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ABSTRACT
With the advent of large musicalarchives the needto provide an
organizationof thesearchivesbecomeseminent.While artist-based
organizationsor title indexesmayhelp in locatinga specificpiece
of music,a moreintuitive, genre-basedorganizationis requiredto
allow usersto browse an archive and explore its contents. Yet,
currently theseorganizationsfollowing musicalstyleshave to be
designedmanually.

In this paperwe proposean approachto automaticallycreatea
hierarchicalorganizationof musicarchivesfollowingtheirperceived
soundsimilarity. More specifically, characteristicsof frequency
spectraareextractedandtransformedaccordingto psycho-acoustic
models. Subsequently, the Growing HierarchicalSelf-Organizing
Map, a popularunsupervisedneuralnetwork, is usedto createa
hierarchicalorganization,offering bothan interfacefor interactive
exploration as well as retrieval of music accordingto perceived
soundsimilarity.

1. INTRODUCTION
With theavailability of high-qualityaudiofile formatsat sufficient
compressionrates,we find music increasinglybeing distributed
electronicallyvia large music archives, offering music from the
public domain,selling titles, or streamingthemon a pay-per-play
basis,or simply in the form of on-line retailersfor conventional
distribution channels.A corerequirementfor thesearchivesis the
possibilityfor theuserto locatea title heor sheis looking for, or to
find outwhich typesof musicareavailablein general.

Thus,thosearchivescommonlyoffer severalwaysto find a desired
pieceof music. A straightforward approachis to usetext based
queriesto searchfor theartist,thetitle or somephrasein thelyrics.
While thisapproachallowsthelocalizationof adesiredpieceof mu-
sic,it requirestheuserto know andactively inputinformationabout
the title he or sheis looking for. An alternative approach,allow-
ing usersto explorethemusicarchive,searchingfor musicalstyles,
ratherthanfor aspecifictitle orgroup,is thususuallyprovidedin the
form of genrehierarchiessuchas �
	�����������	 , ������� , ������� . Hence,a
customerlookingfor anoperarecordingmightlook into the �
	��������
section,andwill therefind- dependingonthefurtherorganizationof
themusicarchive- avarietyof interpretations,beingsimilarin style,
andthuspossiblysuitinghis or her likings. However, suchorgani-
zationsrely onmanualcategorizationsandusuallyconsistof several
hundredcategorieswhich involve high maintenancecosts,in par-
ticular for dynamicmusiccollections,wheremultiple contributors�� "!$#�%'&�(�%*)�+ ,�-.&$#�/0-.!$,'1�&$2�34-5)�+ 6 3.%7)�34!$89%7)�&$#"-.!$,'!:2�;=<4>.?A@B<53C,�3C!:#*D7)E 3C6 6 &C-�!:%F?�;'?*G�>=&$2�,*+ H$6 + &JIF!:KC+ &$2�!$6 301�3C6 6 3
<4+ DC3C#�DL)�3NM�>4IO<FP*GQ '+ ,�!�GR?S%7!:6 T$U
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have to file their contributionsaccordingly. The inherentdifficul-
ties of suchtaxonomieshave beenanalyzed,for example,in [22].
Anotherapproachtaken by on-line musicstoresis to analyzethe
behavior of customersto give thoseshowing similar interestsrec-
ommendationsonmusicwhichthey mightappreciate.For example,
a simpleapproachis to give a customerlooking for piecessimilar
to XZY[Q\^] 	 �A$_ recommendationson musicwhich is usuallybought
by peoplewho alsopurchasedXZY[Q\�] 	 �A$_ . However, extensive and
detailedcustomerprofilesarerarelyavailable.

The `5aNbc_���d , i.e. the `FaNbfeL_:g"h"��g=��_Cij� [ �R_�k���l system,outlined
in [26], facilitatesexplorationof musicarchiveswithout relying on
further information suchas customerprofiles or predefinedcate-
gories. It doesnot requiretheavailability of detailed,high-quality
meta-dataonthevariouspiecesof music,or musicalscores.Rather,
werely on thesoundinformation,presentin theform of any acous-
tical waveformat,asit isavailablee.g. from CDtracksor MP3files.
Basedonthesoundsignalweextractlow-level featuresbasedonfre-
quency spectradynamics,andprocessthemusingpsycho-acoustic
modelsof our auditorysystem.Theresultingrepresentationallows
us to calculateto a certaindegreetheperceivedsimilarity between
two piecesof music. We usethis form of datarepresentationas
input to the m \ ��n
�AgQoqp��*_ \ � \ ��h�������	N`=_$	 r$e�a \ oR��gs�t�$�AgQoubv�:w ( m0pxe`5aNb ) [6], an extensionto the popularself-organizingmap[13].
This neuralnetwork providesclusteranalysisby mappingsimilar
dataitemscloseto eachotheron a mapdisplay. Specifically, them0p�`5aNb is capableof detectinghierarchicalrelationshipsin the
data,and thusproducesa hierarchyof mapsrepresentingvarious
stylesof music,into which thepiecesof musicareorganized.

Theremainderof thispaperisorganizedasfollows. Section2briefly
reviewstherelatedwork. Thefeatureextractionprocessispresented
in detailin Section3, followedby adescriptionof theprinciplesand
trainingprocedureof the `._$	 r:e�a \ oR��g������ygQozbv��w , andthe m \ ��n0�ygQop{�*_ \ � \ ��hQ������	s`._$	 r:e�a \ oR��g������ygQo|bv�:w in Section4. Wethendescribe
experimentalresults,usingboth a reducedcollectionof 77 pieces
of music, as well as a larger archive consistingof 359 piecesin
Section5. Finally, in Section6 someconclusionsaredrawn.

2. RELATED WORK
A vastamountof researchhasbeenconductedin theareaof content-
basedmusicandaudioretrieval. For example,methodshave been
developedto searchfor piecesof musicwith a particularmelody.
Thequeriescanbe formulatedby hummingandareusuallytrans-
formed into a symbolicmelody representation,which is matched
againsta databaseof scoresusually given in MIDI format. Re-
searchin this directionis reportedin, e.g.[1, 2, 10, 16, 28]. Other
thanmelodicinformationit is alsopossibleto extractandsearchfor
style informationusingtheMIDI format. For example,in [4] solo
improvisedtrumpetperformancesareclassifiedinto oneof thefour
styles: 	 } \ ������	 , r \ ��gs~���� , �}�g=���:w"��~7_Ci , or w"���yg�~���	A	 �y�~���� .
The MIDI format offers a wealth of possibilities,however, only
a small fraction of all electronicallyavailablepiecesof musicare
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availableasMIDI. A morereadilyavailableformatis theraw audio
signalto which all otheraudioformatscanbedecoded.Oneof the
first audio retrieval approachesdealingwith musicwaspresented
in [35], whereattributessuchasthepitch, loudness,brightnessand
bandwidthof speechandindividual musicalnoteswereanalyzed.
Severaloverviewsof systemsbasedontheraw audiodatahavebeen
presented,e.g.[9, 18]. However, mostof thesesystemsdonot treat
content-basedmusicretrieval in detail,but mainly focuson speech
or partly-speechaudiodata,with oneof the few exceptionsbeing
presentedin [17], usinghummedqueriesagainstan MP3 archive
for melody-basedretrieval.

Furthermore,onlyfew approachesin theareaof content-basedmusic
analysishave utilized theframework of psychoacoustics.Psychoa-
cousticsdealswith therelationshipof physicalsoundsandthehuman
brain’s interpretationof them,cf. [37]. Oneof thefirst exceptions
was[8], wherepsychoacousticmodelsareusedto describethesimi-
larity of instrumentalsounds.Theapproachwasdemonstratedusing
a collectionof about100 instruments,which wereorganizedusing
a `._$	 r$e�a \ oR��g��t�$�Ag�ojbv�:w in a similar way aspresentedin this pa-
per. Foreachinstrumenta300millisecondssoundwasanalyzedand
steadystatesoundswith adurationof 6 millisecondswereextracted.
Thesesteadystatesoundscanberegardedasthesmallestpossible
building blocksof music.A modelof thehumanperceptualbehav-
ior of musicusingpsychoacousticfindings waspresentedin [30]
togetherwith methodsto computethe similarity of two piecesof
music.A morepracticalapproachto thetopicwaspresentedin [33]
wheremusicgiven asraw audiois classifiedinto genresbasedon
musicalsurfaceand rhythm features. The featuresare similar to
the rhythm patternswe extract, the main differencebeingthat we
analyzethemseparatelyin 20 frequency bands.

Ourwork isbasedonfirstexperimentsreportedin [26]. In particular
we have redesignedthe featureextractionprocessusingpsychoa-
cousticmodels. Additionally, by usinga hierarchicalextensionof
the neural network for data clusteringwe are able to detectthe
hierarchicalstructurewithin our archive.

3. FEATURE EXTRACTION
The architectureof the `Fa0bc_���d systemmay be divided into 3
stagesasdepictedin Figure1. Digitizedmusicin goodsoundqual-
ity (44kHz, stereo)with a durationof one minute is represented
by approximately10MB of datain its raw format describingthe
physicalpropertiesof the acousticalwaveswe hear. In a prepro-
cessingstage,the audiosignal is transformed,down-sampledand
split into individualsegments(stepsP1to P3). Wethenextractfea-
tureswhicharerobusttowardsnon-perceptive variationsandonthe
otherhandresemblecharacteristicswhich arecritical to our hear-
ing sensation,i.e. rhythmpatternsin variousfrequency bands.The
featureextractionstagecanbedividedinto twosubsections,consist-
ing of theextractionof thespecificloudnesssensationexpressedin`'��g._ (stepsS1to S6),aswell astheconversioninto time-invariant
frequency-specificrhythmpatterns(stepR1to R3). Finally, thedata
maybeoptionallyconverted,beforebeingorganizedinto clustersin
stepsA1 to A3 usingthe mNp{`Fa0b . Thefeatureextractionstepsare
furtherdetailedin thefollowingsubsections,with theclusteringpro-
cedurebeingdescribedin Section4,with thevisualizationmetaphor
beingonly toucheduponbriefly dueto spaceconsiderations.

3.1 Preprocessing
( ��� ) The piecesof musicmay be given in any audiofile format,
suchase.g.MP3files. Wefirst decodetheseto theraw � [ 	 $_��0��iR_bv��i [ 	���~�����g (PCM) audioformat.

( ��� ) Theraw audioformatof musicin goodquality requireshuge
amountsof storage.As humanscaneasily identify the genreof a
pieceof musicevenif its soundquality is ratherpoorwe cansafely
reducethe quality of the audiosignal. Thus,stereosoundquality
is first reducedto monoandthesignalis thendown-sampledfrom
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44kHz to 11kHz, leaving a distorted,but still easily recognizable
soundsignalcomparableto phoneline quality.

( ��¦ ) Wesubsequentlysegmenteachpieceinto 6-secondsequences.
The durationof 6 seconds( §R¨L© samples)waschosenheuristically
becauseit is long enoughfor humansto get an impressionof the
style of a piece of music while being short enoughto optimize
the computations.However, analyseswith varioussettingsfor the
segmentationhave shown no significantdifferenceswith respectto
segmentlength. After removing the first and the last 2 segments
of eachpieceof music to eliminate lead-in and fade-outeffects,
we retain only every third of the remainingsegmentsfor further
analysis.Again, the informationlost by this typeof reductionhas
shown insignificantin variousexperimentalsettings.

We thusendup with severalsegmentsof 6 secondsof musicevery
18 secondsat 11kHz for eachpieceof music. The preprocessing
resultsin a datareductionby a factor of over 24 without losing
relevantinformation,i.e. ahumanlisteneris still ableto identify the
genreor styleof apieceof musicgiventhefew 6-secondsequences
in lower quality.

3.2 SpecificLoudnessSensation- Sone
Loudnessbelongsto thecategoryof intensitysensations.Theloud-
nessof a soundis measuredby comparingit to a referencesound.
The1kHz toneis a verypopularreferencetonein psychoacoustics,
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andtheloudnessof the1kHz toneat40dBis definedto be ªZ`'��g._ .
A soundperceivedto betwice asloud is definedto be2 `=��g=_ and
so on. In thefirst stageof the featureextractionprocess,this spe-
cific loudnesssensation(Sone)percritical-band(Bark)in shorttime
intervalsis calculatedin 6 stepsstartingwith thePCMdata.

( �
� ) First thepower spectrumof theaudiosignalis calculated.To
do this, theraw audiodatais first decomposedinto its frequencies
usinga X4���~NX5� [Q\ �*_ \u«s\ ��gsSr�� \�¬ ��~�����g®�X X «'¯ . We usea window
sizeof 256 samples,which correspondsto about23msat 11kHz,
andaHanningwindow with 50%overlap.WethusobtainaFourier
transformof 11 / 2 kHz, i.e. 5.5kHz signals.

( �F� ) Theinnerearseparatesthefrequenciesandconcentratesthem
at certain locationsalong the basilar membrane. The inner ear
can thus be regardedas a complex systemof a seriesof band-
passfilters with anasymmetricalshapeof frequency response.The
centerfrequenciesof theseband-passfiltersarecloselyrelatedto the
critical-bandrates,wherefrequenciesarebundledinto 24 critical-
bandsaccordingto the d|� \ � scale[37]. Wherethesebandsshould
becentered,or how widethey shouldbe,hasbeenanalyzedthrough
several psychoacousticexperiments.Sinceour signalis limited to
5.5 kHz we useonly the first 20 critical bands,summingup the
valuesof thepower spectrumwithin theupperandlower frequency
limits of eachband,obtaininga power spectrumof the 20 critical
bandsfor thesegments.

( �F¦ ) SpectralMaskingis theocclusionof aquietsoundby alouder
soundwhenbothsoundsarepresentsimultaneouslyandhavesimilar
frequencies.Spectralmaskingeffectsarecalculatedbasedon [31],
with a spreadingfunctiondefiningtheinfluenceof the ° -th critical
bandon the � -th beingusedto obtain a spreadingmatrix. Using
this matrix the power spectrumis spreadacrossthe critical bands
obtainedin the previous step, where the maskinginfluenceof a
critical bandis higheronbandsabove it thanon thosebelow it.

( �4± ) Theintensityunit of physicalaudiosignalsis soundpressure
and is measuredin ����:����	 (Pa). The valuesof the PCM data
correspondto thesoundpressure.Beforecalculating `=��g._ values
it is necessaryto transformthedatainto decibel.Thedecibelvalue
of a soundis calculatedas the ratio betweenits pressureand the
pressureof the hearingthreshold,also known as dB-SPL,where
SPLis theabbreviation for soundpressurelevel.

( �F² ) The relationshipbetweenthesoundpressurelevel in decibel
and our hearingsensationmeasuredin `'��g._ is not linear. The
perceivedloudnessdependson thefrequency of thetone.Fromthe
dB-SPLvalueswethuscalculatetheequalloudnesslevelswith their
unit Phon.The �Nhs��g levelsaredefinedthroughtheloudnessin dB-
SPLof a tonewith 1kHz frequency. A level of 40 �0hs��g resembles
the loudnesslevel of a 40dB-SPLtone at 1kHz. A pure tone at
any frequency with 40 �0hs��g is perceived as loud asa pure tone
with 40dB at 1kHz. We aremostsensitive to frequenciesaround
2kHzto 5kHz. Thehearingthresholdrapidlyrisesaroundthelower
andupperfrequency limits, which arerespectively about20Hzand
16kHz. Althoughthevaluesfor theequalloudnesscontourmatrix
areobtainedfrom experimentswith puretones,they maybeapplied
to calculatethespecificloudnessof thecritical bandratespectrum,
resultingin loudnesslevel representationsfor thefrequency ranges.

( �F³ ) Finally, astheperceivedloudnesssensationdiffersfor different
loudnesslevels,thespecificloudnesssensationin `=��g=_ iscalculated
basedon[3]. Theloudnessof the1kHztoneat40dB-SPLis defined
to be1 Sone.A toneperceivedtwiceasloudis definedto be2 `=��g=_
andso on. For valuesup to 40 �0hs��g the sensationrisesslowly,
increasingat a fasterrateafterwards.

Figure2 illustratesthedataaftereachof thefeatureextractionsteps
usingthefirst 6-secondsequencesextractedfrom d{_�_:~yhs��´�_:g�µNXZY[Q\] 	 �A$_ andfrom ¶^� \ g�µ·X \ _����f��g¸�º¹F_C��»h . The sequenceof XZY[Q\
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] 	 �A$_ containsthemainthemestartingshortlybeforethe2ndsecond.
Thespecificloudnesssensationdepictseachpianokey played.On
the otherhand, X \ _����¤��gÄ�j¹F_C��»h , which is classifiedas p¢_C��´�}bv_:~*��	 Å"Æ^_C��~yhubc_:~*��	 , is quiteaggressive. Melodic elementsdonot
play a major role and the specific loudnesssensationis a rather
complex patternspreadover the whole frequency range,whereas
only thelowercritical bandsareactivein XZY[Q\�] 	 �A$_ . Noticefurther,
that the valuesof the patternsof X \ _C�9�v��g¸�q¹F_C��»h areup to 18
timeshighercomparedto thoseof XZY[Q\{] 	 �A$_ .
3.3 Rhythm Patterns
After the first preprocessingstagea pieceof music is represented
by several 6-secondsequences.Eachof thesesequencescontains
informationon how loud thepieceis at a specificpoint in time in a
specificfrequency band. Yet, thecurrentdatarepresentationis not
time-invariant. It may thusnot be usedto comparetwo piecesof
musicpoint-wise,asalreadyasmalltime-shiftof afew milliseconds
will usually result in completelydifferent featurevectors. In the
secondstageof thefeatureextractionprocess,we calculatea time-
invariant representationfor eachpieceof musicin 3 further steps,
namelythe frequency-wise rhythmpattern.Theserhythmpatterns
containinformationon how strongandfastbeatsareplayedwithin
therespective frequency bands.

( Çj� ) Theloudnessof a critical-bandusuallyrisesandfalls several
timesresultingin a moreor lessperiodicalpattern,alsoknown as
the rhythm. The loudnessvaluesof a critical-bandover a certain
time periodcanbe regardedasa signal that hasbeensampledat
discretepoints in time. The periodicalpatternsof this signalcan
then be assumedto originate from a mixture of sinuids. These
sinuidsmodulatetheamplitudeof the loudness,andcanbe calcu-
latedby a Fourier transform. The modulationfrequencies,which
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canbe analyzedusingthe 6-secondsequencesandtime quantaof
12ms,arein therangefrom 0 to 43Hzwith anaccuracy of 0.17Hz.
Noticethata modulationfrequency of 43Hzcorrespondsto almost
2600bpm. Thus,the amplitudemodulationof the loudnesssensa-
tion percritical-bandfor each6-secondsequenceis calculatedusing
a FFT of the6-secondsequenceof eachcritical band.

( Çº� ) Theamplitudemodulationof theloudnesshasdifferenteffects
on our sensationdependingon the frequency. The sensationofÊ [ �$~ [ ��~�����g®�~ \ _:g�o�~yh is mostintenseat a a modulationfrequency
of around4Hz andgraduallydecreasesup to 15Hz. At 15Hz the
sensationof \ � [ o9h�g._:� startsto increase,reachesits maximumat
about70Hz,andstartsto decreasesat about150Hz. Above 150Hz
thesensationof hearing~yh \ _�_��_7w"� \ ��~7_$	 }º� [ i���k�	t_|~*��g._: increases.
It is thefluctuationstrength,i.e. rhythmpatternsup to 10Hz,which
correspondsto 600 beatsper minute(bpm), that we areinterested
in. For eachof the 20 frequency bandswe obtain 60 valuesfor
modulationfrequenciesbetween0 and10Hz. This resultsin 1200
valuesrepresentingthefluctuationstrength.

( Çº¦ ) To distinguishcertainrhythm patternsbetterand to reduce
irrelevant information, gradientand Gaussianfilters are applied.
In particular, we usegradientfilters to emphasizedistinctive beats,
whicharecharacterizedthrougharelativelyhighfluctuationstrength
at a specificmodulationfrequency comparedto thevaluesimmedi-
ately below andabove this specificfrequency. We further applya
Gaussianfilter to increasethesimilarity betweentwo rhythmpattern
characteristicswhichdiffer only slightly in thesenseof eitherbeing
in similar frequency bandsor having similar modulationfrequen-
ciesby spreadingthe accordingvalues. We thusobtainmodified
fluctuationstrengthvaluesthat canbe usedas featurevectorsfor
subsequentclusteranalysis.

Thesecondpartof the featureextractionprocessis summarizedin
Figure 3. Looking at the modulationamplitudeof XZY[Q\º] 	 �A$_ it
seemsasthoughthereis nobeat.In thefluctuationstrengthsubplot
themodulationfrequenciesaround4Hz areemphasized.Yet, there
arenoclearverticallines,astherearenoperiodicbeats.Ontheother

hand,notethestrongbeatof around7Hz in all frequency bandsofX \ _C�9����gq�x¹F_C��»h . For anin-depthdiscussionof thecharacteristics
of thefeatureextractionprocess,pleasereferto [23, 24].

4. HIERARCHICAL DATA CLUSTERING
Using the rhythm patternswe apply the `=_$	 r$e�a \ oR��gs�t�$�AgQo¸bv��w
( `5aNb ) [13], aswell as its extension,the m \ ��n
�AgQoqp���_ \ � \ ��hQ������	`=_$	 r$e�a \ oR��gs�t�$�AgQovbv�:w ( mNp�`5aNb ) [6] algorithm to organizethe
piecesof musicon a 2-dimensionalmapdisplayin sucha way that
similar piecesaregroupedclosetogether. In thefollowing sections
wewill briefly review theprinciplesof the `Fa0b andthe mNp{`Fa0b ,
followedby a descriptionof thelaststepsof the `5aNbc_���d system,
i.e. theclusteranalysisstepsA1 to A3 in Figure1.

4.1 Self-Organizing Maps
The `._$	 r$e�a \ oR��g��t�$�Ag�oËbv�:w ( `FaNb ), as proposedin [12] and de-
scribedthoroughly in [13], is one of the most distinguishedun-
supervisedartificial neuralnetwork models. It basicallyprovides
clusteranalysisby producinga mappingof high-dimensionalinput
dataontoausually2-dimensionaloutputspacewhile preservingthe
topologicalrelationshipsbetweenthe input dataitemsasfaithfully
aspossible.In otherwords,the `5aNb producesa projectionof the
dataspaceonto a two-dimensionalmapspacein sucha way, that
similar dataitemsarelocatedcloseto eachotheron themap.

More formally, the `FaNb consistsof a setof units Ì , which arear-
rangedaccordingto sometopology, wherethemostcommonchoice
is a two-dimensionalgrid. Eachof theunits Ì is assigneda model
vector ÍqÎ of the samedimensionasthe input data, ÍqÎ|Ï¸Ð�Ñ . In
the initial setupof the model prior to training, the model vectors
arefrequentlyinitialized with randomvalues. However, moreso-
phisticatedstrategies suchas, for example,Principle Component
Analysis, may be applied. During eachlearningstep Ò , an input
patternÓOÔAÒ�Õ is randomlyselectedfrom thesetof input vectorsand
presentedto themap.Next, theunit showing themostsimilarmodel
vectorwith respectto the presentedinput signal is selectedasthe
winner Ö , wherea commonchoicefor similarity computationis the
Euclideandistance,cf. Expression1.

Ö�ÔAÒ�ÕØ×'ÙtÙ ÓOÔAÒCÕFÚcÍuÛ�ÔAÒCÕ�ÙtÙ�ÜÄÝ�ÞtßÎ¸à ÙtÙ ÓOÔAÒCÕ ÚvÍjÎCÔAÒCÕ�ÙtÙ á Ô»â�Õ
Adaptationtakesplaceat eachlearningiterationandis performed
asagradualreductionof thedifferencebetweentherespectivecom-
ponentsof the input vectorandthe modelvector. The amountof
adaptationis guidedby a monotonicallydecreasinglearning-rateã , ensuringlarge adaptationstepsat the beginning of the training
process,followedby a fine-tuning-phasetowardstheend.

Apart from the winner, units in a time-varying andgraduallyde-
creasingneighborhoodaroundthewinnerareadaptedaswell. This
enablesa spatialarrangementof the input patternssuchthat alike
inputsaremappedonto regionscloseto eachother in the grid of
outputunits. Thus,thetrainingprocessof theself-organizingmap
resultsin a topologicalorderingof the input patterns. According
to [27] theself-organizingmapcanbeviewedasa neuralnetwork
model performinga spatially smoothversionof ä -meanscluster-
ing. Theneighborhoodof unitsaroundthewinnermaybedescribed
implicitly by meansof a neighborhood-kernel å�ÛLÎ taking into ac-
countthe distance– in termsof theoutputspace– betweenunit Ì
underconsiderationandunit Ö , the winner of the currentlearning
iteration. A Gaussianmay be usedto define the neighborhood-
kernel,ensuringstrongeradaptionof unitscloseto thewinner. It is
commonpracticethat in the beginning of the learningprocessthe
neighborhood-kernel is selectedlargeenoughto cover a wide area
of theoutputspace.Thespatialwidth of theneighborhood-kernel
is reducedgraduallyduring the learningprocesssuchthat towards
theendof thelearningprocessjust thewinneritself is adapted.
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In combiningtheseprinciplesof self-organizingmaptraining, we
maywrite thelearningrule asgivenin Expression(2), with ã rep-
resentingthetime-varyinglearning-rate,å ÛLÎ representingthetime-
varyingneighborhood-kernel, Ó representingthecurrentlypresented
input pattern,and ÍqÎ denotingthemodelvectorassignedto unit Ì .

Í Î ÔAÒ5éÄâ9Õ
ÜÄÍ Î ÔAÒ�Õ4é ã ÔAÒ�ÕOê�å ÛLÎ ÔAÒCÕ êRë ÓOÔAÒ�ÕOÚfÍ Î ÔAÒ�Õ7ì Ô*§�Õ
A simplegraphicalrepresentationof a self-organizingmap’s archi-
tectureand its learningprocessis provided in Figure 4. In this
figure the output spaceconsistsof a squareof 36 units, depicted
ascircles,forming a grid of íºî�í units. Oneinput vector ÓOÔAÒCÕ is
randomlychosenandmappedonto the grid of outputunits. The
winner Ö showing thehighestactivationis determined.Considerthe
winner beingtheunit depictedastheblack unit labeledin thefig-
ure. Themodelvectorof thewinner, ÍqÛ�ÔAÒ�Õ , is now movedtowards
thecurrentinput vector. This movementis symbolizedin theinput
spacein Figure4. As a consequenceof theadaptation,unit Ö will
produceanevenhigheractivationwith respectto the input patternÓ at thenext learningiteration,Ò.éïâ , becausetheunit’smodelvec-
tor, ÍqÛ9ÔAÒFéðâ�Õ , is now nearerto theinput patternÓ in termsof the
input space.Apart from the winner, adaptationis performedwith
neighboringunits, too. Units thataresubjectto adaptationarede-
pictedasshadedunitsin thefigure. Theshadingof thevariousunits
correspondsto the amountof adaptation,and thus, to the spatial
width of theneighborhood-kernel. Generally, unitsin closevicinity
of thewinnerareadaptedmorestrongly, andconsequently, they are
depictedwith a darker shadein thefigure.

Beingadecidedlystableandflexiblemodel,the `5aNb hasbeenem-
ployed in a wide rangeof applications,rangingfrom financialdata
analysis,via medicaldataanalysis,to timeseriesprediction,indus-
trial control, andmany more[5, 13, 32]. It basicallyoffers itself
to theorganizationandinteractive explorationof high-dimensional
dataspaces.Oneof its mostprominentapplicationareasis theorga-
nizationof largetext archives[15, 19,29], which,dueto numerous
computationaloptimizationsandshortcutsthatarepossiblein this
NN model,scaleup to millions of documents[11, 14].

However, dueto its topologicalcharacteristics,the `FaNb not only
servesasthebasisfor interactiveexploration,butmayalsobeusedas
an index structureto high-dimensionaldatabases,facilitating scal-
ableproximity searches.Reportson a combinationof `5aNbË and
R*-treesas an index to imagedatabaseshave beenreported,for
example, in [20, 21], whereasan index tree basedon the `FaNb
is reportedin [36]. Thus,the `5aNb combinesandoffers itself in
a convenientway both for interactive exploration, as well as for
the indexing andretrieval, of informationrepresentedin the form
of high-dimensionalfeaturespaces,whereexact matchesare ei-
ther impossibledue to the fuzzy natureof datarepresentationor
therespective typeof query, or at leastcomputationallyprohibitive,
makingthemparticularlysuitablefor imageor musicdatabases.

layer 0

layer 1

layer 2

layer 3
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4.2 The GHSOM
Thekey ideaof the m \ ��n0�ygQoxp{�*_ \ � \ ��hQ������	�`=_$	 r$e�a \ oR��gs�t�$�AgQo�bv��w [6]
is to useahierarchicalstructureof multiple layers,whereeachlayer
consistsof a numberof independent̀5aNbË . One `Fa0b is usedat
the first layer of the hierarchy, representingthe respective datain
moredetail. For every unit in this mapa `FaNb might beaddedto
thenext layerof thehierarchy. This principle is repeatedwith the
third andany furtherlayersof the mNp{`FaNb .

Sinceoneof theshortcomingsof `FaNb usageis its fixednetwork
architecturewe ratherusean incrementallygrowing versionof the`5aNb . Thisrelievesusfrom theburdenof predefiningthenetwork’s
size which is ratherdeterminedduring the unsupervisedtraining
process.We startwith a layer0, which consistsof only onesingle
unit. Theweightvectorof this unit is initialized astheaverageof
all inputdata.Thetrainingprocessbasicallystartswith asmallmap
of, say, §�îj§ units in layer1, which is self-organizedaccordingto
thestandard̀Fa0b trainingalgorithm.

This training processis repeatedfor a fixed number ÷ of training
iterations. Ever after ÷ training iterationstheunit with the largest
deviationbetweenitsweightvectorandtheinput vectorsrepresented
by thisveryunit isselectedastheerrorunit. In betweentheerrorunit
andits mostdissimilarneighborin termsof theinputspaceeithera
new row or a new columnof units is inserted.Theweightvectors
of thesenew unitsareinitializedastheaverageof theirneighbors.

An obviouscriterionto guidethetrainingprocessis the ø [ ��g�~����9��e~�����gï_ \:\ � \¢ù Î , calculatedasthe sumof the distancesbetweenthe
weightvectorof aunit Ì andtheinputvectorsmappedontothisunit.
It is usedto evaluatethemappingquality of a `5aNb basedon the¬ _C��gúø [ ��gs~��t����~�����g¤_ \:\ � \ ( b®û ] ) of all units in themap. A map
grows until its b¤û ] falls below a certainfraction ü ¨ of the ù Î of
theunit Ì in theprecedinglayerof thehierarchy. Thus,themapnow
representsthedataof thehigherlayerunit Ì in moredetail.

As outlinedabove the initial architectureof the mNp{`Fa0b consists
of one `FaNb . Thisarchitectureis expandedby anotherlayerin case
of dissimilar input databeingmappedon a particularunit. These
units areidentifiedby a ratherhigh quantizationerror ù Î which is
above a thresholdü9ý . This thresholdbasicallyindicatesthedesired
granularitylevel of datarepresentationasa fraction of the initial
quantizationerror at layer 0. In sucha case,a new map will be
addedto thehierarchyandtheinput datamappedon therespective
higher layer unit areself-organizedin this new map,which again
grows until its b®û ] is reducedto a fraction ü ¨ of the respective
higher layer unit’s quantizationerror ù Î . Note that this doesnot
necessarilyleadto abalancedhierarchy. Thedepthof thehierarchy
will ratherreflectthediversityin inputdatadistributionwhichshould
beexpectedin real-worlddatacollections.Dependingonthedesired
fraction ü ¨ of b®û ] reductionwemayendupwith eitheraverydeep
hierarchywith smallmaps,a flat structurewith largemaps,or – in
theextremecase– only onelargemap.Thegrowth of thehierarchy
is terminatedwhenno furtherunitsareavailablefor expansion.
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A graphicalrepresentationof a mNp{`FaNb is givenin Figure5. The
mapin layer1 consistsof F�î¢§ unitsandprovidesaroughorganiza-
tion of themainclustersin theinputdata.Thesix independentmaps
in thesecondlayeroffer amoredetailedview onthedata.Two units
from oneof thesecondlayermapshave furtherbeenexpandedinto
third-layermapsto provide sufficiently granularinput datarepre-
sentation.By usingaproperinitializationof themapsaddedateach
layerin thehierarchybasedon theparentunit’s neighbors,aglobal
orientationof thenewly addedmapscanbereached[7]. Thus,sim-
ilar datawill befoundonadjoiningbordersof neighboringmapsin
thehierarchy.

4.3 Cluster analysisof music data
Thefeaturevectorsextractedaccordingto theprocessdescribedin
Section3 areusedasinput to the mNp�`5aNb . However, somefurther
intermediaryprocessingstepsmay be applied in order to obtain
featurevectorsfor piecesof music,ratherthanmusicsegments,as
well as to, optionally, compressthe dimensionalityof the feature
spaceasfollows.

( G�� ) Basically, eachsegmentof music may be treatedas an in-
dependentpieceof music,thusallowing multiple assignmentof a
givenpieceof musictomultipleclustersof varyingstyleif apieceof
musiccontainspassagesthatmaybeattributedto differentgenres.
Also, a two-level clusteringproceduremaybeappliedto first group
thesegmentsaccordingto their overall similarity. In a secondstep,
the distribution of segmentsacrossclustersmay beusedasa kind
of H0gQo�_ \ w \ �Ag�~ to describethe characteristicsof the whole piece
of music,usingtheresultingdistribution vectorsasan input to the
second-level clusteringprocedure[26].

On the otherhand,our researchhasshown, that simply usingthe
medianof all segmentvectorsbelongingto a givenpieceof music,
resultsin astablerepresentationof thecharacteristicsof thispieceof

music. We have evaluatedseveralalternativesusingGaussianmix-
turemodels,fuzzy c-means,andk-meanspursuingtheassumption
thatapieceof musiccontainssignificantlydifferentrhythmpatterns.
However, themedian,despitebeingby far thesimplesttechnique,
yielded comparableresultsto the morecomplex methods. Other
simplealternativessuchasthethemeanprovedto betoovulnerable
with respectto outliers.

Therhythmpatternsof all 6-secondsequencesextractedfrom XZY[Q\] 	 �A$_ and from X \ _����®��g �f¹F_C��»h as well as their mediansare
depictedin Figure6. Theverticalaxisrepresentsthecritical-bands
from d|� \ � 1-20, the horizontalaxis the modulationfrequencies
from 0-10Hz,where d|� \ � 1 and0Hz is locatedin the lower left
corner. Generally, thepatternsof onepieceof musichave common
properties.While XºY["\¢] 	 �A$_ is characterizedby a ratherhorizon-
tal shapewith low values, X \ _C�9�Ë��gï�º¹F_C��»h hasa characteristic
vertical line around7Hz. To capturethesecommoncharacteristics
within a pieceof music the medianis a suitableapproach. The
medianof XZY[Q\|] 	 �A$_ indicatesthattherearecommonbut weakac-
tivitiesin therangeof 3-10 d|� \ � with amodulationfrequency of up
to 5Hz. Thesinglesequencesof XZY[Q\�] 	 �A$_ havemany moredetails,
for example,thefirst sequencehasaminorpeakaround5 dJ� \ � and
5Hz modulationfrequency. However, themaincharacteristics,e.g.
theverticalline at7Hzfor X \ _����z��g��x¹5_���Ch , aswell asthegeneric
activity in thefrequency bandsarepreserved.

( Gu� ) Furthermore,the1200-dimensionalfeaturespacemaybecom-
pressedusing Principle ComponentAnalysis (PCA). Our experi-
mentshave shown thata reductiondown to 80 dimensionsmaybe
performedwithout muchlossin variance.Yet, for theexperiments
presentedin this paperweusetheuncompressedfeaturespace.

( Gu¦ ) Following theseoptionalsteps,a mNp{`FaNb maybetrainedto
obtainahierarchicalmapinterfaceto themusicarchive. Apart from
obtaininghierarchicalrepresentations,the mNp{`FaNb may also be
appliedto obtainflat mapssimilar to conventional `Fa0bË , or grow
lineartreestructures.

( I � � � � ¡A�y¥ �s� �y�.� ) Theresultingmapsoffer themselvesasinterfaces
to exploreamusicarchive. Yetadvancedclustervisualizationtech-
niquesbasedonthe `FaNb , suchasthe JFeAbv��~ \ �tl [34], maybeused
to assistin clusteridentification. A specificallyappealingvisual-
ization basedon  ¬ ����~yh�_CiËiR��~*�uhQ�y�~*��o \ � ¬ ºL`QÆ{p ¯ [25] aretheK �	���g'i���»rxb [ ���� , which usethemetaphorof geographicalmaps,
whereislandsresemblestylesof music,to provide an intuitive in-
terface to music archives. Furthermore,attribute aggregatesare
usedto create L�_C��~yh�_ \ ��hs� \ ~� thathelptheuserto understandthe
soundcharacteristicsof thevariousareasonthemap.For adetailed
discussionandevaluationof thesevisualizations,see[24].

5. EXPERIMENTS
In thefollowingsectionswepresentsomeexperimentalresultsof our
systembasedonamusicarchive madeupof MP3-compressedfiles
of popularpiecesof musicfrom a variety of genres.Specifically,
we presentin more detail the organizationof a small subsetof
the entire archive, consistingof 77 piecesof music, with a total
playing time of about5 hours,using the m0p�`5aNb . This subset,
due to its limited size offers itself for detaileddiscussion. We
furthermorepresentresultsusinga larger collectionof 359 pieces
of music, with a total playing length of about23 hours. In both
cases,eachpieceis representedby 1200 featureswhich describe
thedynamicsof theloudnessin frequency bands.Theexperiments,
including audio samples,are available for interactive exploration
at the `Fa0bc_���d projecthomepageat M$N$NPO�QSRPR�T$T$T�USV�W*XYUZN\[$T�VP]�^-U_$` U _ NaR*b _ ^dc*V\RdXPe	f�]Pg�h .
5.1 A GHSOM of 77 piecesof music
Figure7 depictsa mNp�`5aNb trainedon themusicdata.On thefirst
level the training processhasresultedin the creationof a FjîiF
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map,organizingthe collection into 9 major stylesof music. The
bottomright representsmainlyclassicalmusic,while theupperleft
mainly representsa mixture of Hip Hop, Electro, and Housebyd|� ¬ r [ g"�zb¤� �Ck�r ¬ � ¯ . Theupper-right, center-right, andupper-
centerrepresentmainly discomusicsuchas �������uÆ¢� by ���Rk�k$��_
Lº��	A	 ��� ¬ x \ ������iL° ¯ , dJ	 [ _ by ] � n|_$	poPqqC_:� n|_$	roPq�e7k�	 [ _ ¯ , or X \ ����_:g
by bf�RiR��gsg=�� r \ ���9_:g ¯ . Pleasenote,thattheorganizationdoesnot
follow clean“conceptual”genrestyles,splitting by definition,e.g.p{� wspx�:w and p�� [ $_ , but ratherreflectstheoverall soundsimilarity.

Sevenof these9 first-level categoriesarefurtherrefinedon thesec-
ondlevel. For example,thebottomright unit representingclassical
music is divided into 4 further sub-categories. Of these4 cate-
goriesthe lower-right representsslow andpeacefulmusic,mainly
piano piecessuchas XZY[Q\Z] 	 �A$_ËC_$	 �A$_ ¯ and bv��g'i�:��h�_:�Ags$��g=��~7_ ¬ ��g=i ¯ by d{_�_:~yhs��´�_:g , or X \ _ ¬ i�_º¹�Y��g'i�_ \q[ g=i�bc_:g�:��h�_:g by`'��h [Q¬ ��gsg �����i�$��_:g=_ ¯ . The upper-right represents,for example,
piecesby ss��g=_:�:�Ëbf��_ (vm), which, in this case,aremoredy-
namicinterpretationsof classicalpiecesplayedontheviolin. In the
upper-left orchestralmusicis locatedsuchastheastheendcredits
of thefilm dJ�R����~*�¢~yhs_�X [ ~ [Q\ _ KtKtK  r [ ~ [Q\ _ ¯ andtheslow lovesong« h�_�����$_ by d{_:~�~7_JbË��is	t_ \ 7~yh�_ \ ��$_ ¯ , exhibiting amoreintensive
soundsensation,whereasthelower right cornerunit representsthed \ ��g=iR_:g=k [Q\ ov�0��g'��_ \ ~� by d|�R��hf»k \ ��g'i�_:g ¯ .
Generallyspeaking,we find thesofter, morepeacefulsongson this
secondlevel maplocatedin thelower half of themap,whereasthe
moredynamic,intensive songsarelocatedin theupperhalf. This
correspondsto thegeneralorganizationof themapin thefirst layer,
wheretheunit representingClassicmusicis locatedin thelowerright
corner, havingmoreaggressivemusicasitsupperandleft neighbors.
This allows us, even on lower-level maps, to move acrossmap
boundariesto find similar musicon theneighboringmapfollowing

thesamegeneraltrendsof organization,thusalleviatingthecommon
problemof clusterseparationin hierarchicalorganizations.

Someinterestinginsightsinto themusiccollectionwhich the m0pxe`5aNb revealsare,for example,that thesong X \ _�_:�~�}�	t_ \ by dJ� ¬ er [ gQ�jb®�  (center-left) is quite different then the other songsby
thesamegroup. X \ _�_:�~�}�	t_ \ wasthegroupsbiggesthit so far and,
unlike theirothersongs,hasbeenappreciateby abroaderaudience.
Generally, thepiecesof onegrouphavesimilarsoundcharacteristics
andthusarelocatedwithin the samecategories. This applies,for
example,to thesongsof m [ ��g'�vu·ws_:��oR� ¯ and ���:w"�������R��hjSw \7¯ ,
whicharelocatedin thecenterof the9 first-level categoriestogether
with otheraggressive rock songs. However, anotherexceptionis¹O�A´��Ag�o��Ag¸�u¹O�*_ by m [ ��g'� uØws_:u�oR��e*	 �*_ ¯ , locatedin the lower-
left. Listeningto this piecereveals,that it is muchslower thanthe
otherpiecesof thegroup,andthat this songmatchesvery well to,
for example, u�iRi����$~ by ¶xw ��Fhs�����:_ .
5.2 A GHSOM of 359piecesof music
In this sectionwe presentresultsfrom usingthe `5aNbc_���d system
to structurea largercollectionof 359piecesof music.Dueto space
constraintswecannotdisplayor discussthefull hierarchyin detail.
We will thuspick a few examplesto show thecharacteristicsof the
resultinghierarchy, inviting the readerto explore andevaluatethe
completehierarchyvia theprojecthomepage.

The resulting mNp{`Fa0b hasgrown to a sizeof §ºîzy units on the
top layermap. All 8 top-layerunitswereexpandedontoa second
layer in the hierarchy, from which 25 units out of 64 units total
on this layer were further expandedinto a third layer. None of
thebranchesrequiredexpansioninto a fourth layerat therequired
level-of-detailsetting. An integratedview of the two top-layersof
themapis depictedin Figure8. We will now take a closerlook at
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somebranchesof thismap,andcomparethemtotherespectiveareas
in the mNp{`FaNb of thesmallerdatacollectiondepictedin Figure7

Generally, we find piecesof soft classicalmusicin theupperright
corner, with themusicbecominggraduallymoredynamicandag-
gressive as we move towards the bottom left cornerof the map.
Due to the characteristicsof the training processof the mNp{`FaNb
we canfind thesamegeneraltendency at therespective lower-layer
maps.Theoverall orientationof themaphierarchyis rotatedwhen
comparedto the smaller mNp{`FaNb , wheretheclassicaltitles were
locatedin the bottomright corner, with the moreaggressive titles
placedon the upperleft areaof the map. This rotation is due to
the unsupervisednatureof the mNp�`5aNb training process.It can,
however, beavoidedby usingspecificinitialization techniquesif a
specificorientationof themapwererequired.

Theunit in theupperright cornerof thetop-layermap,representing
thesoftestclassicalpiecesof music,is expandedontoa FZîj§ map
in thesecondlayer(expandedto theupperright in Figure8). Here
we againfind the softest,mostpeacefulpiecesin the upperright
corner, namelypartof thesound-trackof themovie � [Q\ �������{��� \ � ,
next to ¹F_C��´��AgQou��� \ ~ by ��� ¬ _:¢px� \ g._ \ , « h�_^bc_ \:\ }u��_C��:��g�~�
by `'��h [Q¬ ��gsg , and �0��g=��g by ���R��h�_$	�k�_$	 . Below this unit we find
further soft titles, yet somewhat moredynamic. We basicallyfind
all titles thatweremappedtogetherin thebottomright cornerunit
of the mNp�`5aNb of the smallercollectiondepictedin Figure7 on
this unit, i.e. uJ� \ µ-uJ´�_�bv� \ ����µNXZY[Q\x] 	 �A$_:µ
X \ _ ¬ i�_¢¹�Y��g'i�_ \�[ g=ibc_:gs:��h�_:g¸�����i�:��_:g._ ¯ andthe bv��g'i�:��h�_:�Ag�:��g'��~7_ . Furthermore,
a few additionaltitles of the larger collection have beenmapped
onto this unit, the mostfamousof which probablyare Æx�*_¢��	t_:�Ag=_� �R��hQ~ ¬^[ ��S� by bv����� \ ~ , the X [ g._ \ ��	0bv� \ ��h by �Fhs�:w'�yg or the
u�iR��o���� from theClarinetConcertby emphMozart.

Let us now take a look at the titles that were mappedonto the
neighboringunitsin thepreviouslypresentedsmallerdatacollection.
The d \ ��g'i�_:g=k [Q\ o��A:��h�_x¶^��g��9_ \ ~7_ , locatedontheneighboringunit
to theright in thefirst example,canbefoundin thelower left corner

of this map,togetherwith, for example, u|	 :�z�w \ �R��hz�O� \ ��~yh [ �~ \ �
by ������hs� \ i^`�~ \ � [�� . Mappedontotheupperneighboringunit in the
smaller mNp{`FaNb wehadtitleslikethe X0� \ �~=bv��´�_ ¬ _:gs~O�LrN~yh�_�q�~yh`s} ¬ wshs��gs} by d{_�_:~yhs��´�_:g , or the « ��������~*�u��g'i¢X [ o�_x�yguÆ bË�yg=� \
by d|����h . We find thesetwo titles in the upperleft cornerof the
2-layermapof this mNp�`5aNb , togetherwith two of the threetitles
mappedontothediagonallyneighboringunit in thefirst mNp{`Fa0b ,
i.e. ¹4��´�_ ¬ _ « _:g'i�_ \ by ] 	 ´��A{� \ _:�	t_:} , and « h�_������_ by d{_:~�~7_b���is	t_ \ , which areagainsoft,mellow, but a bit moredynamic.The
third title mappedonto this unit in the smaller m0p�`5aNb , i.e. the
soundtrack of the movie d|�����j~*�j~yh�_^X [ ~ [Q\ _ KtKtK is not mapped
into this branchof this mNp{`Fa0b anymore. Whenwe listento this
title we find it to have mainly strongorchestralparts,which have a
different,moreintensesoundthanthesoft piecesmappedontothis
branch,whichismorespecificwith respecttoverysoftclassicaltitles
asmoreof themareavailablein thelargerdatacollection. Instead,
we canfind this title on the upperright cornerin the neighboring
branchto theleft, originatingfrom theupperleft cornerunit of the
top-layermap. Thereit is mappedtogetherwith « h�_�d|_�� [ ~�}q��g'i~yhs_�d{_C���~ andotherorchestralpieces,suchas u|	A	t_�o \ �ubv��	 ~*� byd \ �9h ¬  . We thusfind this branchof the mNp�`5aNb to bemoreor
lessidenticalto theoverall organizationof thesmaller mNp{`FaNb in
sofar asthetitles presentin bothcollectionsaremappedin similar
relative positionsto eachother.

Dueto thetopologypreservationprovidedby the mNp{`FaNb we can
movefrom thesoftclassicalclustermapto theleft to find somewhat
more dynamicclassicalpiecesof music on the neighboringmap
(expandedto the left in Figure8). Thus,a typical disadvantageof
hierarchicalclusteringandstructuringof datasets,namelythe fact
thata clusterthatmight beconsideredconceptuallyvery similar is
subdividedinto two distinctbranches,is alleviatedin the mNp{`Fa0b
concept,becausethesedatapointsaretypically locatedin theclose
neighborhood.We thusfind, on theright borderof theneighboring
map,themorepeacefultitlesof thisbranch,yetmoredynamicthan
theclassicalpiecesontheneighboringrightbranchdiscussedabove.
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Ratherthancontinuingto discusstheindividual unitswe shallnow
take a look at the titles of a specificartist and its distribution in
this hierarchy. In total, there are 7 titles by s���g._:�:�¸bv��_ in
this collection,all violin interpretations,yet of distinctly different
style. Her most “conventional” classicalinterpretations,suchas
Brahm’s `'��h�_ \ ���v�yg �ðbË�Ag=� \ 7´ ¬ eLk \ �9h ¬  ¯ or Bach’s ��� \ ~��y~*��v� �Ag ] r�� \ `'��	���s5����	 �AgB7´ ¬ e7k�����h ¯ are locatedin the classic-
clusterin the upperright cornerbranchon two neighboringunits
on the left sideof the second-layermap. Thesearedefinitely the
most “classical” of her interpretationsin the given collection,yet
exhibiting strongdynamics.Further3 piecesof VanessaMae( « hs_� `._C��:��gs by Vivaldi, ��_Ci<s5����	 �Ag in its symphonicversion,and« _Cø [ ��	��Zbf�������AgQoRk$� \ i ) arefound in theneighboringbranchto the
left, theformertwomappedtogetherwith Lj_:�~7_ \ g�Æ \ _�� ¬ by

� _:nbv��iR_$	au \�¬ } . All of thesetitlesareverydynamicviolin pieceswith
strongorchestralpartsandpercussion.

Whenwe look for theremaining2 titlesby ss��g._:�:�zbv�R_ , we find
them on the unit expandedbelow the top right cornerunit, thus
alsoneighboringthe classicalcluster. On the top-left cornerunit
of this sub-mapwe find �
	�����������	Nm��� , which startsin a classical,
symphonicversion, and graduallyhasmore intensive percussion
beingadded,exhibiting a quite intensebeat. Also on this map,on
theone-but-next unit totheright,wefindanotherinterpretationof the« ��������~*�º��g=i¢X [ o�_��AguÆ bË�Ag'� \ by Bach,this time in theclassical
interpretationof ss��g=_:�:�ºbv�R_ , alsowith a very intensebeat.The
more “conventional” organ interpretationof this title, aswe have
seen,is locatedin the classicclusterdiscussedbefore. Although
botharethesametitles,theinterpretationsareverydifferentin their
soundcharacteristic,with ss��g._:�:�Zbv��_ ’s interpretationdefinitely
beingmorepop-like thanthetypical classicalinterpretationof this
title. Thus,two identical titles, yet playedin differentstyles,end
up in their respective stylistic branchesof the `Fa0bc_���d system.
We furthermorefind, that the systemdoesnot organizeall titles
by a singleartist into the samebranch,but actuallyassignsthem
accordingto theirsoundcharacteristics,whichmakesit particularly
suitablefor localizingpiecesaccordingto oneslikings independent
of the typical assignmentof an artist to any category, or to the
conventionalassignmentof titles to specificgenres.

In spiteof thesedesiredcharacteristics,however, severalweaknesses
remain,especiallywhentitles, thatmaybevery similar in termsof
theirbeatcharacteristicsin thevariousfrequency bands,aremapped
together, yet derive from very differentgenresandareimmediately
associatedwith thosegenres.Thisrefers,for example,totitleswhere
the languageis a specificcharacteristic,suchasseveral German-
languagesongsin our collection. Furthermore,in somecaseslike
thepreviously-mentionedL�_:�~7_ \ guÆ \ _C� ¬ by

� _:núbv��iR_$	*u \:¬ } ,
which is mappedtogetherwith titles by ss��g=_:�:�qbv��_ , the rhyth-
mic propertiesmight be similar, yet the perceived soundis still
distinctively differentbecauseof thestrongvocalparts.Evenif the
acousticbackgroundsharessomesimilarities over long distances
of the title, the rhythmic vocal partsareperceived muchstronger.
This pointstowardsthenecessityto incorporateadditionalfeatures
to bettercapturesoundcharacteristics.Furthermore,in somecases
like theseit might beadvisableto usethe two-stageclusteringap-
proachoutlined in [26], as for sometitles the varianceof sound
characteristicsof segmentsis ratherlarge. Whentaking a look at
themappingof therespective segmentsof L�_:�~7_ \ gfÆ \ _C� ¬ in an-
otherexperimentwe find 3 segmentsof it to be locatedin a more
classicalsub-branch,whereastheothersegmentsarelocatedin the
moredynamic,aggressive branchesof thehierarchy.

Furtherunitsdepictedin moredetailin Figure8 arethebottomright
unit representingthemoreaggressive,dynamictitles. Weleaveit to
the readerto analyzethis sub-mapandcomparethe titles with the
onesmappedontotheupperleft cornermapin Figure7.

6. CONCLUSIONS
We have presentedthe `FaNbËe»_:gQhs��g=��_CiB� [ �R_�k���lBL`5aNbc_���d ¯ , a
systemfor content-basedorganizationand visualizationof music
archives. Givenpiecesof musicin raw audioformata hierarchical
organizationis createdwheremusicof similarsoundcharacteristics
is mappedtogether. Our systemthus enablesa user to browse
throughthe archive, searchingfor music representinga particular
style,without relyingon manualgenreclassification.

Rhythmpatternsin variousfrequency bandsareextractedandused
asadescriptorof perceivedsoundsimilarity, incorporatingpsychoa-
cousticmodelsduring the featureextractionstage. The mNp{`Fa0b
automaticallyidentifiestheinherentstructureof themusiccollection
andoffers an intuitive interfacefor genrebrowsing. Furthermore,
by mappinga pieceof musicrepresentinga “query” onto themap
structure,theuseris pointedto a locationwithin themaphierarchy,
whereheor shewill find similarpiecesof music.Weevaluatedour
approachusingacollectionof about23hoursof musicandobtained
encouragingresults.Futurework will mainly dealwith improving
the featureextractionprocess.While the presentedfeaturesoffer
a simplebut powerful way of describingthe music,additionalin-
formationis requiredto bettercapturesoundcharacteristicsthatgo
beyond frequency-specificbeatpatterns,focusinge.g. on the tim-
bre and instrumentation.Furthermore,moreabstractfeaturesare
necessaryto explain theorganizationprinciplesto theuser.

While thecurrentevaluationallows for an intuitive analysisof the
system’sperformance,amoreformalevaluationis desired.Wethus
plan to perform a userstudy allowing us to evaluateboth users’
expectationstowardssuchasystemaswell asto obtainfeedbackon
theperceivedqualityof thecurrentapproach.
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