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Abstract: Text informationprocessinglependsritically onthe properrepresentation
of texts. A commonand naive way of representing text is asa bagof its compo-
nentwords. This representatiosuffers primarily from two drawvbacks,viz., polysemy
andsynonymywhich arisebecausef the ambiguity of the wordsandthe lack of in-
formation aboutthe relationsbetweenthe words. This paperpresentsa model for
representing@ text in termsof the synsetsn the WordNet thelexical knowvledgebase
of Englishwordsalongwith the semantiaelations. Thesesynsetsstandfor concepts
which correspondo the wordsof thetext. In particular a soft sensedisambiguation
approachhasbeenproposed.Thetext representatioso obtainedis foundto corvey
the key ideasthatthe texts dealwith. WordNetrelationswith otherwordsin the sen-
tenceareexploitedto disambiguatehe sensesThis schemehasbeenevaluatedusing
a goodnessneasue basedthe information contentof the representatiomf the text.
As anactualapplication the problemof text classificationhasbeentakenup, andthe
resultsareencouraging.

Keywords: WordNet, Synorymy, Polysemy SemanticGraph, Synset-RankingPocu-
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1 Intr oduction

Representationf textsis critical in text informationprocessindaskslik e retrieval, classi-

fication, clustering summarizationguestion-answeringtc. Somecommontext represen-
tation schemesrebag of words[Nigam etal1999 [Dumaisetal1998 andwebpagesas

a setof linksto otherpages[Pageetal199§ [Kleinberg1998.

Wordsin document$have multiple meaninggpolysemy, or several words canhave the
samemeaning(synonymjy. For example,asa noun,the word bankis polysemous.In
the senseof river bank,the wordsbank camber river sideetc areclosesynoryms. The
problemof correctsensedetermination(with respecto a standardexicon) in a context
is called Word SenseDisambiguation(WSD) [Yarowvsky199] [Agirre andRigaul99§



[GaneshandPushpak2001l The meaningof a word dependson the meaningsof the
surroundingwords which in turn may be ambiguous. An importantobsenationis that
meaningemepgesthroughmutualsenseaeinforcemenbf possiblyambiguousvords. For
example,let ustake the sentencé reahedthe bankusingthe boat Bankhas10 senses
accordingto theWordNet[Fellbaum1998 while boathas2 sensesTheriver banksense
of bankandthewatercraft senseof boatarerelatedthroughtheriver concept.This should
helpusdisambiguat¢heseindividualwords. Thefirst questionhowever, is howdoesone
discovertherelationshipsbetweerboatandriver on onehandandthat betweerbankand
river on the other? Approachedike LatentSemantidndexing (LSI) [Dumaisetal199§
rely onfrequento-occurenceof wordsasanapproximatelisambiguatarHowever, there
is noway of detectingword similarity if they do not co-occurfrequentlyenoughynoris it
possibleto detectpolysemousisageof wordsif somesense®f aword arerarelyused.

Thuskeepingin view thefactthatWSDis a majorhurdleto be crossedye askif there be
a methodfor capturingthe essentiainformationin a text, withoutrequiringanytraining
data In particular we proposea soft sensedisambiguationapproach. One possibility
of finding the answeilies in usingthe WordNethypergraphstructureconnectingrelated
sense®f wordsthroughdifferentsemantiaelations.

In the following section(section2), we discusshe WordNetwhich is the foundationfor

ourwork andalsoreview therelatedwork. Section3 dealswith the problemof generating
text representations.Section5 describesvarious schemedor ranking synsetsthat are
usedfor the representationEvaluationandresultsare presentedn section7. Section8

concludeghepaper

2 WordNet and relatedwork

The EnglishWordNet[Fellbaum1998is anonlinelexical referencesystemwhosedesign
is inspiredby currentpsycho-linguisticdheoriesof humanlexical memory Englishnouns,
verbs adjectivesandadwerbsareorganizednto synorym setsor synsetseachrepresenting
oneunderlyinglexical conceptNounsynsetsarerelatedio eachotherthroughhypernymy
(generalization)hyponymy(specialization)holonymy(whole of) andmeionymy(part of)
relations. Of these (hypernymyhyponymy and (meionymy holonymy arecomplemen-
tary pairs.

Theverbandadjectie synsetsarevery sparselyconnectedvith eachother No relationis
availablebetweemounandverb synsets.However, 4500adjective synsetsarerelatedto
nounsynsetsvith pertainymgpertainingto) andattra (attributedwith) relations.
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Figurel: lllustrationof the WordNetrelations.

Figurel shavsthatthesynset{dog, domesticdog, canisfamiliaris} hasa hyporymy link

to {corgi, welshcogi} andmerorymy link to {flag} (“a conspicuouslynarked or shaped
tail”).

We useadjectiveswhosesynsetsarerelatedto nounsynsetswith pertainymy(pertaining
to) or to nounwordsthroughattribute (attribute of) relations. For example,the adjectve
synset{Biblical, scriptural} pertainsto the nounsynset{bible, Good Book,Holy Scrip-
ture, Holy Writing, Scriptuie, Word of God} while the adjectve synset{beautiful} is an
attribute of thenounword beauty

Attemptshave beenmadeto usethe WordNetin informationretrieval. [Scottetal1998
discusseshe useof hyperrymsto representext in termsof the synsetof its constituent
words. But it usesword-sensalisambiguatiorasa separatenoduleto first determinethe
correctsynsetf thewordsin thetext. [Agirre andRigaul99¢ attemptgo disambiguate
thewordsin atext usingtheideaof conceptuadensityin the WordNet. Thesemethods
rely on makinghard decisionson word senses retainingonly onesenseperword. Hard
decisiongnaybearequisitefor taskslike MachineTranslationwhereoneneedso com-
mit to a word meaningbeforefinding an equivalentword in the target language. This
paperis differentin its approachn thatit usesthe WordNetto simply identify concepts
or synsetshataremostrelevantto thetext andranksthemaccordinghowthey helprelate
wordsin thetext to ead other. No hard decisionon the sense®f wordsaremade since
word sensedisambiguatioris recognizedasanimplicit taskratherthananendin itself.
This is especiallyimportantsincethe state-of-the-artwWSD systemsdo not performvery
well ongenerakexts. As theexamplein this paperillustrates sensalisambiguations im-
plicitly doneby identifying denselyconnectedegionsin the semantiagraphfor the text.
By this we hopeto avoid makingmistalesarisingfrom hard decisionson word senses.

3 Generatingtext representation

In thediscussionshatfollow, werestrictour attentionto thenounpartof theWordNet. We

alsoconsiderthe mapping(or associationpf adjectivesto thenounsynsetdy pertainyms
andattribute of relations. Also we consideronly hypernymyandholonymyrelationsand

theirinversesyiz., hyponymyandmeonymyrespectiely.



3.1 Notation

Let T be a text containingwords (w1, ws, ..w,) (Nounsand adjectves)associatedvith

synsetsoy, os...0,, in the WordNet. We view the WordNet as a directedgraph,G =

(V,E). V is the setof verticesand E is the setof directedarcs. V = (01, 03....0n).

(0i,04) € E iff eithero; is ahyponynof o; or o; is ameonymof ;. Thesynsemnodes
which have no edgesncidentuponthemwill be hereaftercalledroot synsetsThereexist

14 suchroot synsetsin the nounWordNet,eachof which have no hypernyms

We call asbasissynsetsthosesynsetgo which wordsin the text belong. The graphof
synsetghatcanbereachedy traversingthe hyperrymy andholonymy links startingfrom
all the basissynsetsanduptotherootwill be calledthe semantiayraph (Gr) for thetext
T. Supposé&sr hasp nodes.Let GRAP H,y, betheadjaceng matrix for the DAG Gr.
GRAPH((i,j) = 1iff thereis anedgefrom o; to o; in Gr. ElIseGRAPH (i, j) = 0.

3.2 An example

Theword bankis ambiguous Figures2 and3 show two differentdefinitionsof the word
bankbasedon the WordNetglosses Eachword has,by its side,a numberin parentheses
shaving the numberof synsetsn the WordNetin which it appears.Thusbankhas10
senseshodyhas9 sensesndsoon. Word or termbasedepresentatiowill detectsome
similarity betweerl; andT,, whereaswe would like themto have little or no similarity.
Also, two texts dealing with similar or relatedtopics, but having no words in common
shouldhavea similar setof highly rankedfeatuies.

Definition 1 Bank(10)is a geological(1)formation(5)on the sides(12)of a water(7)
body(9)especialland(10)with aslope(2).1t is a natural(14)formation(5).1t couldbe
abeach(1pntheside(12)of thesea(3)or the ocean(2)or a descent(6pn the sides(12
of ariver(1)or lake(3).

Figure2: Documentl} : Thedefinitionof bankasariver-bank

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

Figure3: Documentl’; : Thedefinitionof bankasa financialinstitution

Figure4, shows the semantiographGy; that containsthe differentsynsetdor the words
in figure 2(T1). Nodescorrespondio synsets,and arcs correspondto hyponymyand
meionymyrelations. For every nodein the graph,we have a node-id. Similarly a graph
G2 canbeidentifiedfor thetext T>. ThegraphGy; consistsof 284 nodesand324 edges
while G2 consistof 213 nodesand228 edges.
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Figure4: SemantigraphGy; for thetext T (figure2)

Our whole work is centeed around collecting topic-specificsynsetsarising out of the

matterin thetext. In particular, a softdecisionis madewith respecto theinclusionof a

synsein this collection This approachtermedassoftsensealisambiguationis described
in sectior4.

4 Soft sensedisambiguation

Word sensalisambiguations definedasthetaskof findingthesensef awordin acontext.
In this paper we explore the ideathat oneshouldnot committo a particularsenseof the
word, but to a setof its sensesvhich arenot necessarilyprthogonabr mutually exclusive.
Very often the WordNet gives for a word multiple sensesvhich are relatedand which
helpconnectrelatedwordsin thein thetext amongsthemseles,which we referto asthe
relevanceof the sense Therefore,insteadof picking a singlesensewe rank the senses
accordingto the degreeof their relevanceto the text. The following exampleillustrates
this point.

In thetable3 for text T3, thesynset depositoryfinancialinstitution,bank,bankingconcern,
bankingcompany with node-id193 hasthe glossfrom the WordNetas“a financialin-
stitutionthatacceptglepositsandchannelgthe money into lendingactiities”. Thesynset
{institution, organizatior} can be reachedby traversingthe hyperrymy link from this
synset.Thus,thewords,institutionandbankin the text arerelatedthroughthe synsetfor
bankin thefinancialinstitutionsense.

Anothersynsetwith node-id206 is {bank} which hasthe WordNetgloss,“a supply or
stock held in resene for future use (especiallyin emegencies)”. This sensemay not
correspondo the meaningof bank as usedin the definition. But it is relevant to the
definition, sinceit dealswith moneg or possession In fact, the synset{possessiohis



reachedby traversing2 hyperrymy links from the synset{mone/} correspondingdo the
wealthsensef money and2 hyperrymy links from thissynsefor {bank}. In otherwords,
thesensen questionof {bank} relatesthewordsbankandmong to eachother

In section5, we present algorithmsto rankthe basissynsetsn thetext andalsorankall
synsetghat canbe reachedhroughthesebasissynsets The rankingof synsetds subse-
guentlyevaluatedin section7. Sincethe similarity betweernwordsis implicitly captured
in therankof their connectingsynsetsye representext asa vectorof theranked synsets
and subjectthis representatiorio two evaluations-an information theoreticmeasureof
informationcontentanda representatie taskof text classification.

5 Synsetranking algorithms

The following threealgorithmsare usedto rank the synsetsn the semantiographrepre-
sentingthetext.

1. HubsandAuthorities
2. PageRanking

3. Bayesiarinferencing

5.1 Hubs and Authorities algorithm for synsetranking

This algorithmis motivatedby the page-rankinglgorithm[Kleinberg1998 onthe World

Wide Weh We call authorities thosesynsetghat provide significantandusefulinforma-
tion on the topic of thetext. For instance{bank,cant,cambe#, {bodyof water water},

{slope incline, side} aresomeof the potentialauthoritiesfor T;. Similarly, {depository
institution, bank}, {busines$, {financial activity, commecial activity} are someof the
potentialauthoritiesfor 7T,. We call as hubs thosesynsetsthat provide lots of useful
links to relevant contentsynsetdtopic authorities. {geolagical formation,formation},

{natural object,artifact} arefew of the potentialhubsfor T; while, {social group} and
{institution, establishmenjtaresomepotentialhubsfor T>.

Thetaskat handis to computationallydeterminehubsandauthoritiesfor a particulartext
throughanalysisof its semantigyraph.We noticetwo mutually recursve facts: Thathubs
point to lots of authoritiesand that authoritiesare pointedto by lots of hubs. Together
they tendto form a bipartite graph

We usean iterative algorithmto corverge on a mutually reinforcing setof hubsandau-
thorities. Let p bethe numberof synsetsn thesemantiggraphGr. We maintainfor each
synset; € G anauthorityscore:A(i) andahubscoreH (i), whereH and A arevectors
of sizep. We initialize asin equation5s.1.

H(i) = A(i) = 1,Vi. 1)



We maintainnormalizedscored|H||» = ||A||» = 1, where||H]||, refersto the L, norm
of H. Authoritiesarepointedto by mary goodhubs.

A@y= >, H() (2)
j|IGRAPH(j,i)=1

thatis, A = GRAPHT .H. Also hubspointto mary goodauthorities:

HG) = >, A4 3)

JIGRAPH(j,i)=1

thatis, H = GRAPH.A. A andH arecomputedy initializing with equatiorb.1anditer-
atingoverequation®.1and5.1. It isastandardesultof linearalgebrgGolub andLoan1989
[Kleinberg199§ thatthe iterationsasymptoticallycorvergeto afix-point. Specifically it
canbeestablishethatthevectorA corvergesto theprincipaleigervectorof GRAPHT GRAPH
andthatthehubvector H corvergesto theprincipaleigervectorof GRAPH.GRAPHT.

We maintaintwo rankingsof the synsetsviz. oneaccordingto A andthe otheraccording

to H.

Thedistinctionbetweerhubsandauthoritieshowever, is ratherartificial. For agiventext,
asynsetanactasbothahub,andanauthority In conformitywith intuition, we foundthat
hubsgenerallytendto be locatedtowardsthe top of the hyporymy-merorymy hierarchy
andauthorities towardsthe bottomof this hierarchy Hubsare generalizedoncepts An
alternatve methodof synsetrankingis to notto attemptto capturethe distinctionbetween
hubsandauthorities. This is becauseit may be very difficult to point out in a semantic
graphwhich arethe hubsandwhich arethe authorities.For instance a text may contain
aword belongingto oneof the root synsetsn the WordNetlik e {entity}, {psydological
feature} or {abstaction}. Next we try to ranksynsetgust by their authorityscores.

5.2 PageRanking algorithm for ranking synsets

This approachs motivatedby Googles page-rankingalgorithm[Pageetal1999 (called
PAGERANKING algorithm).We notethatthein-degreealoneis nota sufficientindicator
of the authority Becauseheseincominglinks may be one of the mary outgoinglinks

from the sourcesynsets. Therefore,we take into account,the out-degreeof the synset
nodes.

Considera text T andthe semanticgraphGr for T'. Let R be a vectorsuchthat R(i)
is the authority rank for theit® synsetin Gr. Let GRAPH bethe adjaceny matrix of
Gr. Let N; bethe out-degreeof the synsets;. We definea new matrix A of sizei x 4
asA(i,j) = NL iff GRAPH (i,j) = 1 elseA(i,j) = 0. A representshe graphasper
the intuition given abore. A synset,g;, ‘gives’ an equalfraction of its authorityto all
the synsetdt pointsto. The following equationsshaw the initialization andthe iterative
algorithmfor computingR.



Ryq(i) =1, if o; is a basis synset else 0 4

1 Roa(j)

Rnew ) = ————
O = Roeall2

()

N.
JIGRAPH(j,i)=1 7

thatis, Rpew = fof;%. Onecanview it asa proces®f synset-rank&lowing’ from
synsetgo the synsetghey pointto. It canbe provedthat R corvergesto the principal
eigervectorof A. Alternatively onecanview synset-rankasmodelinga ‘randomsurfer’
thatstartson arandomsynsetandthenateachpointrandomlyfollowsalink onthecurrent
synset. R(i) modelsthe probability that this randomsurferwill be on synseto; at ary
giventime.

5.3 Bayesianinferencingfor synsetranking

In thissectionwe exploretheuseof akernelbuilt usingWordNet,to mapfrom word-space
to synset-spaceWe build a BayesianBelief Network(BBN) [Heckerman199bfrom the
semanticgraphfor this purpose. We first explain in brief, what a BayesianBelief Net-
work(BBN) is. A BBN for a setof randomvariablesX = X;, X,,...X,, consistsof
a network of m nodes,eachnoderepresentingone randomvariablewith directedarcs
betweerthe nodes.The network structureencodes setof conditionalindependenceas-
sertionsaboutvariablesin X anda setof local probability distributions associatedvith
eachvariable. Missing arcshetweemodesencodeindependenciegonditionedon their
parentssuchthat

p(X1 =21,Xe =22,.. X = 2) = I, p(X; = 2;|PA; = pa;) (6)

whereP A; is avectorof ‘parentnodes’for nodeX;. Thelocal probabilitydistributionfor
anode,givenits parentsjs thetermp(X; = z;|PA; = pa;).

With every synsets;, (1 < i < p), in a semanticgraph,we associate randomvariable
X, , whosevaluecorrespondso therelevanceof o; to thetext i.e., to its synset-sca. In
addition,we associate randomvariable X,,; with eachwordw;, 1 < j < n thatoccurs
in the text. The BBN consistsof the randomvariables,X,,, X,,....X,,, Xu,, ... Xu,, .
Directededgedetweemodesareaddedasfollows. A directededgeis drawn from X, to
X,, if thereis a directededgefrom o; to o; in thesemantigyraph.An arcis drawvn from
X, 10 X,,; if w; appearsn o;.

We assume conditionalgaussiaristribution for eachnode with parametersneany = 1
andvariances = 0.25. The gaussiardistribution for arandomvariable X; with continu-
ousparentsPA; is givenas

Flailpas) = — e S @
T;|pa;) = ——e 202
’Lp (3 o 27r



whereW is avectorof weightsonthelinks from parentsP 4; of X; to X;, denotingtheir
relative importance W7 is thetransposef 7. We setall theweightsto 1 sincewe have
no apriori knowledgeof which of the parentsof X; is amoreprobable‘cause”for X;.

To rankthesynsetsthe X, nodesareclampedat1. Next, bayesiarinferencingis carried
out to find the expectedvalue of eachof the internalnodesX, ;. Inferencingwasdone
using the BayesNettoolbox (versionas of 14** November 2002) [Murphy200]. The
higherthe expectedvalue,the higheris therank of the synset.

6 ObsewationonT; and T,

Theresultsof applyingthe synsetrankingalgorithmsto Gy, andG,. andlocatingthetop
20 highly synsetsn eachcasehave beenshown in figuresl, 2, 3 and4. Theresultsfrom
the pagerankingalgorithmarefoundto beslightly better

It may be notedthatthe word bankhasbeendisambiguatedh eachcasewheneitherthe
PAGERANKING ortheBayesiarinferencingalgorithmsareused.By disambiguationywe
meanthe assignmenof the highestscoreto the correctsynset.Also, mary othersynsets
relatedto the correctsynsetfor bankhave got high ranks. In fact, the overall rankingfor
thesynsetshovedthatall thewordsin thetwo texts T and7» weredisambiguateih the
softsensalescribedn 4.

............................................... ettt e

geologicalformation 0 geology 0 formatic

2130 Y8 Bcine o side 1)
side O(b)  beach 0(b)
ity O fall O decline 0 decler

.................... papyappar o
g L o

L)

V68
Earth 0 world 0 globe 0

w7 “7a() [T
fand 0 dryland 0 earth 1 ground 0 solMgrStRAS rafivma o(b)

lithosphere O geosphere 0
w77
surface 0 Earth ssurface 0

B btwater 0 water o)

“7900) “80(0) 2o v82(0) w83
aceah 0(b)
water 0 H20 0(b) sea 0(b) Jake O(b) stream 0 watercourse 1

E)

Figure5: Semantigraphfor text Th shaving synsetsankedtop by the PAGERANKING algorithm

Figure 5 shavs someof the highly ranked synsetsobtainedby rankingthemusingthe
PAGERANKING algorithm. Note thatthe edgesin the graph4 have beenremovedin 5
for bettervisibility of thesynsetsThereademayalsonotethathighly rankedsynsetsare
clutteredtogetherin the graph- indicatingthatrelevantsynsetseinforceeachother



Hub Scores Authority Scores
{universe,cosmog {water H20 }
{collection,aggrgation,assemblage {ocear}
{galaxy extragalacticnebla} {segd
{group,grouping {lake}
{phenomenoh {streamwatercoursg
{object,physicalobject {bodyofwater water}
{geologicalformationgeology formation} {location}
planet {unit, buildingblock}
{celestialbodyheavenlybody} {object,physicalobjeck
{universe existence creationworld,} {artifact,artefact}
{naturalobject {land, earth,ground terrafirma}
{entity} {naturalobject
{systen} {hydrospherg
{slope,incline, side} {surface Earthsurface
{naturalelgation, elevation} {causalagentausecausalageng

Tablel: Thetop-ranked 15 synsetdor the definition of bankasin figure 2, obtainedby thefirst 2
algorithms.

PagerankScores BayesiarRegression

{sed {sed

{ocear} {ocear}
{water H20 } {water H20}

{river} {river}

{lake} {lake}
{streamwatercoursg {streamwatercoursg
{bodyofwater water} {bodyofwater water}
{slope,incline, side} {land,earth,ground terrafirmg
{bank,cant,camber} {natura}

{descentdeclvity, fall, decline,dowvnslope} {bank,cant,cambe}
{bank {bank}
{beach {descentdeclvity, fall, decline,downslopg
{Earth,world, globe}
{side} {side}
{geologicalformationgeology formation} {surface Earthssurbicg

Table2: Thetop-ranked 15 synsetdor the definition of bankasin figure 2, obtainedby the last 2
algorithms.

\ Hub Scores Authority Scores |
{actiity} {aim, object,objectie, tamget}
{act,humanactionhumanactiity } {executivebranch
{organizationprganisatiof} {accumulatiofy
{diversion,recreation {administrationprganisation}
{institution, establishmen} {secto}
{commercialenterpriséusinesst {governmentdepartmeht
{socialgroup {bankingindustry
{commercecommercialismmercantilism} {idea,though}
{group,grouping {possessioh
{financg {act,humanactionhumanactiity }
{importancé {group,grouping
{artifact,artefact} {event}
{transactiondealing,dealing$ {pointofreferencereferencé
{action} {psychologicalfeature
{establishmerjt {evasion}

Table 3: Thetop-ranled 15 synsetdor the definition of bankasin figure 3 obtainedby the first 2
algorithms.



PagerankScores BayesiarRegression
{DepartmentofCommerge {executvedepartmerjt
{executvedepartmernjt {DepartmentofCommerge
{federaldepartmeht {executivebranch
{executvebranch {federaldepartmeht
{depositoryfinancialinstitutiorhank} {governmentdepartmeht
{governmentdepartmeht {departmentsectior}
{busines$ {businesssecto}
{financg {branch subdision, arm}
{moneg/} {division}
{branch subdvision, arm} {branch subdvision, arm}
{departmentsectior} {depositoryfinancialinstitutiorbank
{businessactity, commercialactiity } {mong/}
{bank} {financg
{division} {bank
{significancé {businessbusinesssectdr

Table4: Thetop-ranked 15 synsetdor the definition of bankasin figure 3 obtainedby the last 2
algorithms.

7 Evaluation

We represent text asa vectorof synsetscoresdeterminedy the algorithmsabove. The

featuresin the text vector are the synsetsand the featurevaluesare the synsetscores
found using one of the algorithmsdescribedn this paper Two ways of evaluatingthis

representatioandtheresultsthereofarepresented.

7.1 Basedon mutual information

This sectionis basednthework of RongJin[Jin etal200] which shavs empiricallythat
theinformationconteniof thedocumenvectorrepresentatiorhasadirectpositive bearing
on performancen informationretrieval tasks. We show thatthe informationcontentwe
obtainfor the synsetvectorrepresentatioof documentds higherthanthat of the tfidf
representationf documentsWe now proceedo definetheinformationcontentmeasure.

Let dy,ds, ...,d, bethe documentvectorsin a particularfeaturespace. Let M be the
document-featurenatrix. Eachnumber;; in the matrix M representshe weight of
the j* featurein thei* document.Let D be the document-documemhatrix definedas
D = MT.M. Theeigervectorsu; of D form anorthonormalbasisfor the columnspace
of D and M. Let C bearandomvectorhaving distribution P(C' = u;) = —2i—. Cis

DN
j=1

calledthedocumentontentvector[Jin etal200] suggestsheuseof I(C, D), themutual

information betweenthe randomvector C' and the randomdocument-documernmatrix

D, asa measureof the ‘goodness’of the featurerepresentatiomsedfor the documents.
Interestedeadersanreferto [Jin etal200] for details.

20,000documentgrom the 20-NenvsGroupglata-setvereconsideredor this experiment.



This data-sehas20 classewith 1000 documentger class. Part of speechtaggingwas
doneusingthe gtagger. The I(C, D) valuesfor differentfeaturerepresentationsf M
have beensbovn in 5.

Theresultof applyingthe algorithmon the documentwectorrepresentationdescribedn
this paperis summarizedn thetable5. The document/ectorobtainedusingthe PAGER-
ANKING algorithmfor synsetrankinggivesthe maximuminformationcontent.Thevec-
tor obtainedusingthe Bayesiarinferencingapproactdoesnearlyasgoodasthe PAGER-
ANKING algorithm. It is noticedthatthe hub-scoresire not very informative aboutthe
documentontent.

Documentrepresentation I(C,D)
TF 1.3563
TFIDF 1.9873
Rankingusingthe PAGERANKING method | 3.4372
Rankingwith hub-scores 1.9633
Rankingwith authority-scores 2.6386
Rankingwith BayesNe&pproach 3.4251
Rakingusingconceptualectors 2.7261

Table5: Informationcontentmeasure$or variousfeaturerepresentationfor 20-NevsGroupsata-
set

7.2 Evaluation with classification

Classificationexperimentswere performedon the sameNensGoups data-setusing the
k— neaestneighbor(k — nn) classifierwasused.Theresultsarepresentedh figure6. It
is foundthatthe scoringperformedusing PAGERANKING algorithmfor synset-ranking
(sectionb.2) performsthebestfollowedcloselyby thescoringusingBayesiarinferencing.

Theabove graphshows that, with evena verysmalltraining sample(only 2-10documents
per class)theperformancdor classificationobtainedusingsynsetepresentationis mucd
betterthanthat obtainedusingtermrepresentation Thereasoris thatfor asmallnumber
of trainingdocumentgper class the vocalulary perclassis very smallfor thetermrepre-
sentationwhereador thesynsetectorrepresentationf documentsthevocahulary of the
classis expandedjn a weightedmannerusingWordNet. As a result,with synsetrepre-
sentatiorfor adocumentwe candetectsimilarity of thatdocumentwvith documentgrom
the sameclass,evenif they have very few wordsin commonbetweerthem. With aterm
representatiofor adocumentpntheotherhand,adocumentvill begivenalow similarity
measurevith documentdrom the sameclassif they have only few commonwords. We
expectthatasthe sizeof thetraining sampleincreasesthe maigin betweerperformances
obtainedusingthe 2 representatioschemesvill narrov down, sincethe perclassvocab-
ularywill alsoincreaseWhereasthesynset-basesimilarity detectiormethodwill notbe
thatmuchsensitve to theoccurrencef matchingwords. We canobsene thattendeny in
figure 6; asthe numberof per classtraining documentss increasedthe mamgin between
performancesf thetwo representatioschemestartsdecreasing.
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Figure6: Classificatiomaccuray for two-fold crossvalidationwith differentnumberof documents
(positive examples)or training

8 Conclusions

In this paperanovelideafor representingext for informationretrieval hasbeenpresented.
In particular a soft sensedisambiguatiorparadigmnwvasdescribed The WordNethyper
graphwasexploited extensiely. The goodnes®f the representatiomasbeencalculated
usingmutualinformation. Thevectorshave beensubjectedo arepresentatieinformation
retrieval task,viz,, text classification Resultsshow thatthe featurescoreggeneratedising
the PAGERANKING algorithmfor synset-rankingsene the purposethe best,followed
closelyby the bayesiarinferencingapproachThe conclusionis thatWordNetdoeshelps
relatethe wordsin a documentandin the emegenceof meaningthroughmutual rein-
forcemenbf relatedwords. This methodof rankingsynsetdor atext canfind usein mary
otherapplicationdik e clustering,questionansweringandsummarizationsomeof which
areongoing.Futurework consistsn assigningveightstop theedgesf thesemantigraph
andincorporatingverbs.
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