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Support Vector Machine ActiveLearning for Music Retrieval

Abstract Searchingandorganizinggrowing digital music
collectionsrequiresa computationalmodelof musicsimi-
larity. This paperdescribesa systemfor performing�e xi-
ble musicsimilarity queriesusingSVM active learning.We
evaluatedthesuccessof oursystemby classifying1210pop
songsaccordingto moodand style (from an online music
guide)andby theperformingartist.In comparinga number
of representationsfor songs,we foundthestatisticsof mel-
frequency cepstralcoef�cients to performbestin precision-
at-20comparisons.We alsoshow thatby choosingtraining
examplesintelligently, active learningrequireshalf asmany
labeledexamplesto achievethesameaccuracy asastandard
scheme.

Keywords Supportvectormachines� active learning�
musicclassi�cation

1 Intr oduction

As thesizeof digital musiclibrariesgrows, identifying mu-
sic to listento from a personalcollectionor to buy from an
online retailerbecomesincreasinglydif�cult. Since�nding
songsthat aresimilar to eachother is time consumingand
eachuserhasuniqueopinions,we would like to createa
�e xible, open-endedapproachto musicretrieval.

Our solution is to userelevancefeedback,speci�cally
SupportVectorMachine(SVM) active learning,to learna
classi�er for eachquery. A searchis thena mappingfrom
low level audiofeaturesto higherlevel concepts,customized
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to eachuser. To begin a search,theuserpresentsthesystem
with one or more examplesof songsof interestor “seed”
songs.Thesystemtheniteratesbetweentraininganew clas-
si�er on labeledsongsand soliciting new labelsfrom the
userfor informativeexamples.Searchproceedsquickly, and
ateverystagethesystemsuppliesits bestestimateof appro-
priatesongs.Sinceit takesa signi�cant amountof time to
listento eachsongreturnedby asearch,oursystemattempts
to minimizethenumberof songsthatausermustlabelfor a
query.

Active learninghastwo main advantagesover conven-
tional SVM classi�cation.First,by presentingtheuserwith
and training on the most informative songs,the algorithm
canachieve thesameclassi�cationperformancewith fewer
labeledexamples.Second,by allowing the userto dynam-
ically label the set of instances,a single systemmay per-
form any numberof classi�cationandretrieval tasksusing
the sameprecomputedsetof featuresandclassi�er frame-
work. For example,the systemmay be usedto searchfor
femaleartists,happy songs,or psychedelicmusic.

This �e xibility dependson the information the acous-
tic featurevectorsmake explicit, leadingto our comparison
of variousfeaturesfor thesetasks.On a collectionof 1210
popsongs,thefeaturesthatproducedthemostaccurateartist
classi�er werethe statisticsof MFCCscalculatedover en-
tire songs.Thesesamefeaturesachieved the bestprecision
onthetop20rankedresultsfor musiccategorizationsculled
from allmusic.com.

Wehavealsodevelopedanautomatictesterfor ourSVM
active learningsystem,showing thatanSVM active learner
trainedwith half asmany examplescanperformaswell as
a normalSVM or, alternately, canincreaseits precisionby
ten percentagepointswith the samenumberof labeledex-
amples.

1.1 MusicSimilarity

Theideaof judgingthesimilarity of musicby a directcom-
parisonof audiocontentwasproposedby [13]. Forcomputa-
tional simplicity, his systemuseddiscretedistributionsover
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vector-quantizersymbolsandwasevaluatedonadatabaseof
a few hundred7-secondexcerpts.[21] wasableto compare
continuousdistributionsover thousandsof completesongs,
usingthe EarthMover's Distanceto calculatedissimilarity
betweenmixturesof Gaussians.Therehavefollowedanum-
ber of papersre�ning the features,distancemeasures,and
evaluationtechniques,includingourown work [3–5,12]; [2]
providesanexcellentreview, wherethey characterizethese
approachesas“timbre similarity” to emphasizethatthey are
basedondistributionsof short-termfeaturesandignoremost
temporalstructure.

Particular tasksfor musicsimilarity arelargely de�ned
by theavailability of groundtruth. [30] popularizedtheuse
of genreclassi�cation,whereas[31] proposedartistidenti�-
cationasa moreinterestingtask,with theattractionof hav-
ing largely unambiguousground-truth.Here, we consider
versionsof boththesetasks.

Most work hassoughtto de�ne a low-dimensionalfea-
turespacein which similarity is simply Euclideandistance,
or measuredby theoverlapof featuredistributions.Here,we
usea morecomplex classi�er (the SVM) on top of an im-
plicit featurespaceof veryhighdimension;therelatedregu-
larizedleastsquaresclassi�er wasusedfor musicsimilarity
by [32]. TheFisherKerneltechniqueweusewasintroduced
for audioclassi�cationby [22].

1.2 RelevanceFeedback

While the ideaof relevancefeedbackhadbeenaroundfor
a numberof years,[28] �rst describedusing supportvec-
tor machinesfor active learning.[29] discussedtheversion
spaceof all possiblehyperplanesconsistentwith labeled
dataalongwith methodsfor reducingit asquickly aspossi-
ble to facilitateactive learning.[27,28] appliedSVM active
learningto text andimageretrieval.

Recently, improvementsin SVM active learning have
beenmadein theareasof sampleselection,scalability, and
multimodalsearch.[7] describeda numberof methodsfor
selectingthemostinformative databaseitemsto label,with
theanglediversity selectioncriterionproducingthebestac-
tiveretrieval results.Thesamepaperdescribesamultimodal
searchin which the usercan limit the pool of imagesto
searchby supplyingrelevantkeywords.In orderto scaleto
largedatabases,[19] describesmethodsfor disambiguating
searchconceptsand using a hierarchicaldatastructureto
moreef�ciently �nd datapoints.

[15,16] usedrelevancefeedbackfor musicretrieval, but
their approachsuffers from somelimitations.Their system
wasbasedon theTreeQvectorquantizationfrom [13], with
which they must re-quantizethe entiremusicdatabasefor
eachquery. Relevancefeedbackwas incorporatedinto the
modelby modifyingthequantizationweightsof desiredvec-
tors.Our approachcalculatesthe featuresof a songof�ine
andusesSVM activelearning,whichhasastrongtheoretical
justi�cation, to incorporateuserfeedback.

1. Seedthesearchwith representativesong(s).
2. Acquireinitial negative examplesby e.g.presentingrandomly

selectedsongsfor labeling
3. TrainanSVM onall labeledexamples
4. Presentthe userwith the mostrelevant songs(thosewith the

greatestpositivedistanceto thedecisionboundary)
5. If theuserwishesto re�ne thesearchfurther, presentthemost

informative songs(thoseclosestto thedecisionboundary)for
labelingandrepeat3-5.

Fig. 1 Summaryof SVM active learningalgorithm.

2 SVM ActiveRetrieval

SVM active learningcombinesthemaximummargin classi-
�cation of SVMs with ideasfrom relevancefeedback.See
Figure 1 for a summaryof the active learningalgorithm,
which lendsitself to both direct userinteractionandauto-
matedtesting.

2.1 SupportVectorMachines

The supportvectormachine(SVM) is a supervisedclassi-
�cation systemthat minimizesan upperboundon its ex-
pectederror. It attemptsto �nd the hyperplaneseparating
two classesof datathat will generalizebestto future data.
Sucha hyperplaneis thesocalledmaximummargin hyper-
plane,which maximizesthe distanceto the closestpoints
from eachclass.

Moreconcretely, givendatapointsf X0; : : :XNgandclass
labelsf y0; : : :yNg, yi 2 f� 1;1g, any hyperplaneseparating
thetwo dataclasseshastheform

yi(wTX i + b) > 0 8i: (1)

Let f wkg bethesetof all suchhyperplanes.Themaximum
margin hyperplaneis de�ned by

w =
N

å
i= 0

a iyiX i ; (2)

andb is setby theKarushKuhnTuckerconditions[6] where
thef a0;a1; : : : ;aNg maximize

LD =
N

å
i= 0

a i �
1
2

N

å
i= 0

N

å
j= 0

a ia jyiy jXT
i X j ; (3)

subjectto

N

å
i= 0

a iyi = 0 a i � 0 8i: (4)

For linearly separabledata,only a subsetof thea is will
benon-zero.Thesepointsarecalledthesupportvectorsand
all classi�cation performedby the SVM dependson only
thesepointsandno others.Thus,an identicalSVM would
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resultfrom atrainingsetthatomittedall of theremainingex-
amples.ThismakesSVMsanattractivecomplementto rele-
vancefeedback:if thefeedbacksystemcanaccuratelyiden-
tify thecritical samplesthatwill becomethesupportvectors,
trainingtime andlabelingeffort can,in thebestcase,bere-
duceddrasticallywith no impactonclassi�er accuracy.

Sincethe datapointsX only entercalculationsvia dot
products,onecantransformthemto anotherfeature space
via a function F (X). The representationof the datain this
featurespaceneednever be explicitly calculatedif thereis
anappropriateMercerkerneloperatorfor which

K(X i ;X j ) = F (X i) � F (X j ): (5)

Datathatis not linearlyseparablein theoriginal space,may
becomeseparablein this featurespace.In our implementa-
tion, weselecteda radialbasisfunction(RBF)kernel

K(X i ;X j ) = e� gD2(X i ;X j ) ; (6)

WhereD2(X i ;X j ) could be any distancefunction. SeeTa-
ble 1 for a list of thedistancefunctionsusedin our experi-
mentsandSection4 for adiscussionof them.Thusthespace
of possibleclassi�er functionsconsistsof linear combina-
tions of weightedGaussiansaroundkey training instances
[9].

2.2 ActiveLearning

In an active learningsystem,the userbecomesan integral
part of the learningandclassi�cationprocess.As opposed
to conventional(“passive”) classi�cationwherea classi�er
is trainedon a largepool of randomlyselectedlabeleddata,
an active learningsystemasksthe userto label only those
instancesthat would be most informative to classi�cation.
Learningproceedsbasedon the feedbackof the userand
relevant responsesare determinedby the individual user's
preferencesandinterpretations.

The duality betweenpoints andhyperplanesin feature
spaceand parameterspaceenablesSVM active learning.
Notice that that Equation(1) canbe interpretedwith X i as
pointsandwk ashyperplanesnormals,but it canalsobein-
terpretedwith wk aspointsandX i asnormals.This second
interpretationof theequationis known asparameterspace.
Within parameterspace,the set f wkg is known asversion
space, a convex region boundedby thehyperplanesde�ned
by the X i . Finding the maximummargin hyperplanein the
original spaceis equivalentto �nding thepoint at thecenter
of thelargesthyperspherein versionspace.

Theuser'sdesiredclassi�er correspondsto apoint in pa-
rameterspacethat theSVM active learnerwould like to lo-
cateasquickly aspossible.Labeleddatapointsplacecon-
straintsin parameterspace,reducingthesizeof theversion
space.Thefastestwayto shrinktheversionspaceis to halve
it with eachlabeledexample,�nding the desiredclassi�er
mostef�ciently . Whentheversionspaceis nearlyspherical,
the most informative point to label is that point closestto

thecenterof thesphere,i.e.closestto thedecisionboundary
[29]. In pathologicalcases,this is not true,nor is it truethat
thegreedystrategy of selectingall of thepointsclosestto the
decisionboundaryshrinkstheversionspacemostquickly.

In practice,however, we �nd thatthesesimplestrategies
performwell. [7] describeda numberof heuristicsfor �nd-
ing themostinformative pointsto labelanddeterminesthat
the anglediversity strategy performsbest.Angle diversity
balancesclosenessto the decisionboundarywith coverage
of the featurespace,while avoiding extra classi�er retrain-
ings.Thesparsenessof oursongsin featurespacemightob-
viatetheneedfor anexplicit enforcementof diversityin the
exampleschosenfor labeling.

Sincethe useronly seedsthe systemwith positive ex-
amples,the�rst setof songsto belabeledcannotbechosen
by a classi�er. While therearemany methodsfor choosing
these�rst songs,we �nd thesimplest,randomselection,to
work well in practice.Sincepositiveexamplesarerelatively
rarein thedatabase,many of therandomlychosenexamples
will benegative. Otherselectionmethodsincludechoosing
songsthatmaximallycover thefeaturespace,songsfarthest
from theseeds,songsclosestto theseeds,andsoforth.

Any activeretrieval systemmaysuffer from certainlimi-
tations.Thesmalltrainingsetmeansthatperformancecould
suffer from poorseedingor insuf�cient samplingof thedata.

3 Audio FeatureComponents

Sincethe �e xibility of an SVM active learnerdependson
thedescriptivepowerof thefeaturesonwhichit operates,we
experimentedwith anumberof featuresfor songrepresenta-
tion. All of thesefeatureshave thepropertythatthey reduce
every song,regardlessof its original length, into a �x ed-
sizevector. They areall basedon Gaussianmixturemodels
(GMMs) of mel-frequency cepstralcoef�cients (MFCCs).

3.1 Mel-Frequency CepstralCoef�cients

MFCCs are a short-timespectraldecompositionof audio
that convey the generalfrequency characteristicsimportant
to humanhearing.While originally developedto decouple
vocalexcitationfrom vocaltractshapefor automaticspeech
recognition[24], they havefoundapplicationsin otheraudi-
tory domainsincludingmusicretrieval [13,20].

In order to calculateMFCCs,the signal is �rst broken
into overlappingframes,eachapproximately25mslong, a
time scaleat which the signal is assumedto be stationary.
Thelog-magnitudeof thediscreteFouriertransformof each
window is warpedto theMel frequency scale,imitating hu-
man frequency and amplitudesensitivity. The inversedis-
cretecosinetransformdecorrelatesthese“auditory spectra”
and the so called “high time” portion of the signal,corre-
spondingto �ne spectraldetail, is discarded,leaving only
the generalspectralshape.The MFCCs we calculatedfor
the songsin our databasecontain13 coef�cients eachand,
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Fig. 2 Cross-validation of Gaussianmixture modelsusing different
numbersof Gaussiansanddifferenttrainingsets.

at a rateof 100 per second,a typical � ve minutesongwill
generate30,000temporalframes.

3.2 GaussianMixture Models

Certainfeatureswere basedon a single Gaussianmixture
modeltrainedon samplesfrom all of thesongsin thetrain-
ing set,while othersbuilt individual GMMs for eachsong.
In theformercase,wetrainedaGMM with diagonalcovari-
anceson0.2%of theMFCCframesselectedatrandomfrom
everysong.

In order to estimatethe correct numberof Gaussians
for our mixture, we measuredthe log-likelihood of mod-
els with different numbersof Gaussianson our validation
dataset.Resultsof thistestcanbeseenin Figure2.Thethree
linesin that�gure correspondto threedifferentmethodsfor
collectingtrainingsamples.While keepingthetotal number
of samplesthesame,thenumberof songssampledandthe
numberof samplesper songwasvaried.From the �gure it
is clearthat themodelthatbest�ts thedatais a mixtureof
somewherebetween50 and100Gaussians,independentof
the numberof songsusedin training.This resultprobably
doesnot hold beyond the caseof pop musicMFCCsmod-
eledwith GaussianMixtures,but it is interestingto seesuch
aconsistentresultevenfor thiscase.Thejumpsin likelihood
for GMMs with moreGaussiansaredueto over�tting of cer-
tainsound�les thatwerebrokenin acharacteristicway.

4 Audio Features

SeeTable1 for a summaryof featuresevaluatedin the ex-
periments.Eachfeatureusesits own distancefunctionin the
RBF kernelof Equation(6). We go into detail on eachof
themin thefollowing sections.The�rst threeuseGaussian
modelstrainedon individual songs,while secondthreere-
late eachsongto a global Gaussianmixture model of the

entirecorpus.Both of theseapproachesonly modelstation-
ary spectralcharacteristicsof music,averagedacrosstime,
andignorethehigher-ordertemporalstructure.

In thefollowing sections,X denotesmatricesof MFCCs,
xt denotesindividual MFCC frames.Songsareindexedby i
and j, GMM componentsby k. MFCC framesareindexed
in time by t and MFCC framesdrawn from a probability
distributionareindexedby n.

4.1 MFCCStatistics

This �rst featureis basedon themeanandcovarianceof the
MFCC framesof individual songs.In fact,it modelsa song
as just a singleGaussian,but usesa non-probabilisticdis-
tancemeasurebetweensongs.The featureitself is thecon-
catenationof themeanandtheunwrappedcovariancematrix
of a song's MFCC frames.Thesefeaturesare commonly
usedin speechprocessinge.g. for segmentinga recording
accordingto speaker turns[8,14]. Theselow orderstatistics
canonly representsimplerelationshipsbetweenMFCCs,but
our experimentsshow that they containmuchuseful infor-
mationaboutartists,styles,andmoods.

Thefeaturevectoris shown in Table1, wherethevec(�)
functionunwrapsor rasterizesanN� N matrix into aN2 � 1
vector. Featurevectorsarecomparedto oneanotherusinga
Mahalanobisdistance,wheretheSm andSS variablesaredi-
agonalmatricescontainingthevariancesof thefeaturevec-
torsoverall of thesongs.

4.2 SongGMMs

The secondfeaturelisted in Table1, modelssongsassin-
gle Gaussians.The maximumlikelihoodGaussiandescrib-
ing theMFCCframesof asongis parameterizedby thesam-
ple meanandsamplecovariance.To measurethe distance
betweentwo songs,onecancalculatetheKullback-Leibler
(KL) divergencebetweenthetwo Gaussians.While theKL
divergenceis not a truedistancemeasure,thesymmetrized
KL divergenceis, and can be usedin the RBF kernel of
Equation(6) [23].

For two distributions,p(x) andq(x), theKL divergences
is de�ned as,

KL(pjj q) �
Z

p(x) log
p(x)
q(x)

dx = Ep

�
log

p(X)
q(X)

�
: (7)

Thereis a closedform for the KL divergencebetweentwo
Gaussians,p(x) = N (x;mp;Sp) and q(x) = N (x;mq;Sq),
[25]

2KL(pjj q) = log
jSqj
jSpj

+ Tr(S� 1
q Sp)

+ (mp � mq)TS� 1
q (mp � mq) � d; (8)

Whered is the dimensionalityof the Gaussians.The sym-
metrizedKL divergenceshown in Table1 is simply

D2(X i ;X j ) = KL(X i jj X j ) + KL(X j jj X i) (9)
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Table1 Summaryof thefeaturescomparedin theexperiments.Seetext for explanationof variables.

GMM over Feature Parameters Representation DistancemeasureD2(X i ;X j )

MFCCStats 104 [mT vec(S)T ] (mi � mj )TS� 1
m (mi � mj ) + vec(Si � S j )TS� 1

S vec(Si � S j )

Song KL 1G 104 m;S tr(S� 1
i S j + S� 1

j Si) + (mi � mj )T (S� 1
i + S� 1

j )(mi � mj ) � 2d

KL 20G 520 f mk;Skgk= 1:::20
1
N å N

n= 1 log pi (xni)
p j (xni)

+ 1
N å N

n= 1 log p j (xnj )
pi (xnj )

GMM Posteriors 100 f 1
T å T

t= 1 logp(kj xt )gk= 1:::50 å 50
k= 1 log2 p(Xi j k)1=Ti

p(Xj j k)1=Tj

Corpus Fisher 650 f Ñmkgk= 1:::50 å 50
k= 1

�
Ñmk logp(X i j mk) � Ñmk logp(X j j mk)

� 2

FisherMag 50 fj Ñmk jgk= 1:::50 å 50
k= 1

�
jÑmk logp(X i j mk)j � jÑmk logp(X j j mk)j

� 2

Thethird featuremodelssongsasmixtureof Gaussians
learnedusing the EM algorithm and still comparesthem
usingthe KL divergence.Unfortunately, thereis no closed
form for the KL divergencebetweenGMMs, so it mustbe
approximatedusingMonteCarlomethods.Theexpectation
of a functionover a distribution, p(x), canbeapproximated
by drawing samplesfrom p(x) andaveragingthe valuesof
thefunctionatthosepoints.In thiscase,by drawing samples
x1; : : : ;xN � p(x), wecanapproximate

Ep

�
log

p(x)
q(x)

�
�

1
N

N

å
i= 1

log
p(xi)
q(xi)

: (10)

The distancefunction shown in Table1 for the “KL 20G”
featuresis thesymmetricversionof this expectation,where
appropriatefunctionsare calculatedover N samplesfrom
eachdistribution. We usedthe Kernel Density Estimation
toolbox from [17] for thesecalculations.As the numberof
samplesusedfor eachcalculationgrows,varianceof theKL
divergenceestimateshrinks.We useN = 2500samplesfor
eachdistanceestimateto balancecomputationtime andac-
curacy.

4.3 AnchorPosteriors

The fourth featurelisted in Table1 compareseachsongto
the GMM modelingour entiremusiccorpus.If the Gaus-
siansof the global GMM correspondto clustersof related
sounds,one can characterizea songby the probability it
camefrom eachof theseclusters.This featurecorresponds
to measuringthe posteriorprobability of eachGaussianin
themixture,given the framesfrom eachsong.To calculate
the posteriorover the whole songfrom the posteriorsfor
eachframe,

P(kj X) µ p(X j k)P(k) = P(k)
T

Õ
t= 1

p(xt j k) (11)

Thisfeaturetendsto saturate,generatinganonzeroposterior
for only a singleGaussian.In order to prevent this satura-
tion, we take thegeometricmeanof theframeprobabilities
insteadof theproduct.Thisdoesnotgive thetrueclasspos-
teriors,but only a “softened”versionof them

f (k) = P(k)
T

Õ
t= 1

p(xt j k)1=T µ
T

Õ
t= 1

p(kj xt)1=T : (12)

Sincethey arenotproperprobabilityfunctions,thereis little
justi�cation for comparingthemwith anything but the Eu-
clideandistance.

4.4 FisherKernel

The�nal two featuresarebasedon theFisherkernel,which
[18] describedasa methodfor summarizingthe in�uence
of the parametersof a generative modelon a collectionof
samplesfrom that model. In this case,the parameterswe
considerarethemeansof theGaussiansin theglobalGMM.
Thisprocessdescribeseachsongby thepartialderivativesof
thelog likelihoodof thesongwith respectto eachGaussian
mean.From[22],

Ñmk logP(X j mk) =
T

å
t= 1

P(kj xt)S� 1
k (xt � mk): (13)

whereP(kj xt) is the posteriorprobability of the kth Gaus-
sian in the mixture given MFCC frame xt , and mk and Sk
arethemeanandvarianceof thekth Gaussian.This process
thenreducesarbitrarily sizedsongsto 650dimensionalfea-
turevectors(50meanswith 13dimensionseach).

SincetheFisherkernelis agradient,it measuresthepar-
tial derivative with respectto changesin eachdimensionof
eachGaussian's mean.A morecompactfeatureis themag-
nitudeof thegradientwith respectto eachGaussian'smean.
While the full Fisherkernelcreatesa 650dimensionalvec-
tor, theFisherkernelMagnitudeis only 50dimensional.

5 Experiments

In order to thoroughlytest the SVM active musicretrieval
system,we comparedthe various featuresto one another
and,using the best feature,examinedthe relationshipbe-
tweenprecisionat 20 andnumberof exampleslabeledper
active retrieval round.

5.1 Dataset

We ran our experimentson a subsetof the uspop2002col-
lection[5,11]. To avoid thesocalled“producereffect” [31]
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Table2 Themoodsandstyleswith themostsongs

Mood Songs Style Songs

Rousing 527 Pop/Rock 730
Energetic 387 AlbumRock 466
Playful 381 HardRock 323
Fun 378 Adult Contemporary 246
Passionate 364 Rock& Roll 226

in which songsfrom the samealbum shareoverall spec-
tral characteristicsthatcouldoverwhelmany similaritiesbe-
tweenalbums,we designatedall of the songsfrom an al-
bumastraining,testing,or validation.To beableto separate
albums in this way, we choseartistswho had at least� ve
albumsin uspop2002, threealbumsfor trainingandtwo for
testing,eachwith atleasteighttracks.Thevalidationsetwas
madeupof any albumstheselectedartistshadin uspop2002
in additionto those� ve andusedfor tuningmodelparame-
ters.In total therewere18 artists(out of 400)with enough
albums,seeTable5 for a completelist of theartistsandal-
bumsincludedin our experiments.In total, we used90 al-
bumsby those18artists,containing1210songsdividedinto
656training,451testing,and103validationsongs.

5.2 Evaluation

Sincethegoalof SVM active learningis to quickly learnan
arbitrary classi�cation, any binary categorizationof songs
canbe usedasgroundtruth. The categorieswe testedour
systemonwereAMG moods,AMG styles,andartists.

TheAll Music Guide(AMG) is a websiteandbookthat
reviews,rates,andcategorizesmusicandmusicians[1]. Two
of our groundtruth categorizationscamefrom AMG, the
“mood” and “style” of the music. In their glossary, AMG
de�nes moodsas “adjectives that describethe soundand
feelof asong,album,or overall bodyof work,” for example
acerbic,campy, cerebral,hypnotic, rollicking, rustic, silly,
andsleazy. While AMG neverexplicitly de�nesthem,styles
aresub-genrecategoriessuchas“punk-pop,” “prog-rock/art
rock,” and“speedmetal.” In ourexperiments,weusedstyles
andmoodsthatincluded50or moresongs,whichamounted
to 32stylesand100moods.SeeTable2 for a list of themost
popularmoodsandstyles.

Due to the diversity of the 18 artistschosenfor evalu-
ation, somemoodscontainidenticalcategorizationsof our
music,leaving 78distinctmoodsoutof theoriginal100.For
thesamereason,12 of the32 stylescontainall of thework
of only asingleartist.

While AMG in generalonly assignsmoodsandstylesto
albums andartists,for the purposesof our testing,we as-
sumedthatall of thesongson analbum couldbedescribed
by the samemoodsand styles,namelythoseattributed to
that album. This assumptiondoesnot necessarilyhold, for
examplewith aballadonanotherwiseupbeatalbum.Weare
looking into waysof inferring thesesortsof labelsfor indi-
vidualsongsfrom collectionsof albumlabelsandameasure
of acousticsimilarity.

Artist identi�cation is the task of identifying the per-
former of a songgiven only the audioof that song.While
a songcanhave many stylesandmoods,it canhave only
oneartist,makingthis thegroundtruth of choicefor our N-
wayclassi�cationtestof thevariousfeaturesets.Notethata
systembasedon this work, usingconventionalSVM classi-
�cation of singleGaussianKL divergence,outperformedall
otherartistidenti�cation systemsataninternationalcompe-
tition, MIREX 2005[10].

5.3 Experiments

The�rst experimentcomparedthefeaturesonpassiveartist,
mood,andstyle retrieval to determineif oneclearly domi-
natedtheothers.For theartistgroundtruth, thesystempre-
dictedthe uniqueperformingartist (out of the possible18)
for eachsongin thetestset,aftertrainingontheentiretrain-
ing set. Insteadof a binary SVM, it useda DAGSVM to
performthemulti-classlearningandclassi�cation[26]. We
provide theseresultsto compareagainstotherauthors'sys-
temsandto comparefeaturesto oneanother, but they arenot
directly applicableto the SVM active learningtask,which
only learnsonebinarycategorizationata time.

For the moodandstyle groundtruth andfor the active
retrieval tasks,we evaluatedthe successof retrieval by the
precisionon the top 20 songsreturnedfrom the testset.In
orderto ranksongs,they weresortedby their distancefrom
thedecisionboundary, asin [27]. Precision-at-20focuseson
thepositiveexamplesof eachclass,becausefor sparsecate-
goriesa classi�er that labelseverythingasnegative is quite
accurate,but neitherhelpful in retrieving musicnor interest-
ing. Scoresareaggregatedover all categoriesin a taskby
takingthemean,for example,themoodscoreis themeanof
thescoresonall of theindividualmood.

Onejusti�cation for this evaluationmetric is that when
searchinglargedatabases,userswouldlikethe�rst resultsto
bemostrelevant(precision),butdonotcarewhetherthey see
all of therelevantexamples(recall).Wechosethenumber20
becausetheminimumnumberof songsin eachgroundtruth
category was50, andthetrainingsetcontainsroughly40%
of the songs,giving a minimum of approximately20 cor-
rectresultsin eachtestcategory. This thresholdis of course
adjustableandonemayvary thescaleof themeasuredper-
formancenumbersby adjustingit. It alsohappensthatthese
features'precision-at-20scoresarequite distinct from one
another, facilitatingmeaningfulcomparison.

Thesecondexperimentcomparesdifferentsizedtraining
setsin eachroundof active learningon thebest-performing
features,MFCC Statistics.Active learningshould require
fewer labeledexamplesto achievethesameaccuracy aspas-
sive learningbecauseit choosesmoreinformative examples
to be labeled�rst. To measureperformance,we compared
meanprecisionon the top 20 resultson the sameseparate
testalbums.

In this experimentwe compared� ve different training
group sizes.In eachtrial, an active learnerwas randomly
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Fig. 3 ActiveLearningGraphicalUserInterface.

seededwith 5 elementsfrom within theclass,corresponding
to a usersupplyinginitial exemplars.The learnerthenper-
formedsimulatedrelevancefeedbackwith 2, 5, 10, and20
songsperround.A �nal classi�erperformedonly oneround
of learning with 50 examples,equivalent to conventional
SVM learning.Thesimulationsstoppedoncethelearnerhad
labeled50 resultssothatthedifferenttrainingsetscouldbe
compared.

5.4 UserInterface

In additionto testingthesystemwith �x edqueries,we also
developedagraphicalinterfacefor usersto interactwith the
systemin realtimewith realqueries.A few colleagueswere
encouragedto evaluatethe system(on a differentdatabase
of songs)with queriesof theirchoosing,includingjazz,rap,
rock,punk,femalevocalists,etc.

Thegraphicaluserinterfaceis displayedin Figure3.The
userselectsa representative seedsongto begin the search.
Thesystempresentssix songsto labelassimilaror dissimi-
lar to theseedsongaccordingto thecategorizationtheuser
hasin mind.A songmaybeleft unlabeled,in which caseit
will not affect the classi�er, but will be excludedfrom fu-
ture labeling.Labeledsongsaredisplayedat thebottomof
theinterface,andthebestrankedsongsaredisplayedin the
list to theright. At any time, theusermayclick onasongto
heara representative segmentof it. After eachclassi�cation
round,theuseris presentedwith six new songsto labeland
mayperformtheprocessasmany timesasdesired.

5.5 Results

The resultsof the featurecomparisonexperimentcan be
seenin Table3. In general,theMFCC statisticsoutperform
theotherfeatures.In themoodidenti�cation task,theFisher
kernel'sprecision-at-20is slightly higher, but theresultsare
quite comparable.The singleGaussianKL divergencefea-
turesworkedwell for multi-classclassi�cation,but lesswell

Table 3 Comparisonof variousaudio features:accuracy on 18-way
artist classi�cationandprecision-at-20for moodandstyle identi�ca-
tion.

Accuracy Precision-at-20
Feature Artist 18-way Mood ID StyleID

MFCCStats .682 .497 .755
FisherKernel .543 .508 .694
KL 1G .640 .429 .666
FisherKerMag .398 .387 .584
KL 20G .386 .343 .495
GMM Posterior .319 .376 .463

Table 4 Precision-at-20on testsetof classi�erstrainedwith different
numbersof examplesper roundor conventional(passive) training,all
trainedwith 50examplestotal.

Examplesperround
GroundTruth 2 5 10 20 Conv.

Style .691 .677 .655 .642 .601
Artist .659 .667 .637 .629 .571
Mood .444 .452 .431 .395 .405

for thebinarytaskswhich aremorerelevantto active learn-
ing.

The resultsof the active retrieval experimentscan be
seenin Figure4. The�gure shows that,aswe expected,the
quality of the classi�er dependson the numberof rounds
of relevancefeedback,not only on the absolutenumberof
labeledexamples.Speci�cally, a larger numberof retrain-
ingswith fewernew labelselicitedpercycle leadsto abetter
classi�er, sincetherearemoreopportunitiesfor thesystem
to choosethe examplesthat will be most helpful in re�n-
ing the classi�er. This shows the power of active learning
to selectinformative examplesfor labeling.Notice that the
classi�ersall performat aboutthesameprecisionbelow 15
labeledexamples,with thesmallerexamples-per-roundsys-
temsactuallyperformingworsethanthe largerones.Since
thelearneris seededwith � vepositiveexamples,it maytake
the smallersamplesizesystemsa few roundsof feedback
beforea reasonablemodelof thenegative examplescanbe
built.

Comparingthe groundtruth setsto oneanother, it ap-
pearsthat the systemperformsbest on the style identi�-
cationtask,achieving a maximummeanprecision-at-20of
0.691on the testset,only slightly worsethanthe conven-
tional SVM trainedon theentiretrainingsetwhich requires
more than13 timesasmany labels.SeeTable4 for a full
listing of the precision-at-20of all of the classi�ers on all
of the datasetsafter labeling 50 examples.On all of the
groundtruth sets,the active learnercan achieve the same
meanprecision-at-20with only 20 labeledexamplesthat a
conventionalSVM achieveswith 50.

6 Discussionand Futur eWork

As expected,labelingmoresongsperroundsuffersfrom di-
minishingreturns;performancedependsmostheavily onthe
numberof roundsof activelearninginsteadof thenumberof
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Fig. 4 Performanceincreasedueto activelearningfor (a)artistidenti�cation, (b) moodclassi�cation,and(c) styleclassi�cation.Theplotsshow
themeanprecisionin the top 20 resultsover the testsetasthenumberof examplesper roundis varied.Thesolid line without symbolsshows
theperformanceof conventionalSVMs trainedon thesamenumberof examples.

labeledexamples.This resultis a productof thesuboptimal
division of the versionspacewhenlabelingmultiple songs
simultaneously.

Small feedbacksets,however, do suffer from the initial
lack of negative examples.Usingfew trainingexamplesper
round of feedbackcan actually hurt performanceinitially
becausethe classi�er hastroubleidentifying examplesthat
would bemostdiscriminative to label. It might beadvanta-
geous,then,to begin training on a larger numberof exam-
ples– perhapsjust for the “special” �rst round– andthen,
onceenoughnegative exampleshave beenfound,to reduce
thesizeof thetrainingsetsin orderto increasethespeedof
learning.

It is alsointerestingthat theKL divergencefeaturesdid
notperformaswell aseithertheFisherkernelor theMFCC
statistics.This is especiallysurprisingbecauseKL diver-
gencebetweensingleGaussiansusesexactly thesamefea-
turevectorto characterizeeachsongasMFCCstatisticsand
is moremathematicallyjusti�ed. Evenmoresurprisingis the
performancedegradationof GMMs with 20 componentsas
comparedto single Gaussians.This discrepancy could be
due to inadequateMonte Carlo samplingwhen measuring
the KL divergencebetweenGMMs. More likely, however,
is thattheoff-diagonalelementsin thesingleGaussian's full
covariancematrix aid discriminationmorethanbeingable
to useamixtureof diagonalcovarianceGaussians.

We have alsocreateda java demonstrationof an alter-
native interfaceto the system,an automaticplaylist gener-
ator. A screenshotcanbe seenin Figure5, andthe demo
canbe downloadedfrom our website1. This playlist gener-
ator seamlesslyintegratesrelevancefeedbackwith normal
music-listeninghabits,for instanceby interpretingtheskip-
ping of a songas a negative label for the currentsearch,
while playing it all the way throughwould label it as de-
sirable.Theclassi�er is retrainedaftereachsongis labeled,
converging to thebestclassi�er asquickly aspossible.

Using this playlist generatorcangive quitestartlingre-
sultsasthesystemaccuratelyinferstheuser'scriteria.It also

1 http://labrosa.ee.columbia.edu/projects/
playlistgen/

Fig. 5 Screenshotof theSVM active learningautomaticplaylist gen-
erator.

highlightshow neatlytheactive learningparadigmmatches
a music listeningactivity in two ways.First, the the user's
labelscanbe obtainedtransparentlyfrom their choiceover
whetherto skip a song.And second,for music,listeningto
the selectedexamplesis not just a choreundertaken to su-
perviseclassi�er training, but can also be the goal of the
process.

MFCC statisticsserve as a �e xible representationfor
songs,able to adequatelydescribemusicalartists,moods,
andstyles.Moreover, wehaveshown thatSVM activelearn-
ing can improve the resultsof music retrieval searchesby
�nding relevant resultsfor a user's query more ef�ciently
thanconventionalSVM retrieval.
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for their helpful suggestions.



SupportVectorMachineActiveLearningfor MusicRetrieval 9

Table5 Artistsandalbumsfrom uspop2002includedin experiments.NotethatD1, D2, etc.referto the�rst andseconddiscin amultidiscset.

Artist Training Testing Validation

Aerosmith A Little South of Sanity D1, Nine Lives,
Toys in theAttic

A Little Southof SanityD2, LiveBootleg

Beatles Abbey Road, Beatles for Sale, Magical
MysteryTour

1, A HardDay'sNight Revolver

BryanAdams LiveLiveLive,Reckless,SoFarSoGood On a Day Like Today, Waking Up the
Neighbors

CreedenceClearwater
Revival

Live in Europe,TheConcert,Willy andthe
PoorBoys

Cosmo'sFactory, Pendulum

DaveMatthewsBand Live at Red Rocks D1, RememberTwo
Things,UndertheTableandDreaming

BeforeTheseCrowdedStreets,Live at Red
RocksD2

Crash

DepecheMode Music for theMasses,SomeGreatReward,
Ultra

BlackCelebration,PeoplearePeople Violator

FleetwoodMac LondonLive '68, Tangoin the Night, The
Dance

FleetwoodMac,Rumours

GarthBrooks FreshHorses,No Fences,Ropin' theWind In Pieces,TheChase GarthBrooks
Genesis From Genesis to Revelations, Genesis,

Live:TheWayWeWalk Vol 1
InvisibleTouch,WeCan't Dance

GreenDay Dookie,Nimrod,Warning Insomniac,Kerplunk
Madonna Music,YouCanDance,I'm Breathless BedtimeStories,Erotica LikeA Prayer
Metallica Live S—: Binge and Purge D1, Reload,

S&M D1
LiveS—:BingeandPurgeD3, Load S&M D2

PinkFloyd DarkSideof theMoon,PulseD1,WishYou
WereHere

DelicateSoundof ThunderD2, The Wall
D2

TheWall D1

Queen Live Magic, News of the World, Sheer
HeartAttack

A Kind of Magic,A Night at theOpera LiveKillers D1

Rolling Stones GetYer Ya-Ya's Out,Got Live if You Want
It, SomeGirls

Still Life: AmericanConcert1981,Tattoo
You

Roxette Joyride,Look Sharp,Tourism Pearlsof Passion,RoomService
TinaTurner Live in Europe D1, Twenty Four Seven,

WildestDreams
PrivateDancer, Live in EuropeD2

U2 All That You Can't Leave Behind, Rattle
andHum,UnderaBloodRedSky

TheJoshuaTree,TheUnforgettableFire Zooropa
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