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1 Intr oduction
A growing numberof Web sitesaremaintainedby content
managementsoftwareandthusa largenumberof Webpages
aremachine-generatedvia templates.Normally in suchWeb
pagesthereis implicitly a �x ed “schema”andwhatchanges
is the content. Informally a schemafor a Web pagerepre-
sentsconceptsandrelationshipsamongthemin a hierarchi-
cal fashion. For example,Figure 1 is a screenshot of the
New York Times front page(seehttp://www.nytimes.com).
Observe that this pageincludes: (i) a taxonomyof items
suchas“NEWS” (consistingof hyperlinkslabeledwith “In-
ternational”,“National”, ...), “OPINION” (consistingof hy-
perlinks “Editorial/Op-Ed”, ...), etc.; (ii) several headlines
of news articleswhereeacharticle begins with a hyperlink
labeledwith thenews headline(e.g., “Bush tells Nation ...”)
followed by the authorof the article (e.g., “By RichardW.
Stevenson...”), followed by a time-stampand a text sum-
maryof thearticle(e.g., “PresidentBushportrayed...”). The
schemafor this fragmentof theNew York Timesfront page
thereforeincludesthetaxonomy(whichdoesnotchange)and
thetemplatefor thenewsarticle.Weshouldpointout thatthe
schemawill alsoincludeseveraladditionalelementspertain-
ing to othercontentappearingin thepage.

Figure1: New York TimesFrontPage

Theimportantquestionthenis: Cantheimplicit schemain
template-drivenHTML documentsbemadeexplicit? We for-
mulatetheproblemof schemadiscovery from HTML docu-

mentsasoneof discoveringsemanticstructuresin Webdoc-
umentsandpartitioningthemaccordingly. Our objective is
to take a HTML documentgeneratedby a templateandau-
tomaticallypartition it into semanticallymeaningfulclusters
via structuralandsemanticanalysis.Eachpartitionwill con-
sistof itemsrelatedto asemanticconcept.For example,Fig-
ure 2 is sucha tree correspondingto the New York Times
front pagein Figure1. Observe in this �gure that the head-
line news itemsareall groupedunderthe “HeadlineNews”
category.
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Figure2: ScreenShotof theSemanticPartitionTreefor New
York TimesFrontPage

Semanticpartitioninghasseveral importantandpowerful
implications in practice. First, it easesthe task of formu-
lating queriesto retrieve datafrom Web documents.In the
New York Timesexample,onecanposeaqueryto retrieveall
the links underthe “NEWS” item in the taxonomy. Knowl-
edgeof theschemamadeexplicit via semanticpartitioningis
thekey to transforminglegacy HTML documentsinto more
semantics-orienteddocumentformatssuchasXML [XML,
2003] andDAML [DAML, 2000]. Yet anotherapplicationis
audio-browsableWebcontent.By puttinga dialog interface
to thecontentof a Webpagewhich is reorganizedbasedon
theknowledgeof its schema,ausercaneasilybrowseits con-
tentusingaudio.MoregenerallyaWebsiteitself canbenav-
igatedusingvoicecommands.Audio browsableWebcontent
cansigni�cantly expandthereachof theWebto visuallychal-
lengedindividuals. Finally semanticpartitioningcanenable
the creationof self-repairingwrappers,the technologythat



font0
font0

font2 font3font2

font1
font4

font3

font4

font1
font4

font0

font0

tr
td td

table

...
td td td tdtd

imgimg a a a

"NEWS" "FEA..."

tr

td

"By..."

a a a a a

"Bush..."

strong

"President..."

"News..."

"Text:..." strong

"Democrats..."

"By..."

"The..."

"Text:..."

"National"
"International"

"Art"

"Books"

a

td

tr trtrtrtr tr
...

Figure 3: DOM Tree Fragmentof New York Times Front
Page

provides a database-like interfaceto Web documents.The
restof this paperdescribesour approachto semanticparti-
tioningandits applications.

2 SemanticPartitioning
Hereinwe describethe ideasunderlyingour approachto se-
manticpartitioningthat is carriedout througha combination
of structuralandsemanticanalysis.

2.1 Structural Analysis
Structuralanalysisis basedon the observation that in well-
organizedHTML documentssemanticallyrelateditems, as
discernedin their renderedviews,exhibit spatiallocality. For
example,observe that in Figure 1 all the taxonomicitems
suchas“NEWS”, “OPINION”, “FEATURES”, etc.,andthe
correspondinghyperlinks underthem are all spatially clus-
teredtogether. Thesameobservationholdsfor all thehead-
line news items,theirassociatedauthors,andthecorrespond-
ing text summary. This organization is particularly clear
in Web sites (especiallythose owned by portals, product
vendors,serviceproviders, etc.) that are maintainedusing
contentmanagementsoftwarewhichautomaticallygenerates
Webpagesfrom templates.

In mostWeb documentsspatiallocality canbe identi�ed
by looking for similarities in the pathstructuresof the cor-
respondingDOM trees. For example,the root-to-leafpath
stringsof all the links underthe “NEWS” item in the tax-
onomy(“International”,“National”, etc.) in Figure1, which
consistof tagnamesandtheir associatedattributes(seeFig-
ure3), areall identical:tr � td � table� tr � td � a � f ont0 (here
f ont tagswith differentsubscriptsdenotef ont tagswith dif-
ferentattributevaluessuchassize, color, etc.). Thecontent
categoriesin the taxonomysuchas“NEWS”, “OPINION”,
and“FEATURES”alsohave similarpathstructures.

If relateditemsin a Web pageexhibit spatiallocality, we
can �nd structurallysimilar Web pageelementsby looking
for patternsin theoccurrencesof pathstringsof theleafnodes

in a DOM (sub)tree. For instance,let us denotethe path
string tr � td � table � tr � td � img from Figure3 usingT1,
and tr � td � table � tr � td � a � f ont0 using T2. The sub-
treerootedat table (shown circled) in Figure3 hasthe fol-
lowing string: T1T2T2 : : : T1T2T2 : : :. The problemof spa-
tial locality discovery canthenbereducedto theproblemof
sequentialpatternanalysis. For instance,T1T �

2 (here� de-
notesKleeneclosure)is a sequentialpatternthat canbe ob-
served from the string T1T2T2 : : : T1T2T2 : : :, in which T1
representsa taxonomicitem suchas“NEWS”, “OPINION”,
etc. andT �

2 representsthe collectionof hyperlinks,suchas
“International”, “National”, etc. Similarly, we can obtain
thestring,T3T4T5T6T6T3T4T5T6, andthesequentialpattern,
T3T4T5T �

6 , from the subtreerootedat td (shown circled) in
Figure3. (HereT3; T4; T5; T6 denotethethepathstringscon-
tainingf ont1; f ont2; f ont3; f ont4, respectively.)

Sequentialpatterndiscovery canbeperformedrecursively
bottom-upstartingfrom theleavesof theDOM treeof aWeb
page.Near-leafpatternscorrespondto smallpartitions.Small
partitionscan be aggregatedinto bigger partitionsfor Web
pageswith rich contentsuchasYahoo. Thealgorithmicde-
tailsof structuralanalysisis providedbelow.

2.2 Algorithms

To transformtheDOM treeof aHTML documentinto atree-
like semanticstructure,we simply invoke thetop-level algo-
rithm Par titionT r ee on the root of the given DOM tree.
This algorithm �rst traversesthe DOM tree top-down and
thenrestructuresit bottom-up.

Algorithm PartitionTree(n )
input

n : anodein aDOM tree
begin
1. if n is a leafnodethen
2. n:ty pe = thesequenceof HTML tagsfrom theroot to n
3. elseif n hasonly onechild nodec then
4. PartitionTree(c)
5. Replacen with c andremove n from theDOM tree.
6. else
7. for eachchild nodex of n do PartitionTree(x ) endfor
8. FindPartition(n )
9. endif
end

In our datastructure,eachnodeof the tree hasan addi-
tional attribute, type, which storesthe type assignedto this
node.This attributebasicallyencodesthesummaryof struc-
turalrecurrencediscoveredfor thesubtreerootedatthisnode.
Wewill usethenotationn:ty peto representthetypeattribute
of anoden.

In Line 2 of the algorithm Par titionT r ee, all the leaf
nodesaretyped. Internalnodeswith only onechild arehan-
dled in Lines 4–5. In such a case,the type of this only
child nodeis computedand then simply propagatedup the
tree. However, for an internalnodewith multiple children,
we �rst invoke Par titionT r ee on all of its childrento col-
lect their type information (Line 6). Then the algorithm
F indP ar tition is invokeduponthis nodeto performa pat-
terndiscoveryon its childrennodes(Line 7).



Algorithm FindPartition(n )
input

n : aninternalnodein aDOM tree
begin
1. S = thesequenceof all thechild nodesof n
2. for eachnodec in S do
3. if c:f l atten = tr ue then
4. Replacec with thesequenceof all thechild nodesof c.
5. endif
6. endfor
7. � = "
8. do
9. Collapseadjacentnodesin S whichsharethesametype.
10. � = MaximalRepeatingSubstring(TypeStr(S))
11. if � 6= " then � = � endif
12. if j � j > 1 then
13. for eachsubstring� in S suchthatTypeStr(� ) = � do
14. Replace� with NewNode(� ,seq( � ) ).
15. endfor
16. endif
17. while j � j > 1
18. if � = " then
19. n:f l atten = tr ue
20. else
21. PartitionS into � 0 
 � 1 : : : 
 � m , whereTypeStr(
 ) = � .
22. for each
 � i do
23. Replace
 � i with NewNode(
 � i , NewType(� )).
24. endfor
25. n:ty pe = NewType(� )
26. endif
27. Make thenodesin S thenew childrenof n .
end

The algorithmF indP ar tition takesan internalnode,n,
asinput. Its main function is to discover structurallysimilar
itemsamongall thechildrenof n andrestructurethesubtree
rootedat n accordingly. Becauseour algorithmclimbs up a
DOM tree from leaf nodesto the root, structuralsimilarity
may not be observed until it reachesa nodehigh enough.
Therefore,we associatea booleanattribute, f latten, with
eachnodeto signalwhetherastructuralsimilarity patternhas
beendiscoveredat this node. The valueof this attribute is
initialized to f alse for eachnode. However, if a pattern(or
type) is not foundat a node,thenits f latten attribute is set
to tr ue (Line 19).

In Lines 1–6,all the child nodesof n arecollectedinto a
sequence,which will bepartitionedinto semanticallyrelated
items later if they sharestructuralsimilarity. But if we en-
counteranode,c, whosef latten attributehasthevaluetr ue
(which meansa patternis not found at this node),thenwe
move all the child nodesof c into this sequencefor further
processing.

Note that whenthe algorithmF indP ar tition is invoked
on a node,all of its descendantnodesarealreadytyped. In-
tuitively, sincethe type of a nodesummarizesthe structure
of thesubtreerootedat thatnode,analysisof thesequenceof
sibling typesis essentialfor structuralsimilarity patterndis-
covery, which is donein two stagesby ouralgorithm.

In the�rst stage,consecutivenodeshavingequivalenttypes
arecollapsedinto asinglenode(Line 9). Theintuition behind
this is that they all relateto thesameitem. Next, in Line 10,
an attemptis madeto �nd a maximalrepeatingsubstringof
thestringcorrespondingto the typesequenceof S (returned
by TypeStr (S)).

If sucha substringdoesnot exist (henceno structuralsim-
ilarity), thentheloop in Lines8–17is exitedandthef latten
attributeof thecurrentnodeis setto tr ue(Line19). However,
if a maximalrepeatingsubstring,� , is foundand� contains

at leasttwo elements(j� j > 1), thenthesequenceof consec-
utive nodeswhosetype sequencematches� is mergedinto
a new nodecreatedby theprocedureN ewN ode(Lines12–
16). The�rst argumentof N ewN odecontainsthesequence
of nodesto be mergedwhile the secondargumentindicates
the type of this new node. The above collapsing-pattern-
discovering-merging processis repeateduntil it cannotbe
performedany more.

In themainpartof thesecondstage(Lines21–25),thelast
patterndiscoveredduringthe�rst stageis usedto partitionthe
remainingsequenceof nodesfurther. This is asimpleheuris-
tic thatwe apply to handlevariationsin documentstructures
(e.g., missingdataitems). Note that if � containsonly one
type, thenN ewType(� ) returns� directly; otherwise,it re-
turnsthecompoundtypeseq(� ).

Now we illustrate the working steps of the algorithm
F indP ar tition usingan example. For simplicity, we will
just show how it manipulatesa sequenceof types and
omit other details. Supposethe type sequenceof S is
T1T2T3T2T3T4T1T2T3T5 immediatelybeforethe algorithm
executestheloopstartingatLine8. T2T3 isamaximalrepeat-
ing substring.Let ususea new typeT6 to denoteseq(T2T3).
Thenafterthe�rst iterationof theloop,thetypesequencebe-
comesT1T6T6T4T1T6T5. The�rst two occurrencesof T6 can
becollapsedinto one,resultingin T1T6T4T1T6T5, in which
T1T6 is a maximalrepeatingsubstring.Again,we usea new
type T7 to representseq(T1T6). So after the seconditera-
tion the typesequencebecomesT7T4T7T5 andthe loop ter-
minates.It is nothardto seethatthe�rst T7 andthefollowing
T4 will beput into onepartitionandtherestinto anotherpar-
tition. T7 is thetypeassignedto thecurrentnode.

The algorithmsPar titionT r ee and F indP ar tition are
illustratedusingthe DOM treefragmentshown in Figure3.
Let usconsiderthesubtreerootedat thenodetd (shown cir-
cled) spanningthe leaf nodesfrom “Bush...” to “Text...”.
The type of the “Bush...” leaf node, denotedby T1, is
tr � td � tr � td � a � f ont1 � str ong. Observe thattheleafnode
“Democrats...” hasthe sametype T1. So we canassignthe
typesT1; T2; T3; T4; T4; T1; T2; T3; T4 to theleaf nodesfrom
“Bush...” to “Text...”, respectively. Observe thatall theseleaf
nodesaretheonly child of theirparentnode.As aresult,their
ancestornodesaredeleted(Lines4–5of Par titionT r ee) un-
til they are propagatedup the subtreeand becomesiblings
underthenearesttd node.

Now the algorithmF indP ar tition is invoked on the se-
quenceof typesT1T2T3T4T4T1T2T3T4. First, the two con-
secutive occurrencesof T4 are collapsedtogether(Line 9
of F indP ar tition ). The resulting type sequenceis
T1T2T3T4T1T2T3T4, in which T1T2T3T4 is a maximal re-
peatingsubstring.So the original sequenceof nodesis par-
titioned into two parts, eachcorrespondingto the pattern
T1T2T3T4. The type assignedto the td node(nearestto the
“Bush...” leafnode)is seq(T1T2T3T4).

2.3 SemanticAnalysis
Partitioning . The content and structure of template-
generatedWebpageswill still varydueto, e.g., updatesto the
backenddatabasesthatareusedto populatethetemplatesand
slight variationsin presentationstyles. Therefore,a purely



structuralanalysiswill not always generate“correct” parti-
tions. However, structuralanalysiscanbecombinedwith se-
manticanalysisto producehighqualitypartitions.For exam-
ple, to determinewhethertwo segmentsof text are related,
weuseWordNet1 to identify semantically-relatednounsthey
may share. The notion of semanticrelatednessis derived
from the different typesof relationshipsfound in WordNet,
likesynonyms,hypernyms,etc.Thesesortsof simpleheuris-
ticscanwork well onnewsandconsumerproductWebpages.
Theoutputof thesemanticanalysismoduleis providedto the
structuralanalysismoduleto provide additionalconstraints
duringthepartitionprocess.

Labeling. The Par titionT r ee algorithm transformsa
HTML documentinto a treeof partitions.However, in order
to derive a schemafrom the partition tree it is necessaryto
summarizethecontentof thepartitions.A succinctsummary
of a partition is known asthelabel of thepartition. We have
useda combinationof heuristicsbasedon structuralanalysis
anddomainknowledgeto labelpartitions.

Veryoftenit is thecasethatthelabelsof leafpartitions(in
thepartitiontree)areusuallyprovidedby Websitedesigners
in the pageitself. In suchcircumstances,the nodecontain-
ing thelabel,having typeT1, is followedby multiple sibling
nodeseachhaving thesametypeT2 which is differentfrom
T1. This is illustratedin thecircledtext in the left-handside
menuin Figure1, wherethe node“NEWS”, with type T1,
is followedby thesibling nodes“International”, “National”,
“Washington”,etc. eachhaving the typeT2. In sucha case,
thecontentof the�rst nodeis madethelabelof theentirepar-
tition. This resultsin thelabeledpartition“NEWS” asshown
in Figure2.

Even though the above heuristic performswell in prac-
tice, it is not a generaltechniqueto label arbitrary leaf par-
titions. Moreover, the heuristiccannotbe appliedto label
internalpartitionsin thepartitiontree.In general,suchlabels
will bevery hardto obtainwithout leveragingsomedomain
knowledge,commonlyreferredto asontologies. Informally
an ontologydescribesconcepts,alongwith their featuresor
attributes, in a domainof interest. Typically, the ontology
capturesa hierarchicalparent-childrelationshipbetweenthe
concepts.Given sucha representationof a domainknowl-
edge,the labelingproblemis essentiallyreducedto classify-
ing a partitionto anappropriateconceptin theontology. An
internalpartition is classi�ed to the leastcommonancestor
conceptof theconceptsto which its childrenpartitionshave
beenclassi�ed. Thus,labelingis a 3-stepprocesswhereby:
(i) thedomainontologyhasto beengineered;(ii) aclassi�er
for every concepthasto be generated; and (iii) the “best”
conceptfor every partition is discoveredusingtheclassi�ers
andthetaxonomyof concepts.

Recentlytherehasbeena lot of work on engineeringdo-
main ontologies[DAML, 2000]. In principle, our labeling
techniquecanbe usedwith any domainontologywhich has
beenenrichedwith conceptclassi�ers. For our work, we
have usedthe humaneditedtaxonomyof the OpenDirec-
tory Project2 asour referenceontology. Theuseof theOpen

1http://www.cogsci.princeton.edu/˜wn/
2http://www.dmoz.org

DirectoryProjectontologyfacilitatesautomaticgenerationof
conceptclassi�ers,asdescribedbelow.

We usea combinationof rulesandstatisticalanalysisas
theconceptclassi�er. Therulesrepresentstructuralfeatures
of the particularconcept.For example,in a News ontology
the concept“HeadlineNews” canbe structurallycharacter-
izedby a setof itemswhereeachitem is characterizedby a
hyperlink, keywords for recognizingnews sources(suchas
AP, Reuters,By, From, etc.), patternsfor recognizingdate
and time when the news item was �led, and featuresasso-
ciatedwith news summariessuchasconstraintson the text
length. Using this rule, we wereableto label the partitions
correspondingto the circled texts in the centralcolumn of
Figure1 as“HeadlineNews”. The labeledpartition “Head-
line News” is shown in Figure2.

While rulesareexpressive,statisticalfeaturesareeasierto
generatefor a concept. As such,we train a statisticalclas-
si�er, in particulara Naive Bayesclassi�er [Mitchell, 1997],
for everyconceptin theontology. Associatedwith everycon-
ceptin the OpenDirectory Projectontologyis a setof Web
pageswhich have beenmanuallyclassi�ed aspertainingto
thatconcept.Thebagof wordscontainedin thesepagescan
beusedto trainaNaiveBayesclassi�er for thatconcept.Note
thattrainingsuchaconceptclassi�er is completelyautomatic
dueto the existing corpusof associatedpagesfor that con-
cept. Moreover, the high precisionof humanediting in the
OpenDirectoryProjectresultsin fairly accurateconceptclas-
si�ers.

3 Applications of SemanticPartitioning
Severalimportantapplicationsareenabledby semanticparti-
tioning. Hereinwebrie�y sketcha few of them.

3.1 SemanticAnnotations of WebDocuments
The objective of the SemanticWeb [The SemanticWeb,
2003] is to de�ne andsharemachineprocessabledatawhich
will enablea varietyof automatedtasksrangingfrom infor-
mationsearchto dataintegrationto Webservices.Thetech-
niquesfor semanticpartitioningproposedin this papercan
serve as a useful technologyfor transformingunstructured
HTML documentsinto structureddata that is amenableto
machineprocessingsuchasqueryingandreasoning.Specif-
ically the transformeddocumentwill be annotatedwith se-
mantic informationderived by the semanticpartitioningal-
gorithm.Figure1 is anexampleof sucha transformeddocu-
ment.Theseannotationscanbefurtheralignedwith thestan-
dardvocabulary of a speci�c ontologydomainandpresented
asRDFdocuments[RDF, 2003] usingmachinelearningtech-
niques[Doanetal., 2003].

3.2 Self-RepairingWrappers
Wrappers areprogramsthatprovide database-like interfaces
to Web sources[Adelberg, 1998; Ashish and Knoblock,
1997; Hammeret al., 1997; Perkowitz et al., 1997; Atzeni
and Mecca, 1997]. Techniquesfor programmatic,semi-
and fully- automatedwrapperconstructionhasbeenexten-
sively researchedandwrapper-basedtools have beendevel-
oped[Crescenziet al., 2001;SahuguetandAzavant, 1999;



Baumgartneret al., 2001; Liu et al., 2000; Kushmericket
al., 1997;Chidlovskii, 2001;Musleaetal., 1999;Ashishand
Knoblock,1997;Cohenet al., 2002;Hsu andDung,1998].
Fully andsemi-automatedapproachesfor constructingwrap-
persaretypically basedon the ideaof learningfromlabeled
examples. To build a wrapperexamplesof dataof interest
arelabeled.From theseexamples,thesystemlearnsextrac-
tion expressions(suchasregularexpressions)usingsyntactic
cues,suchasHTML tags,andkeyword stringsin thepages.
Extractingdata of interestfrom Web sites amountsto ap-
plying theseexpressionsat theappropriatelocationsin Web
pages.

A critical problem confronting wrapper technology is
changesin Web pages.Frequently, Web siteschangeto ac-
commodatenew presentationformats,services,andcontent
offerings. Suchchangescancause“brittleness” in dataex-
tractorstherebycausingwrappersto fail. For example,if the
headlinenews in New York Times's front pagebecomesem-
beddedwithin a list structureinsteadof a tableasshown in
Figure3 thentheextractionexpressionlearnedwith thetable
structurewill fail to locatethe news items. This raisesthe
importantquestionof whetherit is possibleto build resilient
wrappersthat canautomaticallyadaptto structuralchanges
in Webpages.

In a previous work we hadattacked this problemfrom a
syntacticviewpoint [Davulcuetal., 2000]. A truly robustso-
lution, however, will requiresemanticknowledgeof thecon-
tentin aWebpage.Thesemanticpartitioningideasdescribed
in this papercanform thefoundationfor sucha solution.To
understandtheideaatahigh level, let usexaminehow aself-
repairingwrapperbasedonsemanticpartitioning,will handle
thechangein New York Times's front pagethatmakeseach
news item occurasa list insteadof a tableelement.Theold
extraction expressionmatchingthe circled td (in Figure 3)
nodewill fail to correctlyidentify the subtreecontainingall
thenews items,sothesystemwill re-partitiontheWebpage.
If it �nds apartitionin there-partitionedpagelabeled“Head-
line News” thenit will onceagaingeneratetheextractionex-
pressionsappropriatefor the elementsin this partition and
updatethe informationthat it maintainsfor extractionruns.
Thus semanticpartitioning can contribute to making wrap-
persself-repairing.

For thisself-repairprocessto work thewrapperwill haveto
includethelabelsof thepartitionsthatcontainthedataitems
markedfor extraction.Recallthatour labelingprocedurecan
beenrichedby usinganontology. In suchacasewewill also
recordin thewrapperthe nodein theontologyto which the
partition is mapped. Self-repairingwrappersis a topic that
hasreceived little attentionin the literature. The approach
basedonsemanticpartitioningseemsquitepromising.

3.3 CreatingAudio-BrowsableWebContent
Theprimarymodeof interactionwith theWebis via browsers
that aredesignedfor visual modesof interaction. This de-
niesaccessto anentirecommunityof userswho suffer from
visualdisabilities.Semanticpartitioningcanleadto thecre-
ationof a new generationof technologiesthatwill empower
visuallyimpairedindividualstoaccessandnavigateWebsites
usingnon-visualmodalities,suchasvoicecommandsandau-

dio output.A uniqueaspectof suchtechnologieswill bethat
it will enableaudio-basedexploratory browsingof Webcon-
tent in a structuredandef�cient way, andmoreimportantly
theaudio-browsablecontentwill not dependon specialcon-
tentproviders.

An envisionedaudio-browser systembasedon semantic
partitioningwill work asfollows. First theuserprovidesthe
URL to the system,sayhttp://www.nytimes.com,via audio
or keyboard. After retrieving the front pageof New York
Timesin Figure1, thesystemperformsstructuralandseman-
tic analysison this Webpageto determinehomogeneous,se-
manticallyrelatedsegmentsin it. The resultis thesemantic
partitiontreeshown in Figure2.

<form id="home">
<field name="choice">

<prompt>
Alice, please choose one of these:

Headline News.
News.
Opinion.
Exit.

</prompt>
<grammar> Headline News|News|Opinion|..|Exit </grammar>
<filled>

<if cond="choice=='Headline News'">
<goto next="#headline_news"/>

<elseif cond="choice=='News'"/>
<goto next="#news"/>

<elseif cond="choice=='Opinion'"/>
<goto next="#opinion"/>

<elseif cond="choice=='Exit'"/><exit/>
</if>

</filled>
</field>

</form>

Figure4: Fragmentof a VoiceXML Dialog for Browsingthe
PartitionTreein Figure2

Next the audio-browsersystemautomaticallygeneratesa
speechdialog interface to the partitionedsegments. Such
a dialog can be createdusing the emerging standardof
VoiceXML [VoiceXML, 2003]. Part of a sampleVoiceXML
dialogfor thepartitiontreein Figure2 is shown in Figure4.
The <prompt> tag indicatesthat the VoiceXML browser
shouldplay backall of theenclosedtext in its scopeassyn-
thesizedspeech.A <field> tagis usedto indicateaninput
�eld. It signalstheVoiceXML browserto listenfor userinput
andinterpretit accordingto agrammarspeci�edin thescript.

Once this dialog interface is created,the user navigates
the partitionedsegmentson demand. Following the above
VoiceXML script, thesystemreadsout the labelsof thetop-
level partitions(`NEWS”, “OPINION”, ..., “HeadlineNews”,
..., etc.),pausingbrie�y aftereachitem to let theuserpick a
partitionby sayingthelabel. If theusersays“News”, thesys-
temreadsout thelabelandtypeof eachitem in the“NEWS”
partition (in this caseall the items are navigation links so
typeinformationmaybesummarizedatthebeginning).Once
again, theusercanpick any item by sayingthe label. If the
usersays“Business”,thesystemfollows this link to thebusi-
nesspage,semanticallypartitionstheresultingpage,andsets
it up for exploratorybrowsingwith audioagain. On theother
handtheusermaywish to listento theheadlinenews. In this



casetheuserwill askthesystemto exploretheheadlinenews
itemsoneby one.At any point theusercanalsosayany one
of asetof browsingcommands,suchas“Back”, “Start over”
(from thebeginningof thesegment),“Repeat”(last item) or
“Stop”.

The above dialog lets the user explore the pagedepth-
�rst. Alternatively, adialogcanbegeneratedfor breadth-�rst
browsing. The userwould tell the systemwhich top-level
itemsto keep(e.g., HeadlineNews andOpinion)andwhich
to drop. Thesystemwould thenlet theuserto exploreeach
selectedsectionseparately.

4 RelatedWork
Thereis a large body of work on discovering schemainfor-
mationfrom eitherXML documents[GoldmanandWidom,
1997; Nestorov et al., 1998; Garofalakis et al., 2000] or
XML queries[Papakonstantinouand Velikhov, 1999; Pa-
pakonstantinouandVianu,2000]. However, the problemof
recovering semanticstructuresfrom HTML documentshas
only beenexploredrecently.

In [Yang and Zhang,2001] Yang and Zhangproposeto
build semanticstructuresfrom HTML documentsby detect-
ing patternsandseparationboundaries.They view a HTML
documentasa sequenceof HTML tagsandtexts. Their pat-
tern discovery techniquerelies on a hand-codedsimilarity
function. Moreover, they do not considertheproblemof la-
belingapartition.

The work of Chunget al. [Chunget al., 2002] takesad-
vantageof treestructuresof HTML documentsto transform
theminto XML counterparts.Their approachmakesuseof
domainknowledgethat is hand-codedinto a conceptclassi-
�er to identify elementaryconceptsandgrouptheminto big-
ger, structuralconcepts. However, their techniquesdo not
fully explore layout regularity which is commonlyobserved
in template-drivenHTML documents.

Recentlythe proposalsof [Crescenziet al., 2001; Arasu
andGarcia-Molina,2003] addressthe issueof schemadis-
covery from a collectionof Webpages.Our problemdeparts
slightly from theirsbecausewe areconcernedwith schema
discovery from individualpages.

Finally, it is worth contrastingthe problem of schema
discovery for template-driven HTML documentsto the im-
portant,well-studiedproblemof wrapper-baseddataextrac-
tion [Hammeret al., 1997; Cohenet al., 2002; Liu et al.,
2000]. We shouldpoint out thatwrappersgeneratedomain-
speci�c queriableinterfaceto HTML documentswhich is or-
thogonalto theschemadiscoveryproblem.

5 Conclusion
In this paperwe proposedtechniquesbasedon structuraland
semanticanalysisto partition Web documentsinto seman-
tic structures.The ideaof semanticpartitioninghasimpor-
tant implication to other datamanagementproblems. Cur-
rentlyweareexploringadaptingour techniquesto suchprob-
lemsassemanticannotationof Webdocuments,buildingself-
repairingwrappers,andcreatingaudio-browsableWeb con-
tent.
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