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Abstract

We presenatranscriptiorsystenthattakesamusic
signalasinput andreturnsits musicalscore. Two
stagesof processingare used. The rst emplgs
afundamentafrequeng detectorandanonsetde-
tector to transforminput signalsinto a sequence
of soundevents. The onsetdetectionis inherently
noisy This paperfocuseson the secondstage go-
ing from soundeventsto a notatedscore.We usea
family of graphicalmodelsfor this task. We allow
the resultsof onsetdetectionto be noisy, necessi-
tating a searchover possiblesggmentationsof the
soundevents.We usealargecorpusof monophonic
vocal music to evaluateour system. Our results
shaw that our approachs well-suitedto the prob-
lem of musictranscription.Theinitial onsetdetec-
tion reduceghe numberof obsenationsandmakes
thesystenlessinstrumenspeci ¢c. Thesearclover
segmentationscorrectsthe errorsin the onsetde-
tection. Without suchreasoningtheseerrorsare
magni ed in subsequenthythmtranscription.

1 Intr oduction

Music transcriptionis thetaskof transforminga musicsignal
into a symbolicrepresentatiof the musicaleventsit con-
tains. Therearethreelevels of representatiomf musicthat
arerelevanthere. On the third level is the musicalscorein

commonmusicnotation.This consistof musicaleventswith

attributesnotatedpitch (suchas“A” in octave 4), notateddu-
ration (suchas quarternote), and notatedrhythmic position
(suchasthe rst beatof measure?). Onthe secondevel is

the representationf performancean termsof soundevents.
This is the level of MIDI data. The rhythmic attributes of

eventsonthislevel aretheactualonsettime (suchas3.4 sec-
ondsfrom the beginningof the piece)andtheactualduration
(suchas0.5 seconds)The pitch attribute on this level could
be discrete(suchas MIDI note 66) or continuous(suchas
66.46). On the rst level is the representatioof the sound
signal. It is a commonpracticeto transformthe signalinto
asequencef frames(throughshort-timeFouriertransform),
which aresnapshotsf the signalover a shortperiodof time
(e.g. 20 msecs). A frame captureshe compositionof the
soundby specifyingthe amplitudefor every frequeng.

The third level is the target representatiorof transcrip-
tion. Previousauthord Raphael2002b;CemgilandKappen,
2003 have proposedusing graphicalmodelsfor automated
musictranscriptionput their systemsake MIDI dataasinput
andonly go from thesecondo thethird level. Our goalis to
build anend-to-endranscriptiorsystenthatgoesall theway
froma rst level audiosignalto athird level musicalscore.In
thiswork we focuson monophonidranscriptiorfrom acom-
plex instrumentsuchasvoice. Monophonictranscriptionis a
dif cult enoughtask,andwell worthy of study It raiseamary
issueghatneedto be addressetieforepolyphonictranscrip-
tion canbeattemptedGoingfrom level 1 to 3isamuchmore
challengingtaskthangoing from level 2 to 3. In going from
level 2 to 3, thereis a one-to-onemappingbetweenmusical
events. Furthermorethe input is often MIDI datawherethe
pitchis givenanddoesnot needto bedetectedThereforethe
only work that needsto be doneis to track the tempoof the
music,therebytransformingactualonsettimesanddurations
into notatedrhythmicpositionsanddurations.

Goingfrom level 1 directly to level 3 is too hard. Frames
aretoosmallaunitandevenshortmusicsignalswill berepre-
sentedby verylong sequencesf frames.Eachmusicalevent
consistsof mary framesthat needto be groupedtogether
Furthermoretheinformationin aframeneedgo be summa-
rized. Insteadof afrequeng-amplitudespectrumywe needto
know thefundamentafrequengy of a givenframe. Therefore
we usea preprocessingtepin which we go from level 1 to
level 2. This stepconsistof afundamentafrequeng detec-
tor, which determineghe fundamentalfrequeng sounding
in eachframe, and an onsetdetectoy which detectsthe be-
ginningsof musicaleventsfrom the frame sequence.Once
a musicaleventhasbeenidenti ed, an overall pitch for the
eventcanbededucedy analyzingall theframesconstituting
theevent. We have previously built anonsetdetectorcapable
of handlingthe soft onsetgrevalentin vocalmusic,in which
thereis a smoothpitch change por a vowel change[Kapanci
and Pfeffer, 2004. While achiesing state-of-the-arperfor
mance,|t is not completelyreliable,andno perfectonsetde-
tectorexists. It might misssomeonsetscausingit to memge
musicalevents while reportingotherspuriousonsetscausing
it to separatevents.Furthermorethe pitch dataproducedy
theonsetdetectoris continuous-aluedandnoisy.

This paperfocuseson the transformatiorfrom level 2 to 3
whenthelevel 2 inputis noisy. We do not assumea one-to-



one mappingbetweeneventsat the two levels. Instead,we

allow for the possibility that reportedonsetsare false posi-
tives. The onsetdetectorcanbe tunedto tradeoff the rateof

falsepositiveswith falsenegatives. We usea settingwith a
verylow falsenegativerate,sothatmostof theerrorsin onset
detectionarefalsepositives. We alsodetectthe pitch, allow-

ing thetuningof the performancéo changeovertime. Sowe

needto simultaneously(1) detectfalsepositivesin the sey-

mentation,(2) do tempotracking and rhythm transcription,
and(3) do tuningtrackingandpitch transcription.

We proposea family of graphicalmodelsto accomplish
thesetasks.In themodels the propertiesof soundeventsde-
pendprobabilisticallyon the propertiesof notatedeventsto
which they arerelated. Becauseéheremay be falseonsets,
several soundeventsmay actuallybe relatedto the sameno-
tatedevent. Thesggmentatiordeterminesvhichsoundevents
are groupedtogetherinto a single note event, andtherefore
it determineghe structureof the graphicalmodel. We have
a different graphicalmodel correspondingo eachpossible
segmentation.We useMarkov ChainMonte Carlo(MCMC)
samplingto searchover the differentstructuresandparame-
ters.

We evaluateour modelusinga corpusof monophonicvo-
cal music. Our resultsshow thatin the absenceof perfect
onsetdetectors,reasoningabout segmentationis necessary
for a signal-to-scoresystem.Without suchreasoningthe er-
rorsin the segmentatioraremagni ed in subsequenthythm
transcription. We also shav that the transcriptionbene ts
from musicalknowledge, which is easily incorporatednto
our graphicalmodelasprior distributionsoverthescores.

2 Problem Statement

The input of our systemis a musicsignal,andthe outputis
a musicalscore. The music signalis rst processedising
anonsetdetectorto yield the soundeventobsenations

for the graphicalmodel. Eachsoundobseration  con-
sistsof an obsened duration and a frequeng The
taskis to nd a segmentation anda score . Each
scoreevent  consistsof a notatedduration  anda pitch

. Thesegmentationvariable is the numberof obsenred
eventsrelatedto the th scoreevent. Thusthe sggmentation
determineghe mappingbetweenscoreeventsand obsened
events. is the numberof obsenations( x ed), while is
thenumberof noteevents(dependenbn the segmentation).

The goalis to nd the sggmentation and the score

that maximizethe posteriorprobability of the sggmen-
tationandscoregiventhe obsereddata:

1)

assumingndependencef the prior distributions over score
and segmentation. The graphicalmodel detailedin section
3denes . We have a style speci ¢ score
prior , anda sggmentatiorprior basednthe
onsetdetectors outputs.Theoutputof thesystems thescore
and the mappingof obsenationsto the scoreevents

. We evaluateit usinga metricpresentedn Section5.

For our onsetdetector we use our previously published
hierarchicalmethodthat detectsonsetsin a signal by com-
paringframesoneto anothel{KapanciandPfeffer, 2004. A
comparisonfunction basedon the fundamentafrequencies
andamplitudegeturnsthedissimilarity of two frames.If this
valueis aboveathresholdanonsets declaredvertheregion
delimitedby the two frames. The systembegins by compar
ing adjacenframes andthengraduallyincreaseshedistance
betweenthe comparedrames. By comparingframessome
distanceapart,the detectoris ableto detectsoft onsetsthat
happersmoothlyovertime.

To reducethe numberof missedonsetswe usea low dis-
similarity threshold. Thatway, we getmary extraneouson-
sets (false positives) which needto be eliminatedin later
stagesput missedonsetqfalsenegatives)areinfrequent.in
our experiments 40% of the onsetswere extraneouswhile
only 1.39%of the onsetaveremissed.

Oncethe onsetsare marked, the signalis sggmentedby
cuttingit attheseonsets A continuouitch attributeis com-
putedfor eacheventby the averagefundamentafrequeng.
Thecomparisorvaluefor eachdetectednsetis alsostoredto
be usedin assigninga prior sgmentatiorprobabilityto each
obsenation , asdescribedn thenext section.

3 Model

The likelihood of a sequenceof obsened soundeventsis
given by a family of graphicalmodels. Due to the possi-
bility of falseonsetsthereare mary possiblegroupingsof
soundevents(obsenations)into noteevents. The sggmenta-
tion determinesvhich soundeventsaregroupedogetherand
thereforeit determineghe structureof the graphicalmodel.
For eachsegmentation , the likelihood model de nes
the probability of obsenations given
. Theprobabilisticdependengof sound
eventson the notatedeventsis the samein different struc-
tures. The differenceis in the connectiondbetweenthe two
layersasillustratedin Figuresl and2: theleaf nodescorre-
spondto the obsenations,andthe sggmentationdetermines
the structureof the graphabove them. The mappingbetween
obsenationindexes( s)andnoteeventindexes( s)is given

by , Wwhere .

The tempoandtuning are continuousprocessegshanging
smoothlyover time: we modelboth as rst-order Gaussian
processegEquations2 and5). The tempodetermineshow
notateddurationshecomeobseneddurationsthenotateddu-
ration is multiplied by the tempoto producethe obsened
duration. In addition, we modelthe fact that durationswill
deviatewithoutre ecting achangen tempo.Thisis accom-
plished, rst of all, by includinga Gaussiamoise  in the
modelfor the obsenedduration(Equation4).

We further modelthe fact that asthe temporemainscon-
stant,successie deviationsarelikely to compensatéor each
other sothat a note that soundsfor shorterthanits written
durationwill be followed by a note that soundsfor longer,
andvice versa.This maybetheresultof bothintentionaland
unintentionabeviations.It is commonin variousstylesto in-
tentionallyproducethis effect. For example,in swingrhythm,
giventwo successie eighthnotes the rst is lengthenedind



Figure?2: PitchModel

theseconds shortenedAs anotherexample,double-dotting
is acommoneffectin Baroquemusic. Herea dottednoteis
lengthenedandthe subsequemoteis shortened.This com-
pensatiormodelis alsoa naturalmodelof unintentionalde-
viation. The performeris likely to maintaina constanteat,
sothatthe notesthatsubdvide a beathave a givenamountof
timeto Il. Asaresult,shortemoteswill becompensatetbr
by longernotesto Il up therequiredtime. We capturethis
effectby includinga rst-order stealingprocesgEquation3),
which allows successie durationsto deviate in oppositedi-
rectionswithout affecting the overalltempo. This is accom-
plishedby having a negative valuefor the stealingcoefcient

. Thevalue wasusedin our experiments Giventhe
noteduration s, theobseneddurationsdependinearly on
thetempoandstealingprocessegEquatiord).

For the pitch processthetuningis anadditive offsetthatis
addedo the notatedpitch to producethe obseredfrequeny
(Equation6). In addition,we allow thefrequeng to deviate
independenof thetuning,so Equation6 includesa Gaussian

noiseterm . Thenoisetermsin Equations4 and6 model
obsenationalerrorsaswell aslocal deviations.

Tempo: for (2)
Stealing: for 3)
Duration: (4)

Tuning: for (5)

Frequeng: s.t. (6)

We assumethat is , is ,
is , is , is , is
, is and is , all inde-

pendentof eachother The variancevaluesusedin the ex-
perimentswere: , ,

ana

Note that we don't obsene  directly, but only through
thedurations of theindividual soundevents,where

. Ontheotherhand,the modeldirectly speci es
theobseredfrequeny  of theindividual soundevents.

We de ne the rhythm prior by a Hidden
Markov Model (HMM), learnedofine using rhythm se-
quence®f a corpusof musicin the samestyleasour evalu-
ationdata.For the pitch prior we usean -grammodel(with

=3), which assumeshat eachelementin a sequencenly
depend®nthe previous elementsWe de ne theprior
overintervalsratherthanindividual pitchessincethis allows
for generalizatiorto differentkeys. The probabilitiesin the
modelareestimateddf ine bythe -gramfrequenciesn the
trainingdata.

The sggmentatiorprior indicatesfor eachobsenedsound
event, the probability that thereis truly an onsetimmedi-
ately after the event. To obtainthe sggmentationprior, we
usethe dissimilarity valuesreturnedby the onsetdetector
at eachobsenation. The goal is to individually estimate

onset , the probability that thereis an actual onset
right afterthe th obsenation, givenits dissimilarity  to
the following obsenation. Although not a formal density
estimationmethod, sigmoid tting providesan appropriate
solution [Platt, 1999. This was suggestedo transforma
classi er's outputvaluesinto probabilities. Using a training
corpusfor onsetdetection,we learnedthe following func-
tion: . The shapeof
the function makes sense:as the dissimilarity increasesit
assignsincreasingprobabilitiesin [0,1] to the presenceof
an onset. In orderto avoid probabilitiescloseto 0 and 1,
we useda weightedaverageof and asour prior:

onset .

Onceindividual sggmentatiorpriorsof all obsenationsare
computed,the prior probability of a segmentation is
computedoy multiplying thesetogether:

onset onset

4 Inference

Our goal is to computethe maximum a posteriori (MAP)
segmentation-scoreon gurationasgivenin Equationl. Let

bethe setof possiblenotedurationsand the setof pos-
sible pitches. For a given obsenation sequence , there
are possiblesggmentationand possible
scoredor eachsegmentationwith  noteevents. The expo-
nentialnumberof thepossible pairsmalkesexact
computatiorof the MAP con gurationintractable We there-
fore useMCMC methodd Gilks etal., 1994 to samplefrom
thespaceof possiblepairs.

Our inferenceprocedures similar to the handlingof ref-
erenceuncertaintyin rst-order probabilisticmodels[Pasula
and Russell,2001]. We alternatebetweenMCMC stepsto
changehesgmentationandGibbsstepsto samplethedura-
tion andpitch for a given sggmentation.Whenchangingthe
segmentationyeversiblejump MCMC [Green,1999 is em-
ployedsincethemodeldimensiorchangesvheneerwe split
or meilgeevents.



4.1 Reversible Jump MCMC

MCMC methodsare usedto generatesamplesrom a com-
plex tamet distribution whereanalyticalor numericaltech-
niguesare not applicable.In our case the targetis the pos-
terior distribution of thetranscriptiongiventhe obsenations,
, andwe aretrying to nd themode
of this distribution. Thereare well-known methodsto con-
structaMarkov chainwhosestationarydistributionis guaran-
teedto bethetargetdistribution. In the Metropolis-Hastings
algorithm, the candidatesamplesare generatedrom a pro-
posaldistribution and are acceptedvith probability

This is not applicable

when doesnothave a x eddimensionalitysuchasin
our problem:differentsggmentationsnay correspondo dif-
ferentnumberof notes andthereforenave differentnumbers
of parametersThereversiblejump MCMC methodallowsus
to samplefrom atargetdistribution evenwhenthedimension-
ality of themodelis not x ed. Theacceptancerobability of
moving from onemodelto anothemodelof differentdimen-
sionis givenby:

(7)

where and aremodelindicatorshatdeterminghenum-
berof notes, and aretheparametevectorsof sizes and
respectiely, is theprior probabilityof model ,and
is the probability of moving frommodel to . The
function is a mappingbetweerthe pa-
rameter®f thetwo models.Thismappingmayentailrandom
decisionsto generate¢he parameters of  giventhecur
rentparameters of . Thesedecisionsaredenotedby the
variable Whoseprobab|I|tyd|str|but|0n|s
Slncewe assumehatthe sggmentationyrhythmand p|tch
priors areindependentfor the rst two termsof thefraction
in Equation7 we have:

(8)

Thetermsin theright handsideof Equation8 arerespectiely
given by the sgmentationprior, the rhythm prior, the pitch
prior andthelikelihoodmodel.

During our sampling,we allow two kinds of movesthat
changghemodeldimension:meiging two neighboringnotes
togethey or splitting a single noteinto two. Therhythmand
pitch componentaresampledisingGibbssamplingwithout
a changein model dimension,so we don't discussthe ac-
ceptanceprobability for thosehereandinsteadfocuson the
segmentatiorcomponent of . We have two possiblevalues
for titisequalto spit when andto mege
when . Thetwo functions mege and gpiic de ne
themappingsetweerthemodelsbeforeandafter, wherethe
move is ameigeandasplit respectiely:

mege 9)

split (10)
In Equation10, becausave choosethe splitting point ran-
domly from all possibleboundariebetweertheobsenations

currentlyassignedo anote, is arandomvariablewith uni-
form density spiit —. Sincememingis adetermin-
istic move,we don't have arandomvariablein Equation9 so
wesimplyhave mege . Finally, it's easyto seefrom

Equations9 and10thatboth —=% and —=¢

equalto 1.
Puttingeverythingtogetherwe have thefollowing two ac-
ceptancerobabilitiesfor memgeandsplit moves:

are

split

meige
meige
(11)
memge
split
split

(12)

where s eitherthetotal numberof obsenationsassociated

with the two noteswe are meming, or it is the numberof
obsenationsassociatedavith the notewe aresplitting.

4.2 Generating Samples

Givena sample
atedasfollows:
1. Pickanindex

2. Resamplehe th note,keepingthesegmentatiorandall
othernotesthe same:

, new samplesare gener

Sampleavaluefor from

Let Lltis acceptechutomatlcallyasa
samplesinceit Wasgeneratedby Gibbssampling.

3. Changesegmentationin oneof two ways:
a. With probability mege, memgethe th notewith its suc-
cessor:

Pick avaluefor usingGibbssampling.
b. With probability spiit mege: SPlit the th note
into two at , an integer chosenuniformly at randomfrom

(only possiblef ).

Jointly sample values for and from

4. Let . It is a candidatesamplethat
hasa differentsegmentationthan . The acceptancgroba-
bility of asthe next sampleis given by one of Equations

11and12, decidedby whetherit correspond$o ameigeor a
split move.



In stepl above, althoughwe could pick arandom , pro-
cessinghe eventssequentially ) allows compu-
tationalsavings. We canfactorizethelik elihoodas:

(13)

where denoteghe hiddenvariables , , and . The rst
factoris computedincrementallyas nev samplesare taken
for to . Thesecondactordepend®nly onthefuture
obsenations,andcanbeef ciently computedn adwancefor
all sbyabackward Itering pass.

Given , therelationshipdetweerthe continu-
ousvariablesof our modelarelinear, andtheadditive change
or noisevariablesareall GaussianSo, it is alineardynami-
cal systemwheretheintegrationoverthe hiddenvariableg(in
Equation13) canbe computedanalyticallyusingKalman I-
tering. All the necessaryprobabilitiescanbe representedy
Gaussiarpotentials,over which multiplication, conditioning
andmauiginalizationarethreebasicoperations.

A problemwith this individual samplingof s is that
sometimeghe neighboringnoteswill be suchthatit is very
unlikely to samplea goodvaluefor eitheronewith the cur
rentassignmendf theother To overcomesuchdeadlockswe
randomlysamplesomescorepairs jointly in Step
2. Steps3 and4 arenot performedfor joint samplesldeally,
onewould lik e to sampleall eventsjointly givena seggmenta-
tion, but this would resultin anexponentialsamplingspace.

We de ne an MCMC iteration as one sequencenf sam-
plingsfrom to . After someiterations,we randomly
proposea global samplingstep. We have two global oper
ations: one that shifts all the pitchesin the sampleby
andonethat halvesor doublesall durations.If the resultof
halvingproducesadurationnotin , werandomlyselectthe
closestelemenin . Whenazerodurationis assigned
to anobsenation, it is groupedwith oneof its neighbors.In
the experimentswe used20 chainswith 250 iterationsper
chain. Eachchain startswith an initial samplethat is ob-
tainedby matchingthe obsenationsascloselyaspossible:If
the sgmentatiorprior of an obsenationis lessthan0.5, we
groupit with its successorThe durationsareroundedto the
closestdurationin , andthefrequenciesareroundedto the
closestpitchin . Startingwith this sample asopposedo a
randomone,allows usto getto agoodtranscriptionfaster

5 Experiments

5.1 Training and Evaluation Data

A corpusof monophonicvocal music was usedto evaluate
the systemandits variouscomponentsThe corpusconsisted
of two parts. Onepartcontainedoth scoresandaudiodata,
andwasusedto evaluatethe system.Thetestdatahada to-
tal durationof 60 minutes,composedf 55 audio sgments
containinga total of 3606 notes.All pieceswereby the Re-
naissanceomposelG.P. Palestrina(16th century),andsung
by the samesinger The secondpart of the corpusconsisted
only of scoreswithoutaudiodata.This partwasusedto learn
therhythmandpitch priors. Therewere78 piecesby Palest-
rinain this part,noneof which appearedh the rst part. Two

audiofragmentsvereremovedfrom the rst partfor thepur-
poseof tuningthe eightvarianceparametersf the graphical
modelandthe two sigmoid parameter®f the segmentation
prior. Thesewerenot usedin the evaluation.

5.2 Evaluation Metric

Giventhetruescore
vations
asfollows:
Segmentation: We count the numberof correctonset/no-
onsetdecisionsover the numberof possiblesggmentatiorio-
cations( ).

Musical Score: Sincethe system$ segmentationmight be
differentfrom the referencesegmentation,comparing
directly to is not very meaningful. We insteadevalu-
atethe scoreby looking at the numberof rhythm and pitch
errorsremainingoncethe sggmentatiorerrorsare x ed. For
instancdf ahalf noteis transcribedastwo successie quarter
notesof thesamepitch, we considetthisto beasegmentation
error(extraonset) andnotarhythmtranscriptiorerror. Sim-
ilarly, if two successie quarternotesof the samepitch are
transcribedas a half note, this is only a segmentationerror
(missedonset).If, onthe otherhand,two successie quarter
notesof differentpitchesaretranscribedasa half note,there
is a pitch errorin additionto the sggmentatiorerror. Thisis
becausevenaftercorrectinghemissedonsetby splittingthe
half notein two, ourtranscriptionvould have apitch different
from therealscore.

Returningto the extra onsetcase,if a half noteis tran-
scribedas two separatequarternotesof different pitches,
thenwhenthe sggmentatiorerroris correctedhetwo quarter
notesarereplaceddy a half notewith asinglepitch. We need
to chooseone of the pitchesof the two quarternotesasthe
pitch of the half note. Theremay or may not be a pitch er
ror in additionto theseggmentatiorerror, dependingon which
pitch is chosenfor the half note. We chooseto go with the
pitch whoserelatedobsenationis longerin duration. If this
is equalto therealpitch, thereis no pitch error. This general-
izesnaturallyto caseswvherea singletrue noteis transcribed
asmultiple notes.

For the evaluationof durations,f a noteis transcribedas
multiple notes(extra onsets),we comparethe sumof these
durationgo thereferenceduration.If multiple notesaretran-
scribedasa singlenote(missedonset)we compareghedura-
tion of this noteto thesumof thereferencealurations We can
extendthis ideato evaluatecasef misplacednsetswhere
the computedtranscriptioncontainsan onsetin a different
placefrom the referencedranscription.In boththe reference
andcomputedranscriptionsye only keeptheonsetghatap-
pearin both,andcomputedurationsfor thesenew segments
by summingthe durationsof their constituents. Theseare
thencomparedo evaluatethe rhythmtranscription.

for obser
and

andseggmentation
, we evaluatethe systems result

5.3 Results

We presentheresultsfor the evaluationof our systemin Ta-
bles1 and2. Tablel containgheresultsobtainedby thesam-
pling processdescribedn Sectiond. This procesgyenerates
samplesrom the posteriordistribution of the transcription.



Tablel: Results ]
| | Seg. | Pitch | Dur. ]| Comh || 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: ResultsNon-Reversible)
| | Seg. | Pitch | Dur. | Comh [| 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 interestedn the modeof this distri-
bution, sowe do not really needto ensurethat our sampling
hasthe posteriorasits stationarydistribution. We couldem-
ploy ary searchprocessover the spaceof transcriptionsand
outputtheonewith the highestposterior Sincewe know that
our inputis overseggmenteda simplemodi cation is to bias
our samplertowardsmeiging segments. We implementthis
by removing the factorsfrom Equationsll1 and
12. Otherapproachesuchassimulatedannealingcanalso
be usedto generatesamplesoncentrated@roundthe modes.
However, we were able to obtain slightly higher posteriors
with the samenumberof iterationsusingthis simplermodi-
cation. The resultsusingthe modi cation are presentedn
Table2, andwe usethattableto discussour results.It is im-
portantto keepin mind thatboth Tablesl and2 usesamples
to approximatehe MAP transcription It is likely thatthe ex-
act MAP con gurationswould have higher posteriors with
possiblyhigheror lower evaluationscores. However, given
the high numberof iterations the valuesarestill representa-
tive of the performancef their respectie models.

In both Tables1 and2, the rst threecolumnscontainthe
succesgatesfor the seggmentation,pitch transcriptionand
rhythm quantizationusingthe metricde nedin Section5.2.
Thenext columncontainghe harmonicmeart of thesethree
asacombinedmetric. Thelastcolumngivestheaveragdime
periteration(in msecs¥or a 24.92secondsnput signal. The
rst row (All) refersto the systemwith all of the priors de-
scribedin Section3. The next threerows shav the results
wheneitherprior is removed: rhythm (All-R), pitch (All-P),
or sggmentationAll-SG). We thenpresentesultswherewe
don't includethe stealingprocesggivenin Equation3 (All-

1 is similarto F-measurdor 3 numbers.

ST), andwherewe don't allow joint sampling(All-J). The
next row containsthe resultswhen noneof these ve com-
ponentsis used(None). The nal two rows (All-RG and
None-RG)shav theresultswhenwe don't allow regrouping
of obsenations,so that every obsenationis a separateseg-
ment. This is whatwe would getif we did not reasorabout
seggmentationandinsteadassumedhatthe onsetdetectoris
perfect. Notice that thesetwo rows arethe samein the two
tablessincethe sggmentatioris x ed.

The mostinstructve comparisoris betweenAll and All-
RG.We seethatnotonly doesAll-RG do signi cantly worse
on sggmentationwhich is expected,its scorefor durationis
alsomuchlower. It seemdo bethecasehaterrorsin segmen-
tation spill over, causingsigni cant errorsin rhythmaswell.
Surprisingly however, All-RG doesa little betteron pitch
transcription.This maybebecausdt is not subjectto missed
onseterrors,which aswe sav earlieralwaysresultsin a pitch
error whentwo notesof differentpitchesare transcribedas
a singlenote. Comparisorof NoneandNone-RGis similar.
Again,thesystemhatallowsregroupinggreatlyoutperforms
the onethat doesnot on sggmentationand rhythm, but does
slightly worseon pitch.

Now we considerthe effect of individual componentf
themodel. We seethatthe rhythmprior greatlyimprovesthe
performanceon duration,while slightly hurtingthe segmen-
tation and pitch scores. It could be that without a rhythm
prior, the sggmentationprior and obsened pitcheshave a
greatereffect onthe sggmentationandthe pitchescanmatch
the obsenationsmore closely Overall, however, the small
negative effect on pitch and sggmentationis well compen-
satedfor by theimprovementn duration.The pitch prior has
only avery small effect. It leadsto a slight improvementin
pitch,andaslightdegradingof the sggmentatiorandduration
scores.The sgmentatiorprior andjoint samplingleadto an
improvementin all threescores.The stealingprocessaslit-
tle effect, increasingthe pitch scoreandslightly decreasing
the othertwo scores.It might be moreusefulin otherstyles
of music.

In Figure 3, we shaw the transcriptionresultsfor a short
audiosggment. The truetranscriptionis given rst, followed
by thetranscriptionseturnedby eachof thesystemsn Table
2. Theerrorsareindicatedby the arrows above them. The
completesystem(All) is ableto transcribethe piecewith no
mistales. We seethatby remaoving the rhythmprior (All-R),
we getmary stylistic errors:thenotateddurationsof the rst,
forth and fth errorsare very unlikely, andthey inducean
unlikely rhythmic pattern.Remaving the segmentatiorprior
(All-SG) resultsin sggmentationerrors,which are often ac-
companiedy pitch and/orrhythm mistales. We seethis in
the seconderror, wherethe pitch hasbeentranscribedncor-
rectly oncethe noteis split into two. The stealingprior pro-
vides e xibility to transcribdocal expressve or motordevia-
tionscorrectly Withoutit (All-ST), weareunableto correctly
transcribehe rst noteatthebeginningof thefourthmeasure:
its elongategerformanceequiresatoolargedeviationin the
globaltempoto be transcribedcorrectly In the bottomtwo
rows of Figure3, we clearly seethatthetwo systemswithout
reasoningaboutthe sggmentationhave mary mistakes, and
the quality of transcriptionis really poor, especiallyfor the
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Figure3: Transcriptionexample

lastrow. Evenin the All-RG systemthat includesrhythm
and pitch priors, we can seethat sggmentationerrorsresult
in mary additionalpitch and rhythm errors. So, we clearly
seethe bene ts of reasoningaboutthe segmentationin this
example.

6 RelatedWork

Transcriptiorof musicsignalsto scoreds adif cult problem.
Most relatedwork consistsof addressingubproblemsuch
as pitch tracking, onsetdetection,beattracking, level 1-to-
2 (audioto MIDI or piano-roll), andlevel 2-to-3 (MIDI to
score).

Thereare a numberof relatedworks on the level 1-to-2
problem. Most systemstransformthe signal into a time-
frequeng representationfollowed by heuristic methodsto
segmentthe signal and label segmentswith pitch or chord
names(see[Klapuri, 2004 for a moredetailedliteraturere-

view). Sterian(1999)proposeseuristicsto pick peaksfrom
the time-frequenyg image. He thenusesa Kalman lter to
extractpartialtracksandsearchesver hypothese$or theas-
sociationof thetracksto notes.Marolt (2004)presents con-
nectionistapproach:oscillator networks for partial tracking
and neuralnetworks for note recognition. Raphael(2002a)
computesa set of featuresfrom eachframe of the time-
frequengy image, and takes theseas obsenationsfrom an
HMM. Cemgiletal. (2004)proposeagraphicamodelwhose
obsenationis directly thetime domainsignal.

Beattrackingis anotherproblemrelatedto rhythm tran-
scription. Dixon (2001)proposes rule-basedsystento es-
timate beatsfrom a sequencef onsettimes. Goto and Mu-
raoka(1998)take anaudiosignalasinputanduseDSPmeth-
odsto constructandselectfrom multiple beathypotheseswe
considebeatdo lie somavherebetweerevels2 and3: given
perfectonsetiimes,thebeatscouldbe usedto assigndiscrete



durationsto obsenred events. However, onsetdetectionac-
curag is not crucialfor beattrackers. On the contrary poor
onsetdetectionseemsto help beattrackingby Itering out
lesssalientonsets.Thisis clearlyundesirabldor a transcrip-
tion system.

Therehave beensystemsmploying graphicalmodelsfor
level 2-to-3 problem:Givenalist of onsettimes,Cemgiland
Kappen(2003) use MCMC methodsto samplemostlikely
note durations. Raphael(2002b) proposesan exact method
for the joint estimateof the tempoand note durations. He
introducesa “thinning” operationthat removesa valuefrom
consideratiorfor a discretevariable,if thatvariableis guar
anteechotto have thatvaluein the MAP con guration. This
seemdo keepthe searchspacefrom growing exponentially
However, both of thesesystemsassumehat their list of on-
settimesis accuratesothey have a one-to-onanappingbe-
tweenobsenationsandscoreevents.In our casethenumber
of mappingsaloneis exponentialwhichis why we choseap-
proximatemethods.

We believe that exploiting the advancesin DSPto getto
level 2 (evena noisy one),andthenusinggraphicalmodels
for level 2-to-3is appropriateLevel 2 datais muchmorein-
strumenindependentandit is muchshorter However, with-
outperfectonsetdetectorsn sight,level 2 datawill inevitably
have errors,andour experimenthave shavn thattheseerrors
aremagni edin thesubsequerdnalysigo getto level 3. The
mostimportantcontrikution of our systemis its ability to ac-
ceptandreasoraboutnoisy input. To the bestof our knowl-
edge,t isthe rst musictranscriptiorsystento gofrom level
1to level 3 withoutassuminga perfectlevel 2.

7 Discussionand Conclusion

We have presented transcriptionsystemthat takesa music
signalasinput andreturnsits musicalscore.We usea noisy
onsetdetectorasour front-end,which computegheinput to
a family of graphicalmodels. Eachregroupingof this input
correspondso a speci ¢ modelfrom this family. Our infer-
enceprocedurgointly searchesver modelsandscoreshat
may have producedthe obsened soundevents. Our results
shaw thatthis is a very well-suitedapproactto the problem
of musictranscription.

The constrainton our onsetdetectionnoiseis thatwe can
have extraonsetdut notmary missednsetssincethesewill
bere ected asmergednotesin the nal score.Thisis area-
sonablerequirementas most detectorscan be tunedto re-
ducemissedonsetat the costof increasedxtra onsets.We
canthereforeusea variety of onsetdetectorsas our front-
end.Also, in theorywe couldapply our systenmto individual
framesalthoughtheinferencewould take muchlonger

In our models,the pitch and rhythm variablesare condi-
tionally independengiventhe segmentation.This keepsthe
samplingoverthetwo spaceseparateA moresophisticated
modelcouldcombinetherhythmandpitch processeaswell
as the priors. Also, the rhythm and pitch priors we learn
arestyle-speci cdueto thehomogeneityf thetrainingdata.
This makessenseasatrainedmusicianwould transcribethe
sameaudiosignaldifferentlyunderdifferentstylisticassump-
tions. Ultimately, we would like to have rhythm priors for

various stylesand make the choice of style a variablethat
needgo beoptimizedaswell.
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