
HearSay: Enabling Audio Browsing on Hyper text Content

I. V. Ramakrishnan
Department of Computer

Science
Stony Brook University

Stony Brook, NY 11794­4400

ram@cs.stonybrook.edu

Amanda Stent
Department of Computer

Science
Stony Brook University

Stony Brook, NY 11794­4400

stent@cs.stonybrook.edu

Guizhen Yang
Department of Computer
Science and Engineering

University at Buffalo
Buffalo, NY 14260­2000

gzyang@cse.buffalo.edu

ABSTRACT
In this paperwe presentHearSay, a systemfor browsing hyper-
text Web documentsvia audio. The HearSaysystemis basedon
ournovel approachto automaticallycreatingaudiobrowsablecon-
tent from hypertext Web documents. It combinestwo key tech-
nologies: (1) automaticpartitioning of Web documentsthrough
tightly coupledstructuralandsemanticanalysis,which transforms
raw HTML documentsinto semanticstructuresso asto facilitate
audiobrowsing; and(2) VoiceXML, analreadystandardizedtech-
nology which we adopt to representvoice dialogsautomatically
createdfrom theXML outputof partitioning.This paperdescribes
thesoftwarecomponentsof HearSayandpresentsaninitial system
evaluation.

Categoriesand SubjectDescriptors
D.2.11 [Software Engineering]: Software Architectures;H.4.3
[Inf ormation SystemsApplications]: CommunicationsApplica-
tions—informationbrowsers

GeneralTerms
Algorithms,Design,Experimentation

Keywords
WorldWideWeb,HTML, VoiceXML, structuralanalysis,semantic
analysis,audiobrowser, userinterface

1. INTRODUCTION
As the World Wide Web hasmatured,an enormousamountof

information,rangingfrom news to entertainmentto scienti�c dis-
coveries,hasbeenmadereadily accessibleto the generalpublic.
RecentlyGoogleannouncedthat its searchenginehasindexed4.3
billion Webpages.Furthermore,it is estimatedthattheWebis still
constantlygrowingatarapidpace,doublingin sizeevery8 months.
However, mostWebdocumentsaredesignedprimarily for graphi-
caldisplayandinteraction.Thismeansthatindividualswith visual
disabilitiesand/orhighly mobile individualshave reducedaccess
to themany resourcestheWebprovides.

Creatingaudio browsableWeb contenthasbecomethe focus
of intensive researchefforts by industrial enterprises(e.g., IBM,
AT&T, Microsoft) andstandardizationorganizations(e.g., W3C).
New markup languages,such as VoiceXML [4] and SALT [3],
andnew voicebrowsersystems,suchasIBM' s WebSphereVoice
Server andLucentTechnologies'MiLife VoiceXML Gateway, are
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emerging to facilitatethecreation,publishing,andexchangeof au-
dio browsableWebcontent.

However, adaptingto voice browser technologystill remainsa
signi�cant burdenfor many Webcontentproviders.In orderto de-
liver their contentto differentbrowserswith different visual and
audiomodalities,Webcontentprovidershaveto designandencode
theirWebcontentin differentformsusingvariousstandardmarkup
languagessuchasHTML, VoiceXML, andWML [5] — a tremen-
dousdevelopmentand maintenanceoverhead. Suchdiversity in
contentformatshasbecomean obstacleto the wide adoptionof
voicebrowsertechnologyby Webcontentproviders.

Although voice browsersthat can readHTML documentsex-
ist (e.g., [2]), they do not adequatelyconvey to usersthe logical
structureandsemanticsof contentin Webdocuments,nor do they
provide userswith easywaysto selectwhich partsof a document
to listen to. Consequently, userswho arevisually disabledand/or
mobilewasteaconsiderableamountof timeandattentionlistening
to irrelevantinformation.

Our goal is to develop intelligent systemsthat canenablepeo-
ple to interactdirectly, quickly, andeasilywith Webcontentusing
non-visualmodalities,primarily audio. In this paperwe present
the HearSaysystem,a prototypeaudioWeb browserwe have de-
veloped.HearSayis basedon a novel technology, partitioning, for
structuraland semanticanalysisof HTML documents.HearSay
is completelyspeechdriven. It supportsinteractive exploratory
browsing, presentinginformationaboutanHTML document's log-
ical structureandcontentandpermittingusersto selectwhichparts
of the documentto listen to andwhento navigateto a new page.
Thekey ideasunderlyingthissystemare:

1. Novel structuralanalysistechniquesthat leveragethestruc-
turalannotationsof HTML documentsto partitionWebcon-
tent into semanticunits, which areorganizedandthenpre-
sentedto usersasaconcepthierarchy (or partition tree). We
have alsodevelopedef�cient heuristicsto identify semantic
labelsfor nodesin thepartitiontree.

2. Novel semanticanalysistechniquesthat aretightly coupled
with structuralanalysis.We uselexical associationsderived
fromWordNet,combinedwith ontologies,tomoreaccurately
separatesemanticunits and to assigninformative labelsto
partitions.In addition,wehave proposedeffective heuristics
to propagatesemanticassociationsbasedon structuralcues
in HTML documents,further improving theperformanceof
our techniques.

3. Template-basedautomaticVoiceXML dialogcreationusing
partitiontrees.This permitson-the-�y generationof dialogs
for ef�cient, user-directedinteractive audio browsing. An



initial evaluationof thissystemhasbeenconductedtodemon-
strateits utility for real-lifebrowsingtasksandidentify areas
for furtherimprovement.

The restof this paperis organizedasfollows. In Section2 we
discussrelatedwork. A usescenarioof theHearSaysystemis pre-
sentedin Section3. Section4 presentsthe softwarearchitecture
of HearSayandgivesan overview of our novel partitioningalgo-
rithms. In Section5 we describean initial systemevaluation. We
concludein Section6.

2. RELATED WORK

2.1 Audio Browsers
The issueof promotingWeb accessibilityfor personswith vi-

sualdisabilitieshasbecomeincreasinglyprominent.In 1997,W3C
launchedthe Web Accessibility Initiative (WAI) [26] to promote
thedevelopmentof browserstandardsandguidelines(e.g., HTML
authoringguidelinesand authoringtool guidelines)to make the
Webmoreaccessibleto individualswith visualdisabilities.Similar
initiativeshave beendevelopedby industry:examplesincludeMi-
crosoft'saccessibilityinitiative[29], IBM' sSpecialNeedsSystems
program[25], andSunMicrosystem'sJavaaccessibilityAPI [32].

Several studieshave highlightedthe ineffectivenessof existing
screenreadersfor Webbrowsingtasks[13, 19]. As aresult,several
specializedWebaudiobrowsershavebeendeveloped[31, 27]. For
example,the JAWS [1] systemandIBM' s HomePageReader[8,
7, 30] allow navigation via hyperlinks. The BrookesTalk system
usesNLP-basedtext abstractingandsummarizationtechniquesto
facilitateaudiobrowsing of the Web [38]. Othersystemspermit
VoiceXML browsingof Webpages[2].

HearSayis different from thesesystemsin both scopeandap-
proach. In particular, HearSayperformsstructuraland semantic
analysisof HTML documentsandautomaticallycreatesVoiceXML
dialogsfromthepartitiontreesit discovers,facilitatingaudiobrows-
ing without informationoverload.HearSaytakesacomprehensive,
content-basedapproachtoaudioWebbrowsing,givinggreater�e x-
ibility andusabilitywithoutsacri�cing performance.

Finally, we shouldpoint out that HearSaywill bene�t not only
peoplewith visualdisabilitiesbut usersof small-formdevicessuch
asPDAs aswell.

2.2 WebPageAnalysis
The idea of analyzingWeb documentsin order to make them

amenablefor browsingby personswith visualdisabilitieswasex-
plored in [33]. In this work, partsof HTML documentsdeemed
“interesting” are marked by hand. The XPathsto theseselected
blocks are storedin a repository. When the site server receives
a requestfor a document,the storedXPathsarematchedagainst
its correspondingDOM treeto extract the“interesting”blocks. In
this approach,if the documentorganizationchangesthe annota-
tion mustbe redone.Otherresearchershave proposedthe ideaof
extracting“interesting”contentusingsemantics[24]. Theproblem
with theseapproachesis thattheidenti�cation of “interesting”con-
tent is doneby hand(andsotakestime andis not easilyscalable),
andis site-speci�c(andsonotgeneralizable).

A signi�cant amountof researchhasbeendonerecentlyon the
topic of segmentingWeb documents[15, 16, 14, 10, 11, 36, 37].
Our technologydiffers from thesetechniquesin threeimportant
ways.First, thesetechniquesareeitherdomain-speci�c[15, 14] or
dependonadhocinterpretationof a�x edsetof HTML markups[16,
11, 36, 37, 10]. Our partitioningtechniquescanbeappliedto any
domain. Second,for thesetechniquesto be robust, a substantial

amountof humaneffort hasto be spenton tuning systemparam-
eters(manually-codedontologies[15, 14] or hard-wiredthreshold
values[16, 11, 36]) for speci�c domains.Our structuralanalysis
techniquesarefully automatedanddomain-independent,while the
domain-dependentpart— semanticanalysis,andin particular, la-
belingof partitions— canbeautomatedby trainingclassi�ersand
mining ontologiesfrom the Web (seeSection6 for future work).
Finally, theproblemof assigningsemanticlabelsto partitionswas
notaddressedin [36, 37].

Someinterestingrecentresearchhasfocusedon enrichingWeb
documentswith semanticlabels[23, 21, 22, 12]. In [23, 21, 22]
powerful ontologymanagementsystemsform thebackboneof sys-
temsthatsupportinteractiveannotationof HTML documents.This
is in contrastto our approachwhereannotationis automatic. An-
otherautomaticapproachto Webdocumentannotationis described
in [12]. However, the techniquesproposedin [12] do not make
useof the structuralmarkupsof Web documents.Consequently,
their partitioningalgorithmmayfail on content-richHTML docu-
mentscontainingmultipleconceptsandmultipleconceptinstances
for eachconcept.

In summary, our approachto partitioningand labelingof Web
pagesusestightly coupled,automaticstructuralandsemanticanal-
ysis techniquesto obtain concepthierarchies(or partition trees)
from HTML documents.

3. A USESCENARIO
In this sectionwe will illustrate the intendeduseof HearSay.

SupposeAlice is ablind studentwhois takingaclassoncurrentaf-
fairs.SheoftenbrowsesnewspaperWebsitesduringhercommute

Figure1: NewYork TimesFront Page



<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>

Figure2: VoiceXML Dialog for NewYork TimesFront Page

in orderto preparefor in-classdiscussions.Todayshebrowsesthe
Web site of the New York Times (http://nytimes.com) using her
cell phone. Alice choosesto useHearSay's voice interface. First
shespeaksthe URL to HearSay. After retrieving the New York
Timesfront page(seeFigure1), HearSayperformsstructuraland
semanticanalysison this Web pageto determinesemanticallyre-
latedunits in it. Theresultis a semanticpartitiontreeasshown in
Figure3.

Headline News

Editorials/Op-Ed

Reader's Opinions

Arts

International

Business

Technology

National

Washington

NEWS

OPINION

FEATURES

By ...

By ...

By ...

The decision ...

Text: Supreme ...

Complete ...

Among Saudis ...

The bombing ...

Suspects ...

Iraqi Tribes ...

Justices to ...

Figure3: SemanticPartition Treefor Figure1

Eachitem in a semanticpartition hasa label and a type (e.g.,
navigation link, text, form element). For instance,all the items
under the partition labeled“NEWS” in Figure 3 are thoselinks
underthe “NEWS” category in the news taxonomyof New York
Times(upperleft cornerin Figure1). Similarly, all the items in
thepartitionlabeled“HeadlineNews” aretheheadlinenews items
in the New York Times front page(centerportion of Figure 1).
Examplesof suchitemsareshown in Figure3.

HearSayalsoautomaticallygeneratesa speechdialog interface
to the semanticpartition tree. Part of a sampleVoiceXML dialog
for thepartitiontreein Figure3 is shown in Figure2. Alice cannow
browsethis siteusingaudio. HearSayreadsout the labelsof top-
level partitions(“NEWS”, “OPINION”, ..., “HeadlineNews”, ...,
etc.),pausingbrie�y aftereachitem unlessAlice choosesto speed
the systemup. Alice canpick an item at any time, by sayingthe
labelor thepartitionnumber. If Alice says“News” (or “Item 1”),
HearSayreadsout the labelandtypeof eachitem in the“NEWS”
partition, including the fact thatall the itemsit containsarelinks,
andthenameof eachlink. If Alice says“Business”,HearSaywill
follow this link to thebusinesssectionof theNew York Times(Fig-
ure 4) andpartition the resultingdocumentasshown in Figure5

whereAlice canselectan article to listen to. At any point Alice
canalsosayany oneof asetof browsingcommands,suchas“Start
over”, “Repeat”or “Stop”.

Figure4: NewYork TimesBusinessPage

International

Business

Media&Advertising

World Business

Your Money

Markets

Business News

Technology

National

Washington

NEWS

Tax Cut ...

By ...

Bush's nominee ...

Tenants ...

By ...

By ...

Some companies ...

Chart: ...

As downtown ...

Figure5: SemanticPartition Treefor Figure4

4. ENABLING AUDIO BROWSING

4.1 VoiceBrowserAr chitecture
The software architectureof HearSayis depictedin Figure 6.

Themainfunctionof thepartition generator moduleis to partition
an input HTML documentinto semanticallyrelatedsegmentsby



performingstructuralandsemanticanalysis.Thesemanticanalysis
componentusesknowledgeresources,suchaslexicons(e.g., Word-
Net [6]), anddomainontologiesthatencodethesalientcharacteris-
ticsof commonlyacceptedconceptsin theparticulardomain.(Ex-
ampledomainsarenews,consumerelectronics,etc.)

Figure6: Ar chitectureof HearSay

Usersinteractwith HearSaythroughthe dialog interfaceman-
ager. We do not explicitly include in the HearSayarchitecture
modulesfor text-to-speechconversionandspeechrecognition,as
this functionality is provided by a numberof Web browsersthat
supportthe VoiceXML standard. Our current implementationis
built on top of IBM' s WebSpheretoolkit which includestext-to-
speechandspeechrecognitioncomponents.

4.2 Partitioning
The partition generatortakesan HTML documentas input. It

performsstructuralandsemanticanalysison theDOM treeof this
HTML documentandoutputsapartitiontree(representedin XML),
which capturesthe logical structureof the original input HTML
document.

The key observation usedin the partition generatoris that se-
mantically relateditemsin an HTML documentnormally exhibit
consistencyin presentationstyleandspatiallocality. Thisis partic-
ularly trueof content-richWebsitesthatchangefrequentlysuchas
newsportalsande-commercesites,becausethesesitesaretypically
maintainedusingcontentmanagementsoftwarethatcreatesHTML
documentsby populatingtemplatesfrom backenddatabases.

For example,in theNew York Timesfront page(shown in Fig-
ure 1), thereis a �x ed news taxonomyon the upperleft corner.
Thereis alsoan implicit templatefor major headlinenews items.
Eachof theseitemsbegins with a hyperlink labeledwith a news
headline(e.g., “Among Saudis...”) followed by the news source
(e.g., “By NEIL ...”), followedby anoptionaltimestamp,text sum-
maryof thearticle (e.g., “The bombing...”), andsomepointersto
relatednews (e.g., “SuspectsHeld ...”).

Therearealsopresentationsimilaritiesin the itemsin thenews
taxonomyof theNew York Timesfront page(Figure1). Themain
taxonomicitems,“NEWS”, “OPINION”, “FEATURES”, ..., etc.,
areall presentedin bold font. All the subtaxonomicitems (e.g.,
“International”, “National”, “Washington”,..., etc.) undera main
taxonomicitem (e.g., “NEWS”) arehyperlinks. This kind of con-
sistency in presentationstylehasaverystrongmanifestationin the
DOM treeof anHTML document.For example,Figure7 depicts
a fragmentof the DOM tree for the New York Times front page
shown in Figure1. The root-to-leafsequencesof HTML tagsfor
thenodes“NEWS” and“FEATURES”areexactly thesame,soare

thesequencesof HTML tagsfor thenodes“International”,“Arts”,
..., etc. (font tagswith different attributes,e.g., size, are distin-
guishedusingdifferentsubscriptsin Figure7).

font0

font2

font1
font4

font3

font4font0

td

img

"NEWS"

tr

font0

td

a

"International"

tr

font0

td

a

"National"

tr

font3

"Officials..."

font2

"By CHARLIE..."

font1

a

strong

"After the..."

tr
td td

table

td

a

tr

td

"By..."

a a a

strong "Text:..."
"Books"

a

td

trtr
......

"Arts" "Justices..."

"The decision..."

"Complete..."

...
td

img

tr

"FEATURES"

Figure7: DOM TreeFragment for Figure1

Togetherwith consistency in presentationstyle, spatiallocality
canalsobecommonlyobservedin aWebpageandits correspond-
ing DOM tree.For example,whenrenderedin a browser(seeFig-
ure1), all thetaxonomicitemsfor theNew York Timesareplaced
in closevicinity occupying theupperleft portionof thepage.In the
DOM tree(seeFigure7) correspondingto this HTML document,
all thesetaxonomicitems are groupedtogetherunderone single
subtreerootedat thetablenode(shown in circle). Similarly, all the
major headlinenews itemsareclusteredundera differentsubtree
rootedat thetd node(shown in circle in Figure7).

4.2.1 Structural Analysis
Our structuralanalysisof an HTML documentis basedon the

key observationsmentionedabove. First, the observation about
consistency in presentationstyle leadsto the idea of associating
a type(explainedbelow) with eachleaf nodein a DOM tree. Sec-
ond,theobservationaboutspatiallocality givesrise to the ideaof
discovering structuralrecurrencepatternsfor semanticallyrelated
itemsandpropagatingtypesbottom-upin theDOM tree.

In HearSay, we exploit a simple but effective type systemto
encodeinformationaboutpresentationstylesandstructuralrecur-
rences.Typesin oursystemareeitherprimitivetypesor compound
typesin theform of seq(T1 : : : Tn ) whereeachTi is a type. Each
leaf nodein a DOM treeis associatedwith a primitive type,which
concatenatesall the HTML tagson the root-to-leafpath to this
node. Intuitively, a primitive type encodesthe presentationstyle
(includinglocationandvisualcuessuchasfont typeandsize)of a
pieceof text thatcorrespondsto a leafnodein aDOM tree.

For example,in theDOM treefragmentof Figure7 (which cor-
respondsto theWebpageshown in Figure1) all theleafnodescor-
respondingto the main taxonomicitems,“NEWS”, “OPINION”,
“FEATURES”, ..., etc.,have thesameprimitive type,T1 : tr � td �
table � tr � td � img . All thesubtaxonomicitemsundereachmain
taxonomicitem,suchas“International”,“National”, ..., etc.,under
the“NEWS” item, alsosharea primitive type,T2 : tr � td � table �
tr � td � a � f ont0 .

A compoundtype essentiallysummarizesthe structuralrecur-
renceinformationof asubtreerootedataninternalnode.Notethat
in Figure7 the subtreerootedat the table node(circled) groups



togetherseveral main taxonomicitemseachof which is followed
by a numberof subtaxonomicitems, i.e., the entire taxonomyis
clusteredunderthis single DOM subtree. This propertyof spa-
tial locality combinedwith consistency in presentationstylereveals
structuralrecurrenceinformationaboutsemanticallyrelateditems,
which canbedenotedby T1T2T2 : : : T1T2T2 : : :. In this stringthe
sequentialpattern, T1T �

2 (here� denotesKleeneclosure),exactly
capturesthestructuralrecurrenceinformationof eachsemanticunit
(i.e., amaintaxonomicitemfollowedbyanumberof subtaxonomic
items). In our type system,the sequentialpatternT1T �

2 is gener-
alizedasthecompoundtypeseq(T1T2), which is assignedasthe
typeof thetable node(circled)in Figure7.

As illustratedby the exampleabove, the idea underlyingour
approachto structuralanalysisis to gathersequentialpatternsin
thetypesequenceof nodesin a DOM treein a bottom-upfashion.
Givenany two typesasde�ned above, their equivalenceis de�ned
straightforwardly: two typesareequivalentif andonly if they are
syntacticallythesame.Our top-level partitioningalgorithmis out-
lined in algorithmPartitionTree.

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 andremoven from theDOM tree.
6. else
7. for eachchild nodex of n do PartitionTree(x ) endfor
8. Analyze(n )
9. endif
end

To transformthe DOM treeof an HTML documentinto a se-
manticpartitiontree,algorithmPartitionTreeis invokedontheroot
of theDOM tree. Thealgorithm�rst traversestheDOM treetop-
downandthenrestructuresit bottom-up.Weusethenotationn:ty pe
to referto thetypeattributeof anoden. In algorithmPartitionTree,
Line 2 assignsprimitive typesto all leafnodes.Internalnodeswith
only onechild arehandledin Lines 4–5. In sucha case,the type
of this singlechild nodeis computedandthensimply propagated
up the tree. However, for an internalnodewith multiple children,
algorithmPartitionTree is �rst invoked on eachof its childrento
computetheir type information(Line 6). ThenalgorithmAnalyze
performsa patterndiscovery on thesequenceof typesof its child
nodes(Line 7).

Algorithm Analyzetakesan internalnode,n, asinput. Its main
function is to partition the child nodesof n by examining their
structuralsimilarity.Thereare two main stagesin algorithmAna-
lyze. The�rst stageis aniterativeprocessfor discoveringstructural
similaritiesamongthe typesof child nodes,whereeachiteration
involvescollapsingconsecutive, identicaltypesinto one(to group
repeateditems)andthenmining the so calledmaximalrepeating
substrings(to �nd structuralrecurrences).Essentially, a maximal
repeatingsubstringis a repeatingsubstringthat coversa majority
of elementsin a sequence.1 In addition, its coverageshouldbe
maximizedandits lengthminimized(undertheprerequisitethatits
coveragebemaximized).In ouralgorithmsweusesuf�x trees[20]
to ef�ciently minemaximalrepeatingsubstrings.

In the secondstageof algorithm Analyze, the last patterndis-
coveredduringthe�rst stageis usedto partitiontheremainingse-
quenceof nodesfurther. Herewe usea simpleheuristicto handle
1Normally the supportthresholdvalue is set to 30%-50%in our
system.It is usedto factorin structuralvariations.

variationsin documentstructures(e.g., missingdata items): we
alwaystry to associatethe nodesbetweenpartitionswith the left
partition. (Later we will show how this simple heuristiccan be
enhancedby semanticanalysis.)

Algorithm Analyze(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 Replace
 � i with NewNode(
 � i , NewType(� )). endfor
23. n:ty pe = NewType(� )
24. endif
25. Make thenodesin S thenew childrenof n .
end

Theprocessfor discoveringstructuralsimilarity maynotalways
succeed,sinceour algorithmtraversesa DOM treebottom-upand
multiplesemanticallyrelateditemscanbedispersedin severalsub-
trees.Therefore,the “true” sequentialpatternmay not be evident
until our algorithm is invoked on an internal node that is close
enoughto the root. If structuralsimilarity is not found at a node,
thenthetypeinformationof all its child nodesis simplypropagated
up thetree.

Now we illustrate the working stepsof algorithm Analyzeus-
ing an example. For simplicity, we will just show how it manip-
ulatesa sequenceof typesandomit otherdetails. Supposealgo-
rithm Analyzeis invoked on a nodeS with the sequenceof types
of its child nodessetto T1T2T3T2T3T4T1T2T3T5 andthesystem
supportthresholdvaluesetto 50%. During the �rst stageof algo-
rithm Analyze, the �rst iterationof its patternmining processwill
identify T2T3 asa maximalrepeatingsubstring.Let ususea new
type T6 to denoteseq(T2T3). Then the type sequencebecomes
T1T6T6T4T1T6T5 . In theseconditerationthe�rst two occurrences
of T6 arecollapsedinto one,resultingin T1T6T4T1T6T5 , in which
T1T6 is a maximalrepeatingsubstring.Again, we usea new type
T7 to representseq(T1T6). So after the seconditerationthe type
sequencebecomesT7T4T7T5 . Now thepatternminingprocesscan
beterminatedsincenothingnew canbefound. During thesecond
stageof algorithmAnalyze, thesequenceT7T4T7T5 is partitioned
into T7T4 andT7T5 usingour heuristicsandT7 is assignedasthe
typeof nodeS.

4.2.2 SemanticAnalysis
Therearetwo main problemswith structuralanalysis.First, it

may not alwaysyield correctpartitionscorrespondingto concept
instances,especiallyin thepresenceof structuralvariation.In par-
ticular, the analysisbasedon maximal repeatingsubstringsalone
doesnot guaranteecompletepartitions. For example,in Figure1
thefourthmajorheadlinenews itemstartingwith “After theCross-
ing ...” doesnot have any pointer to relatednews while all the



othersdo. Invoking algorithmAnalyzeon the td nodein Figure7
(shown circledwhichcontainsall majorheadlinenewsitems)gives
sequenceS: 
 � T4 � 
 � T4 � 
 � T4 � 
 , where
 = seq(T1T2T3);
T1 ; T2 ; T3 ; T4 correspondsto newstitle, source,text summary, and
pointersto relatednews, respectively. Thecorrectpartitionscorre-
spondingto thefour majorheadlinenewsitemsshouldbeP1 = 
 �
T4 , P2 = 
 �T4 , P3 = 
 �T4 , P4 = 
 , suchthatS = P1 �P2 �P3 �P4 .

The secondproblemwith structuralanalysishasto do with as-
signingsemanticlabelsto partitions.Usually the labelsof (small)
partitionsdeepin apartitiontreeareprovidedbyWebsitedesigners
in the documentitself (e.g., “INTERNATIONAL”, “BUSINESS”,
..., etc. appearingin the third columnin Figure1). Whensucha
labelis presentin a document,it is usuallythe�rst text item in the
partition. Adoptingthis simpleheuristic,we canextract labelsfor
many partitions.Ontheotherhand,wealsohaveto dealwith label-
ing conceptinstancesusinglabelsnot seenin the document(e.g.,
“HeadlineNews” in Figure3). Suchsituationsoccurwhensmaller
partitionsareaggregatedinto biggerpartitions.

To addressthe problemsabove, we usesemanticanalysistech-
niques,whichdiscoverlexical andconceptassociationsin asubtree
andpropagate the associationsdiscoveredaroundthe DOM tree.
Wenow outlinethesesemanticanalysistechniques.

Lexical Association. Lexical associationseeksto relatetwo con-
secutivepiecesof raw text by examiningwhetherthey sharecom-
mon words(after dropping“stop” wordssuchas“the”) eitherdi-
rectlyorviasynonymrelationships.Thisisalight-weightlinguistic
processingtechniquefor identifyingsmallsegmentsof relatedtext.
It is implementedin oursystemusingWordNet[6].

Recalltheexampleat thebeginningof this section,wherestruc-
turalanalysisproducesthesequenceS = 
 � T4 � 
 � T4 � 
 � T4 � 
 .
With only structuralinformation, thereis no way to identify the
correctsemanticunits,P1 = 
 � T4 , P2 = 
 � T4 , P3 = 
 � T4 ,
P4 = 
 , correspondingto thefour majorheadlinenewsitemsin the
secondcolumnof Figure1. However, observe that in partitionP2 ,
thetextsassociatedwith 
 andthefollowing T4 sharethecommon
word“Riyadh”. Similarly, in partitionP3 , thetextsassociatedwith

 andthefollowing T4 sharethecommonword “Iraq”. Therefore,
by lexical association
 and T4 can be semanticallyrelatedand
hencemergedinto onepartitionwith highcon�dence.

OntologyConcept MappingFunction
HeadlineNews Rule: Functionof Title, Source,Content
National Keyword: National,U.S.
International Keyword: International,World
Science& Technology Keyword: Science,Technology
Arts & Entertainment Keyword: Arts, Movies,Music,

Entertainment,Books,Travel
Business Keyword: Business,Finance
Sports Keyword: Sports,Baseball,Basketball
Health Keyword: Health,Fitness
DetailedNews Rule: Functionof Title, Content
NewsTaxonomy Keyword: NEWS,OPINION

Table1: Ontology Conceptsand Their Mapping Functions

Concept Association. Conceptassociationmapsa partition to a
semanticconceptthat succinctlysummarizesthe meaningof its
content.Theconceptbecomesthe labelof thepartition. To make
conceptassociationswe leveragedomainknowledgeencodedin a
domain-speci�contology. Informally an ontologydescribescon-

ceptsandtheir relationships,their featuresandattributesin a do-
mainof interest.Partof anontologyfor thenewsdomainis shown
in Table1. To assignlabelsthatarenot presentin anHTML docu-
mentto partitions,we needto invoke rulesin theontologyto clas-
sify the contentof a partition. For instance,Table 1 shows the
conceptassociationrulesfor our news ontology. To determineif
a partition canbe classi�ed asa headlinenews item the ontology
usesa rulewhich is a functionof themainfeaturesassociatedwith
it, namely, title (hyperlink),keywordsfor recognizingnewssources
(suchasAP, Reuters,etc.),andfeaturesassociatedwith newssum-
mariessuchasconstraintson thetext length.2

PropagatingLexical andConceptAssociations. In principle,the
light-weightsemanticanalysistechniquesintroducedaboveare“in-
complete”and hencenot all conceptinstancescan be identi�ed.
However, recallthekey observationthatsemanticallyrelateditems
exhibit both consistency in presentationstyle andspatiallocality.
We canexploit this observation to propagate lexical andconcept
associationsaroundtheDOM tree.

For instance,recall the exampleillustrating lexical association
above. In thatexamplewedeterminedvia lexical associationthat

andT4 in P2 andP3 aresemanticallyrelated.Suchanassociation
between
 andT4 canbepropagatedto othernearby(
 , T4) pairs
to form thepartitionP1 (andsotheremaining
 becomesP4).

Structural Typesvs. SemanticTypes. Like lexical associations,
conceptassociationsdiscoveredcan also be propagatedto struc-
turally similar itemsto assignsemanticlabelsto partitions.In con-
trast to structural typesthat summarizethe structuralrecurrence
informationaboutsemanticallyrelateditems,semanticlabelscan
beviewedassemantictypesthatdirectly capturethesemanticsof
partitions.Becausesemantictypesfactorout structuraldisparities,
weaving structuralandsemantictypestogetherenablesoursequen-
tial patternanalysisprocessto uncoverhigherlevel concepts.

Now eachnodein a DOM treeis associatedwith two types: a
structuraltype anda semantictype. Oncea semantictype is as-
signedto the root nodeof a partition, it will replaceits structural
type (if it exists) in the structuralanalysisprocess.However, its
structuraltypeis still retainedin orderto propagateconceptassoci-
ations.Thiswill enablestructuralandsemanticanalysisto work in
tandem.Speci�cally, immediatelyprior to invokingstructuralanal-
ysisontherootof aDOM subtree,thesemantictypeof achild node
is propagatedto all its siblingshaving thesamestructuraltype.

4.3 Dialog Interface Manager
Our dialoginterfacemanageris written in Java. It usesa collec-

tion of VoiceXML templatesto createVoiceXML dialogsonthe�y
from theXML outputof thepartitioningsystem.Nodesor subtrees
in thepartitiontreearematchedto particulartemplates,variablesin
thetemplatesare�lled in with labelsor nodecountsfrom theparti-
tion tree,andtheresultingpiecesof VoiceXML arestrungtogether
to form acompleteVoiceXML dialog.

HearSay's templatesinclude both generictemplates(e.g., for
lists of links, lists of strings)and domain-speci�cones(suchas
the onefor newspaperarticlesshown in Figure8). They include
prosodicmarkupaswell asstructuralmarkupandvariablesfor el-
ementsof the XML partition tree. For example,the templatein
Figure8 includesa list of prompts,somevariables(marked with
“@”) for labelsfrom nodesin the partition subtreematchingthis
template,andpausesthatencouragetheuserto provide input. We

2More sophisticatedclassi�ers (e.g., Bayes)can also be usedto
makeconceptassociations.



NewsPortal Major HeadlineNews Minor HeadlineNews CategoryNews DetailedNews NewsTaxonomy
Rec.% Prec.% Rec.% Prec.% Rec.% Prec.% Rec.% Prec.% Rec.% Prec.%

New York Times 100 100 50 100 100 100 - - 100 100
- - 25 100 - - 100 100 - -

CNN 100 100 - - 100 100 - - 100 100
- - - - 0 0 100 100 100 100

YahooNews - - - - 81.8 100 - - 100 50
- - 66.7 100 - - 100 100 100 100

GoogleNews 76.9 100 100 100 - - - - 100 100
- - - - - - 100 100 100 100

ZdNet 93.3 100 66.7 100 - - - - - -
- - 78.9 93.3 - - 100 100 - -

CNet 100 100 87.5 100 100 100 - - 100 100
- - 0 0 - - 100 100 100 100

Bloomberg News 100 100 - - - - - - 100 100
- - - - - - 100 100 100 100

RecorderNews 90 90 - - - - - - 100 100
- - - - - - 100 100 - -

Table2: Recall and PrecisionMeasuresof Partitioning Resultson 50NewsWebPages

useprosodicmarkupto markplaceswheretheusershouldprovide
input, to improve “hearability” by providing variationin speaking
style, andto reducethe impactof the sequentialinformationpre-
sentationproblem[34] by groupinga long list into shortersublists.
The VoiceXML dialogsoutputby the dialog creatorpermit input
by item index (e.g., “Item 1”) or by name(e.g., “World News”,
“Article”, “Summary”).

<field name="@FIELDNAME@">
<prompt timeout="500ms">

@DESCRIPTION@
<break msecs="500"/>
To hear a summary choose Summary.
To hear the article choose Article.
To go back to the menu choose Go Back.
To exit choose Exit.
<break msecs="5000"/>

</prompt>

<grammar>
Summary | Article | Go Back | Exit

</grammar>

<filled>
<prompt>

<break msecs="500"/>
<value expr="@FIELDNAME@"/>

</prompt>
@CONDITION@

</filled>
</field>

Figure8: VoiceXML Templatefor a NewsArticle

The VoiceXML dialog creatorspeci�es only how to apply the
VoiceXML dialogtemplatesto asemanticpartitiontreeto generate
VoiceXML dialogs. The structureof the dialogsthemselvesis in
thedialogtemplates.This permitssomesystem�e xibility . Thedi-
alogcreatorproducesVoiceXML dialogsfrom inputpartitiontrees
in realtime; theprocessis very ef�cient (seeSection5). However,
thecoherenceof outputdialogsis only asgoodasthequalityof the
inputpartitiontrees.

5. EVALUATION
Wehavedevelopedapreliminaryprototypeof HearSayandhave

conductedtwo feasibility evaluationsof this technology. First, we
testedour partitioning algorithmson a collection of real HTML
documentsandmeasuredthequalityof partitionsgenerated,which

is an importantindicatorof the overall systemperformance.Sec-
ond,weconductedafeasibilityevaluationof thedialoginterfaceto
identify performanceissueswith theprototype;for this evaluation,
weused14evaluatorswhoaresighted.Wealsosolicitedcomments
onHearSayfrom 5 evaluatorswhoareblind.

5.1 Effectsof Partitioning
To evaluatetheeffectivenessof ourstructuralandsemanticanal-

ysistechniquesfor partitioning,weconductedanexperimenton50
HTML documentscollectedfrom 8 differentnews portals3. The
ontology usedin our experimentis shown in Table 1 (manually
coded). Out of these50 HTML documents,15 are“front” pages
(with multiple conceptsandmultiple instancesfor eachconcept)
andthe remaining35 are“detailed” pages(mainly a long text de-
scriptionof somenewsstory).

First we manuallyidenti�ed theontologyconceptsandtheir in-
stancesfor theHTML documentsusedin ourexperiment.We then
ranour partitioningalgorithmson thesedocumentsandcomputed
their performanceusingtwo metrics,recall andprecision, for each
concept.Recallis ameasureof “yield”; it is theratioof thenumber
of partitionscorrectlyidenti�ed asinstancesof a conceptover the
actualnumberof conceptinstances.Precisionis an indicationof
“accuracy”; it is the fractionof the numberof partitionscorrectly
labeledasinstancesof aconceptover thetotalnumberof partitions
(correctlyanderroneously)labeledasinstancesof theconceptby
oursystem.Thenumbersshown in Table2 areaggregatedfor each
conceptover all the HTML documentscollectedfrom the same
news portal. Furthermore,eachnews portal is divided into front
anddetailednews pagesandtheir correspondingrecall andpreci-
sion metricsareshown in the top andbottomsrows, respectively.
Notethatin Table2 anentrywith thesymbol“-” meansabsenceof
thecorrespondingconceptin theHTML documents.

The recall and precisionnumbersin Table 2 illustrate the ef-
fectivenessof our partitioningalgorithmsin practice.On detailed
news pageswhich typically containfew conceptsandconceptin-
stancesour algorithmsshow high recall andprecision. Even for
front pageswhich normally includemultiple conceptsandmulti-
ple instancesfor eachconcept,our algorithmsshow little degra-
dation. It is noteworthy pointingout thatour algorithmalmostal-
waysachieves100%recallandprecisionontaxonomicnewsitems,
whichtypically show highstructuralhomogeneity. Notethatthere-
call for majorheadlinenews in Google's front pageis considerably

3GoogleNews indexesmany othernewsportals.



lower thanthat of CNet's front page,dueto the large numberof
conceptinstancesin Google. Also observe that in ZdNet's front
page,therecallvalueis low. This is dueto the“incompleteness”of
oursemanticanalysistechniques.

Wealsomeasuredtheamountof timeoursystemtookto process
anHTML document.On a PentiumIII machinewith an800MHz
processorand256MB memory, therunningtimesrangedfrom 60
millisecondsto 6289millisecondsfor documentswith 96 nodesto
1709nodesin theirDOM trees.

Figure 9: Partitioning Results on a University Education
Blackboard WebPage

Finally, todemonstratetheapplicabilityof ourtechniquestoWeb
documentsin differentdomains,we testedour partitioningalgo-
rithmson severalother(structured)Websitessuchasonlineof�ce
suppliesofferingsandelectroniceducationbulletin boards,which
arenormally machinegeneratedfrom templates.Figure9 shows
the resultsof partitioning a university courseWeb page;the top
part is a fragmentof theWebpagewhile the lower oneshows the
partitioningresults.Notethatherestructuralanalysisalonesuf�ces
to generatethepartitiontreeshown in Figure9.

5.2 HearSaySystemUsability
In this sectionwe report an initial usability evaluationof the

HearSaysystem.In our experiments,we selectedthreenews sites,
theNew York Times,CNN, andGoogleNews (GoogleNews sto-
riescomefrom many differentnews sites). We creatednine tasks
for evaluatorsto perform.Theassignmentof taskto news sitewas
variedbetweenevaluators.No two successive tasksreferredto the
samenewssite.The�rst threetaskstestedbasicHearSayfunction-
ality: theusefulnessof HearSayfor browsingto a Webpage(e.g.,
“Write down theheadlineof the�rst articlein the`World' or `Inter-
national'sectionof GoogleNews”). Thesecondthreeexploredthe
userexperiencewhenlisteningto a partof a Website(e.g., “Write
down the headlineof an article aboutthe presidentialracein the
`US', `National' or `Politics' sectionsof theNew York Times,and
thenameof a locationmentionedin thatarticle”). The �nal three
testedthe usefulnessof HearSaywhen synthesizinginformation
acrossmultiple Webpages(e.g., “Write down thenameof a coun-
try mentionedin both the `Business'and `World'/`International'
sectionsof CNN, andtheheadlinesof thearticlesaboutthatcoun-
try”). All interactionswith HearSaywerelogged;commentswere
solicitedfrom all evaluators.

For thisevaluation,evaluatorswereseatedatadesktopcomputer
in a lab, with ordinarylab activities goingon aroundthem(i.e., a
noisy environment). Evaluatorswore a Kossheadsetwith close-
talking noise-cancelingmicrophone.Eachevaluatorwasgiven a
sheetof paperwith theninequestionson it, andwasgivenverbal
instructionssimilar to the following: You may refer to things by
name, e.g., “World News”, or by number, e.g., “Item 1”. You may
alsousecommandssuch as“Go back” and“Repeat”. Evaluators
werenottold anythingelseaboutHearSay, but couldaskquestions.

Resultsfor this evaluationareshown in Table3. The �rst task
wasremovedfor all evaluatorsasit wastheir �rst interactionwith
HearSay. All dialogsthathadbeen“restarted”werealsoremoved.
Thisleaves100dialogsfor analysis.Resultsarereportedseparately
for eachtasktype.Theaveragetime to follow links perdialogwas
34secondsperdialog.

Separately, HearSaywasusedby � veevaluatorsatArizonaState
Universitywho areblind. Theseevaluatorsperformeda subsetof
thetasksusedin ourfeasibilityevaluation.They alsousedHearSay
for guidedexploration(no speci�ed task). They thenmadecom-
mentsonHearSay, comparingit to theJAWSscreenreader.

Most evaluatorswerevery positive abouttheir experiencewith
HearSay. They likedthefactthatthesystemorganizescontentinto
menusanditemsthat permit the userto skip unwantedpartsof a
page. Native speakersof AmericanEnglishalsoliked the speech
recognitionin the interface,despitea high rateof incorrectbarge-
in detection.Evaluatorsuggestionscanbe divided into threecat-
egories: suggestionsfor improving the contentextractionandor-
ganization;commentsaboutdesiredadditionalfunctionality; and
commentsaboutthedialoginterface.

Content Extraction and Organization. Evaluatorsthoughtthat
the extraction and organizationof links and subsectionsin Web
pagesworkedwell. However, they wantedmorecontrolover their
interactionwith thecontentinsidefairly unstructuredtext sections
of Web pages(e.g., newspaperarticle text). For example, they
wantedto beableto skip to a particularparagraphor topic, repeat
a particularpartof thetext andotherwisemaintainpointersinside
the text. EvaluatorsalsowantedHearSayto be cleareraboutthe
typesof menuitems(links, groups,text, etc.),andwantedaccess
to summaryinformationfor menus(e.g., length).

DesiredAdditional Functionality . Severalevaluatorscommented
that the currentbrowsing patternusedin HearSayis too limited.
Proposedadditions/alternativesincludeaskipforwardfeature,key-
word enabledbrowsinganda context feature.A skip forwardfea-
turewouldpermitanexpertHearSayuserto skipseveralmenulev-
elsup or down usingcommandssuchas“Skip 3 levels” or “Goto
thenationalnewsmenu”.Keywordenabledbrowsingwouldpermit
a userto avoid traversingthewholepageif sheor he is searching
for a particular type of information. For example,a usermight
go to her classWebsiteandsay“Find assignments”.The system
would �nd thepartof theWebsitethatcontainsthekey wordsthe
userprovided. Evaluatorsparticularlywanteda reservedkeyword
for “Top” (the top pageof thecurrentWebsite).Finally, a context
featurewould permita userto ask“WhereamI?” andget these-
quenceof menuitemsor voice commandsthat led to the current
browsingcontext.

Dialog Interface. Thespeechaspectsof thedialoginterfacewere
aparticularissuein theseevaluations.First,thesystemis toorepet-
itive. Becauseit permitsbarge-in(afeatureourevaluatorsusedfre-
quently),it picksupnoisein theenvironmentaswell asnon-verbal
soundsfrom theuser(e.g., breaths);whenthis happens,it repeats



DialogType DialogLength TotalUserTurns/ UniqueSystemTurns/ Page-InternalLinks Followed/ Time to Follow Links
(sec.) SRErrors TotalSystemTurns Page-ExternalLinks Followed (sec.)

Browsing 232 17 / 10 16 / 26 4 / 2 16
Listening 435 28 / 16 22 / 43 7 / 4 31
Synthesizing 603 40 / 21 27 / 67 13 / 5 51
No answer 577 38 / 20 26 / 63 12 / 6
Answer 390 26 / 15 20 / 41 7 / 3
Total 437 29 / 16 22 / 47 8 / 4 34

Table3: UserEvaluation Results

itself. Themostimmediateway to improve theaudiobrowsingex-
periencewouldbeto turnoff thisbehavior, sothatthesystemdoes
not repeatitself unlessaskedby theuser.

Second,thereis a high proportionof speechrecognitionerrors
(1 out of every 2 utterances).The evaluatorswereall native En-
glish speakers but were not all native speakers of AmericanEn-
glish. The environmentwasalsonoisy, leadingto many “speech
recognition”errorswhenin facttheuserdid not speak(anaverage
of 60% of the total numberof speechrecognitionerrorsincluded
no input words,andthemajority of thesearefrom environmental
noiseor non-verbalsoundsfrom the user, e.g., the usertouching
the microphone).However, with usethe speechrecognitionerror
ratedecreases.Two otherways to improve this aspectof the in-
terfacewouldbeto usespeaker-dependentspeechrecognition,and
to supportalternative input modalities(e.g., keyboard,stylus)4. If
thesetwo sourcesof dialogerrorareremoved,thetimerequiredfor
audiobrowsingwill bealmosthalved.

Evaluatorsweretold thatthey couldreferto itemsby name(e.g.,
“National News”) or by number(e.g., “Item 1”). We were inter-
estedin how often evaluatorschoseeachtype of reference. Of
utterancesthatwererecognizedcorrectly, 51%were“by item” ref-
erencesand30%werecontrolutterances(“Go Back”, “Repeat”or
“Exit”), So fewer than 20% were by namereferences.Of utter-
ancesthat wereclassi�ed asspeechrecognitionerrors,60% were
not understoodat all (mostprobablyfrom environmentalnoiseor
non-verbalsfrom the user), 13% were by item references,10%
were control utterancesand 17% were “by name” references.It
is perhapsnot surprisingthat novice usersstrugglingwith speech
recognitionerrorswould chooseby item referencesover by name
references,but we plan to continueto permit by namereferences
for moreexpertuserswhomayknow wherethey wantto browseto
without listeningto a list of options.

Evaluatorsmadethreemain commentsaboutthe dialog inter-
face.First, bothevaluatorswho aresightedandthosewho arevi-
sually disabledcomplainedabout the text-to-speechof HearSay.
They wantedspeechsynthesisthat is lessmonotonous.They also
wantedexplicit controloveraspectsof thespeechsynthesis,partic-
ularly speed.Second,evaluatorscommentedthatthesystemshould
provide morefeedback.Finally, evaluatorswantedaccessto alter-
native inputmodalities.

6. CONCLUSIONS AND FUTURE WORK
We have describedthe designandimplementationof HearSay,

an audio Web browser system. We have presentedexperimen-
tal resultsshowing thatHearSaycanbeusedfor “hands-free”au-
dio browsing, althoughimprovementsin speedand accuracy are
needed.Thissystemhasgreatpotentialfor improving accessto hy-
pertext informationfor userswith visualdisabilities.We have also
identi�ed severalpotentiallyusefulareasfor continuedresearch.

4This is not possiblewithin theVoiceXML framework; it requires
XHTML+Voice.

Partitioning . In our currentimplementationof HearSay, domain-
speci�c ontologiesaswell asclassi�ersfor identifyingconceptsin
partitionsweremanuallycrafted.It will beinterestingto automate
thesestepsalongthelinesproposedin recentworksusingshallow
naturallanguageprocessingtechniques(e.g., [17]). Anotherimpor-
tant directionis to incorporatethe co-trainingframework to learn
classi�ersfrom positiveandunlabeleddata[9], sincelabelingeven
a relatively small amountof databy handstill takesa lot of time.
While mostof theseworksaddressontologymining from text, our
problemis differentsincewedealwith semistructuredHTML doc-
uments.Consistency in presentationstylesof semanticallyrelated
elementsin suchdocumentscanbe exploited to mine ontological
conceptsaswell astheir featuresfor automaticallybuilding classi-
�ers. Finally, we plan to improve learningof probabilitydistribu-
tionsof importantwordsfor a domainconcept(Bayesapproaches
to classi�cation)usingourrecentlydevelopedtechniquesfor multi-
attributedataextractionwith highprecisionandrecall[35].

VoiceXML Dialogs. In addition to improving HearSay's dialog
interfacebasedon feedbackfrom our evaluators(seeSection5),
wealsoplanto work oncreatingsummariesfor Webpagesor parti-
tionsof Webpages.In ourusescenario,all theitemsin the“News”
partitionon thefront pageof theNew York Timesarelinks. If this
informationcouldbesummarizedatthestartof thedialog,it would
not have to be repeatedfor eachitem. Thereareothersituations
in which summarizationis helpful. For example,while present-
ing the resultsof a searchfor a producton a shoppingsite (e.g.,
http://shopping.yahoo.com)it may be morehelpful to summarize
the productinformation(e.g., “Nik e shoes,sizesix, black”) than
to just readthe productname(e.g., “Nik e trackers”). Whenpre-
sentinga Webpagethatconsistsmainly of largechunksof text, it
maybehelpful to summarizetheentiretext of thepageor thetext
in eachchunk(similar to theabstractstheBrookesTalk systemcan
produce[38]).

We plan to incorporatestandardtext summarizationtechniques
(e.g., thoseusedby [18, 28]) into HearSay. We will alsoexplore
category-speci�c summarizationtechniquesthat we can incorpo-
rate into the ontologiesusedin HearSay. Thesesummarization
techniquesrely on an ontology;a summaryfor an entity mustin-
cludeinformationaboutthemajorfeaturesassociatedwith theclass
of thatentity in the ontology. This requiresidentifying thosefea-
turesin theWebpagecontent,andgroupingthemappropriatelyfor
spokenoutput.

NewApplicationsandDomains. Wehavebeenexploringtwoad-
ditionalapplicationsfor ourpartitioningalgorithm.The�rst appli-
cation,commerce,involvescomparingpartitionsacrossWebpages
to identify structurallyor semanticallysimilar units. The second
application,education,involveslookingatcourseWebsites(which
aremuchmorevariablethannews Websites)to seehow partition-
ing canbeappliedto improveaccessto educationalmaterials.
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