwise 

constraints semi supervised clustering algorithm limitations, it is often too small that information embodied in 

the constraint set, and then influence the overall effect of clustering. In addition, the sample space is high 

dimensional samples, and the spacing between sample points has smaller difference, the algorithm processing 

ability is also poor. So how to minimize the cost reduction is a research focus [9].  

In view of the above problems, this paper puts forward a kind of semi-supervised K-means clustering 

algorithm based on active learning, to obtain the projection matrix under the action of the pairwise constraints 

and implemented LDA (Linear Discriminant Analysis) reduce dimension to it, while taking advantage of the 

Kmeans algorithm to guide the clustering [10]. There are two types of semi-supervised clustering methods: 

semi-supervised clustering with labeled seeding points (Basu, Banerjee, and Mooney 2002; Nigam et al. 2000) 

and semi-supervised clustering with labeled constraints (Wagstaff et al. 2001; Xing et al. 2002; Bilenko, Basu, 

and Mooney 2004; Basu, Bilenko, and Mooney 2004; Lu and Leen 2007). Constraint-based clustering methods 

often use pairwise constraints such as “must-links” and “cannot-links” to enhance semi supervised clustering 

algorithms [11]. These constraints are also called “side-information”. Similar to constraint-based clustering 

methods, we also use pairwise must-links and cannot-links to encode prior knowledge [12]. While all the above 

semi-supervised methods are applicable to one-dimensional clustering, we focus on extending these techniques 

to co-clustering. Different from the above methods, in this paper, we focus on using Semi-Supervised learning 

in image segmentation. In recent years, Semi-Supervised learning has been proved to be an effective approach, 

and has been successfully utilized in many fields as follows [13]. 

 

Semi-Supervised Clustering: 

Based on the above viewpoints, semi-supervised clustering research can be roughly divided into three 

directions: Based on the constraint mechanism, based on the distance and hybrid. Related research at present 

basically belong to the three class, which based on the pairwise constraints algorithm include: reference[4] is 

based on density clustering algorithm, can deal with any shapes of clusters, and based on the constraint set to 

split or merge clusters; reference[5] presented an effective semi-supervised clustering algorithm and introduced 

fuzzy constraint thought, with minimal supervision information clustering; reference[6] puts forward a kind of 

distinguishing nonlinear transformation metrics in measurement and based on image retrieval to test , its effect 

is good. 

 

Semi-Supervised Clustering Algorithms: 

Semi-supervised clustering algorithms can be broadly divided into three categories: methods that use the 

constraints to adapt their similarity measure, methods that adapt the actual clustering procedure to satisfy the 
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constraints, and hybrid algorithms that combine these two approaches [2]. In the remainder of this section, we 

briefly discuss these three approaches and the algorithms that we use in our experiments [5]. We consider these 

algorithms in combination with hyper parameter selection methods, as ultimately we are interested in mappings 

of the following form: Γ(X,M,C) = y (1) with X = {xi}n i=1 the data set, M = {(xi,xj)} a set of must-link 

constraints, C = {(xi,xj)} a set of cannot-link constraints and y = {c1,c2,...,cK} s.t. ∪ici = X (we only consider 

partitioned clustering’s). Γ encapsulates the clustering method as well as the hyper parameter selection 

procedure [9]. 

 

A Semi-Supervised Clustering Framework: 

For supervised learning, attribute selection is an important process of identifying the most effective attribute 

set for the learning task [1]. Traditionally, two major categories of methods exist in supervised learning: the 

wrapper framework, which wraps the learning algorithm inside the attribute selection process and uses the 

learning performance (i.e. accuracy) to estimate the benefits of adding or removing a particular attribute; the 

filter framework, which selects an attribute set based on some criterion for any learning algorithm to use before 

the actual learning is carried out [3]. For semi-supervised clustering, an attribute is a good one if it is either a 

good clustering criterion by itself, or good cluster criterion when taken together with some other attributes. In 

order to arrive at a suitable clustering result, the attributes set which can satisfy user’s requirement needs to be 

identified [7]. However, because of a lacking of consistent performance evaluation criterion, the wrapper 

framework has yet been fully utilized in semi-supervised clustering [5]. Based on the observation that when 

priori knowledge about the application domains is available, the ratio of satisfied priori constraints by the 

clustering results can be used as the indicator to guide the search for the best attribute set. In this section, we 

present an effective wrapper framework for semi-supervised clustering [8]. As shown in Figure 1, this 

framework starts with a metric learning process which utilizes the instance-level pairwise constraints to get a 

weighted set of attributes. Then two attributes with the largest weights are used as the seeding set, and the 

wrapper framework attempts to add each unselected attribute until terminated: for each candidate attribute set, a 

novel process is called to learn a clustering criterion from both the instance-level and the attribute-level 

constraints, and to produce a clustering result [2]. The attribute which leads to the biggest improvement in 

performance is selected. This hill-climbing forward selection process iterates until the performance of adding 

any attribute is less than the performance of the attribute set already selected. Finally the resulted weighted 

attribute set is used in clustering algorithm to generate the clustering result [6]. 

 
Proposed Work: 

VI a. Semi-Supervised Support Vector Machines: 

To formulate the S3VM, we start with SVM formulation, (4) or (5), and then add two constraints for each 

point in the working set. One constraint calculates the misclassification error as if the point were in class 1 and 

the other constraint calculates the misclassification error as if the point were in class - l. The objective function 

calculates the minimum of the two possible misclassification errors [3]. The final class of the points corresponds 

to the one that results in the smallest error [2]. Specifically we define the semi-supervised support vector 

machine problem (S3VM) as: 

 



163   M. Pavithra and Dr.R.M.S.Parvathi., 2017/Advances in Natural and Applied Sciences. 11(4) April 2017, Pages: 159-168 

 

 
 

VI b. Semi-Supervised Smic: 

In this section, we extend SMIC to a semi-supervised clustering scenario where a set of must-links and a set 

of cannot-links are provided. A must-link (i,j) means that xi and xj are encouraged to belong to the same cluster, 

while a cannot-link (i,j) means that xi and xj are encouraged to belong to different clusters [2]. Let M be the 

must-link matrix with Mi,j = 1 if a must-link between xi and xj is given and Mi,j = 0 otherwise[4]. In the same 

way, we define the cannot-link matrix C. We assume that Mi,i = 1 for all i = 1,...,n, and Ci,i = 0 for all i = 1,...,n. 

Below, we explain how must-link constraints and cannot-link constraints are incorporated into the SMIC 

formulation [6]. 

 
This is the learning criterion of semi-supervised SMIC (3SMIC), whose global maximize can be 

analytically obtained under ortho normality of {αy}c y=1 by the leading eigenvectors of U [9]. Then the same 

post-processing as the original SMIC is applied and cluster assignments are obtained. Out-of-sample prediction 

is also possible in the same way as the original SMIC [8]. 

 

VI c. Semi-Supervised Embedding (Embednn): 

Wewillfocusonarathergeneralclassofembeddingalgorithmsthatcanbedescribedbythefollowingtypeofoptimiza

tion problem: given the data x1,...,xU find an embedding f(xi) of each point xi by minimizing. We would like to 

use the ideas developed in semi supervised learning for deep learning [2]. Deep learning consists of learning a 

model with several layers of nonlinear mapping [5]. In this article we will consider multilayer networks with M 

layers of hidden units that give a C-dimensional output vector [7]. 

 

 
VI c1. Algorithm 1 Embednn: 

Input: 

labelled data (xi,yi), i = 1,...,L, unlabelled data xi, i = L +1,...,U, set of functions f(·), and embedding 

functions gk(·), see Figure 1 and equations (9), (10) and (11).  

Repeat  

Pick a random labelled example (xi,yi) 

Make a gradient step to optimize `(f(xi),yi)  

For each embedding function gk(·) do  

Pick a random pair of neighbours xi,xj.  
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Make a gradient step for λL(gk(xi),gk(xj),1)  

Pick a random unlabelled example xn.  

Make a gradient step for λL(gk(xi),gk(xn),0)  

End for  

Until stopping criteria is met. 

 

VI d. Semi-Supervised Clustering With Comrafs: 

The Comraf model is a convenient framework for performing semi-supervised clustering. Semi-supervised 

clustering is the clustering task that takes advantage of labelled examples [8]. Usually, semi supervised 

clustering is performed when the number of available labelled examples is not sufficient to construct a good 

classifier (e.g., the constructed classifier would over fit), or when the labelled data is noisy or skewed to a few 

classes [9]. Assuming that most of the labelled data is accurate, our goal is to incorporate it into the 

(unsupervised) Comraf model. An advantage of Comrafs is that they offer a unique intrinsic method for 

incorporating labeled data which does not require significant changes in the model. First, note that labels define 

a natural partition of the labeled data: for each label [6]. 

 

 
VI e. Hard C-Means Semi Supervised Clustering (Hcm): 

Clustering In this simplest clustering technique, from a set of patterns, c number of patterns is randomly 

chosen as initial cluster centres [3]. In each iteration the patterns are assigned to the cluster having the nearest 

centre; and the centres are updated accordingly. The centres are arithmetic mean of the patterns assigned to a 

cluster at the previous iteration [7]. Thus, if V=[v1,v2,..,vc],includes c number of vectors vi,( vi,1≤ i ≤ c) of 

cluster centres, then after the first iteration vi becomes the arithmetic mean of the patterns assigned to the ith 

cluster  [9]. This process continues until the centres become stable (the difference of the values in two 

successive iterations becomes less than , a predefined small positive constant) i.e. no changes occur from the 

partitioning point of view. The HCM algorithm basically minimizes the following objective function [5]. 

 
VII. Experiments: 

In this section, we empirically demonstrate that our proposed semi-supervised clustering algorithm is both 

efficient and effective.  

 

VII a. Datasets: 

The data sets used in our experiments include six UCI data sets1. Here is some basic information of those 

data sets. Table 5 summarizes the basic information of those data sets. 

• Balance. This data set was generated to model psychological experimental results. There are totally 625 

examples that can be classified as having the balance scale tip to the right, tip to the left, or be balanced. 

• Iris. This data set contains 3 classes of 50 instances each, where each class refers to a type of iris plant. 

• Ionosphere. It is a collection of the radar signals belonging to two classes. The data set contains 351 

objects in total, which are all 34-dimensional. 

• Soybean. It is collected from the Michalski’s famous soybean disease databases, which contains 562 

instances from 19 classes. 

 
Datasets Size Classes Dimensions 

Balance 625 3 4 

Iris 150 3 4 

Ionosphere 351 2 34 

Soybean 562 19 35 

 

VIII. Experimental Results: 

VIII a. Balance Dataset Results: 
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Balance Dataset 

   

Accuracy Precision Recall F-Measure Algorithm  

  

SS SVM 89.45 87.91 92.77 90.89 

SS SMIC 79.91 76.08 74.78 86.56 

EmbedNN 70.92 79.67 79.89 85.78 

COMRAFS 84.67 90.67 86.78 77.67 

HCM 90.07 83.66 82.33 72.88 

 

 
 

 The above graph shows that performance of Balance dataset. The Accuracy of HCM algorithm is 90.07 

which is higher when compare to other four (SS SVM, SS SMIC, EmbedNN, COMRAFS) algorithms. The 

Precision of COMRAFS algorithm is 90.67 which is higher when compare to other four (SS SVM, SS SMIC, 

EmbedNN, HCM) algorithms. The Recall of SS SVM algorithm is 92.77 which is higher when compare to other 

four (HCM, SS SMIC, EmbedNN, COMRAFS) algorithms. The F-Measure of SS SVM algorithm is 90.89 

which is higher when compare to other four (HCM, SS SMIC, EmbedNN, COMRAFS) algorithms. 

 

VIII b. Iris Dataset Results: 

 

 

Iris  Dataset 

 Algorithm  Accuracy Precision Recall F-Measure 

SS SVM 70.45 85.91 94.77 88.89 

SS SMIC 70.91 86.08 94.78 60.56 

EmbedNN 70.92 90.67 91.89 85.78 

COMRAFS 80.67 96.67 70.78 88.67 

HCM 90.78 78.76 82.54 90.89 

 

The above graph shows that performance of Iris dataset. The Accuracy of HCM algorithm is 90.78 which is 

higher when compare to other four (SS SVM, SS SMIC, EmbedNN, COMRAFS) algorithms. The Precision of 

EmbedNN algorithm is 96.67 which is higher when compare to other four (SS SVM, SS SMIC, HCM, 

COMRAFS) algorithms. The Recall of SS SMIC algorithm is 94.78 which is higher when compare to other four 

(SS SVM, HCM, EmbedNN, COMRAFS) algorithms. The F-Measure of HCM algorithm is 90.89 which is 

higher when compare to other four (SS SVM, SS SMIC, EmbedNN, COMRAFS) algorithms. 
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VIII c. Ionosphere Dataset Results: 

 

 
Ionosphere Dataset 

 Algorithm  Accuracy Precision Recall F-Measure 

SS SVM 79.45 88.91 84.77 88.89 

SS SMIC 74.91 90.08 90.78 70.56 

EmbedNN 80.98 76.67 72.89 85.78 

COMRAFS 88.67 70.67 77.78 90.67 

HCM 90.56 83.45 88.34 75.89 

 

 
 

 The above graph shows that performance of Ionosphere dataset. The Accuracy of HCM algorithm is 90.56 

which is higher when compare to other four (SS SVM, SS SMIC, EmbedNN, COMRAFS) algorithms. The 

Precision of SS SMIC algorithm is 90.08 which is higher when compare to other four (SS SVM, HCM, 

EmbedNN, COMRAFS) algorithms. The Recall of SS SMIC algorithm is 90.78 which is higher when compare 

to other four (SS SVM, HCM, EmbedNN, COMRAFS) algorithms. The F-Measure of COMRAFS algorithm is 

90.67 which is higher when compare to other four (SS SVM, SS SMIC, EmbedNN, HCM) algorithms. 

 

VIII d. Soybean Dataset Results: 

 

 

Soybean Dataset 

 Algorithm  Accuracy Precision Recall F-Measure 

SS SVM 79.89 88.65 84.23 88.34 

SS SMIC 74.03 90.89 90.67 71.23 

EmbedNN 81.08 76.32 72.45 85.9 

COMRAFS 88.54 71.32 77.89 90.56 

HCM 90.08 83.78 88.78 75.9 

 

 
 

The above graph shows that performance of Soybean dataset. The Accuracy of HCM algorithm is 90.08 

which is higher when compare to other four (SS SVM, SS SMIC, EmbedNN, COMRAFS) algorithms. The 

Precision of SS SMIC algorithm is 90.89 which is higher when compare to other four (SS SVM, HCM, 

EmbedNN, COMRAFS) algorithms. The Recall of SS SMIC algorithm is 90.67 which is higher when compare 

to other four (SS SVM, HCM, EmbedNN, COMRAFS) algorithms. The F-Measure of COMRAFS algorithm is 

90.56 which is higher when compare to other four (SS SVM, SS SMIC, EmbedNN, HCM) algorithms. 
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Conclusion: 

In semi-supervised clustering, more prior knowledge, better cluster effect, but the supervision information 

will add too much burden on the user, reasonable cannot-link and must-link constraints can be more effective 

results, therefore, how to improve the constraint set information quantity is an important research direction [2]. 

The proposed method, named semi-supervised SMI-based clustering (3SMIC), allows us to compute the 

clustering solution analytically. This is a strong advantage over conventional approaches such as constrained 

spectral clustering (CSC) that requires a post k-means step, because this post k-means step can be unreliable and 

cause significant performance degradation in practice [4]. Furthermore, 3SMIC allows us to systematically 

determine tuning parameters such as the kernel width based on the information-maximization principle, given 

our reliance on the provided side information [7]. Because must-link and cannot-link matrices can possess 

negative eigenvalues, it is interesting to investigate the role and effect of negative eigenvalues in the context of 

information-maximization clustering [9]. We introduced a semi-supervised SVM model. S3VM constructs a 

support vector machine using all the available data from both the training and working sets. We show how the 

S3VM model for I-norm linear support vector machines can be converted to a mixed-integer program [1]. One 

great advantage of solving S3VM using integer programming is that the global ¥ optimal solution can be found 

using packages such as CPLEX. Using the integer S VM we performed an empirical investigation of 

transduction using overall risk minimization [3]. This paper presents an effective semi-supervised clustering 

method for incorporating instance level and attribute level information. This method uses selecting and 

weighting through incorporating attribute level information into results with pairwise instance level information 

[5]. The experimental results validate our method. The use of Comrafs is not limited to clustering problems 

only. We plan to apply Comrafs to ranking and machine translation, along with other important tasks. We also 

plan to apply Comraf clustering to other domains, such as to image clustering. Another interesting research 

problem is model learning in Comrafs [8]. This paper presents an effective semi-supervised clustering method 

for incorporating instance level and attribute level information [9]. This method uses selecting and weighting 

through incorporating attribute level information into results with pairwise instance level information. The 

experimental results validate our method. It should be considered for scaling up semi-supervised clustering to 

large datasets due to their low computational cost [10]. These results severely restrict the use of these measures 

in semi-supervised clustering, as practitioners are mainly interested in applying them in the context of a 

particular data set [11]. 

 

Future Work: 

In semi-supervised clustering, more prior knowledge, better cluster effect, but the supervision information 

will add too much burden on the user, reasonable cannot-link and must-link constraints can be more effective 

results, therefore, how to improve the constraint set information quantity is an important research direction [1]. 

We plan to extend these results to the multivariate case where there are multiple, correlated y labels associated 

with the input data observations [2]. To facilitate further research in this area, we have already made datasets 

used in this section publicly available, and we plan to release the code into the public domain. In future, we 

would like to extend GLOFIN to discover new entities and new categories to further enrich the knowledge bases 

[3]. By extending our method to incorporate relative similarity constraints, we could learn semi-supervised 

metrics even where binary pairwise constraints are no longer meaningful [4]. 
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