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ABSTRACT

An importantclassof searchesntheworld-wide-webhasthegoal
to find an entry page(homepagepf an organisation. Entry page
searchis quite differentfrom Ad Hoc search. Indeeda plain Ad

Hoc systenperformsdisappointingly We exploredthreenon-content

featuresof web pages:pagelength,numberof incominglinks and
URL form. Especiallythe URL form provedto be a goodpredictor
UsingURL form priorswe foundover 70%of all entrypagesatrank
1, andupto 89%in thetop 10. Non-contenfeaturescaneasilybe
embeddedn alanguagenodelframewvork asa prior probability
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1. INTRODUCTION

Entrypagesearchings differentfrom generainformationsearch-
ing, notonly becausentrypagediffer from otherwebdocuments,
but alsobecauséhe goalsof the tasksaredifferent. In a general,
Ad Hoc searchtaskasdefinedfor TREC[35, 36, 37], thegoalis to
find asmary relevantdocumentsaspossible.The entry page(EP)
taskis concernedvith finding the centralpageof an organisation,
which functionsasa portal for the informatiort. SinceEP search
hasthe goal to retrieve just one document,an IR systemshould
probablybe moreoptimisedfor high precisionthanfor highrecall.
Searctengineuserstypically preferto find anEPin thefirst screen

!Entry pagedor individual personsreusuallyreferrecto ashome-
pages.
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of results.Sincequeriesareusuallyvery short,finding an EP with
a highinitial precisionis quite difficult. This paperexploresways
to enhancdR systemdesignedor the Ad Hoc taskby taking ad-
vantageof documenfeaturesyhich areusuallyignoredfor the Ad
Hoctask,sincethey werenoteffective. Our experimentgor the EP
taskat TREG-2001have shavn thatlink structure JrRLs andanchor
texts areusefulsourceof informationfor locatingentrypages[38].

Experimentof othergroupsconfirmedthe effectivenesof these
featured6, 14,7, 27, 32, 39]. In this paperwe shav how knowl-
edgeaboutthe relationshipbetweenthe non-contenfeaturesof a
webpageanits likelihoodof beinganEP caneasilybeincorporated
in aretrieval modelbasednstatisticalanguagemodels.In Section
2 we discussrelatedwork on tuning retrieval modelsto a specific
taskand otherwork on the useof informationsourcesotherthan
thedocumentontent.Section3 discussethebasiclanguagemod-
elling approachtandhow priors canbe usedin this model. In Sec-
tion 4 we discusddifferentsourcesof prior knovledgethatcanbe
usedin an EP searchingask. We describeour evaluationmethod-
ology in Section5 anddiscussour experimentsandpresentesults
in Section6. We concludewith a discussiorof theseresultsanda
summaryof our mainconclusions.

2. CONTEXT AND RELATED WORK

In this sectionwe will give arguethatit is commonpracticeto
tailor IR methodso a specificsearchtask,or evento a certaintest
collection,to optimizeperformancelt is importantthough,to use
principledmethodsnsteadof adhocsolutions.

2.1 Tuning IR systems

Theuseof propertermstatisticss of the utmostimportancefor
the quality of retrieval resultson the Ad Hoc searchtask. All main
IR modelsbasedon relevanceranking exploit thesestatisticsand
arebasedon at leasttwo ingredients:the frequeng of a termin
a documentandthe distribution of atermin the documentcollec-
tion. IR modelstypically have evolved in closerelationshipwith
the availability of testcollections. The oldertestcollectionswere
basedon abstractsso it was safeto assumethat documentshad
aboutthe samelength. Sincetestcollectionsarebasedn full text,
this assumptiordoesnot hold anymore,andIR modelshave been
refinedto includea componentvhich modelsthe documentength
influence.Early attemptso combinethe threemainingredientsof
anIR systemwereratheradhocandwerenotbaseddnformalmod-
els. For example,SaltonandBuckley [30] evaluatedmary combi-
nationsof termfrequeng statistics,documentrequeny statistics
and documentiengthnormalisationwithout an explicit modelfor
therelationshipbetweerthesefactors. The combineandteststrat-
egy was pursuedfurther by Zobel and Moffat [40]. They tested
720differenttermweightingstratgiesbasedn differentsimilarity



functions,lengthnormalisationstratejies, documenterm weight-
ing etc. on 6 differentquerycollections.They concludedhattheir
exhaustve teststratey (4 weeksof computatiortime) hadnot re-

sultedin ary conclusve resultsthatheldacrosgestcollections.In-

steadof trying mary adhocalgorithms RobertsorandWalker[29]

experimentedvith simpleapproximation®f the2-Poissormodef.

The OKAPI formulais anapproximatiorof atheoreticallyjustified
model,integratingthe threecomponentsThe OKAPI formulain-

cludestuning parameterghat determinee.qg. the influenceof the
termfrequeng or theinfluenceof the documentengthnormalisa-
tion. The parameterganbe usedto tunea systemto the retrieval

taskandtestcollectionathand.

Basedon the succesof Robertsonand Walker, Singhalet al.
[33] shaved that for the Ad Hoc searchtask, thereis a correla-
tion betweenthe documentiength and the a-priori probability of
relevance. Thedocumentiengthis a goodexampleof information
abouta documentthat is not directly relatedto its contents,but
might still be relatedto the possiblerelevanceof the document:lf
we build arathersilly systemthatreturnsthelongestdocumentor
ary userguery thenwe actually might do betterthanreturninga
randomdocumenfrom thecollection.

2.2 Non-contentfeaturesof WEB pages

An importantsourceof prior knovledgefor webbasednforma-
tion retrieval is the hyperlink structure. Theideabehindmostlink
structureanalysisis thatif thereexistsa link from documentA to
documentB, this probablymeansthatdocument4 and B areon
the sametopic (topic locality assumptionyand that the authorof
documentA recommendsiocumentB (recommendation assump-
tion). Two of the mostwidely known andusedalgorithmsfor link
structureanalysisare PageRank4] and HITS [18]. Both meth-
odsbasetherecalculationson the assumptiorthata pageto which
mary documentdink is highly recommendeandthereforeanau-
thority. The authoritatvenessof a documents even higherif the
documentdhatlink to it are somesortof authoritiesthemseles.
HITS and PageRankor variantsof those)are reportedto be suc-
cessfulin numerousstudiesof retrieval quality [18, 3, 1, 25, 5],
however whenmeasuringelevanceonly, withouttaking quality or
authoritatvenessnto accountHITS andPageRanlbasednethods
have not beenableto improve retrieval effectivenessfor Ad Hoc
searchtasks[15, 13,20, 31, 8].

Davison [11] shawvs that the topic locality assumptionholds:
whenpagesarelinked, they arelikely to containrelatedcontent.
This meansthat documentghat are linked to relevant documents
are potentiallyrelevant themseles. However, exploitation of this
idea by spreadingretrieval scoresover links hasnot proven suc-
cessfulin ageneralinformationretrieval taskyet[20, 12]. Onthe
otherhand,the TREC-2001evaluationshoved thatlink structure
analysisdoes improve contentonly resultsin anentry pagesearch
task[14, 38].

Anothersourceof prior knowledgein webbasedretrieval is the
URL. Wearenotawareof ary studiesn whichURL knowledgewas
usedfor an Ad Hoc search.However, the TREC-2001evaluation
shaved that the fact that entry pagestend to have shorterURLs
than other documentscan be successfullyexploited by a ranking
algorithm.[14,38,27,32,39].

2.3 Priors in LM basedIR

Prior knowledgecanbe usedin a standardvay in thelanguage
modelling approachto informationretrieval. The languagemod-

2However, themotivationto extendtheoriginal probabilisticmodel
[28] with within-documentterm frequeng and documentlength
normalisationwasprobablybasedn empiricalobsenations.

elling approachusesimpledocument-baseghigramlanguagenod-
elsfor documentranking [26]. Early TREC Ad Hoc experiments
by HiemstraandKraaij [17] shawv thatindeedthe documentength
senesasa helpful prior for the Ad Hoc task, especiallyfor short
queries.Miller etal.[23] combinednformationin their document
priors,includingdocumentength,sourceandaveragewordlength.
In this paperwe adaptthe standardanguagemodellingapproach
to the entry pagesearchby including the prior probabilitiesin the
estimationprocess. We shawv that properuseof prior probabili-
ties resultsimprovementsof morethan 100 % over the base-line
languagemodelling systemon the entry pagetask. Although we
mainly addres®ntry pagesearchinghere,we follow a genericap-
proach. By following the suggestedanguagemodellingapproach
we canquickly adaptour standardetrieval systento othertasksor
domainsg.g.automaticsummarisatiof19].

3. LANGUAGE MODELLING AND PRIOR
PROBABILITIES

For all our experimentsve usedaninformationretrieval system
basednasimplestatisticalanguagenodel[16]. Weareinterested
in the probability thata documentD is relevant givena query @,
which canbereformulatedasfollows usingBayes'rule:

P(D) P(Q|D)
P@Q)

The main motivation for applyingBayes'rule is thatthe probabil-
ities on the right-handside canbe estimatednore accuratelythan
theprobabilitiesontheleft-handside. For the purposeof document
ranking, we cansimply ignore P(Q) sinceit doesnot dependon
the documents.The probability P(Q|D) canbe representedby a
document-basednigramlanguagenodel. The standardanguage
modellingapproachwould modelthe query@ asa sequencef n
querytermsTi,--- , Ty, andusea linear combinationof a uni-
gramdocumentmodel P(T;| D) anda collectionmodel P(T;|C)
for smoothing asfollows:

P(DIQ) =

n

P(D|Ty,---,T,) < P(D)[[(1=X)P(Ti|C) + AP(T:| D)
- ®

The probability measureP (T;|C) definesthe probability of draw-
ing a term at randomfrom the collection, P(T;|D) definesthe
probability of drawing a term at randomfrom the documentand
A istheinterpolationparametemwhichis assumedo be somefixed
constant.This leavesuswith the definition of the prior probability
of relevanceof adocumentP(D)*,

3.1 Estimating Priors

We distinguishtwo approachego estimatingthe prior: direct
estimationof the prior on sometraining data,anddefinition of the
prior basedon somegeneramodellingassumptions.

As anexample let's have alook at theassumptiorthatthe prior
probability of relevanceis correlatedwith the documentengthon
the Ad Hoc task. Figure 1 shavs a plot of the probability of rele-
vanceagainsthedocumentengthfor the Ad Hoctaskof theTREG
2001webtrack. To smooththeestimateswe dividedthedocument

3This smoothing techniqueis also known as Jelinek-Mercer
smoothing

4Relevanceis notexplicitly encodedn formula(1). Cf. [21] for a

variantformulationof the modelthatincludesrelevanceasa vari-

ablein the model. Both modelsleadto anequialenttermweight-

ing function
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Figure 1: Prior probability of relevancegiven documentlength
on the Ad Hoc task

length, which variesfrom documentsontainingonly one or two
wordsto documentgontainingover 10,000words,into 16 binson
alogscale Eachpointontheplot markstheprobabilityof relevance
of the documentsn one of thesebins. The 16 binsandthe corre-
spondingprobabilitiesdefinea discreteprobability measureP (D)
which takesoneof 16 differentvaluesbasednthebin in which D
falls. As such,it canbeuseddirectly in Equationl. Alternatively,
looking atthe plot, onecould make the generaimodellingassump-
tion thatthe a-priori probability of relevanceis takento bealinear
functionof thedocumentength,so:

Piocien(D) = P(R|D) = C - doclen(D) )

where R is a binary randomvariable ‘relevance’, doclen(D) is
the total numberof wordsin documentD, and C is a constant
that canbe ignoredin the ranking formula. The intuition behind
this assumptions thatlongerdocumentsendto cover moretopics
andthushave a higherprobability of relevance.Indeed thelinear
relationshipbetweerdocumentengthandprobability of relevance
is a reasonablenodelfor different Ad Hoc test collections[20].
Including the prior especiallycanimprove m.a.p. with up to 0.03
onanabsolutescale dependingon the querylength.

3.2 Combining Priors

Whatif we have differentsourcesf informationthat mightin-
fluencethe a-priori probability of relevance,e.g. the length of a
web pageor its top level domain?The problemcanbe formalised
asfollows, we wantto estimate:

P(R|D) = P(R|x) = P(R|z1,%2,... ,Zn) ?3)

In formula (3), R is a binary randomvariable‘relevance’, x is a

shorthandfor (D = ), i.e. D is a randomvariable‘document’

with asvaluea vectorof documentfeaturesx = (z1, z2, ..., Tg)-

The problemis thatwe do not have a closedform solutionfor the

prior P(R|x) andthereis a very limited set of training datato

estimatethe prior for differentfeaturevalues,sowe have to find a

smartway to estimateour prior. A possibleapproachs to apply
the Naive Bayesassumption.Considerthe Naive Bayesapproach
[24, 22] to classification:

P(x)
Here,C’ representtheclassof aninstancewhichis choseramong
the setof mutually disjoint classe<’},. The decisionrule chooses

C' = agmaxs, P(Ck|x) =

the C, for which thenumeratorP(x|C ) P(C}) is maximalgiven
acertainvectorof attributesx. Especiallywhentherearemary fea-
tures,it is difficult to estimatethe probabilities. A commonstrat-
egy is to assumethat the featuresare conditionally independent:
P(x|Cx) = [, P(xi|Ck), thisis thewell known naive Bayesas-
sumption.Thisassumptiomesultsin asmallemumberof probabil-
ities thathave to be estimated The sameestimationproblemholds
for the denominatarbut this term canbeignoredfor classification
tasks,sinceit is constantacrosshe classes.n our case thereare
only 2 differentclassesnamelyrelevantdocumentsandirrelevant
documentgor entry pages/s. non-entrypages)In addition,we're
notonly interestedn theclasswith the highestprobability but we
wantto estimatethe exact probability thata documents relevant
givenseveralattributes,sincewe wantto useit for ranking. There-
fore we cannotignorethe denominatosinceit is differentfor each
attribute vector So, Formula5 shouldbe usedto estimatethe pri-
ors.

I[T;—, P(z;|Ck)P(Ck)

P(Crlx) = >k (IT5—; P(;|Cx)P(Cy))

®)

Indeed,the parametersn this formula are much easierto es-
timate. As an example,supposene have threefeatureswith five
valueseach.Directestimatiorof theprobabilityof relevancewould
requiretheestimatiorof 125conditionalprobabilities.In theNaive
Bayesapproach,only 30 relative frequencieswould have to be
computed. An alternatve approachcould be to reducethe num-
berof parameteré ourmodel,e.g.reducingthe numberof classes
perfeatureto three yielding3® = 27 parameters orderto reduce
variance.

For our experimentwith combinedpriors,we combinedwo fea-
tures(URL form and#inlinks) eachwith 4 differentfeaturevalues.
As asimplebaselinewe assumedonditionalindependencef the
featuresgiven relevance,and approximated-ormula5 by replac-
ing the denominatomy []* P(x;), obviating the needto build a
trainingsetfor nonEntry Pages Theapproximatedormulacanbe
furtherreducedo:

Cilz;)P(Ck) n
R e K[ PCud) @

which is equivalentto the productof the individual priors anda
constant.

We contrastedhis approximated\aive Bayesrun, with a run
wherewe directly estimated3), but basedon a reducechumberof
classesWe definedseven disjoint classesn sucha way thatthere
wereat least4 positive training examplesin eachclass. This was
doneby meming several attribute vectorsinto oneclass. Section
6.2 describeghe procedureén moredetail.

3.3 Combining Content Models

Justaswe might have differentsourcesof informationto esti-
mateprior probabilities we mightaswell have differentsource®of
informationto estimatecontentmodels. As an example,consider
the possibility to estimatea documentanguagemodel on the an-
chortexts of all hyperlinkspointingto the documentNotethatthe
scoreprovided by a query on the anchortexts is not a document
prior. Theanchortexts andthe bodytexts (‘content-only’) provide
two very differenttextual representationsf the documents.The
IR languagemodelscanaccommodatseveraldocumentepresen-
tationsin a straightforvard manney by defininga mixture model.
Our preferredway of combiningtwo representationgould be by



thefollowing, revisedrankingformula.
P(D|Ty, - ,T,) x

P(D) [[((1=A=p)P(T:|C)+ )

=1
APcontenfTi|D) + pPanchofTi| D))

So, the combinationof the anchorrun with the contentrun would
bedoneona‘querytermby queryterm’ basiswhereaghecombi-
nationwith the documentprior is doneseparately Unfortunately
thecurrentimplementatiorof ourretrieval systemdoesnot support
combiningdocumentepresentationik e this. Insteadthe anchor
experimentsdescribedin the next sectionswere done separately
from the contentruns,theirdocumenscoredeingcombinedafter
wards.In adocumensummarisatiorsettingwe shavedthe poten-
tial of similar mixture modelsfor ranking[19].

4. PRIOR PROBABILITIES
PAGE SEARCH

In anentry pagesearchtask,a useris searchingor themainen-
try pageof a specificorganisatioror groupwithin anorganisation.
Thisis themainentrypointfor informationaboutthatgrouponthe
WWW. Fromhere,onecanusuallynavigateto theotherwebpages
of thesamegroup. For examplethemainentrypageof SIGIR 2002
ishttp://ww. sigir2002.org.

A queryin an entry pagesearchtask consistsof nothingmore
thanthe nameof the organisatioror groupwhoseentrypagewe’re
after In generalthereare only a few correctanswers:the URL
of the entry pageof the requestedrganisationand perhapssome
alternateURLs pointingto the samepageanda few mirror sites.

Entry pagesearchings similarto knowvn item searchingln both
typesof searchesa useris looking for onespecificpieceof infor-
mation. However, in known item searchthe userhasalreadyseen
the information needed whereasin entry pagesearchthis is not
necessarilyhecase.

Sinceentry pagesearchis a differenttaskthanAd Hoc search,
differentprior probabilitiesmightbeneededWeinvestigatedvhich
sourcesof information are useful priors for entry pagesearching
andwhethemriorsareneededat all for suchatask.

Welookedatthreedifferentsource®f information:i) Thelength
of a document; ii) The numberof links pointing to a document
(inlinks) ; iii) Thedepthof adocumens URL.

Featureswe didn’t investigate,but which might be useful for
estimatingwhethera pageis an entry pageinclude: the number
of occurrencesf certaincuewords(e.g. 'Welcome’,’home’), the
numberof links in a documentoutlinks) andthe numberof times
apageis visited.

4.1 DocumentlLength

Section3.1shaved thatdocumentengthpriorsareusefulin an
Ad Hoc searchtask. Herewe investigatewhetherthe lengthof a
documents alsoa usefulindicator of the probability thata docu-
mentis anentry page.Figure 2 shavs a plot of the probability of
relevanceversuspagelength, calculatedon the training datapro-
videdfor theentrypagesearchaskof TREG-20015 webtrack.

Indeeddocumentlength can predict the relevance of a page,
sincethe distribution is not uniform. Pageswith a mediumlength
(60-1000words)have ahigherprobability, with amaximumaround
100-200words. However, thedifferencesaremuchlessmarledas
for Ad Hoc search.Althoughit is clearthatthe dependencef the
probability of relevanceon documentengthis quite differentfrom
the Ad Hoc task, we ran an experimentwherewe usedour best
performing IR modelfor the Ad Hoc task (languagemodel plus
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Figure2: Prior probability of relevancegiven documentlength
on the Entry Pagetask (P(entry page|doclen))

documentength prior as definedin (2)) on the EP task, to shav
that modelsthat performwell on Ad Hoc do not necessarilyper
form well onthe Entry Pagetask.

4.2 Number of InLinks

In a hypertext collection like the www, documentsare con-
nectedthroughhyperlinks. A hyperlink is a connectionbetween
a sourceand a target document. Our inlinks basedprior is based
on the obsenation that entry pagestendto have a highernumber
of inlinks thanotherdocumentgi.e. they arereferencednoreof-
ten). Theplot of the probability of beinganentry pageagainsthe
numberof inlinks in Figure3 shaws this correlationfor thetraining
datafor the entry pagetaskof TREG-20015 web track. Sincethe
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Figure 3: Prior probability of relevance given number of in-
links on the Entry Pagetask (P(entry pagel|inlinkCount))

plot suggests linearrelationshipwe definetheinlink prior as:
Piniink (D) = P(R|D) = C - inlinkCount(D) (8)

whereR is abinaryrandomvariable‘relevance’ inlinkcount (D)
is the countof the numberof inlinks in documentD andC'is a
constant.

Note that, althoughwe didn't differentiatebetweenlinks from
thesamehostandlinks from otherhosts doingsomightbeinterest-
ing. Thesedifferenttypesof links have differentfunctions. Links
from otherhostsoftenimply a form of recommendationwhereas



links from the samehostmainly sene navigationalpurposesHow-

ever, bothtypesof links probablypoint moreoftento entry pages
thanto other pages. Recommendatiotinks usually point to the
main entry point of a site and sitesare often organisedin sucha
way thateachpagelinks to theentrypage.

4.3 URL Depth

A third sourceof prior informationis the URL of a document.
A URL definesthe uniquelocationof a documenion the www. It
consistsof the nameof the sener, adirectorypathanda filename.
A firstobsenationis thatdocumentshatareright atthetop level of
a specificsener (i.e. the documentf which the URL is no more
thana sener name)are often entry pages. Also, as we descend
deeperinto the directorytree, the relatve amountof entry pages
decreasesThusthe probability of beinganentrypageseemsgo be
inverselyrelatedto thedepthof thepathin thecorrespondin@RL.

We definefour typesof URLS:

root: adomainname optionallyfollowedby 'index.html’
(e.g.http://ww sigir.org)

subroot: a domainname,followed by a singledirectory option-
ally followedby 'index.html’ name
(e.g.http://ww sigir.org/sigirlist/)

path: adomainname followedby anarbitrarily deeppath,but not
endingin afile nameotherthan’index.html’
(e.g.http://www. sigir.org/sigirlist/issues/)

file: anything endingin afilenameotherthan’index.html’
(e.g.http://ww. sigir.org/resources. htm )

Analysis of both WT10g, the collection usedin TREG-20015
web track, and the correctanswersto the training topics for the
track’s entrypagetask(i.e. thecorrectentry pages)shavs thaten-
try pageshave avery differentdistribution over thefour URL-types
(cf. Tablel). As suspectedentry pagesseemto be mainly of type

URL type Entrypages WT10g

root 79 (73.1%) 12258  (0.7%)
subroot 15 (13.9%) 37959 (2.2%)
path 8 (7.4%) 83734  (4.9%)
file 6 (5.6%) 1557719 (92.1%)

Table 1: Distrib utions of entry pagesand WT10g over URL-
types

root while mostdocumentsn the collection are of type file. For

inlinks, we wereableto definea modelfor the prior probability of

relevancegiventhe numberof inlinks, which is agoodapproxima-
tion of therealdata. For the URL prior it is lessstraightforvard to

definesuchan analyticalmodel. Therefore we estimatedhe URL

basedorior directly onthetraining collection:

Pons(D) = PUEPIURLtype(D) = ) = “ 205, (@)
whereU R Ltype(D) isthetypeof theURL of documentD, ¢(EP, t;)
is the numberof documentghatis both an entry pageandof type
t; andc(t;) is the numberof documentf typet;. Theresulting
probabilitiesfor the differentURL-typesarelistedin Table2. Note
thattheprior probabilitiesdiffer severalordersof magnitudearoot
pagehasanalmost2000timeslarger probability of beinganentry
pagethanary otherpage.

P(Entry page | root) 6.44 - 1079
P(Entry page | subroot) 3.95-107%
P(Entry page | path) 9.55-107%
P(Entry page | file) 3.85-107%

Table 2: Prior probabilities for differ ent URL-types, estimated
onthe training data

5. EVALUATION

We comparedhe differentpriors discussedn the previous sec-
tion usingcollectionsandrelevanceudgementérom theentrypage
finding taskof TREG-20015 webtrack. The Text Retrieval Confer
enceqTREC) [35, 36, 37], areaseriesof workshopsimedatlarge-
scaletestingof retrieval technology The entry pagefinding task
wasdesignedo evaluatemethodsfor locatingentry pages.In this
taska searchtopic consistsof a single phrasestatingthe nameof
aspecificgroupor organisationfor someexamplescf. Table3. A

Worldnet Africa

Hunt Memorial Library

Haas Business School

University of Wisconsin Lidar Group

Table 3: Exampletopicsfor entry pagesearch task

systemshouldretrieve the entry pagefor thegroupor organisation
describedn thetopic. E.g. whenatopic is University of Wiscon-

sin Lidar Group, the entry pagefor this specificgroup shouldbe

retrieved. Retrieving thehomepagédor thewhole University or for

a subgroupof the Lidar groupwould be countedincorrect. Topics
for theentry pagefinding taskwerecreatedby randomlyselecting
adocumenfrom thedocumentollectionandfollowing links from

thereuntil they gotto adocumenthey consideredo bethe home-
pageof a site that containedthe documenthey startedwith. This

way, 145 topicswere constructedor this task. In additiona set
of 100topicswasprovided for training purposesWe usedthe lat-

ter setfor makingthe plotsin sections4.1 and4.2 from which we

inferredthe documentengthandinlink priors. The samesetwas
usedfor estimatinghe URL priorsasdescribedn section4.3. The

experimentgeportedn thenext sectionareall conductedisingthe
setof 145testtopics.

The collectionto be searchedor this taskis the WT10g collec-
tion [2], a 10 gigabytessubsetof the VLC2 collection which in
turn is a subsebf a 1997 crawl of the www doneby the Internet
Archive ®. WT10gis designedo have a relatively high densityof
inter-sener hyperlinks.

For eachcombinationof documentprior and languagemodel,
we ranked our documentcollection and returnedthe top 100 re-
sults. Runswere evaluatedby the meanreciprocalrank (MRR)
measure For eachtopic thereciprocalvalue(1/n) of therank (n)
of thehighestranked correctentry pageis computedsubsequently
thesevaluesareaveragedlIf no correctentry pagewasfoundfor a
specifictopic thereciprocalof therankfor this topicis definedO.

6. EXPERIMENTS

For our experimentswe usedthe IR modeldescribedn section
3. The prior probabilityin our model, P(D) wasinstantiatedoy
oneof the priors definedin section4 or left out (i.e. uniform pri-
ors). The languagemodels(P(Q|D)) were either estimatedon

Shttp: // ww. ar chi ve. org



the documentcollection (WT10g) or on the collection of anchor
basedpseudodocuments.This anchorbasedcollectionwas gen-
eratedfrom the original WT10g databy gatheringall anchortexts

from links pointingto thesamedocumentn onepseudalocument.
This pseudadocumentvasthenusedasa descriptionof the origi-

nal document. Again, we didn't differentiatebetweerlinks from

thesamesener andlinks from otherseners.Documentsverepre-

processedsfollows

1. remoe HTML commentandscriptdocumenfragments
2. remore HTML markuptags

3. mapHTML entitiesto ISO-Latinlcharacters

4. stopterms

5. stemtermsusingthe Porteralgorithm

Table 4 shavs the meanreciprocalrank (MRR) for runson both
the web pageandthe anchortext collectionin combinationwith

differentpriors. Bothinlinks andURL form helpto increasesearch
effectivenessgspeciallythe URL prior is highly effective. Further
discussioris deferreduntil Section?.

Rankingmethod Content(A = 0.9) Anchors@ = 0.9)
P(Q|D) 0.3375 0.4188
P(Q|D)Pyocien(D) 0.2634 0.5600
P(Q|D)Pyre(D)  0.7705 0.6301
P(Q|D)Piniink(D) 0.4974 0.5365

Table 4: Resultsfor differ ent priors

6.1 Combining contentmodels

We combinedbagecontentandanchorunsby alinearinterpola-
tion of theresultfiles: RSV’ = aRSVpage + (1 — @) RSVanchor
Table5 shavsthatalthoughthecombinatiorstrateyy is notoptimal

a MRR

0.5 0.3978
0.7 0.4703
0.8 0.4920
0.9 0.4797

Table 5: Combining web pagetext and anchor text

(cf. Section3.3), combiningboth contentrepresentatioiis useful.
Bestresultis achieredfor a = 0.8: MRR=0.4920(anchortext only
run: MRR = 0.4188). We alsoinvestigatedhe effect of priorson
thesecombinedruns(Table6).

Rankingmethod Content+Anchorga = 0.8)
P(Q|D) 0.4920
P(Q|D)Pyrr(D)  0.7748
P(Q|D)Piniink(D) 0.5963

Table 6: Resultsfor differ ent priors(content+anchor)

6.2 Combining Priors

In sectiond we saw thatboththe numberof inlinks andthe URL
can give importantinformation aboutwhethera pageis an entry

5Theexperimentsn this paperarebasen the CSIRO anchorcol-
lection [6, 7], whereaghe experimentsreportedin [38] arebased
onananchorcollectionwe built oursehes

pageor not. Theresultsin Table4 confirmthis. A combinationof
thesetwo sourcesof informationmight alsobe useful. In section
3.2we discussedlifferentapproachefor combiningpriors. Table
8 shaws the resultsfor both combinationapproachesAll runsare
basedon the web pagecorpusanddo not regard anchortext. We
have alguedthatthemainproblemof combiningfeaturess thatit is
difficult to estimateP ( E P|x) directly, sincethetrainingcollection
is small. A simple approachis to multiply the individual priors,
which is an approximationof a model basedon the conditional
independencassumption.This baselinecombinationrun yielded
anMMR valueof 0.7504,which is lower thanarun basedon just
the URL prior.

We conjecturehatthis disappointingesultis dueto thefactthat
thereis conditional dependencédetweenthe featuresor that the
approximationof the denominatoiis too crude. We investigated
a variantrun, without indepenceassumptionsywherewe directly
estimatedP (E P|X), but basedbn amodelwith areducechumber
of parameters.

For this approachwe could not work with Formula(8), instead
we disretizedthe #inlinks featurespacen four binson a logscale.
Subsequent|ywe definedseven disjoint documentclasses.Table
7 shaws their statistics. Sincetherearejust a few entry pagesin
thetrainingsetof category non-root,we only dividedtherootclass
in four separateéins basedon the numberof inlinks. Fromthese

Documentypet; #entrypages #WT10g

rootwith 1-10inlinks 39 (36.1%) 8938 (0.5%)
rootwith 11-100inlinks 25 (23.1%) 2905 (0.2%)
rootwith 101-1000nlinks 11 (10.2%) 377 (0.0%)
rootwith 1000+inlinks 4 (3.7%) 38 (0.0%)
subroot 15 (13.9%) 37959 (2.2%)
path 8 (7.4%) 83734 (4.9%)
file 6 (5.6%) 1557719 (92%)

Table 7: Distrib ution entry pagesand WT10g over differ ent
documenttypes

statisticswe computech combinednlink-URL prior, using:
C(EP, ti)

Piniink-vrr(EP|dt(D) =t;) = O (10)
wheredt(D) is the documentype of D andc(.) is asdefinedin
equatior9.

Table8 summarisesesultsfor the combinationexperiments.In
additionto the alreadytakulatedsingle prior results,it shavs the
resultfor arunwheretheinlink prior wasestimatednthetraining
datainsteadof beingmodeledby Formula(2). The MRR of this
runis lowerthantherun basedntheanalyticalinlink prior, which
probably meansthat the numberof bins is too small. The com-
binationrunsshav a marked difference:the run basedon a nave
multiplication of priors scoresscoreswvorsethenthe run basedon
the URL prior. However, the combinationrun which directly es-
timatesP(EP|x), basedon seven disjoint classesloesimproves
uponthe individual prior runs,so combinationof priors performs
betterthana singleprior.

7. DISCUSSION

The entry pagetaskis significantly differentfrom the Ad Hoc
task. Themaindifferenceis thatjust onepageis relevant,sorecall
enhancementechniquesdo not play a role, on the contrary the
goalis to boostinitial precision. We experimentedwith content-
only runs,basedn eitherthewebpagecontentr its relatedanchor



Rankingmethod Content description

P(Q|D)Pyrr(D) 0.7705

P(Q|D)Piniink (D) 0.4974 analyticalprior

P(Q|D)PyrL+intink(D) 0.7504  baseline: product of
priors (analyticalinlink
prior)

P(Q|D)PyrL+intink(D) 0.7749 directestimation(7 dis-

joint classes)

Table 8: Combining priors

text, andwith runswhich alsoexploited otherpagecharacteristics,
like numberof links andURL form.

Interestingly a run basedon just the anchortext outperformed
the basic contentrun by far, indicating that anchortext linking
to entry pagesoften containsthe nameof the organisatiors entry
page.Combiningbothtextual representationBy simpleinterpola-
tion provedeffective: MRR = 0.4920(+17%).

For contentruns,an(exact)matchof thequeryis notsuficiently
discriminatingto find entry pages,sincea lot of web pageswill
have exactmatchesTherefore ptherfeatureshave to be used.We
testedthreedifferentfeatures:documentength,numberof inlinks
andtheURL form. A lineardocumentengthprior did significantly
decreasavRR for the contentrun, which we had expected,since
sucha prior did notfit thetrainingdataatall. Neverthelesst is in-
terestingto seethatchoosinga wrong prior canharmresults. The
lineardocumentengthprior seemgo helpthe anchorrun though,
but thatis anillusion. Thelengthof ananchortext documenton-
sistsof a concatenatiomf the anchortexts of the links pointingto
a particularweb page. Thus, the length of an anchortext 'docu-
ment’ is linearly relatedto the numberof inlinks. Indeed,the an-
chorrunsbasedn aninlinks prior or adocumentengthprior have
ratherequialent performancegains. Thereseemso be an addi-
tional gain of the documentiength prior though;apparentlymore
verboseanchortexts are correlatedwith entry pages.The bestre-
sults are achieved by the runs with a URL form basedprior (the
contentrun with a URL prior found over 70% of the entrypagest
rank 1, and87%in thetop 107). Surprisingly the betterresultwas
achieved by the URL prior run basedon the web pagetext. This
canbe explainedby the fact that this run hasa larger recall than
theanchorext run. The URL prior is a powerful precisionenhanc-
ing device which combineswell with the web pagecontentrun,
which hasgoodrecall. Figure 4 illustratesthis: while the anchor
runhasahighinitial successate(30.3% of entrypagesverefound
atrank1; 22.8% for content) thecontentrunin theendfindsmore
homepages(.4% foundin top 100;71.0% for anchors).

We alsoinvestigatedvhetherwe could combineURL andinlink
features.A simple multiplication of priors (assumingconditional
and statisticalindependencejieterioratedresults. Another strat-
egy, baseson a reducednumberof classeshput without ary inde-
pendenceassumptiongielded a small gain w.r.t. the URL prior
run. We think that we could improve upon theseresults. With
more training datawe might be able to estimatethe joint condi-
tional probabilitiesof thetwo featuresn amoreaccuratevay. The
factthatthetraining databasednlink prior performedworsethan
theanalyticalprior (8) indicatedthatthenumberof binsis probably
too small. The small numberof bins might alsohave contrikuted
to the disappointingesultsof thecombinatiorrunsthatusethein-

"Thecorrespondingontentonly run only returned22% of theen-
try pagesatrank 1, and59%in thetop 10.

—+— content
---%--- anchors

Percentage of entry pages within top N ranks

Figure 4: Succesat N for contentand anchor runs

link binningapproachWe testedthelatterhypothesisby afurther
refinementof the URL root cateyory in 9 bins (basedon #inlinks
classes)nsteadof 4 bins. This resultedin a furtherimprovement
(MRR=0.7832;72%at 1; 89%in top 10), confirmingour hypothe-
sis. We alsoreranthe inlink run basedon 9 binsinsteadof 4 bins:
MRR 0.5064,which is even betterthanthe analyticalinlink prior.

It is thussafeto concludethatthe numberof classess critical for

the performancef thetrainingdatabasedriors.

8. CONCLUSIONS

Thereare severalweb pagefeatureswhich canhelp to improve
the effectivenessof an entry pageretrieval system,i.e. the num-
ber of inlinks andthe form of the URL. We have shawn that an
IR systembasedon unigramlanguagemodelscan accommodate
thesetypesof informationin analmosttrivial way, by estimating
the posteriorprobability of a pagegivenits featuresandusingthis
probability asa prior in the model. The URL form featureproved
to have the strongespredictive power, yielding over 70% of entry
pagesatrank 1, andup to 89%in thetop 10. Initial experiments
with combiningbothfeaturesshaved a furtherimprovement.The
performancef the combinedprior modelis highly sensitve to the
numberof modelparametersincethetrainingcollectionwasvery
small(100topics).
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