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ABSTRACT

With the adwent of large musicalarchies the needto provide an

organizatiorof thesearchvesbecomeg&minent.While artist-based
organizationr title indexesmay helpin locatinga specificpiece
of music,a moreintuitive, genre-basedrganizationis requiredto

allow usersto browse an archive and explore its contents. Yet,

currently theseorganizationsfollowing musicalstyles have to be

designednanually

In this paperwe proposean approachto automaticallycreatea
hierarchicabrganizatiorof musicarchiesfollowingtheirperceved
soundsimilarity. More specifically characteristicof frequeny
spectraareextractedandtransformedaccordingo psycho-acoustic
models. Subsequent|ythe Growing HierarchicalSelf-Oganizing
Map, a popularunsupervisedeural network, is usedto createa
hierarchicalorganization offering both an interfacefor interactive
exploration as well as retrieval of music accordingto perceved
soundsimilarity.

1. INTRODUCTION

With the availability of high-qualityaudiofile formatsat sufficient
compressiorrates, we find music increasinglybeing distributed
electronicallyvia large music archives, offering music from the
public domain,selling titles, or streamingthemon a pay-pesplay
basis,or simply in the form of on-line retailersfor corventional
distribution channels.A corerequiremenfor thesearchivesis the
possibilityfor the userto locateatitle he or sheis looking for, or to
find outwhich typesof musicareavailablein general.

Thus,thosearchvescommonlyoffer severalwaysto find a desired
pieceof music. A straightforward approachis to usetext based
queriesto searchor the artist,thetitle or somephrasen thelyrics.
While thisapproaclallowsthelocalizationof adesiredbieceof mu-
sic, it requiregheuserto know andactively inputinformationabout
thetitle he or sheis looking for. An alternatve approachallow-
ing usergo explorethe musicarchive, searchingor musicalstyles,
ratherthanfor aspecifictitle or group,is thususuallyprovidedin the
form of genrehierarchiesuchas Classical, Jazz, Rock. Hencea
custometookingfor anoperarecordingmightlookintothe Classic
sectionandwill therefind - dependingnthefurtherorganizatiorof
themusicarchive - avarietyof interpretationsheingsimilarin style,
andthuspossiblysuiting his or herlikings. However, suchorgani-
zationsrely onmanualkateyorizationsandusuallyconsistof several
hundredcategorieswhich involve high maintenanceosts,in par
ticular for dynamicmusiccollections,wheremultiple contributors
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have to file their contributionsaccordingly The inherentdifficul-

ties of suchtaxonomieshave beenanalyzed for example,in [22].

Anotherapproachtaken by on-line music storesis to analyzethe
behaior of customergo give thoseshaving similar interestsrec-
ommendationsn musicwhichthey mightappreciate For example,
a simpleapproachs to give a custometooking for piecessimilar
to Fir Elise recommendationsn musicwhich is usually bought
by peoplewho alsopurchasedir Elise. However, extensie and
detailedcustomeprofilesarerarelyavailable.

The SOMeJB, i.e. the SOM-enhanced Jukeboz systemputlined
in [26], facilitatesexplorationof musicarchiveswithout relying on
further information such as customerprofiles or predefinedcate-
gories. It doesnot requirethe availability of detailed,high-quality
meta-datanthevariouspiecesof music,or musicalscores.Rather
we rely onthe soundinformation,presentn theform of ary acous-
ticalwaveformat,asit is availablee.g.from CD tracksor MP3files.
Basednthesoundsignalwe extractlow-level featuredasednfre-
queng spectradynamics,andprocesghemusingpsycho-acoustic
modelsof our auditorysystem.Theresultingrepresentatioallows
usto calculateto a certaindegreethe perceved similarity between
two piecesof music. We usethis form of datarepresentatioras
input to the Growing Hierarchical Self-Organizing Map (GH-
SOM) [6], an extensionto the popularself-oiganizingmap [13].
This neuralnetwork provides clusteranalysisby mappingsimilar
dataitemscloseto eachotheron a mapdisplay Specifically the
GHSOM is capableof detectinghierarchicalrelationshipsin the
data,andthus producesa hierarchyof mapsrepresenting/arious
stylesof music,into which the piecesof musicareorganized.

Theremaindeofthispapeiis organizedsfollows. Sectior2 briefly
reviewstherelatedwvork. Thefeatureextractionprocesss presented
in detailin Section3, followedby adescriptiorof theprinciplesand
training procedureof the Self-Organizing Map, andthe Growing
Hierarchical Self-Organizing Map in Sectiomd. Wethendescribe
experimentalresults,using both a reducedcollection of 77 pieces
of music, aswell as a larger archive consistingof 359 piecesin
Section5. Finally, in Section6 someconclusionaredravn.

2. RELATED WORK

A vastamounbf researclhasbeenconductedn theareaof content-
basedmusicandaudioretrieval. For example,methodshave been
developedto searchfor piecesof musicwith a particularmelody

The queriescanbe formulatedby hummingandare usuallytrans-
formedinto a symbolic melody representationwhich is matched
againsta databaseof scoresusually givenin MIDI format. Re-
searchin this directionis reportedin, e.g.[1, 2, 10, 16, 28]. Other
thanmelodicinformationit is alsopossibleto extractandsearctHor

style informationusingthe MIDI format. For example,in [4] solo
improvisedtrumpetperformancesareclassifiednto oneof thefour

styles: lyrical, frantic, syncopated, or pointillistic.

The MIDI format offers a wealth of possibilities, howvever, only
a small fraction of all electronicallyavailable piecesof musicare
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availableasMIDI. A morereadilyavailableformatis theraw audio

signalto which all otheraudioformatscanbe decoded.Oneof the

first audioretrieval approacheslealingwith musicwas presented
in [35], whereattributessuchasthe pitch, loudnessbrightnessand

bandwidthof speechandindividual musicalnoteswere analyzed.
Severaloverviews of systemdasedntheraw audiodatahave been
presentede.g.[9, 18]. However, mostof thesesystemslo nottreat

content-basethusicretrieval in detail, but mainly focuson speech
or partly-speeclaudiodata,with one of the few exceptionsbeing

presentedn [17], usinghummedqueriesagainstan MP3 archive

for melody-basedetrieval.

Furthermoreonly few approachet theareaof content-basechusic
analysishave utilized the framework of psychoacoustic?sychoa-
cousticglealswith therelationshipf physicasoundgndthehuman
brain’s interpretationof them, cf. [37]. Oneof thefirst exceptions
was|[8], wherepsychoacoustimodelsareusedto describehesimi-
larity of instrumentasounds.Theapproactwasdemonstratedsing
a collectionof about100 instrumentswhich wereorganizedusing
a Self-Organizing Map in a similar way aspresentedn this pa-
per. Foreachinstrumenf300millisecondssoundwasanalyzedand
steadystatesoundswith adurationof 6 millisecondswvereextracted.
Thesesteadystatesoundscanbe regardedasthe smallestpossible
building blocksof music. A modelof the humanperceptuabeha-
ior of music using psychoacousti¢indings was presentedn [30]
togetherwith methodsto computethe similarity of two piecesof
music. A morepracticalapproachio thetopicwaspresentedh [33]
wheremusicgivenasraw audiois classifiedinto genresbasedon
musicalsurface and rhythm features. The featuresare similar to
the rhythm patternswe extract, the main differencebeingthat we
analyzethemseparatelyn 20 frequenyg bands.

Ourworkis basednfirstexperimentseportedn [26]. In particular
we have redesignedhe featureextraction processusing psychoa-
cousticmodels. Additionally, by usinga hierarchicalextensionof

the neural network for dataclusteringwe are able to detectthe
hierarchicalstructurewithin our archive.

3. FEATURE EXTRACTION

The architectureof the SOMeJB systemmay be divided into 3
stagesasdepictedn Figurel. Digitized musicin goodsoundqual-
ity (44kHz, stereo)with a durationof one minute is represented
by approximatelylOMB of datain its raw format describingthe
physicalpropertiesof the acousticalwaveswe hear In a prepro-
cessingstage the audiosignalis transformeddowvn-sampledand
splitinto individual segmentystepsP1to P3). We thenextractfea-
tureswhich arerobusttowardsnon-perceptie variationsandon the
otherhandresemblecharacteristicsvhich are critical to our hear
ing sensationi.e. rhythmpatterndn variousfrequeng bands.The
featureextractionstagecanbedividedinto two subsections;onsist-
ing of the extractionof the specificloudnessensatiorexpressedn
Sone (stepsS1to S6),aswell asthecorversioninto time-invariant
frequeng-specificrhythmpatterngstepR1to R3). Finally, thedata
maybeoptionallyconverted beforebeingorganizednto clustersn
stepsAl to A3 usingthe GHSOM . Thefeatureextractionstepsare
furtherdetailedn thefollowing subsectionsyith theclusteringpro-
cedurebeingdescribedn Section4, with thevisualizationmetaphor
beingonly toucheduponbriefly dueto spaceconsiderations.

3.1 Preprocessing

(P1) The piecesof music may be givenin ary audiofile format,
suchase.g.MP3files. Wefirst decodeheseto theraw Pulse Code
Modulation (PCM) audioformat.

(P2) Theraw audioformatof musicin goodquality requireshuge
amountsof storage.As humanscan easilyidentify the genreof a
pieceof musicevenif its soundquality is ratherpoorwe cansafely
reducethe quality of the audiosignal. Thus, stereosoundquality
is first reducedo monoandthe signalis thendovn-sampledrom

| P1: Audio -> PCM |

Preprocessing | P2: Stereo -> Mono, 44kHz->11kHz |

| P3: music -> segments |
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Figure 1: System Overview: preprocessing, 2-stage
feature extraction, cluster analysis and visualization

44kHz to 11kHz, leaving a distorted,but still easily recognizable
soundsignalcomparableéo phoneline quality.

(P3) We subsequentlgegmenteachpieceinto 6-secondequences.
The durationof 6 secondg2'® sampleswas chosenheuristically
becauset is long enoughfor humansto get an impressionof the
style of a piece of music while being short enoughto optimize
the computations.However, analysewith varioussettingsfor the
segmentatiorhave shavn no significantdifferenceswith respecto
segmentlength. After remarving the first andthe last 2 segments
of eachpiece of musicto eliminatelead-in and fade-outeffects,
we retain only every third of the remainingsegmentsfor further
analysis. Again, the informationlost by this type of reductionhas
shawn insignificantin variousexperimentakettings.

We thusendup with several sggmentsof 6 secondof 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 a pieceof musicgiventhefew 6-secondsequences
in lower quality.

3.2 SpecificLoudnessSensation- Sone
Loudnesdelonggo thecatayory of intensitysensationsTheloud-
nessof a soundis measuredy comparingit to a referencesound.
The 1kHz toneis avery popularreferenceonein psychoacoustics,
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andtheloudnesof the 1kHztoneat40dBis definedto be 1 Sone.

A soundpercevedto betwice asloud is definedto be 2 Sone and
soon. In thefirst stageof the featureextractionprocessthis spe-
cific loudnessensatiorfSone)percritical-band(Bark)in shorttime
intervalsis calculatedn 6 stepsstartingwith the PCM data.

(S1) Firstthe power spectrunmof the audiosignalis calculated.To
do this, theraw audiodatais first decomposecéhto its frequencies
usinga Fast Fourier Transformation (FFT). \Weuseawindow
size of 256 sampleswhich correspond$o about23msat 11kHz,
andaHanningwindow with 50%overlap. We thusobtaina Fourier
transformof 11/ 2 kHz, i.e.5.5kHz signals.

(S2) Theinnerearseparatethe frequenciesindconcentratethem
at certainlocationsalong the basilar membrane. The inner ear
can thus be regardedas a comple systemof a seriesof band-
passfilters with anasymmetricakhapeof frequeng responseThe
centerfrequencie®f theseband-pas§ltersarecloselyrelatedto the
critical-bandrates,wherefrequenciesare bundledinto 24 critical-
bandsaccordingto the Bark scale[37]. Wherethesebandsshould
becenteredor how wide they shouldbe,hasbeenanalyzedhrough
several psychoacoustiexperiments. Sinceour signalis limited to
5.5 kHz we useonly the first 20 critical bands,summingup the
valuesof the power spectrumwithin theupperandlower frequeng
limits of eachband,obtaininga power spectrumof the 20 critical
bandsfor the sggments.

(S3) SpectraMaskingis theocclusionof aquietsoundby alouder
soundwhenbothsoundsrepresensimultaneoushandhave similar
frequencies Spectraimaskingeffectsarecalculatedbasedon [31],

with a spreadindunction definingthe influenceof the j-th critical

bandon the i-th being usedto obtain a spreadingmatrix. Using
this matrix the power spectrumis spreadacrossthe critical bands
obtainedin the previous step, wherethe maskinginfluenceof a
critical bandis higheron bandsabore it thanon thosebelaw it.

(S4) Theintensityunit of physicalaudiosignalsis soundpressure
and is measuredn Pascal (Pa). The valuesof the PCM data
correspondo the soundpressure.BeforecalculatingSone values
it is necessaryo transformthe datainto decibel. Thedecibelvalue

of a soundis calculatedasthe ratio betweenits pressureand the

pressureof the hearingthreshold,also knowvn as dB-SPL, where
SPLis theabbreiation for soundpressurdevel.

(S5) Therelationshipbetweenthe soundpressurdevel in decibel
and our hearingsensationmeasuredn Sone is not linear The
percevedloudnessiepend®n thefrequeng of thetone. Fromthe
dB-SPLvalueswethuscalculateheequalloudnesdevelswith their
unit Phon.The Phon levelsaredefinedthroughtheloudnessn dB-
SPLof atonewith 1kHz frequeng. A level of 40 Phon resembles
the loudnesdevel of a 40dB-SPLtone at 1kHz. A puretone at
ary frequeny with 40 Phon is perceved asloud asa puretone
with 40dB at 1kHz. We are mostsensitve to frequenciesaround
2kHzto 5kHz. Thehearingthresholdrapidly risesaroundthelower
andupperfrequeng limits, which arerespectiely about20Hzand
16kHz. Althoughthe valuesfor the equalloudnesscontourmatrix
areobtainedrom experimentswith puretonesthey maybeapplied
to calculatethe specificloudnesf thecritical bandratespectrum,
resultingin loudnesdevel representationfor thefrequeng ranges.

(S6) Finally, asthepercevedloudnessensationliffersfor different
loudnessevels,thespecifidoudnessensatiolin Sone is calculated
basedn[3]. TheloudnesofthelkHztoneat40dB-SPLis defined
tobel Sone.A tonepercevedtwice asloudis definedto be2 Sone

andsoon. For valuesup to 40 Phon the sensatiorrisesslowly,

increasingat afasterateafterwards.

Figure2 illustratesthe dataaftereachof thefeatureextractionsteps
usingthefirst 6-secondsequencesxtractedfrom Beethoven, Fir
Elise andfrom Korn, Freak on a Leash. The sequencef Fir

Korn, Freak on a Leash
PCM Audio Signal

Beethoven, Fir Elise
PCM Audio Signal
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Figure 2: Steps S1-S6: from the 11kHz PCM audio
signal to specific loudness per critical-band

Elise containghemainthemestartingshortlybeforethe2ndsecond.
The specificloudnesssensatiordepictseachpianokey played. On
the otherhand, Freak on a Leash, which is classifiedas Heavy
Metal/Death Metal, is quite aggressie. Melodic elementsio not
play a major role and the specificloudnesssensationis a rather
compl patternspreadover the whole frequeng range,whereas
only thelower critical bandsareactivein Fir Elise. Noticefurther,
that the valuesof the patternsof Freak on a Leash areupto 18
timeshighercomparedo thoseof Fir FElise.

3.3 Rhythm Patterns

After the first preprocessingtagea pieceof musicis represented
by several 6-secondsequencesEachof thesesequencesontains
informationon how loud the pieceis ata specificpointin timein a
specificfrequeng band. Yet, the currentdatarepresentatioiis not
time-invariant. It may thusnot be usedto comparetwo piecesof
musicpoint-wise asalreadya smalltime-shiftof afew milliseconds
will usuallyresultin completelydifferentfeaturevectors. In the
secondstageof the featureextractionprocessye calculatea time-
invariantrepresentatioffior eachpieceof musicin 3 further steps,
namelythe frequeng-wise rhythm pattern. Theserhythm patterns
containinformationon how strongandfastbeatsareplayedwithin
therespectie frequeng bands.

(R1) Theloudnesf acritical-bandusuallyrisesandfalls several
timesresultingin a moreor lessperiodicalpattern,alsoknowvn as
the rhythm. The loudnessvaluesof a critical-bandover a certain
time period can be regardedas a signal that hasbeensampledat
discretepointsin time. The periodicalpatternsof this signalcan
then be assumedo originate from a mixture of sinuids. These
sinuidsmodulatethe amplitudeof the loudnessand canbe calcu-
lated by a Fourier transform. The modulationfrequencieswhich
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Figure 3: Steps R1-R3: from loudness sensation to
modified fluctuation strength

canbe analyzedusingthe 6-secondsequenceandtime quantaof
12ms,arein therangefrom 0 to 43Hzwith anaccurag of 0.17Hz.
Notice thata modulationfrequeny of 43Hz corresponds$o almost
2600bpm. Thus,the amplitudemodulationof the loudnesssensa-
tion percritical-bandfor each6-secondequenceés calculatedising
aFFT of the6-secondsequencef eachceritical band.

(R2) Theamplitudemodulationof theloudneshasdifferenteffects
on our sensationdependingon the frequeny. The sensationof
fluctuation strength is mostintenseat a a modulationfrequeny
of around4Hz andgraduallydecreasesp to 15Hz. At 15Hz the
sensatiorof roughness startsto increasereachests maximumat
about70Hz,andstartsto decreaseat about150Hz. Above 150Hz

thesensatiorof hearingthree separately audible tones increases.

It is thefluctuationstrengthj.e. rhythmpatternsup to 10Hz,which

correspondso 600 beatsper minute (bpm), thatwe areinterested
in. For eachof the 20 frequeny bandswe obtain 60 valuesfor

modulationfrequenciepetweer0 and10Hz. This resultsin 1200
valuesrepresentinghefluctuationstrength.

(R3) To distinguishcertainrhythm patternsbetterandto reduce
irrelevant information, gradientand Gaussiarfilters are applied.
In particular we usegradientfilters to emphasizealistinctive beats,
whicharecharacterizethrougharelatively highfluctuationstrength
ata specificmodulationfrequeng comparedo thevaluesimmedi-
ately belov andabove this specificfrequeng. We furtherapply a

Gaussiatiilter toincreasehesimilarity betweertwo rhythmpattern
characteristicsvhich differ only slightly in the senseof eitherbeing
in similar frequeng bandsor having similar modulationfrequen-
cies by spreadingthe accordingvalues. We thus obtain modified
fluctuationstrengthvaluesthat can be usedasfeaturevectorsfor

subsequentlusteranalysis.

The secondpart of the featureextractionprocesss summarizedn
Figure 3. Looking at the modulationamplitudeof Fir Elise it
seemsasthoughthereis nobeat. In thefluctuationstrengthsubplot
themodulationfrequenciesround4Hz areemphasizedYet, there
arenoclearverticallines,astherearenoperiodicbeats.Ontheother

hand,notethe strongbeatof around7Hz in all frequeny bandsof
Freak on a Leash. Foranin-depthdiscussiorof thecharacteristics
of thefeatureextractionprocesspleasereferto [23, 24].

4. HIERARCHICAL DATA CLUSTERING
Using the rhythm patternswe apply the Self-Organizing Map
(SOM) [13], aswell asits extension,the Growing Hierarchical
Self-Organizing Map (GHSOM) [6] algorithmto organizethe
piecesof musicon a 2-dimensionamapdisplayin suchaway that
similar piecesaregroupedclosetogether In thefollowing sections
wewill briefly review theprinciplesof the SOM andthe GHSOM,
followedby a descriptionof the laststepsof the SOMeJB system,
i.e. theclusteranalysisstepsAl to A3 in Figurel.

4.1 Self-Organizing Maps

The Self-Organizing Map (SOM), as proposedn [12] and de-
scribedthoroughlyin [13], is one of the most distinguishedun-
supervisedartificial neuralnetwork models. It basicallyprovides
clusteranalysisby producinga mappingof high-dimensionainput
dataontoausually2-dimensionabutputspacenhile preservinghe
topologicalrelationshipsetweerthe input dataitemsasfaithfully
aspossible.In otherwords,the SOM producesa projectionof the
dataspaceonto a two-dimensionaimap spacein sucha way, that
similar dataitemsarelocatedcloseto eachotheronthemap.

More formally, the SOM consistof a setof units, which arear
rangedaccordingo sometopology wherethemostcommonchoice
is atwo-dimensionafrid. Eachof the units: is assignedh model
vectorm,; of the samedimensionasthe input data,m; € R". In
the initial setupof the model prior to training, the model vectors
arefrequentlyinitialized with randomvalues. However, more so-
phisticatedstrateyies suchas, for example, Principle Component
Analysis, may be applied. During eachlearningstept, aninput
patternz(t) is randomlyselectedrom the setof input vectorsand
presentedo themap. Next, theunit shaving themostsimilarmodel
vectorwith respecto the presentednput signalis selectedasthe
winner ¢, wherea commonchoicefor similarity computationis the
Euclideandistancecf. Expressiori.

c(t) : [[e(t) = me(D)]] = min{|le(t) —m:@)I} (1)

Adaptationtakes placeat eachlearningiterationandis performed
asagraduakeductionof thedifferencebetweertherespectre com-
ponentsof the input vectorandthe modelvector The amountof
adaptationis guided by a monotonicallydecreasindearning-rate
a, ensuringlarge adaptationstepsat the beginning of the training
processfollowedby afine-tuning-phaséowardstheend.

Apart from the winner, units in a time-varying and gradually de-
creasingneighborhoodiroundthewinnerareadaptedaswell. This
enablesa spatialarrangemenof the input patternssuchthat alike
inputs are mappedonto regions closeto eachotherin the grid of
outputunits. Thus,thetraining procesf the self-oiganizingmap
resultsin a topologicalorderingof the input patterns. According
to [27] the self-oganizingmap canbe viewed asa neuralnetwork
model performinga spatially smoothversionof k-meanscluster
ing. Theneighborhoof unitsaroundthewinnermaybedescribed
implicitly by meansof a neighborhood-&rnel h.; takinginto ac-
countthe distance- in termsof the outputspace- betweenunit z
underconsideratiorand unit ¢, the winner of the currentlearning
iteration. A Gaussiamrmay be usedto definethe neighborhood-
kernel,ensuringstrongeradaptionof unitscloseto thewinner It is
commonpracticethatin the beginning of the learningprocesshe
neighborhood-érnelis selectedarge enoughto cover a wide area
of the outputspace.The spatialwidth of the neighborhood-&rnel
is reducedgraduallyduring the learningprocesssuchthat towards
theendof thelearningprocesgustthewinneritself is adapted.
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Figure 4: SOM Training: model vector adaption

In combiningtheseprinciplesof self-oiganizingmaptraining, we
may write the learningrule asgivenin Expression(2), with « rep-
resentinghetime-varyinglearning-rateh.; representinghetime-
varyingneighborhood-&rnel,z representinghecurrentlypresented
input patternandm; denotingthe modelvectorassignedo unit .

m;(t+1) = mi(t) + a(t) - hei(t) - [2(t) —mi(?)]  (2)

A simplegraphicalrepresentatioof a self-organizingmap’s archi-
tectureand its learningprocessis provided in Figure4. In this
figure the output spaceconsistsof a squareof 36 units, depicted
ascircles,forming a grid of 6 x 6 units. Oneinputvectorz(t) is
randomlychosenand mappedonto the grid of outputunits. The
winnerc shaving thehighestactivationis determined Consideithe
winner beingthe unit depictedasthe black unit labeledin the fig-
ure. Themodelvectorof thewinner, m.(t), is nov movedtowards
the currentinputvector This movementis symbolizedin theinput
spacein Figure4. As a consequencef the adaptationunit ¢ will
producean even higheractivation with respecto the input pattern
z atthenext learningiteration,t + 1, becaus¢heunit's modelvec-
tor, m¢(t + 1), is now nearerto theinput patternz in termsof the
input space. Apart from the winner, adaptatioris performedwith
neighboringunits, too. Units thatare subjectto adaptatiorarede-
pictedasshadedinitsin thefigure. Theshadingof thevariousunits
correspondgo the amountof adaptationand thus, to the spatial
width of theneighborhood-érnel. Generally unitsin closevicinity
of thewinnerareadaptednorestrongly andconsequentlythey are
depictedwith adarker shaden thefigure.

Beingadecidedlystableandflexible model,the SOM hasbeenem-

ployedin awide rangeof applicationsrangingfrom financialdata
analysisyia medicaldataanalysisto time seriesprediction,indus-

trial control, and mary more[5, 13, 32]. It basicallyoffers itself

to the organizationandinteractie explorationof high-dimensional
dataspacesOneof its mostprominentapplicationareads theorga-

nizationof largetext archives[15, 19, 29], which, dueto numerous
computationabptimizationsand shortcutsthat are possiblein this

NN model,scaleup to millions of document$11, 14].

However, dueto its topologicalcharacteristicsthe SOM not only
senesasthebasidor interactve exploration,butmayalsobeusecas
anindex structureto high-dimensionatlatabasedacilitating scal-
able proximity searches Reportson a combinationof SOMs and
R*-treesas an index to image databasefave beenreported,for
example,in [20, 21], whereasan index tree basedon the SOM
is reportedin [36]. Thus,the SOM combinesand offersitself in
a corvenientway both for interactve exploration, aswell as for
the indexing andretrieval, of informationrepresentedh the form
of high-dimensionafeaturespaceswhere exact matchesare ei-
ther impossibledue to the fuzzy natureof datarepresentatioror
therespectie type of query or atleastcomputationallyprohibitive,
makingthemparticularlysuitablefor imageor musicdatabases.

oy layer 0

] layer 1

Jlayer 3

Figure 5: GHSOM architecture

4.2 The GHSOM

Thekeyideaofthe Growing Hierarchical Self-Organizing Map [6]
is to useahierarchicabtructureof multiple layers,whereeachlayer
consistsof anumberof independenSOMs. One SOM is usedat
the first layer of the hierarchy representinghe respectie datain
moredetail. For every unit in thismapa SOM might be addedto
the next layer of the hierarchy This principleis repeatedvith the
third andary furtherlayersof the GHSOM .

Sinceoneof the shortcomingf SOM usageis its fixed network
architecturewe ratheruseanincrementallygrowing versionof the
SOM . Thisrelievesusfrom theburdenof predefininghenetwork’s
size which is ratherdeterminedduring the unsupervisedraining
process.We startwith alayer0, which consistsof only onesingle
unit. Theweightvectorof this unit is initialized asthe averageof
all inputdata. Thetrainingprocessasicallystartswith asmallmap
of, say 2 x 2 unitsin layer 1, which is self-oilganizedaccordingto
thestandardSOM trainingalgorithm.

This training processs repeatedor a fixed number\ of training
iterations. Ever after A training iterationsthe unit with the largest
deviationbetweernts weightvectorandtheinput vectasrepreseted
bythisveryunitis selecte@stheerrorunit. In betweerntheerrorunit

andits mostdissimilarneighborin termsof theinput spaceeithera
new row or a new columnof unitsis inserted. The weightvectors
of theseneaw unitsareinitialized asthe averageof their neighbors.

An olvious criterionto guidethetraining processs the quantiza-
tion error q;, calculatedasthe sumof the distancesetweenthe
weightvectorof aunit: andtheinputvectorsmappedntothisunit.
It is usedto evaluatethe mappingquality of a SOM basedon the
mean quantization error (MQFE) of all unitsin themap. A map
grows until its MQE falls below a certainfraction ; of the ¢; of
theunit s in theprecedindayerof thehierarchy Thus,themapnow
representthe dataof thehigherlayerunit 7 in moredetail.

As outlinedabove theinitial architectureof the GHSOM consists
of oneSOM. Thisarchitecturas expandeddy anothetayerin case
of dissimilarinput databeingmappedon a particularunit. These
units areidentified by a ratherhigh quantizatiorerror ¢; which is
above athresholdr,. Thisthresholdbasicallyindicatesthe desired
granularitylevel of datarepresentatioras a fraction of the initial
quantizationerror at layer 0. In sucha case,a nev mapwill be
addedto the hierarchyandtheinput datamappedon therespectre
higherlayer unit are self-oiganizedin this nev map, which again
grows until its MQE is reducedto a fraction r; of the respectre
higher layer unit’s quantizationerror g;. Note that this doesnot
necessarilyeadto a balancedierarchy Thedepthof thehierarchy
will ratherreflectthediversityin inputdatadistributionwhichshould
beexpectedn real-world datacollections.Dependingnthedesired
fractionr; of MQF reductionve mayendupwith eitheraverydeep
hierarchywith smallmaps,a flat structurewith large maps,or —in
the extremecase-only onelargemap. Thegrowth of the hierarchy
is terminatedvhenno furtherunitsareavailablefor expansion.
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Figure 6: The rhythm patterns of Beethoven, Fiir
Elise and Korn, Freak on a Leash and their medians

A graphicalrepresentatioof a GHSOM is givenin Figure5. The
mapin layerl1 consist®f 3 x 2 unitsandprovidesaroughorganiza-
tion of themainclustergn theinputdata. Thesix independentaps
in thesecondayerofferamoredetailedview onthedata. Two units
from oneof the secondayermapshave furtherbeenexpandednto

third-layer mapsto provide suficiently granularinput datarepre-
sentation By usinga properinitialization of themapsaddedateach
layerin the hierarchybasedn the parentunit’'s neighborsaglobal
orientationof thenewly addedmapscanbereached?]. Thus,sim-
ilar datawill befoundon adjoiningbordersof neighboringmapsin

thehierarchy

4.3 Cluster analysisof music data
Thefeaturevectorsextractedaccordingto the processlescribedn
Section3 areusedasinputto the GHSOM . However, somefurther
intermediaryprocessingstepsmay be appliedin orderto obtain
featurevectorsfor piecesof music,ratherthanmusicsegments as
well asto, optionally compresghe dimensionalityof the feature
spaceasfollows.

(A1) Basically eachsegmentof music may be treatedas an in-
dependenpieceof music,thusallowing multiple assignmenbf a
givenpieceof musicto multiple clustersof varyingstyleif apieceof

musiccontainspassagethat may be attributedto differentgenres.

Also, atwo-level clusteringprocedurenaybeappliedto first group
the sggmentsaccordingto their overall similarity. In asecondstep,
the distribution of segmentsacrossclustersmay be usedasa kind
of finger print to describethe characteristic®f the whole piece
of music,usingthe resultingdistribution vectorsasaninput to the
second-leel clusteringprocedurg26].

On the other hand,our researcthasshavn, that simply usingthe
medianof all sgmentvectorsbelongingto a given pieceof music,
resultsn astablerepresentationf thecharacteristicsf this pieceof

music. We have evaluatedseveral alternatvesusingGaussiammix-
ture models fuzzy c-meansandk-meanspursuingthe assumption
thatapieceof musiccontainssignificantlydifferentrhythmpatterns.
However, the median,despitebeingby far the simplesttechnique,
yielded comparableresultsto the more complex methods. Other
simplealternatvessuchasthethemeanprovedto betoovulnerable
with respecto outliers.

The rhythm patternsof all 6-secondsequenceextractedfrom Fir
Elise andfrom Freak on a Leash aswell astheir mediansare
depictedin Figure6. Thevertical axisrepresentshe critical-bands
from Bark 1-20, the horizontal axis the modulationfrequencies
from 0-10Hz,where Bark 1 andOHz is locatedin the lower left
corner Generally the patternof onepieceof musichave common
properties.While Fir Elise is characterizedby a ratherhorizon-
tal shapewith low values,Freak on a Leash hasa characteristic
vertical line around7Hz. To capturethesecommoncharacteristics
within a piece of music the medianis a suitableapproach. The
medianof Fir Elise indicateshattherearecommonbut weakac-
tivitiesin therangeof 3-10 Bark with amodulatiorfrequeng of up
to 5Hz. Thesinglesequencesf Fiir Elise have mary moredetails,
for example thefirst sequencéasaminor peakarounds Bark and
5Hz modulationfrequeng. However, the main characteristicsg.g.
theverticalline at7Hzfor Freak on a Leash, aswell asthegeneric
actiity in thefrequeny bandsarepresered.

(A 2) Furthermorethe1200-dimensiondkaturespacenaybecom-
pressedusing Principle ComponentAnalysis (PCA). Our experi-
mentshave shawvn thata reductiondown to 80 dimensionsnay be
performedwithout muchlossin variance.Yet, for the experiments
presentedhn this paperwe usethe uncompresseftaturespace.

(A3) Following theseoptionalstepsa GHSOM maybetrainedto
obtainahierarchicamapinterfaceto themusicarchive. Apartfrom
obtaininghierarchicalrepresentationghe GHSOM may also be
appliedto obtainflat mapssimilar to corventional SOMs, or grov
lineartreestructures.

(Visualization) Theresultingmapsoffer themselesasinterfaces
to exploreamusicarchie. Yetadwancedclustervisualizationtech-
niquesbasednthe SOM, suchasthe U-Matriz [34], maybeused
to assistin clusteridentification. A specificallyappealingvisual-
ization basedon smoothed data histograms (SDH) [25] arethe
Islands of Music, which usethe metaphorf geographicamaps,
whereislandsresemblestylesof music,to provide anintuitive in-
terfaceto music archives. Furthermore attribute aggr@atesare
usedto createWeather charts thathelptheuserto understandhe
soundcharacteristicef thevariousareaonthemap. For adetailed
discussiorandevaluationof thesevisualizationssee[24].

5. EXPERIMENTS

Inthefollowing sectionsve presensomeaxperimentatesultsof our
systembasedn a musicarchive madeup of MP3-compressefiles
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, usingthe GHSOM . This subset,
due to its limited size offers itself for detaileddiscussion. We
furthermorepresentresultsusinga larger collection of 359 pieces
of music, with a total playing length of about23 hours. In both
caseseachpieceis representedby 1200 featureswhich describe
thedynamicsof theloudnessn frequeny bands.The experiments,
including audio samples,are available for interactve exploration
atthe SOMeJB projecthomepag@thttp://www.ifs.tuwien.
ac.at/"andi/somejb.

5.1 A GHSOM of 77 piecesof music
Figure7 depictsa GHSOM trainedon the musicdata.On thefirst
level the training processhasresultedin the creationof a3 x 3
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Figure 7: GHSOM of music collection

map, organizingthe collectioninto 9 major stylesof music. The
bottomright representsnainly classicamusic,while the upperleft
mainly represents mixture of Hip Hop, Electro, and Houseby
Bomfunk MCs (bfmc). Theupperright, centerright, andupper
centerrepresenmainly discomusicsuchas Rock DJ by Robbie
Williams (rockdj), Blue by Eiffel 65 (eiffel65-blue), or Frozen
by Madonna (frozen). Pleasenote,thatthe organizationdoesnot
follow clean“conceptual”’genrestyles,splitting by definition, e.qg.
HipHop and House, but ratherreflectsthe overall soundsimilarity.

Sevenof these9 first-level cateyoriesarefurtherrefinedon the sec-
ondlevel. For example,the bottomright unit representinglassical
music is divided into 4 further sub-catgories. Of these4 cate-
goriesthe lower-right representslow and peacefulmusic, mainly
piano piecessuchas Fir Elise (elise) and Mondscheinsonate
(mond) by Beethoven, or Fremde Lander und Menschen by
Schumann (kidscene). The upperright representsfor example,
piecesby Vanessa Mae (vm), which, in this case,are more dy-
namicinterpretation®f classicapiecesplayedontheviolin. In the
upperleft orchestramusicis locatedsuchasthe asthe endcredits
of thefilm Back to the Future III (future) andtheslow lovesong
The Rose by Bette Midler (therose), exhibitingamoreintensie
soundsensationwhereaghe lower right cornerunit representshe
Brandenburg Concerts by Bach (branden).

Generallyspeakingwe find the softer morepeacefulsongson this
secondevel maplocatedin thelower half of the map,whereaghe
moredynamic,intensive songsarelocatedin the upperhalf. This
correspondso thegenerabrganizationof themapin thefirst layer,
wheretheunitrepresentin@lassiomusicislocatedn thelowerright

corner having moreaggressie musicasits upperandleft neighbors.

This allows us, even on lower-level maps,to move acrossmap
boundariedo find similar musicon the neighboringmapfollowing

thesamegeneratrendsof organizationthusalleviatingthecommon
problemof clusterseparatiorin hierarchicalorganizations.

Someinterestinginsightsinto the musiccollectionwhich the GH-
SOM revealsare,for example,thatthe song Freestyler by Bom-
funk MCs (centerleft) is quite differentthenthe other songsby
the samegroup. Freestyler wasthe groupsbiggesthit sofar and,
unlike their othersongs hasbeenappreciatdy abroaderaudience.
Generallythepiecef onegrouphave similar soundcharacteristics
andthusarelocatedwithin the samecategories. This applies,for
example tothesongof Guano Apes (ga) andPapa Roach (pr),
whicharelocatedn thecenterof the9 first-level categoriestogether
with otheraggressie rock songs. However, anotherexceptionis
Living in a Lie by Guano Apes (ga-lie), locatedin the lower
left. Listeningto this piecereveals,thatit is muchslowver thanthe
otherpiecesof the group,andthatthis songmatchesvery well to,
for example,Addict by K’s Choice.

5.2 A GHSOM of 359piecesof music

In this sectionwe presentesultsfrom usingthe SOMeJB system
to structurea largercollectionof 359piecesof music. Dueto space
constraintsve cannotdisplayor discusghefull hierarchyin detail.
We will thuspick afew examplegto shav the characteristicef the
resultinghierarchy inviting the readerto explore and evaluatethe
completehierarchyvia the projecthomepage.

Theresulting GHSOM hasgrown to a sizeof 2 x 4 units on the
top layermap. All 8 top-layerunits were expandedonto a 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
the branchesequiredexpansioninto a fourth layer at the required
level-of-detail setting. An integratedview of the two top-layersof
the mapis depictedin Figure8. We will now take a closerlook at
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Figure 8: GHSOM of the larger music collection (359 pieces)

somebranchesfthismap,andcomparghemtotherespectie areas
in the GHSOM of thesmallerdatacollectiondepictedn Figure7

Generally we find piecesof soft classicaimusicin the upperright
corner with the musicbecominggraduallymore dynamicandag-
gressie aswe move towardsthe bottom left cornerof the map.
Due to the characteristic®f the training processof the GHSOM
we canfind thesamegeneratendenyg attherespectie lowerlayer
maps. The overall orientationof the maphierarchyis rotatedwhen
comparedo the smaller GHSOM , wherethe classicattitles were
locatedin the bottomright corner with the more aggressie titles
placedon the upperleft areaof the map. This rotationis dueto
the unsupervisedhatureof the GHSOM training process. It can,
however, be avoidedby usingspecificinitialization techniquesf a
specificorientationof the mapwererequired.

Theunitin theupperright cornerof thetop-layermap,representing
the softestclassicalpiecesof music,is expandedontoa 3 x 2 map
in the secondayer (expandedo the upperright in Figure8). Here
we againfind the softest,most peacefulpiecesin the upperright
corner namelypartof thesound-traclof themavie Jurassic Park,
next to Leaving Port by James Horner, The Merry Peasants
by Schumann, and Canon by Pachelbel. Below this unit we find
further soft titles, yet somavhat more dynamic. We basicallyfind
all titles thatweremappedogetherin the bottomright cornerunit
of the GHSOM of the smallercollectiondepictedin Figure7 on
thisunit, i.e. Air, Ave Maria, Fir Elise, Fremde Lander und
Menschen (kidscene) andthe Mondscheinsonate. Furthermore,
a few additionaltitles of the larger collection have beenmapped
onto this unit, the mostfamousof which probablyare Die kleine
Nachtmusik by Mozart, the Funeral March by Chopin or the
Adagio from the ClarinetConcertby emphMozart.

Let us now take a look at the titles that were mappedonto the
neighboringunitsin thepreviouslypresentedmallerdatacollection.
The Brandenburgische Konzerte, locatedontheneighboringunit
to therightin thefirst example,canbefoundin thelowerleft corner

of this map,togethewith, for example,Also sprach Zarathustra

by Richard Strauf. Mappedontotheuppemeighboringunitin the
smallerGHSOM wehadtitleslikethe First Movement of the 5th

Symphony by Beethoven, orthe Toccata and Fuge in D Minor

by Bach. We find thesetwo titles in the upperleft cornerof the
2-layermapof this GHSOM, togethemwith two of the threetitles

mappedntothe diagonallyneighboringunit in thefirst GHSOM ,

i.e. Love me Tender by Elvis Presley, and The Rose by Bette

Midler, which areagainsoft, mellow, but a bit moredynamic.The
third title mappedonto this unit in the smaller GHSOM, i.e. the
soundtrack of the movie Back to the Future IIT is not mapped
into this branchof this GHSOM arymore. Whenwe listento this

title we find it to have mainly strongorchestraparts,which have a
different,moreintensesoundthanthe soft piecesmappedontothis

branchwhichis morespecifiowith respectoverysoftclassicatitles

asmoreof themareavailablein thelargerdatacollection. Instead,
we canfind this title on the upperright cornerin the neighboring
branchto theleft, originatingfrom the upperleft cornerunit of the
top-layermap. Thereit is mappedogethewith The Beauty and

the Beast andotherorchestralpieces,suchas Allegro Molto by

Brahms. We thusfind this branchof the GHSOM to be moreor

lessidenticalto the overall organizationof thesmallerGHSOM in

sofarasthetitles presenin bothcollectionsaremappedn similar
relative positionsto eachother

Dueto thetopologypreseration providedby the GHSOM we can
move from thesoftclassicaklustermapto theleft to find somevhat
more dynamic classicalpiecesof music on the neighboringmap
(expandedo theleft in Figure8). Thus,a typical disadantageof

hierarchicalclusteringandstructuringof datasetspamelythe fact
thata clusterthat might be consideredconceptuallwery similar is

subdvidedinto two distinctbranchesis alleviatedin the GHSOM
conceptpecausehesedatapointsaretypically locatedin theclose
neighborhoodWe thusfind, on theright borderof the neighboring
map,themorepeacefulitles of this branch,yet moredynamicthan
theclassicapiecesontheneighboringight branchdiscussea@bove.
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Ratherthancontinuingto discusgheindividual unitswe shallnow
take a look at the titles of a specificartist and its distribution in
this hierarchy In total, there are 7 titles by Vanessa Mae in
this collection, all violin interpretationsyet of distinctly different
style. Her most “conventional” classicalinterpretationssuchas
Brahms Scherzo in C Minor (vm-brahms) or Bachs Partita
#3 in E for Solo Violin (vm-bach) arelocatedin the classic-
clusterin the upperright cornerbranchon two neighboringunits
on the left side of the second-layemap. Theseare definitely the
most“classical” of herinterpretationsn the given collection, yet
exhibiting strongdynamics.Further3 piecesof VanessaMae (The
4 Seasons by Vivaldi, Red Violin in its symphonicversion,and
Tequila Mockingbird) arefoundin the neighboringbranchto the
left, theformertwo mappedogethewith Western Dream by New
Model Army. All of thesditlesareverydynamicviolin pieceswvith
strongorchestrapartsandpercussion.

Whenwe look for theremaining?2 titles by Vanessa Mae, we find
them on the unit expandedbelov the top right cornerunit, thus
alsoneighboringthe classicalcluster On the top-left cornerunit
of this sub-mapwe find Classical Gas, which startsin aclassical,
symphonicversion, and gradually has more intensive percussion
beingadded exhibiting a quite intensebeat. Also on this map,on
theone-hut-next unittotheright, wefind anotheinterpretatiorof the
Toccata and Fuge in D Minor by Bach,thistimein theclassical
interpretatiorof Vanessa Mae, alsowith avery intensebeat. The
more “conventional” organinterpretationof this title, aswe have
seen,is locatedin the classicclusterdiscussedefore. Although
botharethesamdtitles, theinterpretationgrevery differentin their
soundcharacteristicwith Vanessa Mae's interpretatiordefinitely
beingmorepop-like thanthe typical classicalinterpretatiorof this
title. Thus,two identicaltitles, yet playedin differentstyles,end
up in their respectie stylistic branchesf the SOMeJB system.
We furthermorefind, that the systemdoesnot organizeall titles
by a single artistinto the samebranch,but actually assignshem
accordingo their soundcharacteristicavhich malkesit particularly
suitablefor localizing piecesaccordingto oneslikings independent
of the typical assignmenbf an artist to arny category, or to the
corventionalassignmentf titles to specificgenres.

In spiteof thesalesireccharacteristicshonever, severalweaknesses
remain,especiallywhentitles, thatmay be very similar in termsof
theirbeatcharacteristicg thevariousfrequeng bandsaremapped
togetheryetderive from very differentgenresandareimmediately
associatedith thosegenres Thisrefers for example totitleswhere
the languageis a specificcharacteristicsuchas several German-
languagesongsin our collection. Furthermorejn somecasedike
thepreviously-mentionedWestern Dream by New Model Army,
which is mappedogetherwith titles by Vanessa Mae, the rhyth-
mic propertiesmight be similar, yet the perceved soundis still
distinctively differentbecausef the strongvocalparts.Evenif the
acousticbackgroundsharessomesimilarities over long distances
of the title, the rhythmic vocal partsare perceved much stronger
This pointstowardsthe necessityto incorporateadditionalfeatures
to bettercapturesoundcharacteristicsFurthermorein somecases
like theseit might be advisableto usethe two-stageclusteringap-
proachoutlined in [26], asfor sometitles the varianceof sound
characteristicof segmentsis ratherlarge. Whentaking a look at
the mappingof therespectre segmentsof Western Dream in an-
otherexperimentwe find 3 segmentsof it to be locatedin a more
classicalsub-branchwhereaghe othersggmentsarelocatedin the
moredynamic,aggressie branche®f the hierarchy

Furtherunitsdepictedn moredetailin Figure8 arethebottomright
unit representinghemoreaggressie, dynamictitles. Weleaveit to
the readerto analyzethis sub-mapand comparethe titles with the
onesmappedntotheupperleft cornermapin Figure?.

6. CONCLUSIONS

We have presentedhe SOM-enhanced Jukebor (SOMeJB), a
systemfor content-basedrganizationand visualizationof music
archies. Given piecesof musicin raw audioformata hierarchical
organizations createdvheremusicof similar soundcharacteristics
is mappedtogether Our systemthus enablesa userto browse
throughthe archive, searchingfor musicrepresenting particular
style,without relying on manualgenreclassification.

Rhythmpatterngn variousfrequeny bandsareextractedandused
asadescriptoof percevedsoundsimilarity, incorporatingosychoa-
cousticmodelsduring the featureextraction stage. The GHSOM
automaticallyidentifiestheinherenstructureof themusiccollection
and offers anintuitive interfacefor genrebrowsing. Furthermore,
by mappinga pieceof musicrepresenting “query” onto the map
structuretheuseris pointedto alocationwithin themaphierarchy
whereheor shewill find similar piecesof music. We evaluatedour
approachusingacollectionof about23 hoursof musicandobtained
encouragingesults. Futurework will mainly dealwith improving
the featureextraction process. While the presentedeaturesoffer
a simplebut powverful way of describingthe music, additionalin-
formationis requiredto bettercapturesoundcharacteristicshatgo
beyond frequeng-specificheatpatterns focusinge.g. on the tim-
bre and instrumentation. Furthermore more abstractfeaturesare
necessaryo explain the organizatiorprinciplesto theuser

While the currentevaluationallows for anintuitive analysisof the
systems performanceamoreformal evaluationis desired We thus
plan to performa userstudy allowing us to evaluateboth users’
expectationgowardssuchasystemaswell asto obtainfeedbaclon
the perceved quality of the currentapproach.
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