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What is WordNet?

Words + meanings

WordNet

Words + meanings + 
Semantic and Lexical 

Relations

Dictionary



What is WordNet? contd..
ÅA lexical knowledge database for a language

ÅConsists of synsets and lexico-semantic relations

ÅCategorizes synsets into four main parts-of-speech 
categories: nouns, adjectives, adverbs and verbs

ÅMonolingual WordNet
ïEnglish

ïHindi

ïSanskrit

ÅMultilingual WordNet
ïIndoWordNet

ïEuroWordNet

ïBabelNet
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WordNet Synset
Each synset consist of:

ÅSense ID 

ÅParts-of-speech category

ÅSynset Members (Synonyms words)

ÅGloss or Concept Definition 

ÅExample Sentence

Synset of a boy:

(10305010) (n) male child, boy (a youthful male 
person)"the baby was a boy"; "she made the boy brush 
his teeth every night"; "most soldiers are only boys in 
uniform"
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Principles used for Synset Creation
ÅMinimality
ïThe minimal set of words to make the concept unique

ÅCoverage
ïThe maximal set of words ordered by frequency in the corpus to 

include all possible words standing for the sense.

ÅReplaceability
ïThe example sentence should  be such that the most frequent 

words in the synset can replace one another in the sentence  
without altering the sense.

Sysnetof bank:

depository financial institution, bank, banking concern, banking 
company (a financial institution that accepts deposits and channels 
the money into lending activities) "he cashed a check at the bank"; 
"that bank holds the mortgage on my home"
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WordNet Lexico-Semantic Relations
ÅSynonymy

ÅAntonymy 

ÅGradation

ÅHypernymy/ Hyponymy

ÅMeronymy/ Holonymy

ÅEntailment

ÅAttribute

ÅNominalization

ÅAbility Link

ÅCapability Link

ÅFunction Link



Lexical Relations
ÅRelation between words

ÅSynonymy: relationship between words in a synset.
ï{ plant, flora}, óplantô and ófloraô are related through 

synonymy relation.

ÅAntonymy: relationship between words having an 
opposite meaning. 
ïódayô and ónightô are antonyms of each other.

ÅGradation:
ïómorningô, óafternoonô, óeveningô are related through 

gradation relation



Semantic Relations

ÅRelation between synsets

ÅHypernymy/ Hyponymy: is-a-kind-of relation
ïófruitô is a hypernymof ómangoô and ómangoô is a hyponym 
of ófruitô.

ÅMeronymy/ Holonymy: part-whole relation 
ïóhandô is a meronymof óbodyô and óbodyô is a holonymof 
óhandô



Semantic Relations contd..
ÅEntailment: 
ïósnoreô entails ósleepô

ÅAttribute: relationship between noun and 
adjective synsets 
ïóhotô is a value of or attribute of ótemperatureô

ÅNominalization: relationship between noun and 
verb synsets
ïóserviceô nominalizes the verb óserveô



Semantic Relations contd..
ÅAbility Link: specifies the inherited features of a 

nominal concept
ïóanimalô and ówalkô, ófishô and óswimô

ÅCapability Link: relationship specifies the 
acquired features of a nominal concept 
ïópersonô and óswimô

ÅFunction Link: relationship specifies the function 
of a nominal concept 
ïóvehicleô and ómoveô and óteacherô and óteachô



WordNet Lexico-Semantic Relations

boy

male,

male person

girl

schoolboy scout

Hypernymy

Hyponymy Hyponymy

Antonymy

boyhood

Derivationally 

related form
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Some important wordnets
Å English WordNet (Fellbaum, 1998):

ïFirst semantic net created at Princeton University

Å Hindi WordNet (Narayan et. al, 2002)

ïFirst Indian language Wordnet which is created from English 

WordNet using expansion approach at IIT Bombay

Å IndoWordnet (Bhattacharyya, 2010)

ïA Multilingual Wordnet for 17 Indian Languages

Å BabelNet (Navigli, 2010)

ïA very large, wide coverage multilingual semantic network

ï271 languages, 14 million synsets, and about 745 million 

word senses

ïObtained by automatic integration of Wikipedia 

(encyclopedic) and WordNet (lexicographic)



English WordNet Interface

http://wordnetweb.princeton.edu/perl/webwn



English WordNet Interface contd..



Hindi WordNet Interface

http://www.cfilt.iitb.ac.in/wordnet/webhwn/



Hindi WordNet Interface contd..

http://www.cfilt.iitb.ac.in/wordnet/webhwn/



Hindi WordNet Structure



Hindi WordNet Mobile App



IndoWordNet

http://www.cfilt.iitb.ac.in/indowordnet/



IndoWordNet contd..



Institutes involved in creating IndoWordNet
Å Indian Institute of Technology, Bombay ïHindi, Marathi, Sanskrit

Å Goa University, Goa ïKonkani

Å GauhatiUniversity, Guwahati ïAssamese, Bodo 

Å University of Hyderabad, Hyderabad ïOdia

Å Jawaharlal Nehru University, New Delhi ïUrdu

Å DharmsinhDesai University, Nadiad ïGujarati

Å University of Kashmir, Srinagar ïKashmiri

Å Punjabi University, Patiala ïPunjabi

Å ThaparUniversity, Patiala ïPunjabi

Å Manipur University, Imphal ïManipuri

Å Assam University, Silchar ïNepali

Å Amrita VishwaVidyapeetham, Coimbatore ïMalayalam

Å University of Mysore, Mysore ïKannada

Å Tamil University , Tanjavur ïTamil

Å Dravidian University, Kuppam ïTelugu



IndoWordNet Interface

http://www.cfilt.iitb.ac.in/indowordnet/



IndoWordNet linked Synset

(4265) (n)

Ùî¾ɟ+ ÔɟÙ¾+ ÔɟÙ+ ÔċÃɟ+ 
Äɨ¾îɟ+ ÄɨØɟ+ Äɨ¾Øɟ

¾Ö }Ŧ ¾ɟ ÒȓȻÝ+ 
θÛÜɭÝ¾Ø yθÛÛɟȏßÍ

"ÖɮÏɟÑ Öʃ Ùî¾ɭ ηŎ¾ɭÈ 
¿ɭÙ Øßɭ ßʅ ]"

(4265) (n) 

ÖȓÙÀɟ+ÒɨØÀɟ+ÒɨØ+ÒɨØÀɭ

ÞɟÐɟØÌÍɪ ÞɨÚɟ 
ÛÝɟʋ¿ɟÙɡÙ ÒȓȻÝ
ģ×ĆÍɠ

"Íɨ ÖȓÙÀɟ ¿ȕÒÃ ßȓÜɟØ 
zßɭ" 

(4265) (n)

ŸĳŖň, Ńŏňĭ

ĭŅ ŃŞŖŋŇ ŁŒ̗Ŋ, 
ŐŃŖŉŊļ ġŐŃŃŏŐŌļ

"ŅŞľŏŖŀ ŸĳŖňŇŏ 
ŐǞŖĭķ ŸĮňŖĳ" 

Hindi 
WordNet

Bengali 
WordNet

Marathi
WordNet



IndoWordNet Synset Statistics



IndoWordNet Visualizer Interface

http://www.cfilt.iitb.ac.in/Drawgraph/input.html



IndoWordNet Visualizer contd..

http://www.cfilt.iitb.ac.in/Drawgraph/input.html



IndoWordNet Visualizer contd..

http://www.cfilt.iitb.ac.in/Drawgraph/input.html



BabelNet Interface

http://babelnet.org/



BabelNet Synset

http://babelnet.org/



Wordnets in the World

ÅThe Global WordNet Organization gives access  of 

wordnets in the world

Åhttp://globalwordnet.org/wordnets-in-the-world/

ÅAlbanian, Arabic, Spanish, Catalan, Basque, Italian, 

Bulgarian, Czech, Greek, Romanian, Serbian, Turkish, 

Chinese, Danish, Dutch,  Estonian, French, German, 

Hungarian, Icelandic, Portuguese, Irish, Japanese, 

Korean, Kurdish, Latin, Macedonian, Norwegian, 

Persian, Polish, Russian, Swedish

http://globalwordnet.org/wordnets-in-the-world/


WordNet APIĴs and similarity tools
ÅEnglish:

ïJava API: extJWNL, JAWS, JWNL

ïPython API: NLTK

ïWordNet::Similarity tool

ÅHindi:

ïJava API: JHWNL

ïPython API

ïIndoWordNet::Similarity tool
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WordNet Applications
ÁMachine Translation 

ÁWord Sense Disambiguation 

ÁSentiment Analysis 

ÁInformation Retrieval

ÁMultiWord Expression Detection 

ÁDocument structuring and categorization

ÁCognitive NLP



Word Sense Disambiguation
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Ambiguity
ÅA word, phrase or sentence is ambiguous if it has 

more than one meaning

ÅStructural ambiguity: due to the sentence
structure
ïA boy saw a man with a telescope (English)
ïØɟÖ Ñɭ ÏɩîÍɭ ßȓ¤ ÜɭØ ¾ɨ Ïɭ¿ɟ (Hindi)

ÅLexical ambiguity:due to polysemous words
ïShe put her glasses on the table (English)
ïÒîɨÞɠ Ñɭ ßÖɟØɭ ÁØ Öʃ zÀÙÀɟ×ɠ (Hindi)



WSD Definition
ÅWord Sense Disambiguation (WSD) is the 

problem of computationally determining the 
ΨǎŜƴǎŜΩ ƻǊ ΨƳŜŀƴƛƴƎΩ ƻŦ ŀ ǿƻǊŘ ƛƴ ŀ ǇŀǊǘƛŎǳƭŀǊ 
context.



WSD Example

to capture to pull to extract

×ßɟɯ ÓɨÈɨ ¿ɠɰÃÑɟ ÖÑɟ ßɮ

Ûß ¾ȓ¤ɯ Þɭ ØĦÞɠ ¿ɠɰÃÍɠ ßɮ 

to capture to pull to extract

to capture

to pull



Why WSD is difficult?
ÅSometimes human even fails to disambiguate 

Ψ}Þ¾ɟ ßɟÎ ÖÜɠÑ ¾ɭ ÑɠÃɭ z À×ɟΩ

1. ßɟÎ+ Ôɟéȕ+ ßĦÍ+ Ôɟɯß+ Ôɟßȓ+ ÔɟÅȕ+ ÕȓÅɟ+ ¾Ø+ ,¾ęÐɭ Þɭ ÒɰÅɭ Í¾¾ɟ Ûß yɰÀ 
ȒÅÞÞɭ ÃɠÅʃ Ò¾îÍɭ ©Ø ¾ɟÖ ¾ØÍɭ ßʅέÀɟɯÐɠÅɠ ¾ɭ ßɟÎ ÔßȓÍ ÙɰÔɭ Îɭ ] . ÕɠÖ ¾ɥ 
ÕȓÅɟ̈ ɰ Öʃ ÔßȓÍ ÔÙ Îɟ ]"

2. ßɟÎ+ ¾Ø+ ÒɰÅɟ+ ÒɟζÌ,¾Ùɟ| ¾ɭ zÀɭ ¾ɟ ÕɟÀέ}Þ¾ɟ ßɟÎ ÖÜɠÑ ¾ɭ ÑɠÃɭ z 
À×ɟ ]̴

3. ßɟÎ+ ßĦÍ+ ¾Ø+ ÒɟζÌ,¾ɨßÑɠ Þɭ ÒɰÅɭ ¾ɭ εÞØɭ Í¾ ¾ɟ ÕɟÀάÏȓÁxÈÑɟÖʃ }Þ¾ɟ ÏɟȏßÑɟ ßɟÎ ÈȕÈ À×ɟ ]̴

4. ßɟÎ+ ßĦÍ,ÃɩÔɠÞ yɰÀȓÙ ¾ɥ ¤¾ ÑɟÒ ×ɟ ¾ɨßÑɠ Þɭ ÒɰÅɭ ¾ɭ εÞØɭ Í¾ ¾ɥ ÙɰÔɟ| 
¾ɥ ÑɟÒ,"{Þ ÛĦŝ ¾ɥ ÙɰÔɟ| Ïɨ ßɟÎ ßɮ ]̴

5. ßɟÎ,ÍɟÜ ¾ɭ ¿ɭÙ Öʃ ¤¾ ÏɩØ Öʃ κÀØÑɭ ÛɟÙɭ ÒĕÍɭ Åɨ }Þ¾ɭ ÔɟÏ¿ɭÙ Þɭ ÔɟßØ 
ßɨ Åɟ¤ɯ,"ÖɭØɭ ÞɟÍ ßɟÎ ÔÑ Ãȓ¾ɭ ßʅ ]"

Why WSD is difficult?

Coarse-
grained 
senses

Fine-
grained 
senses



Why WSD is difficult? contd..
ÅFrom practical point of view, it is essential to 

make sense distinction according to the needs of 
the application

ÅCoarse grained senses ïInformation Retrieval, 
Information Extraction, Document 
Categorization, Machine Translation

ÅFine grained senses ïLanguage Learning, 
Machine Translation of distant languages like 
Chinese-English



Why WSD is difficult? contd..
ÅGenerally verbs are more polysemous as 

compared to other parts-of-speech



Position of WSD in NLP layers

Morphology

POS tagging

Parsing

Semantics

Discourse

Pragmatics

L
e
ve

l o
f 

C
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m
p

le
xi

ty

WSD
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Motivation
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Block diagram of WSD

54

WSD System

Training corpora:
Sense tagged or

Parallel or
Comparable or

Untagged

Test corpora:
Untagged text

Knowledge resources:
Wordnet, Thesauri,

Ontologies

Sense tagged 
test corpora
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Lexical Resources for WSD
ÅSense Repository

ïDictionary

ïThesaurus

ïWordnet

ÅSense Annotated Corpus 



WordNet
ÅLexical knowledge base
ÅConsists of synsetsand semantic relations
ÅCƻǊ ŜȄŀƳǇƭŜΥ {ŜƴǎŜǎ ƻŦ ΨōƻȅΩ ŦǊƻƳ ²ƻǊŘbŜǘ
ï(10305010) S:(n) male child, boy (a youthful male person) 

"the baby was a boy"; "she made the boy brush his teeth 
every night"; "most soldiers are only boys in uniform"

ï(09890332) S:(n) boy (a friendly informal reference to a 
grown man)"he likes to play golf with the boys"

ï(10643436) S:(n) son, boy (a male human offspring) "their 
son became a famous judge"; "his boy is taller than he is"

http://wordnetweb.princeton.edu/perl/webwn?o2=&o0=1&o8=1&o1=1&o7=&o5=&o9=&o6=&o3=&o4=&s=boy&i=0&h=000
http://wordnetweb.princeton.edu/perl/webwn?o2=&o0=1&o8=1&o1=1&o7=&o5=&o9=&o6=&o3=&o4=&s=boy&i=1&h=000
http://wordnetweb.princeton.edu/perl/webwn?o2=&o0=1&o8=1&o1=1&o7=&o5=&o9=&o6=&o3=&o4=&s=boy&i=2&h=000


WordNet:Lexico-Semantic relations

Boy

male,
male person

Girl

Schoolboy Scout

hypernymy

hyponymy hyponymy

antonymy

boyhood

Derivationally 
related form



IndoWordNet

http://www.cfilt.iitb.ac.in/indowordnet/



IndoWordNet Synset

(4265) (n)

Ùî¾ɟ+ ÔɟÙ¾+ ÔɟÙ+ ÔċÃɟ+ 
Äɨ¾îɟ+ ÄɨØɟ+ Äɨ¾Øɟ

¾Ö }Ŧ ¾ɟ ÒȓȻÝ+ 
θÛÜɭÝ¾Ø yθÛÛɟȏßÍ

"ÖɮÏɟÑ Öʃ Ùî¾ɭ ηŎ¾ɭÈ 
¿ɭÙ Øßɭ ßʅ ]"

(4265) (n) 

ÖȓÙÀɟ+ÒɨØÀɟ+ÒɨØ+ÒɨØÀɭ

ÞɟÐɟØÌÍɪ ÞɨÚɟ 
ÛÝɟʋ¿ɟÙɡÙ ÒȓȻÝ
ģ×ĆÍɠ

"Íɨ ÖȓÙÀɟ ¿ȕÒÃ ßȓÜɟØ 
zßɭ" 

(4265) (n)

ŸĳŖň, Ńŏňĭ

ĭŅ ŃŞŖŋŇ ŁŒ̗Ŋ, 
ŐŃŖŉŊļ ġŐŃŃŏŐŌļ

"ŅŞľŏŖŀ ŸĳŖňŇŏ 
ŐǞŖĭķ ŸĮňŖĳ" 

Hindi 
WordNet

Bengali 
WordNet

Marathi
WordNet



Sense Annotated Corpus
ÅCorpus annotated with sense tags from wordnet

ïEnglish corpus:

ÅSemCorCorpus, OntoNotes, DSO, Senseval, SemLink

ïIndian language corpus:

ÅCFILT corpus (Hindi and Marathi Health-Tourism)

ïJapanese corpus
ÅJsemcorcorpus

ïDutch corpus:

ÅDutchSemCor

ïSpanish corpus:

ÅSpsemCor



Sense Annotated Corpus contd..
CFILT corpus: (Hindi-health domain)

Åģ×ɟ×ɟÖ_5939 ÜØɡØ_1961 ¾ɨĦÛĦÎ_1831 ©ØÍęÏȓȻĦÍ_1831 Ø¿Ñɭ_ Öʃ
Þßɟ×Íɟ_3623 ¾ØÍɟßɮ

ÅÏɮȑÑ¾_6246 ģ×ɟ×ɟÖ_5939 ÞÔÞɭ}ĕ¾ȗĥÈ_2360 ÙɟÕ_2751 ŢÏɟÑ_1694 
¾ØÍɭ_ ßʅ

ÅĦÛɟĦĖ×_8407 ÜɟØɡȎØ¾_9166 , ÖɟÑεÞ¾_2151 ©ØÞɟÖɟȒÅ¾_3540 
Þȓ¿_3538 ¾ɥ¤¾_187 yÛĦÎɟ_652 ßɮ

Å{ÞÖʃ¾ɭÛÙ_4509 ÔɠÖɟØɡ_1423 ¾ɥyÑȓÒȒĦÎȑÍ_6745 ÞɭÕɠyκÐ¾_2403 
ÜɟεÖÙ_10810 ßɮ
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WSD approaches
ÅKnowledge-based WSD: 

ïuses an explicit lexicon (machine readable dictionary 
(MRD), thesaurus) or ontology (e.g. WordNet).

ÅCorpus-based WSD: (Supervised & Unsupervised)

ïthe relevant information about word senses is 
gathered from training on a large corpus.

ÅHybrid approach:

ïcombining aspects of both of the aforementioned 
methodologies



Knowledge-based WSD

Algorithm Accuracy

WSD usingSelectionalRestrictions 44% on Brown Corpus

Leskôsalgorithm 50-60% on short samplesof ñPride

and Prejudiceòand some ñnews

storiesò.

WSD usingconceptualdensity 54% on Brown corpus.

WSD usingRandomWalk Algorithms 54% accuracy on SEMCOR corpus

whichhasabaselineaccuracyof 37%.

Walkerôsalgorithm 50% when tested on 10 highly

polysemousEnglishwords.



Simple LeskAlgorithm
ÅExample: pine cone

ÅDictionary definitions of pine1 and cone3 literally 
ƻǾŜǊƭŀǇΥ άŜǾŜǊƎǊŜŜƴέ Ҍ άǘǊŜŜέ

Å{ƻ άǇƛƴŜ ŎƻƴŜέ Ƴǳǎǘ ōŜ ǇƛƴŜ1 + cone3



Simplified LeskAlgorithm

ÅCount words in the context (sentence) which are also 
in the Gloss or Example for 1 and 2;

ÅChoose the word-ǎŜƴǎŜ ǿƛǘƘ Ƴƻǎǘ άƻǾŜǊƭŀǇέ



Corpus Based approaches
ÅA corpus-based approach extracts information 

on word senses from a large annotated data 
collection.

ÅDistributional information about an 
ambiguous word refers to the frequency 
distribution of its senses

Åcollocationalor co-occurrence information

Åpart-of-speech

ÅΧ



Corpus Based approaches
ÅThere are two possible approaches to corpus-based WSD 

systems:

ïSupervised approaches
Å use annotated training  data 
Åbasically amount to a classification task

ïUnsupervised algorithms 
Åapplied to raw text material 
Åannotated data is only needed for evaluation 
Åcorrespond to a clustering task rather than a classification.

ïBootstrapping
Å looks like supervised approaches
Å it needs only a few seeds instead of a large number of training 

examples 



Supervised Approaches
Approach Average 

Precision

Average Recall Corpus Average Baseline 

Accuracy

Naïve Bayes 64.13% Not reported Senseval3 ïAll 

Words Task

60.90%

Decision Lists 96% Not applicable Tested on a set of 

12 highly 

polysemous 

English words 

63.9%

Exemplar Based 

disambiguation (k-

NN)

68.6% Not reported WSJ6 containing 

191 content words

63.7%

SVM 72.4% 72.4% Senseval 3 ï

Lexical sample 

task (Used for 

disambiguation of 

57 words)

55.2%

Perceptron trained 

HMM

67.60 73.74% Senseval3 ïAll 

Words Task

60.90%



Unsupervised approaches
ÅSupervised WSD performs well but needs sense tagged 

corpora

ÅObtaining sense tagged corpora is costly in terms of 
time and money

Å A high degree of language dependence and makes it 
difficult to apply them to a variety of languages

ÅDespite of the less accuracy, unsupervised approaches 
are chosen for their resource consciousness and 
robustness



Classification of Unsupervised WSD 
Methods

Strictly Unsupervised Methods

Distributional Methods

Type Based Token Based

Translational Equivalence 

Methods

Ç Hyperlex

Ç Latent Semantic Indexing 

(LSA)

Ç Hyper Space Analogue 

to Language (HAL)

Ç Clustering by Committee 

(CBC)

Ç Brown et al

Ç Context Group 

Discrimination

Ç McQuittyôsSimilarity 

Analysis



Unsupervised Approaches
Approach Precision Average Recall Corpus Baseline

[ƛƴΩǎ !ƭƎƻǊƛǘƘƳ68.5%.
The result was
considered to be
correct if the
similarity between
the predicted
sense and 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%
(words which were not 
tagged with
confidence>threshold
were left untagged)

Tested on a set of 10
highly polysemous
French words

73%

²{5 ǳǎƛƴƎ wƻƎŜǘΩǎ
Thesaurus categories

92%
(average degree of
polysemy was 3)

Not reported Tested on a set of 12
highly polysemous
English words

Not reported

WSD using parallel
corpora

SM: 62.4%
CM: 67.2%

SM: 61.6%
CM: 65.1%

Trained using a English 
Spanish parallel corpus
Tested using Senseval 2 ς
All
Words task (only nouns 
were
considered)

Not reported



Hyperlex(Veronis, 2004)

ÅTarget word WSD developed for Information Retrieval 
applications

ÅLƴǎǘŜŀŘ ƻŦ ǳǎƛƴƎ άŘƛŎǘƛƻƴŀǊȅ ŘŜŦƛƴŜŘ ǎŜƴǎŜǎέ ŜȄǘǊŀŎǘ ǘƘŜ 
άǎŜƴǎŜǎ ŦǊƻƳ ǘƘŜ ŎƻǊǇǳǎέ ƛǘǎŜƭŦ 

ÅWorks only for nouns and adjectives
ÅCo-occurrence graph is constructed for words which co-

occur with the target word
ÅWords which are syntactically correlated are connected 

with edges
ÅWeight of an edge is determined by following formula:



Example of co-occurrence graph 

Co-occurrence graph for the word ᵷᶀ(γelectricity/lightening)



Root Hubs Detection

Co-occurrence graph for the word ᵷᶀ(γelectricity/lightening)

ÅRoot hubs are identified as the most connected nodes of 
each strongly connected component



Target Word Added

Co-occurrence graph for the word ᵷᶀ(γelectricity/lightening)

ÅTarget word is added to the graph and connected to 
root hubs using edges of zero weight



Minimum Spanning Tree found

Co-occurrence graph for the word ᵷᶀ(γelectricity/lightening)

Then score vector for each word is computed as follows:

Where, d(hi,v) is the distance between the root hub hi and node v



Hyperlexcontd..

ÅFor the given occurrence of a target word, only words 
from its context take part in the scoring process

ÅThe score vectors of all words are added for the given 
context

ÅThe component with highest score becomes the 
winner sense

ÅAccuracy: 97% for 10 highly polysemous French words



Comparing WSD approaches

Supervised Semi-
Supervised

Unsupervised Knowledge 
based

Accuracy high moderate low low

Coverage low low low high

Need of tagged 
corpora

yes Very few no no

Need of 
Knowledge
resources

No no no yes



Outline
ÅIntroduction
ïAmbiguity

ïWSD Definition

ïPosition of WSD in NLP layers

ÅMotivation

ÅWSD block diagram

ÅLexical Resources needed
ïSense Repository

ïSense Annotated Corpus

ÅWSD approaches
ïKnowledge based 

ïCorpus Based (Supervised, Unsupervised) 

ÅApplications



WSD Applications
ÅMachine Translation
ï¢ǊŀƴǎƭŀǘŜ άōƛƭƭέ ŦǊƻƳ 9ƴƎƭƛǎƘ ǘƻ {ǇŀƴƛǎƘ 

ïLǎ ƛǘ ŀ άpicoέ ƻǊ ŀ άcuentaέΚ

ïIs it a bird jaw or an invoice?

ÅInformation Retrieval
ïCƛƴŘ ŀƭƭ ²Ŝō tŀƎŜǎ ŀōƻǳǘ άŎǊƛŎƪŜǘέ

ïThe sport or the insect?

ÅQuestion Answering
ï²Ƙŀǘ ƛǎ DŜƻǊƎŜ aƛƭƭŜǊΩǎ Ǉƻǎƛǘƛƻƴ ƻƴ Ǝǳƴ ŎƻƴǘǊƻƭΚ

ïThe psychologist or US congressman?



WSD @ IIT Bombay



Unsupervised WSD approaches
ÅApproach 1:
ï Bilingual WSD using Expectation Maximization (EM) algorithm
(Sudha Bhingardive, SamiullaShaikh and Pushpak Bhattacharyya, Neighbor Help: 
Bilingual Unsupervised WSD Using Context, Association for Computational 
Linguistics (ACL) 2013, Sofia, Bulgaria, 4-9 August, 2013 )

ÅApproach 2:
ïMost Frequent Sense Detection using Word vectors or 

embeddings
(Sudha Bhingardive, Dhirendra Singh, RudramurthyV, HanumantRedkarand 
Pushpak Bhattacharyya, Unsupervised Multilinual Most Frequent Sense Detection 
using Word Embeddings, Conference of the North American Chapter of the 
Association for Computational Linguistics: Human Language Technologies 
(NAACL) 2015, Denver, Colorado, USA, May 31 - June 5, 2015. )



Unsupervised WSD approaches
ÅApproach 1:
ï Bilingual WSD using Expectation Maximization (EM) algorithm
(Sudha Bhingardive, SamiullaShaikh and Pushpak Bhattacharyya, Neighbor Help: 
Bilingual Unsupervised WSD Using Context, Association for Computational 
Linguistics (ACL) 2013, Sofia, Bulgaria, 4-9 August, 2013 )

ÅApproach 2:
ïMost Frequent Sense Detection using Word vectors or 

embeddings
(Sudha Bhingardive, Dhirendra Singh, RudramurthyV, HanumantRedkarand 
Pushpak Bhattacharyya, Unsupervised Multilinual Most Frequent Sense Detection 
using Word Embeddings, Conference of the North American Chapter of the 
Association for Computational Linguistics: Human Language Technologies 
(NAACL) 2015, Denver, Colorado, USA, May 31 - June 5, 2015. )



Problem Statement

ÅFor a given untagged text of two languages perform word 

sense disambiguation using unsupervised technique 



Overview of the approach

ÅExtension of Bilingual WSD (Khapraet al., 2011) by 

adding context 

ÅTwo resource scarce languages can help each other without 

the need of any sense tagged corpora in either languages.

ÅApproach uses untagged corpora and the aligned wordnets 

ÅApproach relies on the key observation that sense 

distribution of any language remains same within a domain

ÅContext-based EM formulation is used for estimating the 

sense distribution

ÅAn improvement of 17% - 35% in verb accuracy



1 2( , ) mar marS S paan

1

marS parna

3

marS patte

2 hinpanna S

1 hinparna S

1 3 ( , )hin hinpatta S S

A bipartite graph of translation correspondences

Marathi Language Hindi Language
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Two languages mutually help each other in estimating sense 
distribution

Formulation by Khapraet al., 2011

E- Step: 

M- Step: 
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Adding Context



ÅConcurrence counts are unreliable

ÅThey can make sense only if we have huge amount of 

corpora

ÅSemantic relatedness gives a good estimation of co-

occurrence count.

Adding Semantic Relatedness



E-step: M-step:

New Formulation



Results on Health domain
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Results on Tourism domain
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Error Analysis contd..

Ûɭ ÒĕÍɭ¿ɭÙØßɭ ßʅ
(vahapatte khelrahethe)

(They are playing cards)

Ûɭ Òɭî¾ɭ ÑɠÃɭÒĕÍɭ¿ɭÙØßɭ ßʅ
(vahapedkeniche patte khelrahehai)

(They are playing cards below the tree)

Semantic structure of the sentence can help in such situations



Error Analysis

Öʅ  ÔɮÀ ¾ɟÓɨÈɨ ȑÑ¾ɟÙØßɡ ßȕɯ ]
(meinbag kaaphoto nikaalrahii hun)

(I am clicking the photo of bag)

Öʅ ÔɮÀ ÞɭÓɨÈɨ ȑÑ¾ɟÙØßɡ ßȕɯ ] 
(meinbag se photo nikaalrahii hun)

(I am taking the photo outside the bag)

Function words help in disambiguation, since they define semantic 
relations between two content words.



Error Analysis contd..

ÅWe have considered single word crosslinks in our approach.

ÅSometimes one word has multi-word crosslinks in another 

language.

yÔ zÍɟ+×ɟ ÛɭÚɠ+×ɟ ÛɭÚɭÞ+ħ×ɟ ÛɭÚɠ+ħ×ɟ ÛɭÚɭÞ
(ab)                          (aata, yaveli, yaveles, hyaveli, hyaveles)

(Hindi)                                      (Marathi)

Language properties also play an important role



Error Analysis contd..

ÅResource related problems:

ï too fine grained HWN senses

~ÒØ+yκÐ¾+č×ɟÏɟ+ı×ɟÏɟ+©Ø ,yκÐ¾ ×ɟ č×ɟÏɟ"×ß ÃɠÑɠ ÏÞ η¾Ùɨ Þɭ ~ÒØ 
ßɮ . ÕɟÅɠÛɟÙɭ Ñɭ ¤¾ η¾Ùɨ ÞĜÅɠ ÍɩÙÑɭ ¾ɭ ÔɟÏ ~ÒØ Þɭ ÊɟÙɟ̴

ÔßȓÍ+ãȕÔ+¿ȕÔ+ÕØÒȕØ+Ôîɟ+č×ɟÏɟ+ı×ɟÏɟ+yκÐ¾+¾ɟ÷ɥ+¾ɟÓɥ+ÅÖ¾Ø+ÊÈ¾Ø+¾îɟ
,yκÐ¾ Öɟŝɟ Öʃ "zÅ Ûß ÔßȓÍ ßɯÞɟ"

We should consider coarse-grained senses to increase accuracy



Bilingual WSD using Word Embeddings
ÅWord embeddingsare used an approximation to the co-

occurrence counts 

ÅVerb accuracy improved by 8.5% for Marathi.

ÅAdjective accuracy improved by 7% for Hindi and 2.5% for 

Marathi.



Unsupervised WSD approaches
ÅApproach 1:
ï Bilingual WSD using Expectation Maximization (EM) algorithm
(Sudha Bhingardive, SamiullaShaikh and Pushpak Bhattacharyya, Neighbor Help: 
Bilingual Unsupervised WSD Using Context, Association for Computational 
Linguistics (ACL) 2013, Sofia, Bulgaria, 4-9 August, 2013 )

ÅApproach 2:
ïMost Frequent Sense Detection using Word vectors or 

embeddings
(Sudha Bhingardive, Dhirendra Singh, RudramurthyV, HanumantRedkarand 
Pushpak Bhattacharyya, Unsupervised Multilinual Most Frequent Sense Detection 
using Word Embeddings, Conference of the North American Chapter of the 
Association for Computational Linguistics: Human Language Technologies 
(NAACL) 2015, Denver, Colorado, USA, May 31 - June 5, 2015. )



Most Frequent Sense Detection
ÅProblem Statement:
Å For a given word, find the most frequent sense of a word using 

unsupervised technique 

ÅMotivation :
Å The first sense heuristic is often used as a baseline for WSD 

systems

Å For WSD systems, it is hard to beat this baseline (5 out of 26 

supervised approaches beat this baseline)

Å Manually tagging data is costly in terms of time and money

Å It would be useful to have a method of ranking senses directly 

from untagged data



Related Work
Using Category 

Information from 
Thesaurus 

Using Clustering by 
Committee

Using WordNet
Semantic Similarity

Using Syntactic 
Evidence

Most Frequent 
Sense Detection

[Buitelaaret. al, 2001]

[McCarthy et.al, 2007]

[Mohammadand Hirst, 2006]

[Lapataand Brew., 2004]

[Panteland Lin, 2002]



Our Approach [UMFS-WE]
ÅA unsupervised approach for MFS detection using word 

embeddings

ÅWord embedding of a word is compared with sense 

embeddingsand the sense with highest similarity is 

considered as the most frequent sense

ÅExtendable and portable: Domain independent approach and 

easily portable to multiple languages



Word Embeddings
ÅRepresent each word with low-dimensional real valued 

vector.

ÅIncreasingly being used in variety of Natural Language 

Processing tasks

Åword2vec tool (Mikolov et. al, 2013)

ïOne of the most popular word embedding tool

ïSource code provided



Word Embeddings contd..

Input Projection Output

SUM

w(t) w(t)

Continuous bag of words model (CBOW) Skip-gram model 

w(t-2)

w(t-1)

w(t+1)

w(t+2)

w(t-2)

w(t-1)

w(t+1)

w(t+2)

Input Projection Output



Word Embeddings contd..
Åword2vec tool (Mikolov et. al, 2013)

ïIt captures many linguistic regularities

Vector(ókingô) ïVector(ómanô) + Vector(ówomanô)  =>  Vector(óqueenô)



Word Embeddingscontd..

words cosine similarity

÷Ù 0.840545

¾ɭÙɟ 0.705185

Ù 0.688565

ÞɠÍɟÓÙ 0.685993

ÒÒɠÍɟ 0.682171

ÞɩęÏ×xÛÁx¾0.677420

¾ęÏÖȕÙ 0.672466

yÑÑɟÞ 0.655930

ÕɟȒÅ×ɟɯ 0.650811

zÊȕ 0.650100

Å DistributionallySimilar words of ÓÙ(fala, fruit) 



Sense Embeddings
Å The sense-bag for the sense Ὓis created as below,

ï Features(Ὓ) - WordNetbased features for sense Ὓ

Å Sense embeddingsare obtained by taking the average of word 

embeddingsof each word in the sense-bag

ïὛ- i th sense of a word ὡ

ï N - Number of words present in the sense-bag ὛὄὛ

ὺὩὧὛ
Вᶰ ὺὩὧὼ

ὔ

SB(Ὓ)={ x|x - Features(Ὓ)}



MFS Detection
ÅWe treat the MFS identification problem as finding the 

closest cluster centroid  (i.e.,sense embedding) 

ÅCosine similarity is used.

ÅMost frequent sense is obtained

ÁὺὩὧὡ - word embedding of a word ὡ

ÁὛ- i th sense of word ὡ

ÁὺὩὧὛ - sense embedding forὛ

ὓὊὛ ÁÒÇÍÁØÃÏÓὺὩὧὡ ȟὺὩὧὛ



MFS Detection

02232196: cricket (leaping insect; male 

makes chirping noises by rubbing the 

forewings together)

00477400: cricket (a game played with a 

ball and bat by two teams of 11 players; 

teams take turns trying to score runs) 

cricket

S1
S2

insect

chirping noises 

rubbing 

forewings 

game

played ball

team bat
runs

SenseBag(S1) SenseBag(S2)



MFS Detection contd..

insect

chirping 
noises 

rubbing 
forewings 

gameplayed
ball

team bat

runs

S1

S2

cricket



Experiments 
A. Experiments on WSD

1. Experiments on WSD using Skip-Gram model 

Å Hindi (Newspaper) 

Å English (SENSEVAL-2 and SENSEVAL-3)

2. Experiments on WSD using different word vector models 

3. Comparing WSD results using different sense vector models

Å Retrofitting Sense Vector Model (English)

4. Experiments on WSD for words which do not exists in SemCor

B. Experiments on selected words (34 polysemouswords 

from SENSEVAL-2 corpus)

1. Experiments using different word vector models

2. Comparing results with various sizes of vector dimensions



Experiments 
A. Experiments on WSD

1. Experiments on WSD using Skip-Gram model 

Å Hindi (Newspaper) 

Å English (SENSEVAL-2 and SENSEVAL-3)



[A.1] Experiments on WSD using 
skip-gram model

ÅTraining of word embeddings:

ïHindi:     Bojar (2014) corpus (44 M sentences) 

ïEnglish:  Pre-trained Google-News word embeddings

ÅDatasets used for WSD:

ïHindi: Newspaper dataset

ïEnglish:  SENSEVAL-2 and SENSEVAL-3 

ÅExperiments are restricted to only polysemousnouns. 



[A.1] Results on WSD



[A.1] Results on WSD contd..
ÅF-Score is also calculated for increasing thresholds on the 

frequency of nouns appearing in the corpus.

Hindi WSD English WSD



[A.1] Results on WSD contd..
ÅWordNetfeature selection for sense embeddingscreation

SenseVectors  Using 

WordNet features

Precision Recall F-measure

SB 51.73 38.13 43.89

SB+GB 53.31 52.39 52.85

SB+GB+EB 56.61 55.84 56.22

SB+GB+EB+PSB 59.53 58.72 59.12

SB+GB+EB+PGB 60.57 59.75 60.16

SB+GB+EB+PEB 60.12 59.3 59.71

SB+GB+EB+PSB+PGB 57.59 56.81 57.19

SB+GB+EB+PSB+PEB 58.93 58.13 58.52

SB+GB+EB+PGB+PEB 62.43 61.58 62

SB+GB+EB+PSB+PGB+PEB 58.56 57.76 58.16

SB: Synset Bag
GB: Gloss Bag
EB: Example Bag
PSB: Parent Synset Bag
PGB: Parent  Gloss Bag
PEB: Parent Example 
Bag

Table: Hindi WSD results using various WordNetfeatures for Sense Embedding creation



Experiments 
A. Experiments on WSD

1. Experiments on WSD using Skip-Gram model 

Å Hindi (Newspaper) 

Å English (SENSEVAL-2 and SENSEVAL-3)

2. Experiments on WSD using different word vector models 



[A.2] Experiments on WSD using various 
Word Vector models

Word Vector Model Dimensions

SkipGram-Google-News(Mikolov et. al, 2013) 300

Senna(Collobertet. al, 2011) 50

MetaOptimize (Turianet. al, 2010) 50

RNN (Mikolov et. al, 2011) 640

Glove (Pennington et. al, 2014) 300

Global Context (Huang et. al, 2013) 50

Multilingual (Faruquiet.al, 2014) 512

SkipGram-BNC (Mikolov et. al, 2013) 300

SkipGram-Brown (Mikolov et. al, 2013) 300

ÅWe compared MFS results on various word vector models 

as listed below:

Table: Word Vector Models



WordVector Noun Adj Adv Verb

SkipGram-Google-

News 54.49 50.56 47.66 20.66

Senna 54.49 40.44 28.97 21.9

RNN 39.07 28.65 40.18 19.42

MetaOptimize 33.73 36.51 32.71 19.83

Glove 54.69 49.43 39.25 18.18

Global Context 48.3 32.02 31.77 20.66

SkipGram-BNC 53.03 48.87 39.25 23.14

SkipGram-Brown 30.29 48.87 27.10 13.29

Table: English WSD results for words with corpus frequency > 2

[A.2] Experiments on WSD using various 
Word Vector models contd..



Experiments 
A. Experiments on WSD

1. Experiments on WSD using Skip-Gram model 

Å Hindi (Newspaper) 

Å English (SENSEVAL-2 and SENSEVAL-3)

2. Experiments on WSD using different word vector models 

3. Comparing WSD results using different sense vector models

Å Retrofitting Sense Vector Model (Jauharet al, 2015)



WordVector SenseVector Noun Adj Adv Verb

SkipGram-Google-

News Our model 58.87 53.53 46.34 20.49

Retrofitting 47.84 57.57 32.92 21.73

Senna Our model 61.29 43.43 21.95 24.22

Retrofitting 6.9 68.68 21.95 1.86

RNN Our model 42.2 26.26 40.24 21.11

Retrofitting 10.48 62.62 21.95 1.24

MetaOptimize Our model 37.9 50.5 31.7 18.01

Retrofitting 10.48 62.62 21.95 1.24

Glove Our model 58.33 53.33 39.02 17.39

Retrofitting 9.94 62.62 21.95 1.24

Global Context Our model 53.22 37.37 24.39 19.25

Retrofitting 12.36 68.68 21.95 1.24

SkipGram-Brown Our model 29.31 60.6 23.17 11.42

Retrofitting 11.49 68.68 21.95 1.26

Table: English WSD results for words with corpus frequency > 2

[A.3] Results on WSD



Experiments 
A. Experiments on WSD

1. Experiments on WSD using Skip-Gram model 

Å Hindi (Newspaper) 

Å English (SENSEVAL-2 and SENSEVAL-3)

2. Experiments on WSD using different word vector models 

3. Comparing WSD results using different sense vector models

Å Retrofitting Sense Vector Model (English)

4. Experiments on WSD for words which do not exists in SemCor



[A.4] English WSD results for SENSEVAL-2 
words which do not exist in SemCor

Word Vector F-score

SkipGram-Google-News 84.12

Senna 79.67

RNN 24.59

MetaOptimize 22.76

Glove 79.03

Global Context 28.09

Multilingual 35.48

SkipGram-BNC 68.29

SkipGram-BNC-Brown 74.79

proliferate, agreeable, bell_ringer, audacious, disco, delete, prestigious, option, peal, impaired, ringer, flatulent, 
unwashed, cervix, discordant, eloquently, carillon, full-blown, incompetence, stick_on, illiteracy, implicate, galvanize, 
retard, libel, obsession, altar, polyp, unintelligible, governance, bell_ringing.



Experiments 
A. Experiments on WSD

1. Experiments on WSD using Skip-Gram model 

Å Hindi (Newspaper) 

Å English (SENSEVAL-2 and SENSEVAL-3)

2. Experiments on WSD using different word vector models 

3. Comparing WSD results using different sense vector models

Å Retrofitting Sense Vector Model (English)

4. Experiments on WSD for words which do not exists in SemCor

B. Experiments on selected words (34 polysemouswords 

from SENSEVAL-2 corpus)

1. Experiments using different word vector models



[B.1] Experiments on selected words
Å 34 polysemousnouns, where each one has atleasttwo sensesand which 

have occurred at least twice in the SENSEVAL-2 dataset are chosen

Token Senses Token Senses

church 4 individual 2

field 13 child 4

bell 10 risk 4

rope 2 eye 5

band 12 research 2

ringer 4 team 2

tower 3 version 6

group 3 copy 3

year 4 loss 8

vicar 3 colon 5

sort 4 leader 2

country 5 discovery 4

woman 4 education 6

cancer 5 performance 5

cell 7 school 7

type 6 pupil 3

growth 6 student 2



[B.1] MFS Results on selected words

Word Vectors Accuracy

SkipGram-BNC 63.63

SkipGram-Brown 48.38

SkipGram-Google-News 60.6

Senna 57.57

Glove 66.66

Global Context 51.51

Metaoptimize 27.27

RNN 51.51

Multilingual 63.4

Table: English WSD results for selected  words from SENSEVAL-2 dataset



Experiments 
A. Experiments on WSD

1. Experiments on WSD using Skip-Gram model 

Å Hindi (Newspaper) 

Å English (SENSEVAL-2 and SENSEVAL-3)

2. Experiments on WSD using different word vector models 

3. Comparing WSD results using different sense vector models

Å Retrofitting Sense Vector Model (English)

4. Experiments on WSD for words which do not exists in SemCor

B. Experiments on selected words (34 polysemouswords 

from SENSEVAL-2 corpus)

1. Experiments using different word vector models

2. Comparing results with various sizes of vector dimensions



[B.2] Comparing MFS results with various sizes 
of vector dimensions

Word Vectors Accuracy

SkipGram-BNC-1500 60.61

SkipGram-BNC-1000 60.61

SkipGram-BNC-500 66.67

SkipGram-BNC-400 69.69

SkipGram-BNC-300 63.64

SkipGram-BNC-200 60.61

SkipGram-BNC-100 48.49

SkipGram-BNC-50 51.52



MFS for Indian Languages
ÅPolyglot1 word embeddingsare used for obtaining MFS.

ïword embeddingsare trained using Wikipedia data.

ÅCurrently, system is working for Marathi, Bengali,Gujarati, 

Sanskrit, Assamese, Bodo, Oriya, Kannada, Tamil, Telugu, 

MalayalamandPunjabi.

ÅDue to lack of gold data, we could not evaluate results

ÅAPIs are developed for finding the MFS for a word

1https://sites.google.com/site/rmyeid/projects/polyglot



MFS for using BabelNet
ÅMFS is calculated by using BabelNetas a sense repository.

ÅBabelNetcovers 271 languages and is obtained from the 

automatic integration of: WordNet, Open Multilingual 

WordNet, Wikipedia, Omega Wiki, Wiktionary, Wikidata.

ÅSystem is working for English, Russian, Italian, French, 

German, andSpanish.

ÅDue to lack of gold data, we couldn't evaluate results for 

these language.



Conclusion

ÅWSD helps in solving ambiguity

ÅBilingual WSD approach showed how two resource 

deprived languages help each other in WSD

ÅUnsupervised MFS approach showed that how word 

embeddings captures the MFS of a word

ÅBoth the approaches are language independent 

ÅThey can be used in NLP applications
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