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ABSTRACT

It is useful for music perceptionand automatedaccom-
panimentsystemsto perceive a musicstreamasa series
of barscontainingbeats. We presenta proof-of-concept
implementationof a Variational Bayesian(VB) system
for simultaneousbeattrackingandrhythmpatternrecog-
nition in the domainof semi-improvisedmusic. This is
musicwhich consistsmostly of known bar-long rhythm
patternsin an improvisedorder, andwith occasionalun-
known patterns. We assumethat a lower-level compo-
nentis availableto detectandclassifyonsets.Thesystem
usesBayesiannetwork fragmentsrepresentingindividual
barsand infers beatpositionswithin them. Model pos-
teriorsprovideprincipledmodelcompetition,andthesys-
temmaybeseenproviding aBayesianrationalefor agent-
basedandblackboardsystems.Thepsychologicalnotion
of priming is usedto instantiatenew candidatemodels.

1. INTRODUCTION

Perceptionof beatsandbarsis dif�cult becausethereis
scopefor muchambiguity. Fig. 1(a)showsanexampleof
between-barambiguity: a listenerfamiliar with military
bandswouldprobablychunkthis into `marching'barsbe-
ginning at the pointsmarked `*', but a listenermoreac-
customedto electronicdancemusic might chunk it into
classic`two-step' drum'n'bassbarsbeginning at the `y'
points.Within-bar ambiguityis illustratedin thetwo bars
of �g. 1(b): heretherows representdifferentonsettypes;
the�rst baris astandard4/4patternwith thesnareonbeat
3. Thesecondbaris similar but thesnarehit occurslater.
This could be interpretedin at leastthreeways: (1) the
patterncouldbe thesamestandard4/4 asin barone,but
with anonset-detectionerrorgiving riseto thesnarebeing
perceivedaslate;(2) thepatternmaybethesamestandard
4/4but theplayermadea (possiblydeliberate)mistake of
playingthesnarelate;(3) it maybeanew patternwith the
snareon beat3:5. The differencebetween(2) and(3) is
subtleandeven debatable:if the playermakesthe same
`error' of (2) severaltimesthenwe begin to perceive it as
a new patternasin (3).

Both typesof ambiguityareusuallyresolvedby prior
information.Thegenreof theperformancefavourscertain
patterns:acompositionis unlikely to switchfrom military
marchto drum'n'bassin consecutive bars. We expect–
verystrongly– thateachnew patternwill begin atexactly

Figure1. (a)Between-barand(b) within-barambiguity.

thetimethatthepreviouspatternends,and– lessstrongly
– thatit will havea similar tempo.

WeformalizetheseideasusingBayesiannetworkmod-
elsof single-barrhythmsto inferwithin-barbeatpositions,
togetherwith a blackboardframework to selectbetween
thesemodels.Therequirednetworksarehighly loopy so
exact inferenceis intractable.We have selectedtheVari-
ational Bayesinferenceapproximationbecauseit seeks
anestimateof thejoint ratherthanthemarginals,andwe
aremoreinterestedin coherentexplanationsof wholebars
thanof individualnotes.VB is fastenoughto run in real-
time, unlike samplingmethodswhich may be very time
consuming. VB runs iteratively, so may be terminated
early to readoff a “best decisionso far” which is use-
ful in the real-timesetting. Finally, we needto compare
rival explanationsof barsandVB canprovideacomputa-
tionally cheaplowerboundon themodellikelihoodusing
byproductsof its parametercomputations.

VB is now a standardmachinelearningtechniqueand
wepresentits applicationto anovel musicaltask.We im-
plementthemessagepassingVB computationschemeof
[5] andextendit by introducingannealingandundirected
sibling rivalry links. We introducetheproblemof assign-
ing datapointsto wholemodels,andheuristicsof priming
andpruningfor dealingwith this.

Real-timemusicperceptionsystemsgenerallyuseone
of two architectures.Dynamicstatemodels(e.g. [2] and
theHiddenMarkov Model componentof [3]) updatethe
stateof the music at eachpoint in time (typically each
frameof audio).In contrast,position-in-timemodels(e.g.
[1] andtheBayesianNetwork componentof [3]) maintain
beliefsaboutthepositionsof asetof musicalevents–such
asnoteonsetor beattimes.Ourapproachis aposition-in-
time method,but unlike theseprevious systemsit deals
with semi-improvisedmusic: ratherthanrequirethe per-



formanceto bealignedwith a �x edscore,weconsiderse-
quencesof known (andoccasionallyunknown) drumpat-
ternsplayedin animprovisedsequence.Within eachpat-
tern,notesmayalsobeomittedfrom or insertedinto the
standardpattern.In particularthis meansthatunlike pre-
vious systems,we cannotassumea given mappingfrom
input notesto modelnotes.We considermultiple rhythm
modelsashypothesesto explain thedata:whenthemod-
els are viewed as `agents' this is a similar approachto
non-probabilisticagent-basedmethodssuchas Goto [6]
andReis[8]. However our modelshave rigourousprob-
abilistic semantics,for their internalparameters– in the
mannerof Raphael[3] andCemgil[1] – but alsofor their
modelposteriors.It is thelatter thatprovidesa rigourous
probabilisticbasisfor agentcompetition.

We assumethat somelower-level systemis available
(e.g. [4]) which reportsincoming onsetswith a belief
over their time of occurrenceanda discreteclassi�cation
betweenbass,snareandhihat type hits. Thesecould be
extractedfrom drumaudioor from otherrhythmicinstru-
mentssuchasguitarchordstrums.

2. VARIATIONAL INFERENCE

Onceloopsarepresentin a Bayesiannetwork, exact in-
ferenceof thedata-conditionedjoint P(x1; :::; xN jd) and
its Maximum A Posteriori (MAP) solution becomein-
tractableandapproximationsmustbe used. The VB ap-
proximationassumesa mean-�eldfactorization:

P(x1; :::; xN jd) � Q(x1; :::; xN ) =
NY

i

Qi (x i )

wherethenodedistributionsQi (x i ) areof thesameform
asthetransitionprobabilitiesP(x i jpar(x i )) andpar(x i )
arethe parentsof x i . VB seeksparametersof the Qi so
asto minimize the KL divergenceK L [QjjP ]. It canbe
shown (e.g. [5]) that this may be accomplishedby itera-
tively updatingindividualnodesdistributionswith theVB
updaterule

Qi (x i )  hlogP(x i jmb(x i )) i Q(mb(x i )

wheremb denotestheMarkov Blanketof thenode.When
nodesareconjugateexponentialtheexpectationhasanan-
alytic solutionandtheupdateis computationallysimple.
Furthermore[5], the model log likelihood, logP(djM ),
hasa tractablelowerbound:

NX

i =1

[hlogP(x i jpar(x i )) i Q � hlogQi (x i )i Q ] :

3. SINGLE MODELS

We modelthewholeperformanceasa seriesof Bayesian
networks,stitchedtogether. Eachnetworkmodelsaknown
single-barrhythmicpattern.At eachbar, wecomparesev-
eralmodelsto �nd thebest�tting one,andtheMAP val-
uesof its parameters.Theseparametersmaythenbeused

PSfragreplacements

� � 1

n2

c2=hh
switcher

x2


 D
2


 s

c1=hh

n1

� s


 s
 s

c=hh
c=hh

c=hh

c=hhc=hh

beats

model

switchboard

priors

classparams

data


 D
1

x1


 P;;

Dir c switcherswitcher 
 P;c

� ;

mx

mxmx

priming

� s � s

s

ss


 � � 1� � � 1

g

gg

�

� �

c1=hh

c1=hh

c2=hh

c2=hh

b1 b2 b3 b4 b5

Figure2. Schematicof asingle-barBayesiannetwork.

to extractthemodel'sestimateof thepast,presentandfu-
turebeatlocationsasrequired.(We leave asidetheques-
tion of how andwhento instantiatemodels,but will return
to it in section4.)

Fig. 2 showsamodelfor averysimplerhythmconsist-
ing of just two hihat (hh) notes. Fixed nodesareshown
as squaresandhiddennodesare circles. The diamond-
shapedmultiplexernodeswill bediscussedlater: for now,
wemayassumethey simplyforwardincomingandoutgo-
ing messagesunchanged.

The goal is to infer the beatpositionsf bi g5
i =1 , along

with the start time s and tempo � . To utilize the ef�-
ciency of conjugate-exponentialmodels,weworkwith the
inversetempo,� � 1 insteadof � . Boths and� � 1 aremod-
eledasGaussians,with �x edmeanandprecisionpriors.

Thebeatpositionsaremodeledaslinearcombinations,
bi = s + i� � 1, and note positionsare modeledas the
weightedlinear combinationof their two nearestbeats,
nj = bi ( j ) + wj (bi ( j )+1 � bi ( j ) ) wherei (j ) is now afunc-
tionspecifyingthelatestbeatnumberi beforethej th note,
andwj is a rationalweightwith 0 < wj < 1.

Incomingobservationsareshown in thelowestlayerof
�g. 2 . We assumethatanexternalsystemreportsonset
times xk with associated(D)etectionprecisions
 D

k and
discreteclassesck (with valuesfor bass,snareandhihat).
The precisionsrepresentpossibleerrorsin the detection
process,not in any high-level sourcesof notedeviations
suchaschangesin tempoor performancetiming errors.
Oncereported,xk , 
 D

k andck aremodeledas�x ed.Note
that a morefully Bayesiansystemwould modelthemas
randomvariables,allowing prior informationfrom other
partsof themusicmodelto modify theonsetdetector'sbe-
liefs. In particular, priorsfrom rival rhythmmodelscould
affecttheobservations,i.e. rivalmodelsparameterswould



becomedependenton eachother. This would greatlyin-
creasethecomplexity of inferenceandit doesnot appear
to give any practicaladvantagesover independentmod-
els,asour taskis ultimatelyto selectonewinning model.
Forwarding messagesto rival modelswithout the usual
co-parentdependency is performedby the specialmulti-
plexernodesin theobservationlayer.

3.1. Switchboard

We want to infer the positionsof notesand beatsfrom
thesetof observations. If eachobservednotexk arrived
taggedwith a marker sayingwhich noten j of themodel
it wasaninstantiationof, this would beeasy, aswe could
thenconnecttheobservedxk to n j andperforminference.
xk wouldbetreatedasanoisyobservationof n j (asin the
systemsof CemgilandRaphael).Howeverwedonothave
suchtagginginformation,we only have the classof the
observation. We aretold that it is, say, a bassdrumnote,
but not which of the (many) bassdrum notesin the bar.
Further, we want to allow the possibility that non-model
notesmaybeplayed.This mayoccurfor severalreasons:
(1) extranoteplayedby accident,e.g.theperformershand
slipping; (2) performeris playinga variationof a known
model,with deliberateextra notes;(3) performeris play-
ing anunknown model.We musttry to perceive thelatter
asa known modelasbestwe canfor now, thenperhaps
considertheknown model'sfailingsandupdatethemodel
or learnanew modelfrom themof�ine.

We solve the taggingproblemby modelingthe belief
in theobservationlocationsasa GaussianMixture Mod-
els (GMMs), with oneGaussiansourcefrom eachof the
M modelnotesof thesameclassastheobservation. The
middle shadedlayer of �g. 2 is called the switchboard,
andconsistsmostlyof clustersof nodescalledswitchers.
(Therearealsosomeextra nodeswhicharesharedacross
switchers.)Oneswitcheris createdper incomingobser-
vation k, and includesa GMM node,g, togetherwith a
discretemixtureweightnode� , sothatits prior is

P(gjf � m g; f 
 P
m g; f � m g) /

MX

m =1

� m exp
�
�


 P
m

2
(g � � m )2

�

where
 P
m is a (P)erformanceprecisionparameterfor the

mth parent(seesection3.2).Thisdistributionis not in the
conjugate-exponentialfamily, but maybeapproximated:

P(gjf � m g; f 
 P
m g; f � i g) /

MX

m =1

exp
�
�

� m 
 P
m

2
(g � � m )2

�

Thismoment-matchestheoriginalGMM, andhastheuse-
ful propertythatit tendstowardstheGMM as� i ! � ij ,
that is, as the discretemixing vector becomesa single
peak. This is useful for our music task, as we wish to
ultimatelyassigneachobservationto a singleclass.

All � nodesof eachclasscsharea�x edDirichlet prior,
D ir c, which have hand-setparametersfavouring single-
sourceexplanations.

3.1.1. Siblingrivalry

In additionto this GMM formalism,we know something
moreabouttherelationshipbetweentheobservedandmodel
notes:eachmodelnotewill be instantiatedat mostonce
in thedata.Evenif, say, two snarehitsoccurverycloseto
eachotherandto an expectedmodelnotelocation,only
one of them can be `the' instantiationof the note, and
the other must be a spuriousextra note. The standard
GMM is not ableto capturethis `sibling rivalry' between
its children.GMMs areoftenusedin data-intensivestatis-
tics wherethe taskis to infer quantitiesfrom largenum-
bersof noisy observationsof them. In contrast,herewe
haveatmostoneobservationof eachmodelnote.Thesib-
ling rivalry problemis not uniqueto GMMs but is a gen-
eralBayesnetproblem:Bayesnetsprovideanautomatic
framework for competingparentsto inhibit oneanother
throughthe well-known `explainingaway' effect; but do
notallow siblingsto competein any similar way.

To modelour knowledgeof sibling rivalry, we extend
theBayesiannetwork into aFactorGraph,i.e. agraphical
modelcontainingbothdirectedandundirectedlinks. For
eachnoteclass,we fully connectall the � nodesin the
switchersof thatclass.We connectwith inhibitory links,
sothatif oneswitcherlaysclaimto beinganinstanceof a
modelnotethenit discouragesotherswitchersfrom being
instantiationsof it. Weextendthevariationalupdatefor �
nodesto includethis undirectedterm(rightmost):

logQ(�)  hlogP(� jpar(�)) i Q(par (�))

+
X

ch (�)

hlogP(chj�) i Q(ch(�) ;cop(�))

+
X

r iv (�)

hlog �( r iv ; �) i Q(r iv (�))

As r iv and� arediscretedistributionsparameterized
by Q(� = � m ) = q(�)

m , Q(r iv = r ivm ) = q( r iv )
m with

P
m q(�)

m = 1 and
P

m q( r iv )
m = 1, we settheadditional

updatetermsto

hlog �( r iv ; �) i Q(r iv ) =

2

6
4

1 � q( r iv )
1

:::
1 � q( r iv )

M

3

7
5

whereM is thenumberof components.This is a heuris-
tic whoseintent is to encouragepairs of discretenodes
to have largedivergencesbetweenthem(e.g. in theKL-
divergencesense). Note that this doesnot assignzero
probabilityto two discretenoteshaving thesamecompo-
nent,becauseits effect is onthelogarithmof theresulting
joint, not the joint itself. Instead,it merely discourages
suchsimilarity, andwe have found it usefulenoughfor
our purposes.

Note that this schemedoesnot forceany observations
to matchupwith modelnotes:it merelydiscouragesmul-
tiple observationsfrom explainingthesamemodelnote.



3.1.2. Sinks

To allow for theperformanceof non-modelnotes,wecon-
struct an additionalsink componentfor eachnote type.
Sinksmay be thoughtof asnull hypothesisexplanations
for observations.They aremodeledby Gaussianshaving
their meanin thecenterof thebar, anda very wide vari-
anceso that the distribution stretchesall the way across
the bar in onestandarddeviation. This wide spreadhas
theclassicdualeffect of (a) catchingobservationsfrom a
wide range,enablingthesink to soakup all observations
notwell accountedfor by othercomponents;(b) assigning
alow likelihoodtoeachobservationbecauseit is sospread
out; henceallowing non-null componentsto be favoured
in their specialistlocations.

Thismaybeviewedasacrudeapproximationtoafuller
sink model: thereis informationcontainedin non-model
noteswhichwearecurrentlythrowingaway. In particular,
notesdonotoccuratcompletelyrandomplacesin thebar:
evenif not partof anidenti�able model,they still tendto
occuron beatsor rationalsubdivisionsof beats. In fact
many beatidenti�cation systemshavebeenconstructedin
this way. For exampleCemgil [1] constructsan intricate
prior oversubdivisionssimilar to:

P(x) =
1
Z

KX

D =1

2D
X

N =1

� (x;
N
2D ) � exp(�



2

x2)

(The left part of this forms peaksat major subdivisions,
whoseheightincreaseswith importance,asmeasuredby
numberof factors. The right term convolves(*) with a
Gaussianto blur thespikes.) Suchpriorscould in princi-
ple beincorporatedhereasGMMs, with oneGMM com-
ponentpersubdivision. Theadvantageof sucha scheme
is thattempoandphasemaythenbeinferredin a `model-
less'mannersimplyfrom collectionsof notesandtheprior.
Howeverthisapproachwouldbetime-consumingin areal-
timesystemdueto thelargenumberof additionalcompo-
nentsto consider. We alsonotethat`model-less'is some-
thing of a misnomer, aswe would effectively bespecify-
ing a complete,generalpatternbasedon subdivisions: in
practicewe canknow mostcommonmodelsin advance
andexploit this my usingour setof particularmodelsin-
steadof thisgeneralone.We havefoundthatthereis usu-
ally enoughinformationin theinstancesof modelnotesto
infer thebeatswell, without having to rely on sink notes
to improvetheaccuracy.

Thereis still oneproblemwith our singlewide Gaus-
sianapproximationto thisintricatestructure.As theCemgil
prior ismadeof peaks,thisstructureassignsslightlyhigher
priors to sink notesaroundrationalsubdivisionsthanour
Gaussianassigns,at the expenseof having lower priors
thanour Gaussianat placesaway from rationalsubdivi-
sions. In practice,most (usually all) sink notesdo oc-
cur at rationalsubdivisions.This meansthatour approxi-
mationwill consistentlyassignlower priors to sink notes
thanthe moreaccuratestructure.To correctfor this, we
adjustthe Dirichlet prior on the � nodesto give sinksa
slightly higherprior thanmodelnotes.Empirically, u =

[0:10; :::; 0:10; 0:12] was found to work well, wherethe
0.12is thesinkcomponent.

As discussedabove,we constraintheGMMs with sib-
ling rivalry links to prevent multiple observationsmap-
pingto asinglemodelnote.Forsinksthereis nosuchcon-
straint:weallow multipleobservationsto begeneratedby
thesamesink. Toaccomplishthis,thehlog �( r iv ; �) i Q(r iv )

termabove is modi�ed soasnot to penalizesink-sharing.

3.2. Precisions

Theswitchboardcontainstwo kindsof (P)erformancepre-
cision nodes.First, thereis a single�x ed precision
 P;;

for sinks. This is usedasan input to all GMMs, for the
precisionof theirsinkcomponent,regardlessof theirclass.
It is setso that the standarddeviation of the sink is one
wholebar. Togetherwith theDirichlet prior ampli�cation
this producesa usefulsink model. Second,for eachnote
classc thereis a �x edprecision
 P;c which is sharedbe-
tweenall switchersof thatclass.This performancepreci-
sionmodelstheplayer'saccuracy in playingnotesof class
c. For example,the performermay be moreaccurateon
thebassdrumthanon thehihat.Notethatfutureversions
of the systemcould extendthis by allowing eachmodel
noteto have its own performanceprecision,in the man-
nerof Raphael'ssystem[3]. Thismaybeusefulwhenthe
patternsbecomemore complex, and the performermay
try harderto play theon-beatnotesvery accuratelyat the
expenseof othermoredecorative notes. Alternatively, a
simpli�ed modelmight sharejust oneperformancepreci-
sionacrossall noteclassesto allow fasterinference.

Note that the performanceprecisionsdiffer from the
detectionprecisions
 D – thelatterbeingameasureof the
detectionerrorratherthanthehumanplayer'sdeviation.

3.3. AnnealedVariational MessagePassing

To reducethepossibilityof beliefoscillationsduringmes-
sagepassing,weusevariationalannealing.In thisscheme
wedonotseekQ � P directly, ratherweinfer asequence
of heateddistributionsQ1=T i � P 1=T i . Thetemperature
T beginsat a numbergreaterthanunity, andis gradually
reducedto unity. Further, if an MAP solution is sought
ratherthana joint approximation,T may be reducedbe-
low unityandtoward0, in whichcaseQ1=T (x) ! � (x; x̂),
giving anestimateof theMAP. In practice,thisMAP esti-
mateis a near-deltaspike at a local maximumof thepos-
terior. As thecoolingscheduleslows andthe initial tem-
peratureis raised,theprobabilityof arriving at theglobal
maximumincreases.We extendthe variationalmessage
passingframework to include annealingby giving each
nodeatemperatureparameter(for ourconjugateexponen-
tial modelsthissimplymultipliestheparametervector.)

Fig. 3 showsa dif�cult three-onsetinferenceproblem:
thenotesfall in suchplacesasto behighly ambiguousun-
derthepositionandtempopriors. Without annealingthis
causesthe network to oscillateanddiverge during infer-
ence;annealingcuresthisproblem.Notethatthedistribu-
tionson thenodesbegin by becomingvery wide asmes-



Figure 3. Seven stepsof annealedvariationalinference
on anambiguousthree-onsetproblem.As inferencepro-
gresses,the heatedinitial beliefsconverge to the correct
VB posterior. Without annealing,the network canoscil-
lateanddivergeduringinference.

sagesarereceived;thengraduallyreduceascoolingtakes
place.(Seesection5 for adescriptionof thedisplay.)

4. HYPOTHESIS MANAGEMENT

So far we have consideredrhythm modelsof individual
bars:testdatawascreatedrepresentingasinglebar'scon-
tentof music,andthepostulatedmodelhadto explain all
thedata.However in thewild, thesituationis morecom-
plex: we receive a streamof eventsover a periodof sev-
eralminutes(thesong)andwedonotknow initially which
eventsbelongto whichbarandhenceto whichmodel.

The idealBayesianapproachwould be to considerall
possiblemodelsinstantiatedatall possiblepointsin time-
tempospace,togetherwith aprior onwhichcombinations
of themareallowableandmixtureswitchesto allow data
pointsto be explainedasmixturesof models. The prior
would act to allow only setsof rhythmmodelswhich are
contiguousthroughoutthewholesong,andcould further
specifyMarkovianor grammaticalpriorson theprobabil-
itiesof particularsequencesof models.

This approachis impracticalbecauseit requiresan in-
�nite numberof models,andeven quantizingthe possi-
blemodelinstanceswould requirea very largenumberof
models. In particulartheprior would have to operateon
thepowersetof thesemodelswhich is intractable.Sowe
mustuseheuristicsto approximatetheBayesianideal.

The heuristicswe usearebasedon the ideasof prim-
ing andpruningpresentedby [8]. Reismodeledsymbolic
sequencesusingasetof agents,eachagentbeingadetec-
tor for a particularpattern.WhenanagentA successfully
completesits pattern(by observingtheexactrequiredse-
quence– Reis' work wasnon-probabilistic)it competes
with completedrival agents,andthewinnerW primesall
otheragentsto startlookingfor theirpatternsbeginningat
thepoint thatW completed.Rival agentsarethosewhich
shareone or more symbolsof the datastream. Losing
agentsaredeleted(pruned).

We extendthis methodto thecaseof continuoustime
events(opposedto sequencesof symbols). We replace
discretesymbolsequencedetectingagentswith ourvaria-
tional models.Competitionbetweenmodelswashandled
with a heuristicby Reisbut we areableto usethevaria-
tionallowerboundonmodellikelihood(fromsection2) to
provideamorerigourousfoundationfor competition.The
principaldif�culty is thelackof sharpboundariesbetween
modelstogetherwith theuncertaintyin notearrival times:
in thesymbolicdomainis simpleto say`if thenew note
timeis aftertheendof agentA thenaddit to thenext agent
insteadof to A' but themeaningof this is lessclearin our
probabilisticdomain: therewill insteadbe someproba-
bility that the new note lies insideor outsidethe model.
Pragmatically, we simply seta probability thresholdand
declarethe new noteto be outsidethe model if it is ex-
ceeded.Thepseudocodefor our algorithmis thus:

primeinitial modelset
setinitial modelsto incompletestate
for eachincomingnoten do

for eachincompletemodelM do
if P(n afterM < threshold)then

link n to M
updatetemperatureT

else
setM to completedstate
winnerW  M
for eachrival modelR (overlappingM ) do

if R completedthen
if logQ(RjdR )=jdR j > logQ(W jdW )=jdW j
then

W  R
pruneR anddescendantsof R

end if
end if

end for
primefrom W

end if
end for

end for

wheredM is the setof datapointsattachedto modelM
andjdM j is thesizeof thisset.

Thereis an issueregardingmodel comparisonwhen
two rivalsRandW havedifferentnumbersof datapoints:
obviouslyamodelchargedwith explainingfewerdatawill
have a higherprobabilityastherearelessfactorsdiluting
its joint. What we want to compareis the log probabil-
ity per data point, hencewe divide the lower boundsby
thenumberof data.This statisticmaybe thoughtof asa
log probabilitydensityperunit time,with datapointsasa
proxy for time. Thereasonfor comparinglog probability
per datapoint is as follows. Supposewe have N mod-
els in a sequence,M 1; M 2; :::; M N which togethercover
a completesong.Theissueis thatdatapointsnearmodel
boundariesmayfall underthemodelat eithersideof the
boundary. We do not wish to penalizeeithercasein the
ideal global distribution of models. So we notethat our
statistichasthis property:thescorefor thewholesongis



P N
i =1 logP(dM i jM i )

P N
i =1 jdM i j

Fromthepoint of view of theglobaldistribution, thede-
nominatoris constantsodoesnot penalizeany particular
assignmentsof datato models. However recall that we
areusinga heuristicto approximatethe global distribu-
tion, namelythat we make a hard decisionaboutwhich
modelskeepandrejectat theendof eachbar. And from
the viewpoint of theseindividual bars,the statisticdoes
make a difference,namelythatof transformingour mea-
sureof log likelihood into log likelihood per datapoint
explained,whichaidsourgreedysearchthroughthespace
of sequencesof modelsasrequired.

Note thatwe have includedtheannealingscheduleas
partof thenodelinking cycle. We wantthemodelto start
as`hot' when�rst created,thento cool asreal time pro-
gresses,so that it reachesthe true probability scaleas it
completes. We usethe time of the latest received note
asa proxy for elapsedtime, andhave foundthata useful
scheduleis to cool linearfrom T = 8 to T = 1 duringthe
courseof thebar.

4.1. Priming

In thepresentwork we have useda simpleMarkov tran-
sition matrix to specify priors on sequencesof models.
(e.g. thelow probabilityof a drum'n'basspatternfollow-
ing a miltary marchpattern.) Note thereis an important
practicaldifferencebetweentransitionsof zeroprobabil-
ity andthoseof small but non-zeroprobability. Concep-
tually thesearesimilar, but theformerwill not beprimed
whereasthe latter areprimedbut areunlikely to be cho-
senasthe �nal winner. This makesa hugedifferenceto
the amountof computationthat takesplace,but thereis
theclassictradeoff that in settingunlikely transitionsto a
hardzero,we rule out the ability to usethemto explain
uncommonsituations,so in the unlikely event that those
situationsoccur, themodelwill fail. (Primedmodelsare
`known unknowns', asthey still containmuchuncertainty
but areunderactive consideration';unprimedmodelsare
`unknown unknowns'.)

Newly primed modelsare instantiatedhaving a start
timewith meanequalto theMAP endtimeof theprevious
(completed)model– shown by thedottedline in �g. 2 –
andinversetempomeanequalto theMAP of theprevious
inversetempo.Parametersspecifyprecisionsof thesebe-
liefs,whichatpresentareglobalandhand-set.Howeverit
would beconceptuallysimpleto useanEM methodasin
[3] to learnprecisionsfor eachbarandalsoto learnpriors
on tempotransitions.

5. EVALUATION AND DISCUSSION

We believe it is moreinstructive to presenta walkthough
of a real testrun thanto give only statisticsof its results.
The imagesin �gs. 4 and 5 show the result of a com-
pleterun on a reasonablychallengingdataset.Therun is

quasi-realtime,meaningthat simulatedtime runsat half
the speedof the recordedinput to allow more message
passingcycles. No effort hasbeenmadeto optimizethe
interpretedLisp researchcode,thoughthe run was per-
formedon a 1.6GHzPentiumwith a quasi-timefactorof
only two which suggestsreal-timeoptimizationis possi-
ble. Thedatasetwasrecordedby ahumandrummerusing
a MIDI kit, andstandarddeviationsof 100msattachedto
notesof all types.It consistsof 48barsof rhythmslasting
about2 minutesandincluding over 250 hits, which is a
typical amountof datafor beattrackingevaluations,(e.g.
[7]). Therhythmsbegin assimpleknown patternsandget
progressively more complex, and more errorsare intro-
duced.A knowledgebaseof six modelswasused,includ-
ing threeregular rhythmsandthree�lls. Thedatabegins
with a simplefour hihat count-in to initialize the priors;
theprogramis initialized with a singlecount-inmodelat
thecorrecttimeandroughlycorrecttempo,muchasahu-
manmusicianwould require. The following description
givesawalkthroughof theactivity in the�rst 12barsonly.

Eachrow of the�gures showsfour bars.Only thewin-
ning modelsareshown. Eachmodelhasthesamevisual
form as �g. 2: at the top left is the s node, to its im-
mediateright is � � 1. Below thesearethebeats.Time is
shown horizontallyon eachrow, andthe standarddevia-
tion of eachnodeis shown by its width. The � � 1 nodes
areshown at onebeataway from thes nodes.The three
shadedareascontainthe model notes,the switchboard,
andthe observations. Within eachshadedareaarethree
sublevelsfor hihat(top),snare(middle)andbass(bottom)
– thesameformatas�g. 1(b). Eachswitchboardnodehas
a small bar-charton its right. This shows thevalueof its
switchnodewherethenth valueis thenth modelnoteof
thematchingtypewith the rightmostbeingthesink. All
nodeshaveupperandlowerhalvesshowing theirprior and
posteriorrespectively – thedeviationfrom theprior is vis-
ible only in s and� � 1 wheninferencehasconverged.

Bars1 and2 form a pair of rock1 androck2 pat-
terns. Thereis a high prior on sucha transition. Note
thatin bar1, anadditionalbassdrumhit is playedonbeat
4. This is is not part of the patternso is assignedto the
sink. In bar4 we seea performanceof thehighly synco-
patedfill-offbeat1 pattern: four snarehits played
betweenthebeatsinsteadof onthem.Thiskind of pattern
is likely to confuseconventionalbeattrackersthatoperate
by lookingfor correlationsandphaseof onsetsandassum-
ing beatsmatchstrongonsets.But thesystemknows this
patternis a �ll, albeitwith a low occurrenceprior, andis
ableto infer thebeatpositionscorrectly.

Bars5 and6 seeanotherstandardrock1 -rock2 pair.
Notethechangedin s belief in bar5: theposterior(lower
half) s is later thanonestandarddeviation away from the
prior (upperhalf), dueto theplayerloosingtimewhenre-
coveringfrom theoffbeat�ll pattern.Bars7 and8 contain
a further rock1 -rock2 pattern,but in bar 8 the snare
hit hasbeenintensionallyplayedhalf a beat late: it is
assignedto the sink (the rightmostbar in its barchart).
A possibleextensionherecouldbe: insteadof modeling



Figure 4. Bars 0-23 of the test run. Bar 0 is the hihat
count-in.Barnumbersareshown abovethecenterof each
bar.

Figure5. Bars24-47of thetestrun.
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Figure6. Errorof playedonsetsfrom hand-taggedbeats.
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Figure7. Errorof playedonsetsfrom auto-taggedbeats.

suchnotesfrom thesink,we might explicitly modelthem
as playedintentionally late; a humanlistenerprimed to
expectrock2 is likely to hearthenotein thiswayandin
fact it is this feeling of latenessthat createsthe laidback
moodof thispattern,sometimescalleda `lounge'beat.

Bars9-14 switch to a hiphopfeel, dueto extra hits at
beat4.5. Noteagainthe latesnarein bar12, beat3.5. It
is interestingto considerthe4.5hit in thesameway asin
the extensiondiscussedabove: currently the systemjust
knows the whole patternhiphop1 which containsthis
4.5hit. But humans(especiallyif unfamiliarwith hiphop)
may initially hearthe 4.5 hit asthe �rst beatof the next
barbut playedearly– in thesameway that the3.5 snare
washeardasbeingfrom beat3 but late. In hiphop,the4.5
hit is quickly followedby a 5.0 hit markingthe truestart
of the next bar. But for half a beatthereis a brief feel-
ing that themusichasjumpedforwarda little, beforebe-
ing snappedback.Perhapsit is this feelingthatgivesthis
rhythmits characteristicmoodandedgydancingmoves?
Again, futurework couldtry to modeltheseideas.

Thereadermayexaminetherestof therun,notingthe
near-lossesof trackingaroundbars26-28and36andsub-
sequentrecovery;andtheeventualfailuredueto complex
unknown rhythmsat theend.

Fig. 6 shows the deviation of the playedonsetsfrom
`groundtruth' beats(aslabeledby hand,of�ine), andcan
beseenasameasureof theaccuracy of theplaying.Thex
axismeasuresfractionsof a beatdeviation from thenear-
est labeledbeat. Note the clustersaround+/- 0.5 beats
which arenotesplayedhalf way betweenbeats.Exclud-
ing thesenotes,thestandarddeviation(playererror)from
thebeatis 0.07beats,correspondingto 35msat 120bpm.

Fig. 7 showsahistogramof errorsof thesystem'sMAP
beatpositionsfrom thegroundtruth. Only thecorrectly-
tracked bars1-38 are included. The standarddeviation

of theerrorsis 0.12beats,which correspondsto a musi-
cal semi-quaver, or 60msfor a track playedat 120bpm.
However this largedeviation includestheoutliersshown
in the graphwhich ariseduring the near-lossof tracking
aroundbar 27. Excluding theseincorrectmodelsgives
a deviation of 0.056beatsover 129 datapoints,equiva-
lent to 28msat 120bpm. This is a signi�cant (a � 2 test
givesP(s2 � 0:0562j� 2 = 0:072; N = 129) = 0:0004)
improvementfrom the35msplayerlatency above(for ex-
ampleif the raw onsetshadbeenusedasbeatlocations.)
Typical musicsoftwarehasa latency of around10msin
comparison. Inspectionof the worst errorsshows them
to occurin barswherethe tempochangeswithin the bar
ratherthanat thebarline,this is of courseexpectedasour
currentmodelassumesa singletempowithin eachbar.

Whileourproof-of-conceptimplementationof thevari-
ationalandblackboardideasdescribedhereis not yet at
conteststandard,we haveexplainedhow andwhy theap-
proachis usefulfor solvinghigher-level rhythmandbeat
perceptiontasksthanthosetackledbycurrentbeat-trackers.
By incorporatingpsychologicalideasof model-basedper-
ception,priming and a global workspace,the approach
may also lead to clari�cations of perceptualmusic psy-
chology conceptsand could even serve as a framework
for empiricallymodelinghumanrhythmperception,espe-
cially for interestingambiguouspercepts.
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