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Abstract

Sonificationis the use of non-speele audio to con-
vey information. We are developingtools for interact-
ive data exploration, which male useof sonificationfor
data presentation.In this paper model-basedonifica-
tion is presentedas a conceptto designauditory dis-
plays. Two designsare described: (1) particle trajec-
toriesin a “data potential” is a sonificationmodelto
revealinformationaboutthe clusteringof vectorialdata
and(2) “data-sonagyrams”is a sonificatiorfor datafrom
a classificationproblemto revealinformationaboutthe
mixingof distinctclasses.
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1 Intr oduction

The detectionof hiddenregularitiesin high dimen-
sionaldatasetsis onegoal of the work in the research
areaof datamining4]. Structuresmay occurasa clus-
teringof thedata,ashierarchicabrganizatiororin func-
tional dependenciesetweerthe component®sf data.In
high-dimensionaldata this organizationis mostly not
obvious. This has motivatedthe developmentof var-
ious visualizationtechniquessuchas multidimensional
scaling[3 or projectionon principalcomponents[Bthat
attemptto create dimensionalityreduceddisplaysin
which the “main” structureof the datais morediscern-
able for humans. Thesemethodsare attractive, since
they transformthe given datainto a format that allows
usto invoke our highly developedcapabilitiedor detect-
ing evensutblevisual patternsn images.However, we
arealsocapablégo detectvery subtlepatternsn acoustic
soundswhichis exemplifiedto animpressie degreein

thefield of music,or in medicine wherethe stethoscope

still provides very valuableguidanceto the physician.
While theseexamplesdemonstrat¢hatthe useof sound
for detectingsubtlestructuress animportantpraxisin

severalfields,it sofarhasfoundcomparablyittle atten-
tion in thefield of dataminingwhich maybe dueto the
largerdifficulty to communicateboutsoundin compar

isonto visualization.

This paperpresentstwo newv methodsfor acoustic
data presentation:listening to particle dynamicsin a
data potential revealsinformation aboutthe clustering
of data. Listeningto data son@ramsgivesanimpres-
sionon resultsof a prior clusteringanalysise.g. on the
classbordersof a learnedclassification.Both methods
provide an extensionto earliersonificationapproaches,
which are mainly basedon the following four tech-
nigues:

e Auditory Icons: A suitableclassificationprocess
selectoneof a setof soundpieces.Thesesene as
anauditorysign[g, whichmusteitherbelearnedbr
intuitively understood.This methodis often used
for alarmsignalsandnavigationalcues.

e Earcons: hereauditorysignsarecombinedo form
more complex messagegust asspolenwordsare
combinedo form sentences.

¢ Audification: herethedatais directly translatedo
theaudibledomain[9, it is interpretedasatime se-
rieswhich directly controlsthe audiosignalampli-
tude.Thisis particularymeaningfulf thedataorig-
inatesfrom a systendynamicevolving in time, e.g.
certainphysicalmeasurements.

e Parameter Mapping: herethe datadrivesthe pa-
rametersof a synthesizerwhich may beimagined
asanwaveform-producinglgorithm.For eachdata
pointoneor moretonesaregeneratedvherethepa-
rametersof the events,e.g. time stamp,duration,
volume, pitch, ervelopecharacterisicsbrightness,
etc., are controledby the datavector components
[12]. Theresultcanbe calleda multi-dimensional
“sonic scattemplot’[10].

For high-dimensionabata, both audification,audi-
tory icons and earconsare very limited and parameter
mappingis the richestmethod. Neverthelesseven pa-
rametemappinghassomeproblems:

Unique Mapping: thereis no uniqueway of map-
ping betweercomponentandparametersThelis-
tenerthereforerequiressomelearningtime to get
acquaintedo a chosermapping. The necessityof
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parameteassignmenteadsfurthermoreto a com-
binatoricexplosionof possibilitieswith increasing
dimensionality

Limited dimensionality: The dimensionalityof the
sonificationis limited by the numberof parameters
of theselectednstrument.

Invariance: the sonificationis not only sensitve to
structuresge.g. it's not invariantto translationsor
rotationsof the data.

Independence/Rrceptual Uniformity: Someof the
instrument parametersare perceptually coupled
(e.g. durationand pitch), someare perceptually
nonlinear

Relationship: the sonificationis justthe superposition
of independenevents. This sonificationmethod
has no possibility to exploit the relationshipbe-
tweendifferentdatapoints, e.g. the local density
of thedata.

To circumwentmostof theseproblemswe proposea
differentview to sonification:why notsonify dataspaces
by takingtheenvironmentakoundproductionin ourreal
world asa model. Nature hasoptimizedour auditory
sensedo extract information from the auditory signal
thatis producedby our physicalervironment. Thusthe
ideais: (¢) build avirtual scenaridrom thedata,(i¢) de-
fine a kind of “virtual physics”that permitsvibrational
reactionof its elementgo externalexcitations, (z47) let
the userinteractively excite the systemand listen. We
call this schemé' model-basedonificatiori becauséts
basisis the imaginationof a virtual data“material” for
the developmentof the sonification. Dependingon the
choice of model, the sonificationproducessoundthat
may be more pleasanthanaudificationsjf the dynam-
ics follows analogousulesasrealworld soundgenerat-
ing systems.The modelmay be designedo reveal spe-
cific information, permitting a task-orientednodel de-
sign. Furthermorethemodelmaybecontroledby avery
limited numberof parametersmaking the sonification
easyto useandto understandThe learningeffort is as
well reduced Having knowledgeof the model,aninter-
pretationof the soundis simplified. The modelsmay be
designedo be assignedo dataof differentdimension-
ality, leadingto a datapresentatiorevenfor very high-
dimensionatatawithout dimensionalityreduction.

This papertis structuredasfollows: section2 presents
the conceptof model-basedonificationsand discusses
the benefitsof virtual instruments. Section3 presents
anexamplemodel: particlesin a datapotential. Section
4 discusseshis modelandgivessomesoundexamples.
Section5 presentghe datasonogrammodel. The last
sectionpresentsa discussiorof theresults.

2 Model-BasedSonification

In our world, normally passve objectsaresilent. So
why shoulda datasetitself producesound?Soundoc-
curs,if asystembecomesxcited. Thesystemdynamics
leadsto a vibrationalreactionof somepartsof the sys-
temwhichis transmittedhroughthe mediumto ourears
andwe perceve thatassound.In mary situationswhen
we examine an object (e.g. shakinga bottle, knock-
ing on a table), we ourselescausethis excitation, and
our auditoryperceptionis optimizedto usethis interac-
tion betweenactionand feedbackto draw information
from this. An importantaspects, that the sounditself
emegesfrom a processwhich is definedby the under
lying physicswhereagheinstrumenis givenby its ma-
terial structure.

Taking this view on soundproduction,the designof
a sonificationmodel consistsin a “material design”in
a dataspace. The materialstructureis not only deter
mined by the setupof the elementsbut also given by
the interactionsbetweenthe elements. A kind of “vir -
tual physics"mustbe defined that permitsa vibrational
processanalogoussin real soundingmaterials. Thus
the datamoreor lessdirectly becomeghe soundingin-
strumentwhich is examined,excited, or playedby the
listener By a clever designof the virtual physics,the
modelcanleadto sonificationsthat facilitate the audi-
tory perceptionof importantstructuresn the data,e.qg.
their clustering,the mixing of distinctclassesn a clas-
sificationtaskor thelocalintrinsic dimensionalityof the
data,etc. To definea physicson the abstractlataspace,
theoreticalacousticzancontritute. Thevirtual physics
may be given by a setof differential equationstrans-
fer functionscandescribethe signalspreadingn space
andtime. For efficient implementationof the model,
physical model sound-synthesitechniquescan be ap-
plied[13]. Summarizingthefollowing stepshave to be
carriedoutto definea sonificationmodel:

Setup:| definedynamicelements
Dynamics: | defineinteractions
betweerelementsand
initial state
Excitation: | define
user interaction modes
Auditory | defineobsewablesthat
Obsenables: | contributeto theaudiosignal
Listener: | definesoundwavetransfer
andrecever characteristics

A sonificationmodeldetermineghe structureof the
“datamaterial”, e.qg. its stiffness,damping,resonances,
and other acousticproperties. Furthermorethe modes
of interactingwith this new materialor virtual objectare



determinedLik erealobjectsthevirtual dataobjectmay
be beaten,shalen, touchedor squeezed.The multidi-
mensionalityof soundmakesit awell usablemediumto
exploreabstractata.

Theoretical Acoustics [11] and well established
soundsynthesignodelslik e Digital WaveguideTheory
[13] or Modal Synthesig2] yield ideasfor the designof
virtual instrumentandmaterialsaswell astheir efficient
implementatiorfor soundsynthesis.

3 Model I: Particle Trajectories in a Data
Potential

Here, our goal is to receve information aboutthe
clusteringof vectorialdata. The sonificationis deter
minedby thefollowing model:the datapointsareinter-
pretedas“planets”, heldatfixed positionsin dataspace.
Eachdata point contritutesto a global data potential.
The potentialleadsto a “gravitational force” on parti-
cleswhich areinjectedinto the dataspaceto probethe
system.Differentfrom the 1/r-law in gravitation, here
the potentialis chosento approximatea harmonicpo-
tential closeto the datapoint (which is relatedto har
monic oscillationsandthereforepuretones),but which
is localizedsothatit vanishedor large distancesSuch
a behaiour is shovn by a negative gaussiarbell. The
width of the “planet potential” determinedts “interac-
tion length” o andsotheresolutionof thedatapotential.
To renderthe sonificationsomedozensof particles(test
massesareinjectedinto the dataspaceo probethe po-
tential. Theaudiosignalis takenasthe superpositiorof
theirkineticenegy. Theprobingis repeatedvith differ-
entinteractionlengthse, e.g. by decreasingr exponen-
tially.

The potentialcan be comparedwith kernel density
estimation,a methodto fit the multivariate probability
density In this method the width parametefor interac-
tion length) mustbe properlyassignedo avoid overfit-
ting and oversmoothing.Indeed,the interactionlength
in thesonificationmodelis a kind of blurring parameter

Thedatapotentialfor adatasetwith A/ datapointsis
givenby

M
V(@) =) ¢(F~ &) (1)
i=1
with the datapoint potentialor kernelfunction
T2
¢(r) = —exp (—ﬁ> . (2)

As an alternatve, ¢(r) = —1/4/(02 + r2) could be

used,which shawvs a similar behaiour. Both functions
areshavnin fig. 1.

Figure 1: The datapoint potential: (a) negative gaus-
sianbell (¢ = 1), (b) modified coulombpotentialand
(c) harmonicapproximation. Higher particle enegies
leadto oscillationsin the non-harmoniaegime leading
to longeroscillation periods. This causeghe savtooth
shapeof tonesin thespectrogranin fig. 3.

Now asetof particlesae = 1... N with givenmasan
areinjectedinto thedataspaceatlocationz,,, subjected
to Newton’s law with adampingterm

mE(t) = =V, V(&) — 7&() (3)

where~ is a friction constantieadingto exponentially
decayingparticleenegy. [11]. Theinitial statesof the
particlesarechoserrandomly eachwith the sametotal
enegy
1
Ey = V(xo) + §mv§. 4)
Theobsenableof eachparticlea is its kineticenegy
1mv? andtheover-all signalis takenastheir sum. The
systemglynamicis integratedin a straightforvardman-
nerusingthe Runge-Kiuttamethod.Figure2 illustratesa

datapotentialandatypical particletrajectory

Figure2: An exampletrajectory(left) of a particlein a
gaussiardistributed clusterin 2d andthe datapotential
(right) for agiveno.

Now thesysteris controledby 5 parametersthefric-
tion constanty, theinteractionlengtho, theparticlesni-



tial enegy E, particlemassm andtimestepAt¢. At, m
andy arescalingfactorsfor thetime axis,whereas and
FE control the qualitative behaiour of the sonification.
Decreasingr lowersthe centralforce, thusthe particle
massesrescaledwith m = k/o?, whichis appropriate
to compensatéhateffect.

Thenext sectionwill presensoundexamplesanddis-
cussthe qualitative systembehaiour.

4 Example: Listen to ThreeData Clouds

As an example data set, three gaussiandistributed
clusterswith differenta priori probabilitiesweretaken
in 2d space.For eachprobe50 particleswith identical
masswereinjectedand4000stepswerecalculatedcor-
respondingo an audiosignalof 0.25secat a sampling
rateof 16000Hz. Theinteractionlengtho wasexponen-
tially decreasedrom a o; greaterthanthe largestdis-
tancebetweerdatapointsto o3, smallerthanthe small-
estdatapointdistancein 25 steps.Fig. 3 shavs ashort
timefouriertransform(STFT)of theresultingaudiosig-
nal, usingawindow sizeof N = 512 with 400 samples
offsetbetweersuccessie frames. You canlistento the
result,by playingthedemofile onthewebpage[7].

For large o (large againstthe datasetvariances}he
particleswill do nearlyharmonicoscillationsin thedata
potential. All particlesthus producetonesof the same
pitch. The total curvatureof the potentialminimum s
proportionalto the numberof datapointsthatcontribute
to the potential,so that the toneis higher pitchedfor a
largerdataset. With decreasinge moreandmorestruc-
turesgetaudible.First, thereis atonalsplit for particles
oscillating orthogonaland parallel to the main covari-
ancedirection. Next, thereis a critical rangeof inter-
actionlength,wherepotentialhills gronv betweenclus-
ters,but the particleenegy is still high enoughto move
overthiswalls. Theresultingtrajectoriesaremoreorless
chaoticandcontributea complex mixture of low pitched
and noisy sounds,which are easily recognized. These
soundsindicatethe separatiorof clustersat this length
scale. At someg, the potentialthroughsof the three
clustersseparatérom eachother Someparticlesendup
with theirmotionin oneof theclusters.Thisis perceved
asatonalsplit, whichoccursf theclustershavedifferent
“mass”. It canbeshavnthataclustewith M datapoints
yields a tone with frequeny w = /M /o2?m. Thus,
clustersof the samesize and shapecannotbe acousti-
cally distinguished With decreasingnteractionlength,
the toneskeeptheir pitch until the datapoint potentials
split again,leadingto a plateaufor eachcluster whose
durationcorrespond$o the“clustercompactness'with
further decreasingr, the granularsubstructureof each
clustergetsaudible. At the end, all datapoint poten-
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Figure3: Spectrogranof the datapotentialsonification
for a datasetwith (a) three point cloudswith differ-
ing a priori probabilities: (A) onetonein overall har
monic potential,(B) chaotictrajectoriesbetweerpoten-
tial troughs,(C) plateawwith 3 tones,onefor eachclus-
ter, (D) separatiorof clustermembeipotentials(E) one
final pitch asall potentialshave separated(b) onegaus-
siandistributedcluster:hereno pitch plateaus obvious.
The uppercurves are just the higher harmonicsof the
waveform. The savtoothshapeof thetonesis explained
in fig. 1

tial troughsare separatedand eachparticle endsin a
sameshapedpotential, which againresultsin tonesof
onepitch.

This sonificationis of rathershortduration(7.5 sec)
andcommunicatesalot of structurainformation.Surely
alittle trainingtime is improving userperformanceFor
comparison,a sonificationfor a single gaussiandis-
tributed clusteris shovn thereaswell and may be lis-
tenedto on the web page[7]. As thereis no clustered
substructurethe tonesdirectly dropto thefinal pitch.

In its currentform, the methodis computationally
quite demandingbecausdor eachtime stepVV must
be evaluated,which dependson all particlesinvolved.
Look-up-tablesandparticlepotentialsp(r) with limited
supportmay helpto reducecomputatiortime.

5 Model lI: Data Sonograms

As a secondmodel, data son@ramsare presented.
This sonificationmodelwasdevelopedto listento vec-



torial dataof a classificatiorproblem. Furthermoret is
applicableto explore the resultsof a prior classification
process.A commonquestionin classificatiorproblems
is the separabilityof distinctclasseswhichis a prereg-
uisite for the selectionof a classifier(e.g. a perceptron
is well-suitedfor linear separableclasses)and which
shouldbecomeaudiblewith this sonification.

The sonification is determinedby the following
model: eachdatapoint is fixed with a springto its po-
sitionin then dimensionabataspace.Thuseachpoint
can performvibrationalmovementsaroundits position
which is determinedby an externalexcitation, the mass
of the point, the stiffnessof the springandthe specified
dissipatiorrate.

In our modelwe give all pointsthe samemass,but
we let the stiffnessof the springbe controledby the lo-
cal environmentof the point. Specifically we chooset
proportionalto the local classentropy S. Seekingthe &
nearesnheighboursand calculatinga classmemberhis-
togram thelocal classmixing entroyy is givenby

N
S _Zpalnpon (5)

a=1

where N is the numberof distinct classesand p,, is
the probability densityfor a memberof classa at this
point. The probabilitiescanbe estimatedy the number
of classmembersn classae amongthekth nearesheigh-
bours.Theclassentroyy is low for datapointssurounded
by memberof the sameclassandhighin regionswhere
thememberof differentclassesnix. Thefriction force
is given by the local datadensity which may be esti-
matedby thereciprocalsize of the spherejn which the
k nearesneighboursverefound. To excite the data,a
shockwave is emanatedrom a certainposition,e.g.the
centroidof all member®f aselectectlasswhichspher
ically expandsthroughthe dataspace asshown in fig.
4. The datapointsareexcitedto vibrationsaroundtheir
positionasthe shockwave arrives. The listeneris as-
sumedo be positionedatthe shockwave centerandthe
sonificationis justthe superpositiorof all soundingdata
points.

Again, the modelis controledby a small numberof
parametersthe numberk of neighboursthe massm,
a constantrelatingthe springstiffnessto the entrogy S
andthe shockwave speedvhich maybe adjusted Each
parameteris easily understoodand leadsto expected
change®f thesonification.

As anexample,the“iris data’[]] set,which consists
of 3 clustersin a 4 dimensionalspace 2 of them hav-
ing anoverlap,is sonified. Herewe only monitoredthe
tonesfrom membersof the selectedclass,whosecen-
troid is alsothe startingpoint for the shockwave. The
sonificationgivesanimpressiorabouttheclassborders:

+ +
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+
+ +
+
+
+
+
+
+

° o) o . k-nearest neighbour.
< .
Shock wave/center.___|_ -~

O Class A
+ Class B

Figure4: lllustration of anemanatingshockwave. All

datapoints are excited to vibrationsaroundtheir posi-
tion asthe shockwavefront reachegshem. The spring
stiffness(andthusfrequeng) is determinedy thelocal
classentropy, the dissipationrateis given by the recip-
rocal volumeof the k-nearest-neighbotsphee. To ex-
amineclassbordersbetweentwo classesthe centerof
masf thefirst selectedtlassis takenasthe shockwave
centerandonly thetonesfor thefirst classaresonified.

the separatiorof class1 and?2 is audibleasall points
have the samebasicpitch of minimal entrogy. Theover-
lap betweerclass2 and3 is audible: the higherpitched
tonescomefrom datapoints which are locatedin the
classborder Sounddemosmay be found on the web-
page[7]. Fig. 4 shovs a shorttime fourier transformof
thedatasonogram.

A drawbackis the missingspatialresolution.All sig-
nals from the shockwave sphereare perceved at the
sametime. Herea usefulextensionof the modelcould
be to positionthe listenerin the plane spannedy the
firsttwo principalcomponentsf thedatasetandsynthe-
sizesterecaudiosignals.With this extensionit mightbe
further possibleto codepositionalinformationin phase
differencedetweertheleft andright channel.

6 Discussion

Sonificationaddressea so-farlargely underuseger
ceptualchanneffor man-machine-interactiorDatacan
thusbe experiencedn a new way, which bearsthe ad-
vantageof a deeperand possiblyricher understanding
of datastructuresAs sonificationis a multidimensional
presentationjt may prove especiallyuseful for multi-
variatedataanalysis.Theconcepbf Model-Basedoni-
fication presentedn this papercontritutesan approach
to designdatasonificationghatboth permitintuitive in-
teractionawith the dataandallow generalizationso ar-
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Figure5: Data Sonogramsf iris dataset. The shock
wave startsat centroid of class2, (a) S only includes
memberf class2 andl, (b) S only includesmembers
of class2 and 3. Herethe classoverlapis audibleas
higherpitchedtones.

bitrary datadimensionality The modelmay further be
specializedo highlight certainaspectof the dataand
thereforecanform a good basisfor an “acoustictool-
box” for dataexploration.

Sonificationmaybeagoodaid for rapidscreeningf
datasincean auditory streamcan be “consumed”with
comparabldittle effort. We think that an even higher
potentiallies in its useasa newv methodfor interacting
with data, particularly when usedin conjunctionwith
visualization. However, it is rathereasyto referto de-
tailsin visualdisplayssimply by pointing, which makes
communicationwith otherseasyandfast. This is dif-
ferentfor auditorydisplays. Here, thereis no straight-
forward equivalentto pointing. Moderncomputertech-
niguesmay offer new waysto overcomethis limitation,
which would enhancehe usefulnes®f sonificationfur-
ther

Up to now, researchon sonificationfor dataanalysis
is justbeginningandfurtherexperiencenasto begained.
It shouldbementionedhattrainingis requiredto distin-
guish sonificationsandto interpretethemcorrectly A
good exampleis given by the car mechanicwho often
is highly proficientin diagnosingmary causef mal-
functionacousticallydueto his long training. Lik ewise,
in familiar domains suchasthe perceptiorof language,
we all arewell trained“experts” and candiscover sub-
tle featuressuchas small but importantdifferencesn
prosody Therefore,in additionto the developmentof
sonificationmodelsthatcorvey usefulinformation,em-
pirical researctaboutthe learnability reliability andus-
ability will becomeanimportantrequirementor amore
guantitatve assessmertf the performanceof different
sonificationstrateyies.

Like every method,sonificationwill not be the best

choicefor all problemsput alreadyhasshawvn to be su-
periorthanothermethodsor somequestionsandsome
kind of data[§. Exploratory Data Analysiswill gain
the mostprofit, if the bestsuitedmethodsarecombined
andusedsynegetically We hopeto addresghis point
in moredepthin future work focussingon the develop-
mentof usefulsonificationmodelsandtheir integration
for multimodaldataexploration.
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