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1. INTRODUCTION
Whendatabaseschemasfor the samedomainaredevel-

opedby independentparties,they will almostalwaysbequite
differentfrom eachother. Thesedifferencesarereferredto
assemanticheterogeneity. Semanticheterogeneityalsoap-
pearsin thepresenceof multiple XML documents,webser-
vicesandontologies– or morebroadly, whenever thereis
morethanonewayto structureabodyof data.Thepresence
of semi-structureddataexacerbatessemanticheterogeneity,
becausesemi-structuredschemasaremuchmore�e xible to
startwith. In order for multiple datasystemsto cooperate
with eachother, they mustunderstandeachother's schema.
Without suchunderstanding,the multitudeof datasources
amountsto adigital versionof theTowerof Babel.

This articlebeginsby reviewing severalcommonscenar-
ios in which resolvingsemanticheterogeneityis crucial for
building datasharingapplications.We thenexplain why re-
solvingsemanticheterogeneityis dif�cult, andreview some
recentresearchandcommercialprogressin addressingthe
problem. Finally, we point out the key openproblemsand
opportunitiesin thisarea.

2. SCENARIOS OF SEMANTIC HETERO­
GENEITY

Enterprise Inf ormation Integration (EII): Enterprisesto-
dayareincreasinglyfacingdatamanagementchallengesthat
involve accessingand analyzingdata residing in multiple
sources,suchasdatabasesystems,legacy systems,ERPsys-
temsandXML �les and feeds. For example,in order for
an enterpriseto obtain a “single view of customer”,they
musttapinto multipledatabases.Similarly, to presentauni-
�ed externalview of their data,either to cooperatewith a
third partyor to createanexternalfacingwebsite,they must
accessmultiple sources.As the electronicmarketplacebe-
comesmoreprevalent, thesechallengesarebecomingbot-
tlenecksin many organizations.

Therearemany reasonsfor which datain enterprisesre-
sidesin multiple sourcesin whatappearsto bea haphazard
fashion.First, many datasystemsweredevelopedindepen-
dently for targetedbusinessneeds,but when the business
needschanged,dataneedsto be sharedbetweendifferent
partsof theorganization.Second,enterprisesacquiremany
datasourcesasa resultof mergersandacquisitions.

Overtheyears,therehavebeenmultipleapproachesto ad-
dressingenterpriseinformationintegrationchallenges.Until
the late 90's, the two leadingapproacheswere dataware-
housingandbuilding customsolutions. Datawarehousing
solutionshadthedisadvantageof accessingstaledatain many
casesandnot beingable to work acrossenterprisebound-
aries. Customcodesolutionsareexpensive, hardto main-
tain,andtypically notextensible.

In the late 90's, several companiesofferedsolutionsthat
queriedmultiple datasourcesin real-time. In fact, theterm
EII is typically usedto refer to thesesolutions. While the
usersof thesesystemsstill seea singleschema(whetherre-
lationalor XML), queriesaretranslatedon the�y to appro-
priatequeriesover the individual datasources,andresults
arecombinedappropriatelyfrompartialresultsobtainedfrom
thesources.Consequently, answersreturnedto theuserare
alwaysbasedon freshdata. Interestingly, several of these
companiesbuilt their productson XML platforms,because
the�e xibility of XML (andmoregenerallyof semi-structured
data)deemedit moreappropriatefor dataintegrationappli-
cations.A recentarticle [8] surveys someof thechallenges
facedby this industry. Finally, morerecentresearchhaspro-
posedpeer-to-peerarchitecturesfor sharingdatawith rich
structureandsemantics[1].

In any of thesedatasharingarchitectures,reconcilingse-
manticheterogeneityis key. No matterwhetherthe query
is issuedon the �y , or datais loadedinto a warehouse,or
whetherdatais sharedthroughwebservicesor in a peer-to-
peerfashion,thesemanticdifferencesbetweendatasources
needto be reconciled.Typically, thesedifferencesarerec-
onciledby semanticmappings. Theseareexpressionsthat
specifyhow to translatedatafrom onedatasourceinto an-
other in a way that preservesthe semanticsof the data,or
alternatively, reformulatea queryposedon onesourceinto
a queryon anothersource.Semanticmappingscanbespec-
i�ed in a variety of mechanisms,including SQL queries,
XQueryexpressions,XSLT scripts,or evenJavacode.

In practice,the key issueis the amountof effort it takes
to specifya semanticmapping.In a typical dataintegration
scenario,over half of theeffort (andsometimesup to 80%)
is spenton creatingthe mappings,andthe processis labor
intensive anderror prone. Today, mostEII productscome
with sometool for specifyingthesemappings,but thetools
arecompletelymanual– anexpertneedsto specifytheexact



mappingbetweenthetwo schemas.

Querying and Indexing the Deep Web: The deepweb
refersto webcontentthatresidesin databasesandis accessi-
blebehindforms.Deepwebcontentis typically not indexed
by searchenginesbecausethe crawlers that theseengines
employ cannotgo pastthe forms. In a sense,the form can
beseenasa(typically small)schema,andunlessthecrawler
canunderstandthemeaningof the�elds in theform, it gets
stuckthere.

The amountand value of contenton the deepweb are
spectacular. By someestimates,thereare1-2ordersof mag-
nitudemorecontenton thedeepwebthanthesurfaceweb.
Examplesof suchcontentrangefrom classi�edadsin thou-
sandsof newspapersacrossthe world, to data in govern-
ment databases,productdatabases,university repositories
andmore.

Here too, the challengestemsfrom the fact that thereis
a very wide variety in the way web-sitedesignersmodel
aspectsof a given domain. Therefore,it is impossiblefor
designersof webcrawlersto assumecertainstandardform-
�eld namesandstructuresasthey crawl. Even in a simple
domainsuchas searchingfor usedcars,the heterogeneity
in forms is amazing.Of course,the main challengecomes
from thescaleof theproblem.For example,thewebsiteat
www.everyclassi�ed.com,the �rst site to aggregatecontent
from thousandsof form-basedsources,includesover 5000
semanticmappingsof webformsin thecommoncategories
of classi�edads.Laterin thearticle,I will describetheideas
whichmadethiswebsitepossible.

It is importantto emphasizethat accessingthe deepweb
is even moreof a challengefor the contentproviders than
it is for thesearchengines.Thecontentprovidersthrive on
gettingusers'attention.In theearlydaysof theWWW, any
gooddatabasewouldbeimmediatelyknown(e.g.,IMDB for
movies). However, the numberof suchdatabasestoday is
vast(estimatedin thehundredsof thousands),andpeopledo
not know aboutthem. Instead,people's searchesstartfrom
the searchbox of their favorite engine,and theseengines
do a very poor job of indexing deepweb content. Hence,
if I createan excellent databaseof middle-easternrecipes
andput it on the web behinda form, it may remaininvis-
ible. Ironically, I'm betteroff creatinga setof web pages
with my recipecontentsthancreatingan easilysearchable
database.Finally, it shouldbe notedthat enterprisesearch
facesa somewhatsimilar problem: many of the interesting
datasourceswithin anenterprisearein databases,andeven
providing simplekeyword searchover this contentis quite
challenging.

Merchant Catalog Mapping: A frequentexampleof se-
manticheterogeneityoccursin aggregatingproductcatalogs.
Consideran online retailer suchas Amazon.com. Sucha
retailer acceptsfeedsof productsfrom thousandsof mer-
chants,eachtrying to sell their goodsonline. To aggre-
gatethe vast numberof feeds,online retailersprescribea
schema:a hierarchyof productsandtheir associatedprop-

erties. To sell their productsonline, the merchantsneedto
senda feed that adheresto the prescribedschema. How-
ever, on the back-end,the dataat the merchantis storedin
their local schema,which is likely quite differentfrom the
oneprescribedby the retailer(andtypically coversa small
fragmentof thatschema).Hence,theproblemwe facehere
is creatingmappingsbetweenthousandsof merchantsanda
growing numberof recognizedonline retailers(roughly 10
of them in the USA at this time). An interestingpoint to
noteaboutthisscenariois thatthereis notnecessarilya sin-
glecorrectsemanticmappingfrom themerchant'sschemato
thatof the retailer. Instead,becausetherearesubtlediffer-
encesbetweenproductcategories,andproductscanoftenbe
mappedto several categories,therearemultiple mappings
thatmaymake sense,andthe“best” oneis theonethatulti-
matelysellsmoreproducts!

SchemaversusData heterogeneity: Heterogeneityoccurs
not only in the schema,but also in the actualdatavalues
themselves. For example, theremay be multiple ways of
referringto thesameproduct. Hence,even thoughyou are
told thata particular�eld in a merchant'sdatamapsto Pro-
ductName, thatmaynot beenoughto resolvemultiple ref-
erencesto a single product. As other commonexamples,
thereareoftenmultiplewaysof referringto companies(e.g.,
IBM vs. InternationalBusinessMachines),peoplenames
(that are often incomplete),and addresses.To fully inte-
gratedatafrom multiple sourcesoneneedsto handleboth
the semantic-level heterogeneityand the data-level hetero-
geneity. Typically, differentproductshave addressedthese
two partsof theproblemin isolation.As oneexample,sev-
eralof theproductsfor `globalspendanalysis'havefocused
on data-level heterogeneity. This article focusesmostly on
schemaheterogeneity.

Schemaheterogeneityand semi-structured data: I argue
that the problemof semanticheterogeneityis exacerbated
whenwedealwith semi-structureddata,for severalreasons.
First,theapplicationsinvolvingsemi-structureddataaretyp-
ically onesthat involve sharingdataamongmultiple par-
ties, andhencesemanticheterogeneityis part of the prob-
lemfrom thestart.Second,schemasfor semi-structureddata
aremuchmore�e xible, sowe aremorelikely to seevaria-
tions to the schema.Finally, the main advantageof semi-
structuredis that attributescanbe addedto the dataat will
(or evensimply derivedfrom inspectingthedataitself), and
oncethat �e xibility is in place,thenumberof additionalat-
tributeswe seeis signi�cant, andunderstandingtheir exact
meaningbecomescrucial.Onthe�ip side,in many applica-
tionsinvolving semi-structureddatait is enoughto reconcile
only a speci�c set of attributes,while we can still manip-
ulateanddisplayany otherattribute. Speci�cally, we only
needto reconcilethoseattributesthat aregoing to be used
for equatingdataacrossmultiplesources.



Figure1: Reconcilingtwo disparateschemas.

3. WHY IS IT SO HARD?
Theproblemof reconcilingschemaheterogeneityhasbeen

a subjectof researchfor decades,but solutionsarefew. The
fundamentalreasonthat makes semanticheterogeneityso
hardis thatthedatasetsweredevelopedindependently, and
thereforevaryingstructureswereusedto representthesame
or overlappingconcepts. In many cases,we are trying to
integratedatasystemsthat weredevelopedfor slightly (or
vastly)differentbusinessneeds.Hence,even if they model
overlappingdomains,they will modelthemin differentways.
Differing structuresarea byproductof humannature– peo-
ple think differentlyfrom oneanotherevenwhenfacedwith
thesamemodelinggoal. As a simpleillustration,oneof the
assignmentsI give in my senior-level databasecourseis to
designaninventoryschemabasedonaone-pageEnglishde-
scriptionof what it shouldcover. Invariably, theschemasI
getfrom my studentsarevastlydifferent[6].

Fromapracticalperspective,oneof thereasonsthatschema
heterogeneityis dif�cult and time consumingis that it re-
quiresbothdomainandtechnicalexpertise:you needa per-
son that understandsthe businessmeaningof eachof the
schemasbeingreconciledandpeopleskilledin writing trans-
formations(e.g.,SQLor XQueryexperts).

While schemaheterogeneityis challengingfor humans,it
is drasticallymorechallengingfor programs.A programis
only giventhetwo schemasto reconcile– but thoseschemas
aremerelysymbols.They donotcapturetheentiremeaning
or intentof theschemas– thoseareonly in themindsof the
designers.

Figure 1 illustratessomeof the challengesin resolving
semanticheterogeneity. The �gure shows a typical manual
schemamatchingtool in which the designerneedsto draw
linesbetweenthematchingattributesof thetwo schemas.As
canbeseenin theexample,thereareseveralkindsof seman-
tic discrepanciesbetweenschemas:(1) thesameschemael-
ementin thetwo schemasaregivendifferentnames(e.g.,Is-
sueDate andOrderIssueDate), (2)attributesin theschema
aregroupedinto tablestructures(or XML nesting)in differ-
entways(e.g.,considerthesubtreesof theBuyerParty el-
ementin the two schemas),and(3) oneschemamay cover
aspectsof thedomainthatarenotcoveredby theother(e.g.,
theleft schemadoesnothaveanythinglikeOrderSummary
in theright schema).

When reconcilingheterogeneityfrom thousandsof web
forms, thereareadditionalsourcesof heterogeneity. Some
formsarealreadyspecializedfor a particulardomain(used
cars,jobs), while in othersthe userneedsto selecta cate-
gorybeforeenteringadditionalattributes.In somecases,the
locationis alreadyimplicit in theform (e.g.,usingsomehid-
den�elds), while in otherstheuserneedsto selectacity and
stateor zip.

It is oftenarguedthattheway to resolvesemantichetero-
geneityis thoughstandardschemas.However, experience
hasshown thatstandardshavevery limited successandonly
in domainswherethe incentivesto agreeon standardsare
very strong. Even then, as the online retailer exampleil-
lustrated,while dataprovidersmay sharetheir datausing
a standard,their own datasystemsstill employ their origi-
nal schemas(andthecostof changingthosesystemsis pro-



hibitive). Hence,semanticheterogeneityneedsto be re-
solved at the stepwherethe dataprovider exposesits data
to its counterparts.

As onethinksaboutresolvingschemaheterogeneity, it is
importantto noteseveralcommoninstancesof theproblem,
whichmayshedlight on thespeci�c problemat hand:

� Oneschemamaybeanew versionof theother.

� Thetwo schemasmaybeevolutionsof thesameorigi-
nal schema.

� We may know that we have many sourcesmodeling
thesameaspectsof theunderlyingdomain(horizontal
integration).

� We mayhave a setof sourcesthat cover differentdo-
mainsbut overlapat theseams(verticalintegration).

4. THE STATE OF THE ART
Resolvingschemaheterogeneityis inherentlya heuristic,

humanassistedprocess.Unlesstherearevery strongcon-
straintson how the two schemasyou are reconciling are
different from eachother, oneshouldnot hopefor a com-
pletelyautomatedsolution.Thegoal is to reducethetime it
takesa humanexpert to createa mappingbetweena pair of
schemas,andenablethemto focuson thehardestandmost
ambiguouspartsof themapping.For example,thetoolsthat
enabledbuilding the web site at www.everyclassi�ed.com
requiredthatwebeableto mapthe�elds of thewebform to
our own schemain oneminute,onaverage.1

As would be expected,peoplehave tried building semi-
automatedschemamatchingsystemsby employing a vari-
ety of heuristics(see[13] for a survey). Below we review a
few of theseandtheir limitations. We notethat theprocess
of reconcilingsemanticheterogeneitytypically involvestwo
steps. In the �rst, calledschemamatching,we �nd corre-
spondencesbetweenpairs(or largersets)of elementsof the
two schemasthat refer to the sameconceptsor objectsin
the realworld. In thesecondphase,we build on thesecor-
respondencesto createthe actualschemamappingexpres-
sions. The Clio Projectat IBM Almaden[15] is a prime
exampleof work onbuilding themappingexpressions.

The following classesof heuristicshave beenusedfor
schemamatching.

� Schemaelementnames: elementnames(e.g., table
andattributenames)carrysomeinformationabouttheir
intendedsemantics.Hence,by looking at the names,
possiblystemmingthewords�rst we canobtainclues
for the schemamatcher. The challengesinvolved in
usingnamesarethattheuseof synonymsis verycom-
mon as is the useof hypernyms (wordsthat arespe-
cializationsor generalizations).Furthermore,weoften

1Mapping web forms also involves challengesbeyond semantic
heterogeneity, especiallyin theageof JavaScript.

seethat sameword being usedwith different mean-
ings (homonyms). In addition,we often seeabbrevi-
ationsandconcatenationsof wordsappearingin ele-
mentnames.

� Data types: schemaelementsthat mapto eachother
arelikely to havecompatibledatatypes,but this is cer-
tainly not a rule. However, in many schemasthedata
typesareunderspeci�ed(e.g.,CDATA for XML). In
practice,consideringdatatypesis ausefulheuristicfor
ruling out certainmatchcandidates.

� Data instances:elementsfromtwo schemasthatmatch
eachother often have similar datavalues. Similari-
ties canarisein several ways: (1) valuesdrawn from
the samesmall domain,e.g.,makesof carsor names
of countries,(2) signi�cant occurrencesof the same
values(e.g., superlativesdescribinghousesfor sale),
or (3) patternsof values(e.g., phonenumbers,price
ranges).Datainstancesareextremelyusefulwhenavail-
able,but onecannotrely on their availability.

� Schemastructur e: Matching elementsin a schema
aretypically relatedto otherrelatedschemaelements.
For example,in anobject-orientedhierarchy, it' soften
thecasethat if two classesmatcheachother, thenthe
children of theseclasseswill also (at leastpartially)
match. In XML DTDs proximity of attributes in a
DTD (e.g.,a Phone �eld next to Agent may suggest
that it is the phoneof the agent). However, relying
on sucha heuristiccanbe very brittle, andoneof the
main challengesis to �nd an initial matchthat drives
thesimilarity of its neighbors.

� Integrity constraints: Consideringintegrity constraints
on singleattributesor acrossattributescanbe useful
for generatingmatches.For example,if two attributes
areknown to bekeys in their respectiveschemas,then
thatprovidesadditionalevidencefor their similarity.

While eachof theseheuristicsis useful, experiencehas
shown that takingany of themin isolationleadsto a brittle
schemamatchingsolution. Hence,researchhasfocusedon
building systemsthatcombinemultiple heuristics[2, 3, 12].

Despitetheseideas,commercialproductsrely on com-
pletely manualspeci�cation of semanticmappings. They
help by offering visual interfacesthat enabledesignersto
draw thelinesbetweenelementsof disparateschemas,while
the nitty gritty detailsof the mappingcan often be gener-
atedon thebackend. Thesetoolsalreadysave a signi�cant
amountof time,but they donotsuggestmappingsto thede-
signer.

5. AN EMERGING SOLUTION: LEVERA G­
ING PAST EXPERIENCE

Oneof thefundamentalreasonsthattheschemamatching
solutionsdescribedabovearebrittle is thatthey onlyexploit



evidencethat is presentin the two schemasbeingmatched,
ignoring pastexperience. Theseschemasoften lack suf�-
cient evidenceto be able to discover matches. However,
looking morecloselyat schemamatchingtasks,it is evident
that thesetasksareoften repetitive. Speci�cally, we often
�nd that we repeatedlymap schemasin the samedomain
into a commonmediatedschema.For example,creatingthe
engineat www.everyclassi�ed.cominvolvedmappingthou-
sandsof web forms in the samedomain into a common
schema,the oneexposedto the usersby the engineitself.
A humanexpert, after seeingmany schemasin a particu-
lar domain,is ableto mapschemasmuchfasterbecauseshe
hasseenmany variationsonhow conceptsin thedomainare
representedin schemas.

Thechallenge,therefore,is to endow theschemamatcher
with thesamecapabilities:leveragepastexperience.For ex-
ample,oncethesystemhasbeengivenseveralmappingsin
the domainof usedcars,it shouldbe able to predictmap-
pings for schemasit hasnot seenbefore. As it seesmore
schemasin a particulardomain,its predictionsshouldbe-
comemore accurate,and it shouldbe more robust in the
presenceof variations.

This ideawasexploredfor the pastfew yearsin several
academicresearchsettings[3, 7, 9, 10,11], andhasrecently
beenappliedcommerciallyfor the�rst time by Transformic
Inc., thecreatorsof www.everyclassi�ed.com.

Theresearchprojectsconsideredtheuseof MachineLearn-
ing asa mechanismfor enablinga schemamatcherto lever-
agepreviousexperience.In MachineLearning,thesystemis
provideda setof training examples, andusesthemto learn
modelsof thedomainof interest. In this context, the train-
ing examplesareschemamappingsthat aremanuallycon-
structedby domainexpertsand given to the system. The
modelsof the domainenablethe systemto look at a new
schemaandpredicta schemamap. For example,the sys-
tem can learn that the attribute concerninghousedescrip-
tionstypically involvesa long text andincludefrequentoc-
currencesof superlatives.Furthermore,thesystemcanlearn
variationson thewayspeoplenamethis �eld in practice.

Web-servicesearchengine:Anotherapplicationof thisidea
is searchfor web services,namely locating web services
(or operationswithin them)that arerelevant to a particular
need. Simplekeyword searchdoesnot suf�ce in this con-
text becausekeywords(or parameternames)do not capture
the underlyingsemanticsof the web service. The Woogle
SearchEngine(describedin a paper[4], and available at
www.cs.washington.edu/woogle)isbasedonanalyzingalarge
collectionof web servicesandclusteringparameternames
into semanticallymeaningfulconcepts.Theseconceptsare
usedto predictwhentwo webserviceoperationshave simi-
lar functionality.

What can you learn fr om the past?
Theparadigmof learningfrom pastexperienceof perform-
ing schemamatchingtasksis only in its infancy. It is inter-

estingto take a stepbackandconsiderwhat onecanlearn
from thepastin this context.

Weassumethepastisgivento usasacollectionof schemas
in a particulardomain,mappingsbetweenpairsof schemas
in thatcollection,andto theextentpossible,datainstances.
Theschemascancomefrom anywhere,andcaninvolvevery
closelyrelateddomains,not necessarilymodelingthesame
data.In many cases,suchschemascanbeobtainedfrom the
Web or resourcessuchasxml.org. In others,they may be
availablethroughoutanenterprise.We oftenrefer to sucha
collectionof schemasasa corpus, in analogyto the useof
corporaof documentsunderlyingInformationRetrieval (IR)
andweb-searchengines.Of course,while thecorporain IR
involve collectionsof words,herewe aremanagingseman-
tically richerelements,suchasschemasandtheir instances.

Thegoalof analyzinga corpusof schemasandmappings
is to provide hints aboutdeeperdomainconceptsandat a
�ner granularity. Looking a bit closerat the approach,the
following areexamplesof whatwecanlearnfrom a corpus.

� Domain conceptsand their representationalvaria-
tions: As a �rst step,we cananalyzea corpusto iden-
tify the main conceptsin the domain. For example,
in a corpusof book inventoryschemas,we may iden-
tify the conceptof book and warehouseand a clus-
ter of price-relatedelements.Evenmoreimportantly,
we will discovervariationson how theseconceptsare
represented.The variationsmay differ on namingof
schemaelements,groupingattributesinto tablesor the
granularityof modelinga particularconcept.Knowl-
edgeof thesevariationswill be leveragedwhen we
matchtwo schemasin thedomain.

� Relationshipsbetweenconcepts:Givena setof con-
cepts,wecandiscoverrelationshipsbetweenthem,and
thewaysin whichtheserelationshipsaremanifestedin
the representation.For example,we can�nd that the
Books table typically includesan ISBN columnand
a foreignkey into anAvailability table,but that ISBN
never appearsin a Warehouse table. Theserelation-
shipsare useful in order to prunecandidateschema
matchesthatappearlesslikely. They canalsobeused
to build asystemthatprovidesadvicein designingnew
schemas.

� Domain constraints: Wecanleverageacorpusto �nd
integrity constraintson thedomainandits representa-
tions. For example,we can observe that ISBN is a
foreign key into multiple tablesinvolving books,and
hencepossiblyanidenti�er for books,ordiscoverlikely
datatypesfor certain�elds (e.g.,address,price).Con-
straintsmay have to do with ordering of attributes.
For example,in a corpusof web formsaboutcarsfor
sale,we may discover that the make attribute is al-
waysplacedbeforethemodel andprice attribute,but
occursafterthenew/used attribute.



Typically, constraintswe discover in this way aresoft
constraints, in the sensethat they aresometimesvio-
lated,but canstill betakenasrulesof thumbaboutthe
domain. Therefore,they are extremely useful in re-
solvingambiguoussituations,suchasselectingamong
severalcandidateschemamatches.

6. LOOKING FORWARD
The needfor �e xible data sharingsystems,within and

acrossenterprisesis only in its infancy. The toolswe have
todaylag far behindcustomerneeds.The problemis only
exacerbatedby thefactthatmuchmoreof thedatawe need
to manageis semi-structured,andis often the resultof try-
ing to extract structurefrom unstructureddata. Hence,we
needto managedatawherethevalues,attributesnamesand
semanticsareoftenuncertain.

Going forward, I seetwo major challengeareas:dealing
with drasticallylargerschemasanddealingwith vastlymore
complex datasharingenvironments.In bothof these,I think
we mayhave to changethewaywe think abouttheproblem
at hand.I touchoneachin turn.

Lar ger Schemasand SchemaSearch
Thetechniquesdescribedabove dealwith small to medium
size schemas(including up to hundredsof elements). To
their credit,it shouldbenotedthatthetechniquesgracefully
handlelarge numbersof suchschemas.It is well known
that many real-world schemashave thousandsof schema
elements(tablesandattributes),the SAP schemasbeing a
primeexample.Thechallengeof creatingschemamappings
is considerablyharderhere:youcannotevenview theentire
schemaonascreenor multiple screens.

I believe thereare two principlesthat needto guide the
workonmappinglargerschemas.The�rst is thattheschema
matchingtoolsneedto incorporateadvancedinformationvi-
sualizationmethods(see[14] for anexampleof suchwork).
Much of the challengein designingschemamappingsfor
large-scaleschemasis ensuringthat theattentionof thede-
signeris constantlydirectedto theright place,that they can
view hypotheticalmappingsand remove them easily, and
that they canseeeffectively how onefragmentof themap-
ping may affect other fragments. The systemshouldalso
be ableto explain why certainmatchpredictionsarebeing
made.

Thesecondprinciple I would put forth requireschanging
the way we think of schemamatching. Speci�cally, I am
proposinga schemasearch engine. The enginecontainsa
setof indexeson theelementsof a particularschema(or set
of schemas).Theenginetakesasinputschemaelement(e.g.,
tablename,attribute,XML tag),schemafragments,or com-
binationsof schemafragmentsanddatainstances.The en-
ginereturnsa rankedlist of schemaelementsin theindexed
schemathatarecandidatematches.Theinterfaceshouldbe
assimpleasweseetodayin searchengines.Thejusti�cation
for sucha tool is thatmuchof thework in schemamapping

is simply �nding wherein a hugeschematherearerelevant
fragmentsto the part of the schemathat is currentlyunder
consideration,or alternatively, �nding a relevantschemain
a largecollectionof schemas.Hence,insteadof focusingon
toolsthatsolve theentireproblem,but areinherentlybrittle,
build robust tools thatbring theuserscloserto their needs.
TheWoogleweb-servicesearchenginepreviouslydescribed
is an exampleof suchan engine,but searchingover web-
serviceoperationsratherthanschemasandtheir fragments.

Managing Dataspaces
A muchgreaterchallengefacingthedatamanagementcom-
munity is to raisetheabstractionlevel at whichdatais man-
aged.Today, we have powerful systemsfor managingdata
at the level of a singledatabasesystem(whetherrelational,
XML, or in someothermodel).However, thedatamanage-
mentchallengeswefaceareatamuchhigherlevel: weneed
to managea dataspace, ratherthana database.

A dataspaceis comprisedof a set of participantsand a
setof relationships. Participantsareindividualdatasources:
relationaldatabases,XML repositories,text databases,web
services,datastreamsystems,sensordeployments,or any
otherelementthatstoresor deliversdata.Someparticipants
maybetransparent, with a full languagefor posingqueries;
aprimeexampleis atraditionalrelationalDBMS.Otherpar-
ticipants may be opaque– offering limited interfacesfor
posingqueries(usuallysupportedby speci�c programs);ex-
amplesarewebservices,storedprocedures,andothersoft-
warepackages.In addition,someparticipantsmayhave no
structureto their data (e.g., text), or only somestructure
(e.g.,codecollections).Examplesof dataspacesinclude:an
enterprise,thedesktop,a library, largescienti�c projects,a
smarthome,or a battle�eld.

A dataspaceshouldbe able to model any kind of rela-
tionshipbetweentwo (or more)participants.In theextreme
case,arelationshipis afull schemamappingthatenablesar-
bitrarydataexchangeandqueryreformulationamongpartic-
ipants.In othercases,therelationshipcanexpresssimplede-
pendencies,wherethedetailsarenot known precisely(e.g.,
oneparticipantis anevolvedversionof another).Therela-
tionshipscanhave a temporalaspect,e.g.,how frequently
datais exchanged,or that oneis a mirror or backupof the
other.

The key distinguishingfeatureof dataspacemanagement
is that integrationsshouldevolve over time andasneeded,
but datashouldbe accessiblein someform from the very
start.Thismeansthatsimplequeries(e.g.,keywordqueries)
shouldalwaysbesupportedoneveryparticipantin thedatas-
pacewithoutany effort. As theownersof thedataspacewant
to createmoretight integrationbetweensourcesandsupport
more complex queriesacrossparticipants,they can create
moredetailedsemanticmappingsasnecessary. In addition,
themanagementof dataspacesshouldconsidertheentirelife
cycle of data,including its acquisition,curation,queryand
update,evolution andanalysis.The initial ideason manag-



ing dataspacesaredescribedin [5], but areonly startingto
intrigue the researchcommunity. Practitionershave so far
embracedtheideawith enthusiasm.
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