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Abstract

Most of the existing methodsfor measuringmelodic
similarity use one-dimensionattextual representa-
tions of music notation, so that melodic similarity
canbemeasuredby calculatingeditingdistancesWe
view notesasweightedpointsin a two-dimensional
spacewith thecoordinate®f thepointsre ecting the
pitchandonsetime of notesandtheweightsof points
dependingon the correspondingotes' durationand
importance.This enablesisto measuresimilarity by
usingtheEarthMover's Distancg EMD) andthePro-
portional TransportatiorDistance(PTD), a pseudo-
metric for weighted point setswhich is basedon
the EMD. A comparisonof our experimentresults
with earlierwork shavs thatby usingweightedpoint
setsandthe EMD/PTD insteadof Howard's method
(1998) usingthe DARMS encodingfor determining
melodic similarity, it is possibleto group together
abouttwice asmary known occurrencesf a melody
within theRISM A/Il collection.Also, thepercentage
of successfullyidenti ed authorsof anorymousin-
cipits canalmostbe doubledby comparingweighted
point setsinsteadof looking for identicalrepresenta-
tionsin Plaine& Easieencodingas Schlichtedid in
1990.

1 Intr oduction

Representingnusic as a weightedpoint setin a two-dimen-
sional spacehasa tradition of mary centuries.Ever sincethe
13th century musichasbeenwritten asa setof notes(points)

in atwo-dimensionaspacewith time andpitch ascoordinates.

Varying characteristicareassociatedavith the notesby, for ex-

ample,usingdifferentsymbolsfor differentnotedurations.The
look of written musichaschangedomeavhatoverthelast8 cen-
turies, but the basicideaof representingnusic asa weighted
point sethasbeenfollowedfor almosta millenium, andit has
sened composersand performerswell. Sinceweightedpoint

Permissiorto make digital or hardcopiesof all or partof this work
for personalor classroonuseis grantedwithout fee provided that
copiesare not madeor distributedfor pro t or commercialadvan-
tageandthatcopiesbearthis noticeandthe full citationonthe rst
page. ¢ 2003JohnsHopkinsUniversity.

mco.ve Itk amp,f ran s.wier ing ,re ne @s.u u.n |

setsseemto be so well suitedto representingnusic, it feels
naturalto measuremelodic similarity directly by comparing
weightedpoint setsinsteadof rst transformingthe musicinto
one-dimensionadbstractepresentations.

We studiectheuseof the EarthMover's Distancg EMD), which
measurea minimum o w for transformingoneweightedpoint
setinto anotherfor the purposeof measuringnelodicsimilar
ity. Becauséhetriangleinequalitydoesnot hold for the EMD,
we alsouseda modi ed versionof it, the ProportionalTrans-
portationDistance(PTD), which wasproposedy Giannopou-
los and Veltkamp (2002). A distancemeasurefor which the
triangleinequalityholdscanbeusedto make databassearches
moreef cient by usingindices.

The musicdatabaseve usedfor evaluatingthe EMD andPTD

assimilarity measuresontainsabouthalf a million musicalin-

cipits! from theRISM A/l collection(Répertoireinternational
desSourcedMusicales1995-2002).

We evaluatedthe appropriatenessf the EMD and PTD for

measuringmelodic similarity by constructinggroupsof simi-

lar melodieswithin the RISM A/Il collection and comparing
our resultsto the “Frankfurt Experience”and “Harvard Expe-
rience” of sortingRISM incipits describedoy JohnB. Howard
(1998). We wereableto identify abouttwice the percentag®ef

melodiesy anorymouscomposerandgrouptogether76 % in-

steadbf 46 % of theknown occurrencesf atunecalled“Roslin

Castle”.

2 Melodiesasweightedpoint sets

Johanne8rahms:Himmel strahltsohelleundklar (Zigeunerlieder)
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Figure1: An exampleof musicrepresentedvith 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 ed usingHewlett's (1992)base-40
system.

In orderto be ableto apply a transportatiordistancemeasure,
we musttransformthe melodieswe wantto compareinto sig-

Lincipits arethebeginningsof piecestypically about20 notedong.



natures. By signature,we meana set of pointsin the two-
dimensionaEuclidearspacewvhereeachpointhasaweightas-
sociatedwith it. Thetwo dimensionsaretime andpitch.

When transformingmelodiesinto signatures,we createone
point for eachnote. Restsare encodedmplicitly asthe time
spanghatarenot coveredby points. As a consequenceaye do
not distinguishbetweentwo subsequenguarterrestsand one
half rest,but we do distinguishbetweertwo subsequerquarter
notesanda half note;only thelatter sounddifferently.

2.1 Thetime coordinate

In our databasedurationsof notesand their positionswithin
measuresre speci ed using divisions of a quarternote,in a
way similar to the MIDI format. With every melody the num-
ber of divisionsperquartemoteis stored.This numberis cho-
sensuchthat the durationof every notein the melodycanbe
speci ed asa whole number For example,if thereare 96 di-
visionsper quarternote,a quarternote hasduration96, a half
notehasduration192,anda sixteenth?24.

We want time coordinatesn signaturego be independenbf
the numberof divisionschoserfor a particularmelody There-
fore, we calculatethe time coordinateof a noteasthe sum of
the lengthsof measuregrecedingthe note plus the note's po-
sition within its measuregdivided by the numberof divisions
for a quarternote. Measurelengthsare calculatedas follows:
for eachnoteor restin a measurethe durationis addedto the
positionwithin the measure The maximumof all of theseend
pointsof notesandrestsis thentakenasthe measurdength.

In orderto 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 coordinatestherebyshifting all notessothatthe
rst notestartsattime 0.

For acompleteexample,seeFigurel andTable1.

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

Tablel: Thedatabaseontentsfor the melodyshowvnin Figure
1. Thereare960divisionsperquartemote,andrestsarecoded
asnoteswith pitch 0. To arrive at Figure1, we rst normalize
thetime coordinatedi. e.,divide themby 960). The durations
arethen:1920/960=21.5,0.5,1.5,0.5,0.5,0.5,1, 2. All mea-
surelengthsare 1920/960=2. Therefore the note onsettimes
are:0,2,3.5,4,5.5,6,6.5,7,and8. Thisstill includesthelead-
ing rest,whichwewantto ignore,so nally , we skiptheleading
restandsubtracits durationfrom all subsegemotes:0, 1.5, 2,
3.5,4,4.5,5, 6. Thesearethetime coordinatesn Figurel.

Our methodof determiningthe lengthof eachmeasuravithout
relying onthetime signatureensureshatwe getsensiblecoor

dinatesevenin caseswherethenotesin ameasurelo not match
thetime signature.This actuallyhappenswith the RISM data.
See,for example,the bottomright incipit in Figure 5, where
notonly the octaresareencodedncorrectlyfor somenotes but

thereis alsoa mismatchof the time signatureandthe contents
of measures.

2.2 The pitch coordinate

Unlike MIDI les, our databasecontainsthe pitch in Walter
Hewlett's (1992)Base-4Mhotation. This notationdistinguishes
betweemoteswith thesamepitch, but differentnotations Like
MIDI pitches, it is a numberline representatiorof musical
pitch notation,but with the addedadvantageof beinginterval-
invariant. |. e., the differencebetweenary two base-4Qitch
numberswill correctlydeterminehe notatednterval namebe-
tweenthosepitches.

2.3 Weights

Increasinga note's weight increaseghe importanceof it hav-

ing a counterparbf similar weight at the samepositionin the
comparedmelody A naturalmethodof using weightsis to

make themre ect notedurations.Thatway, differing notedu-

rationsat correspondingpositionsleadto anincreasen there-

sulting distance.For instancejn Figure 1 the noteweightsre-

ect only thedurations.All resultsin this paperwereobtained
with weightsthat only dependon note durations. By adding
more componentshowever, additionaldesirableeffects could

be achieved. Two promising weight componentsare stress
weightandnotenumbemweight.

2.3.1 Stress\Weight

Thereare caseswhere melodiesclearly differ, but a distance
measurewhich ignores the positions of notes within mea-
suresfails to distinguishbetweenthem. For example,the two
melodiesin Figure2 would not be distinguishedy the simple
distancemeasuresisedfor Figure5. By addingmore weight
to notesatpositionsin measuresvhich areusuallyemphasized,
e.g. the rst beat,the measurestructurecanbetakeninto ac-
countaswell.

Jean-Baptisteully: La Grottede Versailles

Anonymus: Litanies(Coro, withouttitle)

Figure2: By addinga stress-basedeightcomponentthe dis-
tancemeasurecanbe madeto re ect differentmeasurestruc-
tures.Withoutthat, the distancewvould be zerofor theseclearly
differentmelodies providedthattranspositionsireallowed.

2.3.2 NoteNumbenkight

In the RISM databasethereareno clearrulesabouthow mary
notesare includedin the incipits. Therefore,it happenghat
very similar or identical melodiesdiffer mainly in the number
of notesthatareincludedin the incipit. As we shall seelater,
for examplein theright columnof Figure5, thereareinstances
wherethe distancebetweenmelodiesbecomesvery large be-
causeoneof themis cut off afterfewer notes,notbecausehey
containvery differentmusicalmaterial. One possibleway of
addressinghis problemis to addanextraweightcomponento
eachnotethatdepend®nhow mary notesprecedet. Thatway;,



notescloseto thebeginningaremademoreimportantthanextra
notesat the endwhich might not be presentin all occurrences
of amelodyin thedatabase.

In Sectiond.2,we will describesomeadjustmentsf thesigna-
tureswhich we do beforeapplyinga distancemeasure.
3 Similarity Measuresfor WeightedPoint Sets

For asimilarity measurgformally speakingafunctionon aset
S,d:S S 0 ), thefollowing propertiesare usually
desirable:

i. Self-identity Forallx Sdxx 0.
ii. Positivity: Forallx yinSdxy 0.
iii. SymmetryForallxy Sdxy dyx.

iv. Triangle inequality Forallxyz S dxz

dyz.

dxy

A measurewith all of thesepropertieds calleda metric, while
ameasurewith only properties, iii, andiv is calleda pseudo-
metric. Dependingon the application,differentpropertiesare
relevant. For measuringnelodicsimilarity, we needself-identi-
ty andsymmetry Thetriangleinequalityis usefulfor ef ciently
searchingthe databaséBarroset al., 1996). Positvity is not
necessarihalwaysdesired. The EMD's partial matchingprop-
erty, whichis closelyrelatedto its lack of positivity (seeSection
3.1.2),canbeuseful.

In the following subsectionsye will describethe two trans-
portationdistancesvhichwe used.

3.1 The Earth Mover'sDistance(EMD)

The Earth Mover's Distancebetweentwo weightedpoint sets
measureghe minimum amountof work neededto transform
oneinto 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 the supplierto one
setandthat of the recever/demandeto the otherone, setting,
in thatway, the directionof weightmovement. The EMD then
measurethe minimumamountof work neededo Il theholes
with earth(measuredn weight units multiplied with the cov-
eredgrounddistance). SeeCohens Ph.D.thesis(1999)for a
moredetaileddescriptionof the EMD.

3.1.1 De nition
Let A a; a2 am beaweightedpoint setsuchthata;
Xiw | 1 m wherex K with w 0 being

its correspondingveight. Let W:éél'j1 1 Wi bethetotalweightof
setA.

The EMD canbeformulatedasa linear programmingproblem.
Giventwo weightedpointsetsA B andagrounddistanced, we
denoteasfi; theelementaryo w of weightfrom x; toy; overthe
distanced;;. If W U arethetotal weightsof A B respectiely,
thesetof all possibleowsF  fj; isde nedby thefollowing
constraints:

1.f 0i 1

2. éT 1 fij

mj 1 n

wii 1 m

3.4"fj yj 1 n

4, éimléT 1 fij minWU
Theseconstraintsaythateachparticular o w is non-nejative,
no point from the “supplier” setemitsmoreweightthanit has,
andno point from the “receiver” receves moreweightthanit
needs.Finally, the total transportedveightis the minimum of
thetotal weightsof thetwo sets.

The ow of weight fj; over a distanced;j is penalizedby its
productwith thisdistance Thesumof all theseindividual prod-
uctsis thetotal costfor transformingA into B. The EMD(A, B)
is de ned asthe minimumtotal costover F , normalizedoby the
weightof the lighter set;a unit of costor work correspondso
transportingoneunit of weightoveroneunit of grounddistance.
Thatis:

min,: F é_lmléT 1fijdij
min W U

EMD A B

3.1.2 Propertiesand Computation

The mostimportantpropertiesof the EMD canbe summarized
asfollows:

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

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

3. It doesnot obey the positvity propertyif the sums of
the weightsof the two setsare not equal. In that case,
someof theweightof the heavier distribution remainsun-
matched. Therefore,the EMD allows for partial match-
ing. As aresult,thereare casesvhereit doesnot distin-
guishbetweentwo non-identicalkets. Sometimeghis can
be useful,for examplewhentwo incipits containidentical
melodieswvhicharecutoff afterdifferentnumberof notes.
Ontheotherhand thisalsoleadsto effectslik e theonewe
seewith incipit numberl2in theleft columnof Figure5,
wherethe EMD yields arelatively low distance .Herethe
surplusof weightis not all concentrateét the endof the
melody but distributedover severalrestsandotherplaces,
whichleadsto afalsepositive.

4. In the caseof unequaltotal weights,the EMD doesnot
obey the triangle inequality A simple countergample
would be threemelodiescalled A, B, andAB. Let us as-
sumethat AB is the concatenatiof A andB, andlet us
assumehat A andB are chosenso thatthe EMD vyields
a distanceof 1 betweenthem. If A andB are positioned
accordingly boththe distancebetweenA andAB andthe
distancebetweenB and AB canbe zero(becausédoth A
andB arepartsof AB). Then,d A, B d A, AB
d AB, B .



As aresult,methodghatrely onthetriangleinequalityfor
speedingup databaseetrieval cannotbe usedin conjunc-
tion with the EMD.

The EMD can be computedef ciently by solving the corre-
spondinginearprogrammingproblem,for exampleby usinga
streamlinedsersionof the simplex algorithmfor thetransporta-
tion problem(Hillier andLieberman1990). We usedRubners
(1998)EMD function,which implementsHillier' s andLieber
man'’s algorithm. It is possiblethat the simplex algorithmper
forms an exponentialnumberof steps.Onecould usepolyno-
mial algorithmslike aninterior point algorithm,but in practice
thatwould outperformthesimplex algorithmonly for verylarge
problemsizes.Sincethetransportatioproblemis aspeciakcase
of the minimum cost o w problemin networks, a polynomial
time algorithmfor thatcouldbe usedaswell.

3.2 The Proportional Transportation Distance(PTD)

GiannopoulosindVeltkamp(2002)proposeda modi cation of
the EMD in orderto geta similarity measurebasedon weight
transportatiosuchthatthe surplusof weightbetweertwo point
setsis takeninto accountandthetriangleinequalitystill holds.
They call this modi ed EMD the “ProportionalTransportation
Distance”(PTD) becausery surplusor shortageof weightis
removedin away thatthe proportionsarepreseredbeforethe
EMD is calculated. The PTD is calculatedby rst dividing,
for both point 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.The setof all feasible o ws
F fi; from Ato Bis de ned by thefollowing constraints:

L.fij 0i 1 mj 1 n

2,87 1fj wi 1 m
3. & fij % j 1 n
4.amMal fij W

ThePTD(A, B) is givenby:

min,: F é_,mléT 1fijdij

PTDAB
wW

Constraint®2 and4 forceall of A's weightto move to the posi-
tions of pointsin B. Constraint3 ensureghatthis is donein a
way thatpreserestheold percentagesf weightin B.

ThePTDis apseudo-metricln particular it obeysthetriangle

inequality. It still doesnot have the positivity propertysince
thedistancebetweerpositionallycoincidingsetswith thesame
percentagesf weightsat the samepositionsis zero. However,

this is the only casein which the distancebetweentwo non-
identicalpoint setsis zero. The PTD will distinguishbetween
two setsB andB which differ in only onepoint. It hasall other
propertieof the EMD for equaltotal weightsets.

4 Adjustments of coordinatesand weights,
ground distance

4.1 The ground distance

For all resultsin this paper we usedthe Euclideandistanceas
grounddistance.l. e.,the distancebetweertwo noteswith the

coordinatest; pi1) and(ty po)is t1 b2 p; p2 2
An interesting variation, especially for polyphonic music,

would be to make the distancein the pitch dimensiondepend
onharmoly insteadof just calculatingthedifferenceof pitches.

4.2 Adjustments of coordinatesand weights

Before applying one of the similarity measuredor weighted
point setsdescribedabove, we adjustthe signatureof the two
melodiesve wantto comparen severalways:

In orderto be ableto recognizeaugmentedr diminuted
versionsof a melody as similar (like for examplein the
right columnof Figure5, secondgroup,melody4), it can
be necessaryo normalizethe rangeof time coordinates.
We choseto stretchthe melody with the smaller maxi-
mum time coordinateover a longer time suchthat after
theadjustmentbothmelodies'maximumtime coordinates
equalthe larger maximumtime coordinatebeforethe ad-
justment.Notethatwith alesscarefulnormalizationg. g.
the adjustmenbf a randomlychosemmelodyto the other
melody's length, one can easilylose the symmetryprop-
erty. We did this alignmentof durationswhenwe usedthe
PTD,wherethereis no partialmatchingwhenwe usedthe
EMD, we comparedhe distancesvith andwithout dura-
tion alignmentandtook the minimum.

It is desirabléo make thedistancaneasuréndependentf
transpositions.This could be doneby moving oneof the
two melodiesup or down in pitch to a positionwherethe
distanceis minimal (O Maid'n, 1998). Since nding the
optimumtranspositiorwould requiretherepeatedpplica-
tion of the similarity measurewhich would take a lot of
time, we choseo transpos®neof the melodiessothatthe
weightedaveragepitch is equal. This way, the similarity
measurdor weightedpoint setsneedsto be appliedonly
once,but this is not alwaysthe optimum solution. How-
ever, this approximationusually works well enoughfor
transposediersionsof the samemelodyto appearcloser
thanothermelodiesfrom the databaseseeFigure5.

Whenthe transportatiordistanceis calculatedthe trans-
portationof weightfrom onenoteto anothercanhapperin
thetime dimensionthe pitch dimensionor acombination
of thetwo. Thereforetherangeof numbersn bothdimen-
sionsaffectstheresults.For all resultsshavn in this paper
we multiplied thetime coordinatesvith 3 in orderto avoid
all pointsto be placedin a very narraw, long strip like in
Figurel, wherethe pitchrangedrom 186to 221 (arange
of 35),while thetime only rangefrom 0 to 6. An arrange-
mentof thepointslikein Figurel would makeit toocheap
to moveweightin thetime dimensionin comparisorio the
pitch dimensionwhichwouldleadto notesheingmatched
with notesthatdo notreally correspondvith them.



4.3 An example

Figure 3 shawvs the weight o w for signatureof two melodies
after adjustingthemas describedabove. Unlike the signature
shavn in Figure 1, the time coordinatesare now multiplied
with 3 so that weight transportatiorin the time and pitch di-
mensionsare similarly expensve. In Figure 1, the rangeof
pitchesis much larger than the rangeof time coordinatesso
thattransportatiordistancemeasuresvould matchnoteswhich
do not correspondvith one another Also, the top melodyin
Figure 3 was stretchedso that the maximumtime coordinates
areboth 28.5, andthe top melodywasalso slightly shiftedin
the pitch dimensionso that the weightedaveragepitchesare
the same.Vithout the pitch and durationalignments,the dis-
tancebetweenthesetwo melodieswould be 5.41825instead
of 0.739529. For the sale of simplicity, we treatedthe grace
notein the bottommelodylike any othereighthnote,thereby
overemphasizing andin uencing thetime coordinate®f sub-
sequenhotes.A specialtreatmenbf gracenoteswould proba-
bly leadto betterresults.

In Figure 3, an arrowv indicatesthe o w and the transported
weight for eachpair of weightedpoints betweenwhich ary
weightis transportedConsideyfor example the rst two notes
of bothmelodies.Sincethe secondnelodystartswith a dotted
eigth note and a sixteenthnote, while the rst one startswith
two eigthnotes half of theweightof theseconchoteof the rst
melody is transportedo the rst note of the secondmelody
while the otherhalf goesto the secondnote. The quarternote
whichisrepresentedsahollow circleis only partiallymatched.
It hasa capacityof 1, but only 0.5weightunitsaretransported
into it.

5 Resultsand comparisonwith earlier results
5.1 Comparisonwith Schlichte's “Frankfurt Experience”

JoachimSchlichte(1990)describesnattemptof groupingsim-

ilar incipits together This work was basedon 83,243incipits

from the RISM A/ll collection. Schlichteshows that omitting

“insigni cant” musicalphenomenammediatelyleadsto use-
lessresults,even amongthe small subsetof 83,243out of the

476,000incipits thatarecurrentlyavailableto us. The methods
heclassi edasuselessre:

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

Comparingstrings of pitches,ignoring only rhythm and
rests,still leadsto too mary falsepositives. Transposing
all piecesinto the samekey beforeapplyingthis method
makesmattersworse.

Schlichtethereforeonly lookedfor identicalincipits, which al-
readygive musicscholarssaluablepointersto interestingfacts.
Oneof theinterestingapplicationss theidenti cation of anory-
mouspieces. Schlichtewrites that amongthe 14,000anory-
mousworksin his datacollection,292,i. e. about2 %, canbe
automaticallyassociatedavith a composeiby looking for iden-
tical incipits. This comparisoris basedon the Plaine& Easie
encoding(Selfridge-Field 1997)in which all RISM A/ll incip-
its arestored.

Anonymus: RoslinCastle
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Figure 3: An illustration of a weight ow with the EMD;
the coordinatesare adjustedas describedn Section4.2. The
signatureof melodiesl and 11 from Figure5 (left) after the
adjustmentsshavn 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;0.79), (27.75,175;0.25), (28.5,
169;1)

We compared approximately 80,000 incipits by

unidentied composers in the RISM A/ll 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 lessthan 1 (PTD;

weights: duration only; base-40pitches; time coordinates
multiplied with 3) from other incipits. This includestrivial

casewheretheincipits areidentical,but alsomoreinteresting
caseslike the one shavn in Figure 4, where addednotes,
augmentationtranspositionanddifferencesn rhyhtm,contour
andthesequencef intervalsmakeit moredif cult torecognize
thesimilarity.

AlexandreStiévenart:Variations

Anonymus: Lestrois cousines Distance:0.928683

T T
t T

Figure 4: Thesetwo versionsof the “Ah! vousdirai-je Ma-
man” themearerecognizedassimilar (with PTD, weights:du-
rationonly). Notethe extra notesin the secondo lastmeasure
of Stievenartandthe rst measureof Anonymus, which lead
to differenceshoth in the sequencef intervals and the con-
tours,andthe factthat the Stievenartversionis an augmented
andtransposedersion.

In orderto seehow mary of thesematchesare actually use-
ful andwould not have beenfoundby justlooking for identical



pieces,we manuallychecled 100 randomlychosensearchre-
sultswith distance$elow one.55% of theseworksonly match
with otheranorymousworks. For 19 %, a composeicould be
foundbecauséhe comparedncipits areidentical. This is sim-
ilar to Schlichtes result— 19 % of 13 % are 2.47 %, while

Schlichtes gure is 2.08%. We expecta slightly higherper

centagebecauseave do not comparethe Plaine& Easieencod-
ings, but our databaseontentsasdescribedn Section2, which

meansthat we view moremelodiesasidenticalthan Schlichte
did. For example,we ignorebeaming. For anotherl1 %, we
coulddeterminghecomposeanlthoughtheincipitsarenotiden-
tical. Therefore pur methodleadsto theidenti cation of about
3.9% of all anorymouspiecesinsteadof Schlichtes 2.08%.

5.2 Comparisonwith Howard's“Har vard Experience”

Howard (1998) describesa later attemptof groupingtogether
similar incipits from the RISM A/Il collection. This work was
basedon a subsebf our collectionwith at mosthalf asmary?
incipits. TheU. S. RISM of cials did not, like their Frankfurt
colleaguescomparePlaine& Easieencodingsput corverted
the incipits into the DARMS (Selfridge- eld, 1997) encoding
languageThey comparedortingresultsof veencodingypes:

1. thecompleteencodingwith all parameters,

2. thecompleteencodingtransposedio a commonpitch reg-
ister,

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

4. the encodingstrippedof the itemsgivenin (3) plusgrace
notes,

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

None of the ve encodingtypesleadto morethan 6 out of
13 known occurrence®f a songcalled“Roslin Castle”being
sortedtogetheramongnot morethan230,000incipits.

Figure 5 shaws the resultsof somequeriesfor the samesong
with the EMD (left column) and PTD (right column). The
EMD query groupstogetherll out of 16 known occurrences
among476,000incipits, i. e. alarger percentag@amongmore
thantwice asmary potentialfalsepositivesin comparisorwith
the “Harvard experience”. If one doesnot countthe 16th oc-
currence shovn at the bottomright, becauset is not encoded
correctly our methodcompareseven more favourably (73 %
versusA6 %). ThePTDresultshovn in Figure5 doesnotgroup
togethermore occurrencesbut at leastthe false positves are
musicallyvery similar.

Figure5 alsoillustratesthedifferentpropertieof theEMD and
PTD:

The EMD groupsmore occurrencegogetherin just one
queryresult. Amongthe 16 known occurrencesf “Roslin

2Howard doesnot clearly sayhow mary, but from theintroduction
to his paperit canbe inferred that the numberwas probably belov
230,000.

Castle”,thereare3 groupswith similar numbersof notes.
Thefactthatthe EMD allows partial matching,while the
PTD matchesll notes leadsto a cleardistinctionof these
groupsby the PTD, but notthe EMD.

Becausef the weightnormalizationthe PTD recognizes
augmentedr diminutedversionsof the samemelody as

similar. In the secondgroupof melodiesin the right col-

umnof Figure5, melodynumber4 is recognizedassimi-

lar to the othermelodiesin thegroup,while theuseof the

EMD leadsto aratherlarge distancesincethereis alarge

differencen weightbetweercorrespondingotes.

The falsepositivesin theright columnof Figure5 (num-
bers6 and8 in the rst group)aremoresimilarto the mu-

sical materialin the restof the queryresultthanthe false
positivesin the left column(numbersl2 to 16). Therea-
sonis thatthe EMD allows an unmatchedveight surplus
to be spreadover the whole melody In otherwords, this

distancemeasuradoesnot distinguishbetweena few ex-

tra or missingblocks of noteson the one side and differ-

enceshetweermary individual notesor restson the other
side. Whenthe PTD is used,blocks of extra or missing
notesleadto the wrong notesbeingcomparedo onean-
other, which usually dramaticallyincreasedhe distance.
Any differencesbetweenindividual notesare also penal-
ized.

6 Indexing

We eliminatedthe needfor calculatingthe expensve trans-
portationdistanceto a queryfor every melodyin the database
by exploiting the triangleinequality and using vantageobjects
(VleugelsandVeltkamp,2002).As a preparationk vantageob-
jectsarerandomlychoserfrom the databaseontainingn point
sets,andthedistanceof eachof the n point setsto eachof thek
vantageobjectss calculatedn thefeaturespaceby determining
atransportatiordistance Thesetransportatiordistancesanbe
viewed asthe coordinatesof the point setsin a k-dimensional
Euclideanspace.

Thanksto the triangle inequality the Euclideandistancebe-
tweentwo pointsetsn thek-dimensionaspaces alowerbound
for thetransportatiomistancean thefeaturespacgBarrosetal.,
1996).

The searchfor point setswhich are closerthanr to the query
pointsetcannow belimited to thosepointsetswhoseEuclidean
distancefrom the queryin the k-dimensionalEuclideanspace
of transportationdistancess lessthanr. Only for those,the
transportatiordistanceneedso be calculated.If the queryob-
jectis not yet in the databaseijts distancego the k vantage
objectsneedto be calculatedasa rst step. Then,by perform-
ing an approximatenearest-neighbowearchin the Euclidean
space,one cananswera query by performingO mlogn Eu-
clideandistancecalculationgArya, Mount, Netaryahu,Silver
man,and Wu, 1994) plus m expensve transportatiordistance
calculations,wherem, the numberof reportedpoint sets,de-
pendson how the weightedpoint setsaredistributedin the Eu-
clideanspacelf oneprefersanexactnearesheighboursearch,
onecanquerya k-dimensionakd-treeusingO n* ¥ m Eu-
clideandistancecalculations.In practice,with our databasef
476,000point setsand a maximumdistancer of 5, we need
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Figure5: Queryresultsfor “Roslin Castle”among476,000melodies.Weightsre ect only notedurations.Theleft columnshavs
thetop 17 matcheof anEMD-basedquery containingl2 occurrencesf “Roslin Castle”. Theright columncontainsall 16 known
occurrence®f “Roslin Castle”, 15 of which areretrieved with 3 PTD-basedjuerieswhoseresultsare separateavith horizontal
lines. Thereis anencodingerrorwhich preventsthe 16thoccurrencérom beingshavn in otherqueryresults-in the Plaine& Easie

formatusedfor collectingthe RISM data,it is easyto gettheoctaveswrong. For adiscussiorof the differencebetweerEMD (left
column)andPTD (right column),seeSection5.2.

lessthan1000expensie calculationsnsteadof 476,000which 7 Conclusionsand futur e goals
reduceghe queryrunningtime on a 2-GHz Pentium4 system

with Windows XP from approximately7O minutesto 9 seconds, . : . . .
without alteringtheresult. In comparisonto Schlichtes and Howard's experiencewith

groupingsimilar melodiesfrom the RISM A/l collection to-
Althoughthetriangleinequalityholdsonly for thePTDandnot  getherourtransportatiomistancemeasureperformmuchbet-
generallyfor theEMD, we tried thisindexing methodfor EMD  ter. It is possibleto group togethermore occurrencef a
distancesiswell. In mostcasestheresultsarenotdistorted. melody amonga larger total numberof incipits. Also, with

transportatiordistancemeasuresit is easyto recognizesim-



ilarities even if they are hiddenby additionalnotesor differ-
entrhythm. Finally, therearetransportatiordistancemeasures
which obey the triangle inequality e. g. the PTD, so that it
is possibleto ef ciently searchlarge databasesWe usedthis
factfor an interactve online searchenginewhich searchesll
476,000melodiesn our database.

One importantstrengthof transportationdistanceswhich we
have not exploited yet is the fact that they shouldallow usto
comparepolyphonic musicin much the sameway as mono-
phonicmusic. For weightedpointsets,jt shouldnotmake much
of a differencewhetherthereare pointswhich sharethe same
time coordinate.

The partial matchingprovided by the EMD doesnot always
make musicalsenseascanbe seenwith the falsepositivesin
theleft columnof Figure5. In orderto beableto nd motifsand
themeswithin completepiecesjt mightbenecessaro splitthe
piecesinto smallchunksandthenusea transportatiordistance
for comparingchunks. The EMD's partial matching,possibly
in conjunctionwith a consonancgrounddistancemight then
e. g. prove usefulfor searchingfull scoresbasedon themes
takenfrom a pianoreduction.

Anotherpromisingapplicationwould be the useof transporta-
tion distancemeasuresor building a Query-by-Hummingsys-
temwithout explicit noteonsetdetection.Note onsetdetection
is adif cult problem(Pauws,2002;PrecheltandTypke, 2001).
Thistaskcouldbedelggatedto thetransportatioristancemea-
sure whichwould combinethetwo tasksof groupingFFT win-
dows? into notesandcomparingsetsof notes.
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