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Abstract

Wepresentatranscriptionsystemthattakesamusic
signalasinput andreturnsits musicalscore. Two
stagesof processingare used. The �rst employs
a fundamentalfrequency detectorandanonsetde-
tector to transforminput signalsinto a sequence
of soundevents. The onsetdetectionis inherently
noisy. This paperfocuseson thesecondstage,go-
ing from soundeventsto a notatedscore.We usea
family of graphicalmodelsfor this task. We allow
the resultsof onsetdetectionto be noisy, necessi-
tating a searchover possiblesegmentationsof the
soundevents.Weusealargecorpusof monophonic
vocal music to evaluateour system. Our results
show that our approachis well-suitedto the prob-
lem of musictranscription.Theinitial onsetdetec-
tion reducesthenumberof observationsandmakes
thesystemlessinstrumentspeci�c. Thesearchover
segmentationscorrectsthe errorsin the onsetde-
tection. Without suchreasoning,theseerrorsare
magni�ed in subsequentrhythmtranscription.

1 Intr oduction
Music transcriptionis thetaskof transformingamusicsignal
into a symbolic representationof the musicaleventsit con-
tains. Therearethreelevels of representationof musicthat
arerelevant here. On the third level is the musicalscorein
commonmusicnotation.Thisconsistsof musicaleventswith
attributesnotatedpitch (suchas“A” in octave4), notateddu-
ration (suchasquarternote),andnotatedrhythmic position
(suchasthe�rst beatof measure22). On thesecondlevel is
the representationof performancein termsof soundevents.
This is the level of MIDI data. The rhythmic attributesof
eventson this level aretheactualonsettime(suchas3.4sec-
ondsfrom thebeginningof thepiece)andtheactualduration
(suchas0.5seconds).Thepitch attributeon this level could
be discrete(suchas MIDI note 66) or continuous(suchas
66.46). On the �rst level is the representationof the sound
signal. It is a commonpracticeto transformthe signal into
a sequenceof frames(throughshort-timeFouriertransform),
which aresnapshotsof thesignalover a shortperiodof time
(e.g. 20 msecs). A frame capturesthe compositionof the
soundby specifyingtheamplitudefor every frequency.

The third level is the target representationof transcrip-
tion. Previousauthors[Raphael,2002b;CemgilandKappen,
2003] have proposedusinggraphicalmodelsfor automated
musictranscription,but theirsystemstakeMIDI dataasinput
andonly go from thesecondto thethird level. Our goalis to
build anend-to-endtranscriptionsystemthatgoesall theway
from a�rst levelaudiosignalto athird level musicalscore.In
thiswork wefocusonmonophonictranscriptionfrom acom-
plex instrumentsuchasvoice.Monophonictranscriptionis a
dif�cult enoughtask,andwell worthyof study. It raisesmany
issuesthatneedto beaddressedbeforepolyphonictranscrip-
tion canbeattempted.Goingfrom level1 to 3 is amuchmore
challengingtaskthangoingfrom level 2 to 3. In goingfrom
level 2 to 3, thereis a one-to-onemappingbetweenmusical
events.Furthermore,the input is oftenMIDI datawherethe
pitch is givenanddoesnotneedto bedetected.Thereforethe
only work thatneedsto be doneis to track the tempoof the
music,therebytransformingactualonsettimesanddurations
into notatedrhythmicpositionsanddurations.

Going from level 1 directly to level 3 is too hard. Frames
aretoosmallaunit andevenshortmusicsignalswill berepre-
sentedby verylongsequencesof frames.Eachmusicalevent
consistsof many framesthat needto be groupedtogether.
Furthermore,theinformationin a frameneedsto besumma-
rized. Insteadof a frequency-amplitudespectrum,weneedto
know thefundamentalfrequency of a givenframe.Therefore
we usea preprocessingstepin which we go from level 1 to
level 2. This stepconsistsof a fundamentalfrequency detec-
tor, which determinesthe fundamentalfrequency sounding
in eachframe,andan onsetdetector, which detectsthe be-
ginningsof musicaleventsfrom the framesequence.Once
a musicalevent hasbeenidenti�ed, an overall pitch for the
eventcanbededucedby analyzingall theframesconstituting
theevent.We havepreviouslybuilt anonsetdetectorcapable
of handlingthesoftonsetsprevalentin vocalmusic,in which
thereis a smoothpitch change,or a vowel change[Kapanci
andPfeffer, 2004]. While achieving state-of-the-artperfor-
mance,it is not completelyreliable,andno perfectonsetde-
tectorexists. It might misssomeonsets,causingit to merge
musicalevents,while reportingotherspuriousonsets,causing
it to separateevents.Furthermore,thepitchdataproducedby
theonsetdetectoris continuous-valuedandnoisy.

This paperfocuseson thetransformationfrom level 2 to 3
whenthe level 2 input is noisy. We do not assumea one-to-



onemappingbetweeneventsat the two levels. Instead,we
allow for the possibility that reportedonsetsare falseposi-
tives.Theonsetdetectorcanbetunedto tradeoff therateof
falsepositiveswith falsenegatives. We usea settingwith a
verylow falsenegativerate,sothatmostof theerrorsin onset
detectionarefalsepositives.We alsodetectthepitch,allow-
ing thetuningof theperformanceto changeover time. Sowe
needto simultaneously(1) detectfalsepositivesin the seg-
mentation,(2) do tempotrackingand rhythm transcription,
and(3) do tuningtrackingandpitch transcription.

We proposea family of graphicalmodelsto accomplish
thesetasks.In themodels,thepropertiesof soundeventsde-
pendprobabilisticallyon the propertiesof notatedeventsto
which they arerelated. Becausetheremay be falseonsets,
severalsoundeventsmayactuallyberelatedto thesameno-
tatedevent.Thesegmentationdetermineswhichsoundevents
aregroupedtogetherinto a singlenoteevent, andtherefore
it determinesthe structureof the graphicalmodel. We have
a different graphicalmodel correspondingto eachpossible
segmentation.We useMarkov ChainMonteCarlo(MCMC)
samplingto searchover thedifferentstructuresandparame-
ters.

We evaluateour modelusinga corpusof monophonicvo-
cal music. Our resultsshow that in the absenceof perfect
onsetdetectors,reasoningaboutsegmentationis necessary
for a signal-to-scoresystem.Without suchreasoning,theer-
rors in thesegmentationaremagni�ed in subsequentrhythm
transcription. We also show that the transcriptionbene�ts
from musicalknowledge,which is easily incorporatedinto
ourgraphicalmodelasprior distributionsover thescores.

2 Problem Statement
The input of our systemis a musicsignal,andtheoutput is
a musicalscore. The music signal is �rst processedusing
anonsetdetectorto yield thesoundeventobservations ����� �

for the graphicalmodel. Eachsoundobservation ��� con-
sistsof an observed duration �	� and a frequency 
�� . The
task is to �nd a segmentation���
� � anda score ����� � . Each
scoreevent ��� consistsof a notatedduration ��� anda pitch

�

� . Thesegmentationvariable �
� is thenumberof observed

eventsrelatedto the � th scoreevent. Thusthesegmentation
determinesthe mappingbetweenscoreeventsandobserved
events. � is thenumberof observations(�x ed),while � is
thenumberof noteevents(dependenton thesegmentation).

The goal is to �nd the segmentation�
��� � and the score

����� � thatmaximizetheposteriorprobabilityof thesegmen-
tationandscoregiventheobserveddata:
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assumingindependenceof the prior distributionsover score
andsegmentation. The graphicalmodel detailedin section
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. We evaluateit usinga metricpresentedin Section5.

For our onsetdetector, we useour previously published
hierarchicalmethodthat detectsonsetsin a signal by com-
paringframesoneto another[KapanciandPfeffer, 2004]. A
comparisonfunction basedon the fundamentalfrequencies
andamplitudesreturnsthedissimilarityof two frames.If this
valueis aboveathreshold,anonsetis declaredovertheregion
delimitedby thetwo frames.Thesystembeginsby compar-
ing adjacentframes,andthengraduallyincreasesthedistance
betweenthe comparedframes. By comparingframessome
distanceapart,the detectoris able to detectsoft onsetsthat
happensmoothlyover time.

To reducethenumberof missedonsets,we usea low dis-
similarity threshold.That way, we getmany extraneouson-
sets(false positives) which needto be eliminatedin later
stages,but missedonsets(falsenegatives)areinfrequent.In
our experiments,40% of the onsetswereextraneous,while
only 1.39%of theonsetsweremissed.

Oncethe onsetsare marked, the signal is segmentedby
cuttingit at theseonsets.A continuouspitchattributeis com-
putedfor eacheventby the averagefundamentalfrequency.
Thecomparisonvaluefor eachdetectedonsetis alsostoredto
beusedin assigninga prior segmentationprobabilityto each
observation �>� , asdescribedin thenext section.

3 Model
The likelihood of a sequenceof observed soundevents is
given by a family of graphicalmodels. Due to the possi-
bility of falseonsets,therearemany possiblegroupingsof
soundevents(observations)into noteevents.Thesegmenta-
tion determineswhichsoundeventsaregroupedtogether, and
thereforeit determinesthe structureof the graphicalmodel.
For eachsegmentation �

��� � , the likelihood model de�nes
the probability of observations �?��� �
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eventson the notatedeventsis the samein different struc-
tures. The differenceis in the connectionsbetweenthe two
layersasillustratedin Figures1 and2: the leaf nodescorre-
spondto the observations,andthe segmentationdetermines
thestructureof thegraphabovethem.Themappingbetween
observationindexes( B s)andnoteeventindexes( � s) is given
by C
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The tempoandtuning arecontinuousprocesseschanging

smoothlyover time: we modelboth as �rst-order Gaussian
processes(Equations2 and5). The tempodetermineshow
notateddurationsbecomeobserveddurations:thenotateddu-
ration is multiplied by the tempo to producethe observed
duration. In addition,we model the fact that durationswill
deviatewithout re�ecting a changein tempo.This is accom-
plished,�rst of all, by includinga Gaussiannoise UWV

K in the
modelfor theobservedduration(Equation4).

We further modelthe fact that asthe temporemainscon-
stant,successivedeviationsarelikely to compensatefor each
other, so that a note that soundsfor shorterthanits written
durationwill be followed by a note that soundsfor longer,
andviceversa.Thismaybetheresultof bothintentionaland
unintentionaldeviations.It is commonin variousstylesto in-
tentionallyproducethiseffect. Forexample,in swingrhythm,
giventwo successive eighthnotes,the�rst is lengthenedand
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thesecondis shortened.As anotherexample,double-dotting
is a commoneffect in Baroquemusic. Herea dottednoteis
lengthenedandthesubsequentnoteis shortened.This com-
pensationmodelis alsoa naturalmodelof unintentionalde-
viation. Theperformeris likely to maintaina constantbeat,
sothatthenotesthatsubdivideabeathaveagivenamountof
timeto �ll. As aresult,shorternoteswill becompensatedfor
by longernotesto �ll up the requiredtime. We capturethis
effectby includinga�rst-order stealingprocess(Equation3),
which allows successive durationsto deviate in oppositedi-
rectionswithout affecting theoverall tempo. This is accom-
plishedby having anegativevaluefor thestealingcoef�cient

��� . Thevalue �

�����
	

wasusedin ourexperiments.Giventhe
noteduration ��� s, theobserveddurationsdependlinearly on
thetempoandstealingprocesses(Equation4).

For thepitchprocess,thetuningis anadditiveoffsetthatis
addedto thenotatedpitch to producetheobservedfrequency
(Equation6). In addition,we allow thefrequency to deviate
independentof thetuning,soEquation6 includesaGaussian
noiseterm U��
� . Thenoisetermsin Equations4 and6 model
observationalerrorsaswell aslocaldeviations.
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Note that we don't observe � � directly, but only through
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� � . On theotherhand,themodeldirectlyspeci�es
theobservedfrequency 
>� of theindividualsoundevents.

We de�ne the rhythm prior
2
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� �:� � by a Hidden
Markov Model (HMM), learnedof�ine using rhythm se-
quencesof a corpusof musicin thesamestyleasour evalu-
ationdata.For thepitchprior we usean B -grammodel(with

B =3), which assumesthat eachelementin a sequenceonly
dependson theprevious B,� D elements.We de�ne theprior
over intervalsratherthanindividual pitchessincethis allows
for generalizationto differentkeys. The probabilitiesin the
modelareestimatedof�ine by the B -gramfrequenciesin the
trainingdata.

Thesegmentationprior indicates,for eachobservedsound
event, the probability that there is truly an onsetimmedi-
ately after the event. To obtain the segmentationprior, we
use the dissimilarity valuesreturnedby the onsetdetector
at eachobservation. The goal is to individually estimate
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onset� 5 -
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� , the probability that there is an actual onset
right after the B th observation, given its dissimilarity -

� to
the following observation. Although not a formal density
estimationmethod,sigmoid �tting provides an appropriate
solution [Platt, 1999]. This was suggestedto transforma
classi�er's outputvaluesinto probabilities.Using a training
corpusfor onsetdetection,we learnedthe following func-
tion: 


�

-��6�

�

D F/.
�

2

�

�

�0� 132

-�F

��� 	
4

�
�

Q � . The shapeof
the function makes sense:as the dissimilarity increases,it
assignsincreasingprobabilitiesin [0,1] to the presenceof
an onset. In order to avoid probabilitiescloseto 0 and 1,
we useda weightedaverageof 


�

-�� and
��� 	

as our prior:

2

�

onset� 5 -

�

�.�

��� 5




�

-

�

� F

�����76,��� 	

.
Onceindividualsegmentationpriorsof all observationsare

computed,the prior probability of a segmentation �
�
� � is

computedby multiplying thesetogether:
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4 Inference
Our goal is to computethe maximum a posteriori (MAP)
segmentation-scorecon�gurationasgivenin Equation1. Let

?

bethesetof possiblenotedurationsand @ thesetof pos-
sible pitches. For a given observation sequence���
� � , there
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� possible
scoresfor eachsegmentationwith � noteevents.Theexpo-
nentialnumberof thepossible

�
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���
� �
� pairsmakesexact

computationof theMAP con�gurationintractable.Wethere-
fore useMCMC methods[Gilks et al., 1996] to samplefrom
thespaceof possiblepairs.

Our inferenceprocedureis similar to the handlingof ref-
erenceuncertaintyin �rst-order probabilisticmodels[Pasula
andRussell,2001]. We alternatebetweenMCMC stepsto
changethesegmentation,andGibbsstepsto samplethedura-
tion andpitch for a givensegmentation.Whenchangingthe
segmentation,reversiblejump MCMC [Green,1995] is em-
ployedsincethemodeldimensionchangeswheneverwesplit
or mergeevents.



4.1 ReversibleJump MCMC
MCMC methodsareusedto generatesamplesfrom a com-
plex target distribution whereanalyticalor numericaltech-
niquesarenot applicable.In our case,the target is the pos-
terior distribution of thetranscriptiongiventheobservations,
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structaMarkov chainwhosestationarydistributionis guaran-
teedto bethetargetdistribution. In theMetropolis-Hastings
algorithm, the candidatesamplesaregeneratedfrom a pro-
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5 � � doesnot have a �x eddimensionality, suchasin
our problem:differentsegmentationsmaycorrespondto dif-
ferentnumbersof notes,andthereforehavedifferentnumbers
of parameters.ThereversiblejumpMCMC methodallowsus
to samplefrom atargetdistributionevenwhenthedimension-
ality of themodelis not �x ed. Theacceptanceprobabilityof
moving from onemodelto anothermodelof differentdimen-
sionis givenby:
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where
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aremodelindicatorsthatdeterminethenum-
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Sincewe assumethat thesegmentation,rhythmandpitch

priorsareindependent,for the �rst two termsof thefraction
in Equation7 we have:
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Thetermsin theright handsideof Equation8 arerespectively
given by the segmentationprior, the rhythm prior, the pitch
prior andthelikelihoodmodel.

During our sampling,we allow two kinds of moves that
changethemodeldimension:mergingtwo neighboringnotes
together, or splitting a singlenoteinto two. Therhythmand
pitchcomponentsaresampledusingGibbssamplingwithout
a changein model dimension,so we don't discussthe ac-
ceptanceprobability for thosehereandinsteadfocuson the
segmentationcomponent� of

�

. Wehavetwo possiblevalues
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themappingsbetweenthemodelsbeforeandafter, wherethe
move is amergeandasplit respectively:
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In Equation10, becausewe choosethe splitting point ran-
domly from all possibleboundariesbetweentheobservations

currentlyassignedto a note, � is a randomvariablewith uni-
form density � split

�

� � ��� �

�

(

Q��

. Sincemerging is a determin-
istic move,wedon't havea randomvariablein Equation9 so
wesimplyhave � merge

�

� �(���.� D . Finally, it' seasyto seefrom

Equations9 and10 thatboth
"

"

"

-

: merge ;�


- .

=

-




-

.

"

"

"

and
"

"

"

-

: split ;�


- .

=

-




-

.

"

"

"

are
equalto 1.

Puttingeverythingtogether, wehave thefollowing two ac-
ceptanceprobabilitiesfor mergeandsplit moves:
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where� � is eitherthetotalnumberof observationsassociated
with the two noteswe are merging, or it is the numberof
observationsassociatedwith thenotewearesplitting.

4.2 GeneratingSamples
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asthe next sampleis given by oneof Equations
11and12,decidedby whetherit correspondsto a mergeor a
split move.



In step1 above, althoughwe couldpick a random� , pro-
cessingtheeventssequentially( � � D>�

� � �

� � ) allowscompu-
tationalsavings.We canfactorizethelikelihoodas:
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where � denotesthe hiddenvariables� , � , and � . The �rst
factor is computedincrementallyasnew samplesare taken
for � �ED to � . Thesecondfactordependsonly onthefuture
observations,andcanbeef�ciently computedin advancefor
all � sby a backward�ltering pass.

Given
�

� �
� ��� � �
� ��� , therelationshipsbetweenthecontinu-
ousvariablesof ourmodelarelinear, andtheadditivechange
or noisevariablesareall Gaussian.So,it is a lineardynami-
calsystemwheretheintegrationoverthehiddenvariables(in
Equation13)canbecomputedanalyticallyusingKalman�l-
tering. All thenecessaryprobabilitiescanberepresentedby
Gaussianpotentials,over which multiplication,conditioning
andmarginalizationarethreebasicoperations.

A problem with this individual samplingof �
� s is that

sometimesthe neighboringnoteswill be suchthat it is very
unlikely to samplea goodvaluefor eitheronewith thecur-
rentassignmentof theother. To overcomesuchdeadlocks,we
randomlysamplesomescorepairs

�

�
���

�
�"* �W� jointly in Step

2. Steps3 and4 arenotperformedfor joint samples.Ideally,
onewould like to sampleall eventsjointly givena segmenta-
tion, but this would resultin anexponentialsamplingspace.

We de�ne an MCMC iteration as one sequenceof sam-
plingsfrom �

� D to � . After someiterations,we randomly
proposea global samplingstep. We have two global oper-
ations: one that shifts all the pitchesin the sampleby �

D ,
andonethat halvesor doublesall durations.If the resultof
halvingproducesadurationnot in

?

, werandomlyselectthe
closestelementin

?	�

>

�

? . Whenazerodurationis assigned
to anobservation,it is groupedwith oneof its neighbors.In
the experimentswe used20 chainswith 250 iterationsper
chain. Eachchain startswith an initial samplethat is ob-
tainedby matchingtheobservationsascloselyaspossible:If
thesegmentationprior of anobservationis lessthan0.5,we
groupit with its successor. Thedurationsareroundedto the
closestdurationin

?

, andthefrequenciesareroundedto the
closestpitch in @ . Startingwith this sample,asopposedto a
randomone,allowsusto getto agoodtranscriptionfaster.

5 Experiments
5.1 Training and Evaluation Data
A corpusof monophonicvocal musicwasusedto evaluate
thesystemandits variouscomponents.Thecorpusconsisted
of two parts.Onepartcontainedbothscoresandaudiodata,
andwasusedto evaluatethesystem.Thetestdatahada to-
tal durationof 60 minutes,composedof 55 audiosegments
containinga total of 3606notes.All pieceswereby theRe-
naissancecomposerG.P. Palestrina(16thcentury),andsung
by thesamesinger. Thesecondpartof thecorpusconsisted
only of scoreswithoutaudiodata.Thispartwasusedto learn
therhythmandpitch priors. Therewere78 piecesby Palest-
rina in thispart,noneof whichappearedin the�rst part.Two

audiofragmentswereremovedfrom the�rst partfor thepur-
poseof tuningtheeightvarianceparametersof thegraphical
modeland the two sigmoidparametersof the segmentation
prior. Thesewerenotusedin theevaluation.

5.2 Evaluation Metric

Giventhetruescore��


��� �
�

andsegmentation��


��� �
�

for obser-
vations ���
� � , we evaluatethesystem's result �

�

�
� �

and �

�

�
� �

asfollows:
Segmentation: We count the numberof correctonset/no-
onsetdecisionsover thenumberof possiblesegmentationlo-
cations( � � D ).
Musical Score: Sincethe system's segmentationmight be
different from the referencesegmentation,comparing�

�

�
� �

directly to � 


��� � �

is not very meaningful.We insteadevalu-
ate the scoreby looking at the numberof rhythm andpitch
errorsremainingoncethesegmentationerrorsare�x ed. For
instanceif ahalf noteis transcribedastwo successivequarter
notesof thesamepitch,weconsiderthis to beasegmentation
error(extraonset),andnota rhythmtranscriptionerror. Sim-
ilarly, if two successive quarternotesof the samepitch are
transcribedasa half note, this is only a segmentationerror
(missedonset).If, on theotherhand,two successive quarter
notesof differentpitchesaretranscribedasa half note,there
is a pitch error in additionto thesegmentationerror. This is
becauseevenaftercorrectingthemissedonsetby splittingthe
half notein two,ourtranscriptionwouldhaveapitchdifferent
from therealscore.

Returningto the extra onsetcase,if a half note is tran-
scribedas two separatequarternotesof different pitches,
thenwhenthesegmentationerroris correctedthetwo quarter
notesarereplacedby ahalf notewith asinglepitch. Weneed
to chooseoneof the pitchesof the two quarternotesasthe
pitch of the half note. Theremay or may not be a pitch er-
ror in additionto thesegmentationerror, dependingonwhich
pitch is chosenfor the half note. We chooseto go with the
pitch whoserelatedobservationis longerin duration. If this
is equalto therealpitch, thereis nopitcherror. Thisgeneral-
izesnaturallyto caseswherea singletruenoteis transcribed
asmultiplenotes.

For the evaluationof durations,if a noteis transcribedas
multiple notes(extra onsets),we comparethe sumof these
durationsto thereferenceduration.If multiplenotesaretran-
scribedasasinglenote(missedonset),wecomparethedura-
tion of thisnoteto thesumof thereferencedurations.Wecan
extendthis ideato evaluatecasesof misplacedonsets,where
the computedtranscriptioncontainsan onsetin a different
placefrom thereferencetranscription.In both thereference
andcomputedtranscriptions,weonly keeptheonsetsthatap-
pearin both,andcomputedurationsfor thesenew segments
by summingthe durationsof their constituents.Theseare
thencomparedto evaluatetherhythmtranscription.

5.3 Results

We presenttheresultsfor theevaluationof our systemin Ta-
bles1 and2. Table1 containstheresultsobtainedby thesam-
pling processdescribedin Section4. This processgenerates
samplesfrom the posteriordistribution of the transcription.



Table1: Results
Seg. Pitch Dur. Comb. Time

All 87.28 86.11 85.42 86.26 82.25
All-R 87.63 95.08 49.81 71.42 25.60
All-P 86.85 86.67 86.29 86.60 75.44
All-SG 83.30 87.01 82.65 84.28 82.88
All-ST 86.98 83.21 85.36 85.16 67.48
All-J 86.11 81.52 79.14 82.16 99.67
None 71.27 93.81 36.60 57.68 9.10
All-RG 65.19 92.38 62.09 70.97 71.17
None-RG 62.15 92.27 19.61 38.50 4.93

Table2: Results(Non-Reversible)
Seg. Pitch Dur. Comb. Time

All 87.08 89.60 87.15 87.93 81.02
All-R 89.32 93.76 50.06 71.71 32.44
All-P 87.53 88.27 87.68 87.83 69.55
All-SG 83.08 87.15 83.16 84.42 82.17
All-ST 86.98 88.22 87.47 87.55 66.82
All-J 85.24 84.36 80.26 83.23 99.93
None 75.69 91.56 46.12 65.48 8.85
All-RG 65.19 92.38 62.09 70.97 71.17
None-RG 62.15 92.27 19.61 38.50 4.93

However, we aremainly interestedin themodeof this distri-
bution, sowe do not really needto ensurethatour sampling
hastheposteriorasits stationarydistribution. We couldem-
ploy any searchprocessover thespaceof transcriptions,and
outputtheonewith thehighestposterior. Sinceweknow that
our input is over-segmented,a simplemodi�cation is to bias
our samplertowardsmerging segments.We implementthis
by removing the

�

�
�

�
DM�

Q�� factorsfrom Equations11 and
12. Otherapproachessuchassimulatedannealingcanalso
beusedto generatesamplesconcentratedaroundthemodes.
However, we were able to obtain slightly higher posteriors
with thesamenumberof iterationsusingthis simplermodi-
�cation. The resultsusingthe modi�cation arepresentedin
Table2, andwe usethattableto discussour results.It is im-
portantto keepin mind thatbothTables1 and2 usesamples
to approximatetheMAP transcription.It is likely thattheex-
act MAP con�gurationswould have higherposteriors,with
possiblyhigheror lower evaluationscores.However, given
thehigh numberof iterations,thevaluesarestill representa-
tiveof theperformanceof their respectivemodels.

In bothTables1 and2, the �rst threecolumnscontainthe
successratesfor the segmentation,pitch transcriptionand
rhythmquantization,usingthemetricde�ned in Section5.2.
Thenext columncontainstheharmonicmean1 of thesethree
asacombinedmetric.Thelastcolumngivestheaveragetime
periteration(in msecs)for a 24.92secondsinput signal.The
�rst row (All) refersto the systemwith all of the priors de-
scribedin Section3. The next threerows show the results
wheneitherprior is removed: rhythm(All-R), pitch (All-P),
or segmentation(All-SG). We thenpresentresultswherewe
don't includethe stealingprocessgiven in Equation3 (All-

1 ���������	��

��� �������

���������������

is similar to F-measurefor 3 numbers.

ST), and wherewe don't allow joint sampling(All-J). The
next row containsthe resultswhennoneof these� ve com-
ponentsis used(None). The �nal two rows (All-RG and
None-RG)show theresultswhenwe don't allow regrouping
of observations,so that every observation is a separateseg-
ment. This is whatwe would get if we did not reasonabout
segmentation,andinsteadassumedthat theonsetdetectoris
perfect. Notice that thesetwo rows arethe samein the two
tablessincethesegmentationis �x ed.

The most instructive comparisonis betweenAll andAll-
RG.We seethatnotonly doesAll-RG dosigni�cantly worse
on segmentation,which is expected,its scorefor durationis
alsomuchlower. It seemsto bethecasethaterrorsin segmen-
tationspill over, causingsigni�cant errorsin rhythmaswell.
Surprisingly, however, All-RG doesa little betteron pitch
transcription.Thismaybebecauseit is not subjectto missed
onseterrors,whichaswesaw earlieralwaysresultsin apitch
error whentwo notesof differentpitchesare transcribedas
a singlenote. Comparisonof NoneandNone-RGis similar.
Again,thesystemthatallowsregroupinggreatlyoutperforms
theonethatdoesnot on segmentationandrhythm,but does
slightly worseonpitch.

Now we considerthe effect of individual componentsof
themodel.We seethattherhythmprior greatlyimprovesthe
performanceon duration,while slightly hurting thesegmen-
tation and pitch scores. It could be that without a rhythm
prior, the segmentationprior and observed pitcheshave a
greatereffecton thesegmentation,andthepitchescanmatch
the observationsmoreclosely. Overall, however, the small
negative effect on pitch and segmentationis well compen-
satedfor by theimprovementin duration.Thepitchprior has
only a very small effect. It leadsto a slight improvementin
pitch,andaslightdegradingof thesegmentationandduration
scores.Thesegmentationprior andjoint samplingleadto an
improvementin all threescores.Thestealingprocesshaslit-
tle effect, increasingthe pitch scoreandslightly decreasing
theothertwo scores.It might bemoreusefulin otherstyles
of music.

In Figure3, we show the transcriptionresultsfor a short
audiosegment.Thetruetranscriptionis given�rst, followed
by thetranscriptionsreturnedby eachof thesystemsin Table
2. The errorsare indicatedby the arrows above them. The
completesystem(All) is ableto transcribethepiecewith no
mistakes.We seethatby removing therhythmprior (All-R),
wegetmany stylisticerrors:thenotateddurationsof the�rst,
forth and �fth errorsare very unlikely, and they inducean
unlikely rhythmicpattern.Removing thesegmentationprior
(All-SG) resultsin segmentationerrors,which areoften ac-
companiedby pitch and/orrhythmmistakes. We seethis in
theseconderror, wherethepitch hasbeentranscribedincor-
rectly oncethenoteis split into two. Thestealingprior pro-
vides�e xibility to transcribelocalexpressiveor motordevia-
tionscorrectly. Withoutit (All-ST), weareunableto correctly
transcribethe�rst noteatthebeginningof thefourthmeasure:
its elongatedperformancerequiresatoolargedeviationin the
global tempoto be transcribedcorrectly. In the bottomtwo
rowsof Figure3, weclearlyseethatthetwo systemswithout
reasoningaboutthe segmentationhave many mistakes,and
the quality of transcriptionis really poor, especiallyfor the
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Figure3: Transcriptionexample

last row. Even in the All-RG systemthat includesrhythm
andpitch priors, we canseethat segmentationerrorsresult
in many additionalpitch andrhythm errors. So, we clearly
seethe bene�ts of reasoningaboutthe segmentationin this
example.

6 RelatedWork
Transcriptionof musicsignalsto scoresis adif�cult problem.
Most relatedwork consistsof addressingsubproblemssuch
aspitch tracking,onsetdetection,beattracking, level 1-to-
2 (audio to MIDI or piano-roll), and level 2-to-3 (MIDI to
score).

Thereare a numberof relatedworks on the level 1-to-2
problem. Most systemstransformthe signal into a time-
frequency representation,followed by heuristicmethodsto
segment the signal and label segmentswith pitch or chord
names(see[Klapuri, 2004] for a moredetailedliteraturere-

view). Sterian(1999)proposesheuristicsto pick peaksfrom
the time-frequency image. He thenusesa Kalman �lter to
extractpartialtracksandsearchesoverhypothesesfor theas-
sociationof thetracksto notes.Marolt (2004)presentsacon-
nectionistapproach:oscillatornetworks for partial tracking
andneuralnetworks for note recognition. Raphael(2002a)
computesa set of featuresfrom each frame of the time-
frequency image, and takes theseas observationsfrom an
HMM. Cemgiletal. (2004)proposeagraphicalmodelwhose
observationis directly thetimedomainsignal.

Beat tracking is anotherproblemrelatedto rhythm tran-
scription. Dixon (2001)proposesa rule-basedsystemto es-
timatebeatsfrom a sequenceof onsettimes. Goto andMu-
raoka(1998)takeanaudiosignalasinputanduseDSPmeth-
odsto constructandselectfrom multiplebeathypotheses.We
considerbeatsto lie somewherebetweenlevels2 and3: given
perfectonsettimes,thebeatscouldbeusedto assigndiscrete



durationsto observed events. However, onsetdetectionac-
curacy is not crucial for beattrackers. On thecontrary, poor
onsetdetectionseemsto help beattrackingby �ltering out
lesssalientonsets.This is clearlyundesirablefor a transcrip-
tion system.

Therehave beensystemsemploying graphicalmodelsfor
level 2-to-3problem:Givena list of onsettimes,Cemgiland
Kappen(2003) useMCMC methodsto samplemost likely
notedurations. Raphael(2002b)proposesan exact method
for the joint estimateof the tempoand notedurations. He
introducesa “thinning” operationthat removesa valuefrom
considerationfor a discretevariable,if that variableis guar-
anteednot to have thatvaluein theMAP con�guration. This
seemsto keepthesearchspacefrom growing exponentially.
However, bothof thesesystemsassumethat their list of on-
settimesis accurate,so they have a one-to-onemappingbe-
tweenobservationsandscoreevents.In ourcase,thenumber
of mappingsaloneis exponential,which is why wechoseap-
proximatemethods.

We believe that exploiting the advancesin DSPto get to
level 2 (even a noisy one),andthenusinggraphicalmodels
for level 2-to-3is appropriate.Level 2 datais muchmorein-
strumentindependent,andit is muchshorter. However, with-
outperfectonsetdetectorsin sight,level2 datawill inevitably
haveerrors,andourexperimentshaveshown thattheseerrors
aremagni�ed in thesubsequentanalysisto getto level 3. The
mostimportantcontributionof our systemis its ability to ac-
ceptandreasonaboutnoisy input. To thebestof our knowl-
edge,it is the�rst musictranscriptionsystemto gofrom level
1 to level 3 withoutassumingaperfectlevel 2.

7 Discussionand Conclusion
We have presenteda transcriptionsystemthat takesa music
signalasinput andreturnsits musicalscore.We usea noisy
onsetdetectorasour front-end,which computesthe input to
a family of graphicalmodels.Eachregroupingof this input
correspondsto a speci�c modelfrom this family. Our infer-
enceprocedurejointly searchesover modelsandscoresthat
may have producedthe observed soundevents. Our results
show that this is a very well-suitedapproachto theproblem
of musictranscription.

Theconstrainton our onsetdetectionnoiseis thatwe can
haveextraonsetsbut notmany missedonsets,sincethesewill
bere�ectedasmergednotesin the �nal score.This is a rea-
sonablerequirement,as most detectorscan be tunedto re-
ducemissedonsetat the costof increasedextra onsets.We
can thereforeusea variety of onsetdetectorsas our front-
end.Also, in theorywe couldapplyour systemto individual
frames,althoughtheinferencewould takemuchlonger.

In our models,the pitch andrhythm variablesarecondi-
tionally independentgiventhesegmentation.This keepsthe
samplingover thetwo spacesseparate.A moresophisticated
modelcouldcombinetherhythmandpitch processesaswell
as the priors. Also, the rhythm and pitch priors we learn
arestyle-speci�cdueto thehomogeneityof thetrainingdata.
This makessense,asa trainedmusicianwould transcribethe
sameaudiosignaldifferentlyunderdifferentstylisticassump-
tions. Ultimately, we would like to have rhythm priors for

variousstylesand make the choiceof style a variablethat
needsto beoptimizedaswell.
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