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ABSTRACT

Thispapermescribeshedevelopmenbf apolyphonicmu-

sic retrieval systemwith the n-gram approach. Musical

n-gramsareconstructedrom polyphonicmusicalperfor

mancesn MIDI usingthepitchandrhythmdimension®of

music. Theseareencodedusingtext charactergnabling
the musicalwordsgeneratedo be indexed with existing

text searchengines.The Lemur Toolkit was adaptedor

thedevelopmenibf a demonstratosystemon a collection
of around10,000polyphonicMIDI performancesThein-

dexing, searctandretrieval with musicaln-gramsandthis

toolkit have beenextensiely evaluatedthrougha series
of experimentalwork over the pastthreeyears,published
elsavhere. We discusshow the systemworks internally
anddescribeour proposafor enhancement® Lemurto-

wardsthe indexing of “overlaying' asopposedo index-

ing a "bagof terms'. This includesenhancement® the

parseffor a’polyphonicmusicalwordindexer' to incorpo-
ratewithin documenpositioninformationwhenindexing

adjacentand concurrentmusicalwords. For retrieval of

these overlaying' musicalwords,a new proximity-based
operatorandarankingfunctionis proposed.

1. INTRODUCTION

N -gramshave beenwidely usedin text retrieval, wherea
sequencef symbolsis dividedinto overlappingconstant-
length subsequencesA characterstring formed from n
adjacentharactersvithin agiventext is calledann-gram.
N -gramminghasrecently beenadoptedas an approach
for indexing sound-relatedlata. An experimentalsystem
by [4] whichusedadatabasef folksongsallowedindex-
ing of the entire musicalwork. Using this approachfor
full musicindexing of monophonicdata, eachfolksong
of the databasevas corvertedinto a sequenceof pitch
intervals ignoring individual durations. Using a gliding
window, this sequenceavas fragmentednto overlapping
lengthn subsectionsThesen-gramswerethenencoded
as ‘text' wordsor ‘musicalwords', a term coinedby [4]
that we have continuedto adopt. Theseare basicallya
string of charactersvith no semanticcontent. As a con-
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sequencegachfolksong could be representeds a “text
document',andregulartext searchenginesanbeused.

Several studieshave investigatedthe use of n-grams
and information retrieval (IR) approachegor musicin-
formationretrieval (MIR) [4, 9, 7]. However, the con-
structionof n-gramshasbeenconfinedto monophonic
seqguences.We introduceda methodto obtain n-grams
from polyphonicmusicusingthepitch andrhythmdimen-
sionsof music,andthrougha seriesof experimentation,
therobustnes®f musicaln-gramswith polyphonicmusic
retrieval wasshaowvn [2].

ThelR processanbebrie y describedasednagen-
eral IR model. Informationitemsin a collectionarepre-
processednd indexed. During information retrieval, a
users queryis processe@ndformulatedto theformatre-
qguirementsof the indexed collection. Informationitems
thataremostsimilar to the querywould be retrieved and
presentedo the userbasedon a similarity computation.
Developmentson this basicmodel hasresultedin rather
diverselR models,but with the commongeneralempha-
sis of retrieving informationrelevantto a requestrather
thandirect specificationof a document.ModernIR sys-
temsincludesophisticatedndexing, searchingretrieving
technologiessimilarity computatioralgorithmsanduser
interfaces.We utilise thesefor our MIR system.

This paperis structuredasfollows: The approachto
constructingn-gramsfrom polyphonicmusic datausing
the pitch andrhythm dimensionof musicis presentedn
Section2. Section3 presentour polyphonicmusicre-
trieval systemdesign. The userinterface of our system
demonstratois shovn in Sectior4.

2. MUSICAL N-GRAMS

2.1. Pattern extraction

With polyphonic music data, the approachdescribedin

Section1 for generatingn-gramsfrom monophonicse-
guenceswould not be applicable,since more than one
note may be soundedat onepointin time. The approach
proposeddy usfor n-gramconstructiorfrom polyphonic
datais discussedrie y in this section. Polyphonicmu-

sic piecesare encodedas an orderedpair of onsettime

(in milliseconds)and pitch (in MIDI semitonenumbers)
andthesearesortedbasedon the onsettimes. Theremay
possiblybe a few differentpitchescorrespondindgo one
particularonsettime with polyphonicmusicdata.Pitches
with the sameor similar onsettime togetheras musical
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Figure 1. Excerptfrom Mozart's ‘Alla Turca' andthefirst
few eventswith onsettimesandpitches

eventsaregroupedogether Usingtheglidingwindow ap-
proachasillustratedin Figurel, thissequencef eventsis
dividedinto overlappingsubsequences n differentadja-
centevents eachcharacterisetly auniqueonsetime. For
eachwindow, we extract all possiblemonophonicpitch
sequenceandconstructhecorrespondingnusicalwords.
Thesewordswould be usedfor indexing, searchingand
retrieving from a polyphonicmusiccollection.

Interval representationf pitchesj.e., thedifferenceof
adjacenpitchvalues areusedratherthanthepitch values
themseles, owing to their transposition-imariance. For
a sequencef n pitches,we definea sequencefn 1
intervalsby

Interval; = Pitchj+;  Pitch;: Q)

Figure 1 illustratesthe patternextraction mechanism
for polyphonicmusic: The performancedataof the first
few notesof a performanceof Mozart's "Alla Turca' was
extractedfrom a MIDI file andcorvertedinto a text for-
mat,asshowvn atthe bottomof Figurel. Theleft column
containsthe onsettimes sortedin ascendingorder, and
the correspondingnotes(MIDI semitonenumbers)rein
the right column. Whenusinga window size of 3 onset
times, we getoneinterval sequencéor the first window
[ 2 1], onefor thesecondwindow [ 1 1] andtwo for
thethird window, [1  12] and[1 3]. The polyphonicdata
in thefourthwindow givesriseto 4 monophonigitch se-
guenceswithin thiswindow.

. Onset+2  Onsef+
Ratio; = : 2
ato; Onset,;  Onset @

AlthoughMIDI files encodethe durationof notes,we
do not take the actualor perceved durationof notesinto
considerationas this is nearly impossibleto determine
from actualperformance®r raw audiosources.By con-
trast,onsettimescanbe identified morereadily with sig-
nal processingechniques.

For a sequencef n onsettimeswe obtainn 2 ra-
tiosusingEgqn2 andn 1 interval valuesusing Eqn 1.

An n-gramrepresentationvhich incorporatesoth pitch
andrhythminformationusingintervals(l ) andratios(R)
would be constructedn theform of

“Ih 2Rn 21h 1l 3)

Using the exampleof Figure 1, the combinedinterval
andratio sequencefrom thefirst 3 windows of length3
are[ 21 1],[ 111],[11 12 and[11 3]. Notethat
thefirst andlastnumberof eachtuple areintervalswhile
themiddlenumberis aratio.

[|1R1 -

2.2. Pattern encoding

In orderto be ableto usetext searchenginesthe n-gram
patternshave to be encodedwith text characters. One
challengethat arisesis to find an encodingmechanism
that re ects the patternswe find in musicaldata. With
large numbersof possibleinterval valuesandratiosto be
encodedandalimited numberof possibleext representa-
tions,classe®f intervalsandratiosthatclearlyrepresena
particularrangeof intervals andratioswithout ambiguity
hadto be identified. For this, the frequeng distribution
for the directionsand distancesf pitch intervals andra-
tios of onsetime differenceghatoccurwithin thedataset
wereobtained.Thefrequeng distribution of all occurring
intervals(in unitsof semitonespf 3096polyphonicMIDI
files wasanalysed Accordingto thedistribution, the vast
bulk of pitch change®occurswithin oneoctave (i.e., with
semitonadifferencesetween 12 and+12), andagood
encodingshouldbe more sensitve in this areathan out-
sideit. We chosethe codeto be the integral part of a
differentiablecontinuouslychangingfunction,the deriva-
tive of which closelymatcheghe empiricaldistribution of
intervals.

C(I) = int (X tanh(1 =Y)); (4)

whereX andY are constantand C(l) is the codeas-
signedto theinterval | . Thefunctionint returnsthe inte-
ger portion of its algument. X hasthe effect of limiting
thenumberof codes andwith 26 letters(a-z) adoptedor
the study it is accordinglysetto 27 in our experiments.
Y is setto 24 for this achievesa 1:1 mappingof semi-
tonedifferencesn therangef 13; 12:::;13g. In ac-
cordancewith the empiricalfrequeng distribution of in-
tenalsin this data-setlessfrequentsemitonedifferences
(which arebiggerin size)aresquashe@ndhave to share
codes.The codesobtainedarethenmappedo the ASCII
charactewaluesfor letters. In encodingthe interval di-
rection,positive intervalsareencodedasuppercaséetters
A Zandnegativedifferencesreencodedvith lowercase
lettersa z, the codefor no differencebeingthe numeric
characteD.

The frequengy of the logarithmof all occurringratios
of the datacollectionin the senseof Eqn 2 was anal-
ysed.Peakslearly discriminatedratiosthatarefrequent.
Mid-points betweenthesepeakratios were thenusedas
the bin boundarieswhich provide appropriatequantisa-
tion ranges. Ratio 1 hasthe highestpeak, as expected,



andotherpeaksoccurin asymmetricafashiorwhere for
every peakratio r, thereis a symmetricalpeakvalue of
1=r. Fromour dataanalysisthe peaksdentified asratios
greatetthanl are6/5,5/4,4/3,3/2,5/3,2,5/2,3, 4 and5.
Theratio 1is encodedsZ. Thebinsfor ratiosabove 1, as
listedabove, areencodedvith uppercaséettersA | and
ary ratio above 4.5 is encodedas Y. The corresponding
binsfor ratiossmallerthan1 aslisted above areencoded
with lowercasdettersa i andy, respectrely.

Musical words obtainedfrom encodingthe n-grams
generatedrom polyphonicmusicpieceswith text letters
areusedin the constructiorof index files. Queriesgither
monophonicor polyphonicare processedimilarly. The
gueryn-gramsare usedas searchwordsin atext search
engine.

2.3. N -gramming strategies

Severalproblemshadbeendentifiedin theuseof n-grams
with polyphonicmusicretrieval. Theseproblemsandso-
lutions weretested.We carriedout evaluationswith sev-
eral possibleindexing mechanism¢2, 3]. In this subsec-
tion we summariseour conclusionsrom the evaluations
thatinformedin our systemdesign.

2.3.1. Pathrestrictions

Whenthewindow sizen is large or whentoo mary notes
couldbesoundedimultaneouslythenumberof all mono-
phoniccombinationsvithin awindow becomegarge. Con-
sider for example,the caseof n = 5, with ten differ-
ent notesplayedat eachof the 5 onsettimes. As are-
sulttherewould be 10° = 100; 000differentmonophonic
pathsthroughthis window: this appeargo beanimprac-
tical way of indexing a tiny bit of music! In this casewe
suggestestrictingthe possiblecombinationgo variations
of upperandlower envelopesf thewindow, i.e., we only
allow monophonisequencewhichrunthroughthehigh-
esttwo notesper event (variationof the upperernvelope)
or whichrunthroughthelowesttwo notesperevent(vari-
ation of the lower ernvelope). In the abore examplethere
would only be 2 25 = 64 differentmonophonicpaths
throughthis highly polyphonicpassagef music.

2.3.2. PositionInformation

Proximity-basedetrieval hasbeenwidely usedwith text.
In generalproximity informationcanbe quite effective at
improving precisionof searchefl]. Adoptingits usewith
musicdatahasbeenvery limited — a preliminary study

performedby [7] usingmonophonicmusicalsequences.

Apart from just storingthe documentd, the locationfor
the occurrenceof a term or within documentposition(s)
canbeaddedo theindex data.With exactpositionswhere
aword appearsn atext, single-word queriescan be ex-
tendedasa phrase.A morerelaxedversionof the phrase
queryis the proximity query In this case,a sequencef
singlewordsor phrasess given,togethewith amaximum
allowed distancebetweenthem. The wordsand phrases
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Figure 2. PolyphonicMusic Retrieval SystemOvervien

may or may not be requiredto appearin the sameorder
asthe query Thefirst word's locationis identified andif
all termsarefoundwithin a particulardistance the term
frequeng is incrementedor the givenphrasequery[1].

In consideringvithin documenpositionandadjacenyg
of termsfor polyphonicmusic,not only the listeningor-
der'/"playingorder' basedn thetimelinethathasto con-
sideredbut alsothe concurreng of this “order'. The only
sequentiallythat hasbeenpreseredwith the n-gramap-
proachfor musicalwords generationvhenindexing has
beenn contiguousnotes[7]. Polyphonicmusic would
requirea new approachiowardsindexing positioninfor-
mationusing “overlaying' positionsof polyphonicmusi-
cal words. This would take into consideratiorthe time-
dependenaspecbf polyphonicmusicalwordscompared
to indexing a "bag of terms'. In using the n-gram ap-
proachtowardsindexing polyphonicmusic,apartfrom the
adjacentmusicalwords generatecdbasedon a time line,
wordsmaybegenerated¢oncurrentlyata particularpoint
in time. Preliminaryinvestigationperformed[3] empha-
sizesthe needfor a “polyphonic musicalword position
indexer'.

3. POLYPHONIC MUSIC RETRIEVAL SYSTEM

The scopeof our MIR systemis to retrieve all similar
piecesgiven eithera monophonicor polyphonicmusical
gueryexcerpt. For musicsimilarity assumptionsgvalua-
tion of the approachesave beenbasedon the relevance
assumptiorusedby [9]. The polyphonicmusicretrieval
systemdesignis shovn in Figure2 andthefollowing sub-
sectionglescribethe processeshawvn.

3.1. DocumentPreprocessingand Indexing

The documentcollection used containedalmost 10,000
polyphonicMIDI performancesTheseweremostly clas-
sical music performancesvhich hadbeenobtainedfrom

thelnternetfhttp://www.classicalarchies.com] Filesthat
convertedto text formatswith warning messagesn the
validity of the MIDI file such no matchingoffset' for a
particularonsetby the midi-to-text corversionutility [6],

werenot consideredor thetestcollection.



allow a userto combinethe specificationof strings (or

Index Pos. Pitch Rhythm n Y #R.Bins
PPR4 yes yes yes 4 24 21
PPR4ENV vyes yes yes 4 24 21
PR3 no yes yes 3 24 21
PR4 no yes yes 4 24 21
PR4ENV no yes yes 4 24 21
PR5ENV no yes yes 5 24 21

patternswith the specificationof structuralcomponents
of the document. Apart from the classiclR models,IR
modelsthatcombineinformationon text contentwith in-
formationon the documenstructurearecalledstructured
text retrieval models® [1]. Following areoperatorswithin
Lemurthatweretested:

Table 1. Musicalword formatandindex file variants

Documentsrepreprocessedsingourn-gramapproach
with several variantsof indexes are developedbasedon
the stratgyies describedin Subsection2.3. Queriesare
usually subjectedo the samekind of processing.Index
mechanismghat combinevarious elementswere evalu-
atedandfollowing arethoserecommendedrom our in-
vestigation:

PR3,PR4: Thepitchandrhythmdimensionsareusedfor
then-gramconstructionasdescribedn Subsection
2.1.n = 3orn = 4 werevaluesof n adopted.For
interval encodingthevalueof Y in Eqn4 is setto
24. Fortheratioencodingall 21 binrangeghathad
beendentifiedassignificant,aslistedin Subsection
2.2,wereused.

ENV assufiix: Thegeneratiorof n-gramsis restrictedo
the variationsof the upperandlower envelopesof
themusic,asdiscussedh Subsectior?.3.1.

PPR4: Incorporationof positioninformationto PR4 as
discussedn Section2.3.4.

Table1 shavs a summaryof the usedword andindex
file formatslisted in alphabeticabrder (with Pos. indi-
catingif positioninformationis includedwith the index
data).

3.2. Query Processingand Formulation

Both monophoniandpolyphonicqueriescanbe madeto
theindexedpolyphoniccollection. Themusicalwordsob-
tainedfrom the querydocumentcanbe queriedasa bag
of termsagainstthe collectionindexedin the sameway.
What is currently being investigatedare queriesformu-
latedasstructuredjuerieso bequeriedagainsthecollec-
tion indexedwith theincludionof positioninformation.

3.2.1. Bag of terms

Queriesareprocesseth thesameapproacho theindexed
collection. Themusicalword formatvariantsarelistedin
Table1. Adjacang and concurreng informationof the
musicalwordsarenot considered.

3.2.2. Internal Structued QueryFormat

Theuseof thevariousproximity-basedndstructuredjuery
operatorsavailablewithin [5] arecurrentlybeinginvesti-
gatedfor the inclusionto the system. Querylanguages

SumOperator#sum(Ty ::: T,) Thetermsor nodescon-
tainedin thesumoperatomaretreatedashaving equal
in uence onthefinal result. The belief valuespro-
vided by the algumentsof the sumare averagedo
producethebelief valueof the#sumnode.

OrderedDistanceOperator#odN(T1 ::: Tp) Thetermswithin

anODN operatomustbefoundin arny orderwithin
a window of N words of eachotherin the text in
orderto contritbuteto thedocuments belief value.

A few initial testsusingthe known item searchwith
the ODN operatorshaved, as expected,a poor perfor
mance Retrieval usingmorecomple queryformulations
werethenlookedinto [3]. A monophonidhemeextracted
from Figurel wasencodeds:
bZaZzAazZAZCAZCIB CIBib BibZabZaZzAaZAZD AZ-
DIA DlAia AiaZaaZaZAaZAZGAZGZb GzbzabzazA
aZAZB AZBZb BzbZabZazAazAZC
The querywasthenreformulatedas (This reformulation
would be doneautomaticallyby the systeminternallyand
would betransparento theuser):

#SUM( #ODN3(bZaZAaZAZC)
#ODN3(AZCIB CIBib)

#ODN3(bZaZAazZAZC))

Basedntheanalysisof ourretrieval resultg3], amore
specificoperatoifor musicretrieval is requiredandthein-
troductionof MODN (Musical OrderedDistanceOpera-
tor) is discussedh the following subsection.

3.3. Similarity Computation

Themainaimof thesystenisto retrieveall similarpieces,
given a monophonicor polyphonicmusicalexcerptasa
gueryandusingtherelevanceassumptioradoptedoy [9].
Currently the systemretrievesbasedon the vectorspace
IR model. Ongoingwork in adaptingthe structuredre-
trieval modelfor proximity-basedetrieval is discussedn
thesecondpartof this subsection.

3.3.1. ectorspacemodel

To index, searchandretrieve, the Lemur Toolkit wasse-
lectedastheresearchool asit supportech numberof IR

1In usingthe Booleanmodel,a classiclR model,for a query'white
house'to appearnearthe term “president’,it would be expressedas
['white house'andpresident'].ClassiclR modelsincludethe Boolean,
vectorspaceand probabilisticmodels[1]. A richer expressionsuchas
“same-page(near("'whit®use"president')))' wouldrequireastructured
querylanguage.
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modelswhichweinvestigatedor MIR. Modelssupported
includetheuseof languaganodelg(basednaprobabilis-
tic approachyandthe vectorspacemodel. Similar to the
findingsfrom thestudyby [7], thelanguagemodellingap-
proachdid not performaswell with musicaln-gramsand
teh vectorspacemodelwasadopted.Details of adapting
thismodelin Lemurarediscussedn detailin [10].

3.3.2. Structuedretrieval modelandpolyphonicposition
indexing

For proximity-basedretrieval, the structuredquery lan-
guageprovidedby Lemurwasinvestigatecndin thissec-
tion we discussthe enhancementseingtestedfor poly-
phonicmusicretrieval.

Usingthefirst five onsetsof the musicexcerptin Fig-
ure 1, the documentgeneratedrom our polyphonictext
documengeneratowould be similar asthe bagof terms
shavnin Subsectior8.2.2. Thepolyphonictext document
generatois thetool we developedmodulesaddeduo util-
ities by GN MIDI Solutions[6]) for the corversionof a
polyphonicMIDI file into a polyphonicmusicaltext doc-
ument. This was enhancedo output “overlaying' posi-
tions. The parserin [5] hadto be modifiedto parsethese
new positioninformationformat. 'Overlaying' positions
as shown in Figure 3 would needto be recordedby the
index.

The existing proximity-basedoperatorODN retrieves
only documentghat containall querytermsin the simi-
lar orderwithin a given proximity distanceareretrieved.
Interceptingonsetsfrom a polyphonic documentwould
generaten-gramsthataredissimilarto its corresponding
monophonicquery resultingin non-retriezal of relevant
documentsErroneosjuerieswould alsogeneratelissim-
ilar n-gramsfrom the relevantdocument.A “musicalor-
dereddistanceoperator'(MODN) shouldenablethis dif-
ferencebetweenn-gramsgeneratedrom the query and
therelevantpolyphonicdocumento bere ectedby asim-
ilarity measure3], i.e., retrieval that partially satisfies
gueryconditionswould beneededRanledretrieval should
be basedon the numberof query termsfound within a
given proximity distanceand not the condition that all
termsmustbe found within a given proximity distance
Therequiremenbf MODN thereforewould beto retrieve

<DOC q1> <DOC g2>

# MODN # MODN

3 3

LPAREN LPAREN

1p ip

2q 2q

3r 2r

RPAREN 3s
RPAREN

Figure 4. QueryDocuments

documentdasednarankwherebydocumentshatmatch
the querywith the TheHighestnumberof queryn-grams
within a givenproximity distancewvould beretrievedwith
thehighestrank,i.e.,rank 1.

We are currentlyinvestigatinga simple scoringfunc-
tion basednthenotionof “fuzzy matchpoints' for MODN.
Thereforein formulating a scoringfunction for MODN,
we startat the very beginning andlook at the notion of
matchpointsfor term or phrasefrequenciesnstead[1].
The term matchpoint definedby [1] refersto the posi-
tion in thetext of a sequencef wordswhich matchegor
satisfies)the userquery If a string appearsn threepo-
sitionsin thetext of a document; , we saythatthe doc-
umentd; containsthreematchpoints. With MODN, we
continueto look at matchpointsbut the matchpointsfor
polyphonicmusicaldocumentsvould be the positionin
thetext documenthat matcheghefirst term available of
the querysequenceApart from assigninga matchpoint
only basedn thefirst term of the querysequenceary of
thefollowing termsin the querysequenceanassumehe
first positionif ary of the prior termsdo not exist in that
particularsequence For the scorecalculation,1 pointis
givenasascorefor thefirst termfrom thequerysequence
thatis foundin atext documentndl pointfor eachof the
following termthatis foundwithin the givenproximity.

This scorecalculationis shavn usingthefollowing ex-
ample.Two samplequeriesgl (amonophoni@juery)and
g2 (apolyphonicquery)aregivenin Figure4. Thequery
documentsare shown in the format requiredby Lemur's
parser For anexampleof four relevantdocumentsp1: 1
P292r3r4s4t,D2:1p29g3x4y,D3:1p2g3p4
g5randD4: 1p2g3a4b5¢c6d7r8p9ql0r,the
scoredor eachof thesedocumentgor eachof thequeries
would be asfollows:

Therelevancescoresof thedocumentdor gl are: D1
=5 (from sequence§p g r) and(p r)), D2 = 2 (from se-
quence(p q)), D3 = 6 (from two sequencefp qr)), and
D4 =5 (from sequencef q) and(p qr)).

Therelevancescoresf thedocumentsor g2 arebased
ontwo monophonicsequences (pgs)and(prs): D1 =
9 (from sequencegp q s), (prs)and(prs)), D2=2
(sequencép,q)), D3 =4 (2 sequencef q)), andD4 =6
(sequencefp q), (p q) and(pr)).
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4. SYSTEM DEMONSTRATOR

The screenshotsof our early polyphonicmusicretrieval

systemdemonstratois shavn in Figure5. Apartfrom se-

lectinga poly/monophoniaIDI file from the dialogbox

provided, a query input can also be madevia a “graph-
ical keyboard' enablingmonophonicperformancenputs

only. MIDI files generatedavill be processetby the musi-

cal documenieneratodiscussedubsectior8.3.2. gen-

eratingquerytermsin thesameormatastheindexeddoc-

umentsasshowvn in Table1. The screenshotshaws re-

trieval resultsasatext file with arankedlist of documents.
For theretrieval shavn, the musicaltext documentsvere

indexedwith thePR4ENVformatwith Lemurversionl.9.

The systemis currentlybeingtestedwith Lemur Version
2.2 beingenhancedor the inclusion of the new musical

wordsparseyMODN andits scoringmodule.Futurework

includesevaluationof this.

Thisdevelopmentvorkis partof theMultimediaKnowl-
edgemenResearcl@roup's framework for content-based
informationretrieval. Figure6 shavs the QBH interface
developedwhere one can hum a query which would be
transcribedy apitch trackerwritten by [8] andcorverted
to PR4AENV Futurework alsoincludesintegratingthisand
otherinterfacesto musicinputsthathave beendeveloped
includeatext contourinput andpolyphonicaudiofile in-
put[http://km.doc.ic.ac.ukio the currentearly prototype.

5. CONCLUSION

We have outlineda polyphonicmusicretrieval systemde-
sign and describedts developmentin detail. Thesein-
clude details of the documentpreprocessin@nd index-
ing, query processingand formulation and the similar
ity computationusingmusicaln-gramsfrom polyphonic
musicdata. An early prototypehasbeenshovn andwe
are currently investigatingenhancement®r incorporat-
ing proximity-basedetrieval.
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