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ABSTRACT
The Music Information Retrieval methodscan be classifiedinto
online and offline methods. The main drawback in most of the
offline algorithmsis thespacetheindexing structurerequires.The
amountof datastoredinto thestructurecanhowever bereducedby
storingonly thesuitableindex termsor phrasesinsteadof thewhole
contentsof thedatabase.

Repetitionis agreedto be one of the most important factorsof
musicalmeaningfulness.Thereforerepetitive musicalphrasesare
suitablefor indexing purposes.Theextractionof suchphrasescan
be done by applying an existing text mining methodto musical
data.Becauseof thedifferencesbetweentext andmusicaldatathe
applicationrequiressometechnicalmodificationof themethod.

This paperintroducesa text mining-basedmusicdatabaseindexing
methodthat extractsmaximal frequentphrasesfrom musicaldata
and sorts them by their length, frequency and personality. The
implementationof themethodfoundthreedifferenttypesof phrases
fromthetestcorpusconsistingof Irishfolk musictunes.Thesuitable
two typesof phrasesoutof threeareeasilyrecognizedandseparated
from thesetof all phrasesto form anindex datafor thedatabase.
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1. INTRODUCTION
The Music InformationRetrieval (MIR) methodshave developed
rapidly sincethe introductionof the Query by Humming system
[6]. Sincethen the main interesthasmoved from the signalpro-
cessingtasksto representationalandalgorithmicissues.Also some
aspectsof musicologyandcognitive psychologyhave beentaken
into consideration.

The MIR methodscanbe classifiedin many waysusingdifferent
criteria. Oneof themostfundamentalwaystoclassifyMIR methods
is to divide theminto thosethat processdigitalizedaudiosignals
usingdigitalsignalprocessingmethodsandthosethatprocessdigital
symbolicrepresentations.Becauseof thecomplexity of polyphonic
signals,mostof the MIR systemsusesymbolicrepresentationsof
musicaldataas their inner representations.Suchrepresentations
usuallyareprocessedbyusingvariationsof existingstringmatching
algorithms.

Thereareseveral differentsymbolic representationsusedasinner
representationsin MIR systems.The first MIR methodsusedthe
threeletter alphabetdescribingthe melodiccontourof the mono-
phonicmelody[6]. Eventhoughmostof theexistingrepresentations
describeeachnotewith oneor moresymbols,therearealsosome
compressedrepresentationsin which theobjectdescribedis a com-
binationof sequentialnotes [4, 3]. The functionality of mostof
themethodsuseddependsstronglyon thestructureof therepresen-
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tation andapplyingthemto processotherrepresentationsrequires
modificationsto the method. However therearefew methodsthat
arealsocapableto processasetof differentrepresentations[9, 10].

Anotherquite fundamentalclassificationof MIR methodsis based
on theuseof indexing. In theonlinemethodsthewholedatabaseis
processedwhenexecutinga querywhile in theoffline methodsthe
queryis executedusingthe index. Even thoughthereareefficient
index structureslikesuffix-tree [12], in many casesthewholeindex
requirestoo muchspace.Thereforethereis a needfor new kinds
of methodsthatalsoreducetheamountof thedatastoredinto the
index structure.

Thereare certainsimilarities in the useof text and musicaldata
which allow alsoapplyingtext mining methodsto processmusical
data.Whenapplyingsuchtext processingmethods,onehasto take
careof thetechnicaldifferencesbetweentext andmusicaldata.The
main differencesinclude polyphony, multidimensionalityof data
items,andtranspositioninvariance.

Thispaperintroducesatext mining-basedindexing methodfor sym-
bolic representationof musicaldata.Themethodextractsmaximal
frequentpatternsfrom musicaldataandsortsthemby their length,
frequency and personality. The found phrasesor somesubsetof
themcanbestoredinto theindex structureandusedasindex terms
in theMIR system.

2. INDEXING MUSIC DATABASES
As mentionedabove, MIR methodscan roughly be categorized
into online andoffline methods. The offline methodscanalsobe
dividedinto two groupsonthebasisof thedatastoredinto theindex
structure.Mostof theoffline methodsuseindexing whichstoresthe
whole contentsof the databaseinto a moreefficient structurelike
a suffix-tree [12] or its variants [4]. The main drawbackof this
approachis the amountof spacesuchan index structurerequires
[7]. Thereforethe sizeof the structureis often reducedby using
simplealphabets[4, 3].

Anotherapproachto indexing is to usesimilar structuresbut store
only somepartsof the datainto it, so the reductionof index size
doesnot limit thealphabet [8]. In this approachthemostdescrip-
tive musicalpatternsareextractedfrom thedataandusedasindex
terms. Eventhoughthedatamight includemany long meaningful
patterns,thereductionof theamountof datais considerable.If the
dataincludesmany meaningfulpatterns,thesemayalsobesortedby
someof their properties.Becausetherepetitionis widely agreedto
beoneof themostimportantfactorsthatindicatethemusicalmean-
ingfulnessof thephrase,theextractionof themeaningfulphrasesis
doneon thebasisof repetitionin thiswork.

The extractionof repetitive patternsis of interestalso in the area
of text mining. Whenthe analyseddatais semi-or unstructured,
theimportantindex wordsor phrasescannotbeidentifiedusingthe
knowledgeof thetext structure.Becausethemosttypical symbolic
representationsof musicaldatacanbeseenasunstructureddata,the
methodsdevelopedfor theneedsof text miningmayalsobeapplied
to musicalcontexts.
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Ahonen-Myka [1] hasintroduceda text mining algorithm,which
extractsmaximal frequentsequencesfrom unstructuredtext data.
Becauseof the propertiesof the Ahonen-Mykamethod,it is suit-
ablefor indexing unstructuredmusicaldata,aswell. However, the
differentcontext requiressomemodificationsandaddedpartsto the
algorithm.

3. APPLYING TEXT MINING METHODS
TO MUSICAL DATA

Theideaof applyingthetext mining methodto musicalcontexts is
basedon somesimilaritiesbetweenmusicalandtext data.Musical
dataiscomparableto text for many reasonsin spiteof thedifferences
betweenmusicandlanguageasphenomena.First,bothmusicaland
text dataareconsideredto behierarchical– thesentencesor terms
andmusicalphrasesconsistof smallerunits like letters,wordsor
notes. Second,in both musicalandtext data,the orderof units is
of importance.Third, it is possiblethat therearesomeadditional
units betweenthe units of the meaningfulphrase. In musicsuch
additionalunitsareornamentsfor example.

Thewaysmusicandlanguageareusedalsohave somesimilarities.
Repetitionis of high importancein conversationbut alsoin written
text. Theimportantideas,opinionsor factsarestressedby repeating
them with somevariation. Even though in music there are no
suchdirectopinionsof facts,repetitionstill hasquitean important
meaning– repeatingpatternsareusedasthemesor hooks.Themes
andhooksusuallyoccuralsowith or withoutvariationandareeasily
remembered[2].

In addition to repetitionthe variation andcontrastsare also used
whendrawing one’sattentionto importantideas.Burns [2] stresses
that repetitionactuallyis quite insignificantwithout its counterpart
variation.Themorecontrastingthevariationis, themorelikely it is
to benoticed.However, thepurevariationwithout any repetitionis
correspondinglymeaningless.

Whenapplyinga text mining methodto musicaldata,onehasto
takecareof theabove-mentionedtechnicaldifferencesbetweentext
andmusicaldata. Two differentapproacheshave beenintroduced
to the processingof the polyphonicdata. The simpler way is to
processeachvoiceseparately[11]. This approach,however, does
not find patterns,which occurbetweendifferentvoices. Another
approachis to give a total orderingon all the notes [9]. In this
approacha suitablegapsouldbe allowed betweenthe note items
whenmatchingthepattern.

Themultidimensionaldatacanberepresentedusingsetsor vectors
[9] thatdescribedataitems. In patternmatchingthematcheditems
arewhole setsor vectorsinsteadof individual lettersor numbers.
Eventhoughsomedimensionsin setsorvectorsmightrepresenttime
events, their effect on patternmatchingcan easily be eliminated
calculatingthe distinction betweentwo vectorsor setsinsteadof
usingabsolutevectorsor sets.

Usingsuchcalculatedrelativesetsorvectorsalsosolvestheproblem
of transpositioninvariance– thesimilar themesstartingfrom differ-
entpitchesshouldbe recognizedto be thesame.Even thoughthe
absolutepitchvaluesof notesarenot thesame,therelationbetween
pitchesstayssimilar. Becausethe relative vectorsrepresentthese
relations,themesarerecognizedto betransposesof eachother.

4. EXTRACTING PHRASES FROM MUSI-
CAL DATA

The indexing methoddescribedin this papermanagesbothhomo-
phonicandpolyphonicdata. In the inner representationthe prop-
ertiesof notesarerepresentedasvectordimensions.Thereforethe
algorithmis capableof handlingmany kindsof numericalsymbolic
representationsof music.

The basicideaof the algorithmis to extract maximalfrequentse-
quencesfrom thegivenmusicalpieceandsort themby their prop-
erties.Thesequences,whicharenotsubsequencesof alreadyfound
maximalsequences,areexpandedto bemaximal. A maximalfre-
quentsequenceis thena sequence,which appearsat least � times
in a pieceandwhich is not containedin anothermaximalfrequent
sequence.

The sequencesare repeatedlyconstructedfrom shortersequences
until all the sequencesof the samelengthareeithersubsequences
of somemaximal frequentsequenceor not frequent. Theremay
be at most � dataitemsbetweenitemsof sequence,enablingthe
treatmentof thepolyphonicdata. Both � (frequency) and � (gap)
valuesaredefinedby theuser.

The extractionalgorithmis basedon the Ahonen-Myka [1] algo-
rithm with someextra phases.The technicalrequirementsof the
musicaldatahavealsobeentakencareof. Thealgorithmconsistsof
threeparts:thetechnicalpreprocessingphase,thediscovery phase,
andthesortingphase.

Thealgorithmtakessymbolicrepresentationsof musicaldata,such
asMIDI, asits input andusestheabove-mentionedrelative vectors
asits innerrepresentation.Thepropertiesof thedataitemsthatare
usedasvectordimensionsaredefinedby theuser.

4.1 Definitions����������� �!��"#�
1. $&%('�)+*-,/.102)435.!6�798:,;7<65=4)+>5,?>5,:@;=A358CB�D�)+0C=�EF,G'5)+02%

=4)�.!@;=4)H35.�B�IFJ�B�KML2,/=4NO,P,/.Q=4NR3MS�%('�)+*-,/.102)435.!6�7�>5,:@;=A358/0TB�KU65.!'VB9I�W
����������� �!��"#�

2. XYEF,�8:,;7<65=4)+>5,Z'965=A6Q0[,/=]\ D )+0�6�.&358^'�,/8P,:'�0;,/=
3(_`8:,;7<65=4)+>5,`>5,:@;=A35820aB D W

����������� �!��"#�
3. b?E�8:650;,?c�)+0`65.d358:'9,/8P,:'e0;,/=V3^_`8P,;7<65=4)+>5,`>5,P@[%

=A3�8/0aB DHf E�65>g)+.�hQ6-*Z6gi5)+*Z6�7
h962jk3^_G�lL/,/=4N?,P,/.�,/>5,/82m-0;,Pn;oF,/.1=4)H6�7
>5,:@;=A358MB D W

����������� �!��"#�
4. b?E�8:650;,?pq)+0V6`02o1L(j1E�8:650;,r3^_Cj1E�8:6�0[,�cs) _a,:69@2E

8:,;7<65=4)+>5,�>5,:@;=A358aB�DO)+.-ps62j9j1,:658`)+.t=�EF,`0/65*q,�358^'�,/8�6�7 0/3-)�.`cTW
����������� �!��"#�

5. b?E�8:650;,�cu)+0v_/8P,:n;oF,/.F=Z)�.w=�EF,s8:,;7<65=4)+>5,x'�65=A6
0;,/=T\ D ) _Ccy6/j9j1,:65820�65=O7 ,:650P=O)�.-�z7<3g@P65=4)H35.10r)+.e\ DAf �wL2,/)+.�hq=�EF,
h5)�>5,/.{_28P,:n;oF,/.!@;mQ=�E�8P,/0^E13�7<'9W

����������� �!��"#�
6. b?E�8:650;,Gc|)+0�6e*q6[i5)+*q6�7�_28P,:n;oF,/.F=]j1E�8:6�0[,Z)+.

\ D f ) _O=�EF,/8:,v'93},/0V.!35=T,:i5)+0P=T65.FmVj1E�8:650;,?pZN�E�)H@2EZ)+0V6�7 0/3?_28P,:n;oF,/.F=
)�.�\ZDV6�.!'Vc�)�0r6q02o1L(j1E�8:650;,Z3^_GpFW
4.2 ConversionPhase
Theconversionphaseincludesconversionfrom MIDI datato inner
representationwhich presentsevery noteasa vector. In this phase
theneededrelativevectorswithin thelimit of thegapvaluearealso
calculatedandstoredinto thetablestructure.After theconstruction
of the table, the unfrequentrelative vectorsare removed because
they cannot form any frequentphraseseither. Thetableof frequent
relative vectorsis thenusedin severalsituationsin themainphase.
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4.3 Discovery Phase
Thediscovery phaseis verysimilar to theAhonen-Mykaalgorithm
[1]. The first preprocessingphaseusesthe relative vectortableto
form frequentpairswithin the limit of the gapvalue. The found
pairsandtheir locationsarestoredinto the ¦ -Gramsset.
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Themainphasetakesthe ¦ -Gramssetasits input. For eachround
of themainloop eachgramin the S -Gramssetis first comparedto
thephrasesin themaximalfrequentphrasesetMax. If thegramis
not a subphraseof any of the foundmaximalfrequentphrasesit is
thenexpandedto bemaximal.Thefoundmaximalphraseandall of
its locationsarestoredinto thesetMax.

If the gramwasalreadymaximalbeforethe expansionphaseit is
removed from the S -Gramsset. The remaininggramsare joined
to eachotherto form S`�½� sizedgramswhich arethenstoredinto
the new k-Gramsset, the valueof S beingnow increased.When
storingthegramsinto theset,theunfrequentnew gramsarebeing
removed. Thealgorithmstopswhenall of thegramsareremoved
from the S -Gramssetbecauseof their unfrequency or maximality.
The S -Gramssetcanalsobeprunedbeforethejoining phase.
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The expansionphasetakes a gram c as its input and repeatedly
searchesfor thenew frequentgram p , ¤ p1¤ being ¤ c�¤g�½� . Thegram
c canbeexpandedby addingonevectorat thebeginning,endor in
themiddleof thegram. Thepossibleexpansionvectorsarefound
from thefrequentrelative vectortable.
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The joining phasejoins S sizedgramsto form S{�·� sizedgrams.
Pereachtwo gramscQÂz� K[Ä[Å<Å<Å<Ä �FÆ and prÂzÇ KgÄ[Å<Å<Å<Ä ÇgÆ thealgorithm
examinesif thesubgramsc D Â·�1I Ä;Å Å<Å<Ä � Æ and p D ÂwÇ5K Ä[Å<Å<Å<Ä Ç Æ�ÈYK are
similarandthenjoinsthemto form anew gramcFprÂz�!K ÄgÅ<Å Å<Ä � Æ Ä Ç Æ .
Thefrequency of thenew gramsis examinedattheendof thephase.
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Becausesomeof thegramsmayexpandto many maximalfrequent
phrases,all of thephrasesmaynotbefoundduringthefirst roundof
themainloop. Thereforeonly theunfrequentandalreadymaximal
gramscanberemovedfromthesetof gramsin everyround.Without
thepruningphase,thealgorithmtakesÃPJ{� rounds,Ã beingthelength
of thelongestfoundmaximalphrase.Whenusingthepruningphase,
theamountof theneededroundsis muchsmaller.

Thepruningphasegeneratespereachgram �ZÂz� K[Ä[Å<Å<Å<Ä � Æ two sets
of phrases,LMax andRMax. ThesetLMax consistsof themaximal
phrasesthathave gram ��D#Âl� K[Ä;Å Å<Å<Ä � Æ�ÈÁK asits subphrase.Theset
RMaxisgeneratedsimilarlynow usingthesubgram� D�D Âz�1I Ä[Å<Å Å<Ä � Æ .
For eachphrasein LMax the possiblesuffixesfor the gram ��D are
extractedandstoredintosetLStr. ThesetRStrisgeneratedsimilarly
byextractingprefixesfor thegram��D�D . Eachcombinationof suffixes,
gramandprefixesaretestedagainstthefoundmaximalphrases.If
a new frequentmaximalphraseis found, all of its subphrasesare
examinedandthe S -gramsof thosethatarenot subphrasesof any
maximalphrasearemarked. Whenall thegramsof theset S -Grams
areprocessed,gramsthatarenotmarkedareremovedfrom theset.
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4.4 Sorting Phrases
Whenall of themaximalfrequentphrasesarefound,thephrasesare
sortedby their length,frequency andpersonality. The personality
propertymeasuresthe averagedivergencebetweenthe sequential
notes. The idea of personalityis basedon contrasts– the more
contrastingthe sequentialnoteson averageare the morepersonal
thephraseis consideredto be.

Thepersonalityvaluefor eachphraseis calculatedusingthescaled
valuesof eachvectordimension.Thepersonalityof onephraseis the
averageof the personalityof its vectors: Õ Ö�×�×gÕ ÒCØ Ø Ø Ò Õ Ö ×�Ù Õ Ò�Ø Ø Ø Ò Õ Ö[Ú Ù ÕÔ
where Û is the lengthof thephrase,S thecardinalityof thevector
and �1� � is the scaledvalueof the Ü th dimensionof the ¼ th vector.
The total ratefor eachphraseis calculatedusingthe formula: Ý-Þ
Ã+­gÛ!��¯:ßv�xàUÞRáF±5­}p�â!­gÛ�®;àM�dãVÞ!c!­g±9²[°�Û��1Ã�¼H¯(à , Ý , à , and ã beingthe
userdefinedparametersfor sorting.
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Becausethenumberof foundphrasescanbequitehigh,depending
ontheanalyseddata,it maybeusefultochooseonly thebestphrases
from thesetof all foundphrases.Thechosenphrasescanthenbe
storedinto theindex structure.

4.5 Requirementsfor the Search Algorithms
Thefoundphrasesorsomesubsetof themcanbestoredintoasuffix-
treestructure [12] for example.A querycanbeexecutedusingthe
existingstringmatchingalgorithms.Theform of thefoundphrases,
however, setssomerequirementsfor thesearchalgorithms.

As mentionedabove, the polyphonicstructureis managedby al-
lowing gapsbetweenthe notesof the phrase. Thereforesomeof
the found phrasesmay alsoincludechordsin additionto melodic
structure.Becausethephrasesarestoredin theirentiretythesearch
algorithmshouldbe ableto processsuchpartly polyphonicstruc-
tures,aswell.

4.6 OpenProblems
Oneof themainprinciplesof thealgorithmistosupportdifferentnu-
mericalsymbolicrepresentationsof musicaldata. In this approach
the resultingphrasesandalsothe managingof somepolyphonical
situationsarehighly dependenton boththegivenrepresentationof
thedataandtheparametervalues. Theorderof the foundphrases
dependson theuser-givenparameters,aswell. Themaindrawback
in this approachis that it doesnot useany knowledgeof theorder
or type of the given vector dimensionsand that it is highly user
dependent.

Eventhoughthepersonalitypropertyaddssomesemanticsinto the
sortingphase,theideaof contrastor originality hasto beconsidered
further and somenew propertiesaddedinto the sorting formula.
Someother sorting formulascould be addedto the algorithm, as
well.

5. IMPLEMENT ATION AND RESULTS
Thetwo versions,with andwithout pruning,of thealgorithmwere
implementedin Perlandexperimentswerecarriedoutwith theMIDI
databaseconsistingof 130polyphonicIrish folk musicpieces.The
piecesconsistedof 300–3500notesandthey weredivided into 11
sizegroups(Table 1). Two of the groups( ç5è�èd�ÉÝ �¹é è�è and
é è�è|�ÑÝ � �gè�è5è ) were experimentedsystematically, the others
were usedas comparisonmaterial. The inner presentationwas
formedusingthepitchandstarting-timevalues.Thehardwareenvi-
ronmentwasAMD Athlon 1.33GHzwith 512MBof mainmemory.
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The experimentswere also divided into threesets. The first set
of experimentsmeasuredthe easily recognizablefeatureslike the
directeffect of amountof startingpairsandparameters(Figures 1
and 2). The secondsetmeasuredthe effectsof both parameters
andthedatacontentsandthe third settheeffect of pruningon the
efficiency of the algorithm. The resultingphrasessortedby their
rateandthetimeanalysisdatawerecollectedinto a resultfile.

Thefirst setof experimentswasconductedusingtheversionof the
algorithmwithoutpruningphaseandfivedifferentsetsof parameter
values. The experimentsproved that the parametershad a direct
effect on the amountof starting pairs (Figure 2) but the exact
amountof notesdid not. However, theaverageexecutiontime rose
whenexecutingpiecesof thenext sizegroup(Figure 3). Themost
interestingobservation, however, was that the algorithm had two
differentbehavior models. In caseof somepiecesandparameter
values,especiallywhentheamountof startingpairswasquitesmall,



Indexing Music Databases Using Automatic Extraction of Frequent Phrases

for examplelessthan200,theamountof thegramsin the S -Grams
set startedto decreasefrom the first round. In other cases,the
amountof gramsfirst increasedandthendecreased.
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The secondsetof experimentswasalsoconductedusingthe sim-
pler versionof the algorithm. In this set, both decreasinglyand
increasinglybehaving piecesof secondandthird sizegroupswere
processedusingthesameparametervaluesandtheresultingphrases
were analysed. The resultsproved that the decreasingbehavior
endedupwith a largesetof smallphrasesconsistingof only a cou-
ple of notes. Whenthebehavior wasincreasingthesetof phrases
includednoticeablylongerphraseswith additionalsmallerphrases
aswell (Table 2).
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The third set of experimentsmeasuredthe efficiency of the two
versionsof thealgorithm.Ontheaveragethealgorithmwith pruning
phasewastwice asefficient astheonewithout pruning. In caseof
thedecreasingbehavior, however, theversionwithout pruningwas
considerablymoreefficient (Table 3).
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Eventhoughthepruningphasewasrelatively slow whenthealgo-
rithm behaveddecreasinglyandalsoin situations,whentherewere
many maximalphraseswith commonsubphrases,therearestill rea-
sonsfor usingthephase.Ontheaveragethepruningphasespeeded
upthealgorithmconsiderably. Also thephrasesproducedby theal-
gorithmwhenbehaving decreasinglywerevery shortandtherefore
useless.

Whencomparingto the original text mining methodthe behavior
of algorithmwasslightly different. The text phrasesaretypically
muchshorterthanthe phrasesusedin musicwhich wasalsoseen
when expandingthe phrases. Further, thereseemedto be much
morerepetitionin themusicaldatausedascorpusthanin thetext in
general.

The found phraseswere of threedifferent types. The phrasesof
thefirst typewereveryshortconsistingof threeto five noteswhich
typically representedchordswith one or two extra notes. When
searchinga melody the information consistingmainly of chords
is irrelevant. Thereforethesephrasesareunsuitablefor indexing
purposes.Typically this groupof phraseswasgeneratedwhenthe
givengapvaluewastoosmall.

Thephrasesof thesecondgroupwereconsiderablylongerandcon-
sistedof bothmelodicandharmonicparts.Themostcommonform
of this kind of aphrasestartedwith a chordfollowedby oneor two
sequentialmelodicnotes.A similar structurewasrepeatedseveral
times in the phrase. The third groupconsistedof purely melodic
phraseshaving approximatelyfive to tennotes.

Whenexaminingthephrasesof thesecondandthird groupcloser,
it wasnoticeablethatmostof thephrasesconsistedof suchrepeat-
ing structuresthatcouldalsobeheardwhenlisteningto thepiece.
Thereforethesephrasesalsoform thesetof thephrasesto bestored
into theindexing structure.

In most casesthe phrasesof the secondand third group had the
highestratevalues,aswell. Still thereis a needfor finding better
sortingformulasfor stressingthefactorsof theratevalue.

Becausethe behavior of the algorithmandthereforealsothe form
of thefoundphrasesdependedpartlyontheparametersgivenby the
user, the suitableparametervaluesshouldbe determinedfor each
corpusindividually. Thereforethereis alsoa needfor analgorithm
which would analysethedataanddecidethebestparametervalues
for eachdata.

6. CONCLUSIONS
Thispaperpresentedatext mining-basedindexing algorithm,which
extractsrepeatingpatternsfrom a symbolicrepresentationof poly-
phonicmusicaldata.Thepatternsfoundarefirst sortedto separate
usefulandunusefulphrases.The bestphrasescanthenbe stored
into theindex structure.
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Althoughthephenomenaof musicandlanguagearequitedifferent
to eachother, especiallytheir usehave similar featuresin many
cases.Further, the musicalandtext datahave enoughsimilarities
for also applying the text processingalgorithmsto musicaldata.
Thereforetheknowledgegainedfrom thetext miningandlanguage
technologyresearchcanalsobe usefulfor further developmentof
MIR methods.
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