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Abstract

The paperpresentsa novel approachto exploring similari-
ties in musicperformances.Basedon simplemeasurements
of timing andintensityin 12 recordingsof a Schubertpiano
piece,short`performancearchetypes'arecalculatedusinga
SOMalgorithmandlabelledwith letters.Approximatestring
matchingdoneby anevolutionaryalgorithmis appliedto �nd
similaritiesin theperformancesrepresentedby theseletters.
Wepresentawayof measuringeachpianist'shabitof playing
similar phrasesin similar waysandproposea rankingof the
performersbasedon that. Finally, an experimentrevealing
commonexpressionpatternsis brie�y described.

Intr oduction
Expressivemusicperformanceastheartisticactof `shaping'
a given pieceof written musichasbecomea topic of cen-
tral interestin the �elds of musicologyandmusicpsycho-
logy (Gabrielsson1999). In classicalmusic, in particular,
theperformingartist is an indispensablepartof thesystem,
shapingthe music in creative waysby continuallyvarying
parameterslike tempo,timing, dynamics(loudness),or ar-
ticulation,in orderto expresshis/herpersonalunderstanding
of themusic. Musicologistsandpsychologistsalike would
like to understandthe principlesof this behaviour – how
much of it is determinedby the music, whetherthereare
unwrittenrulesgoverningexpressive performance,etc. Re-
cently, alsoAI researchershavestartedto look into thisphe-
nomenonandto applytheir techniques(e.g.,machinelearn-
ing) to getnew insightsinto patternsandregularitiesin ex-
pressive performances(Lópezde Mántaras& Arcos 2002;
Widmeretal. 2003).

In this paper, we presentan evolutionary algorithm for
�nding approximatelymatchingsubstringsin characterse-
quences,anduseit to searchfor structurein expressive per-
formances(by famouspianists)encodedasstrings.Thegoal
is to studyboth the artists' intra-piececonsistencyandpo-
tentialsimilaritiesbetweentheirplayingstyles.

It is known (and hasbeenshown in laboratoryexperi-
ments)that performingexpressively in a stablemanneris
a way of emphasisingthe structureof the music (Clarke
1999). In particular, similarities in timing patternsacross
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Index Pianist Recording Year

0 Barenboim DGG415849-2 1977
1 Brendel PhilipsClassics,4560612 1972
2 Gulda ParadiseProductions9/99 1999
3 Horowitz ColumbiaMS 6411 1962
4 Kempff DGG459412-2 1965
5 Leonskaja Teldec4509-98438-2 1995/96
6 Lipatti Emi ClassicsCDH 5 651662 1950
7 Maisenberg WienerKonzerthausKHG/01/01 1995
8 Pires DGG457551-2 1996
9 Rubinstein BMG 0902663054-2 1991
10 Uchida Philips456245-2 1996
11 Zimerman DGG423612-2 1990

Table1: Therecordingsusedin theexperiment.

repeatshave beennotedin virtually every studyin the �eld
(Repp1992).While theabovestudiesweremainlybasedon
measurementsof time alone,we alsoexpectthis typeof be-
haviour (similar typesof phrasesbeingplayedwith distinc-
tive recognisableperformancepatterns)whendoinga joint
examinationof timing anddynamicsin musicperformance.
Onegoal of our experimentsis to compare12 famouspia-
nistsaccordingto theextentof stability in theirperformance
– their intra consistency. This canbeunderstoodastheex-
tent to which it is possibleto distinguishmusicallysimilar
phrasesbasedon their interpretationalone. We proposea
measureof this phenomenonandrank the pianistsaccord-
ingly. A secondgoal is to comparepianists'performances
directly, revealingexamplesof commonalitiesin theperfor-
mancepraxis.

One approachto attacktheseproblemsis to perform a
close examinationof the performancesof designatedre-
peatedpatterns(theapproachtaken,e.g.,by Repp(1992)or
Goebl,Pampalk,& Widmer (2004)). We do our investiga-
tion in thereverseorder– �nding thesequencesof greatest
similarities in the performancesand comparingthe music
behind.This approachtakesits startingpoint in theperfor-
manceratherthanthemusic.In thisway, theinvestigationis
lessbiasedby apredeterminedwayof perceiving themusic.

Performancedata acquisition and
representation

Thedatausedin theexperimentcomprises12 recordingsof
FranzSchubert's Impromptu, D.899no. 3 in G[ (seeTab. 1).
The recordingslast between6:47 min. (in the slowest in-
terpretationby Kempff) and4:51min. in thefastestrecord-
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Figure 1: The performanceletters: atomic motionsin the
tempo-loudnessspace(endpointsmarkedwith dots).

ing by Lipatti. The 12 recordingsweresemi-automatically
`beat-tracked' with the aid of appropriatesoftware (Dixon
2001). The onsettime of eachbeatwasregisteredandfor
eachbeata local tempoin beatsperminutewascomputed.
Furthermorethedynamiclevel ateachbeattrackedwasalso
computedfrom theaudiosignal.

For eachbeatin the score,we now have measurements
of tempo and loudness,forming a bivariate time series.
The performancescan be describedas consecutive points
in the two dimensionaltempo-loudnessspaceassuggested
by Langner& Goebl (2003). This discretisedversionof
the data capturesthe fundamentalmotions in the tempo-
loudnessspaceandtherebyhopefully thefundamentalcon-
tentof theperformances.Accentuationsbetweenthepoints
of measurementsarehowever not presentin thedata. Nei-
ther are re�nementsof the expressionsuchas articulation
andpedalling.

Performanceletters
To explorepatternsin theperformances,wewantto discover
similar sequencesin thepointsmeasured.A way to achieve
this is throughthe notion of performanceletters (Widmer
et al. 2003). A performanceletter describesone`generic'
motion in the tempo-loudnessspace,in this casebetween
threepoints.To derive these,theseriesof pointsfrom each
of the 12 performancesweredivided into sectionsof three
pointseach,theendpointof asequencebeingthebeginning
of thenext. All theshortsequenceswerethenclusteredinto
a 5� 5 grid accordingto similaritiesusinga self organising
map (SOM) algorithm, resultingin 25 `archetypes'repre-
sentingthe most prominentperformanceunits in the cor-
pus.Theprocessis describedin (Widmeret al. 2003).The
archetypeswerelabelledwith letters– theperformancelet-
ters(Fig. 1). A distancematrix quantifyingthedifferences
betweenletterswasoutputaswell.

Theperformancescannow beapproximatelyrepresented
as a string of performanceletters. Since the beatswere
tracked at the half note level (the piece is notatedin 4/2
time) anda letterspansthreebeats,onebarof musicis rep-

GJNDVJRIKRLJPJVDBCUCCPVNTJCPNJLJQCPCCSUT
JJQSNJGXBCNVMICFMRNFXVMOJPMTGNBUQTHUGECB
CUIRIJCBCUIRORNSGSQVNHLIHHUYFXKDQJROBTQJ
PJVJIDQCCRUTNJVNRDCPQJCPRTGHHJCPVOHHQJBV
QGTSRTGRGW

Figure2: ElisabethLeonskajaplayingtheImpromptu.

resentedby 2 letters(which is appropriate,given therather
sparsemelodiccontentof themusic).A performanceof the
completeimpromptuthenlooks like the 170 lettersshown
in Fig. 2.

Finding similarities in the performancescannow be ex-
pressedas a string matchingproblem or an approximate
string matchingproblem,which is the main subjectof this
paper.1 The approximatestring matchingis donewith an
evolutionary algorithm describedbelow. We will refer to
the taskof �nding all similar non-overlappingstringsin a
performance(upto asimilarity threshold)assegmentingthe
string,yieldingasegmentationof theperformance.

Measuring consistency
As a tool for measuringtheconsistency, a structuralanaly-
sisof thepiecewasperformed(by theauthors),dividing the
pieceinto similar subsections(phrases) basedon themusi-
cal contentalone.TheImpromptucanbeseento consistof
15 phrasesof varying length(1 to 4 1/2 measures)andup
to 6 occurrences.Theanalysisservesasa lookup-tablefor
askingif two performancesubstringsareappliedto similar
musicalcontent:this is thecaseif they cover corresponding
sectionsof two occurrencesof thesamephrasetype.

Measuringconsistency is done in two steps: �nding a
string segmentationbasedon performancesimilaritiesand
evaluatinghow well thesegmentationcorrespondsto similar
music.A performerdistinguishingeverytypeof phrasewith
individualexpressionswill resultin a`perfect'segmentation
andthereforea perfectevaluation. More precisely, given a
segmentationof aperformance,all similarstringsareexam-
inedto seeif they areappliedto similarmusic.The`correct'
correspondinglettersarecountedastruepositives(TP).The
currentanalysisallows a maximumof 163 of the 170 let-
tersto bematchedto similar musicalcontent. If a string is
foundto notcorrespondmusicallyto anotherstringto which
it is consideredsimilar, the lettersin thestringarecounted
asfalsepositives(FP).

Givendifferentsegmentations,we cannow measurehow
well they correspondto the structureof the music. We ex-
pressthis in termsof recall andprecisionvalues(vanRijs-
bergen1979).Recallis thenumberof correctlyfoundletters
(TP) dividedby thetotal numberof lettersthereis to �nd in
an`optimal' segmentation(in thiscase163).Precisionis TP
dividedby thetotal numberof matchinglettersfound(TP +
FP).TheF-measurecombinesrecallandprecisioninto one
value(an � of 0:5 usedthroughoutthis papergiving equal

1It hasrecentlybeenshown that a machinecan also learn to
identify artistson thebasisof suchstrings(Saundersetal. 2004).
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Figure 3: Two instancesof the letter sequence`LH-
PTB' from Rubinstein's performanceplottedin the tempo-
loudnessspace(left) andeachdimensionseparately(right).

weightto precisionandrecall):

F (R; P) = 1 �
1

� 1
P + (1 � � ) 1

R

; 0 � � � 1 (1)

As precisionand recall improve, the F-measurere�ecting
the inconsistency drops. It weightsthe numberof correct
correspondinglettersfoundagainsttheir `correctness'.

String matching
To inspecttheperformancesfor distinguishablepatterns,we
now areinterestedin �nding recurringsubstringsin theper-
formances.A naturalway to startthis taskwasto applyan
exactstringmatchingalgorithm. TheSEQUITUR algorithm
(Nevill-Manning & Witten1997)thatidenti�es hierarchical
structurein sequenceswasappliedto eachstring.

Distinctive similarities in the performancesdo not show
right away. The algorithm found mainly very short se-
quencesandmany letterswerenotincludedin any sequence.
Eventhoughthelongestrepeatedpatternsfoundin all of the
performancesspanned5 letters(2 1/2 measuresof music),
someof theperformancesonly containedrepeatedstringsof
2 and3 letters.Fig. 3 shows 2 occurrencesof a 5 letterpat-
tern found, plotted in the tempo-loudnessspaceaswell as
tempoandloudnessseparately. Theperformanceslook less
similar in thetempo-loudnessspacedueto theaccumulated
inaccuraciesfrom thetwo dimensions.

Thetwo long sequencesdo referto similar phrasesin the
music. Most of thestringsfoundsimilar werehowever not
referringto the samemusic. With no exception,the num-
ber of true positiveswassmallerthan the numberof false
positives (precisionbelow 0:5). The segmentationsof the
performancesby Lipatti and Rubinsteinwere found most
precise(45.5% and43.5% respectively). Also thegreatest
recall rateswerefoundin theseperformances,which there-
forescorethebest(lowest)F-measures(0.652and0.686).

Fromthis �rst attemptit looksasif thepianistsareplay-
ing ratherinconsistently, only occasionallyrepeatingashort
performancepattern. Segmentingthe performancesbased
onexactmatchingmightbeexpectingtoomuchconcistency
of theperformerandindeedexpectingtoo muchof thedis-
creteapproximaterepresentationof theperformance.Onthe
otherhand,longerstringsdo occurso theperformancelet-
tersseemto beableto representsomecharacteristicsin the
performances.Wewill now explorethepossibilitiesof �nd-
ing similarpatternsbasedon inexactstringmatching.

Evolutionary search for similar strings
We developedan evolutionaryalgorithmasa searchalgo-
rithm ableto �nd inexactmatches.Thealgorithmmaintains
apopulationof similarity statements. A similarity statement
is essentiallya `guess'that two substringsof equallength
foundin theinputstring(s)aresimilar. Theevaluationfunc-
tion decideswhich onesare the most successfulguesses.
The bestguessesare selectedfor the next generationand
by doing crossover and mutation in termsof altering the
guesses(dynamicallychangingthesizeandpositionof the
strings)thealgorithmcanenhancethe�tness of thepopula-
tion. After somegenerationsthealgorithmhopefullysettles
on theglobally �ttest pair of stringsin thesearchspace.

The �tness function hasto optimisethe string similarity
aswell aspreferlongerstringsto shorterones.It performs
a pairwise letter to letter comparisonof the letters in the
stringsandsumsup thedistancesbasedon thedistancema-
trix outputin theclusteringprocess.This is theactualstring
similarity measure.Thestringsizealsocontributesto the�t-
nessin suchawaythatlongerstringsarevaluedmorehighly
thanshorterones.This is to biasthealgorithmtowardscon-
sideringlongerlesssimilar stringsto shortexactones.The
�tness is calculatedfrom thesefactors. The amountof ad-
vantagegiven to longerstringsis decidedbasedon experi-
mentsdescribedbelow.

Segmenting a performancenow consistsin iteratively
�nding similar passagesin theperformancestring. In each
iterationwe run the EA andobtaina �ttest pair of strings
andtheir �tness value. A manuallysetthresholdvaluede-
terminesif the �tness is goodenoughto let the stringsbe
partof thesegmentationandclaimedsimilar. If they are,a
searchfor moreoccurrencesof eachof the stringsis exe-
cuted.Whenno moreoccurrencescanbefound,thestrings
aresubstitutedin theperformancedatastructurewith anum-
beridentifyingthistypeof performancepattern(equalto the
iterationin which they werefound). Furthersearchesin the
datacanincludeandexpandthesealreadyfoundentities.

Theevaluationof thedifferentobjectiveswewantto opti-
mise(lettersimilarityandstringlength)havetobecombined
into onesinglevalue,so the adjustmentof the parameters
aswell asthe overall thresholdis an importantandcritical
task. Settingthe parameterstoo conservatively, leaving no
roomfor nearmatches,wouldmakethealgorithmbehaveas
an exact matchingalgorithm. On the otherhand,allowing
too muchdifferencewould make thealgorithmacceptany-
thingassimilar. Selectingtheparameterswhichresultin the
lowestF-measuregivesan`optimal' segmentationwherethe
similarstringsfoundhave thehighestdegreeof consistency.
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Figure 4: Finding optimal parametersfor segmentingthe
performanceby Leonskaja.Thepointsplottedrepresentthe
averagevalueover 10 runswith ADA value.

This is theapproachtakenhere.
It turnsout that eachperformancehasdifferentoptimal

parametersettings– re�ecting thedegreeof variancein the
performance.Oneway of comparingtheconsistency in the
performanceswould beto �nd theindividually optimalset-
tings for eachpianist and then comparethe respective F-
measurevalues. We chosehowever for this experimentto
optimisethe parametersfor a singleperformance,anduse
thoseto segmentthe remainingperformances.This allows
us to comparethe segmentationsmore directly, since the
samesimilarity measureis usedfor all performances.

Experiments
Adjusting the �tness function
We wantto selecttheparametersin the�tness functionand
the thresholdin sucha way that suf�ciently similar strings
areacceptedandtoo differentonesrejected.We would like
to draw this line wherethestringsfoundsimilar areascon-
sistentaspossible,i.e., locatedwherethemusicis similar.

Using the F-measureas a consistency measure,we can
run thealgorithmwith differentparametersettingsandeva-
luatethe segmentation.Sincethe searchalgorithmis non-
deterministic,it is necessaryto run every experimentmore
thanoncein orderto becertainthata segmentationwasnot
justanoccurrenceof bador goodluck.

Wesaw abovethatsegmentingaccordingtoexactmatches
was apt to point out numeroussmall sequences,and the
consistency problemswith that. When searchingfor near
matches,stringsof short length(2-3 letters)arestill likely
to be similar to too many passagesin the performanceand
hencenot show what we are searchingfor. The problem
with shortsequencesis thatmany of themarenotdistinctive
enoughto characteriseonly a singlemusicalideaor phrase,
andthereforecanbefoundin morethanonecontext.

As a consequence,we simply terminatethesegmentation
if thebeststring foundis of length2. However, in addition
wetry to encouragetheEA to selectlongerstrings,byallow-
ing a certaindegreeof dissimilarity. This is implementedas
a singleparameter– a �tness bonusper letter in thestrings

Iteration Start Stringsfound Iteration Start Stringsfound
(Length) pos. similar (Length) pos. similar

1 3 DVJRIKRLJPJVDBCUCC 4 142 CPRTGHHJ
(18) 111 DQJROBTQJPJVJIDQCC (8) 150 CPVOHHQJ

2 22 VNTJCPNJ 5 57 RNFX
(8) 38 UTJJQSNJ (4) 62 MOJP

134 VNRDCPQJ 66 MTGN
3 78 CBCUIR 94 NSGS

(6) 86 CBCUIR 159 VQGT
164 RTGR

Table2: A segmentationof theperformanceby Leonskaja.
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Figure5: Thepatternsstartingatpositions22 (VNTJCPNJ)
and 38 (UTJJQSNJ) refer to similar music; the music at
pos.134(VNRDCPQJ) is somewhatdifferent.

underconsideration.The valueof this parameteris in ef-
fect allowing a certaindissimilarityper letter. Thequestion
is what value this parameter– which we will call average
dissimilarityallowed(ADA) – shouldbegiven.

The performanceby Leonskaja(who is one of the less
known pianists)wassacri�cedfor adjustingthe�tness func-
tion. Thenormalisedletterdistancematrix containsvalues
in the interval [0;1]. Generallythereis a distanceof 0.17–
0.39 betweenlettersnext to eachother on the normalised
5� 5 SOM. The ADA valuewasgraduallyincreasedfrom
0.01 to 0.35 in stepsof 0.01. Fig. 4 shows for eachvalue
of ADA theaverageF-measure,precision,andrecall value
calculatedover 10segmentationswith theEA.

Allowing only little dissimilaritymakesthealgorithmbe-
have in aconservativeway– in arunwith ADA = 0.1only 4
stringswerefoundwith a total of 32 letters,but 26 of them
beingconsistent.WhenADA is above0.3,thesegmentation
is dominatedby a few, but very long stringscovering al-
mostevery letter in thestring,not discriminatingvery well
thesectionsin themusic. ThebestaverageF-measurewas
obtainedwith ADA = 0.21. A segmentationin this setting
found5 categoriesof repeatedstringsof length4 to 18 (see
Tab. 2). Even thoughthe stringsmay seemvery different,
the numberof true positive matchesof the lettersin Tab. 2
was80 andthenumberof falsepositives32,giving a recall
of 0.491,precisionof 0.714andF-measureof 0.418.

Thestringsfrom iteration2 werefoundin 3 occurrences,



Rank Recall Precision F-measure St. dev F-m Pianist

1 0.613 0.725 0.336 0.000 Barenboim
2 0.538 0.765 0.368 0.091 Horowitz
3 0.478 0.717 0.427 0.049 Lipatti
4 0.408 0.803 0.460 0.029 Maisenberg
5 0.459 0.606 0.478 0.084 Kempff
6 0.361 0.636 0.540 0.042 Uchida
7 0.380 0.539 0.555 0.044 Brendel
8 0.366 0.535 0.567 0.044 Rubinstein
9 0.338 0.505 0.597 0.093 Pires
10 0.308 0.340 0.678 0.050 Zimerman
11 0.172 0.390 0.761 0.075 Gulda

Table3: Rankingthepianistsaccordingto consistency.

plottedin Fig. 5: Two of themrefer to similar phrases,and
the last (startingat pos. 134) to anotherphrase(although
someresemblancecanbeargued).Thesethreestringsthus
contribute16TPsand8 FPs.It looksasif Leonskajais more
consistentin theloudnessdomainthanin thetempodomain
when playing this repeatedphrase. The patternsfound in
iterations1 and3 arealsoappliedto similarphrases.

Ranking the performances
All performanceswere then segmented10 times with an
ADA valueof 0.21. This shouldtell us how consistentthe
performancesplay under the samemeasuringconditions.
A rankingaccordingto the averageF-measureis shown in
Tab. 3. This suggeststhatBarenboimandHorowitz arethe
mostconsistentperformersof thispiece.A Horowitz perfor-
mancewassegmentedwith theoverallsinglebestF-measure
of 0.309.Thesegmentationof Maisenberg gave thehighest
precision,but amediocrerecallresultin a lower ranking.

Guldastandout by receiving the lowestscore. His seg-
mentationoftenresultsin threetypesof strings,oneof which
is the largestsourceof confusion. It consistsof 4 letters
andoccurs10 times,whereonly 2 refer to similar phrases.
Fig. 6a)shows the10 sequencesfoundsimilar by thesimi-
larity measure,plotted in the loudnessspace. It looks as
if Gulda is not phrasingthe music in long sections. Cer-
tainly hedoesnot play distinctively enoughfor thephrases
to berecognisedwith thissimilarity measure.Fig.6b)onthe
otherhandshows a beautifulexampleof consistentmusic
performance:Horowitz playing the beginning of the piece
comparedto whenheplaystherepeatof thebeginning.

When listening to Gulda and Horowitz the authors�nd
thatconcerningtempo,Horowitz soundslike having a large
`momentum'behindtheaccellerandosandritardandos– no
suddenchanges. Gulda on the other hand is much more
vivid, taking fastdecisionsin tempochanges.This might
accountfor someof thedifferencein consistency measured.

Therankingis not to betakentoo literally – thestandard
deviationvaluesshown indicateuncertaintiesin theranking.
Otherparametersettingsleadto somechangesin theranking
aswell, but our experimentsdo re�ect a generaltendency:
Barenboim,Horowitz, Lipatti, andMaisenberg seemto be
themostconsistentwhile Guldais playingwith theoverall
greatestvariety.

Finding similarities betweenthe performers
Our secondapplicationof the searchalgorithm is to �nd
similar stringsacrossall performances.This would reveal
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Figure 6: a) Gulda playing a short pattern in 10 differ-
ent variants(loudnessplotted only). The two `consistent'
performancesare intensi�ed. b) Horowitz playing a long
patternin 2 very similar ways (tempoand loudnessplot-
ted separately): FNLLIJPTGRGIRONOHat pos. 0 and
FNMLGJROGRGHRLGOHatpos.108.

similaritiesin theplayingstyleof differentpianists.
For this experiment,we incorporatedin the �tness func-

tion a lookup table over phraseboundariesas represented
in theanalysisof thepiece. Stringsthatagreewith bound-
ariesare given a higher �tness than stringsnot agreeing.
This aidsthe algorithmin �nding moremusically`logical'
boundaries.The �gure on the last pageshows a segmen-
tation of all strings. Similar substringsfound areindicated
with boxes,with a numberidentifying thetype. Above and
below thestrings,theletterpositionnumbersareprinted.

Similaritiesin performancescannow beviewedasverti-
cally aligned`boxes' having thesameidenti�er. For exam-
ple thepatternlabelled`1' is found5 timesat two different
positions. Furthermorethe 1-patternis includedasthe be-
ginning of the 8-pattern,so in fact pianists0, 3, 10 and11
playthebeginningof thepiecein recognisablesimilarways.
Pianists0, 4 and11 alsoplay the recapitulation(pos. 108)
in asimilarway.

The patterns10, 26, and32 representdifferentwaysof
playingthecharacteristic4 barsstartingat pos77. Themu-
sic is repeatedat pos85, but this is oftennot found to bea
suf�ciently nearmatch.Pianist4 (Kempff) wasfoundto be
the only oneplaying this sectionwith the 26-pattern,sug-
gestingan individual interpretation.Likewise Horowitz is
the only oneplaying the 16 letter long 14-pattern,andLi-
patti theonly oneplayingthe21 letterlong12-patternetc.

This segmentationincludessomeuncertainties.Tighten-
ing thesimilarity measuresomewhatwouldgiveamorenu-
ancedpicture of the playing styles,and running the algo-
rithm longerwould make it �nd moresimilar patterns.The
stringsfoundsimilar in this experimenthowever give some
indicationsof commonalitiesand diversitiesin the perfor-
mances.A musicaldiscussionof theseis beyondthescope
of thispaper.

Conclusion
We saw that a rathercruderepresentationof the complex
phenomenonof musicperformance,combinedwith anevo-



lutionarysearchalgorithm,canbeusedto recognisepatterns
in performancesof pianomusic. On theonehand,this ex-
empli�es oncemore how music can be a valuablesource
of challengingproblemsfor AI. On the other, this is an-
otherinstanceof AI makingnew andrelevantcontributions
to the�eld of musicperformanceresearch(anotherinstance
is, e.g., (Goebl, Pampalk,& Widmer 2004)). We plan to
continuethiswork with a largercorpusof morediversemu-
sicalmaterial(thoughderiving precisemeasurementsof ex-
pressionin audiorecordingsis a very tedioustask),andto
provide a deeperanalysisof the musicalmeaningandsig-
ni�cance of theresultsin anappropriatejournal.
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