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Abstract
This paper investigatesa novel statistical approach to mu-
sic classi�cation that utilizesrecenttechnology developedin
thedomainof natural language processing. Speci�cally, we
investigatethe useof factored language models(FLMs) for
thetaskof producingconditionalprobability distributionsto
modelorigin-speci�c folk songs.In our model,pitch cluster
andquantizeddurationareemployedasthetwo fundamental
factors in a musicalunit. Thestructure of our FLM is empir-
ically chosenfromdatato minimizeperplexity. We applythis
collectionof FLMsto thetaskof folk songclassi�cation.Our
experimentsshowclassi�cationaccuracyof 72.5%ona data
setof Europeanfolk songsfrom6 differentregions.

1 Intr oduction

In recenttimes,therehasbeenarenewedinterestin com-
putationalmethodsfor musicprocessingandanalysis,involv-
ing avarietyof applicationssuchasmusicclassi�cation,mu-
sic search,generation,categorization,andretrieval. This in-
teresthasbeenmotivatedin part by the proliferationof the
world-wide web, wheremusic-relatedapplicationsare now
not only prevalentbut alsopro�table. Statisticalapproaches
areparticularlyappealingdueto theexplodingavailability of
digitizedandMIDI musicarchiveswhichcanbeusedascor-
porafor automatictraining.

In this work, we studytheextentto which modernstatis-
tical languagemodelingtechniquescanbeappliedto written
(or morespeci�cally, both pitch andtime quantized)music.
While suchrepresentationsof musichave certainlylost most
of whatprovidesit its expressive andemotionalfeel (which
canbecapturedby tempocurves(Fraisse1983; Jaffe 1985),
patternsof timingdeviations(Bilmes1992; Bilmes1993), loud-
ness,and timbre), thereis still much information regarding
thesongandits categorizationjust in its quantizedrepresen-
tation.

A further reasonour approachis viable is that suchde-
scriptionsof musicsharecertain,thoughnot all, character-
istics with textual forms of humanlanguage.For example,

many music representationsutilize only a �nite setof “lin-
guistic” units, i.e. notes,and has its own linguistic struc-
ture dictatedby the harmonicpatternsof a clusterof notes
soundedin eitherunison,sequentially, or with anoffsetpat-
tern. Indeed,linguisticanalyseshavebeenusedto studymu-
sic for sometime (LerdahlandJackendoff 1983). Statistical
music processing,moreover, haslong accompaniedthat of
naturallanguageprocessing(Conklin2003). In 1990s,im-
provedmethodsfor statisticallanguagemodelingweredevel-
opedmakinghigherordern-gramstractable(Goodman2001).
Researchersin musicmodelinghavealsoinvestigatedvarious
forms of Markov model (Brookset al. 1993; Conklin1995;
Ponsfordetal. 1999; Pickens2000) and more recentlyran-
dom�eld (Lavrenko andPickens2003). In general,thesetech-
niquessharethe fact that they operateon quantizedmusic,
creatinga“wordtoken” (e.g.apitchor achord)for eachtime
interval. The word tokensare then modeledusingMarkov
chainsor random�elds, wherethe melodycharacteristicis
parameterized.Someof theaboveapproaches,however, lack
of anexplicit notelength(or duration)model,somethingthat
is obviouslycrucialfor determinebotha songandits style.

In this paper, we utilize a techniquerecentlyintroduced
in the naturallanguageprocessingcommunity, namelyfac-
toredlanguagemodels(FLMs) andgeneralizedparallelback-
off (GPB) (BilmesandKirchoff 2003), and apply it to folk
songclassi�cation.Unlike someof thelinguistic approaches
mentionedabove,thisapproachis strictly �nite-state.Specif-
ically, an FLM representsa probability distribution over a
sequenceof words by assumingthat eachdistribution over
a word factorizesinto the word's constituentparts(suchas
parts of speech,or other tags). This allows a more �ne-
grained(andgeneralizable)representationof languagethan
if we wereto modelwordsasonly atomicunits.

An additionalcontribution, moreover, of this work is to
view pitch (and pitch cluster)and note length as two con-
stituentfactorsof a musical“word”, and to utilize an FLM
to capturethemelodicandrhythmiccharacteristicsin paral-
lel. In particular, we show thatperplexity canbemaximally
reducedwhena generalizedbackoff strategy is employedas
opposedto anormalbackoff order. We applyourFLM to the
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Figure1: Standardwesternmusicalnotation

problemof folk songclassi�cation,andin fact,theFLM rep-
resentsa generative-modelthat canbe seenasan extension
of the HMM basedsystemof (ChaiandVercoe2001). Our
experimentsshow classi�cationaccuracy of 72.5%on a data
setof Europeanfolk songsfrom 6 differentregions.

Theremainderof thepaperis organizedasfollows: Sec-
tion2providesbackgroundregardingABC notation,language
modeling,andfactoredlanguagemodels.Section3 describes
how wetokenizewrittenmusicfor languagemodeling,presents
anFLM for musicaswell asits backoff schemes,andintro-
ducesa naturalclassi�cation strategy. Section4 discusses
evaluationexperimentsandresults,andSection5 concludes.

2 Background

2.1 ABC musicnotation

The ABC musicnotation,originally developedby Chris
Walshaw (Walshaw 2006), is a simplerepresentationof mu-
sic in ASCII. ABC hasbecomepopularsinceits introduc-
tion in 1991, becauseof easyreadability by both humans
and machines. Music written in ABC format can be ef�-
ciently stored,manipulated,andtransported,andcanbeeas-
ily playedby a computeror beconvertedinto amusicscore.

An ABC �le always startswith a headerspecifyingthe
key andtime signatures,andsometimesprovidesadditional
information,suchasthe title andtheorigin of themusic. In
the body of an ABC �le, capitallettersA-G areusedto de-
notethe 7 major keys, andpre�xes,if necessary, areadded
to indicateaccidentals.A lower caseletter or a letter with
a suf�x denotesthe correspondingkey at a differentoctave.
Lettersbetweena pair of squarebrackets indicatea chord.
For example,A two-octaveC majorscalestartingfrom mid-
dle C is CDEFGABcdefgabc.A note length is denotedby
a fraction following the pitch symbol. Figure 2 shows the
folk songin Figure1 notatedin ABC format. Pleasereferto
(Walshaw 2006) for additionaldetailsregardingthisnotation.

We have built our corpusof folk songsusinga standard
collectionwhichis availableonthewebin ABC notation(see
Section4.1). We usemusicavailablein this notationsinceit
is freelyavailablein thepublicdomain.

X:1 \% tune no 1
T:Dusty Miller \% title
K:G \% key signature
M:3/4 \% time signature
B>cd BAG|FA Ac BA|B>cd BAG|DG GB AG:|
Bdd gfg|aA Ac BA|Bdd gfa|gG GB AG:|
BG G/2G/2G BG|FA Ac BA|BG G/2G/2G BG|DG GB AG:|

Figure2: ABC musicnotation

2.2 Languagemodeling

Many differentstatisticalmodelsof languagehave been
proposedandutilizedovertheyears,includingparse-treebased
(ManningandSchutze1999) and �nite-state (Jelinek1997).
Parse-treebasedmodelsassumelanguageis describedby a
generativegrammarof someform. Finite statemodels,how-
ever, assumethatlanguagehasbeengeneratedby someform
of Markov chain,andfor variousreasonsrelatedto easeof
trainingandtheexistenceof powerful smoothingtechniques,
the �nite-state modelshave beenmostsuccessfulin speech
recognition,statisticalmachinetranslation,anda variety of
otherlanguageprocessingapplication. The underlyinggoal
is to producea joint distribution over a sequenceof words
w1; : : : ; wT . It is mostoften the casethat the chainrule of
probabilityis usedto factorthis joint distribution thus:

p(w1; : : : ; wT ) =
Y

t

p(wt jw1:t � 1) =
Y

t

p(wt jht )

whereht = w1:t � 1 is the history.1 In a standardn-gram
basedmodel,it is assumedthat the immediatepast(i.e., the
precedingn � 1 words)is suf�cient to capturetheentirehis-
tory up to thecurrentword. In a trigram(n = 3) model,for
example,the goal is to produceconditionalprobability rep-
resentationsof the form p(wt jwt � 1; wt � 2). Of course,even
for a numberas low asn = 3 it is still impossibleto pro-
ducea reasonablepurely maximumlikelihood estimatefor
sucha model as often the numberof words in the vocabu-
lary exceeds150,000(leadingto whatwould bea 150; 0003-
sizedtable). Therefore,a numberof smoothingtechniques
havebeendeveloped(Jelinek1997; Goodman2001), andthe
backoff approachto smoothinghasbeenmostsuccessfulin
thisendeavor. A backoff modelworksby smoothingahigher-
ordermodel(suchasp(wt jwt � 1; wt � 2)) with a lower order
model (suchas p(wt jwt � 1)). In the usual languagemodel
case,thereisanobviouschoiceastowhichlowerordermodel
to choose(i.e.,it wouldbelessbene�cial to smoothnext with,
say, p(wt jwt � 2)). Theorderthatwe “drop” variables(which
in thiscaseis wt � 2 andthenwt � 1) is calledthebackoff order.
Furtherdetailsof thisapproacharedescribedin Section2.3.

1We usestandardmatlabnotationm : n wheren � m to denotethe
integerrangem; m + 1; : : : ; n.



A standardmeasureto evaluatelanguagemodel perfor-
manceis perplexity. Givenalanguagemodelp� (wt jht ) whose
parameters� have beentrained using only a training cor-
pus,perplexity evaluatesthat languagemodelby looking at
its averagescoreon a separatetest corpus. Speci�cally, if
D = f (wt ; ht gT

t =1 g is a testcorpus,perplexity is de�ned as:

ppl =

 
Y

t 2D

p� (wt jht )

! � 1=T

Theperplexity of a languagemodelis commonlyusedto pro-
ducea rapid estimateof a languagemodel's generalization
ability, the assumptionbeing that if the model on average
produceshigh-probabilityfor an unseendataset, then it is
doing well (Goodman2001). Perplexity canalsobe viewed
asthedif�culty of thecorpus,indicatingroughlythenumber
of typical next wordsgiven the history. In any event, high
probabilitieswill leadto a low perplexity, thelowestpossible
perplexity beingunity, meaningthat all wordsarepredicted
perfectlywith probability one. Whenusedto evaluatelan-
guagemodels,therefore,lowerperplexity is better.

Onelastaspectof languagemodelingmustbeaddressed
beforeproceeding.Asmentionedabove,it is commontohave
asmany as150; 000 or morewords in the vocabulary. It is
moreoveroftenthecasethata testingcorpuscontainswords
that never occurredin a training corpus. Such words are
called“unknown words”. Ordinarily, if no smoothingwere
to be appliedto the languagemodel,any suchword would
begivena probabilityof zero,renderingany sentencein the
test corpusthat containedsucha word to have probability
zero.Backoff smoothing,however, canhelpin this situation.
Theassumptionis thatunknown wordshave similar statisti-
calpropertiesto therarewords,sinceif thetrainingsetsizeis
large,not seeingparticularwordsstronglyindicatesthatthey
arerare.We thuscreatea new word calledunk duringtrain-
ing to representall unknown words,andgive it probability
similar to thatof thecollectionof rarewords. Whenever an
unknown word is encounteredin thetestcorpus,thatword is
treatedasif it wasmappedto unk, andgiven unk's proba-
bility. This way, even whenunknown wordsexist, we will
get a reasonableestimateof their probability. This property
of backoff modelswill be crucial to us in themusicdomain
whenweencounterchordsor chordsequencesin thetestdata
thatwereneverseenin trainingdata.

2.3 Factored languagemodels

Factoredlanguagemodelsandgeneralizedparallelback-
off wereoriginally proposedby (BilmesandKirchoff 2003)
asamodelfor naturallanguageprocessing(e.g.,speechrecog-
nition, statisticalmachinetranslation,etc.). In an FLM, a

word is seenasa collectionor bundleof K (parallel) “f ac-
tors”, so that wt � f f 1

t ; f 2
t ; : : : ; f K

t g. Factorscanbe any-
thing,includingmorphologicalclasses,stems,rootsandother
suchfeaturesin highly in�ected languages(suchasArabicor
Finish),or data-drivenwordclassesor semanticfeaturesuse-
ful for sparselyin�ected languages(suchasEnglish). In an
FLM setting,thelanguagemodelis givenby

p(wt jht ) =
Y

k

p(f k
t j� (f k

t )) (1)

where� (f k
t ) arethesetof variablesthatf k

t immediatelycan
interactwith (in Bayesiannetwork terminology, � (f k

t ) arethe
setof parentsof f k

t ).
Unlike in standardn-gram languagemodeling,with an

FLM thereis no immediatelyobvious bestbackoff orderin
which variableswithin � (f k

t ) shouldbe dropped. The rea-
sonis that in the standardlanguagemodelcase,we arecer-
tain that all parentvariablescorrespondto a different time
point in thehistory, andinformationalmostalwaysdecreases
with increasingtime. In theFLM case,however, certainvari-
ablesmight occurat thesametime. Moreover, thevariables
mighthavedifferentnumberof values(their cardinality),and
knowing the outcomeof a high-cardinalityvariable might
provide more information than knowing the outcomeof a
low-cardinalityvariable.

Thereare several solutionsto this problem. One solu-
tion is to designproceduresto intelligentlysearchovermodel
structuresfor onethatworkswell on a developmentdataset
(DuhandKirchhoff 2004). Anothersolution,proposedin the
original FLM paper(andwhichwe evaluatehere)is to back-
off simultaneously“in parallel”,effectively skirting thedeci-
sion (BilmesandKirchoff 2003). Here,potentiallyall back-
off ordersaresimultaneouslyutilized to ultimatelyproducea
backoff score. This was called “generalizedparallel back-
off ”, and can be describedby the following equation(for
threevariables,f , f 2, andf 3):

pGPB(f jf 1 ; f 2)=
�

dN ( f ;f 1 ;f 2 ) pML (f jf 1 ; f 2) ifN (f ; f 1 ; f 2)> �
� (f 1 ; f 2)g(f ; f 1 ; f 2) otherwise

wheredN (f ;f 1 ;f 2 ) is a discountfactor, pML is themaximum
likelihooddistributionoverits arguments,� (f 1; f 2) isaweight-
ing function(to ensurenormalization),andg(f ; f 1; f 2) is an
arbitrarynon-negativebackoff functionof its threearguments.
Differentgeneralizedbackoff proceduresareachievedby us-
ingdifferentg-functions.Forexample,g(f ; f 1; f 2) = pGPB(f jf 1)
andg(f ; f 1; f 2) = pGPB(f jf 2) correspondto two different
backoff paths,and parallel backoff is obtained,say, using
g(f ; f 1; f 2) = [pGPB(f jf 1) + pGPB(f jf 2)]=2. FLMs were
recentlyaddedto a well-known open-sourcelanguagemod-
eling toolkit (Stolcke2002).



3 Music Tokenizationand Modeling

The questionnext becomes,given music representedin
ABC format,how to convertit into asequenceof parallellex-
ical elementsthatcanbedirectly analyzedby anFLM. This
tokenizationof ABC �les essentiallymeansthat we extract
both“word” tokens,andproduce“sentence”boundaries.One
methodof extractingwordtokensfrom musicis to temporally
quantizethepieceandthencreateaword tokenfor eachtime
interval (Ponsfordetal. 1999; Lavrenko andPickens2003),
suchasthe tactusor tatum(Bilmes1993). The word token,
then,is eitherthenoteor thechordplayedduring that inter-
val. Thesequenceof words,then,occurateachsuchinterval.

In ourwork, weexplicitly modelbothnoteeventandnote
length,andproducesequencemodelsover thetwo. Herewe
makeasimpleanalogybetweenthetermsusedin naturallan-
guageprocessingandlanguagemodeling,andthoseusedin
ourmusicmodel.

Word A musical“word” is de�ned asa noteconsistingof
two factors– apitchandlength.Weusetheterm“noteevent”
throughoutthis paperto indicateeither a single note, or a
clusterof notes(chord) occurringat the sametime. Since
thereare12 notesperoctave,andif we spanned7.3octaves,
therewould be 88 individual notes. If we allow chordsof
up to 10 notesto besoundedsimultaneously, therewould be
(ignoringunlikely chords)about

� 88
10

�
� 4:5 � 1012 possible

words! This is of coursequitea largeset,but thecomplexity
of the model (like in any backoff-basedmodel)grows only
with thesizeof thevocabulary thatexists in thetrainingset.
As mentionedabove,thosewordsin thetestingsetnot found
in trainingaremappedto unk. This makessuchrepresenta-
tionsof music�t well into thestatisticallanguagemodeling
framework. In additionto theabove, we considera restasa
distinctnoteevent.

Eachnoteeventwill have a duration,or lengthcalledthe
“note length.” We usean absolutedurationexpressedby a
fraction with respectto a whole note. It is worth clarifying
thatnotescanactuallymoveindependently. Forexample,two
eighthnotescanbeplayedin synchronizationwith anquarter
noteof a differentpitch. It is still possibleto tokenizeand
thus representsucheventsby expandingour lexicon. This
scenario,however, doesnotoccurin our folk songcorpus.

Sentence The languagemodelsystemswe have employed
requirethetext to bebrokenin to a setof sentences,eachof
which consistsof a sequenceof words. Our “musical sen-
tence”is de�ned asa musicalphrase(Section2). Sinceauto-
maticphrasesegmentationis beyondthescopeof this work,
we hereinutilize a simplebut effective procedurewherethe
notesbetweentwo doublebar lines or repeatsignsconsti-
tute a phrase. By doing this, we are ignoring the fact that

a phrasecan sometimesspanrepeatsigns,and we are not
utilizing measureinformation.While this is obviouslyasim-
pli�cation, but our resultsstill performwell for musicorigin
classi�cation

Document A musical“document”issimplyacompletepiece
of music.

After tokenization,eachmusicalsentenceisconvertedinto
a sequenceof noteeventsandtheir durations.We have writ-
tenaparserthatconvertsABC �les into tokenizedmusicdoc-
umentsbasedontheabovede�nitions. In addition,theparser
takesinto accountkey andtime signatureinformation. Each
wordtokenis thenrepresentedin theform of “ut : vt ”, where
ut is a randomvariabledenotingnoteeventat positiont, and
vt denotesdurationof that event. For example,“F#:0.125”
denotesa middle F sharpwith an eight-noteduration,and
“CE:0.25” denotesa chordwith a quarter-noteduration.Ad-
ditionally, start-andend-of-sentencetokensareaddedasin
standardtext languagemodels.

3.1 Statistical musicmodel

As mentionedabove,wordwt at index t is avectorof two
factors,noteevent ut andnotelengthvt . Note, the index t
doesnot referto a speci�c time interval, but refersto thepo-
sition in thesequenceof “note-event,length” pairs.This is a
signi�cant differencefrom thework of (Ponsfordet al. 1999)
and(Lavrenko andPickens2003).

Given thesetwo factors,our taskis twofold: (1) induce
anappropriatemodelstructurefor theFLM; (2) �nd thebest
backoff pathfor thatstructure.Both tasksideally shouldre-
ducelanguagemodelperplexity.

Theword-sequenceprobabilityis factorizedasfollows:

p(w1:T ) = p(u1:T ; v1:T )
=

Q T
t =1 p(ut j� (ut ))

Q T
t =1 p(vt j� (vt ))

(2)

where� (ut ) denotesut 's parents(similarly for � (vt )).
Equation(2) essentiallyresultsin two languagemodels

decoupledby factorization:onefor noteeventandtheother
for duration.Languagemodelperplexity, in this case,there-
fore simply equalstheproductof theperplexities of thenote
eventmodelandthat of the notelengthmodel. This factor-
izationenablesusto studythesetwo statisticalmodelssepa-
rately. Theoptimal languagemodelis simply a combination
of their bestmodels.

Wede�ne theparentsetsof anoteeventandanotelength
asfollows,

� (ut ) 2 f ut � 1; :::ut � N ; vt ; vt � 1; :::; vt � M � 1g (3)

� (vt ) 2 f vt � 1; :::vt � K ; ut � 1; ut � 2; :::; ut � J g: (4)
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Figure3: Graphicalmodelrepresentation
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Figure4: Differentbackoff strategiesin FLM

where (N ; K ) is the numberof parentsfrom homoge-
neousfactors,while (M ; J ) is that from heterogeneousfac-
tors. In this setting,vt can be a parentof ut but not vise
versa. In Figure3, we show sucha graphicalmodelwhere
(N ; M ; K ; J ) = (2; 1; 2; 0). In practice,thebestordercanbe
empiricallyobtainedby evaluatingtheperplexity on a devel-
opmentset.

3.2 Backoff

It is still necessaryto determinethe optimal backoff or-
derand/orbackoff strategy for ourmusicmodel.Onenatural
strategy is to drop parentsin reverseorder of Equation(3)
and (4). In otherwords, the far-mostheterogeneousfactor
is alwaysthe �rst to be removed from the parentset. After
all heterogeneousfactorsaredropped,the standardn-gram
backoff pathis used. Figure4 (a) shows an exampleof the
noteevent modelusingsucha backoff path. In this exam-
ple, thepredictionof noteeventut is basedon threeparents:
thetwo previousnoteeventsut � 2, ut � 1, andthecurrentnote
lengthvt . Using theabove backoff scheme,we �rst drop vt

to form a pitch trigram. Therein,we implicitly assumethat
the most distantheterogeneousfactor of a variable,condi-
tionedonotherparentfactors,hastheleastinformationabout
thisvariable.Thisassumption,however, is of coursenotnec-
essarilytrue, especiallyfor higher-ordermodels. It is com-
pletelypossiblethatthemostrecentheterogeneousfactorhas

higherpredictabilitythanahomogeneousfactorfardistantin
thehistory, especiallyfor morestructuredmusicalforms.

To compensatefor thisproblem,weutilize theGPBstrat-
egy. At eachstageof the backoff graph,we caneitherdrop
the most-distantheterogeneousor the most-distanthomoge-
neousfactor. Insteadof choosingonesinglebackoff path,we
allow thesetwo pathsto becombinedusingmean,maximum
or weightedsum(BilmesandKirchoff 2003). Thisschemeis
illustratedin Figure4 (b),wheretwo parallelpathsarechosen
to backoff theprobabilityp(ut jut � 1; ut � 2; vt ). This proba-
bility hencebecomesa combinationof two scores,namely
p(ut jut � 1; vt ) andp(ut jut � 2; ut � 1). Regardingthe combi-
nation method,we found that taking the meanof two log
scoresworkedwell for our tasks.In additionto backoff, dis-
countingtechniquesarealsousedto furtherimprovetheper-
formance. We empirically found that in all cases,modi�ed
Kneser-Ney orWitten-Belldiscounting(ChenandGoodman1999;
Goodman2001) with interpolationworkedverywell.

3.3 FLM basedclassi�cation

Thegoalof themusicclassi�cationproblemin this work
is to automaticallyidentify the origin of a music piece. A
generative-model-basedapproachis a naturalstrategy. The
ideais very simple:a musicpieceis classi�edbasedon how
likely it is generatedfrom theorigin-speci�c languagemodel.
Mathematically, if we denotetheclassof musicalorigin asc,
theclassi�cationproblemcanbesolvedusingBayesdecision
rule:

ĉ = argmax
c

p(cjw1:T ) = argmax
c

p(w1:T jc)p(c) (5)

In this paper, assumeassignequalpriorsp(c) to all musical
origins.Moreover, wetrainseparateFLMs asin Equation(2)
for eachorigin to producea representationof p(w1:T jc).

To studytherolesthatpitch andlengthplay in classi�ca-
tion, we also investigatethe caseswherea musicalpieceis
classi�ed basedonly on thenoteeventor only on the length
model,leadingto oneof thefollowing decisionrules:

ĉ = argmax
c

Y

t

p(ut j� (ut ); c) (6)

ĉ = argmax
c

Y

t

p(vt j� (vt ); c) (7)

We compareresultsof thesemethodsin thenext section.

4 Evaluation

Our evaluationmethodologyis asfollows. First, in order
to get an ideaof a goodoverall backoff structure,we train



our proposedlanguagemodelswith differentstructureson a
grandtrainingsetconsistingof musicalpiecesfrom all pos-
sibleorigins. This modelis thenevaluated(usingperplexity)
on a developmentset. Second,we build a numberof origin-
speci�c languagemodelsusingthepromisingstructures,and
evaluatethem on classi�cation experiments. Note that an
origin-speci�c languagemodelis producedsimply by train-
ing on piecesonly with thegivenorigin. In all experiments,
we use the FLM extensions(BilmesandKirchoff 2003) to
theSRILM toolkit (Stolcke2002).

4.1 Corpus

For the musicmodelingexperiments,we collectedfrom
the web over 14,000folk songsthat were transcribedinto
ABC format.Thesefolk songsoriginatedfrom variousEuro-
peancountries.We choseto utilize theABC formatonly due
to its wide availability in vastquantitieson theweb— there
is noreason,however, thatourapproachcouldnotbeapplied
to any typeof quantizedmusicor to otherfolk-songcorpora
suchasthe Essencollection(Schaffrath1995). All the �les
wereparsedandtokenizedasdescribedin Section3. For the
perplexity experiments,we allocated9,585documents,with
25K sentencesand1M wordtokens,to thetrainset;and4511
documents,with 13K sentencesand 500K word tokens,to
thedevelopmentset.Thevocabularysizeof thenoteeventis
around310andthatof thenotelengthis 36.

For theclassi�cationexperiments,weextractedABC �les
from 6 Europeancountries/regions. Table 1 shows the ori-
gin classesand the amountof data in eachclass. We di-
vided the data into 6 subsets,and conducted6-fold cross-
validationclassi�cationexperiments.In otherwords,for each
origin class,wetrainedanorigin-speci�c languagemodelus-
ing datafrom 5 subsets,andthe remainingsubsetsfrom all
origin classeswerecombinedto evaluateclassi�cationaccu-
racy. Exactinformationregardingtheprecisede�nition of the
corpus�les, dataallocation,thedatafolds themselves,canbe
accessedfrom (Li 2006) 2

4.2 Languagemodelingof folk songs

As describedin Section2.3, weexplorethebestlanguage
modelstructurefor thenoteeventmodelandthatfor thenote
lengthmodelin parallel.Firstweinvestigatedthecaseswhere
a singlebackoff path,asdepictedin Figure4 (a), is usedfor
smoothing.Figure5 shows theperplexity valuesof thenote
event modelevaluatedon the developmentsetwhile we in-
creaseN andM of Equation(3). For example,N =2with “no

2By makingtheexactfolds weusedavailableon theweb,wehopeother
researcherswill beableto evaluatetheir methodologieson exactly thesame
training/testcorporaon themusicclassi�cationtaskandwill thusbeableto
comparewith our resultsexactly.

Origin # pieces # sents # tokens

England 1070 2526 105K
Ireland 879 2230 95K
Scotland 603 1325 73K
France 418 632 32K
Scandinavia 627 1720 67K
S.E.Europe 127 461 16K

Table1: Datadistribution for theclassi�cationcorpus
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Figure5: Noteeventmodelperplexities

v parents”(M =0)meansatrigramnoteeventmodel.The�g-
ureshowsthatN =3,M =1 is agoodcon�gurationfor thepre-
dictingmelodicinformation,while a furtherincreasein order
did not bring any signi�cant improvement. This con�gura-
tion correspondsto a 4-gramnoteeventmodel,enhancedby
1 parentsfrom thedurationfactors.Similarly, Figure6 shows
the perplexity valuesof the note lengthmodelwhile we in-
creaseK andL . The�gure showsthataddingheterogeneous
parentsto a lengthvariableonly harmsthe performance.A
6-grammodel,whereK =5 andJ =0, seemsthebestfor pre-
dicting noteduration.TheresultingbestFLM perplexity on
thedevelopmentsetis 6:35� 2:19=13.91.

Second,we adoptedtheGPBstrategy, asdepictedin Fig-
ure 4 (b), in an attemptto further reduceperplexity. Fig-
ure 7 shows the performanceof the noteevent model with
and without generalizedbackoff. SinceM =1,2,3had very
closeperformancefor the noteeventmodel in Figure5, we
pickedM =3 to representthreeof them,denotedas“M=1/2/3
with singlebackoff ” in Figure7. Dueto computationallim-
itations,we only tried ordersup to N =7. As shown in the
�gure, applyingthe generalizedbackoff schemegreatly im-
provedtheperformance,especiallyfor thehigher-ordermod-
els.Theperplexity of theentireFLM, asa result,wasfurther
reducedto 5:17� 2:19 = 11:32.
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4.3 Folk songclassi�cation

Asmentionedearlier, weperformed6-foldcross-validation
to evaluateclassi�cation accuracy. The resultsreportedbe-
low areaverageaccuraciesandstandarddeviationsoverthese
6 folds. Note that the model maximizing the likelihood is
not necessarilythe onemaximizing the classi�cation accu-
racy. Finding the most discriminative model is itself a re-
searcharea,involving the study of discriminative structure
learninganddiscriminative training. In this work, we do not
focusour attentionon �nding thebestdiscriminative model,
but ratheron empirically evaluatingseveral FLM structures
onaclassi�cationtask.

We�rst conductedexperimentsusingthenoteeventmodel
only, accordingto Equation(6), andthe resultsaresumma-
rized in Table2. As a baseline,we generatednoteeventbi-
gram and trigram models(without heterogeneousparents),

and usedthe standardn-gram backoff path. We then con-
ductedexperimentsusing the bestmodelstructureobtained
in Figure 5, whereN =3, M =1. This model outperformed
the trigram model signi�cantly. Finally, we usedthe best
modelstructurewith theGPBstrategy applied,i.e. N =7 and
M =3. However, therewasa non-trivial reductionin classi-
�cation accuracy comparedto the previous modelstructure.
Onereasonfor this degradationmight be that theamountof
the origin-speci�c datais much lessthan the datafrom all
possibleorigins (what we usedin perplexity experiments),
and this penalizeshigher-order models. In fact, we found
that the perplexity had actually increasedon someorigin-
speci�c datasetsby using the (N =7, M =3) con�guration
with GPB.Anotherobservationfrom theexperimentsis that
using GPB did not affect classi�cation performancesignif-
icantly, althoughit did lower the perplexities on the grand
dataset. As mentioned,the bestsmoothingstrategy might
not yield themodelwith thebestthediscriminationability.

noteeventmodel singlebackoff general.backoff

N=1,M=0(bigram) 51.58� 1.42% -
N=2,M=0(trigram) 62.70� 1.18% -

N=3,M=1 66.11� 2.04% 66.54� 1.59%
N=7,M=3 63.96� 0.81% 63.64� 1.32%

Table 2: Averageaccuraciesand standarddeviations using
noteeventmodelonly

Second,Table33 shows a studyof the importanceof the
note-event/lengthmodelto classi�cation. The threerows in
thetablecorrespondto threeclassi�cationmethodsin Equa-
tion (6), (7) and (5) respectively. The highestaccuracy of
72.53%wasachievedusingthecompletemodel.

singlebackoff general.backoff

note-event(N=3, M=1) 66.11� 2.04% 66.54� 1.59%
length(K=5, J=0) 57.23� 1.18% -
note-event+length 71.48� 1.30% 72.53� 1.30%

Table3: Averageaccuraciesandstandarddeviationsof single
andcombinedmodels

Theconfusionmatrix in Table4 (obtainedfrom our best
results)suggeststhatmostof theerrorscamefrom England,
IrelandandScotland.This is reasonablesincethey aregeo-
graphicallyclose,andtheir musicsharescommoncharacter-
istics. Furthermore,asthesesongsaregenerallyvery short,
consistingof only two musicsentenceson average,classi�-
cationbecomesa harderproblem. Our classi�cationresults,
nonethelessperformedquitewell.

3Missing cells in both tablescorrespondto resultsthat arenot applica-
ble for that row/column. For example,N = 1; M = 0 doesnot yield a
distribution for whichGPBwould beideal.



% Eng. Ir. Scot. Fr. Scand. S.E.

Eng. 65.51 13.73 10.75 2.43 7.10 0.47
Ir. 14.22 74.85 7.85 0.80 2.16 0.11
Scot. 16.59 9.95 79.97 0.17 2.16 0.17
Fr. 14.34 1.20 1.91 72.05 8.60 1.91
Scand. 11.80 0.64 1.75 1.59 82.94 1.27
S.E. 8.55 0.76 0.79 6.28 10.25 73.36

Table4: Confusionmatrix averagedover6 folds

5 Conclusionsand Discussions

In thiswork,weappliednaturallanguageprocessingtech-
niquestowrittentime-quantizedmusic.Speci�cally, weviewed
a musicalnoteas two factors,a noteevent and length,and
constructeda factoredlanguagemodelaccordingly. Experi-
mentsonacollectionof Europeanfolk songsshowedthatfolk
musicis fairly predictable,with a perplexity of only 5:17 �
2:19 = 11:32. Furthermore,a generative-FLM approach
achievedsigni�cantly betterperformancecomparedto a tri-
gramnoteeventmodelona folk songclassi�cationtask.

Our work utilized relatively little music knowledge. In
particular, weusedasimplisticnotionof musicalphrase,and
bundledall chordstogetherasintegers.We moreoverdid not
useany subtletiesthatare,in real music,likely to be strong
indicatorsof musicalorigin andstyle. We envision further
improvementson musicclassi�cationby incorporatingaddi-
tional suchinformationinto our model. For instance,tempo
variation,deviations,loudness,measureboundaries,accents,
gracings,timing subtleties,aswell askey andtimesignatures
might all be importantindicatorsof musicalorigin. Finally,
it would be helpful to studydiscriminative modelstructures
andtrainingtechniquesto improveresultsfurther.

Theauthorswish to thankMari Ostendorffor discussions
regardingthis work.
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