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Abstract

We proposea new framework for intelligent infor-
mation access. The backboneof this framework
consistsof embeddedgrammartags (EGT’s) that
capture natural language queries. Theseembed-
ded grammar tags reflect information contentin
web pages by anticipating the queries that may
be launchedby users to retrieve a particular con-
tent. Thesegrammars provide a unifying com-
ponent for speech recognition engines,semantic
webpage representationandspeech outputgener-
ation. Wedemonstratethenew EGTrepresentation
to enablea software agent to respondto natural
speech input fromusers in narrowdomainssuch as
weather, stock marketandnewsqueries.

1 Intr oduction
1.1 Moti vation
Theexplosiveexpansionin webcontenthasnotbeenaccom-
paniedby correspondinglypowerful searchandcontentanal-
ysis engines. Searchenginesare hinderedby the fact that
markuplanguagesweredesignedfor representationof infor-
mation for human-usersandthus this informationlacksse-
manticcontentthatcanbeinterpretedintelligentlyby search
engines,softwareagentsandrobots.As aresult,extractionof
contextual semanticinformationremainsa formidablechal-
lenge. Recentefforts to expandmarkuplanguagessuchas
DAML, RDF, OIL andXML aimtoenhancetheeffectiveness
of content-recoveryfrom webpagesby embeddingTags that
mayguideasearchenginein uncoveringthe“meaning”of in-
formation[Heflin andHendler, 2000][DAML 2000][Brick-
ley andGuha,1999][XML 1998].

Our researchfocus is on speech-basedqueryof informa-
tion from the web. Specifically, we envision usersemploy-
ing somewhatconstrainednaturallanguagesentencesto ini-
tiate web-queries.This constrainedspeechcanbe captured
by speechgrammarscommonlyusedto enhancetheperfor-
manceof off-the-shelfspeechrecognitionengines.A user’s
query generatesa web accessto a pagethat containsthe
wantedinformation. The discovery of relevant contentis
doneby matchingtheuser’squerywith EmbeddedGrammar
Tags(EGTs)insteadof “scalar” tags.Oncethedesiredinfor-

mationhasbeendetectedin a webpage,a generative gram-
mar that may alsocorrespondto the user’s parsedquery is
usedfor text-to-speechsynthesis.

This modelof accessto theweb is completelyhands-free
andour ability to achieve it dependsgreatly, at this point,on
narrowing thedomainof accessso that naturallanguagein-
put canbemodeleda priori by grammar. Theappealof this
modelis thata generative grammarcanbeemployedsimul-
taneouslyin threetasks(1) constrainingthespeechrecogni-
tion engine(2) recognizingthesemanticinformationin aweb
page(3) determiningthe sentencecompositionthat the sys-
temprovidesasanoutput.

While recent researchefforts seek to add markup rele-
vant to the contentof the web page[Heflin and Hendler,
2000][AbasoloandGomez,2000][Trends2000], wegoastep
furtherin embeddingthegenerativegrammarsin themarkup
documents.We show that this contributesto enhancedauto-
maticsemantic-basedrecovery of informationcontentwhile
eliminating the increasingrelianceon searchenginesthat
characterizestheon-goingefforts for thesemanticweb.

1.2 Background
The fact that accurateNatural LanguageProcessing(NLP)
[Soderland, 1997][Freitag, 1998] is not yet achievable in
generaldomainshasled to numerousefforts to createstan-
dardizedsemanticlanguagesfor theweb. Thesemanticweb
aimsto createcontentwhich bothhumansandmachinescan
understand[Heflin andHendler, 2000]. Thisis to beachieved
by explicitly adding markup to describethe contentsof a
web-page.A generaloverview of themarkuplanguagelayer
modelfor thewebis shown in Figure1.

TheHyperText MarkupLanguage(HTML) wastheinitial
languagefor presentationof documentson the World Wide
Web. Themaindrawbackof HTML is its inability to repre-
sentcontentsemantically. This led to theExtensibleMarkup
Language (XML) [XML 1998], which allows defining
content-specificXML tags. To fully exploit such domain
specifictags,thereis a needto createsemanticsthat could
be understoodby all the searchengines.This mandatedthe
developmentof theResourceDescriptionFramework (RDF)
[Brickley andGuha,1999], astandardproposedby theWorld
Wide WebConsortium,to definethewebusingsuchdomain
specificXML tags. The RDF usesmetadatato explicitly
describedocumentcontenton theWeb. Metadatais basically
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Figure1: LayerLanguageModelof theWeb

datathatis usedto describetheinformationona web-page.

�
RDF:RDF ��

RDF:Description��
DC:Creator� Eric Miller

�
/DC:Creator��

DC:Subject� Dublin Core elementdescription
�

/DC:Subject��
DC:Description� Thisdocumentis a referencedescriptionof the

Dublin Core MetadataElementSetdesignedto facilitate resource
discovery.

�
/DC:Description��

DC:Publisher� OnlineComputerLibrary,Inc.
�

/DC:Publisher��
DC:Format� text/html

�
/DC:Format��

DC:Type� TechnicalReport
�

/DC:Type��
/RDF:Description��
/RDF:RDF�

From the above sample we see that RDF uses special
tagssuchas � Description� , � Subject� , � Type� to describe
thecontext of a webdocuments.Basedon theinterpretation
of suchtags,thesearchenginesareableto make queriesfor
informationmoreefficientandaccurate.TheSHOElanguage
[Heflin, HendlerandLuke,1999][Heflin andHendler, 2000]
alsoaddsmarkupto theweb-pagesby choosingtherelevant
ontology’s vocabulary to describethe conceptson the page.
Themostrecentwork in theareaof semanticmarkupis the
Darpa Agent Markup Language(DAML) [DAML 2000].
It is beingdevelopedasa comprehensive semanticmarkup
languagestandardto describeweb documents.We wish to
concludethis brief backgroundoverview by providing an
exampleto clearly demonstrateour nicheareaof semantics
for intelligent web information extraction. Consider the
following DAML extract generatedfor a particular user
profile (http://www.cs.umbc.edu/fperic1/damlprofile/).

�
Profile rdf:parseType=”Resource” ��

FirstName� Gautham
�

/FirstName��
LastName� Thambidorai

�
/LastName��

Organization� University of Maryland
�

/Organization��
Email � gauthamt@glue.umd.edu

�
/Email ��

BioSketch � I ampresentlya Research Assistantat
theUniversity of MarylanddoingmyMasters degreein thearea
of ComputerEngineering. I ampresentlypursuingmythesis
underProfessorX. My mostprizedpossessionis myblack Nissan
Sentra.

�
/BioSketch �

The above detailedsemanticsmake the documentmore
machineunderstandable.However, if supposethe software
agentwantsto find an answerto a questionsuchas ‘What
car doesGauthamhave’, we would still have to rely on

NLP techniquesto extract an answer. This is where we
proposea semanticlanguage,wherewe are able to embed
‘conversationalgrammar’as tags into the document. The
EGT syntaxis definedboth as HTML [ISO 1986][Ragget,
1995] andXML [XML 1998] extensions.As suchit hasits
own DocumentTypeDefinitions(DTDs)whichspecifyvalid
tagsthatcanbeused.A simpleimplementationof theabove
techniquewould beasshown below. The � ROBOTGRAM-
IN � is our own customdesignedtagto embedgrammarinto
thecontent.

�
BioSketch � I ampresentlya Research Assistantat the

University of MarylanddoingmyMasters degreein thearea
of ComputerEngineering. I ampresentlypursuingmythesis
underProfessorX. My mostprizedpossessionis myblack

�
ROBOTGRAM-IN� What car does Gautham have�

/ROBOTGRAM-IN� Nissan
Sentra.

�
/BioSketch �

2 ProposedSemanticsBasedModel
2.1 Framework Characteristics
Ourproposalfor intelligentsemantic-webaccesscanbechar-
acterizedby thefollowing:
� Userinput is assumedto bevia spokenlanguageto the

softwareagent.Therefore,a level of linguistic compe-
tencemustbe achieved usinggrammarsthat constrain
the interpretationof natural speech. Existing speech
recognitionenginesutilize suchgrammarsto improve
performance.A moredetaileddescriptionof thegram-
marstructureis givenin a latersection.

� Parsingandgenerativegrammarsareusedin threestages
(1) constrainingthe speechrecognitionengine(2) un-
covering the semanticinformation in a web page,and
(3) determiningthe sentencecompositionthat the sys-
temprovidesasanoutput.

� While thetagscurrentlyemployedin markuplanguages
suchasRDF andXML describeattributesof the infor-
mationbeingtagged,theproposedembeddedgrammars
describequeriesto which the attachedinformationcan
be useddirectly asan answer. This a fundamentalde-
parturefrom existing approachessince it requiresthe
builderof awebpagetomakeit explicit why aparticular
informationitem is includedon a webpage.For exam-
ple, in the caseof a weatherpage,while a tag suchas
“temperature”describesthe attribute of “47 F,” the de-
signerof a webpagehasto committo a classof queries
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Figure2: GeneralStructureof ProposedModel

thatseekto know about“what thetemperatureis”. This
aspectof our modelis mostreadilysuitableto domain-
specificweb pagesbut may becomemore challenging
as web pagesbecomelessstructuredand more multi-
dimensionalin content.

� Themediatingroleof awebsearchenginefor interpret-
ing the embeddedsemanticinformationis significantly
reduced.Sincetheembeddedgrammarsalreadyencode
the meaningof the userquery and the web pagewas
designedwith anticipationfor an answersearch,it is
straightforwardfor thesearchengine(actuallymoreap-
propriately, the agent)to recover the desiredcontent.
This contrastswith existing approachesthat increas-
ingly demandmoresophisticatedperformancefrom the
search-enginein matchingthe user’s query to the em-
beddedtags in a semanticallyaccurateprocess. It is
truethat it is not possibleto embedall possiblewaysin
whicha particularinformationcanbequeried.But even
in thecaseof acomplicatedquery, wecanrestructurethe
queryusingexistentNLP techniquesandthensearchfor
a matchinggrammar. Thisparadigmshift in thedomain
for applyingNLP is a significantcontribution,sinceap-
plyingNLPtechniquesto thequeryis muchsimplerthan
to thecontenton theweb.

� Anothersignificantfeatureof theEGT representationis
thatit is naturallyextensible.A web-pagecreatorcanin-
dependentlycreatenew embeddedgrammarto describe
uniqueinformationthat would be impossibleto design
aspartof a ‘closedmarkup’language.For example,one
canembeda grammarthat describesa particularnovel
object , andall that is neededis to anticipatethe way
user’sarelikely enquireaboutit.

2.2 Framework Description
In thissectionwepresentageneraldescriptionof theworking
of ourproposedsystem.A generaloverview of oursystemis
shown in Figure2.
� VoiceRecognitionSystem:Thevoicerecognitionsys-

tem recognizesthe querythat the userinitiatesby em-
ploying pre-definedgrammars.Thesystemthensendsa

requestto thewebserver to get therelevantweb-pages
to searchfor matchingEGT’s. WeusetheVia-Voiceen-
ginefor speechrecognition,alongwith theJava Speech
API (JSAPI).

� Semantic Analysis and Information Extraction:
Basedon the requestfrom the agent,the Server sends
back the correspondingdocumentwhich hasbeenan-
notatedwith our � ROBOTGRAM-IN � tags. It then
parsesthefile to find amatchfor thequerythathasbeen
requested.If it findsa match,it extractsthecorrespond-
ing information,andsendsit to thespeechsynthesissys-
tem.

� Voice SynthesisSystem: The voice synthesissystem
employs a text-to-speechgeneratorthat speaksout the
informationextractedfrom theweb-pageusinga gram-
marthatis dependentontheinputqueryandtheembed-
dedgrammar.

2.3 Grammar Format
Ourproposedframework involvestheadditionof ‘Embedded
GrammarTags’explicitly into theweb-contentin asgenerala
structureaspossible.SuchanannotationenablesanAgentto
utilize theknowledgeonthewebin a conversationalmanner.
Thegrammarframework thatwe employ is derivedfrom the
rule-basedgrammarusedby the speechrecognitionengine.
We usethe generalstructureusedin the BNF syntax. This
is a plain text representationwhich is similar to traditional
BNF grammar[W3C Working Draft2001] usedin speech
recognition,like theJava SpeechGrammarFormat(JSGF).

�
query� = [please] tell me who [is] the President of USA

[is]�
query� = * [is] theauthorof the(book� novel� best-seller)Melissa

[is]

In the above specification, words enclosedin square
bracketsareoptionalin thequeryframework, while thosein
roundbracesimply that oneof the choicesmustbe spoken.
A ’*’ characterimpliesthatit canbereplacedby any wordor
combinationof words. Thusin the first example,questions
suchas’Pleasetell mewho is thePresidentof USA’ or ’Tell
mewho thePresidentof USA is’ arebothconsideredastag



Figure3: EGTSearch

matches. Similarly queriessuchas ’Who is the authorof
Melissa’ or ’Can you pleasetell me who the authorof the
best-sellerMelissais’, arebothEGT matchesfor thesecond
example. The above format, though generalto a certain
extent, constrainsthe grammarthat the query languagecan
contain.Thiscanbeextendedby providing amorehierarchi-
cal architectureto thegrammarstructureassuggestedin the
W3Cvoicegrammarspecification.In theaboveexample,the
[please]rule, forcesthe queryparserto recognizeonly one
format of a query. This canbe augmentedby introducinga
packagethat containsa list of rules,containingthe various
generalformatsof requests.The[please]rulecanbereplaced
by suchparseablestatements,to make it encompassa wide
rangeof typical user requests. An examplefor the above
implementationis givenbelow.

�
GRAM-RULE � REQUEST = [please � Can you please tell

me � I requestyou � I seekyourhelp......]
�

/GRAM-RULE ��
query� = “REQUEST” tell mewho[is] thePresidentof USA[is]

2.4 Adding EGT to WebPages
Theinformationthatwe actuallyrequireis only a verysmall
portion of the web-page.Considerthe caseof a web-page
that tells us the weatherof a particularplace. In the case
of interactionwith an agent, the only useful information
that is requiredis the temperatureof that particular place
and the forecast. All the unnecessaryfrills that usually

accompany thehtml pagefor graphicsandadvertisementcan
be ignored. The challengeactually lies in identifying and
extractingthisportion.Considerthefollowing extractfrom a
html pagetelling usabouttheweatherataparticularlocation.

�
td valign=”bottom” � �

span class=”redtemps”� mostly
sunny

�
/span� � /td �

�
span class=”FSnPSmDk”� Temp:

�
/span� �

span
class=”FSnBSmDk12”� 32F

Supposethe agent has to reply to a question such as
’What is the weatherat City X’. The agentwill then send
the Get commandto the server along with the particular
city nameX andthenget the correspondinghtml page.We
areat presentdesigninga crawler that would parsethrough
web-pageslooking for EGT’s and storing it alongwith the
url link in the form of a local database. In this way the
EGT searchenginecan refer this table to find the link to
the correspondingresponsehtml page. From the html page
the softwarehasto extract portionssuchas ‘mostly sunny’
and ’32F’, constructthe sentenceandthenrespondbackto
the query. For this purposewe add explicit annotationsto
the html pagesto indicatewhich portion of the html page
to extract for a particulartype of question.Whenthe agent
getstheresponsehtml pagebasedon its queryto theserver,
it tries to match the questionto the best extent possible,



with the grammarthat is embeddedin the html page. We
have� incorporatedan EGT called � ROBOTGRAM-IN � to
annotatethepagewith suchqueries,in thegeneralgrammar
formatdescribedbefore.

We presenta simpleexampleof an annotationusingour
� ROBOTGRAM-IN � tagbelow:

�
td valign=”bottom” � � spanclass=”redtemps”��

ROBOTGRAM-IN� “* [is] theweather[is] at *”�
/ROBOTGRAM-IN� mostlysunny

3 Experimental Section
In this sectionwe illustratethe useof EmbeddedGrammar
Tagsto identify and extract responsesto queriesin natural
language,from theworld wideweb. Theclientendagenthas
speechrecognition,semanticsanalysisandspeechsynthesis
softwaremodulesintegratedin it. An EGTsearchtool written
in Java, is launchedto parsethe incomingweb-pageandex-
tracttherequiredresponse.A screenshotof theEGT search
tool is shown in Figure3.

Speechrecognitionandsynthesisare implementedusing
the Via Voice enginealong with the Java SpeechAPI (JS-
API). The requestby the userin the form of conversational
grammar, is thequeryfor which theEGT searchtool triesto
find a match,by parsingtheannotatedweb-page.In orderto
provideaworkingdemonstrationof themodel,wedownload
therequiredweb-pagesfromthecorrespondingweb-sites,an-
notatethemwith theEGTsandsimulatethesystemonalocal
server.

3.1 Annotation with EGT
Theannotationof contentwith EGT is illustratedin thedo-
main of weatherand stock market pages. The threesteps
involved in annotatinga particularweb-pagewith EGT are
outlinedbelow.
� Identifying the contentthat a personis likely to query

from theweb-page.
� Analyzingthevariousformatsin whichaparticularuser

canquerythis informationusingnaturallanguagegram-
mar.

� Embeddinggrammartagsmodelingthisqueryin asgen-
erala structureaspossible.

Example1 : Weather
In this example,we considerthe web-pagesdownload
from the weathersite at www.cnn.com. We carry out
the stepsenumeratedabove. A carefulanalysis,shows
that the informationof interestin the web-pageare1)
Temperature2) Humidity 3) Wind Speed4) Sunrise
time 5) Sunsettime. The next stepinvolvescontriving
thenumerouswayspossiblefor a userto querythis in-
formation. Thefinal stepinvolvesembeddinggrammar
formatsrepresentingthesequeries.EGT’s representing
theabovementionedinformationareillustratedbelow.

�
span class=”FSnPSmDk”� Temp:

�
/span� �

span
class=”FSnBSmDk12”� � ROBOTGRAM-IN� * [is] the

temperature [is] at CollegePark
�

/ROBOTGRAM-IN� 45F

�
td valign=”bottom” � � span

class=”redtemps”� � ROBOTGRAM-IN� * [is] the
weather [is] at College Park

�
/ROBOTGRAM-IN� mostly

clear
�

/span� � /td �
�

span class=”FSnPSmDk”� Rel. Humidity:
�

/span��
span class=”FSnBSmDk12”� � ROBOTGRAM-IN� * [is]

thehumidity[is] at CollegePark
�

/ROBOTGRAM-IN� 61

�
span class=”FSnPSmDk”� Sunrise:

�
/span� �

span
class=”FSnBSmDk12”� � ROBOTGRAM-IN� * [time]
[does� did] [is] the sun [will �would] (rise� rises� rose) * at
CollegePark

�
/ROBOTGRAM-IN��� 06:19am

�
span class=”FSnPSmDk”� Sunrise:

�
/span� �

span
class=”FSnBSmDk12”� � ROBOTGRAM-IN� * [time]
[does� did] [is] the sun [will �would] (set� sets) * at College
Park *

�
/ROBOTGRAM-IN��� 06:19am

�
span class=”FSnPSmDk”� Wind:

�
/span� �

span
class=”FSnBSmDk12”� � ROBOTGRAM-IN� * [is] the
[wind] (speed� velocity) [of the] [wind] [is] at College Park
[is]
�

/ROBOTGRAM-IN� 3 mph

Example2 : StockMark et Queries
Again in this example,we follow the stepspreviously
outlinedfor annotationwith EGT’s. Thecontentthata
useris likely to queryin this caseis morelimited than
in theweatherpage- 1) Currentstockquote2) Change
in the stockquote. EGT annotatedsamplesareshown
below.

�
td align=”RIGHT” bgcolor=”#DDDDDD” � � font

face=”arial,helvetica,sans-serif” size=”2”
class=”mkcharttxt” � � ROBOTGRAM-IN� * [is] [Nasdaq
*] [the] (value� quote� price) [of Nasdaq]*

�
/ROBOTGRAM-

IN � 22.42
�

/font� � /td �
�

td align=”RIGHT” bgcolor=”#DDDDDD” � � font
face=”arial,helvetica,sans-serif” size=”2”
class=”mkcharttxt” � � ROBOTGRAM-IN� * [Nasdaq
*] (change� drop� rise� difference� differ) * [value� quote� price] [
of Nasdaq]*

�
/ROBOTGRAM-IN� -0.92

�
/font� � /td �

3.2 SemanticAnalysisusingEGT

Semanticanalysisinvolvesparsingthe annotatedweb-
pagesto find a matchfor the query, andextractingthe
relevant response.This responseis fed to the speech
recognitionsystemwhich readsit outusingaTTS(Text
to Speech)engine. The generalgrammarformat is
aimedat encompassinga wide varietyof thequerylan-
guagestructureusedby humans,in normal conversa-
tional mode. In the caseof a queryon the weatherat



aparticularplace,theusercanaskquestionslike “What
is theweatherat � place� ”, “Can youpleasetell mehow
the weatheris at � place� ” or say“Tell methe weather
at College Park” andtheparserwould beableto find a
matchingEGT andextracttheresponsewith perfectac-
curacy. Similarly, in our stockvalueexamplethe user
would be able issuequeriesin formatssuchas “How
is Nasdaq’s price today”,”What is thevalueof Nasdaq
today”,”Tell methequoteof Nasdaqtoday”. It is impos-
sibleto beableto includeall possiblequeryformatsthat
couldbeused.Whenwe arenotableto find a matching
EGT, we performlimited NLP on thequery. Theparser
enginethengeneratesdifferentpossiblequerystructures
with the samemeaning,and tries to find a matching
EGT. Thuseven in the worst caseof a highly compli-
catedquery, we have transferredthe techniqueof NLP
to the querycontent,ratherthanto the informationon
the web-page.Successfulexperimentson the basisof
a largenumberpeoplewho conversedwith our system,
revealedthatalmostall theusersqueriedtherequiredin-
formationin speechformatsthatwehadincluded.Even
in thecaseof thefew unconventionalqueryformats,our
enginesuccessfullyextractedthe response,by restruc-
turing thequeryandthenfindinganEGTmatch.

4 Future Work

Our currentresearchis focusedon creating,evaluating
andexpandingtheutility of EGTsfor thesemanticweb.
Specifically, weareexploring

– ExpandableGrammarWe arelooking into making
thegrammarusedto modelqueryformatsdynam-
ically expandableand capableof learningfrom a
wide variety of userqueries.This would alsoen-
ableauthorsof web-pagesto extendfrom univer-
sallyavailablequerypackages.

– Automaticgeneration of EGTs. We aredeveloping
automaticmethodsfor creationof EGT annotated
web-pages.This is an importantstepof reducing
theeffort thatis, sofar, expectedfrom thedesigner
of thewebpagetoexertin spelling-outandexpress-
ing theEGTsthatareappropriatefor thewebpage
content.

– Differentmetricsfor recognition of EGTs. We are
evaluatingthe useof differentdistancemetricsto
determinethedegreeof matchingbetweena given
queryandEGT. Anticipating usersto employ un-
accountedfor queryformats,it becomesnecessary
to find the bestmatchfor the query. Classictools
currentlyemployedin NLP suchasHiddenMarkov
ModelsandBayesianstatisticalanalysisarebeing
considered.

– Searching for EGT enabledpagesWe aredesign-
ing a crawler that will parsethrough web-pages
andstorea databaseof EGTqueriesalongwith the
correspondinglinks. This would assistthe devel-
opmentof a morepowerful searchenginefor user
queries.

– Public use. We arebuilding a public tool thatwill
provide usersthe opportunityto employ the EGT
technologyfor speech-basedinformation retrieval
from web-sites.This will allow a broadtestingof
thepowerof theEGTrepresentationanddetermine
thedirectionsin which it needsto beimproved.

5 Conclusion

In thispaperanew semantictaggingrepresentation(i.e.,
EGT) was proposedand developed. The taggingap-
proachis adeparturefrom existingdefinitionanduseof
tagsin XML, RDF andDAML. Employing BNF gram-
marto representthequerieswhichusersmayemploy to
recover informationchangesthecurrentview of seman-
tic contentof webpagessincewereachbeyondmeaning
into anticipationof querysyntaxandsemantics.There
arefar reachingimpactsto this proposal.First, thede-
signerof the web is given the role of anticipatingthe
queriesthatarematchedtoparticularcontentitems.Sec-
ond, the web-searchengineis relieved from the load
of performingNLP sincethemappingbetweenqueries
andcontenthasbeenalreadyprogrammedinto thepage.
Third, userscancreatively expandthesemanticreachof
thecontentof web-pagesby simply creatingnew EGTs
thatreflectpotentialqueries.
We providedanimplementationof our EGTsin thedo-
main of weatherandstockmarket search.We arecur-
rently expandingthe power of EGTs and refining the
meansof matchingqueriesto EGTs.
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