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Abstract
Identifying versionsof thesamesongby meansof automa-
tically extractedaudiofeaturesis acomplex taskfor amusic
informationretrieval system,eventhoughit mayseemvery
simplefor a humanlistener. Thedesignof a systemto per-
form this taskgives the opportunityto analyzewhich fea-
tures are relevant for music similarity. This paperfocu-
seson the analysisof tonal similarity and its application
to the identi�cation of differentversionsof thesamepiece.
This work formulatesthe situationswherea song is ver-
sionedandseveralmusicalaspectsaretransformedwith res-
pect to the canonicalversion. A quantitative evaluationis
madeusingtonaldescriptors,includingchromarepresenta-
tions and tonality. A simplesimilarity measure,basedon
Dynamic Time Warping over transposedchromafeatures,
yieldsaround55%accuracy, whichexceedsby fartheexpec-
tedrandombaselinerate.

Keywords: versionidenti�cation, cover versions,tonality,
pitchclasspro�le, chroma,audiodescription.

1. Intr oduction
1.1. Tonality and musicsimilarity
Thepossibilityof �nding “similar” piecesis oneof themost
attractive featuresthat a systemdealingwith large music
collectionscanprovide. Similarity is aambiguousterm,and
musicsimilarity is surelyoneof themostcomplex problems
in the �eld of MIR. Music similarity maydependon diffe-
rentmusical,culturalandpersonalaspects.Many studiesin
theMIR literaturetry to de�ne andevaluatetheconceptof
similarity, i.e.,whentwo piecesaresimilar. Therearemany
factorsinvolvedin this problem,andsomeof them(maybe
themostrelevantones)aredif�cult to measure.

Somestudiesintendto computesimilarity betweenaudio
�les. Many approachesarebasedon timbresimilarity using
low-level features[1, 2]. Otherstudiesfocuson rhythmic
similarity. Footeproposessomesimilarity measuresbased

Permissionto makedigital or hardcopiesof all or partof thiswork for
personalor classroomuseis grantedwithout feeprovided thatcopies
arenotmadeor distributedfor pro�t or commercialadvantageandthat
copiesbearthisnoticeandthefull citationon the�rst page.
© 2006Universityof Victoria

on the”beatspectrum”,includingEuclideandistance,a co-
sinemetricor innerproduct[3]. Tempois alsousedto mea-
suresimilarity in [4]. Theevaluationof similarity measures
is a hardtask,giventhedif�culty of gatheringgroundtruth
datafor a large quantityof material. Someresearchersas-
sumethatsongsfrom thesamestyle,by thesameartistor on
thesamealbum aresimilar [5, 6, 7]. A directway to mea-
surethe similarity betweensongsis also to gatherratings
from users(see[4]), whichis adif�cult andtime-consuming
task.

Tonality hasnot beenmuchappliedto musicsimilarity,
asit might be not so clearfor peoplenot having a musical
background.Wefocushereonanalyzinghow tonaldescrip-
torscanbeusedto measuresimilarity betweenpieces.

We considerthat two piecesare tonally similar if they
sharea similar tonal structure,relatedto the evolution of
chords(harmony) andkey. We will assumethat two pieces
aresimilar if they sharethe sametonal contour. For song
similarity, tonal contour could be as relevant as melodic
contouris for melodyrecognition[8]. We focusthenon the
problemof identifying differentversionsof thesamesong,
andstudytheuseof tonaldescriptorsfor this task.

1.2. Version identi�cation
Whendealingwith hugemusiccollections,versionidenti-
�cation is a relevantproblem,becauseit is commonto �nd
morethanoneversionof thea givensong.We canidentify
differentsituationsfor this in mainstreampopularmusic,as
for examplere-mastered,recordedlive, acoustic,extended
ordiscotracks,karaokeversions,covers(playedbydifferent
artists)or remixes. Oneexampleof the relevanceof cover
songsis foundin theSecondHandSongsdatabase1 , which
alreadycontainsaround37000cover songs.

A songcanbeversionedin differentways,yielding dif-
ferentdegreeof dissimilarity betweenthe original andthe
versionedtune.Themusicalfacetsthataremodi�ed canbe
instrumentation(e.g. leadingvoice or addeddrum track),
structure(e.g. new instrumentalpart, intro or repetition),
key (i.e. transposition)andharmony (e.g. jazzharmoniza-
tion). Thesemodi�cations usuallyhappentogetherin ver-
sionsfrom popularmusicpieces.Thedegreeof disparityon
thedifferentaspectsestablishesa vagueboundarybetween

1 http://www.secondhandsongs.com



what is considereda version or what is really a different
composition. This frontier is dif�cult to de�ne, and it is
an attractive topic of researchfrom the perspective of in-
tellectualpropertyrights andplagiarism.The problemhas
conceptuallinks with theproblemof analogyin humancog-
nition, which is alsoanintriguingandfar from beingunder-
stoodtopic. This is theproblemalsowhendevelopingcom-
putationalmodelsto automaticallyidentify theseversions
with absoluteeffectiveness.

Thereis few literaturedealingwith theproblemof iden-
tifying versionsof thesamepieceby analyzingaudio.Yang
proposedanalgorithmbasedonspectralfeaturesto retrieve
similar musicpiecesfrom anaudiodatabase[9]. This me-
thodconsidersthattwo piecesaresimilar if they arefully or
partially basedon thesamescore.A featurematrix wasex-
tractedusingspectralfeaturesanddynamicprogramming.
Yangevaluatedthis approachusinga databaseof classical
andmodernmusic,with classicalmusicbeingthe focusof
his study. 30 to 60 secondclips of 120 musicpieceswere
used. He de�ned � ve different types of ”similar” music
pairs,with increasinglevelsof dif�culty . Theproposedal-
gorithm performedvery well (90% accuracy) in situations
wherethescoreis thesameandtherearesometempomo-
di�cations, which is the worst case�gure. On the same
idea, Purwinset al. calculatethe correlationof constant
Q-pro�les for different versionsof the samepieceplayed
by differentperformersandinstruments(pianoandharpsi-
chord)[10] .

2. Tonal featureextraction
The tonal featuresusedfor this studyarederived from the
HarmonicPitch ClassPro�le (HPCP).TheHPCPis apitch
classdistribution (or chroma)featurecomputedin a frame
basisusingonly the local maximaof the spectrumwithin
a certainfrequency band. It considersthe presenceof har-
monic frequencies,as it is normalizedto eliminatethe in-
�uence of dynamicsandinstrumenttimbre(representedby
its spectralenvelope). Fromthe instantaneousevolution of
HPCP, we computethe transposedversionof this pro�le
(THPCP),which is obtainedby normalizingtheHPCPvec-
tor with respectto the global key. The THPCPrepresents
a tonalpro�le which is invariantto transposition.For these
two features,we considerboth the instantaneousevolution
andtheglobalaverage.We refer to [11, 12] for furtherex-
planationon theprocedurefor featureextraction.

In order to measuresimilarity betweenglobal features,
weusethecorrelationcoef�cient. As anexample,thecorre-
lationbetweenHPCPaveragevectorsfor two distantpieces
is equalto 0.0069. This small valueindicatesthe dissimi-
larity betweenthepro�les, andcanbeconsideredasabase-
line. For instantaneousfeatures,we usea DynamicTime
Warping(DTW) algorithm. Our approachis basedin [13].
TheDTW algorithmestimatestheminimumcostrequiredto
alignonepieceto theotheroneby usingasimilarity matrix.

3. Casestudy
We analyzeherethe exampleof four differentversionsof
thesongImagine, writtenby JohnLennon.Themaindiffer-
encesbetweeneachof theversionsandtheoriginal songis
summarizedin Table2.

We �rst analyzehow global tonal descriptorsaresimi-
lar for thesedifferentpieces.In orderto neglect structural
changes,we �rst consideronly the �rst phraseof thesong,
which is manuallydetected.For thelastversion,performed
by two different singers,we selecttwo phrases,eachone
sungby oneof them,sothatthereis atotalof 6 differentau-
dio phrases.HPCPaveragevectorsareshown in Figure1.

0

0.5

1
Type VI - Transposition - Average HPCP

0

0.5

1

0

0.5

1

0

0.5

1

0

0.5

1

A # B C # D # E F # G # A
0

0.5

1

Figure 1. HPCP average for 6 differ ent versions of the �rst
phrase of Imagine. 1. John Lennon, 2. Instrumental, guitar
solo,3. Diana Ross,4. Tania Maria, 5. Khaled and 6. Noa.

ThecorrelationmatrixRphr ase betweentheaverageHPCP
vectorsfor thedifferentversionsis equalto:

Rphr ase =

0

B
B
B
B
B
B
@

1 0:97 0:82 0:94 0:33 0:48
0:97 1 0:86 0:95 0:31 0:45
0:82 0:86 1 0:75 0:59 0:69
0:94 0:95 0:75 1 0:18 0:32
0:33 0:31 0:59 0:18 1 0:95
0:48 0:45 0:69 0:32 0:95 1

1

C
C
C
C
C
C
A

(1)

Table1. Classi�cation of tonal featuresusedfor similarity .

Feature Pitch-class
representa-
tion

Temporal scope

HPCP Absolute Instantaneous
THPCP Relative Instantaneous
AverageHPCP Absolute Global
AverageTHPCP Relative Global



Table2. Detailson versionsof the songImagine.

ID Artist Modi�ed musical facets Key
1 John

Lennon
Original C Major

2 Instrumental Instrumentation (solo
guitar insteadof leading
voice)

C Major

3 DianaRoss Instrumentation, tempo,
key andstructure

F Major

4 Tania
Maria

Instrumentation, tempo,
harmonization(jazz)and
structure

C Major

5 Khaledand
Noa

Instrumentation, tempo,
key andstructure

EbMajor

Wecanseethattherearesomelow valuesof correlationbe-
tweenversions,mainly for theoneswhicharetransposedto
Eb major (5 and6), as this tonality is not closeto C ma-
jor asF major is (3). THPCPaveragevectorsareshown in
Figure2.
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Figure 2. THPCP averagefor 6 differ ent versionsof the �rst
phrase of Imagine. 1. John Lennon, 2. Instrumental, guitar
solo,3. Diana Ross,4. Tania Maria, 5. Khaled and 6. Noa.

ThecorrelationmatrixRt;phr ase betweentheTHPCPave-
ragevectorsfor thedifferentversionsis equalto:

Rt;phr ase =

0

B
B
B
B
B
B
@

1 0:97 0:97 0:94 0:94 0:97
0:97 1 0:98 0:95 0:91 0:98
0:97 0:98 1 0:92 0:95 0:99
0:94 0:95 0:92 1 0:86 0:94
0:94 0:91 0:95 0:86 1 0:95
0:97 0:98 0:99 0:94 0:95 1

1

C
C
C
C
C
C
A

(2)
Thiscorrelationmatrixshow highvaluesfor all thedifferent
versions,with a minimumcorrelationvalueof 0.86. When

comparingcompletesongsin popularmusic, most of the
versionshave a different structurethan the original piece,
addingrepetitions,new instrumentalsections,etc. We look
now atthecomplete5 versionsof thesongImagine, by John
Lennon,presentedin Table2. Thecorrelationmatrix R be-
tweentheaverageHPCPvectorsfor thedifferentversionsis
equalto:

R =

0

B
B
B
B
@

1 0:99 0:83 0:96 0:45
0:99 1 0:86 0:95 0:45
0:83 0:86 1 0:79 0:65
0:96 0:96 0:79 1 0:35
0:45 0:45 0:65 0:35 1

1

C
C
C
C
A

(3)

Weobservethatthecorrelationvaluesarelowerfor thepiece
in adistantkey, which, in thecaseof version5, is Ebmajor.
WecanagainnormalizetheHPCPvectorwith respectto the
key. THPCPaveragevectorsareshown in Figure3.
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Figure3. THPCP averagefor 5 differ ent versionsof Imagine.

The correlationmatrix Rt betweenthe averageTHPCP
vectorsfor thedifferentversionsis equalto:

Rt =

0

B
B
B
B
@

1 0:99 0:98 0:96 0:98
0:99 1 0:99 0:95 0:98
0:98 0:99 1 0:95 0:99
0:96 0:95 0:95 1 0:95
0:98 0:98 0:99 0:95 1

1

C
C
C
C
A

(4)

We observe that the correlationvaluesincreasefor version
5. In thissituation,it becomesnecessaryto look atthestruc-
tureof thepiece.Whenthepiecesunderstudyhavedifferent
structures,westudythetemporalevolutionof tonalfeatures,
in orderto locatesimilar sections.Structuraldescriptionis
a dif�cult problem,andsomestudieshave beendevotedto
this issue(see,for instance[14] and[15]). Foote[16] pro-
posedtheuseof self-similaritymatricesto visualizemusic.
Similarity matriceswerebuilt by comparingMel-frequency



Figure 4. Similarity matrix betweenversion 5 and the original
versionof Imagine.

cepstralcoef�cients (MFCCs), representinglow-level tim-
brefeatures.Weextendthisapproachto thementionedlow-
level tonal features.Figure5 (at the top andleft side)rep-
resentstheself-similaritymatrix for theoriginal versionof
Imagine, usinginstantaneousTHPCP. Thesimilarity matrix
is obtainedusingdistancebetweenTHPCPpro�les statistics
over aslidingwindow.

In this self-similarity matrix we can identify the struc-
ture of the pieceby locating side diagonals(verse-verse-
chorus-verse-chorus). We alsoobserve thatthereis a chord
sequencewhich is repeatingalongthe verse(C-F), so that
there is a high self-similarity inside eachverse. Instead
of computinga self-similaritymatrix, we computenow the
similarity matrix betweentwo different pieces. Figure 5
shows the similarity matrix betweenthe original song(1)
andtheinstrumentalversion(2).

In this �gure, wealsoidentify thesamesongstructureas
before,which is preservedin version2. Wealsoseethatthe
tempoispreserved,asthediagonalis locatedsothatthetime
index remainsthe samein x andy axis. Now, we analyze
what happensif the structureis modi�ed. Figure4 shows
thesimilarity matrix betweentheoriginal songandversion
5. Here,theoriginal overall tempois moreor lesskept,but
we can identity somemodi�cations in the structureof the
piece. With respectto the original song,version5 intro-
ducesa new instrumentalsectionplusanadditionalchorus
attheendof thepiece.Figure5 representsthesimilarity ma-
trix for eachof the 5 cover versionsandthe self-similarity
matrixof theoriginalsong.Wecanseethatversion4 (Tania
Maria) is themostdissimilarone,sothatwe cannot distin-
guishclearlyadiagonalin thesimilarity matrix. If we listen

to bothpieces,wecanhearsomechangesin harmony (jazz),
aswell aschangesin themainmelody. Thesechangesaffect
theTHPCPfeatures.In thissituation,it becomesdif�cult to
decideif this is a differentpieceor a versionof the same
piece. In Figure 5, we also presentthe similarity matrix
with a differentsong,BesameMucho by DianaKrall, in or-
der to illustratethat it is not possibleto �nd a diagonalfor
differentpiecesif they do not sharesimilar chordprogres-
sions. As a conclusionto the examplepresentedhereand
to theobservationof 90 versionsof differentpieces,we ad-
vancethehypothesisthat the instantaneoustonalsimilarity
betweenpiecesis representedby diagonalsin thesimilarity
matrixfrom tonaldescriptors.Theslopeof thediagonalrep-
resentstempodifferencesbetweenpieces.In orderto track
thesediagonals,we usea simpleDynamicTime Warping,
found in [13]. This algorithmestimatesthe minimum cost
from onepieceto theotheroneusingthesimilarity matrix.
Westudyin next sectionhow thisminimumcostcanbeused
to measuresimilarity betweenpieces.

4. Evaluation
4.1. Methodology
In this evaluationexperiment,we comparethe accuracy of
four differentsimilarity measures:

1. Correlationof globalHPCP, computedastheaverage
of HPCPover thewholemusicalpiece.

2. Correlationof global THPCP, computedby shifting
theglobalHPCPvectorwith respectto thekey of the
piece,obtainedautomaticallyasexplainedin [11].

3. Minimum costcomputedusingDTW andasimilarity
matrix from HPCPvalues.

4. Minimum costcomputedusingDTW andasimilarity
matrix from THPCPvalues.

Theestimationaccuracy is measuredusingaveragepre-
cisionandrecallfor all songsin thedatabase.For eachone,
thequeryis removedfrom thedatabase,i.e. it doesnot ap-
pearin the result list. In order to establisha baseline,we
computetheprecisionthatwould beobtainedby randomly
selectingpiecesfrom the musiccollection. Let's consider
that,given a queryi from the collection(i = 1: : : N ), we
randomlychosea givenpiecej 6= i (j = 1: : : N ) from the
evaluationcollectionasmostsimilar to a query. Theproba-
bility of choosinga piecewith thesameversionId is equal
thento:

RandomPr ecisioni =
nI d(i ) � 1

N � 1
(5)

Theaveragefor all thepossiblequeriesis equalto:

RandomPr ecision =
1
N

�
NX

i =1

RandomPr ecisioni (6)



Figure5. Similarity matrix for 5 differ ent versionsof Imagine.

For theconsideredevaluationcollection,thebaselinewould
beRandomPr ecision = 3:196%, with a maximumvalue
of theF measureequalto 0.0619.This is a very low value
thatourproposedapproachshouldimprove.

4.2. Material
The materialusedin this evaluationare 90 versionsfrom
30 differentsongstakenfrom a musiccollectionof popular
music.Theversionsincludedifferentlevelsof similarity to
theoriginalpiece,whicharefoundin popularmusic:noise,
modi�cationsof tempo,instrumentation,transpositionsand
modi�cations of mainmelodyandharmonization.Theav-
eragenumberof versionsfor eachsongis equalto 3.07,and
its varianceis 2.71. Most of theversionsincludemodi�ca-
tionsin tempo,instrumentation,key andstructure,andsome
of themincludevariationsin harmonization2 . We arethen
dealingwith themostdif�cult examples,sothattheevalua-
tioncanberepresentativeof arealsituationwhenorganizing
digital musiccollections.

4.3. Results
Figure6 shows the averageprecisionandrecall for all the
evaluatedcollectionfor thedifferentcon�gurations. When
usingthecorrelationof globalaverageHPCPasasimilarity

2 Thelist of songsin themusiccollectionandsomeadditionalmaterial
to thiswork is presentedin http://www.iua.upf.edu/~egomez/versionid

measurebetweenpieces,theobtainedprecisionis very low,
20% with a recall level of 8% and a F measureof 0.145.
Whenusingglobal featuresnormalizedwith respectto the
key (THPCP), the precisionincreasesto 35:56%, around
15%higherthanusingHPCP. Therecalllevel alsoincreases
from 8% to 17:6%, andtheF measureto 0.322.Using ins-
tantaneousHPCPandDTW minimumcost,theprecisionis
equalto 23:35%, which is higherthanusinga globalmea-
sureof HPCP. The recall level is slightly higher, equalto
10:37%andtheF valueis equalto 0.159.Finally, if we use
DTW minimumcostcomputedfrom instantaneousTHPCP
as similarity measure,we observe that the maximumpre-
cision increasesup to 54:5%, and the recall level is equal
to 30:8%, obtaininga F measureof 0.393. This evalua-
tion shows that relative descriptors(THPCP)seemto per-
form betterthanabsolutechromafeatures,which is coher-
ent with the invariability of melodicandharmonicpercep-
tion to transposition.Also, it seemsthat it is importantto
considerthe temporalevolution of tonality, which is some-
timesneglected. The bestaccuracy is thenobtainedwhen
usingasimpleDTW minimumcostcomputedfrom THPCP
descriptors,andit is around55% precision(recall level of
30%, F measureequalto 0.393).
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5. Conclusionsand futur ework
We have focusedin this paperon theanalysisof tonalsimi-
larity andits applicationto theidenti�cation of differentver-
sionsof thesamepiece.We have presenteda smallexperi-
mentshowing thattonaldescriptorsby itself canbehelpful
for this task.

Therearesomeconclusionsto this study. First, it is ne-
cessaryto considerinvarianceto transpositionwhencom-
puting tonal descriptorsfor similarity tasks. Second,we
shouldlook at the structureof the pieceto yield relevant
results. Looking at the tonal structureof the pieceyields
verygoodresultsthatmayprobablyexceedthoseattainable
usingothertypesof descriptors(i.e. timbreor rhythm).

Versionidenti�cation is a dif�cult problemrequiring a
multifacetedandmultilevel description.As we mentioned
before,our evaluationdatabaserepresentsa real situation
of a databaseincludingcover versions,whereeventhehar-
mony andthemainmelodyis modi�ed. This factaffectsthe
pitch classdistribution descriptors.Even in this situation,
weseethatonly usinglow-level tonaldescriptorsandavery
simplesimilarity measure,we candetectuntil 55% of the
versionswith a recall level of 30% (F measureof 0.393).
Theseresultsovercomethebaseline(F measureof 0.0619)
andshow thattonaldescriptorsarerelevantfor musicsimi-
larity.

Furtherexperimentswill be devoted to include higher
level structuralanalysis(determiningthe most representa-
tive segments),to improve the similarity measure,and to
includeotherrelevant aspectsasrhythmic description(ex-
tractingcharacteristicsrhythmic patterns)andpredominant
melodyestimation.

6. Acknowledgments
This researchhasbeenpartiallysupportedby EU-FP6-IST-
507142projectSIMAC 3 ande-ContentHARMOS4 project,
fundedby theEuropeanComission.Theauthorswould like
to thankAnssi Klapuri, Flavio Lazzaretoandpeoplefrom
MTG rooms316-324for their helpandsuggestions.

References

[1] EliasPampalk.A matlabtoolboxto computemusicsimilar-
ity from audio. In ISMIR, Barcelona,Spain,2004.

[2] Jean-JulienAucouturierandFrançois Pachet.Toolsandar-
chitecturefor the evaluation of similarity measures:case
studyof timbresimilarity. In ISMIR, Barcelona,Spain,2004.

[3] JonathanT. Foote,Matthew Cooper, andUnjungNam. Au-
dio retrieval by rhythmicsimilarity. In ISMIR, Paris,France,
2002.

[4] FabioVignoli andSteffen Pauws. A musicretrieval system
basedonuser-drivensimilarity andits evaluation.In ISMIR,
London,UK, 2005.

[5] Beth Logan and Ariel Salomon. A music similarity func-
tion basedon signalanalysis. In InternationalConference
onMultimediaandExpo, Tokyo, Japan,2001.

[6] EliasPampalk,SimonDixon, andGerhardWidmer. On the
evaluationof perceptualsimilarity measuresfor music. In
InternationalConferenceon Digital Audio Effects, London,
UK, 2003.

[7] AdamBerenzweig,BethLogan,DanielP.W. Ellis, andBrian
Whitman. A large-scaleevalutationof acousticandsubjec-
tive musicsimilarity measures.In InternationalConference
onMusicInformationRetrieval, Baltimore,USA, 2003.

[8] W. Jay Dowling. Scaleand contour: two componentsof
a theory of memoryfor melodies. Psychological Review,
85(4):341–354,1978.

[9] ChengYang.Musicdatabaseretrieval basedonspectralsim-
ilarity. In ISMIR, 2001.

[10] Hendrik Purwins, Benjamin Blankertz, and Klaus Ober-
mayer. A new methodfor trackingmodulationsin tonalmu-
sic in audiodataformat. Neural Networks- IJCNN, IEEE
ComputerSociety, 6:270–275,2000.
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