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Abstract

This paperinvestigatesa novel statistical approach to mu-
sic classi cationthat utilizesrecenttechnology developedn
the domainof natural language processing Speci cally, we
investigatethe useof factored language models(FLMs) for
the taskof producingconditionalprobability distributionsto
modelorigin-speci ¢ folk songs.In our model,pitch cluster
andquantizedduration are employedasthetwo fundamental
factorsin a musicalunit. Thestructue of our FLM is empir
ically chosenfrom datato minimizeperplexity. \We applythis
collectionof FLMsto thetaskof folk songclassi cation. Our
experimentshowclassi cationaccuracyof 72.5%on a data
setof Europeanfolk songsfrom 6 differentregions.

1 Intr oduction

In recenttimes,therehasbeenarenavedinterestn com-
putationaimethodgor musicprocessing@ndanalysisjnvolv-
ing avarietyof applicationssuchasmusicclassi cation,mu-
sic searchgenerationcategorization,andretrieval. Thisin-
teresthasbeenmotivatedin part by the proliferation of the
world-wide web, where music-relatedapplicationsare now
not only prevalentbut alsopro table. Statisticalapproaches
areparticularlyappealingdueto the explodingavailability of
digitizedandMIDI musicarchiveswhich canbeusedascor-
porafor automatidraining.

In this work, we studythe extentto which modernstatis-
tical languagemodelingtechniquesanbe appliedto written
(or morespeci cally, both pitch andtime quantized)music.
While suchrepresentationsf musichave certainlylost most
of what providesit its expressve andemotionalfeel (which
canbe capturedby tempocurves(Eraissel983 Jafe 1985,
patternsof timing deviations(Blimes 1992 Biimes 1994), loud-
ness,andtimbre), thereis still muchinformation regarding
thesongandits categorizationjust in its quantizedrepresen-
tation.

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

mary musicrepresentationstilize only a nite setof “lin-
guistic” units, i.e. notes,and hasits own linguistic struc-
ture dictatedby the harmonicpatternsof a clusterof notes
soundedn eitherunison,sequentiallyor with an offset pat-
tern. Indeed linguistic analysehave beenusedto studymu-
sic for sometime (LerdahlandJaclendof 1983). Statistical
music processingmoreaover, haslong accompaniedhat of
naturallanguageprocessing(Conklin2003. In 1990s,im-
provedmethoddor statisticalanguaganodelingweredevel-
opedmakinghigherordern-gramsractablg(Goodmar?007).
Researcheris musicmodelinghave alsoinvestigatediarious
forms of Markov model (Brooksetal. 1993 [Conklin 1995
Ponsfordetal. 1999 [Pickens2000) and more recentlyran-
dom eld (Lavrenko andPickens2003). In generalthesgech-
niguessharethe fact that they operateon quantizedmusic,
creatinga“wordtoken” (e.g.apitch or achord)for eachtime
interval. The word tokensare then modeledusing Markov
chainsor random elds, wherethe melody characteristids
parameterizedSomeof the above approachedjowever, lack
of anexplicit notelength(or duration)model,somethinghat
is obviously crucialfor determinebotha songandits style.

In this paper we utilize a techniquerecentlyintroduced
in the naturallanguageprocessingcommunity namelyfac-
toredlanguagenodels(FLMs) andgeneralizegbarallelback-
off (GPB) (BilmesandKirchoff 2003, and apply it to folk
songclassi cation. Unlike someof the linguistic approaches
mentionedabore, thisapproachs strictly nite-state. Specif-
ically, an FLM representsa probability distribution over a
sequencef words by assumingthat eachdistribution over
a word factorizesinto the word's constituentparts(suchas
parts of speech,or othertags). This allows a more ne-
grained(and generalizableyepresentatiomf languagethan
if we wereto modelwordsasonly atomicunits.

An additionalcontribution, moreaver, of this work is to
view pitch (and pitch cluster) and note length as two con-
stituentfactorsof a musical“word”, andto utilize an FLM
to capturethe melodicandrhythmic characteristicén paral-
lel. In particular we show thatperpleity canbe maximally
reducedwhena generalizeacloff stratgy is employedas
opposedo a normalbacloff order We applyour FLM to the
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Figurel: Standardvesternmusicalnotation

problemof folk songclassi cation,andin fact,the FLM rep-
resentsa generatre-modelthat canbe seenas an extension
of the HMM basedsystemof (ChaiandVercoe2007). Our
experimentsshow classi cationaccuray of 72.5%o0n a data
setof Europearfolk songsfrom 6 differentregions.
Theremainderof the paperis organizedasfollows: Sec-
tionPprovidesbackgroundegardingABC notation Janguage
modeling,andfactoredanguagemodels.Sectiorid describes

how wetokenizewrittenmusicfor languaganodeling presents

anFLM for musicaswell asits bacloff schemesandintro-
ducesa naturalclassi cation stratg)y. SectionH discusses
evaluationexperimentsandresults,andSectiord concludes.

2 Background

2.1 ABC musicnotation

The ABC musicnotation,originally developedby Chris
Walshav (Walshav 2006), is a simplerepresentationf mu-
sic in ASCIIl. ABC hasbecomepopularsinceits introduc-
tion in 1991, becauseof easyreadability by both humans
and machines. Music written in ABC format can be ef -
ciently stored,manipulatedandtransportedandcanbe eas-
ily playedby acomputeror becorvertedinto amusicscore.

An ABC le always startswith a headerspecifyingthe
key andtime signaturesand sometimesprovidesadditional
information,suchasthetitle andthe origin of the music. In
the bodyof an ABC le, capitallettersA-G are usedto de-
notethe 7 major keys, andpre xes,if necessaryareadded
to indicateaccidentals.A lower caseletter or a letter with
asufx denoteghe correspondindey at a differentoctave.
Lettersbetweena pair of squarebracletsindicatea chord.
For example,A two-octare C major scalestartingfrom mid-
dle C is CDEFGABcdefgabc.A note lengthis denotedby
a fraction following the pitch symbol. Figurel shows the
folk songin Figurellnotatedin ABC format. Pleaseeferto
(Walshav 2006) for additionaldetailsregardingthis notation.

We have built our corpusof folk songsusinga standard
collectionwhichis availableonthewebin ABC notation(see
Sectiord]). We usemusicavailablein this notationsinceit
is freely availablein the publicdomain.

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 gfglaA Ac BA|Bdd gfalgG 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
proposedndutilizedovertheyearsjncludingparse-trebased
(ManningandSchutzel999 and nite-state (Jelinek1997).
Parse-treehasedmodelsassumdanguages describedby a
generatie grammarof someform. Finite statemodelshow-
ever, assumehatlanguagenasbeengeneratedby someform
of Markov chain,andfor variousreasongelatedto easeof
trainingandthe existenceof powerful smoothingiechniques,
the nite-state modelshave beenmostsuccessfuln speech
recognition,statisticalmachinetranslation,and a variety of
otherlanguageprocessingapplication. The underlyinggoal
is to producea joint distribution over a sequencef words

P(Wejwae 1) = p(wejht)

t t

whereh;y = wyt 1 is the historyﬂ In a standardn-gram
basedmodel,it is assumedhatthe immediatepast(i.e., the
precedingn 1 words)is sufcient to capturethe entirehis-
tory up to the currentword. In atrigram(n = 3) model,for
example,the goalis to produceconditionalprobability rep-
resentation®f the form p(wjw; 1;w; 2). Of courseeven
for a numberaslow asn = 3 it is still impossibleto pro-
ducea reasonablgurely maximumlik elihood estimatefor
sucha model as often the numberof wordsin the vocahu-
lary exceeds150,000(leadingto whatwould be a 150; 000°-
sizedtable). Therefore,a numberof smoothingtechniques
have beendeveloped(Jelinek199% [Goodmar?007), andthe
badoff approachto smoothinghasbeenmostsuccessfuln
thisendeaor. A bacloff modelworksby smoothingahigher
ordermodel (suchasp(w;jw; 1;W; 2)) with alower order
model (suchas p(w¢jw; 1)). In the usuallanguagemodel
casethereis anobviouschoiceasto whichlowerordermodel
to choosdi.e.,it wouldbelessbene cialto smoothnext with,
say p(w¢jw; 2)). Theorderthatwe “drop” variables(which
inthiscasdsw; ; andthenw; ;) is calledthebadkoff order.
Furtherdetailsof this approacharedescribedn SectioriZ3

1We usestandardmnatlabnotationm : n wheren m to denotethe



A standardmeasureo evaluatelanguagemodel perfor
mancss perpleity. Givenalanguagenodelp (w;jh;) whose
parameters have beentrained using only a training cor
pus, perpleity evaluatesthat languagemodelby looking at
its averagescoreon a separatdest corpus. Speci cally, if
D = f(w; hg-; gis atestcorpus perpleity is de ned as:

b=t

p (wjhy)
t2D

ppl =

Theperpleity of alanguageanodelis commonlyusecto pro-
ducea rapid estimateof a languagemodel's generalization
ability, the assumptiorbeing that if the model on average
produceshigh-probabilityfor an unseendataset, thenit is
doing well (Goodmar?00]). Perplity canalsobe viewed
asthedif culty of thecorpus,ndicatingroughlythe number
of typical next words given the history. In ary event, high
probabilitieswill leadto alow perpleity, thelowestpossible
perpleity beingunity, meaningthat all wordsare predicted
perfectlywith probability one. Whenusedto evaluatelan-
guagemodels thereforeower perpleity is better

Onelastaspecbf languagenodelingmustbe addressed
beforeproceedingAs mentionedabove, it iscommonto have
asmary as 150, 000 or morewordsin the vocalulary. It is
moreover oftenthe casethata testingcorpuscontainswords
that never occurredin a training corpus. Suchwords are
called“unknown words”. Ordinarily, if no smoothingwere
to be appliedto the languagemodel,any suchword would
be givena probability of zero,renderingary sentencén the
test corpusthat containedsucha word to have probability
zero.Bacloff smoothing however, canhelpin this situation.
The assumptioris that unknovn wordshave similar statisti-
cal propertiego therarewords,sinceif thetrainingsetsizeis
large, not seeingparticularwordsstronglyindicateshatthey
arerare. We thuscreatea new word calledunk duringtrain-
ing to representll unknavn words, and give it probability
similar to that of the collectionof rarewords. Wheneer an
unknowvn word is encounteredh thetestcorpus thatword is
treatedasif it wasmappedo unk, andgivenunk's proba-
bility. This way, even when unknonvn words exist, we will
get a reasonabl@stimateof their probability This property
of bacloff modelswill be crucialto usin the musicdomain
whenwe encountechordsor chordsequences thetestdata
thatwerenever seenin trainingdata.

2.3 Factoredlanguagemodels

Factoredanguagemodelsandgeneralizedarallelback-
off were originally proposedby (BilmesandKirchoff 2003
asamodelfor naturallanguagerocessinge.g.,speechiecog-
nition, statisticalmachinetranslation,etc.). In an FLM, a

word is seenasa collectionor bundleof K (parallel)“fac-
tors”, so that w;
thing,includingmorphologicatlassesstemsrootsandother
suchfeaturedn highly in ected languagegsuchasArabic or
Finish),or data-drvenword classe®r semantideaturesuse-
ful for sparselyin ected languagegsuchasEnglish). In an
FLM setting,thelanguaganodelis givenby
Y
p(wijhe) = p(fE (F1)) (1)
k

where (f ) arethesetof variableghatf X immediatelycan
interactwith (in Bayesiametwork terminology (f ) arethe
setof parentof f ).

Unlike in standardn-gram languagemodeling, with an
FLM thereis no immediatelyobvious bestbacloff orderin
which variableswithin  (f ) shouldbe dropped. The rea-
sonis thatin the standardanguagemodelcase we arecer
tain that all parentvariablescorrespondo a differenttime
pointin the history, andinformationalmostalwaysdecreases
with increasingime. In the FLM casehowever, certainvari-
ablesmight occurat the sametime. Moreover, the variables
might have differentnumberof values(their cardinality),and
knowing the outcomeof a high-cardinality variable might
provide more information than knowing the outcomeof a
low-cardinalityvariable.

Thereare several solutionsto this problem. One solu-
tionis to designprocedureso intelligently searchover model
structuredor onethatworkswell on a developmentdataset
(DuhandKirchhotf 2004). Anothersolution,proposedn the
original FLM paper(andwhich we evaluatehere)is to back-
off simultaneouslyin parallel”, effectively skirting the deci-
sion (BilmesandKirchoft 2003. Here,potentiallyall back-
off ordersaresimultaneouslytilized to ultimately producea
bacloff score. This was called “generalizedparallel back-
off”, and can be describedby the following equation(for
threevariablesf , f ,, andf 3):

An it ity PML(Fifasf2) IEN(F;T1;f2)>
(fe;f2)g(f;fe;f2) otherwise

wheredy (f 1,1 ,) iS adiscountfactor py is the maximum
likelihooddistributionoverits aguments, (f 1;f,) isaweight-
ing function (to ensurenormalization) andg(f ; f 1;f>) isan
arbitrarynon-negyativebadoff functionof its threearguments.
Differentgeneralizedacloff proceduresareachievedby us-
ing differentg-functions.Forexampleg(f ; f 1;f2) = pgpa(f jf 1)
andg(f;f1;f2) = pepe(fjf2) correspondo two different
bacloff paths,and parallel bacloff is obtained,say using
o(f;f1;f2) = [peea(fifi) + peps(fif2)]=2. FLMs were
recentlyaddedto a well-known open-sourcéanguagemod-
eling toolkit (Stolcke 2002).

Pepe(fif1if2)=



3 Music Tokenization and Modeling

The questionnext becomesgiven music representedn
ABC format,how to corvertit into asequencef parallellex-
ical elementghatcanbe directly analyzedby an FLM. This
tokenizationof ABC les essentiallymeansthat we extract
both“word” tokens,andproduce‘'sentence’boundariesOne
methodof extractingword tokensfrom musicis to temporally
guantizethe pieceandthencreatea word tokenfor eachtime
interval (Ponsfordetal. 1999 [Lavrenko andPickens2003),
suchasthe tactusor tatum (Bilmes1993). The word token,
then,is eitherthe note or the chordplayedduring thatinter-
val. Thesequencef words,then,occurateachsuchinterval.

In ourwork, we explicitly modelbothnoteeventandnote
length,andproducesequencenodelsover thetwo. Herewe
malke asimpleanalogybetweerthetermsusedin naturallan-
guageprocessingandlanguaganodeling,andthoseusedin
our musicmodel.

Word A musical“word” is de ned asa note consistingof
two factors—apitch andlength.We usetheterm“note event”
throughoutthis paperto indicate either a single note, or a
clusterof notes(chord) occurringat the sametime. Since
thereare12 notesperoctave, andif we spanned.3 octares,
therewould be 88 individual notes. If we allow chordsof
up to 10 notesto be soundedsimultaneouslytherewould be
(ignoringunlikely chords)about % 4:5  10'2 possible
words! This is of coursequite a large set,but the complexity
of the model(like in ary bacloff-basedmodel) grows only
with the sizeof the vocalulary thatexistsin thetraining set.
As mentionedabove, thosewordsin thetestingsetnot found
in training aremappedo unk. This makessuchrepresenta-
tionsof music t well into the statisticallanguagemodeling
framework. In additionto the above, we considerarestasa
distinctnoteevent.

Eachnoteeventwill have a duration,or lengthcalledthe
“note length! We usean absolutedurationexpressedy a
fraction with respectio a whole note. It is worth clarifying
thatnotescanactuallymoveindependentlyFor example two
eighthnotescanbe playedin synchronizatiomwith anquarter
note of a differentpitch. It is still possibleto tokenizeand
thusrepresensucheventsby expandingour lexicon. This
scenariohowever, doesnotoccurin our folk songcorpus.

Sentence Thelanguagemodelsystemsve have employed
requirethetext to be brokenin to a setof sentencessachof
which consistsof a sequencesf words. Our “musical sen-
tence”is de ned asa musicalphrasg(Sectiorfd). Sinceauto-
matic phrasesegmentations beyondthe scopeof this work,
we hereinutilize a simplebut effective procedurevherethe
notesbetweentwo doublebar lines or repeatsigns consti-
tute a phrase. By doing this, we are ignoring the fact that

a phrasecan sometimesspanrepeatsigns, and we are not
utilizing measurénformation. While thisis obviously a sim-
pli cation, but our resultsstill performwell for musicorigin
classi cation

Document A musical'document’is simplyacompletepiece
of music.

After tokenization gachmusicalsentencés corvertednto
a sequence®f noteeventsandtheir durations.We have writ-
tenaparsethatcorvertsABC les into tokenizedmusicdoc-
umentshasedntheabovede nitions. In addition,the parser
takesinto accountkey andtime signature@nformation. Each
wordtokenis thenrepresentedh theform of “u; : v;”, where
u; is arandomvariabledenotingnoteeventat positiont, and
v; denotedurationof that event. For example,“F#:0.125"
denotesa middle F sharpwith an eight-noteduration, and
“CE:0.25" denotesa chordwith a quarternoteduration. Ad-
ditionally, start-andend-of-sentenckensare addedasin
standardext languagamodels.

3.1 Statistical music model

As mentionedabove,wordw; atindext is avectorof two
factors,noteeventu; andnotelengthv;. Note,theindex t
doesnotreferto aspeci ¢ time interval, but refersto the po-
sitionin the sequencef “note-event,length” pairs. Thisis a
signi cant differencefrom thework of (Paonstfordetal. 1999
and(Lavrenko andPickens2003).

Given thesetwo factors,our taskis twofold: (1) induce
anappropriatemodelstructurefor the FLM; (2) nd thebest
bacloff pathfor thatstructure.Both tasksideally shouldre-
ducelanguagemodelperpleity.

Theword-sequencprobabilityis factorizedasfollows:

p(wyt) = U V1T)
?{11 pu () OL, povij () @

where (u;) denotesl,'s parentgsimilarly for (v;)).

Equation@) essentiallyresultsin two languagemodels
decoupleddy factorization:onefor noteeventandthe other
for duration. Languagemodelperpleity, in this case there-
fore simply equalsthe productof the perplexities of the note
eventmodelandthat of the notelengthmodel. This factor
izationenablewusto studythesetwo statisticalmodelssepa-
rately The optimallanguagenodelis simply a combination
of their bestmodels.

We de ne the parentsetsof anoteeventanda notelength
asfollows,

(u) 2
() 2

fue ;U noveve e w19 ()

fvi 1,0V kU U 255U 300 (4)
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Figure3: Graphicalmodelrepresentation
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Figure4: Differentbacloff stratgjiesin FLM

where (N; K) is the numberof parentsfrom homoge-
neousfactors,while (M ; J) is thatfrom heterogeneoufac-
tors. In this setting,v; canbe a parentof u; but not vise
versa. In Figure[d, we shov sucha graphicalmodelwhere
(N;M;K;J) =(2;1;2;0). In practice the bestordercanbe
empirically obtainedby evaluatingthe perpleity on a devel-
opmentset.

3.2 Backoff

It is still necessaryo determinethe optimal bacloff or-
derand/orbacloff strategy for our musicmodel. Onenatural
strat@y is to drop parentsin reverseorder of Equation(@)
and @). In otherwords,the farmostheterogeneoufactor
is alwaysthe rst to be removedfrom the parentset. After
all heterogeneoufactorsare dropped,the standardh-gram
bacloff pathis used. Figured (a) shavs an exampleof the
note event model using sucha bacloff path. In this exam-

ple, the predictionof noteeventu; is basedon threeparents:

thetwo previousnoteeventsu; 2, u; 1, andthecurrentnote
lengthv;. Usingthe above bacloff schemewe rst dropv;

to form a pitch trigram. Therein,we implicitly assumehat
the most distantheterogeneouactor of a variable, condi-
tionedon otherparentfactors hastheleastinformationabout
thisvariable.This assumptionhowever, is of coursenotnec-
essarilytrue, especiallyfor higherordermodels. It is com-
pletely possiblethatthe mostrecentheterogeneousctorhas

higherpredictabilitythana homogeneoutactorfar distantin
thehistory, especiallyfor morestructurednusicalforms.

To compensatéor this problem,we utilize the GPB strat-
egy. At eachstageof the bacloff graph,we caneitherdrop
the most-distanheterogeneousr the most-distanhomoge-
neousfactor Insteadof choosingonesinglebacloff path,we
allow thesetwo pathsto be combinedusingmeanmaximum
or weightedsum(BiimesandKirchoff 2003). Thisschemas
illustratedin Figureld (b), wheretwo parallelpathsarechosen
to backoff the probability p(uiju: 1; Ut 2;Vvt). This proba-
bility hencebecomesa combinationof two scores,namely
p(utjus 1;ve) andp(ugju; 2;u; 1). Regardingthe combi-
nation method, we found that taking the meanof two log
scoresworkedwell for our tasks.In additionto bacloff, dis-
countingtechniquesrealsousedto furtherimprove the per
formance. We empirically found thatin all casesmodi ed

KnesefNey or Witten-BelldiscountinglChenandGoodmarnf 999

Goodmar?007) with interpolationworkedvery well.

3.3 FLM basedclassi cation

The goalof themusicclassi cationproblemin this work
is to automaticallyidentify the origin of a music piece. A
generatie-model-basedpproachs a naturalstrategyy. The
ideais very simple: amusicpieceis classi ed basedon how
likely it is generatedrom theorigin-speci clanguagemodel.
Mathematicallyif we denotethe classof musicalorigin asc,
theclassi cationproblemcanbe solvedusingBayesdecision
rule:

¢= agmaxp(gwy.t) = agmaxp(wy.tjc)p(c)  (5)
Cc Cc

In this paper assumeaassignequalpriors p(c) to all musical
origins. Moreover, we train separaté-LMs asin Equation(@)
for eachorigin to producea representationf p(wi.tjc).

To studytherolesthatpitch andlengthplay in classi ca-
tion, we alsoinvestigatethe casesvherea musicalpieceis
classi ed basedonly on the noteeventor only on the length
model,leadingto oneof thefollowing decisionrules:

¢

argmax p(utj (ut);c) (6)

(94
1

argmax
Cc

p(vtj (V);0) ()

t

We compareresultsof thesemethodsn the next section.

4 Evaluation

Our evaluationmethodologyis asfollows. First, in order
to getanideaof a goodoverall bacloff structure,we train



our proposedanguagemodelswith differentstructureson a
grandtraining setconsistingof musicalpiecesfrom all pos-
sibleorigins. This modelis thenevaluated(usingperplexity)

on a developmentset. Secondwe build a numberof origin-

speci ¢ languagenodelsusingthe promisingstructuresand
evaluatethem on classi cation experiments. Note that an
origin-speci ¢ languagemodelis producedsimply by train-

ing on piecesonly with the givenorigin. In all experiments,
we usethe FLM extensions(BilmesandKirchoff 2003 to

the SRILM toolkit (Stolcke 2002).

4.1 Corpus

For the musicmodelingexperimentswe collectedfrom
the web over 14,000folk songsthat were transcribedinto
ABC format. Thesefolk songsoriginatedfrom variousEuro-
peancountries We choseto utilize the ABC formatonly due
to its wide availability in vastquantitieson the web— there
is noreasonhowever, thatourapproacttouldnot beapplied
to ary type of quantizednmusicor to otherfolk-songcorpora
suchasthe Essencollection (Schafrath 199%). All the les
wereparsedandtokenizedasdescribedn Sectiorld For the
perpleity experimentswe allocated9,585documentsyvith
25K sentenceand1M wordtokens to thetrain set;and4511
documentswith 13K sentencesind 500K word tokens, to
thedevelopmentset. Thevocalulary sizeof the noteeventis
around310andthatof the notelengthis 36.

Fortheclassi cationexperimentswe extractedABC les
from 6 Europeancountries/rgions. Table[ shovs the ori-
gin classesand the amountof datain eachclass. We di-
vided the datainto 6 subsets,and conducted6-fold cross-
validationclassi cationexperimentsin otherwords,for each
origin classwetrainedanorigin-speci clanguagenodelus-
ing datafrom 5 subsetsandthe remainingsubsetdrom all
origin classesverecombinedto evaluateclassi cationaccu-
ragy. Exactinformationregardingtheprecisede nition of the
corpusles, dataallocation thedatafoldsthemseles,canbe
accesseftom (L2006 A

4.2 Languagemodelingof folk songs

As describedn SectioriZ3 we explorethebestlanguage
modelstructurefor the noteeventmodelandthatfor thenote
lengthmodelin parallel. Firstweinvestigatedhecasesvhere
asinglebacloff path,asdepictedn FigureH (a), is usedfor
smoothing.FigureH shavs the perpleity valuesof the note
event model evaluatedon the developmentsetwhile we in-
creaséN andM of Equation@). For example N =2with “no

2By makingthe exactfolds we usedavailableon theweb,we hopeother
researcherwill beableto evaluatetheir methodologie®n exactly the same
training/testcorporaon the musicclassi cationtaskandwill thusbeableto
comparewith ourresultsexactly.

Origin | #pieces| #sents]| #tokens

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

Tablel: Datadistribution for the classi cationcorpus
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Figure5: Noteeventmodelperplexities

v parents’(M =0) meansatrigramnoteeventmodel. The g-
ureshowvsthatN =3,M =1is agoodcon gurationfor thepre-
dicting melodicinformation,while afurtherincreasen order
did not bring ary signi cant improvement. This con gura-
tion correspondso a 4-gramnoteeventmodel,enhancedy
1 parentdfrom thedurationfactors.Similarly, Figure@shavs
the perpleity valuesof the note length modelwhile we in-
crease&K andL. The gure showvsthataddingheterogeneous
parentsto a lengthvariableonly harmsthe performance.A
6-grammodel,whereK =5 andJ =0, seemghe bestfor pre-
dicting noteduration. TheresultingbestFLM perpleity on
thedevelopmentsetis 6:35 2:19=13.91.

Secondye adoptedhe GPB stratayy, asdepictedn Fig-
ureM (b), in an attemptto further reduceperpleity. Fig-
ure[d shaws the performanceof the note event model with
and without generalizedbacloff. SinceM =1,2,3had very
closeperformanceor the noteeventmodelin Figure[, we
pickedM =3 to representhreeof them,denotedas“M=1/2/3
with singlebacloff” in Figureld Dueto computationalim-
itations, we only tried ordersup to N =7. As shawn in the
gure, applyingthe generalizedacloff schemegreatlyim-
provedtheperformanceespeciallyfor the higherordermod-
els. Theperpleity of theentireFLM, asaresult,wasfurther
reducedo5:17 2:19= 11:32
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Figure6: Lengthmodelperpleities

——M=1/2/3 with single backoff
M=1 with general backoff
—— M=2 with general backoff
- & -M=3 with general backoff

a
2 7
o5 e
6 \\\E‘L"*——- 1
e T
5.5r I
S
5 .
0 1 2 3 4 5 6 7

Figure 7: Note event model perplexities with generalized
bacloff

4.3 Folk songclassi cation

As mentioneckarlier we performeds-fold cross-alidation
to evaluateclassi cation accurag. The resultsreportedbe-
low areaverageaccuraciesindstandardleviationsoverthese
6 folds. Note that the model maximizing the likelihood is
not necessariljthe one maximizing the classi cation accu-
ragy. Finding the most discriminative modelis itself a re-
searcharea,involving the study of discriminatve structure
learninganddiscriminatize training. In this work, we do not
focusour attentionon nding the bestdiscriminative model,
but ratheron empirically evaluatingseveral FLM structures
onaclassi cationtask.

We rst conducteaxperimentsisingthenoteeventmodel
only, accordingto Equation(@), andthe resultsare summa-
rizedin Tableldl As abaselinewe generatedote eventbi-
gram and trigram models(without heterogeneouparents),

and usedthe standardn-gram bacloff path. We then con-

ductedexperimentsusing the bestmodel structureobtained
in Figure[d, whereN =3, M =1. This model outperformed
the trigram model signi cantly. Finally, we usedthe best
modelstructurewith the GPB strategyy applied,i.e. N=7 and
M =3. However, therewasa non-trivial reductionin classi-
cation accuray comparedo the previous modelstructure.
Onereasorfor this degradationmight be thatthe amountof

the origin-speci ¢ datais much lessthan the datafrom all

possibleorigins (what we usedin perpleity experiments),
and this penalizeshigherorder models. In fact, we found

that the perpleity had actually increasedon some origin-

speci ¢ datasetsby using the (N =7, M =3) con guration

with GPB. Anotherobsenationfrom the experimentss that
using GPB did not affect classi cation performancesignif-

icantly, althoughit did lower the perpleities on the grand
dataset. As mentioned,the bestsmoothingstratgyy might

notyield the modelwith the bestthediscriminationability.

noteeventmodel | singlebacloff | generalbacloff

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

SecondTable[ shavs a studyof the importanceof the

note-event/lengthmodelto classi cation. Thethreerows in
thetablecorrespondo threeclassi cationmethodsn Equa-
tion @, (@@ and @) respectiely. The highestaccurag of
72.53%wasachiezedusingthe completemodel.

| singlebacloff | generalbacloff

note-eent(N=3, M=1)

66.11 2.04%

66.54 1.59%

length(K=5, J=0)

57.23 1.18%

note-e&ent+length

71.48 1.30%

72.53 1.30%

Table3: Averageaccuraciesindstandardieviationsof single
andcombinedmodels

The confusionmatrix in Tablel (obtainedfrom our best
results)suggestshat mostof the errorscamefrom England,
Irelandand Scotland. This is reasonableincethey aregeo-
graphicallyclose,andtheir musicsharecommoncharacter
istics. Furthermoreasthesesongsare generallyvery short,
consistingof only two musicsentencesn average,classi -
cationbecomesa harderproblem. Our classi cationresults,
nonethelesperformedquitewell.

3Missing cellsin both tablescorrespondo resultsthat are not applica-
ble for that row/column. For example,N = 1;M = 0 doesnotyield a
distribution for which GPBwould beideal.



| % | Eng. Ir. Scot. Fr.  Scand. SE. ]
Eng. 65.51 13.73 10.75 2.43 7.10 0.47
Ir. 1422 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 1.20 191 72.05 8.60 1.91
Scand.|| 11.80 0.64 1.75 159 8294 1.27
S.E. 855 0.76 0.79 6.28 1025 73.36

Table4: Confusionmatrix averagecbver 6 folds

5 Conclusionsand Discussions

In thiswork, we appliednaturallanguagerocessingech-
niguesto writtentime-quantizednusic. Speci cally, weviewed
a musicalnote astwo factors,a note event andlength, and
constructeda factoredlanguagemodelaccordingly Experi-
mentsonacollectionof Europeariolk songshavedthatfolk
musicis fairly predictablewith a perpleity of only 5:17
2:19 = 11:32. Furthermore,a generatie-FLM approach
achieved signi cantly betterperformancecomparedo a tri-
gramnoteeventmodelon afolk songclassi cationtask.

Our work utilized relatively little music knowledge. In
particular we useda simplisticnotion of musicalphraseand
bundledall chordstogetherasintegers.We moreover did not
useary subtletiesthatare,in real music, likely to be strong
indicatorsof musicalorigin and style. We ervision further
improvementon musicclassi cationby incorporatingaddi-
tional suchinformationinto our model. For instancetempo
variation,deviations,loudnessmeasuréoundariesaccents,
gracingstiming subtletiesaswell askey andtime signatures
might all be importantindicatorsof musicalorigin. Finally,
it would be helpful to studydiscriminative modelstructures
andtrainingtechniquedo improve resultsfurther.

Theauthorswishto thankMari Ostendorfor discussions
regardingthis work.
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