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Abstract: Text informationprocessingdependscritically on theproperrepresentation
of texts. A commonandnaive way of representinga text is asa bagof its compo-
nentwords.This representationsuffersprimarily from two drawbacks,viz.,polysemy
andsynonymywhich arisebecauseof theambiguityof thewordsandthe lack of in-
formation aboutthe relationsbetweenthe words. This paperpresentsa model for
representinga text in termsof thesynsetsin theWordNet- thelexical knowledgebase
of Englishwordsalongwith thesemanticrelations.Thesesynsetsstandfor concepts
which correspondto thewordsof the text. In particular, a soft sensedisambiguation
approachhasbeenproposed.The text representationsoobtainedis found to convey
thekey ideasthatthetexts dealwith. WordNetrelationswith otherwordsin thesen-
tenceareexploitedto disambiguatethesenses.This schemehasbeenevaluatedusing
a goodnessmeasure basedthe informationcontentof the representationof the text.
As anactualapplication,theproblemof text classificationhasbeentakenup,andthe
resultsareencouraging.

Keywords: WordNet, Synonymy, Polysemy, SemanticGraph,Synset-Ranking,Docu-
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Classification

1 Intr oduction

Representationof texts is critical in text informationprocessingtaskslikeretrieval, classi-
fication,clustering,summarization,question-answeringetc.Somecommontext represen-
tationschemesarebag of words [Nigamet al1999] [Dumaisetal1998] andwebpagesas
a setof links to otherpages[Pageet al1998] [Kleinberg1998].

Words in documentshave multiple meanings(polysemy), or several wordscanhave the
samemeaning(synonymy). For example,asa noun, the word bank is polysemous.In
thesenseof river bank,thewordsbank, camber, river sideetc, areclosesynonyms. The
problemof correctsensedetermination(with respectto a standardlexicon) in a context
is called Word SenseDisambiguation(WSD) [Yarowsky1992] [Agirre andRigau1996]



[GaneshandPushpak2001]. The meaningof a word dependson the meaningsof the
surroundingwordswhich in turn may be ambiguous.An importantobservation is that
meaningemergesthroughmutualsensereinforcementof possiblyambiguouswords.For
example,let us take the sentenceI reachedthe bankusingtheboat. Bankhas10 senses
accordingto theWordNet[Fellbaum1998], while boathas2 senses.Theriver banksense
of bankandthewatercraft senseof boatarerelatedthroughtheriver concept.Thisshould
helpusdisambiguatetheseindividualwords.Thefirst question,however, is howdoesone
discover therelationshipsbetweenboatandriverononehandandthatbetweenbankand
river on the other? Approacheslike LatentSemanticIndexing (LSI) [Dumaiset al1998]
rely on frequentco-occurrenceof wordsasanapproximatedisambiguator. However, there
is no way of detectingword similarity if they do not co-occurfrequentlyenough;nor is it
possibleto detectpolysemoususageof wordsif somesensesof aword arerarelyused.

Thuskeepingin view thefactthatWSDis a majorhurdleto becrossed,weaskif therebe
a methodfor capturingtheessentialinformationin a text, withoutrequiringanytraining
data. In particular, we proposea soft sensedisambiguationapproach.Onepossibility
of finding theanswerlies in usingtheWordNethypergraphstructureconnectingrelated
sensesof wordsthroughdifferentsemanticrelations.

In the following section(section2), we discusstheWordNetwhich is the foundationfor
ourwork andalsoreview therelatedwork. Section3 dealswith theproblemof generating
text representations.Section5 describesvariousschemesfor ranking synsetsthat are
usedfor the representation.Evaluationandresultsarepresentedin section7. Section8
concludesthepaper.

2 WordNet and relatedwork

TheEnglishWordNet[Fellbaum1998] is anonlinelexical referencesystemwhosedesign
is inspiredby currentpsycho-linguistictheoriesof humanlexical memory. Englishnouns,
verbs,adjectivesandadverbsareorganizedinto synonymsetsor synsets, eachrepresenting
oneunderlyinglexical concept.Nounsynsetsarerelatedto eachotherthroughhypernymy
(generalization),hyponymy(specialization),holonymy(wholeof) andmeronymy(partof)
relations.Of these,(hypernymy, hyponymy) and(meronymy, holonymy) arecomplemen-
tary pairs.

Theverbandadjectivesynsetsareverysparselyconnectedwith eachother. No relationis
availablebetweennounandverbsynsets.However, 4500adjective synsetsarerelatedto
nounsynsetswith pertainyms(pertainingto) andattra (attributedwith) relations.



DOG, DOMESTIC_DOG, CANIS_FAMILIARIS 

CORGI, WELSH_CORGIFLAG

meronymy

(from CANIS, GENUS_CANIS)

hyponymy

Figure1: Illustrationof theWordNetrelations.

Figure1 showsthatthesynset
�
dog, domesticdog, canis familiaris � hasahyponymy link

to
�
corgi, welshcorgi � andmeronymy link to

�
flag � (“a conspicuouslymarkedor shaped

tail”).

We useadjectiveswhosesynsetsarerelatedto nounsynsetswith pertainymy(pertaining
to) or to nounwordsthroughattribute (attributeof) relations.For example,theadjective
synset

�
Biblical, scriptural � pertainsto the nounsynset

�
bible, GoodBook,Holy Scrip-

ture, Holy Writing, Scripture, Word of God� while the adjective synset
�
beautiful� is an

attributeof thenounwordbeauty.

Attemptshave beenmadeto usethe WordNet in informationretrieval. [Scottet al1998]
discussestheuseof hypernymsto representtext in termsof thesynsetsof its constituent
words.But it usesword-sensedisambiguationasa separatemoduleto first determinethe
correctsynsetsof thewordsin thetext. [Agirre andRigau1996] attemptsto disambiguate
the wordsin a text usingthe ideaof conceptualdensityin the WordNet. Thesemethods
rely on makinghard decisionson word senses- retainingonly onesenseperword. Hard
decisionsmaybea requisitefor taskslike MachineTranslation,whereoneneedsto com-
mit to a word meaningbeforefinding an equivalentword in the target language.This
paperis differentin its approachin that it usesthe WordNetto simply identify concepts
or synsetsthataremostrelevantto thetext andranksthemaccordinghowthey helprelate
words in thetext to each other. No hard decisionon thesensesof wordsaremade,since
word sensedisambiguationis recognizedasan implicit taskratherthanan endin itself.
This is especiallyimportantsincethestate-of-the-artWSD systemsdo not performvery
well ongeneraltexts. As theexamplein thispaperillustrates,sensedisambiguationis im-
plicitly doneby identifying denselyconnectedregionsin thesemanticgraphfor thetext.
By thiswe hopeto avoid makingmistakesarisingfrom hard decisionson wordsenses.

3 Generating text representation

In thediscussionsthatfollow, werestrictourattentionto thenounpartof theWordNet.We
alsoconsiderthemapping(or association)of adjectivesto thenounsynsetsby pertainyms
andattributeof relations.Also we consideronly hypernymyandholonymyrelationsand
their inverses,viz., hyponymyandmeronymyrespectively.



3.1 Notation

Let � be a text containingwords �����	�
���	��
�
 ����� (nounsand adjectives)associatedwith
synsets���	������
�
�
 ��� in the WordNet. We view the WordNet as a directedgraph, ������ �"!#� . � is the setof verticesand ! is the setof directedarcs. �$�$���%���"���&
�
�
�
 ��'(� .�)��*
���,+-�/.0! iff either ��* is a hyponymof �1+ or ��* is a meronymof �,+ . Thesynsetnodes
which have no edgesincidentuponthemwill behereaftercalledroot synsets. Thereexist243

suchrootsynsets,in thenounWordNet,eachof which haveno hypernyms.

We call asbasissynsets, thosesynsetsto which wordsin the text belong. The graphof
synsetsthatcanbereachedby traversingthehypernymyandholonymy links startingfrom
all thebasissynsetsanduptotheroot will becalledthesemanticgraph ( �65 ) for thetext� . Suppose�65 has7 nodes.Let �68(9;:6<>=@?A= betheadjacency matrix for theDAG �65 .�68(9;:6<B�)CD�FE,��� 2

iff thereis anedgefrom ��* to �,+ in �65 . Else �68(9;:6<G�HCD�FE,���JI .

3.2 An example

Theword bankis ambiguous.Figures2 and3 show two differentdefinitionsof theword
bankbasedon theWordNetglosses.Eachword has,by its side,a numberin parentheses
showing the numberof synsetsin the WordNet in which it appears.Thusbankhas

2 I
senses,bodyhas K sensesandsoon. Word or termbasedrepresentationwill detectsome
similarity between�L� and ��� , whereas,we would like themto have little or no similarity.
Also, two texts dealing with similar or relatedtopics, but havingno words in common
shouldhavea similar setof highly rankedfeatures.

Definition 1 Bank(10)is a geological(1)formation(5)on the sides(12)of a water(7)
body(9)especiallyland(10)with a slope(2).It is a natural(14)formation(5).It couldbe
a beach(1)on theside(12)of thesea(3)or theocean(2)or a descent(6)on thesides(12)
of a river(1)or lake(3).

Figure2: DocumentMON : Thedefinitionof bankasa river-bank

Definition 2 Bank(10)is aninstitution(4). It lendsmoney(3) to business(1)establish-
ments(7)andplays(17)animportant(1)role(4)in commerce(3).

Figure3: DocumentM�P : Thedefinitionof bankasa financial institution

Figure4, shows thesemanticgraph �RQ � that containsthedifferentsynsetsfor thewords
in figure 2(� � ). Nodescorrespondto synsets,and arcs correspondto hyponymyand
meronymyrelations. For every nodein the graph,we have a node-id. Similarly a graph� Q � canbeidentifiedfor thetext �O� . Thegraph � Q � consistsof S�T 3 nodesand U@S 3 edges
while � Q � consistsof S 2 U nodesand SAS�T edges.
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Figure4: Semanticgraph VXWYN for thetext M N (figure2)

Our whole work is centered around collecting topic-specificsynsetsarising out of the
matterin thetext. In particular, a softdecisionis madewith respectto the inclusionof a
synsetin thiscollection. This approach,termedassoftsensedisambiguation, is described
in section4.

4 Soft sensedisambiguation

Word sensedisambiguationisdefinedasthetaskof finding thesenseof awordin acontext.
In this paper, we explorethe ideathatoneshouldnot commit to a particularsenseof the
word,but to asetof its senseswhicharenotnecessarilyorthogonalor mutuallyexclusive.
Very often the WordNet gives for a word multiple senseswhich are relatedandwhich
helpconnectrelatedwordsin thein thetext amongstthemselves,whichwe referto asthe
relevanceof thesense. Therefore,insteadof picking a singlesense,we rank thesenses
accordingto the degreeof their relevanceto the text. The following exampleillustrates
this point.

In thetable3 for text ��� , thesynset
�
depositoryfinancial institution,bank,bankingconcern,

bankingcompany� with node-id
2 KAU hasthe glossfrom the WordNetas“a financial in-

stitutionthatacceptsdepositsandchannelsthemoney into lendingactivities”. Thesynset�
institution, organization� can be reachedby traversingthe hypernymy link from this

synset.Thus,thewords,institutionandbankin thetext arerelatedthroughthesynsetfor
bankin thefinancialinstitutionsense.

Anothersynsetwith node-id S�IAZ is
�
bank� which hasthe WordNetgloss,“a supplyor

stock held in reserve for future use(especiallyin emergencies)”. This sensemay not
correspondto the meaningof bank as usedin the definition. But it is relevant to the
definition, sinceit dealswith money or possession. In fact, the synset

�
possession� is



reachedby traversing S hypernymy links from the synset
�
money � correspondingto the

wealthsenseof money and S hypernymylinks from thissynsetfor
�
bank� . In otherwords,

thesensein questionof
�
bank� relatesthewordsbankandmoney to eachother.

In section5, we presentU algorithmsto rankthebasissynsetsin thetext andalsorankall
synsetsthatcanbereachedthroughthesebasissynsets. Therankingof synsetsis subse-
quentlyevaluatedin section7. Sincethesimilarity betweenwordsis implicitly captured
in therankof their connectingsynsets,we representtext asa vectorof therankedsynsets
andsubjectthis representationto two evaluations-an information theoreticmeasureof
informationcontentandarepresentativetaskof text classification.

5 Synsetranking algorithms

The following threealgorithmsareusedto rank thesynsetsin thesemanticgraphrepre-
sentingthetext.

1. HubsandAuthorities

2. PageRanking

3. BayesianInferencing

5.1 Hubs and Authorities algorithm for synsetranking

This algorithmis motivatedby thepage-rankingalgorithm[Kleinberg1998] on theWorld
Wide Web. We call authorities, thosesynsetsthatprovidesignificantandusefulinforma-
tion on thetopic of thetext. For instance

�
bank,cant,camber� , � bodyof water, water� ,�

slope, incline, side� aresomeof thepotentialauthoritiesfor � � . Similarly,
�
depository

institution, bank� , � business� , � financial activity, commercial activity� aresomeof the
potentialauthoritiesfor � � . We call as hubs, thosesynsetsthat provide lots of useful
links to relevant contentsynsets(topic authorities� . � geological formation,formation� ,�
natural object,artifact � arefew of the potentialhubsfor �[� while,

�
socialgroup� and�

institution,establishment� aresomepotentialhubsfor ��� .
Thetaskat handis to computationallydeterminehubsandauthoritiesfor a particulartext
throughanalysisof its semanticgraph.We noticetwo mutuallyrecursive facts:Thathubs
point to lots of authoritiesand that authoritiesare pointedto by lots of hubs. Together
they tendto forma bipartitegraph.

We usean iterative algorithmto convergeon a mutually reinforcingsetof hubsandau-
thorities.Let 7 bethenumberof synsetsin thesemanticgraph � 5 . We maintainfor each
synset� * .\� 5 anauthorityscore:9>�)CY� andahubscore<G�HCY� , where< and 9 arevectors
of size7 . We initialize asin equation5.1.

<B�HCY���J9>�HCY��� 2 �Y]%CD
 (1)



We maintainnormalizedscoreŝ�^ <G^�^ �#�_^�^ 9#^�^ �#� 2
, where ^�^ <G^�^ � refersto the ` � norm

of < . Authoritiesarepointedto by many goodhubs.

9>�HCY� � a+�b c[dOeOfLg;hi+�j *�kHl � <G��E,� (2)

thatis, 9m�n�68(9;:6< 5 
 < . Also hubspoint to many goodauthorities:

<B��E,��� a+�b c[dOeOfLg;hi+"j *�kHl � 9#�HCY� (3)

thatis, <o�J�68(9;:6<p
 9 . 9 and< arecomputedby initializing with equation5.1anditer-
atingoverequations5.1and5.1. It isastandardresultof linearalgebra[GolubandLoan1989]
[Kleinberg1998] that the iterationsasymptoticallyconvergeto a fix-point. Specifically, it
canbeestablishedthatthevector9 convergesto theprincipaleigenvectorof �68(9;:6< 5 
 �68q9/:6<
andthatthehubvector < convergesto theprincipaleigenvectorof �68(9;:6<r
 �68(9;:6< 5 .
We maintaintwo rankingsof thesynsetsviz. oneaccordingto 9 andtheotheraccording
to < .

Thedistinctionbetweenhubsandauthorities,however, is ratherartificial. For agiventext,
asynsetcanactasbothahub,andanauthority. In conformitywith intuition, wefoundthat
hubsgenerallytendto be locatedtowardsthe top of thehyponymy-meronymy hierarchy
andauthorities,towardsthebottomof this hierarchy. Hubsaregeneralizedconcepts.An
alternativemethodof synsetrankingis to not to attemptto capturethedistinctionbetween
hubsandauthorities.This is because,it maybe very difficult to point out in a semantic
graphwhich arethehubsandwhich aretheauthorities.For instance,a text maycontain
a word belongingto oneof the root synsetsin theWordNetlike

�
entity� , � psychological

feature� or
�
abstraction� . Next we try to ranksynsetsjustby their authorityscores.

5.2 PageRanking algorithm for ranking synsets

This approachis motivatedby Google’s page-rankingalgorithm[Pageetal1998] (called
PAGERANKING algorithm).We notethatthein-degreealoneis notasufficient indicator
of the authority. Becausetheseincoming links may be oneof the many outgoinglinks
from the sourcesynsets.Therefore,we take into account,the out-degreeof the synset
nodes.

Considera text � andthe semanticgraph � 5 for � . Let 8 be a vectorsuchthat 8s�HCY�
is the authorityrank for the Cut)v synsetin � 5 . Let �68(9;:6< be the adjacency matrix of� 5 . Let w * be the out-degreeof the synset� * . We definea new matrix 9 of size CyxzC
as 9>�)CD�FE,�6� �'|{ iff �68(9/:6<B�HCD�FE,�(� 2

else 9>�HCD�uE@�6�}I . 9 representsthe graphasper
the intuition given above. A synset,��* , ‘gives’ an equalfraction of its authority to all
the synsetsit pointsto. The following equationsshow the initialization andthe iterative
algorithmfor computing8 .



8q~
���@�HCY��� 2 ��CY��� * CY���#���1��CY�y���,�[���������F���yI (4)

8 �&�Y� �)CY� � 2
^�^ 8 �&��� ^�^ � a+�b c[dOeOfLg;hi+�j *�kHl �

8(~Y���A��E,�w(+ (5)

thatis, 8 �&��� � eL�[?1dL�u�i�bib e � ?1d �u�i� bib � . Onecanview it asa processof synset-ranks‘flowing’ from
synsetsto the synsetsthey point to. It canbe proved that 8 convergesto the principal
eigenvectorof 9 . Alternatively onecanview synset-rankasmodelinga ‘randomsurfer’
thatstartsonarandomsynsetandthenateachpointrandomlyfollowsalink onthecurrent
synset. 8s�HCY� modelsthe probability that this randomsurferwill be on synset� * at any
giventime.

5.3 Bayesianinferencingfor synsetranking

In thissection,weexploretheuseof akernelbuilt usingWordNet,tomapfrom word-space
to synset-space.We build a BayesianBelief Network(BBN) [Heckerman1995] from the
semanticgraphfor this purpose.We first explain in brief, what a BayesianBelief Net-
work(BBN) is. A BBN for a setof randomvariables����� � �
� � ��
�
�
 � � consistsof
a network of � nodes,eachnoderepresentingone randomvariablewith directedarcs
betweenthenodes.Thenetwork structureencodesa setof conditionalindependenceas-
sertionsaboutvariablesin � anda setof local probability distributionsassociatedwith
eachvariable. Missing arcsbetweennodesencodeindependencies,conditionedon their
parents,suchthat

7|�H� � ��� � �
� � �n� � ��
�
�
 � � ��� � ���J� �*�l � 7|�H��*[����*D^ :69/*|�B7��,*�� (6)

where:69 * is avectorof ‘parentnodes’for node� * . Thelocalprobabilitydistributionfor
a node,givenits parents,is theterm 7|�)� * ��� * ^ :69 * �B7�� * � .
With every synset� * ��� 2\  C   7%� , in a semanticgraph,we associatea randomvariable��¡�{ , whosevaluecorrespondsto therelevanceof � * to thetext i.e., to its synset-score. In
addition,we associatea randomvariable �s¢&£ with eachword �L+&� 2¤  E   � thatoccurs
in the text. The BBN consistsof the randomvariables,� ¡-¥ �
� ¡ � 
�
�
�
 � ¡§¦ �"�s¢ ¥ ��
�
�
�
 �s¢A¨ .
Directededgesbetweennodesareaddedasfollows. A directededgeis drawn from � ¡ { to� ¡ £ if thereis a directededgefrom ��* to �,+ in thesemanticgraph.An arcis drawn from� ¡ { to �s¢&£ if �[+ appearsin ��* .
Weassumeaconditionalgaussiandistributionfor eachnode,with parametersmean©p� 2
andvariance�z�ªI�
iS&« . Thegaussiandistribution for a randomvariable��* with continu-
ousparents:69/* is givenas

���H� * ^ 7�� * � � 2
�[¬ S	­ �A®°¯

{u±@²´³ �%µ ¦�¶ {)· ��u¸ � (7)



where ¹ is avectorof weightson thelinks from parents:69 * of � * to � * , denotingtheir
relative importance.¹ 5 is thetransposeof ¹ . We setall theweightsto

2
sincewe have

no apriori knowledgeof whichof theparentsof � * is a moreprobable“cause”for � * .
To rankthesynsets,the � ¢ { nodesareclampedat

2
. Next, bayesianinferencingis carried

out to find the expectedvalueof eachof the internalnodes��¡�£ . Inferencingwasdone
using the BayesNettoolbox (versionasof

243 t)v November, 2002) [Murphy2001]. The
highertheexpectedvalue,thehigheris therankof thesynset.

6 Observation on ºy» and º½¼
Theresultsof applyingthesynsetrankingalgorithmsto � Q � and � Q � andlocatingthetopS�I highly synsetsin eachcasehave beenshown in figures1, 2, 3 and4. Theresultsfrom
thepagerankingalgorithmarefoundto beslightly better.

It maybenotedthat theword bankhasbeendisambiguatedin eachcasewheneitherthe
PAGERANKING or theBayesianinferencingalgorithmsareused.By disambiguation,we
meantheassignmentof thehighestscoreto thecorrectsynset.Also, many othersynsets
relatedto thecorrectsynsetfor bankhave got high ranks. In fact,theoverall rankingfor
thesynsetsshowedthatall thewordsin thetwo texts � � and � � weredisambiguatedin the
softsensedescribedin 4.

sea 0(b)
280(b)

ocean 0(b)
281(b)

water 0 H2O 0(b)

279(b)

river 0(b)
284(b)

lake 0(b)

282(b)

stream 0 watercourse 1
283

bodyofwater 0 water 0(b)
278(b)

surface 0 Earth ssurface 0
277

slope 0 incline 0 side 1(b)
215(b)

land 0 dryland 0 earth 1 ground 0 solidground 0 terrafirma 0(b)
274(b)

hydrosphere 0
275

lithosphere 0 geosphere 0

273

bank 2 cant 0 camber 0(b)
242(b)

descent 0 declivity 0 fall 0 decline 0 declension 0 downslope 0(b)

243(b)

bank 1(b)
244(b)

beach 0(b)

216(b)

Earth 0 world 0 globe 0
268

side 0(b)

213(b)

side 0(b)
260(b)

geologicalformation 0 geology 0 formation 0(b)

126(b)

Figure5: Semanticgraphfor text M N showing synsetsrankedtopby thePAGERANKING algorithm

Figure 5 shows someof the highly ranked synsetsobtainedby ranking themusing the
PAGERANKING algorithm. Note that theedgesin the graph4 have beenremovedin 5
for bettervisibility of thesynsets.Thereadermayalsonotethathighly rankedsynsetsare
clutteredtogetherin thegraph- indicatingthatrelevantsynsetsreinforceeachother.



HubScores Authority Scores¾
universe,cosmos¿ ¾

water, H2O ¿¾
collection,aggregation,assemblage¿ ¾

ocean¿¾
galaxy, extragalacticnebula¿ ¾

sea¿¾
group,grouping¿ ¾

lake¿¾
phenomenon¿ ¾

stream,watercourse¿¾
object,physicalobject¿ ¾

bodyofwater, water¿¾
geologicalformation,geology, formation ¿ ¾

location¿
planet

¾
unit, buildingblock¿¾

celestialbody, heavenlybody¿ ¾
object,physicalobject¿¾

universe,existence,creation,world,¿ ¾
artifact,artefact¿¾

naturalobject¿ ¾
land,earth,ground,terrafirma¿¾

entity¿ ¾
naturalobject¿¾

system¿ ¾
hydrosphere¿¾

slope,incline,side¿ ¾
surface,Earthsurface¿¾

naturalelevation,elevation¿ ¾
causalagent,cause,causalagency ¿

Table1: The top-ranked15 synsetsfor thedefinitionof bankasin figure2, obtainedby thefirst À
algorithms.

PagerankScores BayesianRegression¾
sea¿ ¾

sea¿¾
ocean¿ ¾

ocean¿¾
water, H2O ¿ ¾

water, H2O¿¾
river¿ ¾

river¿¾
lake¿ ¾

lake¿¾
stream,watercourse¿ ¾

stream,watercourse¿¾
bodyofwater, water¿ ¾

bodyofwater, water¿¾
slope,incline,side¿ ¾

land,earth,ground,terrafirma¿¾
bank,cant,camber¿ ¾

natural¿¾
descent,declivity, fall, decline,downslope ¿ ¾

bank,cant,camber¿¾
bank¿ ¾

bank¿¾
beach¿ ¾

descent,declivity, fall, decline,downslope¿¾
Earth,world, globe¿¾

side¿ ¾
side¿¾

geologicalformation,geology, formation ¿ ¾
surface,Earthssurface¿

Table2: The top-ranked 15 synsetsfor thedefinitionof bankasin figure2, obtainedby the last À
algorithms.

Hub Scores Authority Scores¾
activity ¿ ¾

aim,object,objective, target¿¾
act,humanaction,humanactivity ¿ ¾

executivebranch¿¾
organization,organisation¿ ¾

accumulation¿¾
diversion,recreation¿ ¾

administration,organisation¿¾
institution,establishment¿ ¾

sector¿¾
commercialenterprise,business¿ ¾

governmentdepartment¿¾
socialgroup¿ ¾

bankingindustry¿¾
commerce,commercialism,mercantilism¿ ¾

idea,thought¿¾
group,grouping¿ ¾

possession¿¾
finance¿ ¾

act,humanaction,humanactivity ¿¾
importance¿ ¾

group,grouping¿¾
artifact,artefact¿ ¾

event¿¾
transaction,dealing,dealings¿ ¾

pointofreference,reference¿¾
action¿ ¾

psychologicalfeature¿¾
establishment¿ ¾

evasion¿
Table3: The top-ranked 15 synsetsfor thedefinition of bankasin figure3 obtainedby thefirst À
algorithms.



PagerankScores BayesianRegression¾
DepartmentofCommerce¿ ¾

executivedepartment¿¾
executivedepartment¿ ¾

DepartmentofCommerce¿¾
federaldepartment¿ ¾

executivebranch¿¾
executivebranch¿ ¾

federaldepartment¿¾
depositoryfinancialinstitution,bank¿ ¾

governmentdepartment¿¾
governmentdepartment¿ ¾

department,section¿¾
business¿ ¾

businesssector¿¾
finance¿ ¾

branch,subdivision,arm¿¾
money ¿ ¾

division¿¾
branch,subdivision,arm¿ ¾

branch,subdivision,arm¿¾
department,section¿ ¾

depositoryfinancialinstitution,bank¿¾
businessactivity, commercialactivity ¿ ¾

money ¿¾
bank¿ ¾

finance¿¾
division¿ ¾

bank¿¾
significance¿ ¾

business,businesssector¿
Table4: The top-ranked 15 synsetsfor the definition of bankasin figure3 obtainedby the last À
algorithms.

7 Evaluation

We representa text asa vectorof synsetscoresdeterminedby thealgorithmsabove. The
featuresin the text vector are the synsetsand the featurevaluesare the synsetscores
found usingoneof the algorithmsdescribedin this paper. Two waysof evaluatingthis
representationandtheresultsthereofarepresented.

7.1 Basedon mutual information

Thissectionis basedonthework of RongJin[Jin et al2001] whichshowsempiricallythat
theinformationcontentof thedocumentvectorrepresentation,hasadirectpositivebearing
on performancein informationretrieval tasks.We show that the informationcontentwe
obtain for the synsetvector representationof documentsis higher than that of the tfidf
representationof documents.We now proceedto definetheinformationcontentmeasure.

Let Á � �"Á � ��
�
�
���Á � be the documentvectorsin a particular featurespace. Let M be the
document-featurematrix. Eachnumber Â *i+ in the matrix M representsthe weight of
the EAt)v featurein the Cut)v document.Let D be the document-documentmatrix definedasÃ �ÄÂ 5 
iÂ . TheeigenvectorsÅ * of

Ã
form anorthonormalbasisfor thecolumnspace

of
Ã

and Â . Let C bea randomvectorhaving distribution :��FÆÇ�ÈÅ * �q� É {�a+"l �%Ê +
. C is

calledthedocumentcontentvector[Jin etal2001] suggeststheuseof Ë��FÆq� Ã � , themutual
information betweenthe randomvector Æ and the randomdocument-documentmatrixÃ

, asa measureof the ‘goodness’of the featurerepresentationusedfor the documents.
Interestedreaderscanreferto [Jin etal2001] for details.

20,000documentsfrom the20-NewsGroupsdata-setwereconsideredfor thisexperiment.



This data-sethas S�I classeswith
2 IAI&I documentsper class.Part of speechtaggingwas

doneusing the qtagger. The Ë%��Æq� Ã � valuesfor different featurerepresentationsof Â
havebeensbown in 5.

Theresultof applyingthealgorithmon thedocumentvectorrepresentationsdescribedin
this paperis summarizedin thetable5. ThedocumentvectorobtainedusingthePAGER-
ANKING algorithmfor synsetrankinggivesthemaximuminformationcontent.Thevec-
tor obtainedusingtheBayesianinferencingapproachdoesnearlyasgoodasthePAGER-
ANKING algorithm. It is noticedthat the hub-scoresarenot very informative aboutthe
documentcontent.

Documentrepresentation I(C,D)

TF 1.3563
TFIDF 1.9873
RankingusingthePAGERANKING method 3.4372
Rankingwith hub-scores 1.9633
Rankingwith authority-scores 2.6386
Rankingwith BayesNetapproach 3.4251
Rakingusingconceptualvectors 2.7261

Table5: Informationcontentmeasuresfor variousfeaturerepresentationsfor 20-NewsGroupsdata-
set

7.2 Evaluation with classification

Classificationexperimentswereperformedon the sameNewsGroupsdata-setusing theÌ�Í
nearestneighbor(

Ì6Í �O� ) classifierwasused.Theresultsarepresentedin figure6. It
is foundthat thescoringperformedusingPAGERANKING algorithmfor synset-ranking
(section5.2)performsthebestfollowedcloselyby thescoringusingBayesianinferencing.

Theabovegraphshowsthat,with evena verysmalltrainingsample(only2-10documents
perclass)theperformancefor classificationobtainedusingsynsetrepresentation,is much
betterthanthatobtainedusingtermrepresentation. Thereasonis thatfor asmallnumber
of trainingdocumentsperclass,thevocabulary perclassis very small for thetermrepre-
sentation,whereasfor thesynsetvectorrepresentationof documents,thevocabularyof the
classis expanded,in a weightedmanner, usingWordNet. As a result,with synsetrepre-
sentationfor a document,we candetectsimilarity of thatdocumentwith documentsfrom
thesameclass,evenif they have very few wordsin commonbetweenthem. With a term
representationfor adocument,ontheotherhand,adocumentwill begivenalow similarity
measurewith documentsfrom the sameclassif they have only few commonwords. We
expectthatasthesizeof thetrainingsampleincreases,themargin betweenperformances
obtainedusingthe S representationschemeswill narrow down, sincetheper-classvocab-
ularywill alsoincrease.Whereas,thesynset-basedsimilarity detectionmethodwill notbe
thatmuchsensitive to theoccurrenceof matchingwords.Wecanobservethattendency in
figure6; asthenumberof perclasstrainingdocumentsis increased,themargin between
performancesof thetwo representationschemesstartsdecreasing.
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Figure6: Classificationaccuracy for two-fold crossvalidationwith differentnumberof documents
(positive examples)for training

8 Conclusions

In thispaperanovel ideafor representingtext for informationretrievalhasbeenpresented.
In particular, a softsensedisambiguationparadigmnwasdescribed.TheWordNethyper-
graphwasexploitedextensively. Thegoodnessof the representationhasbeencalculated
usingmutualinformation.Thevectorshavebeensubjectedto arepresentativeinformation
retrieval task,viz., text classification.Resultsshow thatthefeaturescoresgeneratedusing
the PAGERANKING algorithmfor synset-rankingserve the purposethe best,followed
closelyby thebayesianinferencingapproach.Theconclusionis thatWordNetdoeshelps
relatethe words in a documentand in the emergenceof meaningthroughmutual rein-
forcementof relatedwords.Thismethodof rankingsynsetsfor a text canfind usein many
otherapplicationslike clustering,questionansweringandsummarization,someof which
areongoing.Futurework consistsin assigningweightstoptheedgesof thesemanticgraph
andincorporatingverbs.
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