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ABSTRACT

We presentimethodto comparesongsasedsolelyontheir
audio content. Our techniqueforms a signaturefor each
songbasedn K-meansclusteringof spectraffeatures.The
signaturescan then be comparedusing the Earth Mover's
Distance[1] which allows comparisorof histogramswith

disparatebins. Preliminaryobjective andsubjectve results
on a databas®f over 8000songsare encouraging.For 20
songsjudgedby two users,on average?.5 out of thetop 5

songsreturnedwerejudgedsimilar. We alsofoundthatour
measuraés robustto simplecorruptionof theaudiosignal.

1. INTRODUCTION

The adwent of MP3 and other compressioralgorithmsis
changingthe world of music distribution. We are mov-
ing toward a future in which all the world’s musicwill be
ubiquitouslyavailable.Additionally, the ‘unit’ of musichas
changedrom the album to the song. Thususerswill soon
beableto searchthroughvastdatabaseatthe songlevel.
Sincemusicwill notnecessarilypeproducedasalbums,
the constructiorof playlistswill beimportantin future sys-
tems. Playlistsshouldideally list songsof a similar genre
that‘fit together’. In this paper we studythe playlist con-
structionproblemasthe problemof quickly andautomati-
cally finding musicsimilar to a favoredquerysong. Thus
we focus on the developmentof a techniqueto automati-
cally determinemusicsimilarity.
Thetraditionalandmaostreliabletechniqueof determin-
ing music similarity is by hand. This is clearly infeasi-
ble for large quantitiesof music. Collaboratve filtering
techniquesireanalternatveto solohand-classificatiofe.g.
[2]). Thesetechniquegproducepersonakrecommendations
by computingthe similarity betweenone persons prefer
encesandthoseof otherpeople. However, thesemethods
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cannotquickly analyzenew music.Also, it maybedifficult
to obtainreliableinformationfrom users.

Many researchersave studiedthemusicsimilarity prob-
lem by analyzingMIDI musicdata,musicalscoresor using
pitch-trackingto find a ‘melody contour’ for eachpieceof
music. Stringmatchingtechniquesrethenusedio compare
the transcriptiondfor eachsong(e.g. [3], [4], [5]). How-
ever, techniquesasedon MIDI dataor scoresare limited
to musicfor which this dataexistsin electronicform. Also,
only limited successhasbeenachieved for pitch-tracking
of polyphonicmusic[6] althoughrecentresultsshov much
promise[7].

Otherwork hasanalyzedhemusiccontendirectly. Blum
et al. presentanindexing systembasedon matchingfea-
turessuchaspitch, loudnessor Mel-frequeny cepstrailco-
efficients (MFCCs)[8]. Foote hasdesigneda musicindex-
ing systembasedon histogramsof MFCC featuresderived
from adiscriminatiely trainedvectorquantizei9].

In this paper we build on the work of Foote to con-
structadistanceaneasurdetweemusicbasedolelyonthe
music content. We characterizesongsusing histogramsof
MFCC featuredut unlike Foote,thebinsof our histograms
arelocalto eachsong. This impliesthatthe acousticspace
for eachsongis efficiently ‘covered’'with adequateesolu-
tion whereneeded.Corverselyif pre-determinedins are
used,somesongsmay have all their information concen-
tratedin oneor two binsandimportantdiscriminatingdetail
may belost.

Ourtechniquéhasmary similaritiesto anaudioretrieval
techniquedescribedn [10], althoughwe useK-meansclus-
tering ratherthan Gaussiamixture modelsto characterize
eachsong. We also study the problemof musicretrieval
rather than the speech-in-audigetrieval problem studied
there.

The organizationof this paperis asfollows. In Section
2 we describeour distancemeasureWe thendescribehow
this canbe incorporatednto a playlist generatiorsystem.
Next, we presentesultsof experimentsFinally we present
our conclusionsaandsuggestiongor futurework.
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Figure 1: Top level diagramof the processof creatinga
signaturefor asong

2. SPECTRAL NOVELTY DISTANCE MEASURE

Our distancemeasurecapturesnformation aboutthe nov-
elty of the audiospectrum.Conceptuallythis corresponds
to thetype of instrumentglaying, includingwhetherthere
is singing,whichappearso berelatedo perceptuasimilar-
ity. For eachpieceof musicwe computea ‘signature’based
on spectrafeatures.We thencomparesignaturesisingthe
EarthMoversDistance(EMD) [1].

2.1. Obtaining the Spectral Signature

Theprocesgo obtaina spectrakignatureor a pieceof mu-
sic is shavn in Figure 1. The stepsare as follows. We
first divide the audio signalinto frames. For eachframe,
we thenobtaina spectralrepresentationMany representa-
tionsarepossiblesolong asadistancemeasures available
to compareone frame to anothersuchthat frameswhich
soundsimilararecloseto eachother In ourimplementation
we useMFCCs(e.qg. [11]). Thesefeaturesareprevalentin
speechrecognitionapplications.They arebasedon thedis-
cretecosinetransformof the log amplitudeMel-frequeny
spectrumandcanbecomparedisingthe Euclideandistance
measure.Other spectralmeasuresnight include usingthe
amplitude spectrumdirectly or a representatiorbasedon
MP3 coeficients.

Givenasequencef transformedramesfor agivensong,
we then clustertheseframesinto groupswhich are simi-
lar. The numberof clustersmay befixedfor every song,in
which casestandard-meansclusteringcanbe used[12].
Alternatively, the numberof clusterschosencanbe depen-
dentonthesong(e.g. [13]). The setof clusterscharacter
ized by the mean,covarianceandweight of eachclusteris
thendenotedhe signaturefor thesong.

2.2. Comparing Songs

We obtain a spectralsignaturefor every songof interest.
Theseneedonly be calculatedonceand stored. We then
comparethe signaturesfor two different songsusing the

EMDI[1]. This distancemeasurecan comparehistograms
with disparatebins.

The EMD calculateghe minimumamountof ‘work’ re-
quiredto transformone signatureinto the other Let P =
{(py> ZpysWpy )y« -+ (Bpry > X, » W, ) } DEThEfirSt Signa-
ture with m clusterswherep,, andX,, arethe meanand
covariancerespectiely of clusterp; andw,, is the weight
of thatcluster Similarly, let @ = {(tg,> g1 Wq1)s--- s
(Kqn > B, , Wy, ) } bethesecondsignature.Let d,, ,, bethe
distancebetweerclustersp; andg;. In our work, we com-
pute this usinga symmetricform of the Kullback Leibler
(KL) distance For clustersp; andg; thistakestheform
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Define f,,,, asthe ‘flow’ betweenp; andg;. This flow
reflectsthe costof moving probability mass(analogougo
‘piles of earth’) from oneclusterto the other We solve for
all fp,q; thatminimizethe overallcost definedoy

m n
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subjectto aserieof constraints Thatis, we seekthecheap-
estway to transformsignatureP to signature). This prob-
lem can be formulatedas a linear programmingtask for

which efficient solutionsexist. Givenall f,.,., the EMD

is thencalculatedas
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3. PLAYLIST GENERATION SYSTEM

In orderto evaluateour distancemeasurewe have devel-
opeda systemto generateplaylistsfrom given seedsongs.
We useanin-housedatabasef over8000songsdravn from
awide rangeof styles.Eachsongin the databasés labeled
with the genre,songname,album nameand artist name.
The genreis oneof thefollowing: Blues,Celtic, Classical,
Comedy Country Folk, Jazz,Newage, Rap, Rok, Sound-
tradk, Techno, VariousArtists, Vocal, World. To our knowl-
edgethis representenethelargestdatabasessedfor pub-
lishedcontent-basecthusicretrieval experiments.

For eachsong, we computea signaturebasedon K-
meansclusteringof framesof MFCCs. We startwith au-
dio sampledat 16kHz anddivide this signalinto framesof
25.6msoverlappedy 10ms.Wethencorverteachframeto
40 Mel-spectralcoeficientsandtake the logarithmandthe
discretecosinetransformto obtain40 cepstralcoeficients.
Of these,only the first 13-30are used. We disrggardthe



Nr. MFCC | Averagedistance| Averagedistance
Features | betweenrall songs| betweersongs
onthesamealbum
12 0.56 0.28
19 0.65 0.35
29 0.70 0.38

Nr. MFCC | Averagenumberof songsin the samegenre
Features | Closest | ClosestlO Closest20
12 3.43 6.53 12.4
19 3.44 6.57 12,5
29 3.36 6.44 12.3

Tablel: Statisticsof the distancaneasure

zerothcepstralcoeficient which containsmagnitudeinfor-
mation. Finally, we clusterthe sequencef cepstralcoef-
ficientsinto 16 clustersusingstandard-meansclustering.
This setof clustersis the signaturefor the song.

After computingthe signaturefor every song,we then
computethedistancedbetweenall songsusingthe EMD as
describedabove. For agivenseedsong,the playlistis then
returnedasthe N closestsongs. Clearly we could devise
betterschemeso determinghe playlist, suchascombining
the scoresrom several querysongsandincorporatinguser
feedbackThisis the subjectof ongoingwork.

4. EVALUATION

Our evaluationfocuseson the merit of our similarity mea-
sureratherthantheoverall quality of playlistsreturned.We
reportinformationretrieval metricsandotherstatistics.

4.1. Distance M easure Statistics

Wefirstexaminesomegenerabktatisticof ourdistancenea-
sure.Tablel shavs the averagedistancebetweersongsfor
the entiredatabas@ver a rangeof differentMFCC param-
eterizations. We also shav the averagedistancebetween
songsonthe samealbum. Our measuras suchthatthe dis-
tancebetweena songanditself is zero(i.e. we have a dis-
similarity measure) From Table1 we seethatour measure
correctlyassignsa smallerdistanceo songsonthesameal-
bum which we expecton averageto be perceptuallymore
similarthanothersongsin thedatabase.

4.2. Objective Relevance

We now examinethe ‘goodness’or relevanceof thetop N
songsreturnedby our systemin responsdo a querysong.
Becauseusertestsare expensve andtime-consumingwe
first useobjective teststo tunethe parametersf our system
andidentify trendsthataretrue on averageover the whole
database.We examinethree objective definitionsof rele-
vance:songf the samestyle,songsby the sameartistand
songson the samealbum. For eachsongin our database,
we analyzetheclosests, 10 and20 songsreturned.

Table2 showvs the averagenumberof songsreturnedby
our systemwhich have the samegenreasthe query song.
We seethatthe majority of songsreturnedare of the same

Table 2: Averagenumberof closestsongswith the same
genreasthe seedsong

Nr. MFCC | Averagenumberof songsby the sameartist
Features | Closestt | Closestl0 Closest20
12 1.13 1.72 2.46
19 1.17 1.80 2.59
29 1.16 1.80 2.64

Table3: Averagenumberof closestsongsy the sameartist
astheseedsong

genreasthe querysong. Note thatthis resultgivesonly an
indicationof the performancef our systemsinceseveral of
our genrecatagyoriesoverlap(e.g.jazzandblueg andsongs
from both categoriesmight still be percevedasrelevantby
ahumanuser

Tables3 and4 shav similar resultswhererelevanceis
definedassongsby the sameartistand songson the same
album. Fromthesetableswe seethattypically, aroundone
songhby the sameartist or on the samealbum is one of the
top 5 closestsongs.

4.3. Subjective Relevance

Fromtheabove, it appearshat19 cepstrafeaturegyive the
bestretrieval performanceWe thereforeconductusertests
with this configuration.Our testscomparea playlist gener
atedby our systemto a playlist generatecat randomfrom
thesame8000songdatabase.

Two independenusersparticipatedin the test. They
were presentedvith playlists from 20 randomly selected
songs. For eachsong,a randomly generatecplaylist and
the playlist generatedy our systemwas presented Users
wereinstructedto rateeachsongin the playlist as‘similar’
or ‘not similar’ to the querysong. Interestingly both users
naturallyassumedaudiosimilarity ratherthansaylyric sim-
ilarity. Therewasgoodagreemenbetweerthe usersasto
which songswere similar with only 12% of songsbeing

rateddifferently.
Nr. MFCC | Averagenumberof songsonthesamealbum
Features | Closest | Closestl0 Closest0
12 0.84 1.21 1.61
19 0.86 1.26 1.68
29 0.81 1.21 1.69

Table4: Averagenumberof closestsongson the sameal-
bum asthe seedsong



Algorithm | AverageNumberof Similar Songs
Closest | ClosestlO | Closest0
Random 0.2 0.6 0.9
Proposed 2.5 4.7 8.2

Table5: Averagenumberof similar songsin playlistsgen-
eratedat randomandby our similarity measureasjudged

by 2 userson 20 queries

Nr. MFCC | % of timesoriginal songreturnedwithin:
Features | Closestl | Closest 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 returned
asoneof theclosestl, 5 and10 songswhenthe queryis a
clippedversionof the original

The averagenumberof similar songsfor thefirst 5, 10
and 20 songsin the playlistsis shavn in Table5. Despite
the preliminary natureof our tests,the resultsarevery en-
couragingand confirm whatwe have notedin mary infor-
mal tests. On average,2.5 out of the top 5 songsreturned
weresimilar for our systemasopposedo 0.2 outof 5 for a
randomplaylistgeneratar

4.4. Robusthessto Corruption

Finally, we investigatethe robustnesf our distancemea-
sureto ‘clipping’ of songs. For all songsin our database,
we remove arandomsectionuniformly distributedbetween
Osand30sfrom arandomlyselectedblacein the song.We
then calculatethe signaturedor eachsongasbefore. For
eachcorruptedsong,we useour measureo find the clos-
estsongsto this in the cleandatabaseldeally, the original
versionof eachcorruptedsongshouldbe the first songre-
turned. Table 6 shavs the percentag®f timesthe original
songis returnedasoneof thel,5and10closessongsvhen
thecorruptedversionis usedasthe query We seethatthese
numbersarequite highindicatingthatour distancemeasure
hassomerobustnesgo this type of corruption.

5. CONCLUSIONS AND FUTURE WORK

We have describedh methodto comparesongshasedsolely
ontheiraudiocontent.We have evaluatedur distancamea-
sure on a databaseof over 8000 songs. Preliminary ob-
jective and subjectve resultsshov that our distancemea-
surepreseresmary aspect®f perceptuasimilarity. For 20
songsjudgedby two userswe saw thaton average2.5 out
of thetop 5 songsreturnedareperceptuallysimilar. We also
sav that our measuras robustto simple corruptionof the
audiosignal.

Ongoingwork is focusedin threemainareas.First, we
arestill refiningtheparametersf ourdistancemeasurever
all genresandinvestigatinghe effect of differentclustering
techniquego obtainthe songsignatures.Second,we are
exploring the mary heuristicsthatcanbe usedto selectthe
bestplaylist given a query songor songs. Finally, we are
investigatingheincorporatiorof otheraudioandnon-audio
basedlistancaneasureito our songselectionscheme.
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