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ABSTRACT

Inthispaper,theauthorsdescribeMusicalEntitiesReconciliationArchitecture(MERA),anarchitecture
designedtolinkmusic-relateddatabasesadaptingthereconciliationtechniquestoeachparticularcase.
MERAincludesmechanismstomanagethirdpartysourcestoimprovetheresultsanditmakesuseof
semantictechnologies,storingandorganizingtheinformationinRDFgraphs.Theyhaveimplemented
aprototypeoftheirapproachandhaveusedittolinksourceswithdifferentlevelsofdataquality.The
prototypehasbeeneffectiveinmorethan94%ofthecasesundertheconditionsoftheirexperiments.
Theauthorshavealsocomparedtheirprototypewithawell-knownmusic-specializedsearchengine,
outperformingthesearchresultsinthetwoexperimentsthattheyperformed.
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1. INTRodUCTIoN

Althoughtheproblemofentityreconciliationhasbeenlargelystudied,itremainsachallengingissue.
TheproliferationoflargedatabaseswithpotentiallyrepeatedentitiesacrosstheWorldWideWeb
drivesintoaninteresttofindmethodstodetectduplicatedentrieswhennoreliableuniqueidentifiers
areavailable.In thispaper,weprovideanarchitecturefor thespecific taskof linkingrecordsof
musicaldatabases.TheMusicalEntitiesReconciliationArchitecture(MERA)discoverslinksbetween
elementsofdifferentdatabasesthatrepresentthesamereal-worldentityinthemusicdomain.Our
approachisabletoadaptthelinkageprocesstothedifferentcontentandnatureofeachdatabase,
lettingtheuserconfiguredifferentreconciliationalgorithmsfordifferentattributesortypeofentities.

Examplesoffieldsusuallycontainedinmusicaldatabasesaretitles,artistnames,albums,genres,
etc.Thetaskofrecognizingthesekindsofcontentsisstronglyconnectedtotherecordlinkageproblem,
sinceitconsistsofthedetectionofrecordsorentriesreferringtothesamereal-worldentity.However,
wehavedesignedMERAwiththeassumptionthatthetypeofmetadatalinkedtothemusicworld
presentsacertainnumberofpeculiaritiesthatshouldbeconsidered.Forinstance,therearemany
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specificcasesofcorrectforms,oratleastrecognizableforms,inwhichwecouldexpressthename
ofanartist,includingbutnotlimitedto:

• Artisticnamesvscivilnames,e.g.,“StefaniJoanneAngelinaGermanotta”or“LadyGaga”;
• Namingconventions,e.g.,“TheBeatles”or“Beatles,the”;
• Officialorwidelyextendedalias,e.g.,“TheKingofRock”insteadof“ElvisPresley”;
• Mixingsbetween civil names and artistic names, e.g., “Shakira”, “Shakira IsabelMebarack

Ripoll”,“ShakiraMebarack”,etc.;
• Acronyms,e.g.,“Systemofadown”or“SOAD”;
• Usualmisspellings,e.g.,“BruceSpringsting”insteadof“BruceSpringsteen”;
• Nameofanartist linked toa song that shouldactuallybe linked toagroup,e.g., “Michael

Jackson”insteadof“TheJacksonFive”.

Issuessuchasmisspellingsoracronymsarenotspecificofmusic-relatedmetadata,andtheycan
befoundindatabasesordatasetsofdifferentnature.However,issuessuchastheexistenceofboth
artisticandcivilnameareexclusiveofartists’specification.Bycontrast,whentryingtoconciliate
othertypesofmusicalentities,e.g.,songs,adifferentsetofspecificproblemsrelatedtothenature
ofsongsmayappear.Anexamplecouldbethemanagementoftheword“feat”(orvariationssuch
as“ft.”,“featuring”,etc.).When“feat”appearsinasongtitle,itusuallymeansthatinthattitlethere
isanameofacollaboratorincluded.Both“feat”anditsfollowingwordsmaybediscardedfromthe
songnameitself.However,theycanpossiblybecomputedinsomeotherwaysincetheycanbecome
veryusefulinformation.

Innoisyorhand-madedatabasesitisalsopossibletofindextrawordsatthebeginningoratthe
endofasongtitle.Forinstance,sequenceslinkedtotheradioprograminwhichasongwasplayed
ortotheplaceofaliveperformance.Thismaybecomeevenmoretroublesomeinespeciallynoisy
databasessuchasthoseformedbythecompilationofstandaloneaudiofiles’metadata.Whenhandling
audiofileswronglylabeled,itispossibletofindtitlesthatinfactcontainalltheassociatedmetadata
(artist,date,genre...)inasinglefield.

Anotherexampleofamusicalconceptthatpresentsassociatedissuesduetoitsspecialnature
isthegenre.Whendealingwithgenres,itcouldhappenthatthesamesongisspecifiedaspopina
database,asrockinasecondoneandaspop-rockinathirdone.Sometimes,thesamegenreiseven
namedwithdifferentformsthatareinfactexpressingthesamereality.

Ourassumption is that findinggeneral reconciliation rulesbetween twodatabases is far
frombeingtrivial,aswellasfindingappropriaterulesorstrategiestoconciliateeachfieldof
thosedatabases.Theresultcoulddrasticallychangeifitiscomparedtotherulesthatmaybe
usedwhenhandlingadifferentpairofsources.Trying toestablishgeneral rulescoulddrive
intoanunnecessarynumberoffailures(falsepositives/negatives)whenidentifyingtworecords
ofdifferentdatabases as formsof the same real entity.The inferenceof reconciliation rules
inaparticularcasethroughtheuseoftrainingdatamaybehandyforcoveringissuessuchas
misspellings,namingconventionsorevennoisyprefixes/suffixes,buttheycannothandlecases
inwhichthestringsthatrepresenttheentitiesdonothavecommoncharacters(example:“The
KingofRock”shouldberecognizedas“ElvisPresley”).

Ourmaincontribution in thispaper is thespecificationofMERAarchitecture.MERAtries
toadapttoallthosescenariosusinggraphconceptsandsemanticwebtechnologies.Ourapproach
turnstheinformationofoneofthetargetdatabasesintoacustomRDFgraphGcontainingallthe
information(namevariations,alias,commonmisspellings,etc.)ofeverydatabaserecord,aswell
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astherelationsbetweenthoserecords.Therecordsoftheseconddatabaseareturnedintocomplex
queriesthatwillbelaunchedagainstG.Theresultofeachqueryisthelistofthemostsimilarnodes
tothetargetrecordaccordingto:

• Stringdistancebasedfunctions;
• Useofallthealternativeidentifyingformsofaconcept;
• Graphnavigationinordertodetectsharedassociatedentitiesfordisambiguationpurposes.

MERAcanusedifferentreconciliationalgorithmsforeachpairofdatabasesandevenforeach
fieldofthosedatabases,tryingtocoveralltheissueslinkedtothenatureofthedata.Itisableto
reachbetterresultswithmorepriorknowledgeofthedataissues,sincetheuseristheagentthat
specifiesthealgorithmstouse.MERAallowsconfigurationaboutdifferentpropertiesthatshould
beconsidered,thereconciliationalgorithmstoapplyineachcaseandthethresholdofsimilaritythat
aresultmustreachtobeaccepted.Italsoprovidesmechanismstoincorporatead-hocalgorithmsin
thereconciliationprocess.

Ourapproach isdesigned to involveseveral sourcesata timeduring the linkingprocessby
mergingtheminasingleandreusableRDFgraph.MERAdescribesagraphschemainwhichevery
pieceofinformationisqualifiedwithitsoriginalsourcethroughreificationtechniques.Thisallows
thealgorithmtodistinguishwhichnodesofthegrapharepotentialmatchesbetweenagivenpairof
sourcesandwhichonesaremerelyusedtoenrichthedataandimprovethematchingprocess.This
alsoallowsignoringthecontentofcertainsourcesinanotheruseofthebuiltgraph.

Insection2,wemakearevisionofthestateoftheartofrecordlinkageandwedescribesome
relatedworks.Insection3,weprovideadetailedoverviewofMERA.Insection4,wedescribe,
perform,anddiscussseveralexperimentsusingaprototypeofMERAandwecompareitseffectiveness
withabaselineapproach.Finally,insection5,weenumeratetheconclusionsofourworkaswellas
futureresearchlines.Thesourcecodeisavailableathttps://github.com/DaniFdezAlvarez/wMERA.

2. STATE oF THE ART

Recordlinkage,alsoreferredasobjectidentification(Tejada,Knoblock,&Minton,2001,2002),
datacleaning(Do&Rahm,2002),approximatematchingorapproximatejoin(Gravanoetal.,2001;
Guha, Koudas, Marathe, & Srivastava, 2004), fuzzy matching (Ananthakrishna, Chaudhuri, &
Ganti,2002),entityresolution(Benjellounetal.,2009),referencereconciliation(Dong,Halevy,&
Madhavan,2005),orcoreferenceresolution(Leeetal.,2013;Ng&Cardie,2002),isawidely-studied
problem.Nevertheless,withtheproliferationofhugedatabasesintheEraofBigDataandtheneed
ofdevelopingeffectiveandscalablereconciliationsystems,thescientificcommunitystillputmuch
effort to solve thechallengesof record linkage (Enríquez,Domínguez-Mayo,Escalona,Ross,&
Staples,2017).Theessenceoftheproblemconsistsofidentifyingtwoormoreelementsthatreferto
thesamereality.Basicusecasesarethedetectionofduplicateentrieswithinafileorthedetection
ofequivalentsacrosstwodatabases.

ResearchworkaboutentityresolutionhasbeenlargelybasedonFellegi&Sunter(1969),which
wasinspiredbytheideasintroducedbyNewcombe&Kennedy(1962).Recordlinkageispresentedas
aclassificationproblem,whereapairofentitiescanbeclassifiedas“matching”or“non-matching”.
Severalscientificcommunitieshaveadoptedthatschemetoformulatetheprobleminitsownway,
producingmanyreusabletechniquesandtechnologiestosolveit(PChristen,2012;Winkler,2014).
Asystematicstudyofthetypeoftechniquesdevelopedinthelastsevenyearsforreconciliationtasks
inBigDataenvironmentsisprovidedin(Enríquezetal.,2017).

Sincerecordlinkagebecomesaproblemduetothelackofuniquereliableidentifiers,traditional
approachesarehighlybased instringcomparators.Beingable torecognizedifferentstrings that
representthesamereal-worldobjecthasbeen,andstillis,amajorresearchproject(Hall&Dowling,
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1980;Navarro,2001;Yu,Li,Deng,&Feng,2016).Despitetherehavebeenmanyworksdefiningstring
similaritymeasures(Chaudhuri,Ganjam,Ganti,&Motwani,2003;Cohen,Ravikumar,&Fienberg,
2003;Monge,Elkan,&others,1996;Navarro,2001),ithasbeenconcludedthatthereisnotsuch
analgorithmorcombinationthatcanoutperformalltherestintermsofaccuracyandefficiencyin
everycontext(Cohenetal.,2003;Harron,Goldstein,&Dibben,2015),notevenifwetrytocompare
specificsubsetsofalgorithmssuchasstring-editdistancemetrics(Peng,Li,&Kennedy,2014).

Selectingthemostaccuratestrategytoapplyinordertogetthebestpossibleresultsisnotatrivial
task.Someresearchlineshaveputeffortsinthedesignofmethodstoautomaticallydetectwhich
algorithmorcombinationofalgorithmsfromaknownsetofpossibilitiesworksbetterforaparticular
scenario(Bilenko&Mooney,2003;Nguyen&Ichise,2016;Sarawagi&Bhamidipaty,2002).This
canbedone throughproviding trainingdatacontainingasetofpairsqualifiedas“matching”or
“non-matching”andapplyingautomaticlearningtechniques.

Thetechniquesusedtodeterminethesimilaritybetweentworecordsthroughapplyingstring
distancemetricsovertheirattributesareknownascontent-basedorFeature-BasedSimilarities(FSB).
However,sometimesFBSisnotenoughtoproperlyiftwoentitiesmatchthesamerealobject,especially
whenadisambiguation isneeded(Kalashnikov&Mehrotra,2006). In thosescenarios,checking
relationsbetweenentitiesinadditiontoentities’featuresmaybeamechanismtoimprovematching.
TraditionalFBSapproachesmatcheachindividualindependently.Bycontrast,approachesinwhich
relationsbetweenrecordsareconsideredtoproducearesultarenamedcontext-based(Rahmani,
Ranjbar-Sahraei, Weiss, & Tuyls, 2016) or collective entity resolution systems (Bhattacharya &
Getoor,2007).Therepresentationofrelationsbetweenentitiesfitswellingraphstructures,sothese
kinds of approaches are usually graph-based (P Christen, 2012). Those graph-based approaches
combinedwithFBScanoutperformthematchingqualityofFBSstandaloneondifferentscenarios
(Bhattacharya&Getoor,2007;Frontini,Brando,&Ganascia,2015;Song,Luo,&Heflin,2017;
Zhu,Ghasemi-Gol,Szekely,Galstyan,&Knoblock,2016).Collectiveapproachesusuallycarrymore
scalabilitychallengescomparedwithFBSsystems.However,ithasbeenprovedthatthosealgorithms
couldbeadaptedtobemorescalable(Rastogi,Dalvi,&Garofalakis,2011).Infact,arecentstudyhas
pointedoutthat26.23%ofthepublicationsofrecordlinkagetechniquesinBigDataenvironments
overthepastsevenyearsrelyongraph-basedapproachesorarethoughttobeappliedtographsof
LinkedData(Enríquezetal.,2017).

Oneofthemaintoolsusedtoimprovethescalabilityofsystemsaretheblocking/clustering
techniques. When trying to find matches between entities of two databases A and B, assuming
thateveryaiinAisapossiblematchforeverybjinBwouldleadtoaquadraticcomplexityhardly
scalable.Manyapproacheswereearlysuggestedtoreducethatcomplexityviafilteringthenumberof
potentialmatches,suchassortingofrecordsinordertokeepsimilarcontentstogether(Hernández&
Stolfo,1995),clusteringofcandidateswithcomputationallycheapfunctionsbeforeemployingmore
expensivemethodstocomparepotentialpairs(Chaudhurietal.,2003)orq-gramindexing(Baxter,
Christen,&Churches,2003).Current investigationlinesaregoingdeeperinthedevelopmentof
blockingtechniquesforlarge,heterogeneousandpossiblysemi-structureddata(Efthymiou,Papadakis,
Papastefanatos,Stefanidis,&Palpanas,2017;Papadakis,Ioannou,Niederée,Palpanas,&Nejdl,2012),
aswellasgraph-likeenvironments(deAssisCosta&deOliveira,2016;Fisher,Christen,Wang,&
Rahm,2015;Shin,Jung,Lee,&Kang,2015).

Developingordesigningareconciliationsystemneedstoincludecombinationsofthealgorithms
mentioned and several other features. A great example could be privacy preserving matching
(Vatsalan, Christen, &Verykios, 2013; Vatsalan, Sehili, Christen, &Rahm, 2017), handy when
severalorganizationstakepartinthematchingprocessbuttheinformationtobelinkedissensible
orshouldbeencrypted.Inaddition,someextrachallengesordecisionsmustbeaddressed,suchas
acceptedinput/outputformats,mechanismstointeractwiththeuser(API,library,webapplication,
etc.),configurationoptions,thepossibilityofincludingextraalgorithms/workflows.
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Wehaveexploredacommercialpatentedsystemspecializedinrecognitionofmusicmetadata
(Dunning,Kindig,Joshlin,&Archibald,2011)andseveralwell-knownopen-sourceapproaches,
including Dude (Draisbach & Naumann, 2010), D-Dupe (Kang, Getoor, Shneiderman, Bilgic,
&Licamele,2008),SILK(Volz,Bizer,Gaedke,&Kobilarov,2009),BigMatch (Yancey,2002),
FEBRL(PeterChristen,2008),FRIL(Jurczyk,Lu,Xiong,Cragan,&Correa,2008),MergeToolBox
(Schnell,Bachteler,&Reiher,2009),NADEEF/ER(Elmagarmidetal.,2014),andMusicBrainz
Piccard(Stutzbach,2011).Wehavecheckedthefeaturesofthosesystemsandweprovideaqualitative
comparisonofthemwithMERAarchitecture,whichisshowninTable1.

Despite the fact that all of them tackle the challenge of entity matching, they are really
heterogeneous.Table1alsoshowsthatMERAisthemostflexibleandconfigurablesystemamong
themusic-specializedones.Inaddition,tothebestofourknowledge,noneoftheexistingsystems
includethefollowingMERA’sfeatures:

• Integrationofseveralsourcestobeusedduringthereconciliationprocessinareusablegraph,with
aschemewhichmaintainswhichpiecesofinformationhavebeenprovidedbywhichsource(s);

• Identificationofalternativetextualformsofanentityduringthematchingprocessviaconfigurable
complexpathsinagraph.

Table 1. Comparison of record linkage systems
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Linkage ✓ ✓ ✓ ✓ - ✓ ✓ ✓ ✓ ✓ ✓

Deduplication - ✓ ✓ - ✓ ✓ - ✓ ✓ - -

Comparison
algorithms

Include ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Letchoose ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓ - -

Letcombine ✓ - ✓ ✓ ✓ ✓ ✓ - ✓ ✓ ✓

Letimplement ✓ - ✓ - ✓ ✓ - - ✓ - -

Blocking
techniques

Include ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Letchoose ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ - -

Letcombine ✓ ✓ ✓ ✓ ✓ ✓ - - - ✓ -

Letimplement ✓ ✓ ✓ - ✓ ✓ - - - -

Trainingdata

Include - - ✓ - - - ✓ - - - -

Letchoose - - ✓ - - - ✓ - - - -

Letcombine - - ✓ - - - - - - - -

Letimplement - - ✓ - - - - - - - -

CollectiveMatching ✓ - - - - ✓ - - - - ✓

Privacypreserving - - - - - - - ✓ - - -

GUI - - ✓ ✓ - ✓ ✓ ✓ ✓ ✓ ✓

Multi-source ✓ - - - - - - - - ✓ -

Alternativeentityforms ✓ - - - - - - - - - ✓

Musicspecialized ✓ - - - - - - - - ✓ ✓
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3. SySTEM ARCHITECTURE

MERAdefinesastrategytocombineseveralcategoriesofalgorithmsorheuristicstoconciliatetwosets
ofentitiesA={a0,a1...an}andB={b0,b1…bm},wheretheentitiesofBarestoredinanRDFgraph
G.EachrecordaiisprocessedindependentlytofinditsmostsimilarrecordsinB.TheuserofMERA
shouldbeallowedtodefineasetofconditionsthatanentitybjmustfulfilltobeconsideredasapossible
match.Consequently,everyentityaicouldbeassociatedwithnone,oneorseveralresults,depending
onthenumberofentitiesbj∊Bthatfitintheconditions.Incaseofhavingmorethanoneresultforthe
sameentityai,thosewillberankedregardingitsdegreeofsimilaritywiththetargetelement.

IfwethinkofMERAasablackbox,theexpectedinputsandthereceivedoutputsarethefollowing:

• Input1:SetofentitiesA={a0,a1… an},forwhicheveryaiwillbeprocessedindependently;
• Input2:RDFgraphcontainingthesetofentitiesB={b0,b1…bm};
• Input3:Configurationdata,inwhichMERA’soptionsarespecified;
• Output:AssociationofeachelementaiwiththeelementsinBthatfitinthematchingconditions.

Incaseofhavingseveralresultsforanentityai,theywillbepresentedsortedindecreasingorder
bydegreeofsimilaritywithai.

MERAhasbeendesignedtoachievebetterresultswithmorepriorknowledgeofthenatureof
thesourcestoconciliate,sotheusercanconfigureseveralparametersofthematchingprocesslike:

• Listofnormalizationalgorithms;
• Listofcomparisonalgorithms;
• Listofblockingfunctions;
• Relevanceofrelatedcontents/entitieswhenapplyingdisambiguation;
• Thresholdsofsimilaritythattwoentitiesshouldreachtobeconsideredmatches;
• Listofsources(white/blacklists)touseduringthematchingprocess;
• Maximumnumberofcandidateresultsperquery;
• Maximumnumberofcandidatesattheendofblockingstages;
• Relationsbetweenentitiesthatshouldbeconsidered;
• Alternativeformsofentitiesthatshouldbeconsidered.

Configurationrelatedtoalgorithmsoracceptancevaluescanbeappliedatdifferenthierarchical
levels,i.e.,theusercouldindicate,forexample,thatLevenshteindistanceshouldbeappliedinevery
casewiththeexceptionofcanonicalnames,whichwillbecomparedusingexactmatch.Theusercan
alsospecifythatthecanonicalnameofalbumswillbecomparedwithanexactmatch,butthecanonical
nameofagroupwilluseJaccardsimilarity.Inaddition,MERAisdesignedtoletauserimplement
newfunctions(normalization,comparison,blocking)thatcanbeintegratedintothebaseworkflow.

ThegraphschemaofMERAhasbeendesignedtolettheusercombinetheknowledgeofseveral
sourcesduringthematchingprocess.Supposeascenarioinwhichwewanttoconciliatetwosources
AandB,whereAcontainscivilnamesofartistsandBcontainsartisticnames.Also,wehaveaccess
toathirdsourceCwhichincludesbothcivilandartisticnames.Inordertoproducematchesbetween
AandB,weproposetoturnBrecordsinagraphGandlinkrecordsofCwithnodesofG.The
obtainedresultsallowustobuildanenrichedgraphG’containingallBrecordsinnodesdecorated
withinformationofC.Bythis,makingquerieswithentitiesofAagainstG’willpotentiallyimprove
theresultofmakingqueriesdirectlyagainstG.G’maybereusablefordifferentpurposes,eventouse
separatelytheinformationofBandC.Eachpieceofinformationisassociatedwithitsoriginalsource,
andMERApurposeawayofjustusingthedatafromcertainsourcesduringthematchingprocess.
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3.1. Query Structure
RecordsinAareturnedintoqueriesthatmayinvolveoneormoreentitiesatatime.AqueryinMERA
mustspecifyamaintypeormainordero,amaincontentm,andasetRoftypedrefinementsr,represented
aspairsri=(ti, si).Let’sconsiderascenarioinwhichwehaveasetAcontainingartistspossiblyassociated
tosongtitles.OneoftheartistsofAisaα=“MikeChang”,withnoassociatedsongs.Anotherartist
isaβ=“KurtHummel”,andhehasassociatedthesongsβ=“ForGood”.Now,let’sconsiderthatwe
wanttoconciliatetheartistsofAwithagraphG.Forthat,wemustturnentitiesinAintoqueries.The
resultingqueryqα=(oα,mα,Rα={rα*})foraαwouldbe(“artist”,“MikeChang”,{λ}).Theresulting
queryqβ=(oβ,mβ,Rβ={rβ*})foraβwouldbe(“artist”,“KurtHummel”,{(“song”,“ForGood”)}).

As itcanbeseen,aMERAqueryqi searchesforamainrawstringmiassociated tocertain
typeoi.Also,alltherefinementsorextradataprovidedfordisambiguationpurposesshouldalsobe
labeledwithatype.

3.2. MERA’s Adaptable Algorithm
Algorithm1describestheMERAalgorithmfromthemomentinwhichaQueryqisreceivedtothe
momentinwhichMERAreturnsitsassociatedentitiesinGraphG.Table2containsthemeaningof
everymacrousedinAlgorithm1.

Algorithm1.MERAquery

01: Input: Graph G
02: Input: Query Q
03: Input: Config C
                                                 %% Blocking stage 
04: candidateNodes ← G.nodes 
05: for all fBLK  ∊ C.blockingFunctions do
06:     candidateNodes ← fBLK

(q, candidateNodes )
                                                %% Main Comparison 
07: tmpResults ← [λ]
08: for all aNode ∊ candidateNodes do
09:     formScores ← {λ}
10:     for all aForm ∊ aNode.alternativeForms do
11:         formScores += fCMP (q.mainContent, aForm , q.type)
12:     if max(formScores) ≥ C.minMainScore(q.order) then
13:         tmpResults[aNode] = max(formScores)
                                                    %% Refinements 
14: for all aRefType ∊ q.refinementTypes do
15:     for all aCandidateRes ∊ tmpResults do
16:         candidateRefs ← G.getRelated(aCandidateRes.node, aRefType)
17:         for all aRefinement ∊ q.refinementsOfType( aRefType) do
18:             formScores  ←  { λ }
19:             for all aForm ∊ candidateRefs.alternativeForms do
20:                 formScores += f

CMP
 ( aRef, aForm, aRefType)

21:             if max(formScores) ≥ C.minRefScore(q.order, aRefType) then
22:                 refScore ←max(formScores)·C.relevance(q.order, aRefType)
23:                 tmpResults[aNode] += refScore
                                  %% Filtering and sorting results 
24: results ←  [λ]
25: k ← C.maxResults(q.order)
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26: for all candidate ∊ tmpResults do
27:     if candidate.score < C. minScore(q.order) then
28:         results += candidate
29: sort(results) 
30: if |results| ≤ k then
31:     return results
32: else
33:     return results[0:k]

WehavedistinguishedfourpartsinAlgorithm1:

• Blocking Stage:CstoresasetofblockingfunctionstofiltercandidatesofG.Allthosefunctions
areappliedoverGnodestoobtainasubsetofnodeswhichwillbecomparedwithq;

• Main Comparison:Queryqhasamaintypeoandamainstringcontentm.miscomparedwith
allthealternativeformsofthecandidatesobtainedinstep1;

Table 2. MERA query

Structures

Model Meaning

{λ} Emptyset

[λ] Emptydictionaryofpairs(key→value)

Functions

Name Parameters Return

fBLK Queryq,setofnodesS SubsetS’ofSwiththebestmatchingcandidatesforqinS

fCMP Strings1,strings2,typet Similarityscorebetweens1ands2,applyingalgorithmsassociatedtotypet

sort SetordictionaryS SortSindescendingorder

Methods

Name Parameters Invoked over Return

minMainScore Typeofordero ConfigC MinimumscoreassociatedtooinC

getRelated Noden,typet GraphG NodesinGrelatedwithnwithanedgeoftypet

refinementsOfType Typet Queryq Setofalltherefinementsinqoftypet

minRefScore Typeofordero,typeofentityt ConfigC
Minimumscorethatanentityoftypetshould
reachtobeacceptedwhenexecutinganorder
oftypeo.

relevance Typeofordero,typeofentityt ConfigC Relevancefactorofarefinementoftypetwhen
executinganorderoftypeo.

Properties

Name Invoked over Return

nodes GraphG AllnodesinG

blockingFunctions ConfigC Setofblockingfunctions

alternativeForms Noden Alternativeformsofn

mainContent Queryq Mainstringinq

type Queryq Typeofthemaincontentinq

order Queryq Typeoforderinq

refinementTypes Queryq Setoftypesofrefinementsinq
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• Refinements:Queryqmayhaveasetofextradataorrefinements.Foreachrefinementr,G
isnavigatedstartingfromthecandidatenodesofstep1. Ifsomecoincidencesgoodenough
accordingtoCarefound,theobtainedscoreisaddedweightedaccordingtoparametersinCto
therespectivecandidatenodescore;

• Filtering and Sorting Results:Theresultsassociatedwithaqueryqaresortedindecreasing
order.Theusercandefineamaximumquantitykofresultstobeassociatedtoaqueryq.Ifmore
resultsthankwerefound,onlythekbetterarereturned.Otherwise,alltheresultsarereturned.

3.3. String Comparison
Inlines11and20ofAlgorithm1,weuseamacrofCMPtorepresenttheprocessinwhichthesimilarity
betweentwostringssandtisobtainedbyusingseveralcomparisonalgorithms.fCMPalsoreceivesa
typeo,expectedtobethetypeoftheentitiesthatsandtrepresent.omustbespecifiedforapotential
accuracyprofit,sincedifferentalgorithmsmaybeappliedtoconciliatesandtregardingtheirtypeo.

When mapping s and t to their degree of similarity r, once the set P = {P0, P1 … Pk} of
preprocessingtechniquesandthesetC={C0,C1... Cl}ofcomparisontechniqueshasbeenselected
basedonthetypeo,thesameworkflowisfollowedinallcases,graphicallydescribedinFigure1.s
isturnedintos0andtintot0pippingallalgorithmsPiinP.Thatis,theinputofP0issand,ingeneral
terms,theinputofPiistheoutputofPi−1.Thefinaloutputs0istheoutputofPk.Then,foreachCi∊
C,weobtaineveryRi=Ci(s0,t0).Thegreatervalueof{R0,R1… Ri}istakenastheresultr,having
fCMP(s, t, o)=r.

3.4. Blocking function
MERA may employ several blocking functions at a time. However, we also include a blocking
functionthatmanagestheconceptofalternativeformofanentity,whichconsistsofanadaptation
ofq-gramindexingandTF-IDF.Thepseudo-codeisincludedinAlgorithm2,andthemacrosare
explainedinTable3.

Algorithm2.MERAblocking

01: Input: Query Q
02: Input: Index I
03: N ← extractUniqueQrams(q.mainContent)
04: Eidf

 = [λ]
05: E

ngr
 = [λ]

Figure 1. Mapping two strings s and t into a real number r
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06: for all n
i
 ∊ N do

07:     idf
ni
  ← I.idf(n

i
)

08:     for all e
i
 ∊ I.entitiesWithQgram(n

i
) do

09:         E
idf
 [e

i
]  ← E

idf
 [e

i
]+meraTfIdf(e

i
, n

i
, idf

ni
 , I)

10:         E
ngr
[e

i
] ←  E

ngr
[e

i
] + 1

11: result ←  {λ}
12: for all e

i
 ∊ E

ngr
 do

13:     if E
ngr
[e

i
] = |N| then

14:          result ←  result + e
i

15: return result ⋃ bestK(E
idf
)

ThedifferencesbetweentheAlgorithm2andclassicalTF-IDFapproachesbasedinq-gramsare:

• Weintroducetheconceptofalternativeformofanentity.Anentitymaybeconsideredasaset
offorms,andthealgorithmtakescareabouthowmanyformscontainaq-gram,insteadofhow
manytotaltimesaq-gramiscontainedinalltheentityforms;

• Wemanagetherelevanceoftheq-gramsinanentitywithanaccumulatedTF-IDFscorebutalso
thenumberofq-gramscontainedinanentitye.Ifacertainentitycontainsalltheq-gramsof
q.mainContent,thenthatentityisautomaticallyincludedintheresultsetofcandidates.

Table 3. MERA blocking

Structures

Model Meaning

{λ} Emptyset

[λ] Emptydictionaryofpairs(key→value)

Functions

Name Parameters Return

extractUniqueQgrams Strings Setcontainingalltheq-gramsins

meraTfIdf entityIDei,,q-gramni,IDFscore
idfni,IndexI.

r=tf·idfni,wheretfistheamount
offormsofeiinwhichtheq-gramniappears

bestK DictionaryD SetcontainingkkeysofpairsinDthatarepointingtogreatervalues.
Theparameterkisspecifiedthroughconfiguration.

Methods

Name Parameters Invoked over Return

idf q-gramni IndexI IdfscoreofniinI

entitiesWithNgram: q-gramni IndexI IdoftheentitiesinIthatcontainni

Properties

Name Invoked over Return

nodes GraphG AllnodesinG

blockingFunctions ConfigC Setofblockingfunctions

alternativeForms Noden Alternativeformsofn

mainContent Queryq Mainstringinq

type Queryq Typeofthemaincontentinq

order Queryq Typeoforderinq

refinementTypes Queryq Setoftypesofrefinementsinq



International Journal on Semantic Web and Information Systems
Volume 13 • Issue 4 • October-December 2017

52

3.5. Graph navigation
MERAisdesignedtomatchquerieswithgraphnodesthatrepresententities.Findingaresultrequires
theuseofstringsimilaritymeasuresandgraphnavigationthroughthenodes’neighborhood.MERA
usestwotypesofgraphnavigationwhenresolvingaquery:lookingforalternativeformsandlooking
forrelatedentities:

• Looking for alternative forms:Anentity(node)emaybeassociatedwithseveralidentifying
or pseudo-identifying forms in a graph, reachable from e through different properties or
complexpaths.E.g.,anodethatrepresentsanartistmaybeidentifiedwithpropertiessuchas
canonicalname,civilname,alias,orcomplexpathsasalltheidentifyingformsofthegroups
inwhichheparticipates;

• Looking for related entities:Ifthereceivedqueriesincludesomerefinementregardingother
entities(CDofatrack,writerofasong,partnerofanartist,etc.)thegraphwillbeexplored
lookingforcoincidencesinthatkindofrelations.

3.6. Graph Schema
MERA is designed to be able to manage different sources, storing the origin of each piece of
informationinasingleGraphG.Thestrategyemployedisreification,wherethenodesarenotdirectly
linkedwiththeirrelatedcontents(otherentitiesofstringproperties),butauxiliarynodesareused
asintermediaries.Thoseauxiliarynodesrelatethesubjectandtheobjectwhiletheypointtoathird
nodethatrepresentstheoriginoftheinformation.

Forexample,ifwehaveasongsperformedbyanartista.Anaturalwayofrepresentingthiswith
anRDFgraphisthetriplet=(s,“performer”,a).However,wealsowanttokeeptheinformation
ofaccording to who sisperformedbya.Supposethatthisinformationhasbeenobtainedfroma
datasetd.Ingeneralterms,atriplet=(s, p, o)thathasbeenobtainedfromadatasetdistransformed
inthreetriples(s, p, naux),(naux, target, o)and(naux, dataset, d).

Let’ssaythatwewanttoaddtheinfoofanewdatasetdenotedasetographGand,according
toe,songsalsohasaasaperformer.TheresultingMERAgraphistheoneshowninFigure2.The
relationwewanttorepresentisthesameasinthepreviouscase,i.e.,thetriple(s, “performer”,a),but
thereisanalreadyexistingauxiliarynodeauxrepresentingthatlink.Then,thetriple(aux, “dataset”,
e)inGtoindicatethatdatasetealsoagreesaboutthatlinkbetweensanda.

Figure 2. Auxiliary node with several datasets
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4. EVALUATIoN

WehaveimplementedaprototypeofMERAwhichincludesthefollowingcharacteristics:

• Graphnavigationexploringalternativeformsforeachentity;
• Graphnavigationexploringrelatedentities;
• Configurationofrelevancieswhenapplyingrefinementstoaquery;
• Configurationofminimumacceptablevaluesforeachtypewhenscoringaresult;
• Blockingfunctionadaptedtoalternativeentityformsasdescribedinsection3.4;
• UsageofMERARDFgraphschema;
• Setofcomparisonalgorithmsofgeneral-purpose;
• Setoftextstandardizationfunctions.

Theprototypehasbeenused to conduct twokindsof experiments:On theonehand, intra-
comparisons tests toevaluatewhich is the influenceof thedifferent featuresofMERAover the
matchingresults.Ontheotherhand,comparisonoftheresultsobtainedbyourprototypewiththe
resultsofabaselinesystemmatchingthesamesources.

Ourexperimentsareallbasedonthereconciliationofarandomsliceoftwodifferentmusical
sourcesAandBagainstathirdsourceC.TheinformationofChasbeenintroducedinagraphGand
theentriesofAandBhavebeenusedtobuildqueries.Theexpectedresultforeachqueryhasbeen
manuallydeterminedandannotated,whichhasallowedustomeasurethecorrectnessoftheresults
automaticallyobtainedbyMERAandthealternativeapproach.SourceAissupposedtocontaindata
ofhighquality(completeandwithnoneorfewmisspellings)whilesourceBissupposedtocontain
noisydata(user-enteredandincomplete).However,everyquerythrownagainstGisformedbya
songnameandoneormorenamesofassociatedartists/writers.Theselectedsourcesare:

• Source A of high quality:MusicBrainz(Swartz,2002);
• Source B of noisy data:QueriesextractedfromAOLdump(Arrington,2006);
• Target source C:Discogs(Hartnett,2015).

SomeentrieswererandomlyselectedfromthematerialofMusicBrainzandAOLtobuildqueries.
Thesamequerieswereusedduringalltheexperiments.Sincethetargetedsourceisthecontentof
Discogs,theadvancedsearchengineofDiscogsitselfhasbeenusedtocomparewithMERA.Aswell
asourproposal,Discogsadvancedsearchengineallowstheusertoperformrichqueriesinwhichevery
pieceofinformationislabeledwithatypeofthemusicaldomain(release,artist,writer,genre…).

4.1. description of Experiments
Theexperimentswereexecutedunderthefollowingsoftware/hardwareconditions:VirtualMachine
usingWindowsAzurecloudcomputingservices,64-bitOperatingSystem:WindowsServer2012
R2,AMDOpteron(tm)Processor4171HE2.10GHz,14GBRAMandPython2.7.364-bit.

4.1.1. Target Source: Discogs
WehaveusedDiscogs(Hartnett,2015)tocreateagraphGcontainingatotalof500000songs,aswell
astheirassociatedartistsandwriters.TheinformationhasbeenextractedfromadumpofDiscogs
releasespublishedin2015-01-01.Thatdumpincludesasetofmusicalreleasescontainingoneor
moretracksandassociatedartist,withatotalof45458287detectedtracksamongallthereleases.

Thescalabilityofourprototypeisnotenoughtomanageagraphwiththedataoftheentire
dump,sinceitcompletelyworksinmainmemory,sowehavereducedthatquantityto500000,a
numberthatwecanhandlebutthatisstillarepresentativeandahighenoughslice.Those500000
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songsinclude205thathasbeenmanuallydetectedtobetheadequateanswertothequeriesusedin
theexperiments.Therestofsongshasbeenrandomlyselectedfromthedumpfile.

Wealsoincludedinthegraphalltheartistsandwriterslinkedtoeachsong.Discogsassociates
peopletotracks/releasesusingdifferentroles.WehavemappedsomeoftheoriginalDiscogsroles
toourownrolestoincludetheseassociatedpeopleinourgraph.Discogsroles“Artist”,“Featuring”,
and“Vocals”havebeenmappedto“artist”,and“Written-By”hasbeenmappedto“writer”.Therest
ofDiscogsroleshavebeenignored.

Thefinalgraphusedintheexperimentscontainsatotalof500000songsand624441people.

4.1.2. Source of High Quality: MusicBrainz
TheopenmusicencyclopediaMusicBrainz(Hemerly,2011)fitsinourrequirementsofofferinga
greatamountofdataofhighquality.Wehaverandomlyselectedasetofworksfromthissourceand
wehavemanuallycheckedthattheypointtoaworkthatalsoexistsinDiscogsdatadump.Inorder
togenerateasampleofMusicBrainz,theentiredatabasewasdownloadedand300recordingswere
randomlypicked.Later,wemanuallylookedforcoincidencesbetweentheseelementsandsongnodes
inthegraphformedbythepartialcontentofDiscogs.Thefirst100coincidenceswereselectedand
usedtobuildqueriesusingthesongtitleandtheartists/writersassociatedtotheminMusicBrainz.
Theaverageofassociatedartist/writerspersongis2.62.

4.1.3. Noisy Source: AOL Dump
In2006,AOLInc.releasedafilecontainingtwentymillionsearchkeywordsforover650.000users
overathree-monthperiod(Arrington,2006).Wehaveconsideredthatmusical-relatedsearchesfound
amongthismaterialcouldbearepresentativeexampleofanoisysource,sincealltheinaccuracies
havebeenintroducedbyrandomrealuserswhendoingrealsearches.Thestrategytofindmusical
contentamongtherestofsearcheshasfollowedthenextsteps:

• Weexploredalltheitemsselectingthosethatcontainedthetokens“feat”and“featuring”.We
dividedthoseitemsintotwopartsusingtheword“feat”asseparator,andweaddedeachoneto
asetofnoisycandidatekeysN;

• WeremovedfromNthosewordsorsequencesthataremeaninglessforourpurposes,suchas
“todownload”,“ringtone”,“freemusic”,“songof”,“video”,etc.Incaseoffinding“-”inakey,
wedividedthekeyintotwopiecesandwerepeatedthecleaningprocesswitheachpart.Allthe
resultswereaddedtoasetofcleancandidatekeysCwith1203elements;

• WerevisedmanuallyeachkeyinCinthecontextofitsapparitioninthelogofAOLtocheckif
theyreallywereartists/songsornot.Inaddition,ifwedetectedthatsomeofthekeyscontained
morethanoneartist/songatatime,wedivideditinpartsandconsidereditseparately.Atthe
endofthisprocess922sequences(notunique)representingsongsorartistsweredetected.We
storedtheminasetoffoundkeysF;

• WeputalltheelementsofFinasetofdefinitivekeysD.Then,foreverykeykiinFwithalength
greaterthan3,wegeneratedallthepossiblestringsSi={s0,s1…sk}inaLevenshteindistance
ofonewithki.Foreachsj∈Si,ifsjwasfoundmorethan5timesinthelogofAOL,itwasadded
toD.Withthis,wecollectedagroupofdetectedmusicalentitiesthatwerequeriedbyusersas
wellascharactervariationsofallofthemthathadacertainpresenceinthelogofAOL.We
removedfromDmeaninglesssequencesastheonesusedinprevioussteps;

• WeprocessedagaintheentireloglookingforsearchescontainingatleastakeyofD.Weelaborated
threedifferentlistswiththefoundsearches,regardingiftheycontainedasinglekey,between
twoandthreeormorethanthree.327,904searchesweredetected;

• Wemessedthoselistsrandomly.Then,werevisedmanuallytheliststoextractthefirst35results
ofeachonethatwecouldidentifyassearchesforsongsthatincluded,atleast,oneartistname.
Weerasedallthemeaninglesswordsorsequencesofpreviousstepsfromtheresults.
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Ineverycase,werespectedtheoriginalappearanceofeachentityinthelogofAOL.Thatis,we
identifieddifferentpartsineachelementandweremovedmeaninglesswords,butnootherchanges
wereappliedtotheoriginalcontent.

Withthis,weobtainedalistof105itemswithmaterialtobuildquerieswithnoiseintroduced
byrealusers.Theaverageofassociatedartistspersongis1.44.

4.1.4. Measuring the Effect of MERA Features
SomeexperimentsdesignedtochecktheimpactofMERA’sproposalsoverscenarioswithdifferent
levelofdataqualitywereexecuted.Thetestsevaluatethecorrectnessoftheresultsreturnedby
ourprototypewithdifferentconfigurationswhenexecutingaconsistentsetofqueriesagainst
theverysamesource.Inallcases,theentitiestorecognizeweresongs,andtheinformationused
wasitstitleandassociatedartists.Thesetsofchosenfeaturesacrossthedifferentexperiments
areshowninTable4.

There are some other configuration parameters whose values have been fixed for all the
experiments,including:

• Topresultsperquery:15
• Minimumscoreforasongtobeaccepted:0.50
• Minimumscoreforanartisttobeaccepted:0.65
• Artistrelevancewhenrefiningtheresultofasong:0.80
• Reconciliationstringalgorithmsusedinallcases:Levenshteinsimilarity
• Pre-processingfunctionsincluded:replacementofallnon-ASCIIcharactersbyASCIIequivalents

with Unicode normalization, lower-casing, deletion of punctuation marks, and deletion of
redundantwhitespaces.

InabsenceoftheMERAblockingfunctiondescribedintheAlgorithm2,theblockingstrategy
consistedonselectingthebest60candidatesbasedonaccumulatedTF-IDFscoreofq-grams.In
caseofbeingactiveMERAblocking,thecandidatesmayexceedthatnumberifthereareenough
individualscontainingalltheq-gramsofthesongprovidedinthequery.Thelengthoftheq-grams
was,inallcases,3characters.

This configuration allows relativelybad results tobe ranked (at a lowposition) aspossible
matches,mainlybecauseof the low thresholdof acceptance for songs.AnexecutionofMERA
lookingforjustsafematchesshouldprobablydefinehighervaluesofacceptance.However,sincewe
arepurelyevaluatingthecorrectnessoftheresults,inthiscaseweprefertoprioritizeexhaustiveness
bysacrificingperformance(themoreacceptedsongs, themorecomparisonswillbeperformed).
Needlesstosay,theusageofLevenshteindistanceastheuniquestringsimilaritymaycausefalse
negativeswhentryingtomatchentitieswhicharenamedusingdisorderedtokensorabbreviations
notrecognizedasalternativeforms.

Table 4. Features used in experiments

Feature
Experiment ID

A B C D E

Consideringalternativeformsofentities - ✓ - ✓ ✓

Usinginformationofrelatedentities - - ✓ ✓ ✓

UsingMERAblockingfunction - - - - ✓
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ThealternativeformsconsideredforeachentitywhenbuildingthegraphGwerethefollowing:

• Artists:Canonicalname,civilname,aliasandusualnamevariationssuchasabbreviations.All
thisinformationisprovidedbyDiscogs.Whendealingwithagroup,alsothecanonicalnameofits
integratingartists.Whendealingwithaperson,thecanonicalnameofthegroupsshebelongsto;

• Songs:Canonicalname.When thisnamehas textbetweenbrackets (e.g.,“Summer love (radio
remix)”),alsothesamenamewithouttheinformationinbracketswasconsideredasanalternativeform.

4.1.5. Comparing MERA with Discogs Advanced Search
Amongtheavailablealternativematchingsystemsmentionedinsection2,Discogsadvancedsearch
system1wasselectedasbaselinemainlybecauseoftworeasons.Ontheonehand,inourexperiments
weaimtomatchentitiesofdifferentsourceswiththecontentofDiscogs.Then,itseemslikethe
searchengineofDiscogsitselfmaybeanappropriatetooltoconsiderforsuchagoal.Ontheother
hand,theinputinformationexpectedbytheadvancedsearchsystemofDiscogsisprettysimilarto
theconceptualinformationexpectedbyMERA.Mostofthealternativesmentionedinsection2are
general-purposeanddonotacceptalabeledinputsuchasMERAexpects.Despiteitmaybepossible
toadaptsomeofthosesystemstobuildconditionssimilartoourexperimentsintermsoftargeted
sourcesandtypeofqueries,probablytheclosestsystemstoourdesignarethemusicspecialized
ones,suchasDiscogssearchengineorMusicBrainzPiccard.Nevertheless,theformerisdesigned
tomatchentrieswithMusicBrainzdatabase.

Discogsportalalsooffersatypeofunlabeledsearchasaregulargeneral-purposesearchengine.
However,thistypeofsearchishardlycomparabletoMERA,especiallywhendealingwithqueries
whichhaveextraassociatedinformationfurtherthanthenameofthecoreelementtomatch.Because
ofthis,onlytheadvancedsearchsystemhasbeencomparedwithourprototype.

Asfarasweknow,Discogshasnotreleasedsoftwareseparatefromitswebapplicationtoperform
queriesagainstitslibrary.Duetothat,ourevaluationhasconsistedinintroducingmanuallythecontents
ofeachqueryinthewebformofadvancedsearchandannotatingtheobtainedresults.Eachquery
hasbeenthrownusingdifferentslicesofthewholeinformationtocheckhowthepresence/absenceof
dataaffectstheresults.Forinstance,givenaquerytomatchasongcalled“Heart-ShapedBox”,with
“Nirvana”asartistand“KurtCobain”aswriter,theresultsofusingjusttheofthenameofthesong
intheform,songplusartists,songpluswriter,andalltheinformationatatimehavebeenannotated.

AllthequeriesfrombothtargetsourceswereintroducedintheDiscogssystem.Inthecaseof
AOL,whichcontainsinformationalreadytyped,artistswerespecifiedinthefieldwiththelabel
“ByArtist”.Theinformationrelatedtowritershavebeenputintothefield“Credit”,whichpoints
toeveryotherroledifferentto“artist”.However,inthecaseofAOLsource,thecontentwastyped
aposteriori,thenitisnotcleariftheuserwhooriginallywrotethequerywasreferringtoanartist,
awriterortoanyotherrole.Duetothatreason,theinformationofpeoplewasintroducedinboth
fieldsoftheform,andjustthebest-obtainedresultwasannotated.

Aswepreviouslystated,thecurrentversionofourprototypeoperatesjustinmainmemoryand
cannothandleagraphcontainingtheentiredumpofDiscogs.Nevertheless,theDiscogswebsearch
systemalwaysuses theentire informationof thesource. Inorder toproducecomparableresults,
whenwethrewaqueryandthedesiredentrydidnotappearinthefirstpositionoftheresults,we
checkedeachelementwhichrankedbettertodetermineifitwerealsoincludedinourrandomslice
ofDiscogs.Allthoseentitiesthatwerenotinourslicewereexcludedfromtheobtainedlist,andthe
expectedentrywaspromotedtoitscorrespondingrankwithouttheseelements.Thisdecisioncould
haveaffectedthequalityoftheexperimentsifDiscogsappliedablockingfunctionwithamaximum
numberofcandidates,suchasMERAdoes.However, itdoesnotseemthat thereisamaximum
numberofresultswhenusingthewebsearch.
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4.2. Results and discussion
4.2.1. Inclusion of MERA Features
ExperimentAconsistedofapplyingLevenshteindistancetoconciliatesourceswithoutusingany
kindofgraphnavigation,i.e.,justbycomparingcanonicaltitlesofsongs.Theobtainedresultscanbe
queriedinFigure3.Inthechart,wehavegroupedtheresultsofthequeriesinfourdifferentcategories:

• Queriesinwhichthecorrectentryappearedinfirstplace;
• Queriesinwhichthecorrectentryappearedinsecondorthirdplace;
• Queriesinwhichthecorrectentryappearedinfourthorworseplace;
• Queriesinwhichthecorrectentrydidnotevenappear.

Undertheseconditions,52%ofMB’stargetresultsarerankedfirst.InAOLcase,just43.81%.
Thereasonswehavefoundfortheselowratesofcorrectaremainlythesameforbothsources:

• The blocking function did not detect as candidate the target entry:Thishappensmostly
whendealingwithsongswithashortname,withcommonwordsinG,oracombinationof
thesetwofactors;

• Lack of alternative forms of song:ThetitlesofAOLandMBmaypresentagreatdifferencewith
theircorrespondingtitleinDiscogsaccordingtoLevenshteindistance,despitetheypointtothe
samereality.ThisismainlybecauseDiscogs’contentusuallycontainssongtitleswithinformation
betweenbrackets,suchas“Summerlove(radioedition)”or“Summerlove(remixDJ)”;

• Ambiguity:Songnamesarenotuniqueinsomecases.Ifwedonotexplorerelatedartistinorder
todecidethebestresult,thereisnotareliablecriteriontodecidewhichentryshouldappearin
firstplace.

TheconditionsofexperimentsBandCallowustosolveissuesderivedfromlackofalternative
formsofsongsandambiguityrespectively.TheseresultsarerespectivelyshowninFigure4and
Figure5.NotethattheinclusionofMERA’sgraphnavigationstrategiesimprovetheresultsforboth
sources,increasingtherateoftargetentitiesrankedfirstanddecreasingtherateofintermediate/
missedentries.TheinclusionofrelatedentitiesinExperimentCproducesagreaterpositiveimpact
on the results, improving the rateof first-rankedentities.Nevertheless, ithaspoororevennone
impactintherateofmissedentries.Thishappensbecausemostofthemissedresultsarenotaccepted
intheblockingstage.MERAexploresrelationsbetweenentitiesthathavepassedtheblockingcut,
sointermediateresultscanimprovetheirrank,butthisdoesnotaffectatalltothosethathavenot

Figure 3. Experiment A: No graph navigation
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reachedthecomparisonstage.Ontheotherhand,inExperimentBwehaveaddedalternativeforms
thataffecttheTF-IDFofsometargetentities,whichallowsomemissedresultstopassthethreshold
duringtheblockingstageandletthembeevaluatedbythecomparisonalgorithms.

InExperimentD,wehaveappliedbothgraphnavigationsatatime,i.e.,weconsideralternative
formsandrelatedentitiesduringthematchingprocess.Thishasapositiveeffectonthesuccessrates
forbothsources.TheresultscanbecheckedinFigure6.Inthiscase,thereasonstofindatargetentry
missedorlow-rankedarenotthesameforbothsources:

• MusicBrainz:Thereare6targetentriesnotrankedfirst.Oneofthemdidnotpasstheblocking
functionthresholdbecausethesonghasashortnameformedbycommonq-gramsinSpanish:
“Elamor”.TheotherfiveareallpiecesofclassicalmusicinwhichitlookslikeLevenshtein
distancecannotdetectmatches.Anillustrativeexampleofthisisthequery“SonataforPianono.
7inCmajor,K.284b/309:III.Rondeau.Allegrettograzioso”.ItsequivalentinDiscogsexpress
thesamerealitybutwithdifferentnamingconventions.Artistinformationhasnotbeenhelpful
inthesecasessincetheclassicalcomposersprovidedbyMusicBrainzforthosepieces(Mozart,
Beethoven...)arewidelyrepeatedacrossothertrackswithsimilarnames.Algorithmsdifferent
toLevenshteinshouldbeappliedtomatchthiskindofworks;

• AOL:Theunder-rankedentrieshappenmainlybecauseofthedetectionofversionsofsongs
beforetheonewearelookingfor.Thereasonforthemissedonesis,inmostofthecases,thatthe
targetentrydidnotpasstheblockingfunctionthreshold.Someresultsarestillmissedbecause

Figure 4. Experiment B: Alternative forms

Figure 5. Experiment C: Related entities
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thesongnamecontainedhardmisspellings.Anillustrativeexampleisthestring“ghostrider”
tryingtoexpressthesong“GhostWriter”.

WhenweincludeMERAblockingfunctioninExperimentE,allthetargetresultspasstheblocking
cutandtherateoffirst-rankedentriesgrowsto95%forMBand94.29%forAOL.Theunder-ranked
resultsarethesameofExperimentE,sincewehavenotchangecomparisontechniquesnorweused
extradata.TheobtainedresultsareshowninFigure7.

Nevertheless, this blocking function has a performance cost. We repeated 50 times the
experimentsEandDandourmeasurements indicate that theperformance is14.76%worse in
experimentEcomparedwithexperimentD.Thiscostisnotjustbecauseofthecalculationsneeded
toselectthecandidatesinblockingstage,butbecausethatapproachmaygeneratemorecandidates
thanthepre-configuredtopnumber.Thisleadstomoreoperationsduringthecomparisonstage.
WehavemeasuredhowMERAblockingfunctionexceedsthepreconfigurednumberofcandidates
tobeacceptedinblockingstageinexperimentE.Thatnumberhadbeensetto60,andwechecked
that theaveragenumberofcandidatesreturnedperentityhasbeen68.12.Also,94.62%of the
querieshadexactly60results.However,wehavedetected that insomecases thefunctionhad
returnedanamountofcandidatesthatexceedbylarge60.Thishadhappenedwithqueriesformed
byshortnameswithcommonq-gramsinG.WhileexecutingE,thequerythatproducedahigher
numberofvalidcandidatesinblockingstagehasbeen“Sowhat”oftheartist“Ciara”,withatotal
of326detectedcandidates.

Figure 6. Experiment D: Complete graph navigation

Figure 7. Experiment E: Using MERA blocking function
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4.2.2. Data Quality Effect with MERA
AsshowninFigure3,Figure4,Figure5,andFigure6,ifwedonotusealltheMERAfeatures
implementedinourprototype,theresultsofthecleansource(MB)improvetheresultsofthenoisy
source(AOL).However,whenusingallthematatime,asitisshowninFigure7,bothsourcespresent
verysimilarresults.Actually,AOLobtainedalowerrateofmissedsongs(2.86%vs5%ofMB).
Nevertheless,thesemeasurementsmaybeconditionedbythesizeandnatureofthesamples.More
testsareneededtomeasurehowdataqualityimpactsoverresultswhenusingMERA.

4.2.3. MERA vs Discogs System
During the evaluation of MERA features in the previous experiments, we could check that the
inclusionofanextrafeaturehasapositiveeffectontheobtainedresults.Thismeansthat,ingeneral
terms,themoreinformationisassociatedwithaquery,themoreaccuratearetheresultsbroughtby
MERA.However,Discogssearchenginedoesnotbehaveequally.ThealgorithmsusedbyDiscogs
lookforentriesinwhichalltheinformationintroducedisincludedsomehow.Thismaycausefalse
negativesunderthefollowingconditions:

• Whentheinformationofthequeryexceedstheinformationofthetargetentity;
• Whensomeoftheelementsofthequerydonotproduceamatchwithsomeoftheelementsof

thetargetentityduetomisspellingsoralternativenames.

Duetothatreason,usingalltheavailableinformationisnotalwaysthebestapproachtofindthe
correctresultwithDiscogssearchengine.Wehavedetectedthat46.81%ofthetargetentriesusing
AOLmaterialrankedworsewiththeinclusioninthequeryofsomeextrapieceofinformation.In
thecaseofMusicBrainz,thisrategrowsupto64%.

Bearingthatinmind,wepresenttheresultsofourexperimentsusingDiscogssearchengine
segregatedbythenumberandnatureofthepiecesofinformationusedineachattempttomatchan
elementofAOL/MusicBrainzwithanentryinDiscogs.WeanalyzeseparatelythematerialofAOL
andMusicBrainz.
4.2.3.1. AOL Against Discogs and MERA
InFigure8 the resultsofusingdifferent strategies tomatch theverysameelementof theAOL
materialwithitscorrespondingentryinDiscogsareoffered.Thosestrategiesareidentifiedwitha

Figure 8. AOL against Discogs and MERA
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labelintheYaxisofthechart.Eachlabelhasthefollowingmeaning(ineverycaseatleastthesong
namewasincludedinthequery):

• MERA:MERAresultsusingitscompletesetoffeatures.Thesestatisticsaretheonesobtained
inExperimentE;

• Best Result:Bestobtainedresultusinganyofthepreviousstrategiesforeachentry;
• All Artist:Alltheavailableartist,incasetherearetwoormore;
• Just an Artist:Theassociatedartistwhoproducedbetterresults;
• No Artist:Justasongname.

Notallthequeriesfitinallthestrategies.Inthe“Allartists”section,justthoseentrieswithtwo
ormoreassociatedpeopleareconsidered.Ineverycase,theresultsarerelativetothenumberof
caseswhichfitinthestrategy.

Severalconclusionscanbeextractedfromtheobtaineddata.Firstly,itseemslikethebeststrategy
tofindthetargetentityforeachqueryisusingasingleartistasextrainformation.Therateofqueries
whichareresolvedwiththedesiredentryinthefirstpositionis63.81%withjustanartist,compared
withthe55.17%obtainedforallartistsandthe24.76%withnoextrainformationratherthansong
name.ThereasonbehindthisisthegeneralstrategyfollowedbyDiscogssearchengine,inwhichall
theinformationintroducedinthesearchformmustbepartofanentrytobeincludedintheresults.
Then,usinganartistinthequeryusuallyworksasausefultooltodecidethebestentryamongseveral
songswiththesameorsimilarname.However,includingapieceofinformationwhichisnotstored
inDiscogscauseafalsenegative.

AswellasMERA,Discogsproducedpoorresultsofdesiredentitiesrankedinthefirst
placewhenusingjustsongnames.Just24.76%oftheentitiesaresuccessfullymatchedwithout
providingartists.WithMERAthisnumbergrowsup to43.81%withoutusingalternative
forms,asitisshowninFigure3(ExperimentA).DespiteMERA’srateissensiblyhigher,
noneofthesystemsareaccurateenoughtoconsiderthattheyproducegoodenoughmatches
atthefirstattempt.Nevertheless,DiscogsoutperformsMERAintherateofmissedresults
using justa songname.32.38%aremissedwithMERA,by18.10% thataremissedwith
Discogs.Thisdifferenceismainlycausedbecauseoftheeffectsoftheconfiguredblocking
functioninExperimentA.ThedesiredresultsmissedMERA’scut,whiletheyaresimply
low-rankedusingDiscogs.

Independentlyoftheinformationcombinationemployed,MERAoutperformsDiscogs
effectiveness. As it is shown in Figure 7 (Experiment E), where all the features of our
prototypewereactive,MERAfindsthedesiredresultin94.29%ofthecases,comparedwith
the68.57%achievedbyDiscogs.Thereasonbehindthisisthedifferenttextreconciliation
algorithmsused.Discogssearchengine,whichisbasedonElasticSearch(Hartnett,2015),do
notfollowastrategyofexactmatch,sinceitiscapableofproducingmatchesbetweentitles
withsomemissedordisorderedtokens.However,itisheavilyaffectedbymisspellingsor
anyotherinternalchangeinatoken.Anexampleofthisisthequerywhoseexpectedmatch
isthesongFine Young,ofCannibals.TheinputfoundinthedumpofAOLforthisrecording
was“fineyoung”,of“canibals”.Aquerywhichusesjustthesongnameisresolvedwiththe
desiredentryrankingfirst.However,whenintroducing“canibals”inthefieldofartist,no
resultsareofferedbythesearchenginebecauseofamissing“n”inthegroupname.Another
significantexampleisthequery“‘touchit’remix”,withsinglequotessurrounding“touch
it”andnoblankbetweenthefinalquoteand“remix”.Theabsenceofablankafterthequote
causethatnoresultisshown.Justbyaddingthatwhitespacetotheoriginalquery,thefirst
resultobtainedisthetargetone.



International Journal on Semantic Web and Information Systems
Volume 13 • Issue 4 • October-December 2017

62

4.2.3.2. MusicBrainz Against Discogs and MERA
TheresultsofusingdifferentsetsofinformationofanentryofMusicBrainztomatchitwithits
equivalent inDiscogsusing theweb searchengine are shown inFigure9.Due to thenatureof
MusicBrainzinformation,ithasbeenpossibletotestmorecombinationsthaninthecaseofAOL.
AllthepeoplerelatedtoasonginMusicBrainzhasanexplicitrole(mainartist,writer,featurer,
etc.).Inthiscase,itisclearwhereeachpieceofinformationshouldbeplacedinthesearchform,in
oppositiontothecaseofAOLweretherolesofrelatedpeoplewereaprioriunknown.Thisletsus
analyzeinaseparatewaytheeffectofincludingpiecesofinformationofdifferenttypesintheform.

ThedifferentstrategiesareidentifiedwithalabelintheYaxes.Thelabelshavethefollowing
meaning(ineverycaseatleastthesongnamewasincludedinthequery):

• MERA:MERAresultsusingitscompletesetoffeatures.Thesestatisticsaretheonesobtained
inExperimentE;

• Best Result: For each entry in MusicBrainz, best result achieved by using any of the
previousstrategies;

• An Artist or a Writer:Thenameoftheartistorthewriterwho,byjusthimself,producedthe
bestresult;

• All the Information:Thenameofeveryartistandeverywriter,justincasethisnumberof
relatedentitiesisgreaterorequaltothree;

• An Artist and a Writer:Thenameoftheartistandthewriterwhichproduceabetterresult,
justincasethereareatleastanartistandawriter;

• All Writers:Thenameofallthewritersatatime;
• Just a Writer:Justthenameofthewriterwhoproducedthebestresult;
• All Artists:Allthenamesofalltheartistsatatime;
• Just an Artist:Justthenameoftheartistwhoproducedthebestresult;
• No Artists:Justasongname.

AsinthecaseofAOL,notalltheMusicBrainzentriesfitinallthestrategies.Ineverycase,the
offeredresultsarerelativetothenumberofcaseswhichfitsinthestrategy.

Figure 9. MusicBrainz against Discogs and MERA
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Oneofthemostrelevantfactsthatcanbeextractedfromourresultsisthat,withacleansource
andanadequatecombinationofartistsandwriters,theeffectivenessofMERAandDiscogsarequite
similar.Withallitsfeaturesactivated,ourprototypewasabletorankfirsttheadequateentity95%
ofthetimes,comparedwiththe93%scoredbyDiscogs.Nevertheless,itisnoticeablethatthescore
ofDiscogsisobtainedthroughconsideringthebestattemptforeachentryofMusicBrainz,instead
ofusingaconsistentstrategy.Usingaconsistentstrategy,theinclusionofasingleartistinthequery
isthebestapproachtoproduceperfectmatchings,withasuccessrateof88.41%.

Theresultsofusingalltheavailableinformationinaquerymaylookshockingapriori:just32.43%
oftheentrieswithseveralartistsandwritersassociatedproducedamatch,while67.57%oftheattempts
didnotreturnthetargetentityamongtheresults(actually,alltheresultsconsistedofanemptylistin
thosecases).Thisoccursbecauseofusingtoomuchinformation.Aswehavealreadymentioned,a
querywithdatamorecompletethanthecorrespondingentryinDiscogscauseafalsenegative.

Notethattheinclusionofanartist,withasuccessrateof88.41%,hasamorepositiveeffecton
theresultsthantheinclusionofawriter,withasuccessrateof77.78%.Thereasonforthisresult
is that it iscommontohavesongsversionedbydifferentartists.Inawell-documentedsource,
suchasDiscogs,alltheseversionsareconnectedtothesamewriter.Then,thesearchengineis
capableoffindingalltheseentries,butitdoesnothaveextrainformationtodecidewhichofthese
versionsisthetargetone.Onthecontrary,specifyingtheartistsofagivensongworksbetterasa
disambiguationmechanism.

AlthoughMERAandDiscogshave the same rateofmissing results forAOLqueries (5%),
thereasonsforfailingarenotthesameforbothapproachesduetothedifferentcapabilitiesofthe
algorithmsused.Aswealreadymentioned,MERAfailed to recognizepiecesofclassicalmusic
withlongnamesanddisorderedtokens.ThismaybesolvedbyintegratingintoMERA’spipelinea
token-orientedalgorithmsuchasJaccardsimilarity.Furtherresearchcanbedonetochecktheeffect
onfalsepositivesduetothatdecision.

Bycontrast,Discogsisabletoproperlymatchsomeofthesetitlesofclassicalmusic,butitfails
withotherentriesduemainlytoslightdifferencesinsongorartists’names.Aninsightfulexampleof
thisisthequery“Cholly(FunkGettin’ReadytoRoll)”.ThecorrespondingentryinDiscogsforthat
queryisstoredwithablankafterthesinglequote.Theabsenceofablankmadethesearchengine
toconsider“Gettin’Ready”asasingletoken,whichisnotpresentinanytitleofthesource,which
makestheapplicationtoreturnanemptylistofresults.Anexampleofaquerywhichissolvedwith
thedesiredentryunder-rankedis“FeelLikeMakin’Love”,writtenby“GeneMcDaniels”.Inthis
case,theabsenceofblankbetween“Makin”and“Love”doesnotmotivatethefailure,buttheway
ofspecifyingtheauthorofthesong.Discogsadvancedsearchsystemconsidersalternativeforms
ofartists,suchasMERAdoes.WhenmatchingcleansourcessuchasDiscogsandMusicBrainz,an
exactmatchwithsomeofthatformsisenoughmostofthetimestorecognizeanartist.Forinstance,
thiswriterisstoredinthesystemwiththeformsof“EugeneMcDaniels”,“E.McDaniels”orjust
“McDaniels”.However,inthiscase,theform“GeneMcDaniels”usedinMusicBrainzdonotappear
asarecognizedalternativeform,whichcausesthatthecorrectentryappearsunder-rankedinthe
resultlist.

5. CoNCLUSIoN ANd FUTURE WoRK

WehavedescribedMERA,thearchitectureofahighlyconfigurablesystemformatchingseveraldata
sourcescontainingmusicalmetadata.Themaincontributionsofourapproachare:

• Graph-basedapproachinwhicheverypieceof informationmaintainsa listofsource(s) that
agreesonit,allowingtheusertousethisinformationforfilteringcontents;

• Aconfigurablegraphnavigationsystemthatlooksforalternativesidentifyingformsofeach
nodetouseinthematchingprocess.
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Wehavealsoproposedablockingtechniquebasedonq-gramindexingandTF-IDFadapted
toMERA’snotionofalternativeformsofanentity.Weimplementedaprototypeincludingthese
featuresandwefoundthatitwaseffectiveinmorethan94%ofthecasesundertheconditionsof
ourexperiments,whichincludedsourceswithdifferentlevelsofdataquality.Wehavecompared
ourprototypewithawell-knownsearchenginemusic-specialized,outperformingitsrateofcorrect
matchesinthetwoexperimentsthatwedeveloped.

Asfuturework,weplantoimproveMERAarchitecturetoproduceasystemwhichincludesthe
followingfeatures:

• Machine-learningalgorithmsthatcaninferadequateconfigurationsthroughtrainingdata;
• Improvethescalabilityandefficiencyofgraphstorage,managementandaccess;
• Implementation of a scalable framework with parallel computing possibilities during the

comparisonstage.

WewillalsoexploreMERA’sapproachinadifferentscopetoperformsometestcomparingour
systemwithothergeneralpurposeapproaches.
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