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ABSTRACT

ThisarticlepresentsMixMash,aninteractivetoolwhichstreamlinestheprocessofmusicmashup
creationbyassistingusersintheprocessoffindingcompatiblemusicfromalargecollectionofaudio
tracks.ItextendstheharmonicmixingmethodbyBernardes,DaviesandGuedeswithnoveldegrees
ofharmonic,rhythmic,spectral,andtimbralsimilaritymetrics.Furthermore,itrevisesandimproves
someinterfacedesignlimitationsidentifiedintheformermodelsoftwareimplementation.Anewuser
interfacedesignbasedoncross-modalassociationsbetweenmusicalcontentanalysisandinformation
visualisationispresented.Inthisgraphicmodel,alltracksarerepresentedasnodeswheredistances
andedgeconnectionsdisplay theirharmonic compatibility as a result of a force-directedgraph.
Besides,avisuallanguageisdefinedtoenhancethetool’susabilityandfostercreativeendeavourin
thesearchofmeaningfulmusicmashups.
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INTRoDUCTIoN

Mashupcreationisamusiccompositionpracticestronglylinkedtovarioussub-genresofElectronic
DanceMusic(EDM)andtheroleoftheDJ(Shiga,2007).Itentailstherecombinationofexisting
pre-recordedmusicalaudioasameansofcreativeendeavour(Navas,2014).Thispracticehasbeen
nurturedbytheexistingandgrowingmediapreservationmechanismsthatallowuserstoaccesslarge
collectionsofmusicalaudioindigitalformatfortheirmixes(Vesna,2007).However,thescalability
of thesegrowingaudiocollectionsalsoraises the issueof retrievingmusicalaudio thatmatches
particularcriteria(Schedl,Gómez,&Urbano,2014).Inthiscontext,bothindustryandacademia
havebeendevotingefforttodeveloptoolsforcomputationalmashupcreation,whichstreamlinethe
time-consumingandcomplexsearchforcompatiblemusicalaudio.

Early research on computational mashup creation, focused on rhythmic-only attributes,
particularlythoserelevanttothetemporalalignmentoftwoormoremusicalaudiotracks(Griffin,
Kim&Turnbull,2010).Recentresearch(Davies,Hamel,Yoshii,&Goto,2014;Gebhardt,Davies,
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&Seebe,2016;Bernardes,Davies,&Guedes,2018)hasexpandedtherangeofmusicalattributes
underconsiderationtowardsharmonic-andspectral-drivenattributes.Theformeraimstoidentify
thedegreeofharmoniccompatibilityinmusicalaudio,commonlyreferredtoasharmonicmixing.
Thelatteraimstoidentifythespectralregionoccupiedbyaparticularmusicalaudiotrackacrossthe
frequencyrange(e.g.,theconcentrationofenergyinlow,middle,andhighfrequencybands),which
canthenguidethespectraldistributionofthemix.

Theinterfacedesignofearlysoftwareimplementationmodelsadoptsaone-to-manymapping
strategybetweenauser-definedtrackandarankedlistofcompatibletrackstoshowtheresultsto
theuser(MixedinKey,n.d.;NativeInstruments,n.d.;Daviesetal.,2014).Recently,Bernardesetal.
(2018)proposedaninterfacedesignwhichadoptsamany-to-manymappingstrategy,whichoffersa
globalviewofthecompatibilitybetweenalltracksinamusiccollectionandpromotesserendipitous
navigation(Figure1).Itrepresentseachaudiotrackinacollectionasagraphicalelementinanavigable
2-dimensionalinterface.Distancesamongtheseelementsindicateharmoniccompatibilityandthe
additionalgraphicvariablesoftheseelements,suchascolourandshape,indicaterhythmicandspectral
informationrelevanttomashupcreation.Byexposinguserstothecompatibilitybetweenalltracks
inacollection,thisinterfacedesignaimstopromoteanoverviewoftherelationsbetweentracks.

Inshort,advancesincomputationalmashupcreationmodels,emphasizeagradualincreasein
thenumberofextracteddata-drivenattributesfrommusicalaudioandaglobalviewoftheaudio
collectionsthroughinformationvisualization.Thistendencyacknowledgesthesubjectivenatureof
thetaskandenhancesthedegreeofpersonalizationinthesearchforcompatibleaudioinmashup
creation.However,scalabilityoftheseaudiocollectionsnowraisesconcernsattheusabilitylevel
inmany-to-manyinterfacedesign(Bernardes,Davies,&Guedes,2018;Maçãsetal.,2018).Figure
1b)highlightsthethreemainlimitations:(i)theclutterresultingfromthesuperpositionofgraphic
elements;(ii)thestaticrepresentationofthetracks,whichdoesnotpromoteafinerexplorationof
particulardenseareas;and(iii)thereducednumberofexistinggraphicattributesinthevisualtracks
representation todepictmusical audiocontent-driven information.From these limitations itwas
possibletodefinethethreemaingoalsforthepresentwork:(i)thepreventionofoverlappinggraphic
elementsandsubsequentsimplificationof thevisualisation;(ii) thecreationofasystemcapable
ofdynamicallyadapt to theuser interactions;and(iii) thecompleterepresentationof the tracks’
musicalcharacteristicsandtheirharmoniccompatibility.Toaddresstheidentifiedinterfacedesign
limitations,itwasadoptedinMaçãsetal.(2018)amethodologybasedontheThreeCycleViewof
DesignScienceResearch(Hevner,2007).Thismethodologypromotedtheiterativeimplementation

Figure 1. Screenshot of the visualisation of the original MixMash interface representing (a) 50 musical audio tracks and (b) 200 
musical audio tracks. Refer to Bernardes et al. (2018) for a detailed interpretation.
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ofthevisualisationmodelandthedefinitionofthevisualrepresentationsoftheattributesofmusical
audiotracks.

The current paper extends Maçãs et al. (2018) in four aspects. First, it provides a detailed
overviewofcomputationalmashupcreation,fromtheearlyrhythmic-onlyalignmentstothecurrent
multidimensional attribute spaces, which to the best of our knowledge has not been addressed
elsewhere.Second, itexpands therangeofmusicalaudioattributesunderconsideration,notably
including timbreasa relevantdimension, following recentevidenceon its significant impacton
listeningpreferenceaslistenersareabletoreliablyevokechangesintimbretowardstheirpreferences
(Dobrowohl,Milne,&Dean,2019).Third, itdetailsthesignalprocessingunderlyingallmetrics
adoptedtoextractcontent-driveninformationfrommusicalaudio.Fourth,theforce-directedalgorithm,
visualmappingsandinteractiveinterfacearethoroughlydescribed.

Theremainderofthepaperisorganisedasfollows.TheBackgroundsummarisestherelated
work.MixMash:CompatibilityMethoddescribestheaudioanalysismethodsthatsupportanovel
music visualisation system for assisting music mashup creation. The Methodology presents the
developmentstrategiesforthevisualisationmodel.MixMash:VisualisationModelpresentsanew
approachforthevisualisationofcompatiblemusicalaudiotracks,adescriptionoftheestablished
associationsbetweengraphicelementsandmusicalaudioattributes,andtheinterfacedesign.The
Conclusionstatestheconclusionsofthisworkanditsfuturedirections.

BACKGRoUND

Thepresentsectionisdividedintothreeparts,inwhichtheauthorspresentrelatedworkconcerning
thefollowingtopics:harmonicmixingmethods,thevisualisationmethodsappliedtorepresentmusic,
andthecharacterisationofforce-directedgraphsandtheirapplicationinthevisualisationofmusic
collections.

Harmonic Mixing
Therearefourmajorharmonicmixingmethodsintheliterature:keyaffinity,chromavectorssimilarity,
sensorydissonanceminimisation, andhybrid (hierarchical)models.The initial three approaches
focusonsingleharmonicattributesonly,andthelatterapproachprovidesahierarchicalviewover
harmoniccompatibility.

Keyaffinityisoneoftheearliestcomputationalapproachestoharmonicmixing.Ithasbeen
proposedbyindustry(MixedinKey,n.d.,NativeInstruments,n.d.)andiscomputedasdistancesin
theCamelotWheelorcircleoffifthsrepresentation(MixedinKey,n.d.).Thisapproachenforces
somedegreeoftonalstabilityandlarge-scaleharmoniccoherenceofthemashupbyprivilegingthe
useofthesamediatonickeypitchset.

Chromavectorssimilarityinspectsthecosinedistancebetweenchromavectorrepresentations
ofpitch-shiftedversionsoftwogivenaudiotracksasameasureoftheircompatibility(Daviesetal.,
2014;Lee,Lin,Yao,Li,&Wu,2015).Thesimilarityistypicallycomputedatthetimescaleofbeat
durations,thusprivilegingsmall-scalealignmentsoverlarge-scaleharmonicstructurebetweenaudio
sliceswithhighlysimilarpitchclasscontent.

Sensorydissonancemodelsfollowthesamelocalandsmall-scalealignmentstrategyaschroma
vectorssimilaritybetweenpitch-shiftedversionsofoverlappingmusicalaudio,yetadoptamore
refinedmetricofcompatibility,whichaimstominimizetheircombinedlevelofsensorydissonance
(Gebhardt,Davies&Seebe,2016);amotivationwell-rootedintheWesternmusical traditionby
favouringalessdissonantharmoniclexicon.

Recently,ahybridhierarchicalmodelforharmonicmixinghasbeenproposedbyBernardeset
al.(2018).Itcombinespreviousapproachesfor(small-andlarge-scale)harmoniccompatibilityina
singleframework.Furthermore,itproposesanovelinterfacedesignapproach,whichoffersaglobal
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viewover theharmoniccompatibilityofanentiremusiccollection (many-to-many),beyond the
existingone-to-manyrelationshipsbetweenauser-definedtrackandanaudiocollection(Bernardes
etal.,2018).

Music Visualisation
Historically,numerousartistshavecreatedaudiovisualassociations,laterreferredtoasgraphicnotation
andvisualmusic.PioneeringworksbyKandinsky,Pfenninger,Cage,Fischinger,andWhitneyexplore
combinationsofvisualprinciples—mainlycolourandshape—toemphasisetheaudiovisualexperience
(McDonnell,2007).Inthepresentwork,thevisualtranslationofacollectionofmusicalaudiotracks
isapproachedfromtwodifferentpointsofview:musicvisualisationandthevisualrepresentation
ofalargecollectionofmusicalaudiotracks.Regardingmusicvisualisation,someauthorshavetried
tosolvethisproblembyfocusingonthegeometryofmusicalstructure(Bergstrom,Karahalios,&
Hart,2007),whileothershavefocusedonasolutionbasedonmappingsbetweenaspecificsetof
musicalcharacteristicsandsomevisualcharacteristics(Snydal&Hearst,2005;Wattenberg,2002;
Sapp,2001).Forexample,Wattenberg(2002)usesarcdiagramstoconnectsequencescontaining
thesamepitchcontent,revealingthestructureofmusicalcompositions.Ontheotherhand,Sapp
(2001)presentedamulti-timescalevisualisationoftheharmonicstructureandthekeyrelationsina
musicalcomposition.AnotherexperimentalapproachhasbeenpresentedbyRodrigues,Cardoso,and
Machado(2016),whereavisualisationmodeliscreatedtoprovideaperceptuallyrelevantexperience
fortheuser.Overall,theaforementionedvisualisationsdonotallowgreatmodularityofdata,often
bindingthevisualclarityofeachelementandlimitingthecomparisonofothermusicalcharacteristics.

Although visualisations of large collections of musical audio collections have already been
addressedbysomeauthors(Grill&Flexer,2012;Hamasaki&Goto,2013;Rauber,Pampalk,Merkl,
2003;SchwarzandN.Schnell,2009;Gulik,Vignoli,&VandeWetering,2004),itstillisanareain
needofgreatdevelopment.GrillandFlexer(2012),similarlytotheworkofBernardesetal.(2018),
developedavisualisationstrategycapableofrepresentingperceptualqualitiesfromalargecollection
ofsounds.Althoughtheirmusicalfocuswasinsoundtextures,theyaimedatfindinganintuitiveand
meaningfulinterface.Forthispurpose,theybuiltanaudiovisuallanguagebasedonthecross-modal
mechanismsofhumanperception.Inthisproject,subjectswereabletosuccessfullyassociatesounds
withthecorrespondinggraphicrepresentations.HamasakiandGoto(2013),Guliketal.(2004)and
SchwartzandSchnell(2009)alsoproposedinteractivevisualisationsofseverallayersofinformation;
however,theydonotrepresenttheperceptualrelevanceofthemusicalcharacteristicsatavisuallevel.

Force-Directed Graphs
The visualisation of graphs handles the representation of relational structures in data, aiding in
theanalysis,modelling,andinterpretationofcomplexnetworksystems(Meirelles,2013).Graph
visualisation is characterised by the existence of two main elements: (i) nodes, representing an
entity(e.g.,person,cell,machine);and(ii)edges,representingtherelationshipbetweennodes.Such
modelsareoftenappliedtolargeandcomplexdatasets,whichentailsasetofproblemsrelatedto
performanceandclutter.Asthegraphsgrowinsize,therequiredvisualspaceandcomputational
resourcesalsoincrease(Herman,Melançon,&Marshall,2000).Tosolvethis,clusteringtechniques
areappliedbygroupingsimilarnodesby their semanticsand/orpositionon thegraph.Through
clustering,itispossibletoreducevisualclutterandcomplexity,enhanceclarityandperformance,
andcreateasimplifiedoverviewofthenetwork’sstructure(Hermanetal.,2000;Kimelman,Leban,
Roth,&Zernik,1994).

Thepositioningofnodesinspacecanbedefinedthroughadifferentsetofgraphlayouts,such
asarcdiagrams,treemaps,circular,andforce-directedlayouts.Inthispaper,thelatterisadopted.
Force-directedgraphsarebasedonaphysicalsystemthatorganisesthenetworkthroughforcesof
repulsion and attraction applied continuously to each node. This technique facilitates the visual
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interpretationoftheinherentstructureofthedata,improvingtheanalysisandcomprehensionofthe
relationswithincomplexnetworks(Jacomy,Venturini,Heymann,&Bastian,2014).

Force-directed graphs are used in a variety of areas, such as biology, medicine, literature,
sociology(EnrightandC.A.Ouzounis,2001;Gohetal.,2007,Chen,2006;HeerandBoyd,2005;
Gilbert,Simonetto,Zaidi,Jourdan,&Bourqui,2011;Fuetal.,2007),butalsointhevisualisation
ofmusiccollections(Vavrille,n.d.;Gibney,n.d.).IntheworkofMuelder,Provan,andMa(2010),
aforce-directedlayoutwasappliedtovisualisemusiclibraries.Eachpieceofmusicrepresentsa
node,positioneddependingonitssimilaritieswithothermusicalaudiotracks(e.g.,sameartist).
Songrium(Hamasaki&Goto,2013),isamusicbrowsingservicethatvisualisesrelationsamong
originalsongsandtheirderivativeworks.Eachnoderepresentsavideo-clipandeachedgeconnects
anoriginalworktoitsderivatives.Inaddition,songswithsimilarmoodsgetstrongerforces,thus
arepositionedclosertogether.

Thecurrentworkexpandsthestate-of-the-artbyapplyingaforce-directedgraphtothemashup
creationprocess.Toenabletheusertoanalysethegraphandrelatemusicalaudiotracksfromlarge
collections,theharmoniccompatibilitymetricsareappliedtotheforcesofthegraphnodes.This
improvesthevisualseparationofdistinctmusicalaudiotracks,whichcanhaveapositiveimpacton
usercreativity(Henry,Fekete,&McGuffin,2007).

MIXMASH: CoMPATIBILITy MeTHoD

MixMashisasoftwareapplicationwhichaimstoassistusers infindingmusicalmashupsin the
contextofmashupcreation.ItbuildsonmetricsandmethodspresentedinBernardesetal.(2018)
and expands the state-of-the-art of harmonic mixing by providing a greater amount of relevant
informationtotheprocessofmusicmashup.Itsmainnoveltyliesinahierarchicalharmonicmixing
method,whichincludesmetricsforbothsmall-andlarge-scalestructurallevels,i.e.,local(e.g.,beats
orphrases)andglobal(e.g.,largesectionsoroverallmusicalmashup)harmonicalignmentsbetween
musicalaudiotracks,respectively.Moreover,thismethodconsidersthreeadditionaldimensionsthat
canhelpusersdefiningthecompatibilityofmusicalaudiotracksandremainingcompositionalgoals
intermsofrhythmic(onsetdensity),spectral(region)andtimbralqualities.

Topromotean intuitivesearch forcompatible tracks inamusiccollection,amany-to-many
mappingstrategywaspreviouslyintroducedintheinterfacedesign.Thisdesignopposestheranked
track list toauser-definedtrack,adopted inprevioussystemsharmonicmixingsoftware(Mixed
inKey,n.d.;Native Instruments,n.d.),which is (i) inefficientcomputationally,as it recomputes
intensiveaudiosignalanalysiseverytimeadifferentaudiotrackisselectedastarget,and(ii)limited
inpromotingcreativeendeavorandserendipity(Bernardesetal.,2018).Aflexiblemany-to-many
mappingstrategywasallowedbytheadoptionofnovelsignalprocessingmethodsforsmall-and
large-scaleharmoniccompatibilitymetricsinaconfinedspatialconfiguration.Thismethodisat
thebasisoftheMixMashvisually-driveninterfacestrategy.Thesignalprocessingmethodsusedto
computetheseharmoniccompatibilitymetrics,followedbytheadditionalrhythmic,spectral,and
timbralattributesaredescribednext.

Small- and Large-Scale Harmonic Compatibility
MixMashadoptstheperceptually-motivatedTonalIntervalSpace(Bernardes,Cocharro,Caetano,
Guedes,&Davies,2016)forrepresentingtheharmoniccontentofmusicalaudiotracks.Eachtrack
existsasa12-dimensional(12-D)TonalIntervalVector(TIV),T k( ) ,whoselocationsrepresent
uniqueharmonicconfigurations.AnaudiotrackTIV,T k( ) ,iscomputedastheweightedDiscrete
FourierTransform(DFT)ofanL

1
normalizedchromavector,c n( ) ,suchthat:
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ofdyadsconsonanceusedtoadjustthecontributionofeachdimension k (Bernardesetal.,2018).
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comparisonofmusicatdifferenthierarchicallevelsoftonalpitch(Bernardesetal.,2016).Torepresent
variable-lengthaudiotracks,thechromavectors,c n( ) ,resultingfrom16384samplewindowsanalysis
ata44.1kHzsamplingrate(≈372ms)with50%overlapareaccumulatedacrossthetrackduration.

FromtheaudiotracksTIVs,twometricsthatcapturetheharmoniccompatibilitybetweenTIVs
tobemixedarecomputed.Ofnoteisthesplitbetweensmall-andlarge-scaleharmoniccompatibility,
whichroughlycorrespondtothesoundobjectandmesoormacrotimescalesofmusic,respectively.In
otherwords,thesmallscaledenotesthebasicunitsofmusicalstructure,fromnotestobeats,andthe
largescaleinspectsthestructurallevelsbetweenthephraseandtheoverallmusicalpiecearchitecture
(Roads,2001).Inthecontextofthecurrentwork,thefirstaimsmostlyatfindinggoodharmonic
matchesbetweenthetracksinacollection,andthesecondinguaranteeingcontrolovertheoverall
harmonicstructureofamix,i.e.,thetonalchangesatthekeylevelacrossitstemporaldimension.

Equation2computesthesmall-scaleharmoniccompatibility, S
i p,

,betweentwogivenaudio
tracks,i andp ,representedbytheirTIVs,T k

i ( ) andT k
p ( ) ,asthecombinationoftwoindicators:

perceptual relatedness, R
i p,

, (Equation 3) and dissonance, D
i p,

, (Equation 4). The smaller the
perceptualrelatedness,R

i p,
,thegreatertheaffinitybetweentwogiventracks,asshownbyBernardes

etal.(2016).Thesmallerthedegreeofdissonance,D
i p,

,thegreatertheircompatibility,asshown
bytheempiricaldatainGebhardtetal.(2016).
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a
i
anda

p
aretheamplitudesofT k

i ( ) andT k
p ( ) ,respectively.
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Large-scaleharmoniccompatibility, L
i p,

, isaderivationof theperceptual relatedness, R
i p,

,
indicator,asitexpressestherelatednessofagiventrackTIVfromthem = 24 majorandminorkey
TIVs,andcanbeinterpretedasthedegreeofassociationofagiventracktoamusicalkey(Bernardes,
Davies, & Guedes, 2017). As such, the large-scale harmonic compatibility can be computed by
interpretingT k

i ( ) andT k
p ( ) inEquation3asatrackTIVandakeyTIV,respectively.Them = 24�

majorandminorkeysTIVarecomputedbyadoptingthe12shiftsoftheCmajorandCminorkeys
chromavectors,c n( ) ,showninFigure2,inEquation1.

Rhythmic, Spectral and Timbral Attributes
Threeadditionaldescriptionsofrhythmic,spectral,andtimbralaudiotrackattributesarecomputed.
Theyaresubsidiaryoftheprimarysmall-andlarge-scaleharmoniccompatibilitymetricsandaimto
refinethesearchamongcompatibleaudiotracks.Next,adescriptionofthemetricandtheirmusical
interpretationinthecontextofmusicmashupcreation,mostnotablyinMixMash,isprovided.Readers
canrefertoBrent(2010)foracomprehensivedescriptionoftheircomputation.

Eachaudiotrack’srhythmiccontentisdescribedbyitsnoteonsetdensity,O
i
,ofamusicaltrack

i ,andiscomputedbyathreefoldstage.First,aspectralfluxfunctionforeachtrackiscomputed,

Figure 2. Sha’ath’s (2011) key profiles for the C major and C minor keys
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usingthetimbreIDlibrary(Brent,2010)withinPureData.Thisfunctiondescribestheamountof
noveltyfromawindowedpowerspectrumrepresentationoftheaudiosignal(windowsize≈46ms
with 50% overlap). Second, the peaks from the function above a user-defined threshold, t , are
extractedandinterpretedasnoteonsetlocations.Priortothepeakdetectionstage,abi-directional
low-passIIRfilter,withacut-offfrequencyof5Hz,wasappliedtoavoidspuriousdetections.The
noteonsetdensity,O

i
,isthencomputedastheratiobetweenthenumberofonsetsandtheentire

durationofthetrack(inseconds).
Anindicatorofthespectralregion,B

i
,ofamusicaltrack i ,isgivenbythecentroidofthe

accumulatedBarkspectrum,b, acrossthedurationofanaudiotrack(Equation5).TheBarkspectrum,
b ,iscomputedbythetimbreIDlibrary(Brent,2010),whichbalancesthefrequencyresolutionacross
thehumanhearingrange,bywarpingapowerspectrumrepresentationtothe24criticalbands,h ,
ofthehumanauditorysystem(i.e.,Barkbands).

B
b h

b
i

h h

h h

=
⋅

=

=

∑
∑
�

�
1

24

1

24
 (5)

whereb
h

istheenergyoftheBarkbandh .TheB
i
indicatorcanrangefrom1to24Barkbands.

FollowingPachetandAucouturier(2004),thetimbralsimilarity,C
i p,

,betweentwotracks, i 
andp ,isgivenbythecosinesimilaritybetweentheirmel-frequencyspectrumcoefficients(MFCC),
M
i
andM

p
(Equation6).MFCCvectors,M ,include38componentsresultingfromapplyinga

100mel-scaledfilterbankspacinginthetimbreIDlibrary(Brent,2010).

C
M M

M Mi p

i p

i p
,
=

⋅
 (6)

Thetimbralsimilaritymetric,C
i p,

,rangesbetween1and-1,whichcorrespondstotrackswith
equaltimbreandthemostdissimilartimbre,respectively.

MeTHoDoLoGy

ThemethodologyusedforthedevelopmentofthepresentworkisbasedonA Three Cycle View of 
Design Science Research(Hevner,2007).Thismethodologyfacilitatesthedevelopmentofinteractive
applicationsandpromotesquickeriterationsbetweentheseveralphasesoftheapplicationdevelopment,
suchasthevisualisationimplementation,thevisualcomponent’svalidation,andtheguidelinesfor
itsrefinement(Figure3).

Thepresentmethodologyisdividedintothreeparts:TheRelevanceCycle,theDesignCycle,and
theRigorCycle.Firstly,intheRelevanceCycle,theresearchcontextisdefined.Therequirementsand
problemsfromtheprevioussystemwerehighlighted,leadingtothedefinitionofthekeyobjectives
forthenewsystem(seeIntroduction).

Secondly,intheDesignCycle,thenewsystemwasdevelopedthroughaloopofresearchbetween
the implementation of thevisualisation components and their assessment. This iterative process
promotestheanalysisandimprovementofpreviousstepsandtheexperimentationandrefinementof
differentapproaches.Inparticular,thiscyclewasdividedintofourmainphases:(i)thedataanalysis,
whichisrelatedtothecomputationoftheharmoniccompatibilitymatrix(seeMixMash:Compatibility
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Method);(ii)thedesignofthevisualisationmodel,whichrelatestotheiterativeprocessbetween
definitionof thegraphicalvariablestorepresent themusicalcharacteristicsandthevisualisation
modelanditsvalidationwithexpertsinInformationVisualisation;(iii)theimplementationofthe
model,wheretheForceAtlas2algorithmwasstudiedandimplemented;and(iv)theevaluationofthe
system.ThedefinitionofsuchphasesisalignedwiththemethodologiesproposedbyWilkins(2003)
andFry(2004)fromtheInformationVisualisationfield.Thevalidationofthesystemwasconducted
throughan initial informalevaluation (Lametal.,2011), inwhich thevisualisationcomponents
werediscussedbetweentheauthorsandexternalexpertsfromthevisualisationfieldtoassessthe
visualisationintuitivenessandusability.

Finally,theRigorCycleconnectswiththecentralDesignCyclethroughaniterativeexchangeof
knowledge,bothfromscientificfoundationsasfromthevisualisationvalidation.Thisfinalcycleis
characterisedbyfine-tuningthevisualisationmodelthroughknowledgeacquiredfromtheevaluations
andrelatedwork.

MIXMASH: VISUALISATIoN MoDeL

Thevisualrepresentationoftherelationshipsbetweenaudiotrackswereguidedbythreeobjectives(see
Introduction):(i)theimplementationofanadaptivevisualisationmodel(seesubsectionForce-directed
System);(ii)thedistinctionbetweenthedifferentsoundcharacteristicsoftheseveralmusicalaudio
tracks(seesubsectionGraphicVariablesandAudiovisualMappings);and(iii)theconceptionand
implementationofasimpleandintuitiveinterface(seesubsectionInterfaceDesignandInteraction).

Toimprovethescalability,interaction,andvisualisationoftheinterfacepreviouslypresentedin
Bernardesetal.(2018),aforce-directedgraphlayoutbasedontheForceAtlas2algorithm(Jacomy,
Venturini,Heymann,&Bastian,2014)wasimplemented.Thisvisualisationtechniqueenabledthe
creationofanemergent,organic,andappealingenvironmentfortheuser.Furthermore,itimproves
thereadabilityofthepreviousinterfaceofBernardesetal.,bypreventingoverlaps,arrangingthe
tracksinspacebytheirharmoniccompatibility,andbyenablingtheusertoexploreandinteractwith
tracksofinteresteasily.Additionally,tocharacterise,distinguishandimprovethereadabilityofthe
tracksandtoaugmentthegraphicattributesthatrepresentanddistinguishthetracks,agraphical
representationforthemusicalaudiotrackswasalsostudiedandapplied.

Toenabletheusertofilterthetrackcollectionaccordingtoharmonic,rhythmic,spectral,and
timbral attributes, a graphic interface was also implemented (Figure 4). With the force-directed
algorithm,theusercandetectthemostharmonicallycompatibletracksthroughtheirvisualproximity
inthecanvas.Thisiscausedbytheforcesappliedtoeachtrack,whichdependdirectlyontheharmonic
compatibility.However,theusercanmanipulatetheimpactoftheforcesofattractionandrepulsion

Figure 3. The Three Cycle View of design science research
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betweentracks,easingthecomprehensionofmoreclutteredzones.Additionally,highlycompatible
tracksareclusteredtoreduceundesiredclutter.Theseclustersarevisuallydistinguishedfromthe
tracksandcanbeexpandedorwithdrawnthroughinteraction.Theforce-directedalgorithmandeach
componentoftheinterfacearedescribedinmoredetailinthefollowingsubsections.

Force-Directed System
TheForceAtlas2algorithm(Jacomy,Venturini,Heymann,&Bastian,2014)canbecharacterisedby
itsabilitytoplacethenodeswithinagraphaccordingtotheirconnectionsweight.Thealgorithm
simulatesaphysicalsystemthatspatiallyarrangesthenetwork’snodesinanautomaticform.The
nodeshaveforcesofrepulsiontopreventthemfromoverlapping,andtheedgesbetweennodesapply
forcesofattractiontobringthenodescloser.Theseedgeshavedifferentforcevaluesaccordingtothe
similaritybetweennodes(e.g.,theirharmoniccompatibility).Byapplyingcontinuously,thedifferent
forces,thegraphconvergestoabalancedstatethataidsthesemanticinterpretationofthenetwork.
TheForceAtlas2algorithmwasfullyimplemented,thusforadetaileddescriptionofthealgorithm,
refertoJacomyetal.(2014).

Inthisproject,twotypesofnodesaredefined:theonesrepresentingeachmusicalaudiotrack
inthecollection,t,andtheonesrepresentingeachoneofthem=24majorandminormusicalkeys.
ThevisualdistinctionbetweenthenodesisdiscussedatlengthinsubsectionGraphic Variables and 
Audiovisual Mappings.Byrepresentingthemusicalkeys,m,throughnodes,andconsequentlytheir
relationtothemusicalaudiotracks,themostcompatiblekeyofeachmusicalaudioisindicated.This
enablestheusertovisuallydetectthetracksandsetsoftracksmoreharmonicallycompatiblewith
thedifferentkeysandrelatetracksaccordingtothiscompatibility.

Theweightoftheedgebetweentwonodesismappedaccordingtothecompatibilityvaluein
thet + msquarematrix.Thissquarematrixiscomputedthroughagivenauser-definedcollection
oftaudiotracksandm=24majorandminorkeysandexpressesthemetricsforsmall-scale(Si,p)
and large-scale (Li,p) scaleharmoniccompatibility (seeMixMash:CompatibilityMethod).As in
ForceAtlas2, theweightdefinestheforceofattractionbetweennodes.Forthisproject, themore

Figure 4. Screenshot of the visualisation interface. On the left, the interaction panel; at the centre, the graph.
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compatiblethenodes,thehighertheforceofattraction,andconsequentlythecloserthenodes.A
forceofrepulsionisappliedtoallnodestoavoidthemtooverlap.Theseforcesareappliedtothe
nodesindependentlyoftheirtype,facilitatingtheinterpretationofthegraphandinteractionwhen
searchingforharmonicallycompatibletracks,t.

Twomechanismswereimplementedtoenabletheusertorefinethegraphlayout:(i)aconnectivity
threshold;and(ii)musicalkeyrestriction.Bothmechanismscanbeexploredbytheuserthrough
theleftpaneloftheinterface(Figure4).Throughtheconnectivitythreshold,theusercandefinea
thresholdvaluetodeterminewhethertwonodesareconnected.Foreachnode,theconnectionsto
othernodesonlyoccurwhentheirharmoniccompatibilityvalueislowerthanthepredefinedvalue.
Thesecondmechanismlimitstheconnectionsbetweennodesandkeys.Throughthismechanism,
theusercandefinewhetheratrackisconnectedtoallcompatiblemusicalkeysoronlytoitsmost
probablekey.Thismechanismisintendedtoreduceclutterandenhancetheassociationbetween
keysandmusicalaudiotracks.

Asthenumberoftracksinacollectioncanvarygreatly,anagglomerativeclusteringalgorithm
(Rokach&Maimon,2005)isimplementedtopreventclutteredgraphs.Thisalgorithmaggregates
thenodesbytheircompatibilityvalues.Aminimumnumberofthreenodesperclusterisrequired
topreventsmallclusters,whichwouldn’tenhancetheclarityofthevisualisation.Eachclusteris
alsoconnectedtothecompatiblenodesandclusters,thusexposingtheirharmonicrelationtothe
neighbourhoodelements.Thesecompatiblenodesareretrievedfromthelistofcompatiblenodesof
eachnodewithinthecluster.Ifanouternodeisconnectedtoaninnernodeofacluster,aconnection
betweenthenodeandtheclusterisestablished.Theattractionforcebetweenaclusterandacompatible
nodeisequaltotheaverageforceofallforcesbetweeninnernodesandtheconnectedouternode
(asdepictedinFigure5).

AsinForceAtlas2,allnodesgravitatearoundthecentreofthecanvas.Thiseffectresultsfrom
theattractionforceappliedtoallnodestowardsthecanvascentrepoint.Thegravitationalforceis
significantlyweakerthantheothersand,asitisappliedequallytoallnodes,itdoesnotinterferewith
thedistancebetweennodes,andonlypreventsthenodesfromdispersinginthecanvas.

Bydefault, themusicalkeynodesarepositionedby theforce-directed layout,dependingon
theirrelationswiththeothertracks.Thiscausesthekeynodestohavedifferentpositionsatevery
run,whichcancreatesomeuserfatiguewhilesearchingforaspecificmusicalkeyanditsconnected
tracks.Tofacilitatethissearch,amechanismthatpositionsthekeynodesaccordingtotheCamelot
Wheelorcircleoffifthsrepresentationwasimplemented(Figure6).Withthismechanism,allmusical
keyshaveafixedpositioninthecanvas,andonlythetracknodesareinfluencedbytheattractionand
repulsionforcesofthealgorithm.

Figure 5. Scheme of the forces representing outer and inner nodes of a cluster. The forces between clusters and nodes (b) are 
computed through the average force between the inner and outer nodes (a). The lines depict compatible nodes.
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Graphic Variables and Audiovisual Mappings
Thevisualrepresentationofdataelementsstronglyimpactsthevisualisationoflargeamountsof
data.Inthissection,theadoptedvisualrepresentationofmusicalconceptsisdiscussedinlightofa
carefullydesignedinteractivevisualisation.

The development of the visualisation model complies with the following guidelines and
subsequent challenges: (i) to each track there is a corresponding visual representation based on
itsmusicalattributes,creatingaconsistentvisualfeedbackbetweensimilartracks;(ii)perceptual
foundationsareusedtoguidetheaestheticalchoicesconcerningvisualrepresentationoftracks;(iii)a
naturalandintuitiveinteractionwiththetoolispromotedallowingtheusertoeasilynavigateamong
trackstocreatehis/hermashup.

Foreachtrack,thespectralregion,Bi,onsetdensity,Oi,andtimbralsimilarity,Ci,p,aremapped
toacorrespondingvisualvariable.Additionally,bothspectralregion,Bi,andonsetdensity,Oi,are
subdividedintothreelevelsofmagnitude,allowingamoreaccurateinterpretationandanalysisof
musicaldata.

Thespectralregionattribute,Bi,issplitintohigh,medium,andlowregions,anditscorresponding
visualrepresentationisprimarilycharacterisedbyshape.Althoughthereisatendencytoassociate
colour with pitch levels in similar audiovisual mapping problems (McDonnell, 2007; Mudge,
1920;Ward,Huckstep,&Tsakanikos,2006), ithasalsobeenproposed that theuseof shapeor
monochromecolourismoreefficientthanhuetodistinguishseverallayersofinformationforthe
humaneye(Arnheim,1974;Chatterjee,2013).Basedonsuchstudies(Arnheim,1974;Chatterjee,
2013;Ramachandran2003;Spence,2011),high-frequencyregionsofthespectrumareassociated
withsharpcontours(triangle),lowfrequencieswereassociatedwithroundedcontours(circle),and
mediumfrequenciesareassociatedwithneutralcontours,achievedthroughtheuseofstraightlines
oftherectangle(Figure7a).Colourhue,isusedtoreinforcetheseassociations.Higherfrequencies
arerelatedtoacoldcolour(blueandlowfrequenciestoawarmcolour(orange;seeFigure7c).

Figure 6. Fixing the keys in the circle of fifths. By clicking on the Fix Tones button, all nodes that represent a key are fixed on the 
canvas according to their positioning in the circle of fifths.
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Onsetdensity,Oi,issplitintohigh,mediumandlow-densitylevels,andthenconveyedinthe
visualdomainasaparameterofshape-filling,asitrelatestothenumberofnotesinatrack.Low
densitycorrespondstoanemptyshape(onlycontoursvisible),mediumdensitytoahalf-filledshape,
andhighdensitytoacompletelyfilledshape(Figure7b).

Timbreisoftenreferredtointheliteratureasthecolourofinstruments(Mudge,1920;Wardet
al.,2006).Inspiredbythisdefinition,timbralsimilarity,Ci,p,isconveyedinthevisualdomainthrough
colouredcirclesinthetopsideofthenodes,whichareonlyvisiblewhenacertainnodeisselected.The
choiceofcoloursdoesnotrelyonanytypeofassociation,andforthisreason,arerandomlyselected
fromapredefinedsetofcolours.Theysimplyaimtoprovideacleardistinctionbetweendifferent
timbreswhenmultipletimbresareselected.Byselectingonetracknode,acolouredcircleandaline
connectingtheformertothenodearedrawn(Figure8a).Then,alltrackswithsimilartimbreswill
alsogainacirclecolouredwiththesamecolourcodeastheclickedone(Figure8b).Ifatracknode
issimilartomultipletimbres,multiplecolouredcircleswillbedrawnoverthenode(Figure8c).

Thevisualdistinctionbetweennodesrepresentingmusicalaudiotracksandkeysishighlighted
bythecolouredoutlineofthekeynodes.Thelatterhasaredoutlineandincludethetypographic
representationofthekey’stonicpitch,whichallowsthedirectreadingofthekey(Figure4).

Thevisualrepresentationofaclusterisdefinedbytherespectiveinnernodestoavoidtheuseof
additional(andpotentially,morecomplex)visualelements.Morespecifically,allnodesthatbelongto
aclusterarerepresentedandpositionedwithinacircularshapeoutlinedwithblackdots.Thesizeof
thecircularshapedependsonthenumberofelementswithinthecluster(Figure9).Assuch,theuser
candifferentiatetheclustersfromthenodes,and,simultaneously,getanoverviewoftheirinnernodes.

Figure 7. Audiovisual mappings: (a) Shape—Spectrum Frequency from low frequencies (circle) to higher ones (triangle); (b) Object 
Fill—Onset Density. Empty shapes correspond to low density, half-filled shapes to normal/mid density, and full shape corresponds 
to high density; (c) Colour—Spectrum Frequency from low frequencies (orange) to higher ones (blue).

Figure 8. Timbre representations. (a) One track is selected and there are no other tracks with similar timbres. (b) One track is 
connected timbre wise to the selected track. (c) The track can have more than one timbre similarities (d) The track is not related 
to any of the selected tracks.
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Interface Design and Interaction
MixMashenablestheusertoexplorethegraphbyallowinghim/herto(i)listenandselectindividual
nodetracksofinterest(Figures10a,10b,10c);(ii)highlightnodeswithinclusters(Figure10d)or
accordingtotheirsoundcharacteristics(Figure11);(iii)modifyitsorganisation(e.g.,fixingthekeys
accordingtothecircleoffifths)(Figures10e,10f);(iv)changehowthetracknodesconnecttothe
keynodes(Figures10g,10h);(v)changetheconnectionthresholdbetweennodes;and(vi)adjust
theforcesofattractionandrepulsion.Thisisallaccessiblethroughaninteractivepanelontheleft
sideoftheinterface(Figure4)andthroughmouseinteractions.Avideoregardingtheseinteractions
andpossibilitiescanbeaccessedathttps://vimeo.com/270076175.

Oncethesystemhasbeeninitialised,theuserwillseethenodesandclustersestablishingtheir
positioninthecentreofthecanvas.Inadditiontothefunctionalitiespresentintheleftpanel,theuser
caninteractwiththevisualisationthroughmouseinteractions.Theusercanzoomandpanthegraph
toviewmoredetails.Then,theusercaninteractwiththetracksindividually.Tolistentothetracks,
theuserhastomovethemouseovereachnode.Toselectanode,theuserneedstoleft-click.Withthis
action,he/shewilllistenagaintothetracksound.Toviewthecompatibletimbresofacertaintrack,
theuserhastoright-click.Bydoingso,theclosesttracks(intermsoftimbre)arecomplementedwith
acolouredcircleasexplainedinsubsectionGraphic Variables and Audiovisual Mappings.Interactions
withtheclusterswerealsoimplemented.Toexpandacluster,theuserhastoleft-clickoverit.All
nodesinsidetheclusterwillbeaffectedbytheforcesaccordingtotheForceAtlas2algorithm,and
adoughnutshapefigurewillbemadevisible.Thedoughnutshape,positionedinthecentreofall
correspondingnodes,behaveslikeabuttonand,whenclicked,itclosesthecluster.Iftheuserdoes
mouseoveronthislattershape,allthenodesbelongingtotheclusterwillbehighlightedthrougha
magentastroke(Figure10d).Finally,allthetracksthathavenosimilaritytootherswillbeplacedat
thebottomrightsideofthewindow.

Figure 9. Representation of two clusters with different sizes

https://vimeo.com/270076175
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Additionalkeyboardinteractionswereimplemented.Whenlisteningtoanaudiotrack,theuser
canclicktheSkeyonthekeyboard,andthemusicwillstopplaying.Bycontinuouslyselectingnodes,
theuserissavingthetracks,whichcanbeheardatthesametimebyusingthespacekey.

Overall,thissetofinteractiontechniquesareimportanttoachieveanintuitiveandmeaningful
interactivevisualisationtoolinthecontextofmusicalmashupcreation.Withthis,theauthorsaimto
enhancetheunderstandingofthetrack’sharmoniccompatibilityandfosterusercreativity,byallowing
theusertoefficientlyexplorealargemusicalaudiocollectiontowardsspecificcompositiongoals.

Figure 10. Visual representation of the interactions with the model: (a) no selection, (b) mouse over, (c) mouse click, (d) clusters’ 
nodes highlight, (e) force-directed layout, (f) circle of fifths layout, (g) connections to all compatible keys, (h) connection to the 
most compatible key (1st tone option)
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CoNCLUSIoN

Theauthorsproposedanovelvisualisationsystemwhichreliesonforcesofattractionandrepulsion
topositionthetracksdependingontheirharmoniccompatibility.Thevisualisationdevelopmentwas
guidedbyamethodologyproposedbyHevner(2007),whichconsistsofthreecyclesandleadto
clearandconsistentinteractionsbetweenthemusicmashupandtheinformationvisualisationmodel.

Regardingtheforce-directedalgorithm,controlledlevelsofattractionandrepulsionallowthe
reductionofclutterinthevisualizationoflargemusiccollections(ofroughly50musicalaudiotracks
ormore).Clutterwasalsominimizedbytheadoptionofclusteringtechniques,whichenhancethe
visualizationofcombinedhierarchicallevelsofharmoniccompatibilityinthesamerepresentation
andtheuser-controloverclusteringquality(i.e.,distancethreshold).

Afluidre-organizationofthevisualizationwasachievedbydraggingconnectedelementsinthe
interface,therebyenhancinghighlydenseareasofparticularinteresttotheuser.Ontheotherhand,
theFixTonesstrategyexploresastaticvisualizationofthemusicalaudiocollectionbyfixingthe
locationofkeysintheTonalIntervalSpace.Theresultingrepresentationisoneofthemostfamiliar
mapsoftonalregionsinWesternmusic.

Theauthorswereabletoexpandthenumberofcontent-basedmusicalaudioattributesunder
considerationtocoverbothrhythmic,harmonic,spectral,andtimbralattributes.Thedevelopment
of a specificgraphic representation supported themusicvisualisationbyprovidingaperceptual
association,andtherefore,theintuitiveassociationbetweenvisualandmusicalattributes.Ingeneral,
thepresentedvisualsolutionwasabletopromoteamorefluidvisualisation.However,itstillhas
somelimitationsduetothehighnumberofsamplesthatarebeingdisplayedinrealtimetotheuser.

Asfuturework,theauthorsintendtoimprovetheclusteringalgorithmbygivingtheuserthe
possibility toclusternodesaccording todifferent audiocontent-basedattributes, e.g.,key,onset
density,spectralregionortimbralsimilarity.Toimprovereadability,differentsolutionstothenodes’
sizedependingontheircompatibilitywillbestudied,e.g.,nodeswithhighercompatibility,grow
insize,emphasisinghighlycompatibletracks.Asthenumberoftrackscanincreasedependingon
theuser,afish-eyezoomtechniquewillbeimplementedsotheusercanhavedetailincertainareas

Figure 11. Frequency highlight by color
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withoutlosingcontextofthesurroundingtracks.Finally,atimelinewillbedesigned,sothatusers
canarrangeselectedtracksintime,thusenablingthecompositionofmusicalmashupswithcomplex
temporalstructures.
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