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Abstract 
Clustering is a useful technique that organizes a large quantity 
of unordered text documents into a small number of meaningful 
and coherent cluster, thereby providing a basis for intuitive and 
informative navigation and browsing mechanisms. There are some 
clustering methods which have to assume some cluster relationship 
among the data objects that they are applied on. Similarity between 
a pair of objects can be defined either explicitly or implicitly. T 
he major difference between a traditional dissimilarity/similarity 
measure and ours is that the former uses only a only a single 
viewpoint, which is the origin, while the latter utilizes many 
different viewpoints, which are objects assumed to not be in the 
same cluster with the two objects being measured. Using multiple 
viewpoints, more informative assessment of similarity could be 
achieved. Theoretical analysis and empirical study are conducted to 
support this claim. Two criterion functions for document clustering 
are proposed based on this new measure. We compare them with 
several well-known clustering algorithms that use other popular 
similarity measures on various document collections to verify the 
advantages of our proposal.
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I. Introduction
Clustering is a process of partitioning and grouping set of 
objects into different clusters. Objects in the same cluster have 
high similarity and dissimilar to other cluster’s objects. Broad 
applications of clustering are in data mining, machine learning, 
security and business intelligence. Many clustering algorithms 
suffer from scalability, data types, cluster shapes, input parameters, 
and noisy data. In high dimensionality data, the data set contains 
huge number of dimensions or attributes. While clustering web 
documents each keyword treated as a dimension and there is 
enormous number of keywords. To achieve this, we introduce a 
novel multi-viewpoint based similarity measure and two related 
clustering methods.
According to a recent study [1], more than half a century after 
it was introduced, the simple algorithm k-means still remains 
as one of the top 10 data mining algorithms nowadays. It is the 
most frequently used partitional clustering algorithm in practice. 
Another recent scientific discussion [2] states that k-means is the 
favorite algorithm that practitioners in the related fields choose 
to use. Needless to mention, k-means has more than a few basic 
drawbacks, such as sensitiveness to initialization and to cluster 
size, and its performance can be worse than other state-of-the-
art algorithms in many domains. In spite of that, its simplicity, 
understandability, and scalability are the reasons for its tremendous 
popularity.

II. Existing System
A common approach to the clustering problem is to treat it as an 
optimization process. An optimal partition is found by optimizing a 
particular function of similarity (or distance) among data. Basically, 

there is an implicit assumption that the true intrinsic structure 
of data could be correctly described by the similarity formula 
defined and embedded in the clustering criterion function. Hence, 
effectiveness of clustering algorithms under this approach depends 
on the appropriateness of the similarity measure to the data at 
hand. For instance, the original k-means has sum-of-squared-error 
objective function that uses Euclidean distance. In a very sparse 
and high-dimensional domain like text documents, spherical 
k-means, which uses cosine similarity (CS) instead of Euclidean 
distance as the measure, is deemed to be more suitable.

III. Proposed System
Our first objective is to derive a novel method for measuring 
similarity between data objects in sparse and high-dimensional 
domain, particularly text documents. From the proposed similarity 
measure, we then formulate new clustering criterion functions 
and introduce their respective clustering algorithms, which are 
fast and scalable like k-means, but are also capable of providing 
high-quality and consistent performance.

Table 1: Notations

The Above Table 1 summarizes the basic notations that will be 
used extensively throughout this paper to represent documents 
and related concepts.

IV. Related Work
Each document in a corpus corresponds to an m-dimensional vector 
d, where m is the total number of terms that the document corpus 
has. Document vectors are often subjected to some weighting 
schemes, such as the standard Term Frequency-Inverse Document 
Frequency (TF-IDF), and normalized to have unit length. There 
are many state-of-the-art clustering approaches that do not employ 
any specific form of measurement, for instance, probabilistic 
model-based method [4], nonnegative matrix factorization [4], 
information theoretic coclustering [5] and so on. In this paper, 
though, we primarily focus on methods that indeed do utilize a 
specific measure.

Euclidean distance is one of the most popular measures
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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. 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.

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.

IV. Multi Viewpoint-Based Similarity

A. Our Novel Similarity Measure
The cosine similarity in (1) can be expressed in the following 
form without changing its meaning:

  (1)
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.to. the angle between the two points when looking from the 
origin 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.

  (2)
The final form of MVS in (2) 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

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. 

 

Fig. 1: Procedure: Build MVS Similarity Matrix

Hence, the effect of misleading viewpoints is constrained and 
reduced by the averaging step. It can be seen that this method 
offers more informative assessment of similarity than the single 
origin point-based similarity measure.

B Analysis and Practical Examples of MVS
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 on how well they reflect the true group structure in 
document collections.
When comparing two pairwise similarities MVS(di; dj) and 
MVS(di; dl), document dj is more similar to document di than 
the other document dl is, if and only if

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 CSnSr 
than dj is. This is intuitively reasonable, since the “closer” dl is 
to CSnSr , the greater the chance it actually belongs to another 
cluster rather than Sr and is, therefore, less similar to di. For this 
reason, MVS brings to the table an additional useful measure 
compared with CS [7-8].

Fig. 2: CS and MVS Validity Test
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According to fig. 2, MVS is clearly better than CS for both data sets 
in this validity test. For example, with k1b data set at percentage ¼ 
1:0, MVS’ validity score is 0.80, while that of CS is only 0.67.

V. Performance Evaluation of MVSC
To verify the advantages of our proposed methods, we evaluate 
their performance in experiments on document data. The objective 
of this section is to compare MVSC-IR and MVSC-IV with the 
existing algorithms that also use specific similarity measures and 
criterion functions for document clustering.

A. Experimental Setup and Evaluation
To demonstrate how well MVSCs can perform, we compare them 
with five other clustering methods on the 20 data sets in Table 2. 
In summary, the seven clustering algorithms are

MVSC-IR: MVSC using criterion function IR• 
MVSC-IV : MVSC using criterion function IV• 
k-means: standard k-means with euclidean distance• 
Spkmeans: spherical k-means with CS• 
graphCS: CLUTO’s graph method with CS• 
graphEJ: CLUTO’s graph with extended Jaccard• 
MMC: Spectral Min-Max Cut algorithm [6].• 

Our MVSC-IR and MVSC-IV programs are implemented in 
Java. The regulating factor _ in IR is always set at 0.3 during the 
experiments. We observed that this is one of the most appropriate 
values

Table 2: Document Data Sets

C:# of classes, n:# of Documents, M: # of words
Balance=(smallest class size)/(largest class size)

B. Results
Fig. 3 shows the Accuracy of the seven clustering algorithms on 
the 20 text collections. Presented in a different way, clustering 
results based on FScore and NMI are reported. For each data set 
in a row, the value in bold and underlined is the best result, while 
the value in bold only is the second to best. It can be observed that 
MVSC-IR and MVSC-IV perform consistently well. In fig. 3, 19 

out of 20 data sets, except reviews, either both or one of MVSC 
approaches are in the top two algorithms.

Fig. 3: Clustering Results in Accuracy. Left-to-Right in Legend 
Corresponds to Left-to-Right in the Plot

The outcomes of the paired t-tests are presented . As the paired 
t-tests show, the advantage of MVSC-IR and MVSC-IV over 
the other methods is statistically significant. A special case is the 
graphEJ algorithm. On the one hand, MVSC-IR is not significantly 
better than graphEJ if based on FScore or NMI. Under this 
circumstance, both MVSC-IR and MVSC-IV outperform graphEJ 
significantly with good p-values.
Finally, it is also interesting to notice that MVSC preceded by 
spherical k-means does not necessarily yields better clustering 
results than MVSC with random initialization. The original 
MVSC algorithms, on the other hand, are not subjected to this 
constraint, and are able to follow the search trajectory of their 
objective function from the beginning. Hence, while performance 
improvement after refining spherical k-means’ result by MVSC 
proves the appropriateness of MVS and its criterion functions 
for document clustering, this observation in fact only reaffirms 
its potential. 

VI. Conclusion
The key contribution of this paper is the fundamental concept of 
similarity measure from multiple viewpoints. Theoretical analysis 
show that Multi-viewpoint based similarity measure (MVS) is 
potentially more suitable for text documents than the popular 
cosine similarity measure. The future methods could make use 
of the same principle, but define alternative forms for the relative 
similarity in or do not use average but have other methods to 
combine the relative similarities according to the different 
viewpoints. In future, it would also be possible to apply the 
proposed criterion functions for hierarchical clustering algorithms. 
It would be interesting to explore how they work types of sparse 
and high- dimensional data.
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VII. Future Works
In the future, it would also be possible to apply the proposed 
criterion functions for hierarchical clustering algorithms.
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