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What is WordNet?
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What is WordNettontd.

A A lexical knowledge database for a language
A Consists of synsets atekico-semantic relations

A Categorizes synsets into four main partspeech
categories: nouns, adjectives, adverbs and verbs
A Monolingual WordNet
I English
I Hindi
I Sanskrit
A Multilingual WordNet
I IndoWordNet
I EuroWordNet
I BabelNet
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WordNet Synséet

Each synset consist of:

A Sense ID

A Partsof-speech category

A Synset Members (Synonyms words)
A Gloss or Concept Definition

A Example Sentence

Synset of a boy:

(1030501( (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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Principlesiused - forysetCreation

A Minimality
I Theminimal set of words to make the concaptque
A Coverage

I The maximal set of words ordered by frequency in the corpus tc
Include all possible words standing for the sense.

A Replaceability

I The example sentence should be such that the most frequent
words in the synset can replace one another in the sentence
without altering the sense

Sysnetbf bank:

depositoryfinancial institution bank, banking concern, banking
company(a financial institution that accepts deposits and channels
the money into lending activitieS)e cashed a check at the bank™;
"that bank holds the mortgage on my home"



Outline

A What is WordNet?

A WordNetSynset

A Principlesused for Synset Creation
A WordNetLexico-SemantidRelations

A Important WordNets: English, Hindi,
IndoWordNet, BabelNet

A Applications



WordNetLexico- Semantic:Relations

A Synonymy

A Antonymy

A Gradation

A Hypernymy/ Hyponymy
A Meronymy/ Holonymy
A Entailment

A Attribute

A Nominalization

A Ability Link

A CapabilityLink

A Function Link



Lexical [Relations

A Relation between words

A Synonymy relationshigbetween words in a synset

i {plant, flora},6 plébamatnd of | or ad ar e
synonymy relation

A Antonymy: relationshipgbetween words having an
opposite meaning.

ifadayo and onighto are anton

A Gradation

fdémorningo6, oafternoondo, oOe
gradation relation



Semantic'Relations

A Relation between synsets

A Hypernymy/ Hyponymy is-a-kind-of relation
I of Duihyerrymof o6 mangod and 0 me
of ofruitod.

A Meronymy/ Holonymy: partwhole relation

i Oha&andmsrongmof Obody o d&alodymofb o c
Ohand?od



Semantic:Relations contd..

A Entailment
i®noreod eatails O0sl eep

A Attribute: relationship between noun and
adjective synsets

iTdhot o 1 s a value of or

A Nominalization relationship betweenoun and
verb synsets

Ii®derviced nominali zes t



Semantic:Relations contd..

A Ability Link: specifies the inherited features of a
nominalconcept

ifdani mal 6 and o6wal k 6, O |

A Capability Link relationship specifies the
acquired features of a nomirancept

ifopersond and O6swi mo

A Function Link relationshipspecifiesthe function
of a nominalkoncept

ifovehicled and édmoveod art



WordNetLexice Semantic’Relations

male,

male person

Hypernymy

girl

Derivationally boy Antonymy
related form

Hyponymy Hypony

schoolboy
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Some importantvordnets

A English WordNet (Fellbaum 1998):
I First semantic net created at Princeton University
A Hindi WordNet (Narayan et. a002)

I First Indianlanguage Wordnet which is created from English
WordNet using expansion approach at [IT Bombay

A IndoWordnet (Bhattacharyya, 2010)
I A Multilingual Wordnet for 17 Indian Languages
A BabelNet(Navigli, 2010
I Avery large, wide coverage multilingual semamtetwork

I 271 languagesl4 million synsets, and about 745 million
word senses

I Obtained by automatic integratioh Wikipedia
(encyclopedig and WordNetlexicographic)



English'WordNetnterface

WordNet Search - 3.1

Word to search for: boy | Search WordNet |

Display Options: (Select option to change) =~ | Change
Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations
Display options for sense: (gloss) "an example sentence”

Noun

¢ 5: (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"

¢ 5: (n) boy (a friendly informal reference to a grown man) "he likes to play golf with
the boys"

¢ 5: (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



English'WordNet interfaceccontd..

WordNet Search - 3.1

Word to search for: boy | Search WordNet |

Display Options: (Select option to change) ~
Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations
Display options for sense: (gloss) "an example sentence”

Noun

e 5! (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”
o direct hyponym [ full hyponym
o direct hypernym [ inherited hypernym | sister term
e S:(n) male, male person (a person who belongs to the sex that cannot
have babies)
o antonym
e W: (n) female child [Opposed to: male child] (a youthful female person)
"the baby was a girl"; "the girls were just learning to ride a tricycle”
e W: (n) girl [Opposed to: boy] (a youthful female person) "the baby was a
girl”; "the girls were just learning to ride a tricycle"




Hindi WordNet interface

Hindi Wordnet Introduction - Search Wordnets - Downloads - References Feedback -

Noun - 3 Senses Found

qg, ag®, 3T, 4, HYST, a%6, 9G4, O, G/Gad, adyd, a-tsl, BIsia, BIeg, Beig, Beg, Biua, B, Belg, b, Beisig, B,
3TetEd, 59

T HIH
"FW §YGT & 7 & I/ U7 FYF 51 GH & i Hal FHT 96 61 gHd 1

FH 35 &1 goy, fasva sfdafeq
"G H 0s® [pdc @A E I

Relations and Languages

9% BT TR HT TEN Gl I B HH B
"GHFHGR 7 T5e § HElad 3 717 [warg

Relations and Languages

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



Hindi WordNet Interface:contd..

Hindi Wordnet Introduction - Search Wordnets - Downloads ~

References Feedback -

Noun - 3 Senses Found

qg, ag®, S0, I, HiST, a]%6, O-aad, O+, GraGad, aq4d, d-ie, Bsig, Beg, Beig, Bei-g, BIuig, WG, bulg, bui-g, Bieig, Bivg,

JTailgd, 5

T HAH
"$WT 3Yed & Y7 4 |/ Y7 FYT 5 GBI § O 7T FHT T6] 61 GHd 1

(RIE)ANBe)(Bo)(GHK)KaKo)(M)Ma)(MINMUOUP ST Te)U)

A Ontology Nodes (Close]
o TG (Person) { PRSN JETEI0T- 324 3Rd S0 3dis )

« T (Mammal) ( MWL JaTe<0r- T, &8, 51 5aid )
» T (Fauna) { FAUNA JEIg30T- T HF6 54 3lis )
= Tlid (Animate) ( ANIMT FEI530T- HHa wFa<, 38 i )
» T (Moun) { N FETE01:- TR 2 s 3ans)

B. Hypernymy (is a kind of ... )
C. Hyponymy ( ... is a kind of )

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



Hi ndl WordNet tStrum:tur:e
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: Synonyms: 3HATH,

: T, A, 34,

: Gloss:TF B S
: mma@rm%

: Example Sentence:

1 dar 98 @ doa
;3w e d

...------.--.-l.-l'..

Is-a-part-of
(Meronymy)

-
..
*

Is-a—kind-of
relation
(Hypernym)

Is-a-kind-of
(Hyponymy)

Is-a-part-of
(Holonymy)




Hindi WordNet Mabile App
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IndoWordNet

Gujarati Kashmiri Urdu Punjabi

Sanskrit Bengali
Hindi

Manipuri

Kannada Telngu Malayalam

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



IndoWordNetcontd..

IndoWordNet
Assamese, Bengali, Bodo, Gujarati, Hindi, Kannada, Kashmiri,
Konkani, Manipuri, Malayalam, Marathi, Nepali, Odia, Punjabi,
Sanskrit, Tamil, Telugu, Urdu

Kannada, Malayalam, Assamese, Bodo,
Tamil, Telugu Manipuri, Nepali

Bengali, Gujarati, Kashmiri,

Hindi, Marathi, Sanskrit Konkani, Odia, Punjabi,
Urdu




Institutesiinvolvedin-creatingndoWordNet

To To To Do Do Do Io Io Do Do Do o Io Do Do

Indian Institute of Technology, Bombay
Goa University, Goa

GauhatiUniversity, Guwahati

University of Hyderabad, Hyderabad
Jawaharlal Nehru University, New Delhi
DharmsinhDesai UniversityNadiad
University of Kashmir, Srinagar

Punjabi University, Patiala
ThaparUniversity, Patiala

Manipur Universitylmphal

Assam UniversitySilchar

Amrita VishwaVidyapeethamCoimbatore
University of Mysore, Mysore

Tamil University ,Tanjavur

Dravidian UniversityKuppam

I Hindi, Marathi, Sanskrit
I Konkani

I Assamese, Bodo
I Odia

I Urdu

I Gujarati

I Kashmiri

I Punjabi

i Punjabi

I Manipuri

I Nepali

I Malayalam

I Kannada

I Tamil

I Telugu



IndoWordNet!Interface

5 IndoWordNet

Number of Synset for "d3d@" : 3 showing /3
SynsetID : 3373 P05 : moun
qH, dE1, We®l, uid, gd, I, A, J54, T84 'ﬂ:ﬂ T4, 949, A, AT,

W, W4, T9, aTaE, 9d, A, e, fel, R, $9 $E 9T, 9.
HTE, WEl, TIFE, TIEd, a4, GUGaq, Aqud, I, BYAE, GIAG, THE
Synonyms ¢ gofw wywg, BiEw, TAG, TR, $I0HG, GIRG, BIAG, BhEG, $IWE,
i, Tiig, Thiw, a@HE, ETYE, AWy, AE-AYE, WTE-AE,
HTHAHYL, AT, MAHYF, d4%e, 404, AEEd, T4,
Gloss EAS:CIe]
Example statement : " dGGd B AT | /97 $UA ¥ Fod & Al qran g T A6 & Gt 1

a male human offspring; "their son became a famous judge”; "his boy is taller than

Gloss in English :

he is"
Next Synset ¥
e R — : | =
showing regional synset : english = hindi =
Change | = hindi - - sid  synonymy gloss  sxample |2 English =
language SyosetID : 3373 POS : NOUN . =it (Assamese) -
Synonymy : son. hoy . AT (Bengali) -
Gloss : 1 fispring . bodo .
0 hypernymy . Example statement : ° e a famous judge C SR ] 7]
. hyponymy . [= 23d (Kannada) -]
. holonymy @ | o 'Y i) - |
. mEronymy . [ [ -]
- antonymy E . @I Fe (Malayalam -
. Onto tree . = manipuri |
. noun relation . [- AWA (Marathi) -]
. verb relation . [- WA (Nepali) |
[ - derived from - [- AFFAY (Sanskrit) -]
[ modifies | [= S (Tamil) ol
| . Bewrd) [Telugu) - |
[ pumjabl -]
[= urdu =]
B oriya -1

http:/MWww.cfilt.litb.ac.in/indowordnet/



IndoWordNet!linked:-Synset

(42659 (n)

(4269 (n)

(4265 (n)
s o o Ul %01 U HOC¢ Al | OUAHO I BN A
MURACR Ai vhAi DY %0

. - - b by gl i1
N NSRnN |HE D. -

c’lilﬂiR’ngr%NnN’é s PO IT v ozve | Ui U OFY

’ ’ 00| Y%D yoel0 gxCi d
"‘NSI VAR N A } o
cinr i ko ororss s & | i ook ¢ oA R0,

’ cU ] z B

Bengali Hindi Marathi

WordNet WordNet WordNet

=



. - =

IndoWordNet Synseti Statistics
Noun | Verb | Adjective | Adverb | Total
Hindi | 29664 | 3626 6313 534 40137
Assamese| 9065 | 1676 3805 412 14958
Bengali | 27281 | 2804 5815 445 36346
Bodo 8788 | 2296 4287 414 15785
Gujarati | 26503 | 2805 5828 445 35599
Kannada | 12765 | 3119 5988 170 22042
Kashmiri | 21041 | 2660 5365 400 29469
Konkani | 23144 | 3000 5744 482 32370
Malayalam| 20071 | 3311 6257 501 30140
Manipuri | 10156 | 2021 3806 332 16351
Marathi | 23271 | 3146 5269 539 32226
Nepali | 6748 | 1477 3227 261 11713
Odiva | 27216 | 2418 5273 377 35264
Punjabi | 23255 | 2836 5830 443 32364
Sanskrit | 31476 | 1247 4004 265 36997
Tamil | 16312 | 2803 5827 477 25419
Telugu | 12078 | 2795 5776 442 21091
Urdu | 22990 | 2801 5786 443 34280




IndoWordNet Visualizerinterface

IndoWordNet Visualizer

Enter Word:
ge1, TSI, T, g, I, Jd, 4ad, Fad, g, T, T, e, S, 9, GELE Keyboard
Sk ik RN Vi N e e o e
3373 NOUN R §dm ﬁﬁmﬁgﬁm A, % TS, m anm:ﬁ?l?m&n?ﬂfmm am?#ﬁ Select a Language:
A SHIHEHT, AT, MHTHGT, TIoE, a1l AHG], 55 HIN
IE BICT 2T BI Enter Constraint:
"THEMER A T5F
5806  NOUN ﬁaﬁgﬁmm e & 9 R TSHI, BIES], BB By Level E|

Enter number:

FATH P A w5 e 2 TSH], TS, T, IHS], SN, BiHA, TSI, I, TYF, ffimn 9T, 72w, I 1

4265  NOUN
Todmee sifgafed wE

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



IndoWordNet 'Visualizer contd..

IndoWordNet Visualizer {2} Bombay
@ Root @ Hyponym @ Hypernym @ Antonym @ Meronym @ Holonym @ Others Q Fixed Nodes Enter Word:
TSEHN#A265 Keyboard

Selecta Language:
HIN

Enter Constraint:

By Level E|
El?ﬂ'ﬂ Enter number:

2
EINEN TSP

(4265)(NOUN)

P IH T JFy s sidared

Example(s) fTgF O oS hdc G0 §

m_‘r GNﬁa' Synset: TE@I, AP, o=, BIEPS], BRI, B,

dieT, oo, gu, fefie, ag, ag®, 9

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



IndoWordNet 'Visualizer contd..

IndoWordNet Visualizer {Zk Bombay

@ Root @ Hyponym @ Hypernym @ &ntonym @ wmeronym @ Holonym @ others QO Fixed Nodes Enter Word:
ToPHN#4265 Keyboard

sufdg

Select a Language:
HIMN

Enter Constraint:

By Level E

Enter number:
2

Tz
(4265)(NOUN)

T I P [e fasee Haaiea
Example(s): fiaM 8 v5® e Wuig §

Synset TS®I, GIe®, T=, BIDS], BRI, BIFA,

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



N boy ENGLISH ~ | TRANSLATE NTO... ~ SEARCH

{¥ FREFEREMCES

BabelNet

All Concepts Named Entities ‘ E ] ﬂ G concapts

boy, male child

A youthful male person

boy

A friendly informal reference to a grown man

boy, son

A male human offspring

http://babelnet.org/



BabelNet Synset

P oo« B

e plays and novels of Samoel Becken ..
- based on Shakespeans's play Oulzllo..

play,,, drama,,, obra,,.
Biithnenwerk,,. obra,,,

clrmetee mesh plays, Hlms, eic )., L H]ﬂu :rl' - ﬁ :.d‘—?lﬂ?n - — . Theaterstiscky,.. opera
- - IY ____..-3_._\\ R |5[.1.,|;L' direction | ccatrale . drs
+ , theawe ____.- P IR ; 5 catrale,,, drammay,,
[ SewCo sewmevces | ' |t Y hasepan . pidce de thédre,,
~ Y] ] {ur |‘1d | IIJI |lug_ —I— y—— % .
drmatie force in A, Milker's play "" usic | ] FI.II I'l”] lactor’s ine) -
ois the '|'p'||,|:|-'n'|'u,'n'-. the audience » th'—'JLr'- L !

.harncters in the pluy foke (an A Lmu b
©nc

l ........
1

Machine Translation system “"ikipﬁdjtl
|

Illu.uun: | " literary |

“derved-from e

WordMet

http://babelnet.org/



Wordnetsiinthe\World

A The Global WordNet Organizatiajives access of
wordnets in the world

A http://globalwordnet.org/wordneis-the-world/

A Albanian, ArabicSpanish, CatalaBasque, Italian,
Bulgarian, Czech, Greek, Romanian, Serbian, Tuykish
ChineseDanish, Dutch, Estoniafrrench, German,

Hungarian, Icelandic, Portuguese, Irish, Japanese,

Korean, Kurdish, Latin, Macedonian, Norwegian,

Persian, Polish, Russian, Swedish



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

WordNd: Nie'stand APilkrJvsoola |

A English:
i Java AP extJWNL, JAWS, JWNL
i PythonAPI: NLTK
I WordNet::Similarity tool
A Hindi:
i Java APIl: JHWNL
i Python API
I IndoWordNet::Similarity tool



Outline

A What is WordNet?
A WordNetSynset

A
A
A

Principlesused for Synset Creation
_exico-Semantic Relations
mportant WordNets: English, Hindi,

ndoWordNet, BabelNeturoWordNet

A Applications



WordNet Applications

A Machine Translation

A Word Sense Disambiguation

A Sentiment Analysis

A Information Retrieval

A MultiWord Expression Detection

A Documentstructuring and categorization
A Cognitive NLP



Word Sense’'Disambiguation
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Ambiguity

A A word, phrase or sentence is ambiguous if it has
more than one meaning

A Structural ambiguitydue to thesentence
structure

I A boy saw a man with a telescofienglish)
i gy NG| Re U T (Hindi)

A Lexical ambiguitydue to polysemous words

I She put heglasse®n the table(English)
i GiPdNIROGADTO[z A UA ) (Hind)



WSD Definition

A Word Sense Disambiguation (WSD) is the
problem of computationally determining the
WasSyasSQ 2N WYSIFyYyAyYy3Q
context.



WSD [Example

X 3} uJN; R I3
D C €™

OR ?/mup[m:g
> >




Why WSDiis-difficult?

A Sometimes human even fails to disambiguate

N

Pp3awup R 1T OUJNA 29 NdA |

Z
2 B H+ O | +OR QAgaad %@,%QDLPL%MAQBI'\WMA
o

3 Ovi | | © welilga¥ vq 1|. g O %y
OA; o QUi

i ) ) grained ‘ - )
&4+I%@]Ourb5m , senses AE} PasBydy FIOUG M| 34z N
A X [~
RyHR H4348 0y 1% BRNd pP| OwA| Y/ ARNPAIIPH ¥ Y

[ JdsNp 811 EEE Axy [~

y Coc'_alrse A% %y Uwo)
HS %y  Uw O el BE ]

e wn ~ ~ ~ Senses A as ~ A
@) 1D Of KAGN[ U} P Al ¢ | U P| 0O}



Why WSDisdifficul? contd..

A Frompractical point of view, it is essential to
make sense distinction according to the needs of
the application

A Coarse grained sensiédnformationRetrieval,
Information Extraction, Document
Categorization, Machine Translation

A Fine grained sensésLanguage Learning,
Machine Translation of distant languages like
ChineseEnglish



Why WSDiis difficul® contd..

A Generally verbs are more polysemous as
compared tother partsof-speech

IEETSEIl 31 IEEANEII 29 AT 26

ST 23 TG 22 AT 21
BES)] 19 3T 19 BT 19
TGTHT 18 AT 17 33T 17
forer 17 T 16 et 16
zel 16 gt 15 3eHT 15
3ISMT 14 Qi 14 A 14
ST 14 T 13 AT 13
STHAT 12 et 12 CEElf 12

ICIEH] 12 HIeAT 12 EICEl 12



Positioncof WSDin'NLP layers

Pragmatics
Discourse

Semantics

Parsing

Level of Complexity

JIitdi

POS tagging

\Yle]ge]gle]le]0}Y;
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Motivation
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Block diagram-of WSD

l
Training corpora:
Sense tagged or
Parallel or l

Comparable or |
Untagged B

Sense tagge
—| WSD System——1 test corpora

1
1

Test corpora:

Untagged text

.

A
Y

Knowledge resources
Wordnet, Thesauri,
Ontologies

54



Outline

A Lexical Resources needed
I Sense Repository
I Sense Annotated Corpus



LexicalResourcefor WSD

A Sense Repository
I Dictionary
I Thesaurus
I Wordnet

A Sense Annotated Corpus



WordNet

A Lexical knowledge base

A Consists ofynsetsand semantic relations

AC2NJ SEI YLX SY {SyaSa 27F WY
I (1030501() §:(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"

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

I (10643436 S:(n)son, boy (a male human offspringjheir
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:Lexice-Semantic relations

male,

male person

hypernymy

Derivationally Boy antonymy
related form

hyponym

yponymy

Schoolboy



IndoWordNet

aaaaa ="

Hindi
WordNet

IndoWordNet Structure

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



IndoWordNet Synset
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Sense' Annotated-Corpus

A Corpus annotated with sense tags fremardnet
I English corpus:
A SemCorCorpus,OntoNotes DSOSenseval SemLink
I Indian language corpus:
A CFILT corpus (Hindi and Marathi Healfhurism)
| Japanese corpus
A Jsemcorcorpus

I Dutch corpus:
A DutchSemCor

I Spaniskcorpus:
A SpsemCor



Sense' Annotated-Corpusrcontd..

CFILT corpusH{ndi-health domain)
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Outline

A WSD approaches
I Knowledge based
I Corpus Based (Supervised, Unsupervised)



WSD approaches

A Knowledgebased WSD:

I uses an explicit lexicon (machine readable dictionary
(MRD), thesaurus) or ontology (eWordNef).

A Corpusbased WSD: (Supervised & Unsupervised

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

A Hybrid approach:

I combining aspects of both of the aforementioned
methodologies



Knowledgebased\WSD

WSD usingSelectionaRestrictions  44% on Brown Corpus

L e s &lgorgthm 50-60% on short samplesof A Pr
and Pr ej u dandc some finews
storieso

WSD usingconceptuatensity 54% on Brown corpus

WSD usingRandomwWalk Algorithms 54% accuracy on SEMCOR corpus
which hasa baselineaccuracyof 37%.

Wa | k algordhsn 500 when tested on 10 highly
polysemougnglishwords



SimpleLeskAlgorithm

A Examplepine cone

pine 1 Kkinds of evergreen tree with needle-shaped leaves
2 waste away through sorrow or illness

cone 1 solid body which narrows to a point
2 something of this shape whether solid or hollow
3 fruit of certain evergreen trees

A Dictionary definitions of pinkand cong literally
2O0SNI I LIY &SOTSN. NBSYS =

A{2 GLAYS O2ViSeon®dza (i o0 S



Simplified LeskAlgorithm

The bank can guarantee deposits will eventually cover future tuition costs because it
invests in adjustable-rate mortgage securities.

given the following two WordNet senses:

bank' | Gloss: a financial 1nstitution that accepts deposits and channels the money into
lending activities
Examples: | “he cashed a check at the bank™, “that bank holds the mortgage on my
home”
bank” | Gloss: sloping land (especially the slope beside a body of water)
Examples: | “they pulled the canoe up on the bank™, “he sat on the bank of the river
and watched the currents”

A Count words in the context (sentence) which are als
In the Gloss or Example for 1 and 2;

A Choosethewordi Sy aS A 0K Y2ai



CorpusBaséedrapproaches

A A corpusbased approach extracts information
on word senses from a large annotated data
collection.

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

A collocationalor co-occurrence information
A part-of-speech
A X



CorpusBaséedrapproaches

A There are two possible approaches to cormased WSD
systems:

I Supervised approaches
A use annotated training data
A basically amount to a classification task

I Unsupervised algorithms
A applied to raw text material
A annotated data is only needed for evaluation
A correspond to a clustering task rather than a classification.

I Bootstrapping
A looks like supervised approaches

A it needs only a few seeds instead of a large number of training
examples



Supervised Approaches

Approach Average Average Recall | Corpus Average Baseline
Precision Accuracy

Naive Bayes 64.13% Not reported Senseval3 All 60.90%
Words Task

Decision Lists 96% Not applicable Tested on a set of 63.9%
12 highly
polysemous
English words

Exemplar Based 68.6% Not reported WSJ6 containing 63.7%

disambiguation (k 191 content words

NN)

SVM 72.4% 72.4% Senseval 3 55.2%

Lexical sample
task (Used for
disambiguation of
57 words)
Perceptron trainec 67.60 73.74% Senseval3 All 60.90%
HMM Words Task



Unsupervised approaches

A Supervised WSD performs well but needs sense tagge
corpora

A Obtaining sense tagged corpora is costly in terms of
time and money

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

A Despite of the less accuracy, unsupervised approache:
are chosen for their resource consciousness and
robustness



Classification-of Unsupervised WSD
Methods

S ™
L Strictly Unsupervised Methods

/\

( ) { Translational Equivalence

Distributional Methods
t J L Methods J
/\ C Brown et a|

f ™ F B
t Type Based J k Token Basecﬂ
C Hyperlex C Context Group
C Latent Semantic Indexing Discrimination

(LSA) C Mc Qu i Sirilgridys
C Hyper Space Analogue Analysis

to Language (HAL)
C Clustering by Committee

(CBC)



[ Ay Q&

Hyperlex

2 {5

Unsupervised'Approaches

I £ 32 68.5%.
The result was
considered to be
correct if the
similarity between
the predicted
sense and actual
sense was greater
than 0.27

97%

dza Ay 3 92%

Thesaurus categories (average degree of

WSD using parallel

corpora

polysemy was 3)

SM: 62.4%
CM: 67.2%

Not reported

82%

(words which were not

tagged with

confidence>threshold

were left untagged)
Not reported

SM: 61.6%
CM: 65.1%

Trained using WSJ 64.2%
corpus containing 25

million words.

Tested on 7 SemCor

files containing2832

polysemousiouns.

Tested on a set of 10 73%
highly polysemous

French words

Tested on a set of 12
highly polysemous
English words

Not reported

Trained using a English
Spanish parallel corpus
Tested using Sensevag 2
All

Words task (only nouns
were

considered)

Not reported



HyperleX veronis 2004)

A Target word WSD developed for Information Retrieval
applications

ALYaaSLR 2F dzaiay3a &
aasSyasa FTNRBY (KS O
A Works only for nouns and adjectives

A Cooccurrence graph is constructed for words which co
occur with the target word

A Words which are syntactically correlated are connected
with edges

A Weight of an edge is determined by following formula:
w,z = 1 —max(P(A|B), P(B|A))



Example-of ceoccurrence:graph

) k] discharge)
E L7 (heat) , ( g
(steam) (shine)
CEl
Brator (positive)
(produce)
0T
(negative)
-aiﬁl A A (combustion)
(turbine) 2ET q=D

(fuel) (thunder)

Co-occurrence graph for the wogdly (electricity/lightening)



Root'Hubs Detection

HHE i
ITH (heat) . (discharge)

(turbine) ECE) T
(fuel) (thunder)

UGy LI UG )

Cooccurrence graph for the worg b (electricity/lightening)

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



Target'Word/Added

ITE (heat) A =HE (discharge)

(turbine) ZEd arEs
(fuel) (thunder)

Cooccurrence graph for the worg b (electricity/lightening)

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



Minimum Spanning Treefound

El | ; i
A (heat) CIE] (shine) (discharge)

Seft drsT(Target Word)

energy)
@

2o
,,/""'O (positive)

) =7
(negative)
. (combustion)

(turbine) EChl qT=d

(fuel) (thunder)

Cooccurrence graph for the worg b (electricity/lightening)
Then score vector for each word is computed as follows:

1
if v e component i
S; =11+ d(h, v) f P
0 otherwise

Where,d(hi,V) is the distance between the root hub and nodev



Hyperiexcontd..

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

A The score vectors of all words are added for the given
context

A The component with highest score becomes the
winner sense

A Accuracy: 97% for 10 highly polysemous French words



Comparing WSD: approaches
e
Supervised based

Accuracy high moderate
Coverage low low low hlgh
Need of tagged yes Very few no no
corpora
Need of No no no yes
Knowledge

resources



Outline

A Introduction

I Ambiguity

I WSD Definition

I Position of WSD in NLP layers
A Motivation
A WSD block diagram

A Lexical Resources needed
I Sense Repository
I Sense Annotated Corpus
A WSD approaches
I Knowledge based
I Corpus Based (Supervised, Unsupervised)

A Applications



WSD /Applications

A Machine Translation
Pi¢eNFyatlraoS aoAfté FNRY 9V
i La pické |2 dknteg K
I Is it a bird jaw or an invoice?

A Information Retrieval
iCAYR |ff 2S00 tIF3Sa I o2 dz
I The sport or the insect?

A Question Answering
i2KIFIO0O A&a DS2NBS aAiff SNQa
I The psychologist or US congressman?



WSD @!1IT:Bombay



Unsupervised WSDapproaches

A Approach 1:
I Bilingual WSD using Expectation Maximization (EM) algorithm

(SudhaBhingardive SamiullaShaikh and Pushpak Bhattacharyya, Neighbor Help:
Bilingual Unsupervised WSD Using Context, Association for Computational
Linguistics (ACL) 2013, Sofia, BulgaraAugust, 2013

A Approach 2:

I Most Frequent Sense Detection using Word vectors or
embeddings

(SudhaBhingardive, Dhirendra SingRudramurthy, HanumantRedkarand
Pushpak Bhattacharyya, Unsupervidéditilinual 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, Mayl@de 5, 2015



Unsupervised WSDapproaches

A Approachi:

I Bilingual WSD using Expectation Maximization (EM) algorithm

(Sudha Bhingardiv&amiullaShaikh and Pushpak Bhattacharyya, Neighbor Help:
Bilingual Unsupervised WSD Using Context, Association for Computational
Linguistics (ACRP13 Sofia, Bulgarial-9 August,2013)



Problem:sStatement

A For a given untagged text of two languages perform word
sense disambiguation using unsupervised technigue



Overview of the approach

A Extension of Bilingual WSDKhapraet al.,2011) by
adding context

A Two resourcescarce languagesn help each other without
the need of any sense tagged corpora in either languages.

A Approach uses untagged corparalthe aligned wordnets

A Approachrelies on the key observation that sense
distribution of any language remains same within a domain

A ContextbasedEM formulationis used for estimating the
sense distribution

A An improvement ofl 7% - 35% in verb accuracy



Mode of Working

Marathi Language Hindi Language

n. =D mar ar X
e 5 (S, §) paaio,

e ™ parne oi

A bipartite graphcofi translation correspondences



Formulation

Marathi language

#(amar’ paar)
#(S, paan+#( S, paay

Je P(S™| paa)=

Using Crosslinks in Hindi:

#(S", pattg+#($", parnd
#(S", pattg+#(S", pamnd #( S, pann

#S™, pattg n #( pat

Marathi language

P(§™ | paan=

where

b s oatiae (S, paan+#($*, pamp
S PSP e paan - #(S7. parmp (S, pa



Formulation byKhapraet al.,2011

E- Step: a P(p (SLl) V). #(V) s*1 synsets(u)
P(SLl u)= - g vi crosslinks (u,S™)
a a P, (S)1Y)#(y) i crossiinks, (uS")
§t Y
M- Step:
4P (S I0ay 2 ROy
P(S% | ) == ' ul crosslinks( v 8)
a apP(p,(S°)12.#(3  zi crosslinks( v 8)

§2 z



Adding Context

Basic formulation

P(S"| pattd*#( pattp+ P S| para#( parpa
P(S"| patt3*#( pattp+ P 8| pama#( paha+ (B'S  paphé(  par

P(Snar | paa') _

After adding the context

#S'" | patta, ped.#( patta pedl
+ #(S™ | parna ped.#( parna pey
#§'" | patta, ped.#( patta pejl
+ #S™ | parna, ped.#( pama pej
+ #S]" | panna ped.#( panna pe

P(S™ | paan zaall=




Adding Semantic Relatedness

A Concurrence counts are unreliable

A They can make sense only if we have huge amount of
corpora

A Semantic relatedness gives a good estimation-of co
occurrence count.



New Formulation

After adding semantic relatedness

E-step: M -step:

P(S" u,a) = P(§7|v,b) =
ZZPR/ S4)|x,) - 6(x, b) Z;PRLI(S )»,a)-o(y,a)
l x.b -
where,SF' € synsets , (1) where, SzL * € synset St, (v)
a € context(u) b € context(v)
v € crosslinks, (u,S™) u € crosslinks L (v, 512)
b € crosslinks , (a) a € crosslinksy, (b)
x € crosslinks,, (u.S,I»" ) y € crosslinks, (v, S‘llz)




Results on Health domain

= EM-Context ® EM ®WFS m EM-Contextm EM m WFS

N A Adj V i
oun Adv  Adj Verb Overall Noun Adv Adj VerbOverall

Hindi Health Domain Marathi Health Domain



Results on Tourism domain

® EM-Context mEM = WFS = EM-Context mEM = WFS

Noun Adv Adj Verb Overall Noun Adv Adj Verb Overall

Hindi Tourism Domain Marathi Tourism Domain



Error Analysis-contd..

Ue |l YRy
(vahapatte khelrahethe)
(They are playing cards)

UOI#NJAE |l Bry
(vahapedke nichepatte khelrahe hal)
(They areplaying cards below the tree)




Error Analysis

OL OBAIO0F EiN %@y Ry]
(meinbagkaaphoto nikaalrahii hun)
(I am clicking the photo of bag)

O OBAIOI EiN %@y Ry]
(meinbagse photonikaalrahii hun)
(I amtaking the photo outside the bag




Error Analysis-contd..

A We have considered single word crosslinks in our approact

A Sometimes one word has mulbrd crosslinks in another
language.

y O >zl U W gu| B Py dhixYd U Ul P
(ab) aafg yaveli, yaveles hyaveli, hyaveleg
(Hindi) (Marathi)




Error Analysis:contd..

A Resourceelatedproblems:
t too finegrainedHWN senses

~ Oy k DBE x 1+ x 1+lod , y kDY xy ExBIAGNgUI PPhPi~ 0D
B8Oy AgUy Ul N| e3% nuUi bPGEg-Uj( UN|] 3% O} ~C

O +a 0 ¢ OO OT+HE x J+il px j+iy Kk D3y +%h) O/O %LBE E 8@
L Y% 08 O "z A U8B Q¥ Boy”




Bilingual WSDusing/Word Embeddings

A Word embeddingsire used aapproximation to the co
occurrence counts

A Verbaccuracy improved b§.5% for Marathi.

A Adjectiveaccuracy improved by% for Hindi and2.5% for
Marathi.

WSD Algorithm HIN-HEALTH MAR-HEALTH
NOUN ADV ADJ VERB Overall NOUN ADV ADJ VERB Overall
Combined 59.32 6898 63.18 60.02 60.94 | 6275 61.19 56.22  60.99 61.30

EM-C-DistSimi 59.59 69.20 63.87 55.73 61.09 63.09 61.82 55.60  43.69 58.92
EM-C-WnSimi 59.82 67.80 56.66  60.38 59.63 6290 62.54 53.63 5249 59.77
EM 60.68 67.48 5554  25.29 58.16 63.88 58.88 55.71 35.60 58.03
WES 5349 73.24 55.16  38.64 54.46 59.35 67.32 38.12 3491 52.57
RB 3252 4508 3542 17.93 ‘33.31 33.83 38.76  37.68 18.49 32.45




Unsupervised WSDapproaches

A Approach2:

I Most Frequent Sense Detection using Word vectors or
embeddings

(SudhaBhingardive, Dhirendra SingRudramurthyv, HanumantRedkarand
Pushpak Bhattacharyya, Unsupervidéditilinual Most Frequent Sense Detection
using Word Embeddings, Conference of the North American Chapter of the
Association for Computational Linguistics: Human Language Technologies
(NAACL2015 Denver, Colorado, USA, May/- Juneb, 2015)



Most Freguent:Sense:Detection

A Problem Statement:

A For a given word, find the most frequent sense of a word using
unsupervised technique

A Motivation :

A The first sense heuristic is often used as a baseline for WSD
systems

A For WSD systems, it is hard to beat thiseline % out 0f 26
supervised approaches beat this baseline)

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

A 1t would be useful to have a method of ranking senses directly
from untagged data



Most Frequent
Sense Detection

Related Work

UsingCategory
Informationfrom
Thesaurus

UsingWordNet
Semantic Similarity

Using Clustering by
Committee

Using Syntactic
Evidence

[MohammadandHirst, 2006

[Buitelaaret. al,200]]

[McCarthy et.al2007

[Panteland Lin,2002

[Lapataand Brew.2004



Our Approach/ [UMFSNE]

A A unsupervised approach MIFS detectiorusing word
embeddings

A Word embeddingf a wordis compared with sense
embeddingand the senseith highestsimilarity is
considered as the most frequent sense

A Extendable and portable: Domain independent approach a
easily portable to multipleanguages



Word Embeddings

A Represent each word with lesimensional real valued
vector.

A Increasingly being used in variety of Natural Language
Processingasks

A word2vectool (Mikolov et. al,2013
I Oneof the most popular word embedding tool
I Source code provided



Continuous bag of words model (CBOW)

Word Embeddingscontd..

Input Projection  Output Input Projection Output

w(t-2) w(t-2)

w(t-1) w(t-1)

w(t) w(t)

w(t+l w(t+1)

w(t+2 w(t+2)

Skip-gram model



Word Embeddings contd..

A word2vectool (Mikolov et.al, 2013
I It captures many linguisti@gularities

Vect o) e&taf nbgdadn + Vect or Yedon oongadnede)n



Word Embeddingsontd..

A Distributionally Similar words ofO U (fala, fruit)

words cosine similarity

+ U 0.840545

¥ Uy 0.705185

U 0.688565
bdiyj OU 0.685993
OO0d i 0.682171
bt el xx UAXx 3%0.677420
Yael O 0.672466
y NNy} b 0.655930

O RAx w 0.650811
z R 0.650100



Sens&mbeddings

A Thesensebag for the sens&Yis created as belgw

SB(Y)={ x|x - Features(Y)}
I FeatureqY) - WordNetbased features for senaé

A Senseembeddingsre obtained by taking the average of word
embedding®f eachword inthe sensédag

B, 0D Q®

b AY)

i "Y-ith sense of a word
i N - Numberof words present in theensebag™ Y



MFSIDetection

A We treat the MFS identification problem as finding the
closest cluster centroid.€., sense embedding)

A Cosine similarity is used.
A Mostfrequent sense sbtained

0 OY AOCIAA@Uw) QW
A U Q) - word embedding of a wora

A "Y- ith sense of word
A U 'QW -sense embedding for



MFSIDetection

02232196 cricket {eapinginsect;male 00477400cricket (a game played with a
makes chirping noisdsy rubbing the ball and bat by two teams o1 players;
forewings together) teams take turns trying to score runs)
_ - == - _ -~ -
4 - s N\ , 7/ - > N\
/ i \ \
, insect . " game .
/ .. : \ / ball \
1 chirping NOISES I played \
| 1 1
\ f : I 1 runst!
\ I/
\ orewings . team bat /
: / \ /
N rubbing , N ,

SenseBagS) SenseBagS)



MES! Detectioncontd..

insect /'
o noises cricket
Chlrp|n§1 _
forewings
rubbing
ball
pfayed game
S, runs

eam bat




Experiments

A. Experiments on WSD

1. Experiments on WSD using Sk{pram model
A Hindi (Newspaper)
A English(SENSEVAL-2 and SENSEVAL3)

2. Experiments on WSD using different word vector models

3. Comparing WSD results using different sense vector models
A Retrofitting Sense Vector Model (English)

4. Experiments on WSD for words which do not existSemCor

B. Experimenton selected words34 polysemousvords
from SENSEVAL:-2 corpug
1. Experiments using differemtord vectormodels
2. Comparingresults withvarioussizes of vectodimensions



Experiments

A. Experiments on WSD

1. Experiment®n WSD using SkigGram model
A Hindi (Newspaper)
A English(SENSEVAL-2 and SENSEVAL3)



[A.1] Experiments-on’\WWSD:using
skip-gram model

A Training of wordembeddings
I Hindi: Bojar (2014 corpus 44 M sentences)
I English Pretrained GoogleéNewsword embeddings

A Datasetsised for WSD:

I Hindi: Newspaper dataset
I English SENSEVAL:-2 and SENSEVAL3

A Experiments are restrictéd only polysemousiouns.



[A.1] Resuitson"WSD
| HINDIWSD | Newspaperdataset

Precision Recall F-Score
UMFS-WE 62.43 61.58 62.00
WES 61.73 59.31 60.49

ENGLISH SENSEVAL-2 dataset SENSEVAL-3 dataset
WSD

Precision Recall F-Score Precision Recall F-Score
UMFS-WE 52.39 52.27 52.34 43.34 43.22 43.28
WEFS 61.72 58.16 59.88 66.57 64.89 65.72



F-Score

a0

a3

ad

faf

f0F

65

60

Gl
1]

[A.1] Results>0iWSD contd..

A F-Score is also calculated for increasing thresholds on the
frequency of nouns appearing in the corpus.

F-Score wvalues for Our &pproach vs WFES on Hindi Mewspaper Dataset

©o# o Our Approach
WFS

¥

200 400 600 aoa 1000
Thresholds on frequency of nouns

Hindi WSD

F-Score

il

7o

f0F

6o

G

“o% s Oyr gpproach **
SemCor I e
.¥.
*
G0 .
2 3 4 a B 7 ] ]

al

F-Score wvalues for Our &pproach vs SemCor on English SENSEVAL-Z2

1

Thresholds on frequency of nouns

English WSD

10



[Al] Results>0iWSD contd..

A WordNetfeatureselectiorfor senseembeddinggreation

SenseVectors Using

WordNet features

SB

SB+GB

SB+GB+EB
SB+GB+EB+PSB
SB+GB+EB+PGB
SB+GB+EB+PEB
SB+GB+EB+PSB+PGB
SB+GB+EB+PSB+PEB
SB+GB+EB+PGB+PEB

Precision| Recall | F-measure

51.73
53.31
56.61
59.53
60.57
60.12
57.59
58.93
62.43

SB+GB+EB+PSB+PGB+PE 58.56

38.13
52.39
55.84
58.72
59.75
59.3
56.81
58.13
61.58
S57.76

43.89
52.85
56.22
59.12
60.16
59.71
57.19
58.52
62
58.16

SB:Synset Bag
GB:Gloss Bag

EB Example Bag

PSB Parent Synset Bag
PGBParent Gloss Bac
PEBParent Example
Bag

Table:Hindi WSDresultsusing variousVordNetfeatures for Sense Embedding creation



Experiments

A. Experiments on WSD

1. Experiments on WSD using Sk{pram model
A Hindi (Newspaper
A English (SENSEVAE2 and SENSEVAL3)

2. Experiments on WSD using different word vector models



[A.2] Experimentso-on/'WSD:usinarious
Word Vector models

A We compared MFS results on various word vector models
as listed below:

Word Vector Model

SkipGram-GoogleNews(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 (Huanget. al, 2013) 50
Multilingual (Faruquiet.al, 2014) 512
SkipGram-BNC (Mikolov et. al, 2013) 300
SkipGram-Brown (Mikolov et. al, 2013) 300

Table:Word Vector Models



[A.2] Experimentso-on/'WSD:usinarious

Word Vector models contd..
SkipGramGoogle
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
GlobalContext 48.3 32.02 31.77 20.66
SkipGramBNC 53.03 48.87 39.25 23.14

SkipGramBrown 30.29 48.87 27.10 13.29

Table: English WSD results for words with corgrequency >2



Experiments

A. Experiments on WSD

1. Experiments on WSD using Sk{pram model
A Hindi (Newspaper
A English (SENSEVAE2 and SENSEVAL3)

2. Experiments on WSD using different word vector models

3. Comparing WSD results using different sense vector models
A Retrofitting Sense Vector Modglauhaet al,2015



[A.3] Results>-on"WSD

SkipGramGoogle
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
SkipGramBrown Our model 29.31 60.6 23.17 11.42
Retrofitting 11.49 68.68 21.95 1.26

Table: EnglisHNSD results for words with corpus frequencg >



Experiments

A. Experiments on WSD

1. Experiments on WSD using Sk{pram model
A Hindi (Newspaper
A English (SENSEVAE2 and SENSEVAL3)

2. Experiments on WSD using different word vector models

3. Comparing WSD results using different sense vector models
A Retrofitting Sense Vector Model (English)

4. Experiments on WSD for words which do not existSemCor



|A 4] English WSD results forr SENSEVAL
words which domnot-existirsemCor

SkipGramGoogleNews 84.12
Senna 79.67

RNN 24.59
MetaOptimize 22.76
Glove 79.03

Global Context 28.09
Multilingual 35.48
SkipGramBNC 68.29
SkipGramBNC-Brown 74.79

proliferate, agreeablehell_ringer audacious, disco, delete, prestigious, option, peal, impaired, ringer, flatulent,
unwashed, cervixdiscordant eloquently, carillon, fulblown, incompetencestick _on illiteracy, implicate, galvanize,
retard, libel, obsession, altar, polyp, unintelligible, governabed, ringing




Experiments

A. Experiments on WSD

1. Experiments on WSD using Sk{pram model
A Hindi (Newspaper
A English (SENSEVAE2 and SENSEVAL3)

2. Experiments on WSD using different word vector models

3. Comparing WSD results using different sense vector models
A Retrofitting Sense Vector Model (English)

4. Experiments on WSD for words which do not existSemCor

B. Experiments on selected word®glpolysemousvords
from SENSEVAL:-2 corpus)

1. Experiments using different word vectoodels



[B1] Experiments onselected-words

A 34 polysemousiouns where each one hatleastwo sensesnd which
haveoccurred at least twice in the SENSEVAIdataset arehosen

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



[B1] MFSIResults on 'selected:words

SkipGramBNC 63.63
SkipGramBrown 48.38
SkipGramGoogleNews 60.6
Senna S57.57

Glove 66.66

Global Context 51.51
Metaoptimize 27.27
RNN 51.51
Multilingual 63.4

Table: EnglishVSD resultdor selectedwords fromSENSEVAL-2 dataset



Experiments

A. Experiments on WSD

1. Experiments on WSD using Sk{pram model
A Hindi (Newspaper
A English (SENSEVAE2 and SENSEVAL3)

2. Experiments on WSD using different word vector models

3. Comparing WSD results using different sense vector models
A Retrofitting Sense Vector Model (English)

4. Experiments on WSD for words which do not existSemCor

B. Experiments on selected word®glpolysemousvords
from SENSEVAL:-2 corpus)
1. EXxperiments using different word vector models
2. Comparing results with various sizes of vector dimensions



[B2] ComparingMFS: resultsvith various sizes

of vectordimensions
SkipGramBNC-1500 60.61
SkipGramBNC-1000 60.61
SkipGramBNC-500 66.67
SkipGramBNC-400 69.69
SkipGramBNC-300 63.64
SkipGramBNC-200 60.61
SkipGramBNC-100 48.49

SkipGramBNC-50 51.52



MFS{forlndian Languages

A Polyglot word embeddingsire used for obtaining MFS.
I word embeddingsre trained using Wikipedia data.

A Currently system is working foMarathi, Bengali,Gujaratj
Sanskrit, Assamese, Bodo, Orimannada Tamil, Telugu,
MalayalamandPunjabi.

A Due to lack of goldiatg we could not evaluate results

A APIsare developed for finding the MFS for a word

Ihttps://sites.google.com/site/rmyeid/projects/polyglot



MFSfor using BabelNet

A MFS is calculated by usingabelNetas a sense repository.

A BabelNetcovers271languages and is obtained from the
automatic integration oiMordNet, Open Multilingual
WordNet, Wikipedia, Omega Wiki, WiktionarWikidata

A System is workindor English, Russian, Italian, French,
German.andSpanish.

A Dueto lack of gold data, weouldn'tevaluate results for
theselanguage.



Conclusion

A WSD helps in solving ambiguity

A Bilingual WSD approach showed how two resource
deprived languages help each other in WSD

A Unsupervised MFS approach showed that how word
embeddings captures the MFS of a word

A Both the approaches are language independent
A They can be used in NLP applications
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