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ABSTRACT: The proposed method is developed for measuring the textual similarity using WordNet taxonomy and information
content. It uses the taxonomy knowledge and merge this information with an n–gram based language model (n = 3). The
proposed method considers WordNet synsets for lexical relationships between the words and language model for information
content value between the two words of the different class. Finally, a similarity score is generated between two sentences by
measuring maximum weight shortest path of the graph. To evaluate the system SemEval 2015 training dataset is considered
and the high correlation coefficient of 0.885 has been achieved.
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1. Introduction

In Natural Language Processing (NLP) semantic similarity plays an important role and one of the fundamental tasks for many NLP
applications and its related areas. During the evolution of Semantic Textual Similarity (STS), it is defined by a metric over a set of
documents where the idea is to find the similarity between them [1], [2]. Similarity between the documents is measured based on
the direct and indirect relationships among them. These relationships can be measured and recognized by the presence of
semantic relationships. Identification of STS in short text was proposed in 2006 [3], [4]. After that focus of the similarity measure
was shifted on large documents (or individual words). Since its inception, the problem has been seen a large number of solutions
in a relatively small amount of time. The central idea behind most of the solution was the identification and alignment of
semantically similar or related words across the two sentences and the aggregation of these similarities to measure the overall
similarity [3], [5], [6].

One of the major goals of STS task is to create a unified framework by combining several independent semantic components to
find their impact over several NLP tasks. Developing such framework is an important research problem for many NLP applications
such as Information Retrieval (IR) text summarization [7], [8], question answering [9], relevance feedback and text classification
[10], word sense disambiguation [11], and extractive summarization [12].

This proposed method is developing for measuring the textual similarity between texts based on language model and WordNet
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 taxonomy. The rest of paper is organized as follows:  Section II presents a brief overview of the related work. Proposed method
is discussed in Section III. Experimental results and evaluation are discussed in Section IV and finally future work and conclusion
has been drawn in Section V.

2. Related Work

Measuring semantic similarity between text snippets is categories into following groups: (i) topological approaches; (ii) statistical
similarity approaches; (iii) semantic-based approaches; (iv) vector space approaches; (v) alignment approaches and; (vi) machine
learning approaches. Among these methods, taxonomy based approaches play an important role to understand the intended
meaning of an ambiguous word like ‘bank’. A bank can be a financial or may be a river bank and difficult to process computationally.
For many NLP related task, it is important to understand the semantic relation between words/ concepts. To decompose such
systems, it is important to work with word level relations and those can be considered as hierarchical, associative and equiva-
lence.

In many cases determining the intended meaning of an ambiguous word is difficult for human and it is quite difficult to process
automatically also. This ambiguity can be estimated by considering the following relationships among the words or concepts: (i)
hierarchical (e.g. IS–A or hypernym–hyponym, part-whole etc.), (ii) associative (e.g. cause–effect) and, (iii) equivalence [13].
Among these IS–A relation has been widely used and studied, which maps to the human cognitive view of classification (i.e.
taxonomy). The IS–A relation among the concepts has been suggested and employed as a special case of semantic similarity of
distance [14]. Semantic similarity can be estimated by defining a topological similarity by using the ontological relationships,
which measures the distance between the terms and concepts.

Islam et al., [15] proposed an unsupervised approach for measuring the similarity of texts using the corpus-based n– gram word
similarity. First, they identified the size of n–gram for better word similarity task. In literature, it was observed by Kaplan [16], that
word sense of the either side of the word is better than the words those are preceding or the following. So they consider the size
of n as three (3) over bi–grams and other language model [17].

Malandrakis et al., estimate the semantic similarity between two sentences using regression models. To measure the similarity
three features have been considered: 1) for lexical matching n-gram hit ratio was taken; 2) lexical similarity for non–matching
words; and 3) sentence length is also taken into account. Authors also considered information metric for computing the lexical
semantic similarity via co–occurrence counts over a web corpus [18].

To find the similarity for phrases or sentences a random walk over a graph was proposed by Ramage et al. In this work local
semantic information and semantic resources of WordNet have been combined together. The semantic signature generated by
random walk was compared to another such distribution to get the overall similarity score [19].

Resnik, P proposed another such method for identification of semantic similarity in a taxonomy based on the notion of Information
Content (IC) [20]. Similarity between two words/ concepts was evaluated by considering the common  information between them.
For this task, a set of fifty thousand (50,000) nodes from WordNet taxonomy of noun classes had been considered. To calculate
the frequencies of concepts Brown Corpus of American English (having 1000, 000 words) [21] was considered.

3. Proposed Method

In this paper, a language model based semantic network has been proposed to find the semantic similarity between two text
snippets. Unlike the work reported in [20] and [22] STS model, the proposed method does not stick to the similarity between the
concepts those poses IS–A relationship using information content (IC) value. In this task, words those are not sharing any
relationship we calculate IC value using tri–gram language model over a corpus.

3.1 WordNet based Textual Similarity
In the first step two sentences S1 and S2 have been analyzed to extract all the WordNet synsets related to them. For each WordNet
synsets, noun synsets are considered and generates two sets of synsets C1 and C2 of sentence S1 and S2 respectively. For the
synsets found other categories the IS– A taxonomy relationship is considered. Intuitively, one key to the similarity of two
concepts is the extent to which they share information in common. In taxonomy direct relation between two concepts can be
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found by an edge counting method. In this method, if the minimal path between two nodes is long, that means it is necessary to
go high in the hierarchy to find a least upper bound. For instance in WordNet, two concepts like ‘NICKEL’ and ‘DIME’ both
subsumes ‘COIN’ sub–class, whereas ‘NICKEL’ and ‘CREDIT CARD’ share a common super class ‘MEDIUM OF EXCHANGE’
[23].

Taken C1 and C2 as the set of concepts of sentences S1 and S2, with |C1| > |C2|, the conceptual similarity between S1 and S2 is
measured as follows:

where c1, c2 represents the each concept of the synsets and s(c1, c2) represents measuring of conceptual similarity. For this
method the conceptual similarity is measured by considering the IC value between the concepts. For this task the probability has
been associate with the taxonomy. The value of IC of a class c is obtained by estimating the probability in a large corpus with a
function p : C→ [0; 1], if c∈C, p (c), is the probability of encountering an instance c. Considering the notation of information
theory [24], IC of a class c can be calculated as follows:

Quantifying information content in this way: if the probability increases, its information content decreases. It means that if there
is a unique top in the tree, then its probability is 1 so the information content is zero (0) and the similarity of two concepts can be
calculated as follows:

and the similarity metric is as follows:

So the similarity between two sentences S1 and S2 is calculated as follows:

(1)

(2)

(3)

2.2 Information Content based Similarity
To implement the information content model [20], consider the WordNet (version 2.0) having fifty thousand (50000) nodes [13],
where taxonomy of concepts represented by nouns and  compound nominals [25]. Before implementing IC, we need to define two
concept sets as words(c) and classes(w). Words(c) is the set of words subsumed by the class c and classes(w) is defined as the
classes in which the word w is contained. The class c can be seen as a sub–tree in the whole hierarchy and classes(w) is the set
of possible senses that the word w has:

(4)

(5)

(6)

(7)

A simple class/ concept frequency formula defined by [20] as follows:
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where idf(w) is calculated as the inverse document frequency of word w, by considering the WordNet 3.0 frequency count. In this
case one word have more sense, so the similarity can be determined by the best similarity value among all the class pairs which
their various senses belong to [13]:

where sen(w) denotes the set of possible senses for word w.

3.3 Named Entity Overlap
For this task we consider Stanford Named Entity Recognizer [26] and we consider seven (7) different Named Entity (NE) classes
as: Location, Percent, Organization, Date, Person, Time and Money. After that per-class overlap measure has been calculated as
follows:

(8)

(9)

where NERS1 and NERS2 represents the set of Named Entities identified in S1 and S2 respectively.

3.4 Tri–gram and Taxonomy based Similarity
In this method main contribution is that if method is unable to find any IC value between two concepts of two sentences then tri–
gram frequency count in corpus has taken into account as IC value. The proposed system can be brought down into following
stages:

1) Stage 1: In any language processing it is important to remove all the stop words before start any semantic similarity task.
Initially all the stop words, have stored in a Java array and after that all the words of S and T is considered one after another for
identification. Although stop words are most commonly used words but there is no universal list available for all language
processing task 1. These identified stop words are ignored during similarity stage.

2) Stage 2: In first step, Peen Treebank tag set [27] has been used to label the words for POS information, which is most commonly
used syntactic information. Further these tag sets along with words have been input to the system to generate the parse tree of
the sentences.

3) Stage 3: To generate the parse tree top down parsing has been followed by considering its advantages over bottom up parsing.
For parsing all phrase structure of grammar has been considered. After that identified phrase structures have been used to
generate the top–down parse tree.

4) Stage 4: In this stage a multi–stage (equal to level of the tree) undirected weighted graph has been designed by considering
the parse tree along with other statistical information found in the previous stage. Following characterises have been considered
for the graph construction:

POS: All the stop words based on its POS information isn’t consider, when two words are found same in two parse tree at same
level.

Node Depth: Starting from the root node S all possible paths have been considered till the search ends with a word/ concept at
higher level (i.e. leaf node) of the tree. The depth of any word is consider in the similarity measuring stage when a word has been
found in both parse tree are same and having same POS information.  String Matching: If any word has been found in the parse
tree of S1 and S2, which possess ‘NNP’ as POS tag  then string matching algorithm has been found to assign the weight value of
the link.

1http://xpo6.com/list-of-english-stop-words/
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5) Stage 5: After the completion of graph construction stage weight has been measured between the nodes of two graphs.
Assigning of weight has been performed under the following criteria’s:

If POS tag has been found different of two classes of the same level leaf node then WordNet taxonomy relationship has been
considered. To calculate the information content i.e. weight wi of the link the negative logarithm of the conditional probability (see
Equation 2) as well as the argument of information theory is considered.

If POS tag is different but strings are matched than two different weight values have been calculated.

and

where c1 and c2 represents two concepts of two parse tree at the same level. N represents a total number of words along with POS
tag from a large text corpus and ci represents a total of class c and freqcounts counts the number of occurrences of each class. The
final is taken as the maximum of  and  .

• If no condition matched and the phrase has found as noun class and words are proper noun then no weight has been measured
for the link between the current node and the proper noun node.

• Finally, similarity has been calculated as the minimum distance path while considering maximum weight policy. After that, an
average has been calculated by summing of all weights of links starting from start node to till the leaf node.

4. Experimental Results

In order to evaluate our text similarity measure, a pair of 50 sentences has been taken from SemEval training 2015 dataset. For this
task, we analyzed four different methods to check the efficacy. We achieved 0.46 as similarity score using WordNet Taxonomy and
we consider it as method 1. For this task WordNet version, 2.0 is considered.

For another method, we improved the similarity score using information content. For this task highest score is 0.78. In this method,
we change the way information value have been measured, as compare to the methods introduced in [13], [20], and [22]. In this
task n–gram language model was imposed and in this case size of n is 3.

In the third method, similarity score was generated by considering Named Entity Overlapping method. In which we calculate a
per–class overlap measure where same string having different name entity tag does not match. Although it increases the score of
similarity over the method 1, it lowers the score than IC (method 2).

In the final method where we combined all three features from three methods with modified WordNet taxonomy based on tri–gram
language model for calculating IC value between two concepts of S1 and S2. In this method, we achieve high similarity score 0.885,
which outperforms other taxonomy based methods discussed in [13], [20], [22], [28].

5. Conclusion and Future Work

From this work, it is clearly understood that node based approach fully depends on information content value between two nodes
while distance based approach depends on the depth of the semantic network. On the other side hybrid method works with
weight value between child and parent node to find the similarity between two classes. The proposed method, which uses the
uni–gram model and hybrid method for measuring the weight between two nodes while using the advantages of WordNet
information like node-based and distance-based approach. Finally, the minimum path and maximum weight have been considered

(10)

(11)
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for generating the similarity score between the two texts. In future, we have planned to compare the proposed method with the
other method based on machine learning algorithm.
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