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Abstract
The major difference between a traditional dissimilarity/similarity 
measure and ours is that the former uses 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. All clustering methods 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. In this paper, we introduce a novel multi-
viewpoint based similarity measure and two related clustering 
methods. 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  one  of  the  most  interesting and  impor- tant topics 
in data mining. The aim of clustering is to find intrinsic structures 
in data, and organize them into meaningful subgroups for further 
study and analysis. There have been many clustering algorithms 
published every year. They can be proposed for very distinct 
research fields, and developed using totally different techniques 
and approaches. Nevertheless, according to a recent study , 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 
al- gorithm in practice. Another recent scientific discussion states 
that k-means is the favourite algorithm that practitioners in the 
related fields choose to use.
Need- less 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. An algorithm with adequate 
performance and usability in most of application scenarios could 
be preferable to one with better performance in some cases but 
limited usage due to high complexity. While offering reasonable 
results, k- means is fast and easy to combine with other methods 
in larger systems.
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. Hence, 
effectiveness of clustering algorithms under this approach depends 
on the appropriateness of the similar- ity measure to the data at 
hand.
For instance, the origi- nal 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 instead of Euclidean distance 
as the measure, is deemed to be more suitable.
In , Banerjee et al. showed that Euclidean distance was indeed one 

particular form of a class of distance measures called Bregman 
divergences. They proposed Bregman hard-clustering algorithm, 
in which any kind of the Bregman divergences could be applied. 
Kullback- Leibler divergence was a special case of Bregman 
di- vergences that was said to give good clustering results on 
document datasets. In , Pelillo even argued that the symmetry and 
non-negativity as- sumption of similarity measures was actually 
a limitation of current state-of-the-art clustering approaches. 
Simultaneously, clustering still requires more robust dis- similarity 
or similarity measures; recent works such as  illustrate this 
need.
The work in this paper is motivated by investigations from the 
above and similar research findings. It appearsto us that the nature 
of similarity measure plays a very important  role  in  the  success  
or  failure  of  a  clustering method. Our first objective is to derive 
a novel method for measuring similarity between data objects in 
sparse and high-dimensional domain, particularly text documents. 
We then present our proposal for document similarity measure in 
Section III. It is followed by two criterion functions for document 
clustering  and  their  optimization  algorithms  in  Section IV. 
Extensive experiments on real-world benchmark datasets are 
presented and discussed in Sections V and IV. Finally, conclusions 
and potential future work are given in Section VII.

II. Related Work
First of all, Table 1 summarizes the basic notations that will be 
used extensively throughout this paper to rep- resent documents 
and related concepts. Each document in a corpus corresponds to 
an m-dimensional vector d, where m is the total number of terms 
that the documentcorpus  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.. In the literature,Euclidean distance 
is one of the most popular measures:

    (1)
It is used in the traditional k-means algorithm. The ob- jective of 
k-means is to minimize the Euclidean distance between objects 
of a cluster and that cluster ’s centroid: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 similarityticularly, 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)= dtdj
Cosine measure is used in a variant of k-means called spherical  
k-means .  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: 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 di- rections. 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
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There are many other graph partitioning methods with different 
cutting strategies and criterion functions, such as  Average Weight 
and Normalized Cut, all of which have been successfully applied 
for document clustering using cosine as the pairwise similarity 
score. In , an empirical study was conducted to compare a variety 
of criterion functions for document clustering.
The min-max cut graph-based spectral method is an example. In 
graph partitioning ap- proach, 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:

III. Multi-VI Ewpoint Based Similarity

A. Our novel Similarity Measure
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) 
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).
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. What is interesting is that 
the simi- larity here is defined in a close relation to the clustering 
problem. A presumption of cluster memberships has been  made  
prior  to  the  measure. 
The  two  objects  to be  measured must  be  in  the  same  cluster,  
while  the points from where to establish this measurement must be  
outside  of  the  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 ).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. these distances, Eq. also provides 
a measure of intercluster dissimilarity, given that points di and dj 
belong to cluster Sr, whereas dh  belongs to another cluster. 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
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. Firstly, exploring 
Eq. (10), we have:

 where  DS Sr = dh ∈S Sr  dh   is  the  composite  vector
of all the documents outside cluster r, called the outer composite 
w.r.t. cluster r, and CS Sr    = DS Sr /(n−nr ) the outer centroid 
w.r.t. cluster r, ∀r  = 1,... , k. From Eq. (11), 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), d

l 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. This is intuitively reasonable, since the “closer ” dl is 
to CS\Sr , 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.
To further justify the above proposal and analysis, we carried 
out a validity test for MVS and CS. The purpose of this test is 
to check how much a similarity measure coincides with the true 
class labels. It is based on one principle: if a similarity measure 
is appropriate for the clustering problem, for any of a document 
in the corpus The two datasets were preprocessed by stop-word 
removal and stemming. Moreover, we removed words that appear 
in less than two documents or more than 99.5% of the total number 
of documents. Finally, the documents were weighted by TF-IDF 
and normalized to unit vectors. The full characteristics of reuters7 
and k1b are presented in fig. 3. 
fig.  4, shows the validity scores of CS and MVS on the two datasets 
relative to the parameter percentage. The value of percentage 
is set at 0.001, 0.01, 0.05, 0.1, 0.2,. . . ,1.0. According to fig. 4, 
MVS is clearly better than that, on average, when we pick up any 
document and consider its neighborhood of size equal to its true 
class size, only 67% of that document’s neighbors based on CS 
actually belong to its class. If based on MVS, the number of valid 
neighbors increases to 80%. The validity test has illustrated the 
potential advantage of the new multi-viewpoint based similarity 
measure compared to the cosine measure.

IV. Multi-VI Ewpoint Based Clustering

A. Two Clustering Criterion Functions IR and IV
Having defined our similarity measure, we now formu CS for both 
datasets in this validity test. For example with  k1b  dataset  at  
percentage  = 1.0, MVS’  validity score is 0.80, while that of CS is 
only 0.67. This indicates We would like to transform this objective 
function into some suitable form such that it could facilitate the 
optimization procedure to be performed in a simple, fast late 
our clustering criterion functions. The first function, called IR, is 
the 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 FNonetheless, while the objective of 
min-max cut is to minimize the inverse ratio between these two
terms, our aim here is to maximize their weighted differ- ence. In 
F¯, this difference term is determined for each cluster. They are 
weighted by the inverse of the cluster size In the formulation of 
IR , a cluster quality is measuredby the average pairwise similarity 
between documentsto sensitiveness to the size and tightness of the 
clusters. With CS, for example, pairwise similarity of documents 
in a sparse cluster is usually smaller than those in a The clustering 
process terminates when an iteration completes without any 
documents being moved to  new  clusters.
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Fig. 5: Algorithm: Incremental Clustering

intracluster 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 Dr as scaling factor instead of  Dr   
2. We have presented our clustering criterion functions IR and IV   
in the simple forms. Next, we show how to perform clustering by 
using a greedy algorithm to optimize these functions.
4.2   Optimization algorithm and complexity
We denote our clustering framework by MVSC, meaning Clustering 
with Multi-Viewpoint based Similarity. Sub- sequently, we have 
MVSC-IR  and MVSC-IV , which are MVSC with criterion 
function IR  and IV    respectively. The main goal is to perform 
document clustering by opti- mizing IR in Eq. (16) and IV  in 
Eq. (18). For this purpose, the incremental k-way algorithm [18], 
[29] - a sequential version of k-means - is employed. Considering 
that the expression of IV   in Eq. (18) depends only on nr  and Dr 
, r = 1,..., k, IV   can be written in a general form

   (19)
where Ir (nr , Dr ) corresponds to the objective value of cluster r. 
The same is applied to IR . With this general form,  the  incremental  
optimization  algorithm,  which has two major steps Initialization 
and Refinement, is described in fig. 5.   At Initialization, k arbitrary 
doc- uments are selected to be the seeds from which intial partitions 
are formed. Refinement is a procedure that consists of a number of 
iterations. During each iteration, the n documents are visited one 
by one in a totally random order. Each document is checked if its 
move to another cluster results in improvement of the objective
function. If yes, the document is moved to the cluster that leads  
to  the  highest improvement. If  no  clusters are  better  than  the  
current  cluster,  the  document  is not moved. The clustering process 
terminates when an iteration completes without any documents 
being moved to  new  clusters.  Unlike  the  traditional  k-means,  

this algorithm  is  a  stepwise  optimal  procedure. While  k-means 
only updates after all n documents have been reassigned, the 
incremental clustering algorithm updates immediately whenever 
each document is moved to new cluster. Since every move when 
happens increases the objective function value, convergence to a 
local optimum is guaranteed.
During the optimization procedure, in each iteration,
the main sources of computational cost are:

Searching for optimum clusters to move individual documents • 
to: O(nz • k).
Updating  composite  vectors  as  a  result  of  such moves: • 
O(m • k).

where nz is the total number of non-zero entries in all document 
vectors. Our clustering approach is partitional and incremental; 
therefore, computing similarity matrix is absolutely not needed. 
If τ denotes the number of iterations the algorithm takes, since nz 
is often several tens times larger than m for document domain, 
the computational complexity required for clustering with IR and 
IV is O(nz • k • τ ).

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. The similarity 
measures to be compared includes Euclidean distance, cosine 
similarity and extended Jaccard coefficient.

A. Document Collections
The data corpora that we used for experiments consist of twenty 
benchmark document datasets. Besides reuters7 and k1b, which 
have been described in details earlier, we  included another  eighteen  
text  collections  so  that the examination of the clustering methods 
is more thor ough and exhaustive. Similar to k1b, these datasets 
are provided together with CLUTO by the toolkit’s authors [19]. 
They had been used for experimental testing in previous papers, 
and their source and origin had also been described in details 
[30], [31]. Table 2 summarizes their characteristics. The corpora 
present a diversity of size, number of  classes and class balance. 
They were all preprocessed by standard procedures, including 
stop- word removal, stemming, removal of too rare as well as

Table 2: Document datasets
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too frequent words, TF-IDF weighting and normaliza.

B. Experimental Setup and Evaluation
To demonstrate how well MVSCs can perform, we compare them  
with  five other  clustering methods  on the twenty datasets 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 [13]
Our MVSC-IR and MVSC-IV  programs are implemented in 
Java. The regulating factor α in IR is always set at 0.3 during the 
experiments. We observed that this is one of the most appropriate 
values. A study on MVSC-IR’s performance relative to different 
α values is presented in a later section. The other algorithms are 
provided by the C library interface which is available freely with 
the CLUTO toolkit [19]. For each dataset, cluster number is 
predefined equal to the number of true class, i.e. k = c. None  of  
the  above  algorithms  are  guaranteed  to find global optimum, and 
all of them are initialization- dependent. Hence, for each method, 
we performed clus- tering  a  few  times  with  randomly  initialized  
values, and chose the best trial in terms of the corresponding 
objective function value. In all the experiments, each test run 
consisted of 10 trials. Moreover, the result reported here on each 
dataset by a particular clustering method is the average of 10 
test runs.
After a test run, clustering solution is evaluated by comparing  the  
documents’  assigned  labels  with  their true labels provided by 
the corpus. Three types of ex- ternal evaluation metric are used to 
assess clustering performance. They are the FScore, Normalized 
Mutual Information (NMI) and Accuracy. FScore is an equally 
weighted combination of the “precision” (P ) and “re- call” (R) 
values used in information retrieval. Given a clustering solution, 
FScore is determined as:

where ni denotes the number of documents in class i, nj the number 
of documents assigned to cluster j, and ni,j the number of documents 
shared by class i and cluster j.  From another aspect, NMI measures 
the information the true class partition and the cluster assignment 
share. It measures how much knowing about the clusters helps us 
know about the classes:

Finally, Accuracy measures the fraction of documents that are 
correctly labels, assuming a one-to-one correspon- dence between 
true classes and assigned clusters. Let q denote any possible 
permutation of index set {1,... , k}, Accuracy is calculated by:

The best mapping q to determine Accuracy could be found by the 

Hungarian algorithm2 . For all three metrics, their range is from 0 
to 1, and a greater value indicates a better clustering solution.

C. Results
Fig. 6 shows the Accuracy of the seven clustering al- gorithms on 
the twenty text collections. Presented in a different way, clustering 
results based on FScore and NMI are reported in Table 3 and 
Table 4 respectively. For each dataset 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   per- form 
consistently well. In Fig. 6, 19 out of 20 datasets, except reviews, 
either both or one of MVSC approaches are in the top two 
algorithms. The next consistent per- former is Spkmeans. The 
other algorithms might work well on certain dataset. For example, 
graphEJ yields outstanding  result  on  classic;  graphCS  and  
MMC  are

Fig. 6. Clustering results in Accuracy. Left-to-right in legend 
corresponds to left-to-right in the plot

good on reviews. But they do not fare very well on the rest of 
the collections.
To  have  a  statistical  justification  of  the  clustering performance 
comparisons, we also carried out statistical significance tests. 
Each of MVSC-IR  and MVSC-IV   was paired up with one of the 
remaining algorithms for a paired t-test  [32]. Given two paired 
sets X and Y of N  measured values, the null hypothesis of the test 
is that the differences between X and Y come from a population 
with mean 0. The alternative hypothesis is that the paired sets 
differ from each other in a significant way. In our experiment, 
these tests were done based on the evaluation values obtained on 
the twenty datasets. The typical 5% significance level was used. 
For example, considering the pair (MVSC-IR, k-means), from 
Table 3, it is seen that MVSC-IR  dominates k-means w.r.t. FScore. 
If the paired t-test  returns a p-value smaller than 0.05, we reject 
the null hypothesis and say that the dominance is significant. 
Otherwise, the null hypothesis is true and the comparison is 
considered insignificant.
The outcomes of the paired t-tests are presented in Table 5. 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 
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graphEJ algorithm. On the one hand, MVSC-IR is not significantly 
better than graphEJ if based on FScore or NMI. On the other 
hand, when MVSC-IR and MVSC-IV are tested obviously bet- ter 
than graphEJ, the p-values can still be considered relatively large, 
although they are smaller than 0.05. The reason is that, as observed 
before, graphEJ’s results on classic dataset are very different from 
those of the other algorithms. While interesting, these values can 
be con- sidered as outliers, and including them in the statistical 
tests would affect the outcomes greatly. Hence, we also report in 
Table 5 the tests where classic was excluded and only  results on  
the  other 19 datasets were used

Table 3: Clustering results in FScore

Table 4: Clustering Results in NMI

Under this circumstance, both MVSC-IR  and MVSC-IV out 
perform graphEJ significantly with good p-values.

D. Effect of α on MVSC-IR ’s performance
It has been known that criterion function based partitional 
clustering methods can be sensitive to cluster size and balance. 
In the formulation of IR in Eq. (16), there exists parameter α 
which is called the regulating factor, α ∈ [0, 1]. To examine how 
the determination of α  could affect MVSC-IR’s  performance, we 
evaluated MVSC-IR  with different values of α from 0 to 1, with 
0.1 incremental interval. The assessment was done based on the 
clustering results in NMI, FScore and Accuracy, each averaged 
over all the twenty given datasets. Since the evaluation metrics 
for different datasets could be very different from each other, 
simply taking the average over all the datasets would not be very 
meaningful. Hence, we  employed  the  method  used  in  [18]  to  
transform the  metrics  into  relative  metrics  before  averaging.  
On a particular document collection S, the  relative FScore

Table 5: Statistical significance of comparisons based on paired 
t-tests with 5% significance level

“>>” (or “C”) indicates the algorithm in the row performs 
significantly better (or worse) than the one in the column; “>” 
(or “<”) indicates an insignificant comparison. The values right 
below the symbols are p-values of the t-tests.
*  Column of graphEJ: entries in parentheses are statistics when 
classic dataset is not included.

Fig. 7. MVSC-IR ’s performance with respect to α.

where αi , αj  ∈ {0.0, 0.1,... , 1.0}, FScore(IR ; S, αi ) is the 
FScore result on dataset S obtained by MVSC-IR with α = αi. 
The same transformation was applied to NMI and Accuracy to 
yield relative  NMI and relative Accuracy respectively.  MVSC-
IR performs  the  best  with  an  αi if its relative measure has a 
value of 1. Otherwise its relative measure is greater than 1; the 
larger this value is, the worse MVSC-IR  with αi  performs in 
comparison with  other  settings  of  α.  Finally,  the  average 
relative measures were calculated over all the datasets to present 
the overall performance.
Fig. 7, shows the plot of average relative FScore, NMI and 
Accuracy w.r.t. different values of α. In a broad view, MVSC-
IR  performs the worst at the extreme values of α (0 and 1), and 
tends to get better when α is set at some soft values in between 
0 and 1. Based on our experimental study, MVSC-IR always 
produces results within 5% of the best case, regarding any types 
of evaluation metric, with α from 0.2 to 0.8.

VI. MVSC as Refinement for k-MEANS
From the analysis of Eq. (12) in Section 3.2, MVS pro- vides an 
additional criterion for measuring the simi- larity among documents 
compared with CS. Alterna- tively, MVS can be considered as 
a refinement for CS, and consequently MVSC algorithms as 
refinements for spherical k-means, which uses CS. To further 
investigate the appropriateness and effectiveness of MVS and its 
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clustering algorithms, we carried out another set of experiments 
in which solutions obtained by Spkmeans were further optimized 
by MVSC-IR  and MVSC-IV . The rationale for doing so is that 
if the final solutions by MVSC-IR  and MVSC-IV  are better than 
the intermediate ones obtained by Spkmeans, MVS is indeed good 
for the clustering problem. These experiments would reveal more 
clearly if  MVS actually improves the  clustering performance 
compared with CS.
In the previous section, MVSC algorithms have been compared 
against the existing algorithms that are closely related to them, i.e. 
ones that also employ similarity measures and criterion functions. 
In this section, we make use  of  the  extended  experiments  to  
further  compare the MVSC with a different type of clustering 
approach, the NMF methods [10], which do not use any form of 
explicitly defined similarity measure for documents.

A. TDT2 and Reuters-21578 Collections
For variety and thoroughness, in this empirical study, we used two 
new document copora described in Table 6: TDT2 and Reuters-
21578. The original TDT2 corpus3 , which consists of 11,201 
documents in 96 topics (i.e. classes), has been one of the most 
standard sets for document clustering purpose. We used a sub-
collection of this corpus which contains 10,021 documents in the 
largest 56 topics. The Reuters-21578 Distribution 1.0 has been 
mentioned earlier in this paper. The original corpus consists of 
21,578 documents in 135 topics. We used a

Table 6: TDT2 and Reuters-21578 Document Corpora

sub-collection having 8,213 documents from the largest 41 topics. 
The same two document collections had been used in the paper 
of the NMF methods [10]. Documents that appear in two or 
more topics were removed, and the remaining documents were 
preprocessed in the same way as in Section 5.1.

B. Experiments and Results
The following clustering methods:
• Spkmeans: spherical k-means
• rMVSC-IR: refinement of Spkmeans by MVSC-IR
• rMVSC-IV : refinement of Spkmeans by MVSC-IV
• MVSC-IR: normal MVSC using criterion IR
• MVSC-IV : normal MVSC using criterion IV
and two new document clustering approaches that do not use any 
particular form of similarity measure:
• NMF: Non-negative Matrix Factorization method
• NMF-NCW: Normalized Cut Weighted NMF
were involved in  the  performance comparison. When used  
as  a  refinement  for  Spkmeans,  the  algorithms rMVSC-
IR and rMVSC-IV  worked directly on the output solution of 
Spkmeans. The cluster assignment produced by Spkmeans was 
used as initialization for both rMVSC-IR and rMVSC-IV. We 
also investigated the performance of the original MVSC-IR  and 
MVSC-IV   further on the new datasets. Besides, it would be 
interesting to see how they and their Spkmeans-initialized versions 
fare against each other. What is  more, two well-known document 
clustering approaches based on non-negative matrix factorization, 
NMF and NMF-NCW [10], are also included for a comparison 
with our algorithms, which use explicit MVS measure.

During the experiments, each of the two corpora in Table 6 were 
used to create 6 different test cases, each of which corresponded 
to a distinct number of topics used (c = 5,... , 10). For each test 
case, c topics were randomly selected from the corpus and their 
documents were mixed together to form a test set. This selection 
was repeated 50 times so that each test case had 50 different test  
sets.  The  average  performance  of  the  clustering algorithms with 
k  = c were calculated over these 50 test  sets.  This  experimental 
set-up  is  inspired  by  the similar experiments conducted in the 
NMF paper [10]. Furthermore, similar to previous experimental 
setup in Section 5.2, each algorithm (including NMF and NMF-
NCW) actually considered 10 trials on any test set before using 
the solution of the best obtainable objective func- tion value as its 
final output. The clustering results on TDT2 and Reuters-21578 
are shown in Table 7 and 8 respectively. For each test case in

Table 7: Clustering Results on TDT2

Table 8: Clustering Results on Reuters-21578

Fig. 8: Accuracies on the 50 test sets (in sorted order of Spkmeans) 
in the test case k = 5.

a column, the value in bold and underlined is the best among the 
results returned by the algorithms, while the value in bold only is 
the second to best. From the tables, several observations can be 
made. Firstly, MVSC-IR  and MVSC-IV  continue to show they 
are good clustering algorithms by outperforming other methods 
frequently. They are always the best in every test case of TDT2. 
Compared with NMF-NCW, they are better in almost all the cases, 
except only the case of Reuters-21578, k = 5, where NMF-NCW 
is the best based on Accuracy.
The second observation, which is also the main objec- tive of this 
empirical study, is that by applying MVSC to refine the output of 
spherical k-means, clustering solutions  are  improved  significantly.  
Both  rMVSC-IR and rMVSC-IV   lead to higher NMIs and 
Accuracies than Spkmeans in all the cases. Interestingly, there are 
many circumstances where Spkmeans’ result is worse than that of 
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NMF clustering methods, but after refined by MVSCs, it becomes 
better. To have a more descriptive picture of the improvements, we 
could refer to the radar charts in Fig. 8. The figure shows details 
of a particular test case where k = 5. Remember that a test case 
consists of 50 dif- ferent test sets. The charts display result on 
each test set, including the accuracy result obtained by Spkmeans, 
and the results after refinement by MVSC, namely rMVSC- IR 
and rMVSC-IV . For effective visualization, they are sorted in 
ascending order of the accuracies by Spkmeans (clockwise). As 
the patterns in both Fig. 8(a) and Fig. 8(b) reveal, improvement in 
accuracy is most likely attainable by  rMVSC-IR   and  rMVSC-
IV .  Many  of  the  improve- ments are with a considerably 
large margin, especially when the original accuracy obtained by 
Spkmeans is low.
There are only few exceptions where after refinement, accuracy 
becomes worst. Nevertheless, the decreases in such cases are 
small.
Finally, it  is  also interesting to  notice from Table 7 and Table 8 that 
MVSC preceded by spherical k-means does not necessarily yields 
better clustering results than MVSC with random initialization. 
There are only a small number of cases in the two tables that rMVSC 
can be found better than MVSC. This phenomenon, however, 
is understandable. Given a local optimal solution returned by 
spherical k-means, rMVSC algorithms as a refinement method 
would be constrained by this local optimum itself and, hence, their 
search space might be restricted. 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.

VII. Conclusions and Future Work
In this paper, Based on MVS, two criterion functions,  IR  and  
IV ,  and  their  respective  clustering algorithms, MVSC-IR   and 
MVSC-IV , have been intro- duced. 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. 
we propose a Multi-Viewpoint based Similarity measuring method, 
named MVS. Theoretical analysis and empirical examples show 
that MVS is potentially more suitable for text documents than the 
popular cosine similarity. 
The key contribution of this paper is the fundamental concept 
of similarity measure from multiple viewpoints. Future methods 
could make use of the same principle, but define alternative forms 
for the relative similarity in Eq. (10), or do not use average but have 
other methods to combine the relative similarities according to the 
differ- ent viewpoints. Besides, this paper focuses on partitional 
clustering of documents. In the future, it would also be possible to 
apply the proposed criterion functions for hi- erarchical clustering 
algorithms. Finally, we have shown the application of MVS and 
its clustering algorithms for text data. It would be interesting to 
explore how they work  on  other  types  of  sparse  and  high-
dimensional data.
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