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Abstract
Identifying versionsof the samesongby meansof automa-
tically extractedaudiofeatureds acomplex taskfor amusic
informationretrieval systemgventhoughit mayseemvery
simplefor a humanlistener The designof a systemto per
form this task givesthe opportunityto analyzewhich fea-
tures are relevant for music similarity. This paperfocu-
seson the analysisof tonal similarity and its application
to theidenti cation of differentversionsof the samepiece.
This work formulatesthe situationswhere a songis ver
sionedandseveralmusicalaspectaretransformedvith res-
pectto the canonicalversion. A quantitatve evaluationis
madeusingtonal descriptorsjncluding chromarepresenta-
tions andtonality. A simple similarity measurepasedon
Dynamic Time Warping over transposeahromafeatures,
yieldsaroundb5%accurag, whichexceedsy fartheexpec-
tedrandombaselinerate.

Keywords: versionidenti cation, cover versions,tonality,
pitch classpro le, chromaaudiodescription.

1. Intr oduction

1.1. Tonality and music similarity

Thepossibilityof nding “similar” piecess oneof themost
attractve featuresthat a systemdealing with large music
collectionscanprovide. Similarity isaambiguougerm,and
musicsimilarity is surelyoneof themostcomple problems
in the eld of MIR. Music similarity may dependon diffe-
rentmusical,culturalandpersonabspectsMarny studiesn
the MIR literaturetry to de ne andevaluatethe conceptof
similarity, i.e.,whentwo piecesaresimilar. Therearemary
factorsinvolvedin this problem,andsomeof them(maybe
themostrelevantones)aredif cult to measure.
Somestudiesntendto computesimilarity betweeraudio
les. Many approachearebasecdntimbresimilarity using
low-level featureg[1, 2]. Otherstudiesfocuson rhythmic
similarity. Foote proposesomesimilarity measurepased
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onthe”beatspectrum”,including Euclideandistancea co-
sinemetricor innerproduct[3]. Tempois alsousedto mea-
suresimilarity in [4]. Theevaluationof similarity measures
is ahardtask,giventhedif culty of gatheringgroundtruth
datafor a large quantity of material. Someresearcheras-
sumethatsongsrom thesamestyle,by thesameartistor on
the samealbum aresimilar [5, 6, 7]. A directway to mea-
surethe similarity betweensongsis alsoto gatherratings
from userqseg4]), whichis adif cult andtime-consuming
task.

Tonality hasnot beenmuchappliedto musicsimilarity,
asit might be not so clearfor peoplenot having a musical
backgroundWe focushereon analyzinghow tonaldescrip-
torscanbeusedto measuresimilarity betweerpieces.

We considerthat two piecesare tonally similar if they
sharea similar tonal structure,relatedto the evolution of
chords(harmoty) andkey. We will assumehattwo pieces
aresimilar if they sharethe sametonal contour For song
similarity, tonal contour could be as relevant as melodic
contouris for melodyrecognition[§. We focusthenonthe
problemof identifying differentversionsof the samesong,
andstudythe useof tonaldescriptordor this task.

1.2. Versionidenti cation

Whendealingwith hugemusiccollections,versionidenti-
cation is arelevantproblem,becausét is commonto nd
morethanoneversionof the a given song. We canidentify
differentsituationsfor thisin mainstreanpopularmusic,as
for examplere-masteredrecordedive, acoustic,extended
ordiscotracks karaole versionsgcovers(playedby different
artists)or remixes. One exampleof the relevanceof cover
songss foundin the SecondHand Songsiatabasé, which
alreadycontainsaround37000cover songs.

A songcanbeversionedn differentways,yielding dif-
ferentdegreeof dissimilarity betweenthe original andthe
versionedune. Themusicalfacetshataremodi ed canbe
instrumentatione.g. leadingvoice or addeddrum track),
structure(e.g. new instrumentalpart, intro or repetition),
key (i.e. transpositionandharmoty (e.g. jazz harmoniza-
tion). Thesemodi cations usually happentogetherin ver-
sionsfrom popularmusicpieces.The degreeof disparityon
the differentaspectestablishes vagueboundarybetween

1 http://mwwsecondhandsongs.com



what is considereda version or what is really a different
composition. This frontier is dif cult to de ne, andit is

an attractie topic of researchfrom the perspectie of in-

tellectualpropertyrights and plagiarism. The problemhas
conceptualinks with the problemof analogyin humancog-
nition, whichis alsoanintriguing andfar from beingunder

stoodtopic. Thisis the problemalsowhendevelopingcom-
putationalmodelsto automaticallyidentify theseversions
with absoluteeffectiveness.

Thereis few literaturedealingwith the problemof iden-
tifying versionsof the samepieceby analyzingaudio.Yang
proposedanalgorithmbasedn spectrafeaturedo retrieve
similar musicpiecesfrom an audiodatabas¢9]. This me-
thodconsiderghattwo piecesaresimilarif they arefully or
partially basedon the samescore.A featurematrix wasex-
tractedusing spectralfeaturesand dynamicprogramming.
Yang evaluatedthis approachusing a databasef classical
andmodernmusic,with classicaimusicbeingthe focusof
his study 30 to 60 secondclips of 120 musicpieceswere
used. He de ned ve different typesof "similar” music
pairs,with increasingevels of dif culty . The proposedal-
gorithm performedvery well (90% accurag) in situations
wherethe scoreis the sameandthereare sometempomo-
di cations, which is the worst case gure. On the same
idea, Purwinset al. calculatethe correlationof constant
Q-pro les for differentversionsof the samepieceplayed
by differentperformersandinstrumentgpianoandharpsi-
chord)[10] .

2. Tonal feature extraction

The tonal featuresusedfor this studyarederived from the
HarmonicPitch ClassPro le (HPCP).TheHPCPis apitch
classdistribution (or chroma)featurecomputedn a frame
basisusing only the local maximaof the spectrumwithin
a certainfrequeng band. It considerghe presencef har
monic frequenciesasit is normalizedto eliminatethe in-
uence of dynamicsandinstrumenttimbre (representedthy
its spectralervelope). Fromthe instantaneousvolution of
HPCR we computethe transposedrersion of this pro le
(THPCP),whichis obtainedby normalizingthe HPCPvec-
tor with respecto the globalkey. The THPCPrepresents
atonalpro le whichis invariantto transposition.For these
two featureswe considerboth the instantaneousvolution
andthe global average.We referto [11, 12] for further ex-
planationon the procedurdor featureextraction.

In orderto measuresimilarity betweenglobal features,
we usethecorrelationcoefcient. Asanexamplethecorre-
lation betweerHPCPaveragevectorsfor two distantpieces
is equalto 0.0069. This small value indicatesthe dissimi-
larity betweerthepro les, andcanbe consideredisabase-
line. For instantaneoug$eatureswe usea Dynamic Time
Warping(DTW) algorithm. Our approachis basedn [13].
TheDTW algorithmestimatesheminimumcostrequiredo
alignonepieceto theotheroneby usinga similarity matrix.

3. Casestudy

We analyzeherethe exampleof four differentversionsof
thesonglmagine written by JohnLennon.Themaindiffer-
encedetweeneachof the versionsandthe original songis
summarizedn Table2.

We rst analyzehow global tonal descriptorsare simi-
lar for thesedifferentpieces.In orderto neglect structural
changeswe rst consideronly the rst phraseof the song,
whichis manuallydetectedFor the lastversion,performed
by two differentsingers,we selecttwo phrasesgachone
sungby oneof them,sothatthereis atotal of 6 differentau-
dio phrases HPCPaveragevectorsare shavn in Figure 1.
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Figure 1. HPCP averagefor 6 different 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.

ThecorrelatiormatrixRpnr ase betweertheaverageHPCP
vectorsfor thedifferentversionsis equalto:

0 1
1 097 082 094 0:33 048

097 1 086 095 0:31 0:45
R B 082 08 1 075 0:59 069
phrase = B 0:.94 095 075 1 018 0:32
0:33 0:31 059 018 1 095
0:48 045 0:69 032 095 1

1)

Table 1. Classi cation of tonal featuresusedfor similarity .

Feature Pitch-class Temporal scope
representa-
tion
HPCP Absolute Instantaneous
THPCP Relatve Instantaneous
AverageHPCP | Absolute Global
AverageTHPCP | Relative Global




Table 2. Details on versionsof the songlmagine

ID | Artist Modi ed musicalfacets | Key
1 | John Original C Major
Lennon

2 | Instrumental Instrumentation (solo | C Major
guitar insteadof leading

voice)

3 | DianaRoss | Instrumentation, tempo, | F Major
key andstructure

4 | Tania Instrumentation, tempo, | C Major
Maria harmonizationjazz) and
structure
5 | Khaledand | Instrumentation, tempo, | Eb Major
Noa key andstructure

We canseethattherearesomelow valuesof correlationbe-
tweenversionsmainly for theoneswhich aretransposedo
Eb major (5 and 6), asthis tonality is not closeto C ma-
jor asF majoris (3). THPCPaveragevectorsareshownn in
Figure?2.

Type VI Transposition Average THPCP

°’Z|Il..|-|

Figure 2. THPCP averagefor 6 different versionsof the rst
phrase of Imagine 1. John Lennon, 2. Instrumental, guitar
solo, 3. Diana Ross,4. Tania Maria, 5. Khaled and 6. Noa.

ThecorrelatiomrmatrixRepnr ase betweertheTHPCPave-
ragevectorsfor thedifferentversionss equalto:

0 1
1 097 097 094 094 097

097 1 098 095 091 098
R. _ 097 098 1 092 095 099
tphr ase 0:94 095 0:92 1 086 094
094 091 095 086 1 095
0:97 098 099 094 095 1
2
This correlationmatrix shav high valuesfor all thedifferent
versions,with a minimum correlationvalueof 0.86. When

comparingcompletesongsin popularmusic, mostof the
versionshave a different structurethan the original piece,
addingrepetitions hew instrumentakectionsgtc. We look
now atthe completes versionsof thesonglmagine by John
Lennon,presentedn Table2. Thecorrelationmatrix R be-
tweenthe averageHPCPvectorsfor thedifferentversionss
equalto:

0 1
1 099 0:83 0:96 0:45

099 1 086 095 045
R = 083 086 1 079 0:65 3)
096 096 079 1 035

045 045 065 035 1

We obsenrethatthecorrelationvaluesarelowerfor thepiece
in adistantkey, which, in thecaseof version5, is Eb major.
We canagain normalizethe HPCPvectorwith respecto the
key. THPCPaveragevectorsareshavn in Figure3.
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Figure 3. THPCP averagefor 5 differ ent versionsof Imagine

The correlationmatrix R; betweenthe averageTHPCP
vectorsfor thedifferentversionss equalto:

0 1
1 099 098 096 0:98

099 1 099 095 098
R = 098 099 1 095 099 4)
096 095 095 1 095
0:98 098 099 095 1

We obsere thatthe correlationvaluesincreaseor version
5. In thissituation,it becomesiecessarjo look atthestruc-
tureof thepiece.Whenthepiecesunderstudyhave different
structureswe studythetemporalevolution of tonalfeatures,
in orderto locatesimilar sections.Structuraldescriptionis
a dif cult problem,andsomestudieshave beendevotedto
this issue(see for instance14] and[15]). Foote[16] pro-
posedthe useof self-similarity matricesto visualizemusic.
Similarity matriceswerebuilt by comparingMel-frequeng



Figure 4. Similarity matrix betweenversion5 and the original
version of Imagine

cepstralcoefcients (MFCCs), representindow-level tim-

brefeatures We extendthis approacho the mentionedow-

level tonal features.Figure5 (at the top andleft side)rep-
resentghe self-similarity matrix for the original versionof

Imagine usinginstantaneou$HPCP The similarity matrix

is obtainedusingdistancebetweermHPCPpro les statistics
over asliding window.

In this self-similarity matrix we canidentify the struc-
ture of the piece by locating side diagonals(verse-vese-
chorus-vese-diorug. We alsoobsene thatthereis a chord
sequencavhich is repeatingalongthe verse(C-F), so that
thereis a high self-similarity inside eachverse. Instead
of computinga self-similarity matrix, we computenow the
similarity matrix betweentwo different pieces. Figure 5
shaws the similarity matrix betweenthe original song (1)
andtheinstrumentakersion(2).

In this gure, we alsoidentify the samesongstructureas
before,whichis preseredin version2. We alsoseethatthe
tempois presered,asthediagonals locatedsothatthetime
index remainsthe samein x andy axis. Now, we analyze
what happensf the structureis modi ed. Figure4 shavs
the similarity matrix betweerthe original songandversion
5. Here,the original overall tempois moreor lesskept, but
we canidentity somemodi cations in the structureof the
piece. With respectto the original song, version5 intro-
ducesa new instrumentakectionplus anadditionalchorus
attheendof thepiece.Figure5 representthesimilarity ma-
trix for eachof the 5 cover versionsandthe self-similarity
matrix of theoriginal song.We canseethatversion4 (Tania
Maria) is the mostdissimilarone,sothatwe cannot distin-
guishclearlyadiagonalin thesimilarity matrix. If we listen

to bothpieceswe canhearsomechangeén harmory (jazz),
aswell aschangesn themainmelody Thesechangesffect
the THPCPfeatures|In thissituation,it becomedlif cult to

decideif this is a differentpieceor a versionof the same
piece. In Figure 5, we also presentthe similarity matrix
with a differentsong,Besameéviucho by DianaKrall, in or-

derto illustratethatit is not possibleto nd a diagonalfor

differentpiecesif they do not sharesimilar chordprogres-
sions. As a conclusionto the examplepresentechereand
to the obsenationof 90 versionsof differentpieceswe ad-
vancethe hypothesighatthe instantaneoutnal similarity

betweerpiecesis representetdy diagonaldn the similarity

matrix from tonaldescriptorsTheslopeof thediagonakep-
resentdempodifferencedetweerpieces.In orderto track
thesediagonalswe usea simple Dynamic Time Warping,
foundin [13]. This algorithmestimateshe minimum cost
from onepieceto the otheroneusingthe similarity matrix.

We studyin next sectionhow this minimumcostcanbeused
to measuresimilarity betweerpieces.

4. Evaluation

4.1. Methodology

In this evaluationexperiment,we comparethe accuray of
four differentsimilarity measures:

1. Correlationof globalHPCR computedasthe average
of HPCPoverthewhole musicalpiece.

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

3. Minimum costcomputedusingDTW anda similarity
matrix from HPCPvalues.

4. Minimum costcomputecusingDTW anda similarity
matrix from THPCPvalues.

The estimationaccurag is measuredisingaveragepre-
cisionandrecallfor all songsn the databasefor eachone,
the queryis removed from the database,e. it doesnot ap-
pearin the resultlist. In orderto establisha baseline we
computethe precisionthatwould be obtainedby randomly
selectingpiecesfrom the music collection. Let's consider
that, givena queryi from the collection(i = 1:::N), we
randomlychosea givenpiecej 6 i (j = 1:::N) fromthe
evaluationcollectionasmostsimilarto a query Theproba-
bility of choosinga piecewith the sameversionld is equal
thento:

nld@i) 1

RandomPrecision; = —————— 5
andomPr ecision; N 1 (5)

Theaveragefor all the possiblequeriess equalto:

- 1 .
RandomPrecision = N RandomPrecision; (6)
i=1



Figure 5. Similarity matrix for 5 differ ent versionsof Imagine

For theconsideredvaluationcollection,thebaselinevould
be RandomPrecision = 3:196% with a maximumvalue
of the F measureequalto 0.0619. This is a very low value
thatour proposedapproactshouldimprove.

4.2. Material

The materialusedin this evaluationare 90 versionsfrom

30 differentsongstaken from a musiccollectionof popular
music. The versionsincludedifferentlevels of similarity to
theoriginal piece ,which arefoundin popularmusic: noise,
modi cations of tempo,instrumentationtranspositiongand
modi cations of main melodyandharmonization.The av-

eragenumberof versiongor eachsongis equalto 3.07,and
its varianceis 2.71. Most of the versionsincludemodi ca-

tionsin tempo,instrumentationkey andstructureandsome
of themincludevariationsin harmonizatiorf . We arethen
dealingwith the mostdif cult examplessothattheevalua-
tion canberepresentatie of arealsituationwhenorganizing
digital musiccollections.

4.3. Results

Figure 6 shaws the averageprecisionandrecall for all the
evaluatedcollectionfor the differentcon gurations. When
usingthecorrelationof globalaverageHPCPasa similarity

2Thelist of songsin the musiccollectionandsomeadditionalmaterial
to thiswork is presentedn http://www.iua.upf.edu/~gomez/ersionid

measurdetweerpiecesthe obtainedprecisionis very low,
20% with a recall level of 8% anda F measureof 0.145.
Whenusingglobal featuresnormalizedwith respecto the
key (THPCP),the precisionincreasego 35:56%, around
15%higherthanusingHPCPR Therecalllevel alsoincreases
from 8% to 17:6%, andthe F measurdo 0.322. Usingins-
tantaneousiPCPandDTW minimum cost,the precisionis
equalto 23:35%, which is higherthanusinga global mea-
sureof HPCPR The recall level is slightly higher equalto
10:37%andthe F valueis equalto 0.159.Finally, if we use
DTW minimum costcomputedrom instantaneou$HPCP
as similarity measurewe obsenre that the maximumpre-
cisionincreasesup to 54:5%, andthe recall level is equal
to 30:8%, obtaininga F measureof 0.393. This evalua-
tion shaws that relative descriptor THPCP)seemto per
form betterthanabsolutechromafeatureswhich is coher
entwith the invariability of melodicand harmonicpercep-
tion to transposition.Also, it seemghat it is importantto
considerthe temporalevolution of tonality, which is some-
timesneglected. The bestaccurag is thenobtainedwhen
usingasimpleDTW minimumcostcomputedrom THPCP
descriptorsandit is around55% precision(recall level of
30%, F measuresqualto 0.393).
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Figure 6. Precisionvsrecall valuesfor the differ ent con gura-
tions.

5. Conclusionsand futur e work

We have focusedn this paperon the analysisof tonal simi-
larity andits applicationto theidenti cation of differentver-
sionsof the samepiece. We have presentec small experi-
mentshaving thattonal descriptordyy itself canbe helpful
for thistask.

Therearesomeconclusiondo this study First, it is ne-
cessaryto considerinvarianceto transpositionrwhencom-
puting tonal descriptorsfor similarity tasks. Second,we
shouldlook at the structureof the pieceto yield relevant
results. Looking at the tonal structureof the pieceyields
very goodresultsthatmay probablyexceedthoseattainable
usingothertypesof descriptorgi.e. timbre or rhythm).

Versionidenti cation is a dif cult problemrequiringa
multifacetedand multilevel description. As we mentioned
before, our evaluationdatabaseepresents real situation
of a databaséncluding cover versionswhereeventhe har
mory andthemainmelodyis modi ed. Thisfactaffectsthe
pitch classdistribution descriptors.Even in this situation,
we seethatonly usinglow-level tonaldescriptorandavery
simple similarity measurewe can detectuntil 55% of the
versionswith a recall level of 30% (F measureof 0.393).
Theseresultsovercomethe baseling(F measureof 0.0619)
andshaw thattonaldescriptorsarerelevantfor musicsimi-
larity.

Further experimentswill be devoted to include higher
level structuralanalysis(determiningthe mostrepresenta-
tive sggments),to improve the similarity measureandto
include otherrelevant aspectsas rhythmic description(ex-
tractingcharacteristicshythmic patternsyand predominant
melodyestimation.
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