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                      Abstract  

 
 

Hindi is a national language of India, spoken by 500 million people and ranking 4th by 

majority spoken in the world. But, the language is making hindrances in the advantages 

of Information Technology revolution in India. So, there is the need of the adequate 

measures to perform natural language processing (NLP) through computer processing so 

that computer based system can be interacted by users through natural language like 

Hindi and  handled by users who have knowledge of regional language. So, Language 

Translator is important tool to resolve this problem. Word Sense Disambiguation (WSD) 

is an important concept that is to be evaluated for performing machine translation and a 

tool is needed to perform disambiguation so that computers would be able to interpret a 

word in its proper sense according to its context. 

Word Sense Disambiguation (WSD) is the process of identifying which sense of a word 

is used in a given sentence. A word can have a number of senses, which is termed an 

ambiguity. Something is ambiguous when it can be understood in two or more possible 

ways or when it has more than one meaning. This word sense disambiguation is an 

‘intermediate task’, which is not an end in itself, but rather is necessary at one level or 

another to accomplish most natural language processing tasks. In this way, Word Sense 

Disambiguation (WSD) is the problem of selecting a sense for a word from a set of 

predefined possibilities. Here the sense inventory usually comes from a dictionary or 

thesaurus to determine these different possibilities. 

In this thesis work, the different approaches of Word Sense Disambiguation (WSD) like 

knowledge based approaches, machine learning based approaches and hybrid based 

approaches are discussed, and later the problem of disambiguation is being tried to solve 

by using Hindi WordNet developed at IIT, Bombay containing different words and their 

sets of synonyms called synsets. By the help of the words in these synsets, we make an 

attempt to resolve the ambiguity by making the comparisons between the different senses 

of the word in the sentence with the words present in the synset form of the WordNet and 

the information related to these words in the form of parts-of-speech. This WordNet is 

considered to be the most important resource available to researchers in computational 

linguistics, text analysis and many related areas. 
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Chapter 1                                                                    Introduction 

 

1.1 Introduction of Word Sense Disambiguation 

Lexical semantics begins with recognition that a word is a conventional association 

between a lexicalized concept and an utterance that plays a syntactic role. This lexical 

semantics is understood clearly by proper disambiguation of words. This disambiguation 

is achieved by one of the fields of natural language processing known as Word Sense 

Disambiguation. 

 

The automatic disambiguation of word senses has been an interest and concern since the 

earliest days of computer treatment of language in the 1950's. Sense disambiguation is an 

‘intermediate task’ which is not an end in itself, but rather is necessary at one level or 

another to accomplish most natural language processing tasks. It is obviously essential 

for language understanding applications such as message understanding, man-machine 

communication, etc.; it is at least helpful, and in some instances required, for applications 

whose aim is not language understanding. Something is ambiguous when it can be 

understood in two or more possible ways or when it has more than one meaning. Lexical 

semantic ambiguity occurs when a single word is associated with multiple senses [1].  

 

The problem of word sense disambiguation has been described as AI-complete, that is, a 

problem which can be solved only by first resolving all the difficult problems in the 

artificial intelligence (AI), such as the representation of common sense and encyclopedic 

knowledge. The inherent difficulty of sense disambiguation was a central point in Bar-

Hillel's treatise on machine translation [2], where he asserted that he saw no means by 

which the sense of the word pen in the sentence-‘The box is in the pen’ could be 

determined automatically. Bar-Hillel's argument laid the groundwork for the ALPAC 

report [3] which is generally regarded as the direct cause for the abandonment of most 

research on machine translation in the early 1960’s [1].  

However, at about the same time considerable progress was being made in the area of 

knowledge representation, especially the emergence of semantic networks, which were 
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immediately applied to sense disambiguation. Work on Word Sense Disambiguation 

(WSD) continued throughout the next two decades in the framework of the AI-based 

natural language understanding research, as well as in the fields of content analysis, 

stylistic and literary analysis, and information retrieval. Slowly, attempts to automatically 

disambiguate word senses have multiplied, due, like much other similar activity that are 

happening in the field of the computational linguistics, to the availability of large 

amounts of machine readable text and the corresponding development of statistical 

methods to identify and apply information about regularities in this data. The other 

problems amenable to these methods, such as part of speech disambiguation and 

alignment of parallel translations, have been fairly thoroughly addressed, the problem of 

word sense disambiguation has taken center stage, and it is frequently cited as one of the 

most important problems in natural language processing research today. 

 

1.2 Word Sense Disambiguation and Word Sense Discrimination 

These are two different terms - 

1. Word sense disambiguation- It is the problem of selecting a sense for a word from a 

set of predefined possibilities. Here the sense inventory usually comes from a 

dictionary or thesaurus. The methods that it uses are Knowledge intensive methods, 

supervised learning, and (sometimes) Bootstrapping approaches. 

2. Word sense discrimination- It is the problem of dividing the usages of a word into 

different meanings, without regard to any particular existing sense inventory. The 

techniques that it employed are Unsupervised techniques  

In our thesis, we are making the emphasis on Word Sense Disambiguation. 

 

1.3 Ambiguity for Humans and Computers 

In our day to day life, most words have many possible meanings; this is known as 

polysemy [6]. This problem is encountered not only by humans but also by computers. 

1.3.1 Ambiguity for Humans 

Ambiguity is rarely a problem for humans in their day to day communication, except in 

extreme cases e.g. Ambiguity as seen in newspapers which won’t be resolved by 

computers are as –  
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���������������� 	�	�	�	� ��ः	� !��ः	� !��ः	� !��ः	� ! �������������������� "�#��"�#��"�#��"�#�� 	��	��	��	�� 

$%&�$%&�$%&�$%&� �������� 'ः	�'ः	�'ः	�'ः	� ()��()��()��()��  

 

1.3.2 Ambiguity for Computers 

A computer program has no basis for knowing which one is appropriate, even if it is 

obvious to a human e.g. Ambiguity which won’t be resolved by computers is – 

*+*+*+*+ �������� ,�,�,�,� �+��+��+��+� +-+-+-+- .... 

�������� �������� ���)���)���)���) 	/	/	/	/ 0
�#10
�#10
�#10
�#1 �������� 0��0��0��0�� +�+�+�+� ������������ +-+-+-+- .... 

Here in the previous sentence ‘��������’ can have two different meaning ‘Mango’ and 

‘common person’. 

�+2��3�+2��3�+2��3�+2��3 �������� +�+�+�+� *�
*�
*�
*�
 	�	�	�	�  ������������ 0��"��0��"��0��"��0��"�� +4+4+4+4 .... 

Here ‘*�
*�
*�
*�
’ is interpreted as ‘class’. 

*�
*�
*�
*�
 	/	/	/	/ 0
�#10
�#10
�#10
�#1 �������� 	��	��	��	�� 	��.	��.	��.	��. 

Here ‘*�
*�
*�
*�
’ is interpreted as ‘one type of people or people of same locality’. 

��21)��21)��21)��21) ()()()() 5	5	5	5	 6��6��6��6�� *�
*�
*�
*�
 	�	�	�	�  ���������������� 7�7�7�7� .... 

Here ‘*�
*�
*�
*�
’ is interpreted as ‘classification on the basis of capability or duty’. 

�+��%�+��%�+��%�+��% 8�9(�8�9(�8�9(�8�9(� 	*�
	*�
	*�
	*�
, �*�
�*�
�*�
�*�
, !*�
!*�
!*�
!*�
 ������������ *�:*�:*�:*�: �;�;�;�; �*<�=(��*<�=(��*<�=(��*<�=(� +-+-+-+- .... 

Here ‘*�
*�
*�
*�
’ is interpreted as ‘those letters which are pronounced from same part of 

mouth’. 

������������ 	�	�	�	� *�
*�
*�
*�
 6����6����6����6���� +���+���+���+��� +-.+-.+-.+-. 

Here ‘*�
*�
*�
*�
’ is interpreted as ‘square of the number’. 
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�+�+�+�+ 0�2�0�2�0�2�0�2� �;!%�)!��;!%�)!��;!%�)!��;!%�)!� 	�	�	�	� *�
*�
*�
*�
 +-.+-.+-.+-. 

Here ‘*�
*�
*�
*�
’ is interpreted as ‘square shaped figure’. 

>?��0	>?��0	>?��0	>?��0	 �������� �*@�#7
���*@�#7
���*@�#7
���*@�#7
�� 	�	�	�	� 5	5	5	5	 	�2�	�2�	�2�	�2� 	�	�	�	� *�
*�
*�
*�
 ��,�����,�����,�����,��� .... 

Here ‘*�
*�
*�
*�
’ is interpreted as ‘the thing whose shape is similar to square’. 

 

1.4 Role of Word Sense Disambiguation 

The applications where word sense disambiguation is used now-a-days is as follows- 

• Machine Translation  – The sense disambiguation is essential for the proper 

translation of words such as the Hindi ‘����������������’, which, depending on the context, can 

be translated as Gold, Sleep, Sona(the name) etc. [4] 

For example- 

���������������� ���������������� ��+����+����+����+�� +-+-+-+- ....  

It can be translated as- 

Sona wants gold. 

          Or 

Sona wants to sleep. 

         Or  

Gold wants to sleep. 

        Or  

Sleep wants gold.  

        Or  

Gold wants Sona etc. 

So in this way there is ambiguity for ‘����������������’ because it is being interpreted of as gold 

means ‘����������������’ or as sleep means ‘�)9��)9��)9��)9�’ or as Sona (the name) means ‘����������������’. 

• Information retrieval and hypertext navigation - When searching for specific 

keywords, it is desirable to eliminate occurrences in documents where the word or 

words are used in an inappropriate sense; for example, when searching for judicial 
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references, it is desirable to eliminate documents containing the word ‘	�!
	�!
	�!
	�!
’ 

associated with royalty, rather than with law. 

 

• Content and thematic analysis - A common approach to content and thematic 

analysis is to analyze the distribution of pre-defined categories of words- i.e., words 

indicative of a given concept, idea, theme, etc. across a text. The need for sense 

disambiguation in such analysis has long been recognized in order to include only 

those instances of a word in its proper sense. 

 

• Grammatical analysis – The sense disambiguation is useful for part of speech 

tagging-for example, in the Hindi sentence ‘,��� �	��,��� �	��,��� �	��,��� �	����������    	�  <�� �� A�	� (� �+� 	�  <�� �� A�	� (� �+� 	�  <�� �� A�	� (� �+� 	�  <�� �� A�	� (� �+� 

+-+-+-+-’ [The shelf is bending under (the weight of) the books], it is necessary to 

disambiguate the sense of ‘,���,���,���,���’ (which can mean food as well as book-shelf) to 

properly tag it as a noun. Sense disambiguation is also necessary for certain syntactic 

analyses, such as prepositional phrase attachment and in general restricts the space of 

competing parses. 

 

• Speech processing - The sense disambiguation is required for correct phonetization 

of words in speech synthesis, e.g., the word ‘B�B�B�B�’ in ‘6��� B��6��� B��6��� B��6��� B��    	� ,��� 	� ,��� 	� ,��� 	� ,��� ....’ or in 

‘���� 0�%C����� 0�%C����� 0�%C����� 0�%C�----B� � ���.B� � ���.B� � ���.B� � ���.’. 

  

• Text processing - The sense disambiguation is necessary for spelling correction e.g. 

‘������������’ can be disambiguated as weight of something or the honour. 

 

1.5 Approaches of Word Sense Disambiguation 

There are two main approaches to WSD — deep (but brittle) approaches and shallow (but 

robust) approaches [5]. 
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1. Deep Approaches- Deep approaches presume access to a comprehensive body of 

world knowledge. These approaches are not very successful in practice, mainly 

because such a body of knowledge does not exist in computer-readable format outside 

of very limited domains. But if such knowledge did exist, they would be much more 

accurate than the shallow approaches. 

However, there is a long tradition in Computational Linguistics of trying such 

approaches in terms of coded knowledge, and in some cases it is hard to say clearly 

whether the knowledge involved is linguistics or world knowledge. The first attempt 

was that by Margaret Masterman and her colleagues at Cambridge Language 

Research Unit in England in the 1950s. This used as data a punched-card version of 

Roget's Thesaurus and its numbered ‘heads’ as indicators of topics and looked for 

their repetitions in text, using a set intersection algorithm: it was not very successful 

[7] but had strong relationships to later work, especially Yarowsky's machine learning 

optimization of a thesaurus method in the 1990s. 

The different types of Deep approach of Word Sense Disambiguation [5] are- 

• ' Selectional restriction'- based approaches 

• Approaches based on general reasoning with 'world knowledge' 

2.   Shallow Approaches- Shallow approaches don't try to understand the text. They just 

consider the surrounding words, using information like "if ‘��������’ has words ‘B�B�B�B�’ or 

‘,���,���,���,���’ nearby, it probably is in the sense of mango; if ‘��������’ has the words ‘���)���)���)���)’ 

or ‘(���(���(���(���’ nearby, it is probably in the person’s sense." These rules can be 

automatically derived by the computer, using a training corpus of words tagged with 

their word senses. This approach, while theoretically not as powerful as deep 

approaches, gives superior results in practice, due to computers' limited world 

knowledge. It can, though, be confused by sentences like ‘�������� 5	5	5	5	 B�B�B�B� +-+-+-+- 0�0�0�0� �������� 
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���)���)���)���) 	/	/	/	/ 0
�#10
�#10
�#10
�#1 �������� 0��0��0��0�� +�+�+�+� ������������ +-.+-.+-.+-.’, which contains the word ‘��������’ near both ‘B�B�B�B�’ and 

‘���)���)���)���)’. Our thesis is based on the shallow approach methodology. 

The different types of Shallow approaches of WSD [5] are- 

• Dictionary-based approaches. 

• Machine learning approaches-It can be further shown of using several 

different methods as – 

o Supervised methods (i.e. using annotated corpora) 

o Unsupervised methods (i.e. using raw text) 

• Various combinations of methods, also known as Hybrid approach. 

These approaches normally work by defining a window of n content words around each 

word to be disambiguated in the corpus, and statistically analyzing those n surrounding 

words.  

1.6 Comparison of WSD and Part-of-Speech (POS) tagging 

It is instructive to compare the word sense disambiguation problem with the problem of 

part-of-speech tagging (POS tagging). Both involve disambiguating or tagging with 

words, be it with senses or parts of speech. However, algorithms used for one do not tend 

to work well for the other, mainly because the part of speech of a word is primarily 

determined by the immediately adjacent one to three words, whereas the sense of a word 

may be determined by words further away. The success rate for part-of-speech tagging 

algorithms is at present much higher than that for WSD; state-of-the art being around 

95% accuracy or better, as compared to less than 80% accuracy in word sense 

disambiguation with supervised learning [8]. These figures are typical for English. The 

POS tagging for Hindi by using maximum entropy approach is 82% [9] while the 

percentage of accuracy of Hindi’s WSD vary as its disambiguation depends on different 

types of proper nouns, still its accuracy is highest as 74% [10] . 
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Another aspect of word sense disambiguation that differentiates it from part-of-speech 

tagging is the availability of training data. While it is relatively easy to assign parts of 

speech to text, training people to tag senses is far more difficult [11]. While users can 

memorize all of the possible parts of speech a word can take, it impossible for individuals 

to memorize all of the senses a word can take. Thus, many word sense disambiguation 

algorithms use semi-supervised learning, which allows both labeled and unlabeled data. 

The Yarowsky algorithm was an early example of such an algorithm. 

1.7 Web and Word Sense Disambiguation  

The Web has become a source of data for NLP in general, and word sense 

disambiguation is no exception. Web can find hundreds/thousands of instances of a 

particular target word just by searching. Search Engines for English are as: Alta Vista, 

Google, and Yahoo. Now-a-days Hindi Web search engines are also knocking their 

presence, for example Google’s search engine in Hindi. 

The Web can search as a good source of information for selecting or verifying 

collocations and other kinds of association e.g. 

• strong tea : 13,000 hits 

• powerful tea : 428 hits 

• sparkling tea : 376 hits 

One can find sets of related words from the Web. Let us consider a web link of Google as 

http://labs.google.com/sets by giving input of two or three words, it will return a set of 

words it believes are related e.g. if we give Google sets input: bank, credit and the 

Google outputs we got as: bank, credit, stock, full, investment, invoicing, overheads, cash 

low, administration, produce service, grants, overdue notices. 

Another example to give as input to find out the great source of info about names or 

current events is as Google Sets Input: Nixon, Carter and the output is as: Carter, Nixon, 

Reagan, Ford, Bush, Eisenhower, Kennedy, and Johnson. 

http://labs.google.com/sets
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Chapter 2                                                       Review of Literature 

2.1 Steps for handling of WSD 

Word Sense Disambiguation (WSD) involves the association of a given word in a text or 

discourse with a definition or meaning (sense) which is distinguishable from other 

meanings potentially attributable to that word. The task therefore necessarily involves 

two steps: 

Step 1: The determination of all the different senses for every word relevant (at least) to 

the text or discourse under consideration;  

Step 2: A means to assign each occurrence of a word to the appropriate sense. 

 

2.1.1 Step 1: Determination of different senses 

WSD relies on pre-defined senses for step (1), including: 

• a list of senses such as those found in everyday dictionaries; 

• a group of features, categories, or associated words (e.g., synonyms, as in a 

thesaurus); 

• an entry in a transfer dictionary which includes translations in another language; 

etc. 

 

The precise definition of a sense is, however, a matter of considerable debate within the 

community. The variety of approaches to defining senses has raised recent concern about 

the comparability of much WSD work, and given the difficulty of the problem of sense 

definition, no definitive solution is likely to be found soon. However, since the earliest 

days of WSD work there has been general agreement that the problems of morpho-

syntactic disambiguation and sense disambiguation can be disentangled.  

That is, for homographs with different parts of speech (e.g., ‘,���,���,���,���’ as a verb and noun), 

morpho-syntactic disambiguation accomplishes sense disambiguation, and therefore 

(especially since the development of reliable part-of-speech taggers), WSD work has 

since focused largely on distinguishing senses among homographs belonging to the same 

syntactic category. 
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2.1.2 Step 2: Assignment of Senses to words 

In it, the assignment of words to senses is accomplished by reliance on two major sources 

of information: 

• Context of the word to be disambiguated, in the broad sense: this includes 

information contained within the text or discourse in which the word appears, 

together with extra-linguistic information about the text such as situation, etc.; 

• External knowledge sources, including lexical, encyclopedic, etc. resources, as 

well as hand-devised knowledge sources, which provide data useful to associate 

words with senses. 

All disambiguation work involves matching the context of the instance of the word to be 

disambiguated with either information from an external knowledge source (knowledge 

driven WSD), or information about the contexts of previously disambiguated instances of 

the word derived from corpora (data-driven or corpus-based WSD). Any of a variety of 

association methods is used to determine the best match between the current context and 

one of these sources of information, in order to assign a sense to each word occurrence.  

2.2 Approaches of Disambiguation 

In this way there can be the following approaches of disambiguation [12]:  

• Knowledge-Based Disambiguation 

o WSD using Selectional Preferences (or restrictions) 

They have frequently been cited as useful information for WSD. But it has been 

noted that their use is limited and that additional sources of knowledge are 

required for full and accurate WSD. Indeed, the exemplar for sense 

disambiguation in most computational settings is Katz and Fodor’s use of 

Boolean selection restrictions to constrain semantic interpretation. [31] For 

example, ‘,���,���,���,���’ can be treated as food or to eat, only first sense is available in 

the context of ‘6�	� �� ,��� +- .6�	� �� ,��� +- .6�	� �� ,��� +- .6�	� �� ,��� +- .’, only second sense is applicable here as 

‘��������’ species the selection restriction to eat in the context. 
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o Overlap Based Approaches 

These require a Machine Readable Dictionary (MRD).They find the overlap 

between the features of different senses of an ambiguous word (sense bag) and 

the features of the words in its context (context bag).   

 

• Machine Learning Based Approaches 

      These approaches can be divided into three different approaches- 

o Supervised Approaches 

Supervised methods are based on the assumption that the context can provide 

enough evidence on its own to disambiguate words (hence, world knowledge 

and reasoning are deemed unnecessary). These supervised methods are subject 

to a new knowledge acquisition bottleneck since they rely on substantial 

amounts of manually sense-tagged corpora for training, which are laborious 

and expensive to create. 

 

o Semi-supervised Algorithms  

Its example is the bootstrapping approach. The bootstrapping approach starts 

from a small amount of seed data for each word: either manually-tagged 

training examples or a small number of surefire decision rules (e.g., ‘��������’ in 

the context of ‘B�B�B�B�’ almost always indicates the fruit). The seeds are used to 

train an initial classifier, using any supervised method. 

 

o Unsupervised Algorithms 

They are the greatest challenge for WSD researchers. The underlying 

assumption is that similar senses occur in similar contexts, and thus senses can 

be induced from text by clustering word occurrences using some measure of 

similarity of context. It is hoped that unsupervised learning will overcome the 

knowledge acquisition bottleneck because they are not dependent on manual 

effort. 
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• Hybrid Approaches 

These approaches are the hybrid between different methods like statistical based and rule 

based methods of machine learning approaches. By this approach, we can also combine 

the advantages of corpus-based and knowledge-based methods e.g. Sin-Jae Kang [32] 

uses this approach in which he has taken semi-automatically constructed ontology as an 

external source and secured dictionary information as context information. It is a 

knowledge base with information about the concepts existing in the world, their 

properties and how they relate to each other. In his work, he applied the previously-

secured dictionary information to select the correct senses of some ambiguous words with 

high precision, and then use the ontology to disambiguate the remaining ambiguous 

words 
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Chapter 3 Comparative Study of Various Approaches of WSD 

As we discussed in Chapter 2, the different approaches of Word Sense Disambiguation, 

now we discuss different algorithms developed under these approaches. 

 

3.1 Knowledge Based Approaches 

It relies on knowledge resources of Machine Readable Dictionaries in form of WordNet, 

and Thesaurus etc. They may use grammar rules for disambiguation or they may use 

hand coded rules for disambiguation. In recent years, most dictionaries made available in 

Machine Readable Dictionaries format (MRD) like that of Oxford English Dictionary, 

Collins, Longman Dictionary of Ordinary Contemporary English (LDOCE);Thesauruses 

which add synonymy information like Roget Thesaurus ; and Semantic networks which 

add more semantic relations like WordNet, EuroWordNet. These are for English [6]. 

For the purpose of Hindi, the purpose the data on which application is to be tested is 

provided by Central Institute of Indian Languages and the MRD (format that is being 

used is of Word Net. This thesis uses the Hindi WordNet prepared by IIT, Bombay.  

MRD format dictionaries include a list of meanings, definitions (for all word meanings), 

and typical usage examples (for most word meanings).While a thesaurus adds an explicit 

synonymy relation between word meanings and the semantic network adds 

Hypernymy/hyponymy (IS-A), meronymy/holonymy (PART-OF), antonymy, entailment, 

etc. [6] 

The different approaches discussed as follows- 

3.1.1 Using Selectional Preferences and Arguments 

Example using the word form ‘serve’- 

Sense 1 -This airline serves dinner in the evening flight. 

• serve (Verb) 

• agent 

• object – edible 

Sense 2 - This airline serves the sector between Agra & Delhi. 
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• serve (Verb) 

• agent 

• object – sector 

 

This approach requires exhaustive enumeration of: 

• Argument-structure of verbs. 

• Selectional preferences of arguments. 

• Description of properties of words such that meeting the selectional preference 

criteria can be decided.  

e.g. This flight serves the ‘region’ between Mumbai and Delhi.  

How do we decide if ‘region’ is compatible with ‘sector’?  

 

3.1.2 Using Overlap Based Approaches 

These require a Machine Readable Dictionary (MRD) [12]. 

• Find the overlap between the features of different senses of an ambiguous word 

(sense bag) and the features of the words in its context (context bag). 

• These features could be sense definitions, example sentences, hypernyms etc. 

• The features could also be given weights. 

• The sense which has the maximum overlap is selected as the contextually 

appropriate sense. 

 

These machine readable dictionaries may include WordNet, Thesaurus etc. Thesauri 

provide information about relationships among words. Thesaurus based disambiguation 

makes use of the semantic categorization provided by a thesaurus or a dictionary with 

subject categories. The most frequently used thesaurus in WSD is Roget’s International 

Thesaurus (Roget, 1946) which was put into machine-tractable form in 1950s. The basic 

inference in thesaurus-based disambiguation is that semantic categories of the words in a 

context determine the semantic category of that context as a whole. And this category 

then determines the correct senses that are used. 
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There are many algorithms used for Overlap Based Approaches. The major algorithms 

used for this approaches are as follows – 

• Lesk’s Algorithm 

• Walker’s Algorithm 

• WSD using Conceptual Density 

 

These are explained in the following sections. 

3.1.2.1 Lesk’s Algorithm 

The Lesk algorithm is used for the Overlap Based Approaches which is explained as 

follows-  

1. For a polysemous word w needing disambiguation, a set of context words in its 

surrounding window is collected. Let this collection be C, the context bag.  

2. For each sense s of w, do the following  

(a) Let B be the bag of words obtained from the  

(I) Synonyms  

(II) Glosses  

(III) Example Sentences  

(IV) Hypernyms  

(V) Glosses of Hypernyms  

(VI) Example Sentences of Hypernyms  

(VII) Hyponyms  

(VIII) Glosses of Hypernyms  

(IX) Example Sentences of Hypernyms  

(X) Meronyms  

(XI) Glosses of Meronyms  

(XII) Example Sentences of Meronyms  

(b) Measure the ‘overlap’ between C and B using the intersection similarity measure.  

3. Output that the sense s as the most probable sense which has the maximum overlaps 

[14].  

Our thesis is based on this algorithm. 
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3.1.2.2 Walker’s Algorithm 

Walker proposed in 1987, an algorithm as follows: each word is assigned to one or more 

subject categories in the thesaurus. If the word is assigned to several subjects, then it is 

assumed that they correspond to different senses of the word. Black applied this approach 

to five different words and achieved accuracies around 50% [15]. 

 

3.1.2.3 WSD using Conceptual Density 

Select a sense based on the relatedness of that word-sense to the context. Relatedness is 

measured in terms of conceptual distance (i.e. how close the concept represented by the 

word and the concept represented by its context words are).This approach uses a 

structured hierarchical semantic net (WordNet) for finding the conceptual distance. 

Smaller the conceptual distance higher will be the conceptual density i.e. if all words in 

the context are strong indicators of a particular concept then that concept will have a 

higher density. [12] 

 

3.1.3 Development in the field of Knowledge Based Approaches 

Dictionaries have long been recognized as possible sources of information for 

computational methods concerned with word meanings. For example, in the early to mid 

1960’s, Sparck–Jones developed techniques that identified synonyms by clustering terms 

based on the content words that occurred in their glosses. [16] 

 

3.1.3.1 Quillian’s Approach 

In the mid to late 1960’s, Quillian described how to use the content of a machine readable 

dictionary to make inferences about word meanings. He proposed that the contents of a 

dictionary be represented in a semantic network. Each meaning associated with a word is 

represented by a node, and that node is connected to those words that are used to define 

the concept in the dictionary. The content words in the definitions are in turn connected 

to the words that are used to define them, and so forth, thus creating a large web of 

words. Once this structure is created for a variety of concepts, spreading activation is 

used to find the intersecting words or concepts in the definitions of a pair of words, thus 

suggesting how they are related. For example, in one of his examples, he finds that cry 
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and comfort share the word sad in their glosses, which suggests that they are related to 

this emotion. As such this represents an early use of exploiting gloss overlaps (shared 

words in dictionary definitions) to make determinations about word meanings. [17] 

Due to the limitations of available computing hardware, and the lack of online 

dictionaries, progress in exploiting dictionary content automatically was slow but steady. 

However, by the 1980’s computing resources were much more powerful, and Machine 

Readable Dictionaries were becoming more widely available.  

 

3.1.3.2 Lesk’s Approach 

The Lesk algorithm may be identified as a starting point for resurgence of activity in this 

area that continues to this day. It selects a meaning for a particular target word by 

comparing the dictionary definitions of its possible senses with those of the other content 

words in the surrounding window of context. It is based on the intuition that word senses 

that are related to each other, are often defined in a dictionary using many of the same 

words. In particular, the Lesk’s algorithm treats glosses as unordered bags of words, and 

simply counts the number of words that overlap between each sense of the target word 

and the senses of the other words in the sentence. This algorithm selects the sense of the 

target word that has the most overlaps with the senses of the surrounding words.  

Lesk’s description of his algorithm includes various ideas for future research, and in fact 

several of the issues he raised continue to be topics of research even today. For example, 

should the Lesk algorithm be used to disambiguate all the words in a sentence at once, or 

should it proceed sequentially, from one word to the next? If it did proceed sequentially, 

should the previously assigned senses influence the outcome of the algorithm for 

following words? Should words that are located further from the target word be given 

less importance than those that are nearby? Lesk also hypothesized that the length of the 

glosses is likely to be the most important issue in determining the success or failure of 

this method. [13] 

 

3.1.3.3 Wilks’ Approach 

Wilks concerned that dictionary glosses are too short to result in reliable disambiguation. 

They developed a context vector approach that expands the glosses with related words, 
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which allows for matching to be based on more words and presumably result in finer 

grained distinctions in meaning than is possible with short glosses. As become standard 

for much of the work in the early 1990’s, they used Longman’s Dictionary of 

Contemporary English (LDOCE). One of the appeals of LDOCE for gloss matching work 

is that it has a controlled definition vocabulary of approximately 2,200 words, which 

increases the likelihood of finding overlaps among word senses. [18] 

 

3.1.3.4 Cowie’s Approach 

Cowie suggest that while the Lesk algorithm is capable (in theory) of disambiguating all 

the words in a sentence simultaneously, the computational complexity of such an 

undertaking is enormous and makes it difficult in practice. They employ simulated 

annealing to simultaneously search for the senses of all the content words in a sentence. If 

the assignment of senses was done using an exhaustive search the time involved would be 

prohibitive (since each possible combination of senses would have to be considered). 

However, simulated annealing can find a solution that globally optimizes the assignment 

of senses among the words in the sentence without exhaustive search. [19] 

 

3.1.3.5 Veronis & Ide’s Approach 

While quite a bit of research has been designed to extend and improve Lesk’s algorithm, 

there has also been a body of work that is more directly linked to Quillian’s spreading 

activation networks. For example, Veronis and Ide represent the senses of words in a 

dictionary in a semantic network, where word nodes are connected to sense nodes that are 

then connected to the words that are used to define that sense. Disambiguation is 

performed via spreading activation, such that a word that appears in the context is 

assigned the sense associated with a node that is located in the most heavily activated part 

of the network. [20] 

 

3.1.3.6 Kozima & Furugori’s Approach 

Kozima and Furugori construct a network from LDOCE glosses that consist of nodes 

representing the controlled vocabulary, and links to show the co-occurrence of these 
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words in glosses. They define a measure based on spreading activation that results in a 

numeric similarity score between two concepts. [21] 

 

3.1.3.7 Nitwa & Nitta’s Approach 

Niwa and Nitta compare context vectors derived from co–occurrence statistics of large 

corpora with vectors derived from the path lengths in a network that represent their co–

occurrence in dictionary definitions. In the latter case, they construct a Quillian–style 

network where words that occur together in a definition are linked, and those words are 

linked to the words that are used in their definitions, and so forth. They evaluate Wilk’s 

context vector method of disambiguation, and find that dictionary content is a more 

suitable source of co–occurrence information than are other corpora. [22]  

 

The wide availability of WordNet as a concept hierarchy has led to the development of a 

number of approaches to disambiguation based on exploiting its structure. [13] 

 

3.1.3.8 Sussna’s Approach 

Sussna proposes a disambiguation algorithm assigns a sense to each noun in a window of 

context by minimizing a semantic distance function among their possible senses. While 

this is similar to our approach of disambiguation via maximizing relatedness, his 

disambiguation algorithm is based on a measure of relatedness among nouns that he 

introduces. This measure requires that weights be set on edges in the WordNet noun 

hierarchy, based on the type of relation the edge represents. His measure accounts for is–

a relations, as well as has–part, is–a–part–of, and antonyms. This measure also takes into 

account the compressed edge lengths that exist at higher levels of the WordNet hierarchy, 

where a single link suggests a much greater conceptual distance than links lower in the 

hierarchy. [23] 

 

3.1.3.9 Agirre & Rigau’s Approach 

Agirre and Rigau introduce a similarity measure based on conceptual density and apply it 

to the disambiguation of nouns. It is based on the is–a hierarchy in WordNet, and only 

applies to nouns. This measure is similar to the disambiguation technique proposed by 
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Wilks, in that it measures the similarity between a target noun sense and the nouns in the 

surrounding context. [24] 

 

3.1.3.10 Banerjee & Pedersen’s Approach 

Banerjee and Pedersen suggest an adaptation of the original Lesk algorithm in order to 

take advantage of the network of relations provided in WordNet. Rather than simply 

considering the glosses of the surrounding words in the sentence, the concept network of 

WordNet is exploited to allow for glosses of word senses related to the words in the 

context to be compared as well. In effect, the glosses of surrounding words in the text are 

expanded to include glosses of those words to which they are related through relations in 

WordNet. They also suggest a scoring scheme such that a match of n consecutive words 

in two glosses is weighted more heavily than a set of n one word matches. [25] Our thesis 

is also based on the WordNet’s concept hierarchy of Hindi WordNet. 

 

3.1.3.11 Pedersen, Banerjee & Patwardhan’s Approach 

Pedersen, Banerjee and Patwardhan introduced an algorithm that uses measures of 

semantic relatedness to perform word sense disambiguation. This algorithm finds its roots 

in the original Lesk algorithm, which disambiguates a polysemous word by picking that 

sense of the target word whose definition has the most words in common with the 

definitions of other words in a given window of context. Lesk’s intuition was that related 

word senses will be defined using similar words, and there will be overlaps in their 

definitions that will indicate their relatedness. That algorithm performs disambiguation 

using any measure that returns a relatedness or similarity score for pairs of word senses. 

[13] 

 

3.1.4 Comparison of Knowledge Based Approaches 

 

The comparisons of the above explained approaches are as follows- 

Algorithm Accuracy 

WSD using Selectional 

Restrictions 

44% on Brown Corpus 
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Algorithm Accuracy 

Lesk’s algorithm 50-60% on short samples of “Pride  

and Prejudice” and some “news stories”. 

WSD using conceptual density 54% on Brown corpus 

Walker’s algorithm 50% when tested on 10 highly 

polysemous English words. 

  Table 3.1: Comparison of Knowledge Based Approaches [12] 

3.1.5 Drawbacks of KB Approaches 

The drawbacks of knowledge based approaches are as follows- 

1. Drawbacks of Selectional Restrictions 

The drawbacks of WSD using Selectional Restrictions are as follows- 

• They need exhaustive knowledge base. 

2. Drawbacks of Overlap Based Approaches 

The drawbacks of Overlap based approaches are as follows- 

• The dictionary definitions present in MRD are generally very small. 

• The dictionary entries rarely take into account the distributional constraints of 

different word senses e.g. selectional preferences, kinds of prepositions, etc .For 

Instance, ‘#����!#����!#����!#����!’ and ‘��,��,��,��,’ never co-occur in a dictionary. 

• They suffer from the problem of sparse match. In the field of Natural Language 

Processing (NLP) , most of the events occur rarely, even when large quantities of 

data are available, this condition is known as sparse matching of data.[33] 

• The proper nouns are not present in a MRD. Hence these approaches fail to 

capture the strong clues provided by proper nouns e.g. ‘Sachin Tendulkar’ will be 

a strong indicator of the category ‘sports’ as Sachin Tendulkar plays cricket. 

 

3.2 Machine Learning Based Approaches 

It uses three different types of approaches-  
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• Supervised approaches- It is based on a labeled training set. The learning system 

has a training set of ‘feature-encoded inputs’ and their appropriate sense label 

(category).  

• Semi-supervised algorithms- It is based on unlabeled corpora. The learning 

system has a training set of ‘feature-encoded inputs’ but not their appropriate 

sense label (category). 

• Unsupervised Algorithms- The earlier approaches disambiguate each word in 

isolation. But in this approach, connections between words in a sentence can help 

in disambiguation. The graph [34] is a natural way to capture connections 

between entities, which utilize relations between senses of various words. 

3.2.1 Supervised Learning 

This learning collects a set of examples that illustrate the various possible classifications 

or outcomes of an event. These identify patterns in the examples associated with each 

particular class of the event. These generalize those patterns into rules and further these 

rules are applied to classify a new event. [6] In this way, they are class of methods that 

induces a classifier from manually sense-tagged text using machine learning techniques. 

The resources used by these can be Sense Tagged Text, Dictionary (implicit source of 

sense inventory), Syntactic Analysis (POS tagger, Chunker, Parser).  

Its scope is typically one target word per context; part of speech of target word resolved 

or lends itself to ‘targeted word’ formulation. This approach reduces WSD to a 

classification problem where a target word is assigned the most appropriate sense from a 

given set of possibilities based on the context in which it occurs. 

The methodology of supervised learning [6] is as follows- 

• Create a sample of training data where a given target word is manually annotated 

with a sense from a predetermined set of possibilities. 

o One tagged word per instance/lexical sample disambiguation 

• Then, select a set of features with which to represent context. 

o Co-occurrences, collocations, POS tags, verb-object relations, etc.  
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• Convert sense-tagged training instances to feature vectors. 

• Apply a machine learning algorithm to induce a classifier.  

o Form – structure or relation among features 

o Parameters – strength of feature interactions 

• Convert a held out sample of test data into feature vectors. 

o ‘correct’ sense tags are known but not used  

• Apply classifier to test instances to assign a sense tag. 

• Once data is converted to feature vector form, any supervised learning algorithm 

can be used. Many have been applied to WSD with good results: 

• Support Vector Machines 

• Nearest Neighbor Classifiers 

• Decision Trees  

• Decision Lists 

• Naïve Bayesian Classifiers 

• Perceptrons 

• Neural Networks 

• Graphical Models 

• Log Linear Models 

The major algorithms are as follows- 

3.2.1.1 Naïve Bayesian Classifiers -  

• Naïve Bayesian Classifier is well known in Machine Learning community for 

good performance across a range of tasks and so WSD is no exception. 

• Assumes conditional independence among features, given the sense of a word. 

The form of the model is assumed, but parameters are estimated from training 

instances. 

• When applied to WSD, features are often “a bag of words” that comes from the 

training data. It has usually thousands of binary features that indicate if a word is 

present in the context of the target word (or not). 
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• This algorithm suffers from the problem of data sparseness. 

• Since the scores are a product of probabilities, some weak features might pull 

down the overall score for a sense. 

• In it, a large number of parameters to be trained [6]. 

        sˆ= argmax s ε senses Pr(s|Vw) 

‘Vw’ is a feature vector consisting of- 

• POS of w 

• Semantic & Syntactic features of w 

• Collocation vector (set of words around it) typically consists of next word(+1), 

next-to-next word(+2), -2, -1 & their POS's 

• Co-occurrence vector (number of times w occurs in bag of words around it) 

Applying Bayes rule and naive independence assumption 

sˆ= argmax s ε senses Pr(s).Πi=1 P(n,r)(Vw i|s) 

 

3.2.1.2  Decision Lists and Trees 

• These are very widely used in Machine Learning. Decision trees used very early 

for WSD research. It is a word-specific classifier and a separate classifier needs to 

be trained for each word. It uses the single most predictive feature which 

eliminates the drawback of Naïve Bayes. 

• It is based on ‘One sense per collocation’ property. 

o The nearby words provide strong and consistent clues as to the sense of a 

target word. 

• It represent disambiguation problem as a series of questions (presence of feature) 

that reveal the sense of a word. 

• The list decides between two senses after one positive answer 

o Tree allows for decision among multiple senses after a series of answers 

• Uses a smaller, more refined set of features than “bag of words” and Naïve Bayes. 

• More descriptive and easier to interpret. 
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The Decision List for WSD is given by Yarowsky, 1994. The algorithm for decision lists 

[6] is as -  

• Identify collocational features from sense tagged data.  

• Collect a large set of collocations for the ambiguous word. 

• Calculate word-sense probability distributions for all such collocations. 

• Calculate the log-likelihood ratio 

   Abs (Log (P(SenseA | Collocationi) / P(SenseB | Collocationi))) 

• Higher log-likelihood is equal to more predictive evidence. 

• Collocations are ordered in a decision list, with most predictive collocations 

ranked highest. 

Well known decision tree learning algorithms include ID3 and C4.5.In Senseval-1, a 

modified decision list (which supported some conditional branching) was most accurate 

for English Lexical Sample task. 

 

3.2.1.3 Exemplar Based WSD (K-NN) 

It is a word-specific classifier. This algorithm will not work for unknown words which do 

not appear in the corpus. It uses a diverse set of features (including morphological and 

noun-subject-verb pairs). The algorithm for it, can be stated as - 

An exemplar based classifier is constructed for each word to be disambiguated. 

Step 1: From each sense marked sentence containing the ambiguous word, a training 

example is constructed using: 

• POS of w as well as POS of neighboring words. 

• Local collocations 

• Co-occurrence vector 

• Morphological features 

• Subject-verb syntactic dependencies 

Step 2: Given a test sentence containing the ambiguous word, a test example is similarly 

constructed. 

Step 3: The test example is then compared to all training examples and the k-closest 

training examples are selected. 
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Step 4: The sense which is most prevalent amongst these ‘k’ examples is then selected as 

the correct sense. 

 

3.2.1.4 WSD Using Support Vector Machines 

It is a word-sense specific classifier. It gives the highest improvement over the baseline 

accuracy. It uses a diverse set of features. SVM is a binary classifier which finds a hyper 

plane with the largest margin that separates training examples into 2 classes. As SVMs 

are binary classifiers, a separate classifier is built for each sense of the word  

Training Phase: Using a tagged corpus, f or every sense of the word a SVM is trained 

using the following features: 

• POS of w as well as POS of neighboring words. 

• Local collocations 

• Co-occurrence vector 

• Features based on syntactic relations (e.g. headword, POS of headword, voice of 

head word etc.) 

Testing Phase: Given a test sentence, a test example is constructed using the above 

features and fed as input to each binary classifier. 

The correct sense is selected based on the label returned by each classifier. 

 

3.2.1.5  WSD Using Perceptron trained HMM  

It is significant in lieu of the fact that a fine distinction between the various senses of a 

word is not needed in tasks like Machine Translation. A broad coverage classifier as the 

same knowledge sources can be used for all words belonging to super sense. Even though 

the polysemy was reduced significantly there was not a comparable significant 

improvement in the performance. In this methodology, WSD is treated as a sequence 

labeling task. The class space is reduced by using WordNet’s super senses instead of 

actual senses. A discriminative Hidden Markov Model is trained using the following 

features: 

• POS of w as well as POS of neighboring words. 

• Local collocations 

• Shape of the word and neighboring words 
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        e.g. for s = “Merrill Lynch & Co shape(s) =Xx*Xx*&Xx 

This method lends itself well to Named Entity Recognition (NER) as labels like ‘person’, 

‘location’, ‘time’ etc. are included in the super sense tag set. 

 

3.2.2 Comparison of Supervised Approaches 

The comparison of all the supervised explained above are as follows- 

Approach Average 

Precision 

Average 

Recall 

Corpus Average 

Baseline 

Accuracy 

Naïve Bayes 64.13% Not Reported Senseval-3 All 

Words Task 

60.9% 

Exemplar 

Based (k-NN) 

68.6% Not Reported WSJ6 containing 

191 content words 

63.7% 

Decision Lists 96% Not applicable Tested on a set of 12 

highly polysemous 

English words 

63.9% 

SVM 72.4% 72.4% Senseval 3 – Lexical 

sample Task (Used 

for disambiguation 

of 57 words) 

55.2% 

Perceptron 

trained HMM 

67.6% 73.74% Senseval 3 – All 

Words Task 

60.9% 

Table 3.2: Comparison of Supervised approaches [12] 

 

3.2.3 Semi-Supervised Algorithms 

These work at par with its supervised version even though it needs significantly fewer 

amounts of tagged data. It has all the advantages and disadvantaged of its supervised 

version.This learning algorithm has the characteristics of learning sense classifiers from 

annotated data, with minimal human supervision. For example [6] 

1. Automatically bootstrap a corpus starting with a few human annotated examples 
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2. Use monosemous relatives / dictionary definitions to automatically construct sense 

tagged data 

3. Rely on Web-users + active learning for corpus annotation 

 

In this way, it expands applicability of supervised WSD. The algorithms that this 

approaches use come under the category of bootstrapping approaches. The basic 

ingredients of this bootstrapping approach is – 

• Some labelled data 

• Large amounts of unlabelled data 

• One or more basic classifiers 

The output by this approach is a new classifier that improves over the basic classifiers. 

 

This is based on Yarowsky’s supervised Bootstrapping algorithm that uses Decision 

Lists. The Yarowsky’s approach relies on two heuristics and a decision list  

• One sense per collocation : 

o Nearby words provide strong and consistent clues as to the sense of a target 

word  

• One sense per discourse :  

o The sense of a target word is highly consistent within a single document 

The learning algorithm in it uses a decision list to classify instances of target word. The 

classification is based on the highest ranking rule that matches the target context. 

 

The algorithm for it is as follows- 

Step1: Train the Decision List algorithm using a small amount of seed data. 

Step2: Classify the entire sample set using the trained classifier. 

Step3: Create new seed data by adding those members which are tagged as Sense-A or 

Sense-B with high probability. 

Step4: Retrain the classifier using the increased seed data. 

• Exploits “One sense per discourse” property 

• Identify words that are tagged with low confidence and label them with the sense 

which is dominant for that document 



 29

e.g. ‘the loss of animal and plant species through extinction’ 

LogL  Collocation  Sense 

9.31  flower (within +/- k words)  A (living) 

9.24  job (within +/- k words) B (factory) 

9.03 fruit (within +/- k words) A (living) 

9.02  plant species A (living) 

Table 3.3: An Example of Semi-supervised Algorithm: Here last row is appropriated in 

word sense 

 

Its process can be summarized as in the way of - initialization, progress and convergence. 

In this initialization phase, all occurrences of the target word are identified and a small 

training set of seed data is tagged with word sense. In the progress phase, the seed set 

grows and the residual set shrinks, as in the upper half it shows different circled data of 

life, cell, species and microscopic type and slowly it is expanding. In the convergence 

phase, the convergence stops when residual step stabilizes. 

 

3.2.4 Comparison of Semi- Supervised Approaches 

The comparison of all these approaches is as follows- 

Approach Average 

Precision 

Corpus Average Baseline 

Accuracy 

Supervised 

Decision Lists 

96.1% Tested on a set of 12 highly 

polysemous English words  

63.9% 

Semi-Supervised 

Decision Lists 

96.1% Tested on a set of 12 highly 

polysemous English words 

63.9% 

Table 3.4: Comparison of Semi-Supervised approaches 

 

3.2.5 Unsupervised Algorithms 

Unsupervised learning identifies patterns in a large sample of data, without the benefit of 

any manually labeled examples or external knowledge sources. These patterns are used to 

divide the data into clusters, where each member of a cluster has more in common with 

the other members of its own cluster than any other. If one may remove manual labels 
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from supervised data and cluster, one may not discover the same classes as in supervised 

learning. In this way, Supervised Classification identifies features that trigger a sense tag 

and Unsupervised Clustering finds similarity between contexts.  

If Sense tagged text is available, it can be used for evaluation. But these sense tags aren’t 

used for clustering or feature selection. Now, assume that sense tags represent ‘true’ 

clusters, and then compare these to discover clusters in such a way that find mapping of 

clusters to senses that attains maximum accuracy. The pseudo words are especially 

useful, since it is hard to find data that is discriminated. So, pick two words or names 

from a corpus, and conflate them into one name. Then see how well we can discriminate. 

The baseline Algorithm is that, that group all instances into one cluster; this will reach 

‘accuracy’ equal to majority classifier. 

 

3.2.5.1 Major Algorithms 

The major algorithms under this category are-  

• Lin’s Algorithm  

It is a general purpose broad coverage approach. It can even work for words which do not 

appear in the corpus. 

• Hyperlex 

In it, instead of using ‘dictionary defined senses’, we extract the ‘senses from the corpus’ 

itself. These ‘corpus senses’ or ‘uses’ corresponds to clusters of similar contexts for a 

word. It is a word-specific classifier. The algorithm would fail to distinguish between 

finer senses of a word (e.g. the medicinal and narcotic senses of ‘drug’). 

• Yarowsky’s Algorithm 

It is a broad coverage classifier. It can be used for words which do not appear in the 

corpus but it was not tested on an ‘all word corpus’. 

• WSD using Parallel Corpora 

By this algorithm we can distinguish even between finer senses of a word because even 

finer senses of a word get translated as distinct words. It needs a word aligned parallel 

corpora which is difficult to get but in it, an exceptionally large number of parameters 

need to be trained. 
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3.2.5.2 Drawbacks of Unsupervised Algorithms 

The problems with this approach are as follows- 

1. The unsupervised methods may not discover clusters equivalent to the classes learned 

in supervised learning. 

2. The evaluation which is based on assuming that sense tags represent the ‘true’ cluster 

is likely a bit harsh. The alternatives are as- 

• Humans could look at the members of each cluster and determine the nature of the 

relationship or meaning that they all share  

• Use the contents of the cluster to generate a descriptive label that could be 

inspected by a human 

3. The first order feature sets may be problematic with smaller amounts of data since 

these features must occur exactly in the test instances in order to be ‘matched’. 

 

3.2.5.3    Comparison of Unsupervised Approaches 

The comparison of unsupervised approaches are as follows- 

Approach Precision Average 

Recall 

Corpus Baseline 

Lin’s 

Algorithm 

68.5%. The result was 

considered to be perfect 

if the similarity between 

the predicted sense and 

the actual sense was 

greater than 0.27 

Not 

reported 

Trained using WSJ 

corpus containing 25 

million words. Tested 

on 7 SemCor files 

containing 2832 

polysemous nouns 

64.2% 

Hyperlex 97% 82% Tagged on a set of 10 

highly polysemous 

French words 

73% 

WSD using 

Roget’s 

Thesaurus 

92% (average degree of 

polysemy was 3) 

Not 

reported  

Tested on a set of 12 

highly polysemous 

English words 

Not 

reported 

Table 3.5: Comparison of Unsupervised approaches 
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3.3 Hybrid Approaches 

These combine information obtained from multiple knowledge sources and it uses a very 

small amount of tagged data. The major algorithms regarding these approaches are 

explained in following sections- 

3.3.1 An Iterative Approach to WSD 

The main points regarding this approach is as follows -  

• Uses semantic relations (synonymy and hypernymy) form WordNet. 

• Extracts collocational and contextual information form WordNet (gloss) and a 

small amount of tagged data. 

• Monosemic words in the context serve as a seed set of disambiguated words. 

• In each iteration, new words are disambiguated based on their semantic distance 

from already disambiguated words. 

• It also exploits other semantic relations available in WordNet. 

 

3.3.2 SenseLearner 

It uses some tagged data to build a semantic language model for words seen in the 

training corpus. It uses WordNet to derive semantic generalizations for words which are 

not observed in the corpus. The semantic language model used is as - 

• For each POS tag, using the corpus, a training set is constructed. 

• Each training example is represented as a feature vector and a class label which is 

word sense 

• In the testing phase, for each test sentence, a similar feature vector is constructed. 

• The trained classifier is used to predict the word and the sense. 

• If the predicted word is same as the observed word then the predicted sense is 

selected as the correct sense. 

• It improves Lin’s algorithms by using semantic dependencies from WordNet e.g. 

if ‘drink water’ is observed in the corpus then using the hypernymy tree we can 

derive the syntactic dependency ‘take-in liquid’. ‘take-in liquid’ can then be used 

to disambiguate an instance of the word tea as in ‘take tea’, by using the 

hypernymy-hyponymy relations. 
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3.3.3 Structural Semantic Interconnections (SSI) 

• It is an iterative approach. 

• It uses the following relations - 

       1.  Hypernymy (car is a kind of vehicle) denoted by (kind-of) 

       2.  Hyponymy (the inverse of hypernymy) denoted by (has-kind) 

       3.  Meronymy (room has-part wall) denoted by (has-part) 

       4.  Holonymy (the inverse of meronymy) denoted by (part-of) 

       5.  Pertainymy (dental pertains-to tooth) denoted by (pert) 

       6.  Attribute (dry value-of wetness) denoted by (attr) 

       7.  Similarity (beautiful similar-to pretty) denoted by (sim) 

       8.  Gloss denoted by (gloss) 

       9.  Context denoted by (context) 

       10. Domain denoted by (dl) 

• Monosemic words serve as the seed set for disambiguation. 

3.3.4 Comparison of Hybrid Approaches 

The comparison of all the above approaches is as follows- 

Approach Precision Average Recall Corpus Baseline 

Iterative 

approach 

92.2% 55% Trained using 179 

texts from SemCor. 

Tested using 52 texts 

created from 6 

SemCor files 

Not reported 

SenseLearner 64.6% 64.6% SenseEval-3 All                       

Words Task 

60.9% 

SSI 68.5% 68.4% SenseEval-3 Gloss     

Disambiguation 

Task 

Not 

Reported 

Table 3.6: Comparison of Hybrid approaches 
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Chapter 4                                                         Problem Statement 

In the field of computational linguistics, some results have already been obtained 

however, a number of important research problems have not been solved yet. Some of 

these problems are as follows- 

 

4.1 Ambiguity 

Ambiguity is one of these problems which have been a great challenge for computational 

linguistics. In general, people are unaware of the ambiguities in the language they use 

because they are very good at resolving them using context and their knowledge of the 

world. But computer systems don’t have this knowledge, and consequently don’t do a 

good job of making use of the context. [28] 

 

Something is ambiguous when it can be understood in two or more possible ways or 

when it has more than one meaning. Lexical semantics ambiguity occurs when a single 

word is associated with multiple senses. In this thesis, we will focus on developing a tool 

used to resolve semantic ambiguity. Examples of lexical ambiguity are everywhere. In 

fact, almost any word has more than one meaning. For example, consider the word 

‘�E*�E*�E*�E*’.It can refer to following 4 meanings- 

1. (��(��(��(�� 	�	�	�	� ������������ 	�	�	�	��F�F�F�F .... 

Here ‘�E*�E*�E*�E*’ means origin of world. 

2.   5	5	5	5	 �09$�09$�09$�09$ =(��;=(��;=(��;=(��; >���>���>���>���-�9�����9�����9�����9���� +��)+��)+��)+��) +-+-+-+-, ि8����ि8����ि8����ि8���� �)#���)#���)#���)#�� +���+���+���+��� +-+-+-+- H�H�H�H� =(�+;=(�+;=(�+;=(�+;  H�H�H�H� <)<)<)<) 

������������ I0I0I0I0 �;�;�;�; �*J�!��*J�!��*J�!��*J�!� �+%9�+%9�+%9�+%9 �	���	���	���	�� (�(�(�(� �	���	���	���	�� .... 

   Here ‘�E*�E*�E*�E*’ means chemical element. 

3.  09��E*�09��E*�09��E*�09��E*� �;�;�;�; �������� 	�3	�3	�3	�3 5	5	5	5	 .... 

Here ‘�E*�E*�E*�E*’ means the one of the fundamental elements of universe according to 

Sanatan Dharma. 

4.  �	�)�	�)�	�)�	�) 0��7
0��7
0��7
0��7
 ������������ 	�	�	�	� *�ः��*	*�ः��*	*�ः��*	*�ः��*	 �������� ��K���K���K���K� <��<��<��<�� �������� ��F��F��F��F .... 



 35

Here ‘�E*�E*�E*�E*’ meaning summary. 

For various applications, such as information retrieval or machine translation, it is 

important to be able to distinguish between the different senses of a word. In a machine 

translation application, different senses of a word may be represented with different 

words in the target language. In order to correctly translate a text in one language to 

another, firstly we have to know the senses of the words and then find the best translation 

equivalent in the target language. 

The key concern in machine translation, whose purpose is to convert documents from one 

language to another, is the language divergence problem. This problem arises from the 

fact that languages make different lexical and syntactic choices from expressing an idea 

[29]. Language divergence needs to be tackled not only for translating between language 

pairs from distant families (e.g. English and Hindi) but also for pairs which are close 

siblings (e.g. Marathi, Punjabi, Hindi, and Gujarati). The solution to language divergence 

problem lies in building and using knowledge networks like WordNets. In this thesis, we 

present an approach on how to solve word sense disambiguation problem using the Hindi 

WordNet and we are using Hindi WordNet as resource to solve the ambiguity. 

 

The language divergence problem arise when a particular word in a language has 

multiple senses and so can be translated to more than one word in the target language. 

This type of problem is called the ambiguity problem.  

For example, the word ‘,�,�,�,�’ in Hindi language has different meanings like planet [म+म+म+म+, 

,�,�,�,�], stars [����������������, #�����#�����#�����#�����, ���	����	����	����	�, ���	���	���	���	, ����)����)����)����), ,�,�,�,�, MCMCMCMC], arrow for bow [1���1���1���1��� ������������ 	�	�	�	� 

������������ *+*+*+*+ 0���0���0���0��� �N���N���N���N�� +#7���+#7���+#7���+#7��� (�(�(�(� 1��O1��O1��O1��O P���P���P���P��� �������������������� (���(���(���(��� +-+-+-+-] and bird [09,09,09,09, H�H�H�H� ���*������*������*������*��� 

�P0��P0��P0��P0� =(�	/=(�	/=(�	/=(�	/ 6E0�Q6E0�Q6E0�Q6E0�Q >9$�>9$�>9$�>9$� �������� +��)+��)+��)+��) +-+-+-+- H�H�H�H� (�(�(�(� #�����0)#�����0)#�����0)#�����0) +���+���+���+��� +-+-+-+-] are the meanings when 

translated to English language. So for machine translation of such a word to English 

language, it’ll require resolving this ambiguity that which sense of the word is referred to 

in the particular context. We address the formulation of the WordNet for the WSD task. 

If we know the correct semantic meaning of each word in the source language, we could 

more accurately determine the appropriate words in the target language. 
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Chapter 5                                                    Design of the Problem  

WordNet is like a dictionary in that it stores words and meanings. However, it differs 

from traditional ones in many ways. For instance, words in WordNet are arranged 

semantically instead of alphabetically. 

 

5.1 Hindi WordNet 

The idea of Hindi WordNet is inspired by the English WordNet that was created and 

being maintained at the Cognitive Science Laboratory of Princeton University under the 

direction of psychology professor George A. Miller [30]. Its development began in 1985. 

English WordNet is organized by semantic relations. Since a semantic relation is a 

relation between meanings, and since meanings can be represented by synsets, it is 

natural to think of semantic relations as pointers between synsets. 

 

Unlike most dictionaries, WordNet contains only open-class words (nouns, verbs, 

adjectives, and adverbs). WordNet doesn’t contain closed class words such as pronouns, 

conjunctions and prepositions. WordNet are organized semantically (as parts-of-speech). 

The central object in WordNet is a synset, a set of synonyms. The Hindi WordNet is 

being used in this thesis. This was produced by the researchers in the centre for Indian 

Language Technology (CFILT), IIT-B, directed by Prof. Pushpak Bhattacharya. [27] The 

famous English WordNet inspires its design. It organizes the lexical information in terms 

of word meanings and can be termed as lexicon based on psycholinguistic principles. 

As shown in Figure, the interface of Hindi WordNet contains a keypad that is used to 

type the Hindi word to be search in textbox. 
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Figure 5.1 Hindi WordNet Interface [27] 

 

5.2 Constituents of Information Provided by the WordNet 

WordNet groups sets of synonymous word senses into synonyms sets or synsets. A word 

sense is a particular meaning of a word. For example, the word ‘������������’ has 8 meanings as 

noun and 4 as adjective. As a noun, it can refer to following meanings- 

1. *�ः0#���*�ः0#���*�ः0#���*�ः0#��� ������������ 	�	�	�	� (�)�(�)�(�)�(�)� 	�	�	�	�  >9��>9��>9��>9�� �+��*����+��*����+��*����+��*��� *+*+*+*+ <��<��<��<�� =(�	�=(�	�=(�	�=(�	�  P���P���P���P��� 6�+;6�+;6�+;6�+;  (�(�(�(� H�H�H�H� �+���+���+���+�� 

#����#����#����#���� +-+-+-+- 

2. *+*+*+*+ =(�	�=(�	�=(�	�=(�	�  ू<�*ू<�*ू<�*ू<�* �������� �������� B�ः*I0B�ः*I0B�ः*I0B�ः*I0 	�	�	�	�3333 	��	��	��	�� +�+�+�+� 

3. �	���	���	���	�� ������������ �������������������� 	�	�	�	�  ������������ 6�	�6�	�6�	�6�	� *+*+*+*+ ������������ <��<��<��<�� (�(�(�(� �%*����%*����%*����%*��� 	/	/	/	/ S���S���S���S��� 	�	�	�	�  #�5#�5#�5#�5 &�)�&�)�&�)�&�)� 

,��	�,��	�,��	�,��	� H�H�H�H� 6��;6��;6��;6��; �������� �%*����%*����%*����%*��� 	/	/	/	/ (�T�3(�T�3(�T�3(�T�3 ��9<��9<��9<��9< 	�	�	�	�	�	�	�	�  �������������������� (���(���(���(��� +-+-+-+- 

4. *+*+*+*+ 	��	��	��	�� (�(�(�(� �9ि���9ि���9ि���9ि�� ������������ �Cऽ�Cऽ�Cऽ�Cऽ �;�;�;�; +���+���+���+��� +-+-+-+- 

5. *+*+*+*+ >��>��>��>�� 1�1�1�1� (�(�(�(� �	�)�	�)�	�)�	�) 	�	�	�	�  0��0��0��0�� +�+�+�+� �������� ��<��<��<��< ������������ 	�	�	�	�  #�5#�5#�5#�5 8��0��8��0��8��0��8��0�� �;�;�;�; �������������������� (�5(�5(�5(�5 

6. �Q��Q��Q��Q�3�3�3�3� �Cऽ��Cऽ��Cऽ��Cऽ� �;�;�;�; �������� 6��)�*�26��)�*�26��)�*�26��)�*�2 �Cऽ�Cऽ�Cऽ�Cऽ  
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7. �	�)�	�)�	�)�	�) *ः��*ः��*ः��*ः�� �������� 	��
	��
	��
	��
 	�	�	�	� ��9#<	��9#<	��9#<	��9#<	 <��<��<��<�� 

8. ���<�����<�����<�����<�� #�V���#�V���#�V���#�V���, ू7�ू7�ू7�ू7� ������������ 

As an adjective it can refer to following meanings – 

1. (�(�(�(� �	�)�	�)�	�)�	�) 	�	�	�	� >��*��>��*��>��*��>��*��, �	��	��	��	� �������� �1���1���1���1�� 0�0�0�0� ���� +�+�+�+�,�=W	�=W	�=W	�=W	 >0�)>0�)>0�)>0�) 6X�*��6X�*��6X�*��6X�*�� �������� #�	��#�	��#�	��#�	�� +�+�+�+�  

2. �	�)�	�)�	�)�	�) *ः��*ः��*ः��*ः�� 	�	�	�	�  ������������ �������� �E*�E*�E*�E* �������� �9�91�9�91�9�91�9�91 �,��*����,��*����,��*����,��*���;  

3. (�(�(�(� �*ँ�	�*ँ�	�*ँ�	�*ँ�	 +�+�+�+�;  

4. (�(�(�(� *+%9*+%9*+%9*+%9 6E0��6E0��6E0��6E0�� �������� 0-��0-��0-��0-�� +��+��+��+�� +�+�+�+� (+�2(+�2(+�2(+�2 0���0���0���0��� (���(���(���(��� +�+�+�+� . 

The synset for the word ‘������������’ in the first set as noun as-{(T(T(T(T, ������������, ������������}. The synset is the 

basic organizational unit in WordNet. If a word has more than one sense, it will appear in 

more than one synset. Synsets are organized in a hierarchy via super-class/sub-class 

relationship (referred to as hypernymy/hyponymy).  

Each synset has a gloss (definition) associated with it. The gloss for the synset {(T(T(T(T, ������������, 

������������} is ‘*�ः0#�*�ः0#�*�ः0#�*�ः0#��������� ������������ 	�	�	�	� (�)�(�)�(�)�(�)� 	�	�	�	�  >9��>9��>9��>9�� �+��*����+��*����+��*����+��*��� *+*+*+*+ <��<��<��<�� =(�	�=(�	�=(�	�=(�	�  P���P���P���P��� 6�+;6�+;6�+;6�+;  (�(�(�(� H�H�H�H� 

�+���+���+���+�� #����#����#����#���� +-+-+-+-’. The synsets also have an example in addition to the gloss e.g. for the 

above synset the example is ‘���*Z����*Z����*Z����*Z� �;�;�;�; �+���+���+���+�� ू	��ू	��ू	��ू	�� 	/	/	/	/ (T�(T�(T�(T� 	�	�	�	� ू���ू���ू���ू��� +���+���+���+��� +-+-+-+-’.  

Each entry in the Hindi WordNet consists of synset, gloss and ontology. An ontology is a 

hierarchical organization of concepts, more specifically, a categorization of entities and 

actions. For each syntactic category namely noun, verb, adjective and adverb, a separate 

ontological hierarchy is present. Each synset is mapped into some place in the ontology. 

A synset may have multiple parents.  

 

Each word may have one or more senses and these are classified as- 

• Homonyms – Two senses of a word are said to be homonyms when they mean 

entirely different things but have the same spelling e.g. the two senses of the word 

‘������������’ are ‘(T(T(T(T’ and ‘����Cऽ����Cऽ����Cऽ����Cऽ’ , are homonyms because they aren’t related to each 

other. 
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• Monosemous- Words with only one sense are said to be monosemous e.g. ‘���1����1����1����1�’ 

has only one sense as ‘0�2()0�2()0�2()0�2()’ so it appears in only one synset. 

• Polysemous – They are the words with multiple senses. In WordNet, each word 

occurs in as many synsets as it has senses e.g. the word ‘������������’ occurs in 8 synsets as 

nouns and 4 synsets as adjectives. 

• Compound Words – Besides single words, WordNet contains some compound 

words. But they are treated as single words in all respects e.g. WordNet has two word 

compounds like ‘�����)0�������)0�������)0�������)0�� "+�"+�"+�"+�’ and 3 word compounds like ‘�*������*������*������*����� ���(*��%���(*��%���(*��%���(*��% 

�F��[��F��[��F��[��F��[�’. 

 

5.3 Parts-of-Speech in WordNet 

WordNet stores information about words that belong to four parts-of-speech: nouns, 

verbs, adjectives and adverbs. These are arranged in their respective synsets. Prepositions 

and conjunctions don’t belong to any synset. 

5.3.1 Nouns in WordNet  

Noun words have various relations defined in WordNet for the noun part of speech. 

These relations are as follows- 

• Hypernymy and Hyponymy: These are two most common relations for nouns. 

These are semantic relationships that connect two synsets if the entity referred to by 

one is a kind of or is a specific example of the entity referred to by other .Specifically, 

if synset A is a kind of B synset, then B is a hyponym of A, and A is the hypernym of 

B e.g. { (T(T(T(T, ������������, ������������} is the hypernym of { 0�T0�T0�T0�T, *\*\*\*\CCCC, 0��00��00��00��0, ि��ि��ि��ि��, �]�]�]�], �]*��]*��]*��]*�, �*!0�*!0�*!0�*!0, ]C]C]C]C, 

I,I,I,I,, �*!0)�*!0)�*!0)�*!0), I2 ,I2 ,I2 ,I2 ,, >#य0>#य0>#य0>#य0, >�>�>�>�, >��	+>��	+>��	+>��	+, ��,)��,)��,)��,), ��=,��=,��=,��=, }. The number of hypernym links 

is equal to the number of hyponym links since for every hypernym links there is a 

corresponding hyponym link. 

• Meronymy and Holonymy: These are also semantic relationships that connect two 

synsets if the entity referred to by the other. Specifically, synset B is a hypernym of A 

synset, if A is a part of B. Conversely, B is a holonym of A if A has B as a part. 



 40

Holonyms can be of three types: Member-Of, Substance-Of and Part-Of. Conversely 

there are three types of Meronyms: Has-Member, Has-Substance and Has-Part e.g. 

‘#��#��#��#��’ is a part of ‘"�%�"�%�"�%�"�%�’. The synset {(�(�(�(�, ������������, ��	��	��	��	} is the holonym of {(����(����(����(����, 

(���(���(���(���, ���
���
���
���
} while {8��_8��_8��_8��_, ����������������, ���)���)���)���), "उ�"उ�"उ�"उ�, "K�"K�"K�"K�, (�(�(�(�, �9���9���9���9��, ����������������} is its 

meronym. 

• Antonymy and Attribute: Antonymy is a lexical relationship that links together two 

noun words that are opposites of each other. Thus the noun ‘��,��,��,��,’ is the antonym of 

the noun ‘��,��,��,��,’. Since antonymy is a lexical relationship; it is defined between the 

words and not between the synsets in which those words occur. Thus, although the 

words {��,��,��,��,, �-��-��-��-�, ����������������, a�"+��)a�"+��)a�"+��)a�"+��), ,�"+��),�"+��),�"+��),�"+��), ,�"��,�"��,�"��,�"��} share a synset with ‘��,��,��,��,’, they 

aren’t related to ‘��,��,��,��,’ through the antonymy relation. The attribute relation is a 

semantic relation that links together a noun synset with an attribute synset when A is a 

value of B. 

• Attribute: This denotes the properties of noun. It is a linkage between noun and an 

adjective. This is a semantic relation. For instance, for word sense [0C)0C)0C)0C), #��T��#��T��#��T��#��T��, 09bc09bc09bc09bc, 

,�,�,�,�, 0
�9��0
�9��0
�9��0
�9��, �*+9��*+9��*+9��*+9�, �*+9���*+9���*+9���*+9��, 0,�I0,�I0,�I0,�I, �*+��*+��*+��*+�, 0F
*)0F
*)0F
*)0F
*), ��*�����*�����*�����*���] of word ‘,�,�,�,�’, the attribute 

exists as [09,���09,���09,���09,���, 0�2,���0�2,���0�2,���0�2,���, 09,��_09,��_09,��_09,��_]]]]. 

• Ability verb: This link specifies the inherited features of a nominal concept. This is a 

semantic relation. This is a relation between noun and the verb e.g. for noun ‘,�,�,�,�’, 

the ability verb exists as [6T��6T��6T��6T��, 6T��6T��6T��6T�� <���<���<���<���] 

• Function Verb: This shows a linkage between nominal and verbal concept. This link 

specifies the function of a nominal concept. This is a semantic relation e.g. for the 

word sense [>?��0	>?��0	>?��0	>?��0	, #"C	#"C	#"C	#"C	, ����
����
����
����
, ��]��]��]��], ��ः!���ः!���ः!���ः!�] of the word ‘��]��]��]��]’ the function verb 

exists as [[[[��,�����,�����,�����,���]]]]    which has meaning [	� b f�� 	���	� b f�� 	���	� b f�� 	���	� b f�� 	���, 	+�� ��� =(��� �	�) 	+�� ��� =(��� �	�) 	+�� ��� =(��� �	�) 	+�� ��� =(��� �	�) 

	� 	�3 ��
 ः7�� �+� +�	� 	�3 ��
 ः7�� �+� +�	� 	�3 ��
 ः7�� �+� +�	� 	�3 ��
 ः7�� �+� +�]. 
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5.3.2 Verbs in WordNet 

Verb words have various relations defined in WordNet for the verb parts-of-speech. 

These relations are as follows- 

• Hypernymy and Troponymy: These are semantic relations and are analogous to the 

noun hypernymy and hyponymy respectively. Synset A is the hypernym of B, if B is 

one way to A; A is then the troponym of B. Thus the verb synset {,���,���,���,���, ()���()���()���()���, <�(�<�(�<�(�<�(� 

	���	���	���	���} is the troponym of {��*���*���*���*� 				������������, ����������������, 60<��60<��60<��60<�� 	���	���	���	���}. These two relationships 

form the lion’s share defined for verbs in WordNet. 

• Antonymy: Like nouns, verbs are also related through the relationship of antonymy 

that links two verbs that are opposite to each other in the meaning. Thus the word 

‘(���(���(���(���’ is the antonym of the verb ‘������������’. This is a lexical relationship and doesn’t 

belong to the other words in the synsets that both belong to. 

• Entailment and Cause: Other relations defined for verbs include those of entailment 

and cause, both of which are semantic relations. A synset A is related to synset B 

through the entailment relationship if A entails doing B. Thus the verb synset {��!����!����!����!��, 

,���,���,���,���} has an entailment relationship with the [��������������������, 	+��	+��	+��	+��, 6�����6�����6�����6�����, 6������6������6������6������, 

6����F6����F6����F6����F 	���	���	���	���]. A synset is related to synset B by the cause relationship, if A causes B 

[26] e.g. for the word ‘��,�����,�����,�����,���’ with meaning as [�	�) 	�  J�* ��� 	� f�� b� �� �	�) 	�  J�* ��� 	� f�� b� �� �	�) 	�  J�* ��� 	� f�� b� �� �	�) 	�  J�* ��� 	� f�� b� �� 

�	 *+ ��
 �	 *+ ��
 �	 *+ ��
 �	 *+ ��
    	��� ���	��� ���	��� ���	��� ���], the entailment relationship exists as [b� ��b� ��b� ��b� ��, ः0"
 	���ः0"
 	���ः0"
 	���ः0"
 	���, 

0����0����0����0����]]]]. 

 

5.3.3 Adjectives and Adverbs in WordNet 

The various relations concerning them are- 

• Similar-to: It is defined for Adjectives. This is a semantic relationship that links two 

adjective synsets that are similar in meaning but not close enough to be put together 
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in the same synset e.g. the similar to relation of ‘+�#"���+�#"���+�#"���+�#"���’ with another word-forms is 

[(��I	(��I	(��I	(��I	, �-����-����-����-���] 

• Also-see: This relation is common to both adjective and adverb. All links of this type 

of adjective are semantic in nature but they aren’t lexical relations e.g. for word 

‘+�#"���+�#"���+�#"���+�#"���’ the also Also-see relation exists for [���V���V���V���V, >g�>g�>g�>g�, ूh�ूh�ूh�ूh�, �**�	�**�	�**�	�**�	, 1)1)1)1), 1)1)1)1) "�_"�_"�_"�_, 

�#��#��#��#�, ��)O���)O���)O���)O�, ��1���1���1���1�, ����i����i����i����i, ��������������������, �=ः�ं	�=ः�ं	�=ः�ं	�=ः�ं	, ��A��A��A��A, ��A��A��A��A, >k�>k�>k�>k�, >ई�>ई�>ई�>ई�, >	�>	�>	�>	�, ��A��A��A��A, 

=(+�=(+�=(+�=(+�, =&+�=&+�=&+�=&+�, (�+�(�+�(�+�(�+�, &�+�&�+�&�+�&�+�, �9h��9h��9h��9h�, ��)�O	���)�O	���)�O	���)�O	�, 6mम+F6mम+F6mम+F6mम+F, >#<���V>#<���V>#<���V>#<���V] 

• Modifies Noun: This shows a linkage between nominal and adjectival concepts. It 

shows certain adjectives can only modify certain nouns. Such adjectives and nouns 

are linked in the Hindi WordNet by the relation Modifies Noun e.g. for ‘+�#"���+�#"���+�#"���+�#"���’ it 

exists as [8��_8��_8��_8��_, ����������������, ���)���)���)���), "उ�"उ�"उ�"उ�, "K�"K�"K�"K�, (�(�(�(�, �9���9���9���9��, ����������������]. 

• Modifies Verb: This shows a linkage between adverbial and verbal concepts. It 

shows certain adverbs can only go with certain verbs. Modifies Verb is a relation to 

show connection between such words e.g. for word ‘>9��>9��>9��>9��’, the relation exists as [	��	��	��	�� 

	���	���	���	���, 	��
	��
	��
	��
 	���	���	���	���, 	���	���	���	���]. 

• Derived form: This relation specifies the root form from which a particular word is 

derived. This relation can go from noun to adjective or vice versa, noun to verb and 

adjective to verb and aims to handle derivational morphology. This is a lexical 

relation. This is also applicable to adverb e.g. for ‘>	� ��>	� ��>	� ��>	� ��’ the relation exists for [5	5	5	5	, 

�	�	�	�	] [26] 

 

5.4 Steps for Word Sense Disambiguation 

WSD involves the association of a given word in a text or discourse with a definition or 

meaning which is distinguishable from other meanings potentially attributable to that 

word. The task therefore necessarily involves two steps- 
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• The first step is to determine all the senses for every word i.e. to choose a sense 

inventory, e.g. knowledge networks like WordNet and get the different senses of the 

word from WordNet or similar resources. 

• The second step involves a means to assign the appropriate sense to each occurrence 

of a word in context. All disambiguation work involves matching the context of an 

instance of the word to be disambiguated either with information from external 

knowledge sources (like WordNet) or with contexts of previously disambiguated 

instances of the word. 

 

In this thesis, we discuss the approach which involves looking for overlap between the 

words that are related to the word to be disambiguated through the relations like 

Synonymy, Antonymy, Meronymy, Holonymy etc. as obtained from the WordNet and 

the words from the text surrounding the words to be disambiguated. The sense definition 

chosen is the one that has the largest number of words in common with the surrounding 

words. 

 

5.5 WSD algorithm 

The basic idea for WSD algorithm is based on Lesk algorithm as explained in Chapter 2. 

The database that has been used for solving the Hindi Word Sense Disambiguation 

problem is Hindi WordNet. The working is explained for the Hindi WordNet as follows- 

Step 1: The words surrounding the word to be disambiguated are collected and this forms 

the context bag in the given algorithm. These words include the nouns, verbs, adjectives 

and adverbs found in the sentence containing the word, the sentence previous to the 

sentence containing the word and the sentence following the sentence containing the 

word.  

Step 2: This step works in two parts as follows- 

 Step 2a: The information regarding the word or its each sense is collected from 

the WordNet i.e. the words from the various relations like Synonymy, Antonymy, 

Hypernymy, Meronym etc. occurring in these relations are collected. 

            Step 2b: This step try to do the overlap between the context and the semantic bag 

for    each sense of the word to be disambiguated is found.  
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Step 3:  The sense that has the maximum sense for the overlap is the winner case. 

 

 

Figure 5.2: Showing the basic idea behind Hindi WordNet 

 

Now we explain the formation of context bag as follows 

The context of the word to be disambiguated is collected from a window around it. In the 

present case the window is the- 

• Sentence in which the word occurs. 

• The previous sentence. 

• The following sentence. 

 

For example, consider the following paragraph of text- 

“[��#��*
h�� ूः��� ��� 	� (� 1850 3�*) ��% �� ��N< +�	� 2005 3�*) ��% �; 

���n +���- �9#1 	��, 0
�*�
� 	��, 	#���� 	�  >9� �7� ����� 	�  ��N< 	� 	�� 

����� ��� ��� +- . ��)#�5 �� ��� 	� ����9����9����9����9#1#1#1#1 	/ *��� 	+� ��� +- . 	� b ]��*��% 

0=o$�� 	�  >����� ��� ��� ��� �; ><) 3 ��, 24 +(�� *O
 	/ ���% +-, �	��� �+ ू#�0��� 

ॅ��	 +-, �+ *�ः��*	 	�� �F�� 	��� 0� 0�� ���� +- . +
�*9" 0���F 	�  <�*ं� 0*
 �� 
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��	� ौ)�X�*� �)�� 	� 6W��, 	� 0�� 0�[� ��]��* �� ���; �+ ू��=F� �	�� +- �	 

*�ः��*	 	�� �F�� 	�  >����� ����� 	� ��� � 0+�2�� .” 

 

In the above text, the word to be disambiguated (here ����9#1����9#1����9#1����9#1) is underlined. The words 

in the window will include the sentence in which the word occurs, the previous sentence 

and the following sentence. Hence the window will include the following text of the 

paragraph. 

 

“[��#��*
h�� ूः��� ��� 	� (� 1850 3�*) ��% �� ��N< +�	� 2005 3�*) ��% �; 

���n +���- �9#1 	��, 0
�*�
� 	��, 	#���� 	�  >9� �7� ����� 	�  ��N< 	� 	�� 

����� ��� ��� +- . ��)#�5 �� ��� 	� ����9#1����9#1����9#1����9#1 	/ *��� 	+� ��� +- . 	� b ]��*��% 

0=o$�� 	�  >����� ��� ��� ��� �; ><) 3 ��, 24 +(�� *O
 	/ ���% +-, �	��� �+ ू#�0��� 

ॅ��	 +-, �+ *�ः��*	 	�� �F�� 	��� 0� 0�� ���� +- .” 

 

This context provides what we call as context bag. Context Bag consists of the words 

occurring around the word to be disambiguated. Then, the semantic bag for the word to 

be disambiguated is constructed. The WordNet is mined with a view to find the semantic 

associations of the given word. A set of word is collected by traversing the WordNet 

graph. This set consists of the words that occur as Hypernyms, Hyponyms, Meronyms, 

Holonyms, and Synonyms etc. of the word that is to be disambiguated. This set is called 

Semantic Bag. 

 

5.6 Formation of Semantic Bag with the help of Hindi WordNet 

The semantic bag for the word ‘������������’ can be prepared as follows- 

Step 1: In this step, we will first search the word in Hindi WordNet which will give the 

output for the word ‘������������’ as 
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There are 6 senses of ‘������������’ as NOUN (�9h�): 

 

1. ������������, (��(��(��(��; 0���F������ 	�� 	�  �+ ��� 0
���F �� �*<�� �����,ऽ���,P�0� H� 

	#� �; �� ूE��	; "<�*�� ��� 	� (�� ऽ��� ��� �; +�� 7�" 

 

2. ������������, 	��	��	��	��, (��(��(��(��; �#�+�� 	� 	�3 f�� �T� 	����� =(��; 5	 +% ू	�� 	�  	��
, 

J!��'9 ��� 	/ ू��,�� +�; "<�_ ��� �+9�% ���+E� �; ः*F
 ��� 	�  ��� �� (��� 

(��� +-" 

 

3. (��(��(��(��, (��(��(��(��, (��u(��u(��u(��u, (��u�(��u�(��u�(��u�, ������������, (�T(�T(�T(�T, ���)���)���)���);  ��T%, +� ��� 	�  ��� 	/ *+ �	T% (� 

�-�� 	�  	9 1� 0� �+�) +-; "�-� (�� ��T 	� <�� ���" 

 

4. (�T%(�T%(�T%(�T%, (�T�(�T�(�T�(�T�, (�T(�T(�T(�T, (�!(�!(�!(�!, ��v���v���v���v�, ����������������, (���(���(���(���, ����������������, ������������, ������������; 5	 +% ��+ 	/ �� �)&;; 

"�+ 	���� 	/ (�T% >�bc +-" 

 

5. (�T%(�T%(�T%(�T%, (�T�(�T�(�T�(�T�, (�T(�T(�T(�T, (�!(�!(�!(�!, ��v���v���v���v�, ����������������, (���(���(���(���, ����������������, ������������, ������������, #�7��#�7��#�7��#�7��; �� H� ���� 	� 

��v�; "�+�#��� �� बx� 0C) 	�  (�T� �; �� 5	 	� ��� ����" 

 

6. (�T%(�T%(�T%(�T%, (�T�(�T�(�T�(�T�, (�T(�T(�T(�T, (�!(�!(�!(�!, ��v���v���v���v�, ����������������, (���(���(���(���, ����������������, ������������, ������������; �� 8��_, *ः�� ��� (� 

5	-����� 	�  �+���) �� �N�V +�; "6�	/ (�T% �T% >�bc ���) +-" 

These different word senses, their glosses and meanings can be saved into a text file. This 

also shows that it has two other links for hypernym and hyponym. 
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Figure 5.3: Different senses of word ‘������������’ 

Step 2: The hypernyms, hyponyms, meronyms etc. are searched corresponding to that 

specific word and saved into the text file in a similar way by going in the File menu and 

saving everything all the data in the text file and naming them correspspondinly 

according to their property like of above Hypernyms, Hyponyms etc., so that, these 

words can be used for the formation of semantic bag. 

e.g. for the word ‘������������’, the hypernyms are as- 



 48

 

Figure 5.4: Different Hypernyms for ‘������������’ 

 

5.7 Demonstration of algorithm with Hindi WordNet 

Consider the text written below in Hindi-  

“+�� 	�  ,�� �; 5�!�� ��ः!�
 	� =,��� ()��� *��� 6ब� � 	�  �*����	 �� 2.5-1.5 >9	� 	�  

��7 ()� �(
 	�	�  ��9� 	� �u*�9 =,��� ()��� �� ��	 ����. 0+�) ��()��()��()��() �� +% �*����	 

	/ ()� 	/ �)9* �, �% (��	 �� 6ब� �) म4$ ��ः!� �� 	��� ��+�� �� ,���� +�5 ��� ��� �). 

��9� �� >=��� ��() 	/ 38*)9 ��� �; �9<)� ���) 	/ =(�	�  ��� 6�+; ���9� +�� ����) 

0T%.” 

Context Bag 

Context Bag will contain the words as-  
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“+��,5�!��,��ः!�
,=,���,()���,6ब� �, �*����	, ,>9	�, ()�, �(
, 	�	� , ��9�, �u*�9, 

=,���, ()���, ��	,����,0+�),��()��()��()��() ,�*����	,�)9*,म4$ , ��ः!�,	��� ,��+��, ,����,>=��� 

,���,38*)9,���,�9<)�,���),6�+;,���9�,+��” 

 

Semantic Bag 

The semantic Bag is formed for each sense of the word ‘��()��()��()��()’ by collecting the data from 

the WordNet. The various senses of the word as shown by the WordNet are- 

Different senses of the word ‘��()��()��()��()’ are as follows- 

1. ��&)��&)��&)��&), ��()��()��()��():  ��� �� >9� �	 	�3 f�� 0��� ,�� =(��; +��-()� +� �� ��2* ��� 

+�; "ँ��� �� +����-+���� >9#�� ��� �; ��&) ()� �)" 

2. 0��%0��%0��%0��%, �9���9���9���9��, ��&)��&)��&)��&), ��()��()��()��(), ���%���%���%���%, ��2*��2*��2*��2*, ��9*��9*��9*��9*, �N���N���N���N��:  	�3 	��
 	��� �� ,�� ,���� 	� *+ 

>*�� (� �� =,���T�� 	� ���%-���% #���� +-; ">� ��� 	/ 0��% +-" 

3. "�
"�
"�
"�
, ��&)��&)��&)��&), ��()��()��()��(), ��2*��2*��2*��2*, +�T+�T+�T+�T, ��9*��9*��9*��9*:  �	�) �*O� 	�  uc	 +��� 	�  �9�91 �; S��� 0�*	
  

	� b 	+�� 	� *+ ू	�� =(��; �E� �� >�E� #�V +��� 0� +��-()� * 	� b ���-

��� <) +�; "��+�� "�
 ()� ���" 

4. ��()��()��()��(), ��&)��&)��&)��&):  (�5 �; (��
��� P��� ��2* 0� ����� +�� 	� � 1�; "��() ()���*��� 

(���% �+�� ू��� 7�"  

 

Hypernyms Sequences as taken from the WordNet 

The WordNet provides the different Hypernymy sequences possible for each sense of the 

word. These are as follows- 

Sense 1  

��&)��&)��&)��&), ��()��()��()��();  ��� �� >9� �	 	�3 f�� 0���� �� >9� �	 	�3 f�� 0���� �� >9� �	 	�3 f�� 0���� �� >9� �	 	�3 f�� 0��� ,�� =(��; +���� ,�� =(��; +���� ,�� =(��; +���� ,�� =(��; +��----()� +� �� ��2* ��� +�()� +� �� ��2* ��� +�()� +� �� ��2* ��� +�()� +� �� ��2* ��� +�; 

"ँ��� �� +����ँ��� �� +����ँ��� �� +����ँ��� �� +����----+���� >9#�� ��� �; ��&) ()� �)+���� >9#�� ��� �; ��&) ()� �)+���� >9#�� ��� �; ��&) ()� �)+���� >9#�� ��� �; ��&) ()� �)"""";  
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• [,��, ,��-	� �, ब/T�, =,�*�T, ,��*�T];  �� �+���� �� 8����� 	�  #�5 6b�-

	� �,��T-1�0 �� H� 	�3 ����9(	 	\ E�, ",�� �; +�� ()� +��) �+�) +-";  

• [�#��*#1, �ब�� 	��0, +�	�, 	��
 	��0];  �	�) 	/ ���-{�� �� 6�	�  P��� 

�	5 (��� *��� 	��: ��� 	� �9�-{9�, "�0	� >0�� 0�ऽ 	/ �#��*#1�� 0� ?��� 

�,�� ���+5" 

• [	��, 	��
, 	�
, 	��, 	��), 	\ E�];  *+ (� �	�� (�5, "*+ +��"� >�b� 	�� +% 

	��� +-" 

• [�ब��];  �	�) 	��
 	�  +��� �� �	5 (��� 	� <�*, "��1 �� �+% ���� 5	 

�����#�	 �ब�� +-" 

Sense 2  

0��%0��%0��%0��%, �9���9���9���9��, ��&)��&)��&)��&), ��()��()��()��(), ���%���%���%���%, ��2*��2*��2*��2*, ��9*��9*��9*��9*, �N���N���N���N��;  	�3 	��
 	��� �� ,�� ,���� 	� *+ 	�3 	��
 	��� �� ,�� ,���� 	� *+ 	�3 	��
 	��� �� ,�� ,���� 	� *+ 	�3 	��
 	��� �� ,�� ,���� 	� *+ 

>*�� (� �� =,���T�� 	� ���%>*�� (� �� =,���T�� 	� ���%>*�� (� �� =,���T�� 	� ���%>*�� (� �� =,���T�� 	� ���%----���% #���� +-���% #���� +-���% #���� +-���% #���� +-; ">� ��� 	/ 0��% +->� ��� 	/ 0��% +->� ��� 	/ 0��% +->� ��� 	/ 0��% +-"""";  

• [>*��, ��k�, ��	�, *_, ���, ��+��
, H��, 	��, JT%, ����, ����, *���, ���];  f�� 

��� �� 0
�=ः7#� =(��; 	�3 	��
 �� 6|�ँ� �+( �;, (W�% �� ���*1� �� +� 

�	� , "�� 	�� 	� 	��� 	� >*�� � ��� +-";  

• [���, 	��, *_, (����, &����, ���, *���, >��+�, >*��, >��
];  #��!�,J9!�,*O: 

��� �; ��0) (���*��) ���% �� �#� =(��� <��,*�
��� ��� 	� ��1 +��� +-, 

"��� �	�) 	� �9�(�� �+%9 	��� / �0 �	� &���� 	/ ��� 	� �+� +4 / 

��� 	- �� �)��� +-, 	� b 0�� +% �+%9 ����" 

• [��1, �9h��, h��, <��, �9h�, ��#1, >*��1];  *ः��'9 H� �*O�� 	/ *+ 0�F
 

(��	��% (� �� �� �**�	 	� +��) +-, "	���	� ���% �; �E�#�9�� 	��� ��� 

ः*��) �**�	��9� 	� �E� ��1 +��" 
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Sense 3  

"�
"�
"�
"�
, ��&)��&)��&)��&), ��()��()��()��(), ��2*��2*��2*��2*, +�T+�T+�T+�T, ��9*��9*��9*��9*;  �	�) �*O� 	�  uc	 +��� 	�  �9�91 �; S��� 0�*	
  	� b �	�) �*O� 	�  uc	 +��� 	�  �9�91 �; S��� 0�*	
  	� b �	�) �*O� 	�  uc	 +��� 	�  �9�91 �; S��� 0�*	
  	� b �	�) �*O� 	�  uc	 +��� 	�  �9�91 �; S��� 0�*	
  	� b 

	+�� 	� *+ ू	�� =(��; �E� �� >�E� #�	+�� 	� *+ ू	�� =(��; �E� �� >�E� #�	+�� 	� *+ ू	�� =(��; �E� �� >�E� #�	+�� 	� *+ ू	�� =(��; �E� �� >�E� #�V +��� 0� +��V +��� 0� +��V +��� 0� +��V +��� 0� +��----()� * 	� b ���()� * 	� b ���()� * 	� b ���()� * 	� b ���----��� <) ��� <) ��� <) ��� <) 

+�+�+�+�; "��+�� "�
 ()� �����+�� "�
 ()� �����+�� "�
 ()� �����+�� "�
 ()� ���"""";  

• [	��, 	��
, 	�
, 	��, 	��), 	\ E�];  *+ (� �	�� (�5, "*+ +��"� >�b� 	�� +% 

	��� +-";  

• [�ब��];  �	�) 	��
 	�  +��� �� �	5 (��� 	� <�*, "��1 �� �+% ���� 5	 

�����#�	 �ब�� +-" 

Sense 4  

��()��()��()��(), ��&)��&)��&)��&);  * (�5 �; (��
��� P��� ��2* 0� ����� +�� 	� � 1�(�5 �; (��
��� P��� ��2* 0� ����� +�� 	� � 1�(�5 �; (��
��� P��� ��2* 0� ����� +�� 	� � 1�(�5 �; (��
��� P��� ��2* 0� ����� +�� 	� � 1�; "��() ()���*��� ��() ()���*��� ��() ()���*��� ��() ()���*��� 

(���% �+�� ू��� 7�(���% �+�� ू��� 7�(���% �+�� ू��� 7�(���% �+�� ू��� 7�"""";  

• [1�-����, ����, 1�, I0��-0-��, 0-��, �*Q, >7
, *-<*, �*<*, ि8�, 	�T%, �k���, 

�	���, #�����, ����];  ]0��-0-��,����-��2�% ��� , "1� ���� 	� 60��� >�b� 

	��: �; +% 	��� ���+5 / 6��� >0�) (����� �; �� B� !% 	�T% <) �	�) 	� 

�+%9 �%";  

• [�#7
	 ��1�, ि8��E�	 ��1�, �#7
	 �90�Q];  >7
 �9�91) ��1�, "	� *� �#7
	 

��1� �� +% ��, �+%9 #����" 

• [��1�, ��?��, (
���, &
���, ��?�];  *+ =(�	�  P��� �� =(�	/ �+���� �� 	�3 

	��
 ��� #�V +��� +-, "*�+� ��ऽ� 	� ��1� +-" 

• [*ः��, �)&, �)(];  *�ः��*	 �� 	=W0� �Q�, "+*� 5	 >���
 *ः�� +-" 

• [>=ः�E*, ��&���), ��(���), *&��, *(��, �9<�#�, �*@�����, �Q�, +ः�)];  �Q� 	� 

<�*, "	<)-	<) +���� �� �; �+ ू~ 6u�� +- �	 g�� 3�� 	� >=ः�E* +-" 
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Hyponyms Sequences as taken from the WordNet 

Sense 2  

0��%0��%0��%0��%, �9���9���9���9��, ��&)��&)��&)��&), ��()��()��()��(), ���%���%���%���%, ��2*��2*��2*��2*, ��9*��9*��9*��9*, �N���N���N���N��;  	�3 	��
 	��� �� ,�� ,���� 	� *+ 	�3 	��
 	��� �� ,�� ,���� 	� *+ 	�3 	��
 	��� �� ,�� ,���� 	� *+ 	�3 	��
 	��� �� ,�� ,���� 	� *+ 

>*�� (� �� =,���T�� 	� ���%>*�� (� �� =,���T�� 	� ���%>*�� (� �� =,���T�� 	� ���%>*�� (� �� =,���T�� 	� ���%----���% #���� +-���% #���� +-���% #���� +-���% #���� +-; ">� ��� 	/ 0��% +->� ��� 	/ 0��% +->� ��� 	/ 0��% +->� ��� 	/ 0��% +-"""";  

• [+�7]; +�7 �� ,��� (���*��� ,��� �; +� =,��T% 	�  ,���� 	/ ���%, "><) �	�	� 

+�7 +-?” 

 

The context bag is formed for the given text can be formed by saving the individual 

words in the array as data structure. Similarly, the semantic bag is prepared by storing 

each of the synset, hypernyms, hyponyms, meronyms, glosses etc. corresponding to their 

word sense in their different arrays. In this way, the semantic bag contains the words as 

follows. 

• For sense 1 – {,��,��,��,��, ,��,��,��,��----	� �	� �	� �	� �, ब/T�ब/T�ब/T�ब/T�, =,�*�T=,�*�T=,�*�T=,�*�T, ,��*�T,��*�T,��*�T,��*�T, +��+��+��+��, ()()()()����, �#��*#1�#��*#1�#��*#1�#��*#1…} 

• For sense 2 – {>*��>*��>*��>*��, ��k���k���k���k�, ��	���	���	���	�, *_*_*_*_, ������������, ��+��
��+��
��+��
��+��
, H��H��H��H��, 	��	��	��	��, JT%JT%JT%JT%, ����������������, ����������������, 

*���*���*���*���, ������������, ������������, 	��	��	��	��, *_*_*_*_, (����(����(����(����…} 

• For sense 3 – {	��	��	��	��, 	��
	��
	��
	��
, 	�
	�
	�
	�
, 	��	��	��	��, 	��)	��)	��)	��), 	\ E�	\ E�	\ E�	\ E�, �ब���ब���ब���ब��…} 

• For sense 4 – {1�1�1�1�----����������������, ����������������, 1�1�1�1�, I0��I0��I0��I0��----0-��0-��0-��0-��, 0-��0-��0-��0-��, �*Q�*Q�*Q�*Q, >7
>7
>7
>7
, *-*-*-*-<*<*<*<*, �*<*�*<*�*<*�*<*…} 

 

The algorithm for the implementation of Lesk algorithm corresponding to our thesis, in 

the form of Pseudo code, is as follows- 

Step 1: Open the files containing words of synsets, hypernyms, hyponyms, holonyms etc 

Step 2: Store these files in their corresponding buffers so that words can be extracted     

from it. 

Step 3: Open the file containing words for the formation of context bag. 

Step 4: Store this file in the buffer 

Step 5: Declare the strings corresponding to each sense and context bag, so that they can 

be used for taking words related to semantic bag and context bag. 
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Step 7: Declare the arrays corresponding to each sense as well as for context bag  

Step 8: Declare the variables corresponding to each sense for matching. 

Step 9:  Collect the words corresponding to each sense in their respective arrays. 

Step 10: Collect the words corresponding to context bag in its arrays. 

Step 11: Compare the arrays of each sense with the context bag and store the number of 

matched words in each matching variables. 

 

The whole algorithm that is implemented as per the above shows the following 

overlapping words – {,��,��,��,��,    +��+��+��+��, ()�()�()�()�, >=���>=���>=���>=���} corresponding to sense 1 and the number 

of matching variables corresponding to each sense variables are as follows- 

Sense 1 = 4 

Sense 2 = 0 

Sense 3 = 0  

Sense 4 = 0 
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Chapter 6                                          Implementation of Problem    

The different examples corresponding to the implementation of the Lesk Algorithm 

corresponding to Hindi WordNet and the word to be disambiguated are as follows- 

 

6.1 Example 1 

The algorithm is implemented for the different senses corresponding to the word ‘��������’ 

which is to be disambiguated in the following text- 

‘�� 5	 B� +- . �� 5	 �*�ू#�| ः*���� B� +-. �� 	� 0�T <��� �*� �� 

���� 0+�� <��� �� 0��� ���.�� 	� B�� 	� ���"�+ <) 	+� ��� +4. �#����$� 

	�  	\ ंF#�
� 	�  �� �+�� +% ः*���� +��� +- H� ��#��� <� �; �ँ+�� +-.’  

 

Here first of all context bag is prepared by taking three sentences in such a way that it 

includes- 

• The sentence with the word 

• The previous sentence 

• The following sentence 

 

In this way, the example paragraph to prepare context bag is as follows- 

‘�� 5	 �*�ू#�| ः*���� B� +-.�� 	� 0�T <��� �*� �� ���� 0+�� <��� �� 

0��� ���.�� 	� B�� 	� ���"�+ <) 	+� ��� +4.�#����$�  	�  	\ ंF#�
� 	�  �� 

�+�� +% ः*���� +��� +- H� ��#��� <� �; �ँ+�� +-.’ 

 

The context bag is prepared for the above text in the NetBeans environment as- 

��,5	,�*�ू#�|,ः*����,B�,+-,��,	�,0�T,<���,�*�,��,����,0+��,<���,��,0���,���,

��,	�,B��,	�,���"�+,<),	+�,���,+4,�#����$� ,	� ,	\ ंF#�
�,	� ,��,�+��,+%,ः*����,+���,

+-,H�,��#���,<�,�;,�ँ+��,+- 
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The above output is shown as-  

 

Figure 6.1: Context bag for the word ‘��������’ 

Later, the semantic bag is created corresponding to each of the sense as follows- 

Sense 1: 

��,�� *\C, �0	�ू�, �0	��*, �0	�91�, �0	��1�, �0	�91��, �0	��1��, �0	���, �1��), 

����, ��	9 �, ��	��, >���,>��*!,>9��0��),,�@ B�,,�@-B�, ,�@B�, B�, B�, 

ू���, *�ः0#� >9�,*�ः0#� >*�*,*�ः0#� <��,0�T-0�1� 	� <��,*�ः0#� 	� <��, 

ू�	\ #�	 *ः��,�-�#�
	 *ः��, *ः��, �)&, �)(, >=ः�E*, ��&���), ��(���), *&��, *(��, 

�9<�#�, �*@�����,�Q�,+ः�),,�@ *ः��,,�@ 0��7
,,�@*ः��,,�@0��7
,�+��,,�@,<�[� 

0��7
,�+�� 0��7
, >��, 0��7
, *ः��, �)(, �)&, ि8�, *ः��, �)&, �)(, >=ः�E*…… 
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Sense 2: 

�B� ��,�B� �� ��,��� ��,��� �� ��,�"+�%,�"��%,�"+�% ��,�"��% ��, ��+�%, ����%, 

��+�% ��,����% ��,�)(�,�)(� ��,�)[(�,�)[(� ��,k��),	��),k��) ��, 

	��) ��, 0���%,0-�%,0���% ��,0-�% ��,0+��%,0)�%,������3,��0��%,0+��% ��,0)�% 

��,������3 ��,��0��% ��,�4��0W�),�4��0W�) ��,+�0��,+�0�� ��,+�0��,+�0�� 

��,>WB�9��,>�B�9��,>WB����,����0�%,����0�% ��,����0��%,����0��% ��,�2�T� 

��,�2�T�,�9�T�,�9�T� ��,��9��%,�����%,��9��% ��,�����% ��,��*F
��,�,��*F
��,� 

��,��(�0��%,��(�0��% ��,�;���%,�;��%,������%,�����%,�;���% ��,�;��% ��,������% 

��,�����% ��,�;��
�����,�����
���…….. 

This is shown in the following figure- 

 

Figure 6.2: Semantic bag for the word ‘��������’ 
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Then we had done comparison of both the bags corresponding to the senses and the result 

is find out as –  

No. of matches (Sense 1) = 2 

No. of matches (Sense 2) = 0 

This output is shown in the following figure- 

 

Figure 6.3: Result after matching of arrays corresponding to each sense with the array of 

context bag for the word ‘��������’ 

 

6.2 Example 2 

The algorithm is implemented for the different senses corresponding to the word ‘������������’ 

which is to be disambiguated in the following text- 

‘��� 	�  #�0�F >����) 0�]O 	� ���) 	+� (��� +-, �) 	� ��#��) . �( ��� 5	 

�*	#�� �?��E�, �"
� �7� #��	E�� 0V#� +- (� <��� �� B- �	� 	3 ��"� �; 
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0+�9� ��	� +- . #�� *\#��� 0� #��9ऽF H� 6� 	� �*��1 +% �"
� "�� �; ��� 

"�� �� �*<��O� +�� +-.’ 

The context bag is prepared for the above text in the NetBeans environment as- 

‘���,	� ,#�0�F,>����),0�]O,	�,���),	+�,(���,+-,�),	�,��#��),�(,���,5	,�*	#��, 

�?��E�, �"
�,�7�,#��	E��,0V#�,+-,(�,<���,�� B- �	�, 	3, ��"�, �;, 0+�9�, ��	�, +-, 

#��, *\#���,0�,#��9ऽF,H�,6�,	�,�*��1,+%,�"
�,"��,�;,���,"��,��,�*<��O�,+��,+-’ 

 

Later, the semantic bag is created corresponding to each of the sense as follows- 

Sense 1: 

‘>9	�=F�, >9	�*@�, >9	"��, >9	-�=F�, >9	-�*@�, �+���, >9	-"��, >9	 �=F�, >9	 

�*@�, >9	 "��, 	��, 	��
, 	�
, 	��, 	��), 	\ E�,….’ 

Sense 2:  

‘(�T, ���, (�T 	�
, ���	�F, (�T�3, (�T�3, �9K��, >9	, >�	,….’ 

Sense 3: 

‘���, 	��, *_, (����, &����, ���, *���, >��+�, >*��, >��
, ��1, �9h��, h��, <��, 

�9h�, ��#1, >*��1,…’ 

 

Sense 4: 

‘���, 	��, *_, (����, &����, ���, *���, >��+�, >*��, >��
, ��1, �9h��, h��, <��, 

�9h�, ��#1, >*��1,…’ 

Sense 5: 

‘"��, 1�
"��, 1�
 म97, 1�
म�7, 1�
म97, 1�#�
	 म97, 1�
-म97, 1�#�
	-म97,…’ 

Sense 6: 

‘	��, 	��
, 	�
, 	��, 	��), 	\ E�, *+,(�,�	��,(�5, *+,+��"�,>�b�,	��,+%,	���,+-…’ 

Sense 7: 
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‘>0���, �ब��, ���, �9���, >N�,H�,C��,	� ,���,��,�*F,����,+-…’ 

Sense 8: 

‘�"
� "��, �E*"��, �"
�"��, �"
�, �"
�-"��, �E*h��,*+,"��,=(��;,�*�*1, 

�"
��,	�,�**���,+���,+-,+����,��](),�"
� "��,	� ,>�b� ,h���,+4,…’ 

Then we had done comparison of both the bags corresponding to the senses and the result 

is find out as –  

No. of matches (Sense 1) = 0 

No. of matches (Sense 2) = 0 

No. of matches (Sense 3) = 0 

No. of matches (Sense 4) = 0 

No. of matches (Sense 5) = 3 

No. of matches (Sense 6) = 0 

No. of matches (Sense 7) = 0 

No. of matches (Sense 8) = 2 
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Chapter 7                                        Conclusion and Future work 

In this thesis, we have developed a tool for Hindi WordNet that can be used for Word 

Sense Disambiguation (WSD) as part of Natural Language Processing (NLP) tasks for 

the Hindi Language. We believe that the work presented here is a step in the direction 

towards the achievement of Natural Language Processing tasks for the Hindi Language. 

To eliminate the barrier of communication between human beings, the ultimate goal of 

constructing WordNet is to link all languages in the world together. 

 

7.1 Conclusion 

Here, we have done comparison of different approaches that are being used for Word 

Sense Disambiguation (WSD), these approaches are as knowledge based approaches, 

machine learning based approaches and hybrid approaches. These approaches are further 

explained and the different approaches used underneath them are also explained. The 

major approaches that are being used today are discussed here. 

 

We found the best approach is knowledge based approaches and therefore one of their 

approach of Michael Lesk i.e. Lesk’s algorithm is being taken here as an example to 

show its applicability for Word Sense Disambiguation (WSD) of Hindi language. In 

order to use this approach, we have taken an example paragraph and created its context 

bag and then extracted the semantic bag for the word to be disambiguated and we have 

done the overlap between both bags corresponding to each sense of the word and then the 

appropriate sense of the word is find out. We have found that our approach is 

successfully able to resolve the Synonymy, Antonymy, Hypernymy, Hyponymy, 

Meronymy and Holonymy relations for the different categories of Part-of-Speech. 

 

In this way, Lesk’s algorithm can be used for disambiguation and its application will 

encourage and enable knowledge sharing and translation. If knowledge sharing between 

Hindi and other languages will be possible, it’ll help to cross the language barrier among 

the regional people. The accuracy can be improved by consulting different linguists of 

Hindi Language in order to resolve the relations between various synsets of different 

words. 
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7.2 Future Work 

There are many possible extensions of this work that can be undertaken in further 

research. Some of them are listed below: 

• The context bag that has been used by taking example texts must take many 

sentences so that accuracy of the word to be disambiguated increased. 

• The more examples must be taken so that its accuracy can be tested for different 

words. 

• A more detailed study of the other relationships of verbs, adverbs and adjectives. 

• The performance can be surely improved if morphological inflections are handled 

exhaustively. The system doesn’t detect the underlying similarity in presence of 

morphological variations. 

• In this thesis, we have used the database of text files saved from Hindi WordNet 

prepared by IIT, Bombay but in future, the database for Hindi language’s WSD 

can use the database prepared for Hindi WordNet directly. 

• The accuracy of the Lesk’s algorithm must be checked on other languages. 
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