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ABSTRACT

Recentresearchhas studiedthe relevanceof various
featuresfor automaticgenreclassi cation, shaving the
particularimportanceof tempoin dancemusicclassi ca-
tion. We complementhis work by consideringa domain-
speci c learningmethodologywherethecomputedempo
is usedto selectan expert classi er which hasbeenspe-
cialisedonits own temporange.This enablegheall-class
learningtaskto bereducedo a setof two- andthree-class
learningtasks. Currentresultsare around70% classi -
cationaccurag (8 ballroomdancemusicclasses698in-
stancesbaselinel5.9%).

1. INTRODUCTION

Tempois a musicalattribute of primeimportance.More-
over, recentresearch3] adwocatedits relevancein the
task of classifying different styles of dancemusic: fo-
cusingsolelyon the correcttempo(i.e. measurednanu-
ally) 8 classe®f StandardandLatin ballroomdancemu-
sic can be classi ed, by meansof diverseclassi cation
techniqueswith around80% accurag (total of 698 in-
stancesclassesarelistedin Table 1, baselinels 15.9%).
Decisiontreeclassi ersrevealedaclearorderingof dance
styleswith respectio tempi. Therefore,onecanassume
that, given a musicalgenre,the tempoof ary instanceis
amonga very limited setof possibletempi. For instance,
thetempoof a ChaChais usuallybetweenl16 and128
BPM. Table1 givestemporangesfor the 8 dancestyles
usedhere.

Thisassumptiomaybearguable yetit seemgo make
sensdor ballroomdancemusicas,ontheonehand,com-
mon musicalknowledge(e.g. instructionalbooks,dance
classwebsites ) suggestssuch boundaries,and on the
other hand,[4] shows on a large amountof data(more
than 90000 instances)hat different dancemusic styles
(“trance,afro-americanhouseandfast”) shav clearlydif-
ferenttempodistributions,centeredarounddifferent“typ-
ical” tempi.

1 seee.qg. http://wwwballroomdances.com/Danes
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In this papemwe proposeo furtherexploit the highrel-
evanceof thetempoin designinga classi er thatfocuses
rst onthisfeatureandthenusescomplementaryeatures
to make decisionsin possiblyambiguoussituations(i.e.
tempooverlaps).

Ourapproachs to de ne thetemporangeof eachclass
by aGaussiamprobabilityfunction. An illustrationis given
in Figurel. The Gaussiarstandardieviationsarede ned
sothatthe probabilitiesat the limits speci edin Table 1
arehalf the value of the correspondingprobability maxi-
mum. Puttogethertheseprobabilitiesmayoverlapin cer
tain temporegions(e.g. Sambaand Rumba,seedashed-
blueandsolid-blacklinesaround100BPM in Figurel).
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Figure 1. Tempoprobability functionsandoverlapsof 8
dancemusicstyles.X-axisin BPM.

Hence givenanunknowvninstanceasimpleclassi ca-
tion processouldbe:
1: Computeits tempo
2: Retrievethe classeshatoverlapsigni cantly at
3: Useaclassi ertailoredto these classes

Assumingthat different classeshave differenttempo
distributions, it is reasonableo considerthat muchless
than8 classeglo overlapsigni cantly at any tempo. The
classi erdesignis consequentlgasiethantheeight-class
learningtaskconsideringall examples.

However, thereis a consensusn the tempo-tracking
literatureon the factthat state-of-the-artempoinduction
algorithmstypically make errorsof metricallevels (they
outpute.g.halfthecorrecttempo).Accordingly, thetempo-
tracking algorithm we use here —BeatRoot[1]— may
outputthe correcttempo,twice or half of its value(in the
caseof excerptswith a duple meter)or two thirds of its
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Figure 2. Adaptedtempoprobabilityfunctionsof 8 dancemusicstyles.X-axis in BPM. Solid blackline is the sumof all

probabilityfunctionsandrepresentsverall classoverlaps.

value (in the caseof excerptswith a triple meter)? We
adaptedeachtempo probability function accordinglyin
concatenatingeveral Gaussiansvhosemeansarecorrect
tempiandrelevantmultiples(seeFigure?2).

Observingthe probability functionsin Figure 2, one
canseethateachtempovaluecorrespondsisuallyto two
differentpotentialclassesat the exceptionof threespe-
ci ¢ temporegionsin which threeclasse®verlap. These
are95to 105 BPM and193to 209 BPM for Quickstep,
Rumbaand Samba,and 117 to 127 BPM for ChaCha,
TangoandVienneseéNaltz. Thereforewe proposeo build
30 differentclassi ers:

two-classclassi ers, ,
eachexpertin aspeci ¢ pairwiseclassi cationtask.

2 three-clasglassi ers, and
in athree-classpeci c task

, eachexpert

When presentedvith unknown instancesthe knowl-
edgeavailableto the systemis this setof 30 expertclas-
si ers andthetempoprobabilityfunctionsfor all possible
classesTherefore the overall classi cationprocesss -
nally thatdetailedin Algorithm 1.

Algorithm 1 Overall classi cationprocess
1: Computetempo of theinstanceo classify
2: Findtheclassier  whosetemporangeincludes
3. Performclassi cationwith

In the remainderof this paper we give the detail of
the audiodatausedfor experiments. Thenwe introduce
the diversefeaturescomputedfrom this data. We then

2 For furthertempoinductionevaluationdetails,on thedatabasesed
here we referto [3].

detail our experimentsdiscusghe results,comparehem
to the resultsreportedin [3] andproposea summaryand
directionsfor futurework.

2. DATA AND ASSOCIATED METADATA

Themusicaldatabaseve usefor trainingandtestingcon-
tains excerptsfrom 698 piecesof music,around30 sec-
ondslong. The audioquality of this datais quite low, it
wasoriginally fetchedin real audioformat, with a com-
pressionfactorof almost22 with respecto the common
44.1kHz 16 bits monoWAV format. It wassubsequently
corvertedto WAV format for experiments. This datais
publically availableon the world-wide web at the follow-
ing URL:
http://wwwballroomdances.com/Music/stylasp

ChaCha 111inst. BPM
Jive 60inst. BPM
Quickstep 82inst. BPM
Rumba 98inst. BPM
Samba 86inst. BPM
Tango 86inst. BPM
ViennesaéMNaltz | 65inst. BPM
Slow Waltz 110inst. BPM

Table 1. Dancemusic classesnumberof instanceger
classandclasstemporanges.

For all thoserecordingsthe musicalgenreis available
(seeTable 1). In addition, the correcttempo, assigned
manually of eachrecordingis alsoavailable(in beatsper
minute,BPM). The minimumvalueis 60 BPM, the max-
imum 224BPM.



3. DESCRIPTORS

We consider71 descriptorsdividedinto threegroups.All
areimplementedasopensourcesoftwareunderthe GNU
license.

3.1. Tempo

In additionto thegroundtruthtempo,in BPM, asprovided
with the data, we also computedthe tempousing Beat-
Root[1]. BeatRootstempoinductionstageyieldsseveral
tempohypotheseshat are subsequentlye ned, beatby
beat,andrankedin atrackingprocessThe nal tempois
themeanof thewinning agentsinter-beatintervals.

Thefollowing 69 featureslescribdow-level character
isticsof 2 differentperiodicityrepresentation§.e. distri-
bution statisticsascentroid, atness, etc. or peak-related
guantities).

3.2. Periodicity Histogram descriptors

11 descriptoraarebasedna rst representationf signal
periodicities,the “periodicity histogram”(PH) [5]. This
representationis the collectionin a histogramof the sal-
iencesof different pulses(from 40 BPM to 240 BPM)
in successie chunksof signal (12slong, with overlap).
In eachchunkof signal, periodicitiesarecomputedvia a
comb lterbank.

3.3. Inter-Onsetinter val Histogram descriptors

Remaininglescriptor@requantitieccomputedrom asec-
ond representatiorof the signal periodicities, the Inter

Onsetlinterval Histogram(IOIH) proposedn [2]. This
representatiomives a measureof recurrenceof the dif-

ferentinter-onsetintervals presentin the signal (not just
successie onsets,but ary pairs of onsets). Interonset
intervals are accumulatedn a histogramwhich is then
smoothedy a Gaussiarwindow.

We computedhe salienceof 10 periodicities(promi-
nentperiodsin the I0IH) whoseperiodsarethe 10 rst
integermultiplesof thefastespulse(computedasin [2]).
Notethatsolelythe periodsalienceis kept, not the period
value.Thereforethosedescriptorsareindependensf the
tempo.

Wealsode ned 48 otherdescriptorascommornt‘spec-
tral” descriptorg8 distribution statisticsand40 MFCCSs),
but computednthelOIH, notonaspectrumTheMFCC-
like descriptorsaarecomputedasfollows:

IOIH computation

Projectionof the period axis from linear scaleto
the Mel scale,of lower dimensionality(i.e. 40), by
meansof a Iterbank

Magnitudelogarithmcomputation

InverseFouriertransform

For eachof the30classi cationtaskswe discardedhe
useof thetempoandwe evaluatedherelevanceof there-
maining low-level descriptorson anindividual basis(i.e.
Ranlersearchmethodassociatetb ReliefFattribute eval-
uator),andselectedhe 10 mostrelevantfeatures Thatis,
the 30 classi ers all use10 low-level features that may
bedifferentin eachcase.All experimentshave beencon-
ductedwith Weka[6]. 3

4. EXPERIMENTS

For classi cation,we useSupportVectorMachinesasit is
commonlysuggestedor problemswith few classeqes-
pecially 2). All percentagesesult from 10-fold cross-
validationprocedures Systematicevaluationof different
classi cationmethodss left to futurework.

The majority of the 28 pairwiseclassi er accuracies,
all using10descriptorsareabose 90%. Theworstclassi-
er isthatbetweerSlov WaltzandVienneséNaltz(81.8%
accurag, baseline63%). The bestis thatbetweerQuick-
stepandViennesaNaltz (100%accurag, baselines5.7%).
Regardingthethree-classlassi ers,alsousingl0descrip-
tors, (Quickstepvs. Rumbavs. Samba)has84.1%
accurag (baseline36.6%)and (ChaChavs. Tango
vs. ViennesaNaltz) 91.9%accurag (baseline42.3%).

Tomeasureéheoverallaccuray of the30classi ers,let
us computea weightedaverageof their individual accu-
ragy. Theweightsareproportionalto the numberof times
a classi er is actually required(given the tempoestima-
tionsof the 698 excerpts).This yields89.4% accurag.

Let us now evaluatethe whole classi cation process.
Recallthatthe processnvolvestwo stepsit suffersfrom
tempoestimationerrorsin additionto misclassi cations.
In 24.3% of the cased(i.e. 170 excerpts)the tempoes-
timation stepassignsxcerptsto pairwise(or three-class)
classi ersthatdonotaccounfor its trueclass.Thereis no
wayto recoverfrom theseerrors whatererthe subsequent
classi cation,the excerptwill beassignedo anincorrect
class.

Theoverallaccurag of thesystemis thereforehemul-
tiplication of both stepaccuraciesi.e.

67.6%.

Onemight wonderwhetherconsideringmetricallevel
errorsin the designof the tempoprobabilities(i.e. using
tempoprobabilititiesasde nedin Figure2 insteadof Fig-
urel) actuallyresultsin ary improvement.As reportedn
[3], thetempoinductionalgorithmhasaround50%accu-
ragy (consideringnultiplesaserrors).Theresultingover
all accurag of themethodpresentedherewould therefore
bearound 44.7%.Theimprovements over
20%.

However, we notedthattempoinductionis especially
badfor Slow Waltz excerpts,yielding around75%to be
assignedo wrong classi ers. This is becausensetde-
tection,in the tempoinductionalgorithm,is designedor
percussie onsetswhich are often lacking from waltzes.
Remwing the Slow Waltz excerptsfor the database587

3 http://wwwcs.waikato.ac.nz/mlata



remain,andthe numberof excerptsthat are assignedo
irrelevantclassi ersfallsto 13.9%. The overall accuray
risesnow to 76.5%.

ThoseresultsareencouragingThey arehoweverslightly
lower thanthe resultsreportedin [3], wheretherationale
was to build an 8-classclassi er (1-NearestNeighbour
learner)with 15 MFCC-like descriptorandno tempoin-
formation.There theclassi cationaccuray reached9%.

5. SUMMARY, DISCUSSION AND FUTURE
WORK

In this paper we investigatedhe classi cationof 8 dance
stylesfrom a particularviewpoint that putsa specialem-
phasison the tempoestimation.The proposectlassi ca-
tion procesentailstwo subsequergteps:tempocompu-
tation and use of expert (pairwiseor three-classylassi-
ers in speci c temporegions. We shaw thatit is possi-
ble to designvery accurateexpert classi ers. However,

logically, in this framework, if thetempoestimationfails,

theclassi cationfails. We shavedthatconsideringempo
multiples resultsin a substantiaklassi cation improve-
ment.

The accurag on a databaseof 698 excerptsfrom 8
classess 67.6%.Restrictingteststo the 7 classe$587 ex-
cerpts)on which tempoestimationis reasonablyeliable,
theaccurag is 76.5%. This is slightly worsethanresults
reportedin [3] with a different method(an 8-classclas-
si er yielded 79% accurag with 15 tempo-independent
descriptors).

In conclusionyeducingheproblemfrom aneight-class
learningtaskto severaltwo- or three-clasgearningtasks
is only pertinentwhenusingan extremelyreliabletempo
estimatioralgorithm.

Toillustratethis, let usconsidemusingthecorrecttempo
(assignedmanually)insteadBeatRoottempo (computed
automatically).There,the classi cationaccurag risesto
82.1%. This correspondgo two factors: misclassi ca-
tionsof theexpertclassi ers(i.e. 0.109%)andthe “cost”
of theinitial assumptiorregardingclasstempoprobabil-
ities (i.e. instances—outliers— that effectively have a
tempooutsideof their classs temporange,i.e. 54 of 698
instances).

This opengswo importantavenuedor futurework: im-
proving theaccuray of the expertclassi ers(for instance
in re ning the selectionof the mostrelevant descriptors
for eachclassi er) and studythe validity of the limited-
tempo-rangeassumptioron a databaseontainingmore
instance®f alargernumberof classes.

Further astempo-independerdancestyle classi ca-
tion [3] seemdo bemaorereliablethantempoinductionit-
self (thatprincipally suffersfrom metricallevel errors)—
79% vs. 50%—, we will studyin future work whether
genreclassi cationcanbe usedto improve tempoinduc-
tion.

6. ACKNOWLEDGMENTS

For readingandvery usefulcommentsye wish to thank
GerdaStrobl, Elias Pampalk,GerhardWidmerand(asal-
ways)PedroCano,GuenterGeigerandPerfectoHerrera.

The Austrian Researchnstitute for Arti cial Intelli-
gencealsoacknawledgeghe nancial supportof the Aus-
trian FederaMinistriesof Education ScienceandCulture
andof TransportJnnovationandTechnology

Thiswork wasfundedby theEU-FP6-1ST507142project
SIMAC (Semantidnteractionwith Music Audio Contents).
More informationcanbefoundat the projectwebsitehtt-
p://wwwsemanticaudio.ay.

7. REFERENCES

[1] Dixon S.,"“Automaticextractionof tempoand
beatfrom expressve performances”Journal
of New Music Research30 (1), 2001.

[2] GouyonF., HerreraP. and CanoP, “Pulse-
dependentanalyses of percussie music”,
Proc. AES 22nd International Confeence
Helsinki, 2002.

[3] GouyonF., Dixon S.,PampalkE. andWidmer
G. “Evaluatingrhythmic descriptordor musi-
calgenreclassi cation”, Proc. 25thAESInter-
national Confeence London,2004.

[4] MoelantsD., “Dance music, movementand
tempo preferences”,Proc. 5th Triennal ES-
COM Confeence Hanover, 2003.

[5] PampalkE., Dixon S. and G. Widmer, “Ex-
ploring music collectionsby browsing differ-
entviews”, Proc. InternationalConfeenceon
MusiclnformationRetrieval, Baltimore,2003.

[6] Witten |. and Frank E., Data Mining: Prac-
tical machine learning tools with Jasza im-
plementationsMorgan Kaufmann SanFran-
Cisco,2000.



