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Abstract— Sentence clustering plays an important role in
many text processing activities. In comparison with hard
clustering methods, in which a pattern belongs to a single
cluster, fuzzy clustering algorithms allow patterns to belong
to all clusters with differing degrees of membership. This is
important in domains such as sentence clustering, since a
sentence is likely to be related to more than one theme or
topic present within a document or set of documents. For
example, consider web mining, where the specific objective
might be to discover some novel information from a set of
documents initially retrieved in response to some query. By
clustering the sentences of those documents intuitively can
expect at least one of the clusters to be closely related to the
concepts described by the query terms. However, because
most sentence similarity measures do not represent
sentences in a common metric space, conventional fuzzy
clustering approaches based on prototypes or mixtures of
Gaussians are generally not applicable to sentence
clustering. It is a novel fuzzy clustering algorithm that
operates on relational input data; i.e., data in the form of a
square matrix of pair wise similarities between data objects.
The algorithm uses a graph representation of the data, and
operates in an Expectation-Maximization framework in
which the graph centrality of an object in the graph is
interpreted as likelihood. Results of applying the algorithm
to sentence clustering tasks demonstrate that the algorithm is
capable of identifying overlapping clusters of semantically
related sentences, and that it is therefore of potential use in a
variety of text mining tasks. It also includes results of
applying the algorithm to benchmark data sets in several
other domains.
Keywords: Sentence Clustering, PageRank, Graph based
Centrality.
I. INTRODUCTION
Irrespective of the specific task (e.g., summarization, text
mining, etc.), most documents will contain interrelated
topics or themes, and many sentences will be related to
some degree to a number of these. The work described is
motivated by the belief that successfully being able to
capture such fuzzy relationships will lead to an increase in
the breadth and scope of problems to which sentence
clustering can be applied. However, clustering text at the
sentence level poses specific challenges not present when
clustering larger segments of text, such as documents. Now
lets highlight some important differences between clustering
at these two levels, and examine some existing approaches
to fuzzy clustering.
Clustering text at the document level is well
established in the Information Retrieval (IR) literature,
where documents are typically represented as data points in
a high dimensional vector space in which each dimension
corresponds to a unique keyword, leading to a rectangular
representation in which rows represent documents and

columns represent attributes of those documents (e.g., tf-idf
values of the keywords).
This type of data, which is referred to as “attribute
data,” is amenable to clustering by a large range of
algorithms. Since data points lie in a metric space, it can be
readily applied to prototype-based algorithms such as kMeans, Isodata, Fuzzy c-Means (FCM), and the closely
related mixture model approach, all of which represent
clusters in terms of parameters such as means and
covariances, and therefore assume a common metric input
space. Since pairwise similarities or dissimilarities between
data points can readily be calculated from the attribute data
using similarity measures such as cosine similarity, and can
also apply relational clustering algorithms such as Spectral
Clustering and Affinity Propagation, which take input data
in the form of a square matrix W (often referred to as the
“affinity matrix”), where
is the (pairwise) relationship
between the
and
data object.
II. RELATED WORK
The vector space model has been successful in IR because it
is able to adequately capture much of the semantic content
of document-level text. This is because documents that are
semantically related are likely to contain many words in
common, and thus are found to be similar according to
popular vector space measures such as cosine similarity,
which are based on word co-occurrence. However, while the
assumption that (semantic) similarity can be measured in
terms of word co-occurrence may be valid at the document
level, the assumption does not hold for small-sized text
fragments such as sentences, since two sentences may be
semantically related despite having few, if any, words in
common. To solve this problem, a number of sentence
similarity measures have recently been proposed. Rather
than representing sentences in a common vector space, these
measures define sentence similarity as some function of
intersentence word-to-word similarities, where these
similarities are in turn usually derived either from
distributional information from some corpora (corpus-based
measures), or semantic information represented in external
sources such as WordNet (knowledge-based measures).
Some of these measures are described. The important to
note is that these measures do not represent sentences in a
common metric space, and this means that prototype-based
clustering algorithms such as those described above are
generally not applicable. The topic of interest, therefore, is
fuzzy relational clustering, i.e., fuzzy clustering based on
(pairwise) relational input data.
To distinguish it from attribute data, this data is
referred as “relational data.” A broad range of hierarchical
clustering algorithms can also be applied. The vector space
model has been successful in IR because it is able to
adequately capture much of the semantic content of
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document-level text. This is because documents that are
semantically related are likely to contain many words in
common, and thus are found to be similar according to
popular vector space measures such as cosine similarity,
which are based on word co-occurrence. However, while the
assumption that (semantic) similarity can be measured in
terms of word co-occurrence may be valid at the document
level, the assumption does not hold for small-sized text
fragments such as sentences, since two sentences may be
semantically related despite having few, if any, words in
common.
III. PROPOSED WORK
The first successful fuzzy relational clustering model is
generally considered to be Hathaway et al.’s Relational
Fuzzy c-Means (RFCM) algorithm. However, RFCM is a
variant of Fuzzy c-Means, and is implicitly based on the
notion of prototype. Thus, while RFCM operates on
relational data input, it still requires that the relation
expressed by this data be Euclidean (i.e., it assumes that
there exists a set of data points in some space such that the
squared Euclidean distance between points in this space
match those in the dissimilarity relation). Non-Euclidean
relations can be transformed into Euclidean ones by a
transformation that adds a positive number to all off
diagonal elements of the dissimilarity matrix, but the
problem is to determine an appropriate value for such that
this Euclidean condition is met without leading to excessive
loss of cluster information.
Despite its success, the Euclidean requirement in
RFCM was considered restrictive, and various alternatives
have been proposed. For example, the ARCA algorithm uses
an attribute-based representation in which an object is
represented by a vector of its relationships with other objects
in the data set. Thus, while the algorithm still takes
relational data as input, it treats each row of the relational
input matrix as a data object, thus allowing standard Fuzzy
c-Means to be applied. Prototypes in this system are
therefore objects (not necessarily present in the original data
set) whose relationship with all objects in the data set is
representative of the mutual relationships of a group of
similar objects. A limitation of this approach is the high
dimensionality introduced by representing objects in terms
of their similarity with all other objects. The contribution
here is novel fuzzy relational clustering algorithm. Inspired
by the mixture model approach, we model the data as a
combination of components. However, unlike conventional
mixture models, which operate in a Euclidean space and use
a likelihood function parameterized by the means and
covariances of Gaussian components, we abandon use of
any explicit density model (e.g., Gaussian) for representing
clusters. Instead, we use a graph representation in which
nodes represent objects, and weighted edges represent the
similarity between objects. Cluster membership values for
each node represent the degree to which the object
represented by that node belongs to each of the respective
clusters, and mixing coefficients represent the probability of
an object having been generated from that component. By
applying the PageRank algorithm to each cluster, and
interpreting the Page-Rank score of an object within some
cluster as a likelihood, we can then use the Expectation-

Maximization (EM) framework to determine the model
parameters (i.e., cluster membership values and mixing
coefficients).
The algorithm uses Expectation Maximization to
optimize these parameters. Assume in the following that the
similarities between objects are stored in a similarity matrix
S, between objects i and j.
This paper presents a novel fuzzy clustering
algorithm that operates on relational input data; i.e., data in
the form of a square matrix of pairwise similarities between
data objects. The algorithm uses a graph representation of
the data, and operates in an Expectation-Maximization
framework in which the graph centrality of an object in the
graph is interpreted as likelihood. Results of applying the
algorithm to sentence clustering tasks demonstrate that the
algorithm is capable of identifying overlapping clusters of
semantically related sentences, and that it is therefore of
potential use in a variety of text mining tasks.
A. Advantages of Proposed System:




Able to achieve superior performance to
benchmark Spectral Clustering and k-Medoids
algorithms when externally evaluated in hard
clustering mode
Comparisons with the ARCA algorithm on each of
these data sets suggest that FRECCA is capable of
identifying softer clusters than ARCA, without
sacrificing performance as evaluated by external
measures.

Fig. 1: System Architecture
IV. IMPLEMENTATION
This algorithm uses the PageRank score of an object within
a cluster as a measure of its centrality to that cluster. These
PageRank values are then treated as likelihoods. Since there
is no parameterized likelihood function as such, the only
parameters that need to be determined are the cluster
membership values and mixing coefficients. The algorithm
uses Expectation Maximization to optimize these
parameters. Assume in the following that the similarities
between objects are stored in a similarity matrix S, between
objects i and j.
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A. Initialization:
Assume here that cluster membership values are initialized
randomly, and normalized such that cluster membership for
an object sums to unity over all clusters. Mixing coefficients
are initialized such that priors for all clusters are equal.
B. Expectation:
The E-step calculates the PageRank value for each object in
each cluster. PageRank values for each cluster are calculated
as described with the affinity matrix weights wij obtained by
scaling the similarities by their cluster membership values;
i.e.,
=

×

×

Where wij is the weight between objects i and j in cluster m,
sij is the similarity between objects i and j, and Pim and Pjm
are the respective membership values of objects i and j to
cluster m.
C. Maximization:
Since there is no parameterized likelihood function, the
maximization step involves only the single step of updating
the mixing coefficients based on membership values
calculated in the equation,
=

/∑

D. Initialization Step:
Begin
// initializing all values
for i=1 to N
for m=1 to C
Initialize Pim =random values
Normalize
such that the membership value of an object
sums to unity
end for
end for
End

end for
End
V. CONCLUSION
For a given sentence the method provides output, to which
cluster does the sentence belongs to. Any keyword related to
a cluster or any sort of synonym related would be
considered to select the cluster name for a sentence. The
method was motivated by interest in clustering of sentencelevel text, and the need for an algorithm which can
accomplish this task based on input data.
The method takes FRECCA as a reference to
cluster the sentences, where the pagerank value of a
particular word or a synonym is taken into consideration so
as to find out the cluster name. The enhancement has logins
for Admin as well as particular users, where the users can
ask details about any kind of info. The users may send
queries to the admin . The admin then can check the queries
and he can reply to the queries asked by a particular user.
The admin has rights to add extra keywords and make the
method reliable to solve for various sentences. For a given
sentence the method provides output, to which cluster does
the sentence belongs to. Any keyword related to a cluster or
any sort of synonym related would be considered to select
the cluster name for a sentence. The method was motivated
by interest in clustering of sentence-level text, and the need
for an algorithm which can accomplish this task based on
input data.
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Find mixing coefficient, πm = 1/C.
E. Expectation Step:
Begin
// calculating PageRank values
for m=1 to C
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