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Abstract

Although at first sight, the web track might seema copy of the ad hoc track, we discoveredthat somesmall
adjustmentshadto be madeto our systemsto run the web evaluation. As we expected,the basiclanguagemodel
basedIR modelworkedeffectively on this data.Blind feedbackmethodshowever, seemlesseffective on webdata.
Wealsoexperimentedwith rescoringthedocumentsbasedonseveralalgorithmsthatexploit link information.These
methodsyieldedno positive result.

1 Introduction

The basicidea for the web track run was to modify our ad-hocsystemfor the main web task andperform some
experimentswith the link structureinformation. We did not know to what scalewe would have to re-engineerour
systemsto be ableto dealwith 10 giga bytesof datawhich is about5 timeslarger thanthe ad-hoccollection. We
appliedthe sameIR modelbasedon an interpolatedunigramlanguagemodelwhich hadproven to be succesfulon
severaldatacollectionsandtasks:Ad hoc,CLIR, SDRandfiltering. Themodelwill bepresentedin Section2.

2 Retrieval Model

All runswerecarriedout with aninformationretrieval systembasedon a simpleunigramlanguagemodel.Thebasic
ideais that documentscanbe representedby simplestatisticallanguagemodels. Now, if a queryis moreprobable
given a languagemodelbasedon document��� , thangiven e.g.a languagemodelbasedon document��� , thenwe
hypothesisethatthedocument� � is morerelevantto thequerythandocument� � . Thustheprobabilityof generatinga
certainquerygivenadocument-basedlanguagemodelcanserveasascoreto rankdocumentswith respectto relevance.
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In theabove formula,
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is thea priori probabilityof relevanceof a document.The

producttermconsistsof theprobabilityof a termgivena document
	�
2� % � ��� �

interpolatedwith themarginal
	�
� % � .

For thea priori
	�
2�����

weusuallytake:

	�
���� �3! dlen
�4657�& � dlen7 (2)

8
TheTNO andUniversityof Twenteteamis acontinuationof the“TwentyOne”cooperative teamwhichparticipatedin previousTRECevalua-

tions.

1



Thischoicecanbemotivatedby thefactthatempiricalstudiesby Singhal[4] haveshown thatthereis usuallya linear
relationshipbetweenprobabilityof relevanceanddocumentlength.

Themodelwasimplementedin a vectorproductform supportedby theTNO searchengine.Our systemwasable
to index the10Gigabytedatasetin roughly20hoursonaSUNultrasparc300Mhz. No re-engineeringwasnecessary,
exceptfor theHTML entity conversion,which brokeonseveralnon-conformingdocuments.

3 Content only Experiments

We experimentedwith several variantsfor the estimatorof the marginal
	�
� % � in formula (1). We comparedan

estimatorbasedon thedocumentfrequency: 	�
2� % �9! df %;:=< (3)

with anestimatorbasedon thecollectionfrequency:
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andanestimatorbasedon thetermfrequency averagedoverall documents:
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tf %B7�: dlen7 � (5)

In theseestimators,< is thenumberof documentsand C theindexing vocabulary.
A secondexperimentdealtwith scorenormalisation.Scorenormalisationis not necessaryfor thewebtask,but is

relevantfor othertaskslike CLIR andtopic tracking. We hadfoundthatdividing theRSV by thequerylengthhelps
to normalizescoresacrosstopics. This makessensebecausethe RSV is composedof a sumof log terms. (cf. [3]
for a descriptionof thevectorspaceimplementationof themodel,which is basedon takingthelog of theprobability,
therebyconverting the productinto a summation)However, whenwe choosea modelwhich includesa document
prior

	�
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, theRSV is not a sumof querytermrelatedaddendsanymore,becausethedocumentprior is a constant

probability, independentof thequerylength,which is evenaddedwhenthequeryhaszerolength. We assumedthat
wecouldcorrectfor thisproblemby assumingthatboththedocumentprior andthequerydependentscorecomponent
(thefirst term)areindependentsourcesof evidence,in thatcasewecanaddaweightingcomponentD , whichcontrols
theratioof theprior evidencecomponentin thefinal RSV.
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Experimentsshowedhowever, thattheassumptionthatbothsourcesof evidenceareindependent,is not true. The
originalmodelwherethedocumentprior is seenasaninternalcomponentof themodelandwherethesumcomponent
is not normalisedseparatelyshowedthebestperformance.This leavestheRSV normalisationproblem(which is not
relevantfor thewebtask)yetunsolved.Wehypothesizethatthedocumentpriorsareespeciallyhelpfulasanadditional
probabilisticknowledgesource,whenthe systemdoesnot have a lot of informationaboutthe topic of interest(e.g.
thequeryis short).For moreinformativequeries,theinfluenceof thea priori knowledgethatlongerdocumentstend
to bemoreoftensignificantis small,becausethis effect is implicitly coercedby the retrieval model. The longerthe
query, thelower theprobabilitythatashortdocumentcontainsall queryterms.

We testedseveralblind feedbackmethodson theTREC82 Gigabytesmallwebtask.We did not find a consistent
improvement,for title queriesthe performancewaseven hurt. We decidedto refrain from feedbackin the TREC9
webruns. We think theblind feedbackwasespeciallytroubledby thepresenceof typos,which areabundantin web
documents.Thesetyposreceive a high weight in mostpseudofeedbackstrategies,becauseof therelow document
frequency. A moredetailedanalysisis requiredto studywhetherthis is theonly problem.

Table1 givestheresultsof thecontentonly runs. We have focussedon title only runs,becausewe feel theseare
mostreal-life andchallenging.



runtag official run description averageprecision
tnout9t2 yes title runwith 0.5docpriors 0.1801
tnoutf1 yes full runwithout docpriors 0.2178

df-estimator no title with docpriors 0.1871
df-estimator no title withoutdocpriors 0.1465
cf-estimator no title with docpriors 0.1884

avtf-estimator no title with docpriors 0.1871
df-estimator no full with docpriors 0.2240

Table1: Content-onlyresults

Thefirst of theofficial runs(tnout9t2)is a title run basedon thethird (averagetf) estimatorwith a lambdavalue
of 0.01to enhancecoordination,a prior weight D of 0.5 while dividing thefirst termby thequerylength(according
to formula(6)), thesecondofficial run (tnoutgf1)is a full run basedon thefirst estimatorusingthestandardmodelof
(1) withoutdocumentpriors. In thefull run termsfrom thetitle receivea triple weight,termsfrom thedescriptionrun
receiveadoubleweightandtermsfrom thenarrativesectionasingleweight.Thischoicewasmotivatedby somepost
hocexperimentson prior collections.

We have donesomeadditionalexperiments.First we modifiedour tokenizerto allow querytermswith digits to
enterthefuzzymatchingprocess.This broughtasmallbut insignificantimprovement(only onetopic changed).

We also re-testedthe different estimatorsin combinationwith standarddocumentpriors and different lambda
values. It turnedout that the choiceof a lambdavalue of 0.80-0.90was best for all threeestimators,with very
smallperformancedifferencesthetableshows resultsfor lambda=0.1.Thesecondestimator, basedon thecollection
frequenciesscoredbest,but practicallyspoken,thethreeestimatorswork aboutaswell.

We have madesomeadditionalplots to checkwhetherthe assumptionthat probability of relevanceis linearly
correlatedwith documentlengthholdsfor anumberof collections:
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theqrel file, but we took binson a log scale.Subsequently, we computed
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Theplotsfor thewebcollectionsseemquitecomparableanddistinct from theadhocplots,which in turn arealso
quitecomparable.EspeciallyshorterAd Hocdocumentsarerelativelymuchmorerelevantthantheirwebcounterparts.
This couldbeexplainedby the fact thatshorterwebdocumentsareoften just placeholdersfor links or pictures.We
might be able to improve the performanceof our runsby taking this fact into accountwhile estimatingdocument
priors.

4 Exploitation of links

We useddifferentlink-basedtechniquesto recalculatethescoresfor thetop 1000documentsretrievedby a title-only,
content-onlyrun (tnout9t2). Although in last year’s TREC, addinglink informationdidn’t seemto help, we hope
that thehigherdensityof links in this year’s collectioncanimprove theresults.Below, we first discussthedifferent
approachesandthencomparetheresultsto theoriginal content-onlyrun.

We usedtwo differentapproaches.The first oneis the well-known Kleinberg algorithmof hubsandauthorities
[2]. We took thetop N documentswith their in andout links andcomputedhubsandauthorotieson thatset.We then
normalisedthecontentonly scoresin thesameway thescoresarenormalisedin thekleinberg algorithm(equation8).
Thenormalisedscoresandkleinberg scoresarethensummed.
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Thesecondapproachis basedon co-citation[5] andbibliographiccoupling[1]. Theassumptionsbehindtheuse
of thesemeasuresto adjustthedocumentscoresarethefollowing. If thesetof documentsthatdocumentA refersto is
similar to thesetof documentsthatdocumentB refersto, thendocumentA andB aresimilar. If thesetof documents



thatreferto A is similar to thesetof documentsthatreferto B, thenA andB aresimilar. Firstwe analysedlastyear’s
results.We propagatedtherelevancejudgementsalongthelinks andcomputedthefollowing scores:
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In table2 theaveragescoresareshown for thewholecollection,theassessmentpoolandtherelevantset.Relevant
documentshavehighercocitationandbibliographiccouplingscoresthananaverage(judged)document.Weusedthis
informationto recalculatethescoresof a topic only run in thefollowing way. We took thetop N retrieveddocuments
andpropagatedtheir scoresallongtheir in andoutlinkscalculatingcocitationandbibcouplingscoresanalogouslyto
the cocitationandbibliographiccouplingrelevanciesin equations11 and12. We usedthe resultingcocitationand
bibliographiccouplingscoresto weightheoriginal content-onlyscores.

Relevance Inlinkrel Outlinkrel Cociterel Bibcouplrel
Collection(WT2g) 0.00921076 0.012829736 0.004616373 0.00728053 0.006673368
Assessmentpool 0.050987634 0.010024281 0.004668967 0.010140689 0.010697012

Relevantset 1 0.064735196 0.026876365 0.126311025 0.137629731

Table2: Averageindirectrelevancy

Dueto somemisunderstandingaboutthecalculationof thescores,in theofficial content-linkrunsthecontent-only
scoresarereweighedby multiplying thecontent-onlyscoresandthelink scores(i.e. cocitationscores).However, the
originalcontent-onlyscoresarecomposedof asumof logarithmsof differentweights.In unofficial runs(with runtags
endingin log), the link scoresareproperlycombinedwith thecontentonly scores.Theresultsfor thedifferentruns
canbeseenin table3

Adding link informationdecreasesor at thebestdoesn’t influencetheaverageprecision.Whenwe take a closer
look at the different link runsandcomparethemto the contentonly title run, we seethat most runshardly differ
from it. The only run thatdiffersa lot is tnout9t2lk50. In this run, theauthorityscoresareaddedto the normalised

runtag official run description averageprecision
tnout9t2 yes title only contentrun 0.1801

tnout9t2lk50 yes kleinberg on top 50 0.0488
tnout9t2lc10 yes cocitationon top 10 0.1630
tnout9t2lc50 yes cocitationon top 50 0.1337

tnout9t2.klein50log no kleinberg on top 50 0.1803
tnout9t2.coc10log no cocitationon top 10 0.1786
tnout9t2.coc50log no cocitationon top 50 0.1784
tnout9t2.bib10log no bibcouplingon top10 0.1691
tnout9t2.bib50log no bibcouplingon top50 0.1642

Table3: Content-Linkresults



contentonly scores.This meansthat the link informationis regardedequally importantasthe contentinformation.
In all the other runs, link informationwasonly usedto reweigh the contentinformation. Whenwe usekleinberg
authorityscoresfor reweighing(tnout2.klein50log),this doesn’t changetheresultsof thecontentrun . Eventhough
thisyear’scollectionis biggerandhasmorelinks thanlastyear’scollection,theuseof link informationdoesnotseem
to improve theretrieval results.Oneof thereasonsfor this might bethatTRECtopicsarenot suitablefor usinglink
informationbecausethey aretoo specific.This year’sTRECtopicson averagehaveonly 47.4relevantdocuments,so
thechangesof beingmany links betweenthemarerathersmall. Anotherreasonis that there’s a lot of garbagein the
link information.Thebasicassumptionbehindtheselink basedmethodsis thatpagesaretopically relatedif they are
linkedto eachother. Obviously, this isn’t necessarilythecase.Many links on thewebrefer to creatorsof the page,
sponsors,friendsor otherpageswithout a topicalrelationto thesourcepageof thelink. Classifyinglinks in advance
into meaningfulandmeaninglesslinks on thebasisof for exampletheanchortext mighthelp.

5 Conclusion

To our surprise,thewebtaskturnedout to bemoredifficult thanwe expected.Firstly, webdocuments(eventhough
the collectionhasbeencleaned)containa lot of trash,often in the form of of incorrectHTML. TheHTML parsing
componenthadto be adjustedto be ableto handlethis kind of material. Secondly, web documentscontaina lot of
misspellings. Theseareoften very rare terms. Whensuchtermsoccur in a pseudofeedbackdocument,they will
have a badinfluenceon the pseudofeedbackprocess,becausethesetermswill receive a high weight. Finally, the
title only queriesposeda problem. Somequeriescontainedtypos,involving digits (topic 487). Our enginesimply
discardedthoseterms. The tokenizerhasto be updatedaswell to dealwith years.Four-digit yearswereimportant
queryconceptsin quitea few queries,they werediscardedby our termextractionmodule.

The content-onlyrunswerefinally run with somesmall variantsof our standardIR model. Both the full and
title runsperformwell (33 resp37 topics)above median,confirming the adequacy of the model. The runswhich
additionallyanalyzedlink informationin order to rescorethe runs,werenot ableto improve on averageprecision.
Thisconfirmsthegeneralresultof theTREC8webruns.Wehopeto improvethelink analysisin thefutureby looking
at theanchortexts.
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