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Summary

In this dissertationa new logical modelof informationretrieval is developedandeval-
uatedexperimentally This modelis built on a generakechniquefor uncertainreason-
ing calledprobabilisticargumentatiorsystemgPAS), in which propositionalogic and
probability theory are combinedto representand handleuncertainknowledge, both
in asymbolicandin a numericalway. Thelogical modelrespectghe characteristics
desiredfor alogic of informationretrieval, andinterpretsvanRijsbegen’s Logical Un-
certaintyPrinciplein anoriginal way. Propositionalogic is shovn to be a corvenient
way to modelinformationretrieval, atleastwhenassociateavith probabilitytheoryin
the context of PAS.

As anillustration, the modelis adaptedo retrieval in hypertets, and canbe incor-
poratedto ary retrieval system. This specializedmodelfor retrieval in hypertexts is
thenevaluatedexperimentallyon two collectionswhich containcitationandhypertext
links: the CACM collection(3.2MB of abstract®f scientificarticles)andthe TREC’8
WebTrack (2.3 GB of frozenWeb).

Theretrieval modelis alsoexperimentedn a PAS-basedretrieval system,which in-

tegratestermrelationshipscomingfrom differentthesauri:the Wordnetthesaurusind
a statisticalthesaurusTermrelationshipswill notonly be usedto facilitatethe match-
ing processasis oftendonewith queryexpansionbut alsoto refinetheinitial query
termweights. TheWall StreetJournalcollection(250MB of news stories)will beused
for theseexperiments.

The treatmentof thesesourcesof evidencewill highlight the conclusionthat treat-
ing the informationretrieval problemin both a symbolicand numericalway leadsto
a betterunderstandingf the mechanismsnvolvedin the retrieval process.Oneim-
portantcontribution of this thesisis to shav thatlogical modelsof IR canbe applied
to collectionsof ary sizewithout excessve computationatosts,bothastoolsto solve
specificproblemsandascompleteretrieval systems.
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Notation

General

d;
q;
t;
N
df;
idf;
fij
qaf;

Documentnumberi

Informationneednumber;

Termnumber;

Numberof documentsn thecollection

Numberof documentsn whichterm¢; occursatleastonce
Inversedocumenfrequeng of termt;

Numberof occurrencesf termt¢; in documentd;
Numberof occurrencesf termt; in thequery

Probabilistic Argumentation Systems

S MM Ny

Note: this is not an exhaustve list of all the symbolsusedin this thesis. Some

Setof propositiongeferringto the variablesof interest(PAS)

Setof propositions,called assumptionsgdenotinguncertaineventsor
circumstances

Body of knowledgerepresentedsalogical sentenceé; A ... A &
Body of knowledgerepresentedsaset: {&1, .., &k }

Setof probabilitiesassignedo assumptions

Logical propositionreferringto documenti;

Logical propositionreferringto informationneedg;

Logical propositionreferringto conceptk

Logical propositionreferringto therelevanceof termt;, to theinforma-
tion need

Assumptiorusedn: DAa; — C;. Alsodenotesin”a priori assumption
in: a; — D; (Chapter4), andin: a; — T; (Chapterb)
Assumptionusedin: C; A b; — D

Assumptionusedin: C; A ¢; = @

Assumptionusedin; Q A d; — C;

Assumptioncorrespondingo ahyperlink,in: D; A l;; — D;
Assumptioncorrespondingo atermrelationshipjn: C; Ar;; = Cj

symbolsmay take differentmeaningsn differentportionsof the text (e.g. d;). The
lettersi, j and k are alternatvely usedfor indices. If not necessaryindicesare not
used,e.g. D insteadof D;. For readingcommodity assumptionsirein minor letters
andotherpropositiongn capitalletters.






Chapter 1

Intr oduction

Theintroductionis organizedasfollows: first, the fundamentahotionsof information
retrieval (IR) will bebriefly explained,in orderto defineagenerakontext for thiswork
(Sectionl.1). Thefundamentaproblemof uncertaintywill thenbeintroducedSection
1.2). Sincethis thesisis abouta new modelof IR, Sectionl.3 discusseshe role that
play modelsin the developmentof IR (Sectionl.3). Sectionl.4 presentandjustifies
thelogical modelof IR proposedn this thesis,followed by alist of the contritutions
of thiswork (Sectionl1.5). A shortoutline of this dissertatiorclosesthis introduction
(Sectionl.6).

1.1 Fundamental notions in IR

This sectionprovidesa shortintroductionto someof the fundamentahotionsof IR, in
orderto defineasettingfor thisthesis.Theneophyteaeadershouldpayattentionto the
termsin bold charactersywhich usuallyappeaiin ary text relatedto this subject.

1.1.1 The task of an information retrie val system

The informationexplosionis a secretfor nobodynow. The Web, one of the biggest
collectionof storedinformation,hasan estimated300 million Web pagesasof Febru-
ary 1999[LG99], andis increasingat the rateof a few million pagesperday There
aredatabasesf textualinformationconcerningnearlyevery domainof humanknowl-
edge,but while accesgo informationgetseasiey it getsharderto extractthe desired
information. If we everwantthis informationto be useful,we arefacedwith the prob-
lem of developingefficientandeffective techniquedor finding theinformationwe are
looking for.

The informationretrieval problemis raisedwheneer a userseeksa precisepiece
of informationfrom a large amountof storedinformation. Considera large collection
of objects,which could be for examplewritten books, nevspaperarticles, scientific
papersWeb pagesjmages,soundsor videos,anda userhaving aninformationneed
which canpresumabhipeansweredy oneor someof theobjectsof this collection;the
taskof aninformation retrieval systemis to find which of theseobjects(documents,
graphics,images,sounds)jf ary, will helpthe useranswerhis informationneed. In
this thesis,objectswill be documentdut otherformscanbeused.

1



2 Chapter 1.

Information need Collection

Request Representatior

~Matching

Retrieved documen

>

Figure 1.1: General view of the retrieval process.

1.1.2 The retrie val process

In theretrieval processthe IR systemextractsthe documents(or moregenerally the
piecesof information)whichwill presumablyansweltheinformationneedformulated
by theuser Thisretrieval processs usuallyseparateéhto a preliminarystepof index-
ing the documentsfollowed by an operationaktepof retrieval. Theretrieval process
canbeiterative, if the userprovidessomefeedbackon theretrieval results.Figurel.1
shavs ageneraliew of theretrieval process.

Indexing

In apreliminarystep theinformationretrieval (IR) systemgeneratesninternalrepre-
sentatiorof theinformationcontainedn eachdocumentthroughtheproces®f index-
ing. Usually, indexing is doneby extractingterms from theplain text of thedocument.
A termcandesignatea word, but alsoa stem,a nounphraseor a phrase.A stemis a
word reducedo its root: for example,’applications’ and’developing’ would become
respectiely 'application’ and’develop’ after stemming. The underlying(sometimes
guestionablegssumptiorbehindstemmings thatthereis norealandimportantdiffer-
enceof meaningbetweerthe setof wordswhich conflateto the samestem. A phrase
is two or moreconsecutre wordswhich have a precisesignification,e.g.’'information
retrieval’ or 'Presidentof the United States’.If possible manuallyassignedkeywords
describingthe contentsof the documentcanalsobe usedfor indexing (e.g. Yahoo!).
Indexing thusaimsatfinding the setof conceptslescribingeachdocumentThesecon-
ceptscomeoftenwith associateaveights,which representheir estimatedelevanceto
thetopic of the document.Typically, the moreoftenatermoccursin adocumentnd
thelessit appearsn otherdocumentof the collection,the betterit is asa descriptor
of thedocument Otherindicatorssuchasthe positionof the keyword, thelogical sec-
tion from whichit is extractedor thelengthof thedocumentanusedto computethe
weightof therelatedconceptin thedocument.

In this thesis,the items designingdocumentcontentscan be referredto in mary
ways: 'term’, 'feature’, ’keywords’ or ‘concept’ amongstothers. We would like to
establisha distinctionbetweenwhat are obsenableitems (textual or not), which can
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Docurent rnust identify applications of fiber optic tech-
nol ogy actually in use.

#(fiber optic) #technol ogy #application

fiber AND optic AND (application OR technol ogy)

Figure 1.2: Three examples of requests corresponding to the
same information need

bereferredto by 'term’, 'feature’, 'characteristics’,clue’, andwhatareunobserable
items,referredto by "concept”and”information item”. Sometimesit is moreappro-
priateto usetheterm’documentepresentatie’ to designbothtypesof itemswithout
cleardistinction. Howeverthe differentterminologiesarenot equivalent,anddifferent
views of theretrieval taskmayunderlythem. In conceving retrieval asinference asis
donein thisthesistheterm”concept’seemgo be moreappropriateln Chapter3, we
will comebackto this discussionwhentheretrieval procesawill bedetailed.

Retrie val

The users information needis formulatedby a request which constituteshe input

to theretrieval system. A requesttanbe written in naturallanguageasa setof key-

wordsusingacontrolledvocalulary, or canbeformulatedwith BooleanoperatorsThe
requestacquisitionstepis animportantstepof the retrieval process:it canbe facili-

tatedby corvenientinterfaceswith the help of thesaurugontainingrelatedtermsto

facilitatethe requesformulation. Figure 1.2 shows possibleformulationsof the same
underlyinginformationneed. The IR systemgivesitself aninternalrepresentationf

therequestnamedthe query. Querytermsareoftenweightedin away similarto that
of thedocuments.

Thenthe IR systemmakesa matching betweerthe queryandeachdocumentep-
resentationto estimatehe degreeto whichit is relevant to theinformationneed.This
matchingcanbeexactor soft, but dueto theuncertaintyinherento theretrieval process
(whichwill bediscussedn Sectionl.2),soft matchingis moreandmorepreferred so
thathardmatchingwill not be consideredn this thesis. In the caseof soft matching,
thedocumentsaregenerallypresentedo the userby decreasingcore degreeof match
or probability of relevance.Theaim of a soft matchingretrieval systemis of courseto
presenthedocumentselevantto theinformationneedat thetop of this rankedlist.

Relevance feedback

The retrieval processcanbe iterative, if the retrieval systemrecevessomefeedback
fromtheuser e.g.relevancgudgmentof thebestrankeddocumentsThisinformation
can be usedto improve the representatiorof the information need,and computea

generallybetterranking of documents.This processknown asrelevancefeedback

will notbeconsideredn thisthesis.
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1.1.3 An example of retrie val approach: the vector -space
model

The vector space paradigm to retrie val

It might be usefulto illustrate how the retrieval processcanbe donein practice. We
take herethe exampleof aretrieval systembasedn thevectorspacanodel[SWY75].
Thoughvery simple, this model had and still hasa considerablédmportancein the
developmentof informationretrieval, exemplified by the still widespreaduseof the
SMART retrieval systembasedon this model[SM83]. In this model, retrieval hasa
geometricor spatialinterpretation.A document; is representetby a point or vector
in ¢ dimensions(d;1, d;2, ..., d;;), whereeachdimensioncorrespondso one of the ¢
indexing terms,andwhered;; is theweightgivento term¢; in document;

L. In thesameway, aqueryq canberepresentetly apointor vector(q; , gz, ..., ).
Matchinga documentrepresentedby d; to aninformationneedrepresentedby ¢ can
be doneby measuringa similarity betweertheir associatedectors.

Weighting and ranking schemes

One of the weaknessesf the vectorspacemodelis thatit doesnot provide strong
theoreticalirgumentso supportary particularweightingof termsandsimilarity mea-
sure.But the principle generallyadopteds thatthe weightsshouldbe choserin order
to discriminateoptimally relevantfrom non-relezantdocuments Adopting the spatial
interpretationweightsshouldbe setsuchthatjointly relevantdocumentshouldbeas
nearaspossiblein the documentspace andasfar aspossiblefrom the non-relevant
documents.

Querytermsoccurringinfrequentlyin the documentf the collectionareusually
betterdiscriminatorghanfrequentones becaus¢hey aremorespecificto theinforma-
tion need.Theterm’computer’'will notbeavery gooddiscriminatorin a collectionof
computersciencearticles,whereit appearsnary times. However, the sametermcan
beagooddiscriminatorin a collectionsuchascasedaw, whereit appearsnorerarely.
A commonmeasureof term specificityis: idf; = log %, wheredf; is the number
of documentsn the collectioncomposedf N documentsin whichtermt; occursat
leastonce.

Of courseatermoccurringmary timesin adocumenis morelikely to bea good
descriptorof the document.Take f;; asthe numberof occurrencesf termt; in doc-
umentd;, and (f***) asthe maximumnumberof timesthat a term occursin the

K2
documentThe nojrmalizedfrequenq ntfij = fij/ f7** is ameasureof the degreeto
which atermt; is agooddescriptorof adocument;.
Thesetwo factorsinfluencingthe discriminanteffect of a term are usually com-
binedin the so calledtf-idf weightingschemewheretheweightof atermt; in docu-
mentd; is simply the productof its nt f;; andidf; componentsThe weightassigned

to atermis thengivenby:
fz'j
—_ . log _
As is often done, query termscan be weightedusing exactly the sameformula.
Therearemary variantsin the way the featuresusedherecanbe combined however
thetf-idf weightshave beenmuchusedin IR.

dij = ntf,-j . deJ = (11)

1A list of symbolsusedin this thesisis givenafterthetableof contents.
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Term dfj idfi fj  foj nthy ntfe;  dyy  d;
fiber (t1) 10 230 2 2 0.4 05 092 1.15
optic (f2) 30 351 3 0 06 0 211 O

application(t3) 100 4.61 5 2 1 05 461 230

Table 1.1: Frequencies and weights

To measura similarity betweereachdocumentindthe query, we cancomputehe
cosinecoeficientbetweerthe documenwvectorandthe queryvector:

Et 1 dij- q]
\/EJ 1 zJ J qu

wheret is the numberof distincttermsin the collection. This measuras usually
betterthana projectionof the documentvectoron the queryvector becauset takes
into accounta measureof the length of the documentdn the normalizationscheme
with ZJ , d;;. Thisway, shortdocumentsarenot disadantaged.

score(d;, q) = cos(d;, q) 1.2)

Example

Supposeve have a collectionof 1000documentsandwe wish to evaluatethe degree
of matchof two documentsi; andd, relatively to a requeston 'fiber optic applica-
tions’. After stemming,the queryis composedof threeterms: ‘fiber’, 'optic’ and
‘application’ 2. Notice that to computezt_1 i - g, only the querytermsmustbe
consideredsincetheweightof any othertermls null. Assumethatfiber”, "optic” and
"application” aredenotedy respectiely thetermst,, t2 andts. Tablel.2summarizes
the characteristic®f eachterm usedto representiocumentsi; andd,. To compute
thetermfrequeng (ntf.) component®f the weights,we assumehatthe maximum
frequeny of atermin documentsl; andd, is respectiely f™** = 5 and fJ*** = 4.
Fromtablel.2,we deducehattherepresentatie vectorsare

dy = (0.92,2.11,4.61) andd, = (1.15,0,2.30). The vectorrepresentinghe infor-
mationneedis equalto theidf component®f the queryterms,becausevery tf value
is equalto 1. The queryvectoris theng = (2.30,3.51,4.61). Furthermorewe as-
sumethatdocumentsi; andd, containothertermssuchthat E;Zl d3; = 100 and

Zj.:l dgj = 50. We maythencomputethe similarity betweerthe documentandthe
query Ford;:

0.92-2.30 +2.11-3.51 + 4.61-4.61
v100v/2.302 + 3.512 + 4.612

In thesameway, wefind sim(ds, ¢) ~ 0.300. Documentd; wouldthenbereturned
to the userbefored,.

This exampleis a goodillustration of the techniquesusedto rankdocumentsela-
tively to agivenquery, althoughmoreelaboratedveightingschemeshanthetf-idf are
in usenow. However the vectorspacemodelhasseverallimitations: it doesnot sup-
port strongtheoreticabrgumentdor choosingweights,selectinga rankingfunctionor
including thesauruselationshipsbetweenterms. In Section1.3, we will discussthe
moreelaborategrobabilisticandlogical models.

~ 0.493 (1.3)

Sim(dla Q) =

20f coursethe phrasefiber optic’ couldalsobe consideredhsaterm.
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Figure 1.3: Example of a precision-recall curve obtained on 185
requests of the Wall Street Journal collection. The mean average
precision at 11 recall points is 0.1995.

1.1.4 Evaluation and comparison of retrie val system
Test collections

Testcollectionsarefundamentato IR researchthey allow experimentakvaluationsof
new retrieval modelsand comparisonf differentretrieval systemsor models. They
alsohelptuning parametersf aretrieval systemandgive directionsin designingthe-
oreticalmodelsor determininghow eachsourceof knowledgeshouldbe usedto help
retrieval. A testcollectionis madeof: (1) a collection of documents(2) a set of
requests and(3) alist of the relevantdocumentsn the collectionfor eachrequest.
Often, relevanceis assumedo be binary: documentsrejudgedto be eitherrelevant
or non-relevant. Throughouthis thesis,we will alsoassumehatrelevancejudgments
arebinary.

Experimentalwork in this thesiswill usethreetestcollectionsof very different
sizes:the CACM collection (3.2 Mbytes),the Wall StreetJournal(246 Mbytes),and
theTrec’8 WebTrack (2.3 Gbytes).Thesecollectionswill bedescribedn Sectionl.3.

Evaluation measure of retrie val effectiveness

It is generallyacceptedhatthe degreeto which aninformationneedhasbeenfulfilled
canbedescribedby two quantities:precisionandrecall. Precisionis theratio (r/n)
of thenumberr of retrieveddocumentshich arerelevantto the informationneed to
the total numbern of documentgetrieved. Recallis theratio (r/R) of the numberr
of retrieveddocumentsvhich arerelevantto thetotal numberR of relevantdocuments
for the requestin the collection. The importancerespectiely attributedto precision
andrecallvarieswith the userandthe type of his informationneed. Thesetwo quan-
tities cannotbe consideredndependentlysincerecall and precisionvary inverselyin
general.

Thereis no generalgreemenin theIR communityon a universalevaluationmea-
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sureof theperformancef IR systemsandthechoiceof amoreadequateneasurés an
opensubject.Presentlythe mostusedmeasuref retrieval effectivenesss theaverage
precisionat 11-point recall, the averageon the setof request®f the precisionvalues
obtainedfor the 11 recallvalues0.0,0.1,...,0.9, 1.0. This measureof retrieval effec-
tivenesganbeinterpretedastheareaundertheprecision-recalturve (seeFigurel.3).
We will take this measureof retrieval effectivenesdo evaluateand comparedifferent
retrieval approachesyith theuseof the TRECeval software.

1.1.5 Documents

One of the major changeghat the field of IR facedsincethe mid eightiesconcerns
thenotionof documentOriginally, documentsvereconsiderecsnon-decomposable,
uniqueandindependengntities.Butif structurds addedo documentstheinformation
items becomedecomposableénits of otherinformationitems (chaptersparagraphs).
Also, it getsmoreandmorefrequentto find documentgeferencingothers,in on-line
collectionsof documentsWith the useof hypertet links, documentdecomenterre-
lated and cannotbe considereccompletelyindependent An increasingproportionof
the storedtextual datanow arehypertext documentse.g. the Internet. Onechapterof
thisthesiswill bedevotedto theuseof thisadditionalsourceof informationto enhance
retrieval.

Anothermajorchanges the natureof theinformationsought.Originally, informa-
tion retrieval wasconcerneavith textualdata,for whichanindexing basenweighted
keywordsmayreasonablpe acceptedBut the concepof documenhasevolvedfrom
plain text to include now images,soundsvideos,graphs,tables,and others. In the
most generalcase,a documentcan be a mixture of thesewith plain text. It canbe
easilyunderstoodhatboth conceptuallyandpractically representinglocumentsvith
setsof weightedtermshasimportantlimitations, the mostobvious beingthe loss of
structureinformation. Techniquesvhich canbe acceptedor IR in puretext areoften
too limited to represenmultimediadocuments.Oneimportantresearchopic is the
developmentof modelsof IR generalenoughto representhesefeatures.An example
is relationalindexing, in which the conceptsdescribingthe documentsareallowedto
have relationshipgOP94.

1.1.6 Using other bodies of knowledg e to help retrie val

The mostimportantsourcesof evidenceaboutdocumentrelevanceare certainly the
termssharedwith thequery But often,documentselevantto theinformationneeddo

notshareenoughcommontermswith thequery How canthesedocumenberetrieved,
or at leastbe ranked betterthanthey are? Thereare mary othersourcesof evidence
which canhelpretrieval if usedadequatelyTherehasbeenalargevarietyof empirical
studies,in assertingwhethereachof thesesourcesof evidencecansene, and how,

asan additionalclue for retrieval. Here are someexampleof theseother sourcesof

evidence:

e Multiple information needrepresentations.If the usercanspecifyhis infor-
mationneedby morethanonerequest(e.g. a naturallanguageanda Boolean
request)the performancebtainedby combiningthe correspondingjueriescan
be shovn to beon averagesuperiorto eachof thequery[TC91, BKFS95].

e Multiple documentrepresentations. Differentretrieval system,which make
differentprocessingf text, cancapturedifferentfeaturesfrom documentsand
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informationneeds.Indeed experimentshave shavn that combiningadequately
differentdocumentepresentationfr resultsof differentretrieval systemskan
leadto betterretrieval effectivenesghansimply takingthedocumentepresenta-
tion or theretrieval systemwhich produceghe bestretrieval resultson average
[CS00].

e Hypertext links. Citationsor hypertext links refergenerallyto documentsieal-
ing with relatedtopics. Whenthey areavailable,their inclusionin theretrieval
procesamay leadto betterretrieval effectivenesgFNL88, CT93 Sav94, FS95
Picog].

e Thesaurus. Thelimitations of naturallanguagédor representinglocumentsand
matchingdocumentsandinformationneedscanbe compensatetly the useof
thesaurusndotherknowledgebases A thesauruscontainssomerelationships
betweenthe setof words of a prescribedsocahulary, for examplethe Wordnet
thesaurusisedin thiswork containse.g. synorymy relationshipslt is alsopos-
sible to build statisticalthesaurugeflectingthe relationshipsn the concerned
collection. Increasingthe possibilitiesof matchingcanbe doneby a process
known as query expansion wherean extendedqueryis formed after adding
sometermsrelatedto the original query A term canbe addedif it is related
to only onequeryterm, but thesauriare bestusedby exploiting the "combining
evidence” paradigm:in query expansion,the contribution of eachqueryterm
shouldbe consideredor choosingexpansionterms[QF93 RTT99]. Moreover,
the quality of thetermrelationshipss muchimprovedwhencombiningthe evi-
dencefrom differentstatisticalandmanualthesauriRTT99].

TheresultsclearlysuggesthatIR systemsanbenefitrom combiningadequately
all potentialclues:multiplying the sourcef informationshouldcompensatpartially
their fundamentaluncertainty This was statedfirst in the Principle of Combination
[FNL8S]:

"Effective integrationof moreinformationshouldleadto betterinforma-
tion retrieval”

This thesisis aboutthe developmentof a new model of IR. It seemsclear that
a new model of IR shouldbe ableto integratethe resultsof previous experimental
work. Surprisingly this is not always the case: building a flexible modelis a very
hardproblemandthe mostpopularexisting models the probabilisticandvectorspace
models,are not flexible enoughto allow information of very differentnatureto be
combined,at leaston the theoreticalground. The inferencenetwork model [TC91,
TC97, whereprobabilisticdependencieletweenvariablesarecombinedo assesthe
probability that an information needis met given a documentas evidence,is to our
knowledgethe only modelwhich addressepreciselythisissue.

1.2 The uncer tainty problem

It will be aguedthroughoutthis thesisthat IR shouldbe consideredas a reasoning
procesaunderuncertainty Nearly every sourceof knowledgeusefulto the IR process
is accompaniedavith uncertaintyandimprecision. This sectionmakesa surwey of the
main sourcesof uncertaintyin IR, and of the dominantapproacheso copewith this
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problem. It is usualto distinguishthreemain sourcedo this uncertainty{TC97: the
documentrepresentatiorthe representationf the informationneedandtheir match-

ing.

1.2.1 Document representations

At the presenttime, the majority of techniquedfor representingdocumentsare es-

sentiallyequivalentto assigningto a documenta subsef a setof possibleconcepts
{e1, ..., ¢}, eventuallywith associatedveights. Although this representatioiis very

practical,andto our knowledgethereis no othertype of indexing which resultsin bet-

ter retrieval effectivenesson generalandlarge corpora,it is a somavhat rudimentary
way of summarizingthe contentof a document. But evenif onewould assumehat

the information containedin a documentcan be properly representedising a set of

conceptsthereis in generalno agreemenbn a uniquerepresentatioof a document.
Thereis alarge partof subjectvity in assigninga conceptto adocumentsomuchthat

even professionaindexersdo not generallyagreeon the setof conceptsdescribinga

documentAs shavn by the experimentsof Cleverdon[Cle84]:

"If two experiencedndexersindex a given documentusinga given the-
sauruspnly 30 percenbof theindex termsmaybecommonto thetwo sets
of terms”

To the fundamentalimitations of the languageausedfor indexing, andto the sub-
jectivity inherentto theindexing processa third sourceof uncertaintycomesfrom the
fact that nowadaysmostdocumentrepresentationare now generatecautomatically
basedon word countsin the documents.Assumingthat sucha thing asa "perfect”
representationf documentexists,we areprettyfar fromit.

1.2.2 Representation of information need

The informationneedis a mentalstateinternalto the user Therequests only arep-
resentatiorof this need,which is often unclear confused,or badly formulated. As

guotedby vanRijsbegenwho citedPlato[vR96], thattheuseris ableto formulatethis

information needis somavhat paradoxal:"’And how will you enquire,Socratesjnto

thatwhich you do notknow?”. Of coursethe userknows at leasta little bit aboutwhat
information he is looking for, otherwisehe would not be able to formulateit at all.

But still, theinitial formulationof aninformationneedis oftenvery poor: afterseeing
someretrieved documentsthe usercanoftenformulateit againin a morepreciseand
explicit way. Besidesjn certaincontexts suchasthe Internet,oftentheuseris too lazy
to maketheeffort to fully explain hisinformationneed theextrawork beingnotworth

the expectedresult.

Of course,in the sameway asfor documentindexing, more uncertaintyis added
when passingfrom the requestto the internal representationf the retrieval system.
Evenif thetermsarewell chosenby the user therecanbe more ambiguityin a re-
guestcontainingfewertermsthanin adocumenivhich may containafew hundredsor
thousandscontent-bearingermscanbe detectedvith morestatisticalreliability in the
latter casesincethey arelikely to occurmary times.
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1.2.3 Matching

In thematchingprocesstheretrieval systemdealswith two representationsmbedded
with uncertainty and mustdeterminewhethera conceptwhich is poorly understood,
relevance,appliesto this pair of representationsRelevancehasbeenthe subjectof
mary studiegMizzaroreports157 papersonthis subjectfrom 1957to 1994[Miz97]),
but still verylittle is known aboutwhatmakesa userdecidewhetheradocuments rel-
evantor not. Experimentsave shavn thatuserswith apparentijthe samebackground
knowledgewill have very differentvision of whatconstitutesarelevantdocumento a
givenrequest:

if two scientistor engineerareaskedto judgetherelevanceof agivenset
of documentsgo a given question the areaof agreementnay not exceed
60 percent. [Cle84, p. 38]

Moreover, the matchingprocessusuallyassumeshatterm matchingimplies con-
ceptmatching,while dependingon the context, the sameterm may refer to different
conceptsand differentterms may refer to similar concepts. We will addressmore
specificallythe vocalulary mismatchproblemin Chapters.

1.3 Models of IR

The centraltopic of this thesisbeingthe developmentof a logical modelof IR, we
feelit is necessaryo first give motivationsregardingthe necessityof developingnew
modelsof IR. Thentheclassof modelsthathave hadthe mostimportantimpacton the
IR field, the probabilisticmodels,areintroduced.The morerecentiogical approacho
IR is thenpresented.

1.3.1 Why do we need models of the IR process?

Any modelof IR makesunderlyingassumptionsn (1) how documentshouldberep-
resented(2) how information needsshouldbe representedand (3) how theserepre-
sentationshouldbe matched. For example,the vectorspacemodelassumeshat IR
canbe interpretedgeometrically:documentsaandinformationneedscanbe described
by vectors which canbe matchedoy computinga similarity betweerthem. Although
IR hasa very strongempiricaltradition, the importancetaken by the theoreticalwork
in modelingin acomputationaivay theretrieval procesasbeenincreasingsincethe
early seventies.But whatarethe objectveswhenattemptingto modelthe IR process?
Sebastianidentifiesthreeclasse®f motivations[Seb9§.

(1) Modelsareabstraction®f theretrieval processindependenof the specificar
chitecturechoserfor storingthe data,retrieving documentspr acquiringandprocess-
ing the request.Abstractionleadingto generalizationa modelprovidesa theoretical
framework for thinking the IR task. A wide variety of retrieval approachesanthen
be describedandcharacterizedavithin onemodel,suchthatthe main characteristicef
an approacho retrieval are more apparentand canbe betterunderstood.(2) Models
provide usefulguidelinesfor developinganoperationatetrieval system.For example,
theoreticalargumentscanbe usedto justify thata retrieval systemshouldbe built this
way ratherthanthatway. Also, aretrieval modelcanbe preferredbecausét hasbeen
shawvn to be more generalthan other existing models. The modelingtask may then
influencethe whole IR field in a privilegeddirection. (3) Modelscanalsobe useful
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to comparethe characteristic®f differentretrieval approache#n a generalway. As
formulatedby differentauthors[BH94, Seb98, thereis a hopethat modelscanbe
comparedheoreticallyratherthanexperimentally This would reducethe numberof
experimentsanddefinitely eliminateoptionswhich aretheoreticallyunjustified.
Furthermore(4) every approacho retrieval hasunderlying,oftenimplicit, assump-
tions. Theseassumptionaresometimesnisleadingandif so,they shouldbereplaced
by morevaluablehypothesesThe intellectualeffort neededo build a modelleadsto
put afingeron the underlyingassumptionsguestionthem,andpossiblyreplacethem
by a bettersetof assumptions(5) And finally, a modelis in mostof the time based
onawell-establishedheoreticaframenork. This framewnork oftencomeswith arange
of well known techniqueswhich can provide reliabletools for the taskat hand. For
example,probabilisticmodelsopentheway to the useof statisticaltools, vectorspace
modelsto the useof geometryand matrix computation,and logical modelsto tech-
niguesof inferenceinitially developedfor artificial intelligenceanddatabas¢heory

1.3.2 Probabilistic models

As first studiedby Zipf, texts and collectionsof texts have recurrentstatisticalprop-
erties[Zip49]. The first recourseto statisticalfeaturesof text for IR canbe traced
backto the work of Luhnin 1957 [Luh57], and Maron and Kuhnsproposedn 1960
theuseof probabilisticindexing [MK60]. Lateron, KarenSparckJonesdemonstrated
in 1972thattheinclusionof a measureof term specificityin the rankingschemethe
idf weightseenin Sectionl.1.3,resultsin systematidmprovementof retrieval effec-
tivenesgSJ72]. Sincethen,a lot of work hasbeendoneon finding a properway to
integratethis statisticafeatureandothersin orderto improve theweightingof features
describingdocumentsandinformationneeds.Probabilitytheoryis a well established
andcorvenientframawvork to exploit the statisticalregularitiesof texts, in orderto as-
sessandcombinetheweightof evidencegivenby differentcluesto supportdocument
retrieval.

Thefirst attemptto describdR in aprobabilisticway is dueto MaronandKuhnsin
1960[MK60]. Alreadyatthattime, theauthoravereconscioughatuncertaintycannot
beexcludedfrom theidentificationof documentontent.To copewith thisuncertainty
they proposedhatkeywordsshouldbeappliedto documentsvith a certainprobability.
Theinterestin probabilitytheoryasa possibleway to modeluncertaintydeclinedfor a
while, but wasrenavedin theseventies.In 1977,Robertsorproposedhe Probabilistic
RankingPrinciple,foundationson which mostprobabilisticmodelsrely [Rob77. Un-
der certainconditionsof independenceetweendocumentsthis principle guarantees
optimalretrieval effectivenessf documentsrerankedaccordingo theprobabilitythat
they arejudgedrelevant,basedn all availableevidence.

Thebinaryindependencmodel[RSJ76] proposedy RobertsorandSparckJones,
guaranteesptimal performancef querytermsareweightedusingtheir probability of
occurrencen relevantandnon-relerantdocumentsthusproviding arigoroustheoret-
ical frameavork guiding the way querytermsshouldbe weighted.However the model
needssomerelevancefeedbackdatato estimatethe probability thata queryterm oc-
cursin arelevantdocumentthoughit canbesetto afixedconstanfCH79], assumedo
follow a givenfunction or estimatedrom empiricaldata[Gre9g. Anotherdravback
is thatthemodelignoresthe evidenceprovidedby thenumberof occurrencesf aterm
in adocumentandtheinfluenceof documentength. Aroundthattime, Booksteinand
Swanstondevelopeda probabilisticmodel to assesshe probability that a document
shouldbeassigned giventerm[BS74].
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Anotherclassof probabilisticapproachess more pragmatic:unlike the previous
approachesyo attemptis madeto explain IR throughthe model, ratherit is assumed
that the ranking schemefollows a parameterizeanodel whoseparametersre com-
putedon a setof training querieswith statisticaltechniquesf regression.Linear re-
gressionwasappliedby Fox etal. [FNL88] and polynomialfunctionswerefitted by
FuhrandBuckley [FB89]. A potentiallymoreadequatapproachs thelogistic regres-
sionmodelbecausehereis no assumptiorof normalityon the parameterso estimate,
andthe target variable,relevance,is usually binary [Gey94]. In this thesis,we will
sometimesnake useof thelogistic regressiorto estimateprobabilities.

Thecurrenttrendsin probabilisticapproacheattemptto obtainbetterestimateof
the probabilities]RW97, Gre9§ andto getbeyondthe division betweerindexing and
retrieval probabilisticmodels[PC9g. It is always possibleto improve probabilistic
modelsto betterfit the retrieval processput one may wonderif probabilisticmodels
have not intrinsic limits which cannotbe surpassed.An analogycanbe madewith
thestatisticalapproacheghiddenMarkov models)usedin speechrecognitionfor more
thanthirty yearswhich have providedmuchinsightsin thestatisticalaspect®f speech.
Evenif speectexhibits statisticalregularities,the fundamentahatureof speectis not
statistical.In the sameway, the fundamentahatureof IR is surelynot probabilityand
statistics:by stayingon this ground,thereis therisk thatsomefundamentafeaturesof
text andIR will neverbecaptured.

But where do the limits of probabilisticapproachezome from? Probabilistic
modelsrequire strong independencassumptiondetweenterms. They lack flexi-
bility for integratingthe differentsourcesof knowledgewhich influenceor help re-
trieval. Noticeableattemptshave beenmadeto relaxthe strongindependencassump-
tions on which most probabilistic modelsare basedby taking into accountstatisti-
cal co-occurrencdetweenterms[vR77], but this did not lead to retrieval improve-
ment[SvR83. A quoteof Robertsorillustratesthe limits of the probabilisticmodels
[RW94]:

"One problemwith the formal modelapproactis thatit is oftenvery dif-

ficult to take into accounthewide variety of variablesthatarethoughtor
known to influenceretrieval. The difficulty ariseseitherbecausehereis
no known basisfor amodelcontainingsuchvariablespr becausary such
modelmay simply betoo complex to give a usableexactformula’

The strengthsand weaknessesf probabilisticmodelsculminatewith the Okapi
probabilisticmodel[RWHB95]. This modeltakesinto accounthemostimportantfac-
tors which influencethe weight of a term. Theretrieval systemsbasedon the Okapi
approachare regularly amongthe bestin the TREC experiments,and its reputation
is now well established However the valueof a numberof parametersustbe esti-
matedon a setof training queries,andthereis no clearbasisfor justifying the values
that shouldbe taken by parameterso optimizeretrieval effectiveness.Paradoxically
the attemptto move away from ad hoc retrieval hasresultedin a comebacko more
empiricalbut effective retrieval approaches.

A very differentprobabilisticapproachs taken by Turtle and Croft, in which the
retrieval processs describedwith inferencenetworks[TC91]. An inferencenetwork
is definedby a directedacyclic graphwhich representshe probabilisticdependencies
betweenthe variables. This approachconsiderghat the probability of relevancecan
be computedndirectly, by computingthe probability thatthe informationneedis met
givena documentasevidence: p(relevance|d, q) is estimatedoy p(q|d). Any prob-
abilistic dependeng canbe included,aslong asno cycle is createdin the network.
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However, thislastapproaclkcanbe consideredisbelongingto a differentparadigmin
whichretrieval is viewed asuncertainnference.

1.3.3 Logical models

Although the modelsof IR basedon probability theory have a firm theoreticalbasis,
they arestill confinedto the keyword-basedpproachprobabilisticmodelsessentially
provide theoreticallysoundtechniquego assessheweightof evidencein favor of rel-
evanceprovidedby the occurrenceof aquerytermin adocumentNeedlesso say the
properassessmertf this weightis a crucial problem,but evenwith very refinedtech-
niguesfor assessingveightsof evidence keyword matchingremainsa very simplistic
way of makingtheretrieval processIR needanoresophisticate¢knowledgerepresen-
tation proceduresbecauseetrieval systemanustsupportsearchesn moreandmore
heterogeneousnvironmentssuchasfreetext mixedwith databasespreadsheetstc.
Thelogical approacttanbe seemasan attemptto developmodelswhich will propose
a moreaccurateepresentationof documentandinformationneed,anda more elab-
oratedmatchingprocesghanthe classicalapproacho retrieval. Logical modelscan
integratenaturally otherbodiesof knowledgeaswell asthe too oftenignoreduserin
theretrieval process.

IR is inference

The strongesargumentin favor of thelogical approacho IR is thatretrieval is uncer
taininference andthereis probablyno betterway thanlogic to addresshe problemof
dealingwith uncertaininference:

"Whatever the mechanisnfor the treatmenif uncertaintyis, we strongly
believe thatlogic shouldplay the centralrole in the entireinferentialap-
proach: [Nie96]

"This authoris corvincedthatretrieval is inferenced...]"[vR89]

"In this view, informationretrieval is aninferenceor evidentialreasoning
procesy...] [TC91, p. 187]).

For Sebastianiit is essentiato betterunderstandhe IR taskif we everwantto sig-
nificantlyimproveretrieval system¢$Seb9§. If oneconsiderghatretrieval is inference,
thenlogicis anadequatéormalismto explorethelR task,andit shouldbeinvestigated
thoroughlywith differentlogics. Logic hasbroughtmuchto the developmenbf mary
subfields of computersciencegspeciallythoserelatedto artificial intelligence.These
otherdisciplinesin computerscience’have gainedmuch deeperinsightsbeingana-
lyzed by meansof logical techniques”and”a perspectie from which they have been
ableto take advantageof razorsharpanalyticaltools” [Seb98.

To understandetterIR, logic is a formalismthat mustbe explored. But how are
logic andIR connected?

The connection between IR and logic

The connectiorbetweenR andlogic wasfirst underlinedby van Rijsbeigenin 1986,
who shaowved that different classicalretrieval approachesire essentiallyvariationsin
the way of evaluatingthe uncertaintythatthe documentD shouldimply thequery@,
denotedP(D — @), whereP(.) is anuncertaintymeasureo be defined[vR8€]. In
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this paradigmwhich makesa link with deductve modelsof databas¢heory[Seb98§,
a pieceof informationsuchasa documentanswers’aninformationneedif by using
a sequenc®f logical operationsthis informationneedcanbe inferredfrom the doc-
ument. It is assumedhat the termsof the implication canrepresensomenotion of
information content: a documents relevantif it explicitly or implicitly containsthe
informationrequestedy the user in which caseit is possibleto infer the information
containedn the queryfrom theinformationcontainedn the document.The event of
relevanceis not directly representedhut is implicit in the implicationD — @. One
basicassumptiorof the logical approachis that documentsand queriescanbe mod-
eledwith logic: aqueryis usuallyseenasalogical sentencén the choserlogic, anda
documentsa setof logical sentences.

Nie investigatednore thoroughlyvan Rijsbeigens initial idea of describingrel-
evanceby an inferenceprocesgNie89]. He distinguishegwo aspectof relevance,
exhaustiity and specificity, whoseimportancedependon the userand his type of
informationneed.He shovedthatfor D to imply @2, D mustdealwith every aspects
of Q: D — () addressethe exhaustvity aspectof relevance. However a very large
documen{suchasthe EncyclopediaUniversalis)filling up this conditionmightnotbe
consideredelevant by the user becausat is not specificenoughto the information
need. Specificity canbe computedby reversingthe orderof implication () — D):
for @ toimply D, Q mustdealwith every aspecof D, in otherwords D cannotdeal
with atopic not presenin ). By combiningthetwo interpretationof relevance Nie
madethe demonstratiorthat the Boolean,vectorspaceand probabilisticmodelsare
only specificwaysto computethe uncertaintyin thesetwo implications[Nie89]. Al-
thoughNie andBriseboisshoved later that specificity canalsobe addressedvith the
D — @ implication[Nie96], it is ouropinionthatchoosingy or D asthestartingpoint
of inferences amatterof corvenienceanddepend®ntheway theretrieval processs
addressed.

Fromthevery beginning, proponent®f thelogical approacthave beenawarethat
it is generallynot possibleto establishwith certaintythata documenimpliesa query,
thusthe inferenceprocessshouldbe closely associatedvith an appropriatemeasure
of uncertaintyP(D — @). Van Rijsbegenproposeda very generalapproachasa
meanof measuringuncertainty basedon the minimal additionof informationneeded
to establishthe truth of theimplication. The approactis statedin the famousLogical
UncertaintyPrinciple[vR86, vR89:

Given ary sentenceg: andy; a measureof the uncertaintyof y — x«
relative to a given datasetis determinedoy the minimal extentto which
we have to addinformationto the dataset,to establistthetruth of y — «.

Thisthesiswill proposeanoriginal, symbolicinterpretatiorof this Logical Uncer
tainty Principle.

Logical models ten years later

TreatingIR with logic hasbroughtmuchenlighteningonunderlyingmechanismsvhich
couldhardlybestudiedwith otherapproachesThelogical approacthasledto thecre-
ationof metamodelsof IR, in whichdifferentmodelsof IR canbeanalyzedoiillustrate
if they possessomegeneralproperties.n thatvein, Nie madethe demonstratiorthat
someforms of vectorspacemodelarenot correct[Nie89]. HuibersandBruzadeter

mineda setof axiomsconcerningnformationcarriersanddemonstratethatBoolean
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retrieval is superiorto someform of coordinatiormatch[BH94]. CrestaniandvanRi-
jsbegenexploredthe mechanisnof probability transferin IR, usinglogical imaging
[CVR95.

Logical modelsof IR are expressie. Theremight be no betterformalism than
logic to captureknowledge,andto reasonon that knowledge. This expressveness
makesthema very attractive framework for knowledge-basedR [Fuh99. They can
alsoaccommodateaturallystructureddocumentgLal97], andarewell suitedfor non
standardR in multimediaervironments]FGR98 OP9§. For retrieving images,Ou-
nis obtainedmuch betterresultsusing relationalindexing thanwith keyword-based
SMART retrieval system[OP94. In generalthey arevery flexible in integratingre-
lationshipsbetweerdescriptorof documentandqueriesasshovn in [Nie96] andin
[CVR95.

At presentime, we do not know yet if the whole IR field canbe revolutionized
by the adwent of logical IR systems. It is true that implementationf large-scale
informationretrieval systemsasedn logic have beenrelatively rareuntil now. There
have beenattempt§CRSVR94, but it seemshatlogical modelsarenot yet readyto
facethe realmof experiments.This hasled somepeopleto doubtaboutthe potential
utility of logic for building retrieval systems[Lal98]. But thefactthatlogical models
have beenrarely experimentechasfor consequencthattheir behaiour in practiceis
notwell understoodandalsoit is not clearhow the parameterslescribinguncertainty
shouldbeassessed.

The inferencenetwork model can be consideredas an extensionof probabilistic
approachegsyut alsoasa logical modelwith a computationaflavor. Its two mainmo-
tivationsare(1) theneedof aformalframewnork to combineall availableevidence,and
(2) thebeliefthatretrieval is uncertaininference Inferencenetwork canbe considered
asa computationaimodelof inference wherethe setof allowed inferenceds prede-
fined, and whereemphasiss put on assessmerdf uncertainty This is unlike other
logical models,wheresymbolictreatmentof uncertaintydominatesand usually pre-
cedests numericalassessmergndinferenceslonothaveto follow apredefinedstruc-
ture. However inferencenetwork have beensuccessfullyimplementedn INQUERY
[CCH92],andcanberegardedasagoodstartingpointfor moving away from classical
retrieval approaches.

Logical modelsrepresena promisingavenuewhichis worth beingexplored.Logic
hasalreadyshovn to be a much enlighteningframework for exploring the IR task
[Nie89, BH94, CvR95], it remainsnow to demonstratehat logic can be the pillar
of powerful informationretrieval systems.And the definite proof canonly be made
throughexperimentsof logical retrieval systems.This thesis,in which variousexper
imentswill be madewith the logical modeldeveloped represents steptowardsthis
objectie.

1.3.4 Discussion

Themeritsandweaknessesf probabilisticandlogical modelshave beenpresentedit
seemdo usthattheseapproacheslo not resultfrom oppositeor irreconcilableviews
of IR, but shouldbe consideredas complementaryiews of the extremely complex
taskof giving the ability to computerdo understandhaturallanguageext andfilling
up an information need. To someextent, theseapproachegan both be considered
asdifferentwaysof combiningall possiblecluesto evaluatethe relevanceof a docu-
mentto aninformationneed.In onecase emphasiss puton drawing inferencechains
betweendocumentsandthe informationneed,in the otheron the preciseassessment
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of the weight of evidenceof eachclue. Ratherthan excluding eachother, eachap-
proachshouldbenefitfrom the experimentalor theoreticalwork donewith the other
approaches.

Thepointmadehereis thatpromisingavenuesn IR areto combinedifferentviews
of theretrieval process Empiricalinvestigationshouldaccompawy closelythe devel-
opmentof models notfollow it, asis stronglysuggesteih [Gre9]. Thelogicalmodel
developedin this thesiswill bethoroughlyexperimentedandthis will highlight some
of the difficulties not alwaysthoughtof whenthinking the retrieval taskin anabstract
way.

1.4 Research summary

This sectionbeginswith a descriptionof the work donein this thesison developinga

logical modelof IR basedon probabilisticargumentatiorsystemgPAS). We alsofeel

it is necessaryo give motivationsregardingthe reasonsvhy PAS are an interesting
trackto follow amongpossibldogical approaches.

1.4.1 Description of the approach

The comparisonof differentapproachegor dealingwith the uncertaintyunderlying
theretrieval procesdeadsusto the conclusiorthatthe mostpromisingformalismsare
thosewhich combinecoherenthytechniquegor assessingncertaintysuchasprobabil-
ity theory with moreflexible andaccuratd¢echniqueso representincertairknowledge
andcombinethe evidencefrom differentcluesfor retrieval. A morepreciserepresen-
tationof knowledgewill reduceheamountof uncertaintyintroducedwvhentransform-
ing documengandrequestsnto their representatie, but thelossof informationandthe
additionof noiseremaina major partof this processMoreover, uncertaintyis anim-
portantaspectvhendealingwith symbolicsourcesf knowledgesuchasa thesaurus
or thehypertet structure.To provide anequilibriumbetweerthe symbolicandproba-
bilistic modelingof knowledge framewnorkswhich separat¢éhereasoningrocesgrom
theestimationof uncertaintyseento beindicated.

Thegoalof thisthesisis thedevelopmenbf anapplicabldogical modelof IR. The
modelis developedwithin the theory of probabilisticagumentatiorsystemyPAS),
andis thefirst applicationof this techniqueof uncertairreasonnindo IR. Probabilistic
argumentatiorsystemsgepresenanev anduniqueway of integratingandsynthesizing
logic andprobabilitytheoryinto onecoherenframewnork. Thetheoreticafoundations
of PAS arepropositionalogic, probabilitytheoryandthetheoryof evidence.Uncertain
knowledgeis representetéh propositionalogic by usinga specialtype of proposition
calledassumptionsandit is assessedccordingto probabilitytheory

Whena PAS is designed,t canbe usedto evaluatedifferenthypothesesgiven
certainobsenations.A PAS designedo containall necessarknowledgefor retrieval
in atestcollectioncanbe used.for example,to evaluatethe hypothesighatthe query
is true giventhat a certaindocuments obsened. The evaluationof a hypothesisan
bedonesymbolicallyby finding all symbolicargumentsupportingt, andnumerically
by assessinghe reliability of the aguments.The centralideaof PAS is thento find
the argumentssupportingor discardinga hypothesisof interest. Loosely speaking,
an argumentcan be understoodor the momentas "a chain of possibleeventsor a
particularcombinatiorof circumstancethatallows to deducahetruth or thefalsity of
the hypothesidrom the givenknowledge”[HKL99].
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A significantpart of this thesiswill be devotedto the developmentof the logical
model. The symbolic modelingof knowledge, the computationof probabilities,the
way theretrieval processs donewill be clearly explained. Therelationshipawvith the
Logical UncertaintyPrinciple will be madeexplicit. The verificationthat the model
respectghe propertieghat, accordingto Lalmas[Lal98], shouldbe thoseof a logical
model,will bethoroughlyinvestigated.

In theprecedingsectionjt wassaidthatlogicalmodelshave notbeenexperimented
enoughyet. In thisthesiswe will make variousexperimentswith thelogical modelde-
veloped.In onepart,thelogical modelwill beadaptedo treatthe specificcasewhere
a ranking of documenthandedout by a retrieval systemcan be improved after inte-
grationof the hypertext links. Experimentswill be doneon the CACM andTREC’8
smallWebtrackcollectionsdescribedelow. In anothempart,aretrieval systementirely
basednthePAS modelwill beexperimentedSpecialcarewill betakenin integrating
varioustermrelationshipgrom differentthesaurin theretrieval processTheWordnet
thesaurusinda statisticalthesaurusvill beconsideredo designreliabletermrelation-
ships. Thetermrelationshipswill be usedin two ways: (1) to facilitatematchingin a
logically-basedqueryexpansion,and(2) in a novel way whererelationshipshetween
guerytermswill betakeninto accountto determinewhich termsarethe mostreliable
descriptorsof the information need. The logical retrieval systemdevelopedwill be
experimentedon the Wall StreetJournalcollectiondescribedbelon. Throughoutthe
experimentsmuchcarewill betakento the estimationof probabilities.

Hereis a descriptionof the collectionsusedfor experiments:

e CACM (3.2Mbytes,50requests)thisis asmalltestcollectionon 3204abstracts
of scientificarticlesof the collectionof the ACM. Theinterestof this collection
reliesin thecitationlinks betweerthe articles,which canbe usedto experiment
with the modelfor retrieval in hypertexts.

e TREC’'8 Web Track (2.3 Gbytes, 100 requests):this is a large collection of
247'491Web pagescomingfrom 956 Web sites. This collectionwasdesigned
from the TREC experimentsandis extractedfrom 100 Gbytesof "frozen” Web
containinga high densityof relevantdocumentslt will alsobe usedto experi-
mentthe modelfor retrieval in hypertets.

o Wall StreetJournal(240Mbytes,185requests)thisis amedium-sizecollection
of news storieswritten betweenl990and1992. This collectionwasusedfor the
TREC experimentsand thus containsa large numberof requestswith reliable
relevancejudgements. This collection will be usedto implementthe logical
retrieval systemjntegratingstatisticalandmanualthesauri.

1.4.2 Justification of the approach

PAS are a completelynen approachto logical information retrieval and as such, is
interestingto explore. However thereis a strongey controversialreasorfor exploring
this avenue:sincethe very beginning of the logical approachtherehasbeena strong
belief that propositionallogic is not suitablefor IR modeling [VR86, vR89, CC92,
Nie89, Lal9g]. Paradoxicallythe interestingfeaturesof propositionallogic areat the
sametime recognizedby thosewho rejectit: "The difficulty is how to extend the
Booleanlogic without at the sametime losingits advantagesTvR96]. But Sebastiani
recentlyshovedthatsomeof thereasongor excluding Classical.ogic werenotreally
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substantiatedsatherthey dependon the point of view attachedo the context of the
implicationrule. He concludedhatpropositionalogic would beworth beingexplored:

"[...] Ourargumentssuggesthatthe retuttal of classical(propositional)
logic hasbeentoo hasty Reconsideringlassicalogic, maybesieving out
the real reasonf its inadequayg to the IR case,may thus be a way of

betterunderstandinghe meritsof non-classicaapproaches.

Thisthesisrepresentthefirst attempto modelinformationretrieval usingproposi-
tionallogic. We do agreethatpropositionalogic alone is not suitablefor IR, because
uncertaintycannotbe computed.However, with PAS, uncertaintycanbe represented
within propositionallogic, andaswill be shown, this permitsthe visualizationof the
inferenceprocessesin this thesis,we intendto shav that propositionallogic canbe
amuchmorepowerful IR modelingtool thancommonlybelieved, with the additional
conditionthatit be properlyassociateavith atheoryof uncertaintysuchasprobability
theory

PAS aremuchmorethana combinationof propositionalogic andprobability the-
ory. More generally PAS canbebuilt onsetconstraintogic, wherethe possiblevalues
takenby variableds afinite number However, binaryvaluesof variablesopentheway
to all the techniqueof inferencedevelopedfor propositionallogic. On anotherside,
PAS areaninstanciatiorof ageneratheoryof evidence which canbe consideredoth
on a symbolicand on a numericalground. It canthenbe linked to otherwork done
on the applicationof the theory of evidenceto informationretrieval [Lal97, LR98].
The PAS modeldevelopedherecanthenbe extendedin mary ways,andis supported
by solid and extendedtheoreticalfoundations. The approachtaken here should be
understoodisonepossibleway of applyingprobabilisticargumentatiorsystemso in-
formationretrieval. Finally PAS belongto a generatheoryof evidence,andapplying
PAS to IR canalsobe regardedasa first steptowardsapplicationof moreand more
generalframewnorks.

Logical modelswould perhapse morepopularamongthe IR communityif more
peoplehad a good knowledge of logic. Indeed,applying modallogic to IR is less
intuitive than consideringdocumentsand queriesas vectors,for example. However,
themajority of peopleunderstangbropositionalogic, or atleasthave anintuitive idea
of it. And aswill be shavn, the useof "assumptions’to represenuncertaintyand
the finding of "arguments”to evaluatea hypothesismatcheshe way humanreason
underuncertainty This makesit an attractive framework to explore for thosepeople
unfamiliarwith logic.

1.5 Contrib utions

This sectionsummarizeghe contributionsof this thesis. The work donein this thesis
can be separatedn three parts,and the contributionsin eachpart can be discussed
separately:

1. Thedevelopmentof anew logical modelbasecbn PAS.
2. Theapplicationof PAS to retrieval in hypertext collections.

3. The experimentswith a PAS-basedretrieval system,which integratesdifferent
thesaurin retrieval.

Thefollowing subsectionseview the maincontributionsin eachof theseparts.
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1.5.1 The development of a new logical model based on PAS

This part,developedin Chapter3, is concernedvith describingthe theoreticalaspects
of themodel. The main contributionsof this new modelare:

e A modelof IR in which eachdecisioncanbe explained,sincetheway inferences
aredoneallowsto keeptrackof them.Moreover, themodelcanhandlenegative
evidence:argumentdgor but alsoagainsia givenhypothesisanbe found.

e Thedemonstratiorthat propositionallogic doesnot have the limitations which
preventit from modelinginformationretrieval. To the contrary the modeling
highlightsmary aspect®f theretrieval process.

e It is demonstratedhat the Logical UncertaintyPrinciple [vR86] underliesthe
whole PAS approachMoreover, theprincipleis generalizedo encompassym-
bolic amount=f information.

1.5.2 The application of PAS to retrie val in hyper texts

In this part developedin Chapter4, the logical modelis adaptedo integratehyper
text links. An operationaketrieval systemtaking this knowledgeinto accountis then
experimentedn the CACM andTrec'8 Web'track collection. Herearethe main con-
tributions:

e Variousapproachesave beentakento integratehypertect links in the retrieval
process.However, for thefirst time it is showvn thata logical treatmentof this
problemcanbevery corvenient.

e Thelogical representatiof hyperlinksleadsto a betterunderstandingf the
implicit assumptiondehindthe useof this evidence. This understandindnas
animpactontheway theseevidenceshouldbe assessed;ombined andspread.
The "semantics”of thelinks canbetakeninto accountin a morerigorousway
in the computatiorof probability.

e Theapplicationto alargetext collection(2.3 Gbytes),demonstrat¢hatthe use
of logic is not problematiceven on large collections. It alsodemonstratethat
logic canalsobe usedasatool in existing retrieval system thusextendingthe
potentialapplicationsof logicin IR.

1.5.3 Experiments with a PAS retrie val system and thesauri

e A retrieval systembasecdbon logic, which competeswith the stateof the art sys-
temsin IR.

e The proposalanduseof a "Cluster Hypothesisfor queryterms”, which states
thatsimilar querytermsaccordingto a statisticalthesaurusiremorelikely to be
gooddescriptorf theinformationneed.
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1.6 Outline of the disser tation

Thisthesisis organizedasfollows. Chapter2 will introducethe mainconceptof PAS,
necessario understandheirusein thepresentontext. Emphasisvill beputonunder
standabilityratherthanon a detaileddescriptionof the theory In Chapter3, the core
of the logical modelwill be presenteddefinition and meaningof the usedvariables,
modelingof knowledge,evaluationof a documents relevance relationshipswith the
Logical UncertaintyPrinciple. A comparisorwith otherlogical approacheso IR will
alsobe made. In Chapter4, we will describehow our logical modelcanincorporate
hypertext links in the retrieval processand discussthe experimentalresultsobtained
on the CACM and Trec’8 Web track collection. Chapter5 will develop a complete
PAS retrieval systemwhich integratesermrelationshipgrom differentthesaurin the
retrieval process. Finally, Chapter6 will review the contributions of this thesisand
give directionsfor future work. A discussioron the potentiality offeredby logic for
modelingIR will concludethis thesis.
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Probabilistic argumentation
systems

This chapterpresentsthe necessarntheory on probabilistic algumentationsystems
(PAS) to understandhe logical model developedin the next chapter We shall first
explain the fundamentaideaof the PAS approachwhich is to representncertainty
throughthe useof particularpropositionalsymbolscalledassumptiongSection2.1).
The fundamentakonceptsf this techniquefor uncertainreasoningcanthenbe pre-
sented|eadingto propositionakrgumentatiorsystemsn the symboliccase andprob-
abilistic agumentatiorsystemqPAS) whenprobabilitiesareassignedo assumptions
(Section2.2). We endthis chaptemwith anexampleof a PAS puttingin applicationthe
notionsseenin this chapter(Section2.3). This examplemakesthe link with the fol-
lowing chapterby presentingan exampleof a simpleretrieval situationmodeledwith
PAS.

2.1 Adjoining uncer tainty to propositional logic

Propositionalogic is oneof thesimplestandmostcorvenientwaysof encoding<nowl-
edge.An apparentiravbackis thatpurepropositionalogic seemso be unsuitablefor
taking accountof uncertainty However, uncertaintycanbe handledrathereasily by
adjoiningparticularpropositionscalledassumptions In this subsectionhandlingun-
certaintythroughassumptionss discussedrom a generapoint of view.

The simplestcasesof propositionalknowledge are factsand simple rules. For
example,let anarbitrarystatemenbe symbolizedby P, ("it will raintomorron ). A
statementanbe eithertrue or false. Although P; only symbolizesthe statementin
somecircumstanced’ denoteghe factthis statementakesthetruevalue(P; = T).
Similarly, =P, standgor thesentence’it will notraintomorron”. Furthermorefor a
secondpropositionP,, P, — P» representasimplerule of theform”if Py istrue,then
P; is alsotrue”. Thus,factsandsimplerulescaneasilybe handledby propositional
logic. However, factsandrulesoftendependon unknavn conditionsor circumstances
andarethereforenotfully reliable.

Table2.1shavshow uncertairfactsanduncertairsimplerulescanbehandledwith
propositionalogic. Theuncertaintythatfact P, holdscanbetakeninto accounty the
rulea; — P;, whereq; isanassumptionln thesameway, therule P, — P, becomes
a12 = (P1 = P,), whichis formally equivalentto Py A a;2 — P». Assumptions

21
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Natural language ex-

Type of knowledge Logical symbolization pression
A fact P, "it will raintomorron”
A rule Py — P P; implies P,

, Py [ ir-
An uncertainfact a1 — P 1 IS true if somecir

cumstance is true

P, implies P, if some
circumstancesaiz is
true

a2 = (P = P) &

An uncertairnrule
PiNais > P

Table 2.1: Expressing uncertain facts and rules with propositional logic.

arepropositionswvhich statethe unknavn conditionsor circumstancesponwhich the
factsandrulesdependIf anassumptiors knownto betrue,thenthefactor rule which
depend®nit holds. Otherwise hothingcanbededucedrom thisfactor rule.

More generalcasef uncertainknowledgecanbe similarly handled.Let v bean
arbitrarywell formedformula(syntacticallycorrectexpressionjn propositionalogic,
that somehav expresseshe relation betweendifferent propositions. A well formed
formulais arny combinationof literalswith theconnectors\ andVv. Thecorresponding
casewhere~ is not fully reliablecanthenbe representedby a; — ~. Furthermore,
it may be possibleto distinguishbetweenindependentircumstances.For example,
a1 N\ az — v represents situationwhere~y dependsimultaneouslyon differentcir-
cumstances; andas. Fromthe mostgeneralpoint of view, uncertaintyis therefore
capturedby arbitrarypropositionaformulascontainingassumptions.

Most applicationsalsorequirea numericalassessmertf uncertainty The numer
ical aspectof uncertaintyis obtainedby assigningprobabilitiesto assumptions.For
example,if theuncertainrule P; A a12 — P is known to hold with probability 0.6,
thenwe set: p(a12) = 0.6. Note thatthis is conceptuallydifferentfrom assigninga
probability to the whole logical sentences(P;, — P,) = 0.6, asis donein otherfor-
malismsfor integratinguncertaintywith logic. A discussioron this subjectwill take
placein Sections3.2and3.4.

From a knowledgebasecomposedf uncertainfacts,rulesor conditions,we are
interestedn finding which symbolicargumentssupportor discarda givenhypothesis
(symbolicevaluation).Moreover, we wantto evaluatethereliability of this supportby
usingprobabilitiesassignedo the assumptiongnumericalevaluation).

2.2 Fundamental concepts

2.2.1 Propositional argumentation systems

Argumentatiorsystemsareobtainedfrom propositionalogic by consideringwo dis-

joint setsof propositions4 and P. To improve readability capitalletterswill denote
propositionsand minor lettersdenoteassumptions.The elementsn P arethe vari-

ablesof interest,andthe elementdn A are assumptionsintendedto take accountof

theuncertainty

Definition 1. Let A and P be two suc disjoint setsof propositionsand let ¢ be a
propositionalsentencén the propositionallanguage basedon A U P. Thenthetriple
(P, A,¢) is called a propositional argumentation system ¢ is the knowledgebase
of the propositionalargumentatiorsystem.
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¢ is sometimegivenasaconjunctvesety = {&1,...,£gr} of clauseg;. A clause
is a disjunctionof literals, wherealiteral is a propositionor its negation. Howeverin
suchcasest is alwayspossibleto usethe correspondingonjunctiont = & A ... A&g.
Eachclausein X statesafact, rule, condition,etc.,which may or may notincorporate
uncertainty A propositionalargumentatiorsystemhandlesthe qualitative part of the
inferenceprocess.

Propositionalargumentatiorsystemsare built on propositionallogic, hencethey
have the samesyntaxandsemanticaspropositionalogic. We assumehatthereader
hasa basicknowledgeof propositionallogic, otherwisefor a suitableintroductionto
propositionalogicin thecontext of IR, onemayread[Lal98]. Theassumptionplayan
importantrolein expressingincertairinformation. They areusedo standfor uncertain
events, unknawn circumstancesor possiblerisks and outcomes. Note that from a
formal point of view, nothingdistinguishesassumptionfrom otherpropositions.

Example 1. Supposewe are interestedin a setof variablesP = {P;, P>}, with

uncertainty accountedfor by the set of assumptionsd = {ai,a2,as,l21}, and a
knowledg base = & A ... A&, whee: ¥ = {& a1 = P, & @ ax —

Py, & : PoaAlyy = Pi, & : a3 = —Pi}. Thetriple (P, A4, ¢) then constitutes
a propositional argumentationsystem. The equivalentpropositional sentencet is:

(—|a1 \% Pl) A ("dz \% Pg) A ("lzl \% —|P2 \% Pl) A (_'Clg \% —|P1) 1.

When modelingknowledgein a propositionalargumentationsystem,arguments
canbeinferredfrom theknowledgebasesupportingor discountingcertainhypotheses.
A hypothesish is ary well-formedlogical formula with symbolsin A U P, andas
such,canbetrue or false. Let us considerhypothesisP; of Examplel: underwhat
conditionsis P; true? An argument in favor of a hypothesish is a conjunctiona
of literals of assumptionsvhich, if addecto the givenknowledgeé, allows to deduce
hypothesish. More formally:

Definition 2. If his alogical sentencenthesetAU P, thena conjunctionw of literals
of assumptionss a supporting argumentfor h if: a A £ |= h, whete the symboll=
meanghat i is alogical consequencef a A &.

In that case the hypothesids saidto be supported by «. Similarly, « is anargu-
mentagainsth if a A & = —h. Thenthe hypothesids saidto berefuted by a.

In Examplel, anargumentfor Py is a1, becauséf a; istruethenby &; : a; — Py,
P, mustbetrue. In the sameway, as A l21 is anotherargumentfor Py : if as is true,
thenby &, P, mustbetrue,andif I5; and P, aretrue,thenby &, P, mustbetrue.

Thereis alsoanargumentagainstP; : by &4, —P; is alogical consequencef ags,
soagz is anamgumentagainsthe hypothesisP; .

Whentestinganhypothesisit is usefulto know which algumentssupportor refute
it.

Definition 3. Thequasi-supportof i relativeto theknowledgbaset, denotedys(h, £),
is definedasthedisjunctionof all minimalsupportingargumentgor h. « is aminimal
argumentif thereis noa’ # a sudthata’ is alsoanargumentfor h anda = o':

C_IS(h/,é-) = V{a’i : ‘SA Q; ': ha_'aalaal 7£ aiaé./\ o ': haai IZ al} (21)

1As usualin ClassicalLogic, animplicationsuchasa; — P; canbe written asthe equivalentclause:
a1 V Py
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Againin Examplel, we havefoundthata,; and(as Als;) areargumentdor Py, so
qs(Py1,€) = a1V (aaAla1). Hereay Alzy anday A—ls; wouldalsobeargumentdor Py,
but they arenot minimal algumentshecause:; A l2; = ag, andalsoa; A =iz = as.
The reasonfor using minimal argumentsis to allow for a more compactand easily
understandablform for the quasi-support.

The term"quasi” expresseghe fact that someof the supportingargumentsfor h
may bein contradictionwith the givenknowledge.An argumente is in contradiction
with aknowledgebaset if (a A ) is not satisfiablemeaningthatthereis no possible
truth valuesof the propositionsfor which the propositionalsentencéa A &) is true.
Thefactthatan algumente is in contradictionwith the knowledgebaset is written:
a A & =L (L representshe contradiction).gs(L, ) designateshe disjunctionof all
minimal argumentswhich arein contradictionwith &.

Looselyspeakingwe saythattwo agumentsy; andas arein contradictionwith
oneanothelif a; A as is acontradictoryargumentbut notnecessarilyy; or as alone.
In ourexample thesupportingargumentdor P; arein contradictiorwith theargument
a3z Whichis againstP; . So:

qs(J_,§) = (a1 \% (a2 A l21)) A asz = (a1 A a3) Vv (az A l21 A a3) (22)

Definition 4. Thesupport sp(h, £) of h is definedasfollows:

sp(h,§) = gs(h, &) A —gs(L,€) (2.3)

The reasonfor the supportis to exclude from the quasi-supporthosearguments
whicharein contradictiorwith thegivenknowledget. Still in ourexample thesupport
of P is:

sp(P17 E) qS(Pla 5) A ﬁqS(J-7§) (24)
(a1 \Y ((12 A 121)) A —|((a1 A ag) V (a2 Ala1 A ag))

(a1 A =az) V (az Ala1 A —ag)

2.2.2 Probabilistic argumentation systems

Sofar, hypothesehave only beenjudgedqualitatively. A quantitatie judgementof
the situationis possibleif probabilitiesareassignedo theassumptionse.g.,p(a;) =
x1,p(az) = 2, etc. In this thesiswe assumehatthe assumptionsire mutually inde-
pendente.g.p(a1 A a2) = p(a1) - p(az), plar A —a2) = p(a1) - (1 — p(a2)), etc. The
readeris referredto [KH96] for a discussioron this subject.

Definition 5. Let (P, A, &) be a propositionalargumentationsystem,and X be the
setof probabilities assignedto the assumptionof A, then (P, A4,&, X) is called a
probabilistic argumentation system(PAS).

With probabilisticargumentatiorsystemsa quantitatve judgmentof the situation
is possibleoncesymbolicargumentsare found. The degreeof supportis definedas
the probability of the quasi-supportzonditionedon thefactthattheknowledgebases
satisfiablgnot contradictory).
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Definition 6. If i is thehypothesi®f interest,thenthefollowing conditionalprobabil-
ity is the degreeof support for h [HKL99]:

dsp(h,&) = p(gs(h,&)|-gs(L,E))
p(qs(h‘7 6) A _'qS(J-aé.))
p(~q3(L, ) (5
p(gs(h,§)) — plgs(L,€))
1- p(qS(J—a 6))

A moredetailedcomputatiorFormally, thedegreeof supportis the probabilitythat
the knowledgebasesupportghe hypothesis.lt is a valuebetweer0 and1 thatrepre-
sentsthe supportor the beliefthat 4 is truein thelight of the givenknowledge. This
measureorrespondso normalizedbelief in the DempsterShafertheoryof evidence.
Clearly, dsp(h,£) = 1 meanshath is completelysupportecby the knowledgebase,
while dsp(h, £) = 0 meanghath is notatall supportedy the knowledgebase.Sim-
ilarly, dsp(—h,£) = 1 meansthat b is completelydiscardedoy the knowledgebase,
while dsp(—h, £) = 0 meanghath is notatall discardedy theknowledgebase.lt is
sometimesusefulto computethe plausibility of hypothesis:

pla(h,§) =1 - dsp(=h,¢§) (2.6)

It canbeshavn thatdsp(h, &) + dsp(=h, &) < 1. Fromthis, it followsdirectly that
dsp(h, &) < pla(h,§). Theplausibility representshe degreeto which the hypothesis
is notin contradictiorwith thegivenknowledge.

We cancomputethe probability of alogical formulasuchasp(gs(h, £)) by putting
thecorrespondindpgical sentencén disjointform. Supposevewouldliketo compute
the probability of p(A v B) from p(A) andp(B). The equialentdisjoint form is:
AV (B A —-A) (becauseA V (BA-A) = (AVB)A(AV -A) = (AV B)). We
have then: p(AV B) = p(AV (B A -A)) = p(A) + p(B A -A), becaused and
B A - A aredisjointevents. Finally, with the independencassumptiorstatedbefore,
p(BA-A) =p(B) - (1-p(4)),andp(4 v B) = p(4) + p(B) - (1 — p(4)).

Example 2. In Examplel, supposene assignthe following probabilities to the as-
sumptions: X = {p(a1) = 0.4,p(as) = 0.6,p(az) = 0.3,p(l21) = 0.5}. We are
interestedin computingthe degree of supportfor P, and the degree of supportfor
—P;. Thefirststepis to computeheprobabilitiesof thequasi-supporfor P, =P, and
1.

For P, wehave:

p(gs(P,€)) = plarV (ag Alar)) (2.7)
= p(a1 \Y (az A 121 A —|011))
= play) +plaz Alzy A —ay)
= pla1) +p(az) - p(lar) - (1 — p(a1))
— 04+06-0.3-(1—0.4) = 0.508

Similarly, we find p(gs(L,£)) = 0.174, andp(gs(—P1,£)) = p(as) = 0.3. We
maycomputethe degreesof supportfor P, and—P;.

dsp(Plag) = p(qS(Plaé-)l_'qs(Jﬂé))
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Figure 2.1: The knowledge base of a PAS. The PAS describes a
retrieval situation with a document, a query and four terms.

_ plgs(P, ) — p(gs(L,§))
= I pw(L9) 2
0.508 — 0.174 ~ 0.4044

1-0.174

In the sameway; wefind dsp(—P;, ) ~ 0.1525, fromwhich wefind: pla(h, &) =
1 —0.1525 = 0.8475. In conclusionaccording to the knowledg basethe hypothesis
is supportedto a degree of 0.4044,and is plausibleto a degree of 0.8475. Thegap
betweerthesetwo valuesis a measue of our ignorance

2.3 An example related to information retrie val

Thetwo examplesof Section2.2illustratedthe fundamentatonceptof thetheory In
preparatiorfor the next chapterit seemsappropriateo illustratethesesameconcepts
within anIR context. We will useherea simpleexamplewith a singledocumenanda
guery Somesemantiaelationshipdetweerthe conceptsareincluded.

Considera PAS (P, A, £, X) wherethe setof propositionsrepresentinghe vari-
ablesof interestis P = {D, @, C1,Cs,Cs,Cy} andthe setof assumptionss A =
{a1,as,¢1,c¢3,c4,723,714}. Thebody of knowledgeX = {¢i, ..., &7} andthe setof
probabilitiesX aregivenon Figure2.1.

Within parenthesese have writtentheclausecorrespondingo eachrule. Hereis a
possibleinterpretatiorof this knowledgebasewithin anIR contet. Clauses; and¢s,
representhe uncertairknowledgethatdocumentD impliesconcepiC; (probability of
0.7)andconceptCs; (0.8). &3 andé€, represena querywhichis implied by conceptC;
(probability 0.7) or by conceptCs (0.8). However, this queryshouldnot be aboutC
(0.6). Finally, (g and&; canbe seenasa smallthesaurugontainingvarioussemantic
relationshipdetweerconceptsthereis arelationfrom Cs to Cs (probability0.6) and
from C; to Cy (0.3).

In retrieval basedn inferenceadocumentD is retrievedif thequery( is implied
by D. Onepossibleway to implementthis ideais to addthe clause({s : D) to the
knowledgebaset (D is "obsened”)? andthento evaluatethehypothesig). Evaluating
anhypothesisneandinding all supportingandall refuting argumentsfor this hypoth-
esis,andthencomputingthe numericalreliability of theseargumentsThe sequencef
operationss to computeigs(Q,& A D), gs(—Q,E A D), gs(L,E AD), dsp(Q, & A D),

2For readerdamiliar with the IR logical approachthe reasorfor having Q asthe hypothesisnsteadof
D — @ will beexplainedin thenext section.
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dsp(—=Q, & A D). If anumericalevaluationis our maininterestcomputingthe support
sp(@, € A D) is notnecessary
Variousmethodsxist for findingargumentssomeof which arebasednresolution
[KH96], but thereis no roomin this thesisfor alengthydiscussiorof thesemethods.
The quasi-supporof @ is:

qs(Q,&) = (a1 Ac1) V (ag Araz A cs) (2.9)
Similarly, the quasi-supporof —=() is:

q5(—Q,&) = a1 Aria Ay (2.10)

Thereis a contradictionin £ if theargumentssupporting@ and—@Q arebothtrue.
Then:

qs(J_,f) = (((11 A Cl) \% (a2 A 023 A 03)) A —|(a1 ACia A C4) (211)

The probability of quasi-supporfor @ is found by putting it in a disjoint form.
The detailedcomputationis displayedin orderto illustrate how disjoint forms canbe
obtained:

p(gs(Q,€)) = pl(ar Aer) V(az Aras Acs)) (2.12)
= p((a1 /\Cl) ((a2 /\T23 /\03) /\—|(a1 /\Cl)))
= p((a1 /\Cl) (a2 A T3 A cC3 /\"Gl))
= pla1) - p(er) + plaz) - p(ras) - ples) - (1 — p(ar))

0.7-0.7+0.8-0.6-0.8- (1 —0.7)
~ 0.6244 (2.13)

Theanalogcomputatiorfor —() is moredirect:
plgs(—Q,&)) = plag Ar1a Aey) =0.7-0.3-0.6 =0.126 (2.14)

Finally, we find for the contradiction:p(gs(L, £)) ~ 0.0831.
We maythenapply Equation(2.5) to computethe numericaldegreeof supportfor

Q:

p(gs(@,€)) — plgs(L,§))
1- p(qS(J—a f))

0.6244 — 0.0831

~1—oosst o

dsp(Q, ) (2.15)

And in thesameway for =Q: dsp(—=Q, ¢) ~ 0.0468. Thuswe find thatthe plausi-
bility is: pla(Q,&) = 1 — 0.0468 = 0.9532.

The hypothesis is supportedby £ to a degreeof 0.5904,andis plausibleto a
degreeof 0.9532. The gapbetweern).5904and0.9532is a measurenf our ignorance
of the situation.
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Chapter 3

The PAS logical model

The elementsrequiredin orderto understandhe main conceptsof PAS wereintro-
ducedin the previous chapter The exampledevelopedin Section2.3 wasintendecdto
provide a generalidea of the way theseelementscan be combinedto modelthe re-
trieval processy aninferencemechanism.This chapterwill developthe coreof the
logical modelproposedn thisthesis.First, the PAS retrieval modelmustbe designed.
For thatit is necessaryo give a clearmeaningto the propositionsattachedo docu-
ments,queriesandthe othernecessarjtems. Someof the possiblewaysof modeling
therequiredknowledgewill thenbedescribedTheproblemof estimatingtherequired
probabilitieswill be discussedrom a generalpoint of view (Section3.1). We then
have everythingin handto determindn which waysthe matchingprocessanbedone
throughinference.Thelinks betweerthe PAS approactandvan Rijsbegen’s Logical
UncertaintyPrinciple [vR86] will alsobe madeexplicit (Section3.2). In a surwey of
logical models,Lalmaspresented list of propertieswhich shouldbe satisfiedby a
logic intendedto modellR. We feel it is necessaryo verify whetherthe PAS logical
modelsatisfiegheserequirementgSection3.3). Finally, the PAS logical modelis dis-
cussedrom abroaderperspectie, throughacomparisorwith relatedapproachet IR
(Section3.4).

3.1 Designing the PAS

To build a PAS describingthe retrieval processwe needto definethe set P of vari-
ablesof interest,the set A of assumptionsthe knowledgebase¥. andthe set X of
probabilities.

3.1.1 The variables of interest

The propositionsassociatedo the main variablesof interestarethosereferringto the
documentsto theinformationneedsandto theconceptsvhich allow to link documents
andinformationneedsWe preferto nametheseitems”concepts”insteadof "terms”.

The propositionreferringto a documentd; will be denotedD;. The proposition
referringto aninformationneedg; will bedenoted?) ;, andthepropositionreferringto
agivenconceptwill bedenotedCy. If noidentificationis necessarypropositionsD,
Q@ andC will beusedinstead.
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A precisemeaningmustbe givento thesepropositions.Althoughit makessome
intuitive senseo saythata documentjnformationneedor conceptis true, assigning
a precise,unambiguousand non-contradictorymeaningto the relatedpropositionis
not soohvious. For example,a meaningthatis sometimegjivento D is "documentd
is givenasevidence”. Sucha definition of propositionD could not hold in the PAS
approactbecausefor example,D canbeimplied by someotherdocumentjn which
caseD is Truethoughit is not"givenasevidence”.We fall on similar problemswvhen
attemptingto provide ameaningto @ or C.

To provide a meaningto propositionswe believe thatthe usershouldbe explicitly
consideredbecausehisis all aboutsatisfyinghisinformationneed.lt seemsadequate
hereto invoke the conceptof "infon”. Theinfonsare elementanjtem of information
individuatedby acognitveageniDev91]. It is notnecessaryo definepreciselyinfons
for the purposeof thisdiscussionbut aninfon canbethoughtof a propertyof anobject
or a relationshipbetweenobjects. An infon canbe implied or not by the situation
distinguishedby the agent. For a long discussiorandjustification of the conceptof
infons,thereadershouldreferto [Dev91]. For theapplicationof infonsandtherelated
situationtheoryto IR, thereaderis referredto [vRL96].

A documenimplies mary infons, andthe satishction of a requestmay be about
providing to theuseroneinfon ("Who is the presidenbf the United States?’Jor mary
('l wantinformationabouttraveling in France’).lt is thenpossibleto provide amean-
ing to propositionsby consideringhe possessiofor not) by the userof certaininfons,
without the needof makingexplicit which infons are possesseddereis the meaning
assignedo propositionsD;, C; and@);:

D;: theuserpossessetheinfonsimplied by document;.

C;: theuserpossessetheinfonsimplied by concepie;.

Q;: theuserpossessetheinfonsimplied by the satishctionof queryg;.

It is of coursepossibleto considerotherpropositionsyeferringto multiple docu-
mentrepresentationge.g.title, summary)or multiple informationneedrepresentation
(naturallanguageBoolean).

3.1.2 The body of knowledg e

We show now how differenttypesof knowledgecanbe modeled.Of course the mod-
elingsuggesteds notto beconsideredsrestrictve; therearein generaimary waysto
modelary givenknowledge ,andherewe arejust pointingout someof them.

Document representation

With unambiguousiescriptionsof documentandinformationneedspnecould hope
to obtainperfectretrieval. Butin generaljt cannotbe known with certaintywhetheror
notadocumenis abouta concept.The problemscomefrom the symbolsthatareused
for communicatingWhenanagentcommunicatesomeknowledge this knowledgeis
transformednto data(e.g. naturallanguage) The datais a setor sequencef symbols
on the meaningof which the transmitterand the recever believe to mutually agree.
Thedataaretransformednto conceptdy theothercognitive agentby theinformation
processButthecorrespondendeetweerthesymbolsandconceptss multifarious,and
thetwo cognitive agentsmay have differentideasin mind whenusingacertainsymbol.
Besideghis, theinterpretatiorof the symbolsdependn context. This context is set
by the whole setof transmitteddata(e.g. the document).For example,if adocument
is aboutbusinessthe word "target” may refer to saleswhereasthe sameword in a
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bookaboutdefensewill probablyreferto somethingentirelydifferent. This context is
very difficult to extractfor a retrieval systemwhich doesnot understandext. It is in
no way obvious which sensethe word "target” will take for the retrieval system.For
example,supposéhattheretrieval systenobsenesthattheword "freedom” appear$
timesin adocumentandfrom thisit concludeghatthe documenis aboutthe concept
of freedom,(D — Cyreedom). This conclusionis not completelyreliablesinceit is
only basedbn obsenationsof therelatedword, which mayreferto differentconcepts.
We may representhe uncertaintyin the obsenation by a propositiona, suchthatwe
have:a = (D = Cfreedom)-

In generaljf D is adocumentandC is aconceptthenwe have: a — (D — C),
or equivalently D A a — C. The propositiona is of coursean assumptiorin the
PAS framework, andcanbe assigned probability p(a) accordingto the reliability of
the obsenation. Its meaningis:"ConceptC is implied by conceptD”. A probability
p(a) is assignedo a, which dependon the confidenceof the retrieval systemin this
concept.

In a PAS, theuncertainknowledgethata documentD; is aboutconcepts”; to Cy,
canbe modeledby:

D;ANajyy — Ch,....,Di Nay, = Cy, (3.1)

Thereis alsoa "reverse’relationleadingfrom the conceptdo thedocumentsThe
factthata conceptcontainsthe informationof a documenimay seemlessnatural. In-
deeda documentanbe aboutmary conceptssuchthatit is unlikely thatthe concept
shouldcontainthe informationof the document.We maythenconsiderthat the con-
junctionof all conceptsmpliesthedocument:

CiN...ANCLANb; = D; (3.2)

In practicehowever, it is very unlikely thatthe documentanbe inferredfrom the
informationneedif it is representedhy mary concepts.But onemay considerthata
conceptmay englobeall the relatedconceptghatdealwith it. In thatcase,t is more
naturalto considerthat, for eachof the conceptsncludedin therepresentationf the
documentthe conceptof the documenticanbe inferredwith a certainprobability. We
may expect this probability to be proportionalto the probability that the document
is aboutthe concept,but inverselyproportionalto the numberof conceptsthat the
documentis about. Therefore,anotherpossibleway to modelthe relationshipfrom
conceptgo documentss:

Ci Aby; = Dy, ...,Cr ANb; — D; (3.3)

Finally, anintermediateapproactwould beto considetthatcertainconjunctionsof
conceptsanimply the documentfor instance:Cy A Ca A b1a; — D;. Howeverit is
not obviouswhich conjunctionof conceptshouldimply thedocument.

Information need representation

Informationneedsareformulatedby requestswhich canbeconsideredn away similar

to documen{seeEquationg3.1)and(3.3)). The problemof identifying conceptgrom

termsholds: it caneven be worsebecausén shortqueriesthe relevanttermscannot
be identified by their frequeng. On the otherhand,the choiceof wordsfor denoting
conceptds usuallydonewith careby theuser
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It is alsopossiblethatthe querybeaBooleanexpressiorsuchasCi A (Ca V C3) A
—-Cy. In thatcasethe Booleanquerycouldberepresentedy:

(Cl A (Cz \% 03) A —|C4) ANcp — Q (34)
Q ANdy = Ci A (Cz \Y 03) A —=Cy (35)

Other bodies of knowledg e

Relationshipdetweernconceptsanbeaddedio our knowledge.For example,various
semanticrelationshipshetweenconceptsoriginating from a manualthesaurusstatis-
tical co-occurrenceor from domainknowledgecanbe added. A thesaurusuchas
Wordnet(seeChaptel5) containsconceptuatelationshipsfrom which onewould like
to derive informationalrelationships Suchrelationshipscanberepresentedy:

Cinriy; = C; (3.6)

in which the probability that the informational relationshipbetweenC; and C;
holdsis p(r;;). We mayalsoimagine”negative” relationshipgor termswith negative
correlationasmeasuredy statisticalco-occurrence Theseconceptdendto exclude
eachotherin a givencontext. Suchrelationshipscanhelpin discountinganinappro-
priateconceptwhenrepresenting queryor adocument:

Ci ANrip = —Cy, 3.7)

Finally, knowledge basesmay include more complex rules suchas 'probability
theory’ A ’logic’ — 'uncertainreasoning’,which lead to rules with more than one
antecedentasfor example:

C; A Cj A Tijk — Ch (38)

It is alsopossibleto considerdifferentrelationshipbetweerdocumentgxpressed
asD; A l;; — Dj, indicatingthe presenceof a link from D; to D;, and having a
probabilityp(l;;). Suchrelationshipawill bediscussedn moredetailin Chapter4.

In summarytheretrieval processs basedn a PAS definedby a setof propositions
P ={C,...,.Cy, D1,...,Dn,Qp} representinglocumentsconceptsandinforma-
tion needs,anda body of knowledge¢ = & A ... A £g Where&; to £ areclauses
derived from rules suchasthe onespresentechere. This body of knowledgeis ex-
pressedvith symbolsin AU P whereA is thesetof assumptionsequiredto represent
the uncertainty Finally a set X of probabilitiesassignedo the assumptionsllows
usersto evaluatethe reliability of symbolicargumentsfound for a given hypothesis.
Thenext subsectioriscusseshe problemof obtainingtheseprobabilities.

3.1.3 Obtaining probabilities

Estimatingthe probabilitiesis oneof the mostdifficult taskfacedby IR [TC97]. Rea-
sonsarethat(1) thetargetvariable relevance s notobsenablein practiceunlesshere
is somefeedbackof the user We may have a setof training querieswith relevance
judgmentsasis the casein this thesis,but (2) thereoften may not be enoughdatato

estimatethe requireddata,and(3) the assumptiorthat pastqueriesarerepresentatie
of future onesis doubtful, especiallyif they comefrom differentusers[Sav94]. (4)

Moreover, thereis no objective way to definemost probabilities,becauseahe events
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areessentiallysubjectve andcannotbe obsened: we may obsene words,terms,key-
words,but we cannotobsene concepts.

With PAS, a hypothesihasa degreeof supportwhich dependon the probability
of eachassumptiorcontainedn its support. A setof training queriescanbe usedto
learnthe valuesof parameters$o optimizea criteria suchasthe averageprecisionon
the setof all requests.However the setof parameterss huge,if oneconsidershat
therearehundredthousand®f documentsandthat eachdocumentimay imply mary
conceptsin suchacaseit is betterto learna parameterizeéunctionfor awholeclass
of assumptionsfor examplethe document-to-concefiD; A a;; — C;) assumptions
Qjj.

In onecasgChapterd), wewill beableto estimateprobabilitiesby usingfrequeny
estimatesObjection(2) doesnot fully applybecauseve will have respectiely 50 and
100learningrequestgor thetwo collections.However, objection(3) applies but there
is nothingwe candoaboultit, exceptminimizingthenegativeimpactof too"optimistic”
probability estimate®n requestsvith very few relevantdocuments.

In anothercase(Chapter5), mosteventswill berelatedto the presencer absence
of concepts.In that case,objection(4) applies. To computeprobability estimatewe
will follow theinferencenetwork approachin theway belief estimate®f conceptsre
provided[TC91]. Theideais thatthe probability or belief thata documenis abouta
givenconcepidepend®n someobsenablefeaturegelatedto this conceptsuchasthe
frequeng of therelatedtermin thedocumentndin thecollection. Otherfeaturescan
beincluded suchasthedocumentslengthandthepositionof thetermin thedocument.
A secondassumptioris thatthesefeaturesmay interactaccordingto a parameterized
function. After testingseveralvaluesfor the parametersf the function, they find that
Eqgn.(3.9)is a reasonablestimatefor the probability of a conceptgivena document,
onthe CACM collection.By "reasonablestimate” they meantheestimatehatseems
to yield the highestretrieval effectivenes®n average.

p(c|ld) =04+ 0.6 -tf - nidf (3.9)

wherep(c|d) is the probability thatthe conceptC' indexed the documentD. The
tf andnidf valuesare computedsimilarly to Sectionl1.1.3,andthe nidf is the idf
normalizedbylog N. Wewill make explicit useof thistechniquen Chaptels. Thereis
anotherkind of probabilitythatmustbe estimatedit concernghedeductiorthatsome
semanticrelationshipsbetweentwo words (for examplein a thesaurusjmplies that
oneof therelatedconceptis aboutthe otherone. This is modeledby C; A rj; — Cj.
In a fuzzy modallogic context appliedto query expansion,Nie [Nie96] proposesa
learningtechniqueof the "relevancestrength”of a term relationship. Applied to the
CACM collectionwith 50 queriesfor learning,hefindsfor examplethattherelevance
strengthof a holornymy relationshipshouldbe approximatelyequalto 0.3. If thereis
enoughlearningdata,this learningtechniques alsoableto computerefinedestimates
for preciserelationshipsFor example:

computer 227 data processor (3.10)

Probabilitiesof assumptionganbe assesseth a similar way. Chapters4 and5
will shov haw theseprobabilitiesareobtainedn arealapplication.



34 Chapter 3.

3.2 The retrie val process

We arenow readyto definetheretrieval process A reminderon thelogical approach,
alreadypresentedn Chapterl, is necessaryto formulateit againin the context of the
PAS model(Section3.3.1). A PAS canbe usedto evaluatehypothesesf interest. To
evaluatethe relevanceof a documentto a giveninformationneed,a properhypothe-
sismustbe determined Section3.3.2). The possiblecasewherethereare arguments
againsthe hypothesiswill thenbe addressedSection3.3.3). Finally therelationships
betweerPAS andthelLogical UncertaintyPrinciplewill beinvestigateqSection3.3.4).

3.2.1 PAS and the logical approach

Thefundamentahypothesesf thelogical approacho IR canbe summarizedn three
points [CC92. For eachof thesepoints, differentinterpretationsare possible. We
presenherea convenientinterpretationn the context of PAS:

1. In orderto berelevantto aninformationneed(), a documentD mustlogically
imply Q, whichis expressedy: D — Q. It mayalsobeusefulto considerthat
thequery@ mustimply thedocumentD, whichis expressedy: @ — D.

2. Sinceinformationandknowledgeis by natureuncertainin IR, thetruth of theim-
plication cannotbe establishedvith certainty andit is only possibleto measure
adegreeof certaintyP(D — Q) or P(QQ — D) .

3. Thisdegreeof certaintyis evaluatedhroughthebiasof logic, following ageneral
Logical UncertaintyPrinciplewhichin this casecanbe enunciateasfollows:

GivenaqueryQ andadocumenD; a measuref theuncertaintyof D —
Q@ (Q — D) relatveto agivenbodyof knowledge¢ is determinedy the
minimal extentto which we have to addinformationto &, to establisithe
truthof D — Q (Q — D).

3.2.2 Choosing the hypothesis

In the PAS framework, we needto choosea hypothesisvhich will correspondo the

D — @ or @ — D interpretationof relevance.We think thatthe two interpretations
of relevanceareuseful,sothe following discussiorhereappliesto both of them. The

problemis determinewhat hypothesisexactly will be evaluatedif the D — @ or

the @ — D interpretationis chosen. The following discussionconsidershe D —

Q interpretation but it appliesaswell to the Q — D interpretation. Therearetwo

possiblechoices:

e (1): Thehypothesiss D — @, suchthat(d)sp(D — @, ) mustbecomputed.

e (2): The hypothesiss Q and D is addedto the knowledgebase(setto True),
suchthat (d)sp(Q, & A D) mustbecomputed.

Thetwo casesreapparentlyerysimilar: usingthefactthat{ Ao |= hisequivalent
to: £ A =h = —a, it canbe verified easilythatin the two casesthe quasi-supporis
the same.In case(1), we have: £ A gs(D — Q,&) E D — @Q, whichis equialent
to: EADA-Q = —gs(D — Q,&). Incase(2), A gs(D = Q,§) AD = Qisalso
equivalentto E A D A —Q E —gs(D — Q,€).
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Interpretation Measure For Against
D—Q Symbolic  sp(Q,§AD)  db(Q,EAD)
Q—D Symbolic  sp(D,6AQ)  db(D,EAQ)
D—Q Numeric  dsp(Q,£AD) ddb(Q,& A D)
Q—D Numeric dsp(D,EAQ) ddb(D,ENQ)

Table 3.1: Summary of the possible symbolic and numerical
measures of relevance.

However the supportmay not be the same becausehe quasi-supporbf the con-
tradiction, gs(_L, £) in case(l) andgs(L,& A D) in case(2), may not be the same.
Any argumentagainstD, e.g.a; — D, will bein the quasi-supporof the contradic-
tion in case(2), but notin case(1). Moreover, in case(1) a; will be anargumentfor
hypothesis.

Consequentlycase(1) will leadto pathologicalcasesf thereareargumentsn the
knowledgebaseagainstD. Sinceboth hypothesesre generallyequivalentand we
wantto preventary erroneousase,we proposesp(Q,& A D) andsp(D, £ A Q) as
two symbolicmeasure®f uncertaintyin D — @ and@ — D respectiely. Thetwo
associatetiumericalmeasuresredsp(Q, £ A D) anddsp(D, £ A Q) respectiely.

3.2.3 Arguments against the hypothesis

Theexamplein Section2.3 hasshowvn thatit is alsopossibleto find algumentsagainst
the hypothesis@) (andsimilarly for D). Thatis, one can computesp(—Q,& A D)
anddsp(—Q, & A D). Supportfor =@ expresseghe notion that theremay be argu-
mentsdiscardingthe hypothesig), or atleastre asonsor doubtingit. This decreases
pla(Q, & A D), the degreeof plausibility of ¢, which is equalto 1 whenthereis no
negative argument.

If adocuments notretrievedor hasvery low ranking,it is probablynot necessary
to find any morereasonto discardit. But oftenalarge partof thedocumentsetrieved
is not relevantandis a sourceof noise. Finding negative algumentscanbe seenasa
procedureor enhancingprecision. This canbe usefulespeciallyto thoseusersmore
interestedn precisionthanrecall.

Table3.1providesa summaryof thedifferentqualitatve andquantitatve measures
thatcanbeusedto evaluatethe relevanceof a documento aninformationneed.

3.2.4 Interpreting the Logical Uncertainty Principle

The idea of addinga minimal amountof informationis fundamentako the logical
approachandit might be interestingto seehow muchsupportthis ideacreatesn the
framework of PAS. Adding a”minimal amountof information” meansaddingonly the
information essentiafor allowing, for example,@ to be implied by D, and nothing
else. To seehow thisideais respectedn the PAS framework, considerthe following
casewhereaPAS isformedfrom: £ = {a1 = P1,a2 — Pi,a3 — P»}. Py isalogical
consequenckom this knowledgebasef, amongsbthers,oneof thefollowing is true:
a1, a1 Vas, az, a; Aas, a1 Aas Aaz. Howeveras isirrelevantto P, andtheknowledge
thatit is true is not necessary More generally someof theselogical sentencesre
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logically wealerandmoreprobablethanothers.For example,a; Aaz Aas = a1 Aas,
andp(ai A a2 A as) < p(a A as).

Sowhich of thesdogical sentencewould bethesupportof P, ? Accordingto Eqn.
(2.1), the supportof P; would clearly be: sp(P;,€) = a1 V as. Indeedthe support
appeargo bethe mostprobablelogical sentencavhich, whenaddedo the knowledge
baseg, allows to deducethe hypothesis.And it is generallyacceptedhat probability
andinformationareinverselyrelatedNau7Q: themoreasentencés apriori probable,
the lesslearningthat it is true will reduceour uncertainty The following theorem
demonstratethatthe supportis indeedthe minimal amountof informationwhich must
beaddedto &, to establisithetruth of hypothesish.

Theorem 1. Thesymbolicsupportof sp(h, £) of a hypothesis representsheminimal
amountof informationthat mustbe addedto &, suficientto provethehypothesish.

Proof. Lets bealogicalsentenceandp(s) betheprobabilitythats istrue.Let I'n f(s)
be a measureof the informationcontainedn the knowledgethats is true. Inf(s) is
sometimeglefinedas1 — p(s) or as—log p(s) [Nau7Q but moregenerally assume
thatIn f is amonotonicallydecreasingunctionof p.

For the purposeof this demonstrationit is more corvenientto considersetsof
maximal aguments,i.e. conjunctionsof literals of all assumptions.Now let A =
{ai, ..., am } bethesetof assumptiongandlet N4 = {cy, ..., com } bethesetcomposed
of the 2™ maximalconjunctionsbasedon the literals of A. For ary hypothesish, the
set N4 canalways be divided into the disjoint setsNV;, of thoseconjunctionswhich
supporth, and N3, of thoseconjunctionswvhich do notsupporth.

Obviously, the set V; is of no useto hypothesish, andtheinformationthat must
beaddedto ¢ canonly betakenin N, meaningthatary subseof N, C Ny, supports
thehypothesisTake N; suchthat: Ny N N; = @, Ny, U N3 = N. We have:

p(Nw) = p(Ns;UN3)
= p(Ns) +p(N§)
> p(Ns)

Sincelnf is amonotonicallydecreasindunctionof p:

p(Nw) 2 p(N,;) = Inf(Nn) < Inf(N;) (3.11)

O

The supportis thusa symbolicrepresentationf the minimal amountof informa-
tion that mustbe addedto the knowledgebase. It is remarkablethat this qualitative
measuras independenbf the probabilitiesgivento the assumptionsThe numerical
equivalentof this symbolicmeasuref uncertaintycanbe evaluated put the numerical
aspecitomesafterthe symbolicaspect.This allows the completetranspareng of the
inferenceprocessthe resultof which is a symbolicdescriptionof the minimal infor-
mationthatmustbe added. Interestingly this qualitatve measurds expressedn the
languageof propositionallogic, which until now hasnot beenvery popularin logical
approaches.
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3.3 Characteristics of alogic for IR

In presentingan introductionto logical models,Lalmas[Lal98] makesa list of the
desirablepropertieghatalogic appliedto IR shouldpossesssignificancejnformation
containmentjntentionality partiality, flow of information and uncertainty First we
will seehow the PAS logical modelsatisfieseachof thesecharacteristicsAfter that,
we will seehow someexamplesof queriesproposedby Lalmasto illustrate how the
deficiencief ClassicalLogic canbe processedvithin the PAS framework.

3.3.1 Significance

If severalitemsof informationmay represena documentor a query, they would ob-
viously not have equalsignificance. A logic processmustbe able to representhe
relative importanceof eachitem of information. Evidently, ClassicalLogic alonecan-
not representhis requirementbecauseropositionscanonly take binary values. A
possibleway to represensignificances to make a quantitatve assessmertf the un-
certaintyattachedo eachinformationitem; for example with theuseof theprobability
theory In PAS, assumptionsepresenthe uncertaintyattachedo a proposition,e.g.
D; Aa;; — C;. Theprobabilityp(a;;) attachedo theassumptiorallows usto numer
ically representhesignificanceof conceptC'; for documentD;.

3.3.2 Information containment

Information items are in generalnot independenentities, they containinformation
abouteachother For examplethereis someoverlapbetweerthe conceptsuncertain
reasoning’and 'probability theory’, so one is aboutthe otherin an uncertainway.
This property of information shouldbe capturedby the implication [Lal98, VR89:
P, implies P, if Py is aboutP,, or if from the informationin P, onecaninfer the
informationin P». In ClassicalLogic P, — P, is equivalentto -P; V Ps, thusif P,
is alwaysfalse therule canimply arything, or if P, is alwaystruearnything canimply
it: apparentlyClassicalogic doesnot captureinformationcontainmenfLal98]. This
hasfor consequencthata "f alsedocument’canimply ary informationneed[CC97

However, Sebastian{Seb98 shaws that if validity or logical consequentialityis
adoptedasthelogical statusof theimplication, suchproblemswill notoccut

In the PAS framework, aconnectiorbetweertwo informationitemsis denotedP; A
a12 — P>, wherea,, representthe uncertaintyattachedo theunderlyingconnection,
which is measuredy p(a;2). Obviously, p(a;2) tendsto 1 whenthe connectionis
strong,andtendsto 0 whenit is weak. Two intuitively non-connectedentence#; and
P, would have a probability p(l12) of 0, which is equivalentto having no connection.
Thustherewill be no supportingargumentfor P, "coming” from P;. In the opposite
casewherep(li2) = 1, therulebecomesP; — P». In thatcasetheargumentdor P,
areargumentdor P, atleastif they arenot argumentsagainstP,. Thereis no "false
documenproblem”,sinceif P is false,no argumentfor P, may”come” from P;.

Anotherinterestingpropertyof PAS is thatit capturesvidencethattwo informa-
tion itemstendto excludeeachother, which is denoted:P; A a1 — —Ps. Typically,
thiswill addargumentghatleadto doubtabouthypothesisP,, sinceit is "incompati-
ble” with P;.
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3.3.3 Intensionality

The meaningof textual datadependsn the context. For example,in a given context
C> will beasynorym of C; andin othersC3 will besynorym of C. It is possibleto
modelthis situationas: C; Aris — Cs, Cy Ar13 — Cs. If it is believedthatC; hasat
leastonesynorym, onecanaddthe constraintiry V r13. But C> andC3 mayreferto
two differentmeaningof C; (e.g. theword "bank” in "river bank” or "Swiss bank”)
which aresometimesot compatible.

Varioussituationsmay be represented.For example,the casewhereC; hasno
morethanonesynorym canbeexpresse@s: —(r12 A —r13). In thecasewhereC; has
exactly onesynorym, oneandonly oneassumptionmustbetrue. This is represented
by: (112 A—r13) V (—r12 Aris). Finally, if it is atoo strongconditionto have exclusive
meaningsit is alsopossibleto temperit with assumptioné thefollowing way: a; —
(—|T12 \Y _'7“13).

Intentionality meanshat the semanticsattachedo a conceptis dependenbn the
contet. This context canbe definedby the surroundingconceptswhich canbe used
to capturethe semantics:if the otherconceptsof a queryrefer to 'money’, 'interest
rates’,it senesasstrongevidencefor thelinking of themeaningof 'bank’ to 'financial
institution’, andasevidenceagainsthe meaning shoreof ariver’.

Suppose querycontainsinformationitemsC; andCs. C; hastwo synorymsCs
andCy (C1Ar13 — C3,Cy Aryy — C4) whicharegenerallyusedn differentcontexts.
In this query the contet is representetdy C» only. If C is relatedin arny way to Cs
(C2 A ro3 — (), thiswill emphasizehatCs is amoreappropriatesynorym for C.
On the otherhand,if C; and(C4 tendto exclude eachother, as measuredy a very
weak statisticalco-occurrencé€Cs A r24 — —Cy), thiswill be negative evidencefor
Cs.

3.3.4 Partiality and flow of information.

The representatiorof informationis in generalpartial, wherebysomeinformation
items are not originally identified, especiallyin written requests.As mentionnedn
theintroduction,naturallanguagesendto includevariousimplicit information. Revi-
sionsor additionsof knowledgecanleadto contradictionsandsuchcasexanbeeasily
handledby PAS. For example,if onehassomeargumentin favor of P, froma; — P,
and later hasan agumentagainstP; from a2 — —P;, thenthe agumenta; A as,
which leadsto a contradiction,is addedto the quasi-supporbf L, andis considered
in the computationof the support(seeEqgn. (2.3). In general,it is always possible
to combinethe original knowledgebasef, with new sourcesof knowledgeéy, ..., £,
wherethe new knowledgebaseis to be seenasa conjunctionof the addedknowledge
basest’ = & A... Aén. Thecontradictonjinterpretation®f theassumptionarethen
takeninto accountby computingthe new valuesof ¢gs(L,¢") andp(gs(L,£&")).

3.3.5 Uncertainty

Uncertaintyis omnipresenin IR, and is relatedto all the precedingproperties. A
numericakepresentationf uncertaintyis anecessarfeatureof anIR model.But often
in problemsthatdealwith uncertainreasoningandespeciallyin IR, it is preferableto
distinguishthe symbolicandnumericalaspect®f uncertainty PAS is anefficient tool
for representingincertaintyin both situations.
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For example humanknowledgeis first expressedn symbolicform, suchasdomain
knowledgeor a relationalthesaurus.in afirst step,a humandefinedrule suchasC,
AND C; — (3 canbemodeledby C; A Ca A a — Cs, wherep(a) will have to
be assessed.This probability is not a fixed value, sinceit dependson the contet
(collection,user query),andthe strengthof the connectiormayvary.

3.3.6 An example

Lalmas[Lal98] illustratessomeof theissuesnvolvedin dealingwith logical modelsby
discussinglifferentexamplesof queries. The documentsandqueriesarerepresented
in propositionallogic asfollows: D = C; A Cs, Q1 = C1,Q2 = C3,Q3 = C1 A
C3,Q4 = C1 vV C3 andQs = C; A Cy. Thesequerieshave beenbuilt to illustrate
thedeficiencieof Classicalogic. With Classicalogic, D would beretrievedfor @1,
@4 and@s: indeed,onecanseethatD — @)1, D — @4 andD — Q5. Howeverthe
retrieval systemwould not make ary differencebetweeny), and@s while clearly D is
morerelevantto @5 whichis thesameasD. Moreover, D answeratrtially @3 (both
areaboutC,) but partiality cannotbe takeninto account.

A closerlook atthesequeriesrevealsthat D would bestanswerthesequeriesin the
following order: @5, Q1,(Q4 and@3), Q2. Clearly, D is morelikely to berelevantto
Q@5 sincethey areidentical. Q; comesafterbecauseD answersy); exhaustvely, but
is not completelyspecific. @3 and @4 bothdealwith C; andCs, but it is harderfor
adocumento imply Q3 becausdoth conceptsare necessarywhile onebeingabout
Q4 is sufficient. On the otherhand, @3 is morefirmly aboutC; than@, (which can
beaboutC; or C3), soD appeardo be morespecificabout@s; than@4. In summary
the ranking of 3 and @4 dependsn the importanceattributedto exhaustvity and
specificity Finally, @, comedastbecausét is notin any way relatedto D.

With PAS, the purposeis not to establishor not relevance,but to find what argu-
ments,if ary, supportor discardrelevance.Following Section3.1, knowledgecanbe
modeledn the PAS framework in the following way:

DAar = Cy D Aay = Cy
CiANby —» D CaNby =D
CiANecy — Qq Qi1 Ndy — C
C3/\CQ—>Q2 QQ/\dQ—>C3

01/\03/\63—)@3
01VC3/\C4—)Q4
Cl/\C2/\C5—)Q5

Q3/\d3—>01/\03
Q4/\d4—>01VC3
Q5/\d5—>01/\03

In Table3.3.6,the two symbolicmeasuresf relevancefor eachqueryareshavn.
In our example,the reliability of the agumentsis not assessedyut eachquery can
be ranked accordingto the total numberof argumentsderived for the two measures
sp(Q,& A D) andsp(D, & A Q). Therankingis: @Qs, @1, (Q4 and@3), Q2. It is
remarkablethat a ranking of queriesis possibleeventhoughno quantitatve measure
is used,andthatit correspond@ anoverall mannetto theintuitive rankingonewould
expectfor thesequeries.Therankingof Q53 and@, depend®ntherelativeimportance
accordedy the userto specificityandexhaustvity, which mayleadto differentvalues
of assumptiorprobabilities.
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Query sp(Q,EAD) sp(D,ENQ) # of aguments
Ql a A (4] dl A bl 2
Q2 F F 0
Qs F ds A\ by 1
Q4 ar Ny F 1
Q5 a1 N\Nas N\ cs (d5 A bl) \% (d5 N bg) 3

Table 3.2: Supporting arguments for the relevance of D

3.4 Discussion and related approaches

In this section,PAS arediscussedrom a generalpoint of view. Thenthe pasmodelis
comparedvith otherlogical modelsof IR.

3.4.1 PAS and other probabilistic logics

Onemaywonderif thereis afundamentatiifferencebetweerprobabilisticlogic, where
probabilitiesare assignedo logical sentencege.g. p(P, — P,) = 0.6), and PAS
whereprobabilitiesare assignedo assumptionsvhich conditioneventsor rules(e.g.
Py A a1z = P2, p(a12) = 0.6). Indeedthereis a major conceptuabifference:the
foundationsof PAS arenot propositionallogic but the theory of evidence. Assump-
tion Truth MaintenanceSystemgATMS) wereproposedn 1986by deKleer asaway
to integrateuncertaintywithin propositionallogic usingassumptiongdK86]. Later,
Laskey and Lehnermadea steptoward the integration of symbolicand numericap-
proacheso uncertaintymanagemenhy demonstratinghatthereis anequialencebe-
tweenDempsterShaferevidencetheoryand ATMS [LL89]. This work wasextended
by KohlasandHaenni,who establishedhefoundationsof PAS andassumption-based
reasoningKH96].

Moreover, PAS built on propositionallogic are a specialcasewhereassumptions
andothervariablesarebinary. More generally PAS canbe built on Finite SetCon-
straintlogic [HL98], wherevariablesandassumptiongantake ary of a finite setof
values.In anIR context, this canbe usefulfor exampleto assignmorethantwo possi-
ble valuesto relevance.Besidesthereis awhole body of researctdevotedto optimize
theinferencealgorithmsfor differentcasesandto obtaingoodapproximation®f de-
greesof support. Thereis alsoanimplementatiorof PAS in ABEL, a nev modeling
languagdor problemsin thedomainof assumption-basegasoningAHKL97] In the
mostgenerakase ABEL cancombinebinary, multi-valuedandrealvariables.

Whenchoosingatechniqudor reasoninginderuncertaintyit is importantto verify
if theinferencesare correctaccordingto humanreasoning.PAS, by keepingtrack of
inferenceqwhich are”described”in the arguments) overcomesomeof the problem
of extensionalsemantics For example,correlatedcausesio not combinein the same
way asindependentausesAlso, the useof assumptionallows to modify conclusions
asnew knowledgeis added.

3.4.2 The inference network model

In the inferencenetwork model [TC91], relationshipsbetweendocumentsconcepts
andinformationneedsaremodeledby a Bayesiametwork, andtheretrieval processs

1ABEL canbe downloadedat: http://www2-iiuf.unifrch/ics/ABEL
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doneby computingthe probability thatthe queryconcepts metgiventhat somevari-
ablesareobsened. The major differencebetweenPAS andBayesiametworksis that
Bayesiannetworks have a fixed hierarchicalstructure allowing bettercomputational
efficiengy but reducingthe setof allowedinferencesAlso, Bayesiametsasdescribed
in [TC9]] do notallow cycles,sothesaurusr hypertet links cannotbe integratedin
thenaturalway of creatinglinks betweerthevariablesn the net.

Therepresentationf dependenciewith Bayesiametworks canbe moreeconom-
ical thanwith PAS. For example,if binaryvariablesc; to ¢,, areparentsof variabled,
thena link matrix of size2 x 2™ is necessaryn theoryfor describingthe probabilis-
tic dependeng betweend andits n parents.However, with canonicalmatrix suchas
weighted-AND[TC91], oneneedonly specifyn parameterso definethelink matrix.
With PAS, onewould needthe2™ rules:Cy A...AC, Aay — D,CiA...A\=Cp Aaz —
D,-Ci A ... \N=C, A azn — D, plusthe 2" rulesfor —D. But eventhatwould not
be enough:backwardrelationshipsarenotimplicit in thoserules,while they arewith
Bayesiametworks.

It appearghat Bayesiannetworks are more corvenientif emphasiss put on the
guantitatve aspecbf inferencesif oneacceptghelack of flexibility of theinferences
allowed (e.g.fixedstructureno cycle).

3.4.3 Probabilistic Datalog

A well establishedogical modelis thatof ProbabilisticDatalog,alsocalledDataloge
[Fuh95 FGR98 RF98,Fuh0(Q. Dataloge is basedon first-orderlogic, which has
beenshawn to be a powerful representatiorschemefor IR. For example, temporal
relationshipaisefulfor videoretrieval or spatialrelationshipsusefulfor imageretrieval
arenaturallyrepresentedithin this framewvork [RF98. And someexperimentonan
imagetestcollection by Ounis[OP9g have shavn thatrelationalindexing leadsto
betterretrieval effectivenessthan keyword-basedndexing. It appearghatin some
casesDataloge with independencassumptionsind PAS make the samenumerical
inferences.Recursve rulesare allowedin both approachesalthoughspecialcaution
mustbetakenin Datalogto avoid infinite cycles,while with PAS no specialcareneed
be taken. Also, Dataloge is limited to Horn clauseswhile PAS candeal with ary
propositionalsentence. But a point-to-pointcomparisonof PAS with other logical
modelsis notvery interesting.

More interestingis the questionof the choiceof anappropriatdogic for IR: what
makesalogic a betterchoicethananother? Threepossiblecriteriaare: (1) the ability
to represenknowledge,(2) the computationakostof inferencesand (3) the insight
broughtby thelogic in the IR process.Obviously, first-orderlogic is clearly a more
powerful representatiolanguagéhanpropositionalogic, essentialljpecausédt allows
to representelationsbetweenobjects. In propositionallogic, eachnew statemente-
quiresa new proposition,while with a properontologyfirst-orderlogic is muchmore
compactand readable. However, predicatelogic involvesin generalheavier manip-
ulations,andit is preferablenot to chooseit whenit is not needed.Chapters4 and
5 will shawv problemswhich canbe properly treatedwith propositionallogic using
PAS. Finally, relying on propositionalogic, SebastianjSeb98 hasunderlineda mis-
understandingn theuseof logic for IR. Similarly, aclearrepresentationf uncertainty
inside (andnot on top of) propositionallogic, asis donewith PAS, canbring a better
understandingf the underlyingassumptionsvhenmodelingthe IR process.
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3.4.4 The "possib le worlds” approaches

The"possibleworlds” approacheareprobablythe moststudiedoneamongthelogical
approacheso IR. We briefly discusswo of theseapproaches.

Retrieval by logical imagingis to our knowledgethe only logical approachthat
facedtherealmof the TREC experimentsapartfrom the PAS approachto retrieval in
hypertext describedn the next chapter This techniquesxploits the statisticalrelation-
shipsbetweentermsto transferthe weight of a term not occurringin a documentto
the mostsimilar term(s)occurringin it. Oncethe probabilitiesof thetermsoccurring
in the documentsare updated retrieval is madeas usual. Remarkthat no termsare
added,neitherto the documentnor to the queryrepresentationLogical imagingis a
theoreticalframework for describingprobability transferdbetweerterms,andappears
to bevery differentin ideologyfrom the PAS approach.

Nie andBriseboisapplieda fuzzy modallogic to query expansion[Nie96]. The
expansionprocesss describedasa sequencef transitionsbetweenworlds, wherea
"world” correspondso a queryrepresentationandtransitionscanbe doneby using
thesauruknowledge. Onetheoreticaladvantageon this techniqueover the PAS ap-
proachis thatthemaximuminferencdengthcanbefixedasa”parameter”.In the PAS
approachtheinferencdengthcannotbe definedinsidethe model.

3.4.5 Other logical approaches

Therearemary otherlogical approachesandthereis noroomherefor makinga com-
parisonbetweenPAS andall of them. In this section,we selectedapproachesvhich
appeay from our point of view, to be the more relatedwith the PAS approach. If

onewould like to "locate” PAS amonglogical approacheto IR, PAS couldbeplaced
somavherebetweerapproachewhich putemphasi®ntherepresentationf symbolic
knowledge,and approachesvhich put emphasison the assessmerdf uncertainty It

canbe appliedrathereasilyto real problemswithout losing the inferential power of

logic.

3.5 Conclusion
Thischaptepresentethecoreof thelogicalmodel,andbroughtdifferentjustifications

regardingits adequag to IR modeling. Thenext two chaptersill presentpplications
of themodel,whichwill beadaptedr sometimesimplifiedto handlethecaseathand.
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Retrieval in hyper text

This chapteraddressethe problemof usinghypertext links to helpretrieval or orga-

nizationof information. The chapterstartswith a discussioron the approachesaken

in IR to usehyperlinkinformation,andon the newv approachesvhich arenow being
developedonthe Web (Sectiord.1). The PAS modeldevelopedin the precedingchap-
terwill be adaptedo the presentcase(Section4.2), andwill be extendedto compute
a popularitymeasureor to find hubsand authoritiesgiven a well-representedearch
topic (Section4.3). Moreover, specialtechniquedor assessinthe requiredprobabili-

tiesmustbedevelopedSectiord.4). Experiment®nthesmallWebtrack(WT) andon

the CACM collectionwill bepresentedSection4.5). A discussioron the potentiality
of hyperlinksfor retrieval will closethis chapter(Section4.6).

4.1 Approaches to retrie val in hyper text

With the widespreaduseof links in hypertext documentsand Web pages thereis a
growing interestin viewing hypertet links as additional sourcesof evidenceabout
documentontentandrelevance.Thisis illustratedby 1999 Trec’'8 smallWebtrackin
which 17 groupsparticipatedoneof the specificquestionaddressedy thetrackwas:
"canlinks beusedto enhancénformationretrieval?”. However, thestudyof document
relationshipshasnot startedwith the Web: bibliographicreferencesfor example have
beenstudiedfor along time in IR andin infometrics. We will often usethe generic
term hyperlinkto designall typesof documentrelationshipshecausen our point of
view thereis no fundamentatlifferencebetweerthesedifferenttypes. Any document
relationshipcanbe describedy atype,a sourcenodeanda destinatiomode,eventu-
ally sometext describingthe "topic” of thelink - the anchor And for arny collection
of text containingdocumentelationshipsstoredin a computerit is alwayspossibleto
displaythetext with hypertet links correspondingo thesedocumentelationshipsin
orderto allow browsingin thelink structure.In our sensethemaindifferencebetween
thedifferentlinks will bethe amountof informationinvolvedaboutrelevance.

In the next two subsectionswe reportsomeof the main classicalinformationre-
trieval approacheandthemorerecentlydevelopedWebbasedpproacheto integrate
the hypertext structurein retrieval.

43
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4.1.1 Classical information retrie val approaches

Citationslinks canbefoundin variouscollectionsmosttypically in collectionsof sci-
entific articleswherelinks betweendocumentscan be createdon the basisof their
bibliographicreferencesand in legal documentatiorwhere casesmay refer to an-
tecedentsOtherdocumentelationshipssanbe generatedtartingfrom citationlinks :
co-citation bibliographicandAmslerlinks amongsbthers.We will notconsidetthese
links becausahey areimplicitly containedin the original links. Othertypesof link
arethe NearestNeighborslink (NN), establishedy computinga similarity between
documentsandtherelevancelink, establishedetweerdocumentgound relevantfor
agivenreques{Sas95]. Documentrelationshipshave beenmuchstudiedasa source
of evidencefor documentontentor documentelevance.Therearesereralreasongor
this:

¢ Citationindexing is independentf wordsandlanguagesandthusmaypatrtially
remove the underlyingambiguity of naturallanguage.For example,a relevant
documentwhich doesnot share(enough)index termswith the query can be
retrievedbecauséts is linkedto someof the bestranked documents.

e Hyperlinkscanbe easilymanagedy computersdbecausehey usuallyfollow a
strictgivenpattern atleastin standardizedollections.Howeverthis maynotbe
alwaystrueontheWeh

e In somecaseslinks addnew anduniquecapabilities.For example,beforepre-
sentinga caseasa precedentthe lawyer mustmake surethat a givendecision
hasnotbeenoverruled,reversedpor limited in someway.

However, asnearlyevery othersourceof knowledgein IR, hypertet links represent
abodyof knowledgewhichhasmoreor lessreliability uponthecircumstanced.inked
documentsnay have vagueor distantrelationshipspr only somepartsof themmay
concernthe sametopics. And if alink canbevalid for arequestiddressinghetopics
sharedoy thetwo documentsit canbemisleadingfor requestsvhich arenotrelatedto
the sharedopics. This leadsto considerhyperlinksas probabilisticevidencethat the
documentsrerelevanttogetherto the sameinformationneeds.For example,Martyn
[Mar64, p.236]prefersto definebibliographiccoupling (two documentsharinglinks
to thesamedocumentsgs:

"an indicationof the existenceof the probability, value unknown, of rela-
tionshipsbetweertwo documents.

The sameway, Cleverdonquestionghe relevanceof citation links [CMK66, Vol-
umel, page30]:

"It may be concludedthat abouthalf the referencesn an authors paper
arenotincludedin connectionwith the main problemof the paper afact
which may assistexaminationof the possibilitiesandlimitations, of the
bibliographiccouplingandcitationindexing.”

Roughly approacheso the useof links in IR canbe divided in two classes.A
rangeof approacheassumeshatlinks areevidencethattwo documentsharesimilar
contents.Links arethenusedto enhancalocumentrepresentationsAnotherrangeof
approachesnakesa further step: if alink is evidencethat the two documentshare
similar content,then by extension,it is evidencethat they shouldbe relevantto the
samerequest. Links canthenbe usedto rerankdocumentsafter propagatiorof the
documenscores We shav now examplesof thetwo approaches.
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Links to modify document score and rank

In thistypeof approachalink from adocumentl; to adocumentl, canbeconsidered
as evidencethat the contentsof d, might be (partly) similar to the contentsof d;.
Consequentlyif dy isrelevantto acertaininformationneedthenthiscanbeconsidered
asuncertainevidencethat d- is alsorelevantto the sameinformationneed. In other
words,d; beingrelevantincreaseshe probabilityof d» beingrelevant. d, shouldthen
be placedat a betterplacein theranking,reflectingthis upgradedorobability of being
relevant.

The generalschemds to take aninitial rankingandto rerankit asfollows. The
retrieval engineprovides a ranking of documentshasedon their similarity with the
query It is assumedhatthe links have not beenusedto producethis ranking. In a
secondstage the retrieval systemtakesaccountof theincomingandoutcominglinks
relatedto thefirst m best-rankddocumentgm canfrom 5 or 10 upto 200documents,
dependingon the techniqueused). This way, the retrieval systemmustonly consider
the evidencebroughtby a smallfractionof all availablelinks.

Thereare differentways to implementthis idea. One widely usedis basedon
spreadingactivation[CT87]. Simply stated theinitial retrieval statusvalue (RSV) of
adocumentd, ashandedout by theretrieval system|s updatedby the weightedscore
of its m neighborghrougha certainnumberof cycles. Theneighborsanbeciting but
alsociteddocumentsThe RSV of d atcycle + 1 is computedby thefollowing:

RSV(d™") = RSV(d') + Y \;RSV(dj) (4.1)
Jj=1

The parameter\; canbe seenasthe degreeof certaintyregardingthe evidence
provided by the incominglink from d; to d. It canbe a fixed valueaccordingto the
link type,or mayvary accordingto ameasuref similarity betweerthedocumentsand
thequery[FS95 Sav97].

Theunderlyingassumptiorof a repeategropagatiorthrougha certainnumberof
cyclesis that documentsmay have direct but also indirect influenceson eachother
throughthelinks. Indeed,f the RSV of adocumentepend®nthe RSV of eachof its
neighborstheirRSVdependn turnontheRSV of theirneighborsandsoon. In away,
thisrepeategbropagatiortanbeseerasaninferenceprocessthoughwith noguarantee
that the inferencesare always appropriate. However, the numberof cyclesis often
limited to one; and morethanone cycle is usually harmful to retrieval effectiveness
[Sav97).

The spreadingactivation principle hasat leasttwo major advantages (1) it can
be easily understoodand its applicationis straightforvard, and (2) it canbe added
to the outputof a retrieval systemwithout any modification. However it hassome
weaknesseq1) the valuesof parametersnustbe well chosenand(2) the formulais
mostlyintuitive andcannotbejustified by ary modelof IR.

Enhancing document content

The inferencenetwork model [TC91] considersdocumentrelationshipsas possible
probabilisticdependenciesHowever, thesedependenciesannotbe directly encoded
by links betweendocumentsn the inferencenetwork, becausehis would createthe
risk of having cycles, which are not allowed in inferencenets. The documentrela-
tionshipsarethenusedto enhancehe contentof documents.Take the setof termsT
containedn adocumentd; thatcitesadocumentd,. The methodof Croft and Turtle
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[CT93] consistdn extendingds's representatioby (a) assigninga beliefto theterms
of T' notinitially containedn d,, and(b) eventuallyincreasinghe belief of theterms
of T alreadycontainedn d.’'s representationAn improvementof 6% over the base-
line is reportedput it mustbe saidthatthebaselinecanbe consideredrery high for the
CACM collection,on which experimentsveredone[CT93]. However, they conclude
in a pessimisticway thatthe increasen retrieval effectivenesanay not be worth the
extrawork in implementationandthe costof nearlydoublingthe sizeof theinverted
file (thefile containingfor eachof theindexing terms,the documentshatcontainit).

Our modelingwill both beinfluencedby the inferencenetwork andspreadingac-
tivation modeling. As in the former, documentelationshipsareconsideredy proba-
bilistic dependenciesAnd asin thelatter, theserelationshipsarecombinedo aninitial
rankingof documentdo computea new (hopefullybetter)ranking.

4.1.2 Web-based approaches

Comparedo standardizeénd delimited collectionsmadeof scientificarticles,news
stories,legal or medicaldocumentationthe Web is quite disorientingin several re-
spectsWe review first someof the characteristicsvhich make the Web sopeculiar:

e Sizeand evolution. TheWebis by far the largestcollectionof storedinforma-
tion, containing800 million Web pagesn dateof Februaryl999[LG99], andit
is increasingat a rateof a few million Web pagesa day. At the sametime, it is
estimatedhat 1% of the Web changesvery week. At presentime, we do not
know for how muchtime will lastits exponentialprogressiofRRS98]. Search
enginesarefor the moment”losing the race”, astheir relative coverageof the
Web seemdo diminishwith time [LG99].

¢ Indexing. Web pagesnayvary from a few wordsto megabytessuchthatclas-
sicalindexing proceduregseeSectionl.1.3)may produceunpredictablesffect:
it is reportedn [BL98] thatto arequesbn "Bill Clinton”, amajorsearctengine
returnedin first position a documentcontainingonly the words "Bill Clinton
sucks”with animageof Bill Clinton (whichis pretty naturalregardingthe way
the vectorspacemodelworks). Moreover, the assumptiorthat indexing terms
aregoodsource®f evidenceconcerninghetopicsof adocuments notasmuch
verified asin more standardext collections,becauseften the choiceof word
is notinnocent. Peoplewho designWeb pagesmay have specificobjectivesin
mind, which arereflectedn their choiceof words. For exampleit is reportedn
[otCP9g thatthe IBM compaty, which orientatestself towardsa servicecom-
pary, avoidsthe usetheword "computer”on its homepage.And becausef the
commercialimpactof having its site beingoften returnedto the user(whether
it is relevantor not to its information need),tacticsto influencethe ranking of
searchenginescalled”spamming”or "the searchenginepersuasiorproblem”
[Mar97] arewidespread.In summary oneof the basicassumption®f text re-
trieval, thatthe conceptor topicsof adocumentanbetold” from thetermsit
containsjs possiblylessvalid onthe Web, atleastin somecases.

e Scope. The kind of information (or sometimeddisinformation)which canbe
found hasvirtually no limits: in a click, onecanfind commercialinformation,
scientificpapersdatarepositoriespropagandar the Web pagesof his friends.
This seriouslylimits the potentialuseof techniquesevelopedin IR for using
domainknowledge,andaggraatesthe polysemyproblemsincewordsareoften
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usedin every possiblemeaning.For example,aword suchas”parallel” is likely
to have aspecificmeaningvhenfoundin collectionof computeisciencearticles,
but onthe Webit cantake all imaginablesignifications.

e Usersand information needs. Web usersoften do not know the principles
to make an effective searchanddo not understandhe underlyingprinciplesof
searchengines.They areoften”lazy” to formulatepreciselytheir information
need,and mostqueriesare very short (one or two terms). Many userswould
expectto find relevant information from a requeston "cars”, while thereare
more than eleven million pagescontainingthat termin Altavista’s index, and
Yahoo! classifieghe"car” topicin morethan50 differentsubtopics Moreover,
therearevery differenttypesof informationneedson the Web, which influence
theway therequesshouldbe answeredFor example,a usermay beinterested
in commerciainformationon a product,maywanta preciseanswero a specific
guestion("What is the heightof Mont Blanc?”),accesgo a setof resourcegor
browsing,or find determinantnformationon a certaintopic. Eachof thesetypes
of informationneedrequiresa differenttype of answer

e Miscellaneous.TheWebhasmary specificcharacteristicsvhich arenotalways
foundin morestandardR collection,suchasmirror Web sites,text in multiple
languagedlittle controlof theHTML syntaxby the Web pagescreatorsgtc.

If the userhasa pretty clearideaof thetopic heis looking for, andif the topic is
sufficiently representedn the Web, he mayfind whatheis looking for in hierarchical
classificationsuchas Yahoo!. More andmore searchenginescomenow with those
classificationsvhich werecreatedandmaintainedup to now by humans Howeverthe
humancostof purely manualorganizationof information doesnot make it a viable
option at long term, becausahe Web pageschangecontinuouslyand new cateyories
or "cyber communities”appeareverydayon the Weh And asreportedin [Mar97],
"repositoriesarenow themselesresortingto searctenginego keeptheir databasep-
to-date”. Moreover, althoughthe informationcanmoreeasilybe found, the usermust
still browsein a hierarchyto find it, andfor mary topicsit is not so obvious where
they shouldbe classifiedin the taxonomy Anyway, althoughtheseclassificationsare
very helpful, therearea potentiallyinfinite numberof querieswhich cannotobviously
be handledby ary classification. So, are we doomedto spendmore and moretime
searchindor information,astheWebgetsbigger, morediverseandevenmoredifficult
to organize?

At presentimeit is notreally possibleto provide ananswelto sucha questional-
thoughthereis anoptimisticview thattheimprovemeniof resourcesvill gofasterthan
the growth of the Weh Howeverthereis a potentiallyvery valuablesourceof knowl-
edgefor organizingand finding information: the few billion hypertet links which
"glues” the Internet. The Webwould not be whatit is without theselinks, which after
all arethe pathswhich leadto information. Browsingis for mary usersthe usualway
to find "nearby” information,andasquotedin [Mar97]:

"The power of the Web residesin its capability of redirectingthe infor-
mation flow via hyperlinks,so it shouldappeamaturalthatin orderto
evaluatetheinformationcontentof a Web object,the Web structurehasto
be carefullyanalyzed.

The IR communityhasacknavledgedthe potentialbut limited utility of the docu-
mentrelationships.The Web communityseemso be very optimistic on the potential
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usefulnes®f the hypertext structureto helporganizeandfind informationon the Weh
This view is encouragedy recentexperimentswhich seemto confirm that hyper
links canbevery valuablein locatingor organizinginformation[Mar97, Kle98, BL98,
CdBD99 Bh9g. And accordingio Chakrabatetal. [CdBD99, p. 550-551]:

"Citationssignify deliberatgudgmentby the pageauthor Althoughsome
fraction of citationsare noisy, mostcitationsareto semanticallyrelated
material. Thustherelevanceof a pageis areasonabléndicatorof therele-
vanceof its neighborsalthoughthe reliability of this rule falls off rapidly
with increasingadiuson average.Secondlymultiple citationsfrom a sin-
gledocumentrelik ely to cite semanticallyrelateddocumentaswell.”

We now review two of the mostrepresentatie and popularapproachesleveloped
for handlinghyperlinksin the context of the Weh

Estimating the popularity of a Web page

The PageRankalgorithm,usedin the Googlesearchengine(www.google.com)on-

sidersthatusershave anabsolutepreferenceamongWeb pagesithe morea Web page
is visited, the moreit is appreciatedy the users. It is not possibleto have accesgo

thelogs of the seners,but it is a reasonnablassumptiorthatthe preferenceof users
is reflectedin the hypertet structure:a link toward a Web pageis oftenanindication
thatthis pageis acknavledgedby someonesa goodsourceof information. A simple
way to implementhis ideawould beto countthe numberof timesa Webpageis cited.

Microsoft's homepage,surelyoneof the mostvisited pageon the Web, is cited more
than23 million timesin Altavista’s index (probablymuchmorein reality). However,

eachlink shouldnot betreatedequally sinceits impactalsodepend®nthe popularity
of theparentnode:a pagecitedonly a few timeshbut whichis in Yahoo!'sindex would

certainlybequite popular Thusthepopularityof a pagealsodepend®nthepopularity
of thepageghatciteit.

TheideabehindPageRanks thata userwho crawls the Web by selectingthe hy-
perlinksatrandomis morelik ely to visit certainWebpageghanothers simplybecause
thereare more possibleways by which the usercanreachthesepages.lt is possible
to modelthis asa Markov processwherethe statesof the systemareeachof the Web
pages. To computethe matrix of transitionprobability, the assumptiorthat the user
will chooserandomlyone of the l,, outcominglinks of the Web page: the transition
probability to eachof the destinationpagesis then1/l,,. The measureof popularity
of a Web Page,its PageRankjs given by the stationaryprobabilitiesof this Markov
process thelimit probability thatthe userwill be on a certainpage. The PageRanks
arecomputedvery simply by aniterative algorithm,which corvergesafterafew steps.

Thisalgorithmis criticizedbecausd biasegheaccesso information[LG99]. The
"perverse’effect of PageRanks thatit will pushpopularpagego getevenmorepop-
ular, andnearlyunknownn (unlinked) Web pagedo stayunknown. As saidin [Mar97],
"visibility is likely to be a synorym of popularity, which is completelydifferentthan
quality, andthususingit to gainhigherscoreis aratherpoorchoice”.

We will shav how analternatve interpretatiorof popularity morecenterecbnthe
notionof relevance canbeimplementedn the PAS approach.
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Finding hubs and authorities

Up to now, we have alwaystalked of documentsbeing "relevant” or "non relevant”
to an information need. However the Web is so large in scopethatit is sometimes
advisableto first clusterWeb pagesaccordingto more generalsearchtopics, andto
redirectthe userinto the clusterin which he will mostlikely answerhis information
need. This is the principle of the Yahoo! repository Therearemary requestn the
Web suchas "Mountain biking” or "Human rights” for example,whereina useris
moreinterestedn having good startingpointsfor browsingin orderto learngeneral
informationonthesedomains.Givena certainsearchopic, it is possibleto distinguish
two typesof potentially”relevant” pages:authorities andhubs. Authoritiesarepages
which containhigh quality andexhaustie informationon thetopic, andhubsarepages
which containlinks to theauthoritiesthusgiving accesgo theinformation.

How canwefind hubsandauthorities?Theideaof Kleinberg’sHITS algorithm[Kle98]
is to considerarootsetof usually200documentscomposeaf themostlik ely relevant
documentgo a giventopic. These200 documentsarefound with a traditionalsearch
engine. This root setis expandedwith all documentsvhich point to or are pointed
by thesepagesto form the basesetin which authoritiesand hubswill be found (the
expansioncanbe donetwice to have a larger baseset). Thenthe connectvity of this
basesetis usedto find the besthubsandauthorities. The assumptioris thata good
authorityis a pagewhich haslinks from mary goodhubs,anda goodhub is a page
which haslinks towardsmary good authorities. The algorithm hassomesimilarity
with PageRankin thatthe quality of a pagedependsecursvely on the quality of the
neighbors.

This ideais implementedasfollows. For eachdocumentd, in the baseset,a hub
scoreh, anda authorityscorea, arecomputed.Theinitial scoresaresetto 1, but the
final resultis not sensitve to any nondegeneratevaluesof initial scoresThenthehub
andauthorityscoresareupdatedteratively, by respectrely the sumof authorityscores
of its child nodesandthesumof hubscoreof its parentnodes.Theupdatingequations
are:

hp: Z a;

dp—>di

ap = Z hz
d;—dp

Kleinberg shoved thatthe scoreswill corvergeif the scoresarenormalizedafter
eachstep. The exact scoresare not so important,sincethe useris presentedvith a
ranked list of hubsand authorities:it is reportedin [CDR* 98] that after 5 stepsthe
orderingof hubsandauthorityscoresusuallydoesnot changeanymore.

The algorithmhasbeenimproved sinceKleinbery’s initial proposal,by consider
ing weightedsumsof hubsandauthorityscores.threetypesof weight have beenap-
plied with positive effect, (a) a measureof appropriatenessf the hyperlink measured
by the numberof wordsin its vicinity sharedwith the searchtopic [CDR*9g], (b) a
normalizationby the numberof links betweerthe correspondindgJRLs of the source
anddestinatiomodes o avoid mutually reinforcingrelationshipsetweertwo URLS
[Bh9g], (c) theinitial similarity of thedocumento the searchtopic[Bh9§].

We will seesomeof the weaknessesf this techniqueto estimatethe hub and
authorityvaluesof a Web page andhow a PAS modelingof this problemmay provide
asolutionto it.
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4.2 The hypertext retrie val model

4.2.1 Converting hyperlinks to knowledg e

A link from documenti; to d; is evidencethattheir contentss similar or related:from
ahypertextualrelationshipwe wishto derive aninformationalrelationship It canthen
beinterpretedasevidencethatauserpossessintheinfonscontainedn d; will possess
the infons containedin d;, andsimilarly thata userpossessinghe infons contained
in d; will possesshe infons containedin d;. In thatsightit is naturalto corverta
hyperlinkfrom d; to d; to:

D; A l,‘j e Dj (42)
Dj A lji — D,

Previousresearcthasdemonstratethatfollowing thelinks backwardmay provide
asourceof informationof comparablevalue andthisis thereasorwhy thelink induces
alsoa rule in the backward direction. The assumptiorl;; canbe understoodas the
uncertainconditionunderwhich the hyperlinkfrom d; to d; impliesaninformational
link, which holdswith probability p(l;;). This probability canbe seenasanindicator
of thequality of thelink. If theconditionholds,thenwewill considerthe hyperlinkas
being’valid”.

It is also possibleto make the passagdrom a hypertextual to an informational
relationshipdependenbn certainexternalconditions suchascertainconcepts:

Ci N\ Cj — (Dk ANl — Dl) (4.3)
Ci N Cj ADy Nl — Dy (4.4)

This kind of relationshipis useful to introducethe context in the applicationof
hyperlink knowledge. For example,supposehat d;, is a documentabout’ski resorts
in Europe’, with a hyperlink towardsd;, a documentabout’ski stationsin Switzer
land’. The hyperlink appearsadequatdf the userseeksdocumentsabout’skiing in
Switzerland’, but not if he seeksdocumentsabout’skiing in France’. If the con-
ceptsC; andC; denoterespectiely the conceptsof 'ski' and’Switzerland’, the rule
C; A Cj A Dy ANl = Dy will applyonly for the query’skiingin Switzerland'.

Theprobabilitiesp(l;;) andp(l;;) areassesseih away thatwill beexplainediater
We now seethe variouswaysin which this knowledgecanbe interpreted depending
ontheway we wantto useit.

4.2.2 Enhancing document content

If the knowledgeinducedby the links is includedin the generalPAS modelwhere
conceptaredesignatedby the symbolsC;, their effectwill be equivalentto enhancing
documentcontent. Supposethatthereis a link from D; to D; (D; A l;; — D;),
andthat D; is aboutCy, (D; A ajr — Ci). By resolvingthe two rules, it follows
that: D; A l;; A ajr, — Ci. Thentherearetwo possiblecases.If thereis no other
(textual) evidencethat D; is aboutC}, the supportfor C}, given D; asevidenceis:
sp(Cr,END;) = l;jAajy. If thereis atextual evidencethatD; is aboutCy,, represented
by D; A a;r — C, thenthesupportCy, becomessp(Cr, & A D;) = air V (Lij A ajr).
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Theeffectof linksis clearlyto addnew conceptsn thedescriptiorof thedocument,
or to increasethe weight of existing ones. This approachs quite similar to the way
hyperlinksaretakeninto accountn theinferencenetwork approacHjCT93]. However
in this approachthelinks arenotinterpretedn atransparentvay. On the otherhand,
logicis notreally indispensablé thegoalis only to extendadocumentepresentation.

4.2.3 Modifying the rank

Take aninformationneedrepresentely aproposition, andaretrieval systemwhich
outputsa rankingof documentgo Q. If thelinks have not beentakeninto accountin
the computationthenit is possibleto usethemto postprocesghisranking,in orderto
have a hopefully betterrankingof documentsin thatsight, the initial rankingcanbe
interpretedasuncertainevidencethatthe information needis aboutthe documentor
thatthe documents abouttheinformationneed:

Theprobabilitiesp(b;) andp(a;) thattheretrieval systenTwasright” in retrieving
documentd; dependon the rank or scoreof the retrieved document. For example,
theinitial evidenceon a documentankedfirst is strongerthanon a documentanked
100th.

Therearetwo ways of taking the knowledgeinducedby hypertet links into ac-
count,whetherweusethe D — (@ orthe — D approachSinceahyperlinkfrom d;
to d, producesrulefromd; to d, andonefrom ds to d, thenit canbeseereasilythat
thetwo approacheteadto anequivalentform for the symbolicsupportof documents:
to find the supportsp(Q, £ A D) from sp(D, € A @), onemustonly changethea;’s by
b;’s,andthel;; by l;;. Howeverthenumericaresultcanbedifferentif theprobabilities
assignedo thereplacedassumptionaredifferent.

Thereis no conceptualifferencein applyingeitherthe D — @ orthe@ — D
interpretatiorof relevance.But for thefollowing we preferto adopta simplerandmore
naturalformulation. In that formulation propositionD; means’documentd; is rele-
vant”. ThepropositionD; is thenrelatedto a clearly definedevent,relevance,andthe
proposition@ is notneeded. Theuncertainevidenceprovidedby theretrieval system
is modeledas someuncertaina priori knowledgeon the relevanceof the document:
a; = D;. Therulesto represenhyperlink knowledgeremainthe same. The propo-
sition @) is not neededanymore. To evaluatea document relevance , we computeits
symbolicand numericalsupportsp(D, ) anddsp(D, €). Next subsectiorshavs an
example.

Dealing with cycles

To illustrate how PAS dealwith cyclesin the hypertet network, take the following
PAS: Y = {a1 — Dl,az — Dg,a3 — D3,D1 Alig — DQ,DQ Alag — D3,D3 A
I31 — Dy}. Clearly, thereis acycled; — d» — ds. DoesPAS dealwith sucha cycle,
and avoids infinitely circular aguments? Take the caseof D;. The supportof D;
is: sp(D1,€) = a1 V (az Alz1) V (a2 A laz A l31). Onemight askwhy argument

1We could have useda new symbolsuchas R;, but for the restof this chapter D; will keepthe same
meaning suchthatthereshouldbe no confusionfor thereader
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as A l31 A lia Alas A 31, correspondindo argumentas A I3 with onecycle, would
notbeanargumentfor D;? In fact,it is! Butit is implicitly "contained”in agument
az N l3qp: (a3 A 131) V (a3 Als1 ANlia Nlag A l31) = a3 A l31, suchthatthe symbolic
supportwould not be modifiedby the additionof this "cyclic” argument.

More generally if « is a minimal argumentfor hypothesish (seeChapter2) and
a A ¢ is the sameargumentwith oneor morecycles,we have: a V (a A ¢) = a, such
thattheadditionof a A ¢ will notmodify the symbolicsupport.ln asensethe support
canbesaidto containimplicitly all "cyclic” arguments.

4.3 Extensions to the model

This sectionproposeswo extensiongo themodel,to computea measuref popularity
of documentspr to find hubsand authoritiesgiven a well representedopic in the
hypertext collection. The modelshave not beenexperimentedbut they illustrate that
the PAS approactcansenefor processinghehyperlinksin avarietyof ways,andlead
to abetterunderstandingf theintuition behinda certainway of processindnyperlinks.

4.3.1 A model for computing a personaliz ed "popularity” mea-
sure

The PageRankalgorithm malkesthe hypothesishat the probability to be on a given
Web pagewhencrawling randomlyonthe Webis ameasuref its popularity We have
aslightly differentideaof "popularity” in mind: to our advice the frequeng atwhich
apageis visitedis not necessarilyanindicatorof its relevance especiallyto someone
who looks for a precisepieceof information. The Microsoft front page,possiblythe
mostupgradeddy the PageRankalgorithm,will notbeof ary interestfor mary users.

It is neverthelessnterestingto studyif the connectvity of a pagecontainssome
information on its a priori probability of being relevantto an informationneed. In
thatpurposewe cankeepthe modeldevelopedin the precedingsection,andcompute
the symbolicsupportof eachdocument.The rulesinferredfrom following the hyper
links backward shouldbe kept, sincethey do tell us somethingaboutthe relevanceof
documentgseeSection4.4). Remarkthatthe PageRankalgorithmdoesnot consider
links backward,ontheassumptionthattheuserdoesnothave accesgin general}to the
incominglinks of aWebpage.

Fromthis point of view, it seemsappropriateo define P; as"documentd; is pop-
ular”, with the equivalentrules: a; — P; andP; A l;; — P;. Thesupportsp(P;, §)
canthenbe interpretedasa symbolic measureof the popularity of the paged;. The
probability of eachassumptiorare parametershe valueof which canbe modulatedo
fit atbesttheusersinterest.For example,it is possibleo evaluateseparatelyhe effect
of theneighborsandindirectneighborson the popularityof a page.

4.3.2 A model for computing hub and authority scores

In Kleinbemg'salgorithm,theauthority/hubscoreof adocumentiependenthehub/authority
scoresof its neighbors.In a sensethe algorithmhasan "objective” justification be-
causeit finds someintrinsic propertiesof a setof linked pages.However, we believe
therearesomeweaknessem this algorithm,which arenot apparenbecausehe way
thealgorithmworksis nottransparentotwithstandinga certainmathematicatleanli-
ness.A logical modelingof the problemcanbring someinsightsontheseweaknesses,
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andon the way they canbe solved. The mostobvious weaknesss that (1) although
supposedlyobjective”, the final resultdependson the baseset (the chosensubsetof
thefull graph),whichin turn depend®ontheinitial subsethosenwhichis arbitrarily
setto the200bestrankeddocumentgjivenby a certainsearchengine.Thismakesalot
of arbitrarychoicesfor an”objective” measure Sinceno comparatie studyhasbeen
publishedwe do notknow if changingthesedegreesof freedomwill affectgreatlythe
final result. Also, (2) the initial ranking of documentss not usedas prior evidence,
while clearly aninitially betterranked documentshasmore chancedo be relevant?.
And (3) althoughthe weight of eachlink canbe modulatedijt is not clearif a simple
additionof the contritution of eachneighboris appropriate.

In the modelingwith the PAS framawork, we assumethat being a good hub or
authoritycanbe modeledby a binaryvariable. This canbe supportedoy the factthat
the binary relevancescaleis privilegedby the IR community amongother proposed
relevancescales.For a documentd;, propositionH; denotes’documentd; is a good
hub” and A; denotesdocumentd; is agoodauthority”.

We considerthatthereis initial evidenceh; that D; is agoodhub,anda; thatit is
agoodauthority

hi — Hi,ai — Ai (4.7)

Theprobabilitiesp(h;) andp(a;) canbeassessedith trainingdata. Theestimation
canbe madeusing a logistic regression,in a way similar to the techniqueshown in
Section4.4.

As in Kleinberg's algorithm,we make theassumptiorthatif adocumentl; is cited
by agoodhubd;, thenthisis evidencethatd; is a goodauthority We have then:

Hj A fji — Az (48)

wheref;; denoteshe proposition"documentd; is agoodauthorityif documenti;
is agoodhub”. And similarly, if a goodauthorityd; is cited by a documentd;, then
thisis evidencethatthatd; is agoodhub:

A A 9i; = H; (4.9

where f;; denoteghe proposition’documentd; is agoodhubif document; is a
goodauthority”.

With this model, thereis no needto determinea baseset. It hasnot beenim-
plementedyet: althoughauthoritiescanbe loosely assimilatedo documentgudged
relevant, one difficulty is that thereis no testcollection which makesthe distinction
betweerhubsandauthorities.The few evaluatingexperimentslonein this areado not
respectherigorousIR standardandpreventdefiniteconclusiongo be made.

4.4 Computing probabilities

Documentsare ranked accordingto their degree of support,which dependson the
probability givento assumptionsCorrectestimatef theseprobabilitiesis thencru-
cial. We shav now a possibleway to estimatetheseprobabilities,with someresults
obtainedfrom usingthe CACM andWT collections.

2Theinitial documentcoreis usedin [Bh98], but indirectly.
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Figure 4.1: Probability of relevance vs Rank. CACM collection.

4.4.1 A priori suppor t

To computethe probability p(a;) in a; — D;, where D; means’documentd; is rel-
evant”, we make useof someof the informationhandedout by the retrieval process,
suchaseachof thedocuments rankr; or scores;. To estimatethis probability, con-
siderthatif documentsverenotconnectedg; would betheonly "argument”for d; and
clearly: sp(D;, &) = a;, anddsp(D;, &) = p(a;). Documentswvould thenbe ranked
accordingo p(a;).

It seemghennaturalto assesg(a;) onthebasisof the evidencehandedutby the
retrieval system:p(a;) is estimatedy p(d; = relevant|s;, r;). Thisprobabilitycanbe
assessely fitting a logistic regressiorto a sampleof training queriesfCS0d. In our
experimentswith the CACM andWT collection,we usedonly rankasthe explicating
variable becaus¢heprobability of relevanceis morestablewith therankthanwith the
score. Figure4.1 shavs samplingestimatedor the probability of relevancegiventhe
rank, andthefitted logistic regression.The scoremay provide additionalinformation
of interest,but this featureis highly correlatedwith the rank. A probability of O is
assignedo a documenhnot beingretrieved.

4.4.2 Computing link assumption probabilities

In theuncertainrule D; A I;; — D;, p(l;;) representshe uncertaintyassociatedvith
the knowledgethat (the relevanceof) D; canbe inferredfrom (the relevanceof) D;,
andp(l;;) representshe uncertaintyassociatedvith this event. Fromthatviewpoint,
a probability of 0.2 would meanthatin 20% of the requestsvhered; is relevant, d;
is alsorelevant. It is thennaturalto associate(;;) with the conditionalprobability
p(d; = relevant|d; = relevant). This probability canbe assessedn a sampleset
of querieswith relevantdocumentsby computingthefractionof time thata document
linkedto arelevantdocumenis in itself relevant. Obviously, the higherthe probability
of documentelevance thegreateithelink’ sinformationaboutrelevance.The compu-
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Estimationmethod Incominglinks  Outgoinglinks

Algorithm 1 0.145 0.106
Algorithm 2 0.066 0.090
Algorithm 3 0.062 0.051

Table 4.1: Probability estimation of hyperlinks- WT collection.

tationof this probability alsogivesanideaon whatcan(andcannot)be expectedrom
links.

A possibletechniqueor estimatinghis link probabilityis describecbelon. Based
onasetof queriesalongwith theirrelevanceassessmentaie computefor eachrelevant
documentthe fraction of linked documentghat arethemselesrelevant, andthenwe
computethe averageof this fractionfor all queries(Algorithm 1). An objectionto this
methods thatsomedocumentsrelinkedto morethanonerelevantdocumentandthus
will have a higher probability of beingrelevant. To avoid an overly biasedestimate,
we exclude thesedocumentsrom the computation,and computethe probability in
the sameway asAlgorithm 1 (Algorithm 2). Finally, thelink probability might vary
largely betweenqueries,mostly becauseéhe numberof relevantdocumentsan also
vary by one or eventwo ordersof magnitude. In orderto keepa few queriesfrom
dominatingthe computationwe take Algorithm 2 but computethe medianinsteadof
themean(Algorithm 3).

From Table 4.1, one canfind that dependingon the algorithmused,the estimate
may vary greatly The experimentgresentedelov make directuseof this probabil-
ity, andwork betterfor the smallestestimatefound with Algorithm 3. This finding
suggestghat this valueis a betterestimateof the link’s probability. It is lower than
equivalentestimategoundwith the CACM collection,which canbe explainedby the
fact that bibliographicreferencesvhich have someintellectualjustification, contain
higherquality informationthanhyperlinks.

4.4.3 Semantic link probabilities

Fixedprobabilitiesmaynotbeverysatisfying becauselearlysomeinks arein general
moreappropriatehanothers,andlinks aremoreor lessappropriatedependingon the
contet (the contet is the users information need, representedy the query). We
have adaptech techniquedevelopedby Frei and Stieger [FS99 which dealswith the
semantiof thelinks, to the computatiorof individual link probabilities.Chakrabatet
al. [CDR* 98] have alsoconsideredhe similarity betweerthe anchorof the hyperlink
andthe requestwhenpropagatinchub and authority scores.We may regardherethe
similarity asa variablewhich affectsthe probabilitythatthelink will imply relevance.

The computationof this probability shouldtake into accounttwo factors: (1) the
generabppropriatenessf thelink, and(2) its adequayg to the presenfjuery Let usde-
notesim(dy, ds) asthecosinesimilarity betweerdocumentgl; andds, computedrom
the intersectiorbetweentheir indexed representationAlso, sim((d1,dz),q) denotes
the cosinesimilarity betweenthe link from d; to ds, representedby their combined
indexes,andtherepresentationf the queryg.

Intuitively, thegeneralappropriatenessf alink betweertwo documentsl; andds
shoulddependon the degreeto which they sharesimilar terms,which is measuredy
sim(d1,d2). And theappropriatenessf thelink for a precisequeryshoulddependon
the degreeto which the queryandthelink betweerbetweerthetwo documentshare
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Figure 4.2: P(d; = relevant|d; = relevant) vs sim(d;,d>) and
sim((dy,ds), q). "Cited” links, CACM collection.

similarterms,whichis measuredy sim((dy, d2), q).

In ourexperimentslinks wererepresentetly thetenmostrepresentatie keywords
of eachof thedocumentsFor eachliink from arelevantdocumento anothedocument,
thetwo cosinesimilaritiesarecomputed.As explainedbefore,we consideronly doc-
umentslinkedto oneandonly onerelevantdocument.On Figure4.2, the probability
thatd; is relevantif d; is relevant,p(d; = relevant|d; = relevant), is computedior
four setsof binnedsimilarities. Clearly, theprobabilityof alink assumptiorvarieswith
the staticanddynamicvalueof alink. It seemsnoreappropriatdo take asestimateof
p(a;), afunction f(.) of sim(di, ds) or sim((d1, d=), q), eventuallyof both. In future
work, we will experimentwith valuesof p(a;) parameterizetly thesetwo similarities.

4.5 Experiments

In this subsectionywe presenbur experimentsdioneonthe CACM andWT collections.

45.1 Learning

Thesetof symbolicoperationss asfollows:
¢ Corverteachbibliographiclink from d; to d; to Eqn. (4.2).
e For eachdocumentD;, computethe supportsp(D;, £).

¢ Putthe supportof eachdocumenin disjointform usingHeidtmanns algorithm
[Hei89]. Corvertthis disjoint form to a directly usableformulafor computing
thedegreeof supportdsp(D, £).

At this point, all the logical operationsare done. When a query is processed,
the only operationremainingis to computethe degreeof supportfor eachdocument
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Typeof link SA PAS PASvsbaseline PASvsSA
Citing 0.266(0.3) 0.267 +5.57% +0.01%
Cited 0.261(0.4) 0.273 +7.83% +4.11%

Table 4.2: Experimental results on the CACM collection

dsp(D, £). Valuesareassignedo the a priori assumptiorprobabilitiesusingthefitted
logistic regression.If the probabilitiesof link assumptiongire not static, thenvalues
mustalso be assignediependingon somesimilarity value betweenthe link andthe
searchtopic.

4.5.2 Experiments on the CACM collection

In theseexperiments|inks wereconsideredeparatelyn theforwarddirection(citing)
andin thebackwarddirection(cited). For eachdocumentargumentof orderthreeand
lesswerecomputedandthesymbolicsupportwasputin disjointform with Heidtmans
algorithm.

The basicretrieval processwas doneusing a classicalretrieval systembasedon
the cosinesimilarity measure.The baselineretrieval effectivenessat 11 recall points
is 25.27%,with the TRECeval software. ComparisonsveremadebetweenPAS and
baselineandPAS andspreadingctivation(SA). Thetechniqueof spreadingctivation
wasdescribedn Sectiond.1.1. Theresultsshovn for spreadingactivationarethe best
onesobtainedfor arangeof valuesof the parametef, which wasfixedfor all links of
a certaintype. Scorewasspreador only onecycle, sincemorethanonewasharmful
to retrieval. The best\ valueis shavn betweerparenthesisThe resultsareshovn in
Table4.2. In the PAS techniqueagument=f lengththreeor less(at mostthreelinks
assumptionsjverecomputed.

Theseresultsshav that PAS cancompetewith an establishedechniquesuchas
spreadingactivation. Also, indirectneighborscanbe consideredvithout depreciating
performanceFor citing links, thereis no averagedifferencein retrieval effectiveness,
while for citedlinks, thedifferenceas nearlysignificant.However, for spreadingctiva-
tion thereis no understandingf the parameter@évolved,while in the PAS framework,
parameterarethe probabilitiesof thelinks which have a clearermeaningoothfrom a
statisticalandalogical viewpoint.

4.5.3 Experiments on the small Web Track

In a secondsetof experimentsthe hyperlinksof the WT collectionwereusedto im-
prove retrieval. Ten differentweighting schemesvere used(okapi-npn,...,bnn-bnn,
seeTable 4.3), to produceten differentrankingsof documents.We do not describe
theseretrieval systemsere. A simplified versionof the PAS wasusedwherebyadoc-
uments degreeof supportcanbe affectedonly by its directneighbors.n thatcasewe
do not needto keeptrack of inferencesand canderive a simple formula which can
be understoodcasa morerefinedway of spreadingactivation: insteadof propagatinga
documents score,its probability of beingrelevantis propagated.This probability of
relevanceis estimatedy thelogistic regressiortechnique For the probabilitiesof the
links, thelowestprobabilityestimate$oundwith Algorithm 3 areused(seeTable4.1).
In thatcase thedocuments supportis simply:
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Model Baseline Bestincoming Bestoutcoming Combined
okapi-npn 0.267 0.267(0.00%) 0.267(0.00%) 0.267(0.00%)
Inu-Itc 0.234 0.239(+2.18%) 0.240(+2.65%) 0.239(+2.10%)
atn-ntc 0.257 0.260(+1.44%) 0.261(+1.52%) 0.260(+1.32%)
ntc-ntc 0.138 0.139(+0.14%) 0.139(+0.14%) 0.138(0.00%)
Itc-ltc 0.136 0.138(+0.88%) 0.138(+0.88%) 0.138(+0.88%)
Inc-Itc 0.107 0.108(+0.65%) 0.109(+1.49%) 0.107(+1.31%)
Inc-Inc 0.072 0.074(+2.35%) 0.073(+1.38%) 0.073(+1.52%)
anc-ltc 0.082 0.084(+2.31%) 0.087(+5.59%) 0.084(+2.79%)
nnn-nnn  0.071 0.072(+0.56%) 0.072(+0.42%) 0.070(-0.98%)
bnn-bnn  0.096 0.100(+4.18%) 0.101(+5.02%) 0.099(+3.56%)

Table 4.3: Experimental results on the WT collection

sp(D,§) =a; \/  (ak Alx) (4.10)
link(Dy,d;)
Fromtheequality:
pler V... Vey) 1—p(—(c1 V...Vey)) (4.12)
= 1—p(er Ao Aeyp) (4.12)
= 1=p(ner) o placa) (4.13)
= 1-(1-plc1))- .- (L= plcn)) (4.14)
it followsthat:
dsp(Di,€) = plai \/  (ar Alks)) (4.15)
link(Dy,d;)
= 1-(1-p@)- ] 1-@a) i) (4.16)
link(dg,d;)

A first setof experimentsusingthis formulafor rankingdocumentsy decreasing
degreeof supportdid not produceary increaseof retrieval effectivenessfor the 10
weightingschemesisedanddifferentvaluesof the probability of the link. Thistends
to shawv thatsimpleandintuitive techniqueswhich have producedsatishctoryresults
in otherretrieval environments,do not seemto performwell on the Weh It is our
opinion that hyperlinks seemto provide lessinformation than do the bibliographic
reference®r co-citationschemesisedin our previousstudies.

We have however obtainedbetterresultsin somecasesby consideringonly the
bestsourceof evidencefor a document. That is, if a documentreceves evidence
from threedocumentswith ranks3, 11 and 17, we only considerthe evidencefrom
documentranked 3rd. The reasonfor usingonly the bestsourceof evidenceis that
when a documentis alreadylinked to one of the best-rankd documentsthe other
linked documentonly have a mamginal effect on its relevanceprobability. Table4.3
shaw theretrieval effectivenesaisingonly the bestincominglinks, thebestoutcoming
links, andboth. Thereareslight but generallynot significantimprovementsover the
baseline.
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4.6 Conclusion

This chapterhaspresentednapplicationof PAS to handlehypertext links for helping
retrieval, eventually organizationof information. The experimentshave showvn that
logical modelscanbe appliedto a large collectionfor dealingwith hyperlinks. It has
also be shawvn that logic can be seenastool which can be adaptedto roughly any
retrieval systemratherthanbeingthe”cornerstone’of theretrieval system.

The useof links did notleadto very significantincreaseof retrieval effectiveness
with the WT collection. Thoughit is hardto saywhatcould at bestbe obtainedfrom
hyperlinks,it is doubtfulthatthisinformationis of avery high quality. As anexample,
considerthe estimatedprobability of 0.06thata documentinkedto a relevantdocu-
mentis itself relevant: it canbe interpretedashaving roughly 15 misleadinglinks out
of 16. It seemghathyperlinks,althoughvery abundant,arenot alwaysreliableinfor-
mation. The factthata Web hyperlink containslessinformationthana bibliographic
link canalsobejustified qualitatively: a userdesigninga Web pagecanaddany hyper
links, having differentmotivationsin mind, while theauthorof a scientificpaperhasin
generaktrongintellectualjustificationsfor citing anothempaper
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Chapter 5

Retrie val with thesaurus

This chapterdealswith the problemof implementinga retrieval systembasedon the
PAS modeldevelopedin Chapter3, with a focuson the integration of relationships
comingfrom differentthesauri.First, the thesauruspproacho IR will be presented,
andthe technigquesor ideasusedto createandtake accountof the term relationships
will be describedSection5.1). A new andoriginal way of usingterm relationships
will thenbe presentedand justified (Section5.2). Thendifferentadaptationf the
PAS logical modelto take into accounthisinformationwill be proposedSection5.3).
Someexperimentswill be doneon theimplementatiorof a full PAS logical modelof
IR (Section5.5). A discussiorwill endthis chapter(Section5.6).

5.1 Thesaurus and information retrie val

5.1.1 Manual thesaurus

A thesauruss constitutedby a setof keywordsor conceptgepresentatie of a given
domainof knowledge,anda setof relationshipdinking thesedifferentconceptse.g.
synorymy, hyporymy or hyperrymy. Thethesauruganbe generalin scope,suchas
Wordnetandthe Rogets which attemptto organizegeneralhumanknowledge,or fo-
cusonly a specificdomain. The thesauruganbe weakly structurede.g. the Rogets
groupswordsinto differentcateyoriessuchas’dissimilarity’ or 'religion’) or canbeor-
ganizedinto oneor morehierarchiegWordnet).With theincreasingheedof thesaurus
in variousdomainof science,andwith the generallyvery fastevolution of special-
ized scientific vocahulary, the constructionof thesauruss moreand moredonein a
semi-automatievay.

Wordnet

In Wordnet thethesaurusisedn thisthesis keywords(words,expressionsiregrouped
into synsetgsynorym sets).A keyword maybelongto differentsynsetsdependingn
its meaning.The synsetsareorganizednto differenthierarchies.The mostimportant
hierarchyis thehyperrym/hyporym, or 'broaderterm’/'narrowverterm’. Anotherinter-
estinghierarchyis the merorym/holorym, or ’is partof’/’has parts’. Figure5.1 shovs
thetwo synsetdor theword’computer’,its directhyperrymsandhyporyms. For each
word, therelationshipsonsideredareits synorymsin differentsynsetsandits direct
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2 senses of conputer

1. conputer, data processor, electronic conputer, in-
formati on processing system-- (a nachine for perform ng
cal cul ati ons automati cally)

2. calculator, reckoner, figurer, estimtor, conmputer

-- (an expert at calculation (or at operating calculating
machi nes))

Figure 5.1: Synsets of 'computer’

conmput er cal cul ator synsn
conmput er chip meron
conputer crt meron
conput er di skette neron
conput er estimator synsn
conput er expert hypen
conputer floppy neron
conput er hardware neron
conput er keyboard neron
conput er machi ne hypen
conput er mai nfranme neron
conmput er microchip nmeron
conput er nonitor meron
conput er processor meron

Figure 5.2: Terms related to 'computer’

hyperryms,hyporyms,holonymsandmeroryms. Figure5.2 shavs therelatedterm of
‘computer’ extractedfrom Wordnet.

5.1.2 Statistical thesaurus

To build automaticallyathesauruspnemustgenerallycomputesomekind of statistical
similarity betweenthe terms. Usually the similarity is computedon a large amount
of text (e.g. the collection)relatedto the domainof interestfSma93. A similarity
generallyreflectsthe degreeto which two termsappeartogetherin the samecontext.
The context canbe a sentencea window of words,a paragraphor the full document.
It is alsopossibleto consideronly the setof documentselevantto a givenrequest.To
obtain more pertinentrelationshipgat the risk of missingsomeof them), we prefer
usingthesentencascontext.

If the context is relatively long (e.g. the document)jt is often betterto considera
weightreflectingthe importanceof the terminto the contet. But with a sentenceas
context, binaryweightsarealsoappropriateln thatcasewe needonly n;, n; andn;;,
asrespectrely thenumberof contextsin whichtermt; occur term¢; occur, and¢; and
t; co-occur

Thereare differentpossiblemeasure®f similarity. Kim and Choi [KC99] com-
pareddifferentmeasurestheJaccarc{%), Dice (EZ;J ), cosing( \/Z;n]) and
two othermeasureshey proposed.Fromtheir experimentsjt seemghatthe Jaccard,
Dice and cosineperformequallywell. Our experimentswill usethe cosinesimilar-
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iraq 0.083
civilian 0.081
force 0.075
iraqgi 0.07
bui I dup 0. 069
sovi et 0.068
war 0. 059

per sonnel 0. 055
saddam 0. 052
commander 0. 051

Figure 5.3: Highest statistical similarities with 'military’

ity, which is largely usedin informationretrieval. Their queryexpansionexperiments
alsoshaw thatretrieval effectivenesgienerallypeaksvhententermsareadded andis
stableor decreaseslightly afterwards.We will alsoaddonly thetenbestterms.

More sophisticatechpproachesneasurea similarity betweentermsbasedon the
patternof wordswith whichthey co-occur In anearlierwork onthe CACM collection
[Pic99, we alsoconsideredecondorderco-occurrencewherethe similarity between
two termsdependson their patternof co-occurrencevith all the otherterms[SP97.
Thisway, two neverco-occurringermsmayberelated if they co-occuiin generalvith
the samewords. This type of measurds however computationallyexpensie evenfor
amediumsizecollection.

Figure5.3shavsthe mostsimilar termsto 'military’, computecbntheWall Street
Journalcollection. The similaritiesarelow in generalbecauséf two wordsmay fre-
guently co-occurin the samedocumentthey morerarely co-occurin the samesen-
tence.lt is interestingo noticethatsomeof the mostsimilartermsto 'military’ arere-
latedto theGulf warheldin 1991:thisis notverysurprisingsincetheWSJis composed
of news articlewritten betweenl990and1992. Thesekind of contextual relationships
canhardlybe capturedwith ageneraimanualthesaurus.

Remarkthat the highly similar term *force’ is also a hyperrym of 'military’ in
Wordnet. Having thetermin the two thesauris a strongerindicationof the appropri-
atenessf therelationshipbetweerimilitary’ and’force’ for the presentollection.As
we will see,combiningevidencefrom differentthesauriresultsin betterquality term
relationships.

5.1.3 Using thesauri for IR

Theuseof thesaurusn IR is avery broadsubject,andit is notourintentionto make a
detailedsuney of thedomain.Thesaurusrepartof mary retrieval systemswherethey
provide a usefulhelpto the userin difficulty of formulatingits informationneed.Here
we areonly concernedvith the automaticuseof thesaurudor retrieval. In general,
the techniqueswhich usethesaurusautomaticallyfor retrieval fall underthe nameof
"query expansion”:thetermsin theinitial queryremainunchangedandnew termsare
addedo increasehe possibilitiesof matching.

The associatiorhypothesigvR79] stateghat”if anindex termis goodat discrim-
inating relevantfrom non-relevantdocumentsthenary closelyassociatedhdex term
is alsolikely to be good at this”. A "naive” interpretationof this hypothesisvould
be to simply add all the termsrelatedto the termsin the query, suchthat a relevant
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documentcontainingonly synorymousor relatedtermstermswill be retrieved. This
techniquedoesnotwork in generalandthesaurimustbe usedvery carefully: increas-
ing the chance®f matchingby addingrelatedtermsmay helpreducingthe synorymy
problem,but it nearlyalwaysworsenghe polysemyproblem.

Negative results using thesaurus for query expansion

VoorheegVo093 Vo094 mademary experimentasingthe Wordnetthesaurusn the
TREC corpus. Resultswere disappointing,even when the "right” senseof a word
wasselectedy hand. This led a partof the IR communityto believe thatthe useof a
generathesauruss notareliabletechniqueo improveretrieval effectivenessit is true
indeecdthatthereis agreatchallengen attemptingo applytheverygeneraknowledge
containedn Wordnet,which is not alwaysappropriateo generalpurposecollections.

SmeatorandvanRijsbegenobtaineddisappointingesultsusingstatisticalsimilar-
ities to expandqueriedSvR83. They shavedthatselectingtermsrandomlydoeslead
to worseretrieval resultsthanchoosingtermsaccordingto their similarity: this makes
thequality of statisticakelationshipgjuestionablelLater, PeatandWillet demonstrated
thatthe cosinesimilarity emphasizestrongrelationshipdetweemrmediumfrequeny
terms,which tendto be poor discriminatorsof relevant and non-releyantdocuments
[PW91].

Improvements on simple techniques

Therecentimprovementsn theapplicationof thesaurto queryexpansiorleadto more
optimismregardingtheir potentialusefulnessor IR. We surwy the new ideasthatare
behindthesemprovements.

e Considering the context. A queryterm may have differentmeaningsdepend-
ing onthecontext, andof courseit is not possibleto tell the context from aterm
alone.But the context canbe definedfrom thewhole query For example,in the
two queries’parallel skiing” and”parallel computers” the meaningof theterm
parallelcanbetold from the otherterm. Qiu andFrei developeda queryexpan-
siontechniquewith a statisticalthesaurusvheretermsareselectedaccordingto
their averagesimilarity with all the queryterms[QF93. This way, aninappro-
priatetermwhich would be similar to only oneterm of the querywould have a
low averagesimilarity andwould not beretained.Theideaof takingaccountof
all the querytermsfor selectingthe expansiontermsseemswell adoptednow
[XC96, RTT99, KC99].

e Combining differ entthesauri. Usedalone manuathesaurarenotveryhelpful
on generalpurposecollections. However Mandalaet al. [RTT99] shaved that
whenWordnetis usedin conjunctionwith otherstatisticalthesauri,t canbe a
much more useful sourceof evidence. On TREC'7 data,they obtained58.2%
improvementusingtwo statisticathesaurusand98.9%with Wordnetandthese
thesaurus.Wordnetaloneled to only 10.2% improvement. However it must
be saidthatthe baselinevasrelatively low (0.11750f meanaverageprecision),
andthatthe useof the thesaurionly raisedretrieval effectivenesgo the level of
standardetrieval systemgshatmadethe TREC competition.

e Learning. In thetwo precedingworks, nice retrieval resultswere obtainedus-
ing the co-occurrencsimilarity valuewithout ary modification.But thereis no
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reasonthat the optimal propagatiorvalue shouldbe equalto the similarity. It
is reasonabl¢o believe thatthe obtainedresultswould be even betterif amore
carefuluseof the similaritieswasmade.Usingalogical approacHtor expansion
on the CACM with Wordnet, Nie useda learningtechniqueon pastrelevance
judgementgo find adequatepropagatiornvaluesdependingon the type of re-
lationships(synoryms, hyperryms..) [Nie96]. Interestingly he shovedthatiif
thereis enoughlearningdata,it is possibleto obtaina propagatiorvaluefor a
preciserelationshipasalreadytold in Chapter3. However, we do not know of
ary experimentdor learningthe propagatiorvaluefrom the statisticalsimilarity.

5.1.4 Discussion

Fromwhathasbeenseenjt soundslearwhatfeatureshouldbethoseof agoodquery
expansiontechnique:(1) consideringall querytermsto chooseexpansionterms, (2)
combiningdifferentthesauri,and (3) learningthe appropriatevaluefor a relationship
by usingpastrelevancejudgementsWe will seehow theseideascanbe adaptedo the
PAS approachBut before anothepointmustbedeveloped concerningheproblemof
determiningwhich querytermsareappropriatdor representingheinformationneed.

5.2 Determining content-bearing query terms

The end of the previous sectionhighlightedsomeof the featuresthat shouldbe in-
tegratedin a query expansiontechniquebasedon thesauruknowledge. This section
proposesidifferentwayto take accounof statisticakimilarities:they arenotusecdhere
to addrelevantdescriptorsof the informationneedto the query, but to determinethe
subsebf querytermswhich aregooddescriptorf the users informationneed,in or-
derto improve theweightingof queryterms.With theabstracfeaturesusedto weight
terms(queryfrequeng ¢f andidf), thisissuecannotbe specificallyaddressedSince
to ourknowledge this topic hasneverbeenaddresseih theinformationretrieval liter-
ature,it mustbefirst justified andverified experimentally We startby explainingand
justifying whatwe namethe "Cluster Hypothesisfor queryterms”. Thenwe present
anddiscusghemethodologyadoptedo verify this hypothesis.

5.2.1 The Cluster Hypothesis for query terms

Supposéhatquerytermscanbedividedroughlyinto thosethatareusefulfor retrieval

andthosethatareharmful,whichwewill call respectrely relevantor "content”terms,
andnon-rele/antor "noisy” terms. In this section,we wish to testthe hypothesighat
two relevanttermstendto bestatisticallymoresimilar to eachotherthanwould betwo

noisy terms,or a noisy and a contentterm. Intuitively, the termswhich concernthe
topic of the queryshouldin generalconcernsimilar topic areas. Consequentlythey

shouldbefoundin similar contets in thecorpus.A similarity measureshe degreeto

whichtwo termscanbefoundin thesamecontext, andshouldbehigherfor two content
terms. It could thenbe possibleto usesimilarities betweenquerytermsto adjustthe
weightsof theterms.

We proposeo namethe proposechypothesisasthe "Cluster Hypothesidor query
terms”, dueto its correspondenceith the famousClusterHypothesisof information
retrieval which assumeshatrelevantdocumentsare morelike oneanotherthanthey
arelike non-relevantdocuments” [vVRSJ73 p.252]. In a similar way, our hypothesis
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Remoedterm Ret.eff.

figure 0.2837
producer 0.2588
oil 0.17
total 0.2541
change 0.2801
specific 0.2464
natural 0.1451
gas 0.1547
provide 0.263
data 0.27
proven 0.1239
reseve 0.1315

Table 5.1: Retrieval effectiveness obtained after removal of each
of the query terms (TREC topic #90). Retrieval effectiveness using
all query terms is 0.2307. Useful terms are in bold .

assumeshatrelevanttermsare more similar to eachotherthanto noisy terms. This
hypothesisanbe summarizedn threepoints:

e querytermsrelevantto theinformationneedarein generamorelik ely to concern
similartopics;

e termswhich concernsimilar topics shouldbe found in similar contexts of the
corpus(documentssentencesyeighboringwords...);

o termsfoundin similar contets have a high similarity value. Consequentlyrele-
vanttermstendto be similar to eachother

Thefollowing reques{TREC topic #90)illustratesthe hypothesighatsimilarities
betweenquerytermscansene asevidencefor their relevancerelatively to the users
informationneed:

Documentwill provide totals or specificdataon changeso the proven
resene figuresfor any oil or naturalgasproducer

With thebasicretrieval modelwhichwill bedescribedn thenext section theinitial
averageprecisionfoundfor this topic on the WSJcollectionwas0.2307.The average
precisionfoundafterremoval of eachof thequerytermsis shovnin Table5.1. Clearly,
alowerretrieval effectivenessvithoutatermmeanghatthistermis a usefuldescriptor
of theinformationneed anda higheronemeanghatit is harmful.

FromTable5.1,it appearshatthe usefultermsare’oil’, 'natural’, ‘gas’, 'proven’
and’'resere’. It soundsclearthat mostof thesetermsare good descriptorsof the
informationneed. Thetermswhich degradeprecisionseemmotto addresspecifically
the users informationneed. For example,’figure’, 'data’ or 'change’canbefoundin

1Remarkthatwe do notconsidetherephrasesuchas’naturalgas’,but the hypothesisouldbe extended
to phrases.
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a wide rangeof topics. If the retrieval systemcould "know” which termsare useful
descriptorsjt could adjusttheir weightsin consequenceThe abstractfeaturesused
to weightterms(queryfrequeny andidf) arenot sufficient for that purpose.A term
appearingvith the samefrequeng in two queriescanbe usefulin oneandharmfulin

theother, while its weightwill bethesame.In this query theweightof 'figure’ (0.216)
is approximateljthesameas’gas’ ( 0.213),althoughtheformerappears$o bethemost
harmfultermandthelatteris onethe mostuseful.

A cosinesimilarity wascomputedbetweenall querytermsbasedon the WSJcol-
lection, using eachsentenceas context. The highestsimilarities were: gas-natural
(0.418),gas-0il(0.158),produceroail (0.038) natural-reserg(0.037),0il-resene(0.037),
produceroil (0.038)and proven-resere (0.03). All the othersimilaritieswere lower
than0.02. 1t seemsndeedthatthesetermsconcernsimilar topics,andthisis reflected
in ahighersimilarity. This clusterof similaritiescould betakeninto accountto deter
minetheusefulqueryterms.

5.2.2 Determining relevant terms

To verify the ClusterHypothesidor queryterms,we musthave someway to determine
the usefulnesf a queryterm. Until now, we have assumedh binary classification
betweenuseful and harmful terms,which needsto be justified. It is obviously true
thattheuseof atermwill eitherincreaseor decreaseetrieval effectivenessHowever,

sometermsaffect slightly retrieval effectivenesswhile othershave a largerinfluence.
Moreover, it is possiblethat by usinga differentretrieval systemweightingfunction,

or even a differentevaluationmeasureof retrieval effectivenessthe classificationof

thetermscouldbeslightly different.

In a previous paperwhich addressethe statemenandverificationof this hypoth-
esison the CACM collection[Pic99, we usedthe x? testof independencéetween
the occurrencef thetermandthe relevanceof the documento determinef theterm
is relevantor noisy. For eachqueryterm,a x? valueis computedbasedon the num-
ber of timesthe term (occurs/doesiot occurin (relevant/notrelevant) documents.A
thresholdis associatedo a certainconfidencdevel: in our case the thresholds 3.86,
for a confidencdevel of 95%. If x2 > 3.86, thenthe hypothesisof independence
betweenoccurrenceof the termandrelevanceof the documenis rejectedat the 95%
confidencdevel, andthetermis consideredelevant. Otherwisejt is considerechoisy.
Thistesthastheadwantageof beingindependentrom ary retrieval approachHowever
the unsatisfictorypoint with the x? testis thatit is not guaranteedhata termjudged
usefulhasindeeda positive effect on retrieval effectiveness Sinceimproving retrieval
effectivenesss the ultimategoal, testingthe usefulnes®f a querytermby comparing
the averageprecisionwith andwithout this term appeargo be moreappropriate.We
will assumehatin this precisiontest”, atermis relevantto theinformationneedif the
precisionobtainedwithout usingthattermis lower thanwith the original query what-
ever the differenceis. Theweaknes®f this approacthis thatall termsareconsidered
equally whatevertheir effecttheir removal hason thequery

Table 5.2 makesa comparisorbetweerthe retrieval effectivenesgestandthe x?2
testof independencdn generaltheretrieval effectivenesdestis less”optimistic” than
the x2 test,with 50.51%(744 on 1473)of termsclassifiedrelevantvs 61.37%. It is
remarkableghatonehalf of querytermsshouldrathernotbeusedfor retrieval. Thetwo
testsmake differentclassificationgor 230+70=300erms(20.3%).1t seemshatthe x>
testis moreflexible towardsunfrequenterms: the averageprobability of occurrence
p(oce) of the 1473termsis 0.055,while the 230termsclassifiednot relevantwith the
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Lower precision Higherprecision Total

x> > 3.86 674(-0.062) 230(+0.022) 804
x? < 3.86 70(-0.008) 499(+0.022) 569
Total 744 729 1473

Table 5.2: Comparison of x? test and precision test. The average
variation of precision is in parenthesis.

Probability

0
0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
Similarity

Figure 5.4: Probability that a query term is relevant vs Similarity
with a relevant term. Dashed line (-.-): estimated a priori
probability that term is relevant (=50.51 %).

x? testbut relevantwith theretrieval effectivenessesthave a probabilityof occurrence
of 0.045. Moreover, the 70 termsclassifiednot relevantwith the x? testbut relevant
with theprecisiontestareveryfrequent:they have aprobabilityof occurrencef 0.138.
It is interestingto comparethe averagevariationof precisionfor eachof the four
possibleclassifications.The termsclassifiedrelevant with both testsseemto be very
usefulfor precision(-0.066without them). On the otherhand,the termsnot relevant
with the precisiontestareequallyharmfulwhetherthey areconsideredelevantor not
with the x2 test. This suggestshatthe x? doesnot discriminatebetweentermsnot
relevantwith the precisiontest. However the 70 termsrejectedby this testbut not by
theprecisiontestaffect maginally precision(-0.008withoutthem).

5.2.3 Verification of the hypothesis

Figure5.4 shavs the estimatedorobability that a term is relevantgivenits similarity
with arelevantterm. A termis consideredelevantaccordingto the precisiontest. On
the 185 queriesof the WSJ collection, therewere 2890 term pairswith at leastone
relevantterm, of which 589 hada null similarity. The other2301 pairsweredivided
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in tenbins of 230 pairs(exceptonewith 231) by decreasingimilarity. Onthefigure,
each’'o’ corresponds$o onebin. Thex valueof abin is the averagesimilarity, andthe
y valueis the frequeng estimateof the probability that the otherterm of the pair is
relevant.

Unequvocally, the probabilitythatatermis relevantaugmentsn amonotonicway
with its similarity with arelevantterms. For a similarity of approximately0.005,the
probability getsover the a priori probability of 50.51%. It is interestingto noticethat
a very small or null probability could be usedas evidenceagainstthe relevanceof a
term.

5.3 Proposed models

In thissectionarepresentedifferentadaptationsf thegeneraPAS model,to integrate
termrelationshipsn acomputationallyfeasibleway. We startby presentinghe”basic”
modelwhich senesasa baseline. Thenthis PAS is extendedto integratethesaurus
knowledge.Finally, a PAS is developedto take accountof the similaritiesbetweerthe
guerytermsin the computatiorof theirweights.

5.3.1 Basic model

In thesocalledbasicmodel,theknowledgebaset s doesnotincludethesauru&nowl-
edge. This PAS is similar to standardterm matchingapproacheslt is usedto find
properprobabilityvaluesfor therelationshipbetweerconceptandinformationneeds,
andconceptanddocumentslt senesalsoasabenchmarkor the PAS whichwill inte-
gratethesaurug&nowledge.In orderto designthis model,aninterpretatiorof relevance
(D = @Q or@ — D) mustbechosen.lnthe D — @ interpretationof relevance the
startingpoint of inferencess the documentD, while in the@ — D interpretationthe
startingpointis theinformationneed@. In someway, the two interpretationcanbe
madesymbolicallyequialentif the orderof rulesis reversed.However, the concept
relationshipsareusedbasicallyfor querymodificationandexpansionjn orderto have
abetterdescriptionof theinformationneed.Sincethereasoningrocesss centerecn
theinformationneedwe think it is morenaturalto take ) as”evidence”.TheQ — D
interpretationwill thenbe used,andthe evaluationof adocuments relevanceis made
by computingthesymbolicsupportsp(D, £ A Q) andthenumericaldegreeof support
dsp(DJ é-B A Q)

The setof variablesof interestis P = {D,Q, C1, ...,C,}. Sinceonly onedocu-
mentandoneinformationneedareconsideredat once,it is not necessaryo differen-
tiate themwithindices. In the basicmodel, only two typesof rulesareadmitted:if a
concept(; is (probably)a descriptorof theinformationneedwe have: Q A d; — C;.
Thesameway, if it is adescriptorof the documentwe have: C; A b; — D.

Withoutlossof generality assumehatconcepts’; to C,, aretheonly descriptors
commonto theinformationneedandthedocumentThenfor i=1,...,m, (d; A b;) isan
argumentfor hypothesisD. Clearly, the symbolicsupportof D is:

m

sp(D,&p A Q) = \/(di A D) (5.1)

i=1

And following Equation4.11,the degreeof supportis:
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dsp(D, &g A Q) =1 - [[(1 - p(d:) - p(b)) (5.2)
i=1
For small valuesof the degreeof support,this ranking formula producesresults
very similar to the standardnternalproduct:

m

score(D,Q) =Y p(d;) - p(bs) (5.3)

i=1

The experimentswill comparethe meanaverageprecisionfound with the two
matchingformulas. It seemsthat therewere relatively few differencesin the rank-
ing of documentswith the two matchingfunctions,althoughno attemptwasmadeto
estimatea distancebetweerthetwo correspondingankingsof documents.

5.3.2 Considering thesaurus information

To the basicknowledgebaseép just presentedwe wish to add somerelationships
betweenconceptomingfrom a thesaurusleadingto a knowledgebaseér. For our
experimentsthis knowledgeis alwaysinterpretedasrulesof thefollowing type: C; A
ri; — C;. If norestrictionis put on the size of argumentsthe kind of algumentswe
obtainwith theserulesis of thegeneraform:(dy A by A rpi A ... Arji). For example,
supposehat C; is a descriptorof the informationneed(Q A d; — Cj), thatC; has
alink from C; andCy, hasalink from C; (C; A ry; = Cj, C; Arjr — Cy), and
finally thatC}, is adescriptorof D (Cy A by — D). Then(d; A by, A 135 A 75;) would
beanargumentfor D. This argumentcould correspondo a documentontainingthe
synorym of the synorym of aqueryconcept.

We will applythefollowing restriction:only agumentof sizethreeor lessaread-
mitted. This avoidsto includetoo long inferencesn the computationsThe eliminated
argumentsvould anyway have avery smallprobability of beingtrue,giventheorderof
valueswe assigrto the probabilitiesp(b;) andp(r;;) (seenext section).Moreover, the
moreanargumentcontainsassumptionshelessit matchesntuition. The synorym of
asynorym of aqueryconcepts unlikely to berelevantto theinformationneed.

Assumewithout loss of generalitythat the conceptscommonto the information
needandthe documentaredenotedby C; to C,,,. Of course githerthedocumentand
the information needmay containotherconcepts. The possibilitiesof matchingcan
be extendedby rulesfrom arny conceptsepresentingheinformationneedto ary other
concepts’, of D. Thatis, we mayhave asequencef rulesof thistype: Q Ad; — Cj,
Ci Ari; = Cj, Cj Abj = D. Suchasequencewhich leadsto argumentsof thetype:
(d; A5 A bj), is denotedby expansion in thefollowing equation:

m

sp(D,QAér) = \[(dinb:) \/ (dinrijnb)) (5.4)

i=1 expansion

The conceptrelationshipamay have two effects: (1) they increasethe possibili-
ties of matchingbetweenthe documentand the information needwith an originally
not sharedconcept(2) andthey (sometimesgnhancehe weightof an original query
concept. The supportof a conceptC; representinghe information needis initially:
sp(Ci, €8 A Q) = d;. Butif C; is linked to anotherquery conceptC}, it becomes:
Sp(C,',fT A Q) =d; Vv (d] A T’ij).
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Using aninvertedfile for indexing andconceptrelationshipscomputingthe sym-
bolic supportof eachdocumenis approximatelinearwith the numberof querycon-
cepts. But to obtainan exact numericalevaluationof this support,it is necessaryo
putit in disjoint form. If Heidtmanns algorithmwasused(asin Chapter4), signif-
icant computationatostscanbe involvedif mary documentshave a high numberof
argumentspecausehe algorithmis O(n?) with the numberm of aguments It would
certainlybe possibleto designa fasteralgorithmoptimizedfor this problem,but thisis
beyondthe subjectof this thesis.However, intuition suggestshatvery little improve-
ments,f arny, would be obtainedby anexactcomputatiorof thesymbolicsupport,and
efficientapproximations€anbemade.

The supportsp(D, Q A &r) is of theform oy V o, wherethe alpha;’s areargu-
ments. The approximationmadewill be to considerargumentsa; to «,, asif they
hadno assumptiorin common:whatever i, j, a; A oj = F. In thatcase, following
Equation4.11,the degreeof supports:

dsp(D,Q Aér) =1—J](1 - p(es)) (5.5)
i=1
With this approximationthe degreeof supportdsp(D, Q A &r) is computedwith
thefollowing:

dsp(D,QAér) ~ 1-[(1—p(d) (b)) [I (1—p(di)-p(rij)-p(b;)) (5.6)

i=1 expansion

This kind of approximationmay overestimateslightly the symbolicsupport,but it
canbeshown thatthe orderof the biasis of p(r;;)/100 for theindividual contritution
of anargumentwith typical valuesfor p(d;) andp(b;).

5.3.3 A PAS for improving query term weights

In Section5.2, we have seenthatterm similaritiescould be usedto adjustqueryterm
weights,but it is not obvioushow they canbe used:therelevanceof eachqueryterm
to the information needdependn its similarity with the otherquerytermsandon
therelevanceof theseotherqueryterms,which is unknovn. As we will see,it seems
that PAS arewell adaptedo dealwith this type of evidence.This applicationof PAS
departsfrom the logical model,in a way similar to the approachtakenin Chapter4
wherethe ranksof documentswvere adjustedafter taking into accountthe document
relationshipsThevariablesof interestin the PAS referto thequeryterms,andsimilar-
ities areinterpretedasuncertainruleslinking the relevanceto the informationneedof
theconcernederms.Oncea PAS is designedor a precisequery it is usedto compute
the degreeof supportthateachquerytermis relevantto the informationneed. This
degreeof supportis thenusedto increaseor possiblydecreas¢he weightof the query
term,in orderto obtainbetterretrieval effectiveness.

Theneededvariablesare{T1, .., T, }, propositionsassociatedvith the termst; to
t, containedn thequery The meaningof T; is "term ¢; is relevantto the information
need”. Eachtermin the queryhasanapriori probability of beingrelevant:it is repre-
sentedby a; — Tj, with p(a;) asthea priori probability thatterm¢; is relevanf. We
will seein the next sectionthe frequeng of a queryterminfluencests probability of

2Theassumptions; andl;; usedheremustnot beconfoundedvith thoseof Chapters3 and4
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relevance,andcanbe usedto have a betterestimateof p(a;). For the pairsof terms
which have a significantlyhigh similarity, the following ruleswill beintegratedin the
PAS:

T A l,‘j — Tj,Tj A lji - T; (57)

wherethe main factorinfluencingthe probabilitiesp(l;;) andp(l;;) is obviously
thesimilarity sim(t;, t;).

We have seerthatfor atermt;, alow similarity (belov 0.005)with arelevantterm
t; is evidencethatt; is notrelevantto theinformationneed(seeFigure5.4). This can
bemodeledby thefollowing rule:

T A lij — —lTj (58)

Howeverwe will notconsidemegative evidencein our experiments.

Argumentsof lengthmorethanthree(which containmorethantwo link assump-
tions)arenotincludedin thecomputatiorof the support.The supportof hypothesi<’;
will thenbe composedf threetypesof aguments:

e q;: thisis theinitial evidencebroughtby the numberof occurrencesf ¢;;

e a; Alj;: thisis the evidencebroughtby a high similarity valuewith queryterm
t;. However this argumentonly considershe a priori evidencethatt; is rele-
vant, while otherneighborsof t; may affectits relevance,andconsequently;’s
relevance;

o aiAlk; Al thistypeof agumentallowsto take accounof theindirectevidence
from ¢;’s neighbort;, in the computatiorof T;'s degreeof support.

Oncethe degreeof supportof eachquerytermis computedhow canit be used
to modify query term weights? In this thesiswe will admit that the weight of the
termis modifiedaccordingto the heuristicformula’5.9. A moreformal treatmentof
this problemis possible:a probability canbe derivedfrom the degreesof supportand
plausibility by using a pignistic transformation[SK93]. And the probability that a
termis relevantto theinformationneedaffectsits probability of occurrencen relevant
documentswhich in turn affect its weight accordingto the Robertsonand Sparck-
Jonesweighting formula [RSJ7§. However we think that before attemptingto try
more sophisticatecpproachesit is preferableto verify if encouragingesultswith a
moreprimitive techniquesupportfurtherinvestigations.

The differenced; = (dsp(T;,€) — p(a;)) is a measureof the degreeto which
the similarities with the other query termssupportthe fact that ¢; is relevantto the
informationneed.Thevalued; is equalto zeroonly whent; is notatall supportecy
the otherterms,in which casesp(T;, &) = a; anddsp(T;, £) = p(a;). We assumehat
the variationof theweightof term¢; dependdinearly onits initial weightold(t;) and
ondelta;. Thenew weightnew(t;) of term¢; is thencomputedoy:

new(t;) = old(t;) - (1 + B - 6;)) (5.9

wherethe parameteps is to befixedin orderto optimizea retrieval effectiveness
criteria. Thehighers, themoretermsimilaritieshave aneffecton querytermweights.

Oncethe new weightof eachquerytermis computedtheretrieval systemn which
this PAS is implantedcanretrieve documentasusual.In theexperimentswe will see
how to determinghe probabilitiesof assumptionandthevaluefor the 5 parameter
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5.4 Experiments

5.4.1 Basic model

We needtwo typesof probability estimategor thebasicmodel.
e Theprobabilityp(d;) of inferringaconceptC; fromthequery(in Q Ad; — C;);

e Theprobabilityp(b;) of inferringadocumentD from aconceptC; (in C; Ab; —
D).

For the estimationof theseprobabilities,we follow the techniquetaken with the
inferencenetwork model[TC91]. Thatis, weassumehattheprobabilityp(b;) depends
in thefollowing way onthetf andidf valuesof thecorrespondingerm:

pbi))=a+ (1 —a)-tf-idf (5.10)

where o is a parameteibetween0 and 1 to optimize accordingto the retrieval
effectivenesgriteria. For the estimateof p(d;), we will take simply:

af
p(dz) Qfma:c

whereqf is thefrequeny of theterm,andqf,,.. is the maximumfrequeny of a
termin thequery Otherestimate®f p(d;) suchas:a+(1—a)- qf‘ffm , Wereattempted,
but any valueof a higherthanO deterioratedetrieval effectiveness.

With thesevaluesof probabilities the matchingformula " p(d;) - p(b;) is equia-
lentto theinferencenetwork approachapartfrom anormalizingconstant.

Table5.3 givesthe meanaverageprecisionon the Wall StreetJournal(WSJ)col-
lection (185 requests)for variousvaluesof o with the PAS andthe internal product
matchingformulas (IN). The range[0.05,0.2] was more denselyexplored sincethe
mostappropriatevaluesof o seemto lie in thisarea.

Theresultsarevery similar for therange[0.1,0.2]. Thevalue0.175appeargo be
agoodestimatefor . The following formulagivesthe estimateof p(b;) thatwe will
usefor therestof the experiments. This estimateswill alsobe usedfor the internal
product.

(5.11)

p(b;)) = 0.175+ 0.825 - £ f - idf (5.12)

It mustbe saidthattherelatively high baselineof 0.1995takenfor theexperiments
with the PAS (0.1971for the internalproduct)will make it more difficult to achieve
betterretrieval effectivenesaisingthesauru&nowledge.

5.4.2 Use of Wordnet

It is generallyrecognizedhatthe useof Wordnetthesauruslonewill notimprovere-

trieval effectiveneson TREC data[Voo93 Vo094. We wishedto testwhethereach
of the mostimportantrelationshipsbetweenconceptqsynorymy, merorymy, hyper

nymy andholornymy) could separatelymprove retrieval. Ony onetype of relationship
is usedatonce.Theconceptelationshipsvereusedaccordingo the modeldeveloped
in Section5.2, with differentvaluesof p(r;;) rangingfrom 0.1to 1. Only the 10 new

conceptswhich hadthe highestdegreeof supportwere addedto the original query.

Resultsareshavn in Table5.4.
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o PAS IP

0 0.1489 0.1473
0.05 0.1819 0.1791
0.1 0.196 0.1954
0.125 0.1989 0.1995
0.15 0.1987 0.2004
0.175 0.1995 0.1971
0.2 0.1936 0.1961
0.3 0.1791 0.1845
0.4 0.1679 0.1757
0.5 0.1575 0.1645
0.6 0.1493 0.1554
0.7 0.1435 0.1503
0.8 0.1393 0.1474

Table 5.3: Mean average precision found for various values of
parameter .. PAS basic model and internal product (IP) , WSJ
collection.

For every type of relationshipthe meanaverageprecisiondegradesasthe valueof
p(r;;) increasesThis confirmsthatthe Wordnetthesaurusakenalonedoesnotappear
to besuitablein generafor thiscollection,whetheralogical or avectorspaceapproach
is taken. However, this doesnot meanthatthis thesauruss unusablebut morerefined
probability estimatesnustbe givento conceptrelationships:the probabilitiesshould
not beuniformfor all relationshipof a certaintype.

5.4.3 Statistical relationships

In this experiment,we wish to adaptQiu and Frei’s expansiontechniqueto the PAS
frameavork. We will useherean adaptationof their technique,with a parameterx
addedo weighttheimportanceof the expansiontermscomparedo theoriginal query
term:

w(t;) = Z a-q; - sim(t;,t;) (5.13)
t; Equery
The candidateermshaving the highestweightsarekeptfor expansion(tenin our
experiments).Remarkthatthe parameter: doesnot modify the termsthatareadded
to thequery but their relative importance.
In the adaptationto the PAS framework, a high similarity is corvertedto a rule
C; ANri; = C;. Thecorversionusesthe sameparameteny weightingthe importance
of thesimilarity value:

p(rij) = a - sim(t;, t;) (5.14)

Thetencandidateconceptsvhichthe highestdegreeof supportdsp(C;, £ A Q) are
addedo thequery Onthe 185requeststhetermsthatwereaddedhe mostfrequently
with the PAS techniqueare: economic(12 times), bank (10), iraq (10), market (9),
patient(9), price (8), soviet (8). The addedtermsappearto be reasonabldor this
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p(l;;) Holonyms Hyperryms Meroryms Synoryms
0.1 0.1979 0.1963 0.1975 0.1982
0.2 0.1977 0.1941 0.1962 0.1984
0.3 0.1966 0.1898 0.1959 0.1961
0.4 0.1949 0.1810 0.1939 0.1925
0.5 0.1927 0.1716 0.1923 0.1885
0.6 0.1903 0.1595 0.1887 0.1798
0.7 0.1887 0.1454 0.1841 0.1706
0.8 0.1868 0.1278 0.1795 0.1635
0.9 0.1838 0.1145 0.1766 0.1513

1 0.1779 0.0938 0.1690 0.1402

Table 5.4: Retrieval effectiveness when incorporating different
types of relationships

«a Qiu PAS
0.25 0.2009 0.2000
0.5 0.2004 0.2012
0.75 0.2004 0.2015

1 0.1982 0.1997

2 0.1932 0.1877

Table 5.5: Mean average precision with Qiu and Frei’'s query
expansion technique and PAS technique, for different values of a.

type of collectionandrequests.However, thereis no significantincreaseof retrieval
effectivenesdfor both techniqueswhich is quite disappointingcomparedo the 20-
30% improvementsobtainedby Qiu and Frei on threetestcollections. One possible
explanationis thatthebaselinds muchhigherthanwith thet f —idf weightingscheme
whichwasusedin their experiments.

5.4.4 Determining relevant terms

To computethe degreeof supportof eachterm, we needtwo probability estimates:
pla;), in a; = T;, andp(l;;), in T; A l;; — T;. For computingp(a;), Table 5.6
shaws thatasthe numberof occurrenceg f of aquerytermin the queryincreasesits
estimatedprobability of relevance(accordingto the precisiontestdescribedn Section

qf #ofterms #ofrel.terms Fractionof rel. terms
1 1413 702 0.497

2 55 38 0.69

3 5 4 0.8

Table 5.6: Relevance of term given their query frequency
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B PAS IP
Baseline 0.1995 0.1971
0.25 0.2011 0.1982
0.5 0.2017 0.1993
0.75 0.2020 0.2002
1 0.2027 0.2011
1.5 0.2037 0.2024
0.2046 0.2032
0.2039 0.2031
0.2030 0.2031
0.1994 0.2023
0.1978 0.1986
0.1954 0.2005
0.1918 0.1986
0.1843 0.1975
0.1787 0.1968
14 0.1726 0.1959

N

N O

Table 5.7: Mean average precision found for different g values,
applied to the PAS and internal product (IP) ranking formula

5.2.2)to theinformationneedincreaseskFor example whenatermoccurstwice, there
is probability of 0.69thatthis termwill be usefulfor retrieval, while this probability
is only 0.497for oneoccurrence We will take the frequeng estimateshown in that
tablefor p(a;).

We mustalso estimatep(r;;) from the similarity sim(t;,¢;). We assumedhat
p(lij) = a-sim(t;, t;). Ourgoalis to have thebestpossibleestimateof the probability
thata querytermis relevant. Sinceit is possibleto "’know” which termsarerelevant
with theretrieval effectivenesdest(section5.2), we may attemptto find the value of
a which will leadto the bestestimateof this probability. For a givenvalueof a, we
computedthe meansquareerror M SE betweenthe estimatedorobabilitiesand the
real probability (O:not relevant, or 1:relevant). We obsened a monotonicdecreasef
the M SE for valuesof a from 0 to 6, thena monoticincreasdrom o = 6 to a = 20.
A goodestimatds then:a = 6. Oncethe degreesof supportarecomputedwe canuse
Eq. 5.9to find anew valuefor eachterm’'sweight,hopefullyreflectingbettertheterm’s
relevanceto theinformationneed.We have testeda seriesof valuefor theparametep3,
asshavn ontable5.7. We achieved 2.55%and 3.05%improvementof meanaverage
precisionfor respectiely the PAS andthe internal productweighting functions,with
B = 2. Thisimprovementis not significant,but encouraging.Much work hasto be
madeto find morerefinedprobability estimates.

5.5 Discussion
In this chapterwe have developeda new techniqueor improving a querytermweight

using statistical similarities betweenterms, and demonstratedhat the PAS logical
model can be implementedf someapproximationsare allowed on the computation
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of the degreeof support.In the next chapteywe will discussssuesconcerninghese
experimentswith the PAS logical model.
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Chapter 6

Conclusion

Thisconclusionwill firstmake areview of themaincontributionsof thisthesig(Section
6.1). The questionghat remainopenedor that were openedby this work will then
be addressedSection6.2). A discussionon the future of the logical approachwill
concludethis thesis(Section6.3).

6.1 Main contrib utions
This sectionmakesa shortcomebaclon the maincontributionsof this thesis:

A logical model basedon propositionallogic. Thereis acertaincontradictiorin stat-
ing on onesidethatretrieval is inferenceandthatit shouldbetreatedwith logic,
andontheothersideto affirm thatpropositionalogic, the simplestandmostin-
tuitive of all logics, is inherentlyinadequatdor thatpurpose Sebastianalready
madethe demonstratiorthat a misleadinginterpretationof the logical implica-
tion led to that belief, but he admittedthe difficulty of of incorporatinguncer
tainty inside propositionallogic [Seb9§. With PAS, uncertaintyis inherently
part of the knowledge and of the inferenceprocessesto the contrary of ap-
proacheswhich artificially graft uncertaintyon top of logic. The PAS model
is remarkablébecausdhe retrieval taskis completelytransparentandthe con-
sequencesf usinglogic arevery cleat

The Logical Uncertainty Principle. Sinceit wasproposedn 1986,the Logical Un-
certaintyPrinciplehasbeenshaowvn to beimplicit to mary retrieval models,and
hasinfluencedanumberof worksin thelogicalapproachTheprinciplehasbeen
reinterpretedNie89), butit is thefirsttimeit is extendedo encompassymbolic
representationsf information. This reinforcesthe ideathatretrieval shouldbe
consideredirst asa symbolicprocessvhereeachdecisioncanbe "explained”,
andthat the numericalevaluationof uncertaintyshouldcomein secondplace.
Thedemonstrationthatthe Logical UncertaintyPrincipleis implicit to the sym-
bolic supportis alsoan interestingresultfor the theoryof PAS, for which this
interpretationof the symbolic supporthasnever beenproposed. Finally, this
resultlinks differentviews on the notion of partialentailment.

Logical tr eatmentof hypertext retrieval. With the abundanceof hypertextualinfor-
mationon the Web, a plethoraof techniquesandideashave beenproposedor

79
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dealingwith this type of information. At somepoint, a unifying formalismbe-
comesnecessanto understandand comparethe differenttechniquesto treat
this information. To representind processthe knawledgeinducedby the the

Webstructure artificial intelligencetechniquesttractmuchinterest.lt hasbeen
shown thatProbabilisticArgumentatiorSystemgproposealogical interpretation
to the ideasbehindfour of the mostimportantapproacheso processhypertex-

tual evidence- enhancingdocumentcontent,spreadingactivation, measuring
popularity andfinding hubsandauthorities.

The Cluster Hypothesisfor query terms. Weighting schemeggenerallyignore the
semanticontentof queryterms,andtheir potentialrelevanceto theinformation
needof theuser Theonly "semantic”processingonsistdn removing the stop-
words,which is equivalentto settingtheir weightto a null value. It wasshovn
in this thesisthat term similaritiescanbe usedto help determiningthe relevant
termsof the query and hencemodify their weights. The experimentalresults
wereencouragingbut thetechniquemustberefinedin orderto achieve signifi-
cantimprovementslt is our beliefthatwith amoreappropriateeomputatiorand
useof termsimilarities,significantimprovemenianbeachieved. Moreover, this
ClusterHypothesiscouldalsobe appliedto improvethedocumentveighting. A
documentmay containhundredsof words, while mary of them might not be
relevantto thetopic addressedy this document.Thelargenumberof termsim-
ilarities could help determiningwith morereliability thanfor queriesthe subset
of relevantterms. The computationatostis nota problem,sinceall processing
canbe donebeforeoperatingthe retrieval system.In short,we believe thatthe
ClusterHypothesidfor (query/documentiermsshouldbe furtherinvestigated.

Implementation on a largecollection. To corvincethewhole IR communityof their
worth, logical modelsshouldbe scalableto large collectionswhich arenow the
standardgor theIR community This thesishasdemonstratethatif reasonably
simplifying assumptionaremade makinglogicalinferencesloesnotnecessar
ily imply a high computationakost. The hypertet retrieval modelwhich has
beenappliedto a collection of 2.3 GB canbe rathereasily scaledup to a col-
lection of morethana hundredGB sincethe costis linear with the numberof
documentslt hasalsobeenshowvn thatlogic doesnothaveto bethecornerstone
of the retrieval system:it canbe helpful asa componentdequatdor making
logical processingf information,for exampleto determinethe content-bearing
termsof aquery This encouragethe spreadingf logic throughouthelR com-
munity, alreadypushedy new typesof applicationsuchasQuestionAnswering
systemsfor which the needof logic is moreapparenthanfor standardR.

6.2 Open questions

Thereis anumberof questiondeft openeddy this work. Someof themarenotnew to
IR, but it is interestingto interpretthemwithin the PAS approach.

Obtaining probabilities. The problemof estimatingaccuratelyuncertaintyis central
to IR. Importantadvanceshave beenmadein this area,essentiallywithin the
probabilisticapproach(seee.g. [RSJ76,Gre9q). PAS leave total freedomon
theway probabilitiescanbe assignedo assumptiongyut freedomis not always
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an advantage:someconstraintsor a generalcriteria would be helpful to deter
mine adequataincertaintyvalues.Making inferencesanbe helpful if adequate
uncertaintyvaluesare associatedbut may be very harmful otherwise. Indeed,
the problemof estimatingprobability is crucial to the whole logical approach,
althoughlogic appearsasan attemptto move away from purely numericalap-
proachesin this thesis differentapproachesveretake to estimateprobabilities
of assumptionsthey wereconsidere@sparametersrhichareoptimizedaccord-
ing to theretrieval effectivenes<riteria (Chapters), they wereadjustedassum-
ing they follow a logistic regressionon the rank (a priori assumptionsChapter
4), or estimatedusingpastrelevancejudgementglink assumptionsChapter4).
However, a generaimethodologywould have beenmuchhelpful.

Logic and empirical obsewations. Thesource®f evidencewhichmayinfluencerel-
evanceareinnumerableandinteractin complex andoftenmisunderstooavays.
Logicis usedo represenandprocesshisknowledge(e.qg.relationshipdetween
conceptsor documents)put canlogic really captureall the subtleinteractions
betweerthe parametersvhich influenceretrieval? Doesevidencecombineand
propagaten the way we supposeor assumehey do? An earlierpaper[Pic9§g
shavedthatfor the CACM collection,hypertetual evidenceappeaito combine
in thenoisy-ORway, whichis thecombiningschemeamostnaturallyusedwithin
the PAS framework. However, this resultwasnot confirmedon the WT collec-
tion, wherehypertextualevidencearehighly correlatecandsimplifying indepen-
denceassumptionassumptiorcannotbe made. It is thenhighly dangerougo
assumavithout verificationthatevidenceshouldbehaein a certainway.

Thereis a morefundamentabjuestion:to whatdegreedo the rulesof inference
apply to informationretrieval? The point hereis not whetherIR is or is not
inference but whetherthereis strongempiricalevidencethatthe relationships
betweerthe objectshandledby informationretrieval systemge.g. termswhich
areindicatorsof the presencef conceptsfollow therulesof inference.If very
low associategbrobabilitiesare associatedo rules (becauséhigher probability
valueswould harmretrieval), makinginferencedosesits meaning.If documents
arerepresentetby alarge numberof terms,or if they arelinkedto mary docu-
mentstheinferenceget”diluted” andtheoverallresultof theinferenceprocess
cangetunpredictableandunreadable.

Knowledgerepresentation. Thereis an increasinginterestfor NLP and more elab-
oratedknowledge representatiortechniquesdue to new applicationssuchas
QuestionAnsweringsystem®r morecomple retrieval ervironments But propo-
sitionallogic is only ableto handlefacts,which may not be suflicient for mary
applicationgelatedto IR. For example,it cannotdealadequatelyvith aquestion
suchas:"What Arab countryinvadedKuwait in 1990?”.Sucha questioncanbe
naturallyrepresenteth first-orderlogic by:

3z, Arab(z) A Invade( Kuwait, z,1990)

CanPAS bebuilt on moreelaboratedechniquesuchasfirst-orderlogic, instead
of propositionallogic? The basicideasof PAS of representingincertaintyex-

plicitly andviewing the evaluationof hypothesisasa researctof argumentss

very attractive for reasoningunderuncertainty PAS could be a very corvenient
framework to unify probabilisticknowledgewith first-orderlogic in the context

of thetheoryof evidence.
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The computational costof inferences.We have seenin Chapter5 that a rigorous
computatiorof the symbolicsupport(sp(D, £ A @)) would have implied a cost
perquerylinearwith the numberof documentsThis is simply not possiblewith
the ever increasingsize of documentcollections. This leadsto the following
fundamentatjuestionsarelogical modelsdestinatedo be no morethana con-
venientframeawork for thinking of the IR task? Shouldlogical processingoe
avoidedasmuchaspossiblevhenmoving from modelsto theirimplementation,
or eventuallyonly keptfor specificprocessingThework of OunisandPascaon
imageretrieval [OP9§ is anegative answelto thosequestionsThey shavedthat
alogical representationf imagesoutperformsa keyword-basedepresentation,
andfound an efficient techniquefor resolution. This work shouldhopefully be
followedby othersin thefollowing years.However, generabpurposecollections
arein generadifficult to adaptto alogical modeling.

6.3 The future of logical approaches to IR

At presentime, building aretrieval systenthatyieldsgoodretrieval resultsholdsmore
of a”know how” thanof therigorousapplicationof generatheoriesof text representa-
tion, usermodelingor informationretrieval. Indeed R is ahighly diverseandcomplex
taskandassuch,is quiterefractoryto modeling.Neverthelesswe have seerthatmod-
els,evenasnaive approximation®f reality, have beenessentiato the progressedone
in IR in the last thirty years. They shouldbecomemore and more essentialas the
compleity anddiversity of text collectionsandinformationneedsincreases.

It is oftensaidthatrelevanceis the centralconceptf IR. In our opinion, relevance
is "only” anemanatiorof a moregeneralconceptthe conceptof information. To the
authors advice,the fundamentafuestionf IR turn aroundthe conceptof informa-
tion: haw cantheinformationcontainedn ary objectbe representeéxplicitly? How
cananinformationneed(sometimesalled”information gap”), which cannotbe said
to "contain” information, be representethsidea theoryfor representingnformation?
Whatis the true meaningof "matching” a contentof informationwith a gapof infor-
mation,andhow is it exactly capturedby logical implication? The logical approach
startsfrom an ambitionto answerthesequestions. But while logic is a languageto
describethe stateof the world, informationis a processwhich involvesa changen a
cognitive agentreceving the data:it is not so obvioushow this processanbe explic-
itly describednsidelogic, althoughlogic appeardo bethe mostpromisingformalism
to handlethe notion of information[Dev91, vR96. To elucidatethe relationshipde-
tweenlIR andlogic, a goodstartingpointis propositionallogic, the simplestandbest
understoodogic - althoughit wasmisunderstoodh its applicationto IR. ModelingIR
with probabilisticargumentatiorsystemss onesmall steptowardthis far away goal.
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