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Abstract

We presenta methodto comparesongsbasedsolely on their audio content. Our
techniqueforms a signaturefor eachsongbasedon K-meansclusteringof spectral
features.The signaturesanthenbe comparediusingthe EarthMover’s Distance[14]
which allows comparisonof histogramswith disparatebins. Preliminary objective
andsubjectve resultson a databasef over 8000songsareencouragingFor 20 songs
judgedby two userspnaverage?.5outof thetop 5 songgeturnedverejudgedsimilar.
We alsofoundthatour measuras robustto simplecorruptionof the audiosignaland
thatmeaningfulvisualizationf the dataarepossibleusingthis similarity measure.



Authoremail: Bet h. Logan@onpaq. com asal onon@rit. edu

©Compaq Computer Corporation, 2001

This work may not be copiedor reproducedn whole or in partfor any commercialpurpose.Per
missionto copy in wholeor in partwithout paymentof feeis grantedfor nonprofiteducationahnd
researctpurposegrovidedthatall suchwholeor partial copiesincludethe following: a noticethat
suchcopying is by permissiorof the CambridgeResearch.aboratoryof CompagComputerCorpo-
rationin CambridgeMassachusettgin acknavledgmentof the authorsandindividual contributors
to the work; andall applicableportionsof the copyright notice. Copying, reproducing,or repub-
lishing for ary otherpurposeshallrequirea licensewith paymentof feeto the CambridgeResearch
Laboratory All rightsresened.

CRL Technicalreportsareavailableonthe CRL's webpageat
http://crl.research.compaq.com.

CompagComputerCorporation
CambridgeResearctaboratory
OneCambridgeCenter
CambridgeMassachusett32142USA



1 Introduction

The adwentof MP3 andotherefficient compressioralgorithmsis changingthe world
of musicdistribution. We are moving toward a future in which all the world’s music
will be ubiquitouslyavailable. Additionally, the ‘unit’ of musichaschangedrom the
albumto thesong.Thususerswill soonbeableto searchthroughvastdatabaseatthe
songlevel.

Thesechangesaisenew issuesn thefield of musicretrieval. First, sincemusicwill
notnecessarilypeproducedasalbums,theconstructiorof playlistswill beimportantin
future systems Playlistsshouldideally list songsof a similar genrethat ‘fit together’.
Thesecould be songsto play or songsto buy (andplay). Techniquego quickly and
automaticallyconstructheselists areneeded.

Second the vastamountof musicinvolved meansthat usersmay have difficulty
navigatingthrougha databaséo find new unknavn music. Automaticplaylistgenera-
tion may helpbut alternative userinterfaceswhich visualizethe datamaybe neededo
find acousticallyremotebut desirablesongs.

Finally, with more and more music appearingon the Web, contentprovidersare
keenerthanever to protecttheir intellectualproperty Algorithmsto quickly andreli-
ablyidentify illegal copiesof songswill beimportant.

We believe all thesetaskscould benefitgreatlyfrom a techniqueto automatically
determineacousticsimilarity betweersongs.For example aplaylistcouldbeautomat-
ically chosenaslist of songsacousticallysimilar to a favoredquerysong. This could
certainly be refinedby further processindut the distancemeasurecould give a use-
ful first list. A visualuserinterfacebasedon anacousticdistancemeasureamay prove
compelling. A schemeo detectacousticallysimilar but not identicalcopiesof songs
is attractive asit doesnotrely onaccuratdabelingor insertionof additionalmeta-data
suchaswatermarks.We thereforefocus our attentionon developinga content-based
musicsimilarity measure.

The traditionaland mostreliable techniqueof determiningmusicsimilarity is by
hand. However, this is clearly infeasiblefor large quantitiesof music. Collabora-
tive filtering techniquesarean alternatve to solo hand-classificatioie.g. [1]). These
techniguesittemptto producepersonarecommendationsy computingthe similarity
betweeronepersons preferenceandthoseof (usuallymary) otherpeople.However,
thesemethodscannotquickly analyzenew music. Also, it may be difficult to obtain
reliableinformationfrom users.

Many researcherbave studiedthe music similarity problemby analyzingMIDI
musicdata,musicalscoresor usingpitch-trackingto find a ‘melody contour’ for each
pieceof music. Stringmatchingtechniquesrethenusedto comparghetranscriptions
for eachsong(e.qg. [2], [11], [6]). However, techniquedasedon MIDI dataor scores
arelimited to musicfor which this dataexistsin electronicform. Also, only limited
succes$asbeenachieredfor pitch-trackingof polyphonicmusic[10] althoughrecent
resultsshov muchpromise[7]. Thusreliably finding the melodyin mostcommercial
musicis difficult or impossibleusingcurrenttechnologies.Also, it seemdikely that
the type of musicsimilarity requiredfor playlist constructionis basedon the ‘overall
sound’of the musicratherthansimply the complexity of themainmelody

Otherwork hasanalyzedhemusiccontentdirectly. Blum etal. presentinindexing
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systembasedon matchingfeaturessuchaspitch, loudnessor Mel-frequeng cepstral
coeficients(MFCCs)[3. Footehasdesigneda musicindexing systembasedon his-
togramsof MFCC featuresderived from a discriminatively trainedvector quantizer
[5].

In thispaperwe build onthework of Footeto constructadistanceneasurdetween
musicbasedsolely on the musiccontent. We characterizesongsusing histogramsof
MFCC featuresbut unlike Foote, the bins of our histogramsarelocal to eachsong.
Thisimpliesthattheacousticspacdor eachsongis efficiently ‘covered’with adequate
resolutionwhereneededCorverselyif pre-determinethinsareused, somesongsmnay
have all theirinformationconcentrateéh oneor two binsandimportantdiscriminating
detailmaybelost.

Ourtechniguenasmary similaritiesto anaudioretrieval techniquedescribedn [8],
althoughwe useK-meansclusteringratherthanGaussiamixture modelsto character
ize eachsong.We alsostudythe problemof musicretrieval ratherthanthe speech-in-
audioretrieval problemstudiedthere.

The organizationof this paperis asfollows. In Section2 we describeour distance
measure. We then describehow this can be incorporatedinto a playlist generation
system. Next, we presentresultsof experimentson a databasef over 8000 songs.
Finally we presenbur conclusionsandsuggestion$or futurework.

2 Spectral Novelty Distance Measure

Our distancemeasurecapturesnformation aboutthe novelty of the audio spectrum.
Conceptuallythis correspondso the type of instrumentsplaying, including whether
thereis singing,which appeardo berelatedto perceptuakimilarity. For eachpieceof
musicwe computea ‘signature’basedn spectrafeatures We thencomparesignatures
usingthe EarthMoversDistance(EMD) [14]. Thesestepsandthe motivationbehind
themaredescribedn moredetailbelow.

2.1 Obtaining the Spectral Signature

Our spectrakignaturesattemptto capturethe main statisticsof a songs spectrumand
hencecharacterizehe maintypesof soundspresenin the music. We achiese this by
first dividing eachsonginto short,locally stationarysectionsof 25mscalled‘frames’.

For eachframe,we thenobtaina spectrarepresentationMany representationare
possibleso long asa distancemeasurds availableto compareone frameto another
suchthat frameswhich soundsimilar are closeto eachother In our implementation
we useMFCCs(e.g. [13]). Thesefeaturesareprevalentin speectrecognitionappli-
cationsandarealsousefulfor modelingmusic(e.g. [5], [3], [9]). They arebasedon
the discretecosinetransformof the log amplitudeMel-frequeny spectrumand can
be comparedusing the Euclideandistancemeasure. Other spectralmeasuresnight
includeusingthe amplitudespectrumdirectly or arepresentatiobasedon MP3 coef-
ficients.

Givenathesetof transformedramesfor a song,we thenclustertheseframesinto
groupswhicharesimilar. Thenumberof clusteranaybefixedfor every song,in which
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Figurel: Top level diagramof the procesof creatinga signaturefor asong

casestandard-meansclusteringcanbeused4]. Alternatively, thenumberof clusters
chosencanbe dependenbn the song(e.g. [12]). Thesetof clustersis characterized
by the mean,covarianceandweight of eachcluster(wherethe weightis proportional
to the numberof framesin thatcluster). This setof clustersis denotedhe ‘signature’
for thesong.Thewhole procesds shown in Figurel.

It is importantto notethatthe clusteringis local to eachsong. Previous systems
performedylobalclusteringoveranentiremusicdatabas#o obtaina setof representa-
tive clusterg(sounds)e.qg.[5]). Thedisadwantageof this asshavn by analogousvork
in imagesimilarity [14] is thatresolutionis lost asthe typeandnumberof clusterss a
functionof thewholedatabaself mary new songshave unheardsoundshenthey will
bebadlyrepresented.

2.2 Comparing Songs

We obtainaspectrakignaturdor every songof interest.Theseneedonly becalculated
onceand stored. We then comparethe signaturedor two differentsongsusingthe
EMDI[14]. It is crucial to usethis techniqueas other methodscannotaccommodate
local clustering.

The EMD calculategheminimumamountof ‘work’ requirecto transformonesig-
natureinto theother A usefulanalogyis to considetthe clustersfor SongA andSong
B as‘piles of earth’ centeredon the clustermeansin N-dimensionalspace.We are
interestedn how much‘earth’ or morecorrectly probability masswe needto ‘move’
to transformSongA'’s clustersinto SongB’s clusters.

More formally, let P = {(p,, Xpy, Wp1)s - - -5 (Bpnn » Xy » W, )} DEthefirst sig-
naturewith m clusterswherep,, andX,, arethe meanandcovariancerespectrely of
clusterp; andw,, istheweightof thatcluster Similarly, let Q@ = {(pg,, g, Wg), - - -»
(Kgn>2q. Wy, )} bethesecondsignatureLetd,, ,, bethedistancebetweerclusterg;
andg;. In our work, we computethis usinga symmetricform of the Kullback Leibler
(KL) distance For clustersp; andg; with meansu,, andu,; andcovariances:,, and
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¥, respectiely this takestheform

S T 11
dp,q; = E_? + EZ- + (p; —qu)2' (g + i) . (1)

Let f,.q; bethe‘flow’ betweerp; andg; This flow reflectsthe costof moving proba-
bility mass(analogougo ‘piles of earth’) from oneclusterto the other We solve for
all f,,q, thatminimizetheoverall costiV definedby

m n

W= szpiq]'fpiqj (2)

i=1 j=1

subjectto a seriesof constraints.Thatis, we seekthe cheapestvay to transformsig-
nature P to signature@. This problemcanbe formulatedasa linear programming
taskfor which efficient solutionsexist. Having solved for all f,,,., the EMD is then

calculatedhs
™S dyo Foias
EMD(P,Q) = 21_17712]_2 Piq; fp,qj _ )
Ei:l Zj:1 fpin

3 Evaluation

Our evaluationfocuseson the utility of our similarity measurdor playlist generation
and music visualization. We also reportsomegeneralstatisticsof our measureand

examineits robustnesgo corruptionof songs.Our resultsthoughpreliminaryarevery

promising.

3.1 Experimental Setup

We conductexperimentson an in-housedatabasef over 8000 songsdrawvn from a
wide rangeof styles.Eachsongin the databasés labeledwith the genre,songname,
album nameandartistname. The genreis oneof the following: Blues,Celtic, Clas-
sical, ComedyCountry Folk, Jazz,Newage, Rap,Rodk, Soundtack, Techno, Various
Artists,Vocal,World. Thegenresareassignedccordingo theAll MusicGuide(AMG)

databaséwww.allmusic.com).

For eachsong,we computea signaturebasedon K-meansclusteringof framesof
MFCCs. We startwith audiosampledat 16kHz anddivide this signalinto framesof
25.6msoverlappedby 10ms. We then corvert eachframeto 40 Mel-spectralcoefi-
cientsandtake the logarithmandthe discretecosinetransformto obtain40 cepstral
coeficients.Of these pnly thefirst 8-30areusedin thefinal system We disregardthe
zerothcepstralcoeficient which containsmagnitudeinformation. Finally, we cluster
the sequencef cepstralcoeficientsinto 16 clustersusingstandardK-meanscluster
ing. This setof clustersis the signaturefor the song. After computingthe signature
for every song,we then computethe distancesetweenall songsusingthe EMD as
describedhbore.
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Nr. MFCC | Averagedistance| Averagedistance
Features | betweerall songs| betweersongs

onthesamealbum

4 0.48 0.21

7 0.52 0.26

12 0.56 0.28

19 0.65 0.35

29 0.70 0.38

Tablel: Statisticsof thedistancemeasure

3.2 Simple Similarity Measure Statistics

We first examinesomegeneralstatisticsof our distancemeasureasa ‘sanity check'.
Tablel shavs the averagedistancebetweersongsfor the entiredatabaseverarange
of different MFCC parameterizationsWe also show the averagedistancebetween
songson the samealbum. Our measurés suchthatthe distancebetweena songand
itself is zero (i.e. we have a dissimilarity measure). From Table 1 we seethat our
measurecorrectly assignsa smallerdistanceto songson the samealbum which we
expecton averageto be perceptuallymoresimilar thanothersongsin the database.

3.3 Playlist Generation

In this sectionwe considerthe utility of our distancemeasurein the playlist con-
structionproblem. We form playlistsasthe N closestsongsfrom our databaseo a
givenquerysongaccordingto our similarity measure Clearly we could devise better
schemeso determineaplaylist, suchascombiningthescoredrom severalquerysongs
andincorporatinguserfeedback.This is the subjectof ongoingwork. Theresultsin
this sectionfocus on the quality of playlists generatedising our acousticsimilarity
measurealone.

Ourexperimentgeportthe averagenumberof relevantsongsretrievedin thetop 5,
10and20 songs.We thereforeconsiderplaylistsup to 20 songsin length.

3.3.1 Objective Precision

Sinceusertestsare expensve andtime-consumingyve first useobjective definitions
of relevanceto tunethe parameter®f our systemandidentify trendsthat aretrue on
averageover thewhole databaseWe examinethreeobjective definitionsof relevance:
songsof the samestyle,songshy the sameartistandsongson the samealbum.

Table2 shavs the averagenumberof songsreturnedby our systemwhich have the
samegenreasthe querysong.As discussedye reportresultsfor theclosests, 10 and
20 songs.We seethatthemajority of songsreturnedare of thesamegenreasthequery
song. Note thatthis resultgivesonly anindicationof the performanceof our system
sinceseveralof our genrecategoriesoverlap(e.g.jazzandblueg andsongsfrom both
catggoriesmight still be percevedasrelevantby a humanuser
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Nr. MFCC | Averagenumberof songsin the samegenre
Features | Closest | ClosestlO Closest20
4 3.02 5.81 11.2
7 3.24 6.17 11.7
12 3.43 6.53 12.4
19 3.44 6.57 12,5
29 3.36 6.44 12.3

Table2: Averagenumberof closestsongswith the samegenreasthe seedsong

Nr. MFCC | Averagenumberof songsby the sameartist
Features | Closestt | Closestl0 Closest20
4 0.69 1.06 1.58
7 0.96 1.45 2.10
12 1.13 1.72 2.46
19 1.17 1.80 2.59
29 1.16 1.80 2.64

Table3: Averagenumberof closestsongshy the sameartistasthe seedsong

Tables3 and4 shaw similar resultswhererelevanceis definedassongshy thesame
artistandsongsonthesamealbum. Fromtheseableswe seethattypically, aroundone
songhby thesameartistor onthesamealbumis oneof thetop 5 closessongs.Although
it seemghatthesenumbersaredisappointingve have noticedin mary informal tests
thatbecauseve areusingsuchalarge databaseyur distancaneasureypically returns
songsby differentartistswhich areacousticallymore similar thansongsby the same
artistor on the samealbum. All tablesindicatethat 19 MFCC featuresgive the best
resultsalthoughthis doesnot seemto becritical.

Nr. MFCC | Averagenumberof songsonthesamealbum
Features | Closest | ClosestlO Closest20

4 0.48 0.72 1.00

7 0.71 1.02 1.37

12 0.84 1.21 161

19 0.86 1.26 1.68

29 0.81 1.21 1.69

Table4: Averagenumberof closestsongson thesamealbum asthe seedsong



3.4 Music Database&/isualization

Algorithm | AverageNumberof Similar Songs
Closest | ClosestlO | Closest20
Random 0.2 0.6 0.9
Proposed 2.5 4.7 8.2

Table5: Averagenumberof similar songsin playlistsgeneratedt randomandby our
similarity measurasjudgedby 2 userson 20 queries

3.3.2 SubjectivePrecision

Sinceit appearshat19 cepstrafeaturegjivethebestretrieval performanceve conduct
usertestswith this configuration.Our testscomparea playlistgeneratedby our system
to aplaylistgenerateétrandomfrom the same8000songdatabase.

Two independentisersparticipatedn thetest. They werepresentedvith playlists
for 20 randomlyselectedsongs.For eachsong,a randomlygenerateglaylistandthe
playlistgeneratedby our systemwaspresentedUserswereinstructedo rateeachsong
in theplaylistas‘similar’ or ‘not similar’ to thequerysong.Interestingly althoughno
further instructionswere given, both usersnaturally assumedudio similarity rather
thansaylyric similarity. Therewasgood agreemenbetweenthe usersasto which
songsweresimilarwith only 12% of songsheingrateddifferently.

Theaveragenumberof similar songdor thefirst 5, 10and20 songsn theplaylists
is shavn in Table5. Despitethe preliminary natureof our tests,the resultsarevery
encouragingndconfirmwhatwe have notedin mary informal tests.On average 2.5
outof thetop 5 songsreturnedweresimilar for our systemasopposedo 0.2 outof 5
for arandomplaylistgeneratar

3.4 Music Database Visualization

A content-baserthusicdistancaneasureresentsiew possibilitiesfor designingauser
interfaceto a musicrepository If the datacanbe showvn graphically whereeachsong
is representethy a point, thenthe usermay be ableto navigatethroughthe repository
moreeasilyusingthis graphthanby traditionalmeanssuchassearchingor asongby
name.This may beespeciallytrue for unfamiliar music.

In thissectionwe donotattempto provideasolutionto theuserinterfaceproblem.
Rathemwe presenta ‘proof of concept'thatdemonstratethatour distanceneasurean
be usedto createa datavisualizationthatis in keepingwith commonsense.

To displayour musicdatabasgraphically we transformeachsongto a real two-
dimensionapoint usingMulti-dimensionalscaling(MDS). MDS (e.g. [15]) is a stan-
dardtechniquewhichtransformsa seriesof objects,aboutwhich only relative distance
informationis available,to a seriesof K-dimensionalpoints. The mappingattempts
to preseretherelative distancedetweerobjectssuchthatobjectswhich areknown to
be‘close’ accordingto thedistancaneasurearemappedo pointswhich are‘close’ in
K dimensionakpace.

To constructa visualrepresentationf our databasewe constructa matrix of song
similarity accordingto our distancemeasureWe thenperformMDS on this matrix to
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Figure2: Visualizationof a small number(around50) of songsby well-know artists

usingMDS on the similarity matrix formedusingour technique

obtainthe coordinatesn 2-D spacefor eachsong. We usethe sameparameterization

asdescribedn the previoussectionwith 19 MFCC features.

Figure 2 shaws the visualizationof around50 songsby well-known artists. We
seethatgenresarefairly consistenaindthatin mary casessimilar soundingartistsare

groupedogether Table7 in AppendixA lists the songsvisualized.

Figure 3 shows the visualizationof 150 randomlychosensongsfrom the Rod,
Countryand Classicalcatgyories(50 songsfrom eachcateyory). Again, we seethe
songsroughly clusterednto the genres.Despitethe very preliminary natureof these
resultsit seemgrobablethatthis techniquecouldform the basisof aninterestinguser
interface(perhapssimilar to theweb browsinginterfaceat www.webmap.com)At the
very least,theseresultsprovide visual confirmationof the utility of our musicdistance

measure.

3.5 Robustnessto Corruption

Finally, we investigatethe robustnes®f our distancemeasurdo ‘clipping’ of songs.
Ourinterestis piquedby the potentialutility of our measurdor copyright enforcement

andhencewishingto detectpotentiallyslightly corruptedversionsof asong.
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ClassicalgenreausingMDS on the similarity matrix formedusingour technique
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Nr. MFCC | % of timesoriginal songreturnedwithin:
Features | Closestl | Closestb Closestl0
12 98.8 99.2 99.3
19 99.8 100.0 100.0
29 97.2 97.6 97.8

Table6: Percentagef timesthe original songis returnedasoneof theclosestl, 5 and
10 songswvhenthequeryis a clippedversionof the original

For all songsin our databasewe remove a sectionof randomlengthof up to 30s
from arandomlyselectedblacein the song. We thencalculatethe signaturegor each
songasbefore.For eachcorruptedsong,we useour measureo find the closestsongs
to thisin thecleandatabaseldeally, theoriginal versionof eachcorruptedsongshould
be the first songreturned. Table 6 shavs the percentag®f timesthe original songis
returnedasone of the 1, 5 and 10 closestsongswhenthe corruptedversionis used
asthe query We seethat thesenumbersare quite high indicating that our distance
measurdassomerobustnesso this type of corruption.

4 Conclusionsand Future Work

We have describeda methodto comparesongshasedsolelyon theiraudiocontent.We
have evaluatedour distancemeasureon a databasef over 8000songs. Preliminary
objective andsubjectve resultsshowv thatour distanceneasurgreseresmary aspects
of perceptuasimilarity. For 20 songgudgedby two userswe saw thaton average?.5
outof thetop 5 songsreturnedareperceptuallysimilar. We alsosaw thatour measure
is robustto simplecorruptionof the audiosignalandthatit could be usedto visualize
thedatain ameaningfulway.

Ongoingwork is focusedn threemainareasFirst, we arestill refiningthe param-
etersof our distancemeasureover all genresandinvestigatingthe effect of different
clusteringtechniquego obtainthesongsignaturesSecondye areexploringthemary
heuristicsthatcanbe usedto selectthe bestplaylist givena querysongor songs.Fi-
nally, we areinvestigatingthe augmentatiorof our similarity measureby otheraudio
andnon-audianformation.
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A Waédl-known Songs

A WELL-KNOWN SONGS

Genre Artist Song

Jazz BobbyMcFerrin Don-tWorry- Be Happy

Jazz Louis Armstrong Hello Dolly

Rock Alanis Morissette You Oughtaknow

Rock Bob Dylan Blowin- in theWind

Rock JohnLennon Oh Yoko-

Rock Ween I-m Holding You
Comedy Tom Lehrer TheVaticanRag
Comedy Monty Python LumberjackSong
Classical WolfgangAmadeusMozart Requiem
Classical JearSibelius Pelleaset Melisande-Melisande
Techno VariousArtists Believe

Jazz DukeEllington Midrif f

Jazz JohnColtrane Seraphid.ight
Country PalaceMusic OhioRiverBoatSong

Vocal FrankSinatra I-ve Got You UnderMy Skin

Blues Howlin Wolf RedRooster

Rock R-E-M- Shiry HappyPeople

Rock TheBeatles All My Loving

Rock ArethaFranklin Think

Rock Radiohead Creep

Rock Sting If You Love SomebodySetThemFree

Rock TheBeachBoys Help Me- Rhonda

Rock Bananarama Venus

Rock Madonna Like aVirgin

Rock SpiceGirls Wannabe

Rock ThePolice Messagen a Bottle

Rock Blondie HeartOf Glass

Rock Eagles Hotel California
Country Charley Pride After me, afteryou
Country Don Williams Fly Away
Country RebaMcEntire Betweena Womananda Man

Rap PublicEnemy B SideWins Again

Blues BB King SweetLittle Angel

Blues CelineDion All By Myself
Classical Beethaen Allegretto
Classical Brahms PianoConcertoNo 2 in B flat, Op 83
Classical JohanrSebastiafBach Allegro

Rock DancingQueen

Jazz Miles Davis Bluesfor Pablo

Jazz EarlKlugh Winter Rain

Jazz Ella Fitzgerald& Louis Armstrong Cheekto Cheek

Jazz NatalieCole As Time GoesBy
Country Kenry Rogers TheGambler

Blues RayCharles Hit The RoadJack

Rock Art Garfunkel Brighteyes

Rock Neil Diamond SeptembeMorn
World Ravi ShankarAli Akbar Khan RagaPalasKafi
World BuenaVistaSocialClub Candela

Folk JoniMitchell CarOnA Hill

Folk SimonAnd Garfunkel Bridge Over TroubledWater

Table7: Songswith genreandartistwhich arevisualizedin Figure2
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