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ABSTRACT

Thispaperinvestigatestheproblemof high-levelqueryingof multimediadataby imposingarbitrarydomain-specificconstraints
amongmultimediaobjects.We arguethatthecurrentstructuredquerymodel,andthequery-by-contentmodel,areinsufficient
for many importantapplications,andwe proposean alternative query framework that unifiesandextendsthe previous two
models. The proposedframework is basedon the querying-by-concept paradigm,wherethe query is expressedsimply in
termsof concepts,regardlessof thecomplexity of theunderlyingmultimediasearchengines.Thequery-by-conceptparadigm
waspreviously illustratedby theCAMEL system.Thepresentpaperbuilds uponandextendsthatwork by addingarbitrary
constraintsandmultiple levelsof hierarchyin theconceptrepresentationmodel.

We considerqueriessimply asdescriptionsof virtual datasets,andthat allows us to usethesameunifying conceptrep-
resentationfor queryspecification,aswell asfor dataannotationpurposes.We alsoidentify somekey issuesandchallenges
presentedby thenew framework,andweoutlinepossibleapproachesfor overcomingthem.In particular, westudytheproblems
of conceptrepresentation,extraction,refinement,storage,andmatching.

Keywords: Constraints,concepts,CAMEL, content-basedquery, images,MPEG-7,multimedia

1. INTRODUCTION

Theadvancesin computingpower over the last few yearshave madea considerableamountof multimediadataavailableon
thewebandin domain-specificapplications.< Theresulthasbeenan increasingemphasison therequirementsfor searching
anddescribingsuchlargerepositoriesof multimediadata.= Oneof thefirst realizationsaboutthis new field wasthefactthat
thetraditionaldatabasemodelfor queryingof structureddatadoesnot generalizewell to multimediadomainsof unstructured
data.Onereasonwasthat in databases,theresultswerealwayswell-definedandunorderedsets(i.e., eachitem waseitherin
or out of theresultset),while in multimediaqueries,theresultswerefuzzy andtypically orderedby their degreeof similarity
to thequery. Anotherdifferencewasin theway thedatawasqueried.While therelationaldatabasemodeltreatedall itemsas
attributesetsandconsequentlyall querieswereon theattributes,it wasnotapparenthow to convertasampleimagequeryinto
anattributequeryin a meaningfulandsimplefashion.This led to thewidespreadadoptionof thequeryby example(or query
by content)modelfor imagesearch,wheretheuserwouldspecifyasampleimageandthesystemwould returnimagesthatare
similar in color, shape,texturefeatures,etc.>@?BA

Theabovequerymodelhassomeadvantages,suchascomparisonandrankingof imagesbasedonobjectivevisualfeatures,
ratherthan on subjective imageannotations,for example; and automatedindexing of the imagedata,as opposedto labor
consumingmanualimageannotation. However, this modelhasits drawbacksas well. For one, in someapplicationsit is
difficult to find anappropriatequerysamplefrom thesamedomain,or it maybedifficult to provide it to thequeryengine.For
example,if theuseris lookingfor imagesontheInternetthataresimilarto aspecificimage,thereis nowayto uploadthequery
imageto thesearchengine.In mostcases,he/shewouldhaveto doanextratext searchstepin theimageannotations(file name,
URL, surroundingtext context, etc.),in orderto find suitableimagecandidatesto startthecontent-basedsearch.However, even
then,they maynot find a suitablequeryimage,andthis reductionof the imagesearchproblemto a text searchoneis only aC
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workaroundratherthana permanentfix for theproblem.In otherdomains,theremaynot evenbeavailableannotations,or it
hasto bedonemanually, whichmakestheapproachdifficult to scale.

Themoreimportantdrawbackof thequery-by-contentmodel,however, is thefactthatthereis nointuitivewayof describing
multimediadata,andthereforethereis a largegapbetweentheuser’s perceptionof thedataandtheway it is actuallystored
andmanipulated.In the text domainthis is not a problembecausetheuserperceivesdocumentsasa collectionof wordsand
this is typically how thedocumentsarerepresented.A searchbasedonkeywordsthereforemakesperfectsense,bothfrom the
user’s perspective,aswell asfrom thesystemdesignpoint of view. However, in theimagedomain,for example,thephysical
imagerepresentationis verydifferentfrom thementalmodelof theuser. Therefore,thesystemdoesnotreallyallow theuserto
clearlyexpresswhathe/sheis looking for. Thatambiguityin thequeryspecificationreducesusabilityandnaturallytranslates
into poorretrieval effectiveness,leadingto frustrationon theuser’spart.

In light of the above, we have arguedin favor of a different,concept-basedquerymodel, wherewe introducean extra
layerbetweentheuser’s perceptionandthesystem’s internalrepresentation,capturedin the form of semanticconcepts.<FEG?H<G=
In thatmodel,theuserwould specifya high-level conceptfor eachquery, while thesystemwould translatesaidconceptinto
low-level featuresandwouldperformanenhancedcontent-basedquery. On theonehand,themodelallows theuserto reusea
rich setof predefinedsemanticconceptswithout having to defineor expressthemexplicitly. On theotherhand,it providesa
flexible mechanismfor combiningsuchconceptsinto evenhigherlevel compositeconceptsvia inter-conceptrelationships(or
constraints),thusenablingtheuserto expresspowerful querieswith aninterfacecloseto hismentalmodel.

Thecurrentpaperintroducesa generalizedqueryframework in the spirit of concept-basedqueryingandproposesa rich
representationfor theconcepts.In additionto improving usability, theproposedframework enhancesthequerypower dueto
thesupportof complex constraints.Realizingthat theconceptrepresentationis themostcritical componentof any concept-
basedframework, we try to formulatethemostgeneralconceptrepresentationthatcanbesupportedefficiently by thesystem.
We thereforefocusour attentionmainly on theproblemof supportingarbitraryattributesandconstraintsin thedefinitionsof
concepts.The paradigmof concept-basedqueryingitself is illustratedby the CAMEL system,<FE for example. The present
paperbuilds uponthat work by addingconstraintsamongthe concepts,andfocusingon the constraintspecificationpart for
arbitrarydomains.

Therestof thepaperis organizedasfollows. In theremainderof this section,we try to explain andmotivatetheproblem
of constrainedquerying,describeanoverview of theproposedframework, andlist relevantwork, aswell asour contributions.
In thenext section,wegivea moredetailedexplanationof theframework architectureandthedifferentmodules.We thentalk
abouttheconceptrepresentationwe propose,aswell asmethodsfor matchingsuchrepresentations.In the following section,
wediscusssomeof theissuesthatarerelevantto theproposedframework andwepresentsomepossibleapproachesfor dealing
with thoseissues.Finally, weconcludewith directionsfor futurework andsummaryof contributions.

1.1. ProblemFormulation and Moti vation

Considerthefollowing applicationscenariofor oil exploration.A company is interestedin usingimageanalysistechniquesfor
locatingpotentialoil reservoirs. Thedataconsistsof rockstructureimagestakenatdifferentdepthsfrom variousdrill samples.
Thehypothesisis thata particularcompositionof certainrock formationsis a goodindicationfor potentialoil reservoirs. The
reasoningis thatwhena relatively soft layerof earthis locatedabove andnearan impermeablelayerof rock, therearegood
conditionsfor oil formation. To thatpurpose,thecompany would like to find occurrencesof bothrock types,wherethefirst
oneis on topof thesecondone.Thisexampleis illustratedin Figure1.

The above scenariois an exampleof combiningthe resultsof two fuzzy searchesusingconstraintsthat areboth crisp
(rock A is aboverockB) andfuzzy (rockA is near rockB). We call suchqueriesfuzzy joins with crispandfuzzy constraints.
Accordingto thetypeof searchresultsto bejoined(crispor fuzzy)andthetypeof constraintsusedfor thejoin (againcrispor
fuzzy),wecanhaveseveraljoin combinations.Of those,thecurrentdatabasesystemstypically supportonly thecrispjoinswith
crispconstraints.Whenit comesto introducingany fuzziness,suchdatabasesystemsarevery inefficientatbest,or completely
unusable,at worst.Themultimediasearchsystems,on theotherhand,supportfuzzinessin thesearchesthemselvesbut do not
reallyallow any joins of thesearchresults,or supportthemto avery limited anddomain-specificextent.

Anotherfeaturethat hasvery limited supportin both traditionalandmultimediadatabasesis the definitionof nested(or
recursive)viewsof fuzzyresultsets.For example,buildingontheaboveapplicationscenario,wecanactuallydefinetheconcept
of DELTA LOBE asa sequenceof SANDSTONE on top of SHALEon top of SILTSTONE. The conceptsof SANDSTONE,
SHALE, andSILTSTONE, canberecursively definedby specifyingsamplesof rocktexturesthatfall in thecorrespondingclass.
Usingthepreviouslydefinedviews for SANDSTONE, SHALE, andSILTSTONE, theusermight want to defineDELTA LOBE
view usingthefollowing SQLstatement:
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Figure1. Exampleof a fuzzy join

CREATE VIEW DELTA LOBEAS
SELECT ·
FROM SANDSTONESD,SHALESH,SILTSTONESL
WHERE ABOVE(SD.DEPTH,SH.DEPTH) = 1 AND

ABOVE(SH.DEPTH,SL.DEPTH) = 1 AND
NEAR (SD.DEPTH,SH.DEPTH) = 1 AND
NEAR (SH.DEPTH,SL.DEPTH) = 1

Eventhoughconceptuallythereis nothingnew in this definition, in practiceit is very hardto supportsuchnestedfuzzy
viewsefficiently. Thereasonis thatdueto thefuzziness,gettingevenasinglecandidatefrom thetopview mayinvolvescanning
all candidatesof thechild views, which would bevery time consuming.Thereasonis thata naive algorithmfor determining
the bestmatchfrom the top view would requireexaminingall possiblecombinationsof matchesfrom the childrenviews in
orderto computetheir scores.

Ontheotherhand,therearenumerousapplicationscenariosthat,liketheoneabove,canbenefitgreatlyfromfuzzysearches,
fuzzyjoins,andfuzzynestedviews. In additiontosearching,suchtechnologycanbeusedfor filtering,annotation,classification
andinferencingpurposes,amongothers.For example,selectinga properhelicopterlandingspacefor a forestfire mayinvolve
asatelliteimagesearchwith constraintson landingspacesizeandflatness,proximity to watersourcesandto thefire itself. Or,
thedecisionto buy a housein a certainareamayincludecriteriaaboutproximity to schoolsor hospitals,termitepopulations,
aswell asdemographicfactors.Ideally, all of thesecriteriashouldbe incorporatedinto a singlequerywherethesystemwill
performseparatequeriesto differentsub-systemsandwill integratetheresultsaccordingto thespecifiedcriteria.Therangeof
applicationdomainsthatcanbenefitfrom a singleunifiedview that incorporatesbothfuzzy andcrispqueries,aswell astheir
joinsandnestedviews, include,amongothers:¸ Entertainmentvideos(e.g.,movies,newsandsportsfeeds,etc.)¸ Aerial, satellite,seismic,or medicalimagery¸ Timeseriesandstockmarkeddata¸ E-commercefor personalizedvirtual productcatalogs¸ Musicshopping



1.2. ProposedApproachand Contributions

In this paperwe addressthe above problemsby proposinga new framework that unifiessearches,joins, andnestedviews,
allowing any of themto be crisp or fuzzy. Our framework combinesandgeneralizesboth of the previousquerymodelsfor
structuredandnon-structureddata. It is basedon thequery-by-conceptparadigm,whereconceptsareessentiallygeneralized
viewsandarerepresentedby a fuzzyhierarchicalgraphdatastructure.

Thespecificdetailsof theconceptrepresentationarediscussedin Section3 andthedesignis generalenoughthatit allows
arbitraryuser-definedattributes,constraints,and matchingalgorithmsto be pluggedin the framework. The sameconcept
representationis usedfor describingbothqueriesanddatasothereis a unifiedquerylanguageanddataannotationlanguage.
The internal conceptrepresentationcan be mappedto and from SQL and XML. In fact we proposeto usethe emerging
MPEG-7meta-datastandard(basedon XML) as the interfaceto the conceptrepresentation.By adoptingMPEG-7as the
conceptdefinition language,we automaticallyinherit tools for expressing,manipulating,interpreting,andqueryingMPEG-7
descriptions.For example,the MPEG-7Visual AnnotationTool<G> canbe usedasa visual query interfaceto the proposed
framework.

In additionto proposingtheunifiedqueryframework,wealsoinvestigatethekey issuesandchallengesthatarisein connec-
tion to theframework andtheconceptrepresentation.Suchissuesincludeconceptextraction,or automatedconceptlearning,
storage,compression,andmatchingof concepts,aswell asselectivity estimationof suchgeneralqueries.

1.3. RelatedWork

In thissection,wesurvey someprior artandits relationsto theproposedqueryframework modelandits components.Sincethe
primarytargetfor ourproposedframework is imagequerying,wefirst describethemajorexisting imagequerysystems,along
with someof their advantagesanddisadvantages.Consistentwith our approachof concept-basedquerying,we thenconsider
differentknowledgerepresentationschemesthatcouldbeusedfor conceptrepresentationpurposes.Finally, wedescribesome
work ondesigningefficientalgorithmsfor joining fuzzy resultsets.

1.3.1. Multimedia querying

The problemof searchingmultimediadatahasreceivedconsiderableattentionin the last few years. The early imagequery
systems,suchasIBM’ s QBIC,<F¹»º <G¼½º > MIT’ s Photobook,<F¾»º ¼ theViragesystem,¹ etc.,wereinventedin theearly to mid 90s.
Thosesystemstypically took an imageor a sketchas input, computedsomevisual featuresfrom it (e.g.,color histograms,
texture,shapefeatures),andsearchedoneor moreindexesto returnimageswith similar features.Alternatively, theusercould
specifyvaluesfor thesefeaturesandappropriateweightsreflectingtheir relative importance.Being the first to usecontent-
basedsearch,thosesystemswereabig improvementoverthemethodof manuallyannotatingimagesanddoingatext searchto
find relevantones.

Researchersthenfocusedon studyingothertypesof features,suchaswavelets,¾@?B¿»º <GÀ»º A or localizing the featuresto sub-
imageregions.¿½º A»º <G¿ By segmentingthe imagesinto their regions,or objects,andcomparingimagesat theobjectlevel, such
systemsgot closerto the mentalmodelof the userof how imagesimilarity is established.They werealsoable to exploit
not only visual featuresimilarity but alsothe relationshipsamongthe imageobjects,suchastheir spatialarrangements,for
example.However, the typesof relationships,or constraints,werelimited by the indexing methodsused.Theapproachused
in thesesystemswasthat thesystemshouldcomputetherelevantconstraintsamongtheobjectstransparentlyto theuser, and
thereforetheuserhadlittle controlover thetypesof relationshipsused.In this paper, we adopttheoppositeapproachthatthe
usershouldhave full controlandbeableto specifyarbitraryinter-objectconstraints.

Recently, wehavealsobegunadvocatinga new query-by-conceptparadigm,whichseparatestheuserqueryinterfacefrom
the inner workingsof the underlyingqueryengine(s).<FEF?Á<F= The new intermediatelevel makesthe mechanicsof the actual
searchtransparentto theuser, without limiting theuser’s power in specifyingrelevantattributesandconstraints.Thesystem
providesa uniform andnaturalAPI for specifyingqueryconcepts,which aretheninternally translatedto the specificsearch
engines’specifications.This modularizeddesignprovidesa simplified interfaceandimprovedusability, while preserving,or
evenenhancing,thepower of content-basedsearch.Relatedworks in this context aretheCAMEL imagequerysystem<FE and
themultimediathesaurussystemMediaNet.<Â<Ãº <G= Thispaperis anothereffort in thisdirection.



1.3.2. Knowledgerepresentation

One of the critical componentsof a concept-basedquery systemis the conceptrepresentation.On the one hand, if it is
too simple, the whole framework would be too limited and uselessfor many applications. On the other hand,an overly
complex representationwould not be supportednatively by many searchsystems,which will make the entirequeryprocess
very inefficient. In searchof theright balance,weherebyconsidersomepreviousknowledgerepresentationschemes.

AttributedRelationalGraphs(or ARGs)areoneform of representationusedpreviously to captureinter-objectconstraints
by PetrakisandFaloutsos.<GA Thenodesin ARGscorrespondto objects,while theedgesrepresenttheir relationships.ARGs
arevery similar to semanticnetworks, which wereusedin Artificial Intelligenceandcomputervision.=ÃE»º =»< Both of these
representationsarevery goodcandidatesfor our purposes,however, they lack anappropriatehierarchicalstructurenecessary
for supportof nestedfuzzyviews,andthey donothaveasuitablemechanismfor specifyingrepresentationparametersthatcan
beusedfor learningor extractionpurposes,or to tunea representationto aparticulardataset,for example.

Knowledgerepresentationsthat includesuchparametersin theform of weightsor conditionalprobabilitiesincludeneural
networks=Â= andbeliefnetworks(or Bayesiannetworks).Bothof themhavenodesrepresentingparticularstates,andweightsor
probabilitiescorrespondingto thetransitionbetweenthesestates.Neuralnetworkswerenot entirelysuitablefor our purposes
becausetheir intermediatestatesdo not correspondto any intuitive conceptsbut aretheresimply for auxiliary purposes.In
Bayesiannetworks,ontheotherhand,all statesarewell-definedandhaveaclearinterpretationormeaningthatcanbetranslated
into a concept.However, theparameterson thestatetransitionsactuallycorrespondto conditionalprobabilities,while for our
purposes,weonly needweightsto expressrelativeimportanceof theinnernodesor concepts.Wehavethereforeusedamixture
of theaboverepresentationsthatusesa hierarchicalfuzzygraphdatastructureandis presentedin detail in Section3.

1.3.3. Fuzzy join methods

Therearefew problemsrelatedto constrainedqueryingandfuzzy joins thathavebeenstudiedbefore.Eventhoughto thebest
of our knowledge,thereareno previouspublicationsfocusingexclusively on thesupportfor domain-independentconstraints,
every databasequerysystemor a searchenginesupportsfiltering by constraintsto a certainextent. Typically, the support
extendsto scalarpredicatesthatcanbeevaluatedfor eachdatabasetupleindependentlyof othertuples,aswell assomeform of
aggregatepredicates,wherethevalueof thepredicatefor agivenitemdependson theotheritemsin thedatabaseaswell (e.g.,
nearestneighboror top-k queries).Indexing supportis usuallylimited for suchqueriesandtheexecutionbecomesevenmore
inefficientwhenseveralconstraintsarecombined.

Spatialandattributionalconstraints,for example,havebeenintegratedpreviouslyby PetrakisandFaloutsosin, <GA wherethe
authorsproposeda methodfor searchingmedicalimagesaccordingto their attributedrelationalgraphs(ARGs). Themethod
reliesontheassumptionthatcertainobjectsarecontainedin all imagesfrom agivendomain(e.g.,heart,lungs,etc.) in addition
to a variablenumberof objectsthatareunexpected(e.g,tumor). Thespecificstructuralrelationshipsamongsuchobjectsare
storedin ARGsandareusedfor computingimagesimilarity. Theaboveassumptiondoesnotgeneralizeor scalewell, however,
andthe indexing methodis fairly ineffective if thenumberof unlabeledobjectsis large(which is typically thecasefor most
domains).Othermethodsfor encodingspatialrelationshipsarethe2-D strings,which capturetherelative positionof objects
with respectto theotherobjectsin theset.=Â> SmithandChangdevelopeda queryprocessingsystemfor spatialandfeature-
basedimagequeries,¿ wheretheretrieval wasbasedonspecifyingabsoluteor relativepositionconstraintsontheobjectsin the
image.However, theproposedpipelineandparallelprocessingmethodsdonotguaranteethelackof falsedismissals.

Theproblemof supportingBooleancombinationson multiple ranked independentstreamswasconsideredfirst by Fagin
for thecaseof top-k queries.=Ã¹Bº =Â¼ Ortegaet. al.=Â¾ studieda similar problemof combiningmultiple similarity scoresfor the
samedocumentin a weightedfashionsothat theoverall scoreis a combinationof how well thedocumentmatchedthequery
with respectto bothtext andimageparts.In their MARS databasesystem,they defineda querytreewhosenodesrepresented
intermediatematchesderivedfrom thematchesat thechildrennodes,=ÂÀ andevaluatedit from thebottomup, arriving at the
final similarity scoreat theroot. Bothapproaches,however, consideredonly Booleanconjunctionsanddisjunctionsasthejoin
constraints,andonly a singlelevel of a join hierarchy. TheMARS approachdid usea multi-level querytreebut thedifferent
levelswerederivedsimply by breakingup a singlejoin level of multiple streamsinto a hierarchyof pairwisejoins. Neither
approachthereforeconsiderednestedfuzzyviewsor fuzzy joinswith arbitraryconstraints.

TheSPROC algorithm=Â¿ wasthefirst algorithm,to thebestof our knowledge,thataddressedtheproblemof joining fuzzy
resultsetsby meansof specifyingarbitraryfuzzy constraintsamongthem(seeFigure1 for example). It allows the userto
expressthe queryasa setof sub-queries(nodesin a graph),alongwith fuzzy constraintsamongthem(edgesbetweenthe
nodes).Theproblemis solvedby looking for a maximalcostpath,computedwith a Vitterbi-like algorithm.Basedon certain
assumptions,thealgorithmallowedbothpruningof someedges,aswell assomenodes.Theassumptionswerethatno nodes



participatein more thanoneconstraintand that therewereno cycles. This methodwas the mostgeneralof the described
methodsbut wasstill designedfor a singlehierarchylevel.

Our framework is similar to theseideasbut generalizesthemto arbitrarydomains,allows fuzzymatchingandscoring,and
very importantly, introducesconcepthierarchiesthat canbe reused.Previously, we proposedthe useof primitive concepts
for queryingof images,wherethe conceptsweredefinedby simpleaggregationof wavelet featuresextractedfrom sample
images.<FE Thecurrentpaperextendsthatwork by addingarbitraryconstraintsandcomplex hierarchiesof semanticconcepts.

2. FRAMEW ORK ARCHITECTURE

Thedesignof theproposedframework is illustratedin Figure2. It consistsof four library modulesthatcollectively areusedto
defineconcepts.Oncedefined,conceptscanbeusedin a varietyof applications,suchasquerying,filtering, annotation,classi-
fication,etc. Thus,theconceptsform anintermediatelayerbetweentheuser’s applicationandtheactualsearchengines.The
systemusesa setof APIs to exploit not only datafrom heterogeneoussourcesbut alsodifferentmatching(or join) algorithms
andarbitraryconstraints,includinguser-definedones.
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Figure2. Architectureof theproposedframework

Thefeaturelibrary containsa setof features,suchascolor histograms,textures,shape,motion,etc. Thesefeaturescanbe
thoughtof asconceptattributesandcancomefrom varioussources(traditionaldatabases,multimediasearchengines,MPEG-
7 annotateddata,etc.). The typesof featurescorrespondto MPEG-7DescriptorsandDescriptionSchemes,or canbe user
definedthroughtheAPI. In a way, the featurelibrary reflectsthecapabilitiesof theunderlyingsearchengines.For example,
if thesystemusesQBIC to extracta particulartypeof texturefeature,thenthat featurewould bepresentin thelibrary sothat
conceptscanreflectsearcheson that feature. Treatingall featuresin a unified mannerprovidesmorepower to the system
becauseconceptscanusethecapabilitiesof multipleback-endsearchenginestransparentlyto theuser.

Theconstraintlibrary is simplya collectionof constraints,or relationships,definedona singlefeature,or attribute.Exam-
plesincludespatialor temporalconstraints,featuresimilarity constraints,etc. Thelibrary hasanAPI sothatuserscandefine
theirown constraintsby specifyingtheattributethey applyto, aswell asthenumberof arguments(or concepts)thatthey relate.



Thematchingalgorithmlibrary consistsof a setof join algorithmsthathave thesameinterface.They all take anordered
setof matchesfor a setof childrenconcepts,andcomputean ordersetof matchesfor the parentconceptdefinedthrough
the childrenones. In the process,all algorithmsmake surethat any constraintsdefinedin the parentconceptaremet when
combiningtheresultsfrom thechild concepts.Examplesof suchjoin algorithmsincludeFagin’s algorithm,=Ã¹»º =Â¼ theMARS
querytreealgorithm,=ÂÀ andtheSPROC algorithm.=Ã¿ While thefirst two do not really work with any constraintsbut simply
provideBooleanconjunctionanddisjunction,thelatterallowsarbitraryfuzzyconstraints.Otheralgorithmscanbespecifiedas
longasthey conformto theestablishedinterface.

Finally, theconceptlibrary containsa list of pre-definedconcepts,eitherbuilt into thesystem,shippedasconceptlibrary
plug-inmodules,or previouslydefinedby users.Theprocessof definingnew conceptsis performedby theConceptCataloger
module,andconsistsof the following steps: 1) selecta set of conceptfeaturesfrom the featurelibrary; 2) selecta set of
child conceptsfrom theconceptlibrary; and3) selecta setof constraintson thechild concepts.Any of theabove setscanbe
empty. Thecombinationof thespecifiedchild concepts,alongwith therelationshipsamongthem,form anew conceptwith the
specifiedattributes.Thatconceptis theninsertedin theconceptlibrary for laterreuse.Giventhesetof pre-definedconcepts,
anapplicationcanthenusea concept-basedinterface,whereany input conceptsarelookedup into theconceptlibrary by the
ConceptInterpreter, andtranslatedinto thecorrespondingfeatures,sub-concepts,andconstraints.Thosecomponentsarethen
usedto form queriesto theunderlyingsearchsystems,andtheresultsareaggregatedbackusingthespecifiedjoin algorithms,
andpresentedto the user. The ConceptCataloger, ConceptInterpreter, and the ConceptLibrary have essentiallythe same
functionalityasthecorrespondingmodulesin theCAMEL system.However, dueto themorecomplex conceptrepresentation
model,herethey areslightly moresophisticatedandmakeuseof theaddedFeatureLibrary, ConstraintLibrary, andMatching
Algorithm Library modules.

3. CONCEPT REPRESENTATION

In this section,we formalizethe notion of conceptsandpresentthe particularconceptrepresentationthat we propose.We
usea recursive definition,whereeachconceptis definedasa triple !�"$#
%&#('*) , with " denotinga setof childrenconcepts(or
objects,suchascar), % denotinga setof attributes(or features,suchascolor, shape, texture, etc.),and ' correspondingto a
setof relationships(or constraints,suchasleft-ofor near) amongelementsof " . When " , andtherefore' , aretheemptysets,
we call theresultingconceptsprimitive, andotherwisewe call themcomposite. Intuitively, primitive conceptsrepresentbasic
multimediaentities,suchasimageregions(definedby spatiallocationandshape,or by homogeneityconstrainton a color or
textureattribute),videosegments(specifiedby a time interval in thevideosequence),etc. Compositeobjects(or higher-level
semanticconcepts)arethenderivedfrom lower-level onesby imposinginter-objectconstraintson them.

The conceptrepresentationwe proposefor capturingthe above definition is illustratedin Figure3. It is a hierarchical
fuzzy graphdatastructurethat resemblesa treeof graphs.Nodesin the representationcorrespondto concepts,andcontain
attributesaswell asconstraints.Therearetwo typesof edgesin thedatastructure:aggregationedges,representingparent-child
relationships,andassociationedges,representinginter-sibling constraints.Notethatfor simplicity, theassociationedgesonly
representbinary relationshipsalthoughthe actualrepresentationallows n-ary constraintsin general. The aggregationedges
alsohave associatedweights,reflectingtherelative importanceof thechild conceptsin theparent’s definition. We couldadd
weightsto theassociationedgesaswell but for now wewill treatall constraintsasbeingequallyimportant.

Figure3 depictsa sportsvideo domainexampleof scoringa goal in a soccergame. We have definedthe conceptasa
sequenceof threeevents:a playerkicking theball, thegoal-keepernot catchingtheball, andfinally theball enteringthegoal.
The latter eventsarein turn conceptsdefinedrecursively by meansof the primitive conceptsplayer, ball, goal, goalie. The
relationshipsthatmakesensein thisscenariosareatemporalorderingof theintermediate-levelevents,aswell asseveralspatial,
scaleandmotionconstraintson theprimitive concepts(i.e., ball moving awayfrom player, ball insidethenet,etc.). Overall,
thereis a time constrainton thetotal lengthof thesequence(thethreeeventsneedto occurin a relatively shortperiodof time
for themto besignificant).We couldalsoexpressthelastconstraintasa sequenceof proximity constraintson thetimestamps
of the threeevents. Finally, the weightson the edgesrepresentthe relative importanceof the conceptswith respectto their
siblings.We notethatin thedefinitionof thetop constraint,noneof thefirst two child conceptsareabsolutelymandatory. For
example,aplayermayheadtheball into thenetratherthankicking it, or thegoaliemaynotevenbeneartheball at thetimeof
akick sothattherewouldbenoattemptto catchtheball. Theonly requiredeventis thattheball entersthenet,andit therefore
hasthehighestweightof thethreechild events.Theothertwo areappropriatelyweighedsothat the fartheraway anevent is
from thecritical scoringevent,thelessweightit has.Ontheotherhand,in therecursivedefinitionat theleaf level, all primitive
conceptsarenecessaryfor thedefinitionof theparentonesandarethereforeweightedasequallyimportant.
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Figure3. Exampleof a conceptrepresentationfrom thesportsvideodomain.

4. RESEARCH ISSUES

In thissection,weinvestigateseveralresearchissuesthatarisein connectionwith theproposedframework—includingthestudy
of a constrainttaxonomy, representingconceptsby constrainedcompositions,extractingandlearningconceptdefinitions,and
supportingconstrainedqueriesefficiently.

4.1. Constraint Taxonomy

The first aspectin evaluatingthe usefulnessof the proposedframework andits conceptrepresentationincludesstudyingthe
classof semanticconceptsthat canbe expressedasa combinationof otherconceptsalongwith a setof constraintsdefined
on them. In orderto facilitatethe processof mappingsemanticnotionsinto primitive or compositeconcepts,we studythe
typesof constraintsthat canbe imposed. We thereforeconsidera taxonomyof suchconstraintsfrom a variety of applica-
tions anddomains. For example,classifyingconstraintsby type, we differentiatebetweentopologicalconstraints(suchas
inclusion/exclusion,union/intersection,negation,etc),directional(e.g.,before/after, left/right, above/below), andmetric(e.g.,
close/far, 0.1mi away, 5 minutesbefore,etc.).Accordingto precision,constraintscanbeclassifiedasfuzzy (or generic),such
assoon,close,etc.,andcrisp (or exact), suchas“within 1 hour”, “5 metersaway,” etc. Also, we cangroupconstraintsby
dimensionality, anddistinguishbetween1-dimensional(e.g.,left of, before,smallerthan,closeto, etc.),2-dimensional(e.g.,
30 degreesNorth-Westof, in the top-left quadrant,etc.),or generalmulti-dimensionalconstraints(e.g.,hyperbox intersec-
tion, within certaindistancein a ñ -dimensionalspace,etc.). Note that for a fixeddimensionality, the typesof constraintsare
fundamentallythe same,regardlessof the domainthey areappliedto. Thus, the setof canonical1-dimensionalconstraints
aredescribed,for example,by Allen’s relationshipswhichmapto differentdomain-specificconstraints—forexample,the“be-
fore/after” temporalrelationshipis topologicallyequivalentto the “left-of/right-of ” spatialrelationship. This simplifies the
supportof arbitraryconstraintsby pre-defininga certainsetof canonicalrelationshipsfor eachdimensionthat the usercan
thenmapinto specificdomains.Finally, accordingto their domains,we canclassifyconstraintsinto Boolean,spatial,scale,
temporal,time seriesconstraints,etc.,with applicationsin the image,video,audio,stockdatadomains,etc. For example,the
constraintthatobject ò is 2 mi North Westof object ó is a Booleancombinationof a 2-dimensionalcrispmetricconstraint
anda2-dimensionalfuzzydirectionalconstraint.Having suchataxonomyin mind,it maybeeasierto determineif aparticular
conceptcanbedecomposedinto asetof child conceptsandtheir relationships.



4.2. ConceptExtraction and Refinement

Anotherissuerelatedto theproposedframework is learningtheconstraintsneededto definea givenconceptandextractingthe
parametersof theseconstraintsfrom sampledatasets.Sofar, wehaveproposedaparticularconceptrepresentationbut wehave
notsaidhow it is to beconstructed.Oneapproachis to manuallybuild thesetof primitiveconceptsusingadomainexpert,and
thenasktheuserto form higher-level conceptsaccordingto their specificqueryneeds.While this maybesufficient for query
purposes,it is inadequatefor annotationandfiltering purposes,however. In thatcase,we proposeto usesupervisedlearning
by examples,that is, to annotatea trainingdatasetandto extract thefeaturesfrom thetrainingsetthatwould generalizewell
for thegivenconcept.A simpleway to extract thegeneralizedfeaturesis to aggregatethemby takingtheaverage,minimum,
maximum,etc.,dependingon thefeaturetype. In theCAMEL system,ôöõ for example,we usedclusteringto identify clusters
of sampleimagesthathavecommonfeaturesandweusedthecentroidsasclusterrepresentatives.

A moresophisticatedapproachwouldbeto usereinforcementlearningtechniquesin orderto automaticallyextracttheright
weightsandfeatures.Gradientdescenttechniques,simulatedannealing,andback-propagationneuralnetworksareall examples
of suchlearningmethods.÷ùø�ú ÷ù÷�ú û õ The problem,however, is difficult, and becomeseven harderwhenwe add inter-object
constraints.In thatcase,weneedto identify notonly theright objectfeaturesandtheirweights,but alsothetypesof constraints
betweenthe primitive objectsandtheir parameters.Extractingthe structureof the network is a very importantproblemin
neuralnetworksandBayesiannetworksbut unfortunately, therearenouniversalsolutions.In Bayesiannetworks,thestructure
andtheinitial probabilitiesaretypically givenby a domainexpert,andin neuralnetworks,thestructureis extractedimplicitly
throughthe weightmanipulationandweightdecayin the learningprocess.Therearealsosomemethodsfor pruningnodes
with smallweights,andsplittingnodeswith heavy load,sothatthenetwork structureis manipulatedexplicitly aswell.û ôýü ûjû

A relatedapproachfor conceptextractionis usingrelevancefeedbackmethods,wheretheusergraduallyrefinestheconcept
by providing feedbackto thesystemaboutthequeryresults.Theaboveneuralnetwork learningtechniquescanin factnaturally
be incorporatedto provide non-linearrelevancefeedback.A morethoroughinvestigationof theselearningmethodsandtheir
applicationto conceptextractionandrefinementis a majordirectionfor futurework.

4.3. ConceptTranslation

Regardlessof the extractionmethod,oncethe conceptsare defined(manuallyor automatically),they needto be formally
expressedandstoredfor reuse.Weneedto beableto translatetheinternalconceptrepresentationinto awell-specifieddefinition
andviceversa.Wethereforestudysyntaxlanguagesfor describingtheconceptsemantics,aswell asstorageandretrieval issues.
Wealsoinvestigatetheuseof suchlanguagesfor querypurposes.Ourapproachis to view thequeryasadescriptionof avirtual
dataset(namely, thedatathat theuseris looking for), andthereforeto expressthequerywith thesamelanguagethatwe use
to describeconceptsandconstraints.In particular, we considertwo translationmechanismsfor convertingconceptsinto SQL
statementsandinto MPEG-7XML descriptions.

An illustrationof specificconceptandit’s SQL representationwasgivenin Section1, anda totally differentexamplewas
in Section3 (Figure3). Themappingto SQL is achievedby convertingconceptsinto views, conceptattributesinto abstract
datatypes(ADTs), andconstraintsinto user-definedfunctions(UDF) actingaspredicates.Thefunctionusedto calculatethe
overallconceptsimilarity from thechild concepts’similaritiesis specifiedin theORDER BY clause,andthefunctionsusedfor
aggregatingchildrenattributesinto attributesfor theparentconceptarespecifiedin theSELECT clause.Theweightscanbe
specifiedeitherwith a separateWEIGHTS clauseor canbebuilt into theUDF invocationswithoutchangingtheSQLsyntax.
Figure4 illustrateshow theexamplefrom Figure3 canbeexpressedin anSQLstatement.

Thesecondtranslationmechanismenablesuseof MPEG-7XML descriptionsto expressconcepts,constraints,andqueries,
andto storethemin librariesof predefinedconceptsandconstraints.MPEG-7is anemergingstandardfor multimediametadata
descriptiondrivenby searchingandbrowsingrequirementsof multimediaapplications.÷�ú ô It definesavarietyof XML schemas
thatcanbeusedto capturesemanticinformationaboutthedatasource.ûùþ It canthereforeserve asa descriptionlanguagefor
primitiveaswell ascompositeconceptdefinitionpurposes.Of particularinterestaretheCollectionDSandtheGraphDS,and
their correspondenceto the conceptrepresentation.Due to spaceconsiderations,we will not describetheabove Description
Schemesandtheir mappingto/form concepts.The interestedreaderis referredtoû2þ for more informationon the MPEG-7
DescriptionSchemes.Oneapplicationof theXML concepttranslationmechanismis thefact that theconceptdefinitionscan
thenbeautomaticallystored,queried,or compressedasXML data. In addition,MPEG-7authoringtoolssuchastheVisual
AnnotationTool,ô û canbeusedto write andmanipulateconceptdefinitionswith asimpleandeasyGUI interface.Since,in our
framework, defininga conceptis equivalentto specifyinga query, or annotatinga document,theabove tool canautomatically
beusedasa queryor annotationinterface.



CREATE VIEW GOAL SCOREAS
SELECT KICK.ID,

EVAL(KICK.SIM SCORE,NOT CATCH.SIMSCORE,SCORE.SIMSCORE),
MERGE(KICK.KEYWORDS,NOT CATCH.KEYWORDS,SCORE.KEYWORDS),
AGGREGATE 1(KICK.ATTR1, NOT CATCH.ATTR1, SCORE.ATTR1),ÿ(ÿ
ÿ ,
AGGREGATE N(KICK.ATTRN, NOT CATCH.ATTRN, SCORE.ATTRN)

FROM KICK, NOT CATCH,SCORE
WEIGHTS 0.1,0.3,0.6
WHERE BEFORE(KICK.ID, NOT CATCH.ID) = 1 AND

BEFORE(KICK.ID, SCORE.ID) = 1 AND
BEFORE(NOT CATCH.ID,SCORE.ID) = 1 AND
KICK.ID = NOT CATCH.ID AND
KICK.ID = SCORE.IDAND
NOT CATCH.ID = SCORE.IDAND
LENGTH(KICK.ID) ����� sec

ORDER BY EVAL(KICK.SIM SCORE,NOT CATCH.SIMSCORE,SCORE.SIMSCORE)

Figure4. SQLstatementdescribingtheGOAL SCOREconceptfrom Figure3.

4.4. ConceptMatching

The above discussionleadsfinally to the problemof supportingsuchconstrainedqueriesefficiently. We alreadymentioned
threemethodsfor joining fuzzy resultsets,namelyFagin’salgorithm,÷2þ?ú ÷�� theMARS querytreeapproach,÷�� andtheSPROC
algorithm.÷	� The proposedframework is designedin sucha way that arbitrary join algorithmscan be pluggedin it for
conceptmatchingpurposes.Therefore,thefirst two methodsabovecanbeusedwhenthejoin is only aBooleanconjunctionor
disjunction,while thethird methodcanbeusedfor joinswith fuzzyconstraints.

We arecurrentlyworkingonanefficient join algorithmfor thecaseof crispconstraintsonly. Ourapproachusesaheuristic
algorithmthatguaranteescorrectnessof theanswerbut doesnot guaranteepolynomialboundson theexecutiontime. Alter-
natively, we canguaranteepolynomialtime but not thecorrectnessof theanswer. In practice,we expectthebestalgorithmto
betruly heuristicin that it will not guaranteeeithercorrectnessor time boundsbut will provide thebesttrade-off betweenthe
two. Notethatthematchingproblemis NP-hard(followsby reductionfrom sub-graphisomorphism),andthereforewecannot
guaranteebothcorrectnessandpolynomialtimebounds.

In additionto generaljoin methods,theremay be domain-specificconstraintsthat usespecializedjoin algorithms. For
example,theWALRUS systemø canbeconsideredasa particulartypeof constrainedquerying,wheretheconstraintenforced
that thematchesof queryregionsandcandidateimageregionsmaximizethe overall matchedarea.An additionalconstraint
couldbeaddedthatthematchingis perfectin thateachregionmatchesnomorethanoneregion from theotherimageandvice
versa.TheWALRUS systemprovidedanefficientalgorithmfor computingthebestmatchesunderthoseconstraints,andthus
canbepluggedinto theproposedframework for thatspecificconstrainttype.

4.5. Selectivity Estimation

Anotherissueof importanceto thequeryexecutionefficiency is theproblemof estimatingselectivity statisticsfor sucharbi-
trarily complex queries.Sincethequeriesaredefinedat run time, it is not feasibleto maintainany particularkind of statistics
thatwill give thequeryselectivity informationdirectly. However, onepossiblesolutionis to propagateselectivity information
from thechild conceptsto theparentconceptssothatat run-timesuchinformationcanbecomputeddynamicallyfor arbitrary
queries.This approachrequiresmaintenanceof selectivity statisticsonly for theprimitive conceptsthatarestaticallydefined
in thesystem.For example,supposethatwe have selectivity histograminformationfor thebuilt-in concepts.Whendefining
compositeconceptson topof thebuilt-in ones,wecanignoretheconstraintsandderivethedistributionstatisticsfor theparent
conceptusinga convolution of the histogramsfrom the childrenmethods.An efficient algorithmfor computingthe convo-
lution of two histogramswith 
 bins eachwill run in time �
��
�������
�� . Similarly, computingthe parenthistogramfrom ñ
childrencanbedonein time �
�Ùñ�
�������
�� . Thisapproachwill approximatethedistributionat theparentnodeasa mixtureof
independentdistributionsfrom thechild nodes,andit maybesufficient for selectivity estimationpurposes.



5. CONCLUSION

In this paperwe introduceda framework for queryingof multimediadatabasesby specifyingcomplex constraintsamong
high-level semanticconcepts.Theproposedframework improvesusabilityandenhancesquerypower by enablingtheuserto
specifya rich setof constraintsontheunderlyingconcepts.Theproposeddesignwasgeneralandmodularizedsothatarbitrary
user-definedattributes,constraints,or matchingalgorithmscanbepluggedin. We motivatedtheproblemby presentinga set
of applicationscenariosthat arenot supportedby currentdatabasesystemsbut canbe enabledby the proposedframework.
We presenteda rich conceptrepresentation,andwe touchedupontheproblemof conceptextractionandautomaticconstraint
learningfrom training datasets. We also illustrateda methodfor expressingthe conceptdefinitionsusingSQL andXML
(MPEG-7schemadefinitions).
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