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Abstract
We presenta techniquefor partitioning an audio �le

into maximally-sizedsegmentshaving nearlyuniformspec-
tral content,ideally correspondingto notesor chords.Our
methodusesdynamicprogrammingto globally optimizea
measureof simplicity or homogeneityof theintervalsin the
partition. Here we have focusedon an entropy-like mea-
sure, though there is considerable�e xibility in choosing
thismeasure.Experimentsarepresentedfor severalmusical
scenarios.1
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1. Intr oduction
Thesignal-to-scoreproblemseeksto representsymbolically
the contentof a music audio �le. While thereare many
waysin which theproblemcanbeposed,perhapsthemost
ambitiousseeksa representationthatcapturesthemostim-
portantelementsof Westernmusicnotationincludingpitch,
rhythm, andvoice. Given the signi�cant dif�culty of this
goal, several simpler problemshave beenconsideredin-
cluding signal-to-midi,which doesnot attemptto attribute
rhythmor voice to therecognizedpitches;monophonic;or
polyphonicsingle-instrumenttranscription[1], [2], [3], [4].
While thechoiceof problemis a dif�cult one,the relevant
tradeoffsseemclear:simplerproblemstatementsreducethe
complexity of whatweseekto estimateandareusuallyeas-
ier; on theotherhandonehopesthatwith a richer interpre-
tationof themusicalcontent,someelementswhichareless
ambiguouswill help to reinforcea correctinterpretationof
thosethataremoreambiguous.

We explore herea relatively simple problemstatement
which could as easily be viewed as a preprocessingtech-
nique as recognition. We seekto partition the audio into
segmentshavingnearlyconstantspectralpropertiesandthus
likely to representsinglenotesor chords.

Our goal is motivated,in part,by thewell-known trade-
offs betweentime and frequency resolution faced when
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choosingthe length of a Fourier transform: to make pre-
ciseestimatesof underlyingfrequencies,andhencepitch,
onewantsto uselongeranalysissegments. However, if a
segmentoverlapsnoteboundaries,our interpretationof the
spectralcontentis confounded. Thus in this analysiswe
seekthe longestvariable-lengthsegmentspossiblethat do
not overlapnoteboundaries.In exploring tradeoffs within
this effort we hope to oversegmentrather than underseg-
ment the data, so that eachrecognizedsegmentdoesnot
crossnoteboundaries.While sucha segmentationcouldbe
usedto provide useful pitch and rhythmic analysisof the
audiodata,it could alsobe usedsimply asa meansof lo-
catingreasonable“frames” for moresophisticatedanalysis.
Suchframeswould providebetterfrequency resolutiondue
to theirmaximallylong nature.

2. Partitioning through Optimization
Our basicapproachis to choosea partitionof thedatathat
optimizessomeobjectivefunctionmeasuringtheoverallap-
propriatenessof thepartition. In particular, our approachis
basedondynamicprogramming,andrequiresour objective
functionto beexpressedasasumof contributions,eachde-
pendingonly on a single interval of the partition. To be
speci�c, supposewe view our audiodataasa collectionof
M frames,eachof lengthN sampleswith actualsamples
s0; : : : ; sN M � 1. Let b0 < b1 < : : : < bn bea sequenceof
breakpointspartitioningthe audiodatainto a collectionof
segments.We write (bk � 1; bk ) for thesequenceof samples
sN bk � 1 ; : : : ; sN bk � 1 andweassumeb0 = 0 andbn = M . If
H (bk � 1; bk ) is our measureof thequality of theparticular
interval, thentheoverallmeasureof thepartitionis givenby

H (b0; : : : ; bn ) =
nX

k=1

H (bk � 1; bk )

A simpledynamicprogrammingargumentshowsthatwe
cancomputetheoptimalpartitionrecursively. Let H � (b) be
the scoreof the optimal partition of the audio data(0; b).
The optimal partition of (0; b) must either be the unparti-
tionedinterval or it mustbecomposedof theoptimalparti-
tion of of (0; a) with theadditionalinterval (a; b) appended
for somea < b. The usualideaof dynamicprogramming
thenleadsto

H � (b) =
b� 1
min
a=0

H � (a) + H (a; b) (1)

wherethe caseof a single interval is accountedfor by the
a = 0 case(wede�ne H � (0) = 0).



The recursioncanbe modi�ed to �nd the bestpartition
into intervals(a; b) wherelmin � b � a � lmax by rede�n-
ing H (a; b) = 1 whenb � a < lmin or b � a > lmax .
Restrictingtheminimumsizeof intervalshasthebene�t of
excludingintervalstoo shortto reasonablybea note,while
restrictingthemaximumsizedecreasesthenumberof inter-
valsonwhichwemustcomputeH (a; b) — overwhelmingly
themaincostin implementingthealgorithm.

A simple modi�cation of the algorithm insteadmini-
mizes

H (b0; : : : ; bn ) =
n � 1X

k=0

H (bk ; bk+1 ) + n�

where we have addedthe penalty � for eachinterval in
thepartition,therebyencouragingexplanationsinvolving as
few intervalsaspossible.Thepenalizedversionof theob-
jective functionis minimizedwith therecursion

H � (b) =
b� 1
min
a=0

H � (a) + H (a; b) + � 1a6=0 (2)

wherethelattertermis 1 only whena 6= 0.
Our algorithm for �nding optimal partitions is well-

knownin theliterature[5] andisalmostacanonicalexample
of dynamicprogramming.Thetimecomplexity of thealgo-
rithm is clearlyO(M 2) sinceeachpossibleinterval mustbe
consideredoncein Eqn.1.However, if we restrictthemaxi-
mal interval size,thenthealgorithmis O(M ).

3. Minimizing Entropy
Our measureof thequality of a partitionis de�ned in terms
of Fourier transforms.Supposeour sequenceof M frames
is partitionedinto several contiguoussectionsf 1; : : : f n of
lengthsl1; : : : ; ln with l1 + : : : ln = M . Herethef k arethe
actualsamplevectorscorrespondingto the intervals. Sup-
posewetakethe�nite Fouriertransformof eachf k yielding
k transformsF1; : : : ; Fk . The Parseval relationassuresus
that the total energy in is preservedbetweeneach(f k ; Fk )
pair: X

i

f 2
k (i ) =

X

j

jFk (j )j2 (3)

Consequently, if wesumtheenergy overall cellsof thepar-
tition we see

X

i;k

f 2
k (i ) =

X

j;k

jFk (j )j2 (4)

Sincetheleft handsideis simplyaconstant— thetotalsum
of squaresof theaudiodata,which is independentof choice
of partition— theright handsidemustalsobeindependent
of thechoiceof partition.

Our goal is to choosea partitionso thatFk clustertheir
energy in ascompactawayaspossible.For thispurposewe

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

chooseto minimizetheentropyoverall partitionsde�nedas

H = �
X

j;k

jFk (j )j2 log2(jFk (j )j2)

While it might seemmorenaturalto de�ne theentropy on
theversionof jFk (j )j2 normalizedto sumto 1, astheusual
de�nition does,theresultof minimizingeitherentropy over
thepartitionchoicewill bethesamedueto Eqn.4.

Figure1 givesan intuitive explanationof why minimiz-
ing entropy might leadto reasonablepartitions. In the top
panelof this �gure, theleft handmembershows a cartoon-
like pictureof jFk (j )j2 over a seriesof severalconsecutive
original(unconcatenated)frames,all containedwithin asin-
gle musicalnote.While theremaywell bemany harmonics
in thespectra,for simplicity'ssakewefocusonasingleone,
thehorizontalstrip in the left-hand-sideof the �gure. Now
supposewe concatenatetheseframesinto onelarge frame
asin the right-handmemberof the �gure. Clearly the en-
tropy will be smallerfor the right-handmembersincewe
have concentratedall the energy on a single“pixel.” Note
thatthenumberof pixelsis thesamein bothcases.Thusthe
energy minimizing partition tendsto merge framescorre-
spondingto thesamenoteor chord,sincethis leadsto lower
entropy.

In the bottom panel of Figure 1 we contemplatethe
merge of neighboringframes correspondingto different
notesor chords. While eachof thesearerepresentedhor-
izontally as“one-pixel-wide” spectra,eachframemight be
the resultof several mergesat someearlierstage.The re-
sult of merging thesetwo framesresultsin thespectrumon
theright. Notethatbothcasesconcentratetheenergy on the



samenumberof pixels,suggestingthattheentropy measure
is indifferent to whetheror not we merge here. However,
a more lifelik e versionof this situationwould reveal that
peaksin the right-handspectrumwill be more spreadout
thanin the left-handside,dueto the �ner resolutionof the
Fouriertransform.For this reasontheentropy criterionwill
tendto favor the situationon the left, asis consistentwith
our goal.

While theexperimentspresentedhereinusetheentropy
measureas the objective function to be minimized, other
reasonablechoicesarepossibleandworthyof furtherstudy.
Oneof theotherobjective functionswe have consideredis
basedonconditionalentropy — thepartitionthatminimizes

G(b0; : : : ; bn ) =
nX

k=1

H 0(bk � 1; bk )E (bk � 1; bk ) + n�

whereH 0(bk � 1; bk ) is theentropy of thesquaredfrequency
energyof segment(bk � 1; bk ), normalizedto sumtoone,and
E(bk � 1; bk ) is thetotal squaredenergy in thesegment.

The othermeasurewe have consideredis basedon au-
toregressionandis de�ned by

G(b0; : : : ; bn ) =
nX

k=1

A(bk � 1; bk ) + n�

whereA(bk � 1; bk ) is the total residualsquarederror when
an autoregressive modelof �x ed order is �t to the datain
(bk � 1; bk ).

4. Experimental Results
We implementedthe dynamicprogrammingalgorithmde-
scribedabove in theC language.All experimentswereper-
formedon a 2.1GHz Linux PC.Audio inputswererecord-
ings of musicalperformancessubsequentlysampleddown
to 8 kHz monoaudio. We �x ed the framesizeN to 256
samplesfor all experiments. The Fast Fourier Transform
(FFT)wasusedto speedupentropy calculations.

BecausetheFFT algorithmusedrequiresthenumberof
samplepoints to be a power of two, whereasour partition
segmentsarenot so constrained,we usethestandardtech-
niqueof zero-paddingthedatato therequiredsize.Adding
theseadditionaldatapointshasthe effect of interpolating
the FFT over the entire set of frequency bins as well as
shrinkingthemagnitudessothatthesquarednorm(Eqn.3)
is preserved.Entropy is notpreservedduringzero-padding;
however, we canapproximatethedesirednon-zero-padded
entropy by

H =
X

j;k

jFk (j )j2 log2

�
jFk (j )j2

J 0

J

�
(5)

whereJ is thenumberof samplesandJ 0 = 2dlog 2 J e is the
sizeof thezero-paddeddata.

To speedup experimentation,theprogramprecomputes
H (a; b) for all possiblepairsof breakpointssubjectto a < b
andb� a � lmax andstorestheresultsondisk. For two min-
utesof audio, this computationwould take approximately
18minuteswith lmax setto 100. If desiredtheperformance
couldbeimprovedby approximatinglongerFFTsbasedon
shorterFFTresults.Oncetheentropy valueswererecorded,
they wereusedin multipleexperimentsby thedynamicpro-
grammingalgorithmfor a rangeof valuesfor parameters�
andlmin . Eachcomputationof anoptimalpartitionvia the
dynamicprogrammingalgorithmtook a negligible amount
of time whenusingtheprecomputedH (a; b) values.

We usedthe programto computeoptimal partitionsfor
severalpolyphonicaudioexamples,includingrecordingsof
two ChopinPreludes(Op. 28,Nos.7 and20),andMvt. 1 of
theSchostakovich StringQuartetNo. 3, Op. 73,henceforth
chopin7 , chopin20 , andschostakovich . Figures2,
3, and4 show partitionsgeneratedby thealgorithmfor each
of theseexamples.2 Each�gure displaysa spectrogramof
thedatawith vertical lines indicatingbreakpointsfoundby
thealgorithm.Particularvaluesof � selectedfor each�le to
obtaintheseresultswere0, 0.1,and0.01,respectively.

Figure2. Sectionof Chopin PreludeNo. 7, Op. 28

Figure 2 comparesthe algorithm results(partitions in
the top half of the �gure) with the true note onsettimes
(bottom half of the �gure). Many of the noteonsetscor-
respondexactly with the generatedpartitions. Repeated
chordsarea commonomissionin our results,asarenote
onsetswherepreviousnotesaresustainedover thenew en-
try. In thechopin20 resultswe �nd thatoverpartitioning
oftenbreakschordsup into asegmentduringtheattackpor-
tion andasegmentafterthechordhasdecayedsubstantially.
For theschostakovich partitionwe seethatsomequi-
eternotesin thestringsaregroupedtogetherinto underpar-
titionedsegments.

2 Audio �les of these results in .wav format are available
onlineathttp://xavier.informatics.indiana.edu /
˜craphael/ismir06/ . Thepartitionsgeneratedby thealgo-
rithm arerepresentedby audibleclicks in these�les.



Figure3. Sectionof Chopin PreludeNo. 20,Op. 28

Figure4. Sectionof Schostakovich String Quartet No. 3

For eachexperimentwe have animportantchoiceof the
penaltyparameter� aswell asselectionof theallowedrange
of partitionsizesspeci�edby lmin andlmax . Typical values
of lmax for our experimentswere 100 or 200 frames,se-
lectedto reducecomputationtime while ensuringthat the
longestnotesin eachexperimentwouldstill �t within asin-
gle interval of apartition. lmin , on theotherhand,wassetto
4 framesfor eachexperiment,correspondingto theshortest
sixteenthnotesin thechopin7 example.

Differentaudio recordingsyield differentcharacteristic
entropy values.To choosea“good” � for a particularinput,
we would searchfor a valuethat resultedin neitherserious
overpartitioning(suggestedby a prevalenceof breakpoints
separatedby lmin ) or underpartitioning(indicatedby break-
pointsseparatedby lmax ). We would aim for a valueof �
that tendedto slightly overpartitionthedata. Seriousover-
partitioningwasnot alwaysa possibility; for example,the
“best” � turnedout to be 0 for chopin7 . Typically we
would �nd a good result with � < 1. The problemof �
selectionmerits further study, althoughwe know that the
relationshipbetween� and the numberof intervals in the
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Figure5. Spectrumof frame 240.
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Figure6. Spectrumof frames227-259.

partitionmaybeunderstoodby thinking of � asspecifying
a “geometricprior” on thenumberof breakpoints[5].

5. Conclusion
Thegoalof entropy-drivenaudiopartitioningis to segment
audioinput in a mannerthatmaximizestheamountof con-
sistentinformationwithin a segment.Fouriertransformsof
largersegmentsshouldprovideamoreprecisecharacteriza-
tion of frequency distribution. As an exampleof the util-
ity of our technique,considerthepartialspectrumfrom one
frameof theschostakovich datain Figure5. This sin-
gle frameis includedin a33-framelongsegmentin thepar-
tition computedabove; Figure6 shows the spectrumcom-
putedfrom this longersegment.Thepeaksaremuchmore
well-de�ned dueto theimprovedfrequency resolution,and
assuchmay be moreamenableto analysisby otheraudio
processingalgorithms.
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