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Abstract— This paper descibes a Hidden Markov Model
(HMM )-basedmethod of automatic transcription of MIDI (Musi-
cal Instrument Digital Interface) signalsof performed music. The
problem s formulated as recogiiti on of a given sequece of fluc-
tuating note durations to find the most likely intended note se-
quenceutili zing the modem continuous speeb recogition tech-
nique. Combining a stochastic model of deviating note dura-
tions and a stochastic grammar represnting possibleseqences
of notes, the maximum likelihood estimate of the note sequere
is seachedin terms of Viterbi algorithm. The sameprinciple is
succesfully applied to a joint problemof bar line allocation, time
measuke recanition, and tempo estimation. Finally, durations of
conseative n notesare combinedto form a “rh ythm vedor” rep-
resentingtempo-free relative durations of the notesand treated
in the sameframework. Significantimpr ovementscomparedwith
cornventional “quantization” techniquesare shown.

|. INTRODUCTION

Automatic transcriptbn of music performedon MIDI mu-
sic instrumentsaswide applicabilty includingscoreprinting,
automaticplaying of music pieces,aids for music composi-
tion andarrangementandeducationapurposesThe probkem,
however, is not simple even thowh the pitch of eachnoteis
known in theMIDI format;musichotedurationgn humanper
formancefluctuateandintendedtime valuesare not easilyre-
trievedfrom the obseration

Thecorventionalway of treatingthis problemis quantization
of obsered noteduratbns, musicbeingplayedsynchronously
with metronomeat a specifiedtempo[1]. It basicallyfits frac-
tional notedurationgo the specifiedtime resoluton. This sim-
ple methodis not applicableto music performanceswithout
metronomendchangingempo.Transcribedcorefar fromthe
intendedscoreis often (almosteverytime) experiencedamong
the users. Becauseof low performanceof this method,nev
guantizatiormodelshave beeninvestigated?2].

Ontheotherhand,trainedhumanscaneasilytranscribeper
formed (relatively simple) music even whenthe temposlowly
changes. This probem, thus, is consideredto essentially
involve rhythm patternrecognition utilizing top-davn infor-
mation, while the above previous works took botom-up ap-
proaches.

From this pointof view, we previously introducedstachastic
modelingbasednHiddenMarkov Model (HMM) for recogni-
tion of the rhythm patternfrom given performedmusic[3] [4]
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Fig. 1. Distribution of performechotedurations.

sincetherhythmrecognitionproblemis analogougo continu-
ous speechrecogniton and Hidden Markov Model(HMM)[5]
fits both problems. This framevork was extendedto tran-
scribemusicfrom performancewith changingtempo(without
metronome) tempo estimation,bar line allocation, and time
measurerecogniton all at the sametime. Our approachfirst
publishedn Japaneséeforethis Englishpublicatian, hasbeen
alreadyappliedto onsettime quantizatiorin jam sessions|[6].
We alsodiscuss‘rhythm vector”, a tempo-freerhythm ob-
senationfeature,in combinatiorwith HMM to enablerhythm
recognitionof performancavithout estimatinghe tempo.

Il. STOCHASTIC MODELING

A. Modelof fluctuatng notedurations

The durationof musicnotesplayedby humandeviatesfrom
theideallengthnotatedn the scoreevenwhenthe metronome
signalis heard.Hereinafterwe call “length” for theideal(nom-
inal, intendedtime value)duratian of a noteand“duration” for
its obsened (performed)duration.Fig. 1 shovs thedistribution
of durations of eighthnotes,quarternotes,anddottedquarter
notesin music piecesperformedon a MIDI keyboardby 50
playerswith a specifiedkempo(96 by metronomei.e., onebeat
= 480ticks). The notedurationis definedasthe IOl (inter-
onset-timdantenal).

This figure implies that the fluctuationcan be modeledby
a Gaussiardistiibution aroundthe ideal length. Whenthein-
tentionis identifiedby ¢ (equivalentto the statenumberin the
next subsectionpat time ¢, the performedduration z, is mod-
eled by a probabiity density function (pdf), b;(z;). When
the sequenceof intentons is identified by a time sequence
Q = {q1,92,---,qn}, the probabiity of observingthe en-
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tire sequenceX = {1, 2, -,z N} is givenby: P(X|Q) =

H by, (x¢).

B. Modelof possiblenotesequence

Whenamusicis performedmanoftencangive areasonable
interpretatio for the heardsequencef notedurationsand,as
the result,canrecognizethe intendedrhythm pattern. The in-
ferenceis basedon his/herknowledgeaboutpossiblerhythm
patternsacquiredthroudh musicexperiences.This knowledge
canbecomparedo astochastitanguagenodelin moderncon-
tinuousspeectrecognitiontechnology

This aspectis modeledas stochastiggeneratiorof intended
note lengthsequencesvhich underliesgenerallyin musicde-
pendingon genres,styles,and composers.We usetwo types
of rhythm patterngenerationmodelsto characterizepossible
rhythmsasfollows:

Note n-gram Model: Note lengthis predictedfrom pre-
ceding(n — 1) notesin the probabilstical sense. This model
covers ary rhythm patternsand can give a certainprobabilty
while grammaticatonstrainis ratherweakfor smalln.

Rhythm Vocatulary Model:  The “rhythm vocalulary”
consistof all known rhythmpatterngor a unit time (typ., one
measure). This modelwell represent&nown rhythm patterns
while unknovn patternsaresubstitueéd by similar existing pat-
terns.

As shawn in Fig. 2, bothmodelsare representedby proba-
bilistic statetransiton netwoks whereeachstateis associated
with anintendednotelengths.Labelingall distinct stateswith
integralnumbers], 2, - - -, S, probabiity a ;; of transiton from
statei to j characterizegrammaticakonstraints.

The probabiity that statenumberchangesalonga time se-

quence® = {qi1,q2,---,qn} (¢ integer)is thusgiven by
N
P(Q) = 74, | [ @4,-rq, Wherer; denotestheinitial probabil-

ity of startirgtthéstatetransitbn with statei.

We trained model parametersA = {a;;} of both rhythm
grammarmodelsthrough statistcal estimation. The n-gram
modelwas trainedusingapproximately50000notesin MIDI
dataof classicalandjazz musicandsmoothedy linearcombi-
nationof probabiities from 1-gram (unigram) through(n—1)-
gram. Therhythmvocahulary modelconsistedf 267 one-bar
long rhythm patternsobtainedfrom 88 musicpiecesincludng
children’s songsandfolk songs. Connectiorprobabilties be-
tweenvocahulary wordswere also obtainedfrom the number
of occurrencesn thedata.

Fig. 3. A typicalexampe of automatidranscriptiorresults.A: Testingphrase
from Brahms'Symphow No. 1, B: Scoreobtainedby XGworks(quarization),
C: Scoreobtainedby n-gramHMM.

C. Modelintegration by HMM

The modelsof fluctuatingdurationsand possiblenote se-
guenceganbecombinedn theHiddenMarkov Model (HMM)
framework with transition probabilties, A = {a;;}, andob-
senation probabilties, B = {b;(z:)}. In a simplebigram(2-
gram)model,g; directlycorrespondso thekind of distinctnote
length. The probabilty of observinga durationsequenceX is
givenby P(X[Q)P(Q).

I1l. RHYTHM RECOGNITION

A. Inverseproblem

Our problemis to find the time sequencef statenumbers
in the statetransiton netwok, @, thatgivesthe maximuma
posterioriprobabilty, P(Q|X), given a sequencef obsered
durations,X. Accordingto the Bayestheorem: P(Q|X) =
PX1Q)P(Q)

P(X)
Q = argmax P(X|Q)P(Q) amongall possibleQ)s. Sincethe
Q

, maximizing P(Q|X) is equialentto finding

integratedmodelis representedby an HMM, the optimal se-
guenceof statesis efficiently found throughthe well-knowvn
Viterbi algorthmfor searchinghebestpathin theprobabiistic
transition network.The sequencef intendecdhotess estimated
in themaximumlikelihoodsenseasthesequencef notesasso-
ciatedto the statesalongthe bestpath. This processds referred
to rhythm recognition of performedmusic.

B. Rhythnrecogrition performance

A typical resultof HMM-basedrhythm recogniton is shavn
in Fig. 3 and comparedwith that of quantkation by “XG-
works” from YAMAHA Corp. when playedin a specified
tempo. While simple quantizatio of XGworks insertednu-
merouswrongrestsandties,HMM almostcorrectlyestimated
musicalrhythmsincluding triplets. Table| shows the recog-
nition ratesof correctnotelengths,countng all substittions,
insertionsand deletiors as errors. “Pause-nglected” recogni-
tion scoregnean compensatedcoresgnoring deceptve pauses
causel by repeatingiotes,staccatosetc.

C. Constantempoestimation

Unknawn constantempois estimatedn thesameframewnork
asstatedabove. Multiple rhythm-dependertiMMs eachrep-
resentinga differenttempoare run to find the maximumlike-
lihood tempoamongtempo-dependemhodels. In our experi-
ments,6 parallelmodelswereusedto representogaritimically
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equally spacedtemposbetween60 and 120 beatsper minute
(i.e., 67,76, 85, 95, 107 and 120 beats/min.) and simultane-
ouslyrecognizedherhythm Q andtempoT, i.e., maximizing
P(X|Q,T)P(Q|T)P(T) in respectto @ andT for the given

X. Tablell shows afew examplesof tempoestimationof per

formancedy 10 playerswho playeda pieceshavn in Fig. 7.

D. Fluctuaing tempoestimaion

Thesameframevork with slightly modifiedmodelscanhan-
dle fluctuatingtempos.As shovnin Fig. 7, modelsof different
temposarelooselycoupledwith appropriatgprobabiities. The
maximumlikelihoodpathfoundthroughthe Viterbi searchin-
dicatetherecognizedhythm andinstantaneoutempos.

Oneextremeexampleis shavn in Fig. 7 wherethe fluctuat-
ing tempois successfullydetectedangingfrom 40to 120beats
per minue. At the circled notesin the figure wherethe true
tempois slower than67, the true tempois equivalently trans-
latedto thedoubledtempowith halvednotelengthsto find best
matchedmodel within preparedtemposbetween67 and 120
beats/min.

E. Measue estimatim

Estimationof measureandlocationof barlinesarealsopos-
sibleby usingtheHMM in asimilarway. As depictedn Fig. 5,

Fig. 8. An exampe of misrecogized measure A: True score,B: Misrecog
nizedbut ratherreasonale result.

one of multiple modelsrepresentinglifferentmeasures(e.g.,
3/4 and 4/4) is found to yield higher likelihoodfor the given

rhythmpattern.Eachof thesemeasiremodelshasbeentrained
with musicdataof the samemeasure.

Bar locationis also estimatedsimultaneouslyin the same
framavork. As shawn in Fig. 6, a specialrhythm vocahu-
lary modelcontainhg the startingrhythmsandup-beapatterns
in the first bar precedeghe generalrhythmvocatulary model
consistingof general-beat-longhythmpatternsaandbarlines
usedasaneternaloop. TheViterbialgorithm findsthe optimal
rhythmestimationwith optimalbarlocatiors.

In experimentakvaluationof thesemodels, 10 outof 10test-
ing musictunesof 4/4 measureand8 out of 10 testingtunesof
3/4 measurewere correctly recognized. Fig. 8(b) shows one
of 2 misrecognizedesultswhichlooksratherreasonablén the
rhythm patternsense.Correctrecogniton of this examplere-
quireshigherknowledgesuchas: 3-barphraseis rarein simple
tunes.

IV. RHYTHM VECTOR APPROACH

A. Rhythmvector

We have discusse@bsolutenoteduratio z; asthe obsered
featurein the HMM-basedmodeling. The useof relative dura-
tionsof consecutie notesis discussedn this section.

Rhythm is primarily perceved asthe relative lengthof con-
secutve notes. To define a tempo-freefeaturey, insteadof
x¢, 3 consecutie notesdurations are coupledto form a 3-
dimensionalvector (z; 1,24, 2¢11)7 and normalizedso that
the sumof componentss unity. By normalizatim, thistempo-
free 3-dimensioal “rhythm vector” y; = (yi—1,ye, yer1)” is
mappednsidea triangulardomainon a 2-dimensioal plane.

Rhythmvectoris consideredo presere tempo-freehythmic
intensionin performance.Fig. 9(a) shavs the plots of rhythm
vectorscalculatedrom the scoreshavn asFig. 9(c) andcom-
paredwith Fig. 9(b) obsered in humanperformancesf the
samescore.
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Rhythmvectorsplotted on a two-dimensioal plane. A: Thoretical

B. HMM-basedrhythmrecogrition

Replacingthe obsered absoluteduratio (10l) of ead note
by “rhythm vector” in the HMM-basedframework, tempo-free
automatictranscripton of MIDI datacan be realizedwithout
preparingmultiple HMMs for covering varioustempos.A re-
latedideawassuggestedn musicpatternrecognitionpurpose
usingtheratio of consecutie notedurationgo defineatempo-
invariantencoding[7].Hiddenstatescorrespondo the distinct
pointsin Fig. 9(a) andintegersare assignedo themto repre-
sentthe statenumber The obsened vectordistrituting around
the ideal position is modeledby a 3-dimensionabdf, b;(y:),
i denotig the statenumber The transitbn probability, a5,
from statei to statej is the probabiity of occurringof 4 con-
secutve notes,z; o, T 1, T, Trr1, 2 Of Which in the middle
are sharedby the both states. Thesemodelparameterganbe
trainedthrowgh the similar procedureas alreadystatedfor the
1-dimenstionabbsenrationcase.

This methodcan be further improved by incorpoating the
absolutenoteduratins. Sincethe rhythm vectoris free from
the absolué lengthof notes,the tempois not uniquely deter
mined. For example,whena rhythm vectoris recognizedas
1: 2 : 2, therearemultiple possiblenotedescriptims suchas
“Q HH" and“E Q Q" (H=half note,Q=quartemote,E=eighth
note). Anotherprobkemis thatone misrecognizedhythm vec-
tor may halve or doubleall following note lengthsin decod-
ing from the recognizedrhythm vector sequenceo the note
description. Theseprobkem is avoided by giving prior infor-
mation of intendedapproximatetempoor by including abso-
lute notelengthin thefeaturevectorfor the HMM (i.e. hidden
statescorrespondsotesfor descriptiof). An alterntive soluion
to theseproblemss to selecta pathamongN -bestHMM trace-
back hypotreseswith nearconstantempo. This canbe easily
realizedby calculatingthe instantaneousempoby the ratio of

theobsered Ol andthedecodecdhote.

V. DISCUSSION

Multi-vo ice musictranscription: Thoughthis paperhasfo-
cusedon transcriptia of single-wice musicperformedwith a
MIDI instrumentmulti-voice musiccanbehandledn thesame
framavork. A chordcanbeidentifiedasmultiple notesstarted
at the almostsametiming (within a shorttime span)andover-
lappedin duratis. As for multi-voice musicsuchascounter
point (fugues,cannonsgetc.) can be also modeledby replac-
ing the IOl alongonevoice by inter-onsetinterval betweenrall
voices. Suchkind of “inter-voice rhythm” vocahulary can be
acquiredfrom a large amountof music datafor training. Af-
ter obtaininga single-wice transcripion, it can be converted
into a multi-voice musicscoretakinginto accountheobsered
durationof eachnote.

Stylesand genres: Olviousl, the presentapproachrelies
onstatisticakcharacteristicef musicbothin rhythmvocatulary
andn-gramapproachesThis meansmusicstyles,genresand
composersanbereflectedin thesestochastienodelsto obtain
betterrecognitionabilities.

Weight adjustment: It shouldbe notedthat note duration
modelingand rhythm vocahulary or n-gram modelingcan be
weighteddependingon the purpose.If it is known beforehand
thatthe playeris not skillful in keepingthe tempoandplaysa
relatively simple music,we canemphasizehe rhythmvocab-
ulary or n-gramconstrainty giving a larger weightto a ;; in
logaritimic likelihoodcalculation.

VI. CONCLUSION

We have discussedautomaticrhythm recognition of MIDI
signalsof performedmusic throughstochastianodelingnote
durationsusingHMM, the maintechniquefor modernspeet
recognition This can successfullyestimatethe sequenceof
intendednote values(lengths),tempo (whetherfixed and un-
known or fluctuating),the time measureandthe bar locatiors
all in the samemodelingframevork. Rhythm vectorhasbeen
alsointroducedto enabletempo-freemusictranscripton. Fu-
tureworks will include overall multi-stageintegration of multi-
voice transcripton from MIDI signalscovering tempo, time
measure and bar location estimation,and integratian with a
multi-pitch detectiortechniqudor musictranscriptio from the
sound.
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