On the Power of SemanticPartitioning of Web Documents

GuizhenYang Saikat Mukherjee
WenfangTan |.V. Ramakrishnan
Departmenbf ComputerScience

StateUniversity of New York at Story Brook

Story Brook,NY 11794-4400

f guizyang saikat,wtan,rang@cs.sugshedu

1 Intr oduction

A growing numberof Web sitesare maintainedby content
managemendgoftwareandthusa large numberof Webpages
aremachine-generateda templatesNormally in suchWeb
pagesghereis 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).
Obsernre 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 the news 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-
mary of the article (e.g., “PresidentBushportrayed..”). The
schemdor this fragmentof the New York Timesfront page
thereforeincludesthetaxonomy(which doesnotchangegand
thetemplatefor thenews article. We shouldpointoutthatthe
schemawill alsoincludeseveraladditionalelementgpertain-
ing to othercontentappearingn thepage.

Figurel: New York TimesFrontPage

Theimportantquestionthenis: Cantheimplicit schemain
template-driverHTML documentde madeexplicit? We for-
mulatethe problemof schemadiscovery from HTML docu-
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mentsasoneof discorering semanticstructuresn Webdoc-
umentsand partitioningthemaccordingly Our objective is

to take a HTML documenigeneratedy a templateand au-
tomatically partitionit into semanticallymeaningfulclusters
via structuralandsemanticanalysis.Eachpartitionwill con-
sistof itemsrelatedto a semantiaconcept.For example,Fig-

ure 2 is sucha tree correspondingo the New York Times
front pagein Figurel. Obsere in this gure thatthe head-
line news itemsareall groupedunderthe “Headline News”

category.

- NEWS I—— Headline News
— International - Bush Tells ...
[~ National — By...
I~ Washington [— President Bush ...
I~ Business — Text: ...
[~ Technology '— News Analysis ...
: -— Democrats say ...
I-— OPINION — By ...
[— Editorials/Op-Ed [— The Democrat ...

'— Reader's Opinions — Text: ...

FEATURES —|—_Israeli
I_— Arts b By ...

Figure2: ScreerShotof the SemantidPartition Treefor New
York TimesFrontPage

Semanticpartitioning hasseveral importantand powerful
implicationsin practice. First, it easeghe task of formu-
lating queriesto retrieve datafrom Web documents.In the
New York Timesexample,onecanposeaqueryto retrieve all
thelinks underthe “NEWS” item in the taxonomy Knowl-
edgeof theschemanadeexplicit via semantigartitioningis
the key to transforminglegacy HTML documentsnto more
semantics-orientedocumentformatssuchas XML [XML,
2003 andDAML [DAML, 200d. Yetanotherapplicationis
audio-bravsableWeb content. By putting a dialog interface
to the contentof a Web pagewhich is reoiganizedbasedon
theknowledgeof its schemaausercaneasilybrowseits con-
tentusingaudio.More generallya Websiteitself canbe nav-
igatedusingvoicecommandsAudio browsableWebcontent
cansigni cantly expandthereachof theWebto visually chal-
lengedindividuals. Finally semantigpartitioningcanenable
the creationof self-repairingwrappers,the technologythat
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Figure3: DOM Tree Fragmentof New York Times Front
Page

provides a database-li& interfaceto Web documents. The
restof this paperdescribesour approachto semanticparti-
tioning andits applications.

2 SemanticPartitioning

Hereinwe describetheideasunderlyingour approacho se-
manticpartitioningthatis carriedout througha combination
of structuralandsemantianalysis.

2.1 Structural Analysis

Structuralanalysisis basedon the obseration thatin well-
organizedHTML documentssemanticallyrelateditems, as
discernedn theirrenderediiews, exhibit spatiallocality. For
example, obsere that in Figure 1 all the taxonomicitems
suchas“NEWS”, “OPINION”", “FEATURES", etc.,andthe
correspondindiyperlinks underthem are all spatially clus-
teredtogether The sameobsenation holdsfor all the head-
line newsitems,theirassociateduthors andthe correspond-
ing text summary This organizationis particularly clear
in Web sites (especiallythose owned by portals, product
vendors,serviceproviders, etc.) that are maintainedusing
contentmanagemergoftwarewhich automaticallygenerates
Webpagedrom templates.

In mostWeb documentsspatiallocality canbe identi ed
by looking for similaritiesin the path structuresof 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 Figurel, which
consistof tag namesandtheir associateéttributes(seeFig-
ure3), areall identical:tr td table tr td a fontg (here
f ont tagswith differentsubscriptglenotef ont tagswith dif-
ferentattribute valuessuchassize, color, etc.). The content
catgoriesin the taxonomysuchas“NEWS”, “OPINION”,
and“FEATURES" alsohave similar pathstructures.

If relateditemsin a Web pageexhibit spatiallocality, we
can nd structurallysimilar Web pageelementsby looking
for patternsn theoccurrencesf pathstringsof theleafnodes

in a DOM (sub)tree. For instance,let us denotethe path
stringtr td table tr td img from Figure3 usingTy,
andtr td table tr td a fontgusingT,. The sub-
treerootedat table (shovn circled) in Figure 3 hasthe fol-

lowing string: T1ToTo::: T1ToTo:::. The problemof spa-
tial locality discovery canthenbe reducedo the problemof
sequentialpatternanalysis. For instance,T; T, (here de-
notesKleeneclosure)is a sequentiapatternthat canbe ob-
sened from the string T ToTo 1 T1ToTo ik, in which Ty

represents taxonomicitem suchas“NEWS”, “OPINION”,

etc. andT, representshe collectionof hyperlinks, suchas
“International”, “National”, etc. Similarly, we can obtain
thestring, T3 T4 TsTeTe T3 T4 Ts T, andthesequentiapattern,
T3T4TsTg, from the subtreerootedat td (shavn circled)in

Figure3. (HereTs; T4; Ts; Tg denotethethepathstringscon-
tainingf onty; f onty; f onts; f onty, respectiely.)

Sequentiapatterndiscovery canbe performedrecursvely
bottom-upstartingfrom the leavesof the DOM treeof aWeb
page.Nearleafpatternsorrespondo smallpartitions.Small
partitions can be aggreatedinto bigger partitionsfor Web
pageswith rich contentsuchas Yahoo. The algorithmicde-
tails of structuralanalysiss providedbelow.

2.2 Algorithms

To transformthe DOM treeof aHTML documeninto atree-
like semanticstructure we simply invoke the top-level algo-
rithm PartitionT ree on the root of the given DOM tree.
This algorithm rst traversesthe DOM tree top-dovn and
thenrestructuret bottom-up.

Algorithm PartitionTreef)
input
n : anodein aDOM tree
begin
if n is aleafnodethen
n:ity pe =thesequencef HTML tagsfrom therootto n
elseif n hasonly onechild nodec then
PartitionTree€)
Replacen with c andremove n from theDOM tree.
else
for eachchild nodex of n do PartitionTreef ) endfor
FindPartition(n)
endif
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In our datastructure,eachnodeof the tree hasan addi-
tional attribute, ty pe, which storesthe type assignedo this
node. This attribute basicallyencodeghe summaryof struc-
turalrecurrenceliscoveredfor thesubtreeootedatthisnode.
Wewill usethenotationn:ty peto representhety peattribute
of anoden.

In Line 2 of the algorithm PartitionT ree all the leaf
nodesaretyped. Internalnodeswith only onechild arehan-
dled in Lines 4-5. In sucha case,the type of this only
child nodeis computedand then simply propagtedup the
tree. However, for aninternalnodewith multiple children,
we rst invoke PartitionT reeon all of its childrento col-
lect their type information (Line 6). Then the algorithm
FindP artition is invoked uponthis nodeto performa pat-
terndiscovery onits childrennodeg(Line 7).



Algorithm FindPRartition(n)
input
n : aninternalnodein aDOM tree
egin
S =thesequencef all thechild nodesof n
for eachnodec in S do
if c:f latten =tr ue then
Replacec with the sequencef all thechild nodesof c.
endif
endfor

NoupwnNRT

8. do

9. Collapseadjacennodesin S which sharethe sametype.
10. = MaximalRepeatingSubstringfjpeStrS))

11. if 6 "then = endif

12. ifj j> 1lthen

13. for eachsubstring in S suchthatTypeStr()= do
14. Replace with NewNode( ,seq( )).

15. endfor

16. endif

17. whilej j> 1

18.if = " then

19. n:f latten = true

20. else

21. PartitonSinto o 1:::
22. foreach ; do

m , WhereTypeStr( )= .

23. Replace ; with NewNode( i, NewType( )).
24.  endfor

25. nity pe =NewType( )

26. endif

27. Makethenodesn S thenew childrenof n.
end

The algorithm FindP artition takesaninternalnode,n,
asinput. Its mainfunctionis to discover structurallysimilar
itemsamongall the childrenof n andrestructurghe subtree
rootedat n accordingly Becauseour algorithmclimbsup a
DOM tree from leaf nodesto the root, structuralsimilarity
may not be obsered until it reachesa node high enough.
Therefore,we associatea booleanattribute, f latten, with
eachnodeto signalwhethera structuralsimilarity patternhas
beendiscoveredat this node. The value of this attribute is
initialized to f alse for eachnode. However, if a pattern(or
type)is not found at a node,thenits f latten attributeis set
to tr ue (Line 19).

In Lines 1-6, all the child nodesof n arecollectedinto a
sequencewhichwill be partitionedinto semanticallyrelated
itemslaterif they sharestructuralsimilarity. But if we en-
counteranode,c, whosef |atten attribute hasthevaluetr ue
(which meansa patternis not found at this node), thenwe
move all the child nodesof c into this sequencédor further
processing.

Note that whenthe algorithmF indP artition is invoked
on anode,all of its descendamodesarealreadytyped. In-
tuitively, sincethe type of a nodesummarizeghe structure
of thesubtreerootedatthatnode,analysisof the sequencef
sibling typesis essentiafor structuralsimilarity patterndis-
covery, whichis donein two stagesy our algorithm.

Inthe rst stageconsecutie nodeshaving equivalenttypes
arecollapsednto asinglenode(Line 9). Theintuition behind
thisis thatthey all relateto the sameitem. Next, in Line 10,
an attemptis madeto nd a maximalrepeatingsubstringof
the string correspondingo thetype sequencef S (returned
by TypeStr (S)).

If sucha substringdoesnot exist (henceno structuralsim-
ilarity), thentheloopin Lines8-17is exited andthef latten
attributeof thecurrentnodeis setto tr ue (Line 19). However,
if a maximalrepeatingsubstring, , is foundand contains

atleasttwo elementgj j > 1), thenthesequencef consec-
utive nodeswhosetype sequencenatches is megedinto
anew nodecreatedby the procedureN ewN ode (Lines 12—
16). The rst agumentof N ewN ode containsthe sequence
of nodesto be meigedwhile the secondargumentindicates
the type of this new node. The above collapsing-pattern-
discovering-meging processis repeateduntil it cannotbe
performedary more.

In themain partof thesecondstage(Lines21-25) thelast
patterndiscoveredduringthe rst stagds usedo partitionthe
remainingsequencef nodedurther Thisis asimpleheuris-
tic thatwe applyto handlevariationsin documentstructures
(e.g,, missingdataitems). Note thatif containsonly one
type,thenN ewType( ) returns directly; otherwise,it re-
turnsthecompoundypeseq ).

Now we illustrate the working stepsof the algorithm
FindP artition usingan example. For simplicity, we will
just shav how it manipulatesa sequenceof types and
omit other details. Supposethe type sequenceof S is
TiToT3ToT3T4T1ToT3Ts immediatelybeforethe algorithm
executegheloopstartingatLine 8. T, T3 isamaximalrepeat-
ing substring.Let ususeanew type T to denotese((ToT3).
Thenafterthe rst iterationof theloop, thetypesequencéee-
comesT 1 TgTgT4T1 TgTs. The rst two occurrencesf Tg can
be collapsednto one,resultingin T;TgT4T1 T Ts, in which
T1Ts is amaximalrepeatingsubstring.Again, we usea new
type T, to represense(T,T6). So after the seconditera-
tion the type sequencdecomesT; T, T; Ts andtheloop ter
minates It is nothardto seethatthe rst T, andthefollowing
T4 will beputinto onepartitionandtherestinto anothempar
tition. T7 is thetypeassignedo thecurrentnode.

The algorithmsP artitionT ree and FindP artition are
illustratedusingthe DOM tree fragmentshavn in Figure 3.
Let usconsiderthe subtreerootedat the nodetd (shown cir-
cled) spanningthe leaf nodesfrom “Bush..” to “Text....
The type of the “Bush..” leaf node, denotedby Ty, is
tr td tr td a font; strong. Obserethattheleafnode
“Democrats.”. hasthe sametype T;. Sowe canassignthe
typesTy; To; Ts; Ta; Ta; T1; To; Ta; T4 to theleaf nodesfrom
“Bush..” to “Text..”, respectiely. Obsenre thatall thesdeaf
nodesaretheonly child of theirparentnode.As aresult,their
ancestonodesaredeletedLines4-5o0f PartitionT re€) un-
til they are propagtedup the subtreeand becomesiblings
underthenearestd node.

Now the algorithmF indP artition is invoked on the se-
quenceof typesT1 ToTaT4T4T1 ToT3T4. First, the two con-
secutve occurrenceof T, are collapsedtogether(Line 9
of FindP artition ).  The resulting type sequenceis
T1ToT3TaT1ToT3 T4, in which T1T>T3T,4 is a maximal re-
peatingsubstring. So the original sequencef nodesis par
titioned into two parts, each correspondingo the pattern
T1ToT3T4. Thetype assignedo thetd node(nearesto the
“Bush..” leafnode)is seT1ToT3T4).

2.3 SemanticAnalysis

Partitioning . The content and structure of template-
generatedVebpageswill still varydueto, e.g., updatego the
baclenddatabasethatareusecdto populatehetemplatesand
slight variationsin presentatiorstyles. Therefore,a purely



structuralanalysiswill not always generaté‘correct” parti-

tions. However, structuralanalysiscanbe combinedwith se-
manticanalysisto producehigh quality partitions.For exam-

ple, to determinewhethertwo segmentsof text arerelated,
we useWordNet to identify semantically-relatedounsthey

may share. The notion of semanticrelatednesss derived

from the differenttypesof relationshipsound in WordNet,

like synoryms, hyperryms, etc. Thesesortsof simpleheuris-
ticscanwork well onnewvsandconsumeproductWebpages.
Theoutputof thesemanti@analysismoduleis providedto the

structuralanalysismoduleto provide additional constraints
duringthepartitionprocess.

Labeling.  The PartitionT ree algorithm transformsa

HTML documeninto atreeof partitions.However, in order
to derive a schemafrom the partition treeit is necessaryo

summarizeéhe contentof the partitions.A succinctsummary
of a partitionis known asthe label of the partition. We have

useda combinationof heuristicsbasedon structuralanalysis
anddomainknowledgeto labelpartitions.

Very oftenit is the casethatthelabelsof leaf partitions(in
the partitiontree)areusuallyprovided by Web site designers
in the pageitself. In suchcircumstancesthe nodecontain-
ing thelabel, having type T, is followed by multiple sibling
nodeseachhaving the sametype T, which is differentfrom
T1. Thisis illustratedin the circledtext in theleft-handside
menuin Figure 1, wherethe node“NEWS”, with type Ty,
is followed by the sibling nodes‘International”, “National”,
“Washington”,etc. eachhaving thetype T,. In sucha case,
thecontentof the rst nodeis madethelabelof theentirepar
tition. Thisresultsin thelabeledpartition“NEWS” asshavn
in Figure2.

Even thoughthe above heuristic performswell in prac-
tice, it is not a generaltechniqueto label arbitraryleaf par
titions. Moreover, the heuristiccannotbe appliedto label
internalpartitionsin the partitiontree.In generalsuchlabels
will bevery hardto obtainwithout leveragingsomedomain
knowledge,commonlyreferredto asontolagies Informally
an ontology describeconceptsalongwith their featuresor
attributes, in a domainof interest. Typically, the ontology
capturesa hierarchicalparent-childrelationshipbetweerthe
concepts. Given sucha representatiomf a domainknowl-
edge the labelingproblemis essentiallyeducedo classify-
ing a partitionto anappropriateconceptin the ontology An
internal partition is classi ed to the leastcommonancestor
conceptof the conceptgo which its childrenpartitionshave
beenclassi ed. Thus,labelingis a 3-stepprocesswvhereby:
(i) thedomainontologyhasto beengineeredjii) aclassi er
for every concepthasto be generated; and (iii) the “best”
concepffor every partitionis discoreredusingthe classi ers
andthetaxonomyof concepts.

Recentlytherehasbeena lot of work on engineeringdo-
main ontologies[DAML, 200d. In principle, our labeling
techniquecanbe usedwith any domainontologywhich has
beenenrichedwith conceptclassi ers. For our work, we
have usedthe humaneditedtaxonomyof the Open Direc-
tory Project asour referenceontology Theuseof the Open

http://www.cogsci.princeton.edu/ wn/
2http://www.dmoz.og

DirectoryProjectontologyfacilitatesautomatiayeneratiorof
conceptlassi ers,asdescribedelow.

We usea combinationof rules and statisticalanalysisas
the concepfclassi er. Therulesrepresenstructuralfeatures
of the particularconcept. For example,in a News ontology
the concept‘Headline News” canbe structurallycharacter
ized by a setof itemswhereeachitem is characterizedby a
hyperlink, keywords for recognizingnews sources(suchas
AP, Reuters,By, From, etc.), patternsfor recognizingdate
andtime whenthe news item was led, andfeaturesasso-
ciatedwith news summariessuchas constraintson the text
length. Using this rule, we were ableto label the partitions
correspondingo the circled texts in the centralcolumn of
Figure 1 as“HeadlineNews”. The labeledpartition “Head-
line News” is shavn in Figure2.

While rulesareexpressie, statisticalfeaturesareeasiero
generatdor a concept. As such,we train a statisticalclas-
si er, in particulara Naive Bayesclassi er [Mitchell, 1997,
for every concepin theontology Associatedvith everycon-
ceptin the OpenDirectory Projectontologyis a setof Web
pageswhich have beenmanuallyclassi ed as pertainingto
thatconcept.Thebagof wordscontainedn thesepagescan
beusedotrainaNaive Bayesclassi erfor thatconceptNote
thattrainingsuchaconceptlassi eris completelyautomatic
dueto the existing corpusof associateghagesfor that con-
cept. Moreover, the high precisionof humanediting in the
OpenDirectoryProjectresultsin fairly accurateeonceptlas-
siers.

3 Applications of SemanticPartitioning

Severalimportantapplicationaareenabledby semantigarti-
tioning. Hereinwe brie y sketchafew of them.

3.1 SemanticAnnotations of Web Documents

The objective of the SemanticWeb [The SemanticWeb,
200 is to de ne andsharemachineprocessabldatawhich
will enablea variety of automatedasksrangingfrom infor-
mationsearchto dataintegrationto Web services.Thetech-
niguesfor semanticpartitioning proposedn this papercan
sene as a useful technologyfor transformingunstructured
HTML documentsinto structureddatathatis amenableto
machineprocessinguchasqueryingandreasoning.Specif-
ically the transformeddocumentwill be annotatedvith se-
manticinformation derived by the semanticpartitioning al-
gorithm. Figurel is anexampleof suchatransformediocu-
ment. Theseannotationganbefurtheralignedwith the stan-
dardvocahulary of a speci ¢ ontologydomainandpresented
asRDF document$RDF, 2003 usingmachindearningtech-
niques|Doanetal., 2003.

3.2 Self-Repairing Wrappers

Wrappes are programghat provide database-lig interfaces
to Web sources[Adelbeg, 1998; Ashish and Knoblock,
1997; Hammeret al., 1997; Perlowitz et al., 1997; Atzeni
and Mecca, 1997. Techniquesfor programmatic,semi-
and fully- automatedwvrapperconstructionhasbeenexten-
sively researche@dndwrapperbasedtools have beendevel-
oped[Crescenzit al., 2001; Sahuguetind Azavant, 1999;



Baumgrtneret al., 2001; Liu et al., 2000; Kushmericket
al., 1997;Chidlovskii, 2001;Musleaetal., 1999;Ashishand
Knoblock, 1997; Cohenet al., 2002; Hsu and Dung, 1999.

Fully andsemi-automatedpproachefor constructingnvrap-
persaretypically basedon theideaof learningfromlabeled
examples To build a wrapperexamplesof dataof interest
arelabeled. Fromtheseexamples the systemlearnsextrac-
tion expressiongsuchasregularexpressionsysingsyntactic
cues,suchasHTML tags,andkeyword stringsin the pages.
Extracting data of interestfrom Web sites amountsto ap-
plying theseexpressionsat the appropriatdocationsin Web
pages.

A critical problem confronting wrapper technology is
changesn Web pages.Frequently Web siteschangeto ac-
commodatenew presentatiorformats,services,and content
offerings. Suchchangesan cause*brittleness”in dataex-
tractorstherebycausingwrappergo fail. For example,if the
headlinenewsin New York Times's front pagebecome&m-
beddedwithin a list structureinsteadof a tableasshavn in
Figure3 thenthe extractionexpressionearnedwith thetable
structurewill fail to locatethe news items. This raisesthe
importantquestionof whetherit is possibleto build resilient
wrappersthat can automaticallyadaptto structuralchanges
in Webpages.

In a previous work we had attacled this problemfrom a
syntacticviewpoint[Davulcu etal., 2004. A truly robustso-
lution, however, will requiresemanticknowledgeof the con-
tentin aWebpage.Thesemantigartitioningideasdescribed
in this papercanform the foundationfor sucha solution. To
understandheideaatahighlevel, let usexaminehow a self-
repairingwrappethasedn semantigartitioning,will handle
the changen New York Times's front pagethat makeseach
news item occurasa list insteadof a tableelement.The old
extraction expressionmatchingthe circled td (in Figure 3)
nodewill fail to correctlyidentify the subtreecontainingall
thenews items,sothe systemwill re-partitionthe Webpage.
If it nds apartitionin there-partitionecpbagelabeled'Head-
line News” thenit will onceagain generatehe extractionex-
pressionsappropriatefor the elementsin this partition and
updatethe informationthatit maintainsfor extractionruns.
Thus semanticpartitioning can contritute to making wrap-
persself-repairing.

For this self-repaimprocesso work thewrappemwill haveto
includethelabelsof the partitionsthatcontainthe dataitems
markedfor extraction.Recallthatourlabelingprocedurecan
be enrichedby usinganontology In suchacasewe will also
recordin the wrapperthe nodein the ontologyto which the
partitionis mapped. Self-repairingwrappersis a topic that
hasreceved little attentionin the literature. The approach
basedn semantigartitioningseemsjuite promising.

3.3 Creating Audio-BrowsableWeb Content

Theprimarymodeof interactionwith theWebis via browsers
that are designedfor visual modesof interaction. This de-
niesaccesgo anentirecommunityof userswho suffer from
visual disabilities. Semantigoartitioningcanleadto the cre-
ationof a new generatiorof technologieghatwill empaver
visuallyimpairedindividualsto accessindnavigateWebsites
usingnon-visuaimodalities suchasvoicecommandsndau-

dio output. A uniqueaspecbf suchtechnologiesvill bethat
it will enableaudio-based@xploratory browsingof Web con-
tentin a structuredandef cient way, and moreimportantly
the audio-bravsablecontentwill not dependon specialcon-
tentproviders.

An ervisioned audio-bravser systembasedon semantic
partitioningwill work asfollows. Firstthe userprovidesthe
URL to the system,say http://www.nytimes.comvia audio
or keyboard. After retrieving the front pageof New York
Timesin Figurel, thesystenmperformsstructuralandseman-
tic analysison this Web pageto determinenomogeneouse-
manticallyrelatedsegmentsin it. The resultis the semantic
partitiontreeshavn in Figure?2.

<form id="home">
<field name="choice">
<prompt>
Alice, choose one of these:

News.

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

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

<elseif cond="choice=="Opinion"/>

News|News|Opinion|..|Exit </grammar>

News™">

<goto next="#opinion"/>

<elseif ~ cond="choice=="Exit"/><exit/>
<[if>

</ffilled>

</field>

</form>

Figure4: Fragmenbf a VoiceXML Dialog for Browsingthe
Partition Treein Figure2

Next the audio-bravser systemautomaticallygenerates
speechdialog interface to the partitionedsggments. Such
a dialog can be createdusing the emeging standardof
VoiceXML [VoiceXML, 2003. Part of a sampleVoice XML
dialogfor the partitiontreein Figure2 is shovn in Figure4.
The <prompt> tag indicatesthat the VoiceXML browser
shouldplay backall of the enclosedext in its scopeassyn-
thesizedspeechA <field> tagis usedto indicateaninput
eld. It signalstheVoiceXML browserto listenfor userinput
andinterpretit accordingo agrammarspeci edin thescript.

Oncethis dialog interfaceis created,the user navigates
the partitionedseggmentson demand. Following the above
VoiceXML script, the systemreadsout the labelsof the top-
level partitions( NEWS”, “OPINION”, ..., “HeadlineNews",
..., etc.),pausingbrie y aftereachitemto let theuserpick a
partitionby sayingthelabel. If theusersays‘News”, thesys-
temreadsout thelabelandtype of eachitemin the“NEWS”
partition (in this caseall the items are navigation links so
typeinformationmaybesummarizectthebeginning). Once
aaain, the usercanpick ary item by sayingthelabel. If the
usersays‘Business” the systenfollows thislink to the busi-
nesage semanticallypartitionstheresultingpage andsets
it up for exploratorybrowsingwith audioagain. Ontheother
handthe usermaywishto listento the headlinenews. In this



casetheuserwill askthesystenmto exploretheheadlinenews
itemsoneby one. At ary pointtheusercanalsosayary one
of asetof browvsingcommandssuchas“Back”, “Start over”
(from the beginning of the sgment),“Repeat”(lastitem) or
“Stop”.

The above dialog lets the user explore the page depth-
rst. Alternatively, adialogcanbegeneratedor breadth- rst
browsing. The userwould tell the systemwhich top-level
itemsto keep(e.g., HeadlineNews and Opinion) andwhich
to drop. The systemwould thenlet the userto explore each
selectedsectionseparately

4 RelatedWork

Thereis alarge body of work on discovering schemainfor-
mationfrom either XML documentdGoldmanandWidom,
1997; Nestorw et al., 1998; Garofilakis et al., 2000 or
XML queries[Papalonstantinouand Velikhov, 1999; Pa-
pakonstantinotand Vianu, 200q. However, the problemof
recovering semanticstructuresirom HTML documentshas
only beenexploredrecently

In [Yangand Zhang, 2001 Yang and Zhang proposeto
build semanticstructuresrom HTML documentsdy detect-
ing patternsandseparatiorboundaries.They view a HTML
documentasa sequencef HTML tagsandtexts. Their pat-
tern discovery techniquerelies on a hand-codedsimilarity
function. Moreover, they do not considerthe problemof la-
belinga partition.

The work of Chunget al. [Chunget al., 2007 takes ad-
vantageof treestructuresof HTML documentgo transform
theminto XML counterparts.Their approachmakes useof
domainknowledgethatis hand-codednto a conceptclassi-
er to identify elementaryconceptsandgrouptheminto big-
ger, structuralconcepts. However, their techniquesdo not
fully explore layoutregularity which is commonlyobsened
in template-divenHTML documents.

Recentlythe proposalsof [Crescenziet al., 2001; Arasu
and Garcia-Molina, 2003 addresghe issueof schemadis-
covery from a collectionof Web pages.Our problemdeparts
slightly from theirs becauseve are concernedvith schema
discovery from individual pages.

Finally, it is worth contrastingthe problem of schema
discovery for template-diven HTML documentdo the im-
portant,well-studiedproblemof wrapperbaseddataextrac-
tion [Hammeret al., 1997; Cohenet al., 2002; Liu et al.,
2004. We shouldpoint out thatwrappersgeneratedomain-
speci ¢ queriableinterfaceto HTML documentsvhichis or-
thogonaitto the schemaliscovery problem.

5 Conclusion

In this paperwe proposedechniquedaseddn structuraland
semanticanalysisto partition Web documentsnto seman-
tic structures.The ideaof semanticpartitioning hasimpor-
tant implication to other datamanagemenproblems. Cur-
rently we areexploring adaptingourtechniqueso suchprob-
lemsassemanti@nnotatiorof Webdocumentshuilding self-
repairingwrappersand creatingaudio-bravsableWeb con-
tent.
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