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ABSTRACT

Thispaperdescribes new approacho rendersonificationgor high-dimensionatlata,allowing theuserto percevethe“main”

structureof the datadistribution. This is achieved by computingthe principal curve of the dataset,which is a trajectorythat
passeshroughthe“middle” of the dataandallows to definea time orderon the datapoints. The sonificationcanbeimagined
asthe time-variantauditory scene perceved while moving alongthe principal curve. In this papera methodfor computing
principal curvesis presentedthe sonificationconcepts introducedandsomesonificationexamplesaregiven.
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INTRODUCTION

The detectionof hiddenstructuresin large high-dimensionabatasetsis the goal of the researclHield data mining3]. As
machinelearningmethodsherestill performpoorly in comparisorto the patternrecognitioncapabilitiesof the humanbrain
andits sensorysystems,a sensefulstratey consistsin providing an interfacefor inspectionof high-dimensionadatathat
revealsasmuchaspossibleof the datastructure.This is the focusof researchn ExploratoryDataAnalysis[19. Methodslike
multidimensionalscaling[q, principal componentanalysis(PCA) and projection pursuit[g allow dimensionalityreduction
while maintainingthe main structureof the dataaccordingto someoptimality criterion. However, the resultsare mostly
presentedisually, neglectingthatwe alsohave a highly developedauditoryperceptiorchannel.In this paperPrincipal Curve
Sonification(PCS)is introducedasonetechniqueto presenimultidimensionadataacoustically so thatthe usercanlistento
the“main” structureof the dataset.

PrincipalCurves(PC) canbe usedto createnonlinearone-dimensionadlescriptionf data. They arewell suitedasa starting
pointfor ageneradatapresentatiomethodasthey canbedefinedfor all typesof multivariatedatadistributions.PCSprovides
anacoustidront endto inspectthe datadistributionin relationto its principalcurve aswell asthe curve propertieshemseles.
Sincethe PCis embeddedn the dataspaceijt is asdifficult to visualizeasthe dataitself. Herethe PCSoffersan alternatve
by giving information aboutits evolution in space especiallyits curvature. The PCSis the auditory sceneperceved while
moving alongthe principal curve, integrating both datapoint attributes(low level) andlocal attributeslike e.g. probability
densityestimationr local varianceestimationghigh level). ParameteMapping[14 aswell asModel-Basedsonification[§
areusedto presenthe differenttypesof informationwhile the systemuserinteractively controlsthe movementthroughthe
dataspacealongthe PC. As multiple auditorystreamsanbe presentect the sametime, a variety of informationsourcesan
beintegratedto form arich auditorydisplay

This paperis structuredasfollows: the next sectionpresentsprincipal curvesanda methodto computethemfor generaldata
sets. The following sectionsummarizeghe sonificationdesign,the presentednformationand soundsynthesisssues.Then
somesoundexamplesarepresente@ndapplicationfields of the PCSarepointedout. The paperendswith aconclusionwhere
alsosomepossibleextensionsareproposed.

PRINCIPAL CURVES

Regardingdatasetswhich aresampledrom high-dimensionatlistributionsin ‘real world situations’,we oftenrealizethatthe
intrinsic dimensionalityis muchlower thanthatof theembeddingpace Thereforeoften principalcomponentinalysi PCA)
is the startingpoint to achieze somedimensionalityreduction. This approactcanbe motivatedfrom a minimizationof a cost
functionwhich measureshe squaredistanceof the dataw.r.t. alinearmanifold. The dataareprojectedontothis manifoldto
achieve a dimensionalityreducedrepresentationyhich captureghe main variationof the data. However, while maintaining
the dimensionof the projectionspace pften the datasetcanbe muchbetterapproximatedy allowing a higherflexibility of
the manifold, which can be achieved by a nonlinearmodel. Principal curvesare continousone-dimensionamanifoldsthat
approximatehedatain this senseandthuspasshroughthe“middle” of a d-dimensionablataset. PC's have beensuccessfully
appliedto solve practicalproblems lik e the alignmentof magnetsf the Stanfordlinear collider [6] or Ice Floe Identification
in Satellitelmageq1]. RecentlyPC’s have alsobeenpresenteadvithin the framawork of statisticallearningtheory[16].
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Let f(\) be a parametrizatiorof a curve. All vectorelementsf;(\) are continousfunctionsof a single variable A, which
parametrizeghecurve. A uniqueandnaturalparametrizatiortanbe givenin termsof thearclength.
A projectionindex Ay : R — R canbedefinedas

Ar(@) =sup {17 = FO) || = inf |17 - Fw)1} &)
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whichis thelargestvalueof A for which thecurweis closesto the point .
Now Hastieand Stuetzledefinedthe principal curve of a continousdatadistribution p(Z) by the self-consisteng property[§,
which saysthatthe meanof all dataprojectingon apoint f(\) justis f()\):

E(X [ A(X)=X)=f(\) ¥V A 2)

Normally, we don’t know the continousprobability distribution, sincewe only have a finite sampleof that distribution. Un-
fortunatelythe definition of the principal curvescannotbetakenfor discretedatasetswithout modification,asthereis usually
only onedatapointin the datasetprojectingto a certainA andthusa curve, thatpasseshroughall datapointswill minimize
the squareddistance. This problemcan be avoided by introducinga regularizationconstraint,which allows to control the
compleity of the principal curve andthuspreventthe curve from overfitting the data. This cane.g. be doneby restrictingthe
lengthof thecurve[9] or by a smoothnessonstraint[§, which canbeimplementedy consideringall datapointsin aranges

=

of f(\) to computethelocal mean.

The Principal Curve Algorithm

We have useda similar algorithmlike Hastieand Stuetzle[§ to computethe PC of a n-point dataset. For computational
simplicity, we only considermolygonallineswith a limited numberof verticesandthusrepresent PC by the orderedsetof

vertex coordinatesFigurel illustratesa PCfor a 2d datadistribution. Obviously, the PCis capablego catchthe mainvariation
of thedata.
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Figurel: (a) PrincipalCurve of a2dtoy dataset,wherethe pointsaresampledrom a 2d Gaussiaranda noisyhalf-circle. The
solid line shavsthe PC. The polygonverticesaremarkedwith circles. The dashedturvesshow the progresf the adaptation
procesdor variousvaluesof ¢, the straightline is thefirst principal axis of the data. (b) PrincipalCurve of a 9d datasetwith
clustersonthe 10 verticesof an 9-dimensionatetrahedronThe plot shavs thefirst two principalcomponentsThe PC passes
oncethroughthemiddle of eachcluster(notethatthe 2d projectioncannotresole all 10 clusters).

Initialization of the PCis doneby settingthe verticesequallyspacedalongthefirst principalcomponentbetweerthe minimal
andmaximalprojectionpositionof the data. For computatiorof the PC,the vertex coordinatesreiteratively improveddoing
projectionstepsandexpectationsteps.

Theprojection stepcomputegheprojectionparametei ¢ (;) for all datapointsz;, ¢ = 1. ..n accordingo thedefinition(1).
Furthermoreheminimal distanceandthe projectionpoint coordinatesrecalculated.To monitorthedegreeof approximation,
themeansquaredlistanceto the PCis computedor thetrainingdatasetandanindependentestsetof the samedistribution.
In the expectation step, the referencepoints are adjustedto reducethe empiricalerror. This is doneby shifting all refer
encepointsto the meanof the subsetf datapointsthat projectto the neighborhoodf eachreferencepoint. The necessary
computationgreimplementedhsalocal kernelregressioron the projectionindicesusinga Gaussiarkernelwith width o.

To our experiencejf the curve is fitted for too small o, in somecasegshe datais badly approximatedn a way thatcanbe
describedastopologicaldisorder This canbe avoidedby applying a deterministicannealingtechnique[1R startingwith a



high valueof o, the smoothingparameteis graduallydecreaseduring optimization.A suitablestartvaluefor o2 is givenby
thelargesteigervalueof the datacovariancematrix. For large valuesof o, the curve is contractedo a singlepoint at the data
setmean. With decreasingr, the curve graduallyadaptsto the data. After eachexpectationstep,o is reducedby a factorof
0.95until the meansquaredlistancein thetestsetbeginsto increasedueto overfitting. To apply the deterministicannealing,
we have slightly modifiedthe projectionstepof HastieandStuetzle allowing the dataalsoto projectontoalinearcontinuation
of the PC beyondthe first andlastvertex. This keepsthe PC’s lengthin the orderof magnitudeof the datavarianceandthus
avoidsacontractionof the PC,especiallyfor largevaluesof o.

Thelearningspeedtanbeacceleratedrasticallyby startingwith a smallrandomsub-sampl®f thedataset,andthereforewith
only few polygonverticesof the PC andincreasinghe samplesizewith decreasings. This makesthe algorithmwell suited
alsofor large datasets.

PRINCIPAL CURVE SONIFICATION

Many sonificationsn literaturearea kind of parametemappingsonification: analogougo a scatterplot, dataattributesare

mappedo soundevent(tone)attributeslik e time stamp volume,pitch, timbre,etc[1d. Theevolutionin time,whichis besides
pitch the bestperceved quality, is givenan arbitraryrole. Therefore eventhe samedatasonifiedusinga differentmapping
may not be recognizedashaving the samestructure.Principal Curve Sonificationaimsto definea “natural” usageof thetime

axis, in orderto perceve the mainstructure.As the principal curve is a one-dimensionainanifoldit mapsdirectly to the one-

dimensionatime axis. Definingthe modelof datapointslying in aneuclidearvectorspaceandthinking of the sonificationas

thetime-variantdata“soundscapetwhile moving alongthe principal curve, a helpful key for interpretatiorof the sonification
is given. Taking this approachwe will now discussthe kind of informationintegratedinto PCSandhow it is sonifiedusing

differentauditorystreamsFor sonification both parametemappingandmodel-basedonificationareused.

Model-BasedSonification

Model-BasedSonificationwas proposedasan extensionto prior usedsonificationmethods[$ Our auditory systemis opti-
mizedto extractvaluableinformationfrom the soundwe perceve in our realworld. This soundis alwaysa consequencef
physicalprocessesThereforehemainideais to take this overto datasonificationby defininga datamaterialor asceneryfrom
a datasetby establishing'physicallaws” that permita vibrationalreactionof the datamaterialto excitations. The rendering
of the sonificationis doneby exciting the datamaterialandaudificationof the dynamicreaction. This yields a form of inter-
actionwhichis familarto every humanuserwho strikes, hits or shalesa physicalobject. It especiallyexploits our capabilities
to relateour actionswith acousticfeedbackof the datamaterial. Thusthe datamore or lessdirectly becomeghe sounding
instrumentwhich is examined excited, or playedby the user Knowledgeaboutthe setupfurthermoremalkesinterpretatiorof
the soundeasieybecauseoundpropertiesarecorrelatedwith a situationcontext. In PCS the sonificationmodelconsistsn a
moving-in-spacescenery The datais not taken to instantiatea datamaterial,but it controlsthe layoutof the sceneryandits
acoustiqoroperties.

Moving in Virtual Spaces

In PCSthescenenyis ahigh-dimensionatuclidearspacean whichthelistenermovesalonga pathgivenby theprincipalcurve.
Moving givesusthe chanceto listenfor relationsbetweendatafrom differentperspecties. As different2d views of a visual
scenemay improve our perceptiorof structuresn threedimensionsmoving in acousticscenesanenrichour understanding
of datarelationsin high-dimensionaspaces.Therefore anauthenticvirtual soundscapeffering acousticpropertiesthatwe
arefamiliar with, shouldbe aimedwith PCS.This is of coursea demandingaskwith currentlyavailablecomputatiorpower.
A spatialaudiosynthesigngineis currentlyin work, sothedemonstrationsnly usetheleft/right panto addlocalizationcues.
Whenmoving on atrajectory we definethe viewing directionto be parallelto thetangent.In addition,we have to definethe
orientationof the listener This canbe doneusingthe curvatureof the principal curve, which canbe definedby the second
derivative (accelerationpf the curve. Tangentandacceleratiorvectorareusedto spanthe hearingplane. The localizationof
the datapointsis doneby projectingthemonto this plane. The distancer betweenlistenerand point sourcedetermineghe
perceved volume of the sourcesound,usinga 1/(r + €)? law. The e preventsthe volumefrom diverging for smallr. Our
limited computationapower preventsus from modelingall point sourcedor the whole sonification. Insteadwe trigger each
datapoint, whenthelistenerreachests projectionindex Ay (&) while tracingthe curve. Next we will resumewvhatinformation
shouldbe madeavailableby the sonification.

Sonification Design

Variouskinds of informationcanbe presentedisingsonification,simply by usingdifferentacousticelements.The presented
informationcanbeorganizednto distinctcateyories:complex obsenables attributesof anindividual datapointandproperties
of thePC.Tablel1 shovs anoverview.

This informationis presentedacousticallyusing different sonificationmethods. It must be mentionedhere,that there are



Attrib ute Method Sonification
Obsenables:| Local probabilitydensityestimations| kerneldensityestimation time-variantoscillator
Localintrinsic datadimensionality | local PCA -
Averagedistancefrom PC locally weighteddistancanean| time-variantoscillatorpitch
DataPoints: | Relatve orientationto thelistener projectionon hearingspace spatializatiorof tick sounds
Distancefrom PC distancdaw volumeof tick sounds
DataFeaturege.g.classlabel) scaling frequeng of tick sounds
PCproperties:| Velocity of Listeneron PC useradjusted wavetablesoundvolume
Spatialorientationof thelistener hearingplane soundlocalization
Local curvatureof PC acceleratiorvector soundpitch

Tablel: Informationpresentedavith PCS.

multiple waysof choosinghesonification.We alsothoughtaboutauseradjustabl@raphicainterfaceto link informationtypes
with soundelements However, our experienceds, thatthe useris overloadedwith this flexibility andfurther, thatlearnability
of the sonificationdecreasesTherefore we selecta suitablesonificationdesign,which surelyis a subjectve choice,but that
allows the PCSuserto familiarizewith the usualsoundscapandto develop a highersensibility The usershouldbe ableto
influenceonly very few parametertik e the volumesof independenacousticstreamswhich areresetto default valueson each
startof the PCS.

The selectionof the acousticelementscanbe motivatedwith the following reasoning:the propertiesof the datadistribution
canbe sortedby their relevancefor understandinghe structure. The acousticpropertiesoncechosencanbe sortedby their
perceptibility Connectingcorrespondingentriesof thesetwo lists suggestan assignmentHowever, the designof the sonifi-
cationshouldalsoconsideruserexpectationsFor instanceto represena higherdistanceby a lower volumewould matchour
expectationandthusmake interpretatioreasier

The individual datapoints are presentedising the moving-in-spacescenery One way to sonify the datais to generatea
continoussoundfor eachdatapoint. Thus,the relative positionto the PCis perceved by a changeof volumewhenpassing
thedatapoint. Additionally, while moving towardsthe soundsource the Dopplereffect would influencepitch andwould be a
usefulcuefor theperceptiorof spatialrelations.However, for eachpositiononthe PCthedistanceo thecompletedatasetmust
be computedwhich demands lot of computatiorpower. Sofor afirst step,asanalternatve, we useakind of “Geigertick”,
whichis emittedwheneerthelistenergpositionpasses projectingpointontothe PC. The Geigertick’s acoustigpropertiesare
determinedy therelative positionof the datapointto thelistener similar to realsoundpropagationwith increasinglistance
r, volumediminisheswith 1/(r + €)?, andthe spatialorientationis chosenw.r.t. the planespannedy tangentandacceleration
vector Furtherinformationcanbe putinto the soundof thetick: the pitch canbe drivenby a userselectediatapoint feature.
Thusit canbe perceved, e.g. if classeanix in a clusteror how an attribute varieswhile moving alongthe PC. The tick is
realizedby anexponentiallydecreasinginewave.

Time-variantoscillatorsare usedto presentiocally averageddensityand distanceobsenables. The oscillatorsfrequeny is
givenby f = fo + fap(Z) wherep(Z) is the estimatedprobability density Additionally the amplitudeof the oscillatoris
modulatedby the local averagedistance. The PC-specificpropertiesare presentedn an acousticstreamthat resembleghe
soundof amoving vehicle.Large curvaturesresultin a higherpitchedsound while thevolumeof the soundcorrespondso the
velocity of thelistener

EXAMPLES

For thefirst example,anoisyspiraldatasetin athreedimensionakpacds taken. Theembeddinglimensionis still solow that
avisualization(seefig. 2,(a))allowsto percevethestructure.Theprincipalcurve obviouslyfollowsthedata. Thesonifications
areavailableat[7]. For illustration,shorttime fourier transformgSTFT) of somesonificationsareshown in figure 3. In this
exampleit is easyto hearthatthe local density(pitch of the time-variantoscillatorandtick rate)is ratherconstanduringthe
wholesonification.The nearlyconstanturvatureletsexpectakind of circulartrajectory

The next two examplesshav that the clusteringof datacanbe perceved aswell. The first datasetconsistsof 10 clusters
embeddedn a 9d dataspaceandlocatedat the 10 verticesof a 9d hypertetrahedronThe PCS(examplesat[7], STFTin fig.
3,(b)) givesvery directly the informationaboutthe numberandrelative sizeof the clusters.This is easiempercevedthanfrom
the2d plotin figure 1,b). The secondexampleis theiris dataset[4], a classic4dd bench-marldataset,which consistof three
clustersclusterl beingwell separatedrom the others clusters?2 and3 having a smalloverlap. We computedhe PCwithout
the classattribute andlet the classattribute control the pitch of the Geigerticks. The separatiorof class1 and2 aswell as
the small overlapbetweenclass2 and3 becomesaudible,demonstratinghat PCSis a highly promisingpre-stagdor cluster
analysis.
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Figure 2: Principal Curve of noisy spiral example: computedPC (solid line)) with referencepoints positions(circles) after

5 adaptionsteps. The generatorcurve is shavn in a dottedline. (b) modifiednoisy spiral: the noisevarianceis periodically
modifiedalongthespiral. This substructurés easilyoverseerin thevisualdisplay

(a) noisy spiral (b) substructured spiral (c) 9d-tetraeder (d) iris data set
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Figure3: ShortTime Fourier TransformgSTFT) of the PCSexamples.

The lastexampleis a modifiednoisy spiral, wherethe noisevariancevariesperiodicallyalongthe spiral. This canhardly be
percevedfrom a 3d plot (seefig. 2, (b)) andis thusan exampleof a regularity thatis likely to remainunnoticedin a visual
display In contrastit is easilydetectedwith the sonification:the variationis very clearly perceved from the pitch andlevel
modulationof thetime variantoscillatorwhich sonifiesthelocal density
To checkthe hypothesighat PCScanfacilitate the detectionof suchstructuresn
data,we carriedoutanexperimentwith humansubjects.Thetaskconsistedn thede-

025 visual —— tectionof the numberof noisevariancemodulationson the noisy spiral data(shovn
02t sual and ditve 2] infig 2, (b)). Controledvariableswerethe presentatiortype (visual/auditie/both)

andtheintensityof the modulation.We evaluatedfor 15 subjectgheir performance
on90datasets measuredby therelative error, whichis thenumberof wronganswers
undereachcondition,dividedby thetotal numberof wronganswerof a participant.
We found a significantreductionof the relative error on additionof PCS.Addition-
ally the averageprocessindime decreasedy 31 %.

rel. error rate

° 015 03 045 06 Figure4: Resultsof the experiment:therelative errordecreasedignificantly( =
noise variance modulation 1 ) onadditionof PCS.Theerrorbarsshav the standardieviation.
CONCLUSION

We have presentedhe new conceptof Principal Curve Sonificationasa meanso perceve the structureof multidimensional
datasets. The main motivation wasto find a naturalmeaningfor the time axis while presentingdataacoustically This was
achieved by developinga moving-in-spacemodelwherethe time correspondsgo the positionon a trajectory The Principal
Curve thereforeis anintuitively sensiblechoicefor this trajectoryasit is a 1d-manifold. In comparisorto otherchoicesJike

thefirst principalcomponentxisasthetime axis, it is moreflexible andthusit canextractmorestructurefrom thedata.

This sonificationidea,to find anaturalrepresentatiofor thetime axis,canbecarriedoverto otherdataapproximatiormethods



like 1d self-oganizingmaps(SOM)[17. Sinceit canbeshovn thatthe1d SOM approximates principalcurve[11], theabove
sonificationprinciplescanbe appliedwith only minor modifications.

The experimentsshown that PCScan provide a useful presentatiorof the data: the clusteringof the datais easily perceved
andstructureghatarenot easilyrecognizedsisually canbe detected However, we believe thatthe potentialof PCSgoeswell
beyondthis. With PCS,datadistributionsin multidimensionakpacesanbe sonifiedin a rathershorttime of someseconds,
andthusthey canbe comparedby a trainedlistener We currently apply this ideato medicaldataanalysis,wherestructures
mustbe searchedn very long time series.With this data,a simpletime compressiorior directplaybackdestrgs therelevant
information. Sowe producea high-dimensionatiatadistribution from severalslicesof the time seriesfor eachpatient,which
is thensonifiedusingPCS.This allows the medicalexpertto learnto distinguishthe patients statefrom the acousticpatterns
of thePCSandto draw diagnosigelevantinformationfrom that.

Our currentsonificationis still openfor additionalacousticstreamswyhich may further enrichthe auditory display whereas
visual displayswould becomeoverloaded.For instance]ocal intrinsic dimensionalityestimationscan be integratedinto the
auditoryscenery This canbe doneby computingthe spectrumof the local covariancematrix for the neighbourhoof each
datapointandusethis to drive thetime-evolution of theticks’ sound.The explorationsof suchextensionsandtheir evaluation
within furtherrealworld applicationswill bethefocusof futureresearch.
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