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Abstract

Most of theexisting methodsfor measuringmelodic
similarity use one-dimensionaltextual representa-
tions of music notation, so that melodic similarity
canbemeasuredby calculatingeditingdistances.We
view notesasweightedpoints in a two-dimensional
space,with thecoordinatesof thepointsre�ecting the
pitchandonsettimeof notesandtheweightsof points
dependingon the correspondingnotes'durationand
importance.This enablesusto measuresimilarity by
usingtheEarthMover'sDistance(EMD) andthePro-
portional TransportationDistance(PTD), a pseudo-
metric for weighted point sets which is basedon
the EMD. A comparisonof our experimentresults
with earlierwork shows thatby usingweightedpoint
setsandthe EMD/PTD insteadof Howard's method
(1998)usingthe DARMS encodingfor determining
melodic similarity, it is possibleto group together
abouttwice asmany known occurrencesof a melody
within theRISM A/II collection.Also, thepercentage
of successfullyidenti�ed authorsof anonymousin-
cipits canalmostbedoubledby comparingweighted
point setsinsteadof looking for identicalrepresenta-
tions in Plaine& EasieencodingasSchlichtedid in
1990.

1 Intr oduction

Representingmusic as a weightedpoint set in a two-dimen-
sionalspacehasa tradition of many centuries.Ever sincethe
13th century, musichasbeenwritten asa setof notes(points)
in a two-dimensionalspace,with timeandpitchascoordinates.
Varyingcharacteristicsareassociatedwith thenotesby, for ex-
ample,usingdifferentsymbolsfor differentnotedurations.The
lookof writtenmusichaschangedsomewhatoverthelast8 cen-
turies,but the basicideaof representingmusicasa weighted
point sethasbeenfollowedfor almosta millenium, andit has
served composersandperformerswell. Sinceweightedpoint

Permissionto make digital or hardcopiesof all or partof this work
for personalor classroomuseis grantedwithout fee provided that
copiesarenot madeor distributedfor pro�t or commercialadvan-
tageandthatcopiesbearthis noticeandthefull citationon the�rst
page. c

�

2003JohnsHopkinsUniversity.

setsseemto be so well suitedto representingmusic, it feels
natural to measuremelodic similarity directly by comparing
weightedpoint setsinsteadof �rst transformingthemusicinto
one-dimensionalabstractrepresentations.

Westudiedtheuseof theEarthMover'sDistance(EMD), which
measuresaminimum�o w for transformingoneweightedpoint
setinto another, for thepurposeof measuringmelodicsimilar-
ity. Becausethetriangleinequalitydoesnot hold for theEMD,
we alsouseda modi�ed versionof it, the ProportionalTrans-
portationDistance(PTD),which wasproposedby Giannopou-
los and Veltkamp(2002). A distancemeasurefor which the
triangleinequalityholdscanbeusedto makedatabasesearches
moreef�cient by usingindices.

Themusicdatabasewe usedfor evaluatingtheEMD andPTD
assimilarity measurescontainsabouthalf amillion musicalin-
cipits1 from theRISM A/II collection(RépertoireInternational
desSourcesMusicales,1995-2002).

We evaluatedthe appropriatenessof the EMD and PTD for
measuringmelodicsimilarity by constructinggroupsof simi-
lar melodieswithin the RISM A/II collection and comparing
our resultsto the “Frankfurt Experience”and“Harvard Expe-
rience”of sortingRISM incipits describedby JohnB. Howard
(1998).We wereableto identify abouttwice thepercentageof
melodiesbyanonymouscomposersandgrouptogether76% in-
steadof 46% of theknown occurrencesof atunecalled“Roslin
Castle”.

2 Melodiesasweightedpoint sets
JohannesBrahms:Himmel strahltsohelleundklar (Zigeunerlieder)
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(0, 221;1.5)

(1.5,209;0.5)

(2, 204;1.5)

(3.5,215;0.5) (4, 209;0.5)

(4.5,198;0.5)

(5, 186;1)

(6, 192;2)

Figure 1: An exampleof music representedwith a weighted
point set. Format: (Time, Pitch;Weight). In this example,the
weightsonly re�ect the note durations. Becauseof this, the
time coordinatehereequalsthe sumof the weightsof preced-
ing notes.Pitchesarespeci�edusingHewlett's (1992)base-40
system.

In orderto be ableto applya transportationdistancemeasure,
we musttransformthemelodieswe want to compareinto sig-

1Incipitsarethebeginningsof pieces,typicallyabout20noteslong.



natures. By signature,we meana set of points in the two-
dimensionalEuclideanspacewhereeachpointhasaweightas-
sociatedwith it. Thetwo dimensionsaretime andpitch.

When transformingmelodiesinto signatures,we createone
point for eachnote. Restsareencodedimplicitly as the time
spansthatarenot coveredby points.As a consequence,we do
not distinguishbetweentwo subsequentquarterrestsandone
half rest,but wedodistinguishbetweentwo subsequentquarter
notesandahalf note;only thelattersoundsdifferently.

2.1 The time coordinate

In our database,durationsof notesand their positionswithin
measuresare speci�ed using divisionsof a quarternote, in a
way similar to theMIDI format. With every melody, thenum-
berof divisionsperquarternoteis stored.This numberis cho-
sensuchthat the durationof every notein the melodycanbe
speci�ed asa whole number. For example,if thereare96 di-
visionsper quarternote,a quarternotehasduration96, a half
notehasduration192,anda sixteenth24.

We want time coordinatesin signaturesto be independentof
thenumberof divisionschosenfor a particularmelody. There-
fore, we calculatethe time coordinateof a noteasthe sumof
the lengthsof measuresprecedingthenoteplus thenote's po-
sition within its measure,divided by the numberof divisions
for a quarternote. Measurelengthsarecalculatedasfollows:
for eachnoteor restin a measure,thedurationis addedto the
positionwithin themeasure.Themaximumof all of theseend
pointsof notesandrestsis thentakenasthemeasurelength.

In order to skip leadingrests– we do not want to distinguish
betweenmelodiesthat differ only in the duration of leading
rests–, we then subtractthe very �rst note's time coordinate
from all time coordinates,therebyshifting all notesso that the
�rst notestartsat time 0.

For acompleteexample,seeFigure1 andTable1.

Note
Number

Measure
Number

Pitch40 Duration Position
in bar

1 1 0 1920 0
2 2 221 1440 0
3 2 209 480 1440
4 3 204 1440 0
5 3 215 480 1440
6 4 209 480 0
7 4 198 480 480
8 4 186 960 960
9 5 192 1920 0

Table1: Thedatabasecontentsfor themelodyshown in Figure
1. Thereare960divisionsperquarternote,andrestsarecoded
asnoteswith pitch 0. To arrive at Figure1, we �rst normalize
thetime coordinates(i. e.,divide themby 960). Thedurations
arethen:1920/960=2,1.5,0.5,1.5,0.5,0.5,0.5,1, 2. All mea-
surelengthsare1920/960=2.Therefore,the noteonsettimes
are:0, 2, 3.5,4, 5.5,6, 6.5,7, and8. Thisstill includesthelead-
ing rest,whichwewantto ignore,so�nally , weskiptheleading
restandsubtractits durationfrom all subseqentnotes:0, 1.5,2,
3.5,4, 4.5,5, 6. Thesearethetimecoordinatesin Figure1.

Ourmethodof determiningthelengthof eachmeasurewithout
relying on thetime signatureensuresthatwe getsensiblecoor-

dinatesevenin caseswherethenotesin ameasuredonotmatch
the time signature.This actuallyhappenswith theRISM data.
See,for example,the bottom right incipit in Figure5, where
notonly theoctavesareencodedincorrectlyfor somenotes,but
thereis alsoa mismatchof the time signatureandthecontents
of measures.

2.2 The pitch coordinate

Unlike MIDI �les, our databasecontainsthe pitch in Walter
Hewlett's (1992)Base-40notation.This notationdistinguishes
betweennoteswith thesamepitch,but differentnotations.Like
MIDI pitches, it is a number-line representationof musical
pitch notation,but with theaddedadvantageof beinginterval-
invariant. I. e., the differencebetweenany two base-40pitch
numberswill correctlydeterminethenotatedinterval namebe-
tweenthosepitches.

2.3 Weights

Increasinga note's weight increasesthe importanceof it hav-
ing a counterpartof similar weight at thesamepositionin the
comparedmelody. A naturalmethodof using weights is to
make themre�ect notedurations.Thatway, differing notedu-
rationsat correspondingpositionsleadto anincreasein there-
sultingdistance.For instance,in Figure1 thenoteweightsre-
�ect only thedurations.All resultsin this paperwereobtained
with weightsthat only dependon note durations. By adding
morecomponents,however, additionaldesirableeffectscould
be achieved. Two promising weight componentsare stress
weightandnotenumberweight.

2.3.1 StressWeight

Thereare caseswheremelodiesclearly differ, but a distance
measurewhich ignores the positions of notes within mea-
suresfails to distinguishbetweenthem. For example,the two
melodiesin Figure2 would not bedistinguishedby thesimple
distancemeasuresusedfor Figure5. By addingmoreweight
to notesatpositionsin measureswhichareusuallyemphasized,
e. g. the �rst beat,themeasurestructurecanbe taken into ac-
countaswell.

Jean-BaptisteLully: La GrottedeVersailles
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Figure2: By addinga stress-basedweightcomponent,thedis-
tancemeasurecanbe madeto re�ect differentmeasurestruc-
tures.Without that,thedistancewouldbezerofor theseclearly
differentmelodies,providedthattranspositionsareallowed.

2.3.2 NoteNumberWeight

In theRISM database,therearenoclearrulesabouthow many
notesare includedin the incipits. Therefore,it happensthat
very similar or identicalmelodiesdiffer mainly in thenumber
of notesthat areincludedin the incipit. As we shall seelater,
for examplein theright columnof Figure5, thereareinstances
wherethe distancebetweenmelodiesbecomesvery large be-
causeoneof themis cut off afterfewernotes,not becausethey
containvery differentmusicalmaterial. Onepossibleway of
addressingthisproblemis to addanextraweightcomponentto
eachnotethatdependsonhow many notesprecedeit. Thatway,



notescloseto thebeginningaremademoreimportantthanextra
notesat theendwhich might not bepresentin all occurrences
of a melodyin thedatabase.

In Section4.2,wewill describesomeadjustmentsof thesigna-
tureswhichwedobeforeapplyinga distancemeasure.

3 Similarity Measuresfor WeightedPoint Sets

For asimilarity measure(formally speaking,a functiononaset
S, d : S � S �

�����

�

0 � ), the following propertiesareusually
desirable:

i. Self-identity: For all x � S� d 	 x � x
�� 0.

ii. Positivity: For all x 
� y in S� d 	 x � y
�� 0.

iii. Symmetry: For all x � y � S� d 	 x � y
�� d 	 y� x
 .

iv. Triangle inequality: For all x � y� z � S, d 	 x � z
�� d 	 x � y
��

d 	 y� z
 .

A measurewith all of thesepropertiesis calleda metric,while
a measurewith only propertiesi, iii, andiv is calleda pseudo-
metric. Dependingon the application,differentpropertiesare
relevant.For measuringmelodicsimilarity, weneedself-identi-
ty andsymmetry. Thetriangleinequalityis usefulfor ef�ciently
searchingthe database(Barroset al., 1996). Positivity is not
necessarilyalwaysdesired.TheEMD's partialmatchingprop-
erty, whichis closelyrelatedto its lackof positivity (seeSection
3.1.2),canbeuseful.

In the following subsections,we will describethe two trans-
portationdistanceswhichwe used.

3.1 The Earth Mover'sDistance(EMD)

The EarthMover's Distancebetweentwo weightedpoint sets
measuresthe minimum amountof work neededto transform
one into the other by moving weight. Intuitively speaking,a
weightedpoint canbe seenasan amountof earthor mass;al-
ternatively it canbe taken asan emptyhole with a certainca-
pacity. We canarbitrarily assigntherole of thesupplierto one
setandthatof the receiver/demanderto theotherone,setting,
in thatway, thedirectionof weightmovement.TheEMD then
measurestheminimumamountof work neededto �ll theholes
with earth(measuredin weight units multiplied with the cov-
eredgrounddistance).SeeCohen's Ph.D. thesis(1999) for a
moredetaileddescriptionof theEMD.

3.1.1 De�nition

Let A �

�

a1 � a2 ������� am � be a weightedpoint setsuchthat ai �

�

	 xi � wi 
 ��� i � 1 ������� m� wherexi �

� k with wi �

�

�

�

�

0 � being
its correspondingweight.Let W=å n

j � 1wi bethetotalweightof
setA.

TheEMD canbeformulatedasa linearprogrammingproblem.
Giventwo weightedpointsetsA � B andagrounddistanced, we
denoteasfi j theelementary�o w of weightfrom xi to y j overthe
distancedi j . If W � U arethe total weightsof A � B respectively,
thesetof all possible�o wsF ��� fi j �

is de�nedby thefollowing
constraints:

1. fi j �

0 � i � 1 ��������� m� j � 1 ��������� n

2. å n
j � 1 fi j � wi � i � 1 ��������� m

3. å m
i � 1 fi j � u j � j � 1 ��������� n

4. å m
i � 1å n

j � 1 fi j � min	 W � U 


Theseconstraintssaythateachparticular�o w is non-negative,
no point from the“supplier” setemitsmoreweight thanit has,
andno point from the “receiver” receivesmoreweight thanit
needs.Finally, the total transportedweight is theminimumof
thetotal weightsof thetwo sets.

The �o w of weight fi j over a distancedi j is penalizedby its
productwith thisdistance.Thesumof all theseindividualprod-
uctsis thetotal costfor transformingA into B. TheEMD(A, B)
is de�ned astheminimumtotal costoverF , normalizedby the
weightof the lighter set;a unit of costor work correspondsto
transportingoneunitof weightoveroneunitof grounddistance.
Thatis:

EMD 	 A � B
��

minF  F å m
i � 1å n

j � 1 fi j di j

min	 W� U 


3.1.2 PropertiesandComputation

Themostimportantpropertiesof theEMD canbesummarized
asfollows:

1. TheEMD is ametricif thegrounddistanceis ametricand
if the EMD is appliedon the spaceof equaltotal weight
sets.

2. It is continuous, in other words, in�nitesimal small
changesin positionand/orweightof existing pointscause
only in�nitesimal changein the its value. Moreover, the
additionof a point with an arbitrarily small weight, i. e.
noise(whichcanbeseenasincreasingits weightfrom zero
to a positive value)leadsto anarbitrarily smallchangein
theEMD'svalue.

3. It doesnot obey the positivity property if the sumsof
the weightsof the two setsare not equal. In that case,
someof theweightof theheavier distribution remainsun-
matched. Therefore,the EMD allows for partial match-
ing. As a result,therearecaseswhereit doesnot distin-
guishbetweentwo non-identicalsets.Sometimesthis can
beuseful,for examplewhentwo incipits containidentical
melodieswhicharecutoff afterdifferentnumbersof notes.
Ontheotherhand,thisalsoleadsto effectslike theonewe
seewith incipit number12 in theleft columnof Figure5,
wheretheEMD yieldsa relatively low distance.Herethe
surplusof weight is not all concentratedat theendof the
melody, but distributedoverseveralrestsandotherplaces,
which leadsto a falsepositive.

4. In the caseof unequaltotal weights, the EMD doesnot
obey the triangle inequality. A simple counterexample
would be threemelodiescalledA, B, andAB. Let us as-
sumethatAB is theconcatenationof A andB, andlet us
assumethat A andB arechosenso that the EMD yields
a distanceof 1 betweenthem. If A andB arepositioned
accordingly, boththedistancebetweenA andAB andthe
distancebetweenB andAB canbe zero(becauseboth A
andB arepartsof AB). Then,d 	 A, B 
!� d 	 A, AB 
"�

d 	 AB, B 
 .



As aresult,methodsthatrely on thetriangleinequalityfor
speedingup databaseretrieval cannotbeusedin conjunc-
tion with theEMD.

The EMD can be computedef�ciently by solving the corre-
spondinglinearprogrammingproblem,for exampleby usinga
streamlinedversionof thesimplex algorithmfor thetransporta-
tion problem(Hillier andLieberman1990).We usedRubner's
(1998)EMD function,which implementsHillier' s andLieber-
man's algorithm. It is possiblethat thesimplex algorithmper-
formsanexponentialnumberof steps.Onecouldusepolyno-
mial algorithmslike aninterior point algorithm,but in practice
thatwouldoutperformthesimplex algorithmonly for verylarge
problemsizes.Sincethetransportationproblemisaspecialcase
of the minimum cost �o w problemin networks, a polynomial
timealgorithmfor thatcouldbeusedaswell.

3.2 The Proportional Transportation Distance(PTD)

GiannopoulosandVeltkamp(2002)proposedamodi�cation of
theEMD in orderto geta similarity measurebasedon weight
transportationsuchthatthesurplusof weightbetweentwo point
setsis takeninto accountandthetriangleinequalitystill holds.
They call this modi�ed EMD the“ProportionalTransportation
Distance”(PTD) becauseany surplusor shortageof weight is
removedin a way thattheproportionsarepreservedbeforethe
EMD is calculated. The PTD is calculatedby �rst dividing,
for bothpoint sets,every point's weight by its point set's total
weight, and then calculatingthe EMD for the resultingpoint
sets.

ThePTDis de�ned asfollows:

Let A � B be two weightedpoint sets,W � U the total weightsof
A andB, andd a grounddistance.Thesetof all feasible�o ws
F � � fi j �

from A to B is de�ned by thefollowing constraints:

1. fi j �

0 � i � 1 ��������� m� j � 1 ��������� n

2. å n
j � 1 fi j � wi � i � 1 ��������� m

3. å m
i � 1 fi j �

u jW
U � j � 1 ��������� n

4. å m
i � 1å n

j � 1 fi j � W

ThePTD(A, B) is givenby:

PTD	 A � B
 �

minF  F å m
i � 1å n

j � 1 fi j di j

W

Constraints2 and4 forceall of A's weightto move to theposi-
tionsof pointsin B. Constraint3 ensuresthat this is donein a
way thatpreservestheold percentagesof weightin B.

ThePTD is a pseudo-metric.In particular, it obeys thetriangle
inequality. It still doesnot have the positivity propertysince
thedistancebetweenpositionallycoincidingsetswith thesame
percentagesof weightsat thesamepositionsis zero.However,
this is the only casein which the distancebetweentwo non-
identicalpoint setsis zero. ThePTD will distinguishbetween
two setsB andB

�

whichdiffer in only onepoint. It hasall other
propertiesof theEMD for equaltotal weightsets.

4 Adjustments of coordinatesand weights,
ground distance

4.1 The ground distance

For all resultsin this paper, we usedtheEuclideandistanceas
grounddistance.I. e., thedistancebetweentwo noteswith the
coordinates(t1 � p1) and(t2 � p2) is

�

	 t1 �

t2 


2
� 	 p1 �

p2 


2.

An interesting variation, especially for polyphonic music,
would be to make the distancein the pitch dimensiondepend
onharmony insteadof justcalculatingthedifferenceof pitches.

4.2 Adjustments of coordinatesand weights

Before applying one of the similarity measuresfor weighted
point setsdescribedabove,we adjustthesignaturesof thetwo
melodieswewantto comparein severalways:

� In order to be ableto recognizeaugmentedor diminuted
versionsof a melody as similar (like for examplein the
right columnof Figure5, secondgroup,melody4), it can
be necessaryto normalizethe rangeof time coordinates.
We choseto stretchthe melody with the smallermaxi-
mum time coordinateover a longer time suchthat after
theadjustment,bothmelodies'maximumtimecoordinates
equalthe largermaximumtime coordinatebeforethead-
justment.Notethatwith a lesscarefulnormalization,e.g.
theadjustmentof a randomlychosenmelodyto theother
melody's length,onecaneasily losethe symmetryprop-
erty. We did this alignmentof durationswhenweusedthe
PTD,wherethereis nopartialmatching;whenweusedthe
EMD, we comparedthedistanceswith andwithout dura-
tion alignmentandtook theminimum.

� It is desirableto makethedistancemeasureindependentof
transpositions.This could be doneby moving oneof the
two melodiesup or down in pitch to a positionwherethe
distanceis minimal (Ó Maid�́n, 1998). Since�nding the
optimumtranspositionwouldrequiretherepeatedapplica-
tion of the similarity measure,which would take a lot of
time,wechoseto transposeoneof themelodiessothatthe
weightedaveragepitch is equal. This way, the similarity
measurefor weightedpoint setsneedsto be appliedonly
once,but this is not alwaysthe optimumsolution. How-
ever, this approximationusually works well enoughfor
transposedversionsof the samemelody to appearcloser
thanothermelodiesfrom thedatabase,seeFigure5.

� Whenthe transportationdistanceis calculated,the trans-
portationof weightfrom onenoteto anothercanhappenin
thetimedimension,thepitchdimension,or acombination
of thetwo. Therefore,therangeof numbersin bothdimen-
sionsaffectstheresults.For all resultsshown in thispaper,
wemultipliedthetimecoordinateswith 3 in orderto avoid
all pointsto be placedin a very narrow, long strip like in
Figure1, wherethepitch rangesfrom 186to 221(a range
of 35),while thetimeonly rangesfrom 0 to 6. An arrange-
mentof thepointslikein Figure1 wouldmakeit toocheap
to moveweightin thetimedimensionin comparisonto the
pitchdimension,whichwould leadto notesbeingmatched
with notesthatdonot really correspondwith them.



4.3 An example

Figure3 shows theweight �o w for signaturesof two melodies
after adjustingthemasdescribedabove. Unlike the signature
shown in Figure 1, the time coordinatesare now multiplied
with 3 so that weight transportationin the time andpitch di-
mensionsare similarly expensive. In Figure 1, the rangeof
pitchesis much larger than the rangeof time coordinatesso
thattransportationdistancemeasureswouldmatchnoteswhich
do not correspondwith oneanother. Also, the top melodyin
Figure3 wasstretchedso that the maximumtime coordinates
areboth 28.5,andthe top melodywasalsoslightly shiftedin
the pitch dimensionso that the weightedaveragepitchesare
the same.Without the pitch and durationalignments,the dis-
tancebetweenthesetwo melodieswould be 5.41825instead
of 0.739529. For the sake of simplicity, we treatedthe grace
notein the bottommelodylike any othereighthnote,thereby
overemphasizingit andin�uencing thetimecoordinatesof sub-
sequentnotes.A specialtreatmentof gracenoteswould proba-
bly leadto betterresults.

In Figure 3, an arrow indicatesthe �o w and the transported
weight for eachpair of weightedpoints betweenwhich any
weightis transported.Consider, for example,the�rst two notes
of bothmelodies.Sincethesecondmelodystartswith a dotted
eigth noteanda sixteenthnote,while the �rst onestartswith
two eigthnotes,half of theweightof thesecondnoteof the�rst
melody is transportedto the �rst note of the secondmelody,
while theotherhalf goesto thesecondnote. Thequarternote
whichis representedasahollow circleisonlypartiallymatched.
It hasa capacityof 1, but only 0.5weightunitsaretransported
into it.

5 Resultsand comparisonwith earlier results

5.1 Comparisonwith Schlichte's “Frankfurt Experience”

JoachimSchlichte(1990)describesanattemptof groupingsim-
ilar incipits together. This work wasbasedon 83,243incipits
from the RISM A/II collection. Schlichteshows that omitting
“insigni�cant” musicalphenomenaimmediatelyleadsto use-
lessresults,even amongthe small subsetof 83,243out of the
476,000incipits thatarecurrentlyavailableto us.Themethods
heclassi�edasuselessare:

� Converting the incipits into stringsof intervals andcom-
paring those, thus ignoring rhythm, absolutepitch, and
rests, leadsto distancesof zero betweenvery different
pieces.Schlichtegivessomeexamples.

� Comparingstringsof pitches,ignoring only rhythm and
rests,still leadsto too many falsepositives. Transposing
all piecesinto the samekey beforeapplyingthis method
makesmattersworse.

Schlichtethereforeonly lookedfor identicalincipits,which al-
readygivemusicscholarsvaluablepointersto interestingfacts.
Oneof theinterestingapplicationsis theidenti�cation of anony-
mouspieces. Schlichtewrites that amongthe 14,000anony-
mousworks in his datacollection,292,i. e. about2 %, canbe
automaticallyassociatedwith a composerby looking for iden-
tical incipits. This comparisonis basedon the Plaine& Easie
encoding(Selfridge-Field,1997)in whichall RISM A/II incip-
its arestored.
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Figure 3: An illustration of a weight �o w with the EMD;
the coordinatesareadjustedasdescribedin Section4.2. The
signaturesof melodies1 and11 from Figure5 (left) after the
adjustments,shown in theformat(Time,Pitch;Weight):
Top: (0, 180.138; 0.5), (1.58333,175.138; 0.5), (3.16667,
169.138;1), (6.33333,192.138;0.5), (7.91667,197.138;0.5),
(9.5, 192.138;1), (12.6667,186.138;0.5), (14.25, 192.138;
0.5), (15.8333,197.138; 0.5), (17.4167,192.138; 0.5), (19,
186.138; 0.5), (20.5833, 180.138; 0.5), (22.1667, 175.138;
1), (25.3333,180.138; 0.5), (26.9167,175.138; 0.5), (28.5,
169.138;1)
Bottom: (0, 180; 0.75), (2.25,175; 0.25), (3, 169; 1), (6, 192;
0.5), (7.5, 197; 0.5), (9, 192; 1), (12, 186; 0.5), (13.5, 192;
0.5), (15,197;0.5), (16.5,192;0.5), (18,186;0.5), (19.5,180;
1), (22.5,175; 1), (25.5,180; 0.75), (27.75,175; 0.25), (28.5,
169;1)

We compared approximately 80,000 incipits by
unidenti�ed composers in the RISM A/II collec-
tion to all other incipits; the result can be seen at
http://give-lab.cs.uu.nl/MIR/anon/idx.html . About 13 %
of theseincipits lie within a distanceof less than 1 (PTD;
weights: duration only; base-40pitches; time coordinates
multiplied with 3) from other incipits. This includestrivial
caseswherethe incipits areidentical,but alsomoreinteresting
caseslike the one shown in Figure 4, where addednotes,
augmentation,transposition,anddifferencesin rhyhtm,contour
andthesequenceof intervalsmakeit moredif�cult to recognize
thesimilarity.

AlexandreStiévenart:Variations
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Figure 4: Thesetwo versionsof the “Ah! vous dirai-je Ma-
man” themearerecognizedassimilar (with PTD,weights:du-
rationonly). Notetheextra notesin thesecondto lastmeasure
of Stiévenartand the �rst measureof Anonymus,which lead
to differencesboth in the sequenceof intervals and the con-
tours,andthe fact that the Stiévenartversionis an augmented
andtransposedversion.

In order to seehow many of thesematchesare actually use-
ful andwould nothavebeenfoundby just looking for identical



pieces,we manuallychecked 100 randomlychosensearchre-
sultswith distancesbelow one.55% of theseworksonly match
with otheranonymousworks. For 19 %, a composercouldbe
foundbecausethecomparedincipits areidentical.This is sim-
ilar to Schlichte's result – 19 % of 13 % are 2.47 %, while
Schlichte's �gure is 2.08%. We expecta slightly higherper-
centagebecausewe do not comparethePlaine& Easieencod-
ings,but ourdatabasecontentsasdescribedin Section2, which
meansthatwe view moremelodiesasidenticalthanSchlichte
did. For example,we ignorebeaming.For another11 %, we
coulddeterminethecomposeralthoughtheincipitsarenotiden-
tical. Therefore,our methodleadsto theidenti�cation of about
3.9% of all anonymouspiecesinsteadof Schlichte's2.08%.

5.2 Comparisonwith Howard' s “Har vard Experience”

Howard (1998)describesa later attemptof groupingtogether
similar incipits from theRISM A/II collection. This work was
basedon a subsetof our collectionwith at mosthalf asmany2

incipits. The U. S. RISM of�cials did not, like their Frankfurt
colleagues,comparePlaine& Easieencodings,but converted
the incipits into the DARMS (Selfridge-�eld, 1997)encoding
language.They comparedsortingresultsof � veencodingtypes:

1. thecompleteencodingwith all parameters,

2. thecompleteencodingtransposedto a commonpitch reg-
ister,

3. the encodingstrippedof such featuresas beaming,bar
lines,andfermatas,

4. theencodingstrippedof the itemsgiven in (3) plusgrace
notes,

5. theencodingstrippedof theitemsgivenin (3) and(4) plus
rhythmic values,rests,andties, with the transpositionto
a commonregister (2) but with preservation of repeated
notes.

None of the � ve encodingtypes lead to more than 6 out of
13 known occurrencesof a songcalled“Roslin Castle”being
sortedtogetheramongnotmorethan230,000incipits.

Figure5 shows the resultsof somequeriesfor the samesong
with the EMD (left column) and PTD (right column). The
EMD querygroupstogether11 out of 16 known occurrences
among476,000incipits, i. e. a larger percentageamongmore
thantwiceasmany potentialfalsepositivesin comparisonwith
the “Harvard experience”. If onedoesnot count the 16th oc-
currence,shown at thebottomright, becauseit is not encoded
correctly, our methodcompareseven more favourably (73 %
versus46%). ThePTDresultshown in Figure5 doesnotgroup
togethermore occurrences,but at leastthe falsepositivesare
musicallyverysimilar.

Figure5 alsoillustratesthedifferentpropertiesof theEMD and
PTD:

� The EMD groupsmore occurrencestogetherin just one
queryresult.Amongthe16known occurrencesof “Roslin

2Howarddoesnotclearlysayhow many, but from theintroduction
to his paperit can be inferred that the numberwas probablybelow
230,000.

Castle”,thereare3 groupswith similar numbersof notes.
The fact that theEMD allows partial matching,while the
PTDmatchesall notes,leadsto acleardistinctionof these
groupsby thePTD,but not theEMD.

� Becauseof theweightnormalization,thePTD recognizes
augmentedor diminutedversionsof the samemelodyas
similar. In thesecondgroupof melodiesin the right col-
umnof Figure5, melodynumber4 is recognizedassimi-
lar to theothermelodiesin thegroup,while theuseof the
EMD leadsto a ratherlargedistancesincethereis a large
differencein weightbetweencorrespondingnotes.

� The falsepositivesin the right columnof Figure5 (num-
bers6 and8 in the�rst group)aremoresimilar to themu-
sical materialin the restof thequeryresultthanthe false
positivesin the left column(numbers12 to 16). Therea-
sonis that theEMD allows an unmatchedweightsurplus
to be spreadover the whole melody. In otherwords,this
distancemeasuredoesnot distinguishbetweena few ex-
tra or missingblocksof noteson the onesideanddiffer-
encesbetweenmany individual notesor restson theother
side. Whenthe PTD is used,blocksof extra or missing
notesleadto the wrong notesbeingcomparedto onean-
other, which usually dramaticallyincreasesthe distance.
Any differencesbetweenindividual notesarealsopenal-
ized.

6 Indexing

We eliminatedthe needfor calculatingthe expensive trans-
portationdistanceto a queryfor every melodyin thedatabase
by exploiting the triangleinequalityandusingvantageobjects
(VleugelsandVeltkamp,2002).As apreparation,k vantageob-
jectsarerandomlychosenfrom thedatabasecontainingn point
sets,andthedistanceof eachof then point setsto eachof thek
vantageobjectsis calculatedin thefeaturespaceby determining
a transportationdistance.Thesetransportationdistancescanbe
viewed asthe coordinatesof the point setsin a k-dimensional
Euclideanspace.

Thanksto the triangle inequality, the Euclideandistancebe-
tweentwo pointsetsin thek-dimensionalspaceisalowerbound
for thetransportationdistancein thefeaturespace(Barrosetal.,
1996).

The searchfor point setswhich arecloserthanr to the query
pointsetcannow belimited to thosepointsetswhoseEuclidean
distancefrom the query in the k-dimensionalEuclideanspace
of transportationdistancesis lessthan r. Only for those,the
transportationdistanceneedsto becalculated.If thequeryob-
ject is not yet in the database,its distancesto the k vantage
objectsneedto becalculatedasa �rst step.Then,by perform-
ing an approximatenearest-neighboursearchin the Euclidean
space,onecananswera queryby performingO 	 mlogn
 Eu-
clideandistancecalculations(Arya, Mount,Netanyahu,Silver-
man,andWu, 1994)plus m expensive transportationdistance
calculations,wherem, the numberof reportedpoint sets,de-
pendsonhow theweightedpoint setsaredistributedin theEu-
clideanspace.If oneprefersanexactnearestneighboursearch,
onecanquerya k-dimensionalkd-treeusingO 	 n1 �

1
k

� m
 Eu-
clideandistancecalculations.In practice,with our databaseof
476,000point setsand a maximumdistancer of 5, we need
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Anonymus: Roslin Castle(the 16th version,which is very different from the other15

known occurrencesdueto anencodingerror)
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Figure5: Queryresultsfor “Roslin Castle”among476,000melodies.Weightsre�ect only notedurations.Theleft columnshows
thetop17matchesof anEMD-basedquery, containing12occurrencesof “Roslin Castle”.Theright columncontainsall 16known
occurrencesof “Roslin Castle”,15 of which areretrieved with 3 PTD-basedquerieswhoseresultsareseparatedwith horizontal
lines.Thereis anencodingerrorwhichpreventsthe16thoccurrencefrom beingshown in otherqueryresults– in thePlaine& Easie
formatusedfor collectingtheRISM data,it is easyto gettheoctaveswrong.For adiscussionof thedifferencesbetweenEMD (left
column)andPTD (right column),seeSection5.2.

lessthan1000expensivecalculationsinsteadof 476,000,which
reducesthequeryrunningtime on a 2-GHzPentium4 system
with WindowsXP from approximately70minutesto 9 seconds,
withoutalteringtheresult.

Althoughthetriangleinequalityholdsonly for thePTDandnot
generallyfor theEMD, we tried this indexing methodfor EMD
distancesaswell. In mostcases,theresultsarenotdistorted.

7 Conclusionsand futur e goals

In comparisonto Schlichte's and Howard's experiencewith
groupingsimilar melodiesfrom the RISM A/II collection to-
gether, our transportationdistancemeasuresperformmuchbet-
ter. It is possibleto group togethermore occurrencesof a
melody amonga larger total numberof incipits. Also, with
transportationdistancemeasures,it is easyto recognizesim-



ilarities even if they are hiddenby additionalnotesor differ-
ent rhythm. Finally, therearetransportationdistancemeasures
which obey the triangle inequality, e. g. the PTD, so that it
is possibleto ef�ciently searchlarge databases.We usedthis
fact for an interactive online searchenginewhich searchesall
476,000melodiesin our database.

One importantstrengthof transportationdistanceswhich we
have not exploited yet is the fact that they shouldallow us to
comparepolyphonicmusic in much the sameway as mono-
phonicmusic.For weightedpointsets,it shouldnotmakemuch
of a differencewhethertherearepointswhich sharethe same
timecoordinate.

The partial matchingprovided by the EMD doesnot always
make musicalsense,ascanbe seenwith the falsepositivesin
theleft columnof Figure5. In orderto beableto �nd motifsand
themeswithin completepieces,it mightbenecessaryto split the
piecesinto smallchunksandthenusea transportationdistance
for comparingchunks. The EMD's partial matching,possibly
in conjunctionwith a consonancegrounddistance,might then
e. g. prove useful for searchingfull scoresbasedon themes
takenfrom a pianoreduction.

Anotherpromisingapplicationwould betheuseof transporta-
tion distancemeasuresfor building a Query-by-Hummingsys-
temwithout explicit noteonsetdetection.Noteonsetdetection
is adif�cult problem(Pauws,2002;PrecheltandTypke,2001).
This taskcouldbedelegatedto thetransportationdistancemea-
sure,whichwouldcombinethetwo tasksof groupingFFTwin-
dows3 into notesandcomparingsetsof notes.
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