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Summar y

In thisdissertation,anew logicalmodelof informationretrieval is developedandeval-
uatedexperimentally. This modelis built on a generaltechniquefor uncertainreason-
ing calledprobabilisticargumentationsystems(PAS), in whichpropositionallogic and
probability theoryare combinedto representandhandleuncertainknowledge,both
in a symbolicandin a numericalway. The logical modelrespectsthe characteristics
desiredfor a logic of informationretrieval,andinterpretsvanRijsbergen’sLogicalUn-
certaintyPrinciplein anoriginal way. Propositionallogic is shown to bea convenient
way to modelinformationretrieval, at leastwhenassociatedwith probabilitytheoryin
thecontext of PAS.

As an illustration, the model is adaptedto retrieval in hypertexts, andcanbe incor-
poratedto any retrieval system. This specializedmodel for retrieval in hypertexts is
thenevaluatedexperimentallyon two collectionswhich containcitationandhypertext
links: theCACM collection(3.2MB of abstractsof scientificarticles)andtheTREC’8
WebTrack(2.3GB of frozenWeb).

The retrieval model is alsoexperimentedin a PAS-basedretrieval system,which in-
tegratestermrelationshipscomingfrom differentthesauri:theWordnetthesaurusand
a statisticalthesaurus.Termrelationshipswill not only beusedto facilitatethematch-
ing process,asis oftendonewith queryexpansion,but alsoto refinethe initial query
termweights.TheWall StreetJournalcollection(250MB of newsstories)will beused
for theseexperiments.

The treatmentof thesesourcesof evidencewill highlight the conclusionthat treat-
ing the informationretrieval problemin botha symbolicandnumericalway leadsto
a betterunderstandingof the mechanismsinvolved in the retrieval process.Oneim-
portantcontribution of this thesisis to show that logical modelsof IR canbeapplied
to collectionsof any sizewithout excessivecomputationalcosts,bothastoolsto solve
specificproblemsandascompleteretrieval systems.
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Notation

General���
Documentnumber�� � Informationneednumber�� �
Termnumber��
Numberof documentsin thecollection���
	
Numberof documentsin which term

� 	
occursat leastonce� ���
	 Inversedocumentfrequency of term

� 	� � 	
Numberof occurrencesof term

� 	
in document

� �� � 	 Numberof occurrencesof term
� 	

in thequery

Probabilistic Ar gumentationSystems

�
Setof propositionsreferringto thevariablesof interest(PAS)� Setof propositions,called assumptions,denotinguncertaineventsor
circumstances

Bodyof knowledgerepresentedasa logical sentence:


�������������

��
Bodyof knowledgerepresentedasa set: � 
 ��� ��� � 
 ����
Setof probabilitiesassignedto assumptions� �
Logicalpropositionreferringto document

� �� �
Logicalpropositionreferringto informationneed� �!"�
Logicalpropositionreferringto concept#$ � Logicalpropositionreferringto therelevanceof term

� �
to theinforma-

tion need% � Assumptionusedin:
� � % �'&(!)�

. Alsodenotesan”a priori assumption
in: % �*& � �

(Chapter4), andin: % �+& $ �
(Chapter5), �

Assumptionusedin:
!-� �., �'& �/ � Assumptionusedin:
!-� � / �'&(�� �

Assumptionusedin:
� �.� �'&(!)�0 � 	

Assumptioncorrespondingto ahyperlink,in:
� � ��0 � 	 & � 	1 � 	 Assumptioncorrespondingto a termrelationship,in:

!)� � 1 � 	 &(! 	
Note: this is not an exhaustive list of all the symbolsusedin this thesis. Some

symbolsmay take differentmeaningsin differentportionsof the text (e.g.
� �

). The
letters � , 2 and # arealternatively usedfor indices. If not necessary, indicesarenot
used,e.g.

�
insteadof

� �
. For readingcommodity, assumptionsarein minor letters

andotherpropositionsin capitalletters.
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Chapter 1

Intr oduction

Theintroductionis organizedasfollows: first, thefundamentalnotionsof information
retrieval (IR) will bebriefly explained,in orderto defineageneralcontext for thiswork
(Section1.1).Thefundamentalproblemof uncertaintywill thenbeintroduced(Section
1.2). Sincethis thesisis abouta new modelof IR, Section1.3 discussesthe role that
play modelsin thedevelopmentof IR (Section1.3). Section1.4 presentsandjustifies
the logical modelof IR proposedin this thesis,followedby a list of thecontributions
of this work (Section1.5). A shortoutlineof this dissertationclosesthis introduction
(Section1.6).

1.1 Fundamental notions in IR

Thissectionprovidesashortintroductionto someof thefundamentalnotionsof IR, in
orderto defineasettingfor this thesis.Theneophytereadershouldpayattentionto the
termsin boldcharacters,which usuallyappearin any text relatedto this subject.

1.1.1 The task of an inf ormation retrie val system

The informationexplosionis a secretfor nobodynow. The Web, oneof the biggest
collectionof storedinformation,hasanestimated800million Webpagesasof Febru-
ary 1999[LG99], andis increasingat the rateof a few million pagesper day. There
aredatabasesof textual informationconcerningnearlyeverydomainof humanknowl-
edge,but while accessto informationgetseasier, it getsharderto extract the desired
information.If weeverwantthis informationto beuseful,wearefacedwith theprob-
lem of developingefficientandeffective techniquesfor finding theinformationweare
looking for.

The informationretrieval problemis raisedwhenever a userseeksa precisepiece
of informationfrom a largeamountof storedinformation.Considera largecollection
of objects,which could be for examplewritten books,newspaperarticles,scientific
papers,Web pages,images,soundsor videos,anda userhaving an informationneed
whichcanpresumablybeansweredby oneor someof theobjectsof thiscollection;the
taskof an information retrieval systemis to find which of theseobjects(documents,
graphics,images,sounds),if any, will help the useranswerhis informationneed. In
this thesis,objectswill bedocumentsbut otherformscanbeused.

1



2 Chapter 1.

Information need

    Request

 Matching

Retrieved documents

  Collection

Representation

Figure 1.1: General view of the retrieval process.

1.1.2 The retrie val process

In theretrieval process,theIR systemextractsthedocuments(or moregenerally, the
piecesof information)whichwill presumablyanswertheinformationneedformulated
by theuser. This retrieval processis usuallyseparatedinto apreliminarystepof index-
ing thedocuments,followedby anoperationalstepof retrieval. The retrieval process
canbeiterative, if theuserprovidessomefeedbackon theretrieval results.Figure1.1
showsa generalview of theretrieval process.

Indexing

In apreliminarystep,theinformationretrieval (IR) systemgeneratesaninternalrepre-
sentationof theinformationcontainedin eachdocument,throughtheprocessof 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 reducedto its root: for example,’application3 ’ and’develop�5476 ’ would become
respectively ’application’ and ’develop’ after stemming.The underlying(sometimes
questionable)assumptionbehindstemmingis thatthereis norealandimportantdiffer-
enceof meaningbetweenthesetof wordswhich conflateto thesamestem.A phrase
is two or moreconsecutivewordswhich havea precisesignification,e.g.’information
retrieval’ or ’Presidentof theUnitedStates’.If possible,manuallyassignedkeywords
describingthecontentsof the documentcanalsobeusedfor indexing (e.g. Yahoo!).
Indexing thusaimsatfindingthesetof conceptsdescribingeachdocument.Thesecon-
ceptscomeoftenwith associatedweights,which representtheir estimatedrelevanceto
thetopic of thedocument.Typically, themoreoftena termoccursin a documentand
the lessit appearsin otherdocumentsof thecollection,thebetterit is asa descriptor
of thedocument.Otherindicatorssuchasthepositionof thekeyword,thelogicalsec-
tion from which it is extracted,or thelengthof thedocumentcanusedto computethe
weightof therelatedconceptin thedocument.

In this thesis,the itemsdesigningdocumentcontentscanbe referredto in many
ways: ’ term’, ’feature’, ’keywords’ or ’concept’ amongstothers. We would like to
establisha distinctionbetweenwhat areobservableitems(textual or not), which can
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Document must identify applications of fiber optic tech-
nology actually in use.

#(fiber optic) #technology #application

fiber AND optic AND (application OR technology)

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

bereferredto by ’ term’, ’feature’, ’characteristics’,’clue’, andwhatareunobservable
items,referredto by ”concept”and”information item”. Sometimes,it is moreappro-
priateto usetheterm’documentrepresentative’ to designbothtypesof itemswithout
cleardistinction.However thedifferentterminologiesarenot equivalent,anddifferent
viewsof theretrieval taskmayunderlythem.In conceiving retrieval asinference,asis
donein this thesis,theterm”concept”seemsto bemoreappropriate.In Chapter3, we
will comebackto this discussion,whentheretrieval processwill bedetailed.

Retrie val

The user’s informationneedis formulatedby a request, which constitutesthe input
to the retrieval system.A requestcanbe written in naturallanguage,asa setof key-
wordsusingacontrolledvocabulary, or canbeformulatedwith Booleanoperators.The
requestacquisitionstepis an importantstepof the retrieval process:it canbe facili-
tatedby convenientinterfaces,with the help of thesauruscontainingrelatedtermsto
facilitatetherequestformulation.Figure1.2 shows possibleformulationsof thesame
underlyinginformationneed.The IR systemgivesitself an internalrepresentationof
therequest,namedthequery. Querytermsareoftenweightedin a way similar to that
of thedocuments.

ThentheIR systemmakesa matching betweenthequeryandeachdocumentrep-
resentation,to estimatethedegreeto which it is relevant to theinformationneed.This
matchingcanbeexactor soft,but dueto theuncertaintyinherentto theretrievalprocess
(which will bediscussedin Section1.2),soft matchingis moreandmorepreferred,so
thathardmatchingwill not beconsideredin this thesis.In thecaseof soft matching,
thedocumentsaregenerallypresentedto theuserby decreasingscore,degreeof match
or probabilityof relevance.Theaim of a soft matchingretrieval systemis of courseto
presentthedocumentsrelevantto theinformationneedat thetop of this rankedlist.

Relevance feedbac k

The retrieval processcanbe iterative, if the retrieval systemreceivessomefeedback
from theuser, e.g.relevancejudgmentsof thebestrankeddocuments.Thisinformation
can be usedto improve the representationof the information need,and computea
generallybetterrankingof documents.This process,known asrelevancefeedback,
will not beconsideredin this thesis.
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1.1.3 An example of retrie val appr oach: the vector -space
model

The vector space paradigm to retrie val

It might be usefulto illustratehow the retrieval processcanbe donein practice. We
takeheretheexampleof aretrieval systembasedon thevector-spacemodel[SWY75].
Thoughvery simple, this model had and still hasa considerableimportancein the
developmentof informationretrieval, exemplifiedby the still widespreaduseof the
SMART retrieval systembasedon this model[SM83]. In this model,retrieval hasa
geometricor spatialinterpretation.A document

���
is representedby a point or vector

in
�

dimensions8 �9�:� � ����; � ����� � ����<>= , whereeachdimensioncorrespondsto oneof the
�

indexing terms,andwhere
��� 	

is theweightgivento term
� 	

in document
�9�

1. In thesameway, aquery � canberepresentedby apointor vector 8 � � � � ; � ����� � � <�= .
Matchinga documentrepresentedby

���
to an informationneedrepresentedby � can

bedoneby measuringasimilarity betweentheir associatedvectors.

Weighting and ranking schemes

One of the weaknessesof the vector-spacemodel is that it doesnot provide strong
theoreticalargumentsto supportany particularweightingof termsandsimilarity mea-
sure.But theprinciplegenerallyadoptedis thattheweightsshouldbechosenin order
to discriminateoptimally relevantfrom non-relevantdocuments.Adoptingthespatial
interpretation,weightsshouldbesetsuchthatjointly relevantdocumentsshouldbeas
nearaspossiblein the documentspace,andasfar aspossiblefrom the non-relevant
documents.

Querytermsoccurringinfrequentlyin thedocumentsof thecollectionareusually
betterdiscriminatorsthanfrequentones,becausethey aremorespecificto theinforma-
tion need.Theterm’computer’will notbeaverygooddiscriminatorin acollectionof
computersciencearticles,whereit appearsmany times. However, thesametermcan
beagooddiscriminatorin acollectionsuchascaseslaw, whereit appearsmorerarely.
A commonmeasureof term specificity is: � ���
	@?BA�C9DFEGIH�J , where

���
	
is the number

of documentsin thecollectioncomposedof
�

documents,in which term
� 	

occursat
leastonce.

Of course,a termoccurringmany timesin a documentis morelikely to bea good
descriptorof thedocument.Take

� � 	
asthenumberof occurrencesof term

� 	
in doc-

ument
� �

, and 8 �7KMLON� 	 =
as the maximumnumberof times that a term occursin the

document.Thenormalizedfrequency 4 � � � 	P?Q� � 	�RS�7KMLON� 	
is a measureof thedegreeto

which a term
� 	

is a gooddescriptorof a document
� �

.
Thesetwo factorsinfluencingthe discriminanteffect of a term areusuallycom-

binedin thesocalledtf-idf weightingscheme,wheretheweightof a term
� 	

in docu-
ment

� �
is simply theproductof its 4 � � � 	 and � ���
	 components.Theweightassigned

to a termis thengivenby:

�9� 	 ? 4 � �S� 	MT � ��� 	 ? �U� 	� KMLON� 	 T A�CVD ����
	 (1.1)

As is often done,query termscan be weightedusingexactly the sameformula.
Therearemany variantsin theway the featuresusedherecanbecombined,however
thetf-idf weightshavebeenmuchusedin IR.

1A list of symbolsusedin this thesisis givenafterthetableof contents.
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Term
���
	 � ���
	 � � 	 � ; 	 4 � � � 	 4 � � ; 	 � � 	 � ; 	

fiber 8 � �
= 10 2.30 2 2 0.4 0.5 0.92 1.15
optic 8 � ;�= 30 3.51 3 0 0.6 0 2.11 0
application(

�XW =
100 4.61 5 2 1 0.5 4.61 2.30

Table 1.1: Frequencies and weights

To measureasimilarity betweeneachdocumentandthequery, wecancomputethe
cosinecoefficientbetweenthedocumentvectorandthequeryvector:

3 /ZY�1U[ 8 ��� � � =\?^]_C9` 8 ��� � � =a? b <	dc � ��� 	 � � 	e b <	dc � � ;� 	 b <	dc � � ;	 (1.2)

where
�

is the numberof distinct termsin thecollection. This measureis usually
betterthana projectionof the documentvectoron the queryvector, becauseit takes
into accounta measureof the lengthof the documentsin the normalizationscheme
with b <	dc � � ;� 	 . Thisway, shortdocumentsarenot disadvantaged.

Example

Supposewe have a collectionof 1000documents,andwe wish to evaluatethedegree
of matchof two documents

�f�
and

�9;
relatively to a requeston ’fiber optic applica-

tions’. After stemming,the query is composedof threeterms: ’fiber’, ’optic’ and
’application’ 2. Notice that to computeb <	dc � ��� 	gT � 	 , only the querytermsmustbe
considered,sincetheweightof any othertermis null. Assumethat”fiber”, ”optic” and
”application”aredenotedby respectively theterms

� �
,
� ;

and
� W

. Table1.2summarizes
the characteristicsof eachterm usedto representdocuments

� �
and

� ;
. To compute

the term frequency ( 4 � ��hih ) componentsof the weights,we assumethat the maximum
frequency of a termin documents

� �
and

� ;
is respectively

�7K"LZN� ?Qj
and

�7K"LZN; ?lk
.

Fromtable1.2,we deducethattherepresentativevectorsare� � ? 8nm � o9p � pq��rVr � ks� tur�= and
� ; ? 8 r9��r�j � m � pu� v m = . The vectorrepresentingthe infor-

mationneedis equalto the idf componentsof thequeryterms,becauseevery tf value
is equalto 1. The queryvector is then � ? 8 pq� v m � vu�ijqr � kw� tsr�= . Furthermore,we as-
sumethat documents

� �
and

� ;
containother termssuchthat b <	dc � � ; � 	 ?xr m9m andb <	dc � � ;; 	 ?yj m . We maythencomputethesimilarity betweenthedocumentsandthe

query. For
� �

:

3
�{z|8 � ��� � =a? m � o�p T pq� v m~} pq��rVr T vs� jur } ks� tur T ks� tur� r m9m � pq� v m ; } vu�ijqr ; } kw� tsr ; � m � k�oVv (1.3)

In thesameway, wefind 3
�5z�8 � ;9� � = � m � v m9m . Document
� �

wouldthenbereturned
to theuserbefore

� ;
.

This exampleis a goodillustrationof thetechniquesusedto rankdocumentsrela-
tively to agivenquery, althoughmoreelaboratedweightingschemesthanthetf-idf are
in usenow. However thevector-spacemodelhasseveral limitations: it doesnot sup-
port strongtheoreticalargumentsfor choosingweights,selectinga rankingfunctionor
including thesaurusrelationshipsbetweenterms. In Section1.3, we will discussthe
moreelaboratedprobabilisticandlogical models.

2Of course,thephrase’fiber optic’ couldalsobeconsideredasa term.
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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

Testcollectionsarefundamentalto IR research:they allow experimentalevaluationsof
new retrieval modelsandcomparisonsof differentretrieval systemsor models.They
alsohelptuningparametersof a retrieval system,andgivedirectionsin designingthe-
oreticalmodelsor determininghow eachsourceof knowledgeshouldbeusedto help
retrieval. A test collection is madeof: (1) a collection of documents,(2) a set of
requests, and(3) a list of the relevant documentsin the collectionfor eachrequest.
Often, relevanceis assumedto bebinary: documentsarejudgedto be eitherrelevant
or non-relevant.Throughoutthis thesis,we will alsoassumethatrelevancejudgments
arebinary.

Experimentalwork in this thesiswill usethreetest collectionsof very different
sizes:the CACM collection(3.2 Mbytes),theWall StreetJournal(246Mbytes),and
theTrec’8WebTrack(2.3Gbytes).Thesecollectionswill bedescribedin Section1.3.

Evaluation measure of retrie val effectiveness

It is generallyacceptedthatthedegreeto which aninformationneedhasbeenfulfilled
canbedescribedby two quantities:precisionandrecall. Precision is the ratio 8 1 R 4 =
of thenumber1 of retrieveddocumentswhich arerelevantto theinformationneed,to
thetotal number4 of documentsretrieved. Recall is theratio 8 1 RU�g= of thenumber1
of retrieveddocumentswhicharerelevantto thetotalnumber

�
of relevantdocuments

for the requestin the collection. The importancerespectively attributedto precision
andrecallvarieswith theuserandthetypeof his informationneed.Thesetwo quan-
tities cannotbeconsideredindependently, sincerecallandprecisionvary inverselyin
general.

Thereis nogeneralagreementin theIR communityonauniversalevaluationmea-
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sureof theperformanceof IR systems,andthechoiceof amoreadequatemeasureis an
opensubject.Presently, themostusedmeasureof retrieval effectivenessis theaverage
precisionat 11-point recall, theaverageon thesetof requestsof theprecisionvalues
obtainedfor the11 recall values0.0, 0.1,...,0.9, 1.0. This measureof retrieval effec-
tivenesscanbeinterpretedastheareaundertheprecision-recallcurve(seeFigure1.3).
We will take this measureof retrieval effectivenessto evaluateandcomparedifferent
retrieval approaches,with theuseof theTRECeval software.

1.1.5 Documents

Oneof the major changesthat the field of IR facedsincethe mid eightiesconcerns
thenotionof document.Originally, documentswereconsideredasnon-decomposable,
uniqueandindependententities.But if structureisaddedtodocuments,theinformation
itemsbecomedecomposableunits of otherinformationitems(chapters,paragraphs).
Also, it getsmoreandmorefrequentto find documentsreferencingothers,in on-line
collectionsof documents.With theuseof hypertext links, documentsbecomeinterre-
latedandcannotbeconsideredcompletelyindependent.An increasingproportionof
thestoredtextual datanow arehypertext documents,e.g. theInternet.Onechapterof
this thesiswill bedevotedto theuseof thisadditionalsourceof informationto enhance
retrieval.

Anothermajorchangeis thenatureof theinformationsought.Originally, informa-
tion retrievalwasconcernedwith textualdata,for whichanindexingbasedonweighted
keywordsmayreasonablybeaccepted.But theconceptof documenthasevolvedfrom
plain text to includenow images,sounds,videos,graphs,tables,andothers. In the
most generalcase,a documentcanbe a mixture of thesewith plain text. It canbe
easilyunderstoodthatbothconceptuallyandpractically, representingdocumentswith
setsof weightedtermshasimportantlimitations, the mostobvious beingthe lossof
structureinformation. Techniqueswhich canbeacceptedfor IR in puretext areoften
too limited to representmultimediadocuments.One importantresearchtopic is the
developmentof modelsof IR generalenoughto representthesefeatures.An example
is relationalindexing, in which theconceptsdescribingthedocumentsareallowedto
haverelationships[OP98].

1.1.6 Using other bodies of kno wledg e to help retrie val

The most importantsourcesof evidenceaboutdocumentrelevancearecertainly the
termssharedwith thequery. But often,documentsrelevantto theinformationneeddo
notshareenoughcommontermswith thequery. How canthesedocumentberetrieved,
or at leastbe rankedbetterthanthey are? Therearemany othersourcesof evidence
whichcanhelpretrieval if usedadequately. Therehasbeena largevarietyof empirical
studies,in assertingwhethereachof thesesourcesof evidencecanserve, andhow,
asan additionalclue for retrieval. Herearesomeexampleof theseothersourcesof
evidence:�

Multiple information needrepresentations.If theusercanspecifyhis infor-
mationneedby morethanonerequest(e.g. a naturallanguageanda Boolean
request),theperformanceobtainedby combiningthecorrespondingqueriescan
beshown to beon averagesuperiorto eachof thequery[TC91, BKFS95].�
Multiple document representations. Different retrieval system,which make
differentprocessingof text, cancapturedifferentfeaturesfrom documentsand
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informationneeds.Indeed,experimentshave shown thatcombiningadequately
differentdocumentrepresentations(or resultsof differentretrieval systems)can
leadto betterretrieval effectivenessthansimply takingthedocumentrepresenta-
tion or theretrieval systemwhich producesthebestretrieval resultson average
[CS00].�
Hypertext links. Citationsor hypertext links refergenerallyto documentsdeal-
ing with relatedtopics. Whenthey areavailable,their inclusionin the retrieval
processmay leadto betterretrieval effectiveness[FNL88, CT93, Sav94, FS95,
Pic98].�
Thesaurus.Thelimitationsof naturallanguagefor representingdocumentsand
matchingdocumentsandinformationneeds,canbecompensatedby theuseof
thesaurusandotherknowledgebases.A thesauruscontainssomerelationships
betweenthe setof wordsof a prescribedvocabulary, for examplethe Wordnet
thesaurususedin this work containse.g.synonymy relationships.It is alsopos-
sible to build statisticalthesaurusreflectingthe relationshipsin the concerned
collection. Increasingthe possibilitiesof matchingcan be doneby a process
known as query expansion, wherean extendedquery is formed after adding
sometermsrelatedto the original query. A term canbe addedif it is related
to only onequeryterm,but thesauriarebestusedby exploiting the”combining
evidence”paradigm: in queryexpansion,the contribution of eachquery term
shouldbeconsideredfor choosingexpansionterms[QF93, RTT99]. Moreover,
thequality of thetermrelationshipsis muchimprovedwhencombiningtheevi-
dencefrom differentstatisticalandmanualthesauri[RTT99].

TheresultsclearlysuggestthatIR systemscanbenefitfrom combiningadequately
all potentialclues:multiplying thesourcesof informationshouldcompensatepartially
their fundamentaluncertainty. This wasstatedfirst in the Principleof Combination
[FNL88]:

”Effective integrationof moreinformationshouldleadto betterinforma-
tion retrieval.”

This thesisis aboutthe developmentof a new model of IR. It seemsclear that
a new model of IR shouldbe able to integratethe resultsof previous experimental
work. Surprisingly, this is not always the case: building a flexible model is a very
hardproblemandthemostpopularexistingmodels,theprobabilisticandvector-space
models,are not flexible enoughto allow information of very different natureto be
combined,at leaston the theoreticalground. The inferencenetwork model [TC91,
TC92], whereprobabilisticdependenciesbetweenvariablesarecombinedto assessthe
probability that an informationneedis met given a documentasevidence,is to our
knowledgetheonly modelwhichaddressespreciselythis issue.

1.2 The uncer tainty problem

It will be arguedthroughoutthis thesisthat IR shouldbe consideredasa reasoning
processunderuncertainty. Nearlyevery sourceof knowledgeusefulto theIR process
is accompaniedwith uncertaintyandimprecision.This sectionmakesa survey of the
main sourcesof uncertaintyin IR, andof the dominantapproachesto copewith this
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problem. It is usualto distinguishthreemainsourcesto this uncertainty[TC97]: the
documentrepresentation,the representationof the informationneedandtheir match-
ing.

1.2.1 Document representations

At the presenttime, the majority of techniquesfor representingdocumentsare es-
sentiallyequivalentto assigningto a documenta subsetof a setof possibleconcepts� / � � ����� � / < � , eventuallywith associatedweights. Although this representationis very
practical,andto ourknowledgethereis noothertypeof indexing which resultsin bet-
ter retrieval effectivenesson generalandlargecorpora,it is a somewhat rudimentary
way of summarizingthe contentof a document.But even if onewould assumethat
the informationcontainedin a documentcanbe properly representedusinga setof
concepts,thereis in generalno agreementon a uniquerepresentationof a document.
Thereis a largepartof subjectivity in assigningaconceptto adocument,somuchthat
evenprofessionalindexersdo not generallyagreeon the setof conceptsdescribinga
document.As shown by theexperimentsof Cleverdon[Cle84]:

”If two experiencedindexersindex a given documentusinga given the-
saurus,only 30percentof theindex termsmaybecommonto thetwo sets
of terms”

To the fundamentallimitationsof the languageusedfor indexing, andto the sub-
jectivity inherentto theindexing process,a third sourceof uncertaintycomesfrom the
fact that nowadaysmostdocumentrepresentationsarenow generatedautomatically,
basedon word countsin the documents.Assumingthat sucha thing asa ”perfect”
representationof documentsexists,we areprettyfar from it.

1.2.2 Representation of inf ormation need

The informationneedis a mentalstateinternalto theuser. The requestis only a rep-
resentationof this need,which is often unclear, confused,or badly formulated. As
quotedby vanRijsbergenwhocitedPlato[vR96], thattheuseris ableto formulatethis
informationneedis somewhatparadoxal:”And how will you enquire,Socrates,into
thatwhich youdonot know?”. Of coursetheuserknowsat leasta little bit aboutwhat
informationhe is looking for, otherwisehe would not be able to formulateit at all.
But still, theinitial formulationof aninformationneedis oftenverypoor: afterseeing
someretrieveddocuments,theusercanoftenformulateit againin a morepreciseand
explicit way. Besides,in certaincontextssuchastheInternet,oftentheuseris too lazy
to maketheeffort to fully explainhis informationneed,theextrawork beingnotworth
theexpectedresult.

Of course,in the sameway asfor documentindexing, moreuncertaintyis added
whenpassingfrom the requestto the internal representationof the retrieval system.
Even if the termsarewell chosenby the user, therecanbe moreambiguity in a re-
questcontainingfewer termsthanin adocumentwhichmaycontaina few hundredsor
thousands:content-bearingtermscanbedetectedwith morestatisticalreliability in the
lattercasesincethey arelikely to occurmany times.
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1.2.3 Matching

In thematchingprocess,theretrieval systemdealswith two representationsembedded
with uncertainty, andmustdeterminewhethera conceptwhich is poorly understood,
relevance,appliesto this pair of representations.Relevancehasbeenthe subjectof
many studies(Mizzaroreports157paperson thissubjectfrom 1957to 1994[Miz97]),
but still very little is known aboutwhatmakesauserdecidewhetheradocumentis rel-
evantor not. Experimentshaveshown thatuserswith apparentlythesamebackground
knowledgewill haveverydifferentvision of whatconstitutesa relevantdocumentto a
givenrequest:

if two scientistsor engineersareaskedto judgetherelevanceof agivenset
of documentsto a givenquestion,theareaof agreementmaynot exceed
60 percent.” [Cle84, p. 38]

Moreover, thematchingprocessusuallyassumesthat termmatchingimpliescon-
ceptmatching,while dependingon the context, the sameterm may refer to different
conceptsand different termsmay refer to similar concepts. We will addressmore
specificallythevocabularymismatchproblemin Chapter5.

1.3 Models of IR

The centraltopic of this thesisbeing the developmentof a logical modelof IR, we
feel it is necessaryto first give motivationsregardingthenecessityof developingnew
modelsof IR. Thentheclassof modelsthathavehadthemostimportantimpacton the
IR field, theprobabilisticmodels,areintroduced.Themorerecentlogical approachto
IR is thenpresented.

1.3.1 Why do we need models of the IR process?

Any modelof IR makesunderlyingassumptionson(1) how documentsshouldberep-
resented,(2) how informationneedsshouldbe represented,and(3) how theserepre-
sentationsshouldbe matched.For example,the vector-spacemodelassumesthat IR
canbe interpretedgeometrically:documentsandinformationneedscanbedescribed
by vectors,which canbematchedby computinga similarity betweenthem.Although
IR hasa very strongempiricaltradition,the importancetakenby thetheoreticalwork
in modelingin acomputationalway theretrieval processhasbeenincreasingsincethe
earlyseventies.But whataretheobjectiveswhenattemptingto modeltheIR process?
Sebastianiidentifiesthreeclassesof motivations[Seb98].

(1) Modelsareabstractionsof theretrieval process,independentof thespecificar-
chitecturechosenfor storingthedata,retrieving documents,or acquiringandprocess-
ing the request.Abstractionleadingto generalization,a modelprovidesa theoretical
framework for thinking the IR task. A wide variety of retrieval approachescanthen
bedescribedandcharacterizedwithin onemodel,suchthatthemaincharacteristicsof
an approachto retrieval aremoreapparentandcanbe betterunderstood.(2) Models
provideusefulguidelinesfor developinganoperationalretrieval system.For example,
theoreticalargumentscanbeusedto justify thata retrieval systemshouldbebuilt this
way ratherthanthatway. Also, a retrieval modelcanbepreferredbecauseit hasbeen
shown to be moregeneralthanotherexisting models. The modelingtaskmay then
influencethe whole IR field in a privilegeddirection. (3) Modelscanalsobe useful
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to comparethe characteristicsof differentretrieval approachesin a generalway. As
formulatedby different authors[BH94, Seb98], thereis a hopethat modelscan be
comparedtheoreticallyratherthanexperimentally. This would reducethe numberof
experimentsanddefinitelyeliminateoptionswhicharetheoreticallyunjustified.

Furthermore,(4)everyapproachto retrievalhasunderlying,oftenimplicit, assump-
tions. Theseassumptionsaresometimesmisleadingandif so,they shouldbereplaced
by morevaluablehypotheses.Theintellectualeffort neededto build a modelleadsto
put a fingeron theunderlyingassumptions,questionthem,andpossiblyreplacethem
by a bettersetof assumptions.(5) And finally, a model is in mostof the time based
onawell-establishedtheoreticalframework. This framework oftencomeswith arange
of well known techniques,which canprovide reliabletools for the taskat hand. For
example,probabilisticmodelsopentheway to theuseof statisticaltools,vector-space
modelsto the useof geometryandmatrix computation,and logical modelsto tech-
niquesof inferenceinitially developedfor artificial intelligenceanddatabasetheory.

1.3.2 Probabilistic models

As first studiedby Zipf, texts andcollectionsof texts have recurrentstatisticalprop-
erties[Zip49]. The first recourseto statisticalfeaturesof text for IR can be traced
backto the work of Luhn in 1957[Luh57], andMaron andKuhnsproposedin 1960
theuseof probabilisticindexing [MK60]. Lateron,KarenSparckJonesdemonstrated
in 1972that the inclusionof a measureof termspecificityin the rankingscheme,the
idf weightseenin Section1.1.3,resultsin systematicimprovementof retrieval effec-
tiveness[SJ72]. Sincethen,a lot of work hasbeendoneon finding a properway to
integratethisstatisticalfeatureandothersin orderto improvetheweightingof features
describingdocumentsandinformationneeds.Probabilitytheoryis a well established
andconvenientframework to exploit thestatisticalregularitiesof texts, in orderto as-
sessandcombinetheweightof evidencegivenby differentcluesto supportdocument
retrieval.

Thefirst attemptto describeIR in aprobabilisticwayis dueto MaronandKuhnsin
1960[MK60]. Alreadyat thattime,theauthorswereconsciousthatuncertaintycannot
beexcludedfrom theidentificationof documentcontent.To copewith thisuncertainty,
they proposedthatkeywordsshouldbeappliedto documentswith acertainprobability.
Theinterestin probabilitytheoryasapossibleway to modeluncertaintydeclinedfor a
while, but wasrenewedin theseventies.In 1977,RobertsonproposedtheProbabilistic
RankingPrinciple,foundationsonwhich mostprobabilisticmodelsrely [Rob77]. Un-
der certainconditionsof independencebetweendocuments,this principle guarantees
optimalretrievaleffectivenessif documentsarerankedaccordingto theprobabilitythat
they arejudgedrelevant,basedon all availableevidence.

Thebinaryindependencemodel[RSJ76],proposedbyRobertsonandSparckJones,
guaranteesoptimalperformanceif querytermsareweightedusingtheir probabilityof
occurrencein relevantandnon-relevantdocuments,thusproviding a rigoroustheoret-
ical framework guidingtheway querytermsshouldbeweighted.However themodel
needssomerelevancefeedbackdatato estimatethe probability thata queryterm oc-
cursin arelevantdocument,thoughit canbesetto afixedconstant[CH79], assumedto
follow a givenfunctionor estimatedfrom empiricaldata[Gre98]. Anotherdrawback
is thatthemodelignorestheevidenceprovidedby thenumberof occurrencesof a term
in adocument,andtheinfluenceof documentlength.Aroundthattime,Booksteinand
Swanstondevelopeda probabilisticmodel to assessthe probability that a document
shouldbeassigneda giventerm[BS74].
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Anotherclassof probabilisticapproachesis morepragmatic:unlike the previous
approaches,no attemptis madeto explain IR throughthemodel,ratherit is assumed
that the rankingschemefollows a parameterizedmodelwhoseparametersarecom-
putedon a setof training querieswith statisticaltechniquesof regression.Linear re-
gressionwasappliedby Fox et al. [FNL88] andpolynomialfunctionswerefitted by
FuhrandBuckley [FB89]. A potentiallymoreadequateapproachis thelogistic regres-
sionmodelbecausethereis no assumptionof normalityon theparametersto estimate,
and the target variable,relevance,is usuallybinary [Gey94]. In this thesis,we will
sometimesmakeuseof thelogistic regressionto estimateprobabilities.

Thecurrenttrendsin probabilisticapproachesattemptto obtainbetterestimatesof
theprobabilities[RW97, Gre98] andto getbeyondthedivision betweenindexing and
retrieval probabilisticmodels[PC98]. It is alwayspossibleto improve probabilistic
modelsto betterfit the retrieval process,but onemay wonderif probabilisticmodels
have not intrinsic limits which cannotbe surpassed.An analogycan be madewith
thestatisticalapproaches(hiddenMarkov models)usedin speechrecognitionfor more
thanthirty years,whichhaveprovidedmuchinsightsin thestatisticalaspectsof speech.
Evenif speechexhibits statisticalregularities,thefundamentalnatureof speechis not
statistical.In thesameway, thefundamentalnatureof IR is surelynot probabilityand
statistics:by stayingon thisground,thereis therisk thatsomefundamentalfeaturesof
text andIR will neverbecaptured.

But where do the limits of probabilistic approachescome from? Probabilistic
modelsrequire strong independenceassumptionsbetweenterms. They lack flexi-
bility for integrating the differentsourcesof knowledgewhich influenceor help re-
trieval. Noticeableattemptshavebeenmadeto relaxthestrongindependenceassump-
tions on which most probabilisticmodelsare basedby taking into accountstatisti-
cal co-occurrencebetweenterms[vR77], but this did not lead to retrieval improve-
ment[SvR83]. A quoteof Robertsonillustratesthe limits of theprobabilisticmodels
[RW94]:

”One problemwith theformal modelapproachis that it is oftenvery dif-
ficult to take into accountthewide varietyof variablesthatarethoughtor
known to influenceretrieval. The difficulty ariseseitherbecausethereis
noknownbasisfor amodelcontainingsuchvariables,or becauseany such
modelmaysimply betoo complex to givea usableexactformula.”

The strengthsandweaknessesof probabilisticmodelsculminatewith the Okapi
probabilisticmodel[RWHB95]. Thismodeltakesinto accountthemostimportantfac-
tors which influencethe weight of a term. The retrieval systemsbasedon the Okapi
approachare regularly amongthe bestin the TREC experiments,and its reputation
is now well established.However the valueof a numberof parametersmustbe esti-
matedon a setof trainingqueries,andthereis no clearbasisfor justifying thevalues
that shouldbe takenby parametersto optimizeretrieval effectiveness.Paradoxically,
the attemptto move away from ad hoc retrieval hasresultedin a comebackto more
empiricalbut effectiveretrieval approaches.

A very differentprobabilisticapproachis taken by Turtle andCroft, in which the
retrieval processis describedwith inferencenetworks [TC91]. An inferencenetwork
is definedby a directedacyclic graphwhich representstheprobabilisticdependencies
betweenthe variables.This approachconsidersthat the probability of relevancecan
becomputedindirectly, by computingtheprobability thattheinformationneedis met
givena documentasevidence: �'8 1�[ 0 [
�f% 4 /Z[q� � � � = is estimatedby �*8 �u� ��= . Any prob-
abilistic dependency canbe included,as long asno cycle is createdin the network.
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However, this lastapproachcanbeconsideredasbelongingto a differentparadigm,in
which retrieval is viewedasuncertaininference.

1.3.3 Logical models

Although the modelsof IR basedon probability theoryhave a firm theoreticalbasis,
they arestill confinedto thekeyword-basedapproach:probabilisticmodelsessentially
providetheoreticallysoundtechniquesto assesstheweightof evidencein favor of rel-
evanceprovidedby theoccurrenceof aquerytermin adocument.Needlessto say, the
properassessmentof this weightis a crucialproblem,but evenwith very refinedtech-
niquesfor assessingweightsof evidence,keywordmatchingremainsa very simplistic
wayof makingtheretrieval process.IR needsmoresophisticatedknowledgerepresen-
tationprocedures,becauseretrieval systemsmustsupportsearchesin moreandmore
heterogeneousenvironments,suchasfreetext mixedwith databases,spreadsheets,etc.
Thelogical approachcanbeseenasanattemptto developmodelswhich will propose
a moreaccuraterepresentationof documentsandinformationneed,anda moreelab-
oratedmatchingprocessthanthe classicalapproachto retrieval. Logical modelscan
integratenaturallyotherbodiesof knowledgeaswell asthe too often ignoreduserin
theretrieval process.

IR is inf erence

Thestrongestargumentin favor of thelogical approachto IR is thatretrieval is uncer-
tain inference,andthereis probablynobetterway thanlogic to addresstheproblemof
dealingwith uncertaininference:

”Whatever themechanismfor thetreatmentof uncertaintyis, we strongly
believe that logic shouldplay thecentralrole in theentireinferentialap-
proach.” [Nie96]

”This authoris convincedthatretrieval is inference[...]”[vR89]

”In this view, informationretrieval is aninferenceor evidentialreasoning
process[...] [TC91, p. 187]).

For Sebastiani,it is essentialto betterunderstandtheIR taskif weeverwantto sig-
nificantlyimproveretrievalsystems[Seb98]. If oneconsidersthatretrieval is inference,
thenlogic is anadequateformalismto exploretheIR task,andit shouldbeinvestigated
thoroughlywith differentlogics.Logic hasbroughtmuchto thedevelopmentof many
subfieldsof computerscience,especiallythoserelatedto artificial intelligence.These
otherdisciplinesin computerscience”have gainedmuchdeeperinsightsbeingana-
lyzedby meansof logical techniques”,and”a perspective from which they have been
ableto takeadvantageof razor-sharpanalyticaltools” [Seb98].

To understandbetterIR, logic is a formalismthatmustbeexplored. But how are
logic andIR connected?

The connection between IR and logic

TheconnectionbetweenIR andlogic wasfirst underlinedby vanRijsbergenin 1986,
who showed that differentclassicalretrieval approachesareessentiallyvariationsin
theway of evaluatingtheuncertaintythat thedocument

�
shouldimply thequery

�
,

denoted
� 8 � &�� =

, where
� 8 � = is an uncertaintymeasureto be defined[vR86]. In
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this paradigm,which makesa link with deductivemodelsof databasetheory[Seb98],
a pieceof informationsuchasa document”answers”aninformationneedif by using
a sequenceof logical operations,this informationneedcanbe inferredfrom the doc-
ument. It is assumedthat the termsof the implication canrepresentsomenotion of
informationcontent: a documentis relevant if it explicitly or implicitly containsthe
informationrequestedby theuser, in which caseit is possibleto infer theinformation
containedin thequeryfrom the informationcontainedin thedocument.Theeventof
relevanceis not directly represented,but is implicit in the implication

� &��
. One

basicassumptionof the logical approachis that documentsandqueriescanbe mod-
eledwith logic: a queryis usuallyseenasa logical sentencein thechosenlogic, anda
documentasa setof logical sentences.

Nie investigatedmore thoroughlyvan Rijsbergen’s initial ideaof describingrel-
evanceby an inferenceprocess[Nie89]. He distinguishestwo aspectsof relevance,
exhaustivity andspecificity, whoseimportancedependson the userandhis type of
informationneed.He showedthat for

�
to imply

�
,
�

mustdealwith every aspects
of
�

:
� &��

addressesthe exhaustivity aspectof relevance.However a very large
document(suchastheEncyclopediaUniversalis)filling up thisconditionmightnotbe
consideredrelevant by the user, becauseit is not specificenoughto the information
need. Specificitycanbe computedby reversingthe orderof implication (

��& �
):

for
�

to imply
�

,
�

mustdealwith every aspectof
�

, in otherwords
�

cannotdeal
with a topic not presentin

�
. By combiningthetwo interpretationsof relevance,Nie

madethe demonstrationthat the Boolean,vector-spaceandprobabilisticmodelsare
only specificwaysto computetheuncertaintyin thesetwo implications[Nie89]. Al-
thoughNie andBriseboisshowedlater thatspecificitycanalsobeaddressedwith the� &(�

implication[Nie96], it is ouropinionthatchoosing
�

or
�

asthestartingpoint
of inferenceis amatterof convenience,anddependson theway theretrieval processis
addressed.

Fromthevery beginning,proponentsof thelogical approachhave beenawarethat
it is generallynot possibleto establishwith certaintythata documentimpliesa query,
thusthe inferenceprocessshouldbe closelyassociatedwith an appropriatemeasure
of uncertainty

� 8 � &�� =
. Van Rijsbergenproposeda very generalapproachasa

meanof measuringuncertainty, basedon theminimal additionof informationneeded
to establishthetruth of theimplication. Theapproachis statedin thefamousLogical
UncertaintyPrinciple[vR86, vR89]:

Given any sentences� and � ; a measureof the uncertaintyof � & �
relative to a givendatasetis determinedby the minimal extent to which
wehaveto addinformationto thedataset,to establishthetruthof � & � .

This thesiswill proposeanoriginal,symbolicinterpretationof this LogicalUncer-
tainty Principle.

Logical models ten years later

TreatingIR with logichasbroughtmuchenlighteningonunderlyingmechanismswhich
couldhardlybestudiedwith otherapproaches.Thelogicalapproachhasledto thecre-
ationof metamodelsof IR, in whichdifferentmodelsof IR canbeanalyzedto illustrate
if they possesssomegeneralproperties.In thatvein,Nie madethedemonstrationthat
someformsof vector-spacemodelarenot correct[Nie89]. HuibersandBruzadeter-
minedasetof axiomsconcerninginformationcarriers,anddemonstratedthatBoolean



1.3. Models of IR 15

retrieval is superiorto someform of coordinationmatch[BH94]. CrestaniandvanRi-
jsbergenexploredthe mechanismof probability transferin IR, usinglogical imaging
[CvR95].

Logical modelsof IR are expressive. Theremight be no better formalism than
logic to captureknowledge,and to reasonon that knowledge. This expressiveness
makesthema very attractive framework for knowledge-basedIR [Fuh95]. They can
alsoaccommodatenaturallystructureddocuments[Lal97], andarewell suitedfor non
standardIR in multimediaenvironments[FGR98, OP98]. For retrieving images,Ou-
nis obtainedmuch betterresultsusing relationalindexing than with keyword-based
SMART retrieval system[OP98]. In general,they arevery flexible in integratingre-
lationshipsbetweendescriptorsof documentsandqueries,asshown in [Nie96] andin
[CvR95].

At presenttime, we do not know yet if the whole IR field canbe revolutionized
by the advent of logical IR systems. It is true that implementationsof large-scale
informationretrieval systemsbasedon logic havebeenrelatively rareuntil now. There
have beenattempts[CRSvR96], but it seemsthat logical modelsarenot yet readyto
facethe realmof experiments.This hasled somepeopleto doubtaboutthepotential
utility of logic for building retrieval systems[Lal98]. But thefact that logical models
have beenrarelyexperimentedhasfor consequencethat their behaviour in practiceis
not well understood,andalsoit is not clearhow theparametersdescribinguncertainty
shouldbeassessed.

The inferencenetwork modelcanbe consideredasan extensionof probabilistic
approaches,but alsoasa logical modelwith a computationalflavor. Its two mainmo-
tivationsare(1) theneedof a formal framework to combineall availableevidence,and
(2) thebelief thatretrieval is uncertaininference.Inferencenetwork canbeconsidered
asa computationalmodelof inference,wherethe setof allowed inferencesis prede-
fined, andwhereemphasisis put on assessmentof uncertainty. This is unlike other
logical models,wheresymbolic treatmentof uncertaintydominatesandusuallypre-
cedesits numericalassessment,andinferencesdonothaveto follow apredefinedstruc-
ture. However inferencenetwork have beensuccessfullyimplementedin INQUERY
[CCH92],andcanberegardedasagoodstartingpoint for moving awayfrom classical
retrieval approaches.

Logicalmodelsrepresentapromisingavenuewhichis worthbeingexplored.Logic
hasalreadyshown to be a much enlighteningframework for exploring the IR task
[Nie89, BH94, CvR95], it remainsnow to demonstratethat logic can be the pillar
of powerful informationretrieval systems.And the definiteproof canonly be made
throughexperimentsof logical retrieval systems.This thesis,in which variousexper-
imentswill be madewith the logical modeldeveloped,representsa steptowardsthis
objective.

1.3.4 Discussion

Themeritsandweaknessesof probabilisticandlogical modelshavebeenpresented.It
seemsto us that theseapproachesdo not resultfrom oppositeor irreconcilableviews
of IR, but shouldbe consideredas complementaryviews of the extremelycomplex
taskof giving theability to computersto understandnaturallanguagetext andfilling
up an information need. To someextent, theseapproachescan both be considered
asdifferentwaysof combiningall possiblecluesto evaluatethe relevanceof a docu-
mentto aninformationneed.In onecase,emphasisis puton drawing inferencechains
betweendocumentsandthe informationneed,in the otheron the preciseassessment
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of the weight of evidenceof eachclue. Ratherthanexcluding eachother, eachap-
proachshouldbenefitfrom the experimentalor theoreticalwork donewith the other
approaches.

Thepointmadehereis thatpromisingavenuesin IR areto combinedifferentviews
of theretrieval process.Empirical investigationsshouldaccompany closelythedevel-
opmentof models,not follow it, asis stronglysuggestedin [Gre98]. Thelogicalmodel
developedin this thesiswill bethoroughlyexperimented,andthis will highlight some
of thedifficultiesnot alwaysthoughtof whenthinking theretrieval taskin anabstract
way.

1.4 Research summar y

This sectionbeginswith a descriptionof thework donein this thesison developinga
logical modelof IR basedon probabilisticargumentationsystems(PAS). We alsofeel
it is necessaryto give motivationsregardingthe reasonswhy PAS arean interesting
trackto follow amongpossiblelogical approaches.

1.4.1 Description of the appr oach

The comparisonof differentapproachesfor dealingwith the uncertaintyunderlying
theretrieval processleadsusto theconclusionthatthemostpromisingformalismsare
thosewhichcombinecoherentlytechniquesfor assessinguncertaintysuchasprobabil-
ity theory, with moreflexible andaccuratetechniquesto representuncertainknowledge
andcombinetheevidencefrom differentcluesfor retrieval. A morepreciserepresen-
tationof knowledgewill reducetheamountof uncertaintyintroducedwhentransform-
ing documentandrequestsinto their representative,but thelossof informationandthe
additionof noiseremaina majorpartof this process.Moreover, uncertaintyis an im-
portantaspectwhendealingwith symbolicsourcesof knowledgesuchasa thesaurus
or thehypertext structure.To provideanequilibriumbetweenthesymbolicandproba-
bilistic modelingof knowledge,frameworkswhichseparatethereasoningprocessfrom
theestimationof uncertaintyseemto beindicated.

Thegoalof this thesisis thedevelopmentof anapplicablelogicalmodelof IR. The
model is developedwithin the theoryof probabilisticargumentationsystems(PAS),
andis thefirst applicationof this techniqueof uncertainreasonningto IR. Probabilistic
argumentationsystemsrepresentanew anduniquewayof integratingandsynthesizing
logic andprobabilitytheoryinto onecoherentframework. Thetheoreticalfoundations
of PAS arepropositionallogic,probabilitytheoryandthetheoryof evidence.Uncertain
knowledgeis representedin propositionallogic by usinga specialtypeof proposition
calledassumptions,andit is assessedaccordingto probabilitytheory.

When a PAS is designed,it can be usedto evaluatedifferenthypotheses,given
certainobservations.A PAS designedto containall necessaryknowledgefor retrieval
in a testcollectioncanbeused,for example,to evaluatethehypothesisthat thequery
is truegiventhata certaindocumentis observed. Theevaluationof a hypothesiscan
bedonesymbolicallyby findingall symbolicargumentssupportingit, andnumerically
by assessingthe reliability of the arguments.The centralideaof PAS is thento find
the argumentssupportingor discardinga hypothesisof interest. Loosely speaking,
an argumentcan be understoodfor the momentas ”a chain of possibleeventsor a
particularcombinationof circumstancesthatallowsto deducethetruthor thefalsityof
thehypothesisfrom thegivenknowledge”[HKL99].
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A significantpart of this thesiswill be devotedto the developmentof the logical
model. The symbolicmodelingof knowledge,the computationof probabilities,the
way theretrieval processis donewill beclearlyexplained.Therelationshipswith the
Logical UncertaintyPrinciplewill be madeexplicit. The verificationthat the model
respectsthepropertiesthat,accordingto Lalmas[Lal98], shouldbethoseof a logical
model,will bethoroughlyinvestigated.

In theprecedingsection,it wassaidthatlogicalmodelshavenotbeenexperimented
enoughyet. In this thesiswewill makevariousexperimentswith thelogicalmodelde-
veloped.In onepart,thelogical modelwill beadaptedto treatthespecificcasewhere
a rankingof documenthandedout by a retrieval systemcanbe improved after inte-
grationof the hypertext links. Experimentswill be doneon the CACM andTREC’8
smallWebtrackcollectionsdescribedbelow. In anotherpart,aretrievalsystementirely
basedonthePAS modelwill beexperimented.Specialcarewill betakenin integrating
varioustermrelationshipsfrom differentthesauriin theretrieval process.TheWordnet
thesaurusandastatisticalthesauruswill beconsideredto designreliabletermrelation-
ships.Thetermrelationshipswill beusedin two ways: (1) to facilitatematchingin a
logically-basedqueryexpansion,and(2) in a novel way whererelationshipsbetween
querytermswill betakeninto accountto determinewhich termsarethemostreliable
descriptorsof the informationneed. The logical retrieval systemdevelopedwill be
experimentedon the Wall StreetJournalcollectiondescribedbelow. Throughoutthe
experiments,muchcarewill betakento theestimationof probabilities.

Hereis a descriptionof thecollectionsusedfor experiments:�
CACM (3.2Mbytes,50requests):thisis asmalltestcollectionon3204abstracts
of scientificarticlesof thecollectionof theACM. Theinterestof this collection
reliesin thecitationlinks betweenthearticles,which canbeusedto experiment
with themodelfor retrieval in hypertexts.�
TREC’8 Web Track (2.3 Gbytes,100 requests):this is a large collection of
247’491Webpages,comingfrom 956Websites.This collectionwasdesigned
from theTRECexperiments,andis extractedfrom 100Gbytesof ”frozen” Web
containinga high densityof relevantdocuments.It will alsobeusedto experi-
mentthemodelfor retrieval in hypertexts.�
Wall StreetJournal(240Mbytes,185requests):this is amedium-sizecollection
of newsstorieswrittenbetween1990and1992.Thiscollectionwasusedfor the
TREC experimentsandthuscontainsa large numberof requestswith reliable
relevancejudgements. This collection will be usedto implementthe logical
retrieval system,integratingstatisticalandmanualthesauri.

1.4.2 Justification of the appr oach

PAS are a completelynew approachto logical information retrieval and assuch,is
interestingto explore. However thereis a stronger, controversialreasonfor exploring
this avenue:sincethevery beginningof the logical approach,therehasbeena strong
belief that propositionallogic is not suitablefor IR modeling[vR86, vR89, CC92,
Nie89, Lal98]. Paradoxically, the interestingfeaturesof propositionallogic areat the
sametime recognizedby thosewho reject it: ”The difficulty is how to extend the
Booleanlogic without at thesametime losing its advantages”[vR96]. But Sebastiani
recentlyshowedthatsomeof thereasonsfor excludingClassicalLogic werenot really
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substantiated,ratherthey dependon the point of view attachedto the context of the
implicationrule. Heconcludedthatpropositionallogic wouldbeworthbeingexplored:

”[...] Our argumentssuggestthat the rebuttal of classical(propositional)
logic hasbeentoohasty. Reconsideringclassicallogic, maybesieving out
the real reasonsof its inadequacy to the IR case,may thusbe a way of
betterunderstandingthemeritsof non-classicalapproaches.”

This thesisrepresentsthefirst attemptto modelinformationretrievalusingproposi-
tional logic. We do agreethatpropositionallogic % 0 Y 4 [ is not suitablefor IR, because
uncertaintycannotbecomputed.However, with PAS, uncertaintycanberepresented
within propositionallogic, andaswill be shown, this permitsthe visualizationof the
inferenceprocesses.In this thesis,we intendto show that propositionallogic canbe
a muchmorepowerful IR modelingtool thancommonlybelieved,with theadditional
conditionthatit beproperlyassociatedwith atheoryof uncertainty, suchasprobability
theory.

PAS aremuchmorethana combinationof propositionallogic andprobabilitythe-
ory. Moregenerally, PAS canbebuilt onsetconstraintlogic,wherethepossiblevalues
takenby variablesis afinite number. However, binaryvaluesof variablesopentheway
to all the techniquesof inferencedevelopedfor propositionallogic. On anotherside,
PAS areaninstanciationof ageneraltheoryof evidence,whichcanbeconsideredboth
on a symbolicandon a numericalground. It canthenbe linked to otherwork done
on the applicationof the theoryof evidenceto informationretrieval [Lal97, LR98].
ThePAS modeldevelopedherecanthenbeextendedin many ways,andis supported
by solid and extendedtheoreticalfoundations. The approachtaken hereshouldbe
understoodasonepossiblewayof applyingprobabilisticargumentationsystemsto in-
formationretrieval. Finally PAS belongto a generaltheoryof evidence,andapplying
PAS to IR canalsobe regardedasa first steptowardsapplicationof moreandmore
generalframeworks.

Logical modelswould perhapsbemorepopularamongtheIR communityif more
peoplehad a good knowledgeof logic. Indeed,applying modal logic to IR is less
intuitive thanconsideringdocumentsandqueriesasvectors,for example. However,
themajorityof peopleunderstandpropositionallogic, or at leasthaveanintuitive idea
of it. And aswill be shown, the useof ”assumptions”to representuncertaintyand
the finding of ”arguments”to evaluatea hypothesismatchesthe way humanreason
underuncertainty. This makesit an attractive framework to explore for thosepeople
unfamiliarwith logic.

1.5 Contrib utions

This sectionsummarizesthecontributionsof this thesis.Thework donein this thesis
can be separatedin threeparts,and the contributions in eachpart can be discussed
separately:

1. Thedevelopmentof anew logical modelbasedon PAS.

2. Theapplicationof PAS to retrieval in hypertext collections.

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

Thefollowing subsectionsreview themaincontributionsin eachof theseparts.
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1.5.1 The development of a new logical model based on PAS

This part,developedin Chapter3, is concernedwith describingthetheoreticalaspects
of themodel.Themaincontributionsof this new modelare:�

A modelof IR in whicheachdecisioncanbeexplained,sincethewayinferences
aredoneallows to keeptrackof them.Moreover, themodelcanhandlenegative
evidence:argumentsfor but alsoagainstagivenhypothesiscanbefound.�
Thedemonstrationthatpropositionallogic doesnot have the limitations which
prevent it from modelinginformationretrieval. To the contrary, the modeling
highlightsmany aspectsof theretrieval process.�
It is demonstratedthat the Logical UncertaintyPrinciple [vR86] underliesthe
wholePAS approach.Moreover, theprincipleis generalizedto encompasssym-
bolic amountsof information.

1.5.2 The application of PAS to retrie val in hyper texts

In this part developedin Chapter4, the logical model is adaptedto integratehyper-
text links. An operationalretrieval systemtaking this knowledgeinto accountis then
experimentedon theCACM andTrec’8 Web’trackcollection.Herearethemaincon-
tributions:�

Variousapproacheshave beentaken to integratehypertext links in the retrieval
process.However, for the first time it is shown that a logical treatmentof this
problemcanbeveryconvenient.�
The logical representationof hyperlinksleadsto a betterunderstandingof the
implicit assumptionsbehindthe useof this evidence. This understandinghas
animpacton theway theseevidenceshouldbeassessed,combined,andspread.
The ”semantics”of the links canbe taken into accountin a morerigorousway
in thecomputationof probability.�
Theapplicationto a largetext collection(2.3 Gbytes),demonstratethat theuse
of logic is not problematiceven on large collections. It alsodemonstratesthat
logic canalsobe usedasa tool in existing retrieval system,thusextendingthe
potentialapplicationsof logic in IR.

1.5.3 Experiments with a PAS retrie val system and thesauri�
A retrieval systembasedon logic, which competeswith thestateof theart sys-
temsin IR.�
The proposalanduseof a ”Cluster Hypothesisfor query terms”, which states
thatsimilar querytermsaccordingto astatisticalthesaurusaremorelikely to be
gooddescriptorsof theinformationneed.
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1.6 Outline of the disser tation

This thesisis organizedasfollows. Chapter2 will introducethemainconceptsof PAS,
necessaryto understandtheirusein thepresentcontext. Emphasiswill beputonunder-
standabilityratherthanon a detaileddescriptionof the theory. In Chapter3, thecore
of the logical modelwill be presented:definition andmeaningof the usedvariables,
modelingof knowledge,evaluationof a document’s relevance,relationshipswith the
Logical UncertaintyPrinciple.A comparisonwith otherlogical approachesto IR will
alsobe made. In Chapter4, we will describehow our logical modelcanincorporate
hypertext links in the retrieval process,anddiscussthe experimentalresultsobtained
on the CACM andTrec’8 Web track collection. Chapter5 will develop a complete
PAS retrieval system,which integratestermrelationshipsfrom differentthesauriin the
retrieval process.Finally, Chapter6 will review the contributionsof this thesisand
give directionsfor future work. A discussionon the potentialityofferedby logic for
modelingIR will concludethis thesis.
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Probabilistic argumentation
systems

This chapterpresentsthe necessarytheory on probabilistic argumentationsystems
(PAS) to understandthe logical modeldevelopedin the next chapter. We shall first
explain the fundamentalideaof the PAS approach,which is to representuncertainty
throughthe useof particularpropositionalsymbolscalledassumptions(Section2.1).
The fundamentalconceptsof this techniquefor uncertainreasoningcanthenbe pre-
sented,leadingto propositionalargumentationsystemsin thesymboliccase,andprob-
abilistic argumentationsystems(PAS) whenprobabilitiesareassignedto assumptions
(Section2.2). We endthischapterwith anexampleof a PAS puttingin applicationthe
notionsseenin this chapter(Section2.3). This examplemakesthe link with the fol-
lowing chapterby presentinganexampleof a simpleretrieval situationmodeledwith
PAS.

2.1 Adjoining uncer tainty to propositional logic

Propositionallogic is oneof thesimplestandmostconvenientwaysof encodingknowl-
edge.An apparentdrawbackis thatpurepropositionallogic seemsto beunsuitablefor
taking accountof uncertainty. However, uncertaintycanbe handledrathereasilyby
adjoiningparticularpropositionscalledassumptions. In this subsection,handlingun-
certaintythroughassumptionsis discussedfrom a generalpointof view.

The simplestcasesof propositionalknowledgeare factsand simple rules. For
example,let anarbitrarystatementbesymbolizedby

� �
(”it will rain tomorrow ”). A

statementcanbe eithertrue or false. Although
� �

only symbolizesthe statement,in
somecircumstances

� �
denotesthefact this statementtakesthetruevalue(

� � ? $
).

Similarly, � � � standsfor thesentence:”it will not rain tomorrow”. Furthermore,for a
secondproposition

� ;
,
� �~& � ;

representsasimpleruleof theform ”if
� �

is true,then� ;
is alsotrue”. Thus,factsandsimplerulescaneasilybe handledby propositional

logic. However, factsandrulesoftendependon unknown conditionsor circumstances
andarethereforenot fully reliable.

Table2.1showshow uncertainfactsanduncertainsimplerulescanbehandledwith
propositionallogic. Theuncertaintythatfact

� �
holdscanbetakeninto accountby the

rule % � & � �
, where% � is anassumption.In thesameway, therule

� � & � ;
becomes% �>;@& 8 � ��& � ; =

, which is formally equivalentto
� � � % �>;�& � ;

. Assumptions

21
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Type of knowledge Logical symbolization
Natural language ex-
pression

A fact �'� ”it will rain tomorrow”
A rule � �*� ��� � � implies �7�
An uncertainfact �q� � �+� � � is true if somecir-

cumstance�q� is true

An uncertainrule
� � � ��� � �P� �����'�� ��� � � � � �7� � � implies ��� if some

circumstances � � � is
true

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

arepropositionswhich statetheunknown conditionsor circumstancesuponwhich the
factsandrulesdepend.If anassumptionis known to betrue,thenthefactor rulewhich
dependson it holds.Otherwise,nothingcanbededucedfrom this factor rule.

More generalcasesof uncertainknowledgecanbesimilarly handled.Let � bean
arbitrarywell formedformula(syntacticallycorrectexpression)in propositionallogic,
that somehow expressesthe relationbetweendifferentpropositions. A well formed
formulais any combinationof literalswith theconnectors

�
and � . Thecorresponding

casewhere � is not fully reliablecanthenbe representedby % � & � . Furthermore,
it may be possibleto distinguishbetweenindependentcircumstances.For example,% � � % ;�& � representsa situationwhere � dependssimultaneouslyon differentcir-
cumstances% � and % ; . From the mostgeneralpoint of view, uncertaintyis therefore
capturedby arbitrarypropositionalformulascontainingassumptions.

Most applicationsalsorequirea numericalassessmentof uncertainty. Thenumer-
ical aspectof uncertaintyis obtainedby assigningprobabilitiesto assumptions.For
example,if the uncertainrule

� � � % �X;�& � ;
is known to hold with probability 0.6,

thenwe set: �*8 % �>; = ? m � t . Note that this is conceptuallydifferentfrom assigninga
probability to thewhole logical sentence�'8 � � & � ;
=¡? m � t , asis donein otherfor-
malismsfor integratinguncertaintywith logic. A discussionon this subjectwill take
placein Sections3.2and3.4.

From a knowledgebasecomposedof uncertainfacts,rulesor conditions,we are
interestedin finding which symbolicargumentssupportor discarda givenhypothesis
(symbolicevaluation).Moreover, we wantto evaluatethereliability of this supportby
usingprobabilitiesassignedto theassumptions(numericalevaluation).

2.2 Fundamental concepts

2.2.1 Propositional argumentation systems

Argumentationsystemsareobtainedfrom propositionallogic by consideringtwo dis-
joint setsof propositions

�
and

�
. To improve readability, capitalletterswill denote

propositionsandminor lettersdenoteassumptions.The elementsin
�

are the vari-
ablesof interest,andthe elementsin

�
areassumptions,intendedto take accountof

theuncertainty.

Definition 1. Let
�

and
�

be two such disjoint setsof propositionsand let



be a
propositionalsentencein thepropositionallanguagebasedon

�£¢ �
. Thenthetriple8 � � � � 
V= is calleda propositional argumentation system.



is theknowledgebase

of thepropositionalargumentationsystem.
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is sometimesgivenasa conjunctiveset

� ? � 
 ��� ����� � 
_¤ � of clauses

 �

. A clause
is a disjunctionof literals,wherea literal is a propositionor its negation.However in
suchcasesit is alwayspossibleto usethecorrespondingconjunction


g?l
 � �.�������¥
_¤
.

Eachclausein
�

statesa fact,rule,condition,etc.,which mayor maynot incorporate
uncertainty. A propositionalargumentationsystemhandlesthe qualitative partof the
inferenceprocess.

Propositionalargumentationsystemsarebuilt on propositionallogic, hencethey
have thesamesyntaxandsemanticsaspropositionallogic. We assumethat thereader
hasa basicknowledgeof propositionallogic, otherwisefor a suitableintroductionto
propositionallogic in thecontext of IR, onemayread[Lal98]. Theassumptionsplayan
importantrolein expressinguncertaininformation.They areusedto standfor uncertain
events,unknown circumstances,or possiblerisks and outcomes. Note that from a
formal pointof view, nothingdistinguishesassumptionsfrom otherpropositions.

Example 1. Supposewe are interestedin a set of variables
� ? � � ��� � ;U� , with

uncertaintyaccountedfor by the set of assumptions
� ? � % ��� % ;V� % W � 0 ;¦��� , and a

knowledge base

y?§
��g�Q�����7�¨
_©

, where :
� ? � 
��Qª % � & � �

,

_;«ª % ; &� ;

,

 W ª � ;g�F0:;O� & � �

,

Z©^ª % W & � � � � . The triple 8 � � � � 
V= then constitutes

a propositionalargumentationsystem. The equivalentpropositionalsentence



is:8{� % � � � �
=¬� 8n� % ; � � ;
=¬� 8n� 0:;O� ��� � ; � � �_=¬� 8n� % W ��� � �
= 1.

When modelingknowledgein a propositionalargumentationsystem,arguments
canbeinferredfrom theknowledgebasesupportingor discountingcertainhypotheses.
A hypothesis ­ is any well-formed logical formula with symbolsin

�Q¢ �
, andas

such,canbe true or false. Let us considerhypothesis
� �

of Example1: underwhat
conditionsis

� �
true? An argument in favor of a hypothesis­ is a conjunction ®

of literalsof assumptionswhich, if addedto thegivenknowledge


, allows to deduce

hypothesis­ . More formally:

Definition 2. If h is a logical sentenceontheset
��¢ �

, thena conjunction® of literals
of assumptionsis a supporting argument for ­ if: ® �¯
 � ? ­ , where the symbol � ?
meansthat ­ is a logical consequenceof ® ��
 .

In thatcase,thehypothesisis saidto besupported by ® . Similarly, ® is anargu-
mentagainst­ if ® ��
 � ? ��­ . Thenthehypothesisis saidto berefutedby ® .

In Example1, anargumentfor
� �

is % � , becauseif % � is truethenby

 � ª % �M& � �

,� �
mustbe true. In the sameway, % ; �@0 ;O� is anotherargumentfor

� �
: if % ; is true,

thenby

 ;

,
� ;

mustbetrue,andif
0 ;O�

and
� ;

aretrue,thenby

 W

,
� �

mustbetrue.
Thereis alsoanargumentagainst

� �
: by


Z©
, � � � is a logical consequenceof % W ,

so % W is anargumentagainstthehypothesis
� �

.
Whentestinganhypothesis,it is usefulto know whichargumentssupportor refute

it.

Definition 3. Thequasi-supportof ­ relativeto theknowledgebase


, denoted� 3�8n­ � 
V= ,

is definedasthedisjunctionof all minimalsupportingargumentsfor ­ . ® is a minimal
argument if there is no ®'°a±? ® such that ®*° is alsoan argumentfor ­ and ® � ? ®'° :

� 3�8{­ � 
V=a? �-��® ��ªV
"� ® � � ? ­ � ��²q® ° � ® ° ±? ® � � 
M� ® ° � ? ­ � ® � � ? ® ° � (2.1)

1As usualin ClassicalLogic, an implication suchas ³ �-´¶µ�� canbewritten astheequivalentclause:· ³ ��¸Pµ�� .
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Again in Example1, wehavefoundthat % � and 8 % ; � 0 ;O� = areargumentsfor
� �

, so� 3�8 � �S� 
V=a? % � �¡8 % ; �"0 ;O� = . Here % � �"0 ;O� and % � � � 0 ;O� wouldalsobeargumentsfor
� �

,
but they arenot minimal argumentsbecause% � ��0 ;¦� � ? % � , andalso % � � � 0 ;¦� � ? % � .
The reasonfor usingminimal argumentsis to allow for a morecompactandeasily
understandableform for thequasi-support.

The term ”quasi” expressesthe fact that someof the supportingargumentsfor ­
maybein contradictionwith thegivenknowledge.An argument® is in contradiction
with a knowledgebase



if 8n® �.
V= is not satisfiable,meaningthatthereis no possible

truth valuesof the propositionsfor which the propositionalsentence8n® �¹
V= is true.
The fact thatanargument® is in contradictionwith theknowledgebase



is written:% ��
 � ?gº (

º
representsthecontradiction). � 398 º � 
V= designatesthedisjunctionof all

minimalargumentswhicharein contradictionwith


.

Looselyspeaking,we saythat two arguments® � and ® ; arein contradictionwith
oneanotherif ® � � ® ; is acontradictoryargument,but notnecessarily® � or ® ; alone.
In ourexample,thesupportingargumentsfor

� �
arein contradictionwith theargument% W which is against

� �
. So:

� 3�8 º � 
V=a? 8 % � ��8 % ; �.0 ;O� =d=¬� % W ? 8 % � � % W = ��8 % ; ��0 ;O� � % W = (2.2)

Definition 4. Thesupport 3d�'8n­ � 
V= of ­ is definedasfollows:

3d�*8n­ � 
V=a? � 398{­ � 
V=¬� � � 398 º � 
V= (2.3)

The reasonfor the supportis to excludefrom the quasi-supportthosearguments
whicharein contradictionwith thegivenknowledge



. Still in ourexample,thesupport

of
� �

is:

3d�'8 � �U� 
V=»? � 3�8 � �U� 
V=¬� � � 398 º � 
V= (2.4)? 8 % � ��8 % ; �.0 ;O� =d=¬� �"8>8 % � � % W = �¹8 % ; ��0 ;O� � % W =d=? 8 % ��� � % W = ��8 % ;-��0:;O�¼� � % W =
2.2.2 Probabilistic argumentation systems

So far, hypotheseshave only beenjudgedqualitatively. A quantitative judgementof
thesituationis possibleif probabilitiesareassignedto theassumptions,e.g.,�*8 % � =~?� �U� �'8 % ; =~? � ; , etc. In this thesiswe assumethat theassumptionsaremutually inde-
pendent,e.g. �'8 % � � % ; =a? �'8 % � = T �'8 % ; = , �*8 % � � � % ; =a? �*8 % � = T 8 r)½ �*8 % ; =d= , etc.The
readeris referredto [KH96] for a discussionon thissubject.

Definition 5. Let 8 � � � � 
V= be a propositionalargumentationsystem,and
�

be the
set of probabilities assignedto the assumptionsof

�
, then 8 � � � � 
 � � = is called a

probabilistic argumentationsystem(PAS).

With probabilisticargumentationsystems,a quantitative judgmentof thesituation
is possibleoncesymbolicargumentsare found. The degreeof supportis definedas
theprobabilityof thequasi-support,conditionedon thefactthattheknowledgebaseis
satisfiable(notcontradictory).
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Definition 6. If ­ is thehypothesisof interest,thenthefollowingconditionalprobabil-
ity is thedegreeof support for ­ [HKL99]:� 3d�*8n­ � 
V=¾? �'8 � 3�8{­ � 
V= � � � 398 º � 
V=d=? �'8 � 3�8{­ � 
V=¬� � � 3�8 º � 
V=>=�'8n� � 3�8 º � 
V=>= (2.5)

? �'8 � 3�8{­ � 
V=>=¼½ �'8 � 398 º � 
V=d=rM½ �*8 � 3�8 º � 
V=>=
A moredetailedcomputationFormally, thedegreeof supportis theprobabilitythat

theknowledgebasesupportsthehypothesis.It is a valuebetween0 and1 that repre-
sentsthesupportor thebelief that ­ is true in the light of thegivenknowledge.This
measurecorrespondsto normalizedbelief in theDempster-Shafertheoryof evidence.
Clearly,

� 3d�'8{­ � 
V=¿?Àr meansthat ­ is completelysupportedby theknowledgebase,
while

� 3d�*8n­ � 
V="? m meansthat ­ is not at all supportedby theknowledgebase.Sim-
ilarly,

� 3d�'8n��­ � 
V= ?Br
meansthat ­ is completelydiscardedby the knowledgebase,

while
� 3d�'8{��­ � 
V=-? m meansthat ­ is not at all discardedby theknowledgebase.It is

sometimesusefulto computetheplausibility of hypothesis­ :
� 0 % 8{­ � 
V=¼?«rM½|� 3d�'8{��­ � 
V= (2.6)

It canbeshown that
� 3d�'8{­ � 
V= } � 3d�'8n��­ � 
V=MÁÂr . Fromthis, it followsdirectly that� 3d�'8{­ � 
V=¡Á � 0 % 8n­ � 
V= . Theplausibility representsthedegreeto which thehypothesis

is not in contradictionwith thegivenknowledge.
Wecancomputetheprobabilityof a logical formulasuchas�'8 � 398{­ � 
V=>= by putting

thecorrespondinglogicalsentencein disjointform. Supposewewould liketo compute
the probability of �*8 � �ÄÃ = from �*8 � = and �'8nÃ = . The equivalentdisjoint form is:� �Å8ÆÃ � � � = (because

� �¨8nÃ � � � =Ç? 8 � �¹Ã =�� 8 � ��� � =Ç? 8 � ��Ã = ). We
have then: �*8 � ��Ã =�? �*8 � �È8nÃ � � � =d=É? �*8 � = }F�'8ÆÃ � � � = , because

�
andÃ � � � aredisjoint events.Finally, with the independenceassumptionstatedbefore,�*8ÆÃ � � � =\? �*8ÆÃ = T 8 rM½ �'8 � =d= , and�'8 � ��Ã =a? �*8 � = }¯�*8ÆÃ = T 8 rÊ½ �*8 � =d= .

Example 2. In Example1, supposewe assignthe following probabilities to the as-
sumptions:

� ? �d�'8 % � =Ë? m � k � �'8 % ; =�? m � t � �'8 % W =�? m � v � �'8 0 ;¦� =�? m �ij � . We are
interestedin computingthe degree of support for

� �
and the degree of support for� � � . Thefirststepis to computetheprobabilitiesof thequasi-supportfor

� �
, � � � andº

.
For

� �
, wehave:

�'8 � 398 � � � 
V=d=»? �*8 % � ��8 % ;\��0:;O�Z=>= (2.7)? �*8 % � ��8 % ;\��0:;O��� � % �_=>=? �*8 % �Z= }¯�*8 % ;\�.0:;¦�¼� � % �Z=? �*8 % �Z= }¯�*8 % ;
= T �'8 0:;¦�_= T 8 rM½ �'8 % �Z=>=? m � k }¨m � t T m � v T 8 rM½ m � kf=a? m � j mVÌ
Similarly, we find �'8 � 3�8 º � 
V=>=�? m ��r�ÍUk , and �'8 � 3�8n� � � � 
V=>=�? �'8 % W = ? m � v . We

maycomputethedegreesof supportfor
� �

and � � � .
� 3d�'8 � �S� 
V=¾? �'8 � 3�8 � �S� 
V= � � � 3�8 º � 
V=>=
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 � ª � � % �M&(!M� 8n� % � ��� � � !M� = �'8 % � =a? m �ÎÍ
 ; ª � � % ;Ê&(!); 8n� % ; ��� � � !); = �'8 % ; =a? m � Ì
 W ª !"� � / �Ê&(� 8n� / � ��� !"� � � = �'8 / � =a? m �ÎÍ
 © ª ! W � / W &(� 8n� / W ��� ! W � � = �'8 / W =a? m � Ì
_Ï¡ª !\© � / ©¡& � � 8n� / © ��� !\© �.� � = �'8 / © =a? m � t
_Ð¡ª !-; � 1 ; W &Ñ! W 8n� 1 ; W �.� !); � ! W = �'8 1 ; W =a? m � t
_Ò¡ª !"� � 1 ��©¿&Ñ!\© 8n� 1 ��© �.� !M� � !-© = �'8 1 �X© =a? m � v
Figure 2.1: The knowledge base of a PAS. The PAS describes a

retrieval situation with a document, a query and four terms.

? �*8 � 3�8 � � � 
V=>=¼½ �'8 � 3�8 º � 
V=d=rM½ �*8 � 3�8 º � 
V=>= (2.8)

? m � j mVÌ ½ m ��rUÍ�krM½ m ��r�Í�k � m � k m kVk
In thesameway, wefind

� 3d�'8{� � � � 
V= � m ��r�jVp9j , fromwhich wefind: � 0 % 8n­ � 
V=M?r~½ m ��r�jVpVj ? m � Ì kqÍSj . In conclusion,according to theknowledge basethehypothesis
is supportedto a degreeof 0.4044,and is plausibleto a degreeof 0.8475. Thegap
betweenthesetwo valuesis a measureof our ignorance.

2.3 An example related to inf ormation retrie val

Thetwo examplesof Section2.2 illustratedthefundamentalconceptsof thetheory. In
preparationfor thenext chapter, it seemsappropriateto illustratethesesameconcepts
within anIR context. We will useherea simpleexamplewith asingledocumentanda
query. Somesemanticrelationshipsbetweentheconceptsareincluded.

Considera PAS 8 � � � � 
 � � = wherethe setof propositionsrepresentingthe vari-
ablesof interestis

� ? � � �����¦!"�U��!);S�¦! W �¦!\©V� andthe setof assumptionsis
� ?

� % � � % ; � / � � / W � / © � 1 ; W � 1 �X© � . The body of knowledge
� ? � 
�� � ����� � 
 Ò � andthe setof

probabilities
�

aregivenon Figure2.1.
Within parentheseswehavewrittentheclausecorrespondingto eachrule. Hereis a

possibleinterpretationof this knowledgebasewithin anIR context. Clauses

 �

and

 ;

representtheuncertainknowledgethatdocument
�

impliesconcept
!M�

(probabilityof
0.7)andconcept

! ;
(0.8).


 W
and


Z©
representaquerywhich is implied by concept

! �
(probability0.7) or by concept

! W
(0.8). However, this queryshouldnot beabout

! ©
(0.6). Finally,


 Ð
and


 Ò
canbeseenasa small thesauruscontainingvarioussemantic

relationshipsbetweenconcepts:thereis a relationfrom
! ;

to
! W

(probability0.6)and
from

! �
to
! ©

(0.3).
In retrieval basedon inference,adocument

�
is retrievedif thequery

�
is implied

by
�

. Onepossibleway to implementthis ideais to addthe clause 8 
_Ó¹ª � = to the
knowledgebase



(D is ”observed”)2 andthento evaluatethehypothesis

�
. Evaluating

anhypothesismeansfinding all supportingandall refutingargumentsfor this hypoth-
esis,andthencomputingthenumericalreliability of thesearguments.Thesequenceof
operationsis to compute:� 3�8 ��� 
a� � = , � 3�8n� �Ë� 
\� � = , � 398 º � 
a� � = , � 3d�*8 ��� 
�� � = ,

2For readersfamiliar with theIR logical approach,thereasonfor having Ô asthehypothesisinsteadofÕ ´ Ô will beexplainedin thenext section.
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� 3d�'8{� ��� 
"� � = . If anumericalevaluationis ourmaininterest,computingthesupport3d�*8 ��� 
M� � = is notnecessary.
Variousmethodsexist for findingarguments,someof whicharebasedonresolution

[KH96], but thereis no roomin this thesisfor a lengthydiscussionof thesemethods.
Thequasi-supportof

�
is:

� 3�8 ��� 
V=a? 8 % �a� / �
= ��8 % ;\� 1 ; W � / W = (2.9)

Similarly, thequasi-supportof � � is:

� 3�8n� ��� 
V=\? % � � 1 ��© � / ; (2.10)

Thereis a contradictionin



if theargumentssupporting
�

and � � arebothtrue.
Then:

� 3�8 º � 
V=a? 8d8 % � � / � = ��8 % ; � !-; W � / W =>=¬� �"8 % � � !M�X© � / © = (2.11)

The probability of quasi-supportfor
�

is found by putting it in a disjoint form.
Thedetailedcomputationis displayedin orderto illustratehow disjoint formscanbe
obtained:

�*8 � 3�8 ��� 
V=>=¾? �'8d8 % � � / � = �¹8 % ; � 1 ; W � / W =>= (2.12)? �'8d8 % � � / � = �¹8d8 % ; � 1 ; W � / W =�� �"8 % � � / � =d=>=? �'8d8 % � � / � = �¹8 % ; � 1 ; W � / W � � % � =>=? �'8 % � = T �*8 / � = }¯�*8 % ; = T �'8 1 ; W = T �'8 / W = T 8 r~½ �'8 % � =>=? m �ÎÍ T m �ÎÍ }¨m � Ì T m � t T m � Ì T 8 rM½ m �iÍV=� m � t9pSkVk (2.13)

Theanalogcomputationfor � � is moredirect:

�'8 � 398{� ��� 
V=d=\? �'8 % ��� 1 ��©-� / ©�=a? m �iÍ T m � v T m � t ? m ��r�pSt (2.14)

Finally, we find for thecontradiction:�'8 � 3�8 º � 
V=>= � m � mVÌ vur .
We maythenapplyEquation(2.5) to computethenumericaldegreeof supportfor�

:

� 3d�'8 ��� 
V=¾? �'8 � 3�8 ��� 
V=d=¼½ �*8 � 3�8 º � 
V=>=rM½ �*8 � 3�8 º � 
V=>= (2.15)

? m � t9pUk9k¡½ m � m9Ì vurrM½ m � m9Ì vur � m � jVo m k
And in thesameway for � � :

� 3d�*8n� ��� 
V= � m � m k9t Ì . Thuswe find thattheplausi-
bility is: � 0 % 8 ��� 
V=�?«rM½ m � m k9t Ì ? m � o�jSv�p .

The hypothesis
�

is supportedby



to a degreeof 0.5904,and is plausibleto a
degreeof 0.9532.Thegapbetween0.5904and0.9532is a measureof our ignorance
of thesituation.
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Chapter 3

The PAS logical model

The elementsrequiredin order to understandthe main conceptsof PAS were intro-
ducedin thepreviouschapter. Theexampledevelopedin Section2.3 wasintendedto
provide a generalideaof the way theseelementscanbe combinedto model the re-
trieval processby an inferencemechanism.This chapterwill develop the coreof the
logical modelproposedin this thesis.First, thePAS retrieval modelmustbedesigned.
For that it is necessaryto give a clearmeaningto the propositionsattachedto docu-
ments,queriesandtheothernecessaryitems. Someof thepossiblewaysof modeling
therequiredknowledgewill thenbedescribed.Theproblemof estimatingtherequired
probabilitieswill be discussedfrom a generalpoint of view (Section3.1). We then
haveeverythingin handto determinein which waysthematchingprocesscanbedone
throughinference.Thelinks betweenthePAS approachandvanRijsbergen’sLogical
UncertaintyPrinciple[vR86] will alsobemadeexplicit (Section3.2). In a survey of
logical models,Lalmaspresenteda list of propertieswhich shouldbe satisfiedby a
logic intendedto modelIR. We feel it is necessaryto verify whetherthe PAS logical
modelsatisfiestheserequirements(Section3.3). Finally, thePAS logicalmodelis dis-
cussedfrom abroaderperspective,throughacomparisonwith relatedapproachesto IR
(Section3.4).

3.1 Designing the PAS

To build a PAS describingthe retrieval process,we needto definethe set
�

of vari-
ablesof interest,the set

�
of assumptions,the knowledgebase

�
and the set

�
of

probabilities.

3.1.1 The variab les of interest

Thepropositionsassociatedto themainvariablesof interestarethosereferringto the
documents,to theinformationneedsandto theconceptswhichallow to link documents
andinformationneeds.We preferto nametheseitems”concepts”insteadof ”terms”.

The propositionreferringto a document
�9�

will be denoted
� �

. The proposition
referringto aninformationneed� 	 will bedenoted

� 	
, andthepropositionreferringto

a givenconceptwill bedenoted
! �

. If no identificationis necessary, propositions
�

,�
and

!
will beusedinstead.

29



30 Chapter 3.

A precisemeaningmustbe given to thesepropositions.Although it makessome
intuitive senseto saythata document,informationneedor conceptis true,assigning
a precise,unambiguousandnon-contradictorymeaningto the relatedpropositionis
not soobvious. For example,a meaningthat is sometimesgivento

�
is ”document

�
is given asevidence”. Sucha definition of proposition

�
could not hold in the PAS

approachbecause,for example,
�

canbe implied by someotherdocument,in which
case

�
is Truethoughit is not ”givenasevidence”.We fall on similar problemswhen

attemptingto providea meaningto
�

or
!

.
To providea meaningto propositions,we believe thattheusershouldbeexplicitly

considered,becausethis is all aboutsatisfyinghis informationneed.It seemsadequate
hereto invoke theconceptof ”infon”. The infonsareelementaryitem of information
individuatedby acognitiveagent[Dev91]. It is notnecessaryto definepreciselyinfons
for thepurposeof thisdiscussion,but aninfon canbethoughtof apropertyof anobject
or a relationshipbetweenobjects. An infon can be implied or not by the situation
distinguishedby the agent. For a long discussionandjustificationof the conceptof
infons,thereadershouldreferto [Dev91]. For theapplicationof infonsandtherelated
situationtheoryto IR, thereaderis referredto [vRL96].

A documentimplies many infons,andthe satisfactionof a requestmay be about
providing to theuseroneinfon (’Who is thepresidentof theUnitedStates?’)or many
(’I wantinformationabouttraveling in France’).It is thenpossibleto providea mean-
ing to propositionsby consideringthepossession(or not)by theuserof certaininfons,
without theneedof makingexplicit which infonsarepossessed.Hereis themeaning
assignedto propositions

� �
,
!)�

and
�g�

:� �
: theuserpossessestheinfonsimplied by document

� �
.!)�

: theuserpossessestheinfonsimpliedby concept/ � .� �
: theuserpossessestheinfonsimplied by thesatisfactionof query � � .

It is of coursepossibleto considerotherpropositions,referringto multiple docu-
mentrepresentations(e.g.title, summary)or multiple informationneedrepresentation
(naturallanguage,Boolean).

3.1.2 The bod y of kno wledg e

We show now how differenttypesof knowledgecanbemodeled.Of course,themod-
elingsuggestedis not to beconsideredasrestrictive; therearein generalmany waysto
modelany givenknowledge,andherewe arejust pointingout someof them.

Document representation

With unambiguousdescriptionsof documentsandinformationneeds,onecouldhope
to obtainperfectretrieval. But in general,it cannotbeknown with certaintywhetheror
notadocumentis aboutaconcept.Theproblemscomefrom thesymbolsthatareused
for communicating.Whenanagentcommunicatessomeknowledge,thisknowledgeis
transformedinto data(e.g.naturallanguage).Thedatais asetor sequenceof symbols
on the meaningof which the transmitterand the receiver believe to mutually agree.
Thedataaretransformedinto conceptsby theothercognitiveagentby theinformation
process.But thecorrespondencebetweenthesymbolsandconceptsismultifarious,and
thetwo cognitiveagentsmayhavedifferentideasin mindwhenusingacertainsymbol.
Besidesthis, theinterpretationof thesymbolsdependson context. This context is set
by thewholesetof transmitteddata(e.g. thedocument).For example,if a document
is aboutbusiness,the word ”target” may refer to saleswhereasthe sameword in a
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bookaboutdefensewill probablyreferto somethingentirelydifferent.This context is
very difficult to extract for a retrieval systemwhich doesnot understandtext. It is in
no way obviouswhich sensetheword ”target” will take for the retrieval system.For
example,supposethattheretrieval systemobservesthattheword ”freedom”appears5
timesin adocument,andfrom this it concludesthatthedocumentis abouttheconcept
of freedom,(

� &¾! H�Ö�×X×>GOØ K ). This conclusionis not completelyreliablesinceit is
only basedon observationsof therelatedword,which mayreferto differentconcepts.
We mayrepresenttheuncertaintyin theobservationby a proposition% , suchthatwe
have: % & 8 � &(! H�Ö�×>×XGOØ K = .

In general,if
�

is a documentand
!

is a concept,thenwe have: % & 8 � &Ù! =
,

or equivalently
� � % &Ú!

. The proposition % is of coursean assumptionin the
PAS framework, andcanbeassigneda probability �'8 % = accordingto thereliability of
the observation. Its meaningis:”Concept

!
is implied by concept

�
”. A probability�*8 % = is assignedto % , which dependson theconfidenceof the retrieval systemin this

concept.
In a PAS, theuncertainknowledgethata document

� �
is aboutconcepts

! �
to
! �

canbemodeledby:

� � � % �I�~&Ñ!"�U� ����� � � � � % �I�¡&Ñ!)�
(3.1)

Thereis alsoa ”reverse”relationleadingfrom theconceptsto thedocuments.The
fact thata conceptcontainsthe informationof a documentmayseemlessnatural.In-
deeda documentcanbeaboutmany concepts,suchthat it is unlikely that theconcept
shouldcontainthe informationof the document.We maythenconsiderthat thecon-
junctionof all conceptsimpliesthedocument:

!M� �������
� !"� �., �+& � �
(3.2)

In practicehowever, it is very unlikely that thedocumentcanbeinferredfrom the
informationneedif it is representedby many concepts.But onemay considerthat a
conceptmayenglobeall therelatedconceptsthatdealwith it. In thatcase,it is more
naturalto considerthat, for eachof theconceptsincludedin therepresentationof the
document,theconceptof thedocumentcanbeinferredwith a certainprobability. We
may expect this probability to be proportionalto the probability that the document
is about the concept,but inverselyproportionalto the numberof conceptsthat the
documentis about. Therefore,anotherpossibleway to model the relationshipfrom
conceptsto documentsis:

! ����,_�X� & � � � ����� ��! �M��,Z�O� & � �
(3.3)

Finally, anintermediateapproachwouldbeto considerthatcertainconjunctionsof
conceptscanimply thedocument,for instance:

!M� � !-; �@, �>;��\& � �
. However it is

not obviouswhichconjunctionof conceptsshouldimply thedocument.

Information need representation

Informationneedsareformulatedby requests,whichcanbeconsideredin awaysimilar
to document(seeEquations(3.1)and(3.3)). Theproblemof identifyingconceptsfrom
termsholds: it canevenbeworsebecausein shortqueries,the relevant termscannot
be identifiedby their frequency. On theotherhand,thechoiceof wordsfor denoting
conceptsis usuallydonewith careby theuser.
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It is alsopossiblethatthequerybeaBooleanexpressionsuchas
!M� � 8 !); � ! W =s�� !-© . In thatcase,theBooleanquerycouldberepresentedby:

8 ! �a� 8 ! ; � ! W =¬� � ! ©�=¬� / � &Ñ�
(3.4)� �.� �~&(!M� � 8 !); � ! W =+� � !-© (3.5)

Other bodies of kno wledg e

Relationshipsbetweenconceptscanbeaddedto our knowledge.For example,various
semanticrelationshipsbetweenconceptsoriginatingfrom a manualthesaurus,statis-
tical co-occurrenceor from domainknowledgecan be added. A thesaurussuchas
Wordnet(seeChapter5) containsconceptualrelationships,from whichonewould like
to derive informationalrelationships.Suchrelationshipscanberepresentedby:

!)� � 1 � 	 &Ñ! 	
(3.6)

in which the probability that the informational relationshipbetween
! �

and
! 	

holdsis �'8 1 � 	 = . We mayalsoimagine”negative” relationshipsfor termswith negative
correlationasmeasuredby statisticalco-occurrence.Theseconceptstendto exclude
eachotherin a givencontext. Suchrelationshipscanhelp in discountingan inappro-
priateconceptwhenrepresentinga queryor adocument:

!)� � 1 �I� & � !"� (3.7)

Finally, knowledgebasesmay include more complex rules suchas ’probability
theory’

�
’ logic’

&
’uncertainreasoning’,which lead to rules with more than one

antecedent,asfor example:

! �w� ! 	 � 1 � 	 � &(! �
(3.8)

It is alsopossibleto considerdifferentrelationshipsbetweendocumentsexpressed
as
� � �Ä0 � 	 & � 	

, indicating the presenceof a link from
� �

to
� 	

, andhaving a
probability �*8 0 � 	�= . Suchrelationshipswill bediscussedin moredetail in Chapter4.

In summary, theretrieval processis basedonaPAS definedby asetof propositions� ? � !M��� ����� �¦!)Û�� � �U� ����� � � E ���gÜ)� representingdocuments,conceptsandinforma-
tion needs,anda body of knowledge


F?Ý
 � �£�����f��
_¤
where


 �
to

_¤

areclauses
derived from rulessuchas the onespresentedhere. This body of knowledgeis ex-
pressedwith symbolsin

�¹¢ �
where

�
is thesetof assumptionsrequiredto represent

the uncertainty. Finally a set
�

of probabilitiesassignedto the assumptionsallows
usersto evaluatethe reliability of symbolicargumentsfound for a given hypothesis.
Thenext subsectiondiscussestheproblemof obtainingtheseprobabilities.

3.1.3 Obtaining probabilities

Estimatingtheprobabilitiesis oneof themostdifficult taskfacedby IR [TC97]. Rea-
sonsarethat(1) thetargetvariable,relevance,is notobservablein practiceunlessthere
is somefeedbackof the user. We may have a setof training querieswith relevance
judgments,asis thecasein this thesis,but (2) thereoftenmaynot beenoughdatato
estimatethe requireddata,and(3) theassumptionthatpastqueriesarerepresentative
of future onesis doubtful, especiallyif they comefrom differentusers[Sav94]. (4)
Moreover, thereis no objective way to definemostprobabilities,becausethe events
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areessentiallysubjectiveandcannotbeobserved: we mayobservewords,terms,key-
words,but we cannotobserveconcepts.

With PAS, a hypothesishasa degreeof supportwhich dependson theprobability
of eachassumptioncontainedin its support.A setof training queriescanbe usedto
learnthe valuesof parametersto optimizea criteriasuchasthe averageprecisionon
the setof all requests.However the setof parametersis huge,if oneconsidersthat
therearehundredthousandsof documents,andthateachdocumentmay imply many
concepts.In sucha caseit is betterto learna parameterizedfunctionfor a wholeclass
of assumptions,for examplethe document-to-concept(

� �7� % � 	 &�! 	
) assumptions% � 	 .

In onecase(Chapter4),wewill beableto estimateprobabilitiesbyusingfrequency
estimates.Objection(2) doesnot fully applybecausewewill haverespectively 50and
100learningrequestsfor thetwo collections.However, objection(3) applies,but there
is nothingwecandoaboutit, exceptminimizingthenegativeimpactof too”optimistic”
probabilityestimateson requestswith very few relevantdocuments.

In anothercase(Chapter5), mosteventswill berelatedto thepresenceor absence
of concepts.In that case,objection(4) applies.To computeprobability estimate,we
will follow theinferencenetwork approach,in thewaybeliefestimatesof conceptsare
provided[TC91]. The ideais that theprobabilityor belief thata documentis abouta
givenconceptdependsonsomeobservablefeaturesrelatedto thisconcept,suchasthe
frequency of therelatedtermin thedocumentandin thecollection.Otherfeaturescan
beincluded,suchasthedocument’slengthandthepositionof thetermin thedocument.
A secondassumptionis that thesefeaturesmay interactaccordingto a parameterized
function. After testingseveralvaluesfor theparametersof thefunction,they find that
Eqn.(3.9)is a reasonableestimatefor the probability of a conceptgivena document,
on theCACM collection.By ”reasonableestimate”,they meantheestimatethatseems
to yield thehighestretrieval effectivenesson average.

�'8 /V� ��=a? m � k }¨m � t T � � T 4�� ��� (3.9)

where�'8 /V� ��= is the probability that the concept
!

indexedthe document
�

. The� �
and 4�� �5� valuesarecomputedsimilarly to Section1.1.3,andthe 4�� �5� is the � �5�

normalizedby
A�CVD �

. Wewill makeexplicit useof thistechniquein Chapter5. Thereis
anotherkind of probabilitythatmustbeestimated:it concernsthedeductionthatsome
semanticrelationshipsbetweentwo words (for examplein a thesaurus)implies that
oneof therelatedconceptis abouttheotherone. This is modeledby

! ��� 1 � 	 &�! 	
.

In a fuzzy modal logic context appliedto queryexpansion,Nie [Nie96] proposesa
learningtechniqueof the ”relevancestrength”of a term relationship.Applied to the
CACM collectionwith 50 queriesfor learning,hefindsfor examplethattherelevance
strengthof a holonymy relationshipshouldbeapproximatelyequalto 0.3. If thereis
enoughlearningdata,this learningtechniqueis alsoableto computerefinedestimates
for preciserelationships.For example:

ÞVß�àsá�âqãuä9å�æ h ; Ò½ &èçqé ã é áqåußsÞSäsêfêVß9å (3.10)

Probabilitiesof assumptionscanbe assessedin a similar way. Chapters4 and5
will show how theseprobabilitiesareobtainedin a realapplication.
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3.2 The retrie val process

We arenow readyto definetheretrieval process.A reminderon thelogical approach,
alreadypresentedin Chapter1, is necessary, to formulateit againin thecontext of the
PAS model(Section3.3.1). A PAS canbeusedto evaluatehypothesesof interest.To
evaluatethe relevanceof a documentto a given informationneed,a properhypothe-
sismustbedetermined(Section3.3.2). Thepossiblecasewheretherearearguments
againstthehypothesiswill thenbeaddressed(Section3.3.3).Finally therelationships
betweenPAS andtheLogicalUncertaintyPrinciplewill beinvestigated(Section3.3.4).

3.2.1 PAS and the logical appr oach

Thefundamentalhypothesesof thelogical approachto IR canbesummarizedin three
points [CC92]. For eachof thesepoints, different interpretationsare possible. We
presentherea convenientinterpretationin thecontext of PAS:

1. In orderto berelevant to an informationneed
�

, a document
�

mustlogically
imply Q, which is expressedby:

� &ë�
. It mayalsobeusefulto considerthat

thequery
�

mustimply thedocument
�

, which is expressedby:
�y& �

.

2. Sinceinformationandknowledgeis bynatureuncertainin IR, thetruthof theim-
plicationcannotbeestablishedwith certainty, andit is only possibleto measure
a degreeof certainty

� 8 � &(� =
or
� 8 �y& � =

.

3. Thisdegreeof certaintyisevaluatedthroughthebiasof logic, followingageneral
Logical UncertaintyPrinciplewhich in this casecanbeenunciatedasfollows:

Givena queryQ anda documentD; a measureof theuncertaintyof
� &� 8 �«& � =

relative to agivenbodyof knowledge



is determinedby the
minimal extentto which we have to addinformationto



, to establishthe

truth of
� &(� 8 �y& � =

.

3.2.2 Choosing the hypothesis

In the PAS framework, we needto choosea hypothesiswhich will correspondto the� &ì�
or
�í& �

interpretationof relevance.We think that the two interpretations
of relevanceareuseful,so thefollowing discussionhereappliesto bothof them. The
problemis determinewhat hypothesisexactly will be evaluatedif the

� & �
or

the
�(& �

interpretationis chosen.The following discussionconsidersthe
� &�

interpretation,but it appliesaswell to the
��& �

interpretation.Therearetwo
possiblechoices:�

(1): Thehypothesisis
� &(�

, suchthat 8 ��= 3>�*8 � &(�Ë� 
V=
mustbecomputed.�

(2): The hypothesisis
�

and
�

is addedto the knowledgebase(set to True),
suchthat 8 ��= 3d�'8 �Ë� 
~� � = mustbecomputed.

Thetwo casesareapparentlyverysimilar: usingthefactthat

9� ® � ? ­ isequivalent

to:

¿� ��­ � ? �¼® , it canbeverifiedeasilythat in the two cases,the quasi-supportis

the same.In case(1), we have:

g� � 3�8 � &î��� 
V= � ? � &î�

, which is equivalent
to:

~� � � � � � ? � � 3�8 � &ë�Ë� 
V=

. In case(2),

M� � 3�8 � &ë�Ë� 
V=+� � � ? � is also

equivalentto

"� � � � � � ? � � 3�8 � &(�Ë� 
V=

.



3.2. The retrie val process 35

Interpretation Measure For Against� &(�
Symbolic 3>�*8 ��� 
"� � = �f, 8 ��� 
M� � =�ï& �
Symbolic 3>�*8 � � 
"� � = �f, 8 � � 
M� � =� &(�
Numeric

� 3d�'8 �Ë� 
M� � = ����, 8 ��� 
~� � =�ï& �
Numeric

� 3d�'8 � � 
~� � = ����, 8 � � 
~� � =
Table 3.1: Summary of the possible symbolic and numerical

measures of relevance.

However the supportmaynot be the same,becausethe quasi-supportof the con-
tradiction, � 3�8 º � 
V= in case(1) and � 3�8 º � 
 � � = in case(2), may not be the same.
Any argumentagainst

�
, e.g. % �g& �

, will be in thequasi-supportof thecontradic-
tion in case(2), but not in case(1). Moreover, in case(1) % � will beanargumentfor
hypothesis.

Consequently, case(1) will leadto pathologicalcasesif thereareargumentsin the
knowledgebaseagainst

�
. Sinceboth hypothesesare generallyequivalentandwe

want to prevent any erroneouscase,we propose3d�'8 �Ë� 
 � � = and 3d�*8 � � 
g� � = as
two symbolicmeasuresof uncertaintyin

� &ð�
and

�í& �
respectively. Thetwo

associatednumericalmeasuresare
� 3d�*8 ��� 
"� � = and

� 3>�*8 � � 
~� � = respectively.

3.2.3 Arguments against the hypothesis

Theexamplein Section2.3hasshown thatit is alsopossibleto find argumentsagainst
the hypothesis

�
(and similarly for

�
). That is, one can compute 3d�'8n� �Ë� 
 � � =

and
� 3d�'8n� �Ë� 
Ç� � = . Supportfor � � expressesthe notion that theremay be argu-

mentsdiscardingthehypothesis
�

, or at leastre asonsfor doubtingit. This decreases� 0 % 8 �Ë� 
¿� � = , the degreeof plausibility of
�

, which is equalto 1 whenthereis no
negativeargument.

If a documentis not retrievedor hasvery low ranking,it is probablynot necessary
to find any morereasonto discardit. But oftena largepartof thedocumentsretrieved
is not relevantandis a sourceof noise. Finding negative argumentscanbe seenasa
procedurefor enhancingprecision.This canbeusefulespeciallyto thoseusersmore
interestedin precisionthanrecall.

Table3.1providesasummaryof thedifferentqualitativeandquantitativemeasures
thatcanbeusedto evaluatetherelevanceof a documentto aninformationneed.

3.2.4 Interpreting the Logical Uncer tainty Principle

The idea of addinga minimal amountof information is fundamentalto the logical
approachandit might be interestingto seehow muchsupportthis ideacreatesin the
framework of PAS. Addinga”minimal amountof information”meansaddingonly the
informationessentialfor allowing, for example,

�
to be implied by

�
, andnothing

else. To seehow this ideais respectedin thePAS framework, considerthe following
casewhereaPAS is formedfrom:

� ? � % � & � � � % ; & � � � % W & � ; �
.
� �

is alogical
consequencefrom thisknowledgebaseif, amongstothers,oneof thefollowing is true:% � , % � � % ; , % ; , % �q� % W , % �u� % ;w� % W . However % W is irrelevantto

� �
andtheknowledge

that it is true is not necessary. More generally, someof theselogical sentencesare



36 Chapter 3.

logically weakerandmoreprobablethanothers.For example,% � � % ; � % W � ? % � � % W ,
and�*8 % � � % ; � % W ="Á �*8 % � � % W = .

Sowhichof theselogicalsentenceswouldbethesupportof
� �

? Accordingto Eqn.
(2.1), the supportof

� �
would clearly be: 3d�'8 � �S� 
V=¥? % � � % ; . Indeedthe support

appearsto bethemostprobablelogicalsentencewhich,whenaddedto theknowledge
base



, allows to deducethehypothesis.And it is generallyacceptedthatprobability

andinformationareinverselyrelated[Nau70]: themoreasentenceis apriori probable,
the lesslearningthat it is true will reduceour uncertainty. The following theorem
demonstratesthatthesupportis indeedtheminimalamountof informationwhichmust
beaddedto



, to establishthetruthof hypothesis­ .

Theorem1. Thesymbolicsupportof 3d�'8{­ � 
V= of a hypothesis­ representstheminimal
amountof informationthatmustbeaddedto



, sufficientto provethehypothesis­ .

Proof. Let 3 bealogicalsentence,and�*8n3 = betheprobabilitythat 3 is true.Let ñV4 � 8{3 =
bea measureof the informationcontainedin theknowledgethat 3 is true. ñV4 � 8{3 = is
sometimesdefinedas

r¡½ �*8n3 = or as
½�A�C9D �'8{3 = [Nau70] but moregenerally, assume

that ñ94 � is a monotonicallydecreasingfunctionof � .
For the purposeof this demonstration,it is more convenientto considersetsof

maximal arguments,i.e. conjunctionsof literals of all assumptions.Now let
� ?

� % �U� ����� � % K � bethesetof assumptions,andlet
�Çò ? � / ��� ����� � / ;dóP� bethesetcomposed

of the
pSK

maximalconjunctionsbasedon the literalsof A. For any hypothesis­ , the
set
� ò

canalwaysbe divided into the disjoint sets
�¥ô

of thoseconjunctionswhich
support­ , and

��õô
of thoseconjunctionswhich do notsupport­ .

Obviously, theset
�¥õô

is of no useto hypothesis­ , andthe informationthatmust
beaddedto



canonly betakenin

� ô
, meaningthatany subsetof

� ö¡÷l�¥ô
supports

thehypothesis.Take
� õö

suchthat:
� ö*ø�� õö ?úù

,
�¥ö ¢ � õö ? � ô

. We have:

�'8 � ô =¾? �*8 �¥ö ¢ � õö =? �*8 �¥ö = }¯�*8 � õö =û �*8 � ö =
Since ñ94 � is a monotonicallydecreasingfunctionof � :

�*8 �¥ô = û �'8 � ö =a?¬ü ñ94 � 8 �¥ô =)Á ñ94 � 8 � ö = (3.11)

The supportis thusa symbolicrepresentationof the minimal amountof informa-
tion that mustbe addedto the knowledgebase. It is remarkablethat this qualitative
measureis independentof the probabilitiesgiven to the assumptions.The numerical
equivalentof this symbolicmeasureof uncertaintycanbeevaluated,but thenumerical
aspectcomesafter thesymbolicaspect.This allows thecompletetransparency of the
inferenceprocess,the resultof which is a symbolicdescriptionof the minimal infor-
mationthatmustbe added.Interestingly, this qualitative measureis expressedin the
languageof propositionallogic, which until now hasnot beenvery popularin logical
approaches.
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3.3 Characteristics of a logic for IR

In presentingan introductionto logical models,Lalmas[Lal98] makesa list of the
desirablepropertiesthata logic appliedto IR shouldpossess:significance,information
containment,intentionality, partiality, flow of informationanduncertainty. First we
will seehow the PAS logical modelsatisfieseachof thesecharacteristics.After that,
we will seehow someexamplesof queriesproposedby Lalmasto illustratehow the
deficienciesof ClassicalLogic canbeprocessedwithin thePAS framework.

3.3.1 Significance

If several itemsof informationmay representa documentor a query, they would ob-
viously not have equalsignificance. A logic processmust be able to representthe
relative importanceof eachitem of information.Evidently, ClassicalLogic alonecan-
not representthis requirement,becausepropositionscanonly take binary values. A
possibleway to representsignificanceis to make a quantitative assessmentof theun-
certaintyattachedto eachinformationitem;for example,with theuseof theprobability
theory. In PAS, assumptionsrepresentthe uncertaintyattachedto a proposition,e.g.� ��� % � 	 &(! 	

. Theprobability �'8 % � 	 = attachedto theassumptionallowsusto numer-
ically representthesignificanceof concept

! 	
for document

� �
.

3.3.2 Information containment

Information items are in generalnot independententities, they contain information
abouteachother. For examplethereis someoverlapbetweentheconcepts’uncertain
reasoning’and ’probability theory’, so one is about the other in an uncertainway.
This propertyof information shouldbe capturedby the implication [Lal98, vR89]:� �

implies
� ;

if
� �

is about
� ;

, or if from the information in
� �

onecan infer the
informationin

� ;
. In ClassicalLogic

� � & � ;
is equivalentto � � � � � ; , thusif

� �
is alwaysfalse,therule canimply anything,or if

� ;
is alwaystrueanythingcanimply

it: apparently, ClassicalLogic doesnotcaptureinformationcontainment[Lal98]. This
hasfor consequencethata ”f alsedocument”canimply any informationneed[CC92]
. However, Sebastiani[Seb98] shows that if validity or logical consequentialityis
adoptedasthelogical statusof theimplication,suchproblemswill not occur.

In thePAS framework,aconnectionbetweentwo informationitemsis denoted
� � �% �>; & � ;

, where% �X; representstheuncertaintyattachedto theunderlyingconnection,
which is measuredby �'8 % �>;
= . Obviously, �*8 % �X;�= tendsto 1 when the connectionis
strong,andtendsto 0 whenit is weak.Two intuitively non-connectedsentences

� �
and� ;

would have a probability �'8 0Æ�X;�= of 0, which is equivalentto having no connection.
Thustherewill beno supportingargumentfor

� ;
”coming” from

� �
. In theopposite

casewhere�'8 0Æ�X;�=a?yr , therulebecomes:
� � & � ;

. In thatcase,theargumentsfor
� �

areargumentsfor
� ;

, at leastif they arenot argumentsagainst
� ;

. Thereis no ”f alse
documentproblem”,sinceif

� �
is false,no argumentfor

� ;
may”come” from

� �
.

Anotherinterestingpropertyof PAS is that it capturesevidencethat two informa-
tion itemstendto excludeeachother, which is denoted:

� �\� % �>; & � � ; . Typically,
this will addargumentsthat leadto doubtabouthypothesis

� ;
, sinceit is ”incompati-

ble” with
� �

.
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3.3.3 Intensionality

Themeaningof textual datadependson thecontext. For example,in a givencontext!);
will bea synonym of

!"�
andin others

! W
will besynonym of

!"�
. It is possibleto

modelthissituationas:
!M� � 1 �X;P&Ñ!-;V��!M� � 1 � W &(! W

. If it is believedthat
!M�

hasat
leastonesynonym, onecanaddtheconstraint:1 �X; � 1 � W . But

!);
and

! W
mayreferto

two differentmeaningsof
!M�

(e.g. theword ”bank” in ”ri ver bank” or ”Swissbank”)
which aresometimesnotcompatible.

Varioussituationsmay be represented.For example,the casewhere
!M�

hasno
morethanonesynonym canbeexpressedas: �"8 1 �>; � � 1 � W = . In thecasewhere

!"�
has

exactly onesynonym, oneandonly oneassumptionmustbetrue. This is represented
by: 8 1 �>; � � 1 � W = �Ë8{� 1 �>; � 1 � W = . Finally, if it is atoostrongconditionto haveexclusive
meanings,it is alsopossibleto temperit with assumptionsin thefollowing way: % �M&8{� 1 �>; ��� 1 � W = .

Intentionalitymeansthat the semanticsattachedto a conceptis dependenton the
context. This context canbedefinedby thesurroundingconcepts,which canbeused
to capturethe semantics:if the otherconceptsof a queryrefer to ’money’, ’interest
rates’,it servesasstrongevidencefor thelinking of themeaningof ’bank’ to ’financial
institution’, andasevidenceagainstthemeaning’shoreof a river’.

Supposea querycontainsinformationitems
! �

and
! ;

.
! �

hastwo synonyms
! W

and
! ©

(
! �S� 1 � W &Ñ! W ��! �9� 1 �X© &(! ©

) whicharegenerallyusedin differentcontexts.
In this query, thecontext is representedby

!);
only. If

!);
is relatedin any way to

! W
(
!); � 1 ; W &�! W

), this will emphasizethat
! W

is a moreappropriatesynonym for
!"�

.
On the otherhand,if

!);
and

!-©
tend to excludeeachother, asmeasuredby a very

weakstatisticalco-occurrence(
!); � 1 ;>©�& � !-© ), this will be negative evidencefor!-©

.

3.3.4 Partiality and flo w of inf ormation.

The representationof information is in generalpartial, wherebysomeinformation
itemsarenot originally identified,especiallyin written requests.As mentionnedin
theintroduction,naturallanguagestendto includevariousimplicit information.Revi-
sionsor additionsof knowledgecanleadto contradictions,andsuchcasescanbeeasily
handledby PAS. For example,if onehassomeargumentin favor of

� �
from % �M& � �

and later hasan argumentagainst
� �

from % ;�& � � � , then the argument % � � % ; ,
which leadsto a contradiction,is addedto the quasi-supportof

º
, andis considered

in the computationof the support(seeEqn. (2.3). In general,it is alwayspossible
to combinetheoriginal knowledgebase


 æ with new sourcesof knowledge

�� � ����� � 
 E ,

wherethenew knowledgebaseis to beseenasa conjunctionof theaddedknowledge
bases:


 ° ?l
 æ �������d� 
 E . Thecontradictoryinterpretationsof theassumptionsarethen
takeninto accountby computingthenew valuesof � 3�8 º � 
 ° = and�'8 � 398 º � 
 ° =>= .
3.3.5 Uncer tainty

Uncertaintyis omnipresentin IR, and is relatedto all the precedingproperties. A
numericalrepresentationof uncertaintyis anecessaryfeatureof anIR model.But often
in problemsthatdealwith uncertainreasoning,andespeciallyin IR, it is preferableto
distinguishthesymbolicandnumericalaspectsof uncertainty. PAS is anefficient tool
for representinguncertaintyin bothsituations.
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For example,humanknowledgeis first expressedin symbolicform,suchasdomain
knowledgeor a relationalthesaurus.In a first step,a humandefinedrule suchas

!M�
AND

!);Ä&ý! W
canbe modeledby

!"� � !); � % &ý! W
, where �'8 % = will have to

be assessed.This probability is not a fixed value, since it dependson the context
(collection,user, query),andthestrengthof theconnectionmayvary.

3.3.6 An example

Lalmas[Lal98] illustratessomeof theissuesinvolvedin dealingwith logicalmodelsby
discussingdifferentexamplesof queries.Thedocumentsandqueriesarerepresented
in propositionallogic asfollows:

� ? !M� � !);
,
�Ç� ? !"�S��� ; ? ! W �¦� W ? !M� �! W ���¡© ? !M� � ! W and

� Ï¯? !M� � !-;
. Thesequerieshave beenbuilt to illustrate

thedeficienciesof ClassicalLogic. With Classicallogic,
�

wouldberetrievedfor
�Ç�

,� ©
and

� Ï
: indeed,onecanseethat

� &Ù� �
,
� &Ù� ©

and
� &Ù� Ï

. However the
retrieval systemwouldnotmakeany differencebetween

� ©
and

� Ï
while clearly

�
is

morerelevantto
� Ï

which is thesameas
�

. Moreover,
�

answerspartially
� W

(both
areabout

! �
) but partiality cannotbetakeninto account.

A closerlook at thesequeriesrevealsthat
�

wouldbestanswerthesequeriesin the
following order:

� Ï
,
�Ç�

,(
�g©

and
� W

),
�g;

. Clearly,
�

is morelikely to berelevantto� Ï
sincethey areidentical.

� �
comesafterbecause

�
answers

�Ç�
exhaustively, but

is not completelyspecific.
� W

and
�¡©

bothdealwith
!M�

and
! W

, but it is harderfor
a documentto imply

� W
becausebothconceptsarenecessary;while onebeingabout�g©

is sufficient. On theotherhand,
� W

is morefirmly about
!"�

than
�¡©

(which can
beabout

!"� Y�1 ! W ), so
�

appearsto bemorespecificabout
� W

than
�¡©

. In summary,
the rankingof

� W
and

� ©
dependson the importanceattributed to exhaustivity and

specificity. Finally,
� ;

comeslastbecauseit is not in any way relatedto
�

.

With PAS, the purposeis not to establishor not relevance,but to find what argu-
ments,if any, supportor discardrelevance.Following Section3.1,knowledgecanbe
modeledin thePAS framework in thefollowing way:

� � % �M&(!M� � � % ;Ê&Ñ!-;!M� ��, �M& � !); ��, ;Ê& �!M� � / �M&Ñ�Ç� �Ç� ��� �Ê&(!M�! W � / ; &Ñ� ; � ;\���9; &(! W! ��� ! W � / W &(� W � W ��� W &(! ��� ! W! � � ! W � / © &(� © � ©-���V© &(! � � ! W! ��� ! ;\� / Ï &(� Ï � Ï ��� Ï &(! ��� ! W
In Table3.3.6,thetwo symbolicmeasuresof relevancefor eachqueryareshown.

In our example,the reliability of the argumentsis not assessed,but eachquerycan
be ranked accordingto the total numberof argumentsderived for the two measures3d�*8 ��� 
Ç� � = and 3d�*8 � � 
Ç� � = . The ranking is:

� Ï
,
� �

, (
� ©

and
� W

),
� ;

. It is
remarkablethat a rankingof queriesis possibleeven thoughno quantitative measure
is used,andthatit correspondsin anoverallmannerto theintuitiverankingonewould
expectfor thesequeries.Therankingof

� W
and

� ©
dependsontherelativeimportance

accordedby theuserto specificityandexhaustivity, whichmayleadto differentvalues
of assumptionprobabilities.
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Query 3d�'8 ��� 
M� � = 3>�*8 � � 
"� � = # of arguments� � % �¼� / � �q���.,_�
2� ; þ þ
0� W þ � W �.,_�
1�g© % � � / © þ
1� Ï % � � % ; � / Ï 8 �9Ï-�., � = ��8 ��Ï\��, ; = 3

Table 3.2: Supporting arguments for the relevance of
�

3.4 Discussion and related appr oaches

In this section,PAS arediscussedfrom a generalpoint of view. Thenthepasmodelis
comparedwith otherlogicalmodelsof IR.

3.4.1 PAS and other probabilistic logics

Onemaywonderif thereisafundamentaldifferencebetweenprobabilisticlogic,where
probabilitiesareassignedto logical sentences(e.g. �*8 � �¹& � ; =�? m � t ), andPAS
whereprobabilitiesareassignedto assumptionswhich conditioneventsor rules(e.g.� � � % �X;¯& � ;

, �'8 % �>; =Ë? m � t ). Indeedthereis a major conceptualdifference:the
foundationsof PAS arenot propositionallogic but the theoryof evidence. Assump-
tion TruthMaintenanceSystems(ATMS) wereproposedin 1986by deKleerasa way
to integrateuncertaintywithin propositionallogic usingassumptions[dK86]. Later,
Laskey andLehnermadea steptoward the integrationof symbolicandnumericap-
proachesto uncertaintymanagement,by demonstratingthatthereis anequivalencebe-
tweenDempster-ShaferevidencetheoryandATMS [LL89]. This work wasextended
by KohlasandHaenni,who establishedthefoundationsof PAS andassumption-based
reasoning[KH96].

Moreover, PAS built on propositionallogic area specialcasewhereassumptions
andothervariablesarebinary. More generally, PAS canbe built on Finite SetCon-
straint logic [HL98], wherevariablesandassumptionscantake any of a finite setof
values.In anIR context, this canbeusefulfor exampleto assignmorethantwo possi-
blevaluesto relevance.Besides,thereis awholebodyof researchdevotedto optimize
theinferencealgorithmsfor differentcases,andto obtaingoodapproximationsof de-
greesof support.Thereis alsoan implementationof PAS in ABEL, a new modeling
languagefor problemsin thedomainof assumption-basedreasoning[AHKL97] In the
mostgeneralcase,ABEL cancombinebinary, multi-valuedandrealvariables1.

Whenchoosingatechniquefor reasoningunderuncertainty, it is importantto verify
if the inferencesarecorrectaccordingto humanreasoning.PAS, by keepingtrackof
inferences(which are”described”in thearguments),overcomessomeof theproblem
of extensionalsemantics.For example,correlatedcausesdo not combinein thesame
wayasindependentcauses.Also, theuseof assumptionsallowsto modify conclusions
asnew knowledgeis added.

3.4.2 The inf erence netw ork model

In the inferencenetwork model [TC91], relationshipsbetweendocuments,concepts
andinformationneedsaremodeledby aBayesiannetwork, andtheretrieval processis

1ABEL canbedownloadedat: http://www2-iiuf.unifr.ch/tcs/ABEL
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doneby computingtheprobability thatthequeryconceptis metgiventhatsomevari-
ablesareobserved. ThemajordifferencebetweenPAS andBayesiannetworks is that
Bayesiannetworks have a fixed hierarchicalstructure,allowing bettercomputational
efficiency but reducingthesetof allowedinferences.Also, Bayesiannetsasdescribed
in [TC91] do not allow cycles,sothesaurusor hypertext links cannotbe integratedin
thenaturalwayof creatinglinks betweenthevariablesin thenet.

Therepresentationof dependencieswith Bayesiannetworkscanbemoreeconom-
ical thanwith PAS. For example,if binaryvariables/ � to /Zÿ areparentsof variable

�
,

thena link matrix of size
p��Pp ÿ

is necessaryin theoryfor describingthe probabilis-
tic dependency between

�
andits 4 parents.However, with canonicalmatrix suchas

weighted-AND[TC91], oneneedsonly specify 4 parametersto definethelink matrix.
With PAS,onewouldneedthe

p ÿ
rules:

!M� �Ç�����n� ! ÿ � % �M& � ��!M� � �����n� � ! ÿ � % ;P&� � � !M� �|�����V� � ! ÿ � % ;��¹& �
, plus the

p ÿ
rulesfor � � . But eventhatwould not

beenough:backwardrelationshipsarenot implicit in thoserules,while they arewith
Bayesiannetworks.

It appearsthat Bayesiannetworks aremoreconvenientif emphasisis put on the
quantitativeaspectof inferences,if oneacceptsthelack of flexibility of theinferences
allowed(e.g.fixedstructure,no cycle).

3.4.3 Probabilistic Datalog

A well establishedlogical modelis thatof ProbabilisticDatalog,alsocalledDatalog
Ü

[Fuh95, FGR98, RF98, Fuh00]. Datalog
Ü

is basedon first-order logic, which has
beenshown to be a powerful representationschemefor IR. For example, temporal
relationshipsusefulfor videoretrievalor spatialrelationshipsusefulfor imageretrieval
arenaturallyrepresentedwithin this framework [RF98]. And someexperimentson an
imagetest collection by Ounis [OP98] have shown that relationalindexing leadsto
better retrieval effectivenessthan keyword-basedindexing. It appearsthat in some
cases,Datalog

Ü
with independenceassumptionsandPAS make the samenumerical

inferences.Recursive rulesareallowed in bothapproaches,althoughspecialcaution
mustbetakenin Datalogto avoid infinite cycles,while with PAS no specialcareneed
be taken. Also, Datalog

Ü
is limited to Horn clauses,while PAS candeal with any

propositionalsentence.But a point-to-pointcomparisonof PAS with other logical
modelsis not very interesting.

More interestingis thequestionof thechoiceof anappropriatelogic for IR: what
makesa logic a betterchoicethananother? Threepossiblecriteriaare: (1) theability
to representknowledge,(2) the computationalcostof inferences,and(3) the insight
broughtby the logic in the IR process.Obviously, first-orderlogic is clearly a more
powerful representationlanguagethanpropositionallogic,essentiallybecauseit allows
to representrelationsbetweenobjects.In propositionallogic, eachnew statementre-
quiresa new proposition,while with a properontologyfirst-orderlogic is muchmore
compactandreadable.However, predicatelogic involvesin generalheavier manip-
ulations,and it is preferablenot to chooseit when it is not needed.Chapters4 and
5 will show problemswhich can be properly treatedwith propositionallogic using
PAS. Finally, relying on propositionallogic, Sebastiani[Seb98] hasunderlineda mis-
understandingin theuseof logic for IR. Similarly, aclearrepresentationof uncertainty
inside(andnot on top of) propositionallogic, asis donewith PAS, canbring a better
understandingof theunderlyingassumptionswhenmodelingtheIR process.
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3.4.4 The ”possib le worlds” appr oaches

The”possibleworlds” approachesareprobablythemoststudiedoneamongthelogical
approachesto IR. We briefly discusstwo of theseapproaches.

Retrieval by logical imaging is to our knowledgethe only logical approachthat
facedtherealmof theTRECexperiments,apartfrom thePAS approachto retrieval in
hypertext describedin thenext chapter. This techniqueexploits thestatisticalrelation-
shipsbetweentermsto transferthe weight of a term not occurringin a document,to
themostsimilar term(s)occurringin it. Oncetheprobabilitiesof thetermsoccurring
in the documentsareupdated,retrieval is madeasusual. Remarkthat no termsare
added,neitherto thedocumentnor to the queryrepresentation.Logical imagingis a
theoreticalframework for describingprobability transfersbetweenterms,andappears
to beverydifferentin ideologyfrom thePAS approach.

Nie andBriseboisapplieda fuzzy modal logic to queryexpansion[Nie96]. The
expansionprocessis describedasa sequenceof transitionsbetweenworlds, wherea
”world” correspondsto a queryrepresentation,andtransitionscanbe doneby using
thesaurusknowledge. Onetheoreticaladvantageon this techniqueover the PAS ap-
proachis thatthemaximuminferencelengthcanbefixedasa”parameter”.In thePAS
approach,theinferencelengthcannotbedefinedinsidethemodel.

3.4.5 Other logical appr oaches

Therearemany otherlogicalapproaches,andthereis noroomherefor makingacom-
parisonbetweenPAS andall of them. In this section,we selectedapproacheswhich
appear, from our point of view, to be the more relatedwith the PAS approach. If
onewould like to ”locate” PAS amonglogical approachesto IR, PAS couldbeplaced
somewherebetweenapproacheswhichputemphasisontherepresentationof symbolic
knowledge,andapproacheswhich put emphasison the assessmentof uncertainty. It
canbe appliedrathereasily to real problemswithout losing the inferentialpower of
logic.

3.5 Conc lusion

Thischapterpresentedthecoreof thelogicalmodel,andbroughtdifferentjustifications
regardingits adequacy to IR modeling.Thenext two chapterswill presentapplications
of themodel,whichwill beadaptedor sometimessimplifiedto handlethecaseathand.
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Retrie val in hyper text

This chapteraddressesthe problemof usinghypertext links to help retrieval or orga-
nizationof information. Thechapterstartswith a discussionon theapproachestaken
in IR to usehyperlink information,andon the new approacheswhich arenow being
developedon theWeb(Section4.1). ThePAS modeldevelopedin theprecedingchap-
ter will beadaptedto thepresentcase(Section4.2),andwill beextendedto compute
a popularitymeasureor to find hubsandauthoritiesgiven a well-representedsearch
topic (Section4.3). Moreover, specialtechniquesfor assessingtherequiredprobabili-
tiesmustbedeveloped(Section4.4).ExperimentsonthesmallWebtrack(WT) andon
theCACM collectionwill bepresented(Section4.5). A discussionon thepotentiality
of hyperlinksfor retrieval will closethis chapter(Section4.6).

4.1 Appr oaches to retrie val in hyper text

With the widespreaduseof links in hypertext documentsandWeb pages,thereis a
growing interestin viewing hypertext links as additionalsourcesof evidenceabout
documentcontentandrelevance.This is illustratedby 1999Trec’8smallWebtrackin
which17groupsparticipated:oneof thespecificquestionsaddressedby thetrackwas:
”can links beusedto enhanceinformationretrieval?”. However, thestudyof document
relationshipshasnotstartedwith theWeb: bibliographicreferences,for example,have
beenstudiedfor a long time in IR andin infometrics. We will often usethe generic
term hyperlink to designall typesof documentrelationships,becausein our point of
view thereis no fundamentaldifferencebetweenthesedifferenttypes.Any document
relationshipcanbedescribedby a type,a sourcenodeanda destinationnode,eventu-
ally sometext describingthe ”topic” of the link - the anchor. And for any collection
of text containingdocumentrelationshipsstoredin a computer, it is alwayspossibleto
displaythetext with hypertext links correspondingto thesedocumentrelationships,in
orderto allow browsingin thelink structure.In oursense,themaindifferencebetween
thedifferentlinks will betheamountof informationinvolvedaboutrelevance.

In the next two subsections,we reportsomeof the mainclassicalinformationre-
trieval approachesandthemorerecentlydevelopedWebbasedapproachesto integrate
thehypertext structurein retrieval.

43
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4.1.1 Classical inf ormation retrie val appr oaches

Citationslinks canbefoundin variouscollections,mosttypically in collectionsof sci-
entific articleswherelinks betweendocumentscan be createdon the basisof their
bibliographic references,and in legal documentationwherecasesmay refer to an-
tecedents.Otherdocumentrelationshipscanbegeneratedstartingfrom citationlinks :
co-citation,bibliographicandAmslerlinks amongstothers.Wewill notconsiderthese
links becausethey are implicitly containedin the original links. Other typesof link
arethe NearestNeighborslink (NN), establishedby computinga similarity between
documents,andtherelevancelink, establishedbetweendocumentsfoundrelevant for
a givenrequest[Sav95]. Documentrelationshipshave beenmuchstudiedasa source
of evidencefor documentcontentor documentrelevance.Thereareseveralreasonsfor
this:�

Citationindexing is independentof wordsandlanguages,andthusmaypartially
remove the underlyingambiguityof naturallanguage.For example,a relevant
documentwhich doesnot share(enough)index termswith the query can be
retrievedbecauseits is linkedto someof thebestrankeddocuments.�
Hyperlinkscanbeeasilymanagedby computersbecausethey usuallyfollow a
strictgivenpattern,at leastin standardizedcollections.Howeverthismaynotbe
alwaystrueon theWeb.�
In somecases,links addnew anduniquecapabilities.For example,beforepre-
sentinga caseasa precedent,the lawyer mustmake surethat a givendecision
hasnot beenoverruled,reversed,or limited in someway.

However, asnearlyeveryothersourceof knowledgein IR, hypertext links represent
abodyof knowledgewhichhasmoreor lessreliability uponthecircumstances.Linked
documentsmay have vagueor distantrelationships,or only somepartsof themmay
concernthesametopics.And if a link canbevalid for a requestaddressingthetopics
sharedby thetwo documents,it canbemisleadingfor requestswhicharenot relatedto
thesharedtopics. This leadsto considerhyperlinksasprobabilisticevidencethat the
documentsarerelevant togetherto thesameinformationneeds.For example,Martyn
[Mar64, p.236]prefersto definebibliographiccoupling(two documentssharinglinks
to thesamedocuments)as:

”an indicationof theexistenceof theprobability, valueunknown, of rela-
tionshipsbetweentwo documents.”

Thesameway, Cleverdonquestionsthe relevanceof citation links [CMK66, Vol-
umeI, page30]:

”It may be concludedthat abouthalf the referencesin an author’s paper
arenot includedin connectionwith themainproblemof thepaper, a fact
which may assistexaminationof the possibilitiesandlimitations, of the
bibliographiccouplingandcitationindexing.”

Roughly, approachesto the useof links in IR canbe divided in two classes.A
rangeof approachesassumesthat links areevidencethattwo documentssharesimilar
contents.Links arethenusedto enhancedocumentrepresentations.Anotherrangeof
approachesmakesa further step: if a link is evidencethat the two documentsshare
similar content,thenby extension,it is evidencethat they shouldbe relevant to the
samerequest.Links canthenbe usedto rerankdocumentsafter propagationof the
documentscores.We show now examplesof thetwo approaches.
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Links to modify document score and rank

In this typeof approach,a link from adocument
� �

to adocument
� ;

canbeconsidered
as evidencethat the contentsof

� ;
might be (partly) similar to the contentsof

� �
.

Consequently, if
� �

is relevantto acertaininformationneed,thenthiscanbeconsidered
asuncertainevidencethat

� ;
is alsorelevant to the sameinformationneed. In other

words,
� �

beingrelevantincreasestheprobabilityof
� ;

beingrelevant.
� ;

shouldthen
beplacedat a betterplacein theranking,reflectingthis upgradedprobabilityof being
relevant.

The generalschemeis to take an initial rankingandto rerankit asfollows. The
retrieval engineprovidesa ranking of documentsbasedon their similarity with the
query. It is assumedthat the links have not beenusedto producethis ranking. In a
secondstage,the retrieval systemtakesaccountof the incomingandoutcominglinks
relatedto thefirst z best-rankeddocuments( z canfrom 5 or 10upto 200documents,
dependingon the techniqueused).This way, the retrieval systemmustonly consider
theevidencebroughtby a smallfractionof all availablelinks.

Thereare different ways to implementthis idea. One widely usedis basedon
spreadingactivation [CT87]. Simply stated,the initial retrieval statusvalue(RSV) of
a document

�
, ashandedout by theretrieval system,is updatedby theweightedscore

of its z neighborsthroughacertainnumberof cycles.Theneighborscanbeciting but
alsociteddocuments.TheRSVof

�
at cycle ��} r is computedby thefollowing:

����� 8 � ���'� =\?l�	�
� 8 � � = } K�	dc �
� 	
�	�
� 8 � �	 = (4.1)

The parameter� 	 can be seenas the degreeof certaintyregardingthe evidence
providedby the incominglink from

�S	
to
�
. It canbe a fixed valueaccordingto the

link type,or mayvaryaccordingto ameasureof similarity betweenthedocumentsand
thequery[FS95, Sav97].

Theunderlyingassumptionof a repeatedpropagationthrougha certainnumberof
cycles is that documentsmay have direct but also indirect influenceson eachother
throughthelinks. Indeed,if theRSVof adocumentdependson theRSVof eachof its
neighbors,theirRSVdependin turnontheRSVof theirneighbors,andsoon. In away,
thisrepeatedpropagationcanbeseenasaninferenceprocess,thoughwith noguarantee
that the inferencesare always appropriate.However, the numberof cycles is often
limited to one; andmorethanonecycle is usuallyharmful to retrieval effectiveness
[Sav97].

The spreadingactivation principle hasat leasttwo major advantages: (1) it can
be easily understoodand its applicationis straightforward, and (2) it can be added
to the output of a retrieval systemwithout any modification. However it hassome
weaknesses:(1) thevaluesof parametersmustbewell chosen,and(2) the formula is
mostlyintuitiveandcannotbejustifiedby any modelof IR.

Enhancing document content

The inferencenetwork model [TC91] considersdocumentrelationshipsas possible
probabilisticdependencies.However, thesedependenciescannotbedirectly encoded
by links betweendocumentsin the inferencenetwork, becausethis would createthe
risk of having cycles,which arenot allowed in inferencenets. The documentrela-
tionshipsarethenusedto enhancethecontentof documents.Take thesetof terms

$
containedin a document

� �
thatcitesa document

� ;
. Themethodof Croft andTurtle
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[CT93] consistsin extending
� ;

’s representationby (a) assigninga belief to theterms
of
$

not initially containedin
� ;

, and(b) eventuallyincreasingthebelief of theterms
of
$

alreadycontainedin
� ;

’s representation.An improvementof 6% over thebase-
line is reported,but it mustbesaidthatthebaselinecanbeconsideredveryhighfor the
CACM collection,on which experimentsweredone[CT93]. However, they conclude
in a pessimisticway that the increasein retrieval effectivenessmay not be worth the
extra work in implementation,andthecostof nearlydoublingthesizeof the inverted
file (thefile containingfor eachof theindexing terms,thedocumentsthatcontainit).

Our modelingwill bothbe influencedby the inferencenetwork andspreadingac-
tivationmodeling.As in theformer, documentrelationshipsareconsideredby proba-
bilistic dependencies.And asin thelatter, theserelationshipsarecombinedto aninitial
rankingof documentsto computeanew (hopefullybetter)ranking.

4.1.2 Web-based appr oaches

Comparedto standardizedanddelimitedcollectionsmadeof scientificarticles,news
stories,legal or medicaldocumentation,the Web is quite disorientingin several re-
spects.We review first someof thecharacteristicswhichmake theWebsopeculiar:�

Sizeand evolution. TheWebis by far the largestcollectionof storedinforma-
tion, containing800million Webpagesin dateof February1999[LG99], andit
is increasingat a rateof a few million Webpagesa day. At thesametime, it is
estimatedthat1% of theWeb changesevery week. At presenttime, we do not
know for how muchtime will last its exponentialprogression[RRS98]. Search
enginesarefor the moment”losing the race”, astheir relative coverageof the
Webseemsto diminishwith time [LG99].�
Indexing. Webpagesmayvary from a few wordsto megabytes,suchthatclas-
sical indexing procedures(seeSection1.1.3)mayproduceunpredictableeffect:
it is reportedin [BL98] thatto arequeston ”Bill Clinton”, amajorsearchengine
returnedin first position a documentcontainingonly the words ”Bill Clinton
sucks”with an imageof Bill Clinton (which is prettynaturalregardingtheway
the vectorspacemodelworks). Moreover, the assumptionthat indexing terms
aregoodsourcesof evidenceconcerningthetopicsof adocumentis notasmuch
verified asin morestandardtext collections,becauseoften the choiceof word
is not innocent.Peoplewho designWeb pagesmayhave specificobjectivesin
mind,which arereflectedin their choiceof words.For exampleit is reportedin
[otCP99] that theIBM company, which orientatesitself towardsa servicecom-
pany, avoidstheusetheword ”computer”on its homepage.And becauseof the
commercialimpactof having its site beingoften returnedto the user(whether
it is relevantor not to its informationneed),tacticsto influencethe rankingof
searchengines,called”spamming”or ”the searchenginepersuasionproblem”
[Mar97] arewidespread.In summary, oneof the basicassumptionsof text re-
trieval, thattheconceptsor topicsof a documentcanbe”told” from thetermsit
contains,is possiblylessvalid on theWeb,at leastin somecases.�
Scope. The kind of information (or sometimesdisinformation)which can be
found hasvirtually no limits: in a click, onecanfind commercialinformation,
scientificpapers,datarepositories,propagandaor theWebpagesof his friends.
This seriouslylimits the potentialuseof techniquesdevelopedin IR for using
domainknowledge,andaggravatesthepolysemyproblemsincewordsareoften
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usedin everypossiblemeaning.For example,awordsuchas”parallel” is likely
to haveaspecificmeaningwhenfoundin collectionof computersciencearticles,
but on theWebit cantakeall imaginablesignifications.�
Users and information needs. Web usersoften do not know the principles
to make an effective searchanddo not understandthe underlyingprinciplesof
searchengines.They areoften ”lazy” to formulatepreciselytheir information
need,andmostqueriesarevery short (oneor two terms). Many userswould
expect to find relevant information from a requeston ”cars”, while thereare
more thaneleven million pagescontainingthat term in Altavista’s index, and
Yahoo!classifiesthe”car” topic in morethan50 differentsubtopics.Moreover,
therearevery differenttypesof informationneedson theWeb,which influence
theway therequestshouldbeanswered.For example,a usermaybeinterested
in commercialinformationonaproduct,maywantapreciseanswerto aspecific
question(”What is theheightof Mont Blanc?”),accessto a setof resourcesfor
browsing,or find determinantinformationonacertaintopic. Eachof thesetypes
of informationneedrequiresa differenttypeof answer.�
Miscellaneous.TheWebhasmany specificcharacteristicswhicharenotalways
foundin morestandardIR collection,suchasmirror Websites,text in multiple
languages,little controlof theHTML syntaxby theWebpagescreators,etc.

If theuserhasa prettyclearideaof the topic he is looking for, andif the topic is
sufficiently representedon theWeb,hemayfind whatheis looking for in hierarchical
classificationssuchasYahoo!. More andmoresearchenginescomenow with those
classificationswhich werecreatedandmaintainedup to now by humans.However the
humancostof purely manualorganizationof informationdoesnot make it a viable
option at long term,becausethe Web pageschangecontinuouslyandnew categories
or ”cyber communities”appeareverydayon the Web. And as reportedin [Mar97],
”repositoriesarenow themselvesresortingto searchenginesto keeptheirdatabaseup-
to-date”.Moreover, althoughtheinformationcanmoreeasilybefound,theusermust
still browsein a hierarchyto find it, andfor many topics it is not so obvious where
they shouldbeclassifiedin thetaxonomy. Anyway, althoughtheseclassificationsare
veryhelpful, thereareapotentiallyinfinite numberof queries,whichcannotobviously
be handledby any classification.So, arewe doomedto spendmoreandmoretime
searchingfor information,astheWebgetsbigger, morediverseandevenmoredifficult
to organize?

At presenttime it is not reallypossibleto provideananswerto sucha question,al-
thoughthereis anoptimisticview thattheimprovementof resourceswill gofasterthan
thegrowth of theWeb. However thereis a potentiallyvery valuablesourceof knowl-
edgefor organizingand finding information: the few billion hypertext links which
”glues” theInternet.TheWebwould not bewhat it is without theselinks, which after
all arethepathswhich leadto information.Browsingis for many userstheusualway
to find ”nearby” information,andasquotedin [Mar97]:

”The power of the Web residesin its capabilityof redirectingthe infor-
mation flow via hyperlinks,so it shouldappearnatural that in order to
evaluatetheinformationcontentof aWebobject,theWebstructurehasto
becarefullyanalyzed.”

TheIR communityhasacknowledgedthepotentialbut limited utility of thedocu-
mentrelationships.TheWebcommunityseemsto bevery optimisticon thepotential
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usefulnessof thehypertext structureto helporganizeandfind informationon theWeb.
This view is encouragedby recentexperimentswhich seemto confirm that hyper-
links canbeveryvaluablein locatingor organizinginformation[Mar97, Kle98, BL98,
CdBD99, Bh98]. And accordingto Chakrabatiet al. [CdBD99, p. 550-551]:

”Citationssignify deliberatejudgmentby thepageauthor. Althoughsome
fraction of citationsarenoisy, mostcitationsare to semanticallyrelated
material.Thustherelevanceof apageis areasonableindicatorof therele-
vanceof its neighbors,althoughthereliability of this rule fallsoff rapidly
with increasingradiusonaverage.Secondly, multiplecitationsfrom asin-
gle documentarelikely to cite semanticallyrelateddocumentsaswell.”

We now review two of themostrepresentative andpopularapproachesdeveloped
for handlinghyperlinksin thecontext of theWeb.

Estimating the popularity of a Web page

The PageRankalgorithm,usedin the Googlesearchengine(www.google.com)con-
sidersthatusershave anabsolutepreferenceamongWebpages:themorea Webpage
is visited, the moreit is appreciatedby the users.It is not possibleto have accessto
the logsof theservers,but it is a reasonnableassumptionthat thepreferenceof users
is reflectedin thehypertext structure:a link towarda Webpageis oftenan indication
thatthis pageis acknowledgedby someoneasagoodsourceof information.A simple
way to implementthis ideawouldbeto countthenumberof timesaWebpageis cited.
Microsoft’s homepage,surelyoneof themostvisitedpageon theWeb,is citedmore
than23 million timesin Altavista’s index (probablymuchmorein reality). However,
eachlink shouldnotbetreatedequally, sinceits impactalsodependson thepopularity
of theparentnode:apagecitedonly a few timesbut which is in Yahoo!’s index would
certainlybequitepopular. Thusthepopularityof apagealsodependsonthepopularity
of thepagesthatcite it.

The ideabehindPageRankis thata userwho crawls theWebby selectingthehy-
perlinksatrandomis morelikely to visit certainWebpagesthanothers,simplybecause
therearemorepossiblewaysby which the usercanreachthesepages.It is possible
to modelthis asa Markov process,wherethestatesof thesystemareeachof theWeb
pages.To computethe matrix of transitionprobability, the assumptionthat the user
will chooserandomlyoneof the

0 ÿ outcominglinks of the Web page: the transition
probability to eachof the destinationpagesis then

r�RS0 ÿ . The measureof popularity
of a Web Page,its PageRank,is given by the stationaryprobabilitiesof this Markov
process- the limit probability that theuserwill beon a certainpage.ThePageRanks
arecomputedverysimplyby aniterativealgorithm,whichconvergesaftera few steps.

Thisalgorithmis criticizedbecauseit biasestheaccessto information[LG99]. The
”perverse”effectof PageRankis thatit will pushpopularpagesto getevenmorepop-
ular, andnearlyunknown (unlinked)Webpagesto stayunknown. As saidin [Mar97],
”visibility is likely to be a synonym of popularity, which is completelydifferentthan
quality, andthususingit to gainhigherscoreis a ratherpoorchoice”.

We will show how analternative interpretationof popularity, morecenteredon the
notionof relevance,canbeimplementedin thePAS approach.
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Finding hubs and authorities

Up to now, we have alwaystalked of documentsbeing”relevant” or ”non relevant”
to an informationneed. However the Web is so large in scopethat it is sometimes
advisableto first clusterWeb pagesaccordingto moregeneralsearchtopics,andto
redirectthe userinto the clusterin which he will most likely answerhis information
need.This is theprinciple of theYahoo! repository. Therearemany requestson the
Web suchas ”Mountain biking” or ”Human rights” for example,whereina useris
moreinterestedin having goodstartingpointsfor browsing in orderto learngeneral
informationonthesedomains.Givenacertainsearchtopic, it is possibleto distinguish
two typesof potentially”relevant” pages:authorities andhubs. Authoritiesarepages
whichcontainhighqualityandexhaustiveinformationonthetopic,andhubsarepages
which containlinks to theauthorities,thusgiving accessto theinformation.

How canwefindhubsandauthorities?Theideaof Kleinberg’sHITSalgorithm[Kle98]
is to considerarootsetof usually200documents,composedof themostlikely relevant
documentsto a giventopic. These200documentsarefoundwith a traditionalsearch
engine. This root set is expandedwith all documentswhich point to or arepointed
by thesepages,to form the basesetin which authoritiesandhubswill be found (the
expansioncanbe donetwice to have a largerbaseset). Thentheconnectivity of this
baseset is usedto find the besthubsandauthorities.The assumptionis that a good
authority is a pagewhich haslinks from many goodhubs,anda goodhub is a page
which haslinks towardsmany goodauthorities. The algorithm hassomesimilarity
with PageRankin that the quality of a pagedependsrecursively on the quality of the
neighbors.

This ideais implementedasfollows. For eachdocument
���

in thebaseset,a hub
score­ � anda authorityscore% � arecomputed.Theinitial scoresaresetto 1, but the
final resultis not sensitive to any nondegeneratevaluesof initial scores.Thenthehub
andauthorityscoresareupdatediteratively, by respectively thesumof authorityscores
of its child nodesandthesumof hubscoresof its parentnodes.Theupdatingequations
are:

­ � ? �G����ÇG�� % �
% � ? �G���� G�� ­ �

Kleinberg showed that the scoreswill convergeif the scoresarenormalizedafter
eachstep. The exact scoresarenot so important,sincethe useris presentedwith a
ranked list of hubsandauthorities:it is reportedin [CDR

�
98] that after 5 stepsthe

orderingof hubsandauthorityscoresusuallydoesnot changeanymore.
The algorithmhasbeenimprovedsinceKleinberg’s initial proposal,by consider-

ing weightedsumsof hubsandauthorityscores.threetypesof weighthave beenap-
plied with positive effect, (a) a measureof appropriatenessof thehyperlinkmeasured
by the numberof wordsin its vicinity sharedwith the searchtopic [CDR

�
98], (b) a

normalizationby thenumberof links betweenthe correspondingURLs of thesource
anddestinationnodes,to avoid mutuallyreinforcingrelationshipsbetweentwo URLs
[Bh98], (c) theinitial similarity of thedocumentto thesearchtopic [Bh98].

We will seesomeof the weaknessesof this techniqueto estimatethe hub and
authorityvaluesof aWebpage,andhow aPAS modelingof thisproblemmayprovide
a solutionto it.
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4.2 The hyper text retrie val model

4.2.1 Conver ting hyperlinks to kno wledg e

A link from document
� �

to
�S	

is evidencethattheircontentsis similaror related:from
ahypertextualrelationship,wewish to deriveaninformationalrelationship.It canthen
beinterpretedasevidencethatauserpossessingtheinfonscontainedin

� �
will possess

the infons containedin
�S	

, andsimilarly that a userpossessingthe infons contained
in
�S	

will possessthe infons containedin
� �

. In that sight it is naturalto convert a
hyperlinkfrom

� �
to
�U	

to:

� �u�.0:� 	 & �Ç	
(4.2)�Ç	 ��0 	 � & � �

Previousresearchhasdemonstratedthatfollowing thelinks backwardmayprovide
asourceof informationof comparablevalue,andthisis thereasonwhy thelink induces
alsoa rule in the backward direction. The assumption

0 � 	
canbe understoodas the

uncertainconditionunderwhich thehyperlinkfrom
� �

to
�S	

impliesan informational
link, which holdswith probability �'8 0 � 	�= . This probabilitycanbeseenasan indicator
of thequality of thelink. If theconditionholds,thenwewill considerthehyperlinkas
being”valid”.

It is also possibleto make the passagefrom a hypertextual to an informational
relationshipdependentoncertainexternalconditions,suchascertainconcepts:

!)� � ! 	 & 8 � � ��0 ���¬& � � =
(4.3)!)� � ! 	-� � � ��0 ���+& � �
(4.4)

This kind of relationshipis useful to introducethe context in the applicationof
hyperlink knowledge. For example,supposethat

� �
is a documentabout’ski resorts

in Europe’, with a hyperlink towards
� �

, a documentabout’ski stationsin Switzer-
land’. The hyperlink appearsadequateif the userseeksdocumentsabout’skiing in
Switzerland’, but not if he seeksdocumentsabout ’skiing in France’. If the con-
cepts

! �
and

! 	
denoterespectively the conceptsof ’ski’ and’Switzerland’, the rule! �s� ! 	 � � �"��0 ��� & � �

will applyonly for thequery’skiing in Switzerland’.
Theprobabilities�*8 0 � 	�= and�'8 0�	 � = areassessedin awaythatwill beexplainedlater.

We now seethe variouswaysin which this knowledgecanbe interpreted,depending
on thewaywe wantto useit.

4.2.2 Enhancing document content

If the knowledgeinducedby the links is includedin the generalPAS model where
conceptsaredesignatedby thesymbols

!)�
, theireffectwill beequivalentto enhancing

documentcontent. Supposethat thereis a link from
� �

to
�Ç	

(
� �*�Å0:� 	 & � 	

),
and that

�Ç	
is about

! �
(
�Ç	 � % 	 � & ! �

). By resolvingthe two rules, it follows
that:

� �'��0:� 	 � % 	 � & ! �
. Thentherearetwo possiblecases.If thereis no other

(textual) evidencethat
� �

is about
! �

, the supportfor
! �

given
� �

asevidenceis:3d�'8 ! � � 
9� � ��=a?Â0:� 	 � % 	 � . If thereis atextualevidencethat
� �

is about
! �

, represented
by
� � � % �I�g&Ñ!"�

, thenthesupport
!"�

becomes:3d�'8 !)�q� 
-� � � =\? % �I� �@8 0 � 	�� % 	 � = .
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Theeffectof links is clearlyto addnew conceptsin thedescriptionof thedocument,
or to increasethe weight of existing ones. This approachis quite similar to the way
hyperlinksaretakeninto accountin theinferencenetwork approach[CT93]. However
in this approachthe links arenot interpretedin a transparentway. On theotherhand,
logic is notreally indispensableif thegoalis only to extendadocumentrepresentation.

4.2.3 Modifying the rank

Takeaninformationneedrepresentedby aproposition
�

, andaretrieval systemwhich
outputsa rankingof documentsto

�
. If the links have not beentakeninto accountin

thecomputation,thenit is possibleto usethemto postprocessthis ranking,in orderto
have a hopefullybetterrankingof documents.In thatsight, the initial rankingcanbe
interpretedasuncertainevidencethat the informationneedis aboutthedocument,or
thatthedocumentis abouttheinformationneed:

% �*& 8 �y& � � =
(4.5), �+& 8 � �'&(� =
(4.6)

Theprobabilities�'8 , � = and�*8 % � = thattheretrieval system”wasright” in retrieving
document

� �
dependon the rank or scoreof the retrieved document. For example,

the initial evidenceon a documentrankedfirst is strongerthanon a documentranked
100th.

Thereare two waysof taking the knowledgeinducedby hypertext links into ac-
count,whetherweusethe

� &(�
or the

�y& �
approach.Sinceahyperlinkfrom

� �
to
� ;

producesarulefrom
� �

to
� ;

andonefrom
� ;

to
� �

, thenit canbeseeneasilythat
thetwo approachesleadto anequivalentform for thesymbolicsupportof documents:
to find thesupport3>�*8 ��� 
)� � = from 3d�'8 � � 
)� � = , onemustonly changethe % � ’s by,Z�

’s,andthe
0:� 	

by
0 	 �

. Howeverthenumericalresultcanbedifferentif theprobabilities
assignedto thereplacedassumptionsaredifferent.

Thereis no conceptualdifferencein applyingeitherthe
� &¾�

or the
�B& �

interpretationof relevance.But for thefollowingwepreferto adoptasimplerandmore
naturalformulation. In that formulationproposition

� �
means”document

���
is rele-

vant”. Theproposition
� �

is thenrelatedto a clearlydefinedevent,relevance,andthe
proposition

�
is not needed1. Theuncertainevidenceprovidedby theretrieval system

is modeledassomeuncertaina priori knowledgeon the relevanceof the document:% �Ê& � �
. The rulesto representhyperlinkknowledgeremainthe same.The propo-

sition
�

is not neededanymore. To evaluatea document’s relevance,we computeits
symbolicandnumericalsupport 3>�*8 � � 
V= and

� 3d�'8 � � 
V= . Next subsectionshows an
example.

Dealing with cycles

To illustratehow PAS dealwith cycles in the hypertext network, take the following
PAS:

� ? � % � & � � � % ; & � ; � % W & � W � � �-�¯0Æ�>; & � ; � � ;"�¯0:; W & � W � � W �0 W � & � � �
. Clearly, thereis a cycle

�q�M½Ä��;Ê½Ä� W
. DoesPAS dealwith sucha cycle,

and avoids infinitely circular arguments?Take the caseof
� �

. The supportof
� �

is: 3d�'8 � � � 
V=�? % � �^8 % W �|0 W �Z= �l8 % ;P�|0:; W �|0 W �_= . Onemight askwhy argument
1We couldhave useda new symbolsuchas ��� , but for the restof this chapter,

Õ � will keepthesame
meaning,suchthatthereshouldbenoconfusionfor thereader.
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% W �@0 W � �¯0 �>; �¯0 ; W �¹0 W � , correspondingto argument% W �¹0 W � with onecycle, would
not beanargumentfor

� �
? In fact, it is! But it is implicitly ”contained”in argument% W �@0 W � : 8 % W �¯0 W r�= �|8 % W �¯0 W � �@0 �X; �¯0 ; W ��0 W � =M? % W ��0 W � , suchthat thesymbolic

supportwouldnot bemodifiedby theadditionof this ”cyclic” argument.
More generally, if ® is a minimal argumentfor hypothesis­ (seeChapter2) and® � / is thesameargumentwith oneor morecycles,we have: ®.�|8n® � / =)? ® , such

thattheadditionof ® � / will notmodify thesymbolicsupport.In asense,thesupport
canbesaidto containimplicitly all ”cyclic” arguments.

4.3 Extensions to the model

Thissectionproposestwo extensionsto themodel,to computeameasureof popularity
of documents,or to find hubsand authoritiesgiven a well representedtopic in the
hypertext collection. Themodelshave not beenexperimented,but they illustratethat
thePAS approachcanservefor processingthehyperlinksin avarietyof ways,andlead
to abetterunderstandingof theintuition behindacertainwayof processinghyperlinks.

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

The PageRankalgorithmmakesthe hypothesisthat the probability to be on a given
Webpagewhencrawling randomlyon theWebis ameasureof its popularity. Wehave
a slightly differentideaof ”popularity” in mind: to our advice,thefrequency at which
a pageis visitedis not necessarilyanindicatorof its relevance,especiallyto someone
who looks for a precisepieceof information. TheMicrosoft front page,possiblythe
mostupgradedby thePageRankalgorithm,will not beof any interestfor many users.

It is neverthelessinterestingto studyif the connectivity of a pagecontainssome
information on its a priori probability of being relevant to an informationneed. In
thatpurpose,we cankeepthemodeldevelopedin theprecedingsection,andcompute
thesymbolicsupportof eachdocument.Therulesinferredfrom following thehyper-
links backwardshouldbekept,sincethey do tell ussomethingabouttherelevanceof
documents(seeSection4.4). Remarkthat thePageRankalgorithmdoesnot consider
links backward,ontheassumptionthattheuserdoesnothaveaccess(in general)to the
incominglinks of a Webpage.

Fromthis point of view, it seemsappropriateto define
� �

as”document
� �

is pop-
ular”, with the equivalentrules: % �~& � �

and
� � ��0 � 	 & � 	

. Thesupport 3d�*8 � �>� 
V=
canthenbe interpretedasa symbolicmeasureof the popularityof the page

���
. The

probabilityof eachassumptionareparametersthevalueof which canbemodulatedto
fit atbesttheuser’s interest.For example,it is possibleto evaluateseparatelytheeffect
of theneighborsandindirectneighborson thepopularityof a page.

4.3.2 A model for computing hub and authority scores

In Kleinberg’salgorithm,theauthority/hubscoreof adocumentdependsonthehub/authority
scoresof its neighbors.In a sense,the algorithmhasan ”objective” justificationbe-
causeit findssomeintrinsic propertiesof a setof linkedpages.However, we believe
therearesomeweaknessesin this algorithm,which arenot apparentbecausetheway
thealgorithmworksis not transparent,notwithstandingacertainmathematicalcleanli-
ness.A logicalmodelingof theproblemcanbringsomeinsightson theseweaknesses,
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andon the way they canbe solved. The mostobviousweaknessis that (1) although
supposedly”objective”, the final resultdependson the baseset(thechosensubsetof
thefull graph),which in turn dependson theinitial subsetchosen,which is arbitrarily
setto the200bestrankeddocumentsgivenby acertainsearchengine.Thismakesalot
of arbitrarychoicesfor an”objective” measure.Sinceno comparative studyhasbeen
published,wedonotknow if changingthesedegreesof freedomwill affectgreatlythe
final result. Also, (2) the initial rankingof documentsis not usedasprior evidence,
while clearly an initially betterrankeddocumentshasmorechancesto be relevant 2.
And (3) althoughtheweightof eachlink canbemodulated,it is not clearif a simple
additionof thecontributionof eachneighboris appropriate.

In the modelingwith the PAS framework, we assumethat being a good hub or
authoritycanbemodeledby a binaryvariable.This canbesupportedby thefact that
the binary relevancescaleis privilegedby the IR community, amongotherproposed
relevancescales.For a document

� �
, proposition� � denotes”document

� �
is a good

hub” and
� �

denotes”document
���

is a goodauthority”.
We considerthat thereis initial evidence­ � that

� �
is a goodhub,and % � that it is

a goodauthority.

­ �'& � �X� % �*& � �
(4.7)

Theprobabilities�'8n­ � = and�*8 % � = canbeassessedwith trainingdata.Theestimation
canbe madeusinga logistic regression,in a way similar to the techniqueshown in
Section4.4.

As in Kleinberg’salgorithm,wemaketheassumptionthatif adocument
���

is cited
by a goodhub

� 	
, thenthis is evidencethat

���
is a goodauthority. We havethen:

� 	 ��� 	 � & � �
(4.8)

where
�U� 	

denotestheproposition”document
�9�

is agoodauthorityif document
� 	

is a goodhub”. And similarly, if a goodauthority
� �

is cited by a document
�U	

, then
this is evidencethatthat

�U	
is agoodhub:

� � � 6 � 	 & � 	 (4.9)

where
� � 	

denotestheproposition”document
�S	

is a goodhubif document
� �

is a
goodauthority”.

With this model, thereis no needto determinea baseset. It hasnot beenim-
plementedyet: althoughauthoritiescanbe looselyassimilatedto documentsjudged
relevant, onedifficulty is that thereis no testcollectionwhich makesthe distinction
betweenhubsandauthorities.Thefew evaluatingexperimentsdonein thisareado not
respecttherigorousIR standardandpreventdefiniteconclusionsto bemade.

4.4 Computing probabilities

Documentsare ranked accordingto their degreeof support,which dependson the
probabilitygivento assumptions.Correctestimatesof theseprobabilitiesis thencru-
cial. We show now a possibleway to estimatetheseprobabilities,with someresults
obtainedfrom usingtheCACM andWT collections.

2Theinitial documentscoreis 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 �'8 % �{= in % � & � �
, where

� �
means”document

�9�
is rel-

evant”, we make useof someof the informationhandedout by the retrieval process,
suchaseachof thedocument’s rank 1 � or score 3 � . To estimatethis probability, con-
siderthatif documentswerenotconnected,% � wouldbetheonly ”argument”for

� �
and

clearly: 3d�'8 � �X� 
V= ? % � , and
� 3d�*8 � �>� 
V= ? �*8 % � = . Documentswould thenbe ranked

accordingto �'8 % � = .
It seemsthennaturalto assess�*8 % � = on thebasisof theevidencehandedoutby the

retrieval system:�'8 % � = is estimatedby �*8 � � ? 1�[ 0 [
�f% 4 � � 3 �>� 1 � = . Thisprobabilitycanbe
assessedby fitting a logistic regressionto a sampleof trainingqueries[CS00]. In our
experimentswith theCACM andWT collection,we usedonly rankastheexplicating
variable,becausetheprobabilityof relevanceis morestablewith therankthanwith the
score.Figure4.1 shows samplingestimatesfor theprobabilityof relevancegiventhe
rank,andthefitted logistic regression.Thescoremayprovide additionalinformation
of interest,but this featureis highly correlatedwith the rank. A probability of 0 is
assignedto a documentnot beingretrieved.

4.4.2 Computing link assumption probabilities

In theuncertainrule
� � �@0 � 	 & � 	

, �*8 0 � 	�= representstheuncertaintyassociatedwith
the knowledgethat (the relevanceof)

� 	
canbe inferredfrom (the relevanceof)

� �
,

and �'8 0 � 	U= representstheuncertaintyassociatedwith this event. Fromthatviewpoint,
a probability of 0.2 would meanthat in 20% of the requestswhere

���
is relevant,

� 	
is alsorelevant. It is thennaturalto associate�'8 0:� 	 = with the conditionalprobability�*8 � 	 ? 1�[ 0 [
�f% 4 � � ���Ê? 1�[ 0 [
�f% 4 � = . This probability canbe assessedon a sampleset
of querieswith relevantdocuments,by computingthefractionof timethatadocument
linkedto arelevantdocumentis in itself relevant.Obviously, thehighertheprobability
of documentrelevance,thegreaterthelink’s informationaboutrelevance.Thecompu-
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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 probabilityalsogivesanideaonwhatcan(andcannot)beexpectedfrom
links.

A possibletechniquefor estimatingthis link probability is describedbelow. Based
onasetof queriesalongwith theirrelevanceassessments,wecomputefor eachrelevant
documentthe fractionof linkeddocumentsthatarethemselvesrelevant,andthenwe
computetheaverageof this fractionfor all queries(Algorithm 1). An objectionto this
methodis thatsomedocumentsarelinkedto morethanonerelevantdocument,andthus
will have a higherprobability of beingrelevant. To avoid an overly biasedestimate,
we exclude thesedocumentsfrom the computation,and computethe probability in
the sameway asAlgorithm 1 (Algorithm 2). Finally, the link probability might vary
largely betweenqueries,mostly becausethe numberof relevant documentscanalso
vary by oneor even two ordersof magnitude. In order to keepa few queriesfrom
dominatingthecomputation,we take Algorithm 2 but computethemedianinsteadof
themean(Algorithm 3).

From Table4.1, onecanfind that dependingon the algorithmused,the estimate
mayvary greatly. Theexperimentspresentedbelow make directuseof this probabil-
ity, andwork betterfor the smallestestimatesfound with Algorithm 3. This finding
suggeststhat this valueis a betterestimateof the link’s probability. It is lower than
equivalentestimatesfoundwith theCACM collection,which canbeexplainedby the
fact that bibliographicreferenceswhich have someintellectualjustification, contain
higherquality informationthanhyperlinks.

4.4.3 Semantic link probabilities

Fixedprobabilitiesmaynotbeverysatisfying,becauseclearlysomelinks arein general
moreappropriatethanothers,andlinks aremoreor lessappropriatedependingon the
context (the context is the user’s information need,representedby the query). We
have adapteda techniquedevelopedby Frei andStieger [FS95] which dealswith the
semanticof thelinks, to thecomputationof individual link probabilities.Chakrabatiet
al. [CDR

�
98] have alsoconsideredthesimilarity betweentheanchorof thehyperlink

andthe requestwhenpropagatinghubandauthorityscores.We may regardherethe
similarity asa variablewhich affectstheprobabilitythatthelink will imply relevance.

The computationof this probability shouldtake into accounttwo factors: (1) the
generalappropriatenessof thelink, and(2) its adequacy to thepresentquery. Let usde-
note 3
�5z�8 �f� � ��;�= asthecosinesimilaritybetweendocuments

�q�
and

�9;
, computedfrom

the intersectionbetweentheir indexedrepresentation.Also, 3_�5z|8>8 �f� � ��;
= � � = denotes
the cosinesimilarity betweenthe link from

�q�
to
�9;

, representedby their combined
indexes,andtherepresentationof thequery � .

Intuitively, thegeneralappropriatenessof a link betweentwo documents
�q�

and
��;

shoulddependon thedegreeto which they sharesimilar terms,which is measuredby3
�5z|8 �q� � �9;�= . And theappropriatenessof thelink for a precisequeryshoulddependon
thedegreeto which thequeryandthe link betweenbetweenthetwo documentsshare



56 Chapter 4.

sim(d1,d2)    

sim((d1,d2),q)

Average value 

0 0.05 0.1 0.15 0.2 0.25
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

Similarity

P
ro

ba
bi

lit
y

Figure 4.2:
� 8 � 	 ? 1U[ 0 [���% 4 � � �9�+? 1U[ 0 [���% 4 � = vs 3
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�5z�8d8 � �U� � ; = � � = . ”Cited” links, CACM collection.

similar terms,which is measuredby 3
�5z�8d8 � ��� � ; = � � = .
In ourexperiments,links wererepresentedby thetenmostrepresentativekeywords

of eachof thedocuments.For eachlink from arelevantdocumentto anotherdocument,
thetwo cosinesimilaritiesarecomputed.As explainedbefore,we consideronly doc-
umentslinkedto oneandonly onerelevantdocument.On Figure4.2, theprobability
that

�U	
is relevantif

� �
is relevant, �'8 �S	 ? 1�[ 0 [
�f% 4 � � � � ? 1U[ 0 [���% 4 � = , is computedfor

four setsof binnedsimilarities.Clearly, theprobabilityof alink assumptionvarieswith
thestaticanddynamicvalueof a link. It seemsmoreappropriateto takeasestimateof�*8 % � = , a function

� 8 � = of 3
�5z�8 � �U� � ; = or 3
�5z�8d8 � �U� � ; = � � = , eventuallyof both. In future
work, wewill experimentwith valuesof �'8 % � = parameterizedby thesetwo similarities.

4.5 Experiments

In thissubsection,wepresentourexperimentsdoneontheCACM andWT collections.

4.5.1 Learning

Thesetof symbolicoperationsis asfollows:�
Converteachbibliographiclink from

� �
to
�U	

to Eqn.(4.2).�
For eachdocument

� �
, computethesupport3d�'8 � �X� 
V= .�

Putthesupportof eachdocumentin disjoint form usingHeidtmann’salgorithm
[Hei89]. Convert this disjoint form to a directly usableformula for computing
thedegreeof support

� 3d�'8 � � 
V= .
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 PAS vs baseline PAS vsSA
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

������ "!$#&%('
. Valuesareassignedto thea priori assumptionprobabilitiesusingthefitted

logistic regression.If the probabilitiesof link assumptionsarenot static,thenvalues
mustalsobe assigneddependingon somesimilarity valuebetweenthe link and the
searchtopic.

4.5.2 Experiments on the CACM collection

In theseexperiments,links wereconsideredseparatelyin theforwarddirection(citing)
andin thebackwarddirection(cited).For eachdocument,argumentsof orderthreeand
lesswerecomputed,andthesymbolicsupportwasputin disjointform with Heidtman’s
algorithm.

The basicretrieval processwasdoneusinga classicalretrieval systembasedon
the cosinesimilarity measure.The baselineretrieval effectivenessat 11 recall points
is 25.27%,with theTRECeval software.ComparisonsweremadebetweenPAS and
baseline,andPAS andspreadingactivation(SA).Thetechniqueof spreadingactivation
wasdescribedin Section4.1.1.Theresultsshown for spreadingactivationarethebest
onesobtainedfor a rangeof valuesof theparameter) , whichwasfixedfor all links of
a certaintype. Scorewasspreadfor only onecycle, sincemorethanonewasharmful
to retrieval. Thebest ) valueis shown betweenparenthesis.Theresultsareshown in
Table4.2. In thePAS technique,argumentsof lengththreeor less(at mostthreelinks
assumptions)werecomputed.

Theseresultsshow that PAS cancompetewith an establishedtechniquesuchas
spreadingactivation. Also, indirectneighborscanbeconsideredwithout depreciating
performance.For citing links, thereis no averagedifferencein retrieval effectiveness,
while for citedlinks, thedifferenceis nearlysignificant.However, for spreadingactiva-
tion thereis nounderstandingof theparametersinvolved,while in thePAS framework,
parametersaretheprobabilitiesof thelinks which have a clearermeaningbothfrom a
statisticalanda logical viewpoint.

4.5.3 Experiments on the small Web Track

In a secondsetof experiments,thehyperlinksof theWT collectionwereusedto im-
prove retrieval. Ten differentweightingschemeswereused(okapi-npn,...,bnn-bnn,
seeTable4.3), to produceten differentrankingsof documents.We do not describe
theseretrieval systemshere.A simplifiedversionof thePAS wasusedwherebyadoc-
ument’sdegreeof supportcanbeaffectedonly by its directneighbors.In thatcasewe
do not needto keeptrack of inferences,andcanderive a simple formula which can
beunderstoodasa morerefinedway of spreadingactivation: insteadof propagatinga
document’s score,its probability of beingrelevant is propagated.This probability of
relevanceis estimatedby thelogistic regressiontechnique.For theprobabilitiesof the
links, thelowestprobabilityestimatesfoundwith Algorithm 3 areused(seeTable4.1).

In thatcase,thedocument’ssupportis 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%)
lnu-ltc 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%)
ltc-ltc 0.136 0.138(+0.88%) 0.138(+0.88%) 0.138(+0.88%)
lnc-ltc 0.107 0.108(+0.65%) 0.109(+1.49%) 0.107(+1.31%)
lnc-lnc 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

���� "!$#&%('
*,+�- .
/ -10(243�576�8 9�:<;

 �+=2?>A@B2�-C'
(4.10)

Fromtheequality:

�� �D4E7FHG�G1G4FAD 0 'I* J?KA�L "MN �D4E�FOG�G1G4FPD 0 '�'
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/ -�0U243�5 6 8 9�:<;

 �+ 2 >_@ 2X- '�'
(4.15)

* J?KZ &J?KA�L �+ - '�'QT `
/ -�0(2R319 6 8 9 : ;

J?Ka b�L �+ 2 'QT��� �@ 2X- '�'
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A first setof experimentsusingthis formulafor rankingdocumentsby decreasing
degreeof supportdid not produceany increaseof retrieval effectiveness,for the 10
weightingschemesusedanddifferentvaluesof theprobabilityof thelink. This tends
to show thatsimpleandintuitive techniques,which have producedsatisfactoryresults
in other retrieval environments,do not seemto perform well on the Web. It is our
opinion that hyperlinksseemto provide less information than do the bibliographic
referencesor co-citationschemesusedin ourpreviousstudies.

We have however obtainedbetterresultsin somecasesby consideringonly the
bestsourceof evidencefor a document. That is, if a documentreceives evidence
from threedocumentswith ranks3, 11 and17, we only considerthe evidencefrom
documentranked 3rd. The reasonfor usingonly the bestsourceof evidenceis that
when a documentis alreadylinked to one of the best-ranked documents,the other
linked documentsonly have a marginal effect on its relevanceprobability. Table4.3
show theretrieval effectivenessusingonly thebestincominglinks, thebestoutcoming
links, andboth. Thereareslight but generallynot significantimprovementsover the
baseline.



4.6. Conc lusion 59

4.6 Conc lusion

This chapterhaspresentedanapplicationof PAS to handlehypertext links for helping
retrieval, eventually organizationof information. The experimentshave shown that
logical modelscanbeappliedto a largecollectionfor dealingwith hyperlinks. It has
also be shown that logic can be seenas tool which can be adaptedto roughly any
retrieval system,ratherthanbeingthe”cornerstone”of theretrieval system.

Theuseof links did not leadto very significantincreaseof retrieval effectiveness
with theWT collection. Thoughit is hardto saywhatcouldat bestbeobtainedfrom
hyperlinks,it is doubtfulthatthis informationis of averyhighquality. As anexample,
considerthe estimatedprobability of 0.06thata documentlinked to a relevantdocu-
mentis itself relevant: it canbeinterpretedashaving roughly15 misleadinglinks out
of 16. It seemsthathyperlinks,althoughvery abundant,arenot alwaysreliableinfor-
mation. The fact thata Web hyperlinkcontainslessinformationthana bibliographic
link canalsobejustifiedqualitatively: auserdesigningaWebpagecanaddany hyper-
links, having differentmotivationsin mind,while theauthorof ascientificpaperhasin
generalstrongintellectualjustificationsfor citing anotherpaper.
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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 integrationof relationships
comingfrom differentthesauri.First, the thesaurusapproachto IR will bepresented,
andthe techniquesor ideasusedto createandtake accountof the term relationships
will be described(Section5.1). A new andoriginal way of usingterm relationships
will thenbe presentedand justified (Section5.2). Thendifferentadaptationsof the
PAS logicalmodelto takeinto accountthis informationwill beproposed(Section5.3).
Someexperimentswill bedoneon the implementationof a full PAS logical modelof
IR (Section5.5). A discussionwill endthischapter(Section5.6).

5.1 Thesaurus and inf ormation retrie val

5.1.1 Manual thesaurus

A thesaurusis constitutedby a setof keywordsor conceptsrepresentative of a given
domainof knowledge,anda setof relationshipslinking thesedifferentconcepts,e.g.
synonymy, hyponymy or hypernymy. The thesauruscanbegeneralin scope,suchas
WordnetandtheRoget’s which attemptto organizegeneralhumanknowledge,or fo-
cusonly a specificdomain.Thethesauruscanbeweaklystructured(e.g. theRoget’s
groupswordsinto differentcategoriessuchas’dissimilarity’ or ’religion’) or canbeor-
ganizedinto oneor morehierarchies(Wordnet).With theincreasingneedof thesaurus
in variousdomainof science,andwith the generallyvery fastevolution of special-
ized scientificvocabulary, the constructionof thesaurusis moreandmoredonein a
semi-automaticway.

Wordnet

In Wordnet,thethesaurususedin thisthesis,keywords(words,expressions)aregrouped
into synsets(synonym sets).A keywordmaybelongto differentsynsetsdependingon
its meaning.Thesynsetsareorganizedinto differenthierarchies.Themostimportant
hierarchyis thehypernym/hyponym,or ’broaderterm’/’narrowerterm’. Anotherinter-
estinghierarchyis themeronym/holonym,or ’is partof’/’has parts’.Figure5.1shows
thetwo synsetsfor theword ’computer’,its directhypernymsandhyponyms.For each
word, therelationshipsconsideredareits synonymsin differentsynsets,andits direct
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2 senses of computer
1. computer, data processor, electronic computer, in-
formation processing system -- (a machine for performing
calculations automatically)
2. calculator, reckoner, figurer, estimator, computer
-- (an expert at calculation (or at operating calculating
machines))

Figure 5.1: Synsets of ’computer’

computer calculator synsn
computer chip meron
computer crt meron
computer diskette meron
computer estimator synsn
computer expert hypen
computer floppy meron
computer hardware meron
computer keyboard meron
computer machine hypen
computer mainframe meron
computer microchip meron
computer monitor meron
computer processor meron

Figure 5.2: Terms related to ’computer’

hypernyms,hyponyms,holonymsandmeronyms.Figure5.2showstherelatedtermof
’computer’extractedfrom Wordnet.

5.1.2 Statistical thesaurus

To build automaticallyathesaurus,onemustgenerallycomputesomekind of statistical
similarity betweenthe terms. Usually the similarity is computedon a large amount
of text (e.g. the collection) relatedto the domainof interest[Sma93]. A similarity
generallyreflectsthe degreeto which two termsappeartogetherin the samecontext.
Thecontext canbea sentence,a window of words,a paragraphor thefull document.
It is alsopossibleto consideronly thesetof documentsrelevantto a givenrequest.To
obtainmorepertinentrelationships(at the risk of missingsomeof them),we prefer
usingthesentenceascontext.

If thecontext is relatively long (e.g. thedocument),it is oftenbetterto considera
weight reflectingthe importanceof the term into the context. But with a sentenceas
context, binaryweightsarealsoappropriate.In thatcasewe needonly c - , ced and c - d ,
asrespectively thenumberof contexts in which term f - occur, term fWd occur, and f - andfWd co-occur.

Therearedifferentpossiblemeasuresof similarity. Kim andChoi [KC99] com-
pareddifferentmeasures:theJaccard(

0(:bg0 :�h 0 g�i 0 :bg ), Dice
 kj]l 0�:mg0 :Bh 0 g ' , cosine(

0�:bgn 0 : l 0 g ) and
two othermeasuresthey proposed.Fromtheir experiments,it seemsthat theJaccard,
Dice andcosineperformequallywell. Our experimentswill usethe cosinesimilar-
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iraq 0.083
civilian 0.081
force 0.075
iraqi 0.07
buildup 0.069
soviet 0.068
war 0.059
personnel 0.055
saddam 0.052
commander 0.051

Figure 5.3: Highest statistical similarities with ’military’

ity, which is largely usedin informationretrieval. Their queryexpansionexperiments
alsoshow thatretrieval effectivenessgenerallypeakswhententermsareadded,andis
stableor decreasesslightly afterwards.We will alsoaddonly thetenbestterms.

More sophisticatedapproachesmeasurea similarity betweentermsbasedon the
patternof wordswith which they co-occur. In anearlierwork ontheCACM collection
[Pic99], we alsoconsideredsecondorderco-occurrence,wherethesimilarity between
two termsdependson their patternof co-occurrencewith all the otherterms[SP97].
Thisway, two neverco-occurringtermsmayberelated,if they co-occurin generalwith
thesamewords.This typeof measureis howevercomputationallyexpensiveevenfor
a mediumsizecollection.

Figure5.3shows themostsimilar termsto ’military’, computedon theWall Street
Journalcollection. Thesimilaritiesarelow in generalbecauseif two wordsmay fre-
quentlyco-occurin the samedocument,they morerarely co-occurin the samesen-
tence.It is interestingto noticethatsomeof themostsimilar termsto ’military’ arere-
latedto theGulf warheldin 1991:thisis notverysurprisingsincetheWSJis composed
of newsarticlewrittenbetween1990and1992.Thesekind of contextual relationships
canhardlybecapturedwith a generalmanualthesaurus.

Remarkthat the highly similar term ’force’ is also a hypernym of ’military’ in
Wordnet.Having thetermin thetwo thesauriis a strongerindicationof theappropri-
atenessof therelationshipbetween’military’ and’force’ for thepresentcollection.As
we will see,combiningevidencefrom differentthesauriresultsin betterquality term
relationships.

5.1.3 Using thesauri for IR

Theuseof thesaurusin IR is a verybroadsubject,andit is not our intentionto makea
detailedsurvey of thedomain.Thesaurusarepartof many retrievalsystems,wherethey
provideausefulhelpto theuserin difficulty of formulatingits informationneed.Here
we areonly concernedwith the automaticuseof thesaurusfor retrieval. In general,
the techniqueswhich usethesaurusautomaticallyfor retrieval fall underthe nameof
”queryexpansion”:thetermsin theinitial queryremainunchanged,andnew termsare
addedto increasethepossibilitiesof matching.

Theassociationhypothesis[vR79] statesthat”if anindex termis goodat discrim-
inating relevant from non-relevantdocuments,thenany closelyassociatedindex term
is also likely to be goodat this”. A ”naive” interpretationof this hypothesiswould
be to simply addall the termsrelatedto the termsin the query, suchthat a relevant
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documentcontainingonly synonymousor relatedtermstermswill be retrieved. This
techniquedoesnot work in general,andthesaurimustbeusedvery carefully: increas-
ing thechancesof matchingby addingrelatedtermsmayhelpreducingthesynonymy
problem,but it nearlyalwaysworsensthepolysemyproblem.

Negative results using thesaurus for quer y expansion

Voorhees[Voo93, Voo94] mademany experimentsusingtheWordnetthesauruson the
TREC corpus. Resultswere disappointing,even when the ”right” senseof a word
wasselectedby hand.This led a partof theIR communityto believe that theuseof a
generalthesaurusis notareliabletechniqueto improveretrievaleffectiveness.It is true
indeedthatthereis agreatchallengein attemptingto applytheverygeneralknowledge
containedin Wordnet,which is not alwaysappropriateto generalpurposecollections.

SmeatonandvanRijsbergenobtaineddisappointingresultsusingstatisticalsimilar-
ities to expandqueries[SvR83]. They showedthatselectingtermsrandomlydoeslead
to worseretrieval resultsthanchoosingtermsaccordingto their similarity: this makes
thequalityof statisticalrelationshipsquestionable.Later, PeatandWillet demonstrated
that thecosinesimilarity emphasizesstrongrelationshipsbetweenmediumfrequency
terms,which tendto be poor discriminatorsof relevant andnon-relevant documents
[PW91].

Impr ovements on simple techniques

Therecentimprovementsin theapplicationof thesaurito queryexpansionleadto more
optimismregardingtheir potentialusefulnessfor IR. We survey thenew ideasthatare
behindtheseimprovements.

o Considering the context. A querytermmayhave differentmeaningsdepend-
ing on thecontext, andof courseit is not possibleto tell thecontext from a term
alone.But thecontext canbedefinedfrom thewholequery. For example,in the
two queries”parallel skiing” and”parallel computers”,themeaningof theterm
parallelcanbetold from theotherterm. Qiu andFrei developeda queryexpan-
siontechniquewith a statisticalthesauruswheretermsareselectedaccordingto
their averagesimilarity with all thequeryterms[QF93]. This way, an inappro-
priatetermwhich would besimilar to only onetermof thequerywould have a
low averagesimilarity andwould not beretained.Theideaof takingaccountof
all the query termsfor selectingthe expansiontermsseemswell adoptednow
[XC96, RTT99, KC99].

o Combining differ ent thesauri. Usedalone,manualthesauriarenotveryhelpful
on generalpurposecollections.However Mandalaet al. [RTT99] showed that
whenWordnetis usedin conjunctionwith otherstatisticalthesauri,it canbe a
muchmoreusefulsourceof evidence. On TREC’7 data,they obtained58.2%
improvementusingtwo statisticalthesaurus,and98.9%with Wordnetandthese
thesaurus.Wordnetaloneled to only 10.2%improvement. However it must
besaidthat thebaselinewasrelatively low (0.1175of meanaverageprecision),
andthat theuseof thethesaurionly raisedretrieval effectivenessto the level of
standardretrieval systemsthatmadetheTRECcompetition.

o Learning. In the two precedingworks,nice retrieval resultswereobtainedus-
ing theco-occurrencesimilarity valuewithout any modification.But thereis no
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reasonthat the optimal propagationvalueshouldbe equalto the similarity. It
is reasonableto believe that theobtainedresultswould beevenbetterif a more
carefuluseof thesimilaritieswasmade.Usinga logical approachfor expansion
on the CACM with Wordnet,Nie useda learningtechniqueon pastrelevance
judgementsto find adequatepropagationvaluesdependingon the type of re-
lationships(synonyms,hypernyms..) [Nie96]. Interestingly, he showed that if
thereis enoughlearningdata,it is possibleto obtaina propagationvaluefor a
preciserelationship,asalreadytold in Chapter3. However, we do not know of
any experimentsfor learningthepropagationvaluefrom thestatisticalsimilarity.

5.1.4 Discussion

Fromwhathasbeenseen,it soundsclearwhatfeaturesshouldbethoseof agoodquery
expansiontechnique:(1) consideringall querytermsto chooseexpansionterms, (2)
combiningdifferentthesauri,and(3) learningtheappropriatevaluefor a relationship
by usingpastrelevancejudgements.We will seehow theseideascanbeadaptedto the
PAS approach.Butbefore,anotherpointmustbedeveloped,concerningtheproblemof
determiningwhich querytermsareappropriatefor representingtheinformationneed.

5.2 Determining content-bearing quer y terms

The endof the previous sectionhighlightedsomeof the featuresthat shouldbe in-
tegratedin a queryexpansiontechniquebasedon thesaurusknowledge. This section
proposesadifferentwayto takeaccountof statisticalsimilarities:they arenotusedhere
to addrelevantdescriptorsof the informationneedto the query, but to determinethe
subsetof querytermswhich aregooddescriptorsof theuser’s informationneed,in or-
derto improvetheweightingof queryterms.With theabstractfeaturesusedto weight
terms(queryfrequency p�q and r � q ), this issuecannotbespecificallyaddressed.Since
to ourknowledge,this topichasneverbeenaddressedin theinformationretrieval liter-
ature,it mustbefirst justifiedandverifiedexperimentally. We startby explainingand
justifying what we namethe ”ClusterHypothesisfor queryterms”. Thenwe present
anddiscussthemethodologyadoptedto verify thishypothesis.

5.2.1 The Cluster Hypothesis for quer y terms

Supposethatquerytermscanbedividedroughlyinto thosethatareusefulfor retrieval
andthosethatareharmful,whichwewill call respectively relevantor ”content” terms,
andnon-relevantor ”noisy” terms.In this section,we wish to testthehypothesisthat
two relevanttermstendto bestatisticallymoresimilar to eachotherthanwouldbetwo
noisy terms,or a noisy anda contentterm. Intuitively, the termswhich concernthe
topic of the queryshouldin generalconcernsimilar topic areas.Consequently, they
shouldbefoundin similar contexts in thecorpus.A similarity measuresthedegreeto
whichtwo termscanbefoundin thesamecontext, andshouldbehigherfor two content
terms. It could thenbe possibleto usesimilaritiesbetweenquerytermsto adjustthe
weightsof theterms.

We proposeto nametheproposedhypothesisasthe”ClusterHypothesisfor query
terms”,dueto its correspondencewith the famousClusterHypothesisof information
retrieval which assumesthat relevantdocuments”are morelike oneanotherthanthey
arelike non-relevantdocuments” [vRSJ73, p.252]. In a similar way, our hypothesis
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Removedterm 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
reserve 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 .

assumesthat relevant termsaremoresimilar to eachotherthanto noisy terms. This
hypothesiscanbesummarizedin threepoints:

o querytermsrelevantto theinformationneedarein generalmorelikely toconcern
similar topics;

o termswhich concernsimilar topicsshouldbe found in similar contexts of the
corpus(documents,sentences,neighboringwords...);

o termsfoundin similar contextshaveahighsimilarity value.Consequently, rele-
vanttermstendto besimilar to eachother.

Thefollowing request(TRECtopic #90)illustratesthehypothesisthatsimilarities
betweenquerytermscanserve asevidencefor their relevancerelatively to theuser’s
informationneed:

Documentwill provide totals or specificdataon changesto the proven
reservefiguresfor any oil or naturalgasproducer.

With thebasicretrievalmodelwhichwill bedescribedin thenext section,theinitial
averageprecisionfoundfor this topic on theWSJcollectionwas0.2307.Theaverage
precisionfoundafterremovalof eachof thequerytermsis shown in Table5.1.Clearly,
a lowerretrieval effectivenesswithouta termmeansthatthis termis ausefuldescriptor
of theinformationneed,andahigheronemeansthatit is harmful.

FromTable5.1, it appearsthat theusefultermsare’oil’, ’natural’, ’gas’, ’proven’
and ’reserve’. It soundsclear that most of thesetermsare good descriptorsof the
informationneed1. Thetermswhichdegradeprecisionseemnotto addressspecifically
theuser’s informationneed.For example,’figure’, ’data’or ’change’canbefoundin

1Remarkthatwedonotconsiderherephrasessuchas’naturalgas’,but thehypothesiscouldbeextended
to phrases.
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a wide rangeof topics. If the retrieval systemcould ”know” which termsareuseful
descriptors,it could adjusttheir weightsin consequence.The abstractfeaturesused
to weight terms(queryfrequency andidf) arenot sufficient for thatpurpose.A term
appearingwith thesamefrequency in two queriescanbeusefulin oneandharmful in
theother, while its weightwill bethesame.In thisquery, theweightof ’figure’ (0.216)
is approximatelythesameas’gas’ ( 0.213),althoughtheformerappearsto bethemost
harmfultermandthelatteris onethemostuseful.

A cosinesimilarity wascomputedbetweenall querytermsbasedon theWSJcol-
lection, using eachsentenceas context. The highestsimilarities were: gas-natural
(0.418),gas-oil(0.158),producer-oil (0.038),natural-reserve(0.037),oil-reserve(0.037),
producer-oil (0.038)andproven-reserve (0.03). All the othersimilaritieswerelower
than0.02. It seemsindeedthatthesetermsconcernsimilar topics,andthis is reflected
in a highersimilarity. This clusterof similaritiescouldbetakeninto accountto deter-
minetheusefulqueryterms.

5.2.2 Determining relevant terms

To verify theClusterHypothesisfor queryterms,wemusthavesomewayto determine
the usefulnessof a query term. Until now, we have assumeda binary classification
betweenuseful andharmful terms,which needsto be justified. It is obviously true
that theuseof a termwill eitherincreaseor decreaseretrieval effectiveness.However,
sometermsaffect slightly retrieval effectivenesswhile othershave a larger influence.
Moreover, it is possiblethatby usinga differentretrieval system,weightingfunction,
or even a differentevaluationmeasureof retrieval effectiveness,the classificationof
thetermscouldbeslightly different.

In a previouspaperwhich addressedthestatementandverificationof this hypoth-
esison the CACM collection [Pic99], we usedthe s j testof independencebetween
theoccurrenceof thetermandtherelevanceof thedocumentto determineif theterm
is relevantor noisy. For eachqueryterm,a s j valueis computedbasedon thenum-
ber of timesthe term (occurs/doesnot occurin (relevant/notrelevant)documents.A
thresholdis associatedto a certainconfidencelevel: in our case,thethresholdis 3.86,
for a confidencelevel of 95%. If s jutwv G xUy

, then the hypothesisof independence
betweenoccurrenceof thetermandrelevanceof thedocumentis rejectedat the95%
confidencelevel, andthetermis consideredrelevant.Otherwise,it is considerednoisy.
This testhastheadvantageof beingindependentfrom any retrievalapproach.However
theunsatisfactorypoint with the s j testis that it is not guaranteedthata termjudged
usefulhasindeeda positiveeffecton retrieval effectiveness.Sinceimproving retrieval
effectivenessis theultimategoal,testingtheusefulnessof a querytermby comparing
the averageprecisionwith andwithout this termappearsto bemoreappropriate.We
will assumethatin this”precisiontest”,atermis relevantto theinformationneedif the
precisionobtainedwithout usingthattermis lower thanwith theoriginal query, what-
ever thedifferenceis. Theweaknessof this approachis thatall termsareconsidered
equally, whatever their effect their removal hason thequery.

Table5.2 makesa comparisonbetweenthe retrieval effectivenesstestandthe s j
testof independence.In general,theretrievaleffectivenesstestis less”optimistic” than
the s j test,with 50.51%(744 on 1473)of termsclassifiedrelevant vs 61.37%. It is
remarkablethatonehalf of querytermsshouldrathernotbeusedfor retrieval. Thetwo
testsmakedifferentclassificationsfor 230+70=300terms(20.3%).It seemsthatthe s j
test is moreflexible towardsunfrequentterms: the averageprobability of occurrence�L �z{DXD�'

of the1473termsis 0.055,while the230termsclassifiednot relevantwith the
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Lowerprecision Higherprecision Totals j	tav G x(y 674(-0.062) 230(+0.022) 804s j	| v G x(y 70 (-0.008) 499(+0.022) 569
Total 744 729 1473

Table 5.2: Comparison of s j test and precision test. The average
variation of precision is in parenthesis.
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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 %).

s j testbut relevantwith theretrieval effectivenesstesthaveaprobabilityof occurrence
of 0.045. Moreover, the 70 termsclassifiednot relevantwith the s j testbut relevant
with theprecisiontestareveryfrequent:they haveaprobabilityof occurrenceof 0.138.

It is interestingto comparethe averagevariationof precisionfor eachof the four
possibleclassifications.The termsclassifiedrelevantwith both testsseemto be very
usefulfor precision(-0.066without them). On theotherhand,the termsnot relevant
with theprecisiontestareequallyharmfulwhetherthey areconsideredrelevantor not
with the s j test. This suggeststhat the s j doesnot discriminatebetweentermsnot
relevantwith theprecisiontest. However the70 termsrejectedby this testbut not by
theprecisiontestaffectmarginally precision(-0.008without them).

5.2.3 Verification of the hypothesis

Figure5.4 shows the estimatedprobability that a term is relevantgiven its similarity
with a relevantterm. A termis consideredrelevantaccordingto theprecisiontest.On
the 185 queriesof the WSJcollection, therewere2890term pairswith at leastone
relevant term,of which 589 hada null similarity. The other2301pairsweredivided
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in tenbinsof 230pairs(exceptonewith 231)by decreasingsimilarity. On thefigure,
each’o’ correspondsto onebin. Thex valueof a bin is theaveragesimilarity, andthe
y valueis the frequency estimateof the probability that the other term of the pair is
relevant.

Unequivocally, theprobabilitythata termis relevantaugmentsin amonotonicway
with its similarity with a relevant terms. For a similarity of approximately0.005,the
probabilitygetsover thea priori probabilityof 50.51%.It is interestingto noticethat
a very small or null probability could be usedasevidenceagainstthe relevanceof a
term.

5.3 Proposed models

In thissectionarepresenteddifferentadaptationsof thegeneralPAS model,to integrate
termrelationshipsin acomputationallyfeasibleway. Westartbypresentingthe”basic”
modelwhich servesasa baseline.Thenthis PAS is extendedto integratethesaurus
knowledge.Finally, a PAS is developedto takeaccountof thesimilaritiesbetweenthe
querytermsin thecomputationof theirweights.

5.3.1 Basic model

In thesocalledbasicmodel,theknowledgebase
%]}

doesnot includethesaurusknowl-
edge. This PAS is similar to standardterm matchingapproaches.It is usedto find
properprobabilityvaluesfor therelationshipsbetweenconceptsandinformationneeds,
andconceptsanddocuments.It servesalsoasabenchmarkfor thePAS whichwill inte-
gratethesaurusknowledge.In orderto designthismodel,aninterpretationof relevance
(
!�~��

or
��~�!

) mustbechosen.In the
!�~��

interpretationof relevance,the
startingpoint of inferencesis thedocument

!
, while in the

��~�!
interpretation,the

startingpoint is the informationneed
�

. In someway, the two interpretationscanbe
madesymbolicallyequivalentif the orderof rulesis reversed.However, the concept
relationshipsareusedbasicallyfor querymodificationandexpansion,in orderto have
abetterdescriptionof theinformationneed.Sincethereasoningprocessis centeredon
theinformationneed,we think it is morenaturalto take

�
as”evidence”.The

��~�!
interpretationwill thenbeused,andtheevaluationof a document’s relevanceis made
by computingthesymbolicsupport

���� "!$#&%]}�>���'
andthenumericaldegreeof support������ "!$#&%]}�>A��'

.
The setof variablesof interestis � *��R!$#���#�� E #�G�G1G�#����\�

. Sinceonly onedocu-
mentandoneinformationneedareconsideredat once,it is not necessaryto differen-
tiate themwithindices. In the basicmodel,only two typesof rulesareadmitted:if a
concept

� -
is (probably)a descriptorof theinformationneed,we have:

��>A� - ~�� -
.

Thesameway, if it is adescriptorof thedocument,we have:
� - >S� - ~�!

.
Without lossof generality, assumethatconcepts

� E
to
�k�

aretheonly descriptors
commonto theinformationneedandthedocument.Thenfor r =1,..., � ,

 "� - >�� - '
is an

argumentfor hypothesis
!

. Clearly, thesymbolicsupportof
!

is:

�&�L �!$#�% } >P��'�*
�
.-�� E  "�U-Y>S��-W' (5.1)

And following Equation4.11,thedegreeof supportis:
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������ �!�#&% } >S��'�*�J?K
�
`-�� E  VJ�KA�L ��\-W'LT��� "�X-"'&' (5.2)

For small valuesof the degreeof support,this ranking formula producesresults
verysimilar to thestandardinternalproduct:

�4DXzR�{�� �!�#���'�*
��
-1� E �� �� - 'LT&�� W� - ' (5.3)

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 distancebetweenthetwo correspondingrankingsof documents.

5.3.2 Considering thesaurus inf ormation

To the basicknowledgebase
%]}

just presented,we wish to add somerelationships
betweenconceptscomingfrom a thesaurus,leadingto a knowledgebase

%]�
. For our

experiments,this knowledgeis alwaysinterpretedasrulesof thefollowing type:
� - >� - d ~�� d . If no restrictionis put on thesizeof arguments,thekind of argumentswe

obtainwith theserulesis of thegeneralform:
 ��� [>P� 2 >A�R  - >�G1G�G4>_� d 2 ' . For example,

supposethat
�¡-

is a descriptorof the informationneed(
�¢>O�\-�~£�k-

), that
� d has

a link from
�k-

and
�k2

hasa link from
� d (

�k-�>��4- d ~¤� d , � d >�� d 2¥~¤�N2
), and

finally that
�N2

is a descriptorof
!

(
�N2?>$�X2�~¦!

). Then(
�\-Y>$�X2?>A��- d >P� d 2 ) would

beanargumentfor
!

. This argumentcouldcorrespondto a documentcontainingthe
synonym of thesynonym of aqueryconcept.

Wewill applythefollowing restriction:only argumentsof sizethreeor lessaread-
mitted.Thisavoidsto includetoo long inferencesin thecomputations.Theeliminated
argumentswouldanywayhaveaverysmallprobabilityof beingtrue,giventheorderof
valuesweassignto theprobabilities

�L "� - '
and

�L B� - d ' (seenext section).Moreover, the
moreanargumentcontainsassumptions,thelessit matchesintuition. Thesynonym of
asynonym of a queryconceptis unlikely to berelevantto theinformationneed.

Assumewithout lossof generalitythat the conceptscommonto the information
needandthedocumentaredenotedby

�?E
to
� �

. Of course,eitherthedocumentand
the informationneedmay containotherconcepts.The possibilitiesof matchingcan
beextendedby rulesfrom any conceptsrepresentingtheinformationneedto any other
concepts

�N2
of
!

. Thatis, wemayhaveasequenceof rulesof this type:
�O>��\-�~§�k-

,�k-=>��4- d ~§� d , � d >A� d ~�!
. Suchasequence,which leadsto argumentsof thetype: "�U-Y>A�4- d >P� d ' , is denotedby
�4¨U�©+ c � r z c in thefollowing equation:

���� "!$#��a>A% � '
*
�
.-1� E  ��\-Y>S��-"' .

ªC« ��¬�0U­C-1®�0
 ��\-Y>A��- d >S� d ' (5.4)

The conceptrelationshipsmay have two effects: (1) they increasethe possibili-
ties of matchingbetweenthe documentand the informationneedwith an originally
not sharedconcept,(2) andthey (sometimes)enhancetheweightof anoriginal query
concept. The supportof a concept

� -
representingthe informationneedis initially:���� W� - #�%]}u>¯��'°*�� -

. But if
� -

is linked to anotherqueryconcept
� d , it becomes:���� W�k-&#�% � >S��'�*��\-©FH �� d >A��- d ' .
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Usinganinvertedfile for indexing andconceptrelationships,computingthesym-
bolic supportof eachdocumentis approximatelylinearwith thenumberof querycon-
cepts. But to obtainan exact numericalevaluationof this support,it is necessaryto
put it in disjoint form. If Heidtmann’s algorithmwasused(asin Chapter4), signif-
icant computationalcostscanbe involved if many documentshave a high numberof
arguments,becausethealgorithmis ±  c j ' with thenumberc of arguments.It would
certainlybepossibleto designafasteralgorithmoptimizedfor thisproblem,but this is
beyondthesubjectof this thesis.However, intuition suggeststhatvery little improve-
ments,if any, wouldbeobtainedby anexactcomputationof thesymbolicsupport,and
efficientapproximationscanbemade.

Thesupport
���� �!�#��²>�% � '

is of the form ³ E F ³ 0 , wherethe
+�@b�
´Y+�-

’s areargu-
ments. The approximationmadewill be to considerarguments³ E to ³ 0 as if they
hadno assumptionin common:whatever r #Wµ , ³ -¶> ³ d *¸· . In that case, following
Equation4.11,thedegreeof supportis:

���&�L �!$#��a>_% � '�*�J?K
0
`-1� E  VJ[KP�� ³ -W'&' (5.5)

With this approximation,thedegreeof support
�\���L �!$#��,>S%]�Q'

is computedwith
thefollowing:

�\���L �!$#��$>�% � '�¹�JºK
�
`-�� E  &JºK	�� ��\-"'=Tm�� W��-»'&'�T `

ªC« ��¬�0U­C-1®�0
 VJºK	�� "�U-»'�T��� B�4- d '�Tm�L "� d '�' (5.6)

This kind of approximationmayoverestimateslightly thesymbolicsupport,but it
canbeshown thattheorderof thebiasis of

�L B��- d '�¼�J�½U½ for theindividual contribution
of anargument,with typical valuesfor

�� "�U-W'
and

�L "��-W'
.

5.3.3 A PAS for impr oving quer y term weights

In Section5.2,we have seenthat termsimilaritiescouldbeusedto adjustqueryterm
weights,but it is not obvioushow they canbeused:therelevanceof eachqueryterm
to the informationneeddependson its similarity with the otherquery termsandon
therelevanceof theseotherqueryterms,which is unknown. As we will see,it seems
thatPAS arewell adaptedto dealwith this typeof evidence.This applicationof PAS
departsfrom the logical model, in a way similar to the approachtaken in Chapter4
wherethe ranksof documentswereadjustedafter taking into accountthe document
relationships.Thevariablesof interestin thePAS referto thequeryterms,andsimilar-
ities areinterpretedasuncertainruleslinking therelevanceto theinformationneedof
theconcernedterms.Oncea PAS is designedfor aprecisequery, it is usedto compute
the degreeof supportthat eachqueryterm is relevant to the informationneed. This
degreeof supportis thenusedto increaseor possiblydecreasetheweightof thequery
term,in orderto obtainbetterretrieval effectiveness.

Theneededvariablesare
��¾ E #]G1G1#&¾¶0e�

, propositionsassociatedwith theterms f E tof 0 containedin thequery. Themeaningof
¾¶-

is ”term f - is relevantto theinformation
need”.Eachtermin thequeryhasana priori probabilityof beingrelevant: it is repre-
sentedby

+�-
~¿¾¶-
, with

�� �+�-W'
asthea priori probability that term f - is relevant2. We

will seein thenext sectionthefrequency of a queryterminfluencesits probabilityof
2TheassumptionsÀ�Á and ÂbÁ Ã usedheremustnot beconfoundedwith thoseof Chapters3 and4



72 Chapter 5.

relevance,andcanbe usedto have a betterestimateof
�L �+�-W'

. For the pairsof terms
which have a significantlyhigh similarity, thefollowing ruleswill beintegratedin the
PAS:

¾ - >P@ - d ~Ä¾ d #&¾ d >A@ d - ~Ä¾ -
(5.7)

wherethe main factor influencingthe probabilities
�� �@<- d ' and

�� �@ d -C' is obviously
thesimilarity

� r»�  f -V# f d ' .
We haveseenthatfor a term f d , a low similarity (below 0.005)with arelevanttermf - is evidencethat f d is not relevantto theinformationneed(seeFigure5.4). This can

bemodeledby thefollowing rule:

¾ - >A@ - d ~§ML¾ d (5.8)

Howeverwe will notconsidernegativeevidencein ourexperiments.
Argumentsof lengthmorethanthree(which containmorethantwo link assump-

tions)arenot includedin thecomputationof thesupport.Thesupportof hypothesis
¾¶-

will thenbecomposedof threetypesof arguments:

o + - : this is theinitial evidencebroughtby thenumberof occurrencesof f - ;
o + d >S@ d - : this is theevidencebroughtby a high similarity valuewith querytermf d . However this argumentonly considersthe a priori evidencethat f d is rele-

vant,while otherneighborsof f d mayaffect its relevance,andconsequentlyf - ’s
relevance;

o +�2=>k@B2 d >k@ d - : thistypeof argumentallowsto takeaccountof theindirectevidence
from f d ’s neighborf 2 in thecomputationof

¾¶-
’s degreeof support.

Oncethe degreeof supportof eachquery term is computed,how can it be used
to modify query term weights? In this thesiswe will admit that the weight of the
term is modifiedaccordingto the heuristicformula 5.9. A moreformal treatmentof
this problemis possible:a probabilitycanbederivedfrom thedegreesof supportand
plausibility by using a pignistic transformation[SK93]. And the probability that a
termis relevantto theinformationneedaffectsits probabilityof occurrencein relevant
documents,which in turn affect its weight accordingto the Robertsonand Sparck-
Jonesweighting formula [RSJ76]. However we think that beforeattemptingto try
moresophisticatedapproaches,it is preferableto verify if encouragingresultswith a
moreprimitive techniquesupportfurtherinvestigations.

The difference Å - *Æ ������� B¾ - #&%('�Ku�L �+ - '�'
is a measureof the degreeto which

the similarities with the other query termssupportthe fact that f - is relevant to the
informationneed.Thevalue Å - is equalto zeroonly when f - is not at all supportedby
theotherterms,in which case

���L B¾ - #�%('
*Ç+ -
and

�\���� �¾ - #�%('
*u�� �+ - '
. We assumethat

thevariationof theweightof term f - dependslinearly on its initial weight
z{@"�© f - ' and

on
�\�4@ f +�- . Thenew weight c �4È� f -»' of term f - is thencomputedby:

c ��È° f -»'�*,z{@"�© f -"'QT\ VJ¡ÉËÊ$T Å -»'&' (5.9)

wherethe parameter
Ê

is to be fixed in orderto optimizea retrieval effectiveness
criteria.Thehigher

Ê
, themoretermsimilaritieshaveaneffectonquerytermweights.

Oncethenew weightof eachquerytermis computed,theretrieval systemin which
thisPAS is implantedcanretrievedocumentsasusual.In theexperiments,wewill see
how to determinetheprobabilitiesof assumptionsandthevaluefor the

Ê
parameter.
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5.4 Experiments

5.4.1 Basic model

We needtwo typesof probabilityestimatesfor thebasicmodel.

o Theprobability
�� "� - '

of inferringaconcept
� -

from thequery(in
��>	� - ~§� -

);

o Theprobability
�� W��-"'

of inferringadocument
!

from aconcept
�¡-

(in
�¡-4>Ì�X-�~!

).

For the estimationof theseprobabilities,we follow the techniquetaken with the
inferencenetwork model[TC91]. Thatis,weassumethattheprobability

�� "�X-W'
depends

in thefollowing wayon the f&q and r � q valuesof thecorrespondingterm:

�� "�X-"'
* ³ É² VJ?K ³ '�T f&q T r � q (5.10)

where ³ is a parameterbetween0 and 1 to optimize accordingto the retrieval
effectivenesscriteria.For theestimateof

�L �� - '
, wewill take simply:

�L ��\-W'�* p�q
p�q �?¬ « (5.11)

where p�q is thefrequency of theterm,and p�q �?¬ « is themaximumfrequency of a
termin thequery. Otherestimatesof

�� "� - '
suchas: ³ ÉP VJ©K ³ '�TÎÍ&ÏÍ�ÏVÐÒÑ�Ó , wereattempted,

but any valueof ³ higherthan0 deterioratedretrieval effectiveness.
With thesevaluesof probabilities,thematchingformula Ô �� �� - 'LT&�� W� - ' is equiva-

lent to theinferencenetwork approach,apartfrom anormalizingconstant.
Table5.3 givesthe meanaverageprecisionon the Wall StreetJournal(WSJ)col-

lection (185 requests),for variousvaluesof ³ with the PAS andthe internalproduct
matchingformulas(IN). The range[0.05,0.2]was more denselyexplored sincethe
mostappropriatevaluesof ³ seemto lie in this area.

Theresultsarevery similar for therange[0.1,0.2]. Thevalue0.175appearsto be
a goodestimatefor ³ . Thefollowing formulagivestheestimateof

�L "��-»'
thatwe will

usefor the restof the experiments.This estimateswill alsobe usedfor the internal
product.

�L "� - '
*�½YG�J{Õ�Ö?ÉË½YG x\×(ÖÌT f&q T r � q (5.12)

It mustbesaidthattherelatively highbaselineof 0.1995takenfor theexperiments
with the PAS (0.1971for the internalproduct)will make it moredifficult to achieve
betterretrieval effectivenessusingthesaurusknowledge.

5.4.2 Use of Wordnet

It is generallyrecognizedthattheuseof Wordnetthesaurusalonewill not improvere-
trieval effectivenesson TREC data[Voo93, Voo94]. We wishedto testwhethereach
of the most importantrelationshipsbetweenconcepts(synonymy, meronymy, hyper-
nymy andholonymy) couldseparatelyimproveretrieval. Ony onetypeof relationship
is usedatonce.Theconceptrelationshipswereusedaccordingto themodeldeveloped
in Section5.2,with differentvaluesof

�� �� - d ' rangingfrom 0.1 to 1. Only the10 new
conceptswhich had the highestdegreeof supportwereaddedto the original query.
Resultsareshown in Table5.4.
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³ 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 ³ . PAS basic model and internal product (IP) , WSJ

collection.

For every typeof relationship,themeanaverageprecisiondegradesasthevalueof�L B��- d ' increases.ThisconfirmsthattheWordnetthesaurustakenalonedoesnotappear
to besuitablein generalfor thiscollection,whetheralogicaloravector-spaceapproach
is taken.However, this doesnot meanthatthis thesaurusis unusable,but morerefined
probabilityestimatesmustbe givento conceptrelationships:theprobabilitiesshould
not beuniform for all relationshipsof a certaintype.

5.4.3 Statistical relationships

In this experiment,we wish to adaptQiu andFrei’s expansiontechniqueto the PAS
framework. We will useherean adaptationof their technique,with a parameter³
addedto weighttheimportanceof theexpansiontermscomparedto theoriginalquery
term:

È� fWd '�* �
Ø :CÙ ÍVÚ ªCÛ�Ü ³

T p - T4� r»�  fWd # f - ' (5.13)

Thecandidatetermshaving thehighestweightsarekept for expansion(tenin our
experiments).Remarkthat theparameter³ doesnot modify thetermsthatareadded
to thequery, but their relative importance.

In the adaptationto the PAS framework, a high similarity is convertedto a rule� - >P� - d ~¿� d . Theconversionusesthesameparameter³ weightingthe importance
of thesimilarity value:

�� B�4- d '�* ³ TR� rW�  f -&# f d ' (5.14)

Thetencandidateconceptswhich thehighestdegreeof support
�\���� W� - #�%7>Ý��'

are
addedto thequery. Onthe185requests,thetermsthatwereaddedthemostfrequently
with the PAS techniqueare: economic(12 times), bank (10), iraq (10), market (9),
patient(9), price (8), soviet (8). The addedtermsappearto be reasonablefor this



5.4. Experiments 75

�L �@<- d ' Holonyms Hypernyms Meronyms Synonyms
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

³ 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 ³ .

type of collectionandrequests.However, thereis no significantincreaseof retrieval
effectivenessfor both techniques,which is quite disappointingcomparedto the 20-
30% improvementsobtainedby Qiu andFrei on threetestcollections. Onepossible
explanationis thatthebaselineis muchhigherthanwith the f&q K r � q weightingscheme
which wasusedin their experiments.

5.4.4 Determining relevant terms

To computethe degreeof supportof eachterm, we needtwo probability estimates:�L �+ - '
, in

+ - ~Þ¾ -
, and

�L �@ - d ' , in
¾ - >¥@ - d ~Þ¾ d . For computing

�L �+ - '
, Table 5.6

shows thatasthenumberof occurrencesp�q of a querytermin thequeryincreases,its
estimatedprobabilityof relevance(accordingto theprecisiontestdescribedin Section

p�q # of terms # of rel. 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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Ê
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
2 0.2046 0.2032

2.5 0.2039 0.2031
3 0.2030 0.2031
4 0.1994 0.2023
5 0.1978 0.1986
6 0.1954 0.2005
8 0.1918 0.1986
10 0.1843 0.1975
12 0.1787 0.1968
14 0.1726 0.1959

Table 5.7: Mean average precision found for different
Ê

values,
applied to the PAS and internal product (IP) ranking formula

5.2.2)to theinformationneedincreases.For example,whena termoccurstwice,there
is probability of 0.69that this term will be usefulfor retrieval, while this probability
is only 0.497for oneoccurrence.We will take thefrequency estimatesshown in that
tablefor

�L �+�-"'
.

We must also estimate
�L B��- d ' from the similarity

� r»�  f -&# f d ' . We assumedthat�L �@<- d '
* ³ TW� r»�  f -�# f d ' . Ourgoalis to havethebestpossibleestimateof theprobability
thata queryterm is relevant. Sinceit is possibleto ”know” which termsarerelevant
with the retrieval effectivenesstest(section5.2), we mayattemptto find the valueof³ which will leadto thebestestimateof this probability. For a givenvalueof ³ , we
computedthe meansquareerror ß�à7á betweenthe estimatedprobabilitiesand the
real probability (0:not relevant,or 1:relevant). We observeda monotonicdecreaseof
the ß�à7á for valuesof ³ from 0 to 6, thena monoticincreasefrom ³ *Çy to ³ *²×(½ .
A goodestimateis then: ³ *²y . Oncethedegreesof supportarecomputed,wecanuse
Eq. 5.9to find anew valuefor eachterm’sweight,hopefullyreflectingbettertheterm’s
relevanceto theinformationneed.Wehavetestedaseriesof valuefor theparameter

Ê
,

asshown on table5.7. We achieved2.55%and3.05%improvementof meanaverage
precisionfor respectively the PAS andthe internalproductweightingfunctions,withÊÇ*â×

. This improvementis not significant,but encouraging.Much work hasto be
madeto find morerefinedprobabilityestimates.

5.5 Discussion

In thischapter, wehavedevelopedanew techniquefor improving aquerytermweight
using statisticalsimilarities betweenterms, and demonstratedthat the PAS logical
modelcanbe implementedif someapproximationsareallowed on the computation
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of thedegreeof support.In thenext chapter, we will discussissuesconcerningthese
experimentswith thePAS logicalmodel.
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Chapter 6

Conc lusion

Thisconclusionwill first makeareview of themaincontributionsof thisthesis(Section
6.1). The questionsthat remainopenedor that wereopenedby this work will then
be addressed(Section6.2). A discussionon the future of the logical approachwill
concludethis thesis(Section6.3).

6.1 Main contrib utions

This sectionmakesashortcomebackon themaincontributionsof this thesis:

A logical modelbasedon propositional logic. Thereisacertaincontradictionin stat-
ing ononesidethatretrieval is inferenceandthatit shouldbetreatedwith logic,
andon theothersideto affirm thatpropositionallogic, thesimplestandmostin-
tuitiveof all logics,is inherentlyinadequatefor thatpurpose.Sebastianialready
madethe demonstrationthata misleadinginterpretationof the logical implica-
tion led to that belief, but he admittedthe difficulty of of incorporatinguncer-
tainty insidepropositionallogic [Seb98]. With PAS, uncertaintyis inherently
part of the knowledgeand of the inferenceprocesses,to the contraryof ap-
proacheswhich artificially graft uncertaintyon top of logic. The PAS model
is remarkablebecausethe retrieval taskis completelytransparent,andthecon-
sequencesof usinglogic areveryclear.

The Logical Uncertainty Principle. Sinceit wasproposedin 1986,theLogical Un-
certaintyPrinciplehasbeenshown to be implicit to many retrieval models,and
hasinfluencedanumberof worksin thelogicalapproach.Theprinciplehasbeen
reinterpreted[Nie89], but it is thefirst timeit is extendedto encompasssymbolic
representationsof information. This reinforcesthe ideathat retrieval shouldbe
consideredfirst asa symbolicprocesswhereeachdecisioncanbe”explained”,
andthat the numericalevaluationof uncertaintyshouldcomein secondplace.
ThedemonstrationthattheLogical UncertaintyPrincipleis implicit to thesym-
bolic supportis alsoan interestingresult for the theoryof PAS, for which this
interpretationof the symbolic supporthasnever beenproposed. Finally, this
resultlinks differentviewson thenotionof partialentailment.

Logical tr eatmentof hypertext retrieval. With theabundanceof hypertextual infor-
mationon the Web, a plethoraof techniquesandideashave beenproposedfor

79
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dealingwith this typeof information. At somepoint, a unifying formalismbe-
comesnecessaryto understandand comparethe different techniquesto treat
this information. To representandprocessthe knowledgeinducedby the the
Webstructure,artificial intelligencetechniquesattractmuchinterest.It hasbeen
shown thatProbabilisticArgumentationSystemsproposealogical interpretation
to the ideasbehindfour of themostimportantapproachesto processhypertex-
tual evidence- enhancingdocumentcontent,spreadingactivation, measuring
popularity, andfinding hubsandauthorities.

The Cluster Hypothesisfor query terms. Weighting schemesgenerally ignore the
semanticcontentof queryterms,andtheirpotentialrelevanceto theinformation
needof theuser. Theonly ”semantic”processingconsistsin removing thestop-
words,which is equivalentto settingtheir weight to a null value. It wasshown
in this thesisthat termsimilaritiescanbeusedto helpdeterminingthe relevant
termsof the queryandhencemodify their weights. The experimentalresults
wereencouraging,but thetechniquemustberefinedin orderto achieve signifi-
cantimprovements.It is ourbelief thatwith amoreappropriatecomputationand
useof termsimilarities,significantimprovementcanbeachieved.Moreover, this
ClusterHypothesiscouldalsobeappliedto improvethedocumentweighting.A
documentmay containhundredsof words,while many of them might not be
relevantto thetopicaddressedby thisdocument.Thelargenumberof termsim-
ilarities couldhelpdeterminingwith morereliability thanfor queriesthesubset
of relevantterms.Thecomputationalcostis not a problem,sinceall processing
canbe donebeforeoperatingthe retrieval system.In short,we believe that the
ClusterHypothesisfor (query/document)termsshouldbefurtherinvestigated.

Implementation on a largecollection. To convincethewholeIR communityof their
worth, logical modelsshouldbescalableto largecollectionswhich arenow the
standardsfor theIR community. This thesishasdemonstratedthatif reasonably
simplifying assumptionsaremade,makinglogical inferencesdoesnotnecessar-
ily imply a high computationalcost. The hypertext retrieval modelwhich has
beenappliedto a collectionof 2.3 GB canbe rathereasilyscaledup to a col-
lection of morethana hundredGB sincethe cost is linear with the numberof
documents.It hasalsobeenshown thatlogic doesnothaveto bethecornerstone
of the retrieval system:it canbe helpful asa componentadequatefor making
logical processingof information,for exampleto determinethecontent-bearing
termsof aquery. Thisencouragesthespreadingof logic throughouttheIR com-
munity, alreadypushedbynew typesof applicationssuchasQuestionAnswering
systems,for which theneedof logic is moreapparentthanfor standardIR.

6.2 Open questions

Thereis a numberof questionsleft openedby this work. Someof themarenot new to
IR, but it is interestingto interpretthemwithin thePAS approach.

Obtaining probabilities. Theproblemof estimatingaccuratelyuncertaintyis central
to IR. Importantadvanceshave beenmadein this area,essentiallywithin the
probabilisticapproach(seee.g. [RSJ76,Gre98]). PAS leave total freedomon
theway probabilitiescanbeassignedto assumptions,but freedomis not always
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an advantage:someconstraintsor a generalcriteria would be helpful to deter-
mineadequateuncertaintyvalues.Making inferencescanbehelpful if adequate
uncertaintyvaluesareassociated,but may be very harmful otherwise. Indeed,
the problemof estimatingprobability is crucial to the whole logical approach,
althoughlogic appearsasan attemptto move away from purely numericalap-
proaches.In this thesis,differentapproachesweretake to estimateprobabilities
of assumptions:they wereconsideredasparameterswhichareoptimizedaccord-
ing to theretrieval effectivenesscriteria(Chapter5), they wereadjustedassum-
ing they follow a logistic regressionon therank(a priori assumptions,Chapter
4), or estimatedusingpastrelevancejudgements(link assumptions,Chapter4).
However, a generalmethodologywouldhavebeenmuchhelpful.

Logic and empirical observations. Thesourcesof evidencewhichmayinfluencerel-
evanceareinnumerable,andinteractin complex andoftenmisunderstoodways.
Logic is usedto representandprocessthisknowledge(e.g.relationshipsbetween
conceptsor documents),but canlogic really captureall the subtleinteractions
betweentheparameterswhich influenceretrieval? Doesevidencecombineand
propagatein the way we supposeor assumethey do? An earlierpaper[Pic98]
showedthatfor theCACM collection,hypertextualevidenceappearto combine
in thenoisy-ORway, which is thecombiningschememostnaturallyusedwithin
thePAS framework. However, this resultwasnot confirmedon theWT collec-
tion,wherehypertextualevidencearehighly correlatedandsimplifying indepen-
denceassumptionsassumptioncannotbe made. It is thenhighly dangerousto
assumewithout verificationthatevidenceshouldbehavein acertainway.

Thereis a morefundamentalquestion:to whatdegreedo therulesof inference
apply to information retrieval? The point hereis not whetherIR is or is not
inference,but whetherthereis strongempiricalevidencethat the relationships
betweentheobjectshandledby informationretrieval systems(e.g. termswhich
areindicatorsof thepresenceof concepts)follow therulesof inference.If very
low associatedprobabilitiesareassociatedto rules(becausehigherprobability
valueswouldharmretrieval),makinginferenceslosesits meaning.If documents
arerepresentedby a largenumberof terms,or if they arelinkedto many docu-
ments,theinferencesget”diluted” andtheoverall resultof theinferenceprocess
cangetunpredictableandunreadable.

Knowledgerepresentation. Thereis an increasinginterestfor NLP andmoreelab-
oratedknowledgerepresentationtechniques,due to new applicationssuchas
QuestionAnsweringsystemsormorecomplex retrievalenvironments.Butpropo-
sitional logic is only ableto handlefacts,which maynot besufficient for many
applicationsrelatedto IR. For example,it cannotdealadequatelywith aquestion
suchas:”What ArabcountryinvadedKuwait in 1990?”.Suchaquestioncanbe
naturallyrepresentedin first-orderlogic by:ã�¨

, ä �{+=�{ �¨e'Ò>På c¶æ +��\�� �ç�èeÈ�+ r»f #&¨�#]J�éUé(½\'
CanPAS bebuilt onmoreelaboratedtechniquessuchasfirst-orderlogic, instead
of propositionallogic? The basicideasof PAS of representinguncertaintyex-
plicitly andviewing the evaluationof hypothesisasa researchof argumentsis
very attractive for reasoningunderuncertainty. PAS couldbea very convenient
framework to unify probabilisticknowledgewith first-orderlogic in thecontext
of thetheoryof evidence.
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The computational costof inferences.We have seenin Chapter5 that a rigorous
computationof thesymbolicsupport(

���L �!$#�%�>$��'
) would have implied a cost

perquerylinearwith thenumberof documents.This is simplynotpossiblewith
the ever increasingsize of documentcollections. This leadsto the following
fundamentalquestions:arelogical modelsdestinatedto beno morethana con-
venientframework for thinking of the IR task? Shouldlogical processingbe
avoidedasmuchaspossiblewhenmoving from modelsto their implementation,
or eventuallyonly keptfor specificprocessing?Thework of OunisandPascaon
imageretrieval [OP98] is anegativeanswerto thosequestions.They showedthat
a logical representationof imagesoutperformsa keyword-basedrepresentation,
andfoundanefficient techniquefor resolution.This work shouldhopefullybe
followedby othersin thefollowing years.However, generalpurposecollections
arein generaldifficult to adaptto a logical modeling.

6.3 The future of logical appr oaches to IR

At presenttime,building aretrieval systemthatyieldsgoodretrieval resultsholdsmore
of a”know how” thanof therigorousapplicationof generaltheoriesof text representa-
tion,usermodelingor informationretrieval. Indeed,IR is ahighly diverseandcomplex
taskandassuch,is quiterefractoryto modeling.Nevertheless,wehaveseenthatmod-
els,evenasnaiveapproximationsof reality, havebeenessentialto theprogressesdone
in IR in the last thirty years. They shouldbecomemore and more essentialas the
complexity anddiversityof text collectionsandinformationneedsincreases.

It is oftensaidthatrelevanceis thecentralconceptof IR. In ouropinion,relevance
is ”only” anemanationof a moregeneralconcept,theconceptof information. To the
author’s advice,the fundamentalquestionsof IR turn aroundtheconceptof informa-
tion: how cantheinformationcontainedin any objectberepresentedexplicitly? How
canan informationneed(sometimescalled”information gap”), which cannotbesaid
to ”contain” information,berepresentedinsidea theoryfor representinginformation?
What is thetruemeaningof ”matching” a contentof informationwith a gapof infor-
mation,andhow is it exactly capturedby logical implication? The logical approach
startsfrom an ambition to answerthesequestions.But while logic is a languageto
describethestateof theworld, informationis a processwhich involvesa changein a
cognitiveagentreceiving thedata:it is not soobvioushow this processcanbeexplic-
itly describedinsidelogic, althoughlogic appearsto bethemostpromisingformalism
to handlethenotionof information[Dev91, vR96]. To elucidatetherelationshipsbe-
tweenIR andlogic, a goodstartingpoint is propositionallogic, thesimplestandbest
understoodlogic - althoughit wasmisunderstoodin its applicationto IR. ModelingIR
with probabilisticargumentationsystemsis onesmallsteptowardthis farawaygoal.
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