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Abstract

Word Sense Disambiguation (WSD) is defined as the task
of finding the correct sense of a word in a specific
context. This is crucial for applications like Machine
Translation and Information Extraction. While the work
on automatic WSD for English is voluminous, to our
knowledge, this is the first attempt for an Indian language
at automatic WSD. We make use of the Wordnet for Hindi
developed at 1IT Bombay, which is a highly important
lexical knowledge base for Hindi. The main idea is to
compare the context of the word in a sentence with the
contexts constructed from the Wordnet and chooses the
winner. The output of the system is a particular synset
number designating the sense of the word. The mentioned
Wordnet contexts are built from the semantic relations
and glosses, using the Application Programming
Interface created around the lexical data. The evaluation
has been done on the Hindi corpora provided by the
Central Institute of Indian Languages and the results are
encouraging. Currently the system disambiguates nouns.
Work is on for other parts of speech too.
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1. Introduction
Word Sense Disambiguation (WSD) is defined as the task

of finding the correct sense of the word in a context. The
task needs large amounts of word and word knowledge.
Let us consider the word ¥&s=4 in the following Hindi
sentence:

FIdg B Th FHAT A &g & AW § AN
TEpld vd Afed WA & Y 3AP FIH
T qUT U1 USAT § 30 3Thd, HYATE, 314G,
oftl, 3 3 HeT I &

Figure 1.1: One of the possible usage of &=y

From the Hindi Wordnet®, we find that there are 6 senses
of TFI=Y, viz,

1. GaY, FIeY, Adeld, A1dT, died®, aredT, Rear -
bl GPR BT T AT TGS ST BIH & TH
a7 P FIET TE &

IR H TE PR 1GEE T s # GE
Ueg & Gy AFY FAd gar & aay FRE B
st @1 &, #, @ & & e & S T8 fhw

3. NG, 6O, WIS, HHIT - &7 qega H e
GPR BT T IT F9d Focll= arell dcd: "qrd
YEA-38a dl SRl & & aona g Siar &

4. way, @™, Rear - fAgE yyar @@
1347 "o & [T [erEgy # dae g gl
T &

5. Y, WHIY - U HY §Y, g5 AT [Aeid

T - & IO Fael # ganear it

g‘”

6. @, Rear, @y, @eae" - FHgogl @7 aF
UREGRE I S Tep g ol H Tl et 3rear
faarg sife axa & glar & AYRAT & HTTHr

Figure 1.2: Senses of @< obtained from the Wordnet

In this particular case, sense 1 is the most appropriate one,
though sense 5 and 6 too are relevant.

1.1 Related Work for English
Yarowsky proposed a solution to WSD using the
thesaurus and a supervised learning approach [3]. Word

" Hindi Wordnet [8] is an important lexical resource
developed at IIT Bombay, India.



associations are recorded and for an unseen text, the
senses of the words are detected from the learnt
associations. Aggire and Rigau uses a measure based on
the proximity of the text words in Wordnet (Conceptual
Density) to disambiguate the words [4]. The idea that
translation presupposes WSD is given by Nancy Ide. to
disambiguate words using bilingual corpora [2]. The
design of the well-known work-bench for sense
disambiguation for WASP is described by Kilgarriff [5].
Lin [16] and Lesk [17] have studied theoretical definitions
of similarity and provided word similarity measures-
which are hypernymy based and gloss based respectively.

2. Wordnet Principle

Wordnet is an online lexical reference system whose
design is inspired by current psycholinguistic theories of
human lexical memory [1]. Each word meaning can be
represented by a set of word-forms known as synonym
sets or synsets. Synsets are created for content words, i.e.,
for Noun, Verb, Adjective and Adverb.

2.1 Lexical Matrix

The following table- called Lexical Matrix- is an abstract
representation of the organization of lexical information.
Word-forms are imagined to be listed as headings for the
columns and word meanings as headings for the rows.
Rows express synonymy while columns express polysemy.

Word Meanings | Word-Forms
F, R Fs ... F
M; Ei1 Eip
MZ E22
M Ess
M, Emn

Table 2.1: lllustrating the concept of Lexical Matrix

For example, the synset {@e&, U=, e, &=} gives the
meaning SuaoT fSradh WerraT & HIETS 3 W fora €. were
belongs to a synset whose members form a row in the
lexical matrix, and the row number gives a unique id to
the synset. @er@ has another meaning- Uz #r ag &=t St
GEl STE ot A gE Us 3 ddg @eme & faw #rér sme- which
comes in the column headed by this word.

2.2 Semantic Relations in Wordnet

Hindi Wordnet design is inspired by the famous English
Wordnet [1]. The basic semantic relations are as follows:

Relation Meaning

Hypernymy/Hyponymy Is-A (Kind-Of)

Entailment/Troponymy Manner-Of (for verbs)

Meronymy/Holonymy Has-A (Part-Whole)

Table 2.2: Illustrating the nature of the relations in
Wordnet

For instance, we have the synset {&x, 7&}. The
hypernymy relation (Is-A) of it links to {3mam, fRam}.
Its meronymy relation (Has-A) links to {3fferar} {sRmer}
and {3reag=r a1} and hyponymy relation to {a@}, {&w=r}

and {sirag}.

el 51 W o 0 T S
A drrom g b

Figure 2.1: A small part of the Hindi Wordnet

2.3 Wordnet Application Programming Interface
The WSD task needs various information from the
Wordnet, which in turn calls for the availability of an
Application Programming Interface to the Wordnet.
Figure 3.1 shows the organization of the API. To take a
particular example, findtheinfo() function receives input
arguments as word form, syntactic category, search type
(e.g., hypernymy) and sense number. This will return the
search type (i.e., hypernymy) output in a buffered form.
These APIs are meant to do followings: (1)
Morphological Processing (2) Database Searching (3)
Utilities. Morphological processing routines extract the



stem from the word. Database search functions are used
retrieve information from the Wordnet. Utilities are useful
in other operations which might be useful to process
words.

findtheinfo getindex

in_wn index_lookup

morphstr  parse_synset

Figure 2.2: Layers of Application Programming Interface
around the Wordnet

3. Methodology: Our Approach to WSD

We describe a statistical technique for assigning senses to
words in Hindi. A word is assigned a sense with the use
of (i) the context in which it has been mentioned (ii) the
information in the Hindi Wordnet and (iii) the overlap
between these two pieces of information. The sense with
the maximum overlap is the winner sense.

WSD Algorithm: Finding the word’s Correct Sense
1. For a polysemous word w needing
diambiguation, 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
(@) Let B be the bag of words obtained

from the
()] Synonyms
(m Glosses

(D) Example Sentences

(v) Hypernyms

V) Glosses of Hypernyms

() Example Sentences of
Hypernyms

(VIl)  Hyponyms

(VII)  Glosses of Hypernyms

(IX) Example Sentences of
Hypernyms

X) Meronyms

(X0 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 overlap.

Figure 3.1 gives the pictorial description of the basic idea
of the strategy. The idea behind using the intersection
similarity measure is to capture the belief that there will
be high overlap between the words in the context and the
related words found from the wordnet lexical and
semantic relations and glosses.

Text I
Document

Hindi Wordnet

\4
[ Semantic Relations ]

WSD

Algorithm

Figure 3.1 Extracting semantic relations from Wordnet
and building context from the text for WSD

4. Components in the System

4.1 Parameters
e Wordnet relations: We have used hypernymy,
hyponymy and meronymy relations. Since, these
relations are semantic in nature; we obtain the
synsets, their glosses and example sentences. We
call the collection of words from words from
Wordnet as the Semantic Bag.

e Word Context Size: The current sentence in
which w is forms the most important context. We
add to this the previous and the following
sentences too. We call the collection of context
words as the Context Bag.

4.2 Implementation Modules
e BuildContext: This module builds the context
bag from the input document.



e NounSemanticExtractor: This module builds
the semantic bag by exploiting the semantic
relations in the Wordnet. Input to this module is
the polysemous word.

e Tokenizer: This module finds the unique tokens
from the input document. This is an intermediate
module required by BuildContext and
NounSemanticExtractor.

e Intersection: This computes the
between the two input bags.

e Rank: This ranks the senses according the
amount of intersection.

overlap

The details of the functions used for the WSD task is
given in Appendix-I.

5. Evaluation

We use the Hindi corpora from the Central Institute of
Indian Languages (CIIL), Mysore as the test bed for sense
disambiguation. We do this task currently for nouns only.

5.1 Test Document

Following is the part of a test document. The domain is
sociology.

I AR W I A7 A A F T A @ & 3 W uIm
Tt uat fauat 3 urga f Sch ¥ AR W oA uw B @
oo RIS & 6 3 A f P Tl uenfy o @ &
AN R B T FIAG IR 3HS WAl Wiecd H el
gonfa 37 a g ¥ A& @ I Rae Fe § YF AT € 59
W oA S Ay uf¥e & faurd 3 & faar fear €1 aed:
I A 0T WF & 3R AT 3T F s@dr w9 ST & ABAT
afrog o & @y & cggryr eiF rRur el Rgea
T & couE el F A9 F sTF Ty yefa Swer F G
3 AT QAT TAHIAS € 9 &A AHAIATer Bl 36 AAGRT
F ATIHA I I & fF ARAAY F TF Y A A &THAT & A
gl el guit A ScUed FRA A ETAAT ATl 3 A b ey H
IRt 1 faRE @ off 3w uaT F AR uRgd W W ©
6 oRdad # & anfe giE g8 3R a6 @ faw & #w Faew
EIMFKIdE @ R AAGUAME dh yofifd fadwor & st aea
e & 3 3 & gAda & fAfdag w0 @ f19fcs ok #a
AR gaer 3R Rgedaa Affieaard e § 3 39 duy
& o RUfa Tad Tl & AW I 3G USfa A B D
IUET & AfeE 3RfeE Hg Fer 3R FeEd gdia ST &
auf eree &1 GO & Y F Kodg F uAE U A & fheg
3qe ST FATSD Halg & A F o gan ¥ Four IR Yo
gul & WER u¥ & Ig Y < AT AT & 6 var guy
yonfaerd ¢ & O 3 afas gonfa & & I Raww wa g
>R GfaoT & §OY & w9 G I S & i Fer o g
IAPT FFISY IR0 Y ¥ Th & uRaR #F g IR Fer
ot & W @9 & el § FH MUN W I I TEJd LA
5 gfast & qaar R@ ik 3t & qaar fasoy & @oeay &

ufehar W& & SRS oorar & dife fasop gpeor aut & g 3R
RIg YR gof &I saA ar vy @ Yo 3R g @ geor g
TRT AT Tl Sadse & AN d el auf b T W
g 3R RAwy & caaeRe T@ET B OWUR g & § g
gaERe YR W I @ RAHwor @ g ar 3 genfa &
TIPY TEROMTT A8l & U g |Fede & U EX00 8 TE
¢ f&6 gl ereg HEROT Ud gaEaETd A8 @ fAAW wU A FE1
€3 & 3R 3@ gAoT Sifd & 3 o o gam ¥ v WA W
SEIoT & feew 3R YE P ONPT Pl I F| Tl G A &
U eI ®U @ 0T AR @A Fagg At 3t @ g
U ST ¥ Wede Y WAl B AR JIEINT B A@rT Sis a]
aWA WX TS BT & R YR Aee A GAWT ST b HE HF gan
TS YE F OITROT W AT A @A fRAT T E A TE
GLARGEICE! BT A YA g3 ¢ & o & fow 3nR
Ueg & gAeT § TE ¢ fF ¥g a3t st & geea F w9
# ufdE g8 ¥ aEga: YT Aweq BT AT a1 AR sen b fow
ol g3 &I IR e B HS ¢ HY daT & yHCHD wlad
g AR 3 A &1 d g & A T Fedel Seod AT &
Stel afget 3R gEg3t & 9ig aa & v 5o ¥ W & =
gl Ifg Foor auf & IR W g e A9 a 39 AR A
wdar A S s AR & 5 rgHt & Ry @ At
#r e & v aRIR wdar fr R ¥ 39 3gI0n F TAE BT
¢ 5 el & AINE 8 IJERed Heaar @ &1 afei @
aftera 3R gEgst @ 3w @ M E grg AR aw &
e 3R A tF & 7S D &t E Far A QA & A
3§ AR B 3T F alda W § QA & TIE ARE
IRRUT & FT H U A &l A & Auda guw #d Qe
M & T § wod: AR & T QA TET FUF a4 AR
3R 3k e & o g &7 seg @ wdar & R g
gl & fo 3 et @ e § B 39e Iftw Ry @
HROT JAIRG Vgifedd AR TGEANET &1 all P 31hg Hel
T & e dcud © R a3 ORYRT & W § St a9
gF # RY A | K9G A v war d gxg & AQwed §
AN TERA Td AfSH FATST & AT 3ech Toaed W qOT TemeT
USAT ¥ 3e% 3ehq YA HAE UMY IS IS FE AT T
HHA Ui reg U HIF & foT 3T & U o At Rl &
HFAN U BT FIRUT & AT & 38 W GEG el T &1 3D
TYE W g B ufer @ T g Tl o o TR e
I & 3AY AcTed TE ¢ fF IR Oy cygeymia ¥ sue guf
7 Sfd @ FAecaael @larize faduel & TwE ¢ 5 afew
aEdT & HAUR I Sfad &1 g8g 3R g8 Ry avxa €
IR @I T 38 TFER T WAl T ACH AT & AT I3
ST BT U W & T AP cHarwr F sgrae A€ & sea
IR W g% 3T Fel 77 &l 3¢ 59 W o g &a
g Ifew F1a ¥ & ToT @1 35T AGE cyawr i @HW Hr
@ & IRAR 3og H wdar & R & 5 et ¥ 3T cgawar
T F v g gg W AT FOG I cgawAr @ gaoor
TIETOT T ©| gl & WY 3 UPR F HEY & A yaATor ary




Sd EleEt & Wy ARel & duw # 3Ad FRUT # GO
AT ¥ rl A afde: wer A ¥ 3R g Tegd i ufdr eeg
w1 U AT G HEFAT P HIT B o

The results obtained from this particular document
are shown in table 5.1.

Accuracy

Science ]

History —‘—Ll

Children Literature
Word Synset Comment - _ !
R o, D, e, e, §, &, Ry, Correct g Mass Media S
ugfa, adre, diX, 3ieTs, 3iera, 8 Short Story ::L_“—‘—‘—'
PRI, BrIer, dry Al Sociology
o MU fHIUT el Tl Partially Science and Sociology
correct ‘ ‘
T USRI, T, Ui, Wied, FaT Incorrrect Agriculture : : o
gat a;r uréf, uaT Correct 0o 20 40 60 80
gFI=T TIY, FFGY, AT, AT, dTedd, Correct
Percentage of Accuracy
dTedfeh, daredT, RedT, SR
goy 37eR, aof, 3MER, W%, & Incorrect
Eikd 3, AICATE, ACH 3 Incorrect Figure 5.1: Histogram showing the WSD accuracy across
g 3R, AT, Beh, e, e, Correct domains for Hindi Words
UGG
3 TS, 371, a1, A1, T, 347, Correct Domain Percentage of Accuracy
a1, ST, TROT Agriculture 71.28
o e, e, g3, faar Partially Science and Sociology 50
Correct Sociology 48.34
L U, YT, 393, 19T, T, PIALT, Correct Short Story 52.97
2T, R Mass-Media 45.45
— — Correct Children Literature 37.78
R TR, @, AdeT Partially Iéh_story :515?5
Correct cience :
kil hidl > Corr'ect Table 5.2: WSD accuracy across domains for Hindi words
g HTY, Yail, 38, Hel, Tl Partially
Correct .
: - 6. Conclusion and Future Work
R sietare, TS, faer Partially In this paper we have used the Hindi Wordnet for a
Correct . ) - - -~
e e Incorrect fundamental NLP task, viz., disambiguation of Hindi
words. To our knowledge, this is the first attempt at
e wfa, are, gu, gfa, <o, mard, Incorrect automatic WSD for an Indian language and is a
fepic) significant step towards Indian language processing.
YR T Correct As can be seen, our accuracy values range from about
—s r———— Correct 40% to about 70%. The performance can surely be

Table 5.1: Results obtained from the test document

This way we tested the system on documents from
various domains. Table 5.2 summarises the results.

improved if morphology is handled exhaustively. The
system currently does not detect the underlying similarity
in presence of morphological variations. Since Indian
languages are rich in morphology, exhaustive pre-
processing for morphology is crucial in the whole WSD
process.

Our system currently deals with only nouns. Work is
on to include words of other parts of speech. The obstacle
there is the shallowness of the lexical network for non-
noun words. With the enrichment of- for example, the
verb hierarchy [18] - the system performance is expected
to be very impressive.
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Appendix - |

Hindi Wordnet API used for WSD.



char * morphstr (char *origstr, int pos):
Finds the base form of the word origstr (original
string) in the specified pos. The first call (with
origstr specified) returns a pointer to the first
base form found. Subsequent calls requesting
base forms of the same string must be made with
the first argument of NULL. When no more base
forms for origstr can be found, origstr itself is
returned.

unsigned int in_wn (char *searchstr): Finds
the part-of-speech. Returns an unsigned integer
with a bit set corresponding to each syntactic
category containing searchstr. 0 is returned if
searchstr is not present in pos.

IndexPtr index_lookup (char *searchstr, int
pos): Finds searchstr in the index file for pos.
Returns a pointer to the parsed entry in an Index
data structure. Returns NULL if a match is not
found.

char * findtheinfo (char *searchstr, int pos,
char *ptr_type, int sense_num): Searches the
database for relational information of a word.
Returns a pointer to the text buffer. ptr_type
gives the pointer to the relations in Wordnet and
sense_num is the particular sense number.



