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ABSTRACT

We introducea novel algorithmfor transposition-imariantcontent-
basedpolyphonicmusicretrieval. Our SIA(M)ESE algorithmis
capableof finding transpositioninvariant occurrencef a given
template in a databasef polyphonicmusiccalleda dataset We
allow arbitrarygapping i.e., betweermusicaleventsin the dataset
that have beenfound to matchpointsin the template,there may
be ary finite numberof other intervening events. SIA(M)ESE
canbeimplementedsothatit findsall transposition-imariantcom-
plete matchesfor a k-dimensionaltemplateof size m in a k-
dimensionaldatasetof size n in a worst-caserunning time of
O(kmn + knlogn); anotherimplementationfinds even the in-
completematchesin O(kmnlog(mn)) time. The algorithmis
generalizabldgo ary arbitrary multidimensionakranslationinvari-
antpatternrmatchingproblem wheretheeventsarerepresentablby
pointsin amultidimensionabataset.

1. INTRODUCTION

The SIA algorithm[5] is intendedfor the induction of significant
structuresfrom (musical)databases.However, it can straightfor
wardly be modifiedfor usein seaching for patternsin databases,
makingassessmermomparisondetweendatasets.n the content-
basednusicretrieval (CBMR) application,our matchingalgorithm,
which we call SIA(M)ESE, performsto a level comparablewith
other morerestricted,algorithmsbasedon, for example,dynamic
programming(DP) working within an edit distanceframework [2,
3, 4]. Specifyingthe problemasoneof stringmatchinghasintrin-
sic drawbacks: in generalthereis no naturalway of representing
polyphonicmusicexactly with linearstrings(exceptin certainspe-
cific cases). Specifically the string-basednethodsrely on linear
contiguity betweensuccessie symbolsin a string, andthe notion
of co-occurrencés somevhat vague. Either of theseconstraints
is enoughto precludestraightforvard representationf polyphonic
databasesHowever, SIA(M)ESE efficiently and effectively pro-
cessepolyphonicmusicandproducesnoreusefulinformationthan
the DP methods. In this paper we introducethe functionality of
SIA(M)ESE andhow it canbe adaptedo simulateotherrelated
algorithms.

2. THENEW ALGORITHM

We expressthe functionality of SIA(M)ESE by usinglogical for-
mulaeto malke it easierto understandheidea. This stageis called
SIA(M), for SIA(Matching). SIA [5] is expressedy the equation
(1), below. Letw representhetranspositiorvector Thenthestruc-
ture setS is computedrom the datasetD, beingary setof points
with ary numberof dimensions Thedimensionsnay be measured
on ary finitely expressiblemetricsolong asit is possibleto give a
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total ordering,<, onall the pointsin thevectorspacedefinedby D.
S(D) = {(0,X)[(zeX) = @
(zeD)AN(z+T€D)AN(z<z+7)}

Theideais to find all themaximalsubset®f D, whicharetranslated
by anon-zerovector 7, in the spacedefinedby D’s dimensionsto

anothersubsetof D. The ordering, <, preventswastageof effort

andduplicationof resultsby remaoving repetitionundersymmetry

The output, S, is in the form of a setof (vectorpoint-se} pairs,

relatingeachsubseto thevectorwhich translatest.

In SIA(M), wecomputethematchsetM using(2), from atemplate
set,T", whoseoccurrences thedatasetD, we wish to find:

M = {@,X)|(zeX) = )
(zeT)AJy((y€ D)A(z+v>y))}

Therearejust two small differencesbetweerthesepairsof defini-
tions. Themoresignificantis thatin SIA(M), thevectorsp, arenot
specifiedn termsof two points,z andz + v, in D orderedunder<
to avoid duplicationundersymmetryasin (1). Rather the vectors
aregeneratedrom two separatesetsof pointsinhabitingthe same
vectorspace:thetemplate, T, andthe dataset,D. The separation
of thesetwo setsmeansthat the efficiency measureof removing
equivalentsundersymmetryin generatind nolongermakessense,
thusabsencef the < termof (1) in (2). Theotherdifferenceis that
in (2) amorerelaxed notionof comparisoris admitted.

In the simplestcasewherethe aimis to find anexactoccurrencef
T in D, ~ in equation(2) is definedasidentity andanoccurrencés
foundif andonly if condition3M (({(v, M) € M) A (|M| = m))
is alsosatisfied.

It turns out that the expressionsabove can be implementedvery
efficiently so that finding all transposeccompletematchesfor a
k-dimensionaltemplateof size m in a k-dimensionaldatasetof
size n can be donein a worst-caserunning time of O(kmn +
knlogn), anotherversionfinds even the incompletematchesin
O(kmnlog(mn)) time. Thereforewe call theimplementingalgo-
rithm SIA(M)E, for SIA(M) Express

3. FINDING MATCHING DATA

To reasoraboutthestructureproducedy the SIA (M) E algorithm
to generatadescriptionsof matcheswith particularpropertiesbe-
tweenatemplateanda datasetwe introducethe notion of a cover.

This allows us formally to describethe correspondingelementsn

a match,and someuseful propertiesof coverswhich canbe used
to determineparticularkinds of match. The processwvorks by se-
lectingcoversof atemplatel” from M undera heuristicevaluation
function composedrom variouspossibleelements. Sincewe are
nov adding Selectionand Evaluationto SIA(M)E, we call this
completedalgorithmSIA(M)ESE.

3.1 Pattern Cover for a Matching Subset

Having computedM, we searchin it for acover of T. Theintuition

behindthe cover is that we want an optimal (in someappropriate
sense)set of fragmentarymatchesto our template,T’, suchthat

eachdatapointin eachof (thelargestpossiblesubsebf) T' andthe



sIA(M)ESE: An Algorithmfor Transpositioninvariant, PolyphonicContent-Baseusic Retrieval

matchingsubsetof M is accountedor exactly once. So a cover
describesone-to-onanappingbetweer(thelargestpossiblesubset
of) T' andthatsubsebf M againstwhichT hasbeenmatched.

Statednoreformally, acandidateoverC isasetof (vectordatapoint-
sed pairs(viz.,asubsebf M), theintersectiorof whosedatapoint-
setsis empty andnoneof whosedatapoint-setsontainsadatapoint
which maps,underthe translationof its associatedrector to the
samepoint asa memberof a differentdatapoint-sein C' underthe
translationof its own respectie vector:

((C € M) AVo1,v2, X1, X2({(V1, X1) € C) A
((v2, X2) € C) A (V1 # 2))

— ﬂEla:l,zz((:cl € Xl) A (£L‘2 € X2) A ((:cl = .CU2) V
(z1 +v1 = z2 +72))) ©))

Thecover, C, is the setof suchpairsthe union of whosedatapoint-
setsis thelargestout of the candidatecovers.

However, (3) will typically generatemary covers, with different
structuralproperties We needto beableto pick anappropriatene.
Often,wewill wantto usethesmallesttover—thatis, theonewhich

dividesthe patternup into fewestsggments.This is becausave are
working underthe assumptiorthatour datawill be coherentwhere
it doesnot containerrors,andbecauseave wantto find the closest
matchin the casewherethereis not a uniquesolution. In general,
it will be infeasibleto find the absolutelysmallestcover. Instead,
we usean algorithmwhich is a straightforvard specializationof

bestfirst search.In coherentasesthis techniqueis efficient, even

thoughit is search-basedsthe datasubsetwill belarge,andsoit

will berelatively easyto assemble completematch.

Inferring Matches and Differences. However, theremay be sev-
eral smallestcovers,andthey may have differentpropertieswhich
may be usefulin differentcircumstancesin the context of CBMR,
wewouldwantthesetsn ourcoverto match(almosttime-cortiguous
setsin thedata,sothatthey constitutea completemusicalunit. We
call thesethe time-minimalandthe time-maximalsmallestcovers,
respectiely. Notethatwhile theseandotherdata-dependemgrop-
ertiesmight be built in to the basicalgorithmsfor SIA(M) (and
SIA) we have chosento keepthemseparatérom the symmetrical
multidimensionakpecificatiorfor reason®f clarity andneatness.

4, SIMULATINGRELATEDALGORITHMS
In the literature, thereare only a few CBMR algorithmscapable
of matchingpolyphonicdata. In certaincasessomeof thosemay

be moreefficient than SIA(M)E (as,e.g., MoNOPOLY in finding

exactoccurrencesf amonophonidemplaten polyphonicdataset).
However, we claim that none of themis asflexible and versatile
CBMR algorithmas SIA(M)E. In the following, we illustratethis

by shaving how the working of the previous CBMR algorithms
canbesimulatedby usingSI A (M)E (withoutthe needof changing
its original time compleity). This is not the casethe otherway

around: noneof the previous algorithmscansimulatethe working

of SIA(M)E, atleast,not without major modificationleadingto a

considerabléncreaseof time compleity.

Gapping Simulation. Eventhoughit is anadwantageto be ableto
dealwith unlimited gaps,if desired,we cansimulatethe gapping
usedin [1, 2] with SIA(M)E. In this case,we usea mechanism
thatwe call labelling. We definea labelto be anattribute attached
to every datapoint, but which is not being consideredas another
dimensiorby SIA(M)E. Thus,we areableto representimensions
not exhibiting translationinvariance.

In this case, SIA(M)E attachesan extra label, K(p), for each
two-dimensionapoint p in the datase{the labelling mechanisnis
naturally generalizablgo ary n-dimensionaldataset). Let ot(p)
denotethe onsettime of datapoinp. ThemappingK is asurjection

to a range0,...,n', suchthat K(p1) > K(p2) if andonly if
the onsettime of datapoint p; occurslater than that of p»2, and
K(p1) = K(p2) if andonly if ot(p1) = ot(p2). Moreover, if
p1 andp, aretwo datapointssuchthatot(p1) < ot(p2) andthere
exists no datapointp suchthat ot(p1) < ot(p) < ot(pz2) then
K(p2) = K(p1) + 1.

Now, the modificationto SIA(M)E is slight. Recallthe formulae
abore. Having calculatedequations(2), insteadof observingif
thereis an M in M suchthat|M| = m, thetruth of thefollowing
sentenceashouldbe obsered:

3X  (((8,X) € M)A (IX] = m) ()
Apsercxm  p2((p2 € X) A (K (p2) — K(p1)] < 1))

wherer(X,7) denoteshe setof datapointsin the datasethatis

equakothetranslatiorof X byw andt istheallowablegap. Whereas
the allowing of a parametrizedpacingmakesthe string matching
approachmore comple, for SIA(M)E it doesnot have suchan

affect; it cause®nly aminor practicaloverheador the execution.

Multiple Simultaneous Templates. Simultaneoussearchingfor
multiple musicaltemplatesconsideredn [3], canalsobe solved
with SIA(M)E. Let T - - - Ty, betheh templatego be searchedor
in D, simultaneouslyWith SIA(M)E, thesolutionis very straight-
forward; it needsno modificationto the problemspecificationnor
to the implementation. We simply considerthe numberingof the
templatesasanotherdimensionto the problem. Becausehe points
in the datasehave a constantvalue alongthis dimensionijt is not
possiblefor ary two pointsp; andp; of two distincttemplatego be
translatablevith the samevector

5. CONCLUSION

Wehave aintroducedhefunctionalityof anovel efficientandversa-
tile transpositiorinvariantCBMR algorithmfor polyphonicmusic.
Indeed,SIA(M)ESE is generalizabl¢o ary arbitrary multidimen-
sional translationinvariant patternmatching problem, where the
eventscanbe representedby pointsin a multidimensionaldataset.
Thus,e.qg.,it is alsoapplicablein matchingbit-mapimages.All the
detailsof SIA(M)ESE will appeain acompletemanuscript.
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