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ABSTRACT

Thispaperinvestigateshe problemof high-level queryingof multimediadataby imposingarbitrarydomain-specificonstraints
amongmultimediaobjects.We arguethatthe currentstructuredquerymodel,andthe query-by-contentnodel,areinsufficient
for mary importantapplications,and we proposean alternatve query frameawvork that unifies and extendsthe previous two
models. The proposedramenork is basedon the querying-by-concefpparadigm,wherethe queryis expressedsimply in
termsof conceptsregardlesof the compleity of the underlyingmultimediasearchengines.The query-by-concepparadigm
was previously illustratedby the CAMEL system.The presentpaperbuilds uponandextendsthat work by addingarbitrary
constrainteandmultiple levelsof hierarchyin the conceptrepresentatiomodel.

We considerqueriessimply asdescriptionsof virtual datasets,andthat allows usto usethe sameunifying conceptrep-
resentatiorfor queryspecificationaswell asfor dataannotatiorpurposes We alsoidentify somekey issuesandchallenges
presentetby thenew framawork, andwe outlinepossibleapproachefor overcominghem.In particular we studytheproblems
of conceptrepresentatiorextraction,refinementstorageandmatching.
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1. INTRODUCTION

The advancesn computingpower over the lastfew yearshave madea considerablemountof multimediadataavailableon
theweb andin domain-specifi@pplications. The resulthasbeenanincreasingemphasion the requirementsgor searching
anddescribingsuchlarge repositorieof multimediadata? Oneof thefirst realizationsaboutthis new field wasthe factthat
thetraditionaldatabasenodelfor queryingof structureddatadoesnot generalizevell to multimediadomainsof unstructured
data. Onereasorwasthatin databasegheresultswerealwayswell-definedandunorderedsets(i.e., eachitem waseitherin
or out of theresultset),while in multimediaqueriestheresultswerefuzzy andtypically orderedby their degreeof similarity
to thequery Anotherdifferencewasin theway the datawasqueried.While therelationaldatabasenodeltreatedall itemsas
attribute setsandconsequenthall queriesvereon the attributes, it wasnotapparenhow to corverta samplemagequeryinto
anattribute queryin a meaningfulandsimplefashion.This led to the widespreaddoptionof the queryby example(or query
by content)modelfor imagesearchwherethe userwould specifya sampleéimageandthe systemwould returnimageshatare
similarin color, shapetexturefeaturesgtc3—?

Theabove querymodelhassomeadwantagessuchascomparisorandrankingof imageshasecdn objectve visualfeatures,
ratherthan on subjectve imageannotationsfor example; and automatedndexing of the imagedata, as opposedo labor
consumingmanualimage annotation. However, this modelhasits dravbacksaswell. For one,in someapplicationsit is
difficult to find anappropriatequerysamplefrom the samedomain,or it maybe difficult to provideit to the queryengine.For
example,if theuseris looking for imagesonthelnternetthataresimilarto a specificimage thereis nowayto uploadthequery
imageto thesearclengine.ln mostcaseshe/shevould haveto doanextratext searchstepin theimageannotationgfile name,
URL, surroundingext context, etc.),in orderto find suitableimagecandidateso startthecontent-basedearchHowever, even
then,they may not find a suitablequeryimage,andthis reductionof the imagesearchproblemto a text searchoneis only a
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workaroundratherthana permanenfix for the problem.In otherdomains theremay not evenbe availableannotationsor it
hasto bedonemanually which makesthe approachlifficult to scale.

Themoreimportantdrawbackof thequery-by-conteninodel,however, is thefactthatthereis nointuitive way of describing
multimediadata,andthereforethereis a large gapbetweerthe users perceptiorof the dataandthe way it is actuallystored
andmanipulated.n the text domainthis is not a problembecausehe userpercevesdocumentsasa collectionof wordsand
thisis typically how the documentsrerepresentedA searchbasedn keywordsthereforemakesperfectsensebothfrom the
users perspectie, aswell asfrom the systemdesignpoint of view. However, in theimagedomain,for example,the physical
imagerepresentatiois very differentfrom the mentalmodelof theuser Thereforethe systemdoesnotreally allow theuserto
clearly expresswhathe/shes looking for. Thatambiguityin the queryspecificatiorreducesusabilityandnaturallytranslates
into poorretrieval effectivenessleadingto frustrationon the users part.

In light of the above, we have arguedin favor of a different, concept-baseduery mode| wherewe introducean extra
layer betweerthe users perceptiorandthe systems internalrepresentationgapturedn the form of semantiacconcepts?-12
In thatmodel,the userwould specifya high-level conceptfor eachquery while the systemwould translatesaidconceptinto
low-level featuresandwould performanenhancedontent-baseduery Ontheonehand,themodelallows the userto reusea
rich setof predefinedsemanticconceptsvithout having to defineor expressthemexplicitly. Onthe otherhand,it providesa
flexible mechanisnfor combiningsuchconceptsnto evenhigherlevel compositeconceptsvia inter-conceptelationshipgor
constraints)thusenablingthe userto expresspowerful querieswith aninterfacecloseto his mentalmodel.

The currentpaperintroducesa generalizedjueryframawork in the spirit of concept-basedueryingandproposesa rich
representatiofor the concepts.n additionto improving usability, the proposedramenork enhanceshe querypower dueto
the supportof complex constraints.Realizingthat the conceptrepresentations the mostcritical componenbf any concept-
basedramework, we try to formulatethe mostgenerakconceptepresentatiothatcanbe supportecefficiently by the system.
We thereforefocusour attentionmainly on the problemof supportingarbitraryattributesandconstraintsn the definitionsof
concepts.The paradigmof concept-basedueryingitself is illustratedby the CAMEL system'® for example. The present
paperbuilds uponthat work by addingconstraintsamongthe conceptsandfocusingon the constraintspecificationpart for
arbitrarydomains.

Therestof the paperis organizedasfollows. In the remaindeof this section,we try to explain andmotivatethe problem
of constrainedjuerying,describean overview of the proposedramework, andlist relevantwork, aswell asour contrikutions.
In the next sectionwe give a moredetailedexplanationof the frameawork architecturendthe differentmodules We thentalk
aboutthe conceptrepresentatiome proposeaswell asmethodsor matchingsuchrepresentationdn the following section,
we discusssomeof theissueghatarerelevantto the proposedramewnork andwe presensomepossibleapproachefor dealing
with thoseissuesFinally, we concludewith directionsfor futurework andsummaryof contrikutions.

1.1. Problem Formulation and Motivation

Considetthefollowing applicationscenaridor oil exploration.A compaly is interestedn usingimageanalysigechniquegor
locatingpotentialoil reserwirs. The dataconsistof rock structurémagegakenat differentdepthsfrom variousdrill samples.
The hypothesigs thata particularcompositionof certainrock formationsis a goodindicationfor potentialoil reserwirs. The
reasonings thatwhena relatively soft layer of earthis locatedabose andnearanimpermeabldayer of rock, therearegood
conditionsfor oil formation. To that purposethe compaly would like to find occurrencesf bothrock types,wherethe first
oneis ontop of the seconcbne. This exampleis illustratedin Figurel.

The above scenariois an exampleof combiningthe resultsof two fuzzy searchesising constraintsthat are both crisp
(rock A is aboverock B) andfuzzy (rock A is nearrock B). We call suchqueriesfuzzy joins with crispandfuzzy constraints.
Accordingto thetype of searctresultsto bejoined(crispor fuzzy) andthetype of constraintaisedfor thejoin (againcrispor
fuzzy),we canhave severaljoin combinationsOf those thecurrentdatabassystemaypically supporionly thecrispjoinswith
crispconstraintsWhenit comesto introducingary fuzzinesssuchdatabassystemsareveryinefficientat best,or completely
unusableat worst. Themultimediasearchsystemspn the otherhand,supportfuzzinessn the searchethemselesbut do not
really allow any joins of the searchresults,or supportthemto avery limited anddomain-specifiextent.

Anotherfeaturethat hasvery limited supportin both traditionaland multimediadatabasess the definition of nested(or
recursve)views of fuzzyresultsets.For example building ontheaborveapplicationscenarioywe canactuallydefinetheconcept
of DELTA_LOBE asa sequencef SANDSONE on top of SHALEon top of SILTSTONE The conceptsof SANDSONE,
SHALE andSILTSTONE, canberecursvely definedby specifyingsample®f rock texturesthatfall in thecorrespondinglass.
Usingthe previously definedviews for SANDSONE, SHALE andSILTSTONE the usermightwantto defineDELTA LOBE
view usingthefollowing SQL statement:
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Figure 1. Exampleof afuzzyjoin

CREATE VIEW DELTA_LOBEAS

SELECT

FROM SANDSONESD,SHALESH,SILTSTONESL

WHERE ABOVE(SD.DEPTHSH.DEPTH =1 AND
ABOVE(SH.DEPTHSL.DEPTH =1 AND
NEAR (SD.DEPTHSH.DEPTH =1 AND
NEAR (SH.DEPTHSL.DEPTH =1

Eventhoughconceptuallythereis nothingnew in this definition, in practiceit is very hardto supportsuchnestedfuzzy
viewsefficiently. Thereasoris thatdueto thefuzzinessgettingevenasinglecandidatdrom thetop view mayinvolve scanning
all candidate®f the child views, which would be very time consuming.Thereasornis thata naive algorithmfor determining
the bestmatchfrom the top view would requireexaminingall possiblecombinationsof matchesrom the childrenviews in
orderto computetheir scores.

Ontheotherhand therearenumerouspplicationscenarioshat,like theoneabove, canbenefitgreatlyfrom fuzzy searches,
fuzzyjoins,andfuzzynestedriews. In additionto searchingsuchtechnologycanbeusedfor filtering, annotationglassification
andinferencingpurposesamongothers.For example,selectinga properhelicoptedandingspaceor aforestfire mayinvolve
asatelliteimagesearchwith constrainton landingspacesizeandflatnessproximity to watersourcesandto thefire itself. Or,
the decisionto buy a housein a certainareamay includecriteriaaboutproximity to schoolsor hospitals termitepopulations,
aswell asdemographidactors.Ideally, all of thesecriteriashouldbeincorporatednto a singlequerywherethe systemwill
performseparat@uerieso differentsub-systemandwill integratetheresultsaccordingo the specifiedcriteria. The rangeof
applicationdomainsthatcanbenefitfrom a singleunified view thatincorporatedothfuzzy andcrisp queriesaswell astheir
joinsandnestedviews, include,amongothers:

Entertainmenvideos(e.g.,movies,naws andsportsfeeds etc.)
Aerial, satellite,seismic,or medicalimagery

Time seriesandstockmarkeddata

E-commercdor personalizedirtual productcatalogs

Music shopping



1.2. ProposedApproachand Contrib utions

In this paperwe addresghe above problemsby proposinga new framework that unifies searchesjoins, and nestedviews,
allowing ary of themto be crisp or fuzzy. Our framavork combinesandgeneralizedboth of the previous query modelsfor
structuredandnon-structuredlata. It is basedon the query-by-concepparadigmwhereconceptsareessentiallygeneralized
views andarerepresentelly afuzzy hierarchicalgraphdatastructure.

The specificdetailsof the conceptrepresentatioarediscussedn Section3 andthe designis generakenoughthatit allows
arbitrary userdefinedattributes, constraintsand matchingalgorithmsto be pluggedin the framevork. The sameconcept
representatiors usedfor describingboth queriesanddatasothereis a unified querylanguageanddataannotatiorlanguage.
The internal conceptrepresentatiortan be mappedto and from SQL and XML. In fact we proposeto usethe emeping
MPEG-7 meta-datastandardbasedon XML) asthe interfaceto the conceptrepresentation.By adoptingMPEG-7 asthe
conceptdefinitionlanguagewe automaticallyinherit tools for expressingmanipulatingjnterpreting,andqueryingMPEG-7
descriptions. For example,the MPEG-7 Visual AnnotationTool'® can be usedasa visual queryinterfaceto the proposed
framework.

In additionto proposingheunifiedqueryframeawvork, we alsoinvestigatehe key issuesandchallengeshatarisein connec-
tion to the framavork andthe conceptrepresentationSuchissuesnclude conceptextraction,or automateadonceptiearning,
storagecompressionandmatchingof conceptsaswell asselectvity estimationof suchgeneralueries.

1.3. RelatedWork

In this sectionwe survey someprior artandits relationsto the proposedjueryframevork modelandits componentsSincethe
primarytargetfor our proposedramawvork is imagequerying,we first describehe major existing imagequerysystemsalong
with someof their advantagesanddisadwantages Consistenivith our approachof concept-baseduerying,we thenconsider
differentknowledgerepresentatioschemeshatcouldbe usedfor conceptrepresentatiopurposesFinally, we describesome
work on designingefficientalgorithmsfor joining fuzzy resultsets.

1.3.1. Multimedia querying

The problemof searchingnultimediadatahasreceved considerablattentionin the last few years. The earlyimagequery
systemssuchasIBM'sQBIC,! 1 3 MIT sPhotobook, theViragesystem, etc.,wereinventedin the earlyto mid 90s.

Thosesystemsypically took animageor a sketchasinput, computedsomevisual featuresfrom it (e.g.,color histograms,
texture,shapdeatures)andsearche@neor moreindexesto returnimageswith similar features Alternatively, the usercould

specifyvaluesfor thesefeaturesand appropriatenveightsreflectingtheir relatve importance.Being the first to usecontent-
basedsearchthosesystemsvereabig improvementoverthe methodof manuallyannotatingmagesanddoingatext searcho

find relevantones.

Researcherthenfocusedon studyingothertypesof featuressuchaswavelets,” ' ° or localizingthe featuresto sub-
imageregions. °! By segmentingtheimagesinto their regions,or objects,andcomparingimagesat the objectlevel, such
systemggot closerto the mentalmodel of the userof how imagesimilarity is established.They were also ableto exploit
not only visual featuresimilarity but alsothe relationshipsamongthe imageobjects,suchastheir spatialarrangementspr
example. However, the typesof relationshipspr constraintsyverelimited by the indexing methodsused. The approactused
in thesesystemavasthatthe systemshouldcomputethe relevant constraintsamongthe objectstransparentlyo the user and
thereforethe userhadlittle controloverthetypesof relationshipaused.In this paper we adoptthe oppositeapproachthatthe
usershouldhave full controlandbe ableto specifyarbitraryinter-objectconstraints.

Recentlywe have alsobegunadvocatinga new query-by-concepparadigmwhich separatethe userqueryinterfacefrom
the inner workings of the underlyingqueryengine(s).>'?> The new intermediatdevel makesthe mechanicof the actual
searchtransparento the user without limiting the users power in specifyingrelevantattributesandconstraints.The system
providesa uniform andnatural API for specifyingqueryconceptswhich aretheninternally translatedo the specificsearch
engines’specifications.This modularizeddesignprovidesa simplified interfaceandimproved usability, while preservingor
evenenhancingthe power of content-basedearch.Relatedworks in this context arethe CAMEL imagequerysystem? and
themultimediathesaurusystemMediaNet!! 12 This paperis anothereffort in this direction.



1.3.2. Knowledgerepresentation

One of the critical componentof a concept-baseduery systemis the conceptrepresentation.On the one hand, if it is
too simple, the whole framework would be too limited and uselessor mary applications. On the other hand, an overly
comple representatiomvould not be supportechatively by mary searchsystemswhich will make the entire query process
veryinefficient. In searclof theright balancewe herebyconsidersomepreviousknowledgerepresentatioschemes.

AttributedRelationalGraphs(or ARGs) areoneform of representatiomsedpreviously to captureinter-objectconstraints
by PetrakisandFaloutsos'® Thenodesin ARGs correspondo objects,while the edgesrepresentheir relationships ARGs
arevery similar to semanticnetworks, which were usedin Atrtificial Intelligenceand computervision?® 2! Both of these
representationarevery good candidategor our purposeshowever, they lack an appropriatehierarchicalstructurenecessary
for supportof nesteduzzy views, andthey do not have a suitablemechanisnfor specifyingrepresentatioparametershatcan
beusedfor learningor extractionpurposesor to tunearepresentatioto a particulardataset,for example.

Knowledgerepresentationthatincludesuchparameteri the form of weightsor conditionalprobabilitiesincludeneural
networks’? andbelief networks (or Bayesiametworks). Both of themhave nodesrepresentingarticularstatesandweightsor
probabilitiescorrespondingo the transitionbetweerthesestates.Neuralnetworkswerenot entirely suitablefor our purposes
becauseéheir intermediatestatesdo not correspondo ary intuitive conceptshut aretheresimply for auxiliary purposes.In
Bayesiametworks,ontheotherhand all statesarewell-definedandhave a clearinterpretatioror meaninghatcanbetranslated
into a concept.However, the parametersn the statetransitionsactuallycorrespondo conditionalprobabilities while for our
purposeswe only needweightsto expresgelativeimportanceof theinnernodesor conceptsWe have thereforeuseda mixture
of theabove representationthatusesa hierarchicafuzzy graphdatastructureandis presentedh detailin Section3.

1.3.3. Fuzzyjoin methods

Therearefew problemsrelatedto constrainedjueryingandfuzzy joins thathave beenstudiedbefore.Eventhoughto the best
of our knowledge thereareno previous publicationsfocusingexclusively on the supportfor domain-independermonstraints,
every databasejuery systemor a searchenginesupportsfiltering by constraintgo a certainextent. Typically, the support
extendsto scalampredicateshatcanbeevaluatedor eachdatabaséupleindependentlyf othertuples,aswell assomeform of
aggreyatepredicateswherethe valueof the predicatefor a givenitem depend®n the otheritemsin thedatabasaswell (e.g.,
nearesheighboror top-k queries).Indexing supportis usuallylimited for suchqueriesandthe executionbecomesvenmore
inefficientwhenseveralconstraintarecombined.

Spatialandattributionalconstraintsfor example have beenintegratedpreviously by PetrakisandFaloutsosn,!® wherethe
authorsproposeda methodfor searchingnedicalimagesaccordingto their attributedrelationalgraphs(ARGs). The method
reliesontheassumptiorthatcertainobjectsarecontainedn all imagesdrom agivendomain(e.g.,heartJungs,etc.)in addition
to avariablenumberof objectsthatareunexpected(e.g,tumor). The specificstructuralrelationshipsamongsuchobjectsare
storedin ARGsandareusedfor computingimagesimilarity. Theabove assumptiormloesnotgeneralizeor scalewell, however,
andthe indexing methodis fairly ineffective if the numberof unlabeledobjectsis large (which is typically the casefor most
domains).Othermethoddor encodingspatialrelationshipsarethe 2-D strings,which capturethe relative positionof objects
with respecto the otherobjectsin theset?® SmithandChangdevelopeda queryprocessingystemfor spatialandfeature-
basedmagequeries, wheretheretrieval wasbasedn specifyingabsoluteor relative positionconstraintontheobjectsin the
image.However, the proposegipelineandparallelprocessingnethodsdo not guarante¢he lack of falsedismissals.

The problemof supportingBooleancombinationson multiple ranked independenstreamswyas consideredirst by Fagin
for the caseof top-k queries> 2 Ortegaet.al2 studieda similar problemof combiningmultiple similarity scoresfor the
samedocumenin a weightedfashionsothatthe overall scoreis a combinationof how well the documenmatchedhe query
with respecto bothtext andimageparts.In their MARS databaseystemthey defineda querytreewhosenodesrepresented
intermediatematchegderived from the matchesat the childrennodes?>  andevaluatedit from the bottomup, arriving at the
final similarity scoreat theroot. Both approachediowever, considerenly Booleanconjunctionsanddisjunctionsasthejoin
constraintsandonly a singlelevel of ajoin hierarchy The MARS approachlid usea multi-level querytreebut the different
levelswere derived simply by breakingup a singlejoin level of multiple streamdnto a hierarchyof pairwisejoins. Neither
approachhereforeconsideredesteduzzy views or fuzzy joins with arbitraryconstraints.

The SPROC algorithn?  wasthefirst algorithm,to the bestof our knowledge thataddressethe problemof joining fuzzy
resultsetsby meansof specifyingarbitraryfuzzy constraintamongthem (seeFigure 1 for example). It allows the userto
expressthe queryasa setof sub-queriegnodesin a graph),alongwith fuzzy constraintsamongthem (edgesbetweenthe
nodes).The problemis solved by looking for a maximalcostpath,computedwith a Vitterbi-like algorithm. Basedon certain
assumptionghe algorithmallowedboth pruningof someedgesaswell assomenodes.The assumptionsverethatno nodes



participatein more than one constraintand that therewere no cycles. This methodwasthe mostgeneralof the described
methodsbut wasstill designedor a singlehierarchylevel.

Ourframework is similar to theseideasbut generalizeshemto arbitrarydomains allows fuzzy matchingandscoring,and
very importantly introducesconcepthierarchieghat canbe reused. Previously, we proposedhe useof primitive concepts
for queryingof images,wherethe conceptswere definedby simple aggreyation of wavelet featuresextractedfrom sample
imagest® Thecurrentpaperextendsthatwork by addingarbitraryconstraintsandcomplex hierarchieof semanticconcepts.

2. FRAMEW ORK ARCHITECTURE

Thedesignof the proposedramawork s illustratedin Figure2. It consistf four library moduleghatcollectively areusedto
defineconceptsOncedefined conceptanbeusedin avariety of applicationssuchasqueryingfiltering, annotationglassi-
fication, etc. Thus,the conceptform anintermediatdayerbetweernthe users applicationandthe actualsearchengines.The
systemusesa setof APIs to exploit not only datafrom heterogeneousourcesut alsodifferentmatching(or join) algorithms
andarbitrarvconstraintsincludinauserdefinedones.

©@|||

Figure 2. Architectureof the proposedramenork

Thefeaturelibrary containsa setof featuressuchascolor histogramstextures,shapemotion, etc. Thesefeaturescanbe
thoughtof asconcepfattributesandcancomefrom varioussourcegtraditionaldatabasesnultimediasearchenginesMPEG-
7 annotateddata,etc.). The typesof featurescorrespondo MPEG-7 Descriptorsand DescriptionSchemespr canbe user
definedthroughthe API. In away, the featurelibrary reflectsthe capabilitiesof the underlyingsearchengines.For example,
if thesystemusesQBIC to extracta particulartype of texture feature thenthatfeaturewould be presenin thelibrary sothat
conceptscanreflectsearcheon that feature. Treatingall featuresin a unified mannerprovides more power to the system
becauseonceptsanusethe capabilitiesof multiple back-endsearchenginegransparentlyo theuser

Theconstraintibrary is simply a collectionof constraintspr relationshipsgefinedon a singlefeature or attribute. Exam-
plesincludespatialor temporalconstraintsfeaturesimilarity constraintsetc. Thelibrary hasan API sothatuserscandefine
theirown constraintdy specifyingtheattributethey applyto, aswell asthenumberof agumentgor conceptsjhatthey relate.



The matchingalgorithmlibrary consistsof a setof join algorithmsthathave the sameinterface. They all take anordered
setof matchedor a setof children conceptsand computean order setof matchesfor the parentconceptdefinedthrough
the childrenones. In the processall algorithmsmake surethatary constraintsdefinedin the parentconceptare metwhen
combiningthe resultsfrom the child concepts.Examplesof suchjoin algorithmsinclude Fagin’s algorithm2 2 the MARS
querytreealgorithm? andthe SPROC algorithm2?  While the first two do not really work with ary constraintsut simply
provide Booleanconjunctionanddisjunction thelatterallows arbitraryfuzzy constraintsOtheralgorithmscanbe specifiedas
long asthey conformto the establishedhterface.

Finally, the conceptibrary containsa list of pre-definecconceptseitherbuilt into the system shippedasconceptibrary
plug-in modulesor previously definedby users.The procesof definingnew conceptss performedoy the ConceptCataloger
module,and consistsof the following steps: 1) selecta setof conceptfeaturesfrom the featurelibrary; 2) selecta set of
child conceptdrom the conceptibrary; and3) selecta setof constraintson the child concepts Any of the above setscanbe
empty Thecombinatiorof the specifiedchild conceptsalongwith therelationship@amongthem,form a new conceptith the
specifiedattributes. Thatconcepiis theninsertedin the conceptibrary for laterreuse.Giventhe setof pre-definecconcepts,
anapplicationcanthenusea concept-basethterface,whereary input conceptsarelooked up into the conceptibrary by the
Conceptinterpreterandtranslatednto the correspondindeaturessub-conceptsandconstraints Thosecomponentsirethen
usedto form queriesto the underlyingsearchsystemsandtheresultsareaggreyatedbackusingthe specifiedoin algorithms,
and presentedo the user The ConceptCataloger Conceptinterpreter andthe ConceptLibrary have essentiallythe same
functionalityasthe correspondingnodulesin the CAMEL system.However, dueto themorecomplex conceptepresentation
model,herethey areslightly moresophisticatedindmalke useof the addedreaturd_ibrary, Constraint_ibrary, andMatching
Algorithm Library modules.

3. CONCEPT REPRESENTATION

In this section,we formalize the notion of conceptsand presentthe particularconceptrepresentatiothat we propose. We
usea recursve definition, whereeachconcepts definedasa triple , with  denotinga setof childrenconceptgor
objects,suchascar), denotinga setof attributes(or featuressuchascolor, shapetexture, etc.),and correspondingo a
setof relationshipgor constraintssuchasleft-of or near) amongelementof . When , andtherefore , aretheemptysets,
we call theresultingconceptgprimitive, andotherwisewe call themcomposite Intuitively, primitive conceptgepresenbasic
multimediaentities,suchasimageregions(definedby spatiallocationandshape pr by homogeneityconstrainton a color or
texture attribute), video segments(specifiedby atime intenal in the video sequence)etc. Compositeobjects(or higherlevel
semanticonceptsparethenderivedfrom lower-level onesby imposinginter-objectconstrainton them.

The conceptrepresentationve proposefor capturingthe above definition is illustratedin Figure 3. It is a hierarchical
fuzzy graphdatastructurethat resembles tree of graphs. Nodesin the representatiorcorrespondo conceptsand contain
attributesaswell asconstraintsTherearetwo typesof edgesn thedatastructure:aggreyationedgesrepresentingarent-child
relationshipsandassociatioredgesyrepresentingnter-sibling constraints Note thatfor simplicity, the associatioredgesonly
represenbinary relationshipsalthoughthe actualrepresentatiomllows n-ary constraintsn general. The aggreyationedges
alsohave associatedveights,reflectingthe relative importanceof the child conceptsn the parents definition. We could add
weightsto the associatioredgesaswell but for now we will treatall constraintasbeingequallyimportant.

Figure 3 depictsa sportsvideo domainexampleof scoringa goalin a soccergame. We have definedthe conceptasa
sequencef threeevents:a playerkicking the ball, the goal-keepemot catchingthe ball, andfinally the ball enteringthe goal.
The latter eventsarein turn conceptdefinedrecursvely by meansof the primitive conceptsplayer ball, goal, goalie The
relationshipghatmake sensen thisscenariosreatemporalbrderingof theintermediate-leel events aswell asseveralspatial,
scaleandmotion constrainton the primitive conceptdi.e., ball moving awayfrom player, ball insidethe net, etc.). Overall,
thereis atime constrainton thetotal lengthof the sequencéthe threeeventsneedto occurin arelatively shortperiodof time
for themto besignificant).We couldalsoexpressthelastconstraintasa sequencef proximity constrainton thetime stamps
of the threeevents. Finally, the weightson the edgesrepresenthe relative importanceof the conceptswith respectto their
siblings. We notethatin the definition of thetop constraintnoneof thefirst two child conceptsareabsolutelymandatory For
example a playermayheadthe ball into the netratherthankicking it, or the goaliemaynotevenbeneartheball atthetime of
akick sothattherewould beno attemptto catchtheball. Theonly requiredeventis thatthe ball entershe net,andit therefore
hasthe highestweight of thethreechild events. The othertwo areappropriatelyweighedso thatthe fartheraway an eventis
from thecritical scoringevent,thelessweightit has.Ontheotherhand,in therecursve definitionattheleaflevel, all primitive
conceptarenecessarjor thedefinitionof the parentonesandarethereforeweightedasequallyimportant.



Figure 3. Exampleof a conceptepresentatiofrom the sportsvideodomain.

4. RESEARCH ISSUES

In thissectionwe investigateseveralresearclissueghatarisein connectiorwith theproposedramenork—includingthestudy
of a constraintaxonomy representingonceptdy constrainedompositionsextractingandlearningconceptefinitions,and
supportingconstrainedjueriesefficiently.

4.1. Constraint Taxonomy

Thefirst aspectin evaluatingthe usefulnes®f the proposedrameawvork andits conceptrepresentatiomcludesstudyingthe

classof semanticconceptghat canbe expressedasa combinationof otherconceptsalongwith a setof constraintgdefined
on them. In orderto facilitate the processof mappingsemanticnotionsinto primitive or compositeconceptswe studythe

typesof constraintshat canbe imposed. We thereforeconsidera taxonomyof suchconstraintsfrom a variety of applica-
tions and domains. For example, classifyingconstraintsby type, we differentiatebetweentopologicalconstraintgsuchas
inclusion/eclusion,union/intersectionnpegation,etc), directional(e.g.,before/afterleft/right, abore/belaw), andmetric(e.qg.,

close/ar, 0.1 mi away, 5 minutesbefore,etc.). Accordingto precision,constraintcanbe classifiedasfuzzy (or generic),such
assoon,close,etc.,andcrisp (or exact), suchas“within 1 hour”, “5 metersaway,” etc. Also, we cangroup constraintdy

dimensionality anddistinguishbetweenl-dimensionale.qg.,left of, before,smallerthan,closeto, etc.),2-dimensionale.g.,

30 degreesNorth-Westof, in the top-left quadrantetc.), or generalmulti-dimensionakonstraintge.g., hyperbox intersec-
tion, within certaindistancein a -dimensionakpacegtc.). Note thatfor a fixed dimensionalitythe typesof constraintsare

fundamentallythe same regardlessof the domainthey areappliedto. Thus,the setof canonicall-dimensionatonstraints
aredescribedfor example by Allen’srelationshipsvhich mapto differentdomain-specificonstraints—foexample the“be-

fore/after” temporalrelationshipis topologically equivalentto the “left-of/right-of” spatialrelationship. This simplifiesthe

supportof arbitrary constraintsby pre-defininga certainsetof canonicalrelationshipsfor eachdimensionthat the usercan

thenmapinto specificdomains.Finally, accordingto their domains we canclassify constraintinto Boolean,spatial,scale,
temporal time seriesconstraintsetc.,with applicationsgn theimage,video,audio,stockdatadomains etc. For example,the

constrainthatobject is 2 mi North Westof object is a Booleancombinationof a 2-dimensionatrisp metric constraint
anda 2-dimensionafuzzy directionalconstraint Having suchataxonomyin mind, it maybeeasietto determingf a particular
concepttanbedecomposeihto a setof child conceptsandtheir relationships.



4.2. ConceptExtraction and Refinement

Anotherissuerelatedto the proposedramework is learningthe constraintsieededo definea givenconceptandextractingthe
parametersf theseconstraint§rom sampledatasets.Sofar, we have proposed particularconceprepresentatiobut we have
notsaidhow it is to be constructedOneapproachs to manuallybuild the setof primitive conceptaisinga domainexpert,and
thenaskthe userto form higherlevel conceptsaccordingto their specificqueryneeds.While this may be sufiicient for query
purposesit is inadequatdor annotationandfiltering purposeshowever. In thatcasewe proposeto usesupervisedearning
by examplesthatis, to annotatea training datasetandto extractthe featuredrom the training setthatwould generalizavell
for thegivenconcept.A simpleway to extractthe generalizedeaturess to aggrgatethemby takingthe average minimum,
maximum,etc.,dependingn the featuretype. In the CAMEL system, for example,we usedclusteringto identify clusters
of sampleémagesthathave commonfeaturesandwe usedthe centroidsasclusterrepresentaties.

A moresophisticate@pproactwould beto usereinforcementearningtechnique$n orderto automaticallyextracttheright
weightsandfeatures Gradientdescentechniquessimulatecannealingandback-propagationeuralnetworksareall examples
of suchlearningmethods. The problem,however, is difficult, and becomeseven harderwhenwe add inter-object
constraintsin thatcasewe needto identify notonly theright objectfeaturesandtheir weights but alsothe typesof constraints
betweenthe primitive objectsandtheir parameters.Extractingthe structureof the network is a very importantproblemin
neuralnetworksandBayesiametworksbut unfortunatelythereareno universalsolutions.In Bayesiametworks,thestructure
andtheinitial probabilitiesaretypically givenby a domainexpert,andin neuralnetworks,the structureis extractedimplicitly
throughthe weight manipulationandweight decayin the learningprocess.Thereare alsosomemethodsfor pruningnodes
with smallweights,andsplitting nodeswith heary load,sothatthe network structureis manipulatedexplicitly aswell.

A relatedapproachor concepextractionis usingrelevancefeedbacknethodswheretheusergraduallyrefinestheconcept
by providing feedbacko thesystemaboutthequeryresults.Theaborve neuralnetwork learningtechniqueganin factnaturally
beincorporatedo provide non-linearrelevancefeedback.A morethoroughinvestigationof theselearningmethodsandtheir
applicationto conceptextractionandrefinements a majordirectionfor futurework.

4.3. ConceptTranslation

Regardlessof the extraction method,oncethe conceptsare defined(manuallyor automatically),they needto be formally

expresse@ndstoredfor reuse We needio beableto translatgheinternalconceptepresentatiomto awell-specifieddefinition

andviceversa.Wethereforestudysyntaxlanguage$or describingheconcepsemanticsaswell asstorageandretrieval issues.
We alsoinvestigatehe useof suchlanguage$or querypurposesOurapproachs to view thequeryasadescriptiorof avirtual

dataset(namely the datathatthe useris looking for), andthereforeto expressthe querywith the samelanguagehatwe use
to describeconceptsandconstraintsin particular we considertwo translationrmechanism$or cornvertingconceptinto SQL

statementandinto MPEG-7XML descriptions.

An illustration of specificconceptandit’s SQL representatiomasgivenin Sectionl, anda totally differentexamplewas
in Section3 (Figure3). The mappingto SQL is achiezed by converting conceptsnto views, conceptattributesinto abstract
datatypes(ADTSs), andconstraintsnto userdefinedfunctions(UDF) actingaspredicatesThe function usedto calculatethe
overallconcepsimilarity from thechild conceptssimilaritiesis specifiedn theORDER BY clauseandthefunctionsusedfor
aggreyatingchildrenattributesinto attributesfor the parentconceptarespecifiedin the SELECT clause.Theweightscanbe
specifiedeitherwith a separat&®/EIGHTS clauseor canbebuilt into the UDF invocationswithout changinghe SQL syntax.
Figure4 illustrateshow the examplefrom Figure3 canbe expressedn an SQL statement.

Thesecondranslatiormechanisnenablesiseof MPEG-7XML descriptiongo expressconceptsgconstraintsandqueries,
andto storethemin librariesof predefinedonceptandconstraintsMPEG-7is anemeging standardor multimediametadata
descriptiordrivenby searchingandbrowsingrequirementsf multimediaapplications. It definesavarietyof XML schemas
thatcanbe usedto capturesemantianformationaboutthe datasource. It canthereforesene asa descriptionanguageor
primitive aswell ascompositeconceptdefinition purposesOf particularinterestarethe CollectionDS andthe GraphDS, and
their correspondenct the conceptrepresentationDue to spaceconsiderationsye will not describethe above Description
Schemesand their mappingto/form concepts. The interestedreaderis referredto  for more informationon the MPEG-7
DescriptionSchemesOneapplicationof the XML concepttranslationmechanisnis the factthatthe conceptdefinitionscan
thenbe automaticallystored,queried,or compresse@s XML data. In addition, MPEG-7 authoringtools suchasthe Visual
AnnotationTool, canbeusedto write andmanipulateconcepdefinitionswith asimpleandeasyGUI interface.Since,in our
framework, defininga conceptis equivalentto specifyinga query or annotatinga documentthe above tool canautomatically
beusedasa queryor annotatiorinterface.



CREATE VIEW GOAL_SCOREAS

SELECT  KICK.ID,
EVAL(KICK.SIML.SCORENOT_CATCH.SIMSCORESCORE.SIMSCORE,
MERGEKICK.KEYWDRDSNOT_CATCH.KEYVDORDS,SCORE.KEYWRDS,
AGGREGAE_1(KICK.ATTR1, NOT_CATCH.ATTR1, SCORE.ATR1),

AGGREGAE_N(KICK.ATTRN, NOT_CATCH.ATTRN, SCORE.ATRN)
FROM KICK, NOT_CATCH, SCORE
WEIGHTS 0.1,0.3,0.6
WHERE  BEFOREKICK.ID, NOT_.CATCH.ID) = 1 AND
BEFOREKICK.ID, SCORE.ID = 1 AND
BEFORENOT_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.SCORENOT_CATCH.SIMSCORE SCORE.SINSCORE

Figure 4. SQL statemendescribinghe GOAL_.SCOREconcepfrom Figure3.

4.4. ConceptMatching

The above discussiorneadsfinally to the problemof supportingsuchconstrainedjueriesefficiently. We alreadymentioned
threemethoddor joining fuzzy resultsets,namelyFagin’s algorithm, the MARS querytreeapproach, andthe SPROC
algorithm.  The proposedframework is designedin sucha way that arbitrary join algorithmscan be pluggedin it for
concepimatchingpurposesThereforethefirst two methodsabore canbeusedwhenthejoin is only a Booleanconjunctionor
disjunction,while thethird methodcanbe usedfor joins with fuzzy constraints.

We arecurrentlyworking on anefficientjoin algorithmfor the caseof crispconstraintonly. Our approachusesa heuristic
algorithmthat guaranteesorrectnes®f the answerbut doesnot guarantegyolynomialboundson the executiontime. Alter-
natively, we canguarantegolynomialtime but not the correctnessf the answer In practice we expectthe bestalgorithmto
betruly heuristicin thatit will notguaranteeithercorrectnessr time boundsbut will provide the besttrade-of betweerthe
two. Notethatthe matchingproblemis NP-hard(follows by reductionfrom sub-graptisomorphism)andthereforewe cannot
guarantedothcorrectnesandpolynomialtime bounds.

In additionto generaljoin methodstheremay be domain-specificonstraintshat usespecializedoin algorithms. For
example,the WALRUS system canbe consideredsa particulartype of constrainedjuerying,wherethe constraintenforced
thatthe matchesf queryregionsand candidatamageregions maximizethe overall matchedarea. An additionalconstraint
couldbeaddedhatthe matchingis perfectin thateachregion matchesio morethanoneregion from the otherimageandvice
versa.The WALRUS systemprovidedan efficient algorithmfor computingthe bestmatchesinderthoseconstraintsandthus
canbepluggedinto the proposedramawork for that specificconstraintype.

4.5. Selectvity Estimation

Anotherissueof importanceto the queryexecutionefficiengy is the problemof estimatingselectvity statisticsfor sucharbi-
trarily complex queries.Sincethe queriesaredefinedat run time, it is not feasibleto maintainary particularkind of statistics
thatwill give thequeryselectvity informationdirectly. However, onepossiblesolutionis to propagateselectvity information
from the child conceptgo the parentconceptsothatat run-timesuchinformationcanbe computeddynamicallyfor arbitrary
gueries.This approactrequiresmaintenanc®f selectvity statisticsonly for the primitive conceptghatarestaticallydefined
in the system.For example,supposehatwe have selectvity histograminformationfor the built-in concepts.Whendefining
compositeconceptontop of the built-in oneswe canignorethe constraintandderive thedistribution statisticSor the parent
conceptusinga convolution of the histogramgrom the childrenmethods. An efficient algorithmfor computingthe convo-
lution of two histogramswith  bins eachwill runin time . Similarly, computingthe parenthistogramfrom
childrencanbedonein time . Thisapproachwill approximatehe distribution atthe parentnodeasa mixture of
independendlistributionsfrom the child nodesandit maybe suficientfor selectvity estimationpurposes.



5. CONCLUSION

In this paperwe introduceda framework for queryingof multimediadatabasedy specifyingcomplex constraintsamong
high-level semantiaconcepts.The proposedrameavork improvesusabilityandenhancesgjuerypower by enablingthe userto
specifyarich setof constraint®ntheunderlyingconceptsThe proposediesignwasgenerabndmodularizedsothatarbitrary
userdefinedattributes,constraintspr matchingalgorithmscanbe pluggedin. We motivatedthe problemby presentinga set
of applicationscenarioghat are not supportedoy currentdatabasesystemsbut canbe enabledby the proposedramenork.
We presented rich conceptrepresentatiommndwe toucheduponthe problemof conceptextractionandautomaticconstraint
learningfrom training datasets. We alsoillustrateda methodfor expressingthe conceptdefinitionsusing SQL and XML
(MPEG-7schemalefinitions).
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