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Abstract

As theamountof informationstoredon theWebincreasesitanamazingpace,jt getsharderfor searctengineso
retrieve theinformationrelevantto a user Recently attentionin the Web communityhasfocusedon the potentiality
offeredby hyperlinksto helpindex andorganizeinformation. Severalmethodshave beenproposedo take account
of theknowledgeinducedby hyperlinks,with differentobjectivesin mind. In this paper we focuson threeof them:
improving documentranking by a propagatiorof documentscoresthroughthe hyperlink structure estimatingthe
popularity of a Web page,and extracting the mostimportanthubsand authoritiesrelatedto a given topic. Using
probabilisticargumentatiorsystemsa techniquefor dealingwith uncertainknonvledgewhich integratepropositional
logic andprobabilitytheory we shav how all thesetechniquesanbe modeledn a unifiedlogical framevork. This
allows comparison®f the differentmethodsfor usinghyperlinks,andillustratessomeof their weaknessesSome
experimentsllustratethefeasibility of theapproach.

1 Intr oduction

Traditionaltechniquedor indexing documentsnay be inappropriatein the context of the Internet. (1) Web pages
may vary from a few wordsto megabytes suchthatthe useof word frequenciegor documenindexing andretrieval
may produceunpredictablesffects. (2) Moreover, the assumptiorthatthe wordscontainedn a documentarestrong
indicatorsof the underlyingtopicsis notasmuchverifiedasin classicaltext collections(e.g. news stories,scientific
papers):peoplewho designWeb pagesmay have specificobjectivesin mind, which arereflectedin the wordsthey
choose Also, tacticsto influencethe rankingof searchenginesgcalled”spamming”or "the searchenginepersuasion
problem”[11], arewidespreadFinally, (3) the well-known problemsof polysemyandsynorymy areaggraatedon
theWeb: in aclick, onecanfind commercialinformation,scientificpapersdatarepositoriespropagandar the Web
pagef hisfriends. This seriouslylimits the useof thesaurusr domainknowledge ,andit seemshatrelying only on
thewordsandkeywordsis nota goodindexing strateyy for the Weh

To compensatehe difficulties with indexing andretrieving information, mary searchenginesare also offering
hierarchicalclassifications.Theseclassificationsvere createdand maintainedup to now by humans. However the
humancostof purely manualorganizationof informationdoesnot make it a viable optionatlong term,becausé\eb
pageschangecontinuouslyandnew categoriesor "cybercommunities”appeaeverydayontheWeh And asreported
in [11], "repositoriesarenow themselesresortingto searchengineso keeptheir databasep-to-date”.

1.1 Hypertext links, information and knowledge

Thedifficultieswith searchingandorganizingtheWebhave led researcheri investigateothersourceof knowledge.
Recently attentionhasfocusedon oneof them:thefew billion hypertet links which"glue” theInternettogether The
Webwould afterall not exist without theselinks, which arethe pathswhich leadto information. Indeed browsingis
for mary usergheusualwayto find "nearby” information,andasquotedin [11]:
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"The power of the Web residesn its capability of redirectingthe informationflow via hyperlinks,soit
shouldappeamaturalthatin orderto evaluatethe informationcontentof a Web object,the Web structure
hasto becarefullyanalyzed.

Recentexperimentsseemto confirm that hyperlinkscanbe very valuablein locatingor organizinginformation
[11,9, 2,3, 1]. They havebeenused:(1) toimproveaninitial rankingof document$13], (2) to computeanestimateof
aWeb pages popularity[2], or (3) to find the mostimportanthubsandauthoritiesfor a giventopic[9, 1, 3]. It seems
thateachof thesetechniquess basedon someunderlying,sometimesgartly implicit idea,on the type of knowledge
which canbeinducedby the presencef a hyperlinkbetweertwo pagesFor example whenthey areusedto estimate
the popularityof a Web page hyperlinkscanbeinterpretedn thefollowing way: "if adocuments citedby apopular
documentthenit is possiblypopularitself”. This type of knowledgecaneasilybe capturedoy propositionalogic, if
somemeasuref uncertaintyis associated.

1.2 Outline of this paper

Probabilisticargumentatiorsystemss atechniquefor dealingwith uncertairknowledge by integratingpropositional
logic with probability theory In this paper we will shav how the techniquegnentionedin Section1.2 to handle
hypertext links canbe describedn this unified framework. This allows comparison®f the methodshighlightssome
previously unseerweaknesseandleadsto new methoddor usinghyperlinks.

Section2 will introducethe readerto probabilisticargumentatiorsystemswhich have alreadybeenappliedto
informationretrieval in hypertet [12]. Sections3,4 and5 will describetechniquego handlehyperlinksin orderto
improve documentanking,estimatethe popularityof aWebpage andextractthemostimportanthubsandauthorities
relatedto a giventopic. We will seehow probabilisticargumentatiorsystemsanbe usedto dealwith theknowledge
inducedby the hypertet structurefor the samepurposes.Section6 will presentsomeexperimentswith the model
developedfor improving aninitial rankingof documentsSection7 will concludethis paper

2 Intr oduction on probabilistic argumentation systems

In this section we make a shortintroductionto probabilisticargumentatiorsystemgPAS). Thereis muchmoreabout
PAS thanwhatis shavn here. For a detailedoverview of PAS, the readeris referredto [6]. However, this tutorial
shouldbe sufiicientto understandheir applicationin this paper

2.1 PAS

Propositionalogic is oneof the simplestandmostcorvenientwaysof encodingknowledge. An apparentravback
is thatpurepropositionalogic seemso be unsuitablefor takingaccountof uncertainty However, uncertaintycanbe
handledrathereasilyby adjoining particularpropositionscalledassumptions Assumptionsare propositionswhich
statethe unknown conditionsor circumstancesiponwhich the factsandrulesdepend.If anassumptions known to
betrue,thenthefactor rule which depend®nit holds. Otherwise hothingcanbe deducedrom this factor rule.

For example,let propositionD; denote’documentd; is relevantto the informationneed”. PropositionD; can
be eithertrue or false. Theremight be someuncertaintyassociatedo this fact, for exampleif may dependon the
reliability of the searchenginewhich hasretrievedit for a givenquery By usinganassumptioru; which denotes
the uncertainconditionsunderwhich the fact D, holds,the uncertaintycanbe capturedoy: a; — D; . Similarly,
uncertaintyin rulescanalsobe capturedby assumptionsFor example,supposehat documentsi; andds, concern
similartopicssuchthatin somecasesthey arebothrelevantto the sameanformationneed.Theseconditionswhich do
not alwaysapply canbe capturedby thefollowing: l15 — (D1 — D»), whereD, means'documentds is relevant”,
andl,» denoteghe uncertaincircumstancesinderwhich therule D; — D, applies. We will in generalpreferthe
following equivalentnotationfor uncertairrules: Dy A Iy — Ds.

L For readingcommodity assumptionsvill be denotedby minor letters,andotherpropositionsby capitalletters
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Most applicationsalso require a numericalassessmenif uncertainty The numericalaspectof uncertaintyis
obtainedby assigningprobabilitiesto assumptionsi-or example,if for theuncertairrule D, Aly2 — Do, thecondition
112 is known to hold with probability 0.3,thenwe mayset: p(l12) = 0.3. Notethatthisis conceptuallydifferentfrom
assigninga probability to the whole logical sentencgp(D; — D) = 0.3), asis donein otherframeworks for
integratinguncertaintywith logic.

Givenaknowledgebasecomposeaf uncertairfacts rulesor conditionsmodeledwith logicalformulascontaining
assumptionsye are interestedn finding which symbolic arguments supportor discarda given hypothesish. A
symbolicargumenth is a conjunctionof literals of assumptionsvhich, if addedto the knowledgebase malkesthe
hypothesigrue (a literal is a propositionor its negation). We will thencomputethe symbolic support of h given
by theknowledgebaset, denotedsp(h, £), which containsthe disjunctionof all symbolicargumentswhich allow to
deriveh if addedo theknowledgebase We mayalsowantto evaluatethereliability of thesupporigivenby alguments,
usingprobabilitiesassignedo theassumptionswWe will thencomputethedegreeof support dsp(h, &) = p(sp(h, £)).

2.2 An example

For example take theknowledgebase:
é-: (a1 —>D1)/\(a2 —)Dz)/\(Dl /\l12 —)Dg) (1)

Remarkthat a knowledge basecan always be representeds a conjunctionof rules, facts,and more generally
of clauses.We areinterestedn finding the argumentsfor hypothesisD, givenby £. It is easilyseenthata, is an
argumentfor D, becaus€as; — D) A az |= Dy. Thesameway, (a1 A l12) is anotherargumentfor D. Thus,the
symbolicsupportgivenby theknowledgebasefor D, denotedsp(Ds, ), is:

Sp(DQ, f) =asV (a1 A l12) (2)

Thefollowing probabilitiesareassignedo theassumptionsp(a;) = 0.4, p(a2) = 0.25,p(l12) = 0.3. Whatisthe
probability thatthe supportholds?In orderto make anexactcomputationjndependencassumptionsnustbe made,
e.g.p(a1 A a2) = p(a1) - p(az), p(ar A ~a2) = p(ai1) - (1 — p(a2)), etc. Thedegreeof supportof D, givenby the
knowledgebasedsp(D, ), is:

dsp(D27€) = p(Sp(Dz, ))

= p(az V (Cll A l12))

= p(az \Y (a1 A 112 A —|a2))

= plaz) +p(a1) - p(li2) - (1 = p(az))
= 034

|
o

Thepassagérom line 2 to line 3 in the previousequationcomesfrom theequality: AV B = AV (B A—A). Next
sectionawill shav how the notionson PAS presentedherecanbe appliedto dealwith the knowledgeinducedby the
hypertext structure.

3 Using hyperlinks to modify documentscore and rank

3.1 Spreadingactivation in hypertext

The implicit reasoningmadein the spreadingactivation techniqueis asfollows: a link from a documentd; to a
documentl, is evidencethattheir contentis similar or related suchthatif d; is relevantto acertaininformationneed,
d> may alsoberelevant. Having aninitial rankingof documentgyivenby the retrieval systemfor a givenquery the
links canbe usedto improve theranksof the documentsvhich arelinkedto thebestrankeddocumentsFor example,
if dy islinkedto d; whichis rankedfirst, thend, shouldbe placedatabetterrank.
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Thegenerakchemas to take aninitial rankingandto re-rankit asfollows. Theretrieval engineprovidesaninitial
retrieval statusvalue (RSV) to eachdocumenbasedn its similarity with the query It is assumedhatthelinks have
notbeenusedto producethisRSV. TheRSV of documentd is updatedy addingtheweightedRSV of its m neighbors
througha certainnumberof cycles. The neighborscanlinkedby incomingbut alsooutgoingdocumentsSupposehat
documentd hasneighborsi; to d,,. TheRSV of d atcycle: + 1 is computedby thefollowing:

RSV (d*!) = RSV (dY) + i A;RSV(d5) (3)

=1

The parameter\; canbe seenasthe degreeof certaintyregardingthe evidenceprovided by thelink from d; to
d. It canbea fixedvalueaccordingto thelink type 2, or mayvary accordingto a measureof similarity betweerthe
document@andthequeryl5, 14).

The underlyingassumptiorof a repeatedropagatiorthrougha certainnumberof cyclesis thatdocumentsnay
have direct but alsoindirectinfluenceson eachotherthroughthelinks. Indeed,if the RSV of a documentdepends
onthe RSV of eachof its neighborstheir RSV dependn turn onthe RSV of their neighborsandsoon. In away,
thisrepeategropagatiorcanbe seerasaninferenceprocessthoughwith no guarante¢hattheinferencesrealways
appropriate However, thenumberof cyclesis oftenlimited to one: morethanonecycle is usuallyharmfulto retrieval
effectivenesg14].

Severalproblemscanbefoundwith this heuristictechniquethereis no theoreticabackgroundyuidingthechoice
of thenumberof cyclesc or thevalueof theparameten ;. Moreover, evidencemay propagatendefinitelyif thereare
cyclesin the network.

3.2 Improving documentranking with PAS

With the PAS modeldevelopedhere,we will alsoattemptto improve documentrankingusingthe hypertet struc-
ture. But insteadof propagatingdocumentscoreswe will seekall symbolicargumentssupportingthe relevanceof
adocument.In a secondohase probabilitiesareassignedo the assumptionsindthe degreeof supportgivenby the
argumentss computed Finally documentsarereturnedo the userby decreasinglegreeof support.

For eachdocumentl;, let usdenotepropositionD; as:"documentd; is relevant”. If adocuments retrievedby the
retrieval systemit is evidencein favor of thatdocument relevance.Let assumptioru; denote,’the retrieval system
hascorrectlyretrieveddocumentd;”. Thenfor eachdocumenin the collection,we have:

a; = D; (4)

For a given query we may adjustthe probability of the assumptiorp(a;) to the rank at which d; is retrieved
(p(a;|rank), or setp(a;) = 0 (i.e. ~a;) if d; is notretrieved. In practice we fit alogistic regressioron therankfor a
setof trainingqueriesaswe will seein Section6.

We wantto usethe hypertext structureto improve theinitial ranking. For eachlink from d; to d;, we inducethe
knowledgethat undersomeconditionl;;, the relevanceof d; implies the relevanceof d;. The assumptiofy; may
denotethe conditionsunderwhich thelink impliesrelevancein the presentontext. We havethen:

D; N lz'j — Dj (5)

We may thenfind the agumentssupportingthe relevanceof eachdocument.As anexample,take a collectionof
documentsly, d2, d3. Therearelinks from ds to d; andfrom d3 to d;. Thefollowing knowledgebases generated:

f = (a1 — Dl) A (a2 — DQ) A (a3 — D3) A (Dg — Dl) A (D3 A Dl) (6)
We find for the supportof D; :

sp(Dl,ﬁ) = Qi \Y (a2 A l21) \Y (a3 A l31) (7)

2Therecan be links of varioustypes: hypertet links, citation, nearesineighboy etc. Also, links can be distinguishedoy their orientation
(incoming,outgoing),becausehis orientationcanaffect the amountof informationaboutrelevancecontainedn thelink.
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Here,d; hasthreesymbolicarguments.For a real query onemay wanta numericalevaluation. The degreeof
supportof D, is:

dsp(D2,§) = p(sp(D1,§)) = pla1) + plaz Alay A—ay) + plag Alsy A—ay A—(ag Alay))
= pla1) +p(az) - p(la1) - (1 = p(a1)) + plas) - p(l31) - (1 = p(a1)) - (1 = p(az) - p(l21))

This computingformulafor the degreeof supportis the samefor all queries.For a givenquery oneneedso give
valuesto the p(a;)’s accordingto the rank of d;, andprobabilitiesfor the links p(;;). However, the former canbe
fixed.

It is interestingto noticethatthe hypertet structure interpretedogically, hasbeenintegratedin the computing
formulasfor the degreeof supportof eachdocumentThisway, thecomputationganbedoneveryfast. Sectioné will
shav someexperimentomparinghespreadingctivationtechniqueo the PAS modeldevelopedin this sectionand
demonstratéiow probabilitiescanbe computedn practice.

4 Estimating the popularity of a Web page

4.1 PageRank

The PageRanlalgorithm,usedin the Googlesearchengine(www.google.comkonsiderghatusershave anabsolute
preferencemongWeb pagesit assumeshatthe morea Web pageis visited,the moreit is appreciatedby the users.
To measurahe popularity of the pagesit is not possibleto have accesgo the logs of the seners,but a reasonable
assumptions thatthe preferencef usersis reflectedin the hypertet structure:alink towarda Web pageis oftenan
indicationthatthis pageis acknavledgedby someonesa goodsourceof information. A simpleway to implement
thisideawould beto countthe numberof timesa Web pageis cited. Microsoft's homepage surelyoneof the most
visited pageon the Web, is cited morethan23 million timesin Altavista’s index (probablymuchmorein reality).
However, eachlink shouldnotbetreatedequally sinceits impactalsodepend®n the popularityof the parentnode:a
pagecited only a few timesbut whichis in Yahoo!s index would certainlybe quite visited. Thusthe popularityof a
pagealsodepend®n the popularityof the pageghatciteiit.

TheideabehindPageRanks thata userwho crawls the Web by selectingthe hyperlinksat randomis morelikely
to visit certainWeb pagesthan others,simply becausehereare more possibleways by which the usercanreach
thesepages.lIt is possibleto modelthe behaior of a "random” surferasa Markov processwherethe statesof the
systemareeachof the Web pages.The measuref popularityof a Web Page,its PageRankis givenby the stationary
probabilitiesof this Markov process thelimit probabilitythatthe userwill be on a certainpage.The PageRanksre
computedvery simply by aniterative algorithm,which corvergesafterafew steps.

Thepopularitymeasureareusedin the Googlesearchengineto boostthe scoresof thedocumentsindependently
of the query This algorithmis criticized becauseét biasesthe accesgo information[10]. The "perverse”effect of
PageRanks thatit will pushpopularpagego getevenmorepopular andnew or unknown (unlinked) Web pageso
stayunknown. As saidin [11], "visibility is likely to be a synorym of popularity which is completelydifferentthan
quality, andthususingit to gainhigherscoreis aratherpoorchoice”. To our advice thefrequeng atwhich a pageis
visitedby all theusersof theWebis notnecessarilyanindicatorof its relevanceto a userwho hasits own preferences,
hobbiesculturalbackgroundetc. The PAS modelingoffersa cleanway to take accountof thesea priori preferences
of theuser

4.2 Using PAS to computea personalized”popularity” measure

Supposéhatfor eachuser it is possibleto computesomepersonalizedpopularity” measureFor example,eachuser
may producea setof keywordsor Web pageseflectingits interestssuchthateachpageonthe Webcanbeassigned
probabilityp(a;) thatit will beamongthefavoritesgivenits similarity with thekeywordsor thegivenWebpagesWe
would like to refinethis knowledgeon theusersinterestby takingaccounbof the hypertet structure Let usdefineP;
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as"documentd; corresponds$o theusersinterest”. Thenfor eachdocumentthereis someconditiona; underwhich
d; correspondso the users interest.Similarly asbefore,we have:

The probability p(a;) canbeinitially computedf the usergives someinformationabouthis interestsandthen
updatedby keepingtrack of the pageshe visits. We wantto usethe hypertet structureto improve our knowledgeon
theusersinterests For eachlink from d; to d;, we inducethat,undersomeconditioni;; , therelevanceof d; implies
therelevanceof d; to theusersinterest.We have then:

P, ANl = P ©)

Notethatthe symbolicsupportthata documenis amongthefavorite to the useris the sameasthe supportthatit
will berelevant.Indeedeachuserwill havethe samesymbolicargumentssupportinghepopularityof eachdocument.
Thenif anequalprobabilityp(a;) is assignedo eachdocumentwe will bein thecasewhereit is assumedhattheuser
hasno preferenceThis is the caseof PageRankHowever if the usergivessomehintsallowing to computepersonal
apriori probabilitiesp(a;) or eventuallylink probabilities,it will be possibleto have a personarankingfor this user
It shouldbe notedthatin PageRankit is not possibleto assigndifferentinitial probabilitiesonthe Web pages.

5 Finding hubs and authorities

5.1 Kleinberg'salgorithm

In mary casesthe userdoesnot know whatexactly heis looking for, andis ratherinterestedn having goodstarting
pointsfor browsingin orderto learngenerainformationonthedomain.Givenageneratopic sufficiently represented
onthe Web (e.g. "Thumanrights”, "ice hockey”), it is possibleto distinguishtwo typesof potentiallyrelevantpages:
authorities andhubs. Authoritiesare pageswhich containhigh quality andexhaustve informationon the topic, and
hubsare pageswhich containlinks to the authorities,thus giving accesgo the relevantinformation. The Web is
veryrich in centralpagesfan sitesandotherclassification®f resourcesandthosecanbe very helpful for automatic
classificatiorof information.

How canwe find hubsandauthorities?The assumptiormadeby Kleinberg [9] is thata goodauthorityis a page
which haslinks from mary goodhubs,anda goodhubis a pagewhich haslinks towardsmary goodauthorities.The
algorithmhassomesimilarity with PageRankn thatthe quality of a pagedependgecursiely on the quality of the
neighborsalthoughherethelinks arefollowedin bothdirections. Theideaof Kleinberg's HITS algorithm[9] is to
consideraroot setof usually200documentsgcomposef the mostlik ely relevantdocumentgo a giventopic. These
200documentarefoundwith atraditionalsearchengine.Thisroot setis expandedwith all documentsvhich pointto
or arepointedby thesepagesto form the basesetin which authoritiesandhubswill befound (the expansioncanbe
donetwice to have alargerbaseset). Thenthe connectvity of this basesetis usedasfollowsto find the besthubsand
authorities.For eachdocumentd,, in the baseset,a hubscoreh, anda authorityscorea, arecomputed.Theinitial
scoresaresetto 1, but thefinal resultis not sensitve to ary nondegenerateraluesof initial scores.Thenthehuband
authorityscoresareupdatedteratively, by respectiely the sumof authorityscoresof the pagesthatcite d,,, andthe
sumof hubscoresof the pageghatd, cites. Theupdatingequationsare:

hp = Zai

ap

I
]

whered, — d; meanghatthereis alink from d, to d;. It canbe shown thatthe scoreswill corvergeif they are
normalizedaftereachstep.Theexactscoresarenotsoimportant,sincethe useris presenteavith arankedlist of hubs
andauthorities:
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It is arguedthatthe algorithmhasan "objective” justificationbecausét finds someintrinsic propertiesof a setof
linkedpaged9, 3]. However, we believe thereare someweaknesses this algorithm. Oneis thata basesethasto
be choserfor a giventopic, amongwhich the hubsandauthoritieswill be selected Althoughit is arguedin [8] that
themethodis robust(i.e. givessimilar results)for differentbasesets the choiceof aparticularbasesetis nonetheless
purelyheuristic.Anotheris thattheinitial rankingof documentss notusedasprior evidence while clearlyaninitially
betterrankeddocumenthasmorechancedo berelevant,andcertainlymorechancedo beagoodhubor authority

5.2 A modelfor computing hub and authority scores

Givenagenerakearchopic anda documentd;, propositionH; denotesdocumentd; is agoodhub” and A; denotes
"documentd; is agoodauthority”. Unlike Kleinberg's algorithm,we considerthatthereis initial evidenceh; thatD;
is agoodhub,anda; thatit is agoodauthority

As in Kleinbemg’s algorithm,we make the assumptiorihatif a document; is citedby agoodhubd;, thenthisis
evidencethatd; is agoodauthority We have then:

Hj A fj,' — A, (11)
Similarly, if agoodauthorityd; is citedby adocument;, thenthis is evidencethatthatd; is agoodhub:
A; N Gij — Hj (12)

For eachhyperlinkfrom d; to d;, therewill betwo rulesgenerated(H; A f;; — A;i),(Ai A gi; — H;). From
this knowledgebaseg, onecancomputefor eachdocument;, the symbolicsupportfrom £ thatit is agoodhubanda
goodauthority sp(H;, &) andsp(A;, ). Then,for agiventopic,differentprobabilitiesareassignedo theassumptions
p(a;) andp(h;), andeventuallyto theassumptiong;; andg;;, which canbefixedor dependon somesimilarity value
with the topic. The numericaldegreesof supportdsp(H;, £) anddsp(A4;, &) will be the hubandauthority scoresof
documentd; for this topic. Note thatcomparedvith Kleinbemg's algorithm,thereis no needto determinea baseset,
whichis herethe samefor all topics. For two differenttopics,only the assignegrobabilitieswill change.

6 Experimentswith the modelfor spreadingactivation

In this subsectionwe presentour experimentsdoneon the CACM and Trec’8 Web testcollections. If the paperis
acceptedye shouldbe ableto presenexperimentakesultson anothertestcollectionof biggersize. The CACM test
collection (3.2 Megabytes)ontains3204 documentsandhas50 requestsith associatedelevancejudgments.The
Web Track collection (2.3 Gigabytes)ontainsaround250’000 pagesextractedfrom the Web, andhas100 requests
with associatedelevancejudgments. The retrieval effectivenesss evaluatedby the meanaverageprecisionat 11-
point recall,the mostusedevaluationmeasurén informationretrieval. Section6.1 describedriefly the summaryof
necessarpperationsandSection6.2 presentsomeexperimentanadeon two testcollections.

6.1 Learning
Thesetof symbolicoperationgs asfollows:
e Corverteachlink fromd; tod; to D; Al;; — D;.
e For eachdocumentD;, computethe supportsp(D;, £).

e Putthe supportof eachdocumenin disjoint form usingHeidtmanns algorithm[7]. Corwvertthis disjoint form
to adirectly usableformulafor computingthe degreeof supportdsp(D;, ) (seee.g.Sectiord).
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Typeoflink SA PAS PASvsbaseline PASvsSA
Citing 0.266(0.3) 0.267 +5.57% +0.01%
Cited 0.261(0.4) 0.273 +7.83% +4.11%

Tablel: Experimentatesultsonthe CACM collection

Model Baseline Bestincoming Bestoutgoing  Combined
okapi-npn 0.267 0.267(0.00%) 0.267(0.00%) 0.267(0.00%)
Inu-Itc 0.234 0.239(+2.18%) 0.240(+2.65%) 0.239(+2.10%)
atn-ntc 0.257 0.260(+1.44%) 0.261(+1.52%) 0.260(+1.32%)
ntc-ntc 0.138 0.139(+0.14%) 0.139(+0.14%) 0.138(0.00%)
Itc-Itc 0.136 0.138(+0.88%) 0.138(+0.88%) 0.138(+0.88%)
Inc-Itc 0.107 0.108(+0.65%) 0.109(+1.49%) 0.107(+1.31%)
Inc-Inc 0.072 0.074(+2.35%) 0.073(+1.38%) 0.073(+1.52%)
anc-ltc 0.082 0.084(+2.31%) 0.087(+5.59%) 0.084(+2.79%)
nnn-nnn  0.071 0.072(+0.56%) 0.072(+0.42%) 0.070(-0.98%
bnn-bnn  0.096 0.100(+4.18%) 0.101(+5.02%) 0.099(+3.56%)

: A Logical Approach

Table2: Experimentatesultsonthe WT collection

At this point, all the logical operationsaredone. A learningprocesss alsonecessaryo assignprobabilitiesto
theassumptiong(a;) andp(l;;). For thefirst ones,a setof training queriesis usedto fit a logistic regressioron the
probability of relevancegiventhe rank. The probabilitiesof link assumptionganbe staticor may dependon some
similarity valuebetweerthelink andthesearchopic. For thesesxperimentsye will only considestaticprobabilities.
They canalsobeestimatedn a setof trainingqueries.Thereadelis reportedto [12, 15, 16] for moredetails.

Whena queryis processedthe only operationremainingis to computethe degreeof supportfor eachdocument
di, dsp(D;;, ).

6.2 Experiments

For the CACM collection, links were consideredseparatelyin the forward direction (citing) andin the backward
direction(cited). For eachdocumentargumentf orderthreeandlesswerecomputedandthe symbolicsupportwas
putin disjointform with Heidtmanns algorithm.

The basicretrieval processvas doneusinga classicalretrieval systembasedon the cosinesimilarity measure.
Thebaselingetrieval effectivenesss 0.253,computedith the TRECeval software. Comparisonsveremadebetween
PAS andbaselineandPAS andspreadingctivation(SA). Theresultsshovn for spreadingactivationarethebestones
obtainedfor a rangeof valuesof the paramete\, which wasfixedfor all links of a certaintype. The best\ valueis
shavn betweerparenthesisScorewasspreador only onecycle, sincemorethanonewasharmfulto retrieval. The
resultsareshovnin Tablel. Forthe PAS techniqueargumentf lengththreeor less(at mostthreelinks assumptions)
werecomputed.

FortheWT collection tendifferentweightingschemesvereused(okapi-npn....,bnn-bnnseeTable?2), to produce
tendifferentrankingsof documentsTable2 shows theretrieval effectivenessisingonly the bestincominglinks, the
bestoutgoinglinks, andboth. Thereareslight but generallynot significantimprovementsover the baseline.

Theseresultsshav thatPAS cancompetewith anestablishedechniquesuchasspreadingactivation. Also, indirect
neighborscanbe consideredvithout depreciatingperformanceat leastfor onetestcollection. For citing links, there
is no averagedifferencein retrieval effectivenesswhile for citedlinks, the differenceis nearlysignificant. However,
for spreadingactivationthereis no understandingf the parameterimvolved,while in the PAS framawork, parameters
arethe probabilitiesof the links which have a clearermeaningboth from a statisticaland a logical viewpoint. This
leavesmuchimprovementfor the PAS technique.
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7 Discussion

In this paperwe have shavn how variousapproacheso the useof hyperlinksin orderto searcrandorganizethe Web
canbemodeledusingasingletheoreticaframewvork. Experimentshave validatedthe approactwhenlinks areusedto
improve aninitial ranking,but experimentsor computinghubandauthoritiesanda personalizeghopularitymeasure
have notbeenconducted/etbecausé¢hereis no existing testcollectionfor thesepurposesTheexperimentconducted
sofarin thesecasedlo not respecthe standardsiecessaryo draw reliableconclusionsandbuilding a goodquality
testcollectionis a very costly anddemandingask. But the informationretrieval communityis tackling the task of
building a goodquality Webtestcollection,andexperimentsshouldbe possiblein the next future.

With the several methodsthat have beenproposedo usehyperlinksfor differentpurposesthereis a needfor a
formal framework to allow analysisand comparisondetweernthem. We have shavn one possibleframework here,
which usesthe commodityof propositionallogic for translatingintuitionsinto knowledge. With the useof PAS, we
have gainedsomeinsighton thoseintuitions: for example the similarity betweerthe computatiorof popularitymea-
suresandimproving aninitial rankinghave beenshonvn, andwe have seerhow someheuristicaspect®of Kleinberg's
algorithmcouldbedescribed
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