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Abstract

As theamountof informationstoredon theWebincreasesatanamazingpace,it getsharderfor searchenginesto
retrieve theinformationrelevant to a user. Recently, attentionin theWebcommunityhasfocusedon thepotentiality
offeredby hyperlinksto help index andorganizeinformation. Severalmethodshave beenproposedto take account
of theknowledgeinducedby hyperlinks,with differentobjectivesin mind. In this paper, we focuson threeof them:
improving documentrankingby a propagationof documentscoresthroughthe hyperlink structure,estimatingthe
popularityof a Web page,andextractingthe most importanthubsandauthoritiesrelatedto a given topic. Using
probabilisticargumentationsystems,a techniquefor dealingwith uncertainknowledgewhich integratepropositional
logic andprobabilitytheory, we show how all thesetechniquescanbemodeledin a unifiedlogical framework. This
allows comparisonsof the differentmethodsfor usinghyperlinks,andillustratessomeof their weaknesses.Some
experimentsillustratethefeasibilityof theapproach.

1 Intr oduction

Traditional techniquesfor indexing documentsmay be inappropriatein the context of the Internet. (1) Web pages
mayvary from a few wordsto megabytes,suchthat theuseof word frequenciesfor documentindexing andretrieval
mayproduceunpredictableeffects. (2) Moreover, theassumptionthat thewordscontainedin a documentarestrong
indicatorsof theunderlyingtopicsis not asmuchverifiedasin classicaltext collections(e.g. news stories,scientific
papers):peoplewho designWeb pagesmay have specificobjectivesin mind, which arereflectedin the wordsthey
choose.Also, tacticsto influencetherankingof searchengines,called”spamming”or ”the searchenginepersuasion
problem”[11], arewidespread.Finally, (3) thewell-known problemsof polysemyandsynonymy areaggravatedon
theWeb: in a click, onecanfind commercialinformation,scientificpapers,datarepositories,propagandaor theWeb
pagesof his friends.Thisseriouslylimits theuseof thesaurusor domainknowledge,andit seemsthatrelyingonly on
thewordsandkeywordsis not a goodindexing strategy for theWeb.

To compensatethe difficulties with indexing andretrieving information,many searchenginesarealsooffering
hierarchicalclassifications.Theseclassificationswerecreatedandmaintainedup to now by humans.However the
humancostof purelymanualorganizationof informationdoesnot make it a viableoptionat long term,becauseWeb
pageschangecontinuouslyandnew categoriesor ”cybercommunities”appeareverydayon theWeb. And asreported
in [11], ”repositoriesarenow themselvesresortingto searchenginesto keeptheir databaseup-to-date”.

1.1 Hypertext links, information and knowledge

Thedifficultieswith searchingandorganizingtheWebhaveledresearchersto investigateothersourcesof knowledge.
Recently, attentionhasfocusedononeof them:thefew billion hypertext links which”glue” theInternettogether. The
Webwould afterall not exist without theselinks, which arethepathswhich leadto information. Indeed,browsingis
for many userstheusualway to find ”nearby” information,andasquotedin [11]:
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”The power of theWeb residesin its capabilityof redirectingthe informationflow via hyperlinks,so it
shouldappearnaturalthatin orderto evaluatetheinformationcontentof aWebobject,theWebstructure
hasto becarefullyanalyzed.”

Recentexperimentsseemto confirm that hyperlinkscanbe very valuablein locatingor organizinginformation
[11, 9, 2,3, 1]. They havebeenused:(1) to improveaninitial rankingof documents[13], (2) to computeanestimateof
a Webpage’spopularity[2], or (3) to find themostimportanthubsandauthoritiesfor a giventopic [9, 1, 3]. It seems
thateachof thesetechniquesis basedon someunderlying,sometimespartly implicit idea,on thetypeof knowledge
whichcanbeinducedby thepresenceof ahyperlinkbetweentwo pages.For example,whenthey areusedto estimate
thepopularityof aWebpage,hyperlinkscanbeinterpretedin thefollowing way: ”if adocumentis citedby apopular
document,thenit is possiblypopularitself”. This typeof knowledgecaneasilybecapturedby propositionallogic, if
somemeasureof uncertaintyis associated.

1.2 Outline of this paper

Probabilisticargumentationsystemsis a techniquefor dealingwith uncertainknowledge,by integratingpropositional
logic with probability theory. In this paper, we will show how the techniquesmentionedin Section1.2 to handle
hypertext links canbedescribedin this unifiedframework. This allowscomparisonsof themethods,highlightssome
previouslyunseenweaknessesandleadsto new methodsfor usinghyperlinks.

Section2 will introducethe readerto probabilisticargumentationsystems,which have alreadybeenappliedto
informationretrieval in hypertext [12]. Sections3,4 and5 will describetechniquesto handlehyperlinksin orderto
improvedocumentranking,estimatethepopularityof aWebpage,andextractthemostimportanthubsandauthorities
relatedto a giventopic. We will seehow probabilisticargumentationsystemscanbeusedto dealwith theknowledge
inducedby the hypertext structurefor the samepurposes.Section6 will presentsomeexperimentswith the model
developedfor improving aninitial rankingof documents.Section7 will concludethis paper.

2 Intr oduction on probabilistic argumentationsystems

In thissection,wemakeashortintroductionto probabilisticargumentationsystems(PAS). Thereis muchmoreabout
PAS thanwhat is shown here. For a detailedoverview of PAS, the readeris referredto [6]. However, this tutorial
shouldbesufficient to understandtheir applicationin this paper.

2.1 PAS

Propositionallogic is oneof thesimplestandmostconvenientwaysof encodingknowledge.An apparentdrawback
is thatpurepropositionallogic seemsto beunsuitablefor takingaccountof uncertainty. However, uncertaintycanbe
handledrathereasilyby adjoiningparticularpropositionscalledassumptions. Assumptionsarepropositionswhich
statetheunknown conditionsor circumstancesuponwhich thefactsandrulesdepend.If anassumptionis known to
betrue,thenthefactor rule whichdependson it holds.Otherwise,nothingcanbededucedfrom this factor rule.

For example,let proposition
���

denote”document � � is relevant to the informationneed”. Proposition
���

can
be either true or false. Theremight be someuncertaintyassociatedto this fact, for exampleif may dependon the
reliability of the searchenginewhich hasretrieved it for a given query. By usingan assumption� � which denotes
theuncertainconditionsunderwhich the fact

���
holds,theuncertaintycanbecapturedby: � �������

�
. Similarly,

uncertaintyin rulescanalsobe capturedby assumptions.For example,supposethat documents� � and �	� concern
similar topicssuchthatin somecases,they arebothrelevantto thesameinformationneed.Theseconditionswhichdo
not alwaysapplycanbecapturedby thefollowing: 
 � � ���
� � ��� ��� , where

� � means”document��� is relevant”,
and 
 � � denotesthe uncertaincircumstancesunderwhich the rule

� � ��� � applies. We will in generalpreferthe
following equivalentnotationfor uncertainrules:

� ��� 
 � � ��� � .
�
For readingcommodity, assumptionswill bedenotedby minor letters,andotherpropositionsby capitalletters
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Most applicationsalso requirea numericalassessmentof uncertainty. The numericalaspectof uncertaintyis
obtainedby assigningprobabilitiesto assumptions.For example,if for theuncertainrule

��� � 
 � � ��� � , thecondition

 � � is known to hold with probability0.3,thenwemayset: � � 
 � � ������� � . Notethatthis is conceptuallydifferentfrom
assigninga probability to the whole logical sentence

� � �
����� � � �!�"��� �	� , as is donein other frameworks for
integratinguncertaintywith logic.

Givenaknowledgebasecomposedof uncertainfacts,rulesor conditionsmodeledwith logicalformulascontaining
assumptions,we are interestedin finding which symbolicargumentssupportor discarda given hypothesis# . A
symbolicargument # is a conjunctionof literals of assumptionswhich, if addedto the knowledgebase,makesthe
hypothesistrue (a literal is a propositionor its negation). We will thencomputethe symbolic support of # given
by theknowledgebase$ , denoted%&� � #('&$)� , which containsthedisjunctionof all symbolicargumentswhich allow to
derive # if addedto theknowledgebase.Wemayalsowantto evaluatethereliability of thesupportgivenbyarguments,
usingprobabilitiesassignedto theassumptions.Wewill thencomputethedegreeof support �*%&� � #+',$)�-�.� � %&� � #+',$)�&� .

2.2 An example

For example,take theknowledgebase:

$/� � � � ��� � � � � �*� �0� ��� � �1� ��� 
 � � �"� �2� (1)

Remarkthat a knowledgebasecanalwaysbe representedasa conjunctionof rules, facts,andmore generally
of clauses.We areinterestedin finding the argumentsfor hypothesis

� � given by $ . It is easilyseenthat � � is an
argumentfor

� � , because
� � � �3� � � � � �54 � � � . Thesameway,

� � � � 
 � � � is anotherargumentfor
� � . Thus,the

symbolicsupportgivenby theknowledgebasefor
� � , denoted%,� �1� �6'&$)� , is:

%&� �
� � ',$)����� �87 � � � � 
 � � � (2)

Thefollowing probabilitiesareassignedto theassumptions:� � � � ������� 9:'1� � �*�;�8�<���>=)?�'1� � 
 � �����<�:� � . Whatis the
probabilitythat thesupportholds?In orderto makeanexactcomputation,independenceassumptionsmustbemade,
e.g. � � � � � � � �@�A� � � � �8BC� � � � � , � � � � �ED � � �@�F� � � � ��B �HGJI � � � � �,� , etc. Thedegreeof supportof

� � givenby the
knowledgebase,�*%&� �
� � ',$)� , is:

�*%&� �1� �)',$)�K� � � %&� �1� �6'&$)�,�
� � � �*� 7 � � �L� 
 � ���&�
� � � �*� 7 � � �L� 
 � � �!D �*���,�
� � � � � �+MN� � � � ��B,� � 
 � � �OB �,GPI � � � � �&�
� ��� �69

Thepassagefrom line 2 to line 3 in thepreviousequationcomesfrom theequality: Q 7SR ��Q 7 � R �5D QT� . Next
sectionswill show how thenotionson PAS presentedherecanbeappliedto dealwith theknowledgeinducedby the
hypertext structure.

3 Using hyperlinks to modify documentscoreand rank

3.1 Spreadingactivation in hypertext

The implicit reasoningmadein the spreadingactivation techniqueis as follows: a link from a document� � to a
document��� is evidencethattheircontentis similaror related,suchthatif � � is relevantto acertaininformationneed,
��� mayalsoberelevant. Having an initial rankingof documentsgivenby theretrieval systemfor a givenquery, the
links canbeusedto improvetheranksof thedocumentswhicharelinkedto thebestrankeddocuments.For example,
if ��� is linkedto � � which is rankedfirst, then �	� shouldbeplacedat abetterrank.
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Thegeneralschemeis to takeaninitial rankingandto re-rankit asfollows.Theretrieval engineprovidesaninitial
retrieval statusvalue(RSV) to eachdocumentbasedon its similarity with thequery. It is assumedthatthelinks have
notbeenusedto producethisRSV. TheRSVof document� is updatedby addingtheweightedRSVof its U neighbors
throughacertainnumberof cycles.Theneighborscanlinkedby incomingbut alsooutgoingdocuments.Supposethat
document� hasneighbors� � to �	V . TheRSVof � at cycle WXM G is computedby thefollowing:

Y[Z�\]� �	^`_
�
�8� Y[Z�\a� ��^b�cM

Vd
e&f �hg e
YiZ8\]� ��^e � (3)

Theparameterg e canbe seenasthe degreeof certaintyregardingthe evidenceprovidedby the link from � e to
� . It canbea fixedvalueaccordingto the link type � , or mayvary accordingto a measureof similarity betweenthe
documentsandthequery[5, 14].

Theunderlyingassumptionof a repeatedpropagationthrougha certainnumberof cyclesis thatdocumentsmay
have direct but alsoindirect influenceson eachotherthroughthe links. Indeed,if the RSV of a documentdepends
on theRSV of eachof its neighbors,their RSV dependin turn on the RSV of their neighbors,andsoon. In a way,
this repeatedpropagationcanbeseenasaninferenceprocess,thoughwith noguaranteethattheinferencesarealways
appropriate.However, thenumberof cyclesis oftenlimited to one:morethanonecycle is usuallyharmfulto retrieval
effectiveness[14].

Severalproblemscanbefoundwith thisheuristictechnique:thereis no theoreticalbackgroundguidingthechoice
of thenumberof cycles j or thevalueof theparameterg e . Moreover, evidencemaypropagateindefinitelyif thereare
cyclesin thenetwork.

3.2 Impr oving documentranking with PAS

With the PAS modeldevelopedhere,we will alsoattemptto improve documentrankingusingthe hypertext struc-
ture. But insteadof propagatingdocumentscores,we will seekall symbolicargumentssupportingthe relevanceof
a document.In a secondphase,probabilitiesareassignedto theassumptionsandthedegreeof supportgivenby the
argumentsis computed.Finally documentsarereturnedto theuserby decreasingdegreeof support.

For eachdocument� ^ , let usdenoteproposition
�
^ as:”document� ^ is relevant”. If adocumentis retrievedby the

retrieval system,it is evidencein favor of thatdocument’s relevance.Let assumption� ^ denote,”the retrieval system
hascorrectlyretrieveddocument� ^ ”. Thenfor eachdocumentin thecollection,wehave:

� ^
���
^ (4)

For a given query, we may adjustthe probability of the assumption� � � ^ � to the rank at which � ^ is retrieved
(� � � ^ 4 k ��l+m�� , or set� � � ^ �n��� (i.e.

D � ^ ) if � ^ is not retrieved. In practice,we fit a logistic regressionon therankfor a
setof trainingqueries,aswe will seein Section6.

We want to usethehypertext structureto improve the initial ranking. For eachlink from � ^ to � e , we inducethe
knowledgethat undersomecondition 
 ^ e , the relevanceof � ^ implies the relevanceof � e . The assumption
 ^ e may
denotetheconditionsunderwhich thelink impliesrelevancein thepresentcontext. We havethen:

�
^
� 
 ^ e
��� e (5)

We maythenfind theargumentssupportingtherelevanceof eachdocument.As anexample,take a collectionof
documents� � 'C� � '&��o . Therearelinks from � � to � � andfrom �	o to � � . Thefollowing knowledgebaseis generated:

$/� � � � ��� � � � � �*� �0� ��� � � � o ��� o � � �
� � �0� � � � �1� o � � � � (6)

We find for thesupportof
� �

:

%&� �
��� ',$)����� � 7 � � � � 
 � � � 7 � �*o � 
po � � (7)q
Therecan be links of varioustypes: hypertext links, citation, nearestneighbor, etc. Also, links canbe distinguishedby their orientation

(incoming,outgoing),becausethisorientationcanaffect theamountof informationaboutrelevancecontainedin thelink.
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Here, � � hasthreesymbolicarguments.For a real query, onemay want a numericalevaluation. The degreeof
supportof

���
is:

�*%&� �1� �)',$)�K� � � %&� �1� � '&$)�,�8�r� � � � �(MN� � �*� � 
p� �L�sD � � �(MN� � � o � 
 o �L�sD � ���!D � ��� � 
p� � �&�
� � � � � �+MN� � �*����B,� � 
p� � �OB �,GPI � � � � �&�+MN� � � o �OB,� � 
 o � �LB �,G@I � � � � �&�LB �,G@I � � �*���OB&� � 
p� � �,�

Thiscomputingformulafor thedegreeof supportis thesamefor all queries.For a givenquery, oneneedsto give
valuesto the � � � ^ � ’s accordingto the rankof � ^ , andprobabilitiesfor the links � � 
 ^ e � . However, the former canbe
fixed.

It is interestingto noticethat the hypertext structure,interpretedlogically, hasbeenintegratedin the computing
formulasfor thedegreeof supportof eachdocument.Thisway, thecomputationscanbedoneveryfast.Section6 will
show someexperimentscomparingthespreadingactivationtechniqueto thePAS modeldevelopedin thissection,and
demonstratehow probabilitiescanbecomputedin practice.

4 Estimating the popularity of a Webpage

4.1 PageRank

ThePageRankalgorithm,usedin theGooglesearchengine(www.google.com)considersthatusershave anabsolute
preferenceamongWebpages:it assumesthatthemorea Webpageis visited,themoreit is appreciatedby theusers.
To measurethe popularityof the pages,it is not possibleto have accessto the logs of the servers,but a reasonable
assumptionis that thepreferenceof usersis reflectedin thehypertext structure:a link towarda Webpageis oftenan
indicationthat this pageis acknowledgedby someoneasa goodsourceof information. A simpleway to implement
this ideawould beto countthenumberof timesa Webpageis cited. Microsoft’s homepage,surelyoneof themost
visited pageon the Web, is cited morethan23 million times in Altavista’s index (probablymuchmorein reality).
However, eachlink shouldnotbetreatedequally, sinceits impactalsodependson thepopularityof theparentnode:a
pagecitedonly a few timesbut which is in Yahoo!’s index would certainlybequitevisited. Thusthepopularityof a
pagealsodependson thepopularityof thepagesthatcite it.

TheideabehindPageRankis thata userwho crawls theWebby selectingthehyperlinksat randomis morelikely
to visit certainWeb pagesthanothers,simply becausetherearemorepossibleways by which the usercan reach
thesepages.It is possibleto modelthe behavior of a ”random” surferasa Markov process,wherethe statesof the
systemareeachof theWebpages.Themeasureof popularityof aWebPage,its PageRank,is givenby thestationary
probabilitiesof this Markov process- thelimit probabilitythattheuserwill beon a certainpage.ThePageRanksare
computedverysimply by aniterativealgorithm,whichconvergesaftera few steps.

Thepopularitymeasuresareusedin theGooglesearchengineto boostthescoresof thedocuments,independently
of the query. This algorithmis criticized becauseit biasesthe accessto information[10]. The ”perverse”effect of
PageRankis that it will pushpopularpagesto getevenmorepopular, andnew or unknown (unlinked)Webpagesto
stayunknown. As saidin [11], ”visibility is likely to bea synonym of popularity, which is completelydifferentthan
quality, andthususingit to gainhigherscoreis a ratherpoorchoice”.To our advice,thefrequency atwhich a pageis
visitedby all theusersof theWebis notnecessarilyanindicatorof its relevanceto auserwhohasits own preferences,
hobbies,culturalbackground,etc. ThePAS modelingoffersa cleanway to take accountof thesea priori preferences
of theuser.

4.2 Using PAS to computea personalized”popularity” measure

Supposethatfor eachuser, it is possibleto computesomepersonalized”popularity” measure.For example,eachuser
mayproduceasetof keywordsor Webpagesreflectingits interests,suchthateachpageon theWebcanbeassigneda
probability � � � ^ � thatit will beamongthefavoritesgivenits similarity with thekeywordsor thegivenWebpages.We
would like to refinethisknowledgeon theuser’s interestby takingaccountof thehypertext structure.Let usdefinet ^
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as”document� ^ correspondsto theuser’s interest”.Thenfor eachdocument,thereis somecondition � ^ underwhich
� ^ correspondsto theuser’s interest.Similarly asbefore,wehave:

� ^
� t ^ (8)

The probability � � � ^ � canbe initially computedif the usergivessomeinformationabouthis interests,andthen
updatedby keepingtrackof thepageshevisits. We wantto usethehypertext structureto improveour knowledgeon
theuser’s interests.For eachlink from � ^ to � e , we inducethat,undersomecondition 
 ^ e , therelevanceof � ^ implies
therelevanceof � e to theuser’s interest.We have then:

t ^
� 
 ^ e
� t e (9)

Notethatthesymbolicsupportthata documentis amongthefavorite to theuseris thesameasthesupportthatit
will berelevant.Indeedeachuserwill havethesamesymbolicargumentssupportingthepopularityof eachdocument.
Thenif anequalprobability � � � ^ � is assignedto eachdocument,wewill bein thecasewhereit is assumedthattheuser
hasno preference.This is thecaseof PageRank.However if theusergivessomehintsallowing to computepersonal
a priori probabilities� � � ^ � or eventuallylink probabilities,it will bepossibleto have a personalrankingfor this user.
It shouldbenotedthatin PageRank,it is notpossibleto assigndifferentinitial probabilitieson theWebpages.

5 Finding hubs and authorities

5.1 Kleinberg’s algorithm

In many cases,theuserdoesnot know whatexactly heis looking for, andis ratherinterestedin having goodstarting
pointsfor browsingin orderto learngeneralinformationonthedomain.Givenageneraltopicsufficiently represented
on theWeb(e.g. ”humanrights”, ”ice hockey”), it is possibleto distinguishtwo typesof potentiallyrelevantpages:
authorities andhubs. Authoritiesarepageswhich containhigh quality andexhaustive informationon thetopic,and
hubsarepageswhich containlinks to the authorities,thus giving accessto the relevant information. The Web is
very rich in centralpages,fansitesandotherclassificationsof resources,andthosecanbevery helpful for automatic
classificationof information.

How canwe find hubsandauthorities?Theassumptionmadeby Kleinberg [9] is thata goodauthorityis a page
which haslinks from many goodhubs,anda goodhubis a pagewhich haslinks towardsmany goodauthorities.The
algorithmhassomesimilarity with PageRankin that the quality of a pagedependsrecursively on the quality of the
neighbors,althoughherethe links arefollowedin bothdirections.The ideaof Kleinberg’s HITS algorithm[9] is to
considera rootsetof usually200documents,composedof themostlikely relevantdocumentsto agiventopic. These
200documentsarefoundwith a traditionalsearchengine.Thisrootsetis expandedwith all documentswhichpoint to
or arepointedby thesepages,to form thebasesetin which authoritiesandhubswill befound(theexpansioncanbe
donetwice to havea largerbaseset).Thentheconnectivity of thisbasesetis usedasfollowsto find thebesthubsand
authorities.For eachdocument�vu in thebaseset,a hubscore#*u anda authorityscore�6u arecomputed.The initial
scoresaresetto 1, but thefinal resultis not sensitive to any nondegeneratevaluesof initial scores.Thenthehuband
authorityscoresareupdatediteratively, by respectively thesumof authorityscoresof thepagesthatcite �6u , andthe
sumof hubscoresof thepagesthat �6u cites.Theupdatingequationsare:

#wux� d
y&z|{}y�~ � ^

�)ux� d
y�~1{/y&z # ^

where �6u � � ^ meansthat thereis a link from �6u to � ^ . It canbeshown that thescoreswill convergeif they are
normalizedaftereachstep.Theexactscoresarenotsoimportant,sincetheuseris presentedwith a rankedlist of hubs
andauthorities:
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It is arguedthat thealgorithmhasan”objective” justificationbecauseit findssomeintrinsic propertiesof a setof
linkedpages[9, 3]. However, we believe therearesomeweaknessesin this algorithm. Oneis thata basesethasto
bechosenfor a giventopic, amongwhich thehubsandauthoritieswill beselected.Althoughit is arguedin [8] that
themethodis robust(i.e. givessimilar results)for differentbasesets,thechoiceof aparticularbasesetis nonetheless
purelyheuristic.Anotheris thattheinitial rankingof documentsis notusedasprior evidence,while clearlyaninitially
betterrankeddocumenthasmorechancesto berelevant,andcertainlymorechancesto beagoodhubor authority.

5.2 A model for computing hub and authority scores

Givena generalsearchtopic andadocument� ^ , proposition� ^ denotes”document� ^ is a goodhub” and Q ^ denotes
”document� ^ is a goodauthority”. UnlikeKleinberg’salgorithm,we considerthatthereis initial evidence# ^ that

�
^

is a goodhub,and � ^ thatit is agoodauthority.

# ^
� � ^ 'C� ^

� Q ^ (10)

As in Kleinberg’salgorithm,we make theassumptionthatif a document� ^ is citedby a goodhub � e , thenthis is
evidencethat � ^ is agoodauthority. We have then:

� e �s� e ^
� Q ^ (11)

Similarly, if a goodauthority � ^ is citedby adocument� e , thenthis is evidencethatthat � e is a goodhub:

Q ^
�a�
^ e
� � e (12)

For eachhyperlink from � e to � ^ , therewill be two rulesgenerated:
� � e ��� e ^

� Q ^ �|'
� Q ^
�s�
^ e
� � e � . From

thisknowledgebase$ , onecancomputefor eachdocument� ^ , thesymbolicsupportfrom $ thatit is agoodhubanda
goodauthority, %&� � � ^ '&$)� and %&� � Q ^ ',$)� . Then,for agiventopic,differentprobabilitiesareassignedto theassumptions
� � � ^ � and� � # ^ � , andeventuallyto theassumptions

�
^ e and
�
^ e , whichcanbefixedor dependonsomesimilarity value

with the topic. Thenumericaldegreesof support�*%&� � � ^ ',$)� and ��%&� � Q ^ ',$)� will be thehubandauthorityscoresof
document� ^ for this topic. Note thatcomparedwith Kleinberg’salgorithm,thereis no needto determinea baseset,
which is herethesamefor all topics.For two differenttopics,only theassignedprobabilitieswill change.

6 Experimentswith the model for spreadingactivation

In this subsection,we presentour experimentsdoneon the CACM andTrec’8 Web testcollections. If the paperis
accepted,we shouldbeableto presentexperimentalresultson anothertestcollectionof biggersize.TheCACM test
collection(3.2 Megabytes)contains3204documents,andhas50 requestswith associatedrelevancejudgments.The
Web Trackcollection(2.3 Gigabytes)containsaround250’000pagesextractedfrom the Web,andhas100 requests
with associatedrelevancejudgments.The retrieval effectivenessis evaluatedby the meanaverageprecisionat 11-
point recall, themostusedevaluationmeasurein informationretrieval. Section6.1 describesbriefly thesummaryof
necessaryoperations,andSection6.2presentssomeexperimentsmadeon two testcollections.

6.1 Learning

Thesetof symbolicoperationsis asfollows:

� Converteachlink from � ^ to � e to
�
^
� 
 ^ e
�"� e .

� For eachdocument
�
^ , computethesupport%&� �
� ^ ',$)� .� Putthesupportof eachdocumentin disjoint form usingHeidtmann’salgorithm[7]. Convert this disjoint form

to a directlyusableformulafor computingthedegreeof support��%&� �
� ^ ',$)� (seee.g.Section4).
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Typeof link SA PAS PAS vs baseline PAS vs SA
Citing 0.266(0.3) 0.267 +5.57% +0.01%
Cited 0.261(0.4) 0.273 +7.83% +4.11%

Table1: Experimentalresultson theCACM collection

Model Baseline Bestincoming Bestoutgoing 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%)

Table2: Experimentalresultson theWT collection

At this point, all the logical operationsaredone. A learningprocessis alsonecessaryto assignprobabilitiesto
theassumptions� � � ^ � and � � 
 ^ e � . For thefirst ones,a setof trainingqueriesis usedto fit a logistic regressionon the
probability of relevancegiventhe rank. The probabilitiesof link assumptionscanbestaticor maydependon some
similarity valuebetweenthelink andthesearchtopic. For theseexperiments,wewill only considerstaticprobabilities.
They canalsobeestimatedona setof trainingqueries.Thereaderis reportedto [12, 15, 16] for moredetails.

Whena queryis processed,theonly operationremainingis to computethedegreeof supportfor eachdocument
� ^ , �*%&�
�
�
^ ',$)� .

6.2 Experiments

For the CACM collection, links were consideredseparatelyin the forward direction (citing) and in the backward
direction(cited).For eachdocument,argumentsof orderthreeandlesswerecomputed,andthesymbolicsupportwas
put in disjoint form with Heidtmann’salgorithm.

The basicretrieval processwasdoneusinga classicalretrieval systembasedon the cosinesimilarity measure.
Thebaselineretrieval effectivenessis 0.253,computedwith theTRECeval software.Comparisonsweremadebetween
PAS andbaseline,andPAS andspreadingactivation(SA). Theresultsshown for spreadingactivationarethebestones
obtainedfor a rangeof valuesof theparameterg , which wasfixedfor all links of a certaintype. Thebest g valueis
shown betweenparenthesis.Scorewasspreadfor only onecycle, sincemorethanonewasharmful to retrieval. The
resultsareshown in Table1. For thePAS technique,argumentsof lengththreeor less(atmostthreelinks assumptions)
werecomputed.

For theWT collection,tendifferentweightingschemeswereused(okapi-npn,...,bnn-bnn,seeTable2), to produce
tendifferentrankingsof documents.Table2 shows theretrieval effectivenessusingonly thebestincominglinks, the
bestoutgoinglinks, andboth.Thereareslightbut generallynot significantimprovementsover thebaseline.

Theseresultsshow thatPAS cancompetewith anestablishedtechniquesuchasspreadingactivation.Also, indirect
neighborscanbeconsideredwithout depreciatingperformance,at leastfor onetestcollection.For citing links, there
is no averagedifferencein retrieval effectiveness,while for citedlinks, thedifferenceis nearlysignificant.However,
for spreadingactivationthereis nounderstandingof theparametersinvolved,while in thePAS framework,parameters
arethe probabilitiesof the links which have a clearermeaningboth from a statisticalanda logical viewpoint. This
leavesmuchimprovementfor thePAS technique.
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7 Discussion

In thispaper, wehaveshown how variousapproachesto theuseof hyperlinksin orderto searchandorganizetheWeb
canbemodeledusingasingletheoreticalframework. Experimentshavevalidatedtheapproachwhenlinks areusedto
improveaninitial ranking,but experimentsfor computinghubandauthorities,andapersonalizedpopularitymeasure
havenotbeenconductedyetbecausethereis noexistingtestcollectionfor thesepurposes.Theexperimentsconducted
sofar in thesecasesdo not respectthestandardsnecessaryto draw reliableconclusions,andbuilding a goodquality
testcollectionis a very costly anddemandingtask. But the informationretrieval communityis tackling the taskof
building a goodquality Webtestcollection,andexperimentsshouldbepossiblein thenext future.

With the severalmethodsthathave beenproposedto usehyperlinksfor differentpurposes,thereis a needfor a
formal framework to allow analysisandcomparisonsbetweenthem. We have shown onepossibleframework here,
which usesthecommodityof propositionallogic for translatingintuitions into knowledge.With theuseof PAS, we
havegainedsomeinsighton thoseintuitions: for example,thesimilarity betweenthecomputationof popularitymea-
suresandimproving aninitial rankinghavebeenshown, andwehaveseenhow someheuristicaspectsof Kleinberg’s
algorithmcouldbedescribed
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