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Abstract

Early Web search enginescloselyresembledInformation Retrieval (IR) systemswhich had matured
over several decades.Around1996–1999,it becameclear that thespontaneousformationof hyperlink
communitiesin the Web graph had much to offer to Web search, leading to a �urry of research on
hyperlink-basedrankingof query responses.In this paperwe showthat, over and above inter-page
hyperlinks,much semanticinformationcanbeteasedout of themannerin which markuptags,such as
menu-bars, tables,and lists are usedto organizepages,and thecontext in which hyperlinksare made
froma page to another. We believe that delvinginto �ne-grainedpage structure will be thenext wave
in hypertext mining, bridging someof the gap betweenunstructured HTML and relativelystructured
XML, and preparingthestage for deeperanalysisinto page snippets.We talk abouttwo applications
to illustrate �ne-grained page analysis: topic-guidedfocusedcrawling, and hyperlink-basedranking
which takespage structure into account.In bothcases,weshowthat exploiting �ne-grainedstructure
enhancestheperformanceof our systems.

1 Intr oduction

TraditionalIR hasconsideredthedocumentasthefundamentalunit of analysis[18, 17]. Theapplicationof IR to
Websearchhascontinuedthis view, regardingwholeWebpagesasdocuments.Crawlersfetchcontentin units
of wholepages,andrarelydiscriminatebetweenoutlinkson semanticgroundswhenthey scana pagefor new
URLs to becrawled. Searchenginesreturnrankedlists of wholepagesaswell. Recentlink analysisalgorithms
which rankpageson thebasisof theprestigebestowedby inlinks [2, 11] (a techniquecalledtopic distillation)
alsomodeltheWebgraphatacoarsegrain,with wholepagesassinglenodes.A scoreis attributedto eachpage
andlinks from onepageto anotherareviewed asa recommendationof all of the target page's contentby the
link creator. This coarse-grainedapproachto crawling andrankingbetraysanassumptionthatWebpagesare
homogeneousin their contents,andall outlinksareequallyrelatedto thecontents.

We believe that a greatdealof semanticinformation,latent in the HTML sub-structure,is lost whenone
considersWeb pagesas indivisible. HTML tagsand their arrangementas the DocumentObject Model or
DOM tree (http://www.w3.or g/ DOM/ ) provide clueswhich prove valuablefor crawling and IR tasks.
Therefore,we enhancethe coarse-grainedgraphmodel for the Web to a �ne-grained model in which every
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pageis representedby a DOM tree,with edgesinternalto a DOM treerepresentinglocal tag-treestructureand
ordinaryhyperlinksasedgesconnectingtwo DOM trees.

At the Laboratoryfor Intelligent InternetResearch
�

in IIT Bombay, we areusingthis �ne-grainedmodel
for improving anumberof WebIR andmining tasks.In thispaperweconcentrateon two applications:focused
crawling [6] andtopicdistillation [3, 5]. We intendto makeourprototypes(HTML parserandcleaner, crawler,
anddistillationprograms)availablein thepublicdomainfor researchuse.

Therestof thepaperis arrangedasfollows. Section2 describesourdatamodelandthevariousissuesin the
parsingandsanitizationof HTML pages.In thenext two sectionsweoutlinetwo applicationsof the�ne-grained
model.Section3 describesthehow thenew modelcanbeusedto improve therateat which a focusedcrawler
acquiresrelevant pages.In Section4 we show that the applicationof the �ne-grainedmodelto rankingWeb
pagesimprovesfull-pageapproaches.Weconcludewith commentson ongoingandfuturework in Section5.

2 HTML tagsand parsing

In aperfectlyengineeredworld,Webpageswill bewrittenin amarkuplanguagemoresophisticatedthanHTML,
with a universallyacceptedmeta-datadescriptionformat. XML (http://www.w3.or g/X ML/ ) andRDF
(http://www.w3.o rg/ RDF/ ) have madegreatstridesin thatdirection,especiallyin speci�c domainslike
e-commercecatalogs,electroniccomponents,genomics,andmolecularchemistry. However, webelieve thatthe
Webwill alwaysremainadventurousenoughthatits mostinterestingandtimelycontentcanneverbeshoehorned
into rigid schemata.Without downplayingtheimportanceof XML andassociatedstandards,weemphasizethe
needfor HTML to DOM converterswhichcapturethe�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.
Creatorsof links betweenWebpagesnormallyprovidesomeinformationaboutthetargetpagearoundtheURL
on thesourcepage,not necessarilyin theanchortext alone. E.g.,a sectionmaystartwith “<h1>Japanese
car makers</h1> ” andcontinuewith a list of links, includinghttp://www.hond a.c om/ andhttp:
//www.mazda.com / , siteswhich maychoosenot to describethemselvesin thosewords. Furthermore,the
occurrenceof two suchlinks at closeproximity (or inside,say, a <td></td> tag) might suggestthat they
point to pagessimilar in content. Conversely, while crawling for pagesaboutmountainbiking, we would do
well to determinetheDOM subtreeswhicharesemanticallydissimilarandavoid exploring links emerging from
irrelevantsubtrees.

TheDOM treeof a pagecanbeobtainedby parsingtheHTML. This, however, is not aseasyasit seems.
A large fraction of HTML pageson the Web violatesthe HTML standard.Patchingthe syntaxis non-trivial
becausewe wish to retainasmuchDOM informationaswe canfor later analyses.For example,a <tr> tag
implies thata <table> tagmusthave alreadyoccurredsomewhereprior to it. If anenclosing<table> tag
doesnot exist, it hasto beinserted,but we mustmake surethatsuchaninsertiondoesnot violateotherHTML
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 can it change,albeit
unintentionally, what the original authorprobablymeantto convey, but it also makes the codeincreasingly
complex andconsequentlyproneto errors.Movement,especiallyof emptytagswhich might becreatedby the
cleanerdueto inappropriateuseof tags,is attemptedin the DOM treeconstructionphaseusinga variety of
heuristics.Thedefault patchingpoliciescanbemodi�ed by theuserthroughasimpleAPI.

�
http://www.cse.iitb.ac.in/laiir/
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3 Focusedcrawling guidedby DOM structur e

TheWebhasover two billion staticpagestodayandanestimated600gigabytesof text changespermonth[10].
General-purposecrawlers droppedto a mere18% coverageof the Web in 1999[13]. Mattershave improved
since,Googlenow covering over half the estimatedextent of the Web. However, given the sizeof the Web,
coverageoftencomesat thepriceof freshness,largecrawlersvisiting mostsiteseveryseveralweeksat best.

In contrastto generalpurposecrawlers,a focusedcrawler seeksto collectpagesrelatedto speci�c topics,
which it learnsfrom examplesprovidedby theadministrator. A federationof focusedcrawlerscancover each
speci�c topic in moredepth,andsucceedin keepingcrawls fresher. They startfrom exampleURLsonacertain
focustopic, say, basketball,andexploreoutlinkswith thegoalof collectingpagesaboutbasketballandavoiding
pagesthatarenotaboutthis topic.

We initiated the designandstudyof focusedcrawlers in 1999 [7], andseveral enhancementshave been
suggestedsincethen[9, 15]. Thekey operationof a focusedcrawler is to estimatetheworth of fetchinga new
page� basedonits citationfoundonapage� thathasalreadybeenfetched.Suchdecisionsaremadeby training
a text classi�er [14] on theexampleURLs.

3.1 Fine-grained focusedcrawling

Underthecoarse-grainedmodel,a focusedcrawling systemcanavoid fetchingirrelevantpages(pagesnotabout
thefocustopic) by not crawling links that it �nds on irrelevantpages.For example,therelevanceof � to focus
topic � � (which, in a Bayesiansettingwe candenoteby

�	��
 � �
� ��� ) could be usedasan estimateof
�	��
 � �
� ��� ,

the relevanceof unvisited outlink to page� . Theassumptionmadehereis that if a pageis not relevant to the
focustopic,thechancesthatlinks foundonthatpagepoint to relevantresourcesareremote(in otherwords,that
pagesacrossahyperlinkaremoresimilar thantwo randomlychosenpagesontheWeb).For obtaining

����
 � � � ���
we usethe RAINBOW naive Bayesclassi�er by McCallumandothers[14]. Theclassi�er is trainedof�ine on
examplestakenfrom ataxonomysuchasYahoo!(http://www.yaho o. co m/) or theDMoz OpenDirectory
(http://dmoz.org / ).

Consider, however, aWebpage� whichtalksaboutvarioustopicsin general,but hasafew links to verygood
resources/pages( ��� ) on basketball. Because� relatesto sundrytopics,it maynot be consideredrelevant by a
focusedcrawler crawling pageson basketball,andthelinks to basketballresources( ��� ) will remainunexplored.
Conversely, a pagemaycontainextremelyrelevant text but somelinks to irrelevantpages(seetheexamplesin
Figure8). Theseirrelevant links would beeagerlycrawled becausethey werefoundon a highly relevantpage.
Clearly, thejudgmentsonrelevanceof ��� (

�	��
 � � � ����� ) mustbebasedonsomethingmorethanjust
����
 � � � ��� .

In the �ne-grainedfocusedcrawler [6] we usetwo classi�ers. In a standardfocusedcrawler, theclassi�er
wasusedto assignpriorities to unvisited frontier nodes� . This no longer remainsits function. The role of
assigningprioritiesto unvisitedURLsin thecrawl frontieris now assignedto anew learnercalledtheapprentice,
andthepriority of � is speci�c to the


 ������� link which leadsto it. Meanwhiletherole of thestandardclassi�er
becomesoneof generatinginstancesfor the apprentice,asshown in Figure1. We may thereforeregard the
baselinelearnerasacritic or a trainer, whichprovidesfeedbackto theapprenticesothatit canimprove “on the
job.”

We useRAINBOW for theapprenticeclassi�er aswell, suitablyencodingthecontext of eachlink

 ������� so

thatthebag-of-wordsclassi�ercanmakeuseof theseencodedfeatureseffectively. After parsingtheHTML and
creatinga DOM tree,its leavesarenumberedfrom left to right. Thespeci�c <a href...> which links to �
is an internalnode ��� , andis theroot of thesubtreewhich containstheanchortext of


 ����� � . Thesubtreemay
containothernodesrepresentingtagssuchas<em>or <b>. Weregardall textual tokensfoundin thissubtreeto
beat offsetzero w.r.t. the


 ������� link. Tokensoutsidethesubtreeof �!� areassociatedwith negative andpositive
offsetsasshown in Figure2. For ef�ciency, we limit themaximumoffsetup to whichweaccepttokensto some
window around��� of radius"�#	$&% . Specialstringscannow bepre�xedto thetext tokensto encodetheir location
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w.r.t. to the

 ������� link.

3.2 Experimentsand Results

Weexperimentedwith focusedcrawls startingwith examplesof dozensof topicsfrom roughly450topicschosen
from DMoz. Weexcerptsomesalientobservations.

Window width: A key concernin the selectionof the context of a link is the window size. In the typical
exampleshown in Figure3, we seethat the accuracy of the apprenticeclassi�er increasesrapidly as "'#	$&% is
increasedabove0 (indicatingthatusingonly anchortext losesoutonusefulfeatures)but thegainslevel outand
mayevenfall for larger "(#	$&% . Basedon theseobservationswesettledon amaximumwindow sizeof 5.
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EncodingDOM offsetsin features: Weveri�ed thataddingoffsetinformationto text tokenswasbetterthan
simply usingplain text nearthe link [4]. Onesampleresult is shown in Figure4. The apprenticeaccuracy
decreaseswith "(#	$&% if only text is used,whereasit increasesif offset informationis provided. This highlights
theimportanceof properfeature extraction.

Rateof acquiring relevant pages: Thefocusedcrawler'sperformancecanbemeasuredin termsto its harvest
ratewhichis thefractionof relevantpagescollected.If ) is thesetof nodescollected,theharvestrateis de�ned
as


+*�, � ) � � - �/.10 �	��
 � � � � � . Alternatively, wecanmeasurethelossrate, whichis oneminustheharvestrate,i.e.,
the (expected)fraction of fetchedpagesthat mustbe thrown away. We presentlossrates,becausethis is the
partof thecrawler's work which canbepotentiallyavoided.Figure5 contraststhelossrateof thebaselineand
apprenticeguidedcrawls. Figure6 shows thesuddendecreasein lossratewhenthe focusedcrawler switches
from usingthebaselineclassi�er to theapprenticeclassi�er oncethelatterhasbeensuf�ciently trained.

4 Topic Distillation

Oncea focusedcrawler hascollecteda substantialcorpusof theWebpageson a speci�edtopic,we areusually
interestedin compiling a list of authoritative pagesanda list of link collectionspertainingto that topic [12].
Such lists can be computedusing topic distillation , a processof discovering authoritativeWeb pagesand
comprehensive collectionsof links calledashubswhich reciprocallyendorseeachotherandarerelevant to a
giventopic. Kleinberg's HITS [11] andthePageRankalgorithm[2] underlyingGooglearethemostwell known
topicdistillationalgorithms.In thispaperwe concentrateonHITS.

A key propertyof HITS is the diffusion of endorsementor popularityacrosscocitedsiblings. From the
equationsshown in theFigure7 wenoticethattheincreasein theauthorityscoreof � � givesriseto theincrease
in authorityscoreof ��2 within thenext two iterations.Wecall thisphenomenonauthoritydiffusion.

BecauseHITS modelsthehubpage� asa singlenodewith a singlehubscore,high authorityscorescould
diffusefrom a relevantauthority � � to a lessrelevantcocitedauthority � 2 . This makesHITS andrelatedalgo-
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rithmsvulnerableto unintendedtopicdrift anddeliberatecliqueattacks. Topicdrift mayhappenif � � is astudio
homepage,� 2 is a pageaboutOscarnominations,andonly onetopic is of interestto theuser. Clique attacks
areperpetratedby sitedesignersaimingto improve their clients' searchengineratingsby arti�cially construct-
ing densehyperlinkneighborhoodsthatappearlike prestige-conferring citations(Figure8). Theselinks imply
no semanticcoherenceor editorial judgment,which arecrucial for the successof topic distillation. Banners,
navigationalpanels,advertisements,and“Webring” links addto thewoesof traditionaldistillationalgorithms.

4.1 Fine-grained topic distillation

Our enhancementto the standardtopic distillation algorithmis largely containedin onestep: the authority-
to-hubscoretransfer. Recognizingthat a singlehub scoreper pagemay result in unwantedscorediffusion,
we representeachpageusingits DOM tree. To simplify thedescriptionfor this paper, <a href...> nodes
(Figure4) aremadeleaf nodes,removing their subtrees.Theseleavesarecalledmicrohubs.

HITS in effect aggregatesall microhubscoreson a pageandmakesthe sumthe hub scorefor the whole
page.Wewould like to aggregatemicrohubscoresselectively. If webelieve thatsomescoresbelongto relevant
DOM subtrees,we would like to addthemup andpropagatethembackto theauthoritynodesasin HITS. But
we wouldnot like to aggregateover microhubscoreswhichwebelieve leadto irrelevantauthorities.

Thereare(at least)two kindsof cluesasto whetheraDOM subtreeis relevant.First, if adisproportionately
largefraction(comparedto theglobalaverage)of outlinksin aDOM subtreelink to known goodauthorities,we
shouldcollapsethehubscoreof thesubtree.Second,if thetext containedin a subtreeis highly relevant to the
query(comparedto neighboringsubtrees),thatsubtreecouldrepresentasinglehub.

Informally, our modelof hub generationenablesour algorithmto �nd a frontier acrosseachhub's DOM
tree. Subtreesattachedto the frontier aremadeindividual nodesin the distillation graph. Thusthe hubscore
of theentirepageis dis-aggregatedat this intermediatelevel. Thekey questionis: how do we determinesuch
a frontier for eachpage?Owing to spacelimitations,we will take up this questionwith regardto the�rst clue
above: theproximity of outlinksto goodauthorities.

Finding the bestfr ontier: Ourgoalis to recover thesimplestfrontierwhichbestexplainsany non-uniformity
in themicrohubscores.We wish to avoid choosingeitheronelargeandredundantfrontier nearthe leavesand
explain the many small andhomogeneoussubtreesvery accurately, or choosinga shortfrontier nearthe root
with a few largesubtreeswhichareharderto modelsincethey containmany diversemicrohubscores.
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have the highest probability of being relevant to
the Dmoz topic whosesampleswere usedas the
root set, followed by DOMHITS and �nally HITS.
This meansthat topic drift is smallestin DOMTEX-
THITS.

We strike a balancebetweentheseextremechoicesby designingcomparableunits of cost for de�ning a
frontiermodel(themodelcost) andgeneratingmicrohubscoresfrom afrontiermodel(thedata cost), andmin-
imizing thesumof thesetwo costs,following Rissanen's Minimum DescriptionLength(MDL) principle[16].

For any node� , wecanmodelthemicrohubscoresegf attheleavesof thetreerootedat � usingadistributionh f . Theprobabilityof a speci�c microhubscore i w.r.t. this distribution is denoted
�	��j \ 
 iY� . Let theglobal

distributionat therootDOM nodebe
hlk

. Let themodelcost
h f for anode� onthefrontier, encodedrelative to

theglobaldistribution
h5k

, bedenotedc 
 h f � hLk � . Thedatacostfor theset e f of microhubscoresin thesubtree
rootedat � is approximatelymO-on .1p \rqUs�t ���uj \ 
 iY� [8].

Findingthebestfrontier is NP-hard.Thefollowing greedystrategy workedquitewell: at eachnode � , we
comparetwo options:

v Make � a frontiernode,paying c 
 h f � h k � and m -On .�p \ qUs�t �	� j \ 
 i_� .
v Expand� to its children w?��x , paying - � c 
 h � � hLk � and my- � - n .�p X qUs�t ���zj X 
 iY� .

Wegreedilypick thelocally betteroptionandcontinueuntil thefrontier canno longerbeimprovedby pushing
it down. When a nodeis not worth expanding,we say it is pruned. The DOM segmentationstepsabove
areintegratedinto thestandardtopic distillation algorithmby insertinga call to thesegmentroutineafter the{y|~}��

stepandbeforethe
��|~}5�	{

step(Figure9).
We canusea similar segmentationtechniquefor the text associatedwith DOM subtrees.The combined

evidencefrom microhubscoresandtext canleadto a morereliablehub segmentationthanusingany oneby
itself. Wecall thisalgorithmasDOMTEXTHITS; thedetailsof thisalgorithmhave beenreportedelsewhere[5].

4.2 Experimental study

Our systemcanbeusedwith ad-hocqueriesaswell asprede�nedtopics;all we needis a subgraphof theWeb
with a signi�cant fraction of thepagesbeingrelevant to a broadtopic. We usedthe setof 28 queriesusedin
the ARC/Clever systemandother researchers[1, 4]. We alsopicked 20 topics from a simpli�ed versionof
theDMoz topic hierarchy(http://dmoz.org ). Therewereabout4 million non-localHREFs andover 15
million �ne-grainednodesandlinks in our datasets.It waseasilyevident thatour systemwaslesssusceptible
to topic drift andcliqueattacksthanHITS. We do not have spaceto reportanecdotes,sowe insteadfocuson
somequantitative measurements.
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DMoz and classi�cation: FirstwetrainedtheRAINBOW classi�eronall thetopicsof DMoz. Next wepicked
sometopicsandusedtheexampleURLsin DMoz toseedthegraphto beanalyzed.As in HITS,wealsoincluded
pagesdistantfrom theseseedpagesby onehyperlink. This graphis subjectedto topic distillation. The40 top
authoritiesfrom thedistillationalgorithm(HITS, DOMHITS or DOMTEXTHITS) aresubmittedto theclassi�er.
For eachauthority document" (which may not belongto the examplescompiledby DMoz), the classi�er
returnsa Bayesianestimateof

�	��
 � � "�� . Theseareaddedup as the expectednumberof relevant authorities
amongthetop40. Figure10clearlyshows thatthetopical“purity” is bestupheldby DOMTEXTHITS, followed
by DOMHITS, HITS beingtheworstin this regard.

Pruning vs.expansion: In Figures11 and12 we plot relative numbersof nodesprunedvs.expandedagainst
the numberof iterations. Querieswhich do not have a tendency to drift look like Figure11. Initially, both
numbersaresmall.As thesystembootstrapsinto controlledauthoritydiffusion,morecandidatehubsarepruned,
i.e.,acceptedin theirentirety. Diffusedauthorityscoresin turnleadto fewernodesgettingexpanded.Forqueries
with a strongtendency to drift (Figure12), thenumberof nodesexpandeddoesnot dropaslow asin low-drift
situations.It is signi�cant that thealgorithmadaptsto low- andhigh-drift pagesautomatically. For all the28
queries,therespective countsstabilizewithin 10–20iterations.

5 Summary and ongoingwork

We believe that the applicationof machinelearningto DOM structurewill be valuablein bridging the gap
betweena schema-less,chaoticview of theWebanda relatively structureddatamodel. In this paperwe have
illustratedour claim with two examples.In ongoingwork, we areextendingthe�ne-grainedcrawler to exploit
link patternsacrosspagesandlongerpaths.We arealsotrying to speedup our �ne-grainedtopicdistillationby
factoringoutsite-level templatescommonto many pages.
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