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Abstract

Early Web search enginescloselyresemblednformation Retrieval (IR) systemswhich had matued
over several decadesAround1996-1999jt becameclear that the spontaneouformationof hyperlink
communitiesn the Web graph had mud to offer to Web seach, leadingto a urry of reseach on
hyperlink-basedanking of queryresponses.n this paperwe showthat, over and above inter-page
hyperlinks mud semantianformationcan be teasedout of the mannerin which markuptags, sud as
menu-bas, tables,and lists are usedto organizepages,and the contet in which hyperlinksare made
from a page to another We believe that delvinginto ne-grainedpage structue will be the next wave
in hypertet mining bridging someof the gap betweerunstructued HTML and relatively structued
XML, and preparingthe stege for deeperanalysisinto page snippets.We talk abouttwo applications
to illustrate ne-grained page analysis: topic-guidedfocusedcrawling, and hyperlink-basedanking
which takes page structue into account.In both caseswe showthat exploiting ne-grainedstructue
enhanceshe performanceof our systems.

1 Intr oduction

TraditionallR hasconsideredhedocumentasthefundamentalinit of analysig18, 17]. Theapplicationof IR to

Web searchhascontinuedthis view, regardingwhole Web pagesasdocumentsCrawlersfetch contentin units
of whole pagesandrarely discriminatebetweernoutlinks on semantiggroundswhenthey scana pagefor new

URLsto becravled. Searchenginegeturnranked lists of whole pagesaswell. Recentink analysisalgorithms
which rank pageson the basisof the prestigebestaved by inlinks [2, 11] (atechniquecalledtopic distillation)

alsomodelthe Webgraphata coarsegrain,with whole pagesassinglenodes A scoreis attributedto eachpage
andlinks from one pageto anotherareviewed asa recommendatiownf all of the target pages contentby the
link creator This coarse-gained approacho cravling andrankingbetraysan assumptiorthatWeb pagesare
homogeneoum their contentsandall outlinksareequallyrelatedto the contents.

We believe that a greatdeal of semanticdnformation,latentin the HTML sub-structureis lost whenone
considersWeb pagesasindivisible. HTML tagsand their arrangemengs the DocumentObject Model or
DOM tree (http://www.w3.or g/ DOM) provide clueswhich prove valuablefor cravling and IR tasks.
Therefore,we enhancehe coarse-grainedraphmodelfor the Webto a ne-grained model in which every

Copyright 2002 IEEE. Personaluseof this material is permitted. Howerer, permissionto reprint/republishthis material for ad-
vertisingor promotionalpurposesor for creatingnew collectiveworksfor resaleor redistribution to serves or lists, or to reuseany
copyrightedcomponenbf thisworkin otherworksmustbe obtainedfromthe IEEE.

Bulletin of the IEEE Computer SocietyTechnical Committee on Data Engineering

Contact author, email sounen@se.iith.ac.in



pageis representetty a DOM tree,with edgesnternalto a DOM treerepresentindgocal tag-treestructureand
ordinaryhyperlinksasedgesconnectingwo DOM trees.

At the Laboratoryfor Intelligent InternetResearch in IIT Bombay we areusingthis ne-grained model
for improving anumberof WebIR andmining tasks.In this paperwe concentrat®n two applicationsfocused
crawling [6] andtopic distillation [3, 5]. We intendto make our prototypeqHTML parserandcleanercrawler,
anddistillation programs)vailablein the public domainfor researchuse.

Therestof thepaperis arrangedasfollows. Section2 describe®ur datamodelandthevariousissuesn the
parsingandsanitizatiorof HTML pagesln thenext two sectionsve outlinetwo applicationsof the ne-grained
model. Section3 describeshe how the new modelcanbe usedto improve the rateat which afocusedcrawler
acquiresrelevant pages.In Section4 we shawv thatthe applicationof the ne-grained modelto rankingWeb
pagesmprovesfull-pageapproachesiWe concludewith commentsn ongoingandfuturework in Sectionb.

2 HTML tagsand parsing

In aperfectlyengineereavorld, Webpageswill bewrittenin amarkuplanguagemoresophisticatethanHTML,
with a universally acceptedneta-datadescriptionformat. XML (http://www.w3.or g/X ML/ ) andRDF
(http://mvww.w3.0 rg/ RLCF/ ) have madegreatstridesin thatdirection,especiallyin speci c domaindlike
e-commerceatalogselectroniccomponentsgenomicsandmolecularchemistry However, we believe thatthe
Webwill alwaysremainadwenturousenoughhatits mostinterestingandtimely contentcanneverbeshoehorned
into rigid schemataWithout downplayingtheimportanceof XML andassociatedtandardsywe emphasizéhe
needfor HTML to DOM corverterswhich capturethe ne-grainedWebpagemodelaccurately

HTML is primarily usedto specify the visual formatting of the contentof a Web page, but someWeb
authoringidioms and the organizationalfunctionsof certaintagsalso help us derive semanticinformation.
Creatorf links betweenNebpagesiormally provide someinformationaboutthetarget pagearoundthe URL
on the sourcepage,not necessarilyn the anchortext alone. E.g., a sectionmay startwith “<hl1>Japanese
car makers</hl> ” andcontinuewith alist of links, including http://www.hond a.c om andhttp:
/lwww.mazda.com /, siteswhich may choosenotto describethemselesin thosewords. Furthermorethe
occurrenceof two suchlinks at closeproximity (or inside, say a <td></td> tag) might suggesthat they
point to pagessimilar in content. Conversely while cravling for pagesaboutmountainbiking, we would do
well to determinghe DOM subtreesvhich aresemanticallydissimilarandavoid exploring links emeging from
irrelevantsubtrees.

The DOM treeof a pagecanbe obtainedby parsingthe HTML. This, however, is not aseasyasit seems.
A large fraction of HTML pageson the Web violatesthe HTML standard.Patchingthe syntaxis non-triial
becauseve wish to retainasmuchDOM informationaswe canfor later analyses.For example,a <tr> tag
impliesthata <table> tagmusthave alreadyoccurredsomevhereprior to it. If anenclosing<table> tag
doesnotexist, it hasto beinserted put we mustmale surethatsuchaninsertiondoesnot violate otherHTML
syntaxrules.An actualHTML pagehada<form> tagstartingoutsidea<table> , andclosingwithin it. This
causedan early versionof the cleanerto closethe <table> tagbeforethe </form> tag, leadingto lossin
bothformattingandinformation.

No movementof text or tagsis donein the cleaningphaseitself becausenot only canit change,albeit
unintentionally what the original authorprobablymeantto corvey, but it also makesthe codeincreasingly
complex andconsequentlyproneto errors. Movement,especiallyof emptytagswhich might be createdoy the
cleanerdueto inappropriateuseof tags,is attemptedn the DOM tree constructionphaseusinga variety of
heuristics.Thedefault patchingpoliciescanbe modi ed by the userthrougha simpleAPI.

http://ww.cse.iitb.ac.in/laiir/



3 Focusedcrawling guided by DOM structure

TheWebhasover two billion staticpagedodayandanestimated00gigabytesof text changepermonth[10].
General-purposeravlers droppedto a mere18% coverageof the Webin 1999[13]. Mattershave improved
since,Googlenow covering over half the estimatedextent of the Weh However, given the size of the Web,
coverageoftencomesatthe price of freshnesdarge crawlersvisiting mostsitesevery severalweeksat best.

In contrastto generalpurposecravlers, a focusedcrawler seekdo collectpageselatedto speci ¢ topics,
which it learnsfrom examplesprovided by the administratar A federationof focusedcravlers cancover each
speci ¢ topicin moredepth,andsucceedn keepingcrawls fresher They startfrom exampleURLs ona certain
focustopic, say basletball,andexploreoutlinkswith thegoalof collectingpagesaboutbasletballandavoiding
pageghatarenotaboutthis topic.

We initiated the designand study of focusedcrawlersin 1999[7], and several enhancementbave been
suggestedincethen[9, 15]. Thekey operationof afocusedcrawler is to estimatehe worth of fetchinga new
page basednits citationfoundonapage thathasalreadybeenfetched.Suchdecisionsaremadeby training
atext classi er [14] ontheexampleURLSs.

3.1 Fine-grainedfocusedcrawling

Underthecoarse-grainethodel,afocusedcravling systencanavoid fetchingirrelevantpagegpagesotabout
thefocustopic) by not crawling links thatit nds onirrelevant pages.For example,therelevanceof to focus
topic  (which, in a Bayesiansettingwe candenoteby ) could be usedasan estimateof ,
the relevanceof urvisited outlink to page . The assumptiormadehereis thatif a pageis not relevantto the
focustopic, thechanceshatlinks foundon thatpagepoint to relevantresourcegreremote(in otherwords,that
pagesacrossa hyperlinkaremoresimilarthantwo randomlychoserpageson the Web). For obtaining

we usethe RAINBOW halve Bayesclassi er by McCallumandothers[14]. Theclassi er is trainedof ine on
examplegakenfrom ataxonomysuchasYahoo! (http://www.yaho 0. com/) ortheDMoz OpenDirectory
(http://dmoz.org /).

Considerhowever,aWebpage whichtalksaboutvarioustopicsin generalput hasafew links to verygood
resources/pagéds ) on basletball. Because relatesto sundrytopics,it may not be consideredelevantby a
focusedcrawler cravling pageson basletball,andthelinks to basketballresourceg ) will remainunexplored.
Corversely a pagemay containextremelyrelevanttext but somelinks to irrelevant pagegseethe examplesin
Figure8). Theseirrelevantlinks would be eagerlycrawvled becausehey werefoundon a highly relevant page.
Clearly thejudgmentnrelevanceof  ( ) mustbe basedon somethingmorethanjust

In the ne-grainedfocusedcrawler [6] we usetwo classi ers. In a standardocusedcrawler, the classi er
was usedto assignpriorities to urvisited frontier nodes . This no longerremainsits function. The role of
assigningprioritiesto urvisitedURLsin thecrawl frontieris now assignedo anew learnercalledtheapprentice
andthe priority of is speci c to the link which leadsto it. Meanwhiletherole of the standarctlassi er
becomeone of generatingnstancedor the apprenticeasshavn in Figure1l. We may thereforeregardthe
baselindearnerasacritic or atrainer, which providesfeedbacko theapprenticesothatit canimprove “on the
job”

We useRAINBOW for the apprenticeclassi er aswell, suitablyencodingthe context of eachlink SO
thatthebag-of-wordsclassi er canmake useof theseencodedeaturesffectively. After parsinggheHTML and
creatinga DOM tree,its leavesarenumberedrom left to right. The speci c <a href...> which links to
is aninternalnode , andis theroot of the subtreewhich containsthe anchortext of . The subtreemay
containothernodesrepresentingagssuchas<em>or <b>. Weregardall textualtokensfoundin this subtrego
beat offsetzeo w.r.t. the link. Tokensoutsidethesubtreeof  areassociateavith negatve andpositive
offsetsasshawvn in Figure2. For ef ciency, welimit the maximumoffsetup to which we acceptokensto some
window around of radius . Specialstringscannow bepre xedto thetext tokensto encodeheirlocation
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Figure 3: Apprenticeaccurag visibly improvesas Figure4: Using encodedffsetasagainsiplain text
is increasedup to about5—7, mainly because improvestheapprentices accurag.

of an increasedability to correctly reject negative

(low relevance)outlink instances.

w.r.t. to the link.

3.2 Experimentsand Results

We experimentedvith focusedcrawls startingwith examplesof dozenf topicsfrom roughly450topicschosen
from DMoz. We excerptsomesalientobserations.

Window width: A key concernin the selectionof the context of a link is the window size. In the typical

exampleshavn in Figure 3, we seethatthe accurag of the apprenticeclassi er increasesapidly as is
increasedbore O (indicatingthatusingonly anchortext losesout on usefulfeaturesput thegainslevel outand
may evenfall for larger . Basedon theseobserationswe settledon a maximumwindow sizeof 5.
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Figureb: Guidancdrom theapprenticesigni cantly  Figure6: An exampleof trainingthe apprenticeon-

reduceghe lossrate of the focusedcrawler. In this line followedby usingit for cravl guidance Before

chartthe apprenticéhasbeentrainedof ine. guidance)ossaccumulatiorrateis over 30%, after,
it dropsto only 6%.

Encoding DOM offsetsin features: We veri ed thataddingoffsetinformationto text tokenswasbetterthan
simply using plain text nearthe link [4]. One sampleresultis shavn in Figure4. The apprenticeaccurag
decreasewith if only text is used,whereast increasesf offsetinformationis provided. This highlights
theimportanceof properfeatue extraction

Rate of acquiring relevant pages: Thefocusedcrawvler's performance&anbemeasuredh termsto its harvest
ratewhichis thefractionof relevantpage<sollected.If  isthesetof nodescollectedthehanestrateis de ned

as . Alternatively, we canmeasurghelossrate, whichis oneminusthehanestrate,i.e.,

the (expected)fraction of fetchedpagesthat mustbe throvn awvay. We presentiossrates,becausehis is the
partof the cranvler's work which canbe potentiallyavoided. Figure5 contrastghelossrateof the baselineand
apprenticeguidedcrawls. Figure6 shavs the suddendecreasén lossratewhenthe focusedcravler switches
from usingthe baselineclassi er to theapprenticeclassi er oncethelatterhasbeensufciently trained.

4 Topic Distillation

Onceafocusedcrawvler hascollecteda substantiatorpusof the Web pageson a speci edtopic, we areusually
interestedn compiling a list of authoritatve pagesanda list of link collectionspertainingto that topic [12].
Suchlists can be computedusing topic distillation, a processof discorering authoritative Web pagesand
comprehense collectionsof links calledashubswhich reciprocallyendorseeachotherandarerelevantto a
giventopic. Kleinbeg's HITS [11] andthe PageRanlkalgorithm[2] underlyingGooglearethemostwell knovn
topic distillation algorithms.In this papemnwe concentraten HITS.

A key propertyof HITS is the diffusion of endorsemenbr popularity acrosscocitedsiblings. From the
equationshawn in the Figure7 we noticethattheincreasen theauthorityscoreof  givesriseto theincrease
in authorityscoreof  within the next two iterations.We call this phenomenomauthority diffusion

BecauseHITS modelsthehubpage asasinglenodewith a singlehubscore high authorityscorescould
diffusefrom arelevantauthority  to alessrelevantcocitedauthority . This makesHITS andrelatedalgo-
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rithmsvulnerableto unintendedopic drift anddeliberatecliqueattadks Topicdrift mayhappenf  isastudio
homepage, is apageaboutOscarnominationsandonly onetopic is of interestto the user Clique attacks
areperpetratedby site designersimingto improve their clients' searchengineratingsby arti cially construct-
ing densehyperlink neighborhoodshatappeatik e prestige-conferrig citations(Figure8). Theselinks imply
no semanticcoherencer editorial judgment,which are crucial for the succes®f topic distillation. Banners,
navigationalpanelsadwertisementsand“Webring” links addto thewoesof traditionaldistillation algorithms.

4.1 Fine-grainedtopic distillation

Our enhancemertbo the standardopic distillation algorithmis largely containedin one step: the authority-
to-hub scoretransfer Recognizingthat a single hub scoreper pagemay resultin unwantedscorediffusion,
we representachpageusingits DOM tree. To simplify the descriptionfor this papeyr <a href...> nodes
(Figure4) aremadeleaf nodesremaoving their subtreesThesdeavesarecalledmicrohubs

HITS in effect aggregyatesall microhubscoreson a pageand makesthe sumthe hub scorefor the whole
page.We would like to aggrgatemicrohubscoresselectvely. If we believe thatsomescoreselongto relevant
DOM subtreesye would like to addthemup andpropagatéhembackto the authoritynodesasin HITS. But
we would notlike to aggreateover microhubscoresvhich we believe leadto irrelevantauthorities.

Thereare(atleast)two kindsof cluesasto whetheraDOM subtreds relevant. First, if adisproportionatgi
largefraction(comparedo theglobalaverage)of outlinksin aDOM subtredink to knovn goodauthoritieswe
shouldcollapsethe hub scoreof the subtree.Secondjf thetext containedn a subtreds highly relevantto the
guery(comparedo neighboringsubtrees)thatsubtreecouldrepresent singlehuh

Informally, our modelof hub generatiorenablesour algorithmto nd a frontier acrosseachhub’s DOM
tree. Subtreesattachedo the frontier are madeindividual nodesin the distillation graph. Thusthe hub score
of the entirepageis dis-aggregatedat this intermediatdevel. The key questionis: how do we determinesuch
afrontier for eachpage?Owing to spacdimitations, we will take up this questionwith regardto the rst clue
above: the proximity of outlinksto goodauthorities.

Finding the bestfrontier: Ourgoalis to recorer thesimplestrontierwhich bestexplainsary non-uniformity
in the microhubscores.We wish to avoid choosingeitheronelarge andredundanfrontier nearthe leavesand
explain the mary small andhomogeneousubtrees/ery accuratelyor choosinga shortfrontier nearthe root
with afew large subtreesvhich areharderto modelsincethey containmary diversemicrohubscores.
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DOM subtreerootedat . This meanghattopic drift is smallestin DOMTEX-
THITS.

We strike a balancebetweentheseextremechoicesby designingcomparableunits of costfor de ning a
frontiermodel(the model cos) andgeneratingnicrohubscoredrom afrontier model(the data cosj), andmin-
imizing the sumof thesetwo costs following Rissaners Minimum DescriptionLength(MDL) principle[16].

Forary node , wecanmodelthemicrohubscores attheleavesof thetreerootedat usingadistribution

. The probability of a speci ¢ microhubscore w.r.t. this distribution is denoted . Lettheglobal
distribution attheroot DOM nodebe . Letthemodelcost for anode onthefrontier, encodedelatveto
theglobaldistribution , bedenoted . Thedatacostfor theset  of microhubscoresn thesubtree
rootedat is approximately [8].

Findingthe bestfrontier is NP-hard. The following greedystratgy worked quite well: ateachnode , we
compardgwo options:

Make afrontiernode,paying and
Expand toitschildren , paying and

We greedilypick thelocally betteroptionandcontinueuntil thefrontier canno longerbeimproved by pushing
it down. Whena nodeis not worth expanding,we say it is pruned. The DOM segmentationstepsabore
areintegratedinto the standardopic distillation algorithmby insertinga call to the segmentroutine after the
stepandbeforethe step(Figure9).
We canusea similar segmentationtechniquefor the text associatedvith DOM subtrees.The combined
evidencefrom microhubscoresandtext canleadto a morereliable hub segmentationthanusingary oneby
itself. We call this algorithmasDoMTEXTHITS; thedetailsof this algorithmhave beenreportedelsavhere[5].

4.2 Experimental study

Our systemcanbe usedwith ad-hocqueriesaswell asprede nedtopics;all we needis a subgraplof the Web
with a signi cant fraction of the pagesheingrelevantto a broadtopic. We usedthe setof 28 queriesusedin
the ARC/Clever systemand otherresearchergl, 4]. We also picked 20 topicsfrom a simpli ed versionof
the DMoz topic hierarchy(http://dmoz.org ). Therewereabout4 million non-localHREF andover 15
million ne-grainednodesandlinks in our datasets.It waseasilyevidentthatour systemwaslesssusceptible
to topic drift andclique attacksthanHITS. We do not have spaceto reportanecdotesso we insteadfocuson
someguantitatve measurements.
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Figure 11: Our microhub smoothingtechniqueis Figure12: For somequeriesfor whichHITS shaved
highly adaptve: the numberof nodesprunedvs. ex-  high drift, our algorithmcontinuedo expandarela-
pandedchangesdramaticallyacrossiterations,but  tively larger numberof nodesin an attemptto sup-
stabilizesn theend. presgdrift.

DMoz and classi cation: Firstwetrainedthe RAINBOW classi eronall thetopicsof DMoz. Next we picked
sometopicsandusedtheexampleURLsin DMoz to seedhegraphto beanalyzedAsin HITS, wealsoincluded
pagedistantfrom theseseedpagedy onehyperlink. This graphis subjectedo topic distillation. The 40 top
authoritiesfrom thedistillation algorithm(HITS, DomHITS or DOMTEXTHITS) aresubmittedto theclassi er.

For eachauthority document (which may not belongto the examplescompiledby DMoz), the classi er
returnsa Bayesianestimateof . Theseare addedup asthe expectednumberof relevant authorities
amongthetop 40. Figure10 clearlyshawvs thatthetopical “purity” is bestupheldby DOMTEXTHITS, followed
by DomHITS, HITS beingtheworstin thisregard.

Pruning vs.expansion: In Figuresll and12we plot relatve numbersof nodesprunedvs. expandedagainst
the numberof iterations. Querieswhich do not have a tendeng to drift look like Figure 11. Initially, both
numbersaresmall. As thesystenbootstrapsnto controlledauthoritydiffusion,morecandidatdhubsarepruned,
i.e.,acceptedn theirentirety Diffusedauthorityscoresn turnleadto fewernodegyettingexpandedFor queries
with a strongtendeny to drift (Figure12), the numberof nodesexpandeddoesnot dropaslow asin low-drift

situations. It is signi cant thatthe algorithmadaptsto low- andhigh-drift pagesautomatically For all the 28

gueriestherespectie countsstabilizewithin 10—20iterations.

5 Summary and ongoingwork

We believe that the applicationof machinelearningto DOM structurewill be valuablein bridging the gap
betweena schema-less;haoticview of the Web anda relatively structureddatamodel. In this paperwe have
illustratedour claim with two examples.In ongoingwork, we areextendingthe ne-grainedcrawler to exploit
link patternsacrospagesandlongerpaths.We arealsotrying to speedup our ne-grainedtopic distillation by
factoringout site-level templatesommonto mary pages.
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