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ABSTRACT

It is useful for music perceptionand automatecaccom-
panimentsystemso perceie a musicstreamas a series
of barscontainingbeats. We presenta proof-of-concept
implementationof a Variational Bayesian(VB) system
for simultaneou$eattrackingandrhythm patternrecog-
nition in the domainof semi-impovised music. This is

music which consistsmostly of known barlong rhythm

patternsin animprovisedorder, andwith occasionaln-

known patterns. We assumethat a lower-level compo-
nentis availableto detectandclassifyonsets.The system
usesBayesiametwork fragmentsrepresentingndividual

barsandinfers beatpositionswithin them. Model pos-

teriorsprovide principledmodelcompetitionandthesys-

temmaybeseerproviding aBayesiarrationalefor agent-
basedandblackboardsystems.The psychologicahotion

of primingis usedto instantiatenewv candidatenodels.

1. INTRODUCTION

Perceptiornof beatsandbarsis dif cult becausehereis
scopefor muchambiguity Fig. 1(a)shavs anexampleof
between-balambiguity: a listenerfamiliar with military
bandswould probablychunkthisinto ‘marching'barsbe-
ginning at the pointsmarked "*', but a listenermore ac-
customedo electronicdancemusic might chunkit into
classic two-step' drum'n'bassbarsbeginning at the °y'
points. Within-bar ambiguityis illustratedin thetwo bars
of g. 1(b): heretherows representifferentonsettypes;
the rst baris astandardl/4 patternwith thesnareonbeat
3. Thesecondbaris similar but the snarehit occurslater.
This could be interpretedin at leastthreeways: (1) the
patterncould be the samestandard4/4 asin bar one,but
with anonset-detectiorrrorgiving riseto thesnarebeing
percevedaslate;(2) the patternrmaybethe samestandard
4/4 but the playermadea (possiblydeliberatemistale of
playingthesnardate;(3) it maybeanew patternwith the
snhareon beat3:5. The differencebetween(2) and(3) is
subtleand even debatableif the playermakesthe same
“error' of (2) severaltimesthenwe begin to perceveit as
anew patternasin (3).

Both typesof ambiguity are usuallyresoled by prior
information. Thegenreof theperformancéavourscertain
patterns:acompositioris unlikely to switchfrom military
marchto drum'n'bassin consecutie bars. We expect—
very strongly— thateachnew patternwill begin atexactly

Figure 1. (a) Between-baand(b) within-barambiguity

thetime thatthepreviouspatternendsand- lessstrongly
—thatit will have a similartempo.

We formalizethesddeasusingBayesiametwork mod-
elsof single-barhythmsto infer within-barbeatpositions,
togetherwith a blackboardframework to selectbetween
thesemodels. The requirednetworks are highly loopy so
exactinferencels intractable.We have selectedhe Vari-
ational Bayesinferenceapproximationbecauseat seeks
anestimateof thejoint ratherthanthe maminals,andwe
aremoreinterestedn coherenexplanationof wholebars
thanof individual notes.VB is fastenoughto runin real-
time, unlike samplingmethodswhich may be very time
consuming. VB runs iteratively, so may be terminated
early to read off a “best decisionso far” which is use-
ful in the real-timesetting. Finally, we needto compare
rival explanationof barsandVB canprovide acomputa-
tionally cheapower boundonthe modellikelihoodusing
byproductsof its parametecomputations.

VB is now a standardmachinelearningtechniqueand
we presentits applicationto a novel musicaltask.We im-
plementthe messag@assingyB computatiorschemeof
[5] andextendit by introducingannealingandundirected
sibling rivalry links. We introducethe problemof assign-
ing datapointsto wholemodels.andheuristicsof priming
andpruningfor dealingwith this.

Real-timemusicperceptiorsystemgenerallyuseone
of two architecturesDynamicstatemodels(e.g. [2] and
the Hidden Markov Model componenof [3]) updatethe
stateof the music at eachpoint in time (typically each
frameof audio).In contrastposition-in-timemodels(e.g.
[1] andtheBayesiarNetwork componenbf [3]) maintain
beliefsaboutthepositionsof asetof musicalevents—such
asnoteonsetor beattimes. Our approachs a position-in-
time method,but unlike theseprevious systemsit deals
with semi-impovisedmusic: ratherthanrequirethe per



formanceto bealignedwith a x edscore we considerse-
guence®f known (andoccasionallyjunknavn) drum pat-
ternsplayedin animprovisedsequenceWithin eachpat-
tern, notesmay alsobe omittedfrom or insertedinto the
standardpattern.In particularthis meanshatunlike pre-
vious systemswe cannotassumea given mappingfrom

input notesto modelnotes.We considemultiple rhythm
modelsashypothese$o explain the data: whenthe mod-
els are viewed as "agents'this is a similar approachto

non-probabilisticagent-basednethodssuchas Goto [6]

andReis[8]. However our modelshave rigourousprob-
abilistic semanticsfor their internal parameters- in the
mannerof Raphae[3] andCemgil[1] — but alsofor their
modelposteriors.It is the latterthat providesa rigourous
probabilisticbasisfor agentcompetition.

We assumehat somelowerlevel systemis available
(e.g. [4]) which reportsincoming onsetswith a belief
over their time of occurrenceanda discreteclassi cation
betweenbass,snareand hihat type hits. Thesecould be
extractedfrom drumaudioor from otherrhythmicinstru-
mentssuchasguitarchordstrums.

2. VARIATIONAL INFERENCE

Onceloopsare presentin a Bayesiannetwork, exactin-
ferenceof the data-conditionegbint P (x1;:::; Xy jd) and
its Maximum A Posteriori(MAP) solution becomein-
tractableand approximationsnustbe used. The VB ap-
proximationassumea mean- eldfactorization:

W
Q(x;znxn) = Qi)

P(xq; 5 xnjd)

wherethe nodedistributionsQ; (x;) areof the sameform
asthetransitionprobabilitiesP (x;jpar(x;)) andpar(x;)
arethe parentsof x;j. VB seeksparametersf the Q; so
asto minimize the KL divergenceK L[QjjP]. It canbe
shawvn (e.g. [5]) thatthis may be accomplishedy itera-
tively updatingindividual nodeddistributionswith the VB
updaterule

Qi(xi)

wheremb denoteghe Markov Blanket of thenode.When
nodesareconjugatesxponentiatheexpectatiorhasanan-
alytic solutionandthe updateis computationallysimple.
Furthermord5], the modellog likelihood,logP (djM ),
hasatractabldowerbound:

Hog P (x; jmb(X;))iq(mb(x)

[HogP (xijpar(xi))iq  HogQi(xi)ig]:

i=1
3. SINGLE MODELS

We modelthe whole performanceasa seriesof Bayesian
networks,stitchedtogether Eachnetwork modelsaknown
single-barhythmicpattern.At eachbar, we comparesev-
eralmodelsto nd thebest tting one,andthe MAP val-
uesof its parametersTheseparametersnaythenbe used
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Figure 2. Schematiof asingle-baBayesiametwork.

to extractthemodel's estimateof the past,preseneindfu-

ture beatlocationsasrequired.(We leave asidethe ques-
tion of how andwhento instantiatenodels put will return
to it in sectiord.)

Fig. 2 shovsamodelfor averysimplerhythmconsist-
ing of just two hihat (hh) notes. Fixed nodesare shovn
as squaresand hiddennodesare circles. The diamond-
shapednultiplexer nodeswill bediscussedater: for now,
we mayassumehey simply forwardincomingandoutgo-
ing messageanchanged.

The goalis to infer the beatpositionsf b g>_; , along
with the starttime s andtempo . To utilize the ef-
cieng of conjugate-gponentiamodelswe work with the
inversetempo, !insteadof .Bothsand *!aremod-
eledasGaussiansyith x edmeanandprecisionpriors.

Thebeatpositionsaremodeledaslinearcombinations,
b = s+ i ! andnotepositionsare modeledas the
weightedlinear combinationof their two nearestbeats,
nj = h(]) + W (h(j)+1 h(J))WheI'EI(J) is now afunc-
tion specifyingthelatestbeatnumbeli beforethej th note,
andw; is arationalweightwitn 0 < w; < 1.

Incomingobsenationsareshowvn in thelowestlayerof

g. 2. We assumdhatan external systemreportsonset
timesxx with associatedD)etectionprecisions ? and
discreteclassegy (with valuesfor basssnareandhihat).
The precisionsrepresenpossibleerrorsin the detection
processnotin arny high-level sourcesof note deviations
suchas changesn tempoor performancdiming errors.
Oncereportedxyx, P andck aremodeledas x ed. Note
thata morefully Bayesiansystemwould modelthemas
randomvariables,allowing prior informationfrom other
partsof themusicmodelto modify theonsetdetectorsbe-
liefs. In particular priorsfrom rival rhythmmodelscould
affecttheobsenations,i.e. rival modelsparametersould



becomedependenbn eachothet This would greatlyin-
creasdhe compleity of inferenceandit doesnot appear
to give ary practicaladvantagesover independenmod-
els,asour taskis ultimately to selectonewinning model.
Forwarding messageso rival modelswithout the usual
co-parentdependengis performedby the specialmulti-
plexer nodesin the obsenationlayer.

3.1. Switchboard

We want to infer the positionsof notesand beatsfrom
the setof obsenations. If eachobserednotexy arrived
taggedwith a marker sayingwhich noten; of the model
it wasaninstantiationof, this would be easy aswe could
thenconnectheobsenedx to n; andperforminference.
Xk would betreatedasanoisyobsenrationof n; (asin the
system®f CemgilandRaphael) Howeverwe donothave
suchtagginginformation, we only have the classof the
obsenation. We aretold thatit is, say a bassdrum note,
but not which of the (mary) bassdrum notesin the bar.
Further we wantto allow the possibility that non-model
notesmaybe played. This mayoccurfor severalreasons:
(1) extranoteplayedby accidentg.g.theperformershand
slipping; (2) performeris playing a variationof a known
model,with deliberateextra notes;(3) performeris play-
ing anunknonvn model. We musttry to percevethelatter
asa known modelasbestwe canfor now, thenperhaps
consideitheknown model'sfailingsandupdatehemodel
or learnanenv modelfrom themof ine.

We solve the taggingproblemby modelingthe belief
in the obsenationlocationsasa GaussiarMixture Mod-
els (GMMs), with one Gaussiarsourcefrom eachof the
M modelnotesof the sameclassasthe obsenation. The
middle shadedayer of g. 2 is calledthe switchboard,
andconsistamostly of clustersof nodescalledswitchers.
(Therearealsosomeextra nodeswhich aresharedacross
switchers.) One switcheris createdperincomingobser
vationk, andincludesa GMM node, g, togetherwith a
discretemixtureweightnode , sothatits prior is

. XA P
P(dif maif hoif mo)/ mexp (g

m=1

where F is a (P)erformancerecisionparametefor the
mth parent(seesection3.2). Thisdistributionis notin the
conjugate-gponentiafamily, but maybeapproximated:

X P

P(gif ma:f hof ig)/

m=1

Thismoment-matchetheoriginal GMM, andhastheuse-
ful propertythatit tendstowardstheGMM as ; ! i
thatis, asthe discretemixing vector becomesa single
peak. This is useful for our music task, as we wish to
ultimatelyassigneachobsenationto a singleclass.

All  nodesof eachclassc sharea x edDirichlet prior,
Dir ¢, which have hand-sefpparameters$avouring single-
sourceexplanations.

3.1.1. Siblingrivalry

In additionto this GMM formalism,we know something
moreabouttherelationshiphbetweertheobsenedandmodel
notes: eachmodelnotewill be instantiatecat mostonce
in thedata.Evenif, say two snarehits occurvery closeto
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 notableto capturethis “sibling rivalry' between
its children. GMMs areoftenusedin data-intensie statis-
tics wherethe taskis to infer quantitiesfrom large num-
bersof noisy obsenationsof them. In contrastherewe
have atmostoneobsenationof eachmodelnote. Thesib-
ling rivalry problemis not uniqueto GMMs but is a gen-
eral Bayesnetproblem:Bayesnetsprovide anautomatic
frameawork for competingparentsto inhibit one another
throughthe well-known “explaining away' effect; but do
notallow siblingsto competén ary similarway.

To modelour knowledgeof sibling rivalry, we extend
theBayesiametwork into a FactorGraph,i.e. agraphical
modelcontainingboth directedandundirectedinks. For
eachnote class,we fully connectall the nodesin the
switchersof thatclass.We connectwith inhibitory links,
sothatif oneswitcherlaysclaimto beinganinstanceof a
modelnotethenit discouragestherswitchersfrom being
instantiationof it. We extendthevariationalupdatefor
nodesto includethis undirectederm (rightmost):

logQ()  HogP( jpar()) iogpar()

X
+ Hog P (chj) iq(en() cop())
ch()
X . .
+ Hog ( riv; ) igiv(y

riv()

Asriv and arediscretedistributionsparameterized
(= m :Pq%’ L Q(riv = rivn) = di") with

Sgd = 1and g = 1, we settheadditional
updatetermsto

2 .
1 qgr iv)
Hog ( riv; ) igqiv) = 9 s £
1 ql(vﬁ iv)
whereM is the numberof componentsThis is a heuris-
tic whoseintent is to encouragepairs of discretenodes
to have large divergencesetweernthem (e.g. in the KL-
divergencesense). Note that this doesnot assignzero
probability to two discretenoteshaving the samecompo-
nent,becausdts effectis onthelogarithmof theresulting
joint, not the joint itself. Instead,it merely discourages
suchsimilarity, and we have found it useful enoughfor
our purposes.
Note thatthis schemedoesnot force any obsenations
to matchup with modelnotes:it merelydiscouragesnul-
tiple obsenationsfrom explainingthe samemodelnote.



3.1.2. Sinks

To allow for theperformancef non-modehoteswe con-
struct an additional sink componentfor eachnote type.
Sinksmay be thoughtof asnull hypothesisexplanations
for obsenations. They aremodeledby Gaussiandiaving
their meanin the centerof the bar, anda very wide vari-
anceso that the distribution stretchesall the way across
the barin one standarddeviation. This wide spreadhas
the classicdual effect of (a) catchingobsenationsfrom a
wide range,enablingthe sink to soakup all obsenations
notwell accountedor by othercomponents(b) assigning
alow likelihoodto eachobsenrationbecausé is sospread
out; henceallowing non-null componentdo be favoured
in their specialisfocations.

Thismaybeviewedasacrudeapproximatiorto afuller
sink model: thereis informationcontainedn non-model
noteswhichwe arecurrentlythrowing away. In particular
notesdo notoccuratcompletelyrandomplacesn thebar:
evenif not partof anidenti able model,they still tendto
occuron beatsor rational subdvisions of beats. In fact
mary beatidenti cation systemdave beenconstructedn
thisway. For exampleCemgil [1] constructsan intricate
prior over subdvisionssimilar to:

LX R
P(X) ) zD:l N =1

(xi 35) exp( 5x7)

(The left part of this forms peaksat major subdvisions,
whoseheightincreasesvith importance asmeasuredy
numberof factors. The right term corvolves (*) with a
Gaussiarto blur the spikes.) Suchpriors couldin princi-
ple beincorporatechereasGMMs, with oneGMM com-
ponentper subdvision. The advantageof sucha scheme
is thattempoandphasemaythenbeinferredin a 'model-
less'mannesimplyfrom collectionsof notesandtheprior.
Howeverthisapproactwouldbetime-consumingn areal-
time systemdueto thelargenumberof additionalcompo-
nentsto consider We alsonotethat model-lessis some-
thing of a misnomeyaswe would effectively be specify-
ing a complete generalpatternbasedon subdvisions:in
practicewe canknow mostcommonmodelsin advance
andexploit this my usingour setof particularmodelsin-
steadof this generabne.We have foundthatthereis usu-
ally enoughinformationin theinstance®f modelnotesto
infer the beatswell, without having to rely on sink notes
to improvetheaccurag.

Thereis still oneproblemwith our singlewide Gaus-
sianapproximatiorto thisintricatestructure As theCemgil
prioris madeof peaksthis structureassignslightly higher
priorsto sink notesaroundrationalsubdvisionsthanour
Gaussiarassignsat the expenseof having lower priors
than our Gaussiarat placesaway from rational subdvi-
sions. In practice,most (usually all) sink notesdo oc-
cur atrationalsubdvisions. This meanghatour approxi-
mationwill consistentlyassignlower priorsto sink notes
thanthe moreaccuratestructure. To correctfor this, we
adjustthe Dirichlet prior onthe nodesto give sinksa
slightly higherprior thanmodelnotes. Empirically, u =

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

As discusse@bove, we constrainthe GMMs with sib-
ling rivalry links to prevent multiple obserationsmap-
pingto asinglemodelnote.For sinksthereis nosuchcon-
straint: we allow multiple obsenationsto be generatedby
thesamesink. Toaccomplistthis,thehog ( riv; ) ig(riv)
termabove is modi ed soasnotto penalizesink-sharing.

3.2. Precisions

Theswitchboardtontaingwo kindsof (P)erformancere-
cision nodes.First, thereis a single x ed precision "
for sinks. Thisis usedasaninputto all GMMs, for the
precisionof theirsinkcomponentregardlesof theirclass.
It is setso that the standarddeviation of the sink is one
wholebar Togethewith the Dirichlet prior ampli cation
this producesa usefulsink model. Secondfor eachnote
classc thereis a x edprecision P which is sharedbe-
tweenall switchersof thatclass.This performancepreci-
sionmodelstheplayer'saccurag in playingnotesof class
c. For example,the performermay be more accurateon
thebassdrumthanon thehihat. Note thatfutureversions
of the systemcould extend this by allowing eachmodel
noteto have its own performanceprecision,in the man-
nerof Raphaek system[3]. This maybeusefulwhenthe
patternsbecomemore comple&, andthe performermay
try harderto play the on-beatotesvery accuratelyat the
expenseof othermore decoratve notes. Alternatively, a
simpli ed modelmight shargust oneperformancereci-
sionacrossll noteclassedo allow fasterinference.
Note that the performanceprecisionsdiffer from the
detectiorprecisions P —thelatterbeingameasuref the
detectiorerrorratherthanthe humanplayer's deviation.

3.3. AnnealedVariational MessagePassing

To reducethe possibilityof beliefoscillationsduringmes-
sagepassingwe usevariationalannealingln this scheme
wedonotseekQ P directly, ratherweinferasequence
of heateddistributionsQ*="" P =Ti| Thetemperature
T beginsat a numbergreaterthanunity, andis gradually
reducedto unity. Further if an MAP solutionis sought
ratherthana joint approximation,T may be reducedbe-
low unity andtoward0, in whichcaseQ*™" (x) ! (x; %),
giving anestimateof the MAP. In practice this MAP esti-
mateis a neardeltaspike at a local maximumof the pos-
terior. As the cooling scheduleslows andtheinitial tem-
peraturds raised the probability of arriving atthe global
maximumincreases.We extendthe variationalmessage
passingframeanork to include annealingby giving each
nodeatemperatur@arameteffor our conjugatesxponen-
tial modelsthis simply multipliesthe parameterector)
Fig. 3 shavs a dif cult three-onseinferenceproblem:
thenotesfall in suchplacesasto behighly ambiguousin-
derthe positionandtempopriors. Without annealinghis
causeshe network to oscillateanddiverge during infer-
ence;annealinguresthis problem.Notethatthedistribu-
tions on the nodesbegin by becomingvery wide asmes-



Figure 3. Seven stepsof annealedrariationalinference
on anambiguoushree-onseproblem. As inferencepro-
gressesthe heatedinitial beliefs corvergeto the correct
VB posterior Without annealingthe network canoscil-
lateanddivergeduringinference.

sagesrereceved;thengraduallyreduceascoolingtakes
place.(Seesection5 for a descriptionof thedisplay)

4. HYPOTHESIS MANAGEMENT

So far we have consideredhythm modelsof individual
bars:testdatawascreatedepresenting singlebar's con-
tentof music,andthe postulatednodelhadto explain all
the data.Howeverin thewild, the situationis morecom-
plex: we receve a streamof eventsover a periodof sev-
eralminutes(thesong)andwe do notknow initially which
eventsbelongto which barandhenceto which model.

The ideal Bayesiamapproachwould beto considerall
possiblemodelsinstantiatedat all possiblepointsin time-
tempospacetogethemwith a prior onwhich combinations
of themareallowableandmixture switchesto allow data
pointsto be explainedas mixturesof models. The prior
would actto allow only setsof rhythm modelswhich are
contiguousthroughoutthe whole song,andcould further
specifyMarkovian or grammaticapriorson the probabil-
ities of particularsequencesf models.

This approachis impracticalbecausét requiresanin-
nite numberof models,and even quantizingthe possi-
ble modelinstancesvould requirea very large numberof
models. In particularthe prior would have to operateon
the power setof thesemodelswhich s intractable.Sowe
mustuseheuristicsto approximatehe Bayesiarndeal.

The heuristicswe useare basedon the ideasof prim-
ing andpruningpresentedby [8]. Reismodeledsymbolic
sequencessingasetof agents,eachagentbeinga detec-
tor for a particularpattern.WhenanagentA successfully
completests pattern(by observingthe exactrequiredse-
guence- Reis' work was non-probabilistic)it competes
with completedival agentsandthewinnerW primesall
otheragentdo startlooking for their patterndeginningat
the pointthatW completed Rival agentsarethosewhich
shareone or more symbolsof the datastream. Losing
agentsaredeletedpruned.

We extendthis methodto the caseof continuougime
events (opposedo sequencesf symbols). We replace
discretesymbolsequenceletectingagentswith our varia-
tional models.Competitionbetweermodelswashandled
with a heuristicby Reisbut we areableto usethe varia-
tionallowerboundonmodellik elihood(from section?) to
provide amorerigourousfoundationfor competition.The
principaldif culty isthelackof sharpboundariebetween
modelstogethemwith theuncertaintyin notearrival times:
in the symbolicdomainis simpleto sayif the new note
timeis aftertheendof agentA thenaddit to thenext agent
insteadof to A' but the meaningof thisis lessclearin our
probabilisticdomain: therewill insteadbe someproba-
bility thatthe new notelies inside or outsidethe model.
Pragmaticallywe simply seta probability thresholdand
declarethe new noteto be outsidethe model if it is ex-
ceededThe pseudocodéor our algorithmis thus:

primeinitial modelset
setinitial modelsto incompletestate
for eachincomingnoten do
for eachincompletemodelM do
if P(n afterM < threshold}hen
link ntoM
updatetemperaturd
else
setM to completedstate
winnerW M
for eachrival modelR (overlappingM ) do
if R completedhen
if log Q(Rjdr)=jdrj > log Q(W jdw )=jdw |
then
w R
pruneR anddescendantsf R
endif
end if
endfor
primefrom W
endif
end for
endfor

wheredy is the setof datapoints attachedto model M
andjdy j is thesizeof this set.

Thereis anissueregardingmodel comparisorwhen
two rivalsR andW have differentnumbersof datapoints:
obviouslyamodelchagedwith explainingfewerdatawill
have a higherprobability astherearelessfactorsdiluting
its joint. Whatwe wantto compareis the log probabil-
ity per datapoint, hencewe divide the lower boundsby
the numberof data. This statisticmay be thoughtof asa
log probability densityperunit time, with datapointsasa
proxy for time. Thereasorfor comparingog probability
per datapoint is asfollows. Supposeve have N mod-
elsin asequenceM 1; M2;::;; My which togethercover
acompletesong. Theissueis thatdatapointsnearmodel
boundariesnay fall underthe modelat eitherside of the
boundary We do not wish to penalizeeithercasein the
ideal global distribution of models. So we note that our
statistichasthis property:the scorefor thewhole songis
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Fromthe point of view of the globaldistribution, the de-

nominatoris constantso doesnot penalizeary particular
assignment®f datato models. However recall that we

are using a heuristicto approximatethe global distribu-

tion, namelythat we make a hard decisionaboutwhich

modelskeepandrejectat the endof eachbar And from

the viewpoint of theseindividual bars,the statisticdoes
male a difference namelythat of transformingour mea-
sureof log likelihoodinto log likelihood per datapoint

explainedwhichaidsour greedysearchtthroughthespace
of sequencesf modelsasrequired.

Note thatwe have includedthe annealingscheduleas
partof the nodelinking cycle. We wantthemodelto start
as hot' when rst createdthento cool asreal time pro-
gressesso thatit reacheghe true probability scaleasit
completes. We usethe time of the latestreceved note
asa proxy for elapsedime, andhave foundthata useful
schedulds to coollinearfrom T = 8to T = 1 duringthe
courseof thebar.

4.1. Priming

In the presentwork we have useda simple Markov tran-
sition matrix to specify priors on sequencesf models.
(e.g.thelow probability of a drum'n'basspatternfollow-
ing a miltary marchpattern.) Note thereis animportant
practicaldifferencebetweentransitionsof zeroprobabil-
ity andthoseof small but non-zeroprobability Concep-
tually thesearesimilar, but theformerwill notbe primed
whereaghe latter are primed but are unlikely to be cho-
senasthe nal winner This makesa hugedifferenceto
the amountof computationthat takes place, but thereis
the classictradeof thatin settingunlikely transitionsto a
hardzero,we rule out the ability to usethemto explain
uncommonsituations,soin the unlikely eventthatthose
situationsoccur, the modelwill fail. (Primedmodelsare
“known unknowns', asthey still containmuchuncertainty
but areunderactive consideration';unprimedmodelsare
“unknavn unknawns'.)

Newly primed modelsare instantiatedhaving a start
timewith meanequalto the MAP endtime of theprevious
(completedmodel—- shavn by the dottedlinein g. 2—
andinversetempomeanequalto the MAP of theprevious
inversetempo.Parameterspecifyprecisionsof thesebe-
liefs, whichat presentireglobalandhand-setHoweverit
would be conceptuallysimpleto usean EM methodasin
[3] to learnprecisiondor eachbarandalsoto learnpriors
ontempotransitions.

5. EVALUATION AND DISCUSSION

We believe it is moreinstructive to presenta walkthough
of arealtestrun thanto give only statisticsof its results.
Theimagesin gs. 4 and5 show the resultof a com-
pleterun on areasonablyhallengingdataset. Therunis

guasi-realtimemeaningthat simulatedtime runs at half
the speedof the recordedinput to allow more message
passingecycles. No effort hasbeenmadeto optimizethe
interpretedLisp researchcode, thoughthe run was per
formedon a 1.6GHzPentiumwith a quasi-timefactorof
only two which suggestseal-timeoptimizationis possi-
ble. Thedatasetwasrecordedy ahumandrummerusing
aMIDI kit, andstandarddeviationsof 100msattachedo
notesof all types.It consistsof 48 barsof rhythmslasting
about2 minutesandincluding over 250 hits, which is a
typical amountof datafor beattrackingevaluations(e.g.
[7]). Therhythmsbegin assimpleknown patternsandget
progressiely more comples, and more errorsare intro-
duced.A knowledgebaseof six modelswasused jnclud-
ing threeregularrhythmsandthree lls. The databegins
with a simplefour hihat count-into initialize the priors;
the programis initialized with a single count-inmodelat
thecorrecttime androughlycorrecttempo,muchasa hu-
man musicianwould require. The following description
givesawalkthroughof theactiity in the rst 12barsonly.

Eachrow of the gures shavs four bars.Only thewin-
ning modelsareshavn. Eachmodelhasthe samevisual
form as g. 2: atthetop left is the s node,to its im-
mediaterightis . Below thesearethe beats.Time is
shawvn horizontallyon eachrow, andthe standarddevia-
tion of eachnodeis shavn by its width. The ! nodes
areshawvn at onebeataway from the s nodes. The three
shadedareascontainthe model notes, the switchboard,
andthe obsenations. Within eachshadedareaarethree
sublevelsfor hihat(top), snare(middle)andbassbottom)
—thesaméormatas g. 1(b). Eachswitchboarchodehas
a smallbarcharton its right. This shavs thevalueof its
switch nodewherethe nth valueis the nth modelnoteof
the matchingtype with the rightmostbeingthe sink. All
nodeshave upperandlowerhalvesshaving theirprior and
posteriorespectiely —thedeviationfromtheprior is vis-
ibleonlyinsand * wheninferencehascornverged.

Bars1 and2 form a pair of rockl androck2 pat-
terns. Thereis a high prior on sucha transition. Note
thatin bar1, anadditionalbassdrumhit is playedon beat
4. Thisis is not part of the patternsois assignedo the
sink. In bar 4 we seea performanceof the highly synco-
patedfill-offbeatl pattern: four snarehits played
betweerthebeatsnsteadof onthem.Thiskind of pattern
is likely to confusecorventionalbeattrackersthatoperate
by lookingfor correlationsandphaseof onsetsandassum-
ing beatsmatchstrongonsets.But the systemknows this
patternis a Il, albeitwith alow occurrenceprior, andis
ableto infer the beatpositionscorrectly

Bars5 and6 seeanotheistandardockl -rock2 pair.
Notethechangedn s beliefin bar5: the posterior(lower
half) s is laterthanonestandardieviation awvay from the
prior (upperhalf), dueto theplayerloosingtime whenre-
coveringfrom theoffbeat Il pattern.Bars7 and8 contain
a furtherrockl -rock2 pattern,but in bar 8 the snare
hit hasbeenintensionallyplayed half a beatlate: it is
assignedo the sink (the rightmostbar in its barchart).
A possibleextensionherecould be: insteadof modeling



Figure 4. Bars0-23 of the testrun. Bar O is the hihat
count-in.Barnumbersareshovn abovethe centerof each
bar.

Figure 5. Bars24-47of thetestrun.
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suchnotesfrom the sink, we might explicitly modelthem
as playedintentionally late; a humanlistenerprimed to

expectrock?2 islikely to hearthenotein thisway andin

factit is this feeling of latenesghat createshe laidback
moodof this patternsometimegalleda "lounge'beat.

Bars9-14 switchto a hiphopfeel, dueto extra hits at
beat4.5. Note againthe late snarein bar12, beat3.5. It
is interestingto considerthe 4.5 hit in the sameway asin
the extensiondiscussedibove: currently the systemjust
knows the whole patternhiphopl which containsthis
4.5hit. Buthumangespeciallyif unfamiliarwith hiphop)
may initially hearthe 4.5 hit asthe rst beatof the next
barbut playedearly— in the sameway thatthe 3.5 snare
washeardasbeingfrom beat3 but late. In hiphop,the4.5
hit is quickly followed by a 5.0 hit markingthe true start
of the next bar But for half a beatthereis a brief feel-
ing thatthe musichasjumpedforwarda little, beforebe-
ing snappedack. Perhapst is this feelingthatgivesthis
rhythmits characteristiomoodandedgydancingmoves?
Again, futurework couldtry to modeltheseideas.

Thereademay examinetherestof therun, notingthe
nearlossesf trackingaroundbars26-28and36 andsub-
sequentecovery; andthe eventualfailuredueto complec
unknavn rhythmsattheend.

Fig. 6 shavs the deviation of the playedonsetsfrom
‘groundtruth’ beats(aslabeledby hand,of ine), andcan
beseermasameasur®ef theaccurag of theplaying. Thex
axismeasurefractionsof a beatdeviation from the near
estlabeledbeat. Note the clustersaround+/- 0.5 beats
which arenotesplayedhalf way betweerbeats.Exclud-
ing thesenotes the standardieviation (playererror) from
thebeatis 0.07beatscorrespondingo 35msat 120bpm.

Fig. 7 shavsahistogranof errorsof thesystems MAP
beatpositionsfrom the groundtruth. Only the correctly-
tracked bars 1-38 areincluded. The standarddeviation

of the errorsis 0.12 beats,which correspondso a musi-
cal semi-quaer, or 60msfor a track playedat 120bpm.
However this large deviation includesthe outliersshovn
in the graphwhich ariseduring the nearlossof tracking
aroundbar 27. Excludingtheseincorrectmodelsgives
a deviation of 0.056 beatsover 129 datapoints, equiva-
lent to 28msat 120bpm. This is a signi cant (a 2 test
givesP (s> 0:056°j 2 = 0:.07%;N = 129)= 0:0009
improvementrom the 35msplayerlateng above (for ex-
ampleif theraw onsetshadbeenusedasbeatlocations.)
Typical music software hasa latengy of around10msin
comparison. Inspectionof the worst errorsshavs them
to occurin barswherethe tempochangeswithin the bar
ratherthanatthebarline,thisis of courseexpectedasour
currentmodelassumes singletempowithin eachbar.

While ourproof-of-concepimplementatiorof thevari-
ationalandblackboarddeasdescribedhereis not yet at
conteststandardye have explainedhow andwhy the ap-
proachis usefulfor solving higherlevel rhythmandbeat
perceptiortasksthanthosetackledby currentbeat-trackrs.
By incorporatingpsychologicaldeasof model-baseger
ception, priming and a global workspace the approach
may alsoleadto clari cations of perceptualmusic psy-
chology conceptsand could even sene as a framework
for empiricallymodelinghumanrhythmperceptiongspe-
cially for interestingambiguouspercepts.
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