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Abstract Searchingand organizing growing digital music
collectionsrequiresa computationalmodel of music simi-
larity. This paperdescribesa systemfor performing e xi-
ble musicsimilarity queriesusingSVM active learning.We
evaluatedhe successf our systemby classifying1210pop
songsaccordingto moodand style (from an online music
guide)andby the performingartist.In comparinga number
of representationr songswe foundthe statisticsof mel-
frequeny cepstralkcoefcients to performbestin precision-
at-20comparisonsWe alsoshav thatby choosingtraining
examplesntelligently, active learningrequireshalf asmary
labeledexampledo achieve the sameaccuray asastandard
scheme.
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musicclassi cation

1 Intr oduction

As thesizeof digital musiclibrariesgrows, identifying mu-
sicto listento from a personakollectionor to buy from an
onlineretailerbecomesncreasinglydif cult. Since nding
songsthat are similar to eachotheris time consumingand
eachuserhasunique opinions,we would like to createa
e xible, open-ende@pproacto musicretrieval.

Our solutionis to userelevancefeedback,speci cally
SupportVector Machine(SVM) active learning,to learna
classi er for eachquery A searchis thena mappingfrom
low level audiofeaturego higherlevel conceptsgcustomized
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to eachuser To begin asearchtheuserpresentshe system
with one or more examplesof songsof interestor “seed”
songsThesystemtheniteratesbetweertraininganew clas-
si er on labeledsongsand soliciting new labelsfrom the

userfor informative examples Searchproceedsgjuickly, and
atevery stagethe systemsuppliests bestestimateof appro-
priate songs.Sinceit takesa signi cant amountof time to

listento eachsongreturnedby asearchpur systemattempts
to minimizethe numberof songsthata usermustlabelfor a

query

Active learninghastwo main advantagesover conven-
tional SVM classi cation.First, by presentinghe userwith
and training on the mostinformative songs,the algorithm
canachieve the sameclassi cation performancevith fewer
labeledexamples.Second by allowing the userto dynam-
ically label the set of instancesa single systemmay per
form any numberof classi cationandretrieval tasksusing
the sameprecomputedset of featuresand classi er frame-
work. For example,the systemmay be usedto searchfor
femaleartists,happy songsor psychedelianusic.

This e xibility dependson the information the acous-
tic featurevectorsmale explicit, leadingto our comparison
of variousfeaturesfor thesetasks.On a collectionof 1210
popsongsthefeatureghatproducedhemostaccuratertist
classi er werethe statisticsof MFCCs calculatedover en-
tire songs.Thesesamefeaturesachieved the bestprecision
onthetop 20rankedresultsfor musiccateyorizationsculled
from allmusic.com.

We have alsodevelopedanautomatidesterfor our SVM
active learningsystem shaving thatan SVM active learner
trainedwith half asmary examplescanperformaswell as
anormalSVM or, alternately canincreasets precisionby
ten percentaggointswith the samenumberof labeledex-
amples.

1.1 Music Similarity
Theideaof judgingthe similarity of musicby a directcom-

parisonof audiocontentwasproposedy [13]. For computa-
tional simplicity, his systemuseddiscretedistributionsover
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vectorquantizeisymbolsandwasevaluatecdbnadatabasef
afew hundred7-secondexcerpts.[21] wasableto compare
continuoudistributionsover thousand®f completesongs,
usingthe Earth Mover's Distanceto calculatedissimilarity
betweemmixturesof GaussiansTherehavefollowedanum-
ber of papersre ning the featuresdistancemeasuresand
evaluationtechniquesincludingourown work [3-5,12]; [2]
providesan excellentreview, wherethey characterizéhese
approacheas‘“timbre similarity” to emphasize¢hatthey are
basedndistributionsof short-ternfeaturesandignoremost
temporalstructure.

Particulartasksfor musicsimilarity arelargely de ned
by the availability of groundtruth. [30] popularizedhe use
of genreclassi cation,whereag31] proposedartistidenti -
cationasa moreinterestingtask,with the attractionof hav-
ing largely unambiguougground-truth.Here, we consider
versionsof boththesetasks.

Most work hassoughtto de ne a low-dimensionafea-
ture spacean which similarity is simply Euclideandistance,
or measuredby theoverlapof featuredistributions.Here,we
usea more comple classi er (the SVM) on top of anim-
plicit featurespaceof very highdimensiontherelatedregu-
larizedleastsquarexlassi er wasusedfor musicsimilarity
by [32]. TheFisherKerneltechniqueve usewasintroduced
for audioclassi cationby [22].

1.2 RelevanceFeedback

While the ideaof relevancefeedbackhad beenaroundfor
a numberof years,[28] rst describedusing supportvec-
tor machinedor active learning.[29] discussedhe version
spaceof all possiblehyperplanesconsistentwith labeled
dataalongwith methoddor reducingit asquickly aspossi-
ble to facilitateactive learning.[27,28] appliedSVM active
learningto text andimageretrieval.

Recently improvementsin SVM active learning have
beenmadein the areasof sampleselection scalability and
multimodal search[7] describeda numberof methodsfor
selectingthe mostinformative databaséemsto label, with
theanglediversity selectioncriterion producingthe bestac-
tiveretrieval results Thesamepaperdescribesamultimodal
searchin which the usercan limit the pool of imagesto
searchby supplyingrelevant keywords.In orderto scaleto
large databased;19] describesnethodsfor disambiguating
searchconceptsand using a hierarchicaldata structureto
moreefciently nd datapoints.

[15,16] usedrelevancefeedbackfor musicretrieval, but
their approachsuffers from somelimitations. Their system
wasbasedon the TreeQvectorquantizatiorfrom [13], with
which they mustre-quantizethe entire music databasdor
eachquery Relerancefeedbackwas incorporatednto the
modelby modifyingthequantizatiorweightsof desiredvec-
tors. Our approactcalculateghe featuresof a songofine
andusesSVM activelearning whichhasastrongtheoretical
justi cation, to incorporateuserfeedback.

. Seedthesearchwith representate song(s).

. Acquireinitial negative examplesby e.g.presentingandomly
selectedsongsfor labeling

. TrainanSVM onall labeledexamples

. Presenthe userwith the mostrelevant songs(thosewith the
greatespositive distanceto the decisionboundary)

. If theuserwishesto re ne the searcHurther, presenthe most
informative songs(thoseclosestto the decisionboundary)or
labelingandrepeat3-5.

Hw N =

[

Fig. 1 Summaryof SVM actie learningalgorithm.

2 SVM Active Retrieval

SVM active learningcombineghe maximummargin classi-

cation of SVMs with ideasfrom relevancefeedback See
Figure 1 for a summaryof the active learningalgorithm,
which lendsitself to both direct userinteractionand auto-
matedtesting.

2.1 SupportVectorMachines

The supportvector machine(SVM) is a supervisectlassi-

cation systemthat minimizesan upperboundon its ex-
pectederror It attemptsto nd the hyperplaneseparating
two classeof datathatwill generalizebestto future data.
Sucha hyperplanes the so calledmaximummaigin hyper
plane,which maximizesthe distanceto the closestpoints
from eachclass.

More concretelygivendatapointsf Xo;::: Xygandclass
labelsfyo;:::yng, ¥ 2 T 1;1g, ary hyperplaneseparating
thetwo dataclassehastheform
yi(w'X; + b) > 08i: (1)
Let f wgg bethe setof all suchhyperplanesThe maximum
magin hyperplands de ned by

N
w= g ayiXi;
i=0

@)

andb is setby theKarushKuhnTucker conditiong6] where

& 18 8 T

Lo= a ai >ad aiajyiyjXi Xj; (3)
i=0 i=0j=0

subjectto

N

aayi=0 a 08i (4)

0

For linearly separablelata,only a subsebf the a;s will
benon-zero.Thesepointsarecalledthe supportvectos and
all classi cation performedby the SVM dependson only
thesepointsand no others.Thus,an identical SVM would
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resultfrom atrainingsetthatomittedall of theremainingex-
amplesThis makesSVMs anattractve complemento rele-
vancefeedbackif thefeedbacksystemcanaccuratelyiden-
tify thecritical sampleghatwill becomahesupportvectors,
trainingtime andlabelingeffort can,in the bestcase bere-
duceddrasticallywith noimpacton classi er accurag.
Sincethe datapoints X only entercalculationsvia dot
products,one cantransformthemto anotherfeature space
via a function F (X). The representationf the datain this
featurespaceneednever be explicitly calculatedf thereis
anappropriateMercerkerneloperatorfor which
K(Xi;X;) = F(Xi) F(X)): (5)
Datathatis notlinearly separablén the original spacemay
becomeseparablén this featurespaceln ourimplementa-
tion, we selectedaradialbasisfunction (RBF) kernel
K(Xi;Xj) = e XX, (6)
Where D2(Xi;Xj) could be ary distancefunction. SeeTa-
ble 1 for alist of the distancefunctionsusedin our experi-
mentsandSectiord for adiscussiorof them.Thusthespace
of possibleclassi er functionsconsistsof linear combina-
tions of weightedGaussianaroundkey training instances

[9].

2.2 Active Learning

In an active learningsystem,the userbecomesan integral
part of the learningand classi cation processAs opposed
to corventional(“passve”) classi cationwherea classi er
is trainedon a large pool of randomlyselectedabeleddata,
an active learningsystemasksthe userto label only those
instanceghat would be mostinformative to classi cation.
Learning proceedshasedon the feedbackof the userand
relevant responsesre determinecby the individual users
preferenceandinterpretations.

The duality betweenpoints and hyperplanesn feature
spaceand parameterspaceenablesSVM active learning.
Notice thatthat Equation(1) canbe interpretedwith X; as
pointsandwy ashyperplanesiormals,but it canalsobein-
terpretedwith wy aspointsandX; asnormals.This second
interpretationof the equationis knowvn asparametespace.
Within parameteispace the setfwyg is knowvn asversion
space a corvex region boundedby the hyperplanesie ned
by the X;. Finding the maximummaugin hyperplanein the
original spacds equialentto nding thepointatthecenter
of thelargesthyperspherén versionspace.

Theusersdesiredclassi er correspond$o apointin pa-
rameterspacethatthe SVM active learnerwould like to lo-
cateasquickly aspossible.Labeleddatapointsplacecon-
straintsin parametespacereducingthe sizeof the version
spaceThefastestvayto shrinktheversionspaces to halve
it with eachlabeledexample, nding the desiredclassi er
mostef ciently . Whentheversionspaces nearlyspherical,
the mostinformative point to label is that point closestto

thecenterof thespherej.e. closesto thedecisionboundary
[29]. In pathologicalcasesthis is nottrue, noris it truethat
thegreedystratgy of selectingall of the pointsclosesto the
decisionboundaryshrinkstheversionspacemostquickly.

In practice however, we nd thatthesesimplestratgjies
performwell. [7] describeda numberof heuristicsfor nd-
ing the mostinformative pointsto labelanddetermineghat
the angle diversity stratgy performsbest. Angle diversity
balanceslosenesso the decisionboundarywith coverage
of the featurespacewhile avoiding extra classi er retrain-
ings. The sparsenessf our songsn featurespacemight ob-
viatethe needfor anexplicit enforcemenof diversityin the
exampleschoserfor labeling.

Sincethe useronly seedsthe systemwith positive ex-
amplesthe rst setof songsto belabeledcannotbechosen
by a classi er. While thereare mary methodsfor choosing
theserst songswe nd the simplestrandomselectionto
work well in practice Sincepositve examplesarerelatively
rarein thedatabasenary of therandomlychoserexamples
will be negative. Otherselectionmethodsnclude choosing
songsthatmaximally cover the featurespace songsfarthest
from the seedssongsclosesto theseedsandsoforth.

Any active retrieval systenmmaysuffer from certainlimi-
tations.Thesmalltrainingsetmeanghatperformanceould
suffer from poorseedingr insufcient samplingof thedata.

3 Audio Feature Components

Sincethe exibility of an SVM active learnerdependson
thedescriptve powerof thefeaturenwhichit operateswe
experimentedvith anumberof featuredor songrepresenta-
tion. All of thesefeatureshave the propertythatthey reduce
every song,regardlessof its original length,into a x ed-
sizevector They areall basedon Gaussiammixture models
(GMMs) of mel-frequeng cepstrakcoefcients (MFCCSs).

3.1 Mel-Frequeng CepstralCoefcients

MFCCs are a short-time spectraldecompositionof audio
that corvey the generalfrequeng characteristicimportant
to humanhearing.While originally developedto decouple
vocalexcitationfrom vocaltractshapeor automaticspeech
recognition[24], they have foundapplicationsn otheraudi-
tory domainsincludingmusicretrieval [13,20].

In orderto calculateMFCCs,the signalis rst broken
into overlappingframes,eachapproximately25mslong, a
time scaleat which the signalis assumedo be stationary
Thelog-magnitudeof the discreteFouriertransformof each
window is warpedto the Mel frequeng scale,imitating hu-
man frequeny and amplitudesensitvity. The inversedis-
cretecosinetransformdecorrelateshese‘auditory spectra”
andthe so called “high time” portion of the signal, corre-
spondingto ne spectraldetail, is discarded)eaving only
the generalspectralshape.The MFCCs we calculatedfor
the songsin our databaseontain13 coefcients eachand,
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Fig. 2 Cross-walidation of Gaussiarmixture modelsusing different
numbersf Gaussiananddifferenttrainingsets.

at arate of 100 perseconda typical ve minutesongwill
generate30,000temporalframes.

3.2 GaussiaMixture Models

Certainfeatureswere basedon a single Gaussiammixture
modeltrainedon sampledrom all of the songsin thetrain-
ing set,while othershuilt individual GMMs for eachsong.
In theformercasewe traineda GMM with diagonalcovari-
ancen0.2%of theMFCC framesselectedatrandomfrom
every song.

In orderto estimatethe correctnumberof Gaussians
for our mixture, we measuredhe log-likelihood of mod-
els with differentnumbersof Gaussian®n our validation
datasetResultof thistestcanbeseenn Figure2. Thethree
linesin that gure correspondo threedifferentmethoddor
collectingtraining samplesWhile keepingthetotal number
of sampleghe same the numberof songssampledandthe
numberof sampleger songwasvaried. Fromthe gure it
is clearthatthe modelthatbest ts the datais a mixture of
someavherebetweens0 and 100 Gaussiansindependenof
the numberof songsusedin training. This resultprobably
doesnot hold beyond the caseof pop musicMFCCsmod-
eledwith GaussiaMixtures,but it is interestingto seesuch
aconsistentesultevenfor thiscaseThejumpsin likelihood
for GMMs with moreGaussianaredueto over tting of cer
tainsound les thatwerebrokenin acharacteristiavay.

4 Audio Features

SeeTablel for a summaryof featuresevaluatedin the ex-
perimentsEachfeatureusests own distanceunctionin the
RBF kernel of Equation(6). We go into detail on eachof
themin the following sectionsThe rst threeuseGaussian
modelstrainedon individual songs,while secondthreere-
late eachsongto a global Gaussiarmixture model of the

entirecorpus.Both of theseapproachesnly modelstation-
ary spectralcharacteristicef music,averagedacrosstime,
andignorethe higherordertemporalstructure.

In thefollowing sectionsX denotesnatricesof MFCCs,
¥ denotesndividual MFCC frames.Songsareindexedby i
and j, GMM componentdy k. MFCC framesareindexed
in time by t and MFCC framesdravn from a probability
distribution areindexed by n.

4.1 MFCC Statistics

This rst featureis basednthemeanandcovarianceof the
MFCC framesof individual songsln fact,it modelsa song
asjust a single Gaussianput usesa non-probabilisticdis-
tancemeasurebetweensongs.The featureitself is the con-
catenatiorof themeanandtheunwrappedovariancematrix
of a songs MFCC frames. Thesefeaturesare commonly
usedin speechprocessinge.g.for sgmentinga recording
accordingto spealerturns[8, 14]. Thesdow orderstatistics
canonly represensimplerelationshipbetweerMFCCs,but
our experimentsshav that they containmuch usefulinfor-
mationaboutartists,styles,andmoods.

Thefeaturevectoris shavn in Tablel, wheretheved )
functionunwrapsor rasterizeanN N matrixintoaN? 1
vector Featurevectorsarecomparedo oneanotherusinga
Mahalanobiglistancewherethe S,,andSs variablesaredi-
agonalmatricescontainingthe varianceof the featurevec-
torsoverall of thesongs.

4.2 SongGMMs

The secondfeaturelisted in Table 1, modelssongsas sin-
gle GaussiansThe maximumlik elihood Gaussiardescrib-
ing theMFCC framesof asongis parameterizetly thesam-
ple meanand samplecovariance.To measurehe distance
betweentwo songs,onecancalculatethe Kullback-Leibler
(KL) divergencebetweenthetwo GaussiansWhile the KL
divergenceis not a true distancemeasurethe symmetrized
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,

z
KL(pij 0 o0 O

p(x) log
Thereis a closedform for the KL divergencebetweentwo
Gaussiansp(x) = N (x;m; Sp) andg(x) = N (X, my; &),
[25]

p(¥) P(X)

dx= Ep log

R -

= log: %
2KL(pjjq) = log 1S
+(m m)'S;M(m m) d; ®)

Whered is the dimensionalityof the GaussiansThe sym-
metrizedKL divergenceshowvn in Tablel is simply

D?(Xi;X) = KL(Xi]i X;) + KL(Xji Xi)

+Tr(S,'Sp)

9)
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Table1l Summaryof thefeaturescomparedn the experiments Seetext for explanationof variables.

GMM over Feature Parameters Representation Distancemeasurdd?(X;; X;)
MFCC Stats 104 [nT ved S)T] (m m)7S(m m)+vedS Sj)TS;lvedS S)
Song KL 1G 104 mS tr(S 'Sj+ S;1S)+(m m)T(S *+ S H(m m) 2d
KL 20G 520 f M Sk 1:20 N AN1log el + G AN, log By
GMM Posteriors 100 f 1 &L logp(KjX) G150 ap Iogzg((;“}—gg
)
Corpus Fisher 650 f NG 1::50 &2, Noylogp(Xijm) Npmlogp(X;jm)
FisherMag 50 fj NimjGhe 1::50 4%, iNimlogp(Xijim)j  jNimlogp(X;jm)j *

Thethird featuremodelssongsas mixture of Gaussians
learnedusing the EM algorithm and still comparesthem
usingthe KL divergence.Unfortunately thereis no closed
form for the KL divergencebetweenGMMs, soit mustbe
approximatedisingMonte Carlo methodsThe expectation
of afunctionover a distribution, p(x), canbe approximated
by drawing sampledrom p(x) andaveragingthe valuesof
thefunctionatthosepoints.In thiscasepy draving samples

X;nXe p(x), we canapproximate
p(x) p(xi) .
E, log—— a0 Na 0g—— a0 (10)

The distancefunction shovn in Table1 for the "KL 20G”
featuress the symmetricversionof this expectationwhere
appropriatefunctions are calculatedover N samplesfrom

eachdistribution. We usedthe Kernel Density Estimation
toolbox from [17] for thesecalculations As the numberof
samplesusedfor eachcalculationgrows, varianceof the KL

divergenceestimateshrinks.We useN = 2500sampledor

eachdistanceestimateto balancecomputatiortime andac-
curag.

4.3 AnchorPosteriors

The fourth featurelisted in Table 1 comparesachsongto
the GMM modelingour entire music corpus.If the Gaus-
siansof the global GMM correspondo clustersof related
sounds,one can characterizea song by the probability it
camefrom eachof theseclusters.This featurecorresponds
to measuringthe posteriorprobability of eachGaussiarin
the mixture, given the framesfrom eachsong.To calculate
the posteriorover the whole songfrom the posteriorsfor
eachframe,

L
P(kjX) 1 p(XjK)P(K) = P(K) O p(x:jk)
t=1
Thisfeaturetendsto saturategeneratinganonzergoosterior
for only a single Gaussianln orderto prevent this satura-
tion, we take the geometricmeanof the frameprobabilities
insteadof the product.This doesnot give thetrue classpos-
teriors,but only a “softened”versionof them

L L
f(k) = P(K) O pOxej K" 1 O pkjx)

t=1 t=1

(11)

(12)

Sincethey arenot properprobabilityfunctions thereis little
justi cation for comparingthemwith arnything but the Eu-
clideandistance.

4.4 FisherKernel

The nal two featuresarebasedn the Fisherkernel,which
[18] describedas a methodfor summarizingthe in uence
of the parameter®f a generatre modelon a collection of
samplesfrom that model. In this case,the parametersve
considerarethemeansf the Gaussian theglobal GMM.
Thisprocesslescribegachsongby thepartialderivativesof
thelog likelihoodof the songwith respecto eachGaussian
mean.From[22],

;
N logP(Xjm) = & P(kjx)S, X(x

t=1

m): (13)

whereP(kj x;) is the posteriorprobability of the kth Gaus-
sianin the mixture given MFCC frame x;, and m and S
arethe meanandvarianceof the kth GaussianThis process
thenreducesarbitrarily sizedsongsto 650dimensionafea-
turevectors(50 meanswith 13 dimensionsach).
SincetheFisherkernelis agradientjt measurethepar
tial derivative with respecto changesn eachdimensionof
eachGaussiars mean.A morecompactfeatureis the mag-
nitudeof thegradientwith respecto eachGaussiars mean.
While thefull Fisherkernelcreatesa 650 dimensionalec-
tor, the FisherkernelMagnitudeis only 50 dimensional.

5 Experiments

In orderto thoroughlytestthe SVM active musicretrieval

system,we comparedthe various featuresto one another
and, using the bestfeature,examinedthe relationshipbe-

tweenprecisionat 20 and numberof exampleslabeledper
active retrieval round.

5.1 Dataset

We ran our experimentson a subsetof the uspop200Zol-
lection[5,11]. To avoid the so called“producereffect” [31]
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Table 2 Themoodsandstyleswith themostsongs

Mood Songs| Style Songs
Rousing 527 | Pop/Rock 730
Enegetic 387 | AlbumRock 466
Playful 381 Hard Rock 323
Fun 378 | Adult Contemporary 246
Passionate 364 Rock& Roll 226

in which songsfrom the samealbum shareoverall spec-
tral characteristicthatcouldoverwhelmary similaritiesbe-
tweenalbums, we designatedll of the songsfrom an al-
bum astraining, testing,or validation.To beableto separate
albumsin this way, we choseartistswho had at least ve
albumsin uspop2002threealbumsfor trainingandtwo for
testing,eachwith atleasteighttracks.Thevalidationsetwas
madeup of ary albumstheselectedartistshadin uspop2002
in additionto those ve andusedfor tuningmodelparame-
ters.In total therewere 18 artists(out of 400) with enough
albums,seeTable5 for a completelist of the artistsandal-
bumsincludedin our experimentsin total, we used90 al-
bumsby thosel8artists,containingl210songgdividedinto
656training,451testing,and103validationsongs.

5.2 Evaluation

Sincethegoalof SVM active learningis to quickly learnan
arbitrary classi cation, ary binary cateyorizationof songs
canbe usedas groundtruth. The catgorieswe testedour
systemonwereAMG moods AMG styles,andartists.

The All Music Guide(AMG) is awebsiteandbookthat
reviews, ratesandcatgorizesmusicandmusiciang1]. Two
of our groundtruth catgyorizationscamefrom 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,
andsleazyWhile AMG neverexplicitly de nesthem,styles
aresub-genreategoriessuchas“punk-pop; “prog-rock/art
rock; and“speedmetal’ In our experimentsye usedstyles
andmoodsthatincluded50 or moresongswhich amounted
to 32 stylesand100moods.SeeTable2 for alist of themost
popularmoodsandstyles.

Due to the diversity of the 18 artistschosenfor evalu-
ation, somemoodscontainidentical cateyorizationsof our
music,leaving 78 distinctmoodsout of theoriginal 100.For
the samereason12 of the 32 stylescontainall of the work
of only asingleartist.

While AMG in generabnly assignsnoodsandstylesto
albums and artists,for the purposesof our testing,we as-
sumecdthatall of the songson analbum could be described
by the samemoodsand styles, namelythoseattributed to
that alboum. This assumptiordoesnot necessarilyhold, for
examplewith aballadonanotherwiseupbeaalbum.Weare
looking into waysof inferring thesesortsof labelsfor indi-
vidual songsrom collectionsof albumlabelsandameasure
of acousticsimilarity.

Artist identi cation is the task of identifying the per
former of a songgiven only the audio of that song.While
a songcan have mary stylesand moods,it canhave only
oneartist,makingthis the groundtruth of choicefor our N-
way classi cationtestof thevariousfeaturesets Notethata
systembasedon this work, usingcorventionalSVM classi-
cation of singleGaussiarKL divergence putperformedll
otherartistidenti cation systemsataninternationacompe-
tition, MIREX 2005[10].

5.3 Experiments

The rst experimentcomparedhefeatureson passve artist,
mood,andstyle retrieval to determineif one clearly domi-
natedthe others.For the artistgroundtruth, the systempre-
dictedthe uniqueperformingartist (out of the possible18)
for eachsongin thetestset,aftertrainingontheentiretrain-
ing set. Insteadof a binary SVM, it useda DAGSVM to
performthe multi-classlearningandclassi cation[26]. We
provide theseresultsto compareagainstotherauthors'sys-
temsandto compardeaturego oneanotherbut they arenot
directly applicableto the SVM active learningtask, which
only learnsonebinary cateyorizationat atime.

For the mood and style groundtruth andfor the active
retrieval tasks,we evaluatedthe succes®f retrieval by the
precisionon the top 20 songsreturnedfrom the testset.In
orderto ranksongsthey weresortedby their distancefrom
thedecisionboundaryasin [27]. Precision-at-2@ocusen
the positive examplesof eachclass becausédor sparsecate-
goriesa classi er thatlabelseverythingasnegative is quite
accuratebut neitherhelpfulin retrieving musicnor interest-
ing. Scoresare aggregjatedover all cateyoriesin a task by
takingthemean for example themoodscoreis themeanof
thescoreson all of theindividual mood.

Onejusti cation for this evaluationmetricis thatwhen
searchindargedatabasesisersvouldlikethe rst resultsto
bemostrelevant(precision) butdonotcarewhetherthey see
all of therelevantexamplegqrecall).We chose¢henumber20
becauseéhe minimumnumberof songsn eachgroundtruth
category was50, andthetraining setcontainsroughly 40%
of the songs,giving a minimum of approximately20 cor-
rectresultsin eachtestcategory. This thresholds of course
adjustableandonemay vary the scaleof the measureger
formancenumberdy adjustingit. It alsohappenghatthese
features'precision-at-2Gscoresare quite distinct from one
anotherfacilitatingmeaningfulcomparison.

Thesecondxperimentcompareslifferentsizedtraining
setsin eachroundof active learningon the best-performing
features,MFCC Statistics.Active learning should require
fewerlabeledexamplego achieve thesameaccurag aspas-
sive learningbecausédt choosesnoreinformative examples
to be labeled rst. To measurgperformancewe compared
meanprecisionon the top 20 resultson the sameseparate
testalbums.

In this experimentwe compared ve differenttraining
group sizes.In eachtrial, an active learnerwas randomly
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Fig. 3 Active LearningGraphicalUserInterface.

seededvith 5 elementdrom within theclass corresponding
to a usersupplyinginitial exemplars.The learnerthenper
formed simulatedrelevancefeedbackwith 2, 5, 10, and 20
songsperround.A nal classi er performedonly oneround
of learningwith 50 examples,equivalentto corventional
SVM learning.Thesimulationsstoppedncethelearnerhad
labeled50 resultssothatthe differenttraining setscould be
compared.

5.4 UserInterface

In additionto testingthe systemwith x edquerieswe also
developeda graphicalinterfacefor usergo interactwith the
systemin realtime with realqueries A few colleaguesvere
encouragedo evaluatethe system(on a differentdatabase
of songswith queriesof their choosingjncludingjazz,rap,
rock, punk,femalevocalists.etc.

Thegraphicaluserinterfaceis displayedn Figure3. The
userselectsa representatie seedsongto begin the search.
The systempresentsix songgo labelassimilar or dissimi-
lar to the seedsongaccordingto the catgyorizationthe user
hasin mind. A songmay be left unlabeledjn which caseit
will not affect the classi er, but will be excludedfrom fu-
ture labeling.Labeledsongsare displayedat the bottom of
theinterface,andthe bestranked songsaredisplayedn the
list to theright. At ary time, theusermayclick onasongto
heararepresentatie sgmentof it. After eachclassi cation
round,the useris presentedvith six new songsto labeland
may performthe processasmary timesasdesired.

5.5 Results

The resultsof the feature comparisonexperimentcan be
seenin Table3. In generalthe MFCC statisticsoutperform
theotherfeaturesin themoodidenti cation task,the Fisher
kernel's precision-at-20s slightly higher, but theresultsare
quite comparableThe single GaussiarKL divergencefea-
turesworkedwell for multi-classclassi cation,but lesswell

Table 3 Comparisonof variousaudio features:accurag on 18-way
artist classi cation and precision-at-2dor moodandstyle identi ca-
tion.

Accuray Precision-at-20
Feature Artist 18-way | MoodID  StylelD
MFCC Stats .682 497 .755
FisherKernel .543 .508 .694
KL 1G .640 429 .666
FisherKer Mag .398 .387 .584
KL 20G .386 .343 495
GMM Posterior .319 .376 463

Table 4 Precision-at-2®n testsetof classi erstrainedwith different
numbersof examplesperroundor corventional(passie) training, all
trainedwith 50 examplestotal.

Examplegperround

GroundTruth ‘ 2 5 20 ‘ Conv.

10
Style .691 .677 .655 .642| .601
Artist .659 .667 .637 .629 | .571
Mood 444 452 431 .395| .405

for the binarytaskswhich aremorerelevantto active learn-
ing.
The resultsof the active retrieval experimentscan be
seenin Figure4. The gure showsthat,aswe expectedthe
quality of the classi er dependson the numberof rounds
of relevancefeedbacknot only on the absolutenumberof
labeledexamples.Speci cally, a larger numberof retrain-
ingswith fewernew labelselicited percycleleadsto abetter
classi er, sincethereare more opportunitiesfor the system
to choosethe examplesthat will be mosthelpful in re n-
ing the classi er. This shavs the power of active learning
to selectinformative examplesfor labeling.Notice that the
classi ersall performat aboutthe sameprecisionbelov 15
labeledexampleswith the smallerexamples-peroundsys-
temsactually performingworsethanthe larger ones.Since
thelearneris seededvith ve positive examplesjt maytake
the smallersamplesize systemsa few roundsof feedback
beforea reasonablenodelof the neggative examplescanbe
built.

Comparingthe groundtruth setsto one anotherit ap-
pearsthat the systemperformsbeston the style identi -
cationtask, achiering a maximummeanprecision-at-20f
0.6910n the testset, only slightly worsethanthe conven-
tional SVM trainedon the entiretraining setwhich requires
morethan 13 timesas mary labels.SeeTable 4 for a full
listing of the precision-at-2f all of the classi erson all
of the datasetsafter labeling 50 examples.On all of the
groundtruth sets,the active learnercan achieve the same
meanprecision-at-2Qvith only 20 labeledexamplesthata
cornventionalSVM achiezeswith 50.

6 Discussionand Futur e Work

As expected]abelingmoresongsperroundsuffersfrom di-
minishingreturns;performancelependsnostheaily onthe
numberof roundsof active learninginsteadof thenumberof
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Fig. 4 Performancéncreasalueto activelearningfor (a)artistidenti cation, (b) moodclassi cation,and(c) styleclassi cation.Theplotsshav
the meanprecisionin the top 20 resultsover the testsetasthe numberof examplesperroundis varied. The solid line without symbolsshavs
the performancef conventionalSVMs trainedon the samenumberof examples.

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

Smallfeedbacksets,however, do suffer from theinitial
lack of negative examplesUsingfew training examplesper
round of feedbackcan actually hurt performancenitially
becauseéhe classi er hastroubleidentifying examplesthat
would be mostdiscriminatie to label. It might be advanta-
geousthen,to begin training on a larger numberof exam-
ples— perhapgust for the “special” rst round— andthen,
onceenoughnegative exampleshave beenfound, to reduce
the sizeof thetrainingsetsin orderto increasehe speedof
learning.

It is alsointerestingthatthe KL divergencefeaturesdid
not performaswell aseitherthe Fisherkernelor the MFCC
statistics.This is especiallysurprisingbecauseKL diver-
gencebetweensingle Gaussiansisesexactly the samefea-
turevectorto characterizeachsongasMFCC statisticsand
is moremathematicallyusti ed. Evenmoresurprisingsthe
performancealegradationof GMMs with 20 componentss
comparedto single GaussiansThis discrepang could be
dueto inadequateMonte Carlo samplingwhen measuring
the KL divergencebetweenGMMs. More likely, however,
is thattheoff-diagonalelementsn thesingleGaussiars full
covariancematrix aid discriminationmore than beingable
to usea mixture of diagonalcovarianceGaussians.

We have also createda java demonstratiorof an alter
native interfaceto the system,an automaticplaylist gener
ator. A screenshotcanbe seenin Figure 5, andthe demo
canbe downloadedfrom our websité. This playlist gener
ator seamlesshyintegratesrelevancefeedbackwith normal
music-listeninghabits,for instanceby interpretingthe skip-
ping of a songas a negative label for the currentsearch,
while playing it all the way throughwould label it asde-
sirable.Theclassi er is retrainedaftereachsongis labeled,
cornvemgingto the bestclassi er asquickly aspossible.

Using this playlist generatoicangive quite startlingre-
sultsasthesystemaccuratelynferstheuserscriteria.lt also

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

Fig. 5 Screershotof the SVM active learningautomaticplaylistgen-
erator

highlightshow neatlythe active learningparadigmmatches
a musiclisteningactuvity in two ways.First, the the users
labelscanbe obtainedtransparenthfrom their choiceover
whetherto skip a song.And secondfor music,listeningto
the selectedexamplesis not just a choreundertalen to su-
perviseclassi er training, but can also be the goal of the
process.

MFCC statisticsserne as a e xible representatiorfor
songs,able to adequatelydescribemusicalartists,moods,
andstyles.Moreover, we have shovn thatSVM active learn-
ing canimprove the resultsof musicretrieval searchedy
nding relevant resultsfor a users query more ef ciently
thancorventionalSVM retrieval.
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Table5 Artists andalbumsfrom uspop2002ncludedin experimentsNotethatD1, D2, etc.referto the rst andsecondliscin a multidiscset.

Artist Training Testing Validation

Aerosmith A Little Southof Sanity D1, Nine Lives, A Little Southof SanityD2, Live Bootleg
Toysin the Attic

Beatles Abbey Road, Beatles for Sale, Magical 1, A HardDay's Night Revolver
Mystery Tour

BryanAdams Live Live Live, RecklessSoFar SoGood On a Day Like Today Waking Up the

Neighbors

CreedenceClearvater Livein Europe,The ConcertWilly andthe Cosmos Factory Pendulum

Revival PoorBoys

Dave MatthevsBand  Live at Red Rocks D1, RememberTwo BeforeTheseCrowdedStreetsLiveatRed Crash
Things,Underthe TableandDreaming RocksD2

DepecheMode Music for the MassesSomeGreatReward, Black CelebrationPeoplearePeople Violator
Ultra

FleetwoodMac LondonLive '68, Tangoin the Night, The FleetwoodMac, Rumours
Dance

GarthBrooks FreshHorsesNo FencesRopin'theWind  In PiecesThe Chase GarthBrooks

Genesis From Genesisto Revelations, Genesis, Invisible Touch,We Cant Dance
Live: The Way We Walk Vol 1

GreenDay Dookie,Nimrod, Warning InsomniacKerplunk

Madonna Music, You CanDance|'m Breathless BedtimeStories Erotica Like A Prayer

Metallica Live S—: Binge and Puige D1, Reload, Live S—:BingeandPuigeD3, Load S&M D2
S&M D1

Pink Floyd Dark Sideof theMoon, PulseD1, WishYou Delicate Soundof ThunderD2, The Wall TheWall D1
WereHere D2

Queen Live Magic, News of the World, Sheer A Kind of Magic, A Night atthe Opera LiveKillers D1
HeartAttack

Rolling Stones GetYer Ya-Ya's Out,GotLiveif YouWant Still Life: AmericanConcert1981, Tattoo
It, SomeGirls You

Roxette Joyride, Look Sharp,Tourism Pearlsof PassionRoomService

TinaTurner Live in Europe D1, Twenty Four Seven, PrivateDancerLivein EuropeD2
WildestDreams

U2 All That You Cant Leave Behind, Rattle TheJoshuaree,The UnforgettableFire Zooropa
andHum, Undera Blood RedSky
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