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Abstract
Clustering plays an important role in providing intuitive navigation 
and browsing mechanisms by organizing large amounts of 
information into a small number of meaningful clusters The 
main concept is similarities/dissimilarities measure from multiple 
viewpoints. In this paper, we propose a Multi-Viewpoint based 
Similarity measuring method, named MVS.  MVS is potentially 
more suitable for text documents than the popular cosine similarity.  
MVS, two criterion functions, IR and IV, and their respective 
clustering algorithms, MVSC-IR and MVSC-IV, have been 
introduced. Compared with other state-of-the-art clustering 
methods that use different types of similarity measure, on a large 
number of document datasets and under different evaluation 
metrics, the proposed algorithms show that they could provide 
significantly improved clustering performance.
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I. Introduction
With ever increasing volume of text documents, the abundant texts 
flowing over the Internet, huge collections of documents in digital 
libraries and repositories, and digitized personal information such 
as blog articles and emails are piling up quickly every day. For 
text documents, clustering has proven to be an effective approach 
and an interesting research problem. Clustering of text documents 
plays a vital role in efficient Organization, Summarization, Topic 
Extraction and Information Retrieval .Initially used for improving 
the precision or recall in an Information Retrieval System [1,2], 
more recently,clustering has been proposed for use in browsing a 
collection of documents [3] or in organizing the results returned 
by a search engine in response to user’s query [4] or help users 
quickly identify and focus on the relevant set of results. Customer 
comments are clustered in many online stores, such as Amazon.
com to provide collaborative recommendations. In collaborative 
bookmarking or tagging, clusters of users that share certain traits 
are identified by their annotations. document clustering has also 
been used to automatically generate Hierarchical clusters of 
documents [5]. The automatic generation of taxonomy of Web 
documents as the one provided by Yahoo! (www.yahoo.com) is 
often cited as a goal. 

II. Related Work
Many clustering techniques have been proposed in the literature. 
Clustering algorithms are mainly categorized into Hierarchical 
and Partitioning methods [2-5]. Hierarchical clustering method 
works by grouping data objects into a tree of clusters [6]. These 
methods can further be classified into agglomerative and divisive 
Hierarchical clustering depending on whether the Hierarchical 
decomposition is formed in a bottom-up or top-down fashion. 
K-means and its variants [7-9] are the most well-known partitioning 
methods [10]. Hierarchical clustering is often portrayed as the better 
quality clustering approach, but is limited because of its quadratic 
time complexity. In contrast, K-means and its variants have a 
time complexity which islinear in the number of documents, but 
are thought to produce inferior clusters. Hierarchical techniques 
produce a nested sequence of partitions, with a single, all inclusive 

cluster at the top and singleton clusters of individual points at 
the bottom. Each intermediate level can be viewed as combining 
two clusters from the next lower level (or splitting a cluster from 
the next higher level). The result of a Hierarchical clustering 
algorithm can be graphically displayed as tree, called a dendo 
gram. In contrast to Hierarchical techniques, Partitional clustering 
techniques create a one-level (un-nested) partitioning of the data 
points. If K is the desired number of clusters, then Partitional 
approaches typically find all K clusters at once. Contrast this 
with traditional Hierarchical schemes, which bisect a cluster to 
get two clusters or merge two clusters to get one. Of course, a 
Hierarchical approach can be used togenerate a flat partition of 
K clusters, and likewise, the repeated application of a Partitional 
scheme canderive Hierarchical clustering.There are a number of 
Partitional techniques, but we shall only describe the K-means 
algorithm which is widely used in document clustering. K-means 
is based on the idea that a center point can represent a cluster. In 
particular, for K-means we use the notion of a centroid, which is 
the mean or median point of agroup of points. Note that a centroid 
almost never corresponds to an actual data point. 

III. Existing System
There are many state-of-the art clustering approaches that do 
not employ any specific form of measurement, for instance, 
probabilistic model based method [5], non-negative matrix 
factorization [6], information theoretic co-clustering [7] and so 
on. In this paper, though, we primarily focus on methods that 
indeed do utilize a specific measure. In the literature, Euclidean 
distance is one of the most popular measures:
Dist (di, dj) = ||di – dj||    (1)
It is used in the traditional k-means algorithm. The objective of 
k-means is to minimize the Euclidean distance between objects 
of a cluster and that cluster’s centroid:

    (2)
However, for data in a sparse and high-dimensional space, such as 
that in document clustering, cosine similarity is more widely used. 
It is also a popular similarity score in text mining and information 
retrieval [8]. Particularly, similarity of two document vectors di 
and dj, Sim(di, dj), is defined as the cosine of the angle between 
them. For unit vectors, this equals to their inner product:
Sim(di, dj) = cos(di, dj) = dii dj                             (3)
Cosine measure is used in a variant of k-means called spherical 
k-means [3]. While k-means aims to minimize Euclidean distance, 
spherical k-means intends to maximize the cosine similarity 
between documents in a cluster and that cluster’s centroid

    (4)
The major difference between Euclidean distance and cosine 
similarity, and therefore between k-means and spherical k-means, 
is that the former focuses on vector magnitudes, while the latter 
emphasizes on vector directions. Besides direct application in 
spherical k-means, cosine of document vectors is also widely used 
in many other document clustering methods as a core similarity 
measurement. The min-max cut graph-based spectral method is an 
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example [10]. In graph partitioning approach, document corpus is 
consider as a graph G =(V,E), where each document is a vertex in 
V and each edge in E has a weight equal to the similarity between 
a pair of vertices. Min-max cut algorithm tries to minimize the 
criterion function:

 (5)
and when the cosine as in Eq. (3) is used, minimizing the criterion 
in Eq. (5) is equivalent to:

     (6)
Another popular graph-based clustering technique is implemented 
in a software package called CLUTO [19]. This method first 
models the documents with a nearest neighbor graph, and then 
splits the graph into clusters using a min-cut algorithm. Besides 
cosine measure, the extended Jaccard coefficient can also be used 
in this method to represent similarity between nearest documents. 
Given non-unit document vectors ui, uj (di = ui/||ui||, dj = uj||uj||), 
their extended Jaccard coefficient is:

 (7)
Compared with Euclidean distance and cosine similarity,the 
extended Jaccard coefficient takes into account both the magnitude 
and the direction of the document vectors. If the documents are 
instead represented by their corresponding unit vectors, this 
measure has the same effect as cosine similarity. In [9], Strehl et al. 
compared four measures: Euclidean, cosine, Pearson correlation 
and extended Jaccard, and concluded that cosine and extended 
Jaccard are the best ones on web documents.

IV. Proposed System
In this section, we present analytical study to show that the 
proposed MVS could be a very effective similarity measure for 
data clustering. In order to demonstrate its advantages, MVS is 
compared with Cosine Similarity (CS) on how well they reflect 
the true group structure in document collections.
The cosine similarity in Eq. (3) can be expressed in the following 
form without changing its meaning:
Sim(di, dj) = cos(di−0, dj−0) = (di−0)t (dj−0)  (8)
Where 0 is vector 0 that represents the origin point. According to 
this formula, the measure takes 0 as one and only reference point. 
The similarity between two documents di and dj is determined 
w.r.t. the angle between the two points when looking from the 
origin.
To construct a new concept of similarity, it is possible to use more 
than just one point of reference. We may have a more accurate 
assessment of how close or distant a pair of points are, if we look 
at them from many different viewpoints. From a third point dh, the 
directions and distances to di and dj are indicated respectively by 
the difference vectors (di − dh) and (dj − dh). By standing at various 
reference points dh to view di, dj and working on their difference 
vectors, we define similarity between the two documents as:

 (9)
As described by the above equation, similarity of two documents 
di and dj - given that they are in the same cluster - is defined as 

the average of similarities measured relatively from the views 
of all other documents outside that cluster. We call this proposal 
the Multi-Viewpoint based Similarity, or MVS. From this point 
onwards, we will denote the proposed similarity measure between 
two document vectors di and dj by MVS(di, dj |di, = dj∈Sr), or 
occasionally MVS(di, dj) for short.
 The final form of MVS in Eq. (9) depends on particular formulation 
of the individual similarities within the sum. If the relative similarity 
is defined by dot-product of the difference vectors, we have:

 (10)
The similarity between two points di and dj inside cluster Sr, 
viewed from a point dh outside this cluster, is equal to the product 
of the cosine of the angle between di and dj looking from dh and 
the Euclidean distances from dh to these two points. This definition 
is based on the assumption that dh is not in the same cluster with 
di and dj. The smaller the distances ||di−dh|| and ||dj –dh|| are, the 
higher the chance that dh is in fact in the same cluster with di 
and dj , and the similarity based on dh should also be small to 
reflect this potential.
 MVS is compared with Cosine Similarity (CS) on how well they 
reflect the true group structure in document collections. Firstly, 
exploring Eq. (10), we have:

(11)

 (12)
From this condition, it is seen that even when dl is considered 
“closer” to di in terms of CS, i.e. cos(di, dj)≤cos(di, dl), dl can 
still possibly be regarded as less similar to di based on MVS if, 
on the contrary, it is “closer” enough to the outer centroid CS/
Sr than dj is.

A. Multi-Viewpoint Based Clustering
Having defined out similarity measure, we now formulate out 
clustering criterion functions. The first function, class IR, is the 
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cluster size-weighted sum of average pairwise similarities of 
documents in the same cluster.Firstly, let us express this sum in 
a general form by function F:

  (13)
In common practice, {λr}k1 are often taken to be simple functions 
of the respective cluster sizes {nr}k1 [28]. Let us use a parameter 
α called the regulating factor, which has some constant value (α∈ 
[0, 1]), and let λr = nαr in Eq. (15), the final form of our criterion 
function IR is:

 (16)

IV. Calculates the Weighted Difference Between the Two 
terms
||Dr|| and DtrD/||D||r||, which again represent an intra-cluster 
similarity measure and an inter-cluster similarity measure, 
respectively. The first term is actually equivalent to an element 
of the sum in spherical k-means objective function in Eq. (4); 
the second one is similar to an element of the sum in min-max 
cut criterion in Eq.(6), but with  ||D||r||as scaling factor instead 
of _Dr_2.

 (18)

V. Conclusion
Several clustering methods and the associated similarity measures 
have been proposed in the past, there is no systematic comparative 
study of the impact of similarity measures on cluster quality. This 
may be because the popular cost criteria do not readily translate 
across qualitatively different measures. In this paper, we propose 
a Multi-Viewpoint based Similarity measuring method, named 
MVS. MVS is potentially more suitable for text documents 
than the popular cosine similarity. Based on MVS, two criterion 
functions, IR and IV, and their respective clustering algorithms, 
MVSC-IR and MVSC-IV, have been introduced. Compared with 
other state-of-the-art clustering methods that use different types 
of similarity measure, on a large number of document datasets 
and under different evaluation metrics, the proposed algorithms 
show that they could provide significantly improved clustering 
performance. It is applied on the proposed criterion functions 
for hierarchical clustering algorithms. It is work on other types 
of sparse and high-dimensional data. Compared with other state-
of-the-art clustering methods that use different types of similarity 
measure, on a large number of sparse and high-dimensional data 
datasets and under different evaluation metrics, the Hierarchical 
algorithms show that they could provide significantly improved 
clustering performance.
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