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Abstract
We presenta techniquefor partitioning an audio le

into maximally-sizedsggmentshaving nearlyuniform spec-
tral content,ideally correspondindo notesor chords. Our
methodusesdynamicprogrammingto globally optimizea
measuref simplicity or homogeneityof theintervalsin the
partition. Here we have focusedon an entropy-like mea-
sure, though there is considerablee xibility in choosing
this measureExperimentarepresentedor severalmusical
scenariost
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1. Intr oduction

Thesignal-to-scor@roblemseekdo represensymbolically
the contentof a music audio le. While there are mary

waysin which the problemcanbe posedperhapghe most
ambitiousseeksa representatiothat captureghe mostim-

portantelementsf Westernrmusicnotationincludingpitch,
rhythm, and voice. Given the signi cant dif culty of this
goal, several simpler problemshave beenconsideredn-

cluding signal-to-midi,which doesnot attemptto attribute
rhythm or voice to the recognizedpitches;monophonic;or
polyphonicsingle-instrumentranscription[1], [2], [3], [4].

While the choiceof problemis a dif cult one,therelevant
tradeofs seenclear: simplerproblemstatementseducethe
compleity of whatwe seekto estimateandareusuallyeas-
ier; onthe otherhandonehopesthatwith aricherinterpre-
tation of the musicalcontentsomeelementsvhich areless
ambiguouswill helpto reinforcea correctinterpretationof

thosethataremoreambiguous.

We explore herea relatively simple problemstatement
which could as easily be viewed as a preprocessingech-
nique as recognition. We seekto partition the audio into
sgmentshaving nearlyconstanspectrapropertiesandthus
likely to represensinglenotesor chords.

Our goalis motivated,in part, by the well-known trade-
offs betweentime and frequeng resolution faced when
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choosingthe length of a Fourier transform: to make pre-
cise estimatesf underlyingfrequenciesand hencepitch,

onewantsto uselongeranalysissggments. However, if a
segmentoverlapsnoteboundariespur interpretationof the
spectralcontentis confounded. Thusin this analysiswe

seekthe longestvariable-lengthrsegmentspossiblethat do

not overlapnoteboundaries.In exploring tradeofs within

this effort we hopeto oversggmentratherthan undersg-

ment the data, so that eachrecognizedsegmentdoesnot
crossnoteboundariesWhile sucha segmentatiorcouldbe
usedto provide useful pitch and rhythmic analysisof the
audiodata,it could alsobe usedsimply asa meansof lo-

catingreasonabléframes” for moresophisticatednalysis.
Suchframeswould provide betterfrequeng resolutiondue
to their maximallylong nature.

2. Partitioning through Optimization

Our basicapproacthis to choosea partition of the datathat
optimizessomeobjective functionmeasuringheoverallap-
propriatenessf the partition. In particular our approactis
basedon dynamicprogrammingandrequiresour objective
functionto be expressedsa sumof contritutions,eachde-
pendingonly on a single interval of the partition. To be
speci ¢, supposeave view our audiodataasa collectionof
M frames,eachof lengthN sampleswith actualsamples
Sp;iii;SNm 1. Lethy < by < ::: < Iy beasequencef
breakpointgartitioning the audio datainto a collection of
segments.We write (b 1;b¢) for thesequencef samples
SNb 15::iSNB 1 andweassumdy = Oandh, = M. If
H (b 1;bx) is our measureof the quality of the particular
interval, thenthe overallmeasuref the partitionis givenby

H (b 1;hbx)

k=1

A simpledynamicprogrammingargumentshovsthatwe
cancomputethe optimalpartitionrecursvely. LetH (b) be
the scoreof the optimal partition of the audio data(0; b).
The optimal partition of (0; b) musteither be the unparti-
tionedinterval or it mustbe composedf the optimal parti-
tion of of (0; a) with theadditionalinterval (a; b) appended
for somea < b. Theusualideaof dynamicprogramming
thenleadsto

H (b= r:n:igl1 H (a) + H(a;b) (1)

wherethe caseof a singleinterval is accountedor by the
a= OcasgwedeneH (0) = 0).



Therecursioncanbe modi ed to nd the bestpartition
into intenals (a; b) wherel min b a Inhx byreden-
ingH(a;b) = 1 whenb a< Iy, orb a> lpax.
Restrictingthe minimumssizeof intervals hasthe bene t of
excludingintervalstoo shortto reasonablype a note,while
restrictingthe maximumsizedecreasethenumberof inter-
valsonwhichwe mustcomputeH (a; b) — overwhelmingly
themaincostin implementingthe algorithm.

A simple modi cation of the algorithm instead mini-
mizes

D(l
H(; b))+ n

k=0

where we have addedthe penalty for eachintenal in
thepartition,therebyencouragingxplanationsnvolving as
few intervals aspossible. The penalizedversionof the ob-
jective functionis minimizedwith therecursion

HB=mnH @+ H@h+ Leo @

wherethelattertermis 1 only whena 6 0.

Our algorithm for nding optimal partitions is well-
knownin theliterature[5] andis almostacanonicakxample
of dynamicprogramming.Thetime compleity of thealgo-
rithm is clearlyO(M ?) sinceeachpossibleinterval mustbe
consideredncein Egn.1.However, if we restrictthe maxi-
mal interval size,thenthealgorithmis O(M ).

3. Minimizing Entropy

Our measuref the quality of a partitionis de ned in terms
of Fouriertransforms.Supposeur sequencef M frames
is partitionedinto several contiguoussectionsf 1;:::f, of
lengthsly;:::; 1, withly + :::1, = M. Herethef arethe
actualsamplevectorscorrespondindo the intervals. Sup-
posewetakethe nite Fouriertransformof eachf x yielding
k transformsFq;:::;Fx. The Parseval relationassuresis
thatthetotal enegy in is presered betweeneach(f x; Fi)
pair: X
fei)y=" jFe()i? 3)
[ J
Consequentlyif we sumtheenegy overall cellsof thepar
tition we see
X
feiy=" jFe()i? 4)
ik ik

Sincetheleft handsideis simply aconstant— thetotal sum
of square®f theaudiodata,whichis independentf choice
of partition— theright handsidemustalsobeindependent
of the choiceof partition.

Our goalis to choosea partition sothat Fy clustertheir
enepy in ascompactway aspossible For this purposene

B
|

EEN EEEEE EE

Figure 1. Top: Merging similar framesresultsin reduceden-
tropy. Bot: Merging dissimilar frames resultsin increasedor
equivalent entropy.

chooseo minimizetheentropyoverall partitionsde ned as

X
H= iFk()i% log, (iFk (1)i?)
jik

While it might seemmore naturalto de ne the entrogy on
the versionof jFy (j )j?> normalizedto sumto 1, asthe usual
de nition does theresultof minimizing eitherentrogy over
the partitionchoicewill bethesamedueto Eqn.4.

Figurel givesanintuitive explanationof why minimiz-
ing entropy might leadto reasonablgartitions. In the top
panelof this gure, theleft handmembershavs a cartoon-
like pictureof jFy (j )j* over a seriesof several consecutie
original (unconcatenatedjames all containedvithin asin-
gle musicalnote. While theremaywell be mary harmonics
in thespectrafor simplicity's sale we focusonasingleone,
the horizontalstrip in the left-hand-sideof the gure. Now
supposeve concatenat¢éheseframesinto onelarge frame
asin theright-handmemberof the gure. Clearlythe en-
tropy will be smallerfor the right-handmembersincewe
have concentrateall the enegy on a single“pixel.” Note
thatthenumberof pixelsis thesamen bothcasesThusthe
enegy minimizing partition tendsto memge framescorre-
spondingo thesamenoteor chord,sincethisleadsto lower
entropy.

In the bottom panel of Figure 1 we contemplatethe
memge of neighboringframes correspondingto different
notesor chords. While eachof theseare representedhor-
izontally as“one-pixel-wide” spectragachframemight be
the resultof several melgesat someearlierstage. There-
sult of meming thesetwo framesresultsin the spectrumon
theright. Notethatbothcasesoncentratéheenegy onthe



samenumberof pixels,suggestinghattheentrory measure
is indifferentto whetheror not we memge here. However,
a more lifelik e versionof this situationwould reveal that
peaksin the right-handspectrumwill be more spreadout
thanin theleft-handside,dueto the ner resolutionof the
Fouriertransform.For this reasorthe entroyy criterionwill
tendto favor the situationon the left, asis consistentwith
ourgoal.

While the experimentspresentediereinusethe entrogy
measureas the objective function to be minimized, other
reasonablehoicesarepossibleandworthy of furtherstudy
Oneof the otherobjective functionswe have considereds
basednconditionalentropy — the partitionthatminimizes

HOb 1;b)E (b 1:0) + n

k=1

whereH b, 1;h) is theentrogy of thesquaredrequeny
enegy of sgment(b 1; k), normalizedo sumtoone,and
E (b 1;h«) isthetotal squarecenegy in the sgment.

The othermeasurewve have considereds basedon au-
toregressiorandis de ned by

X
A(bc 1;b)+n

k=1

whereA(b 1;h) is thetotal residualsquarederrorwhen
an autorgressve modelof x edorderis t to the datain

(b 1;b).

4. Experimental Results

We implementedhe dynamicprogrammingalgorithmde-
scribedabove in the C languageAll experimentsvereper
formedona?2.1 GHz Linux PC. Audio inputswererecord-
ings of musicalperformancesubsequenthsampleddowvn
to 8 kHz monoaudio. We x ed the framesizeN to 256
samplesfor all experiments. The Fast Fourier Transform
(FFT)wasusedto speedup entropy calculations.

Becausdhe FFT algorithmusedrequiresthe numberof
samplepointsto be a power of two, whereasour partition
segmentsare not so constrainedyve usethe standardech-
nigueof zero-paddinghe datato the requiredsize. Adding
theseadditional datapoints hasthe effect of interpolating
the FFT over the entire set of frequeng bins as well as
shrinkingthe magnitudesothatthe squarechorm(Eqn.3)
is presered. Entropy is not preseredduring zero-padding;
however, we canapproximatehe desirednon-zero-padded
entropy by

X JO

H= " jF(j)j*log, ij(j)jo (5)
ik

wherelJ is the numberof samplesandJ© = 24992 J¢ js the
sizeof the zero-paddediata.

To speedup experimentationthe programprecomputes
H (a; b) for all possiblepairsof breakpointsubjectoa < b
andb a |nax andstoregheresultsondisk. For two min-
utesof audio, this computationwould take approximately
18 minuteswith I« setto 100. If desiredtheperformance
couldbeimprovedby approximatingongerFFTsbasedn
shorter=FT results.Oncethe entropy valueswererecorded,
they wereusedin multiple experimentdy thedynamicpro-
grammingalgorithmfor a rangeof valuesfor parameters
andlnyin . Eachcomputationof an optimal partition via the
dynamicprogrammingalgorithmtook a negligible amount
of time whenusingthe precomputedH (a; b) values.

We usedthe programto computeoptimal partitionsfor
several polyphonicaudioexamplesjncludingrecordingsof
two ChopinPreludegOp. 28,Nos. 7 and20),andMvt. 1 of
the Schostakvich StringQuartetNo. 3, Op. 73, henceforth
chopin7 ,chopin20 , andschostakovich . Figures2,
3, and4 shaw partitionsgeneratedby thealgorithmfor each
of theseexamples? Each gure displaysa spectrogranof
the datawith verticallines indicatingbreakpointfound by
thealgorithm.Particularvaluesof ~selectedor eachle to
obtaintheseresultswere0, 0.1,and0.01,respectiely.

Figure 2. Sectionof Chopin PreludeNo. 7, Op. 28

Figure 2 compareshe algorithm results (partitionsin
the top half of the gure) with the true note onsettimes
(bottom half of the gure). Many of the note onsetscor-
respondexactly with the generatedpartitions. Repeated
chordsarea commonomissionin our results,as are note
onsetswhereprevious notesaresustainedver the new en-
try. In thechopin20 resultswe nd thatoverpartitioning
oftenbreakschordsup into asggmentduringthe attackpor-
tion andasegmentafterthechordhasdecayedubstantially
For the schostakovich partition we seethat somequi-
eternotesin the stringsaregroupedogetherinto underpar
titioned segments.

2Audio les of theseresultsin .wav format are available
onlineat http://xavier.informatics.indiana.edu /
“craphael/ismir06/ . The partitionsgeneratedy the algo-
rithm arerepresentetly audibleclicksin theseles.



Figure 3. Sectionof Chopin PreludeNo. 20,0p. 28

Figure 4. Sectionof Schostalovich String Quartet No. 3

For eachexperimentwe have animportantchoiceof the
penaltyparameter aswell asselectiorof theallowedrange
of partitionsizesspeci edby I min andlax . Typical values
of Imax for our experimentswere 100 or 200 frames, se-
lectedto reducecomputationtime while ensuringthat the
longestnotesin eachexperimentwould still t within asin-
gleinterval of apatrtition. | i , ontheotherhand,wassetto
4 framesfor eachexperiment,correspondingo the shortest
sixteenthnotesin thechopin7 example.

Differentaudio recordingsyield different characteristic
entrofy values.To choosea“good” for aparticularinput,
we would searchfor avaluethatresultedin neitherserious
overpartitioning(suggestedby a prevalenceof breakpoints
separatedy | in ) or underpartitioningindicatedby break-
pointsseparatedy | max ). We would aim for a value of
thattendedto slightly overpartitionthe data. Seriousover-
partitioningwas not always a possibility; for example,the
“best” turnedoutto be O for chopin7 . Typically we
would nd agoodresultwith < 1. The problemof
selectionmerits further study althoughwe know that the
relationshipbetween andthe numberof intervalsin the
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Figure 5. Spectrum of frame 240.
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Figure 6. Spectrum of frames 227-259.

partition may be understoody thinking of asspecifying
a“geometricprior” onthenumberof breakpointg5].

5. Conclusion

The goal of entrogy-drivenaudiopartitioningis to segment
audioinputin a mannerthatmaximizesthe amountof con-
sistentinformationwithin a sggment. Fouriertransformsof
largersegmentsshouldprovide amoreprecisecharacteriza-
tion of frequengy distribution. As an exampleof the util-
ity of ourtechniquegconsiderthe partialspectrunfrom one
frameof theschostakovich  datain Figure5. This sin-
gleframeis includedin a 33-framelong segmentin thepar
tition computedabove; Figure6 shavs the spectrumcom-
putedfrom this longersegment. The peaksaremuchmore
well-de ned dueto theimprovedfrequeng resolution,and
assuchmay be more amenableo analysisby otheraudio
processinglgorithms.
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